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e Each stage of analysis requires substantial human effort, computing resources, and time

— Leverage AI/ML to accelerate, automate, and improve these processes
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Art|f|<>|a| Intelllgence and Machlne Learnlng

————— . ——_——— —————— — — ——— — —  ——— __ — ————— ————— — —— -

Artificial Intelligence (Al)

- mimic cognitive functions associated with
human intelligence

e.g. see, understand, respond, analyze data,
make recommendations, etc

Machine Learning (ML)

- extract knowledge from data and learn from it
autonomously

- no explicit programming

Neural Network

/ Deep Learning

Diffusion model Neural Network / Deep Learning
- Inspired by human brain that uses “neurons”
- learn based on deep neural network

- creates new content, such as text, images, and
audio, by learning patterns from existing data
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Types of

~

\_

e Forecast outcomes

e Regression:------

Supervised

~

e Use labelled data

e Input-output values are given by human

e Classification------------

Dependent Variable

» X J
Independent Variable

—————— — ———— ——— —— — ———— — — ——  _ — ———— —————— ———— - — N

/ Unsupervised

e Use unlabelled data

e Find hidden patterns w/o human

Labeled Clusters

~

Inte rventIOn Unlabeled Data
e Clustering Lo e, Cat
o © ... K-Means |\ -
———.

r e
@
o °
. o ICategpry 3
X = Centroid

e Assoclation
e Dimension Reduction

e Anomaly detection

\_

/
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Neural Network

P— —_— —_— E—— e —_—

————————— —  ———— —— ——— e e — —————————————

lterative process
until loss function
N i minimized
Output

O- D EED

v v

Loss function
WEights € ovennes e, Optimizer <+ | o
(parameters) V/e'9ht Update e.g. L = prediction - tru

Back Propagation

Many layers: Multi Layer Perceptron (MLP), Deep Neural Network (DNN)
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Various Neural Network

e e e ———— —— P ———— . ——

The different structure (architectures) based on
how they organize, connect, and process inputs before or between MLPs

o . good for image processing
° . good for irregular, relational data
o . good for sequential data

e Transformer : learns “attention”

e Autoencoder : encode — latent space — decode
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® Generates syntactic data e.g. text, image, audio, video, ...

 Generally more advanced and complex Al

= combines representation learning (understanding) with generation (creation)

e Models

= \/ariational Autoencoder (VAE)
= (Generative Adversarial Network (GAN) P“J-

)

Images from Dalle-2 (Diffusion Model)

=
) LN Y
’ . »
: R R
{ R o,

= Transformer-based Models,
e.g. Large Language Model

-
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What Controls

e e — e — P ———— . ——

= e — . e — —_—

Defining the physics problem and ML task
Choosing the model architecture
Curating and preprocessing the data

Defining loss, optimizer, and evaluation metrics
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What kind of machine learning developments/applications
are there for jet physics in heavy ion collisions?
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Classification:

= e ———— ———— — —— - —— _ — ——— —————— ———— = — _ -
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IaSS|f|cat|o Heaw Flavor Jet Tagging |

Eur.Phys.d.ST 233 (2024) 15-16, 265/-2686

e Significant evolution on flavor > R S
. . = LHC run periods
@
tagging using ML over the S | wm Runi W Run2 -3
decade % 10° ParticleTransformer * .
: o DeepJet :
= Multi Layer Perceptron 9 S
_ S Early Deepdet x
= (Convolutional Neural Networks ™
(i) x DeepCSV
= Recurrent Neural Networks S MVAVD
o
- Long Short-Term Memor [a)
J y © x CSW2 Datasets
network § 102_ A Run_‘] i
= [ransformer EC,U I cMVAvV2 + + DeepCSV + Run-2 (Phase-0)
_-5, x  Run-2 ]
- Deep Sets . CSVv2 + *  Run-3
= Graph Neural Network = Bl CMS
< . CSV ATLAS
- . ! | I | | ! I ! . | I ! . ! I | ! | I | | ! |
2012 2014 2016 2018 2020 2022 2024

Year of publication
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IaSS|f|cat|o Heaw Flavor Jet Tagglng |n HI

e —————— ———— — p— e e ——— e —— = N

——— e —_—

o Much better performance than conventional method '
e However, in heavy ion collisions, the jet structure and its constituents are modified
e Most existing studies use unguenched et ALICE heavy flavor jet tagging using CNN, p+Pb

n 1 — | | | | | I I | | | | | | | | [ [ | | I | | | | 1=
samples (eg PYTH|A+H|J|NG) without g - 3o|<pgen <4o (3.ev/¢I e | | | | =
explicit in medium modification of heavy  g4¢1L- /,,,./f'” . —
flavor jets. cwms-DP-2025-088 o - *" -

