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Almost a decade of ML4Jets

Machine Learning for Jet Physics
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There has been a recent surge of interest in developing and applying advanced machine learning
techniques in HEP, and jet physics is a domain at the forefront of the excitement. The goal of this
workshop is to gather experts and new-commers to discuss progress, new ideas, and common

challenges. The workshop is open to the community; we invite contributions and will try to
accommodate everyone within reason.
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Where have we come from?
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A decade of ML defying expectations

Scaling Laws for Neural Language Models Scaling Data-Constrained Language Models
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What data

| representation?
Data representation

Set of particle flow objects — jet

jet —
Y labels or pr regression

Learn: p(Y | Xy, ..., Xj)




Data representation

Set of hits — tracks Set of cells = calo cluster

Set of hits

Set of calo clusters

} — particle flow objects

Set of particle flow objects — jet

Set of jet = event

Set of events — dataset



Data representation

Set of hits — tracks Set of cells — calo cluster

Set of hits

Set of calo clusters

} — particle flow objects

Set of particle flow objects — jet

Set of jet —

Set of — dataset

Diverse tasks in ML4Jets reco with
similar data structure. 0




Transtormer: our architecture of choice

a) Self attention
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Transtormer: our architecture of choice
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Outline

f 1/ Building our jets (inputs)

‘ /J 2/ Scaling up jet models

m 3/ Understanding jets (calibration)

4/ Physics with our |ets



Tracking

0 | Traditionally: iterative fit
Task: Group hits into tracks . |
Fit parameters

Partition hits

/

ML solutions

Graph NN Transformer
e N Lo transformer
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e N track queries

Sayed Heider Ali’s talk tmr


https://indico.global/event/15240/contributions/165371/
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Maskformer: 2107.062/38; 2112.01527
b for tracking 2411.07149
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Maskformer: 2107.062/38; 2112.01527
b for tracking 2411.07149
b in ATLAS: ATL-PHYS-PUB-2025-045

Tracking: Maskformers

: . . . AI'I'LAS'SlirrlulJllétlion Prlelirrllin'arlyl . o SuSp ITracksl
Application: [racking in [ v§=13TeV, Zqq O e
dense environments TTMS=075 —— MaskFormer Tracks -

ol : For high pt tracks, Maskformer -
> - has improved tracking
s | S T efficiency, by up to 30%
R _
oo = . - T =
O - o | 2 mm B
S | == =
al i
0.7 - i 3 —— _
At the dense core of high pT jets, : 3 —
tracks are more likely to merge 0.6 _

| 10 10° 10
Particle pt [GeV] 12


https://arxiv.org/abs/2107.06278
https://arxiv.org/abs/2112.01527
https://arxiv.org/abs/2411.07149
https://cds.cern.ch/record/2947765/files/ATL-PHYS-PUB-2025-045.pdf

Challenge: Pileup robustness
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Challenge: Pileup robustness

Challenge: topo-clusters

robust to pileup?
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More on PU mitigation in Nathan Suri’s talk
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Clustering (topocluster formation)

Challenge: topo-clusters

c Cut on the cell time robust to pileup?

EPJC 84 (2024) 455 4 2 5 40

— Deployed in Run 3 reco Ima: V. Gairo

15


https://arxiv.org/abs/2310.16497

Clustering (topocluster formation)
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CMS, EJC (20206)
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Tagging: Inputs

Before (2025): Bespoke models, targetted inputs for each task

T
I

B —

Eur. Phys. J. C 83 (2023) 681 T Transformer
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Task 1: b-tagging
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Tagging: mutlimodal inputs

Now (2026): Unified inputs = general purpose models
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2005.14165

Circa 2020: Natural Language Processing

_Human_
Tell information Ask questions
—— e — O
Generative //‘
Pre o0
Training :
70 _Zero-ShotSOTA ./ ____—%  o—— .
>
O
[a>
% 60 (
é:) 950
Comparing w/ size of SOTA |
jet tagging models 40 GPTS3, Fig 3.2
—e— Zero-Shot
GN2 GN3 30 —e— One-Shot
(2m) (13m) o ' —eo— Few-Shot (K=15)
x x x x 0.1B 0.4B 08B 1.3B 2.6B 6./B 13B 175B
UParTvi UParTv2 GloParT Parameters in LM (Billions)
(2m) (6m) (16mM)

19


https://arxiv.org/abs/2005.14165

Scale translates to physics

1) Find smallest model

that overfits the data

108} ATLAS Simulation Preliminary
Vs =13/13.6 TeV
) F ®
) F
§ 3 e
© z
© :
0 Imp ©
o F
£ : ®
= _
£ .
= _ ®
10kE —
F e Overfitting
D =0.062 -N"1.37

Model Parameters (N)

ik Im

T 10oM

Test Loss

1.6

1.4}

1.2}

1.0

0.8}

0.6

ATL-SOFT-2026-002

Kaplan et al, 2001.08361;
Chinchilla prescription: 2203.15556
Multi-epoch: 2305.16264

Background rejection @ 77% bjet-efficiency

2 z

9 Q

Q (7

= [

()

= =
-10K - 6K
-100K - 34K
-1M - 182K
-10M - 979K
-100M - 5M
-1B - 28M
-20B - 251M
-1T - 4B
-1P - 6778

101 102 103 108 105

20


https://cds.cern.ch/record/2953659/
https://arxiv.org/pdf/2001.08361
https://arxiv.org/pdf/2203.15556
https://arxiv.org/abs/2305.16264

Training Dataset Size (D)

Scale translates to physics
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Training Dataset Size (D)

Scale translates to physics
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Scale translates to physics
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What could we do?

More data helps
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What could we do?

More data helps
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Light-jet rejection
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Prediction for
100 billion training jets
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Prediction for
100 billion training jets
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What could we do?

