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Compact Binary Coalescence

• GW signals detected from the mergers of 


• Binary Black Holes (BH) or


• Binary Neutron stars (NS) or 


• NS-BH

Credit: LSC/Virgo, https://arxiv.org/abs/1811.12907



Glitches:          
Non-Gaussian 
Transient Noise

• Glitches are non-gaussian 
transient noise features


• Examples of different types of 
glitches found in the third 
observing run of LIGO data


• Glitches are of terrestrial origins 
but the cause of each type of 
glitch is not fully known and 
understood


• Some of the glitches have been 
persistent across many observing 
runs of LIGO 

Credit: Glanzer et al. 2023



GW 
Searches



Matched Filtering

• MF is the primary technique for searching CBC signals and for model parameter 
estimation


• Signals depend on, at least, 15 model parameters and MF on >15D grid of waveforms is 
computationally expensive


• Simplifying assumptions are made to reduce the dimensionality during the actual search

Slide from I. Harry



Deep learning: 
classification and parameter estimation

• Each training and test samples : 2500 BBH templates, 
M1(M2): 5 to 75 Msun mass 

• Gaussian and real LIGO-like noise 

• 1s sliding window, offsets of 0.2s 

• Real LIGO data around 3 events used (training + testing)  

• found 0 false alarms and consistent GW event 
parameters
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Fig. 1. Sample signal injected into real LIGO noise. The red time-series is an example 
of the input to our Deep Filtering algorithm. It contains a hidden BBH GW 
signal (blue) from our test set which was superimposed in real LIGO noise from the 
test set and whitened. For this injection, the optimal matched-filter SNR = 7.5 (peak 
power of this signal is 0.65 times the power of background noise). The component 
masses of the merging BHs are 57 M! and 33 M! . The presence of this signal was 
detected directly from the (red) time-series input with over 99% sensitivity and the 
source’s parameters were estimated with a mean relative error less than 10%. (For 
interpretation of the references to color in this figure, the reader is referred to the 
web version of this article.)

Fig. 2. Spectrograms of real LIGO noise test samples. We used signals injected into 
real data from the LIGO detectors in this article, ensuring that the training and 
testing sets did not contain noise from the same events. These are some random 
examples of real glitches that were present in our test set of LIGO noise. The Deep 
Filtering method takes the 1D strain directly as input and is able to correctly 
classify glitches as noise and detect true GW signals as well as simulated GW signals 
injected into these highly non-stationary non-Gaussian data streams, with similar 
sensitivity compared to matched-filtering.

all the (max) pooling layers. Stride was chosen to be 1 for all the 
convolution layers and 4 for all the pooling layers. We observed 
that using dilations [53] of 1, 2, 2, and 2 in the corresponding con-
volution layers improved the performance. The final layout of our 
predictor CNN is shown in Fig. 3.

We had originally optimized our CNN architectures to deal with 
only Gaussian noise having a flat PSD. However, we later found 
that this model also obtained the best performance with noise 
having the colored PSD of LIGO, among all the models we tested. 
This indicates that our CNNs will be robust to a wide range of 
noise distributions. Furthermore, pre-training the CNNs on Gaus-
sian noise (transfer learning) before fine-tuning on the limited 
amount of real noise prevented over-fitting, i.e., memorizing only 
the training data without generalizing to new inputs. We used the 
Wolfram Language (Mathematica [54]) neural network functional-
ity, built using the open-source MXNet framework [55], that uses 
the cuDNN library [56] for accelerating the training on NVIDIA 

Fig. 3. Architecture of deep convolutional neural network. This is the dilated 1D 
CNN used as the predictor which outputs the component masses of the BBH system. 
The classifier has the same architecture, except for a softmax layer added at the end 
which outputs the probability for the presence of a GW signal. The input is a time-
series vector of length 8192 corresponding to 1 s of data sampled at 8192 Hz. The 
classifier is applied separately to continuous data streams from each detector using 
a sliding window. If the classifier detects a signal in coincidence across multiple de-
tectors, then the inputs are fed to the predictor which estimates the parameters of 
the GW source. The classifier is separated from the predictor and softmax regres-
sion is used so that neurons can be added to the final layer of the classifier for 
representing different types of signals and glitches, and specialized predictors may 
be designed to be applied depending on the class of the signal.

GPUs. The learning algorithm was ADAM [57] and other details 
were the same as before [48].

While training, we used the curriculum learning strategy in our 
first article [48] to improve the performance and reduce training 
times of the CNNs while retaining performance at very high SNR. 
By starting off training inputs having high SNR (≥ 100) and then 
gradually increasing the noise in each subsequent training session 
until a final SNR distributed in the range 4 to 15, we found that 
the performance of prediction can be quickly maximized for low 
SNR while retaining performance at high SNR. We first trained 
the predictor on the datasets labeled with the BBH masses and 
then copied the weights of this network to initialize the classifier 
and then trained it on datasets having 90% pure random noise in-
puts, after adding a softmax layer. This transfer learning procedure, 
similar to multi-task learning, decreases the training time for the 
classifier and improves its sensitivity.

3. Results

The sensitivity (probability of detecting a true signal) of the 
classifier as a function of SNR is shown in Fig. 4. We achieved 
100% sensitivity when SNR is greater than 10. The false alarm rate 
was tuned to be less than 1%, i.e., 1 per 100 seconds of noise 
in our test set was classified as signals. Given independent noise 
from multiple detectors, this implies our 2-detector false alarm 
rate would be less than 0.01%, when the classifier is applied inde-
pendently to each detector and coincidence is enforced. Although 
the false alarm rate can be further decreased by tuning the frac-
tion of noise used for training or by checking that the predicted 
parameters are consistent, this may not be necessary since run-
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Fig. 4. Sensitivity of detection with real LIGO noise. The figure shows the sensitivity 
of detecting GW signals injected in real LIGO noise (from LOSC) from our test set 
using Deep Filtering compared with matched filtering with the same template 
bank used for training the CNN. Note that the SNR is on average proportional to 
10 ± 1.5 times the ratio of the amplitude of the signal to the standard deviation 
of the noise for our test set. This implies that we are capable of detecting signals 
significantly weaker than the background noise. While matched-filtering has the 
advantage of being optimized with the PSD of the LIGO noise in the test set, Deep 
Filtering was only trained on noise from other events, therefore our results 
demonstrate the ability of the CNNs to automatically generalize to non-stationary 
LIGO noise having different PSDs without retraining.

Fig. 5. Error in parameter estimation with real LIGO noise. This shows the mean 
percentage absolute error of estimating masses on our testing signals at each SNR, 
injected in real LIGO noise from events not used for training, compared to matched 
filtering using the same template bank that was used for training the CNN. While 
the mean error of matched-filtering, with the same template bank used for training, 
is always greater than 11% at every SNR we can see that the Deep Filtering
method is able to interpolate to test set signals with intermediate parameter values.

ning matched-filtering pipelines with a few templates close to our 
predicted parameters can quickly eliminate these false alarms.

Our predictor was able to successfully measure the component 
masses given noisy GW signals, that were not used for training, 
with an error lower than the spacing between templates for op-
timal matched-filter SNR ≥ 15.0. The variation in relative error 
against SNR is shown in Fig. 5. We observed that the errors follow 
a Gaussian distribution for each region of the parameter space for 
SNR greater than 10. For high SNR, our predictor achieved mean 
relative error less than 10%, whereas matched-filtering with the 
same template bank always has error greater than 10%. This im-
plies that Deep Filtering is capable of interpolating between 
templates seen in the training data.

Although, we trained only on simulated quasi-circular non-
spinning GW injections, we applied Deep Filtering to the 
LIGO data streams containing a true GW signal, GW150914, us-
ing a sliding window of 1 s width with offsets of 0.2 s through 
the data around each event from each detector. This signal was 

Fig. 6. Examples of sine-Gaussian glitches. These are some samples of simulated 
sine-Gaussian glitches from our test set. We found that our classifier was able to 
correctly differentiate GW signals from these glitches and classify them as noise 
when they were injected into real LIGO data streams. This suggests that Deep 
Filtering can be extended to create a unified pipeline for glitch classification 
along with signal detection and parameter estimation.

correctly identified by the classifier at the true position in time 
and each of the predicted component masses was within the pub-
lished error bars [2]. There were zero false alarms after enforcing 
the constraint that the detection should be made simultaneously in 
multiple detectors. This shows that deep learning is able to gener-
alize to real GW signals after being trained only with simulated 
GW templates injected into LIGO noise from other events with 
different PSDs. A demo showing the application of Deep Fil-
tering to GW150914 can be found here: tiny.cc/CNN.

The data from the first LIGO event, that was used for testing, 
contained a large number of non-Gaussian transient noise called 
glitches. Some of these can be seen in Fig. 2. Therefore, our re-
sults demonstrate that the Deep Filtering method can auto-
matically recognize these glitches and classify them as noise. This 
suggests that by adding additional neurons for each “glitch” class,
Deep Filtering could serve as an alternative to glitch clas-
sification algorithms based on two-dimensional CNNs applied to 
spectrograms of LIGO [44,46] or machine learning methods based 
on manually engineered features [58–60].

Furthermore, we conducted some experiments to show the re-
silience of Deep Filtering to transient disturbances, with a 
simulated set of sine-Gaussian glitches, which cover a broad range 
of morphologies found in real LIGO glitches, following [59] (see 
Fig. 6 for some examples). We ensured that a different set of fre-
quencies, amplitudes, peak positions, and widths were used for 
training and testing. We then injected some of these glitches into 
the training process and found that the classifier CNN was able to 
easily distinguish new glitches from true signals, with a false alarm 
rate less than 1%, using only single detector inputs. When we ap-
plied the standard naive matched-filtering algorithm to the same 
test set of glitches, approximately 30% of glitches were classified 
as signals due to their high SNR. This is because matched-filtering 
is unable to distinguish signals from loud glitches having simi-
lar frequencies. Note that additional signal consistency tests and 
coherence across detectors can be enforced to decrease this false 
alarm rate for both methods.

We then tested the performance of Deep Filtering, when a 
signal happens to occur in coincidence with a glitch, i.e., the signal 
is superimposed with both a glitch and real LIGO noise (see Fig. 7). 
We trained the CNNs by injecting glitches from the training set and 
measured the sensitivity of the classifier on the test set signals su-
perimposed with glitches sampled from the test set of glitches. We 
found that over 80% of the signals with SNR of 10 were detected, 
and their parameters estimated with less than 30% relative error, 

1D CNN for classification and PE 
tested on simulated and real GW events

George and Huerta 2018



• Parameter estimation using ML comparable to MF


• Tested glitch contaminated signals


• over 80% of the signals with SNR of 10 were 
detected, and their parameters estimated with 
less than 30% relative error, 


• Tested detection of spin-precessing and eccentric 
BBH signals without prior training


• with 100% sensitivity of detection and less than 
35% error in estimating masses for SNR > 10 
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Fig. 4. Sensitivity of detection with real LIGO noise. The figure shows the sensitivity 
of detecting GW signals injected in real LIGO noise (from LOSC) from our test set 
using Deep Filtering compared with matched filtering with the same template 
bank used for training the CNN. Note that the SNR is on average proportional to 
10 ± 1.5 times the ratio of the amplitude of the signal to the standard deviation 
of the noise for our test set. This implies that we are capable of detecting signals 
significantly weaker than the background noise. While matched-filtering has the 
advantage of being optimized with the PSD of the LIGO noise in the test set, Deep 
Filtering was only trained on noise from other events, therefore our results 
demonstrate the ability of the CNNs to automatically generalize to non-stationary 
LIGO noise having different PSDs without retraining.

Fig. 5. Error in parameter estimation with real LIGO noise. This shows the mean 
percentage absolute error of estimating masses on our testing signals at each SNR, 
injected in real LIGO noise from events not used for training, compared to matched 
filtering using the same template bank that was used for training the CNN. While 
the mean error of matched-filtering, with the same template bank used for training, 
is always greater than 11% at every SNR we can see that the Deep Filtering
method is able to interpolate to test set signals with intermediate parameter values.

ning matched-filtering pipelines with a few templates close to our 
predicted parameters can quickly eliminate these false alarms.

Our predictor was able to successfully measure the component 
masses given noisy GW signals, that were not used for training, 
with an error lower than the spacing between templates for op-
timal matched-filter SNR ≥ 15.0. The variation in relative error 
against SNR is shown in Fig. 5. We observed that the errors follow 
a Gaussian distribution for each region of the parameter space for 
SNR greater than 10. For high SNR, our predictor achieved mean 
relative error less than 10%, whereas matched-filtering with the 
same template bank always has error greater than 10%. This im-
plies that Deep Filtering is capable of interpolating between 
templates seen in the training data.

Although, we trained only on simulated quasi-circular non-
spinning GW injections, we applied Deep Filtering to the 
LIGO data streams containing a true GW signal, GW150914, us-
ing a sliding window of 1 s width with offsets of 0.2 s through 
the data around each event from each detector. This signal was 

Fig. 6. Examples of sine-Gaussian glitches. These are some samples of simulated 
sine-Gaussian glitches from our test set. We found that our classifier was able to 
correctly differentiate GW signals from these glitches and classify them as noise 
when they were injected into real LIGO data streams. This suggests that Deep 
Filtering can be extended to create a unified pipeline for glitch classification 
along with signal detection and parameter estimation.

correctly identified by the classifier at the true position in time 
and each of the predicted component masses was within the pub-
lished error bars [2]. There were zero false alarms after enforcing 
the constraint that the detection should be made simultaneously in 
multiple detectors. This shows that deep learning is able to gener-
alize to real GW signals after being trained only with simulated 
GW templates injected into LIGO noise from other events with 
different PSDs. A demo showing the application of Deep Fil-
tering to GW150914 can be found here: tiny.cc/CNN.

The data from the first LIGO event, that was used for testing, 
contained a large number of non-Gaussian transient noise called 
glitches. Some of these can be seen in Fig. 2. Therefore, our re-
sults demonstrate that the Deep Filtering method can auto-
matically recognize these glitches and classify them as noise. This 
suggests that by adding additional neurons for each “glitch” class,
Deep Filtering could serve as an alternative to glitch clas-
sification algorithms based on two-dimensional CNNs applied to 
spectrograms of LIGO [44,46] or machine learning methods based 
on manually engineered features [58–60].

Furthermore, we conducted some experiments to show the re-
silience of Deep Filtering to transient disturbances, with a 
simulated set of sine-Gaussian glitches, which cover a broad range 
of morphologies found in real LIGO glitches, following [59] (see 
Fig. 6 for some examples). We ensured that a different set of fre-
quencies, amplitudes, peak positions, and widths were used for 
training and testing. We then injected some of these glitches into 
the training process and found that the classifier CNN was able to 
easily distinguish new glitches from true signals, with a false alarm 
rate less than 1%, using only single detector inputs. When we ap-
plied the standard naive matched-filtering algorithm to the same 
test set of glitches, approximately 30% of glitches were classified 
as signals due to their high SNR. This is because matched-filtering 
is unable to distinguish signals from loud glitches having simi-
lar frequencies. Note that additional signal consistency tests and 
coherence across detectors can be enforced to decrease this false 
alarm rate for both methods.

We then tested the performance of Deep Filtering, when a 
signal happens to occur in coincidence with a glitch, i.e., the signal 
is superimposed with both a glitch and real LIGO noise (see Fig. 7). 
We trained the CNNs by injecting glitches from the training set and 
measured the sensitivity of the classifier on the test set signals su-
perimposed with glitches sampled from the test set of glitches. We 
found that over 80% of the signals with SNR of 10 were detected, 
and their parameters estimated with less than 30% relative error, 

George and Huerta 2018

Deep learning: 
classification and parameter estimation

Computational speed 

MF required over 2 s to analyze 1 s 
inputs. 

In comparison, each of the CNNs took 
~85 milli-sec and 540 micro-sec using 
a single CPU core and GPU 
respectively. Artificial glitch like signals
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Fig. 4. Sensitivity of detection with real LIGO noise. The figure shows the sensitivity 
of detecting GW signals injected in real LIGO noise (from LOSC) from our test set 
using Deep Filtering compared with matched filtering with the same template 
bank used for training the CNN. Note that the SNR is on average proportional to 
10 ± 1.5 times the ratio of the amplitude of the signal to the standard deviation 
of the noise for our test set. This implies that we are capable of detecting signals 
significantly weaker than the background noise. While matched-filtering has the 
advantage of being optimized with the PSD of the LIGO noise in the test set, Deep 
Filtering was only trained on noise from other events, therefore our results 
demonstrate the ability of the CNNs to automatically generalize to non-stationary 
LIGO noise having different PSDs without retraining.

Fig. 5. Error in parameter estimation with real LIGO noise. This shows the mean 
percentage absolute error of estimating masses on our testing signals at each SNR, 
injected in real LIGO noise from events not used for training, compared to matched 
filtering using the same template bank that was used for training the CNN. While 
the mean error of matched-filtering, with the same template bank used for training, 
is always greater than 11% at every SNR we can see that the Deep Filtering
method is able to interpolate to test set signals with intermediate parameter values.

ning matched-filtering pipelines with a few templates close to our 
predicted parameters can quickly eliminate these false alarms.

Our predictor was able to successfully measure the component 
masses given noisy GW signals, that were not used for training, 
with an error lower than the spacing between templates for op-
timal matched-filter SNR ≥ 15.0. The variation in relative error 
against SNR is shown in Fig. 5. We observed that the errors follow 
a Gaussian distribution for each region of the parameter space for 
SNR greater than 10. For high SNR, our predictor achieved mean 
relative error less than 10%, whereas matched-filtering with the 
same template bank always has error greater than 10%. This im-
plies that Deep Filtering is capable of interpolating between 
templates seen in the training data.

Although, we trained only on simulated quasi-circular non-
spinning GW injections, we applied Deep Filtering to the 
LIGO data streams containing a true GW signal, GW150914, us-
ing a sliding window of 1 s width with offsets of 0.2 s through 
the data around each event from each detector. This signal was 

Fig. 6. Examples of sine-Gaussian glitches. These are some samples of simulated 
sine-Gaussian glitches from our test set. We found that our classifier was able to 
correctly differentiate GW signals from these glitches and classify them as noise 
when they were injected into real LIGO data streams. This suggests that Deep 
Filtering can be extended to create a unified pipeline for glitch classification 
along with signal detection and parameter estimation.

correctly identified by the classifier at the true position in time 
and each of the predicted component masses was within the pub-
lished error bars [2]. There were zero false alarms after enforcing 
the constraint that the detection should be made simultaneously in 
multiple detectors. This shows that deep learning is able to gener-
alize to real GW signals after being trained only with simulated 
GW templates injected into LIGO noise from other events with 
different PSDs. A demo showing the application of Deep Fil-
tering to GW150914 can be found here: tiny.cc/CNN.

The data from the first LIGO event, that was used for testing, 
contained a large number of non-Gaussian transient noise called 
glitches. Some of these can be seen in Fig. 2. Therefore, our re-
sults demonstrate that the Deep Filtering method can auto-
matically recognize these glitches and classify them as noise. This 
suggests that by adding additional neurons for each “glitch” class,
Deep Filtering could serve as an alternative to glitch clas-
sification algorithms based on two-dimensional CNNs applied to 
spectrograms of LIGO [44,46] or machine learning methods based 
on manually engineered features [58–60].

Furthermore, we conducted some experiments to show the re-
silience of Deep Filtering to transient disturbances, with a 
simulated set of sine-Gaussian glitches, which cover a broad range 
of morphologies found in real LIGO glitches, following [59] (see 
Fig. 6 for some examples). We ensured that a different set of fre-
quencies, amplitudes, peak positions, and widths were used for 
training and testing. We then injected some of these glitches into 
the training process and found that the classifier CNN was able to 
easily distinguish new glitches from true signals, with a false alarm 
rate less than 1%, using only single detector inputs. When we ap-
plied the standard naive matched-filtering algorithm to the same 
test set of glitches, approximately 30% of glitches were classified 
as signals due to their high SNR. This is because matched-filtering 
is unable to distinguish signals from loud glitches having simi-
lar frequencies. Note that additional signal consistency tests and 
coherence across detectors can be enforced to decrease this false 
alarm rate for both methods.

We then tested the performance of Deep Filtering, when a 
signal happens to occur in coincidence with a glitch, i.e., the signal 
is superimposed with both a glitch and real LIGO noise (see Fig. 7). 
We trained the CNNs by injecting glitches from the training set and 
measured the sensitivity of the classifier on the test set signals su-
perimposed with glitches sampled from the test set of glitches. We 
found that over 80% of the signals with SNR of 10 were detected, 
and their parameters estimated with less than 30% relative error, 
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FIG. 2. Here we show an example of a simulated BBH input sample fed to the network. The H1 (left) and L1 (right) SGP
maps are placed adjacent to each other. Axis labels and colorbars are omitted. Here, the SNR⇡10 for H1 and ⇡9 for L1.

FIG. 3. Similar to Fig. 2, except that a blip input sample is fed to the network here. The H1 (left) and L1 (right) SGP maps are
kept adjacent to each other. Axis labels and colorbars are omitted. We can see a blip is present in H1 (left) with an SNR⇡11.

of the blip in the segment does not a↵ect the PSD calcu-
lation. For the BBH sample, we use the same 64 sec-long
data segment which was used as the background noise for
the BBH signals. We apply the same Welch’s method to
get the PSD required for the BBH sample.

In the next step, we calculate the projection of the
data (BBH and blips) on the sine-Gaussian waveform (see
Eq. 1 and Eq. 2) and represent it using the 2D parameter-
space of Q� f0 (see Sec. II for details) for each detector

separately. The color in each pixel of an SGP map rep-
resents the strength of the projection.

