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Extreme QCD Matter
Exploration meets
Machine Learning
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Overview : of QCD matter in extreme

pr"essur“e heat quark-gluon

« Phases of matter : solid, liquid, gas, plasma plama

« Matter in extreme conditions reveals its constituents : -*agi- - ? *
nuclear matter - quark matter

ﬁ

The Phases of QCD

£ Future LHC Experiments

l Early Universe

To study the most elementary particle matter :

* Nuclear Collisions : heat & compress matter
» Lattice Field Theory / fQCD / Effective models

crcalPont ) > — * Neutron Star : dense matter, astronomy constraints

Color
Superconductor

Hadron Gas

Nuclear
Matier Neutron Stars
-

900 MeV 1
Baryon Chemical Potential



Overview : Nuclear Physics meets Machine Learning

« 2012 : Discovery of Higgs boson » AlexNet - Birth of Deep Learning

2012 ImageNet Challenge
A Ctop-5 error)
Ehe New ork Times 07

“Ehf Nt\ll ﬂl)l’k ('E'imrs Chatbots > OpenAl Unveils GPT-4  What GPT-4 Can and Can't Do Funding Frenzy Escalates  How C

34.5%

29.6%
30%- 26.2, 3F0% 3% ;

‘ Rl Scientists See Promise in Deep- 207 £
l Physicists Find Elusive Particle Seen s T T ; ¢
as Key to Universe ol B

4 E

B ovetisarice A [

e 2024 : Nobel Prize in Physics . ML4th3|cs AI4SC|ence

THE NOBEL PRIZE
IN PHYSICS 2024

Recent Accepted Authors Referees Press About Editorial Team  RSS R\

Colloquium: Machine learning in nuclear physics

ARTIFICIAL INTELLIGENCE P28

MACHINE LEARNING DISCOVERY
John J. Hopfield Geoffrey E. Hintc
“for foundational discoveries and inventions APPLICATIONS
that ble rnachmelearmnq
THE
ACCELERATOR SCIENCE ' 2

AAND OPERATIONS



Inverse Problems Solving with ML

@ (Oy.1. 032, ) o,
Accessible forward 00 - 00
Observation 0,, machine
00 - 00

b (@), @), -} Qx)

Explicit ¢~ \N =/ R o
mapping Exist i = argmin y~
but implicit, Q(x]6h) Oy.1
Q(x|6,) Oy
Q(x[65) Oy3
Quantityof | |7 S5R& Qavisy Oyn
Interest Q(X) 1) QQuie) - o
1 . . 00-002 hi y
'ECEENDE D38 ;ﬂ e
" ,,/'"/ S 00 - oom
[ 1g2

Direct inverse mapping capturing :
with Supervised Learning

Statistical approach to y? fitting :
Bayesian Reconstruction for posterior
or Heuristic (Generic) Algorithm to min.

ooy (e oy

* Automatic Differentiation :
fuse physical prior into reconstruction
via differentiable programming strategy

Fy[Onn(z|8)] — O, 0F,[Q(x
(AO )2 f

JQ(x)

Ve Qun(x|0)

Qx)=Qnn(x]6)



Outline:

+ Bulk matter + Generative model

L N T = , ! .
Initial Stage onieg| |POSHF0F=C Final State
5
Impact parameter Bulk Matter properties:
Nuclear structure Phase Transition
EOS

Shear/Bulk viscosities
Hard Probes

Event Generation
Final observables

Applications to Lattice QF T



End-to-End online

regression for

CBM detector
ECAL

* sensor data has inherent point cloud structure
* Point clouds: collection of points in space

* PointNet based models learn directly from point clouds.
* respects the order invariance of point clouds
* |deal real-time online analysis for HIC —— :

