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Abstract
- Many black hole binary mergers that can not be detected as individual
events will form a stochastic gravitational-wave background. If the merger
rate is low so that each waveform is not overlapped, the stochastic
gravitational-wave background is expected to have non-Gaussianity.
- We propose the use of deep learning to capture the non-Gaussianity. We
demonstrated our method for toy model of stochastic background and
showed the neural network can extract the non-Gaussianity.

23rd International conference on General relativity and gravitation, 3rd-8th July 2022

Astrophysical SGWB
Continuous or intermittent
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Considering the intermittency is expected
to improve the detection e ciency.

intersects a PI curve, then it has SNR ≥ 1 for the corresponding observing run.
Although
the stochastic background is dominated by
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unresolvable sources, the energy-density spectra in Fig. 1
include contributions from the loudest, individually detectevent
dur background
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FIG. 2. We present a simulated time series of duration 104 s
illustrating the characterLIGO/Virgo,
of the BBHPRL120,
and BNS091101
signals in(2018)
the time
domain. In red we show a simulated BNS background corresponding to the median rate as shown in Fig. 1, and in green we
display the median BBH background. We do not show any
detector noise, and do not remove some loud and close events that
would be detected individually. The region in the black box, from
1800 to 2600 s, is shown in greater detail in the inset. The BNS

Deep learning application
Arti cial neural network (ANN) in a nutshell
e.g. Goodfellow et al., “Deep learning” as a textbook

✓ANN is inspired by the structure of a human brain, mimicking
the way that biological neurons signal to one another.

✓Highly non-linear function controlled by many parameters.
✓ANNʼs parameters are optimized using a training dataset before
we apply ANN to test data or a real event.
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https://medium.com/predict/arti cial-neural-networks-mapping-the-human-brain-2e0bd4a93160

https://developer.nvidia.com/blog/digits-deep-learning-gpu-training-system/

Toy model of SGWB
Signal model

Drasco & Flanagan, PRD67, 082003 (2003)

• A burst is modeled by a peak at one time bin
• Signal model
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Due to the assumption of stationarity and white, the var
ance is constant in time. Because we also assume tha
the noise of two detectors have the same variance, we se

Results
Demonstration with toy model
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Deep learning

FIG. 7: Confusion matrix in the unit of percent. Each row
shows the true class, and each column shows the predicted
class. Each class is labeled by the integer {1, 2, 3, 4} and
they corresponds to log10 ⇠ 2 [ 1, 0), [ 2, 1), [ 3, 2), and
[ 4, 3), respectively. The color shows the number of test
data corresponding the true class and the predicted class.
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duty cycle is sampled from the log uniform distribution
on ⇠ 2 [10 4 , 100 ], and the SNR is sampled from the
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