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What is Machine Learning

The field of study that gives computers the ability to learn without being
explicitly programmed.

Traditional ML

Input Input

Program

Program Computer Computer
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ML for nuclear physics

NUCLEAR THEORY
e Correlations and predictions
e Fstimations and causations

Hot and Dense
Nuclear Matter

%

ARTIFICIAL INTELLIGENCE 9™

e MACHINE LEARNING NUCLEAR DATA
N - . 'R _ e Databases
“ * Data Mining
¢ Visualization
Atome T Eus & Experimental Design

NUCLEAR EXPERIMENT
e Methods
e Tools

ACCELERATOR SCIENCE
AND OPERATIONS

Fundamental Interactions

RMP 94, 031003 (2022) Amber Boehnlein, et al.

DISCOVERY

APPLICATIONS
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ML for Nuclear mass and other properties

ANN: Gazula1992NPA, Athanassopoulos2004NPA, Bayram2014ANE, Zhang2017JPG, RNN, GRU and LSTM Models:
Ming2022NST, Yiksel2021IJMPE, Li2022PRC Amir Jalili, Feng Pan, Ai Xi Chen, and

Jerry P. Draayer, 2025
BNN: Utama2016PRC, Niu2018PLB, Niu2019PRC, Niu2022PRCL, Rodriguez2019EPL,
Rodriguez2019JPG

ML for Nuclear Charge Radius (Review)
BGP: Neufcourt2018,2020PRC, Neufcourt2019PRL, Yiksel2024PRC
Dong Xiaoxu; Geng Lisheng

CNN: Yang2023PRC , _
» Naive Bayesian

LightGBM: Gao2021NST > kernel ridge regression

KRR: Wu2020PRC, Wu2021PLB > ANN

NBP: Liu2021PRC, Xie2024PRC
RBF: Wang2011PRC, Niu2013,2016PRC,2018SciB

CLEAN: Morales2010PRC

from Prof. PengWei Zhao's slides
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m neurons
4><m neurons (><n layers) 4xm neurons

Input Iayer .

=
o

1 322 new isotopes AME2020
LDM, RMS=2.542 MeV
Network, RMS=0.605 MeV

= D7 - &
“‘w OO\ I | e 40
A"A A'A g 0 : : ﬁ" S ; st :' . ;ﬂ; S
V"" gf) e 4 » T h‘r!
—_ 5 d

100 200

The Deep Neural Network

» 1 millions trainable parameters
> thought to be easy to overfit to training data

» in practice, it generalizes better than LDM

Li, Tong, Du, Pang, PRC 105 (2022) 6, 064306

ML for Nuclear mass

Product-unit network

X1 Xj Xn
log log log
w, log( )| wjlc:g(.x \I w,log(x)

— . T
e>|<p y—aszE‘j

Babette D, Uwe J, Paulo S.A. F,
John W. C. PLB 852(2024)138608

» complex valued x and w
» much fewer parameters

» better explanation
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Ab Initio calculations

v2
T __ Y § : § : o: = ground state mass
H = om | (%] I V;;jk, . : :
; o — : ground state wave tunction
=1 i 1< ILy<k 0- 9
Polynomial complexity 272 ————
o AV b7 al
| AT |
—> Q ol op _
s A %\27.6_
e & S S -27.8
“4/ " AR W 250
-“\.7— "'1 o ° ’ i
AN SN AR -28.2
—_— O o o -
_284 3 1 : ] ; ] . ] .
o 0 100 200 300 400 500

Iterations

ANN-SJ: Adams, et al., PRL 127, 022502 (2021)
VMC-ANN: Alex Gnech, et al. Few Body Syst. 63 (2022) 1, 7
FeynmanNet: Yang, PWZ*, PRC 107, 034320 (2023)
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Kernel ridge regression: ( )—

Nuclear energy density functionals from machine learning 24
X. H. Wu (R#E#%)®, Z. X. Ren ({£H2#)®, and P. W. Zhao (X fi545) ®” o
E 16}
=
=
7))
c 8
O
QO

Ex o] = ) wiK(pi, p).
i=1

K(p, p") = expl—|lp(r) — p' ()| /(2AA'0?)].

