for ET include long signals from the increase in frequency bandwidth, the presence of a
very large number (~ 10°) of signals per year within the sensitivity band [16, 1167, 1586,
as well as signals overlapping in the detector’s band [531]. All of these involve a steeply
rising need for computational resources, or the development of faster and accurate methods
of analysing data. With the rising number of signals in the data, characterisation of noise
in the detector also becomes challenging since there will be no signal-free stretch of data.
In the triangle configuration for ET, the noise characterization will however exploit the
existence of the null stream [4745, 4748, 4752], both in terms of measuring the noise power
spectral density and for characterizing instrumental glitches which can have a significant
impact on the quality of parameter estimation (see section 11.6.1). A 2L configuration
without access to the null stream may still achieve good noise mitigation but requires more
complex methods that introduce uncertainty into the process (see section 7 of [16]). One
could also envisage fitting directly for the noise model and the signal model to be agnostic
of the underlying noise properties [4753].

In the following, section 11.2 describes these challenges in detail. In section 11.3 we briefly
review specific innovations particularly in the area of machine learning required for analysing
GW data in the ET era. Section 11.4 describes the current status of signal detection, their
computational requirements, and possible techniques to address next-generation challenges.
Section 11.5 does the same for parameter estimation. Section 11.6 outlines peculiarities of
the triangle configuration of ET, namely the use of the null stream, and the presence of
correlated noise among the three nested detectors forming the triangle. In order to start
systematically addressing these challenges we will provide common mock datasets, which can
be used for characterisation of algorithms, study their performance and make predictions for
required computational cost. The first Mock Data Challenge (MDC) dataset is described
in section 11.7. Section 11.9 lists aspects of data analysis that involve synergies with topics
discussed in the previous sections; we conclude in section 11.10.

11.2 Challenges
11.2.1 Long duration Compact Binary Coalescence signals

Current (second generation) GW detectors have a sensitive frequency band that starts at
around 20 Hz [392], whereas it is expected that ET will have good sensitivity down to ~ 5 Hz.
Due to the chirping nature of compact binary coalescences (CBC) signals, where the frequency
evolves more slowly at lower frequencies, this means that CBC signals will spend dramatically
longer times in the sensitive frequency band of ET than in previous detectors. For instance,
an equal-mass BNS signal with (detector frame) component masses of 1.4 Mg, will last for
~ 107 minutes in the detector’s band, while an equal-mass BBH signal with (detector frame)
component masses of 30 Mg will last for ~ 40 seconds in the band, assuming that they enter
the detector bandwidth at 5 Hz. In comparison, the same BNS and BBH signals would be
~ 160 seconds and ~ 0.9 seconds long, respectively, in current generation detectors with a
lower frequency sensitivity of 20 Hz.'92 BNS at small distances could enter the ET bandwidth

102Note, however, that the time spent in the bandwidth depends on the detector-frame masses mqet. These
are related to the intrinsic (source-frame) masses ms and the source redshift z by maet = (1 + z)ms. Then,

- 951 —



Signal including rotation
Signal without rotation

= — — = -14 min o

— — — — = =9 min ~

T T T T
- FE g
| = 5 T
1 1 1 1 ———ETASE: (T arm)
1 1 1 1 —— LIGO Livingston O2 ASD
20 J | | | |
10 1 1 1 1
Py 1 1 1 1
< 1 1 1 I
T 10721 4 1 S
E 1 1
~— 1 1
§ 107224 I I
1 1
5 |
?E 102 :
o~

T

:

o

)

I

]

[}

I

]

I

|

|

|

I

]

|

[}

|

]

[}

|

I

I

10724 1
I
|
|

=
9

1072 . - -
10° 10! 102 103

[ (Hz)

Figure 198. Comparison between the amplitude of a BNS signal analogous to GW170817, as seen
by ET in its triangular configuration, accounting for the effect of Earth’s rotation (violet curve) and
without accounting for it (orange curve). The dashed vertical lines indicate the amount of time left
before coalescence and the amplitude is computed using the waveform model IMRPhenomD_NRTidalv2.
For comparison, we also show a representative LIGO Livingston sensitivity curve during the second
observing run. Reproduced from [1167]. The Author(s). CC BY 4.0.

even earlier, and their signal will therefore be corresponding longer. E.g., a source with the
properties of GW170817 would stay in the ET bandwidth for about 24 hours, see figure 198.

These longer signals pose a data analysis problem, as they require an increase in the
number of data points needed to describe them. This translates directly into a linear increase
of the computational cost of evaluating the overlap integral or inner product required for
standard matched filter-based searches and parameter estimation. This problem, already
significant in current generation detectors, becomes prohibitive for low-mass signals in next
generation detectors, and requires techniques to accelerate the evaluation of the waveform
generation, as already discussed in section 9.5, and the inner product; we will come back to this
topic in section 11.5.2. The measured signal will also be modulated in amplitude and phase
by the motion and rotation of the Earth on a 1-day timescale, as visible again in figure 198.
The slow modulation relative to the frequency of the signal has previously been neglected
over the minute-long timescale of 2G signals; however, at 3G detectors, for BNS systems in
particular this may yield useful information about the localisation of the source, even prior
to the merger itself [2367, 4754, 4755], see also the discussion in section 10.3.1. The time and
frequency-dependent nature of this modulation has the undesirable effect of making the inner
product integrand dependent on the extrinsic sky-location parameters, which normally can
be factored out of the problem as a single complex number describing the antenna response.

for instance, a BBH signal with source-frame component masses of 30 My + 30 Mg, at z = 2, will have
detector-frame component masses of 90 Mg +90 Mg, and will stay in the ET bandwidth only about 6 seconds.
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To fully treat this problem, a naive approach would require a template bank to cover not
only the intrinsic mass and spin parameters but also the sky location. This problem already
exists for continuous wave searches, where the vast number of distinguishable sky locations
contributes to the prohibitive cost of an exhaustive all-sky search at sensitivities that should
be theoretically possible given the detector performance [3713]. In other words, there is a risk
of encountering a computational limit in sensitivity before we exploit the full performance of
the detector. While existing methods may perform well across much of the parameter space,
combining them with new techniques will be essential for efficient and feasible analysis of
signals, particularly given the extreme volumes of data expected from the Einstein Telescope.

In addition to the increase in data quantity, the longer signal duration, particularly for
signals lasting many hours, violates several of the assumptions that are made in deriving
the standard Whittle likelihood function [4756]. In particular, the detector noise curve
may be expected to change over hours-long timescales, due to environmental and technical
influences [4757—-4759]. This breaks the assumption of stationarity in the noise-generating
process, that results in the possibility of reducing the likelihood computation to a one-
dimensional sum over frequencies. If the timescale over which the noise PSD changes is
long relative to the autocorrelation time of the noise itself, then the effect of this should be
minimal on the actual inference of signals, provided it is modeled sufficiently well. However,
techniques to do such modeling are yet to be fully developed into a prototype pipeline for
detection or parameter estimation. A potentially more serious issue comes from the transient
noise artefacts known as “glitches” that are observed to be present in all detector data to
date [4760-4762]. These glitches have multiple causes, depending on which they may be
well modeled or relatively unpredictable in their morphology [4763, 4764]. As the duration
of signals increases, so does the probability that one or more glitches will occur during the
time when the signal is in band. This problem has already been observed in 2G detectors,
most notably with the BNS signal GW170817 [2], where the glitch was relatively simple
and could be removed from the data prior to analysis of the GW of interest. However,
the frequency of this occurrence in 3G data may be expected to overwhelm any human-led
method of glitch removal. This motivates simultaneous modeling and analysis of glitches
which overlap signals. Such techniques have been demonstrated [3661, 4753, 4765, 4766]
for 2G and space-based detectors; however, their scaling to the 3G problem is yet to be
established. Machine learning approaches based on generative models of detector data are a
promising alternative [4767, 4768], but have yet to be demonstrated for long duration signals.

Finally, the longer signal duration, coupled with the improved sensitivity, means that
multiple signals will be present in the sensitive band simultaneously. These overlapping signals
may be individually resolvable, or there may be one or more undetectable signal that effectively
contributes transiently to the noise process. This problem is described in section 11.2.2 below.

Taken individually, each of the challenges described above has been considered and
methods proposed for their solution. The ultimate challenge of 3G analyses lies in developing
methods that can address them all simultaneously, whether by making adequate simplifying
assumptions to extend traditional methods based on matched filtering or by developing new
techniques that change the nature and scaling costs of the analysis problem. A promising
avenue for the latter approach lies in machine learning models, in particular simulation-based
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inference, which relies only on being able to generate examples of the dataset, rather than
explicitly writing the likelihood function accounting for all possible physics.

11.2.2 Overlapping signals

Chances of observing overlapping signals will increase [531] in the 3G era. Our current
pipelines, designed for single GW signals, may yield biased results when applied to overlapping
signals. This is specifically true for parameter estimation where the likelihood-based Bayesian
approach assumes a single-signal model to model the data. As detailed in section 11.4.1,
previous studies have focused on detection of GWs. An updated search campaign on
overlapping signals is proposed by [4747], where the authors additionally consider the effects
of using the traditional matched filtering and its consequences on estimating the noise
properties as well as detection rates of overlapping signals.

However, the first parameter inference study [531] done with simulated overlapping
signals in the 3G era and attempted recovery using conventional Bayesian approaches with
a single-signal model, did not show significant bias in parameter estimates across most of
the parameter space. Parameter estimates do however show biases when the merger times
of two overlapping signals are close to each other and depends furthermore on the ratios of
the signals’ loudness, with conventional analyses performing worse as signal SNRs become
comparable, as well as signal durations. Figure 199 shows an example where the overlapped
heavy BBH merger atop a BNS merger with same merger times (top panel) cannot be
recovered with a single-signal model. In the same figure, the lighter BBH (lower panel) can
be recovered at all times, as well as the heavier BBH when the merger time is before the
merger time of the underlying BNS. The overall conclusions were supported by several other
studies [532-534, 3798, 4769, 4770]. While ref. [531] was the only one to simulate also binary
neutron star sources, ref. [533] looked at the effects of spin modulations and if they could
mimic effects from overlapping signals, and ref. [532] looked at the parameter space in more
detail and predicted where biases in inference would occur.

Possible remedies to this problem have been suggested, either from a Fisher Matrix
study [3798] or adapting the signal model accordingly in the Bayesian likelihood [4771].
In [4772], normalizing flows were used as an avenue to deal with the computational burden
coming from multiple-signal analyses in case of overlaps. Moreover, [4773] studied the effects
of waveform inaccuracy and overlapping signals on tests of GR, concluding that combining
signals — i.e., constructing a joint likelihood from multiple data streams to robustly estimate
a common parameter like a parameter characterising deviations from GR — can lead to
false GR deviations when multiple signal overlaps occur. More recently, [4774] extended this
to higher post-Newtonian (PN) deformation parameters. Analysing all simulated signals
individually for GR deviations and then combining them all, they concluded that a non-
negligible number of overlapping signals can lead to false GR violations at the individual
event level. However, when the bounds are combined, the biases tend to smooth out, leading
to a preference for GR at the population level inference. While overlapping signals will cause
biases in estimating parameters in corner cases (depending on ratios of signal loudness, length
of overlapped signals), parameter offsets even in a few cases will likely have a large impact
on estimating common parameters from a set of signals. Since Bayesian analysis allows a
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Figure 199. Posterior PDFs for total mass and mass ratio, for the GW150914-like signal (top panel)
and the GW151226-like signal (bottom panel) when they are respectively being overlapped with a
BNS signal with SNR = 30 (solid lines), SNR = 20 (dashed lines), and SNR = 15 (dotted lines). The
overlaps are made so that the BBH and the BNS end at the same time (tc), or so that the BBH ends
2 seconds before the BNS (tc-2). Finally, posterior PDFs for the two BBH signals by themselves
are shown as green, dashed-dotted lines (BBH). The injected parameter values are indicated by black,
vertical lines. Reprinted figure with permission from [531], Copyright (2021) by the American Physical
Society.

more robust bound by combining several independent data sets, parameters characterising
fundamental properties of the Universe like deviations from GR, or Hubble’s constant [3250]
may get systematically biased from offsets in a few analyses. In the case of mass measurement
offsets in some signals, the same conclusion will likely affect population properties of compact
objects like black holes and neutron stars. Whether these biases average out or accumulate
will depend on whether the offsets consistently shift measurements in a particular direction
or are effectively random, which can vary depending on the specific problem.

