48 5 ¥ 4% R NUCLEAR TECHNIQUES Vol.48,No.5
2025 5 H www.hjs.sinap.ac.cn May 2025

AEF S ESREARIE PRI AR

MRS B AT R Tl DEE
LAY NERS: W3 il 610064)
202 B BRI Fipr - i 200433)
SCGRRYE LR Y EERTT PO B 200438)
ACH AL 27T RIKEN - FDG T 351-0198, H 4D

THE B SRR ET U HEN 2 4B | R S AR R AT B VR A S BRI 1B P O B o 4k E T A
VIRAT 9 8 TR, R4 BN 7070 202056 3K 3 1) B4 3K 3N AR AR $5 78 o AR SC ] BEAREL T AL 8% 5 2 75 1% 400
B E A A TR ) VAL I R AT A R B Q0 2R & 21 A2 10RO R FEZERAA
T8 PO 4% RS 3 ) B AL S5 G SR e A TR B TR A AR VR ) AT 5 BRAIE T L3R 27 ) A B A A 3 ) ) T
Fr4E  (HAZ PR N TR SR BT T+ 5 8 0 1O 2 5 0 A fih S WD BRARSAE (V) 1 B 328 s TR E 22 ST AR (21 thE & 10 424K
A A L ST\ B XA A0 Tl B A B R AR 1 DU B B A , AN S T AL G TR T
P e v W = (0 SR R, BE T J8 T B 2R R B SR A ERIT (kR . 5 b R DG B 2] O iE A B
0 U RV B0 TIE 2 10 B0 SR 20 (1 P BRI [ = I, AR I T 5 A5 5 I BB A, B At P 3 I 50
DUPET FE AR S o R EEAROK , MR L S W S 56 VR BE 2 ) S DR FHS B R M B 3, B 2] 5 A Il
BAE L IRACHE A S AT s BT HLAS 2% > I $2 B s i A R A, 3028 Pl xUOB 2 o A A B A 2R 2, IR L
JEE K 3 1 R A BT MU U 50 £ 0 5 AR A 1) A B RAE () R B R IR, WSS SRR R B Ak 2 AT B 1) R B
AT N BIRER NN, S 4G W] BER R B 1 R R IILRE 0 I REA BIAH FL /A &R

KR HLARE S, WRIEY ), HEETREE, BRAREE

FESES TLY

DOI: 10.11889/j.0253-3219.2025.hjs.48.250130

CSTR: 32193.14.hjs.CN31-1342/TL.2025.48.250130

The development and application of deep learning in high-energy nuclear physics

ZHANG Jingzong'** GUO Shuang™ ZHU Lilin' WANG Lingxiao™ MA Guoliang™
1(Department of Physics, Sichuan University, Chengdu 610064, China)
2(Key Laboratory of Nuclear Physics and lon-beam Application (MOE), Institute of Modern Physics, Fudan University, Shanghai 200433, China)
3(Shanghai Research Center for Theoretical Nuclear Physics, NSFC and Fudan University, Shanghai 200438, China)

4(Interdisciplinary Theoretical and Mathematical Sciences Program (iTHEMS), RIKEN, Wako, Saitama 351-0198, Japan)

Abstract As high-energy nuclear physics research enters a phase characterized by multi-dimensional and highly

complex data analysis, deep learning techniques are gradually becoming essential tools for understanding nuclear
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matter behavior under extreme conditions. This shift is driving a fundamental transformation in research paradigms
from experience-driven approaches toward data-driven methodologies. This article briefly reviews the evolution of
machine learning in this field, emphasizing recent advancements involving deep learning techniques. Early research
(from the late 20th century to the 2010s) primarily employed traditional algorithms such as artificial neural networks
and support vector machines. These studies validated the feasibility of machine learning approaches in nuclear
physics through tasks like nuclear mass prediction and phase transition identification. However, due to limitations in
manual feature extraction and computational capabilities, such methods did not yet extend to autonomous exploration
of physical features. In the deep learning era (2010s to present), researchers have innovatively introduced point-cloud
neural network architectures, enabling direct processing of final-state particle four-momentum data. This
advancement has overcome the constraints of traditional methods that relied heavily on manually constructed
statistical observables and initiated a conceptual leap from superficial data representations toward intrinsic physical
insights. Simultaneously, unsupervised learning methods have shifted research focus from hypothesis validation to
autonomous, data-driven discovery of physical laws, facilitating not only sensitive detection of anomalous signals but
also opening new avenues for investigating emergent physical phenomena. Looking ahead, from developing deep
learning algorithms incorporating physical priors to enhance the model physical interpretation, to meta-learning and
self-supervised frameworks deepening rare event analysis; from quantum machine learning accelerating high-
dimensional feature extraction, to generative models reconstructing the physical data ecosystem, these advancements
will potentially propel high-energy nuclear physics research from the passive interpretation of observational data
toward active discovery of physical laws, shifting analysis from fragmented, local feature exploration toward holistic
comprehension of systemic behaviors. Ultimately, this progression may pave the way toward constructing an
intelligent physics research system capable of autonomous knowledge discovery.
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ARV H B Rl A 5 B AR IR N A% A 5T LE A i
T BV B S T AT N, RS - IR T 5
“F & (Quark-Gluon Plasma, QGP) [ 1 i 5 1 i , IF
PRZ 5 AH AR BIAH BN BT 75 Al 4 0 2
22 7 R Z (R AL , TG 1 o il v 2 1 R SR IR
A, FF Al SR TR RS R T X — I8
s S 30 ) LR o 2 2% BE R AR AR A
T Y VR K S SR A ELAE R, W A
5 /1% (Quantum Chromodynamics, QCD) 7E /5 i IR
A TFRRM . WA QGP B R AN A B T3
fif A i 2% A N ROAZ A BV T, e R B )
R FR PR EE BB AR AR

T2 AT BT 9 30 AR AT R AR B IR
AL, N IR O PEE B R AR5
B #7732 R B T CRIE M g Wl & , 1 4n
15 1) 215 23 A W B I o) AT B (vyava) B0 IX
L6795 BRI HB AR 2] QGP AR AR BT A4 5
VAR IV @ A LY B IR C (B S oY VN
JEE 22 A% 5 AH O M R 1) AR AR AU A B R A
AR A MG . —T71H, HT QGP HTEAI &
s AH BLAE 5 AP A i s 1 R B S 40T
() ) 2 WK v, 3 B804 G B 732 (Cand& 1 QCD L it
) ) BRI E A E R 53— J7 1, SRR s

