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Figure 1 (Color online) Classification of machine learning methods in relativistic heavy ion collisions.
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2R, CNNT] LLEUAF95% 1) HE i %2 1K 2e 45 2 DLk
BHCNNGBE K Z AL RE J7. X 12 0] RS — M P 1) 18 7 DL
SCHR[113].

A 1 BA T FHCNNBEAT B 4k #2071 B 3547 1 B
7o, JF AT R R B TR AR A L A
FHOOT 18 BB AL b, O TR IR TR A R St
I A, G TR K e 3h & S 1 N 7 1E 7 A2
AR B AN AR B R DA R SO AR 8 E
Tl TP QGPAH 5k 1 Sk I B4k, T B RN 1A
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S R R Ay ML A S0 R H ) B SRR, H 2
XA AR RGN 2 7 38 R A2 JE B FE I K. Huang %%
N H4g F g stacked U-net (sU-net) WX 28 25 ¥ S 31 1 %ot
AR AL B, U-net2 CNNP —Ff, S #14% H T
WS B R 4r #1150 Huang®5 A A$ A )sU-
net 4 MMU-netH #4 B, iX £eU-netht 2 [8] i H T 5% %=
B A TAE D, BdE £k B TVISH2+1 (Vis-
cous Israel-Stewart Hydrodynamics in 2 + 1 Space-Time
Dimensions), #]7% FIMC-Glauber, MC-KLN (Kharzeev-
Levin-Nardi), AMPTHAITRENTo (The Reduced Thick-
ness Event-By-Event Nuclear Topology)=5 #/] 25 5 7 f=
A, (HIZREE HEH T MC-Glauber, 1X 4 fif (1) H ¥ 2&
IR ST HZACRE ). 2 NETRIRZIHI R, RS2 AE
ANTRIHIAS B b, R 2 21 T A R 25 4 A AT
DMR L 5 SEBR oy AW &, JF BARK TA& SR 7 12,
TR ST I B[] DR OR 4 .

R A B E AR AT R X R R AR O, 7R AT
JH BE IR oA 1) DX 4 5 1y, B R 75 3t — 5 2% 8 JRy dek ok
K, 48 25 R I W ARG AN 2%, H il T IRRANTT %
F R T RGO, ARORATRE A 2 1 TR
N R E#HATERZR. WA BB H K, Steinheimerds
N\ TH6L5 53] s FF CNINH 55 2 19 28 (PCN) K B A — 2 AH
AR PR 2 T RFAE, 22 T AR S 5 &2 e i B m AR
JiREHIIE A o 3. 2 AR A I A0 SR AL H A A5 A )
) BT S O3 A, IS RIS 2 e T B 1) X 4 R T DAk
FN95% I THERA 2. H 72 M AA KR 75 18] 31 3y & 7 (8] IR &S
MR AR REI, (R B8 0, AR IRHE )L 58 4
ZR O TAE K BICNN R BOR AL L BEAUE I 47— £,
TTPCN I I 2 SE A s .

IR Z LA 2] 7 i, BAEIR = o 2 W 45 DL S A%
Gl A 5 ) J7 R R G 2 FH R 2 AT Rl 4 2 H) T
0 109, UL VIT=VIOT A8 034 5 Ak ) JER 4 1 i = 25080 Kut-
tan%5 N 20VSF 4 (5 FH 2 X 4% SR T il i 2 4. 4% ¢
(0 7 VAR ME 1B A b o3 BT i i 2 4, IF B A Re X e
R E Lo KT 82 R 48 2 o A A — A BLS B T
RS Rz X 2 AR, AT DA lE 8 2 R AT R, PR
T2 FH AT, X F2-14 )Rl 48 S50, 55 2%
HRIR T 45 1% 72 9 —0.33-0.22 fim.

JR AR I R 2 X 2% 1 Jay BR R AE T 3 DL A R 1 2
[ FR) Je 38 S IBG, 38 W5 R A WL 7~ Z AR AR B
f SR Ik, Pt LG 75 2225 18 S0 TN A2 % 10 JR) 8 X 5% &5 4.

