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Al and ML




Al Timeline

1966 — 200# =

First AT Tnvention of

el ol ou transformer
architecture

1987-1993 — Second AI winter

1950 — 1980 — 2012 —
Alan Turins's Z)l:):;{ o1 AlexNet
AT sover begins deep
Pep systems |earnin3 era
1950 1966 1980 1987 1993 2012 2017
—t } e (s - -+ + -
1974 1986 2016
TR
5 .\}//:
: -gu-; ._\/-/N. ;.'A&:
g L st \\_.
1956 — 2 1986 — 1997 — 2016 — 2022 —
The Dastmouth | & Foundations Deep Blue AlphaGo Launch of
workshop b 4 of Deep defeats Garry defeats Lee ChatGPT
: E Learning Kasparov Sedol
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Al Timeline

“I’m increasingly inclined to think that there should
be some regulatory oversight, maybe at the national

“ igh rs, we will . . .
In th.ree to. eight years, we geta and international level, just to make sure that we
machine with average human , . . .
. . P don’t do something very foolish. | mean with
intelligence. cpe o g . , . ”
artificial intelligence we’re summoning the demon.

Marvin Minsky, 1970
Elon Musk, 2014

1950 1966 1980 1987 1993 2012 2017
—t : -=—o g e + + + >
1956 1974 1986 1997 2016 2022

“Generative Al is the most powerful tool
for creativity ever created. It has the
potential to unleash a new era of human

“I'm still a realist: If we work really hard - and smart - we can ’
innovation.”

have something like a HAL in between four and four hundred
years. | suppose if we're lucky, then, we can make it by 2001!”
Elon Musk, 2023

Marvin Minsky, 1997
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What is Al and Machine Learning”

The broad field

Artificial of building systems
Artificial Intelligence ln’celligence
The broad field of buildin3 systems

that can perform tasks that ’c\/Picallsj

require human in’cellisence.

and machines that can
reason, learn, and act.

Machine

Leaming

Systems that learn

from data and improve
Machine Leamins ° na mprov

A subset of Al that enables systems

to learn from data and improve

with experience.

Neural Nets

their Performance without beina

— o
expliciﬂy Prosrammed. Models mspared

, N by the brain's biology
Neural Nets ' to recognize patterns
A subset of ML that uses networks DGQP and relationships.
of interconnected nodes (inspired Learnin 3 |

Neural networks

by the brain) to model complex
patterns in data.

with many layers

that learn complex

) J "1 t‘ \ \
Degp Learning represen'l'ahons

A subset of Neural Nets that uses
multiple layers of interconnected nodes
(deep neural networks) to learn
hierarchical representations from data.

aufomaﬁcall\j.
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What is Machine Learning?

Traditional Computation

The task is programmed by the user as a
pre-defined set of rules/algorithms to

apply to data

m Rules N

Answers

Machine Learning (ML)

The program learns from data what are the
necessary rules to execute a task/objective

defined by the user: Training

| |
Rules

2, —> ANswers

July 224, 2026



ML tasks and types

ML tasks

Classification
Discrete prediction

Regression
Real-value prediction

| earning types

Supervised
(E.g. Simulation in

Particle Physics)

Unsupervised
(E.g. clustering)

July 224, 2026



Why now?
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- BIG DATA "~
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- thﬁg}nﬂn”@%

Larger datasets
Easy collection and

storage

Graphics Processing
Units (GPUs)

Massively

parallelizable

July 224, 2026

NLTK
Spaik’
P theano

Improved techniques
Tools

New models



https://towardsdatascience.com/best-python-libraries-for-machine-learning-and-deep-learning-b0bd40c7e8c

Big Data

909% OF THE WORLD'S DATA
WAS CREATED IN THE LAST 2 YEARS

TODAY

DATA,
EVERYWHERE!

