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QCD Matter

L. Wang

Quark-Gluon Plasma
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Exploring QCD matter in three “labs”,

« Heavy-lon Collisions : compress matter to high-7"and high-ug
« Neutron Star : dense matter, merger events at low-7"and high-upg

. Lattice QCD : numerically solve QCD Lagrangian at finite-7 and ug ~ 0

taken from S.A.Bass

Heavy-lon Collisions

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

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

?
~10 km

0.5 km

~10*gcm™

~2x nuclear density

2x10*gcm™
~nuclear density

0.1km = 4x10"gcm

‘neutron drip’

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

Lattice QCD © Derek Leinweber/CSSM/University of Adelaide
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Why Machine Learning?

Prog.Part.Nucl.Phys. 104084(2023) (Invited Review)
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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
i‘:af’y 13‘(‘:;"1115‘0“5 QCD matter properties under extreme conditions. This review article aims to provide an
ttice

overview of the current state of this intersection of fields, focusing on the application of machine
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
N e ut ro n Sta rS 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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Heavy-lon Collisions : Large number of data! Complicated simulations!
*Neutron Star : Accumulating observations! Poor signal-noise ratio!
o _attice QCD : Computationally consuming! Physics extraction!

L. Wang 4 QPT 2023


https://www.sciencedirect.com/science/article/pii/S0146641023000650

What is ML?

Big Data + Deep Models

Artificial Intelligence (Al) l GPU

inal
Machine Learning (ML) Successful Deep Learning!

Deep Learning (DL)

1. Big Data
2. GPU parallel
3. New architecture

Geoffrey Hinton

Machine Learning (ML) is a subset of artificial intelligence that involves the
creation of algorithms that allow computers to learn from and make decisions or
predictions based on data. It's essentially a way for computers to "learn” from
data without being explicitly programmed to do so.

— ChatGPT-4
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Machine Learning and Inference

N
Maximum Likelihood Estimation(MLE) max H P(Xi ‘ 0)
0
=1

Bayesian
Inference

Maximum A Posterior(MAP)
p(X | 0)7(0)
plO|X)=———

p(X)
Posterior p(6 | X), Prior 7n(6) , Evidence p(X)

0}
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Inverse Problems

L. Wang

taken from S.A.Bass

QCD matter properties
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Heavy-lon Collisions

Pion Spectra
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Phys. Rev. C 106, L051901; Phys. Rev. D 103, 116023
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Data-Driven Learning

Forward process
Physics /\ Data

Model Parameters/ Observations

roperesIates \/

Inverse Mapping, f,
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Data-Driven Learning

Universal Approximation Theorem (1989,1991)

A feed-forward network with a single hidden layer containing a
finite number of neurons can approximate arbitrary continuous
functions.

L. Wang 9

AT
e e e,

S
Q'X’ SIS

o

‘/ \

Deep Neural Network

Convolutional Neural Network

Graph Neural Network
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https://en.wikipedia.org/wiki/Feedforward_neural_network
https://en.wikipedia.org/wiki/Neuron

Data-Driven Learning
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Data-Driven Learning

Recognizing QCD

; Phase Transitions
| j Hydro data
3:_ p(pr, P)
CNNs+DNNs
| 3
| = Cross-Over Input 15X48
20 x 20 or

1st order PT

L. Wang 11 QPT 2023



Data-Driven Learning

o Recognizing QCD I
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Data-Driven Learning
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Our Current Works
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https://link.aps.org/doi/10.1103/PhysRevC.106.L051901

Physics-Driven Learning

A\

¢ =arg max {p(X | 0)}
Forward process

Physics /\ Data

Model Parameters/ Observations

operiesiates \/

Inference
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Physics-Driven Learning
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Physics-Driven Learning
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Physics-Driven Learning
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Physics-Driven Learning
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Physics-Driven Deep Learning

A\

¢ =arg max, {p(X | 0)}

Phys Wb <
- o0 T S
fo 2 === L
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BP x
Deep Neural Network represented Physics, f, Back-Propagation
Flexible Representation Easy-To-Compute on GPUs

L. Wang 21 QPT 2023



Physics-Driven Deep Learning

1. Building Neutron Star EoS

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

Inner crust: ion lattice,
soaked in superfluid neutrons (SFn)
Outer core liquid: e, |,
\ SFn, superconducting protons
?

