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Matched filtering is a long-standing technique for the optimal detection of known signals in stationary
Gaussian noise. However, it has known departures from optimality when operating on unknown signals in
real noise and suffers from computational inefficiencies in its pursuit of near-optimality. A compelling
alternative that has emerged in recent years to address this problem is deep learning. Although it has shown
significant promise when applied to the search for gravitational-waves in detector noise, we demonstrate
the existence of a multitude of learning biases that hinder generalization and lead to significant loss in
detection sensitivity. Our work identifies the sources of a set of 11 interconnected biases present in the
supervised learning of the gravitational-wave detection problem and contributes mitigation tactics and
training strategies to concurrently address them. In light of the identified biases, we demonstrate that
existing detection sensitivity metrics are not reliable for machine-learning pipelines and discuss the
trustworthiness of previous results. We use gravitational-wave domain knowledge to build a bespoke
machine-learning-based binary black hole search pipeline called Sage that addresses these biases. Via the
injection study presented in the Machine-Learning Gravitational-Wave Search Challenge, we show that
Sage detects ~11.2% more signals than the benchmark pyCcBC analysis at a false-alarm rate of one per
month in O3a noise. Moreover, we also show that it can detect ~48.29% more signals than the previous
best-performing machine-learning pipeline on the same dataset. We empirically prove that Sage can
(1) effectively handle out-of-distribution noise power spectral densities, (ii) strongly reject non-Gaussian
transient noise artifacts, and (iii) achieve higher detection sensitivities using less data than network
architectures of a similar size. By studying machine-learning biases and conducting empirical inves-
tigations to understand the reasons for performance improvement or degradation, we aim to address the
need for interpretability of machine-learning methods for gravitational-wave science. All code and

implementations are available.
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I. INTRODUCTION

The promise of deep learning in the field of applied data
science has been to develop fast approximation machines
capable of emulating physical principles. Although it has
been successful in seemingly approaching this ideal, it falls
short due to its inability to truly generalize or adapt outside
its training distribution (otherwise called brittleness) [1,2],
being biased [3] and data intensive [4]. We hope that, by
acknowledging the issues with machine-learning (ML), we
can be better informed of their capabilities and, more
importantly, their deficits. While these deficits exist, it is
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possible to mitigate them and produce reliable pipelines via
careful consideration of domain-specific knowledge. In this
paper, we focus on identifying and addressing some of the
biases that prevail in the application of ML to the
gravitational-wave (GW) detection of binary black-hole
(BBH) mergers. Although we focus on the BBH detection
problem and provide explanations from this perspective,
the salient ideas can be extrapolated and adapted to suit
other sources of GWs and domains of GW data analysis.

Matched filtering [5-8] is an optimal linear filter that
maximizes the signal-to-noise ratio (SNR) in additive white
Gaussian noise for a known signal [9]. With careful
considerations for the detection of unknown GW signals
in colored Gaussian noise and non-Gaussian transient noise
artifacts [10], it has aided in the discovery of 90 GW events
as of the third observation run of the advanced GW detector
network [11-20]. To better understand the necessity for
looking at alternate ways of detecting GWs, we first build a
case against matched filtering in Sec. I A. We then highlight
the advantages that an alternate ML-based method has over
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matched filtering in Sec. I B but also consider its current
issues in Sec. IC. We then provide effective mitigation
tactics, in Sec. I, that aim to address these issues con-
currently. To validate our methods, we conduct an injection
study with 1 month of O3a noise from the Hanford (H1) and
Livingston (L.1) detectors (see Sec. III), as described in the
Machine-Learning Gravitational-Wave Search Mock Data
Challenge (MLGWSC-1) [21]. This includes a comparative
investigation of the detection performance of our pipeline,
Sage, with the production-level matched-filtering pipeline,
PyCBC [8,22-24], and previous works in ML-based GW
detection. Finally, we systematically remove important
components of Sage and investigate their contribution to
the overall detection performance, thus justifying our
method choices in Sec. II.

Although investigations into these biases have existed in
the machine-learning literature in some form, we translate it
to the GW detection problem and provide methods to
mitigate them. We show that addressing these biases leads
to a significant boost in detection performance compared to
previous works and argue that the simultaneous mitigation
of these issues is a necessary condition for ML to match
matched filtering. As a consequence, we show that Sage
can detect more signals than matched filtering while
operating on the same parameter space and is capable of
effective glitch mitigation.

A. Matched filtering for GW detection

The definition of an optimal receiver is often muddied
when dealing with real-world data [9], such as for the
detection of unknown GWs in detector noise, making the
matched-filter SNR a nonoptimal detection statistic. We
can deconstruct the major deviations from the optimal
detection scenario into the following: unknown signal
parameters, nonstationary noise, uncertainty in the esti-
mates of noise power spectral density (PSD), and non-
Gaussian noise artifacts. All of these factors contribute to
the departure of matched filtering from Neyman-Pearson
optimality [25-29] to varying degrees [9,10].

Say we have the time series data d = n + h collected
from a GW detector, where n is the combination of all
possible noise sources and / is the sum of the GW response
of the detector. In the case of an unknown signal, the optimal
detection statistic would be obtained by marginalizing the
likelihood ratio A(d|@) over all unknown signal parameters,
0, by integrating A(d|@) over 6. The likelihood ratio will
generally be sharply peaked about its maximum, given that
the log-likelihood ratio is a linear function of the signal
model. Thus, maximizing A(d|6) over 0 is expected to be a
good approximation of the marginalized likelihood ratio, up
to a constant rescaling factor [10]. However, this approxi-
mation is a nonoptimal treatment of the parameter space.

The template bank used for matched filtering over the
multidimensional GW signal parameter space is constructed

such that at least one template in the bank is close enough to
a potential astrophysical signal while not losing more than a
predetermined fraction of the SNR under ideal conditions
[5,6,30]. Although this condition leads to a reasonably sized
template bank for compact binary coalescences (CBC) in the
current detector era, it is well known that template-bank-
based approaches will become too computationally expen-
sive in the future [31,32].

Deviations of the detector noise from independent and
identically distributed (IID) Gaussian noise, in the time
domain, include colored noise, nonstationary noise, and
the presence of non-Gaussian transient instrumental arti-
facts arising from known and unknown sources [33-35].
For a known noise covariance matrix, we can reduce
the problem of detecting a signal in colored noise to the
problem of detecting a signal in colored noise to the
problem of detecting a signal in IID Gaussian noise. In
practice, this is typically performed by whitening the
signal in the frequency domain by estimating the PSD
using the off-source or on-source methods. Both methods
assume that the estimated PSD is exact and that the noise
is stationary and Gaussian. These assumptions do not hold
in either case, but more so for the off-source method, since
it requires a longer duration of data than the on-source
method [36].

The presence of non-Gaussian transient instrumental
artifacts or glitches can induce certain templates to produce
high-SNR outputs, making the matched-filter SNR highly
nonoptimal as a detection statistic [10]. This is currently
mitigated using witness sensors [37], waveform consis-
tency checks [8,22,38,39], and time coincidence tests [40].
However, artifacts of unknown origin that are similar in
time and frequency evolution to GW signals are difficult to
veto out. This is especially true in the case of short-duration
GW signals, where the background might be contaminated
by numerous short-duration transient noise [41]. Although
there exist waveform consistency tests to identify these
types of noise, they are based on assumptions that might
not always hold true and would thereby target only a small
subset of all possible glitches [42]. These assumptions
include modeling short-duration noise transients as sine-
Gaussian, targeting a particular frequency range for dis-
criminative features, and using parameter distributions for
the assumed noise model that may not completely coincide
with the truth [42]. Such assumptions have to be made,
since it is impossible to accurately model noise of unknown
origin or create a waveform consistency test that is reliable
for all future observed glitches. The utmost that we can do
to mitigate the effects of unknown noise on detection
efficiency is to incorporate all prior non-Gaussian noise
data into a generalized waveform consistency test that is
capable of being continually updated. Deep learning is a
promising framework that is capable of handling problems
of this nature.
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B. Machine-learning for GW detection

The subtle but fundamental difference that allows
for the increased efficiency of machine-learning-based
searches when compared to matched filtering is the use of
a nonparametric hypothesis instead of its parametric
counterpart—*is this a GW?” instead of “is this a GW
with parameters 87” A nonparametric approach allows
for a template-free search throughout the considered
parameter space.

Problem setup. The search for GWs, in the context of
supervised machine-learning, can be interpreted as a binary
classification problem between a pure noise and noisy
signal class. Typically, we are given a collection of n
training data pairs, (X;,y;)?_,, where X; is some input data
sample and y; is its corresponding class label. In our case,
the noise class contains detector noise taken from the third
advanced detector observing run (O3) [11]. The signal class
contains simulated GW signals with different realizations
of additive detector noise. The signals are generated by
randomizing on the standard parameter distributions of all
intrinsic and extrinsic GW parameters. We seek an ML
model ® with two primary properties. First, the model
should be able to interpolate the training data such that
®(x;) ~y;. Second, the model should learn a generalized
representation of the training data, such that, when it is
shown an unseen testing data pair (x}, y}), ®(x}) = y,. If the
model has interpolated the training data but does not
generalize, the model is said to have overfit. The output
of the model @ (x}) can be interpreted as a ranking statistic
of the provided input sample x}, and if ®(x}) is normalized
to lie in [0, 1], it can be interpreted as a prediction
probability. During the training or learning phase, the
trainable parameters ® of the model @ is optimized to
minimize a loss function that reduces some distance
measure between ®@(x;) and y; [43].

Machine-learning is a promising alternative to tackle the
detection problem in nonoptimal settings. This is corrobo-
rated by previous machine-learning literature, some of
which are chosen here: [44,45] exhibit the capability of
ML in detecting low-SNR signals, [46] classifies accurately
on highly complex and large datasets, and [47,48] provide
theoretical insights into why ML generalizes well. It has
also been shown that neural networks have the capability to
approach Neyman-Pearson optimality for the noisy signal
detection problem when trained with a sufficient amount of
data on a large enough network under appropriate training
strategies [49,50]. Thus, the ML literature has more than
sufficient evidence for its capability to handle GWs in
detector noise when used appropriately.

The usage of ML for GW detection is strongly sup-
ported, given that GWs from BBH mergers were success-
fully distinguished from noise samples using machine-
learning, as shown in the progenitor works [51,52].
The Neyman-Pearson optimality of these search methods
was later proven in [29]. Although these studies have

demonstrated that they match or surpass matched filtering,
it is albeit under restricted conditions. Under more realistic
conditions, [21] showed that machine-learning achieves at
most &70% of the detection sensitivity when compared to
PyCBC at a false-alarm rate (FAR) of one per month in O3a
noise. AresGW, one of the teams that participated in the
mock data challenge [21], later showed that they were able
to achieve detection sensitivities higher than PyCBC at all
false-alarm rates above one per month [53].] At face value,
achieving a higher sensitive distance, as defined in [21],
than PyCBC suggests that machine-learning has surpassed
matched filtering at the GW detection problem. In the next
section, we will argue against this statement and discuss the
necessary conditions that need to be satisfied for ML to
match matched filtering in detection performance.

C. Acknowledging potential problems
of machine-learning models

In this section, we discuss a comprehensive set of issues
that systematically bias ML models to disproportionately
favor the learning of certain parts of the input parameter
space more than others. Say we have two GW signals with
parameters € and € in some noise realization. There is a
maximum amount of information that can be extracted
from these noisy signals, for the purpose of classification.
The supervised training of an ML model on these noisy
signals is not guaranteed to extract the maximum possible
information for every possible GW signal. If the amount of
information learned from a GW signal with parameters 0
differs from that learned from a signal with parameters &',
then the ML model is said to exhibit a learning bias. In this
section, we identify and describe several possible sources
of bias that could affect the effective learning of the GW
parameter space.

It is important to note that the issues discussed in this
section correspond to ML models trained using a super-
vised approach on a labeled dataset, as typically seen in
previous works [21,29,51-53,55,56]. These issues have
generally been well documented in the machine-learning
literature but have not become standard in the context of
GW detection using ML. A subset of the following issues
were discussed in [57], where they show different modes of
failure for ML that hinder detection performance. In this
work, we try to provide a more comprehensive set of issues
and investigate effective mitigation strategies that should
serve as a guide to developing better ML pipelines.

1. Definitions

Let us consider the inner product (.I.) [58] between two
real functions @ and b expressed in the frequency domain as

'The AresGW pipeline was later enhanced in [54]. We discuss
more about this in Sec. III B. Any mention of AresGW through-
out this paper refers to [53], and the term enhanced-AresGW
refers to [54].
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(alb) =2 A = a(f)b*(f)S (+f )Fz*(f)b<f)

af, (1)

where S(f) is the one-sided power spectral density and
represents the complex conjugate operation. The optimal
SNR is defined as the square root of the norm of A:

oim =4 [“E D ar @

where h 1is the Fourier-transformed waveform. The
matched-filter SNR p is defined as

_ (s]n)
p= i (3)

where s is the Fourier-transformed detector data. The term
integrated SNR is used interchangeably with the matched-
filter SNR within the text.

Inductive bias. Almost all learning biases can be directly
or indirectly related to inductive bias. Inductive bias is the
biased preference in machine-learning models to constrain
the hypothesis space, given the training data. A simple
example is the difference between a 100th order poly-
nomial fit and a 100-parameter neural network trying to fit
discrete data points generated by a fifth-order polynomial.
The polynomial fit will have large errors, but the over-
parametrized neural network is capable of fitting the
relatively simple function easily. This is due to the innate
bias of ML models toward learning simpler functions and
hypothesis [59,60]. The architecture of the model can be
altered to point the inductive bias toward the correct
hypotheses using domain knowledge. For example, the
detection problem of a set of objects in an image should not
depend on the order or arrangement of the objects in that
image, so one can use a 2D permutation-invariant archi-
tecture that treats all arrangements equally [61]. Unwanted
learning biases typically arise from a lack of or improper
use of inductive bias.

2. Biases in the training data

Bias due to insufficient information. Insufficient infor-
mation can be interpreted in a multitude of ways. Say we
generate a training dataset using some chirp mass distri-
bution for our ML model. This will determine the chirp
times (also referred to as signal duration and defined as the
time spent within the detection band prior to the merger) of
the signals up to the first order, with lower chirp masses
generating signals with longer chirp times. We define
the chirp time as a function of the signal low-frequency
cutoff f; as

t0(f)) = t. = 5(8nf)) P M, (4)

3

(mlmz)g] is
(my+my)3
the chirp mass [58]. The length of the samples used for the
training dataset must be long enough to contain most of the
integrated SNR of all possible signal durations dictated by
the chirp mass distribution. Using an insufficient sample
length leads to reduced integrated SNR for signals that
are longer than that sample length in the training dataset.
This biases the ML model, proportionate to the amount of
lost SNR, against low chirp mass signals. Some previous
works, such as the ML pipelines in MLGWSC-1 [21],
AresGW [53], and Aframe [56], are affected by this bias.
This bias negates the need for the ML model to learn
discriminative features from lower chirp mass signals and
narrows the operating parameter space. This situation is
similar to running a matched-filter search on a narrower
parameter space. Assuming Gaussian noise, the false-alarm
threshold on a detection statistic at a given false-alarm rate
will be lowered compared to a matched-filter search on the
full parameter space. This allows AresGW to discover more
high chirp mass signals than PyCBC that is running on the
entire parameter space, at a given FAR, in the mock data
challenge dataset [53].

Other examples include using an insufficient sampling
frequency to represent merger and ringdown or using a
filter to discard important discriminative features present in
non-Gaussian noise transients. Although removing glitch
features might seem intuitively correct, we found that
keeping them within the training dataset aided in rejecting
unseen glitches and allowed the ML model to be more
confident in separating noise from signals. We will explore
this further in Sec. III A 4.

