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Gravitational-wave searches for cosmic strings are currently hindered by the presence of detector
glitches, some classes of which strongly resemble cosmic string signals. This confusion greatly reduces the
efficiency of searches. A deep-learning model is proposed for the task of distinguishing between
gravitational-wave signals from cosmic string cusps and simulated blip glitches in design sensitivity data
from the future Einstein Telescope. The model is an ensemble consisting of three convolutional neural
networks, achieving an accuracy of 79%, a true positive rate of 76%, and a false positive rate of 18%. This
marks the first time convolutional neural networks have been trained on a realistic population of Einstein
Telescope glitches. On a dataset consisting of signals and glitches, the model is shown to outperform
matched filtering, specifically being better at rejecting glitches. The behaviour of the model is interpreted
through the application of several methods, including a novel technique called waveform surgery, used to
quantify the importance of waveform sections to a classification model. In addition, a method to visualize
convolutional neural network activations for one-dimensional time series is proposed and used. These
analyses help further the understanding of the morphological differences between cosmic string cusp
signals and blip glitches. Because of its classification speed in the order of magnitude of milliseconds, the
deep-learning model is suitable for future use as part of a real-time detection pipeline. The deep-learning
model is transverse and can therefore potentially be applied to other transient searches.
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I. INTRODUCTION

Since the first confirmed detection of the gravitational-
wave signal GW150914 in 2015 [1], over 90 gravitational
waves have been confirmed by the LIGO, Virgo, and
KAGRA detectors [2–5]. These observatories are cur-
rently in their second generation [6,7]. A third generation
of detectors including Cosmic Explorer [8], the Laser
Interferometer Space Antenna (LISA) [9] and the Einstein
Telescope [10] are already in development. The Einstein
Telescope will have a greatly increased sensitivity com-
pared to the current generation and is expected to
detect many more signals, possibly from new sources.
Gravitational waves observed thus far have been the
product of compact binary coalescences, which are pairs
of coalescing stellar- or intermediate-mass black holes and

neutron stars [2–5]. Searches, however, are not limited to
such systems. One class of unary sources is that of cosmic
strings.
Cosmic strings are objects that are conjectured by several

theories to have formed in the early Universe, and if
present, have evolved as the Universe expanded [11,12].
They should present themselves as strings at cosmological
scales. Cosmic strings interact with gravity through gravi-
tational lensing on background light sources due to their
angular deficit [11], but also through gravitational waves.
The focus of this paper is the detection of cusps on cosmic
strings [13–15]. Cusps can be understood as points on the
cosmic string that instantaneously accelerate to the speed of
light, and in doing so generate gravitational waves.
Current searches for cosmic string signatures, of

which cusp signals are an example, rely on matched filtering
[16–21]. Matched filtering is a process where modelled
waveforms (called templates) are convolved with detector*Corresponding author: r.h.a.j.meijer@uu.nl
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strain data in order to check for the presence of a signal
matching the template. Although these searches have not
resulted in observational evidence for the existence of
cosmic strings, their results have been used to constrain the
model parameters of cosmic strings [16,19,21]. Matched
filter searches for cosmic strings are hindered by the
presence of detector glitches [17,21], bursts of non-
Gaussian noise that may look very similar to modelled
cusp signals. Although it is uncertain what glitches will
look like in the Einstein Telescope, short-duration glitches
that mimic cusp signals are likely to appear. In this paper,
machine learning is employed to demonstrate it is possible
to differentiate cosmic string cusps from a common class
of transient glitches known as blip glitches in LIGO and
Virgo data [22], assuming similar glitches in Einstein
Telescope data.
This paper details the training of convolutional neural

networks for the task of distinguishing modeled cosmic
string cusp signals from artificial blip glitches in simulated
Einstein Telescope data. The goal is to both prepare for the
arrival of the third generation of detectors, as well as to
utilize the higher sensitivity of these detectors to learn
about the morphological differences between the two types
when obfuscated by detector noise. Having this informa-
tion may aid in current searches in second-generation data
as well, as it can be incorporated to design better searches
and confirmation tests for observed gravitational-wave
candidates.
This paper is organized as follows. Section II reviews

cosmic strings before drawing the comparison to glitches
through their waveform similarity. Section III reviews
matched filtering, the current method for cosmic string
searches. Section IV details the methodology of this paper,
from the creation of the dataset to the analysis of the model.
Section V reports on the results of the applied methods.
Conclusions are collected in Sec. VI.

II. COSMIC STRINGS AND GLITCHES

Cosmic strings are found in field theories, where they
appear as one-dimensional topological defects [11,12].
Such defects may arise as the result of a process called
spontaneous symmetry breaking, where the internal sym-
metry group of the vacuum manifold M is lowered to a
strict subgroup [23]. Although both global and local
symmetries can be broken the restriction to local sym-
metry breaking is made, due to the possible relation with
unification [24]. It is for this reason that cosmic strings
originating from symmetry breaking in local symmetry
groups, or gauge groups [25], are studied in this paper.
Assuming the presence of a Lie group structure leads to
the gauge group being a manifold, and in particular to the
gauge group admitting a topology. It is through the
homotopy groups [26] of the gauge group that topological
defects can be detected and classified. In particular, the

fundamental group π1ðMÞ being nontrivial leads to the
conclusion that effectively one-dimensional (or stringlike)
topological defects must be present in the theory, as the
contractions of the S1 embeddings get caught on such
presences (illustrated in Fig. 1). As the circle shrinks, the
defect prohibits the circle from collapsing onto the base
point. Different defects are then signaled by the classes in
the fundamental group. More generally, nontriviality of the
kth homotopy group demonstrates the presence of topo-
logical defects of dimension k. Although cosmic strings
remain hypothetical as of yet, the detection of topological
defects in other dimensions for other systems gives reason
to assume they may exist. Domain walls, two-dimensional
topological defects, appear when a ferromagnetic material
undergoes a phase transition as its temperature passes the
Curie point [27].
Alternatively, a class of cosmic strings arises from string