21072 = —=
o Careful systematic studies are required g F -
to understand how quenching and the =107, =
heavy ion env:ronment affect tagging S P -
performance and mistag rates = - =
- | = 10—5 —_ __
= Jet flavour -
, » (g6 L ALICE Simulation . e (L) =
. . = PYTHIA + HUING, p-Pb |[s = 5.02 TeV "« ch -
Track kinematics, W// |- FastJet, anti-ky, R=04,|n_| <05 +3d§5n2c(3tl;) -
IP, Q/// - 1075 0 1 b
75 C: 0.2 0.3 0.4 0.5 0.6 0.7 0.8

SV, XN b? b-jet efficiency

Neutral particle info., x '
B \Q PoS(EPS-HEP2017)498
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https://pos.sissa.it/314/498/pdf
https://cds.cern.ch/record/2915245

CIaSS|f|cat|on Quenched vs Unquenched Jets

e —————— ———— e —————— —— — ———— — — —— I

[ ——— - — — = E—— e —  —————— —_—

. Classﬁy quenched-llke vsS vacuum-like jets

* Supervised Learning arXiv:2411.19389
= Sequential Attention-based NN — iteratively pass i 1 JeweL
weights | ~) PyrHia
= Trained with multiple theoretical models 0t — oo . JEWEL
(JEWEL+ColLBT and + ) | |

to reduce model- dependence

/_,, -

= | ColBT

/Trained with jet substructures as input features, h re RS -

and with output of £ 1 o

JEWEL ColBT =1 | - M
| 10 5L

\ =0 0:_ JIWJPL—

Therefore, output close to 1 = quenched-like jet W :
\\ output close to 0 = unquenched-like j@ S ., - . - |

- Neural Network Output
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Classification:

e e — — — ———— ——— e ——
— e —— — ~ ——— — — e — — -

e Many similar works
= [ illana Apolinario et al. JHEP 11 (2021) 219
= [ jhan Liu et al. JHEP 04 (2023) 140
= Yue Shi Lai et al. JHEP 10 (2022) 011
= Miguel Romao et al. SciPost Phys. 16 (2024) 015
= Yilun Wu et al. arXiv:2511.04005

e Usecase
= test how much IS present in jet substructure
= identify which representations and observables are most sensitive

e Careful studies of model dependence are needed before applying quenching scores to data
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Regressmn for Jet Energy Loss

W e —— e —— — e ———— e ————— —————— ——— N

[ ——— - — — = E—— — —_— —_— == = — ——

* Predict amount of jet energy Ioss on a jet- by-jet ba3|s quenched ;before quenching

X = Dy
e Supervised Learning
= Convolutional Neural Network (CNN) — good for image processing

= Trained with Hybrid [JHEP 03 (2021) 206] - * f
or LBT [arXiv:2508.20856] theoretical models /et Image (on a jet-by-jet basis) N

0.200
° arXiv-2508.20856 © CNN:LBT-only Small energy loss Large energy loss
0L o  CNN: LBT+bkg. 0.4 .4
erE . e CNN: LBT-subtr. 0.3 0.3
g 0120 e DGCNN: LBT-subtr. . 0 \
?‘; 01251 0 © 0NN 5 01 -
= 0.0 0.0 -
T 0.100 S o o1 01 .
é 0.075 v : S o 0 0 O ¢ ‘ \ -0.2 -0.2 '\
% p “ e 0.3 0.3 J
0.050 Vha -o. -o.
. mw + L
- 0.025 Graph cNN ° e 0404 —0.2 0.0 0.2 oa | | |
n n \
0.000 . ' ,
0.4 0.5 0.6 0.7 0.8 0.9 1.0 JHEP 03 (2021) 206
True x \\¥ . //

Yeonju Go (BNL) BNL Physics Seminar / 2025 November 18 16



Regressmn for Jet Energy Loss

_______ _——— — — —
—  —— — — — —_— —_— ————— — — =

* Predict amount ofjet energy Ioss on a jet- by-jet ba3|s ¥ = pd
T

e Supervised Learning
= Convolutional Neural Network (CNN) — good for image processing

= Trained with Hybrid [JHEP 03 (2021) 2006]
or LBT [arXiv:2508.20856] theoretical models

e Caution to apply to real experimental data

= simple thermal background,
— need careful validation under realistic conditions