Initially, we experimented with analysing SGP maps
of individual detectors separately for each blip and BBH
signal. While the network performance was satisfactory
at high-SNRs, there was room for further improvement in
the sensitivity of low-SNR GW events. We then consid-
ered analysing maps from both detectors simultaneously.
There is a clear advantage of working with multi-detector
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L1

• CNN model  is trained on semi-simulated 
sample and tested  on real data


• 95% of the GWTC-3 events are correctly 
identified


• GW170817, known to have a strong glitch 
in one of the detectors, was mis-identified 
to be a blip glitch

• Sine-Gaussian Projection (SGP) maps : Cross-
correlation of the signal with Sine-Gaussian at 
varying Q and f0


• Input data: SGP maps of simulated BBHs and real 
Blip glitches


• True astrophysical signals show similar 
projections in both detectors contrary to the 
glitches

g
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FIG. 3. Similar to Fig. 2, except that a blip input sample is fed to the network here. The H1 (left) and L1 (right) SGP maps are
kept adjacent to each other. Axis labels and colorbars are omitted. We can see a blip is present in H1 (left) with an SNR⇡11.

of the blip in the segment does not a↵ect the PSD calcu-
lation. For the BBH sample, we use the same 64 sec-long
data segment which was used as the background noise for
the BBH signals. We apply the same Welch’s method to
get the PSD required for the BBH sample.

In the next step, we calculate the projection of the
data (BBH and blips) on the sine-Gaussian waveform (see
Eq. 1 and Eq. 2) and represent it using the 2D parameter-
space of Q� f0 (see Sec. II for details) for each detector

separately. The color in each pixel of an SGP map rep-
resents the strength of the projection.

Initially, we experimented with analysing SGP maps
of individual detectors separately for each blip and BBH
signal. While the network performance was satisfactory
at high-SNRs, there was room for further improvement in
the sensitivity of low-SNR GW events. We then consid-
ered analysing maps from both detectors simultaneously.
There is a clear advantage of working with multi-detector
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FIG. 5. Comparison of ROC curves for CNN with those for two other methods. The curves are shown for low- and high-SNR
bins (solid and dotted, respectively). On the left, we show the performance at low-mass BBH signals, which is similar to that
of the high-mass BBH signals on the right. The grey shaded region has more uncertainty for the low SNRs (dotted curve) due
to limited sample size. The solid circle marks the TPR-FPR for a threshold of 0.8.

FIG. 6. Comparison of ROC curves for CNN with those for two other methods. Same as Fig. 5 except the performance is
shown for low and high mass-ratios of BBH signals (left and right, respectively).

into two SNR bins. For the BBHs, we generate two dis-
tinct samples such that one has a uniform distribution in
total mass and the other is uniform in mass-ratio. Each
of the BBH samples is divided equally into two bins as
per the total mass or the mass-ratio. These sub-samples
are further divided into two SNR bins. The breakdown
of the full test sample according to the bins, how the
bins are defined and the unique number of test samples
used in our analysis are given in Table I. We also list the
number of GW events tested in this work.

Next, we test the performance of our network in each
bin for BBH versus blips. To generate the ROC curves,
we calculate the true-positive rate (TPR) and false-
positive rate (FPR) for varying thresholds of detection.
The resulting ROC curves for BBH1 sample split by their
total mass are shown in Fig. 5 and for BBH2 sample
split by their mass-ratio are shown in Fig. 6. As ex-
pected, the network performs better at high SNRs (solid
curves) than low SNRs for both BBH1 and BBH2 sam-
ples. The grey band roughly shows the region where we
have limited samples in low SNR bins which increase the
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Type SNR Total
[3,8] [8,15]

Blips 3000 3000 6000
BBH1 12000
Mtotal 2 [20, 80] M� 3000 3000
Mtotal 2 [80, 140] M� 3000 3000
BBH2 12000
q 2 [1, 2] 3000 3000
q 2 [2, 10] 3000 3000
GWTC-2 and GWTC-3 81
Other marginal and 4-
OGC events

34

TABLE I. Details of the Test Sample. Whereas blips are
divided based on their SNRs alone, the BBH samples are di-
vided based on their SNRs and a mass parameter, which is
taken to be either their total mass or their mass-ratio. The
total number of unique samples for each type is given in the
last column.

FIG. 7. F1 score of our neural network for a threshold of
0.8. Scores are shown for low and high total-mass of the BBH
signals (x-axis) further split by their SNRs (y-axis).

uncertainties on the ROC. Hence, for the low SNRs, we
focus on FPR> 0.01. Interestingly, the ROC curves are
only marginally di↵erent across the bins in total mass or
the mass-ratio. It is encouraging to see that the network
is robust and performs equally well in the total mass or
mass-ratio ranges we explore here.

We also compare the performance of the neural net-
work classifier with existing methods to veto blips men-
tioned in Sec. V, namely traditional �2 and SG �2. We
can see from the ROC curves that our network performs
better than the traditional �2 and SG �2, which are used
here in their network form calculated as quadrature sum
of their value in H1 and L1 detectors. Although, in cur-
rent LIGO search pipelines these statistics are applied
in modified form with improved modeling of background
distribution [52, 54, 55]. The performance of our neu-
ral network classifier is better at higher total masses and
higher mass ratios in comparison to the lower bins. In all

FIG. 8. Detection e�ciency of our network on the real BBH
events from GWTC-3. The format is the same as in Fig. 7
and the threshold is also set to 0.8.

cases, the CNN performs either better or comparable to
traditional �2 and SG �2 . It is important to highlight
the improvement in sensitivity with our network at low
SNRs for high total mass and/or high mass-ratio BBHs
where the existing methods are known to have a poor
performance. At high masses, our network shows 75%
increment in the TPR than the traditional �2 and SG �2

at an FPR of 10�2 and for high mass-ratios, the neural
network shows around 50% improvement in TPR at an
FPR of 10�2 compared to other methods.

We use another metric called F1-score to assess the ef-
ficiency of our network. The F1-score is calculated for the
two SNR and two total mass bins. The F1 score values
are shown in Fig. 7. As we can see, the network performs
well both at low and high SNRs. The performance seems
to be almost independent of the total mass of the binary.

We also test our network on the real events from
GWTC-3 and the results are shown in Fig. 8. Four events
are not included in our sample, as one of the detector(H1
or L1) data is not available for these events. The net-
work predicts 95% GW events correctly as BBH signals.
Among the high SNRs, the event GW170817 is misclas-
sified, which is a binary neutron star merger signal with
a glitch overlapping in the L1 detector. Among the low
SNR events, GW191219 163120, GW200308 173609 and
GW200220 124850 are not classified as BBH. Upon in-
spection of the SGP maps, we find that there is a hint
of projection in one of the detectors but the projection
in the other detector is not very clean due to low SNR.
This is consistently seen in the maps of all of the three
events which is the most likely explanation for the mis-
classification.

In Table II, we show the computation times for
analysing GW data with our network. The training and
classification of several thousand samples by the network
is quite fast even on a single core. Although the gener-

• CNN model  is trained on semi-simulated 
sample and tested  on real data


• 95% of the GWTC-3 events are correctly 
identified


• GW170817, known to have a strong glitch 
in one of the detectors, was mis-identified 
to be a blip glitch

• Sine-Gaussian Projection (SGP) maps : Cross-
correlation of the signal with Sine-Gaussian at 
varying Q and f0


• Input data: SGP maps of simulated BBHs and real 
Blip glitches


• True astrophysical signals show similar 
projections in both detectors contrary to the 
glitches
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Mock data challenge - Schaefer et al. (2023)

AresGW

Nousi et al. (2023), Koloniari et al. (2024)

• Training : BBH (non-aligned spins) and 
real noise data segments


• each of duration 1.25sec 


• each of sample size 740k


• Data preprocessing - DAIN
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and injections with merger times separated by a random
time between 24 s to 30 s (which translates to about 96k
injections over the whole duration). The code for creating
the di↵erent datasets was provided by the organizers of
MLGWSC-1 and is publicly available. For the main test
dataset we used the same random seed of 2514409456 and
o↵set of 0 (first 4 weeks) as in [32]. We created additional
test datasets with the same total duration, but di↵erent
random seeds and o↵set, in order to assess the variance
of our main results.

III. COMPUTATIONAL METHODS

A. Data Preprocessing and Normalization

Following approaches from traditional matched filter-
ing as applied in GW detections, we first whiten the
training data [10, 37]. As is common in deep learning
(DL) methods, we then use an input normalization layer
[34, 38], before feeding the data to the neural network for
classification.

Whitening. The data segments were whitened using
the Welch method [39] for computing the PSD and an
inverse-spectrum truncation method [40] for smoothing.
Both methods were implemented in PyTorch [35], to al-
low for batch processing of multiple input segments in
a single forward pass, which gave a significant speed up
with respect to a CPU implementation. First, we crop
4.25s segments from the original timeseries, for both the
training and validation sets, with a stride of 1.4s. An
injection is done in a random quarter segment (of 1.25s
duration), which is whitened using the 4.25s noise seg-
ment surrounding it. After whitening, the first and last
0.125s (0.25s in total) are removed from each sample,
leaving a 1 s sample as input for the neural network.

Adaptive Normalization. As the real noise of the H1
and L1 detectors is non-stationary and a↵ected by a mul-
titude of factors, we opted for an adaptive input normal-
ization method, specifically Deep Adaptive Input Nor-
malization (DAIN) [34], which is applied before feeding
the data to the network. DAIN has been successfully
used in tasks that involve non-stationary timeseries, such
as financial timeseries forecasting [41].

The goal of this normalization layer is to learn how
the input timeseries should be normalized. DAIN is used
before feeding the input to the subsequent layers and it
is trained by back-propagating the network’s gradients to
its parameters, as shown in Fig. 2. Furthermore, DAIN
di↵ers from other normalization schemes, since it can dy-
namically adjust the applied normalization scheme based
on the input at inference time, allowing for handling non-
stationary data. More specifically, DAIN aims to learn
how the measurements x 2 R2048⇥2 fed to the neural net-
work should be normalized by appropriately shifting and
scaling them:

x̃j = (xj �↵)↵ �, (2)

TABLE I. Feature extraction backbone of our ResNet54-like
architecture. The first column lists the number of residual
blocks, totalling 27, each consisting of two convolutional lay-
ers. The second column lists the number of filters in each
corresponding block. The third column indicates those blocks
that are 2-strided (see text for details) and the last column
displays the dimensionality D of the input tensor for each
block.

residual blocks filters strided input D

4 8 2⇥2048
1 16 X 8⇥2048
2 16 16⇥1024
1 32 X 16⇥1024
2 32 32⇥512
1 64 X 32⇥512
2 64 64⇥256
1 64 X 64⇥256
2 64 64⇥128
1 64 X 64⇥128
2 64 64⇥64
5 32 64⇥64
3 16 32⇥64

Input Data

Summary
Extractor

Adaptive
Shifting
Layer 

Summary
Extractor

Adaptive
Scaling
Layer 

Normalized
Data

DL Model

Adaptive
Gating
Layer 

Summary
Extractor

FIG. 2. Deep Adaptive Normalization (DAIN) is applied be-
fore feeding the data to the employed DL model. DAIN in-
volves three adaptive normalization steps, i.e., adaptive shift-
ing, adaptive scaling and adaptive gating, increasing the abil-
ity of DL models to handle non-stationary data.

where xj 2 R2 refers to the j-th observation (out of 2048
included in the current window), ↵ is the Hadamard (en-
trywise) division operator and � is a scaling operator. To
this end, we first build a summary representation of the
current window as:

a =
1

2048

2048X

j=1

xj 2 R2. (3)

This average is used to estimate the mode of the distri-
bution that generated the observed data. Then, DAIN
learns how to appropriate shift the data based on the
observed mode by estimating the value for the shifting
operator ↵ as:

↵ = Waa 2 R2, (4)

where Wa 2 R2⇥2 are the trainable parameters of the
shifting operator.

Deep Adaptive Normalization (DAIN)
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FIG. 3. Description of our residual network architecture. The input x is 2⇥ 2048-dimensional. There are 27 blocks comprising
two convolutional layers. In five of these blocks, the dimensionality is halved (stride 2, shown in purple) and an additional layer
is used in the residual connection. Finally, there are two individual convolutional layers which gradually decrease the number
of channels down to two, corresponding to the binary classification targets (noise plus injected waveform vs. noise only) in the
output.

After this shifting process, the data are also scaled by
employing the scaling operator �, as shown in (2). Again,
we calculate a summary representation as:

bk =

vuut 1

2048

2048X

j=1

(xj,k � ↵k)
2, k = 1, 2, (5)

and then define the scaling operator as:

� = Wbb 2 R2, (6)

where Wb 2 R2⇥2 are its parameters.
Finally, the shifted and scaled observations are fed to

an adaptive gating layer which aims to appropriately
modulate the features according to their usefulness for
the task at hand as:

˜̃xj = x̃j � �, (7)

where � is the Hadamard (entrywise) multiplication op-
erator and

� = sigm(Wcc+ d) 2 R2, (8)

sigm(x) = 1/(1+exp(�x)) is the sigmoid function, Wc 2

R2⇥2 and d 2 R2 are the parameters of the gating layer
that are learned through back-propagation. The updated
summary representation c is calculated as:

c =
1

2048

2048X

j=1

x̃j 2 R2. (9)

The non-linearity introduced by this layer allows for the
suppression of the normalized features during inference.
This can help to reduce the e↵ect of features that could
harm the generalization abilities of the network. The
parameters introduced by the DAIN layer are fitted using
gradient descent:

�
⇣
Wa,Wb,Wc,d,W

⌘
= �⌘

⇣
⌘a

@L

@Wa
,

⌘b
@L

@Wb
, ⌘c

@L

@Wc
, ⌘c

@L

@d
,
@L

@W

⌘ (10)

where L denotes the final loss function of the network
and W its weights. Separate learning rates can be used
for the parameters of each sub-layer, i.e. ⌘a, ⌘b, and ⌘c, if
necessary, to ensure the stability of the training process.

B. Deep Residual Networks

Residual neural networks [33] use so-called skip con-
nections to improve training, by allowing gradients to
better reach the earliest layers of a neural network archi-
tecture, e↵ectively solving the vanishing gradient prob-
lem [42] and leading to more e↵ective training as the
number of layers increases, especially when paired with
carefully designed training methods [43]. This allows for
much deeper networks to be trained, in comparison to
simple CNN. Depth in neural networks has been linked
to higher levels of semantic information, and better per-
formance in tasks like image recognition [44], detection
[45], etc.
We designed a deep residual network, based on 1D con-

volutions, for the purpose of the binary classification of
1s long (i.e. 2 ⇥ 2048-dimensional)2 segments into pos-
itive (containing an injection) or negative (pure noise)
segments. Our network has a depth of 54 layers, grouped
into 27 blocks comprising two convolutional layers with a
varying number of filters. The network’s backbone (ex-
cept for the final two convolutional layers) is summarized
in Table I, where D denotes the dimensionality of the in-
put tensor. Blocks 5, 8, 11, 14 and 17 are 2-strided,
meaning that dimensionality is halved and an additional
layer is used in the residual connection.
A graphical depiction of the network architecture is

displayed in Figure 3. The output of a residual block of
layers can be written schematically as:

g = f(x) + h(x), (11)

where f(x) is a block of two convolutional layers, and x
the input (i.e. the 2 ⇥ 2048-dimensional timeseries) to
its first layer. The residual function h(x) is either the
identity function, h(x) = x, or a strided convolutional
layer. Each convolutional layer is followed by batch nor-
malization and a ReLU activation function. Two final

2 We remind that the sampling rate was 2048Hz and there are two
channels, one for each of the aLIGO detectors.

Deep Residual Network
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FIG. 9. Sensitive distance vs. false alarm rate for three dif-
ferent input normalizations: DAIN [34], Batch Normalization
(BN) [38] and Adaptive Batch Normalization (ADA) [47] (for
a shorter test dataset of duration of one day). In contrast
to BN and ADA, DAIN maintains a good sensitive distance
down to the lowest FAR.

To evaluate the e↵ectiveness of the search algorithm,
we first need to determine the false alarm rate F as a
function of the ranking statistic, i.e. the function F(R).
Next, the sensitive distance of the search is determined as
a function of the ranking statistic, which finally produces
a relation between the sensitive distance and the F (see
[32] for definitions and the detailed methodology).

In Fig. 9 we demonstrate the importance of using
DAIN [34] as the input normalization, by comparing the
sensitive distance at di↵erent FAR (for a shorter test
dataset of duration of one day) to the corresponding re-
sults obtained with either Batch Normalization (BN) [38]
or Adaptive Batch Normalization (ADA) [47]. Whereas
the three methods achieve similar sensitive distances at
FAR > 30/d, the performance of BN and ADA dete-
riorates, dropping to 0 at FAR of several per day. In
contrast, the input normalization with DAIN allows the
network to maintain a good sensitive distance down to
the lowest FAR (notice that for the comparison shown
in Fig. 5 we did not activate the SNR-based curriculum
learning, to isolate the e↵ect of the input normalization).

Fig. 10 displays the sensitive distance as a function of
FAR for our best model (ResNet54d+SNR), in compar-
ison with a simpler setup (ResNet544) and two widely
used algorithms for GW detection, Coherent WaveBurst
(cWB), a waveform model-agnostic search pipeline for
GW signals based on the constrained likelihood method
[48–50] and PyCBC [51], based on a standard configu-
ration of the archival search for compact-binary mergers
[52]. The results of cWB and PyCBC shown in Fig. 10
are taken from [32] (where they were obtained on the
same test dataset). cWB uses wavelets instead of specific
models of the waveforms it searches for, which naturally
does not allow it to reach ideal fitting factors. It was

4 This setup has half the number of filters, as was the case in [32],
and does not include the SNR-based curriculum learning.

FIG. 10. Sensitive distance vs. false alarm rate for our best
model (ResNet54d+SNR), in comparison with the simpler
setup (ResNet54) used in [32] and two widely used algorithms
for GW detection, Coherent WaveBurst (cWB) and PyCBC
(the latter using algned-spin templates only, see text for de-
tails). All codes were run on the same test dataset estab-
lished in [32]. Our best model surpasses the performance of
the other algorithms at all FAR in this setting (notice that the
PyCBC run was based on a template bank with only aligned-
spin waveforms).

recently enhanced with machine-learning techniques [53]
(for details on the particular cWB setup used on the test
dataset, see [32]). PyCBC implements matched filter-
ing of waveform templates, but in [32, 52] only aligned-
spin templates were used (for more general waveforms,
the method could become computationally too costly).
Since the injections in the test dataset are based on more
general waveforms, this particular PyCBC search cannot
reach ideal fitting factors, leaving room for other algo-
rithms to surpass it.
As seen in Fig. 10, our best model, which includes the

SNR-based curriculum learning, surpasses the PyCBC
results at all FAR. The sensitive distance as a function
of FAR is nearly level at the lowest FAR of 1 per month,
indicating that our algorithm may maintain good per-
formance even when extended to lower FAR. Our best
model also significantly exceeds the sensitivity of the un-
modeled cWB search.

V. SUMMARY AND DISCUSSION

We used a novel combination of ML algorithms and
arrived at sensitive distances for injected BBH GW sig-
nals that surpass traditional algorithms, even at small
false alarm rates. The main ingredients are a 54-layer
deep residual network (ResNet), a Deep Adaptive Input
Normalization (DAIN), a dynamic dataset augmentation,
and curriculum learning, based on an empirical relation
for the signal-to-noise ratio. Our best ML model sur-
passes the sensitive distance achieved with traditional al-
gorithms in a specific setting that uses a dataset consist-
ing of a large number of injected non-aligned spin wave-
forms in real LIGO O3a noise samples. The matched-

• Deep Residual Network (54-layer) along 
with dynamic augmentation and 
curriculum learning


• Comparison with traditional BBH 
searches
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Gravity Spy: CNN + Citizen Science

•10^5 glitches from O1 (Omicron SNR>7.5, 
10 Hz < glitch peaks<  2048 Hz, unflagged 
data  )


•Then known 3 real events were excluded 
but simulated GW events were added to 
the real data 


•Preliminary ML trained on 100 glitches/
class identified by humans


•Training set: 7718 glitches, 20 classes


•ML trained glitches are characterized by 
G. Spy
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If a glitch does not !t into any of the prede!ned categories, a user can classify it as ‘None of 
the Above’. In doing so, a volunteer is asked follow-up questions describing the morphology 
of the glitch (i.e. information about its duration, frequency, and time evolution). By this pro-
cess and through user activity on Talk, new classes of glitches can be identi!ed and integrated 
into the Gravity Spy project. This allows the Gravity Spy glitches classes to evolve and follow 
changes in the glitch types that occur in the LIGO detectors.

3.2.2. Volunteer training. A key question in citizen science is how reliably volunteers per-
form the classi!cation task, known as results quality. Zooniverse approach to citizen science 
directly addresses this question and has led to an established track record of producing quality 
data for use by the wider scienti!c community and publications across the disciplines. By 
embedding training within the interface and creating consensus results based on numerous 
classi!cations for each image, Zooniverse projects help to make a disparate crowd of volun-
teers produce reliable results [18].

As with other Zooniverse projects, Gravity Spy begins with a brief tutorial, explaining the 
project’s goals, how to interpret the spectograms, and how to use the classi!cation interface. 
The !eld guide and additional content pages describe properties of each glitch class and the 
LIGO project in more detail.

Research on learning suggests that an effective way to train humans to perform image 
classi!cation tasks is to provide them with exemplary images from which to learn [47, 48]. 
Accordingly, as in other citizen science projects, the Gravity Spy classi!cation interface shows 
the volunteers example images of all the glitch classes to guide the choice.

