Machine Learning in HEP data processing
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Disclaimers

* This is a very personal review, highly biased

* And mainly focusing on classification problems in offline data

processing
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What is Machine Learning ?

Deep Learning
Neural Networks
Machine Learning

Artificial Intelligence

v Field of study that gives computers the ability to learn without being explicitly programmed

v" A set of rules that allows systems to learn directly from examples, data and experience

v A computer program is said to learn from experience E with respect to some class of tasks T and performance measure P, if its
performance at tasks in T, as measured by P, improves with experience E

v Machine learning is a set of methods that can automatically detect patterns in data, and then use the uncovered patterns to predict future
data or other outcomes of interest




Z=5C 1: Neural network as universal function approximator
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A notable fact about neural networks is that they can approximate a continuous function to any
desired level of precision, provided that there are enough neurons in the hidden layers.
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« WhenD=1:

« When D=10: itrequires 102° sampling points to achieve the same sampling rate.

ratio: 6/ = 1.91

L 4

ratio: 4.2 * 1039

3L 2 : Curse of dimensionality
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D=1024, d=26.12

100 evenly distributed points can sample a unit interval with a distance no greater than 0.01;

« Almost all points in high-D are isolated

On one hand: fortunately most specific problems can be reduced in dimensionality!




Neural networks have demonstrated their ability to
effectively address the dimension problem!
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£55L 3: No free lunch theorem ( http://www.no-free-lunch.org )

There is no single algorithm that is universally the best for all problems
Performance of a Iearning algorithm is problem-specific
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http://www.no-free-lunch.org/
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Well-Specified Model
Calibrated Inductive Biases

Ezxzample: CNN

Complex Model
Poor Inductive Biases

Ezxzample: MLP

é &

Simple Model
Poor Inductive Biases
Ezxample: Linear Function

Corrupted CIFAR-10 MNIST

CIFAR-10 =

Dataset

Structured Image Datasets

Why do some models perform well on certain datasets? Inductive bias
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E55L 4: bias-variance tradeoff
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ML in HEP experiments

Noise suppression
(FPGA/ASIC) From Y.C. Zhai

nfusion matrix

Forward Filter Backwards Smoother
hchibahaliied —

Detector

Reconstruc Event Statistical
tion selection inference

Hits >final state particle : (Multi-)Classification Likelihood free inference

Generators Sim u|ation « Pattern recognition/clustering

* Regression

Complex processes Detector response:
e.g. Diffusion model for
showering
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event

efficiency

X. Jia: CNN for tracking Z.Yao: CNN for PID

pion Signal Efficiency with 2% Misidentification Rate
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mailto:https://indico.pnp.ustc.edu.cn/event/1527/contributions/13275/attachments/4837/7516/GNN%20for%20tracking%20at%20STCF_LZ.pdf
mailto:https://indico.pnp.ustc.edu.cn/event/1527/contributions/13276/attachments/4839/7519/yaozp-CNN-LanZhou.pdf
mailto:https://indico.pnp.ustc.edu.cn/event/1527/contributions/13277/attachments/4823/7521/%E5%85%B0%E5%B7%9E%E6%8A%A5%E5%91%8A.pdf

(Multi-)Classification problem

»Jet tagging/W tagger

»Event classification
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Algorithms used

Energy Flow Network(EFN) /
Particle Flow Network(PFN)
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P.T. Komiske, E. M. Metodiev and J. Thaler
JHEP01(2019)121]
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ParticleNet

EdgeConv Block
" 54

16, C = (64, 64, 64)

EdgeConv Block
16,C B

(128, 128, 128)

EdgeConv Block

k = 16, C = (256, 256, 256)

Global Average Pooling
¥

Fully Connected
256, ReLU, Dropout = 0.1

JE——

Fully Connected
2

2
Softmax

H.Qu and L. Gouskos [Phys.Rev.D 101 (2020) 5, 056019]

FHESEYIBTEZSHER
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ParticleTransformers
(ParT)

H.Qu, C Li,S. Qian [2202.03772]

14

et
(€) Class Attention Block


https://link.springer.com/article/10.1007/JHEP01(2019)121
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.101.056019
https://arxiv.org/abs/2202.03772
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Jet (flavor) tagging (2 MEGE)

