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机器学习在高能物理中的应用 
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高能对撞机： 物理简介 



4 

高能对撞 

   硬散射 
 QCD演化：

Parton Shower 

多重散射 
强子化 
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高能对撞机： 探测→信息 
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高能对撞机： CMS探测器 

照相机？ 

录音机？ 
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高能对撞机：大数据 

42 countries 

170 computing centres 

Over 2 million tasks/ day 

1 million computer cores 

1 exabyte of storage  (1B GB) 

 

CMS：  15B events in 8 months 
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高能对撞机:  大数据 
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LHC数据流 

 

● L1 trigger: local, hardware based, on FPGA, @experiment site 

● HLT: local/global, software based, on CPU, @experiment site 

● Offline: global, software based, on CPU, @CERN T0 

● Analysis: user-specific applications running on the grid 

 

机器学习：  粒子鉴别；信号挖掘；快速判断；自主学习 
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机器学习简史 

2018年图灵奖 
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高能物理机器学习应用简史 

Tevatron：Top夸克 

LHC: Higgs发现 

miniBOONE: 粒子鉴别 
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高能物理及机器学习 

 

Charles Alfred Coulson: 应用数学家，化学
家 

Christopher Longuet-Higgins，理论化学家
，40岁（1970s），改行做人工智能 
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BDT简介 

 

Tree 

Node 

Leaf 
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BDT简介 

 ● Easy to understand/interpret； Training Fast 

● Single tree are not stable 

○ a small change/fluctuation in the data can make a large difference!  

● Solution: e.g.  Boosting! → Boosted Decision Trees 

https://en.wikipedia.org/wiki/Boosting_(machine_learning)

  

https://en.wikipedia.org/wiki/Boosting_(machine_learning)
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BDT简介 

 ● AdaBoost  “Adaptive Boosting” 
○ One of the originals 

○ Freund and Schapire 

● Gradient Boosting 
○ Uses gradient descent to create new learners 

○ The loss function is differentiable 

○ Friedman: https://statweb.stanford.edu/~jhf/ftp/trebst.pdf  

● XGBoost  “eXtreme Gradient Boosting” 
○ Type of gradient boosting 

○ Has become very popular in data science competitions 

○ Chen and Guestrin: https://arxiv.org/abs/1603.02754  

ROC (Receiver Operating 

Characteristic) Curves 

Better 

Best classifier can be identified by 

the largest AUC (Area under curve) 

Overtraining check: 

● Split data in training / test  

● Performance on the training 

samples should not be better  

than on the test sample 

  

http://www.sciencedirect.com/science/article/pii/S002200009791504X
https://statweb.stanford.edu/~jhf/ftp/trebst.pdf
https://arxiv.org/abs/1603.02754
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NN简介 

 

 

● Artificial Neural Networks, connectionist models   

● inspired by interconnected neurons in biological systems 
○ First Mathematical model of neurons   Pitts & McCulloch (1943) 

○ 1986 Backpropagation reinvented:    Rumelhart, Hinton et al.Nature 

○ 1990s： Great success of SVM and graphical models almost kills the ANN 

○ Yann LeCun (1998) developed deep convolutional neural networks 
■ LeNet-5, a pioneering 7-level convolutional network  

○ 2006+： Deep learning is a rebranding of ANN research. 

■ Convolutional neural networks running on GPUs 
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NN简介 

 

 

b：  bias term 

η：  learning rate 

Standard gradient descent (batch training) 

Stochastic gradient descent (online training) 
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                      NN简介 

 

 

Sigmoid 函数  

Dropout layer: 

Randomly drop links  between neurons, with probability p 

如果不用激活函数，每一层输出都是上层输入的线性函数，无论神经网
络有多少层，输出都是输入的线性组合，这种情况就是最原始的感知机 

线性整流函数 

https://baike.baidu.com/item/%E6%84%9F%E7%9F%A5%E6%9C%BA/12723581
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Supervised Learning 

 

 

Overfitting 

underfitting 
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机器学习应用： Higgs粒子寻找 

 

 
CMS实验中Higgs双光子道的寻找： 

● 分支比10- 3: 在本底上寻找微小信号峰； 

● BDT应用于分析的各个方面 

○ 光子鉴别 

○ 事例分类 

○ 光子能量 

○ 双光子顶点 
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机器学习应用： NNPDF 

 

ANNs avoid biasing the PDFs, faithful extrapolation at 

small-x (very few data, thus error blow up) 
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           深度神经网络DNN 

 
๏ Deep neural networks are those with >1 inner 

layer 

๏ Thanks to GPUs, it is now possible to train 

them efficiently, which boosted the revival of 

neural networks in the 2000s 

๏ In addition, new architectures emerged, 

which better exploit the new computing power 

Universal approximation theorem: 
 The standard multilayer feed-forward 

networks with a single hidden layer that contains finite 

number of hidden neurons, and with arbitrary activation 

functionare universal approximators in C(R^m). 
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深度神经网络:  框架 
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深度神经网络： 矢量玻色子散射 

 

矢量玻色子散射在当前LHC实验上是十分有意义的，因为它对Higgs幺正性很敏感
。 

Higgs幺正性意味着VBS的反应截面将被限制，而不会发散。 

其中纵向散射对于高能新物理极为敏感，但是相对横向散射占比小，不易观测到。 
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深度神经网络： 矢量玻色子散射 

