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Al in HEP Experiment: Status and Prospects

HEP experiments at LHC as an example
Deep learning appears in every stage of the experimental workflow!
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Al in HEP: activities

HEP experiments at LHC as an example
Deep learning appears in every stage of the experimental workflow!
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Al in HEP: activities

HEP experiments at LHC as an example
Deep learning appears in every stage of the experimental workflow!
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4+ Not covering everything (and maybe not
necessary; similar talks are given yearly)

' (connectmg tracks ancl

4+ Will only cover some emerging new
progress/insights in HEP-ex with Al

(personal reflection in orange) Tﬁdﬁv S “fQ&MS!
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Jet models in the Transformer era

Transformers - -\ -??

feed-forward NNs R 2X 1D/2D CNNs, RNNs - - -»-- graph NNs - -»--

(high-level inputs) (low-level inputs)

Particles
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- Jet tagging has always been at the Al forefront @LHC M

Jet tagging: determine the
origin of a jet
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Jet models in the Transformer era

Al in HEP Experiment: Status and Prospects

feed-forward NNs S ool zec 1D/2D CNNs, RNNs - --»-- graph NNs - --»-- / Transformers - -"%: - 2?7
(high-level inputs) (low-level inputs) '
Particles
g o » b i X e Si -T‘
EI Fally E“ ® ""’.\ il A ”.K / Scaled Dot-Product D&h
nnnnn cted N Output / "'N. .e/fﬁvw. % Gibon
él ﬁ — B - X,. . ) ‘?g ) ¢ | Linear D" Linear Dl LinearD’

- Jet tagging has always been at the Al forefront @LHC

-> After ~15 years of evolution, “attention is now all you
need”
% Both ATLAS and CMS flagship taggers are Transformer-
based

“* notably: CMS has adopted Particle Transformer since

2022 as the backbone for both small-R and large-R jet
tagging H. Qu, CL, S. Qian. ICML 2022
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Jet tagging: determine the
origin of a jet
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Jet models in the Transformer era (ATLAS)

Transformers - - - -??

feed-forward NNs S ool zec 1D/2D CNNs, RNNs - - -»-- graph NNs - -»--

(high-level inputs) (low-level inputs)

Parttcles 5 X . X, T 4
1D CNN @ x @ ¢ x @€, 7’ 1
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connected N Output ./ \ ./ x\.
X i e X [ L L 1l
g .. (1 layer) Xjua é Jit 2 ¢ Uis Jit .
gl ﬁ‘lﬁ‘ — X, X, Linear PJ{ Linear P Linear
SVs, ordered by Sizp

ATLAS’s tagger revolution roadmap:
gger revotut P ATLAS GN3
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@ 30F 5 J 11500 +
& 7 [ Reference: DL1r e dal?augscy) o ] 2 |
ooF  DL1 (e =75%) | 7 11000 & 12000 <1000
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e =77 o o ] |
10 |—H+ x1.4x1.7 : x1.5 -1500 |
C 1 ] T 0 -0
O L ! I P R | I I 1 I [ R B I [ R | l Lo 0 DL1d GN2 GN3Pﬂ°WMu0nSV00 GN3EPCLVO01

1 1 1 1 1 I 1
2017 2018 2019 2020 2021 2022 2023
Year of tagger deployment

DL1 series: fully connected NN-based allCa Al & 2 R
GN2/GN3 (new!): transformer based NE- W
Significantly improved bkg (light/c/tau jet) rejection!

ATLAS FTAG-2023-07
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Jet models in the Transformer era (CMS)

feed-forward NNs 9oo[=ac 1D/2D CNNs, RNNs - -»--

(high-level inputs) (low-level inputs)

CMS’s tagger revolution roadmap:

_ 200 CMS ISimu/az‘io? Preliminlary | | (1 3|.6 TeV)
'% E '[f—)4q+2b, €b/c=70°/o x11.1 _104
2. 175 250 > pr > 20 GeV, |n| < 2.4 More than 11 / |
i 155 [ EE cjet r.ejecti.on . times better! ]
& udsg jet rejection x4.8
125
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50(- I
L Juln
ot .

