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Today’s menu

1. Jet tagging 101: what is a jet and Deep Learning?

2. Jet algorithm evolution: from likelihood ratio to Transformer models |
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WORK IT, MAKE IT, DO IT, MAKES US
HARDER, BETTER, FASTER, STRONGER
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Today’s menu

1. Jet tagging 101: what is a jet and Deep Learning?

2. Jet algorithm evolution: from likelihood ratio to Transformer models

ONE'ALGORITHM

3. Unified Jet approach: everyone joins the tagging battle!
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Today’s menu

1. Jet tagging 101: what is a jet and Deep Learning?

2. Jet algorithm evolution: from likelihood ratio to Transformer models
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3. Unified Jet approach: everyone joins the tagging

4. What’s next: towards fully unified world models

“THE NOT FEASIBLE
FUTURE OF JET ALGORITHMS
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HEP data workflow and ML
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https://www.nature.com/articles/s42256-022-00441-3
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https://www.frontiersin.org/journals/big-data/articles/10.3389/fdata.2021.661501/full
https://scipost.org/10.21468/SciPostPhys.18.6.195

HEP data workflow and ML
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https://www.frontiersin.org/journals/big-data/articles/10.3389/fdata.2021.661501/full
https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.121.111801
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https://www.frontiersin.org/journals/big-data/articles/10.3389/fdata.2021.661501/full

CMS Experiment at the LHC, CERN
Data recorded: 2018-Aug-09 08:16:06.631552 GMT PY Jet. A harrow cone Of Collimated

Run/ Event/ LS: 321051 / 1218066234 / 825 ]
stable particles

o Jet clustering: agglomeration law
associating the stable particles
into a jet (e.g. anti-k'T)

\\‘g“' ‘-"
: \l
\ |

—_——
| e Jet’s origin : Jet tagging

|

e Jet's properties : jet (energy)
regression

Disclaimer: focus on small jet radius,
but the discussion generalizes to large
radius one too

25/11/2025 = EPPG seminar

CMS-PHO-EVENTS-2024-025
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https://doi.org/10.1088/1126-6708/2008/04/063
https://cds.cern.ch/record/2900699

Jet tagging 101: definitions

What is a Quark Jet?

From lunch/dinner discussions

lll-Defined What people A quark parton
sometimes
think we mean A Born-level quark parton

The initiating quark parton in a final state shower

Quark
as houn An eikonal line with baryon number /3
and carrying triplet color charge
A quark operator appearing in a hard matrix element
in the context of a factorization theorem
A parton-level jet object that has been quark-tagged
using a soft-safe flavored jet algorithm (automatically
collinear safe if you sum constituent flavors)
Quark
as adjective A phase space region (as defined by an unambiguous
hadronic fiducial cross section measurement) that yields
an enriched sample of quarks (as interpreted by some
Well-Defined = What we mean suitable, though fundamentally ambiguous, criterion)

25/11/2025 > 1! EPPG seminar

For quark jet: necessary to define the
flavor of the originating quark or gluon

Jet flavor: A long and complex
discussion (with still no consensus)

In CMS: defined via ghost hadron/
parton association

Jet Energy Correction (JEC): correct for
detector response, pileup effects, and
other biases.

Les Houches 1-19 June 2015
JINST 13 (2018) Posoii
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https://arxiv.org/abs/1605.04692
https://iopscience.iop.org/article/10.1088/1748-0221/13/05/P05011
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EPPG seminar

Heavy flavor (b-c) jets: b (c) hadron with a
sufficient lifetime, 1.5 (1.0) ps

e Creation of a secondary vertex (SV)
e Displaced tracks

«20% (10%) of the b (c) jets containing a
soft lepton from the heavy hadron
decay

JINST 12 (2018) Posoii
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https://iopscience.iop.org/article/10.1088/1748-0221/13/05/P05011
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Strange jet: weaker signatures vs u-d jets

e Neutral composition of the jet and its
energy

e Charged kaon identification not
possible at our energy scale for CMS

arXiv:2003.00517

14


https://arxiv.org/abs/2003.09517

What is Machine Learning ?

"Machine Learning is the science of getting
computers to act without being explicitly
programmed.”

- Arthur Samuel, 1959

Key ingredients:
e Data and an objective: what and in which conditions?

e Obijective (loss) function: mapping the prediction and the
ground truth

e Learning strategies: how to adjust the prediction

o Structure: how to modelize the prediction from the inputs

Only focus on ML with artificial neural networks (Deep Learning)

25/11/2025 > 1! EPPG seminar
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Advertising Popularity

life expectancy

Deep Learning 101: types of learning _

e Supervised learning (task specific model):

Assigned a task to predict an outcome from labelled
data(classification or regression)

Weather

- o UUnsupervised learning (general model):

Market

eeesins [Discover patterns and properties from unlabeled data
(LLMs, anomaly detection, etc)

e Reinforcement learning (acting model)

Decision making model, adjusting it’s next move from $&

a reward cost function (autonomous driving, Gaming,
etc)

EPPG seminar
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Deep Learning 101: types of learning _

Today we stay in this area

Meaningful
Compression

Structure |mage

: i T Customer Retention
Discovery Classification

e A o e Supervised learning (task specific model): |

isualistai : Classification Diagnostics
Visualistaion Reduction Elicitation Detection 8

' Assigned a task to predict an outcome from labelled
data(classification or regression) |

e Unsupervisec Supervised Yl Jomlabd '
Learning Learning Weather s H 1.3
- o Unsupervised learning (general model): o O

Clustering M h s Regression g

e achine s

Prediction

o e Discover patterns and properties from unlabeled data

life expectancy

Customer

S Lcarning

(LLMs, anomaly detection, etc)

e Reinforcement learning (acting model)

Real-time decisions Game Al

Reinforcement
Learning

Decision making model, adjusting it’s next move from
Skl Acquiston a reward cost function (autonomous driving, Gaming,
etc)

Robot Navigation

Learning Tasks
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Core Concept: An iterative optimization algorithm for finding the
minimum of a function by following the direction of steepest descent

Physical Analogy: Imagine releasing a ball on a mountainous
landscape. The ball naturally rolls downhill, following the steepest slope
at each point, until it reaches a valley—a local minimum

In gradient descent, the "landscape” is defined by a cost function L, and

we iteratively update parameters by moving opposite to the gradient:

| 0L
OWi_q

Wi=Wi_1— A

The learning rate A controls step size—too
large and we overshoot; too small and convergence is
slow. The gradient provides local directional information,
analogous to measuring the slope beneath the ball.