More data helps : CMS agrees!

CMS-DP-2025-081

CMS Simulation Preliminary (13.6 TeV)
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Not only for jet tagging!

Regressing Amplitudes, 2601.13308

Generative models, 2605.28940 + Anna’s talk on Wed
Symmetric networks, 2608.02735 + Jonas’s talk on Fri
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How far can we transfer?

\

b/ c/light

8 billion small R
jets pretraining TN28-86M

ATL-SOFT-2026-002
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ATLAS Simulation Preliminary
Vs =13, 136 TeV, Anti-k; R = 1.0 UFO jets
pr > 200 GeV, 50 < m; < 300 GeV, || < 2.0
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How far can we transfer?

\
\
b/ c/light
8 billion small R

jets pretraining TN28-86M

ATL-SOFT-2026-002

Start with small R
NN weights

Qv‘

Finetune on
large R

QCD rejection at 70% Hbb signal efficiency

Fine-tuned/Scratch
O = N W e 0

S
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ATLAS Simulation Preliminary
Vs =13, 136 TeV, Anti-k; R = 1.0 UFO jets
pr > 200 GeV, 50 < m; < 300 GeV, || < 2.0
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—o— GN3X (86M) Scratch

—e— GN3X (86M) Fine-tuned from TN25-86M

# Large-R training jets

How you finetune matters, ref
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Boosted H(WW) tagging

Latest GloParT model has 374 classes ( general for pretraining )
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The real scientific method isn't hypothesis
testing, but a determination to catch
potential errors.

Physical
Sciences

v Error analysis




Jet topics: g/g calibration

Disentangling Jet Categories at Colliders

Machine Learning for Jet Physics Workshop

Jet Topics Mixed Jet Sample N
Eric M. Metodiev .
Center for Theoretical Physics Mlxed Jet Sample I
Massachusetts Institute of Technology 00O —
Quark Jet 0000 il
Joint work with Patrick Komiske and Jesse Thaler
. I 3T hhk
0000
N ber 16,2018 I

ovember 00060
Metodiev & Thaler, PRL 120 (2018) 241602 ) ) .
Komiske, Kryhinand, Thaler, PRD 106 (2022) 094021 | Jet Fractions Mixed Data Histogram
LeBlanc, Nachman, Sauer, JHEP 02 (2023) 150 Gluon Jet

Key assumption: 7 independence g ——> «—

X smaller X, large
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Fig: Samuel Jankovych
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ATLAS Collab, 2512.03949

Jet topic: g/g calibration

(X) = Ky pe(x)

P quark(x) =

1 —x
) -k (x)
pgluon(x) —
1 —«x
quark-enriched gluon-enriched
L7 VN E L B B B B R B [ BV L e B B L BN BN LN BN BN B
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- - - 110GeV<pr<160GeV,32<|n| <4.5 D E - 800GeV<pr<1.1TeV,00<|n|<12 D -
Experimental details g 010} ¢ Paa g | g oo * M-
| | € 0.08 S 0.08F :
* 77 Invariance not 5 006l 5 0ok
Z UUor Z VoL .
respected by detector o 004 .
» Reweight central — forward :
0.02 F 0.02
* Need to subtract off roof 000
baCkgrOundS 15 _7 I | LI I T | LI B I LI B B | LI I | I L I LI 1.5_ | | | | | l | | l_
» Apply this formula twice and g } . g i oo ."":
solve two systems of equations c\U 1.0 ** ".....0.000.000.00..0.0........0_' ; 10k .....,..oooooooooooooooooo XX X :_
el Maa g | 18 [ :
AP B RPN BN R B B B I R AR BN BT EFEE R EF T B
0'%.2 0!3 0!4 0f5 0!6 0!7 0.8 0.9 0-5 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
DeParT score DeParT score
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ATLAS Collab, 2512.03949

Jet topic: g/g calibration

(x) — K (X) DA X)

— y
X) = _ i DF -
P quark( ) 1 — & K= 1nin , and similarly for kg
: X
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ATLAS Collab, 2512.03949

Jet topic: g/g calibration

S 2.5 ' ' T T T LI B | ]
PF(X) — Ky pC(x) § [ ATLAS —8— Matrix Method -
p k(x) = & | V5= 13TeV, 1401} _m- Jet Topics ;
quar 1 —x L 5[ 50% WP, 0.0 < |n| < 1.2, Quark et lop -

O

7))

X)) =Kk pp(x) 1.5
P gluon(x) —
I — Ko

Impact: 20% decrease In
experimental uncertainty

Relative total
uncertainty
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ATLAS Collab, 2512.03949

Jet topic: g/g calibration

o
o
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(x) = (x) — K (X) % A o 140 o o 'Mlatrix Method -
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— K | :
1.0F + + ' y 9 9 9 5 Al A .
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€510 | ki

10° 10°
pr [GeV]

Multi-class extensions in Gregorio +
Johann’s talks this afternoon!
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Extending to more dimensions

1) “Standard candles” to derive (and validate) uncertainties.