Loss function:
Hl

Lw)=) (E

i=1

ML
kin

By learning the kinetic energy as a
functional of the nucleon density alone, a
2 2
[pi] — Ekin[pi]) + All@]]”, robust and accurate orbital-free density

functional for nuclei is established.

long-gang pang
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Control NN for 3- breathing in C12

Ctrl " Ves  Accept Conditions Evidence for Three-a Breathing Modes Uncovered by
' — , N Control Neural Network
A(rezig,k - I"IZ') <0 Zheng Cheng'?, Mengjiao Lyu'>", Takayuki Myo>*, Hisashi Horiuchi*, Hiroshi Toki*,
Zhongzhou Ren>®, Masahiro Isaka’, Mengyun Mao'-2, Hiroki Takemoto?, Niu Wan®’,

Wenlong You'2, and Qing Zhao'?

AY [f(Q)-D3(Q)]’<0

In each iteration, a new basis set {Z'}

Physical Properties

rezig,k({zl} )
f(OZ]) the new total intrinsic wave function

is obtained and diagonalized to yield

E({Z) WY({Z"}) and physical properties

corresponding to each of the three

aLoss
WWaW

LOSS:BE+Y(rezig,k_r%)2+gzl[f(ol)_D80(Ql)]2 constraints,

L
Loss = BE + y(r> Feig k Z — Dy ()],

Constraints: (1) minimum eigen value (2) mean square radius (3) rotational symmetry
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Jet in-medium
prompt photons bremsstrahlung jet-plasma
photons

decay photons

re-equilibrium
P pl'?ofons

made by Chun Shen



Inverse problems in HIC

A4
e
R
(1) Nuclear Structure (2) Initial Parton Distribution (3) QGP properties and EoS

long-gang pang Machine Learning for nuclear theory 10



Nuclear Structure using HICs and ML

R =5.09 fim cluster in C and O

1.change ,, 4 a=0.46 fm

12 :
2. A+A collision sim. Quadrupole b~ 0.162 0 e =
By ~0 i
3. ML: final - initial st "
nuclear deformation | .
R =5.02 fm Z of
a=0.52 fm e |
0Ctllp01€ By = 0.06 oo 20
Ll B3 = 0.20 - 0.27 i
LG. Pang, K. Zhou and X.-N. Wang, arXiv:1906.06429 1. Jia, aXiv:2106.08768 -“_’m‘ ‘ 0
10
Yy = {Pfuasizafi‘éadlff‘a}azl,.,.,40 i AV18+UIX 1. Sample nucleons _ 100
- - . RMP 89 (4) 2017. obeying both ( ) & sk 2
£ K Ru E /\ Zr b g I
: /: % g 12( ) EO— 60
:1®) e W\ ke 4 2. do HIC simulations = | .
N /\ ™ /\ Soa 3. Look for features AL L
o g g g I s B that are sensitive to E I
: '?' /\ S, A5, A5, /\ 2\ () T (? - 50
R (fm) :a(fm)" ' Bz o Bs ) :R(rm)/l taum): 7 B, ; Bs R 0 B~ r,.\rm

Single system works good J He, W. He, Y.G. Ma, S. Zhan g,
Y.Cheng, S.Shi, Y. Ma, H. S., K. Zhou, PRC107 (2023) 064909  Y.J. Huang, Z. Meng, L.G. Pang, X.N. Wang, arXiv:2504.00790 PRC104, 044902
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Bayesian analysis of HICs