91 GeV
« Z - bb, cc, Il (uu,dd,ss)
450k events (900k jets) for each class

« Take particle level information a input

> 4-momenta
> d0/z0
> PID

2024/8/21-24 FhiEsYETESHFER (2024) 16
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Multiplicity, impact parameters

—— : L] L]
log, IDOI log, DO log, IDOI
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PID information

Weighted by momenta

FhEsEMETESHER (2024)

light
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Algorithm | ParticleNet PFN | DNN BDT GBDT geforest XGBoost
Accuracy =——————p Accuracy 0.872 0.850 | 0.788 0.776  0.794 0.785 0.801
O s exp
%8 | (%) I GFIPls  XGBoost ParticleNet  PFN
60 - - 0.589 0.596
70 - - 0.694 0.689
80 - 0.747 0.780 0.763
, _ b 90 0.72 0.713 0.810 0.752
Purity X efficiency  ———————p 95 i 0.609 0721 0.645
60 0.36 - 0.548 0.485
70 - - 0.589 0.497
C
80 - 0.345 0.584 0.467
90 - 0.292 0.516 0.402
95 - 0.251 0.451 0.348
Take c-tagging as example
sqrt(0.584/0.345)=1.3 1 1 1
art( / ) ——5 = —Lesp = ?Stotesp

(AO'S)Q O

L]

Statistical uncertainty: 30%[
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11 classes

Ambitious test by M. Ruan

True

b JRELE] 0.163 0.003 0.002 0.002 0.017
b 0.002 0.002 0.003 0.018
C 1 0.009 0.009 0.018 0.043
T 0.026 0.017 0.010 0.043
S 1 0.080 0.063 0.045 0.092
5 4 0.028 0.045 0.062 0.094
U 0.131 0.055 0.080 0.174 0.111
T 40.003 0.003 0.011 0.019 0.132 0.043 0.062 0.178 0.081 0.111
d 40.003 0.003 0.012 0.019 0.112 0.092 0.082 0.079 0.112
d 40.003 0.003 0.020 0.012 0.092 0.112 .0.076 0.079 0.113
G 40.015 0.014 0.024 0.024 0.052 0.052 0.043 0.041 0.034 0.034

. T . T . T . . T .

b b c c s s u u d d G

Predicted

Phys. Rev. Lett. 132, 221802 (2024)
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W Jet Taggers (ATLAS, by Shudong Wang) (— XI5 E)

* In this study, a maximum of 200 constituents are considered by all constituent-based taggers. Only a small portion
of jets in the dataset have more than 200 constituents (less than 0.04%). As jet constituents are sorted by
decreasing py, truncation eliminates the softest constituents of the jet.

—
ATLAS Simulation Preliminary —\W Jeat
Vs = 13 TeV, W' WZ, Pythiag

107 k- anti, R=1.0 UFO Soft-Drop CS+SK jets =~ QCD Jet

Counts
—
[an]
[+2]

1 PRI ST T TR N A N N SN TN S S N NN
0 50 100 150 200 250 300
Number of Constituents

Distributions of the number of constituents in a large-R jet.

2024/8/21-24 FhiESEDIBEITESHZER (2024) 21



W Jet Taggers

* Particle Flow Network(PFN)/Energy Flow Network(EFN)

e Based on Deep Sets Theorem
e JHEP01(2019)121

ParticleNet

* Customized graph neural network architecture for jet tagging

with the point cloud approach

* Phys.Rev.D 101 (2020) 5, 056019

ParticleTransformer

* Transformer designed for particle physics

* arxiv:2202.03772

2024/8/21-24

Models Input variables

EFN An, Ag, Inpry

PFN An, Ag, Inpr, InE, ln lnz £+ AR
ParticleNet An, A¢, Inpt, InE, ln p ,lnE 7> AR
ParticleTransformer | An, A¢, Inpt, InE, ln ,In=—"—= E ok AR

(E., PJ(» P_v ,Pz)

FhiEstmEtESHFER (2024)
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https://link.springer.com/article/10.1007/JHEP01(2019)121
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.101.056019
https://arxiv.org/abs/2202.03772

Tagger Performance

Calculated using samples with steeply
falling pT spectra, i.e. both sig & bkg
are weighted to have falling pT
spectra.

For a signal efficiency of 0.5 (0.8) case,
the background rejection of ParticleTransformer
Is about 1.8-2.8 (1.6-2.7) times better than the
baseline tagger.

