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Overview : QCD matter in extreme

pressure heat quark-gluon

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

nuclear matter - gquark matter

| = | | ) . %9 _>
« Matter in extreme conditions reveals its constituents : *ag“'  n §’3
4 {
']

£ Future LHC Experiments “It would be intriguing to explore new phenomena by
distributing high energy or high nuclear matter density
over a relatively large volume.” --T.D. Lee (1974)

lEarIy Universe The Phases of QCD

To study OCD matter under extreme conditions :

* Nuclear Collisions : heat & compress matter

o Pt « Lattice Field Theory : numerically solve partition function

Hadron Gas

Superconductor

/ ,
Matier _ Neuron Strs,_ « Neutron Star : dense matter, astronomy constraints

900 MeV 1
Baryon Chemical Potential




Overview : Inverse Problems Solving with ML

Accessible
Observation o,

Explicit Exist 5

mapping but implicit | Qxl61) Oy
Q(x162) Oy,
Q(xlAs) Oy3
Quantityof |\ . (Y \eARY Q] Qxle) Orn.

Interest Q(x) (D) QQuIH —( forward
: (., (0
00 - ooi machine y©

00 - 0%

X Af ~ Vg,]{z

o

K. Zhou, L. Wang, L. Pang, S. Shi, PPNP 135, 104084

Direct inverse mapping capturing :
with Supervised Learning

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

Y= Zy: (fy[QNNé:gf)} . Oy)2

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

FyQnn( |9)]

(AO,)? 5 [

O Fy[Q(x
5Q 3:)

Vo Qnn(z|6)
Q(x)=Qnn (x|@)




Challenge in HIC and modern computational strategies

QGP T Figs‘arXiv: 1804.04649

NN
talstae, 2y

EoS, Flow, n/s, ...?

« Uncertainties in HIC modeling

« Multiple parameters entangle with
multiple observables

« How to disentangle different
factors to reveal fundamental
physics from the dynamical
environment final state?

Bayes’ Theorem
Universal approximator

l’ :\lulm

P(6]y)- Hf’ 7?)

Data [ ]\Lllll()ud

output § | Differentiable programming

Gradient based optimization




Direct inverse mapping? CNN make the road

=== first order phase transition

== Crossover . o
CAT el o
Crossover "(0,1)" £ sl [
? s (o) o =
1st Order "(1,0)" oo
DOG e
p(pr, ®) =l
energy density
o Au+Au Vsyy =200 GeV Au+Au v/syy =200 GeV .
v EOSL ® —— (A)EOSL n/s=0.08 ga:clc:: eallfres eaazres flattened: ¢ 0:“::( €03 H H H H
w0 T e T Tis  “oa = »  Conventional obs. hard to distinguish
65| — Dypcstmeais
£y «  Strongly influence from initial fluctuations
o N —— and other uncertainties
2107 b2
1 - — == 8x§ conv, 16 7x7x16 conv, 32 . 0
w-su.u 05 10 15 20 25 30 35 4.0 D‘%o 05 10 7 25 30 35 40 g;‘?%?-‘(uett?x'ﬂ g:\??a?/‘:;;g'cazl,)PReLu gﬁf?@‘,‘;iﬂ;f) ¢ CNN " 95/0 event'bV'eVent accuracyl

pr [GeV] pr [GeV]

 Robust to initial conditions, eta/s

Conclusion : Information of early dynamics can survive to the end of hydrodynamics and encoded within t
he final state raw spectra, immune to evolution’s uncertainties, with deep CNN we can decode it back.

L. Pang, K. Zhou, N. Su, et.al., Nature Commu.9 (2018), no.1, 210




Bayesian inference of dense QCD EoS from HIC

® Posterior ~ Likelihood * Prior

0 10°? 5x 103 102 5x 102 10
[ T
300
= truc = truc
- MEAN —-:= MEAN
200 === MAP [| === MAP
Closure test Closure test
100} 15 data points I 13 data points

— truc — true
MEAN MEAN
wma MAP wwia MAP

200

Closure test
[ 13 data points

Closure test
15 data points

100

M OK J. S,
KZ,H. S,

Phys. Rev. Lett
131 (2023) 202303

see talk at 02.May 16:40 s5.1 M. O.K _Kik..

The Chi

e \With real experimental data

300F-=--" GP-training range
95 % prior

95 % posterior
200 68 Y% posterior

100 Experimental inference
15 data points

50
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HQ Potential Reconstruction by Inversing Shroedinger Eq.

