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Abstract
The discovery of the first gravitational wave in 2015 marked the beginning of the era
of gravitational-wave astronomy. The newly opened window on the Universe allowed us
to observe the outer space around us from a completely new perspective. Gravity, the
fundamental force in the Universe, has become a valuable source of information on the
dynamic processes occurring in space. Space-time undergoes dramatic changes during
violent phenomena such as merging black holes or neutron stars as well as supernova
explosions. The gravitational wave’s propagation distorts the space it passes through.
Though the effect diminishes as the wave travels away from the source, the power emitted
by dramatic events such as merging black holes exceeds the electromagnetic emission of
all stars in the observed Universe!
Detection of such subtle phenomena as gravitational waves requires extremely precise
equipment. The instruments that enable the registration of these signals are laser interferometric detectors built within the Advanced LIGO and Advanced Virgo projects.
However, the use of extremely sensitive tools that can register gravitational waves does
not equal actual detection. This signal is buried deeply in the noise, which at this level
is generated practically through everything: the detector itself, human activity such as
planes and cars, seismic activity, or atmospheric conditions. Therefore, gravitational
wave detection requires the application of a sophisticated analysis of data collected by
detectors. Methods such as machine learning, a branch of artificial intelligence that revolutionized computational capabilities in the twenty-first century, appear to be an ideal
candidates.
Work on this thesis began in the autumn of 2017, at the dawn of machine learning
applications in gravitational-wave astronomy. As a result, the thesis addresses scientific
issues that were previously unstudied or studied only to a limited extent. In general, the
thesis fits perfectly into the larger picture of extensive research on how machine learning
can be used in gravitational-wave astronomy and what it can give us in return. In my
thesis, I investigate the potential of machine learning as a novel method of detecting
gravitational waves defined in terms of anomalies in the data. In addition, I discuss the
use of machine learning in the search of yet undetected signals emitted during supernova
explosions and by non-axisymmetric neutron stars. I am also looking into the idea of
reconstructing fundamental theoretical equations describing the physics of neutron stars
based on what we can observe.
The ongoing and future LIGO-Virgo-KAGRA observing runs are expected to yield more
observations of both known and unknown signals. I hope that this dissertation will make a
significant contribution to the development of modern methods for studying gravitational
waves.

Streszczenie
Pierwsza detekcja fali grawitacyjnej w 2015 roku zapoczątkowała erę astronomii fal grawitacyjnych. Otwarte w tym momencie nowe okno na Wszechświat umożliwiło nam obserwację otaczającej nas przestrzeni kosmicznej z zupełnie nowej strony. Grawitacja –
jedno z czterech znanych obecnie podstawowych oddziaływań – stała się cennym źródłem
informacji na temat dynamicznych procesów zachodzących w kosmosie. W trakcie gwałtownych zjawisk jak koalescencje (łączenie) się składników układów podwójnych - czarnych
dziur i gwiazd neutronowych - czy wybuchy supernowych, czasoprzestrzeń podlega dramatycznym zmianom. Rozchodząca się fala grawitacyjna kurczy i rozciąga przestrzeń,
przez którą przechodzi. Choć efekt ten słabnie, gdy fala oddala się od źródła, to wyemitowana w trakcie koalescencji czarnych dziur fala grawitacyjna ma moc przewyższającą
emisję elektromagnetyczną wszystkich gwiazd w obserwowanym Wszechświecie!
Detekcja tak subtelnych zjawisk jak fale grawitacyjne wymaga niezwykle precyzyjnego
sprzętu. Instrumentami, które umożliwiają rejestrację tych sygnałów są laserowe detektory interferometryczne: Advanced LIGO i Advanced Virgo. Samo uruchomienie tych
niezwykle czułych narzędzi, będących w stanie rejestrować fale grawitacyjne, nie oznacza jeszcze faktycznej detekcji. Sygnał ten bowiem ukryty jest głęboko w szumie,
generowanym przez sam detektor, wpływ aktywności ludzkiej (samochody, samoloty),
aktywność sejsmiczną czy też warunki atmosferyczne (falowanie mórz, wiatr i deszcz).
Dlatego też rejestracja fali grawitacyjnej wymaga zastosowania wyrafinowanej analizy zebranych przez detektory danych. Metody takie jak uczenie maszynowe, gałąź sztucznej
inteligencji, która zrewolucjonizowała możliwości obliczeniowe komputerów w XXI wieku,
wydają się być idealnymi kandydatami.
Prace nad niniejszą dysertacją rozpoczęły się jesienią 2017 roku, u zarania badań nad zastosowaniem uczenia maszynowego w astronomii fal grawitacyjnych. W rezultacie rozprawa
porusza zagadnienia naukowe, które wcześniej nie były badane lub badane były tylko w
ograniczonym zakresie. Ogólnie rzecz biorąc, dysertacja ta doskonale wpisuje się w szerszy obraz szeroko zakrojonych badań nad tym, jak uczenie maszynowe może być wykorzystane w astronomii fal grawitacyjnych i co może nam dać w zamian. W pracy doktorskiej badam potencjał uczenia maszynowego jako nowatorskiej metody wykrywania
fal grawitacyjnych definiowanych jako rodzaj anomalii w danych. Ponadto zajmuję się
zastosowaniami uczenia maszynowego w poszukiwaniach jeszcze nie wykrytych sygnałów
emitowanych podczas wybuchów supernowych oraz przez osiowo niesymetryczne gwiazdy
neutronowe. Badam również koncepcję rekonstrukcji fundamentalnych równań teoretycznych opisujących fizykę gwiazd neutronowych na podstawie tego, co faktycznie możemy
zaobserwować.
Trwające i przyszłe kampanie obserwacyjne LIGO-Virgo-KAGRA przyniosą więcej de-

tekcji sygnałów, zarówno tych które już znamy i oczekujemy, a także tych, których nie
jesteśmy jeszcze świadomi. Mam nadzieję, że niniejsza praca wniesie istotny wkład w
rozwój nowoczesnych metod badania fal grawitacyjnych.
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Chapter 1
Introduction
Humans have always been drawn to the night sky. Myriads of lights illuminating the
sky influenced the lives of poets, scientists, and travelers, shaping human history. We
have learned a lot about our surroundings over the centuries. Many questions, however,
remained unanswered. Many answers raised new questions, resulting in a never-ending
quest to comprehend nature.
Albert Einstein’s presentation of general relativity in 1916 [1] was one of the most groundbreaking steps on that journey. The presence of mass, according to general relativity,
influences the fabric of space-time. In extreme cases, this influence may result in the formation of singularities surrounded by regions of space-time from which even light cannot
escape. Such objects were dubbed black holes at the time. The possibility of the existence
of these objects has irreversibly altered our perception of the Universe. The dark abyss
of the night sky turned out to be full of structures and processes that previously escaped
our attention. Furthermore, general relativity suggests the existence of other unusual
phenomena, such as gravitational waves [2], i.e., ripples in the fabric of space-time that
have the potential to stretch and squeeze everything in their path, and alter the pace of
time.
The theory of general relativity expanded our vision in many previously unanticipated
directions. It has, however, presented us with new challenges to overcome. Even though
gravitational waves are emitted during one of the Universe’s most violent and dynamic
processes, they have a negligible impact on the space-time far from the source. The
gravitational wave effect on the Earth is occurring on a much smaller scale than anything
we have discovered so far. Thus, an attempt to discover it required a huge technological
leap forward.
On September 14, 2015, these efforts led to a historic result [3]. The first detected gravitational wave, GW150914, was emitted by a binary black hole system inspiral and merger,
ushering in a new era in astronomy. The ability to observe the Universe through gravitational waves allows us to investigate violent, dynamic astrophysical processes in ways that
were previously inaccessible. Astronomers now have a new medium for observations that
is completely independent of electromagnetic waves thanks to the newly opened window
on outer space. We can now reach the interiors of the stars, but we can also peer into
the vicinity of event horizons of black holes, which could lead to truly groundbreaking
discoveries.
3

This is only possible with steady advancements in detection and data-analysis techniques.
Even though human brains enable us to achieve extraordinary feats, they are not without
limitations. Machine learning is one method for breaking through those barriers. In fact,
machine learning is currently playing an important role in the advancements of many
scientific disciplines. Those novel methods of data analysis have become increasingly
popular in astronomical applications in recent years.
My study is therefore extremely timely, as machine learning is thought to significantly
improve the data analysis capabilities of existing and future gravitational-wave detection
systems. However, this can only happen if we understand what machine learning can
and cannot do. The application of machine learning to various aspects of gravitationalwave data analysis is the primary motivation for my research, which is presented in this
thesis.
In the following chapter, I begin with a brief overview of gravitational waves (Sec. 1.1.1)
and the detection principles (Sec. 1.1.2). I then discuss various sources of waves (Sec.
1.1.3) and the challenges in the data analysis of gravitational-wave detectors (Sec. 1.1.4).
The next part of this chapter covers the overview of machine learning in the context of
gravitational-wave applications with emphasis on learning paradigms (Sec. 1.2.1) and
algorithms studied in the presented thesis (Sec. 1.2.2), in particular artificial neural
networks (Sec. 1.2.3). With the motivation of this thesis at hand, I conclude with an
overview of the remaining chapters which contain published works (Sec. 1.3).

1.1
1.1.1

Gravitational-wave astronomy
Fundamentals of gravitational waves

Gravity is caused by the curvature of space-time, which in turn is caused by a presence of
mass-energy, according to general relativity (GR) [1]. When massive objects (as opposed
to e.g. massless photons) move around in space-time, the curvature changes to reflect
their motion. When the motion accelerates, the gravitational field begins to fluctuate due
to changes in the curvature of space-time. These fluctuations propagate outward from
their sources in a wave-like fashion at the speed of light. They are known as gravitational
waves (GWs) [2].
As detailed derivations of GW equations can be found in many classical textbooks (such
as [4]), I am only going to briefly summarize them here. The equations of GR known
as the Einstein Field Equations (EFE), bind together space-time and mass-energy. They
consist of ten, coupled, non-linear differential equations that represent the space-time
content (curvature) on the left-hand side, and mass-energy content on the right-hand side
as:
8πG
1
Rµν − Rgµν = 4 Tµν ,
2
c

(1.1)

where the stress-energy tensor Tµν contains the information about the mass, energy, and
momentum distribution, and gµν stands for the space-time metric describing the distance
between the infinitesimally-close events; G denotes the gravitational constant, and c the
speed of light in vacuum. From the metric, one can derive the Ricci tensor Rµν and the
Ricci scalar R ≡ g µν Rµν ≡ Rµµ , which describe the space-time curvature. The space-time
4

metric tensor gµν may be regarded as the core tool of GR, as with it one determines the
features of space-time, describing distances, angles, volumes, as well as past and future
directions.
Astrophysical objects which are of interest in the presented thesis are dense and compact - in the sense of the ratio of mass M to their size R, compactness of compact
objects 2GM/(Rc2 ) is close or equal to 1, as in the case of black holes (BH) - and as
such are causing large curvature to the surrounding space-time. Derivation of gµν is
non-trivial in such a case as the EFE becomes highly non-linear. However, in large distances from those astrophysical objects, the space-time metric can be approximated by a
small linear perturbation hµν addition to the ”flat” Minkowski metric ηµν (a combination
of three-dimensional Euclidean space and time into a four-dimensional manifold). This
approximation is also called a weak field limit:
gµν = ηµν + hµν ,

(1.2)

under the condition that the |hµν |  1. The solution to linearized vacuum EFE yields
the wave equation for GW propagating with a constant speed of c:


−

1 ∂2
+ ∇2 hµν = 0,
c2 ∂t2


(1.3)

where ∇2 is the 3-dimensional Laplace operator. The perturbation hµν has ten independent components however they can be reduced to two by introducing the transverse
traceless (TT) gauge transformation [5]. In the transformation, we impose the Lorentz
gauge (analogous to electromagnetism) and metric perturbations which are only spatial
with a trace of the metric being equal to zero. The divergence of the spatial metric perturbation, by the Lorentz gauge, tells us that the spatial metric perturbation is transverse.
For more details of TT gauge derivation see [6]. As a result of the transformation, the
temporal components and the trace of the perturbation vanish. Far from the source, the
perturbation hT T can be written in the form of plane-wave solutions propagating along
the z axis:
0
0
0

0 h+ (t − z/c) h× (t − z/c)
hTµνT (t, z) = 

0 h+ (t + z/c) −h× (t − z/c)
0
0
0


0

0

0

0 µν


(1.4)

×
= +
µν h+ (t − z/c) + µν h× (t − z/c).

The h+ and h× components corresponds to the amplitudes of two independent polarization
×
states of GW. These states are described by the +
µν and µν tensors which are commonly
referred to as plus and cross polarizations (depending on their effect on the test masses).
States can be transformed into the other by rotating the wave vector by π/4 angle as
shown in Fig. 1.1.
GW emission from the astrophysical sources can be approximately derived by using a
multipolar expansion of the stress-energy tensor Tµν as long as the internal velocities of
5

the source are non-relativistic [7]. Usually, the GW radiation is dominated by the mass
quadrupole moment, resulting in the following relation:
hTijT (t, x) =

2G 1 T T
Q̈ (t − r/c),
c4 r ij

(1.5)

where r is the distance from the source, and QTijT is the transverse-traceless projection
of the mass quadrupole tensor, which for a non-relativistic source of mass density ρ(t, x)
equals:
QTijT (t)

=

ˆ

1
d3 xρ(t, ~x)(xi xj − r2 δ ij )
3

T T

.

(1.6)

The absence of a time-varying mass monopole or dipole is an important conclusion from
the above equations. A comparison with the limit of Newtonian gravity tells us that
the monopole radiation is forbidden by mass conservation and the dipole radiation by
momentum conservation. As a result, a spherically symmetric collapse or explosion emits
no GWs in GR (which relates to the Birkhoff theorem [8]). The other gravitational theories
allow for a monopole or dipole radiation [9]. A large, rapidly-rotating, non-axisymmetric
mass distribution, on the other hand, has a large time-varying mass quadrupole moment
and is an efficient GW emitter.
The space-time perturbation hT T , henceforth denoted by h, which is, in fact, the amplitude
of a GW, is the fundamental variable measured by the GW detectors, as we will see in
Sec. 1.1.2. As shown in Eq. 1.5, the GW amplitude decays as 1/r with the distance from
the source (which is a direct consequence of the conservation of energy - the flux of energy
∝ 1/r2 through the sphere of radius r is constant). However, the energy received at the
Earth from even distant sources is significant, e.g. a 10 M BH at a distance of 15 M pc
from the Earth results in the energy flux of 3 ergs/cm2 s and the amplitude of 10−22 (for
detailed derivation see [10]).
Derived above GWs have some striking similarities with their electromagnetic (EM) counterparts. First of all, they both transport energy from astrophysical sources. They also
share the same speed of wave propagation equal to the speed of light c (in vacuum), as
demonstrated by the detection of the GW170817 event [11]. Furthermore, GW and EM
waves are both transverse, and have two polarization states, though in the latter case the
angle between states is equal to π/2. From the mathematical point of view, they can be
described by similar wave equations.
Despite those similarities, the key difference between GW and EM waves is the way they
interact with matter. The EM forces interact significantly stronger with matter than
gravitational forces. The coupling constant αi (where i stands for a type of the force)
defining the strength of the fundamental force relative to the strong force (αS = 1) for EM
is equal to 1/137 and for gravity, 10−39 [12]. As a result, photons carry information from
the moment of the last scattering, which is usually the surface of an astrophysical object
whereas GWs allow probing interiors of astrophysical objects. EM waves can also leave
behind a significant portion of the information as an effect of interacting with e.g. cosmic
dust. GWs, on the other hand, propagate almost unchanged throughout space, even from
the most distant sources. They can probe central regions of active galactic nuclei and even
neutron stars (NS) interiors. This feature is extremely important as it allows the study of
6

Figure 1.1: The effect of two possible polarization states of GW as seen propagating in
the direction towards the reader (z axis) on a ring of test particles: plus polarization
(left, bottom plot) and cross polarization (right, bottom plot). For the comparison, the
initial state of the ring of particles has been added (top plot). Unlike EM waves, the
GW polarization states are rotated concerning each other by π4 (for EM waves the angle
between states is π2 ).
violent phenomena that are inaccessible for EM observations, such as BH and NS mergers
or Core-Collapse Supernova Explosions (CCSN). These observations will without a doubt
open up new chapters in science, allowing for the testing and derivation of various new
astrophysical theories.

1.1.2

Detection principle

Since GWs are propagating fluctuations of gravitational fields in space-time, far from the
source they behave like waves affecting objects in their path by tidal gravitational forces
that act in directions perpendicular to the direction of wave propagation (the transversality condition). These forces cause the distance between neighboring points to change.
The magnitude of the change is proportional to the distance between points. Distance is
stretched in one perpendicular direction, while it is squeezed in the other (which is related
to the traceless condition). A depiction of this effect on a ring of test particles is presented
in Fig. 1.1. Detecting space-time distance changes between neighboring space-time events
due to the GW tidal field is in a nutshell the GW detection principle [13].
To detect the GW on the Earth, the detector’s antenna pattern functions (F× and F+ )
must be considered. These functions describe the sensitivity of the instrument to wave
polarization. The detector’s response h(t) is then defined as follows ([14–17]):
7

h(t) = F× (t)h× (t) + F+ (t)h+ (t) with
F× (t) = sin(ζ) (a(t) cos(2ψ) + b(t) sin(2ψ))
F+ (t) = sin(ζ) (b(t) cos(2ψ) − a(t) sin(2ψ)) .

(1.7)

F× and F+ are periodic functions with the period equal to one sidereal day for detectors
located on the surface of the Earth (due to the rotation of the planet). They also depend
on the wave polarization angle ψ, the angle ζ between the detector’s arms (in case of interferometers as described later in this chapter), and two amplitude modulation functions
a(t) and b(t) that depend on the location and orientation of the detectors on the Earth
and the position of the GW source on the sky (detailed information can be found e.g. in
[17]).
In the literature, the change in distance between test particles is frequently denoted as
∆L over the initial distance L. The ratio of those values is the GW amplitude h, also
known as the GW strain:
h=

∆L
.
L

(1.8)

As mentioned in the previous section, the GW strain has an extremely small amplitude.
A displacement between particles it causes is orders of magnitude smaller than the size
of a proton e.g. the very first detected GW [3] caused ∆L = 10−18 m over a distance
of L = 4 km. Extremely sensitive experiments must be designed to directly detect such
a small ∆L or even smaller. To simplify the problem, we can either focus on a specific
source of GW and its corresponding frequency, or we can design a large-scale experiment
for more generic studies. Both approaches were used in the past, but only one resulted in
successful GW detections.
Historically, the first indications for the physical existence of GWs came from astronomical
observations in the 1960s, notably from studies on the evolution of white dwarf systems
[18]. The observed orbital decay of the Hulse–Taylor binary pulsar [19], on the other hand,
is widely regarded as the first indirect evidence for the existence of GWs. As energy is
lost to gravitational radiation, the results of the subsequent analysis of the decay agreed
with GR predictions [20]. However, I focus on the direct detections of GWs in this thesis,
as I believe they are more informative.
Resonant (or bar) detectors [21] were the first experiment to directly search for GWs. The
devices were made up of several aluminum cylinders to which piezoelectric sensors were
attached. The passage of GW through the detector caused the bar to vibrate at the wave’s
resonant frequency. The sensors could detect the vibration and convert it into electrical
signals. It was possible to reconstruct the GW waveform by monitoring that vibration.
Despite initial detection claims, no convincing proofs were demonstrated. Resonant detectors were superseded over time by different instruments as they were insufficiently
sensitive and too susceptible to various noise sources which limited their usefulness. However, some of them are still operating and searching for signals from the Universe in the
narrow frequency bandwidth [22–25].
The large-scale experiments that lead to the first detection of GWs were laser interferometers (IFO) [26, 27]. The concept of interferometry is attributed to Albert Michelson and
8

Figure 1.2: The GW interferometer schematic (from [30]). The beam splitter divides
the light emitted by the laser into two perpendicular beams that bounce back and forth
from the test masses in each of the light storage arms (Fabry-Perot cavities). The arm’s
bouncing allows the light’s effective length to be multiplied hundreds of times. After
traveling the specified distance, the light returns to the beam splitter via semi-transparent
mirrors (internal test masses) and is collected by the photodetector. When a GW passes
through (or when various noise sources are present), the collected light becomes out of
phase, resulting in the appearance of interferometric fringes.
dates back to the late nineteenth century. With his colleague, Edward Morley, Michelson
experimented using their IFO aiming to prove or disprove the existence of ”Luminiferous
Aether” – a substance at the time thought to permeate the Universe. Their IFO compared
the lengths of two perpendicular arms using light. The result of the experiment was negative and is considered as one of the first steps towards the derivation of special relativity
according to Einstein [28]. Though Michelson and Morley are considered the inventors of
IFO, the interference fringes were observed and explained already in seventeen century
by Robert Hooke [29].
The IFO used in the GWs searches operates on the same principle as Michelson and Morley
device. However, the key point in the measurements of GW is that the speed of light is
always constant in the given medium. Moreover, GW IFOs are much more sensitive to
detecting sub-atomic changes at arm’s length. Figure 1.2 presents the schematic of the
detector.
The arms of the GW IFO are defined by test particles - mirrors suspended by a system
of intricate seismic isolation (called pendulums), allowing them to be as free-falling as
possible on the surface of the Earth, i.e. they are free to move horizontally in response
to passing GW. The arms are the same length in the absence of a wave, and light from
one arm returns with the same phase as light from the other. However, in the presence
of GW, the lengths of the arms change: one expands, while the other shortens. As a
result, the light that returns will be out of phase, resulting in interference fringes between
the two beams. The strain h in the case of IFO is measured by a phase shift between
the two beams caused by passing GW. The displacement between arm’s lengths for the
known wavelength of the light used in the IFO can be computed based on the number of
fringes.
A few additional upgrades have been implemented to improve IFO’s ability to detect GW.
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To begin with, the light in each arm is stored in the Fabry-Perot cavities [31], allowing
the light to stay for more than one reflection. As a result, the light gains an additional
phase shift with each reflection. The effective length of the IFO arm can increase many
times over multiple bounces (which may be of the order of hundreds), as can the phase
shift.
Furthermore, the GW IFOs’ arms are 3-4 km long. Because GW is caused by tidal
forces, the GW-induced phase shift of the light can be increased. The longer the arm, the
greater the distance between test particles (mirrors) and, consequently, the displacement
∆L, according to Eq. 1.8. If the IFO is optimally oriented in relation to the source of
GW, the length of the other arm will change by the same amount but in the opposite
direction as the first arm.
Taking both of the aforementioned upgrades into account, the final phase shift of the light
is significantly larger than in the case of Michelson-Morley IFO. However, each upgrade
comes at the expense of additional noise sources, which, at the sensitivity level of GW
IFO, have a significant impact on GW searches.
Several major noise sources influence IFO sensitivity: the gravity gradient noise, thermal
noise, seismic vibrations, and shot noise (detailed descriptions of each noise source are
available in [32]). Each of the sources is related to a different physical phenomenon and
affects the detector’s sensitivity in a different frequency range.
Gravity gradient noise is the first fundamental noise source in the IFO. Purely Newtonian
gradients of local gravitational fields can be detected by GW detectors (i.e. they are
responsible for moving the mirrors). These gradients are related to environmental factors
such as atmospheric pressure changes or density waves in ground vibrations. Groundbased detection of GW is impossible below 1 Hz due to the strength of the gravity
gradient noise. Unfortunately, the ground detectors cannot be screened out of this effect.
A space-borne detector would be free of the effect of gravity gradient noise. Alternatively,
one can monitor the changes of the gravity gradient and correct the mirrors’ positions
accordingly.
Thermal noise is produced by the vibrations of atoms in the IFO mirrors, suspension wires,
and pendulums which for current generation detectors - Advanced LIGO and Advanced
Virgo - are at room temperature. There are two methods for controlling this source of the
noise. The first solution is to use cryogenic systems to cool the mirrors and pendulums
to extremely low temperatures as the vibrations of those instruments are significantly
reduced in those conditions. The second option is to take advantage of the fact that the
amplitude of thermal noise is greatest at the frequency of the vibrational mode of the
materials used to make mirrors and pendulums. It is possible to reduce IFO sensitivity in
a narrow frequency band corresponding to the vibrational mode and significantly increase
it outside of that band with proper design. The vibrational mode of modern GW IFO is
around 1 Hz for pendulums and above 1 kHz for mirrors. For ground-based IFO, both
frequency ranges are outside the GW observing band.
Seismic noise is caused by constant movements of the ground beneath the detector. This
source of noise has a frequency range of less than 100 Hz. The IFO mirrors are suspended
on pendulums, which function admirably as mechanical filters above the pendulum frequency. The suspensions are unaffected by frequencies greater than the pendulum frequency. Because suspensions are designed with a pendulum frequency of around 1 Hz,
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Figure 1.3: The comparison of the characteristic strains [35] as a function of GW frequency for existing and planned detectors (plot generated with an interactive tool at
http://gwplotter.com). In comparison, the pink outline represents the GW150914 signal
strain.
seismic vibrations reduce sensitivity below the GW observing band. Furthermore, IFO
sites are outfitted with seismometers to warn GW detectors of the dangers of stronger
vibrations such as earthquakes.
The quantization of photons in the laser beam causes the shot noise. Photons arrive at
random times at the photodiode, causing random fluctuations in light intensity (interference fringes). The resulting signal may resemble GW, especially above 200-300 Hz,
which corresponds to the frequency band of the shot noise. More photons in the beam
are required to control this source of noise, which translates to stronger lasers. However,
no lasers exist that can continuously provide enough light to keep the interference fringes
smooth. Lasers with hundreds of kilowatts of power are impossible to build. As a result,
GW IFO employs a different technical solution known as power recycling to increase the
power of the light in the arms [33, 34]. A second mirror is placed between the laser and
the beam splitter. This mirror reflects wasted light from one of the IFO’s arms in such a
way that it adds coherently in phase with laser light. This squandered light is recycled
until the required power levels in the arms are met. Power recycling cannot indefinitely
increase light power because some energy is lost during absorption and scattering on various mirrors in the IFO. However, it still allows for a reduction in the required laser power
to feasible values (see [26, 27] for more details about power recycling in Virgo and LIGO
IFOs).
All these prerequisites lead us to the discussion of the sensitivity curve of an IFO. The
sensitivity curve is the primary tool for characterizing the GW detector utility. It allows
for the investigation of the effect of various noise sources on the detection of GW concerning frequency bands. More importantly, the curve is used to determine whether or
not a GW source can be detected. The sensitivity curve plots the strength of the signal
required to be detectable as a function of GW frequency. It is expressed either as the
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square root of the power spectral density Sf of the noise, or the characteristic strain h(t)
as a function of the GW frequency f :
hf =

q

Sf .

(1.9)

Figure 1.3 shows a few examples of sensitivity curves for existing and planned GW IFOs.
aLIGO [26] stands for The Advanced Laser Interferometer Gravitational-Wave Observatory; it consists of two independent detectors located on the continental United States:
in Hanford (Washington) and Livingston (Louisiana). Both Advanced LIGO IFOs have
4 km-long arms and are currently the most sensitive GW detectors in operation. The
Advanced Virgo (aVirgo) [27] is a European detector located in Cascina, near Pisa in
Italy. It has 3 km-long arms and specializes in sophisticated suspensions and seismic
noise control.
KAGRA (Kamioka Gravitational Wave Detector) [36] detector is the newest IFO located
in Gifu prefecture in Japan. It has also arms of 3 km in length. KAGRA specializes in
cryogenic cooling of mirrors and pendulums to reduce thermal noise. It is also located
underground (in an old mine) which partially screens vibrations from the ground.
GEO600 [37] is located near Hannover, in Germany. Although its arms are 600 m long,
it is not primarily used for astronomical observations. GEO600, on the other hand, is
intended as a testbed for advanced detector techniques such as signal recycling, resonant
sideband extraction, and monolithic mirror suspensions.
Soon many ground-based GW IFOs are planned to be constructed. Among them are
LIGO-India [38], NEMO [39], LIGO Voyager [40], Cosmic Explorer [41] and Einstein
Telescope (ET) [42], the last to be located a few hundred meters below ground to reduce
low-frequency noise sources. Moreover, ET is designed as a triangular detector with three
10 km long arms inclined at a 60-degree angle. As a result, the sensitivity of ET across
a wide frequency range will be significantly improved compared to currently operating
IFOs, resulting in a large number of GW detections.
The Laser Interferometer Space Antenna (LISA) [43] will be the first space-based GW
IFO, with a launch date of 2030. LISA has been designated as a European Space Agency
(ESA) Cornerstone mission for the twenty-first century. LISA, like ET, will consist of a
triangular array of spacecraft with arm lengths of 5 × 106 km orbiting the Sun in Earth’s
orbit. LISA will be sensitive in a range of 0.3 mHz to about 0.1 Hz, and will not be
affected by gravity gradients or seismic noise. With such a frequency range, it will be able
to detect GW from binary star systems in our Galaxy as well as mergers of supermassive
BHs anywhere in the Universe.