25/11/2025 > 1! EPPG seminar
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Foundation paper: Nature 323, §33-530 (1086)
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https://www.nature.com/articles/323533a0

N7
A's@ Deep Learning 101: Gradient descent —

Update of all the layers: Chain rules across the weights matrices

and functions of the neural network structure - Backpropagation l

Backpropagation

Error is sent back to
each neuron in backward

BIIGI(I'IIOI'IEITIIIH

Gradient of error is .
direction
calculated with respect to
each weight
>
Outputs Error - difference
—_— >  Error — between predicted
Predicted output and actual
output output
InputLayer Hidden Layer Output Layer

25/11/2025 > 1! EPPG seminar 19




The BTV rosetta stone

Two types of metrics: CMS-DP-2025-081

CMS Simuilation Preliminar 13.6 TeV . . . . .
L S s y 8> Te 2 o Working points (WPs): signal efficiency at fixed
5 tt — 4q+2Db - background mis.id. rate
2 pt->-30-GeV;-Inl-<2:56 . . . o
@ mm UParT v2 i e Rejection rate: invert of the background mis.id. rate
- - i ] . . .
S 107k UParT v1 == at a fixed signal efficiency
S Bl ParticleNet if
':E B RobustParT ,;7 200 CMS Simulation Preliminary (13.6 TeV)
O DeepJet of [ add TN I | |
S _2 i/ S - tt—-4q+2b, €,=70% x11.1 1104
(% 107 R DI S 8 /i " O 175 250 > pr > 20 GeV, |n| < 2.4 :
& IR Sy g St ,:9’ - - M cjet rejection
= BVs Udsg I/,';// '% 1501 udsg jet rejection x4.8
g g 1 1251 ae 0
2 i
S 1031 E 100}
© : 75| 103
50}
10—4 N B A A L2 1 a1y 25f
0.0 0.2 0.4 0.6 0.8 1.0 :
b-je‘t tag efﬁCiency 0 DeepJet ParticleNet  RobustParT ~ UParT v1 UParT v1 UParT v2 UParT v2

(kc=0.14) (kc=0.05)

25/11/2025 > 1! EPPG seminar 20



https://cds.cern.ch/record/2948917?ln=fr

Jet algorithm evolution:
a matter of representation

Low Complexity High Complexity
Likelihood Ratio BDT MLP DNN RNN GNN Transformer
~2010 ~2013 ~2014 ~2016 ~2017 ~2018 ~2020

25/11/2025 > 1! EPPG seminar
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Jet algorithms: a matter of representation |

e The evolution of algorithms followed how

we represented our jet inputs. T
Displaced
tracks | § . p
. o b
. . . . \J@_' Dense(D*2) | not-b }
e First naive approach use jet level inputs L g )
handcrafted displaced tracks.  Global

CSVv2 architecture

e ML methods used evolved from likelihood
ratio (JetProbability algorithm) to Boosted |
Decision Tree/Shallow networks (Combined e

(b
. g bb
Secondary Vertex algorlthms - C SVS) - » _}—b@—{ Dense(100) H Dense(100) H Dense(100) H Dense(100) ]—’ ccC

L udsg

Global H—

e First multi-layer DNN arrived at the end of DeepCSV architecture

this era: DeepCSV JINST 13 (2018) Poso1i

25/11/2025 > 1! EPPG seminar 22



https://iopscience.iop.org/article/10.1088/1748-0221/13/05/P05011

Jet seen as an image made of pixel hits:

o Jets are ‘sparse’ structures in an
inhomogeneous medium

e Pixel representation unadapted to
the physics meaning

Based on Convolutional neural
networks (CNN)

25/11/2025 > 1!

EPPG seminar

Convolutions

W'—- W/ event

arXiv:1§11.05190
arXiv:2012.0971Q

Convolved
Feature Layers

Max-Pooling

\/

Repeat

23


https://arxiv.org/abs/1511.05190
https://arxiv.org/abs/2012.09719

First turning point of jet algorithms :

o Exploits the substructure of the jets
(constituent based approach)

e Processes constituents one by one
in order to obtain a sequence-based
latent space

e First ‘Deep’ neural networks

e Parametrization O(100) to O(10,000)
and inputs O(10) to O(500)

25/11/2025 > 1!

Jet as a sequence

EPPG seminar

JINST 15 (2020) Po600
JINST 15 P12012

9 6 -

sigmoid tanh pointwise pointwise vector
multiplication addition concatenation

i A complex and hard to train architecture

24


https://iopscience.iop.org/article/10.1088/1748-0221/15/06/P06005
https://iopscience.iop.org/article/10.1088/1748-0221/15/12/P12012
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Jet as a sequence: DeepAK8 and DeepJet

JINST 15 (2020) Po600

Widely adopted as the state-of-the-art at the JINST 15 P12012

end of Run2 at CMS.

