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(1) Nuclear Structure (2) Initial Parton Distribution (3) QGP properties and EoS
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Initial condition EoS Bulk Viscosity Shear Viscosity

CLVisc:

1. CCNU-LBNL Viscous Hydro, CCNU = Central China Normal University
2. A 3+1D viscous hydro parallized on GPU using OpenCL

Purpose: Describe the non-equilibrium space-time evolution of hot QCD matter
Feature: 100 times faster than using a single core CPU.

L.G. Pang, Q. Wang and X. N. Wang, PRC 86 (2012) 024911
L.G. Pang, B.W. Xiao, Y. Hatta, X.N.Wang, PRD 2015
L.G. Pang, H.Petersen, XN Wang, PRC97(2018)n0.6,064918
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shear viscosity bulk viscosity 4
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T =10 — Tn |QAAgU" VT + 37r

resistance to flow gradients resistance to expansion _Alﬂ_iﬂﬂ_v))\ B AQ,}T;NQV)/\ o /\3Q§\MQ YA

Expansion rate: ¢ = Vit
ot = avinyY) = 2A""mﬁvau5,

Shear viscous tensor:

1
QHY = —A““A”ﬁ(vaug — Vjaua),

Vorticity tensor:

AHVeB

1
Double projection operator: > (AHCEAW? 1+ AHB i P AMVAGB
Projection operator: AHY — g — ulu?
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CLVisc for different EoS and /

7=0.4 fm 7=1.9 fm 7=3.7fm 7=6.7 fm
n/s=0.0

/ =0 (shear viscosity over entropy density)
‘-. Lattice QCD EoS (smooth cross over)

EOSL

n/s=0.0

/ =0 (ideal hydro)
‘-. N First order phase transition

EOSQ

n/s=0.08

/ =0.08 (viscous hydro)

% ‘. Lattice QCD EoS (smooth cross over)
n/s=0.08 / - 0_08
g ‘. First order phase transition

It is unknown whether the information of EoS survives the complex dynamical evolution of
HICs and exists in each single event of the final state output.

long-gang pang



Human brains are not optimized for

Dog o o
processing high-dimensional scientific
data. Deep neural network can be trained:

Cat (i) to identify optimal feature combinations

(ii) to represent variational functions

Lattce QCD EoS (crossover)
EOSQ (First order phase transition)

p(pr, @)
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Neural network

Inputx | > 9 = f(x,0) |

%
‘%od
1. Initially are random numbers and
network makes random predictions
2. Using network prediction to compute
loss , which is a functional of ( ,
3. The gradients / are computed
through auto-differentiation
4. Trainable parameters are updated
using stochastic gradient descent
(SGD)
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EoS for different phase transition types

particle 16 32 flattened fc output EOS
spectra features features 128 layer
15x48 15x48 8x24 quark gluon plasma
— &
— ) critical o
‘JHJ g first order
E k ./ phase transition
E X \\ energy density
2 £\
- 2 .
: o N
8x8 conv, 16 7x7x16 conv, 32 =
dropout(0.2) dropout(0.2) dropout(0.5) . !
bn, PReLu bn, avgpool, PReLu bn_gigmoid hadronic matter
| N N color superconductor
. N ; 2
UO) = =7 2 [bslog s + (1 — yi) log(1 — g)] + Alle][z
i=1 L ‘
L2 regularization baryon chemical potential HMB

DL helps to decode the information of QCD phase transition in the QCD EoS (>93% accuracy).

Nature Communications 2018, LG. Pang, K.Zhou, N.Su, H.Petersen, H. Stoecker, XN. Wang.
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Spinodal vs Maxwell 1st order phase transition
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J. Steinheimer, L.G. Pang, K. Zhou, V. Koch and J. Randrup, JHEP 12 (2019) 122
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Self similarity, scaling invariance
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Find its k nearest neighbors in feature space.

