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First principle,
quantum theoretical
model




complex
Complexe des accélérateurs du CERN

== & = Colliders with
= o= % 140 million events/second,

detectors with
100 million read-outs,

and massive theory-driven
simulation codes




The CERN accelerator complex
Complexe des accélérateurs du CERN

Complex reconstruction
chain to turn

low-level read-outs into
high-level physics objects
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1. Taggers



Run: 282712
Event: 474587238
2015-10-21 06:26:57 CEST

Ajetisa
collimated shower of particles in the detector



light quark
jet?

gluon jet?

bottom
quark jet?

{top
;::r.xt?si;ﬁa?z% quark jet?

2015-10-21 06:26:57 CEST

We want to know
which particle produced a jet



light quark
jet?

gluon jet?

bottom
quark jet?

{top
;::r.xt?si;ﬁa?z% quark jet?

2015-10-21 06:26:57 CEST

Why?
® Discover new particles
e Measure the Standard Model



light quark
jet?

gluon jet?

bottom
quark jet?

{top
;::r.xt?si;ﬁa?z% quark jet?

2015-10-21 06:26:57 CEST

Let’s focus on top quarks
(Modern taggers are multi-class)



light quark
jet?

gluon jet?

bottom
quark jet?

ATLAS . .. -

EXPERIMENT Event: 474587238 quark Jet’7

2015-10-21 06:26:57 CEST

How to build ML algorithms for complex, heterogenous data?



light quark

Data most naturally viewed iet?

as point cloud:

Each input (e.g. jet, event, ..)
Is a set of k-dimensional vectors
(individual particles, hits, ..)

Particle-ID amd~charge :
isElectron, isMuon, —

Kinematics : /
o 1l ¢ electron muon

charged hadron

Example
per-particle
features

n: 282712
ent: 474587238
15-10-21 06:26:57 CEST

\ Trajectory displacement :
do : closest approach to PV in xy-plane

d, : z position where d) is evaluated

Komiske, Metodiev, Thaler 1810.05165: Birk, GK, et al 2312.00123:

bottom
quark jet?

o

quark jet?



Landscape Dataset

e (Open dataset for the development
of better tagging algorithms for
particle physics

2 million simulated examples

* Perfect class labels:
top jet or light quark/gluon jet

* Input: momentum sorted list of 200

particles/jet with 3 features/particle
(Px, Py, P2)

GK, Plehn, et al 1902.09914

arXiv:1902.09914v3 [hep-ph] 23 Jul 2019

SciPost Physics

The Machine Learning Landscape of Top Taggers

G. Kasieczka (cd)', T. Plehn (ed)?, A. Butter?, K. Cranmer®, D. Debnath?, B. M. Dillon®,
M. Fairbairn®, D. A. Faroughy®, W. Fedorko?, C. Gay’, L. Gouskos®, J. F. Kamenik®?,
P. T. Komiske'?, S. Leiss', A. Lister’, S. Macaluso®*, E. M. Metodiev'?, L. Moore'!,

B. Nachman,'?!3, K. Nordstrém!*15, J. Pearkes”, H. Qu®, Y. Rath!® M. Rieger'®, D. Shih?,
J. M. Thompson?, and S. Varma®

1 Institut fiir Experimentalphysik, Universitit Hamburg, Germany
2 Institut fiir Theoretische Physik, Universitat Heidelberg, Germany
3 Center for Cosmology and Particle Physics and Center for Data Science, NYU, USA
4 NHECT, Dept. of Physics and Astronomy, Rutgers, The State University of NJ, USA
5 Jozef Stefan Institute, Ljubljana, Slovenia
6 Theoretical Particle Physics and Cosmology, King's College London, United Kingdom
7 Department of Physics and Astronomy, The University of British Columbia, Canada
8 Department of Physics, University of California, Santa Barbara, USA
9 Faculty of Mathematics and Physics, University of Ljubljana, Ljubljana, Slovenia
10 Center for Theoretical Physics, MIT, Cambridge, USA
11 CP3, Universitéxx Catholique de Louvain, Louvain-la-Neuve, Belgium
12 Physics Division, Lawrence Berkeley National Laboratory, Berkeley, USA
13 Simons Inst. for the Theory of Computing, University of California, Berkeley, USA
14 National Institute for Subatomic Physics (NIKHEF), Amsterdam, Netherlands
15 LPTHE, CNRS & Sorbonne Université, Paris, France
16 III. Physics Institute A, RWTH Aachen University, Germany

