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Abstract In high-energy heavy ion collisions, quarks and gluons are released from the colliding nucleus to form a
new state of nuclear matter called deconfined quark gluon plasma (QGP). To study the transition from normal nuclear
matter or hadron resonance gas to QGP, non-perturbative quantum chromodynamics (QCD) must be solved on
supercomputers using the lattice numerical method (lattice Quantum Chromodynamics, lattice QCD). However,
lattice QCD only works for zero and small baryon chemical potential regions that can be described by the Taylor
expansion and provides the nuclear equation of state (EoS) and QCD transition in these regions. For large baryon

chemical potential regions that cannot be described by the Taylor expansion, lattice QCD fails to provide the nuclear
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EoS and QCD transition owing to the famous sign problem. Machine learning helps to study the nuclear EoS and

QCD phase transition. First, machine learning can determine the nuclear EoS and QCD transition using the

momentum distribution of final state hadrons in heavy-ion collisions, with data from both heavy-ion collision

experiments and relativistic hydrodynamic simulations. Second, it can contribute to the direct solution of the sign

problem in lattice QCD. The present paper reviews the applications of machine learning to the study of the QCD

phase transition in heavy-ion collisions. This study (1) introduces nuclear EoS and QCD transition as well as the

difficulty of the lattice QCD method, (2) analyzes the nuclear EoS using Bayesian analysis, (3) identifies the nuclear

EoS and QCD phase transition using different types of deep neural networks (e.g., convolutional neural network,

point cloud network, and many-event averaging), (4) searches for critical self-similarity using a dynamical edge

convolution-based graph neural network, (5) learns the quasi-particle mass using a physically informed network and

auto-differentiation, (6) discards unphysical regions in the nuclear EoS with a critical endpoint using active learning,

(7) discusses unsupervised learning for the nuclear liquid-gas phase transition, (8) determines the nuclear symmetry

energy in heavy-ion collisions, (9) investigates Mach cones using deep learning assisted jet tomography, and (10)

accelerates the sampling of lattice QCD configurations using a physically constrained neural network while solving

the sign problem in lattice QCD using deep learning.
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data comparison in heavy-ion collisions”
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Fig.6 Identification of the nuclear EoS from the final state particle cloud in momentum space using point cloud neural network™
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Fig.7 Search for self-similarity in momentum space using dynamical edge convolution network and identification of correlated
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QCD EoS using DNN learned masses™”’

040014-10



PHIMGAE . JETHLE S 0 & TR T QCD MR 7T

IR H Fr o i /M A5 R o8 5, A 35 5
I3 e/ 2% d PR R B R AN R 5 Lattice
QCD % 2 [8] Y] RMSE (Root Mean Square Error) ;
ALK E T N R TR R E . B
an, S TR R FE IR LN B E W (w5
B s EAE Y -
M,roosr, _ [3[Ne N,

= _ [3(Ne . N
Ry, M, s 21 3 6 (21)

Hor . min iy T, = 0.150 GeV. B4 m,, (T, 0,)
HMim, (T, 6,) Z AL R LS A

3
£=|r, -3 ‘ (22)
T2 2 0, 7E i N 2 R M
L, = |2 = M _ 1‘ (23)

mg—m,,

KA em, Hm,  AEEHBRAE. B4, BHIRKE
N
L= (S = Soa) (D = D) + Lo (24)
e BEHURS B R BRI CAdam) (R 25, TR 4
28 I 245 2 B (1 i = bR BRI T s (T) FIA(T),
B e(T) A P(T). F|F HotQCD #l WB [
Lattice QCD ZH {44k , DNN 4351|243 1 P 405 = bR
B, H AT MR U M IR b OB . X AR Y EESY
HIR AT 55 HO TR BE AR 42 X 4% DNN 2R 1 3 K
RAERE T, vT T Fh A2 43 I /L

6 fFEAEENE ] (Active learning) HEFR 1A
SHEPIAREXSE

F 5% 3] (Active learning) 72 5 W B 2% 31 AE A
B o) CRIRR RS B IR A S DL A 2] A
M —FhNLES S ik . TEIRBE 2 IR, B 22 )
s L B bR EE T 32 8h 5 20 AT AR DA AR
RIS R ) . B RS T2 sh Pkl B B R A
AT N EHREE, SR 5 A58 F /> B w1 08 gk AT e
F2) . EEhFE MR WK 9 s, & 2] ik R A
fAAE PR AR, — 4o/ b B bR SRS e
Labelled Data, 73— 2 8 K E R ChriFEEdE 5, R A
BB A BR25, 168 Unlabelled Pool. 27 ) FFURHET,
{4 F Labelled Data il 5 N\ T M 4% , SR J5 = Tl
ZRUTF N T AR 22 I 2% K 11 Unlabelled Pool HY
Ao XTI A, MR AEH B S, DA = g
G X T HIHEAR, W2 A S,
ELan g 4y AL 55, e Tl — MEAR R T3 — K1
WEZE RN 51%, J& T 58 2R MMEZE A 49% , LI X AN

AW FRAE uncertain £ 4%, )\ Unlabelled Pool H 51l Bk ,
HEAT N THRIE J5 N Labelled Datao i FH Fx33: 47 1)
BAREAE T — 5 B 2 STV ZRIT , 0 28 0 25 5t B A
PRI HEFE AS v 2 B B 2 R AIE . PR uncertain K AS ) B
fige AT LLHE T 25 SR A v A e Bk B s =
- Epi logp, KIFFEAR , AT A2 IIZR LA N T