theory. In string theory, strings are small elemental objects
that vibrate in dimensions beyond the four spacetime
dimensions postulated by general relativity [28]. As these
additional dimensions are compactified (for instance
through the Kaluza-Klein mechanism [29]), this takes
place at unobservably small scales, meaning it is extremely
difficult to obtain observational evidence. However, it is
possible for these strings to grow to a cosmological scale,
forming so-called cosmic superstrings that exhibit behavior
similar to cosmic strings [24,30].
Spontaneous symmetry breaking [25], and therefore the

appearance of cosmic strings, may be caused by phase
transitions such as the ones associated with grand uni-
fication or lower-energy scales. Cosmic strings are there-
fore of interest to the scientific community as their study
can unveil information about both the early Universe and a
string-theoretical description of the Universe [24].
As physical phenomena, cosmic strings appear at cos-

mological scale as extremely thin strings with massive
densities. As such, their large-scale dynamics are governed
by the zero-thickness limit by the Nambu-Goto action [24].
Cosmic strings can either be open strings or closed loops
and moreover may interact if two cosmic strings meet.
Networks of multiple interacting cosmic strings have been
simulated [31–35].
In order to detect cosmic strings, observational signa-

tures are needed. Cosmic strings are massive dynamic
objects, producing gravitational waves through a variety

FIG. 1. A contraction of the circle S1 to the basepoint on the
right, caught on a stringlike deficiency. This deficiency, or defect,
does not allow the contraction to complete.
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of mechanisms. Examples are the formation of cusps and
kinks [16]. This work focuses on cusps in closed cosmic
strings. A cusp is a singular point on a curve where the
tangent vector vanishes, or in other words, a singularity
where a point traveling along the curve would have to
reverse its direction. When this happens, the physical
string snaps into a cusp shape and is at that point
instantaneously accelerated to the speed of light. A burst
gravitational wave is then emitted in the direction of
acceleration [13–15]. This is visualized in Fig. 2. The
waveform h of such a signal in the Nambu-Goto limit for
loop length l at redshift z and tension Gμ, in natural units
where the speed of light c is taken to be unity, has been
computed as a function of frequency f as [16]

hl;z;GμðfÞ ¼
�
ð2=3Þ2=38=Γ2ð1=3Þ l2=3Gμ

ð1þ zÞ1=3rðzÞ
�
f−4=3

≈
�
0.85

l2=3Gμ

ð1þ zÞ1=3rðzÞ
�
f−4=3: ð1Þ

In this formula rðzÞ is the comoving distance to the loop, or
the distance of the observer to the loop, and Γ is the Gamma
function. The extrinsic parameters for detection are distance
and the sky location. The shape of this waveform in the time
domain, and a spectrogram of a strain of noise including this
waveform, are shown in Fig. 3.
State-of-the-art methods employed in cosmic string

searches such as matched filtering (reviewed in Sec. III)
are hindered by the similarity of cosmic string cusp signals
to short-duration transient glitches like blip glitches. Blip
glitches are defined as transient bursts with a duration of
around 25 ms with frequency concentrated between 30 Hz
and 250 Hz [22]. Depending on the viewing angle and
assumptions on loop length [21], a cosmic string cusp signal
may occupy this same frequency range. This paper is
focused on the development of methods with respect to
blip glitches. However, the methods treated could be
extended to any class of short-duration glitches affecting
cosmic string cusp searches. Although the morphology of
such glitches can differ strongly from cusp signals, in the
worst-case scenario they may look near-identical, especially

when accounting for the diffusion caused by background
noise. This worst-case likeness is demonstrated in Figs. 3
and 4.

III. CURRENT METHODS

Current state-of-the-art methods rely on matched filter-
ing, which is optimal for finding known signals in the
presence of stationary and Gaussian noise [36]. Matched
filtering convolves a known signal (or filter) with a data
segment in order to obtain a signal-to-noise ratio (SNR)
value that indicates the presence of the signal in the data. If
the value so obtained exceeds a preset threshold, it is said
the filter was matched to the data, and the GPS time of the

FIG. 2. A visualization of a burst gravitational wave produced
at a cosmic string cusp. As the string snaps into a cusp, a directed
gravitational wave is emitted in the direction of acceleration.

FIG. 3. A cusp signal with an amplitude of approximately
9.85 × 10−22 Hz1=3 prior to injection, overlaid onto the noise it
was injected into on the left, and the spectrogram of this strain on
the right. Note that the amplitude absorbs the parameters l, z, and
Gμ per Eq. (4).