 

W、Z玻色子的纵向分量与Higgs密切相关；WW散射纵向分量的探测可以验证、揭示
Higgs幺正机制。北大李俊昊利用深度学习，首次表明HL-LHC可以在5sigma水平观测到
纵向散射。文章发表于Phys. Rev. D 99, 033004 (2019) 
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卷积神经网络CNN-概观 
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卷积神经网络CNN-卷积层 
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卷积神经网络CNN- 卷积 
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卷积神经网络CNN- 池化 
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卷积神经网络CNN-  Padding，Flattening, Inception 

 

Inception:  

Several conv layers, with different 

filter size, process the same inputs 
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卷积神经网络CNN-历史 
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卷积神经网络CNN-历史 

 

Top-1 accuracy is the conventional accuracy: the model answer (the one with highest 

probability) must be exactly the expected answer. 

Top-5 accuracy means that any of your model 5 highest probability answers must 

match the expected answer. 
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CNN应用：  径迹重建 

嘈杂环境中重建带电粒子
径迹，具有挑战性： 

误组合，假种子 
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CNN应用：  径迹重建 
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卷积神经网络CNN：  喷注标记 

 CMS实验的DeepAK8标记技术： 
北大组贡献于Scale-Factor, Mass Decorrelation Tagger 

https://indico.cern.ch/event/783781/contributions/3389493/attachments/1832744/3001915/Deep_Heavy_Resonance_Tagging_HEP2019_Kontaxakis.pdf 

 

https://indico.cern.ch/event/783781/contributions/3389493/attachments/1832744/3001915/Deep_Heavy_Resonance_Tagging_HEP2019_Kontaxakis.pdf
https://indico.cern.ch/event/783781/contributions/3389493/attachments/1832744/3001915/Deep_Heavy_Resonance_Tagging_HEP2019_Kontaxakis.pdf
https://indico.cern.ch/event/783781/contributions/3389493/attachments/1832744/3001915/Deep_Heavy_Resonance_Tagging_HEP2019_Kontaxakis.pdf
https://indico.cern.ch/event/783781/contributions/3389493/attachments/1832744/3001915/Deep_Heavy_Resonance_Tagging_HEP2019_Kontaxakis.pdf
https://indico.cern.ch/event/783781/contributions/3389493/attachments/1832744/3001915/Deep_Heavy_Resonance_Tagging_HEP2019_Kontaxakis.pdf
https://indico.cern.ch/event/783781/contributions/3389493/attachments/1832744/3001915/Deep_Heavy_Resonance_Tagging_HEP2019_Kontaxakis.pdf
https://indico.cern.ch/event/783781/contributions/3389493/attachments/1832744/3001915/Deep_Heavy_Resonance_Tagging_HEP2019_Kontaxakis.pdf
https://indico.cern.ch/event/783781/contributions/3389493/attachments/1832744/3001915/Deep_Heavy_Resonance_Tagging_HEP2019_Kontaxakis.pdf
https://indico.cern.ch/event/783781/contributions/3389493/attachments/1832744/3001915/Deep_Heavy_Resonance_Tagging_HEP2019_Kontaxakis.pdf
https://indico.cern.ch/event/783781/contributions/3389493/attachments/1832744/3001915/Deep_Heavy_Resonance_Tagging_HEP2019_Kontaxakis.pdf
https://indico.cern.ch/event/783781/contributions/3389493/attachments/1832744/3001915/Deep_Heavy_Resonance_Tagging_HEP2019_Kontaxakis.pdf
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Generative Adversarial Network (GAN) 
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 GAN: 快速模拟、重建 
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循环神经网络RNN 
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循环神经网络RNN:  事例分类 

 

four-momenta are like 

words and the 

clustering history of 

sequential 

recombination jet 

algorithms is like the 

parsing of a sentence. 
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自编码Autoencoders 
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自编码： 数据监控 
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自编码：自动寻找新物理 

 

 

๏ Train on standard events 

๏  Run autoencoder on new events 

๏ Consider as anomalous  

    all events with loss > threshold 

 

Worse than Supervised but results encouraging 
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硬件：  FPGA 

 

 

Map DNN nicely into an FPGA 

https://github.com/hls-fpga-machine-learning/hls4ml  

https://github.com/hls-fpga-machine-learning/hls4ml
https://github.com/hls-fpga-machine-learning/hls4ml
https://github.com/hls-fpga-machine-learning/hls4ml
https://github.com/hls-fpga-machine-learning/hls4ml
https://github.com/hls-fpga-machine-learning/hls4ml
https://github.com/hls-fpga-machine-learning/hls4ml
https://github.com/hls-fpga-machine-learning/hls4ml
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未来：   Hcc 

 

Higgs coupling with 2nd gen. fermion 

Very challenging!     

ATLAS gives upper limit ~ 

100*prediction   

Needs HL-LHC 3000fb-1,  by ~2035!   

Deep Learning will definitely help a lot! 
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未来：   量子计算 

 

quantum 

annealing 
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Tutorial：  BDT 

Z’ search:   https://pan.baidu.com/s/1b54D2m 

 

https://pan.baidu.com/s/1b54D2m
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Summary 

Deeper and Deeper in HEP 


