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Extreme QCD Matter with
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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

/ :
Matir _ Neuton Stars_ « Neutron Star : dense matter, astronomy constraints
900 MeV 1/15

Baryon Chemical Potential




Overview : deep learning as modern computational paradigm

o s
! (1]
L AN
NS
\ \ o
NN~ T
Input x L /»@—) x\i Output §
N R \ /// N //' g
\ Y\\ ///\X v ’A\\
o~ \/,/ \X\){ —’\\/’/’/7( ,,,/)‘\\ //
U )"

3

mapping/representations
into
Deep Neural Network

Input x

== Function approximator

Universal approximator
(Hastad et al 86 & 91)

—J(W)=ds"

Find and Decode the

Differentiable programming
Backward Propagation

Gradient Descent Algorithm
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Overview : Inverse Problems Solving with ML

Accessible
Observation o,

Explicit Exist Y
mapping but implicit | Qxl61) Oy
Q(x|%) Oy
Q(xlfs) Oy3
Quantityof |\ . (Y \eARY Q] Qi) Oyn
Interest Q(x) () QQxll) — > forward
00 - 00T machine >0,
| m:ﬁ
00 - OO‘D
Y*—_\H Vo>
o

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|@)
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Challenge in HIC and modern computational strategies

Figs‘arXiv: 1804.04649
; .

QGP

NN

Model Simulation

Initial State, m

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

S~—21? “

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

Posterior Prior
K_’%
( ocC

P(6ly)=I] P(y16) P(6)

Data I_i}\;clilmud

Universal approximator
Differentiable programming

Gradient based optimization
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Direct inverse mapping? CNN make the road

=== first order phase transition

== Crossover . o
CAT [ o
Crossover "(0,1)" £ sl [
? 5 (SAmmaze) i =
1st Order "(1,0)" s
DOG e
p(pr, ®) =l
energy density
o Au+Au Vsyy =200 GeV Au+Au sy =200 GeV .
° EOSL ® — (A) EOSL n/s =0.08 ga:clc:: eallfres eaazres flattened i 0:“::( €08 H H H H
w0 T e T Tis  “oa = »  Conventional obs. hard to distinguish
I - < e
£y «  Strongly influence from initial fluctuations
o N —— and other uncertainties
2107 02
1 - — == 8x§ conv, 16 7x7x16 conv, 32 . 0
W AR | dopat02) dopeut02) | gropou0) *  CNN : 95% event-by-event accuracy!

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.

Nature Commu.9 (2018), no.1, 210
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Predictability and Speed of Sound of the Reconstructed EoS

. O0H OH /)
* Hadronic cascade dominant Ti=5,7 Pi= —3—
P; 7 an Polyno
« UrQMD model adapted to any z /
i : OH ov = )
density dependent EoS > P, = — _ > 100 7 1/
61‘1' 8ri X~
. . . "
via density dependent potential - oV, . o\ Z % . an;
Eur.Phys.J.C82(2022)5,417 on; Or; 6nj or;
J#
Evidence : proton’s v2 and transverse kinetic energy
0.02 0.400
0.00 gn.:m 5 [ 7
002 lgu;&:',n fos f/"/
- - T
—0.04 Q“MM s .,;Wy?
v 0.300 e < > - GV
-0.06
0.275
R 2.5 3.0 3.5 1.0 4.5 ! 5 6 it 8 9 e "t
V5NN [GeV] VN [GeV] * Gaussian Process Emulator : 0bs;(0) ~ GP(u(0), x(6,0"))
. . i ict abservables well:_R? ~0.
M.OK, J. Steinheimer, K. Zhou, H. Stoecker, PRL 2023 The trained emulator predict R"~0.9
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Predictability and Speed of Sound of the Reconstructed EoS o

¢ b Xk %GR Y

e Posterior ~ Likelihood * Prior e \With real experimental data

0 109 5x 104 10 5x 102 10
‘ll)(ll . 300f----" GP-training range L.ook
Tl — tme — v N 95 % prior 68% posterior
—-- MEAN —-- MEAN 250 95 % posterior 0.75}
i s onn 68 % posterior
200 MAP [ MAP ] 200 050k
150 aw 025
Closure test Closure test =
100} 15 data points r 13 data points 100 Experimental inference 0.00
15 data points
50
—0.25¢
’f —— MEAN (13 points)
— N, &~ W _o.50f —— MEAN (15 points)
< . — CMF
= g ¢ —0.75 :
— true — true = o 0'/"““_““ Taneq y 0 200 100 600
- : 4 .
MEAN MEAN ~ 250 oo pmer v Energy density [MeV/fm?]
SSs MAP aiiral MAP = 95 % posterior <
200 i 200 ™™ 68 % posterior ’/'
0.6
150 —— MAP (15 points)
Closure test Closure test 2 % 0.5 ---- MEAN (15 points)
100} 15 data points [ 13 data points el S e ‘
100 Experimental inference 0.4 —— MAP (13 points)
13 data points ---- MEAN (13 points)
50 0.3
0y <
0 = 02
""""" =
2 3 1 ) 6 ~50 0.1 eev
1 2 3 4 5 6 .
Density ny [ng] 0.0 s u
—0:1
~0% 4 6 8