107 collisions/ Second

Position

1000 tracks per collision .
1 TBytes/Second raw data

STS->8

M. OK, J. S, K. Z, H. S,

MVD -> 4 planes

CBM

A simulated event in STS + MVD

resolution: 3.5-6 um

Secondary vertex resolution: 50 pm

planes

Momentum resolution: 1 %

PLB 811.135872 (2020) “X{ |_¥1 | Z_]i1-D Convolution + Batch Normalisation Dense layers
’ X2 | Yo | 22 T ' Global features T T ! . .
1xK e o With Hits/Tracks
PointCloud Network ’ ‘agex -+ Regress online b-meter: PointNet
(on UrQMD + CBMRoot event) RV
End-to-end b estimation FAES K ttes i
Input: Nx F Size: (1 x N)

* Quantifies precision

10°
« Polyfit fails for &
central events! & 10
* Similar precision for
b>3 fm 0720

Manjunath O.K. and Kai Zhou, etc. Phys.Lett.B 811 (2020) 135872; JHEP10(2021)184.

—4+— Polyfit 0.4 ,"“‘\ /"
—e— M-hits . { 4
== * Quantifies accuracy - A

M S-tracks i
—e— HT-combi

*DL: -0.3-0.2 fm for

; !
b = 2-14fm 1 Polufi i /
‘¢ M-hits | ;
S-hits ‘\\ 'f.
. « M S-tracks »,
* Polyfit fluctuating o e HT-combi NS
2.5 5.0 7.5 10.0 12.5 15.0 0 a0 o o0 @

Impact parameter (fm)

Centrality (%)



Imaging for in Isobar Collisions

* Nuclear Structure imaging for single system ? (caveat: model dependent)

96RY %Ry R =5.00 fm
a =046 fm
. . . . . drupol B = 0.162
 Simultaneous inference for isobar systems with ratio? R e By~ 0
« Bayesian Inference: Gaussian Process emulator + PCA dim reduction + MCMC ‘_ L ¥ ResOm

. a=0.52 fm
A 3, = 0.06 )
By = 0.20 — 0.27

Data: MC-Glauber + Matching (linear response approximation) Ceinpole

Ru Ru
Yru = {P 52 aJES cud }azl,...,glo

i Zr
i
0.478F IR i ' 054_} I\ ]
0444>‘ 1 ‘— /E\ 0.504 T A /\
N T T T + “ +
L |-
.

J. Jia, aXiv:2106.08768

Ry (fim) Rz, (fm) agy (fm) az; (fm) B2Rru Pozt B3ru Bz

T T T T T T T T T T T 1Bt T T T T T T

Ru

R (fm)
s

o
%

R (fm)

1 With purely the
| Isobar-Ratios:

a(fm)

o
=N
T

a (fm)
|

Posterior (a.u.)

4 | 4
T + T B
TR S
t ——+ t
L + | £
1 4 ! 4
L T I

| MCMC can not

.| converge to a

| stationary

== inference ofthe
= | nuclear structure

L
9

B
-
!
-
1>
Bs
9

013

0.19
0.

009

4.995
0

507+

"l i 4><

N i
L

=3 (=]

~ =

0.444
0478
0.504

R(fm)  a(fm) B Bs R(fm)  a(fm) B2 Bs

Single system works good

Y.Cheng, S.Shi, Y. Ma, H. S., K. Zhou,
Phys. Rev. C 107 (2023) 064909 Yer = {Bra; Resa;

:U 5

€3,a RdL ,a}a=1,... .40 » No unique solution : only ratios # nuclear structure ! 5