gregor.kasieczka@uni-hamburg.de
plehn@uni-heidelberg.de

July 24, 2019

Abstract

Based on the established task of identifying boosted, hadronically decaying top
quarks, we compare a wide range of modern machine learning approaches. Unlike
most established methods they rely on low-level input, for instance calorimeter
output. While their network architectures are vastly different, their performance
is comparatively similar. In general, we find that these new approaches are ex-
tremely powerful and great fun.
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Jets as Images

2800 A ® LLF taggers .ParT f.t.
® HLF taggers
- : . ® Transfer learnin
First deep learning approach: 2400 - ° PELICAN
. ® orentzNe
Convolutional networks: .
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(project point-cloud onto 2D
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. . o
1200 A
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[ ] [ ] [ ] N . DNN X
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Parameters
Feature Feature Feature Feature Hidden Hidden Hidden
Inputs maps maps maps maps umts UnItS un|ts Outputs
1@40x40 8@39x39 8@38x38 8@18x18 8@17x17
MaxPooling
Convolution Convolution Convolution Convolution Flatten Fully Fully Fully
4x4 kernel 4x4 kernel 4x4 kernel 4x4 kernel connected connected connected

GK et al 1701.08784; Macaluso, Shih 1803.00107; Qu, Gouskos 1902.08570



Learning relations

Point-clouds alone lack
capacity

Particles Observable

Per—Particle Representation Event Representation

i I_EJJJJ.J J Latent Space %
e Ry \
R
- — ) — idi— F
- _ ® @L

Energy/Particle Flow Network

® LLF taggers

2800 -
HLF taggers
® Transfer learning
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[
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Parameters

Komiske, Metodiev, Thaler 1810.05165;



Learning relations

Graphs add locality
(e.g. KNN clustering in
feature space)
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Qu, Gouskos 1902.08570; Qu et al 2202.03772; Gong et al 2201.08187; Shlomi et al 2007.13681;



Learning relations

® LLF taggers

2800 -
HLF taggers
® Transfer learning
2400 - PELICAN
® LorentzNet
o
2000 -
ParticleNet
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m
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Attention learns which neighbours are relevant
Benefits from pre-training

Class token (0O)

L blocks

Particle Particle Clas§ Clas§
Attention Attention
Attention Attention = ====== Block Block
Block Block - oc o¢
A

(a) Particle Transformer

Particle
Attention
Block

Particles —=»]

Interactions —»

(Embedding) (Embedding)

Qu, Gouskos 1902.08570; Qu et al 2202.03772; Gong et al 2201.08187; Shlomi et al 2007.13681;




Lorentz Symmetries

Extra invariance: Lorentz group

Tagging results should be
(approximately) invariant under
rotation, translation, and Lorentz
boosts

Powerful physical constraint

2800 A

2400 -

2000 -

1200 A

800 A
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Parameters

Butter, GK, et al 1707.08966; Bogatskiy et al 2211.00454; Gong et al 2201.08187;



Take aways

Point clouds as powerful
paradigm to represent data

Additional structure In
architecture boosts
performance

Over wide range: Best
complexity/performance trade-
off by physics-informed models

Overall highest performance
reached via transfer learning
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& sig

