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Then.. Al TakeOff....

Number of Parameters in Billions

Research Phase Application-Ready GenAl Takeoff
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Machine learning at scale, for science

Machine learning has been proven a very good tool to:

Extract information from (very large) datasets
Efficiently analyse very large amounts of data
Easily handle data from different sources

Observation based datasets in
physics are comparable or
larger than these!

Scalability to HPC environments
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Can we use these tools for fully data-driven science?
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Scientific opportunities

Multi-scale dependencies:

Fundamental . — . .
e e Model complex higher-order, statistical relationships
between observations, fields, ...
* improve current simulations
Compact representations:
 Condense dataset information in a compact
representation
e eg. condense the info in a few GB rather than TB
D Multi-source models:

- e Enable multimodal and multi-source learning
l e eg. build models based on scientific data, GDP, birth rate etc..

ey New discoveries:

@ * Explore the potential of unsupervised learning to extract new
R information directly from data

e |Learn unknown correlation patterns
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Deep Learning iIn HEP

Re-cast physics problems as "DL problems”

Interpret detector output as images and apply techniques borrowed from
computer vision

Interpret physics events as sentences and apply NLP techniques
Better performances if applied directly to “raw” data

Adapt DL to HEP requirements

In terms of model interpretability ROC for Electron vs. Pi+ Classifier
o o . . 1.0 -

Results validation against classical methods =

Detailed systematics -

B. Hooberman
et al. (NIPS
2017)

Adopting “new” computing models
Accelerators and dedicated hardware
HPC integration
Cloud resources
Blg Data platforms 0.6 1 —— cell-based nn (width=256, depth=4)

feature-based nn (width=256, depth=4)
—— feature-based bdt (max depth 5)
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Generative Models
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(Generative models

The problem:
Assume data sample follows Py, distribution

Can we draw samples from distribution Pyege SUCh that Prroge =
pdata?

31



(Generative models

The problem:
Assume data sample follows Py, distribution

Can we draw samples from distribution Pyege SUCh that Prroge =
pdata?

Maximum Likelihood Estimator: .
Generative models don’t look for

« Assume some form for p,,,4¢ (Prior mathematical expression of P4

knowledge, parameterized by 0)

Train NN as a generator ¢ : R™ — R"
» draw samples from pB« J g —

that maps samples from a tractable

6* = arg maxz 10g(Pmodel (X; 0)) distribution supported in R™ to points in Rn
0  xep 31
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L atent Representation

* Information content is preserved
within a hidden manifold with
lower dimension

« Can manipulate latent space (style
specification, hypothesis testing
directly in data, ...)

« Can optimise latent representation
according to a specific task (guided
compression) Original space &

Latent space #

WV

Fleuret, Deep Learning Course

« Can help with multi-modality

NB: Problems exhibiting complex symmetries may benefit from latent space representations
connected to the specific underlying symmetry group!
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Deep Generative Models

Deep models allow
higher levels of
abstraction and
improve generalization
wrt to shallow models

(a) Autoregressive Models (b) Variational Autoencoders (VAEs)
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See Danilo Rezende tutorial on Deep Generative Models
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Different primitives for different data representations

Perceptrons and MLP
Convolutions

Graphs

Recurrent Units (and LSTMs)
Point Clouds

Graphs:
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Auto-Encoders

Example of latent variables models (and implicit...)

Ex. Auto-Encoder

Encoder
Network

(conv)

Ex. Variational Auto-Encoder

Explicit constraints on encoded
representations (learn the latent variable
distribution)

Two components in the loss function
(reconstruction loss and KL divergence to
constrain latent to prior)

(7))
wv
(]
= Decoder
3 i Network
o)
T (deconv)

Encoder

' Probabilistic |

r € Rd=

zeR¥* HeRde
D= {z;}

ie{l,...,N}

Y

Probabilistic
Decoder

Multiple AE variants and flavours have been developed in the past few years
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Diffusion models

Parametrized Markov Chains trained using variational inference to produce samples

matching the data after finite time.

