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Overview : 13 years ago

« The discovery of the Higgs boson in 2012 « AlexNet-ImageNet : birth of Deep Learning
2012 Imo«jeﬂet CM“ense,
The New Aork Times A (top-5 error)
40%T
4 34.5%
Physicists Find Elusive Particle Seen 2071 v AFom T e

as Key to Universe

S012 [

‘u.-.:v. Amsterdoam

XRCE/INRIA

Teom Name
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Chatbots > OpenAl Unveils GPT-4  What GPT-4 Can and Can't Do Funding Frenzy Escalates How C

Scientists See Promise in Deep-
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Overview : last year

- Physics Nobel Prize 2024 * ML for Nuclear Physics
- A4

Reviews of Modern Physics

Recent Accepted Authors Referees Press About Editorial Team  RSS )\

THE NOBF;L PRIZE
IN PHYSICS 2024 Colloquium: Machine learning in nuclear physics

NUCLEAR THEORY
G d predi

jedishi|

ARTIFICIAL INTELLIGENCE =
MACHINE LEARNING iy DISCOVERY

SEYIN 15t

APPLICATIONS

payaw|

NUCLEAR EXPERIMENT
» Methods
« Tools

ACCELERATOR SCIENCE
AND OPERATIONS

io/HEPML-Liv

John J. Hopfield Geoffrey E. Hinton

“for foundational discoveries and inventions

that enable machine learning A Living Review of Machine Learning for Particle Physics
with artificial neural networks”
THE R SWEDIS _ X . _ Modern machine fearning techniques, including deep leaming, is rapidiy being applied, adapled, and develaped for high energy physics.
=¥ = The goal of this document is to provide a nearly comprehensive list of citations for those developing and applying these approaches to
experimental, phenomenological, or theoretical analyses. As a living document, it will be updated as often as possible to incorporate the
latest developments. A list of proper (unchanging) reviews can be found within. Papers are grouped into a small set of topics to be as
useful as possible. Suggestions are most welcome.
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Overview : Machine- and Deep-Learning

> - oo IEGE - S Protein Folding Al
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Update
l l l L(\’,V'}=Ai§(y‘m(y:}+[lly‘]]n(llyl'))

Find and Decode the N

mapping/representations @ 7 b Hi | classifier

into A |, (Location 1) Differentiable programming
Deep Neural Network @ Location 2)
) ] : Backward Propagation

== Function approximator Vi, Location 3)

: g ; Gradient Descent Algorithm
Universal approximator &y & " Hie v =Ty en, 02123 d
(Hastad et al 86 & 91) Input 7 W dden layer A_

Hidden layerl"-‘““(,z““ )
z =RgLU(Zw;”XI+h‘].j=l,2,.q32 3

—— Information forward



Framework

Image Recognition:

f(m )=

A set of ‘
unctlon fisfor

ncatn

I

Goodness of

Pick the “Best” Function

wnctlon f _
| .
Data v

step 3. f

E 3

{ Using "

I

Training ii:"
monkey” “cat”  “dog” -
0C00000600000000
ARENENNA R NN
Axzotlarzyiz2z22y
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2292994998949 79
S =5 +Fluctuations

Wl WQ

Composing :
= Q\»
O—’ Y Linear affine transformation
Ty — {;}H’fﬁﬁa +
Non-linear activation
Inputs Hidden Output Layer by layer
layer layer

fun(x; 8) = hy(wyhy(wix + by) + by)

Representation learning




Discriminative / Generative

* Discriminative Learning : prediction
function fitting 3= F(z)

conditional probability o (y|z) — p(y|x)

* Generative Modelling : understand

Joint probability distribution Pe(z,y) — p(z,y)

=

A

1A

poblon Pt han s nebel | Ly i

/

“What I can not create, I do not understand” 5



Overview : of QCD matter in extreme

pressure heat quark-gluon
plasma

* Phases of matter : solid, liquid, gas, plasma

« Matter in extreme conditions reveals its constituents : ?'gi- -t ? »

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

e 2\ = » Lattice Field Theory / fQCD / Effective models

Hadron Gas SO

Superconductor

Nuclear
Maifer Neutron Stars
-

900 MeV 6
Baryon Chemical Potential



Inverse Problems Solving with ML

Accessible
Observation o,

Explicit Exist 7= argun -
mapping but implicit | Q1) Oy
Q(x[6,) Oy,2
Q(xlf3) Oy3
Quantityof |\ [T eBRQ) Qlt) Oyn
Interest Q(x) D) Q) —— »( forward .
' -
Mi machine y(©)
00 -~ OO‘D
Y A - Vx>
Lo

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)]

Vo Qun(|0)

Q(a)=Cnn(x|6)

FyOnn(x]0)] —
(AO,)? f

“T50()



Inverse Problems Solving with ML

(D

Accessible
Observation o,

Explicit Exist w
mapping but implicit |
Quantity of ?é
Interest Q(x) U
=]
35X
00

' | forward
- |machine

L [@Q(x), @ (x), -}

{Oy,]) O}‘723 “'] Oy [ ]

Direct inverse mapping capturing :
with Supervised Learning

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

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

Differentiation :
al prior into reconstruction

1 2

ElQu(el0)] 20, [, 57,(0(2)

o oo onaanr2 Programming strategy

Vo Qun(|0)

5Vex = Z
Y

(A0,)? 50(z)

Q(a)=Cnn(x|6)



Early attempts : impact parameter determination

3x3 o a D a B r ] ’E‘m
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S. A. Bass, A. Bischoff, J. A. Maruhn, H. Stocker, and W. Greiner, Phys. Rev. C 53, 2358 (1996)



Further dev for impact parameter determination

P. Xiang, Y. Zhao, X. Huang,
Chi. Phys. C53, 2358 (2022)

MLP and CNN
(on AMPT event)

Input 0 425 25y

N

e

A6
Input 1 (26 =26y =——= Convolutional (CN) layer I (e4)  CN layer 2 (64) —— Fully connected layers —— Output

LRI TY

" - CNN LightGEM
F. Li, Y. Wang, H. Lue, P. Li, 8 4b=0.18 fm Ab=0.08 fm
Q. Li, F. Liu, JPG 47, 115104 (2020) Es

I

CNN and LightGBM 2
(on UrQMD event) 2 g

L a—" 8 0 2 4 6 8

btrue (fm)

e

1 1-D Convolution + Batch Normalisation

M. OK, J.S. K. Z H. S, i
PLB 811,135872 (2020)

PointCloud Network
(on UrQMD + CBMRoot event)
End-to-end b estimation

Xu | Yno | Zn
Input: Nx F

K feature maps
Size: (1 x N)

' Global features

10

Dense layers

= 1

2
T T84 - J-e
= m
= 16%3=3
dl 6=3=d

_Classify /

Regress

Manjunath O.K. and Kai Zhou, etc. Phys.Lett.B 811 (2020) 135872; JHEP10(2021)184.
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Initial clustering structure identification in HICs

2C, Woods-Saxon i '2C, Triangle
PHYSICAL REVIEW C 104, 044902 (2021) 10 "
1.5 L
;j 5 C 60
Machine-learning-based identification for initial clustering structure in relativistic % E
heavy-ion collisions 03 S OF 0
Junjie He (fal {#75)®,"2 Wan-Bing He ({77 )0, Yu-Gang Ma (%4:H0)2,% " and Song Zhang (FE#)0° = -5 20
-
'2C, Triangle _ |0 L i 1 0
10 -5 0 5 10
r,(fim)
1.5
g %0, Tetrahedron
> 10
< 100
(=%
0.5 T
: 80
= 0
100 s [
r 20
90 [¢
g -1t e ' ; 0
Bayesian CNN ¥ oo B 0
on AMPT events (multiple-event basis) <
i i g 70 — C-Au, Nevent=
Charged pions (phi, pT) from 12C/160 : Cohu Namre=1000

+ 197Au collisions at 200 GeV 60 —— CAU, Neyeni=4000

—— 0-Au, Neyent=1000
—— O-Au, Neyent=2000
5o —— O-Au, Neven=4000

MU|t|p|e event basis [} 100 200 300 400 500
Epoch 10




Modern dynamical edge CNN + PCN for self similarity searching

dynamical edge convolution
network followed by a point cloud
net is used to identify
self-similarity and

critical fluctuations in HIC

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

PLB 827(2022) 137001,
Y.-G. Huang, L.-G. Pang,
X.F. Luo and X.-N. Wang.,

L

DN |

‘ latent features ‘

k neighbors in feature space

U

[ 1D CNN J

{ latent features ‘

Classification

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

U

1D CNN

C @ (]

Noise ™~ Signal

Global Max Pooling

Tagging
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Active Learning map out unphysical QCD EoS

(1B, agi, w, p) — P(T, ug) — {acceptable, unstable, acausal}.