Imaging for in Isobar Collisions

* Nuclear Structure imaging for single system ? (caveat: model dependent) %Ru  swgy R=500fm
a =046 fm
. . . . . drupol B = 0.162
 Simultaneous inference for isobar systems with ratio? R e By~ 0
« Bayesian Inference: Gaussian Process emulator + PCA dim reduction + MCMC o - henm

a=10.52 fim
8, = 0.06 .
By = 0.20 — 0.27

Data: MC-Glauber + Matching (linear response approximation) Oetupole

J. Jia, aXiv:2106.08768

R =
Yru = {P b 52 aJES cud }azl... 40 3
L & PRSP Rlea), Rlesl, Rldy)
PRSP Rles]. Rles). Rid
3 A Ru & /\ Zr EE I
« : © ! i i - iplici i i
| — LN — ST AUAE SEAE * Single-System Multiplicity makes it possible
B S e e Tt AR S B AT SR SIS SIS AN « The d, information is redundant
: | o T 1 £ el EcIES i
& 013--‘.‘—:"‘7 /\ & nm--’{-’:-"-i /\ 8 u497|"\JJ~|15}|~|‘§~'/ R ‘/yi\\‘
wf T T T T BN AT S R T oot T <1 |« More realistic analysis with AMPT in progress
Ceiwiel)) Cejelel)] lolelolo])
R(@m)  a(m) B B R(m)  a(m) B Bs 1 | i o Lo | A
Single system works good N Ol O R /K Yoo = { Py PP Reyas Reyas R ooy a0
d @S] e | S8
Y.Cheng, S.Shi, Y. Ma, H. S., K. Zhou, e R I T TR T Bm

Phys Rev. C 107 (2023) 064909 Reu (fM) Ry (frn; ay (M) az (M) Bopu Boze ‘BlRu. Bzt 6



Outline: Initial state + + Generative model

V;LTHV = f
POFEF -85 =C
V.N* =0 : :

Initial Stage Final State

Impact parameter
Nuclear structure

Event Generation
Final observables

Bulk Matter properties:
Phase Transition
EOS

Applications to Lattice QF T



Direct inverse mapping with

Au+Au Vsyy =200 GeV . Au+Au Vsyy =200 GeV

— (AJEOSL1/s=008
0.6 — (BEOSL/s=0.16
(©)EOSQ/s=008
(D)EOSQ/s=0.16

— EOSL
E0SQ

Data-driven
Inverse Mapping

normalized pr spectra
5 5

]

Physics Simulation

0.0 =
00 05 10 15 20 25 30 35 40

107
00 05 10 15 20 25 30 35 40

provide the Prior i o f6evi
R S " i} _ | Conclusion : Information of early dynamics can
f a b S — %ﬂ§§ ~_ it Of survive to the end of hydrodynamics and encod
= - \\) - - ed within the final state raw spectra, immune to
g 7 0 . .
2, % . - %g " o other uncertainties, with deep CNN we can de
o - NN g "
) L-\' s code it back. | Pang, K. Zhou, N. Su, H. Stoecker, H. Petersen,
(a) quark gluon plasma (b) hadrons (c) CNN for classification X, Wang' Nature Commu.9 (2018), no.1, 210
r|_%1 ¥+ 1-71_]i1-D Convolution + Batch Normalisation Dense layers * Collision Centrality Regression
Uxe |2 |2 J ! Global features ™% !
1xK .. ‘ M. OK, J. S, K. Zhou, H. S, Phys.Lett.B 811 (2020) 135872
— — — . . = Classify/ . .
= -« * "regess * EOS Classification
i IR ;‘j‘?w .- M. OK, K. Zhou, J. S, H. S, JHEP 10(2021) 184
% | ¥u | 7 K » Small/ Large-system Identification
PRETE T Size: (1x N) S.Guo, H. Wang, K. Zhou, G. Ma, Phy.Rev.C 110 (2024)2

Manjunath O.K. and Kai Zhou, etc. Phys.Lett.B 811 (2020) 135872; JHEP10(2021)184. 7



Bayesian Inference from HIC and Holography

0 108 5%x103 102 5x102 10! 0 0% 5x10° 102 5x102 107! ) ) )
00 . — R — » Comprehensive Bayesian inference
0.00 300 H i i
MEAN Fa MEAN necessary for unambiguous solution
250F === MAP : 250F === MAP i

002

10 measurements of v, o00F 10 measurements of v,

% e 3 i /1« Tension between data-data or model
06 2 150 8 POt = 15 ata points F
0.08 ';' i > 100 / (UrQMD)'data

