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<> Introduction

» Jet tagging: an ideal bridge linking HEP & ML

» Important tool for HEP community
* Well-defined task for ML enthusiasts

» Graph Neural Networks (GNN) + Point Cloud (PC) Representation
= State-Of-The-ArT (SOTA)
* First show up in ParticleNet: previous SOTA for top tagging benchmark

« Since then, various models are proposed under GNN+PC framework

« ABCNet
« ParticleNeXt
« HEP application of Point Cloud Transformer

« Can we add another term to the right-hand side?



https://doi.org/10.1103/PhysRevD.101.056019
https://arxiv.org/pdf/2001.05311
https://indico.cern.ch/event/980214/contributions/4413544/
https://arxiv.org/abs/2102.05073
https://cg.cs.tsinghua.edu.cn/papers/PCT.pdf

Attention Mechanism
And Transformer

» Attention mechanism has drawn the attention of ML community

« Success in various ML communities: Natural Language Processing (NLP),
Computer Vision (CV)...

BERT (1810.04805):
the very first transformer, overperformed every other model even human in all kinds of NLP task!

System MNLI-(m/mm) QQP QNLI SST2 CoLA STS-B MRPC RTE Average
392k 363k 108k 67k 8.5k 5.7k 35k 2.5k -
Pre-OpenAl SOTA 80.6/80.1 66.1 823 932 35.0 81.0 860  61.7 74.0
BiLSTM+ELMo+Attn  76.4/76.1 648 798  90.4 36.0 73.3 849  56.8 71.0
OpenAl GPT 82.1/81.4 703 874 913 45.4 80.0 823  56.0 75.1
BERTgpask 84.6/83.4 712 905 935 52.1 85.8 889  66.4 79.6
BERT ] ArGE 86.7/85.9 721 927 949 605 86.5 893  70.1 82.1

System Dev Test
ESIM+GloVe 519 52.7
ESIM+ELMo 59.1 59.2
OpenAl GPT - 78.0
BERTgAsE 81.6 -

BERTLARGE 86.6 86.3
Human (expert)T 85.0
Human (5 annotations)’ 88.0

» Already several attempts in HEP context:

« ABCNet, ParticleNeXt, Point Cloud Transformer
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<> Particle Transformer

» Particle Transtformer (ParT): transformer designed for
particle physics
* Input embedding: Not only inject single particle information, but
also include pair-wise feature
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di: dimension of K

Kinematic Variables:
based on LundNet
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https://arxiv.org/abs/2012.08526

Particle Transformer @1
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Larger Model Calls for @1
Larger Dataset

« ParT is one of the largest ML model for jet tagging
« Require enough statistics to avoid overiraining!

° EXiS'I‘i N g d O 1‘0 Se'I'S h Owe\/e I O re N O'I' | O rg e Table 2. Number of trainable parameters and FLOPs.

 Top tagging: 2M jefts Accurey_#puramyFLOR
. . PEN 77 1 62M

* Quark-gluon fagging: 2M jefts P-CNN 0809 354k 155M
o . o - ParticleNet 0.844 370k 540M

e JetNet: 500|(jeTS ParT 0.861  2.14M  340M
o Jed|—NeT° 880'( Je_l_s ParT (plain) 0.849 2.13M 260 M

 Higgs boson tagging: 3.9M signal jets, 1.9M background jefs

* A large dataset is needed
« JetClass dataset
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https://zenodo.org/record/2603256
https://zenodo.org/record/3164691
https://doi.org/10.5281/zenodo.5502543
https://arxiv.org/abs/1908.05318
https://arxiv.org/abs/2108.02214
https://zenodo.org/record/6619768

The JeiClass Dataset

i H — bb

e JetClass is Inclusive:
« 10 types of jets

1 H — cc

“1 H = gg

w1 H — 4q

ot H — fvqq'

« Kinematics,
« PID, s
» frajectory displacement .

1t — bgq'

1 ¢ — bl

I W = qq

"1 Z—=4qq

0.4 q/g

» JetClass is large:

* 100M jets for training - 10M each class

« 5M for validation
« 20M for test 2 2M each class




<> The JetClass Dataset

« Simulation deftails:

« MadGraphb_aMC@NLO: ME level, production & decay of top,
W/Z & Higgs boson

« Pythia8: Parton showering and hadronization
» Delphes: fast simulation of detector response, CMS configuration

 Jets: anti-k; algorithm, R=0.8 on Delphes E-Flow objects,
* |n|<2, 500 GeV < p; <1000 GeV
« "high quality” jets only: jets fully containing decay products.

* Proposals of evaluation metrics for classification with
JetClass:

« Common metrics: Accuracy (Acc.) and Area Under (ROC) Curve
(AUC)

« HEP inferest: Background rejection at given signal efficiency

.........................




