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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

34.5%

“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

29.6%
26.2% 220% 3TI%

.« Physicists Find Elusive Particle Seen ice':::sntgs }S;:: gI::o n'::se i Deers
2 as Key to Universe

XRCE/INRIA

B ovetisarice A [

Univ. Amsterdam

« 2024 : Nobel Prize in Physics . ML4thsic,AI4Science

V/ wa :
THE NOBEL PRIZE ! Reyiews oerod

Physics
IN PHYSICS 2024

Recent Accepted Authors Referees Press About Editorial Team  RSS

Colloquium: Machine learning in nuclear physics

f  ARTIFICIAL INTELLIGENCE

MACHINE LEARNING DISCOVERT

John J. Hopfield Geoffrey E. Hinton

“for foundational discoveries and inventions
that enable machine learning
with artificial neural networks”

fl  Experimental Design APPLICATIONS

NUCLEAR EXPERIMENT
* Methods
« Tools.

ACCELERATOR SCIENCE 1
AND OPERATIONS




Overview : Fifth paradigm for scientific discovery

® Scientific discovery were driven by series of methodological paradigm evolution

® NMachine Learning & Synthetic data forms the fifth methodological paradigm

PARADIGM

DATA-INTENSIVE SCIENTIFIC DISCOVERY

>

Inductive Pattern

Discovery

. . Genomics, Astrophysics, ML
Simulation-based i

Inference Replace hypothesis-first

Deductive Abstraction Climate models, PDE solvers  yyith pattern-first logic Physics

Model intractable systems

Newton, Maxwell, Einstein

via computation

Empirical Grounding

Unify observed patterns
Galileo, Boyle into explanatory laws

Ground physical laws
through controlled trials

Scientific Discovery Paradigm

16th~17th 18th~19th 20th~215t 21st



Overview : Machine- and Deep-Learning i o 4

The Chinese University of Hong Kong, Shenzhen

Protein Folding Al
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Find and Decode the N
mapping/representations z A Hi | classifier
into A 1, (Location 1) Differentiable programming

Location 2)

Deep Neural Network

== Function approximator
&

Backward Propagation

Location 3)

Gradient Descent Algorithm

3)
=Y wy"H +b, 0=1,2,3

Universal approximator

(Hastad et al 86 & 91) Input N
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Hidden layer 1
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—— Information forward



Framework

Image Recognition:
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Discriminative /

* Discriminative Learning : prediction
function fitting y = f(x)
conditional probability  pe(ylz) — p(yl|z)

pX)

* Generative Modelling : understand \ el P
pixels, words, atomes, ...

Joint probability distribution Po(7,y) — p(x,y)
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ChatGPT AlphaFold3

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



Overview : super introduction in this talk in following

Selected Papers: 52,331
Date of paper

Total Papers: 52,331
Year: 2025

® Above 50k paper!

1969 2026

® This talk will selectively (biasedly) focus on high energy nuclear physics studies with:

® Discriminative ML to Physics Unfolding and Generative ML for Physics obs Generation



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
* Neutron Star : dense matter, astronomy constraints

R o p= - Lattice Field Theory / fQCD / Effective models
Color
Superconductor

Hadron Gas

Nuclear
Matier Neutron Stars
-

900 MeV 7
Baryon Chemical Potential



Outline

» Discriminative Al for unfolding physics in high-energy nuclear physics

physics priors need to be embedded in solving inverse problems

« Generative Al for speeding up physics simulations (IQFT, HIC modelling)



Inverse Problems Solving with

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

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

Explict ¢ N\ /) S Ty
mapping Exist P =argmin x
but implicit | Q(xl6h) Oy
Q(xl6,) Oy
QUxI63) Oy3
Quantity of | (1 28R/ Qaxig) O
Interest Q(X) (D) QQ(x|t) ——( forward
" . 00 - 003 machine =00
/.,--" == 00 - oom
| =] o SEEEDVEEA
N g e BB _VGXQ

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)



Inverse Problems Solving with

\|

Accessible
Observation o,

: o
Explicit Exist | o
mapping but implicit | :
Quantity of ?é'
Interest Q(X) (1)
e
ey
P
00 -

Direct inverse mapping capturing :
with Supervised Learning

0Oy o
00 -~ 00
>
REGEX
00 - 00

ipproach to y? fitting :
.econstruction for posterior
'neric) Algorithm to min.

[Qnn(]0)] *Oy)g
AO,

Differentiation :
al prior into reconstruction

w2 programming strategy

Ly 3 BAOel0] 20, [, 5710()

Vo Qun(z|0)

2
(AOy) Q(a)=Qnn (]6)

9Q(x)



: impact parameter determination

00<b<33 33<b<66 6.6<b<10
el O [ O [ O K
golo[Jofo[loinOo|  §
~— o + (5]
- 200 r 5
= :D I: D 26
13 TP PR v 1 PN I PP BPUL PP Y g-
5"5600-DDD :tDDD P oOo H
Simple DNN - 00O -F-00d0-f- 000 - £
] 3 o e U= 000c f
Trained on S wo b o }o] o 0o 2
Ao LA et O O o R o A
QMC data 0 P=EBh0at -} =oo00one [ eocooboe 0
0x10 t -co000o. | oo0dd0os -feco0Docs - 10
BSOS PifEsds Biiecenct 3
Input 5X5 > 400 F =0 Ba ;ng_umﬂgu:ﬂggmmmmmc- =
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=0 o -tz 0 Oe=0 [ IO [ 106 36
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600 =%
[ B4
E 400: :g
ER 1 L
0 b orSeb R E A 4 W - ’ l filtered input, asymmetric binning
21000 © 1000 -1000 O 1000 -1000 O 1000 05 s 7 p . m

p, (MeV)

true impact parameter (fm)

S. A. Bass, A. Bischoff, J. A. Maruhn, H. Stdécker, and W. Greiner, Phys. Rev. C 53, 2358 (1996)



Further dev for impact parameter determination

4 1 - --=- MLP
. 4 | ~%- ONN
P. Xiang, Y. Zhao, X. Huang, i | ) e
H [ ) = é 1.0 l".‘§
Chi. Phys. C 53, 2358 (2022) i *l*m*m~ e 3.4
e == || e o “:'.
-.I ’l, " Nwbeb g . ‘\:.\
MLP and CNN - S I S
I DI it & TS S PR N
(On AM PT eve nt) Input 0 425 = 25 anm]cz«\zn')(‘;;;f:':nvolunonal(C,‘J}LaycrI(M. CN layer 2 {4y ——— Fully connected layers —— Output o ¥ il i“‘\ ’;
Zero padding (1) Stride) Average pooling (2 <2) ° ? 4 bs 8 10 12
(fim)
10 .~ CNN . LightGBM 5 o4 AutAu, E_ =1.0 GeV/nucleon, 0=b<10 fm
F. Li, Y. Wang, H. Lue, P. Li, 8r Ab=0.16fm Ab=0.08 fm
Q. Li, F. Liu, JPG 47, 115104 (2020) Ee e
< £
: 5 4 =
CNN and LightGBM a 2
(on UrQMD event) 2 ol ol
¥ i
% 24 6 8 o0 2 4 & 8 10
btrue (fm)
T-x¢ 1°¥+ ] "Z1_]:1-D Convolution + Batch Normalisation Dense layers
X2 | Y2 | 22 ! ! Global features " ™ L
M.OK, J. S, K. Z, H. S, 1xK T G 5 ;
PLB 811,135872 (2020) T Reges oz Y /
: : % —02 “l‘;'j Poly fit “\\ !
. ] = -*¢ M-hits \ !
PointCloud Network MrAE 04 e Shits
e K feature maps Ms-tracks " /
(On UI’QMD + CBM ROOt event) Input: N x F Size: (1 x N) —06 ~—*- HT-combi 2t ]
End-to-end b estimation

0 20 1 60 80
Centrality (%) 10
Manjunath O.K. and Kai Zhou, etc. Phys.Lett.B 811 (2020) 135872; JHEP10(2021)184.



