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J u | y 2 0 1 2 ImageNet Classification with Deep Convolutional
Neural Networks

Alex Krizhevsky Hva Sulskever CreolTrey E. Hinlon
Unwversily ol Toronto Umversaty of Taronlo University e Toronlo
kriz@ utoronto.ca il ut to.ca hintonfcs.utoronto.ca
Abstract

W tramed a large. deep convolutional newral network o classily the 1.2 mallzen
high-resolulaom mmages in the ImageNet LEVRC- 2000 conlest inle the 100 daf-
ferent classes. O the besd data, we achseved lop-1 and lop-5 emor rales of 37 5%
and IT0% which is considerably better theam the previous state-ol-the-arl. The
meural network. which has 60 mallion parameters amd 6300000 neurons, consisis
ol lve comalolmal kayers, somse ol which are followed by mas-posding lavers,
and three fully-conmected Layers with a linal HE-way solimax. To make rain-
mg faster, we used non-saturating neurons and a very ellicient GPL implemen-
tation of the convolution operation. To reduce overflitling i the Tully-conmecled
layers we employed a recently-developed regularization method called “dropou™
that proved b be very elleclve. We aleo entered a vanant of thas model i the
ILSVRC-2012 competition and achieved a winning top-5 test ernor rate of 15.3%,
compared o 26 2% achieved by the secomd-best enkry.
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“New directions in science are

launched by new tools much more

often than by new concepts. The
effect of a concept-driven revolution
is to explain old things in new ways.
The effect of a tool-driven revolution
is to discover new things that have to
be explained.”

- FREEMAN DYSON
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The use of neural networks in y—" discrimination Pattern recognition in high energy physics with artificial neural

networks — JETNET 2.0
Wayne S. Babbage and Lee F. Thompson
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Should artificial intelligence be'i'n'terpretable to humans?

Nature Reviews Physics volume 4, pages 741-742 (2022)
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A detailed study of interpretability of deep neural network
based top taggers :d Y. o

Ayush Khot! €2, Mark S Neubauer! {2 and Avik Roy?' {2}
Published 11 July 2023 - © 2023 The Author(s). Published by IOP Publishing Ltd

Machine Learninq: Science and Technnlugy_', Volume 4, Number 3

1.00 234y f— —
i —a o L —
S ]
mn 11 4
o~ 0.75 o o2 —
52 - 2y I— E )3 —
[ 5 2135 . 2 2 71—
@ 0.50 e ——] £ —
113 114
2= 20 — B 73— )
=200 3 o [bockoround] e
= 0.25 =]
2 1
% ?ﬂ?- u:i u;-
T 150 0.00 000 005 010 015 020 035 0000 0.025 0050 D075 0100 D125 4080 002 004 DO0B DO 010
i~ Pescent Drop in AT MAD Relevance Scare MAD Relevance Score
£ —0.25 (b) ()
@100 )
-g 1600( m— h"‘ﬂarv-nd 1608) -
= _G.S‘J o 140! shonal
5‘} Emm 1200,
-0.75 : S
ool b -
R B
0 =1.00 . ol
208 00}
5o [T u: 15 28 P87 03 1o 15 28 38 i F [ [] %G00 033 @50 073 100 138
Zw I

@* \;5" \?“’* -.:f‘r
Network Activation Layers

()

(e)



J.:Joz.’:): «Q.:.:L\.n LSJ.S.:\.:»

odalice sliws piad ol glajlu, il o

lassls e

LHCb (gosls a5 %

facebook LSL‘“-’"’ ~ATLAS 5 CMS Lglm.:\.: —



10M

100k

log size (PB)
£n § P

1000

100

T1k B e-mails sent from
2020-10 to 2021-09 (75 KB)

5.4k PBfyY

60k B spam
e-mails(5 KB)

300 PBYy

T20k hours/day
of video uploaded (7 GB)

100 T objects stored
in 53 up to 2021 (5 MB)

140 M hours/day
of streaming (1 GB)

240k photos/min.