Ratio to Z' — tt

(Some) Current challenges

1-0 T T T T T T T
ATLAS simulation Preliminary —_— 7
v's =13 TeV, ParticleNet, €55, =0.5 - .
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e “Calibration”: Domain
adaptation between simulation

and collider data

¢ Uncertainty aware training

* |nterpretability

ATL-PHYS-PUB-2022-039



2. Reconstruction



Reconstruction

Tracks and calorimeter hits
— Track
® Raw ECAL hit
~ @ Raw HCAL hit
: Raw Muon chamber hit
Particl
) d Particles
Charged hadron
Calorimeter Photon
Raw tracker hit c/ustering —~— Neutral hadron
Raw ECAL hit . — Electron
Raw HCAL hi : R
R Muon C;amberhit Tracks and calorimeter clusters =7 .~ Muon
Reconstruction . (Which in-turn are the
to physical . .
maps low-level ; basis of higher-level
particles . .
detector read-outs interpretation)

Pata et al 2309.06782;



Particle Flow

Event as input set Event as graph Transf d input . . .
) X= () A=A, ra”i;’l“?h,'}”"“s Particle flow is the task of turning
® 9 Graph building Message passing tl’ajeC'tOI’IeS and energy depOSItS |n
Pl LSt NN *-ﬁ -. 3D space into meaningful particles
o FX|w)=A G(X,Alw) =
Target set ¥ = (y,) Output set ¥ = [/} I Graph-based approach
Decoding . .
Elementwise loss L(y;, y;) clementwise can Iearn th IS mappl ng
classification & regression 4_
‘ ’ D Iy w) =]
X = [type7pT’ EECAL’ EHCAL’ n, d)’ Mouters ¢outer ] type € {track Cll,lStCI'}
Y= [PID, pr, E,n, ¢, q, ...], PID € {none, charged hadron neutral hadron, y, e*, u*)
hi c R256
Trainable neural networks: &, &, 9
® - track, ™ - calorimeter cluster, ® - encoded element
- target (predicted) particle, - no target (predicted) particle

Pata et al 2309.06782; Pata et al 2101.08578; See also Di Bello et al 2003.08863



Particle Flow

Event as input set Event as graph

Elementwise loss L(y;, y;)
classification & regression
+—>

X = [type’ P> EECAL’ EHCAL’ , d)’ Mouter> ¢outer
Y= [PID, pr, E,n, ¢, q, ...
h; € R?%

® - track,
- target (predicted) particle,

Transformed inputs

= [x) = (5}, A=4, = (I}
® 9 Graph building Message passing
°  Eamd LSH+kNN o -—> . .
° FX|w)=A G(X,A|w) =
Target set ¥ = {y;} Output set Y’ = {ny} l

Decoding

elementwise
FFN

D, Iyl w) = !

..], type € {track, cluster}

], PID € {none, charged hadron neutral hadron, y, e*, u*)

Trainable neural networks: &, &, 9
- calorimeter cluster, ™ - encoded element
- no target (predicted) particle
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Pata et al 2309.06782; Pata et al 2101.08578

Particle flow is the task of turning
trajectories and energy deposits Iin
3D space into meaningful particles

Graph-based approach
can learn this mapping

And improve on classical
Rule-based approaches

| ' I 1 I I C ' 1 B v T 4 T T
b [ PF(M=1.04,JQR=0.11) S | ¢ [ PF(M=1.03,]QR=0.09)
or 1 MLPF (M=0.99,IQR=0.06) | & 8 1 MLPF (M=0.99,IQR=0.06) |
_ | o |
0.8 O |}
[ D .
<
S
0'6,— | 4‘-6
[ =, |
0.4} a '
[ I #
02k \ ]
0.0——55 o8 Ry p— 0——755 TR P AT

jet pT, reco/PT, gen jet PT,reco/Pr, gen



3. Simulation



The CERN accelerator complex
Complexe des accélérateurs du CERN

* Physics events are
snapshots, simulation
means sampling from a
distribution, not time-

Si L . . evolution
Imulation™ is crucial to connect experimental

data with theory predictions



ATLAS Preliminary
2020 Computing Model -CPU: 2030: Baseline

7% 15%

B Data Proc
8% - MC-Full(Sim)
MC-Full(Rec)
. MC-Fast(Sim)
B MC-Fast(Rec)
I EvGen
Heavy lons
I Data Deriv
B MC Deriv
Analysis
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Year