An advance over the current state of the art citizen science project is that Gravity Spy uses 
machine learning results to train the human volunteers more systematically. Speci!cally, the 
system moves new volunteers through a sequence of levels in which they are presented with 
an increasing number glitches classes and sophistication of features within the classi!cation 
interface, intended to improve their ability to classify glitches [49]. Essentially, the system is 

Figure 3. Gravity Spy user interface. This image shows the black hole merger work"ow 
(see section 3.2.3), with all 20 currently designated categories as options.

M Zevin et alClass. Quantum Grav. 34 (2017) 064003

Zevin et al.  2024
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Fig. 2. Schematic representation of the “parallel view" model.

view) and we compare their performances to deep single view
models. Experimental analysis shows that single view mod-
els trained with shorter glitches have a better performance
for the classes that have shorter duration, while single view
models trained with longer-duration glitches work better for
long-duration classes. Our experimental results show that the
developed multi-view framework improves the glitch classi-
fication accuracy by capturing the required information from
glitches of various morphological characteristics.

The rest of this paper is organized as follows. In the next
section, we present our model. Experiments and results are
discussed in Section 3. We conclude this paper in Section 4.

2. THE PROPOSED MODEL

The main motivation for this study is to exploit multiple views
for glitch classification instead of depending on just a single
view. We investigate this by combining views’ information
at two points as we go through the deep network layers. We
thus propose one model in which fusion take place at an early
step (referred to as “merged view”) and one in which informa-
tion is integrated at the middle level (referred to as “parallel
view”). In the following sections we explain these two archi-
tectures in detail.

Fig. 3. Architecture of the “merged view” model.

Table 1. Best Models Specifications
Single view models Parallel view model Merged view model
Input 1⇥ 47⇥ 57 Input four 1⇥ 47⇥ 57 Input 1⇥ 94⇥ 114
5⇥ 5 Conv- 128,
2⇥ 2 Maxpooling,
ReLU

Four 5⇥ 5 Conv- 128,
2⇥ 2 Maxpooling,
ReLU

5⇥ 5 Conv- 128,
2⇥ 2 Maxpooling,
ReLU

5⇥ 5 Conv- 128,
2⇥ 2 Maxpooling,
ReLU

5⇥ 5 Conv- 128,
2⇥ 2 Maxpooling,
ReLU

5⇥ 5 Conv- 128,
2⇥ 2 Maxpooling,
ReLU

Fully Connected-256 Fully Connected-256 Fully Connected-256
Sofmax-20 Sofmax-20 Sofmax-20

2.1. Parallel view model

The idea behind the parallel view model is to project each
view into a feature space which is based more on the statistical
properties of the samples than their view-specific properties.
This projection makes the views interact with each other and
be presented in a common feature space more efficiently. We
illustrate the construction of the parallel view model using the
four durations as views in Fig. 2. At the very first layer, each
view passes through a convolutional layer, followed by max-
pooling and ReLU activation. Then, we introduce a shared
layer (merger layer) to map all views into a common feature
space. Another set of convolutional, max-pooling, and acti-
vation layers is used after the merger layer to model the ob-
tained common features from the previous layers. In the end,
a fully connected layer and a softmax layer are employed (see
Fig. 2).

2.2. Merged view model

In this model, we introduce the network layers on top of the
merged views. We merge the views by forming a 2m ⇥ 2k

Parallel view
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3.3. Machine learning

The following section describes the application of machine learning to the problem of clas-
sifying images in the Gravity Spy system and how the classi"cations contributed by volun-
teers are used to update models of both machine learning image classi"cation and volunteer 
capabilities.

3.3.1. Image classi!er. Deep learning is a branch of machine learning which utilizes algo-
rithms that attempt to model high level abstractions in data by using multiple processing 
layers, composed of multiple linear and non-linear transformations. The Gravity Spy system 
uses a deep model with convolutional neural network (CNN) layers, which has shown great 
performance and is considered the state-of-the-art in image classi"cation [50].

Another reason for exploiting deep learning is its scalability; compared to traditional machine 
learning methods such as support vector machines (SVMs), deep learning can handle and take 
advantage of copious amounts of data. Figure 6 illustrates the machine learning process used.

Many studies (e.g. [51, 52]) have shown that using multiple sources of information can 
improve the overall performance of classi"cation. In this project, the multiple glitch durations 
that are also shown to Zooniverse volunteers are utilized. These durations are merged into a 
square form so that kernels can slide over all different durations and learn the glitch patterns. 
Two convolution layers are utilized "rst. The kernels slide over the input matrix, multiplying 
their corresponding weights to the input matrix and outputting a new matrix. The output of 
each kernel is known as a feature map.

Feature maps are usually subsampled using a max (or mean) operation. Here, max-pooling 
is used for down sampling—a square matrix slides over the feature map and gives the maxi-
mum value among the elements inside it. A layer of activation functions is used to determine 
the output of a given neuron. The Gravity Spy model uses a popular activation function known 
as recti"ed linear unit (ReLU) which is de"ned as ( )xmax 0, . Then, a fully connected layer is 
applied. Each node in the fully connected layer is connected to all nodes of the previous layer.

The "nal layer is a softmax layer with 20 outputs. Softmax is a fully connected layer with 
the same number of nodes as the number of classes, and is widely used as the "nal layer in 
multi-class classi"cation tasks. The output of the softmax layer, when image ‘i’ is given as the 
input to the classi"er, is de"ned as
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Figure 6. Deep CNN used for glitch image classi"cation. The network has been 
introduced on top of the four merged glitch durations. Dimensions of the kernels and 
feature maps are in units of pixels.
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Merged view

 Duration:       0.5 sec.                                  1 sec.                                    2 sec.                                     4 sec.

    'Blip'                        'Repeating Blips'                              'Koi-fish'                                 'Koi-fish'

Prediction by multi-view model: 'Light modulation'

Prediction by 
single view 
model:

Fig. 4. An example of a glitch that was misclassified by all four single view models, but correctly classified with both of the
multi-view models. The single view model, which is trained with 0.5 second duration images, classifies it as “Blip” class. The
predicted class is “Repeating Blips”, “Koi fish”, and “Koi fish” for the single view models trained with 1, 2, and 4 second
duration glitches, respectively. Multi-view models predict the sample correctly as belongs to the “Light Modulation” class.

Table 3. Classification accuracy of single and multi-view
CNNs.

Classifier Accuracy (%)
The best single view model 95.34
parallel view model 95.75
merged view model 96.89

with the best single view model performance. See Table 1 for
full models specifications.

3.3. Analysis

As the results in Table 3 show, the performance of multi-view
deep models is better than single view models. An exam-
ple of a misclassified sample by all single view models that
was classified correctly by the multi-view models is shown in
Fig. 4. Such examples show that in many cases, single view
models do not have the needed sight and horizon for recog-
nizing glitches correctly. Glitch classes are divided into short
and long duration based on the glitch duration. In Table 4,

Table 4. Classification accuracy of single view model trained
with one second duration (classifier 1) and four second du-
ration (classifier 4) for each class. The first column shows
whether the class is a short (Sh) or long (L) duration.

Duration Class Classifier 1 Acc. (%) Classifier 4 Acc. (%)
Sh Air Compressor 100.00 80.00
Sh Blip 98.09 97.61
Sh Helix 96.66 96.66
Sh Power Line 100.00 100.00
Sh Repeating Blips 80.00 76.00
Sh Tomte 100.00 100.00
L Extremely Loud 96.77 98.38
L Light Modulation 83.14 86.51
L Low Frequency Lines 89.79 89.79
L Scattered Light 98.36 98.36
L Wandering Line 57.14 71.42

we show the category of each class plus the accuracy of two
of the single view models; the 0.5-second model (Classifier
1) and 4-second model (Classifier 4). As can be seen in this
table Classifier 1 performs at least as good as Classifier 4 for
short duration glitches, while the opposite is true for long du-
ration glitches, as expected for some classes (e.g., “Air Com-
pressor” and “Tomte”) the performance is perfect with both
classifiers. Clearly the multi-view models which use all dura-
tions can capture the needed information to classify all types
of glitches (according to their duration) more accurately.

4. CONCLUSIONS

In this paper, we proposed multi-view deep neural network
models for the glitch classification problem in aLIGO data.
Two multi-view models, merged view and parallel view, are
presented. The parallel view model projects samples into
a common feature space where the views can interact effi-
ciently. In the merged view model, the deep model is in-
troduced on the concatenated durations. The experimental
results show that multi-view models provide higher classifi-
cation accuracy compared to the single view models, since
they can accommodate efficiently the various classes indepen-
dently of the glitch durations.
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Fig. 2. Schematic representation of the “parallel view" model.

view) and we compare their performances to deep single view
models. Experimental analysis shows that single view mod-
els trained with shorter glitches have a better performance
for the classes that have shorter duration, while single view
models trained with longer-duration glitches work better for
long-duration classes. Our experimental results show that the
developed multi-view framework improves the glitch classi-
fication accuracy by capturing the required information from
glitches of various morphological characteristics.

The rest of this paper is organized as follows. In the next
section, we present our model. Experiments and results are
discussed in Section 3. We conclude this paper in Section 4.

2. THE PROPOSED MODEL

The main motivation for this study is to exploit multiple views
for glitch classification instead of depending on just a single
view. We investigate this by combining views’ information
at two points as we go through the deep network layers. We
thus propose one model in which fusion take place at an early
step (referred to as “merged view”) and one in which informa-
tion is integrated at the middle level (referred to as “parallel
view”). In the following sections we explain these two archi-
tectures in detail.

Fig. 3. Architecture of the “merged view” model.
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2.1. Parallel view model

The idea behind the parallel view model is to project each
view into a feature space which is based more on the statistical
properties of the samples than their view-specific properties.
This projection makes the views interact with each other and
be presented in a common feature space more efficiently. We
illustrate the construction of the parallel view model using the
four durations as views in Fig. 2. At the very first layer, each
view passes through a convolutional layer, followed by max-
pooling and ReLU activation. Then, we introduce a shared
layer (merger layer) to map all views into a common feature
space. Another set of convolutional, max-pooling, and acti-
vation layers is used after the merger layer to model the ob-
tained common features from the previous layers. In the end,
a fully connected layer and a softmax layer are employed (see
Fig. 2).
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3.3. Machine learning

The following section describes the application of machine learning to the problem of clas-
sifying images in the Gravity Spy system and how the classi"cations contributed by volun-
teers are used to update models of both machine learning image classi"cation and volunteer 
capabilities.

3.3.1. Image classi!er. Deep learning is a branch of machine learning which utilizes algo-
rithms that attempt to model high level abstractions in data by using multiple processing 
layers, composed of multiple linear and non-linear transformations. The Gravity Spy system 
uses a deep model with convolutional neural network (CNN) layers, which has shown great 
performance and is considered the state-of-the-art in image classi"cation [50].

Another reason for exploiting deep learning is its scalability; compared to traditional machine 
learning methods such as support vector machines (SVMs), deep learning can handle and take 
advantage of copious amounts of data. Figure 6 illustrates the machine learning process used.

Many studies (e.g. [51, 52]) have shown that using multiple sources of information can 
improve the overall performance of classi"cation. In this project, the multiple glitch durations 
that are also shown to Zooniverse volunteers are utilized. These durations are merged into a 
square form so that kernels can slide over all different durations and learn the glitch patterns. 
Two convolution layers are utilized "rst. The kernels slide over the input matrix, multiplying 
their corresponding weights to the input matrix and outputting a new matrix. The output of 
each kernel is known as a feature map.

Feature maps are usually subsampled using a max (or mean) operation. Here, max-pooling 
is used for down sampling—a square matrix slides over the feature map and gives the maxi-
mum value among the elements inside it. A layer of activation functions is used to determine 
the output of a given neuron. The Gravity Spy model uses a popular activation function known 
as recti"ed linear unit (ReLU) which is de"ned as ( )xmax 0, . Then, a fully connected layer is 
applied. Each node in the fully connected layer is connected to all nodes of the previous layer.

The "nal layer is a softmax layer with 20 outputs. Softmax is a fully connected layer with 
the same number of nodes as the number of classes, and is widely used as the "nal layer in 
multi-class classi"cation tasks. The output of the softmax layer, when image ‘i’ is given as the 
input to the classi"er, is de"ned as
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Figure 6. Deep CNN used for glitch image classi"cation. The network has been 
introduced on top of the four merged glitch durations. Dimensions of the kernels and 
feature maps are in units of pixels.
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Fig. 4. An example of a glitch that was misclassified by all four single view models, but correctly classified with both of the
multi-view models. The single view model, which is trained with 0.5 second duration images, classifies it as “Blip” class. The
predicted class is “Repeating Blips”, “Koi fish”, and “Koi fish” for the single view models trained with 1, 2, and 4 second
duration glitches, respectively. Multi-view models predict the sample correctly as belongs to the “Light Modulation” class.

Table 3. Classification accuracy of single and multi-view
CNNs.

Classifier Accuracy (%)
The best single view model 95.34
parallel view model 95.75
merged view model 96.89

with the best single view model performance. See Table 1 for
full models specifications.

3.3. Analysis

As the results in Table 3 show, the performance of multi-view
deep models is better than single view models. An exam-
ple of a misclassified sample by all single view models that
was classified correctly by the multi-view models is shown in
Fig. 4. Such examples show that in many cases, single view
models do not have the needed sight and horizon for recog-
nizing glitches correctly. Glitch classes are divided into short
and long duration based on the glitch duration. In Table 4,

Table 4. Classification accuracy of single view model trained
with one second duration (classifier 1) and four second du-
ration (classifier 4) for each class. The first column shows
whether the class is a short (Sh) or long (L) duration.

Duration Class Classifier 1 Acc. (%) Classifier 4 Acc. (%)
Sh Air Compressor 100.00 80.00
Sh Blip 98.09 97.61
Sh Helix 96.66 96.66
Sh Power Line 100.00 100.00
Sh Repeating Blips 80.00 76.00
Sh Tomte 100.00 100.00
L Extremely Loud 96.77 98.38
L Light Modulation 83.14 86.51
L Low Frequency Lines 89.79 89.79
L Scattered Light 98.36 98.36
L Wandering Line 57.14 71.42

we show the category of each class plus the accuracy of two
of the single view models; the 0.5-second model (Classifier
1) and 4-second model (Classifier 4). As can be seen in this
table Classifier 1 performs at least as good as Classifier 4 for
short duration glitches, while the opposite is true for long du-
ration glitches, as expected for some classes (e.g., “Air Com-
pressor” and “Tomte”) the performance is perfect with both
classifiers. Clearly the multi-view models which use all dura-
tions can capture the needed information to classify all types
of glitches (according to their duration) more accurately.

4. CONCLUSIONS

In this paper, we proposed multi-view deep neural network
models for the glitch classification problem in aLIGO data.
Two multi-view models, merged view and parallel view, are
presented. The parallel view model projects samples into
a common feature space where the views can interact effi-
ciently. In the merged view model, the deep model is in-
troduced on the concatenated durations. The experimental
results show that multi-view models provide higher classifi-
cation accuracy compared to the single view models, since
they can accommodate efficiently the various classes indepen-
dently of the glitch durations.
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strain data channel and triggers in auxiliary channels [26–29]. However, due to the sheer vol-
ume of data, the LSC has not yet been able to !lter through the millions of glitches to create 
a comprehensive categorization.

2.3. Mitigating glitches

Having identi!ed a glitch, the goal is to eliminate it from the detector. If the root cause of a 
glitch cannot be determined or its source cannot be !xed, information from glitch identi!ca-
tion algorithms can be used to create data vetoes. Such vetoes improve gravitational-wave 
searches by removing times strongly affected by noise transients.

Even these efforts, however, suffer from problems stemming from the very large number 
of glitches and their variety of morphologies. First, automated glitch classi!cation algorithms 
have been unable to capture the varied morphological characteristics of all unique classes of 
glitches. In addition, certain types of glitches come and go over the course of an observing 
run, making their discovery challenging even for members of the LIGO science team. Finally, 
the software which implements data quality vetoes would bene!t from being fed information 
from speci!c categories of glitches instead of entire batches of glitches. This speci!city would 
improve the ability to identify potential auxiliary channels that correlate with certain glitch 
morphologies, which in turn would contribute to identifying their source.

Figure 1. Spectrogram representation of two example glitches, with color representing 
the ‘loudness’ of the signal. Blips (a) are short glitches that usually appear in LIGO’s 
gravitational-wave channel with a symmetric ‘teardrop’ shape in time-frequency. Blips 
are the single most important class of glitches in LIGO [11], as they appear in both 
Hanford and Livingston detectors and are the most stringent limit on LIGO’s ability 
to detect binary black hole merger signals [4]. No clear correlation to any auxiliary 
channel has yet been identi!ed. Whistles (b), also known as radio frequency beat notes, 
usually appear in time-frequency plots with a characteristic ‘W’ or ‘V’ shape. Whistles 
are caused by radio signals at megahertz frequencies that beat with the LIGO voltage 
controlled oscillators [23]. These types of images are what volunteers in the Gravity Spy 
project classify, and what the associated machine learning algorithms use for training.
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As one can observe from !gure 7, the precision and recall values are near unity for most 
classes. Certain classes, particularly classes that suffered from a low number of training sam-
ples (e.g. ‘Wandering Line’ and ‘Paired Doves’) or a high variability in morphological char-
acteristics (e.g. ‘None of the Above’ and ‘No Glitch’), achieved lower precision and recall 
values. ‘None of the Above’ and ‘No Glitch’ are not de!ned by speci!c morphological traits. 
‘None of the Above’ is the category which harbors all glitches that do not !t in the other 19 
classes. Therefore, this class does not have a speci!c morphological distribution over sample 
space. The ‘No Glitch’ category has a similar property, as this class consists of all glitches 
which do not have intense energy in the image, and the low-level noise does not have a con-
sistent morphology through the training set. Though not morphologically de!ned compared to 
the other classes, the inclusion of these two catch-all classes allows for the full classi!cation 
of the dataset, and provides a medium for determining new classes of glitches as the project 
progresses. The challenge of the classi!cation of ‘Paired Doves’ and ‘Wandering Line’ groups 
is likely due to a lack of samples, as these two classes have the lowest number of samples with 
30 and 44, respectively.

4.2. Gravity Spy system beta testing results

The Gravity Spy project launched three Beta versions to test the user interface and user pro-
motion in April, June, and September 2016, each of which lasted approximately one week. 
During this time, a version of the project was made public and promoted to a small subset 
(∼2000) of Zooniverse volunteers. The main goal of the beta testing was to check the func-
tionality of the site and to receive feedback on the interface design. However, the activity on 
the site also proved the basic premise of the project: volunteers can reliably classify glitches 
and identify new morphological classes. Beta testing of the website engaged over 1400 users 

Figure 7. Confusion matrix for the 20 glitch classes in the testing set classi!ed using 
CNNs, with recall and precision values appended below for reference. The x and y 
axes represent the predicted and true classes, respectively, and the confusion matrix is 
normalized by the total number of glitches in each class in the training set. Due to the 
normalization chosen, the diagonal elements are identical to the recall values for each 
class. Closer to unity in precision and recall values corresponds to a more accurate 
classi!cation for a particular class.
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and delivered over 45 000 glitch classi!cations. This activity in turn led to hundreds of conver-
sation threads on the website talk forum and fostered excitement and intrigue for the nascent 
!eld of gravitational-wave astrophysics. The work culminated in the discovery of multiple 
new and substantial glitch categories from LIGO !rst observing run, including glitches which 
would later receive the names ‘Paired Doves’ [57] and ‘Helix’ [58]. Example images of these 
glitch morphologies are shown in !gure 8. In particular, the discovery of the ‘Paired Doves’ 
class proved signi!cant in LIGO detector characterization endeavors, as this glitch resembles 
signals from compact binary inspirals and is therefore detrimental to the search for such astro-
physical signals in LIGO data. The project activity during the Beta versions is testament to 
the ability of citizen science projects to engage and involve the public in scienti!c advance-
ment. A deeper analysis of these morphologies with regard to LIGO detector characterization 
and further techniques to optimize the integration of citizen science output to large-scale data 
analysis will be presented in future publications.

5. Conclusions and future prospects

As LIGO searches for gravitational waves, the Gravity Spy project will endeavor to improve 
the understanding of the LIGO detectors and reduce the impact of harmful noise, all while 
engaging the general public in gravitational-wave physics. Gravity Spy also plans to incorpo-
rate data from the multiple interferometers joining the advanced network in upcoming years 
(e.g. [5, 6]) to further assist in noise characterization. The full launch of the Gravity Spy 
project on October 12 2016 incorporated the machine learning analysis and crowdsource clas-
si!er into the system, providing each user with a tailored progression through the multiple 
work#ows and pairing machine learning con!dence scores with user classi!cations to optim-
ize the retirement of images and classi!cation accuracy. The project shows clear utility in 
aiding gravitational wave detector characterization and creates an avenue to analyze the socio-
computational interaction.