1 _L...I...l...J...J...J....l....l....l....L...l ...... Lo L L Lol Lo L) Lol LD
........................ R B B L R R R 1

- S A

_tt e.vents .................... , .................... , .................... ,,,’f’ ..

mis-id rate
i

— DeepJet
— DeepCSV

—bvs udsg
[---bvsc

Two models: DeepAKS for large jet radius and
Deeplet for small jet radius

107"

(13 TeV)
> F Al T TS 107 bt S
- N CMS _ ZZIZIIIZIZIZIZIIIIZIZIZII;IIZ;ZfﬁIIZIZIZIIIIZIZI-;L{.’:IIZIZIZIII'IZIZIZIZIIIIZIZIZIIIZ'I.IZIZIIIIZIZIZIII"'..IZIZIIIIZIZIZIIIIZIZIZIZIIIIZIZIZIII:
D . . 1 I Sl £ NS SO A 4 S S
[ " Simulation | I R A ANy T i
= 1§_Topquarkvs. QCD multijet R I ST NN B i SRR i
o) - 1000<p " <1500 GeV, "1 <2.4 : 5,/' E,’ ; ; : ; ; :
% B 105<m2;8<210 GeV . 10_3 __,.'.!IziIIZZZIZZZIIIIZIZ}ZZ;:ZIZIZIZIIIIZIZIZII;IIZIZIZIZI"..ZZIZIII;IZZZIZZZIIIIZ'..ZIII;ZIZIZIZIIIIZIZIZIIIIEZIZIZIZIIIIZIZIZIIIIéZZIZIZIIIIZIZZZIﬁ
R S o s IS A e ST HS SSISSSs
e 101 = 110<mCA15<210 GeV = Zlﬁiﬁﬁl'ﬁﬁZiZIZIlZIIIl'fﬁliﬁIﬁlﬁﬁZilﬁiﬁilﬁIIIlﬁZIZliﬁII‘IZ"I.IZIIIIZIZIZIII'IZIZIZ"I.IIZIZIZIII'ZIZIZIZIIIIZIZIZIIIIZIZIZIZIIIIZIZIZIIII'IZIZIZIIIIZIZIZIII
g) - 140 <mygpy <220 GeV . 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
&) I — DeepAK8 ] b-jet efficiency
(© R --- DeepAK8-MD
m 107 ImageTop = ) \
- --ImageTop-MD A CPF(16) —» Conv(64,32,32,8) ——+-: LSTM (150) | b
: : —Mgp + Ty, 1 ) ’ bb
10° | STt NPF(6) —» Conv(32,164) ——» LSTM (50) MLP(200, 7x1oo)J—» lepb
— - \ J C
. HOTVR - . \ | Hek
: —N,-BDT (CA15) { SV(12) —» Conv(64,32,32,8) —» LSTM (50) g
10_4 .l ] ] ] | ] ] ] | ] ] ] | ] ] ] p :
0 0.2 0.4 O;. | 0;13:. | 1 Global (6)
ignal efficiency ‘ / :
DeepJet architecture
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https://iopscience.iop.org/article/10.1088/1748-0221/15/06/P06005
https://iopscience.iop.org/article/10.1088/1748-0221/15/12/P12012

Sequence based model depends on the ordering:
e Shuffle your input list and the prediction changes

e Jets have no hierarchical ordering (not a sentence)

Need to impose a new representation that is
permutation equivariant in the latent space

25/11/2025 > 1! EPPG seminar
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Analogous representation to the Point Cloud
approach in 3D imaging (such as LIDAR):

e Each constituent is an element of a cloud in
spatial coordinates

e Cloud is processed and represented as a graph

e Each constituent represent a nodes/‘point’ in o &
the feature space, we can connect constituents Ve N/
via edges/‘lines’ representing features of a pair //.x\‘
of nodes X Vi

25/11/2025 > 1! EPPG seminar

arXiv:1801.07829
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https://arxiv.org/abs/1801.07829

ParticleNet

ParticleNet: jet tagging via particle clouds

e Consider the jet from its set of constituents in
the n — ¢ coordinates

e Graph Network structure inherited from the
Edge Convolution block

e Build the edges from the k-nearest neighbors of
each nodes

e Uses permutation equivariant structure;
convolutional layers and mean aggregation

EdgeConv Block

-
.

v
EdgeConv Block

N\
) ,

v
EdgeConv Block

\/
Global Average Pooling
+ J

Fully Connected
256, RelL U, Dropout = 0.1

2

Fully Connected
2

2

Softmax

25/11/2025 > 1! EPPG seminar

1/ep at s = 30%

ResNeXt-50 1147 £ 58
P-CNN 759 + 24
PEFN 888 + 17
ParticleNet-Lite 1262 + 49
ParticleNet 1615 + 93
X.
e e ‘ Ji2

arXiv:1801.07829
Phys. Rev. D 101, 056019

28



https://arxiv.org/abs/1801.07829
https://doi.org/10.1103/PhysRevD.101.056019

Point Cloud segmentation ¥

DeepSeek V3/R1
more heads, fewer experts

Vocabulary size of 129k

- )

Final RMSNorm

(e.g. arXiv:2012.00104)

Feedforward (SwiGLU) module

Intermediate hidden
layer dimension of
2,048

Multi-head Latent
Attention

RMSNorm 1 l

Token embedding laye:r \ \

( RoPE -

/

Supported
context length
of 128k tokens

61 XS\\

Feed forward

T MoE Iayer\

N
=)

%
t

J

—’I

Embedding

Sample input text dimension of 7,168

25/11/2025

128 heads °
Tokenized text \

* only 37B parameters are active

Resource savings:
Model size is 6718

active per token

per inference step

but only 1 (shared) + 8 experts

Kimi K2

fewer heads, more experts

Vocabulary size of 160k

-

Final RMSNorm

~

( RoPE —>

/

Supported

Feedforward (SwiGLU) module

~

Linear

layer

~

(SiLU activation J ( Linear layer )

inear layer

J

/

Intermediate hidden
layer dimension of

2,048

Multi-head Latent

RMSNorm 1 '

61 Xx\\

context length
of 128k tokens

N\

Token embedding layer

e

1

!