Simulation is crucial to connect experimental
data with theory predictions, but
computationally very costly



Strategy

1. Use classical . .
. . . 2. Train generative
simulation or collider 3. Oversample
. surrogate
data as input

Discriminator

D(x)

Generator .
E G(z) x

GAN: Ag\(ersarial x X
training

VAE: maximize
variational lower bound

Flow Inverse '
Flow-based models: X 74-E—A _ X
f(x) (=)

Invertible transform of

distributions
Diffusion models: X0 X Xp— z
Gradually add Gaussian f---- [*-- [ - iy
noise and then reverse

Paganini, Oliveira, Nachman 1705.02355; Butter, Diefenbacher, GK, et al 2008.06545;



Main Targets

Particle-ID and charge :
iskElectron, isPhoton, ..

Kinematics :

pr 1, ¢ muon /
A v electron

___» charged hadron \ /ﬂ

GAN: Adversarial X
training

y [cells]

Generator

G(2)

" K »
[ po(x|2)
Trajectory displacement :

d,) : closest approach to PV in xy-plane —

d, : z position where d, is evaluated
Jet constituents ey (X @ e [ Showers in complex high-
— - resolution calorimeters

Diffusion models; X0 —e| X1 [—
Gradually add Gaussian e -

Discriminator

D(x)

,'t?"rfﬁ—*.‘ff—‘*fff—‘—')?—r—fff—f—*.‘f#—f

Encoder
g¢(2[x)

VAE: maximize X
variational lower bound

noise and then reverse

q W/Z
q CMS Experiment at the LNC, GERN
q Déita recordad; 2016-Oct-14 0€:56:16,733852 GMT
b, Run/ Evedt / L3281 71,/ 142530806 / 284
Z
(d} ZZ and WZ
E» ZjW
q
q q
q
29 pe®
L& Z/W
(5) ge — Z7Z/WW ) QD Zjets (1) EW Z+jets

() QCD Wjets

Pile-up Interactions

Event-level kinematics




ain Targets

GAN: Adversarial

VAE: maximize
variational lower bound

Flow-based models:
Invertible transform of

Diffusion models:
Gradually add Gaussian
noise and then reverse

3 t
.
i
13
8
t
.:';\\,@\
Z QO
A
A*(

z [IaYer’s’]'w” e

Showers in complex high-
resolution calorimeters:
as fixed grid
as point cloud




How to do flows for

high-dimensional

data?
Split!

E >

Fixed Grid

Fixed grid — i.e. 3D voxel images:
Pro: Standard generative models work
Con: Mostly empty, scales badly
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Point cloud

Point Cloud

Pro: Scales to arbitrary geometries
Also pro: Requires additional developments
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Application

Not only theoretical
development: e.g. ATLAS
includes FastCaloGAN in

ATLFAST3

100 networks (slices in n)
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Moving forward

¢ 3 Public datasets to compare

simulation Fast Calorimeter Simulation Challenge 2022
techniques

e Simplest: ATLAS dataset
(see prev. page)

View on GitHub

Welcome to the home of the first-ever Fast Calorimeter Simulation Challenge!

The purpose of this challenge is to spur the development and benchmarking of fast and high-fidelity

® MOSt COI I Iplex. calorimeter shower generation using deep learning methods. Currently, generating calorimeter

showers of interacting particles (electrons, photons, pions, ...) using GEANT4 is a major computational
F u‘t u re d eteCtO r With 40 k bottleneck at the LHC, and it is forecast to overwhelm the computing budget of the LHC experiments

in the near future. Therefore there is an urgent need to develop GEANT4 emulators that are both fast

(computationally lightweight) and accurate. The LHC collaborations have been developing fast
VoerS simulation methods for some time, and the hope of this challenge is to directly compare new deep
learning approaches on common benchmarks. It is expected that participants will make use of
cutting-edge techniques in generative modeling with deep learning, e.g. GANs, VAEs and normalizing

e Write-up currently

This challenge is modeled after two previous, highly successful data challenges in HEP - the top
O n g O I n g tagging community challenge and the LHC Olympics 2020 anomaly detection challenge.