Each day during LIGO’s upcoming observing runs, the Gravity Spy system will generate 
Omega Scans of triggers that have passed low-latency data quality cuts and !t within the SNR 

Figure 8. Two new O1 glitch classes uncovered during Gravity Spy beta testing: ‘Paired 
Doves’ (left) and ‘Helix’ (right). ‘Paired Doves’ [57] resemble chirps, but alternate 
between increasing frequency and decreasing frequency. These glitches are related to 
the ringing of a 0.4 Hz resonance of the pendulum mode in the Hanford beamsplitter, 
and couple to auxiliary channels monitoring the beamsplitter suspension system.‘Helix’ 
[58] are possibly related to glitches in the auxiliary lasers (called photon calibrators) 
that are used to push the LIGO mirrors and calibrate the detectors.
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• Auxiliary channels monitor the state of the 
various subsystems of the IFO (e.g. 
suspensions, optics, seismic)


• Glitch identification and tracking their 
origins can be efficient through aux 
channels


• 40,000 aux only channels are used 

• Input data is a vector of 10 parameters 

that capture the statistical behavior of 
each timestamp (7500 glitches and 7500 
glitch-free)


• The best model with Acc=0.84 has 
features which mainly came from 56 aux 
channels

more auxiliary channels and decoupling glitch identifica-
tion from the GW strain, our EMU method provides
important independent verification of glitches, as well as
more information about the detector state.

C. Astrophysical implications

We illustrate the implications of these results in an
astrophysical setting with the following examples:
In a use-case scenario where we aim to recover so-called

subthreshold events that are lost by traditional GW search
methods because they are not classified as detections, it is
admissible to have a sizeable false dismissal rate of real

signals, but it is desired to have a high glitch rejection
rate. We find that typically a ∼65% glitch rejection rate
(i.e., a 35% false negative rate) in individual detectors can
be assumed at the cost of ≲0.3% false positives for the
high-SNR case (see, e.g., high-SNR O3 curve in Fig. 6).
The proposed method considers data from individual
detectors independently, so with such a threshold the
chance of a coincident false negative at all three sites is
less than 5%, and the chance of a false positive at one or
more sites is ∼1%. Therefore, a ∼95% reduction in triple-
detector coincident glitches corresponds to a negligible
chance [i.e., ∼Oð1%Þ] to miss a true GW signal (i.e., the
false positive rate of the glitch rejection is small).
Since in this scenario it is sufficient to flag any of the

glitches contributing to the triple coincidence, the method
can lead to approximately an order-of-magnitude reduction
in glitch-dominated false alarm rates (FARs) for triple-
detector events. Let us consider a fiducial subthreshold
FAR of 10−7 Hz for a transient event candidate that is not
sufficient for detection claims, and assume that the FAR is
only determined by the triple-detector glitch rate from these
glitches. If we decrease the triple-detector glitch rate by
over an order of magnitude, then the hypothetical GWevent
candidate events moves to the detectable FAR region of
10−8 Hz.
In an another use case scenario, we can consider all

transients detected. It is then imperative to have a very low
false dismissal possibility for real signal, so we can choose
a different strategy and operate at a different set point on the
ROC curves displayed on Fig. 6. For example, considering
that current observation runs produce ∼Oð100Þ discoveries,
one might require that the false dismissal probability to

FIG. 8. Accuracy, true positive rate, and true negative rate over
time during the O3 test period. For stability, these quantities are
computed over rolling windows of length 2000 s beginning at the
indicated time. Note that the scale of the x axis is different
from Fig. 7.

FIG. 9. Visualization of estimated glitch probability (blue) and true glitch density (red) over time during a 64-second segment from
early O3. (Glitch density was calculated by checking whether Omicron reported a glitch of any SNR during each sample time, then
smoothing the resulting binary vector by convolving it with a Gaussian with σ ¼ 0.2 s. As a result, very short-duration glitches
surrounded by longer glitch-free periods appear as low spikes of the red line—for example, around 9 s, the model correctly identifies the
presence of a very short glitch, which is not obvious in the red line because of the glitch’s short duration.)
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lengths. Each of these time periods was a subset of the
original training data period, ending at the end of the
original training period and starting between 500 and
30 000 seconds earlier. We show the accuracy of the
classifier on the validation dataset (described in Sec. II E)
for these varying training lengths in Fig. 5. The results
indicate that 10 000 seconds is a sufficient length of time
from which to draw training data. They also suggest that
using too long of an interval of training data may actually
hurt performance, likely because the detector’s state drifts
over time and themodel is not flexible enough to account for
this behavior while maintaining fine-grained accuracy for
more specific instances in time.

III. RESULTS

We use the EMU method described above to classify
glitchy and glitch-free times for several recent segments of
data from LLO. We show two test cases from different,
recent runs: one from a lock segment during ER14, and a
second from a lock segment during O3.
The classifier model for each analysis was trained

independently using data drawn from a time period close
to but not overlapping with the time period from which
the test dataset for that analysis was drawn. We do not
perform hyperparameter optimization as we did for ER14
in Sec. II E again for O3, because the procedure is
computationally intensive, and the similar nature of the
data means the optimal hyperparameters would likely not
be significantly different.
For each analysis, we create a test dataset drawn from a

period of time separate from the training dataset (and, in the
case of ER14, separate from the validation dataset as well),
as illustrated in Fig. 3. We standardize the test dataset
according to the means and standard deviations of the
features in the training dataset. We then pass the test dataset
through the classifier without labels and compare the
predictions to the known ground truth for each point.

For each incorrect classification, we can specify whether
the result is a false positive (a glitch-free time classified as
glitchy) or a false negative (a glitchy time classified as
glitch-free).
Note that the actual output of the classifier is the

predicted probability of a glitch, which ranges between
0 and 1. Prior to calculating all reported accuracies, we
threshold this value at 0.5, so values at or above are
considered predictions of glitches and values below are
considered predictions of the absence of a glitch. We can
adjust this threshold to control the ratio of true positives and
false positives as necessary for different applications, which
might call for a lower false negative rate at the expense of a
higher false positive rate or vice versa. The trade-off is
illustrated for both analyses in the Receiver Operating
Characteristic (ROC) curve in Fig. 6.
At the default decision threshold of 0.5, the accuracy on

the ER14 test dataset is 83.8%, with a true positive rate of
73.0% and a true negative rate of 94.6%. The accuracy on
the O3 test dataset is 79.9%, with a true positive rate of
62.1% and a true negative rate of 97.7%. We also show the
overall accuracy, true positive rate, and true negative rate
over time during the test periods for each analysis in Figs. 7
and 8.
If we restrict our analysis in training and testing to

glitches with a signal-to-noise ratio (SNR) at or above 6, we
achieve an overall accuracy of 88.2% for ER14 and 90.3%
for O3, with true positive rates of 80.8% and 86.7% and
true negative rates of 95.4% and 93.8%, respectively. (The
minimum SNR reported by Omicron is 5; roughly 30% of
glitches have an SNR at or above 6.) The corresponding
ROC curves are displayed in Fig. 6.

FIG. 5. Classifier’s accuracy vs length of training period.

FIG. 6. Overall ROC curves for ER14 and O3 test segments,
and corresponding ROC curves for only high-SNR glitches.
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tion from the GW strain, our EMU method provides
important independent verification of glitches, as well as
more information about the detector state.

C. Astrophysical implications

We illustrate the implications of these results in an
astrophysical setting with the following examples:
In a use-case scenario where we aim to recover so-called

subthreshold events that are lost by traditional GW search
methods because they are not classified as detections, it is
admissible to have a sizeable false dismissal rate of real

signals, but it is desired to have a high glitch rejection
rate. We find that typically a ∼65% glitch rejection rate
(i.e., a 35% false negative rate) in individual detectors can
be assumed at the cost of ≲0.3% false positives for the
high-SNR case (see, e.g., high-SNR O3 curve in Fig. 6).
The proposed method considers data from individual
detectors independently, so with such a threshold the
chance of a coincident false negative at all three sites is
less than 5%, and the chance of a false positive at one or
more sites is ∼1%. Therefore, a ∼95% reduction in triple-
detector coincident glitches corresponds to a negligible
chance [i.e., ∼Oð1%Þ] to miss a true GW signal (i.e., the
false positive rate of the glitch rejection is small).
Since in this scenario it is sufficient to flag any of the

glitches contributing to the triple coincidence, the method
can lead to approximately an order-of-magnitude reduction
in glitch-dominated false alarm rates (FARs) for triple-
detector events. Let us consider a fiducial subthreshold
FAR of 10−7 Hz for a transient event candidate that is not
sufficient for detection claims, and assume that the FAR is
only determined by the triple-detector glitch rate from these
glitches. If we decrease the triple-detector glitch rate by
over an order of magnitude, then the hypothetical GWevent
candidate events moves to the detectable FAR region of
10−8 Hz.
In an another use case scenario, we can consider all

transients detected. It is then imperative to have a very low
false dismissal possibility for real signal, so we can choose
a different strategy and operate at a different set point on the
ROC curves displayed on Fig. 6. For example, considering
that current observation runs produce ∼Oð100Þ discoveries,
one might require that the false dismissal probability to

FIG. 8. Accuracy, true positive rate, and true negative rate over
time during the O3 test period. For stability, these quantities are
computed over rolling windows of length 2000 s beginning at the
indicated time. Note that the scale of the x axis is different
from Fig. 7.

FIG. 9. Visualization of estimated glitch probability (blue) and true glitch density (red) over time during a 64-second segment from
early O3. (Glitch density was calculated by checking whether Omicron reported a glitch of any SNR during each sample time, then
smoothing the resulting binary vector by convolving it with a Gaussian with σ ¼ 0.2 s. As a result, very short-duration glitches
surrounded by longer glitch-free periods appear as low spikes of the red line—for example, around 9 s, the model correctly identifies the
presence of a very short glitch, which is not obvious in the red line because of the glitch’s short duration.)
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it simply means that during the training process, we require
the time segment around our glitch-free training examples
to be sufficiently clean.)
For each glitchy or glitch-free point in time, we generate

an array of ten statistical quantities (described in the
following paragraphs) for each channel to characterize
the channel’s behavior around that time. These quantities
become the features for our analysis.
Let us denote a given glitch peak time or glitch-free

sample time as t0 and the times 1 second before and
1 second after as t−1 and t1, respectively. We consider three
time windows of 0.5 seconds duration centered at t−1, t0,
and t1, denoted w−1, w0, and w1. This is illustrated in Fig. 2.
Note that the lowest-frequency channels in LLO at the time
of our experiments have a sample rate of 16 Hz, so each
window contains a minimum of eight samples.
For a given sample time t0, for each channel we construct

the following ten-dimensional vector based on the three
time windows:

v ¼ ðμ−1; μ0; μ1; σ−1; σ0; σ1; ð1aÞ

μ1 − μ−1; σ1 − σ−1; ð1bÞ

μ0 −
μ1 þ μ−1

2
; σ0 −

σ1 þ σ−1
2

Þ; ð1cÞ

where μi and σi are the mean and standard deviation,
respectively, of the channel’s raw value over the time
window wi, with i ∈ f−1; 0; 1g. (We note that this does not
mean we veto 2.5 seconds of data for each potential glitch
our method flags; it simply means that for a given channel
and sample time, we consider the surrounding time period
so we can identify deviations from the channel’s behavior
in its local environment, as implied in the definition of the
features.) The time and duration of the transient can be
extracted as the feature definition is known.
In contrast to Ref. [14], which considers auxiliary data in

a 100 millisecond window around glitch transients, our
method considers data from a span of 2.5 seconds, enabling
longer-timescale couplings to be addressed. We also con-
sider many more channels in our analysis.
Each feature was chosen with the intent of capturing

certain properties of a channel’s behavior in the vicinity of a
glitch or the absence of one. The features in Eq. (1a) were
chosen to capture the mean and standard deviation of the
channel’s raw value shortly before, during, and shortly

after t0. Those in Eq. (1b) were chosen to identify step
changes occurring near t0. Those in Eq. (1c) were chosen to
identify short, temporary changes occurring near t0.
It should be noted that these features and the lengths of

the time windows were chosen ad hoc based on intuition of
what properties of channels’ behavior might be informa-
tive. We acknowledge that this choice may limit the ability
of this method to uncover glitches which have significantly
different timescales. However, compared to extracting
features from nearby auxiliary transients in various wavelet
domains (see, e.g., Refs. [14,16]), the method presented
here is simpler and requires fewer computational resources,
especially when considering the significantly increased
dimensionality of the problem addressed here. We believe
the simplicity of these features is an advantage of our
method, but it is otherwise essentially agnostic to the
features chosen here; more descriptive features could
potentially improve its performance. We leave this explo-
ration to future work.
We construct the vector v for each of the approximately

40 000 channels in consideration, resulting in approxi-
mately 400 000 features for each glitchy or glitch-free point
in time.

C. Data preconditioning

Most machine learning techniques assume that each
feature is on approximately the same scale; otherwise,
features whose raw values are large in magnitude would
dominate the others. A standard normalization procedure is
to replace raw values with their standard score (i.e., the
number of standard deviations away from the training mean
that the raw value falls), so each feature has zero mean and
unit standard deviation over the training set [35,36]. For
each analysis under consideration, we compute the mean
and standard deviation over the training set; then, for every
point in the training, validation, and test sets, we subtract
the mean and divide by the standard deviation of that
feature in the training set.
Occasionally, the raw channel data contain missing or

invalid values, resulting in invalid entries in our feature
matrix. When this occurs, as is standard practice [39], we
simply replace the entry with the mean of the valid entries
for that feature in the training set prior to performing the
normalization described above. Because the data are
normalized to zero mean, this effectively results in that
entry subsequently being ignored by the model. (The
alternative of discarding the entire entry or channel would
unnecessarily waste potentially valuable data.)

D. Glitch classification via logistic regression

We formulate the problem of identifying glitches as a
basic statistical classification problem, where instances in
which a glitch is present are classified as 1 (“glitchy”), and
instances where no glitch is present are classified as 0
(“glitch-free”).

FIG. 2. Illustration of the time intervals considered in statistical
feature array.
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Figure 1. Data flow diagram of a DAE architecture. The clean input data x is corrupted (denoted by x̃) and fed to the encoder part
of the AE; for the well-trained network, the decoded output (reconstructed clean input) x ′ should be a close analogue of the clean
input x, i.e. x ′ ≈ x. The middle part of the DAE—the latent space—is denoted by z. In case of x≡ x̃ the DAE becomes a classical
AE.

it may be used for parameter estimation study, for example, as it is related to the Bayesian formulation of the
problem through the variational AE (VAE) approach [45, 46] or a version of the VAE, conditioned by the
actual values of signal parameters in question (conditional VAE, CVAE [47]). In contrast to the encoder, the
decoder recovers the data from z, and successively unfolds the compressed data. The output data of the
decoder (and hence the AE) is denoted x ′ = fθ(z). AE accomplishes dimensionality reduction in the same
way as the principal component analysis [48] or matrix factorization algorithms [49], but the underlying
process of AEs is highly non-linear and explicitly optimizes the data reconstruction.

The training of an AE consists of finding the set of parameters (θ,φ) which minimize the distance
between x and x ′. This distance is properly defined by the so-called loss function LAE(θ,φ). In the
case of regression problems like the AE identity function, a popular choice is the mean square
error (MSE):

LAE(θ,φ) =
N∑

i=1

(xi − x ′
i )

2
=

N∑

i=1

(xi − fθ(gφ(xi)))
2 , (1)

where N is the number of samples of input/output signals.
We adopt a one-dimensional CNN AE to denoise the generated astrophysical GW signals added to real

GW detector data time series, collected during the LIGO O1 run. A DAE procedure consists in training an
AE with a corrupted version of the input signal (i.e. clean signal immersed in the noisy time series), denoted
by x̃, and by demanding that the recovered output x ′ is as close to the original clean input x as possible. A
schematic representation of a DAE is presented in figure 1. The training data set is described in detail in the
subsequent section 2.3. The results of the trained DAE on simulated data in real detector’s noise are
described in section 3, whereas the denoising of real GW signals found in the O1 and O2 LIGO runs are
presented in section 3.4.

The layer-by-layer structure of the NN is described in detail in table 1. The batch normalization technique
[50] normalizes and scales the layer inputs in order to stabilize (prevent saturation of the non-linearities) and
to speed up the training. The overall effect is also to make the network more robust to the initialization of
weights. We use 32 input instances per batch. In the encoder part of the AE, the pooling layers [51] apply a
non-linear down-sampling and compactify (reduce) the information of the input. In the decoder part of the
AE, we introduce upsampling layers to ensure that the low dimensional information is successively unfolded.
We use a rectified linear unit activation function all over the layers. As there are no strong arguments for the
use of asymmetric encoder-decoder structure, we introduce three dilated convolutional layers [41] which
correlate non-adjacent samples within the signal, and are able to systematically gather multi-scale
information contained in the time series without losing resolution. In this respect, the final layers (CNN
dilated layers) of the decoder bear resemblance to the LSTM architecture, in the sense that they register and
keep track of the signal evolution in various scales. More precisely, they include a causal padding that couples
signal samples that are originally far from each other. The more important the dilation rate, the wider the
coupling area.

3
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Figure 4. Denoised SNR (calculated from the DAE output analogously to equation (7), but with denoised output waveform hd

instead of the originally-injected signal h, vertical axis) as a function of the injected SNR (horizontal axis) for a testing dataset of
1000 data instances with added astrophysical GW waveforms. Points are colored by their corresponding overlap values. Orange
dashed line denotes the denoised SNR equal to the injected SNR. Example waveform presented in figure 2 is denoted by a red
circle. Side histograms (in logarithmic scale) show the distribution of the injected SNR (upper plot), and SNRs denoised from
samples containing added GW waveforms (blue histogram), and—for comparison—not containing GW signals (i.e. pure noise,
red histogram), respectively.

3.2. Evaluation on known instrumental glitches
As discussed in section 2.3, we have also used time series containing known glitches to train the network. The
GPS times of these glitches have been extracted from the Gravity Spy database [55]. The corresponding 1 s
LIGO data segments centered at these GPS times have been downloaded via the Gravitational Wave Open
Science Center [15]. For the training phase, 1000 GPS times have been randomly selected among the list of
glitch times available in O1 with SNR> 10 and duration< 1 s. To test the ability of the network to denoise
time series that also contain glitches, we have tested the network on different glitch families, selecting some
examples of recurrent glitch types, still with the conditions SNR> 10 and duration< 1 s. The nomenclature
of these families comes from Gravity Spy. In some cases, the origin of the glitch is known, for example for
the glitch type called whistle, which seems to be caused by signals at megahertz frequencies that beat with
Voltage Controlled Oscillators in the interferometer control system [62]. The other glitch families considered
for this test, Low-Frequency Burst, Koi Fish and Blip, have an unknown origin. A Low-Frequency Burst
appears in a time-frequency spectrogram as an excess noise at low frequency. A Koi Fish is a short-duration
broadband noise. A blip is a short duration noise that appears in a spectrogram as a symmetric ‘teardrop’
typically between 30 and 250 Hz, with the majority of the power appearing at the lowest
frequencies [54].

Figure 5 contains a histogram of the recovered SNR for a group of various glitches randomly selected
(blue line) and for specific glitch classes. It is visible that, even if all the selected glitches have SNR> 10, the
denoised SNR is always quite small, so it can be assumed that a denoised time series with sufficiently high
SNR is probably a signal of cosmic origin and not a glitch. However, this test has been done with few samples
so a deeper study in this respect is needed.

3.3. Aleatoric uncertainty modelling
The results presented above are obtained with a forward pass of a noisy GW signal in our DAE model. It
produces another denoised signal which has the same length as the input one. It is the result of minimizing
an unweighted L2 distance between samples (equation (2)) or equivalently of maximizing a Gaussian
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• Simple CNN-Denoising AE applied

• Training sample has simulated signals 

injected in real LIGO noise and real 
glitches 

• sample sizes are small (about 

7K+1K)

• Real GW Signals are recovered with 

good overlap with injected signals and 
comparable SNRs 


• Faster training and suitable for 
searching in low latency
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Figure 5. Evaluation of the DAE on instrumental glitches. The logarithmic vertical scale plot shows histograms of denoised output
SNR for a selection of 38 Low Frequency Burst glitches, 5 Koi Fish type glitches, 80 Blips and 7 Whistle glitches. The blue line
marks the evaluation of 792 assorted various types of glitches. All the glitches data are obtained from the Gravity Spy database
[55]. The glitches have their estimated intrinsic SNR> 10.

likelihood. Obtaining a maximum likelihood estimator provides an unbiased estimator of the mean.
However, this does not provide an unbiased estimator for the standard deviation.

When it comes to estimating uncertainty in a statistical model, two contributions are often distinguished.
The epistemic uncertainty is caused by the fact that the model is not appropriate for the data. Indeed, multiple
model parameters could be consistent with the observed training data. In practice, it arises in parts of the
parameter space where there are fewer samples for training. The aleatoric uncertainty is the uncertainty
arising from the stochastic nature of observed data.

A further improvement of our work is notably to enrich the predictions made by the NN model by
introducing the estimation of the aleatoric uncertainty. To do so we follow the following procedure. First, the
noisy signal x̃(t) is fed into the DAE and it predicts a point estimate of the denoised signal x ′(t). We then add
a random noise n(t) from a standard normal distribution to x ′(t) in order to form a new noisy signal.
Repeating the last step several time one gathers {x̃ ′(t)}M, i.e.M distinct Gaussian noise realizations on top of
x ′(t). Finally, theM noisy time series are fed to the DAE and one gets {x̃ ′ ′}M denoised time series from
which the standard deviation at each time sample is computed.

This estimation of the aleatoric uncertainty relies on two assumptions. First, the noise part of the input
signal follows a Gaussian distribution. Second, the point estimate is an unbiased estimate of the mean true
signal. On figures 2 and A1–B4, this mean is effectively close to the clean signal. No quantitative estimation
of the closeness of the mean with the true signal has been performed.

Recent works on Bayesian deep learning like normalizing flows [63] and VAEs [46] offer a formalized
statistical and probabilistic framework to properly estimate both the epistemic and aleatoric uncertainties.
This implies estimating a distribution on every sample of the signal. For instance, if we assume Gaussian
distributed prediction of a denoising CVAE model, this implies the inference of {µ[s],σ[s]}s for s ranging
from 0 to 2048. We leave this investigation for further work.