Tolman-Oppenheimer-Volkoff equations ? - e
dP m(r)e(r) P(r) 4zr3P(r) 2Gm@r) \ y
—=—-G 1 + 1 + 1 — S s o

{ dr r2 e(r) m(r) r "
dm(r) ) Nat. Rev. Phys. 4, 237-246 (2022)
= 4rr<e(r)
r Hydrostatic condition

in each shell (dr)

P(e) =0

Core l r=0,e(r=0)=¢,P(r=0)=P(e)

Surface

r=R,e(r=R)~0,M = J4ﬂr28(r)dr

M, R

L. Lindblom, A.J., 398, 569 (1992).
If the whole M(R) is known,it’s well-defined problem.

<% (Gravity
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Physics-Driven Deep Learning

1. Building Neutron Star EoS

Tolman-Oppenheimer-Volkoff equations
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Physics-Driven Deep Learning

Phys. Rev. D 107, 083028; JCAPOS (2022) 071

1. Building Neutron Star EoS
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Physics-Driven Deep Learning

1. Building Neutron Star EoS

Module A. NN EoS
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Physics-Driven Deep Learning

Phys. Rev. D 107, 083028; JCAPOS (2022) 071

1. Building Neutron Star EoS
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32x32 32x32 32x32 el it
32x1 S 20{ DN
z LY "X X
= 1.5 AN
- Training data-set AN
- : : , , 1.0- ]
A Pre-Trained Neural Network 300,000 polytropic EoS functions with 3 low density models )
51 S
r, 0.0 . : . .
P=Kpi, 1=[15], llpy <p <T74pg, 10 12 14 16

Radius (km)
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Physics-Driven Deep Learning

Phys. Rev. D 107, 083028

1. Building Neutron Star EoS

AN

18 (M, R;) , sample size =10k _°
causality (de/dp < 1)
Maximum mass > 1.9M 1

Blue dots: NN results, Fujimoto-Fukushima-Murase
and Green dashed lines: Bayesian Approaches

Mass (Mg)

10 20
Radius (km)

10 3 _ 2.5 Observable Mass(M) Radius(km)

M13 1424049  11.714£2.48

................. » M28 1.084-0.30 8.89+1.16

= 4 T ... 2.0 ~sIoT r ol M30 1444048  12.04+2.30
é 102- \\ Nk NGC 6304 1414054  11.75+3.47
S : 3 D NGC 6397 1254039  11.48+1.73
—~ s 1.5- A wCen 1234038  9.80+1.76
; " | | \ 4U 1608-52 1.60+0.31 10.36+1.98
= | YEFT+Astro © [ t 4U 1724-207 1.7940.26  11.4741.53
2 1014 “ PRD.101,054016 2 1.04 \ 4U 1820-30 1764026  11.31+1.75
8 ] P | o/ EXO 1745-248 1.59+0.24  10.40+1.56
Q- —.— AL765,L5 :Ii PRD.101,054016 KS 1731-260 1594037  10.4442.17
L—-i ARAA.54,401 0.57 ==/ Aransrao1 SAX J17489-2021  1.70+030  11.25+1.78

I 68% CI (This Work) i (This Work) X5 1184037  10.05+1.16

100 L— L L R R R : . X7 1.374+0.37 10.87+1.24
200 400 600 800 1000 1200 8 9 10 4U 1702-429 1.90+0.30 12.4040.40
Energy Density (MeV/fm?3) Radius (km) PSR J0437-4715 1.4440.07 13.60+0.85

PSR J0030+0451 1.4440.15 13.02+1.15

Our results: R, , = 11.6 £ 0.43 km (68% ClI) PSR J0740+6620 2.0840.07  13.70+2.05
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Physics-Driven Deep Learning