Initial clustering structure identification in HICs

2C, Woods-Saxon  pion 2C, Triang|
PHYSICAL REVIEW C 104, 044902 (2021) 10 o »
¥ i
g i 60
> i
Machine-learning-based identification for initial clustering structure in relativistic % E
heavy-ion collisions 03 So 0
Junjie He (fal {#75)®,"2 Wan-Bing He ({77 )0, Yu-Gang Ma (%4:H0)2,% " and Song Zhang (FE#)0° - -5 20
@-¥, F
'2C, Triangle ~10 r i ; ; o
=10 =5 1] 5 10
r,(fim)
1.3
Q) %0, Tetrahedron
.% 10
%_ 100
0.5 =
) 80
-2 ml.p‘ 2 E ok 60
100 <k 0
2E 20
20 [
g _ IU L 1 1 1 D
Bayesian CNN g a0 E L T H
on AMPT events (multiple-event basis) <
Charged pions (phi, pT) from 12C/160 57 T S Neen=1000
+ 197Au collisions at 200 GeV - —— CrAu, Nevere=4000
—— 0-Au, Ngyent=1000
—— 0-Au, Ngyent=2000
—— 0-Au, Ngyen:=4000

MUItlpIe event basis 05 160 200 300 400 500
Epoch 11



Nuclear liquid-gas phase transition recognition from autoencoder

PHYSICAL REVIEW RESEARCH 2, 043202 (2020)

Nuclear liquid-gas phase transition with machine learning

Rui Wang®,"2" Yu-Gang Ma,"»>" R. Wada,? Lie-Wen Chen®,* Wan-Bing He,! Huan-Ling Liu,? and Kai-Jia Sun®>

