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HEP DATA FLOW... MATCHED WITH ML!

Ultrafast tnference (FPGA/ASIC),

anomaly detection...
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HEP DATA FLOW... MATCHED WITH ML!

Center stage
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JET TAGGING

- Jet: a collimated spray of particles

Key question:
What type of particle initiates the jet?

The answer — Jet tagging!




THE EVOLUTION OF JET  AGGERS

Tremendous progress in jet tagging in the past few years
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THE EVOLUTION OF JET  AGGERS

“Shallow™ ML

+ lnputs: O(10) hand-
crafted features
* tracks, SVs, (soft
[eptous)
-« Model: BDTs or
Feedforward NNs
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Deep ML

* [nputs:
+ O(10-100) particles

- O(1-10) SVs
+ O(~1000) low-level
foatures n total

« Model: sequence-based
deep NN

1D CNNs, RNNs, -
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TOWARDS A UNIVERSAL [ AGGER

For small-R jets: from individual taggers
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TOWARDS A UNIVERSAL TAGGER (l)

For small-R jets: from individual taggers
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TOWARDS A UNIVERSAL TAGGER (ll)  %8iiss

For large-R jets: from specific SM resonance (W/Z/H/top) tagging to generic signature-based tagging

a proof-of-concept “Sophon”: Particle Transformer trained on a wide range of boosted jet signatures (QCD + 2-, 3-,
and 4-prong, 188 classes in total), decay modes, and resonance masses (up to 500 GeV)

TABLE I. Summary of the 188 jet labels in the JETCLASS-11 dataset.

Major types Index range Label names . .
- . 0 - — (a) Pre-training
esonant jets: - , CC, 88, qq, 0c, CcSs, 0q, Cq, Sq, gg, €€, Uty ThTe, ThTuy ThTh _ _
X — 2 prong Matent = 128 g N, = 188 classes
Resonant jets: 15-160 bbbb, bbcc, bbss, bbgq, bbgg, bbee, bbup, bbtyTe, bbTy T, OTLTL, DD, bbc, bbs, bbg, bbg, bbe, bbu, ccce, . , O 0) :
X — 3 or 4 prong cess, ccqq, ccgg, ccee, Celupl, CCThTe, CCTLW Ty, CCTLTh, Ccb, cce, ccs, ccq, ccg, cce, ccp, SSSS, $5qq, SSg9, O) O O (resonant jets })
ssee, SS[Lll, SSThTe, SSThTu, SSThTh, 5Sb, 85C, 858, 85q, $5¢, ss€, S8l, 4qqq, 4999, qqee, qqiijt, qqThTe, O O O (2 prongs)
q9ThTu, 99ThTh, 99, 9qqc, qqs, qqq, qq9, qqe, qqp, 9999, ggee, ggpit, g9ThTe, 99ThTu, 99ThTh, 9gb, SOphOIl model O O O :
99¢, 995, 999, 999, 99¢€, ggH, bee, cee, see, qee, gee, bjiji, clift, SPH, QpfL, GUK, bThTe, CThTe, SThTe, > . = o = resonantjets "\ 4,
QThTe; 9ThTe; BT Ty, CTh Ty SThTu, QTh Ty 9Th Ty DThTh, CThTh, SThTh, ¢ThTh, 9ThTh, 999, 999¢, 4995, (main structure) |~ o = (3, 4 prongs) <~ /< 2
bbcq, ccbs, ccbq, ccsq, sscq, qqbc, qqbs, qqcs, bcsq, bes, beq, bsq, csq, becev, csev, bgev, cqev, sqev, © O O
qqev, bcuv, csuv, bquv, cquv, squv, qquv, betev, cstev, bqTev, cqTeV, SqTeV, qqTeV, beTuv, CSTLV, O O © CQCD jets)
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-/
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cc, ¢ss, cs, ¢, ss, S, others (b) Usage ﬂ O ‘\
| [
0.8 T 0.8 T 0.8 T O O g 0O
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0.6 - truth label: X_qq 0.6 - truth label: X_YY_ssc 0.6 - truth label: X_YY_bbg O O O :
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TOWARDS A UNIVERSAL TAGGER (ll)

For large-R jets: from specific SM resonance (W/Z/H/top) tagging to generic signature-based tagging
A few observations:

larger dataset helps — even if not directly adding the target classes

X — bb tagging performance

@ 5 Sophon | 88 classes I 34 jets |
Q o :
Q
8 4 ParTX—)bbvs. QCD
% 3 4petter ParticleNetx _, ppvs. QCD
20 ~
o ;/
1 1
0

C.Liet al,
arXiv:2405.129/2
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TOWARDS A UNIVERSAL TAGGER (ll)

