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ABSTRACT

The joint gravitational-wave (GW) and electromagnetic (EM) detection of the binary
neutron star (BNS) merger GW170817 [9] and the associated kilonova AT2017gfo
[7, 86, 217] ushered in the current era of Multi-Messenger Astronomy (MMA).
These MMA observations are of great scientific interest due to the breadth of
their impact in nuclear astrophysics as sites of r-process nucleosynthesis and heavy
element production, in cosmology as means of measuring the universe’s rate of
expansion, and in tests of general relativity. Low-latency GW searches are the most
promising means of detection for both BNS and neutron star-black hole (NSBH)
mergers, which have proven to be exceedingly rare. By decreasing the latency at
which we send alerts, improving current GW data products, and developing exciting
new data products such as estimates of chirp mass and kilonova properties, I strive
to maximize our chances of detecting the next multi-messenger neutron star merger
and be prepared to access the wealth of scientific knowledge it can provide.
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C h a p t e r 1

INTRODUCTION

1.1 A Brief Historical Introduction to Gravitational Waves
GWs were first theorized by Albert Einstein in 1916 [99, 100], shortly following,
and a consequence of, his 1915 theory of General Relativity that revolutionized
modern physics. [98]. While the concept of GWs was intriguing, there were no
instruments sensitive enough to directly detect them at the time, and that would be
remain case for nearly a century after their formulation.

The first indirect detection of GWs was made in 1974 with observations of the
Hulse–Taylor binary pulsar system [129]. A pulsar is a rapidly rotating NS that
emits intense EM radiation from its poles, observable at a consistent period due to
its rotation. It was observed that this pulsar had significant variations in its period,
which was explained by a Doppler Shift due to an orbit with the other compact
object, a second NS, in the binary. Due to the rapid acceleration of the massive
compact objects, the orbit of such a binary should decay from the emission of
gravitational radiation in the form of GWs, which was verified based on predictions
from General Relativity. This discovery eventually led to the 1993 Nobel Prize.

The first direct detection of GWs was made in 2015 when the Laser Interferometer
GW Observatory (LIGO) and Virgo collaborations detected GWs emitted from the
BBH merger GW150914 [6]. The observations were made using the pair of LIGO
laser interferometers, covered in Sec. 1.6. The 2017 Nobel Prize was awarded as a
result of this detection and design of the interferometers.

1.2 Gravitational Waves
GWs are the result of Einstein’s theory of relativity [98], and later described in
[99, 100]. They are a consequence of gravity being described as the distortion of
spacetime by massive objects. The acceleration of these masses produces waves
which propagate through spacetime.
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To understand GWs, we must start with the Einstein field equation:

𝑅𝜇𝜈 −
1
2
𝑔𝜇𝜈𝑅 =

8𝜋𝐺
𝑐4 𝑇𝜇𝜈 (1.1)

where 𝑅𝜇𝜈 is the Ricci tensor, 𝑔𝜇𝜈 is the metric tensor, 𝑅 is the Ricci scalar, 𝐺 is the
gravitational constant, and 𝑇𝜇𝜈 is the stress-energy (or energy-momentum) tensor.
Now, for the metric tensor, we start with Minkowski spacetime, composed of three
spatial dimensions and time. The Minkowski metric, 𝜂𝜇𝜈, is defined as:

𝜂𝜇𝜈 =

©­­­­­«
−1 0 0 0
0 1 0 0
0 0 1 0
0 0 0 1

ª®®®®®¬
(1.2)

We then introduce a small perturbation |ℎ𝜇𝜈 | << 1 to the otherwise flat Minkowski
spacetime, giving us the following metric:

𝑔𝜇𝜈 = 𝜂𝜇𝜈 + ℎ𝜇𝜈 (1.3)

We then apply the weak-field limit, which is the limit of an observer far away from
the mass, and discard higher order terms. This results in the linearized Einstein
equations, the weak-field equations, defined in the harmonic gauge as:

□ℎ̄𝜇𝜈 = −16𝜋𝐺
𝑐4 𝑇𝜇𝜈 . (1.4)

Where □ is the d’Alenbertian operator:

□ = 𝜕𝜇𝜕𝜇 =
1
𝑐2
𝜕2

𝜕𝑡2
− ∇2, (1.5)

and ℎ̄𝜇𝜈 is the trace-reversed metric perturbation:

ℎ̄𝜇𝜈 = ℎ𝜇𝜈 −
1
2
𝜂𝜇𝜈ℎ. (1.6)



3

In a vacuum, where 𝑇𝜇𝜈 = 0,

□ℎ̄𝜇𝜈 = 0, (1.7)

which implies that GWs propagate at the speed of light. Solving the linearized
Einstein equation, Eq. 1.4, the simplest solution is a monochromatic plane wave:

ℎ̄𝜇𝜈 = ℜ{𝐴𝜇𝜈𝑒𝑖𝑘
𝛼𝑥𝛼} (1.8)

,

where ®𝑘 is the wave vector and 𝐴𝜇𝜈 is the polarization tensor. Now, applying the
transverse-traceless gauge, we can determine the degrees of freedom for GWs. Let
us assume a wave propagating through flat spacetime in the 𝑥 direction, applying
this gauge we get:

ℎ𝜇𝜈 =

©­­­­­«
0 0 0 0
0 0 0 0
0 0 ℎ𝑦𝑦 ℎ𝑦𝑧

0 0 ℎ𝑦𝑧 −ℎ𝑦𝑦

ª®®®®®¬
(1.9)

.

This shows GWs have two physical degrees of freedom, and that they deform space
along the axes perpendicular to the direction of travel. GWs propagating in the
𝑥 direction will deform space in the 𝑦̂ and 𝑧 direction, alternating stretching one
dimension and compressing the other.

1.3 Neutron Stars and Black Holes
NSs are extremely dense remnants of collapsed stars, containing ∼ 1− 3 𝑀⊙ within
a radius on the order of 10 km. If the progenitor star is massive enough, the force
of gravity overcomes the electron degeneracy pressure during collapse, resulting in
the object collapsing further and forming a NS. There is still much to learn about
NSs, such as the NS EoS, which defines both the maximum mass of a neutron
star, above which it collapses into a BH, and the pressure-density, or equivalently
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mass-radius, relation of the object. If the neutron star grows too massive, reaching
the Tolman-Oppenheimer-Volkoff (TOV) limit somewhere between ∼ 2− 3 𝑀⊙, the
neutron degeneracy pressure is overcome and a BH is formed as there is nothing left
to resist gravity and the matter collapses in on itself.

1.4 Sources of Gravitational Waves
GWs are produced by accelerating masses that cause perturbations in spacetime.
Similarly to the force of gravity, the amplitude of these waves is quite small, however,
unless produced in the most extreme astrophysical events resulting in drastic accel-
erations of large masses. One such class of astrophysical phenomena, are compact
binary coalescences (CBCs). These CBCs are mergers of compact objects, such as
NSs and BHs, and are the only source of GWs that has been directly observed so far.
It is also expected that GWs could be observed from other compact objects, such as
white dwarfs. These CBCs have been observed, thus far, in three types:

• BNS: mergers of two neutron stars

• BBH: mergers of two black holes

• NSBH: mergers of a neutron star and a black hole

CBCs occur when a pair of compact objects become gravitationally bound and in
binary orbit around one another. As the objects orbit, they radiate energy in the
form of GWs, slowly decaying their orbit. We call this the “inspiral,” as the orbital
radius shrinks and the objects accelerate to greater speeds. This inspiral can last
thousands of years, but the GWs we observe in ground-based GW detectors are
from the last violent seconds of the inspiral and merger. The amplitude of the GWs
is impacted by the masses involved, as well as the inspiral itself. The innermost
stable orbit, or 𝑟𝐼𝑆𝐶𝑂 , is the smallest stable, circular orbit, and is a defining aspect of
the inspiral phase. The smaller the 𝑟𝐼𝑆𝐶𝑂 , the closer and faster the compact objects
orbit, leading to more extreme accelerations and greater energy loss through the
radiation of gravitational waves.
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Of our confirmed GW detections, BBH mergers are the most numerous. Not only
are there larger masses involved in these mergers (up to∼ 100M⊙ and beyond), these
events have a smaller 𝑟𝐼𝑆𝐶𝑂 than their NS counterparts. Larger masses and closer
orbits means greater distortions of spacetime, and that the GWs emitted are of greater
amplitude, making them easier to detect. BNS events, for comparison, are composed
on NSs which, at most, can approach ∼ 3 M⊙. These BNS events inspiral more
slowly through the sensitive frequency range of our detectors, however, meaning
the signals from BNS mergers may be detectable for tens of seconds or minutes,
while the signal from BBH mergers only seconds or fractions of a second. We use
modeled CBC searches to detected these GW signals, based on our understanding
of the expected waveforms [18]. New machine learning-based searches capable of
parameter estimation within seconds are also in development [167].

There are also other expected types of GWs that could be observed. Beyond CBCs,
we expect core-collapse supernovae can produce an observable GW signal from
oscillations caused by hydrodynamic instabilities during collapse [25]. There are
“burst” GW searches, which target unmodeled signals of unknown or undetermined
origin. These searches primarily search for coincident GW power in multiple
detectors, indiscriminate of the signal morphology [17].

Finally, there are continuous and stochastic GW. Continuous GWs refer to those
emitted continuously at the same frequency by a source, such as a spinning NS [20].
Stochastic GW refer to the GWs from the GW, or stochastic, background. This
background signal is the cumulative “hum” of the universe in GWs, the combination
of all the faint signals present in the universe, some a result of the Big Bang [72].

1.5 Detection of Gravitational Waves
GWs propagate at the speed of light, and lose amplitude and energy as they propagate
through space. Unlike light, however, which falls off in brightness by the square
of distance, the amplitude of GWs falls off proportional to distance, allowing them
to be observable across great distances. The direct detection of GWs requires
extraordinary precision, specifically the ability to measure changes in distance down
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to approximately 1/10000th the width of proton1.

Ground-based detectors like LIGO [2], Virgo [26], and Kagra [30], introduced in
Sec. 1.6, are designed to be sensitive to a specific frequency range of GWs, from ∼
10 Hz to 10 kHz [14]. This range works well for detecting CBCs, as they emit GWs
in this range at the very end of inspiral, when the signal is the strongest. While GWs
are emitted during the entire inspiral that can take thousands of years, the distortions
in spacetime become the strongest and most violent as the objects approach one
another, increasing in orbital frequency, and eventually merge. It is these last few
seconds, or even fractions of seconds, that fall within the sensitive band and that we
hope to observe. We call this characteristic rise and spike in the frequency of the
corresponding emitted GWs the “chirp".

We measure GWs in strain, ℎ, which is the measure of how a length, 𝐿 is compressed
by GWs.

ℎ =
Δ𝐿

𝐿
(1.10)

As GWs emitted from an astrophysical source pass through the detector, they cause
a detectable change in the length of the detector and the path length of the laser used
to measure the change. This is covered in detail in Sec. 1.2. The measured strain
of a GWs will only be around 10−21 by the time the GWs reach Earth, a minuscule
change in distance and one that requires impressive sensitivity to detect.

1.6 The International Gravitational-Wave Network
In order to detect, study, and localize GWs, we use a network of laser interferometers,
currently composed of the LIGO detectors in Hanford, Washington and Livingston,
Lousiana [2], the Virgo detector near Pisa, Italy [26], the Kagra detector near Hida,
Japan [30], and the GEO600 detector near Hannover, Germany [95]. This network
is seen in Fig. 1.1.

Laser interferometers, shown in Fig. 1.2, are L-shaped instruments with equal length
arms and a beam splitter for laser, where the laser is split and then recombined to

1https://www.ligo.caltech.edu



7

observe the resulting interference pattern. When the arms are free of disturbances,
the lasers from each arm are recombined out of phase and destructively interfere,
canceling each other out. When the arms are disturbed, such as being expanded and
contracted as GWs pass through, the split lasers will no longer be perfectly out of
phase due to the change in path length, and there will be an observable signal when
recombined.

The pair of LIGO detectors are currently the largest and most sensitive in the network,
with 4 km arms and a BNS sensitivity of 150-160 Mpc, as seen in Fig. 1.3. The
Virgo interferometer has 3 km arms with a sensitivity of 50-80 Mpc, while KAGRA
has similar 3 km arms, with a lower sensitivity. Lastly, GEO600 is a 600 m detector
primarily used for detector research and development. A new LIGO-like detector is
also planned near Hingoli, India and will join the network, called LIGO India [207].

The network of detectors increases our chances of detection for a number of reasons.
First, distinguishing GW signals from noise is difficult, so with detectors isolated
from one another, we should not expect the same noise signals to be present in
multiple detectors at the same time, unlike for GWs. Coherence between the signals
in multiple detectors is a strong indication a signal is astrophysical. The network
of detectors also allows for the signals to be localized in the sky via the differing
detector responses, and allows for the detection of signals that are missed by one
detector, whether that be due to a signal located in the blind spot of the detector
antenna pattern, due to transient noise, or when a detector is down.

1.7 Gravitational-Wave Laser Interferometer
GW detectors are exceptionally precise instruments operating under a simple premise:
when GWs pass through their arms, they distort spacetime, changing the path length
of the laser. The LIGO detectors are Michelson Interferometers with 4 km Fabry
Perot cavities, as seen in the simplified diagram in Fig. 1.2 [2]. The interferometer
starts with a high power laser passes through a beam splitter, sending half of the
laser’s power in two perpendicular directions. The laser then passes into the Fabry
Perot cavities.

These Fabry Perot cavities increase the effective length of the instrument by the
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Figure 1.1: The International Gravitational-Wave Network of Observatories. Credit:
https://www.ligo.caltech.edu

reflecting the laser back and forth an average of 300 times, making the effective length
of the instrument 1200 km. Increasing the effective length in this manner increases
our sensitivity to GWs, without further increasing the size of the interferometer. In
addition, power recycling mirrors are used to increasing the power of the laser, again
increasing the precision of the instrument. This is done by continuously reflecting
light that has already passes through the instrument back in the Fabry Perot cavities.

Once the light from one arm of the interferometer has escaped the highly reflective
Fabry Perot cavity, it recombined with the light from the other arm. When there
is no disturbance, the two potions of the split laser are recombined out of phase
with perfect destructive interference, and no signal is observed. When a GW signal
passes through the detector, spacetime is deformed and the effective path length of
the laser is impacted, which changes the outgoing phase of the laser and disrupts the
destructive interference, resulting in an observable signal at the detector. Additional
details can be found in [2].
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Figure 1.2: A basic diagram of a Michelson interferometer with 4 km Fabry Perot
cavities, similar to LIGO interferometers. Credit: https://www.ligo.caltech.
edu

1.8 Kilonovae
Kilonovae are astrophysical transient events that may result from either BNS or
NSBH mergers. They are of particular scientific interest as sites of r-process nucle-
osynthesis, through which heavy elements can be produced. The radioactive decay
and interactions of these r-process elements in the mass ejected from the NS(s)
powers the EM emission we hope to observe [135, 151, 155, 171]. Observations
of kilonovae, such as GW170817, allow for breakthroughs in nuclear astrophysics
[135, 137, 166, 217, 234], cosmology [8, 83, 94], and tests of General Relativity
[45, 88, 104].

The name “kilonova” comes from the fact the peak luminosity can reach 1000
times that of a classical nova. At 1042 erg/s, these transients are approximately 100
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Figure 1.3: BNS Sensitivity of IGWN interferometers. Credit: https://
emfollow.docs.ligo.org/userguide/

times fainter than a type Ia supernova at peak luminosity. Searches for kilonovae
are challenging as they are short lived, can be relatively faint, and may not be
well-localized. Specifically when following up GW events, sky localizations can
span ≈ 100 − 10, 000 deg2 [53, 77, 101, 105, 106, 123, 142, 202, 212, 214, 235].
GW178017, BNS merger, is the only NS merger that provided joint observations
of a GW signal, kilonova, and sGRB. While GW follow-up is rightfully a focus, it
is also possible to identify kilonovae associated with sGRBs [39, 133, 224], long
GRBs [154, 193, 227], or even serendipitously in survey operations [31, 33, 34].

Kilonovae may result from the BNS or NSBH mergers as mass is ripped from the
NS(s) during the extreme tidal forces of the coalescence, and the particle-driven
winds that result. The radioactive decay and interactions of r-process elements in
this mass ejected during merger is what powers the emission we can observe.

Mass ejecta (𝑚𝑒 𝑗 ) is often described in two components: the dynamical ejecta
and the wind ejecta. The dynamical ejecta (𝑚dyn

ej ) is produced as the extreme
gravitational forces of the inspiral tidally deform the NS and rip mass free [172].
The wind ejecta (𝑚wind

ej ) is produced when matter is ejected from the accretion disk
surrounding the merger by energetic outflows of particles, sometimes referred to as
particle “winds” [172]. The total mass ejecta is expected to be strongly correlated
with the peak luminosity of the kilonova emissions, so predicting the mass ejecta
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Figure 1.4: Summary of the electromagnetic counterparts of BNS and NSBH
mergers and their dependence on the viewing angle with respect to the axis of
the GRB jet. The kilonova, in contrast to the GRB and its afterglow, is relatively
isotropic and thus represents the most promising counterpart for the majority of
GW-detected mergers. Figure and caption excerpt from: Ref. [172]

for a given merger useful for understanding which events can produce an observable
kilonova.

Models of kilonova emission often consider two components: a red, lanthanide-rich
component, and a blue, lanthanide-free component. The red component is neutron
rich and where heavy element nucleosynthesis in the r-process is expected to take
place. This component is equatorial and high opacity, and peaks in the NIR [172].
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The blue component is expected to be concentrated in the polar regions or isotropic
outflows from the accretion disk. It has a lower neutron fraction and low opacity,
and peaks in the visual bands.

Fig. 1.4 shows a summary of the different EM components that may follow a BNS or
NSBH merger, including a kilonova, Gamma Ray Burst (GRB), and accompanying
afterglow. The GRB will occur and peak within seconds of merger, concentrated in
the polar regions, while the kilonova will reach the peak of emissions on the order
of ∼ day after merger, and slowly fade. Chapter 4 covers proposed data products
designed to maximize our chances at detecting a kilonova.

1.9 Gamma-Ray Bursts
GRBs are high energy astrophysical transients resulting from the supernovae or
CBC merger events. As a general rule, if the burst lasts < ∼ 2s, it is classified as an
short GRB (sGRB), and those with a greater burst duration as long GRBs. GRBs
were first discovered by the Vela satellites by scientists at Los Alamos National
Laboratory while watching for tests of nuclear weapons in space [140]. The bursts
were found to be of extra-galactic origin, and hence extremely energetic, due to their
isotropic distribution in the sky and lack of coincidence with the galactic plane.
They also can have observable afterglows in longer wavelengths such as radio and
X-ray, allowing for additional study.

As GRBs can be caused by CBC mergers, they are a captivating target for multi-
messenger efforts. As covered in Sec. 1.11, multi-messenger observations of CBC
have applications across nuclear astrophysics, general relativity, and cosmology.
There are numerous efforts to find coincidences between GRBs, GWs, and neutrinos,
and it is also possible to identify kilonovae associated with both sGRBs [39, 133, 224]
and long GRBs [154, 193, 227].

1.10 Neutrinos
Neutrinos are weakly interacting particles, specifically only interacting through the
weak force and gravity, making them difficult to detect. High energy neutrinos can
be emitted from supernovae and CBCs, which make them targets of multi-messenger
efforts. In order to detect neutrinos, large Cherenkov detectors are used to observe
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the light emitted via Cherenkov radiation from secondary particles produced as
neutrinos interact with other particles. Cherenkov radiation is produced when these
high energy secondary particles travel faster than the speed of light in a medium, such
as water or ice, and produce light. This light can then be detected and the particle
interactions reconstructed to determine the energy and direction of the incoming
neutrino.

The IceCube Neutrino Observatory is one such example of a Cherenkov neutrino
detector. IceCube consists of digital optical modules with photomultiplier tubes
covering a cubic kilometer of ice [1]. When a neutrino interacts with a molecule,
such as the water in the ice, it creates a shower of charged particles that create
Cherenkov light observable by the detector. As these high energy neutrinos can
produced by transients such as GRB or kilonova resulting from CBCs, neutrinos
coincident with GWs can indicate such a multi-messenger event.

1.11 GW150914 and GW170817: Heralds of the Multi-Messenger Era
On September 9th, 2015 the first direct detection of GWs was made via observations
of a pair of black holes merging: a BBH merger [6]. The black holes involved in
this merger were ∼ 36 𝑀⊙ and ∼ 29 𝑀⊙ respectively, and the observations matched
the waveform predicted by General Relativity for such a merger into and ringdown
of the resulting black hole. The detection of this event is shown in Fig. 1.5, with the
expected waveform in the top panels and characteristic “chirp” in frequency seen
in the boot panels. This Nobel Prize-winning discovery ushered in the era of GW
astronomy, opening up a new means, or messenger, for studying the observable uni-
verse: GWs. These observations led to rapid growth in the field of GW astronomy,
as a new wealth of information previously inaccessible became available. Alongside
growth in countless areas of study, GW astronomy has lead to comprehensive studies
of the population of merging binaries [21] and extensive tests of general relativity
[19].

Then, with the combined detection of GWs from the BNS GW170817 [9] and EM
counterparts in the kilonova AT2017gfo [7, 86, 217] and GRB170817A [10, 118,
208], the era of multi-messenger astrophysics was ushered in. Fig. 1.6 shows the
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Figure 1.5: The gravitational-wave event GW150914 observed by the LIGO Hanford
(H1, left column panels) and Livingston (L1, right column panels) detectors. Times
are shown relative to September 14, 2015 at 09:50:45 UTC. Figure and caption
excerpt from: Ref. [6]

coincident GW and GRB detection. This combined detection was a multi-messenger
event, referring to the combination of information, or messengers, from light and
GWs in this case, with another possible messenger in neutrinos. The joint GW and
EM observations of the BNS and kilonova have led to insights across diverse fields
of physics and astronomy. With this detection, kilonovae are shown to be sites of
r-process nucleosynthesis, a means through which heavy elements are produced, and
it is the radioactive decay and interactions of these r-process elements that powers
the observable kilonova emission [135, 151, 155, 171]. Observations of GW170817
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led to breakthroughs in nuclear astrophysics in our understanding of the merger
dynamics and resulting emissions [135, 137, 166, 217, 234], as well as provided a
measurement of the NS radius and EoS [11], and was the subject for numerous tests
of General Relativity [45, 88, 104]. In addition, the event is of cosmological interest,
as a means for standard siren measurement of the Hubble Constant [8, 83, 94]. There
is still much to learn, and we hope additional future observations of these rare and
elusive events will help further our understanding of the diversity of their intrinsic
parameters, their EM and neutrino emissions, and the heavy elements produced by
r-process nucleosynthesis.

1.12 GW170817: A Summary of Observations
On August 17, 2017, a short GRB was detected by Fermi-GBM, and an alert was
immediately sent out to the community. The GRB was confirmed shortly after by
INTEGRAL [10]. Around the same time, a GW signal was observed in the LIGO-
Hanford detector. However, due to data quality issues in the LIGO-Livingston
detector, the signal was not immediately picked up. After expedient offline analysis,
including removing a transient noise artifact in the Livingston data and including
Virgo, the result was a 32.4 SNR trigger observed over ∼ 100 s. This was the loudest
and longest duration signal observed at the time. The combined GW network SNR
of 32.4 corresponds to individual SNRs of 26.4, 18.8, and 2.0 in the LIGO-Hanford,
LIGO-Livingston, and Virgo detectors, respectively.