0.400

* Next-gen experiments will provide immense
amount of high precision data

. M.OK, J. Steinheimer, K. Zhou,

H. Stoecker, PRL131,202303(2023)

1
1l
1
1
1
1
1
1
1
1
1

Density ng [ng) Density np [ng|

_ 1 (¢)
Se= 1626, f dxy/~g {R =

1
- ~5%u¢%¢-V(¢)

A(2) = din(az? + 1) + din(bz* + 1), f(z) = e Ak
s o s My« Critical endpoint from
8 f et 8 | . -
= ol . PERE. ot . {#ie..| holography (EMD) via
. Ve $ imomens, : Ve . z2wes. | Bayesian Inference
oo il iEETT ] e SERET
b i.‘.} ER e ok { L. Zhu, X. Chen, K. Zhou,
ot N ] T ’{"}' ] H. Zhang, M, Huang,
osel- 1 ot v 1  arXivi2501.15810
0‘07:— —: {LOT:— —:
0.4 0.5 0.6 0.7 0.8 0.9 1.0 0.4 0.5 0.6 0.7 0.8 0.9 1.0 8
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From NS Stellar Structure (MR) to Interior EoS -

Noisy/Limited NS Observables to EoS ?

(a) TOV-Solver Training

~
—
RS
<

3.0F T T T
— m13
— M28
2.5 — M30 MPA1
—— NGC 6304
—— NGC 6397 &
2.0F — wCen
-~ —— 47 Tuc Xs
s —— 47 Tuc X7
% 1.5F
]
s
=
1.0+
MS1
0.5F B
SsQM1
L L L
5 10 15
Radius (km)

Pressure (MeV/fm?)
=

Density (Dsar)

» TOV-Solver Network

P(p) = Forward
L P
M, R} Forward
Back Propagation
— R

(b) EoS Training

» P(P) P
-LP

S.S,L.W,S.S,H. S, K. Z, JCAP
98(2022)071;PRD107(2023)083028

Forward

& o’ om ox

g e =

50, oz ox 60,
| z=(M.R).x = P{p,
! Gradients
j .o

Back Propagation

» TOV-Solver Ntwrk

e

MR

N5 (M= M) | (R~ Rans)”
AR?

7=r=% M7

R =~

10°

10?

Pressure (MeV/fm3)

XEFT+Astro
.+ PRD.101,054016
A.765,L5

ARAA 54,401

-

mm This Work(68% CI)

500 1000

Energy Density (MeV/fm3)

Mass (Mg)

2.5

2.0

15

1.0

0.5

35] = TOV
Polytropes
30{ o BHBA

> SFHo

Mass (Mo)
- o
g

L%
> NI
mfa

%P XK F CRID

The Chinese University of Hong

LS5 I
1.0 d
4
0.5 A
0 10 12 14 16
Radius (km)
3.0
— Ground Truth —— M-R (Ground Truth)
--- Mean -
95% Credibility 2.54 95% Credibility

,.E Mock data samples
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> °

2 B
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S
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Radius (km)
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Extend to First-order phase transition reconstruction with

1000
E
% 500
=)
@
200 | 1 | | L.
20 50 100 200 500
P [MeV/fm?]
| IR | | |
o
20— ° * ground truth  —
¢ o--< inital
= 15k e——=o final B
= ’
S Lo $ -
¢
Q
0.5 % .
oo
| | L ooy
0 11 12 13 14 15
R [km]

R. Li, S. Han, Z. Lin, L. Wang, K. Zhou, S. Shi, PRD (2025), arXiv:2501.15819

Linear response analysis get the gradients! Then use DNN :

1000
E
% 500
=
@
200 1 | | | L.
20 50 100 200 500
P [MeV/fim’]
| T | | |
o
2.0 o * ground truth  —|
¢ o--o inital
=5 15k ? e——o final B
= 4
= 10 $ -
- 20 points
Q
0.5 % -
o
| | L I ore g
0 11 12 13 14 15
R [km]