FIG. 4. A glitch generated by GENGLI, overlaid onto the noise it
was injected into on the left, and the spectrogram of this strain on
the right. The glitches were scaled to follow the SNR distribution
of the cusp signals. This procedure is explained in Sec. IVA.
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trigger is stored. In gravitational-wave pipelines, this trigger
is the starting point for a series of statistical tests to confirm
a gravitational-wave candidate [16,37].
Given a linear space of complex functions into which the

waveforms can be embedded, the SNR is dependent on the
following Hermitian inner product for u and v taken from
this space,

hu; vi ¼ 4Re

�Z
∞

0

uðfÞvðfÞ
SnðfÞ

df

�
; ð2Þ

where Sn is the power spectral density (PSD) characterizing
the detector noise and the bar denotes the complex con-
jugate. Any template can now be normalized with respect to
this inner product. For a template x, let the normalising
factor hx; xi be labeled cx. Taking the detector strain as
being sðtÞ ¼ nðtÞ þ hðtÞ where a signal h is expected, with
n being the noise, the SNR ρsðxÞ of the normalized template
x in the strain s is defined as

ρsðxÞ ≔ hs; xi: ð3Þ

In the presence of a signal, meaning h is not identical to
zero, the measured SNR (signified by a tilde) eρxðtÞ for a
signal of amplitude A is a random variable normally
distributed asN ðcxA; 1Þ [18,38,39]. Using this observation,
the data can be match filtered against a set of waveform
templates called a template bank. The template that best
matches the data will produce the highest SNR.
Matched filtering has two major drawbacks. The first is

the need for a template bank that sufficiently covers the
parameter space which in general can be of high dimension,
showcasing issues with scalability. The second is that,
specifically for cosmic string searches, matched filtering is
not robust to glitches, confusing the two classes due to their
similar morphology. These points argue the case that it is
worthwhile to explore alternatives to matched filtering for
candidate detection in search pipelines. One natural choice
is that of neural networks which in theory can address both
drawbacks. From a theoretical point of view, it is interesting
to note that work is being done towards the replication of
matched filtering as neural networks [40]. One could then
make a case that neural networks can strictly improve on
matched filtering.

IV. METHODOLOGY

For the task of training convolutional neural networks on
both the as-of-yet undetected cosmic string cusp signals
and the per definition unpredictable glitches, a dataset
incorporating advanced domain knowledge needs to be
constructed. Once this data format is established, the
network architecture is treated, along with the design
decisions involved. Finally, the methodologies for a com-
parison to the state-of-the-art and making interpretations of
the deep-learning model are described.

A. Construction of the dataset

The Einstein Telescope will consist of three detectors in a
triangular configuration [41]. As such, three detector strain
data streams will simultaneously be collected. In this work,
these streams will be labeled stream 0 through 2. Einstein
Telescope data was simulated by first producing colored
Gaussian noise and then injecting cusp signals and blip
glitches into the streams.
For each of the three streams of the Einstein Telescope, a

Gaussian noise time series of length twelve seconds was
generated, that was subsequently colored by the PSD
representing the Einstein Telescope design sensitivity [42]
using PyCBC [43]. The design sensitivity of the Einstein
Telescope along with the sensitivities of current (second)
generation detectors [44] are shown in Fig. 5. The noise
realizations were then injected with cusp signals to form the
positive class, and artificial glitches to form the nega-
tive class.
The cusp waveforms in the time domain were generated

through the use of the LALSimulation package [45]. The
function for the generation of the plus-polarized cusp strain
components requires three inputs; an amplitude A in Hz1=3

[normalizing Eq. (1)], a high-frequency cutoff fhigh in Hz
past which the waveform will drop exponentially, and a
sample period Δt in Hz. Here, A represents the amplitudal
prefactor in Eq. (1),

A ≔ 0.85
l2=3Gμ

ð1þ zÞ1=3rðzÞ ; ð4Þ

so that the waveform in the time domain is given by the
inverse Fourier transform of

hðfÞ ¼ Af−4=3ðfhigh − fÞþ; ð5Þ

FIG. 5. The Einstein Telescope design sensitivity compared to
the realized sensitivities of the current generation of detectors in
the third observational run (O3).
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where the plus signifies the taking of the positive part, and
the output time series is of this transformed function at
sample periodΔt. In order to randomly generate waveforms,
the amplitudes A and cutoff frequencies fhigh were uni-
formly sampled from ½10−23; 10−21� and f20; 21;…; 4000g,
respectively. These generated cusp signals, assuming an
isotropic distribution, were projected according to the
Einstein Telescope antenna pattern and injected into
Gaussian-colored noise sampled at 8192 Hz, before the
strain was whitened and cropped to a length of eight
seconds. The resulting SNR distributions of this positive
class are shown in Fig. 6.
The glitches were artificially generated using the GENGLI

package [46], which has learned to model blip glitches in
the time domain by harnessing generative adversarial
networks [47]. Currently, GENGLI approximates the real
distribution of glitches in O2 data, specifically that of LIGO
Hanford and Livingston. This data includes anomalies, and
it is, therefore, possible anomalies showing a different
morphology than blip glitches are generated. Using the
GENGLI similarity metrics, an accepted region is defined
that excludes roughly one in ten glitches that are deemed
too dissimilar from blip glitches. These outliers are dis-
carded. This procedure is described in [48].
The true morphology and intensity of Einstein Telescope

glitches are currently unknown. It is however reasonable to
assume that short-duration glitches similar to blips will be
present in the recorded data, and as they are in fact a worst-
case scenario in terms of similarity to the cusp signals, they
form the best possible preparation. In order to further ensure
the robustness of the models to be trained on this dataset, the
generated glitches are scaled in amplitude to follow the SNR
distribution of the injected cusps shown in Fig. 6. This
ensures that the models do not learn a difference in SNR
distribution. The injection procedure itself differs from that
of cusp signals, since GENGLI generates whitened glitches.
These glitches are summed as a time series to eight seconds

of whitened noise at randomly drawn offsets. The offsets per
stream are uncorrelated and the glitches are chosen ran-
domly, meaning there is no detector coincidence for the
glitches. Examples of both injected glitches and cusp signals
are shown in Figs. 3 and 4.
For both classes, no further preprocessing has taken

place. In order to both preserve the original information and
retain computational efficiency, time series are used instead
of alternative representations like spectrograms.
The resulting dataset consists of 30,000 examples (or

data points), split into training, validation and test sets of
sizes 16,000, 4000 and 10,000 respectively. Each subset is
balanced, meaning it is made up of equal parts positive
examples (signals) and negative examples (glitches).