Chain transitions are reverse diffusions (gradually adding noise to the data)

Ex. Diffusion Denoising Probabilistic Models (DDPM, arxiv:2006.11239) based on U-Net:

lteratively add Gaussian noise to input image, eventually reaching pure noise

Generation process inverts the diffusion: start from pure noise sample, then

iteratively de-noise it.
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Og @ @z
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Attention and Transformers



Seg2seq models and the information bottleneck

Encoder Decoder

lls regardent : <eos>

tt t

—> —> —> —> — —>

1 ! ! 1 f 14 5 FF 77

They are watching : <eos> , , , |
<bos> lls regardent

Image Credit: d2l.ai

Seg2seq models analyse sequences
Predict probability distributions of the next token given previous context
Encoder compresses the sequence in a fixed size vector
Compression in fixed size latent vector is a bottleneck
Need a mechanism to focus on most relevant input tokens at each
prediction step
Introduce (Self-) Attention Maps
Use softmax to calculate probability (maintain differentiable
architecture)
Output is independent of the order of input examples (set instead of
sequences)
Highlight relationships between input elements

Sofia Vallecorsa - sofia.vallecorsa@cern.ch
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Attention mechanism as originally
formulated in a bi-directional LSTM

Auto-Encoder (arxiv:1409.0473)
1/



Attention - Transformers

Output
Probabilities
)
| Softmax |}
|  Linear |
-
| Add & Norm ]ﬂ\
Feed
Forward
Transformer components include: —) ——
r B | Add & Norm Je=~
Multi Head Attention —{Add 3 Nom ) Multi-Head
. . Feed Attention
Normalisation layers Forward | FTF 7 N
Position Independent Feed Forward Layers . EE— (A9 2 Norm Jem
Skip Connections LAt ) Masked
Multi-Head Multi-Head
Attention Attention
At At
— J U —
Positional D ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)
See tutorial G.. Weiss tutorial at IML workshop : Vaswani et al., Advances in Neural Information 18
https://indico.cern.ch/event/1297159/ Processing Systems, 2017, 5998-6008
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—xample applications



Online Machine/Deep Learning

LHC Run3 Fact sheet:
Since 2022, collisions at 6.8 TeV

Fill: 10000 E: 6799 GeV t(SB): 01:53:50 13-08-24 18:13:26

PROTON PHYSICS: STABLE BEAMS

Beta* IP1: el coom EEEE o5 IEEEEE 2o

Inst. Lumi [(ub.s)"-1] IP1: 20881.18 IP2: 856 IP5: 20134.22 IP8: 1623.49

25 ns bunch crossing
Peak collision rate at 30 MHz (2017-2018)

Comments (13-Aug-2024 16:49:24)
##STABLE BEAMS ##

Link Status of Beam Permits
Global Beam Permit
Setup Beam

Peak instantaneous luminosity of 2 x 10**em™%s™" (2023) ,

About 50 pileup collisions

Stable Beams

AFS: 25ns_2352b_2340_2004_2133_108bpi_24inj

https://home.cern/news/news/accelerators/accelerator-report-10-000-Ihc-fills

Many ML/DL applications for real time detectors operation:
Data Quality Monitoring , Adaptive Data Acquisition Systems , Triggers

Constraints on Latency:

Accelerate inference through dedicated ASICs, FPGAs
Constraints on Model Complexity:

Reduce model size through quantisation, compression, distillation, ...
Constraints on the quality of data available:

Input features are known with limited resolution (or limited detector information)
—> is this a limitation for ML/DL ?
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ATLAS Heavy Particle Searches* - 95% CL Upper Exclusion Limits