S . ® .
Stable : r.3.8 nB,)(g, (a_T) > () <> /N0 ) uncertain
" SN — @

Causal : 0<c2<l. label

Unlabelled Pool

Classify EoS physical relevance
based on 3D Ising model parameters

D. Mroczek, M. Hjorth-Jensen, J. Noronha-Hostler, P. Parotto, C. Ratti, and R. Vilalta, PRC107, 054911
12



Nuclear liquid-gas phase transition recognition from autoencoder

PHYSICAL REVIEW RESEARCH 2, 043202 (2020)

Nuclear liquid-gas phase transition with machine learning

Rui Wang ©,"%" 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" o Q E 10'¢ 10"
< 0.7 % :‘.‘7...0..1 ®
N joof o .. : 1000 .*0 1000 ] ‘o’ ]
- . e Ll ‘ ‘ t,a:vE ' ‘. ®
\2/10-‘»§ ok be oy 107 L 107 = Po o |
07 B 107}
0 2 46 8 1012 0 2 4 6 8 10 12
4
EbE charge-weighted charge - L Yo M)

multiplicity distribution of quasi-
projectile as input >

Autoencoder + confusion scheme #,..-"’ZMf"z’
(on NIMROD experiment)

Output
13



Nuclear EoS, Nuclear matter properties from NS observables

[NN]

min{L[ ¥ (X 8), Y])o

dataset D
ci:}(‘ Training
- (1
MC - (MRS =X e X
. L ] Add noises
Samplin
pling . . N(0,0%) ;Dnhn‘(X)
= . t 4
R o = {(elh. N
l ML inference
MC Integration
62
/dpol)s :
Y i
. g
. =
P P

From neutron star observations to nuclear matter properties: A
machine learning approach

Valéria Carvalho (3, Mércio Ferreira (', and Constanca Providéncia (&%

Show more v

Phys. Rev. D 109, 123038 - Published 26 June, 2024

Wi (X) Y. Fujimoto, K. Fukushima, etc.,
[mc] PRD98(2018)023019
[P PRD101(2020)054016;
A PRD110 (2024)034035;
10°
I:"I This work
/@(——\\ ...... i Prev. work
5 ; ,El()z
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5_—15 !"‘-. DA :
%_20 V e
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Direct inverse mapping with

i Au+f\u v'sr\_w=2f|)0 Ge\{ . Au4Au vsay =200 GeV
w— (A) EOSL nfs =0.08 © — EOSL
06} ((E_J i(r::;nf\jl];; 1077 EOSQ

Data-driven 3 e DEosQ oo 210
Inverse Mapping % ; o

PR I I B e (R T = é”lu"

P g1

R £10
Physics Simulation Sy
prOVIde the Prlor pr [Gev) 10_90.0 05 10 15 20 25 30 35 40

pr [GeV]
~ T [finfc] = 0.4 1.9 5 7 6.7 5
2 ;& , §E i «  Conventional obs. hard to distinguish
2 » - — a2 & ~. i
L - k I == z
5 N 5 «  Strongly influence from initial fluctuations
2, % 4 » P — 5= 2 and other uncertainties
: . v :
- 0,
(a) quark gluon plasma (b) hadrons (c) CNN for classification * CNN : 95 A" event_bv_event accuracy!

« Robust to initial conditions, eta/s

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 15



Into more realistic situations

p(st (D)

Hadronic cascade
(UrQMD considered)

U4U 23 GeV/A

Eur. Phys. J. C 80 (2020) no.6,516

=== first order phase transition
= crossover :

pressure

energy density

~

Detector effects
(Hits/Tracks, Point-Net)

Non-equilibrium transition
(Baryon Clumping, spinodal)

Spinodal Maxwell

JHEP 12,122(2019)
Phys. Rev. D 103,116023 (2021)

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

15



Point Cloud Network for Physics online analysis for HICs

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

» 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

T|_X{ | "Y1 171 1i1-D Convolution + Batch Normalisation Dense layers .. . .
Dl |z ° ' Global fegtures T - Collision Centrality Regression
— s , _.. — * — &7 0 .HClassify/ M. OK, J. S, K. Zhou, H. S, Phys.Lett.B 811 (2020) 135872
| 1 L ] L | R - - -
AN ™ < EoS Classification
27 - . M. OK, K. Zhou, J. S, H. S, JHEP 10(2021) 184
X | Y| 2 K featu . pn .
T - i ('1‘3:’;1;5 « 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) 0——@ p-Pb

E @

5 — - g

=1 -g — — 3

R e : IS v £

& Z shared shared B ®——@ P b' P b
E : . £

B s — global feature 5

S.Guo, H. Wang, K. Zhou, G. Ma, Phy.Rev.C 2024 16



Inverse Problems Solving with ML

Accessible
Observation o,

Explicit Exist 7= argun -
mapping but implicit | Q1) Oy
Q(x|6h) Oy,2
Q(xlfs) Oy3
Quantityof |\ [T eBRQ) Qi) Oyn

Interest Q(x) D) Q) —— »( forward

| Mi machine

00 - oo:IT:
% A AG ~ Vg2 -

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

b P e o 1
I osterion Prior

P(_(ﬂ_\') oc 1—[ l"(__\",. |8) P(6)

Data Liliclilmud



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

week ending

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

1 Xox + 22

2 2 2 0

0 = &l + (5 - len) et
Scott Pratt,' Evan Sangaline,l Paul Sorensen,” and Hui Wang2 0

'Dc’par!mem of Physics and Astronomy and National Superconducting Cyclotron Laboratory Michigan State University, XO = X'Re ( E)‘ /12. r=1lne / €n
East Lansing, Michigan 48824, USA s ’ ’
*Brookhaven 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
P(D|9) — Hiexp(_('zi (9) - Zi,exp)g/z)r
Ny 0.2 onstrained il
14 model parameters by data ;
speed of sound squared slightly ]
softer than lattice EoS 01 Unconstrained .
But significantly overlap w . . . 1, . | . ]
150 200 250 300 150 200 250 300 350

T (MeV)
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Bayesian (Statistical) global fit on HICs

« initial state
+ temperature-dependent viscosities
* hydro to micro switching temperature

Model Parameters - System Properties

calculate events on Latin hypercube

I

>

Physics Model:
= Trento
+ iEbE-VISHNU

norm

160

130

100

.

w [fm]

7/s min

n/s slope”

¢/s norm

Tiw [GeV]

k
1.0
a 0.0} W J/\ | — - L - | —
Gaussian Process Emulator
_E’;?_%g?;:t:lsbmfa *+ non-parametric interpolation -1.0
o - fast surrogate to full Physics Model 22 §
= 1.5 ﬁ;
MCMC 19
(Markov-Chain Monte-Cario) aftor many steps, MCMC equilibratesto
+ random walk through parameter space 1 F i K |
weighted by posterior probability S
oal N 4| L - e
Posterior Distribution 0.3
+ diagonals: probability distribution of each k=l
parameter, integrating out all others £ 015
« off-diagonals: pairwise distributions showing ~ [Z
2.0
Trento + IEBE-VishNew + UrQMD = 0 T }
J. Bernhard, J. Morel, S. Bass, Nat. Phy. 15, 1113 (2019) o
€ 10l # \ ‘\ ’ \
G. Nijs, W. Schee, U. Guersoy, R. Snellings, PRC103,054909; %
JETSCAPE, PRL126,242301; U. Heinz+, 2302.14184 (VAH) 0.0
M. R. Heffernan, C. Gale, S. Jeon, J. Pauet, PRC109,065207; = 016
S o5 - ™ ——— - e — -
Jet quenching/diffusion: 5
Y. He, L. Pang, X. Wang, PRL 122 (25) 252302 100 130 160-10 0.0 1008 15 2204 07 1000 015 0300 10 2000 10 20 014015016
M. Xie, W. Ke, H. Zhang, X. Wang, PRC108 (2023) L011901; ... ... norm P k w [fm] 7/s min n/s slope ¢/s norm Ty [GeV]

d ULIou

]