[ 52 2 PE L AE AN KT 32 /&1, 491 201 ALICE . STAR 45 5255
v 7= A () lf 42 008 AL 5 A2 8 S K A 22 A
(Minimum Bias Event, NMB) , K7 A4 #1512 5
HAKL B E A FERSEE R, i Wil 25
P Fp SO P B o — KPR
TR, MLER 22 S R ) R R B 2 ST H RS T
KRR R, R MR T 204 SRS B 22 1 K &
— R H| 5 T Transformer" ™ &5 14 1) K45 5 #5 AY Jig 31
T BRI AL RE T TR B A IR AL L R
ERCAR AT~ 1 B s S5 A 1Y) R B . AR UE B T
Hop KRB EE )1, RS SR, A& 6
PRZE UADR X B S it PR BE 2 I BRI N = ez
BT, MLAR 22 2T RE R IR B 22 5T, IR D R
9 IS XoF 2% 0 3 v A4 R B AN R SR B R T
B, w7 yE s B I sh #48 , 2 R BUsisrid &
VRGN I IR ML A% 2% 2] T VA TEAZ Y PR EE S L SE6 iR
A FhE T 2 B il QCD [l @ AR 1y )iz BT,
TR B 2% 21 1 8L 9 B 5 3% (A PointNet Point
Transformer) CL7E = 4 £ ¥5 Ab FRAT 55 R I 1 58 K
(107 A S RE 77707, 1 15 e A% W0 3 S 56 B 7= A= 1)
RERLT B Ao b2 —Fh e 7 S 2 .
G 15 Bl RS 2%, i 9 3 R 8 B MR+ 2 B e
2 IRl JR S R RRAE , TSI A% G G 1 H WL il & 1Y)

050011-2



FRIE R RSO

e REAZ WV BE v A AT 2

JEI PR, S QGP B 78 e A1k 45 1 JE B 27
1 HBFINLRE

BLES 7 S BRI R R 22 Py 1 M T B 31 55 2% )
it R BRI T 3 SO T ROE RN R
Gt , i BTN 01T BN IR R AR I 9 5 F K2
o WA R S PG KT B R DR I, R
FRMLAS 5 =) 38 W % ) Hafs IR S A =X, J g Sk B 3
INEGHE v TR, TR 2 >3 U)o e v e 9 )
[R5 3 o IR PP AR A G vk 5 B B AR FE 2
ARG SR E R AN EE T H, BEA1A
PR PR T 56niE © A B, T2 Re e 3 3h R I AR
B R PR T R o R A e e X ) B A, B
TR SE IR R R P AR 1 TB 2 %2 4 e CRLIERL 7 3)
HOBEE A ESE B R R ik O LA R
AFR . RBES ST HEOR B IR A TR 1 JE A
HZ E M, THEALAT LA E 3R s T R
A5 90 T B T ASRL T I Hh SR A AR R
fiE, B KA [FI Al e & A AR (R 5, IX EeRE )
BEY R T NEIRZEWRZ AT AR TB .

MR 7 21 77 AN F], Bl 5% 2] F 2 ="K
I . i B % 2] (Supervised Learning) « 7 I & 5 2]
(Unsupervised Learning) 154k, % >] (Reinforcement
Learning)™'. Wi B % 2] 75 BT S br i 00 B4 AF M
“SEHER”, RUTFEEZIMEFT¥. £5
REZW B D, AT VER) 2 B TR P R
PRI S5 o TG B 2 ST AN 75 BT i, &
KR IR T R DB RS R . S N R T
X4 ) SIEG I BN, IX U7 VA R B SR AR URFAE
AR, TR KA e TG 5. W
B AR A F 78 4> M (Principal Component
Analysis, PCA) I H 4 i 45 : PCA 18 £ 1428 $a 4k 21|
B ) 2= R 7 A8 BT 4Rk T B 2 5
BN JUAS CBEYERE 5 B Yo A o4 DU 308 3 o 20 ) 8% L
HAm ik 1, B S S R A BT RRAE . 3R AL A
EOR TN D AR F B OO R R A SE R
P 5 8 s R V8 Ay, B an s s Ak a2 21 0
% H B AR X R T L (Relativistic
Heavy ITon Collider, RHIC) #1 il #% 1% & , LA S 5L
PR ARAL , S Ein g a4 R R, v
e AEAZ A B b iR A 5] e AT AR AN [ FR )1 25 07
2, 1) 1) P M B A >0 T A A o B 43 2 Al
PERT Al B TG e B A 2 e A B N A S A B AT
WS TR, AHOCLRIAR B X IX LML AR 5 ) Tk
N 5T T RGERRES

X EE T L I 2 A LA IE AR DO AR it U AR

1o 2% 5 EEHOT WA AN B 2 A, BLAE AT A
i I YRR AE KN Y SE T 0 s 1
G 3 L B B B, UL e 8 i B G M B 2
AT RGVEIRR . HHEERE, PLEE 2 AR
I GBI &P U LTI NG AR = S i 12 F
Gy NI BAN B 5 SR IR 5 B B AN ] Rl 4 )L Aoy 26 1
MR A S S B R T ORI G R I
I FBKVE R AL o TR N e 1) B REF2 3087 )
FEAR , br B = B R A BT 5 IE7E 1E N B8 K 5 11
BB

2 MRFIEZYEMARPNERRER

FLTE 20 tH40 90 FF-AX, A 50 3 8 4R 22RO
T2 W 2% (Artificial Neural Network , ANNDBJF 78 4%
YRR A, ) G 7E SE G, Bass & N AP &
W&, IR E-FRShE o AmfE N g7l 2
A, Fot e L 22 SRR SR il I A%, IR R T T
AT S5 W N TR , 1] BRI P 288 B ), B 22 T Rl /2
()R ML 2 DA A R 4 5 T AE B B AT 1 St
Louis-Urbana £ {F 4175 11 55 5256 71 s D 52 FH N A
22 X 2%, T AZ P B R, 04 TR L 4 B R DA
Je ek AL AAAETE Y s N AR X 45 i IR
HE AR e AR LR AT AN LS ANN B & B35 1
TR BE 7, 1 AL AE v e 2k R G ME G 53 At
At T A TR . XEIRRE AN S 52
A RRIRRER L —, Bt 5& S MY R
CHBR R D X B, BRAIE T 4 28 9 4% 75 Pl % A2 e
PETS T L3, AR R Gz B A 1A 7S
BN T Wi 26 A4 T A% AR e PR (sl vy TR 3R B
AR (1) 3 A 1 e FLvz Ak g AT 7 it — 2P B uE A 58
o XEERURM R LA T S S m e B R
JR (1) E LD A, FRA Bl ot s A S T P A

N, JE SR Tl — P IR R IR T ANN
ERZ AR S FAR PN . Costiris 257
T AR 2 X 28 S T B A A R G S ) v
B AR T RR IS H, 47+ T BRI G
KB St 7 — (0 o0 b T2 B an el 78 HARAZ )
BEATIE Carr 40 38 L s AH BRSO HET X s U7 vk
ifeidt— PR ER .