ATLAS Preliminary

Anomaly detection for model independent searches

Status: Ju/y 2022 J‘L dt = (36 _ 139) fo! \/— =8,13TeV
Model t,y Jetst E$'“ JLdt[fb] Limit Reference
T T — T T — T T —
g ADD Gkk + g/q Oeuty 1-4j Yes 139 Mp 112TeV n=2 2102.10874
K] ADD non-resonant yy 2y - - 36.7 Mg 8.6 TeV n=3HLZNLO 1707.04147
2 | ADDQBH - 2j - 139 | M 9.4TeV n=6 1910.08447
[ ADD BH multijet - >3] - 3.6 M, 9.55TeV n =6, Mp = 3TeV, rot BH 1512.02586
E  RS1Gkk > vy 2y - - 139 | Gk mass 45TeV i 2102.13405
©  BulkRS Gkx —» WW/ZZ multi-channel 36.1 Gyk mass 2.3 TeV 1808.02380
g Bulk RS Gkk — WV — {fvqq lepu 2j/14J Yes 139 Gkk mass 2.0TeVv 2004.14636
> Bulk RS gk — tt 1e,u 21b21J/2] Yes 36.1 gkk mass 3.8TeV 1804.10823
w 2UED/ RPP 1epu >2b,23] Yes 36.1 KK mass 1.8 TeV Tier (1,1), B(A®Y - tt) =1 1803.09678
SSM Z’ — (¢ 2epu - - 139 | Z'mass 5.1 TeV 1903.06248
SSM Z’ - 1T 27 - - 36.1 Z' mass 2.42TeV 1709.07242
g Leptophobic Z’ — bb - 2b - 36.1 Z' mass 2.1TeV 1805.09299
S Leptophobic Z’ — tt Oepu 21b>2J Yes 139 Z' mass 4.1 TeV r/m=12% 2005.05138
§ SSM W’ — v Teu - Yes 139 W’ mass 6.0 TeV 1906.05609
SSM W’ — 1v 1 - Yes 139 W’ mass 5.0 TeV ATLAS-CONF-2021-025
g SSM W’ — tb - 21b21J - 139 W’ mass 4.4 TeV ATLAS-CONF-2021-043
S HVT W —» WZ — fvggmodel B 1 e u 2j/1J Yes 139 W’ mass 4.3 TeV 8v = 2004.14636
S HVIW > WZ (v modelC e 2j(VBF) Yes 139 | W’ mass 340 GeV gven=1,8=0 ATLAS-CONF-2022-005
HVT W’ — WH — tvbbmodel B 1e,u  1-2b1-0j Yes 139 W’ mass 3.3TeV gv =3 2207.00230
HVT Z' - ZH — tt/vvbbmodel B 0,2e,u  1-2b,1-0] Yes 139 Z’ mass 3.2TeV 8v 2207.00230
LRSM Wg — uNg 2u 1J - 80 Wg mass 5.0 TeV m(Ng) =0.5TeV, g, = gr 1904.12679
Clqqqq - 2j - 370 |A 21.8TeV 7, 1703.09127
—  Clllqq 2epu - - 139 |[A 35.8TeV 7, 2006.12946
S Cl eebs 2e 1b - 139 A 18 TeV 2105.13847
Cl ppbs 2pu 1b - 139 A 2.0 TeV 2105.13847
Cl tttt >teu >1b>1] Yes 36.1 A 2.57 TeV 1811.02305
Axial-vector med. (Dirac DM) Oe,pu, 1,y 1-4j Yes 139 Mmed 2.1 TeV =1, m(y)=1 GeV 2102.10874
= Pseudo-scalar med. (Dirac DM) O e, i, 7,y 1-4j Yes 139 Mumed 376 GeV m(y)=1 GeV 2102.10874
Q Vector med. Z’-2HDM (Dirac DM) O e, u 2b Yes 139 Mumed 3.1 TeV tanB=1, gz=0.8, m(y)=100 GeV 2108.13391
Pseudo-scalar med. 2HDM+a  multi-channel 139 | Mmed 560 GeV tanf=1, gy=1, m(x)=10 GeV ATLAS-CONF-2021-036
Scalar LQ 1%t gen 2e >2j Yes 139 LQ mass 1.8 TeV p=1 2006.05872
Scalar LQ 2™ gen 2u >2] Yes 139 | LQmass 1.7 TeV B=1 2006.05872
Q@  ScalarLQ3" gen 17 2b Yes 139 '-0; mass 1.2 TeV B(LQ§ — br) =1 2108.07665
=1 ScalarLQ 3 gen Oepu  22j,22b Yes 139 | LQ; mass 1.24 TeV BLQY — tv) =1 2004.14060
Scalar LQ 3 gen >2epu,21721j,21b - 139 LO:i mass 1.43 TeV B(LQY - tr) =1 2101.11582
Scalar LQ 3" gen Oe ;217 0-2),2b Yes 139 [LQgmass 1.26 TeV 'B(LQ%~> bv)=1 2101.12527
Vector LQ 3" gen 17 2b Yes 139 LQ} mass 1.77 TeV B(LQY — br) = 0.5, Y-M coupl. 2108.07665
® VLQ TT - Zt + X 2e/2u/>8eu 10,1 - 139 | T mass 1.4 TeV SU(2) doublet ATLAS-CONF-2021-024
X g VLQ BB —» Wt/Zb+ X multi-channel 36.1 B mass 1.34 TeV SU(2) doublet 1808.02343
= S VLQ Ts/3Ts3lTs3 » Wt + X 2(SS)/23eu>1b>1j Yes 36.1 Ts/3 mass. 1.64 TeV B(Tsy3 = Wt)=1, c(TssWt)=1 1807.11883
S E VLQT - Ht/Zt 1epu >1b, >3] Yes 139 T mass 1.8 TeV SU(2) singlet, k7= 0.5 ATLAS-CONF-2021-040
S8 VQY - Wh ieu 21b,>1] Yes 361 |Ymass 1.85 TeV B(Y — Wh)=1, cg(Wh)=1 1812.07343
>% VLQB - Hb Oeu >2b >1j,>1J - 139 B mass 2.0 TeV SU(2) doublet, kg= 0.3 ATLAS-CONF-2021-018
VLL? — Z7/Ht multi-channel ~ >1] Yes 139 7’ mass 898 GeV SU(2) doublet ATLAS-CONF-2022-044
ks @ Excited quark ¢* — qg - 2j - 139 | q" mass 6.7 TeV only u* and d*, A = m(q") 1910.08447
2 S Excitedquark g* — qy 1y 1j - 36.7 q" mass 5.3 TeV only u* and d*, A = m(q") 1709.10440
§<> € Excited quark b* — bg - 1b1j - 139 b* mass 3.2 TeV 1910.0447
W @ Excitedlepton £* Beu - - 20.3 A=3.0TeV 1411.2921
=" Excited lepton v* Beut - - 20.3 A=16TeV 1411.2921
Type Il Seesaw 234epu >2j Yes 139 N° mass 910 GeV 2202.02039
LRSM Majorana v 2p 2j - 36.1 Ng mass 3.2TeV m(Wg) =4.1TeV, g1 = gr 1809.11105
o Higgs triplet H** — W*W#* 2,34 e,41(SS) various  Yes 139 H** mass 350 GeV DY production 2101.11961
D Higgs triplet H** — ¢t 234epu(SS) - - 139 | H** mass 1.08 TeV DY production ATLAS-CONF-2022-010
3 Higgs triplet H** — £r 3eut - - 20.3 DY production, B(Hj* — (1) =1 1411.2921
Multi-charged particles - - - 139 multi-charged particle mass 1.59 TeV DY production, |q| = 5e ATLAS-CONF-2022-034
Magnetic monopoles — — — 34.4 monopole mass 2.37 TeV DY production, |g| = 1gp, spin 1/2 1905.10130
Vs=13TeV Vs=13TeV PR | L s MR | L L MR | L L PR
partial data full data 107! 1 10