1.1.3

Astrophysical sources of gravitational waves

GR specifies the conditions that astrophysical objects must meet in order to emit GWs,
namely to exhibit accelerated mass motion and to possess a time-varying mass quadrupole
moment (Eqs. 1.5 and 1.6). According to the current astrophysical state-of-art, GWs are
therefore emitted by a variety of objects. Many of them have GW frequency bands that
are within the sensitivity range of current and planned IFOs. In the following chapter, I
will attempt to classify four types of GW sources of the greatest scientific interest due to
their current detectability or anticipated detection potential in the near future.
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Compact binary systems
The GW emitted by binary systems has been one of the most widely studied sources
of GWs for decades. Even before the era of IFOs, they provided the best proof of the
dependability of GR for GW. The binary pulsar discovered in 1974 [19] was one of the
first examples of an indirect discovery of GW (the other being system of white dwarfs by
[18]). The emission of GW in that system causes a decrease in the orbital period, which
agrees exactly with GR. Many compact binary systems as such should be detectable by
LISA in the near future ([44] and references therein).
As a result of GW emission, the binary system is losing energy and decreasing the distance
between components, eventually leading to the merger. As the orbit shrinks, the frequency
and amplitude of GW increase. If such an effect is observed during a single observation,
the system is said to chirp. The derivations of physical properties of the chirping system
can be found in e.g. [45–47]. Its name comes from a characteristic time-frequency relation,
which, at a Newtonian level, is:
(8π)8/3 GM 5/3
(tc − t) ,
(1.10)
5
c3
where tc is the coalescence (merger) time, and M is a function of component masses m1
and m2 , called the chirp mass:
−8/3

fGW (t) =

M=





(m1 m2 )3/5
.
(m1 + m2 )1/5

(1.11)

Because the frequency of the shrinking system is determined by the component masses and
their separation, it determines the frequency range for detecting the corresponding types
of astrophysical objects. Fortunately, ground-based detectors operate in the frequency
regime that corresponds to the frequency range of BHs and NSs chirping systems [48],
referred to in the literature as Compact Binary Coalescence (CBC). Furthermore, because
the amplitude of the GW is affected by the system masses, the currently operational IFO
are sensitive enough to detect CBC signals (though the amplitude is also affected by the
distance to the source - see [46] for details).
According to the first and second gravitational wave catalogs (GWTC-1 and GWTC-2)
[49, 50] all of the 50 confirmed GW detections to date have been chirping binaries. The
majority of them (48 detections) are attributed to BH binary system mergers. The other
two detections are associated with NS binary system mergers. The number of catalog
events has been increased by the discovery of two BH-NS merges [51]. Figure 1.4 shows
two sample detections: GW150914 - the first GW detection of merging BHs in both LIGO
IFOs [3] (top plots) and GW170817 - the first detection of merging NSs in the LIGOLivingston [52] (bottom plot). Both plots are presented as spectrograms that show how
the GW frequency and amplitude change over time. The time-scale of presented events
is different as BBH GW lasts a fraction of a second in the sensitivity frequency range of
the detector compared to BNS GW.
The waveforms of CBC GWs are accurately predicted in both the inspiral and merger
phases due to a theoretical and numerical understanding of the GR solutions. As a result,
we can use matched filtering to look for specific waveforms in the IFO data (as discussed in
Sec. 1.1.4). Furthermore, by determining which template corresponds to the astrophysical
signal, we can infer the physical parameters of GW emission sources.
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Figure 1.4: An example of two CBC detections: GW150914 - inspiral and merger of two
BHs (top plots, [3]), and GW170817 - inspiral and merger of two NSs (bottom plot, [52]).
The GW’s characteristic chirp corresponds to a rapid increase in frequency (y-axis) as
well as amplitude (the brighter the color, the stronger the signal).
Gravitational collapse
The gravitational collapse of a massive star (M & 8M on the Zero Age Main Sequence),
which results in a supernova explosion (referred to as Core-Collapse Supernova or CCSN)
is a promising potential future GW source, which has yet to be observed [53–55]. Unfortunately, it is also one of the least-understood GW sources, making its discovery all the
more difficult. The EM observations do not allow for the investigation of the interior of
a collapsing star. Moreover, CCSNs are rare with rates for our Galaxy estimated to be
around 1 per 100 years [56, 57]. As a result, when studying this phenomenon, we must
make educated guesses about what processes are taking place.
Current theories suggest that CCSN is caused by the gravitational collapse of a degenerate
core of an evolved star [58]. Explosions should produce either BH or NS depending on
the progenitor mass. The gravitational collapse of a star releases a considerable amount
of energy (of the order of 1053 erg [59], one order of magnitude smaller than the rest
mass-energy of the Sun), which is mostly carried away by neutrinos. The amount of
energy released in the form of gravitational radiation, on the other hand, is unknown, as
it depends on the unknown magnitude of the time-varying quadrupole moment.
To estimate the amount of energy carried away by GWs, realistic 3-D simulations of
gravitational collapse with various physical phenomena occurring during the process are
performed [60–62]. Nuclear reactions, hydrodynamics, as well as photon and neutrino
transport must all be included in such simulations. Moreover, to include gravitational
radiation, the collapse’s non-spherical asymmetry must be taken into account, as perfectly
spherical motion does not result in GWs emission in GR. It is a difficult task because we
cannot predict the amount of asymmetry during the collapse. According to current models
(see [63] and references therein), the asymmetry is related to the dynamical instabilities in
the rapidly rotating core of the NS progenitor. Several potential instability mechanisms
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are proposed such as standing accretion shock instability [64]. Various mechanisms and
related models of CCSN explosions result in significantly different GW waveforms. The
common aspect of the simulations is the transient character of the GW signal which lasts
for a short period in the sensitivity frequency range of the detector.
Non-axisymmetric neutron stars
As mentioned in previous sections, NS are important ingredients in transient GW sources:
last moments of binary systems (NS-NS and NS-BH inspirals and mergers), and collapsing
massive stars (at the moment of their birth). However, NS may also contribute to persistent (long-lasting) GW with almost-monochromatic GW frequency, called continuous
waves (CW).
The emission of GWs involving NS could be caused by a variety of mechanisms, including
r-modes, crust deformation, or accretion from the companion star (see [65] for a review).
The common component shared by those mechanisms is the signal’s long duration (years
time scale) and low amplitude. As a result, detecting GW requires long periods of continuous observation, potentially lasting months or even years. Nonetheless, using sophisticated
matched filtering methods such as F-statistic method [66], it is possible to detect the GW
signal using currently operational ground-based IFOs.
The r-modes are a type of oscillations modes present in rotating NSs. The emission of
gravitational radiation causes these modes to become unstable. For the description of
mechanisms causing oscillations see [67]. r-modes are found in young NS that are thought
to be hot and fast rotating. Because GW carries energy (and angular momentum), the
NS slows the rotation and causes it to become stable. During this process, the star’s
spin can be reduced from kilo Hz to 100 Hz which corresponds to the most sensitive
ground-based detectors frequency range (see Sec. 1.1.2). The energy carried away by GW
from spinning down NS should be detectable by LIGO and Virgo IFOs as long as the NS
is relatively close to the Earth (for example Virgo cluster) [68].
The next potential mechanism of GW radiation by NS is related to the accretion of matter
from the companion star in systems like the low-mass X-ray binaries (LMXB) [69]. The
accreting material may cause a density gradient in the star’s deep crust. This, in turn,
would result in mass asymmetry and gravitational radiation [70]. As a result, the NS
could radiate gravitationally as much energy as it accretes making such stars a stable
source of GW for as long as the accretion lasts.
Accretion can also cause deformation of an NS crust in the form of small lumps or mountains putting a strain on the crust [71]. Because such a star would have been spherically
asymmetric, it could have radiated away energy in the form of GWs. Millisecond pulsars are one candidate for such a GW source. They are thought to have a small enough
spindown to withstand the significant strain on the crust.
The misalignment between the global dipole magnetic field axis and the rotation axis of
the NS leads to an asymmetry in the magnetic field distribution in the interior of the
star [72]. This causes the time-varying quadrupole moment of the star responsible for the
emission of GWs as a result of magnetic stresses. However, such signals are too weak to
be detected by currently operating detectors. Nevertheless, with future improvements of
IFO, GWs could be used to probe the magnetic fields of NS.
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Gravitational waves background
The gravitational waves background (GWB) is the final type of gravitational radiation
we expect to detect [73]. This background could be made up of GWs emitted by a variety
of sources. The Big Bang is the most intriguing of them all. As the most violent event
in history, it may have generated a significant amount of gravitational radiation, which
could have formed a background similar to the Cosmic Microwave Background [74]. Other
phenomena, such as the expansion of the Universe, may also leave a mark in the form of
gravitational radiation.
The GWB can also be made up of early Universe chirping binaries. Those sources are too
far apart for us to distinguish one from the other. Instead, the overlapping GWs could
produce a common background detectable by even currently operational IFOs. The GWB
strain is much smaller than the signal produced by nearby chirping binaries. However, by
studying the output of many detectors coherently, we could be able to identify GWB as
being present in all of IFOs.
Other sources
As previously stated, different sources of gravitational radiation do not exhaust all possibilities. Transient GW signals might be emitted during magnetar bursts [75] and by fast
radio bursts [76]. Moreover, exotic objects like dark matter or gravastars may also emit
GWs in unexpected ways. The Universe may also contain previously unknown astronomical objects to be discovered by GWs. The future of GW astronomy may yield astounding
discoveries.

1.1.4

Challenges in data analysis of gravitational wave detectors

Searching for such weak signals as GWs in the noise-dominated data is a challenging task
that requires sophisticated, precise data analysis methods. To aid in this task, GWs have
been classified into four types of signals concerning their astrophysical source. This division was achieved by applying two criteria: signal duration and waveform knowledge. As
a result, the four types of GWs listed below, along with their corresponding astrophysical
sources, were formulated:
• short duration and known waveform - chirping binaries,
• short duration and unknown waveform - core-collapsing stars,
• long duration and known waveform - oscillating (or deformed) NSs,
• long duration and unknown waveform - GWB.
Each of these types of GW signals requires specialized data analysis methods, which can
be classified as follows:
• matched filtering (short and long signals, known waveforms),
• excessive power (short signals; known and unknown waveforms),
• cross-correlation (unknown waveforms; duration not relevant).
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Matched filtering (MF) is a signal processing method that searches for known waveforms
embedded in noise (for example Weiner filter [77]). In GW astronomy, the MF algorithm
scans the data using a bank of GW templates [78, 79], in extreme cases comprised of
millions of waveforms, looking for a best-matching template, e.g., the MF algorithm
returns the Signal-to-Noise Ratio (SNR) for a given template by maximizing the likelihood
function. Out of all the templates in the bank, the one with the highest SNR is considered
in further studies, as it most closely resembles the actual GW signal buried in the noisy
data. The template bank spans a large astrophysical parameter space since we do not
know a priori the true GW parameter values. Depending on the GW type, the parameter
space might cover mass components and/or spin values (for CBC) or frequency and its
derivatives (for oscillating NSs). Also, the information about the sky position of the
potential source might be included - the search is performed then in the so-called directed
mode. When more parameters are known (for example frequency), the targeted search is
performed. Whereas, the most general type of search that makes no assumptions about
parameters is called all-sky. The waveform fitting the data to the greatest extent can
later be used to infer astrophysical parameters of the source, in the so-called parameter
estimation process.
Among currently used implementation of the MF, the LIGO-Virgo-KAGRA Collaboration
uses the PyCBC [80] and the GstLAL [81] pipelines for short duration GWs. Long-lasting
signal searches, on the other hand, use pipelines such as TD-Fstat [82] (and other, see
recent CW all-sky papers for a list of references [83]).
Despite its numerous advantages, MF has also significant disadvantages. In most cases, it
is not suitable for use in low-latency analysis, which is critical in the context of rapid alerts
for the multi-messenger astronomy (observation of single astronomical objects with various
observatories around the world using both electromagnetic and gravitational detectors),
due to the large parametric space to cover and the requirement of large computational
resources.
Instead of focusing on specific waveform characteristics, alternative methods to MF look
for GWs by measuring an excessive power in the time-frequency domain present in a
coherent manner between multiple independent detectors. An example of such a method is
the coherent WaveBurst (cWB) [84, 85]. cWB uses wavelet decomposition [86] to explore
the data to find generic GW signals with weak (or none) assumptions on the source model.
However, the method requires a network of detectors operating simultaneously. This is
not always granted because the GW detectors operate autonomously and maybe ”offline”
for a variety of reasons. In theory, it is possible to use only a single detector dataset
by shifting it in time and measuring the coherence between the original and time-shifted
data. However, the excessive power methods in this approach are not as precise as in
the case of the network of detectors (though this can be improved with help of machine
learning [87]).
Alternative search methods utilizing multiple data streams are based on cross-correlation.
If a signal resulting from the same GW is present in multiple detectors (with a delay related
to particular sky localization of the source), it should be possible to extract it by crosscorrelating the data stream outputs. Originally this search method was developed for the
GWB [88, 89]. However, the cross-correlation can be tuned to search for different GW
sources e.g. long-lasting periodic signals with known sky-localization and polarization
emitted by NSs, as in the case of Scorpius X-1 NS [90].
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Figure 1.5: A selection of transient noise categories (glitches) in GW strain data [93].
Because of their complex morphologies, glitches are difficult to study. They differ in
terms of signal duration, frequency range, and amplitude. Furthermore, some glitches
may mimic GWs (for example, chirping binaries), resulting in false detections. They may
also overlap with GW, complicating analysis of the underlying astrophysical signal, for
example, in terms of estimation of the GW source parameters.
Searching for signals as weak as GWs is further complicated by a plethora of noise sources,
both instrumental and environmental. These sources can cause changes in IFO arm
lengths that are comparable to or greater than true astrophysical signals. This, in turn,
reduces the quality of the data that the algorithms mentioned above must deal with.
Detectors contain state-of-the-art hardware solutions to isolate core instruments from the
environment to reduce the influence of various noise sources. Furthermore, IFOs collect
information from thousands of ”auxiliary (witness) channels” monitoring the immediate
surroundings as well as internal instrumental behavior. Seismometers, microphones, magnetometers, accelerometers, probes of various hardware components, etc. are examples
of auxiliary channels. Later on, the auxiliary data may be used in the localization of the
noise source, improving the overall data quality. However, due to complex noise morphology and variability of detector output signal caused by environmental and hardware
issues that arise daily, localization of some noise sources is frequently not possible.
Local noise artifacts, similarly to GWs, can be classified based on their duration. Transient, non-stationary detector artefacts are traditionally called glitches ([91–94] and references therein, not to be confused with pulsar glitches). These noises can mimic or overlap
transient, astrophysical signals complicating the process of detecting and inferring the
physical properties of GW sources [95, 96]. Figure 1.5 presents a selection of common
glitch types in the form of time-frequency spectrograms.
Stationary lines are persistent noise signals that impede searches for long-lasting GWs,
such as those emitted by non-axisymmetric NSs. They appear at a specific frequency,
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reducing detector sensitivity in the nearby frequency bands.
MF, excessive power, and cross-correlations methods are not the only ones used in GW
astronomy, despite their popularity. With each passing year, artificial intelligence (AI)
methods are used more often. The following chapter provides details about AI, with a
focus on its application in GW searches.

1.2

Machine learning

Machine learning (ML) is a subfield of AI - a domain of computer science that studies
systems that can approximate ”natural” (e.g. human) intelligence [97]. Intelligence can
be defined in terms of knowledge gained about specific problems, such as image-based cat
vs. dog classification, which is a classic example. Algorithms must learn such knowledge
from the data presented in order to acquire it. As a result, ML systems do not require preprogramming. Instead, they use algorithms that can utilize their own intelligence.
There are numerous ML algorithms available today, ranging from a linear regression
through decision forests to biologically-inspired artificial neural networks (more in Sec.
1.2.2). Their common feature is that they use data to look for patterns that can then be
used to solve problems like classification or regression, which are discussed later in the
chapter. Preliminary assumptions about the relationships in the data are not required by
ML algorithms. Instead, the relationships are taught during training stage. The patterns
discovered can then be used to analyze previously unknown data. The accuracy of such
prognostics is determined by two factors: the amount of data used during algorithm
training and the degree of balance of individual cases in the analyzed data set. Data that
does not meet these criteria may result either in overfitting or underfitting. In the first
case, an algorithm learns ”by heart” - even if it performs correctly during training, it is
unable to generalize [98] to new, previously unknown cases. In the case of underfitting,
the algorithm is unable to capture the relationship between the input and output data,
resulting in a high error rate for both the training and subsequent testing stages.
Furthermore, the proper application of ML requires a precisely defined goal. The data
used to train the ML algorithm should include a statistically representative sample of the
problem under consideration. For example, an algorithm designed to classify spectra from
three different galaxy types will be unable to distinguish the fourth or fifth type in the
future because no information about them (more specifically, no information about the
existence of an additional class) was collected during the training stage.
The greatest advantage of ML is its ability to solve modern data analysis challenges.
To begin with, the algorithms only learn from the data that is provided to them. The
more sophisticated the data, the better algorithms can learn to make future accurate
predictions. In the case of the self-driving car, for example, the data should include as
many examples from real-life scenarios as possible. It is a difficult task, but it is critical as
it determines the functionality of the algorithm. Another significant advantage of ML is
its ability to generalize its behavior to unknown scenarios based on learning data. That is
what makes them so useful in a wide range of applications, as they can predict the desired
effect based on partially known or completely unknown premises. Furthermore, some of
the ML algorithms described later in this chapter are not affected by missing or sparse
data. This makes them even more useful in many modern technological applications where
such situations are unavoidable. Finally, once trained, the ML algorithms are fast and can
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process multiple data instances at the same time, making them an excellent choice for lowlatency systems such as real-time analysis pipelines in astronomical observations.
Though ML has been developed for several decades, its significant rise in popularity began
in the twenty-first century as a result of the remarkable development of computational
power, particularly Graphical Processing Units (GPU) [99]. This allowed for a significant
reduction in the training time of ML algorithms as well as an increase in the processing
capabilities of large amounts of data.

1.2.1

Machine learning paradigms

Numerous ML algorithms available today can be classified into three ML paradigms,
which differ in how data is used during algorithm training.
Supervised learning
Algorithms in supervised learning [100] learn from labeled data. Every instance in the
studied data has a corresponding label, which could be a name (e.g., car brand, animal
name, galaxy type, etc.) or a number (value of temperature, speed, energy, etc.). In
the first case, ML algorithms are designed to solve classification problems, i.e. assign a
specific class label based on a set of parameters (metadata, pixels on an image). In the
latter case, the ML algorithms are designed to solve regression tasks, i.e. assign a specific
value to the data instance based on a set of parameters.
Unsupervised learning
The algorithms in unsupervised learning [101] learn from unlabeled and unstructured
data. They are used for tasks such as clustering and data reduction. Clustering allows to
find patterns and structures in data and use that information to create similarity clusters,
i.e. gather data instances with similar features into clusters. Unsupervised learning is
similar to how our brains learn [102]. Consider, for example, a basket of fruits that we
have never seen before. We will look for similarities between the fruits based on some
patterns because we do not have prior knowledge about them (e.g. labels). The patterns
could be related to color, smell, or texture.
In the case of data reduction, unsupervised learning allows for the reduction of data
dimensionality while preserving key features that can later be used to reconstruct the
initial data with minimal information loss.
Reinforcement learning
The algorithms face a game-like situation in the case of reinforcement learning [103]. The
predefined agent learns how to achieve a specific goal by interacting with the environment
using well-defined rules. The agent receives either rewards or penalties for the actions it
takes. It aims to achieve the maximum pay. From completely random trials to advanced
tactics and superhuman skills, it is up to the model to figure out how the task is carried
out to maximize the award. Reinforcement learning is a type of ML in which the algorithm
acquires knowledge by interacting with the environment rather than learning from data,
as in previous paradigms.
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1.2.2

Machine learning algorithms

Among the numerous ML methods, one class of algorithms is the most widely used. They
are referred to as Artificial Neural Networks. I chose them as the main technique of
the research presented in this dissertation due to their versatile capabilities. In the next
chapter, I will cover an in-depth characterization of the ANN. However, first I will present
alternative ML algorithms capable of application in a variety of problems.
One of the first and best-known ML algorithms is linear regression [104]. As the name
implies it is used to solve regression problems, i.e. to predict the value of a variable
based on the value of another variable. Fitting the best line establishes the relationships
between the dependent value (the prediction outcome) and the independent variables.
The main limitation of the linear regression is its linear character. Many real-world
problems are non-linear (for example, image classification) and require more sophisticated
methods.
Among other popular linear methods, however, used for the classification tasks, is the
logistic regression [105]. By fitting data to a logit function and producing output values
ranging from 0 to 1, the algorithm predicts the likelihood of an event occurring. Despite
its name, logistic regression is considered a linear model because the decision boundary it
generates is linear. The algorithm is limited to two-class (binary) classification problems,
with multi-class extensions being possible. This, however, requires the transformation of
the problem into multiple binary classification cases.
More powerful than the above-mentioned methods but still linear are support vector
machines [106]. They are mostly used for classification, but with some modifications,
they can also be used to solve regression problems (though in that case their name is
changed to support vector regression [107]). The support vector methods use a linear
hyper-plane to map input variables to points in a higher-dimensional space to maximize
the separation between classes (classification) or continuous quantity (regression). They
are powerful in many applications, but they struggle with large datasets. Furthermore, in
the presence of noise in the input data, the resulting separation may contain large errors
with overlapping data instances.
For the non-linearly separable data, a popular algorithm is a decision tree [108]. It is a
supervised method that can be used for both classification and regression problems. The
algorithm divides the data into two or more homogeneous sets based on the most significant attributes or independent variables. The resulting sets are as dissimilar as possible
to one another. Each of the sets can be further subdivided, resulting in a hierarchical
structure that resembles a reversed tree. The random forest [109] method is an extension
to the method. It is made up of a collection of decision trees. Random forests are a
powerful modeling technique that is far more resilient than a single decision tree. They
aggregate many decision trees to reduce overfitting and error due to bias (a phenomenon
in which some elements of a dataset are more heavily weighted and/or represented than
others) and thus produce useful results.
Another approach utilizing an ensemble of ML methods is called boosting [110]. The
boosting algorithm’s basic working principle is to generate multiple weak learners and
combine their predictions to form one strong learner. The distinction between strong
and weak learners is linked to a degree of correlation with the true classification. The
correlation is low for the weak learner (it is only slightly better in labelling examples
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than random guessing). The strong learner, on the other hand, is well-correlated with the
true classification and, as a result, can label samples much better than random guessing.
By sequentially training weak learners to correct their predecessors, a strong learner is
formed. Popular boosting algorithms include AdaBoost [111] and XGBoost [112].
All of the algorithms mentioned above are used in the domain of supervised algorithms.
However, there are a plethora of unsupervised ML techniques associated with data clustering. The K-means algorithm [113] is one of the most popular. The algorithm tries to
group similar kinds of items in form of clusters centered around k centroids, defined in
some parameter space. As a criterion, K-means uses a similarity (or distance) measure.
In the simplest case, the Euclidean distance is used to assign each data point to the closest
cluster while keeping the centroids as small as possible.
An alternative method to clustering is based on a Gaussian Mixture Model (GMM) [114].
GMMs assume that there are a finite number of Gaussian distributions with unknown
parameters, each of which represents a cluster. As a result, the GMM tends to group
data points from a single distribution together regardless of cluster sizes and shapes.
GMM has a significant advantage over K-means because of its probabilistic nature; for
example, GMM can compute the probability that a given point came from each of the
different fitted components. Furthermore, while K-means imposes a hard break between
clusters, GMM can return overlapping clusters.
Clustering in the unsupervised domain can also be accomplished indirectly through data
dimensionality reduction. These algorithms reduce data dimensions while preserving key
characteristics of similarity between samples. Manual clustering can then be performed
on such reduced dimensional representations that are visualized in 2- or 3-D (D for dimensional). Manifold learning algorithms such as t-distributed stochastic neighbor embedding (t-SNE) [115] and uniform manifold approximation and projection (UMAP) [116]
are popular examples of dimensionality reduction techniques in the context of clustering.
According to the manifold hypothesis, [117], real-world high-dimensional data lies on lowdimensional manifolds embedded within the high-dimensional space. UMAP and t-SNE
assume that the dimensionality of the data is artificially high and attempt to reduce it to
a lower dimension (usually 2-D). The main distinction between those algorithms is that
t-SNE is deterministic (it uses deterministic methods for initialization such as principal
component analysis [118]), whereas UMAP retains its stochastic character due to optimization of its cost function using stochastic gradient methods (more on the cost functions
and optimization in the latter part of the chapter, see Sec. 1.2.3).
Many other interesting ML algorithms exist. Many more are still being researched and
developed as the field is constantly expanding. For a more detailed overview of methods
see [119].

1.2.3

Artificial neural networks

Artificial Neural Network (ANN) is the algorithm that revolutionized the field of ML at
the beginning of the twenty-first century. ANNs are loosely based on the biological neural
networks that constitute animal brains. The ANN is built on a network of connected
units known as artificial neurons (AN), which mimic the neurons in the human brain.
The first AN model has been proposed in 1957 under the name perceptron [120] (see
Figure 1.6).
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Figure 1.6: The perceptron was the first artificial neuron model proposed in 1957 [120].
In the centrally located node, a sum of weighted inputs is computed; if the result of the
sum exceeds a predefined threshold, the output equals one, and the signal is processed
further. In the other case, no information is passed on - the output is zero.
The perceptron is made up of edges, which are connections between the input variables
and the centrally located node. Every edge is associated with a weight wj , which adjusts
the strength of the processed signal in that connection. The node computes the sum
of weighted inputs. The perceptron output is binary, 0 or 1, depending on whether the
weighted sum is less than or greater than some threshold value, as shown in Eq. 1.12.
Weights and thresholds in the perceptron could be changed during training. To simplify
the perceptron notation, the scalar product is used to represent the weighted sum, and
the threshold is replaced by bias b, where threshold ≡ −b as presented in Eq. 1.13.

output =


0,

if Σj wj xj ≤ threshold
1, if Σj wj xj > threshold

output =


0,

if w · x + b ≤ 0
1, if w · x + b > 1.