W2, T2 RV o [ AR B AT TR Rl — MR 23 3l 1
W7, 5 VP B R 5 e AN RE IR B — B R AR R AT N L
BRVE 38T PAZS Bt — MEAE AR S, 715 aL/06, 1R
5 5 B2 30 3 o) ot 22 X 2% 2 JURE Wi K R A 3 AT
PREE

TR

Q :
- Test X7 Y/, Uncertain
> NGBS e
Unlabelled Pool .!;:eg’:“'. mm
OQ-L0

9  FE#h2% > (Active learning) AR K
Fig.9 Flow chart illustrating active learning!
SCERL43 1041 1 anfrT s F 3230 2 ST FE R AR P ot
RETIEP AT AAREE X . AR E R
WHAEA (BESTO MG | — P A7 72 AH A I RURPIR
AT o W& 77 0 R A0 35 i 5 s ) = A
R H 0 B HPIR S TT 18 5 T 8 70 B B i
TR JEIT I 55 QCD AR TT R IMBUR N o IXFE
T8 RS TR i F DX IAEAZ 0 S5 AR 1 v B DR /N A
AL B 4S8, A LS A S5 HRIRES TR
HE AR E S R RIS HCE
6], AT E B2 TR, N LA M2 0] AR Z
H 1] LA 96% FRI VR fff 52 4 W7 H RS 5 FR 2 IR L
T HAREIFREGERPRE T AL S, B3
BEAI T AL & 2 SRR 2 X bR i 0 B i 3K, I 4
Iy IOk 2 5 e B2, AT RE s o N LR e S AT
RESNSE P I EF

7 FEEEFIRYMBRSEE

RIS R AR B 2 2 i 5 0, e P
[ AR R VAR L W AR R TN € R B ER
PR rh A RIRZS T R B2 D ) AR AR SR RUAE D9 b
2, I Gl o SR AL A S N 8080 5 bR 28 22 [ 2 3
BRI o YIRS R S, LA 57 > BT AT DAAE SI256: 4L
P EREAT TN o 359 1 R BR A BB AR A o 58

040014-11



% AR

2023, 46: 040014

AR SIS HE , P (B T RRAEAE R 22 . T L
{87 FH <2 06 K0 A A M B 2 ) 2 a8 B D AR v
PR A

MBI R ML L T B L E B)
H A TEARE B h R I . 2 AR 2 PR 4E
Dimensionality reduction, % 2 clustering, H % i3 Al
Auto Encoder, A4 0 5 /9 45 GAN #BJ& -3k i & %
STHYEE . R B A ST ) — iR R A BE S
SE R EE . tet, SRR E S ) TR 3 R o)
BT (Principal Component Analysis, PCA) , A] PL$ HX
Bt v 7 22 S K JUANEFEAE 9 E Ry, AR 1Y
HEEFR R IR h R EEE R . PCARAK
I3 W RS KL 15 31 5 7% (8] 1 4 1) S PR BF 9 R
IS A3 3 BB B & 0] S PR RS W AR I 21 e
B 4 A R U ART 25 1) e P A7 A B XD e P B3 R
B R AHRIR AR ) A R U R 2R S
FBA NTTEAR S . DAL — M fd FH Pk
HH R /N RS 48 A4 , 4 i N\ Bt 21t 47 2K eR B0E
SONSTH RN Z AN BR S, B ER @R 22 . &t 2],
H g A ATLI S04 P 0 228 T0 A7 Ak A i N 08T v e B

(5 B o AT LA A 20 E gt AL 2 3 26 1
HeEH -

SCHk[46 18 F 3E M B = 21 19 B m gL, TG
PRy () B B - hlf e S 50 B0 2 o), T AR SOM
ARy an RN RE AR, R A BOR S b T
MR T B R BRI T, IE I AL TR , if 38 it B b
TG » JR TR R J5 #E N spinodal X, KU T 4% 1
2Z 18] B 5 A ELAE P R B H 56 ol R R A R e, RS
AT IRASAAE X, kS il g &, 5 T-1% 2 i
ikt spinodal [X, I [E] AN G2 DA B H 56 i A s
AR HRERE . WE 10 B, A F AL
e 5 DL S W25 6 L PR R B B4 PR A7 20 AT A B R X
e SCHRL46 PR AZAZ 48 R 25 B FRL -3 1
B LA s G e, B ZM (Z2) AE 9t 2 IR OB N
EOREKi 6 RTINS BT Y16 QIR E 4 DN o T R
FE 10 F 126K~ , H g LI B 45 S A 20
[ s, BB S . IRE R )G AL i
2 T HUE H I B 1 7 2 B ARE, W] 8 SR X 4y
W SRR R

(@ 10? (b) 102

(© 10°

-------- Experiment -====-= Experiment ------= Experiment
o Autoencoder Reconstruction © Autoencoder Reconstruction ©  Autoencoder Reconstruction
10" ¢ ‘ 10 10"+
' g g
N} oi® .‘. 10° " Do 00 $ So,
~ . e - Ca?
g o . X Iy %
SEUSES TN 101} | 101} B
1045 E s’°':
02 e 102 e 107} -
0 2 4 6 8 10 12 0 2 6 8 10 12 0 2 4 6 8 10 12
z z z

10 {8 B GRS HL AN 5 B 1Rl A S A0 Bt v 2 o0, BEAT AR R 20 2R
Fig.10 Classification of nuclear liquid gas phase transition using an auto encoder, which learns from the experimental data of
heavy-ion collisions™”
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