Mass scale [TeV]
*Only a selection of the available mass limits on new states or phenomena is shown.

ftSmall-radius (large-radius) jets are denoted by the letter j (J).

How to insure we do not miss potential discoveries?
Model agnostic searches represent an alternative
Multiple strategies exist

Deep Learning provides particularly powerful tools
Suitable for online deployment (trigger



Anomaly Detection with VA

First demonstrations as early as 2018 !

Variational Auto Encoders as model-

independent (unsupervised) BSM search

tools

Train on known physics
Monte Carlo
Real detector data

Minimise input-output difference £ = ||z — z'||?
Anomalies will exhibit large error

Build an anomaly score

Standard \ _ arXiv:1811.10276
ity A e arxiv: 2005.01598

--- Model dep. VAE
- Model dep. on a different model

10°
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Run3 running examples @ CMS

A. Gandrakota,

How do we train it ? 3¢ Fermilab 'cv=r202¢

* Learning typicality : By training on Zero Bias dataset

¥ AXO ITL
& From calorimeter and muon trigger systems:
v 7 Objects : Jets(x10) , ely (x4), u (x4), MET
dely Attributes: Pr, 7, ¢ in raw integer value

/ \
/ \ / / \
VY \ / /- ~ \ \ /
CICADA S R = ad I N
/ A 7 $ L \
\ /! - ~o )\ /
CMS Preliminary 2023 (13.6 TeV) L/ - NN

[ TTTTTTTT]
III/I\)II\/I\III
III/I\\III
@
II/III\/II
III/III\III
\IIII/I\I\IIII

\

= 3 :
- -5 Low level input :
5 Calorimeter towers, grouped as calo regions
E . .
= E Basically the energy pixels
[ 10V
S 6i 7 8 9 10 11 12 13 ’ 10

' Abhijith Gandrakota 23
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Run3 running examples @ CMS