The initial low-latency sky localization for this GW event, now know as GW170817,
was 190 deg2, but after additional offline analysis, this was reduced to 31 deg2, and
then 28 deg2. The distance to the event was determined to be approximately 40 Mpc.
Where the source was localized, as well as the comparison in sky localizations and
distance posteriors can be see in Fig. 1.7. This drastic improvement in localization
was possible by including all three detectors, LIGO-Hanford, LIGO-Livingston, and
Virgo in the analysis. Even though Virgo contributed a low SNR, the inclusion of
Virgo data was still of great benefit as it could be determined the source was near
the blind spot of the detector, and regions of the sky could be ruled out.

Urged on by the prospects of a multi-messenger detection and armed with the sky
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Figure 1.6: Joint, multi-messenger detection of GW170817 and GRB 170817A.
Figure and caption excerpt from: Ref. [10]

localization, astronomers and surveys across the globe began searching for an EM
counterpart. Approximately 11 hours after the GW detection, the source was found
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Figure 1.7: Sky location reconstructed for GW170817 by a rapid localization al-
gorithm from a Hanford-Livingston (190 deg2, light blue contours) and Hanford-
Livingston-Virgo (31 deg2, dark blue contours) analysis. A higher latency Hanford-
Livingston-Virgo analysis improved the localization (28 deg2, green contours). In
the top-right inset panel, the reticle marks the position of the apparent host galaxy
NGC 4993. The bottom-right panel shows the a posteriori luminosity distance
distribution from the three gravitational-wave localization analyses. Figure and
caption excerpt from: Ref. [9]

near the galaxy NGC 4993 by the Swope Telescope at Las Campanas Observatory,
and soon confirmed by others [7, 10]. The source was determined to be at 40
Mpc, consistent with the distance estimates from the GW sky localization. With the
source located, additional photometric and spectroscopic observations were taken
using numerous telescopes, and would lead to scientific gains in nuclear astrophysics,
general relativity, and cosmology [7].
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1.13 Low-Latency Alert Infrastructure
The Low-Latency Alert Infrastructure (LLAI) is comprised of numerous software
stacks working in unison to send out timely alerts to the greater scientific community
and enable a wide breadth of research related to our GW detections. Upon detection
and upload of a candidate event passing the FAR threshold by one of our GW search
pipelines, public alerts are sent out to inform the greater astronomical community
of GW candidate events, enabling multi-messenger follow-up of these events. It
is imperative these alerts are sent with minimal latency, as astrophysical transients
such as kilonovae and GRBs are short lived and reach their peak of emissions
very quickly. These public alerts are distributed both via GCN and the Scalable
Cyberinfrastructure to support Multi-Messenger Astrophysics2 (SCiMMA).

A few major components of the LLAI are GRAvitational-wave Candidate Event
DataBase (GraceDB)3, igwn-alert4, and GWCelery5 6. GraceDB serves as both
the database for candidate events, as well an internal and external web view for these
same events. igwn-alert is an internal messaging system to communicate the
state of events, and GWCelery is a task queue, to cluster, annotate, and orchestrate
the events, as well as publish public alerts to the greater scientific community.
The components and performance of the LLAI are covered in detail in Chapter 2,
including the individual GWs search pipelines.

2https://scimma.org/
3https://gracedb.ligo.org/
4https://igwn-alert.readthedocs.io
5https://git.ligo.org/emfollow/gwcelery
6https://rtd.igwn.org/projects/gwcelery/en/latest/
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C h a p t e r 2

LOW-LATENCY GRAVITATIONAL WAVE ALERT PRODUCTS
AND THEIR PERFORMANCE AT THE TIME OF THE FOURTH

LIGO-VIRGO-KAGRA OBSERVING RUN

Work reproduced from:

Sushant Sharma Chaudhary, Andrew Toivonen, et al. Low-latency gravitational
wave alert products and their performance at the time of the fourth LIGO-Virgo-
KAGRA observing run. Proc. Nat. Acad. Sci., 121(18):e2316474121, 2024. doi:
10.1073/pnas.2316474121.
A.T. and S.S.C contributed equally to this work.

2.1 Motivation
Multi-messenger searches for BNS and NSBH mergers are currently one of the
most exciting areas of astronomy. The search for joint electromagnetic and neutrino
counterparts to GWs has resumed with O4. To support this effort, public semi-
automated data products are sent in near real-time and include localization and
source properties to guide complementary observations. In preparation for O4, we
have conducted a study using a simulated population of compact binaries and a MDC
in the form of a real-time replay to optimize and profile the software infrastructure
and scientific deliverables. End-to-end performance was tested, including data
ingestion, running online search pipelines, performing annotations, and issuing
alerts to the astrophysics community. We present an overview of the low-latency
infrastructure and the performance of the data products that are now being released
during O4 based on the MDC. We report the expected median latency for the
preliminary alert of full bandwidth searches (29.5 s) and show consistency and
accuracy of released data products using the MDC. For the first time, we report
the expected median latency for triggers from early warning searches (-3.1 s), which
are new in O4 and target neutron star mergers during inspiral phase. This paper
provides a performance overview for LVK low-latency alert infrastructure and data
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products using the MDC and serves as a useful reference for the interpretation of
O4 detections.

2.2 Low-Latency Gravitational Wave Searches
As of May 24 20231, aLIGO’s, AdVirgo’s and KAGRA’s fourth observing run (O4)
is underway, following a series of observing runs, which have reported the detection
of the first BBH in aLIGO’s first observing run (O1) [24], the detection of the first
BNS merger [9] and associated electromagnetic counterparts AT2017gfo [7, 86, 217]
and GRB170817A [10, 118, 208] in the aLIGO’s and AdVirgo’s second observing
run (O2),and NSBH [15] in the O3. Focusing on NS mergers, there are a variety
of science cases for their multi-messenger counterpart searches and detections,
including measurements of the NS EoS [37, 48, 79–81, 93, 131, 150, 164, 177, 192],
the Hubble constant [8, 82, 83, 93, 128], and 𝑟-process nucleosynthesis [71, 86, 87,
136, 187, 201, 217, 234].

The LIGO-Virgo-KAGRA (LVK)’s real time alert infrastructure depends on several
components. Broadly this includes low-latency data calibration and transfer, run-
ning modeled and unmodeled online searches, and maintaining the state of events in
GraceDB following the discovery. In addition to GraceDB,2 which serves as both the
database and as an internal and external web view, the alert infrastructure includes
igwn-alert,3 an internal messaging system to communicate the state of events,
and GWCelery,4 5 a task queue, to cluster, annotate, and orchestrate the events, as
well as publish public alerts6 for the community to subscribe to. Figure 2.1 shows
the task flow of the LLAI for candidate events. The current LLAI is a significantly
upgraded version of the infrastructure used earlier, described in [157], and used in
the more recently reported early-warning system, reported in [162]. The primary
changes compared to previous observing run are the transition from a XMPP based
pubsub system internally to Kafka-based messaging provided by the SCiMMA bro-

1https://observing.docs.ligo.org/plan
2https://gracedb.ligo.org/
3https://igwn-alert.readthedocs.io
4https://git.ligo.org/emfollow/gwcelery
5https://rtd.igwn.org/projects/gwcelery/en/latest/
6For example, those hosted by SCiMMA and NASA
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ker, removal of timeouts at various places of synchronization and instead relying
on labels on GraceDB to keep track of the state of the superevent, and reconfigur-
ing the snapshotting configuration for Redis database to strike a balance between
fault tolerance and avoid filling disk quota. Aside from this, upgrades to software
versions of the dependencies and running computationally expensive resources on
specific pool of modern hardware contributed to a improvement compared to pre-
vious observing run. The LVK Alert User Guide 7 constitutes a living document
where information and updates about this system are regularly communicated to the
broader community. Further discussion of GraceDB, igwn-alert, and GWCelery
is provided in the supplementary material.
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Figure 2.1: Task flow of low-latency alert infrastructure. The process begins with
search pipeline trigger(s) on a candidate in the GW datastream, which are passed
through data quality checks and compiled into a superevent. If the preferred event
from the superevent passed the significant FAR cut, a preliminary alert is sent out
to the public.

To prepare for O4 and demonstrate performance across a variety of software and
alert system improvements, we carried out a Mock Data Challenge (MDC). This
MDC constitutes a testing environment for the LLAI to prepare for O4, producing
repeated sets of 40 days of data from O3, with associated simulations of CBCs to

7https://emfollow.docs.ligo.org/userguide/
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stress test the system. While the rates of simulated events (see Section 2.2 for a
description of the data set) were much higher than that expected for O4, this high rate
was designed to test the various components of searches, the alert system and the
scientific deliverables before heading into O4; these include, for example, tests of
the detection efficiency of online real time low-latency searches, the rapid estimation
of the binary system properties, and their associated sky localizations.

In this paper, we describe the details of the alert system for O4 and its performance
based on this MDC. In addition, we provide an overview of the detection perfor-
mance of real time searches, along with the consistency and accuracy of alert data
products. Sections 2.2 - 2.2 provide an overview of the LLAI and the scientific data
products reported, while Section 2.2 describes the properties of the MDC, including
the motivations for the choices made. Section 2.3 reports the properties of the LLAI
as of the beginning of O4, as measured by the MDC, and Section 2.4 describes the
conclusions and prospects for future development.

Searches
Low-latency GW searches consist of two categories: “modeled” CBC [160] and
“unmodeled” Burst [159] searches. Modeled CBC searches target BNS, NSBH,
or BBH; unmodeled searches look for signals with generic morphologies from a
wide variety of astrophysical sources like core-collapse of massive stars, magnetar
star-quakes, and other sources, in addition to compact binary mergers [16, 159].
For the purpose of this MDC analysis, we focus on CBC searches, but also report
latencies of injections found by Burst pipelines. CBC searches can be categorized
as early warning, referring to pre-merger searches [146, 205], or full bandwidth,
referring to post-merger, based on how the search truncates their templates. Each
search produces candidate GW triggers and assigns them ranking statistic values and
FARs; the FAR for a trigger in a given search pipeline is defined as the expected rate
of triggers due to detector noise, in that pipeline, with equal or higher ranking. Each
search pipeline has different and independent methods of generating and ranking
triggers and estimating the noise background and thus the FAR; for details see
[43, 89, 127, 156, 170, 188, 231]. In addition, the probability of astrophysical origin,
𝑝𝑎𝑠𝑡𝑟𝑜, for a trigger is calculated for CBC searches, which is briefly introduced in
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Section 2.2.

The MDC data was analyzed by four CBC searches (GstLAL [103, 170, 228], Multi-
Band Template Analysis (MBTA) [43], Python based Compact Binary Coalescence
search software (PyCBC) [89, 181], Summed Parallel Infinite Impulse Response
(SPIIR) [74, 146]), two burst searches (Coherent WaveBurst (cWB) [96, 143, 144],
and Omicron LALInferenceBurst (oLIB) [161]), and an external coincidences search
(Rapid, on-source VOEvent Coincident Monitor (RAVEN) [70, 188, 230]). A brief
description of these pipelines is given in the supplement section.

Selection of the public GW event candidate
When a potential GW signal appears in the detector, the low-latency search pipelines
analyze the signal and produce event candidates. Each pipeline can report multiple
candidates for a single GW signal. The event candidates, reported within a specific
time window (1 s around coalescence time for CBC searches, and 1 s around trigger
time for burst searches), are collected and grouped as a superevent. In the collection,
one GW event candidate is identified as the preferred event (defined as the event with
the highest network SNR for CBC pipelines whereas lowest FAR for burst pipelines),
and its properties and data products are prepared for release to the public, which
include the merger time, FAR, sky localization, and classification (see Section 2.2).

Alerts are released publicly when a FAR passes the public alert threshold, currently
FAR ≤ 1.6 × 10−4 Hz (fourteen per day). An alert is labeled as significant when
a CBC alert passes a FAR threshold of FAR ≤ 3.9 × 10−7 Hz (one per month) or
when an unmodeled burst alert passes a FAR threshold of FAR ≤ 3.2×10−8 Hz (one
per year). Since multiple CBC and burst searches run in low-latency, to account
for the trials factor from these different searches with statistically independent false
alarms, events from CBC searches are labeled significant when a FAR passes a
threshold of FAR ≤ 7.7 × 10−8 Hz (one per 5 months), whereas events from burst
target searches require a FAR ≤ 7.9 × 10−9 Hz (one per 4 year). In the MDC,
however, CBC trials factor of 6 was used due to which CBC events were labeled
significant when a FAR passes a threshold of FAR ≤ 6.4 × 10−8 Hz (one per 6
months). Considering the trials factor accounting for all searches, the public alert
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threshold is FAR ≤ 2.3 × 10−5 Hz (two per day). Alerts that meet the public alert
threshold but not the significant threshold are labeled low significance. RAVEN only
uses the significant FAR thresholds when assessing its joint FAR for publication,
with additional trials factors to compensate for listening to multiple GW pipelines.
The LVK Alert User Guide8 should be referenced for up-to-date information on
trials factors during observing runs.

Alert Contents
Public alerts are sent in order to inform the greater astronomical community of
GW events, enabling multi-messenger follow-up of these events. These alerts are
distributed both via GCN and the Scalable Cyberinfrastructure to support Multi-
Messenger Astrophysics9 (SCiMMA) project in order to reach maximum consumers
through two broad bases of subscribers. The alerts come in two types: notices, which
are machine-readable and come in a variety of formats, and GCN circulars, which
are human-readable.

There are five types of notices that may be sent out for a candidate event: Early
Warning, Preliminary, Initial, Update, and Retraction. Early Warning Notices arise
from dedicated pre-merger search pipelines, potentially enabling the release of alerts
seconds before merger [162]. A first Preliminary Notice is sent out when an event
candidate of a superevent exceeds the public FAR threshold. Following a timeout,
the preferred event is determined and a second Preliminary Notice is then issued
(even if the preferred event candidate remains unchanged). Both Early Warning
and Preliminary Notices are sent out if the candidate passes automatic data quality
checks [38]. These data quality checks are carried out by the Data Quality Report
framework10, and include checks for terrestrial noise and stationarity of the data,
among others. In certain cases, such as when manual data quality checks yield
suspicions on the astrophysical nature of the candidate, a Retraction Notice may be
sent. If, however, the Early Warning or Preliminary Notice passes human vetting,
then an Initial Notice is sent out accompanied by a GCN Circular to announce

8https://emfollow.docs.ligo.org/userguide/
9https://scimma.org/

10https://docs.ligo.org/detchar/data-quality-report/
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Compact Object Properties

Binary Type Object 𝑚/𝑀⊙ (min/max) 𝑚 distribution Max 𝑎 𝑎 distribution

BNS Primary 1.0 - 2.05 uniform 0.4 uniform & isotropic
Secondary 1.0 - 2.05 uniform 0.4 uniform & isotropic

NSBH Primary 1.0 - 60.0 𝑚−1 0.998 uniform & isotropic
Secondary 1.0 - 2.05 uniform 0.4 uniform & isotropic

BBH Primary 2.05 - 100 𝑚−2.35 0.998 uniform & isotropic
Secondary 2.05 - 100 𝑚1 0.998 uniform & isotropic

Table 2.1: Distribution of intrinsic properties (component masses 𝑚 and spins 𝑎)
of binary systems in the injection sample. The spin distributions are uniform in
magnitude and isotropic in orientation, as seen in the last column.

the detection. The final type of notice, an Update Notice, is used to send out
improved estimates of alert contents based on parameter estimation when they
become available. Included in each alert is an estimate of the event’s probability
of astrophysical origin, or 𝑝𝑎𝑠𝑡𝑟𝑜. Both Initial and Update Notices are accompanied
by human-readable GCN Circulars. This is broken up into four categories that
sum to 1 by definition: P(BNS), P(NSBH), P(BBH), and P(Terrestrial), where the
mass boundary between NS and BH is set at 3𝑀⊙. The specifics of individual
pipeline 𝑝𝑎𝑠𝑡𝑟𝑜 calculations can be found in the supplemental text. If the superevent
is coincident with a GCN candidate, the various data products concerning the joint
candidate are included, such as the time delay, joint FAR 11, and combined sky map
if applicable.

Sky localization One of the key data products to enable multi-messenger follow-
up is the rapid inference of the sky localization from GW observations. This sky
localization consists of the posterior probability distribution of the source location
in the sky. The sky localization, mapped either over a 2D map of right ascension
and declination, or a 3D volume which also includes a distance estimate, is known
as a “sky map.” Sky localization (and parameter estimation more generally) is
conducted in multiple stages once a candidate is identified.

For CBC sources, BAYESian TriAngulation and Rapid localization (BAYESTAR), a
rapid sky localization algorithm [216], is used to generate sky maps, and may be

11https://ligo-raven.readthedocs.io
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updated by Bilby (Section 2.2), a python-based parameter estimation pipeline that
uses stochastic sampling methods [41, 200]. Sky maps from BAYESTAR are released
with Preliminary Notices and sky maps from Bilby are released in Update Notices.
Additionally, cWB also generates localizations for burst event candidates[141].

The sky map is stored as FITS file using the Hierarchical Equal Area isoLatitude
Pixelization (HEALPix) [119] framework in the Multi-Order Coverage (MOC) rep-
resentation [111]; flattened versions at a fixed HEALPix grid size are also available
for superevents. MOC sky maps use adaptive division of the HEALPix grid, fo-
cusing areas of highest resolution on regions of highest probability with minimal
information loss. Sky maps are made available both through the distributed alert as
well as uploaded on GraceDB, where they are available for direct download. If there
is a coincidence with a GRB candidate that has a sky localization, we compute the
overlap integral with the GW sky map information. This weighted sky map is then
included in the alert. The technique of combining sky maps from two independent
datasets is laid out for the first time in [230], under the signal hypothesis of the
Bayesian framework, and is presented in an accessible manner in [40].

EM-Bright EM-Bright12 is a pipeline designed to assess whether a GW candidate
is capable of producing an electromagnetic counterpart [67]. A rapid assessment
of EM-Bright properties, HasNS and HasRemnant, is essential to trigger target
of opportunity (ToO) follow-up by ground and space-based observatories. In this
regard, HasNS and HasRemnant quantities are reported as a part of the automated
and update discovery notices. The HasNS is the probability of the binary having a
NS component, while HasRemnant is the probability of the merger leaving remnant
matter post-merger in the form of dynamical or tidal ejecta.

The exact nature of EM emission from the merger is complex and depends on several
factors like the properties of the ejecta, the NS EoS, and the BH mass and spin.
Detailed analyses are required to assess the accurate properties of EM counterparts
(see, for example, [210] for a review). These are, however, impractical in a real-time
setting. Aside from theoretical uncertainties, measurement uncertainties predom-

12https://git.ligo.org/emfollow/em-properties/em-bright
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inantly affect the assessment of EM-brightness in real-time. Note that the only
real-time data products available from match filter CBC searches are the template
parameters that maximize the likelihood of detection, and these values are internal.
Bayesian parameter estimation from computationally cheap waveform models may
be available in ∼ hours, as discussed later, but it is not available in the seconds after
a trigger is registered. Hence, inference from the template parameters and real-time
detection statistics is the feasible solution.

To this end, [67] showed the application of supervised machine-learning trained on
a feature space involving the template parameters and detection statistics to make
this inference. Training is done using large-scale simulation campaigns where the
ground truth and the recovery of search pipelines are registered. The ground truth is
labeled based on its intrinsic source-frame mass as having a NS component, or both
mass and spin components as leaving remnant matter behind post merger, based
on a phenomenological fit to numerical relativity simulations by [114]. The NS
EoS plays a crucial role in the labeling as stiffer EoS favor tidal disruption, and
therefore prefer larger ejecta masses. While in [67] a single, stiff NS EoS was
used on conservative grounds, here we extend the analysis to multiple EoSs, and
reweight the score based on Bayes factors computed against GW170817 [158] tidal
deformability measurements for several NS EoSs presented in [116]. The score
presented is therefore marginalized over several EoSs.

In addition to HasNS and HasRemnant, a new quantity HasMassGap, the probability
that at least one component of the binary merger is in the lower mass-gap region
i.e. source-frame mass between 3𝑀⊙ to 5𝑀⊙ is computed. The technique used in
computing HasMassGap is similar to the original EM-Bright quantities, except the
labeling is different and does not involve the knowledge of the NS EoS. The values
reported for HasNS and HasRemnant use a nearest-neighbor classifier algorithm,
while that used for HasMassGap use a random-forest classifier algorithm.

Similar to the sky maps, these quantities are updated from online parameter esti-
mation samples, which are made publicly available ∼ hours after discovery. The
parameter estimation samples allow for these quantities to be computed directly.
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Low-latency Parameter Estimation
CBC signal candidates labeled as significant (see 2.2) are further investigated via
automated Bayesian parameter estimation analysis with the Bilby library. It em-
ploys the nested sampling technique implemented in the Dynesty library [220] to
explore the full parameter space of masses and spins, producing accurate inference
results immune to biases included in the point estimates of masses and spins from
search pipelines. It also takes into account uncertainties in detector calibration and
marginalizes the posterior probability distribution over them.

To accelerate the analysis, we employ the reduced order quadrature (ROQ) technique
[61, 175, 218], which approximates gravitational waveform with ROQ basis elements
to reduce the computational cost of likelihood evaluations. The ROQ basis elements
employed in the automated parameter estimation of O4 are presented in [176].

For BNS candidates, the analysis assumes that dimensionless spins have norms less
than 0.05 and are aligned with the orbital angular momentum, and employs the
IMRPhenomD waveform approximant [130, 138] to recover the observed signals.
With the acceleration technique, the sampling completes typically in less than 10
minutes. The actual time from detection to upload of results from Bilby is a few
tens of minutes since this analysis starts around 5 minutes after signal detection, and
preparing input data and post-processing results take several minutes. Currently,
the output of this analysis is not automatically made public but manually sent after
it passes human vetting. Hence it is sent at the earliest when an Initial Notice is
sent, and the actual latency of the update is higher than the latency of upload of the
results.

In addition to this automated analysis, more costly manual analyses incorporating
general spin configurations and tidal deformation of colliding objects may follow,
depending on the significance of the signal. For candidates with higher masses,
the automated analysis takes into account general spin configurations, and employs
IMRPhenomXPHM [190] if its ROQ basis elements are available in the target mass
range, and IMRPhenomPv2 [124] otherwise. This analysis typically takes hours to
complete. If this analysis completes after an Initial Notice is sent, its output is
released as an Update Notice. The UV-optical radiation from a kilonova is expected
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Latency Measure Description 50% (s) 90% (s)

Superevents 𝑡superevent- 𝑡0 9.4 18.1
CBC Events 𝑡event- 𝑡0 12.3 41.4
Burst Events 𝑡event- 𝑡0 72.3 671.3
Early Warning Events 𝑡event- 𝑡0 -3.1 2.9
GW Advocate Request 𝑡ADV_REQ- 𝑡0 12.7 40.1
GCN Preliminary Sent 𝑡GCN_PRELIM- 𝑡0 29.5 171.8
Coincidence with GRB Found 𝑡EM_COINC- 𝑡0 32.9 44.4
RAVEN Alert Triggered 𝑡RAVEN_ALERT- 𝑡0 35.3 48.4

Table 2.2: Measured latencies for a number of steps in the pipeline. 𝑡0 corresponds to
the event merger time reported by the pipeline, while 𝑡𝑠𝑢𝑝𝑒𝑟𝑒𝑣𝑒𝑛𝑡 and 𝑡𝑒𝑣𝑒𝑛𝑡 correspond
to the time of superevent or event creation. For the case of superevent latencies, 𝑡0
is determined by the preferred event.

to fade away within ∼ 48 hours [7], so parameter estimation updates within ∼ hour
are sufficient for follow-up purposes.
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Figure 2.2: Left: Histogram of latencies for the sending of the GCN preliminary
alert. We compare the MDC latencies to the median latency measured during O4a.
The O4a measurement includes data calibration, construction, and transfer time,
while the MDC latencies do not. Right: Histogram of latencies for Early Warning
alerts. 𝑡𝐺𝐶𝑁_𝑃𝑅𝐸𝐿𝐼𝑀 corresponds to the time the GCN preliminary alert is sent, 𝑡0
corresponds to the preferred event merger time, and 𝑡𝑒𝑣𝑒𝑛𝑡 corresponds to the time
of event creation.
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Mock Data Challenge
To create a background for the MDC, we consider the stretch of data taken between
Jan 05, 2020 – Feb 14, 2020 by the LVK instruments during O3. A total of 5 × 104

simulated CBC waveforms with mass and spin distributions mentioned in Table 2.1
are injected into the O3 data with an interval of ∼ 1 minute between injections.
The optimal network SNR is greater than 4 for all the injections. This is done
to prevent “hopeless” injections, which are improbable to be detected in reality.
The IMRPhenomPv2_NRTidalv2 waveform approximant is used to consider matter
effects in case of NS components of the injections. For BHs, the same waveform is
used with the tidal parameters set to zero. In order to label a component as a NS,
the SLy [65] NS EoS is used, which allows for a maximum mass of ∼ 2.05 𝑀⊙.
Hence, in this scheme, the tidal deformability of component masses above this limit
are set to zero consistent with being a BH. In particular, all injections above the SLy
maximum mass are assumed to be BHs, and the appropriate relative rate is used
for the same. These injected signals are primarily recovered by CBC pipelines, and
occasionally by Burst pipelines. In the MDC exercise, we have focused most of our
analysis on the output and data products of the CBC pipelines. We also note that
the injection rate density used in the study is artificially high and not representative
of the true discovery rate in O4. We expect O(102) CBC detections during the full
duration of O4 [139], compared to O(103) of detections across the 40 day MDC
cycle. Therefore, quantities like 𝑝𝑎𝑠𝑡𝑟𝑜which rely on the background distribution,
may not be the true representation as compared to a realistic signal density. The CBC
injection set consists of 40.9% BNS, 35.8% NSBH, and 23.3% BBH injections.