3.4. Real GW events
The result of the denoising of data segments containing real GW events registered during O1 and O2 are
shown in appendices A and B, respectively. We study events included in the GWTC-1-confident catalog
subset at the GWOSC [64], and in particular evaluate how well the DAE trained with the O1 LIGO
Livingston data only performed on O1 and O2 data gathered by both the LIGO Livingston and LIGO
Hanford instruments, see the Gravitational Wave Open Science Center for detailed information [15]. For
brevity, we denote the Livingston detector by L1 and the Hanford detector by H1. The data have been
whitened and high-pass filtered with a f low threshold of 30 Hz, as described for the training and testing

9



Shen et al. 2017

4

(a)SMTDAE (b)Dictionary Learning (c)PCA

(d)SMTDAE (e)Dictionary Learning (f)PCA

(g)SMTDAE (h)Dictionary Learning (i)PCA

FIG. 2. Denoising results on test set signals injected into real non-Gaussian LIGO noise. 2(a), 2(d) and 2(g) show results
of SMTDAE trained only on simulated Gaussian noise on signals injected into real LIGO noise with peak SNR 0.50 and
1.00—equivalent to MF SNR of 6.44 and 12.90, respectively—and on pure LIGO noise (SNR 0.00). 2(b), 2(e) and 2(h) show
corresponding results for dictionary learning model described in [23]. 2(c), 2(f) and 2(i) show results for PCA model with
10 principal components. The length of each principal component is same as the length of a signal. Peak SNR, optimal
matched-filtering SNR (MF SNR), mean square error (MSE) and Overlap are indicated in each panel.

which is non-Gaussian and non-stationary. This indi-
cates SMTDAE will be able to automatically deal with
changes in noise distributions, without retraining, which
will occur in the future as the GW detectors undergo
modifications to attain design sensitivity.
We have also applied SMTDAE to denoise new classes

of GW signals from eccentric binary black hole merg-
ers, simulated with the Einstein Toolkit [51], injected
into real LIGO noise, and found that we could recover
them well even though we only used non-spinning, quasi-

circular BBH waveforms for training. This indicates that
our denoising method can generalize to new types of sig-
nals beyond the training data. We will provide detailed
results on denoising di↵erent classes of eccentric and spin-
precessing binaries as well as supernovae in a subsequent
extended article. The encoder in SMTDAE may be used
as a feature extractor for unsupervised clustering algo-
rithms [8]. Coherent GW searches may be carried out by
comparing the output of SMTDAE across multiple detec-
tors or by providing multi-detector inputs to the model.

• Combines DAE with Recurrent NN in a new algorithm called Staired 
Multi-timestep denoising AE (SMTDAE)

• takes multiple time steps within the neighbourhood to predict the 

value of a specific point

• Trained on Signals injected in additive white Gaussian Noise

• Curriculum learning applied during training

• Demonstrated to work on test data with real LIGO noise and on GW 

signals with additional complexities (spinning, eccentricity)
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towards computational imaging inference [8, 22], text to
image inference [23], high-resolution synthetic image gen-
eration [24] and the fitting of incomplete heterogeneous
data [25]. It is this type of machine learning network that
we apply in the GW case to accurately approximate the
Bayesian posterior p(x|y).

The construction of a CVAE begins with the defini-
tion of a quantity to be minimised (referred to as a cost
function). We can relate that aim to that of approxi-
mating the posterior distribution by minimising the cross
entropy, defined as

H(p, r) = �

Z
dx p(x|y) log r✓(x|y) (2)

between the true posterior p(x|y) and r✓(x|y), the para-
metric distribution that we will use neural networks to
construct and which we aim to be equal to the true pos-
terior. In this case ✓ represents a set of trainable neural
network parameters. Starting from this point it is pos-
sible to derive a computable form for the cross-entropy
that is reliant on a set of unknown functions that can
be modelled by variational encoder and decoder neural
networks. The details of the derivation are described in
the methods section and in [8]. The final form of the
cross-entropy loss function is given by the bound

H . �
1

N

NX

n=1

h
log r✓2(xn|zn, yn)

�KL [q�(z|xn, yn)||r✓1(z|yn)]
i
, (3)

and requires three fully-connected networks; two encoder
networks (labelled E1, E2 in Fig. 1) representing the func-
tions r✓1(z|y) and q�(z|x, y) respectively, and one decoder
network (D) representing the function r✓2(x|z, y). The
function KL(·||·) denotes the Kullback–Leibler (KL) di-
vergence and the variable z represents locations within
the latent space. This latter object is typically a lower
dimensional space within which the encoder networks at-
tempt to represent their input data. In practice, during
the training procedure the various integrations that are
part of the derivation are approximated by a sum over a
batch of N training data samples (indexed by n above)
at each stage of training. Training is performed via a
series of steps detailed in the methods section.

We present results on 256 single detector GW test BBH
waveforms in simulated advanced detector noise [26] and
compare between variants of the existing Bayesian ap-
proaches and the CVAE. Posteriors produced by the
Bilby inference library [18] are used as a benchmark in
order to assess the e�ciency and quality of our machine
learning approach with the existing method for posterior
sampling.

For the benchmark analysis we assume that 5 param-
eters are unknown: the component masses m1,m2, the
luminosity distance dL, the time of coalescence t0, and

FIG. 1. The configuration of the CVAE neural network.
During training (left-hand side), a training set of noisy GW
signals (y) and their corresponding true parameters (x) are
given as input to encoder network E2, while only y is given
to E1. The K-L divergence (Eq. 7) is computed between the
encoder output latent space representations (defined by µq

and µr) forming one component of the total cost function.
Samples (zq) from the E2 latent space representation are gen-
erated and passed to the decoder network D together with
the original input data y. The output of the decoder (µx) de-
scribes a distribution in the physical space and the ELBO cost
component L is computed by evaluating that distribution at
the value of the original input x. When performed in batches
this scheme allows the computation of the total cost function
Eq. 3. After having trained the network, we test (right-hand
side) using only the E1 encoder and the decoder D to produce
samples (xsamp) from the posterior p(x|y).

the phase at coalescence �0. For each parameter we use
a uniform prior with ranges and fixed values defined in
Table II. We use a sampling frequency of 256 Hz, a time-
series duration of 1 second, and the waveform model used
is IMRPhenomPv2 [27] with a minimum cuto↵ frequency
of 20Hz. For each input test waveform we run the bench-
mark analysis using multiple sampling algorithms avail-

x:   GW model parameters (masses, distance, etc.) 
y:   Corresponding GW strain data 
L:   Reconstruction loss 
KL: Kullback-Leibler Divergence (Latent loss 
conditioned on specific labels) 
Cost function = L + KL Gabbard et al. 2019
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towards computational imaging inference [8, 22], text to
image inference [23], high-resolution synthetic image gen-
eration [24] and the fitting of incomplete heterogeneous
data [25]. It is this type of machine learning network that
we apply in the GW case to accurately approximate the
Bayesian posterior p(x|y).

The construction of a CVAE begins with the defini-
tion of a quantity to be minimised (referred to as a cost
function). We can relate that aim to that of approxi-
mating the posterior distribution by minimising the cross
entropy, defined as

H(p, r) = �

Z
dx p(x|y) log r✓(x|y) (2)

between the true posterior p(x|y) and r✓(x|y), the para-
metric distribution that we will use neural networks to
construct and which we aim to be equal to the true pos-
terior. In this case ✓ represents a set of trainable neural
network parameters. Starting from this point it is pos-
sible to derive a computable form for the cross-entropy
that is reliant on a set of unknown functions that can
be modelled by variational encoder and decoder neural
networks. The details of the derivation are described in
the methods section and in [8]. The final form of the
cross-entropy loss function is given by the bound

H . �
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and requires three fully-connected networks; two encoder
networks (labelled E1, E2 in Fig. 1) representing the func-
tions r✓1(z|y) and q�(z|x, y) respectively, and one decoder
network (D) representing the function r✓2(x|z, y). The
function KL(·||·) denotes the Kullback–Leibler (KL) di-
vergence and the variable z represents locations within
the latent space. This latter object is typically a lower
dimensional space within which the encoder networks at-
tempt to represent their input data. In practice, during
the training procedure the various integrations that are
part of the derivation are approximated by a sum over a
batch of N training data samples (indexed by n above)
at each stage of training. Training is performed via a
series of steps detailed in the methods section.

We present results on 256 single detector GW test BBH
waveforms in simulated advanced detector noise [26] and
compare between variants of the existing Bayesian ap-
proaches and the CVAE. Posteriors produced by the
Bilby inference library [18] are used as a benchmark in
order to assess the e�ciency and quality of our machine
learning approach with the existing method for posterior
sampling.

For the benchmark analysis we assume that 5 param-
eters are unknown: the component masses m1,m2, the
luminosity distance dL, the time of coalescence t0, and

FIG. 1. The configuration of the CVAE neural network.
During training (left-hand side), a training set of noisy GW
signals (y) and their corresponding true parameters (x) are
given as input to encoder network E2, while only y is given
to E1. The K-L divergence (Eq. 7) is computed between the
encoder output latent space representations (defined by µq

and µr) forming one component of the total cost function.
Samples (zq) from the E2 latent space representation are gen-
erated and passed to the decoder network D together with
the original input data y. The output of the decoder (µx) de-
scribes a distribution in the physical space and the ELBO cost
component L is computed by evaluating that distribution at
the value of the original input x. When performed in batches
this scheme allows the computation of the total cost function
Eq. 3. After having trained the network, we test (right-hand
side) using only the E1 encoder and the decoder D to produce
samples (xsamp) from the posterior p(x|y).

the phase at coalescence �0. For each parameter we use
a uniform prior with ranges and fixed values defined in
Table II. We use a sampling frequency of 256 Hz, a time-
series duration of 1 second, and the waveform model used
is IMRPhenomPv2 [27] with a minimum cuto↵ frequency
of 20Hz. For each input test waveform we run the bench-
mark analysis using multiple sampling algorithms avail-
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FIG. 2. Corner plot showing 2 and 1-dimensional marginalised posterior distributions for one example test dataset. Filled
(red) contours represent the posteriors obtained from the CVAE approach and solid (blue) contours are the posteriors output
from our baseline analysis (Bilby using the dynesty sampler). In each case, the contour boundaries enclose 68, 90 and 95%
probability. One dimensional histograms of the posterior distribution for each parameter from both methods are plotted along
the diagonal. Blue and red vertical lines represent the 5—95% symmetric confidence bounds for Bilby and variational inference
respectively. Black crosses and vertical black lines denote the true parameter values of the simulated signal. The original
whitened noisy timeseries y and the noise-free signal are plotted in blue and cyan respectively in the upper right hand panel.
The test signal was simulated with optimal signal-to-noise ratio of 13.9.

and a single detector configuration largely in order to
decrease the computational time required to develop our
approach. We do not anticipate any problems in extend-
ing our analysis to higher sampling frequencies other than

an increase in training time and a larger burden on the
GPU memory. Our lower sampling rate naturally limited
the chosen BBH mass parameter space to high mass sig-
nals. We similarly do not anticipate that extending the

x:   GW model parameters (masses, distance, etc.) 
y:   Corresponding GW strain data 
L:   Reconstruction loss 
KL: Kullback-Leibler Divergence (Latent loss 
conditioned on specific labels) 
Cost function = L + KL Gabbard et al. 2019
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FIG. 3. The cost as a function of training iteration. We show
the ELBO cost function component (blue), the KL divergence
component (orange) and total cost (green). The total cost is
simply a summation of the 2 components and one training
iteration is defined as training over one batch of signals.

weights and biases of 3 neural networks acting as (vari-
ational) encoder, decoder, and encoder respectively. To
train such a network one must connect the inputs and
outputs appropriately to compute the cost function H

and back-propagate cost function derivatives to update
the network parameters. The network structure shown
schematically in Fig. 1 shows how for a batch of N sets of
x and corresponding y values, the cost function is com-
puted during each iteration of training.

Training is performed via a series of steps illustrated
in Fig. 1.

• The encoder E1 is given a set of training GW sig-
nals (y) and encodes y into a set of variables µq

defining a distribution in the latent space. In this
case µq = (µq0,�

2
q ) describes the first 2 central mo-

ments (mean and variance) for each dimension of
a uncorrolated (diagonal covariance) multivariate
Gaussian distribution.

• The encoder E2 takes a combination of both the
data y and the true parameters x defining the GW
signal and encodes this into parameters defining an-
other uncorrelated multivariate Gaussian distribu-
tion in the same latent space. These parameters
we denote by µr = (µr0,�

2
r) again representing the

means and variances.

• We then sample from the distribution described by
µq giving us samples zq within the latent space.

• These samples, along with their corresponding y

data, then go to the decoder D which outputs
µx = (µx0,�

2
q ), a set of parameters (much like

µq, µr) that define the moments of an uncorrelated
multivariate Gaussian distribution in the physical
x space.

• The first term of the loss function (Eq. 3) is then
computed by evaluating the probability density de-
fined by µx at the true x training values. The com-
ponent of the loss allows the network to learn how
to predict accurate values of x but to also learn the
intrinsic variation due to the noise properties of the
data y. It is important to highlight that the GW
parameter predictions from the decoder D do de-
scribe a multivariate Gaussian, but as is shown in
our results (see Fig. 2), this does not imply that our
final output posterior estimates will also be multi-
variate Gaussians.

• Finally the loss component described by the KL
divergence between the distributions described by
µ
q and µ

r is computed using

KL [q�(z|xn, yn)||r✓1(z|yn)] = (13)
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Here we highlight that we do not desire that the
network tries to make these 2 distributions equal
to each other. Rather, we want the ensemble net-
work to minimise the total cost (of which this is a
component).

As is standard practice in machine learning applica-
tions, the cost is computed over a batch of training sam-
ples and repeated for a pre-defined number of iterations.
Completion of training is determined by comparing out-
put posteriors on test samples with those of Bilby iter-
atively during training. This comparison is done using
standard figures of merit such as the KL divergence and
the P-P plot. We also assess training completion based
on whether the cost function and its component parts
(Fig. 3) have converged. We use a single Nvidia Tesla
V100 GPUs with 16/32 Gb of RAM although consumer
grade “gaming” GPU cards are equally fast for this ap-
plication.

Network and Training parameters

For our purposes, we found that ⇠ 3 ⇥ 106 training
iterations, a batch size of 512 training samples and a
learning rate of 10�4 was su�cient. We used a total of
106 training samples in order to adequately cover the
BBH parameter space. We additionally ensure that an
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µq, µr) that define the moments of an uncorrelated
multivariate Gaussian distribution in the physical
x space.

• The first term of the loss function (Eq. 3) is then
computed by evaluating the probability density de-
fined by µx at the true x training values. The com-
ponent of the loss allows the network to learn how
to predict accurate values of x but to also learn the
intrinsic variation due to the noise properties of the
data y. It is important to highlight that the GW
parameter predictions from the decoder D do de-
scribe a multivariate Gaussian, but as is shown in
our results (see Fig. 2), this does not imply that our
final output posterior estimates will also be multi-
variate Gaussians.

• Finally the loss component described by the KL
divergence between the distributions described by
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q and µ

r is computed using
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Here we highlight that we do not desire that the
network tries to make these 2 distributions equal
to each other. Rather, we want the ensemble net-
work to minimise the total cost (of which this is a
component).

As is standard practice in machine learning applica-
tions, the cost is computed over a batch of training sam-
ples and repeated for a pre-defined number of iterations.
Completion of training is determined by comparing out-
put posteriors on test samples with those of Bilby iter-
atively during training. This comparison is done using
standard figures of merit such as the KL divergence and
the P-P plot. We also assess training completion based
on whether the cost function and its component parts
(Fig. 3) have converged. We use a single Nvidia Tesla
V100 GPUs with 16/32 Gb of RAM although consumer
grade “gaming” GPU cards are equally fast for this ap-
plication.

Network and Training parameters

For our purposes, we found that ⇠ 3 ⇥ 106 training
iterations, a batch size of 512 training samples and a
learning rate of 10�4 was su�cient. We used a total of
106 training samples in order to adequately cover the
BBH parameter space. We additionally ensure that an
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(e↵ectively) infinite number of noise realizations are em-
ployed by making sure that every time a training sample
is used it is given a unique noise realisation despite only
having a finite number of waveforms. Each neural net-
work (E1, E2, D) is composed of 3 fully connected layers
and has 2048 neurons in each layer with ReLU [32] ac-
tivation functions between layers. We use a latent space
dimension of 8 and we consider training complete when
both components to the loss function have converged to
approximately constant values or when comparisons with
benchmark test posteriors indicate no significant changes
in the output posterior.

The testing procedure

After training has completed and we wish to use the
network for inference we follow the procedure described
in the right hand panel of Fig. 1. Given a new y data
sample (not taken from the training set) we simply input
this into the encoder E1 from which we obtain a single
value of µr describing a distribution (conditional on the
data y) in the latent space. We then repeat the following
steps:

• We randomly draw a latent space sample zr from
the latent space distribution defined by µr.

• Our zr sample and the corresponding original y

data are fed as input to our pre-trained decoder
network (D). The decoder network returns a set of
moments µx which describe a multivariate Gaus-
sian distribution in the physical parameter space.

• We then draw a random x realisation from that
distribution.

A comprehensive representation in the form of sam-
ples drawn from the entire joint posterior distribution
can then be obtained by simply repeating this procedure
with the same input data (see Eq. 6).

Additional tests

A standard test used within the GW parameter es-
timation community is the production of so-called p-p
plots which we show for our analysis in Fig. 4. The plot
is constructed by computing a p-value for each output
test posterior on a particular parameter evaluated at the
true simulation parameter value (the fraction of poste-
rior samples > the simulation value). We then plot the
cumulative distribution of these values [5]. Curves con-
sistent with the black dashed diagonal line indicate that
the 1-dimensional Bayesian probability distributions are
consistent with the frequentist interpretation - that the

FIG. 4. One-dimensional p-p plots for each parameter and
each benchmark sampler and VItamin. The curves were con-
structed using the 256 test datasets. The dashed black diag-
onal line indicates the ideal result.

truth will lie within an interval containingX% of the pos-
terior probability with a frequency of X% of the time. It
is clear to see that our new approach shows deviations
from the diagonal that are entirely consistent with those
observed in all benchmark samplers.
The KL divergence between 2 distributions is a mea-

sure of their similarity and we use this to compare the
output posterior estimates between samplers for the same
input test data. To do this we run each independent
sampler (including the CVAE) on the same test data to
produce samples from the corresponding posterior. We
then compute the KL-divergence between output distri-
butions from each sampler with itself and each sampler
with all other samplers. For distributions that are iden-
tical the KL-divergence is equal to zero but since we are
representing our posterior distributions using finite num-
bers of samples, identical distributions should result in
KL-divergence values < 1. In Fig. 5 we show the dis-
tributions of these KL-divergences for the 256 test GW
samples where we see that the CVAE approach when
compared to the benchmark samplers have distributions
consistent with those produced when comparing between
2 di↵erent benchmark samplers.
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able within Bilby. For each run and sampler we extract
3000 samples from the posterior on the 5 physical param-
eters.

The CVAE training process used as input 106 wave-
forms corresponding to parameters drawn from the same
priors as assumed for the benchmark analysis. The wave-
forms are also of identical duration, sampling frequency,
and waveform model as used in the benchmark analysis.
When each waveform is placed within a training batch
it is given a unique detector noise realisation after which
the data is whitened using the same advanced detector
power spectral density (PSD) [26] from which the simu-
lated noise is generated[28]. The CVAE posterior results
are produced by passing our 256 whitened noisy testing
set of GW waveforms as input into the testing path of the
pre-trained CVAE 1. For each input waveform we sam-
ple until we have generated 3000 posterior samples on 4
physical parameters (x = (m1,m2, dL, t0)). We choose to
output a subset of the full 5-dimensional space to demon-
strate that parameters (such as �0 in this case) can (if
desired) be marginalized out within the CVAE procedure
itself, rather than after training.

We can immediately illustrate the accuracy of our ma-
chine learning predictions by directly plotting 2 and 1-
dimensional marginalised posteriors generated using the
output samples from our CVAE and Bilby approaches
superimposed on each other. We show this for one ex-
ample test dataset in Fig. 2 where the strong agreement
between both Bilby (blue) and the CVAE (red) is clear.

In Figs. 4,5 (see the Methods section) we show the
results of 2 statistical tests (the probability-probability
(p-p) plot test and KL divergence tests) performed on
the entire test dataset and between all samplers. In both
cases the tests indicate that the VItamin sampler per-
forms as well as any other sampler in comparison with
the full set of samplers.

The dominating computational cost of running
VItamin lies in the training time, which can take of
order several hours to complete. We stress that once
trained, there is no need to retrain the network unless
the user wishes to use di↵erent priors p(x) or assume
di↵erent noise characteristics. The speed at which pos-
terior samples are generated for all samplers used, in-
cluding VItamin, is shown in Table I. Run-time for the
benchmark samplers is defined as the time to complete
their analyses when configured using their default param-
eters [18]. For VItamin this time is defined as the total
time to produce 3000 samples. For our test case of BBH
signals VItamin produces samples from the posterior at a
rate which is ⇠ 6—7 orders of magnitude faster than our
benchmark analysis using current inference techniques.