July 224, 2026
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log size (PB)

10M

10

Some Big Data Numbers

Big Data sizes in 2021

71k B e-mails sent from
2020-10 to 2021-09 (75 KB)

60k B spam
e-mails(5 KB)

5.4k PBly

300 PBly

720k hours/day
of video uploaded (1 GB)

100 T objects stored
in S3 up to 2021 (5 MB)

140 M hours/day
of streaming (1 GB)

3 YouTuhe

263 PBly

(2 MB)

51.1k PBly

npboac

240k photos/min.
shared in 2021

500 EB

(total) g
(o

&=

60 GB/s WLCG
transfers in 2018

65k photos/min.

shared in 2021

733 PBly

252 PBly

98.83 M new users
+ 1.17 M paid subs in 2020
(1.5 GB and 500 GB, respectively)

(2 MB)

G

68 PBly 62 P

source

HL-LHC real

1.9k PBly data expected in 2026

LHC real
data in 2018

N

240 PBly

160 PBly

30+ B web pages
in 2021 (2.15 MB)

July 221, 2026

LHC Monte Carlo
data in 2018

\. 1200 PBly

800 PBly

HL-LHC Monte Carlo
data expected in 2026

© Luca Clissa (2022)
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Some Big Data Numbers

N

@ YouTube
(2026) 00 Meta (2026)
y
i
M YouTuhe .
oJ® Tiktok
1500 PBly
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Hardware

10.000.000.000

Pais o territorio  Sistemas
== Estados Unidos 161

1.000.000.000 ™" 104

== Alemania 36

e Japbn 32

100.000.000Q —ft¥Francia 23

10.000.000 25 years, 5

orders of
magnitude

1.000.000

100.000

10.000 “f / !

1.000

100

Sum
— Top
#500

10

01 ! | I | ! | T I T T T T

1995 2000 2005 2010 2015 2020 2025

Supercomputer performance, according to data from the top500.0rg site.
The logarithmic y-axis shows the performance in GFLOPS.
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Software & Tools

D

NLTK ‘o\z Numpy
Spark theano

. Pytorch
Keras

TensorFlow
.;.?‘..;;\;, @xnet
Cea

Scikit-learn Pandas

July 224, 2026 14
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Al and Particle Physics

[PhysicsStudents - 7mo ag

PO T

Is a career in research particle physics still worth it with the rise of
Al?

As the question says, is it worth it for me to dedicate my life to studying particle physics if human expertise might
not be as relevant in 10+ years?

O

o D22

N\oumj ‘\’\r\'mss will be speed up ond
'\W\?foved Yhonks Yo AL, and it

con be used W many areas, but ...
~4there are coveral Fasks that can not

e —

be pecformed by Al (like building
Yous detector ).

AAA\\'\ona\\j AT has limitations ... ij /i

I think we've hit a limitation of the image generator here. It keeps falling back to the same template:
chaos - ML box/person - clean output.
That's not because it's the best idea, it's because it's the most statistically common way these models illustrate ML.

July 22nd, 2026 15




Paﬁiclg Physics
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Machine Learning in High Energy Physics

FNAL/C--92/269-E
DE93 004413

#' Fermi National Accelerator Laboratory

™

FERMILAB-Conf-92/269-E

Machine learning has been used in high energy physics for decades,
although it was not always referred to as machine learning. Ceural Networks at the Tevatron

‘Agata’?, M. DeNardi’,
uletta?, L. Santi’,

'y

Campbell', A. Caner’, M. Dall

Burkett', .\x.Ks ampbel, B Drekson, G. Pa

. C P
B. Denby’, H. Haue{wsli:{ci??n;.'w;\mer', DY, Wa', J L. Wyss*

First adopted in the mid 1990s during the LEP era. R

1University of Michigan

W. Badgett', S. Bianchin?, K.

*University of Udine, Italy

Played a key role in the discovery of single top quark production by the

sUniversity of Rochester

DO and CDF collaborations at the Tevatron.

Shallow Neural Networks have also been employed for specific
analyses or Boosted Decision Trees (BDTs) have traditionally been
the most widely used algorithms. ) R ——

N

Published Proceedings Comput n High Energy Physi s, Annecy, France, Sei rember 21-25, 1992
d Proceeding: puting in High Energy PRysics, cy, France, Sept

ML models are used to distinguish signal events from background
processes. T e

q\mi
ingle ‘gg“;a\ networks
%

o Collabor Aton

Key role in the discovery of the single top quark production at CDF and e S S

Y Ahb°“M;§ M. A g amond,
M- AbazoV _"DL‘AG’A‘“A’W»M(RYS(’“* A Bads

2
D@: Phys Rev Lett 98, 181802 (2007)
DQ: Phys. Rev. D 78, 012005 (2008).

CDF: Phys. Rev. Lett. 101, 252001 (2008)

ey
Buchler 2

orty
125y, Coae o

T ovadez’ Doy CuriS
pra b B,C"““o Y

DS
Y Dyshkant”
n -Dyﬁw\ey“
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ML is NOT Magic

Weigh’cs
Constant @—‘) W,
Perceptron: - TRt ( Weighted
ptron: the foundational building @*» W, S
block of artificial neural networks, deep \ i
learning relies entirely on simple algebra @———> Wy \,@ ) > 4

inputs { .