11.2.3 Noise Background estimation

The estimation of the properties of the background noise is an open problem, as ET data
will be polluted by a large number of astrophysical signals, making it difficult to evaluate
the Power Spectral Density (PSD) of the instruments and the False Alarm Rate even at the
level of significance actually used by LIGO and Virgo.

Early MDC results (2012), where a population of binary neutron stars (BNS) was injected
into Gaussian noise, demonstrated that individual PSDs were contaminated by the GW signals
and that the use of the null stream (see section 11.6.1), in the case of the triangle configuration,
would give a better estimate [529]. Other studies [4745] indicate that, depending on the length
of time segments used to estimate the noise spectra, the presence of a number of simultaneous
signals can add a significant contribution to the detector PSD at low frequencies.
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On the other hand, in order to be able to estimate the false alarm rate due to noise alone,
current detectors use a very specific technique, which consists of creating time shifts between
the data from different detectors. This technique ensures that each coincidence is nothing
more than noise. With ET, we will enter the signal dominated regime and the detection
rate will be such that the probability of finding a coincidence between two different sources
when applying time shifts will not be negligible anymore. As a result, the false alarm rate
estimated with the time-shift method will overestimate the noise background. In the case
of ET in a triangular configuration, with the help of the null stream, it could be possible
to provide a more accurate estimate. Innovative methods should be developed to address
this issue and some ideas will be presented below.

11.2.4 Source subtraction for CBCs

The gravitational wave signal will be dominated by compact binary coalescences that,
together, create a foreground that could mask a cosmological background from processes that
happened in the very early Universe, such as inflation, phase transitions or cosmic strings
(see section 3.2). In this context, subtracting individual detected signals correctly is crucial
to search for a cosmological background. Early forecasts of the effect of this confusion noise
on stochastic searches used different heuristic expressions for the residuals errors after CBC
subtraction [642, 4742, 4744, 4775]. A first principle approach to the problem was recently
developed in [643], and is discussed in section 10.5.3.

Promising methods, like the projection methods [4739, 4743], the Bayesian method
by [2452] or the unmodeled notching in the time frequency plan [2453, 4776] will be investigated
further using simulated data.

Most of these challenges will also be present in LISA and have been studied for many
years. Although data analysis codes may not be directly transferable to ET, some of the
methodologies could potentially be adapted.

11.3 Innovative methods: machine learning applications

The data analysis for the Einstein Telescope detector will present several challenges, as
discussed in section 11.2, particularly due to the instrument’s enhanced sensitivity overall and
its exceptional performance at low frequencies. We must be prepared to process data from
astrophysical signals that remain in the band of interest for extended periods, necessitating the
analysis of longer time series and transient events. Additionally, in particular for the colocated
detectors in the triangle configuration for ET, we must tackle the issue of correlated noise,
which could generate correlated transient signals that could be mistaken for astrophysical
sources (see section 11.6.2 for extended discussion). The noise may be non-stationary and
display non-linearities such as couplings between different sources of noise, a phenomenon
observed even in second-generation detectors. We should aim at efficiently and quickly using
signals from noise monitoring (environmental, control, etc.) to enable a rapid alert system,
necessary for multi-messenger astrophysics. These will necessitate the use of alternative and
innovative methods compared to the standard data analysis pipelines currently employed
for 2G detectors.
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In recent years, significant progress has been made in the development of analysis methods
based on machine learning, including applications to gravitational wave analysis [3678]. While
we will not delve into the general principles of machine learning in this discussion, readers
interested in a more comprehensive overview of the topic can refer to [4777, 4778].

It is possible to identify several domains in which the application of these methods could
yield significant benefits in terms of noise characterization, signal detection, early warning
strategies, and parameter estimation. A recent review [4779] outlines the current advancements
in machine learning applications for second-generation gravitational wave interferometers.
While some of these techniques are still applicable to ET data, their effectiveness may be
limited due to the unprecedented sensitivity of ET, and the new challenges that it poses.

For example, one of the main problems for current generation detectors is the presence of
glitches, i.e. transient noise signals which can spoil the detection. We cannot make predictions
on the glitches that will be present in the next generation of detectors, but we could expect
many more due to the better sensitivity and, as discussed in section 11.2.1, the problem
becomes worse for long signals. A key focus of the upcoming MDC preparation will be to
incorporate noise glitches resembling those observed in LIGO/Virgo detectors into our datasets.
This will allow us to evaluate and refine machine learning-based data cleaning solutions.

The first fundamental approach is to tackle binary classification by attempting to dis-
tinguish signals from noise. However, the presence of overlapping signals can significantly
complicate this task, making even a seemingly straightforward binary classification highly
problematic. When signals overlap, the boundary between what constitutes “signal” and
“noise” becomes blurred, increasing the challenge of accurate separation. Machine learning is
a promising approach to glitch classification and characterization [4780]. The classification
algorithms can be applied to features extracted from glitch time series, e.g. wavelet decom-
position, that can then be classified by adopting various approaches such as classification
trees [4781, 4782]. More complex, deep-learning based approaches can also be used for
glitch classification. Convolutional Neural Networks are well suited for image classification
since they can extract and classify features in 2D data, and have therefore been applied
to the classification of spectrograms of glitches [4783]. This approach is particularly effec-
tive since glitch morphologies can be quite rich and complex to analyze with simple image
classification algorithms [4784]. The most effective approach to spectrogram classification
is based on supervised learning, which requires a large sample of labeled glitches. To this
purpose, citizen science projects as GravitySpy [4784] and GWitchHunters [4785] have been
developed, where volunteers across the globe are asked to view and visually analyze and
classify glitch spectrograms.

An unsupervised approach has also been applied to the problem of glitch classification,
with the goal of overcoming the need for large labeled datasets. To this scope, autoencoders
have been shown to be quite effective for finding anomalies among glitch populations, as well
as denoising of data [4786, 4787]. Another way of tackling the lack of large datasets is to
create large synthetic samples of glitches, a task that can be achieved with the application
of generative adversarial networks [4788, 4789].

Some of the applications of machine learning techniques for signal detection and parameter
estimation will be described in section 11.4.1.1 and section 11.5.2.3.
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11.4 Signal detection method
11.4.1 Data analysis methods for Compact Binary Coalescences

The detection of GW signals from quasicircular compact binaries coalescence can be performed
through the application of matched-filtering [4790], as the signals are modeled and we know
their evolution in amplitude and phase. The method has been successfully applied to find
signals in data for the GW interferometers currently in operation and has led to the detection
of gravitational waves [1]. Therefore, it seems natural to consider using the matched-filter
method in ET, taking however into account the different conditions both in terms of signal
characteristics and the nature of the ET noise.

Several pipelines have been designed and are currently used for CBC searches inside the
LIGO-Virgo-Kagra (LVK) collaborations [4751, 4791-4793]; groups external to LVK have
implemented as well matched-filter methods and have analysed LVK data [4794]. The pipelines
rely on the development of banks of simulated waveforms, called templates, to filter the data;
different methods, mainly using geometric or/and stochastic approaches are commonly used
to construct the banks (see e.g. [4795-4797]). As we discussed in section 11.2.1, due to the
high sensitivity of ET, some CBC signals can be visible for thousands of seconds. This means
that long templates are required, which can be computationally expensive. Filtering with
such long templates has nevertheless been shown to be doable using approaches already used
in the current data analysis platform as decomposition of the analysis in several frequency
bands [4791] or SVD approach [530, 4792]. The computational cost is also linked to the
number of templates necessary to filter the data, as this number will grow with the widening
of the search frequency band.

A ubiquitous approximation made in today’s search algorithms is that the sky location
of a compact binary is fixed (from the point of view of an Earth-fixed observer) during the
duration of the visible signal in the detector data. This is appropriate because the duration of
the inspiral phases, in 2G detectors, goes from fractions of a second for binary black holes to
a few minutes for binary neutron stars. This simplification makes the angular response of an
interferometer time-independent and degenerate with the luminosity distance of the binary,
thus removing the need to explicitly search for the signal over the sky [4790]. However, ET
will extend the useful bandwidth down to a few Hz, so the inspiral of binary neutron star
systems might be visible for thousands of seconds (and up to one day) in the data, and the
angular response of the interferometers will imprint a slow amplitude and phase modulation
for at least some signals, especially when a zero of the angular response sweeps close to the
source’s sky location (as we see in the example of figure 198). Neglecting this modulation
in the search templates might lead to a significant loss of signal-to-noise ratio or rejection
of a candidate from y? discriminators. Preliminary studies suggest that this will not be a
major concern, because the events missed due to the loss of signal-to-noise ratio will be a
small fraction of the overall detections [530, 4798]. However, to our knowledge, a detailed
investigation including the effects of signal-based discriminators is not available yet. On the
other hand neglecting the modulation is expected to have a stronger impact on parameter
estimation, in particular on the localization in the sky.
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As already discussed in section 11.2.2, the presence of overlapping signals will be one
of the main features of ET. Several studies have been conducted to check if overlapping
coalescing binaries signals could be a problem for detection; the current pipelines have been
used in these studies, which mainly focused on the analysis of the first and second ET
MDC [529, 530] or of synthetic data reproducing the LIGO and Virgo sensitivities [4799].
The results indicate that there should not be any relevant decrease in the detection efficiency;
even in the challenging cases of a sub-second difference in the merger times of two signals, an
affordable modification of the current methods to cluster the different triggers pertaining to
the same event, for example checking for multiple significant triggers in a single templates,
should be sufficient to separate the signals [4799].

11.4.1.1 Machine learning methods for CBC detection. In the recent years, the
use of machine learning for detecting compact binary coalescence events has emerged as
a key research area in the gravitational wave community, especially with advancements in
ML technology powered by GPUs.

Typically, this problem is approached as a classification task, where neural networks
are trained through supervised learning to distinguish between two main classes: detector
noise and detector noise plus a CBC event. The initial approaches used a deep convolutional
neural network (CNN), providing probabilities for each class (noise or noise plus signal). This
method demonstrated that ML could match the sensitivity of traditional matched-filtering
techniques [4800]. Subsequent studies confirmed these findings and emphasized comparing
ML approaches to matched filtering in realistic scenarios [4801]. Further research sought
to enhance the power of ML for CBC detection. Some studies [4802] suggested that while
ML approaches, particularly CNNs, could not quantify the statistical significance of GW
detections, they are useful for generating real-time triggers for detailed analysis. Recent
advancements have integrated ML with traditional search pipelines [4802] and improved ML
techniques [4803], giving better detection sensitivity, especially for low-significance events.
Additionally, efforts have been made to improve the reliability of machine learning models
and enhance their robustness against adversarial attacks, i.e. intentional manipulations of
input data designed to deceive models by causing incorrect predictions. In 2021, a mock
data challenge for CBC detection using ML was launched, followed by a more realistic
challenge aimed at benchmarking ML methods against traditional detection tools [4804].
This challenge highlighted that while traditional methods, like PyCBC, achieved the highest
sensitive distances, some ML analyses performed comparably well. The motivation for using
ML in GW searches includes the potential for real-time detection with minimal computational
cost, particularly relevant for events involving neutron stars that may produce electromagnetic
counterparts [4805]. Efforts have been made to extend the signal durations considered in ML
algorithms, with significant progress in analyzing longer time-series data [4806-4809]. Special
cases, such as searches for gravitationally lensed signals, have also seen ML applications.
Various ML methods, including CNNs and ensemble classifiers, have been developed to
identify lensed GW events, demonstrating the versatility and potential of ML in expanding
the scope of GW detection [1304, 4810]. XGBoost [4811], which is a powerful, efficient, and
scalable machine learning algorithm based on gradient boosting, is also utilized alongside a
version of c(WB that targets the detection of BBH events [4812, 4813].
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11.4.1.2 Computational Requirements. Preliminary findings show that searches in the
same parameter space presently considered in LIGO-Virgo-Kagra collaborations will not
be orders of magnitude more expensive for 3G GW observatories than for current interfer-
ometers and will be feasible with present-day computational resources [4814]. Considering
a wider parameter space, i.e. eccentricity, precession, tidal effects etc, will be challenging;
improvements in technology may however make these searches a possibility with current
methods, but new solutions should also be pursued.