~ norm ) P ) k w |fm] ) n/s min 1/s slope " (/s norm ) Tow |GeV|
Model Parameters - System Properties Ph = .
it . ysics Model:
« initial state calculate events on Latin hypercube =] g
« temperature-dependent viscosities " ;I-Erg;t-c\tlISHNU = 180 “ . r -. , I ‘ I ‘g
* hydro to micro switching temperature T
1.0[ r - L -
8, 0.0F L L — - - [— L - | e
Expetimental Data e
SEALIGEfoNiScopetld » fast surrogate to full Physics Model 221 [ [ [ [
< 15 ~ j? 1 . _
McMC o e I e —p—
(Markov-Chain Monte-Cario) aftor many steps, MCMC equilibrates to
» random walk through parameter space el B &
weighted by posterior probability l = | [ | [ F
1 0.4 W 4 L! ‘ ‘ , ‘
Posterior Distribution 0.3[ [ [ [ [
- lity distribution of each g 2
Bayes’ Theorem mmmmmm E 015 p - - - ;
- - off-diagonals: pairwise distributions showing |-~ E.
dependence between ¥ / . -\ ) ‘ . ‘ ‘
e 2.0 [ [ [ =
Trento + IEBE-VishNew + UrQMD = o | E : L 4 E
J. Bernhard, J. Morel, S. Bass, Nat. Phy. 15, 1113 (2019) 5 o ' [ [ [ ' "
g 1ol # Y | T o~ , _ \ 5
G. Nijs, W. Schee, U. Guersoy, R. Snellings, PRC103,054909; g g
JETSCAPE, PRL126,242301; U. Heinz+, 2302.14184 (VAH) 0.0 ; ; . ; ! | o e
M. R. Heffernan, C. Gale, S. Jeon, J. Pauet, PRC109,065207; = 016 i i i i 5
et sl I . . 9— 0151 - - [ — - [ — - ?
Jet quenching/diffusion: & ol =
¥ H?' L. Pang, X. Wang, PRL 122 (25) 252302 100 130 160-10 0.0 1008 15 2204 07 1000 015 0300 10 2000 L0 20 0.4 0.150.16
M. Xie, W. Ke, H. Zhang, )& Wang, PRC108 (2023) LO11901; ... ... norm p k w [fm)] 7/s min n/s slope (/s norm T [GeV]
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Bayesian analysis QCD EoS

(o) = chlen) + 5 - o))

Xox + 22
Xox + 22 + X2

(2.12)

where Xo = V12RX'c(ep), = In 5, €, 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

Likelihood:

0.3

P(D|6) =11, exp (—(2i(0) — ziexp)?/2)

Z / -
~Constrained -

e 0.2 -
Posterior: by data
i A\ / I' Hadron gas |
P(0| D) « P(D | 9)P(6) o1E |\ unconstrained -
"0 200 250 800 . 150 200 25 300 350
T (MeV)

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

long-gang pang
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p(pr, @)

Human brains are not optimized for

(ii) to represent variational functions

QCD phase structure/EoS,

Nuclear structure (deformation, nn
SRC, neuteron skin, clusters ),
shear/bulk viscosity of QGP, CME ...

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

Cat (i) to identify optimal feature combinations

long-gang pang

Machine Learning for nuclear theory
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G THY = () —
TH = (g + f)u“u" — Pg*v 4+ H?“V

Initial condition EoS Viscosity

Name of 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

long-gang pang Machine Learning for nuclear theory
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CLVisc for different EoS

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 Machine Learning for nuclear theory
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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 .
: (3] X
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

OJVG Uﬂﬁ
600 T T T T T T T T T T
— Spinodal Point Cloud of 420 particles
“ | =TT Maxwell Unstable region
E
S 400} G0 ] °
2 ¢ DOEER- .
= %
s | N ] v
o o
£ 200} : o Global Max Pooling
®
9 |
o T=100MeV | | 2w 2 &A  a &=
ol o | [IEE] g
0 2 4 6 8 10 o m
' T Output
Density p [ o EEE : o
58 Mon)enttljm-slpace: . Ma'xwelll vs.'SpinlodaI' I ﬁj
Validation accuracy: 1TP  20TP . Eﬂ B . ! o
—— —— Point-Cloud Network :
56 | —— —— Convolutional Network .
Py P2im o ..
~ L y 5
X 54l _
o O ‘ -
8 W y >0.5 for Spinodal
5 L IV‘ | 128 neurons 128 neurons
2 =i iyl o CEEn EEEEE oD o < o
< fil’) | N
L ALY 2 5 o
50 !, M“rm‘ ) i m weights for each filter * 128 new features
Point Cloud Network, repeat 2 times Fully connected layer
B0 50 100 150 200 250 300 350 400 1sttime m=5, 2nd time m=128

Epoch

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

]
X 5 : ?
! J j15

Self similarity, scaling invariance

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

Dynamical Edge Convolution Network

Particles

( kNN + Edge Convolution ) x 2

Point Cloud Network

o nr ||[ 2o [oaw |[[@ [ wemrm) || (0w ) [[@ [mtemees ]
o ||t (oo | (@[ menemes ] || | et |
JEN - EE3| X223 s |
| C el ( )
o(n )| uer (oom )| @[] | =

Find its k nearest neighbors in feature space.