- b Q\\‘\‘\NZ

Y

: T ¢ oS <L)

2) A probability dist in high dimenstions = generative models

. P (xsim) - Q(xdata)? )
') ATLAS, 2505.13063
CMS, DP-2026-106

p('xsim)

q (xdata)

-
-
-

[ref], Malte Algren 29
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[ earning Label Proportions + OT calibration

1) Correct the flavor fractions

Train INn data to learn the flavor fractions
Dery, Nachman, Rubbo, Schwartzman, 1702.00414

“Soft label” for data

Jets

DP-2026-106

2.5}
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L earning Label Proportions + OT calibration

1) Correct the flavor fractions

e Jrain In data to learn the flavor fractions
Dery, Nachman, Rubbo, Schwartzman, 1702.00414

o “Soft label” for data

2) Map from MC to data with conditional

flow matching

* [earn the velocity field from MC -> data

e Solve the OT per mini-batch

* Also condition maps on pl and jet flavor

Jets

P-2026-106

105 CMS Preliminary 110 fb=! (13.6 TeV)

S S L B B B

: Semileptonic tt 1
3'5:_ udsg  —- Pre-calibration |-
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i b Stat Unc
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O I T T
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L earning Label Proportions + OT calibration

105 CMS Preliminary
- | | | | | | | | |

1) Correct the flavor fractions

2) Map from MC to data with conditional

Train INn data to learn the flavor fractions
Dery, Nachman, Rubbo, Schwartzman, 1702.00414

“Soft label” for data

flow matching

Learn the velocity field from MC -> data
Solve the OT per mini-batch

* Also condition maps on pl and jet flavor

Calibrations for all three flavors: b-jets

(f1), c-jets (W+c), light-jets (Drell-Yann)

Jets

P-2026-106

110 fb~' (13.6 TeV)
A bt/

3.5
3.0

2.5

Semileptonic tt

udsg - = Pre-calibration
C —— Post-calibration
b Stat Unc

- ¢ Data Stat+Syst Unc

] I ] | ] I ] | ] I ] | I

0.8
UParT CvB *¢

1.0
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2507.08867

Can we calibrate this latent space?

tracks

tracks tracks
Source - == Calibrated
S of S of
Q. Q.
VL VL . .
m M Vv Y
S o S of |
HH vs. bkg e " Q.
. /%<v % . . . :
T *
sl S v Yo
o o | SN,
(Vg v W TV . | —— 'f/\
5 < 5 <
(W Q.
/,\:'f) 09 ,\"{) g v A O 9 QQ ’lf? (9.0 AT B /‘\j? 09 ,\"f) 9SS v A O 09 ’If? (’).Q AT B
PCA 1l PCA 2 PCA 3 PCA 4 PCA S5 PCA 1 PCA 2 PCA 3 PCA 4 PCA S5

YES! OT (normalizing flows) can calibrate high dim latent space!
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Domain adaptation

JINST 20 (2025) P12032

x 7

You want the data MC to agree? Put it in the loss function!

L =2

Standard supervised
learning loss

class

Events / unit

Obs. / Exp

Ex: hadronic 7 identification

CMS 59.7 fb~! (13 TeV)
x106 p———F———T———
o5 ¢ Data Bl QCD multijet A
: Z - T,Th Bl tt and single t
ool ™ Z-yp 777, Stat. unc. o
. Il Electroweak |
1.5 _
1.0 3
0.5 | .
® | *
0.0
12— 1 1
1.00 W,‘fﬁ,,w‘#ﬁ#ﬁ,ﬁwmxﬁ,,W,W,aw f 49”“,‘,.,%
0.75F vl
0.95 0.96 0.97 0.98 9 1.0
Di%° (before domain ad '
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JINST 20 (2025) P12032

x 7

Domain adaptation

You want the data MC to agree? Put it in the loss function!

Ex: hadronic 7 identification

P = &L —x - L _CMS 59.7 fo-! (13 TeV) _CMS 59.7 fo-! (13 TeV)
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Analysis: Background estimation

Fact: No hadronic analysis relies on MC for background estimation®

Challenges: (1) Accuracy
(2) Speed

More in Theo and Michal's talks tmr!
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0
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B 7 N % N
_ 7 e —
. . w |
77, —
| L1 1 1 | L1 1 | | .| l L1 | — 1 e el
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300 400 500 600 700 800 900 1000

MuH [GeV]

*If you have an example, please enlighten me!
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Analysis: Background estimation

Fact: No hadronic analysis relies on MC for background estimation®

PRD 108 (2023) 052003

Challenges: (1) Accuracy S R e RRARN R s L e LT

> _
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*If you have an example, please enlighten me! 33
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Analysis: Background estimation

Fact: No hadronic analysis relies on MC for background estimation®

PRD 108 (2023) 052003

Challenges: (1) Accuracy

> B I 7 171 l T I | I | I | L I | -l I | L l _
8 6000_ ATLAS e ;
(2) Speed N V5 =13TeV, 126 fb! QCD MC
N - 4b Control Region 1 o .
00
More in Theo and Michal's talks tmr! ; - 7 staterr
o 4000 ™ 4 4bdata -
Solution: Data driven bkg est S I, ) 2.
2000 k& 7 5 X —
Likelihood ratio estimation , B ‘
ATLAS: 4b+MET PRD 109 (2024) 112011 VH(qgbb) PRL 132 (2024) 131802; 0 Lo 1 ',' e S W B~ ————t—
HH4b res PRD 105 (2022) 092002; nonres PRD 108 (2023) 052003 O o L ‘// T I ] T T T I I T T T l ] N} -/
CMS: HH4b, PRL 129 (2022) 081802, 2604.27044 s 1.5 | — o ————— :‘
+ many others — ' A 8
1 . O ;/ ’, ﬂﬂ#ﬁﬁﬁﬂﬂﬁﬂﬁﬁ#ﬁﬁﬁﬂﬁﬂﬁﬂﬂ#ﬁﬁﬁﬂﬂﬂﬂﬂﬂﬂ-‘V"V"V""‘" ?\»-—w p
© 7 K -
— - R — ———
: : : g0-5:_11111111.11 T 11..11 |
Densrty est|m at|on 300 400 500 500 700 800 900 1000

MHH [GeV]
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https://indico.global/event/15240/contributions/165907/
https://arxiv.org/abs/2401.14922
https://arxiv.org/abs/2312.07605
https://arxiv.org/abs/2202.07288
https://arxiv.org/abs/2301.03212
https://arxiv.org/abs/2202.09617
https://arxiv.org/abs/2604.27044
https://arxiv.org/abs/2301.03212

Analysis: Background estimation

Fact: No hadronic analysis relies on MC for background estimation®

Challenges: (1) Accuracy
(2) Speed

More in Theo and Michal's talks tmr!

