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We introduce WaveletNet, a wavelet-based neural-network architecture for identifying non-Gaussian noise
in gravitational-wave data and reducing its impact on candidate ranking. Traditionally, convolutional neural
networks (CNNs) have been widely used as a flexible machine learning method to mitigate non-Gaussian
noise. However, training CNNs requires many data samples, especially when the input data segments are
long. Glitches that mimic high-mass black hole signals are empirically known to have a waveletlike
structure. We exploit this property in WaveletNet by using simple neural networks to learn the best family of
wavelets to model glitches in the LIGO-Virgo-KAGRA O3 data. Due to its simplicity, our framework is
significantly more sample-efficient than CNNs. As a use case, we build upon the trigger inference using the
extended strain representation (TIER) method from [arXiv:2507.08318] and show WaveletNet can improve
the performance of search pipelines. We take potential GW candidates from the pipeline, and then down-
weight the candidates having noisy strain regions in their vicinity [i.e., within tcandidate �Oð10Þ sec]. We
use our framework in a modular way: we provide an output score that can be added to the pipeline’s
existing detection statistic for the candidates. We test our method using candidates from the IAS-HM search
pipeline and find peak improvements of ∼15% in the search sensitive volume, concentrated at high total
masses and asymmetric mass ratios.
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I. INTRODUCTION

Gravitational waves (GWs) are waves on the fabric of
spacetime predicted by Einstein’s theory of general rela-
tivity [1]. They are produced by some of the most violent
processes in the Universe, such as the inspiral and merger
of binary black holes [2]. The LIGO, Virgo, and KAGRA
detectors [3–5] now routinely measure such merger events.
Their sensitivity is limited by many noise sources, whose
characterization is an essential part of detector operation
and data-quality validation [6–10]. Some of these, known
as glitches, are non-Gaussian transients that are difficult to
remove. Glitches can resemble real GW signals, making
it harder to establish the astrophysical origin of some
candidates [5,11–13].
Multiple GW search pipelines operate in parallel on

interferometer data, using different strategies for signal
extraction and background estimation. For example, PyCBC
and GstLAL use compact-binary-coalescence template banks
to identify coincident triggers across detectors [14], and
rank candidates with likelihood-ratio statistics [15–17]. The
coherent WaveBurst (cWB) pipeline is an unmodeled

search that reconstructs transient signals through coherent
excess-power analysis [18–20]. The multiband template
analysis (MBTA) pipeline reduces computational cost by
splitting matched filtering into multiple frequency bands
[21]. The IAS-HM pipeline extends standard matched-filter
searches by incorporating higher-order harmonic modes
beyond the dominant quadrupole, improving sensitivity to
asymmetric and high-mass binaries [22,23]. It performs
mode-by-mode filtering and combines the resulting signal-
to-noise ratios (SNRs) using physically informed ranking
statistics, yielding substantial gains in detection reach [24].
Low-mass compact binary coalescences produce long-

duration signals that spend many waveform cycles within
the detectors’ sensitive band. Although non-Gaussian tran-
sients occur across all frequency bands, a single short-
duration glitch is unlikely to mimic or mask the full
morphology of a long signal. This distinction helps moti-
vate signal-consistency tests that reduce the glitch back-
ground for low-mass systems [14,15,25–27]. In contrast,
high-mass systems produce short in-band signals whose
duration can be comparable to that of a typical glitch. These
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signals are therefore more susceptible to transient contami-
nation [5,26,28–33], which reduces the discriminating
power of standard detection statistics and increases the
false-alarm rate. Improved analysis methods are therefore
needed to distinguish genuine high-mass signals from
transient noise backgrounds.
Flexible machine-learning (ML) architectures such as

convolutional neural networks (CNNs) and transformer-
based models have been widely applied to the identification
of non-Gaussian noise in GW data, see, e.g., [11,34–61].
Closely related applications include supervised and transfer-
learning classifiers for glitch morphology [62–74], signal-
glitch discrimination and search classification [75–79], and
low-latency denoising or noise regression [44,80]. These
approaches are highly expressive: they can model complex
nonlinear relationships and hierarchical features in the data.
However, they typically require large training datasets,
particularly for long time-domain segments of tens of seconds
or more [38,52]; see AppendixA 1 for a demonstration in our
setting. This data demand can be limitingwhen representative
examples of specific glitch morphologies are scarce.
A class of glitches that contaminate searches for high-

mass binary black-hole mergers is empirically observed to
produce localized, short-duration excess power in the data
[11,28,29,81,82], a signature well suited to wavelet-based
detection. We therefore use wavelets as a flexible basis for
representing these glitch morphologies. The method is best
suited to glitches that admit approximately sparse wavelet
representations, as is often the case for the short-duration
transients most relevant to high-mass binary searches. More
complex or irregular glitches may require a superposition of
many wavelets; for such cases, other parametrized families,
such as chirplets, shapelets, or learned dictionary atoms,
could be incorporated into the same framework as replace-
ments for the wavelet basis.
We introduce an explicit inductive bias by modeling

glitches with a parametrized wavelet family, the Morlet
wavelets, ψðtÞ ¼ e−t

2=2σ2eiω0t. Rather than learning arbi-
trary features from raw data, we use a lightweight multi-
layer perceptron (MLP) to infer physically interpretable
wavelet parameters, such as central frequency and temporal
duration. This approach trades architectural flexibility for
data efficiency and interpretability, while remaining expres-
sive enough to capture the dominant glitch morphologies
relevant to high-mass searches.
In this work, we design a network, WaveletNet, to charac-