Tag

ing

1DCNN
1DCNN

1DCNN

1DCNN

@ signal

uoneoyyisse|d
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Active learning to map out unphysical 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, Oﬁtﬁﬁl-
ng

oT

D. Mroczek, M. Hjorth-densen, J. Noronha-Hostler, P. Parotto, C. Ratti, and R. Vilalta, PRC 107, 054911
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Active learning

Achieve high performance with much fewer data (O(102))

uncertain

®
— @

label

Unlabelled Pool

D. Mroczek, M. Hjorth-densen, J. Noronha-Hostler, P. Parotto, C. Ratti, and R. Vilalta, PRC 107, 054911

long-gang pang Machine Learning for nuclear theory

21



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®>

() 102 e (b) 102 pr—rr—rrr e (€) 102 prrrrrrrrs
-------- Experiment -------- Experiment -------- Experiment

o Autoencoder reconstruction o Autoencoder reconstruction o Autoencoder reconstruction /

10'¢ Y 1 10"¢ 1 10"} )
—~ - o S ° A
N .ol 0o ] ol I *. ] oli i $ “. ] i/
=10° "] QWP e 10 | ® a 10%; | €2 /]
(8] H ' H + e H Lo, /

- o ® L LT . =  J i

= 4o o by 107"} 1 107"} P e e Ky
10-2 _: "::“o“:';'l ' ] 10-2 _ ho- 10-2 L ' Le_g W

0‘ 2 4 6 8 10 12 0 2 4 6 8 10 12 0 2 4 6 8 1IO 12
Z Z Z
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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
{ - - - SLy230a
B0 ceweses SV-sym34 W
1 --=--skI2 g @o  SkI2
70 4 e .
s wenser Sk 4 VA ] 3
3 60- Bl © o>
E 4 __f' . i b E "'k,d‘\
= 504 % - =8
W 404 7 g = 7 2
4 e 4 o
o SLy230a
Skz4

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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12 — Prior .

Chiral effective field theory
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Multi-messenger astrophysics

102
10'E

10%F

— Astro

---= Prior

Bl

Bayesian analysis dense Nuclear EoS

through micro and macro collisions

0.5

1.0 1.6 2.0 2.5
Number density n (n_,)

HIC plus astrophysics

102
1015

100}

; — Astro + HIC

===={PHOF

3.0

10 15 20 25
Number density n (n.,)

Probability density
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3 4 5 678 10
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Z'Snsat
3 -
2 -
1l
0 : :
10 20 50 100 200
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S. Huth et al., Nature 606, 276 (2022)

1.0

15 data points

o0
0.0 &
%
v
[~ N 7 b
—0.5 13 data points Heavy lon

Collision-HIC

0 200 100 600 300
Energy density [MeV /fm?]

Left: Bayesian Inference Dense Matter EoS from HIC
and astrophysics

Right: Bayesian Inference Dense Matter EoS from
HIC using model (UrQMD) data comparison

M.OK, J. Steinheimer, K. Zhou, H. Stoecker,
PRL131,202303(2023)
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I:

TOV equation and nuclear EoS from O

15 randomly selected points ML output: solid lines
| | | 1005 T T T T T T 171
. L 1 :
Network
©] B _
s 2 |
S
1| _
0 ' ' ' 0.1 0.2 0.5 1
10 12 14 16

pc? [GeV/fm3]

Yuki Fujimoto, Kenji Fukushima, and Koichi Murase, PRD 98 (2018) 2, 023019
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TOV Equation and Nuclear EoS from

dp _ _ mln)e(r) (H;@) (1+ M) (1_ QGm(r))_l |

dr e e(r) m(r) r
dm
— =dqrie
dr
/Inverse Mapping .
103 ——

102

p (MeV/fm?)