DeepdJet ParticleNet RobustParT UParT v1 UParT v1 UParT v2 UParT v2

(kc=0.14) (kc=0.05)
CNN/RNN  GNN ransformers

CMS UParT v2
(state-of-the-art small-R jet tagger)

CMS-DP-2024-066
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Transformers - - - -??

graph NNs .- -»-.

NEW

CMS-DP-2026-104

CMS GloParT v3

(best large-R jet tagger covering 300+ classes;
paradigm of pretraining + fine-tuning)
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https://cds.cern.ch/record/2904702/files/DP2024_066.pdf
https://cds.cern.ch/record/2966239

Jet models in the Transformer era (ATLAS+CMS)

feed-forward NNs ool Zor 1D/2D CNNs, RNNs - - -»-- graph NNs  ---»-- / Transformers - - % -??
(high-level inputs) (low-level inputs)
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ATLAS + CMS
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https://indico.cern.ch/event/1593316/contributions/7030134/attachments/3309489/5922450/Small-radius%20jets%20CMS-4.pdf
https://indico.cern.ch/event/1593316/contributions/7030134/attachments/3309489/5922450/Small-radius%20jets%20CMS-4.pdf

Future models - what drives the frontier

Higher token (particle)

Richer inputs multiplicities

Scaling up
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Future models - what drives the frontier (I)

Higher token (particle)

Richer inputs L Scaling up
multiplicities
1. More low-level features
' Global pooled

Track inputs Initial representation o
representations 56

1 B || -= o

pat « 8 Conditional /
—— E T representations o
o] ) tpr
A : £ : '§§ — @3 regjgfespsion

G -
-/,
..

Jet inputs : O st ,__,>~'§
A X Ut/ — | 22 | —= Track origin
¥ ) wao . .
& - | oI 3 prediction
if

Pflow inputs

Entity
Network

Track pa}rti_cle ID
prediction

Transformer

N

Pflow
initialiser

- .,'5 - Vertex
ﬁ’é prediction
ATLAS GN3 now contains particle-flow inputs
« Combine information from both tracker and GN3: AIL-PHYS-PUB-2026-001
calorimeter; no overlap removal GN2: ATLAS. Nature Commun. 17 (2026) 541

« CMS jet models largely uses particle-flow inputs, with
additional secondary vertices + lost tracks
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https://cds.cern.ch/record/2953652
https://arxiv.org/abs/2505.19689

Future models - what drives the frontier (I)

Richer inputs
2. Promising frontier: including latent features?

Input (PF elements) Output (PF candidates)
lllustration: clean e e’ simulation event lilustration: clean e’e” simulation event

Transformer (set-to-set model)

Transformer architecture > CMS has implemented MLPF

(Machine-Learned Particle Flow)

‘ > reconstructs particle records
directly from lower-level tracks

(= 5M parameters)

xtrack = (P, 1, P, d0, Q, . . .) yi= (PID, pr, 1, ¢, E) and clusters - an ML-based PFlow
xeluster = (E, 1, , X, ¥, 2, . . .) > MLPF is an upstream task for jet
tagging

Per-particle loss*

Target
set of particles

Image credit to Farouk Mokhtar’s FTAG 2026 talk
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Future models - what drives the frontier (I)

Richer inputs

2. Promising frontier: including latent features?

> Latent features from upstream models can be more
expressive than hand-crafted low-level features

ete” »tt (365 GeV)

Mokhtar et al. 2606.14373 Lqo (Ul GEANTA Simulation |
pi" > 30 GeV, |n%"| <2.5
Low-level : : B ParticleNet
detector Rule-based algorlthm > PF AnalyS|S task Il ParticleNet + latents -
. . . 1
objects candidates e.g. jet tagging @ : ll;atents i
© 10-11 VS C I/I,'
- r === bvsudsg Yy
o Yl
Latent representations g // I/',’
!
4 J /1
MLPF — i o
4 ) 'g -2 /'/ I// /
E 10 - ’ / /’
> N PF () // /,
candidates ~ Iy
) ’I l/l/l
\.__Latent space 8 J e Iy
B 103 | LT A B el 1
0.0 0.2 0.4 0.6 0.8 1.0
b-jet tagging efficiency
> Improved performance when
adding latent as inputs
QCML 2026 17 August, 2026 10
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Future models - what drives the frontier (I)

Richer inputs

2. Promising frontier: including latent features?

> Latent features from upstream models can be more

expressive than hand-crafted low-level features

Low-level

Mokhtar et al. 2606.14373

detector
objects

MLPF

Rule-based algorithm PF
| candidates

v

-> |t’s very promising, but hints that fully end-to-end training (if we dare)

\\.