In this letter we have demonstrated that we are able to
reproduce, to a high degree of accuracy, Bayesian poste-
rior probability distributions generated through machine
learning. This is accomplished using CVAEs trained on
simulated GW signals and does not require the input of

TABLE I. Durations required to produce samples from each
of the di↵erent posterior sampling approaches.

sampler
run time (seconds) ratio

⌧VItamin

⌧Xmin max median
Dynestya 602 1538 774b 2.6⇥ 10�6

Emcee 2005 11927 4351 4.6⇥ 10�7

Ptemcee 3354 12771 4982 4.0⇥ 10�7

Cpnest 1431 5405 2287 8.8⇥ 10�7

VItamin
c 2⇥ 10�3 1

a
The benchmark samplers all produced O(3000� 10000) samples

dependent on the default sampling parameters used.

b
The reader may note that benchmark sampler run times are a

few orders of magnitude lower than what is typical of a

complete BBH analysis (O(10
4
� 10

5
) seconds). This is

primarily due our use of a reduced parameter space, low

sampling rate and choice of sampler hyperparameters.
c
For the VItamin sampler 3000 samples are produced as

representative of a typical posterior. The run time is

independent of the signal content in the data and is therefore

constant for all test cases.

precomputed posterior estimates. We have demonstrated
that our neural network model which, when trained, can
reproduce complete and accurate posterior estimates in
O(1) millisecond, can achieve the same quality of results
as the trusted benchmark analyses used within the LIGO-
Virgo Collaboration.
The significance of our results is most evident in

the orders of magnitude increase in speed over exist-
ing approaches. Improved low-latency alerts will be es-
pecially pertinent for signals from BNS mergers (e.g.
GW170817 [2]) and NSBH signals where parameter es-
timation speed will no longer be limiting factor[29] in
observing the prompt EM emission expected on shorter
time scales than is achievable with existing LIGO-Virgo
Collaboration (LVC) analysis tools such as Bayestar [7].
The predicted number of future detections of BNS

mergers (⇠ 180 [3]) will severely strain the GW com-
munity’s current computational resources using existing
Bayesian methods. Future iterations of our approach
will provide full-parameter estimation on compact bi-
nary coalescence (CBC) signals in < 1 second on a single
graphics processing unit (GPU). Our trained network is
also modular, and can be shared and used easily by any
user to produce results. The specific analysis described
in the letter assumes a uniform prior on the signal pa-
rameters. However, this is a choice and the network can
be trained with any prior the user demands, or users
can cheaply resample accordingly from the output of the
network trained on the uniform prior. We also note that
our method will be invaluable for population studies since
populations may now be generated and analysed in a full-
Bayesian manner on a vastly reduced time scale.
For BBH signals, GW data is usually sampled at 1—4

kHz dependent upon the mass of binary. We have cho-
sen to use the noticeably low sampling rate of 256Hz
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FIG. 3. The cost as a function of training iteration. We show
the ELBO cost function component (blue), the KL divergence
component (orange) and total cost (green). The total cost is
simply a summation of the 2 components and one training
iteration is defined as training over one batch of signals.

weights and biases of 3 neural networks acting as (vari-
ational) encoder, decoder, and encoder respectively. To
train such a network one must connect the inputs and
outputs appropriately to compute the cost function H

and back-propagate cost function derivatives to update
the network parameters. The network structure shown
schematically in Fig. 1 shows how for a batch of N sets of
x and corresponding y values, the cost function is com-
puted during each iteration of training.

Training is performed via a series of steps illustrated
in Fig. 1.

• The encoder E1 is given a set of training GW sig-
nals (y) and encodes y into a set of variables µq

defining a distribution in the latent space. In this
case µq = (µq0,�

2
q ) describes the first 2 central mo-

ments (mean and variance) for each dimension of
a uncorrolated (diagonal covariance) multivariate
Gaussian distribution.

• The encoder E2 takes a combination of both the
data y and the true parameters x defining the GW
signal and encodes this into parameters defining an-
other uncorrelated multivariate Gaussian distribu-
tion in the same latent space. These parameters
we denote by µr = (µr0,�

2
r) again representing the

means and variances.

• We then sample from the distribution described by
µq giving us samples zq within the latent space.

• These samples, along with their corresponding y

data, then go to the decoder D which outputs
µx = (µx0,�

2
q ), a set of parameters (much like

µq, µr) that define the moments of an uncorrelated
multivariate Gaussian distribution in the physical
x space.

• The first term of the loss function (Eq. 3) is then
computed by evaluating the probability density de-
fined by µx at the true x training values. The com-
ponent of the loss allows the network to learn how
to predict accurate values of x but to also learn the
intrinsic variation due to the noise properties of the
data y. It is important to highlight that the GW
parameter predictions from the decoder D do de-
scribe a multivariate Gaussian, but as is shown in
our results (see Fig. 2), this does not imply that our
final output posterior estimates will also be multi-
variate Gaussians.

• Finally the loss component described by the KL
divergence between the distributions described by
µ
q and µ

r is computed using

KL [q�(z|xn, yn)||r✓1(z|yn)] = (13)

1

2

nzX

j=1

"
�
2
q,j

�
2
r,j

+
(µr0,j � µq0,j)2

�
2
r,j

+ log

 
�
2
r,j

�
2
q,j

!#
�

nz

2
.

Here we highlight that we do not desire that the
network tries to make these 2 distributions equal
to each other. Rather, we want the ensemble net-
work to minimise the total cost (of which this is a
component).

As is standard practice in machine learning applica-
tions, the cost is computed over a batch of training sam-
ples and repeated for a pre-defined number of iterations.
Completion of training is determined by comparing out-
put posteriors on test samples with those of Bilby iter-
atively during training. This comparison is done using
standard figures of merit such as the KL divergence and
the P-P plot. We also assess training completion based
on whether the cost function and its component parts
(Fig. 3) have converged. We use a single Nvidia Tesla
V100 GPUs with 16/32 Gb of RAM although consumer
grade “gaming” GPU cards are equally fast for this ap-
plication.

Network and Training parameters

For our purposes, we found that ⇠ 3 ⇥ 106 training
iterations, a batch size of 512 training samples and a
learning rate of 10�4 was su�cient. We used a total of
106 training samples in order to adequately cover the
BBH parameter space. We additionally ensure that an
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(e↵ectively) infinite number of noise realizations are em-
ployed by making sure that every time a training sample
is used it is given a unique noise realisation despite only
having a finite number of waveforms. Each neural net-
work (E1, E2, D) is composed of 3 fully connected layers
and has 2048 neurons in each layer with ReLU [32] ac-
tivation functions between layers. We use a latent space
dimension of 8 and we consider training complete when
both components to the loss function have converged to
approximately constant values or when comparisons with
benchmark test posteriors indicate no significant changes
in the output posterior.

The testing procedure

After training has completed and we wish to use the
network for inference we follow the procedure described
in the right hand panel of Fig. 1. Given a new y data
sample (not taken from the training set) we simply input
this into the encoder E1 from which we obtain a single
value of µr describing a distribution (conditional on the
data y) in the latent space. We then repeat the following
steps:

• We randomly draw a latent space sample zr from
the latent space distribution defined by µr.

• Our zr sample and the corresponding original y

data are fed as input to our pre-trained decoder
network (D). The decoder network returns a set of
moments µx which describe a multivariate Gaus-
sian distribution in the physical parameter space.

• We then draw a random x realisation from that
distribution.

A comprehensive representation in the form of sam-
ples drawn from the entire joint posterior distribution
can then be obtained by simply repeating this procedure
with the same input data (see Eq. 6).

Additional tests

A standard test used within the GW parameter es-
timation community is the production of so-called p-p
plots which we show for our analysis in Fig. 4. The plot
is constructed by computing a p-value for each output
test posterior on a particular parameter evaluated at the
true simulation parameter value (the fraction of poste-
rior samples > the simulation value). We then plot the
cumulative distribution of these values [5]. Curves con-
sistent with the black dashed diagonal line indicate that
the 1-dimensional Bayesian probability distributions are
consistent with the frequentist interpretation - that the

FIG. 4. One-dimensional p-p plots for each parameter and
each benchmark sampler and VItamin. The curves were con-
structed using the 256 test datasets. The dashed black diag-
onal line indicates the ideal result.

truth will lie within an interval containingX% of the pos-
terior probability with a frequency of X% of the time. It
is clear to see that our new approach shows deviations
from the diagonal that are entirely consistent with those
observed in all benchmark samplers.
The KL divergence between 2 distributions is a mea-

sure of their similarity and we use this to compare the
output posterior estimates between samplers for the same
input test data. To do this we run each independent
sampler (including the CVAE) on the same test data to
produce samples from the corresponding posterior. We
then compute the KL-divergence between output distri-
butions from each sampler with itself and each sampler
with all other samplers. For distributions that are iden-
tical the KL-divergence is equal to zero but since we are
representing our posterior distributions using finite num-
bers of samples, identical distributions should result in
KL-divergence values < 1. In Fig. 5 we show the dis-
tributions of these KL-divergences for the 256 test GW
samples where we see that the CVAE approach when
compared to the benchmark samplers have distributions
consistent with those produced when comparing between
2 di↵erent benchmark samplers.
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FIG. 1. The left architecture is used to estimate the final spin and quasi-normal modes of the black hole remnant. The right
architecture is used to estimate the masses of the binary black hole components.

have computed the QNMs following [32]. One can read-
ily translate !R into the ringdown frequency (in units of
Hertz) and !I into the corresponding (inverse) damping
time (in units of seconds) by computing Mf !220. Mf

represents the final mass of the remnant, and can be de-
termined using Eq. (1) in [33].

As we describe below, we have found that to accu-
rately reconstruct the masses of the binary components,
it is necessary to use a more complex and deeper neural
network architecture. It is worth mentioning that once
these models are fully trained, a single GPU is su�cient
to perform regression analyses in milliseconds using both
neural network models.

A. Neural network model to measure the
properties of the black hole remnant

The neural network model consists of two main parts:
a shared root component for all physical parameters, and
three leaf components for individual parameters (af , !R,
and !I), as illustrated in the left panel of Figure 1, and
Table I. The model architecture looks like a rooted tree.
The root is composed of seven convolutional layers, and
its output is shared by the leaves. Each leaf component
has the same network architecture with three fully con-
nected layers. This approach is inspired by the hierar-
chical self decomposing of convolutional neural networks
described in [34, 35]. The key idea behind this approach
is that the neural network structures are composed of a
general feature extractor for the first seven layers, which
is then followed up by sub-networks that take values from
the output of the general feature extractor.

The rationale to have splits after the universal struc-
ture is to use sub-structures that focus on di↵erent sub-
groups of the data. As a simile: even though the human
body has multiple limb locations (“leaves”), human mo-
tion is controlled by the overall motion of the body (“the
root”). In practice this means that the tree structure
of our models leverages the hierarchical structure of the
data. It first extracts the universal features through the
root, and then passes the information to the di↵erent
sub-networks (“leaves”) to learn specialized features for
di↵erent physical parameters. Notice that the root will
also prevent overfitting in the “leaves”, since each leaf is
optimized through the root.
Another change to the conventional architecture is that

we remove the nonlinear activation in the second to last
layer in the leaf component, i.e., it is a linear layer with
identity activation function (see Table I). This allows
more neurons to be activated and passed to the final
layer. As discussed in [36], removing the nonlinear ac-
tivation in some intermediate layers smooths the gradi-
ents and maintains the correlation of the gradients in the
neural network weights, which, in turn, allows more in-
formation to be passed through the network as the depth
increases.

B. Neural network model to measure the masses of
the binary components

The tree-like network model used for this study is de-
scribed in the right panel of Figure 1 and Table II. With
respect to the architecture described in the previous sec-
tion, we reduce the number of convolutional layers in the

• Realistic BBH scenarios used to generate 10^7 waveforms: 

• spins are (anti-)aligned 

• evolve on quasi-circular orbits


• Both NNs are fully trained and used in parallel for inferences studies

• Parameters of BBH mergers constructed within 2 milliseconds using a 

single Tesla V100 GPU
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(a)SNR = 13.0 (b)SNR = 19.5

(c)SNR = 13.0 (d)SNR = 19.5

FIG. 5. Variation inference distributions produced by our Bayesian Neural Network models for a binary black hole system with
ground truth parameters (m1, m2, af , !R, !I) = (31.10M�, 20.46M�, 0.718, 0.5412, 0.0800). The panels show results for the
distribution of the estimates for (m1, m2, af , wR, wI). As in Figure 4, we consider SNR = {13, 19.5}.

study, we expect no additional computational challenges
to the ones we have already addressed in this analysis.
The central development for such an e↵ort, however, will
consist of designing a clever algorithm to readily identify
BNS or NSBH in a hierarchical manner, i.e., in princi-
ple it is not needed to train neural networks using minute
long waveforms. Rather, we need to figure out how much
information is needed to accurately reconstruct the astro-
physical parameters of one of these events in real-time.
These studies should be pursued in the future.

V. CONCLUSION

We have presented the first application of deep learn-
ing at scale to characterize the astrophysical properties
of BHs whose spins are aligned or anti-aligned, and which
evolve on quasi-circular orbits. Using over 107 waveforms
to densely sample this parameter space, and encoding
time- and scale-invariance, we have demonstrated that
deep learning enables real-time GW parameter estima-
tion. These studies mark the first time BNNs are trained

Results of Bayesian NN models

Shen et al. 2019



Localisation of GW sources 
with ANN

• Set up an ANN which will attempt to identify the correct sector 
in the sky in order to locate the origin of GW source  

• Input features used are the delays in arrival times, phase 
differences and amplitude ratios and cross-correlations  

• These inputs are computed at each of the three detectors using 
the signals with and without noise
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Figure 5. Labelling convention for 18 sectors. The RA and Dec ranges for each of the labelled sectors are indicated. We
follow similar convention for other sector numbers as well.

Table II. ANN architecture for signal without noise (for 128
sectors).
Total parameters: 44,228, trainable parameters: 44,228,
non-trainable parameters: 0

Layer (type) Output Shape Parameters

Dense 1 (None,100) 1000
Activation 1 0

Dense 2 (None,100) 10100
Activation 2 0

Dense 3 (None,100) 10100
Activation 3 0

Dense 4 (None,100) 10100
Activation 4 0

Dense 5 (None,100) 12928
Activation 5 0

computed to keep track of the generalization efficiency
of our model. We also use Keras’ EarlyStopping mod-
ule for this purpose, which monitors the loss on both
the training and the validation sets and forcefully ends
training when the loss on the validation fails to improve
after a certain number of epochs.

The weights were initialized randomly and during

training, were optimized using the stochastic gradient
algorithm, Adam [86]. The loss function used was cat-
egorical cross entropy. The calculated loss is back-
propagated through the network to updates the weights
and biases in order to minimize the loss.

We had generated 12000 samples for pure GW signals
without noise. We split it into a training and test set
consisting of 10800 samples and 1200 samples respec-
tively. For signals plus Gaussian noise, we have trained
the network with 160000 samples and used a validation
set of 40000 samples and a test set of 4000 samples.
The choice of the number of samples were motivated by
both memory considerations and the complexity of the
problem. Since it is difficult to make models learn from
noisy signals, we used a significantly larger dataset for
signal plus Gaussian noise. During the training, we had
used a mini-batch size of 250 for pure signals and 2000
for signals plus Gaussian noise. We had experimented
with several batch sizes and found these yielded the best
results.

We considered three different SNR ranges in our ex-
periments with signal plus Gaussian noise : [50-55],
[20-35] and [10-110]. The third case was studied by
applying curriculum learning [87] in which the training
begins with very high SNRs and then as the training
progresses, the SNRs are gradually decreased. This is a
form of transfer learning, in which a network uses the
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from the true outputs are calculated. To minimise these
losses, the errors are back-propagated through the net-
work and the weights and biases are adjusted at each
iteration of the training in order to reduce the overall
error. This is achieved through algorithms called ‘gra-
dient descent’. The weights and biases are initialized
to small values and are then adjusted through back-
propagation over several steps called ‘epochs’, until the
errors reach a minimum.

There are several advantages of using ANNs or neural
networks in general, over other machine learning algo-
rithms. ANNs have the ability to learn complex non-
linear relationships between input data and output and
has been found to be able to infer unseen relationships
on unseen data. Also, ANNs do not impose any restric-
tions on the distribution of input variables which is a
great advantage over other prediction techniques.

V. SAMPLE GENERATION

In this section, we give a short description of the sam-
ple generation code we used to create the training and
testing datasets. We have used a modified version of the
code developed by Gebhard et.al. [77] for this purpose.
While Gebhard et.al. generated GW strains for only
LIGO Hanford and Livingston interferometers, we have
edited the code to include Virgo as well for better lo-
calization of the generated samples. Figure 3 shows an
example of a gravitational wave strain sample generated
by the code for the three detectors, Hanford, Livingston
and Virgo. Here, the pure GW signals, shown in red,

  

    Input  Layer                    Hidden Layers                       Output Layer

Figure 2. An Artificial Neural Network (ANN) with two
hidden layers and six nodes in each hidden layer. The cir-
cles(neurons) are connected to each other through weights
and biases (represented here by arrows).

were injected into random Gaussian noise and the strain
signal, shown in blue was obtained.

To simulate the GW waveforms, we use a joint dis-
tribution of a set of relevant parameters as enlisted in
Table I. The component black hole masses, spins, po-
larization angle, cosine of inclination, COA phase angle
and injection SNRs are all uniformly sampled from the
specified ranges. A brief explanation for each of these
parameters and their significance are given in the Ap-
pendix in [77].

We concentrate on binary black hole mergers in
our classification problem whose waveforms are mod-
elled using the effective-one-body (EOB) approximant
SEOBNRv4 in the time domain [78]. The waveforms are
produced with a sampling rate of 2048 Hz. The sam-
ples are all uniformly distributed throughout the sky
with the RA and Decs assigned as follows: RA = 2⇡u
and Dec = sin�1(1� 2v), where u and v are uniformly
sampled between [0,1]. The cosine of the inclination
angle is uniformly sampled within the range [-1,1].

These parameters are then fed to routines in
LALSUITE that performs the actual simulation and re-
turns a tuple with the two polarization modes of the
simulated waves (h+ and h⇥), resized to a chosen wave-
form length. These These ‘raw’ waveforms are then pro-
jected onto the antenna patterns of the detectors [79–81]
based on their individual RA, Decs and polarization an-
gles using PyCBC [82] functions and are time-corrected
to ensure that the signals at the three detectors have
the correct time offset on the basis of their relative po-
sitions.

This generates the pure signals observed by the de-
tectors without any noise. In this work, we do not take
into consideration the effect of the rotation of the Earth
on it’s axis. We assume that the Earth is stationary and
the GW signals are uniformly distributed over the en-
tire sky and approach the detectors from all directions.
Since the sensitivity of the network detectors has a func-
tional dependence on the angle of incidence of the GW,
this effect is not entirely insignificant. We shall take
this into account in our future work.

A. Background noise

After the pure signals are generated, they need to be
injected into suitable background noise. In this work,
we concentrate on simulated Gaussian noise whose fre-
quency distribution is shown in Figure 4. We have
used the advanced LIGO PSD, created using the Py-
CBC module:aLIGOZeroDetHighPower. The simulated
waveform is then added to the noise to get the dummy
strain. The PSD estimate is obtained from the dummy
strain and is then used to calculate the optimal matched
filtering signal-to-noise ratio (SNR) for each of the de-
tectors for a particular injection. From this, the net-

Chatterjee et al. 2019
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• Input features used are the delays in arrival times, phase 
differences and amplitude ratios and cross-correlations  

• These inputs are computed at each of the three detectors using 
the signals with and without noise

7

Figure 5. Labelling convention for 18 sectors. The RA and Dec ranges for each of the labelled sectors are indicated. We
follow similar convention for other sector numbers as well.

Table II. ANN architecture for signal without noise (for 128
sectors).
Total parameters: 44,228, trainable parameters: 44,228,
non-trainable parameters: 0

Layer (type) Output Shape Parameters

Dense 1 (None,100) 1000
Activation 1 0

Dense 2 (None,100) 10100
Activation 2 0

Dense 3 (None,100) 10100
Activation 3 0

Dense 4 (None,100) 10100
Activation 4 0

Dense 5 (None,100) 12928
Activation 5 0

computed to keep track of the generalization efficiency
of our model. We also use Keras’ EarlyStopping mod-
ule for this purpose, which monitors the loss on both
the training and the validation sets and forcefully ends
training when the loss on the validation fails to improve
after a certain number of epochs.

The weights were initialized randomly and during

training, were optimized using the stochastic gradient
algorithm, Adam [86]. The loss function used was cat-
egorical cross entropy. The calculated loss is back-
propagated through the network to updates the weights
and biases in order to minimize the loss.

We had generated 12000 samples for pure GW signals
without noise. We split it into a training and test set
consisting of 10800 samples and 1200 samples respec-
tively. For signals plus Gaussian noise, we have trained
the network with 160000 samples and used a validation
set of 40000 samples and a test set of 4000 samples.
The choice of the number of samples were motivated by
both memory considerations and the complexity of the
problem. Since it is difficult to make models learn from
noisy signals, we used a significantly larger dataset for
signal plus Gaussian noise. During the training, we had
used a mini-batch size of 250 for pure signals and 2000
for signals plus Gaussian noise. We had experimented
with several batch sizes and found these yielded the best
results.

We considered three different SNR ranges in our ex-
periments with signal plus Gaussian noise : [50-55],
[20-35] and [10-110]. The third case was studied by
applying curriculum learning [87] in which the training
begins with very high SNRs and then as the training
progresses, the SNRs are gradually decreased. This is a
form of transfer learning, in which a network uses the
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VII. EXPERIMENTS AND RESULTS

A. Signal without noise

Our first experiment was with pure signals. We used
this as a sanity check for the validity of our approach,
since the ANN is certainly not expected to classify noisy
signals correctly if it fails for signals without noise.
Since the GW signals are not contaminated by noise,
we only use input features from the actual signals rather
than their analytic representations. These features are
the following:

• Arrival time difference at each pair of detectors.