Bias due to class overlap. The boundary between a
detectable GW and pure noise is soft and broad. In the
context of generating a set of noisy signals for the training
data, we have freedom over the choice of optimal SNR.
When injected into arbitrary samples of detector noise, the
resulting distribution of matched-filter SNR will have an
innate variance around the optimal SNR. Moreover, in non-
Gaussian noise, the matched-filter SNR threshold above
which a trigger can be considered an event at a reasonable
FAR is not well defined and can vary within the parameter
space. Our choice of training data GW parameter distri-
butions, alongside the considered detector noise realization,
dictates the extent of overlap between the signal and noise
classes. This bias also ties back to the bias due to
insufficient information—all signals with an integrated
SNR lower than the minimum SNR threshold are essen-
tially noise and are, thus, wrongly labeled. Wrong or noisy
labeling in the class overlap problem is associated with
brittle generalization [62,63].

Bias due to imbalance between classes. Supervised
machine-learning is known to learn the distribution of
the data, including any innate biases between classes,
regardless of the relative importance of each sample [3].

where 7, is the time of coalescence and M, =
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Counteracting the noise dominance of the training dataset
by using more samples in the signal class compared to the
noise class has been seen in previous works [57,64].
Introducing a bias toward the signal class will lead to
worse noise rejection capabilities at lower FARs. Since
reducing the loss function amounts only to placing more
samples closer to their corresponding class label, the
imbalance leads to an increase in false positives for the
sake of increasing true positives. The joint effect of class
overlap and imbalance is still poorly understood, but it is
widely agreed that both phenomena impede unbiased
model learning.

Bias due to lack of variation. Variation within the signal
class is defined by the changes in morphology produced by
differences in the intrinsic and extrinsic GW parameters.
It is typical in supervised learning settings to generate a
limited training dataset and to augment the samples to
introduce more variation. This is required across dimen-
sions in the parameter space, along which the classifier
cannot interpolate trivially. The inability to interpolate
trivially is defined as the inability of the model to
comprehend a continuous transformation space from the
given finite set of discrete transformed instances. It is
difficult to determine the number of discrete transforma-
tions or its bounds in the continuous space, required for a
given model to understand the overall transformation. This
will vary depending on the GW parameter in question. For
example, although a simple scaling transformation as seen
in SNR can be understood easily with a relatively small
number of discrete SNR instances within a sufficient upper
and lower bound, the same might not be true for chirp mass
or mass ratio, which require more complex transformations.

Similarly, for the noise class, variation amounts to
different estimated PSDs, different noise realizations,
and the presence of distinct glitches. Assuming that we
use real detector noise for the training dataset, it is safe to
make some assumptions. First, the different noise realiza-
tions are uncorrelated. Second, the different instances
within a glitch type are not reliably present within a
continuous transformation space. One of the easiest ways
to perform good noise rejection is to provide the model
with more training data. However, due to limitations in the
amount of available detector noise, there is a possibility for
the network to become biased toward the available data.

Bias due to limited sample representation. The choice of
the training distribution on intrinsic and extrinsic GW
parameters is one of the primary sources of biased learning.
Say we sample uniform in the (m,m,) = U[7,50]Mg
space subject to the constraint m; > m,, where m; and m,
are the binary source masses. Although this is a very
common choice and a uniform sampling for (m,, m,) might
seem akin to an unbiased representation, evidence of the
contrary can be appreciated by considering the associated
chirp time 7. Figure 1 shows lines of constant 7, in the
(my,my) space. ~25.1% of the samples are above a

50
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FIG. 1. Diagram showing the boundaries of the (m, m,) space
colored by chirp mass M.. The solid lines show curves of
constant chirp time calculated using Eq. (4).

duration of 2 s, %4.6% above 4 s and only ~0.22% above
8 s. Given that the longest 7, obtained via Eq. (4) for this
parameter space, should be around 11 s, a training dataset
built in this framework will lead to heavily biased learning
against longer 7. Using an input sample length that is
longer than the longest-duration signal (addressing bias due
to insufficient information) is not solely sufficient to claim
to have built a model that is operating equally on the full
parameter space. This bias can also be related to the bias
due to lack of sufficient variation in the 7, dimension.
A change in 7, with all other parameters fixed, is a linear
time dilation or contraction transformation. Even if we had
a distribution that is uniform on 7, the difficulty of learning
different signal durations is directly proportional to 7, (see
bias due to sample difficulty), meaning uniform on 7 is still
not sufficient to be unbiased.

Previous works like [21,54,56] acknowledged the exist-
ence of this bias for chirp mass due to lower detection
sensitivities observed for low chirp mass signals.

Bias due to limited feature representation. A feature is
defined as an individual measurable property or attribute of
data in ML and pattern recognition according to [65]. In our
problem, this can include frequency, amplitude, and phase
evolution profiles of GWs, properties of noise PSDs and
glitches, possible correlations between detector data in a
coherent search, or a lack of discriminative features in
white Gaussian noise.

Say we choose a parameter distribution for the training
dataset that is uniform on z;. We could define a feature in
the frequency evolution profile of the GWs to be the
instantaneous frequency and SNR pair along this profile.
The instantaneous SNR of BBH chirps will typically be
higher at higher frequencies till merger. The ML model
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could, thus, disproportionately place a lower weight toward
learning early inspiral features.

Similarly, with detector noise, there could be realizations
of PSD and glitches, with outlier features that are under-
represented in the training data. A lower weight toward
learning these realizations would lead to the model not
being able to confidently reject similar realizations of noise
in the unseen testing dataset, leading to worse performance
at lower FARs.

Bias due to train-test mismatch. The typical desire in
machine-learning is consistency between training and
testing feature distributions, and a mismatch might lead
to degraded generalization and overly optimistic measures
of performance during training [66]. In the context of GW
detection, this is particularly important, as models trained
on idealized injections may underperform when exposed to
real detector noise with unmodeled nonstationarities.

3. Biases in the learning model

Bias due to sample difficulty. Not all samples are equally
learnable for a given ML model if the proper inductive
biases are not incorporated into its architecture [67].
Learning long-term dependencies has been a persistent
issue in ML [68], and many architectural advances have
been made to tackle it [69—71]. Solving this issue hinges on
two factors: the largest region of the input sample that the
model can use to create a feature, also known as the
maximum effective receptive field [72], and the ability to
treat dependencies over different distances (near-)equally.
For our problem, both factors depend on proper inductive
biases of the architecture, and the former also depends on
the maximum extent to which the input can be compressed.
If the receptive field is not large enough to handle the
longest possible signal in the input data, providing the
model with 100% of the SNR (addressing bias due to
insufficient information) is not sufficient to ensure unbiased
learning. Since standard ML architectures must be deeper
and take longer to learn long-term dependencies [72] and
this is the hallmark of example difficulty for a given
architecture according to [67], we can conclude that longer
signals are more difficult to learn. Even with a sufficient
receptive field and 100% of the SNR, a standard archi-
tecture will be biased against longer-duration signals due to
relative example difficulty.

Spectral bias. Work on spectral bias [73,74] has shown
that neural networks are biased toward learning lower-
frequency features first, and their generalization capability
degrades with an increase in the frequency content of the
features. In the context of GW chirps, this amounts to
generalizing differently to different GW frequency profiles
and even parts of a given chirp signal. The bias due to the
skewed concentration of integrated SNR toward higher
frequencies will amalgamate with spectral bias and result
in some uncertain learning dynamics. With regard to
detector noise, neural networks should be more prone to

higher-frequency noise than lower-frequency. Models may
struggle to consistently differentiate between sharp glitch
features and the late inspiral or merger phases of true GW
signals, potentially leading to degraded detection sensitiv-
ity or misclassification in these regions.

4. Experimenter bias

Bias due to disproportionate evaluation. The mock
data challenge, MLGWSC-1 [21], describes the sensitive

volume as
V(dmax) S Mc,i 52 5
NI Z (Mc.max> ’ ( )

i=1

V(F) ~

where V(d. ) is the volume enclosed within a radius d,,,,
F is the FAR, d,,, is the maximum luminosity distance of
all injected sources, N; is the number of simulated signals
present in the data, N; r is the number of found signals at a
given FAR, and M. is the chirp mass. The sensitive volume
metric is evaluated at the required false-alarm rates, and the
sensitive distance is defined as (3 x V(F)/4x)'/3. The
metric places an increased weighting to higher chirp mass
detections given by (M, ;/ M, n)>/* on each detection
indexed by i. An ML model that is biased against low chirp
mass signals and operating on a subset of the parameter
space considered by matched filtering will find more high
chirp mass signals comparatively at a given FAR. Given the
imbalanced chirp mass weighting, the biased model will
achieve a higher sensitive distance but detect a lower
number of signals overall compared to matched filtering
at all FARs.

Bias due to train-test overlap. Train-test overlap is
measured as the extent to which the testing data features
are present in the training data. Significant overlap will lead
to overly optimistic evaluation results and will not reflect
the true generalization performance of the model on
unseen data.

For the signal class, the features are defined in a
continuous parameter space with well-defined bounds
given by the chosen training distributions, which are
expected to be the same between the training and testing
datasets. In this case, we seek an ML model that inter-
polates the training data. Detrimental overlap for the signal
class amounts to having signals produced using the same
combination of GW parameters in both datasets. Signs of
model overfitting will be masked due to this overlap.
However, approximate overlap, where the parameters are
similar but not the same (from the same distribution), will
always exist between the datasets and is not detrimental.

For the noise class, no well-defined definition exists for
the features, and there is often a mismatch between training
and testing datasets. In this case, we seek an ML model that
extrapolates the training data. Detrimental overlap for the
noise class amounts to using the same realizations of noise
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PSD or glitches in both datasets. Using a testing dataset that
does not have appropriate out-of-distribution (OOD) noise
realizations is detrimental, as it does not reflect the model’s
extrapolation capabilities.

D. Key contributions to the field

Identified sources of learning bias. We provide explan-
ations for several sources of ML learning bias for the BBH
GW detection problem. However, they are general enough
to be easily extrapolated to other domains of GW data
analysis.

Provided bias mitigation tactics. In Sec. II, we will
provide translatable mitigation tactics and training strate-
gies to concurrently address almost all the aforementioned
biases.

Improvements to detection performance. In Sec. Il A,
we evaluate our pipeline on the injection study presented in
MLGWSC-1 and show that our detection pipeline, Sage, is
capable of detecting ~11.2% and ~48.29% more signals
than the PyCBC submission in [21] and the AresGW
results in [53], at an FAR of one per month in O3a noise.

Negating the need for PSD estimation. Contrary to
previous ML-based detection pipelines operating on real
detector noise [53,54,56,64], we show that Sage does not
need to use a PSD estimate for whitening any input sample
(see Sec. I E). We use a single approximate PSD instead
for all samples. The primary benefit of this feature is not
that it reduces computational cost during data preprocess-
ing, but the idea of having “less moving parts” in a low-
latency search setting, thus reducing the maintenance needs
and improving the efficiency of troubleshooting issues.

Mitigating biases might aid in glitch rejection. In
Sec. III A 3, we will obtain all the triggers generated by
Sage and PyCBC during glitch events in one month of O3a
noise and prove that Sage is capable of effectively rejecting
glitches. We also argue about the potential benefits of
mitigating biases for glitch rejection.

0OOD PSDs are good for classification. In Sec. II1 A 4,
we will show that using a broader range of noise PSDs for
the training data, which could even be OOD to the testing
dataset, greatly aids in detection performance.

Glitches make classification easier. We show in
Sec. III A4 that models trained with real detector noise
produce more confident classifiers than models trained with
simulated colored Gaussian noise.

Parameter efficiency via inductive biases. Via an abla-
tion study (see Sec. III C), we show that a model that is
larger than Sage in terms of number of trainable parameters
is not able to achieve nearly the same detection sensitivity
as Sage, if it does not have the proper inductive biases.

II. METHODS

In this section, we elaborate on our Sage pipeline, which
enables the detection of GWs at an efficiency that rivals the

production-level search algorithm PyCBC in real detector
noise. We provide effective mitigation tactics and training
strategies that aid in mitigating the biases mentioned in
Sec. I C concurrently. Mechanisms that are requisite for
full reproducibility are explained in detail. All code and
implementations are available [75].

Figure 2 shows a flowchart of the entire methodology for
Sage. The following sections have been arranged in the
order of the decision-making process. The entire method-
ology is fine-tuned based on prior knowledge about the
testing dataset.

___________

Signal Generation:
1. Waveform

1

: Common Settings
: approximant

1

1

1

1

' !
1
' N Sample length
2. Signallow 1 : 2. ML optimisation parameters
. 1
frequency cutoff : :
h |

3. Sample rate
\ P \

__________

Select prior
probability
distributions for GW
parameters

3. ML training strategy
4. Training device

S ————

~

Choose a random start time for )

H1 and L1 from available noise
segments

! |

' N X N
Retrieve Retrieve
noise data noise data

Set 15 intrinsic and
extrinsic GW
parameters

. J

Generate GW Generate GW
for H1 for L1

L for H1 forL1 )
I J—  —
Optionally Optionally
Rescale the optimal network SNR recolour with recolour with
\_different PSD different PSDJ
 e<p—

Multirate Sampling
[ Multiscale Multiscale ]

Frontend ] [ Frontend

Backend

Classifier with
Attention

3
[[[ PE point estimate ]

FIG. 2. Flowchart of Sage methodology. The details in the
dotted box are set once per run; the signal generation box is
specific for generating the signal class; the common settings
apply for both the signal and noise class. All boxes with solid
lines are iterated over during the training process.
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TABLEI. Summary of testing dataset GW parameter distributions used for intrinsic and extrinsic GW parameters.
This corresponds to the D4 realistic dataset of the MLGWSC-1 [21].

Notation Parameter Parameter distribution Constraint

my, ny Masses my,my € U(70, SOO)MQ mp; > m;

X Spins x€U(0.0,0.99) Distributed isotropically
l Inclination costeU(-1,1)

@, Coalescence phase @, U(0,2x)

R Polarization ¥, e U(0,2n)

a Right ascension aeU(0,2x)

) Declination sinseU(-1,1)

d. Chirp distance d* e U(130%,350%)Mpc?

A. Testing dataset parameter distributions

Any and all prior knowledge about the testing data is
crucial in determining the GW parameter distributions for
the training dataset, the network architecture, and the
training strategies required for efficient learning.

Testing dataset configuration. A summary of the testing
data parameter distributions used for all GW parameters is
provided in Table I. The signals are generated as described
in the realistic “dataset 4” (D4) of the MLGWSC-1 [21].
We use the IMRPhenomXPHM waveform approximant
[76] that includes the effect of precession and higher-
order modes. All higher-order (/,m) modes available in
IMRPhenomXPHM are included, namely, (2, 2), (2,-2),
(2, 1), (2,-1), (3, 3), (3,-3), (3, 2), (3,-2), (4, 4), and
(4,—4). Signals have a low-frequency cutoff of 20 Hz, and
at least 33% of them should have an optimal network SNR
below the threshold of 4 [21]. Figure 21 in Appendix A
shows the 1D histograms of all relevant intrinsic and
extrinsic parameters of 10° signals, using Table I for the
parameter distributions. A sample in the testing dataset is
defined as the time series data from a two-detector network
(H1 and L1).

PyCBC only uses the fundamental mode and does not
consider spin-induced precession effects in MLGWSC-1
[21]. If we were to include these effects in the training
dataset configuration, gains in detection efficiency com-
pared to PyCBC seen in our evaluation of the testing dataset
could be attributed to this disparity. However, this is
contingent on the detectability of the two effects in the
testing dataset.