) i / Step Function
| G)——m

Each individual node as its own linear » AL

regression model, consisting of input Wae Wi Win % |
data, weights, biases (or thresholds), and a3 | T W.“ W22 Wan "2 =y
outputs. : . : : :
o Wmi Wma Wmn > Xn r
The goal is to get a function that @
minimizes the difference between y and y = fw (x)
ytruth

July 224, 2026 18



Why ML for High Energy Physics?

i i St June 2024
Standard Model Production Cross Section Measurements fate: dune

g b ATLAS Preliminary Theory

a0

S 7,8,13,13.6 TV

LHC pp 5 = 13 TeV

Bl oae 32- 1400
LHC pp V5 =8 TeV

A& Da 2031b
LHC pp V5 =7 TeV

a 45-4.9% !

i VM AV dHWW T Ve reww
W Vi 6 Vi
o B e

Run 3 u=55) Run 4 (1=88-140) Run 5 (1=165-200)
L B 5 LA B S R
C ATLASPreilmlnary
I 2022 Computing Model - CPU

ATLAS SUSY Searches* - 95% CL Lower Limits ATLAS Preliminary
July 2024 V= 13TeV

Model Signature _[rai) Mass limit Reference

[ e Conservative R&D
v Aggressive R&D

— Sustained budget model
(+10% +20% capacity/year)

Annual CPU Consumption [MHSO06years]

Lol b v v b v by b by by b 1
2020 2022 2024 2026 2028 2030 2032 2034 2036

Year

Mass scale [TeV]
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Experiment Data Flow

~||~ 1 KHZ
2P 3-30k8/ent

MH LA
40 Mhz / L

DATA VOLUME

High level

analysis

July 2219, 2026 o



ML in Particle Physics

~
EVENT SIMULATION
ML algorithm to accelerate
the event simulation and
generation
‘ J
’ @
EVENT X
CLASSIFICATION F 4 0

Classification algorithm s M L in Unsupervised learning

events from backgrounds . or BSM phenomena
physics

\_
“ N

e R
OBJECTS DETECTOR
RECONSTRUCTION APPLICATIONS
ML for the identification ML methods to improve
and reconstruction of :

iee e detector modeling and

PLABIESI0 QI =SVt response understanding
the detector

- J

July 224, 2026 21



ML in Particle Physics

EVENT
CLASSIFICATION

Classification algorithm
to separate rare signal
events from backgrounds

July 224, 2026 22



Event Classification

Two main general use cases:

 Classification: Separating different classes
of data (e.g. signal vs background),
outputs are classification scores

» Regression: Compute underlying variables,
outputs are estimations of their values

Different metrics for assessing model’s
performance:

Classification:

* Most common looking at ROC Curves
(Receiver Operating Characteristics)

* Also, Precision and Recall which can be
more useful for imbalanced classes

Regression: Mean Absolute error, Root Mean
Square error etc

EVENT CLASSIFICATION

RAW COLLISIONS
BACKGROUND (BORING)

INPUT VARIABLES MODEL OUTPUT SCORES
(e-9. classifier output)

(e-9. neural network)

sisnnl
3 data stat. unc.

Score (model ou’fpu‘\’)

July 224, 2026



Event Classification

arioble 1 :
A\/ \/Okflable 1.
y A
X X X
X X | | % X
x X x x ¥ % : X P % 5 :
X X X R | > P AR Bounolary defined loy (e.g.)
XX | K g X R
XXX X X X % % % P BDT or NN score
X X X :DO O oo i X X xxg OCpo O '~-- A
x X x X X © Q) © O X % >, > < x| O Q) o) g
x X © 0 © ¢ X X "\ 0 0 o o o
X x x7 x © ¢ X N o =
X X x O O s X X X o i 00 <
% X X x K X o O ” X X 5 X 2 \\ % O
_________ Xxxxxo ROPE o A \\O = classifier output
> variable 2 —> variable 2.

» Multivariate methods using N relevant
variables as input

« Training performed maximizing signal vs
background.

