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Particle-level, event-level and experiment-level inference (e.g.
ATLAS or CMS experiment on the Large Hadron Collider at CERN)

High Energy Physics data are not images
GAN/VAE for simulators

Dealing with uncertainties
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Modelling particle physics processes

Latent variables

Parton-level Theor
Observables . Detect'or Shower y
Interactions splittings momenta parameters

T Rd *— Rg *— 2p « 0

[F. Krauss]

Evolution
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Partlcle-level mference

Partlcles |dent|f|ed (pattern)

And measured : 3D direction and
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Experiment-level mference

To « see » the Higgs boson
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Ewdence usmg a classmer

i JHEP 04, 117(2015) 1501.04943
Boosted Decision Tree using ~dozen of high level variables built

from final state 4-momentum
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ML on nggs PhySIcS

At LHC Machine Learnlng used almost since first data taklng (2010) for
reconstruction and analysis

In most cases, Boosted Decision Tree on ~10 variables
For example, impact on Higgs boson sensitivity at LHC:

51%

CMS Hyy 2011-2012 —_—

85%
ATLAS Hrt 2011-2012 >

73%
ATLAS VHbb 2011-2012 —_——
15%
ATLAS VHbb 2015-2016 —_—
125%
CMS VHbb 2011-2012 >
From Nature 560, 41-48 (2018) |
0.0 0.5 1.0 1.5 2.0 25 3.0 35 4.0
sensitivity G

=>~50% gain on LHC running
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High Energy Physics data

are not images
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TyplcaIDeep Learnmg appllcatlon
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An image, not the data

IceCube-170922A 22 September 2017
Blazar TXS 0506+056

Time encoded as color
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Jet Images with CNN

"arXiv 1511.05190 de Oliveira, Kagan, Mackey, Nachman, Schwartzman e

A Typical Convolutional Neural Network (CNN)

Output
Convolution Pooling Convolution Pooling
o < %E — = -
Kernel
Input Image Featured Pooled Featured Pooled
maps Featured maps maps Featured maps layer

>
>

)

e
Feature Maps Fully connected layer

Feature Extraction

| |

| o |
. Classification ,'. Probabilistic |

distribution

Early attempt at image-like simulation

=»promising results, but not really
applicable
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QCD
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http://arxiv.org/pdf/1511.05190v2.pdf

End to end learning
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for signal on « raw » event ?

Ir
Start from RPV Susy search
ATLAS-CONF-2016-057
Fast Simulated events with Delphes

ctly

Project energies on 64x64 nx¢ - - _
gr|d ) _.*f:\:'\.!: .“' -'-:_;.j 25
Compare with usual jet = ,-_i\\ ,./ "‘-1_

Reconstruction and physics | fﬁk g o
Analysis variables such as: ;_in‘*.i:iﬂ_ij* _ ._. 10

4

we 3

p1>200GeV
|71<2.0

phi
(=]
o
u
|
| K,
=
o
.
il
T
B
.|
Cluster energy [Il:gg(MeV)]

0.0

eta
—_— = = - Rousseau, Mar l—\ll—v, e bl VN | M YV \JI I\WI I\JrJ 13


https://arxiv.org/abs/1711.03573

End to end learning (2)
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End Iearmg _ (3)
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>x2 gain over BDT/shallow network using physics variable and 5 leading jet 4-
momenta

=»CNN extract information from energy grid which is lost in the jets ?
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An exce ptlon _
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http://arxiv.org/abs/1604.01444

Graph Networks




Now some structure

V; : nodes
e, . edges
u : global

Nodes: bodies
Edges: gravitational forces

Global : potential energy
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https://arxiv.org/abs/2007.13681

An image, not the data

IceCube-170922A 22 September 2017
Blazar TXS 0506+056

Time encoded as color




for Ice Cube
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https://arxiv.org/pdf/1809.06166.pdf