Analysis task

e.g. jet tagging

Latent representations

Latent space

R PF
candidates

may ultimately perform best. An example will follow

Conggiao Li (Peking University)

QCML 2026

c/udsg-jet misid. rate

Full GEAnT4 Simulation

ete” »tt (365 GeV)

100 F | I —— T T
p?e“ > 30 GeV, |n9%"| < 2.5
Il ParticleNet
Il ParticleNet + latents »
BEE Latents ,',"r
10-1L —— bvsc /l','
- !
r --- b vs udsg / "I'
/
i
// ] H
!
// l/ ,l
//, // I/
2 /', I/ /
2L / ;
10 / / /
7 I/ /
/
- {7
”, + 7
’I /l II
,a ) 14
-.’" "[/"'
103 ) | : ,’f’ A B ShH o
0.0 0.2 0.4 0.6 0.8 1.0

b-jet tagging efficiency

> Improved performance when
adding latent as inputs
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Future models - what drives the frontier (Il)

Higher token (particle)
multiplicities

-> Simply breaking the “particle clustering - jet tagging -» jet-based
analysis” tradition and analyzing more particles from the beginning brings
huge gains

©

3

Conggiao Li (Peking University)

::} o

Traditional: clustering >
jet tagging > jet-based

QCML 2026

\S]
T T T T T

—_
T T T T

O

-

as a whole, I:‘
then sent to ,

NEW

s d alys > ! Disclaimer: Still experimental,
i i al with no results on real data yet
: 1 0 i 2 3 : 2 I S
n n
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Future models - what drives the frontier (Il)

Higher token (particle)
multiplicities

-> Simply breaking the “particle clustering - jet tagging -» jet-based
analysis” tradition and analyzing more particles from the beginning brings
huge gains

-> Related pheno paper (hep-ex context) in this direction

% Mondaletal.2311.11011 (JHEP). PAIReD & PAIReDEllipses: process all particles within dijet/
within dijet ellipse

Zhu, Wang, Ruan et al. 2506.11783 “Holistic approach” -> process particles within full events,

under CEPC context

% Yang & Li.2508.15048. Jet-free HH4b: process particles within full events directly

R/
0’0

% Qureshietal. 2601.16417. PanopTag: process all particles from all jets

Full-event particle inputs + scaling can then deliver very striking gains (e.g. ~5% in HH->4b sensitivity
->Yang & Li. 2508.15048)
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Future models - what drives the frontier (Il)

1. Baseline 'n (pa rtiCle)

Jet tagging
PFlow
candidates

od licities
2. Change jet model outputs to latent features “Full-event particle inputs” as the ultimate solution

Event features
CIUSter' - > Jet kinematics
Jet tagging outputs
Jet tagging > build a step-by-step comparison

model
lust Event features
PFlow ﬁ’ . — Jet kinematics
candidates Jet model latent feats.

3. Jet model set unfrozen

2

&

Jet tagging

model
Event features

PFlow cluster ) Jet kinematics
did _’ Jets _’ Jet model latent feats.
candidates : (not frozen anymore)

4. Remove the intermediate jet model

PFlow PFlow features directly (for in-jet PFlow)
candidates >

4. Extend from in-jet PFlow to all PFlow

PFlow PFlow features directly (all PFlow)
candidates >

Conggiao Li (Peking University) QCML 2026 17 August, 2026 13
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Future models - what drives the frontier (Il)

1. Baseline 'n (pa rtiCle)

Jet tagging

I oo Event features ll C Itl es

PFlow cluster . Jet kinematics |

_> _> . tagging e

2. Change jot model outputs to latent features “Full-event particle inputs” as the ultimate solution
Jet tagging > build a step-by-step comparison

model
| Event features .
PFlow i‘bﬂ" ¢ —_ Jet kinematics 450 fb~1
Candidates Jet mOdeI Iatent feats' g - T T T T L I T T T T LU l] T T T L
‘ Jet features (baseline)

