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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

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




Fact 1: Neural network as universal function approximator

Many towers
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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.




Fact 2 : Curse of dimensionality
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When D=1: 100 evenly distributed points can sample a unit interval with a distance no greater than 0.01;
When D=10: it requires 102° sampling points to achieve the same sampling rate.
+ Almost all points in high-D are isolated

Fortunately most specific problems can be reduced in dimensionality!




Neural networks have demonstrated their ability to
effectively address the dimension problem!



Fact 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 learning algorithm is problem-specific
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http://www.no-free-lunch.org/

p(DIM) 4

Well-Specified Model
Calibrated Inductive Biases

Example: CNN

Complex Model
Poor Inductive Biases

Ezxample: MLP

Simple Model
Poor Inductive Biases
Ezxzample: 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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ML in HEP experiments

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

onfusion matrix
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Detector

Reconstruc Event Statistical
tion selection inference

Hits —>final state particle : (Multi-)Classification Likelihood free inference
Generators Simulation + Pattern recognition/clustering
+ Regression
Complex processes Detector response:
e.g. Diffusion model for
showering
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X. Jia: CNN for tracking

Oscar2.5.0 - RhoPi - NoiseLevel-Filtered
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pion Signal Efficiency with 2% Misidentification

Z.Yao: CNN for PID
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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



PFN-ID

Algorithms

Energy Flow Network(EFN) / ParticleNet ParticleTransformers
Particle Flow Network(PFN) (ParT)
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Softmax (b) Particle Attention Block (:)dcn';;s, Attention Block
P.T. Komiske, E. M. Metodiev and J. Thaler
[JHEP01(2019)121] H. Qu and L. Gouskos [Phys.Rev.D 101 (2020) 5, 056019] H.Qu, C. Li, S. Qian [2202.03772]
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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

Jet (flavor) tagging

« 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

2024/7/10
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Multiplicity, impact parameters
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PID information

b C light

Weighted by momenta
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Algorithm | ParticleNet PFN | DNN BDT GBDT gcforest XGDBoost
Accuracy =————p  Accuracy 0.872  0.850 | 0.788 0.776  0.794  0.785 0.801
e X p
tag | es(%) LCFIPlus XGDBoost /Parti(:lcht PFN
60 - - 0.589 0.596
70 _ - 0.694 0.689
80 - 0.747 0.780 0.763
SR b 90 0.72 0.713 0.810 0.752
- 95 - 0.609 0.721 0.645
60 0.36 - 0.548 0.485
_ 70 - - 0.589 0.497
“ 1 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
11 1
sqrt(0.584/0.345)=1.3 (Do )2~ o, FesP = Gadtesp

Statistical uncertainty: 30% |




11 classes

Ambitious test by M. Ruan
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0.003 0.002 0.002 0.017
0.002 0.002 0.003 0.018
0.009 0.009 0.018 0.043
0.026 0.017 0.010 0.043
0.080 0.063 0.045 0.092
[0
2 0.028 0.045 0.062 0.094
'_
0.055 0.080 0.174 0.111
U 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 0.207 0.079 0.112
3-0.003 0.003 0.020 0.012 0.092 0.112 0.219 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 T T 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

* 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 p, truncation eliminates the softest constituents of the jet.

R R R

108 ATLAS Simulation Preliminary —W Jet
/s = 13 TeV, W'— WZ, Pythiag

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

Counts

1 PR ST SN TR [T TR TN T W N SN TN N SO N S
0 50 100 150 200 250 300
Number of Constituents

Distributions of the number of constituents in a large-R jet.
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W Jet Taggers (ATLAS, by Shudong Wang)

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

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

Models Input variables
 ParticleNet EEN An, Ag, Inpr
PFN An, A¢, Inpr, InE, Ing: 1n2b—‘E, AR
e Customized graph neural network architecture for jet taggin
grap ) g8ing ParticleNet An, A¢, Inpt, InE, ln ln b , AR

with the point cloud approach

ParticleTransformer | An, A¢, InpT, InE, ln p s an > AR
*  Phys.Rev.D 101 (2020) 5, 056019

(E, px, Py »Pz)

* ParticleTransformer
* Transformer designed for particle physics

* arxiv:2202.03772
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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

For a signal efficiency of 0.5 (0.8) case, the background rejection of ParticleTransformer

Ta &ge r Pe rfo rm a n ce is about 1.8-2.8 (1.6-2.7) times better than the baseline tagger.