(a) 10? ; (b) 10? . (c) 10? :
~~~~~~~~ Experiment -------- Experiment ------- Experiment
o Autoencoder reconstruction ©  Autoencoder reconstruction °  Autoencoder reconstruction
10"} 10"
100_5,0,.4-3 .*0 100h $ ‘0’
.‘ a ' e’
107} 107} ;
. 102} 102} 3--°;
0 2 4 6 8 10 12 0 2 4 6 8 10 12 0 2 4 6‘ 8 10 12

EbE charge-weighted charge
multiplicity distribution of quasi-
projectile as input >

Autoencoder + confusion scheme
(on NIMROD experiment)

Encoder

12



Direct inverse mapping with

Data-driven
Inverse Mapping

Physics Simulation
provide the Prior

7[fm/c] = 0.4 129 3.7

crossover | first-order

(a) quark gluon plasma

(c) CNN for classification

crossover first-order

Au+Au sy =200 GeV

0.0

= n L N
00 05 10 15 20 25 30 35 40

—— (A)EOSLn/s=0.08
~—— (B)EOSL y/s=0.16

(C)EOSQ 15 =0.08
(D)EOSQ /s =0.16

pr [GeV]

Au+Au vsyy =200 GeV

e
S5 © o o
d
LL L L

o
=)
|

ormalized pr spectra
[
S o

LS

-
o
|
&

10

— EOSL

EOSQ

pr [GeV]

Conventional obs. hard to distinguish

Strongly influence from initial fluctuations
and other uncertainties

CNN : 95% event-by-event accuracy!

Robust to initial conditions, eta/s

-9
00 05 10 15 20 25 3.0 35 40

Conclusion : Information of early dynamics can survive to the end of hydrodynamics and encoded within the
final state raw spectra, immune to evolution’s uncertainties, with deep CNN we can decode it back.

L. Pang, K. Zhou, N. Su, H. Stoecker, H. Petersen, X. Wang, Nature Commu.9 (2018), no.1, 210
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Into more realistic situations

=== first order phase transition

pressure

energy density

Spinodal Maxwell

p(st (I))
Hadronic cascade Non-equilibrium transition Detector effects
(UrQMD considered) (Baryon Clumping, spinodal) (Hits/Tracks, Point-Net)

U4U 23 GeV/A

Phys. Lett. B 811, 135872
JHEP 21 (2021) 184

Eur. Phys. J. C 80 (2020) no.6,516 JHEP 12,122(2019)

Phys. Rev. D 103,116023 (2021) 14



Network for Physics online analysis for HICs

- Experimental data has inherent point cloud structure
» collection of particles as 2D array :

40.4 0.06 0.54 40 321

 PointNet based models learn directly from point clouds. | .
* respects the order invariance of point clouds | xn|yn|zn
» direct processing of experimental data from detector = ideal online analysis algorithm
« optimal for higher dimensional data

rl_X{ | _¥1 .71 ]i1-D Convolution + Batch Normalisation Dense layers .. . .
Delwlz]| " Global features T - Collision Centrality Regression
— Pt ; H — —5.5 & .ﬁClassify/ M. OK, J. S, K. Zhou, H. S, Phys.Lett.B 811 (2020) 135872
1 1 ] - n R - - -
x ™ < EoS Classification
4 . M. OK, K. Zhou, J. S, H. S, JHEP 10(2021) 184
X | Y| 2 K featu . gn .
lguEN% R ol (‘f;’gﬁs « Small/ Large-system Identification

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

input , feature max MLP

- transform MLP(32) transform MLP(32,64,512) pool (256,128,2) OHR@ p_Pb

E @

. .

=1 -g — — 3

R e : IS v £

& Z shared shared B @H —@ P b- P b
E : . £

B s — global feature 5

15

S.Guo, H. Wang, K. Zhou, G. Ma, Phy.Rev.C 2024



+ PCN for self similarity searching

dynamical edge convolution 4
network followed by a point cloud & de Sl

net is used to identify
self-similarity and
critical fluctuations in HIC

oW |

‘ latent features ‘

U

[ 1D CNN J

Repeating the KNN and edge
convolution blocks twice helps to
find long-range multi-particle
correlations that are the key to

k neighbors in feature space

Classification

‘ Point Cloud Net ‘ ‘ 2% (kNN + Edge CNN) ‘

searching for critical fluctuations. { latent features ‘ =
oo
£
U g
o
1D CNN 3
C e e 3
L ©

Y.-G. Huang, L.-G. Pang, X.F. Luo Noise Signal

and X.-N. Wang, PLB 827(2022) 137001 Tagging i,



m HICs with time-embedded UNet

* N:I:
f= )
-10 —-10 N:l:
)
—-20 —-20
—20—10 0 10 20 —20—10 0 10 20 —20—10 0 10 20 —20-10 0 10 20 —20—10 0 10 20
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input p(t;) output 8p'(t;_1) 0.25
e 23232 64 3232 2 10 ® Fixed f Prediction
£ T o N N £ 0 ¢ Fixed f Ground
o -10 0.20¢ 1 Fixed f Input -- Hardon freeze-out
i'.l'.-:::"" naels <l faliell s %o §  Mixed f Prediction
] x| x| | X| x| x| x| x| o q
L e o [oflo| e &%NO g0.15F & Mixed fGround
0 ho i ﬂ mm '?4,-' »E 4 Mixed fInput -- Hardon freeze-out
[&]
32 64 128 64 s
wi o —_— M - & 0.10 QGP Hadron
2148 § maxpool 2x2 - QGP evolution freeze-out | freeze-out
U + cat time embedding 0.05 g s
54E>128E>128 +54w 12, H conv transpose 2x2 : 5 g a O
i e L
x| x| x| B8
< <t <! 0 00 N X ) A
0 5 10 15

dp(ti—1) = p(ti—1) — p(ts)
pl(tie1) = 0p' (tiz1) + p(ts)

Time (fm/c)

(1)
L)

See talk of Shuang Guo this afternoon, 14:50pm

S.Guo, L. Wang, K. Zhou, G. Ma, Chin. Phys. Lett. 42, 110101 (2025)
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Lessons

® | ow-level features (raw data) might work better in DL era !
® Point Cloud representation for nuclear collision analysis ! Theory-Data

® Physics prior info is important !

® Need to have well-defined problem : classification, regression
® Benchmark datasets release from our community?

® |Interpretable ? How to connect to fundamental physics?

18



Inverse Problems Solving with ML

Accessible
Observation o,

Explicit Exist ,
mapping but implicit | Qxl6r) Oy,
Q(xl6,) Oy
Q(xlf3) Oy3
Quantityof | [T 8988 Q) Qulty) O
Interest Q(X) @D Q) —— »( forward
. 00 - ooi machine
00 - 0%
% A AO ~ Vgx? -

Direct inverse mapping capturing :
with Supervised Learning

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

2= Zy: (fy[QNNA(:gf)} - Oy)Q

Bayes’ Theorem

) P 1O 1
Posterior Prior

P(6ly)<]] P(y16) P(6)

Data Likelihood



Bayesian (Statistical) Inference of hot matter EoS from HIC data

week ending

PRL 114, 202301 (2015) PHYSICAL REVIEW LETTERS 22 MAY 2015

Xoz + 22

1
2 _ 2 2
0 = &+ (5 - len) et
Scott Pratt,1 Evan Sangaline,1 Paul Sorensen,2 and Hui Wang2 0

IDeparz‘ment of Physics and Astronomy and National Superconducting Cyclotron Laboratory Michigan State University, XO — X’RCS ( 6)1 /12’ r=1lne / €hs
East Lansing, Michigan 48824, USA
2Brookhaven National Laboratory, Upton, New York 11973, USA
(Received 19 January 2015; published 19 May 2015)

Constraining the Equation of State of Superhadronic Matter from Heavy-Ion Collisions

0.3
_ 2
P(D|9) - Hz’exp(_('zz’ (9) - Zi,exp) /2):
Ny 0.2 Constrained il
14 model parameters by data ]
speed of sound squared slightly ]
softer than lattice EoS 01 Unconstrained .
But significantly overlap w . . . I . | . ]
150 200 250 300 150 200 250 300 350

T (MeV)
19



Bayesian (Statistical) global fit on HICs

w [fm] 7/s min n/s slope* ¢/s norm Tiw [GeV]

norm P k
Model Parameters - System Properties Ph 5 i
gl ! ysics Model:
« initial state calculate events on Latin hypercube E =4
+ temperature-dependent viscosities g ;I!-Erggtg/ISHNU = - . - ‘ , . ‘ §
+ hydro to micro switching temperature i
1.0
o, 0.0} | — - - —
ExperimenalData e
» ALICE flow & spectra - fast surrogate to full Physics Model 22 4
= 1.5 ;; -
mcmc 10
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« random walk through parameter space E & K e
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T 04l W . | ‘ o ‘
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i i ey . N .
Bayes’ Theorem i et o | | . g
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J. Bernhard, J. Morel, S. Bass, Nat. Phy. 15, 1113 (2019) ) 2
€ 10 #* \ — N L™ \ 5
G. Nijs, W. Schee, U. Guersoy, R. Snellings, PRC103,054909; % %
JETSCAPE, PRL126,242301; U. Heinz+, 2302.14184 (VAH) 0.0
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Bayesian Inference from HIC and Holography

) 0 107 5x10% 102 5x102 107! 0 1079 5x10% 10 5x10% 107 . . .
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* Next-gen experiments will provide immense
amount of high precision data

6 M.OK, J. Steinheimer, K. Zhou,
H. Stoecker, PRL131,202303(2023)
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Incompressibility K from Bayesian Inference with low-energy HIC

Bayesian analysis of properties of nuclear matter with the FOPI experimental data

Guojun Wei,»»? Manzi Nan," 3 Pengcheng Li,’ Yongjia Wang,»* * Qingfeng Li,™ T Gaochan Yong,3 and Fuhu Liu?

197a0u + 197AuU Ejap = 0.25 GeV/nucleon 0.25 < by < 0.45 ug > 0.8

arXiv:2509.03406
0.05f
UrQMD simulation of proton v1 and v2 0.00l
@Au+Au at E=0.25, 0.4 GeV/Nucleon _
£-0.05¢
-0.10
+59.60 +55.65 N . a -O' 15 L
Bt Ran e o2 O8N (e 00 02 04 06 08 1.0 -1.0  -05 0.0 0.5 L.C
Yo Yo
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il L