[wy] @

urou § /9 adofs s/t unm s /b

[A2D] *
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Bayesian (Statistical) global fit on HICs

I0P Publishing

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

Journal of Physics G: Nuclear and Particle Physics

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

Topical Review

Applications of emulation and Bayesian
methods in heavy-ion physics

References Pre-hydro Hydro Cooper-Frye Data Covariance
Jean-Frangois Paquet®™ o . o 0/ (28] Trento-+s. DNMR PTB;omeson  Pb-Pb @ 276 TeV and 5.02TeV S +ding. T3,
production +non-diag. Ehci:;: +
Textra
Moreland et al [89]  Trento w/ subnucleonic d.o. DNMR P.T.B.; o meson p-Pb & Pb—Pb @ 5.02 TeV Yemu +diag. Z;‘fl'“
f.+f.s. production +non-diag. %
JETSCAPE Trento+f.s. DNMR Grad, Chapman— Au-Au @ 0.2 TeV and Pb-Pb @ Bemut +diag. T3
[15, 53] Enskog, P.T.B. 2.76 TeV +diag. T3
Nijs et al Trento w/ subnucleonic d.o. DNMR P.T.B.; ¢ meson Pb-Pb @ 2.76 TeV; p-Pb and Pb— Yemu +diag. E;‘,“‘ét
[111, 112] f. + modified streaming production Pb @ 5.02 TeV; added differential “+non-diag. T
observables
Parkkila et al Trento+f.s. DNMR P.T.B. 0 meson Pb-Pb @ 2.76 TeV and 5.02 TeV; ¥ emu +diag. 30

expt

[52, 113] production added event-plane correlations ++non-diag. 2 +
Bextra
Liyanage et al [35]  Trento + anisotropic hydro Viscous aniso- P.TM.A. Pb-Pb @ 2.76 TeV Yemu +diag. Z;l;l[l!t

parameters

tropic hydro

+diag. £33

expt

Heffernan et al IP-Glasma

(24, 26]

DNMR

Grad, Chapman—
Enskog

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

Zemul +diug. Z:l:[ln
+diag. T
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Bayesian Reconstruction for dense matter EoS from HICs

* Hadroni de dominant :
adronic cascade dominan i g_H’ i = _gH ® Prior »
7 r;

* UrQMD model adapted to any I:?H B 20

density dependent EoS > P = ——— -
¥ 81‘1' 81'1 = 100
via density dependent potential B oV: On; ov; 0On; b

Eur.Phys.J.C82(2022)5417  \dn, or,) = an; o,
JF
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w002
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—{L08

M.OK, J. Steinheimer, K. Zhou,
H. Stoecker, PRL131,202303(2023)
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(not used in Bayesian analysis)
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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 (FE5EHE) © L2 W. J. Xie (#f
WA B. A Li (FEZ) @ 1 and Y. G. Ma (S&RA) © 128

arXiv:2406.07051

IQMD simulation of
proton v2 Au+Au at E=400 MeV/Nucleon

PDF(K)
PDF(K)

MDI: momentum dependent Interaction

220 ¥ < o 253 3\ 2/3
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* Nuclear Structure imaging for single system ? (caveat: model dependent) %Ru gy

« Simultaneous inference for isobar systems with ratio?

« Bayesian Inference: Gaussian Process emulator + PCA dim reduction + MCMC

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

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

,40

e ) £\
« B ® « 1" )
M q‘ Sl e . .- , =
':‘?(ﬁﬂ)w Ua(ﬁ'n) B2 I B ‘R(fm}l’ :;(ﬁn): VB; i Ba )

Single system works good

Y.Cheng, S.Shi, Y. Ma, H. S., K. Zhou,
Phys. Rev. C 107 (2023) 064909

Rz (fm)  Rey (fm)

Baru Bz Bzru az (fm)  agy (fm)
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R =500 fim
a =046 fm

Quadrupole By = 0.162
By~ 0
*Zr  %7Zr  R=502fm
i i a=0.52 fm
Octupole y 3, = 0.06 )
b By = 0.20 - 0.27

J. Jia, aXiv:2106.08768

A PRSP Rles). Rles), RldL)
JO R PR PHL . Rles). Rlss), Ridket

1A
(_ . « Single-System Multiplicity makes it possible
s AL+ Thed, information is redundant

| Q@ /\ * More realistic analysis with AMPT in progress
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=0.11 L} A \\_; h ’ !
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Critical Endpoint from Holographic QCD via Bayesian Inference

Parameters EMD MODEL ] /~ f( ¢) 1
0= 8(a,b,c,d, k,Gs) | Latin Hypercube SE = ds,r ..v—_g R = F2 = _a ¢a‘l¢) = V(f;b)
\ / 167 G5 4 2 #
Gaussian process Evidence : lattice
emulator results of §/T3, x¥,C2
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Bayesian inference of the critical endpoint from holographic QCD

Parameters ]
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C) = [ Sr) | yelr) P

hZ
—@Vzwwlﬁ:Ew,

1 2

S(r) = Wexp —Q ,

79 = 1.0 fm

DNN emulator + PCA for correlation + PyMC
With O. L, J. Z, X. C, etc., in preparation

V(r) = 2 ae™ " 4 aym? f(r, by)

i=1,

2

e—Zm,,r

r2

firby) = (1= e9)’

wir

cix)
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There are six parameters are a;, b; (i = 1,2,3) for this potential !
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Inverse Problems Solving with ML

Accessible
Observation o,

Explicit Exist 7= argmin y~
mapping but implicit | Qi) Oy
Q(xl6,) 052
Qxlfs) Oy3
. D :
Quantityof | [T BRI Q] Qxit) Oy
Interest Q(x) @D Q@) P forward oo
' -
Mi machine y(©)
00 -~ 00513
Y A - Vx>
Vo’

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

Vo Qun(|0)

Q(a)=Cnn(x|6)

Fy[Qun(x16)] - [ AL
@0, 5Q(z)




Overview: Deep Learning, Differentiable Programming and

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

| L _ oL a1 oot
Chain rule for gradients : =5 = =0, 555 9T 96

(a)
1 3 _
@ Defining adjoint variables: T = 9L /0T

T =T2

aT!

T mir19TH! a — 71Tt

(b)

j:child of i JaT"
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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)

25
“(S)uter core liquid: e, i,
Fn, superconducting protons 5
® Mass ~ 2 solar masses ’
) S W
® Radii~ 10 km I ~10%gem” E Fi—
|| ==
o ~2% nuclear density o5 CEJU': =
® Densities 5-8 Po Gow —
2x10%gem™ 0 S — L : C
~nuclear density 6 8 10 12 14 16
R (km)
Radus (km
4x10"gem’? e
‘neutron drip’
Nat. Rev. Phys. 4, 237-246 (2022) _dP_ [elr) + P(e)] [M(r) + 4w P(r)]
TOV dr rlr—2M(r)]
equations
® Gravity € - Pressure )
36
dP G P , P 2Gm\ !
— =——(p+—=)(m+dm’— ) [1- o
dr r2 e o cir -
R 2 -_-i Ty
M =m(R) = 4mr®pdr &
0 G Hybrid
= G_E](l;l
3 o —
G230b
: _ > G ——
® Dense matter Equation of State P(p) < > L [t
142 144 146 148 15 152 154

log g€ (gfem’) 25



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

Outer crust: ions, electrons

Thin atmosphere: H, He, C|

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

Outer core liquid: e, .
SFn, supercanducting protons

Mass ~ 2 solar masses

Inner core: hyperons?
quarks? unknown

® Noisy/Limited NS Observables

Radii ~ 10 km 17-157 km 108 gem?
g ~2x nuclear densit
Densities 5-8 Po ’
2x10*gem™
~nuclear density
ﬁxlﬂ"gcn‘]‘\
Nat. Rev. Phys. 4, 237-246 (2022) estron drie
TOV
equations
Gravity € > Pressure
P _ G (  P\( o sP)( _2Gm =
dr 2 P 2 c2 cir
R
M =m(R) = / 4mrlpdr
0
N
7

Dense matter Equation of State P(p) <

Mass (M. )

Pressure (MeV/fin’)

= T
— MI13

— M28
2.5F — M30 WAl 1
—— NGC 6304
—— NGC 6397 e
2.0 — wCen 4
—— 47 Tuc X5
47 Tuc X7
1.5 -
1.0} -
MS1
0.5 4
som1
L L
5 10 15
Radius (km)
P [f(r) + P(r)] [M{r) + 47?313(7")]
dr rlr—2M(r)]
dM(r
df’) = dr?e(r),
10°
10°
10'