The events are distributed uniformly in co-moving volume assuming flat ΛCDM
cosmology with 𝐻0 = 67.3 km s−1 Mpc−1 and Ω𝑚 = 0.3 based on Planck 2018
results mentioned in Table 1 of [28]. The BNS systems are distributed up to a
maximum redshift of 𝑧 = 0.15, the neutron-star black-hole systems up to 𝑧 = 0.25,
and the BBHs up to 𝑧 = 1.9. The simulated strain is projected on to the detector
geometries, shifted in time to the time of experiment and streamed as 1 s segments
for the search and annotation pipelines to analyze in real-time (see Section 2.2). The
triggers and their annotations were reported in GraceDB for post processing studies.
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This exercise is repeated in several cycles for benchmarking analysis and will con-
tinue internally during the observing run to continuously track improvements in
the alert infrastructure and provide avenues for pipelines to test their changes. The
numbers reported here are those from a single cycle of 5 × 104 injections where the
status of most analyses were close to their O4 configurations.

2.3 Results
Latency Measures
Due to the desire for timely follow-up by the multi-messenger community, a key
feature of the LLAI is dissemination of results as quickly as possible. The goal for
the LLAI system is to send alerts for events within 30 s of merger time; this number
sets the timescale for comparison below. Here, we perform a systematic study of the
alert latency for three of the key pieces of the pipeline (a fourth, the data calibration,
construction, and transfer between sites, which takes ∼ 5-10 s, is not captured here,
as well as latency from the ingestion and redistribution by GCN or SCiMMA ).
Latency comes primarily from these three components: (i) the search pipelines, (ii)
the event orchestrator GWCelery, and (iii) GraceDB. We note that technical issues
during the MDC may also cause some high-latency outliers, so the results presented
are conservative when excluding the time needed for transfer and construction of
the strain data.

To calculate event latencies, we compare the time an event is created and appears
on GraceDB to that of the known merger time. For GW event candidates during an
observing run, the merger time is defined as the time the signal peak reaches Earth’s
center. For CBC pipelines, we find a median (90%) latency of 12.3 s (41.4 s); for
Burst pipelines, we find a median (90%) latency of 72.3 s (671.3 s) We then compare
this number to the creation of a superevent; we find a median (90%) latency of 9.4 s
(18.1 s). The median superevent latency is lower than the event latency simply
due to the fact that the superevent may be created upon the first trigger, and that a
superevent often consists of multiple events. We also make the same measurement
for Early Warning alerts, shown on the right of Figure 2.2; we find a median (90%)
latency of -3.1 s (2.9 s). Considering the joint candidates, we find that it takes a
median (90%) latency of 32.9 s (44.4 s) to find a coincidence with a GRB injection
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and a median (90%) latency of 35.3 s (48.4 s) to trigger a RAVEN alert.

Once the event(s) have been created, there is a request for human vetting of the
alert, called the Advocate Request; we find a median (90%) latency of 12.7 s (40.1 s)
to notify the advocate. To measure the latency of event communication to the
community, we also measure the latency for sending of the GCN preliminary alert,
which occurs for superevents that pass automated data quality checks; we find a
median (90%) latency of 29.5 s (171.8 s). We show this statistic for GCN preliminary
alerts on the left of Figure 2.2. This latency reported specifically measures that
time until the GCN preliminary label is applied. We also compare this to the
measured median GCN latency during O4a, the first half of O4, which, including
data calibration, construction, and transfer time, is 29.7 s. The agreement between
the GCN latency during the MDC and O4a shows our latency has not increased,
and has likely slightly decreased as the O4a measure includes data calibration,
construction, and transfer time, while the MDC measurement does not. Table 2.2
shows a compilation of these latency statistics for comparison. The number of
candidate events within a superevent was not shown to have a noticeable effect on
the latency of that event and its corresponding preliminary alert.

Probability of astrophysical origin
Each CBC pipeline uploads its own estimate of 𝑝𝑎𝑠𝑡𝑟𝑜, as described in Section 2.2,
and is inherited by the superevent if the event is the preferred event. By matching
the MDC’s injected parameters to the recovered 𝑝𝑎𝑠𝑡𝑟𝑜values from pipelines, we
can test the accuracy of 𝑝𝑎𝑠𝑡𝑟𝑜. Figure 2.3 shows the recovered P(source) for true
sources (e.g., P(BNS) for true injected BNS events), for superevents which pass the
public alert FAR threshold. In matching these injections, we place the cut between
NS and BH at 3 𝑀⊙. “True” terrestrial events correspond to superevents which were
not temporally matched to injections, indicating that they arose from detector noise.
Injected BBHs are typically recovered confidently, with the vast majority resulting in
P(BBH) > 0.5. Over 90% of BBHs are recovered with P(BBH) > 0.9. The P(BNS)
and P(NSBH) distributions are less confident than the P(BBH) distribution; about
10% of true BNSs and NSBHs are recovered with P(BNS) or P(NSBH) < 0.1. As a
check against contamination across P(BNS) and P(NSBH) due to errors in recovered
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Figure 2.3: Top: Histogram of “preferred” recovered P(source) for true sources, for
superevents which pass the significant public alert threshold. The possible source
classes are BNS, NSBH, and BBH. This excludes early warning events, which were
not fully functional during the time of this analysis. Bottom: Cumulative density
of the same data. We also include the distribution of correctly recovered BNS or
NSBH, which checks for contamination between the two classes due to misrecovered
secondary masses or effects from varying the NS/BH mass boundary. As this is a
cumulative histogram, the fraction of events above a certain P(source) corresponds
to the TPR. We see that the majority of events with a P(source) greater than 0.5
correctly recover the injection source type.

masses or variation in the definitions of the mass border between NS and BH (i.e.,
the Tolman–Oppenheimer–Volkoff mass), we can also look at the distribution of
the sum of P(BNS) and P(NSBH) for injected events where 𝑚2 ≤ 3𝑀⊙. This is
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shown in the bottom panel of Figure 2.3. Compared to P(BNS) or P(NSBH) alone,
P(BNS) + P(NSBH) performs slightly better, with ∼ 75% of true BNS or NSBHs
receiving P(BNS) + P(NSBH) > 0.9, compared to 60% and 65% for NSBH and
BNS respectively. If instead we use a threshold P(source) of .5, we find a TPR of
∼ 98 % for BBH, ∼ 90 % for BNS, and ∼ 76 % for NSBH injections.

Sky localization
In order to evaluate localization performance, in the following, we focus on three
metrics: (i) localization area, (ii) retrieved median distance of the source, and (iii)
searched area. Localization area is the area (measured in deg2) which encloses a
given probability contour in the sky map; in this paper, we use 90% as the total
cumulative probability threshold. Retrieved distance refers to the median of the
distance distribution along the line of sight of the injected sky position. Searched
area is the smallest 2D area, starting with the regions of highest probability, that
contains the true location of the source; it represents a measurement of the sky area
that a telescope with a small FOV relative to the sky map size would need to cover
before imaging the true location. We refer the reader to [216] for more details on
these parameters, and use the ligo.skymap13 package to compute all metrics.

When evaluating sky map performance, we consider the preferred events for su-
perevents that fall under the significant FAR threshold before trials factor and were
detected by more than one interferometer. We exclude single detector triggers as
most resulted from injections that occurred during a portion of O3 replay data where
one or more detectors was not in science mode, and they may have sky localizations
on the order of the entire sky. For the left half of Figure 2.4, we also exclude a
slice of parameter space for injected NSs of mass ≤ 2𝑀⊙ with spins ≥ .05, as these
events may not have a match within the pipeline template banks.

Further, in the top left panel of Fig 2.4, we show the accuracy of BAYESTAR sky maps
through a P-P plot. P-P plots of this format show the fraction of injections found
within a given credible interval across all levels of credible intervals. The three
gray lozenges around the diagonal shows the three different levels of confidence

13https://git.ligo.org/leo-singer/ligo.skymap



35

0.0 0.2 0.4 0.6 0.8 1.0
Level of credible interval (Area)

0.0

0.2

0.4

0.6

0.8

1.0
Fr

ac
tio

n
of

ev
en

ts
in

cr
ed

ib
le

in
te

rv
al

BAYESTAR

0.0 0.2 0.4 0.6 0.8 1.0
Level of credible interval (Area)

0.0

0.2

0.4

0.6

0.8

1.0

Fr
ac

tio
n

of
ev

en
ts

in
cr

ed
ib

le
in

te
rv

al

BAYESTAR
Bilby

10−2 10−1 100 101 102 103 104

Searched area (deg2)

0.0

0.2

0.4

0.6

0.8

1.0

C
um

ul
at

iv
e

Fr
ac

tio
n

Combined
2 IFO
3 IFO
H1,L1

10−1 100 101 102 103 104

Searched area (deg2)

0.0

0.2

0.4

0.6

0.8

1.0

C
um

ul
at

iv
e

Fr
ac

tio
n

BAYESTAR
Bilby

Figure 2.4: Top left: A P-P plot showing the BAYESTAR sky map statistics for
the preferred event. The credible intervals shown in gray are based on the total
number of events. Bottom left: Cumulative histograms of BAYESTAR searched area
for all events (blue), compared to two-interferometer (Orange), three-interferometer
(Green), and Hanford (H1) and Livingston (L1) (Red) events. We see that the three-
interferometer events produced smaller searched areas than the two-interferometer
events by almost an order of magnitude as discussed in Section 2.3. Top right: A P-P
plot showing the performance of BAYESTAR (blue) and Bilby (orange) generated
sky maps for BNS events. The credible intervals shown in gray based on the total
number of such preferred events where both BAYESTAR and Bilby sky maps are
available. Bottom right: Cumulative histograms showing searched area statistics
for BAYESTAR and Bilby sky maps. We observe that Bilby sky maps give a lower
searched area and tend to be more precise than their BAYESTAR counterparts as
discussed in 2.3.
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(1-3 𝜎) for the combined BAYESTAR map sample. We find that the BAYESTAR sky
maps fall just outside the credible intervals for higher credible intervals. This tells
us BAYESTAR slightly overstates the precision of its sky localizations. We also show
the performance of different pipelines that detected the preferred event in the given
sample. See the supplement for a discussion of sky map performance for each
individual pipeline. In the bottom left panel of Figure 2.4, we show the cumulative
trend of the searched area statistics from the combined sample. We find a median
searched area of 100−200 deg2. We then compare the two interferometer events with
the three interferometer events, to show that the latter produced smaller searched
areas. We also include a line for the two-interferometer case where Hanford (H1)
and Livingston (L1) specifically observed the event, as those are the interferometers
currently being used during O4. The LVK Alert User Guide14 provides up-to-date
information about the interferometers currently in use. In this case, we see that there
is marginal difference between the two-interferometer line, and the H1, L1 line.

Further, we probed the accuracy of the BAYESTAR sky maps compared with Bilby
sky maps for BNS events. This comparison P-P plot and searched area histogram can
be seen in the right half of Figure 2.4 for the preferred event of all BNS superevents
for which both sky maps were produced. In this figure, we include the events
excluded in the left half of Figure 2.4 to demonstrate Bilby’s performance even
without the cuts. A plot with those cuts applied can be found in the appendix. From
the top right panel of Figure 2.4, we see that the BAYESTAR sky maps tend to sag
below Bilby’s implying that their precision was overstated as compared to Bilby.
There is a trade-off between the latency of BAYESTAR sky maps available with the
Preliminary GCN alert, and the improved accuracy of the Bilby sky maps that are
available with the completion of parameter estimation. The cumulative searched
area plot in the bottom right panel of Figure 2.4 shows that typically Bilby sky
maps have lower searched area by factor of 2 or more.

EM-Bright
We show the performance of the EM-Bright classifiers [67] across all four CBC
pipelines via their Receiver Operating Characteristic (ROC) curves. For this, the

14https://emfollow.docs.ligo.org/userguide/
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Figure 2.5: The ROC curves for the different EM-Bright classifiers are shown here
for MDC events. The top, middle, and bottom panels refer to HasRemnant, HasNS,
andHasMassGapquantities respectively. The markers denote different representative
thresholds along the curve.

NSBH boundary is chosen according to SLy EoS but the probabilities are EoS
marginalized, meaning we include some uncertainty in the NS EoS in our classi-
fications. The markers indicates three different representative thresholds (a score
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above which events are considered to be positively classified as the source type in
question) along the ROC curves for each pipeline. Since EM-Bright classifiers are
trained only using GstLAL injection-recovery data [67], evaluating performance
across various CBC pipelines is crucial.

In Figure 2.5, we see that the HasRemnant quantity for all four pipelines has greater
than a 95% TPR for a 5% False Positive Rate (FPR). In the middle panel, we
see (GstLAL, PyCBC, MBTA) perform consistently at ∼ 97% TPR at ∼ 3% FPR
for HasNS classifier. The SPIIR pipeline purity is slightly lower compared to the
other pipelines, ∼ 94% TPR at the same misclassification fraction. One possible
mitigation technique is to use more training data from the pipeline in the training
process. In the last panel, for HasMassGap, we see (GstLAL, SPIIR, MBTA)
perform with ∼ 80% TPR at ∼ 20% FPR while PyCBClags slightly below. We
expect to enhance the performance of these classifiers further in the near future by
retraining the classifiers using the O3 MDC data and considering all pipelines.

2.4 Conclusion
In this paper, we present the performance of the low-latency alert infrastructure
and associated data products based on the O3 MDC. A large simulation campaign
of compact binaries i.e. BNS, NSBH, and BBH are injected into a stretch of real
data from O3. The data is taken through the entire end-to-end alert infrastructure
starting from the search pipeline, data products computation, and alert generation.
We demonstrate that for full bandwidth searches automated preliminary alerts,
excluding time for data transfer and construction, are delivered with a median
latency of ≲ 30 s, which is an improvement since O3 [18]. We show that low-mass
BNS injections are successfully detected by early warning searches. Annotations
and alert delivery is achieved for a significant fraction of such signals before merger
time with a median alert latency of∼ -3 s. It is to be noted however, that alert delivery
before merger time does not happen for all early warning events. In addition, through
the use of this MDC dataset, we demonstrate that the data products, produced in the
same workflow as planned for O4, are statistically consistent with simulated values.

The 𝑝𝑎𝑠𝑡𝑟𝑜values giving probability of an astrophysical BBH, BNS, or NSBH were
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found to correctly classify the source for the majority of events. For a threshold
P(source) of 0.5, we find a TPR of ∼ 98 % for BBH, ∼ 90 % for BNS, and ∼ 76 %
for NSBH injections.

The distribution of injected sky positions is found to be well recovered by the
sky maps produced by both BAYESTAR and Bilby, as evidenced by Figure 2.4.
BAYESTAR provides low-latency sky maps that slightly overstate the precision, while
Bilby provides improved accuracy upon completion of parameter estimation. The
median searched area is found to be 100− 200 deg2, with slight variations between
method and pipelines. We observed that Bilby sky maps have better precision, and
typically gave a smaller searched area.

The EM-Bright values corresponding to the probabilities of HasNS and HasRemnant
have a TPR of above∼ 95% at∼ 5% FPR across GstLAL, PyCBC, MBTA pipelines.
The SPIIR pipeline is performing similarly for HasRemnant but its performance is
slightly lower for HasNS. HasMassGap, on the other hand, has a TPR of above
∼ 80% at ∼ 20% FPR.

This paper presents the low-latency data products for O4 and their expected perfor-
mance. Additional data products that expand on the current EM-Bright products
for determining the likelihood of a kilonova are being developed that include pre-
dictions of mass ejecta for BNS and NSBH events, as well as peak magnitudes for
corresponding kilonovae. We hope to make these data products public in the future.

2.5 Appendix: Individual Searches
This MDC study covers seven searches. There are six direct searches for gravita-
tional waves, four CBC searches and two burst, and then one search that looks for
coincidences between gravitational wave candidates found by the other searches and
EM signals. Below we cover each those searches in detail.

GstLAL
GstLAL is a stream-based matched filtering algorithm capable of detecting GW
signals within seconds of their arrival on Earth [103, 170, 228]. GstLAL uses a
template bank of ∼ 106 CBC waveforms in order to filter the full BNS, NSBH, and
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BBH regions of the parameter space [206]. The template bank is divided into ∼ 103

bins of time-sliced singular value decomposition (SVD) waveforms according to the
Low Latency Online Inspiral Detection (LLOID) method [63]. These waveforms
are used to filter the strain data producing an output SNR timeseries. Peaks in
the SNR time-series which pass a threshold of 4.0 are stored as “triggers”. These
form candidates which may be coincident among two or more detectors or observed
in only a single detector. Significance is assigned to each candidate using the
likelihood ratio ranking statistic which is then mapped to a false alarm probability
and corresponding FAR [62]. Candidates are finally uploaded to GraceDB after
aggregating them across SVD bins by maximum SNR. GstLAL carries out both
an early warning search, and a full bandwidth search. The early warning search
targets low redshift BNS events that can be detected ∼ 10 - 60 s before merger, using
templates with non-spinning component masses between 0.95𝑀⊙ and 2.4𝑀⊙ [205].
The full bandwidth search covers the entire CBC template bank parameter space.

GstLAL uses the multi-component FGMC method for assigning a probability of
astrophysical origin to candidates [107, 134]. The probability that the signal origi-
nates from each CBC source category is also assigned. Triggers from each category
(BNS, NSBH, BBH and terrestrial) are treated as realizations of independent Poisson
processes. The rate of detectable triggers characterizing the Poisson process corre-
sponding to each foreground category is approximated from the astrophysical rate
estimates yielded by offline FGMC analyses of past observing runs while accounting
for the change in sensitive spacetime volume between the past and ongoing runs.
Misclassification among astrophysical source categories is accounted for by comput-
ing the probability of migration between injected and recovered templates across the
entire bank semi-analytically under the Gaussian noise approximation [112]. With
the rates and migration probabilities precomputed, 𝑝𝑎𝑠𝑡𝑟𝑜is estimated in low-latency
from trigger data comprising the likelihood ratio ranking statistic assigned to said
trigger and the matched template.

MBTA
The MBTA pipeline carries out an early warning and main, full bandwidth search
and performs matched filtering per frequency band to reduce computational costs
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[43]. The main instance of the pipeline is searching for binaries with total masses
ranging from 2 to 500 𝑀⊙ and mass ratio smaller than 50.

The pipeline includes signal-consistency checks to help distinguish astrophysical
signals from background. As for the O3 offline analysis [36] the probability of
astrophysical origin of GW candidate events is derived from the expected rate
of astrophysical events and background candidates at the recovered chirp mass,
mass ratio and ranking statistic. The foreground distribution has been estimated
by performing injections of simulated BNS, BBH and NSBH signals into LIGO-
Virgo O3a data which are then analyzed by the MBTA pipeline. This method
computes 𝑝𝑎𝑠𝑡𝑟𝑜and source classification. It has been extended to also provide EM-
Bright information to determine the likelihood of an electromagnetic counterpart,
as covered in Section C of the introduction in the main text.

PyCBC Live
PyCBC Live is a matched filtering pipeline designed to detect CBC events by
comparing the incoming GW signal to a template bank of waveforms [89, 181]. Two
PyCBC Live searches were employed; one is a full bandwidth search for a wide range
of signals, the other is an early-warning configuration for which the templates are
truncated at certain frequencies before merger [182]. The full bandwidth template
bank contains 412,575 templates, covering total masses from 2 to 500𝑀⊙, and mass
ratios from 1 to 100 [203, 204]. The early-warning template bank contains ∼4700
templates with component masses in the range 1 to 3𝑀⊙, truncated at a set of
frequencies designed to give early warnings at regular intervals before the merger.

The matched filtering algorithm produces a time series of SNR values, and only
triggers with SNR ≥ 4.5 are considered for further analysis. The SNR is then
re-weighted according to signal-consistency tests in each detector, and using multi-
detector properties determined by the distribution of source extrinsic parameters
(time difference, phase difference and amplitude ratios) for the signal popula-
tion [180].

In order to assess the frequency of a coincident noise signal which would be ranked
greater or equal to a given detection, PyCBC Live assigns a FAR value by comparing
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the candidate to time-shifted background from the last several hours [181]. The FAR
values for injections recovered during the MDC are subject to a substantial upward
bias due to the high rate of high-SNR injected events, which significantly influences
the background estimation.

For single-detector candidates, if strict criteria on signal consistency tests are passed,
a FAR is assigned by comparing the candidate’s re-weighted SNR to the noise trig-
ger distribution via a template-dependent exponential fit [89]. The exponential fit
is performed using the original data without injections, thus the FAR calculation
for single-detector events is not subject to contamination from injections. Single-
detector candidate signals are only considered for potentially electromagnetically
bright signals, as BBH signals in low-latency are unlikely to yield multimessenger
counterparts, and higher-mass templates are more susceptible to glitch contamina-
tion due to their shorter duration. Single-detector early-warning candidate signals
are also not considered, as the poor localization of single-detector events is not of
interest for pre-merger alerts.

For full bandwidth events, PyCBC Live also calculates the probability of astro-
physical origin 𝑝𝑎𝑠𝑡𝑟𝑜, based on the FAR value, the trigger SNR, the approximate
distributions of signal and noise events over template chirp mass, and the sensitivi-
ties of observing detectors [91]. This 𝑝𝑎𝑠𝑡𝑟𝑜is then combined with estimates of the
relative probabilities of different source classes, also based on template chirp mass;
for details see [233].

In the later part of O3, an additional step was performed to optimize event SNR
over template masses and spins [89]. Our MDC results include additional events
produced via this optimization; however, it was removed from the search configu-
ration deployed at the start of O4 in order to reduce complexity and computational
load. We do not expect major differences in the search outputs detailed here due to
the change.

SPIIR
The SPIIR pipeline is designed to achieve lower delays in signal detection and
differs from other pipelines in multiple aspects. As the name suggests, SPIIR uses
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a time domain counterpart of matched filtering [127, 156] as its primary filter. This
method breaks down millions of CBC templates into a few hundred thousand IIR
filters to perform match filtering in the time domain, further accelerated by the use
of GPUs. The SPIIR pipeline implements a computational coherent network search
approach [55, 125] to select the GW candidate events with low-latency, achieved
with the help of SVD [236]. The pipeline performs a full bandwidth search for BBH,
BNS, and NSBH sources, and an early warning search for BNS and NSBH sources.
SPIIR has demonstrated its performance in past LIGO-Virgo runs [74, 146].