m”/mo = 0.78%3%3 m”/mo = 0.88383
£l e See talk of Qing-feng Li
£ ‘HH H H‘ € this morning 11:00am
; ‘ W Posterior Db W Posterior
F = 075388 ¢ F = 088138
‘ @ 1
RO RSN B AR S O PP LR PP TS
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Incompressibility K from Bayesian Inference with low-energy HIC

Bayesian inference of nuclear incompressibility from proton elliptic flow in central
Au+Au collisions at 400 MeV /nucleon

J. M. Wang ({E£41),%2 X. G. Deng (FF5EHE) © L2 W. J. Xie (#f
A2 BA L (FEZ) © 41 and Y. G Ma (F&RAN) © 124

x10~2 . y .
i : Chinese Physics C 49, 124105 (2025)
sk i
£ | IQMD simulation of
g § proton v2 Au+Au at E=400 MeV/Nucleon
r | MDI: momentum dependent Interaction
! |
0:-——7-----—— . E o ﬁ T 3 371'2 h:{ 2/3
225 250 275 255 270 285 300 315 330 E/A= ap P . P
K (MeV) K (MeV) 2p0 v+ 1\po 10m 2 1
FIG. 4. Without considering the MDI: the posterior PDFs of K. Left: using the observables —uv2 (yo) and —v2 (ut0), right: 1 p ) ( )
observables —v2 (yo), —v2 (uw) and vy (pio))A + §t4 E f I (ﬁ)lng [1 + 15 (ﬁ— (ﬁ‘})z] d';p,
il
x10-2 x10~2
4t (b) P 2 n b P N .
po2OBA _ap B (e L (8 )" s
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K g2 E/A = 3 (3n%Wpo Y 9Bv(v-1)
=W = T T2 T
170 180 190 200 210 220 22 240 0 ] 2
K (MeV) K (MeV) +1n (1 + t5P§~) %,
FIG. 6. Considering the MDI: the posterior PDFs of K. Left: observables —v2 (yo) and —v2 (ut0), right: observables —v2 (yo), 1+ t5PF
vz (u0) and w1 (pi")) (3) 23



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 Rdha}a=1,... .40 » No unique solution : only ratios # nuclear structure ! 24



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 A 24



e —2m,r

W(r) = Z aie‘("”’i)Z + a3m,‘,‘ f(r,bs)

1‘2
i=1,2 prior - Histogram prior1 - Trace Plot
| Chain 0 o4 Chain 0
5 oo I ‘ i e
2 Chain 3 W [ Chain 3
—(r/bs) - - i
(r,by) = (1 — s s | oo A
f > Y3 i |
There are six parameters are a;, b, (i = 1,2,3) for this potential ! o : R R
15 ¥f gty b prior2 - Histogram prior - Trace Plot
o Chain 0 04
: ‘
8 Chain 2 02 kol gyl i |
. Confidence Intervals for C(k) . Chain 3 Chain 0 | L ]
Full Range ~=- Reference Chain 1 | {
= eswat w0 oo chain2 | f
- — Tuevin 021 === Reference
N
prior3 - Histogram prior3 - Trace Plot
2 2 125 f Chain 0 12
100 | "
3 Chain2 11 | | ¢ | dbiibhalk
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2 w i cranz | 1o ‘ il
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!
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. e | Kot 3
o
T - 1 0 fm ~60000 prior6 - Histogram prior6 - Trace Plot
0 . ; e
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Bayesian (Statistical) global fit on HICs

OPEN ACCESS

10P Publishing

Journal of Physics G: Nuclear and Particle Physics

J. Phys. G: Nucl. Part. Phys. 51 (2024) 103001 (43pp)

Topical Review

https://doi.org/10.1088/1361-6471/ad6a2b

Applications of emulation and Bayesian
methods in heavy-ion physics

Jean-Francois Paquet

Different analyses = different constraints

= Use different data sets

= Different modelling assumptions:

= Initial conditions

= Cooper-Frye

= Allowed parametrization of transport coefficient

= Treatment of correlations in experimental uncertainties

References Pre-hydro Hydro Cooper-Frye Data Covariance
Bernhard et al [28] Trento+f.s. DNMR P.T.B.; 0 meson Pb—Pb @ 2.76 TeV and 5.02 TeV Yemu +diag. Ese‘,f‘l‘)[
production +non-diag. Ezﬁ +
2e:)m'a
Moreland et al [89]  Trento w/ subnucleonic d.o. DNMR P.T.B.; 0 meson p-Pb & Pb-Pb @ 5.02 TeV Yemu +diag. EZ‘,?;,
f.+f.s. production +non-diag. Em’t{
JETSCAPE Trento+f.s. DNMR Grad, Chapman— Au-Au @ 0.2 TeV and Pb-Pb @ Yemu +diag. EZ’,?;[
[15, 53] Enskog, P.T.B. 2.76 TeV +diag. Zz)ﬁ)tl
Nijs et al Trento w/ subnucleonic d.o. DNMR P.T.B.; omeson  Pb-Pb @ 2.76 TeV; p-Pb and Pb— Pemur +diag. X
[111, 112] f. + modified streaming production Pb @ 5.02 TeV; added differential +non-diag. Eiﬁ
observables
Parkkila et al Trento+f.s. DNMR P.T.B. 0 meson Pb-Pb @ 2.76 TeV and 5.02 TeV; Pemu +diag. T
[52, 113] production added event-plane correlations +non-diag. E?f(i}t +
ECXU‘B
Liyanage et al [35]  Trento + anisotropic hydro Viscous aniso- P.T.M.A. Pb-Pb @ 2.76 TeV Yemul -+diag. T

parameters

tropic hydro

+diag. 3

Heffernan et al
[24, 26]

IP-Glasma

DNMR

Grad, Chapman—
Enskog

Pb—Pb @ 2.76 TeV; added event-
plane correlations

Eemul +dlag Eslat

expt

+diag. SF

26



Inverse Problems Solving with ML

{Oy 1- O}‘723 ] Oy
Accessible 00 - 00
Observation o,
00 - 00
A w1 QAx)
Explicit Exist 7 = argun x*
mapping but implicit | Qo) 0,1
Q(x]6,) Oy
Q(xlf3) Oy3
Quantity of |\ [T eBRerQ] Q(\’lf?n) ____________ (_)_y_n_ _
Interest Q(X) 1) Q@) — ( formard
: 00 - 003 machine >0,
00 - 00513
Y L — A0 ~ Vox?
lve 2

Direct inverse mapping capturing :
with Supervised Learning

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

2= Zy: (fy[QNNA(:gf)} - Oy)Q

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

0F,[Q(x)]

x 30() Vo Qun(z|0)

Q(a)=Cnn(x|6)

FyOnn(x|0)] —
(AO,)? f




Overview: Deep Learning, Differentiable Programming and

Deep Learning composes differentiable components to a program, e.g. DNN,
then optimizes it with gradients

| g, 2L 9L OT"  oT2oT!
Chain rule for gradients : 90 97" 971 9T 90

(a)
) > =
@ Defining adjoint variables : T = 9, /0T

' =T

oT!
— —_— i1 >y — 1
i
(b) |

3T Differentiable programming tools
Tl- _ Z T j : HIPS/autograd T iﬂux

j: child of i oT 4 .
O PyTorch \] & seime

MindSpore

el

“comb graph* ﬂ S ‘@ NiLang 27



From EoS to NS Stellar Structure (MR)

Thin atmosphere: H, He, C‘ Outer crust: ions, electrons

® Noisy/Limited NS Observables to EoS?

Inner crust: ion lattice,

soaked in superfluid neutrons (SFn) s

Outer core liquid: ", 11",
SFn, superconducting protons

©

® Mass ~ 2 solar masses

lnneL c;)rei(hyperons? — st
quarks? unknown L;‘
® Radii~ 10 km :
. ~2x nuclear density 05
® Densities 5-8 Po
2x10"gem™ 0
~nuclear density
R (km)
Radius (km)
ix10%gcm |
Nat. Rev. Phys. 4, 237-246 (2022) curon P [elr) + P() [M(r) + 473 P(r)]
TOV T T rlr —2M(r)]
equations
® Gravity € - Pressure B _ yrrer),
dP G (P (a2 (1 26m -
— e _ s — _
dr r2 P c? c? c2r -
g
M = m(R) :/ 4mr? p dr o
0 2
® Dense matter Equation of State P(p) < > . e
142 14.4 14.6 14.8 15 152 154

lugwc(g/cm‘) 28



From EoS to NS Stellar Structure (MR) -- Inverse ?

Thin atmosphere: H, He, C‘ Outer crust: ions, electrons

Inner crust: ion lattice,
soaked in superfluid neutrons (SFn)

Outer core liquid: ", 11",
SFn, superconducting protons

Mass ~ 2 solar masses

Inner core: hyperons?

quarks? unknown
Radii ~ 10 km 12152 km -10bgem®
g ~2x nuclear densit:
Densities 5-8 Po ’
2x10"gem™
~nuclear density
4x10%gem .
Nat. Rev. Phys. 4, 237-246 (2022) netron e
TOV
equations
Gravity € - Pressure
dP G (P (a2 (1 26m -
— - = 0 —_— T — —
dr 72 p c? c2 c2r
R
M = m(R) :/ 4rr? pdr
0
Dense matter Equation of State P(p) < >

Mass (M,,)

Pressure (MeV/fm?)

® Noisy/Limited NS Observables to EoS?

3.0F T . i

— M13

— M28
2.5F — M30 .

—— NGC 6304 Apa

—— NGC 6397
2.0 — o Cen

—— 47 Tuc X5

—— 47 Tuc X7
1.5
1.0
o5k MS1

SQM1
5 1|0 1|5
Radius (km)
AP [er) + Pr)] [M(r) + 47 P(r)]
dr Tl — 2M(r)]
aM(r)
ar drre(r),
103 /
10° .;
101 — PS
—— SLy
—— DD2
4 6

Density (Dsat)

28



Auto-diff framework and Results

M 000000000000 0000 00

Hgen

R ,
Ee A ® Well validated through Mock Tests
(a) TOV-Solver Training . oo o'/cL e/cL o/l) o‘/o c/(L @/c.L o/cL o/ja — Ground Truth 3.0 —— M-R (Ground Truth)
Forward -—-- Mean A —ee- Mean
Pp) P » TOV-Solver Network 95% Credibility 2.5 95% Credibility
"’,E‘ Mock data samples
1023 _ 2.0 -
: 2
2 =
| p 2 w 157
GL) ©
{M, R} - Forward 2 101 = 10
[
& 0.5
B Back Propagation
— 0.0 8 10 12 14
2 4 6 )
,,4 . Radius (km)
(b) EoS Training ¥ Density (Psat)
»~ P(p) p Forward 0 . .
o ® \With real observable we reconstruct the NS EoS also
10 2.5
| o 5 i
EoS Network {M, R} - T 20 '
- o S | M E .
. % 10 ;; s I
Back Propagation % 0 |
] i R ™ £ ©FEfTHAstro £
) U/ S i i PRD.101,054016 : ‘
| Nyps i ()‘,}’2 (S)(' oz Ox T .= ALT65L5 i s PRD.101,054016 %
(P =y = Z (M Mohn) " (R Rnhw) | 8= g = gg@ =1 ARAA54,401 05 .::-::Jnlis.sf,m ‘\\
5 am AR? ! J B This Work(68% CI) WG ) N v,
‘ ) 2= (M R).x = Ppi) - - 100 11 12 13 14 15
Loss function | Gradients . 200 500 1000 Radius (km)

Energy Density (MeV/fm3)

Mss M)

S. Soma, L. Wang, S. Shi, H. Stoecker, K. Zhou, JCAP 98 (2022) 071 $ ;r
S. Soma, L. Wang, S. Shi, H. Stoecker, K. Zhou, Phys. Rev. D 107 (2023)083028 29