Detectability of higher-order modes. The relative power
of higher-order modes is primarily dependent on, and
proportional to, mass ratio (¢ = m;/m,) and total mass
(M). Ignoring spins and the dependency on orientation, the
detectability of higher-order modes relative to the [ = 2,
|m| =2 fundamental mode for an SNR = 20 signal is
provided in [77]. All measures were estimated for a single
LIGO detector with a sensitivity comparable to that
achieved during the third observing run. The parameter
space in Table I dictates that generating a signal with an
optimal network SNR of 10 is in the ~#99th percentile and a

mass ratio of 2 is in the ~65th. Given the statistical
improbability of generating a high-SNR, high mass ratio
signal with sufficient total mass, we can expect negligible
influence due to higher-order modes on the detection
efficiency of our model.

Detectability of precession. The impact of varying
different GW parameters on the detectability of precession
is presented in [78]. They conduct their analyses assuming
02 detector sensitivities for LIGO but show that their
results are unlikely to be affected when considering O3
sensitivities. Their results indicate that the recovered
posterior distribution of precessing spin for a low SNR
(= 10) signal resembles the prior, indicating the non-
informativeness of the noisy data. Moreover, a signal
SNR of 20-30 is shown to be required for a fifth percentile
of the precession SNR distribution to be marginally
detectable. This shows that the testing dataset is unlikely
to have any signals with detectable precession effects.

The noise characteristics, although not analytic in the
same sense as signals, can be summarized using the
behavior of the PSDs and the non-Gaussian transient noise
artifacts. MLGWSC-1 provides approximately 81 days of
coincident real noise for the LIGO Hanford (H1) and LIGO
Livingston (L1) detectors from the O3a observing run [79].
This consists of several noise segments that coincide in
GPS time between H1 and L1 (referred to as time-
correlated hereafter), with a duration of at least 2 h. All
segments are 10 s away from any detection listed in
GWTC-2 [79]. They use coincident noise segments that
span a total of 30 days (day 1 to day 30 inclusive), between
GPS time 1238205077 (2nd of April 2019, 01:50:59) to
1244605921 (15th of June 2019, 03:51:43) to create the
“background” testing dataset. Signals were injected every
24-30 s into the background to form the “foreground”
testing dataset. The parameters of the injected signals and
their times of coalescence within the testing dataset noise
are fixed using the seed provided by MLGWSC-1 for D4.
All noise segments were ensured to have the data flag® and
to not have any of the CBC_CATI, CBC_CAT2,

Definition of the flag provided [80].
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LIGO Hanford
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LIGO Livingston
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Amplitude of estimated strain power as a function of frequency for different segments of O3a noise. We compare the estimated

PSDs in the training (blue and orange curves) and testing (yellow and purple) datasets for the LIGO Hanford and Livingston detectors.
Both plots have an fy,,, of 15 Hz at the noise low-frequency cutoff and an fy;,, of 1024 Hz at the Nyquist limit of the sampling rate. The
solid and dashed black lines show the median PSD of all estimated PSDs in the testing and training dataset, respectively.

CBC_HW_INJ, or BURST_HW_INIJ flags. The noise has
a low-frequency cutoff of 15 Hz and is downsampled to a
sampling rate of 2048 Hz. As a result of choosing noise
segments over a long period of time, the PSD should vary
by a non-negligible amount in the testing dataset. Figure 3
shows estimated PSDs of every 15 s of the 30 days of the
background testing data using the Welch method [81],
alongside the median of all estimated PSDs. Compared to
the median, we see some outlier PSD realizations that are
likely due to transient non-Gaussian noise artifacts but
could also be caused by other known or unknown factors
affecting the detector behavior.

The frequency of non-Gaussian noise artifacts was
obtained by comparing the glitch event times reported in
Gravity Spy [82] to the GPS times of the noise segments
used for testing. A total of 16 531 and 28 739 glitches were
present in the H1 and L1 O3a testing data, respectively. We
can validate the glitch rejection capabilities of Sage
compared to PyCBC using this information. Any conclu-
sions obtained from our analysis are strictly under the
caveat that the evaluation was performed on a limited
testing dataset. We leave an in-depth investigation into the
glitch rejection and PSD handling capabilities of Sage to
the future.

We primarily evaluate Sage on the realistic D4 dataset
described above. However, to experiment on a testing
dataset without glitches and significantly varying noise
PSDs, we also use the “dataset 3” (D3) testing dataset from
the MLGWSC-1. All aspects of the methodology are
tailored to D4, and any changes made to accommodate
D3 will be explicitly mentioned in the relevant sections.

Modifications for D3. This dataset uses the same GW
parameter distributions for generating the signals but uses
30 days of simulated colored Gaussian noise instead of

real O3a noise. The 30 days of noise is split into several
segments that are at least 2 h in length. For a given detector,
each noise segment is colored using one of 20 noise PSDs
estimated from real O3a noise for that detector.’” We use
the seed provided in the challenge paper to produce the
testing dataset for a fair comparison to the D3 results
submitted by PyCBC and ensure that we use a different
seed for training Sage.

B. Training dataset parameter distributions

It is typical and necessary in supervised machine-learning
to choose a feature distribution during training that closely
matches the unseen testing features, for optimal generaliza-
tion. For the most part, we abide by the waveform generation
parameters and testing dataset parameter distributions men-
tioned in Sec. ITA. We will use this section to provide
justification for any deviations. Although we argued in
Sec. II A that neither precession nor higher-order modes
are detectable in the testing dataset, it does not warrant
the usage of a waveform model like IMRPhenomD,
which does not account for those effects, for training.
Although the usage of a more accurate waveform model,
like IMRPhenomPv2 or IMRPhenomXPHM, will take
some unnecessary learning capacity from the model, when
evaluated on the proposed testing dataset, the additional
GW domain knowledge allows the model to more
effectively reject samples from the realistic noise class. In
the interest of preserving computational resources, we use
IMRPhenomPv2, which is less expensive, instead of
IMRPhenomXPHM. In order to facilitate this usage,
it is necessary to employ an SNR distribution that operates

*PSDs provided in the MLGWSC-1 GitHub repository [83].
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in the regime of generating signals where precession is
detectable. We use this necessity as a gateway argument to
further investigate the requirements of the training dataset
parameter distributions.

As mentioned in Secs. IC2 and IT A, using the testing
dataset parameter distributions for training is not a suffi-
cient condition to guarantee that the model learns an
unbiased representation of the required parameter space.
For example, the sample distribution of a given parameter
and the relative sample difficulty within the parameter
bounds will heavily affect the generalization outcome.
However, given the number of intrinsic and extrinsic
GW parameters, it is not trivial to determine the joint
distribution that ensures the fastest possible convergence of
a training model to an unbiased representation.

As an empirical alternative, we study the model’s testing
performance by training on the joint distribution of the
testing dataset described in MLGWSC-1 (reproduced in
Table I) and alter the probability distribution function of the
parameters over which the model exhibits learning bias. We
define the joint parameter distribution of GW parameters
that leads to the fastest convergence of a given ML model
to its global minimum, without the biases due to limited
sample and limited feature representation, as the optimal
joint parameter distribution. Through experimentation,
we determined chirp mass, mass ratio, and SNR as being
the central source of such biases and altered their sample
distributions in multiple intuitive ways to try to move closer
to the optimal joint parameter distribution. The upper and
lower bounds for the chirp mass and mass ratio distribu-
tions remain unchanged between the training and testing
datasets, but we do change the bounds on network optimal
SNR for the training distribution, which is reflected on the
distance parameter.

Chirp mass M, and mass ratio g are two independent
mass coordinates, which we can analytically invert to
obtain the component masses. This allows us to choose
any arbitrary probability density p(M,) and p(gq) and
populate the (M., g) space within the required bounds
(analytically derived from the bounds on m; and m,).
We can then analytically invert from (M., g) to (m;, m,)
and apply rejection sampling based on the constraints:
my > My, Mpin < My < Myay, and mp, < my < Mg,y
This procedure can be exploited to experiment with any
chosen mass coordinate pair. For experimentation, we
chose various realizations of the power-law and beta
distributions alongside the uniform distribution for some
chosen mass coordinate pair. To address the arguments in
Sec. I C 2 about a potential bias against signals with longer
signal duration, we experimented with the (7,,¢) and
(79, 73) pairs as well. Here, we redefine 7, from Eq. (4)
in terms of M and 5 and define 75 as

5

- -5/
= gsgar oy (P, ©)
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45
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FIG. 4. 2D histogram of the joint distribution of component
masses, P(m;, m,) used to generate the training dataset. 103 points
were uniformly sampled from U(z, 73); points that lie within the
mass bounds were accepted (x~13.4%) and the rest were rejected.

73 (M f)3. (7)

" 8fn

We chose the (zy,73) pair to investigate the use of the
template density distribution inspired by the metric based
on the SPA model [84]. The choice of chirp times 7, and 73
as coordinates on the parameter space comes with the
benefit of the metric being constant at 1PN and essentially
near-constant for higher PN orders in the local vicinity of
every point in the parameter space and almost constant
throughout [85,86]. Moreover, using the (7, 73) pair comes
with the added benefit of simple analytical inversion with
the (M, n) pair [86]. If p(zy,73) were uniform within
the bounds imposed by Table I, it would translate to an
(my, m,) space as shown in Fig. 4.

Finally, the network optimal SNR distribution is varied
to conform to a uniform distribution, a half-normal dis-
tribution, or different variations of a beta distribution. The
lower bound on SNR is set to 5, and the upper bound is
allowed to differ with experiments but is always >15.
Change to the SNR is assumed to reflect only on the
distance parameter. Using a lower bound of 5 ensures a
lower overlap with the noise class and a significant
reduction in noisy labels. The upper bound must be high
enough for the network to learn the scaling transformation
of a signal resulting from a change in SNR. However,
we also found that the network does not require as many
high-SNR signals in the training dataset as low-SNR.
A uniform distribution for SNR, for example, biased the
network against learning low-SNR samples. For our experi-
ments, we typically choose a parameter distribution that is
skewed toward low SNRs.
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FIG. 5.

Time spans (in days) for the training, validation, and testing datasets taken from the O3a and O3b observing runs for the H1

and L1 detectors. The O3a noise is provided by the MLGWSC-1 [21] and is time correlated between the H1 and L1. We downloaded the

O3b noise from GWOSC, and it is not time correlated.

It is essential to mention that any significant results
obtained from the above experimentation is only the best
result from a limited set of joint distribution realizations,
and it may or may not be close to the optimal joint
parameter distribution.

The testing dataset parameter distributions dictate that
the longest possible waveform that could be present in the
unseen data will be ~12.74 s in length for a low-frequency
cutoff of 20 Hz, ignoring the effects due to higher-order
modes and precession. This was calculated using
SimIMRPhenomDChirpTime in LALSIMULATION with a
10% margin of error. Our primary results in Sec. III all
use a 12-s sample length for the training dataset, which
should contain the majority of the signal SNR for all
considered signals. Since the signal duration could be
longer when considering more realistic estimates of chirp
time, we conducted an experiment with a 20-s sample
length as well. Using a 20-s sample length would encom-
pass 100% of the signal SNR but would require longer
training and evaluation times while also increasing the
problem difficulty. We found that using a 12-s length was
sufficient to learn the parameter space well.

With regard to noise, we have the latter 51 days (day 31
to day 81 inclusive) of the provided 81 days of O3a noise
via MLGWSC-1 that is not used for the testing dataset,
GPS time 1244608795 (15th of June 2019, 04:39:37) to
GPS time 1253966055 (1st of October 2019, 11:53:57). We
use the first 5 days of the 51 days as the validation dataset.
The rest of the data (day 36 to day 81 inclusive), alongside
~114 days and ~113 days of H1 and L1 O3b noise, is used
for training the model (refer to Fig. 5). The downloaded
03b noise segments span between GPS time 1256655618
(Ist of November 2019, 15:00:00) to GPS time
1269363618 (27th of March 2020, 17:00:00). They have
a duration of at least 1 h and are 30 s away from any
detection listed in GWOSC.* All noise segments were
ensured to have the data flag and to not have any of the
CBC_CAT1, CBC_CAT2, CBC_HW_INJ, or BURST_
HW_INJ flags. The noise segments provided by the
MLGWSC-1 for O3a noise were constrained to coincide

*Event list obtained from [87] and noise segment metadata
obtained from [88].

in GPS time between the two detectors, which limits the
total amount of data used for training. Given that time
correlation is not a requirement for training, the O3b noise
segments that we downloaded are not constrained in this
manner. More information on how this data is used to create
the training samples is provided in Sec. II C.

Similar to the testing dataset, we estimated the PSDs
for the entirety of the training data, and the results are
compared in Fig. 3 for both detectors. It was a cause for
concern to notice several outlier PSDs in the H1 testing
dataset that had higher energies in the relevant frequency
range when compared to the training dataset. These PSDs
in the testing dataset can be considered OOD, and the
model might struggle during testing when encountering
them. There is ample precedence for this expectation in the
machine-learning literature [89,90]. Since the noise PSDs
and glitches are different between the training and testing
datasets, validating the model on a fixed set of noise
realizations will bias our choice of the best-performing
network instance. A significant overlap between the train-
ing and validation set will hinder the ability to detect the
onset of overfitting, and using the testing dataset to validate
will again bias our choice of the best-performing network.
The five-day validation dataset is not the best choice given
these biases but will still be useful in detecting signs of
overfitting.

Modifications for D3. To evaluate Sage on the D3 testing
dataset, we train a separate ML model using simulated
colored Gaussian noise instead of real O3a noise.

Biases addressed. We address the bias due to limited
sample or feature representation by choosing an appro-
priate training dataset parameter distribution for chirp mass,
mass ratio, and SNR. For example, signals with longer
duration or higher mass ratio are represented much better in
U(zg,73) than U(m,, m,) mass distribution. Bias due to
sample difficulty can be addressed by choosing the optimal
SNR distribution to be a half-normal distribution, which
places a higher weight on the harder-to-classify low-SNR
signals. Placing the lower bound for optimal SNR at 5
reduces the bias due to class overlap. Using a 12-s sample
length addresses the bias due to insufficient information,
and using a broad enough parameter space for SNR
addresses bias due to lack of variation. Finally, using a
larger amount of noise leads to a broader training
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distribution for noise PSDs and glitches and addresses the
bias due to lack of variation.

C. Data generation

Generation of signal samples. All previous studies on
machine-learning-based GW detection have used a fixed
dataset size to train their model. Our investigations on
mitigating learning bias showed that IID training dataset
size plays an equal role alongside the joint sample
distribution of the GW parameters. We use PyCBC to
generate frequency domain IMRPhenomPv?2 waveforms on
the fly during the training phase of our model. This allows
for unlimited signal data, constrained only by the number
of training epochs, and is equivalent to augmentation on
all GW parameters. Each sample is injected into a noise
realization, the generation of which is described in the
remainder of this section.

Generation of noise samples. Unlike signals, we do not
have the liberty to produce unlimited IID samples from
~160 days of coincident detector noise. However, we can
obtain unlimited non-IID noise realizations as a near-ideal
proxy. Inspired by the time-slides method for background
estimation in a network of GW detectors [91], we select
start times independently for each detector from a uniform
distribution over the entire ~160-day span of available
data. These samples may or may not be time correlated and
result in a large number of non-IID noise realizations.
However, due to the limited number of non-Gaussian noise
transients and varying PSD realizations, the advantage that
the model gains from this method will eventually saturate.
An estimate of the number of IID samples will provide us
with some insight on when this will happen. At a sampling
frequency of 2048 Hz, 160 days of noise gives us access to
~1.15 x 10° IID samples. Between two detectors, there are
~1.33 x 10'? noise realizations, which is the Cartesian
product of two sets of ~1.15 x 10° samples in H1 and L1
(essentially time shifting the detector data by more than the
sample length of 12 s). The final number depends on noise
augmentation and is provided in Sec. II D.