A

Feed forward

f

MoE

Feed for)

IayzD

R

J

Sample input text

)

Embedding
dimension of 7,168

Resource savings:
* Model size is 1T
* but only 1 (shared) + 8 experts

active per token

* only 32B parameters are active
per inference step

4mpact Muon Solenoid

Output Scaled Dot-Product Attention Multi-Head Attention
Probabilities t

. ﬁf 1 Linear
- 1m — [ Matvu ] i
Linear Softh t Concat
4 ax r
((Add & Nom <~ 1 ¢ ! -
' | Mask (opt) Scaled Dot-Product IIZ
Feed : h
Forward 4 Attention
| Scale 18
Add & N 1 "i
s ~N orm : : :
Add & Norm - MatMul | Linear PJ{| Linear P{ Linear
T Multi-Head 1 1
Feed Attention q < v
F
or\ilard q 2 } ) N x
R —— \ K Q
N Add & Norm
Add &_Norm Maskod
Multi-Head Multi-Head
Attention Attention
e J \_ “ )
Positional Positione
. &> 4+ .
Encoding ?_® Encodin
Input Output
Embedding Embedding

T T

Inputs Outputs
(shifted right)

Protein Structure Prediction

(e.g. Nature 596 (2021) 583)

AlphaFold Experiment
r.m.s.d.qs = 2.2 A; TM-score = 0.96
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https://www.nature.com/articles/s41586-021-03819-2
https://arxiv.org/abs/2012.09164

Particle Transformer

HO, C. Li, S. Qian, ICML 2022

L blocks Class token
— - A N ( ) g R —
-_%D " Particle | [ Particle | " Particle | At(tjlaf.s — At(tila:.s r: %
Particles =»| 3 }——>| Attention }——>p] Attention === ===-. >»| Attention > BTH fn BTn fn _1-) E — E —
2| x° Block | x! Block xL~1 | Block | xEt o° o¢ A
@ o yY _J \_ * _J o _J \ Yy \_ Yy "/ u
(o) 4
i=
I
Interactions = 2 — -
= —
=) All classes H—b H-—>cc H-—>g9g9g H—4g H—lvgyd t—bgd t—oblv W —q¢d Z—qq
Accuracy, AUC  Rejso,  Rejgoy,  Rejgoy Rej509 Rejggy Rejso,  Rejggs,  Rejsoy Rej509
A = \/ (yi — y5)% — (¢ — ¢5)? PFN 0772 | 09714 2924 841 75 198 265 797 721 189 159
_ P-CNN 0.809 0.9789 4890 1276 388 474 947 2907 2304 241 204
kt = min(pri, pT;)A ParticleNet | 0.844 | 09849 7634 2475 104 954 3339 10526 11173 347 283
HliIl(pT DT ) ParT 0.861 0.9877 10638 4149 123 1864 5479 32787 15873 543 402
e % 2]
& = DT, DT ParT (plain) 0.849 0.9859 9569 2911 112 1185 3868 17699 12987 384 311
iy DT, ek
2 2 — —212
m” = (E; + Ej)” — |pi + pj|
Accuracy #params: FLOPs
Physics inspired pairwise bias (ParT PFN 0.772 86.1k | 4.62M
is a Graph Transformer model) Up to 3x in bkg rejection for an P-CNN 0.809 354k | 155M
. ParticleNet 0.844 370k 540 M
ven faster archi re!
OKT even faster architecture ParT 0.861  2.14M | 340M
- — | !
P-MHA(Q, K,V,U) = SoftMax ( i U) V ParT (plain)  0.849  2.13M | 260M
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https://arxiv.org/abs/2202.03772
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In CMS: the new state-of-the-art

Large radius tagging

—k
)

o
T

n L
- CMS Simulation Preliminary
| H—bbvs QCD

my=125 GeV

- 400 < pr < 600 GeV, |n|<2.4
| 60 <mgp <150 GeV

Background efficiency
S

—h
o
R

10—3:_

2023 (13.6 TeV)
o o0 eV

-- ParticleNet -

— GloParT

00 02 04 06

CMS-PAS-HIG-24-010
25/11/2025

L .
0.8 1.0
Signal efficiency

Particle Transformer demonstrated

state-of-the-art performance.

[t is now widely adopted as the

standard algorithm for jet tasks

O : —
| | o
N —_ (@)

udsg-jet misidentification efficiency

—r
o
0

1672

0.

Question: can we beat Transformers ? @

II EPPG seminar

Small radius tagging

CMS Simulation Preliminary
= o8 0 8 & ¥ F [T % % & [ ¢

13.6 TeV
- r T 73

- tt events, pt > 20 GeV, |n| < 2.4
I CSVv1 (Likelihood ratio - Run 1)
| —— CSVv2 (MLP - Early Run 2)
DeepCSV (DNN - Run 2)
—— DeepJdet (CNN+RNN - Late Run 2)
| —— ParticleNet (DGCNN - Early Run 3)
| —— UParT (Transformer - Run 3)

| ]

|

0 0.2 0.4 0.6

1 .
0.8 1.0

b-jet tag efficiency

CMS DP -2025/081
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https://cds.cern.ch/record/2948917?ln=fr
https://cms-results.web.cern.ch/cms-results/public-results/preliminary-results/HIG-24-010/
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Towards a unified jet

Input Jet

- -
- = -

_____

Particle constituents

Features I

Shared Backbone

(Transformer / GNN)
Learned Representation

EPPG seminar

approach

b/c tagging

QG tagging

s tagging

T tagging

Classification tasks

Regression tasks

Energy Correction

Energy Resolution

Multi-Task Benefits

* Single unified model

» Shared feature learning

* Improved generalization

* Reduced computational cost

*» Task synergy & knowledge

transfer

« Efficient inference

Compact Muon Solenoid

32
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42 Towards a unified jet approach