Extend to First-order phase transition reconstruction with

Linear response analysis get the gradients! Then use DNN :

__ 1000 __ 1000
& &
% % 500
3 500 3
@ @
200 | 1 | | L 200 | | | =
20 50 100 200 500 20 50 100 200 500
P [MeV/fm?] P [MeV/fim’]
| IR | | I I T | | I
o o
2.0~ b * ground truth  — 20 b * ground truth ~ —|
b o--< inital ¢ o--< inital
’ 0 final
< 15k o——o final J4 sk ) e——o final 4
= i = /
= 4 — $
= é YD P |
? ¢
& 3
0.5 %, ] 0.5 o,
\00\0\ Q°\°~o—_0
| | | (I Wt I ! \ | [o -9
0 11 12 13 14 15 0 11 12 13 14 15
R [km] R [km]

R. Li, S. Han, Z. Lin, L. Wang, K. Zhou,
S. Shi, Phys. Rev. D 111(2025)074026

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?]
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HQ Potential Model, Inverse Shroedinger Eq.

{y (1)} New IQCD results cannot be explained by
" Perturbative HTL-inspired potentials !
I=gE-Bog  Tmimmyem o B
(E) R Larsen, etal PRD(2019) Sl TR gegee b
| nd - PLB(2020), PRD(2020) B SRR R B -
R.e[En] = m — 2my 2:14;7;7 77777 ;; "N = =
| —1— L) = 1 g i S B i
V(T T‘) — VR(T! "‘) +i-X (T 'T') 77— i T (MeV) T (MeV)
. i Vr(T, r) VHT,r) —
How to extract effective potential ﬂ /?\ ey i — mi. Ti
given limited spectroscopy ? =2 — i)
' g.g Schrédinger Eq. Solver
(TRT,Z' . m]atitice 2 {]-—‘T.,i - I\latitice 2 E‘: g;:' o
Xg = Z (&nlat;iz;)Q w (5Flatjci2;:e)2 g:” ﬁ"é
T,i T,i T, e - 8o é 2
T € {0,151,173,199,251,334} MeV Hellmann-Feynman theorem o=
i € {1S,28,3S,1P,2P} ; Phys. Rev. (1939) v
| AW,(")~~6L, Abgﬂwgai < Xz ox”
S.§,K. Z,J.Z,S.M.,P.Z, Phys. Rev. D 105 (2022) 1, 1 update g awe) abY T V() 31




Proof of Concept

limited spectrum { En'} to continuous interaction V(r) ?

Learn V(r) from 5 eigenvalues :

{En}={3/2,7/2,11/2, 15/12, 19/2} GeV

target spectrum

Initial potential

/

15!

T

204

. X°=11255.6 _
ole..eer "l | step1|:t1 ]
o 1 2 3 4

32



Proof of Concept

limited spectrum { En'} to continuous interaction V(r) ?

-- Yes! But to some range decided by the used states. _ /
| 1=
[\ 9]
15_ 1+
Learn V(r) from 5 eigenvalues : {5
{En}={3/2,7/2,11/2,15/12, 19/2} GeV 10)' 19
r X ]
1<
_ | ®
target spectrum { s 2
X e
Deviation @ given states’ wavefunction vanishes 1\ ’ = 0.0345522
steptt 43000 _|
oE = (y |oV(r)| O o TERTTTR S
= W, W) ! 1 L L

r(GeVh 32



2007 I I | = T ]

100 3S box: Lattice
3 _¢; 600—open: Screening + HTL
E ot — — 3

0 T* 35 3 ) solid: DNN (2D)

=100, | | | | =]
100 T I I 1 =
50

=50
o 25

T

_20E-
_40F-

AM (MeV)
I (MeV)

Chi2-per-data=16.5/30

S.S,K. Z,J.Z,S.M,,P.Z, Phys. Rev. D 105 (2022) 1, 1

=V (GeV)

r(fm)
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Spectral function reconstruction from Euclidean correlator

£=10"3 £=10"* £=10">
p(w;) K(p, w;)
e E ] N
M 1.0 1.0 1.0
— o 1
— J K(p.oypy(@)do =D(p) @ 3 ,
N B 0 . Qo5 i 0.5 \ 05
>80 = - s \ \
i 7
7 — | I
—| i ! 0:05 5 10 003 5 10 005 5 10
= | |
I I
— | ’ 0.75 0.75 0.75
S | |
o © ! ! 30501 0.50{ [ 0.50
| | QU I\
(@) fe) ® [ | | 0.25{ J \u 025{ | \f 0.25
ol —i ! l /
I >
Ol % i N2 0.00% s T~ 0.00f 5 o~ 0-00% 5 =
L\ VoLl Np fZIZEEDiD w w e
] z ' =& —— Ground Truth - MEM —— NN —— NN-P2P
— T | oD -

plw)

L. Wang, S. Shiand K. Zhou, OO
NeurlPS2021 ‘Machine learning and the Physical Science’, =
Phys ReV. D 106, L051502 (Letter), G'f«T':L %K(GLKT)/)VU»T)

Computer Physics Communications (2022) 108547, ro SO0t 34

sinh 72




Hadron emission source reconstruction via femtoscopy

&8P Xk

The Chinese University of H

NT
[Pl —— Reid, singlet
200 — Av-18, singlet
— e Reid, triplet
-2 R | [T A i YIS - i
% 100 Av-18, triplet
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Ny _ - S o
ol x - i i
7 ! ; -100
I
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r [fm] T O
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Quasi-particle analysis of IQCD thermodynamics

T T
= Neural network
OF == Lattice (@

HotQCD

(b) HotQCD

(a) HotQCD

-+ WB,t ~g'Tin(e™ )W DL_HoiQCD, k = 155
5 DL_HoiQCD, k= 16

| %‘o.zo- HotQCD
Mass Model —@ fet2 (s — Qoos
N S R 2 ook
e U o \WB [ Cmntemmy
e {L(W b) |Smm Spreal® + Berue _Aprgd‘ +LM’CJ .00 T3 30 35 9% s 70 33 15 15 20 25 10 15 20 23
TIT, TIT, /T, /T,
1 _IV o0
InZ,(T) 0—2 pidp
2m= Jo PTY = T dn Z(T) e )
=Tl g5 (5) See talk of Fu-peng Li
In|l—exp|—75y/pP+my(T) )|, (2) r’ .
i (T) = (c]lnﬁ ) ©) tomorrow morning 10:20am
12V =, eT) = 37 :
= e aT r
nZy, (1) =+ 53 P dp v
_ 5 _ OP(T, jip)/T" —
In |1+ exp (—— p?+m3, (T))] . (3) LT o oo 0T pe/T:
A =4 inpu
L(61,07,63) = |syny = Sinput| + ||NN%| + [ XEnn = Xoinput| + | XENN - Xeinpue] + Luc

F. Li, H. Lue, L. Pang and G. Qin, Phys. Lett. B 2023, arXiv:2211.07994

Recently generalized to finite baryon chemical potential (use IQCD res with Taylor expansion) - arXiv:2501.10012
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Neural-net Quantum State + VMC for Nuclear Many-Body Problem

p.
H= 254 +ZVU+ Z ‘/Uk H\P(xl,X2,...,xA) =EIP(XI,X2,...,XA)
i=1 i i<j<k
" (Yo |H|YT)
See talk of Yi-Long Yang — R.O Er = > F
this afternoon, 15:40pm wT ¢T( / ) <¢T |¢T> 0

o _Energy

min s 272 ——
274t
—~-276F

> .

S 278}

W 280t

Output: ¥, (x) -28.2 T _
-28.4 L L 1 1 . 1 \ L )
0 100 200 300 400 500
Iteration

FeynmanNet -

/ o
Inputs: x = (x4, .. > "

9

ooogooo
& o o 0 ©

FeynmanNet: YL Yang, PWZ*, PRC 107, 034320 (2023) 37



Lessons

® Merge ML/DL with accumulated Physics Knowledge via AD

® Differentiable Physics Programming to directly invert the simulation
Key words: inverse control, inverse design

® Physics priors still important in DNN representation constraints

® Uncertainties can be obtained via Bayesian perspective training : Langevin

prediction
—
Physics Observations

C——

inference
38



Generative Models

Want to model the observed data's underlying but unknown distribution,
to further :

Y

* Understand/Inference the data (inherent structure, properties, features...)

s how e rotit 1A07) | gl
/.JW“@M Th/’/‘ W | -,,,,,/J\ ",;.‘Il e /_,% Hesled

* Sample according to the distribution

“What I can not create, I do not understand” Suppose observation dataset :

.1.d
Training data Sampling X — {w(l) 9 $(2)7 seey m(N)} Z,.’l;/ pdata (x)

(e.g. 64x64x3=12K dims)

We use parametric model to approach the data distribution :

Po (LL’) — Pdata (37)

Often use NN to parametrize transformation log pg(x) = log pe(fs(2z0))

T

* Maximize Likelihood Estimation : (given training samples) Reverse KL Divergence : Sample many zg ~ po(zo)

(given unnormalized target distribution, e.g., Action)
N

N
1 .
0" = ] X) = — E :1 (4) 1

=1 0 i=1




Variational Free Energy Learning with

® Variational free energy minimization - Reverse KL divergence o—BE(s)
1 (8) = ——
Draan )= Y aos) (2] = BE, =) Fo = 5 30 1BEG) + o) P Z
- p(s) / B4
E [EX)+ ksT Inp(X)|
X~p(X)

® 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
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Flow based generative model given unnormalized distribution

A series (Flow) of invertible/bijective transformations for p(z)

m veral invertibl

ransformation form the flow :

fl (ZO) @ fi(z" 1) fi | I(Zi)

7 N L, N

’ N ’ s . N
’ \ ’ \ + \
' \ ' 1 ] \
I ! 1 1 I 1
\ ! \ ! 1 !
A / A ’ \ ‘
\ ’

N

\ . \
%, \ J¢ . ’
\‘~ Y \\— O . -

zk ~ Pk (2K)

pi(2:) = pi-1(f7 " (2:))| det Jy—1| = pi—1(z;—1)| det Jy,

-
-

2z ~ Po(2zo) z; ~ pi(2i)

-1

K K
— logp(x) = log po(f ™" (x)) + ) _log|det J; 1| = log po(zo) — ) log|det Jy, |F

E-T.‘-ﬂ“';ﬂ‘“T’Eﬂ“}'ﬁ
Proposals from -ﬂ E: E-E__’-I. %

flow model L
Albergo +, 1904.12072; Boyda +, 2008.05456; Favoni +, 2012.12901; Abbott +,
2208.03832; Abbott +, 2211.07541; Abbott +, 2305.02402; Bulgarelli+ 2412.00200
(SU(3)); Abbott +, arXiv:2502.00263
K.C G.K,S.R, D.R, P.S. Nature Reviews Physics 5, 526-535 (2023)

Markov
chain

Fourier Flow Model

O@®®-@

iDFT

/\ Fourier Frequency(Matsubara) Space N
J\ -
Zy~Po(2o) x~q(x)
0.5 =2 14
0.4 ® Eo(F-flow+MCMC)
o3 121 * B Ei(F-flow+MCMC)
g * %  Ex(F-flow+MCMC) *
=02 101 QO Reference, Eq
0.1 * [] Reference, E;
5 81
007 -2 0 2 4 ’a; *
c 6 * m
w *
P 41 N
* RARTOPRN| | DUUURUNNNY . Tilh
] 3 @
[ > /% Y (CIO @
40 0 T T T T
5 4 3 2 1 0 -1
f2

Selx)

S.C,0.S,S.Z,B.C,H. S, L. W, K. Zhou,
Phys. Rev. D 107, 056001(2023)
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Flow based generative model given unnormalized distribution

A series (Flow) of invertible/bijective transformations for p(z)

m veral invertible transform form the flow :
Center of
mass motion
= —
T =
S
Relative &0 3
motion = 5‘
N (L) < =
o X
Collective * - p(X)
observable
— log p(x) = log \ J

Markov
chain

S