We parzimeterize the inverse speed of sound squared
containing both regular parts and Dirac-d functions cor-
responding to possible first-order phase transitions,

We adopt SFHo as the baseline EoS and introduce a
PT with latent heat Ae = 150 MeV/fm® at pressure
Ppr = 76 MeV/fm®. Above the PT point, we take the
stiffest (causal) limit that ¢; = 1. We employ twenty

,,,,,,

| | ] | 7 PP
w0 Ag =0.1 km “-Ag = 1.0km T
y Ay =0.01 Mg | Ay =0.1 My |
o . N 0.8
Eoa00f o B
= 4
% 100 [ @ : ; o
L ] g i
% : Ir 0.4
4 sob | pr- 1
""" 02
20f
L | . 1 L | . Ul
50 100 200 500 50 100 200 500
Per [MeV/fm*]
ground truth
——0.1km, 001 My
—— 1.0km, 0.10 M

P la.u.]

20 50 100 200 500 50 100 200 500
Pyr [MeV/fm*] Ag [MeV/fim?]

10



Discriminative /

* Discriminative Learning : prediction
function fitting y = f(x)

conditional probability ~ pe(y|z) = p(y|z)

* Generative Modelling : understand

Joint probability distribution Pe(,y) = p(x,y)

Training data Sampling
(e.g. 64x64x3=12K dims)
Sppre—

/\ ASMW hoW .’-7

! Al 54

|

‘ INL "’L;;‘
fopiblan Tt b b rp b

Learning

“What I can not create, I do not understand” 11



Outline: Initial state + Bulk matter +
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Initial Stage onieg| |POSHF0F=C Final State
gy
Impact parameter Bulk Matter properties: Event Generation
Nuclear structure Phase Transition Final observables
EOS

Shear/Bulk viscosities QFT

Hard Probes

Applications to Lattic



Variational Free Energy Learning with

® Variational free energy minimization - Reverse KL divergence o~BE(s)
5) = ———
_ g0(s)\ _ 1 Pl 7
Diatar )= Y aot)m (92 = 8= F) - Fy= 5 5 @ 1BEG) + lnguto
N
® Autoregressive go(s) = HQ&(SE | S15. 005 8i-1)
i=1 D. Wu, Lei Wang and P. Zhang, PRL122,080602(2019)

® Continuous Autoregressive Net for XY model
L. Wang, Y. Jiang, L. He, K. Zhou, CPL 39, 120502 (2022)

Input
Configurati

ations) Masked convolutional layers
—
PRI VS e N e | N~ e S e ) o) o~
S Vo~ - LN - -~ Yy
LU SR N R SN SV AR I W S AU SR U S NP A N N
Sl wwn | A eenre S hwwn | A ) eenwr
AR T ST N R N I A A 4 N T S N O I A R
4 Fewe e N\ ww - AR S e N R Y -
ESample l /\\\lq—\\\l{ XN X ew NS
Output Hidden layers