101 ,h

500 1000 1500 10 12 14

£ (MeV/fm?3)

L) Tolman-Oppenheimer-Volkoff equations

S. Soma, L. Wang, S. Shi, H. Stocker, K. Zhou, PRD 107, (2023) 083028

DL
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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

1 —l——d (x #0)

x+xd x x2

Forward mode for Rl — R"

R" —» R!

Reverse mode for

Auto Differentiation:

machine precision

e Reverse Mode
Ol

W= —

adjoint number:
ow

X Bb

N
y\@/’

: out: [
/
zZ

@ -

stepl:w =20
_0b
step2:w =w+ b—
ow
Oc
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Real particle Quasupartlcle @ @
-« Py :....‘ 0 @ @ @ 0 @
Real horse Quasmo;se @ e e
- ) o &
s 6 080
3 - 0 @ e

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 + mﬁ(T))] (2)
B 5 4
nZ,(T) =+ —— d

In [1 + exp (—%\/pQ + g, (T))] ¢ 2

Deep Learning Quasi

Particle Model

1
i
ResNet i !
1 en er
1
: g x3= Massi I active|function
: | . e
) N _V
\\ " 1
sOTTTTTT e
i f
i 4

mpul 3

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)

e(T) = 3;,2 (51115?@))1/, (6)

long-gang pang
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The learned quasi parton mass

EoS vs Lattice QCD Learned Mass 77/ §

1.2_ T 0.12_ L L B 1'2- ‘ P IR -‘mu‘fd E o L L CE
= Neural network r I B2 m, ] o TS
1.0 == Lattice (a) 1.0F = [ (b) HotQCD
! — a (a) HotQCD |
“7:;0'8? HotQCD % 8%
L 0.6 9, I
°, S

041 7 == WB,7 '~g’Tin(g )M DL HotQCD, k=15.5
— HotQCD 258 DL_HotQCD, k = 16
-~ 1dn

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
-- 1/4n

PR R E S |
1.0 1.5 2.0 2.5

T/T

C

. r s s | ' " I SR [ R L | 3
o809 L3 2.0 23

T/T | CT/T.

C Cc

FuPeng Li, HL Lu, LG Pang, GY Qin, PLB 2023; Extend to finite , arXiv:2501.1001
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DL for holographic model using PINN

Conventional Holographic model: ML Holographic model:
Neural
Model: metric »|Experiment/lattice Givan ” etk
Zh parameters model
ML
\ 4
Prediction Model: metric Compared
1 Optimal Loss with S from
Compare Compare parameters function holography
h | v
Experiment/lattice o Prediction
sIT? 0‘35{5
Ny=0 Nr=241 ‘____..--—"‘""' 0.30
15— N=2 =— NE24141 ‘l“'("’ —
. . . . > 3
Einstein-Maxwell-Dilation model @ o o
10 > ’
0. DeWolfe, S. S. Gubser, and C. Rosen, Phys. Rev. D 83, 086005 (2011), arXiv:1012.1864. 0.15
0.10
ion: 1 @, 1 3
Action: Sp = Tt [d5x [\/—_gR . TFZ _ Eaﬂ(/’a“qb — V() -
Non-conformal ¢ 0..15 0.20 0.25 0.230 0.255 0.:10 ¥
¢ is dilaton F is the tensor of gauge field 0.20
--.,'.. — 2+1 flavor
eZA(Z) de R vss"’.' —2favar
Metric ansatz: ds? = —; [—g(z)dt2 +—+ d5c'2] D:ASE "% 3 — 24141 flavor
“ g(z) .l"'n'.'.':'l-:;;“.. --®-- Freeze outline and S
A(2) = din(az? + 1) + din(bz* + 1), f(2) = e ~A@*k ~ 0.10
37 ) B 1 dp
| = — » = 5=—. 0.05
s 4G5:f, : X2 72 ou
0.0
X. Chen, M. Huang, Phys.Rev.D 109 (2024) L051902; JHEPO2 (2025)123 85
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Stacked U-net for relativistic hydro

