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Inverse problems in HIC
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Final state hadrons

Non-linear mapping

（1）Nuclear Structure （2）Initial Parton Distribution （3）QGP properties and EoS



Inverse Problem In HIC

3

Credit: S. A. Bass



Bayesian analysis QCD EoS
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Likelihood:

Posterior:

S. Pratt, E. Sangaline, P. Sorensen, H. Wang, PRL. 114 (2015) 202301.



Global fitting with Bayesian analysis

PRC 94.024907,   J. E. Bernhard, J. Scott Moreland, S. A. Bass, J. Liu, U. Heinz
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Trento + iEBE-VISHNU + UrQMD

Nature Physics 2019,   J. E. Bernhard, J. Scott Moreland, S. A. Bass



What is deep learning
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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



DL: Neural Network with multi  hidden layers
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How does the network learn
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1. 一开始神经网络参数 � 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 �, 它是 

�(�,  �) 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 � 

1. The network parameters are initialized 
with random numbers and the network 
make random guess
2. Compute the loss function L which is a 
functional of the network 
3. Use auto-diff to compute the negative 
gradients of network parameters
4. 



Nuclear EoS and phase transition with DL
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����� = �

CLVisc 3+1D relativistic hydrodynamics



DL with CNN for EoS classification

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



Increasing list of ML for QCD EoS

● A n  e q u a t i o n - o f - s t a t e - m e t e r  o f  q u a n t u m  c h r o m o d y n a m i c s  t r a n s i t i o n  f r o m  d e e p  l e a r n i n g ,  L o n g - G a n g  P a n g ,  K a i  Z h o u ,  
Nan Su,  Hannah Pete rsen ,  Hors t  S töcker ,  X in -N ian  Wang

● Iden t i f y ing  the  na tu re  o f  t he  QCD t rans i t i on  in  re la t i v i s t i c  co l l i s ion  o f  heavy  nuc le i  w i th  deep  lea rn ing ,  Yi -Lun  Du ,  Ka i  
Zhou,  Jan  S te inhe imer ,  Long-Gang Pang,  An ton  Motornenko ,  Hong-Sh i  Zong,  X in -N ian  Wang,  Hors t  S töcker  

● A mach ine  lea rn ing  s tudy  to  i den t i f y  sp inoda l  c lump ing  in  h igh  energy  nuc lea r  co l l i s ions ,  Jan  S te inhe imer ,  LongGang 
Pang,  Ka i  Zhou,  Vo lker  Koch ,  Jø rgen  Randrup ,  Hors t  S toecker

● An  equa t i on -o f - s t a t e -me t e r  f o r  CBM us ing  Po i n t N e t ,  M a n j u n a t h  O m a n a  K u t t a n ,  K a i  Z h o u ,  J a n  S t e i n h e i m e r ,  A n d r e a s  
Rede lbach ,  Hors t  S toecker

● Class i f i ca t ion  o f  Equat ion  o f  S ta te  in  Re la t i v i s t i c  Heavy- Ion  Co l l i s ions  Us ing  Deep Learn ing ,  Yu .  Kvas iuk ,  E .  Zabrod in ,  
L .  B rav ina ,  I .  D idur ,  M.  F ro lov

● N e u r a l  n e t w o r k  r e c o n s t r u c t i o n  o f  t h e  d e n s e  m a t t e r  e q u a t i o n  o f  s t a t e  f r o m  n e u t r o n  s t a r  o b s e r v a b l e s .  S h r i y a  S o m a ,  
L ingx iao  Wang,  Shuzhe Sh i ,  Hors t  S töcker ,  Ka i  Zhou

● Learn ing  Langev in  dynamics  w i th  QCD phase  t rans i t ion ,  L ingx iao  Wang,  L i j i a  J iang ,  Ka i  Zhou

● M a c h i n e  l e a r n i n g  p h a s e  t r a n s i t i o n s  o f  t h e  t h r e e - d i m e n s i o n a l  I s i n g  u n i v e r s a l i t y  c l a s s ,  X i a o b i n g  L i ,  R a n r a n  G u o ,  
Kangn ing  L iu ,  J ia  Zhao,  Fen  Long,  Yu  Zhou,  Zh im ing  L i