terize noisy strain data in the vicinity of gravitational-wave
candidates. WaveletNet uses learnable Morlet wavelets as
glitchlike templates and performs matched filtering over
an extended region surrounding each trigger. By using a
wavelet basis to identify localized regions of excess power,
the model gains an inductive bias that is more sample
efficient than generic CNNs for the nonlocal data consid-
ered here; see Appendix A 1. We apply the framework
to glitches in data from the LIGO-Virgo-KAGRA O3

observing run. Wavelet-based approaches have also been
used in other areas of astrophysics and cosmology to obtain
robust inference and improved data efficiency relative to
generic deep neural networks (e.g., Ref. [83]).
When integrated modularly into the IAS-HM search

pipeline, WaveletNet yields improvements of up to 15% in
sensitive spacetime volume, demonstrating its usefulness as
a complementary ranking component rather than a replace-
ment for existing pipelines. This builds on the TIER
methodology introduced in Ref. [84]. Some instrumental
glitches have been empirically observed to “come with
friends,”meaning that they cluster in time and occur during
periods of elevated noise; scattered-light glitches are a
common example [85]. Related behavior has been used
manually to reduce contamination in the GWTC-4 catalog;
see Fig. 9 of Ref. [86]. This clustering is not universal
across all glitch morphologies, but it is relevant for the class
of short-duration, broadband transients targeted here, as
reflected in the nonlocal summary statistics used in our
pipeline; see Sec. V B. Previous search pipelines have
evaluated candidate significance using only a narrow
(∼� 0.1 s) window around the trigger [14,15,26,87],
roughly set by the template duration or autocorrelation
length. As a result, informative structure in the surrounding
strain data is ignored. WaveletNet addresses this limitation by
producing an external score from nonlocal data that can be
modularly combined with the existing ranking statistic.
The paper is organized as follows. In Sec. II, we describe

the architecture of WaveletNet. Section III presents tests of
our methodology on a simplified toy dataset. In Sec. IV, we
discuss how extended strain information is incorporated
into the search ranking statistic. Section V describes the
data used to train the MLmodels and the summary statistics
employed to compress the extended strain information. In
Sec. VI, we present the resulting sensitivity improvements
of the search pipeline, and in Sec. VII, we discuss the
implications of our methodology.

A. Motivation for an inductive-bias-driven architecture

Our methodology is guided by the principle that infer-
ence performance can be improved by introducing an
explicit inductive bias based on domain knowledge, rather
than relying entirely on data-driven feature learning. In
many signal detection problems in physics, the signals of
interest have partially known structure, while the main
challenge comes from noise and limited data.
Widely used deep-learning approaches, such as CNNs,

treat this as a representation-learning problem in which the
model must infer both the signal structure and the decision
boundary from raw data. While flexible, this approach
typically requires large models and datasets, and offers
limited physical interpretability. In contrast, classical signal
processing provides established tools, such as matched
filtering, that are optimal for improving SNRs when the
signal shape and noise distribution are partially or fully
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specified. Our approach combines these ideas by inserting
flexible signal-processing structure into the matched-filter-
ing step of the pipeline.

II. WAVELETNET ARCHITECTURE

The WaveletNet architecture has two main components: a
matched-filtering module based on learnable Morlet wave-
lets, and a MLP that combines the resulting features with
summary-statistics inputs to produce a final candidate
score. The workflow is shown in Fig. 1. The following
sections describe each component.

A. Learnable wavelet matched filtering module

Glitches that resemble high-mass binary-black-hole
signals are empirically observed to exhibit localized time-
frequency structure that can be represented by wavelets
[81,88–90]. We use this property to learn a compact
wavelet basis for identifying glitchy nonlocal data with
WaveletNet.
The model performs matched filtering on strain data

using the learnable Morlet wavelets. We initialize six
Morlet wavelets with center frequencies spanning 15 Hz
to 60 Hz, the band most relevant for BBH-mimicking
glitches in the O3 data used here. The number of wavelets
was chosen empirically: adding more did not improve
performance. The lower edge avoids the seismic-noise-
dominated regime below 15 Hz, while relatively few
glitches in this sample exhibit substantial power above
60 Hz. The Morlet wavelets are defined as

ψðtÞ ¼ π−1=4 · ei2πft · e−t
2=2: ð1Þ

The wavelet is characterized by its frequency, scale, and
duration, with scale and duration intrinsically related. In
our model, the scale is the only learnable parameter.1 The
central frequency and duration are held fixed to reduce
computational cost, because varying them does not yield
measurable performance gains in the O3 data. After
scaling, the Morlet wavelet is

ψ sðtÞ ¼
1ffiffiffi
s

p · ψ

�
t
s

�
: ð2Þ

We trained the scale parameters in logarithmic space to
prevent convergence to zero. For example, the trained
wavelets are visualized in Fig. 2.
Matched filtering of the wavelets against the data is

implemented with the CONV1D function from PyTorch. The
matched-filter output yðtÞ is obtained by convolving
the input strain data dnonlocalðtÞ with the scaled Morlet
wavelet ψ sðtÞ,

yðtÞ ¼ ðdnonlocal � ψ�
sÞðtÞ: ð3Þ

To maximize the matched-filter response, we apply ana-
lytical phase maximization [87,92], a standard technique in
gravitational-wave searches that removes sensitivity to the

FIG. 1. WaveletNet model architecture for evaluating extended strain information near a GW candidate. Extended strain data in the
� ∼ 15 s region surrounding each candidate is filtered through a bank of learnable Morlet wavelets, which act as matched filters and
produce time-domain responses sensitive to transient structure in the environmental data. From each wavelet response, we extract the
three largest peaks and their time indices, yielding 36 wavelet-derived features across six wavelets. These features are concatenated with
20 summary statistical features (see Sec. V B), forming a 56-dimensional input feature vector. This vector is passed to a multilayer
perceptron with one hidden layer of 64 units and a scalar output, which produces the final model score used for candidate ranking.