Solution: Data driven bkg est

« Likelihood ratio estimation

ATLAS: 4b+MET PRD 109 (2024) 112011; VH(ggbb) PRL 132 (2024) 131802;
HH4b res PRD 105 (2022) 092002; nonres PRD 108 (2023) 052003

CMS: HH4b, PRL 129 (2022) 081802, 2604.27044

+ many others

» Density estimation

Generative models: p¢(x)

Entries / 25 GeV

2000 &

PRD 108 (2023) 052003

_I |1 L l 1 I 1L L I | l | L L I | I L L l_
- ATLAS tt MC -
. Vs =13 TeV, 126 fb~! QCD MC -
: 4b Sontrol Region 1 7 stat err
- 4+ 4bdata -
B N % 7
I | | S - Il | - ——
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| _q " 3‘ ”
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https://indico.global/event/15240/contributions/165907/
https://indico.global/event/15240/contributions/165907/
https://arxiv.org/abs/2401.14922
https://arxiv.org/abs/2312.07605
https://arxiv.org/abs/2202.07288
https://arxiv.org/abs/2301.03212
https://arxiv.org/abs/2202.09617
https://arxiv.org/abs/2604.27044
https://arxiv.org/abs/2301.03212

Learn P ¢( X | m) - Normalising flows for background estimation

Resonance 1

I T Mass: control variable to define
signal-depleted regions osonance 2
a.u.g\w Pr1
\}“\« Jo,(20) Jo(Zi—1) Jo,, (z) Pr2
i OO () (m)=x=]

H B B
1 \
"C,' / \ ’ \ \ }7
H"‘: / \ / \ / \ 2
- [} \ | \ | \
| 1 | 1 | 1
\ I \ I \ I
\ / \ —> \ >/ 12
\ / \ / \ /
\ / /7 \ V4
7/

, , > ~--- ~--- ~---
SB E SR E SB " Zo ~ Po(Zo) z; ~ pi(2;) zk ~ Pk (ZK) Img ref

Pdata(z|m € SB)
= ppg(z|m € SB)

Pdata(z|m € SB)

pdata(x|m € SR) _ pbg(xlm = SB)

CATHODE
Hallin, et. al, PRD 106 (2022) 055006

K | of~1

34


https://lilianweng.github.io/posts/2018-10-13-flow-models/

Ahomaly Detection

CWol a (Classification w/o Labels)

Train data vs background

N
el ‘ Cut on
TTeeel L Cwol.a score

mj [GeV]

Method Bkg estimate

CMS

Rep. Prog. Phys.
88 (2025) 067802

CWoLA  Use mj sidebands (SB)
(TNT) (+ “normal” jets (jet-AE))

CATHODE Norm flow to interpolate from m; SB

QUAK: Norm flows estimate the density of S and B
VAE-QR (1d cnn) over particle flow object p

ATLAS

PRD 112 (2025)
072009

CURTAINS Norm flow & OT to map b/w mj SBs
SALAD NN reweight tsim to data in SBs

Review: Golling et. al, EPJC 84 (2024) 241; also Mark Fanselow’s talk (Thurs)!
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https://arxiv.org/abs/2502.09770
https://arxiv.org/abs/2502.09770
https://cms-results.web.cern.ch/cms-results/public-results/publications/EXO-22-026/
https://cms-results.web.cern.ch/cms-results/public-results/publications/EXO-22-026/
https://arxiv.org/abs/2307.11157
https://indico.global/event/15240/contributions/165250/

: '\et

Anomaly Detection

CWola (Classification w/o Labels)
Train data vs background

Entries

N~
el Cut on
TTeeel L Cwol.a score

mj [GeV]

Method Bkg estimate

CWoLA
(TNT)
CATHODE Norm flow to interpolate from m; SB

Use mj sidebands (SB)
(+ “normal” jets (jet-AE))

CMS

Rep. Prog. Phys.
88 (2025) 067802

QUAK: Norm flows estimate the density of S and B
VAE-QR (1d cnn) over particle flow object p

CURTAINS Norm flow & OT to map b/w mj SBs
SALAD

ATLAS

PRD 112 (2025)
072009

NN reweight tsim to data in SBs

Review: Golling et. al, EPJC 84 (2024) 241; also Mark Fanselow’s talk (Thurs)!

BSM Higgs searches N

ATLAS, accepted to PRD, 2607.18484

L. 7 Resolved

Mixed

‘ b-tag: GN2 @
3 H-tag: GN2X ¢

>
(O]
S 10° ATLAS » —— mx=300GeV  —— myx= 1000 GeV 10 uncertainty
@ Vs =13 TeV, 126 fb my = 400 GeV GP+NF model { Dat
£ Resolved channel mX = 250 GaV +INF mode ata
— - _ X =
i 10° ms =100 GeV (non-compressed) Post-fit (Background only)
107 "%ee . 1 ....‘0... - ..°0... o .‘...‘00.
...'0... o ‘-..'l.” ’..".l. oo.l’ ,
ot |
HW ] " il 1y
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o
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\bQ (goQ b‘qcb 666 %\‘2) %QQ D?JQ <'oq’Q /\I\Q \(,)Q ‘560 bcgq’ ‘666 ‘b\‘b QQO" (bqf.) b:\o.) Q,Q/Q ,\/\Q Q?-)Q) (bqf.) b:\o.) Q)Q'Q ,\/\Q ofb% (b(zf.) b:\o.) 6(?9 ,\/\Q Q?D(b
my° [GeV]
|Ans°l < 0.5 0.5 <|Ang3° < 1 1<]Angy°l<1.5 |Ansg°1 < 0.5 0.5 <|Angy’< 1 1<]Angy°l< 1.5
XI55 < 0.95 ) 0.95 < X% < 1.6

Excellent post-fit agreement!