2. Reconstructing Spectral Function

Correlation FunCtiOn D_’m, = TI’(TT[J”(T, X)J;}(O,O)]e_H/T)/Z M. Asakawa, Y. Nakahara, and T. Hatsuda, Prog. Part. Nucl. Phys. 46, 459 (2001)

d’k .
=7 [ D, (io,,K)e i(@,1—KX)

- (2rm)?
k =0,y =V

Spectrum representation Energy eigenspace

k=0n=#n,T -0

(o)

— -k 7 2
G(z,T) = J K(w, 7, Tp(w, T)dw C(r) = Z e 7| < Q| J(0) | Q, > |

n=0

0 _ 2 —Er
| T N O — Cn e

cosh w(t — ﬁ) n=0 A

Kw,z,T) = — : Discretization

sinh — :

2T 00
Thermal Kernel G(7) = J e "plw)dw
0

Laplace Kernel

Spectral Function
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Physics-Driven Deep Learning

2. Reconstructing Spectral Function

Kallen—Lehmann(KL) representation

D(p) = [ K(pa a))p(a))da) Kp,w) = ﬂ(w2w+p2)

N

0.201 "
- 0.15]
31.0 :5;0 10!
Q QY )
0.5 0.05{
0.0 000l E————
0 5 ' 0 10 20
W p

L. Wang 29 QPT 2023



Physics-Driven Deep Learning

2. Reconstructing Spectral Function ys. Rev. D 106

J K(p, w)py(w)dw = D(p)

~ B ) 0
Forward D(p)
N
S| B - oD
; | |
| |
i i ¥ Loss function
- -/ | I N,
| | l
@) 5 © : i
| |
= Backward i :
A & ] i 2
Q0 Vol &
S > - =L
3\3 0F L [ ]
@ | VOSf—JZk, (@0 5505 Vo \_ _J
O D(p;)
t - L
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Physics-Driven Deep Learning

2. Reconstructing Spectral Function

L. Wang

OGO ®

p(w)
B L

Rie

O

Softplus

Welghts

Nodes

NN . (,0191029 °“9pr)

Differentiable variables : Network weights {0}
Adam, L2 (1 = 1072 = 107%), Smoothness (A, = 1074 > 0)
width = 64 and depth = 3 with bias

NN-P2P : p(w)

Differentiable variables : Network weights {0}

Adam, L2 (A =107 - 0)

width = 64 and depth = 3 with bias

31

Phys. Rev. D 106, LO51502

Regularization

L2:1|60 |3

NG)
Smoothness: /A, Z (p; — i)’

l

Gradient-based Optimization

Adam : QH_I — Ht —

i N
- m,
\/Vt + €
Physical Prior

Positive-defined condition(for hadrons):
Softplus [og(1 + )
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Physics-Driven Deep Learning

2. Reconstructing Spectral Function

Phys. Rev. D 106, LO51502

— -3 — -4 — -5 noise level €
Mock Test I. £=10 £€=10 £=10 N = 25 points
1.0- 1.0-
(BW)( ) — 4AT w
e (M2+F2—a)2)2+4F20)2 0.5 { 0.5
A=10T=05M=20 00 00
10 0 5 10 0 5 10
0.75- 0.75- 0.75-
A, =08,4,=10,T,=T,=0.5 % 0.50- 0.50 0.50°
My =2.0,M =50 0.25- 0.25- 0.25-
0.00 = 0.00 0.00 |
5 10 0 5 10
W W
—— Ground Truth - MEM —— NN —— NN-P2P
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Physics-Driven Deep Learning