Modifications for D3. Signal generation is exactly the
same for D3 and D4. For noise generation, we first
produce white Gaussian noise with a different seed for
each sample. Each noise sample of the noise class and
additive noise in the signal class is colored using one of
the 20 estimated noise PSDs that is used for creating the
D3 testing dataset. This nullifies the difference between
the training and testing noise PSD distribution, meaning
the trained model will not encounter any OOD noise
samples during testing.

Biases addressed. Using on-the-fly signal generation is
equivalent to augmenting on all GW parameters and
addresses the bias due to lack of variation and bias due
to limited feature representation. This increases the number
of discrete points within the continuous transformation
space of all GW parameters and allows the network to learn

the transformation well. This bias is also addressed for
noise by using random start times for each detector.

D. Data augmentation

Signal augmentation. Since we use on-the-fly signal
generation, which essentially augments on all GW param-
eters, it is not necessary to include any explicit form of
signal augmentation. The optimal network SNR is,
however, shifted and rescaled in accordance with prob-
ability distributions mentioned in Sec. II B. This action
effectively alters the distance and, thereby, the chirp
distance distribution. Any correlation that the original
optimal network SNR had with the other GW parameters
is lost. Although there is some loss of astrophysical prior
knowledge, the null correlation should help to simplify
the data manifold of the signal class. This reduces the bias
due to sample difficulty affecting the learning of low-SNR
regions of the parameter space. For example, binary
systems with edge-on inclinations will typically have
lower SNRs than face-on systems. Without removing this
correlation, the network will be biased against learning
edge-on systems. To show the benefit of on-the-fly signal
generation, Sage also includes limited signal augmenta-
tion procedures for the sake of comparison—after gen-
erating a fixed size training dataset of s, and h, signal
components, we randomly choose the polarization and
sky position based on the distributions provided in
Table 1, before projecting the components into A(?).

Noise augmentation. The noise sample generation pro-
cedure explained in Sec. IIC innately includes noise
augmentation via the choice of random start times and
the non-necessity of time correlation between detectors.
Given that not all IID noise samples are significantly
different, the potency of this augmentation to lower the
training loss eventually saturates. However, we postpone
this saturation effect by optionally recoloring (with a 40%
probability of being recolored) the noise realization of
each detector with a precomputed set of noise PSDs from
the ~160 days of O3 training noise. We compute a total of
250000 IID PSDs using 15-s nonoverlapping noise seg-
ments for each detector using the Welch method.

To investigate any changes in detection efficiency during
the testing phase due to the lack of training on OOD PSDs
seen in Fig. 3, we also precompute a set of 172 800 PSDs
from the 30 days of O3a testing data (again using 15-s
nonoverlapping noise segments). Any increase in detection
efficiency observed during testing due to augmentation
using these PSDs during training could indicate the lack of
proper generalization to OOD PSDs. During the recoloring
stage, we also have the option to shift the entire PSD up or
down to either increase or decrease the overall noise power.

Previously, in Sec. IIC, we showed that our noise
generation procedure has access to ~1.33 x 10'? IID noise
realizations. Given that the recoloring procedure with
~160 days of O3 training noise has 250000 IID PSD
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realizations in each detector, this number increases to
~8.26 x 10%2. With 172 800 IID PSDs, this number will
be ~3.95 x 10%2. The noise samples will be exactly the
same as seen in O3 when they are time-correlated between
H1 and L1, and no recoloring is applied. Under this
condition, we must include the number of non-IID noise
realizations to calculate the probability that the network
sees such samples (following the same procedure as for [ID
samples, the number of non-IID samples is 6 x 10°"). The
probability of seeing an exact O3 noise realization during
training is, thus, ~1.4 x 10722 for recolored noise samples
and ~8.6 x 107! for nonrecolored samples.
Modifications for D3. Signal augmentation is consistent
between the models trained for D3 and D4. None of the
above noise augmentation procedures apply to D3.
Biases addressed. Using the recoloring augmentation
further increases the amount of variation in the training
noise features and addresses the bias due to lack of
variation by broadening the training noise feature distri-
bution. Using an estimate of the testing dataset PSDs to
recolor the training dataset introduces a mild train-test
overlap but addresses the bias due to train-test mismatch.

E. Data transformation

Whitening. Once the class sample (either signal or noise)
is generated and augmented, we whiten it using a single,
precomputed PSD for each detector, which remains con-
stant across all samples. This PSD is estimated by taking
the median over several noise PSDs from O3 training data
and smoothed via inverse spectrum truncation using a
Hanning window. To whiten the data, we divide the sample
in the Fourier domain by the smoothed noise PSD, which
standardizes the amplitude distribution across frequencies,
ensuring that the transformed data have approximately
equal variance across the spectrum. Using a fixed PSD for
whitening all samples instead of estimating the PSD for
every sample results in mildly nonuniform power between
different frequencies. We observed that the presence of this
nonuniformity in the training data did not contribute to any
noticeable degradation of the network when evaluated on
the testing data, thus voiding the need to estimate the PSD
for every input sample. For D3, we compute the median
PSD from the 20 provided PSDs for each detector, which is
then used to whiten every input sample.

Multirate sampling. Each input, being 12 s in duration at
a sampling frequency of f = 2048 Hz, has 24576 points.
Training a neural network on such a long sample has two
main disadvantages: (i) It demands a substantial computa-
tional cost, especially for complex problems requiring large
datasets, and (ii) most standard architectures will struggle
to formulate long-range dependencies due to an insufficient
effective maximum receptive field [72]. It is, therefore,
crucial to compress the data to its permissible limits. The
solid red line in Fig. 6 indicates the Nyquist limit of the
input data, 0.5, alongside the frequency evolution curves

Relative Time (tc = 0.0) [seconds]
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FIG. 6. Frequency vs time curves of GWs generated from
the testing dataset parameter distributions described in Table I
colored by chirp mass. The dashed black line shows the
frequency profile of a GW with the lowest possible chirp mass
or longest duration. The solid red line shows the Nyquist limit of
the generated data at 1024 Hz given that the sampling rate is
2048 Hz. The dashed red line shows the modified Nyquist limit
after applying the multirate sampling algorithm.

of the chirp mass distribution for the training data. Given
that the time of coalescence (#.) of any signal is placed
within a predefined time range, it is straightforward to
see the inefficiency in using an unnecessarily high f to
represent regions in time where we are a priori aware of the
maximum possible GW frequency.

We take inspiration from [92] that implements multirate
sampling for the detection of binary neutron star mergers.
The goal is to modify the Nyquist limit at different points
along the given time series according to the maximum
possible instantaneous GW frequency dictated by the
training GW parameter distributions. This can be seen as
a form of physics-informed time series compression.
Consistency for all training and testing samples can be
guaranteed with the following bottleneck criterion.

Bottleneck 1. For a 12-s sample length, we choose the
training distribution for 7. to be U[11.0,11.2] s. Let us
assume that the frequency evolution profile of the signals in
the training distribution is well described by Eq. (4). At any
given time instant till the merger, the instantaneous fre-
quency of the longest possible signal placed at 7. = 11.0 s
will be higher than that of any other signal in the training
distribution. Thus, if we modify the Nyquist limit to lie just
above the frequency profile of this signal, it will ensure that
all possible GW signals in the training distribution are
captured completely. In the time domain, we can split the
signal into time bands of constant sampling frequency
above the minimum allowed value.

Say we place the longest possible signal in the training
distribution, described by the lowest possible chirp mass
(to first order), at ., = 11.0 s. We move back in time along
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FIG. 7. Example application of multirate sampling on an IMRPhenomXPHM BBH template with the following parameters:
my = 20M g, my = 10M, zero spins, and a time of coalescence of 11.1 s. The colors depict the sampling frequency (f) of different
sections of the compressed signal. f, = 2048 Hz corresponds to an unaltered section of the generated waveform.

the frequency profile of this signal, starting from fgw =
fisco» where fisco is the instantaneous frequency at the
innermost stable circular orbit (ISCO) of a single black hole
whose mass is a sum of the source components and féw is
the maximum GW frequency in time band i. We use fisco
as a proxy for the frequency at merger. We start at a
sampling frequency f0 = 1024 Hz at figco = 314.1 Hz,
where fi is the constant sampling frequency within time
band i. The sampling frequency is halved fi = fi~1/2 for
every corresponding halving of the GW instantaneous
frequency (f&//fiw) —2~0. This process is repeated
until we reach the lowest allowed sampling frequency
at 128 Hz. The region beyond fisco can contain GW
frequency components that are high enough to require an f';
of 2048 Hz. Thus, the time instant at f (g]w defines the lower
boundary of the f;, = 2048 Hz time band.

Bottleneck 2. The second bottleneck is defined by the
ringdown of the GW signal, with the highest total mass
M = My + My, = 100M 5 with the maximum allowed
spin placed at the upper bound of 7. at 11.2 s. This
configuration gives us the longest possible ringdown signal
dictated by the quasinormal mode damping time at a given
spin and mode (we use only / = 2 and m = 2) and typically
consists of high-frequency components. Thus, we set the
highest available f, of 2048 Hz for this region. This defines
the upper boundary of the f; = 2048 Hz time band.

Bottleneck 3. Additionally, we impose an offset to each
boundary due to 7, being measured in geocentric time. This
accounts for the 7, in detector time being outside the two
boundaries. The final boundaries for the f; = 2048 Hz
time band are ~[10.95,11.35] s.

The region beyond 11.35 s is assumed to be pure noise
and is sampled at 128 Hz. Figure 6 shows the frequency
profile of the longest possible GW as a dashed black line.
The modified Nyquist limit is shown as a dashed red line.

Some high-frequency features close to . will not be
registered due to the maximum possible f,, as seen in
Fig. 6, but the loss in SNR should be negligible. Figure 7
shows an example of the procedure applied to a GW within
the considered parameter space.

Normalization. Each multirate sampled time series is
treated independently and normalized to lie within the
range of [—1,+1]. We also use an input standardization
layer within the network architecture that rescales the
features to ensure a zero mean and unit standard deviation.
Say we have a batch with dimensions (N, C, L), where N is
the batch size, C is the number of channels or detectors, and
L is the length of the input sequence. BatchNorm uses all
samples in (N, L) and standardizes each detector data C;
separately. This would work well in simulated Gaussian
noise, but the presence of an outlier, like a loud glitch, in
one of the batch elements for a particular detector will
heavily influence the normalization for that detector in all
batch elements. LayerNorm uses all samples in (C, L) and
standardizes each batch element N; separately. This is
equivalent to standardizing the time-correlated strains from
the two detectors together. LayerNorm will bias the net-
work against detectors that typically have lower strain
amplitudes. InstanceNorm standardizes each individual
strain data from each detector independently. This is the
most suited layer for our application, and we use it to
transform each time series before providing it to the main
model architecture.

Biases addressed. Whitening reduces the bias due to
limited feature representation and spectral bias by normal-
izing the power due to different frequencies. Multirate
sampling reduces the sample length and negates the need
for a larger receptive field to learn low chirp mass signals
(aids in learning long-term dependencies). This addresses
the bias due to insufficient information and bias due to
sample difficulty. Normalizing the amplitude to lie within
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[-1,+1] also reduces to bias due to limited feature
representation, similar to whitening.

F. Optimization

Multiobjective loss function. We use the standard binary
cross entropy (BCE) loss for the purpose of classifying a
sample as either a noisy signal or pure noise. The
unreduced form of the BCE loss for a batch of network
outputs x and targets y can be written as

L8 (x,y) = {1y, )T,
[, = _Wi[yi -log x; + (1 _Yi) 'log(l _xi)]’

where i =1, ..., n,

and, for each ith batch element (for a batch size of n), x; and
y; are the network output and target, /; is the loss, and w; is

a manual rescaling weight. The unreduced loss L5, (x,y)

is reduced as L, (x,y) for every batch (the bar represents
sample mean). There is a possibility for one of the log terms
to be mathematically undefined or for the network to tend
to an infinite gradient. PyTorch deals with this possibility
by clamping its log function outputs to be greater than or
equal to —100. Thus, the loss function is always finite, and
backpropagation is linear. Alongside the BCE loss, we also
optimize on a mean-squared error (MSE) loss function for
each GW parameter ¢ in t., M. The unreduced form of
this loss is given by

E%‘S‘e(x(p, y(/)) - {l¢7 e l?ls}Ty
i =(f =y,
where i =1, ..., n,
and noise samples that do not have a target y? are ignored.
For each ith batch element that is not a noise sample (for a
batch size of n), x? and y? are the network output and
normalized target, respectively, for the given GW param-

eter, and l;ﬁ is the loss. Each network output xﬁb is limited
within the range [0, 1] using a Sigmoid function, and the

unreduced loss ﬁﬁxe(xq’ ,¥?) is reduced as E%W(x‘f’, y?) for
every batch. The primary purpose of these loss functions is
not to obtain a point estimate of the parameters, but to
instead regularize the classification problem by acting as a
soft boundary condition. The final batch loss is given by

L=Lhxy)+ Y Lhexhy).  (8)

pe{te M}

Optimization parameters. The learning dynamics is
optimized using an Adam optimizer [93] with an initial
learning rate of 2 x 107* and a weight decay of 107S.
The learning rate is then scheduled using

CosineAnnealingWarmRestarts that cycles every five
epochs, with a minimum learning rate of 10™°. We use
gradient clipping set to a maximum allowed gradient norm
of 1 and a batch size of 64 for all our runs.

Biases addressed. The MSE loss term E%W(xqﬁ, y?)
provides an inductive bias to learn the GW signals properly.
In other words, GW signals become easier to learn, thus
addressing the bias due to sample difficulty.

G. Network architecture

Sage uses a bottom-up hierarchical architecture with two
main stages. The first stage is a front-end multiscale feature
extractor for each detector that highlights the essential
regions and, more importantly, deemphasizes unwanted
attributes at various scales in the time domain. The second
stage is a back-end classifier powered by attention to form
temporal relationships within each detector and to empha-
size any correlation, or lack thereof, between detectors.
There is ample precedence in the machine-learning literature
to suggest that a multistage detection process that fragments
the primary problem into multiple subproblems will lead to
better generalization and faster convergence over single-
stage approaches [94-96]. The rest of this section is
dedicated to explaining parts of the two-stage architecture,
their intended purposes, advantages, and necessity.

Front-end feature extractor. The front-end architecture is
inspired by two main works’: (i) [98] that argues for the
need for large kernels and provides design principles for
learning contradictory tasks such as classification and
localisation of features simultaneously and (ii) [99] that
designs a multiscale residual block called the OSNet.

The key feature of the OSNet [99] is to simultaneously
analyze an input over multiple scales to create a compre-
hensive representation. The scale, dictated by the effective
receptive field, can be varied by stacking n, convolutional
layers, with a higher value of n,. resulting in larger receptive
fields. Stacking small kernel convolutional layers was
initially introduced as an efficient alternative to using a
single large kernel, as it results in a similar effective
receptive field with a lower computational cost. However,
[98] argue and empirically prove that large kernels lead to
better generalization in per-pixel classification tasks, com-
pared to an equivalent stacking of small kernels. They
conclude that the denser connection between large kernels
and the output enables the network to handle input trans-
formations more resiliently. Additionally, according to
[98], to retain the ability to localize important features,
the architecture must be fully convolutional and not contain
any fully connected layers or global pooling layers.

*We also took inspiration from and had useful discussions
with the G2Net 2021 Kaggle competition winners via private
communications [97].
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FIG. 8. A diagrammatic depiction of the multiscale front-end
feature extractor. (a) shows a single multiscale residual block. The
input x' is analyzed separately and simultaneously by N, different
1D large convolutional kernels with kernel size sk, where N is
the number of scales and s is a set of constant prefactors applied
to the base kernel size k’. The €D is an elementwise addition.
(b) shows the full front-end architecture.

