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深度学习是什么
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Deep learning is constructing 

networks of parameterized

functional modules & training

them from examples using

gradient-based optimization

Hero of deep learning: Yann LeCun



深度神经网络作为参数化的泛函模块
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深度神经网络如何学习
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1. 一开始神经网络参数 𝜃 初始化为随机数，

神经网络做出随机预测

2. 使用神经网络预测计算损失函数 𝐿, 它是

𝑓(𝑥, 𝜃) 的泛函

3. 使用自动微分计算损失函数对参数的梯

度

4. 使用随机梯度下降算法更新神经网络的

所有可训练参数 𝜃



学习层级化的表示

Shallow layers Deep layers



在不同的数据之间建立映射

Image to text

1. 映射真实存在

2. DNN 有足够的表示能

力

3. 足够多的训练样本

需要满足的条件



深度学习强大的非线性映射能力
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DALL·E 2 can create original, realistic images and art from a 

text description. It can combine concepts, attributes, and 

styles.

Text to image

另有开源的 text2image 生成工具：Stable Diffusion



深度学习解高能核物理中的反问题

8

Final state hadrons

Non-linear mapping

（1）核结构 （2）初态部分子分布 （3）QGP性质与核物质相变



深度学习研究核物质状态方程与相变
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𝛁𝝁𝑻
𝝁𝝂 = 𝟎

CLVisc 3+1D relativistic hydrodynamics



深度学习研究核物质状态方程与相变

10Nature Communications 2018, LG. Pang, K.Zhou, N.Su, H.Petersen, H. Stoecker, XN. Wang. 



Increasing list of ML for QCD EoS
• An equation-of-state-meter of quantum chromodynamics transition from deep learning, Long-Gang Pang, Kai Zhou, Nan Su, Hannah

Petersen, Horst Stöcker, Xin-Nian Wang

• Identifying the nature of the QCD transition in relativistic collision of heavy nuclei with deep learning, Yi-Lun Du, Kai Zhou, Jan
Steinheimer, Long-Gang Pang, Anton Motornenko, Hong-Shi Zong, Xin-Nian Wang, Horst Stöcker

• A machine learning study to identify spinodal clumping in high energy nuclear collisions, Jan Steinheimer, LongGang Pang, Kai Zhou,
Volker Koch, Jørgen Randrup, Horst Stoecker

• An equation-of-state-meter for CBM using PointNet, Manjunath Omana Kuttan, Kai Zhou, Jan Steinheimer, Andreas Redelbach, Horst
Stoecker

• Classification of Equation of State in Relativistic Heavy-Ion Collisions Using Deep Learning, Yu. Kvasiuk, E. Zabrodin, L. Bravina, I. Didur,
M. Frolov

• Neural network reconstruction of the dense matter equation of state from neutron star observables. Shriya Soma, Lingxiao Wang, Shuzhe
Shi, Horst Stöcker, Kai Zhou

• Learning Langevin dynamics with QCD phase transition, Lingxiao Wang, Lijia Jiang, Kai Zhou

• Machine learning phase transitions of the three-dimensional Ising universality class, Xiaobing Li, Ranran Guo, Kangning Liu, Jia Zhao,
Fen Long, Yu Zhou, Zhiming Li

• Extensive Studies of the Neutron Star Equation of State from the Deep Learning Inference with the Observational Data Augmentation,
Yuki Fujimoto, Kenji Fukushima, Koichi Murase

• Nuclear liquid-gas phase transition with machine learning, Rui Wang, Yu-Gang Ma, R. Wada, Lie-Wen Chen, Wan-Bing He, Huan-Ling Liu,
Kai-Jia Sun

• Machine learning spectral functions in lattice QCD, S.-Y. Chen, H.-T. Ding, F.-Y. Liu, G. Papp, C.-B. Yang

• Probing criticality with deep learning in relativistic heavy-ion collisions, Yige Huang, Long-Gang Pang, Xiaofeng Luo, Xin-Nian Wang

• Mapping out the thermodynamic stability of a QCD equation of state with a critical point using active learning, D. Mroczek, M. Hjorth-
Jensen, J. Noronha-Hostler, P. Parotto, C. Ratti, and R. Vilalta



Data representation

• Images: histograms 
• (px, py) or (pt, phi) 

• (px, py, pz)

• (pt, phi, eta)

• Point cloud: particle list

E Px Py Pz pid

6.84 1.07 4.5 6.83 211

68.92 0.75 0.64 68.91 2212

40.4 0.06 0.54 40 321

…



Maxwell 和 Spinodal 类型一阶相变分类

13JHEP 12 (2019) 122, J. Steinheimer, L.G. Pang, K. Zhou, V. Koch and J. Randrup

点云神经网络



通过动量空间的自相似寻找相变临界信号
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Tagging
C

lassificatio
n

PLB 827(2022) 137001, Y.-G. Huang, L.-G. Pang,  X.F. Luo and X.-N. Wang

Dynamical Edge Convolution Network



高密区核物质状态方程

15Phys.Lett.B 822 (2021) 136669, Y.J Wang,  F.P. Li, Q.F. Li, H.L. L¨u, and K. Zhou 

Skyrme potential + IMQMD off-diagonal = misclassified



使用自编码机学习核液气相变序参数
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Detecting CME via deep learning

2105.13761, Y.-S. Zhao, L. Wang, K. Zhou, and X.-G. Huang (2021)

Gradient ascent to get the most responsive 

CME-spectra that demonstrates what has 

been learned by the machine.