BRI A, HAR R AL Gl as 2% o1 Bk, il 1
BT 718 1) 32 57 17) & AL (Support Vector Machine , SVM)
WA N T AZ B R  rH . Clark 7R H >C
FE MmN A% B AR DL B S E e/ AR
R, P IR T HLES & 2] TR AEAZ ) B
WEFL R BT AT YE . Clark 5538 13 1% 5 V550 A% 4 st
AT 4 R T, v I A 48 77 A 0L AZ 0 I A 1 7 T

050011-3



o oK

2025, 48: 050011

0 J3 PR 5 R Tl bR S5 1) B ATLSE FH A% B8 v
Z RN 55, HLAR O 1 LA 52 U7 VA S N K i 1)
2R o B SCHF R EHUAE b TR B 2 o) SRE AR L A
A ER 22 73 FE IR, AEAE R B A 2K as, I
SRS 2R PER R s FLUR, FLNE RE TR EAR MR o 2 Tk
T RTS8 22 RN R B S H Bk L4t
(R SCRF I B R 22N T8 R N, Jovk
H 3 W 2 21 2 JZ IR IR R

Separating Hyperplane
< _— Positive Hyperplane
sl A

- N W 4 A
Negative — e &
Hyperplane . ~— Support Vector
* ° « s g A
L]
L] A
. L4 A N

1 SCRFA R HUEA R PR 5 ]
Fig.1 Schematic illustration of the fundamental principles of
support vector machines

3 REAEFINER

& R SR 5 2] T VAAE = Re Az ) B 5
WS TR R RN = e 2 A A i
BHIE S 2 4 ERA PR ARG 5K, A% G L B T 5 R
HERAERE SIS 2 S FERORN T v B AE S5 200
X — IS HmBRMES T W E R AW %
(Convolutional Neural Network, CNN) . 55 = ## 28 [
2% (Point Cloud Network , PCN) &5 15 [ 24 3] i AR TE 5
ReZ MR R . e b, B 7 X (Heavy
Ton Collision, HIC) ;= 4= ¥y S 56 4z 3 22 ek~ (1) P4
By S FLAth Ja PR ARG R, 1 S TR A s A e 4
792D B8, LAE CNN AL #EPY, 4l Pang 4554 5 5
SRl RS T R AR b B B 2 S T AL A
SR 4k R, i o AR 8 X 4% SE B T A B X
I3 AN [ERR A J7 72 B AR ) 2 Ak, FEd i Tl 2=
73 #1 (Prediction Difference Analysis, PDA) ¥ CNN
TR ot 43 2 P 5 e L S ) i N ARFAAE [X 33K 5 Du 250
7E AL b, ) CNN M pion 3% H i 7)) QCD IR #&
T, RGVPAL T A R Ab 3 77 2O 14 B 1
SR T AE R MBS BAHESE T, CNN AT RE A
KA pion i H RIS TT RS B, MER R R I T
EIEFIR A2 M 4% (Deep Neural Network , DNN) ,
[F] B B A 48 H G it 1 3 = A ek V& 2 52 CNN
WO B B T B

BEAE s TR K &, BT S o IR FE

SIRERUEWT S T ARG 10 BB TR e . AHLE T
RS T715, R 2% e i B A BN T 50040 , o 20
SRR TRAL B, 38 & 1 0 M SR 1 R I OR B 7KL
T 1) i 4 R AR R OGRS . (A B R, &P A
ZEIENGINS moe B Rl AL A T A
ANAT 4o BA £ AH Hi 32 (A Multi-Phase Transport,
AMPT Ry ], ARy —Hh 2 B B i B2, A
AN BEMSAR G M 73 S B0 Hcals , AL van e 2 1 1l A
I ] LA IR BE A ) J7 v AR At WIS I B0 Ok R .
AMPT HE R % O 1 44> 322855 73 A R - W0 46 2%
5> F UK SR A R R g I, LA s R mT
DUAT R0 b 4 3R R 7 PR PR B2 20 A 8 ) 30 8 L A
NI SR T S G 7 | Pl < £
(string-melting) it A% Y] AMPT #2 4 , Ge % [A] B 4 1R
AP NES < R0 A e SN DK NS VAR S
B, a2 B, AMPT B8 A= il 1) R 25 B4 4%
AT Et 2 R = 8, 5 RS RT 1 DY 3) & (RE
BAEE 8D LK MR SRR . X A 45
) 5 R 5% 23 B B U ZRAn I i B 5K 10 e &5 R
FERE, IR RO TR 2% RS0 5 i)
%

Event Particle b

iTest l
1 1 4218 8.0000 84 84 282 183

2112
2112
2212
2212

111

0.000 0.000 99.996
0.000 0.000 99.996
0.000 0.000 99.996
0.000 0.000 —-99.996
0.071 -0.334 -0.376

0.940 6.00 —4.86 0.23
0.940 6.78 3.61 0.21
0.940 553 148 0.26
0.940 -9.31 -2.75 -0.16
0.135 1.81 -096 -1.18

0.00

0.00
0.00
7.00

P 1 171

Particle ID Mass

Final
(PYTHIA)

Momentum

Final Position & Time

B2 AMPT 4 th 45 Ron =
Fig.2 A schematic representation of AMPT output results

FHA) 55 = B 4 PointNet il ¥ 7 5 = HE 1)
B AN ) a3 TR, Guo S5 H
PointNet #7831 1 B 27 ST HOR, BRI SEDL 1 Al
RANVREHN . 7 AMPT B! T 42 B (1) p+Pb 55
Pb+Pb Al 4 F5 £ 7, PointNet H 2 #E 2 /N R 4t (p+
A ERAG(A+A P =5 . ERIRTE
BE—SDHTTT, 58 3 % T R/l J SERIR RIRTE 7T, T
H. PointNet [ £% A< £y A LE T A B FE 27 2T M 4%, J=)
FRFAE SR B RE I A X 59, TeiE A R B 4% )L
TR FR . AR TE R = P 2% S U % o 0 RR AR 1) B
77, Huang 25| ] JAM £ #4 fl Critical Monte-Carlo
PRI A RRRAUL B I F e 21 (p, s p, ) 1 AR I 25
B RIS BL GBI R 45, T B 2 5] 35