Energy depositions, dataset 3, Eyy, = 0.015 MeV
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(Some) Current challenges

Dataset I11
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GEANT4 integration ! Adaptablllty !

Buhmann, .., GK, et al 2112.097009;
Schnake, Kricker, Borras 2403.15782; Buhmann, .. GK, et al EPS-HEP ’'23; Liu et al 2305.11531



4. Unfolding




Unfolding

Observe Want to

Detector-level Know

Particle-level
Data / (and relate to
\A fundamental
theory)

E
2
Q]
Z \
S : Fﬂ/ ;,”(/
+ (LY +hc
N ujt’fﬂ*“(
Q . . . S D Z— N
£ Simulation Generation ””‘7)1 V(<Z>
E PARS =z
c L 3
=,
) I_—Ll_l I_—Ll_l

Synthetic data provides both
views: How to use?

Andreassen et el 1911.09107;



Unfolding

Detector-level Particle-level 2 key approaches:
* Reweighting based on
~ Data classifiers
g \‘)% - Morphing based on diffusion or
Z \ generative models
% Simulation Generation
ﬁ L R

Andreassen et el 1911.09107:; Huetsch et al 2404 . XXXXX



Detector-level

. Data
S
=
RN
R
z
Step 1:
Reweight Sim. to Data
Data
v Un—1 — Wnp
Q : . Pull Weights
o youi
= Simulation |
< s
7)) Push Weights

—

Unfolding

Particle-level

Step 2:

Reweight Gen.

Wn
VUn—1 > Un

2 key approaches:

“~ T~ Reweighting based on
classifiers
Morphing based on diffusion or
generative models

-
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Unfoldina
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Example: Unfold Z+jets
distributions in six dimensions

Andreassen et el 1911.09107; Huetsch et al 2404 . XXXXX



Unfolding
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Already applied to collider data:
Multifold on lepton/jet events at H1

Andreassen et el 1911.09107; H1 2108.12376



5. Anomaly Detection



i

Selection of observed exclusion limits at 95% C.L. (theory uncertainties are r?ommm).

String resonance
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Higgs y resonance

Color Octect Scalar, k2 =12

Scalar Diquark

t4 §. pseudoscalar (scalar). g2, x BR(g-21) > =0.03(0 004)
t4 ¢, peudoscalar (scalar), g, x BRIg-2!) > = 0.03(0.04)
pp+y+X

X=$9. My =0 02Mx, $—{ vy} mesged diphoton pair

Wy Resonance leptonic

SUEP Offiine, To =3 GeV, mg =3 GeV, BriA'wxn)= 100%
Spit SUSY, HSCP ghine with infinite ifetime, o= 0.1

stau pair production, HSCP with infinie lifetime
Doubly-charged tau’, HSCP infinite lifetime. DY production

quark campositeness (i), nuss=1
quark canpositeness (), nupr= - 1
Excited Lepton Contact Interaction
Excited Lepton Contact Interaction

vector mediator (), gy = 025,gou= 1.m;=1 GeV
vectormediator {1),g, =0.1.we = 0L m,>1TeV
(axal-hvector mediator (qf). go =025, gow=1.my =1GeV
(axial-lvector madiator (7). ga =025, g = Ly = 1GeV
(axial-vector mediator (), g;=0.1,gou=1,g,=0.1,m; > M2
scalar medator (+4tH), gy =1, gop=1,m,;=1GeV

scalar medator (+t8, g, = 1.gow= 1.m, =1 GeV

scalar mediator (fermion portall, A, =1,m; =1 GeV
pseudoscalar mediator (+fV), gg=1.gm =1,m; =1 GeV
pseudoscalar mediator (+4/tH), g = 1.gou= 1.m, =1 GeV
pseudoscalar mediator (+t). gg=1. Gon =1.m; =1 GeV
complex sc. med {dark QCD), Mn, =5 GeV, T, =25 mm
Baryonic Z', Go= 025, Gome = 1, my = 1 GeV