PLB 827(2022) 137001, Y.-G. Huang, L.-G. Pang, X.F. Luo and X.-N. Wang
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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 ®,12" Yu-Gang Ma,!'>" R. Wada,® Lie-Wen Chen ®,* Wan-Bing He,! Huan-Ling Liu,?> and Kai-Jia Sun®>
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Nuclear EoS at high density region

off-diagonal = misclassified

100 J T v T ¥ T T T T T T P
g0] — Skz4 i Ski1
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B0 ceweses SV-sym34 W
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Protons, Predicted labels

PLB 822 (2021) 136669, Y.J Wang, F.P. Li, Q.F. Li, H.L. L"u, and K. Zhou
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Jet eloss and medium response

\| Run/Event: 151076 / 1328520
Lumi section: 249

Can Being Underwater Protect You From Bullets? CMS | ot ecrde: it 14 105129 2010 GEST

Jet 1, pt: 70.0 GeV

Jet 0, pt: 205.1 GeV

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 q uenchi ng in hot QGP

long-gang pang 17



The nuclear EoS and Mach Cone

x (fm) - x (fm)
R.B.Neufeld. PRC79,054909(09’)

Nuclear EoS: ¢® = — =sin? Shear Viscosity: width of the shock wave

long-gang pang
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LBT: YY He, T Luo, XN Wang, Y Zhu,

PRC 91 (2015) 054908, PRC 97 (2018) 1, 019902 .0 1=6.6fm/c
~10 0 10 —10 0 10 —10 0 10 ~0.24

CLVisc: X X X

LG Pang, Q Wang, XN Wang, PRC 86 (2012) 024911

LG Pang, H Petersen, XN Wang, PRC 97 (2018) 6, CoLBT:
064918

XY Wu, GY Qin, LG Pang, XN Wang,PRC 105 (2022) W Chen, T Luo, SS Cao, LG Pang, XN Wang,
3, 034909 PLB 777 (2018) 86-90
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LBT: Linear Boltzmann Transport

p1of1 = — / dpadpsdps(fifo — f3fs) |Mia—za|’ (2ﬁ)454(z p') + inelastic

Medium-induced gluon(HT):

jet parton

dN, N 2C s,
dzd?k, dt ~  wk?*

Tracked partons: particle holes
Jet shower partons R
Thermal recoil partons
Radiated gluons
Negative partons(Back reaction induced by

energy-momentum conservation)

YY He, T Luo, XN Wang, Y Zhu, PRC 91 (2015) 054908, PRC 97 (2018) 1, 019902
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DL assisted jet tomography (gamma-jet)

Input 1

1 p" mass

2 p" mass

Hadron cloud

N p" mass

Input 2

1D CNN
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EPJC 83 (2023) 7, 652
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DL assisted jet tomography
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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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Jet iInduced sound wave in QGP

g-triggered-jet-hadron correlation CMS Preliminary
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e Forward Mode

Introduce dual numbers: - +-
where 2 =

x+xd)+(y+yd)=x+y+(x+ yd
x+xd)-(y+yd)=x—y+(x—pd
x+xd)x(y+yd) =xy+ (xy+ xy)d

L _ 1 Y4 20

x+xd x  x?

Forward mode for Rl — R"

R" —» R!

Reverse mode for

Auto Differentiation:

machine precision

e Reverse Mode
Ol

D= —

adjoint number:
ow

X 8b

N
y\@/

: out: [
/
zZ

@ _

stepl:w =20
_0b
step2:w =w+ b—
ow
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B ERNE

N McGreivy N, SR Hudson , CX Zhu. 2020,
J arXiv:2009.00196

-

AEGEEFRTEE, 1eRTFE AN SEEBEEEAEGELEFE AIIREDEREN. R, AXNE
B2, BUSERINREENIR(IFT), R0 (Integrate FILLERIER/RATN, KIGHIT B(r).
JUeBiR: (1) TiEBR, RN (2) WIEBYR, 1S RREEE TINREER
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Real particle Quasupartlcle @

o - :.‘.o o 6. %

Real horse : Quasihorse @ @ 9
LR . o )
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In Z(T)

=1nZ,(T) + In Zy 4(T) + In Z,(T),

Fermi-Dirac distributions,

16V [
nZ,(T)=— — 2d
nZy(T) 5t ), T
1
In ll — exp (—?\/pz + mg(T))]
B 5 4
nZ,(T) =+ —— d