Improved nonclosure c.f. NN reweighting baseline
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https://arxiv.org/abs/2502.09770
https://arxiv.org/abs/2502.09770
https://cms-results.web.cern.ch/cms-results/public-results/publications/EXO-22-026/
https://cms-results.web.cern.ch/cms-results/public-results/publications/EXO-22-026/
https://arxiv.org/abs/2607.18484
https://arxiv.org/abs/2307.11157
https://indico.global/event/15240/contributions/165250/

Analysis: optimal discriminants

Jets

Nx

UolUSNY
pesH-NINA

Bulppeqwi3
1Ndu
WION % PPY
WION 2 PPY

NN output score

Leptc
uon Transformer = general-purpose backbone for

/ encoding correlations across objects in an event.
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Physics impact: transformers for analysis

Charm yukawa coupling EveNet
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Also HH—, bbyy, bbWW See also Vinny’s talk & Anna’s overview on FM



https://arxiv.org/pdf/2509.22535
https://cds.cern.ch/record/2945062/files/HIG-25-007-pas.pdf
https://cds.cern.ch/record/295850
https://atlas.cern/Updates/Briefing/DiHiggs-bbtautau
https://indico.global/event/15240/contributions/165360/
https://indico.global/event/15240/contributions/165914/
https://arxiv.org/abs/2601.17126
https://arxiv.org/abs/2604.27044

“There are a lot of deep mysteries about
how the universe works... Most of the things
we care about we don’t understand...

The nature of reality — that’s ultimately what
I'm after. And | want to use Al as a tool to
nelp us understand the nature of reality
around It.”
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‘There are a lot of deep mysteries about
how the universe works... Most of the things
we care about we don't understand.

The nature of reality — that’s ultimately what
I'm after. And | want to use Al as a tool to
nelp us understand the nature of reality
around It.”
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Nobel Laureate
Interview with Cleo Abram, video

\xﬁ
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https://www.youtube.com/watch?v=C0gErQtnNFE

1/ Building jets: inputs

2/ Jet physics models benefit from scale

3/ ML in calibrations critical for performance

Light-jet rejection

I’I
/

;

TN25-12M
TN25-86M
Theory TN25-86M
Theory (D = 100B)
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10
0.60

Jet Topics

4/ ML now a vital tool for our physics program

9
> E " "
8 105: ATLAS . -
° E /s =13 TeV. 126 fbo-1 —— myx=300GeV  —— mx=1000 GeV 10 uncertainty
2 L Resolved channel my = 400 GeV GP+NF model t Data j
o F _ . —— my =750 GeV q
o 103? ms = 100 GeV (non-compressed) Post-fit (Background only) 3
ol i S | T ... 5
-1[ |
E q I ﬂ i |-L_f'|,_ I-L’—| e
10—3: I- I-I “ | n [ | 1 rl ! I | i
- e B B B s e
o 1.3 |
o 1 0: “fﬁt#hnhu H- Y&:*#nl.]““lll N ';A#ll.llﬂlllll | l W +l| | A ".#HP%«HI ] v‘#?”””““’ |
s L rnl*l”]l ¥ nTTItHI ligeeseevma Tyl ]TI \adesz 2277
S 07 = (6‘;“““6‘;

LR LS LR PR LPCLA F PP P
mie [GeV]

1<]ANEe < 1.5

)
:
IAng < 0.5 0.5 < |Ang] < 1 1¢|MgP <15 1AnEE] < 0.5 0.5 < [AnS°] < 1

0.95< X55°< 1.6

X550 < 0.95

Quark Jet

Gluon Jet

0.70 0.75 0.80 0.85 0.90

0.95

b-jet efficiency

1.00

Dataset size (

Mixed Jet Sample N

Mixed Jet Sample |

-

Jet Fractions Mixed Data

Histogram

=

o
©o
1

1
—
o
\®)
<

Model size (N)

L4Jets: a new era for LHC reconstruction+analysis
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ATLAS Simulation Preliminary
VS =13/13.6 TeV, tt events
20 <pr<250 GeV, |n|<2.5




Backup
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Backup

What might lie
beyond?
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Topoclustering

B seedcells |E|>40
1 growth cells |E|>20

| boundary cells

[1 final topoclusters
1 X ¢ = dynamic



https://indico.cern.ch/event/1144064/contributions/4952238/attachments/2492792/4280940/MLB_BOOST22.pdf

CMS

L1 TNGJetDPSNote2025

Data scouting... at L1

Demonstrated in Run 3: AXOL1TL / CICADA / GELATO
At HL-LHC CMS will have tracking at L1

S Jet tagging &

SOTA transformer too
large to fit on an FPGA....