2. Reconstructing Spectral Function Phys. Rev. D 106, L051502

noise level ¢ = 10™* with N, = 25 points

Mock Test II. 1. Single-peak functions

1. Gaussian Double Gaussian Lorentzian

1.5 1.5 1.5 2. Non-positive-definited SPs
3. Lattice QCD mock data

3107 | 1.0 | 1.0-
< Thermal (details see arXiv:2110.13521)
0.5 0.51 0.51
*dw
G(t,T) = 2—K(a), 7, T)p(w,T)
| | | L7 X . - | — ~ 0o <%
0.0 25 50 7.5 10.0 0.0 25 50 7.5 10.0 0.0 25 50 7.5 10.0
W W W cosha)(f—%)
— Ground Truth  ——- MEM —— NN —— NN-P2P Ko,z 1) =———%

2T

2 0.6
0.2
0.4-
0.0
§ 0.21 §
Q QL -0.2
0.0-
—0.4
—0.2-
0 2 4 6 8 10 0 2 4 6 8 10 0.%,0 0.1 0.2 0.3 0.4 0.5
N y . . . . . .

wa
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Physics-Driven Deep Learning

3. EXtraCting NUC|ear Force N. Ishii, S. Aoki, and T. Hatsuda, Phys. Rev. Lett. 99, 022001 (2007)

1.2f 600f 100 e
= 1.0 . :
S ' - 5
g 08 e ';
5 06 = :
@ : = :
: 3 :
= 04 ;
Z _:
< 02 .

0.0 —

0.0 0.5 1.0 1.5 2.0

Local Approx.
Gradient Expansion

Nambu-Bethe-Salpeter (NBS) wave function — Nulcear Force

(k*/mn — Ho) Ynps(7)

Ynps(F) = (ON(FAN(O)|N (k)N (=k),in) HAL QCD method
~  el0uk) sin(kr —In /2 + 6;(k))/(kr) - /dT_’IU(F' )¥nps(T)
(at asymptotic region) (Schrodinger eq.)
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Physics-Driven Deep Learning

3. Extracting Nuclear Force

Separable Potential Neural Network Hadron Force
Ur,r') = ov)v(r), uvir)=e Uy(r,r’) = w exp(—un)fy(r), for) = Vyp(r)
- - lEpolchl30lOOO. . -
€ [ N e Loy —— — Tue -
¢, (r) = = [s1n{kr+50(k)}—sm6o(k)e <1+ » >] - %___ NN

sf |

kcot50<k)=—# [2u<u2—k2>——3” :;kz(ﬂz+k2)2+(ﬂ;ﬂ-;]i)4] e - ]

3 | |

_ > oal-—————

Nambu-Bethe-Salpeter (NBS) wave function . ]

No Approx. S N — B

qbk(r)e_Wkt = (0 Nx+r,H)N(XX, 1) NN,W,) ’ .

(B, — Hy)py(r) = Jd3 r'u(r, r')g(r’) 0 2 4 6 8 10

i L <z = Zjd% [(Ek—HO) gbk(r)—Jd3 rUr, r’)gbk(r’)] R]
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Physics-Driven Deep Learning

3. Extracting Nuclear Force

Yokawa Potential Neural Network Hadron Force

2 —Uur —
V) )y = By V)= — o’ Vi) = 1)

2m r
Epoch 40000
T '. R R R R
Of | - ' : .
Wave Functions in Yukawa Potential: V(r) = — %= : r
S R e B e ~25E fro .- —
006+ N1 o E— - | | | | ]
F ; s s | T —50F ¢ ]
0.04 ~75 _ .............................................................................................................................................................. ]
S :
- 2 —100F | ]
o 002 | S
S —125F | :
0.00 S [ N R R R 1
[ —— n=0, E=-0.80 | 150; ;
ool — n=LE=003 No Approx. I M - p—ra
] —— n=2,E=0.25 : NN |
— n=3,E=0.61 - ﬁ —200F |
S e m s S R 2 R

< = 2 Z [(En - HO) ¢n(r) - VNN(F)an("‘)]2
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Other Works