1The wavelet scale parameter used here is related to the Q-
transform parametrization of Morlet wavelets discussed in [91],
where the quality factor Q determines the trade-off between time
and frequency resolution. The two parametrizations are equiv-
alent; we adopt the scale convention as it maps directly onto our
implementation.
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arbitrary phase offset between the template and the signal.
For a complex-valued filter output yðtÞ, this is equivalent to
projecting the complex response onto its optimal phase
by rotating yðtÞ to align along the real axis, yielding the
magnitude of the output,

ỹðtÞ ¼ jyðtÞj ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ReðyðtÞÞ2 þ ImðyðtÞÞ2

q
: ð4Þ

This maximizes the response over the unknown coales-
cence phase without requiring an explicit grid search
over it.
Instead of passing the full response to the MLP, we

extract the three highest peaks of ỹðtÞ and their time
indices. Retaining three peaks keeps the feature dimension
small and is sufficient empirically, since our data samples
rarely contain more than three prominent glitches. These
peaks are the loudest glitchlike responses identified by
the wavelet filter, providing a compact summary of the
strongest transient activity in the data.
Peaks are identified by segmenting the response into 0.1 s

intervals and selecting the maximum value within each
segment. This representation yields improved classification
performance while significantly reducing the training time.

In Fig. 3 we compare the matched-filtering SNR
responses of representative wavelets to glitchy and non-
glitchy strain data. For the glitchy strain, the wavelet
responses show distinct SNR peaks at times corresponding
to non-Gaussian transients visible in the spectrograms. In
contrast, the responses for the nonglitchy strain remain
lower and lack coherent peaks, indicating the absence of
significant transient noise. This contrast shows that the
learned wavelets are selectively sensitive to glitchlike
structure in the nonlocal data.

B. MLP classification head

The MLP takes as input the concatenation of wavelet-
derived features and nonlocal summary statistics, as dis-
cussed in Sec. V B. From each wavelet response, the three
largest peaks and their corresponding time indices are
extracted, yielding a total of 36 wavelet-based features
across the full wavelet bank. These features are concat-
enated with 20 summary statistical features, forming a
56-dimensional input vector. The input is processed by a
fully connected layer with rectified linear unit (ReLU)
activation, followed by a final linear layer that produces a
scalar output score.

FIG. 2. Learned wavelets corresponding to a high-mass template bank (GW signals with total mass Mtot ≈ 250M⊙). Only the scale
parameter of each wavelet is trained. The central frequency and duration are held fixed to reduce computational cost, because varying
them does not yield measurable performance gains in the O3 data. The resulting learned waveforms effectively function as a bank of
glitch templates for this mass range.
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Training is performed using the Adam optimizer
with a learning rate of 10−4 and binary cross-entropy loss
with logits. We monitor the validation loss for early
stopping and adaptive learning-rate reduction using a
ReduceLROnPlateau schedule, retaining the model state
with the lowest validation loss.
The ML component is designed to augment the tradi-

tional matched-filtering search pipeline, rather than replace
it. The glitches used for training are noise transients that
produce triggers in the existing GW template banks, and
therefore span a range of morphologies and characteristic
frequencies. Capturing this diversity with a single wavelet
model is challenging. We therefore train separate model
instances for triggers from different GW template banks;
the banks are approximately partitioned by total mass, as
described in Ref. [93].
Since each template bank corresponds to a characteristic

range of total masses and signal durations, glitches that
trigger a given bank tend to share similar time-frequency
morphologies. We therefore train a separate WaveletNet

model for each bank, using only glitches identified by
templates from that bank. During inference, each candidate
is associated with the template that produced it, and the
WaveletNet model trained on the corresponding bank is used
to compute the probability that the candidate is a glitch.

III. PERFORMANCE ON A TOY DATASET

To compare CNNs with WaveletNet, we perform a toy
experiment using a generic CNN and a simplified version
of the wavelet-based model described in Sec. II. The dataset
is a synthetic time-series dataset designed to study binary
signal detection under controlled conditions. Each sample
consists of a 10 s, one-dimensional time series sampled at