050011-4



FRIE R RSO

e REAZ WV BE v A AT 2

A EEALRLT (A SR BRI b, BRIERIN B = B 3 1
Rl 48 A AT BEAEE B SRR s Qu AN B it IR
F 7 —Fl 42 4 ParticleNet [ £ 2 P 2% 42 44 , il i 2%
STRLT [R] (4RI 5% 2R F 2 AL RRAE , A R BBt i
58, H M RE R OUHER 7 7R FE 6 B W 4% (ResNeXt-
50) . —4E LA 2% (P-CNND BUEE 5 I 48 (PEND 7E N
A A IR B 2 3 )5 vk . I 4E SR, PointNet++tH 3 —
B HINT JR B ARFAE SR EATL i , 5 L 8 0% BEORS 1 Hb %)
] 5525 2R G010 JR SR A 507 5 B 0D [ G A 4 1 A

Input
= Nxd Input
Transform Shared JAEE2N
. - ] MLP Transform

Nx32

= HL 7 1R N R YA DR AE 2 S SR TR s
121, Point Transformer 8 i y¥ & JJHLH 458 T & =
a4 R EsmE 1. M Transformer 32 #4)7E
REAE 2 AR B0 AR 75 P e, Qu S s | —
AN KR [ 15593 $ 5 42 JETCLASS , /F v 3l 4503
K E YR, JEAE S R it T Particle
Transformer 2244 , [&] B F) FH B AN AL 747 AE FRL X6
(I AH B A 45 2., 7E JETCLASS L ParticleNet,
I3 I T SR+ S BT T I I R Al S

Nx512 512 pving

Shared
MLP

&3  PointNet Ft A 45 #4 7 7= B
Fig.3 The fundamental architecture of PointNet™*!

WXL NS Re S G, AT 2
TOREBR A S . BT AMPT AL, H4
M G AR TR 7 R B R Tl S5 ON TR e 4 S
FR R YEE AR . 0 VISH2+1 B Y 4y HY (1) 3% 45
W ¥cHE Can e & % FE 4 A DB L I iEBE-VISHNU
5L TR AR 1) A - R i B BRI AM A R AN
Critical Monte-Carlo £ 7 £ {1t 1] It 3 20 % 15 #0024
Pt X R vk AMPT & i B #b , (A 44
B o FIETEM AR RN S RGN REZLL5 TP EE
T ] 5 N R e s . AR, T 6 k%2 o0 4%
(P ERE AR 2, a0 ) A A HR B P 76 ) B ARRAIE 2
AR TS S5 VB S B B ] R

4  FTEEFIRRIFFEIRE

HREC T R SCHE 2 A5 T B 22 ST R 7 2K T5
X, ol 2 HE AR PR A PR R 2 0 5 25 R Ry
AESR AT 3, BRA i e H 25 1 R 43 44 21 P A4 B ol
55 S dia 0 AT i 4R AN R 2R (M RFAIE , B Gk
THIRE RS0 BB A0 A A B A, I A A
i AR G M B o o UK B ) B 4 VR AT AL AR
B Bhn, 4 B 7 20 #r » Bozek 25 B 7T T AN
Tl i B R, s 1 HXRPRL 7 A AR AT
NI o ZTTENARR M R BRI L i S it 1A
R K o3 A T, SR AR SR A EAE B T I
BAMRKKIET . A, B A 5 = e i

P56 I 0o S 2 1 R B RO ) SR — P
B AT 5% 1 S B0 H0 0 AMORS 5 0T L, X T AT i R A
W FEE R, Ak, Liu 085t 3 5o o frik
i1 AE B B Al o i BRI, BR R T T AR AR
s v B 3l k0 E B Rk R RSN RRAE , T A K
W ARG N B B B AR e g5 R ] .
PCA J732 058 1 LAV FIAT 46 i Lo 5 2 [A] ) 2 1
KER,JUHXN T =R (n24) , iX 5% 50 R
(1 558 {2 P A B RURE AR XS S {ER i VR EAR
PCA £ VISH2+1 AR 3l 77 2 B0 K 4 vh A 1 &
FRBUR (0 AR H AR B ERE 5 A S SEI0 A )
&M 5 i — B R .

Ak, H 9wt 4% (Auto-Encoder , AE) H7E 15 BE A%
VIBRRARR] 7 Z B G AE A AR S
T T Al 435 15 3] 1) v 24 2 52 % SR 5000 A5 e 1 P 4
T3 1 MO R 0 Ze M R A SR SR IDURFAIE , (BLAE AL
P R AEL M X R AEAE PR M. Bgnfdds & —
b DAV 5 4 22 [0 26y B At ) 1 M 2 SIS, e
T 25 ST R AR YE TS AE R, 78 DR FF B ZLRRAE 11 [R]
98D s T R . 9, AR F R B A SR,
Finke 55" £ By 41 1] 4 Jfr 7= (0 22 T BS990 B 5% D
2% (Image-based autoencoder network) , i i # #4) %
ZEfT R AR, A T AT G W E Get) 70 2K
125, IR R T ol B gt 88 45 I 7 7. BT
T XTI T T AE A Gt B s I 2% 2 — > B Y )
L A Jw A, H 9w 15 2% (encoder) 5 fif 5 75

050011-5



o oK

2025, 48: 050011

(decoder) H ik » fEmtS 2, 2 2 & M2
(convolution) 1l F 4x4 [¥] & F A% 24T J&) 6 45 1iE $2
0, 2 JZ-F )31k JZ (average pooling) {3 A 2x2 1]
WAk E AT B4, i e il i A E i — 0 R 4 4
J5E W i e S 1) 32 2 (1) 3 A5 25 [R) o 5 T A 2 )
K 5 fif b 48 %5 #1245 A1 (transpose convolution)
5 | R ¥ (upsampling) J2 , KR 4E I8 72 R 8 EA A
JR U O B4 . X TUHE AL IE i B g 6 A
(autoencoders) 75 V2 S B 1 1y e ) #8 Hh 1) O M B =
R, IR T HAE RS SIS E 4 o 5 KT T

1@40x40 10@40%40 10@20%20 5@20x20

= | o

400 100

H g b5 25 BE 8 A 24 Ul i 5 10 15 B 2B AN R Y
S A, JUHAE AL A 4 ) R e EE A
B, J B LR A v I HE AR P RS R 1 . 1 VR N e
YER SIS HR ) S AR T — AR A R T
B OIFHBEATZHIR AT . Ha, XL T 5
PIENE B gwmbd s, £ — 22 b, EhnE KR HE R
(1 3 B, mn AE 4 s R AR 0 B, 0 IR M T
transformer B HUIE Y 56 4 22 W 25 11 &5, 7] BE TG
R KB R . Ah, HEG PR
hnm , I FAE T T EAR K TS TR