SPIIR is introducing a new two-step 𝑝𝑎𝑠𝑡𝑟𝑜calculation for O4. In the first step,
the pipeline calculates the two-component 𝑝𝑎𝑠𝑡𝑟𝑜of the trigger based on the FGMC
two-component method by [107] and [134]. This assigns the probability of the
trigger’s astrophysical or terrestrial origin. In the second step, it further classifies
the probability of astrophysical origin into NSBH, BBH, and BNS, based on the
chirp mass method [233].

Coherent WaveBurst
cWB [96, 143, 144] is an excess power algorithm using minimal assumptions on
the GW signature. cWB decomposes the GW strain data using a wavelet transform
([178]). It then selects coherent signal power in multiple detectors and applies a
maximum likelihood approach to select GW events. The calculation of the likelihood
over the sky allows for building a sky map that characterizes the probability of the
GW source sky location. A new feature with respect to O3 cWB analyses has
been implemented for the significance assessment - a machine learning algorithm
based on XGBoost [173, 222]. In low-latency, cWB analyzes 180 s data segments
overlapping every 30 s. The alerts are created up to a latency of around 1 minute.

oLIB
The omicron-LALInferenceBurst (oLIB) pipeline is a short duration (≲ 1 second)
unmodeled detection pipeline that is sensitive to a wide variety of sources that
includes, but is not limited to, CBCs [161]. As such, oLIB makes very minimal
assumptions about the astrophysical source type of the emission. The search is
performed hierarchically. First, data from individual interferometers is analyzed
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with the Omicron trigger generator algorithm [199]. Omicron identifies regions in
the time-frequency plane of excess power. Triggers that are coincident in time and
frequency between interferometers are then followed up with a coherent Bayesian
analysis using LIB. LIB models the data with a single sine-Gaussian wavelet, cal-
culating two Bayes factors. Each of these Bayes factors is expressed as the natural
logarithm of the evidence ratio of two hypotheses: (1) a GW signal versus Gaussian
noise (BSN) and (2) a coherent GW signal versus incoherent noise transients (BCI).
Ultimately, these two Bayes factors are used to construct a likelihood ratio Λ that is
used as the final search statistic.

RAVEN
RAVEN is a multi-messenger pipeline that searches for coincidence between GW
candidates and other astronomical detections, such as gamma-ray bursts (GRBs)
and neutrino bursts [70, 188, 230]. RAVEN ingests events submitted to the General
Coordinates Network (GCN)15 ([215]) into GraceDB, queries GraceDB to look for a
corresponding GW candidate, and calculates the joint false alarm rate to determine
whether to send a public alert.

2.6 Appendix: Low-Latency Infrastructure
GraceDB
GraceDB16 is the central location that houses GW event candidates and analyses
for transient searches. GW event candidate data in GraceDB can be viewed and
manipulated on the web or through the use of a RESTful API. A permission structure
exists to show only proprietary data to LVK users versus data that is available to the
general public. State changes in GraceDB (which may take the form of new event
uploads/annotations, new superevent uploads/annotations, log/file updates, etc.) are
communicated to LVK and external users and processes via the igwn-alert system.

At its core, GraceDB is, architecturally, a standard Web/API application. GraceDB is
hosted in a high-availability configuration in Amazon AWS. A PostgreSQL backend
is powered by a Django web framework. External requests are served by Apache

15https://gcn.nasa.gov/
16https://gracedb.ligo.org/
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acting as a reverse-proxy for a Gunicorn-based WSGI HTTP server. Files are stored
on an NFS (Amazon EFS) filesystem, and low-latency analyses stream data from
the detectors and upload candidate events to GraceDB via a representational state
transfer (REST) API.

igwn-alert
igwn-alert17 is an alert data stream based on kafka and leverages SCiMMA (Scal-
able Cyberinfrastructure for Multimessenger Astronomy) infrastructure for data
delivery. Client-side tools maintained by IGWN Computing and Software (Comp-
Soft) allow users to listen and respond to igwn-alert messages. igwn-alert
messages are machine-readable (JSON), so as to be read by automated followup
processes. igwn-alert listeners act on notifications from GraceDB and are used
to launch follow-up analyses (e.g., Superevent creation, parameter estimation, sky
localization, etc.). Results from follow-up analyses are then uploaded and stored in
GraceDB. GraceDB and igwn-alert are the orchestrator and source-of-truth for
external observers and follow-up processes.

GWcelery
GWCelery18 is a distributed task queue application for orchestrating and annotating
GW alerts. At its core, it is a Celery [64] application. Some of the advantages of a
distributed task queue, like Celery, include handling of asynchronous tasks, easy
scalability based on requirement, designing canvas workflows, setting conditions
to retry individual parts of a canvas, easy error handling, and running periodic
tasks. Celery is fault tolerant and preserves the state of tasks in a result backend,
and communicates with it using a messaging broker. GWCelery uses Redis as
both a broker and a backend for the application. GWCelery also contains a Flask
application to provide a web interface to run routine tasks which require human
interaction with the application, or to handle situations where part of a canvas are to
be executed manually, overriding the automated processing. We run all GWCelery
processes using HTCondor, used for job scheduling in the LIGO Data Grid. The

17https://igwn-alert.readthedocs.io
18https://git.ligo.org/emfollow/gwcelery
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major subsystems of GWCelery are:

• The listener for IGWN alerts, which is pubsub system that GraceDB uses to
push machine-readable notifications about its state.

• The Superevent Manager, which clusters individual GW candidates into su-
perevents19.

• The External Trigger Manager which listens for and correlates candidates
from external facilities to spot coincidences with GW events.

• The GCN and SCiMMA alert producer that disseminates GW candidate in-
formation for external consumption.

• The Orchestrator, which executes the per-event annotation workflow. This
involves having the data products ready for sending alerts for the superevent,
and broadly includes computing rapid sky-localization and source properties
for individual events and updating the state of the superevent, and launching
parameter estimation runs.

2.7 Appendix: Mock Data Challenge
Pipeline Performance
In order to demonstrate LLAI readiness for O4, we compare CBC triggers and their
corresponding data products uploaded to GraceDB with the injection set. Triggers
and injections are matched using the merger time; all triggers within 1 s of an
injection are matched to that injection and included in the analysis. This process
removes noise triggers between injections and ensures trigger times correspond to
an injection time window. It is possible for a few noise triggers to be coincident with
injection time window. Matching triggers to injections allows us to evaluate data
products by comparing the results with the injected quantities. These data products
include basic parameter estimates, sky maps, and 𝑝𝑎𝑠𝑡𝑟𝑜values. However, not all
injections are recovered in the form of trigger. There are four main reasons why an

19https://gwcelery.readthedocs.io/en/latest/gwcelery.tasks.superevents.
html\#gwcelery-tasks-superevents-module
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Figure 2.6: Left: Histograms of the optimal, or injected, network SNR, normalized
for each CBC pipeline, for triggers below the significant FAR threshold. All pipelines
were found to recover injections across the range of injected SNR values. Right:
The measured network SNR recovered during the MDC compared to the optimal, or
injected, network SNR with the points colored by FAR. We find SNR is recovered
more accurately for higher values.

injection may not be found by the search pipelines: (i) some injections are distant
or have a low SNR, due to the cosmological distribution preferring larger distances,
and can not be distinguished from background noise, (ii) there are stretches of the O3
replay where one or more detectors were not operational and in science mode, (iii)
there were some temporary technical issues on computing resources used during this
MDC cycle, and (iv) there may be data quality issues that overlap with an injection,
such as loud or long glitches.

As mentioned in the previous section, for this analysis we focus on the MDC cycle
used for the review of pipeline performance, which ran from February 16 through
March 28, 2023 consisting of 5 × 104 injections. During this MDC, 1489 BNS,
1105 NSBH, and 1920 BBH injections were recovered. As seen in the left panel of
Figure 2.6, each of the CBC search pipelines, PyCBC, GstLAL, MBTA, and SPIIR,
successfully uploaded events below the significant FAR threshold across the range
of injected SNR values. Burst searches, cWB and oLIB, make little assumptions
of source type, and so are only considered for measures of latency in this paper.
We plot the simulated vs. recovered network SNR in the right panel of Figure 2.6.
In general, signals with moderate to high SNR are recovered well, with some bias
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at low SNRs due to the FAR threshold imposed for upload. Additional scatter in
SNR recovery is expected since the simulated optimal SNRs were calculated using
fixed detector sensitivities, whereas actual detector data has significant fluctuations
in sensitivity over time. The optimal SNRs for injections are calculated using a
global average PSD, instead of using a local estimate of the PSD, which may cause
some of the off-diagonal outliers. For the 4514 GW injections found, we created
469 multimessenger coincidences by injecting simulated GRB candidates at times
surrounding the GW injections. We found 356 of these joint candidates triggered a
RAVEN alert as a result of passing the significant FAR threshold.

HasMassGap Training
The data set used for training contains additional mass-gap injections done separately
on O2 dataset whereas the feature space used to train the algorithm is the same as [67]
– a five-dimensional space involving the triggered template masses𝑚1,2, the aligned
dimensionless spins, 𝜒1,2, and the network SNR. The duration from which the
mass-gap injections were taken from is shown in Table 2.3.

GstLAL Chunks used for Training HasMassGap Classifier
Start date End date

Sun 2017-01-22 08:00:00 UTC Fri 2017-02-03 16:20:00 UTC
Tue 2017-02-28 16:30:00 UTC Fri 2017-03-10 13:35:00 UTC
Fri 2017-06-30 02:30:00 UTC Sat 2017-07-15 00:00:00 UTC
Sat 2017-08-05 03:00:00 UTC Sun 2017-08-13 02:00:00 UTC
Sun 2017-08-13 02:00:00 UTC Mon 2017-08-21 01:05:00 UTC

Table 2.3: Calendar times for the detector chunks of LIGO O2 data. We consider
the mass-gap injections performed by the GstLAL search in these duration along
with previously existing set in [67] for the study.

2.8 Sky map Performance
Continuing the discussion from the main text, we provide additional plots to char-
acterize sky map performance. In Figure 2.7, we compare the 90% localization
area with the recovered distance, with the points colored by searched area. We
find a positive correlation between the retrieved distances of the injection and the
localization areas, as in general greater distances lead to larger localizations. This
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Figure 2.7: Sky localization distribution as a function of recovered median distance
from the sky map, with the trend of Searched Area for the preferred event. We find
the more distant the event, the larger is the localization area. The color bar shows
that the searched area associated with the event also increases with the localization
area and sky map median distance.

same trend was seen for the searched areas for these superevents, where at greater
distances one would typically encounter larger searched areas, which aligns with the
expected behavior.

The remaining plots shown in this section are provided to demonstrate Bilby and
BAYESTAR produce accurate sky localizations from injections found by each individ-
ual CBC pipeline. The left panel of Figure 2.8 shows the BAYESTAR performance
of preferred events from each pipeline falls within the credible intervals besides
minor deviations, and uses the same set of events and cuts as found in Figure 4 in
the main text. To demonstrate performance for the events most likely to be subject
to extensive follow-up, the right panel of Figure 2.8 specifically presents only BNS
injections that pass the cuts applied in Figure 4 in the main text. With these cuts
we find the combined performance for both Bilby and BAYESTAR falls within for
within credible intervals.
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Figure 2.8: Left: P-P plots showing BAYESTAR performance for pipelines that
detected the preferred event. All the sky maps generated show that the performance
of the sky maps are within the confidence bands. Right: P-P plot comparing the
performance of Bilby and BAYESTAR for BNS injections likely to be the subject
of follow-up, including the cuts on mass, spin, FAR, and number of interferometers
as covered in the main text. We see both Bilby’s and BAYESTAR’s performance is
improved and within the credible intervals when including these cuts.



51

C h a p t e r 3

ASTROPHYSICAL OR TERRESTRIAL: MACHINE LEARNING
CLASSIFICATION OF GRAVITATIONAL-WAVE CANDIDATES

USING MULTIPLE-SEARCH INFORMATION

Work reproduced from:

Seiya Tsukamoto, Andrew Toivonen, Holton Griffin, Avyukt Raghuvanshi, Megan
Averill, Frank Kerkow, Michael W. Coughlin, Man Leong Chan, and Leo Singer.
Astrophysical or Terrestrial: Machine learning classification of gravitational-wave
candidates using multiple-search information. arXiv, 8 2025. doi: 10.48550/arXiv.
2508.14242.
A.T. advised S.T., H.G., A.R., M.A., and F.K. as undergraduate researchers for this
work, and it has been submitted to PASP.

3.1 Motivation
Low-latency gravitational-wave alerts provide the greater multi-messenger commu-
nity with information about the candidate events detected by the IGWN. Prompt
release of data products such as the sky localization, FAR, and 𝑝𝑎𝑠𝑡𝑟𝑜values allow
astronomers to make informed decisions on which candidate gravitational-wave
events merit ToO follow-up. However, false alarms, often referred to as “glitches",
where a gravitational-wave candidate, or trigger, is the result of terrestrial noise, are
an inherent part of gravitational-wave searches. In addition, with the presence of
multiple gravitational-wave searches, different searches may have varying assess-
ments of the significance of a given trigger. As a complement to quantities such
as 𝑝𝑎𝑠𝑡𝑟𝑜, we provide a Machine Learning (ML) based approach to determining
whether candidate events are astrophysical or terrestrial in nature, specifically a
classifier that utilizes information provided by multiple low-latency search pipelines
its feature space. This classifier has a performance an Area Under the Receiver
Operating Characteristic Curve (AUC) of 0.96 and accuracy of 0.90 on the Mock
Data Challenge training set and an AUC of 0.93 and accuracy of 0.86 on events
from the O3 observing run.
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3.2 Determining Significant of Gravitational-Wave Triggers
The first direct detection of gravitational waves, which originated from the BBH
merger event GW150914 [6], provided a new means for studying the universe. The
subsequent joint detection of gravitational waves from the BNS merger GW170817
[9] and the optical counterparts in kilonova AT2017gfo [7, 86, 217] and GRB170817A
[10, 118, 208] led to enormous growth of interest in multi-messenger astronomy
and GW follow-up searches. Observations of kilonovae, astrophysical transients
that can be produced by BNS or NSBH mergers, are of great interest across nu-
clear astrophysics [135, 137, 166, 217, 234], cosmology [8, 83, 94], and for tests
of General Relativity [45, 88, 104]. Observations from GW170817 and AT2017gfo
specifically revealed r-process nucleosynthesis took place and powered kilonova
emissions, as evidenced by the presence of r-process elements in the ejecta post-
merger [135, 151, 155, 171].

In this era of multi-messenger astronomy, where we hope to combine GW detections
with EM or neutrino observations, the timely release of GW alerts and derived data
products is essential. The search for GW events and their associated counterparts [5]
continues with O4, which began on May 23, 20231 and is in progress as of the time
of writing. Kilonovae are faint and short lived, and can have large sky localizations
[53, 77, 101, 105, 106, 123, 142, 202, 212, 214, 235], making them difficult targets
for follow-up. With these challenges in mind, sending out accurate, low-latency
alerts is important for maximizing our chances of locating a transient and observing
the peak of emissions.

Prompt release of GW candidate event information relies on GW search pipelines
and the LVK’s LLAI [12, 69]. Alerts are distributed both via GCN2 and the
Scalable Cyberinfrastructure to support Multi-Messenger Astrophysics3 (SCiMMA)
and come in two types: notices, which are machine-readable and come in a variety
of formats, and GCN circulars, which are human-readable.

There are two categories of low-latency GW searches: “modeled” CBC [22] searches
1https://observing.docs.ligo.org/plan
2https://gcn.nasa.gov/
3https://scimma.org/
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and “unmodeled” Burst [17] searches. Modeled CBC searches target waveforms
from BNS, NSBH, or BBH mergers, while unmodeled searches look for GW signals
of generic morphologies from a wide variety of astrophysical sources, which may
include core-collapse of massive stars, magnetar star-quakes, and other sources, in
addition to CBCs [16, 17]. Candidate GW events that meet a certain FAR threshold
are released publicly, in the form of low-significance and significant alerts [69].
Up-to-date information on the current FAR threshold and the searches running in
low-latency can be found in the LVK userguide4.

Significant alerts, those which pass the most stringent FAR threshold, are often
the subject of downstream analyses and targets of ToO searches. Candidate events
may be uploaded by multiple search pipelines. When these events are temporally
coincident around the same signal, they are grouped together into what is termed a
superevent. This superevent corresponds to a single candidate GW detection, and
the individual candidate event with the highest SNR that passes the FAR threshold
becomes the preferred event. When passing the public FAR threshold, certain
information about preferred event becomes public, and is the subject of our alerts.
It is possible for the preferred event to change as new events are uploaded, and
given the different search pipelines, it is also possible that different events within a
superevent are not in perfect agreement on certain aspects of the event.

If after additional analyses a significant candidate event is deemed to not be of
astrophysical origin, a retraction is issued for that candidate event. As opposed
to astrophysical events, these events are referred to as “terrestrial", meaning they
have resulted from sort of environmental or detector noise source. Terrestrial events,
often referred to as noise triggers, and their eventual retraction are an inherent part of
GW searches as setting a FAR threshold defines your tolerance for false alarms and
the rate at which you expect them. However, minimizing the number of retractions,
promptly retracting noise triggers, and providing information on the likelihood a
candidate event is astrophysical are all important parts of improving the reliability
of GW candidates.

There have been over 200 significant GW candidate events detected during O4,
4https://emfollow.docs.ligo.org/userguide/
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excluding retractions. While only a small fraction of significant events are retracted–
alongside the first 200 significant events were 25 retractions–there is demand for data
products for assessing confidence in GW candidate events. Certain events, such as
those likely to include at least one NS, are often targets of extensive ToO follow-up,
using notable person-power and telescope time. Avoiding using such resources on
noise triggers is important for efficient follow-up of GW events, especially looking
forward to next generation GW detectors such as LISA [44], Cosmic Explorer
[102, 196], and Einstein Telescope [3] where the expected rate of events is much
higher.

For training our classifiers, we focus on four CBC searches which participated in the
pre-O4 MDC [69]: (GstLAL [103, 170, 228], MBTA [43], PyCBC [89, 181], and
SPIIR [75, 146]). Each search pipeline has independent methods of estimating the
noise background and calculating quantities such as FAR and 𝑝𝑎𝑠𝑡𝑟𝑜, the probability
of astrophysical origin; for details see [43, 89, 127, 156, 170, 231]. There have
also been efforts to combine 𝑝𝑎𝑠𝑡𝑟𝑜information from multiple search pipelines for a
“unified” 𝑝𝑎𝑠𝑡𝑟𝑜[46], which would provide a similar use as our classifier.

Alongside the search pipelines, the LLAI encompasses parameter estimation and
source classification efforts which are included in alerts and crucial for multi-
messenger searches [42, 52, 67, 216]. Additional machine learning-based searches
[168] and rapid parameter estimation techniques are also in development [68, 90].
Currently, pipeline 𝑝𝑎𝑠𝑡𝑟𝑜values and GWSkyNet [23, 59, 66, 194, 195] provide state-
ments of confidence for the astrophysical nature of candidate events; we envision
our classifier(s) as a complementary data product to those efforts, in addition to
possible future data products aimed at multi-messenger sources [52, 225].

3.3 Data
Mock Data Challenge
The MDC [69] is a real-time simulation campaign which was carried out in anticipa-
tion of O4 to stress-test the LLAI and evaluate the performance of GW searches and
data products. The MDC takes a 40 day stretch of background data taken by LVK
interferometers during O3, and injects CBC waveforms across the BNS, NSBH, and
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BBH parameter space. A total of 5×104 simulated CBC waveforms of varying mass
and spins were injected into the aforementioned stretch O3 of data, with the GW
search pipelines running on the data stream. This results in thousands of recovered
injections with significant FARs, and a realistic dataset for downstream analyses.

Due to the numerous recovered injections and comprehensive nature of the dataset,
we use this MDC as our training data. However, we must note the that the rate of
injections is artificially high and not representative of the true discovery rate in O4.
This impacts FAR values, and consequentially 𝑝𝑎𝑠𝑡𝑟𝑜calculations reliant on those
FAR values. As certain searches rely on a local background estimation for FAR
calculations, their FAR values are subject to a upward bias due to large density of
high SNR injections in the data [69]. As discussed later in Sec. 3.6, this will impact
the performance of our classifier when evaluating accuracy on real candidate events
from an observing run, such as those from O3. Resolving this upward bias in FAR
is a high priority issue ahead of the MDC that will be carried out in anticipation of
aLIGO’s and AdVirgo’s fifth observing run (O5), using a stretch of O4 data. One
proposed solution would be to have pipelines evaluate the background based on the
data stream alone, without any injections present.

O3 GW Detections
We also evaluate the performance of the classifier on real GW events from a past
observing run, to ensure the model can still make reliable predictions for these real
events. In order to assess our accuracy, however, we must assume true labels for
our dataset, and provide events with true labels of both astrophysical and terrestrial.
We assign all pipeline events corresponding to a confirmed significant O3 event
in the Gravitational-Wave Transient Catalog (GWTC) catalog [22] a true label of
astrophysical, and take the retracted significant events as our terrestrial class. This
is a reasonable assumption, as all events in the GWTC catalog have undergone
significant human-vetting, while retracted events can be assumed to be terrestrial
due to their data quality issues, glitches present in the strain, and lack of significant
GW signal. As a note for O3 events, since a superevent is a grouping of individual
pipeline events, there are some individual pipeline events which correspond to a
significant superevent that do not pass the significant FAR threshold on their own.
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We still assign these events a true label of astrophysical and evaluate our model on
them. In the future, once candidate events from O4 have been added to the GWTC
catalog, we can also release the performance on those events.

3.4 The Bayes Factors
We take a Bayesian approach. Bayes theorem is stated as:

𝑃(𝐻𝑖 |𝐷) =
𝑃(𝐷 |𝐻𝑖) · 𝑃(𝐻𝑖)

𝑃(𝐷) , (3.1)

where 𝐷 is the GW event and 𝐻𝑖 is the hypothesis. 𝑃(𝐻𝑖 |𝐷) and 𝑃(𝐷 |𝐻𝑖) are
conditional probabilities defined as the posterior and likelihood under hypothesis 𝑖.
𝑃(𝐻𝑖) and 𝑃(𝐷) are defined as the prior and marginal probabilities. As the marginal
is constant throughout different hypotheses, the relation between the ratio of priors
and posteriors between hypothesis’ can be described through the Bayes Factor:

𝐵𝐹𝑖, 𝑗 =
𝑃(𝐷 |𝐻𝑖)
𝑃(𝐷 |𝐻 𝑗 )

. (3.2)

BAYESTAR provides the signal to noise coherent Bayes’ Factor (BSN) [216, 232]
which is defined as:

log(𝐵𝑆𝑁) = log
(
𝑃(𝐷𝐻𝐿 |𝐻𝑠𝑖𝑔𝑛𝑎𝑙+𝑛𝑜𝑖𝑠𝑒)
𝑃(𝐷𝐻𝐿 |𝐻𝑠𝑖𝑔𝑛𝑎𝑙)

)
. (3.3)

BAYESTAR also provides the coherent versus incoherent Bayes’ Factor (BCI) which
is defined as:

log(𝐵𝐶𝐼) = log(𝐵𝑆𝑁)∑
log(𝐵𝑆𝑁𝑖𝑛𝑐𝑜ℎ𝑒𝑟𝑒𝑛𝑡)

, (3.4)

where 𝐵𝑆𝑁𝑖𝑛𝑐𝑜ℎ𝑒𝑟𝑒𝑛𝑡 is the BSN of each interferometer independently. These are
the two Bayes Factors that will be used to aid in classifying the GW events from the
MDC data [69].