* The output of the training becomes the
selection cut

« Traditional way to do analysis: rectangular
cuts applied over the variables

« Thresholds tuned using Monte Carlo
samples (signal and background) to
maximize the signal content

July 224, 2026 24



ML in Particle Physics

OBJECTS DETECTOR
RECONSTRUCTION APPLICATIONS

ML for the identification
and reconstruction of
physics objects within
the detector

ML methods to improve
detector modeling and
response understanding

July 224, 2026 25



Event in a Particle Physics Detector

* |dentify collision vertices and
particles:
* Track-finding
» Electron/jet/muon
ID/reconstruction
« Measure energy, momenta,
charge
« Jet flavour

« Signal topology

ML is key in many of these tasks

WHERE PARTICLES ARE RECONSTRUCTED IN A DETECTOR

MUON
SYSTEM
(measures mum/

HADRON
CALORIMETER —>
(measures hadrons:

profons, nevtrons,

pions, kaons...)

ELECTROMAGNETIC
CALORIMETER

(measures electrons

and Pho+ons)

(measures
ckarsed particle
tracks)

PROTON
COLLISION
(HERE)

SN

PARTICLES AND WHERE
THEY ARE RECONSTRUCTED

MUON (u*) ———

ELECTRON (e*) —---

PHOTON (y) ----

CHARGED HADRON - - —-
lr, K ps )

NEUTRAL HADRON - - - - - -
Gy TS =)

NEUTRINO (v) ------

leaves a track in the tracker
and is measured in the
muon 53s+em

track in the tracker
+ energy in the EM
calorimeter

energy in the EM
calorimeter (no track)

track in the tracker
+ energy in the hadron
calorimeter

energy in the hadron
calorimeter (no track)

invisible ! escapes

the detector

COMBINING INFORMATION FROM ALL SUBSYSTEMS
ALLOWS US TO RECONSTRUCT THE PARTICLES AND
MEASURE THEIR ENERGY AND MOMENTUM.

July 224, 2026 26



Object Reconstruction and Detector Applications

Transform detector signals into high level physics
objects such as electrons, muons, photons, jets,
and missing transverse momentum.

Improve particle identification by combining
information from multiple detector subsystems.
Enhance detector calibration and alignment for
more accurate energy and momentum
measurements.

Accelerate reconstruction algorithms, enabling near
real time event processing.

Optimize trigger decisions, selecting the most

interesting collisions within strict latency constraints.

July 224, 2026



Track Reconstruction

e T[rack reconstruction is a clustering problem: start

with a (large) number of 3D points, identify set of Build a Graph Neural Networks (GNN) using
sl lBEeReTiE e & eemen ielesion k—nearesltlnelghbours to define the graph
connectivity
e  Combinatorial Kaman Filter considers all . -
. » GNN converts collection of hits into a graph:
ee T IoINENenS Oy lis: nodes correspond to hits, edges to
e Excellent efficiency & purity probability that hits belong to same track

e (CPU performance scales very badly with
increasing # of hits

e Solutions for LHC (1k hits per event not

ed

1 ule ¢ p 7 A i .'; ¥ s : - Connects
applicable later (HL-LHC, FCC) ‘ . % : ot
its ra Edge Scores Graph
Construction Classification Segmentation

July 224, 2026



Flavor Tagging

Essential ingredient for many physics analysis (top,
Higgs.. )

Per-jet probability of originating from {b, ¢, uds}

quarks

Explore unique characteristics of heavy flavour-jets

« “Large” lifetime of b/c-hadrons (~ps)
« Displaced secondary vertex
« Soft lepton from b/c hadron decay

——> tracks (charged particles)
b hadron (contains a b quark)

impact parameter

(distance of closest approach
of a track to the primary vertex)

light jet
(mostly light
quarks and gluons)

N primary vertex
(where the protons collide)

July 224, 2026

b jet
r({"rom a b quark)

secondary vertex
(decay of the b hadron

some distance away

from the primary vertex)

light jet
K (mos’dg lish{‘

quarks and gluons)




Particle Flow

Combines information from the tracker,
calorimeters, and muon system.

Reconstructs individual particles rather than
isolated detector signals.

Links charged particle tracks to calorimeter energy
deposits.

Produces a complete list of Particle Flow
candidates (electrons, muons, photons, charged
and neutral hadrons).

Improves the reconstruction of jets, missing
transverse momentum (MET), and event energy
resolution.

Reduces the impact of pile up by exploiting the
tracker information.