Extracting heavy quark potential

—  &F o W@ Vi(T, ) - |, |
2 XL : / — m;, ]_; ‘h
¢ osns / """"" - D
. ‘ - ' r
%‘ ' e - eeE Yi(r)
| S XX < Schrodinger Eq. Solver
> S o
0 2 ee - 86 5 8 |
= /ar/:': a <3 (|D ?‘;
0.0~ 1.0
| — 05 aJ dJ 2
T (Gev) O e il ) 0) )
update ow;) Ob} oV (r)
S. Shi, K. Zhou, J. Zhao, S. Mukherjee, and P. Zhuang, Phys. Rev. D 105, 014017 (2022). /

— = E— — — — — . - - = S
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Other Works

y
Extracting heavy quark potential }
P
Learning quasi-particle mass ...~
pety S e e e e, e, e, e, .- - - ——-— | Inpu

S e T :
T xb‘ , - i ResNet : : hidden layer :
2| QQ 223 2522 — + X 3= Mass, : activelfunction :
. ! | . 1
—~ | ! : Ul ,I hidden layer |
g . 1.2_ — T — - . mu]/d _ :\ ResNet : ResNet a— i :
1 = = _ = om ] R L L L e ’ | !
= 0 = ”/;E Lor e output : hidden layer :
== _ : ( — N ! I
VI % (a) HotQCD | LnZ “ p ” : - . :
1 i av ” | : | F(input) + input |
] | |
| liliin e g e | :
e \,\~ '// n “ ;
0.0 Bﬁ\ / 1.C £—3p ” A —— :_______________.!

| TEew 02 9 | | |

h\/fo r (fm) | cip | s ——
\__/
070 5 2.0 25 v
2
/T L(W,b) = |Strue - Spredlz + [Atrye Apredl + Lyc

F.-P. Li, H.-L. L4, L.-G. Pang, and G.-Y. Qin, Deep-Learning Quasi-Particle Masses from QCD Equation of State, Phys. Lett. B 138088

— — e EE— e e — e — - - — — ——— -
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Summary |

 Inverse Problems

e Data-driven learning Phys
* Physics-driven learning - 0

fo N
* Physics-driven deep learning ) L = (0— 0)

* Neural network representations
* Gradient-based optimization

 Future works

* Nuclear Matter EoS N\

¢ =arg max {p(X | 0)}

» Spectroscopy [githubl, github?2]

e NN-Nulcear Force
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https://github.com/Anguswlx/NNSpectrum
https://github.com/ShuzheShi/SpectralFunction

Generative Models




enerative Models

L. Wang

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

generated distribution

unit gaussian

generative

model
(neural net)

Sampling

true data distribution

p(x)

image space

image space

Generative models
— Underlying Distributions in Data

@blogs of OpenAl

N
mglx H Po(X,)
l:

41

ChatGPT
prompt
IIRIISIL AR 9SAL
A E@ERED toxtualcte.
B <— tokenization Eg Eg = EE) training data
! B e
foken vector
representation 8 8f8 & .
. veinforcemen
\ //‘\\ / fmim’ng
I’ \\
0 4' 0 4' o
.4’ 4& A'A O A'A,

1

.A‘\':" XN 4) )
WAV VY

V‘V QN ",k language model

"' /=0 neural nef

b
TN TN NN |
Ll

- =

iterative token
[ / I «——"9eneration
N L <« probabilistic
o | | = choices

|

AL QAR 200 AR SRR LA SRR LS SRR LEL AR el
AR AR SRR AR A B, A e

AALSSAL AR LR AR AR LSS AR S

generated fext
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Generating Samples

[
QN
2
<~
=
N

p(¢p)
(0)

2
|
>

N Lattice QCD © Derek Leinweber/CSSM/University of Adelaide

— Physical Distribution, Sampling
via Generative Models

Global Sampling

Fast and Independent Sampler

Heavy-lon Collisions © 2010 CERN
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Generating Samples

Maximum Likelihood Estimation(MLE)

N
I I Generative models

IIl;lX p(Xl ‘ 9) \[—\ trained with maximum likelihood ) l
=1

Explicit density models [ Implicit density models ]
Tractable density Approximate density [ Direct ]
e _f H(X)
L i l GAN
o