Goal: combine the latest efforts for developing a
unified jet algorithm

o First attempt with ParticleNet

e Extended classification for s-tagging and
hadronic tau tagging

e Include a flavor-aware jet energy regression
and resolution

e SOTA architecture: Particle Transformer

e New inclusive loss function for this purpose

@
H

Tau lepton decay modes

New model: Unified Particle Transformer (UParT)

25/11/2025 > 1! EPPG seminar 33
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Towards a unified jet approach

Goal: combine the latest efforts for developing a
unified jet algorithm

o First attempt with ParticleNet

. o : : L. = CrossEntropy(x, x
 Extended classification for s-tagging and cat SSENLOPY (X, Xirutn)
hadronic tau tagging +
e Include a flavor-aware jet energy regression Lyeg = A X [10g(cosh(y™ = yiarger) +108(cOS(Y" = ¥igrger)]
and resolution +
« SOTA architecture: Particle Transformer Lyos =7 X [P0.16(Z" — Yimeet) T P0.84K"™ = Yiareer)]

e New inclusive loss function for this purpose

New model: Unified Particle Transformer (UParT)
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Targeted perturbations to jet input features to |~ spisted Loss Function

Adversarial value

o Adversarial training: improve robustness to | yominai value
mismodelling in an agnostic way while

fool the network: X xi (Nominal) i
X  Xi adv (Adversarial) :

. 10 s Gradient at Nominal :

e Standard attacks (FGSM & co) are not ideal 5
for heterogeneous jet features. 8 i

e Design jet-specific attacks and training. 3 i

keeping nominal performance. 2f
CE(0(x),y) if nominal mode ot T
Ladv(ﬂf, Ladvy Y, 9) — CE(H(CUadV), y) + - KL(H(IL‘), H(Zadv)) —2 -1 0 1 2 3 4
otherwise
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R-NGM: uses full input gradient normalized

e Adversarial training with these attacks

preserves nominal performance

e R-NGM achieves the best robustness

e Result: best MC performance with
minimization of the sensitivity to data/MC

disagreement

VL0, z,y)

Rectified Normed Gradient Method

CMS Simulation Preliminary 13.6 TeV
o e e e s e i N e o

b
()
o

1> 30GeV, |n| < 2.5
o UParT R-NGM on R-NGM

—h
S

c/udsg-jet misidentification efficiency
S

—L
<
w

tt events

UParT nominal on R-NGM
UParT R-NGM on nominal
UParT nominal on nominal
bvsc

b vs udsg

Tadv = T T € -

25/11/2025 > 1!

V2 L(0, 7, y)]|L,

EPPG seminar

| | | 11 | | Fid | | | | | | | |
0.2 0.4 0.6 0.8 1.0
b-jet tag efficiency

CMS DP -2025/081


https://cds.cern.ch/record/2948917?ln=fr

UParT: flavor tagging result

o0 CMS Simulation Preliminary (13.6 TeV)
> S i S S A A R [ S B B
O n i =
S tt —» 49 +2b =
S pt > 30 GeV, |n| < 2.5 ; G
g — l _ o
o e UParT v2 / o
c 401k ) /| About 20-60% A
I BN ParticleNet /| improvement in bkg 3
= B RobustParT 7/ 1 rejection for b/c tagging €
< DeepJet i 5 )
108 — buse 7 . compared to the 2 ool / tt - 4q + 2b ]
E | b vs udsg 7 | ParticleNet models - Af e pr 230 GeN N2 -
o} ,,"l:’/ : S i B UParT v2 .
) b N UParT vi
N ©
O +n-3L . = Bl ParticleNet
- 10 = O 10—3
re) B RobustParT
Deepdet
— cvsb
----- C VS udsg
10—4 ——— — —_— 10—4 L IJJ A T T AN TN T TN NN TN TN N NN SN N NN
0.0 0.2 0.4 06 08 10 0.0 0.2 0.4 0.6 0.8 1.0
b-jet tag efficiency c-jet tag efficiency
b-taggin c-taggin
s&Ng s&INgs CMS DP -2025/081
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https://cds.cern.ch/record/2948917?ln=fr

UParT: flavor tagging result

NN

[T CMS DP -2025/081

GHENT
UNIVERSITY

Very first s-tagging model at LHC. We can CMS Simulation Preliminary
e S O T . A, 0 s

. . (13.6 TeV)
achieve a low efficiency s-tagger. S

| —]

w—
o
o
T

Future: work on the calibration of the s-tagging
node

Jet misidentification efficiency
3 3
N B

tf—>4q+2b/'\:

pr>-30-GeV;-nli<¢2:5

— svsb-AUC=0989 |
svsc-AUC =0.876
svsu-AUC =0.655

: : 107 S svsd-AUC =0631 -
Question: Can you do u vs d tagging ? | — svsg-AUC = 0.830
00 0z 04 o6 o8 70
s—tagging s-jet tag efficiency
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https://cds.cern.ch/record/2948917?ln=fr

UParT: flavor tagging result

CMS DP -2025/073

CMS Simulation Preliminary (13.6 TeV)
D L L L L B L L L L L B LA B
© TE p,>20Gev, mi<25,1d) <0.20m T
9 B i
& | —e HPS+DeepTauVSjet v2.5 ]
Tau performance not fully under control = CHS+PNetVSjet
107" & -* PUPPI+PNetVSjet —
= = 4 PUPPI+UParTVSjet v2 .
1 " -
: : e [ | _
High dependence of the pile-up mitigation D102 =
algorithm plus the reconstruction of the tau - -
107° & =
— A v v v v vy v v vy v v by v by v v by v by T
Future: include reconstruction task in the jet fc—‘; 12_"""'_
algorithm o :
0O = H
— 05F E
O. O _I L1 1 | L 1 1 1 | 1 1 1 | | I I | | | I I | | || I:
(@)
2 02 03 04 05 06 07 08 0.9