= Trained only on PYTHIA+LBT model-dependent bias
— robustness across different quenching and medium models should be
studied carefully

————————— —  ———— —— ——— e e — —————————————

uenched / before quenching
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egressmn for Jet Momentum

e ——————— — — —
——— I —— S —_—

. leen the jet const/tuents and substructure mformatlon

what is the background-subftracted truth-level jet momentum?

e Supervised Learning MLP

= |nput features: jet pt after area-based correction,
10 highest constituent’s pr, jet mass etc

N

—

e 3 layers
with 100 and 50 nodes

PRC 99 (20719) 6. 064904  predian of const. DT

Feature Score |Feature Score
Jet pt (no corr.) 0.1355 pT consg 0-0012
Jet mass 0.0007 pT const 00039
Jet area 0.0005 pT o UBG
Jet pr (area-based corr.) 0.7876 pT wonee 0-0011
LeSub 0.0004 pT wonsg 0-0009
Radial moment 0.0005 pT consg 0-0009
Momentum dispersion  0.0007 pT cons 0-0008
Number of constituents 0.0008 pT consg 0-0007
Mean of const. pr 0.0585 pT onsg 0-0006

0.0023|pld = 0.0007

y density
o

Probabilit
o
o

0.06

0.04

0.02

0

Related works:
PRC 108 (2023) 6, 021901

PLB 849 (2024) 138412

1= Ch-particle jets, ant| -k, R =04, |n |<0

T T |IIII|IIII|IIII|IIII|IIII|IIII
i ALICE Embedded PYTHIA

_ 0-10% Pb-Pb ys,, = 5.02 TeV

- p > 40 GeV/c

T, ch jet

m ML-based
o=5.7 GeV/c
rx e Area-based
o=12.4 GeV/c

ML

4

Traditional
method

T | [ I T | [ | [

U080 20 10 0 10

:
_
]
_
:
]
_
]
:
]
_
:
_
:
4

20 30
op_ (GeV/c)

truth particle

predicted

P
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e imitation
= frained on PYTHIA (unquenched jets)+uncorrelated underlying events and
applied to quenched jets — model-dependent bias

0.25 rT T T [ T T T T T T T T [ T T T T[T T T T[T T T T T T T T T T T1 — 1 -
| Pb+Pb, 5.02 TeV, 0-10% 1 PYTHIA : pM- ®PYTHIA % - JETSCAPE pp {,  AB Method
L antickr, Miel <1—R, R=0.4 ] LBT:py-"YTHA ] @ 0.9 - O NNpjreco » NNpg
0.20 7 T ML (PYTHIA) | - § e NNPTCOHS A NNAng
C 20GeV < pi < 140GeV L LBTwiorecoin) : P | 0 0.8 F - NNycons
| . PYTHIA - E
2L - : 0.7 —— S, & ¢ &
: 0.10 | % 0.6 g; A A
' B ] X = A A
i u e
0.05 F ZL{ - 0.4 F
OOO—"'II" L Jllﬁ—&-.......l....: 0-3 :_1111111111111111111[111111111
=40 —30 —20 —10 0 10 20 30 40 15 20 25 30 35 40 45
predicted _ __truth particle jet
arXiv:2412.06466 arXiv:2412.15440
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eneratlve Al for Jet Background Subtractlon

_q__-____ _—— —— —— —— e ———————————— = -
S - e —— - =

o Jet background subtractlon as an “Image” using Swin Transformer In a supervrsed way
= trained with JEWEL DeepSub model

e Rather than a single value, “image” preserves full dimensional information

e Limitation: supervised learning — model-dependent bias arXiv:2507.14036

et 1 o Truth
i --"--: . --{-- DEEPSUB (Ours)
102 4 i '--~: . --4-- Event-Wide ICS
DeepSub B e
Jet + Background Background-subtracted 2 : 1|_ PeepSub
= JEWEL Dijets, \/sxy = 5.02 TeV, *‘ - ==
- 4 0-10% Centrality, vo = 0.05, pt > 100 GeV, "-F1 |-1 ==
10 Anti-kt, R = 0.4, p’T > 100 GeV. |_|. 'I' o
| Traditional method ™
Iterative Constituent Subtraction
E-ﬂ -+ E
T e e e e
QB e 1=kt r- :I_
k>
. 20 40 60 80 100 120 140

Jet Mass |GeV]
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eneratlve Al for Jet Background Subtractlon

e e e ————

-

o Jet background subtractlon as an “Image” using ycle-conmstent GAN

_ _ Unsupervised learning, unpaired
* Unsupervised generative Al image-to-image translation
= preserves the higher dimensional information