(l.3x rejection) 107 E__ 64D jet embeddings

Joint training

In-jet PF candidates
Full-event PF candidates
Full-event PF + 10x dataset

3. Jet model set unfrozen

. 6 |
Jet tagging 10 E % CMSbaseline

rode! Event features -
PFlo cluster ) Jet kinematics ( i . .
> ot modol tons et - Preliminary result

(further 1.5x)

=

o
wn
|

)
9
4. Remove the intermediate jet model >
B wiE 3
S F
o
PFlow PFlow features directly (for in-jet PFlow) G %
candidates > - B 10°F E
(further 3x) ;
4. Extend from in-jet PFlow to all PFlow 102 Each ste P brin gsda

sizable gain

PFlow features directly (all PFlow) > 10! —_ (flna“y: zox bkg. reJeCtIOFI)
candidates : - 1

from 800 to 40 backgrounds
(further 1.5x) M .

1 1 1 llllll 1 1 1 lIlIll
100 10! 10?

0 . 1 % Signal yield
Conggiao Li Pl nal curve: just scale up > 2 QCML 2026 17 August, 2026 14




Future models - what drives the frontier (l1l)

Scaling up

=> The bitter lesson in HEP: simply scaling up (model, data size) can beat extensive
optimization of jet architectures/inputs

=> Since 2026: see a growing number of studies on HEP’s scaling law
% ATL-SOFT-PUB-2026-002 (small-R jet tagging, ATLAS context)

7/

% Vigl, Hartman, Kagan, Heinrich. 2602.15781 (for large-R jet tagging)

7/

% Amram et al. 2605.28940 (for jet generation)

Basics: In the context of Chinchilla scaling laws

(Hoffmann et al. (DeepMind), 2022)
LND) =L+ 40
—_ | |
— | |
’ ©  Ne DP
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Future models - what drives the frontier (l1l)

Scaling up

=> The bitter lesson in HEP: simply scaling up (model, data size) can beat extensive
optimization of jet architectures/inputs

=> Since 2026: see a growing number of studies on HEP’s scaling law

L)

% ATL-SOFT-PUB-2026-002 (small-R jet tagging, ATLAS context)

7/

% Vigl, Hartman, Kagan, Heinrich. 2602.15781 (for large-R jet tagging)

7/

% Amram et al. 2605.28940 (for jet generation)

> Help us understand:

> Where is the irreducible loss floor L_? >
How far are we from the theoretical
sensitivity limit?

Basics: In the context of Chinchilla scaling laws
(Hoffmann et al. (DeepMind), 2022)

a b > How should the optimal model and
L(N D) — L , , dataset sizes scale?
’ — oo | ! (this goes beyond Chinchilla law due to
Ne  DP

multi-epoch training effects, but has been
studied in these papers)
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Future models - what drives the frontier (l1l)

Scaling up
e H-bb 4+ H-Qgg H - ¢vqq’ W-qq9 = t-bbv
o H—1>c10 ¢ H-4g « 2Z-qq +  t-bqq ParT (100M)
F % o s e ~{10K —{286K —10"3
o WA
- VA (6% l* o
0.9F ; \:‘\% \m \: Q —
= YA \@, ¢ | *‘ L) %)) DU_)
- AX a\ X N b 0\ ko) < o)
0.8__ AV 00\ €x :’-\* ® o Q 14 1
o - /\ ﬂ\gv =,\\*\ .\ _100K E _846K Q —31 X 10 L
3 0.7F A e \0 x \B\* o 5 Q Y
(@) B VNN \ n ()
— - A e Ve NJEN \e o = 5
- At mpxtmy N, & c @ Q
0.6 e m\-\ 1M € -25M $ 9.2x10"0 E
- “ \"0 3”0 . B xS é - =
0.5/~ AR N W, e Jiom B odzam a0 O
. ) \ N\ \ \\ ' '
0.4 A ° * =B R —{100M —{22.0M —9.8x 1018
T \ NN \\\ 1B —65.0M 3.8 x 102
. -\ ISP WSS N ot el 1102 -1570.2M {14 x10%*
107 102 10° 10% 10°

QCD Rejection .
>What we possibly see:

1. State-of-the-art ATLAS/CMS training is already at O(100M) events, yet
Vigl, Hartman, Kagan, datasets can still scale further