2 mediator(dark QCDI, Mgy =20 GeV., Fiy, =0.3, Gyae =iy
Z'-2HDM, gz = 0.8.gow = 1.tanB =1, my = 100 GeV

Leptoquark mediator, §=1.8=01, Ax.ov=01.800 < Mg < 1500 GeV

axionlike particle, - w12 TeV-1

Inelastic dark matter moddl, y=10-,a;=0.1

inelastic dark matter model, y=10-".a,=0.1

dark Higgs. ga= 025, gon =1, 8=0.01, my = 200 GeV, mp = 700 GeV'

RPV stop to 4 quarks
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Overview of CMS EXO results

CMS preliminary March 2024
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CATHODE
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Consider resonant anomalies:
fully data-based construction of
anomaly detection score

We don’t assume

i

SB § SR § SB m

Pdata(z|m € SB)
= ppg(x|m € SB)

Pdata(z|m € SB)

pdata(m‘m S SR) _ pbg($|m c SB)

GK, Nachmann, Shih et al 2101.08320; Hallin, .., GK et
al 2109.00546; Many similar approaches — see e.g.
Golling, GK et al 2307.11157 for an overview

the mass and type
of the resonant
particle

Jet

Jet
And we assume

what particles it
decays to



CATHODE

Pdata(z|m € SB)
= ppg(x|m € SB)
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one resonant feature

Inclusive distribution

GK, Nachmann, Shih et al 2101.08320; Hallin, .., GK et al 2109.00546;
LHC Olympics dataset: GK, Nachman, Shih, et al 2101.08320
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CATHODE

Train generative model
conditional on m

Interpolate &
and sample here

Train a classifier between

SB SR SB m

Pdata(z|m € SB)
= ppg(x|m € SB)

Pdata(x|m € SB)

pdata@j‘m S SR) _ pbg($|m c SB)
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prediction vs data
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CATHODE
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2024/03/20

Model-agnostic search for dijet resonances with anomalous
jet substructure in proton-proton collisions at /s = 13 TeV
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Abstract

This note introduces a model-agnostic search for new physics in the dijet final state.
Other than the requirement of a narrow dijet resonance with a mass in the range of
1800-6000 GeV, minimal additional assumptions are placed on the signal hypothesis.
Search regions are obtained by utilizing multivariate machine learning methods to
select jets with anomalous substructure. A collection of complementary anomaly de-
tection methods ~ based on unsupervised, weakly-supervised and semi-supervised
algorithms - are used in order to maximize the sensitivity to unknown new physics
signatures. These algorithms are applied to data corresponding to an integrated lu-
minosity of 138 fb !, recorded in the years 2016 to 2018 by the CMS experiment at the
LHC, at a centre-of-mass energy of 13 TeV. No significant excesses above background
expectation are seen, and exclusion limits are derived on the production cross section
of benchmark signal models varying in resonance mass, jet mass and jet substructure.
Many of these signatures have not previously been searched for at the LHC, making
the limits reported on the corresponding benchmark models the first ever and the
most stringent to date.

(©)2024 CERN for the benefit of the CMS Collaboration. CC-BY-4.0 license

* New result by the CMS collaboration:
CMS Anomaly Search Effort (CASE)

e Full Run 2 dataset

* 6 anomaly detectors in parallel
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* New result by the CMS collaboration:
CMS Anomaly Search Effort (CASE)

e Full Run 2 dataset

* 6 anomaly detectors in parallel
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New result by the CMS collaboration:
CMS Anomaly Search Effort (CASE)
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* New result by the CMS collaboration:
CMS Anomaly Search Effort (CASE)
 Full Run 2 dataset

1 * 6 anomaly detectors in parallel

For limits: inject potential signals

Includes uncertainties, e.g. multi-
prong jets modelling

Altogether set limits for 43 different
signal scenarios



Other developments

More features per jet
(e.g. 2309.13111)

Low-level input data
(e.g. 2310.06897)