= can use experimental data (without label) for training
- mitigate model-dependence

o)

1 — 16 —f — T —
S’ 14 - - I — 14 —— | -
O 12 = . | projection 12 ) ] - n 71
g 10 1 1T _ to one | | B — 1L 7T |
c>5; Z e S e _ component ° | W — | [ T4+
5 - T | (——— »D]\]—»Q-»4
0 0 :
' 2 ~0.5 2 0.5
3 0 3 0
¢13: 0.5 ;7 ¢ ) 05 ;7
© z © |
arXiv:2510.23717
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Generative Adve _

B e —— = ——— — —— —— P ———— . ——

e ——— _ ~ — — — e —_—

Discriminator

Real? or Fake?

Generated
‘fake’ Image

e Two neural networks (Generator and Discriminator) compete against each other
= feedback to each other to improve

= the process is repeated until Discriminator can no longer distinguish fake generated by Generator
from real

Yeonju Go (BNL) BNL Physics Seminar / 2025 November 18
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Cycle-ConS|stent GAN &

* Unsupervised learning, unpalred Image- to -Image translation

Domain A <«— Domain B

arXiv:1703.10593

horse — zebra
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— P — __ - e — — ——————— e - m ——————— e = e == — = — Z p— B — e ———— e e ————————— ——— — —_—
= = = - _— = S — e — —  ——————— o _ — — = = = —— - — - = — — —— — —

e UVCGAN (U-net Vision transformer Cycle-consistent Generative Adversarial Network)
= unpaired image-to-image (l2l) translation; bridging gap between simulation and data reference

Removing Glasses

input

UVCGANV2

27
L \
277 ‘
MEN T

arXiv:2303.16280
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VCGAN-S Unpalred Unsupervised Training

e —————— ————— —— —— —— — ———— — — ——  _ — ———— —————— ———— -

[ ——— D E— e —_—

e As a proof—of—pnnmple UVCGAN-S model was trained on images of EMCal +HCAL combined
calorimeter energies in (17, ¢) with three samples

= PYTHIA: Inclusive Jet p_= 30 GeV
= HIJING: 0-10% Centrality HIJING

- . sum of calorimeter energies of PYTHIA and HIJING arXiv-2510.23717

Domain B: Domain A:
background+signal \ | background and signa .
combined data \ l - - data, separately w ===
IIF '
l UVCGAN-S
‘I (' | ' Neural
| |P‘| ‘ | | A translators
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UVCGAN-S: Position Response ral: response 1 prp

e —————— ———— e —— — —— e ———— _— . —————
B S — —_— ————— — e e — — = =— = —

. Compared to Iteratlve Constltuent Subtractlon (ICS) and Aread-based Method

e UVCGAN-S achieves up to 40% better position resolution than traditional methods

An Resolution
s BT ) e~ 0.08 T
S| | PYTHIA+HUING AutAu /s =200 GeV {1 o - PYTHIA+HIJING Au+Au |'s,,=200 GeV -
> ol Antik; jet R=0.5 —uvceans | § 007 . Anti-k, jet R=0.5 -
20 30<p_<40 GeV —IcSMethod 1 2 006F . nl< 0.6 -
- |n] < 0.6 Area Method - ﬁ 00 - Vet -
o _ — 0.05¢ e, —
F UVCGAN-S s . :
B 1 < 0.04F NO 0 e, e =
i 1 %5 NG e -
10 1 003 TN e -
- 1 = 0.02F —UVCGAN-S E
5 4 @& PPLE L.1cS Method UVCGAN-S
- - 0.01F - Area Method -
i S - i - A T B B B
—8 15 -0.1 -0.05 0 0.05 0.1 0.15 020 25 30 35 40 45 50
—1ySUb ., real real
An (=n>"-n") p-- [GeV]

arXiv:2510.23717
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UVCGAN-S: Momentum Response el response inprp

e —————— ———— _——————— — — = —————— —  ———— —— _— e ——— ——— ————
——— e — - —

. Compared to Iteratlve Constltuent Subtraction (ICS) and Aread-based Method
e Dramatic improvement in resolution, especially at large R