For large-R jets: from specific SM resonance (W/Z/H/top) tagging to generic signature-based tagging
A few observations:

larger dataset helps — even if not directly adding the target classes

X — bb tagging performance

@ 5 Sophon [88 classes, | 34M jets
S 4 2oro Sophon A8 jets
.§ better | Parlx— phvs. Qcp 2 classes
f-ié 3 ParticleNetx— ppvs. QD +|~44M jets :

1

0

C.Liet al,
arXiv:2405.1 2972
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TOWARDS A UNIVERSAL TAGGER (ll)

For large-R jets: from specific SM resonance (W/Z/H/top) tagging to generic signature-based tagging
A few observations:

larger dataset helps — even if not directly adding the target classes

large model -> stronger transfer learning capability

. transfer learning from
X — bs tagging Performance latent space features (dim=128)

@ 5 better Sophon (transfer learmng)
- IR o a s ——a
QO
S ParT y . — bsvs. QCD icpited training |
= 3 ParticleNet x - psvs. QCD scratch if'
v 2

1

0

10_5 10_4 10_3 10_2 10_1 1?0 C.Liet al,

SM background efficiency (ep) 2LXuet=tetle.
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TOWARDS A UNIVERSAL TAGGER (lll)

At future e+e- collider...

resolving all 11 species of colored particles:

b, b, C, E, S, E, l/t, l/_ta d9 dag f'tp’fpe

True

H. Liang,Y. Zhu,Y.Wang, Y. Che,
M. Ruan, C. Zhou, and HQ
PRL |32 (2024), 221802

EurPhys).C 84 (2024), |52

b b C C S S u u d a G

Predicted
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TOWARDS A UNIVERSAL TAGGER (lll)

At future e+e- collider...

resolving all 11 species of colored particles:
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CALING UP?

Natural language models HEP models (jet tagging)

@ Amazon-owned @ Anthropic @ Apple @ Chinese © Google @ Meta / Facebook @ Microsoft @ OpenAl @ Other
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https://arxiv.org/abs/2411.00446
https://informationisbeautiful.net/visualizations/the-rise-of-generative-ai-large-language-models-llms-like-chatgpt/

FOUNDATION MODEL

“A foundation model is any model that is trained on broad data
(generally using self-supervision at scale) that can be adapted
(e.g., fine-tuned) to a wide range of downstream tasks.”

Machine Learningg Deep@)

Foundation Models

Learning
Emergence of... “how” Features functionalities
Homogenization of...  learning algorithms architectures  models

farXiv: 2108.07258]
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SELF-SUPERVISION: THE NLP APPROACH

l.e., next token prediction

he NLP way: (autoregressive) language modeling e = 0,96
The sky is —* %
LLM

. More likely

clear =-1.60
--------- usually = -2.47
the = -3.40
<=-347

Less likely

Total: -0.96 logprob on 1 token

An attempt for jets: Omnilet-A [J. Birk,A. Hallin and G. Kasieczka, MLST 5 (2024) 035031]

(73.18% probability covered in top 5 logits)

— The sky is blue

Source: nvidia.com

Y Jet tokenization
. -/
P1 token 1 P
. —/
D2 VQ-VAE token 2 VQ-VAE Ps
z’ o —> encoder —> . —> decoder > o 2?
L . - token n . o .,
Jetoriginal = {p1,p2, ce ’pn} pn pln Jetrcco — {pl yPoy .- apn}
\ xXr ﬁl = (pT’T]rel’ ¢rel) , Xr ﬁ" = (pT’nrel’ ¢re1) J

Autoregressive next-token generation

|

|

|

: Transformer Next-token
start-token > backbone prediction head

|

\

\_

token 1
token 2

!

token n

Jet generation

-

P1
VQ-VAE b2
decoder —> .
DPn

Xz

/

>
z

Jetgen - {517523 e 7ﬁn}
p; = (pr, ™, ¢™)

J

Not the most natural approach though:

requires (discrete) tokenization of high-dimensional numerical inputs

needs to impose an ordering on jet constituent particles, which are intrinsically permutation invariant
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SELF-SUPERVISION: THE CV APPROACH

Generative Architecture

Decoder/World Model

Encoder

Transformation, Action

Learns to invert a transformation

in the input space.
e.g, Masked Autoencoder (MAE)

\ —
.....w'ﬂ
E |

iInput

Masked Autoencoder [arXiv: 21 | 1.06377]

C N
encoder
& Y

. masks random patches of the input image
and reconstructs the missing pixels

s

>

—> decoder

-

J
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SELF-SUPERVISION: THE CV APPROACH

Joint-Embedding Architecture SIMCLR [arXiv: 2002.05/709]

repel

BT T] [T Wrepresentation [T T [TCE]

x W . . X e T ) — g
- ™ | “,r- — " > ~8- v
TN 3 b¥pe 3 raa i
. "- % P . =Y 3 4 =
. e % | Y
- Nt - b
e 3 sy e EeAAY \i‘\ £
S g pdiEs ok d ) R
i . < ) T A ks,
!