P Q(X) = Tg [Pixel_wise] [Flow_based] [Variational] [ Markov chain ] [Markov chain]

approx. Monte Carlo Monte Carlo
FVBN Normalizing flows VAE Boltzmann machines GSN
- - . . NADE, MADE Autoregressive flows
from a statistical phsyics perspective PixelRNN. PixelCNN  B-NVP. MAF. IAF. ..
WaveNet

|. Goodfellow, arXiv:1701.00160 (2017)
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enerating Samples

Vi
0.18
10 quantiles -==- truth
0.161 GAN trained on 100 data points — fit
1 Sample
— 0.14 GAN
§. 0.12]
| >,
_.0.10
X
o
0.08+
0.06+
|
0.04
| .
0.02
Image: S. Diefenbacher/UHH
"View of the ILD detector concept.”, International Large Detector (ILD) 0.00 - - . r . . >
-8 -6 -4 -2 0 2 4 6 8
Ii Input Sampling Intermediate ST Output collaboration. From: |LC technical design report, Volume 4: Detectors X
—O—O —| Critic
X[ Encod Decod . [Post Processor| [<
ncoder — ecoder Network
|I]_ I L _.\',_D Leritic [
[K1D] |\ [MSE |— Gregor Kasieczka ,etc. (Hamburg Group)
N(0,1) |——
|
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https://www.physik.uni-hamburg.de/iexp/gruppe-kasieczka/personen/kasieczka-gregor.html

Generating Samples

Event Generation and
Detector Simulation
| \nm:.,,,,;” )/ ) N \ | Monte-Carlo
30 H GAN
Real | %25
| \ Discrli)r(nxi)nator_> ° 3_%15
l‘ N /' EM-distance -g .

“Tjmn

0.38 0.40 0.42 0.44 0.46 0.48 0.50 0.52

1912

Lattice

Configurations Conv2D (Conv2D+Pooling) x 2 Flatten Fully connected

K. Zhou, G. Endrddi, L.-G. Pang, and H. Stécker, Phys. Rev. D 100, 011501 (2019)
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https://www.physik.uni-hamburg.de/iexp/gruppe-kasieczka/personen/kasieczka-gregor.html

Generating Samples

Vs

|

L. Wang

Event Generation and
Detector Simulation B

7“#-"7‘74—"7"7“7’#”_""*
Z [IayerS] ""*»,,.ﬁym*vyﬂ_,f

Image: S. Diefenbacher/UHH

Generating Field Configurations

// Flow-based Monte-Carlo

Lattice

Configurations

K. Zhou, G. Endrédi, L.-G. Pang, an{

EM-distance

Markov

chain

Proposals from
flow model

‘
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https://www.physik.uni-hamburg.de/iexp/gruppe-kasieczka/personen/kasieczka-gregor.html

Generating Samples

1. Spin Configurations

Autoregressive Networks model Likelihood g,(s) explicitly

L. Wang

go(s) — p(s) =

Input
(Configurations)
<

e —E(s)

/

Masked Convolutional Layers

A
: Sample

Output

(Parameters of Mixture Distributions)

qy(s)
Q@ «—

Hidden Layers

47

Chinese Phys. Lett. 39, 120502 (2022)

Kosterlitz-Thouless(KT) transition, with (Vortices)

W e - Y e W v Y r Y r -
N NN ¥ e yw~el|

XX N SXN*s /¥« » X \ «

\\\\\4—\4—//4—/

R A A XANXNZ XXX
~— =Xt} 7} -

Probability Distributions from CANs

AN AR XA Z XXX

W - - Jf - N v y v Y £ -
N\ NN ¥ -« N v r g\~ |
XN X XN NNX /e X | -
~ W W VY N ) - - N\ » »r

\\\\\4—\4—//4—;/‘
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http://cpl.iphy.ac.cn/Y2022/V39/I12/120502