100 400 5@2020  5@A40%40 10@40%40 1@40%40

4 FETEMBA B R o 9 2% JE A 5 g )

Fig.4 The fundamental architecture of an image-based autoencoder network!®”

1T 11, Wang 261 4R ) H Sn i 2% 9 4%, B3 A
5 6 B B ik 1) iR 4 AR S O R o A AR AR T
WA ARG SRS . B E gD 28 6 A -
AT TS, JoR TR 2 R £ i) 7 v
N R 7o e 2 2] S5 E0HE i B 2 Y B R
T, TR PR AR 25 X 4% R W LM A 0 S R AR AR AT R
HNL gy B R4 T A e . R B
MLP H 4t 2 R A8 ZH g, A 6 EE
TR A, SEE AT B 5N
TN AT, Be A B0RE fo %5 AR M 26 B transformer %5
BERALE /NS R 1 B A e 0L A e R B OE
BRI R b, 3 A 187 B 1) ) R o R B8 2 2 4 JRRFAIE
AN H 2% JR #1857 B (local receptive field) , o245 4
R 22 [0 286 T8 BE A 20042 B =) 3 e AiE , B B s 1B
transformer 224 AR A4 B K< PR 2 A4 8

5 HEBRFIJESERERRIETR

WLES = 2 H AR B R R IETE IR Z 5200 = BeAZ ) HE
FIRFIC . Bt T BAE A4 Cl GPU L TPUD [ T+ 2 DL &
VR 2 > B3 (U0 Transformer 37 HURB T | & #1285 )
SO IAEIICAL , TR E 27 31 1E 3255 DB 43 W A 4l B
T H, AN R OB R L B T . TR
ReRZ P BRI 9 AR, SO0 HR 0 43 1 5 A A v 1) 4 3 AN
R HVRE , B R SR s &0 A S B
Be B Ok VRN RN . ARG T IR T T
LA GE T I, 1R B 2 3T 5] N 1SR 5T
HAE 0 B R GG 2R H sh IR B TE P R
P, 52 = P B (14U ARG B

WK, VR FE 5 o) QAR 2 = BE A Y ELAE 5T

J7 e BT S A AF AT AR A 1) AT AR 2 4
AT 70 B B BRI MG N S A7 A R AR I
AifF 7 38 M DL IR A I 28 A5 AN [R) J2 202 >0 3 R 1) 3 A
o N T IREX — 0 8, KRR TR EIRR G EY)
FH A AT AR R T 2 2] T 0. Bl = T SHAP
(Shapley Additive Explanations) J5 " [f] 45 1iF 53 Br
TR R8540 A [ g N AL 5 (ks 2 & Rl o0
J5E ) Xof e 2 TN 25 SR R TR S AT 48 7 TR 52 DX 248 o 2
> B B R AR IRAS 5 B Sk 78 1R BVLEE Y . I
AN, FF 5 A RS A 2 NS I SR I A AR,
BRI LA E B ST A 1 Kl 2 ) 2 B B AR
M NP A AT R ) B e Rk 2 B Y 1)
B 55 R TT {5 oo

7 = AEAZ Y BEAIE 7T A T I R s G
FUNEEARS ST BRAR . T 50581847 A = &
LGB BRI S (U QGP TR s~ W1 VAR O AN AE A
A DXCFIRIE i 25 11 T HR B, m) FH T U1 0o FEE o 48 oK) 2%
A ) BRI A PR o XTI — ) 3, o] DA S50t
LML 3 A0 1 76 2% 2] (Meta-Learning) 5 BE ™, 74
3 I Z5- 130 (Pretraining-Finetuning) HEZE . H A&
M5 B 503 AT DA Ad ) AMPT S5 4 BE A AU B0 44
PR — A FERIRRAE S U 2%, i H 22 ST kL 1 5 &
I3 bR RGURHIE SRR AR A, IS S5 A B sl
HdE Cln ALICE WL 598 ) 24T 30 , DA % SC B4
PRRFAE , [F] IS PRI R B S B0 00 IO . k1, &6
A HFE JIHLH (Self-Attention) B] DAL 41 25 [ 2% B
IREMA LG, (s p O BS RE 5 R E
RUFE/NFEARIAEE T 2 AL fg

& 1 o62% 21, 8 1 58 (Data Augmentation) Al

050011-6



FRIE R RSO

e REAZ WV BE v A AT 2

W5 B % 2] (Self-Supervised Learning, SSL) /& #2
e B R ok P %) EE LSRR g, A S e
AR OUT, T LUEE Bk 7 3h & 70 A1 g JL
Py 25 Ky 55 7 A R 2 AR A, LS s AT 12 A fE
1o TR, B 5 20 AT DM o bR A8 s #E 47 T
YIZ 51 TR T 6 b2 21 73, iR I 25 H 3227 )
DA 2 1< 2 B s W A N O 1 52/ O L
XL TTIR I 4 E 4 B T B ANRE AR 5 2D, A
TR 57 S B BE RS A2 AT PR IK) S B0 H0HE 25 A1 N ARAR IR
FF s LI B T e

JREEARK , W& T RHURL 7 5 s Re Az v B
— R NG WA I A BT 27 0 BN
M5, #lan, & ¥ HL4s % 2] (Quantum Machine
Learning, QML) 7] LR H & ¥ i+ & ik sg 77, fh
e v 4L HHE ()RR RS2 B, 42 5 QGP B AL I v B 2%
SR OB (Diffusion ModeD 7EAT-4E B A (1)
S FH B AF R 7, 0t 7838 AT DA 9 R 284 A=
BB A B SIS A AT ) AR e Ah BR A
(Reinforcement Learning, RL) i 7] DL F 44k &= B
T2 S5 (AR DN 2% 2 BRI v H s R 4
R ZI

25 E PR TR EE A ST S AR TR R OR
(R 73 LR 38 W] BeAE R K e REAZ M 3T 5T
FEAL AR AT TS . N T RS RIENLAR 2 2 1
71,098 T B — PR R IR ) S E R
45677 30 A B B AT R A AL R T
DAHES] 12 S RN K FE
EERBAR KEE AT XENRE (F; 38R
SMKE ERT EHER AT XEEEREI, BERH
RIgT, A XFH#RATHFEAGHIT.