Density (Psar)

to EoS?
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Auto-diff framework and Results

M eee0000RPRORORRR RS

] 1
Al Al Al A

0000000000000 00O00E
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P(p) p Forward » 10V-Solver Network
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Z=r=% T AR 86, oz ox o6, |
) i=1 2= (M, R).x =Pip;)
; Lossfunc‘tion I Gradients

Palp)

S. Soma, L. Wang, S. Shi, H. Stoecker, K. Zhou, JCAP 98 (2022) 071

® Well validated through Mock Tests
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S. Soma, L. Wang, S. Shi, H. Stoecker, K. Zhou, Phys. Rev. D 107 (2023)083028
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Linear response analysis get the gradients! Then use DNN :

T
__ 1000 __ 1000
o o
& &
gyl =
c = 500
s 500 3
w W
200 1 1 | 1 L. 200k ] | 1 L
20 50 100 200 500 50 100 200 500
P [MeV/fm?] P [MeV/fm?]
| | | | | a1 T I T
°
20+ * ground truth | 2.0~ ? * ground truth ~ —
o---o inital ¢ o ---o inital
o
= 15 o= fiml 3 — s ; o final |
= =
T T s
Q
0.5 . 0.5 %o, .
O-0_o__ 000_0_70“07_
| | I | l \ | \ q
10 11 12 13 14 15 10 1213 14 15

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

We parameterize the inverse speed of sound squared
containing both regular parts and Dirac-6 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
Ppp = 76 MeV/fm®. Above the PT point, we take the
stiffest (causal) limit that ¢ = 1. We employ twenty

: e Eaa o ] | q PP
w0 Ag =0.1 km “-Ag = 1.0km o
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""" 02
20f
L | . 1 L | . Ul
50 100 200 500 50 100 200 500
Per [MeV/fm*]
ground truth
——0.1km, 001 M,
_ —— 1.0km, 0.10 M
5
=
a,

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

26



Quasi-particle analysis of IQCD thermodynamics

input

!

I

1 ;

| .
i ’
I

I

|

InZ,(T)
In
InZ, (T)=+
In

12V
272 J,

1 —exp (——

p°dp

1+ exp (——

prmm)|. @

prmm)]. o

HotQCD

! ! 01 -

—— Neural network P
Of == Larice (a) 0.10) (b) 1 =,
(.08 (a) HorQCD

HotQCD

(b) HotQCD

~ Wi~ Tialg” B DL_HoiQCD, k - 155
— HoCD B DL_HusQCD, k= 16
- Vdn

e WL g Tinly” VB DL_WRL k- 15.5
— HoQCD. R DL_WH. k=16
- lidn

P(T]:T(

"T.U |:5 ;jo 2:5 10 |'5 70 1‘5 1.0
T, T, /T,
dln Z(T) (5)
- el
v -
et dinZ(T
=13 (B2 ®)
v
aP(T, jig)/T* )
B = OP(T i)/ T7 a{liﬁ)/ g = pp/T.
s fip=0
£(0,. 0, 6-) = |A ny—4 input B B B B
(01,0,,03) = |syy — Sinput| + | T | + |x2nn = X2impuel + | XEnn - Xaimpuel + 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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HQ Potential Model, Inverse Shroedinger Eq.

V(T,r)=Vg(T,r)+1i-X(T,7) :;

How to extract effective potential
given limited spectroscopy ? =2

5 Z (THT,z' _ mlla;titice 2 {]-—‘T.,i n F%g.tgj:ice)?
X = (5m'11§,’titice)2 ((5F5@’titice)2

T,
T € {0,151,173,199,251,334} MeV
i € {1S,28,38,1P,2P}

S.S5,K.Z,J.Z,S.M,,P.Z, Phys. Rev. D 105 (2022) 1, 1

(. ()} New IQCD results cannot be explained by
" Perturbative HTL-inspired potentials !
BET T T Lo
(1 | BN EEE i ™~
_122: } 1 t ZL E 400 = =
_sgj?’-'m&?’””gl """" a7 2001 ‘__,-—’ —s e
o S o [N )
(E.} R Larsen etal PRD(2019) xRN B I Lot et
4 nY - p1B2020), PRD(2020) 8, LT W F - B
e M 3 s
{R.e[EH] = m — 2my By NSO s wnaell .
10F 1S 4 —‘ﬂﬂ "
:[l'ﬂ[E n] - 7]‘—‘ 4071&0 P = T R
T (MeV) T (MeV)
Vr(T, 7) ViT.r) ————=
— m;, I
""" - =
— Yi()
Schrédinger Eq. Solver
= o
/ g 3
: _ g3
S8
Q=
Hellmann-Feynman theorem ol
Phys. Rev. (1939) Y
| ax’ o’ ox?
AW~ B AP A 2 X
update M BWI‘B I abd s oV (r) 28




Proof of Concept

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

-- Yes! But to some range decided by the used states. /

15|

Learn V(r) from 5 eigenvalues :

g+ |

10

{En}={3/2,7/2,11/2, 15/12, 19/2} GeV 10;

target spectrum { st

(NeD) A

1

— 0.0345522

B 0} stepH 43000 _|
SE, = (v, | V(1) ) R T s v B

r(GeV™h 29

Deviation @ given states’ wavefunction vanishes




Results with lattice data for mass/width and the reconstructed HQ Potential

200

100

-100

(MeV)

AM

100

50

-50
40

-20
-40
20

=20

10

-10

= T T T
E 3S
,-o.—.-:oe&b—-f, ,,F} ,,,,,,,, 5
| | | | _

| [ I | i

2P
2 *

DR K=—% ___ =% _____ -
Lol bl OO
— 1 | -5
A | 2S i
Rk B
E | ] | | iE
e 1 i i

= 1P
—"""‘i"""_-i-""”‘-'r—'; """" o ]

| | | |

[ | I |
T *~ e S - S . E

I (MeV)

600

400

400

200

200

I R
box: Lattice
[—open: Screening + HTL

| solid: DNN (2D)

—

T

nS

150 200 250

T (MeV)

Chi2-per-data=16.5/30
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The reconstructed T, r dependent potential
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Spectral function reconstruction from Euclidean correlator

£=10"3 e=10"" £=10""°

plw;) K(p, w;)
P - ~
T T T T 1.0 1.0 1.0
o 1
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L. Wang, S. Shi and K. Zhou

NeurlPS2021 ‘Machine learning and the Physical Science’, )
Phys. Rev. D 106, L051502 (Letter), o= [ Gk Ty
Computer Physics Communications (2022) 108547,

wa wa
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Spectral function reconstruction from Euclidean correlator
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Hadron emission source reconstruction via femtoscopy
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ML Holography (EMD model) with lattice QCD reference

Conventional Holographic model:

Model: metric

H

| Prediction |

Compare

Experiment/lattice

|

ML Holographic model:

Experiment/lattice

ML
Y
| Model: metric |

Compare

A 4

siT?
15— N:;Z — N,:z.m
. . . . o
Einstein-Maxwell-Dilation model @ g

10p ¥

0. DeWolfe, S. S. Gubser, and C. Rosen, Phys. Rev. D 83, 086005 (2011), arXiv:1012.1864. 0_99’

ion: f@) 1 T o

Action: Sp= Tente Jd5x [J_R - iaugba% = V()
Non-conformal i 015 020 025

¢ is dilaton F is the tensor of gauge field
ZA(Z)

Metric ansatz: ds? =

[ g(2)dt? + % + d"z]

A(2) = din(az? + 1) + dIn(bz* + 1), f(z) = e Ak

3A(z) g 1 dp
§ = —7". Xo, =yt
4653,':, T du

X. Chen, M. Huang, Phys.Rev.D 109 (2024) L051902; JHEPO2 (2025)123

Neural
Given network
Zh parameters T model
Compared
Optimal Loss with S from
parameters function holography

— 241 flavor

— 2 flavor

— 2+1+1 flavor

- - Freeze outline and Sy

0.5
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Generative Models Problem Set

Want to model the observed data's underlying but unknown distribution,
tO fU rth er.: Training data Sampling

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

, _
- I,
/’ (4
. =>

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

» Sample according to the distribution

Suppose observation dataset :

X = {33(1), 33(2), - x(N)} nid Pdata(T)

I. Goodfellow, arXiv:1701.00160 (2017)

Maximum Likelihood|

- - - - GAN
We use parametric model to approach the data distribution : — AN
Explicit density ~ Implicit density

Po (SL’) 7> Ddata (ZU) / \ :
. . . Markov Chain
‘ Tractable density ‘ ‘ Approximate density ‘
-Fully visible belief nets GSN

* Maximize Likelihood Estimation : NADE
-MADE

Markov Chain

-PixelRNN Variational autoencoder Boltzmann machine
-Change of variables

N

1 .