2048 Hz. There are two classes: pure Gaussian noise, and
Gaussian noise containing a weak, localized signal.
The signal is a Haar wavelet modulated by a Gaussian

envelope and randomly positioned within the time series to
test temporal invariance. Although both Haar and Morlet
wavelets are compactly supported, they are morphologi-
cally distinct: Haar wavelets are piecewise-constant step
functions, whereas Morlet wavelets are smooth sinusoidal
oscillations. The model’s performance advantage is there-
fore not a trivial consequence of template-signal identity.
The signal amplitude is chosen so that the prefiltering
SNR is 0.6, placing the signal well below the noise
floor and making it indistinguishable by eye. This chal-
lenging regime tests whether each model can exploit
time-frequency structure rather than raw amplitude. The
matched-filtering step in WaveletNet provides a substantial
SNR boost, enabling effective detection despite the low
prefiltering SNR. All datasets are class balanced and
generated deterministically, with multiple dataset sizes
used to assess scaling with training data.
We first apply matched filtering with learnable wavelets

to emphasize relevant time-frequency structure. From the
resulting matched-filtering responses, we extract a small
set of summary statistics, including the mean, standard
deviation, range, and peak prominence, to characterize
signal strength and distinctiveness. This structured repre-
sentation reduces model complexity, stabilizes training, and
preserves interpretability while retaining the benefits of
ML-based optimization.
Figure 4 shows the validation performance of the two

models as a function of training-set size and training epoch.
The wavelet-based model achieves higher validation accu-
racy with fewer training samples and exhibits more stable
convergence. In contrast, the CNN improves more slowly

FIG. 3. Examples of SNR responses of the wavelet with a glitchy data strain (left panels) and a nonglitchy data strain (right panels).
The glitchy strain, which contains stronger non-Gaussian noise, produces higher wavelet-response SNR peaks than the nonglitchy
strain. The panels use the same SNR scale to facilitate direct comparison.
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with dataset size and shows larger fluctuations in validation
loss, consistent with higher data requirements and greater
sensitivity to overfitting. These trends qualitatively dem-
onstrate how incorporating problem-specific structure can
improve data efficiency and training robustness, even in
simplified settings. At very small training-set sizes, sto-
chasticity in the training procedure can be significant; this
likely explains the change in relative behavior in the left
panel of Fig. 4. A Jupyter notebook implementing the toy-
model experiments is publicly available at [94].

More broadly, synergies between wavelet-based repre-
sentations and flexible deep learning architectures have
been explored in the machine learning literature, demon-
strating that combining explicit time-frequency structure
with learnable models can improve robustness and gener-
alization in limited-data regimes [83,95–98].

IV. INCLUDING ENVIRONMENTAL
INFORMATION IN THE SEARCH

RANKING STATISTIC

When searching for GW signals, each search pipeline
finds a number of signal candidates. To determine the
significance of the candidates, a ranking score/statistic is
assigned to each candidate. The optimal ranking score is
given by the Neyman-Pearson lemma, and corresponds to
the ratio of the likelihood of the candidate being either a
signal (S) or noise (N ),

L≡ PðdjSÞ
PðdjN Þ≡

Pðdlocal; dnonlocaljSÞ
Pðdlocal; dnonlocaljN Þ ; ð5Þ

where dlocal is the region within �0.1 s of the candidate,
and dnonlocal extends to �15 s around the candidate, as
described below. Expanding Eq. (5), we obtain

L≡ PðdlocaljSÞ
PðdlocaljN Þ

Pðdnonlocaljdlocal;SÞ
Pðdnonlocaljdlocal;N Þ : ð6Þ

Calculating Pðdnonlocaljdlocal;N Þ is challenging because
of its non-Gaussian and nonstationary nature. Therefore,
search pipelines often use the approximation

Lpipeline ≈
PðdlocaljSÞ
PðdlocaljN Þ ; ð7Þ

which effectively assumes the second fraction to be unity.
This corresponds to treating the noise far from the
candidate event as statistically independent of the local
data dlocal.
However, as mentioned above, glitches can “come with

friends”: if dlocal contains a glitch (i.e., the true hypothesis
is N ), the surrounding data dnonlocal can also exhibit
elevated noise levels. Consequently, the standard approxi-
mation is not strictly valid, since the statistical properties of
dnonlocal need not resemble those of a typical Gaussian
background.
It is worth clarifying the role of dnonlocal in this frame-

work. The nonlocal environment is not used to refine
parameter estimation of the candidate itself, but to inform
candidate ranking. When a candidate occurs during
elevated glitch activity, it is more likely to be a noise
transient mimicking a signal and is therefore down-ranked.
This increases the separation in the ranking statistic
between genuine astrophysical events and glitch-induced
triggers, improving overall pipeline sensitivity. A nonlocal

FIG. 4. Comparison of a wavelet-based neural network and a
CNN on a toy-model dataset (see Sec. III for details). This figure
illustrates the effect of the inductive bias used in WaveletNet on
data efficiency and training stability. Top panel: validation
accuracy as a function of training-set size for a wavelet-based
model and a CNN. The wavelet-based model achieves higher
accuracy with fewer training samples. Bottom panel: validation
loss as a function of training epoch for the same models, obtained
using a fixed training set of 400 examples per class. The wavelet-
based model exhibits stable convergence, while the CNN shows
larger fluctuations. These results qualitatively demonstrate the
advantage of incorporating signal-processing structure in limited-
data regimes.
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window may also contain a glitch unrelated to the candi-
date. In such cases a true signal could be mildly down-
weighted, but the cost in sensitivity is small because such
coincidences are rare compared with the gain from cor-
rectly down-weighting glitch-induced triggers. This asym-
metry between signals and glitches, together with the
known nonstationarity and nonlinear coupling of detector
noise on timescales from seconds to months [12,99],
motivates the inclusion of dnonlocal in the ranking statistic,
and is empirically supported by the gain in sensitive
spacetime volume reported in Sec. VI.
We use our MLmethod to address this issue; we learn the

distribution of non-Gaussian noise from the detector data
and down-weight non-Gaussian transients. As shown
schematically in Fig. 5, the resulting ML score can be
modularly combined with the traditional pipeline statistic to
further calibrate the ranking score,