(Parameters of mixture distributions

k
A \ X
%(8) | :
@ «— -—
Probability distributions Vortices

from CANs

12




model to QFT

A series (Flow) of invertible/bijective transformations for p(z) Fourier Flow Model
compose several invertible transformations to form the flow :
DFT iDFT
.fl z() @ ‘f,z‘ 1) .lelzt) @ — {‘ @ @ naw J @
2 Fourier Frequency(Matsubara) Space
=, A } 4N_\ Jﬂ\_« _ \
s, 2y~po(Zo) x~q(x)
Zo ~ po(2o) z; ~ pi( Zk ~pK(ZK)
pi(z:) = pi-1(f7 " (2:))| det J 1| = pi—1(zi—1)| det Jp, |7 — 0
: K K B e
— log p(x) = logpo(f~ " (x)) Z log | det Jf 1| =logpo(zo) — Z log | det J§, | £ 0 * % Bt *
= =1 10 Reference: EZ
Z(l) -4 -2 0 2 4 ’ ? 8 ) D *
| e 5 * -
Markov “ * .
Chain E"‘.‘ i———‘-‘ j—-—‘b }‘——— % aso . 44 @.... o ® !
T hh T b éeo ;'; ) @ ........ - ®
T [ U@ @
I L) [} 1 40 0 . . —
Proposals from i i‘ g"‘_? % 545 110 1
flow model -
Albergo +, 1904.12072; Boyda +, 2008.05456; Favoni +, 2012.12901;
Abbott +, 2208.03832; Abbott +, 2211.07541; Abbott +, 2305.02402; S.Chen, O. Savchuk, S. Zheng, B. Chen, H.
Bulgarelli+ 2412.00200 (SU(3)); Abbott +, arXiv:2502.00263 Stoecker, L. Wang, K. Zhou, PRD107, 056001(2023)
K.C, G.K,S.R,D.R, P.S. Nature Reviews Physics 5, 526-535 (2023) 13




on lattice QFT configurations

Po

L.W
L.W
G.A D.
Q.Z

E
hu, G.

dp
g = (@ +gEn

ang, G. Arts, K. Zhou, JHEP 05 (2024) 060
ang, G. Arts, K. Zhou, arXiv:2311.03578 (NeurlPS 2023 workshop “ML&Physical Sciences”)

.H, L. W, K. Z, arXiv:2410:21212 (NeurlPS 2024 workshop “ML&Physical Sciences)

Aarts, W. Wang, K. Zhou, L. Wang, arXiv:2410.19602 (NeurlPS 2024 workshop “ML&Physical Sciences)

Pr

dp
=

Po

14



for generating field configurations

dp
e (.9 +9m

Forward diffusion SDE a0 Tl n @O
e = 1.+ 9O (HOME) = 208(6~¢) o . N

Backward diffusion SDE i Q"@%W‘m&ﬁ% mw %w i

= 0.0~ POV logm(@)] + gt)  t=T-¢ " ML :
Score matching Training = ia‘;’EPDwO)E . (sl0) [||39(@1-_, §) — Vg, 10gpi(@-;|@o)||§} Pe(Oeldo) —N(og; 0. Qlogg(g% - 1)1)

i=1
: do r=T-1 do | ) | _

Sample generation SDE o= = g2V, log g (0) + grii(7) 0 [f(D.t) — g~ ()sy(o. 1)) + g(t)i(t)

ap‘r(@)
or

_ e d 2l (0l ‘
= /d I{grdo (@5(;‘ +V05DM>}PT(O)-

—Spm/a o(@) ~

VoSom = —Vylogg-(¢)  Deq(®) €

Pe=r(¢) = P, T]

o(h)

A flow of effective action will be learned in DMs

sampling from a DM is equivalent to optimizing a stochastic
trajectory to approach the “equilibrium state”

L. Wang, G. Arts, K. Zhou, JHEP 05(2024) 060

15



Effective Action on toy model

2=1.0,g=0.4 2=-1.0,g=0.4
50 _u g -0 u g
15] \‘ = fﬂ(¢.T~0.99) 15 =— 5h5(¢.T~0-99)
\ — Se(¢p, T=0.0) — Sp(¢, T=0.0)
10] — Ad)= —prp-L¢® | 10 e A9)= — 2 — L4
£ 5] 5
GJ . .
o 1 T
g o o ® Flow of an effective action
8 5] -5
~10{ -10
~15 -15
—-20 -20
-10.0 =75 -5.0 2.5 0.0 2.5 50 7.5 10.0 -10.0-7.5 =50 =25 0.0 2.5
120 - , 120 - LY
V- S =7+ 2et f | - S =97+ Lot /
100 | ] 100} !
A —— Spul$, T=0,99) + AS, / | —— Spu($, T=0.99) + ASy i 0.
— = I -, = 1
a0 y Soul$ T=0.0) 85y | ol b Sow($, T=0.0) + AS, ]
\ / i}
5 60 —_— | 0.
g
40 0.
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0.
0
-10.0 =75 =50 -25 0.0 25 50 7.5 10.0 -10.0 =75 =50 =25 0.0 25 50 7.5 10.0 0.
¢ [
Training Training
60 DM Generated 80 DM Generated
50
. 60
5 40
e}
30 a0
20
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o L ——
~100 -7.5 50 -25 00 25 50 7.5 100