Large mass scale : mg >> Agep, To P Large mass scale :

s,
* Hard Process production in early stage ] 5 \v2 | |
Hpy = — 5 Wn + V(’)Ln = Epthn
« ‘Calibrated’ QCD Force — HQ interaction mpy

M. Strickland, et.at, PRC(2015) PRD(2018), PLB(2020)

a
: -li Vir)=—=+4+o0or+B :
Vacuum: NRQCD, Cornell-like ) m‘! New IQCD results cannot be explained by
. . . Perturbative HTL-inspired potentials !
Medium: Color Screening, Thermal width e — S
: 1005 3S box: Lattice »
Laine, et.al, ]/—/E/D(2( {z//n(r)} mEn. B _6_1; aoo—zgﬁ;:;gmi;g)gmn s —4
V(r) s Jlal Tt
A Inverse Power method s proteteteg
H.W.Crater, JCP(1994) ol e
T (MeV)
Im[E,] = -T

VT,7)=Vg(T,r)+1-Vi(T,r
: ) i ) fl ) 7 R. Larsen, et.al. PRD(2019),
\ H j PLB(2020), PRD(2020)

How to extract effective potential given limited spectroscopy ? 5




Flow chart for “DNN + Schrédinger Eq.”

— mj, I;
=
— Ui(r)

Schrédinger Eq. Solver

adnO—aome|
/m aredwiod

Hellmann-Feynman theorem

Phys. Rev. (1939) Y
2 2 2
AW§3~—6L, Ap® ~ 90X o2 S
update oW oY oV (r)
2 (mpi —mppe)?  (Dpy —TRFe)’
X = Z 5 lattice\2 =t 51‘\lattice 2
75 Bl y )\9 5 Ta ( mr ) ( T,i
¢ = — + —v 0.
0)=3x"0)+3 T € {0,151,173,199, 251,334} MeV
S. Shi, K. Zhou, et. al., Phys. Rev. D 105 (2022) 1, 1 ¢ € 4185,28,35,1P, 2P}
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Proof of Concept

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

15

Learn V(r) from 5 eigenvalues :
{En}={3/2, 7/2,11/2, 15/12, 19/2} GeV 10)'
target spectrumy{ s

X

I
l

‘AAAL

10 @+Jm

(N A

>: ,l' .o.

S. Shi, K. Zhou, et. al., Phys. Rev. D 105 (2022) 1, 1




Proof of Concept

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

initial potential

/

i / Il
15 | ..-' _- +l\)
Learn V(r) from 5 eigenvalues : |3
{En}=1{3/2,7/2,11/2,15/12, 19/2} GeV 10)‘ -
| <
| o)
target spectrum _ ‘%
l A X°=1125566 |
ol oo "l | stepil:t 1 ]

0 1 2 3 4
S. Shi, K. Zhou, et. al., Phys. Rev. D 105 (2022) 1, 1




Proof of Concept

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

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

Learn V(r) from 5 eigenvalues :

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

target spectrum [

Deviation @ given states’ wavefunction vanishes 1 43= 0.0345522 :
0l steptt 43000 _
5En:<l//n|5V(r)|l//n> O{Iélll

A+ |

(NeD) A

10

r(GeV™)

8



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

200
100

o

-100
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600!

T T T
box: Lattice

—open: Screening + HTL
solid: DNN (2D)

T
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150 200 250
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S. Shi, K. Zhou, et. al., Phys. Rev. D 105 (2022) 1, 1
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From EoS to Stellar Structure (MR)

Thin atmosphere: H, He, C....

Outer crust: ions, electrons

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

Outer core liquid: e, i,
SFn, superconducting protons

Mass ~ 2 solar masses

Inner core: hyperons?
quarks? unknown

Radii ~ 10 km

~10"gem™

~2x nuclear density

Densities 5-8 Po

2x10"gcm™
~nuclear density

4x10"gem™
‘neutron drip’

Nat. Rev. Phys. 4, 237-246 (2022)

Gravity € - Pressure

Dense matter Equation of State

® Noisy/Limited NS Observables

3.0F T T =
— M3
— M28
2.5F — M30 MPAT
—— NGC 6304 .
—— NGC 6397
2.0} — wCen
- —— 47 Tuc X5
= 47 Tuc X7
% 1.5
8
=
1.0
51
0.5¢
SQM
L
5 10 15

Radius (km)

P [e(r) + P(r)] [M(r) + 4zr® P(r)]
dr T — 2]