A. Gandrakota,

HOW S #Ferm“ab ICHEP2024

CSsC RPC DT HBHE HF ECAL
TPs Hits TPs TPs TPs TPs
* Learnin I T
4 N\ { N
Muon Link
Port Card Board
R¥p L
| |
Yy Y Y Y jommenee-
@00 Layer 1
AS CPPF TwinMux Calorimeter C|c AD A -
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pr J—J — ~..........'
-~ .
MET - 17~
6 Y P 4 ~ . " y |
' Py [
aely m—— overap ), - Bare ) (e | ' . CEMS Preliminary 2023 (13.6 TeV)
4 Muon Track Muon Tr Muon Track | 1 | Calorimeter | : = i 80016 = 5 ]
Finder Findgf Finder [ * ;| Trigger ) . =2 | { = Boiie=DE
10 jets ! 1 . 8 10°F & - score = 250 3
] - |
y —Y . . 3 : - score = 1250
. ' . 105k 4 : —— HLS Emulation N
V| Demux | ! ' E | ‘ QKeras ]
) ! : ]
’ E = '
'y S . 100 L 3
N M ’ 1 = 5 !
1 1 ' ! =
CICk 4 = o P '
" 1 3L ¢ 5 : _
é ] 4= === Global Trigger | == = = = = = | eeaaas i 10% ! TR : E
‘ ' v ' ™
CMS Preliminary 202 1 t i : o
s ] 4 21 ¢ —
A Implemented in the : f X " 10 ﬁL ' E
- . 1 1 LL ' .
» Global Trigger Board M ' | C : ]
o ] 1 :
: | ' - - -v- ---------- - 101 = I _L : =
: : v T . Al 1, ]
h=g ' ] 1 : B | . ]
e e » L1T Scoutlng . r ol | ;—& i
] 3 1 ! - E
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— X.

Other Online Applications (

from CH

P2024)

Compressed data streaming at BDX: replace trigger
based data acquisition with compressed data stream

via AutoEncoder

2
Jefferson Lab

Autoencoder compression

ratio is a Parameter Gzip compression ratio

depends on signals number

Working Zone

Real-time implementation of
Artificial Intelligence
compression algorithm for
High-Speed Streaming Readout
signals, CHEP2024

Data Quality Monitoring in CMS:
ResNet AutoEncoder

‘ 100x100 Input

Enooder ....... l ............... .
: Convad 3x3 :
max_pool2d

........................ ReCaS

ResBlock x 3

L X2 .
* ResBlock (stride=2)1 :

ResBlock x 3

1 . .
______ > : 12d :
¢ . s Pl NVIDIA. W>Vilelses
40 L .‘: | . | | _g S 1 1 A i ................ .
o ’ .« e
= | = = = =Original ‘ Fully Connected Layer ‘
&35 | o 0,7 | y 4
5 . € 06 | Reconstructed
% 3,0 <’
g : I - 05 |1 : 1 |ResBlockx3 ResBlock ,.}........... .
£ 25 e -t —=—gzip Nosa : 12 v : : ! :
o = : ide=2) : : :
© 2,0 —a—Autoencoder g 0,3 ResBlock (stride=2), : | Conv2d 3x3
o . :
15 S 0.2 ResBlock x 3 : v :
1 10 100 1000 10000 0,1 I : Conv2d 3x3
Signals 0 : Convad 3x3 | :
Bett : i 10 20 30 40 DeCOder e et . D ReLU ..............
etter compression ratio
P Samples 100x100 Output
200 Anomaly detection for data quality monitoring of the Muon
system at CMS, CHEP2024
g
Q —
-E CMS  Preliminary 7.2pb™, 2024 (13.6 TeV) _ gCMS Preliminary  72pb,2024 (136 TeV) ,, .8 CMS Preliminary 7.2 pb™, 2024 (13.6 TeV)
5 € [Run’382299 L's: 269.303 ME-2] 3 £ [Runiasoeolsi2ged0s | ME2] |7 § E [ Runi38220015:289-303 ' ME-2]
5 > 6F 44100 € > 6f 442 4 > 6 ]
é g r ] w g r ] g 5
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Offline processing challenges

Run 3 (u=55)

Run 4 (1=88-140)

Run 5 (u=165-200)
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Jets

See ML4Jets https://indico.cern.ch/event/1253794/overview

Jets represent a major area of applications for ML

Truth Jets: stable particles defined by MC generators PFjetl —

p, =90 GeV

«—calo. jet 1

- Track Jets: Use charged-particle tracks. Particularly useful for D, = 48 GeV

pile-up mitigation or jet tagging.

- Topo Jets: Calorimeter energy deposits. Requires cells
clustering and calibration.

- "Particle Flow"” Jets: Combine tracks and energy deposits.