Lnew ≃ Lpipeline ×
Y
i∈ det

pext
i

1 − pext
i

: ð8Þ

Here pext
i is the classifier output trained to estimate

pext
i ¼ pðdjSÞ=½pðdjSÞ þ pðdjN Þ� in detector i. The ratio

pext
i =ð1 − pext

i Þ therefore yields pðdjSÞ=pðdjN Þ, providing
a direct estimate of the likelihood ratio contribution from
the nonlocal data that can be consistently combined with

Lpipeline. The new likelihood Lnew should approximate the
true likelihood better than Lpipeline, as calculated in Eq. (7).

V. TRAINING DATA

In this section, we describe the input data streams used
to train WaveletNet and obtain pext

i . WaveletNet uses two inputs:
a whitened strain time series from the nonlocal region
surrounding each candidate, and a vector of statistical
features summarizing the candidate’s data environment.
Together, these inputs provide complementary contextual
and summary information. Separate models are trained for
each of the 17 binary-black-hole template banks, whose
construction and boundaries are described in Sec. II of
Ref. [100]. For each bank, the models are trained using
approximately 15,000 injection examples and 23,000 glitch
examples.

A. Whitened time series

We extract 30 s time-series segments from the nonlocal
region surrounding each candidate event. These segments
exclude the immediate vicinity of the trigger, ensuring that
the model captures background noise characteristics rather
than features of the candidate itself. By providing raw
contextual information about the surrounding noise envi-
ronment, the time-series input enables WaveletNet’s learnable
wavelet filters to characterize noise properties relevant for
classification.

B. ADDITIONAL NONLOCAL STATISTICAL
FEATURES OF THE GW CANDIDATES

In addition to the time series input described above, we
incorporate a set of summary statistical features derived
from the nonlocal data surrounding each candidate. These
features, provided by the IAS-HM search pipeline, offer a
compact description of the broader data environment and
are intended to complement the information extracted
directly from the strain time series.
We present below the statistical features computed from

the nonlocal data. These features were developed empiri-
cally to capture aspects of the surrounding data that may
indicate elevated noise levels or nonstationarity. Similar
summary statistics are used in the random-forest models
described in Ref. [84]. More informative summary statis-
tics, or ML-based compression of the environmental data,
may further improve classifier performance.
(1) Δttriggers: This quantity denotes the time interval

between the candidate and the other neighboring
triggers, in the range of 0.5 s< jt− tcandidatej< 15 s,
in each detector’s catalog picked up in the matched
filtering stage of the pipeline. We only include
binary black holes with individual masses >10M⊙,
which safely have duration shorter than 0.5 s, to
avoid signal overlap.

FIG. 5. Ranking statistic of a typical search pipeline (Lpipeline)
uses local SNR from matched filtering to sort or rank a candidate
event by its likelihood of being an astrophysical signal rather than
noise. The TIER framework can be used to augment the ranking
statistic of a pipeline by including complementary information
about the extended strain data next to the candidate time [see
Eq. (5)]. We thus obtain the probability that the candidate is an
astrophysical signal (pext) based on the extended strain data and
include it in the candidate ranking statistic.
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(2) SNR of nearby triggers: We include information
about the SNRs of neighboring triggers observed in
each detector. We use full-harmonic SNRs calcu-
lated as jρ2HMj≡ jρ22j2 þ jρ⊥33j2 þ jρ⊥44j2, where ρ⊥33
and ρ⊥44 correspond to the SNR of the orthogonalized
higher-harmonic templates. We rescale these values
to reduce the numerical range of the inputs for the
ML models.

(3) Template ID of the neighboring triggers: In the IAS
pipeline, the template ID corresponds to singular
vector components (c0, c1) [101,102]. Glitches are
caught more frequently by certain templates (short-
duration waveforms) and providing this information
to the ML model could be useful.

(4)
R jhnormðfÞj2

PSDlocalðfÞ df: This quantity measures the sensitivity
of a given local strain data segment to gravitational
waveforms from a particular template bank. Essen-
tially, this quantity penalizes data segments with high
power spectral density (PSD) values, often dominant
in the segments with gravitational strains.

(5) Δthole: Distance to the nearest “hole.” These are the
regions excised by the IAS-HM search pipeline. They
correspond to very loud noise transients, and are
expected to have SNR≳ 20. We include this param-
eter separately from the nearby triggers, as these data
regions do not have an accurate SNR estimate in our
pipeline (as we inpaint such loud noise data seg-
ments before estimating the PSD).

(6) Nnoisy bands: These are the number of noisy frequency
bands/channels overlapping with the triggers. We
use results from the Band Eraser tool from
Ref. [100] to estimate this quantity. The Band
Eraser tool removes individual noisy segments
with dimensions 64 s × 2 Hz in the spectrogram of
the strain data.