B. The WaveNet architecture

The convolutional neural networks [49] discussed in this
section are implemented in PyTorch [50] and were run on the
LIGO Data Grid. The specific machine used has the
following specifications; Intel E5-2670 CPU, NVIDIA
Tesla V100 16 GB GPU, and 128 GB of memory.

WaveNet [51] is an expressive convolutional neural net-
work designed for the generation of high-fidelity speech
audio. The architecture is capable of handling long-range
temporal dependencies at high sampling rates, achieved by
creating a large receptive field through the use of dilated
convolutions, or dilations. Dilations allow the network this
reception by skipping over a preset number of neurons in
each layer, dilating the layers. By appending dilated layers,
an exponential increase in the receptive field is gained at
the cost of a linearly increasing number of layers, as is
illustrated in Fig. 7.
The major building blocks of WaveNet are residual block

modules as presented in Fig. 8. The figure shows that input
to the module is passed through a convolutional layer, after
which it is simultaneously passed through both tanh and
sigmoid gates. The activations [49] are recombined in
elementwise multiplication, where the sigmoid activations
modulate the throughput, determining howmuch of the tanh
output activation is passed [52]. The output is convolved
with 1 × 1 filters to reduce the number of parameters before
being fed into the residual connection [53,54]. Note that at
this point a copy of the throughput is sent to a skip
connection [54].

FIG. 6. The SNR distribution of injected cusp waveforms
modelled as a probability density. The streams refer to the
streams of the detectors making up the Einstein Telescope.

FIG. 7. Dilation between the layers of the neural network
(shown horizontally), retrieved from [51]. As data is passed
upwards through the layers, an increasing number of neurons is
passed over, creating a larger diagonal reach for the neurons in the
top layer.
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Inspired by the methodology proposed in [55], where the
full WaveNet architecture was modified for the discovery of
binary black hole systems, modifications have been made
for this project as well. The major changes are listed below:

(i) Instead of encoding the time series amplitudes in a
range of 256 possible values (see [51] for details), no
such limit is imposed in our implementation;

(ii) The causal structure intended for the dependencies
in human speech was removed so as to provide the
most possible information to the model;

(iii) The dilated convolutions have a kernel size of 3 to
capture fine details, and the dilation within the kth
block module (of 11) is set to 2k;

(iv) The steps preceding the softmax activations were
removed in favor of dense layers. In order to produce
a probability, the activations need to be collapsed
onto a scalar value in the unit interval. This too is
shown in Fig. 8.

Together, these changes tailor the architecture to the needs
of binary classification instead of the originally intended
generation.

C. Design and parameter choices

The first major design choice is the use of an ensemble.
Instead of training a single network on the three streams,
one network was trained for each, and the three final
networks were combined into an ensemble. This has
several advantages. The first is the handling of different
glitches being injected into the streams, therefore not
allowing the ensemble to resort to using coincidence for
its classification and forcing it to consider morphologies.
Second, the independent networks can learn different
characteristics during their training phase, averaging out
to a more well-informed final decision by the ensemble.
This average is taken literally, as the probability PðxÞ
output by the ensemble for an example x ¼ ðx0; x1; x2Þ of
strains is the average of the components networks Pi for
i∈ f0; 1; 2g,

PðxÞ ¼ P0ðx0Þ þ P1ðx1Þ þ P2ðx2Þ
3

: ð6Þ

When the time does arrive that coincidence is needed to
confirm a candidate detection in joint analysis, these
probabilities can be transferred to a central machine instead
of the data containing the candidate. This greatly reduces
latency, as a single probability is less costly to transmit than
a time series.
The weights of each network were determined using

stochastic gradient descent, specifically using the AdamW

optimizer [56] with learning rate 10−4 and a weight decay
of 10−3. These values were further varied, yielding no
significant improvement at this small scale. The batch size
was set to 13. Due to the complexity of the model, increases
in the batch size resulted in a direct gain in performance,
and this trend is likely to continue. For this model, the batch
size was limited by memory.
In the training phase, each separate network was trained

independently for 20 epochs, resulting in the training and
validation cross-entropy losses shown in Fig. 9. This phase
was repeated multiple times to ensure the optimizer did not
get stuck in an avoidable local minimum. It can be read
from the validation losses that because of the small batch
size, overfitting started between the second and fourth
epochs, marked by vertical lines.
From here on, an ensemble is defined by the three

ordered epochs at which the training of the networks was
halted, denoting the ensemble so created as an ½i; j; k�-
ensemble for i, j, k between the values of 0 and 19.
Choosing weights according to the times where overfitting
started, the ½2; 4; 2�-ensemble was established as the initial
candidate. Classifiers defined by nearby stopping times in
the i, j, k lattice were checked by brute force iteration but
gave no improvement over the ½2; 4; 2�-ensemble. This
ensemble was therefore chosen.
Both the individual network thresholds, the ensemble

threshold, and combinations of the two were fine-tuned on
the validation set. The most important measures used in the

FIG. 8. Overview of the modified WaveNet architecture for a single data stream, adapted from [51]. The hidden layers are colored blue,
the internal activations are shown in orange, and the normalizing softmax layer is shown in green.
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fine-tuning were the accuracy, true positive rate and false
positive rate. As can be seen from Fig. 10, the ensemble
probabilities P on the validation set are highly concentrated
in the neighbourhoods of 0 and 1, giving no cause to
deviate far from an ensemble threshold of 0.5. The viable
range for thresholds to test was set to the uniform set
spanning from 0.4 to 0.6 with step size 0.01, with none
leading to a significant improvement over the default value
of 0.5. A similar line of reasoning has led to thresholds of
0.5 for the component networks.