Transformation, Action augmentation
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Learns an invariant representation

in the latent space.

e.g, SIMCLR / DINO . maximizes similarity between positive pairs (same images dfter transformations)

and minimizes that between negative pairs (different images)
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SELF-SUPERVISION: THE CV APPROACH

Joint-Embedding
Predictive Architecture (JEPA)

Predictor/World Model

.T
oY . %0

Transformation, Action

Learns to predict the embeddings

in the latent space.
LeCun’s vision for World Models.

arXiv: 2301.08243

arXiv: 2403.00504
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SELF-SUPERVISION: THE CV APPROACH

-JEPA [arXiv: 2301.08243]
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Learns to predict the embeddings

in the latent space.
LeCun’s vision for World Models.

... predicts the embeddings of masked image patches
in a (learned) latent space



P-|EPA

Work in progress with Q. Liu (XIIFF&), S. Wang (£

%) and C. Li (RERTT)
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Towards a Foundation Model for Jet Physics - Dec. 30, 2024 - Huilin Qu (CERN)

P-|EPA

Particle

: Mask Token
Representation o
¢ \
- h ./
X X )
Context —
Aggregator
x (]
\7*
\ ) EMA* Aggregated
of weights Representation L oss
E :F | I | I | I | I | I | I | I | I |
EMA* "
of weights E I -: Smooth L1 Loss ]
- - Particle Loss <

Target Aggregated Loss

Encoder

A

PID Loss é - Cross Entropy N lQ 1l -

N b

—>1<—EXponentIG/MO\/lngA\/elfage s @1 ESaSE ] S I S I S ] S ] S § DS § s § J




P_|EPA

For downstream tasks

|

(NY3D) N0 ulinH - 20 ‘0€ 23 - $2I1sAyd 18 40J [8pojy uonppuUNo D SPIDMO|

29



PARTICLE MASKING

he pre-training task in a nutshell:

predict the masked particles from the remaining ones

... but in the latent space

Masking strategy:
randomly mask 30-50% of the particles in a jet

the remaining particles serve as the for the prediction

==> input to the encoder & predictor

the masked particles become the target to be predicted
==> NOT seen by the context encoder & predictor

==> the loss is computed only for the target particles



CONTEXT ENCODER AND PREDICTOR

Context encoder

large Particle Transformer (w/ pairwise features between context particles)

Context aggregator

aggregates all context particles into a single token

Predictor

blain Transformer, smaller than encoder

predicts the masked particles from the aggregated
representation + mask tokens w/ pos. emb.

Particle
Representation

Context

Encoder

Context Encoder +

Predictor
Aggregator
Embed Dims (512,512,512) 192
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Num Blocks |6 4
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Mask Token
Y i \
\e___7
VA \ r A
L/ ]
N — ) — —C
Aggregator D
Aggregated ) ’

Representation
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TARGET ENCODER

A target encoder is used to derive the particle embeddings in the latent space for loss computation

processes the complete set of particles in a jet (i.e., context + target)

then only the embeddings of the target particles are picked for loss computation

updated via an exponential moving average of the context encoder’s weights

Smooth LI Loss
Particle Loss

Smooth LI Loss

Aggregated Loss

Encoder

PID Loss Q\<> Cross Entropy Q\<>®2>
QS
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PRE-TRAIN

ING LOSS

Loss = Particle Loss + Aggregated Loss + PID loss

Particle Loss: smooth L1 loss between the predicted embeddings and those from target encoder

Aggregated Loss: com

PID Loss: auxiliary tas

puted on the aggregated representations of target particles using the target aggregator

K to predict the reconstructed PID of each masked particle from the predicted embeddings

L oss

D Smooth LI Loss D
Particle Loss ) <« » (-«

) )

—

—p | Aggregated Loss | [ )= smooth L1 Loss -] .«

) &&= ) O

1o )
— PID Loss Q\% 4 Cross Entropy N Q%} - - D -

R )
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PRE-TRAINING AND | RANSFER LEARNING

he pre-training of the P-JEPA model can be performed on large-scale real data

we demonstrate this by pre-training P-JEPA on the JetClass dataset (100M jets) without using any truth labels
Once pre-trained, the target encoder can be viewed as a foundation model

transfer learning to specific downstream tasks

Pre-training Iransfer learning
Repl::;irf'l:tion M'aEI:Tc_a.I:en
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Context —_— ontex — l::::\' — — dataset é ) .
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TRANSFER LEARNING: JET TAGGING