• Relative phase differences between each pair of
signals.

• Ratios of amplitude at merger time. (taken as
the time corresponding to highest amplitude of
the signal).

We generated a sample of 12000 GW signals, dis-
tributed uniformly over the sky and split it into the
training and test sets having 10800 and 1200 samples
respectively. We used fixed masses, spins, COA phase
angles, inclinations and polarization angles for these ex-
periments. The architecture of the ANN we used is
shown in Table II. We used a mini-batch size of 250
and trained the ANN for 300 epochs. We repeated this
experiment for three different sector numbers: 18, 50
and 128. The training and test accuracy for the three
cases are shown in Table IV.

We see that both the training and test accuracy are
very high for all the three cases, implying our model
is able to learn the relationships of the input vector of
features with the individual sectors. It is also able to
generalize well on unseen data from the test set, result-
ing in the high test accuracy. We observe that the test
accuracy drops as the number of sectors is increased.
This is because as the sectors become finer, it gets more
and more difficult for the model to pick the correct sec-
tor from the ones in its immediate vicinity since the
arrival times lags, phase lags and relative amplitudes
of the GW signals from the correct sector and those
around it become more and more similar in value for
closely separated regions of the sky. Besides, the angu-
lar resolution is also limited by the SNRs and timing
resolution. It must also be noted that this test accu-
racy corresponds to the number of GW samples that
are classified ‘exactly’ correctly. In the next section, for
signals plus Gaussian noise, we consider a second mea-
sure of test accuracy where samples that are classified
to the immediate neighbouring sectors are counted as
correctly classified. We find that the test accuracy we
obtain by implementing this scheme is above 90% for
all our experiments.

Table IV. Results for pure signals and coarse angular reso-
lution. Training with 10800 samples, tested with 1200 sam-
ples. Batch size = 250, number of epochs = 300.

Number of sectors Training accuracy Test set accuracy

18 98% 95%
50 97% 91%
128 95% 85%

B. Signal with Gaussian noise

Table III shows the architecture of our ANN for sig-
nal plus Gaussian noise. The network here is deeper
with greater number of nodes in each hidden layer to
allow the ANN to learn characteristics of the actual sig-
nal from the noisy background. To make the training
better, we generated 200000 GW samples of which we
used 160000 samples for training and 20000 samples for
validation. The ANN was tested on a final, unseen,
4000 samples. We generated our samples with variable
component masses, spins etc, randomly sampled within
the range as shown in Table I. We considered two dif-
ferent SNR ranges : [50-55] and [20-35]. For each of
these SNR ranges, we have evaluated our model on 18,
50 and 128 sectors each.

In addition, in order to improve the performance
of the algorithm at low SNRs, we used the curricu-
lum learning method, explained earlier, where we begin
training with high SNR GW samples and then gradually
decrease the SNR to 10. We evaluated the performance
of our ANN, trained with the curriculum learning ap-
proach, using a test set of 4000 samples of SNR in the
range of [20-30] and found a 3% increase in accuracy for
128 sectors.

We have used the full set of 21 input features for our
experiments with noisy signals, which are the following:

• Arrival time delays of signals.

• Maximum cross-correlation values of signals.

• Arrival time delays of analytic (signal plus Hilbert
transform of the signal) signal.

• Maximum cross-correlation values of analytic sig-
nals.

• Ratios of average instantaneous amplitudes
around merger.

• Average phase lags around merger.

• Complex correlation coefficients between the
three signals.
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from the true outputs are calculated. To minimise these
losses, the errors are back-propagated through the net-
work and the weights and biases are adjusted at each
iteration of the training in order to reduce the overall
error. This is achieved through algorithms called ‘gra-
dient descent’. The weights and biases are initialized
to small values and are then adjusted through back-
propagation over several steps called ‘epochs’, until the
errors reach a minimum.

There are several advantages of using ANNs or neural
networks in general, over other machine learning algo-
rithms. ANNs have the ability to learn complex non-
linear relationships between input data and output and
has been found to be able to infer unseen relationships
on unseen data. Also, ANNs do not impose any restric-
tions on the distribution of input variables which is a
great advantage over other prediction techniques.

V. SAMPLE GENERATION

In this section, we give a short description of the sam-
ple generation code we used to create the training and
testing datasets. We have used a modified version of the
code developed by Gebhard et.al. [77] for this purpose.
While Gebhard et.al. generated GW strains for only
LIGO Hanford and Livingston interferometers, we have
edited the code to include Virgo as well for better lo-
calization of the generated samples. Figure 3 shows an
example of a gravitational wave strain sample generated
by the code for the three detectors, Hanford, Livingston
and Virgo. Here, the pure GW signals, shown in red,

  

    Input  Layer                    Hidden Layers                       Output Layer

Figure 2. An Artificial Neural Network (ANN) with two
hidden layers and six nodes in each hidden layer. The cir-
cles(neurons) are connected to each other through weights
and biases (represented here by arrows).

were injected into random Gaussian noise and the strain
signal, shown in blue was obtained.

To simulate the GW waveforms, we use a joint dis-
tribution of a set of relevant parameters as enlisted in
Table I. The component black hole masses, spins, po-
larization angle, cosine of inclination, COA phase angle
and injection SNRs are all uniformly sampled from the
specified ranges. A brief explanation for each of these
parameters and their significance are given in the Ap-
pendix in [77].

We concentrate on binary black hole mergers in
our classification problem whose waveforms are mod-
elled using the effective-one-body (EOB) approximant
SEOBNRv4 in the time domain [78]. The waveforms are
produced with a sampling rate of 2048 Hz. The sam-
ples are all uniformly distributed throughout the sky
with the RA and Decs assigned as follows: RA = 2⇡u
and Dec = sin�1(1� 2v), where u and v are uniformly
sampled between [0,1]. The cosine of the inclination
angle is uniformly sampled within the range [-1,1].

These parameters are then fed to routines in
LALSUITE that performs the actual simulation and re-
turns a tuple with the two polarization modes of the
simulated waves (h+ and h⇥), resized to a chosen wave-
form length. These These ‘raw’ waveforms are then pro-
jected onto the antenna patterns of the detectors [79–81]
based on their individual RA, Decs and polarization an-
gles using PyCBC [82] functions and are time-corrected
to ensure that the signals at the three detectors have
the correct time offset on the basis of their relative po-
sitions.

This generates the pure signals observed by the de-
tectors without any noise. In this work, we do not take
into consideration the effect of the rotation of the Earth
on it’s axis. We assume that the Earth is stationary and
the GW signals are uniformly distributed over the en-
tire sky and approach the detectors from all directions.
Since the sensitivity of the network detectors has a func-
tional dependence on the angle of incidence of the GW,
this effect is not entirely insignificant. We shall take
this into account in our future work.

A. Background noise

After the pure signals are generated, they need to be
injected into suitable background noise. In this work,
we concentrate on simulated Gaussian noise whose fre-
quency distribution is shown in Figure 4. We have
used the advanced LIGO PSD, created using the Py-
CBC module:aLIGOZeroDetHighPower. The simulated
waveform is then added to the noise to get the dummy
strain. The PSD estimate is obtained from the dummy
strain and is then used to calculate the optimal matched
filtering signal-to-noise ratio (SNR) for each of the de-
tectors for a particular injection. From this, the net-
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Table V. Results for signals plus Gaussian noise and coarse angular resolution. Trained with 160000 samples, validated
with 40000 samples, tested with 4000 samples. Batch size = 2000.

SNR Number of sectors Training accuracy Test accuracy Revised test accuracya

[50-55] 18 89% 91% 98.5%
[50-55] 50 80% 84% 98.25%
[50-55] 128 70% 77% 97.8%
[20-35] 18 80% 85% 97.27%
[20-35] 50 69% 73% 96%
[20-35] 128 55% 62% 92%

[10-110]b 128 60% 65% 94.5%c

a correct within one sector
b With Curriculum Learning
c Tested on samples with SNR of [20-35]

In order to test this, we first simulate the GW sig-
nals with the published BBH parameters as listed in
Table VI for GW150914 and Tables VII and VIII for
GW170818 and GW170823 events. Next, we consider a
large number of sectors: 1024, 2048, 4096 and train our
model with samples of SNR in the range of [20-25] for
the GW150914 test sample and with SNR in the range
of [10-15] for GW170818 and GW170823 test samples.
We then test our model’s classification on them and use
the probability assigned to each sector by our ANN for
these three test samples as ranking statistics from which
we obtain the cumulative frequency distribution of the
probabilities and get the 90% and 50% contours in the
same way as in [93].

Figures 8 and 9 (a) and (b) show probability
heatmaps and confidence intervals respectively, for our
test samples with 2048 sectors. They have been plot-
ted using the Python package ‘healpy’, that is based
on the Hierarchical Equal Area isoLatitude Pixelization
(HEALPix) library. For plots generated using healpy,
the sky is divided into ‘N’ pixels. The size and number
of pixels depend on our preferred resolution. Higher
resolution skymaps have finer and greater number of
pixels. Each of these pixels have a specific RA and Dec
and a probability associated with it for the event to be
located in that particular pixel or coordinate in the sky.
Since the sectors in our definition have a finite area and
is not simply a point or pixel in the skymap, we as-
sign all the pixels within our sectors the same value of
probability equal to the probability that was assigned to
the sector by our model. Heatmaps are then obtained
from these probabilities, with darker colours denoting
higher probability. The 50% and 90% contour inter-
vals are then plotted from the cumulative distribution
of these probability values. The plots were made using
ligo.skymaps software developed by Leo P. Singer [93].

We can see from Figures 8 and 9 that our model
has been able to localize the signal quite well, implying

Table VI. Intrinsic parameters and SNR used for GW150914
as published in [5]

Parameters Value Upper/Lower error

Primary BH mass 36.2 M� +5.2 -3.8
Secondary BH mass 29.1 M� +3.7 -4.4
Primary BH spin 0.68 +0.05 -0.06

Secondary BH spin 0.80 +0.05 -0.06
SNR 24 -

Table VII. Intrinsic parameters and SNR used for
GW170818 as published in [95]

Parameters Value Upper/Lower error

Primary BH mass 35.5 M� +7.5 -4.7
Secondary BH mass 26.8 M� +4.3 -5.2

Final spin 0.67 +0.07 -0.08
SNR 11.3 -

our method is feasible for Gaussian noise and advanced
LIGO PSD. With real LIGO noise and two detectors,
Hanford and Livingston, Bayestar and PE techniques
could localise the 90% contour of GW150914 to an area

Table VIII. Intrinsic parameters and SNR used for
GW170823 as published in [95]

Parameters Value Upper/Lower error

Primary BH mass 39.6 M� +10.0 -6.6
Secondary BH mass 29.4 M� +6.3 -7.1

Final spin 0.71 +0.08 -0.10
SNR 11.5 -
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Table V. Results for signals plus Gaussian noise and coarse angular resolution. Trained with 160000 samples, validated
with 40000 samples, tested with 4000 samples. Batch size = 2000.

SNR Number of sectors Training accuracy Test accuracy Revised test accuracya

[50-55] 18 89% 91% 98.5%
[50-55] 50 80% 84% 98.25%
[50-55] 128 70% 77% 97.8%
[20-35] 18 80% 85% 97.27%
[20-35] 50 69% 73% 96%
[20-35] 128 55% 62% 92%

[10-110]b 128 60% 65% 94.5%c

a correct within one sector
b With Curriculum Learning
c Tested on samples with SNR of [20-35]

In order to test this, we first simulate the GW sig-
nals with the published BBH parameters as listed in
Table VI for GW150914 and Tables VII and VIII for
GW170818 and GW170823 events. Next, we consider a
large number of sectors: 1024, 2048, 4096 and train our
model with samples of SNR in the range of [20-25] for
the GW150914 test sample and with SNR in the range
of [10-15] for GW170818 and GW170823 test samples.
We then test our model’s classification on them and use
the probability assigned to each sector by our ANN for
these three test samples as ranking statistics from which
we obtain the cumulative frequency distribution of the
probabilities and get the 90% and 50% contours in the
same way as in [93].

Figures 8 and 9 (a) and (b) show probability
heatmaps and confidence intervals respectively, for our
test samples with 2048 sectors. They have been plot-
ted using the Python package ‘healpy’, that is based
on the Hierarchical Equal Area isoLatitude Pixelization
(HEALPix) library. For plots generated using healpy,
the sky is divided into ‘N’ pixels. The size and number
of pixels depend on our preferred resolution. Higher
resolution skymaps have finer and greater number of
pixels. Each of these pixels have a specific RA and Dec
and a probability associated with it for the event to be
located in that particular pixel or coordinate in the sky.
Since the sectors in our definition have a finite area and
is not simply a point or pixel in the skymap, we as-
sign all the pixels within our sectors the same value of
probability equal to the probability that was assigned to
the sector by our model. Heatmaps are then obtained
from these probabilities, with darker colours denoting
higher probability. The 50% and 90% contour inter-
vals are then plotted from the cumulative distribution
of these probability values. The plots were made using
ligo.skymaps software developed by Leo P. Singer [93].

We can see from Figures 8 and 9 that our model
has been able to localize the signal quite well, implying

Table VI. Intrinsic parameters and SNR used for GW150914
as published in [5]

Parameters Value Upper/Lower error

Primary BH mass 36.2 M� +5.2 -3.8
Secondary BH mass 29.1 M� +3.7 -4.4
Primary BH spin 0.68 +0.05 -0.06

Secondary BH spin 0.80 +0.05 -0.06
SNR 24 -

Table VII. Intrinsic parameters and SNR used for
GW170818 as published in [95]

Parameters Value Upper/Lower error

Primary BH mass 35.5 M� +7.5 -4.7
Secondary BH mass 26.8 M� +4.3 -5.2

Final spin 0.67 +0.07 -0.08
SNR 11.3 -

our method is feasible for Gaussian noise and advanced
LIGO PSD. With real LIGO noise and two detectors,
Hanford and Livingston, Bayestar and PE techniques
could localise the 90% contour of GW150914 to an area

Table VIII. Intrinsic parameters and SNR used for
GW170823 as published in [95]

Parameters Value Upper/Lower error

Primary BH mass 39.6 M� +10.0 -6.6
Secondary BH mass 29.4 M� +6.3 -7.1

Final spin 0.71 +0.08 -0.10
SNR 11.5 -
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Table IX. Areas of 50% and 90% confidence contours for our
GW150914, GW170818 and GW170823 test samples with
2048 sectors.

Event 90% contour (in deg2) 50% contour (in deg2)

GW150914 312 74
GW170818 2050 354
GW170823 429 94

of 610 deg2 and 230 deg2 respectively [4]. With the O3
PSD and Gaussian noise, but with the same network
SNR of 24, we can localize the same signal to 312 deg2.
For GW170818, the 90% area obtained by PE was 39
deg2 in comparison with our 2050 deg2. [95]. The rea-
son for this large difference, we believe, is because of in-
sufficient training data in the sectors around the source
location. It must also be kept in mind that our localiza-
tion is limited by our choice of sampling rate of 2048 Hz
for our generated signals. With higher sampling rate,
we can obtain the time delay with greater precision and
therefore localize our source better. We shall take into
consideration the effect of higher sampling rate in our
future work. Another probable reason may be the unre-
liability of some of our extracted features at low SNRs.
For example, we assume that information like the am-
plitude ratios around merger regions that we use as one
of our feature vectors becomes ambiguous at SNRs <
12. However, we also find that at the same SNR, the
90% area of our GW170823 test sample is 429 deg2 in
comparison with Bayestar’s area of 2145 deg2 and PE’s
area of 1651 deg2 [95].

One of the major advantages of our model, and also
of all ML algorithms in general is that once the model
is trained, it can perform classifications or any other
operation on the test set at very high speeds, which is
of particular importance for EM follow-up, as discussed
earlier. We find that our trained model is able to per-
form the classification on a single test sample in 0.0003
secs while running on 14 Intel Xeon CPU cores.

The total time of execution, taking into considera-
tion the time to extract the input features from the test
sample’s raw strain data and classifying it into one of
8192 sectors is 0.0189 secs on 14 CPU cores. There-
fore our model is possibly orders of magnitude faster
than any other existing localization techniques, since
Bayestar takes 10 secs - 1 min and other offline PE al-
gorithms take hours to perform the localization.

We have also performed a convergence test of our lo-
calization method on the GW150914, GW170818 and
GW170823 test samples for SNR in the range of 15 to
50. Figure 10 shows our convergence plot of 90% con-
tour area vs. SNR for the GW150914 test sample. This
area is expected to decrease as the SNR is increased by
following an inverse square relation, as expected from

diffraction limit [94]. The curve has been fitted with the
function A/x

2. We find that the 90% areas of our test
sample does follow this curve as the SNR is increased.
We have performed this convergence test for SNR in the
range of 10 to 50 for our GW170818 and GW170823 test
samples as well and we find that the 90% areas follow
a similar trend.

For all three of our test samples, the 90% areas de-
creased as we increased the number of sectors from 1024
to 2048 but slightly increased when we increased the sec-
tor number to 4096. We suspect that this is due to the
fact that with finer sectors, our training samples are dis-
tributed over a larger number of sectors and hence there
aren’t enough training examples in the sectors around
the event to enable the model to accurately learn the
features from that part of the sky. As discussed previ-
ously, the angular resolution of the source is also limited
by our choice of timing resolution of 1/2048 s. Besides,
in a classification problem, as the number of classes are
increased, the number of error values that are backprop-
agated through the network during the training also in-
creases and the weights and biases are updated every
time. This might lead to instability if the number of
classes (sectors in this case) are too large. Since the
network may not be tuned to handle so many optimiza-
tion operations in each epoch of the training, it may
affect its performance.

X. DISCUSSION AND CONCLUSION

We have attempted to localize GW signals injected
into Gaussian noise using deep learning. We have built
an ANN and have approached it like a classification
problem, where the sky, modelled as a sphere has been
divided into several sectors and we train our ANN model
so that it classifies simulated GW signals into their cor-
rect sector based on it’s RA and Dec’s. We report high
(> 90%) classification accuracy for all the cases with
coarse angular resolution down to a few hundredths of
the sky. To achieve finer angular resolution, we calcu-
late confidence levels using ML probability as the de-
tection statistics. We tested our model’s localization
accuracy by using test samples with injection parame-
ters of GW150914, GW170818 and GW170823 and con-
clude that our model gives feasible results for Gaussian
noise and advanced LIGO PSD. We demonstrate that
the 90% contour area for our test samples decrease in an
inverse proportion to the square of SNRs, as expected
from the diffraction limit. The major advantage of our
approach as we have established in this work is that it
is orders of magnitude faster than any current localiza-
tion technique. We would like to emphasize that this
work is meant to be a feasibility test of our method.
We plan to try with real LIGO noise and realistic PSD
and compare our results with Bayestar and PE in our

Tests on 3 real GW events
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Table V. Results for signals plus Gaussian noise and coarse angular resolution. Trained with 160000 samples, validated
with 40000 samples, tested with 4000 samples. Batch size = 2000.

SNR Number of sectors Training accuracy Test accuracy Revised test accuracya

[50-55] 18 89% 91% 98.5%
[50-55] 50 80% 84% 98.25%
[50-55] 128 70% 77% 97.8%
[20-35] 18 80% 85% 97.27%
[20-35] 50 69% 73% 96%
[20-35] 128 55% 62% 92%

[10-110]b 128 60% 65% 94.5%c

a correct within one sector
b With Curriculum Learning
c Tested on samples with SNR of [20-35]

In order to test this, we first simulate the GW sig-
nals with the published BBH parameters as listed in
Table VI for GW150914 and Tables VII and VIII for
GW170818 and GW170823 events. Next, we consider a
large number of sectors: 1024, 2048, 4096 and train our
model with samples of SNR in the range of [20-25] for
the GW150914 test sample and with SNR in the range
of [10-15] for GW170818 and GW170823 test samples.
We then test our model’s classification on them and use
the probability assigned to each sector by our ANN for
these three test samples as ranking statistics from which
we obtain the cumulative frequency distribution of the
probabilities and get the 90% and 50% contours in the
same way as in [93].

Figures 8 and 9 (a) and (b) show probability
heatmaps and confidence intervals respectively, for our
test samples with 2048 sectors. They have been plot-
ted using the Python package ‘healpy’, that is based
on the Hierarchical Equal Area isoLatitude Pixelization
(HEALPix) library. For plots generated using healpy,
the sky is divided into ‘N’ pixels. The size and number
of pixels depend on our preferred resolution. Higher
resolution skymaps have finer and greater number of
pixels. Each of these pixels have a specific RA and Dec
and a probability associated with it for the event to be
located in that particular pixel or coordinate in the sky.
Since the sectors in our definition have a finite area and
is not simply a point or pixel in the skymap, we as-
sign all the pixels within our sectors the same value of
probability equal to the probability that was assigned to
the sector by our model. Heatmaps are then obtained
from these probabilities, with darker colours denoting
higher probability. The 50% and 90% contour inter-
vals are then plotted from the cumulative distribution
of these probability values. The plots were made using
ligo.skymaps software developed by Leo P. Singer [93].