(1.12)

(1.13)

In its original form, the perceptron has two major limitations. The first constraint is
related to the binary output. The network’s capabilities for processing complex data,
such as image classification using pixels with values ranging from 0-255 or predicting
stock prices in regression problems, are limited. The second limitation is the sensitivity
of the perceptron output to changes in weights and biases. A small change in weight
value, for example, can cause the perceptron’s output to spin from 0 to 1. A single spin
of a perceptron in the network could then cause a significant change in some complicated
way.
Modern perceptrons use the activation function f (w · x + b) in the node to overcome
these constraints, causing the neuron’s response to become optionally non-linear. As a
result, even minor changes in weight (or bias) result in only minor changes in output.
The activation function gives us more control over how the ANN operates.
Among the most popular activation functions used in variety of ANN are (in the following
equations z replaces w · x + b for simplicity) [121]:
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Figure 1.7: Schematic representation of ANN consisting of an input layer, two hidden
layers, and an output layer. The network is made up of many perceptrons that have been
extended with the activation function and are linked together. Each neuron in one layer
is linked to all the neurons in the next layer, resulting in a complex network. However,
depending on the architecture, ANN can also skip connections.
• binary step (see Eq. 1.13),
• linear: f (z) = z,
• sigmoid (logistic): f (z) =

1
,
1+e−z

• hyperbolic tangent: f (z) =

ez −e−z
,
ez +e−z

• rectified linear unit (ReLU): f (z) = max{0, z}.
As previously stated, a perceptron is a fundamental cell upon which complex ANN architectures are built. Later in this chapter, three of the most popular network architectures
will be discussed (Sec. 1.2.3). Despite their differences, some fundamental similarities
can be identified. To begin, each neural network has three types of layers, as shown in
Fig. 1.7: input, hidden, and output. The input layer is related to the data size and
dimensionality used for algorithm training. The algorithm’s size is fixed, which means
that all data studied in the given problem must have the same dimension.
The type of problem to be solved determines the output layer. In the case of classification
tasks, each neuron in that layer is associated with a distinct class or category. Every neuron in a regression problem corresponds to the predicted value (stock prices, temperature,
etc.).
The hidden layer, or layers as they are more commonly known, refers to everything between the input and the output. This component of ANN could be made up of thousands
of neurons linked together in a sophisticated manner. The deeper the algorithm is, the
more abstract features processes. This is especially useful when dealing with complex
tasks like classification based on images described by thousands of pixels.
Another point of similarity among various ANN architectures is the direction of information propagation through the network. The majority of networks use feed-forward
propagation, in which information is transferred from the input layer to the output layer.
However, as described in the latter part of this chapter (see Sec. 1.2.3), some networks can
also propagate information backward, which is known as feed-backward propagation.
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Figure 1.8: Visualization of gradient descent in the space defined by ANN’ weights w and
biases b. The cost function C(w, b) is presented on the z-axis. The green dots represent
the cost function values calculated at each stage of the gradient descent computation
(training epoch), starting with the maximum and ending with the minimum.
How they learn?
Every ANN, as described in the preceding subsection, has an output layer that refers to
the studied problem. This feature allows us to determine how well ANN reconstructs the
desired output y(x) for all training inputs x. The function responsible for such a measure
is known as the cost function [122] (also known as the loss function) C(w, b), and it is a
function of weights w and biases b. The most commonly used cost functions are:
• mean squared error (MSE),
• root mean squared error (RMSE),
• binary cross-entropy (for binary classifiers),
• categorical cross-entropy (for multi-label classifiers - multi refers to more than 2
classes).
The goal of ANN training is to minimize the cost function, that is finding a set of weights
and biases that minimizes C(w, b). Because cost functions are differentiable, the simplest
way to find the minimum is to compute derivatives analytically and look for extrema.
However, because modern ANN has millions of parameters, such an approach is suboptimal.
An algorithm called gradient descent is an alternative to the analytic approach [123].
This iterative algorithm finds the minimum of a function by moving in the direction of
the steepest descent, which is defined by the gradient’s negative. The gradient descent
is well described by the analogy to a steep valley (see Fig. 1.8 for a 3-D example). The
goal is to find a way to the valley’s bottom. For the sake of simplicity, I will assume
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that the cost function depends on two variables: w1 and b1 . When we make a move by
a small amount ∆w1 in w1 direction and ∆b1 in b1 direction, the C(w1 , b1 ) changes as
follows:
∆C ≈

∂C
∂C
∆w1 +
∆b1 .
∂w1
∂b1

(1.14)

To move down the valley ∆C have to be negative. To meet this condition, we need
to find a way of correctly choosing ∆w1 and ∆b1 . In order to do so, Eq. 1.14 can be
∂C ∂C T
rephrased using gradient of the cost function ∇C ≡ ( ∂w
, ) and the vector of changes
1 ∂b1
T
∆v ≡ (∆w1 , ∆b1 ) . Then, the Eq. 1.14 transforms into:
∆C ≈ ∇C · ∆v.

(1.15)

Finally, the condition for the negative ∆C can be met by relating the vector of changes
∆v to the gradient ∇C, where η is a small, positive parameter called the learning rate.
The scale of changes in the directions of w and b is determined by η. If the learning rate
is too high, it is possible that the minimum of the cost function will not be found. When
the learning rate is set too low, the convergence to the minimum point may take too long
to be useful in practical applications.
∆v = −η∇C.

(1.16)

This yields the following equation, which meets the initial criterion, allowing the motion
down the slope of the valley to find minimum since ||∇C||2 >= 0:
∆C ≈ −η||∇C||2 .

(1.17)

With a generic description of the gradient descent, we can now return to the initial
conditions, where vectors w and b are collections of variables. According to Eq. 1.16, we
can update weights and biases of ANN using a gradient of the cost function and learning
rate as follows:
∂C
,
∂wk
∂C
bl −→ b0l = bl − η
.
∂bl

wk −→ wk0 = wk − η

(1.18)

The procedure is repeated until the ANN has used up all of the training inputs, which
is referred to as completing an epoch of training. At that point, the ANN begins a new
training epoch and repeats the weight and bias updates.
The main limitation of the presented gradient descent approach is that it must be computed for each training input data instance and then averaged over the entire data size.
From a practical point of view, this step can be time-consuming, resulting in the ANN
learning slowly.
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To overcome this problem, an improvement of the algorithm has been introduced. Instead
of computing the gradients for the whole dataset, ∇C is computed for small batches of
randomly selected data instances. Averaging over this small sample results in a good
estimate of the true gradient of the cost function while substantially speeding up the
learning. This modification to the algorithm is called stochastic gradient descent (SGD)
[123].
Modern ANN use even more advanced forms [124] of gradient descent than the SGD. The
Adaptive Gradient (Adagrad) [125], for example, adapts to the learning rate of the ANN
parameters. It can converge faster to a global minimum of the cost function by using
low learning rates for parameters associated with the most frequently occurring features
and high learning rates for parameters associated with rarely occurring features. The
main problem with Adagrad is that the learning rate may decrease so much during ANN
training that the algorithm does not converge to the global minimum - the updates to
weights will be too small to affect the performance of the ANN.
Another popular optimization algorithm is Root Mean Squared Prop (RMSProp) [126].
The RMSProp uses a moving average of the squared gradient to solve the problem of
decreasing the gradient of Adagrad.
The Adaptive Momentum Estimation (Adam) [127] is an extension of RMSProp that
takes advantage of the momentum algorithm: a method for accelerating the SGD in
the ”correct” direction on the slope of the cost function ”valley” and dampening the
oscillations on its path. In practice, the Adam algorithm tends to converge to the global
minimum faster than the other optimizers while avoiding local minima.
During ANN training, the gradient descent algorithm does not result in automatic updates
of weights and biases. The algorithm responsible for this is known as backward propagation
of errors, abbreviated as the backpropagation [128]. The algorithm, first proposed in
1960, uses a method known as a chain rule - a formula for computing the derivative of a
composite function - to effectively train ANN by fine-tuning the weights and biases of a
neural net based on the error rate (cost function) obtained in the previous epoch.
The cost function between the desired and actual outputs is computed after the input
data has been propagated through the network. The backpropagation algorithm then
performs a backward pass while adjusting the ANN’s weights and biases - computation is
performed from the last layer to the first layer using gradient descent. Because the neural
net parameters are interconnected, the chain rule can be used to generate a dependency
sequence. The neurons in the k-th layer are determined by the weights and biases between
the k-th and k − 1-th layers, as well as the outputs of activation functions f (w · x + b)
from the k − 1-th layer. By computing partial derivatives of the cost function with respect
to all dependent variables via the chain rule, it is possible to obtain values required to
update weights and biases in Eq. 1.18.
The backpropagation is repeated until the desired cost function value is obtained. In
practice, this means that the decreasing C(w, b) settles around some value and does not
change over the next training epochs.
Convolutional neural networks
In the last 20 years, a new area of ML has emerged under the umbrella of deep learning
(DL) [129]. DL stands out due to its algorithms’ ability to process raw data without the
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Figure 1.9: Schematic representation of CNN consisting of an input layer, convolutional
layer, pooling layer, fully connected layer, and output layer. The fully connected layer,
as shown in Fig. 1.7, corresponds to the classic ANN as all of the neurons in this layer
are connected to all of the neurons in the subsequent layers. Multiple instances of data
from previous layers are obtained by applying different convolutional kernels to the convolutional layer. The pooling layer, on the other hand, has the same number of instances
as the convolutional layer but is smaller due to the pooling operation.
need for manual feature engineering. DL was sparked by the popularity of a specific ANN
architecture known as the Convolutional Neural Networks (CNNs) [130].
The CNN is a deep, feed-forward ANN whose structure was inspired by studies of the
visual cortex in mammals, the part of the brain that specializes in visual information
processing. As a result, CNN was initially used to process images in the context of
classification tasks. CNNs such as VGG-19 [131], Inception [132], or ResNet [133] are
currently the most complex and deep neural networks e.g. the first version of Inception
ANN included 27 convolutional layers.
Figure 1.9 shows an example of CNN architecture. CNN’s central feature is known as
a convolutional layer. It detects local feature conjunctions in the input data and maps
their appearances to a feature map. As a result, the input data is divided into sections,
resulting in the formation of local receptive fields and the compression of feature maps.
The size of the receptive field (also known as the kernel) corresponds to the scale of the
data details to be examined. The smaller the kernel, the finer the patterns that CNN can
detect.
The convolutional layer consists of a set of filters. Each filter is in charge of extracting
the specific type of feature maps. The filters from shallow hidden layers may contain
human-understandable features, such as edges, shadows, and gradients present in the
input images. The deeper the layer and its associated filters, however, the more abstract
features it extracts from preceding layers.
Another distinguishing layer of the CNN architecture is the pooling layer [134]. The
feature maps’ dimensions are reduced by pooling layers. As a result, they reduce the
number of parameters to learn and the amount of computation performed in the network,
while also making it more resilient to noise and translations. The maximum pooling
and average pooling layers are the most common types of pooling layers. The maximum
pooling operation computes the largest values in each patch of each feature map. In the
case of average pooling, the average value for the patch’s features is computed. In this
context, the pooling layers can be thought of as a compression tool.
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Figure 1.10: Schematic representation of RNN consisting of an input layer, an output
layer, and hidden state vector. The network’s hidden state vector serves as a memory. It
stores information about previous elements of the input sequence that the RNN is already
aware of.
Because the weights in the convolutional and pooling layers are shared, CNNs are faster
than traditional ANN. Sharing weights reduces the number of neurons, allowing for faster
training while maintaining the model’s generalization capabilities.
Modern applications of CNN are not limited to the images as illustrated in this thesis.
CNNs are now also used in e.g. the studies of time-series data which are 1-D vectors of
data, as demonstrated in this thesis in the applications on the GW strain data.
Recurrent neural networks
Recurrent neural networks (RNNs) [130] are the next most popular ANN architecture,
and they are particularly well suited for applications in sequence analysis. In contrast to
traditional ANN or CNN, RNN allows for the processing of input data of any size. They
view the data as a sequence of events and capture meaningful relationships between inputs.
These relationships can then be used to extract information about the data’s evolution
over time, which is especially useful for time-series data (e.g. speech recognition, music
generation).
Figure 1.10 shows an example of an RNN architecture. Specifically, it includes the hidden
state vector, which represents the context based on previous inputs and outputs. As a
result, depending on previous inputs in the series, the same input applied to the RNN
may produce different results. The same input would always result in the same outputs
in the case of non-recurrent neural networks because it is only influenced by the weights
applied to that input.
The ability to share weights across time is both an advantage and a disadvantage of RNN.
On the one hand, it enables taking the time evolution of the input data into account.
However, it significantly increases the training time. Furthermore, access to information
between distant states is restricted. Because weights (and neurons) in RNN are shared
between states during gradient descent computation, backpropagation must update all
neurons far back in time. The gradient decreases as the number of operations performed
by backpropagation increases. Some changes to the cost function may be so minor that
they do not affect training. This problem has been defined under the term vanishing
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gradient.
The Long Short-Term Memory (LSTM) network [135] has been proposed as a solution to
the vanishing gradient problem. LSTM is a variant of RNN with recurrent weights equal to
unity. As a result, the cost function gradient’s exponential decaying (or explosion for very
large weights) is absent. Nevertheless, the LSTM still has some limitations when it comes
to accessing information between distant states, but this does not preclude successful
implementations in time-series analysis.
Autoencoders
While the CNNs and RNNs were initially designed for supervised tasks, the autoencoder
(AE) [136] is a type of ANN architecture that is typically used in unsupervised problems.
AE is made up of two parts: the encoder and the decoder. The encoder is in charge
of encoding (compressing) the input data into a space known as latent space, which is
typically smaller than the number of input features; sometimes this part is referred to
as the architecture bottle-neck. The decoder, on the other hand, is supposed to decode
(decompress) the data to its original representation. To put it another way, the AE forces
a compressed knowledge representation of the original input data. While doing so, the AE
learns key properties of the data by forcing it through the latent representation, allowing
it to reconstruct the input. The latent representation containing these key features could
later be used to cluster samples based on the underlying patterns in the data.
The ability to combine AE with other ANN architectures is a significant advantage. AE,
for example, can be built on top of either CNN or RNN to process images or sequential
data. Furthermore, instead of a single point, the encoding part of AE can return distribution over a latent space. The architecture based on this concept is known as a variational
autoencoder (VAE) [137]. The model assumes that the input data has an underlying
probability distribution (e.g. a Gaussian distribution) and then attempts to find its parameters. The latent distribution could later be used to generate artificial samples that
resemble the original data, such as fake images. The ability of VAEs to generate artificial
data has been enhanced further by combining the model with additional ANN aimed at
distinguishing fake samples from original. The overall architecture that can provide such
utility is known as Generative Adversarial Network (GAN) [138].
Chapter 2 contains more information about AE training and its characteristics.
Advantages and disadvantages of artificial neural networks
As mentioned in the preceding section, ANNs are extremely versatile algorithms. They
can be used in supervised paradigm frameworks i.e. in classification and regression tasks,
as well as in unsupervised tasks, i.e. in clustering and dimensionality reduction. ANNs
can process a wide range of data representations (images, time-series, etc.). However, as
with any method, while ANNs have significant advantages, they also have drawbacks that
should be carefully considered before applying them to a specific problem.
The greatest advantage of the ANNs is their application flexibility and versatility. Because
neural networks are a mathematical model with an approximation function, they can
be applied to any data that can be represented numerically. With the addition of an
activation function, ANN can be transformed into a highly nonlinear model that can be
applied to a wide range of nonlinear data, such as images. Because the only limitation
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is the computing capability of the hardware used, ANNs can be extended to any number
of layers and input features. Since ANN has a layered structure, even very large inputs
with many features can be processed successfully by dividing the considered problem (e.g.,
regression) into a layered network of simpler elements processing only parts of the input
(e.g. CNN). Only the training of an ANN may take a significant amount of time, as once
trained, they are very efficient at returning predictions. Speed of computation is a crucial
advantage in the application to the low-latency systems in data processing pipelines used
in scientific experiments.
The main drawback of ANN is its black box nature [139]. ANNs can approximate any
function due to their multi-layered nonlinear structure. The structure of the function
being approximated, on the other hand, is unknown. Even by studying the ANN architecture, one cannot always decipher how much influence each independent variable of the
model has on the dependent model. The performance of the ANN heavily depends on the
statistical representability of the training data concerning the studied problem. As ANN
has a non-transparent character, they can extract from training data biased information
without our knowledge.
Another significant drawback of ANNs is the absence of reliable uncertainty estimates
for their output [140–142]. Furthermore, ANNs are prone to overconfidence in their
predictions [143, 144]. The field of ANN uncertainty is undergoing intensive research, and
several solutions to the problem have been proposed [141]. Solutions, on the other hand,
are frequently problem-specific and should be thoroughly considered before being applied
to the studied case.
Machine learning in the context of this thesis
As previously stated, the data collected by GW detectors are difficult to analyze. Nonlinear character of the data, presence of both short- and long-lasting detector artifacts,
as well as complex morphology of astrophysical signals buried deep within the noise, are
just a few of the challenges that data analysis methods must overcome. These difficulties,
however, are not a major issue for ANNs. Indeed, because of their non-linear nature,
ability to detect complex patterns, and resistance to noise, ANNs appear ideal for use in
the analysis of GW detector data. Because ANNs are extremely efficient at processing
large amounts of data, they appear to be an ideal candidate for future low-latency pipelines
combining data from various astronomical experiments all over the world in the domain
of multi-messenger astronomy.
Furthermore, different ANN architectures enable the processing of data from GW detectors using different representations. This allows us to explicitly focus on different features
of potential astrophysical signals buried within the noise, such as the time evolution of
signals in time series or the time-frequency relationship in spectrogram images.
In the context of supervised learning, ANN can be used to classify various GW types
and/or glitches, as well as to predict astrophysical parameters of the emission source.
In unsupervised learning, ANN can be used for data denoising (removing excessive noise
around the signal), dimensionality reduction, and clustering. Many other intriguing applications of ANN (and ML in general) in the study of GWs and related topics have emerged
in recent years. I have listed a few of my favorites below.
The classification and detection of different GW types is the main field of interest in the
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application of ML methods in the GW detectors data. As a result, the majority of research
has concentrated on this subject. One of the first works in the field is a great example:
George et al. [145] developed the Deep Filtering method for the signal processing, based
on a system of two deep CNNs, designed to both detect as well as estimate parameters
of compact binary coalescence signal in the very noisy time-series data stream. A similar
approach was presented by Gabbard et al. [146] where authors reached similar sensitivity
as MF using only CNN. Another interesting work was done by Gebhard et al. [147] where
authors presented limitations of CNN towards adversarial examples of data.
As for the continuous GWs emitted by NS, a few interesting works have been also published. Dreissigacker et al. [148, 149] have been using deep neural networks as a search
method in both simulated as well as real detector data. Miller et al. [150] presented a
comprehensive study of the effectiveness of CNNs to detect long-duration transient GW
signals from isolated NSs covering the limitations of the method on the search of that particular GW type. Bayley et al. [151] developed a robust ML pipeline allowing detection
of not only continuous GWs but also stationary lines in the detector’s data.
The GW emitted by collapsing massive stars have also been studied with ML. Detection
capabilities of CNN on the supernova GW signal have been presented by Chen et al.
[152]. Astone et al. [153] show that CNN can outperform currently operating data
analysis algorithms devoted to selecting GW transient signals from CCSN.
Another area of intense research is the application of ML methods to the estimation of
GW source parameters. A fascinating example of such research is the work of Gabbard
et al. [154], in which the authors develop a conditional VAE for Bayesian-like parameter
estimation for CBC sources and compare the results to the currently used Bayesian inference methods. The parameters of the same source type were studied by Green et al.
[155] with auto-regressive neural network flows achieving spectacular results.
Another rapidly expanding area of ML research in GW astronomy is detector characterization and data quality. Many works focus on the classification of noise transients (glitches),
based on both simulated and real data using CNN, such as Razzano and Cuoco [156], Powell et al. [157] and George et al. [158]. Worth mentioning is also usage of citizen projects
in this context such as the Gravity Spy by Bahaadini et al. [159], useful because of robust
preparation of the training data by human inspection. Aside from glitch classification,
data denoising is another important area of research. The goal here is to remove excessive noise from data to extract the underlying GW signal, which can then be used for
parameter estimation or sky localization. Shen et al. [160] applied AEs on the denoising
of CBC GWs. Denoising of noise transients on the example of blip glitch with dictionary
learning has been conducted by Torres-Forné et al. [161]. Finally, ML is used also in the
GW signal generation e.g. GAN has been used to generate burst GWs by McGinn et al.
[162].
Every year, the number of ML applications in GW astronomy grows, making it impossible
to list them all. For a recent review of the state-of-art, Cuoco et al. [163] provide a broad
overview of such methods.
The application of ML methods and ANN in particular in the GW detectors data is a
relatively new field of research in astrophysics. However, as various groups of researchers
around the world have shown, it has the potential to significantly improve currently existing pipelines of data analysis as well as help in the precise estimation of astrophysical
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parameters of GW emission. Before that happens, however, we need a thorough understanding of the possibilities and limits of ML concerning data collected by GW detectors.
In this context, my research is an essential part of a wide-ranging effort to understand
how ML can improve our methods of learning about the world.

1.3

Motivation and thesis overview

The thesis was motivated by the desire to investigate ML as a novel method of analyzing
data collected by GW detectors. In practice, the investigation focused on how ML can be
used to analyze difficult and notoriously noisy GW detector data, as well as what scientific
outcomes such applications provide for GW astronomy.
To achieve the aforementioned objectives, I researched various aspects of GW astronomy.
In the first project, I investigated the already detected class of GW signals - theoretically
well-understood waveforms emitted by the CBC systems - from a novel perspective, employing ML as an anomaly detection method (paper I). In subsequent projects, I looked
for GWs in previously undetected systems such as CCSN explosions (paper II) and oscillating (or deformed) rotating isolated NSs (paper III). Both of these GW sources prove
to be much more difficult to detect in comparison to CBC signals because they are either
not well-understood theoretically and short in duration (the burst-like CCSN signals), or
well-understood but with much smaller GW amplitude (CW signals emitted by isolated
NSs). The fourth project investigated the use of ML to reconstruct physical parameters
of NSs from a GW-EM multi-messenger perspective (paper IV). The thesis covers therefore main types of GW sources that are currently actively pursued by the astrophysical
community. From the data analysis point of view, the algorithm that in my opinion has
the most potential of all ML methods - ANN - served as a link between all projects.
A summary of each publication concerning the material described in previous sections is
provided below.
Paper I: Anomaly Detection in Gravitational Waves data using Convolutional AutoEncoders (Filip Morawski et al. 2021 Mach. Learn.: Sci. Technol. 2 045014)
In this paper, I looked at how to use a convolutional AE to search for anomalies in
GW data. The anomalies were defined in terms of transient signals distinct from the
IFO’s ”usual” non-stationary noise. I concentrated on the anomalies represented by GWs
emitted by binary BH system mergers. In the reconstruction of injected signals, I demonstrated the capabilities of ML implementation. In addition, I investigated the impact of
GW strength, as defined by matched filter SNR, on anomaly detection. Furthermore, I
considered the use of the method for the temporal localization of anomalies in the studied
time-series data. Finally, I validated the results of anomaly searches on real data containing confirmed GW detections, demonstrating my method’s generalization ability in
detecting GWs unknown to my ML models during training.
Paper II: Core-Collapse Supernova Gravitational-Wave Search and DeepLearning Classification (Alberto Iess et al. 2020 Mach. Learn.: Sci. Technol. 1 025014)
In this paper, with co-authors, I developed a new method based on ML to search for
the GWs emitted during CCSN explosions. Our study relied on five cutting-edge CCSN
models derived from the most recent hydrodynamic simulations of neutrino-driven corecollapse processes. The CNN algorithm was applied to two types of data representations
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in the paper: time series and spectrograms. Our findings demonstrated that spectrograms
are significantly better representations than time series. Aside from the stochastic nature
of the CCSN GW in the time domain, the evolution of signal frequencies contains important features that help distinguish the GWs from noise. In addition, we demonstrated the
results of future CCSN GW searches using the planned ET IFO. The results show that
when the ET is used, the robustness of CCSN search using ML improves significantly when
compared to currently operating interferometers (on the example of the Advanced Virgo),
both in terms of detection efficiency and source distance. Finally, we demonstrated that
CNNs were particularly effective at distinguishing CCSN GWs from glitches.
Paper III: Convolutional neural network classifier for the output of the time-domain Fstatistic all-sky search for continuous gravitational waves (Filip Morawski et al. 2020
Mach. Learn.: Sci. Technol. 1 025016)
In this paper, I investigated the use of a CNN in the classification of GW signal candidates related to the continuous signal emission by deformed rotating NS. The proposed
approach was novel in that it used CNN as a follow-up (post-processing) method to the Fstatistic, increasing the significance of possible astrophysical signal detection by studying
the distribution of the F-statistic rather than individual high-SNR candidates. I demonstrated a significant reduction in signal candidate processing time while maintaining the
method’s high accuracy. The CNN detected GWs based on a distribution from a single
time segment across a wide range of GW frequencies and SNRs. Furthermore, the CNN’s
were able to differentiate GWs from the detectors’ persistent spectral artifacts, known as
stationary lines.
Paper IV: Neural network reconstruction of the dense matter equation of state derived
from the parameters of neutron stars (Filip Morawski & Michał Bejger 2020 A&A 642
A78)
In this paper, I investigated the use of AEs in the reconstruction of the dense matter
equation of state (EOS) based on both EM (masses, radii) and GW (component masses,
tidal deformability during the system’s inspiral) observations. The ANN presented in the
paper was flexible enough to generalize the mapping of the microscopic (EOS) parameters
and global measurable parameters. Another notable finding was that a realistic NS mass
function distribution based on known observations was insufficient for EOS reconstruction
in the high-density regime. A large number of observations of massive stars (around 2
M ) would be required to overcome this problem. In addition, I demonstrated how ANN
could be used to infer the radius of the NS from GW observations, which is a non-trivial
relation to deduce.
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Part II
To Expect The Unexpected
(Searches for irregularities in the
data)
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Abstract
As of this moment, 50 gravitational wave (GW) detections have been announced, thanks to the
observational efforts of the LIGO-Virgo collaboration, working with the Advanced LIGO and the
Advanced Virgo interferometers. The detection of signals is complicated by the noise-dominated
nature of the data. Conventional approaches in GW detection procedures require either precise
knowledge of the GW waveform in the context of matched filtering searches or coincident analysis
of data from multiple detectors. Furthermore, the analysis is prone to contamination by
instrumental or environmental artifacts called glitches which either mimic astrophysical signals or
reduce the overall quality of data. In this paper, we propose an alternative generic method of
studying GW data based on detecting anomalies. The anomalies we study are transient signals,
different from the slow non-stationary noise of the detector. The anomalies presented in the
manuscript are mostly based on the GW emitted by the mergers of binary black hole systems.
However, the presented study of anomalies is not limited only to GW alone, but also includes
glitches occurring in the real LIGO/Virgo dataset available at the Gravitational Waves Open Science
Center. To search for anomalies we employ deep learning algorithms, namely convolutional
autoencoders, which are trained on both simulated and real detector data. We demonstrate the
capabilities of our deep learning implementation in the reconstruction of injected signals. We
study the influence of the GW strength, defined in terms of matched filter signal-to-noise ratio, on
the detection of anomalies. Moreover, we present the application of our method for the localization
in time of anomalies in the studied time-series data. We validate the results of anomaly searches on
real data containing confirmed gravitational wave detections; we thus prove the generalization
capabilities of our method, towards detecting GWs unknown to our deep learning models during
training.