D. Comparison to matched filtering

A direct comparison between the deep-learning model, a
binary classifier, and matched filtering, which is not a
binary classifier, is not straightforward. In order to bench-
mark the deep-learning model against matched filtering, a

new balanced dataset of total size 400 was constructed,
again following the SNR distribution shown in Fig. 6 for
both signals and glitches injected into Gaussian noise
colored by the Einstein Telescope design sensitivity.
Recall that these were labeled the positive and negative
examples, respectively.
For a given positive example, each of the three streams

was match filtered against the exact injected waveform.
This waveform is per definition the optimum filter, and the
trigger value is defined as the global maximum of the three
SNR time series.
For the negative examples, the optimum filter will not

exist as a cusp waveform template, as no true signal was
injected. The choice of templates is therefore arbitrary. In
order to simulate realistic circumstances, a template bank
was created by randomly sampling 20 of the 200 signals
generated during the creation of the comparison dataset.
Including more templates would be detrimental to the
performance of matched filtering, as these additional
templates would only allow for the measured SNR to be
increased, where it is known no cusp signal is present.
Hence, the results from this comparison can be considered
conservative. The performance of matched filtering could
only be improved by constructing a template bank of cusp
waveforms where no template can be matched to blip
glitches, which defeats the purpose of the comparison.
The remainder of the procedure is identical to that for the
positive examples so that the method is internally consistent.

E. Model interpretability

Neural networks are notoriously hard to interpret
because of their large dimensionality and opaque optimi-
zation procedures. Ideally, however, the discriminative
properties the networks have learned would be extracted,
in order to better understand the morphological differences
between the injected signals and injected glitches. So as to
learn what the neural networks have learned, a variety of
methods is proposed to interpret the behaviour of our deep-
learning model.

1. Surgeries

The first method employed to better the understanding of
our deep-learning model is what will be referred to as glitch
surgeries. Surgeries are limited to the class of glitches which
are not subject to detector antenna patterns, meaning impact
can more directly and accurately be measured for glitches.
Moreover, they are more readily split into different regions
on which surgeries can be performed. The predetermined
parts of a selected glitch are excised before reclassifying the
modified example and quantifying the change in the
ensemble prediction with respect to the original input. In
doing so, features salient to the deep-learning model can be
identified.

FIG. 10. Counts of the ensemble probabilities for both classes,
with the y-axis in the log scale.

FIG. 9. Training and validation losses for the three networks.
The stopping times are represented by vertical lines, marking the
weights used for the networks.
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The observation underpinning the procedure is that a
glitch gðtÞ can generally be divided into five regions based
on the maximum amplitude within these regions and that
these regions together form the sections shown in Fig. 11.
These regions can be automatically detected by partitioning
a glitch into bins delimited by the zero crossings and
comparing the absolute maximum of each bin with a
function of the standard deviation σ of the glitch amplitude.
The edges of the bins are constrained to correspond with
zero crossings to ensure continuity, as an excision amounts
to setting the value of the glitch waveform amplitude to
zero within the bins that are excised. Whereas continuity is
required so the neural networks do not pick up on the
transitions, it is not necessary to extend the waveform to be
smooth at the bin edges, as this transition is lost within the
noise after injection.
First, the area of peak activity, which one should note

may contain more than one peak, is identified as being the
bin containing the absolute maximum amplitude jmaxðgÞj
of the glitch in the time domain. Moving outwards left and
right over the bins, starting from the identified bin, the peak
area is extended to include adjacent bins if the absolute
maximum within these bins exceeds 2σ. The down taper of
the glitch starts at the first bin where the absolute maximum
within the bin is below 2σ, and the tail of the glitch starts at
the first bin where the absolute maximum is below σ. Note
that these definitions may imply the absence of named
sections in a glitch waveform, as for instance, a section
corresponding to the down taper might not exist. This can
be the case if the maximum amplitude of the waveform is
extremely high compared to the average amplitude. Such
glitches can safely be included in the surgery procedure.
The excision of a non-existent section amounts to nothing
changing at all, and the results from the reclassification will
reiterate that the nonexistent section did not contribute to
the classification.

For a representative sample taken from the dataset, the
procedure is then as follows:
(1) Choose a glitch example g from the set, and retrieve

the ensemble probability PðgÞ;
(2) For any of the three sections, set g identical to zero

within the corresponding bins to obtain gsection
(performing the surgery);

(3) Reinject and classify gsection before retrieving the
ensemble probability PðgsectionÞ.

The statistic of interest is then

ΔsectionðgÞ ≔ PðgÞ − PðgsectionÞ: ð7Þ

Note that this statistic takes values in ½−1; 1�. The natural
interpretation is that a value close to −1 means that the
classification has significantly changed, with g being
classified as a glitch previously and as a signal following
the surgery. A value close to 1 would imply the reverse. A
stream from an example with a value of Δpeak ≈ −0.47 is
shown in Fig. 12. This behavior can be further explored by
considering the changes for the individual component
networks within the ensemble.

2. Activations

Another way of investigating the behaviour of the
ensemble is the extraction and visualization of the activa-
tions in the hidden layers as a testing example is passed
through. This information can then be used to tie certain
convolutional filters to specific confusion matrix classes
(Fig. 13) in the dataset. Note that these are filters according
to the terminology of neural networks, not those of matched
filtering. Inspiration was drawn from saliency maps [57]
from computer vision, meant to highlight the most salient
and therefore recognisable regions of images. Although
projects like CAPTUM [58] offer similar ways of interpreting
convolutional neural networks, they differ from the method

FIG. 12. A glitch before and after surgery. During the surgery the
peak was excised from g, thus obtaining gpeak. The corresponding
statistic is ΔpeakðgÞ ≈ −0.47.