VI. SEARCH PIPELINE SENSITIVITY
IMPROVEMENT

We apply the trained WaveletNet models to candidates
produced by the IAS-HM search pipeline, computing the
external probability pext for both background and coinci-
dent events. These values are combined with the traditional
ranking statistic using Eq. (8) to form a new ranking
statistic. This reranking modifies the false alarm rate (FAR)
and the inferred astrophysical probability, pastro, assigned to
each candidate.
As a first diagnostic of the trained models, we examine

the learned wavelet filters. In Fig. 2 we show the trained
wavelets for one representative template bank, BBH-14,
corresponding to total masses of Mtot ≈ 250M⊙. These
learned wavelets can be interpreted as data-driven tem-
plates for the short-duration, clustered transients targeted
by our method in the detector data.
To translate this wavelet-level sensitivity into an impact

on search results, we compute an external probability
score, pext, for each coincident candidate identified by
the IAS-HM pipeline. For a given candidate, the learned
wavelet responses and nonlocal summary statistics are
processed by WaveletNet to produce pext

i for each participat-
ing detector. These scores are then combined with the
traditional pipeline ranking statistic Lpipeline according to
Eq. (8) to form a reranked statistic Lnew, yielding an
updated ordering of candidates.
In Fig. 6 we illustrate the resulting changes in inverse

false-alarm rate (IFAR) for candidates in the BBH-14
template bank obtained using this method. Here, the old
IFAR refers to the original ranking produced by the
IAS-HM pipeline without WaveletNet, and we plot the ratio
of the updated IFAR to the original value after incorpo-
rating pext. For many candidates, particularly those with

FIG. 6. Two classes of inputs to WaveletNet are the SNR responses obtained from matched filtering with the learned wavelets, and the
additional summary statistics provided by the search pipeline (see Fig. 1). We illustrate the relative importance of these input classes by
quantifying their effect on the IFAR improvement for injections in the data. The left panel shows the performance obtained using only
the wavelet matched-filtering outputs. The center panel shows the IFAR improvement obtained using only the summary statistics from
the search pipeline (see Sec. V B). The right panel shows the full WaveletNet model, which combines the wavelet-based features with the
pipeline summary statistics. The wavelet-based features provide a stronger contribution to the IFAR improvement than the summary
statistics alone.
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modest IFAR in the original ranking, the inclusion of pext

leads to a noticeable suppression of events occurring in
noisy nonlocal environments, while leaving cleaner can-
didates largely unaffected or modestly enhanced. This
behavior is consistent with the intended role of pext as a
noise-aware correction to the pipeline ranking statistic.
Using these reranked candidate lists, we then compute

updated false-alarm rates and astrophysical probabilities for
simulated signal injections. The sensitive spacetime vol-
ume, VT, quantifies the four-dimensional volume over
which a search is sensitive to astrophysical signals and is
the primary figure of merit for comparing detection
efficiency at fixed false-alarm rate; improvements in VT
correspond directly to an increased expected detection rate.
In its simplest form, VT is often estimated as

VT ≈
Ndet

Ninj
V injT inj; ð9Þ

where Ndet is the number of detected injections above a
given threshold, Ninj is the total number of injections, and
V injT inj is the spacetime volume over which injections are
distributed.

Our computation of the volume-time, VT, employs a
more accurate weighted Monte Carlo integral over the
injections recovered by the pipeline with IFAR > 1 yr,
following [103]:

VT ≃
Tobs

Ndraw

XNfound

j¼1

fðzjÞ 1
1þzj

dVcðzjÞ
dz pðθjÞ

πdrawðθj; zjÞ
; ð10Þ

where Tobs is the observation time of the analyzed dataset,
pðθÞ is the astrophysical probability distribution over the
intrinsic source parameters θ ¼ ðms

1; m
s
2; s⃗1; s⃗2Þ, Vc is the

comoving volume, z is the redshift, Ndraw is the total
number of injections generated from the sampling distri-
bution, and πdrawðθ; zÞ is the corresponding injection
sampling probability elaborated in Ref. [24].
In Fig. 7 we show the resulting improvement in VT as a

function of inverse false-alarm rate (IFAR) when incorpo-
rating pext into the ranking statistic. The shaded bands
denote the 90% confidence intervals obtained via bootstrap
resampling of the injection set. The error bars are wider in
regions with fewer recovered injections. A larger injection
campaign at high mass and asymmetric mass ratio would
reduce these uncertainties. Nevertheless, across a wide
range of IFAR thresholds, we observe a systematic increase
in VT, indicating enhanced detection efficiency at fixed
false-alarm rate.

VII. DISCUSSION

The primary goal of this work is to introduce and
evaluate a wavelet-based approach for characterizing non-
local noise environments surrounding GW candidates, and
to assess its impact when integrated into existing ranking
pipelines. In this section, we discuss how WaveletNet com-
pares to TIER, introduced in Ref. [84], and highlight the
regimes in which the wavelet-based framework provides
complementary or potentially improved performance.
A key distinction between WaveletNet and TIER lies in

how nonlocal noise is modeled. The TIERmethod relies on
matched filtering with template banks (originally con-
structed to identify compact binary coalescence signals).
While this approach is effective at capturing certain forms
of excess power, these templates are not optimized for
instrumental glitches, which often exhibit time-frequency
morphologies that can differ substantially from those of
astrophysical signals. In contrast, WaveletNet learns a set of
data-driven wavelet templates directly from environmental
data, enabling it to adapt to the characteristic time-
frequency structure of glitches. This design choice allows
the model to assess the noise environment surrounding a
candidate in a manner more closely aligned with the
underlying glitch phenomenology.
Specifically, TIER uses the same template banks

employed by the IAS-HM pipeline to generate matched
filtering triggers for glitch identification. This strategy is