Numerical Experiments @1
With JetClass

All classes H—>b H-—scc H-—gg H—4 H—lvggd t—bgd t—blv W —oqd Z—qq

Accuracy AUC  Rejso  Rejsoy,  Rejoq Rej509 Rejggo, Rejso,  Relggs,  Rejsoy Rejs5o9
PFN 0.772 09714 2924 841 75 198 265 797 721 189 159
P-CNN 0.809 09789 4890 1276 88 474 947 2907 2304 241 204
ParticleNet 0.844 09849 7634 2475 104 954 3339 10526 11173 347 283
ParT 0.861 09877 10638 4149 123 1864 5479 32787 15873 543 402
ParT (plain) 0.849 09859 9569 2911 112 1185 3868 17699 12987 384 311

ParT (plain): no pair-wise feature mask applied

v ParT achieves SOTA performance in every classification task!
v Adding pair-wise feature enhances performance even further!

v Take H - ccbar as an example: doubled background rejection - ~ 1.4x significancel
v Same significance reach with half datal
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Pre-training:
The Lesson From JetClass

* Pre-train + Fine-tune becomes the frend in ML community
 Self-aftention from transformer - task irrelevant embedding
« Large dataset 2> embedding captures generic information
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can be used for different tasks:

Top tagging,
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Fine-tuning
With different datasets

Table 4. Comparison between ParT and existing models on the
quark-gluon tagging dataset. ParT-f.t. denotes the model pre-
trained on JETCLASS and fine-tuned on this dataset. ParT refers to
the model trained from scratch on this dataset. Results for other

Table 3. Comparison between ParT and existing models on the top

quark tagging dataset. ParT-f.t. denotes the model pre-trained on models are quoted from their published results: P-CNN and Parti-
JETCLASS and fine-tuned on this dataset. ParT refers to the model cleNet (Qu & Gouskos, 2020), PFN (Komiske et al., 2019b), ABC-
trained from scratch on this dataset. Results for other models are Net (Mikuni & Canelli, 2020), PCT (Mikuni & Canelli, 2021), and
quoted from their published results: P-CNN and ParticleNet (Qu & rPCN (Shimmin, 2021). The subscript “exp” and “full” distinguish
Gouskos, 2020), PEN (Komiske et al., 2019b), JEDI-net (Moreno models using partial or full particle identification information.

et al., 2020), PCT (Mikuni & Canelli, 2021), LGN (Bogatskiy
et al., 2020), and rPCN (Shimmin, 2021).

Accuracy AUC Rejs00 Rejz00
_ , P-CNNeyp 0.827 09002 347 91.0
scaurcy AUC ~ Rejsoy Relzo PFNeyp — 09005 34.7+04 —
P-CNN 0930 09803 20144  759+24 ParticleNete,  0.840 09116 39.8+0.2  98.6+ 1.3
PEN — 09819 24743  888£17 PCNyp — 09081 38.6+05 —
ParticleNet 0.940 09858 39747 1615493 ParT,y, 0.840 09121 41.34+0.3 101.2+1.1
JEDI-net (w/320) 0930 09807 ~ — 774.6 ParT-ft.cx 0.843 09151 424402 107.9+0.5
rer o am et s v oms miner
i oo pomd Seiig  Teioiias ABCNetgy 0.840 09126 42.6+04 1184+15
e 5000 G05H LR ionLBi PCTyu 0.841 09140 432407 118.0+2.2
ParT-f.t. 0944 09877 691+15 2766+ 130 ParTsu 0.849 09203 47.9+£05  129.54+0.9
ParT-f.t.qu 0.852 09230 506+02 138.7+1.3

Take home:
Pre-train with JetClass helps ParT to reach SOTA performance!




Welcome to
Jet-Universe!

« We are more than glad
to share our work to the
whole community:

 Both source code of ParT
and JetClass dataset are

now public at Jet Universe

« Hope to see more
enthusiasts onboard!

jet-universe

Official implementation of "Particle Transformer for Jet Tagging".

particle_transformer | Public

Official implementation of "Particle Transformer for Jet Tagging".

@ Python ws MMT ¥ 3 (Oo 110 Updated12daysago

es A Teams A People 3



https://github.com/jet-universe

<> Summary

» Particle Transtformer (ParT):
« Dedicated fransformer architecture for jet tagging
« SOTA In various benchmarks
« Particle interactions help ParT to perform better

e JetClass dataset:

« Large and inclusive: order of magnitude higher in stafistics and
classes of jets

* Pretrain with JetClass enhance ParT’s performance on other
datasefts

« ParT and JetClass are publicly available on Github!
« Welcome o Jet Universe



https://github.com/jet-universe/particle_transformer

End of the Journey?

* There is still room for further improvement:
« "Physics” should be a term added to the “SOTA equation”

« Pair-wise features from particle interactions enhance ParT’s performance
« Improvements has been seen in physics inspired models:
« LundNet, LorentzNet (Lorentz symmetry applied, competitive performance),...