Benchmark: 10-class jet classification on JetClass

x Qriginal ParT
—t+— Finetune

—+— Freeze
—+— FromScratch

0

104 105 106 107 108
Number of labelled training samples

FineTune:
Encoder allowed to be slightly updated
when trained with labelled jets for tagging
Freeze:
Encoder fixed when trained with labelled
jets for tagging
FromScratch:

Same network architecture, but trained
with labelled jets starting from randomly
initialized weights
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TRANSFER LEARNING: JET TAGGING

Benchmark: 10-class jet classification on JetClass

Pre-training + transfer learning shows a
significant performance boost when labelled
samples are limited.

x Qriginal ParT
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Freeze
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Number of labelled training samples
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TRANSFER LEARNING: JET TAGGING

Benchmark: 10-class jet classification on JetClass
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As training dataset increases, training from
scratch catches up and reaches similar
performance to pre-training + fine-tuning.
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TRANSFER LEARNING: ANOMALY DETECTION

Anomaly Detection (AD): model-agnostic search for new physics signals

A classic paradigm for AD: CWol a (classification without labels)

trains a classifier to distinguish two mixed samples
e.g., mass window (signal enriched) vs mass sideband (background enriched)
the classifier effectively becomes a signal vs background discriminator, thus can be used to enhance signal purity

allows to detect unknown signals purely from data

mixed sam pI e 2 Mixed Sample 1 Mixed Sample 2

: "N O®eO® | | @PO®O®
c = OO | | @OEGG
S OCO®®® | | OC®O®®
3 : OO | | @®EO®
2| background @O | | ©CO®O®®

S

i Classifier

Figure Credit



https://link.springer.com/article/10.1007/JHEP10(2017)174
https://arxiv.org/abs/1708.02949

TRANSFER LEARNING: ANOMALY DETECTION

raditionally AD was performed using only high-level features (e.g., jet mass, substructures) as inputs

Machine-learned representations captures richer information of a jet, thus can improve the performance of AD
We benchmark this using the |AD [arXiv:2210.14924] framework

Idealized setup for the mixed samples: background only vs background + signal

background in the two mixed samples are drawn from the same distribution, no need to worry about e.g., mass
dependency and interpolation into the mass window etc.

performance of the learned features evaluated by the significance improvement metric

l.e.,the maximal gain in significance by varying the classifier cut
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https://arxiv.org/abs/2210.14924

TRANSFER LEARNING: ANOMALY DETECTION
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https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.121.241803

TRANSFER LEARNING: ANOMALY DETECTION
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https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.121.241803

TRANSFER LEARNING: ANOMALY DETECTION
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SUMMARY & OUTLOOK

remendous progress in machine learning for jet physics in recent years

Towards a foundation model for jet physics
Sophon: pre-training via fully supervised classification over a large variety of jets
P-JEPA: pre-training via self-supervised learning on unlabelled dataset

Outlook: a foundation model for all of the LHC?

Generation, Simulation, ...

Forward

Inverse

Reconstruction, Unfolding, ...
Credits: R. Winterhalder
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https://indico.cern.ch/event/1253794/contributions/5640861/attachments/2746361/4778845/lhc_sim_rw.pdf
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Al+HEP workshop in East Asia
~eb. 24—28, 2025 at IBS (Korea)
ndico:
https://indico.ibs.re.kr/event/789/
Organizing Committee:
Tianji Cai (&21&5, SLAC)
Sung Hak Lim (CTPU-PTC, IBS)
Huilin Qu (CERN)
Advisory Committee:

Mihoko M. Nojiri (KEK)
David Shih (Rutgers)

Al+HEP in East Asia

Feb 24 -28, 2025
IBS

Asia/Seoul timezone

Overview

Call for Abstracts
Registration
Participant List
Maps and Directions
Visa Information

Code of Conduct

B sunghak.lim@ibs.re.kr

Please ignore any emails from 3rd party companies, as we do not have any contract.

This regional workshop aims to connect researchers in East Asia working in the interdisciplinary field of
Artificial Intelligence and High Energy Physics (AI+HEP). The main topics covered include machine
learning for particle theory, phenomenology and experiments, astrophysics and cosmology, as well as
HEP tools for Al theory.

The workshop will have invited plenary talks, contributed presentations, and ample time for discussions.

Both domain experts and those who are interested in exploring the field are welcome to participate,
especially postdocs and graduate students. The goal is to foster a regional research community and to
stimulate more collaborations.

HoPe fo see many of you there!

44


https://indico.ibs.re.kr/event/789/

EXTRAS

45



SCALING LAW

How far can we push the performance with bigger models, larger datasets,and more computing power?
For language models — neural scaling law [arXiv: 2001.08361,2203.15556]
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empirical power law scaling of the loss as a function of the compute (C), dataset size (D) and model parameters (N)

once established, can be extrapolated to determine the best dataset size & parameter combination under a fixed
compute budget

Would be interesting to see the scaling law for jets — but very computation intensive...