Based on these key insights, we build our front-end
architecture. A diagram of our large kernel multiscale
residual block is shown in Fig. 8(a). In Fig. 8(b), these
blocks are then stacked with intermittent downsampling
via 1D max pooling to create our full feature extractor.
Although we downsample the features along the temporal
dimension using a stride S, this is performed after gen-
erating C,,; multiscale output channels, where S and C
are chosen such that the 2D output feature map is larger
overall than the input. Thus, we retain the dense con-
nections between kernels and the extractor feature output.

Reproducibility. With reference to Fig. 8(a), the large
1D kernels used for the multiscale feature extractor uses
N, =5 scales with prefactors s = {0.25,0.5,1,2,4}. In
Fig. 8(b), the initial kernel size k° is set to ¢ = 64, and the
initial number of output channels CY, is set to p = 32.
These values were fine-tuned such that they minimize the
loss during the training phase.

The input time series for each detector is provided to a
separate front-end feature extractor (Fig. 8) and there is no
weight sharing at this point between detector data. This is
done to ensure that subtle differences within the data
collected from each detector can be learned without any
interference. The small and long-range features extracted
with the multiscale architecture should encode rich spec-
trotemporal information from the GWs, non-Gaussian
noise artifacts, and varying noise PSDs.

Back-end classifier. We use a variation of the ResNet
architecture [100] introduced in [101] which integrates the
convolutional block attention module (CBAM) into the
ResBlock of a ResNet. The ResNet typically comprises a
stack of ResBlocks, with the output feature map of one
block feeding into the next. The residual nature of each
ResBlock refers to the architectural motif y = ®(x) + x,
where @, is some arbitrary neural network module acting
on an input feature map x. The recasting of the input feature
map x into ®,(x) is called a residual connection, and it
allows for the model to mitigate the vanishing gradient
problem [100].

The salient design feature of CBAM is to sequentially
infer attention maps along the channel and spatial dimen-
sions of ®@(x). Say we define the output of the arbitrary
neural network module within the ResBlock F = ®(x) as
an intermediate feature map. CBAM applies the spatial and
channelwise attention maps (M, M_) to produce a final
output F = M(F') ® F', where F/ = M.(F) ® F and ®
denotes elementwise multiplication. So y will be F” + x
instead of @ (x)+ x (in reference to ResBlock motif).
We run Sage on a CBAM-ResNet50 back-end variant
for all experiments. The channelwise attention M. (F) is
computed as

Mc(F) = U[q)c(Pavg(F)) + q)c(Pmax(F))]’ (9)

where @ is some multilayered perceptron (MLP), (P,
P..) are average pooling and max pooling operations,
respectively, and ¢ is the sigmoid activation function.
The MLP has a single hidden layer that is smaller than
the input, thus acting as a bottleneck, similar to an
autoencoder architecture [102]. The spatial attention
M(F’) is computed as

M(F') = 0[Py (F')®Ppax (F')], (10)

where ® is the convolution operation. The usage of pooling
operations for the aggregation of information is well
founded [103,104], and CBAM exploits this feature across
the spatial and channel dimension and empirically proves
that the usage of both pooling operations together greatly
improves detection capability. The spatial attention will
aid greatly in forming temporal relationships within the
time series of each detector, and the channelwise attention
will construct correlations between detectors or indicate a
lack thereof.

Point-estimate outputs. The CBAM-ResNet50 is made
to output a 512-dimensional embedding, which is passed
through three separate (i.e., no shared weights) fully
connected layers with 512 neurons each. Each layer is
then responsible for one unnormalized output. A sigmoid
activation function is then applied to each output to restrict
it between [0, 1]. The three normalized outputs are point
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estimates on the probability of a GW event, pgw, and the
normalized GW parameters {7., M_.}. The normalized
values are used to compute the loss function, and the
unnormalized counterpart of pgw is used as the output
ranking statistic (also referred to as the network output).
Through backpropagation, the 512-dimensional embed-
ding should encode information about all outputs, given
the composite loss function in Eq. (8). We choose chirp
mass as it is the best-measured parameter for the most
observed mergers, as it determines the leading-order GW
radiation during the inspiral phase [105]. This acts as a soft
constraint and provides an additional inductive bias to aid
the network in distinguishing between the signal and noise
classes. The time of coalescence estimate acts as a reference
point and aids in feature localization. Furthermore, we can
also use the 7. estimate as input to parameter estimation
pipelines to investigate the generated triggers. An example
of this estimate for parameters {z., M.} is shown in Fig. 24
(see Appendix D) for two different Sage runs (see
Sec. III A 1 for details about runs).

Biases addressed. The multiscale front end with large
kernels is useful when learning time series signals with a
high dynamic range of frequencies [98,106]. Spatial atten-
tion aids the model in learning amplitude, frequency, and
phase evolution profiles by forming temporal relationships
using the multiscale features. The attention mechanism
automatically increases the weight of underrepresented
scales, thus addressing spectral bias. The attention mecha-
nism and multiscale architectures have been used before
to address this bias, as seen in [107-109]. Channelwise
attention aids in forming a correlation between the temporal
relationships formed for the signal in each detector. The
two attention mechanisms aid significantly in learning
long-term dependencies [71,110,111], addressing the bias
due to sample difficulty. Moreover, training a deeper
network for longer (without overfitting) increases the
effective receptive field, which also aids in learning long
sequences [72].

TABLE II.

III. RESULTS AND DISCUSSION

We will use this section to further describe the injection
study, elaborate on the various training configurations
employed, and compare our results with previous works
on the same datasets (D3 and D4) [21,53,64]. Furthermore,
we analyze the behavior of Sage under different conditions
and discuss the validity of juxtaposing different results on
established evaluation metrics. For the sake of complete-
ness, we also investigate the performance of Sage by
removing certain important components from our pipeline
to understand its contribution to the overall system (also
known as an ablation study).

We ran Sage on multiple training configurations to
investigate the impact of different biases, time-varying
PSDs, and glitches. Table II gives a brief overview of
the runs that we will be discussing in this section. Any
configuration that is not mentioned in this table is con-
sistent between all runs and is as described in Sec. II. The
steps taken to evaluate Sage after the end of training are
provided here in sequential order.

Common settings. As mentioned in Secs. II B and IT A,
the training noise is O3a(day 36-51) and O3b(day 1-113),
and the testing noise is O3a(day 1-30) for all our runs. All
runs were trained with 80 million samples (1:1 ratio
between the signal and noise class) split equally over 40
epochs.

Best trained model. The validation noise dataset will be
slightly different, compared to the training and testing data-
sets, in terms of noise PSDs and glitches. Thus, we retrieve the
network learnable parameters (i.e., weights and biases) that
correspond to the five lowest epoch validation losses for
testing. We then test the model on the “background” and
“foreground” testing datasets discussed in Sec. II A for each
set of network parameters and pick the one that detects the
most signals at an FAR of one per month. This procedure is
exactly what the Neyman-Pearson lemma prescribes, but
to be clear we do not advocate for the number of detections to
be a less-biased or better metric compared to any other.

Summary of all Sage runs discussed in the results section. Column 1 gives a shorthand for the

discussed runs and will be used to describe a singular training instance of that type that achieved the highest
sensitive distance at an FAR of one per month. Column 2 describes the distribution of component masses (m, m,).
The 7(-73 coordinate pair can be analytically inverted to the M-# pair, as described in Sec. II B, which can then be
used to derive the distribution of component masses. The — symbol refers to a particular training strategy of
transitioning from one distribution to another (refer to the Sage—Annealed train run in Sec. III A 1 for more details).
Finally, column 3 provides details about the noise segment used to obtain precomputed PSDs that are meant to

recolor the training noise realizations.

Run name Training data—Mass distribution Noise segment for recoloring
Sage—Broad U(my,m,) {O3a(dayl —30)}
Sage—Limited U(m,,m,) {O3a(day36 — 81),03b(dayl — 113)}
Sage—D4 metric U(zy, 73) {O3a(dayl —30)}

Sage—Annealed train

Sage—D3 metric U(tg,73)

U(my,my) — U(zy, 73)

{03a(dayl —30)}
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Testing iteration. The 30-day testing data is split as
sequential windows with a step size of 0.1 s. Each window
is whitened, multirate sampled, and normalized, consistent
with the training dataset, prior to being provided as input to
the trained network. The network outputs a ranking statistic
for each 12-s window, which we assume originates due
to a possible GW event with a time of coalescence within
[11.0, 11.2] s (the bounds used during training). This is
called a trigger. Given that the step size is 0.1 s, a GW event
can have at most three triggers.

Trigger clustering. To identify independent gravita-
tional-wave candidates, we cluster nearby triggers based
on a predefined time threshold (2 s). We iterate through
the list of triggers, grouping consecutive ones if their time
difference is below the threshold; otherwise, a new cluster
is initiated. Each cluster is then represented by its most
significant trigger, determined by the maximum ranking
statistic within the cluster. Any subsequent use of the term
“trigger” must be interpreted as this independent cluster
maxima. This approach ensures that multiple responses to
the same underlying signal, or to closely spaced noise
fluctuations, are not overcounted.

Labeling cluster maxima. Only triggers above a ranking
statistic of 0 are retained (to reduce compute cost). No prior
knowledge about the location of the injected events is taken
into account when assigning the trigger a ranking statistic.

For the foreground dataset, triggers within [ticnj -0.2,

te” 4+ 0.2] s of the 12-s window, where #.” is the time of
coalescence of any one of the injected signals, are labeled
as true positive triggers for the corresponding injection (not
to be confused with a binary ML label). For each true
positive trigger, we get a point estimate of the time of
coalescence and chirp mass from Sage (see Sec. 11 G). All
other foreground triggers that do not correspond to a known
event are labeled as false positives. For the background
dataset, all triggers are labeled as false positives. The labels
provided to the triggers are purely for the purpose of
computing the following evaluation metrics.

Evaluation metrics. The sensitive distance metric at
different FARs is computed as described in Sec. 1C4.
To compute receiver operating characteristic (ROC) curves,
we use the true positive triggers for each signal from the
foreground dataset and false positive triggers from arbitrary
noise windows of the background dataset. Triggers in the
foreground dataset marked as false positive can originate
from windows where a GW injection is present with a ¢,
outside the [11.0, 11.2] s range. The behavior of the ML
model for these windows is not guaranteed to resemble that
of a pure noise sample or a noisy signal sample, and, thus,
the false positive label is not accurate. Since we cannot
confidently assign the false positive label to these samples,

®For a fair comparison to the MLGWSC-1 benchmark results,
we use the code provided at [112] to evaluate our model.

it is not possible to include all foreground dataset triggers
for the computation of the ROC curve.

All tests were run on 16 CPU cores and an NVIDIA
Quadro RTX 8000 GPU. Each epoch of training takes
~2 h, excluding validation. Running Sage on evaluation
mode, it takes =16 h to generate triggers on 1 month of
testing data.

A. Comparison with matched filtering

We compare Sage to the PyCBC submission in
MLGWSC-1 [21] for the realistic D4 injection study. The
submission is based on the standard configuration of
PyCBC used for archival searches of compact binary
mergers, as seen in [113] (particularly the “broad” con-
figuration without an extra tuning term in the ranking
statistic for a specific signal population). The template bank
they used to evaluate this injection study included tem-
plates that account for spins aligned with the orbital angular
momentum, did not include precession or higher-order
modes, and had mass parameters that were bound by the
testing distributions provided in Table I and were placed in
a stochastic manner. They account for the presence of
glitches [114-116] using waveform consistency checks
[39,42] and ensure that the amplitude, phases, and time of
arrival in each detector are consistent with the astrophysical
population [117]. PyCBC was run separately on the
“background” and “foreground” datasets, and a ranking
statistic was assigned to potential candidates based on an
empirically measured noise distribution and the consis-
tency with the expected GW [117] (without attempting to
optimise sensitivity for a particular signal population).

Although PyCBC uses a template bank that does not
account for precession or higher-order modes, we do not
expect the detection efficiency to be too different from a
template bank that does, since neither of those effects
is detectable in this injection study (refer to Fig. 1).
Although there would exist slight differences in the
signal morphology between injections generated using
IMRPhenomXPHM and the relatively simpler templates
used by PyCBC, the network SNR of each detected
injection should not vary significantly due to the simpler
templates. Thus, although we use IMRPhenomPv2 to train
Sage, there is no precedent to expect a better detection
efficiency from Sage solely due to the usage of a waveform
model that is relatively more similar to the injections.

1. Injection study

In this section, we describe each of the runs in Table II,
compare them, and describe how ML biases influence their
detection performance. All aspects of the methodology are
consistent with Sec. II, and any changes or choices made
are described within each run description. Some choices are
common for all runs and are described here.

For all runs, we rescale the optimal network SNR of
all samples during training, as mentioned in Sec. II B.
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FIG. 9. The sensitive distance metric as a function of false-
alarm rate for PyCBC and a set of different Sage analyses of the
testing dataset.

From experimentation, we found that using a half-normal
distribution allowed for a higher detection efficiency than
using a uniform distribution in the same range. The half-
normal is described by the probability density function

2 42
f) = \f;exp%,

(11)

where x > 0. The samples generated using this density are
scaled by a factor of 4 and shifted by a factor of 5. This
places the lower bound at an SNR of 5. From a sample size
of 10°, we find that 99% of the distribution lies below an
SNR of ~15.3 and the maximum SNR is x24.3.

Sage—Limited. We use detector noise from O3a(day 36—
51) and O3b(day 1-113) for training. This is then recolored
using precomputed PSDs from the same data with a
probability of 0.4 (value chosen via fine-tuning). Figure 9
shows a comparison of the sensitive distances of Sage—
Limited and PyCBC as a function of FAR. We see that our
run achieves a higher sensitive distance than PyCBC at
all FARs from 1000 per month to 1 per month. However,
Fig. 10 (top left) shows that the run does not find as many
signals as PyCBC. The higher sensitive distance is due to
finding a few more high chirp mass signals than PyCBC.
As described in Sec. I C, this is a consequence of a bias
against low chirp mass signals (incurred from biases due to
insufficient information, limited sample representation,
sample difficulty, and spectral bias) and a parameter-
dependent weighting of the sensitive distance metric.
Although our bias mitigation strategies improved the
detection efficiency at lower chirp masses compared to
runs without them, it is still not sufficient to match
PyCBC’s detection efficiency.
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FIG. 10. Top: 1D histograms of detected signals along the chirp mass dimension of different Sage runs with PyCBC at an FAR of 1 per
month. The bottom row shows the ranking statistic output by the network compared to the chirp mass M, of 250 000 signals. The
ranking statistic is put through a running mean across 7 where we use a window size of 500 samples and a step size of one sample. The
error bar on each plot indicates the region between the 5th and 95th percentile region of the network output at a given chirp mass.
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Sage—Broad. The presence of OOD PSDs in the 30-day
D4 testing dataset, as seen in Fig. 3, might lead to reduced
detection efficiency due to the model’s inability to extrapo-
late to unseen PSDs. In this experiment, we determine
whether closing this gap would affect the detection effi-
ciency. The only change we introduce in this experiment is to
use O3a(day 1-30) to precompute the PSDs used to recolor
the training data O3a(day 36-51) and O3b(day 1-113),
instead of using the training data itself. This intentionally
introduces some mild overlap between the training and
testing datasets, although the recolored noise realizations are,
strictly speaking, different from the testing dataset.

From Fig. 9, it is immediately evident that we see a
significant boost in the sensitive distance, from an FAR of
10 per month to 1 per month. We see an increase of ~5.5%
and ~6.5% in sensitive distance when compared to Sage—
Limited and PyCBC, respectively, at an FAR of 1 per
month. Figure 11 shows the median sensitive distance for
this run with an error bar made by repeating this run 3 times
with different seeds. The seeds were set such that both
signal and noise realizations for all epochs during training
are different but within the same distribution and that the
networks have different random initializations for their
trainable parameters. We also provide the parameter-
independent ROC curve that compares this result to
PyCBC in Fig. 12. At a false-alarm probability of 107,
we see an ~38% increase in the true-alarm probability.
Figure 10 (top left) also shows the 1D chirp mass histo-
grams of the detected signals, comparing Sage—Limited
and Sage—Broad. The two runs perform similarly at chirp
masses below ~10M , but the latter outperforms the former
significantly everywhere else.

