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Inverse problems in HIC
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Inverse Problem In HIC

Model Parameter: experimental data:
eqgn. of state TVK/P spectra
shear viscosity yields vs. centrality & beam
Initial state elliptic flow
pre-equilibrium dynamics HBT

thermalization time
quark/nhadron chemistry
particlization/freeze-out

density correlations

Credit; S. A. Bass

charge correlations & BFs



Bayesian analysis QCD EoS

The ¢? is parameterized as a function of energy density in the following,

X 2
e (2.12)

1
2 e 2
cile) = csen) + (5 - “s(ﬁh)) Xoz + 2+ X7

where Xy = V12RX'es(e), z = In & € is the energy density at T = 165 MeV, R and X’ are the two parameters in
the EoS to be determined. Randomly choosing R and X’ from the range —0.9 < R < 2 and 0.5 < X' < 5 generate the
unconstrained EoS that varies in a large region between ¢2 = (.05 and ¢2 = (.33, as shown in Fig. 2.4-a. This corresponds

to the a priori distribution of ¢2 parameters together with other 12 parameters in the model P(#).

Likelihood: P(D|0) = T11; exp (—(2i(0) — zi.exp)?/2)

~"Constrained 1
by data

Posterior: P(0| D) x P(D|6)P(6)

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



Global fitting with

Trento + iIEBE-VISHNU + UrQMD

TABLE I. Input parameter ranges for the initial condition
and hydrodynamic models.

Parameter

Description

Range

Norm

p
k

w
n/s hrg
1/s min
n/s slope
(/s norm

Tswitch

Overall normalization
Entropy deposition parameter
Multiplicity fluct. shape
Gaussian nucleon width
Const. shear viscosity, T < Tk
Shear viscosity at T,

Slope above T,

Prefactor for (¢/s)(T)

Particlization temperature

100-250
—1to +1
0.8-2.2
0.4-1.0 fm
0.3-1.0

0-0.3

0-2 GeV~!
0-2

135-165 MeV
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and charged particles wields (red, upper triangle).
off-diagonal contains joint distributions showing correlations among pairs of parameters. T The units for 1/ s slope are [Gnv_l].

Posterior distributions for the model parameters from ecalibrating to identified particles vields (bhlue, lower triangle)

The diagonal has marginal distributions for each parameter, while the

PRC 94.024907, J. E. Bernhard, J. Scott Moreland, S. A. Bass, J. Liu, U. Heinz
Nature Physics 2019, J. E. Bernhard, J. Scott Moreland, S. A. Bass 5



What is deep learning

Hero of deep learning: Yann LeCun

Deep learning is constructing
networks of parameterized
functional modules & training
them from examples using
gradient-based optimization




DL: Neural Network with multi hidden layers

b 5,0 Fig from CS231N, Stanford
Forward pass i fla0) ?

input layer

hidden layer 1 hidden layer 2

Linear operation Non-linear activation function h; = o(z;)

' N (a) Sigmoid (o) RelLU (c) PReLU ;
iy ke ; § 1 , 0 , 0 !
e A E :wz’ww + b O mmeemm W={6 220 cw={L 20
= | o ’

scaling, rotating, boosting, : / /
changing dimensions



How does the network learn

I " Neural network y: Network prediction
RHE 25 D> =flx8) | > y: True label

ﬂ

Loss(cost) function

1
L= ﬁZO’i — y;)?
L

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

ﬂ

Gradient decent

gradients of network parameters

4. Use SGD-like algorithms to update oL
8=08 ——

network parameters EY)




temperature 7

Nuclear EoS and phase transition with DL

=== first order phase transition

| color superconductor

g

baryon chemical potential B

quark gluon plasma == crossover .
Z
L g
:}'3? first order =
é? E: phase transition
v critical :
pOiIlt energy density
| 4
\
hadronic matter \

Crossover

first order

7=04ftm 7=19fm 7=37m 7T=6.7im
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EOSL
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EOSQ

CLVisc 3+1D relativistic hydrodynamics



DL with CNN for EoS classification

particle 16 32 flattened fc output EOS
spectra features features 128 layer
15x48 15x48 8x24

]

]

] |
8x8 conv, 16 7x7x16 conv, 32
dropout(0.2) dropout(0.2)

bn, PRelLu bn, avgpool, PRelLu

dropout(0.5)
bn,sigmoid

16) =

N
i=1

[yslog §; + (1 — yi) log(1 — §)] +)‘||9||§

cross entropy loss L2 regularization

1.1

1.0 CLVisc + AMPT

r/IEBE-VISHNU

CLVisc + IPGlasma
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prediction accuracy

o
fo)

