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Introduction



Gravitational waves are heard not seen

Masses in the Stellar Graveyard

LIGO-Virgo-KAGRA Black Holes LIGO-Virgo-KAGRA Neutron Stars

Credit: Northwestern University


http://www.youtube.com/watch?v=xQiEO9Dgll8

Binary Black Hole mergers



http://www.youtube.com/watch?v=tDzbQwoOwCY

Surrogate models

G =80 x1:=—08 x2. =038

2
&
=
<
=
g
£,
&
005 NR‘I — Pl\ll — EOB—cc:rrectedI PN I I I
0 500 1000 1500 2000 2500 3000 3500 4000
i (M)
arxiv:1812.07865




Autoencoders
e )

Autoencoder:

® Non-linear
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Output layer

Input layer
Hidden layers Output layer




Autoencoders

Encoder: h
® Efficiently compresses
(encodes) input data down to
its essential features.
- J

~\

[ Latent space:
® Features/ Representation/ Code )

~

4 Decoder:
® It reconstructs (decodes) the

original input from this
compressed representation

\_ (code) )

~Inputlayer

Output layer



Data and model




Numerical Relativity data
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General Idea - 3 stage training

Make a synthetic dataset
using a surrogate model

st stage:

A 4

& Add networks that can
map the initial parameters

[ Train the autoencoders on

]
them J

2nd stage:

\ 4

to the representation we
learned

~

)

3rd stage:

Fine tune the models using

Train the resulting models ]
on the surrogate model data J

\ 4

the Numerical Relativity
simulations
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Synthetic dataset
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Autoencoder Architecture
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Component Layer Units Activation
Input 8192 —
Dense 1 1024 Leaky ReL.U
Encoder Dense 2 512 Leaky ReLU
Dense 3 256  Leaky ReLLU
Dense 4 128  Leaky ReLU
Output (Latent) 64 Linear
Input (Latent) 64 —
Dense 1 128  Leaky ReLU
Decoder Dense 2 256  Leaky ReLU
Dense 3 512  Leaky ReLLU
Dense 4 1024 Leaky ReLU
Output 8192 Linear
Input (Parameters) 3 —
Dense 1 128  Leaky ReLU
: Dense 2 512  Leaky ReLU
Mapping Network Dense 3 512 Leaky ReLU
Dense 4 128  Leaky ReLU
Output (Latent) 64 Linear

Architecture Components Table
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Final Architecture - Adding the mapping network

4 Mapping network:
After the autoencoders are trained,

encoder with a mapping network

A

we keep the decoder and replace the

N

“Second step:
We retrain the full model, with the

decoder weights free to change
A

4
<

D
/Fine tuning: D
We retrain the full model on the NR
waveforms, with a lower starting
learning rate
4
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Results
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Training
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Counts
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Residual

Generated waveforms
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Parameter estimation
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Speed-of-inference (in ms)

AESur3dg8 DANSur3dq8 NRHybSur3dgs

Samples CPU GPU CPU GPU CPU

10° 6.38 0.46 1.0  0.18 851

10 380 1.01 3.0 021 8,830
10t 349 9.05 125 1.8 88,200
10° 3,682 86.6 1,222 17 882, 000"
10% 37387 868 12,217 172 8.8 x 10%




Higher modes - Ongoing work

Base vs Fine-tuned — mismatch distributions
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Conclusions

® We construct an autoencoder based surrogate model
® We compare the generated waveforms with Numerical Relativity
waveforms from the SXS dataset
® We perform a bilby parameter estimation, showing the
compatibility of our results with the current models
® Future tests/extensions include:
o Multi-modal surrogates (Talk from Osvaldo Freitas)
o Precessing spins
o BNS mergers
o Implementation in gw detection pipelines
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