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Introduction to the project
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« Detection of gravitational waves (GWSs) at LIGO
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Source: Elena Cuoco - Real Time Classifier for transient signals in Gravitational Waves, From raw data to classified triggers



LIGO Data Generation — GW170817 example

1.00 Livingston Hanford
075 L>
0.50 1.0 .
0.25 A | | | ; o i | 05 n . ﬂ , | N |!
b
-0.25 v | ' ! | (A | o W \ WHWUU "uv W UV W”v i | ’ \
-0.50 —0. | . i | W
—0.75 -1.0 |
02 0228 025 0275 03 0325 035 0375 04 0425 045 0475 05 _1'50.2 0225 025 0275 03 0325 035 0375 04 ' 0425 045 0475 05
Time [seconds] from 2017-08-17 12:41:04 UTC (1187008882.0) Time [seconds] from 2017-08-17 12:41:04 UTC (1187008882.0)
Virgo
1.5 Not observed at Virgo
hitened and A ll n l\
Data is whitened an 05 Ly |
bandpassed 0.0 M’ hn | J\M’ I M"l " wa A \"r\ | W‘\ ﬂ ﬂ”l\
bt 14 AL R T
I U
-15 u
02 0225 025 0275 03 0325 035 0375 04 0425 045 0475 05
Time [seconds] from 2017-08-17 12:41:04 UTC (1187008882.0) 3

Source: https://www.gw-openscience.org/data/



https://www.gw-openscience.org/data/

Current methods

Matched Filtering (used at LIGQO)

 Compares incoming GW data to bank of simulated
waveforms

« Can only identify GWs that are available in GW banks
(no exotic events)

Deep Filtering (CNNS)

« Take time-series inputs, can determine detections and
estimate parameters of events

« Still can miss events that aren’t included in training set

Source: https://arxiv.org/pdf/1711.03121.pdf, https://arxiv.org/pdf/2005.06534.pdf

Sensitivity (%)

100 e v———
78
80 //
60
40
20 —— ST
-@- Deep Filtering —— Matched Filtering
0
2 6 8 10 12 14 16
Optimal Matched-Filter SNR
4



https://arxiv.org/pdf/1711.03121.pdf
https://arxiv.org/pdf/2005.06534.pdf

Artificial Neural Networks

1. Unsupervised learning ANomALY
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2. Supervised learning -
- labels for gravitational waves
- deep neural networks /\MM

3. Fast inference
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ANNs: Unsupervised learning

LIGO Unsupervised Autoencoder Anomaly Detection LSTM Autoencoder
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ANNs: Supervised learning

True Positive Rate
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Inference engine with his4ml and Intel” oneAPI
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Credits: Marcin Swiniarski, Vladimir Loncar;



Intel” oneAPI baseline model performance

Three hidden-layer neural network on Xeon Gold 6128 3.4Ghz
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Spiking Neural Networks (SNNs)

Brain-like Neural network:

Information
flow

Omni-directional signal flow

Asynchronous pulse signals

Inspired by biology

Source: Laura Bégon-Lours - Presentation on Neuromorphic Devices and Systems at CERN openlab, July 12 2019

Information encoded in signal timing

Deep Artificial Neural Network:
%

@ Input Neurons
@ Hidden Neurons
@ Output Nodes
<© Synaptic weights

Feed-forward sequential processing

Use activation functions

Information encoded in signal amplitude

Trained with backpropagation algorithms
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(ot NEUROMORPHIC RESEARCHGOMMUNITY—

Applying inspiration from Nature for mnovatloﬁ i, /\.;
in computer architecture, algorithms, and Al aii :

X

Intel Loihi — Dedicated neuromorphic chip

Bare Loihi Chip Kapoho Bay Oheo Gulch Pohoiki Springs

Embedded
Datacenter
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Source: https://intel-ncl.atlassian.net/wiki/spaces/INRC/pages/2752539/Loihi+Systems+Qverview



https://intel-ncl.atlassian.net/wiki/spaces/INRC/pages/2752539/Loihi+Systems+Overview

SNNs supervised learning - Nengo

LIGO Supervised GW-Detection Nengo-DL
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SNNs supervised learning - SNN-TB
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Accuracy results in simualtion:
ANN: 94%
SNN: 91%

Executed on Loihi chip 13



Selected performance benchmarks

(keyword spotting task in Nengo for DNN-SNN conversion)

Loihi provides
extremely good
scaling vs
conventional
architectures as
network size
grows by 50x
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Loihi is the most energy-efficient architecture
for real-time inference (batchsize=1 case)

Source: https://arxiv.org/abs/1812.01739, arXiv:1812.01739, Peter Blouw, Xuan Choo, Eric Hunsberger, Chris Eliasmith - Benchmarking Keyword Spotting Efficiency on Neuromorphic Hardware

Accuracy results:
90.6% SNN
92.7% DNN

14


https://arxiv.org/abs/1812.01739
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Future opportunities for SNNs

SLAYER

Spike LAYER ERROR REASSIGNMENT

* Unsupervised learning ‘%“-
(Recurrent SNNs: LSTMs, LMUSs) 4

HdEFN

« Backpropagation algorithm for direct
training (SLAYER)

« Evolutionary algorithims to adjust the
parameters of spikes

GENETIC NEURAL
ALGORITHMS NETWORKS
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Thank you for your attention!

Do you have any questions?

bartek _borzyszkowski@wp.pl

emoreno@caltech.edu

github.com/eric-moreno/Anomaly-Detection-Autoencoder

ERN CMS .?.': CERN g )
O %, openlab  (Inte!



https://github.com/eric-moreno/Anomaly-Detection-Autoencoder