Track Seedmg WIt!1 GNN

B R RS 007 00145
Tracking for High Lumi — LHC,
A ATLAS/CMS
: Build edges between neighbour
Then GNN trained to classify
double and triplet
.‘_f High efficiency reached with

subsecond computing time
(also very parallelisabled)

=»can be used as a filtering
stage before traditional Kalman
filter

Seeding efficiency
o o
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https://arxiv.org/abs/2007.00149

Generative Adversarial
Network (GAN) /Variational

AutoEncoders (VAE) to
accelerate simulators




Accurate S|mulators

through CMS

Interaction of particles with the detector

/ ° y v o
o lé ¥ (] L
c00 &
1 N @ e
o | V'.

Proton collision

=>data very similar to real data from the experiment

+ ground truth

This has been in HEP culture since the seventies, and
developped through huge efforts in resource and manpower
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GAN for 5|mulat|on

Technology not unhke A
l artificial face generation @

_____________________ GAN showers

0 (just cell energies) Half of LHC grid computers (~1.000.000
cores) are crunching Geant4 simulation

24/24 365/365
I ...while LHC experiments are collecting

more and more events

X =>reducing CPU consumption of
Cells energies

G simulation is very important

Geant4 is the standard in particle
simulation

| Imagine training a GAN on single particle
4 showers of all types and energies

Then when an event is simulated it would

ask for GAN showers on request
; (superfast by 3-4 order of magnitude)
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ATLAS calo simulation
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https://arxiv.org/abs/2210.06204
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Dealing with Uncertainties




Phys.Rev.Lett. 114 (2015)191803

B L

Combined Measurement of the Higgs Boson Mass in pp
Collisions at /s = 7 and 8 TeV with the ATLAS and CMS
Experiments

(ATLAS Collaboration)T

(CMS Collaboration)ﬂlE
(Received 25 March 2015; published 14 May 2015)

A measurement of the Higgs boson mass is presented based on the combined data samples of the ATLAS
and CMS experiments at the CERN LHC in the H — yy and H — ZZ — 4¢ decay channels. The results
are obtained from a simultaneous fit to the reconstructed invariant mass peaks in the two channels and
for the two experiments. The measured masses from the individual channels and the two experiments

are found to be consistent among themselves. The combined measured mass of the Higgs boson is
mpy = 125.09 £ 0.21 (stat) £ 0.11 (syst) GeV.
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https://arxiv.org/pdf/1503.07589.pdf
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Dealmg W|th Uncertamtles

Our experlmental measurement papers typlcally end W|th
measurement = m = o(stat) = o(syst)

o(syst) systematic uncertainty : known unknowns, unknown unknowns...
Convincing oneself, co-authors, the whole community that we know what
we are doing=>trust !

Name of the game is to minimize quadratic sum of :

o(stat) @o(syst)
.. while ML techniques are usually trained to minimise o(stat)
Two challenges:
Maintain trust (c(syst)) while using AI more and more
Include somehow (various techniques) o(stat) @ao(syst) in the loss in
order to minimise overall uncertainty

“Uncertainty Quantification” is a fast growing field in Machine
Learning
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Modelling particle physics processes
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Syst Aware Training: adversarlal
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autlonarytale

Ghosh & Nachman EPJC 82 46 (2022)

Without Decorrelation

Estimated Uncertainty With Decorrelation

Estimated Uncertainty

Nature

Pythia
®
Sherpa o
. Next year’s
® generator

Next year’s
generator

. Goodhart’s law ”When a measure becomes
Constrained by 70 years of

Particle Physics measurements a target, 1t ceases to be a good measure”
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https://link.springer.com/article/10.1140/epjc/s10052-022-10012-w

Conclusmn

We (in High Energy Physics) are analysing data from multi-billion €
projects=»should make the most out of it!

Dedicated representations (often Graph NN based) are being
developped to deal with our semi-structured data

Generative Models are accelerating our existing accurate but heavy
simulators

The bottom line is always a measurement with uncertainties which
sum up the trust of the community, which should be maintained
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