FIG. 11. The sections of a glitch within a visualization of the
surgery procedure. The shaded areas represent the standard
deviation of the amplitude from zero.
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described here, designed specifically for the analysis of
time series data.
A straightforward way of obtaining the activations (that

also works for general networks) is to deconstruct a given
network into an ordered set of individual layers, applying
these layers one by one, and saving the outputs before
feeding the output forward. Once these values are recov-
ered, the challenge of interpreting the activations is reduced
to trying to connect the activation of specific filters to
fundamental characteristics of the example that was passed
through. This is akin to detailing a collection of neurons
that fire when a specific example is seen. As this is an
extremely difficult task with high dimensionality, only
isolated observations can be made.
In order to understand how the activations can be best

visualized, it is useful to review the process of a filter being
applied. As a filter is convolved with the one-dimensional
time series, a new time series containing a large number of
activation values is obtained and fed out. Due to the number
of values, a direct plot of the activations would be
unreadable. Instead, the values are binned and smoothed
with a kernel density estimate. The resulting curve is an
indicative visualization of the activation for the specific
filter used. The reader is invited to look ahead at Fig. 18,
which shows these curves for the examples that will be
interpreted in the next section.

3. Principal component analysis

Whereas the extraction of the activations serves mostly
to delve into the hidden representations of the data as it is
passed through the modules, principal component analysis
(or PCA) [59] can be used to analyze the representation in
the linear layers. PCA is a dimensionality reduction method
that linearly maps vector data into a lower-dimensional
space with an ordered basis consisting of what are called
the principal components. These components are deter-
mined as being the basis vectors carrying the most amount
of information measured by variance, and their ordering is

based on these same amounts. This means that for instance,
the first principal component contributes the most to the
overall variance of the dataset. PCA is applied to the second
to last dense layer shown in Fig. 8, where an input of size
57,348 is collapsed to an output of size 50 before the latter
values are further reduced to a single probability. Based on
these numbers one can argue that in this layer the most
amount of information is condensed, making it a valuable
object of study. In Sec. V C 3 the first two principal
components obtained from the dense layer are studied.

V. RESULTS

In this section, the numerical results of the chosen deep-
learning model are reported and discussed before treating
the information extracted from the model by applying the
interpretability methods presented in Sec. IV.

A. Numerical results

On the test set, the ½2; 4; 2�-ensemble yields the con-
fusion matrix visualized in Fig. 13, from which the metrics
presented in Table I were computed. In terms of cosmic
string searches, the accuracy refers to the model’s capabil-
ity of recovering the injected signals and glitches. Likewise,
the true positive rate (TPR) quantifies how well the model
can recognize a signal, given that a signal was injected.
Finally, the false positive rate (FPR) measures to what
degree the model mistakes glitches for signals, given that
no signal was injected. This means that a value of 0 is ideal
for the FPR, and 1 is ideal for the accuracy and TPR.
Manually investigating the most extreme false positive

examples, spurred by the relatively high FPR, most skew
high on this metric due to the three streams having been
injected with glitches sharing a similar morphology
between them, shown in Fig. 14. It appears the extremely
high maximum amplitude (as compared to the average
amplitude) dominates the morphology, leaving the deep-
learning model little other distinguishing features to base its
classification on. For these specific examples, the model
erroneously resorted to a positive classification.
There are a few noteworthy exceptions, each appearing

only in one of the three streams that make up an example,
showing oscillations in amplitude over a larger period of

TABLE I. A selection of performance metrics for the ½2; 4; 2�-
ensemble on the test set, along with their formulas. These values
were computed from the confusion matrix in Fig. 13 using the
true positives (TP), false positives (FP), false negatives (FN), true
negatives (TN), with P ≔ TPþ FP (positives) and N ≔ TNþ
FN (negatives).

Metric Formula Value

Accuracy ðTPþ TNÞ=ðPþ NÞ 0.7876
True positive rate TP=ðTPþ FNÞ 0.7552
False positive rate FP=ðFPþ TNÞ 0.1800

FIG. 13. The confusion matrix showing the true positives (TP),
false positives (FP), false negatives (FN) and true negatives (TN)
for the ½2; 4; 2�-ensemble on the test set, visualized as a heatmap.
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time. Such a glitch is shown in Fig. 15. One possible
explanation for these instances is that the component
network is given more opportunity to detect the presence
of a signal signature and that one such signature is
sufficient for the example to be classified as a signal.
This underlines the importance of the signal morphology to
the deep-learning model.
For the archetypal examples shown in Figs. 3 and 4, the

component networks for the streams these examples were
taken from assigned the glitch a probability of 0.0008 of
being a signal, and the signal a probability of 0.7005. This
means the networks assign these examples to the right
classes with considerable confidence.

Lastly, on the machine used (described in Sec. IV B), the
classification speed of one example (consisting of three
data streams of 8 seconds) was computed to be 10 milli-
seconds on average.