2024/8/21-24 EhESH

= L LR BLELEL IR B RLEL AL N BLELELEL RN N LR NLELELEL N BLRLEL AL B
~2 _ -F ATLAS Simulation Preliminary — ParT
% 10 X (5= 13 TeV, W jet tagging ParticleNet
5 |F anti-k, R=1.0 UFO Soft-Drop CS+SK jets PFN
10° fr- p_ > 200 GeV, |n| < 2.0, m > 40 GeV EFN
BT meene Zygy W N )
.1 04 L Zl\h‘ (W."G NII‘(]

EVRETEEHFR  (2024) 23



Tagger Performance

AN
Model AUC | ACC ;,: @ g4 = 0.5 ;;g @ g4 = 0.8 / Param\ Inference Time
EFN 0.920 | 0.835 35.1 7.95 ! 56.73k ‘ 0.065 ms
PEN 0.931 | 0.853 44.7 9.50 57.13k 0.11 ms
ParticleNet 0.933 | 0.826 46.2 9.76 366.16k ’ 0.36 ms
ParticleTransformer | 0.951 | 0.880 77.9 14.6 \2 14M 0.28 ms

Table 3: The performance of each W jet tagger is measured with several metrics evanrated on the testing set.

Transformers the best

But the # of parameters is almost one order of magnitude larger

2024/8/21-24
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Many processes are selected simultaneously

Prod/decay | cc bb | mm TT gg gg AV a4 aZ ee,
uu,dd,ss
eeH
mmH =
=1
(@]
TtH )
)
8
qqH f".
nnH

Consider: psi(2S) = pi+ pi- J/psi, J/psi > various processes



Try eeH first

Probability distributions of each class

._

=)
7
I

Entries / 0.05
=
T

10° =

[

Entries / 0.05

Entries / 0.05

o

7z

by

58

ﬁ R

rY

:ﬂTﬂﬂﬂWuﬁ

“TT g ¥y
-77 -WW -yZ




Try eeH first
cc 0.00 0.02 0.00 0.02 0.04 0.01
bb - 0.00 0.01 0.00 0.03 0.01
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Q€
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0.4

- 0.2

0.0
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Predicted
Taking the one has largest probability (ArgMax)




Dimension reduction tells
us more
v uu, vy, Tt well classified as é )
expected %
v bb and yZ also good i
v’ cc, g9, WW, and ZZ fake each ! B e 1
other, but under control B @w @
Bz @w@w

—40 —20 0 20
t-SNE Feature 1

Dimensional reduction ( t-SNE )
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t-SNE Feature 2

Only signals

ParticleNet features: t-SNE
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UCS&I’IDiegO @ #Fermilab (LHC J:E/g ”;fg{ﬁun )

Based on arXiv:2405.12972
[Github] [Google Colab]

Sophon meets LHC:
Accelerating resonance discovery via signature-
oriented pre-training

Conggiao Li (FHE3T), Peking University

based on the work with our colleagues in the CMS Collaboration:
Antonios Agapitos?, Jovin Drews?, Javier Duarte3, Dawei Ful, Leyun Gao?, Raghav Kansal3, Gregor Kasieczka2,
Louis Moureaux2, Huilin Qu4, Cristina Mantilla Suarez5, Qiang Lit
1) PekingU.  2) HamburgU. 3)UCSanDiego 4)CERN 5) FNAL

also thanks Yuzhe Zhao! for his contribution

Quantum Computing and Machine Learning Workshop 2024, Changchun
6 Auaust 2024
2024/8/21-24
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https://indico.ihep.ac.cn/event/22572/contributions/162822/attachments/80450/100929/24.08.06_QCML_Sophon_CL.pdf

Statistical property of multi-class classifier Introducing Sophon

The key question in this context

Statistical theory shows that: Does the models capacity still enable us to - We explore this possibility in the CMS experiment first, and also in a recent pheno work:
reach the best achievable performance in
existing tasks?