Proposals from .._-i E-:’"‘

oy T
flow model L : -

Albergo +, 1904.12072; Boyda +, 2008.05456; Favoni +, 2012.12901; Abbott +,
2208.03832; Abbott +, 2211.07541; Abbott +, 2305.02402; Bulgarelli+ 2412.00200
(SU(3)); Abbott +, arXiv:2502.00263

K.C, G.K,S.R,D.R, P.S, Nature Reviews Physics 5, 526-535 (2023)

coupled
oscillators

Physical
observable

log po(zo) Z log | det Jy, |F

G

Fourier Flow Model

DFT
& —

®-@ |0

/\ Fourier Frequency(Matsubara) Space N
A\ -
Zy~Po(2o) x~q(x)
0.5 =2 14
0.4 ® Eo(F-flow+MCMC)
o3 121 * B Ei(F-flow+MCMC)
g * %  Ex(F-flow+MCMC) *
=02 101 QO Reference, Eq
0.1 * [] Reference, E;
>
0.0 o 81 *
-4 -2 [ 2 4 o
c 6 * m
w *
L 4 gy
* RATITITY| | DOURIRRNY . DA
] 3 ®
[ N ./ [ (CH @
40 0 T T T
5 4 3 2 1 0 -1
f2
Selx)

S.C,0.S,S.Z,B.C,H. S, L. W, K. Zhou,
Phys. Rev. D 107, 056001(2023)
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Given an ensemble of data from the target distribution

K. Zhou, G. Endrédi, L.P,and H. S . 0.5
e without roundin
oy S Phys. Rev. D 100, 011501 (2019) : Monte-Carlo ounding
* round to integer
,#-. 3 GAN 0.4 |
(]
" 2 @
Real G5 =
likely data = ﬂ ~
2 . s G 82 993 b VR = D lk(n) — ku(n— )] =0
T 2 S v
unlikely ﬁ unlikely ms‘g’(“;]’“"" ® % 15 90.2
/ EM-distance . _g
~ 10
Lattice sampling Image generation H N Z:kt: ] o QO.I
B 5 i 5
0 L “l i 0.0 . . . . . .
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Interaction
14
Nerual Networks 0.9
,/.\ 08
:; .\& 07 ]
;./. Los g
@ Phase Diagram Zos %
; §
. v 03 ;é .
L. Wang, L. He, Y. Jiang, K. Zhou, N PuS) (¥ p—
. : i -~ Onsager solution
Chin. Phys. Lett. 39 (2022) 12, 120502 /\ —_— O T |Eoot2 16, Tranig s 5060
i e 01 1.5 2 2.5 3
\ Likelihood ) ) Temperature ) . .
T. Xu, L. Wang, L. He, K. Zhou, Y. Jiang, Temperature

Chin. Phys. C 48 (2024) 10, 103101 42



Diffusion Model b

A B P XK # ORI
The Chinese University of Hong Kong, Shenzhen

ersity of H

“A heavy quark move inside quark-gluon plasma”




Diffusion Model

protein structure prediction and design

Ingraham et al, Chroma, Nature 2023
https:/generatebiomedicines.com/chroma

. Diffusion
s, ks module

1y

(3 +24 + 3 blocks)

Diffusion iterations

Abramson et al, AlphaFold3, Nature 2024
https: min I hnologies/alphafol
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Diffusion Model meets lattice QF T

dg
Fra f(, &) + g(n

! Pr
by

L. Wang, G. Aarts, K. Zhou, JHEP 05 (2024) 060
L. Wang, G. Aarts, K. Zhou, arXiv:2311.03578 (NeurlPS 2023 workshop “ML&Physical Sciences”)
G.A,D.E. H, L. W, K. Zhou, arXiv:2410:21212 (NeurlPS 2024 workshop “ML&Physical Sciences) > “Best Physics for Al Paper” Award
Q. Zhu, G. Aarts, W. Wang, K. Zhou, L. Wang, arXiv:2410.19602 (NeurlPS 2024 workshop “ML&Physical Sciences)
G.Aarts, D.E.H, LW, K. Zhou, arXiv:2510.01328

d(jb_
dt —

f "n ‘ "‘ 1\\/ K ‘ .\ |’w
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Diffusion Model for field configurations

O Forwa rd diffusion SDE @ e =10 4o @70 O o) 007
— = f(0.&) +g(En&) M) =2a0(-¢) W’“ f‘% Ml
d /W
g AAEM A N
| : e W ‘%\:\fﬁw EW'M %Ww r‘VM«/ w"’\wk ‘ Vﬁﬁf%}}rj nw'f”'ﬂ
O Backward diffusion SDE Y G "W“ My W
d¢ WY “‘/“'\M’,« ‘Vt“/;& ) "\34 Jm “ ’,Eif_w/,v\ /‘3’%‘\“”‘ -
o = (et —g 2()Vglogpe(d)] + g(t)n(t) ¢t =T — ¢ "
N
O Score matching Training Ly = Zaf]Epo(%)IEpi(@MD) [||,@9(oi-, £) — Vg, logpz-(@.,-|@0)|2}
i=1
: . . . do _
O Sample generation SDE in variance exploding scheme : i QTV¢10g ¢ (6) + g-1(7) T=1T-t
dp-(0) n 90 (_0 . —SpMm/a

VsSom = —Vylog ¢r (0)

O 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” [ wang, G. Arts, K. Zhou, JHEP 05(2024) 060 45




Diffusion Model for field configurations

O Forward diffusion SDE « Physical motivation
i’? = f(0.£) +g&n(&)  (E)n(E)) =2ad(£-¢) « Destroy structure in data through a diffusive process.

. ) « Carefully record the destruction.
O  Backward diffusion SDE

do

« Use deep networks to reverse time and create structure from

o = 100 =P (OV,logpi(d)] + a(t)ilt) t =T —¢ o
N .
O Score matching Training Lo = Y 07y, (00)Ep: (41160) [Hsa(cﬁi, €) — Vg, log pi(o4]0) |
i=1
. . . . d@ ;) r ) B
O Sample generation SDE in variance exploding scheme : = 92V log ¢ (&) + g-7i(7) R
or - fd- xr {Q;% (()!% + V:,ﬁSDM)}pT(O)- peq(@) x € DM/ @

VsSom = —Vylog ¢r (0)

O 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” [ wang, G. Arts, K. Zhou, JHEP 05(2024) 060 45




Effective Action on A Toy model

p?=1.0,g=0.4

2=-1.0,g=0.4
20 . 20 H -9
\ T =
15] \‘ = fﬂ(¢.T~0.99) 15 =— 5h5(¢.T~0-99)
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10] — Ad)= —prp-L¢® | 10 e A9)= — 2 — L4
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e 0 0
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Stochastic Quantization

One can construct stochastic process
dp(x,7) OSgl ] D) to reproduce the quantum path integral
ot Sp(x, 7) X, with its equilibrium:

(nx.7)) =0, (nx,onx". 7)) = 2ad(x — xé(t — 1)
7: fictitious time, a: diffusion constant

* Fokker-Planck equation

oPlp,7]

[d” {5 (5+6SE)}P[¢ :
=a X » T ermal equilibrium limit — Quantum distribution
ot 5p \6¢p  S¢ Thermal equilibrium limit — Quantum distribut

Equilibrium solution (long-time limit),

$~P[d,t = 0]

¢~Plp,T=T]

e Set the diffusion constantas ¢ = h

1

Pegld] ¢~ wSH Pl Peq lp] ~ e" ] = Pquantum[qb]

Parisi G. and Wu Y. S., Sci. China, A 24, ASITP-80-004 (1980). 47



Diffusion Model as SQ

O DM generation SDE and Stochastic Quantization :

de dé

or

—= =05+ g(En —=[f(p.t) — g(O)*Vylogp.($)] + g(O)]
dg A A >
0¢(x, T
00%,T) _ g2(r)V 4 log P(57) + g(r (s, 7) e,
Cor / \w“, "m “\/"ﬂ‘\_ﬂ‘«:}:ﬂ'
“f-“-u
Wu W
MM% WWW A /f “‘w}( V‘m
OBT) _ _v,5(8) + Van(e, ) N A

Wﬁ* N (ﬁ‘/ J

Do Po

Pr

o Similarities and differences:

v" SQ: fixed drift, determined from known action
constant noise variance (but can be generalised using kernels)

thermalisation followed by long-term evolution in equilibrium

v DM: drift and noise variance time-dependent, learn from data

evolution between 0 <7 <T =1, many short runs
L. Wang, G. Arts, K. Zhou, JHEP 05(2024) 060 48



DM on 2d scalar ¢* model

0 32x32 lattice, HMC generated 5120 configurations as training set

SE:Z[ 2"‘32'?5 + i) +

Broken phase :

=025 +=05

L 0.8
0.6
0.4
0.2
0.0

-0.2

-0.6

-0.8

numerous “bulk” patterns emerge

(1—2MN)o(x)* + Ao(x)"].

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
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Relation to (inverse) RG

@)

Forward diffusion kernel: gaussian smoothing Vi

pe(beldo) = N[ de- b, —— (5% —
pe(olon) = N0 0. 3p—(* - 11

Or(x) = do(x) + @e(x) with.e ~ N(0.1)

2logo

In Fourier space:

Joje|aliod juiod 7

. ; g2 _
ér(p) = b0 (p) + 1/ Sreac(P)

I the above evolution will perturb (smear) higher momentum modes first,
With decreasing cut scale because of the gradually increasing noise level !

In FRG, the high frequency (short-distance) degrees of freedom
is progressively integrated out ! 50
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U-net Emulator for relativistic hydrodynamics

[ S
oL 2 %

FREP XK $ ORI

The Chinese University of Hong Kong, Shenzhen

PHYSICAL REVIEW RESEARCH 3, 023256 (2021) Stacked U-net

Applications of deep learning to relativistic hydrodynamics

input: 261x261x1
conv: 250x250x64

res: 250x250x64
deconv: 261x261x1

Hengfeng Huang,-?> Bowen Xiao,® Ziming Liu,! Zeming Wu,? Yadong Mu,>* and Huichao Song ®1>> structure

res: 250x250x64
res: 250x250x64
res: 250x250x64

tic heavy-ion collisions. Using 10 000 initial and final profiles generated from (2+1)-dimensional relativistic
hydrodynamics visH2+4-1 with Monte Carlo Glauber (MC-Glauber) initial conditions, we train a deep neural TRENTo
network based on the stacked U-net, and use it to predict the final profiles associated with various initial
conditions, including MC-Glauber, MC Kharzeev-Levin-Nardi (MC-KLN), a multiphase transport (AMPT) *>° ]
model, and the reduced thickness event-by-event nuclear topology (TRENTo) model. A comparison with the
VISH2+1 results shows that the network predictions can nicely capture the magnitude and inhomogeneous g 55 |
structures of the final profiles, and creditably describe the related eccentricity distributions P(e,) (n = 2, 3, 4).

MC-KLN TRENTO"

4

=}

S
L

Ed(Initial) Ed(VISH2+1) Ed(sU-net) Vx(VISH2+1) Vx(sU-net) Vy(VISH2+1) Vy(sU-net)
8 .17

=

wn

=)
L

0.25 4

predict value

T — T=6.0fm/c 0.50 4
— - ( (
o ] /

T— Tp=6.0fm/c

0.25 4

0.00 4 (c1) |

(c2) H (c3) (c4) (c5)
0,60 OAYZS 0.‘50 0,60 OAYZS 0.‘50 0,60 0:25 0.‘50 OAYOO 0.‘25 0.‘50 OAYOO 0.‘25 0.‘50