11.4.2 Data analysis for Gravitational Wave Background

Stochastic Gravitational Wave Background (SGWB), both of astrophysical and cosmological
origin, have been discussed in section 3.1. The background is usually described by the
characteristic energy density as a function of the direction of observation i and frequency
f as in eq. (3.16), that we recall here,

ng(f7 ﬁ) o ldpGW(f7 ﬁ)

= 11.1
pe dlog fd?n’ (11.1)

where pgw (f, ) the background energy density per unit of logarithmic frequency, and p.
is the critical density of the Universe today. Since the SGWB is described by a random
signal, it will look like noise in a single detector. Therefore, the standard search techniques
like matched filtering will not work when trying to detect the SGWB. Instead, we have to
consider data from multiple detectors and look for evidence of a common signal. In the
case of ET in its triangle configuration we can cross correlate the three colocated detectors
that compose the triangle, which have a 60° angle between their arms, while in the 2L
configuration we can correlated the two L-shaped detectors, which will not be colocated.
To look for SGWB in this way one performs a cross-correlation, where the output of one
detector is used as a template for the data in another detector, see also the discussion in
section 10.5. As of today, in the LIGO-Virgo-KAGRA SGWB searches, such cross-correlation
techniques are used to look for SGWB. The most common prescription is that the SGWB is
assumed to be isotropic; one could determine its statistical properties by observing any part
of the sky. However, cosmological and astrophysical SGWB components are expected to be
anisotropic due to the nature of spacetime along the line of sight, and for the astrophysical
contribution, due to the local distribution of matter and the finiteness of the number of
sources [542, 544, 546, 550, 552, 561, 584, 587, 588], see the discussion in section 3.1.2. Two
pipelines are tailored to searches for isotropic and anisotropic search. For isotropic SGWB,
current LVK searches use pygwb [4815]. This Python package employs cross-correlation
spectra of GW detector pairs to construct an optimal estimator of the Gaussian and isotropic
SGWB and Bayesian parameter estimation to constrain SGWB models. On the other
hand, for anisotropic SGWB current LVK searches use a Python-based pipeline called
PyStoch [4816, 4817]. This pipeline employs the GW radiometer technique, which accounts
for Earth rotation and time delay. With minimal modifications to these pipelines, one can
perform the searches for SGWB even in the ET scenario.

The computational cost of existing stochastic searches is negligible compared to matched
filtering for CBC sources. We will need the results of MDCs to estimate better the cost
including new developments for ET.
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11.4.2.1 Direction for new methods. Though the existing pipelines mentioned above
would work for the ET case, there are several scenarios in which many real-life complications
will occur. One such complication would be that, at 2G detectors, the noises intrinsic to the
detectors are much larger in magnitude than the expected SGWB signals. This, in general,
will no longer be true for 3G detectors. This complication demands new developments in
search techniques where the variance from the signal needs to be considered.

Considering the cross-correlation basics, one can show that the mean and variance
associated with SGWB estimators can be written as:

p = (Cia) = (h?) =S (11.2)
o = (C) = (C12)” = (Sny + Sh)(Sns + Si) + S, (11.3)

In the usual cross-correlation searches (employed for the current ground-based detectors),
we assume that the noises intrinsic to the detectors are much larger in magnitude than the
gravitational strains. This assumption will lead to

% & (Sny + Sh)(Sny + Sh) (11.4)

This assumption is valid for ground-based detectors like LIGO, Virgo, and KAGRA (assuming
the current detector sensitivity). However, for 3G detectors like ET, we might have intrinsic
detector noise levels comparable to the level of a real SGWB signal. When the magnitude
of the SGWB signal is comparable to the noises intrinsic to the detectors, the calculation
of the SNR = /o will become more involved. Although the mean pu is independent of the
relative size of the SGWB and the detector noise, the variance ¢ is not. Thus, we have
to change the current way of “optimal” (which maximizes the SNR) cross-correlations by
incorporating the variance term coming from the GW signal.

Another promising possibility for ET in its triangle configuration is to use the null stream
(see section 11.6.1). A proof of principle was demonstrated in a mock data challenge that
took place in 2012 [529], where the authors computed the median over the whole dataset
of the difference between (one-third of) the null stream PSD and the individual detector
PSD. These residuals were shown to be consistent with the median PSD of the injected
GW signals in each detector.

11.4.3 Data analysis for Continuous Wave searches

Persistent semi-periodic GW signals, called Continuous Waves (CW), are produced by
various classes of sources, in particular rotating neutron stars asymmetric with respect to
their rotation axis, see section 7. CW emission is also expected in more exotic sources,
including ultra-light boson clouds around spinning black holes (discussed in section 2.4.2.1)
and the inspiral of light primordial black hole binaries, with mass m < Mg (discussed in
section 4.6); see e.g., [2927] for a recent review of CW sources.

The search for CW is made difficult by the predicted weakness of the signals which, with
a few notable exceptions, will limit the search volume to the Milky Way and its neighborhood.
This will be also true with 3G GW detectors. Moreover, if the signal parameters are not
known in advance, the resulting parameter space can be very large, as a consequence of the
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long signal duration. This complicates the waveform at the detector due, for instance, to the
Doppler effect induced by the Earth motion and the sidereal amplitude and phase modulation
due to the detector beam pattern functions. As a result, the search for this kind of signals
may be challenging also from the computational point of view. This is true both for current
and future detectors. No CW signal has been detected so far, although interesting upper
limits have been set in several cases, see e.g. [2950, 3004, 3632, 3651, 3711, 3713, 4818-4823]
for some recent results obtained with the LIGO/Virgo/KAGRA observatory. We refer the
reader to section 8.4.2 for more details on current searches of CW from rotating neutron
stars and for prospects in the ET era, and to section 2.4.2.1 for prospects about the detection
of CW from ultra-light particles.

In order to increase the chance of detection, not only more sensitive detectors are
needed, but also improved data analysis methods are crucial. In general, search method
development should aim to reach three fundamental milestones: a) maximizing sensitivity,
b) ensuring robustness against unmodeled signal or noise features, and c¢) maintaining
manageable computational costs. A compromise among these three features must often
be found. A standard approach for wide parameter searches is that of developing semi-
coherent approaches, where the whole dataset is split into a number of smaller segments,
which are individually processed and then incoherently combined, that is without requiring
signal phase coherence from one segment to the other, see for instance [3722] and reference
therein. While this approach introduces a sensitivity loss with respect to optimal searches
based on matched filtering (which is used only when the signal parameters are known with
high accuracy), it ensures better robustness and a lower computing cost, depending on the
segment duration Trpr.

It can be shown that for a standard semi-coherent search the sensitivity scales as T; }«1}/?%1“»
while the computational load scales at least as Tipy [4824]. Finding effective ways to increase
the sensitivity of wide parameter searches without making the computational cost explode is a
non-trivial and important task for current detectors as well as for future detectors. This target
can be pursued at the algorithmic level and/or in the context of a multi-messenger approach.
The former case includes optimizations at the level of template placement [4825, 4826],
efficient exploitation of modern computing architectures, like GPUs [4827], correction of the
Doppler effect via hierarchical approaches [4828], exploration of image processing [4829] and
Machine Learning techniques [3725]. The latter consists in exploiting observations in the
electromagnetic band to better constrain the portion of parameter space to be investigated,
allowing the saved computing resources to be dedicated to making deeper searches, see
e.g. [3729].

In the ET era, there will also be other data analysis issues that could play a relevant
role and need to be investigated: the impact of the superposition of CBC signals on CW
searches, and the superposition of CW signals themselves, which we briefly describe in the
following subsections.

It is also worth mentioning that data analysis issues similar to those presented by CW
searches in Earth-bound detectors could also affect the search for Extreme Mass Ratio
Inspirals (EMRIs) in LISA [4830]. There could be a mutual benefit from the data analysis
developments in these fields.
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11.4.3.1 Impact of CBC background on CW searches. The incoherent superposition
of several CBC signals will constitute an astrophysical background that adds to the detector
noise, whose impact on CW searches must be evaluated. This effect would be especially
pronounced in the low frequency regime, where the CBC signal density is higher. As a first
step, we need to estimate how ET theoretical sensitivity curve compares with such signal
background, in order to understand which is the frequency range more affected. Next, we
need to study how current CW search procedures are impacted, e.g. in relation to the data
power spectrum estimation, and if needed, find suitable solutions. This study will likely
be corroborated by a dedicated MDC.

11.4.3.2 Superposition of CW signals. CW signals emitted by ultra-light boson clouds
around rotating black holes, see e.g. [445, 448, 4831]. As already discussed in section 2.4.2.1,
see in particular eq. (2.5), they are characterized by a frequency [458]

2
mp 4 My my
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where my, is the boson mass and My is the black hole mass. Assuming a given boson
mass, and a population of boson clouds, the resulting signal frequencies are expected to
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where Mpi™ and M are, respectively, the minimum and maximum mass of the black holes

be concentrated in a range
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that developed a cloud. Depending on the black hole mass distribution, such a frequency
interval can vary from a fraction of hertz to about 1Hz, for boson masses in the range
10~ — 10~ eV, which produce signals in the sensitivity band of ET. If the number of
detectable signals is large, a superposition may take place with a possible impact on search
algorithms [473]. A preliminary study has been done in [4832], showing that current semi-
coherent analysis methods are generally robust concerning this possible issue. A more detailed
study, explicitly taking into account the predicted ET sensitivity curve and reasonable models
for the boson cloud population, must still be done. It will also be interesting to evaluate
if modifications of current semi-coherent schemes, explicitly exploiting the expected signal
superposition, can increase the detection probability.

11.4.4 Data analysis for burst signals

Numerous astrophysical processes in the universe are expected to produce transient signals
for which we do not have a complete model as in the case of CBCs. Some notable cases are
supernova explosions, gamma-ray bursts, soft-gamma repeaters, fast radio bursts, or possible
sources of unknown origin. Given that there is no exhaustive knowledge of the expected
signals, alternatives to matched filtering have been developed to search for signals of unknown
features but consistent with minimal properties of gravitational waves.
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11.4.4.1 Methods for sub-second long signals. Devoted algorithms for short transient
signals (bursts), i.e. less than a second, usually share common features. These algorithms
identify power excesses from the noises of multiple detectors and combine them in a coherent
data stream consistently with the light time difference between detectors. This coherent
approach allows to discard of noise features that casually appear in various detectors more
effectively than a simple time-coincidence selection. The current pipelines can differ in
the way they build the search parameter space; for instance, applying Wavelet or Fourier
Time-Frequency transformation, or building an orthogonal basis of Sine-Gaussian functions.
Another difference can be found in the procedure used to differentiate the signal candidates
from the noise excesses. For instance, one approach used in the LVK Collaboration for the
cWB pipeline [4833] was to define a subset of noise excesses based on morphology, so as to
penalize well known glitches in favor of other signal characteristics, at the cost of the trial
factor, i.e. the false alarm rate of a single event is multiplied for the number of total subsets.

In current searches, this approach has been abandoned in favor of machine learning
techniques to identify potential signals in the high noise environment, like the application
of autoencoder [4834], XGBoost [4835] or GMM [3671] in conjunction with coherent Wave-
Burst [4833]. Other algorithms extend some features of these algorithms to restrict the search
to a selected class of gravitational waves. Some examples are the use of Convolutional Neural
Networks for the recognition of certain patterns in the time-frequency domain, which has
been applied to CBC [4836] and to supernovae [3669, 3673].

Algorithms can be adapted for searches in different conditions, passing from a general
all-sky/all-time search, where there is no information of the expected signal, to triggered
searches, where information about the arrival time or the sky direction is provided by external
information (like neutrino or electromagnetic). Examples of such searches which have been
explored are GWs associated with gamma-ray bursts [4837], fast-radio bursts [4838] or
supernova explosions [3654], where the search for GW is focused around the time of the
alerts from non-GW detectors.