● E x t e n s i v e  S t u d i e s  o f  t h e  N e u t r o n  S t a r  E q u a t i o n  o f  S t a t e  f r o m  t h e  D e e p  L e a r n i n g  I n f e r e n c e  w i t h  t h e  O b s e r v a t i o n a l  
Da ta  Augmenta t ion ,  Yuk i  Fu j imoto ,  Ken j i  Fukush ima,  Ko ich i  Murase

● N u c l e a r  l i q u i d - g a s  p h a s e  t r a n s i t i o n  w i t h  m a c h i n e  l e a r n i n g ,  R u i  Wa n g ,  Yu - G a n g  M a ,  R .  Wa d a ,  L i e - We n  C h e n ,  Wa n -
B ing  He,  Huan-L ing  L iu ,  Ka i -J ia  Sun

● Mach ine  learn ing  spec t ra l  func t ions  in  la t t i ce  QCD,  S . -Y.  Chen,  H . -T.  D ing ,  F. -Y.  L iu ,  G .  Papp,  C . -B .  Yang

● Prob ing  c r i t i ca l i t y  w i th  deep  learn ing  in  re la t i v i s t i c  heavy- ion  co l l i s ions ,  Yige  Huang,  Long-Gang Pang,  X iao feng  Luo ,  
X in -N ian  Wang

● M a p p i n g  o u t  t h e  t h e r m o d y n a m i c  s t a b i l i t y  o f  a  Q C D  e q u a t i o n  o f  s t a t e  w i t h  a  c r i t i c a l  p o i n t  u s i n g  a c t i v e  l e a r n i n g ,  D .  
Mroczek ,  M.  H jo r th -Jensen,  J .  Noronha-Hos t le r,  P.  Paro t to ,  C .  Ra t t i ,  and  R.  Vi la l ta 11



Data representation

● Images: histograms 

● (px, py) or (pt ,  phi)  
● (px, py, pz)
● (pt,  phi,  eta)

● Point cloud: particle l ist

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

…
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Spinodal vs Maxwell 1s t  order phase transition

J. Steinheimer, L.G. Pang, K. Zhou, V. Koch and  J. Randrup，JHEP 12 (2019) 122
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Looking for self similarity in momentum space
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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

Self similarity, scaling invariance



Nuclear EoS at high density region

15PLB 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



Auto Encoder for order parameter
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Detecting CME via deep learning

 Y.-S. Zhao, L. Wang, K. Zhou, and X.-G. Huang PRC 106 (2022) 5, L051901

Gradient ascent to get the most 
responsive CME-spectra that 
demonstrates what has been learned by 
the machine.
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Active learning to mapping out unphysical 
regions in nuclear EoS

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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Active learning procedure 

2203.13876, D. Mroczek, M. Hjorth-Jensen, J. Noronha-Hostler, P. Parotto, C. Ratti, and R. Vilalta 19



Determining nuclear deformation

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

��

��

Data: Trento + Matching
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Identifying the �-clustering structure

JJ He, WB He, YG Ma, S Zhang, Phys. Rev. C 104, 044902 (2021)

� clusters Fail in EbE Succeed with 4000-events average
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Stacked U-net for relativistic hydrodynamics

22PRR3, 023256, H.Huang, B.Xiao, H.Xiong, Z.Liu, Z.Wu, Y. Mu and H.Song 



In medium heavy quark potential 

SZ Shi, K Zhou, JX Zhao, S Mukherjee, and PF Zhuang, PRD 105, 014017 23



Mass of Quasi Partons for QGP EoS

24 FuPeng Li, HongLiang Lu, LongGang Pang, GuangYou Qin, PLB 2023
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DL and auto-diff for quasi partons

25 FuPeng Li, HongLiang Lu, LongGang Pang, GuangYou Qin, PLB 2023



The learned quasi parton mass
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EoS vs Lattice QCD Learned Mass



Jet quecnhing

Jet quenching in hot QGP

Can Being Underwater Protect You From Bullets?
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The nuclear EoS and Mach Cone

Nuclear EoS：c�
2 = ��

��
=sin2 � Shear Viscosity：width of the shock wave
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Difficulties in looking for Mach Cones in HIC

● Random production locations and 
propagating directions relative to 
collective flow

● Tilted by different path length and 
collective flow

L.M. Satarov, H. Stoecker, I.N. Mishustin,
 PLB 627 (2005) 64-70
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If it is possible to locate the initial jets