true value true value true value true value true value 51




CNN Emulator to hydrodynamic results of heavy-ion collisions

As an input, the DenseNet model uses discretized ini-

PHYSICAL REVIEW C 108, 034905 (2023) tial energy density in the transverse-coordinate (x,y)

plane calculated from the EKRT model with a grid size

269 x 269 and a resolution of 0.07 fm. The DenseNet

Deep learning for flow observables in ultrarelativistic heavy-ion collisions model is trained to reproduce a set of final state pr in-
tegrated observables v,,, average transverse momentum
[pr|, and charged particle multiplicity dN.j,/dn for cach
event. The input energy density is normalized in such a

H. Hirvonen®, K. J. Eskola®, and H. Niemi

Block Output size |Layers 0.060— /
Convolution 134x134x64 |7x7 conv, stride 2 0.20
Pooling 67x67x64 3x3 max pool, stride 2 N )

1x1 conv = 0157 a 10 1
Dense Block 67x67x256 x 6 z

3x3 conv 4

- 5 0.10

Transition 67x67x128 1x1 conv = 10 10! 10
Layer 33x33x128 2x2 average pooling, stride 2

T~ 0054 HC5.023TeVPb +Pb 7 X = . =
Dense Block  |33x33x512 3"3 OV« 12 “pr=[02...30]GeV 10" events using the neural network, which takes aroun

X3 conv 100 100 0.000 100 s L. . .
T T T T T T T T T T T
Transition 33x33x256 | 1x1 conv 005 010 015 020 0.02 0.04 0.06 0.08 0.10 0.000 0.015 0,030 0.045 0.060 with t.he GPU. This is a Very SE‘bSIanFlal dlffe.:rence compat
- - v2(Hydro) v3(Hydro) va(Hydro) to doing full hydyeeyTm simulations using CPU, which

Layer 16x16x256 2x2 average pooling, stride 2 0.024

11 conv ' & 7 080 /| .+ would take abou ) hours.
Dense Block | 16x16x896 X 20 A o012 /s rd

3x3 conv P e

0.018+ 2 2 P 102 — 075 7
Transition 16x16x448 1x1 conv " > N
Layer 8x8x448 2x2 average pooling, stride 2 ’%\ Z % 0.70— 10
Z 0012+ Z

Dense Block 8x8x1216 Ix conv x 24 L 10! §0.65— y

3x3 conv e 5 %MJ- 10!

B 0.006— -
Output Layer 1x1x1216 8x8 global average pooling 0.60— f
Nout Fully connected layer with
ReLU activation - . - 100 055 ————— 10°
0.000 0.006 0.012 0.018 0.024 0.000 0.004 0.008 0.012 0.55 0.60 0.65 0.70 0.75 0.80
vs(Hydro) ve(Hydro) [pr](Hydro) [GeV]

Similar study for intermediate energies with IBUU +DNN emulation see: B. Li+, arXiv:2406.18421 52




Generative diffusion model to heavy-ion collisions

See the talk of An end-to-end generative diffusion model for heavy-ion collisions
Jing-An Sun Phys. Rev. C (Letter) 2025
ing-A L2 Li Yan,»? Charl le, 2 arXiv:2410.13069
tomorrow 10:40an Jing-An Sun, i Yan,° Charles Gale,” and Sangyong Jeon 1v
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 77/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 of
| initial entropy denfity profiles and final particle spectra,
corresponding to 12,000 simulated events, as the training

T dataset. 70% of the total events are used for training and
Time sigp ¢ the rest are used for validation.
Shemr viscosity ) Considering that the spectra 8y depend on the initial
oot entropy density profiles I and the shear viscosity 7n/s, we
train a conditional reverse diffusion process p(So|I,7n/s)
. without modifying the forward process.
3
i o = T I l . [ [ one single central collision event in just s on
0 ' ) [ ] i [l a GeForce GTX 4090 GPU.
! NEEEEEEEEF EEEEEEE R Y ble precision, as the traditional numerical simulation of
° g TEF 2 TEE ~;~ ~;~ 1; i~ 5 s u; ~;~ v;& hydrodynamics for one cgatTal evegt typically takes ap-
S E § § § § ‘%’ ;3” § § § proximately 120 minutes) on a single CPU.
H 53



Point Cloud Diffusion Model for HICs — UrQMD cascade model

e Event-by-event collision output
e Microscopic non-equilibrium description
e hadrons on classical trajectories

o stochastic binary scatterings

o color string formation

o resonance excitation and decays

_ _ _ . https://itp.uni-frankfurt.de/~bleicher/urgmd-cern.gif
e interactions based on scattering cross sections

e default setup effective EoS: Hadron Resonance Gas

e Non-trivial interactions can be added through QMD approach

Can we emulate UrQMD with DL?

M. O.K, K. Zhou, J. S, H. S, arXiv:2412.10352, arXiv:2502.16330 54
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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

o 18k UrQMD simulation events for central P! i of event features
encoaer & .
. ©w
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L — A UrQMD Z Normalising >
o HEIDi: event 1x128 flow |[€——
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M. O.K, K. Zhou, J. S, H. S, arXiv:2502.16330, arXiv:2412.10352 55



D

Point Cloud Diffusion Model for HICs — o

F B P XK CRID

The Chinese University of Hong Kong, Shenzhen

I 1x 125.

ﬁ’i

o
1 x 128

- . .
o 18k UrQMD simulation events for central P! e of event features
Au-Au@10 AGeV collisions 2 correlations
— Y
o HEID: oo e
Heavy-ion Events through Intelligent Diffusion 1084 %32 ) 2
— v :
HEIDi Point cloud &)
PointNet encoder + Normalizing flow decoder + Pointcloud diffusion > 10;f"‘32 < diffusion
His decisions aren t any better than yours \ ~ )

— but they 're WAY faster...

U1 o3 0 Running time of UrQMD simulation
0 06"'7 175 HEIDi E d . - 3 / t-
0048 o $o2 cascade : sec/event;
g ° : : .
v0r® © £, with potential : ~ 3 min/event;
g -5 125 & .
lo oo% < 2 hybrid : ~ 1 hour/event
t=50 t= 30 = no8 & = 1o 005 10 20 30
Reverse diffusion el B Multiplicity
T2 e o HEIDI on A100: ~ 30 ms/event
0.4 é Eisp=10 AGeV
02 E 25 I b=1fm .
| = obMinn k111 I T — o Speedup 2 ~ 5 orders of magnitude
00 ST R ALREL LD gL
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0 -5 0
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M. O.K, K. Zhou, J. S, H. S, arXiv:2502.16330, arXiv:2412.10352 55



What's the future? — Generative Aland LLM maybe the future

Should artificial intelligence be interpretable to

humans? Machine vs. Biological intelligence

Matthew D. Schwartz &

* Biological intelligence grows by a factor of 2 in one million years

Nature Reviews Physics 4, 741-742 (2022) ‘ Cite this article

107 * Machine intelligence grows by a factor of 10 in 1 year
1 * Factor of 10° difference in exponent
1015*
- N o VI
s 1m0
g L 2 e
g Homo sapiens™
g (e Fomo erectus
§ | - Chimpanzee " 7
g | g
c = o 15 e
& 77 Mouse PN Gers - l" Chat-GPT
§- 101 GPT3 e~ SPalM
10%7 SERT ] GPT2 !
i o 10°
GPT2 s | BERT‘ ELMo . ,
1 ELMo -10 -5 0 5 10
J Years
1067 Chat'GPhT?

o 4 P e Chat-GPh.D?
Millions of years

Fig.1| The evolution of biological and artificial intelligence takes place on dramatically different timescales. Any hope of interpreting and understanding Al

will exponentially fade. Some example data points are highlighted in the evolution of biological (red) and artificial (blue) intelligence. The dashed lines represent the

linear regression to these points. The acronyms in the figure are: Pathways Language Model (PaLM), Embeddings from Language Model (ELMo), Bidirectional Encoder 56
Representations from Transformers (BERT), Generative Pre-trained Transformer (GPT).



Summary: Machine Learning and HENP

« Deep Learning help bridging HIC experiment with theory/model for physics
exploration/inversion  caveat: model dependency

« Bayesian Inference for EoS from different beam energy experiment data (v2 and
mT) perform well - consistent with dv1/dy measurements and BNSM constraint
sensitivity check reveals tension: measurement uncertainty or model limitation

« Auto-diff help physics extraction taking advantange of GPU and DNN

- Combined global fit of EoS from HIC and NS obs. ? (need to take care of isospin dependence)

- More Physics Priors, and, Generative Al with Discriminative Al together as the fifth

paradlgm for nuclear phySICS Nature Review Physics (2025)

Prog. Part. Nucl. Phys. 135 (2024) 104084
Nucl. Sci. Tech. 34 (2023) 6, 88
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Formal solution for forward process in DM

o forward process: z(t) = K(x(t),t) + g(t)n(t)

noise profile
o backward process:

2/ (1) = —K(z(r),T — ) + ¢*(T — 7)0, log P(x,T — 7) + g(T —
score
two main schemes:

{ o variance-expanding (VE): no drift K (z,t) = 0
o variance-preserving (VP) or denoising diffusion probabilistic models (DDPMs):
linear drift K (z(t),t) = —3k(t)z(t)

o initial data from target ensemble  xg ~ Py(xo)

o solution: z(t) = o f(t,0) + /0 ds f(t,s)g(s)n(s)

o with F(t,s) = e~z Js do'k(s) G. Aarts, D. E.H, L. W, and K. Zhou,
’ Mach. Learn.: Sci. Tecnol. 6(2025)025004 51



Correlations evolution in forward process in DM

n—2