R=0. 2 R=0.5
— gF T T | LA B BRI 4 5F T T T T ] LA B BRI
= "~ PYTHIA+HIJING Au+Au \/ -200 GeV - - - PYTHIA+HIJING Au+Au F =200 GeV -
S, 7 Anti-k; jet R=0.2 —UVCGAN-S — % 4| Anti-k, jet R=0.5 —UVCGAN.S -
ks 6 :_30'<lf>T <32 GeV —ICS Method - @ 3.5F30<p_<32GeV —ICS Method =
- - ~ - - -
+ - Inl <0.6 — Area Method - £ 3 - |nl < 0 6 — Area Method
w 5 - - LLJ - -
= UVGGANSS J ; 250 UVCGAN-S -
4 — | __ - Z
: : 25 E
3F E 1.5F E
2 E 1F =
1 T osh
0 - . . o o .  - 0 = A N =
04 06 0.8 1 1.2 14 1.6 0.4 06 0.8 1 1.2 14 1.6
sub; yreal suby yreal
p: Py p: Py

arXiv:2510.23717
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UVCGAN-S: Momentum Response ral: response 1 prp

e —————— ———— — — — = —————— — ———— ——— =T, .- —= . = ————
E— e — —_— — = — - = e — — —

. Compared to Iteratlve Constltuent Subtraction (ICS) and Aread-based Method
e Dramatic improvement in resolution, especially at large R
= 100% better momentum resolution for R=0.5

R=0. 2 R=0. 5
A 0.2 —— A 05— s
5 I PYTHIA+HIJING Au+Au \/ -200 GeV ] 5 : PYTHIA+HIJING Au+Au \/ -200 GeV -
a - Anti-k; jet R=0.2, || <0.6 - a - Anti-k; jet R=0.5, || < 0.6 -
3 015[ & UVCGAN-S = 045 & UVCGAN-S
o (o -e- ICS Method 7 o i -e- ICS Method
Vv L0~ -4~ Area Method - Vv 03Fe -~ -+~ Area Method —
- - o - - e e = -
=~ 01— = o 4 — e i -- _ .. -
gl— T.-_._ :“}“—.——.— : gl— 02__ .-_._ _
Q i - - TV e——— | Q. - = - —g— 1 _
-g\ - - g — - -g\ s = —— . ¢ -
~~0.05] UVCBAN-S . —a——a— D oab .y — e o—
" B - | p S . - . _
© ! : © i UVCGAN-S ;
i | | | | | | | | | | | | | | | | | 1 | | | | | | | | | | ] i | | | | I | | | | I | | | | I | | | | I | | | | I | | | | i
Q20 25 30 35 40 45 50 Q20 25 30 35 40 45 50
pee! [GeV] P! [GeV]

arXiv:2510.23717
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UVCGAN-S: Efficiency and Fake Rate ral: response 1 prp

e —_— p— —— —

——— e —_—

° Compared to Iteratlve Constituent Subtraction (ICS) and Aread based Method
e Dramatic improvement in efficiency and fake rate, especially at large R
= efficiency 88% vs. 99%, fake rate 13% vs. 1% for R=0.5

Efficiency Fake Rate

> _'Uml'_:‘I""I""I""I"" [0) L B - 7 T

= i AN-S N © i PYTHIA+HIJING Au+Au \/? =200 GeV ]
— - - - -} - - f]

o B = =iy 1 X 915 Anti-k- jet R=0.5 —

g e 12 <06

T i PYTHIA+HIJING - © 4 ]

- Au+Au |s =200 GeV - b i i

0.95 - Anti-k- jet R=0.5 — 0.1 -

- In|<0.6 R - UVCGAN-S

i i - -8- |[CS Method -

- - - 4- Area Method -

0.9 = UVCGAN-S ~ 0051 o, E

_ o -- |CS Method _ UVCG‘AN“S ot :

i - Area Method ] ) . -—¢ | _

T N B B B B Nl Rl - B e
0'8520 25 30 35 40 45 50 20 25 30 35 40 45 50
prTea' [GeV/c] prTea' [GeV/c]

arXiv:2510.23717
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’ VCGAN-S et Substructure

_q__-____ _——— == — _ — —— e ————
— _ e ———— — =— _ —_ —

° Compared to Iteratlve Constltuent Subtractlon (ICS)

: bkg-
e Superior jet substructure reproduction of UVCGAN-S SuD- bkg-sunlracted

real: response in p+p

Pt ,subleading
Ly = s
g~ R \/A + A
Pt leadmg + pT subleadlng Y (P
—| O L L ' ' Z| O - LI B | L B 7
O 'g 10° E PYTH|A+HIJING Au+Au \/s —200 GeV — Sk 14 PYTHIA+HIJING Au+Au \/ —200 GeV -
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UVCGAN-S Jet Substructure A