The increase in detection performance when compared
to Sage—Limited points to two possible causes: (i) an
increase in the variance of training noise realizations
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FIG. 11. The sensitive distance metric as a function of FAR for

PyCBC and the Sage—Broad run on the testing dataset. The solid
violet line is the mean sensitive distance of three runs made with
the broad configuration, and the error bar represents the max and
min values obtained from the runs.
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FIG. 12. The true-alarm probability as a function of false-alarm
probability (ROC curves) for PyCBC and the Sage—Broad run
that achieved the highest sensitive distance on the testing dataset.

(via their PSD) or (ii) all testing noise PSDs are in
distribution for Sage—Broad, but the same is not true
for Sage—Limited. We will investigate the root cause in the
following runs and in Sec. III A 4.

Caveats of the evaluation metrics. We generally attribute
an increase in the true-alarm probability of an ROC curve at
a given false-alarm probability and the sensitive distance
metric at a given FAR to better detection performance.
However, this is not entirely correct, and both evaluation
metrics have their disadvantages. Assuming Gaussian
noise, a model that is biased against low chirp mass signals
will operate on a narrower parameter space and, thus, detect
more high chirp mass signals at any given FAR. This bias
would result in a significant increase in the sensitive
distance metric, given the chirp mass dependence of the
sensitive volume [see Eq. (5)]. A parameter-independent
metric, like the ROC curve, would still account for only the
number of detections made and not the distribution of the
detections, thus masking any biases. The use of only a
single figure of merit based on a predetermined set of
signals may be of very limited application to the real-world
problem of detecting signals with an unknown parameter
distribution. For instance, an algorithm may achieve a high
figure of merit while being almost completely insensitive to
signals in some region of parameter space, which may be
much more prevalent in reality than in the evaluation set.
In other words, optimizing detection for a known target
population may imply a greater risk of losing sensitivity for
the unknown real population.

We visualize the 1D and 2D distributions of the detected
signals as histograms in Fig. 13, to compare and visualize
any differences between Sage—Broad and PyCBC. We
find that 3344 signals are detected by both pipelines, 513
signals were found only by PyCBC, and 946 signals were
found only by Sage at an FAR of 1 per month. This is
equivalent to an increase of ~11.2% in the number of
signals detected compared to PyCBC in the MLGWSC-1
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signals, respectively.

realistic injection study. We find no anomalous biases
present across any parameter that is not directly related
to chirp mass, mass ratio, or SNR. A full set of 1D
histograms for all relevant intrinsic and extrinsic parameters
is provided as 1D histograms in Fig. 22 in Appendix B.

Important note. In Fig. 13, Sage—Broad and PyCBC
operate on two different mass distributions—the former on

U(my, m,) and the latter on U(zy, 73). For a fair compari-
son of their detection sensitivities, the search statistic
for PyCBC must be fine-tuned and optimized for the
U(my, m,) mass distribution (see [27,28] for relevant
information). This fine-tuning will likely lead to an increase
in the number of signals detected by PyCBC in the high
chirp mass region. However, given that the effect of blip
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glitch noise is much higher in this region, it is not
straightforward to speculate on the extent of improvement
that might be seen in a fine-tuned PyCBC [42,118]. This
study is left for future work. Furthermore, the small
number of low-SNR, low chirp mass signals missed by
Sage in Fig. 13 could be attributed to this difference in
mass distribution.

Sage—D3 metric. We found many training training
distribution configurations that reduced the bias across
the chirp mass and mass ratio dimensions, but for this run,
we investigate using U(7, 73) to set the training distribu-
tion for the component masses. A detailed description for
using this distribution for training is defined in Sec. II B.
The key difference between U(m;, m,) (which we used in
the previous runs) and U(zy,73) is that the latter has an
underdensity of training data samples in the high chirp
mass region (see Fig. 4). For this run, we train and test on
the D3 dataset setting with simulated colored Gaussian
noise instead of real noise. This setup is ideal for studying
the effects of varying the training distributions of GW
parameters, as it avoids introducing learning biases from
real detector noise.

Figure 10 (top right) compares the 1D histograms of the
detected signals at an FAR of 1 per month of Sage—D3
metric to PyCBC. We see that using U(zg,73) as the
training mass distribution alongside simulated Gaussian
noise produces a detection efficiency very similar to
PyCBC at all chirp masses. This justifies the use of the
parameter distribution on real detector noise as well.

Sage—D4 metric. This run also uses U(zy, 73) to set the
training distribution for component masses but uses real
detector noise (similar to all other runs on D4) instead of
simulated colored Gaussian noise. Compared to Sage—D3
metric, we see that Sage—D4 metric has significantly
lower detection efficiency, in Fig. 10 (top middle). This
reduction is solely due to the attributes of real noise; it is
either due to the inability to properly reject non-Gaussian
artifacts or due to the difference between the training and
testing noise PSDs.

Sage—Annealed train. An underdensity of training data
samples in the high chirp mass region results in worse noise
rejection capability, as seen in Sage—D4 metric, and an
overdensity results in a bias against long-duration signals,
as seen in Sage—Broad. We tackle this issue by viewing
the GW detection problem as the learning of two inde-
pendent tasks: noise rejection capability and unbiased
learning of the GW parameter space. Since the learning
of these tasks simultaneously is not trivial, we introduce the
concept of annealed training. For the Sage—Annealed train
run, we train a network similar to Sage—Broad for 20
epochs [with a mass distribution given by U(m, m,)] and
then transition the mass distribution to U(zy, 73) over the
course of the next 20 epochs. During the transition phase,
the ratio between the number of samples generated using
U(zg,73) to U(my, m,) varies as a function of epoch.

The intent of annealing is twofold: taking advantage of
catastrophic forgetting [119] and the concept of “unfor-
gettable” examples [120,121]. In the context of continual
learning, catastrophic forgetting is the tendency of a
neural network to abruptly lose knowledge relevant to a
previous task as information about the current task is
incorporated [119]. This is undesirable in continual learn-
ing but beneficial to our problem for shifting the training
distribution from U(m;, m,) to U(z,,73). Unforgettable
examples (or, more precisely, difficult-to-forget examples)
are input data samples that are learned early during
training and typically have low losses during the bulk of
the training [121]. This allows for all high-SNR signals
to be remembered well throughout training and not be
forgotten during the annealing process. This should allow
for any noise rejection capability learned via high-SNR
signal features to also be retained.

Figure 10 (top middle) compares the 1D chirp mass
histograms of the detected signals at an FAR of 1 per month
between the Sage—Annealed train and Sage—D4 metric
runs. We see a significant increase in the detection
efficiency of the former run compared to the latter, proving
the efficacy of the annealing training strategy.

Network output behavior. We evaluate all the above runs
on a validation dataset of 500000 samples (1:1 ratio
between signal and noise classes) comprised of signals
and noise from the testing dataset distribution. Figure 10
(bottom) shows the network output obtained from this
validation dataset for the signal class as a function of its
corresponding chirp mass. The larger the network output, the
more confident the model is to place that signal in the signal
class. Notable observations have been described below.

Observation 1. There is a significant increase in the
confidence of Sage—Broad when classifying signals across
the whole range of chirp masses when compared to Sage—
Limited. This is especially evident above a chirp mass of
~15M . Sage—Broad has the least classification confi-
dence for chirp masses below ~10M, which contributes to
the lower number of detections in this chirp mass regime
compared to PyCBC.

Observation 2. The annealing procedure for Sage—
Annealed train improves the classification confidence from
a chirp mass of =#10M till ®25M . This indicates that
the increase in detection efficiency seen in Fig. 10 (top
middle) for Sage—Annealed train over Sage—D4 metric is
primarily due to retaining information in this chirp mass
region when annealed from the U(m,, m,) mass distribu-
tion. Surprisingly, signals with a chirp mass above ~25M o
do not contribute much to the improved noise rejection
capability.

Observation 3. On average, the Sage—D3 metric net-
work is a lot more confident with classification than Sage—
D4 metric throughout the chirp mass range. Although the
latter, on average, has lower confidence, it detects many
signals across the whole range of chirp mass with higher
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confidence than Sage—D3 metric and even Sage—Broad.
Using the metric as the training distribution leads to a lower
bias due to limited sample representation, and, in turn, the
network is provided with more GW domain knowledge.
This allows it to be more confident with some signals.
However, Sage—Annealed train and Sage—D4 metric do
not seem to perform well at lower SNRs, leading to the
worse average performance (there are more low-SNR than
high-SNR signals; see the SNR distribution in Fig. 21 in
Appendix A).

Observation 4. Interestingly, the upper error bar on all
runs shows that the networks find longer signals with the
highest-ranking statistics. However, other than Sage—D?3
metric, none of the other runs are good at low-SNR, low
chirp mass signals, leading to a lower average network
output at low chirp masses.

2. Learning dynamics

Here, we investigate the difference between Sage—
Broad and Sage—Annealed train to potentially bridge
the gap between the two runs. We create four auxiliary
validation sets to analyze the learning dynamics in different
regions of the parameter space. We chose all unique
combinations without duplicates, between the two sets
of distributions: {U[MIoW, pMmedian] {7 A qmedian A q2ih]y
and {5(SNR =5),5(SNR = 12)}, where § is the Dirac
delta functions. This creates four datasets with different
chirp mass and SNR regimes. At the end of each training
epoch, we freeze the weights and run the network on each
of these auxiliary validation datasets with 500 000 samples
(1:1 ratio between signal and noise classes). This provides
us with the learning dynamics of the network in each
regime. Figure 14 depicts these four losses (obtained only
for the signal class) over the course of 40 epochs of training
for the runs Sage—Broad and Sage—Annealed train.

Low-SNR regime [see Fig. 14 (top)]. For the Sage—
Broad run, we see that low chirp mass signals are more
difficult to learn compared to high chirp mass signals, given
that they have higher losses. It is interesting that both losses
increase with more training, contradictory to typical loss
curve dynamics. This is likely due to the need to reject
glitches which could be similar in morphology compared to
these signals.

High-SNR regime [see Fig. 14 (bottom)]. We see a
surprising trend where low chirp mass signals have much
lower losses compared to high chirp mass signals, despite
the expected biases against low chirp mass signals. Both
losses have a decreasing trend, which is consistent with
expectations, since they should be easier to distinguish
from non-Gaussian noise given their SNR.

Effect of annealing. The transition from U(m;,m,) to
U (g, 73) happens at epoch 20. Here, we see a mild increase
in the loss for high-SNR, low chirp mass signals despite
having an overdensity of low chirp mass signals, which
is indicative of a contribution to noise rejection capability.
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FIG. 14. Mean BCE loss as a function of training epochs (only
for the signal class). The plots compare the auxiliary dataset
validation loss curves for the Sage—Broad and Sage—Annealed
train runs. The solid lines correspond to the low chirp mass
dataset U [./\/llLf’W, ./\/l?‘edia“], and the dashed lines correspond to the
high chirp mass dataset U[M™edian A Ag the plot text
states, the top plot is in the low-SNR regime (= 5), and the
bottom row is in the high-SNR regime (= 12).

We also observe that the losses pertaining to high chirp
mass signals decrease steadily during the annealing
procedure at both SNR regimes. However, despite having
lower losses than Sage—Broad at high chirp masses,
Sage—Annealed train is not as performant. This is because
we do not show the total loss function, which includes
the noise class as well. The total loss of Sage—Annealed
train is higher than Sage—Broad, which explains the
discrepancy.

Given the overall lower losses for the signal class in
Sage—Annealed train compared to Sage—Broad, the key
to improving the detection efficiency of Sage—Annealed
train must lie in improving the noise rejection capability.
This requires an in-depth investigation of the noise behav-
ior and its effects in the learning of different regions of the
GW parameter space. We leave this study for the future.

3. Glitch rejection capability

In this section, we investigate the effect of the presence
of glitches in the testing dataset. If the highest noise triggers
are caused by glitches, the model would be extremely
brittle to the testing dataset noise realizations and its
detection efficiency at lower FARs has the potential to
vary significantly with different datasets.
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shows the glitch triggers produced by different Sage runs and PyCBC from the two detectors in the O3a testing dataset noise.

We get the start time and duration of all glitches
reported in the Omicron trigger pipeline [122], with a
glitch SNR above 7.5 and a peak frequency of the noise
event between 10 and 2048 Hz, for the O3a testing dataset
noise segments in the HI and L1 detectors. The triggers
that lie within the start GPS time and end GPS time of
each glitch are obtained from Sage for different experi-
ments and PyCBC for the D4 submission to MLGWSC-1.
We then maximize these triggers to obtain the ranking
statistic of a single trigger that represents each glitch.
Omicron produces a glitch SNR from the time-frequency
representation of the strain and cannot be compared to the
integrated signal SNR. We plot the maximized ranking
statistic of triggers below an FAR of 1000 per month
against its corresponding glitch SNR in Fig. 15 for the
runs Sage—Annealed train and Sage—Broad and com-
pare it with PyCBC.

We observe that all triggers produced by Sage—
Annealed train in H1 and L1 are above an FAR of
100 per month and 1 per day, respectively. Sage—Broad
consistently seemed to produce a lot more triggers com-
paratively and at FARs below the lowest FAR observed in
the Sage—Annealed train for the HI detector. However,
both runs seem to perform similarly well in L1, with the
annealed run producing the trigger with the lowest FAR.
Although we expect the annealed run to have better glitch
rejection capability (due to lower bias due to limited sample
representation and, in turn, higher GW domain knowl-
edge), we cannot conclude much from this comparison,
since this is a relatively small testing dataset. However,
comparing our results with PyCBC, we can conclude that
the performance is similar, except for PyCBC producing a
trigger at an FAR of 2 per month in L1.

We investigate a little further into the comparison of
generated triggers for different types of glitches in the
appendixes (see Fig. 23 in Appendix C).

4. Effects of nonstationary noise

Since Sage and PyCBC seem to have similar glitch
rejection capability, the primary cause for performance
degradation in some Sage runs must be due to the differences
in noise PSDs between the training and testing dataset. We
investigate this possibility by comparing the results between
three runs: Sage—D3 metric, Sage—Limited, and Sage—
Broad. With this investigation, we test three hypotheses: (i) If
there is no difference between the training and testing noise
PSD distribution, the model should perform identically in
both settings, (ii) a model trained with a broader noise PSD
distribution will be more confident in predicting the presence
of a GW signal compared to a model with a narrower
distribution, and (iii) if the testing noise PSD distribution is
out of distribution compared to the training noise PSD
distribution, the model might not be able to extrapolate to
the unknown PSDs.

We create four different testing datasets (also known as a
test set within the plots), each with 500000 samples of
noise for studying the effects of time-varying PSDs on
Sage. These datasets are described below.

Datasets 1 and 2. The first and second testing datasets
contain simulated coloured Gaussian noise with PSDs from
the same distribution as that described for the Sage—D3
metric run. The seed for the training and testing datasets for
Sage—D3 metric runs determines the random choice of
PSDs from the precomputed set when generating the noise
samples. The first testing dataset uses the same seed as the
training dataset, and the second does not.

Datasets 3 and 4. The third and fourth datasets
contain noise samples retrieved from O3a(day 36 —51) +
O3b(day 1 — 113) and O3a(day 1-30) segments, respec-
tively. The inclusion or omission of O3a(day 1-30) from
the training or testing datasets significantly affects the
variance of the noise PSDs as seen in Fig. 3, where the
yellow (in H1) and purple (in L1) PSDs lie within this
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TABLE IIl. Parameters used to produce the GW signal used in
Sec. Il A4. The SNR is rescaled to the required value, which
dictates the rescaled distance parameter.