We can see from Figures 8 and 9 that our model
has been able to localize the signal quite well, implying

Table VI. Intrinsic parameters and SNR used for GW150914
as published in [5]

Parameters Value Upper/Lower error

Primary BH mass 36.2 M� +5.2 -3.8
Secondary BH mass 29.1 M� +3.7 -4.4
Primary BH spin 0.68 +0.05 -0.06

Secondary BH spin 0.80 +0.05 -0.06
SNR 24 -

Table VII. Intrinsic parameters and SNR used for
GW170818 as published in [95]

Parameters Value Upper/Lower error

Primary BH mass 35.5 M� +7.5 -4.7
Secondary BH mass 26.8 M� +4.3 -5.2

Final spin 0.67 +0.07 -0.08
SNR 11.3 -

our method is feasible for Gaussian noise and advanced
LIGO PSD. With real LIGO noise and two detectors,
Hanford and Livingston, Bayestar and PE techniques
could localise the 90% contour of GW150914 to an area

Table VIII. Intrinsic parameters and SNR used for
GW170823 as published in [95]

Parameters Value Upper/Lower error

Primary BH mass 39.6 M� +10.0 -6.6
Secondary BH mass 29.4 M� +6.3 -7.1

Final spin 0.71 +0.08 -0.10
SNR 11.5 -
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Table IX. Areas of 50% and 90% confidence contours for our
GW150914, GW170818 and GW170823 test samples with
2048 sectors.

Event 90% contour (in deg2) 50% contour (in deg2)

GW150914 312 74
GW170818 2050 354
GW170823 429 94

of 610 deg2 and 230 deg2 respectively [4]. With the O3
PSD and Gaussian noise, but with the same network
SNR of 24, we can localize the same signal to 312 deg2.
For GW170818, the 90% area obtained by PE was 39
deg2 in comparison with our 2050 deg2. [95]. The rea-
son for this large difference, we believe, is because of in-
sufficient training data in the sectors around the source
location. It must also be kept in mind that our localiza-
tion is limited by our choice of sampling rate of 2048 Hz
for our generated signals. With higher sampling rate,
we can obtain the time delay with greater precision and
therefore localize our source better. We shall take into
consideration the effect of higher sampling rate in our
future work. Another probable reason may be the unre-
liability of some of our extracted features at low SNRs.
For example, we assume that information like the am-
plitude ratios around merger regions that we use as one
of our feature vectors becomes ambiguous at SNRs <
12. However, we also find that at the same SNR, the
90% area of our GW170823 test sample is 429 deg2 in
comparison with Bayestar’s area of 2145 deg2 and PE’s
area of 1651 deg2 [95].

One of the major advantages of our model, and also
of all ML algorithms in general is that once the model
is trained, it can perform classifications or any other
operation on the test set at very high speeds, which is
of particular importance for EM follow-up, as discussed
earlier. We find that our trained model is able to per-
form the classification on a single test sample in 0.0003
secs while running on 14 Intel Xeon CPU cores.

The total time of execution, taking into considera-
tion the time to extract the input features from the test
sample’s raw strain data and classifying it into one of
8192 sectors is 0.0189 secs on 14 CPU cores. There-
fore our model is possibly orders of magnitude faster
than any other existing localization techniques, since
Bayestar takes 10 secs - 1 min and other offline PE al-
gorithms take hours to perform the localization.

We have also performed a convergence test of our lo-
calization method on the GW150914, GW170818 and
GW170823 test samples for SNR in the range of 15 to
50. Figure 10 shows our convergence plot of 90% con-
tour area vs. SNR for the GW150914 test sample. This
area is expected to decrease as the SNR is increased by
following an inverse square relation, as expected from

diffraction limit [94]. The curve has been fitted with the
function A/x

2. We find that the 90% areas of our test
sample does follow this curve as the SNR is increased.
We have performed this convergence test for SNR in the
range of 10 to 50 for our GW170818 and GW170823 test
samples as well and we find that the 90% areas follow
a similar trend.

For all three of our test samples, the 90% areas de-
creased as we increased the number of sectors from 1024
to 2048 but slightly increased when we increased the sec-
tor number to 4096. We suspect that this is due to the
fact that with finer sectors, our training samples are dis-
tributed over a larger number of sectors and hence there
aren’t enough training examples in the sectors around
the event to enable the model to accurately learn the
features from that part of the sky. As discussed previ-
ously, the angular resolution of the source is also limited
by our choice of timing resolution of 1/2048 s. Besides,
in a classification problem, as the number of classes are
increased, the number of error values that are backprop-
agated through the network during the training also in-
creases and the weights and biases are updated every
time. This might lead to instability if the number of
classes (sectors in this case) are too large. Since the
network may not be tuned to handle so many optimiza-
tion operations in each epoch of the training, it may
affect its performance.

X. DISCUSSION AND CONCLUSION

We have attempted to localize GW signals injected
into Gaussian noise using deep learning. We have built
an ANN and have approached it like a classification
problem, where the sky, modelled as a sphere has been
divided into several sectors and we train our ANN model
so that it classifies simulated GW signals into their cor-
rect sector based on it’s RA and Dec’s. We report high
(> 90%) classification accuracy for all the cases with
coarse angular resolution down to a few hundredths of
the sky. To achieve finer angular resolution, we calcu-
late confidence levels using ML probability as the de-
tection statistics. We tested our model’s localization
accuracy by using test samples with injection parame-
ters of GW150914, GW170818 and GW170823 and con-
clude that our model gives feasible results for Gaussian
noise and advanced LIGO PSD. We demonstrate that
the 90% contour area for our test samples decrease in an
inverse proportion to the square of SNRs, as expected
from the diffraction limit. The major advantage of our
approach as we have established in this work is that it
is orders of magnitude faster than any current localiza-
tion technique. We would like to emphasize that this
work is meant to be a feasibility test of our method.
We plan to try with real LIGO noise and realistic PSD
and compare our results with Bayestar and PE in our

Tests on 3 real GW events
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Figure 9. (a)Probability heatmap with of localization with contours by our ANN for GW170818 test sample. (b) Probability
heatmap with of localization with contours by our ANN for GW170823 test sample. The blue line shows the 90% contour
and the green line shows the 50% contour. The exact sky direction of the GW signal, as chosen by us is marked with a
black cross.
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heatmap with of localization with contours by our ANN for GW170823 test sample. The blue line shows the 90% contour
and the green line shows the 50% contour. The exact sky direction of the GW signal, as chosen by us is marked with a
black cross.
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FIG. 3: Simplified optical layout of GEO 600 highlighting the AI-based alignment sensing and control scheme. The
CCD captures 2D images of the beam that exit the darkport through the 1% transmission port of the

beam-directing optic. The CNN-LSTM neural network simultaneously extracts the pitch and yaw degrees of
freedom for the Michelson, signal recycling, and power recycling mirrors. Tuned PID controllers and

soft-actor-critic-based reinforcement learning agents process this information and correct the low-frequency drifts of
the signal recycling mirror, thus improving the astrophysical sensitivity.

III. MODEL-BASED CONTROLLER DESIGN

After the neural sensor is built as described above, we
require a suitable controller to close the loop. Designing
such controllers with the actual interferometer-in-loop is
not encouraged. Doing so reduces the observation time
and can lead to undesired behavior like oscillations in the
system that could take a long time to settle down. For
example, an RL agent, in its search for the optimal pol-
icy, can intentionally carry out random action sequences
as it tries a strike a balance between exploration and ex-
ploitation. We hence follow a model-based [33] approach
and design a controller that can utilize the signals from
the neural sensor. The original high-fidelity instrument
response is approximated by a reduced-order model that
sufficiently captures the dominant system dynamics rel-
evant to the controller design. The response of the in-
terferometer is analyzed by randomly perturbing the set-
points in SR pitch and yaw degree of freedom that covers
the actuation range of the existing controller. This per-
turbation leads to variation in the darkport images and

is processed by the CNN-LSTM neural sensor. System
identification, mapping setpoints to neural predictions, is
then carried out using subspace-based state-space mod-
eling [34]. State space offers superior performance over
transfer function models due to the ability to include a
noise model. During the fitting process, the model order
is varied over a reasonable range, and the one with the
lowest Hankel singular value [35] is selected. Selecting
such lower values helps retain the larger energy states,
making it possible to have a reduced-order model that
preserves the majority of the system characteristics. The
identified model is further refined using the prediction-
error minimization, where the weighted norm of the dif-
ference between the measurement and the model’s pre-
dicted output is minimized [36]. We looked at further
improvements by adding input and output non-linearities
to the identified state space model, resulting in a non-
linear Hammerstein-Wiener (NLHW) model. Figure 2
compares both the models on estimation and validation

Sensing: Alignment information is extracted using a CNN-LSTM 
network

Control: Reinforcement learning - Soft-Actor-Critic controller then 
applies auto-alignment corrections resulting in improved sensitivity to 
astrophysical signals

Sensing and Control

Automated alignment
Suspended optics can suffer from mis-
alignment from slow drifts over time 
(temperatures and seismic variations) 
resulting in worsened sensitivity to detect 
signals

A network that extracts the information of the 
state of the interferometer and controls/
corrects it.
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FIG. 4: Bias and variance in 2-DOF reference tracking for the controllers mentioned in Table III

FIG. 5: Comparison of neural network alignment predictions for the key optics with the measurements from the
differential wavefront sensor.

each, such as the low integral error from PID and the
faster response of RL. Ensemble learning [48] is another
option, where the top-performing agents across the multi-
ple simulations are combined to form the optimal signal
by averaging the maximum likelihood action suggested
by each. We report the findings from simulating prob-
able controller combinations in Table III. It includes a
tuned PID for each DOF, a single RL agent with an av-
erage performance, an ensemble of optimally performing
RL agents, and a few combinations where the signals are
blended. The ensemble learner achieves the best per-
formance measured in terms of the recovered average re-
ward, where the setpoints are randomly perturbed across
the actuation range. The corresponding bias and vari-
ance associated with the 2-DOF reference tracking for
each controller configuration are shown in Figure 4.

IV. RESULTS

In Figure 5, we present the alignment predictions made
by the retrained InceptionResnetV2-LSTM neural sensor
and compare them with the actual measurements for the
six alignment DOFs (also see Table I). These signals are
generated from unseen darkport image sequences, and
we observe a good match in both time and frequency do-
mains with true error points (see Table I). We finally close
the AI-based alignment loop by deploying the neural sen-
sor and the ensemble RL agent in real-time, as shown in
Figure 3, and accessing the resulting performance.

The ultimate metric to access the impact of the neu-
ral scheme is to analyze the GW strain curve and esti-
mate the improvements to astrophysical sensitivity. The
non-stationary nature of the noises influencing the de-
tector, primarily the ambient seismic noise, often makes
comparing different time segments difficult. To address
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FIG. 6: Astrophysical sensitivity comparison in terms of horizon distance for coalescing neutron star binaries of 1.4
solar mass each. The blue trace is when experienced commissioners fine-tune the interferometer, while the orange
trace provides the results using the deep reinforcement learning agent. The two peaks represent the scenario with

and without applying squeezed states of light.

this, we measure several pairs of segments approximately
thirty minutes long, each with the SR mirror optimized
manually and with the AI-based controller. Figure 6
compares this sensitivity in terms of the farthest lumi-
nosity distance for optimally orientated and located co-
alescing neutron star binaries (1.4 solar mass each), de-
tectable with a matched filter SNR of eight or above. The
blue trace shows the horizon distance when experienced
commissioners fine-tune the interferometer by inspecting
the darkport images, while the orange trace depicts the
results obtained using the deep reinforcement learning
agent. The first peak is when the interferometer is shot
noise limited at high frequencies, a state similar to the
training data. The second peak is when the interferom-
eter is operating at a modified state with the injection
of squeezed states of light. In both cases, we observe
the neural-optimized segments to outperform the man-
ual tuning from the experienced commissioners.

V. CONCLUSIONS AND OUTLOOK

With GW detectors becoming more complex with each
generation, AI-assisted autonomous sensing, and control
could play a major role in the operation of interferom-
eters, including automated alignment and multi-cavity
locking. We developed a deep neural network scheme
to extract meaningful information about the state of the
interferometer and reconstructed the alignment error sig-
nals using the data from GEO600 observatory. We im-
plemented a control loop using this neural sensor and

achieved drift control of the signal recycling mirror us-
ing deep reinforcement learning, improving overall sen-
sitivity. As far as we know, this work is the first of its
kind where machine learning-based control applied to a
kilometer-scale GW interferometer resulted in astrophys-
ical sensitivity improvement. Radio-frequency sidebands
from the existing auto-alignment scheme elevate the shot
noise at kilohertz frequencies and affect the strain signal.
Fully replacing this method with a higher bandwidth ver-
sion of the neural scheme presented here is an interesting
possibility that is part of future work.

We followed a divide-and-conquer approach, deploy-
ing different neural architectures and multiple learning
strategies for sensing and control. End-to-end learning
using a single transformer-based architecture with self-
attention [49] could lead to a better flow of gradients and
improved predictions. Expanding the RL-controller’s
policy to include a diverse set of tasks would also be desir-
able if we intend to control multiple sub-systems. Deep-
Mind’s Gato [50] and Robotics Transformer (RT-1) from
Google Brain [51] have recently demonstrated the most
promising strides towards artificial general intelligence,
enabling multitask learning using a context-based gener-
alized policy. The applicability of such frameworks that
combine transformer models with reinforcement learning
strategies looks promising for current and future genera-
tion GW observatories, and our work is the first step in
that direction.
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correlations with time/detector/subsystems
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2. Jitter Noise.Jitter noise arising out of laser pointing
fluctuations(Martynov et al. 2016) is sensitive to cavity
alignments and angular mirror motions. It has been partly
caused by the pre-stabilized laser (PSL) periscope motion
induced by chiller water flow around PSL’s high power
oscillator. Various efforts to understand its possible origin
and subsequent attempts to subtract it from the data
stream are reflected in the increased number of logbook
entries at the LIGO Hanford Observatory (LHO) relative
to other sites. Commissioners performed online feed-
forward noise subtraction using auxiliary witness chan-
nels that reduced the coupling significantly (Sigg 2016;
Vajente 2016; Driggers 2017).

3. Scattering Noise in LHO and LLO.Noise from scattered
light is one of the factors that limits the sensitivity in the
frequency bin from 50 to 200Hz (see Figure 4),
especially during periods of high microseism. An off-
axis beam-scattered laser beam could hit a reflecting
surface like a camera mirror mount or beam tube and re-
enter the cavity. Nonlinear features are seen in the data
when this beam picks up resonances from reflecting
surfaces, which then get upconverted or phase-modulated
by low-frequency seismic-like motion. Its effect at LLO
is more pronounced as compared to LHO, as the former is
vulnerable to microseismic activity(Ottaway et al. 2012).

Figure 4 shows the effect of acoustic excitation on
the 82Hz peak seen in gravitational wave differential
arm motion (DARM) data. The acoustic injections carried
out at the LIGO Y-end station are reconstructed using the
scatter noise model S(t) (Accadia et al. 2010) given by
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where Yrms(t) is the ground motion and Yac(t)=
Bsin(2πfot) is the chamber motion, with (A, n, B) being
the tunable parameters. The model parameters are fine-
tuned using a pattern search. The scatter noise projection
to DARM from ambient motion is obtained by scaling
down the chamber motion based on the accelerometer
signal before and after injection.

4. Non-astrophysical Transients. Glitches often show up in
the strain data, leading to false alarms in the various

search pipelines that look for astrophysical signals
(Abbott et al. 2016b). They are often witnessed in
auxiliary sensor channels, while a few of them have been
reported to cause loss of lock of the interferometer
(Mukund 2017). The report generation feature of our
application provides the following glitch distribution
(Figure 5) across multiple subsystems based on their tags
in the data. The general operation of all three detectors
has been affected by such transients ever since the
beginning of their operation (see Figure 6). It is
interesting that there are subtle variations in the noise
sources between LHO and LLO. The origins of many of
them have been studied and reported in the logbooks, but
a vast majority are still not well understood.

5.2. Visualizing an Observatory as a Complex Network

The behavior of an observatory and the elements that lead to
changes in the system behavior can be studied through its
representation as a complex network. Complexity is expressed
through nodes and links within the network. Here, the nodes
can be either subsystems or specific instruments or even
subgroups within the observatory, and edges between them
provide the probability of each one of them being connected to
the other as inferred from the logbook entries. We first create a
dictionary of sub-system keywords and for each one find
the frequency of their joint occurrence with the others.
This information is then used to form the adjacency matrix,
whose diagonal elements are all zero, and the off-diagonal
value representing the linkage is given by the ratio of joint
occurrence frequency divided by total occurrence of the
keyword. The adjacency matrix being non-symmetric leads to
a directed graph. The number of incident edges determines the
node size, while the edge width is given by the associated
connection probability. To better aid visualization, we adopt
the Force Atlas 2 layout(Jacomy et al. 2014), with repulsion
approximated using Barnes Hut optimization(Barnes &
Hut 1986), which is well suited for larger graphs. The
interconnectedness information within the observatory revealed
through these networks may help with identifying the critical
nodes in the system, making it easier to identify vulnerable
connections. These representations could be useful during

Figure 5. Pie diagram showing how various LIGO subsystems contribute to the various non-astrophysical glitches seen in LIGO. The acronyms in the diagrams are
defined as follows: ISC: Interferometer Sensing and Controls; CAL: Calibration; AOS: Auxiliary Optics Support; SUS: Suspension; VE: Vacuum Electronics; SEI:
Seismic External Isolation; CDS: Control and Design System.
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Glitch Distribution across different subsystems 

large-scale repair and maintenance, as they reveal the other
subsystems that can be affected in the process.

In Figure 7 we show the network connection for a few
prominent nodes of the Virgo observatory. It differs from real-
world networks in terms of its degree distribution (degree refers
to the number of edges connected to each node). Sparse
networks are characterized by a degree distribution that takes
the form of a power law and is commonly seen in biological
networks and computer networks(Barabási 2016). For the case
of Virgo network, this distribution deviates from such a power
law, indicating a dense connection between the nodes. Further

research is needed to analyze the network and study the
instrument’s robustness to random sub-system failures.

6. Discussions and Conclusion

We have demonstrated how information retrieval and
recommendation systems could be useful for LIGO-like
astronomical observatories. Compared with conventional
searches associated with the existing sites, our web application
incorporates a NLP-based information retrieval system that can
also perform visualization of the user-queried data. Involving a

Figure 6. Rate of occurrence of different keywords in the logbooks of multiple detectors as a function of time.
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Glitch Distribution over time for three GW detectors

the trends in the searched keyword across different
observatories.

An automatic check for new data entries is done periodically
so that the NLP models are regularly updated. We track the
volume of discussions happening on various topics and identify
and rank the trending issues on a daily basis. Scientists
involved with the project will mostly be interested in getting
notified about specific problems that correlate with their
domain of expertise, so the application only issues alerts to
registered participants with matching interests. This targeted
delivery will remove clutter and will ensure proper dissemina-
tion of information to the concerned people.

Code development is a tedious procedure wherein a
significant amount of time is spent on readability and re-
usability to benefit a wider research community. Our applica-
tion makes better use of this idea by auto-detecting and
notifying the user about the presence of codes in the searched
content. We believe this feature would simplify the procedure
involved in result reproduction and its consequent independent
verification.

To check the capability of our application, we analyze six
months of LIGO Livingston Laboratory (LLO) logbook data
(2017 January 1 to June 30) and compare the NLP results with
the actual entries. Table 2 shows the recovery performance for
a specific set of randomly chosen keywords. In most cases, the
false alarms occur at the tail end of the search results, which
represent the neighbors of least relevance in the k-NN search.
These can be removed either by setting a threshold on the
similarity distance measure or by post-filtering the results by
additionally comparing the content of each post. Currently, we
have implemented the process of post-filtering to remove such
posts in the final web application. In the future, we are planning
to incorporate a mechanism that will make use of feedback

received from the users and utilize it to improve the accuracy in
retrieving relevant posts.

5. Inferring from Logbook Entries

Once the relevant logbook entries are identified using the
techniques mentioned above, their associated metadata can be
utilized to obtain several kinds of quantitative information
about the topic of interest.

5.1. Trends within Detectors

We briefly compare the trends obtained for a few test search
queries and discuss the observed patterns. Although of similar
configuration, the effect of various noises on each detector can
be of a different nature. Variation in instrumental behavior and
environmental effects due to geographical location can also
influence the efficiency of implemented mitigation measures.
Figuring out such details may positively speed up the
commissioning activities of future detectors like LIGO-India.

1. Installation. The first plot from Figure 6 shows the trends
in posts related to installation work at each of the
observatories. Activities picked up momentum in 2010 at
LIGO and continued until mid 2014, after which testing
and commissioning tasks started. Advanced Virgo seems
to have began such activities in 2014 and carried them on
until the end of 2016.

Table 1
Logbook Details Retrieved from Different GW Observatories

Observatory Logbook Entries Contributors Time span Dictionary Size Clusters

LIGO Livingstona 24351 261 2010–2017 2273 455
LIGO Hanfordb 24968 237 2010–2017 2713 543
Virgoc 34592 660 2010–2017 5026 1005

Notes.
a https://alog.ligo-la.caltech.edu/aLOG/
b https://alog.ligo-wa.caltech.edu/aLOG/
c https://logbook.virgo-gw.eu/virgo/

Table 2
Prominent LLO Logbook Keywords from 2017 January 1 to June 30

Keyword Logbook Posts Retrieved

Entries by NLP Code

Total Relevant

Lock Loss 108 108 89
Earthquake 83 94 80
Charge 62 65 58
Measurement
Guardian 55 65 55
Optical 63 61 48
Lever
Calibration 55 52 45
Lines

Figure 4. Effects of scattered light observed at LIGO Livingston. Noise gets
amplified and upconverted during periods of high microseism and limits the
sensitivity range of the GW detectors.
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