)

v
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https://cds.cern.ch/record/2904695
https://arxiv.org/pdf/2510.15672
https://indico.nevis.columbia.edu/event/9/contributions/78/attachments/55/76/Cohen%20ATLAS%20AD%20Trigger%20(L1+HLT).pdf
https://twiki.cern.ch/twiki/bin/view/CMSPublic/L1TNGJetDPSNote2025

CMS

L1 TNGJetDPSNote2025

Data scouting... at L1

Demonstrated iIn Run 3: AXOL1TL / CICADA / GELATO QS Rrose 2 Setn Peprney PU 200 14 TeY)
At HL-LHC CMS will have tracking at L1

S Jet tagging £+

{ BTag CMSSW Emulator @ 14 kHz, f€=0.41 (L1 HT > 220 GeV, L 4b > 2.32)

e(HH — 4b)

SOTA transformer too
<~ large to fit on an FPGA....

anneis
o | o | S T S 0 2
> o _»pgen/p%lT
° -
o o
. 2]
g 3 | | }
9 . . Jet *
o) (IL (IE » CIassiﬁcation .......................................................................................
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0

But a Deep Set (Particle Flow Network) does!

ni

» Introduced Patrick Komiske, BOOST 2018
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HT9en [GeV]
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https://cds.cern.ch/record/2904695
https://arxiv.org/pdf/2510.15672
https://indico.nevis.columbia.edu/event/9/contributions/78/attachments/55/76/Cohen%20ATLAS%20AD%20Trigger%20(L1+HLT).pdf
https://twiki.cern.ch/twiki/bin/view/CMSPublic/L1TNGJetDPSNote2025
https://indico.cern.ch/event/649482/contributions/2993313/attachments/1689067/2717141/PTK_BOOST2018_compressed.pdf

Jet topics: g/g calibration

Extracted probabillity distributions
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Optimal transport for dat = MC corrections

Malte Algren
2505.13063

T(x)

PXgim)

Architecture: Normalizing flow

Constraint to enforce this is the
optimal transport mapping.
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https://indico.cern.ch/event/1387465/contributions/6019631/attachments/2924286/5133139/b_jet_calibration_using_optimal_transport_atlas_cms_WS.pdf
https://cds.cern.ch/record/2932483

't works!! (Reproduces standard calibration)
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Malte Algren
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https://indico.cern.ch/event/1387465/contributions/6019631/attachments/2924286/5133139/b_jet_calibration_using_optimal_transport_atlas_cms_WS.pdf
https://cds.cern.ch/record/2932483
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Performance of ParT on JetClass
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https://arxiv.org/pdf/2602.15781
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When to finetune

Validation loss

on

NS

Finetune
backbone

—r - T 1 - T T 1T l l

- ATLAS Simulation Preliminary :

: & Z _

Finetune @ TR -

Freeze * =P
backbone °

_ Clever finetuning @

% Best epoch (lowest val loss) |

M IR M B | M M ST R

0 2 - 8 10 12 14

Ex: Train / finetune on 1M large R jets

Impact: improved rejection
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How far can we transfer”

\
\
b/ c/light
8 billion small R

jets pretraining TN28-86M

ATL-SOFT-2026-002

Start with small R
NN weights

p

Finetune on
large R

Top rejection at 70% Hbb signal efficiency

Fine-tuned/Scratch
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- ATLAS Simulation Preliminary -
VS =13, 136 TeV, Anti-k; R = 1.0 UFO jets
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https://cds.cern.ch/record/2953659/

How to finetune

Train/finetune

1M large R jets
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Mass sculpting (or lack thereof)

wn

©, 025 ATLAS Simulation Preliminary |  —— QCD (inclusive)
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O
(=
N
o

Normalised number of large-R jets

O
o
-
an

o o (&) o
T L T 1

70% WP / pre-tag ratio

B
o
8 L
—bh
o -
o
_‘-
o =
(-
3
o

— . T 1 T T
- ATLAS Simulation Internal
Vs =13, 13.6 TeV, Anti-k: R = 1.0 UFO jets
- pr> 200 GeV, 50 < m; <300 GeV, |n| < 2.0

- —-— Hbb pre-tag
i —— Hbb D
- —. —-— QCD pre-tag

[ —— QCD DSI3XFT

GN3XFT

Hbb

(70% WP) _

(70% WP)

-
=
—

300


https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2026-013/

Performance vs pl
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How else to improve”? MORE INPUTS

Parameters N

10° B L [
Increasing the number of input 1-er {a, £, logpr 40 parkcles |
= 21 features, 10 particles
features LOWERS the &£ _ floor .41 L-0so.p-02
. 21 features, 40 particles _
1.2 B 2010 ?e%i?,egi%: ?r,)articles |
. — L,=0.32, =0.22 =
Dictates a research program we ok : J
should follow for the next few years & | :
- S 0.8 ‘
— Use the h|ghest_d|m |nput8! Fuanaananssfansanensst e snesbonsar:
0.6}
0.4}
0.2 -

10 108 108 107
Training samples D
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https://arxiv.org/pdf/2602.15781

NH thesis

Flows for high dimensional interpolation

Hierarchical b(x, M1, Mu2) = P(X| M1, Mi2) P(MH1, M)

Normalizing flow Gaussian process

X: BEvent kinematics

PTH1, PTH2, NH1, NH2, APHH, Xwt [top veto] ;_ A' B R T 50 O
© 160 Farias 1NES'S, Train - a
N 9 : 13 TeV, 57.7 fb~1 N 3
~ - ) =
Q Usg the smoothly ~ o here | 200 5
varying (my1, mpyo) to c 1 ...
predict out of domain 3 1B
Kinematics. ! 1100
100 = E -
80 | | | I | | | I | | _—I :O

100 120 140 160
mu1 [GeV]


https://searchworks.stanford.edu/view/14422995

thesis

Input processing : HH — 4b background modeling

Varlable transformatlons
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https://cds.cern.ch/record/2878542

Background estimation

Instead of learning a density ratio, p,,/ P,y recoy _ reco reco
. Pap (X, My ") = Py ™) - pap(x | myg
S Learn the 4b density directly
Fig 4
Fit Gaussian Process Sample from normalizing flow p( x | m§®) Reconstruct discriminant
CR SR CR iz i ER filg o i) packground
sl 1 L @000 2O |
L . . } . - e
X = (p{‘eg() p’;eIC_IO ;,]geco recco A¢§€I§O méeco