0.5
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fraction of training data

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



Increasing list of ML for QCD EoS

e An equation-of-state-meter of quantum chromodynamics transition from deep learning, Long-Gang Pang, Kai Zhou,
Nan Su, Hannah Petersen, Horst Stocker, Xin-Nian Wang

e |dentifying 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 Stécker

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

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

e Classification of Equation of State in Relativistic Heavy-lon Collisions Using Deep Learning, Yu. Kvasiuk, E. Zabrodin,
L. Bravina, |. Didur, M. Frolov

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

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

e 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

e 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

e 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

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

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

e 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 11



Data representation

e Images: histograms

e (px, py) or (pt, phi)
® (PXx, py, pz)
e (pt, phi, eta)
e Point cloud: particle list

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




Spinodal vs Maxwell 1st order phase transition

60— +—
— Spinadal Point Cloud of 420 particles
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J. Steinheimer, L.G. Pang, K. Zhou, V. Koch and J. Randrup, JHEP 12 (2019) 122

y <0.5 for Maxwell
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Looking for self similarity in momentum space

[roqons

A

Self similarity, scaling invariance

Dynamical Edge Convolution Network

Particles

( kNN + Edge Convolution ) x 2

Point Cloud Network
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PLB 827(2022) 137001, Y.-G. Huang, L.-G. Pang, X.F. Luo and X.-N. Wang
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Nuclear EoS at high density region
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Auto Encoder for order parameter

PHYSICAL REVIEW RESEARCH 2, 043202 (2020)

Nuclear liquid-gas phase transition with machine learning

Rui Wang ®,2"" Yu-Gang Ma,>" R. Wada,? Lie-Wen Chen®,* Wan-Bing He,' Huan-Ling Liu,? and Kai-Jia Sun’>
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Detecting CME via deep learning

Pion Spectra
20%24 Input

64 Features, 20x24 conv

64 Features, 5X6 conv
ky ReLu

64 Features 10x12 conv {

BN

Leaky ReLu -

e

Leaky ReLu

Legend

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

l— Flatten
Dense 100, BN .
propout0: P

Fully connected

AvgPool

BN
AvgPool

27 Conv. kernel 9 Pooling @ \:\;%ff
@ Activation O Neuron SoftMax @ o S—

‘0’: no CS
‘1’: CS

Gradient ascent to get the most

responsive CME-spectra that
demonstrates what has been learned by

17



Active learning to mapping out unphysical
regions in nuclear EoS

(Upc, aqir, w, p) — P(T, ug) — {acceptable, unstable, acausal}.

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

Acceptable = Stable + Causal

/N

oS
RS,S,nB,Xg,(—) >0, Oﬁcﬁﬁ 1,
ng

oT

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

18



Active learning procedure

uncertain %
ﬁ
Unlabelled Pool )]
label
move

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



Determining nuclear deformation

1B2|
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L.-G. Pang, K. Zhou and X.-N. Wang, arXiv:1906.06429
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Identifying the -clustering structure

Fail in EbE Succeed with 4000-events average

12 ; 12 i ;
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JJ He, WB He, YG Ma, S Zhang, Phys. Rev. C 104, 044902 (2021)



Stacked U-net for relativistic hydrodynamics

them.

Ed(Initial) Ed(VISH2+1) Ed(sU-net) Vx(VISH2+1) Vx(sU-net) Vy(VISH2+1) Vy(sU-net)
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FIG. 1: An illustration of the encode-decode network, stacked U-net, which consists of the input and out layers and four - = St
residual U-net blocks. The right figure shows the U-net structure, and the depth of the hidden layer is written on the top of =5 m
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PRR3, 023256, H.Huang, B.Xiao, H.Xiong, Z.Liu, Z.Wu, Y. Mu and H.Song 22



In medium heavy quark potential

aJ

! N

update

Schrodinger Eq. Solver

aJ

ob

b[_ﬁ N

SZ Shi, K Zhou, JX Zhao, S Mukherjee, and PF Zhuang, PRD 105, 014017
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Wi(r)

Ay ade dwoo
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Mass of Quasi Partons for QGP EoS

InZ(T) = In Zy(T) + In Zy o(T) + In Z,(T),

Fermi-Dirac distributions,

16V [ 4
b Z () = — = d
n Zy(T) 2z ), PP
1
In ll — exp (—?\/pz + mﬁ(T))] : 42
12V [%
InZ,(T)=+—=— %d
nZg,(T) =+ 55 -

In [1 +exp (—%\/ﬁ +m2 (T))] . 1[3)

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

C

Screened
Dressed
Regularized
Quasi Particle

d d,
B
" d
quarks, m4(T,60;) for strange quark and m,(T,03) for
gluons, where 61, 5 and 03 are the parameters in DNN

shown in Fig. 1.