TOV
equations

) - darde(r),

o
&
3
= 10
Y
3
2
2
=]

P(p) <

\ 2

Density (Psat)
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Mock Test with noise

o o .
e °
2 s Well validated through Mock Tests
(a) TOV-Solver Training 000000000000 000000 —— Ground Truth —— M-R (Ground Truth)
- M - M
Pp) P ForiB » TOV-Solver Network 9:3;‘Credibility 2.54 9:‘;"(:redibillty
- Mock data samples
£ 10 _ 201
2 s A
P z % 1.5
! Forward g é
{M, R} i 2 101 1.0-
/ o
B e, - 0.5
Back Propagation o i
~ i S e B \ d Y . . 4
R Q\‘ AR } 5 i & 0.05 8 10 12 14
™) ¥ Radius (km)
(b) EoS Training (Y Density (9sar)
i
» P(p) P Forward o _
2L e Withreal observable we reconstruct the NS EoS also
10° 2.5
- 2.0 [t
E 102 - 1 :
] £ 15 il
Back Propagation b e T
s XEFT+Astro 3 10
#1074 27 PRD.101,054016 : I
{ Syt Syt 6z ox £ i T ATESLS {35 PD10L054016 Y
g =—=———— T3 ARAAS4,401 0.5 221 manseron
().H, R(’)Z OX 3}9, ‘ = This Work(68% C1) . Ths Work(SE% ) Vemmmmme eeveseone,
? z= M R).x = Plp) 100 8 9 10 11 12 13 14 15
| Loss function | | cradients 200 500 1000 Radius (km)

Energy Density (MeV/fm?)

S. Soma, L. Wang, S. Shi, H. Stoecker, K. Zhou, JCAP 98 (2022) 071
S. Soma, L. Wang, S. Shi, H. Stoecker, K. Zhou, Phys. Rev. D 107 (2023)083028
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Mock Test with noise

M8 8000000000000 00

- — |
— ] _
L 44 V4 ® Wellvalidated through Mock Tests
(a) TOV-Solver Training I 1 W A A W — Ground Truth S = (Ground Truth)
P(p) P Fowand » TOV-Solver Network - “;::;'Credininty 2.57 :::{,nCredibillty
,:E Mock data samples
2. 2.0+
-.% 10 ;5 0 :
s s | :
J o ] , : 3 1.5
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} ol f;::}:mf ] ey & 0.5+
_ BackPropagaton  _ e i
-R 2 20l ‘i\\\ RRY: 0.03 ) o 12 14
25 AN ) Py 2 4 6 ;
;oY ) Radius (km)
(b) EoS Training ’ Ly Density (8sar)
»PO) 1p ‘ Forward st N \.Q_ L
1% o e w @ With real observable we reconstruct the NS EoS also
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3 06
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. E
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S. Soma, L. Wang, S. Shi, H. Stoecker, K. Zhou, JCAP 98 (2022) 071
S. Soma, L. Wang, S. Shi, H. Stoecker, K. Zhou, Phys. Rev. D 107 (2023)083028 11




QCD matter in extreme with Machine Learning
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Exploring QCD matter in extreme conditions with Machine Learning
Kai Zhou ™", Lingxiao Wang *-", Long-Gang Pang ", Shuzhe Shi %"

* Frankfurt Institute for Advanced Studies (FIAS), D-60438 Frankfurt am Main, Germany

b School of Science and Engineering, The Chinese University of Hong Kong, Shenzhen 518172, China
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ARTICLE INFO ABSTRACT

Keywords: In recent years, machine learning has emerged as a powerful computational tool and novel
Machine learning problem-solving perspective for physics, offering new avenues for studying strongly interacting
Heavy ion collisions QCD matter properties under extreme conditions. This review article aims to provide an
Lattice QCD overview of the current state of this intersection of fields, focusing on the application of machine
Neutron star learning to theoretical studies in high energy nuclear physics. It covers diverse aspects, including

Inverse problem . L. . . . . .
heavy ion collisions, lattice field theory, and neutron stars, and discuss how machine learning
I can be used to explore and facilitate the physics goals of understanding QCD matter. The
n review also provides a commonality overview from a methodology perspective, from data-driven
) perspective to physics-driven perspective. We conclude by discussing the challenges and future

prospects of machine learning applications in high energy nuclear physics, also underscoring
the importance of incorporating physics priors into the purely data-driven learning toolbox. This
review highlights the critical role of machine learning as a valuable computational paradigm
for advancing physics exploration in high energy nuclear physics.
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