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4 Noisy Input Cell

Artificial Neural Network

A mostly complete chart of

Neural Networks

©2016 Fjodor van Veen - asimovinstitute.org

Perceptron (P) Feed Forward (FF)

Recurrent Neural Network (RNN)
) QO Qo

Auto Encoder (AE) Variational AE (VAE)

Hopfield Network (HN) Boltzmann Machine (BM) Restricted BM (RBM)

Radial Basis Network (RBF) p=
i: : g: 3 f%g: - A

Long / Short Term Memory (LSTM)
a Q

Denoising AE (DAE)

http://www.asimovinstitute.org/neural-network-zoo

Deep Feed Forward (DFF)
WAV

Deep Convolutional Network (DCN) Deconvolutional Network (DN) Deep Convolutional Inverse Graphics Network (DCIGN)
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Generative Adversarial Network (GAN) Liquid State Machine (LSM) Extreme Learning Machine (ELM) Echo State Network (ESN)

58 A

Deep Residual Network (DRN) Kohonen Network (KN)  Support Vector Machine (SVM)  Neural Turing Machine (NTM)

STt Txee sobon f%

Sparse AE (SAE)
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Deep Belief Network (DBN)
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http://www.asimovinstitute.org/neural-network-zoo

Spiking Neural Network

» Closer to the actual biological brain i
AL —

» Adapted to temporal data e
 Hardware implementation with low B
power consumption | -

» Trained using evolutionary algorithms g
« Economical models BLALLL

Training Method

Native Input Types

Processing
Abilities

Performance
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Deep Learning

Back-propagation

Not well established (here, genetic
algorithms)

Images/Arrays of values Spikes 1

Large (many layers, many neurons Relatively small (fewer neurons and \

LiiR=

Spike reception: EPSP )

and synapses per layer) sparser synaptic connections)

Good for spatial Good for temporal

Well understood and state-of-the-art Not well understood

Neuromorphic for HEP, J-R Vlimant



Future of Computing

General + Specialized Architectures
General Purpose

More Moore Beyond CMOS maintain
boost
Machine Learning Specialized Architectures
More Moore Beyond CMOS complerggt gomplement
boost boost

L

Neuromorphic Architectures

Machine Learning/Bio-
inspired Intelligence More Moore Beyond CMOS

Optimization? Quantum Annealing Architectures

Search/Specialized Functions? Quantum Gate Computers

https://indico.cern.ch/event/708041/contributions/3308808/ Slide F. Schuermann
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https://indico.cern.ch/event/708041/contributions/3308808/

Neuromorphic Hardware

spiNaker  TE=ERE (intel’ Brainscale

' ﬁN?rtH — e S Ca I e S

Biological realism

Slide F. Schuermann
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On-Chip Learning
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- http://www.nature.com/articles/srep14730

14

14
qu dvs retina

input pattern
(70 active macropixels)

B LA
eural chips

(2x128 available neurons)

* Implementing plasticity in hardware
* Process signal from detector and adapt to categories of pattern
(unsupervised)

S. Bamford at DSLHC2015
https.//indico.cern.ch/event/395374/contributions/939906/
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Neutrino Identification with SNN

Best Results: Single View

x-view conv1[pooll conv2|pool2 conv3 |pool3 conv4|poold| fc1 drop fc2 drop fc3 e
(127x50) (8x3) (2x1) (7x3) (2}(1} (6x3) (2)(1 ) (6x3) 2}(1) (196) out (98) out (11)

Convolutional Neural Network Result: ~80.42%

* 90 neurons, 86 synapses

« Estimated energy for a single
classification for mrDANNA
implementation: 1.66 pJ

Spiking Neural Network Result: ~80.63%

Source for CNN results: A. Terwilliger, et al. Vertex Reconstruction of Neutrino Interactions using Deep Learning. IJCNN 2017. ¥.QJ‘!LKI€{}DCE
L} aorat

https://indico.fnal.gov/event/13497/contribution/0 Slide C. Schuman
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Kalman Filter on TrueNorth

1 T T T T

T
non-spiking
measurernents

Amplitude [arb]

res [arb]

0 500 1000 1500 2000 2500
Time [ticks]

* Experimented with IBM TrueNorth test board
* Implementing a simplified Kalman filter problem

https://doi.org/10.1088/1742-6596/898/4/042021
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https://doi.org/10.1088/1742-6596/898/4/042021
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Jet Classification Benchmark

By Bartlomiej Borzyszkowski, with Maurizio Pierini
https://indico.cern.ch/event/830003/contributions/3523519/
https.//github.com/borzyszkowski/SNN-CMS

Neuromorphic for HEP, J-R Vlimant qmn."
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https://indico.cern.ch/event/830003/contributions/3523519/
https://github.com/borzyszkowski/SNN-CMS

Dataset and Classification Task

» Jet Tagging is a key aspect of HEP analysis
* Multicategory jet classification from high level features
» Used as an first-off benchmark problem

t—-bW—-bqq Z—-qq W-qq q/g background

3-prong jet 2-prong jet 2-prong jet no substructure
and/or mass ~ 0

Reconstructed as one massive jet with substructure .
https://arxiv.org/abs/1804.06913 Slide S. Summers

01/22/20
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https://arxiv.org/abs/1804.06913

Intel Lohi

00000000000000000000 ° [ 20000
0000000000000 0000000000000000000000000000000
00000000000000000000000000000000000000000000

> Programmable synaptic
learning rules

> Most advanced
asynchronous design

> Supporting toolbox
NxSDK, Nengo

01/22/20
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https://ieeexplore.ieee.org/document/8259423

Classification Accuracy

ANN model architecture: DNN accuracy:
)
16 inputs ¢ 75’20 /o
8 (Trained in Keras on conventional hardware)
64 nodes
activation: ReLU
8 SNN accuracy (simulation):
32 nodes e 69,72%
activation: ReLU _ _ _ _
8 (Trained in Keras, simulated in SNN Toolbox)
32 nodes
activation: ReLU
8 SNN accuracy (hardware):
5 outputs ® 69,80‘%
activation: SofiMax (Trained in Nengo, deployed on the Loihi chip)

e Comparable performance in using SNN versus ANN

01/22/20
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Classification Confusion Matrix

Jet Tagging Accuracy: Spiking Neural Networks Jet Tagging Accuracy: Artificial Neural Networks
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e Comparable performance in using SNN versus ANN
» Also complementary performance between models

01/22/20
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Future Endeavors

=0
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Scintillating Calorimeter Signal

X Mco et
T s . . .
/\ ~ | e« Look into calorimeter signal
processing prospects
) * Regression of reference time
- from the pulse train ...
» Particle identification from
. pulse train ...
0- ,*:'m‘:-‘-.—,-.‘,.a:-.‘-.%.*ﬂ‘-* ), WW
-50 A

S Looking forward the release of EON
https://ieeexplore.ieee.org/document/7727192
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https://ieeexplore.ieee.org/document/7727192

Gravitational Interferometer Signal

~ Hanford ~Livingston . Virgo
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GW170814
* Engage with LIGO/Virgo in time series processing
 Signal classification

 Anomaly detection

=0
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Summary

>Spiking neural network as an
alternative to artificial neural networks

>Neuromorphic hardware as lower(er)
power accelerator

>Benchmark on jet tagging task
successful first step

>L.ooking into more challenging
problems

Neuromorphic for HEP, J-R Vlimant QW:.F

18



	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18