30

Y Tachibana, T Hirano, PRC 93 (2016) 5, 054907



Longitudinal location: path length dependence
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Transverse location：gradient tomography
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Jet tomography with deep learning (di-jet) 
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● Top: using f inal energy selection (FES), 
the estimated di-jet production point 
deviate from Glauber model a lot

● Middle: init ial energy selection, ground 
truth

● Bottom: init ial energy selection using 
predicted energy loss and init ial jet 
energy  with deep learning

YL Du, D Pablos and K Tywoniuk, PRL128, no.1, 012301 (2022)



DL assisted jet tomography (gamma-jet)

34Z Yang, YY He, W Chen, WY Ke, LG Pang, XN Wang,  EPJC 83 (2023) 7, 652



Training data: CoLBT(LBT + CLVisc)
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LBT: YY He, T Luo, XN Wang, Y Zhu, 
         PRC 91 (2015) 054908, PRC 97 (2018) 1, 019902 

CLVisc: 
     LG Pang, Q Wang, XN Wang, PRC 86 (2012) 024911
     LG Pang, H Petersen, XN Wang, PRC 97 (2018) 6, 064918
     XY Wu, GY Qin, LG Pang, XN Wang,PRC 105 (2022) 3, 034909
 
CoLBT: 
   W Chen, T Luo, SS Cao, LG Pang, XN Wang, PLB 777 (2018) 86-90



Jet hadron correlation with DL assisted jet 
tomography

network predictions

true locations

jet hadron correlation for selected 
even ts  whose  loca t ions  a re 
constrained to specific regions 
using DL assisted jet tomography

Th
e 

Je
t d

ire
ct

io
n

36Z Yang, YY He, W Chen, WY Ke, LG Pang, XN Wang,  EPJC 83 (2023) 7, 652



Enhance the Diffusion Wake signal

37

Z Yang, YY He, W Chen, WY Ke, LG Pang, XN Wang,  EPJC 83 (2023) 7, 652

Z Yang, T Luo, W Chen, LG Pang, XN Wang, PRL 130 (2023) 5, 052301



Summary

● DL is widely used in HIC to determine the nuclear EoS and many 
other QGP properties

● The network can be used as variational functions 

● DL i s  used  i n  t he  reg ress ion  task  t o  l oca te  t he  j e t  p roduc t i on 
positions, which helps to study the QCD EoS through mach cones

● In  the  fu tu re ,  the  DL w i l l  a l so  be  an  impor tan t  too l  fo r  nuc lea r 
structure studies 
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综述文章或学习资料

第九届华大  QCD 讲习班，主题：

《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/1lGlTolwDoOm0L

yRMbgx7pw

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


综述文章或学习资料

40
李庆峰，马余刚 原子能院



综述文章或学习资料
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Bayesian analysis heavy quark diffusion 
coefficients

July 2-3, 2018                 Berkeley Jet Physics Jubilee             X. Dong 

Bayesian Analysis to Extract HQ Diffusion Coefficient 

35 

Bayesian analysis based on Duke model: 
 Langevin + Hydro 

Y. Xu et al, PRC 97 (2018) 014907 

Open question:  Charm heavy enough ? (as compared to medium interactions)  
   -> Go Heavier !!! 

Yingru Xu, J.E. Bernhard, S.A. Bass and M. Nahrgang and S.S. Cao, PRC. 97 (2018), 014907 
42



Bayesian extraction of jet energy loss 
distribution

Yayun He, L.G. Pang and X.N. Wang, PRL2019 43



Temperature dependent �  from multistage jet 
energy loss model

44

MATTER + LBT_1:

MATTER + LBT_2:

� =
 Δ��

2 
�

HardProbe2018, Ron Soltz for the JETSCAPE collaboration

LBT MATTER

Q0 ~ 2.09, 2.86 GeV

Switching virtuality



 Point Cloud Net for Maxwell and Spinodal

45JHEP 12 (2019) 122, J. Steinheimer, L.G. Pang, K. Zhou, V. Koch and  J. Randrup



LBT: Linear Boltzmann Transport

46YY He, T Luo, XN Wang, Y Zhu,  PRC 91 (2015) 054908, PRC 97 (2018) 1, 019902



Training process

47



The shape of mach cones for selected events

48