7

shared in 2021
(2 MB) =
51.1k PBfy
60 GB/s WLCG
g transfers in 2018 HL-LHC real
box 1.9k PBfy data expected in 21]26
65k photos/min.
23 YouTube shared in 2021 LHC real
733 PBly (2 MB) data in 2018 mpm 1200 PBfy

\\ HL-LHC Monte Carlo
f data expected in 2026

263 PBfy 252 PBfy ' G 240PBfy

2 160 PB/fy
98.83 M new users 62 pﬂﬂ, 3u+ B web pages LHC s
+ 1.17 M paid subs in 2020 in 2021 (2.15 MB) data in 2018 ® Luca Cli (2022)

(1.5 GB and 500 GB, respectively)

player



Anomaly detection

Lots of interest recently in anomaly detection — fueled by machine learning

-

e Driven by a desire to be model-independent

The LHC Olympics 2020

3 Unsupervised 11
A Community Challenge for Anomaly 31 Anomalous Jet Identification via Variational Recurrent Neural Network 11
Detection in High Energy Physics 3.2 Anomaly Detection with Density Estimation 16
3.3 BuHuLaSpa: Bump Hunting in Latent Space 19
34 GAN-AE and BumpHunter 24
3.5  Gaussianizing Iterative Slicing (GIS): Unsupervised In-distribution Anomaly
Detection throngh Conditional Density Estimation 29
3.6 Latent Dirichlet Allocation 33
3.7 Particle Graph Antoencoders ar
3.8  Regularized Likelihoods 42
3.9 UCluster: Unsupervised Clustering 46
4 Weakly Supervised 51
4.1 CWoLa Hunting 51

) p 4.2 (CWoLa and Autoencoders: Comparing Weak- and Unsupervised methods
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“FullSim”

* Common software framework

(i.e. Geant4)

o Experiments can provide
additional code via user actions

» Explicit modeling of detector
geometry, materials, interactions

w/ particles

CHEP2023

ol sl

“FastSim”

e Usually experiment-specific
framework

e Implement approximations:
analytical shower shapes (e.g.
GFLASH), truth-assisted track
reconstruction, etc.
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Kevin Pedro

M. Selvaggi

Delphes
e Ultra-fast parametric simulation

e Used for phenomenological
studies, future projections, etc.

Simulation is
crucial in HEP!
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Calo-VQ: Vector-Quantized Two-Stage Generative Model in
Calorimeter Simulation

w e,
h’g’ i %t} % — Encoder

" - F o

Input Data

OO_

Token generative model

":w} I"g.:' “'%’:
., "’,‘(’ : &}‘} %

bt
* - ’

Generated Data

arxiv:2405.06605



Mgy 3kl sl gl

Simulation Analysis Reconstruction

Comparison

B

Particles

Track
candidates

segments

Information

Summable digits

Reconstructed

Digits :
points

Rawidata Processing

s by Vincenzo Innocente & K.C.



2@ L3 g3l e Kom cass

—s — — . —
- A el
. oo .
| . b S “Fi.
‘.. & '._*. L 3 ‘
-t B .
Iy - - "'. -
- - .
x - - . L] i
- - .
4 — . . .
. Ve -
F . il Lo
4 [ 3 [ ..."I, ry . ...;.
. e .
. - .
uy = f[W;x

S8) wp=f(Wou +8) wy=f{Waug+8;) wy=f{Wou, +8,) Not nggs

End-to-End Physics Event Classification with CMS Open Data

Applying Image-Based Deep Learning to Detector Data for the Direct Classification
of Collision Events at the LHC
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Quantum Computing for High-Energy Physics
State of the Art and Challenges
Summary of the QC4HEP Working Group
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Classification of ~ H(bb)
versus the dominant ~ (bb)

background
* pre-processing

e using hybrid quantum-
classical algorithms

* QSVM
« - VQC



v’ Article results v Our results

ROC curve

N(train): 1827808, N(test) 456952
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