B. Comparison to matched filtering

Conventionally, the performance of matched filtering is
measured with positive examples being signals added to
noise, and negative examples being drawn from a colored
Gaussian noise background without a signal present.
Recall however that the current consideration is the
distinguishing power of the deep-learning model and
matched filtering for a dataset where the positive examples
are injected signals, and the negative examples are
injected glitches.
The true positives recovered by matched filtering at

different SNR thresholds ρ� is shown in Fig. 16. This
choice for the representation of the results was made in
order to remain agnostic towards the chosen threshold,
which may differ per analysis. A direct comparison
between the deep-learning model and matched filtering
is shown through the receiver operating characteristic
(ROC) curves in Fig. 17. The diagonal represents a random
binary classifier, meaning that on this dataset, matched
filtering is weighed down by false positives to the point
where its performance is worse than random classification.
In contrast, the deep-learning model is very effective on the
same dataset. The conclusion is that the model is better at
rejecting glitches than a simple matched-filter search with
cosmic string cusp templates by a large margin. A more
complete comparison, including for instance the additional
mechanisms that would be present in a full gravitational-
wave search pipeline and would work to ameliorate false
alarms, is deferred to future work.

FIG. 14. An example of a glitch that was falsely classified as a
positive with high probability. It is therefore an extreme example
of a false positive.

FIG. 15. A different extreme example of a false positive. One
possible explanation for this misclassification is that the compo-
nent network corresponding to this stream is given more
opportunity to identify a signature that is believed to be that
of a signal.

FIG. 16. The recovery percentage of matched filtering for
different values of the SNR threshold ρ� in log scale. This latter
value represents the cutoff from which point onwards an SNR is
considered high enough for the corresponding example to be
labeled as containing a signal.
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C. Interpretability

In this section the results of the various interpretability
methods described in Sec. IV E for the interpretation of the
deep-learning model are presented.

1. Surgeries

By performing the surgeries described in Sec. IV E 1,
the statistics given in Table II were obtained. These
statistics show that with a division of a glitch into three
sections, the peaks will by far be the most informative,
with the downtapers and tails contributing relatively little.
The low average and maximum values for the latter section
statistics bound the values on the whole set of glitches,
indicating that for no negative example the removal of
either the down tapers or tails has made a significant
impact on the reclassification.
Investigating the outliers near the maximum of 0.205 for

Δtails, it was found that these values stem from glitches
with high fluctuations in tails that were removed. For the
values on the low end of Δpeak, a similar observation is
made. The removal of the peaks for these glitches left
behind fluctuations in amplitude in the down tapers or
tails, on which the deep-learning model will presumably
base its classification instead. Most of the examples with a
high value of Δpeak have very large amplitudes in the peak

section, the removal of which confuses the model. An
interesting note is that for these examples the network
trained on stream 0 seems to be less impacted by the
excision of peaks than the other two networks in the
ensemble, which is possible evidence that the three net-
works have learned to identify different glitch signatures.
Further manual inspection of the small number of exam-
ples with Δpeak near −1, meaning the classification has
changed from a glitch to a signal following the surgeries,
shows that all have remaining fluctuations in their wave-
forms. One theory is that the model considers these
remnants as the new peak sections, viewing at least one
as evidence of a present signal. This observation might
suggest that without detecting a clear glitch signature, the
model defaults to a signal classification. This would
complement the discussion on the false positives in
Sec. VA.
Relating to the preceding discussion, if the model indeed

resorts to analyzing amplitude spikes within the sections
that remain after a surgery has been performed, this
suggests the model considered these sections as secondary
to the peak region before. In turn, this suggests that the
model does not simply detect rapid changes in amplitude,
but has learned to differentiate morphologies.

2. Activations

Based on the confidence of the deep-learning model, one
example was chosen for each of the classes in the confusion
matrix, and their activation values were extracted. This
means, for instance, that in the case of the true negative, an
example with an output probability very close to 0 was
selected. The activations of these four examples for a single
module are visualized in Fig. 18 and each example will be
discussed individually.
For the true negative example in Fig. 18(a), a number of

filters show activation, meaning the mean of the density
curve is closer to 1 than it is to 0. However, this is with a
high spread in the curve, indicating uncertainty in the
activation values for this filter. Some filters, such as 27 in
green or 37 in blue, show higher certainty. This is however
not enough to mislead the model into making a false
positive classification.
The filters in the false negative in Fig. 18(b) see barely

any activation taking place at all. For this example, there
was nothing giving the model the impression there could be
a signal present. The only filters showing a semblance of
activation do so with little certainty, with output proba-
bilities not high enough to cross the classification thresh-
olds at which point the model would classify the example
as positive.
The false positive example shown in Fig. 18(c) seems to

invoke response from the filters, with activity within
multiple filters. However, as was the case for the false
negative, there is not much certainty. In this case, however,
the probabilities did cross the classification thresholds.

TABLE II. The average and maximum values of Δsection
statistics, separated per section. These values offer a summary
of the output from the surgery process, where Δsection measures
the impact of a glitch section removal on the model classification.

Section Average(Δsection) Maximum(Δsection)

Peak 0.161 0.832
Down tapers 0.001 0.055
Tails 0.004 0.205

FIG. 17. The receiver operating characteristic curves for both
the deep-learning model and matched filtering on a dataset
consisting of injected signals and glitches. The performance of
a random binary classifier is represented by the diagonal.
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Finally, the centroids of the true positive example in
Fig. 18(d) skew strongly towards the right, meaning high
values of the activations are achieved. Awide array of filters
show strong activation, with certainty higher than the
previous examples. The individual filters, and the network
as a whole, are certain this example contains a signal.
The above observations were made on single examples,

and are therefore not guaranteed to generalize. They do
however show a clear difference in response to examples
from the four classes and are therefore a proof of concept
for further investigation. Individual filters can for instance
be mapped back to certain sections of the input streams and
examined further. This is outside the scope of this work.
As a final remark for this subsection, there are some

filters that show little to no activation for any of the four
examples, with 9 in orange and 60,62 in red being such
filters. While this is possibly due to the choice of examples
or a lack of need for these filters, it is also possible this is a
result of the low number of training epochs, meaning the
weights for these filters have not been properly adjusted. If
this is the case, one might conclude there is room to
improve the model further. One of the ways this could be
done is by reducing memory usage during the training
phase, leading to better training that may in turn recruit the
now dormant filters.