Same strategy for resolved and mixed!
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Background estimation

Instead of learning a density ratio, p4,/pa;,
S Learn the 4b density directly

Pap(y™") + Pap(x | myg ™

Gaussian Process
Normalization + mn shape

Iecoy
P 4b(x ’ mH —

T T 1T

ATLAS Internal CR GP model
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Resolved channel SR GP model
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Background estimation

Instead of learning a density ratio, p4,/pa;,
S Learn the 4b density directly

Pap(X, mﬁe ) = 17419(”’”41e =) - Dap(X] mg’ -

Gaussian Process
Normalization + mn shape

ATLAS Internal CR GP model

Vs =13 TeV,57.7 b1
Resolved channel SR GP model

mg < my (non-compressed) Uncertainty
CR data

SR data

LT T T

[ 1 [ 111H

Events / 2.6 GeV

Train the Gaussian Process

' . 0000000000

4 2 Predictionin

(blinded)
Signal Region
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s

0 0
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Background estimation

Instead of learning a density ratio, p4,/pa;,
S Learn the 4b density directly

Density estimation: way to generalize a histogram’ in high dim, §2.2

IeCo IeCo

= Pap(m;") - pap(X | Mg

Conditional
Normalizing flow

Pap (X, My

Fig 6(a) Fig 6(b)
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https://arxiv.org/abs/1910.13233

Background estimation

Instead of learning a density ratio, p4,/pa;,
S Learn the 4b density directly

Density estimation: way to generalize a histogram’ in high dim, §2.2

IeCo IeCo

Pap(X, M) = par(myg ) - Pap(X [ g

Conditional
Normalizing flow

Fig 6(a) Fig 6(b)
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ATLAS
10" — /s = 13 TeV, 126-136 fo-! —

® my=300GeV (x10'9)

Results
X—->SH - 4b
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What have we learned? 10°— mosestan
my =3000GeV (x10%)

(1) We haven’t found the new 4

. 10%— —
physics (yet)! -

J myx=5000GeV (x10")
(2) Very good agreement between 0% / e
the expectation and observation. J
100~ —
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https://arxiv.org/abs/2607.18484

ATLAS HH(bbTT)

Initial Representation

- 256-D latent space - 4 layers
- 4 self attention head each

Inputs Combined Inputs - Pos encoded
Object 1
Object 2
Global Event Object3 —9 —) —)
o Dense Deep set Layers
. . - RELU
"":,m i 1[prnem... - [32, 64] hidden layers
.” taul f’T."'d’.m_ S
-pT'HH- j(';N- }JT.n.d;m. . .. .'

Gabriele d'Anniballe ICHEP2026

Transformer Encoder

4 FFN heads
- 2.6% dropout & RELU

- [128, 64, 32] hidden layers

i

Multi-classification

-

Binary Classification

Conditional Representation

i
Global Attention pooling

+

128-D Summary
representation

]
%

Aux Higgs Parentage

;e

Aux Top Parentage
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https://indico.cern.ch/event/1522800/contributions/6987254/attachments/3322690/5949248/GabrieleDAnniballe_ICHEP2026-15.pdf

Performance translates to physics

Dashed lines fit to:
R(L) = AePli+ C

Rejection improvement
could could be as large
as 100x!

Test Loss

Only gain factor of 3 on Delphes
Vigl, NH, Kagan, Heinrich, 2602.15781
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https://cds.cern.ch/record/2953659/
https://arxiv.org/pdf/2602.15781

Boosted Jet tagging

P

Latest GloParT model has even more classes:; 374 classes (- regression nodes)
S General for pretraining for downstream tasks

Impact: 5% improvement in signal eff
at a constant background rejection

—
)
o

CMS Simulation Preliminary
L L A A R —

2024 (13.6 TeV)

——

Background efficiency
o

10-2}-

- ---- ParticleNet-MD (AUC :0.9928)

GloParT vi (AUC:0.9932)

: —— GloParT v2 (AUC:0.9942)

—— GloParT v3 (AUC :0.9943)

" H-bbvs QCD
: 400< pr< 600 GeV, |n|<2.4

60 < mgp < 150 GeV

l

—1

|

0.8 1.0
Signal efficiency
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Small-R (b-tagging)

DP-2025-081
200 CMS simulation Preliminary (13.6 TeV)
Adapted from FTAG-2023-01 with ATL-PHYS-PUB-2026-001 S - o | | 5
360 1 + ATL-PHYS-PUB-2026-002 (7,78 jets) | 10000 3 {7ef. oo a2 b =70% a1l 41040
Vs =13/13.6 TeV TN25-86M O 175 250 > pr > 20 GeV, |n| < 2.4 12
300 - - % ~ W cjet rejection - %
- Deployed as [ 10000 S o 150 - udsg jet rejection | -
.f:’ 40| === Trained O I | -
O L gooo -2 129F >
@ v | |
o 100}
= L6000 @ i
T T -
2, = 75F -+{10°
@ -4000 O i :
— 501 |
- 2000 -
251 ]
L0 OE
2017 2019 2021 2022 2023 2025 2025 DeepdJet ParticleNet  RobustParT  UParT v1 UParT v1 UParT v2 UParT v2
Year (kc=0.14) (kc=0.05)
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https://btv-public.docs.cern.ch/DPNotesRun3/DP-2025-081/DP-2025-081/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/
https://cds.cern.ch/record/2953652/files/ATL-PHYS-PUB-2026-001.pdf?version=1
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-SOFT-PUB-2026-002/

Physics Impact

Boosted Higgs evidence
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Rob Les slides

2407.20127
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https://agenda.infn.it/event/37093/contributions/234314/attachments/124117/182402/ATLAS_HadronicClassification.pdf
https://arxiv.org/abs/2407.20127

£ o)

. o N/
Where is our HEP training data’? o, Prya. . .85 (2025) 24

DOI: 10.1140/epjc/s10052-024-13701-w 17th July 2025

Software and computing for Run 3 of the ATLAS
experiment at the LHC

Eur. Phys. J. C 85 (2025) 234

During Run 2, ATLAS recorded about 18 billion complete events. Generally, 2—-3 times more simulated
events are produced than real detector events are recorded. This volume of MC simulation is required to

keep statistical uncertainties in predictions small, and to provide capacity for simulation of new physics
signals.