« A few notes:

Tracks info is limited to charged-particles, while topo-
clusters are built from both charged and neutral particles

PFjet 2

Angular resolution of the trackers is “still” better than b, =83 GeV

calorimeters. Calorimeter extend pseudo rapidity e
coverage. py =33 GeV
gen. jet2
p, =82 GeV
Both jet reconstruction and Jet tagging (classification) are major applications for ML/DL 27

Sofia Vallecorsa - sofia.vallecorsa@cern.ch



Point Cloud Transformers

V. Mikuni and F. Canelli 2021 Mach. Learn.: Sci. Technol. 2 035027

Use Selt Attention on point-cloud particle data to learn “semantics”

SA layers extract different information for each
jet (jet sub-structure)

Increased relevance to harder sub-jets in the

case of Z boson, W boson, and top quark initiated
jets.

Light quark and gluon jets have
radiation pattern
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Jet Tagging: highlights from ML4Jets 2024

CMS Jet Tagging: ParticleTransformer

https://indico.cern.ch/event/1386125/overview

trained to classify b, c, tau, and s and regress i o B B e
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https://cds.cern.ch/record/2904702
https://arxiv.org/abs/2202.03772

Monte Carlo Simulation

ATLAS Preliminary ATLAS CERN-LHCC-2022-005

2022 Computing Model - CPU: 2031, Conservative R&D

24%
. . Tot: 33.8 MHS06*y
Monte Carlo and simulation related tasks account

for largest computational costs within offline data
processing 7% mmm Data Proc
8% MC-Full(Sim)
MC-Full(Rec)
MC-Fast(Sim)
| MC-Fast(Rec)
B EvGen
Heavy lons
Data Deriv
MC Deriv
Analysis

Calorimeters are particularly expensive |

8% |

Multiple fast simulations techniques exist

1%

8%

Total time spent in Gauss in different detector volumes

-

M. Rama for THCbL, " CHEP2018
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Calo system
CPU time = 53%
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Synthetic data generation through DL

Initially use computer vision approaches and interpret data as 3D grids to simulate energy

deposition patterns in calorimeters

Gradually increase model complexity and extend fast simulation “concept” (ultra-fast sim)

J. M. Allen, Space Opera Theatre, MidJourney (2022)

Sofia Vallecorsa -

3D Generative Adversarial Networks
F. Rehm, et al. arXiv:2105.08960 (2021).
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x2/NDF

GAN for calorimeters

FastCaloGAN: 300 GANs
M. Faucci CHEP 2023

Conditional WGAN-GP
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Self-Attention GANs

F. Ratnikov, A. Rogachev, CHEP2021
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Increasing complexity

GAN - AutoEncoder hybrid

Post Processor <
_ Network

[

(] —

"Getting high: high fidelity
granularity calorimeters

speed." Computing and
Software for Big Science 5.1
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Normalizing Flows

Krause, Claudius, and David Shih. "CaloFlow Il: Even Faster

and Still Accurate Generation of Calorimeter Showers with

Normalizing Flows." arXiv:2110.11377
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Conditional Diffusion based Transformer

Architecture based on visual
transformers

Input condition on Energy, Particle
Trajectory, Geometry

Heavy data preprocessing necessary
to map calorimeter geometry to
image tiles

Maybe different data representation
could be more convenient?

Results:

Good accuracy throughout all
profiles

Cell energy shows particular
good results compared to
other generative models
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More Simulation

Deep learning to match fast-sim to fullsim

at analysis level Increases fidelity of fastsim
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More interesting developments in constructing ML models
for event generation (hadronization) or to have
fundamental data-driven ML representation for hadronic
physics models in Geant4

MLHad: Simulating

Hadronization with Machine

Learning, CHEP2023

Simulation of Hadronic
Interactions with Deep
Generative Models,
CHEP2023



Comparing experimental data to theory

The Landscape of Unfolding
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Transformer components are modified

learn data in a geometric algebra over

space-time, equivariant under Lorentz
transformations.

Test on Amplitude Regression, Jet
Tagging and Event Generation

Lorentz-Equivariant
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Summary and Conclusion

The number of Generative Models applications in
experimental HEP continues to increase

In many cases, these tools are already in production
for Run 3

Interest also on Large Language Models and Al-
based assistants (information retrieval, code assistants,
etc..) (I did not talk about this!)

(see for example: https://indico.desy.de/event/38849/)

Generative Models based research in the theory
domain seems increasing

See HEP ML living review : https://iml-wg.github.io/HEPML-LivingReview/

Thanks!
Question?

https://indico.cern.ch/event/1386125
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