1. Introduction
The first gravitational wave (GW) detection on 14 September 2015 [1] inaugurated a new era in astrophysics.
The joint observational effort of the LIGO and Virgo Collaborations, working with the Advanced LIGO
(aLIGO) [2] and the Advanced Virgo (aVirgo) [3] interferometers in a global network has provided 50 GW
candidate signal detections, until the suspension of LIGO-Virgo observing run O3 in Spring 2020 [4–7].
Such an impressive number of statistically-significant signal candidates allows for the verification of many
theoretical models, describing various sources of GW radiation, like binary systems of black holes (BHs) and
neutron stars (NSs), as well as the very nature of gravity [8]. As a result of continuous work to improve their
sensitivity, the aLIGO and the aVirgo interferometers will soon probe a much larger volume of space and
© 2021 The Author(s). Published by IOP Publishing Ltd
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expand the capability of discovering new GW sources. According to theoretical predictions, tens of BH
mergers and a few NS mergers will be soon routinely registered every year [9]. Such a large number of events
will deliver extraordinary information about the nature of those objects, phenomena, as well as space-time
itself.
What can be observed through the GW window strongly depends on the fidelity of the data analysis
methods. The GW data is always noise dominated: astrophysical signals are buried deep into the detectors’
noise, caused by various sources. Some of them are associated with the environment [8], e.g. seismic and
environmental activity; others originate from the detector itself [9], such as the thermal fluctuations of the
mirrors and the laser beam photon shot noise [10]—time-dependent fluctuations in the laser interacting
with the mirrors of the interferometer. In order to reveal the hidden GWs, the traditional approach is based
on matched filtering algorithms [11]. The examples of existing pipelines utilising a matched filtering
approach are PyCBC [12] and GstLAL [13]. Assuming the model gravitational waveform is known, which is
not always the case for all astrophysical sources, the algorithm scans the data to match an optimal template
using a template bank. Matched filtering is computationally expensive and in the case of large template banks
requires a lot of computational resources. As an optimal method of filtering in stationary Gaussian noise, it is
prone to contamination by non-stationary instrumental artifacts, the so-called glitches, which either mimic
GW signals or reduce the quality of the collected data. Existing alternatives to matched filtering methods are
based on unmodeled searches of GW burst signals. Such GWs are of short duration with an unknown or
partially modelled waveform morphology related to complicated or unknown astrophysics. These signals are
searched by measuring an excessive power in the time-frequency domain that occurs coherently between
multiple detectors. An example of GW burst pipeline is coherent WaveBurst (cWB) [14, 15]. The sensitivity
of this method is affected by short duration glitches that may occur coincident in time between multiple
detectors. Versatile and rapid pipelines are needed to deal with non-stationary noise (and instrumental
glitches) and to perform preliminary analysis of large amounts of data from multiple detectors.
Deep learning (DL) [16] fits this role perfectly. DL has commenced a new era of machine learning (ML),
a field of computer science based on specially-designed algorithms that can generalize (‘learn’) from
examples in order to solve problems and make predictions, without the need of being explicitly programmed
[17]. DL algorithms, based on the concept of neural networks—models of neuron connectivity in the
brain—are able to analyse different representations of data with varied dimensionality, like images
(spectrograms, Q-transforms, Wavelet-transform) or time series. Moreover, they can quickly process large
amounts of data—a requirement for the real-time (low latency) analysis for the GW interferometers.
The purpose of this work is to propose a generic, model-independent data analysis method that searches
for anomalies in signals recorded by the GW detectors, based on performant DL models. The innovation of
the proposed method is that our DL model ‘learns’ the features of the noise and detects if anomalies occur in
the detected signal. We define an anomaly as an extraordinary, sparse transient data feature, outstanding
with respect to the ‘normal’ background noise of the detector. The anomaly signal could therefore either be
represented as a GW or an instrumental glitch. In particular, the GWs studied in the presented work are
based on the signals emitted by the binary BH systems (BBH).
The term ‘anomaly’ is a well defined concept in statistics and data analysis (hence also in machine
learning), sometimes also referred to as ‘outlier’. The DL methods we apply are perfectly fitted for their
detection and analysis role here, being especially suited to detect, compress, and reconstruct non-linearities
in the input signal data. The analysis assessing the capabilities of the method is performed with the BBH
signals, injected (added) to both simulated and real detector data. Once trained and tested on injections, the
DL models are validated on the confirmed GW detections—real astrophysical signals registered by the
detectors. Our results provide a proof-of-concept for the advantages of using DL methods in the GW data
analysis, namely the processing speed and ability to capture complicated non-linear relationships in the data.
These features enable our method to be potentially used as an event-trigger-generator (ETG). In this context,
the advantage of our method is the computational speed—ML algorithms once trained are extremely
efficient in the processing of data, in particular when used on computers equipped with graphics processing
units (GPUs). By searching for anomalies in the gravitational waves’ data via ML algorithms, our method
could support the currently existing ETGs such as Omicron [18] and Q-transform based Omega [19].
In GW astronomy, while DL is being actively researched, it is still quite a novel method. Therefore this
research fits very well in the early adoption scheme of the modern state-of-the-art development in the field,
knowledge of which will become indispensable in the near future. In the following we mention a few
interesting test cases. George and Huerta [20] developed the deep filtering method for signal processing,
based on a system of two deep convolutional neural networks, designed to detect and estimate parameters of
compact binary coalescence signal in highly noisy time-series data streams. The same authors have been
involved in a group working on denoising gravitational waves with autoencoders [21]. Dreissigacker et al
[22] have been using DL as a search method for continuous GWs emitted by spinning neutron stars. Similar
2
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work has been conducted by Morawski et al [23] on the application of convolutional neural networks for
classifying continuous GW signal candidates. Furthermore, DL has been used by Beheshtipour and Papa [24]
for clustering continuous GW candidates. DL has also been successfully used in the classification of glitches
by Razzano and Cuoco [25]. Finally DL has been used in searches for GW emitted by core-collapse
supernova explosions by Iess et al [26].
Within GW astrophysics, application of DL in anomaly detection is a fairly new concept (see however a
recent application in [27]). In different fields of astrophysics the ML anomaly detection has already been
successfully implemented [28, 29] (see [30] for a recent general overview of ML in astronomy). Outside
astronomy, anomaly detection has also been proposed in the search for signatures of new physics in the Large
Hadron Collider data [31], where it was demonstrated to discover a specific class of highly-energetic particle
jets, without the prior knowledge of their specific features.
The outline of this work is as follows. In section 2 we briefly discuss the DL architecture applied in our
work and in section 3 we describe our data generation procedures. In section 4 we explain the results of the
anomaly detection studies performed on both simulated and real data. Finally, in section 5 we further discuss
our results and draw some conclusions.

2. Deep Learning algorithms
In this paper we employ a combination of two deep learning methods for distinguishing GWs from noise
signals. We first briefly describe these learning methods and then we explain how we applied them to our
problem.
2.1. The convolutional neural network and autoencoder
A convolutional neural network [16] (CNN) is a deep, feed-forward artificial neural network (processes the
information one-way, from the input to the output), designed for processing structured arrays of data, e.g.
for classifying images. The core feature of a CNN is the convolution operator, that differentiates them from
regular (linear) neural networks employing simple matrix multiplication. The convolution operation
envisions the input structured array (say, of dimension m × n) as a sequence of overlapping elements of
dimension, say, p × p, often with p < min(m, n). The convolution operator inner-multiplies each such
element with a so-called kernel (or filter), of the same dimension (p × p), that ‘slides’ over each element of
the original array. Each p × p element of the input array is thus replaced by the result of the convolution
operation (a number), and we thus have dimensionality reduction. This somewhat simplified convolution
concept is illustrated in figure 1.
Multiple layers are typically sequentially used, each with varying numbers and types of kernels. The
kernels are chosen so that the network learns specific features in one convolution (e.g. edges, corners, etc).
Convolution layers are alternated with other specialised layers, all further reducing the dimensionality, until a
final activation function maps the last layer to a vector whose elements correspond to the desired options
(classes) for classifying the input structured array. Each class in this vector is usually a probability, so that the
class with the highest value is indicated as the recognised class.
The overlapping of the input array elements together with the sliding kernel, as well as the sequencing of
applying convolution step-wise simulates the structure and operation of the visual human cortex that
processes incoming images in a series of layers, by identifying progressively more complex features. CNNs
have been shown to work extremely well at picking up patterns in the input structured arrays, for instance in
images, and thus have rapidly become the state-of-the-art in image classification and computer vision.
In our approach we use all the advantages brought by CNNs, but we further embed them into an
autoencoder (AE) architecture [32]. An AE [16] is a special type of deep artificial neural network that
step-wise encodes and compresses the input and then it (re)constructs an output based only on the most
compressed encoding, called the hidden layer, latent representation, or bottleneck. The main AE hypothesis
is that some structure exists in the input data, for instance some form of correlation between the input
features; such a structure can be and is learnt by an AE and consequently leveraged when forcing the input
through the latent layer. (If the input features are independent of each other, then the compression and
subsequent reconstruction are very difficult.)
An ideal AE is sensitive enough to the inputs to accurately build a reconstruction and insensitive enough
to the same inputs so that the model does not memorize/overfit the training data. Differently formulated,
this forces the model to maintain in the latent representation only the variations in data needed for
reconstruction, without holding on to redundancies within the input. There are different types of AE, but in
our work we use the undercomplete AE, where the dimension of the latent representation is strictly smaller
than the input dimension. In this way we take care of avoiding overfitting, since the model will not be able to
copy the input to the output.
3
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Figure 1. The 2-dimensional 4 × 5 array on the left is seen as six overlapping 3 × 3 arrays; each of these smaller arrays is
inner-multiplied with the 3 × 3 kernel, resulting in the 2 × 3 array on the right.

Figure 2. An AE with one hidden layer.

The simple AE in figure 2 (with only one hidden layer) works by first encoding the input y ∈ Rd to the
element h ∈ Rp , where p < d. Assuming we have the encoder activation function f : Rd → Rp , then
h = f (Wy + b), where f can be sigmoid, ReLU, or something else, W is a weight matrix and b a bias factor
(initialised randomly and updated iteratively during training). The decoder activation function g : Rp → Rd
will map h to ỹ = g(W̃h + b̃), where the activation function g, the weight matrix W̃ and the bias factor b̃ may
be unrelated to f, W, and b. If only ReLU is used for activation and we have only one hidden layer, then we
have a linear AE; if we have more hidden layers, or non-linear activation(s), then the AE becomes non-linear,
which is better at detecting abstract features. Thus, in general, the encoder and decoder are proper neural
networks in themselves, not simply activation functions.
The training of the AE works by attempting to minimize the reconstruction loss, most often using the
mean squared error (MSE) formula [16]
2

L(y,ỹ) = ∥y − ỹ∥ = y − g(W̃f(Wy + b) + b̃)

2

.

(1)

The training of the network works by updating the parameters W, b, W̃, b̃ until L(y,ỹ) is sufficiently small
and further training does not decrease it anymore—in that case the network has converged. There are
numerous algorithms for updating the parameters, but here we use the ADAM algorithm (adaptive moment
estimation) [33], as it adapts the learning rate during training and has been empirically shown superior to
other methods for large datasets, large number of parameters, as well as non-stationary input. The learning
rate (training ‘step’ of updating) together with the batch size (number of training examples that use the same
learning rate), the update method (also called as optimizer), the number and size of the layers and the loss
function are the hyperparameters of the AE.
Since the AE is reducing dimensionality for encoding, it has often been used for only that—for instance,
for feature learning. However, when compared to other dimensionality reduction techniques, such as
principal component analysis (PCA), AE appears as a powerful generalization, since it is able to learn
non-linear relationships in input data. While PCA attempts to discover a lower dimensional hyperplane
describing the original data, AE is capable of learning non-linear manifolds of the least possible size, as
illustrated in figure 3. Essentially, the AE learns a vector field for mapping input data towards lower
4
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Figure 3. Example of the manifold concept. Nonlinear vs linear dimension reduction.

dimensional manifolds, that describe the high density region where input data concentrates. If the manifold
accurately describes input data, then the AE has effectively learnt the input data.
2.2. Applying the CNN AE
Although CNNs were designed for the analysis of 2D data (i.e. images) [16], here we apply them for a
simpler, 1D implementation, as our analysed signals are time series. The CNN AE is designed to learn two
things. In case of input data instances containing only detector background noise (no anomalies), the AE is
trained to reconstruct the noise as closely as possible. However, in case of instances containing an anomalous
signal (GW or glitch in case of real data), the AE is trained to disregard the anomaly and reconstruct the data
as if the signal was not present. By comparing the input to the output reconstructed by the AE, the anomaly
present in the instance of data time series is recovered and further studied. Using the AE network is thus
instrumental, since it will reconstruct only the signals it has been trained for, in our case the detector noise,
and disregard anything else in its reconstruction, in our case the GW or the glitch, as noise.
Depending on the presence of anomalies in the input data, the loss value L(y,ỹ) is expected to vary. The
L(y,ỹ) computed for an ‘anomalous’ input reaches higher values than in case of ‘anomaly-free’ input, since
the difference between y (noise or noise with anomaly) and ỹ (only noise) is larger. The difference between
these signals is proportional to the amplitude of the anomaly. As a result, the AE trained on data containing
stronger anomalies is expected to converge during training towards higher L(y,ỹ).
The final architecture6 used in section 4 was chosen based on empirical tests on the data. We tested
architectures ranging from one to eight hidden layers. The final layout of the architecture is presented in
figure 4. The chosen architecture reaching the minimum value for L(y,ỹ) for the fixed training data set was
the network containing three hidden convolutional layers: an encoding layer, a decoding layer, and a latent
representation layer in between them, with 256, 128, and 256 neurons, respectively. The kernel size was fixed
for all layers to 3 × 1. All but the final output layer use the ReLU as the activation function, whereas the final
layer reconstructing the initial signal uses a sigmoid activation function. The other hyperparameters used for
training were the ADAM optimizer [33] with learning rate of 0.0005 and batch size of 32.
In the following section, we detail our datasets used for training, validation and testing.

3. Training data sets and data flow
We prepared two kinds of training datasets: a simplified one by means of simulated detector strain time series
(based on the colored normal distribution of noise), denoted DataSet 1 (DS1), and a realistic one based on
the real LIGO-Virgo O2 observing run [39], publicly available at the Gravitational Waves Open Science
Center (GWOSC) [40] and denoted DataSet 2 (DS2). In both cases we use the same general data flow
presented in figure 5.
6 We implement the algorithm in Python [34] using the Keras/TensorFlow library [35, 36] with the GPU support. The development
was performed on the NVidia Quadro P6000 (sponsorship via the NVidia GPU seeding grant). The production runs were deployed on
the Prometheus cluster (Academic Computer Centre CYFRONET AGH) equipped with Tesla K40 GPU nodes, running CUDA 10.0 [37]
and the cuDNN 7.3.0 [38].

5
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Input data:
1D vector of length: 1024 points
Conv. layer:
256x(3x1)
Max pooling layer:
pool size: 2x1
Conv. layer:
128x(3x1)
Up pooling layer:
pool size: 2x1
Conv. layer:
256x(3x1)
Output conv. layer:
1D vector of length: 1024 points
Figure 4. Diagram shows the networks’ layer structure and architecture. The size below convolutional layers correspond to the
Number of filters times Kernels size of every layer. The second dimension of all layers is equal to unity since the initial input data
were 1D time-series vectors.

Detector
strain
Anomaly

+

Deep Learning
Neural Network

Whitening

Noise
GW
waveforms

Training

Figure 5. Data flow of the project. The first step consists of data generation. GW waveforms were injected into the detector strain,
either simulated or real (e.g. public data from the GWOSC platform). Since the raw time-series signal varied with frequency, the
whitening procedure was applied to simplify data for further training. The training of the DL algorithms aimed to recover as
many injected anomalies as possible, while limiting the false positive rate of the pipeline (noise samples incorrectly classified as
anomaly).

The whitening mentioned in the workflow diagram removes the contribution of the stationary detector
noise and re-weights the sensitivity at different frequencies [41]. As a result, the amplitude spectral density of
the data becomes uniform and GW signals buried in the data are easier to search for and compare with each
other. The whitening filter was re-computed separately for DS1 and DS2 as well as for every interferometer to
take into account the differences in the sensitivity. The whitening procedure used for the analysis of both
studied datasets was conducted in the frequency domain following pyCBC Python library modules [42].
To simulate an astrophysical GW signal emitted by a BBH we used the IMRPhenomv4 waveform model
[43], which includes the binary inspiral, merger of the components and the final BH ringdown. The
component BH masses m1 and m2 of the waveform model were chosen to be compatible with the first
detected GW150914 [1]. We selected m1 , m2 based on the initial mass function (IMF) in ranges associated
with uncertainties of mass estimation for GW150914: m1 : 32.5–40.3 M⊙ , m2 : 26.2–33.6 M⊙ . For the index
6
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Figure 6. Top left: designed sensitivity of aVirgo and aLIGO interferometers. The detectors were expected to reach this level of
sensitivity over broad range of frequencies after all planned upgrades. Top right: examples of generated BBH GW waveforms
injected into the strain data as anomalies. The GW were generated for the following parameters: blue signal—m1 = 29 M⊙,
m2 = 24 M⊙, distance = 440 Mpc; orange signal—m1 = 33 M⊙, m2 = 27 M⊙, distance = 380 Mpc; green
signal—m1 = 28 M⊙, m2 = 23 M⊙, distance = 600 Mpc. Bottom left: examples of the simulated data using the above sensitivity
curves. Bottom right: distributions of matched filter SNR of simulated GW injected into the real data for detectors: LIGO Hanford
(blue), LIGO Livingston (orange) and Virgo (green) as well simulated data for: aLIGO (violet) and aVirgo (pink).

of the IMF power law, we chose the value of α =−2.35 [44]. The luminosity distances were chosen uniformly
from the range between 200 and 800 Mpc, to cover a realistic range of the matched filter signal-to-noise ratio
(SNR)—from 4 to 40 varying for different interferometers as shown in the bottom right plot in figure 6. The
position in the sky was chosen to be optimal for every detector in a given moment of time. The examples of a
few simulated GW signals are presented on the top right plot in figure 6.
The DS1 dataset was created for the two assumed sensitivity curves of the GW detectors. Each curve
described the level of the detector sensitivity with respect to the frequency in such a way that the generated
strain was mimicking the realistic time series output. In our analysis we used the designed sensitivity for the
aVirgo from O3 run (version without squeezing) [45, 46] and the aLIGO [47] interferometers. ‘Designed’
means that the interferometers were expected to reach this level of sensitivity after all the planned upgrades.
Band-pass filtering was then applied to the generated noise to remove high frequency (above 1 kHz) and low
frequency (below 30 Hz, corresponding to the seismic noise) components from the data, as current
interferometers are not sensitive enough to detect GWs outside that frequency range. The data was then
resampled from 4096 Hz to 1024 Hz. An example of the output time series from the DS1 is shown on the
bottom left plot in figure 6. Prepared in advance GW signals were injected into the generated strain and
subjected to the procedure of whitening.
The DS2 (realistic) dataset was created based on the publicly available LIGO-Virgo O2 observing run,
using the data stored at the GWOSC platform [40] for three interferometers: LIGO Hanford, LIGO
Livingston and Virgo described in the text with the respective abbreviations H1, L1 and V1. For each
detector, we chose six hours of data to train the DL models. For L1, we took segments between 1187 270 656
and 1187 295 232 (in GPS time units); for H1, between 1174 958 080 and 1174 982 656; whereas for V1,
between 1187 672 064 and 1187 696 640. We injected into the strain the same GW signals as for the simulated
7
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data. As a result, we obtained (for the same set of injections) three different distributions of matched filter
SNR, since every detector had a different sensitivity. The distributions are illustrated in the bottom right plot
in figure 6. For the comparison, we included additional SNR distributions of the simulated datasets. The
obtained real data strain with injected anomalies was then subjected to the procedure of whitening and
resampled from 4096 Hz to 1024 Hz.
In total, we generated five datasets (two simulated for aVirgo and aLIGO, and three based on real LIGO
Livingston, LIGO Hanford and Virgo O2 data) which were further split into one second segments and
divided for the training, validation and testing datasets (65%, 10% and 25% respectively). An additional test
set, containing confirmed GW detections, has been created by using one hour of data around GPS time for
each confirmed GW, whitened and resampled as described above. As confirmed GWs, we chose three BBH
detections with the highest network SNR from O2 run: GW150914, GW170608 and GW170814 [39].

4. Results
The results presented below are split into subsections. The first presents the results of the anomaly searches
on the simulated dataset containing injected GW. The second subsection covers searches of anomalies in the
real data of Virgo and LIGO interferometers. The last subsection presents capabilities of anomaly searches on
the real data containing confirmed detections of GW.
4.1. Anomaly searches on simulated data
The CNN-AE described in section 2 was first trained on the whitened, simulated data containing GWs. The
convergence of the model was achieved after 100 epochs, during which the MSE loss function reached a value
of around 6 × 10−5 for the aVirgo data and 10−4 for the aLIGO data. We extended the training for another
100 epochs to investigate the onset of overfitting. However, the overfitting did not appear and MSE
fluctuated around the values mentioned above. The learning history of the AE, trained on both simulated
datasets, with results for both the training and the validation sets is shown on the left plot in figure 7. For
aVirgo, the same set of gravitational waveforms covered a SNR range of smaller values than for aLIGO, as a
result of the worse detector sensitivity (see the top left plot in figure 6 for comparison). This, in turn, resulted
in the convergence towards a lower MSE for the aVirgo dataset, since the difference between the ‘anomalous’
input and ‘anomalous-free’ reconstruction were smaller than in the case of aLIGO data (see section 2.2 for
more details).
Furthermore, as described in section 2.2, the correctly trained CNN-AE reconstructed the pure detectors’
noise, regardless of the anomalies presence in the input data. Then, by subtracting the input from the
reconstructed output we aimed to recover the underlying signal. We computed the mentioned differences
between the input initial data and the output AE reconstruction. Examples of the results are presented in
figure 8, where blue, dashed lines in the background correspond to the expected results, whereas red lines
correspond to values obtained with the AE. In the majority of cases, we were able to correctly reconstruct the
GW waveforms for aLIGO data. The anomaly was significantly different from the surrounding noise, with its
recovered part mostly associated with the merger part of the gravitational waveforms, together with a small
contribution from the inspiral part. In contrast, for the aVirgo dataset, the reconstruction was significantly
worse, often dominated by the surrounding noise. In rare cases, as presented on the right plot in figure 8, the
merger part was reconstructed. In the appendix A we present the summary of the match between the injected
and reconstructed waveforms using ⟨x1 |x2 ⟩ metric performed in the time domain.
Since the AE was able to correctly reconstruct the majority of anomalies buried in the data (at least for
the aLIGO dataset), we aimed then to define a metric allowing automatic anomaly detection. We chose the
MSE as such a metric, computed between the input data and the AE output as detailed in section 2.2.
Figure 9 shows histograms of MSE for the two different signal types present in the studied data: noise and
injected GW. As expected, values of MSE for the noise were much smaller than for the latter case and close to
zero. There was a range of MSE in which histograms of both types overlapped (denoted with the burgundy
colour in figure 9). Nevertheless, the majority of noise with injected GW instances in the aLIGO dataset and
almost half of these instances in the aVirgo dataset had values larger than the noise. Moreover, we added the
detection threshold (defined in the following paragraph) to the histograms to stress out how many of initially
injected GW were correctly detected as anomalies (hatched area in figure 9).
We defined the threshold for the anomaly detection using the relation between the false positive rate
(FPR) and MSE. Then, by fixing FPR at a particular value, we set the detection threshold (DT) on the
corresponding MSE. In the presented analysis, we fixed FPR at 5%, resulting in the following thresholds:
DTsimV = 1.6 × 10−5 for aVirgo and DTsimL = 3.1 × 10−5 for aLIGO. The results of the anomaly searches at
FPR = 5% are shown in table 1 in the form of confusion matrix. Additionally, the comparison in the
anomaly detection efficiency for both interferometers is shown on the left plot in the figure 10 in the form of
8
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Figure 7. The learning history of the AE trained on the whitened, simulated aVirgo and aLIGO datasets (left plot) as well as on the
whitened, real data for L1, H1 and V1 datasets (right plot). The convergence was achieved after 100 epochs. We trained for 200
epochs, to investigate the onset of overfitting: it did not appear.

Figure 8. The examples of signal reconstruction using the CNN-AE on aLIGO (left plot) and aVirgo data (right plot). The plots
(red curves) were generated after subtracting the input signal from the AE predictions. For comparison, we added the expected
signal using blue, dashed curve (difference between the input signal and the ground-truth output signal).

receiver operating characteristic (ROC) curves. Over all ranges of FPR, the aLIGO detector achieved a
significantly higher detection efficiency, or true positive rate (TPR).
Presented in table 1 values quantitatively represent the results from both panels in figure 9. Anomaly row
relates to the hatched area from those panels. In the case of aLIGO dataset 96% of detected anomalies are
correctly related to the injected GW with minor contamination of noise samples. In case of aVirgo 59% of
samples characterized by low SNR (around 10 and less) samples did not exceed the DT and contributed to
the non-anomalous group. Details presenting the relation between the SNR of the injected GW and MSE of
the reconstructed waveform can be found in the appendix B.
4.2. Anomaly searches on real data
Later on, the AEs were trained on whitened, real data from the O2 observational run, collected for three
existing interferometers: V1, L1 and H1 with injected BBH gravitational waveforms. The right plot in
figure 7 presents the learning history of the AE trained on the dataset for every detector. As in the case of the
simulated data, AE reached convergence after around 100 epochs. We again prolonged the training to
investigate the onset of overfitting, which did not appear. Since the difference between the ‘anomalous’ input
and the ‘anomalous-free’ reconstruction for V1 was the smallest among the considered datasets (as a result of
the SNR smallest range), the AE during training converged towards the lowest MSE. Adequately, a smaller
range of SNRs for the H1 dataset with respect to the L1 dataset resulted in the difference between the
respective values of MSE (for L1 being higher, and for H1 being lower).
The ability of the AE to reconstruct the detectors’ noise was investigated as previously in the case of
simulated data. The differences between the input strain and AE reconstructions were compared with the
9
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Figure 9. Distribution of MSE between the AE predictions and the input strain for two types of studied signals: noise
(blue histogram) and injected GW (red histogram). In the broad range of MSE for aLIGO dataset the injected GW had
significantly higher MSE than noise, allowing a definite distinction between these signal types. Additional black vertical line
representing anomaly DT was added to emphasize amount of detected anomalies (hatched areas).

Table 1. Results of anomaly detection of CNN-AE at FPR = 5% for aLIGO and aVirgo dataset in the form of confusion matrix.
Columns relate to the ground-truth values whereas rows to the predictions. For aLIGO dataset significant majority of detected
anomalies corresponded to the data samples with injected GW. However in case of aVirgo more than a half of data samples with injected
GW did not exceed the DTsimV as a result of low SNR (see figure 6 for comparison between aLIGO and aVirgo GW SNR distributions).

aLIGO

Anomaly
Non-anomaly

aVirgo

Injected GW

Noise

Injected GW

Noise

96%
4%

5%
95%

41%
59%

5%
95%

Figure 10. Receiver operating characteristic curves for simulated data (left plot) and real data (right plot). Black vertical line
corresponds to the FPR = 5% chosen as the criterion for the anomaly detection threshold.

expected values. Examples of this comparison are presented in figure 11. The summary of the match between
the injected and the reconstructed waveforms is presented in appendix A. The AE trained on L1 data
achieved the best results, since the GW injected into the strain were extracted to the greatest extent in the
merger part and partially in the inspiral part. On the other hand, the AE trained on the other datasets
10
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Figure 11. Three examples of GW reconstruction using AE. Presented plots were generated after subtracting from the AE
predictions, input signal (red curve). For the comparison we added the expected signal using blue, dashed curve
(difference between the input signal and the ground-truth output signal). From left to right: results for L1, H1 and V1 detectors.

Figure 12. Distribution of MSE between the AE predictions and the input strain for two types of studied signals: injected GW
(red histograms) and noise (blue histograms). Plots correspond to the L1 (left plot), H1 (middle plot) and V1 (right plot) datasets.
Additional black vertical line representing anomaly DT was added to emphasize amount of detected anomalies (hatched areas).

reconstructed mainly the merger part. Overall, the AE seemed to fail to reconstruct lower amplitudes and
frequencies of the GW signal (the inspiral and ringdown part).
To compute the threshold for the anomaly detection, we generated histograms of the MSE for every
detectors’ dataset and compared its values with the FPR. The results are shown in figure 12. The anomalies
covered a greater range of MSE values than the noise, with an overlapping range varying for different datasets
(coloured in burgundy in figure 12). In the case of L1 data, this region was the smallest whereas for V1, it was
the largest. As in the case of simulated data, we defined a detection threshold for anomalies assuming FPR =
5%, which resulted in the following thresholds: DTL1 = 1.3 × 10−5 for L1, DTH1 = 2.2 × 10−5 for H1 and
DTV1 = 4.3 × 10−6 for V1. The results of the anomaly searches on real datasets are present in table 2 in the
form of confusion matrix. Anomaly row relates to the hatched area on panels in figure 12. In the case of L1
and H1 datasets, around half of detected anomalies are correctly related to the injected GW. Samples that did
not exceed corresponding DT had low SNR. That was also the case of the V1 dataset where only 27% of
samples exceeded DTV1 . Details presenting the relation between the SNR of the injected GW and MSE of the
reconstructed waveform for the real datasets can be found in the appendix B.
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Table 2. Results of anomaly detection of CNN-AE at FPR = 5% for L1, H1 and V1 datasets in the form of confusion matrix. Columns
relate to the ground-truth values whereas rows to the predictions. For all datasets significant majority of detected anomalies correctly
corresponded to the data instances with injected GW. However, more than a third part of non-anomalous class (samples that did not
exceed DT for a given detector) related to the low SNR injected GW (see figure 6 for comparison between L1, H1 and V1 GW SNR
distributions).

L1

Anomaly
Non-anomaly

H1

V1

Inj. GW

Noise

Inj. GW

Noise

Inj. GW

Noise

52%
48%

5%
95%

50%
50%

5%
95%

27%
73%

5%
95%

Figure 13. Anomaly localisation based on the difference in peak positions between reconstructed and injected signals. Left plot:
The results for the simulated datasets. Right plot: The results for the real datasets.