Calculated using samples with steeply
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Figure 3: The QCD jets background rejection (‘9;/]\»;;) versus the W-jets signal efficiency () for all the taggers studied.
All of the constituent-based taggers studied surpass the performance of the high-level-feature-based tagger (noted as znN
in the figure) in the previous study [52].
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Tagger Performance

Model AUC | ACC ;;g @ &5i5 = 0.5 ;,:g @ &5 = 0.8 / Param\ Inference Time
EFN 0.920 | 0.835 35.1 7.95 56.73k 0.065 ms
PFN 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 evM d on the testing set.

Transformers the best

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

2024/7/10
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Event classification

SLIDE / 24




Many processes are selected simultaneously

Prod/decay| cc | bb | mm TT e]e] gg WW Y4 aZ ee,
uu,dd,ss

eeH

mmH pd
S
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ttH 0
®
3

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



Try eeH first

Probability distributions of each class
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Try eeH first
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Dimension reduction tells
UsS more

v up, vy, 1t well classified as

expected
v bb and yZ also good
v’ ¢cc, gg, WW, and ZZ fake each

other, but under control

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

Only signals

ParticleNet features: t-SNE
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More?

Large Language Models

Used as copilot-like assistant: Dr. Sai

Used to HEP data directly: tokenization is a key



Ke Li ‘s talk

Dr. Sai

Just-in-Time Learning

Multi-agents framework is developed based on AutoGen
HEP"Xiwu

Fune-tuning Learning =

RL by Human&Physcics F.
Data Inferfaces

Sensors

BOSS Environmental Preception

Al Algorithms Vector Store
Actuators

Scientific Tool Knowledge Graph

Python Interpreter

Key of this project: ST 9 m Agent m

make the results from Al more reliable Main Agents: ' Group

* New architecture «  Planner: Planning and tasks decomposition ‘

« Good quality data «  Coder: Write BOSS code

 In-the-fly validation and test «  Tester: Using scientific tools for testin Tester:
y STCF worksho% 2024 @ LZU 9 -

2024/7/10 Workshop on STCF
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mailto:https://indico.pnp.ustc.edu.cn/event/1527/contributions/13274/attachments/4831/7506/STCF_DrSai_keli.pdf

A-I-HEP FoOrRuUM
INSTITUTE OF HIGH ENERGY PHYSICS

<
A-I-HEP FORUM

"REL" RIERE

Speake:  ZFE, KFF

Host: Z=MI

Time: 10:00, July 15 2024
Location:  C305 Main building

dics: https://indico.ihep.ac.cn/eve

nt/22949/
Zoom ID: 699 9017 4174
Password 548072

WRREEE T LB FRER VIR E ... ... o] AW T E—#Y lectures
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How to represent a HEP events? Tokenization

Feature engineering

Some mathematical methods? Such as fox-wolfram moments

Hy= (21411> 5 2 Y

=iE' —'———l—lp'lslp'i P (cosey;),

Autoencoder?



Summary

* Machine learning is statistical learning (NFL)

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

* Machine learning method with proper bias is powerful 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 — Ke Li’s talk

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

2024/7/10 Workshop on STCF 36
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[ & HEEFIFEFTER workshop, BIES 2 XKtutorial

Quantum Computing and Machine Learning Workshop 2024

2024%8H3HZE8H

Asia/Shanghai X @

e L .
R To promote the application of quantum computing and machine learning in high-energy theoretical and

BENEE experimental physics, we will hold a workshop on quantum computing and machine learning at Jilin
University, Changchun, China. Researchers from domestic and international fields related to quantum
computing and machine learning are sincerely invited to exchange ideas and discuss on the application

Committees

ERHE of quantum computing algorithms, machine learning, hardware advances, and the use of development
Bies platforms.
s
BT Look forward to meeting you in Changchun!
pad Registration fee:

I_’ N : I
SRANER e 2000CNY for regular attendee; T000CNY for student XA l I]
* No registration fee for online attendee I *

,I:ccotmmsdation S o Registration site: Herun Hometown Hotel (1< &F 11 I1Z3ENE)
eeting Venue o Registration time: 9:00-17:00, August 5

Travel Information

Zoom Connection

FHR 202458A3H £9:00 UGB pdf
Previous Workshop 455 202458 A8H T45:00

1
X weiminsong@jlu.edu.cn @ R RSB R, RIZFHE
21 zhoumiao@jlu.edu.cn

4 xuhj@ihep.ac.cn ‘ S

BEERERIN. FiFE >

2024/7/10 VVUIRDIIUN UL D1l
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