Huang# N U2UFE (2 W 28 (36 6ill I T 3h &84
#R(Dynamical Edge Convolution)#&1E, F£1 3 H FHEA
A I SR I S ARATE FHTAMABE AL A TR
it -k 1 Bdis, 35 BCMC (Critical Monte-Carlo)f&
RUM G S KT . XETH A15% JAMEL -8 # 4 K BRI
FERLF MR, IXANITVEIRTS 1 82.1% K kG B, izt it
ARE R s 2% 1% CAR IR 1 IR FE 2 ST i KRR
FRESRICAE 1, 9 Ja N FH B0 3K 3 1 77 SR &R i 5k
AL 7RIS

FERFA WS, AT AR A5 0 N B, (HAT]
FE3X J7 H IR R &AL T 18 B B Pang®s A U12R)
FH T 22 5% 43 At 75 ¥%(Prediction Difference Analysis
Method) 7341 1 pr — pFEEME 53 A B, I 153 FSEoSFT
W B X L TE 5 — /> TAE 1, Pang® A 12258
i 5 — B AT f# B 7 75 RAM (Regression Attention
Mask) 532, 25 & Il 2R i (NN B, R 3 7 X% %
A2 2 K0, e R ) 8000 A X 3. TX 8934 AR 9
RRAE B S, 0T B AR AR A S B S AR R
IEIn ESTHR, B A0 A AR 7 i AR AT LS T
TRBES S IXFE I BR  AEY, (HL [ I AR B 2 — A
BT, WO HA RS A R 50 IE.

32 DM EAERIQGPIE BRG EAIN A

FEAR T 18 B B TRl E S B A AT B E
KE R S 4, 1 L 250 2 5 e B4 — > vl W &,
[F) BN 2 G e 22 1 2 B R TRUHE, R DL 34 D7 ik ) 5
NA] DR S b fife X — i) @t th4b, B F AR E B T
o 3 R 5 K (Y B Tk B R, e R
DL 5 S 00 R 0 LU i 7 v R HE T, T IX 5 UL B
TR SRS b — 3. dl I DU v A AR A, T
DA T S i — AN A 2R

DUk BT 77 v AT LA Ok HE EQGPIR & 5 R I 2=
$. Prate®E N UBIERORAS TS Bk i a1, F
F ULt 5 vk, g B A G L2.1.3), F
FLHCHIRHICI ¥4, #hw 7 BFERETEHAZ=
BT A S5 N 14N SN R IR, 78
R 22 Y B N P IRAS 7 RE R I T BR AL A2 SR AT LR
it I T PR IR A O R ROW I 2 TR ASQC DY
THE 25 B Bl S 00 45 5 1 O A% 2 00 2 A0 T A it o FR w1
Z .
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DU 377753 AT DAHE R o i B B Al A VR A R Y
B35 iE REBAE N EANSHL 20154 TF4R, Bern-
hard%§ A\ 124126178 2 %1 5 & oy, i BITRENTO %% 15 Y,
MU By /R A KBS R B R AE, X — S H R i AT
T B EGE RIS, 45t T, RN E R
T BT V) & 2 BU(Specific Shear Viscosity) 1/ sF1 A&
Zh s 2 % (Specific Bulk Viscosity) ¢/ s B4R, 3t
— M, ZR B SRR DL S W B A ) 2
() — Lo G Tt 5 X SEEG 1)1 35 (i B 45 1) 7251 % R 7K LA
W, BB UL T UL VR AT SR A, RIS
R YIE T S HRIE R, JE B 1T R R
R RGIRL 0 HE B 25 S5 Everett % A 127K H B
(R 25 1 PR AFDRE 8 B B8 1 b d BT RE 2R, 7 2 AT
I FH DU 17 775 3k () it b, B 2R G bk DL 30 HE 7
FATERE XS 10 2 2 7 mlb A . % TAE SR T 256 7 A1 %
DL S D 5 SR PR S, AR R 1 AN RS R 2 HO0] HE
S5 R BB AR A A KA N, i /s S g/ s HE T 45
NN [ AR B R U, A, XA TAE 58— IRTE AN
Hells LRI REAT 1 DL S D R IR A R A
M5 ORI 28 B 3 A K38 (Closure
Tests).