0* = arg max log py(X) = arg max N E log pg (m(l)) models (nonlincar 1CA)
0 7, .

=1

Variational




GAN to generate complex scalar field configurations

n— o ) Training data Sampling 0.5
" 4 Y -“. (e.g. 64x64x3=12K dims) Y wlthout roundlng
likely r-'-. 1: " ‘ m iyl * round to integer
: e Z E 0.3
1 7 h o
- <
likely likely \\/, g‘
o &, Training set Discriminatar g 0.2
- - W Real =)
1 : Random —L 0.1
unlikely = unlikely noise i Fake
: 2
2 0.0

0 500 1000 1500 2000 2500

Generator Fake image

Lattice sampling vs. Image generation - Training Epochs
35 - -
[ Monte-Carlo 2.0/1e @ without rounding
* K i
30 GAN round to integer
=215
> 25 g
‘0
5 §
a 20 = 1.0
2 c
= ©
8 15 g
S 05
= 10
0.0 . L .
5 0.0 0.5 1.0 1.5 2.0
L ‘ 1 condition n
0 I “miml

s B B R 0-24‘5 AT BRI RS K. Zhou, G. Endrédi, L.-G. Pang, and H. Stécker,
1l PRD 100, 011501 (2019) 33



Input
Configuratior Masked convolutional layers

4

Output
of mixture

Hidden layers
Parameter

a(8)
Q@ +— -—

T. Xu, L. Wang, L. He, K. Zhou, Y. Jiang,
Chi. Phys. C 2024

R e e

BE®) N
—— | a® =] [qolsi I s1isim0) E 1)

Z i1 L . SRR L L o

PR GENR N R N Ny

PASEEPET S SR pe
PN S
NENN - ) - -

qo(s)
p(s)

Dxi(gollp) = ), 40(s) 1n( ) = B(F, — F)

7
Probability distributions
from CANs

Fy =5 2,09 [BEG) + 14a(5)

L. Wang, L. He, Y. Jiang, K. Zhou,

| N e S e~ fwf e~
SR R A P2
MR "N r S o-r N
/b~ -~ 2R S AR s
PR SN Sl S S G s
P S A \\\‘,

SNR™ L =N NS

-

-
N*E=XN NN er ) - -

Vortices

Chi. Phys. Lett. 2022, arXiv:2007.01037

Learning
Interaction

Nerual Networks

Phase Diagram

Vorticies per site

Onsager solution

#= L= 18, Training size = 1000/
[—#—L = 16, Training size = 5000

;
N

1 15 2 25 3 0.5

Temperature

\ Likelihood /

1.5 2 25
Temperature
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Flow based generative model (given unnormalized distribution)

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

. Jrl(zU) . .fv(zv 1) @f !l(z'l.) .

2o ~ Po(2o) Zg ~PK (zh’)

pi(2:) = pio1 (7 (2i))| det Jp—1| = pi—1(zi—1)| det Jp, |7

z'“10(2)

+Zlog\detJ = _1ogp0(z0}—210g|detJf|

i=1

(8 T ' 1
. ——-b -— - -
. d j g"';.._-. T L
Proposals from i h %

flow model h" -

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)

— log p(x) = log po(f~"

Markov
chain

Fo

urier Flow Model

S.Chen, O. Savchuk, S. Zheng, B. Chen, H. Stoecker, L. Wang,
K. Zhou, PRD107, 056001(2023)

® - ®-@ |

_‘-"\‘. Fourier Frequency(Matsubara) Space P\ /ﬂ\
/ ‘\‘ /\/ '\
- __ _J —
29~Po(Zp) x~q(x)
0.5 f=2 14
0.4 ® EplF-flow+MCMC)
F. 124 * B EyF-flow+MCMC)
g * *  Ez(F-flow+MCMC) *
o2 10 O Reference, £y
0.1 * [] Reference, Ey
& 8
0.0 2 *
4 2 a 2 4 ] * =
c
w 6 *
41 @, - ® =
5 8@ ®
[T @
0l . .
5 4 3 2 1 0 -1
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Diffusion Model

“A heavy quark move inside quark-gluon plasma”




Diffusion Model on lattice QFT configurations

d¢ d¢

g = (@ +gEn = = @0 - g(©)?Vylogp ()] + (07
> Py === e e e e e e r et st mE - —- - - - >
' “dw'. " r'||
/ | N \“. |
M M‘ﬂ\“ﬁ”\ LY, P ”“ %kqﬂﬂ ! "\-"M/ f'llﬁ"‘li ﬁ\f:i
M | L nn U
.ul 1\‘ ),u'\.wr”\up Ji"'ll'"'\,"“l ”\,{N% IJ:{( wr*l V\“/LH . f M’;ﬁ!wﬂih
i \‘ A \"‘ v‘\.w& WRJIIH\I‘#L": f ‘*ﬁ"m q'\ }lj’: “«h "‘N '|‘\‘\ \lf Mﬁk
f‘) r‘m\{%ﬂ-&‘”‘ﬂﬂ '“"7: " I‘r-"'l"lr\»"'\»-"‘.”. )\."f’-'_r'-h"._"%lj I ﬂy%‘%%’ %}g\ “IA::WH | i J“\l hf r k}{ IM”H-
. ok '»r*wl "l A ! o - ' ”q,r" wﬂ/ \ \ i W ‘||h" ;'}Il
MM‘W :H\L:J“‘:M\M"\\J\q\ An Ha’ ,,..M :‘.i | W 'r‘*w m’yﬁﬁw‘ 1'1 /"' ! |\‘|| HI;LI'M ‘1\ 1 #ﬂ{ Hl\,\
W.wy .I‘""M“ﬁl v ; F'N‘ { b'fi:;:ll Ay 'll‘. Jﬁ)ﬁk :q.;' ) %nflum H'm'h‘\ I‘ﬂm | p
Po . pr g VT Po
Y, N‘M“kw'f ' HJI'.

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

L. Wang, G. Arts, K. Zhou, arXiv:2311.03578 (NeurlPS 2023 workshop “ML&Physical Sciences”)

G.A D.E. H,L.W,K. Z, 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)
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Diffusion Model for field configurations

® Forward diffusion SDE £ =10+ @0 a0t 00r
. p »"M“N 4 M A\ ‘r\A
—e=1(0.8) +a&n&) M) =2a0({-&) e S PN
dé / '\("“‘ w ‘m‘ W/M i M&H ’f f
" s N e
® Backward diffusion SDE MW:M"\/"«M;'W\’%‘K RS w“r A MW '_1 M%
d.¢) Po ““m tw JVN pr A KAWL W W\M‘H\‘ Po
dt = [f(0.t) — *(t)Vylogp(d)] + g(O)n(t) t =T —¢ ¥
® Score matching Training ZU Eopo (60)Ep; (6:]60) [||"‘9 0;, &) — Vg, IOQPi(@il@ONQ}
i=1 ol L o
» (e |do) N(Og 210gg( - 1)1)
® Sample generation SDE E = [f(0.1) = g*(1)s;(o, )] + g(B)7(L).
do ;
r=T-—t = 92V 10g 4-(6) + g7i)(T)

Ipr - o (_90 . a
= [ {To (%Wfﬁ%ﬁl)}w» ViSom = ~Vglongr(0)  Peg(0) oce™ M/ pg(¢h) — Plg.T]

O(a@) ~ O(h)

® A flow of effective action will be learned in DMs L. Wang, G. Arts, K. Zhou, JHEP 05(2024) 06u

sampling from a DM is equivalent to optimizing a stochastic
trajectory to approach the “equilibrium state” 36