Additionally, we performed tests on the localisation in time of anomalies detected by our method. We
compared the known times of the GW injection into the data with the time of the reconstructed signal.
Specifically, we subtracted the times corresponding to the maximum amplitude peaks of both signals, and
plotted histograms of the resulting differences for all the anomalies that exceeded computed previously DT.
For comparison, we performed this procedure also for the simulated datasets. The results are shown in
figure 13. In all the studied cases, around 95% of detected anomalies were localised within 0.05 s intervals
around the injection times. We conclude that this feature may be useful not only for detection and
reconstruction, but also potentially for other applications, such as the localisation of signals in the data from
many detectors, and subsequent sky localisation of the sources.
4.3. Anomaly searches on confirmed GW detections
Using a selection of real GW detections provided by the LIGO-Virgo collaboration on the GWOSC platform
[40], we tested the AE on three relatively strong signals from the GWTC-1 O1-O2 catalog [39]: GW150914
[1], GW170608 [48] and GW170814 [49]. p
The reported network SNR (square root of a sum of squares of
P 2
SNRs from individual detectors ρi ) ρnet =
i ρi is ≃24 for GW150914, ≃15 for GW170608 and ≃16 for
GW170814 [40]. Assuming two equally sensitive detectors, each of them would measure SNR of ≃17 for
GW150914, ≃10 for GW170608 and and ≃11 for GW170814; note that the GW170814 was a three-detector
event, with the single-detector SNRs in H1, L1 and V1 equal to 7.3, 13.7, and 4.4, respectively [49]. In reality,
due to differences in sensitivity the detectors registered the signals with different SNRs, which were
nevertheless near the single-detector SNR detection threshold, established by the FPR = 5% condition.
After whitening, test data were fed into the AE. Then, the reconstructed values were subtracted from the
input data. The results of subtraction for GW150914 are shown on the two upper, right plots in figure 14 for
the both LIGO detectors. The presented signals resulted in the MSEL1 = 3.2 × 10−4 and
MSEH1 = 1.0 × 10−3 . For both detectors, MSE had significantly higher values than the corresponding
detection thresholds of FPR = 5%.
In case of GW170608, the AE detected the event; however, the reconstructed signal was limited to the
merger part for both the LIGO detectors as shown on the two middle, right plots in figure 14. A potential
explanation for this weaker reconstruction of this particular GW is related to the different mass ranges of
GW170608 and the GWs used for the training of the AE. GW170608 had BBH component masses
12
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Figure 14. Test of the CNN-AE on the dataset containing confirmed detections using L1 and H1 datasets for GW150914 (four
upper plots), GW170608 (four middle plots) and GW170814 (four bottom plots). Left plots: spectrograms presenting the relation
between frequency and time for the segment of real data containing GW. Right plots: the difference between the CNN-AE
predictions and the input data.

corresponding to around m1 = 11.0 and m2 = 7.6 M⊙ which were substantially smaller than the masses used
in the data generation (see section 3 for more details). We note that the H1 detector was nominally outside of
observing mode at the time of this event. This data release includes H1 data around the time of this event, by
using a modified segment list, as was done for the published analysis [39, 40, 48]. Nevertheless, the AE
detected GW170608, proving its generalisation capabilities towards recognising gravitational waveforms it
was not trained for. This is a sure advantage of our proposed method, when compared to the matched
filtering method. Furthermore, the MSE values for both detectors had slightly higher values above the
detection thresholds at FPR = 5%: MSEL1 = 5.3 × 10−5 and MSEH1 = 4.1 × 10−5 .
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The last studied test case, GW170814, was detected in both LIGO detectors with a substantial part of the
waveform being recovered, as shown on the two bottom, right plots in figure 14. For the V1 data, AE failed to
detect the event evidently due to low reported SNR of ≃4 [49]. The MSE for the L1 and H1 datasets were
above the data threshold, at 5% and equal to MSEL1 = 2.2 × 10−4 , MSEH1 = 2.2 × 10−4 , whereas for V1 the
MSE was below the threshold: MSEV1 = 1.8 × 10−6 .
These results confirm that our proposed method of using CNN-AE for anomaly searches is able to detect
real GWs, even though the deep learning model was trained on relatively uncomplicated datasets, based on
the information related to a particular GW waveform models, varying with respect to the limited range of
masses and distances.

5. Summary
In this paper, we proved that AEs are a potentially powerful method for anomaly searches in GW data. A
relatively simple AE, consisting of only three hidden layers, was capable of detecting anomalies, defined in
terms of transient BBH GWs (as well glitches in real data), and trained on either simulated or real data.
Moreover, our proposed method was able to detect as anomalies all three confirmed GWs used as a test case
and even partially reconstruct the waveforms of the underlying signals.
In the proposed method we introduced a metric allowing for the automatic detection of anomalies. The
chosen metric was MSE. Using this metric, we defined the threshold for the anomaly detection by associating
MSE with FPR. The results presented in the manuscript referred to FPR = 5%. At such a threshold we were
able to detect from the LIGO data set, almost all of the injected GW into the simulated dataset, as well as
around 50% for real detector data. In the case of Virgo, for simulated data around half of injected signals
were detected and quarter for real data. The reason for worse results on real data taken from the O1 to O2
observational run, was the substantial difference in the sensitivity with respect to the simulated counterpart.
The sensitivity of real detectors were overall worse than the designed one. However, the real sensitivity
significantly improved for the O3 observational run after detector upgrades. Once the data from O3 becomes
public, the anomaly searches of the proposed CNN-AE method are expected to improve.
Our method also proved to be useful in the precise time localisation of anomalies. Anomalies exceeding
the detection threshold for all the studied datasets (real and simulated) turned out to be localised with
accuracy below 0.05 s. Localisation of the peak amplitude may be particularly useful for the localisation of
GW sources on the sky in multi-detector analysis. However, such an application of our method requires a
separate study.
Finally, the successful detection of GW170608 proved the generalisation capabilities of our AE, towards
the detection of GWs with parameters that are different than those of the GWs used for the AE training and
in the data nominally outside of the observing mode.
Among the future projects we are considering are applications of recurrent neural networks instead of
CNN in the anomaly searches as an alternative suited for the time-series data as well as anomaly searches of
different GW types such as core collapse supernova signals.
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Figure 15. Distribution of a match between the injected (x1 ) and the reconstructed (x2 ) waveforms as a function of normalized
scalar product ⟨x1 |x2 ⟩. Scalar product equals to one relates to the full match between waveforms whereas value of zero—no
match. Left plot: results for the whole studied dataset of particular detector; right plot: results of a match after applying the
anomaly detection threshold at FPR = 5%.
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Appendix A. Match/overlap between the injected and reconstructed waveforms
A.1. Simulated dataset
To measure the match between the injected and the reconstructed waveforms we used the normalized scalar
product ⟨x1 |x2 ⟩ in the time domain resulting in values in a range (0, 1). Zero related to no match, whereas
one to full match between the waveforms. Presented results in figure 15 corresponds to the whole studied
dataset for aLIGO and aVirgo detectors (left panel) as well as samples exceeding the anomaly detection
thresholds (right panel). Applying respective DT allowed to substantially reduce number of samples with no
match between the waveforms as a result of low SNR of injected GW. Samples exceeding DT were
reconstructed to a greater extent which resulted in ⟨x1 |x2 ⟩ closer to one.
A.2. Real dataset
The same metric as in case of simulated dataset was used to study the match between the injected and the
reconstructed waveforms for the real datasets. Presented in figure 16 results show the similarities in the
match between consecutive datasets (L1, H1 and V1) as well as the effect of applying the anomaly detection
threshold. Samples with ⟨x1 |x2 ⟩ close to zero had low SNR. As a result they were poorly reconstructed which
in turn translated into low value of MSE. Samples exceeding respective DT were reconstructed to a greater
extent as in the case of simulated data. However, overall match was worse—the mean values of ⟨x1 |x2 ⟩ for
real datasets were around 0.6, whereas for simulated data 0.8.
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Figure 16. Distribution of a match between the injected (x1 ) and the reconstructed (x2 ) waveforms as a function of normalized
scalar product ⟨x1 |x2 ⟩. Scalar product equals to one relates to the full match between waveforms whereas value of 0—no match.
Left plot: results for the whole studied dataset of particular detector; right plot: results of a match after applying the anomaly
detection threshold at FPR = 5%.

Figure 17. Relation between MSE and matched filter SNR for aVirgo and aLIGO datasets colored with a distance to the GW
source. Black horizontal line corresponds to the detection threshold of anomalies at FPR = 5%.

Appendix B. Signal-to-noise ratio vs mean squared error
B.1. Simulated dataset
For the aLIGO dataset above SNR = 20, the MSE-SNR relation was almost linear, with a small spread of
individual data instances along MSE, as shown in figure 17. Whereas with the decline of SNR, the spread of
MSE significantly increased, characterized by the non-linearity in the MSE-SNR relation. Anomalies around
the same SNR for values below ten varied up to an order of magnitude in MSE. Manual inspection of data
samples containing anomalies of low SNR provided an explanation of this behaviour. In the analysed
samples, only the merger part of the gravitational waveform was recovered. For lower SNRs (below ten) the
recovery was partial and dependent on the variability of the noise. If the amplitude of the noise in a given
data segment was small comparing to the injected GW signal, the resulting MSE was higher than in the case
of noise samples with larger amplitudes. Overall, for the aLIGO dataset, the susceptibility of AE to the local
variability of the noise was inversely proportional to the SNR of the injected anomaly.
In case of the aVirgo dataset, the mentioned susceptibility was more significant. Matched filter SNRs for
all injected GWs covered a smaller range of values than for aLIGO (compare SNR ranges on the bottom right
16
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Figure 18. Relation between the MSE and the matched filter SNR for L1 (left plot), H1 (middle plot) and V1 (right plot) datasets
colored with a distance to the GW source. Black horizontal line corresponds to the detection threshold of anomalies at FPR = 5%.

plot in figure 6 for aLIGO and aVirgo datasets). In the majority of studied cases, the recovery of the anomaly
was partial and limited to the merger part.
B.2. Real dataset
The relation between SNR and MSE presented similar features as for the simulated data discussed above. The
variability of MSE for samples of similar SNR was largest among the weakest anomalies as shown in
figure 18. The increase of the matched filter SNR led to the decrease of the spread in MSE, and thus their
relation became more linear. This was the case for the AEs trained on the L1 and H1 datasets. In contrast, the
AE trained on the V1 dataset was more susceptible to the local variability of the noise. Since the injected
anomalies had a small SNR for V1 (majority of injected GW had SNR below ten), their amplitude was
significantly lower than the detectors noise. As a result, the anomaly detection depended on the variability of
the noise, which had a random character.
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Abstract
We describe a search and classification procedure for gravitational waves emitted by core-collapse
supernova (CCSN) explosions, using a convolutional neural network (CNN) combined with an
event trigger generator known as a Wavelet Detection Filter (WDF). We employ both a 1D CNN
classification using time series gravitational-wave data as input, and a 2D CNN classification with
time-frequency representation of the data as input. To test the accuracies of our 1D and 2D CNN
classification, we add CCSN waveforms from the most recent hydrodynamical simulations of
neutrino-driven core-collapse to simulated Gaussian colored noise with the Virgo interferometer
and the planned Einstein Telescope sensitivity curve. We find classification accuracies, for a single
detector, of over ∼ 95 % for both 1D and 2D CNN pipelines. For the first time in machine learning
CCSN studies, we add short duration detector noise transients to our data to test the robustness of
our method against false alarms created by detector noise artifacts. Further to this, we show that
the CNN can distinguish between different types of CCSN waveform models.

1. Introduction
Following upgrades in recent years, the sensitivity of the Advanced LIGO [1, 2] and Advanced Virgo [3]
gravitational-wave (GW) detectors has greatly increased. This led to the first direct observation of GWs
emitted from a binary black hole merger in 2015 [4] and the first multimessenger observations of a binary
neutron star merger [5]. Compact binaries are the most common source for ground based GW detectors [6]
due to their high GW amplitudes in the frequency range of 10–1000 Hz, however as the observing time and
sensitivity increases, other lower amplitude sources of GWs may be detected. Core-collapse supernovae
(CCSNe) are a promising potential future GW source, which have yet to be observed [7, 8]. Their rates for
our Galaxy are estimated to be ∼ 1 per 100 years [9–11].
Searches for compact binary GW signals use a technique known as matched filtering [12]. This involves
having a large template bank of waveforms that represent the entire parameter space. Producing such a
template bank for CCSN signals is currently not possible as the time series waveforms for CCSNe are
stochastic, and there are only ∼ 30 CCSNe GW signals currently available from the most state of the art 3D
supernova simulations, which do not cover the entire CCSNe parameter space [13–16]. Therefore, current
searches for CCSN GW signals employ a coherent multi-detector network time-frequency analysis in the
wavelet domain with minimal assumptions about the signal morphology [17–19].
Although the time series of CCSN waveforms are stochastic, common features have been found in
time-frequency representations of CCSN GW signals. This includes low frequency (below ∼ 200 Hz) GW
emission due to oscillations of the shock wave known as the standing accretion shock instability (SASI)
[20–22], and g-modes that occur at higher frequencies and increase in frequency over time in the
spectrograms [13–16, 23, 24]. Incorporating some of our knowledge of the time frequency shape of CCSNe
into our search methods may increase the sensitivity of our searches in comparison to search methods that
make minimal assumptions on signal morphology.
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One way to achieve this may be through the application of machine learning techniques. Machine
learning techniques have already been developed for compact binary searches [25–27]. These searches use a
template bank of waveforms for training similar to those used in a matched filter approach. Other studies
have applied machine learning techniques to the reduction of short duration transient detector noise
artifacts, known as glitches [28–30]. For a machine learning CCSN search, a different approach to prepare a
training set is needed. Astone et al [31] apply a convolutional neural network (CNN) to search for CCSNe in
multiple GW detectors. They use for their training set a phenomenological model that represents g-mode
emission in CCSN GW signals. However, they only test their search on one of their phenomenological
waveforms and not one of the actual waveforms from 3D hydrodynamical CCSN simulations. Cavaglià et al
[32] perform a single interferometer search for CCSNe by applying machine learning techniques to reduce
the single detector noise background. Chan et al [33] in parallel and independent to this work, apply a CNN
directly to time series data to search for CCSNe. However, Chan et al use only the stochastic time series, and
therefore do not benefit from the common features expected in the CCSN signals frequency content. They
also do not account for the short duration detector noise transients, known as glitches, that frequently occur
in GW detector data. Cavaglià et al [32] perform their classification task with a genetic programming
algorithm using a small set of computed parameters as input features, including burst duration, central
frequency and bandwidth.
Therefore, in this study we aim to determine the full potential of machine learning for CCSN searches by
including spectrograms of CCSNe models, to take full advantage of their common features in frequency
space, and to also account for detector glitches. We probe current and future interferometric detectors
capabilities of observing GW signals from CCSNe using a combination of an event trigger generator called
Wavelet Detection Filter (WDF) [34] and a 1D or 2D CNN [35, 36]. CNNs are a class of deep neural
networks characterised by layers in which the output is computed as a correlation between a filter and the
input data to the layer. CNNs have achieved significant performances in image classification tasks and are
widely used in the field of computer vision. An in depth description of the subject can be found in
Goodfellow et al [37]. We apply our method to simulated data for the Advanced Virgo detector, as a example
of a current ground based detector, and also the future GW detector Einstein Telescope (ET) [38], which has
better sensitivity in the CCSN frequency range. To test the robustness of our method, we add glitches to our
simulated data and test our algorithm on CCSN waveforms that are not included in the training set.
The paper is structured as follows: section 2 describes the CCSN waveforms used in this study. Section 3,
outlines the method for producing the simulated GW detector noise and glitches. Section 4 gives an overview
of the WDF trigger generator. Section 5 describes the machine learning algorithms applied in this study. The
results are shown in section 6, and a discussion and conclusion is given in section 7.

2. Supernova waveforms
In this section, we give a brief description of the CCSN waveforms used in this study. We use the most up to
date waveforms available from 3D hydrodynamical simulations of neutrino-driven explosions. Their time
series waveforms are shown in figure 1, while figure 2 shows examples of their time frequency features.
The neutrino-driven explosion mechanism is thought to occur in most CCSNe (see [39] for a review).
Stars with zero age main sequence (ZAMS) masses above ∼ 8 M⊙ form electron-degenerate iron cores. When
the cores reach their effective Chandrasekhar masses [40], they become gravitationally unstable and collapse
continues until the core reaches nuclear densities. At this stage the core rebounds and a shock wave is
launched outwards. The shock wave loses energy as it moves outwards and begins to stall. It must gain more
energy for the shock to be revived and power the explosion. In the neutrino-driven mechanism, the energy
required to power the explosion comes from a reabsorption of some of the neutrinos.
2.1. Model s18
Model s18 is the 18 M⊙ ZAMS progenitor from Powell & Müller [13] simulated with the general relativistic
neutrino hydrodynamics code CoCoNuT-FMT [41]. The simulation end time is 0.9 s, at which time the GW
emission has reached very low amplitudes. This model shows a clear g-mode signal in the spectrogram. This
model explodes at ∼ 300 ms after core bounce. The GW frequency peaks at ∼ 850 Hz.
2.2. Model he3.5
Model he3.5 is the 3.5 M⊙ ultra-stripped helium star from Powell & Müller [13] simulated with the general
relativistic neutrino hydrodynamics code CoCoNuT-FMT. An ultra-stripped star is a star in a binary system
that has been stripped of it is outer layers due to mass transfer to the binary companion star [42]. The
simulation ends at 0.7 s after core-bounce time, well after the peak GW emission phase. This model shows a
2
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Figure 1. The h+ gravitational-wave signals for all the CCSN models used in this analysis at a distance of 1 kpc, as computed
starting from the time of core bounce t = 0 s.

Figure 2. Time-frequency representation of the h+ polarization of model s25 (left) and model s18 (right) for a source at a
distance of 1 kpc. Both models show high frequency g-modes that peak at different frequencies. Model s25 also has a strong low
frequency SASI mode.

clear g-mode in the spectrogram. The amplitude of the GW signal is strongest at ∼ 900 Hz. This model
explodes at ∼ 0.4 s after core bounce.
2.3. Model s25
Model s25 is a 25 M⊙ ZAMS model simulated by Radice et al [14] using the Eulerian
radiation-hydrodynamics code FORNAX [43]. This model explodes very late at 0.5 s after core bounce. The
simulation ends at 0.62 s after core bounce time when the GW emission is still high. This progenitor shows a
clear signature of the SASI at low-frequency as well as high frequency g-modes. Its GW emission peaks at
∼ 1000 Hz.
2.4. Model s13
Model s13 is a 13 M⊙ ZAMS model simulated by Radice et al [14] using the Eulerian
radiation-hydrodynamics code FORNAX. This model does not explode, and shows GW emission associated
with g-modes. This model ends at 0.78 s after core bounce. Due to the lack of shock revival, this model has
lower GW amplitude and peaks at a frequency of ∼ 800 Hz. This model shows SASI activity at last times, but
this does not show as a strong feature in the GW emission.
3
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Figure 3. The sensitivity curves of Advanced Virgo at O3 without squeezing, and the Einstein Telescope ET-HF configuration used
to produce the noise used in this study. Einstein Telescope is significantly more sensitive at all frequencies where we expect CCSN
GW emission.

2.5. Model s11
Model s11 is the 11 M⊙ ZAMS model simulated by Andresen et al [23] with the PROMETHEUS-VERTEX
code [44], which employs Newtonian gravity. The simulation ends 0.35 s after the core bounce time. This
model does not explode. However, it still has a large shock radius which prevents growth of the SASI in this
model. This model has the smallest GW amplitude of all the GW signals considered in this study. Its peak
frequency occurs at ∼ 600 Hz.

3. Data sets
To test our method, we build different data sets using independent realisations of simulated Gaussian noise
for Virgo O3 (VO3) without squeezing [45, 46] and the Einstein Telescope (ET) tuned for high frequencies
ET-HF from the ET-D configuration described in [38], as examples of current and future GW detectors. The
sensitivity curves are shown in figure 3. While ET is designed to be built in a triangle-shaped xylophone
configuration, the sensitivities reported in [38] refer to a single pair of low (ET-LF) and high-frequency
◦
(ET-HF) interferometers of 10 km arm length and an opening angle of 90 . Compared to VO3, ET-HF has
improved sensitivity at all frequencies, but especially at the higher frequencies where the peak amplitude of
most CCSN models occurs.
As well as the CCSN waveforms described in section 2, in order to test the robustness of our search
method we also add to our data ad hoc waveforms representative of noise transients observed in real detector
data, glitches, characterised in [47, 48]. These include sine Gaussians and waveforms that are a good
representation of scattered light glitches, which are a common problem in GW detectors. We generated
11 000 glitches in each of the two classes. The simulated glitches are produced in the same method as [49],
and are given by,
hSG (t) =h0 sin(2πf0 (t − t0 ))e−
hSL (t) =h0 sin(ϕSL )e−

(t−t0 )2
2τ

,

(t−t0 )2
2τ 2

(1)

where ϕSL = 2πf0 (t − t0 )[1 − K(t − t0 )2 ], and τ is the time parameter which describes signal width. The
parameter K defines the curvature of the scattered light arches in the time-frequency domain. We used values
for τ and K such that the glitches are contained in time windows comparable to those of the CCSN signals.
This is compatible with the values in [49] based on comparison with real detector glitches. We define the
quality factor of sine Gaussians as Q = 2πf 0 τ and its values are determined by the central glitch frequency f 0
and the exponential decay time constant τ . In interferometric data, glitches which can be modelled by sine
Gaussians generally have Q < 100. We also included glitches with Q > 100 so that they will have longer
durations similar to the CCSNe models. The central frequency range varies from 30 to 1000 Hz. The second
equation in equation (1) is representative of scattered light glitches and their harmonics at lower frequencies
4
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Figure 4. Examples of glitch time-series: a sine Gaussian with Q = 8.75 and a scattered light glitch.

and values of K ∼ 0.5. The equation for hSL can also describe a type of glitch caused by radio frequency beat
notes, known as whistle glitches, which occur at higher frequencies and K. We picked the amplitude value h0
in terms of background noise standard deviations from a log-normal distribution with mean and sigma for
the underlying normal distribution of µg =−1 and σ g = 2. This choice results in h0 typically below one noise
standard deviation and signal-to-noise ratios (SNRs) between 1 and 1000 for both kinds of glitches.
However, the peak of the SNR distribution for the scattered light glitches falls at higher values of ∼ 50 than
the peak for the sine Gaussian glitches at ∼ 30.
We define the square of the injection SNR in the frequency domain as in [50, 51]
( )2
ˆ fmax
S
h̃(f )h̃(f )∗
=4
df,
N
Sn (f )
0

(2)

where h̃(f ) is the Fourier transform of the injected waveform time-series h(t), the asterisk denotes the
complex conjugate and Sn ( f ) is the one-sided noise power spectral density.
For each interferometer, we produced a total of 5 hours of detector noise over which we injected signals at
a rate of 1000 per hour for each model, including the two noise glitch models. The simulated CCSN sources
follow uniform distributions in sky angles and the distances r are log-normally distributed in order to cover
different order of magnitudes and SNRs. Detector sensitivity curves influence our choice for the distance
distributions used in the two datasets: for VO3 distances range from 0.01 kpc to 10 kpc with average
r̄ ≈ 0.6 kpc, while for ET the distances range from 0.1 kpc to 1000 kpc with r̄ ≈ 70 kpc. The angles are taken
in the coordinate system described by the interferometer, so that the signal waveform is given by the weighted
sum of the two GW polarizations h+ and h× as
h(t) = F+ h+ (t) + F× h× (t),

(3)

where F + and F× are the antenna pattern functions given by
1
F+ = (1 + cos2 θ) cos 2ϕ cos 2ψ − cos θ sin 2ϕ sin 2ψ
2
1
F× = (1 + cos2 θ) cos 2ϕ sin 2ψ + cos θ sin 2ϕ cos 2ψ,
2

(4)

where ϕ, θ are the angles to the source measured from one of the interferometer arms and from the normal
to the detector plane, respectively, and ψ is the polarization angle [52]. The use of the ET-HF noise curve
allows us to adopt the single interferometer antenna pattern as an approximation also for ET. We will drop
the subscript and refer to ET-HF as ET in the rest of the text. The waveforms are resampled to 4096 Hz, as
most of their GW emission is below 1000 Hz.
5
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4. Wavelet detection filter
Trigger event generation is provided by Wavelet Detection Filter (WDF) [34], which has been previously
used in the context of glitch classification problems as described in Powell et al [53]. The detection algorithm
is based on decomposition of the data into multiple time-frequency resolution maps, through the wavelet
transform. A generic time series s(t) is projected onto a family of mutually orthonormal wavelets as
(
)
ˆ +∞
1
t−a
s(t) √ ψ ∗
⟨s|ψa,b ⟩ =
dt,
(5)
b
b
−∞
∗

where ψ is the complex conjugate of the mother wavelet, parameter b sets the scale of the time-frequency
map and a is the time-shifting parameter. For analysis of transients WDF implements the discrete wavelet
transform using a bank or wavelet family including Daubechies, Haar and spline wavelets [54–56].
In this study, we whiten the data in the time domain as described in Cuoco et al [57]. This is achieved by
fitting the noise power spectral density (PSD) using an Auto-Regressive (AR) model as described in [57]. In
this study, the initial 300 seconds of each dataset are used to fit the noise PSD with an AR model of order
4000. After whitening, the wavelet coefficients are expected to contain features of the transient waveforms on
different time and frequency scales. In particular, only relevant coefficients are retained using the Donoho
and Johnstone method [58] which sets a lower threshold t on the absolute value of the wavelet
coefficients |wi | as
√
t = 2 log Nσ̂,
(6)
where N is the number of window data points and σ̂ the estimation of the noise standard deviation. WDF
describes the event triggers by means of a set of parameters: the trigger time (timestamp), the mean and
maximum frequency content of the event, the wavelet coefficients containing the event information and a
value proportional to the WDF SNRw , not to be confused with the injection SNR, given by
∑ 2
w
SNRw = i i ,
(7)
σ̂

which is the indicator for the threshold of the WDF detected events. The WDF window size used in this
analysis is 1024 points with an overlap of 256 between consecutive windows, which corresponds to a
time-window of 0.25 s and 0.062 5 s, respectively, for a sampling frequency of 4096 Hz.
After WDF finds all the triggers in the data, the time-domain whitened strain data around the triggers are
then fed to the CNN classifier. The advantages of combining a trigger generator with the CNN are that the
trigger generator saves time by not needing to apply the CNN to all data, and as the CNN only produces a
classification of events, information provided by the event trigger generator, such as the SNR, is required to
produce an estimate of the significance of a real detection.

5. Deep learning pipelines
Each candidate event found by WDF [34] has a timestamp which is used to build the input sample data for
the CNN [35, 36]. To mimic the real case scenario, among all trigger times we choose the one corresponding
to the highest SNRw value inside a time window coincident with the injection. We define the coincident
window so that the WDF window overlaps the true signal by at least 3/4 of its length (i.e. 768 points). Note
that we are assuming that the trigger timestamp produced by WDF occurs approximately at half of the
injected signal duration, so that we can take a symmetric 1 s time window around it to cover the entire
waveform. To take into account the fact that the peak SNRw may not occur at such exact time, a random shift
in time can be manually applied, although this has not been done to achieve the results presented in this
analysis. Given the timestamp, the dataset can be tailored for the two cases of 1D and 2D convolutional
neural networks. The unique antenna pattern weights and distance scaling associated with each signal,
combined with the variability of the Gaussian noise background, ensure that all samples are different among
each other. The signals recovered by WDF for all CCSNe and glitch models are then merged and shuffled to
form the full dataset. The number of signals in each class depends on the characteristics of the model: for
instance, the lowest emission model s11 contains roughly half of the signals compared to all the other
models, because more s11 signals are at lower SNRs and are missed by WDF. The full datasets for the two
detectors are divided in the following way: 60% for model training, 10% for model validation and 30% for
testing. An exception to this is presented in subsection 6.1.2, where we use all the signals of a particular
model as test set, while we keep training on 60% of the remaining waveforms and validating on 10%. The
validation set was used for hyperparameter tuning and to stop training before overfitting.
6
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Figure 5. An overview of the two searches used in this study. (a) describes the steps of our 1D CNN search and (b) describes the
steps of the 2D CNN search.

5.1. CNN 1D
The input data consist of 1 s of whitened time-series sampled at 4096 Hz, symmetrically taken around the
event trigger times. Longer segments lead to a decrease in accuracy, since we are inserting more noise
background before and after the signals. The network is structured in four layers as showed in figure 5(a):
each of them contains a convolutional layer with, respectively, 120, 80, 40 and 40 filters with 3x1 kernels and
a rectified linear unit activation function (we recall that ReLU(x) = max(0, x)). A 2x2 max pooling is then
applied to reduce the input data to the next layer. Spatial dropout involving 40% of the layer’s weights is
applied as a regularization procedure. Two fully connected (FC) layers with 200 and 100 neurons follows.
The final layer depends on the task given to the CNN. In the case of binary classification between signal and
noise instances (or two different kinds of signal) there will be a 2-neuron FC layer with softmax activation
function and the associated loss function will be the binary cross-entropy. In the case of multilabel
classification this will be substituted by a nl -neuron FC layer, where nl is the number of distinct labels, and a
categorical cross-entropy loss function. The optimizer used is Adam [59], with a learning rate α = 0.001 and
a batch size of 128 samples per training step. The number of epochs is never taken greater than 50, since at
larger values the model starts to overfit.
5.2. CNN 2D
In the 2D case, inputs are spectrogram images built using a total of 2 s whitened data around the trigger
times, although the window is tunable for shorter signals. By using spectrograms, information on the signal
phase, which is dependent on the stochastic realization provided by simulations, is lost and replaced by the
added value of the frequency morphology of the waveform. The architecture is similar to the 1D case, but
with some relevant differences as sketched in figure 5(b), starting from three layers instead of four. The
number of convolutional filters in each layer is 40. Moreover, the kernels are taken to have different sizes
(4x4, 3x3, 2x2) and no spatial dropout is involved. Finally the batch size is of 64 samples while the Adam
learning rate is α = 0.001, with an associated learning decay rate of 0.066 667.

