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Gravitational Waves

— Numerical relativity

Reconstructed (wavelet)
B Reconstructed (template)
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Source: ligo.org



- et ¥ e

e FP L Tt IR A SR SN = = o - ——
¢laser Interferometer Gravitational-Wave Ohservatory ‘r_\

3%

Nerth
Wtlantic
-it cean

Venezuela



Operational
Under Construction
Planned



Aim: Enable Multimessenger Astrophysics

Hear gravitational waves

LIGO, VIRGO, KAGRA, eLISA

See electromagnetic waves

DES, LSST, JWST, WFIRST

Feel astro-particles
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IceCube Laboratory 86 strings of DOMs,
set 125 meters apart

Data is collected here and
sent by satellite to the data
warehouse at UN-Madison
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Normalized Strain

Example of LIGO Data
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Numerical Relativity - Supercomputing
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Challenge




Solution




Bottleneck: Matched-filtering
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Solution: Deep Learning with Neural Networks

10



Artificial Neural Networks

Universality Theorem  inputLayer Hiciden Layer Output Layer
Can model any function 1.0

Artificial Neurons 0.18

Weights (w) and bias (b)

Output = f(w . Input + b) 1.11 0.73

W

Activation

Nonlinear function (f) -0.26

Learning Algorithm teration:
Backpropagation, steepest descent Error: 054

Source: codeproject.com 11



Deep Learning

Overview

input layer

Very long networks of artificial
neurons (dozens of layers)

(
State-of-the-art algorithms for image

processing, natural language
understanding, speech recognition,
web search engines, self-driving cars,
etc.
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Source:
https://cs231n.github.io/

tput layer

hidden layer 2

hidden layer 1

Representation learning

Does not require hand-crafted
features to be extracted first

Automatic end-to-end learning

Deeper layers can learn highly
abstract functions
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Google
Translate
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B erson riding a -
motorcycle on a dirt road. A herd of elephants walking

across a dry grass field.
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A group of young people Two hockey players are fighting
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9:41 AM 1 100% W

"Show me photos from Utah last

st MEDIUM RANGE VEHICLE CAMERA




ILSVRC top-5 error on ImageNet
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ASD (Strain/Hz)

Data

Smoothed noise spectrum - LIGO

1020,
1021 ¢

10—22 _

I/f
10 50 100 500 1000 5000
Frequency (Hz)

mz (M)

700
60:
50/
40/
30/
20/

10

LA AL N N R

Training

Testing

%le}}:?i

..0-

ﬁnnfg.g) ﬂ

f&’:-i

3,{-.’*

40
my (Mg)

70

15




Designing DNNs

Explored only simple designs.

Up to 4 dilated convolutional layers
and 3 fully connected layers.

Separate Classifier and Predictor

Matched-filter: 1 convolutional layer

00~ O U1l B WM —

_ A A A a2 o
U b WM = O

Input

Reshape Layer
Convolution Layer
Pooling Layer

Ramp

Convolution Layer
Pooling Layer

Ramp

Convolution Layer
Pooling Layer

Ramp
Flatten Layer
Linear Layer
Ramp
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Speed-Up
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Deep Convolutional Neural Network (GPU)
5300x

Real-time analysis (milliseconds).

Deep Convolutional Neural Network (CPU)
107x

Constant time regardless of number
of templates.
Matched-filtering (CPU)

Thousands of inputs can be 1x
processed at once on a GPU.
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Speed-up Factor for Inference



Detection and Parameter Estimation

S

Deep Convolutional Neural Network
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Performance
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New Types of GWs

Eccentric, Spin-precessing

Not included in training.
Same accuracy of detection.
DNNs learned to generalize.

Not covered by current methods.
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Improvements S "

Target Relative Error Total Loss
(L
8192 1x8192 1x8192 8192 8192 8192
© ® ° o
Noise Reshape Standardize Flatten Thread Input
%@q' NetChain (Predictor)
Input vector (size: 8192)
1 Reshapelayer matrix (size: 1x8192)
2 InstanceNormalizationLayer matrix (size: 1x8192)
Sig.nal 3 ConvolutionLayer matrix (size: 16x8177)
4 PoolingLayer matrix (size: 16 x 2044)
5 Ramp matrix (size: 16 x 2044)
6  ConvolutionLayer matrix (size: 32x2016)
Developed automated framework for 7 PoolingLayer matrix (size: 32 x 504)
. . . . .. 8 Ramp matrix (size: 32 x504)
incorporating real LIGO noise while training. o  CajvalutaNlaE Rt (SizE A AT6)
10 PoolinglLayer matrix (size: 64x 119)
: ~ 19 . 11 Ramp matrix (size: 64 x119)
Obtalned 1 % €rror fOr hlgh SNR 12 FlattenLayer vector (size: 7616)
13 LinearLayer vector (size: 64)
Used mean absolute relative error loss. 14 Ramp vector (size: 64)
15 LinearLayer vector (size: 2)
Output vector (size: 2)



Conclusion

1. Introduced a new method for directly analyzing highly noisy time-series data
2. Potential alternative to existing methods for LIGO data analysis

3. Need catalogs of massively-parallel numerical simulations for training data
4. Extensive scope for research on deep learning and Al for science

5. Can exploit rapidly growing advances in Al algorithms and hardware
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