RPN

1 Adams J, Aggarwal M M, Ahammed Z. Experimental and
theoretical challenges in the search for the quark-gluon
plasma: The STAR Collaboration's critical assessment of
the evidence from RHIC collisions[J]. Nuclear Physics A,
2005, 757: 102 - 183. DOIL: 10.1016/j. nuclphysa. 2005.
03.085.

2 Adcox K, Adler S S, Afanasiev S. Formation of dense
partonic matter in relativistic nucleus-nucleus collisions at
RHIC: Experimental the PHENIX
collaboration[J]. Nuclear Physics A, 2005, 757: 184 -
283. DOI: 10.1016/j.nuclphysa.2005.03.086.

3 Schenke B, Jeon S, Gale C. Elliptic and triangular flow in
event-by-event  D=3+1
Physical Review Letters, 2011, 106(4): 042301. DOI:

evaluation by

viscous  hydrodynamics[J].

10

11

12

13

14

15

050011-7

10.1103/physrevlett.106.042301.

Heinz U, Snellings R. Collective flow and viscosity in
relativistic heavy-ion collisions[J]. Annual Review of
Nuclear and Particle Science, 2013, 63: 123 - 151. DOI:
10.1146/annurev-nucl-102212-170540.

Qin G Y. Theory of jet quenching in ultra-relativistic
nuclear collisions[J]. Nuclear Physics A, 2014, 931: 165 -
175. DOI: 10.1016/j.nuclphysa.2014.09.004.

Qin G Y, Wang X N. Jet quenching in high-energy heavy-
ion collisions[J]. International Journal of Modern Physics
E, 2015, 24(11): 1530014. DOI:  10.1142/
s0218301315300143.

Song H C, Bass S A, Heinz U, et al. 200 AGeV AutAu
collisions serve a nearly perfect quark-gluon liquid[J].
Physical Review Letters, 2011, 106(19): 192301. DOI:
10.1103/physrevlett.106.192301.

Miiller B, Nagle J L. Results from the relativistic heavy
ion collider[J]. Annual Review of Nuclear and Particle
Science, 2006, 56: 93 - 135. DOI: 10.1146/annureyv.
nucl.56.080805.140556.

Gale C, Jeon S, Schenke B. Hydrodynamic modeling of
heavy-ion collisions[J]. International Journal of Modern
Physics A, 2013, 28(11): 1340011. DOI: 10.1142/
s0217751x13400113.

Karsch F, Bazavov A, Ding H T, et al. Conserved charge
fluctuations from lattice QCD and the beam energy scan
[J]. Nuclear Physics A, 2016, 956: 352 - 355. DOI:
10.1016/j.nuclphysa.2016.01.008.

Xu H J, Li Z P, Song H C. High-order flow harmonics of
identified hadrons in 2.76 ATeV Pb+Pb collisions[J].
Physical Review C, 2016, 93(6): 064905. DOI: 10.1103/
physrevec.93.064905.

Zhu X, Zhou Y, Xu H. Correlations of flow harmonics in
2.76 ATeV Pb-Pb collisions[J]. Physical Review C, 2017,
95: 044902. DOI: 10.1103/PhysRevC.95.044902.

Chang N B, Cao S S, Qin G Y. Probing medium-induced
jet splitting and energy loss in heavy-ion collisions[J].
Physics Letters B, 2018, 781: 423 - 432. DOI: 10.1016/j.
physletb.2018.04.019.

Acharya S, Adamova D, Adler A, er al. (ALICE
Collaboration). The ALICE
through QCD[J]. The European Physical Journal C, 2024,
84(8): 813. DOI: 10.1140/epjc/s10052-024-12935-y.
Bishop C M, Bishop H. Deep learning: Foundations and
concepts|[M]. Springer Nature, 2023. DOI: 10.1007/978-3-
031-45468-4_6.

experiment: a journey



o oK

2025, 48: 050011

16

17

19

20

21

22

23

24

25

He J J, He W B, Ma Y G, et al. Machine-learning-based
identification for initial clustering structure in relativistic
heavy-ion collisions[J]. Physical Review C, 2021, 104(4):
044902. DOI: 10.1103/physreve.104.044902.

FRT, B RN, B IR L SR R AL W B o i
M E R 3% J) % R 3%, 2022, 52(5):
252003. DOI: 10.1360/SSPMA-2021-0300.
WANG Lingxiao, PANG Longgang, ZHOU Kai.
Applications of deep learning in high energy nuclear

Mechanica &
DOI:  10.1360/

physics[J]. Scientia Sinica Physica,
Astronomica, 2022, 52(5): 252003.
SSPMA-2021-0300.

Zhou K, Wang L X, Pang L G, et al. Exploring QCD
matter in extreme conditions with Machine Learning[J].
Progress in Particle and Nuclear Physics, 2024, 135:
104084. DOI: 10.1016/j.ppnp.2023.104084.

Boehnlein A, Diefenthaler M, Sato N, et al. Collogquium:
Machine learning in nuclear physics[J]. Reviews of
Modern Physics, 2022, 94(3): 031003. DOI: 10.1103/
revmodphys.94.031003.

He W B, Ma Y G, Pang L G, et al. High-energy nuclear
physics meets machine learning[J]. Nuclear Science and
Techniques, 2023, 34(6): 88. DOI: 10.1007/s41365-023-
01233-z.

Aarts G, Fukushima K, Hatsuda T, et al. Physics-driven
learning  for  inverse  problems in  quantum
chromodynamics[J]. Nature Reviews Physics, 2025, 7:
154 - 163. DOI: 10.1038/s42254-024-00798-x.

Ma Y G, Pang L G, Wang R, et al. Phase transition study
meets machine learning[J]. Chinese Physics Letters, 2023,
40(12): 122101. DOI: 10.1088/0256-307X/40/12/122101.
Zhang R R, Guo Z Y, Gao P, et al. Point-M2AE: multi-
scale masked autoencoders for hierarchical point cloud
pre-training[J]. Advances in Neural Information
Processing Systems, 2022, 35: 27061 - 27074. DOI: 10.
48550/arXiv.2205.14401.

Zhang R R, Wang L H, Qiao Y, er al. Learning 3D
representations from 2D pre-trained models via image-to-
2023 IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR). June 17-24, 2023, Vancouver, BC, Canada.
IEEE, 2023: 21769 - 21780. DOI: 10.1109/CVPR52729.
2023.02085.