6. Search and classification results
First we apply WDF to the data to find the trigger times at which the signals and glitches occur. Figure 6
shows the WDF detection efficiency as a function of the average injection SNR for the VO3 data, computed
7
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Figure 6. WDF signal trigger detection efficiency as a function of the average injection SNR for supernova signals and glitches in
the VO3 data. Results are similar for signals in ET data. At SNR> 30 the efficiency is 100%.

on segments each containing 3000 signals of a specific class. All signals with SNR > 30 are detected by WDF.
We recall that the SNRs of the injected signals depend on distance, antenna pattern and model GW
amplitude. We use the same distance range for all CCSN models over the same detector background, while
there is a lot of variation in the models amplitudes (as previously shown in figure 1). At fixed distances the
low energy, non exploding models, such as model s11, have lower SNRs and therefore the SNR distributions
are not the same for each models training and testing set. Models s13 and s25 have the highest WDF
detection efficiency, which is due to their models having higher SNR waveforms in the training data. Model
s18 is also a high amplitude model, but its detection efficiency may be worse than the other high amplitude
models due to its longer duration. We see similar WDF results for the signals and glitches in ET noise.
6.1. Supernova vs glitch classification
In this section, we perform a binary classification into two categories: signals and glitches. The signal class
should include all CCSN models, and the same holds for the glitch class. In a real case scenario, training
would be carried out on all available realistic CCSN waveforms. The true positive rate (TPR) for each class
are found on the diagonal of the confusion matrix and are defined in the test set as the ratio between the
correctly classified samples, true positives, and the total number of samples in a class computed as the sum of
true positives (TP) and false negatives (FN) as
TPR =

TP
.
TP + FN

(8)

The CNN was trained on a Tesla k40 GPU. The 2D CNN takes longer to train than the 1D CNN, because
for each training batch spectrograms have to be computed from the whitened time series. For binary
classification, the training phase is of the order of 20 to 30 minutes depending on the choice between the 1D
and 2D CNN.
6.1.1. Models included in training
First we test our method using the same waveform models in the test sets as we used in the training step.
Therefore, the CNNs are trained on samples from all the glitch and CCSNe models and the trained networks
are then used to classify new instances of the same models, characterized by different background noise,
antenna pattern weights or glitch parameters. This is not a very realistic case, as we know that a real CCSN
detection is unlikely to look exactly like one of our training waveform models. However, it does allow us to
determine the maximum accuracy of our method, and we can compare that number to the case where
different waveforms are used for training and testing to quantify how much accuracy is lost due to a lack of
CCSNe waveforms.
8
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Figure 7. Binary 1D CNN (left) and 2D CNN (right) classification of glitches and CCSN signals from all considered models,
added to simulated Virgo O3 (top) and Einstein Telescope (bottom) noise background.

The confusion matrices for this case, are presented in figure 7. We find very high accuracies
(above ∼ 95%) for both the 1D and 2D CNN results. The results improve slightly for the 2D case as expected
due to the common features in the CCSN spectrograms.
The misclassified waveforms correspond to low SNRs, indistinctive of the CCSN model. For the ET
dataset, results are better both in the 1D the 2D case with accuracies in the signal class ∼ 99%, with ∼ 98% of
the total samples correctly classified when including glitches, as showed in figure 7 (bottom). The improved
results for ET are due to the better high frequency sensitivity of the detector.
6.1.2. Models not included in training
As a real CCSN signal would not match exactly the waveforms we use for training, we test the ability of the
CNN to generalize to different CCSN models by training the network on a subset of four signal models and
then testing it on the one that was not included in the training step. We keep training on 60% and validating
on 10% of the full shuffled dataset, but after removing all signals corresponding to the CCSNe test model. To
avoid testing on a signal sample which is too small, we use 100% of the signals detected by WDF of that
particular model in the test set, coupled with the usual 30% of the glitch classes.
The sensitivities achieved for the signal classes are reported in table 1 for the two detectors, VO3 and ET,
and the two CNN implementations, along with the total accuracies. The Total accuracy is defined as the
overall number of correctly classified samples in either the signal or noise class, over the total number of
samples. The results are similar for both the 1D and 2D CNNs with total accuracies consistently above 90%.
The accuracy is not as high for model s25 as it is for the other models. We suspect that this is due to model
s25 being the only model that we consider that contains a strong low frequency SASI mode. Model s25 also
has a higher peak GW frequency than the other models used for training. Therefore, we could improve on
this result in the future by including more CCSN waveforms with SASI features in the training set. The
9
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Table 1. Binary classification results on CCSN models not included in training. For the 1D and 2D CNN implementations and both
detector datasets, we show the sensitivity for the Signal class. We also report the Total accuracy computed as the ratio of the number of
correctly classified samples in one of the two classes and the total number of test samples. The waveform used in the test set for the signal
class is shown in the first column.

VO3
Test set
s11
he3.5
s18
s13
s25

1D CNN accuracy
Signal

Total

Signal

Total

93.9
96.2
97.5
94.5
95.1

93.7
95.5
96.7
94.4
95.1

98.0
95.2
98.4
94.4
92.2

94.3
97.6
97.9
96.9
95.9

ET
Test set
s11
he3.5
s18
s13
s25

2D CNN accuracy

1D CNN accuracy

2D CNN accuracy

Signal

Total

Signal

Total

94.5
98.0
92.1
95.9
73.3

96.7
97.8
94.2
96.6
83.2

95.5
98.5
92.4
84.5
89.6

97.2
97.6
96.2
94.1
95.5

results show that we do not lose a lot of accuracy when we perform a more realistic test with models not
included in the training set.
6.2. Multi-model classification
In this section, we aim to distinguish between different CCSN waveform models. Distinguishing between
different types of CCSN waveforms can allow us to determine properties of a CCSN GW source, such as the
explosion mechanism, or the presence of features like the low frequency SASI [60, 61]. The models we use in
this section all have the same neutrino-driven explosion mechanism, and are used just to demonstrate the
method rather than to make any astrophysical statement by distinguishing between them with the CNN. In
the future, we could apply the same technique to models with different explosion mechanisms when more
modern 3D CCSN waveforms, for example for the magnetorotational explosion mechanism, become
available.
CCSN waveform end times are usually determined by a lack of available computer time rather than some
astrophysical reason. Therefore, when we attempt to distinguish between them we do not want the CNN to
include information about the different lengths of the signals, as that information is not astrophysical. To
avoid this issue, in the 2D CNN case we adjusted the window size to match the length of the shortest
waveform considered in this analysis, s11, with duration 0.35 s. As mentioned in section 5.1, we made the
assumption that the WDF trigger timestamp falls at half of the injected signal length, in order to take a
symmetric window in that time interval. Therefore, by choosing the s11 window, we only keep the central
part of the longer duration signal models such as s18.
The morphology of the time series waveforms are stochastic, and therefore cannot be related back to
individual types of models. However, it is expected that their time series amplitudes may be related to the
CCSN properties. In this section, to avoid problems related to the stochastic nature of the waveforms, we
decide to ensemble [62] the results for both the 1D and 2D CNN to produce the multi-label classification
results.
The confusion matrices for the ensemble multilabel classification are shown in figure 8. The sensitivities
for each class are found on the diagonal. While total accuracies decrease compared to the binary problem,
they still reach 87.9% for VO3 and 89.6% for ET. In both cases, higher emission models are classified more
accurately. Sine Gaussians with longer duration τ and shorter scattered light glitches are responsible for a
large part of the misclassified samples among the two noise classes. The trained model is able to distinguish
among the different CCSN models even when using a short time window to build the sample spectrogram
and time-series.
In figure 9, we show the combined VO3 and ET SNR distribution of the CCSNe signals in the test set up
to an SNR value of 100. As expected misclassified signals are distributed at lower SNRs, while the correctly
classified signals cover the full range of the initial test set distribution. Both distributions decrease at SNRs
lower than 10, since WDF picks very few signals in that region. Overall, multilabel classification requires
training times of ∼ 1 hour to achieve the reported accuracies.
10
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Figure 8. Confusion matrices for multilabel classification for the VO3 (top) and ET (bottom) datasets with all the CCSNe and the
two glitch models.

7. Discussion
Current searches for GWs from CCSNe make no assumptions on the signal morphology. The time series
waveforms for CCSN GW signals are stochastic, and so they can never be used in a matched filter search.
However, the frequency content of CCSN signal predictions is not stochastic and can be directly related to
the properties of the explosion and the proto neutron star. A matched filter search in the frequency domain
still cannot be performed for CCSN signals because there are not enough 3D waveforms currently available,
and they do not fully cover the CCSN parameter space. Further to this, many simulations are ended before
the peak GW emission time or have missing input physics. However, in the waveforms we do have available,
we see similar features in their spectrograms that we would expect to see in a real GW detection, and
incorporating this information into our GW searches may increase our sensitivity to these sources.
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Figure 9. The SNR distribution of the correctly classified and misclassified CCSNe signals from the VO3 and ET test sets
combined, for the multilabel classification task. The peak of the misclassified signals distribution appears at lower SNR than the
correctly classified distribution. We focus on the SNR range between 0 and 100.

We aimed to achieve this by performing a new search using a combination of a trigger generator called
WDF and a CNN. A trigger generator finds all excess power events above a threshold, and provides some
information about each event. The events could be real GW signals or background detector noise glitches.
Using a trigger generator allowed us to save search time because we then only feed time around the WDF
triggers to the CNN. As long as a whitening procedure is implemented, it is possible to directly feed the data
to a CNN without a trigger generator. However, while we do not provide a direct comparison with the
computational cost of a CNN-only pipeline, we predict a larger training set would be needed to compensate
for the unknown localization of the signal in time, since the actual signal could fall anywhere in the data
stream. Using a trigger generator also enables us to estimate how significant each GW detection is, which
cannot be done with a CNN alone. We do not include the significance of events in our study, but it will be an
important step for future work using real GW detector data. Moreover, the wavelet coefficient information
produced by WDF could be used to reconstruct the waveform of a detected event, and this will be included in
future work.
Compared to Chan et al [33] and Astone et al [31], we performed only a single detector search, using one
current and one future third generation GW detector. In the future, our search would need to be extended to
a multi detector analysis to fully compare to existing pipelines. In this case, we would run WDF on data from
multiple detectors and search for coincidence between the different detectors triggers before passing the data
to the CNN. We included in our study 5 of the most modern 3D simulations of CCSNe that we used to train
the CNN. We also trained the CNN on two types of simulated glitches to show how we can distinguish real
events from transient detector noise events. In real GW detector data, there are a larger number of different
glitch types, and the data needed to train machine learning models for the real glitches can be obtained from
the citizen science project Gravity Spy [30]. Astone et al do not use simulated waveforms, but
phenomenological models to train their CNN. Cavaglià et al include older waveforms from 2D simulations
which are not believed to be state-of-the-art. Finally, Chan et al use a mixture of the older and newer models.
We ran both a 1D CNN on the time series data, and a 2D CNN using spectrograms of the data. The 1D
method is less robust due to the stochastic nature of the waveforms. Although the time series features of the
waveforms we used here cannot be related back to the source parameters, they are still very different to
glitches, and we show that we can distinguish them from noise with a 95% accuracy. It is likely that the 1D
search would also find GW signals that are not CCSNe, as the time series could represent any burst of GWs.
However, in the 2D case, the spectrograms used for training are directly related to emission features we only
expect from a CCSN signal, and should be able to distinguish between a CCSN and some other kind of GW
burst. The common features in the spectrograms improve our detection accuracy slightly. However, we must
be careful during the training to include all the possible features, as we can see that the accuracy for model
s25 decreases when we do not include other signals with a strong low frequency SASI component in the
training. Therefore, we see the benefit in including both a 1D and a 2D search, as the 1D search is more likely
to detect the GWs if our predictions of the CCSN emission are incorrect, and if they are correct then the
12
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features in the 2D spectrograms result in increased search accuracy. For this reason, we applied for the first
time in this field the ensemble method for the 2 different classification model in the multilabel case.
We showed that the CNN can also distinguish between different CCSN waveform models. We do not
have any important astrophysical differences in these models that we used here, but in future studies we
could use this to distinguish between waveforms from different explosion mechanisms, or models with and
without rotation.
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Abstract
Among the astrophysical sources in the Advanced Laser Interferometer Gravitational-Wave
Observatory (LIGO) and Advanced Virgo detectors’ frequency band are rotating
non-axisymmetric neutron stars emitting long-lasting, almost-monochromatic gravitational
waves. Searches for these continuous gravitational-wave signals are usually performed in long
stretches of data in a matched-filter framework e.g. the F -statistic method. In an all-sky search for
a priori unknown sources, a large number of templates are matched against the data using a
pre-defined grid of variables (the gravitational-wave frequency and its derivatives, sky coordinates),
subsequently producing a collection of candidate signals, corresponding to the grid points at which
the signal reaches a pre-defined signal-to-noise threshold. An astrophysical signature of the signal
is encoded in the multi-dimensional vector distribution of the candidate signals. In the first work of
this kind, we apply a deep learning approach to classify the distributions. We consider three basic
classes: Gaussian noise, astrophysical gravitational-wave signal, and a constant-frequency detector
artifact (‘stationary line’), the two latter injected into the Gaussian noise. 1D and 2D versions of a
convolutional neural network classifier are implemented, trained and tested on a broad range of
signal frequencies. We demonstrate that these implementations correctly classify the instances of
data at various signal-to-noise ratios and signal frequencies, while also showing concept
generalization i.e. satisfactory performance at previously unseen frequencies. In addition we discuss
the deficiencies, computational requirements and possible applications of these implementations.

1. Introduction
1.1. Gravitational wave searches
Gravitational waves (GWs) are distortions of the curvature of spacetime, propagating with the speed of light
[1]. Direct experimental confirmation of their existence was recently provided by the Laser Interferometer
Gravitational-Wave Observatory (LIGO) and Virgo collaborations [2, 3] in the form of observations of, to
date, several binary black hole mergers [4–6], and one binary neutron star (NS) merger, the latter also being
electromagnetically bright [7]; the first transient GW catalog [8] contains the summary of the LIGO and
Virgo O1 and O2 runs.
In addition to merging binary systems, among other promising sources of GWs are non-axisymmetric
supernova explosions, as well as long-lived, almost-monochromatic GW emission by rotating,
non-axisymmetric NS, sometimes called ‘GW pulsars’.
In this article we will focus on the latter type of signal. The departure from axisymmetry in the mass
distribution of a rotating NS can be caused by dense-matter instabilities (e.g. phase transitions, r-modes),
strong magnetic fields and/or elastic stresses in its interior (for a review see [9, 10]). The deformation and
hence the amplitude of the GW signal depend on the largely unknown dense-matter equation of state,
surrounding and history of the NS; therefore the time-varying mass quadrupole required by the GW
© 2020 The Author(s). Published by IOP Publishing Ltd
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emission is not naturally guaranteed as in the case of binary system mergers. The LIGO and Virgo
collaborations performed several searches for such signals, both targeted searches for NS sources of known
spin frequency parameters and sky coordinates (pulsars, [11, 12] and references therein), as well as all-sky
searches for a priori unknown sources with unknown parameters ([13, 14] and references therein).
1.2. All-sky searches for continuous GWs
All-sky searches for continuous GWs are ‘agnostic’ in terms of GW frequency f, its time derivatives (spindown
ḟ, sometimes f̈ and higher), and sky position of the source (e.g. δ and α in equatorial coordinates). The search
consists of sweeping the parameter space to find the best-matching template by evaluating the signal-to-noise
ratio (SNR). There are various algorithms (for a recent review of the methodology of continuous GW
searches with the Advanced LIGO O1 and O2 data see [10, 15]), but in the core they rely on performing
Fourier transforms of the detectors’ output time series.
Some currently used continuous GW searches implement the F-statistic methodology [16]. In this work
we will study the output produced by of one of them, the all-sky time-domain F-statistic search [17]
implementation, called the TD-Fstat search [18] (see the documentation in [19]). This data analysis
algorithm is based on matched filtering; the best-matching template is selected by evaluating the SNR
through maximiszation of the likelihood function with respect to a set of above-mentioned frequency
parameters f and ḟ, and sky coordinates δ and α. By design, the F-statistic is a reduced likelihood function
[16, 17]. The remaining parameters characterizing the template—the GW polarization, amplitude and phase
of the signal—do not enter the search directly, but are recovered after the signal is found. Recent examples of
the use of the TD-Fstat search include searches in the LIGO and Virgo data [20–22], as well as mock data
challenge [23].
Assuming that the search does not take into account time derivatives higher than ḟ, it is performed by
evaluating the F-statistic on a pre-defined grid of f, ḟ, δ and α values in order to cover the parameter space
optimally and not overlook the signal, for which the true values of (f, ḟ, δ, α) may fall between the grid points.
The grid is optimal in the sense that for any possible signal there exists a grid point in the parameter space
such that the expected value of the F-statistic for the parameters of this grid point is greater than a certain
value; for a detailed explanation see [17, 24].
The number of sky coordinates’ grid points as well as ḟ grid points increases with frequency. Consequently
the volume of the parameter space (number of evaluations of the F-statistic) increases; see e.g. figure 4 in
[25]. In addition, the total number of resulting candidate GW signals (crossings of the pre-defined SNR
threshold) increases. For high frequencies, this type of search is particularly computationally demanding.
The SNR threshold should preferably be as low as possible, because the continuous GWs are very
weak—currently only upper limits for their strength are set [13, 14, 20–22]. A natural way to improve the
SNR is to analyze long
√ stretches of data since the SNR, denoted here by ρ, increases as a square root of the
data length T 0 : ρ ∝ T0 . In practice, coherent analysis of the many-months-long observations (the typical
length of a LIGO/Virgo scientific run is about one year) is computationally prohibitive. Depending on the
method, the adopted coherence time ranges from minutes to days, and then additional methods are used to
combine the results incoherently. The TD-Fstat search uses few-days-long data segments for coherent
analysis. In the second step of the pipeline the candidate signals obtained in the coherent analysis are checked
for coincidences in a sequence of time segments to confirm the detection of GW [20]. Here we explore an
alternative approach to these studies, using results of a single data segment to classify a distribution of
candidate signals as potentially interesting. In addition, we note that the coincidences step can be
memory-demanding since the number of candidates can be very large, especially in the presence of spectral
artifacts. The following work therefore explores an additional classification/flagging step for noise
disturbances which can vastly reduce the number of signal candidates from a single time segment for further
coincidences.
1.3. Aim of this research
The aim of this work is to classify the output of TD-Fstat search, the multi-dimensional distributions of
candidate GW signals. Specifically, we study the application of a convolutional neural network (CNN) on the
distribution of candidate signals obtained by evaluating the TD-Fstat search algorithm on a pre-defined
grid of parameters. The data contains either pure Gaussian noise, Gaussian noise with injected
astrophysical-like signals, or Gaussian noise with injected purely monochromatic signals, simulating spectral
artifacts local to the detector (so-called stationary lines).
1.4. Previous works
The CNN architecture [26] has already proven to be useful in the field of the GW physics, in particular in the
domain of image processing. Razzano and Cuoco [27] used CNNs for classification of noise transients in the
2
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GW detectors. Beheshtipour add Papa [28] studied the application of deep learning on the clustering of
continuous GW candidates. George and Huerta [29] developed the Deep Filtering algorithm for signal
processing, based on a system of two deep CNNs, designed to detect and estimate parameters of compact
binary coalescence signals in noisy time-series data streams. Dreissigacker et al [30] used deep learning (DL)
as a search method for CWs from rotating neutron stars over a broad range of frequencies, whereas Gebhard
et al [31] studied the general limitations of CNNs as a tool to search for merging black holes.
The last three papers discuss the DL as an alternative to matched filtering. However, it seems that the DL
has too many limitations for application in the classification of GWs based on raw data from the
interferometer (see discussion in [31]). For this reason we have decided to study a different application of
DL. We consider DL a tool complementary to matched filtering, which allows one to effectively classify a
large number of signal candidates obtained with the matched filter method. Instead of studying only binary
classification, we have covered multi-label classification assessing the case of artifacts resembling the CW
signal. Finally our work compares two different types of convolutional neural networks implementations:
one-dimensional (1D) and two-dimensional (2D).
1.5. Structure of the article
The article is organized as follows. In section 2 we introduce the DL algorithms with particular emphasis on
CNNs and their application in astrophysics. Section 3 describes the data processing we used to develop an
accurate model for the TD-Fstat search candidate classification. Section 4 summarizes our results,
which are further discussed. A summary and a description of future plans are provided in section 5.

2. Deep learning
DL [32] has commenced a new area of machine learning, a field of computer science based on special
algorithms that can learn from examples in order to solve problems and make predictions, without the need
to be explicitly programmed [33]. DL stands out as a highly scalable method that can process raw data
without any manual feature engineering. By stacking multiple layers of artificial neurons (called neural
networks) combined with learning algorithms based on back-propagation and stochastic gradient descent
([26] and references therein), it is possible to build advanced models able to capture complicated non-linear
relationships in the data by composing hierarchical internal representations. The deeper the algorithm is, the
more abstract concepts it can learn from the data, based on the outputs of the previous layers.
The DL is commonly used in commercial applications associated with computer vision [34], image
processing [35], speech recognition [36] and natural language processing [37]. What is more, it is also
becoming more popular in science. DL algorithms for image analysis and recognition have been successfully
tested in many fields of astrophysics like galaxy classification [38] and asteroseismology [39]. Among the
various DL algorithms there is one that might be especially useful in the domain of the GW physics—CNNs.
2.1. Convolutional neural network
A CNN is a deep, feed-forward artificial neural network (network that processes the information only from
the input to the output), the structure of which is inspired by studies of the visual cortex in mammals, the
part of the brain that specializes in processing visual information. The crucial element of CNNs is called a
convolution layer. It detects local conjunctions of features from the input data and maps their appearances to
a feature map. As a result the input data is split into parts, creating local receptive fields and compressed into
feature maps. The size of the receptive field corresponds to the scale of the details to be examined in the data.
CNNs are faster than typical fully connected [40], deep artificial neural networks because sharing weights
significantly decreases the number of neurons required to analyze data. They are also less prone to overfitting
(the model learning the data by heart and preventing correct generalization). The pooling layers (subsampling
layers) coupled to the convolutional layers might be used to further reduce the computational cost. They
constrain the size of the CNN and make it more resilient to noise and translations, which enhances their
ability to handle new inputs.

3. Method
3.1. Generation of data
To obtain a sufficiently large, labeled training set, we generate a set of TD-Fstat search results
(distributions of candidate signals) by injecting signals with known parameters. We define three different
classes of signals resulting in the candidate signal distributions used subsequently in the classification: 1) a
GW signal, modeled here by injecting an astrophysical-like signal that matches the F-statistic filter,
corresponding to a spinning triaxial NS ellipsoid [17]; 2) an injected, strictly monochromatic signal, similar
3
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Figure 1. Example of continuous GW time-domain data input of TD-Fstat search. The grey time series of T 0 = 2 sidereal
days length mimics the downsampled, narrow-banded data produced from the raw interferometer data [17, 20]. The data
contains an almost-monochromatic astrophysical GW signal (red curve) of ρinj = 10, and the following parameters (see also table
1 for the parameters of the search and the text for more details): frequency f = 2.16 (in the units of the narrow band, between 0
and π), spindown ḟ = −3.81 × 10−8 (in dimensionless units of the pipeline, corresponding to ḟastro = −3.03 × 10−9 Hz s− 1 ;
[17]), δ = 0.474 (range between −π/2 and π/2) and α = 5.84 (range between 0 and 2π). The reference frequency of the narrow
band equals 100 Hz. Visible modulation is the result of the daily movement of the detector with respect to the astrophysical
source, as well as of their relative positions, reflecting the quadrupolar nature of the detector’s antenna pattern; in the case of a
stationary line local to the detector such modulation is absent.

to realistic local artifacts of the detector (so-called stationary lines) [41], for which the F-statistic is not an
optimal filter; or 3) pure Gaussian noise, resembling the ‘clean’ noise output of the detector. These three
classes are henceforth denoted by the cgw (continuous gravitational wave), line and noise labels, respectively.
To generate the candidate signals for the classification, the TD-Fstat search uses narrow-banded time
series data as an input. In this work we focus on stationary white Gaussian time series, into which we inject
astrophysical-like signals, or monochromatic ‘lines’ imitating the local detector’s disturbances. An example
of such input data is presented in figure 1. It simulates the raw data taken from the detector, downsampled
from the original sampling frequency (16 384 Hz in LIGO and 20 000 Hz in Virgo) to 0.5 Hz, and is divided
into narrow frequency bands. Because the frequency of an astrophysical almost-periodic GW signal is not
expected to vary substantially (only by the presence of ḟ), we use a bandwidth of 0.25 Hz, as in recent
astrophysical searches [21, 22]. Each narrow frequency band is labeled by a reference frequency, related to the
lower edge of the frequency band. Details of the input data are gathered in table 1. Additional TD-Fstat
search inputs include the ephemeris of the detector (the position of the detector with respect to the Solar
System Barycenter and the direction to the source of the signal, for each time of the input data), as well as the
pre-defined grid parameter space of (f, ḟ, δ. α) values, on which the search (F-statistic evaluations) is
performed [24].
In the signal-injection mode, the TD-Fstat search implementation adds an artificial signal to the
narrow-band time domain data at some specific (f, ḟ, δ, α)inj , with an assumed SNR ρinj . For long-duration,
almost-monochromatic signals, which are the subject of this study, ρinj is proportional to the length of the
time-domain segment T 0 and the amplitude of the
√signal h0 (GW ’strain’), and inversely proportional to the
amplitude spectral density of the data S, ρinj = h0 T0 /S. The output SNR ρ for a candidate signal
corresponding to (f, ḟ, δ, α)inj is a result of the evaluation of the F-statistic on the Gaussian-noise time series
with injected signal. The value of ρ at (f, ḟ, δ, α)inj is generally close to, but√different from ρinj due to the
random character of noise (ρ is related to the value of F-statistic as ρ = 2(F − 2) (see [42] for detailed
description). Furthermore, it is calculated on a discrete grid. This is the principal reason why we do not study
individual signal candidates and their parameters, but the resulting ρ distributions in the (f, ḟ, δ, α) parameter
space (i.e. at the pre-defined grid of points), since the F-statistic shape is complicated and has several local
maxima, as shown e.g. in figure 1 of [43]. In the case of pure noise class, no additional signal is added to the
original Gaussian data, but the data is evaluated in the pre-described range of f, ḟ, δ, α.
Subsequently, to produce instances of the three classes for further classification, the code performs a
search around the randomly selected injection parameters (f, ḟ, δ, α)inj , which in most cases fall in between
the grid points, in the range of a few nearest grid points (± 5 grid points, see table 1). In the case of cgw all
parameters are randomized, whereas for line we take ḟ ≡ 0. To be consistent in terms of the input data, e.g.
4
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Table 1. Parameters of the input to the TD-Fstat search code (see e.g. [20]). Time series consist initially of random instances of white
Gaussian noise, to which cgws or lines were added. Segment length T 0 is equal to 2 sidereal days with 2 s sampling time results in 86 164
data points. The F -statistic (SNR) threshold is applied in order to select signal candidates above a certain SNR ratio, to exclude those
that are most likely a result of random noise fluctuations.

