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Gravitational waves
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> disturbances in spacetime geometry 1
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> most frequent source: BBH mergers o
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» cosmology, SMBH/AGN formation 5
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Gravitational wave searches

» binary black holes

» coloured noise with transients
» standard: matched filtering

» dense template bank

» slide templates over signal
» non-optimal

» computationally demanding
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Neural Networks
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Neural Networks

Hidden

organized in layers:
. .- . Input
» matrix multiplication

» element-wise non-linear functions Output
training:
> dataset

» loss function (BCE)

BCE (Y, Y) :——ZZbg (V)

i=1 j=1

» GD-based optimizer



Feed forward and back-propagation

acac
dall) — gy’
a0 Vi=L,...1:
Vi=1,...L: 836) _ aaf/) 0 (Z(/)) 7
20 = Wa(=1) 4 p() z @
oc_ _ (N o
al) = 5 (zu)) 7 dal—1  — \ 920 ’
— a0 oc _ oc % a1
y ' oW () 9201 ’
ac ac

ab)  ~ 9z(0



Convolutional Neural Networks

CONVOLUTION + RELU POOLING
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Neural Network frameworks

» TensorFlow: good for learning the basics v
> PyTorch
» Theano, Caffe, Chainer, ...: not as common TensorFIOW

typically combination of Python, C/C++, CUDA,
with Python interfaces

optimized for O PyTorch

> large tensors
» GPU parallelization (CUDA etc.)

theano
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Application to O3b data

> 1 November 2019 - 27 March 2020: ~ 147 days
» high data quality in both L1 and H1: ~ 95 days

» cropped GWTC-3: 31 confident events
» 90% intervals: m; € [10Mg, 50Mg]?

» all in: found 8/9
» marginal: found 10/11
» out: found 5/11
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Conclusions

Ground-based detectors:
» ML-based searches competitive on Gaussian noise
» handling real noise not fully understood
> speed
Extension to LISA data:
> longer signals
» computational complexity
» motion of detector — larger effective parameter space
> overlap
> global fit