Heinrich. 2602.15781

2.0ur ability to scale models may lag behind our ability to scale data —
potentially closely related to observations from foundation models (see
next)
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Future models - what drives the frontier (l1l)

Vigl, Hartman, Kagan, Heinrich. 2602.15781
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QCD Rejection

>»What we possibly see:
1. State-of-the-art ATLAS/CMS training is already at O(100M) events, yet datasets can

still scale further

570.2M
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ing up
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Background rejection @ 77% bjet-efficiency

2.0ur ability to scale models may lag behind our ability to scale data — potentially
closely related to observations from foundation models (see next)

3.Comparing ATLAS (right) vs fast sim (left): we are far away from saturation; is
fast-sim becoming the bottleneck?

Conggiao Li (Peking University)
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Model size (N)

()]
~

- 34K

- 182K

- 979K
- 5M

- 28M
- 251M
- 4B

- 677B
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Future models - what drives the frontier (l1l)

—> On the "Foundation Model” Fever (typical examples)

Jet tokenization

tttttt

OmniJet-a

2403.05618 (MLST)
(GPT-like, next-token prediction to learn jet properties)
> P
N niy
S(Trans'onne(sleckxz)(class‘l‘okaﬂ) E Bl
..D. CI;::'LM O Generator Head
OmniLearn + OmnilLearned 2404.16091 (PRD)
(trained on simultaneous classification + 2502.14652 (PRD)
diffusion-based generative tasks) 2510.24066 (PRD)

Conggiao Li (Peking University)
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Scaling up

Cross Entropy Loss

v oo l I
e CJEE
[Masked Prediction Head]
[ I
—«
Discretize [ VQ-VAE )
(frozen) Encoder
[ MPM Backbone ]
N A A I f Positional
\ Embedding
V — . 2401.13537 (MLST)
Original Jet Set of Particles Mask = 2409‘12589 (MLST)
Masked Particle Modelling
(SSL with Masked autoencoder (MAE) style)
P-JEPA
s ® N—
L -.-D-:
EMA® of Weights RA;?Q gtttd Loss
CJ—> @
& ©
.. . - -D_> Aggregated Los: @D»-ﬁ-hD-@ <=
C] PDLoss | o oo ?\?b -
* EMA: Exponential Moving Average -_> I:I @ -

P-JépPa jet embedding prediction
(particle-level) see e.g. H. Qu’s talk
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Future models - what drives the frontier (l1l)

Scaling up

—> On the "Foundation Model” Fever (typical examples)

> Not yet adopted in experiments (with no compelling motivation so
far)

> An overlooked point: ATLAS/CMS already train on O(100M) samples,
pushing “pure classification” close to the limits

> A different story in computer vision: on ImageNet (~1M images), self-
supervised methods emerged partly to overcome weak “pure
classification” baselines

> In HEP: find model scaling harder, but data scaling much easier

Future direction is unclear, but this reflection may give a hint

Conggiao Li (Peking University) QCML 2026 17 August, 2026
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Conclusion

-> This talk highlights three recent insights into how we build models

R/

“* Not covering all Al topics, but these ideas may generalize (jet model, end-to-end

model, PFlow reconstruction, scaling behavior...)

-> Richer inputs: connect upstream & downstream models in HEP — has

become important now

-> Higher multiplicities: time to seriously explore game-changing paradigms

(e.g. analysis with full event particles)

-> Scaling capability: help us cut through the fog: where is the final sensitivity
limit, and how do we reach it faster?

Conggiao Li (Peking University) QCML 2026 17 August, 2026 20
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Backup
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Evolution of jet NNs

feed-forward NN (high-level inputs)

Shallow networks

4+ Using high-level features
directly as inputto a
shallow network

Conggiao Li (Peking University)

>

1D/2D CNN, RNN (low-level inputs)

QCML 2026

>

Al in HEP Experiment: Status and Prospects

graph NN, Transformers
(low-level inputs)

17 August, 2026
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Quantum Computing and Machine Learning Workshop 2026

Evolution of jet NNs

feed-forward NN (high-level inputs) > 1D/2D CNN, RNN  (low-level inputs) > graph NN, Transformers > 27
(low-level inputs)
n Particles -
particles, ordered by pr % Fully
connected N Output
1 | B T
Shallow networks Deep NN with low-level inputs