® Pixel detector hits
e Silicon tracker hits
e ECAL hits

e HCAL hits

* Muon chamber hits

~10k / event

Tracks and calorimeter hits

— track (hisln PT)
=== track (low p;)
e hit used in

reconstruction

: 7 !
| \ ; -
o R N\ ] =
a, _— "\ . !
| A — r -]
[ ://'/ \\ N -
e % ¥ Hit-based
» AN SN ML particle-flow
J reconstruction
calorimeter
clustering

Tracks and calorimeter clusters Particles

—> Muon (u)
—> Electron (e)
——== Photon (y)
—— Charged hadron
(e, K, ps o)
- -+ Neutral hadron
(ri K, s
SN === Neutrino (v)

~100-300 / event
[0 ECAL cluster CE R
O HCAL cluster Huge reduction

l, in data size!

~300-500 / event

July 224, 2026



ML in Particle Physics

l q ,? Unsupervised learning
#
‘ 4 to search for unexpected

»
\\__/ or BSM phenomena

July 224, 2026 31



Anomaly detection in the search for New Physics

A primary LHC goal remains to search for new
Physics:

no sign of New Physics so farl... ML used in direct
searches, classifiers trained to recognise specific ANOMALY DETECTION

signals
iy ANOMALY !

Anomaly detection addresses looking for new
physics in a different way: . [ everyTiinG

LOOKS NORMAL
IN HERE...

N
Y]
1.
i
o
(&

feature 1

July 224, 2026



Anomaly detection in the search for New Physics

A primary LHC goal remains to search for new
Physics:

no sign of New Physics so farl... ML used in direct
searches, classifiers trained to recognise specific

signals Outlier Detection W S
: : At A - T
Anomaly detection addresses looking for new " s s > W
. . . s 2 unexpected events i e -
physics in a different way: : ‘ v

0 In HEP, this is the tails of — b afx ;:
distributions or uncharted < :‘ <X i

. . ase space ‘(
« Search for unexpected signatures without pesee 2

assuming a specific model of new physics.

» [earn the behavior of Standard Model events
and identify collisions that deviate from
expectations.

Overdensi’c\xj detection

« Explore model independent searches, increasing h | o Boalngous o M- rhiiona
sensitivity to unknown phenomena. o] R bump hunting

» [everage unsupervised and weakly supervised
learning to discover potential signals beyond the
Standard Model.

« Several iniciatives to use AD at Trigger Level:
AXOL1TL and CICADA (CMS), and GELATO
(ATLAS)

July 224, 2026



ML in Particle Physics

EVENT SIMULATION

ML algorithm to accelerate
the event simulation and
generation

July 224, 2026 34



Monte Carlo Simulation

Fast event generation for signal and background
processes.

Fast detector simulation as a surrogate for
detailed Geant4 simulations.

Large scale Monte Carlo production for detector
studies and physics analyses.

Generative Al models for realistic, high fidelity
event simulation.

EVENT SIMULATION

Make (fake) particle collisions ...

LEW'S SET
THE CONDITIONS...
o
o

July 224, 2026
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Monte Carlo Simulation

ANALYSIS

)

PHYSICS @ PARTON HADRONIZATION DETECTOR @ DIGITIZATION @
PROCESS SHOWER & DECAYS SIMULATION & RECONSTRUCTION OBJECTS
, o o
~ K° ,. 2 \ \". = § ﬁ
7 S y | JEEEEE :
D |
\N\% o -
‘iéqu?7: B
j?@t:~~ 5 4 , ——
e Tl 60 80 100 120
° my, [GeV]
* Build high-level quantities

* Convert energy deposits
into detector signals
(digitization)

* Propagate particles through
the detector (e.g. Geant4)

* Simulate interactions with
detector material and
energy deposits

* Convert partons into
hadrons

* Simulate decays of
unstable particles

* Simulate QCD radiation
(ISR/FSR)

* Evolve partons from the
hard scale down to the
hadronization scale

* Define the hard scattering
process (e.g. pp = Z = {*¢")

* Sample the kinematics
of the final state particles

(tracks, jets, electrons,

+ Compare to data and
extract physics results

* Reconstruct physics objects

)

DETECTOR

THEORY

Monte Carlo processing steps
Reconstruction and

Event Generation Detector Simulation Digitization :
Trigger

RECONSTRUCTION & ANALYSIS

Analysis

July 22nd, 2026 36



Monte Carlo Simulation

« Event Generators:

+ Increasingly CPU-intensive due to NLO/NNLO S AT PIDRESSTS ST

and high statistics needs ent Detecto N Reconsinu
» Tools using ML and GPUs like (MadGraph4GPU,

PEPPER, ...