Effective Action on toy model

2=1.0,¢g=0.4 2=-1.0,¢g=0.4
- _H g 0 U g
15] \‘ = fﬂ(¢.T~0.99) 15 =— 5h5(¢.T~0-99)
\ So(¢. T=0.0) — Sp(¢, T=0.0)
104 - fg) = —up-Tg® | 10 - fig)= PP =5 4°
£ 5] 5
2 1 Tl | f ff . .
g 0 0 ® Flow of an effective action
o -5 -5
-10] -10
-15 -15
-20 -20
-10.0 =75 =5.0 =25 0.0 25 50 7.5 10.0 -10.0 =7.5 =5.0 =2.5 0.0 2.5
120 - , 120 - LY
V- S =7+ 2et f | - S =g+ Lot /
100 \ ! 1009 ¢ '
\ o —— Sou(9, T=0.99) + AS, / | —— Spu($, T=0.99) + ASy i 0
80 L T Son(#,. T=0.0) + AS, l,’ golT —— Spul(¢, T=0.0) + ASy H 30
y / i 25
5 60 — T v 0. %o
< 15
40 10
5
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o 0
0
-10.0 -7.5 =5.0 =25 0.0 25 50 7.5 10.0 -10.0 -7.5 -5.0 =25 0.0 25 50 7.5 10.0 0.
¢ ?
Training Training 1.0 10
60 DM Generated 80 DM Generated
50
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5 40
Q
30 a0
20
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10
o S T T —
~100 -75 -50 -25 00 25 50 7.5 100

0 SNNNENTL | |||
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¢
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DM on 2d scalar ¢* model

® 32x32 lattice, HMC generated 5120 configurations for training

SE—Z[ 2"‘32'?5 oz + 1) +

Broken phase:

=0 =025 =05 =075

numerous “bulk” patterns emerge

(1—2N)o(x)* + A (z)?).

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

VY (S S T
pelolon) = N0 0. 3 —(* - 11

Pr(x) = ¢o(x) + 1/%6(){) with.e ~ N(0.1)

® [n Fourier space:

Jojejaio9 juiod z

. ; g2 _
ér(p) = b0 (p) + 1/ Sreaac(P)

® | the above evolution will perturb (smear) higher momentum modes faster
because of the gradually increasing noise level

In FRG, the high frequency (short-distance) degrees of freedom is progressively integrated out !
See Semon’s and Mathis’s talk! 39



U-net Emulator for relativistic hydrodynamics 4

0 (S
afinms Ve

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

copy

YTE conv
copy

Applications of deep learning to relativistic hydrodynamics

U-net
structure

input: 261x261x1
conv: 250x250x64
res: 250x250x64

Hengfeng Huang,'> Bowen Xiao,® Ziming Liu,! Zeming Wu,'> Yadong Mu,** and Huichao Song ©'%3

deconv: 261x261x1

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

tic heavy-ion collisions. Using 10 000 initial and final profiles generated from (2+1)-dimensional relativistic

.
hydrodynamics VisH2+1 with Monte Carlo Glauber (MC-Glauber) initial conditions, we train a deep neural TRENTo MC-Glauber MC-KLN 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 ; 55 |
structures of the final profiles, and creditably describe the related eccentricity distributions P(e,) (n = 2, 3, 4).

0.00 4

Ed(Initial) Vx(VISH2+1)  Vx(sU-net)  Vy(VISH2+1) _ Vy(sU-net}

= SR e g o030
£ iy @) & k ®
- _ S >
il E 3

& & 0.25
| T — Tg=2.0fm/c i=
5
?% a

s -

. 0.50 4

— 0.25 1

[ 0.00 4 (c3) (c4) (c5)
[] 0.00 0.25 0.50 0.00 0.25 0.50 0.00 0.25 0.50 0.00 0.25 0.50 0.00 0.25 0.50
x (fm)

true value true value true value true value true value 40



CNN Emulator to hydrodynamic results of heavy-ion collisions

As an input, the DenseNet model uses discretized ini-
tial energy density in the transverse-coordinate (zx,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.p,/dn for cach
event. The input energy density is normalized in such a

PHYSICAL REVIEW C 108, 034905 (2023)

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

Block Output size |Layers 7 0.060 7
Convolution 134x134x64 |7xT7 conv, stride 2 0.20 j-'
Pooling GTx67x64 3x3 max pool, stride 2 0.045
el 0.15- 107 2 Y 10?
Dense Block GTx67x256 i 6 z z
3x3 conv Z. 0,030
50,10 e
Transition 67x67x128 1x1 conv = 1ot ot = 10!
Layer 33x33x128 2x2 average pooling, stride 2 0,051 ’ 00154 -
il 0571 HC5.023TeVPb + Pb . 7 K < i e
Dense Block  |33x33x512 e 'S T “pr=[02..3.0/Gev 10" events using the neural network, which takes around @
3x3 conv 10" # 10" 0.000 W e P . . '
Transition 933256 |1l conv 005 0.10 0.15 020 0.02 0.04 0.06 0.08 0.10 0.000 0,015 0.030 0.045 0.060 with Fhe GPU. This is a Very SE‘bSIanFIal dlffe.:rence compared
Lavi — — - - - va(Hydro) v3(Hydro) v4(Hydro) to doing full hydyeeyTm simulations using CPU, which
~ayer 16x16x256 2x2 average pooling, stride 2 o
1x1 conv : ; 7 o504 | B, would take abou J hours.
Dense Block 16x16x896 x 20 o 0.012— A . -
3x3 conv o 4
0018 i 10 P 102 —0.75+ 7
Transition 16x16x448 1x1 conv \ Z i
Layer 8x8x448 2x2 average pooling, stride 2 g s g 0.008 %_ 0.70
£ 00124 & z
Dense Block  |8x8x1216 Lxl conv x 24 £ i 10! = 0.65-
3x3 conv B 0.004— N 10"
Ix1x1216_|8x8 global aver: li 0.006T2 } B
Output Layer |LX1X1216 x8 global average pooling 0.60-]
Nout Fully connected layer with
ReLU activation 0.000 5 10" 0.000 - 10" 05— ST
0.000 0.006 0012 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 41




Generative diffusion model to heavy-ion collisions

An end-to-end generative diffusion model for heavy-ion collisions .
arXiv:2410.13069

Jing-An Sun.“? Li Yan,"? Charles Gale,”> and Sangyong Jeon?

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
dataset. 70% of the total events are used for training and
the rest are used for validation.

Considering that the spectra Sy depend on the initial
entropy density profiles I and the shear viscosity 7n/s, we
train a conditional reverse diffusion process p(So|I,7n/s)

g without modifying the forward process.

one single central collision event in just @ s on
a GeForce GTX 4090 GPU.

Diffusion |

| Time step t [
Shear viscosity -
conditioning

nls

St :_ \/OftSO —_l- i — (€

3
2
: DI SN O B
0 o S L] I IR
1 ble precision, as the traditional numerical simulation of
§5 ¢ FEgggeeag $ 3T TTT o e e hydrodynamics for one cgmTal eveyt typically takes ap-
§ =% % g PR T EETEE s YT Y proximately 120 minuted (10% seconqs) on a single CPU.
& I £ £ £ I I
5 EEEEEERE 42



Point Cloud Diffusion Model for HICs

. . 200 _ ! T T T ) T T T T T T T T T
® 18k UrQMD simulation events for Au-Au@10 AGeV e 207 HeD] i
175 a
. . . . . Lo.z2f
® HEIDi: Heavy-ion Events through Intelligent Diffusion 2150 S
= S01
® Point-cloud representation: momentum + ID g 3
£ 1 00,10 20 30
G 75 Multiplicity
= 501 Au - Au ]
E,«a,b=10AGeV
25 b=1fm
0 R | I I | — —_—
YR RIREr RS0
Particle

t= 50 t= 30

urQMD

HEIDi

- HEIDi  UrQMD EN
Eiap=10 AGeV , U ° 10°

Au - Au

Reverse diffusion

b=1fm —_
_____ Tt N p———
,,,,, K+ —_ 2
K T 107
=
[
<
= 1o
>
z[®
-
& g0 Eap=10 AGeV
Au - Au
10 b=1 fi
p- [Gev/c] o
03 -2 -1 [] 1 2 3 0.00 025 050 075 1.00 125 150 175 2.00
Yem pr [GeV/c]

M. O.K, K. Z,J. S, H. S, arXiv:2412.10352 43



What's the future? — Generative Al and LLM maybe the future

Should artificial intelligence be interpretable to
humans?