Phys. Rev. Lett.
131 (2023) 202303

/3 [GeV]
Test the extracted EoS on different observables (not used in Bayesian analysisA/)/15

< my > —my [GeV]




From EoS to Stellar Structure (MR)

® Mass ~ 2 solar masses

® Radii~ 10 km
® Densities ~ 8Po

Thin atmosphere: H, He, C‘

12-15? km

|Outer crust: ions, electrons

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

Outer core liquid: e, 1,
SFn, superconducting protons

- Inner core: hyperons?
quarks? unknown

~10"gem™

~2 x nuclear density

2x10"*gcm™
~nuclear density

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

4x10"gcm™?
‘neutron drip’

® Gravity €< - Pressure

i 2 \"T e c? o

R
M = m(R) =/ 4rr p dr
0

® Dense matter Equation of State

P(p)
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Inverse inference for EoS

Noisy/Limited NS Observables to Equation of State ?

mequatim

30— T~ T r T T T T T T T
. — M13
/ dP _ [e(r) + P(r)] [M(r) + 47r®P(r) — M28
3 T dr DYy 2.5 — M30 MPA1 -
10 dr rlr—2M(r)  NeC 6304 o
—— NGC 6397
' 2.0F — wCen i
£ dM(r) 9 ~ —— 47 Tuc X5
S —— =A4mrie(r), s 47 Tuc X7
S 10 ] dr % 15k .
> 8
5 >
5 1.0F o
% MS1
2 10" 0.5} .
PS SQM1
SLy 1 1 1
—— DD2 \ / 5 10 15
2 4 6 Radius (km)
Density (Osat)
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Neural Network TOV Solver

Generalized Bayesian Inference with DNN+AD:

(a) TOV-Solver Training
P(p) =

Forward » TOV-Solver Network

Forward

M, R}

Back Propagation

Pi(0i)

PS + polytrope
--=- Sly + polytrope 5
DD2 + polytrope

X

1034

1024

A
Pressure (MeV/fm?)

Mass (Mg)

PS + polytrope
---- Sly + polytrope
DD2 + polytrope

L
o
wn

12 14
Radius (km)

2 4 6
Density (psat)
Training data-set:
300,000 5-pieces polytropic EoS for 3 low density models

o
=}

Hidden
Layer

Hidden
Layer

JCAP98(2022)071; Phys.Rev.D107(2023)083028

Mi(R)owi @ o @0 @@ @ @ @ @

Hidden
Layer

/1

/1 /]

nput @ @ @

In-set testing data-set

WaveNet@DeepMind Blog
e0e0000 00

el
ooy

/|

N
(9]

N
o

[y
w

=
o

TOV

Jat SRR

“‘-‘nus-u-—““""_—

#

4
i
*
h
v
s,

.
TS a o
R TS

Mass (Mg)

12 14
Radius (km)

10

/|

iyl /l /1 /I /1 /] /l

Out-set testing data-set

351 77 Tov
o Polytropes
3.0 ¢ BHBA$ .
o  SFHo
2.5 ©
sesesesa
2.0 %ﬁ%&q
1.5 [N
b
¢
4
0.5 S
0o 10 12 14 16
Radius (km)



Neural Network EoS + Neural Network TOV Solver

JCAP98(2022)071; Phys.Rev.D107(2023)083028

Generalized Bayesian Inference with DNN+AD:

(a) TOV-Solver Training Recall: Universal approximation theorem ,1989,1991

P(p) P Forward » TOV-Solver Network
CP |
M, R} - & Forward
L Model independent NN EoS
. Back Propagation — trainable network
(b) EoS Training
» P(p) Forward
EoS Networ!(' ;
g
\ s 8
{ ||
-t -
{ R4 - Back Propagation P 0 (P )

NS crust: DD2, inner: Po(1.1psat < p)
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Gradient decent to optimize the NN EoS

Generalized Bayesian Inference with DNN+AD: JCAP98(2022)071; Phys.Rev.D107(2023)083028

(b) EoS Training

Forward

>P(p) AP t

» TOV-Solver Network

iﬁ§a ,“a

EoS Network M, R} W
£ \\
{§ & 3 Back Propagation | TR =
; Npe 2 2
‘i X (Mz M, z) (Rl Rops l)
L =X
AM? AR?

i=1 !