Ed(Initial)
Je& 6,
Stacked U-net U-net 5 g
- 7 53+ 3 o =
o @ - © - © FE— - © X v [} >
5oFL0,g 0 7 0 v (0 5 g » 2 $E 5.2 %
@ a—=>c—*45 cC—*45 C—*oa—*TC*45 I V> £ o £E U
X N ! n . 0 . n ! n 3 5 ox 0o
=% 5 4 5 & 5 & 5 fog - 58 85 88 52
N0 2 2 2 2 O £z TX m B5 g £
] o > ™ 5 N o N N 2 iu 3 m3s 5 =
S : § -
£ 3 Z L L g g 9 A

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.

The expansion of quark gluon plasma is learned in the image
translation task using stacked UNET.
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An illustration of the encode-decode network, stacked U-net, which consists of the input and out layers and four
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DL assisted jet tomography
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Generativive

models:

MC sampling

Similar to Box Muller algorithm

- - O- @ -

GAN: Adversarial X Dis;iznir)lator Z Gene(ra)tor > \ J\JL
training X G(z
A AL
Zo~po(Zo) z;~p;(z;) x~q(x)
VAE: maximize x Encoder 7z Decoder
variational lower bound q4(z[x) po(x|z)
Samples Flow
Dr?\l""g.fmm : model or
Flow-based models: X > o > Z > Inverse > i Diffusion
Invertible transform of f(x) f(2) Normal
distributions Distribution models
Diffusion model: Flow-based generative models for Markov chain Monte
: Xo— X1 — X2 T, PE— - : -
Gradually add Gaussian i DR, Carlo in lattice field theory
noise and then reverse
Albergo, Kanwar, Shanahan 1904.1207
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train the generative model on nucleon-

_,
O

%
+ | E nucleon potentials derived at second
[ S e {_90 > and third order in chiral effective field
'.;  Glow:infer | ¢ =
s || tr=1000 %  theory and at three different choices of the
-} n|'. S AN B S |
: N * 3 T8 I = resolution scale. We then show that the
e =i -t
0.00 3.96 000 3. 96 0.00 3.96 0.00 3.96 7.91 model can be used to generate samples of
fm ! .
plfn™] the nucleon-nucleon potential drawn from a
10{1} - —— SBLG: train continuous distribution in the resolution
=107 F —— SRG: infer
%’ 107 scale parameter space. The generated
10 el
jo-3f MeVEfm® 0 O NINSS potentials are shown to produce high-
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. uality nucleon-nucleon scattering phas
[teration g y ap

Wen P, Holt J.W., Li M, 2306.13007
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Generative model for HICs

An end-to-end generative diffusion model for heavy-ion collisions .
arXiv:2410.13069

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

Initial density profile @ charged particle spectra The predicted noise
tor. We carried out (2+1)D minimum bias simulations

of Pb-Pb collisions at 5.02 TeV, choosing the shear vis
cosity 1/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 densil profiles and final particle spectra
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

' Diffusion |
' Time step t |

Shear viscosity
i entropy density profiles I and the shear viscosity 7/s, we
: train a conditional reverse diffusion process p(So|lI,n/s
L = S without modifying the forward process.
St=\/at30—|— ].—CltE
; I I one single central collision event in just Js on
1 — — « bon T { l B [ { a GeForce GTX 4090 GPU.
1 I [ ble precision, as the traditional numerical simulation of
EEEFEXEY é "I ~;:~ agv &;« ~;n §~ T ~;~ é;« ~§« hydrodynamics for one cez Svet typically takes ap-
E * 3 8 g $5 S Y Y Y Y Y Y LYY proximately 120 minuteq (10? secongs) on a single CPU.
= & g £ gy '
o = & = £ =T QO = = =
C C < < C § < < c
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Heavy-ion Events through
Intelligent Diffusion

PointNet encoder +
Normalizing flow decoder +
Pointcloud diffusion

Event-by-event jet eloss
and medium response

Flow model and flow
matching are used to learn
the high dimensional
distribution for faster
medium response sampler
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