The resulting pressure and energy density are com-
puted using the following statistical formulae,

P(T)=T (W} | (5)
e(T) = 3;2 (81H5?(T))V= (6)

24



DL and auto-diff for quasi partons
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FuPeng Li, HongLiang Lu, LongGang Pang, GuangYou Qin, PLB 2023
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The learned quasi parton mass

EoS vs Lattice QCD Learned Mass n / S
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Jet quecnhing

Can Being Underwater Protect You From Bullets?

66 [f the bullet is shot from an angle of 30 Degrees, then being underwater in the

range of 3-5 feet (0.9-1.5 meters) can ensure safety from most guns.

Jet quenching in hot QGP

27



The nuclear EoS and Mach Cone

Jet

. o S . T S —

-5 0 5
x (fm)

Nuclear EoS: ¢2 = — =sin?

-5 0 5
x (fm)

R.B.Neufeld. PRC79,054909(09’)

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

e Random production locations and
propagating directions relative to
collective flow

e Tilted by different path length and
collective flow

L.M. Satarov, H. Stoecker, |.N. Mishustin,
PLB 627 (2005) 64-70
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If it is possible to locate the initial jets
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Longitudinal location: path length dependence

200GeV AuAu— 'f+h* b=5fm q=-/2
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plp/py ~ 1

Surface emission less energy loss.

pp/py ~ 0.3

Volume emission more energy loss.

Zhang, Owens, Wang and XNW, Phys. Rev. Lett. 103, 032302 (2009)
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Transverse location: gradient tomography

Brdkf,(k, 7)Sign(k - i)

AT = =
[ dBrd3kf,(k,7)

y (fm)

He, Pang & Wang, PRL 125 (2020) 12, 122301
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Jet tomography with
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e Top: using final energy selection (FES),
the estimated di-jet production point
deviate from Glauber model a lot

e Middle: initial energy selection, ground
truth

e Bottom: initial energy selection using
predicted energy loss and initial jet
energy with deep learning

YL Du, D Pablos and K Tywoniuk, PRL128, no.1, 012301 (2022) 0



DL assisted jet tomography (gamma-jet)

Input 1 Latent Features
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Z Yang, YY He, W Chen, WY Ke, LG Pang, XN Wang, EPJC 83 (2023) 7, 652



Training data: CoLBT(LBT + CLVisc)

pdf(p) = —C(p) (p-u > Poys)
9T () = 7" (=)

Zp“é(‘” z — 2;)0(DYy: — P - )
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Jet hadron correlation with DL assisted jet
tomography

The Jet direction

X X X X
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network predictions

true locations

jet hadron correlation for selected
events whose locations are
constrained to specific regions
using DL assisted jet tomography
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ZYang, YY He, W Chen, WY Ke, LG Pang, XN Wang, EPJC 83 (2023) 7, 652
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Enhance the Diffusion Wake signal

All positions

x<-1.0 & y<0.0 -

1.0

0.5

ZYang, 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
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Summary

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

e The network can be used as variational functions

eDL is used in the regression task to locate the jet production
positions, which helps to study the QCD EoS through mach cones

eln the future, the DL will also be an important tool for nuclear
structure studies
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Bayesian analysis heavy quark diffusion
coefficients
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FIG. 120 {Color online) Comparison of the heavy quark diffusion coefficients across multiple approaches available in the
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Bayesian extraction
distribution

LBT: Linear Boltzmann Transport model
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Temperature dependent

~ from multistage jet

energy loss model 5T MATTER
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Point Cloud Net for Maxwell and Spinodal

Point Cloud of 420 particles

®9 o fi] . |... | m A
.. Y
® Global Max Pooling

o [ : .
o
Py T Output
e | IEEE : e B
s ™
o  FREE 5 e B » o
i | L=
©
o DRI | e B .
| -
o EEE e BHE
y >0.5 for Spinodal
B 128 neurons 128 neurons
o Em \ \@‘é ® y <0.5 for Maxwell
<&
m weights for each filter P 128 new features
Point Cloud Network, repeat 2 times Fully connected layer

1st time m=5, 2nd time m=128

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



LBT: Linear Boltzmann Transport
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Medium-induced gluon(HT):

jet parton
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Training process
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The shape of mach cones for selected events
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