0
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DM on 2d scalar ¢* model

® 32x32 lattice, HMC generated 5120 configurations for training

d
Sp=>Y [-25) o(x)o(x + 1) + (1 — 20)d(x)* + Ao(x)"].
x pn=1

Broken phase :

“bulk” patterns emerge from DM

symmetric phase :

60 HMC
50 DM
«» 40
@
Kol
€ 30
=)
=2
20
10
o -0.1 0.0 01 02
Magnetization
data-set (M) X2 Ur

Training (HMC)
Testing (HMC)
Generated (DM)

0.0012+ 0.0007
0.0018 £+ 0.0015
0.0017+ 0.0015

2.5160 £ 0.0457
2.4463 £ 0.1099
2.4227 £ 0.1035

0.1042 £+ 0.0367
-0.0198 £ 0.1035
0.0484 £ 0.0959

Further progresses on gauge fields and with more efficient generation recently

17
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Point Cloud Diffusion Model for HICs — R

affvmsBn
FEP XK ECR

The Chinese University of Hong Kong, Shenzhen

Latent encoding

o
1 x 128

+ 18k UrQMD simulation events for central s i of event features
. w H
\E Au-Au@10 AGeV collisions D correlations
\ .
L= . UrQMD z Normalising >
« HEIDi: 1175 [
Heavy-ion Events through Intelligent Diffusion 1084 % 32 £
— v g
f— N HEIDi Point cloud g
PointNet encoder + Normalizing flow decoder + Pointcloud diffusion > 10;f"‘32 < diffusion
His decisions aren t any better than yours *
— but they 're WAY faster...
= N ; :
175 ' i s
Zo. o
2150 z . :
%125 go‘ 20 3
£ g 3[$
t=50 t= 30 2100 00 Ss .
Reverse diffusion g 7 Multiplicity o
= 50F Au - Au >0 o
Eiu=10 AGeV >
25 b=1fm
0 AL (| I l nom ’ ::
SR CRLRLREERG S 288 ) o
Particle B 01

M.O.K K. Z, J. S, H. S, arXiv:2502.16330, arXiv:2412.10352 18
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Point Cloud Diffusion Model for HICs — . 4

B P XK #OR

The Chinese University of Hong Kong, Shenzhen

Latent encoding

o
1 x 128

+ 18k UrQMD simulation events for central s i of event features
. . # .
\E Au-Au@10 AGeV collisions D correlations
\ i
=, - UrQMD z Normalising >
<7 * HEIDi: (;vent 1x128': flow |[€——
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* running time, UrQMD
cascade : ~ 3 sec/event;
with potential : ~ 3 min/event;
hybrid : ~ 1 hour/event
* HEIDI on A100: ~ 30 ms/event
» Speedup 2 ~ 5 orders of magnitude
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Although seemingly disparate, high-energy nuclear physics (HENP) and machine learning (ML) have begun to merge in the
last few years, yielding interesting results. It is worthy to raise the profile of utilizing this novel mindset from ML in HENP,
to help interested readers see the breadth of activities around this intersection. The aim of this mini-review is to inform the
community of the current status and present an overview of the application of ML to HENP. From different aspects and using
examples, we examine how scientific questions involving HENP can be answered using ML.

Keywords Heavy-ion collisions - Machine learning - Initial state - Bulk properties‘< Medium eftects - Hard probes -
Observables
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