Overdensities beyond resonances

(e.g. 2404.07258, 2311.12924) Better sensitivity for weak
signals (e.g. 2312.11629)

Reduce shaping of

distributions More topologies Anomalies as outliers (e.qg.

substantial literature on auto
encoder based methods)

Robust statistical treatment beyond

bump-hunts (e.g. 2111.13633) Applications to data
monitoring
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Trigger

Colliders with
Compion b s o 40 million events/second

2 stage system (Trigger) reduces
this to ~1 kHz for offline storage and
analysis

Stage 1: Hardware based, using field-
programmable gate arrays (FGPAS)
with microsecond latency

Improving selection criteria
in trigger with Al yields
better offline data

h IS 4 m I hisdml to translate ML architectures to

hardware language

https://fastmachinelearning.org/



Example: Triggering Outliers

Learn-compression/decompression
on signal free sample and use as

anomaly score
Now testing in CMS Level 1 trigger

https://indico.cern.ch/event/1283970/
contributions/5554350/attachments/
2720710/4727877/axol1tl_fastml.pdf
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Encoder
> 5 —

CMS Experiment at the LHC, CERN
Data recorded: 2023-May-24 01:42:17.826112 GMT
Run/ Event/LS: 367883 / 374187302 / 159

Probabilistic

Decoder




Example: Online graph building
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Neu et al 2307.07289
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Online graph building for
reconstruction in Belle 2
drift chamber

Explore different methods
of constructing graphs for

GNN processing

Within resource

constraints

No. of Vertices  No. of Edges =~ Width of Edge Registers LUTs F7Muxes
abs. % abs. % abs. %
498 2305 60 bit 145333 7.84% 19370  2.09% 5760 1.15%
786 3649 60 bit 246511  13.30% 31360 3.39% 9120 1.81%
978 4545 40 bit 206573  11.156% 34252 3.70% 11360 2.26%
978 4545 60 bit 304919 16.46% 38968 4.21% 11360 2.26%
978 4545 100 bit 485473  26.20% 47642 5.14% 11200 2.23%




4 L?Yj}é +n

) ujtj >Lsﬁzgﬂ“kc
+ R -V

The CERN accelerator complex
Complexe des accélérateurs du CERN

ALICE LHCb

7 AWAKE
=

Differentiable versions B =g

of all steps in the particle | SomT —w
physics processing chain

19.7 fb" (8 TeV) + 5.1 fo™' (7 TeV)

a5- CMS S/(S+B) weighted sum

¢ Data

S4B fits (weighted sum)

N

o

]

o
2]

AR AR RS SRR R R

Al ad ol Lo oo laa g

Di-Photon invariant mass

S/(S+B) weighted events / GeV
o




Differentiable versions
of all steps in the particle
physics processing chain

Either as ML-based
surrogate models

Or via e.g. differentiable
programming

Heinrich, Kagan 2308.16680
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Differentiable versions
of all steps in the particle
physics processing chain

Either as ML-based
surrogate models

Or via e.g. differentiable
programming

What can we do with this?

Heinrich, Kagan 2308.16680
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Inference
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Inference

Cranmer, Brehmer, Louppe 1911.01429

Goal: Learn parameters of theory
(e.g. couplings) directly from high-
dimensional data

No exact likelihood, but forward
simulations available: likelihood-free /
simulation based inference



Inference

Goal: Learn parameters of theory
(e.g. couplings) directly from high-
dimensional data

TP rhc

+ R V()

No exact likelihood, but forward
simulations available: likelihood-free /
simulation based inference

Inference

x1U1: -
a5t fMS S/(S+B) weighted sum
E -y é

S/(S+B) weighted events / GeV

Likelihood Likelihood
T Learning ratio trick Integration (e.g.
(e.g. flows or (e.g. CARL, MadMiner)
Summary INNs) f
Statistics CIVINS SWYy

Cranmer, Brehmer, Louppe 1911.01429; Cranmer, Brehmer 2010.06439



Example

e . : : :
e ) Reconstructing axion-like particles from ‘d“
L beam dumps using cINN approach "'