Machine vs. Biological intelligence

Nature Reviews Physics 4, 741-742 (2022) | Cite this article * Biological intelligence grows by a factor of 2 in one million years
10727 * Machine intelligence grows by a factor of 10 in 1 year

Matthew D. Schwartz &

- Factor of 10¢ difference in e}(poneht

1015
v oo
2 i1 e PN e
g | ww N0 e
2 8 T e
© R
S o1 Homo sapiens
o 01 () N e Homo erectus
§ | Chimpanzee - K
a B P
S Y PaLM Tl P SR
@ [ guse GPT3 s :
- R o Chat-GPT
10 — w d
= BERT g i
J = 10°7 BERT,
Ger2 5Ll
ELMo #i =5 0 5 10

i Years

10 Chat-GPh.T?

T T T T T T T ¥ T T T T T T

-100 -50 0 50 100 Chat_G Ph Dr)

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 acronymsin the figure are: Pathways Language Model (PaLM), Embeddings from Language Model (ELMo), Bidirectional Encoder

Representations from Transformers (BERT), Generative Pre-trained Transformer (GPT). 44



Summary: Machine Learning and HENP

Progress in Particle and Nuclear Physics 135 (2024) 104084
nature re\riews phygics https://doi.org/10.1038/542254-024-00798-x

L] . .
ontents lists Aallable at SCienceDirect

Perspective # Checkfor updates & Progress in Particle and Nuclear Physics

PhySiCS-d riven lea rning for II SEVII I\‘L journal homepage: www.elsevier.com/locate/ppnp
inverse problemsin quantum .

Exploring QCD matter in extreme conditions with Machine Learning = %&&

Ch rom Odyn a m l CS Kai Zhou ™", Lingxiao Wang ", Long-Gang Pang -, Shuzhe Shi ¢

* Frankfurt Institute for Advanced Studies (FIAS), D-60438 Frankfurt am Main, Germany
v School of Science and Engineering, The Chinese University of Hong Kong, Shenshen 518172, China
< Insti ; : : ;
Gert Aarts®', Kenji Fukushima ®7, Tetsuo Hatsuda®°?, Andreas Ipp®*, Shuzhe Shi®°®, Lingxiao Wang ®* u;:;m!.e D‘x’uﬁk:;gy;; 'é';]dmfzy Laboratory of Quark and Lepton Physics (MOE), Ceniral China Normal
] 6, ersity, J i
&KaiZhou@*” 4 Department of Physics, Tsinghua University, Beifing 100084, China

Abstract 1
Sections Nuclear Science and Techniques (2023) 34:88

https://doi.org/10.1007/s41365-023-01233-z

The integration of deep learning techniques and physics-driven designs | Intreduction

isreforming the way we address inverse problems, in which accurate Physics-driven learning REVIEW ARTICLE
physical properties are extracted from complex observations. Thisis QCD physics - c
particularly relevant for quantum chromodynamics (QCD) — the theory N uc I . SC' . TeC h . 34 ( 2023 ) 6,

. . . P PR . Conclusions and outlook
of strong interactions — withitsinherent challenges ininterpreting

High-energy nuclear physics meets machine learning

N ature R ev | ew Phys | cS ( 202 5) Wan-Bing He'2@® . Yu-Gang Ma'?(® . Long-Gang Pang>® - Hui-Chao Song*® . Kai Zhou®®
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Abstract
Although seemingly disparate, high-energy nuclear physics (HENP) and machine learning (ML) have begun to merge

last few years, yielding interesting results. It is worthy to raise the profile of utilizing this novel mindset from ML in }

to help interested readers see the breadth of activities around this intersection. The aim of this mini-review is to infor

community of the current status and present an overview of the application of ML to HENP. From different aspects and
Y examples, we examine how scientific questions involving HENP can be answered using ML.

Keywords Heavy-ion collisions - Machine learning - Initial state - Bulk properties|- Medium effects - Hard probes -



point cloud data structure, and CBM challenge

- Experimental data has inherent point cloud structure

» Point clouds: collection of points in space xt|yt]z
x2|y2|z

* Point clouds are represented as 2D array.
» each row= a point in the point cloud
* each column =a dimension of the point cloud

Xn|yn]Zn
* PointNet based models learn directly from point clouds.
» respects the order invariance of point clouds CBM detector A simulated event in STS + MVD
- direct processing of experimental data Tor =L '

» Advantages:
* less processing time =ideal online algorithm
« optimal for higher dimensional data

» We consider the CBM experiment as a use case

 Au-Au collisions MVD -> 4 planes

e Upto 45 AGeV collisions Position resolution: 3.5-6 pm

(] 1 O AGeV e 107 collisions/ Second Secondary vertex resolution: 50 um
e 1000 tracks per collision e STS-> 8 planes

° CBM Chal Ienges - e 1 TBytes/Second raw data Momentum resolution: 1 %

10



models

Tracks/_, D U, . __, Impact
iy ) 7 7 P 7
Input Forward Feature Forward GLobal Deep Neural

transformation network 1 transformation network 2 features Network
network (CNN) network (CNN) (through symmetric operations)
Mini PoinNet Mini PoinNet
O M-hits e (xy,2) of all Hits in MVD
Works on direct exp. output 02 S-hits e (xy2) of all hits in STS

Event-by-event online possible

e (xyzdx/dzdy/dzq/P) of all tracks in

L Train | ng data generated by 03 MS-tracks first and last plane from MVD+ STS

‘UrQMD - CbmRoot’
1075 Au+Au 10 AGeV events
b ~

e Hits from MVD and tracks from
MVD+STS

04 HT-combi

e Third order polynomial fit to
(0' 1 6)fm 05 Polyfit (non-ML baseline) multiplicity vs. impact parameter
curve

12



Regressive and Generative Al for High Energy Nuclear Physics

Nuclear properties prediction
» Dripline 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 R
> Nuclear masses, nuclear charge radii, alpha-decay rate, 50151";'"'1?' =

100t
50/ -:-v:-.--:‘ ‘

o}
1001

Proton number

» Fission yield constrain, fusion cross-section estimation, isotopic cross-sectic *"f“ 00 05 10
T 0 50 100 150 200 250
pred iction Neutron number
» Within nuclear DFT, Energy density functional (EDF) need to be adjusted to
exp data - With ML (1) Generate EoS randomly (2) S(fﬁ;lﬁ;z‘;we by

P N

Nuclear matter equation of state and Neutron Star properties
> Inverse problems in heavy ion collisions and EoS extraction
» Experimental global analysis, for QGP properties and PDF A S O O
> Neutron Star analysis with Bayesian, DNN, Auto-diff... 3) Emh";oﬁ‘t” s gy S s i
> Fast Simulation (Emulator) for HICs mer R
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> Inverse problem: spectral function or interaction or PDF reconstruction N, :

» Bayesian inference and DNN, and also auto-diff R
» Configurations Generation via Generative models
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(particle phy) Supervised Learning — Regressive Tasks

« Jet Tagging, PID, - BDT, CNN, GNN, PCN (CMS- , ATLAS)  Top Tagging (2008 - 2022)
. L] L] Ll . " . . 12 T "’.l —— Point Cloud
> B-tagglng (identifying jets originating from t_)-quarks) 0| e i RO
> Tau-jet: Lepton/photon vs. hadron separation 2| e 55 L o rean
» Heavy-flavor jets (specific particle decays) E ’ B s
» Pion, kaon, proton identification, medium-like/vacuum-like jets %‘ H Ip— | R
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* Reconstruction — GNN, CNN, Self-Supervised (ML4ParticleFlow) ¢ 0 o e e tos 1
» Convert raw detector signals to physical variables (4 mom, vertex) 00 01 02 03 N eeneyes o 00RO
» Calibrating reconstructed energies in calorimeter — —_—
» Correcting measured momenta from tracking detectors e e
ey
« Real-Time Trigger / Filtering system — CNN, RL, Q-learning Tome N s
> Ultra-low latency classification of collision event / signals T e
> Implementing ML inference on specialized hardware (FPGASs) s+ [
» Online distillation reducing raw data flow from Terabytes/second to sy = 9900 B B e 1. 1196 (0 clusr)
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* Inference — cINN, flows

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



« Simulation — GAN, VAE, flow, Diffusion (CaloGAN) s W @ ® Bl
> Fast simulation of collision events and detector responses. o N g < :
> Use classical simulation or collider data as input, train surrogate B - ]
> 3D voxel image or Point Cloud i S“ﬁj : -@3
> Replace time-consuming full GEANT4 simulations to accelerate e Bl —

experimental analyses. Flow-based models B R

* Unfolding — GNN, CNN, Self-Supervised (ML4ParticleFlow) .2uwure, _}»‘H ...... —

» 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

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

« Anomaly Detection — Classifier, PCA, AutoEncoder,
» Detect physics phenomena beyond standard models.
» Search for rare events, such as dark matter signals or new
resonances.