Identifying the 𝛼-clustering structure

Junjie He, Wan-Bing He, Yu-Gang Ma, Song ZhangPhys. Rev. C 104, 044902 (2021)

𝛼 clusters Fail in EbE Succeed with 4000-events average



Determining nuclear deformation

arXiv:1906.06429, L.-G. Pang, K. Zhou and X.-N. Wang

𝜷𝟐

𝜷𝟒

Data: Trento + Matching



Stacked U-net for relativistic hydrodynamics

20arXiv: 1801.03334; Phys. Rev. Research 3, 023256, H.Huang, B.Xiao, H.Xiong, Z.Liu, Z.Wu, Y. Mu and H.Song



使用主动学习排除非物理的状态方程

4 parameters from 3D Ising model QCD EoS Lables for classification

Acceptable = Stable + Causal

2203.13876, D. Mroczek, M. Hjorth-Jensen, J. Noronha-Hostler, P. Parotto, C. Ratti, and R. Vilalta
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使用主动学习排除非物理的状态方程

2203.13876, D. Mroczek, M. Hjorth-Jensen, J. Noronha-Hostler, P. Parotto, C. Ratti, and R. Vilalta
22



In medium heavy quark potential 

S.Z. Shi, K. Zhou, J.X. Zhao, S. Mukherjee, and P.F. Zhuang Phys. Rev. D 105, 014017



将神经网络用作多体量子计算的波函数
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DL for jets in HIC
• Probing heavy ion collisions using quark and gluon jet substructure, Yang-Ting Chien, Raghav Kunnawalkam Elayavalli

• Data-driven extraction of the substructure of quark and gluon jets in proton-proton and heavy-ion collisions, Yueyang

Ying, Jasmine Brewer, Yi Chen, Yen-Jie Lee

• Data-driven quark and gluon jet modification in heavy-ion collisions, Jasmine Brewer, Jesse Thaler and Andrew P. 

Turner

• Classification of quark and gluon jets in hot QCD medium with deep learning, Yi-Lun Du, Daniel Pablos, Konrad 

Tywoniuk

• Deep learning jet modifications in heavy-ion collisions, Yi-Lun Du, Daniel Pablos, Konrad Tywoniuk

• Jet Tomography in Heavy-Ion Collisions with Deep Learning, Yi-Lun Du, Daniel Pablos, Konrad Tywoniuk

• The information content of jet quenching and machine learning assisted observable design, Yue Shi Lai, James 

Mulligan, Mateusz Płoskoń, Felix Ringer 

• Deep Learning for the classification of quenched jets, Liliana Apolinário, Nuno F. Castro, M. Crispim Romão, Jose 

Guilherme Milhano, Rute Pedro 

• Deep learning assisted jet tomography for the study of Mach cones in QGP, Zhong Yang, Yayun He, Wei Chen , Wei-

Yao Ke, Long-Gang Pang and Xin-Nian Wang

• ...



研究QGP性质的另一种方法：喷注淬火

高能部分子喷注穿过热密 QGP 时损失能量

Can Being Underwater Protect You From Bullets?
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马赫锥与核物质状态方程

核物质状态方程：c𝑠
2 =

𝑑𝑃

𝑑𝜖
= 𝑐𝑜𝑠2 𝜃 核物质剪切粘滞：马赫锥锥前宽度

27

θ



在核液滴中寻找马赫锥的难点

• 喷注产生位置与出射方向随机，
Path Length dependence

• 马赫锥受到集体流影响，形状
改变

• 研究动机：如果能定位喷注产
生位置，可根据马赫锥形状的
改变来推断状态方程与 QGP 
输运系数 L.M. Satarov, H. Stoecker, I.N. Mishustin,

PLB 627 (2005) 64-70
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喷注纵向定位：Path Length Dependence
深度学习喷注能损，确定喷注纵向分布
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Yi-Lun Du, D. Pablos, K. Tywoniuk, PRL 2022zhang, Owens, Wang and XNW, PRL 103, 032302, (2009)

Short path length
能损小

Long path length
能损大



喷注横向定位：梯度层析
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深度学习辅助喷注定位

• 𝛾-triggered jet 事件

• 使用点云神经网络架构

• 输入数据：
• 1. 喷注锥角内所有横动量大
于 2 GeV 的末态强子的四动
量与质量

• 2. 𝛾 与喷注的整体信息

• 任务目标：使用蒙特卡洛模
拟产生的数据训练，根据输
入数据判断喷注产生位置
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训练数据: CoLBT-hydro: LBT + CLVisc

W. Chen, S.S Cao, T. Luo, L.G Pang, 
X.N Wang, PLB 2017 32



训练进程与验证精度
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喷注产生位置筛选与粒子方位角分布统计

• 1. 数据存在涨落，预
测结果存在误差性。

• 2. 神经网络可以帮助
选择从一个区域出射
的喷注

• 3. 因为路径长度依赖
和集体流的影响，从
不同位置出射的喷注
其 diffusion wake 的
位置和深度不同
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预测位置

真实位置

粒子分布

喷注方向 Diffusion Wake 信号



马赫锥伴生信号：Diffusion Wake

• 马赫锥前方与喷注方向重合，

难以区分喷注与QGP介质响应

的信号

• 马赫锥后方存在 Diffusion 

Wake，它对粒子方位角分布的

影响是寻找核液滴中马赫锥的

更好信号
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喷注定位对 Diffusion Wake 信号的增强
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综述文章或学习资料

第九届华大 QCD 讲习班，主体《深

度学习与粒子物理核物理》

讲习班PPT和视频下载地址：

https://pan.baidu.com/s/1lGlTolwDoO

m0LyRMbgx7pw

提取码：ccnu
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https://pan.baidu.com/s/1lGlTolwDoOm0LyRMbgx7pw


综述文章或学习资料
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李庆峰，马余刚 原子能院



综述文章或学习资料
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综述文章或学习资料
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