— _ e ———— — =— _ —_

. Compared to Iteratlve Constrtuent Subtractron (ICS)
e Superior jet substructure reproduction of UVCGAN-S

g — Z PT. 1AR1 ,axis
PT.jet it Jet mass
ZO) L L L -2, —_ 't (rrreperrrpr e prr e p et l""l""l"":
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—|20.06 Anti-k. jet R=0.4 % 0.5 Anti-k, jet R=0.4 -
i e 20<p_<30GeV | ¢H - 20<p_<30GeV.n _
- UVCGAN-S T - = - T A Real -
_ n <06 - = 04[ Inl<06 - UVCGANS
0.04 ' Real — ZIE F «ICS Method -
- - e =UVCGAN-S - ° 2030 B
- - b, +ICS Method - < UVOGAN'S :
i °l = l 0.2 —
0.02 T ilu — - -
: ; - : 0.1F -
0_ .”J......I....I....I... ] O: - Loy gy -
0 0.05 0.1 015 0.2 025 0.3 o 1 2 3 4 5 o6 7 8 9 10
Girth g mass [GeV/c?]

arXiv:2510.23717
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UVCGAN-S Jet Substructure fé’gf’/ fe"fpi‘,’féér‘?‘ﬁ’ﬁfp

B S — —_— ————— _— — — — e ——__ — —

. Compared to Iteratlve Constltuent Subtractlon (ICS)
e Superior jet substructure reproduction of UVCGAN-S

Z N 5 — L L L — Z u N 1 = bl I I I I g

TIT [ PYTHIA+HIJING Au+Au |s,,=200 GeV IO - S— -

—Z L . Anti-k. jet R=0.4 - —|Z i _

- Inl <0.6 = - E
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- ~ -2 | —

o[ - ‘é\gcﬁp;':i - J. ' PYTHIA+HIJING -

f . 102 [ —Rea Au+Au |5 =200 GeV _

- - -7 = UVCGAN-S Anti-k; jet R=0.4 =

1: - 1 - ICS Method 20<p_<30GeV _

L : 10™* E Inl <0.6 —
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Z 6ading ( = P /p7 ) S (=In(pZ/pheEeT) )

low pT hlgh PT high pr low pT
arXiv:2510.23717
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VCGAN-S ppllcatlon on Quenched Jets

e ——————— — — —
——— - —  ——————— —_—

. UVCGAN S tralned on PY THIA (unguenched jets) and tested on

= significant difference in substructure distributions for quenched jets
= UVCGAN-S successfully reproduce the

's distribution

Robust Generalizability of the

U VCGAN-S for out-of-dlstrlbutlon handllng'
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Discussion: Generalizability of

e e — —— — ——— —— e e — e

P— —_— — — e — —_—

e Supervised predictors trained on a single domain risk inheriting biases when the
internal structure differs between training and application

e Background subtraction is an emergent property of UVCGAN-S;

= the network does not simply learn the average statistical properties of the training
sample but rather successfully separates the signal from the background
regardless of the jet's properties.

= the reconstruction relies on correlations learned from the surrounding image
features, minimizing the bias applied to the reconstructed jet core.
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Dlscussmn Correctlon and Systematlc Uncertalnty

e Remaining systematic
non-closure (uncertainties/
correction) should be
quantified and corrected

= test on labeled
simulation samples (e.qg.
both quenched and
unguenched) to quantify
residual effects

Yeonju Go (BNL)
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Fake Rate

~ JEWEL+HIJING

(trained on PYTHIA+HIJING)
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UVCGAN-S Even More Reallstlc and No Blas

__-____ —_— —— — —— e ———————————— — -

[ — - — — - = —_ —_—

. Ultlmately use experlmental data to tram the model !
= PYTHIA — jet events in p+p collisions

= HIJING — minimum-bias events in A+A collisions
= PYTHIA+HIJING — jet events in A+A collisions

Domain B: Domain A:
background-+signal \ i | background and signa '
combined data ‘ l - - data, separately w =
IIF '
‘ UVCGAN-S
l (' | , Neural
| | (A translators
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e — e — — o ——————————— — — ——— —_— — —_— —_— — —~ — - — e ————— e ———————————

Summary

e Active developments in progress using machine learning for jet physics

= More challenging in heavy ion collisions and caution needed rXiv-2510.23717

e UVCGANS-S, unsupervised and unpaired generative Al learning, paves a new way for
precision measurements for jet background subtraction in heavy ion collisions