The expected detectable signal depends on the shape of the detector PSD; for instance,
in the case of the Advanced LVK detectors it is very short for binary black holes (around
hundreds of milliseconds). In this case these signals are sufficiently separated in time to
not interfere with each other. However, this could be one of the main limiting factors when
applying the current pipelines to ET data, given the longer duration of detectable signals,
so that we expect more frequently the case that multiple signals would be occurring at the
same time. A preliminary study has been performed on overlapping CBC signals [4799]
which demonstrate the feasibility of detection in the case of two signals partially overlapping
in time. The considered burst algorithm (cWB) was capable to get most of the overlaps,
but as a unique candidate, without distinguishing the separate contributions. This shows
that an extension of the algorithm is needed, so to be able to split different signals in case
they are happening at the same time.

11.4.4.2 Data analysis methods for minute-long burst signals. Minute-long signals,
ranging from 100 to over 1000 seconds, present unique challenges due to the large data
volume and the need for high sensitivity over extended periods [4839]. One approach to
dealing with these challenges involves creating time-frequency (TF) maps that can cover the
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entire duration of long signals without fragmenting the waveform across multiple maps. By
“stitching together” multiple TF maps, we effectively create a continuous representation that
spans the extended duration of the signal [3660]. This technique allows handling long data
segments more efficiently, while maintaining coherence across the signal’s full time span.

The current generation of detection pipelines typically employs a combination of tra-
ditional and machine learning methods to enhance detection accuracy and efficiency. One
recently developed technique involves using the U-NET architecture for anomaly detec-
tion [4840]. This architecture is particularly effective in distinguishing between normal
background noise and potential gravitational wave signals, which appear as anomalies. Given
that target signals are relatively well-behaved in the time-frequency domain, the data is
analyzed in the form of spectrograms. The resolution of these spectrograms directly impacts
the computational requirements, as it determines the size of the 2D array and consequently
the batch size used in training.

Training these machine learning models is computationally expensive due to the large data
volumes involved. For instance, segments of 512 seconds and 1000 seconds are commonly used
in current methodologies [4841]. The primary goal of these models is to detect gravitational
wave signals amidst a background of noise and glitches. Most glitches are shorter than one
second, allowing them to be represented as single pixels in the time-frequency array. This
simplifies the thresholding process for identifying the loudest background event, which is the
most limiting factor for the sensitivity of minute-long searches.

The computational requirements for processing long-duration gravitational wave bursts are
significant. High resolution in the time-frequency domain necessitates powerful computational
resources to handle the large 2D arrays representing the data. This includes substantial
memory and processing power to manage the continuous influx of data and the complex
calculations required for anomaly detection and signal processing. The use of advanced
machine learning models like U-NET further adds to the computational load, as these models
need to be trained on extensive datasets to achieve the necessary pixel-to-pixel accuracy
for real-time detection.

In current searches, techniques such as convolutional neural networks (CNNs) and
ensemble classifiers, like XGBoost in conjunction with a version of coherent WaveBurst
(cWB) [4833] or STAMPAS [3660], are employed to identify potential signals in high-noise
environments. These methods enable the processing of large datasets more efficiently and
improve the sensitivity and accuracy of gravitational wave searches, particularly for low-
significance events.

Moreover, the extraction and isolation of overlapping signals are being actively explored.
The approach, detailed in [4799], involves advanced methodologies to better separate and
identify multiple signals occurring simultaneously.

11.5 Parameter estimation methods

As already discussed in section 10.1.1.2, the parameters of a GW signal are characterised
through the use of Bayesian analysis. This requires using Bayes’ theorem

p(d|6, Hs) p(0]Hs)

p(O|Hs, d) = p(d|Hs) )

(11.7)
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where 0 is the set of parameter values that describe a GW signal and H is the hypothesis
that a GW signal depending on the parameters 6 is present in the data d. The data is
compared to a model by constructing the likelihood p(d|@,Hs) under the assumption of
Gaussian and stationary noise in GW detectors, while p(@|H,) is the prior distribution on the
parameters.'% All information about the parameters of interest is encoded in the posterior
probability density function (PDF), p(60|Hs,d). For parameter estimation purposes, the factor
p(d|Hs), called the evidence for the hypothesis Hs, is set by the requirement that PDFs
are normalised. This quantity is particularly important when comparing one model (or
hypothesis) to another, using the same data. In a GW data analysis context, under the
assumption that the noise is stationary and Gaussian, the likelihood is given by

p(d|6,H,) ocexp{—;(d— h(0)|d—h(0))}, (11.8)

where the noise-weighted inner product (-|-) is defined as

(o) = 4Re [ g TD)

fiow Su(f) (9

see also egs. (10.5) and (10.12). Here a tilde refers to the Fourier transform, and Sy, (f) is the
PSD. The integral in eq. (11.9) could in principle be taken to run from fiow = 0 to fuigh = 00,
as in eq. (10.5), but, in practice, the PSD determines a minimum and a maximum value
of the frequency beyond which the detector is, for all purposes, blind. A (quasicircular)
BBH signal within GR is described by 15 parameters, already given in eq. (10.16), with the
parameter space increasing if including eccentricity, or with the presence of matter effects in
BNSs, or for exotic compact objects with additional parameters. Stochastic sampling has
been traditionally used for sampling this high-dimensional parameter space [4842]. With the
increased number of detections and improved detector sensitivities, Bayesian pipelines like
Bilby [292] have been developed. Improvement of noise sensitivity in the 3G era translates to
a lower fiow, making the signals and therefore each likelihood evaluation extremely expensive
for 3G detectors. Considering hours to days long signals in the 3G era, improvements to this
pipeline have also been made [4701] which, however, relies on heavy computational resources.
A further method to enable analysing very long BNS signals like reduced order quadratures
(ROQ) [4682] has also been developed. However, this method suffers from an inherent
overhead by the need to first build a reduced basis and moreover construct a new basis each
time a new prior may be chosen and further when adding a new parameter. On the one hand,
we will be facing extremely long signals requiring very heavy computational resources and
on the other, as noted in section 11.2.2, the data will mostly consist of overlapping signals,
making conventional Bayesian analysis potentially extremely computationally expensive
by increasing the parameter space dimensionality. In the following, we look at methods
developed for solutions of both these problems.

1030ften, the label Hs is left implicit, and eq. (11.7) is rewritten as in eq. (10.9), where has been used the
notation p(0|Hs,d) = p(0|d), p(d|@,Hs) = L(d|0) and p(d|Hs) = Z(d), and the data has been denoted by s
instead of d.
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Figure 200. Left: comparison of the offset of the recovered posterior for the chirp mass for joint
parameter estimation (JPE) and single parameter estimation (SPE) method. Right: comparison of
the offset of the recovered posteriors for the chirp mass for JPE and hierarchical subtraction (HS).
The two plots indicate that the offset is reduced for JPE compared to HS, due to the better modeling
of the noise, while it is still better in the SPE case, where the noise is well modeled and the problem
at hand has a reduced complexity. Reproduced from [4771]. CC BY 4.0.

11.5.1 Analysis of overlapping signals

Ref. [4771] presented the first methods to analyse overlapping signals effectively. In the
presence of overlapping signals, the assumption of the presence of a single signal in the
likelihood breaks down. In ref. [4771], simulation sets consisting of two signals in the 3G
network at the same time were analysed by expanding the likelihood to consist of two
signals, henceforth called joint likelihood; however, in reality, the number of signals present
will be much larger [531] (with the population model used in [16], at any given moment
there are O(10?) overlapping BNS [643]) and such an analysis may be practically infeasible.
Furthermore, the method of hierarchical subtraction was also introduced whereby the loudest
signals are subtracted from data containing overlapping signals, and signals are analysed
one by one. Although computationally more efficient, this method however suffers from
the drawback of introducing biases in residuals with each subtraction. Figure 200 shows
a comparison of offsets in chirp mass from joint likelihood method compared against the
methods of hierarchical subtraction and analysing single signal at a time.

11.5.2 Innovative methods for faster inference

Since PE depends on evaluating the likelihood multiple times (typically ~ 10°—108 evaluations
for estimating the parameters of a CBC signal), the speedup can be achieved by constructing
reduced-order-quadratures (ROQs) [4643, 4658]. ROQs were developed for long signals like
BNSs relevant for the 3G era in [4682]. In addition, reduced-order-methods for waveform
generation, discussed in section 9.5, will facilitate faster likelihood computation. Relative
binning [4638, 4843] has been proposed as a method to effectively make sparser frequency
grids to evaluate long waveforms like those from BNS signals by making use of the frequency-
change in the evolution of waveforms. Further advancements in relative binning when using
waveforms including higher-order-modes have been made in [4640, 4844]. In recent years,
likelihood-free inference has been gaining popularity due to its immense potential to speed up
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PE analyses [4648, 4649]. Likelihood-free inference, as the name suggests, avoids explicitly
computing the likelihood to get parameter estimates. An example of avoiding explicit
likelihood computations is by using machine-learning methods, eg. mnormalising flows to
approximate the likelihood. Simulation-based inference has been applied to PE [4845, 4846]
and all such methods hold immense promise for longer as well as multi-dimensional analyses
necessary in the 3G era due to overlapping signals. Normalising flows have been applied
and shown to infer parameters correctly in the case of overlapping signals [4772]. Testing
the theory of gravity or inferring the dense nuclear equation-of-state (EoS) of neutron stars
mostly requires inferring additional parameters to characterise their effect, making the PE
problem even more complex and computationally challenging. Inference of EoSs using neural
networks has been explored in [4847], while the application of neural networks to testing
gravity has been explored in [4848]. Bayesian PE using conditional variational autoencoders
were developed in [4849]. Low-mass BBH sources, with chirp masses as low as ~ 5 M have
also been inferred accurately using neural posterior estimation in [4850]. In the following
subsections, we review a few methods for faster inference.

11.5.2.1 Relative binning method. Relative binning (RB) was developed as a faster
alternative to performing Bayesian analyses for the long BNS signal, GW170817 [4638, 4843].
It has however been extended to other expensive analyses like those with higher-order-
modes [4640] and been shown to be effective for 3G detectors in case of lensing analyses [4844].
The principle behind RB is to reduce the computational cost of the evaluation of the
likelihood (11.8) by leveraging summary data calculated on a dense frequency grid for a single
fiducial waveform, which must resemble the best fit to the data. The key assumption is that
the set of parameters contributing non-negligibly to the posterior probability produces similar
waveforms, such that their ratio varies smoothly in the frequency domain. Consequently,
within each frequency bin b = [fiin(b), fmax(b)], the ratio between the sampled waveforms
and the fiducial waveform can be approximated by a linear function of frequency:

h(f)
ho(f)

where hg is the fiducial waveform and f,,(b) the central frequency of the frequency bin

r(f) =

=ro(h,b) + (A, b)[f — fm ()] + -+, (11.10)

b. This reduces the number of frequencies at which the waveform information must be
evaluated, thus reducing the overall cost of the likelihood computation. However, the ratios
ro(h,b) and r1(h,b) still depend on the source parameters, and so parameter evaluations
are necessary. While this method allows the use of computationally expensive samplers like
nested sampling [4851], it requires a fiducial waveform, which assumes an existing set of
representative parameter estimates. One may use initial parameter values from detection
pipelines, although they are typically associated with larger uncertainties.

11.5.2.2 Multibanding. Multibanding is built on the idea that CBC signals evolve from
low frequency to high frequency, so the GW data can be downsampled at the early stage as
long as the sampling rate is greater than the Nyquist frequency (twice of the highest signal
frequency). The downsampling can be applied adaptively to different stages of the signal,
resulting in multiple bands. Multibanding has been applied to signal detection in the MBTA
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pipeline [4791], and its application to PE is also proposed in refs. [4644, 4645]. Multibanding
accelerates PE in the sense that it reduces the size of data and therefore accelerates waveform
and likelihood evaluations. Since multibanding only manipulates the sampling rate, it has the
potential to be combined with ROQ (see, e.g. [4645]) and RB (see, e.g. [4805, 4852]). The
comparison between ROQ, RB, and multibanding for PE can be found in [4853].