T, efficiency (w.r.t. HPS+CHS+PUPPI)
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https://cds.cern.ch/record/2904356
https://cds.cern.ch/record/2946445

o 1.15
C
@)
Q.
n
0 1.10
Improved median jet response across model =
versions. g1’
=
1.00
Observed per year overall sensitivity (small _
. 0.95
HCAL response changes can dramatically -
impact the models) o
0.85L

25/11/2025 > 1! EPPG seminar

UParT: jet regression result

CMS DP -2025/081

CMS Simulation Preliminary (13.6 TeV)

, . .
QCD, b-jets, pt > 10 GeV .
— 0.0<|nl < 1.0 UParT vl |
-- 1.0<n| < 1.5 mm UParTv2
< 2.0 B ParticleNet
<25 |

....... 15 <
—— 2.0«

-2 3IJ I3 39

| 102
P> [GeV]
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https://cds.cern.ch/record/2948917?ln=fr

UParT: jet resolution result

2023 (13.6 TeV)

CMSS]imu]/ati]oan]relliminary _ (186TeV) § 0.301 CMSl T
. . é 0.225|- | QCD, uds-jets - % 005l Simulation " PNet -
Resolutlon lmprOved Compared tO the 202005 PT >l(3?3:r\ti/;llr[\]lLt< 2.5 qi : Prillgvlr;?r}(;4 oUPPI s+ PNet incl. neutrinos
Y. B 1 O L dNU-Kt h=U. .
usual JEC by O(10-15%) TN Tlme | g ooamicis - CMSDP-2024/004
2 0,175 - 12 . :

Eo_wof_ \3\ CMS DP -2025/081 | UL
: | o010 " - -
0.125| o :
Degradation in UPArT models: problem . 0,05 AR LR WYY
seems to be now fully understood | 2 sl T _
gotopb te L -
e Simulation and training tuning issue 0050F & 005 _
" 162 1(|)3 4
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https://cds.cern.ch/record/2904700?ln=en
https://cds.cern.ch/record/2948917?ln=fr

25/11/2025

Towards fully unified
world maels

Fully-unified Unsupervised
supervised models  world models,

- algoritms ‘

k‘

EPPG seminar
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Prelude: scaling laws

Pavlo Kashko's talk

Linear scaling?

13.6 TeV
428%™

Scaling laws: the laws extrapolating the CMS Simulation Preliminary _
performance of neural networks at larger
size (model/datasets)

llllllllllllll

\/§=§13.6“Te'§/’, tt everiis -
¥ 30<pr<250GeV,|n<25 -
” (0.1M) ‘
small (0.
‘Norm (1.
big.—.{
(
(
(

o) D ~

o o o

o o o

o o o

o o o
!

We have found scaling laws of flavor
tagging: ool A

e Huge room of improvement a0000k 4 o

tiny

1/€ at 40% forb vs C

huge
Huge 8. ;
Léféé“flsﬁi‘mm:mwwmw
XL (19.2M)

'modet“Z"data“ ?S%HHWWT
model / data = 10% |
“model / data = 20%

o Ch allen ges: fit the inference in Our 20000 ; .......... N
software and stabilize the training o000 PP

3M)
1M)
5M) i
,gm)wwémw”“wmg
7M) ‘
5M)

oo NNRNNE

0 50 100 150 200 250 300 350 400

Train data size [M] (after reweighting)

Question: Does it hold at 1B+ jets ? @
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https://indico.cern.ch/event/1586893/#9-updates-on-upartv2-studies

We have extrapolated the scaling laws of

flavor tagging:

e Huge room of improvement

e Challenges: fit the inference in our
software and stabilize the training

e To come: even better scaling laws

Warning: this is a first attempt!

oy
4

hollup...Let him cook <

— —
(- -
R IN

c/udsg-jet misidentification efficiency
=

1072

0

A
(-
o
T1

Prelude: scaling law

CMS simulation Preliminary
S S S e R i A e S S, SO S S

tt — 4q
or > 30 GeV, |n| < 2.5

13.6 TeV

I

\—/

\/

\/

ParT v3
ParT v2
ParT vi

ParticleNet
RobustParT
DeepJet
bvsc

b vs udsg

|

0

0.2

Question: Does it hold at 1B+ jets ? @

II EPPG seminar

I B T
0.8 1.0
b-|et tag efficiency

44



Full supervised unification

gen th- HPS matching efficiency

Recg{ng
We could extend the unification towards x

more tasks: e

3h_1p
3h_2p
3h_3p

e Full object reconstructions such as
hadronic tau or b/c hadrons

Reco/Gen
o Jet charge tagging !
e In-training ML based calibration

Recent VUB+Vanderbilt effort

TAU1HOP (16.6%) TAULH1P (40.9%) TAU1H2P (15.9%) TAU3HOP (17.7%)
14.54 22.53 21.23 9.65
0.00 0.30 0.32 0.00
0.00 0.00 0.26 0.00
0.00 0.00 0.00 0.00
85.46 13.07 7.65 4.40
64.10 28.85 0.00

41.68 0.00

0.00

19.62

0.00

0.00

0.00

66.33

Old method (cut based - low efficiency and high fake rates) o

gen th- jet matching efficiency

TAU1HOP (16.6%) TAU1H1P (40.9%) TAU1H2P (15.9%) TAU3HOP (17.7%)
1.33 .64 e.e3 .07
©.00 8.49 0.49 ©.00
©.00 ©.00 7.64 0.00
©.00 ©.00 ©.00 0.00

98.67 8.14 2.01 1.28
83.33 12.62 0.00

77.30 0.00

0.00

12.58

0.00

0.00

0.00

86.07

TAU3H1P (8.5%)
11.24
0.02
0.00
0.00
1.15
4.60
0.00
0.00
9.16
7.95
0.00
0.00
25.49
40.40

TAU3H1P (8.5%)
0.01
0.29
0.00
0.00
.10
1.61
.00
.00
1.41

11.07
.00
.00

13.82

71.68

TAUother (0.3%)
20.54
0.33
0.50
0.41
5.69
12.46
15.68
18.07
1.73
1.24
1.24
0.00
8.58
4.21
8.33