2 TAEARAE — L8 1 58 35 2 AL, B anE R 45 2R
TR R 1 5, — 282 B A4St 78 18] (Bulk Re-
laxation Time) ] ANH € B2 K, AR ARSI 12 A
e M2, 7E LAY I, Bveretts A U2IiE gt — 25 % &
T SEE 5B E N, SN T, RS T
AIEERZHUR . bR 7 s REBEB SR I, B
R DL et $0ip 7 vk A i At 2 B AR XuSE A 112910
T RE 2 TR, R DU 277 vk S H S5 U S S 8
BB, SRAS I J5 56 70 A1 5 1 AN E FE S 5QCD K
HoARAR Y 1) 45 S A G HeS5 N\ POVRI A Lm0 07 %, i
By s ag B, $RECH AN A 5 G0 H A S5 e R R e
BRI, KB EARK I AT BLTE, R P2 e B A
SR B LA I A B RTINS P T O A, HEER S
UM PR ZE 2 HIs BB &

33 EBERFIPCAEER R PRI

PCAGE AR A R Bt 20 (0 77 1%, AEAR X
5l i A P A 2 AR
FEAHXT R H B TR o, RAS IS B A AT 7t 3L

PR EE G &, MPCARIN 25 AT T T4
BN TR S DA ) B S RRAE, AR SRR Al
R BLRT JE ) B EE 5 A 717 T A, Bhalerao%
N IBOVRIE ST T IR . = AR SR R, AR
TENRES & B BE 1) bR BRI 32 g3y I A b BE Al
iR T R AL I IR R 76l R (Factorization
Breaking) ] JH ¥ 5% Bk & #{(Pearson Correlation Coeffi-
cient) rif) 248, FE4L T W E H W B 45 R, Mazeli-
auskas®§ A 131 13217E FHPCA 4y fR it A5 5 I 2 Atk I, 3@
PCARFFT 7 WL SR IR Wi 7 22 %5 B, B 7 2 th it
T T v, 1%, HOR I R R R EDTRRE T AT AN =
By ST AN E AR R TR [ WA A St
THIG 2R 0 i AL, ek ) SR, 40 Sk R B 20 4 S i 3R
AN NATGI A v, BB, DAk R R4 52 il AL Ao o k.
IEAh, XA TAE LIRS 1 A0 BE g/ Xt 3 543 1) 5%
Wy, FAEGE R 7 VAR B, PCATRS DL § M5 lE AT —
LT A 7] SRR 2. LA K IR S 445k 75 (Event-By-Event
Fluctuation). It 4k, BozekZE A U33E ) FHHPCARE 78 T
ANFE IR AR E R G 2 TAEH S 7T 14
Bl B IR 53 2 TR R 22 Fh G IBE, T AN IR B I 3 23 i
HIDRIR, I T o R BRAE R o B g . e TAE R
I T R TR E I Rva(pr), TEAH KT L AT R
FH 09 050 TR R B Al 40 RO .

A A B\ A AE AH SS BT AT A B A T R R A 2.
Liuds A IBUE FIPCABIE AT 1 KB VISH2+ 1L AR LA
T A5 20 R 20 A, K IPCAT] USh 5 58 K
LB . [FE, PCAKR I It 55 4% S5 1 48 B i o fi
FEAE R B X R OC R, AR T E A 5 A A
. Ak, T 5 FR B FH & (Symmetric Cumulants) ) F
TR UM LEAL 8t 7732, 18I PCASRAS B b 1E A2 1R
AT LR B ] RS A 2. Lin%s A UShA i — 0 1)
W& T PCATT A5 2 & B X i A2 2 k. BEHTPCATE
ARG 18 HE B - lf g Hh ) R FH K 22 R 2 18 A FE o0 A )
Bt B EAT I, LiugsE A\ A8 PCA B #2402 sk 143 A,
P> 7 N H) R WL(Bias).

4 RE

ATCRGE T HLER S SRR 18 3 3 1 Rl AU
2. T8 W FH R P B R R B R B S AR R )
HUE AR SS90 K. B ) 37 5t L 6 ik f
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Applications of machine learning in relativistic heavy ion physics
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Recently, with rapid hardware and algorithms development, machine learning has been widely used as a significant data
analysis method. This article reviews the application of different machine learning algorithms in heavy ion collisions,
including impact parameter prediction, nuclear deformation parameter prediction, phase transitions classification, fluid
evolution simulation, etc. The machine learning algorithms comprise classic machine learning algorithms, such as ensem-
ble learning and principal component analysis, and deep learning algorithms, such as convolutional neural networks and
point cloud networks. Because of the excellent performance and efficiency of machine learning, these applications will
receive much attention in our field.
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