11.5.2.3 Machine learning for parameter estimation. In addition to the ML-based
detection methods laid out in section 11.4.1.1, over the last few years ML has gained traction as
an avenue to perform parameter estimation for GW signals since, in principle, it offers a faster
alternative with the same precision as classical methods. In particular, several approaches,
generally based on normalizing flows (NFs) [4854], have been suggested to speed up parameter
inference processes. One can split those into two general trends: (i) the full inference is
replaced by a ML framework, i.e. the setup directly outputs posteriors characterizing the
event analyzed [4648, 4649, 4845, 4850, 4855-4857], and (ii) part of the process is aided by
an ML system [4683, 4858-4861]. In both cases, one observes a significant speed-up in the
computation time. Specific ML algorithms developed for parameter estimation are as follows

o Neural Posterior Estimation (NPE) directly outputs posteriors characterizing gravita-
tional waves (GWs) in data [4648, 4649, 4850, 4855]. It typically consists of two parts:
a context network (often a convolutional neural network) that compresses the data, and
an inference network that transforms a base distribution (a multivariate Gaussian) into
the target posterior. Initial NPE methods were PSD-dependent, as they were trained
with a specific PSD. To address this, methods have been developed to include the PSD
as input and allow for PSD variations during training [4862], increasing robustness.
However, significant detector upgrades may still require re-training. Currently, NPE
frameworks are reliable for BBHs with component masses above 10 M, though, re-
cently, extension in the neutron star mass regime has been implemented [4805, 4863].
Adapting these networks for lower mass signals [4850] is challenging due to the need to
handle long signal durations and correlations between distant data points. An example
posterior obtained with this framework for a system with a 5 My chirp mass injected
in an LVK network is shown in figure 201. One approach involves using more effective
priors in the training phase — modifying them to have a uniform sample exposure
in the mass space, and fine-tuning the network on a per-event basis to focus on rele-
vant regions of the parameter space, significantly improving efficiency while remaining
faster than traditional methods. For the Einstein Telescope (ET), which expects high
SNR and long-duration signals, further development will be needed. Issues such as
overlapping signals [531-533, 3798, 4771] must also be addressed. Initial attempts to
analyze overlapping BBH signals using NPEs have shown promise [4772] but require
larger networks and further optimization [4771]. Developments are ongoing to adapt
NPE for next-generation detectors like ET, indicating a promising direction for future
GW data analysis.

e Truncated Marginal Neural Ratio Estimator (TMNRE) generates from the data low-
dimensional marginal posterior distributions (1D or 2D) [4845, 4856]. Unlike Neural
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Figure 201. Representation of the posteriors obtained with the approach from [4850] (red) and the
posteriors obtained with traditional approaches (blue) for a system with a chirp mass of 5 Mg injected
in an LVK network. A good agreement is obtained between the two posteriors, which required an
adapted training procedure due to the relatively low mass of the system. To obtain this agreement,
the priors during the training process have been adapted to have an effectively uniform coverage of
the mass parameter space.

Posterior Estimation (NPE), TMNRE trains a neural network to model the likelihood-
to-evidence ratio (p(d|?)/p(d)) for the parameters of interest . This is done by
training a classifier to classify samples between those correlated with the data and
those independent from the data. This classifier can then approximate the ratio [4845,
4856]. For complex problems like gravitational wave (GW) data analysis, an amortized
approach is inefficient as many prior samples do not contribute to the final posterior.
Thus, training is done in rounds, shrinking the prior space based on previous outputs
until convergence [4845], which is faster than traditional methods. TMNRE adapts
well to scenarios like overlapping signals [4846], providing rapid and accurate posteriors.
A significant advantage of TMNRE is its scalability for high-dimensional parameter
spaces, useful for problems like inferring noise properties in next-generation detectors.
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However, it does not provide the full set of correlated posteriors, which is necessary for
calculating evidence or performing importance sampling. To address this, Neural Ratio
Estimation (NRE) can be adapted to be autoregressive (AR), using the probability
chain rule to transform the n-dimensional joint prior into a product of 1D conditional
priors and the likelihood-to-evidence ratio into a product of conditional ratios [4864].
This approach maintains sample correlations but results can be unstable, depending on
the ordering of conditional probabilities [4864]. TMNRE and autoregressive NRE offer
promising machine learning methods for future data analysis in GW research.

Nested sampling with artificial intelligence ((1-)NESSAI) [4858, 4860] integrates ML,
specifically NFs, with nested sampling techniques to enhance efficiency in exploring
parameter spaces and calculating evidence for GW data. In traditional nested sam-
pling [4851], samples are drawn from iso-likelihood contours to explore higher likelihood
values and build posteriors. NESSAT [4858] uses NFs to represent the sampling space,
mapping a multivariate Gaussian distribution to the parameter space. New samples are
generated by passing them through the trained NF network and verified via importance
sampling, ensuring they remain within prior boundaries. The NF network is retrained
periodically based on certain criteria, and this process continues until convergence.
This method improves efficiency by reducing the number of likelihood evaluations and
computation time compared to usual samplers, making it suitable for the analysis of GW
events with future detectors. One bottleneck is the importance sampling step, which
can be addressed by using importance nested sampling. This involves approximating
the evidence integral with a pseudo-importance sampling density [4865, 4866], using
weighted NF distributions to sample directly and bypass the importance sampling
step, further reducing errors and rejection sampling time. Comparative studies show
that I-NESSAI [4860] significantly reduces sampling time and inference duration, from
more than a day to a few hours, as demonstrated with 64 BBH injections in an LVK
network, see figure 202. Despite its advantages, challenges remain for next-generation
detectors with very loud signals and highly peaked posteriors, requiring further testing
and development.

Normalizing Flows for parameter estimation of close encounter signals. In addition
to quasi-circular evolutions of coalescences, dynamical interactions are gaining more
and more interest as formation channels for CBCs. In particular, they play a crucial
role in the formation of IMBHs in dense stellar environments. Such systems are
mainly characterized by having a non-zero eccentricity whose effect is to induce a
modulation in the gravitational waveform. In the e — 1 limit the emission is expected
to be a series of short-duration bursts peaked around the time of periastron passage,
corresponding to the “close encounters” case [4868]. Another way of producing a close
encounter signal is during capture of two initially unbound objects. In the case of 2-body
encounters of stellar mass binaries (M < 100M) inside Globular Clusters the peak
frequency of the GW emission fgw is expected to be fow < 10Hz for eccentricities
—2.5 < loge < 1.5 [1480, 1495, 4869], which enhances the importance of the improved
low-frequency ET sensitivity. Performing accurate and fast PE on these sources is
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Figure 202. Number of likelihood evaluation and time needed to perform the inference for 1-
NESSAI [4860] (blue dots), NESSAI [4858] (orange crosses), and DYNESTY [4867] (green plusses) for 64
BBH signals injected in an LVK network. One sees that ML-aided nested sampling has a significantly
reduced computation time, meaning it is a promising avenue for data analysis in next-generation GW
detectors. Reproduced from [4860]. @ The Author(s). Published by IOP Publishing Ltd. CC BY 4.0.

of great importance for many different studies: from fundamental tests of GR in the
strong field regime to the investigation of the astrophysical formation channels and
even to multimessenger astronomy. In particular, electromagnetic counterparts to
GW signals are expected to be produced even by BBHs if mergers occur in specific
environments like Active Galactic Nuclei (AGNs) [2319]. More specifically, the EM
signature consists of optical/UV flares induced by shocks in the gas surrounding the
merging binary [1508]. Due to their repeated burst nature, close encounters are suited
for early warning strategies, given that precise localization and time of coalescence can
be estimated in advance. Provided that the parameters of each GW burst are well
reconstructed and correctly correlated to the previous one(s), the chances of detecting
EM counterparts would increase thanks to the fast and early pointing of telescopes.

Machine learning techniques have proven to be promising for studying this kind of
sources, which are characterized by repetitive short burst signals. For example, in [4870]
a neural network architecture based on Normalizing Flows, HYPERION, obtained suc-
cessful results in the reconstruction of single-burst parameter posteriors. The proposed
network is composed of a convolutional embedding network for extracting the most
relevant features and an affine coupling flow to estimate the posterior distribution on the
source parameters. The network is trained on simulated close encounter signals, which
were realized using the effective fly-by waveform formalism [4868]. The computation
time for the reconstruction of the posterior discussed in [4870] is of 0.5s, ~5 orders of
magnitude faster than that obtained with traditional PE methods.

o Markov Chain Monte Carlo aided by Machine Learning: In Markov Chain Monte Carlo
(MCMC) sampling, the goal is to directly assess the posterior distribution without
computing the evidence. This is done by evolving chains of samples with a proposal
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distribution. To improve sample proposals, gradient information can be used to select
samples pointing toward higher likelihood values, as seen in the MALA [4871] algorithm.
NFs can further enhance MCMC by representing the posterior landscape [4872]. This
combination is implemented in JIM [4683, 4861], which relies on FLOWMC [4859, 4872]
and MALA for sampling and RIpPLE [4873] for JAX-based waveforms. The gradient-
based MCMC benefits from JAX’s auto-differentiation and just-in-time compilation for
speed. The process involves initial steps of MALA to sample the posterior landscape,
using these samples to train an NF network, and iterating between MALA steps
and NF training until convergence. Final samples are generated by freezing the
network, ensuring the chain’s Markovian nature [4861]. JIM has shown significant
speed-ups [4683, 4861]: BBH analyses in under 3 minutes [4861] and BNS analyses in
less than 30 minutes [4683]. This method automatically adapts to new noise and signals
without pre-training. However, it only returns posteriors, not evidence, which could be
addressed with importance sampling [4858, 4860]. Efficient implementation requires a
fully JAX-based framework [4873], including waveforms.

o Deep neural network driven Hamiltonian Monte Carlo (DeepHMC) is a new approach
to parameter estimation for long-duration signals [4874], improving upon standard
samplers like MCMC and Nested Sampling, which suffer from high autocorrelations
and slow convergence. Hamiltonian Monte Carlo (HMC) avoids these issues by using
Hamiltonian trajectories [4875] instead of random jumps, converting the problem into
a gravitational one with potential and kinetic energy terms. Properly tuned HMC
converges D times faster than MCMC, where D is the parameter space dimensionality.
Despite its theoretical advantages, HMC is underused due to tuning difficulties and
computational bottlenecks, specifically the need to calculate D-dimensional gradients
of the log-likelihood at each trajectory step, which is costly for long-duration signals.
DeepHMC addresses these issues by combining HMC with deep learning. It generates
~ O(10%) Hamiltonian trajectories using numerical differencing to calculate gradients,
which are then used to train a deep neural network (DNN) model of the background
geometry, called a “shadow potential”. The final inference process involves:

1. Starting on the true potential and calculating the initial Hamiltonian.

2. Jumping to the shadow potential and evolving the trajectory using DNN gradients.

3. Moving back to the true potential and calculating the final Hamiltonian.

4. Comparing initial and final Hamiltonians using the Metropolis-Hastings ratio.
On a Macbook Pro with an M1 processor, DeepHMC’s data-taking phase takes
10 minutes (parallel on ten cores), training/testing the neural network takes 30 minutes,
and the final inference phase takes around two hours to produce 5000 independent

samples. This reduces Bayesian inference of BNS systems in the LVK band from weeks
to hours.

While not fully ready for parameter estimation in 3G detectors, the examples above show ML-
based methods are a promising avenue for this task in the future, even if more development
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IMRPhenomPv3HM SEOBNRv4 PHM IMRPhenomPv2NRT

Number of CPUs 16 64 640 16 64 640 16 64 640
GW150914 39d 233h 2.8h 83.7d 21.2d 2.5d - - -

GW190425 - - - - — — 30.7d 7.8d 22h
GW190412 60.3d 153d 1.8d 29yr 276.1d 11.53d — - —

Table 22. Table showing computational requirements for a variety of waveforms with physical effects
including higher-order-modes and tidal deformabilities. For BNS systems as well as highly asymmetric
systems, availability of only 16 CPUs make obtaining results infeasible. Reproduced with permission
from [4701], Oxford University Press on behalf of the Royal Astronomical Society.

is needed. Moreover, the applications shown have focused on data resembling the ones we
observe in the LIGO-Virgo data. The data will clearly be different for Einstein Telescope,
leading to new challenges, and requiring further devlopment.