Parameter Value
Approximant IMRPhenomPv2
Mass 1 34.79
Mass 2 26.21
Right ascension 3.11
Declination —0.62
Inclination 0.83
Coalescence phase 1.75
Polarization 2.88
Time of coalescence 11.09
Spinlx —-0.30
Spinly 0.11
Spinlz 0.01
Spin2x 0.28
Spin2y -0.25
Spin2z —0.09
Chirp mass 26.24
Mass ratio 1.33

segment. The seed for these two datasets determines the
random start time for each noise sample. The start time is
uniformly distributed along the segments provided. The
testing seed is not equal to the training seed for either of
the datasets.

We then generate a single arbitrarily chosen GW signal
with parameters provided in Table III and rescale its
network optimal SNR across H1 and L1 to be a fixed
value of 10. This signal is injected at the provided time of
coalescence into half of the noise samples in each dataset,
producing a 1:1 ratio between the signal and noise classes.
A summary of the different runs made is provided in
Table IV. The rest of this section is dedicated to the analysis
of Fig. 16.

General description of Fig. 16. After evaluating a
particular testing dataset with a Sage run, we histogram
the network output (or ranking statistic) produced by the

model for the signal and noise class. The plots in the left
column correspond to the noise class and the ones in the
right to the signal class. The histograms should resemble a
noncentral chi-squared distribution for both classes given
the behavior of real noise PSDs. This is true for the signal
class, as they all contain the same signal with a fixed
network optimal SNR and GW parameters. The intersec-
tion of the tails of the two classes contributes to type-I and
type-1I errors in the detection problem. The classification
confidence of a model for a given dataset can be associated
with the interclass distance (distance between average
network outputs of the classes) and the reduction in
type-I and type-II errors.

Row 1 in Fig. 16. The Sage—D3 metric is evaluated on
the first two testing datasets to produce the first row of
results in Fig. 16. We see that the model produces similar
results for both testing datasets (1 and 2). This corroborates
the hypothesis that the model should perform identically
in the training and testing settings, given that the PSD
distribution is identical (ignoring non-Gaussian noise).

Row 2 in Fig. 16. Here, we test Sage—Limited and
Sage—Broad on the third dataset, with noise retrieved from
O3a(day 36 — 51) + O3b(day 1 — 113). Our naive expect-
ation might be that Sage—Limited, which is trained on the
same noise segment, should perform better than Sage—
Broad as it is trained on precisely the required PSD
realizations. However, we observe that Sage—Broad is
more confident in classifying a signal injected into the same
noise realizations than Sage—Limited, corroborated by the
larger interclass distance. Moreover, Sage—Broad also
seems to perform slightly better when classifying pure
noise realizations from this dataset as seen in the left plot.
This corroborates the hypothesis that a model trained with a
broader noise PSD distribution will be more confident in
predicting the presence of a GW signal compared to a
model with a narrower distribution.

Reason for classification confidence. This might not be
simply due to a broader PSD distribution but rather the
inclusion of more challenging noise PSD realizations.

TABLE IV. Summary of run configurations used to make Fig. 16. The first column points to a histogram in a particular row in Fig. 16.
The second column provides the name of the Sage run used to generate the histogram (details about the runs can be obtained from
Sec. III A 1). The third column describes the PSD distribution used to generate the training dataset samples. Sage—D3 metric uses a
fixed set of O3 PSDs as described in Sec. II C. Sage—Broad and Sage—Limited both use noise samples from O3a(day 36 — 51) +
O3b(day 1 — 113) for training, but the former uses PSDs from O3a(day 1-30) to recolor the training samples, thus broadening the
training PSD distribution. The last column describes the PSD distribution used to generate the testing dataset samples.

Pointer Model Train PSD distribution Test PSD distribution
Row 1 red Sage—D3 metric Fixed set of O3 PSDs The same as train
Row 1 blue Sage—D3 Metric Fixed set of O3 PSDs

Row 2 orange
Row 2 purple

Sage—Limited
Sage—Broad

Row 3 pink

Row 3 green Sage—Broad

O3a(day 36 — 51) + O3b(day 1 — 113)
O3a(day 1 —51) + O3b(day 1 — 113)

Sage—Limited 03a(day 36 —51) + O3b(day 1 — 113)
03a(day I —51) + O3b(day 1 — 113)

The same as Sage—Limited

O3a(day 1-30)
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FIG. 16. Normalized histograms of ranking statistics generated by Sage runs for samples from the signal and noise class on a particular
testing dataset of 500 000 samples (1: 1 ratio between the signal and noise class). A kernel density estimate of each histogram is plotted
over each histogram. The left column corresponds to the noise class, and the right column corresponds to the signal class. We truncate
both histograms in the region of overlap between the two classes for plotting purposes.

Resolving the sources of type-I and type-II errors might
lead to more confident models. The outcome of better
generalization due to the inclusion of harder training
samples has been observed in many previous works
[123-125] and is, thus, a reasonable conclusion. However,
we also found that simply decreasing the lower bound of
the training SNR distribution did not yield the same results.
Thus, the improvement in confidence is likely due to better
generalization on noise PSDs due to addressing the bias
due to lack of variation.

Row 3 in Fig. 16. We repeat the same procedure as row 2,
but using the fourth dataset, with noise retrieved from O3a
(day 1-30). The behavior of the two networks is similar to
that seen in row 2, with the exception that both networks
are now equally confident about the noise class outputs.
Although Sage—Broad performed better than Sage—
Limited in testing dataset 3 for the noise class, this behavior
did not transfer to PSDs in testing dataset 4. The similar
performance of the two models on the noise class indicates
that Sage—Limited is able to successfully extrapolate to

unknown PSDs with higher power. The unchanged behav-
ior with the signal class in row 2 and row 3 signifies that
neither network is overfitting.

Is real noise better than Gaussian noise for training?
Comparing row 1 to rows 2 and 3, we see that models
trained on real noise (Sage—Limited and Broad) have
higher interclass distance than the model trained on
simulated colored Gaussian noise (Sage—D3 metric).
This is due to two reasons: (i) The precomputed PSDs
used for Sage—D3 metric does not vary significantly, thus
leading to nearly white noise after whitening with the
median PSD, and (ii) absence of non-Gaussian noise
artifacts. Previous works [126,127] have established that
deep networks learn patterns easily and require less net-
work capacity to do so, but white Gaussian noise (or the
lack of patterns) is not learned but memorized and takes a
large amount of network capacity. Moreover, trying to learn
Gaussian noise was shown to lead to complex decision
boundaries and required longer training times. Thus, the
lack of patterns in noise samples hinders learning.
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Implications. Data preprocessing procedures that effec-
tively whiten the noise samples (by using an estimated PSD
or glitch removal), counterintuitively, might hinder learning
for the GW detection problem. Using a broader training
distribution for noise PSD might allow the model to
understand and interpolate the PSD space rather than
memorize it. Interpolation, in turn, leads to better gener-
alization and reduces the need to use larger training datasets
(data efficiency).

B. Comparison with other ML pipelines

In this section, we compare our results with recent ML
pipelines that have evaluated their work on the datasets
provided in MLGWSC-1 [21]. We do a more in-depth
comparison with AresGW [53] and Aframe [56] given that
they exhibit the highest detection sensitivity among the
pipelines considered.

1. Comparison with AresGW

Data and architecture differences between AresGW and
Sage. The AresGW architecture is a 1D ResNet-54 trained
using the curriculum learning strategy [53,128]. For train-
ing, they use a 1-s sample length, 12 days of real O3a noise
data, and 38 000 different waveforms (each injected into 19
different background segments, leading to 740 000 differ-
ent training samples). They use the same training mass
distribution to generate waveforms as Sage—Broad.

Figure 17 shows the distribution of detections across
different parameters and compares the number of detec-
tions between Sage—Broad and AresGW at an FAR of
1 per month. We see that 2814 signals were found by both
pipelines, 1476 signals were found only by Sage, and 79
signals were found only by AresGW. This is equivalent to
an increase of ~48.29% in the number of signals detected at
that FAR. Sage—Broad particularly outperforms its
counterpart in the lower chirp mass regime.

The AresGW pipeline was enhanced in [54] and
included the following major changes: using 35 days of
real O3a noise instead of 12, a low-pass filter at 350 Hz for
all samples, and changes to how the triggers are generated
and aggregated during testing. The relative difference in
detection sensitivity between Sage and enhanced-AresGW
should not change by much due to the additional noise data,
since the latter does not mitigate the biases in Sec. I C. This
statement holds even if enhanced-AresGW were trained
with 160 days of real O3 noise, 80 million training samples
with a length of 12 s, and the same training strategies as
Sage. Justification for these statements is provided with
sufficient detail in ablation studies IT and III (see Sec. III C).

2. Comparison with Aframe

Data and architecture differences between Aframe and
Sage. The Aframe architecture is a 1D ResNet-54 trained
using the curriculum learning strategy [56,128]. For training,

they use a 1.5-s. sample length, ~4.5 days of real O3 noise
data, and 75 000 different waveforms (each injected into a
random noise segment obtained from the ~4.5 days of real
noise). A key area of difference that sets apart Aframe from
the other pipelines we compare to is the training mass
distribution. They use p(m;) & my>3% and p(my|m;) o m,
as per GWTC-3 [11], which places a higher emphasis on
lower chirp mass or longer-duration signals. Moreover, they
train on a mass range between 5 and 100M .

Figure 18 shows the distribution of detections across
different parameters and compares the number of detec-
tions between Sage—Broad and Aframe’ at an FAR of
1 per month. We see that 2837 signals were found by both
pipelines, 1453 signals were found only by Sage, and 71
signals were found only by Aframe. The number of signals
detection is similar to AresGW, but the distribution is
expectedly different given the different training mass
distribution (see Fig. 17 for reference). The 1D histogram
of chirp mass in Fig. 18 shows that Aframe addresses the
bias due to limited sample representation of low chirp mass
signals via the training mass distribution, thus detecting
more longer-duration signals than AresGW. The 1D histo-
gram of optimal SNR is similar to that of AresGW,
indicating a limited capacity to effectively detect low-
SNR signals.

For a more meaningful comparison, we must train Sage
on the p(m,;) o my> distribution, which will likely detect
more long-duration signals than Sage—Broad, as indicated
by the Sage—Annealed train run in Fig. 10. As Aframe
uses a 1.5-s sample length, they do not address the bias due
to insufficient information, and a testing dataset that
contains significantly more long-duration signals will
enunciate this bias. We leave this analysis to the future.

Consolidated comparison. We consolidate the compari-
son of the detection performance for different pipelines in
Table V and show the sensitive distance metric of multiple
ML pipelines and PyCBC at different FARs in Fig. 19. We
see an increase of ~4.1% in sensitive distance compared to
AresGW at an FAR of 1 per month. For the sake of
completeness, we provide the sensitive distance curve of
Aframe in Fig. 19. The disadvantage of using a parameter-
dependent metric is clearly evident when comparing our
Sage—Annealed train run with AresGW. Although our run
finds ~15.5% more signals at an FAR of 1 per month, it
scores ~3.5% less on the sensitive distance metric, due to
the chirp mass dependence.

C. Ablation study on Sage

Although a common practice for pipelines in the ML
literature [129], ablation studies are generally not per-
formed in the ML for GW literature. Given the diversity of

7 . . . . .
Results obtained via private communication.
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FIG. 17. 1D and 2D histograms of detected signals for different GW parameters at an FAR of 1 per month, comparing the best Sage—

Broad run and AresGW. We chose GW parameters where we expected to see learning bias. The diagonal subplots contain 1D histograms
of the detected signals for a given parameter. The 2D histograms are hexagonal binned plots, where each bin is colored using
N f;ge - N, fmgw, where N f;ge and N, fmgw are the number of signals detected by Sage and AresGW, respectively. We use a divergent color
map that is set to be black when Né;ge - N fresgw is zero, is progressively brighter in red along the positive axis, and is progressively
brighter in blue along the negative axis. So, red and blue patches can be attributed to regions where Sage and AresGW detect more

signals, respectively.

methods that can be used in ML, it is imperative to prove
the necessity of important parts of our methodology.
Although we have shown proof and explanations for the
performance gains seen in Sage compared to previous ML
pipelines, the source of this performance is not apparent.
We try to understand the contribution of some of the major
components described in the methodology (see Sec. II) by

systematically removing them and evaluating Sage’s per-
formance on the same realistic testing dataset. The meth-
odology used throughout the ablation study is the same as
that seen in Sec. II, and any changes made are described in
each study. The training seeds are fixed for all studies, so
they use the same signal and noise realizations for all
epochs. The studies that use a limited dataset are trained on
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FIG. 18. 1D and 2D histograms of detected signals for different GW parameters at an FAR of 1 per month, comparing the best Sage—
Broad run and Aframe. We chose GW parameters where we expected to see learning bias. The diagonal subplots contain 1D histograms
of the detected signals for a given parameter. The 2D histograms are hexagonal binned plots, where each bin is colored using
N f;ge - NE .. where N f;ge and N, are the number of signals detected by Sage and Aframe, respectively. We use a divergent color
map that is set to be black when N gge - NE is zero, is progressively brighter in red along the positive axis, and is progressively
brighter in blue along the negative axis. So, red and blue patches can be attributed to regions where Sage and Aframe detect more signals,

aframe
respectively.

the same premade dataset. All comparison plots are made
at an FAR of 1 per month. This ablation study is not
exhaustive and targets only some of the major differences
that led to significant performance gains.

Study I—Decreased noise and signal realizations. For
the first study, we removed several major components of
Sage that were meant to increase the variance in the signal

and noise classes during training. For the signal class, we
generate the plus and cross polarizations of 10 GW signals
with the same generation settings as Sage—Broad. Each
iteration of every epoch is given a unique seed, which is
used to set the right ascension, declination, and polarization
for the antenna pattern before calculating the strain of the
waveform as measured by the detector. A time shift is

103002-29



NAGARAJAN and MESSENGER PHYS. REV. D 112, 103002 (2025)

TABLE V. Summary of sensitive distance measures and number of signals detected in the realistic testing dataset for different
pipelines and Sage runs, for different FARs. N f Jmonth and Nfo /month AT€ the number of found injections at an FAR of 1 per month and
10 per month, respectively. The Aframe results are marked with an asterisk (*) as their pipeline is not optimized for the D4 mass
distribution in MLGWSC-1 [21].

Pipeline FAR 100 per month FAR 10 per month FAR 1 per month NTo/month NT month
PyCBC [21] 1722.008 1607.307 1538.768 4364 3857
CWB [21] 1364.195 1440.848 1460.617 e e
Aframe* [56] 1708.237* 1570.450* 1441.291* 4252* 2908*
AresGW [53] 1817.074 1632.455 1573.914 3878 2893
TPI-FSU Jena (2024) [64] 1583.625 1424.370 1316.161 2932 1609
MFCNN [21] 1269.034 984.995 587.930 444 89
Sage—Broad 1858.554 1722.352 1638.204 4760 4290
Sage—Limited 1851.586 1710.573 1553.479 4731 3306
Sage—D4 metric 1758.124 1609.436 1405.947 4179 2316
Sage—Annealed train 1748.338 1613.982 1518.557 4280 3341

applied for the given detector relative to the assumed
geocentric frame to obtain the strain for each of the
considered detectors. We then rescale the network SNR
of the system by drawing SNR values from a uniform
distribution within the bounds [5, 15]. This procedure
limits the GW parameter augmentation to the four param-
eters mentioned above. All other parameters have a fixed
10° realizations throughout the training procedure. For the
noise class, we retrieve 10® samples from O3a(day 31-51)
noise segment (with sample overlap) and do not apply any
noise recoloring.