Generating Samples

2. Field Configurations

Fourier Flow Model

Zy~po(2o)

More priors. More stable!
for training neural networks

Discrete Fourier transformation (DFT)

L. Wang

Phys. Rev. D 107, 056001

4 ™
nE N @ - @ (|
. J
Fourier Frequency(Matsubara) Space
50 50
f2=2 0.5 f2=3
- 40
- 30
205
- 10

48

IDFT :
x~q(x)
14
® Eo(F-flow+MCMC)
124 * B E:(F-flow+MCMC)
< % E>(F-flow+MCMC) *
101 O Reference, Ep
* [[] Reference, E;
> 8 -
o *
S 6l * o
B L
Oy
5. s iy ®
@ O
0 T : :
5 4 3 2 1 0 -1
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Space Opera, Jason Allen via Midjourney



Diffusion Models

Lingxiao Wang via Dreamstudio

Quark-gluon plasma under electromagnetic fields Quark-gluon plasma under strongly rotating

QPT 2023



Diffusion Models

Forward diffusion process (fixed)

* Forward diffusion process gradually
adds noise to input

Noise

* Reverse denoising process learns to o O O T T
generate data by denoising

* Train Probabilistic Models
to learn how to convert a simple
distribution to a target distribution

Data Noise

o A A A A A

Ho et al., Denoising Diffusion Probabilistic Models, NeurlPS 2020

L. Wang o1 QPT 2023


https://arxiv.org/abs/2006.11239

Diffusion Models

Song et al., Score-Based Generative Modeling through Stochastic Differential Equations, ICLR 2021

 Forward Diffusion SDE

« Drift term: pulls towards mode dp
€ (@, ) H|8(S)m(S)

e Diffusion term: injects noise

Anderson, in Stochastic Processes and their Applications, 1982

e Reverse Generative Diffusion SDE

d
e Drift term is adjusted with a “Score Function” Tgf = [f (. 1) — () V ,log pt(¢)] +H g (?)

* Represent the score function with neural networks

dp = f(¢,$)dS + g($)n do = [f(¢,t) — g(t)*Vglogp.(P)]dt + g(t)n

@ @

l
I " \ ' ’ [
.\u“ ,h'L‘ h‘ A«kl' )\ “ \
h‘ AN “f’ ' M"‘ L"‘ ) “ ‘\L‘ “"1 LA ‘ “
N\ v*,q'"*’-w ‘

\ lﬂ A
A" ‘w, 4 ‘u‘ \ i A ", o
'ﬁrh A\ avl/ Y ' \ L f ‘\"
vy \V \ / V
A WA I
f " b 4

Po

Po Pr
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https://arxiv.org/abs/2011.13456
https://www.sciencedirect.com/science/article/pii/0304414982900515

Diffusion Models

Stochastic Quantization

a¢(x9 T) _ 5SE[¢]
or op(x, 1)

+ n(x, 7)

(nx,7)) =0, x,7nx', 7)) = 2a6(x — x")é(z — ')
7: fictitious time, a: diffusion constant

 Fokker-Planck equation

P19, 7] =aJd”x{ 0 ( 0 +%> }P[Cb,’c]
ot op \o¢p O

Equilibrium solution (long-time limit),

Pegld] e~ w7
e Set the diffusion constantas a = h

1
Peqgld] ~ e wortl = Pquantuml 4]

L. Wang

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

¢~P[¢'T = O]

Thermal equilibrium limit — Quantum distribution

1. No need gauge-fixing!
2. Can handle fermionic fields naturally
— (Complex Langevin method)

P. H. Damgaard and H. Huffel, Stochastic Quantization, Phys. Rept. 152, 227 (1987).
M. Namiki, Basic ldeas of Stochastic Quantization, PTPS 111, 1 (1993).