11.5.3 Computational Requirements

Ref. [4701] introduced a highly parallelised algorithm, called parallel bilby, or PBILBY, to
infer properties of a source in an accelerated way. Table 22 shows a table from their analysis
showing the immense improvement in runtimes for a low and asymmetric mass BBH using
640 CPUs which would otherwise be impossible with reduced computational resources. As
summarised in ref. [4876], ~ O(10) events in O2 required about 10 CPU core hours. In
the ET era, seeing ~ 103 CBC signals will therefore scale accordingly. Ref. [4853] provides
detailed estimates of PE cost in 3G detectors. With one-month observation, PE for BBH
sources would cost billions of CPU hours with a vanilla PE setting, but the costs are reduced
by at least 4 orders of magnitude when acceleration methods such as ROQ are applied. The
costs of BNS and NSBH sources are roughly an order of magnitude higher than BBH when
acceleration methods are used. However the advent of faster approaches coupled with ML
and use of GPUs and TPUs in addition to CPUs will likely lead to feasible runtimes of
longer signals in the ET era. As reported in [4683], using a single NVIDIA A100-40 GB GPU
can reduce the runtime of a BNS signal to 2.5 minutes. Machine learning-based methods
(such as normalizing flows) can achieve O(second) performance [4805, 4852] and, according
to ref. [4852], achieve 1/1000 cost compared with traditional stochastic sampling methods.

11.6 Peculiarities of a triangular ET

11.6.1 Null stream

A null stream can be formed for an arbitrary GW detector network with at least three
detectors, but generally only for one GW signal at a time, depending on its sky position [92].
With ET in a triangle configuration, because of the closed geometry of its component arms
and almost negligible light travel times between components, it is possible to construct a null
stream that cancels the gravitational-wave signal, independently of the sky position of the
source. The null stream is obtained by adding together the three detector outputs,

dpan(t) = Zdi(t). (11.11)
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In the triangular design, it is then guaranteed that no signal is present in the null stream [4745],
so that

3
dnun(t) =Y _ni(t) . (11.12)
=1

The subsections below describe the opportunities that the sky-independent null stream offers
to the data analysis problems described in the sections above.

11.6.1.1 Noise estimation. Noise estimation is crucial to ensure robust detection [3658,
4751, 4877] and PE [292, 4842]. Furthermore, an accurate noise characterization is essential
for understanding the origin of the different noise contributions, and for the development
of noise mitigation strategies [4878], thereby increasing the overall sensitivity. As explained
in section 11.2.3, the estimation of the properties of the background noise for ET is still
an open problem. The following paragraphs outline a few possibilities to leverage the null
stream for this challenge.

From eq. (11.12) we see that the PSD in each of the three detectors in the triangle

104 can be estimated from the null stream taking the Fourier transform of the

configuration
correlator (d? ;,(t)d;(0)), and assuming that the noise in different detectors are uncorrelated,
so that, for each 4, (d* ;,(¢)d;(0)) becomes the same as (n}(t)n;(0)) (where we used also the
fact that the GW signals are uncorrelated with the noise). Note that this is only valid if
(nf(t)nj(0)) o d;j, i.e. if the noise in different detectors are uncorrelated. However, it is
highly likely that noise sources couple coherently to the different ET detectors of the triangle
configuration, particularly at low frequencies [4746] (see section 11.6.2 for more details). This
would therefore bias the PSD estimates that use the null stream, unless these correlated noise
can be identified and characterized, e.g. with witness sensors [4745].10°

In the PSD estimate, the null stream can also be useful for removing the astrophysical
confusion noise. This confusion noise is produced by a large population of unresolvable
signals, which forms the stochastic GW background, as well as the foreground population
of overlapping signals, which are individually resolvable but behave as an additive noise
source given the large number and long duration [654, 655, 4747]. Such a confusion noise
could affect the detection and bias the PE analysis of individual GW sources. As outlined
in ref. [4745], it is possible to remove such background by cross-correlating the null stream
with the data stream of the individual detectors. Given the absence of any GW signal in
the null stream, this cross-correlation yields the sum of the instrumental Power Spectral

104%e use the nomenclature defined in footnote 10 on page 53 (see also footnote 100 on page 546), so ET in
its triangle configuration is made of three nested detectors, with each detector composed of two interferometers
(one tuned toward low frequencies and one toward high frequencies), for a total of six interferometers.

1051t should also be observed that, as with all applications of the null stream, there is an important dependence
on the duty cycle of the detectors, since the null stream can only be formed when all three detectors in the
triangle configurations are on-line. Assuming an uncorrelated 85% duty cycle in each of the three detectors
composing the triangle, the null stream will be available for (0.85)3 = 61% of the run time, which goes down to
51% of the run time assuming instead an independent duty cycle of 80% for each detector [16] (the best duty
cycle for the O3b LVK run is 79% [4879]). However, the triangle design is considerably more complex than
that of 2G detectors, with two interferometers in each detector (an HF interferometer, and a LF interferometer
working at cryogenic temperatures), and it is difficult to reliably estimate what the duty cycle will be.
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Density (PSD) of the detector under consideration and the Cross-power Spectral Density
(CSD) of instrumental correlated noise between that detector and the others. Therefore,
this method can be used to provide an unbiased estimate of the detector noise, again at
frequencies where the correlated noise is negligible.

Another unique opportunity of the null stream is the on-source measurement of the PSD.
In GW searches [3658, 4751, 4877] and PE [292, 4842], detector noise is often modeled as a
stationary Gaussian process. However, actual noise in GW detectors is not stationary [4762].
Figure 203 illustrates the median and the 1o variation of the PSD variation statistic, akin
to the one defined in ref. [4880]:

Sn(f;t+6t)
Sn(fit) 7

for the LIGO Livingston detector during the first half of the third observing run (O3a). Data

segments containing event triggers with a false alarm rate below one per month were excluded

o(f;6t) = (11.13)

from the PSD estimation. The results indicate significant noise PSD fluctuations over periods
of O(1) hours, with an estimated fluctuation of ~ 80% in the frequency range of 20-60 Hz.
Extending the time difference to one day results in fluctuations up to 200%.

The non-stationarity of noise is a critical issue for ET, particularly during long-duration
observations of BBH and BNS mergers, which can span hours to days. As demonstrated in
ref. [4745], BNS inspirals can leave a visible imprint on the inferred PSD at ~ 5 Hz. Inaccurate
PSD estimates would lead to incorrect uncertainty estimation in posterior distributions [4758],
affecting studies reliant on precise localization volumes, such as Hubble constant measure-
ments [4759, 4881]. Therefore, PSD estimation using off-source data is not feasible for ET.
The methods discussed above demonstrate the capability of the null stream technique to
provide an unbiased noise PSD estimation using on-source data, even in the presence of GW
signals (again, as long as correlated noise can be identified and characterized).

Another option for PSD estimates are global fitting approaches, such as those used to
simultaneously model both GW signals and noise PSD [4882]. While they offer accurate
results, they substantially increase both the complexity and the computational demands
compared to signal-only parameter estimation. In contrast, the null stream technique
presents a computationally efficient alternative for estimating the on-source noise PSD. When
employing global fitting methods, one must select a parametric model for the PSD, often
with a variable number of parameters, which necessitates trans-dimensional sampling, adding
further complexity. For example, BAYESWAVE employs cubic splines and Lorentzians in this
process [4753]. By incorporating null stream information, a non-parametric estimation of
the PSD can be directly utilized, streamlining the analysis and bypassing the need for the
extensive computational effort required for stochastic sampling in global fitting methods.

Another specific advantage of the null stream is the ability to directly measure the
spectrum of the confusion noise. As known, the auto-correlation of a single detector provides
the sum of the detector noise and confusion noise PSDs. By subtracting the cross-correlation
between the null stream and the data stream of that detector from this sum, the instrumen-
tal noise PSD is eliminated, leaving only the instrumental correlated and confusion noise
components. This method provides an unbiased estimate of the confusion noise PSD at fre-
quencies where the instrumental correlated noise is negligible. Hence, the null-channel method
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Figure 203. The median and the 1o variation of the PSD variation statistic of the LIGO Livingston
detector during the first half of the third observing run.

from ref. [80] can be used to improve the measurement of the stochastic GW background
described in section 11.4.2.

11.6.1.2 Glitch Identification. In addition to non-stationarity, detector noise in GW
observatories is also subject to glitches [4762, 4883-4885], as outlined in section 11.2.1
and section 11.3. These glitches can significantly reduce the efficiency of astrophysical
searches [4886] and introduce bias in PE [1875, 4887-4889]. Notably, during the O3 run, the
median rate of glitches in the LIGO and Virgo detectors exceeded one per minute for the
majority of the run [4890]. Approximately 20% of the detected signals required some form of
mitigation due to glitches [4890]. The high frequency and significant impact of these glitches
highlight the necessity for effective identification and subtraction techniques to ensure the
integrity of gravitational wave data and validate transient candidate events [4891].

The current approach to identifying glitches in GW data primarily involves utilizing
witness sensors that are insensitive to GWs to monitor the local environment. These
sensors help detecting non-astrophysical disturbances that might affect data quality. The
data channels from these sensors, known as auxiliary channels, are critical as they provide
information for investigating and assessing the quality of the GW data. Detailed procedures
for this process employed during O3 are documented in refs. [4762, 4883], outlining the
methodologies and tools used to identify and mitigate the impact of glitches on data analysis.
In contrast to GW signals, glitches do not cancel in the null stream. Therefore, the null
stream offers an additional channel, apart from the auxiliary channels, to identify the presence
of glitches in strain data.

The null stream has been proposed as an effective tool to discriminate GW signals from
noise [4892-4894]. In the context of a triangular detector network, since the null stream is
sky-independent and unique, the presence of glitches in any of the detectors will manifest in
the null stream. Thus, methods utilizing the null stream can directly monitor the “glitchiness”
of strain data. Ref. [4745] evaluated the effectiveness of the null stream in detecting glitches in
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a triangular ET exploring two different approaches: the waveform-dependent null SNR [4893]
and the waveform-independent likelihood-based approach, demonstrating that both methods
effectively reduce glitches to the Gaussian noise background. An end-to-end null-stream based
glitch-mitigation algorithm for a triangular ET has been developed and implemented recently
in [4752]. It demonstrates that characterization and subtraction of glitches arbitrarily close
to the peak of the signal can be performed using the null stream without any significant
effect on the quality of parameter measurements.

Beyond classical statistical tests, the ET null stream could serve as input for machine
learning-based methods such as Gravity Spy [4784, 4895] and iDQ [4896]. Once a glitch
is identified, the specific detector where the glitch is present can be determined by cross-
correlating the null stream with the main GW channels from each detector, as these channels
contain the glitch in a form most similar to the null stream. Additionally, cross-correlating
the null stream with the auxiliary channels can help identify not only the detector where
the glitch occurs but also the source of the noise.

11.6.1.3 Self-calibration. In the third gravitational wave transient catalog [6], and previous
LVK publications, calibration uncertainty was taken into account by marginalising over the
calibration uncertainty estimates provided by the calibration team [4897, 4898].

For CBCs, it has been found that the impact of calibration errors is mostly negligible for
the current generation of detectors, [3655, 4899, 4900]. However, the localization parameters
are the most affected by the inclusion of the calibration error distribution [4900]; in fact,
the area of the 90% credible interval for the sky position of GW150914 increased by 300%
when calibration uncertainty was taken into account [1689]. Additionally, calibration errors
might lead to biased results for other science cases such as measurements of the Hubble
constant [4901] or GW stochastic backgrounds [4902]. The improved sensitivity of ET will
also tighten the requirements on the calibration errors because at high SNR the effect of
calibration errors becomes distinguishable from the statistical variation. More precisely, the
calibration error for ET needs to be below 1% in both amplitude and phase [3787] to avoid
biased results in PE for CBC signals. Therefore, new methods are required to ensure precise
calibration that will guarantee the scientific goals set for ET.