4 Using particle-level features

4 Input data structure determines
the type of networks

4+ Using high-level features
directly as inputto a

shallow network
- jetasaimage (fixed-grid data

structure)
« jetasasequence-> 1D CNNor
RNN
@ hti @
I
8 0 A Lol e A
O 0 —srevete —
2= 6 6 6
Typical CNN Typical RNN
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Evolution of jet NNs

feed-forward NN (high-level inputs)

Shallow networks

4+ Using high-level features
directly as inputto a
shallow network

FEATURE LEARNING

Conggiao Li (Peking University)

Typical CNN

1D/2D CNN, RNN  (low-level inputs) > graph NN, Transformers > 27
(low-level inputs)
Particles
) ;m coni:lélcyted Output E‘" @ xh".\ <. ! Xh’% eyviﬂl.
Deep NN with low-level inputs Graph structure
4 Using particle-level features 4 Graph neural networks
4 Input data structure determines . treata jet as a permutational-invariant
the type of networks set of particles (or, point cloud)
. : : :  build “edges” between particles
« jetasaimage (fixed-grid data 5 P
structure)
. +
« Jetasasequence-> 1D CNN or Transformer networks
RNN « modern architectural designs; like a
full-connected graph
G G ¢
' e
:X: : : A T] g xr’* A < - pr %
: D lj“ CCCCCCC - J N “»
L V °°°°°°°° = é @5 é " . 7 o ){
CLASSIFICATION O/ \
V o
Typical RNN Typical graph
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Evolution of jet NNs (CMS)

~ -

Shallow networks

(BDTs)
Double-b tagging: an early phase (~2016-17)
T-axis1 of H>bb tagger development JINST 15 (2020) PO6005
T-axis2
‘ A BDT trained with high—leveljet inpUtS 35.9 b (13 TeV)
> Fr~TrrTrrrrTrr T T T T T T
\ - selected tracks and SVs + features forthe & ™| OMS wsocs <omoer E
tWO_SV SyStem % 6000; s %?glaﬁlj?ackground é
£ sl S
double-b 40001 E
3000? *;
2000 =
1000; é
| 0: e M ‘ ‘ el T
The first boosted H>bb search at the LHC g 'f o ]
PRL120(2018), 071802 & |

%0 60 80 100 120 140 160 180 200
Mgy (GeV)
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Evolution of jet NNs (CMS)

. .o lD/ZD CNN, RNN IR >. . reee 27

& Particles
i | B
o (S} i
! Ly ——mm———
h

particles, ordered by pr

Fully
connected Output

.' i gI [ﬁﬁlﬁ‘ (1 layer)

—>
SVs, ordered by Sip2p

Deep NN with low-level inputs

|Charged (16 features) x25( 1x1 conv. 64/32/32/8|— RNN 150 b
bb
| Neutral (6 features) x25|—| 1x1 conv. 32/16/4 |—| RNN 50 '— Dense lepb
200 nodes x1, |— c
|Secondary Vix (12 features) x4|{ 1x1 conv. 64/32/32/8|— RNN 50— 100 nodes x7 | | |
|Global variables (6 features) I g

DeepJet (~2019-23):
 widely used small-R jet tagger (b/c flavour
tagger) in Run 2
» processing PF candidates + SVs + global
variables
JINST 15 (2020) P12012
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Evolution of jet NNs (CMS)

ooooo }a ° ° ??
Partlcles 1
|
par tI order dbyp (,Mayers) Fully E‘. ¢
connected b | : ®
. “I S ) (1 tayer) 3 JINST 15 (2020) PO6005

DeepAKS8 (~2017-20):
« early unified top/W/Z/H tagger

Deep NN with low-level inputs « processing PF candidates + SVs via 1D CNN

Particles
|Charged (16 features) x25|—|1x1 conv. 64/32/32/8|—| RNN 150|— b P
|Neutra| (6 features) x25|—|1x1 conv. 32/16/4|—| RNN 50|— 200De:se ; I::b *§ |<1 i | |:|| | | |:|
nodes x1, | — & :
y Vix ( ) x4|-| 1x1 conv. 64/32/32/8]— RNN 50} 100 nodes x7 ‘I’ particles, ordered by pr Fully
|Global variables (6 features) | g connected N Output