» Detector Simulation:
 Full Simulation:

 Performance optimization and focus on GPU-
accelerated GEANT4, including projects such

as AdePT or Celeritas 5 Calrmeers
. . O FastCaloGAN V2 FastCaloSim V2
e Fast Simulation: ceralsa e .A.a...‘ra:;m‘.w:;.m
- Parametrized or ML (Generative, - - EEs
AutoEncoders) alternatives for time-intensive 2
components

» Ultra Fast Simulation

 Parameterization of the high level response of A o Ao
the detector can also enable a fast
reconstruction. , : "

« CMS with Flashsim (normalizing flows), LHCb
with Lamarr

July 224, 2026



ML in Particle Physics

~
EVENT SIMULATION
ML algorithm to accelerate
the event simulation and
generation
‘ J
: @
EVENT x N\ NOM
CLASSIFICATION F 4 ; 0
Classification algorithm s ML.ln ‘ q ) Unsupervised learning
events from backgrounds . : or BSM phenomena
y physics
“ N
. §
OBJECTS DETECTOR
RECONSTRUCTION APPLICATIONS
ML for the identification ML methods to impreve
and reconstruction of :
) : o detector modeling and
physics objects within :
He e pes response understanding
e y,

July 22nd, 2026 38



Improvement and peformance is not enough ...

REPEATABLE EXPLAINABLE
ka?
JHlls
e Results must be ¢ Understand what the

reproducible by others,
todag and in the future.

model uses and whg.

o Use interpretable models

e Fix seeds, versions, or explainabilit:, tools.

and environments.

o Build trust in the

¢ Share code, data, Phssics conclusions.

and trained models.

UNCERTAINTIES MATTER

PHYSICS FIRST

We need this - 7

v

H>

. uncerta.int:.’

o ML complements,

Predictions must include
not replaces,

reliable uncertainties. Phgsics R — ng.

Quantifg both statistical
and systematic errors.

e Validate with control
regions and closures.

Pr°P°‘3°‘te uncertainties ° Ckallense assumptions

to final results. and check for biases.

o"z’ ' ATLAS Prelimin'ary 2011+ 2012 Data
S 105 —oObs. Vs=7TeV: [Ldt = 4.6-4.8 fb" =
& [ B Vs=8TeV: [Ldt=5.85.9 b ]
= - C+1o -
-§ B [lx20 "
= L
o
X 1
Yo} =
@ r
e =
EI CLs Limits ]
100 200 300 400 500 600
m,, [GeV]
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Al/ML is an active topic

Summary of the Conference Computing for High Energy Physics (CHEP 2026)

Share of AI/ML-related abstracts by track CHEP 2026: Abstracts per track — total vs. AI/ML-related
i s 61% bt E"Fms:;:::su::bia:; 60

Offline data processing Online and real-time computing

55

Event 3enem{ion and
simulation

Offline data processing 54

Software environment and

sustainability Data and metadata organization,

management and access

49

Online and real-time compu{ins

Event 5eneration and simulation 47
I
Analysis infrastructure, !
outreach and education 25% : Analysis software and workflows 44
1
Data and metadata :
organization, management and o &, (i :
J J S 24% E Distributed computing 44
o I
Computing '"fmzt:::;‘:":bi?;; 22% " Software environment and 33
I maintainability
> : : Total abstracts
Distributed computing 21% I : Analysis infrastructure, outreach I AI/ML-related
: Conference average 40% andhedbicatisi 32
0 10 20 30 40 50 60 70 0 10 20 30 40 50 60

Share of abstracts men‘cionina AL/ML (%) Niusser 6t dbstacts

e There are wore usages beyono\ the areas

% o 40% of the abstracts had some
relation with AI/ML

mentioned like:

o ComPu{:ins Infrastructure, Online and real time computinj X
C\)é)é o All the tracks at the con{:e,re,nc,e. Distributed C.ompud:inj, Metadata orsav\iza’cion,
L had some application of AI/ML
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Evolution of use of ML in HEP

- SUPERVISED LEARNING
Decision Trees  rootnode Unfolding ?27?7?
Transformers
4 . BDT o Deep Neural Recurrent T e AN
/ o Networks o-0-0-0 :_?_E—?—E
= i Foundation |
+ Random Forest : |
Deep Sets Convolutional Graph . Models? i
f—=—=t T e ,
& Leaf nodes J {. (] ‘} M
n | |
(<))
£
=
=
< e Past ® Present e Future —
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