Yu X M, Tang L L, Rao Y M, et al. Point-BERT: pre-

point masked autoencoders[C].

training 3D point cloud transformers with masked point

modeling[C]. 2022 IEEE/CVF Conference on Computer

26

27

28

29

30

31

32

33

34

35

050011-8

Vision and Pattern Recognition (CVPR). June 18-24,
2022, New Orleans, LA, USA. IEEE, 2022: 19291 -
19300. DOT: 10.1109/CVPR52688.2022.01871.

Liu HT, Cai M, Lee Y J. Masked discrimination for self-
supervised learning on point clouds|[M]. Computer Vision
- ECCV 2022. Cham: Springer Nature Switzerland,
2022: 657 - 675. DOI: 10.1007/978-3-031-20086-1_38.
Mehta P, Bukov M, Wang C H, et al. A high-bias, low-
variance introduction to machine learning for physicists
[J]. Physics Reports, 2019, 810: 1 - 124. DOI: 10.1016/j.
physrep.2019.03.001.

Buncic P, Krzewicki M, Vyvre P. Technical design report
for the upgrade of the online-offline computing system
[R]. 2015.

Kain V, Hirlander S, Goddard B, et al. Sample-efficient
reinforcement learning for CERN accelerator control[J].
Physical Review Accelerators and Beams, 2020, 23(12):
124801. DOI: 10.1103/physrevaccelbeams.23.124801.
TR, 2 PRUE . I FHBIL A8 57 21 7 VR0 LA A% A B ] st
B3 N BT 7T [J]. 8% £ K, 2023, 46(8): 080009. DOI:
10.11889/j.0253-3219.2023.h;js.46.080009.

GAO Zepeng, LI Qingfeng. Studies on several problems
in nuclear physics by using machine learning[J]. Nuclear
Techniques, 2023, 46(8): 080009. DOI: 10.11889/j.0253-
3219.2023.hjs.46.080009.

FHIMG, BN, TR BT AL o B R TRl
H QCD A1 22 1 WF 7T [J]. #% R, 2023, 46(4): 040014
DOI: 10.11889/1.0253-3219.2023.hjs.46.040014.

LI Fupeng, PANG Longgang, WANG Xinnian.
Application of machine learning to the study of QCD
transition in heavy ion collisions[J]. Nuclear Techniques,
2023, 46(4): 040014. DOI: 10.11889/j. 0253-3219.2023.
hjs.46.040014.

He W B, Li Q F, Ma Y G, et al. Machine learning in
nuclear physics at low and intermediate energies[J].
Science China Physics, Mechanics & Astronomy, 2023, 66
(8): 282001. DOI: 10.1007/s11433-023-2116-0.

Bass S A, Bischoff A, Maruhn J A, et al. Neural networks
for impact parameter determination[J]. Physical Review
C, 1996, 53(5): 2358 - 2363. DOI: 10.1103/physrevc.53.
2358.

Gazula S, Clark J W, Bohr H. Learning and prediction of
nuclear stability by neural networks[J]. Nuclear Physics
A, 1992, 540(1 - 2): 1 - 26. DOIL: 10.1016/0375-9474(92)
90191-L.

Gernoth K A, Clark J W, Prater J S, et al. Neural network



WA RIS S

e REAZ WV BE v A AT 2

36

37

38

39

40

41

42

43

44

45

models of nuclear systematics[J]. Physics Letters B, 1993,
300(1 - 2): 0370269393907384. DOI: 10.1016/0370-2693
(93)90738-4.

Costiris N, Mavrommatis E, Gernoth K, et al. Decoding
beta-decay systematics: a global statistical model for beta-
halflives[J]. Physical Review C, 2009, 80: 044332. DOI:
10.1103/PhysRevC.80.044332.

Clark J W, Li H C. Application of support vector
machines to global prediction of nuclear properties[J].
International Journal of Modern Physics B, 2006, 20
(30n31): 5015 - 5029. DOI: 10.1142/
$0217979206036053.

Pang L G, Zhou K, Su N, ef al. An equation-of-state-
meter of quantum chromodynamics transition from deep
Nature Communications, 2018, 9(1): 210.
DOI: 10.1038/s41467-017-02726-3.

Du Y L, Zhou K, Steinheimer J, et al. Identifying the

learning[J].

nature of the QCD transition in relativistic collision of
heavy nuclei with deep learning[J]. The
Physical Journal C, 2020, 80(6): 516. DOI: 10.1140/epjc/
$10052-020-8030-7.

European

Mikuni V, Canelli F. Point cloud transformers applied to
collider physics[J]. Machine Learning: Science and
Technology, 2021, 2(3): 035027. DOI: 10.1088/2632-
2153/ac07f6.

Lin Z W, Ko C M, Li B A, et al. Multiphase transport
model for relativistic heavy ion collisions[J]. Physical
Review C, 2005, 72(6): 064901. DOI: 10.1103/physrevc.
72.064901.

Lin Z W, Zheng L. Further developments of a multi-phase
transport model for relativistic nuclear collisions[J].
Nuclear Science and Techniques, 2021, 32(10): 113. DOI:
10.1007/541365-021-00944-5.

Charles R Q, Hao S, Mo K C, et al. PointNet: deep
3D
segmentation[C]. 2017 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR). July 21-26,
2017, Honolulu, HI, USA. IEEE, 2017: 77 - 85. DOIL:
10.1109/CVPR.2017.16.

Guo S, Wang H S, Zhou K, et al. Machine learning study

learning on point sets for classification and

to identify collective flow in small and large colliding
systems[J]. Physical Review C, 2024, 110(2): 024910.
DOI: 10.1103/physrevc.110.024910.

Huang Y G, Pang L G, Luo X F, et al. Probing criticality
with deep learning in relativistic heavy-ion collisions[J].
Physics Letters B, 2022, 827: 137001. DOI: 10.1016/.

46

47

48

49

50

51

52

53

54

55

56

050011-9

physletb.2022.137001.

Qu H L, Gouskos L. Jet tagging via particle clouds[J].
Physical Review D, 2020, 101(5): 056019. DOI: 10.1103/
physrevd.101.056019.

Qi CR,YiL, SuH, ef al. PointNet++: deep hierarchical
feature learning on point sets in a metric space[J].
Advances in Neural Information Processing Systems,
2017, 30. DOI: 10.48550/arXiv.1706.02413.

Sohail S S, Himeur Y, Kheddar H, ef al. Advancing 3D
point cloud understanding through deep transfer learning:
a comprehensive survey[J]. Information Fusion, 2025,
113: 102601. DOI: 10.1016/j.inffus.2024.102601.