An Efficient Lorentz Equivariant Graph Neural
Network for Jet Tagging

Shiqi Gong®®! Qi Meng® Jue Zhang® Huilin Qu¢ Conggiao Li? Sitian Qian? Weitao
Du® Zhi-Ming Ma® Tie-Yan Liu®
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NN I - - . . S . .y

1/63 1/53
Model Accuracy | AUC (es = 0.5) | (e5 = 0.3) I
ResNeXt 0.936 0.9837 302+5 1147 £ 58
P-CNN 0.930 0.9803 201 +4 759+ 24 I
PEFN 0.932 0.9819 247+ 3 888 + 17
I ParticleNet 0.940 0.9858 397+ 7 1615+ 93 I
EGNN 0.922 0.9760 148 £8 540 + 49
I LGN 0.929 0.9640 124 £20 435+ 95 I
LorentzNet 0.942 0.9868 | 498 =18 | 2195+ 173
I ParT 0.940 0.9858 413+16 1602 + 81 I
ParT-f.t. 0.944 09877 691+15 2766+ 130

e e e -

L i e |

1/63 1/63
Model Accuracy | AUC (es = 0.5) (s = 0.3) I
ResNeXt | 0821 | 0.8960 30.9 80.8
P-CNN 0.827 | 0.9002 34.7 91.0 |
PFN - 0.9005 | 34.7+0.4 -
I ParticleNet | 0.840 | 0.9116 | 39.8+02 | 98.6+1.3 I
EGNN 0.803 | 0.8806 | 26.3+0.3 | 76.6+0.5
I LGN 0.803 | 0.8324 16.0 443 I
LorentzNet | 0.844 | 0.9156 | 42.4+ 0.4 | 110.2+ 1.3
I ParTy, 0.840 09121 41.3+03 101.2+1.1 I
ParT-Lt.eyp 0.843 09151 424+02 107.9+0.5
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Figure 2. A comparison of ROC curves between LorentzNet and other algorithms on top tagging
dataset (left) and quark-gluon dataset (right).


https://arxiv.org/abs/2201.08187

End of the Journey?

* There is still room for further improvement:
« "Physics” should be a term added to the “SOTA equation”

« Pair-wise features from particle interactions enhance ParT’s performance
« Improvements has been seen in physics inspired models:

« LundNet, LorentzNet (Lorentz symmetry applied, competitive performance),...
« Lorentz symmetry is indeed important!

ParticleNet -z rotation T ParticleNet x-t boost 6 ParticleNet z-tilt

Does Lorentz-symmetric design boost network performance in jet physics?

Conggiao Li,» * Huilin Qu,? Sitian Qian,! Qi Meng,® Shiqi Gong,* Jue Zhang,® Tie-Yan Liu,® and Qiang Li!

Qur answer: YES!

Adding Lorentz symmetry inspired
features (either pairwise or
elementwise) will enhance

performance of NN

2/
t++++

hitps://arxiv.org/abs/2208.07814
More details: ML4Jets 2022 Next Week!



https://arxiv.org/abs/2201.08187
https://arxiv.org/abs/2208.07814

<> End of the Journey?

* There is still room for further improvement:
« "Physics” should be a term added to the “SOTA equation”

« Pair-wise features from particle interactions enhance ParT’s performance
« Improvements has been seen in physics inspired models:
« LundNet, LorentzNet (Lorentz symmetry applied, competitive performance),...
« Lorentz symmetry is indeed important!
« Education from ML community:

« We have already benefited a lot from ML community (transformer, pair-
wise features, pretrain, etc.)

« Aftempts on novel techniques (Multi-modal fransformers, neighbor
embedding...) are promising to explore!

« A practical perspective: model complexity vs efficient
computation

» Larger and Larger ML models call for model compression techniques.



https://arxiv.org/abs/2201.08187

Back Up
Input Features

Table 5. Particle input features used for jet tagging on the JETCLASS, the top quark tagging (TOP) and the quark gluon tagging (QG)
datasets. For QG, we consider two scenarios: QGexp 15 restricted to use only the 5-class experimentally realistic particle identification
information, while QGtun uses the full set of particle identification information in the dataset and further distinguish between different

types of charged hadrons and neutral hadrons.

Category Variable Definition JETCLASS TOP QGep QGiun

An difference in pseudorapidity 7 between the particle and the jet axis v v v v

A difference in azimuthal angle ¢ between the particle and the jet axis v v v v

log pr logarithm of the particle’s transverse momentum pr v v v v

Kinematics log E logarithm of the particle’s energy v v v v

log - () logarithm of the particle’s pr relative to the jet pr v v v v

log & Geo logarithm of the particle’s energy relative to the jet energy v v v v

AR angular separation between the particle and the jet axis (1/(An)2 + (A¢)2?) v v v v

charge electric charge of the particle v — v v

Electron if the particle is an electron (| pid|==11) v — v v

Particle Muon if the particle is an muon (| pid|==13) v — v v

identification = Photon if the particle is an photon (pid==22) v — v v

CH if the particle is an charged hadron (| pid|==211 or 321 or 2212) v — v L

NH if the particle is an neutral hadron (| pid|==130 or 2112 or 0) v — v i

tanh dy hyperbolic tangent of the transverse impact parameter value v — — —

Trajectory tanh d, hyperbolic tangent of the longitudinal impact parameter value v — — —

displacement oy, error of the measured transverse impact parameter v — — —

od, error of the measured longitudinal impact parameter v — — —
“(1pid|==211) + (|pid|==321)%0.5 + (|pid|==2212)%0.2

P(1pid|==130) + (|pid|==2112)=*0.2.

AT 202,