FAR and SNR
FAR is a measure of significance produced by each of the pipeline for each potential
candidate [4], this metric helps determine whether or not we send out an alert for a
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candidate event, and lower FAR values are correlated with events of astrophysical
nature. This is defined as:

𝐹𝐴𝑅(𝜌) =
∫ 𝜌max

𝜌

Λ𝑛𝑝𝑛 (𝜌′) (𝑑𝜌′), (3.5)

where Λ𝑛 is the mean Poisson rate of signal and noise triggers, 𝜌 is the SNR, and
𝑝𝑛 is the PDF [60]. The SNR, signal-to-noise ratio, provides an estimate of the
signal strength is by comparing it to the noise produced in a given detection. High
SNR events are correlated with events of astrophysical nature. However, glitches
with high power and non-Gaussian distribution can cause large SNR to be present in
non-astrophysical triggers [9]. SNR is correlated with the BSN as seen in Fig. 3.1.
The FAR and SNR will be implemented as additional features for the classification
algorithms used.

𝑝𝑎𝑠𝑡𝑟𝑜

The probability of astrophysical origin, termed 𝑝𝑎𝑠𝑡𝑟𝑜, is provided for GW event
candidates and used to help determine whether an event is astrophysical or terrestrial
in nature. 𝑝𝑎𝑠𝑡𝑟𝑜is dependent on FAR and SNR, and each search pipeline calculates
𝑝𝑎𝑠𝑡𝑟𝑜differently [69]. Our data product is meant to be complementary to 𝑝𝑎𝑠𝑡𝑟𝑜, and
we later evaluate our model performance with 𝑝𝑎𝑠𝑡𝑟𝑜as a baseline for comparison in
Sec. 3.6.

3.5 Model Architectures
Noise triggers are often single-pipeline events, so there is little overlap between
CBC pipelines on terrestrial events. Because of this, the relationship between
all data products from different CBC pipelines was not able to be modeled in a
single architecture. In contrast, BAYESTAR is run on every event, so the relationship
between its data products, specifically the BSN and BCI, with individual CBC search
pipelines was able be modeled. In order to resolve this limitation, classification was
split into two stages. In the first stage, we classify using each CBC search pipeline’s
preferred event and BAYESTAR’s data products in order to assign scores between 0
and 1 for each pipeline. If a pipeline does not recover an event, a value of −1 is
assigned to indicate the lack of detection. In the second stage, the individual were
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used to assign a final score for the superevent using the same model architecture for
both stages of classification. The hyperparameters are shown in appendix Sec. 3.8,
and were each tuned through cross-validation grid search.

K-Nearest Neighbors
KNN is an algorithm that makes predictions based on the proximity of a test data
point in the parameter space to the data points in the training set. The algorithm
assigns labels and probabilities based on a set of nearest neighbors of size 𝐾 defined
by a distance metric. We use the open-source Python implementation of KNN from
scikit-learn for our classifier. More detail is provided in the appendix, Sec. 3.8.

Random Forest
RF is an ensemble learning method used for classification by constructing many
decision trees during training. The hierarchical structure of the tree starts with
a top node that contains the entire data set, with each tree trained independently
of each other. At each branch the data is subdivided into two child nodes from a
decision that is based on the features given. The splitting repeats, recursively, until it
reaches a predefined stopping criteria. The end result is the best prediction given the
dataset and the labels. We use the open-source Python implementation of RF from
scikit-learn for our classifier. Additional details are provided in the appendix,
Sec. 3.8.

Neural Network
Multilayer Perceptron (MLP) is a simple NN that contains a set of hidden layers and
activation functions that perform linear and non-linear operations in the data. Using
the gradient decent optimizer ADAM, neurons in each hidden layer can be trained to
reduce binary cross entropy loss. We used the open-source Python implementation
of NN’s from PyTorch for our classifier. The hyperparameters were tuned through a
cross-validated grid search resulting in 6 hidden layers with 10 neurons each. More
detail is provided in the appendix, Sec. 3.8.
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Figure 3.1: Corner plot of the GstLAL and BAYESTAR pipeline data products from
MDC events windowed around noise events. The histograms are normalized and
the green line shows the PDF of the KDE.
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Feature Selection
We utilize event information from four CBC pipelines, GstLAL, MBTA, PyCBC,
and SPIIR, in our feature space. This multiple pipeline approach allows us to
capture the information provided by each of these searches. In addition, events
detected by a only single pipeline are much more likely to be terrestrial than those
found by multiple pipelines, while events detected by multiple-pipelines are much
more likely to be astrophysical. Specifically, we used the highest SNR event upload
that passes the FAR threshold for each pipeline in a superevent.

We use the following features:

The Bayes factors, BCI and BSN, are derived from the sky map FITS file for
each event generated by BAYESTAR [216]:

1. Logarithm of the Bayes factor for the signal versus noise hypothesis (LOG-
BSN)

2. Logarithm of the Bayes factor for the coherence versus incoherence hypothesis
(LOGBCI)

And inputs derived from low-latency pipelines:

3. Preferred SNR

4. Logarithm of preferred FAR (LOGFAR)

Dataset
Our dataset is composed of simulated MDC events run through CBC search pipelines
and BAYESTAR [69]. The events are then labeled astrophysical or terrestrial by cross-
matching the detected events with the set of injections. FAR and SNR were taken
from the highest SNR event that passes the FAR threshold for each pipeline, also
referred to as the preferred event. The total number of events labeled as astrophysical
is 5726 and the total terrestrial is 1834, resulting in a class imbalance. In order to
pre-process LOGBSN, LOGBCI, SNR, and LOGFAR into a Gaussian distribution,
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a logit transform was used on LOGFAR, as it non-Gaussian and instead asymptotic
towards high values, and a Yeo-Johnson transform was performed on LOGBSN
and SNR, as they were a skewed Gaussian distribution. Using the transformed
data products, a multivariate Gaussian kernel density estimation (KDE) was used to
sample an adequate number of terrestrial events.

A KDE is a way to estimate the PDF of a variable based on applying kernels at data
points. The KDE is described by

𝑓 (𝑥) = 1
𝑛ℎ

𝑛∑︁
𝑖=1

𝐾 ( 𝑥 − 𝑥𝑖
ℎ

) (3.6)

where ℎ is the kernel bandwidth, and 𝑛 is the number of data points. We chose a mul-
tivariate gaussian kernel, and calibrated the KDE for each pipeline separately. The
kernel bandwidth was chosen using a leave one out maximum likelihood estimate.

A multivariate KDE was created for each pipeline, and an example of one can be
seen in Fig. 3.1 for the pipeline GstLAL. With a sufficiently large dataset, we
could instead sample events for each combination of the four pipelines, but since
1778 of 1834 terrestrial events are only recovered by a single pipeline, there are
too few events for this approach. This combination of many more astrophysical
events than terrestrial, and the fact that these are not evenly distributed across the
different pipeline configurations means there is a large class imbalance. In order to
resolve the class imbalance and ensure sufficient astrophysical and terrestrial events
for each pipeline configuration, class weights equivalent to the inverse of class size
were used in KNN and RF. Downsampling was used for NN while resampling the
training set when the model performance plateaus.

3.6 Results
Performance of Classifiers on simulated MDC Events
Fig. 3.2 shows the ROC curves for the all classifiers using ten fold cross validation.
NN and RF had an AUC of 0.95 and 0.96, respectively, outperforming KNN which
had an AUC of 0.94. Each of our classifiers outperform 𝑝𝑎𝑠𝑡𝑟𝑜. The KNN ROC
exhibits a straight line for higher FPR values as it operates in the regime with pre-
dominantly multiple-pipeline and true-label astrophysical events. The correspond-
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ing confusion matrices in Fig. 3.3 show each classifiers’ performance compared
to 𝑝𝑎𝑠𝑡𝑟𝑜using a threshold of 0.10, 0.52, 0.37, and 0.50 for KNN, RF, NN, and
𝑝𝑎𝑠𝑡𝑟𝑜respectively. The thresholds of the three classifiers trained here were decided
by finding the threshold in the ROC that minimized the distance to the top left corner.
Since 𝑝𝑎𝑠𝑡𝑟𝑜had large overclassification in opposite classes between MDC and O3,
so the threshold was kept at 0.50. The RF and NN slightly outperform the KNN for
astrophysical events, with RF outperforming the others for terrestrial events.

Fig. 3.4 shows permutation feature importance of the RF model as an example
demonstrating that each pipeline has differing feature importance. This validates
our approach to have separate models for each pipeline. In general, LOGBSN was
found to have the highest feature importance across pipelines. Although permutation
tests show that LOGFAR contributes the least to per-pipeline importance, it still
provides a marginal gain, particularly for single-pipeline events, so we retain it for
completeness. As explained in [69], the high rate of injections in the MDC leads to
biased FAR values in our training set, something we hope would be resolved for a
future pre-O5 MDC and should increase the LOGFAR feature importance.

In Fig. 3.5 we compare our classifier’s performance to that of GWSkyNet [66].
This plot displays ROC curves for the subset of MDC events GWSkyNet was run
on, specifically those with FAR ≤ 2 per day, network SNR ≥ 7, and two or more
individual detector SNR ≥ 4.5. We see that our classifiers and GWSkyNet sig-
nificantly outperform 𝑝𝑎𝑠𝑡𝑟𝑜, and have similar performance to one another on this
subset of events. We intend for our classifier to be complementary to GWSkyNet,
with the major difference being our classifiers take advantage of multiple-pipeline
information.

Performance on O3
Fig. 3.6 shows the ROC curves for the all classifiers on the O3 data. The NN and
RF have matching performance with an AUC of 0.93 outperforming KNN with a
performance of 0.92. The corresponding confusion matrix in Fig. 3.7 shows all
classifiers’ performance in comparison to 𝑝𝑎𝑠𝑡𝑟𝑜using the same thresholds described
in Sec. 3.6. KNN and RF has disagreement in three astrophysical events and four
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Figure 3.2: ROC curves obtained from the MDC. We use the the 𝑝𝑎𝑠𝑡𝑟𝑜from the
preferred event of each superevent for comparison. The straight line in KNN model
is a result of neighborhoods that only include astrophysical events most prominently
in multiple pipeline detections. The points on the curve denote the threshold that
minimizes the distance to the upper left corner of the plot.

retractions. RF and NN has disagreement in four astrophysical events and four
retractions. NN and KNN has disagreement in three astrophysical events and six
retractions.

The true labels for the O3 dataset are defined differently than for the MDC dataset.
Confirmed significant events that make the GWTC catalog [22] are given true
astrophysical labels, while retracted events are given terrestrial labels. Seeing as
each of these events have undergone extensive human-vetting to be a part of the
catalog, or to be retracted, this is a fair assumption. However, it is possible there are
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Figure 3.3: Confusion matrix of model performance on the MDC dataset. We used
the the 𝑝𝑎𝑠𝑡𝑟𝑜from the preferred event of each superevent for comparison.

terrestrial events that have made it into the catalog, which may slightly impact our
results. Luckily, training is not impacted as that is done with MDC injections. With
this in mind, all O3 superevents must have at least one event with FAR greater than
the significance threshold, and all individual pipeline’s preferred event within that
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Figure 3.4: Permutation importance for the random forest classifier for each pipeline.

superevent are then considered. There is one exception in O3, S200105ae, which
was originally subthreshold but published after manual review. All O3 retractions
were single pipeline events meaning there is no subthreshold event labeled as a
retraction. MDC noise triggers above the significance threshold, corresponding to a
LOGFAR of -7.1, are rare, as can be seen in Fig. 3.1. The disparity in the proportion
of labels between MDC and O3 is also accentuated by the upwards bias of FAR
from the high rate of injections in the MDC [69]. Overall, this bias may cause the
classifier for at least one pipeline to have a higher rate of false positives in the O3
dataset compared to the MDC dataset.

Data quality issues in O3 events can also impact the performance of our model as
the model only takes in the data products produced in low latency. High amplitude
glitches can cause terrestrial events to have parameters similar to astrophysical
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Figure 3.5: ROC curves from the subset of MDC events GWSkyNet was run on,
specifically those with FAR ≤ 2 per day, network SNR ≥ 7, and two or more
individual detector SNR ≥ 4.5. We used the the 𝑝𝑎𝑠𝑡𝑟𝑜from the preferred event of
each superevent for comparison. The points on the curve denote the threshold that
minimizes the distance to the upper left corner of the plot for this subset of events.

events causing false positives. For example, S191220af had a glitch in L1 with
a LOGBSN of 15.56, S191120aj had glitches in H1 and L1 with a LOGBSN of
27.58, and S191225aq had glitches in L1 and V1 with a LOGBSN of 110.47.
To our model, these strong feature values mimic astrophysical events, even when
there are clear data quality issues upon human inspection. Other events, such
as S190829u with LOGBSN of 43.80 and S190822c with LOGBSN of 276.94,
had no high strain glitches yet can still produce inaccurate data products due to
detector background. Astrophysical events with low signal strength account for
false negatives as associated values are similar to events due to noise, such as
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Figure 3.6: ROC curves obtained from the testing the on O3 dataset.

S191205ah, S190910h, and S190718y for the NN.

Fig. 3.8 shows FAR distributions of MDC and O3 events for each pipeline, as well
as their true labels. We note that there are some O3 events that do not pass the
significant FAR threshold, which are those corresponding to confirmed significant
superevent in the GWTC catalog. These events are correctly labeled regardless of
their high FAR, due to the multiple-pipeline nature of our model.

3.7 Conclusion
In this paper, we present the performance of our classifiers for assessing significance
of low-latency GW candidate events trained data from the MDC [69]. We cover
three distinct model architectures, KNN, RF, and NN, to assess event data products
and classify those events as either astrophysical or terrestrial in origin. The NN
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Figure 3.7: Confusion matrix of model performance on the O3 dataset.

and RF classifiers have matching performance with an AUC of 0.93 on O3 events
slightly outperforming the KNN algorithm with a performance of 0.92. For MDC
events, the RF and NN have an AUC of 0.96 and 0.95, while the KNN is 0.94. In
both cases each of our classifiers significantly outperforms 𝑝𝑎𝑠𝑡𝑟𝑜, and could be a
useful complementary data product alongside it.
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Figure 3.8: Distributions of MDC and O3 events against LOGFAR and their true
labels. The red dotted line shows the five month significant threshold used on O3.

With the limited information available in low-latency, we can reliably determine
whether an event is astrophysical or terrestrial, which can be extremely valuable
for EM follow-up efforts. The most prominent limitation of the classifier is the
disconnect between the data products and the detection data quality. The actual GW
strain data is not included in the decision process for each event classification, so
data quality issues such as glitches may inflate the significance of our features and
lead to some false positives. For example, loud glitches caused false positives in
a handful of O3 events: S191225aq, S191220af, S191120aj, and S190808ae. To
improve on this aspect, including a metric for the model to consider a quantitative
measure of the data quality of GW strain. Another improvement would be a larger
and more comprehensive set of terrestrial events to balance the true classes or allow
us to more accurately sample the data with a KDE. In particular, multiple-pipeline
terrestrial events would be useful, but these are rare.

We should also note, that it is possible for a loud terrestrial glitch to be coincident
with an astrophysical event, just as was the case with GW170817 [9]. Our classifier
has not been explicitly trained or tested on this class of events, and we do not make
assumptions about how our model will perform with such events, as quantities such
as FAR and SNR will certainly be impacted. We can also assume extensive human
intervention and vetting will be necessary in this case.
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A similar score is produced by GWSkyNet, which is a pipeline using a series of
convolutional neural networks trained on BAYESTAR localization and volume sky
maps along with numerical inputs including the Bayes factors used here [59, 195]. In
contrast, our pipeline uses internal information from multiple CBC search pipelines
directly. This means a different parameter space is used compared to GWSkyNet,
and the two can make complementary data products alongside 𝑝𝑎𝑠𝑡𝑟𝑜.

The events in the MDC are created by injecting waveforms onto existing O3 data at
a high rate. This causes an upwards bias of FAR values if the pipeline calculates
FAR using an estimation of the local noise background [69]. This means that
when using real GW events from O3, our performance may be negatively impacted.
Luckily, a pre-O5 MDC using O4 data is planned and will hopefully resolve this
issue. Retraining and tuning on this dataset will need to be done, as well as
evaluating on O4 events after their public data release. This pre-O5 MDC may also
be comprised of a different set of CBC search pipelines, which is something we
can easily accommodate. Any additions can be implemented by adding classifiers
in the first stage for additional CBC search pipelines and adding parameters for
additional post CBC search pipelines. We envision this classifier could be used
to determine significance of O5 candidate events alongside other data products
such as 𝑝𝑎𝑠𝑡𝑟𝑜and GWSkyNet. This addresses the issue where search pipelines may
have differing assessments of significance for a given candidate event and provides a
means of combining information from multiple searches into one cohesive statement
of significance. We will advocate for the implementation and public release of our
classifier’s outputs in the future.

3.8 Model Architecture and Hyperparameters
Fig. 3.9 outlines the multiple-pipeline model architecture and corresponding fea-
tures, as covered in Sec. 3.5.

K-Nearest Neighbors (KNN)
Stage 1 KNN: 6 neighbors, distance weight function, and Minkowski metric.

Stage 2 KNN: Same as stage 1 except with 693 neighbors.
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Figure 3.9: Diagram of model architecture, where each block is either RF, KNN,
or NN. The NN, consists of 6 hidden layers with ReLU activation function. If a
pipeline is not used in a superevent, a value of -1 is sent to superevent classification.

Random Forest (RF)
Stage 1 RF: 10 estimators, max depth of 4, Gini criterion, minimum samples to split
of 2, minimum samples of each leaf of 1, and maximum features of 4.

Stage 2 RF: Same as stage 1 except with 310 estimators and max depth of 7.
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Neural Network (NN)
Stage 1 NN: 10 hidden layers with 59 neurons each, L2 regularization penalty of
0.0035, learning rate of 0.0063, batch size of 122, ReLU activation function is used
for all hidden layers, binary cross entropy loss. Training is done using a 90/10
train/validation split and training stops when validation loss plateaus.

Stage 2 NN: 2 hidden layers with 52 neurons each, L2 regularization penalty of
1.72e-06, learning rate of 0.008, batch size of 675, ReLU activation function is used
for all hidden layers, binary cross entropy loss. Since train set is redefined at plateau
due to downsampling, training stops after the third plateau.

3.9 Supporting Figures
Fig. 3.10 shows the individual confusion matrices for each of the pipelines trained
on for both the MDC and O3. The individual single-pipeline models have lesser
performance on their own, but when combined together as shown in Fig. 3.9 their
performance improves significantly, as seen in Figs. 3.3 and 3.7.

Shown here in Figs. 3.11, 3.12, and 3.13 are the corner plots corresponding to the
MBTA, PyCBC, and SPIIR MDC data and KDEs, complementary to the one shown
in Fig. 3.1 for GstLAL.
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Figure 3.11: Corner plot of the MBTA and BAYESTAR pipeline data products from
MDC events windowed around noise events. The histograms are normalized and
the green line shows the PDF of the KDE.
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Figure 3.12: Corner plot of the PyCBC and BAYESTAR pipeline data products from
MDC events windowed around noise events. The histograms are normalized and
the green line shows the PDF of the KDE.
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Figure 3.13: Corner plot of the SPIIR and BAYESTAR pipeline data products from
MDC events windowed around noise events. The histograms are normalized and
the green line shows the PDF of the KDE.
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C h a p t e r 4

WHAT TO EXPECT: KILONOVA LIGHT CURVE PREDICTIONS
VIA EQUATION OF STATE MARGINALIZATION

Work reproduced from:

Andrew Toivonen et al. What to Expect: Kilonova Light Curve Predictions via
Equation of State Marginalization. Publ. Astron. Soc. Pac., 137(3):034506, 2025.
doi: 10.1088/1538-3873/adbcd7.
A.T. was lead author and led software development of the data product.

4.1 Motivation
Efficient multi-messenger observations of gravitational waves from compact ob-
ject mergers rely on data products reported in low-latency by the International
Gravitational-wave Network (IGWN). While data products such as HasNS, the prob-
ability of at least one neutron star, and HasRemnant, the probability of remnant
matter forming after merger, exist, these are not direct observables for a potential
kilonova. Here, we present new kilonova light curve and ejecta mass data products
derived from merger quantities measured in low latency, by marginalizing over our
uncertainty in our understanding of the neutron star EoS and using measurements
of the source properties of the merger, including masses and spins. Two additional
types of data products are proposed. The first is the probability of a candidate event
having mass ejecta (𝑚ej) greater than 10−3𝑀⊙, which we denote as HasEjecta. The
second are 𝑚ej estimates and accompanying ugrizy and HJK kilonova light curves
predictions produced from a surrogate model trained on a grid of kilonova light
curves from POSSIS, a time-dependent, three-dimensional Monte Carlo radiative
transfer code. We are developing these data products in the context of the IGWN
low-latency alert infrastructure, and will be advocating for their use and release for
future detections.
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4.2 Searching for Kilonovae: A multi-disciplinary multi-messenger effort
The combined detection of the kilonova AT2017gfo [7, 86, 217] and gravitational-
wave (GW) observations resulting from the binary neutron star merger GW170817
[9] has led to immense interest in the field of multi-messenger astrophysics. Kilo-
novae are short lived astrophysical transients that may result from either BNS or
NSBH mergers and are of particular interest as they are sites of r-process nucle-
osynthesis, through which heavy elements can be produced. The radioactive decay
and interactions of these r-process elements are what powers the kilonova emission
we hope to observe [135, 151, 155, 171]. While GW170817 led to breakthroughs
in nuclear astrophysics [135, 137, 166, 217, 234], cosmology [8, 83, 94], and tests
of General Relativity [45, 88, 104], much remains to be learned about these rare
events, including the diversity of their intrinsic parameters, their emission, and the
heavy elements produced by r-process nucleosynthesis in these mergers.

O4 is underway as of May 23, 20231, and the search for gravitational wave events
and their counterparts [5] has resumed. Searches for kilonovae are challenging
due to the fact that they are short lived events, can be relatively faint, and may
not be well localized. Sky localizations for gravitational wave events can span
≈ 100−10, 000 deg2 [53, 77, 101, 105, 106, 123, 142, 202, 212, 214, 235]. However,
in spite of these challenges, it is imperative to locate the transient as quickly as
possible in the hope of observing the peak of emissions. A number of wide-field
survey telescopes are used to try and cover these large sky localizations, such as:
the Panoramic Survey Telescope and Rapid Response System (Pan-STARRS) [174],
Asteroid Terrestrial-impact Last Alert System (ATLAS) [226], the Zwicky Transient
Facility (ZTF) [29, 51, 120], and in the near future BlackGEM [122], the Vera Rubin
Observatory, formerly known as the Large Synoptic Survey Telescope (LSST) [132],
the Nancy Grace Roman Space Telescope2 [35], and Ultraviolet Explorer (UVEX)
[148]. While GW178017 is the only NS merger event that has provided us with
joint observations of a GW signal, kilonova, and short gamma-ray burst (sGRB), it
is also possible to identify kilonovae associated with sGRBs [39, 133, 224], long
GRBs [154, 193, 227], or even serendipitously in survey operations [31, 33, 34].

1https://observing.docs.ligo.org/plan
2https://roman.gsfc.nasa.gov/
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These searches are aided by source classification efforts, which we can use to
determine the origin of GW events [52, 67]. In addition, there have been multiple
efforts to simulate GW detections and constrain rates for O4 and beyond [76, 139,
186]. With O4 underway, we hope for additional BNS detections and follow-up
opportunities. These observing scenarios simulations tell us what we can expect
to observe, and can even help us constrain poorly measured parameters, like the
inclination angle, as discussed in Sec. 4.3. The parameters of the binary before
merger, such as the mass ratio and the masses of the objects involved, along with
the EoS, can help predict the mass ejected from the merger and the light curves
associated with a possible kilonova [9, 47, 48, 92, 189, 192]. The relationship
between light curves and binary parameters can also be used to place constraints on
the character of the progenitor systems and the mass ejected [57, 78, 85, 217].