o moments  un(t) = Elz"(¢)] and cumulants or connected n-point functions £y, (t) Fop = iy — Z <n - 1>’€m“” .

m=2

o second moment/cumulant: (assume: first moment vanishes: zo — zo — Ep,[zo])

Ka(t) = pa(t) = p2(0) f3(¢,0) + =(¢)

=(t) / s / ds' £(t,5)£(t, s')g(s)g(s ) Enln(s)n(s) / ds 2(t, 5)g?

o higher-order moment and cumulants:

k3(t) = ps(t) = K3(0)f3(¢,0)

variance-expanding

pa(t) = ua(0) £2(2,0) + 6u2(0) f2(t,0)Z(t) + 322(¢) scheme: no drift
ka(t) = pa(t) — 3u5(t) f(t,0)=1
Ra(t) = [1a(0) = 313(0)] J4(t,0) = ra(0)F*(,0) comservedt

— | Kn>2 (t) = /‘&n(o).fn(t’ 0)

o in variance-expanding scheme ( f(¢,0) = 1, no drift): distribution at end of forward process
as correlated as target distribution 52



Generating functions — simple structures

O

proof to all orders: generating functionals Z[J] = E[e/(H)*®)] WJ] =log Z|J]

average over both

1 [t 2 t
Dne—3 Js dsn?(8)+J (@) [zof (£,0)+ [5 ds f(t,5)g(s)n(s)]
noise and target  Z,[J] = E, [e/®*®)] = J Dy

[ Dne=} I dan(o)

distribution

noise average: ZplJ] = et ()zof(£,0)+5 J*(H)E(t)

total average: Z[J) = ]E[eJ(t)-’B(t)] _ e3 (ME®) /dwo po(xo)eJ(t)mof(t,O)

1
cumulants: WI[J] = log Z[J] = 5 J*(£)E(t) +log / dzo Po(wo)e” o (0
d*W[J]
2" cumulant: Ko (t) = ’ =E2t) +Ep [£2]f?(,0) v G. Aarts, D. E.H, L. W, and K. Zhou,
um 2(t) dJ(t)? ly=0 (t) R0l (2, 0) Mach. Learn.: Sci. Tecnol. 6(2025)025004

v

higher-order d"W1J] dn ;

= — — (t)mOf(t70) — n
cumulants: in>2(t) dJ(@)" ls=0  dJ(t)" logEp,[e ]‘Jzo kn(0)f"(t,0)

53



CNN to detect

, and regress

Pion Spectra
20x24 Input

64 Features, 20x24 conv

L3x37

64 Features, 10x12 conv { N\,
E Leaky ReLu

BN
AvgPool

BN
AvgPool

64 Features, 5X6 conv %)
Leaky ReLu

Dense 100, BN kel Rel

Dropout 0.5
=
Legend Fully connected
—— —— y
£ Conv. kenel 9 Pooling \\\‘;Xv/i'/ n‘o‘(,s
@ Activation O Neuron SoftMax : CS

x107

Y. Zhao, L. Wang, K. Zhou, X. Huang, PRC 106, L051901(Letter)

test accuracy
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L. Jiang, L. Wang, K. Zhou, PRD 103, 116023



Spectral function reconstruction from Euclidean correlator
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Outlier Detection for

HIC

* Use centrality misclassification as example

P(N)

[ Peripheral
103{ 1 Central
I
102 /
I
10! J L_‘
o |
10 Ll [JL
50 150 250 350

+ PCA to reduce dim while keep some reconstruction ->

Phys. Scripta 96(2021)6,064003

g
o

o
©

o
o

o
i

—— 100-bins feature
—— 400-bins feature

o
[N}

cumulative explained variance
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Normalizing Flow

A series (Flow) of invertible/bijective transformations for p(z)

Normalizing : keep the probability to be normalized —

* Change of variable theorem  _inout P()
@~ Pl2)
z=g(2) =
dz SH o
(@) = pl)| 7 / e
-1
= (g~ @) 2 , )



Autocorrelation time and finally captured effective Action

validation R2 ~0.96

650

10*:"" """" b — e — Y PP W b — e .
Sy L DTty S|
S 600
0.84 1 =
) i .
\ e~
o6l Wy 5501
s \ ™ S
5 \ §
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0.4+ ; 1
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A collision event output

e UrQMD outputs a list of final state hadrons along their momentum info
e Pointclouds: ideal representation

e (Consider Au-Au 10 AGeV, impact parameter b=1 fm
o Anevent=1084 X 32
o Empty rows=0,0,0,0,... (0) (O)
© P, P, P, One hot encoded PID xz' — {pi ?ID'), }a
o 26 hadron species, spectator nucleons, empty particles
(0) _ = ( (0) _(0) ())

Pz; s Py, 3Pz

_ {x (0) 1084

P;

M. O.K, K. Zhou, J. S, H. S, arXiv:2412.10352, arXiv:2502.16330 28



Regressive and Generative Al for High Energy Nuclear Physics

Nuclear properties prediction

» Diripline locations, atomic masses, separation energies, superheavy nuclei

location...

» ANN application since 1992, later to beta-decay etc., > BNN

» Different ML methods, SVM, Gradient boost, BDT,...
Interpo-/extrapolation of nuclear data, augment nuclear model

» Nuclear masses, nuclear charge radii, alpha-decay rate, |

> Fission yield constrain, fusion cross-section estimation, isotopic cross-sectic e 00 05 10,

T 100 150 200 250

pred iction Neutron number

[ ]
Proton number

» Within nuclear DFT, Energy density functional (EDF) need to be adjusted to
exp data — with ML (1) conemesosmmsomy  (2) SRy
* Nuclear matter equation of state and Neutron Star properties T oM~
> Inverse problems in heavy ion collisions and EoS extraction o LJ
> Experimental global analysis, for QGP properties and PDF } e
> Neutron Star analysis with Bayesian, DNN, Auto-diff... (3) B e (4 S e o
> Fast Simulation (Emulator) for HICs random errrs (. ) e ssslaneg erer (o o

M| i

In lattice QCD
> Inverse problem: spectral function or interaction or PDF reconstruction C .
» Bayesian inference and DNN, and also auto-diff R R
» Configurations Generation via Generative models 6



(particle phy) Supervised Learning — Regressive Tasks

« Jet Tagging, PID, - BDT, CNN, GNN, PCN (CMS- , ATLAS) Top Tagging (2008 — 2022)
» B-tagging (identifying jets originating from b-quarks) " - el 111
> Tau-jet : Lepton/photon vs. hadron separation R N o ©oormE
> Heavy-flavor jets (specific particle decays) - £ R
» Pion, kaon, proton identification, medium-like/vacuum-like jets % I ——— - 2
g4 o=l e Q)
* Reconstruction — GNN, CNN, Self-Supervised (ML4ParticleFlow) @ o o Wzmng
» Convert raw detector signals to physical variables (4 mom, vertex) o o1 0z 3 g9 05 06 07 08 09 10
» Calibrating reconstructed energies in calorimeter _ '
> Correcting measured momenta from tracking detectors TR xewAs,
* Real-Time Trigger / Filtering system — CNN, RL, Q-learning R
» Ultra-low latency classification of collision event / signals s r= ) oupsser =) l
> Implementing ML inference on specialized hardware (FPGAs) et " [
> Online distillation reducing raw data flow from Terabytes/second to = 09 e Bt - [ypeej(l.;;zk,cl..;'.eg )
- et lvedictod parere. - no et rediciod partice
* Inference — cINN, flows

» Learn param of theory from high-d exp data — simulation based inference
» Inverse problem solving



Simulation — GAN, VAE, flow, Diffusion (CaloGAN)

VVYVYY

Fast simulation of collision events and detector responses.

Use classical simulation or collider data as input, train surrogate
3D voxel image or Point Cloud

Replace time-consuming full GEANT4 simulations to accelerate
experimental analyses.

Unfolding — GNN, CNN, Self-Supervised (ML4ParticleFlow)

>

>
>
>

Recover theoretical-level physical distributions (e.g., transverse
momentum) from detector-level data.

Calibrating reconstructed energies in calorimeter

Correct for detector effects such as resolution and efficiency.
NN based direct unfolding, or Generative based probabilistic
unfolding

Anomaly Detection — Classifier, PCA, AutoEncoder,

>
>

Detect physics phenomena beyond standard models.
Search for rare events, such as dark matter signals or new
resonances.

. Flow |E| Inverse
Flow-based models: X |—» oy L -
Invertible transform of f(x) I~ (2)

Sradually add Gaussian - - -
noise and then reverse

TheCh
Discriminatos Generator

GAN: Adversarial —_—

H @ E<

VAE: maximize x N z @
variational lower bound 90(2lx) po(x|2)

distributions

Diffusion models: X0

Fast Calorimeter Simulation Challenge 2022

View on GitHub

Welcome to the home of the first-ever Fast Calorimeter Simulation Challenge!

The purpose of this challenge is to spur the development and benchmarking of fast and high-fidelity
calorimeter shower generation usi
showers of interacting particles (electrons, photons, pions, ...) using GEANT4 is a major computational
bottleneck at the LHC, and it is fol
in the near future. Therefore there is an urgent need to develop GEANT4 emulators that are both fast

ng deep learning methods. Currently, generating calorimeter

st to overwhelm the computing budget of the LHC experiments

(computationally lightweight) and accurate. The LHC collaborations have been developing fast
simulation methods fol me, and the hope of this challenge is to directly compare new deep
learning approaches on common benchmarks. It is expected that participants will make use of
cutting-edge techniques in generative modeling with deep learning, e.g. GANs, VAEs and normalizing
flows.

This challenge is modeled after two previous, highly successful data challenges in HEP - the top
tagging community challenge and the LHC Olympics 2020 anomaly detection challenge.
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