Figure 20(a) shows the chirp mass histogram of the
number of found injections compared to PyCBC at an FAR
of 1 per month. It also shows reference histograms for the

2400

PyCBC and best Sage—Broad results on this dataset, taken
from Fig. 13. We use only chirp mass here, since it is the
parameter along which we observe the most bias. Although
we use the same network architecture and fix all other
settings, the detection performance is significantly reduced.
We detected signs of overfitting during training, likely
because many of the training hyperparameters were tuned
for the original setting and higher variance in the noise and
signal classes.

We fine-tune the hyperparameters of the network to work
on the reduced dataset for a fairer comparison. Although
the Sage architecture reduces some of the biases, the
distribution of the parameters, the amount of variation,
and the training strategy are paramount to achieving a good
detection performance. Figure 20(b) shows an increase in
performance due to the fine-tuning but does not compare
well with our best results. All ablation studies henceforth

—— Sage - Broad
2200 TI1 ik=pv have been fine-tuned to account for the corresponding
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FIG. 19. The sensitive distance metric as a function of FAR per
month for Sage—Broad, other ML pipelines, and PyCBC on the
D4 testing dataset. The AresGW results were obtained from [53],
Aframe and TPI FSU Jena (2024) results via private communi-
cation, and all other results were obtained from [21]. The Aframe
results are marked with an asterisk (*) as their pipeline is not
optimized for the D4 mass distribution in MLGWSC-1 [21].

Study 1I—Using a simpler network architecture. In this
study, we use a 1D ResNet-50 [100], which is comparable
in size to the networks used in [53,54,56]. Because of the
lack of relevant inductive biases (a network architecture or
training strategy particularly designed for the problem) in
the standard 1D ResNet, we observe in Fig. 20(c) that the
detection sensitivity has significantly degraded compared
to Sage. This study indicates that the architectures used in
AresGW [53], enhanced-AresGW [54], and Aframe [56]
would not experience a significant increase in detection
sensitivity even if they were trained on 160 days of real O3
noise, 80 million training samples of length 12 s, and the
same training strategies as Sage. This empirically justifies
the requirement of appropriate inductive biases.

Study IlI—Using a simple (but deeper) network archi-
tecture. For the third study, we use a 1D ResNet-152 [100].
We chose this architecture for two reasons: (i) This is
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1D chirp mass histograms of detected signals for all ablation studies compared with Sage—Broad and PyCBC at an FAR of

1 per month. Panels (a) and (b) correspond to ablation study I (decreased noise and signal realizations), panel (c) shows study II (using a
simpler network architecture), panel (d) shows study III [using a simple (but deeper) network architecture], panel (e) shows study IV
(abandon regularization), and panel (f) shows study V (effects of aggregation).

a fairer comparison to Sage, as the 1D ResNet-50 is
significantly smaller in terms of the number of trainable
parameters, and (ii) deeper networks are known to learn
long-term dependencies better [72], which also offers an
advantage over the 1D ResNet-50. However, we see in
Fig. 20(d) that the 1D ResNet-152 performs worse than the
much shallower 1D ResNet-50. This is because we fixed
the number of training iterations to be the same for all
ablation studies. Bigger networks are typically less data
efficient than shallower networks [130], which explains the
slightly worse performance in comparison to a 1D ResNet-
50. However, this is true only when the proper inductive
biases are not used. The 1D ResNet-152 and Sage have
nearly the same number of trainable parameters, with the
former being slightly larger. The reduction in performance
seen in Fig. 20(d) is, thus, purely due to the lack of proper
inductive bias. The Sage architecture allows for signifi-
cantly higher data efficiency.

Study IV—Abandon regularization. All previous abla-
tion studies have predicted a point estimate of the chirp
mass and time of coalescence of the supposed GW signal in
each sample. Section II G of the methodology describes
this point estimate as a regularization method that provides
an additional inductive bias to distinguish between the
signal and noise classes. We repeat study II but remove this
regularization and see in Fig. 20(e) that it leads to a

comparative reduction in detection performance with
Fig. 20(c). Since the training seeds were exactly the
same between studies II and IV, we can safely conclude
that the difference is purely due to the lack of this
regularization feature.

Study V—Effects of aggregation. For the final study, we
emphasize the aggregating effects of supervised learning by
using an architecture that is not well suited to handling
glitches in the data. Instead of our CBAM ResNet-50
back-end classifier, we use a Res2Net [131], a multiscale
backbone to the standard ResNet architecture. We see
that, in Fig. 20(f), this relatively minor change led to a
drastic reduction in detection performance. We found
that certain architectures led to a completely invariant
ranking statistic for all signals above a certain threshold
in SNR (let us name this T,). This threshold was
typically present close to the signal-noise class decision
boundary. Say we have 1 month of unseen testing data.
The presence of a single unseen difficult-to-classify glitch
in this dataset could generate a trigger with a ranking
statistic close to T, and instantly reduce the detection
sensitivity at an FAR of 1 per month. This sort of
aggregation of triggers close to the decision boundary
can be mildly alleviated when using larger networks and
significantly mitigated when using networks with proper
inductive biases.
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IV. RUNNING SAGE ON LIVE DATA

Sections III A 1, I A 3, and III A 4 prove that Sage is
able to achieve highly sensitive detection performance with
good glitch rejection capability and limited extrapolation
capability with noise PSDs. Thus, we believe that Sage can
handle real-time detection of GW alongside other existing
production-level pipelines. We dedicate this section to
detail minor modifications to Sage that will allow for its
usage on an unknown live data feed.

Say we want to run Sage on the fifth observing run
(O5). Before running a search on live data, we must first
train the model with noise realizations that resemble the
new data, to bridge the gap due to different noise PSDs.
We can obtain a small amount of noise PSDs from the
new data and recolor previously known noise realizations
from O3 and O4, giving us a large dataset. These data can
then be used to fine-tune Sage over one or two epochs,
which allows it to adapt to the new noise PSDs. To
achieve a low enough FAR, we can modify Sage in one of
the following ways.

Method 1. Our runs in the injection study assume a
known background dataset to estimate the FAR of an
event. In the case of live data, we can retain the current
multidetector architecture of Sage and perform a time-
slide analysis [91] of the strain data with limited data to
achieve low FARs. To perform a time-sliding technique,
the model must first be trained on a dataset that includes
a signal in one detector but not the other. This will
incentivize the model to produce appropriate null triggers
when operating on time-slid data. However, this will use
unnecessary learning capacity (since time-slid data are
not of interest astrophysically) and will likely increase
training times. For each time-slid data sample, the model
must run in evaluation mode; to achieve an FAR of 1 per
year, we must evaluate the model on 1 year of time-slid
data. The primary disadvantage of this method is that
going to very low FARs might become infeasible given
evaluation times.

Method 2. We can run Sage on a single-detector
coincident analysis setting and perform time sliding.
Background estimation can be performed similar to
PyCBC Live, by storing a rolling buffer of detector triggers
and performing the time-sliding technique to estimate the
FAR. Shifting the triggers beyond the light travel time
between detectors will negate some background triggers via
nonphysical coincidences. Contrary to the first method, this
will lead to highly efficient time sliding of friggers instead
of the strain itself. However, a single-detector ML model
will not be able to take advantage of some of the
architectural features introduced in Sec. II G, like channel-
wise attention in the back-end classifier. This might reduce
detection efficiency.

Running Sage on O3. Say we want to conduct an offline
search on O3 data with Sage. Since Sage is trained on the
entirety of O3 noise data (as labeled by current matched-
filtering searches), there is the natural concern that our
training dataset possibly includes as-of-yet-undetected
signals in the noise class. However, given that the ratio
between the volume of undetected signals to genuine noise
is negligible, the following biases will prevent the model
from learning undetected signals as noise: (i) the bias due to
limited sample representation and (ii) the significant
imbalance between noise and signal features in the noise
class (bias due to limited feature representation).

V. LIMITATIONS OF SAGE

Persistent biases. Although we tried to address the biases
mentioned in Sec. I, our best results in Fig. 13 are still
marginally biased against lower chirp masses. An attempt
to alleviate all mentioned biases, as seen for the Sage—
Annealed train run in Fig. 10, leads to an ~13.3% decrease
in the number of signals detected at an FAR of 1 per month
when compared to PyCBC.

Evaluation speed. A larger testing dataset would allow
for performance evaluations at lower FARs. However, even
at the high evaluation speed of the analysis, the current
coherent strategy is limited due to the issues raised in
Sec. IV, method 1. Since evaluating on 1 month of testing
data takes ~16 h, achieving an FAR of 1 in 10 years, for
example, would require ~80 days. Even if a model had an
evaluation speed of 30 min for 1 month of testing data, it
would still take 2.5 days. Thus, Sec. IV method 1 becomes
quickly impractical.

Mild train-test overlap. The best result we present uses
noise PSDs obtained from the testing dataset to recolor the
training noise realizations. The resulting recolored noise
realization is technically new, since the testing data PSD is
only an estimate and whitened noise realization (before
being recolored) is different from testing data. Although the
network does not exhibit any signs of overfitting, this
method still introduces mild train-test overlap. It was
shown in Sec. III A 4 that the performance gain was not
due to this overlap, but the result of a broader distribution of
noise PSDs in the training dataset. We can, thus, alleviate
the mild train-test overlap by generating artificial PSDs
using a normalizing flow [132] and retraining Sage once
before an online search with some representative PSDs. It is
possible to retrain an ML model such that it does not need
further retraining throughout an observing run, as evi-
denced by [133].

Small testing dataset. The number of glitches, although
substantial [O(10*)] within the month of O3a testing noise,
is not sufficient to fully analyze the glitch rejection
capability of Sage. Moreover, there is no guarantee that
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the glitch profiles of all glitch types were fully learned
given the imbalance of data for different glitch types (see
Fig. 23 in Appendix C).

Need for large training dataset. Our current work
requires a large training dataset in order to reduce biases.
Providing sufficient variation to all GW parameters and
including all known noise realizations will prove difficult in
the future. Thus, we have to work toward creating an
information-efficient pipeline that is able to adapt to
unforeseen changes in noise characteristics without the
need for retraining.

VI. CONCLUSION

We introduce Sage, an ML-based BBH detection pipe-
line, that is shown to be capable of detecting ~11.2% and
~48.29% more signals than the benchmark PyCBC sub-
mission in [21] and the AresGW results in [53] for the
MLGWSC-1 injection study, respectively, at an FAR of one
per month in O3a noise. We achieve this performance by
identifying a nonexhaustive set of 11 interconnected biases
that are present in the usage of ML for the GW detection
problem and creating mitigation tactics and training strat-
egies to address them concurrently. We prove that Sage is
robust to OOD variation in noise power spectral densities
and can reject non-Gaussian transient noise artifacts
effectively. Explanations and rationale have been pro-
vided for all method choices, and an ablation study was
conducted to provide evidence for our claims. Our work
addresses the need for interpretability in the application
of ML to GW detection.

The biases, mitigation tactics, and training strategies that
we provide are general, and the salient ideas are trans-
ferable to the detection of other sources of GWs and to
other domains of GW data analysis. We reiterate some of
our primary empirical contributions for the application of
ML to the GW detection problem.

Negating the need for PSD estimation. Contrary to
previous ML-based detection pipelines operating on real
detector noise [53,54,56,64], we show that Sage does not
need to use a PSD estimate for whitening any input sample
(see Sec. II). We use a single approximate PSD instead for
all samples.

Mitigating biases might aid in glitch rejection. In
Sec. III A 3, we obtain all the triggers generated by Sage
and PyCBC during glitch events in one month of O3a noise
and prove that Sage is capable of effectively rejecting

glitches. We also argue about the potential benefits of
mitigating biases for glitch rejection.

0OOD PSDs are good for classification. In Sec. Il A 4,
we show that using a broader range of noise PSDs for the
training data, which could even be OOD to the testing
dataset, greatly aids in detection performance.

Real noise is better than Gaussian noise for training. We
show in Sec. III A 4 that models trained with real detector
noise produce more confident classifiers than models
trained with simulated colored Gaussian noise.

Parameter efficiency via inductive biases. Via an abla-
tion study (see Sec. III C), we show that a model that is
larger than Sage in terms of number of trainable parameters
is not able to achieve nearly the same detection sensitivity
as Sage, if it does not have the proper inductive biases.
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APPENDIX A: TESTING DATASET
PARAMETER DISTRIBUTIONS

Figure 21 shows the gravitational-wave parameter dis-
tributions for the D4 testing dataset introduced in the
MLGWSC-1 [21]. This was generated using the data-
generation ini file provided in the MLGWSC-1 GitHub
repository for use with PyCBC (see [134]).
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FIG. 21. 1D histograms of GW parameters showing the parameter distributions based on the D4 testing dataset generated from 10°
samples. The distributions are fully defined in Table I.

APPENDIX B: SAGE—BROAD DETECTION SENSITIVITY

Figure 22 shows the 1D histograms of detected events along different gravitational-wave parameters at an FAR of 1 per
month for Sage—Broad. Figures 13, 17, and 18 show the same for a limited number of parameters—chirp mass, mass ratio,
spin-1z, spin-2z, and optimal network SNR. Here, we provide a full comparison of Sage—Broad and PyCBC.
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APPENDIX C: NETWORK BEHAVIOR FOR Observation 1. The training component mass distribu-

DIFFERENT GLITCH TYPES

We investigated a little further into the comparison of
generated triggers for different types of glitches (see
Fig. 23). We arrived at three major observations.

tion and its related learning biases determine the glitch
types that the ML model finds most difficult to classify.
Observation 2. The Sage—Annealed train run typically
produced fewer glitch triggers between an FAR of 10* per
month to 1 per month, when compared to Sage—Broad.
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EL = Extremely_Loud

H = Helix
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FIG.23. Glitch triggers from different glitch types at FARs from 10* per month to 1 per month for different Sage runs and PyCBC. The
left and right columns correspond to the H1 and L1 detectors, respectively. The top row corresponds to the Sage—Annealed train run,
the middle row to the Sage—Broad run, and the bottom row to PyCBC. The glitch types chosen for each panel produced the top three
triggers for that configuration (“top” here refers to triggers with the lowest observed FARs).
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Observation 3. We did not observe any noticeable
correlation between the difficult-to-classify glitch types
and their number of occurrences in the training data. In
particular, glitch types that were not significantly present in
the training dataset were not any more difficult to classify
than the glitch types that were present in abundance. This
might be an artifact of a limited testing dataset.

APPENDIX D: PARAMETER POINT ESTIMATE

Figure 24 shows parity plots of true vs predicted chirp
mass and coalescence time for the validation dataset from
Sage—Annealed train and Sage—Broad, evaluated at the
epoch with the lowest validation loss. These point estimates
are included primarily to provide an auxiliary inductive bias
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during training while also serving to passively diagnose
parameter-specific training biases.

Diagnosing biases. For both Sage—Annealed train
(Fig. 24, top) and Sage—Broad (Fig. 24, bottom), the
chirp mass is typically underestimated near the upper end
of its range, even at high network SNR. Two possible
causes are (i) insufficient representation of high chirp mass
signals in the training data and (ii) model limitations in
capturing short-duration waveform morphology. The sec-
ond is unlikely, as it would produce random errors rather
than systematic bias. Supporting the first explanation,
Sage—Broad, which trains on U(m, m,), shows reduced
bias compared to Sage—Annealed train, which trains
on U(ry,73) and is more underrepresented at high chirp

masses.
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FIG. 24. Actual value of GW parameters: chirp mass M, and time of coalescence .., plotted against the network predicted value for a
validation epoch in different Sage runs. The points are colored based on the network optimal SNR of their corresponding gravitational-
wave signal. The top row corresponds to the Sage—Annealed train run and the bottom row to the Sage—Broad run.
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