Predictions of whether we can expect to see a kilonova, how bright that kilonova may
be, and where it will be localized in the sky are all crucial pieces of information for
astronomers searching for counterparts to GW events. Currently, the sky localization
is provided through sky maps, produced by BAYESTAR [216] and Bilby [42], These
efforts are intended to allow for more informed and efficient follow-up searches.
There are also existing properties, HasNs and HasRemnant [67], which are provided
by the EM-Bright pipeline and encode the probability that there will be at least one
NS and non-zero 𝑚ej, respectively, by providing estimates of the amount of 𝑚ej

produced and the absolute magnitude of the kilonova.

In this paper, we propose two new data products, focused on observable properties
directly tied to kilonovae, partially building on the work of [221]. We use similar
ejecta fits and also define a quantity HasEjecta to describe the likelihood of hav-
ing a significant amount of 𝑚ej. One noticeable difference is our focus on using
parameter estimation, instead of template based estimates. The first data product
is the probability of a candidate event having 𝑚ej greater than 10−3𝑀⊙; we denote
this quantity as HasEjecta. This quantity is useful for establishing the likelihood
of a kilonova counterpart, regardless of brightness. The 10−3𝑀⊙ cutoff was chosen
for three reasons, (i) our kilonova surrogate models were not trained on grid points
below this value, (ii) ejecta fits can have large uncertainties that dominate at low
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values, and (iii) this provides a reasonable floor estimate for the total 𝑚ej capable of
producing an observable kilonova. To directly support electromagnetic counterpart
searches, we also propose to provide predicted ugrizy and HJK light curves. To
do so, we use a surrogate model based on the time-dependent, three-dimensional
Monte Carlo radiative transfer code POSSIS [56]. Using POSSIS, we produce kilo-
nova light curves by simulating packets of photons released by the radioactive decay
of r-process nuclei in a kilonova. POSSIS takes input in the form of a model that
defines densities, compositions, and geometry of the ejecta, and outputs light curves
and spectra as a function of inclination angle. POSSIS simulations are computa-
tionally expensive, so a grid of kilonova light curves are computed and then used
to train a surrogate light curve model with The Nuclear Multimessenger Astronomy
Framework (NMMA)3 [184]. NMMA is a nuclear physics and cosmology library used
for analysis of BNS and NSBH systems, as well as potential counterparts. To create
the light curve model, NMMA starts with a grid of POSSIS simulations across input
parameters, and uses a neural network to interpolate between that grid and general-
ize to arbitrary parameters. For this work, we use the light curve models referred
to as Bu2019lm for BNS samples and Bu2019nsbh for NSBH samples [56], which
depend on the dynamical mass ejecta (𝑚dyn

ej ), wind ejecta (𝑚wind
ej ), inclination angle

(𝜃), and the opening angle (𝜙), as will be discussed more later on. Bu2019lm is
trained on a grid of simulated BNS mergers, and Bu2019nsbh on a NSBH grid.

Sec. 4.3 provides the workflow for producing the proposed data products from what
is available in low latency from IGWN searches. We present performance for the
proposed data products in Sec. 4.4, while Sec. 4.5 provides our conclusions and
plans for future research.

4.3 Modeling
Workflow overview
Fig.4.1 provides an overview of the workflow of our kilonova ejecta and light curve
predictions. We start with a GW detection by one of the CBC searches, and then
use initial mass and spin estimates from either the point estimate, or parameter
estimation, as discussed in Sec. 4.3. The point estimate has high uncertainties, but

3https://github.com/nuclear-multimessenger-astronomy/nmma
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Figure 4.1: Workflow for the light curve and ejecta mass data products. We start
with initial mass and spin estimates from a GW candidate as input, then marginalize
over a number of EoS realizations per sample and apply mass ejecta fits. Finally, we
use our light curve model to calculate light curves after drawing inclination angles
if needed.

is also available in low-latency at the time the alert is sent out. Parameter estimation
is more accurate, and covers a range of mass and spin values, but is not available
until ∼ hours after merger. From there, we marginalize over EoS realizations and
use the ejecta fits covered in Sec. 4.3 to calculate the 𝑚ej. Each sample is run
with a set number of random EoS realizations to effectively cover the parameter
space. Finally, adding in an inclination distribution and opening angle, covered in
Sec. 4.3 and using our kilonova model covered in Sec. 4.3, we generate kilonova
light curves. There are separate ejecta fits and light curve models used for BNS and
NSBH samples, as is discussed later in Sec. 4.3 and 4.3. The maximum mass of a
NS is defined by the EoS used.

Chirp mass and mass ratio
The chirp mass (M) and mass ratio (𝑞) of a compact object merger are important
quantities for characterization of a merger event. M is the simplest merger quantity
to measure from a GW signal, due to its relationship with the frequency evolution
of the signal. M is defined as:

M =
(𝑚1𝑚2)3/5

(𝑚1 + 𝑚2)1/5 (4.1)
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where 𝑚1 is the primary, or larger, mass, while 𝑚2, the secondary, or smaller, mass.
The mass ratio, 𝑞, is much more difficult to measure accurately from GW data, and
is the ratio between the component masses.

𝑞 =
𝑚2

𝑚1
(4.2)

Estimates of 𝑞 can be made using the phase of the GW signal, but they include
significant error. M is recovered quite accurately by parameter estimation in most
cases, however, there may still be a wide range of possible component mass values
due to the poorly constrained 𝑞 values, meaning the source classification cannot
always be clearly ascertained.

We have two possible options for our initial mass and spin estimates: (i) the mass
estimates produced by Bilby [42], an automated Bayesian parameter estimation
analysis library, and (ii) the point estimate from the CBC template match, e.g.
GstLAL [103, 170, 228], MBTA [36], PyCBC [89, 181], SPIIR [127, 156]. While
parameter estimation is the starting point with the most precise measurements,
given it provides (i) the most accurate estimate of the true source parameters and
(ii) uncertainties, it takes ∼ hours to be completed post-merger. If a low-latency
prediction is desired, as may benefit searches for counterparts in the hours after
merger, we must use the point estimate as a starting point. There are also promising
prospects of real-time machine learning based parameter estimation, which may be
available in the future [90], but for now we must rely on the point estimate. In this
case, we can use the point estimate, or take M from the point estimate and draw a
𝑞 value consistent with that M value from population level distributions [84, 139]
informed by GWTC-3 catalog fits [22]. From M and 𝑞, we compute the component
masses that will be inputs for the simulated ejecta quantities and light curves (see
below). For the analysis of MDC [69] events to follow, we use parameter estimation
as the starting point for the reasons outlined above.

Equation of state and spin distributions
The NS EoS impacts the amount of mass expected to be ejected from a merger
event as it influences how the NS is tidally disrupted. While the NS EoS remains
unknown, there are certain popular EoS in the literature useful for comparisons. In
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Figure 4.2: Comparison of relative error between 100 realizations of predictions
based on parameter estimation for a single MDC event as a function of the number
of EoS realizations per sample. We find that the error falls off asymptotically as the
number of EoS realizations increasing, and that there are diminishing returns past
50 EoS realizations, where the error is less than a few percent.

the following, when we need a single EoS to compare to, we will use the SLy [65]
EoS for comparisons to our marginalized range of predictions. This is to provide
a singular point of reference for comparison, and to ensure that our predictions are
reasonable. The SLy EoS was chosen as it has support from mass-radius posteriors
from GW170817 [11].

Within our pipeline, due to the uncertainty in our understanding of the NS EoS, we
marginalize over a number of EoS realizations per sample in order to produce our
ejecta estimates. For each component mass pair, we draw a specified number of EoS
realizations from a set of 104 equally weighted EoS realizations in order to cover the
parameter space. The EoS realizations are drawn from a Gaussian-process posterior
[152, 153] conditioned on a radio pulsar mass measurement [240] and gravitational-
wave mass and tidal deformability measurements [9, 13]. For the purpose of our
workflow, each sample is run with a different subset but same number of EoS
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realizations. This number of realizations is a variable within the workflow and can
be set as desired. To establish the number sufficient for consistent results, we ran
a series of tests; Fig. 4.2 shows how the relative error, defined here as the standard
deviation over the median 𝑚ej, varies for different numbers of EoS realizations. The
standard deviation and mean was found across 100 realizations of the predictions
for each number of EoS realizations. We find that 50 EoS realizations reduces the
error to less than a few percent, giving us more than sufficient consistency between
runs while still being computationally feasible. Beyond this point improvements
are negligible. 50 EoS realizations also ensures that even in the case where only a
small fraction of the posterior samples produce significant amounts of 𝑚ej, we will
still adequately cover the parameter space. If running on a point estimate or similar
small sample size, all 104 samples can be employed.

The NS and BH spins may also impact the amount of 𝑚ej. As will be covered in
Sec. 4.3, the BNS ejecta fits used do not depend on spin, while the NSBH ones
depend on the total effective spin 𝜒eff:

𝜒eff =
𝜒1,z𝑚1 + 𝜒2,z𝑚2

𝑚1 + 𝑚2
(4.3)

where 𝜒1,z and 𝜒2,z are the individual spin components of the dimensionless spin
vectors 𝜒1 and 𝜒2 aligned with the orbital angular momentum (L̂) of the merger.

𝜒n,z = 𝜒𝑛 · L̂ (4.4)

This means that our data products will be unchanged by varying spin values for
BNS events but impacted for NSBH events. For simulated events from the MDC
that we will compare to in Sec. 4.4, the spin distributions are injected uniform in
magnitude and isotropic in orientation, with magnitudes up to 0.4 and 1 for NS
and BH respectively [69]. Just as for candidate GW events, parameter estimation
provides spin estimates alongside the component masses, which can then be used
for ejecta predictions.



85

1.4 1.6 1.8

1.0

1.1

1.2

1.3

1.4

1.4 1.6 1.8

1.0

1.1

1.2

1.3

1.4

1.4 1.6 1.8

1.0

1.1

1.2

1.3

1.4

1.4 1.6 1.8
1.0

1.1

1.2

1.3

1.4

0.02

0.04

0.06

0.08

0.10

0.12

m
ej

(M
�

)

0.01

0.02

0.03

0.04

m
dy

n
ej

(M
�

)

0.02

0.04

0.06

0.08

0.10

m
w

in
d

ej
(M
�

)

−17.00

−16.75

−16.50

−16.25

−16.00

−15.75

pe
ak

rb
an

d
M

A
B

m1 (M�)

m
2
(M
�

)

Figure 4.3: Scatter plots of𝑚ej and light curve predictions using EoS marginalization
and parameter estimation from a 𝑚1 = 1.40𝑀⊙, 𝑚2 = 1.34𝑀⊙ injection. On the
upper left we have 𝑚ej, upper right 𝑚dyn

ej , lower left 𝑚wind
ej , and on the lower right

the peak 𝑟-band 𝑀𝐴𝐵. We see a strong correlation between all four quantities with
some slight variations.

Dynamical and disk wind ejecta from fits: BNS and NSBH
The total 𝑚ej is calculated in two components: the dynamical ejecta, 𝑚dyn

ej , and the

disk wind ejecta, 𝑚wind
ej . The first component, 𝑚dyn

ej is produced as the extreme tidal
forces of the inspiral tidally deforms and rips mass from a neutron star [172]. The
other, 𝑚wind

ej , is produced by matter that is ejected from the accretion disk of the
merger by energetic outflows of particles, sometimes referred to as particle “winds”
[172]. Estimates of 𝑚ej are found from fit by combining the source properties with
the EoS used. The EoS provides tables of mass, radius, and tidal deformability
information [153] which can be used to determine compactness needed for the fits.
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When making predictions, it is possible to (i) marginalize over EoS in order to
effectively cover the uncertainty in this parameter space, or (ii) pick a single named
EoS as input. Regardless of the EoS, we use ejecta fits in order to to calculate both
the dynamical and disk wind ejecta, which are found from separate fits for BNS
mergers and NSBH mergers. These are found in Eqs. 4.5-4.12 below. We use the
fits as implemented in NMMA [184].

The total 𝑚ej is defined by [94] in Eq. 4.5, where 𝑀disk is the mass of the disk and
𝜁 is the fraction of mass that becomes unbound from the system. Therefore 𝜁𝑀disk

is the disk wind ejecta: 𝑚wind
ej . We use 𝜁 = 0.30 for both BNS and NSBH mergers

[73, 109, 110, 213]). The total 𝑚ej is then simply the sum of the contributions from
the 𝑚dyn

ej and 𝑚wind
ej components.

𝑚ej = 𝑀
dyn
ej + 𝜁𝑀disk (4.5)

For BNS mergers, we use the following fit in Eq. 4.6 from [147] for 𝑚dyn
ej :

𝑀
𝑑𝑦𝑛

ej

10−3𝑀⊙
=

max
(
0,

[
𝑎

𝐶1
+ 𝑏 +

(
𝑚1

𝑚2

)𝑛
+ 𝑐𝐶1

]
𝑚1 + [1 ↔ 2]

) (4.6)

In these expressions, 𝑚1 is the mass of the primary, or largest component mass,
while 𝑚2 is the secondary, or smaller mass. For BNS both are neutron stars, while
for NSBH 𝑚1 is always the black hole, while 𝑚2 is the neutron star. In the same
way, 𝐶1 is the compactness of the primary mass, while 𝐶2 is the compactness of the
secondary. From the fit, the coefficients are: 𝑎 = −9.335 𝑏 = 114.17, 𝑐 = −337.56,
and 𝑛 = 1.5465. The term [1 ↔ 2] simply refers to an addition of the same terms
with indices swapped.

Then, for 𝑚wind
ej , again for BNS mergers, we use the following in Eq. 4.7 from [94]:
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log10
𝑀disk

𝑀⊙
=

max
(
−3, 𝑎

(
1 + 𝑏 tanh

(
𝑐 − 𝑚tot/𝑀threshold

𝑑

))) (4.7)

where 𝑎 and 𝑏 are given by

𝑎 = 𝑎𝑜 + 𝛿𝑎 · 𝜉 , 𝑏 = 𝑏𝑜 + 𝛿𝑏 · 𝜉 , (4.8)

and 𝑎𝑜, 𝑏𝑜, 𝛿𝑎, 𝛿𝑏, 𝑐, and 𝑑 are all free parameters. The parameter 𝜉 is given by

𝜉 =
1
2

tanh (𝛽 (𝑞 − 𝑞trans)) , (4.9)

where 𝛽 and 𝑞trans are free parameters and 𝑞 ≡ 𝑚2/𝑚1 ≤ 1 is defined as the mass
ratio. The best-fit model parameters are 𝑎𝑜 = −1.581, 𝛿𝑎 = −2.439, 𝑏𝑜 = −0.538,
𝛿𝑏 = −0.406, 𝑐 = 0.953, 𝑑 = 0.0417, 𝛽 = 3.910, 𝑞trans = 0.900. The threshold
mass 𝑀threshold for a given EoS is estimated by the following [27]:

𝑀threshold =

(
2.38 − 3.606

𝑀TOV

𝑅1.6

)
𝑀TOV, (4.10)

where 𝑀TOV is the maximum mass of a non-spinning NS and and 𝑅1.6 is the radius
of a 1.6𝑀⊙ NS.

Now moving to NSBH mergers, we use the 𝑚dyn
ej fit from [147], shown in Eq. 4.11.

𝑀dyn(𝑀⊙) =

𝑚bar
2

(
𝑎1

(
𝑚1

𝑚2

)𝑛1 1 − 2𝐶2

𝐶2
− 𝑎2

(
𝑚1

𝑚2

)𝑛2 𝑟ISCO

𝑚1
+ 𝑎4

) (4.11)

The coefficients are: 𝑎1 = 0.007116, 𝑎2 = 0.001436, 𝑎4 = −0.02762, 𝑛1 = 0.8636,
and 𝑛2 = 1.6840.

Again for NSBH, the 𝑚wind
ej fit is defined by [114] here in Eq. 4.12.
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𝑀disk(𝑀⊙) = 𝑚bar
2 max

(
0, 𝛼

1 − 2𝐶2

𝜂1/3 − 𝛽𝑟ISCO
𝐶2

𝜂
+ 𝛾

)𝛿
(4.12)

In Eq. 4.12, 𝑚bar
2 refers to the baryonic mass of the secondary mass, 𝜂 is the

reduced mass and is defined as 𝜂 = (𝑚1𝑚2)/(𝑚1 + 𝑚2), and 𝑟ISCO is the innermost
stable circular orbit of the binary. From the fit, the coefficients are: 𝛼 = 0.4064,
𝛽 = 0.1388, 𝛾 = 0.2551, and 𝛿 = 1.7612.

These ejecta formulae are based on fits to numerical relativity simulations that can
have high uncertainties in certain regions of the parameter space and do not take
into account all the microphysics involved, such as neutrino heating and magnetic
fields impacting the resulting remnant and ejecta [147]. Ejecta predictions outside
of the 10−3–10−1𝑀⊙ range, as well as those for mergers with highly asymmetric
mass ratios, are expected to have particularly large uncertainties [94, 147]. This
is one of the reasons we define our quantity HasEjecta as the fraction of total
ejecta values greater than 10−3𝑀⊙. We also use an upper limit of 10−1𝑀⊙ for each
ejecta component, 𝑚wind

ej and𝑚dyn
ej , capping values above this at 10−1𝑀⊙. These two

cutoffs ensure the ejecta values passed to our light curve models are reasonable and
within the 10−3–10−1𝑀⊙ range, as those models are trained on values within that
same range.

Predicted distributions of 𝑚ej, 𝑚wind
ej , and 𝑚dyn

ej using these fits and marginalizing
over EoS can be seen in Fig. 4.3 for an MDC event with injected masses of
𝑚1 = 1.40𝑀⊙, 𝑚2 = 1.34𝑀⊙. Further discussion found in Sec. 4.4.

Inclination
The mass ejected from a neutron star is not thought to be perfectly uniform and
spherical [126, 219], which means the EM emission from a kilonova will not be
isotropic. We expect to observe brighter emissions for face-on events, meaning
𝜃 ≃ 0◦. In the case of kilonovae, this inclination angle, 𝜃, also known as the
viewing angle, ranges from 0 to 90◦ as it is equivalent from 90 to 180◦ due to
symmetry; in the GW case, face-on vs. face-off can be differentiated, and therefore
measurements are reported from 0 to 180◦. Observationally, we would expect to
see an 𝜃 distribution that is uniformly distributed in the projection along the line of
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sight, (cos 𝜃). However, because GWs from face-on events have higher amplitudes,
we are biased towards those that are face-on as they are easier to detect. Taking both
these factors into account, we will get a distribution that peaks at lower 𝜃 values and
tails off toward higher 𝜃 values, as seen in Fig. 4.4.

In the workflow, we have two means for drawing 𝜃. The first is shown by the black
line in Fig. 4.4. This shows the 𝜃 distribution resulting from observing scenarios
simulations [84, 139] based on GWTC-3 [22] catalog fits. These are generated using
Bayestar [216], by first simulating Gaussian noise and the accompanying matched
filtering process in order to mimic realistic GW detections. Fig. 4.4 shows the KDE
that estimates the 𝜃 distribution based on those simulations, and we can sample from
this distribution. The second method uses standardized draws to mimic that same
distribution, but instead of providing one random value, this method covers a range
of 𝜃 values. For each sample, we cover the values 0, 15, 30, 45, 60, and 75 with
probabilities proportional to what is seen in Fig. 4.4. This method removes the
random nature of the draws which can be useful for small sample sizes. These two
methods converge for large sample sizes and can be chosen based on the sample size
and any time or resource constraints.

Kilonova light curve model
Our kilonova light curve model is based of the time-dependent, three-dimensional
Monte Carlo radiative transfer code POSSIS [56], which can simulate kilonova light
curves for a range of input parameters. A grid of these simulated kilonovae is
then used to train a model in NMMA in order to generalize predictions to arbitrary
parameters. We use separate BNS and NSBH model grids for training the BNS
model Bu2019lm NSBH model Bu2019nsbh, respectively. Theses models take
parameters of inclination angle (𝜃), half-opening angle (𝜙), dynamical ejecta 𝑚dyn

ej ,
and wind ejecta 𝑚wind

ej , and outputs light curves in nine ugrizy and HJK absolute
magnitude (𝑀𝐴𝐵) bands. For this analysis, we have fixed this half-opening angle
value to 30◦, which was shown to be a reasonable fit to GW170817 [184].

Fig. 4.3 shows a peak 𝑟 band 𝑀𝐴𝐵 light curve predictions from a single simulated
event with 𝑚1 = 1.40𝑀⊙ and 𝑚2 = 1.34𝑀⊙, and the associated 𝑚ej distributions.
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Figure 4.4: The two methods available for drawing 𝜃: the observing scenarios pop-
ulation distribution [84] (black) and a standardized histogram (orange), compared
to the histogram of 𝜃 from MDC injection samples with predicted 𝑚ej ≥ 10−3𝑀⊙
(blue). When using the observing scenarios distribution we draw a sample from
the KDE for each initial component mass sample provided. When using the
standardized histogram method, each initial component mass sample is run with
𝜃 = [0, 15, 30, 45, 60, 75] with counts proportional to the histogram, meaning each
sample is run with the same 𝜃 values for consistency even with small sample sizes.

Fig. 4.5 shows all light curves across nine bands for that same event, as well as the
median and 90% credible interval for 𝑚ej and 𝑀𝐴𝐵. The right panel of Fig. 4.7
shows peak 𝑟-band 𝑀𝐴𝐵 across a range of component masses consistent with BNS
and NSBH mergers. The points show the median value across EoS realizations.
In general, we find BNS events with a pair of low mass NSs produce the brightest
kilonovae, and 𝑀𝐴𝐵 is strongly correlated with 𝑚ej. The light curve data products
will be covered in detail and analyzed in Sec. 4.4.
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Figure 4.5: Heat map of light curves produced from EoS marginalization on pa-
rameter estimation of an MDC event injected with a primary mass of 1.40𝑀⊙, and
a secondary mass of 1.34𝑀⊙. The 5th, 50th, and 95th percentile predictions are
shown by the colored dotted lines and their corresponding 𝑚ej values can be found
in the legend.

4.4 Analysis of data products
Proposed data products
The first of our data products consists of three categories, which sum to a proba-
bility of 1: BNS_ejecta, NSBH_ejecta, and no_ejecta. BNS_ejecta refers to
the probability that there will be significant 𝑚ej, defined as greater than 10−3𝑀⊙,
produced by a BNS merger. Similarly, NSBH_ejecta refers to the probability that
there will be significant 𝑚ej produced by a NSBH merger; finally, no_ejecta refers
to the probability that there will be 𝑚ej < 10−3𝑀⊙. Each of these quantities assume
the event is astrophysical in nature, and no_ejecta is indiscriminate of the type
of merger. Due to EoS and parameter uncertainties, it is possible for predictions
to contain non-zero values for both BNS_ejecta and NSBH_ejecta. In the usual
case where the ejecta and light curve predictions are run on posterior samples from
parameter estimation, each sample will be run with a number of different EoS real-
izations, and these realizations define the maximum NS mass. Not only can the range
of parameter estimation posterior samples cover both BNS and NSBH regimes, a
sample component mass near the NS max mass can be classified as a NS by one EoS
realization, and as a BH by another. The sum of BNS_ejecta and NSBH_ejecta
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will then provide the probability that a given event has significant ejecta, i.e. greater
than 10−3𝑀⊙. We denote this quantity HasEjecta, and expect this to be useful
metric for astronomers. These quantities specify likelihood of significant 𝑚ej, and
are directly correlated to the likelihood a detectable kilonova exists.