= provides superior accuracy compared to conventional subtraction methods (lterative
Constituent Subtraction and Area-based Method), especially for large jet radii (R = 0.5)
and lower jet pr, the region experimentally difficult to reach

: - s : : Z|IN 5F 7 T T T T
= robust generalizability for out-of-distribution handling! UE : AurAu (5, -200GeV -
Al - nti-k; jet R=0. _:
= can be applied whenever signal and background o 20<py <|f]ff§‘g :
superpose in an image-like representation N 3 Real (PYTHIA) -
_ o 16 o | : ‘f;. A _« UVCGAN-S (PYTHIA) :
D N B S S A | - T 2k L \\,\ ~~UVCGAN-S (JEWEL)
CE e e e e R o prjection S S S 7 :
>2 - 1 o B S ’ 7 component ° | 1 - e H ] N i '[*: K :
O, Wy et il — 1 R | | N (I .
o | S B ->D1J->‘-> f | - f LL -
LICEI S 2 ~0.5 2 ~0.5 b 0: j‘. Ly e , -
o s e . 0 0.2 0.4 0.6 0.8 1

P ) 6 1 7 ¢ ’ 6 Z { leading constituent; _jet
ZIeadmg( P /pT )
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AI/ML Applicatio _

——— — ———— ——— P— e ——————_S

Detector Control, Event Selection, Reconstruction,
Calibration Triggering Analysis
® ®

Data Compression

Simulation
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UVCGAN-S Architecture

(a) UVCGAN-S Architecture (identity losses shown separately below)

Inference
Cycle-
reco real fake
EEEEEEEN o EEEEEEEN — —
sen. » consllstency < S D Aq s,
0SS

Cycle-
reco . 1 e
bkg EEEEEEEN conSII:;:ncy ‘llllllll }I)‘f{ag. + DAO ' bal,(ge |

gB—)A gB—)A—/
| t
i, i

(b) Identity Losses

"Illllllll> Identity loss "“““.'0‘

s
n

.“Illlllllllllll> Identity loss <Illllllllllll...‘
N a

real idt.
bkg. \ { : bkg.

@" gB—)A '>
real ’ b idt.

real
mix.

EnEEnmnn®

'> Gasp =» I;it(

0 —t

sgn. sgn.
. v
R o

.lllllllllllll> Identity loss 4--------------"

gA—)B

|

1 Cycle- e300
— re.a' TTTTTTTT = consistency <uunnnnnn X

mix.
loss

real bkg.: ao fake bkg.: I14, (G4 (b)) reco bkg.: 14, (G4 (Ga_p(ag,a1)))
real sgn.: a1 fake sgn.: II4, (Gp_a (b)) Tecosgn.: I1,, (Gp_a(Gan(ag,a1)))
reco mix.: gA—)B (HAO (gB%A(b)) 7HA1 (gB—h‘l(b)))

real mix.: b fake mix.: G4 (ag,a1)

idt bkg.: 14, (G4 (ao + a1)) concatenate along the channel dimension == training data flow
idt sgn.: Il4, (G4 (ap + a1)) split along the channel dimension m=> inference data flow
idt mix.: Gap (b,0) @ addition ====% loss data flow

Yeonju Go (BNL)

BNL Physics Seminar / 2025 November 18 40



UVCGAN-S:

e e ——————
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e JEWEL+HIJING Anti-kt R=0.5 jets
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VCGAN-S EfflClency and Fake Rate (JEWEL)

e —————— ————

——— e —

e JEWEL+HIJING Anti-kt R=0.5 jets
e Efficiency and Fake Rate
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e = _— — o — e —

e JEWEL+HIJING Anti-kt R=0.5 jets

e jet substructure
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’ VCGAN-S Jet substructure (J EWEL) |

e —————— ———— e —— — e —————— _—— . ———0—————————— - N
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e JEWEL+HIJING Anti-kt R=0.5 jets

e jet substructure
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o 0(1000) partlcles In one nuclear CO||ISIOn event + thousands shower steps per particle
= Simulation of particle interaction with detectors is

SPHENIX Geant4 detector simulation

. _ _ for proton-proton collisions
CMS Pb+Pb collision experimental data event display (Au+Au central collisions have x1000 more particles)

CMS Experiment at the LHC, CERN
' Data recorded: 2023-Sep=26 17:59:51.672000 GMT
W2~ | Run/Event/LS: 374288 /9272477 / 82