+ Ref V(@) SHiP

Search for Hidden Particles

w

($17y17E17917¢1)

Infer axion mass
from measurement

B— Ka
($27 Y2, E27 92, ¢2)
Inference . .
Zmin Zmax
cINN performance myy performance
for my;=1GeV for my;=1GeV
B i o
3001 i vl I | I detector on-axis
1 1 1 1 1 1
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“£ 200 ' ! ' : Og,¢:1mrad
%_ : | i on: 0.lcm, og/E: 0.01,
ol : | 0Op, p:5mrad
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0 1 S S ' 1 ' : :
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More stable vs resolution than
traditional approach

Morandini, Ferber, Kahlhoefer 2308.01353
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Experiment Design

Automatically learn to arrange
sensors given a physics target
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Experiment Design
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7. Inference

8. Experiment

,% 4
AI 3. Simulation £
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e 0. Triggers

1. Tagging
2. Reconstruction ¢

4. Unfolding

Al models are studied 5. Anomaly Detection

for all aspects of
experimental
particle physics
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Al models are studied 9. Foundation Model

for all aspects of
experimental
particle physics
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Can we find synergies?
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Foundation models
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Please list the top 9 topics for a talk on experimental particle physics and Al

Certainly! Combining experimental particle physics with artificial intelligence (Al) can be quite fascinating.
Here are nine compelling topics that can be discussed or presented in a talk:

1. Al-driven Data Analysis: Discuss how Al and machine learning algorithms are used to process and analyze
the massive amounts of data generated in particle physics experiments like those conducted at the Large
Hadron Collider (LHC).

2. Pattern Recognition and Event Selection: Explore how neural networks and deep learning techniques help
in identifying interesting events from background noise, such as distinguishing particle collision events
from ordinary interactions.

3. Simulation and Modeling: Discuss the of Al in creating accurate simulations of particle interactions and
detector responses, which are crucial for designing experiments and interpreting data.

4. Al in Detector Design and Optimization: Present the ways Al helps in optimizing the design and
functionality of particle detectors to improve efficiency, resolution, and cost-effectiveness.

5. Real-time Data Processing: Explain how Al algorithms are employed for real-time data processing in
particle physics experiments, allowing for instant data analysis and quick decision-making during live
experiments.

6. Anomaly Detection and New Physics: Talk about the potential of Al to identify anomalies in data that
could suggest the presence of new physical phenomena or particles not explained by current theories.

7. Improving Systematics and Uncertainties: Explore how Al can help in reducing systematic errors and
improving the accuracy of measurements in experimental setups.

8. Automating Experimental Procedures: Discuss the automation of experimental processes and routine

tasks in particle physics using Al, enhancing operational efficiency and reducing human error.

9. Future Prospects and Challenges: Conclude with a discussion on the future possibilities of integrating Al
further into particle physics research and the ongoing challenges, including data privacy issues, the need for
robust and interpretable Al models, and the integration of Al tools with existing technologies.

These topics cover a broad spectrum of how Al is revolutionizing experimental particle physics, making
research more precise, efficient, and potentially leading to groundbreaking discoveries.

©




Foundation models for
physics data
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Already observed best
performance in
supervised classification
by transfer learning

Foundation models extend
transfer more broadly and
centralise and re-use training

Qu et al 2202.03772; Vigl et al 2401.13536
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Generalisation
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Pre-training on “cheap Injected Signal Events (nbkg = 100000)

unlabelled examples improves
supervised classification data
efficiency up to 100-1000x

Very recent OmniLearn (Mikuni,
Nachman) generalises across
broad range of tasks including
anomaly detection

Birk, Hallin, GK 2403.05618; Mikuni, Nachman 2404.16091
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Extremely broad range of
application for Al in particle
physics

Way beyond concept studies:

Modern tools are making a
real impact in data analysis

Start to realise fully Al-based
processing chains

Significant compute effort:
Efficient models and sharing
with foundation models
matter

Thank you!