A multi-class classifier with minimum cross-
entropy loss estimates the probability ratios
on the input classes:

< Signature-Oriented Pre-training for Heavy t ObservatioN [H.Qu, CL, S.Qian. ICML 2022]
4 the model is based on Particle Transformer (ParT) architecture <l  1he current “state-of-the-art”

% apre-trained model on a comprehensive dataset: JetClass-II onlarge-scale dataset
(o(100M), close to experimental setup)
finely categorized labels:

Our result will show: Yes.

p(class = i|x)
N,

2(x) = henceit contains all the
g . AT A
o plclass = j| %) e ideal N(N — 1) binz
cando Major types Index range Label names
Resonant, jets: 0-14 bb, cc, 88, qq, be, cs, by, cq, 59, 99, €€, gy ThTe, TaTy, ThTh
splitting 0,4 X — 2 prong
A Py =Py +Pa
class A Pa=Pa, *Pa Resonant jets: 15-160 bbbb, bbee, bbss, bbaq, bbgg, bbee, bbjis, bbmyTe, bbmy Ty, bbmymy, bbb, bbe, bbs, bb, bbg, bbe, bby, ccce,
- remains X3 30rd e,
;
Two properties: A, > —+ 3 or 4 prong CC38, COqQ, CEGQ, CCEE, CC[3ft, COThTe, CCTWTy, CETHTh, Cob, coc, ccs, coq, ceg, cce, oo, 5388, 55qq, 5599,
5 the same 8S€€, S, SSThTe, SSThTy, SSThTh, $8b, 8C, 335, 834, 550, $5€, 33/4, 0494, 9999, 99€€, GG, QA Te,
ﬂ o 4970 Ty 49ThThy 49b; 99C, 995, 999; 944, 99€, GqH, G999, GIE€, GG, FEThTe, F9TH T, GITHTh: G496,
A B 99, 99%, 999, 999, 99¢, 994, bee, cee, see, gee, gee, bup, cup, Spp, qup, Gup, brute, emTe, sMVTe,
GThTes §ThTes DThTus CTHhTus STh Ty, §ThTus 9ThTus BThThy CThTh, SThThs 9ThThs 9ThTh, 4490, 499¢, 9945,
bbeg, ccbs, cchg, cesq, sscq, agbe, qabs, qqes, besq, bes, beg, bsq, csq, beev, csev, bgev, eqev, sqev,
The optimal aqev, bepw, cspv, bauy, cquy, squv, qquy, betev, csTev, baTer, cqTel, sqTev, qaTe, beTuv, csTLV,
o K baruv, cqruv, sqTuV; Q4TE, ey, csThy, bgmay, eqTyy, SqTLY, GqTHY
networl addin, A
B e A QCD jets 161-187 bbocss, bbecs, bbee, bbess, bbes, bbe, bbss, bbs, bb, becss, bees, bee, bess, bes, be, bss, bs, b, ecss, ocs,
classC palrg ee, €ss, €s, ¢, 88, 8, others.
B remains resulting to 4-prong or 3-prong
. the same All final states!

Highlight: CMS’s Global ParT tagger
Sophon: close to real experimental performance? CMS-PAS-HIG-23-012

A global large-R mass-decorrelated tagger

Thanks Yuzhe for his input CMS results cus-pAS-BTV-22-001 Sophon results (on Delphes dataset) H_,
Www_tm S Smpwamnnespmpns for 37-category classification
Take recent CMS performance g o hot s § b LS8 e
plots as an example I Lo d50cpr con0Covplcas « First time identifying the H>WW-4q
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More?

Diffusion models

Large Language Models

Used as copilot-like assistant: Dr. Sai

Used to HEP data directly: tokenization is a key



How to represent a HEP events? Tokenization

Feature engineering

Some mathematical methods? Such as fox-wolfram moments

H,= (21+1>‘2S EYm(Q)LJLL

_—_izz Ip‘ISI.EI‘ pl(COquU)’

Autoencoder?



-~

Rl : sLENE (ERZERTFEYSSED)

* Particle Transformer FH{E4 &

 https://gitee.com/colizz/qcml-2024-tutorial

* Ixslcaaa.ihep.ac.cn = Ixloginaaa.ihep.ac.cn (EEE XML )
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v'chap3 FSOMTT M (CPU ) © BINLE
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Summary

* Machine learning is statistical learning (NFL)

* Machine learning is useful ((%ﬁ): high dimensional HEP data

e Machine learning method with proper bias is helpful and easy to explain

* Machine learning methods can be applied to almost all aspects of HEP experiments.
 LLM demonstrated astonishing capabilities, which are worth exploring from two

aspects:
» Use LLMs as language-based assistants

» Employing LLMs to directly to process data: how to represent HEP events is the key
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