In addition to the above data products, we provide𝑚ej and peak magnitude estimates
in the form of three percentile values that constitute a median value and 90% credible
interval: the 5th, 50th, and 95th percentiles. We also create probability density maps
of the light curves produced, showing the range of possible outcomes in a informative
way, along with the percentile estimates as seen in Fig. 4.5.

These complete 𝑚ej and light curve predictions can be seen for an example MDC
event in Fig. 4.5. Shown are probability density maps for light curves found by
starting with parameter estimation and marginalizing over EoS. This event is entirely
dominated by samples consistent with a BNS: Fig. 4.5 shows an event with 𝑞 near
one (𝑚1 = 1.40𝑀⊙, 𝑚2 = 1.34𝑀⊙). We also show the median and 90% credible
interval predictions for both 𝑚ej and the peak 𝑟 band magnitude. These light curve
predictions across ugrizy and HJK bands are intended for astronomers to help with
EM follow-up by providing an estimate of whether we can expect to see a kilonova,
and how bright the kilonova may be.

Predictions compared to GW170817 + AT2017gfo
As a sanity check for our light curve predictions, we compare to AT2017gfo [7,
86, 217] the kilonova resulting from the BNS GW170817 [9]. We expect the
observed light curves to fall within the 90% credible interval of our prediction. To
make predictions, we start with parameter estimation from GW170817, and run
the predictions workflow including EoS marginalization, producing a range of light
curves, as seen in Fig. 4.6. We focus on the 𝑟 band 𝑀𝐴𝐵 for the sake of this plot,
and we find that the observed data does in fact fall within our 90% credible interval
of predictions as expected.

Predictions across a grid of component masses
In order to provide an idea of what regimes in the parameter space are most likely
to produce an observable kilonova, we make predictions across a wide grid of
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Figure 4.6: Comparison of light curve predictions using GW170817 posterior sam-
ples to AT2017gfo light curves. The observed 𝑟 band light curves fall within the
90% credible interval of the predicted light curves.

component masses spanning BNS and NSBH events. For the consistency of Fig. 4.7
we assume zero spin for all objects. The left panel of Fig. 4.7 shows the median
𝑚ej predictions across EoS realization for a grid of BNS and NSBH mergers. The
dotted line between the BNS regime and NSBH regime denotes where the two source
classifications dominate. Each sample is classified as a BNS or NSBH based on
the maximum NS mass of the EoS realization, and uses the corresponding BNS or
NSBH ejecta fits and light curve model. The difference in fits and models between
the BNS and NSBH regimes can clearly be seen by the discontinuity near dotted
line in Fig 4.7. We find the the low mass BNS events have the largest 𝑚ej, and that
NSBH events tend to have less 𝑚ej. The same trends follow for peak 𝑟 band 𝑀𝐴𝐵,
with a sharp drop off as we move from the BNS to the NSBH light curve model,
again pointing to the fact BNS mergers are most likely to produce an observable
kilonovae. It is worth mentioning, however, that larger spin values in the NSBH case
are expected to produce more ejecta and brighter light curves than their non-spinning
equivalents [113].
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Figure 4.7: Left: A scatter colored by the median 𝑚ej produced for a given com-
ponent mass pair, marginalized over a number of EoS realizations. This plot only
shows points that have some samples greater than 10−3𝑀⊙ and the low end of the
color bar is capped at 10−6𝑀⊙. The BNS and NSBH regimes are indicated by a
dotted line, loosely defined by a maximum NS mass of ≃ 2.15 𝑀⊙. We find the
low mass BNS regime produces the largest 𝑚ej, and see a significant drop off for
the NSBH regime. Right: A the scatter colored by the median 𝑟 band 𝑀𝐴𝐵 for a
given component mass pair. The distribution is similar to the left panel due to the
correlation of 𝑚ej with the brightness of the kilonova, and with fainter light curves
in the NSBH regime due to the different light curve model. For the consistency of
the plot, all spins are set to zero and 𝜃 is drawn from the histogram method in Sec.
4.3.

Predictions from Mock Data Challenge events
In order to validate our proposed data products, we use MDC [69, 169] events. The
MDC is a real-time simulation campaign where CBC waveforms are injected into
O3 strain data. CBC searches are carried out and event candidates are uploaded
internally to GraceDB4, including downstream data products such as parameter
estimation and sky localizations. This provides us with a set of parameter estimation
posterior samples for merger events, and also allows us to refer back to the original
simulated quantities for comparison.

We produced our data products for a set of MDC events, including both BNS
and NSBH, for which we predict the likelihood of generating 𝑚ej, as well as the

4https://gracedb.ligo.org/
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brightness of the resulting light curves. As described in the workflow above, we use
the masses and spins generated by the parameter estimation, while marginalizing
over EoS, to make the predictions. In order to compare our predictions to the
injections and to sanity check our results, we run a set of MDC events with our
EoS marginalized predictions, and compare those to predictions made using the
injections and the SLy EoS.

Fig. 4.3 shows a detailed view of how 𝑚
dyn
ej , 𝑚wind

ej , and 𝑚ej vary across parameter
estimation posterior samples from a single simulated event. We find all four quan-
tities are highly correlated, with the highest 𝑚ej and brightest 𝑟 band 𝑀𝐴𝐵 values
corresponding to small secondary NS mass in this case.

Further, Fig. 4.8 shows a violin plot of how the EoS marginalized predictions for
parameter of estimation of MDC events of increasing total mass compare to one
another and their injected source properties run with the SLy EoS. These events
are meant to roughly cover a range component mass pairs that may be capable
of producing a kilonova. As with all predictions in this paper, the distributions
shown here are only for samples with 𝑚ej ≥ 10−3𝑀⊙. The curves surrounding the
colored regions are KDE approximations of the samples, with a box and whisker
plot enclosed and the median represented by the white dot. We find that the EoS
marginalized distributions and the 90% credible intervals are generally consistent
with the injections run with SLy.

Moving from left to right with increasing total mass, we find the median peak 𝑟
band 𝑀𝐴𝐵 values follow a general decreasing trend, consistent with what is seen in
Fig. 4.7. The red dotted line shows an approximate break between the BNS and
NSBH regimes, where separate ejecta fits and light curve models dominate. This is
the reason we see the bimodality of the violin plots, with the BNS samples mostly
concentrated on top, and the NSBH samples on bottom. This is also evident for the
SLy injected values, as there is a significant drop off between the first six events
(classified as BNS by SLy), and the last two (classified by NSBH by SLy), as we
cross the SLy maximum NS mass of ≃ 2.1𝑀⊙. A single event can have samples
in both the BNS and NSBH regime as parameter estimation covers a range of mass
pairs, mostly consistent with a well constrained M but with varying 𝑞, and that
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Figure 4.8: Violin plot showing peak 𝑟 band 𝑀𝐴𝐵 predictions for 8 MDC events of
increasing total mass. The range of predictions found from parameter estimation
samples are compared to the injected parameters run with the SLy EoS. The curves
show a KDE of the samples while inside the colored region there is a box and
whisker plot. A dotted line is used to indicate the region dominated by BNS and
NSBH samples, respectively.

our range of EoSs that we marginalize over each define their own maximum NS
mass. In this way, we show our range of predictions including these uncertainties,
and across source classifications. This plot shows BNS are most likely to produce
bright, observable kilonovae based on our current understanding of the underlying
factors.

Finally, we note that these representations may be an additional way of viewing the
overall distribution, and could be produced for GW candidates.

4.5 Conclusion
In this paper, we propose new kilonova light curve and ejecta mass data products
to help inform electromagnetic follow-up of GW candidates from CBC searches.
To make predictions, we marginalize over EoS uncertainty, and use ejecta fits
and light curve models to produce our estimates. Our data products include the
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probabilities HasEjecta, which describes the probability of an candidate event
having a 𝑚ej ≥ 10−3𝑀⊙, and BNS_ejecta and NSBH_ejecta, which describe the
probability of BNS and NSBH mergers having 𝑚ej ≥ 10−3𝑀⊙. We also produce
90% percent credible interval estimates for 𝑚ej, and ugrizy and HJK 𝑀𝐴𝐵 bands.

We find that our predictions are not only consistent with GW170817 and AT2017gfo
in Fig. 4.6, but also with MDC injections run with the SLy EoS in Fig. 4.8.
Additionally, Fig. 4.8 demonstrates BNS are most likely to produce a bright,
observable kilonova, and points to an inverse correlation between median peak 𝑟
band 𝑀𝐴𝐵 total mass.

With the intention of informing follow-up decisions and helping enable the detection
of future kilonovae, we will advocate for the public release of the aforementioned
ejecta and light curve data products during the second half of O4. Our data products
will not only help determine the likelihood that a GW event could produce a kilo-
nova, but also estimate the amount of 𝑚ej and the light curves produced, the direct
observables astronomers need when making follow-up decisions. In this way, the
data products are meant to be complementary to, and an extension of, existing data
products such as HasNS and HasRemnant that are already widely used for follow-up
decisions. Upon additional multi-messenger observations, we hope to improve our
estimates by reducing uncertainties in our models and EoS set, further increasing
the efficacy of our predictions.
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C h a p t e r 5

THE STANDARD SIREN APPROACH USING AN END-TO-END
SIMULATION OF LOW-LATENCY GRAVITATIONAL-WAVE

SEARCHES IN THE MOCK DATA CHALLENGE

Work reproduced from:

Megan Averill, Andrew Toivonen, et al. The Standard Siren approach using an
end-to-end simulation of low-latency Gravitational-Wave Searches in the Mock
Data Challenge. 2025.
A.T. advised M.A. as an undergraduate researcher for this work, it will soon be on
arXiv and submitted to PASP.

5.1 Motivation
Multi-messenger observations of NS mergers and their associated kilonovae can
provide standard siren measurements of 𝐻0. While there are large uncertainties
associated with a single standard siren measurement, combining 𝐻0 posteriors from
multiple events can provide a more precise measurement. Here, we use MDC
events consisting of significant GW triggers provided by low-latency search pipelines
during a real-time replay of a GW observing run to simulate a realistic set of BNS
mergers and accompanying multi-messenger observations, then apply a framework
for measuring 𝐻0 using the entire set of events. With the set of 28 events combined
with GW170817, and when considering a 1 𝜎 (∼ 68%) credible interval, 𝐻0 can be
measured down to a precision of ∼ 5% and consistent with our injected value. We
intend for this framework to be used in combination with future multi-messenger
observations of NS mergers.

5.2 Standard Sirens: A Measure of the Hubble Constant
The joint detection of GWs from the BNS merger GW170817 [9] and the asso-
ciated EM counterpart, the kilonova AT2017gfo [7, 86, 217] and GRB170817A
[10, 118, 208], has led to great interest in multi-messenger searches due to the
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far-reaching scientific insights the observations provided. Multi-messenger obser-
vations of kilonovae, the short-lived astrophysical transients that may accompany
BNS or NSBH mergers, are highly desired for their insights across nuclear as-
trophysics and beyond. GW170817 has led to advances in nuclear astrophysics
[135, 137, 166, 217, 234], cosmology [8, 58, 83, 94, 128], and tests of general
relativity [45, 88, 104]. Specifically, the presence of heavy elements that power the
kilonova emission revealed that 𝑟-process nucleosynthesis is taking place in these
mergers [135, 151, 155, 171].

O4 began on May 23, 20231, and is currently in progress as the search for GW
events and their associated counterparts [5] continues. Kilonovae are short lived,
may be relatively faint, and can span large sky localizations on the order of ≈
100 − 10, 000 deg2 [53, 77, 101, 105, 106, 123, 142, 202, 212, 214, 235]; locating
and identifying a transient as soon as possible is ideal in the hope of observing the
peak of emissions.

Currently, there are a number of wide-field survey telescopes in use for multi-
messenger efforts, such as the Panoramic Survey Telescope and Rapid Response
System (Pan-STARRS) [174], Asteroid Terrestrial-impact Last Alert System (AT-
LAS) [226], the Zwicky Transient Facility (ZTF) [29, 51, 120]. In the near future,
BlackGEM [54], the Vera Rubin Observatory, formerly known as the Large Synoptic
Survey Telescope (LSST) [132], the Nancy Grace Roman Space Telescope [35], UL-
TRASAT [211], and Ultraviolet Explorer (UVEX) [148] will be joining the search.
It is also possible to identify kilonovae associated with sGRBs [39, 133, 224], long
GRBs [154, 193, 227], or even serendipitously in survey operations [31, 33, 34].

Source classification efforts [52, 67], which are used to determine the origin of
GW events, are useful for informing these searches, and in the future additional
data products specifically focused on remnants from neutron star mergers and their
associated kilonovae may be available [49, 191, 225, 229]. Additional machine
learning-based searches [168] and rapid parameter estimation techniques capable of
producing samples within seconds are also in development [68, 90].

1https://observing.docs.ligo.org/plan



100

Multi-messenger observations of neutron star mergers can be used to provide an
independent measurement of𝐻0 by combining distance information derived from the
GW signal with redshift information from the host galaxy, which can be determined
with detection of the EM counterpart [209]. With a well localized GW event,
however, it can be possible to determine the host galaxy, or marginalize over multiple
host galaxies, and estimate𝐻0 from the GW detection alone [183]. These GW events
are often referred to as a “Standard Sirens" when an associated EM counterpart is
detected, or “Dark Sirens" when not. In addition, there has been work to enable
simultaneous inference of the NS EoS and 𝐻0 for future merger events [117, 163].

Using the standard siren method with observations from GW170817, the measure-
ment 𝐻0 = 70.0+12.0

−8.0 km s−1 Mpc−1 was made [8]. Due to its large uncertainties, this
value is consistent both with measures from The Planck collaboration, which finds
𝐻0 = 67.4 ± 0.5 km s−1 Mpc−1 by use of cosmic microwave background (CMB)
observations of the early universe and ΛCDM cosmology [28], and with the SH0ES
collaboration which finds 𝐻0 = 74.03 ± 1.42 km s−1 Mpc−1 by measuring the local
expansion of the universe from observations of Cepheid variables and Type Ia su-
pernovae [198]. This discrepancy between the precise measurements of Planck and
SH0ES based on early and late time observations of the universe is often referred
to as the “Hubble Tension”. Currently, standard siren measurements are subject to
a myriad of uncertainties, including the precision of our distance measurements, as
well as spectroscopic or photometric redshift determination. In addition to these,
more subtle effects such as selection biases and waveform systematics [149] can
also play a minor role when we have multiple future detections.

In the future, we hope additional next-generation GW detectors such as Laser Inter-
ferometer Space Antenna (LISA) [32], Cosmic Explorer [102, 196], and Einstein
Telescope [3] will help provide numerous multi-messenger observations of neutron
star mergers that can be used to provide a much more precise measure of 𝐻0 and
help resolve this tension.
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5.3 Method: A Simplified Example
In this paper, we start with a simplified example to demonstrate our framework in
Sec. 5.3 using events we with NMMA [94, 184], then follow with a realistic end-to-end
simulation of a set of multi-messenger events. The end-to-end simulation uses MDC
[69] events which are realistic real-time simulations part of a simulation campaign
used to stress-test the LLAI and evaluate performance of GW searches and their
related data products. We will use BNS events exclusively in this study, however,
a similar study could be done for NSBH events which are also capable of provided
precise standard siren measurements [108]

Simulation Setup
We begin with a simplified example to demonstrate our framework, before proceed-
ing to a realistic end-to-end simulation including selection effects. We use a set of
BNS events simulated using NMMA [94, 184]. The simulation set was generated from
the O4 observing scenarios outlined in [139] and consistent with GWTC catalog
events [22]. We simulate a set of 28 binary neutron star events and accompanying
GW and EM observations, uniform in source-frame volume and with SNR values
greater than 10.

The parameter estimation is then done with Jim [97, 238, 239], a toolkit to perform
Bayesian parameter estimation of GWs with Markov chain Monte Carlo and using
normalizing flows [145, 185] as proposals to enhance sampling efficiency. The
methodology was first described in [115], and we use the implementation from [237].

Estimating H0
The value of 𝐻0 can be obtained from the redshift and distance measurements. For
nearby, low-redshift events, the local approximation for 𝐻0 can be used:

𝐻0 =
𝑐𝑧

𝐷
. (5.1)

However, to account for cosmological factors, we will also use the more accurate
empirical fit [82, 197]:
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𝐷 =
𝑐𝑧

𝐻0

(
1 + 1

2
(1 − 𝑞0)𝑧 −

1
6
(1 − 𝑞0 − 3𝑞2

0 + 𝑗0)𝑧
2 + O(𝑧3)

)
, (5.2)

where 𝑞0 is the present acceleration and 𝑗0 is the prior deceleration. Both have
values obtained from fit to cosmological models covered in [82, 197].

As Eq. 5.2 shows, the Hubble constant requires information on the distance and
redshift of the source. In the case of a real multi-messenger detection, such as
GW170817 [8], a distance posterior can be produced from parameter estimation
based on the observed waveform. The redshift can be obtained by locating the EM
counterpart and determining its host galaxy, for which galaxy catalogs can provide
the redshift. We must also account for the initial prior on how the injections are
distributed in space, shown in Eq. 5.6, which is uniform in comoving volume and
source frame time:

𝑝(𝑧) ∝ 1
1 + 𝑧

𝑑𝑉𝑐

𝑑𝑧
. (5.3)

Redshift Measurement
BNS mergers may provide us with an EM counterpart in the form of a kilonova
or GRB, which we can use to measure the redshift of the event by determination
of the host galaxy. When the GW and EM observations are combined to estimate
𝐻0, these events are referred to as standard sirens. Without the additional EM
counterpart observations, it is much more difficult to reliably place the event in a
host galaxy. These measurements may marginalize over the uncertainties of being
located in multiple galaxies. Therefore, these dark sirens result in a larger measure
of uncertainty when compared to standard sirens.

For the purpose of this study, we simulate standard siren observations of BNS events
with an identified optical counterpart. When simulating the EM detection, we use
the injected distance and assume the Planck18 cosmology [28] to determine the
corresponding redshift. We use the injected redshift as the “true” redshift and draw
Gaussian uncertainties for each measurement, within±5% for events under 200 Mpc
and ±10% for events over 200 Mpc. We expect the majority of redshifts outside 200
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Figure 5.1: Top: 𝐻0 posteriors for a sequential combination of our simulated events
covered in Sec. 5.3. Shown are the mean values with 1𝜎 (∼ 68% credible interval)
error bars. Bottom: The fractional error, found as the ratio of the 1𝜎 error to the
mean 𝐻0 value, for each sequential combination of the same events.

Mpc to be photometric, and therefore include the larger uncertainties ranging up to
10%.

Combining 𝐻0 posteriors
Taking the distance and redshift information, we find 𝐻0 posteriors for each simu-
lated event. We then sequentially combine these event-by-event into a posterior for
the entire set of events to precisely estimate 𝐻0 as follows. Given a dataset 𝑋𝑖, the
single-event posterior of 𝐻0 is given by Bayes’ theorem:

𝑝(𝐻0 |𝑋𝑖) =
𝑝(𝑋𝑖 |𝐻0)𝑝(𝐻0)

𝑝(𝑋𝑖)
, (5.4)
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where 𝑝(𝑋𝑖 |𝐻0) is our data, specifically posterior samples on distance. To combine
the posterior distributions obtained from two such datasets, 𝑋1 and 𝑋2, with the
same prior and that are conditionally independent, i.e.,

𝑝(𝑋1, 𝑋2 |𝐻0) = 𝑝(𝑋1 |𝐻0)𝑝(𝑋2 |𝐻0) , (5.5)

we can write the posterior for two events as

𝑝(𝐻0 |𝑋1, 𝑋2) ∝
𝑝(𝐻0 |𝑋1)𝑝(𝐻0 |𝑋2)

𝑝(𝐻0)
. (5.6)

Then, generalizing to 𝑛 events, as:

𝑝(𝐻0 |𝑋1...𝑋𝑛) ∝
∏𝑛
𝑛=1 𝑝(𝐻0 |𝑋𝑛)
𝑝(𝐻0)𝑛−1 . (5.7)

The resulting posterior is proportional to the product of the probability densities of
each event, divided by the prior density 𝑝(𝐻0). In practice, we use KDE to estimate
the probability density, then sequentially combine events by multiplying probability
densities, dividing by the prior density, and normalizing the final distribution [179].

A Single Realization
With GW170817 as the initial event and using our simulated events mentioned in
Sec. 5.3, we apply the framework outlined later in the same section to sequentially
combine each individual event posterior into one posterior on 𝐻0 encompassing
our set of 28 multi-messenger BNS events. The 𝐻0 posteriors for each sequential
combination can be seen in Fig. 5.1, where the mean posterior values are shown
with 1𝜎 (∼ 68% credible interval) error bars. This demonstrates how the error
will decrease with each sequential detection, but also how our estimates are easily
impacted by uncertainties in a single detection when considering a small sample
size. The fluctuations are mostly caused by over- or under-estimation of the injected
distance by parameter estimation. For the first few events, the mean varies wildly,
but after a handful of events, the mean values stabilize around the injected Planck18
value.
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Figure 5.2: Top: 𝐻0 posteriors averaged over 1000 realizations of the sequential
combination of our simulated events covered in Sec. 5.3. Shown are the mean values
with 1𝜎 (∼ 68% credible interval) error bars. Bottom: The fractional error, found
as the ratio of the 1𝜎 error to the mean 𝐻0 value, for the same 1000 realizations
above.

Averaged Over 1000 Realizations
While a single realization gives a realistic representation of how 𝐻0 estimates can
be made for 𝑁 events and with each sequential detection, there are often significant
deviations between the intermediate estimates of realizations. Each realization will
come to the same end result, however, after combining all events. For example, the
estimates shown in Fig. 5.1 have an initial downward bias in 𝐻0 as by chance this
realization happened to start with multiple events where the distance was slightly
overestimated by parameter estimation.

In addition to Fig. 5.1 where we show 𝐻0 estimates for a series of BNS detections,
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we also take the the same set of events, randomize the order of combination to
create 1000 realizations, and then average over the results at each step to produce
Fig. 5.2. GW170817 is kept as the first event in each realization. This provides
a quantitative estimate of precision in the measurement expected for 𝑁 combined
events, irrespective of fluctuations in estimates that result from the order the events
are combined. Deviations from the injected value may be the result of our limited
sample size, or the inclusion of GW170817, which is consistent with, but does not
necessarily correspond to the injected cosmology. While the final result for all
events is unchanged, this gives a more accurate estimate of the precision 𝐻0 can be
estimated to for an intermediate number of events.

Averaging over 1000 realizations of this simplified example outlined above, after
combining 10 events (including GW170817), we find𝐻0 = 67.6±3.4 km s−1 Mpc−1.
Combining all 28 events plus GW170817 gives us 𝐻0 = 68.0 ± 2.0 km s−1 Mpc−1.
These values are both consistent with the injected Planck18 value of 𝐻0 = 67.4
km s−1 Mpc−1.

5.4 End-to-End Simulation: Mock Data Challenge
For a realistic end-to-end simulation of a set of standard siren measurements, we use
the MDC carried out prior to O4 [69], and covered in Chapter 2. The MDC is a real-
time simulation campaign carried out by injecting simulated GW waveforms within
a replay of detector data from O3. In this way, we have realistic compact binary
signals injected onto a realistic noise background, that the GW search pipelines
can run on. This MDC is used to stress-test and assess the performance of our
low-latency alert infrastructure. We are able to cross-match injections with GW
triggers, or events, uploaded by the pipelines, giving us both injected and recovered
parameter values. In addition, just like for real GW events, parameter estimation is
run, including the production of BAYESTAR [216, 232] sky maps and Bilby [42, 200]
posterior samples. We use these sky maps to help simulate the detection of an EM
counterpart, which can be used to provide a redshift measurement for calculating
𝐻0.