0.99

TAUother (©.3%)
©.08
©.08
0.41
3.88
0.66
4.13
8.83

45.30
0.33
0.58
3.65
.00
1.40
3.63

18.23

New study (huge room of improvement - gen matching only) 2%

25/11/2025 > 1! EPPG seminar
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https://iopscience.iop.org/article/10.1088/1748-0221/7/01/P01001

Full supervised unification

CMS-DP-2025-071
CMS Simulation Preliminary (13.6 TeV)
- | | | I | | | I | | | I | | | I | | | :

We could extend the unification towards
more tasks:

b-/0 misidentification

e Full object reconstructions such as
hadronic tau or b/c hadrons

e Jet charge tagging AK4 jets: pt > 10 GeV, |n| < 2.5

.. . . 104 Jet charge k=1.0 (AUC ~0.67) -
 In-training ML based calibration Jok charge xe0.5 (AUG~0.68)
—— ChargeTagger (AUC ~0.787)
- ' S S I S S SO NN SR SO SR RN S SR T S T S
10 (5).0 0.2 0.4 0.6 0.8 1.0

b+ eff
Work by C. Ramén Alvarez et al.

Now working on calibration method for b and c jet charge tagging
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https://cds.cern.ch/record/2945237
https://indico.cern.ch/event/1387239/contributions/6674710/

Full supervised unification

1e6 Scaled MC vs Data for dy (DeepCSV CvsL)

We could extend the unification towards | = . Sp
more tasks:

(9}

B Bottom

GENT ® Data
UNIVERSITY °

o Full object reconstructions such as S - DeepSF
i g Domain adaptation
hadronic tau or b/c hadrons omain adaptation

e Jet charge tagging :

4 Original Data/MC

00 L T T T T !’I T T T T

-1.00 -0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 1.00
Bin Value

i

w

Jet yield

e In-training ML based calibration

100 CMS Simulation Work in progress 13.6 TeV Jop CMS Simulation Work in progress 13.6 TeV
o E | : | ; { 1 : S s | ; : ; = o S L B L | o o =
CMS Preliminar 17.8fb~1 (13.6TeV) ® | mE data : ® | : mE data *
50 2500__ E Ll Iyl N L (_NU ! D'A' MC : % I D.A. + WelghtS MC |
§ -t Data # 20¢pr<35GeV | £ 1o} KL div : 0.00497 _ £ 1o} KL div : 0.0015 _
T e zamp:eg bkg. 0.0<n<0.8 | £ | ‘ £
2000+ ampiea sig. _| §2) %
: i _ ;00%10_2_ .................... E ;00%10_2_ oooooooooooo =
1500|- ; ] B[ e R -
: 4 ] E -3 . E -
[ ) i = 107 = v 4 fit 3 109 i
1000 : . o | ery gooda Tl .
. * , A ‘ | except the low *
- - - . I 3 + i o4t o v
Also CMS-DP-2025-053: public o) | ) prob (other flavor
- < i o . 1 S | ' ' T T . . . T — ‘ —
result on lepton id. calib. S , | 2T e, | contamination?) g\
i Eliist i atan | I _________________________.___.___.__t_._._’_._t_._.:_._._o__f_'_'_fP_! ....... ] ;,,,,,,,,’,,.‘Q.‘!.;99,9‘!.,!.‘Q.Q,QQAQLQ cen®ea®, . o ]
but will be tested on b- g-g: P ¥ — 5" " s R I
1 e ol P it ! 05 0e 0z 04 06 08 10 0502  o0a 0.5 R
tagging soon g0 _"'ﬁi{ﬁ*ﬂ*“"{“ﬁ*‘*””‘"“""‘o‘*&f‘H‘#ﬂ}_#ﬁi{ﬂ__: BvsAll BvsAll
o | ]
T
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https://indico.cern.ch/event/1453057/#3-deep-sfs-status
https://indico.cern.ch/event/1570592/#12-studies-on-domain-adaptatio
https://cds.cern.ch/record/2941748
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Towards the unsupervised world model _

Fully supervised model will always be
focused only on the loss function tasks

Need to go to unsupervised for self
discover:

e Fully understand and discover
underlying properties

e One single large model (Jet/CMS GPT)
you can fine-tune for any downstream
tasks

» Probe on data: get rid of most of the
mismodeling ?

25/11/2025 > 1!
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EPPG seminar

. O(GBIs) : s

data

. Reconstruction :

. -O(weeks)

~ - Can we extend the box to
"~ contain more and more

elements?

vvvvvvvvvvvvvvvvvvvvv

Analysis-
formatted O(days)
data
Statistical .
anaiysis fO(hours)

----------------

...............
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https://www.frontiersin.org/journals/big-data/articles/10.3389/fdata.2021.661501/full
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Towards the unsupervised world model

Joint-Embedding Predictive Architecture (JEPA):

Learn by predicting representations, not raw features arXiv:2403.00504

M l . b . d h . l b d d f JEPA world model
® aS ( ]et SU reglons. pre ICt thelir latent embe lﬂgS rom predictor/World Model
remammg context

e Train with MSE loss in embedding space >m_>

4 T
Advantages for HEP:

e Learns physics-informed representations automatically ;
e More robust than constituent-level prediction

Transformation, Action

Cons: rely on a predictor bias

e« How can you make this reliable for HEP ?

e Can you get rid of the bias and avoid human-level
knowledge intervention
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https://arxiv.org/pdf/2403.00504
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Advantages for HEP:

e Learns physics-informed representations
automatically

e No labelling needed: can we achieve a
training on data?

e Single pre-trained model: fine-tune for
multiple tasks

e More robust than constituent-level
prediction

First JEPA attempts in HEP: 2412.05333 and
2502.03033

25/11/2025 >

EPPG seminar

—

—

—— | SEL I

Target
Subjets

| —=

—

—

Rejection Power

Towards the unsupervised world model _

Target

Subjet
encoder

100

4950000

Target repr.