Test results

 Quantifies precision in predictions 200 -+ Polyfit
« Polyfit fails for central events! - - | I
oy . » Quantifies accuracy L5 === S-hts
« Similar precision for b>3 fm = MS-tracks
' <= 10 =--=- HT-combi
= Zolgf” *DL:-0.3-0.2fmfor =
—— _hits _ S 05
100 ——  S_hits b - 2-14fm %
MS-tracks =00 ,.,‘_{94 ‘:."—‘-f
‘ t: . . . 4 ﬁ \\
3 ke « Polyfit fluctuating A v
= —05 ¥
& 10! ’
0 2 4 6 8 10 12 14 16
Impact parameter (fm)
R /,.\‘ ,”(
102 02 & e
0.0 2.5 5.0 75 100 125 150 N P o P e | /
Impact parameter (fm) % 00y W2y {i_’_ .:\\} “,_'_.:::: /’/‘,j_\"/
g \ ’,’ ” “‘ i I{
% —02 4 poiyit \ ¥
= - M-hits .S /
o . . . . . _ e \ s
« For realistic bdb distributed testing collision events > o i N
_06 === HT-combi \\y,..’l
« Fast online event selection ~ 1k events/s on 1 game GPU (RT2080) 0 2 40 60 80 13

Centrality (%)




Autocorrelation time and captured eff action

validation R2 ~0.96
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CNN to detect CME, and regress stochastic dynamics in HICs

Pion Spectra
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Critical Endpoint from Holographic QCD via Bayesian Inference

1 f(9) 1
Sg—m/dS.x\/jg R—TFZ—EaM('fJauQ()—V(Qb)

A(z) = dln(a.z2 + 1) +din(bz* + 1), f(2) = o2 —A(2)+k

“0.0 0.2 0.4 0.6 0.8 1.0

T(GeV)
. . 53A(2,)
8 ] o 081 T WH Transition line [2002.02521] sl 1 a
= (B) = Posterior ] O C (f) 7@ WB finite volume ition line [2410.06216] T—— — B p
[y HIL E 1 Freezeout Andronic et al [1710.09425) =T qe —_ ———
@ ] 0.5 r = Freezeout estimate ]fﬁe}lkn et al [2408.06473] ———— 4( o X?, Tz a N
@ i oo (3106 0503 — = = 5<h (o
-~ 0.4 26 exclusion range [This work] e
0.3
0'2: = 012— r
£ g Prior % I Priar ]
5] ®  Pozaior 9% CL 0] N ®  Pazercr 5% CL ]
01 = 4 Fasianor 88% GL a | — [ Pogiarior 68% GL 2
G 4 EMD.Bayestar | 011 4 EMD.BapeshAP |
E N A EMD, Macting Laarning | LA A EMD. Maching Loarming |
0.0C C .& ¥ HOCD. Zrao.etal ] N L ] ¥ HOCD, Znao, et al ]
L HOCD, Grafa, o1 al [ ¥ - HOCD, Greta, ot al 4
&  HOCD, Hippert, ot al &  HOCD, Hipper, ot af
T % DSEFRG, Gao.stal | 010  DSEFRG, G etal |
4 FRGFuaal B S § FAG Fumal 7
E B OPNIL L e B PRI L et
L4 1 5 o L ]
al — 0.09 —
L ] B » ’:? ]
L i L . e -
0.08— — 0.08— =
L. Zhu, X. Chen, K. Zhou, H. Zhang, M, Huang, r ] C ]
0.07— - 0.07— =
arXiv:2501.15810 04 05 06 07 08 08 10 04 05 08 07 08 08 10
W (GeV) u (GeV)

24



	幻灯片 1: Machine Learning in High Energy Nuclear Physics
	幻灯片 2: Overview : 13 years ago
	幻灯片 3: Overview : last year
	幻灯片 4: Overview : Machine- and Deep-Learning
	幻灯片 5: Overview: Machine learning, Deep Neural Networks, Representation learning
	幻灯片 6: Discriminative / Generative
	幻灯片 7: Overview : Golden Age of QCD matter in extreme
	幻灯片 8: Inverse Problems Solving with ML
	幻灯片 9: Inverse Problems Solving with ML
	幻灯片 10: Early attempts : impact parameter determination
	幻灯片 11: Further dev for impact parameter determination
	幻灯片 12: Initial clustering structure identification in HICs
	幻灯片 13: Modern dynamical edge CNN + PCN for self similarity searching
	幻灯片 14: Active Learning map out unphysical QCD EoS
	幻灯片 15: Nuclear liquid-gas phase transition recognition from autoencoder
	幻灯片 16: Nuclear EoS, Nuclear matter properties from NS observables
	幻灯片 17: Direct inverse mapping with CNN for identifying QCD transition
	幻灯片 18: Into more realistic situations
	幻灯片 19: Point Cloud Network for Physics online analysis for HICs
	幻灯片 20: Inverse Problems Solving with ML
	幻灯片 21: Bayesian (Statistical) Inference of hot matter EoS from HIC data
	幻灯片 22: Bayesian (Statistical) global fit on HICs
	幻灯片 23: Bayesian (Statistical) global fit on HICs
	幻灯片 24: Bayesian Reconstruction for dense matter EoS from HICs
	幻灯片 25: Incompressibility K from Bayesian Inference with low-energy HIC 
	幻灯片 26: Bayesian Imaging for Nuclear Structure in Isobar Collisions
	幻灯片 27: Critical Endpoint from Holographic QCD via Bayesian Inference
	幻灯片 28: Bayesian inference of the critical endpoint from holographic QCD
	幻灯片 29: Bayesian reconstruction for h-h interaction from femtoscopy – mock test
	幻灯片 30: Inverse Problems Solving with ML
	幻灯片 31: Overview: Deep Learning, Differentiable Programming and Automatic differentiation
	幻灯片 32: From EoS to NS Stellar Structure (MR)
	幻灯片 33: From EoS to NS Stellar Structure (MR) -- Inverse ?
	幻灯片 34: Auto-diff framework and Results
	幻灯片 35: First-order phase transition reconstruction from NS obs. via auto-diff
	幻灯片 36: Quasi-particle analysis of lQCD thermodynamics
	幻灯片 37: HQ Potential Model, Inverse Shroedinger Eq.
	幻灯片 38: Proof of Concept
	幻灯片 39: Results with lattice data for mass/width and the reconstructed HQ Potential
	幻灯片 40: Spectral function reconstruction from Euclidean correlator
	幻灯片 41: Spectral function reconstruction from Euclidean correlator
	幻灯片 42: Hadron emission source reconstruction via femtoscopy
	幻灯片 43: ML Holography (EMD model) with lattice QCD reference
	幻灯片 44: Generative Models Problem Set
	幻灯片 45: GAN to generate complex scalar field configurations
	幻灯片 46: Autoregressive network for variational many-body physics calculation
	幻灯片 47: Flow based generative model (given unnormalized distribution)
	幻灯片 48: Diffusion Model
	幻灯片 49: Diffusion Model on lattice QFT configurations
	幻灯片 50: Diffusion Model for field configurations
	幻灯片 51: Effective Action on toy model
	幻灯片 52: DM on 2d scalar digamma ...次方 一比四 model 
	幻灯片 53: Relation to (inverse) RG
	幻灯片 54: U-net Emulator for relativistic hydrodynamics
	幻灯片 55: CNN Emulator to hydrodynamic results of heavy-ion collisions
	幻灯片 56: Generative diffusion model to heavy-ion collisions
	幻灯片 57: Point Cloud Diffusion Model for HICs
	幻灯片 58: What’s the future? – Generative AI and LLM maybe the future 
	幻灯片 59: Summary: Machine Learning and HENP
	幻灯片 60
	幻灯片 61
	幻灯片 62: Regressive and Generative AI for High Energy Nuclear Physics
	幻灯片 63: (particle phy) Supervised Learning – Regressive Tasks
	幻灯片 64: (particle phy) Unsupervised Learning – Generative or Detection tasks
	幻灯片 65
	幻灯片 66: Autocorrelation time and captured eff action
	幻灯片 67: CNN to detect CME, and regress stochastic dynamics in HICs
	幻灯片 68: Critical Endpoint from Holographic QCD via Bayesian Inference