One possible method that has been proposed, but never implemented, relies on signal
leakage into the null stream [4749]. First, a null stream is constructed for every detected
event. If calibration errors are present, then a small fraction of the GW signal leaks into the
null stream, which can be detected with a template bank that consists of convolutions of the
detected signal with a parameterised calibration model. Since the SNR of the leaked signal is
only a fraction of the SNR of the detected signal, the results of multiple detections have to
be combined in a single detection statistic. This approach only works if the calibration error
remains constant in between detector upgrades, which is usually a valid assumption.

A triangular configuration can relax some of the assumptions in the method discussed
above because the construction of the null stream is independent of the measured sky position.
This can be a major advantage because:

e An initial timing error in the calibration model impacts the measured sky-position and
hence, if the null stream depends on the sky position, it also impacts the estimated
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calibration error. This does not happen for the triangle, whose null stream is sky-
independent.

e The null stream of the triangle allows us to deal with overlapping signals. Indeed, if
the null stream is not sky-position independent, then the SNR of the signal of interest
is scaled down by the calibration error (~ 1%), while the SNR of the secondary signal
remains roughly the same. Therefore, it is likely that any signal of interest in the
null stream overlaps with several signals of comparable SNR, severely impacting the
matched filter performance.

o It is possible to abandon the assumptions on the signal altogether by constructing a
(Gaussian) likelihood on the null stream because the PSD of the null stream is related to
the PSDs of the individual detectors. In this scenario, overlapping signals, unresolvable
signals, unmodeled signals and even the SGWB contribute to the self-calibration.

Note that we can only improve the relative calibration error because any common mode
calibration error across detectors is equivalent to a modified GW signal and therefore does
not appear in the null stream. Additionally, for a single event with a fixed polarisation, the
response in different detectors is equivalent up to a scaling with a complex factor. Therefore,
it is not possible to attribute the calibration error to a specific detector. However, for a
collection of events, there is no fixed correspondence between the signals in each detector.
Hence, there is a unique set of calibration errors that maximises the likelihood, up to
the aforementioned common mode. Finally, the template based method exploits the fixed
frequency dependence of the waveform to extrapolate any absolute calibration at a single
frequency to the entire spectrum.

11.6.2 Correlated noise

The triangular configuration of ET with three nested detectors will give rise to correlated
noise. So far correlated noise has not been a concern for current detectors, which are
situated further apart from one another, with the exceptions of the environmental effects
like Schumann resonances [650, 651], for which correlations in the magnetic field have been
measured between the LIGO and Virgo sites [652-656]. Predictions indicate that these
could impact the low frequency region of the search for an isotropic gravitational wave
background when LVK reaches its design sensitivity [656]. Recent work also reported on
correlated magnetic glitches which are predicted to significantly couple to LIGO-Virgo at
their A4+/AdV+ design sensitivities [656]. The effect of these correlations in magnetic field
fluctuations has also been investigated for ET. In the case in which ET has a similar magnetic
coupling function compared to second generation GW interferometric detectors such as LIGO
and Virgo, it is predicted that correlated magnetic noise will dominate ET’s ASD below 15 Hz
and by up to several orders of magnitude for the lowest frequencies [649]. The projected
impact of correlated magnetic noise remains of similar levels regardless of the choice of a
triangular or 2L configuration. Due to the higher sensitivity to correlated noise in the case
of the search for a stochastic gravitational wave background, such searches will be more
sensitive to these correlated magnetic field fluctuations by about a factor 10 and will be
affected up to ~ 30Hz [649]. Furthermore, lightning strikes would produce about O(10°)
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correlated glitches per week for a third generation detector such as the ET [656], that is,
on average about one correlated glitch every six seconds; however, these are expected to be
somewhat clustered in time based on lightning activity.

Due to ET’s triangular configuration there is potential for additional noise couplings,
which do not occur in the 2L configuration, due to the proximity of sensitive detector parts
of different interferometers. One such example is the effect of Newtonian Noise (NN)'% due
to correlations in the seismic noise on distance scales of several hundreds of meters [658, 659].
This noise source is expected to have a limited effect on ET’s ASD. However, it is projected
to dominate ET’s low frequency sensitivity up to 20 Hz—40 Hz for the search for a stochastic
gravitational wave background, by many orders of magnitude [658, 659], see the discussion in
section 3.1.5.2 and figure 23. In case of such a scenario one could consider only to analyse data
starting from 15 Hz—20 Hz for the analysis of a gravitational wave background to eliminate or
reduce the effect from correlated NN, as shown in figure 23. However, as shown in section 3.1.6,
if is it possible to model accurately the noise, a Bayesian analysis can allow to reconstruct
the GW signal also at lower frequencies. Signals with steeper power-laws such as a = 3
would experience no effect as their key resolvability comes from frequencies which are not
affected by the low frequency noise correlations.

Correlated noise can also have an impact on parameter estimation [4903]. Akin to
a network of witness sensors measuring the same physical phenomenon, correlated noise
enhances the collective information about the noise processes, thereby reducing the spread of
the network likelihood. However, the propagation of this reduced spread to the precision of
PE is not trivial and depends on several critical factors, such as the specific structure of the
signal gradient. By decomposing the triangular ET observational space into the principal
coordinate system [4748], consisting of a 1-dimensional null space and a 2-dimensional signal
space (commonly referred to as the T, A and E channels in the LISA community [4904]), it
is observed that the effect of correlated noise varies with the sign of the correlation coefficient
between the E1, E2 and E3 detectors [4903]. Specifically, for positive correlation coefficients,
the signal space shrinks, resulting in an increase in the SNR compared to the case without
correlated noise. Conversely, for negative correlation coefficients, the signal space expands,
leading to a reduction in the SNR. Additionally, the impact on the null space must be
considered, as an increase or decrease of the noise variance in the null space due to positive
or negative correlations, respectively, may indicate a diminished or improved capability to
estimate the noise through the null stream. The sign of the correlations, whether positive or
negative, is highly uncertain as it depends on the relative orientation of the detectors and
the specific sources of correlated noise. However, due to the triangular geometry, negative
correlations may be more common.

Ref. [4903] showed that in cases of high positive correlations across the entire frequency
band, neglecting correlated noise in E'T can lead to failures in reconstructing signals that would
otherwise be resolvable. Similarly, ignoring negative correlations can lead to an overconfident
reconstruction of the posterior distribution, introducing bias into the results. Therefore (for
such high values of the noise correlation) accounting for correlated noise becomes important

106NN is a force directly exerted on GW test-masses caused by density fluctuations in the surrounding
medium.
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for parameter estimation analysis at low frequencies. This can be achieved by incorporating
the estimated CSDs of different detectors directly into the likelihood. In particular, the CSDs
can be estimated by cross-correlating the data streams from different detectors, using long
data stretches and applying the median method to mitigate the impact of confusion noise.

11.7 Simulations and Mock Data Challenges

ET will have the potential to detect a large number and a large variety of sources, but at the
same time, as we have discussed above, new challenges will appear, such as long duration
waveforms or overlapping sources. The purpose of mock data challenges (MDCs) is to produce
simulated data that will be used to develop, test and optimize data analysis and parameter
estimation techniques and understand the science potential of ET, and also understand the
requirements for computing infrastructure.

11.7.1 Description of the first MDC

The end product of the MDCs are the time series of the detector outputs, arising both from
the instrumental (or environmental) noise and the GW signal (see figure 204)

The first ET MDC was generated with a simulation code available on the ET gitlab.'0”
It consists of one month of data split into 1300 segments of length 2048s with a sampling
rate of 8192 Hz. The procedure to generate the simulated data is mostly the same as the
one used for the previous ET MDC in 2012-2014 and described in detail in [529]. The main
steps are briefly summarized below.

Simulation of the Noise. We consider ET in its triangle configuration, which consists of
three independent detectors (each made of two interferometers, see footnote 10 on page 53 or
footnote 100 on page 546) with 60 degree opening angles and arms of length 10 km, placed
underground to reduce the influence of seismic noise. Assuming that there is therefore no
instrumental or environmental correlated noise, the noise was simulated independently for each
of the three ET detectors E1, E2 and E3, by generating Gaussian frequency series with a mean

108 These frequency series were then colored with the noise PSD,

of zero and unit variance.
and inverse Fourier transformed to the time domain. The code generates sequential segments

with a stride from one segment to the next, so that the data are continuous over segments.

Stmulation of the GW signal. The signal contains the gravitational waves from a cosmological
population of compact binary coalescences, including binary neutron stars (BNSs), binary
black holes (BBHs) and systems of one neutron star and one black hole (BHNSs). The masses,
spins and redshift are provided by population synthesis catalogs [1603] for BNS and BHNSs,
and [338, 1543] for BBHs, and are the same population described in section 3 of [16]. To
generate a population of compact binaries, we proceeded as follow for each source:

e Assuming a Poisson process, the time from the previous coalescence was drawn from
an exponential distribution P(7) = exp(—7/A), where A = 38 s is the average time

WO7https://gitlab.et-gw.eu/osb/divi0/mdc-generation.

108 A5 discussed in section 11.6.2, the assumption that there is no correlated noise may not be realistic,
especially at low frequency, as the three ET detectors are nearly co-located. A more careful study of the effect
of environmental noise will be included in future ET mock data and science challenges.
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Figure 204. Top: Time series of one data segment of length 2048s at a sampling rate of 8192 Hz.
The noise realization is in blue and the gravitational-wave signal from compact binary coalescences in
black. Bottom: Same as above with the GW signal only, with in blue the signal from BNSs, in green
from BHNSs and in red from BBHs.
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interval between successive events (see [2448]), directly calculated from the catalog as
the inverse of the ratio between the number of events and the duration of the catalog.

o We then selected the type of the binary using the proportion 87% of BNSs, 3% of BHNS
and 10% of BBH also provided by the catalogs and drew randomly a source with its

masses, spins, distance and redshift from the corresponding catalog. In total the one
month dataset contains 59540 BNSs, 6578 BBHs and 1977 BHNSs.

o For BNS systems we calculated the tidal parameters of the two neutron stars from their
mass given a single equation of state.

¢ The inclination was drawn assuming a isotropic distribution, the polarization angle and
the phase at coalescence were drawn assuming a uniform distribution.

¢ The position in the sky was drawn assuming an isotropic distribution.

e The two polarizations hy and hy, the antenna pattern functions of the three ET
detectors Fi and F! (j = 1,2,3) were calculated, and then the responses hi(t) =
F_{(t)lu (t) + FL(t)hy (t) were added to the time series of E1, E2 and E3. In these
simulations, we have used the waveforms IMRPhenomPv2 with tidal effects (NRTidalv2)
and no spins for BNSs, and IMRPhenomXPHM with higher modes for both BBHs and
BHNSs.

The GW background. The combined energy density of the signal from all the sources at
all redshift and in all directions, usually referred to as the background or the stochastic
background, can be calculated from the list of sources present in the data using the formula
given in [2448]:

1 E 1 dEg
QGW(f)_CT)cT,;W d; (6%, f5) (11.14)

where p. = 3HZc?/(87G) is the critical energy density required to close the Universe, and
Hj is the Hubble constant. The corresponding expressions for BBH, BNS and NSBH are
shown in figure 205.

11.8 Challenges

The first ET MDC is divided into a beginner and a more expert challenge. The beginner
challenge consists of the recovery of the six highest signal-to-noise ratio signals for which
the time window is given. For this challenge a tutorial is provided to help retrieve the data,
calculate the PSD or plot the time series. For the expert challenge we ask the participants
to run parameter estimation on the largest SNR signals, but also analyse very long BNS
or separate overlapping signals.