In total, 1,489 BNS events were detected out of ∼ 20,000 BNS injections via
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Figure 5.3: The 90% sky localization and median distance from the sky map, colored
by the searched area for the 28 multi-messenger BNS events used from the MDC.
In black are GW detections in the MDC which did not pass our thresholds for EM
detection.

low-latency GW searches in a single 40-day MDC cycle. These detections are
significant, i.e., they pass the significant FAR threshold defined at ≤ 3.9 × 10−7 Hz
(one per month). Up-to-date information on the current FAR threshold can be found
in the IGWN userguide2. Out of these GW detections, the vast majority are too
distant or poorly localized to reliably detect an EM counterpart if one was produced.
To detect an EM counterpart, ToO searches must be able to cover enough of the
sky localization and look deep enough to observe the likely faint and short-lived
transient. We set conservative thresholds for EM detection, assuming BNS events
within an injected luminosity distance of 200 Mpc and with a 90% localization area

2https://emfollow.docs.ligo.org/userguide/
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Figure 5.4: Posteriors for each successive combination of events, where darker lines
include more events, without considering GW selection effects.

of less than 100 deg2 have observed EM counterparts. These thresholds are meant
to select events observable by both ZTF and Rubin, and are consistent with those
assumed in [139]. This criteria narrows our sample down to just 29 BNS events,
and one of those 29 is excluded from the rest of the study due to an issue with
its corresponding parameter estimation, giving us a sample of 28 standard BNS
events–plus GW170817. All of the MDC events are three detector events, including
LIGO-Hanford, LIGO-Livingston [2], and Virgo [26] detectors. Fig. 5.3 shows
the 90% localization area against the sky map median distance colored by searched
area for the 28 multi-messenger BNS events used from the MDC. In black are
shown adjacent GW events from the MDC which did not pass our thresholds for
EM detection covered in this section.
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Figure 5.5: Posteriors for each successive combination of events, where darker lines
include more events, including GW selection effects in Sec. 5.4.

Parameter Estimation
We use Bilby parameter estimation to provide our distance measurement and
BAYESTAR for sky map statistics. The Bilby parameter estimation employs the
IMRPhenomD waveform approximant [130, 138] to recover the observed signals,
and assumes that dimensionless spins have norms less than 0.05 and are aligned
with the orbital angular momentum. It noted the choice of waveform does not have
a large impact or create significant bias when measuring 𝐻0 [149]. To determine
the redshift, we use the injected distance and assume Planck18 cosmology to find a
redshift and associated uncertainty, as covered in Sec. 5.3. This is done to mimic an
independent redshift measurement made by placing the EM source in a host galaxy.

We must also account for the prior used by Bilby, which is the same as shown in
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Figure 5.6: Top: 𝐻0 posteriors for a sequential combination of the MDC events
covered in Sec. 5.4. Shown are the mean values with 1𝜎 (∼ 68% credible interval)
error bars. Bottom: The fractional error, found as the ratio of the 1𝜎 error to the
mean 𝐻0 value, for each sequential combination of the same events.

Eq. 5.6, a redshift prior which is uniform in comoving volume and source frame
time.

GW Selection Effects
In our dataset, we use only significant events, which correspond to GW triggers
which pass the significant FAR threshold defined at ≤ 3.9×10−7 Hz (one per month)
before the trials factor. Imposing a threshold creates a selection bias, however, as
portions of the parameter space will be more likely to pass this threshold. To resolve
this bias, we use Eq. (1) from [223]:
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Figure 5.7: Top: 𝐻0 posteriors averaged over 1000 realizations of the sequential
combination of the MDC events covered in Sec. 5.4. Shown are the mean values
with 1𝜎 (∼ 68% credible interval) error bars. Bottom: The fractional error, found
as the ratio of the 1𝜎 error to the mean 𝐻0 value, for the same 1000 realizations
above.

𝑝𝑑𝑒𝑡 (𝜃) =
∫
𝑝>𝑝𝑡ℎ

𝑑d𝑝(d|𝜃), (5.8)

where 𝑝𝑑𝑒𝑡 is found as the fraction of events that surpass the threshold 𝑝𝑡ℎ, in our
case the significant FAR threshold, for a set of binary parameters 𝜃. In order to find
𝑝𝑑𝑒𝑡 , we assume that the selection bias is dominated by distance and SNR, and can
be approximated from those alone. As we only consider BNS events which reside
across a narrow range of masses and spins, we expect those biases to be minimal
compared to distance and SNR.
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Fig. 5.4 shows successive combination of events where the GW selection effects
are not considered. Darker lines indicate the inclusion of more events. Fig. 5.5
shows the same event posteriors while accounting for the selection effects. As seen
in Fig. 5.4, the selection effects lead to an underestimation 𝐻0 via overestimation
of distance, which is handled accurately in Fig. 5.5 by accounting for the biases
on distance and SNR due to the significant FAR threshold. Averaging over 1000
realizations of the MDC events, after combining 10 events (including GW170817),
we find 𝐻0 = 67.6 ± 5.0 km s−1 Mpc−1. Combining all 28 events plus GW170817
gives us 𝐻0 = 68.1 ± 3.3 km s−1 Mpc−1. Both these values are consistent with the
injected Planck18 value of 𝐻0 = 67.4 ± 0.5 km s−1 Mpc−1.

5.5 Discussion
By applying a framework for combining 𝐻0 posteriors from multiple events to a set
of realistic multi-messenger BNS observations from the MDC, we demonstrate how
𝐻0 can be estimated from a set of future multi-messenger observations and provide
a quantitative estimate of the precision to which we can measure 𝐻0 given a set
number of detections.

We also quantify and mitigate the selection bias due GW searches by considering
the fraction of MDC events detected within a given SNR and luminosity distance
threshold in Sec. 5.4. This method could be applied to GW detections in a future
observing run, and expanded beyond BNS events with the possible inclusion of
additional merger quantities such as mass and spin. Our assumption of the selection
bias being dominated by SNR and luminosity distance for BNS was proved effective
for our dataset, but would have to be re-evaluated for masses and spins across all
source classes. The selection bias in a future observing run could be accurately
modeled using an MDC prior to the run with a comprehensive set of injections, just
as was done for O4.

Unsurprisingly, the realistic MDC study in Sec. 5.4 had slightly higher uncertainty
in the measurement of 𝐻0 than the simplified example in Sec. 5.3. The MDC study
had uncertainties of ∼ 7.5% for after combining 10 events, and ∼ 5% after all 29
events (including GW170817), compared to ∼ 5% and ∼ 2.5% for the simplified
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example, as seen in Figs. 5.2, 5.7. We expect the MDC dataset to be a more realistic
forecast of how uncertainties on 𝐻0 for a set of standard siren detections, due to
the inclusion of more realistic priors, GW selection effects, and search pipeline
uncertainties. Averaging over 1000 realizations in Figs. 5.2, 5.7 also gives a better
estimates of how the uncertainty decreases for each successive combination, free of
the large statistical fluctuations for smaller numbers of events seen in Figs. 5.1, 5.6.

Using 1000 realizations of the MDC events, we find 𝐻0 = 67.6 ± 5.0 km s−1 Mpc−1

after combining 10 events, and 𝐻0 = 68.1 ± 3.3 km s−1 Mpc−1 after combining all
29 events. Both these estimations include GW170817 as one of the events, and are
consistent with the injected Planck18 value of𝐻0 = 67.4±0.5 km s−1 Mpc−1. Slight
deviations from the injected 𝐻0 value may be the result of our limited sample size,
or the inclusion of GW170817, which is consistent with, but does not necessarily
correspond to, the injected cosmology.

In the future, with next generation observatories and gravitational-wave detectors
such as LISA [32], Cosmic Explorer [102, 196], and Einstein Telescope [3], we
expect to see an increase in the number of BNS mergers we detect, making a
set of numerous observations a possibility. With a set of standard siren BNS
observations, we have shown that 𝐻0 can be measured down to a few percent. These
events will provide us with a means of measuring 𝐻0 and shedding light on the
Hubble Tension. We hope to use this framework for numerous multi-messenger
detections in future observing runs, and that this framework can form the basis for
a rapid pipeline for EM constraints alongside other efforts in NMMA, especially when
considering promising machine learning-based parameter estimation techniques
capable of running in seconds [68, 90].
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C h a p t e r 6

LOW-LATENCY CHIRP MASS ESTIMATES FOR
GRAVITATIONAL-WAVE CANDIDATE EVENTS

6.1 Motivation
GW searches during O4 have yielded over 200 significant GW candidate events.
These exciting discoveries enable scientific progress across a wide breadth of re-
search areas, and are dependent on public GW data products and alerts. In this
work, we introduce a new public GW data product that provides low-latency mass
estimates for compact object mergers. These estimates are released as probabilities
for a predetermined set of chirp mass (M) bins for significant GW candidate events,
and can be later updated by parameter estimation. The M is estimated through a
combination of search pipeline information, sky maps, and parameter estimation.
This data product will enable better interpretation of GW candidate events and
aid multi-messenger ToO searches by providing mass estimates that can be used
alongside source classification. We intend for this data product to be ingested by
consumers of our alerts and enable downstream scientific efforts.

6.2 Public Chirp Mass (M) Estimates
M is well measured from a GW signal, due to its relationship with the frequency evo-
lution of the signal, so GW searches are well positioned to provide both low-latency
M estimates. Low-latency GW searches have traditionally provided estimates of
FAR, sky localization, and source classification, but no estimate of mass. We pro-
vide a new public data product for M, currently being released for significant O4
candidate events. Chirp mass, M, is defined as:

M =
(𝑚1𝑚2)3/5

(𝑚1 + 𝑚2)1/5 , (6.1)

and is degenerate with the individual component masses, meaning a single M can
correspond to multiple component mass pairs.
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The LVK will provide binned estimates of M for CBC events, including cWB BBH
[96, 143, 144] events. In solar masses, the M bins are:

[0.1, 0.87, 1.0, 1.1, 1.2, 1.3, 1.4, 1.5, 1.7, 1.9, 2.1, 2.3, 3, 5.5, 11, 22, 44, 88, 1000] .
(6.2)

These estimates will be in the source frame, except in the case of the low-latency
cWB BBH estimate, where there is no distance or redshift information available. In
this case, we will report the “detector frame”, or redshifted estimate. To shift to the
source frame, we can simply relate the redshifted detector frame value M𝑧 to M
using the redshift 𝑧:

M𝑧 = (1 + 𝑧)M . (6.3)

The M information will be distributed by reporting the highest probability, or most
likely, bin in the circular, and by making a .json file of the probabilities for each
bin and a .png plot of the probabilities public on GraceDB, as seen in Fig. 6.1.
The information will not initially be included in the alert packet .xml. This was
done to ease integration for O4; inclusion is a possible goal for O5. Fig. 6.2 shows
the low-latency and parameter estimation-based estimates run on MDC [69] events
compared to their injected M values. We see that the distribution of M estimates
closely match the injected values, particularly at low mass where there is large
interest for multi-messenger follow-up.

The coarse M estimates are intended to help inform time-sensitive follow-up activ-
ities. This includes multi-messenger follow-up of events with at least one neutron
star, as well as follow-up of high mass BBH events in the search for electromagnetic
counterparts that could result from the flaring and disruption of AGN accretion disks
during merger.

6.3 Bin Rationale
The bins were designed to be fine at lower masses where M is recovered very
accurately, as evidenced in Fig. 6.2, and as these low masses are of particular
interest do their potential of containing a NS. While specific bins do not exclusively
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Figure 6.1: Example histogram of M estimate that will be available on GraceDB
for significant events.

Figure 6.2: The low-latency and parameter estimation-based estimates run on MDC
[69] events compared to their injected M.
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relate to a given source class, they were designed with the different regimes or
classes in mind. As we cover the different regimes, keep in mind there are multiple
component mass pairs for a given M.

SSM Regime
This sub-solar mass (SSM) regime corresponds to the bin 0.1, 0.87 𝑀⊙, likely to
contain an event with a component mass < 1𝑀⊙ Here, I highlight an example M
of 0.87 𝑀⊙, which may correspond to a 1 𝑀⊙, 1 𝑀⊙ merger, demonstrating events
with M < 0.87𝑀⊙ will contain a component mass < 1𝑀⊙.

HasNS Regime
A reference to the EM-Bright [67] quantity HasNS which provides the probability
a GW candidate event contains a NS, this regime roughly corresponds to M values
with a strong possibility of containing a NS. The bins in the M range 0.87, 3
𝑀⊙ roughly fall within this regime, again with a reminded these regimes are not
exclusive and are for illustrative purposes. Below are a pair of examples in this
regime:

Example i): A M of 1.2 𝑀⊙ may correspond to a 1.4 𝑀⊙, 1.4 𝑀⊙ merger.

Example ii): A M of 3 𝑀⊙ may correspond to a 1.4 𝑀⊙, 10 𝑀⊙ merger.

BBH Regime
The coarse high mass bins are likely to correspond to BBH events. M bins above
3 𝑀⊙ have a strong chance of being a BBH. Below are a pair of examples in this
regime:

Example i): A M of 8.7 𝑀⊙ may correspond to a 10 𝑀⊙, 10 𝑀⊙ merger.

Example ii): A M of 44 𝑀⊙ may correspond to a 50 𝑀⊙, 50 𝑀⊙ merger.

6.4 Implementation in alert infrastructure
Binned M estimates will come in two forms: (i) estimates based on information
available in low latency (pipeline uploads, sky maps), and (ii) estimates based on
Bilby parameter estimation [41, 200]. The former will be immediately available
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in low latency, while the latter will accompany update alerts ∼ hour(s) later when
Bilby parameter estimation is complete. M estimates will only be provided for
significant events. Similar to the procedure with other update information (EM-
Bright, sky maps, etc), the updated M based on Bilby parameter estimation will be
uploaded and identified as resulting from parameter estimation, without deleting or
overwriting the original low-latency estimate. The estimates assume the candidate
is astrophysical in origin.

I personally led the software development of the package ligo-cgmi, as well as
the implementation of that package into the low-latency alert infrastructure, and
continue to maintain the package and monitor the performance of the data product.
ligo-cgmi, with the “CGMI” portion standing for Coarse-Grained Mass Informa-
tion, contains the software that provides both the low-latency and parameter based
estimates. This package was implemented into GWCelery, the orchestrator and task
manager for the LLAI, and circular changes made in ligo-followup-advocate
which provides circular templates for GW candidate events.

Low-latency M
The low-latency M estimates will use the pipeline point estimate of the detector M,
combined with distance information provided by the BAYESTAR sky map [216], in
order to correct the detector M value to the source frame. The result is binned and
converted to an estimate of the probability corresponding to each bin. In the case
of cWB BBH, there is no distance information, and therefore we assume a redshift
of zero when reporting the source M. The estimate will be uploaded in the form of
a .json file named mchirp_source.json.

Parameter estimation-based M
TheM estimates based on Bilby parameter estimation will use the PE source frame
values directly. The result is binned and converted to an estimate of the probability
corresponding to each bin, and that estimate will be uploaded in the form of a .json
file named mchirp_source_PE.json
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6.5 Circular Changes
As previously mentioned, while not present in the alert packet, the M estimates will
be highlighted in circulars for significant events. Specifically, the highest probability
bin will be provided in the circular. The additional circular text is as follows.

Initial Circular
The format of the Initial Alert circular text is the following:

“The source chirp mass falls with highest probability in the bin (left_bin,
right_bin) solar masses, assuming the candidate is astrophysical in origin."

Update Circular
For Update Circulars, the following text includes mention of the estimate coming
from parameter estimation:

“The source chirp mass falls with highest probability in the bin (left_bin,
right_bin) solar masses after parameter estimation [citation to Bilby], assuming
the candidate is astrophysical in origin."

cWB BBH Circulars
For superevents where cWB BBH is the preferred event, the circular specifies that
the redshift is assumed to be zero for the low-latency case:

“The redshifted (detector frame) chirp mass falls with highest probability in the bin
(left_bin, right_bin) solar masses, assuming the candidate is astrophysical in
origin. For cWB BBH events, no distance or redshift information is available in
low latency."

6.6 Multi-Messenger Applications
In this work we highlight two direct multi-messenger applications of the M esti-
mates: i) inform follow-up of potential NS mergers by helping determine whether
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the merger likely contained a NS, and how likely that event is to produce a kilonova,
and ii) targeted follow-up of high mass BBH events in the hope of detecting an EM
counterpart in the form of a flare from an AGN.

i) Neutron Star Merger Follow-up
ToO searches rely on low-latency data products and timely decision making when
determining which GW candidate events are worth devoting telescope resources to.
When searching for kilonovae, one main criteria astronomers consider is whether
the candidate event likely contains a NS. Alongside quantities such as HasNS and
𝑝𝑎𝑠𝑡𝑟𝑜, we expect the M estimates to help answer this question. In addition, not
only do these quantities offer insight on the possible presence of a NS, they also
provide an actual mass estimate. This is useful as we expect different masses to
produce varying amounts of mass ejecta and consequently have varying likelihoods
of producing a kilonova. As established in 4.7, we expect lower mass BNS events to
produce both greater mass ejecta and a brighter kilonova peak. The M could also
be used to predict the resulting remnant of the merger [165].

ii) BBH Follow-up
It is expected that high-mass BBH mergers that take place in the accretion disk
of an AGN may produce an observable EM flare [121]. BBHBot is a automatic
triggering pipeline designed to monitor GW triggers in real time, and schedule ToO
observations with ZTF [50] to observe promising BBH candidates. BBHBot ingests
public low-latency GW data products such as the new M estimates as of recently,
in addition to the sky map and FAR in order to determine which events meet the
triggering criteria. If candidate events pass cuts on mass and FAR as well as meet
our observing criteria, including cuts on the 90% sky map area and air mass, an
observing plan is automatically drafted and submitted to trigger ZTF.

Specifically, we are interested in events with > 50 𝑀⊙ of total mass, and even more
so those with > 100 𝑀⊙ of total mass, so we filter for events most likely to fall
within M bins > 22 𝑀⊙. Keeping in mind the definition of M in Eq. 6.1, the
merger of a pair of 25 𝑀⊙ BHs corresponds to a M ∼ 22 𝑀⊙, while the merger of
a pair of 50 𝑀⊙ BHs corresponds to a M ∼ 44 𝑀⊙. Conveniently, there are M bin
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Figure 6.3: Targeted follow-up of the BBH GW candidate event S250712cd, dis-
played on the GW sky localization. ZTF telescope tilings are shown by the purple
rectangles on the left, while on the right we see a zoomed version with known AGN
marked as purple dots for reference.

edges at both 22 and 44 𝑀⊙.

Following the addition of M to the public GW data products in June 2025, BBHBot
has used it in the real-time evaluation of more than a dozen candidate BBH mergers
as of August 2025. Of these, nine exceeded the selection threshold of a M >

22 𝑀⊙. One candidate GW event, S250712cd1, passed all selection criteria and was
scheduled for automated observations by ZTF. The targeted follow-up of S250712cd
is seen in Fig. 6.3, displayed on the GW sky localization. On the left, the ZTF
telescope tilings are shown by the purple rectangles, while on the right we see a
zoomed version of the sky map with known AGN marked as purple dots for reference.
Those AGN are the sources that will be observed as candidates for potential flaring
events.

1https://gcn.nasa.gov/circulars/41075
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Figure 6.4: Histogram of M estimate for S250818k publicly available on GraceDB.

6.7 A timely example: S250818k
At the time of writing, S250818k is a low-significance GW candidate of interest.
Given a possible external coincidence with an EM source2, M estimates were
provided for this GW event3. This event is of particular note given its low mass and
high chance of containing a NS and possibly a sub-solar mass (SSM) object. In Fig.
6.4, we show the M estimate for this event, falling within the .1 to .87 𝑀⊙ bin. Both
the low-latency and parameter estimation-based estimate agree on this bin. Should
this candidate eventually make the GWTC, it would be significant as the first SSM
event, and would be a nice demonstration of the usefulness of these M estimates.

6.8 Discussion
We provide public M estimates as a low-latency GW data product in the form of
binned probabilities, which are plotted and uploaded to GraceDB as well as reported
in the circular. With estimates using a combination of search pipeline information,
sky maps, and parameter estimation, we strive to enable better interpretation of GW
candidate events and inform multi-messenger ToO searches. We intend for this data
product to be ingested by consumers of our alerts alongside source classification
and enable downstream scientific efforts. Possible high-impact areas include multi-
messenger follow-up of events with at least one neutron star, and searches for
electromagnetic counterparts that could result from the flaring and disruption of
AGN accretion disks during BBH mergers. We will continue to advocate for
additional future data products with multi-messenger applications alongside these

2https://gcn.nasa.gov/circulars/41414
3https://gcn.nasa.gov/circulars/41440
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mass estimates.
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C h a p t e r 7

DISCUSSION: THE ROAD AHEAD

There have been over 200 significant GW candidate events detected during O4
already. We have successfully sent out alerts for these events with a median time of
∼ 30 s after merger, an impressive feat enabling prompt follow-up of our events. In
this era of multi-messenger astrophysics, just as astronomers rely on IGWN’s low-
latency alert products, we rely on their EM follow-up and complementary neutrino
searches to accompany our GW detections and enrich our scientific discoveries.
As we saw with GW170817, when working collaboratively across disciplines and
collaborations, we can take monumental steps forward for modern astrophysics.

As O4 continues, we are still on the hunt for another joint, multi-messenger detection
of a NS merger and associated EM counterparts such a kilonova or GRB. This only
strengthens the demand for additional multi-messenger focused data products that
will increase our chances of detection. Astronomers are eager for NS events. In
this work, we cover multiple data products to that end: i) the multiple-pipeline
ML classifier in Chapter 3, ii) the kilonova ejecta and light curve data products in
Chapter 4, and iii) the M estimates in Chapter 6.

Our ML classifier is designed to complement 𝑝𝑎𝑠𝑡𝑟𝑜 and GWSkyNet values, by
helping determine whether candidate events are astrophysical or terrestrial in nature.
One major advantage of our classifier is that it utilizes information provided by
multiple low-latency search pipelines its feature space. Events detected by multiple
searches are much more likely to be astrophysical, while those only found by one
search are much more likely to be terrestrial in origin. This is something that
current data products do not account for, but our classifier would change that. We
will advocate for the implementation and public release of our classifier’s outputs
in a future observing run, with the hope this classifier would be used to determine
significance of future GW candidate events and inform follow-up efforts.

The kilonova data products estimate ejecta mass and peak light curve estimates for
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GW candidate events in the form of a 90% credible interval, as well as a heat map
plot for the range of expected light curves. We also define a quantity HasEjecta, to
be used alongside the other EM-Bright quantities such as HasNS and HasRemnant,
which estimates the likelihood the ejecta mass is < 10−3𝑀⊙. We expect these data
products to be a useful metric for astronomers in determining both whether a GW
candidate event is capable of producing a kilonova, and if so, how bright it will be.

The M estimates, which are already implemented and being made public for sig-
nificant GW events, provide probabilities for a predetermined set of M bins. These
probabilities are available on GraceDB as well as reported in the circular. With this
data product, we strive to enable better interpretation of GW candidate events by
those outside the collaboration. We intend for this data product to be ingested by
consumers of our alerts alongside source classification and enable downstream sci-
entific efforts, such as multi-messenger follow-up of events with at least one neutron
star and searches for EM counterparts that may result from BBH mergers that take
place in AGN accretion disks.

In the future, next generation observatories and GW detectors such as Cosmic
Explorer [102, 196], Einstein Telescope [3], and LISA [32] will lead to an increased
rate of GW detections, including NS events capable of producing kilonovae and
GRBs. Processing this higher rate of candidate events and identifying the most
promising ones for EM follow-up will be challenging. I strive to enable multi-
messenger searches in every way that I can, including advocating for additional future
data products with multi-messenger applications and facilitation their release. As I
conclude, I look forward with optimism and excitement for our field, and anticipate
great stories of success in the years to come.
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