In [1 + exp (—%\/p2 + g, (T))] ,

Deep Learning Quasi

(2)

Particle Model

ResNet !
1
: |: i X3=Massi
1 1 -

e ]

A ’
Lo —
i {

S y

input :

I
|
|
|
I
|
|
I
|
\

quarks, m4(T,03) for strange quark and my(T,63) for
gluons, where 6, 05 and 63 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 (%)T, (5)
-1 (22D ©)

long-gang pang

26



The learned quasi parton mass

EoS vs Lattice QCD Learned Mass 77/ §

l.2_<‘--\-"'|""|_ G.l2_--~<|--"|"--1 -““““-‘mu-

vd

- = Neural network & m, |

l.Oj— —=— Lattice (a)

EE m (b) HotQCD |

1.0 £

(a) HotQCD |

0.8 HotQCD

O'4f 7 == WB,7 '~g’Tin(g )M DL HotQCD, k=15.5
— HotQCD 258 DL_HotQCD, k = 16
- 4

I | I I I 1
O'%.O 1.5 2.0 25 1.0 1.5 2.0 2.5

- WB,T ' ~g'Tin(z )M DL WB,k=15.5
— HotQCD 28 DL_WB,k=16
--- 1/4xn

O'%.O 1.5 2.0 2.5 1.0 1.5 2.0 2.5

T/T, | | - TT, | T/T, T/T,

0.05F

oog}

FuPeng Li, HL Lu, LG Pang, GY Qin, PLB 2023
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DL for holographic model using PINN
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Stacked U-net U-net
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FIG. 1:
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
them.

LeakyRelu

An illustration of the encode-decode network, stacked U-net, which consists of the input and out layers and four

The expansion of quark gluon plasma is learned in the image

translation task using stacked UNET.
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Stacked U-net for relativistic hydro
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PRR. 3 (2021) 2, 023256, H.Huang, B.Xiao, H.Xiong, Z.Wu, Y. Mu and H.Song
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GAN: Adversarial
training

VAE: maximize
variational lower bound

Flow-based models:
Invertible transform of
distributions

Diffusion models:
Gradually add Gaussian
noise and then reverse

Generativive

D(x)

Encoder
q4(z[x)

Discriminator

Generator

G(z)

Decoder
po(x|2z)

Inverse

\

x Flow 2
1 f(x)
Xo— X1 — X2 ——— >

fl(2) 1

models: MC sampling

Similar to Box Muller algorithm

@D=@ @ = - @ =
A A M

zy~po(2o) z;~p;(z;) x~q(x)

Samples Flow
Dr?\l"i’gi‘::’m : model or
Distribution models

Flow-based generative models for Markov chain Monte
Carlo in lattice field theory
Albergo, Kanwar, Shanahan 1904.1207
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Shear viscosity
conditioning
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An end-to-end generative diffusion model for heavy-ion collisions

Generative model for HICs

arXiv:2410.13069

Jing-An Sun,’? Li Yan,3 Charles Gale,? and Sangyong Jeon?

Initial density profile € charged particle spectra
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5.0 10.0

The predicted noise

"
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tor. We carried out (2+1)D minimum bias simulations
of Pb-Pb collisions at 5.02 TeV, choosing the shear vis
cosity 717/s to be one of three distinct values: 0.0, 0.1, and
0.2. For each value of n/s, we generate 12,000 pairs ol
initial entropy density profiles and final particle spectra
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corresponding to 12,000 simulated events, as the training
dataset. 70% of the total events are used for training and
the rest are used for validation.

Considering that the spectra Sy depend on the initial
entropy density profiles I and the shear viscosity 7/s, we
train a conditional reverse diffusion process p(So|I,n/s
without modifying the forward process.

one single central collision event in just Js on

a GeForce GTX 4090 GPU.
ble precision, as the traditional numerical simulation of

hydrodynamics for one cea Bvet typically takes ap-
proximately 120 minuteq (10 seconds) on a single CPU.
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Generative model for HICs
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Exploring QCD matter in extreme conditions with Machine Learning
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