FIG. 7. Improvement in the sensitive spacetime volume (VT) of
the IAS-HM search obtained by incorporating WaveletNet. The
curves labeled “old” correspond to the VT reported in Ref. [24],
which does not include WaveletNet. We use the injection catalog
released by the LVK Collaboration on Zenodo [104]. The
shaded bands denote the 90% confidence intervals obtained
via bootstrap resampling of the injection set. The observed
sensitivity gains are primarily concentrated at high total masses
and asymmetric mass ratios, corresponding to short-duration
signals that are most susceptible to contamination from transient
noise. We also observe an increase in the significance of several
near-threshold GW candidates identified by the IAS-HM search.
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computationally efficient, but it represents noise transients
solely through their projections onto astrophysical GW
templates. As a result, it can be suboptimal when instru-
mental glitches exhibit morphologies that differ signifi-
cantly from compact binary coalescence signals.
We demonstrate that WaveletNet can improve the sensi-

tivity of search pipelines targeting short-duration, clustered
transients, achieving improvements in sensitive spacetime
volume comparable to existing approaches while offering a
complementary, data-driven alternative to fixed signal-
based template banks. Because the model learns glitch-
sensitive wavelet features directly from the data, it can
adapt to changes in detector behavior. We therefore expect
this approach to be useful in future observing runs, such as
O4 and beyond, where glitch populations and morpho-
logies may differ from those seen in O3. As long as the
relevant glitches admit a reasonably sparse wavelet repre-
sentation, the method can be retrained and recalibrated
without relying solely on fixed signal-based template
banks.
In this paper, we do not attempt to classify or character-

ize the morphology of individual glitches. Rather, we use
wavelet triggers solely to flag time windows containing
anomalous power, agnostic to the specific glitch type. The
learned wavelet parameters associated with glitchy data
may also be useful as priors in parameter-estimation or
data-cleaning methods such as BayesWave [90].
Unlike the approach of Ref. [84], which characterizes

nonlocal regions through hand-crafted summary statistics
such as trigger time separations, neighboring SNRs, and
spectral-noise metrics fed into a random-forest classifier,
WaveletNet performs matched filtering directly against
learned wavelet templates on the raw strain time series.
This provides a flexible measure of transient noise activity:
the matched-filter response quantifies the similarity
between the nonlocal data and the characteristic time-
frequency structure of glitches, rather than relying only on
precomputed scalar summaries that may not fully capture
local structure [5,12,56,105,106]. This inductive bias
improves sample efficiency relative to more generic
CNNs, which typically require larger training datasets to
learn comparable representations. The scalar output score
produced by WaveletNet is also directly interpretable as a
ranking correction and can be incorporated into existing
detection pipelines.
We also explored several alternative ML approaches

based on CNNs, including architectures augmented with
attention mechanisms. These models offer greater flexi-
bility and, in principle, can learn a broader class of time-
frequency patterns than wavelet-based models. In practice,
however, CNN-based approaches required significantly
more training data to achieve stable performance and were
more prone to overfitting in the limited-data regime
relevant for environmental glitch characterization. For a
fair comparison, the CNNs were trained using the same

dataset sizes as WaveletNet, namely 15,000 injection exam-
ples and 23,000 glitch examples per bank. While CNNs
may outperform wavelet-based methods given sufficiently
large and diverse training sets, WaveletNet provides a more
data-efficient solution for the problem considered here. A
detailed discussion of these alternative models and their
performance is provided in Appendix A.
In Appendix B, we compare WaveletNet with the random-

forest regression model introduced in Ref. [84], as well as
with variants of WaveletNet that differ in architectural details.
As described in Sec. V, our model integrates two input
streams: wavelet-based features derived from nonlocal
strain data and a set of summary statistical features. The
additional comparisons presented in Appendix B and Fig. 6
show that the wavelet-based features provide most of the
observed performance improvement, while the summary
statistics add complementary contextual information. This
supports the conclusion that learned wavelet features are
a key contributor to the effectiveness of the proposed
approach.

VIII. CONCLUSIONS

Using a simple wavelet-based model architecture, we
demonstrate that it is possible to account for certain
characteristics of the nonlocal noise environment, yielding
meaningful improvements in search-pipeline sensitivity.
Instead of relying on large, data-hungry CNNs, we intro-
duce a lightweight wavelet-based model that incorporates
prior knowledge about glitch structure and can be trained
with fewer examples. This architecture is easier to train,
more stable in limited-data regimes, and still captures
features that improve candidate ranking.
Gravitational-wave search pipelines typically assess the

origin of a candidate using data localized to the immediate
vicinity of the event. For stationary Gaussian noise, this is
sufficient because data whitening already accounts for the
broader noise environment. However, instrumental glitches
are neither stationary nor Gaussian: some cluster in time
and arise from common underlying disturbances, so
elevated noise activity in the nonlocal environment can
be correlated with glitches near the candidate. In this non-
Gaussian regime, the broader data environment provides
useful context for distinguishing astrophysical signals from
instrumental noise transients. In this work, we develop
machine-learning models that analyze the nonlocal envi-
ronment surrounding a candidate by matched filtering
learnable wavelets against the strain data, complemented
by sparse summary statistical features.
The scalar output of these models can be incorporated