ﬁH = g

90+

80+

70

60

50+

—e— Pretrained with J-JEPA
—e— From Scratch

Number of Labeled Training Samples

785767
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https://arxiv.org/abs/2412.05333
https://arxiv.org/abs/2502.03933

Summary

Deep learning has revolutionized jet algorithms in HEP:
e Evolved from handcrafted features to sophisticated DNN
architectures.

CMS Simulation Preliminary 13.6 TeV
— T ¥ 7 T ]

e Growing field with still a lot to do s 1207 LR AL LR R
= - ttevents, pr > 20 GeV, |n| < 2.4, €,=70% g
= 100/ ™™ c jet rejection CMS DP -2025/081 _104
The Unified Particle Transformer (UParT) represents a 3 [ e - o4
° ° ° ° ° ° ( O i ! o ! |
significant milestone, achieving up to a factor 194 improvement 80~ i E < 100
: i | 20 E
in background rejection compared to Run 1 taggers ol B - ‘
I | X6.1 : i
_ ' x3.3 | %6.9 —§1O2
Key achievements: 401~ 10 | " :
e First s-tagging capability at the LHC ol 2 {101
e Robust adversarial training (R-NGM) attempting to minimized [ T i | :
: m e iy | . | |
data/ MC dlsagreement 0 CSVvi CSVv2 DeepCSV Deepdet PNET UParT UParT 10°
(ke =0.14)

e State-of-the-art performance across most tagging tasks
e Demonstrated scaling laws with potential for further
Improvement
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UvsD tagging

EPPG seminar

Jet misidentification efficiency
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10-3|

CMS Simulation Preliminary
A AT ST RN PR RO O i FEont T VO oont] i

tt events

pT>3OGeV IRl-¢2:5

UParT -

UParT -
UParT -
UParT -
UParT -

uvsb-AUC = 0.987

uvsc-AUC =0.859
uvss-AUC =0.643
uvsd-AUC = 0.555 -
uvsg-AUC =0.820 |

0.0

0.2

0.4

| | |
0.6

| | | ] | I
0.8 1.0

u-jet tag efficiency
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QG tagging

(13.6 Te

CMS Simulation Preliminary
e I s

V)

—
-
o

T T T T T

!

—
<

g-jet misidentification efficiency
o

—
<
w

| | I

UPar’
UParT

uds vs
1

|

= Y tt > 49 +2b
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T tagging
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Jet regression

— Compact Muon Solenoid
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GloParT v1

" Compact Muon Solenoid
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https://cds.cern.ch/record/2939451?ln=en

Consider the jet as a sequence:

e Create a tokenizer (constituent to
latent space compression)

e Try to predict the next token
(constituent)

Example: OmniJet-a

25/11/2025 > 1!
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Jet classification
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https://arxiv.org/abs/2403.05618

Unsupervised world model: masked modeling

Original idea for CV:

Masked Particle Modeling is similar to
Masked Autoencoder:

MPMv2

e No discrete tokenization

)

TaskN]

A

o Assumed Masking and Reconstructing oloioinlc

the missing patches is possible for a jet [ Tronsformer

o | (2] [m

z4

pad 4

=) (=) (=]

Example: MPMvi and MPMy2 [ Backbone

/) & k1

drop A

/) B B

di
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https://arxiv.org/abs/2111.06377
https://arxiv.org/abs/2401.13537
https://arxiv.org/abs/2409.12589

Beyond the jet itself

Front.Big D 2021) 6061501

. Experimental . ! Hgrdware and - Recon-\;
' ol o |software structed |
i Filtered events |
i data I

collisions

| trigger

vvvvvvvvvvvvvv

: { Analysis- i :
-O(weeks) formatted = | O(days) ?N e
' i data : n 1 S 5
............ fovuepenn | m & flEE=
- /] | - | Statistical . ; __“/\M,*ﬁ
§ analysis ' '

- . - . - - - - - . - = - » - -

, = - - L] & ® = & = & & »g
"

Generated | - Interaction with
events : Stable . simulated |
Logiiaw ipartiqes:idetector

Can we extend the box to | I

contain more and more

o e]‘emhentvs?  feeeeenanees ......... y

Beyond this: could we create a world model from hits to the statistical analysis (including all
the tracking, calorimetry, PF, vertexing, etc) ? On data and/or simulations ?
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https://www.frontiersin.org/journals/big-data/articles/10.3389/fdata.2021.661501/full

GN2 algorithm structure

Transformer architecture

Deep Sets architecture GN2: 4 layer with 128 nodes, 8 attention heads

Track
Initialiser

Combined Intial track

Conditional track
Inputs representation

representaton

GN2 is a multi-modal and multi-task algorithm based on fransformer

architecture ("Pre-LLN Transformer"”) w/ about 2.6M parameters trained
on mixture of ttbar and Z' jets .

Auxiliary tasks improve training convergence and enhance
overall performance. Training with OneCycleLR.

Trainings run for 300M jets with 1 NVIDIAA100 GPU
— 4.8 hours / epoch. Software for training is "salt".

FTAG algorithms in ATLAS

25/11/2025 > 1!

Training time

.

Size of Trglnlng Da’faset # of GPUS
model time size
ATLAS
GN2 2.6 M week 300 M 4
ATLAS
GN3 12 M 2 weeks 410 M 4

EPPG seminar
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https://indico.cern.ch/event/1387465/contributions/6019553/attachments/2923415/5131448/2024-09-09-FTAGWS-Algorithms-ATLAS.pdf
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Training time: b-hive benchmark
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Training speed of a default ParT model (3+1 attention
layers, dim=128 and nhead=3§)