DeepJet (~2019-23): g (1 layer)

epJet ( ) | BT .
 widely used small-R jet tagger (b/c flavour V& ordered by So

tagger) in Run 2

» processing PF candidates + SVs + global e ComviD GRU
0 607 particles x 301 features | = 2 layers (32+32) - 1 layers (50) -
Va rla bles ________ _I dropout = 0.1 dropout = 0.1
JINST 15 (2020) P12012 e [ e iy
| | dropout = 0.1 dropout = 0.1 Dense (softmax)
__________ 1layer (100) | e
_______ _ - _I dropout =
e, o | e [l |
I_ o _' dropout = 0.1 dropout = 0.1 ccvs light
__________ ccvs bb
DeepDOUbleX (~2018_22): : double-b (jet-level) : > H
. 1jet x 277 features I
« upgraded from double-b for H>bb/cc tagging  ---------- VIS E L
. + - i —— -
1D CNN + RNN to process low-level candidates CMS-PAS-BTV.22-001
QCML 2026 17 August, 2026 24
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Evolution of jet NNs (CMS)

< P St = g < A =

£--- >+ graph NN, Transformers —«+++»-% 27

S - (low-level inputs) 3
V4 S | A N ® X; . j .x y
- . & / dgeC \

€

| .//\' .//.\' 2@

| *3\” | 4 Y g ® ]
[ ' ——“ ” 2
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Global Particle Transformer

vl

v2

v3
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CMS-DP-2026-104

ParT for H - WW (GloParT v1) (development period: Sept. 2022—-May 2023) )
The first-generation GloParT model was the first ParT-based tagging model, originally developed for boosted

H — WW tagging, as described in Ref. [11]. The model was trained on 37 jet categories with a unified jet-mass
regression output. It is designed to target variable-mass resonances decaying to bb, c¢, qq, and 77, as well as

H — WW signatures with fully hadronic (4q) and semileptonic (¢rqq) final states spanning different flavour
compositions, including top-quark-like decay topologies. Analyses employing this tagger include Refs. [11, 16,

17, 18].
J

~

s

GloParT v2 (development period: May 2023-Dec. 2023)

The second-generation model was developed following the large-scale classification paradigm for global jet tag-
ging and jet-mass regression. The training dataset was substantially expanded, particularly for H — WW-like
and H — ZZ-like four-prong signatures, with a significantly refined categorization scheme. The total number
of jet categories was increased to 314. In addition, the input feature representation was optimized to improve

model performance. Analyses using this model include Ref. [19].

y

GloParT v3 (development period: June 2024—-Dec. 2024) )
The third-generation model further extended the resonance mass coverage from the previous upper limit of

250 GeV to 650 GeV, together with a substantial increase in the size of the training dataset. Several two-prong
categories were further refined to distinguish the charge of charged resonances, and additional decay categories
containing photons in two-, three-, and four-prong topologies were introduced, resulting in a total of 374 classes.
The model implementation and hyperparameter configuration were also further optimized. Another major up-

date was the redesign of the jet-mass regression strategy to provide class-specific regression outputs, leading to
improved performance of the regression nodes. The model has been deployed within the CMS analysis workflow,
and current analyses employing this model include Ref. [20].
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CMS flavor tagging reproduction

-> CMS b/c-tagging (advanced DNN based) performance is reproducible using

Background (c / light jet) efficiency

fast simulation

10t

SophonAK4 B vs L (AUC:0.9785)
i SephonAK4 Bvs © (AUC:0.9310)

1070 4 17 events
1 pr>30GeV,Igl<25

10T 2

105 3
1 J
/,/
/
/
1ot : , l :
0.0 0.2 04 0.6 0.8

1.0

Signal (b jet) efficiency

jet) efficiency

S

b / light

(

1077

Background

107

Lot
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107

1 frevents ’ 7 '
pr>30GeV, Iyl <2.5 7
A =y |
F 4 ‘ |
“  SophonAK4 C vs L (—\l(‘ ‘: I(’)‘.'8478)
SophonAK4 C vs B- (AUC:40.9398)
0.0 0.2 0.4 0.6 0.8 1.0

Signal (¢ jet) clficiency

(1) see SophonAK4 Huggingface release &

(2) see the Appendix A here (both Sophon (for AK8) + SophonAK4)
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