into existing ranking statistics, enabling candidate rerank-
ing without disrupting established detection workflows.
Applying this approach to the IAS-HM search, we observe
peak improvements of ∼15% in sensitive spacetime vol-
ume, concentrated at high total masses and asymmetric
mass ratios (q ¼ 0.25), where short-duration signals are
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most susceptible to contamination by transient noise (see
Fig. 7). This value is the maximum gain across the mass
and mass-ratio grid explored, not an average over all
sources, demonstrating enhanced detection efficiency at
fixed false-alarm rate in the regime most affected by non-
Gaussian noise.
The proposed framework can be integrated with gravi-

tational-wave search pipelines that produce candidate
triggers and associated environmental data. Because the
wavelet templates are learned directly from the data, the
method can adapt to changes in detector noise character-
istics. Future work will extend this analysis to O4 and
subsequent observing runs, where evolving glitch popula-
tions and increased detector sensitivity may further benefit
from data-driven, adaptive noise characterization.
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APPENDIX A: OTHER APPROACHES

In this section, we present alternate ML model archi-
tectures that we tried, but that did not yield usable results.
While the reasons for the failures are often complicated, we
present some plausible explanations.

1. Convolutional neural network (CNN)

We experimented with directly training CNNs on the
GW strain examples described in Sec. V. We also tested an
attention layer designed to focus the model on glitchlike
structure. We describe these attempts below.

a. Training on spectrograms of the nonlocal region

We generated spectrograms from the time-series data
using the specgram function from the MATPLOTLIB

library. The spectrograms were computed with a sampling

frequency Fs = 256, an FFTwindow size NFFT = 64, and
an overlap of noverlap = 32 between successive
windows. The spectrogram was divided into the left and
right region of the candidate and passed separately to the
CNN (see Fig. 5).
One model used multiple stacked layers of 2D con-

volutions, batch normalization, ReLU activations, and max
pooling. The goal was to learn spectral patterns associated
with glitches directly from the input spectrograms. We
found that this CNN struggled to distinguish the two
classes effectively.
We also tested a model with a SpectralAttention mecha-

nism after several convolutional blocks, inspired by
Ref. [108]. Each convolution block consisted of a 2D
convolutional layer with progressively larger kernel sizes,
ð5 × 5Þ, ð11 × 11Þ, and ð21 × 21Þ, followed by batch
normalization, LeakyReLU activation, and max pooling.
After reshaping the output, we applied a custom attention
layer that projected the features into query and value
representations and used soft attention weights to empha-
size salient regions. The motivation was to help the model
focus on glitch-specific patterns, especially in noisy or
ambiguous cases. However, the attention-enhanced model
did not yield a significant improvement. A possible
explanation is that the spectrograms from the glitch and
injection classes often appeared quite similar. This suggests
that the CNN may have failed to isolate features that were
truly distinctive of glitchy backgrounds, potentially
because of subtle underlying spectral differences.

WaveletNet performs better in this limited-data regime
because its wavelet filters act as convolution kernels
optimized to detect non-Gaussian transient structure. By
imposing an inductive bias tailored to glitch morphology,
the model focuses on a restricted and physically motivated
feature space rather than learning arbitrary spectral pat-
terns. As a result, WaveletNet achieves improved data
efficiency and can be trained with fewer samples than
more flexible CNN-based architectures.

b. Training on raw time series

Another approach was to train one-dimensional CNNs
on raw time series without preprocessing. The goal was
to retain the raw amplitude and phase information
without imposing a time-frequency trade-off or depending
on spectrogram preprocessing choices. Additionally, we
experimented with two types of attention mechanisms
within our model structure—TransformerSelfAttention
and SpectralAttention.
CNNs can capture short-range temporal features with

shallow layers, but identifying long-range structure gen-
erally requires deeper architectures. TransformerSelf-
Attention creates direct connections between all elements
of the time series, allowing the model to act as a global
pattern detector. In principle, this could help connect noisy
nonlocal regions with nearby glitches.
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APPENDIX B: MORE FIGURES AND
COMPARISONS

In our previous work [84], we trained a random-forest
(RF) model only on summary statistics and achieved an

almost 20% improvement in VT. WaveletNet provides a
different way to evaluate the nonlocal environment of
candidates. In Fig. 8, we compare the RF and WaveletNet

outputs for glitchy and nonglitchy strain data. We also test a
variant of WaveletNet in which the classification-head MLP is
replaced by an RF model; the corresponding VT increase is
shown in Fig. 9. In Figs. 10 and 11, we show that WaveletNet

achieves more stable validation performance than CNNs,
particularly in the limited-data regime.

FIG. 8. Comparison of output scores from the RF model trained
in Ref. [84] and the WaveletNet model. The scatter away from the
y = x line shows that WaveletNet learns features that differ from
those used by the RF model.

FIG. 9. Similar to Fig. 7, but using an RF regression model
instead of the multilayer perceptron as the final classification
module (see Fig. 1). This comparison tests the choice of final
classifier. We find that the resulting increase in VT is comparable
to that obtained with the MLP-based WaveletNet.

FIG. 10. Validation accuracy over training epochs for WaveletNet
and the CNN. WaveletNet achieves higher and more stable
performance than the CNN. Training CNNs requires large data-
sets, especially when the input segments are long.

FIG. 11. Final validation loss as a function of training set size
for WaveletNet and CNN. WaveletNet maintains lower and more
stable loss across dataset sizes, while CNN performance degrades
at larger scales, reflecting its higher data requirements.
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[63] J. Powell, A. Torres-Forné, R. Lynch, D. Trifirò, E. Cuoco,
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