Loss function

Model independent NN EoS
— trainable network

| Syt oyt oz ox

8=~ =
80, Sz 6x 56,
z=(M.R),x =P(p,)

- Gradients

UL Ty

L om=pm + (1= B) &
v =Py + (1 _'BQ) gfz

P, = max (9,_.v,)

_n .
\/f/_,-i-e '

Adam Optimizor

-9r+1 = 91‘_
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Mock Test without noise

Generalized Bayesian Inference with DNN+AD:

Pressure (MeV/fm3)

102_

—— Ground Truth
---- Reconstructed EoS

DenSity (psat)

3.0

2.51

2.0

1.51

1.01

0.51

0.0

—— M-R (Ground Truth)
---- M-R (from reconstructed EoS)

Radius (km)

In-set testing data-set

Pressure (MeV/fm?3)

Pressure (MeV/fm?)

JCAP98(2022)071; Phys.Rev.D107(2023)083028

— SFHo
----- Reconstructed SFHo

3 6
Density (Osat)

—— BHBA¢
-+ Reconstructed BHBA¢
4 6
Density (Psat)

Out-set testing data-set

Mass (Me)

Mass (Mg)

3.0

251

o
<

wn
1

=]
T

<
n

g
=

—— M-R (SFHo)
-+ M-R (Reconstructed SFHo)

2.59

2.04

0.51

0.0

8 10 12 14
Radius (km)

—— M-R (BHBA®)
----- M-R (Reconstructed BHBAg)

10 12 14
Radius (km)



Mock Test with noise

JCAP98(2022)071; Phys.Rev.D107(2023)083028

3.0 3
—— M-R (Ground Truth) —— Ground Truth
10% Noise ] 5% Noise o
2.5- 5% Noise 1 10% Noise g
A
- 2.0 E
s 5
Z 15 =
<
=
1.0+ 3
a8
0.5+
Mock Test 1 Mock Test 1
0.0+ : - -
6 8 . 10 12 14 ) A 5
Radius (km) Density (Osat)
For noisy mock data, . :
Noise(Mi) ~(0, 0.1Mi) 500 samples give us different reconstructed
Noise(Ri) ~ M(0, 0.1Ri) EOSs and M-R curves. Gaussian fitting for each

or to get estimations to statistical errors. 13/15



Fitting performance for 18 M-R observations

2.5

2.0 ~so---

1.5

\
i\
)

| 3
} ${-

.f\‘
1.0 ‘

\

Mass (M)

{11 PRD.101,054016
=7 AL765,L5

0.57 ==/ AraA54.401
B 68% CL (This Work)

. ¢

..........

8 9 10

11 12 13 14 15
Radius (km)

Ourresults: R, , = 11.1 £0.51 km (68% CI)

JCAP98(2022)071; Phys.Rev.D107(2023)083028

Mass (Mg)

Fiw

10 20
Radius (km)

Observable Mass(Mg) Radius(km)
M13 1.42+0.49 11.71+2.48
M28 1.084+0.30 8.89+1.16
M30 1.4440.48 12.04+2.30
NGC 6304 1.414+0.54 11.75+3.47
NGC 6397 1.254+0.39 11.48+1.73
wCen 1.234+0.38 9.80+1.76
4U 1608-52 1.6010.31 10.36+1.98
4U 1724-207 1.794+0.26 11.47+1.53
4U 1820-30 1.761+0.26 11.31+1.75
EXO 1745-248 1.594+0.24 10.40+1.56
KS 1731-260 1.594+0.37 10.44+2.17
SAX J1748.9-2021 1.704+0.30 11.25+1.78
X5 1.184+0.37 10.05+1.16
X7 1.374+0.37 10.87+1.24
4U 1702-429 1.904+0.30 12.4010.40
PSR J0437-4715 1.4440.07 13.60+0.85
PSR J0030+0451 1.4440.15 13.02+1.15
PSR J0740+6620 2.08+0.07 13.70+2.05
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Reconstructed EoS from 18 M-R observations

I 68% CL

90% CL
<
Py
E
3 £
10 .é
(]
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R PSS > o g
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E 102
o
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200 400 600 800 1000 1200 ) 1
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QCD matter in extreme with Machine Learning

Progress in Particle and Nuclear Physics 135 (2024) 104084

Contents lists available at ScienceDirect
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Review 4.)

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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4 Department of Physics, Tsinghua University, Beijing 100084, 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
Eil;:]enpit:l;lem learning to theoretical studies in high energy nuclear physics. It covers diverse aspects, including

heavy ion collisions, lattice field theory, and neutron stars, and discuss how machine learning

can be used to explore and facilitate the physics goals of understanding QCD matter. The

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
[ J 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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