Zhao H S, Jiang L, Jia J Y, et al. Point transformer[C].
2021 IEEE/CVF International Conference on Computer
Vision (ICCV). October 10-17, 2021, Montreal, QC,
Canada. IEEE, 2021: 16239 - 16248. DOI: 10.1109/
ICCV48922.2021.01595.

Wu X, Lao Y, Jiang L, et al. Point transformer v2:
Grouped vector attention and partition-based pooling[J].
Advances in Neural Information Processing Systems,
2022, 35: 33330 - 33342. DOIL: 10.48550/arXiv. 2210.
05666.

Wu X 'Y, Jiang L, Wang P S, et al. Point transformer V3:
simpler, faster, stronger[C]. 2024 IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR).
June 16-22, 2024, Seattle, WA, USA. IEEE, 2024: 4840 -
4851. DOI: 10.1109/CVPR52733.2024.00463.

Wu X Y, Xu X, Kong L D, et al. Point transformer V3
extreme: 1st place solution for 2024 waymo open dataset
segmentation[EB/OL]. 2024:
2407.15282. https://arxiv.org/abs/2407.15282v1.

challenge in semantic

Qu H, Li C, Qian S. Particle transformer for jet tagging

[C]. International Conference on Machine Learning.
PMLR, 2022: 18281 - 18292. DOI: 10.48550/arXiv.
2202.03772.

Liu Z M, Zhao W B, Song H C. Principal component
analysis of collective flow in relativistic heavy-ion
collisions[J]. The European Physical Journal C, 2019, 79
(10): 870. DOI: 10.1140/epjc/s10052-019-7379-y.

Song H C, Heinz U. Causal viscous hydrodynamics in 2+
1 dimensions for relativistic heavy-ion collisions[J].
Physical Review C, 2008, 77(6): 064901. DOI: 10.1103/
physreve.77.064901.

Shen C, Qiu Z, Song H C, et al. The iEBE-VISHNU code
package for relativistic heavy-ion collisions[J]. Computer
Physics Communications, 2016, 199: 61 - 85. DOI:



o oK

2025, 48: 050011

57

58

59

60

61

62

63

64

65

66

10.1016/j.cpc.2015.08.039.

Nara Y. JAM: an event generator for high energy nuclear
collisions[J]. EPJ Web of Conferences, 2019, 208: 11004.
DOI: 10.1051/epjconf/201920811004.

Wu J, Lin Y F, Wu Y F, et al. Probing QCD critical
fluctuations from intermittency analysis in relativistic
heavy-ion collisions[J]. Physics Letters B, 2020, 801:
135186. DOI: 10.1016/j.physletb.2019.135186.

Bozek P. Principal component analysis of the nonlinear
coupling of harmonic modes in heavy-ion collisions[J].
Physical Review C, 2018, 97(3): 034905. DOI: 10.1103/
physreve.97.034905.

Finke T, Krdamer M, Morandini A, et al. Autoencoders for
unsupervised anomaly detection in high energy physics
[J]. Journal of High Energy Physics, 2021, 2021(6): 161.
DOI: 10.1007/JHEP06(2021)161.

Wang R, Ma 'Y G, Wada R, et al. Nuclear liquid-gas phase
transition with machine learning[J]. Physical Review
Research, 2020, 2(4): 043202. DOI: 10.1103/
physrevresearch.2.043202.

Tanaka A, Tomiya A, Hashimoto K. Deep learning and
physics[M]. Singapore: Springer, 2021. DOI: 10.1007/
978-981-33-6108-9.

Lundberg S M, Lee S I. A unified approach to interpreting
model predictions[J]. Advances in Neural Information
Processing Systems, 2017, 30. DOIL: 10.48550/arXiv.
1705.07874.

Pezoa R, Salinas L, Torres C. Explainability of high
energy physics events classification using SHAP[J].
Journal of Physics: Conference Series, 2023, 2438(1):
012082. DOT: 10.1088/1742-6596/2438/1/012082.
Angelis D, Sofos F, Karakasidis T E. Artificial
intelligence in physical sciences: symbolic regression
trends and perspectives[J]. Archives of Computational
Methods in Engineering, 2023, 30(6): 3845 - 3865. DOI:
10.1007/s11831-023-09922-z.

Udrescu S M, Tegmark M. AI Feynman: a physics-
inspired method for symbolic regression[J]. Science
Advances, 2020, 6(16): eaay2631. DOI: 10.1126/sciadv.

67

68

69

70

71

72

73

74

75

76

77

050011-10

aay2631.

Vilalta R, Drissi Y. A perspective view and survey of
meta-learning[J]. Artificial Intelligence Review, 2002, 18
(2): 77 - 95. DOI: 10.1023/A:1019956318069.

Maharana K, Mondal S, Nemade B. A review: Data pre-
processing and data augmentation techniques[J]. Global
Transitions Proceedings, 2022, 3(1): 91 - 99. DOI: 10.
1016/.gltp.2022.04.020.

Shorten C, Khoshgoftaar T M. A survey on image data
augmentation for deep learning[J]. Journal of Big Data,
2019, 6(1): 60. DOI: 10.1186/s40537-019-0197-0.
Mumuni A, Mumuni F. Data augmentation: a
comprehensive survey of modern approaches[J]. Array,
2022, 16: 100258. DOI: 10.1016/j.array.2022.100258.
Biamonte J, Wittek P, Pancotti N, ef al. Quantum machine
learning[J]. Nature, 2017, 549(7671): 195 - 202. DOI:
10.1038/nature23474.

Schuld M, Sinayskiy I, Petruccione F. An introduction to
quantum machine learning[J]. Contemporary Physics,
2015, 56(2): 172 - 185. DOI: 10.1080/00107514.2014.
964942.

Cerezo M, Verdon G, Huang H Y, et al. Challenges and
opportunities in quantum machine learning[J]. Nature
Computational Science, 2022, 2(9): 567 - 576. DOI: 10.
1038/s43588-022-00311-3.

Mikuni V, Nachman B. Score-based generative models
for calorimeter shower simulation[J]. Physical Review D,
2022, 106(9): 092009. DOI: 10.1103/physrevd. 106.
092009.

Devlin P, Qiu J W, Ringer F, et al. Diffusion model
approach to simulating electron-proton scattering events
[J]. Physical Review D, 2024, 110: 016030. DOI: 10.1103/
physrevd.110.016030.

Wiering M A, Van Otterlo M. Reinforcement learning[J].
Adaptation, Learning and Optimization, 2012, 12(3): 729.
DOI: 10.1007/978-3-642-27645-3.

Li Y X. Deep reinforcement learning: an overview[EB/
OL]. 2017: 1701.07274. https://arxiv. org/abs/1701.0727
4v6.