3. Principal component analysis

For the first stream in the test set, the activations of the
dense layer were projected onto the subspace spanned by
the first two principal components. The results from this
projection are shown in Figs. 19 and 20, colored by the
probability P0 output by the first network in the ensemble
and the SNR, respectively. These figures are shown in log
scale to improve the visual separation between the two
classes. Both figures show a portion of the signal pop-
ulation being located in the top left of the plot, whereas a
portion of the glitch population is located in the top right.
Both classes overlap in the center and are therefore plotted
separately to improve visibility. It is relevant to note that in
the principal component space, glitches show a larger
spread than the signals. This follows from their more
varied possible morphologies.
It can be observed from Fig. 19 that the probability is

related to the first principal component on the x-axis.
Compared to Fig. 20, the extremes of this same principal
component show high values for the SNR. From this, it can
be inferred that at least within this representation, the signals
and glitches exhibiting the most separability are the ones
that are loudest and therefore most obvious to the model.
The first principal component can thus be interpreted as a

FIG. 18. Residual activations output by the 11th module in Fig. 8. Every horizontal axis represents a filter with the y-axis limited to [0,
0.1], showing the distribution of activation values as a density curve. The mode of such a curve being close to 1 indicates high activation
values for the filter.
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measure of the example class. For the second principal
component, there is no such apparent meaning.

VI. CONCLUSIONS

A deep-learning model that can distinguish between
cosmic string cusp signals and blip glitches with significant
accuracy was designed and analyzed. Given that matched-
filter searches for short-duration gravitational-wave signals
are heavily hindered by short transient glitches such as blip
glitches, the exploration of this task is important for both
current and future searches. In this work, both populations
were scaled to follow the same SNR distribution, meaning
loudness was removed from the equation. With remarkable

results for the accuracy (79%) and true positive rate (76%)
in particular, it has been shown that deep learning is a viable
candidate for use in cosmic string searches. Moreover, due
to the classification speed of 10 milliseconds per three data
streams of 8 seconds, the deep-learning model is fast
enough to run as part of a real-time detection pipeline.
On a dataset consisting of injected signals and injected

glitches, the deep-learning model was shown to outperform
matched filtering at the task of distinguishing strains
including signals from strains including glitches, winning
mostly on the volume of false positives (as can be seen from
the model’s slow increase in true positive rate in Fig. 17).
This demonstrates that the deep-learning model is signifi-
cantly better at rejecting glitches.
The behaviour of neural networks is notoriously difficult

to understand, earning them the name of black-box models.
As evidenced by their proven effectiveness, however, these
black boxes hide valuable information. The hidden repre-
sentations within the deep-learning model were interpreted
through the application of three interpretability methods.
The first of these is the method of waveform surgery,
introduced in this paper, where parts of a waveform are
removed to study the effects on the classification of such a
procedure. The second method is a routine developed in this
paper for the visualization of convolutional filter activations
for one-dimensional time series. The third is principal
component analysis. These interpretations have resulted
in several observations that may prove useful in future work.
The glitch surgery procedures demonstrate the possibility of
dividing waveforms into sections and show that models can
be sensitive to changes within these sections. Surgery
procedures can therefore be used to study the importance
of distinct sections of waveforms to their classification. By
considering a comparison between waveforms based on
their sections, the complexity of signal discrimination can
be reduced, therefore potentially reducing the difficulty of
the task. Through the study of the convolutional filter
activations, these latter values can be connected to the
classes in the confusion matrix. Such studies may aid in
making informed choices for convolutional filters, or more
generally in neural network design. Lastly, principal com-
ponent analysis applied to the throughput of the second to
last dense layer of the network has enabled the study of
class separability and the hidden procedure reducing the
internal representation of the deep-learning model to output
probabilities.
In the process of interpreting the deep-learning model,

the morphological differences between cosmic string cusp
signals and blip glitches were considered from the point of
view of the model. Because the model was not allowed to
rely on coincidence, it was fully dependent on these
morphologies, yielding unique insight. At the same time,
this serves as a proof of concept for high classification
performance before coincidence is introduced to further
improve a pipeline.

FIG. 20. A representation of a selection of activations from
the dense layer in the space spanned by the first two principal
components PCA1 and PCA2, in log scale. The plots of the
two classes were split to improve visibility that may otherwise
be hindered by the overlap of the classes. The points are colored
by SNR.

FIG. 19. A representation of a selection of activations from the
dense layer in the space spanned by the first two principal
components PCA1 and PCA2, in log scale. The plots of the two
classes were split to improve visibility that may otherwise be
hindered by the overlap of the classes. The points are colored by
the probability P0 output by the first network in the ensemble.
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There are several directions open for continued work,
such as the inclusion of other gravitational-wave generating
mechanisms on cosmic strings. These mechanisms are
comprised by kinks and kink-kink collisions, signals with
different spectral indices from cusps that are now starting to
be considered in cosmic string searches [16,21]. Further-
more, there are indications the proposed deep-learning
model offers additional room for improvement, for instance
through an extended training phase. It is expected this
adjustment will also serve to lower the false positive rate.
In terms of analysis, the surgery process can be further
refined, for instance by working at a resolution higher than
three sections. This can be achieved by redefining the
function of the standard deviation that marks the incisions.
Altogether, it is expected that the Einstein Telescope will

bring a variety of new opportunities for the detection of
cosmic strings and that deep learning will play a vital role
in their analysis.
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