Detector

LIGO Hanford

Reference band frequency

50, 100, 200, 300, 500, 1000 Hz
(20, 250, 400, 700, 900 Hz for tests)
2 days
0.25 Hz
2s
±5 points
14.5 (corresponding to ρ = 5)
from 8 to 20
(from 4 to 20 for tests)

Segment length T 0
Bandwidth
Sampling time dt
Grid range
F-statistic (SNR) threshold
Injected SNR ρinj

number of candidate signals, in the case of a stationary line, we also select a random sky position and
perform a search in a range similar to the cgw case (this reflects the fact that spectral artifacts may also
appear as clusters of candidate signal points in the sky). All the candidate signals crossing the pre-defined
F-statistic threshold (corresponding to the SNR ρ threshold) are recorded.
For each configuration of injected SNR ρinj and reference frequency of the narrow frequency band, we
have produced 2500 signals per class (292 500 in total). For the cgw class we assumed the simplest
distribution over ρinj , i.e. a uniform distribution, as the actual SNR distribution of astrophysical signals is
currently unknown. We apply the same ‘agnostic’ procedure for the line class; their real distribution is
difficult to define without a detailed analysis of weak lines in the detector data (our methodology allows us in
principle to include such a realistic SNR distribution in the training set). To train the CNN, we put the lower
limit of 8 on ρinj . Above this value, the peaks in the candidate signal ρ distributions for the cgw and line
classes are still visible on the ρ(f, ḟ, δ, α) plots (see figure 2 for the ρinj = 10 case). For ρinj < 8, the noise
dominates the distributions, hindering the satisfactory identification of signal classes. Nevertheless, in the
testing stage of the algorithm we extend the range of ρinj down to 4.
To summarize, each instance of the training classes is a result of the following input parameters:
(f, ḟ, δ, α)inj and ρinj , and consist of the resulting distribution of the candidate signals: values of the SNR ρ
evaluations of the TD-Fstat search at the grid points of the frequency f (in fiducial units of the narrow
band, from 0 to π), spindown ḟ (in Hz s− 1 ), and two angles describing its sky position in equatorial
coordinates, right ascension α (values from 0 to 2π) and declination δ (values from −π/2 to π/2); see figure 2
for an exemplary output distribution of the candidate signals.
The CNN required an input matrix of fixed size. However, the number of points on the distributions
shown in figure 2 may vary for each simulation. Depending on the frequency (see table 1) it may increase a
few times. To address this issue, we transformed point-based distributions into two different representations:
a set of four 2D images (four distributions) and a set of five 1D vectors (five F-statistic parameters).
The image-based representation was created via conversion to a two-dimensional histogram (see
figure 3) of the corresponding point-based distributions. Their sizes are 64 × 64 pixels. We chose this value
empirically; smaller images lost some information after transformation, whereas bigger images led to
significantly extended training time of the CNN we used.
The vector-based representation was created through selection of the 50 greatest values of the ρ
distribution and their corresponding values from the other parameters (f, ḟ, δ and α). The length of the
vector was chosen empirically. The main limitation was related to the density of the point-like distributions,
which changed proportionally to the frequency. For the 50 Hz signal candidates, the noise class had sparse
distributions of slightly more than 50 points. Furthermore, the vectors were sorted with respect to the ρ
values (see figure 4); this step allowed slightly higher values of classification accuracy to be reached.
The created datasets were then split into three separate subsets: the training set (60% of signals from the
total dataset), the validation set (20% of signals from the total dataset) and the testing set (20% of signals
from the total dataset). The validation set was used during training to monitor the performance of the
network (whether it overfits). The testing data was used after training to check how the CNN performs with
unknown samples.
3.2. Neural network architecture
The generated datasets required two different implementations of the CNN. Overall we tested more than 50
architectures ranging from 2 − 6 convolutional layers and 1 − 4 fully connected layers for both models. The
final layouts are shown in figures 5(a) and 5(b). The architectures that were finally chosen are based on a
5
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Figure 2. Exemplary TD-Fstat search outputs for continuous GW signal and stationary line generated for the ρinj = 10 and
the reference band frequency f = 100 Hz and parameters of the injected signal from figure 1 (f = 2.16, ḟ = −3.81 × 10−8 ,
δ = 0.474 and α = 5.84) marked by red vertical lines in the above plots. The left column corresponds to the cgw and the right
column to the line. The distributions represent the relation of recovered SNR ρ (F -statistic SNR) with respect to: the frequency –
a, the derivative of frequency – b, the declination – c, and the right ascension – d.

compromise between the model accuracy and the training time. Models larger than those specified in figures
5(a) and 5(b) achieved similar performance, but at the cost of significantly longer training time.
In the case of 1D CNN, the classifier containing three convolutional layers and two fully connected layers
yielded the highest accuracy (more than 94% for the whole validation/test datasets). In contrast, the 2D
CNN required four convolutional layers and two fully connected layers to reach the highest accuracy (85%
over the whole validation/test datasets). The models were trained for 150 epochs which took 1 h for the 1D
CNN and 15 h for the 2D CNN (on the same machine equipped with the Tesla K40 NVidia GPU).
To avoid overfitting we included dropout [44] in the architecture of both models. The final set of
hyperparameters used for the training was as follows for both implementations (definitions of all parameters
specified here can be found in [26]): ReLU as the activation function for hidden layers, softmax as the
activation function for output layer, cross-entropy loss function, ADAM optimizer [45], batch size of 128,
and 0.001 learning rate (see figures 5(a) and 5(b) for other details). The total number of parameters used in
our models were the following: 52 503 for the 1D CNN, and 398 083 for the 2D CNN.
The CNN architectures were implemented using the Python Keras library [46] on top of the Tensorflow
library [47], with support for the GPU. We developed the model on NVidia Quadro P60002 and performed

2 Benefiting from the donation via the NVidia GPU seeding grant.
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Figure 3. 2D representation of TD-Fstat search outputs used as an input to the 2D CNN. Images presented here have equal
size of 64 × 64 pixels. They correspond to the distributions shown on the left column of figure 2: (a) – (frequency, ρ), (b) –
(spindown, ρ), (c) – (declination, ρ), (d) – (right ascension, ρ). The colours correspond to the density of the distribution—the
brighter it is, the more points contributed to the pixel.

the production runs on the Cyfronet Prometheus cluster3 equipped with Tesla K40 GPUs, running CUDA
10.0 [48] and the cuDNN 7.3.0 [49].

4. Results and discussion
Both CNNs described in section 3.2, figure 5(a) and figure 5(b) were trained on the generated datasets.
During the training the model implementing 1D architecture was able to correctly classify 94% of all
candidate signals, whereas the model implementing 2D architecture reached 85% accuracy (see the
comparison between learning curves in figure 6). Accuracy is defined as the fraction of correctly predicted
instances of data to total number of signal candidates. Since the very first epoch, the first model showed
better ability to generalize candidate signals over a large range of frequencies and values of injected SNR ρinj .
To justify the choice of a CNN as an algorithm suitable for the classification of signal candidates, we made
a comparison test with different ML methods such as logistic regression, support vector machine (SVM) and
random forest. For the test we modified the multi-label classification problem into a binary case to create
receiver-operating-characteristic (ROC) curves. The classes of line and noise were combined into a single
non-astrophysical class. The results of the comparison are shown in figures 7(a) and 7(b). The results shown
in the left figure correspond to models trained and tested on 1D data representation, whereas the results
shown in the right plot refer to 2D data representation. In both cases the CNNs outperformed other ML
models. To further underline the differences, table 2 shows the detection probability (true positive rate, TPR)
at a 1% of the false alarm rate (false positive rate or FPR).
CNNs achieved a similar level of detection probability, significantly outperforming the other algorithms.
In the case of binary classification or detection of cgw, the 2D CNN seemed to be slightly better even with
much lower accuracy as shown in figure 6. However the aim of our work was not only to classify GWs, but
also to investigate their usefulness in the detection of stationary line artifacts. The data collected by the GW
3 Prometheus, Academic Computer Centre CYFRONET AGH, Kraków, Poland.
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Figure 4. 1D representation of TD-Fstat search outputs used as an input to the 1D CNN. The outputs are limited to the 50
maximum values of ρ (plots presented here correspond to the distributions shown on the left column of figure 2(a)): (a) –
frequency, (b) – spindown, (c) – declination, (d) – right ascension and (e) – SNR ρ. The vector of ρ was sorted since it allowed
higher accuracy to be reached during training.

Input data:
1D vectors
number of input channels = 5
vector length = 50 points
input shape = 5x50

Input data:
2D histograms
number of input channels = 4
image shape = 64x64 pixels
input shape = 4x64x64

Three conv. layers
(40, 40, 20)
kernels size: 3x1

Four conv. layers
(120, 120, 80, 40)
kernels size: 3x3

Two fully connected layers
(200, 100)

Two fully connected layers
(200, 100)

Output:
Three neurons:
noise — cgw — line

Output:
Three neurons:
noise — cgw — line

(a) 1D CNN

(b) 2D CNN

Figure 5. Diagrams showing the networks’ layer structure and architecture.

detectors is noise dominated and polluted by spectral artifacts in various frequency bands, which
significantly impact the overall quality of data. Since the CNNs may potentially help in classification of lines
to remove them from the science data, the analysis with respect to the multi-label problem is beneficial.
8
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Figure 6. Evolution of the accuracy as a function of training epoch for the three-label classification for the 1D CNN (upper
curves) and 2D CNN (lower curves). Both models reached maximum accuracy after 40 epochs (based on the results of the
validation set). We prolonged training to 150 epochs to investigate the onset of overfitting. The 1D CNN was still properly
learning (although without an increase in validation accuracy), whereas the 2D CNN showed overfitting—validation accuracy
(red curve) was maintained at a constant level when training accuracy (green curve) was increasing.

Figure 7. Receiver-operating-characteristic (ROC) curves for compared ML algorithms trained on 1D data representation (a) and
2D data representation (b). The presented results are for the binary classification problem in which Positive stands for cgw
whereas Negative corresponds to the combined line and noise class. The black dashed line in the middle corresponds to random
guessing (AUC stands for the Area Under Curve).

To decide which CNN architecture was more suitable to the multi-classification, our models were tested
against unknown before samples (test dataset), after the training. The results are shown in figure 8 in the
form of a confusion matrix. Both models were able to correctly classify the majority of cgw (95.1% for the
1D model and 96.7% for the 2D model) as well as the noise (91.3% and 95.7%, respectively). However, the
9
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Table 2. Summary of detection probabilities for cgw at 1% false alarm rate for compared ML algorithms trained and tested on 1D and
2D data representations.

Detection probability of cgw at 1% false alarm rate

1D data
2D data

Logistic regression

SVM

Random forest

CNN

33.8
72.8

31.9
57.6

89.2
38.4

96.3
96.8

Figure 8. Confusion matrix for the three-label classification evaluated on the test set for the 1D CNN – a and 2D CNN – b after
the training. Although the cgw and the noise were classified on a similar level, the line caused significant problem for the 2D
model. The majority of line instances resembled noise class in the image representation.

difference in the classification of the line was significant. The 1D CNN was able to correctly classify 96.4% of
line candidates, whereas for the 2D CNN it was only 63.5%. Although the 2D model seemed to be more
suited for the binary classification task (detection of GW signal from the noise), the 1D CNN outperformed
the 2D version in the multi-label classification.
Knowing the general capabilities of designed CNNs, we performed additional tests trying to understand
the response of our models against signal candidates of specific parametrization. We generated additional
datasets for particular values of SNR ρinj and frequency (see table 1). We expanded the ρ range down to the
value of 4, which corresponds to the F-statistic threshold for the signal candidate. This step allowed us to test
the response of the CNN against unknown during training very weak signals that seemed to be
indistinguishable from the noise.
The results are presented in figures 9(a) and 9(b) (for 1D and 2D CNNs, respectively). The 1D model
presented significantly more stable behavior toward the candidates over the whole range of considered
frequencies. It also maintained nearly stable accuracy for the data with the injected SNR ρinj ≥ 10 (reaching a
value of more than 90% for all of them). Interestingly, candidates with ρinj < 8 were correctly classified in
60−70% of samples for frequency ≥ 200 Hz. This was a relatively high value, taking into consideration their
noise-like pattern (for cgw and line instances). This pattern had the biggest influence on the classification of
the signal candidates generated for frequencies 50 and 100 Hz and ρinj < 8. The small number of points
contributing to the peak (see figure 2(a) for comparison) with respect to the background noise made these
candidates hardly distinguishable from the noise class.
On the other hand, the 2D CNN varied significantly in relation to the frequency. It reached the highest
accuracy for the 100 Hz (99% for ρinj > 10). For the other frequencies, the maximum accuracy was gradually
shifted toward increasing ρinj . Interestingly, the accuracy for 50 Hz reached the maximum for ρinj = 10; then
it gradually decreased. The 2D CNN seemed to outperform the 1D model only for the narrow band of the
frequency. Nevertheless, the general performance of this implementation was much worse.
Since the 1D CNN proved to be more accurate over a broad range of frequencies, we chose it as a more
useful model in the classification of the F-statistic signal candidates. Below we present the results of
additional tests we performed to better understand its usability.
To test the model response toward a particular signal candidate, we computed sensitivity (in ML
literature also referred to as the recall), defined as the fraction of relevant instances among the retrieved
instances. Figure 10 presents the results. Classification of the cgw was directly proportional to ρinj up to a
10
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Figure 9. Evolution of accuracy as the function of the injected SNR ρinj for 1D CNN (a) and 2D CNN (b). The first model achieved
a maximum level of accuracy of ρinj = 10−12 and maintained its value for the whole range of frequencies. The 2D version varied
significantly in relation to the frequency with the maximum accuracy being gradually shifted toward larger values of ρinj . The
characteristic shift in accuracy (upper plot) between the lower frequencies (50 and 100 Hz) and the rest was associated with the
density of signal candidates distributions. The cgw and line instances were easier to separate from noise since their distributions
of parameters had very sparse character (see Fig 2 for comparison)—the noise signal candidates were not grouping around
fluctuations in the frequency domain (the background of figure 2(a)), allowing easier classification than for higher frequencies.

value of 11–12, and then the sensitivity was saturated around 95%–99% depending on the frequency. For ρinj
approaching 4, sensitivity decreased to 0%. This result was expected since the injected signal at this level is
buried so deeply in the noise that it is indistinguishable. Furthermore, by comparing figure 10 (a) with figure
9 (a), we deduced that the classification of cgw had the biggest influence on the total performance of the
CNN.
The sensitivity of the line for higher frequencies (more than 300 Hz) was maintained at a relatively
constant level of more than 95% even for the smallest ρinj . The decrease in sensitivity for lower frequencies
was associated with the density of the signal candidate distribution. The outputs of TD-Fstat had sparser
character, the lower the frequency was. The chosen 50 points for the input data were taken not only from the
peak but also from the background noise (see top plots from figure 2). With decreasing ρinj , background
points started to dominate and the candidates seemed to resemble noise class. This leads to misclassification
of nearly all line samples for 50 Hz data.
In case of the noise, sensitivity was inversely proportional to frequency. Again this was associated with
the density of the signal candidate distributions. For higher frequencies more points contributed to local
11
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Figure 10. Evolution of sensitivity as a function of SNR ρinj of the 1D CNN for the three types of signal candidates: cgw – (a), line
– (b), and noise – (c). The last panel shows average values for frequencies, because the noise classification sensitivity is not a
function of the injected SNR ρinj , and stays approximately constant for each narrow-band frequency value.

fluctuations. As a result the 50 points chosen for the input data, instead of having random character,
resembled different types of candidates.
We additionally performed tests on the signal candidates generated for different frequencies than
specified in the table 1. We chose five new frequencies to test the model on: 20, 250, 400, 700, 900 Hz. The
results were presented in figure 11. The 20 Hz case is missing since the number of available points (from
initial distributions) to create a set of five 1D vectors was much smaller than the chosen length (some
distributions for the noise class contained fewer than 10 points). Nevertheless, the CNN for the other
12
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Figure 11. Evolution of accuracy as a function of the injected SNR ρinj for 1D CNN for signal candidates generated with
frequencies different from those used for the training.

frequencies reached similar accuracies to those presented in figure 9(a). This result proved the generalization
ability of the 1D CNN toward unknown frequencies. However, the limitation of the model was the minimum
number of candidate signals available to create input data. Since this number was proportional to the
number of grid points (frequency) of the searched signal, our CNN was not suited to searching for
candidates below 50 Hz.
Although it is not immediately apparent from the 1D and 2D instances of the distributions of candidate
signals, the F-statistic values in the sky points contain non-negligible information about the signal content,
and play a role in increasing the classification accuracy. A dedicated study of the influence of the distribution
of the F-statistic in the sky for astrophysical signals and detector artifacts will be addressed in a separate
study.

5. Conclusions
We proved that the CNN can be successfully applied in the classification of TD-Fstat search results,
multidimensional vector distributions corresponding to three signal types: GW signal, stationary line and
noise. We compared 2D and 1D implementations of CNNs. The latter achieved much higher accuracy (94%
with respect to 85%) over candidate signals generated for a broad range of frequencies and ρinj . For the
majority of signals (ρinj ≥ 10) the 1D CNN maintained more than 90% accuracy. This level of accuracy was
preserved at the classification of the signal candidates injected in bands of unknown frequency (i.e. we show
that the constructed CNNs are able to generalize the context).
The 2D CNN represented a different character. Although the overall accuracy was worse than that of the
1D model, the 2D version seemed to achieve better results as a binary classifier (between the cgw and the
noise). Representation of the input data in the form of an image seemed to cause significant problems for the
proper classification of the line. Even though the 2D CNN had worse generalization ability, it was able to
outperform the 1D implementation for the narrow-band frequencies 100 Hz and below. Nevertheless, the 1D
CNN, with its ability to generalize unknown samples (in particular with respect to the frequency), seemed to
be the better choice for realistic applications.
This project is one of the few that research the application of DL as a supplementary component to MF.
Adopting signal candidates as the DL input instead of raw data allows us to avoid problems that other
researchers encountered. This approach limits the number of signals to those that exceeded the F-statistic
threshold, i.e. analyzed distribution instances are firmly characterized by known significance. As Gebhard et
al [31] described, application of DL on raw data provides signal candidates of unknown or hard-to-define
significance. Before DL could be used as a safe alternative to MF for the detection of GW, it has to be studied
further. However, our results can already be considered in terms of a supporting role to MF. For example, it
could be applied to the pre-processing of signal candidates for further follow-up steps via fast classification,
and to limit the parameter space to be processed further. As our results show, a relatively simple CNN can
also be used in the classification of spectral artifacts, e.g. as an additional tool for flagging and possibly also
13
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removing spurious features from the data. Among the many possibilities for further development within the
area of CW searches we are considering is the application of DL in the follow-up of signal candidates in
multiple data segments (post-processing searches for patterns), as well as the analysis of data from a network
of detectors.

Acknowledgments
The work was partially supported by the Polish National Science Centre Grant Nos. 2016/22/E/ST9/00037
and 2017/26/M/ST9/00978, the European Cooperation in Science and Technology COST action G2Net No.
CA17137, and the European Commission Framework Programme Horizon 2020 Research and Innovation
action ASTERICS under Grant No. 653477. The Quadro P6000 used in this research was donated by the
NVidia Corporation via the GPU seeding grant. This research was supported in part by PL-Grid
Infrastructure (the production runs were carried out on the ACK Cyfronet AGH Prometheus cluster). The
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ABSTRACT
Context. Neutron stars are currently studied with an rising number of electromagnetic and gravitational-wave observations, which

will ultimately allow us to constrain the dense matter equation of state and understand the physical processes at work within these
compact objects. Neutron star global parameters, such as the mass and radius, can be used to obtain the equation of state by directly
inverting the Tolman-Oppenheimer-Volkoff equations. Here, we investigate an alternative approach to this procedure.
Aims. The aim of this work is to study the application of the artificial neural networks guided by the autoencoder architecture
as a method for precisely reconstructing the neutron star equation of state, using their observable parameters: masses, radii, and
tidal deformabilities. In addition, we study how well the neutron star radius can be reconstructed using only the gravitational-wave
observations of tidal deformability, that is, using quantities that are not related in any straightforward way.
Methods. The application of an artificial neural network in the equation-of-state reconstruction exploits the non-linear potential of
this machine learning model. Since each neuron in the network is basically a non-linear function, it is possible to create a complex
mapping between the input sets of observations and the output equation-of-state table. Within the supervised training paradigm, we
construct a few hidden-layer deep neural networks on a generated data set, consisting of a realistic equation of state for the neutron
star crust connected with a piecewise relativistic polytropes dense core, with its parameters representative of state-of-the art realistic
equations of state.
Results. We demonstrate the performance of our machine-learning implementation with respect to the simulated cases with a varying
number of observations and measurement uncertainties. Furthermore, we study the impact of the neutron star mass distributions on
the results. Finally, we test the reconstruction of the equation of state trained on parametric polytropic training set using the simulated
mass–radius and mass–tidal-deformability sequences based on realistic equations of state. Neural networks trained with a limited data
set are capable of generalising the mapping between global parameters and equation-of-state input tables for realistic models.
Key words. equation of state – dense matter – stars: neutron

1. Introduction
Neutron stars (NS) are currently the best astrophysical sites for
studying the details of dense matter physics in conditions that are
inaccessible for terrestrial experiments (see e.g. Haensel et al.
2007 for a textbook introduction) Specifically, this refers to the
equation of state (EOS) of dense, cold, neutron-rich matter at
densities many times higher than the nuclear saturation density
ρs ' 2.7 × 1014 g cm−3 , corresponding to the nuclear saturation
baryon density ns ' 0.16 fm−3 .
Because the complete theory of many-body nuclear interactions is not known in full, recent efforts have been focussed
on inferring the EOS from astrophysical observations of NSs.
Recent observations include the NICER simultaneous measurements of the mass and radius of PSR J0030+0451 (Riley et al.
2019; Miller et al. 2019), the 170817 binary NS inspiral detection and parameter estimation done by the LIGO and Virgo
Collaborations (Abbott et al. 2017a, 2019, 2018), including the
measurement of the masses and tidal deformability of the system
components, accompanied by the observations of high-energy
photons by the Fermi and INTEGRAL satellites (Abbott et al.
2017b), as well as several observations of massive '2 M NSs
(Demorest et al. 2010; Fonseca et al. 2016; Antoniadis et al. 2013;
Cromartie et al. 2020). These observations provide indirect but
nevertheless informative answers to the question of how compact
objects are structured and, hence, the nature of their internal com-

position. The procedure is based on solving the equations of stellar structure, typically the Tolman–Oppenheimer–Volkoff (TOV)
equations (Tolman 1939; Oppenheimer & Volkoff 1939) for an
assumed EOS (or class of EOSs) to subsequently compare the
global observable NS parameters, such as gravitational mass M,
radius R, and, recently, tidal deformability Λ as well (Flanagan
& Hinderer 2008; Van Oeveren & Friedman 2017) to observed
values; in the simplest case of the TOV equation, there is a strong
relation between the sequence of global NS parameters (EOS
functionals), such as M(R) or M(Λ), and the pressure-density p(ρ)
relation defining the EOS. Therefore, given a set of astrophysical measurements, it is possible, in principle, to recover the EOS
by inverting the TOV equations. In reality, however, astrophysical observations are affected by measurement errors and they are
not distributed optimally in the parameter space, meaning that
an observer doesn’t have any freedom in selecting the intrinsic
parameters, such as the mass, M, of the observed object, to optimally cover the range of pressure and density so that the part of
the EOS relation that is of interest may be revealed.
The most common strategy in the estimation of EOS utilises
Bayesian inference, which is based on the inversion of the TOV
equations and a limited number of observations. Examples of
this approach were recently presented in the following works:
Steiner et al. (2010, 2013), Raithel et al. (2016), Holt & Lim
(2019), Fasano et al. (2019), Hernandez Vivanco et al. (2019)
and Traversi et al. (2020). Here, instead of directly inverting
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the TOV equations, we study an alternative approach based
on a machine-learning (ML) artificial neural network (ANN),
inspired by the autoencoder (AE) architecture (Hinton & Zemel
1993; Goodfellow et al. 2016). Similar machine learning techniques applied to results of numerical simulations and measurements currently make up a field of active research; for example,
Haegel & Husa (2019) show that the final mass and spin of a Kerr
black hole can be predicted from the initial values of parameters
of black hole components. Specifically, this has been explored in
the field of the NS EOS, Fujimoto et al. (2018, 2020) presented
an application of a feed-forward neural network to infer the
EOS from NS mass-radius measurements, whereas Ferreira &
Providência (2019) compare machine-learning neural networks
and support vector machine regression methods in unveiling the
nuclear EOS parameters from NS observations.
Here, we study the application of ML to infer the densematter EOS pressure-density p(ρ) relations from a simulated set
of NS observations, using a neural network trained on a purposefully simple data set, based on piecewise relativistic polytrope EOS. We performed the analysis using simulated data
containing electromagnetic as well as gravitational-waves
observables: radii, masses, and tidal deformabilities, applying
the current knowledge of the NS mass distribution function, and
varying the number of simulated observations and measurement
uncertainties. While trained and tested on the piecewise relativistic polytropic EOS data set, our ML model was also validated on
realistic EOS examples: it successfully recovers the SLy4 EOS
(Douchin & Haensel 2001) as well as the APR EOS (Akmal
et al. 1998) and the BSK20 EOS (Goriely et al. 2010). Additionally, we show the ANN network is flexible enough to generalise the mapping of the mass-radius M(R) relation from the
mass–tidal-deformability M(Λ) relation, effectively allowing for
the possibility of inference of the NS radius from several GWonly measurements.
The outline of the article is as follows. In Sect. 2, we discuss
the choice of the machine learning algorithms used. Section 3 is
devoted to the description of the input and output data generation
procedures, with a particular emphasis on the EOS and the NS
structure. Section 4 contains results of the neural-networks estimation of the dense-matter EOS from NS observables: M(R) and
M(Λ). We discuss the results in Sect. 5. We conclude in Sect. 6
with a summary of our study.

2. Machine learning
The machine learning field of computer science is based on
the premise that algorithms can learn from examples in order
to solve problems and make predictions without needing to be
explicitly programmed (Samuel 1959). Among the many ML
algorithms, the ANN currently belong to the most popular. Complex ANN consisting of many neurons combined with various
training algorithms (such as the backpropagation and stochastic
gradient descent – for textbook review, see e.g. Goodfellow et al.
2016 and references therein) are able to capture complicated
non-linear relationships in the data by composing hierarchical
internal representations. The complex (in other words, deeper)
the algorithm is, the more abstract features it can, in principle,
learn from the data.
The main motivation for employing ANN in our project is
associated with non-linear potential of the this ML model. Since
each neuron in the network is basically a non-linear function, it
is possible to create a complex mapping between the input and
the output of the model. This characteristic is necessary for the
estimation of EOS based on observables, even when excluding
A78, page 2 of 8

uncertainties since the analytical relations between the input and
output parameters are non-linear.
The input to our model are astrophysical measurements of
NS parameters (presented to the ANN as two arrays of M, R or
M, Λ concatenated into one), whereas at the output we obtain
an array of similar shape (concatenated p, ρ values). Further in
text, we present additional project in which we reconstruct radius
based on gravitational observables (M and Λ concatenated into
one vector), the ANN output consists only of radius values. By
definition, the size of the output is half the size of the input.

3. Data preparation
In this section, we describe the design of parametric EOSs and
methods used to obtain the stellar parameters.
3.1. Equations of state and stellar structure

In order to cover a sufficiently-broad and representative space
of solutions corresponding to M(R) and M(Λ) sequences, we
employ the following simplified, parametric approach to the
EOS. We assume the measurement of the low-density part of the
EOS and adopt the SLy4 EOS description of Haensel & Pichon
(1994) and Douchin & Haensel (2001) up to some baryon density n0 , comparable to and typically larger than the nuclear saturation density (ns ≡ 0.16 fm−3 ). At the n0 a relativistic polytrope
(Tooper 1965),
p(n) = κnγ ,

ρc2 =

P(n)
+ nmb c2 ,
γ−1

(1)

replaces the SLy4 EOS. For each polytrope, the pressure p and
the mass-energy density ρc2 are defined using the pressure coefficient κ, the polytropic index γ responsible for the stiffness of
the matter, and the mass of the baryon mb . We select the γ index
as a parameter of choice; consequently, κ and mb are determined
by demanding the chemical and mechanical equilibrium at n0 .
The first polytrope with γ1 ends at some density, n1 > n0 , where
a second relativistic polytrope with γ2 is attached, and continues until n2 , where a polytrope with γ3 starts. The bottom-left
panel of Fig. 1 shows a schematic plot of the EOS. The parameter ranges are collected in Table 1.
For a given EOS, we solve the equations of hydrostatic equilibrium for a spherically symmetric distribution of mass. The
space-time metric is:
ds2 = eν(r) c2 dt2 −

dr2
− r2 (dθ2 + sin2 θdφ2 ),
1 − 2GM(r)/rc2

(2)

with the gravitational mass M(r) inside the radius r

dM(r)
= 4πρ(r)r2 .
(3)
dr
Then the resulting Tolman-Oppenheimer-Volkoff equations
(Tolman 1939; Oppenheimer & Volkoff 1939),
!
!
dP(r)
G
P(r)
4πr3 P(r)
= − 2 ρ(r) + 2
M(r) +
dr
r
c
c2
!−1
2GM(r)
,
(4)
× 1−
c2 r
supplied with the equation for the metric function ν(r),
!
dν(r)
2
dP(r)
=−
,
dr
P(r) + ρ(r)c2 dr

(5)
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Fig. 1. Top panels: left – sample M(R) relations; right – corresponding
M(R̂) relations. Red curve and corresponding observations: example of
a training datum, consisting on 20 points from the M(R) and M(R̂),
selected assuming random normal distribution with the mean value
equal to true values and standard deviations σ M = 0.1 M , σR = 1.0 km
and σR̂ = 1.0 km. The configurations with the same M and R have, in
general, different R̂. Bottom panels: left – schematic of a model EOS,
composed in the low-density part from the realistic crust of the SLy4
EOS (Haensel & Pichon 1994; Douchin & Haensel 2001) and piecewise
relativistic polytropes (Tooper 1965), right – mass-radius M(R) relations generated using the piecewise relativistic polytrope model (thin
solid grey curves) and astrophysical models of NS sequences, based on
the following EOSs: the SLy4 EOS (solid blue curve), the APR EOS
(dashed red curve) and the BSK20 EOS (dash-dotted green curve).

are integrated from the center towards the surface (where the
pressure, P, vanishes, which defines the radius of the star, R)
using a Runge-Kutta 4th order numerical scheme with a variable
integration step (Press et al. 1992) for a range of central parameters of the EOS (e.g. the central pressures Pc ) resulting in the
M(R) sequence.
In addition to gravitational mass, M, and radius, R, we also
calculate the static lowest-order tidal deformability of the star,
defined as
2
(6)
λ = R5 k2 .
3
The parameter λ represents the star’s reaction on the external
tidal field (e.g. exerted by a companion in a tight binary system,
as observed in Abbott et al. 2017a). It is obtained in the lowestorder approximation, by calculating the second (quadrupole)
tidal Love number k2 (Love 1911), a function of stellar parameters and hence the EOS:


8
k2 = x5 (1 − 2x)2 2 − y + 2x(y − 1) 2x 6 − 3y + 3x(5y − 8)
5


+ 4x3 13 − 11y + x(3y − 2) + 2x2 (1 + y)
−1

+ 3(1 − 2x)2 2 − y + 2x(y − 1) ln(1 − 2x) ,
(7)

y2 1 + 4πGr2 /c2 (P/c2 − ρ)
dy
=− −
y
dr
r
(r − 2GM(r)/c2 )
!2
2G/c2 (M(r) + 4πr3 P/c2 )
6
+
+
√
r − 2GM(r)/c2
r(r − 2GM(r)/c2 )


2 

ρ + P/c2 c2 
4πGr2 /c2 
 ,
5ρ + 9P/c2 +
−
ρdP/dρ 
r − 2GM(r)/c2 

(8)

evaluated at the stellar surface (Flanagan & Hinderer 2008; Van
Oeveren & Friedman 2017). In the following we use the massnormalised value of the λ parameter,

−5
Λ = λ GM/c2 .
(9)

In order to relate the Λ parameter with the stellar radius R, we
produce a following radius-like parameter R̂(M, Λ), which we
call the tidal radius (proposed in Wade et al. 2014):
R̂ = 2MΛ1/5 .