ML can speed up and produce large amount of the heavy ion event simulations!
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Fast Slmulatlon Full detector, Whole Event

e —————— ————
E—— e —_—

0.7 ———————————————r

= EXTOWET Centrality 0-10% :

e Generate high fidelity “particle production + full detector >

O 0.65F T
~ "

o

Vv

simulation” data in central heavy ion collisions using
Denoting Diffusion Probabilistic Model (DDPM)

— ~ — - _

Training sample Generated (DDPM) 055

0.5F n
> 57 > 57 0.45F -0- HIJING+G4 :
O, 4- O, 4- | - GAN :
3 3 S 3
Rk 5 1
= ] =
S ¢ S 9

0 -1

1.34 seconds per event
on GPU

40 minutes per event
on CPU

ML/HIJING+G4

800 1000 1200 1400
SE (Total) [GeV]

e DDPM provide a speedup of 1800 times! (on GPU)
= at least 100 times faster, considering a 32-core CPU equivalent to a GPU
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e Can DDPM describe more complex features of

heavy ion collisions? R ||/Vork 'i,; ' rc') ress| E
= Resonance, flow can be reproduced by DDPM! s 0- prog —
| Cluster E;>1 GeV,Cluster prob>0.1 -
Leading Cluster E>2GeV, asym<0.5 B
p. >4 GeV i
0 ./ - ¢ E
n- peak reconstructed using ~ - + Woh tom, ey, b -
: : - booy, N0, Vo b o ta Tibe L b e
simulation samples generated by DDPM 0.02¢ OGO i T
0.01— -
O:’ [ 1 | | I [ 1 | | [ 1 | | | | [ 1 | | [ 1 | | I :I
0O 02 04 06 0.8 1 1.2 1.4

. : : M,, [GeV]
e Similar approach applicable to other experiments e.g. EIC
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Foundation Model for ,

- —_—— = — —

—— e ———— e ——— S — -
o — ————— —_— = — - —— = p—

Mach.Learn.Sci.Tech. 5 (2024) 3, 035031

e Omnidet-a

= Transformer-based, next token Omnijet-a transfer learning
prediction
. . . . 0.9
= Input: jet constituents kinematics
" n [} [ | >
= pre-train with 6.7 million parameters g
= downstream task: hadronic top quark & 0.8 1
tagging < —e— Fine-tuning
Fine-tuning
74 L . 0.7 (backbone fixed)
Jet = {p1,P2,---,Dn} | —e— From scratch
—)' J— A A rrh L | L | voor o rrern L | vt
“ Number of training jets
Other works:
v ParT arXiv:2202.03772

MPM arXiv:2401.13537
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Classification:

— P P ————— - . _

——— = - P
S —, — _ _ e S — - B — —

Main

Generation architecture Single-pronged (AK4) Multi-pronged Novelty
CMS ATLAS CMS ATLAS
(AK8/AK15) (AK10)
First (Run-1 Shallow NN CSVv2 MV1 CSVv2 MV1 using  Switch from likelihood methods to
and early subjets first ML-based methods.
Run-2, shallow c-tagger Incorporate larger number of
architectures) BDT CMVAV2, MV?2 double-b MV?2 USing inputs.
subjets
Deep dense DeepCSV DL Use information from- mult‘;iple |
Second (Late NN selected tracks. Multiclassification.
Run-2, early CNN DeepAKS Use a large number of particles
deep NNs) per jet.
RNN RNNIP, DL1r DL1r using Accommodate an arblotrary
. number of tracks per jet.
subjets, Dxph
Avoid applying selection criteria;
CNN+RNN DeepJet DeepDoubleX use all jet constituents of jets
including neutral particles.
Avoid sorting of jet constituents:
Third (Early Deep Set DIPS, DL1d DeXTer permutation invariant.

Run-3, sets and

: Use large number of track
particle cloud

features, including pixel hits.

representations) GNN GN1 Assign auxiliary track origin and
vertex finding tasks.
DGCNN ParticleNet Leverage ‘local feature‘:s of point
clouds using convolutions.
ParticleTrans. Leverage pairwise features,

Transformer GN2 GN2X attention mechanisms, and larger
formerAK4 ..
training datasets.

Eur.Phys.J.ST 233 (2024)

Table 2: Flavor tagging algorithms developed in the CMS and ATLAS experiments, classified by generations and main ML architecture _ ~
used. 15 16, 2657-2686
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Tracking System
TPC -
INTT -
MVTX -

Calorimeters |
Electromagnetic -
Inner Hadronic —
Outer Hadronic -

e Hermetic Electromagnetic & Hadronic calorimeters
- 3 layers: EMCAL + inner HCAL + outer HCAL
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