11.9 Synergies in data analysis developments

With the advent of 3G detectors, including ET, there will be access to unprecedented precision
of fundamental properties of our Universe. To be able to robustly assess these properties,
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Figure 205. Gravitational energy density from the sources in our one month dataset.

efficient and feasible methods of data analysis will be of paramount importance. We note
below some notable aspects of data analysis to be developed, that will benefit from synergies
with research directions presented in previous sections of this work.

o Synergies with Fundamental Physics (section 2). Precision science with ET will require
efficient as well as reliable methods of detection and parameter estimation for loud
signals. Testing a theory of gravity or probing an equation-of-state of dense nuclear
matter introduces additional parameters into the GW data analysis problem. As signals
become longer and louder, incorporating these extra parameters will require more
refined data analysis methodologies, directly linking advances in fundamental physics
to the development of efficient and robust data analysis techniques.

o Synergies of ET with other GW observatories (section 6). In addition to observing
CBC signals already in the band of current detectors for much longer durations during
the ET era, we will likely detect sources like intermediate-mass black holes (IMBHs),
completing the spectrum of CBC GW signals. Furthermore, with pulsar timing arrays
(PTAs) already detecting potential signatures of a gravitational wave background from
supermassive black hole binaries and the space-based LISA coming online in about
a decade, we will be exploring the full GW spectrum from all sources. To maximise
the scientific return, data analysis methods developed for other detectors (particularly
LISA) could be highly relevant to ET, and vice versa. The synergy between different
observatories will require the development of joint analysis frameworks to analyse the
full spectrum of observations. This will enable us to gain deeper insights into the
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populations of sources, but it will also necessitate extensions of the data analysis tools
to handle the combined data from multiple detectors efficiently and robustly.

o Synergies with developments of waveforms (section 9). Most of CBC analyses is
done in a modeled framework, making accurate CBC waveforms vital for inferring
parameters. As seen in eq. (11.8), the waveform model is directly related to computing
the likelihood which is at the heart of Bayesian data analysis. As mentioned in
section 11.5, waveform acceleration techniques like constructing ROQs will directly
affect accelerating likelihood computations. Adding more physical effects like tides, or
higher-order-modes or eccentricity increases the parameter space and makes analyses
more computationally demanding. In the ET era, it is likely that optimsation of CBC
waveforms will be of paramount importance in addition to optimising data analysis
methods. While GW detectors have mostly focused on CBC sources and most resources
have been spent on developing and refining data analysis for well modeled sources,
further development may be necessary for other sources of GWs.

e Synergy with the development of tools for assessing the scientific potentials of detector
configurations. In section 10 we have presented recent development of standardised
tools for GW data analysis, including methods like Fisher matrices, which provide
rapid estimates of parameter constraints and sensitivities. These tools are especially
useful in the early stages of data analysis, where quick, approximate insights are needed
to assess signal detectability or to guide more detailed analysis. While Fisher-based
methods offer valuable projections, particularly with the projected sensitivities of the
ET, they may not fully capture the complexity of real data, such as the effects of
glitches, multimodalities, or correlations between parameters. For this reason, there is a
crucial synergy with Bayesian inference techniques, which are more robust in handling
the detailed structure of the data and addressing challenges that arise from specific
waveform models and detector noise. Combining the strengths of both approaches —
quick estimates from Fisher matrices and deeper insights from Bayesian analysis — will
be key in developing comprehensive data analysis frameworks for ET.

11.10 Conclusion

Data analyses methods on CBCs, specifically sources targeted by current ground-based
detectors, have proven to be effective for detecting and characterising sources in current
detectors. However, to fully prepare for ET, we need to develop and test analyses tailored
towards non-CBC sources as well as sources not in the band of current ground-based detectors.
For the next MDC we will be extending our dataset in various directions and develop analyses
to tackle the following problems:

o variety of network configurations, the triangle but also 2 L-shaped detectors in Sardinia
and the Netherlands, with different orientations (aligned and 45 degrees) and different
sizes (10/15/20km) [16] (see also [337, 1231, 1713, 2901] for further follow-up studies).
To study the effect of network configurations on the estimates of parameters, we will
keep the simulated population the same for each specific network.
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e Include transient noise effects, or glitches. While there are ways of simulating blip
glitches [4788], they have been trained on real data from current detectors. Even if it
is natural to assume similar shapes also for the ET data, there could be new kinds of
glitches whose effects remain to be seen. For the design of a triangular ET, noise in
the 6 interferometers will further be correlated, an additional effect that we need to
consider when simulating the next MDC. While mainly studied for the space-based
detector LISA, data gaps will happen during the long run-times of the interferometers
of ET. This may potentially impact parameter estimation of long duration signals like
BNSs if present during such a gap event.

¢ Include other types of sources, e.g., eccentric binaries, population III binaries, primordial
BBHs, IMBHs, bursts, continuous waves and cosmological backgrounds. The detection
and characterisation of non-CBC sources as well as signals from non envisaged and
possible exotic sources will likely require development of morphology-independent
methods.

e mnon isotropic model of sky distribution for source populations.

Finally, in addition to refinement of data analysis techniques, for example through machine
learning, hardware development will be equally important for efficient and robust data analysis.
It is likely that detection and parameter estimation of most CBC signals will provide reliable
results with existing methods; however, as signal numbers and durations increase, the demand
for computational resources will grow significantly, necessitating parallel advancements in
hardware development to ensure efficient data processing at the scale required by third-
generation detectors. Such hardware advancements include GPUs, Field-Programmable Gate
Arrays (FPGAs), advancement and use of quantum computing, and finally need for efficient
data-transfer as well as storage of massive volumes of data.

11.11 Executive summary

ET will significantly enhance our ability to detect a wide range of GW signals. Its sensitivity
and frequency range will allow the observation of compact binary mergers at cosmological
distances, stochastic backgrounds, and other exotic sources. In fact a GW signal detected
at high redshifts could point to sources of primordial origin. However, the increasing
detector bandwidths and the precision that instrumental advancements will introduce bring
in substantial challenges for data analysis and parameter estimation of GW signals. Increased
frequency bandwidth and sensitivity will lead to increased signal duration, e.g. ~ hours for a
low mass binary neutron star (BNS) signals. Additionally this will lead signals to overlap
in time and frequency. Furthermore, noise properties may change while the signal is being
observed. All this leads us to believe that existing data-analysis methods for analysing GW
signals will need to be much faster, or automated, and approximations for signal analysis
will need to be modified.
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Key Challenges

e Long-Duration Signals: ET’s low-frequency sensitivity extends the duration of
signals in its band. For example, binary neutron star signals may persist for
hours, increasing computational demands for matched filtering and waveform
modeling. Additionally, Earth’s motion modulates the signal, complicating sky
localisation and template bank design.

e Overlapping Signals: The high detection rate in ET will lead to frequent overlap-
ping signals in the data. Traditional single-signal models may introduce biases,
particularly for closely timed or comparable signal amplitudes. New methods to
separate and analyze overlapping signals simultaneously are crucial.

o Noise Background Estimation: The dominance of GW signals complicates noise
characterisation, as there will be minimal signal-free data segments. Traditional
noise estimation techniques may overestimate the background. For a triangular
configuration for ET, the signal-free null stream can be leveraged to produce
correct background estimation.

J

Innovative Methods and Tools

o Machine Learning Applications: Machine learning (ML) methods are emerging

as essential tools for ET data analysis. ML-based approaches promise to improve
efficiency and scalability for ET’s unique data analysis challenges. Applications
include:

— Noise characterisation and glitch classification.
— Real-time detection of GW signals.

— Parameter estimation using simulation-based inference and normalizing

flows.

e Advanced Signal Detection Techniques: Traditional matched-filtering remains
effective for compact binary coalescences (CBCs), but adaptations are needed
for ET’s longer signal durations and overlapping events. Techniques like relative
binning and semi-coherent searches optimize computational resources while

maintaining sensitivity.

o Parameter Estimation: Parameter estimation in the ET era must account for long
signals, high signal-to-noise ratios, and overlapping events. Bayesian methods,
accelerated using reduced-order quadratures and ML-based inference, are being
developed to handle these challenges efficiently. Novel approaches like hierarchical
subtraction and joint likelihood analysis are also being explored for overlapping
signals.

— Null Stream Utilisation: For a triangular geometry it is possible to exploit
the null stream, which cancels GW signals to provide noise-only data,
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providing a powerful tool for noise estimation and improving the reliability
of detection and parameter inference. Additionally the null stream will let
us uniquely characterise and eliminate noise artifacts like glitches to ensure
robust parameter estimation.

— Correlated noise: In ET, correlated noise acts like a network of sensors,
improving noise characterisation and potentially refining parameter esti-
mation when incorporated into likelihood calculations. Depending on the
correlation sign, it can either enhance signal loudness (positive correlations)
or reduce SNR (negative correlations), affecting detectability. In ET’s trian-
gular configuration, negative correlations may be more common, leading to
potential biases if not properly modelled. Additionally, correlated magnetic
noise and Newtonian Noise (NN) from seismic fluctuations will dominate
ET’s low-frequency spectrum (20-40 Hz), significantly impacting stochastic
background searches. The higher rate of correlated glitches also complicates
data analysis. While offering benefits for noise modeling, correlated noise
introduces low-frequency contamination and must be carefully accounted
for to avoid biases.

o Simulations and Mock Data Challenges: Mock data challenges (MDCs) play
a critical role in testing and validating data analysis pipelines. They provide
standardized datasets to benchmark algorithms, evaluate computational require-
ments, and predict ET’s performance in real-world scenarios. Incorporating
realistic noise and signal properties will be key to ensuring readiness for ET
operations.

J

The Einstein Telescope will open new frontiers in GW astronomy, but it demands a
paradigm shift in data analysis methodologies. Addressing challenges such as long signal
durations, overlapping events, and noise characterization will require innovative techniques,
including machine learning and null stream utilization. Continued development and testing
through simulations will be essential for maximizing ET’s scientific potential.
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13 List of Acronyms

Acronym Meaning
11 HUGS 11 Mpc Ha UV Galaxy Survey

2G Second Generation

3G Third Generation

AGB Asymptotic Giant Branch

AGN Active Galactic Nucleus

AGWB Astrophysical Gravitational Wave Background
AIC Accretion-Induced Collapse

ALIGO Advanced LIGO

ALMA Atacama Large Millimeter/submillimeter Array
ALPs Axion-Like Particles

ASASSN All Sky Automated Survey for SuperNovae
ASD Amplitude spectral density

ATLAS Asteroid Terrestrial Impact Last Alert System
AVirgo Advanced Virgo

BAO Baryon Acoustic Oscillation

BBH Binary Black Hole

BBN Big Bang Nucleosynthesis

BGS Bright Galaxy Survey

BH Black Hole

BHNS Black Hole — Neutron Star

BMS Bondi-Metzner-Sachs

BNS Binary Neutron Star

BPL Broken Power Law

BSG Blue Super Giant

BSM Beyond Standard Model

CBC Compact Binary Coalescence

CCSN Core Collapse Supernova

CCSNR Core Collapse Supernovae Rate

CE Cosmic Explorer

CE Common Envelope (when used in the context of stellar evolution)
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Acronym

Meaning

CFS
CGWB
CHE
CMB
CNN
CO-WD
CR
CSD
CSM
CW
DC
dCs
DECIGO
DESI
DM
DNN
DNS
DTD
DW
EC
ECO
ECSN
EFT
EM
EMRI
EOB
EOS
EPTA
ESA
EsGB
ET
FAR
FEW
FIM
FIR
FLRW
FOM
FOPT
FoV
FRIB

Chandrasekhar-Friedman-Schutz
Cosmological Gravitational Wave Background
Chemically Homogeneous Evolution
Cosmic Microwave Background
Convolutional Neural Network
Carbon-Oxygen White Dwarf

Critical Ratio

Cross-power Spectral Density

Circum Stellar Material

Continuous Wave

Direct Collapse

dynamical Chern-Simons

Deci-hertz Interferometer Gravitational wave Observatory
Dark Energy Spectroscopic Instrument
Dark Matter

Deep Neural Network

Double Neutron Star

Delay-Time Distribution

Domain Wall

Electron Capture

Exotic Compact Object

Electron Capture Supernova

Effective Field Theory
Electromagnetic

Extreme Mass-Ratio Inspiral

Effective One-Body

Equation of State

European Pulsar Timing Array
European Space Agency
Einstein-scalar-Gauss-Bonnet

Einstein Telescope

False Alarm Rate

Fast EMRI Waveforms

Fisher Information Matrix

Far Infrared
Friedmann-Lemaitre-Robertson-Walker
Figure of Merit

First-Order Phase Transition

Field of View

Facility for Rare Isotope Beams
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