ATLAS Prelimina
2022 Compating Nlodel - Disk: 2031, COngervative R&D

Tot: 2.13 &

\. DATA

Bl AOD Data
a0 e DAOD Data
AOD MC
s DAOD MC
Other

This will change what a particle
physics foundation model looks like!

Simulation S



https://arxiv.org/abs/2404.06335
https://cds.cern.ch/record/2802918

How to get more simulation®

Key idea: just simulate little bricks

p(Edﬁp’{ S€C} {n} | 1I1C’ ) \

Deposited Set of Number of Incident  Material InCIdent

energy secondaries  secondaries particle properties e I e CtrO n Outgomg

\ n partlcles
= p(in} | Xines 4) P(Egeps 1Xsect | {15 Xipe, 4) — | —=

Generative model on the manifold S\\N\%
Riemannian Flow Matching

Hildebrandt... Heinrich, arXiv:2605.06591 66



https://arxiv.org/abs/2605.06591

How to get more simulation®

inc=-85 deg
Key idea: just simulate little bricks

p(Edepa {xsec}9 {n} | xinca /1)

Deposited Set of Number of Incident  Material InCIdent ' Outgoing
energy secondaries  secondaries particle properties electron '
particles
6_

= pUn} | Xines A) P(Egeps 1Xgee ) | 17]5 Xipes 4)

Generative model on the manifold
Riemannian Flow Matching

Hildebrandt... Heinrich, arXiv:2605.06591 67



https://arxiv.org/abs/2605.06591
https://huggingface.co/lego-erc
https://github.com/lego-erc/FM-Transformer

How to get more simulation®

inc=-85 deg
Key idea: just simulate little bricks

p(Edepa {xsec}9 {n} | xinca /1)

Deposited Set of Number of Incident  Material InCIdent ' Outgoing
energy secondaries  secondaries particle properties electron '
particles
6_

= pUn} | Xines A) P(Egeps 1Xgee ) | 17]5 Xipes 4)

Generative model on the manifold
Riemannian Flow Matching

Hildebrandt... Heinrich, arXiv:2605.06591 67



https://arxiv.org/abs/2605.06591
https://huggingface.co/lego-erc
https://github.com/lego-erc/FM-Transformer

How to get more simulation®

Impact: Stitch bricks together to build complicated structures

— Faster than GEANT4

@ \aterial A
S Material B

[Alternating] p €[1.0, 2.0] g/cm’

L

—o— G4
I 25-75%
5-95%

~  BRICKS
25-75%
5-95%

Neural surrogates with O-shot
transfer across detector geometries!

Egep per round [MeV]

R1 R2 R3 R4 R5 R6 R7 R8 R9Y9 RI0

| - | Round
Hildebrandt... Heinrich, arXiv:2605.06591 68



https://arxiv.org/abs/2605.06591
https://huggingface.co/lego-erc
https://github.com/lego-erc/FM-Transformer

Adapted from Max Swiatlowski’s
Searches 2025 slide

How do we calibrate jets?

ATLAS EJP C (2021) 639
0.08 | | | | | [ | | | | | | | | I

- ATLAS [ 1 Total uncertainty ]
~ Data 2015-2017, Vs =13 TeV == Absolute in situ JES ~

0 ogLAnti-k A =0.4 (PFlow+JES) - Relative in situ JES _
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JES

Fractional JES uncertainty

: _ Inclusive jets Flav. response i
. A - Pile-up i
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’ 0.02— .
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,,II,,I
IIIIIII[
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https://indico.cern.ch/event/1522665/timetable/#5-new-approaches-in-reconstruc
https://link.springer.com/article/10.1140/epjc/s10052-021-09402-3

Adapted from Max Swiatlowski’s
Searches 2025 slide

How do we calibrate jets?

ATLAS EJP C (2021) 6389

- ATLAS [ 1 Total uncertainty ]
" Data 2015-2017, Vs =13 TeV == Absolute in situ JES ~
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O
o
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How to decrease this uncertainty??
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What about calibrated inputs”?
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uncertainty by correcting &

smearing the inputs.
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Impact: dijet analyses (!)

JES uncertainties = leading

systematic for dijet measurements.

S latest ATLAS dijets measurement includes
T+ response uncertainty improvement.
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Anomaly detection (further details)

1) Define a SR (blinding strategy)

Entries

~§~ o
.. Cut on
~ o L
“~al Cwol.a score

2) Traln a bkg est

(Vanilla) CWoLA: mjj sidebands (SB)

TNT: mjj sidebands + “normal” looking jets (as
defined by jet level AE)

CATHODE: NF conditioned on mjj SB
CURTAINS: NF trained w/ OT loss to map SB to
SR

FETA: NF to map sim to data

SALAD: NN reweighting to map sim to data

3) Train data vs bkg estimate classifier
(CWola, Classification W/o Labels)

4) Cut on this CWol.a score (1 gcd bkg)

5) Fit the mjj spectrum as usual

Review of resonant AD methods: Golling et. al, EPJC 84 (2024) 241

72


https://arxiv.org/abs/2307.11157