(10)

This function of Λ and M is henceforth used in the study. Sample M(R) and M(R̂) relations are presented in the top panels of
Fig. 1, along with simulated measurement points (the procedure
of obtaining them is presented in Sect. 3.2). Moreover, in the bottom right panel of Fig. 1, we present a bundle of M(R) relations
used in the training, generated for piecewise relativistic polytropes to compare the training set with the astrophysical models
based on the SLy4, APR and BSK20 EOSs. The training data
cover the space of parameters similar to astrophysical models;
therefore, we expect that the algorithm will generalise the EOS
reconstruction toward previously unseen types of curves (types
of curves on which it wasn’t trained on).
3.2. Neutron-star mass function and simulated measurement
errors

In order to investigate the influence of the amount and precision
of data – the number of observations N and their measurement
errors – we restrict the sample of M(R) and M(R̂) for masses
from the astrophysically-realistic range above 1 M , which corresponds to observed NS masses in Galactic binary NS systems
(Alsing et al. 2018), and in the GW170817 and GW190425 events
(Abbott et al. 2017a, 2020). We exclude from further analysis
all piecewise polytropic solutions that are not compatible with
current state of observations, giving the NS maximum masses
above 1.9 M (conservative choice motivated by the observations
A78, page 3 of 8
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of massive NSs, see Demorest et al. 2010; Fonseca et al. 2016;
Antoniadis et al. 2013; Cromartie et al. 2020).
To realistically recreate astrophysical observations, we select
the measurement points from a realistic NS mass function (mass
probability distribution) out of which the mass values are to
be randomly selected. Consistently with current observations
of NSs in the Galaxy, the mass function is represented by a
double-Gaussian distribution (Alsing et al. 2018) with the main
peak around the Chandrasekhar mass and the second, smaller
peak corresponding to the NS masses close to 2 M , namely
N(µ1 , σ1 ) + N(µ2 , σ2 ), where µ1 = 1.34, σ1 = 0.07, µ2 = 1.80,
σ2 = 0.21 (see Fig. 1 in Alsing et al. 2018 for details). This NS
mass function is consistent with a recent GW observation of a
heavy NS binary system (Abbott et al. 2020).
The training data set is prepared by assuming that the measurements are witness to a measurement error. After randomly
choosing N values of the gravitational mass M from the abovementioned mass distribution, we construct the training samples
corresponding to a given M(R) or M(R̂) point by drawing values from normal distributions N(M(R), σi ) or N(M(R̂), σi ), with
i = M, R, R̂ respectively. For the σi parameters, we chose the
values in the range of 0.01−0.1 M for σ M and 0.01−1 km for
σR . Uncertainties for tidal deformabilities are defined in terms
of R̂ and were in range σR̂ = 0.01 − 1 km, which corresponds
to σΛ = 102 − 103 . An example of the training sequence,
obtained assuming the double-Gaussian mass distribution and
σ M = 0.1 M , σR = σR̂ = 1.0 km is shown in Fig. 1 (marked
red in top panels). Gray curves (and the red curve) correspond
to M(R) and M(R̂) relations computed with the TOV equations
for some examples of the piecewise polytropic EOS described
in Sect. 3.1. The scattered points correspond to the actual input
data fed to our model; they are based on the red curve values
according to the procedure describe above.
In total the training dataset contains 13982 piecewise polytrope EOSs (see Table 1 for the details), out of which the M(R)
and M(R̂) sequences were produced by solving the TOV equations. For each of these sequences, we then randomly selected N
values of M (N equal to 10, 15, 20, 30, 40, or 50 observations)
using the above-mentioned NS mass distribution, and recover
the corresponding values of R and R̂. For each input EOS, this
procedure is repeated a fixed number of Ns = 30 times. As a
result, each input EOS is represented in the training stage by Ns
different realisations of N observations of M(R) or M(R̂), subject to “observational errors” by drawing the values from normal
distributions parametrised by σi . This step allows us to effectively estimate the errors that ANN makes in the prediction of
output sequences, that is, the error of reconstructing pressures
and densities. To compute these errors, we then calculate the
differences between the estimated output and the ideal expected
result (the “ground truth” values). The errors are averaged for
each measurement in a given collection of realisations. This step
is repeated for all the EOSs in the training dataset, returning the
set of error distributions: in the case of 20 measurements, we
recover 20 distributions. The error bars presented for the output
values in Sect. 4 are the mean values of these distributions.
We contrast the reconstruction errors with the ANN loss
function as they represent different features. Loss function is
a metric defining overall performance of the ANN in terms of
how well the predicted values are to original ground truth values in general. Reconstruction errors give detailed information
about differences between predicted pressures and densities and
their corresponding ground truth values. Furthermore, the reconstruction error changes with respect to the values of pressure and
density.
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At the last step of data preparation, pressures and densities were converted to the decimal logarithm values and scaled
together with masses, radii, and tidal radii to the range (0, 1).
Rescaling is required by the ANN non-linear functions since
their domain is in the range (0, 1).
The data sets were then split into two separate subsets: a
training set (70% of all instances from the total dataset) and the
testing set (30% of the total dataset). In cases when the ANN
was tested against the measurements corresponding to realistic
tabulated EOS, the simulated measurement data was generated
in the same way as for the piecewise polytropic EOS.
3.3. ANN

In the design of the ANN, we used parts of the AE architecture.
The AE (Kramer 1991) is a specific type of network capable of
learning how to efficiently compress and encode the data into
the so-called latent space representation and, later, to decompress and reconstruct the initial data as closely as possible. The
core functionality of the AE is data dimensionality reduction.
During training, AE learns how to ignore the noise and extract
only crucial features of the data. Dimensionality reduction is
in particular useful in the application of AEs aiming for data
clustering. Specifically, the features of latent representation of
an AE may be used to characterise the data, for example, by
employing the conditional training of the variational AE using
the training data with parameter labels to subsequently study
the distribution of parameters in the latent space of variables. In
the present exploratory work, we employ the simplest encoderdecoder structure of AE and we do not use the properties of the
latent space, leaving that aspect to a future work.
The final architecture of our ANN was chosen based on
empirical tests based on the data. As an output criterion for the
loss function we use the mean squared error (MSE). We tested
architectures ranging from one to eight hidden layers. The optimal network, reaching the minimum value for MSE, was the one
containing four hidden layers with the following number of neurons: 512, 256, 256, 512.
The final set of hyper-parameters used for the training was
the following (parameters defined as in e.g. Goodfellow et al.
2016):
– ReLU as the activation function for hidden layers,
– sigmoid activation function for the output layer,
– ADAM optimiser (Kingma & Ba 2014),
– batch size of 128,
– 0.001 learning rate.
The ANN architecture was implemented using the Python Keras
library (Chollet 2015) on top of the TensorFlow library (Abadi
et al. 2015), with support for the GPU. We developed the model
on the NVidia Quadro P60001 and performed the production
runs on the Cyfronet Prometheus cluster2 equipped with Tesla
K40 GPUs, running CUDA 10.0 (Nickolls et al. 2008) and the
cuDNN 7.3.0 (Chetlur et al. 2014).

4. Results
The results presented below are split into subsections. The
first present the results of EOS reconstruction from M(R) and
M(R̂) simulated measurements with errors using ANN trained
on piecewise polytropic EOS results. The second subsection
1
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Kraków, Poland.
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Fig. 2. Dependence of the MSE (ANN loss function described in
Sect. 3.2) as a function of number of observations N and measurement
uncertainties in the case of EOS estimation based on M(R) (left figure)
and M(R̂) (right figure) observations.

shows the application of ANN on the realistic EOS resulting
from microscopic calculations (SLy4 EOS, Douchin & Haensel
2001), that is, a reconstruction of the EOS which is not a piecewise polytropic model. We also study an application of the ANN
to a direct reconstruction of the NS radius with the GW-only
observations of the tidal deformability.
4.1. Translating the NS observations, M(R) or M (Λ), to EOS

Here, we present the results of the ANN application to the
reconstruction of the EOS based on the gravitational mass, M,
and radius, R, observations, which may be a result of electromagnetic observations of, for example, the NICER mission,
as well as the EOS reconstruction based on the gravitationalwave observations of mass, M, and tidal deformability, Λ (which
we reparametrise as R̂; see Eq. (10)). The ANN described in
Sect. 3.3 is trained on data sets with varying number of observations and measurement uncertainties. The resulting figures of
merit – the ANN loss function MSE – are shown in Fig. 2 with
the left plot corresponding to the EOS reconstruction using M(R)
data and the right using M(R̂) data.
The accuracy of EOS estimation is mostly influenced by
the assumed measurement uncertainties in both presented cases.
The value of MSE is proportional to the measurement errors; it
reaches the highest value for the largest of considered uncertainties: σ M = 0.1 M for mass, M, σR = 1 km for the radius, R,
and σR̂ = 1 km for the tidal radius, R̂. Furthermore, the number
of observations N had little effect on the MSE; the increase in N
slightly decreased the MSE in all studied cases.
The top panels of Fig. 3 present two examples of the EOS
reconstruction for the small and large measurement uncertainties
in the case of N = 20 M(R) observations. Both EOSs are recovered correctly within reconstruction errors computed as specified
in the Sect. 3.2 with respect to the ground-truth values of related
input EOSs (marked with dashed lines on the right panel). The
error ranges in case of EOS estimation using M(R) data for different measurement uncertainties are presented in the upper part
of Table 2. The resulting σ p and σρ spans increase proportionally, with increasing σ M and σR . Furthermore, in all presented
cases, the ranges for pressure errors were wider than density
errors, indicating that ANN was more uncertain in the reconstruction of pressure values. The increase in the reconstruction
errors is expected because the overall performance of the ANN
was worse during the training (see the blue and violet curves in
Fig. 2 for comparison). Another effect related to the worse per-
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Fig. 3. Top panels: example of the input data (M(R) measurements with
errors, left plot), and corresponding output data from ANN (p(ρ) relation, right plot) for the estimation of EOS from M(R). Both input samples consist of 20 observations with masses randomly selected from a
mass distribution (Sect. 3.2) and measurement uncertainties equal to
σ M = 0.1 M , σR = 1 km (blue sample), σ M = 0.01 M , σR = 0.01 km
(red sample). For the description of the uncertainties on the output, see
the text. Bottom panels: example of the input data (M(R̂) measurements
with errors, left plot), and corresponding output data from ANN (p(ρ)
relation, right plot) for the estimation of EOS from M(R̂). Both input
samples consist of 20 observations with masses randomly selected from
a mass distribution (Sect. 3.2) and measurement uncertainties equal to
σ M = 0.1 M , σR = 1 km (blue sample), σ M = 0.01 M , σR̂ = 0.01 km
(red sample). Dashed curves correspond to original (ground-truth, errorfree) sequences of input and output of the TOV equations. Presented
examples correspond to different EOSs.

formance of the EOS reconstruction is the significant increase of
errors and decrease in the accuracy of reconstruction for higher
p(ρ) values. Several effects may be responsible for this result, for
example, the impact of adopted NS mass distribution. Naturally,
if the dataset contains a smaller number of high (close to 2 M )
M samples, the high p(ρ) values of the EOS are less efficiently
probed. As a result, the EOS reconstruction is less certain overall
in this range. We discuss alternative explanations in Sect. 5.
The examples shown in the bottom panels of Fig. 3 corresponded to the EOS reconstruction using M(R̂) data for two
cases of small and large measurement uncertainties and N = 20
observations. Both EOSs are estimated correctly within reconstruction errors with respect to the ground-truth values of corresponding EOSs (marked with dashed lines) and the errors are
proportional to the values of the density and pressure, similarly
to the M(R) case.
4.2. Application on realistic EOS

We test the ANN trained on piecewise polytropic EOS (and the
TOV solutions obtained with them) on a realistic microscopic
A78, page 5 of 8
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M(R) input data
σM
σM
σM
σM
σM

= 0.01 M , σR = 0.01 km
= 0.01 M , σR = 0.1 km
= 0.1 M , σR = 0.1 km
= 0.1 M , σR = 0.5 km
= 0.1 M , σR = 1.0 km

M(R̂) input data
σM
σM
σM
σM
σM

= 0.01 M , σR̂ = 0.01 km
= 0.01 M , σR̂ = 0.1 km
= 0.1 M , σR̂ = 0.1 km
= 0.1 M , σR̂ = 0.5 km
= 0.1 M , σR̂ = 1.0 km

σ p [dyne cm−2 ]

σρ [g cm−3 ]

5 × 1012 −1013
9 × 1012 − 4 × 1013
1013 − 5 × 1013
2 × 1013 −1014
4 × 1013 − 2 × 1014

1033 −7 × 1033
2 × 1033 −2 × 1034
5 × 1033 −4 × 1034
5 × 1033 −8 × 1034
8 × 1033 −1035

5 × 1012

1033 −4 × 1033
2 × 1033 −2 × 1034
4 × 1033 −2 × 1034
5 × 1033 −7 × 1034
8 × 1033 −9 × 1034

σ p [dyne cm−2 ]

9 × 1012

− 8 × 1012

− 3 × 1013

1013 − 4 × 1013
2 × 1013 −1014
4 × 1013 − 2 × 1014

p [dyne/cm2]

Table 2. Reconstruction error ranges for σ p and σρ of the ANN for
studied measurement uncertainties in case of EOS reconstruction for
the M(R) data (upper table) and M(R̂) data (lower table).

σρ [g cm−3 ]

0.5

We also present the results of an additional analysis which aims
to directly reconstruct the NS radius R from GW-only observations of masses and tidal deformabilities. As Eq. (9) shows, the
tidal deformability is related to M and R and to the second Love
number k2 , all of which are functionals on the EOS. In the general case, the Λ − R relation cannot be simply obtained (see e.g.
Zhang et al. 2020; De et al. 2018 and references therein). From
the point of view of the M(R) diagram, the relation between Λ
and R depends on the slope of M(R), which is indirectly a function of the NS susceptibility to deformations (see Sieniawska
et al. 2019 for examples of configurations with the same M and
R, but different Λ values; their Sect. 3.2, Figs. 9 and 10).
In order to study the ability of reconstructing the R based on
M and Λ observations, we modified the ANN described in the
Sect. 3.3 since, for this case, the size of the output was twice
smaller (M and R̂ concatenated at the input and R and at the
output). We considered the same measurement uncertainties σ M
and σR̂ as in the EOS reconstruction. The results of the ANN
training are shown in Fig. 5 in terms of MSE.
Similarly as in the estimation of EOS, the strongest influence on the radius computation had the measurement uncertainties. The MSE changed in range between 5 × 10−5 and 10−2
for the data varying in uncertainties from σ M = 0.01 M and
σR̂ = 0.01 km to σ M = 0.1 M and σR̂ = 1 km. Moreover, the
impact of observations number was insignificant.
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Fig. 4. Top panels: ANN-reconstructed EOS from the M(R) data for
the SLy4 EOS model (left plot), the APR EOS model (middle plot)
and the BSK20 EOS model (right plot). Results are computed for the
input M(R) data consisting of 20 observations with measurement uncertainties equal to merr = 0.1 M , r̂err = 1 km. Bottom panels: ANNreconstructed EOS from the M(R̂) data for the same EOS as in the top
panels. Results for the input M(R̂) data consisting of 20 observations
with measurement uncertainties equal to merr = 0.1 M , r̂err = 1 km.
Dashed lines correspond to the exact EOS relations.

Mean Squared Error

4.3. Radius reconstruction using Λ measurements

p [dyne/cm2]

Notes. The reconstruction errors are computed as specified in Sect. 3.2.

EOSs: the SLy4 EOS (Douchin & Haensel 2001), the APR EOS
(Akmal et al. 1998) and the BSK20 EOS (Goriely et al. 2010).
To generate data for this test, we followed the approach detailed
in Sect. 3 as in the case of the polytropic EOSs. Figure 4 contain the results of EOS reconstruction using the M(R) data (top
panels) and M(R̂) (bottom panels) for N = 20, σ M = 0.1 M and
σR = 1 km. Among the realistic microphysical EOS we have
considered, the EOS relation reconstructed for the APR EOS
and BSK20 EOS agree with original (ground truth) input values
almost perfectly, whereas the SLy4 EOS model is reconstructed
less precisely; however, the reconstructed EOS relation agrees
with the ground truth values (dashed line) within reconstruction
errors from Table 2.
These results show that the ANN trained on a relatively simple dataset of relativistic piecewise polytropes is able to generalise the task of EOS reconstruction towards an unknown during
its training of realistic EOS.
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Fig. 5. Evolution of MSE (ANN loss) in the function of number of
observations and measurement uncertainties in case of R computation
based on M(R̂).

The examples of the radius estimation are presented in Fig. 6.
Top panels show the radius computed by ANN using piecewise polytropic data for two cases of measurement uncertainties:
σ M = 0.01 M and σR̂ = 0.01 km (red sample) and σ M = 0.1 M
and σR̂ = 1.0 km (blue sample). Bottom panels present the estimated radius for the data corresponding to the realistic cases: the
SLy4 EOS, APR EOS, and BSK20 EOS for σ M = 0.1 M and
σR̂ = 1.0 km. Within the reconstruction errors, σR , all cases were
correctly reconstructed, in comparison to the dash line representing the exact values of radii computed from the TOV equations.
However, the σR increase proportionally to σ M and σR̂ . Furthermore, the errors varied randomly with respect to the value

F. Morawski and M. Bejger: NN reconstruction of the EOS from NS parameters
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Fig. 6. Top panels: example of the input data (left plot) and corresponding output data from ANN (right plot) in the case of R computation
based on M(R̂) for the piecewise relativistic polytropes. Bottom panels: radius reconstructed from the M(R̂) data for the SLy4 EOS model
(left plot), the APR EOS model (middle plot), and the BSK20 EOS
model (right plot). All results were computed for the input M(R) data
consisting of 20 observations with measurement uncertainties equal to
σ M = 0.1 M , σR̂ = 1 km. Dashed lines correspond to exact values
obtained by solving the TOV equations.

of radius. In contrast to pressure and density errors, no trend in
radius errors was present.
In general, the radius reconstruction from tidal deformability
using ANN is possible, which demonstrates an additional ability on the part of ANN to build a non-linear mapping between
astrophysical parameters of interest.

5. Discussion
The above results point us to a conclusion that the application
of ANN in EOS reconstruction from astrophysical observations
works for the majority of our data, with decreasing reliability for
data with the largest measurement errors.
In comparison with similar approaches to the same problem
(Fujimoto et al. 2018, 2020), our work extends the study of applications of the NN to NS multi-messenger astrophysics in several
ways: we directly output the p(ρ) EOS table, not limiting the
output to selected EOS parameters, meaning that our implementation is, in principle, not bound to specific prescription of the
EOS. In addition, we study the application of the AE architecture to the problem of EOS reconstruction, investigate as input
the tidal deformability parameters as a function of mass, not only
M(R), that is, we try to simulate a situation in which the data
comes exclusively from GW measurements, and we also investigate varying number of measurements, measurement errors, and
realistic mass functions; for an additional investigation related to
the last point, see the text below.

Motivated by the issue behind the significant increase of the
reconstruction EOS errors for higher densities and pressures in
cases of large measurement uncertainties (merr = 0.1 M and
rerr = 1 km) we performed an additional analysis. We understand
this as a feature of the non-linearity of the mapping between the
observed values of M, R and R̂ and the EOS. As shown in Fig. 3,
for example, the measurements at high masses probe a significantly larger range of pressure and densities than those at lower
masses. In addition, the values of radii R and tidal deformabilities Λ (and hence R̂) are typically smaller for larger masses:
stars are more compact and also less prone to deformation.
Sampling the measurements from the high-mass range, where
the differences between measurements are small but the errors
are comparable to the low-mass measurements, should result in
worse reconstruction in the high pressure and density range of
the EOS.
In order to study this further also from the point of view of
the choice of mass function, we performed additional simulations. Since the double-Gaussian function we initially adopted
has its main distribution peak in the low-mass range (around
the Chandrasekhar mass), the majority of generated observation points correspond to lower pressures and densities, which
are precisely reconstructed by the algorithm. However, the high
mass, and therefore the high pressure and density range, is covered sparsely; hence the corresponding high pressures and densities may be reconstructed less precisely. To test this explanation, a new training data using alternative NS mass distribution
were prepared. We considered a uniform mass distribution in
the range between 1 and 2.2 M . During the training on the uniform mass distribution data set, the ANN reached lower values of
MSE with respect to the results presented in Sect. 4 with differences of around one order of magnitude in all considered cases.
As a result the EOS reconstruction was characterised by smaller
reconstruction errors for pressure and density; see examples of
reconstruction in Fig. 7 for 20 observations with σ M = 0.1 M
and σR = 1 km. Moreover, predicted values probed range of
higher values with respect to results from Sect. 4.2. The uniform
mass distribution allow to generate observations close to maximum value of 2.2 M (including measurement uncertainties),
whereas the previously used double-Gaussian function returned
masses rarely higher than 2 M .
Our results suggest that to efficiently probe the high-mass
end of the NS distribution, either measurement uncertainties
should be significantly decreased with respect to the low-mass
range or coverage of masses should be more uniform. The first
possibility may be feasible with the 3rd generation GW detectors, such as the Einstein Telescope (Maggiore et al. 2020). On
the other hand, the EOS is accurately reconstructed for the lowmass range (low pressure and density regime), which offers the
possibility of comparing nuclear parameters with the data from
terrestrial experiments.
It is also worth mentioning that a precise reconstruction of
EOS using ANN requires training data that is representative of
the problem. In order to reconstruct astrophysical EOS models (SLy4, APR, and BSK20), we have selected an appropriate training set. However, ANN tested on different EOS covering different ranges for M, R, Λ, p, and ρ would result in
a worse reconstruction. To avoid this problem, it’s necessary
to optimise the parameter space of the training set and choose
astrophysical models accordingly. It would be straightforward to
expand the training dataset with a specific parametric description of dense matter, such as the MIT bag, to describe the deconfined quark matter (Chodos et al. 1974, see Sieniawska et al.
2019 for an example of piecewise relativistic polytrope EOS
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Fig. 7. ANN reconstructed EOS using the M(R) data for the SLy4
EOS model (left plot), the APR EOS model (middle plot) and the
BSK20 EOS model (right plot) for the uniform NS mass distribution.
The presented results were computed for input data consisting of 20
observations with measurement uncertainties equal to σ M = 0.1 M ,
σR = 1 km. Dashed lines correspond to exact values obtained by solving the TOV equations.

supplemented by quark EOS approximation of Zdunik 2000).
In such a case, the ANN would potentially serve as a tool to discover the presence of exotic phases or signatures of dense-matter
phase transitions.

6. Conclusions
We show that the ANN can be successfully applied in the
reconstruction of the dense matter EOS from NS observations, either electromagnetic (masses and radii) or based on
gravitational-wave measurements (masses and tidal deformabilities). We study the influence of the number of observations
and the measurement uncertainties on the EOS reconstruction.
The latter factor turned out to have a more significant effect
on ANN performance, quantified in terms of the loss function
(MSE). Furthermore, we show that the ANN trained on piecewise relativistic polytropes is capable of generalising the EOS
reconstruction toward samples it wasn’t previously exposed to:
realistic EOSs resulting from microscopic calculations: the
SLy4, APR, and BSK20 EOS models.
We also introduce reconstruction errors for ANN: σρ and σ p .
The presented values vary proportionally to either the uncertainties of measurement with regard to the observables or to
the values of pressures and densities. To decrease reconstruction
errors, we suggest that either measurement uncertainties should
be reduced, which is possible with the new generation of telescopes and detectors (i.e. Einstein Telescope for gravitational
observations), or masses should be generated more uniformly.
Moreover, we show that ANN can be successfully used in the
reconstruction of radius based on the gravitational observables,
which can be particularly useful for gravitational astronomy.
Among the many possibilities for further development in
studies of NS parameters using ML methods, we plan to focus on
the promising direction of variational auto-encoders. The latent
space of these algorithms contain features that allow for an indepth understanding of the distribution of parameters of the input
data. Studies of the latent space could be used, for example,
to infer information on the nuclear parameters of the EOS or
assess the plausibility of the existence of a dense-matter phase
transition.
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Chapter 6
Summary and outlook
I attempted to demonstrate the versatility and enormous benefits of using ML methods
in GW astronomy from two perspectives in my thesis. Specifically, how those methods
can be used and what we can learn from them. These objectives, I believe, were met.
I demonstrated that ANNs are an excellent tool for searching for various GW signal
types in a noisy environment by utilizing different data representations and ML models
architectures. By the most important conclusion of my thesis, I perceive the detection
capabilities of the studied ANNs. They were able to not only detect but also distinguish
relatively weak GW signals from detector artifacts. The methods’ capabilities of correct
detection improve the overall quality of the data and what we can infer later from detected
GWs. For example, by using the convolutional AE described in paper I, I was able to
partially reconstruct signals and precisely localize them in time in addition to searching
for anomalies. As a result, these extra features may help with parameter estimation and
sky localization of the emission source, both of which are important in our understanding
of astrophysical objects.
The research presented in this thesis contributes to the growing field of extensive studies
on the applications of ML in the analysis of data from GW detectors. The importance of
this research becomes clear when viewed in the context of large-scale scientific projects
and science in general. Current and planned experiments such as the Cherenkov Telescope Array, Square Kilometer Array, Large Synoptic Sky Survey, ET, and LISA all share
one feature: Big Data. All of them will generate massive amounts of data that will
be inefficient (or, in some cases, impossible) to store on hard drives. These large-scale
projects require cutting-edge software capable of real-time analysis to extract scientifically interesting information from raw data that scientists can later work on. With this
requirement comes a significant challenge: how can our programs determine which data
is more relevant than others, especially in the case of unknown phenomena?
At least some of these issues appear to be addressed by ML and AI. They are extremely
efficient, capable of detecting even complex patterns in data as well as able to infer
some astrophysical information. Extensive research on anomaly detection may also aid in
the extraction of unknown patterns from data that indicate unknown phenomena worth
studying.
Several collaborations associated with the mentioned projects have already recognized
the importance of ML. Dedicated ML working groups are formed to develop customized,
105

sophisticated data analysis methods. Furthermore, large international initiatives such
as the European Open Science Cloud or The European Science Cluster for Astronomy
and Particle Physics are examples of efforts addressing the critical aspects of challenges
confronting modern scientific experiments, with AI serving as a primary tool in addressing
them.
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