G. Aarts, L. Bongiovanni, E. Seiler, D. Sexty, and I.-O. Stamatescu, Eur. Phys. J. A 49, 89 (2013).
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Diffusion Models

DMs as SQ

e Diffusion models(Reverse SDE):

SDM

do _ o
— == =80V, log p(@) + g0y Pe q(¢ ) X € «a

e Define:7 =T — t(dt = — di)

%=gfv¢10gqf(¢)+gfﬁ pT:T(¢) — P[¢’ T]

dt

b(,41) = ¢(z,) + g2V ylog q, [#(z,)] A7 + g/ Atii(z,)

O(a) ~ O(h)
introducing Noise scale: (7?) = 2@, time scale: g,[zAT
« FP equation The reverse mode of
op () 5 5 1 a well-trained diffusion model at 7 — 1 serves as
PP _ Jdnx g’a +—=V,Spm ) ¢ PL&) the stochastic quantization for the input
ot op \op «a

V(ﬁSDM = — V¢10g qT(gb)
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Diffusion Models

DM for Scalar Field
Euclidean action on lattice  Diffusion models t=0 t=025 =05 =075 t=1
. T=10,0=125 -
(¢o(x + apt) — (%)) m(% Ao e
SE = Z d[z ) do + 474’3] - Data generation =

X

e 2-d 32x32 lattice; Hamiltonian Monte Carlo(HMC);
5120 configurations for training.

 Dimensionless form e
 Broken phase: k = 1.0, 4 = 0.022 * - . el A

« Symmetric phase: k = 0.21, 4 = 0.022

SE = Z [ 2r<2 POP(x + ) + (1 = 2D (x)? + Ap(x)"]

p=1 ARATr A 7 J 15fnp*
Ty = (200" 60 HMC RS [y o
1-24 64 _
(amg)? = —2d, a"iy=— >0
K
. 40
 Hopping parameter K, o
O
Coupling constant A £ 30
=
201 data-set (M) X2 UL
Training(HMC) | 0.00124+ 0.0007 | 2.5160 + 0.0457 | 0.1042 + 0.0367
10- Testing(HMC) | 0.0018 £ 0.0015 | 2.4463 + 0.1099 | -0.0198 + 0.1035
‘II II 1 Generated(DM) | 0.00174 0.0015 | 2.4227 + 0.1035 | 0.0484 + 0.0959
0_ IIJ i — |

-0.1 0.2
Magnetlzatlon
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https://arxiv.org/abs/2309.17082

Summary I

Masked Convolutional Layers

e Generative Models

* Generating Samples

* Spin system: Continuous autoregressive

networks
 Field: Fourier-Flow model - -
. Diffusion Models ® - O-© |
 Stochastic Quantization scheme JL M
zy~po(Z2o) x~q(x)
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Representation Learning
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Representation Learning
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Representation Learning
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Rapidly Developing
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FIG. 2: (color online) The PCA architecture used in our analysis.

X(mp = X(mmV{in)

oLy, — === Joss L
a, | —-—" "~ DA %8, ”
Exploring percolation phase transition in the Ising model with machine learning i 55 E R . '
Source Label predictor
I Feature | f ! Class label y
i extractor \ -
. Features f — l
Input LXLxL N
6, ~ _ _ Grandient Domain label d
re:;;:?l - —— Ag%% o ___IIHEHI!II

16 16 32
features features features
17x17 17x17 9x9

Jet image
33x33

flattened
2592

12.17 morning

9:20-9:40 Deep learning jet modifications in heavy-ion collisions Yilun Du

-

fc output
128 layer

0.0

Translated Azimuthal Angle ¢

-0.3

< o ¢
w

Translated Azimuthal Angle ¢
|
© © o o o o o °
> W N R O B N S
;-
]
= o
m
I I I o
) o N~ W
o =

8x8 conv, 16  7x7x16 conv, 16 6x6x16 conv, 32 bn, PReLu
bn, PReLu bn, PReLu bn, PRelLu dropout(0.5)
dropout(0.2) dropout(0.2) dropout(0.2)
avgpool(2x2) avgpool(2x2)
|
12.18 morning
T
0.20¢ @ Our Model
. . . . . . o @ Holographic Model |
9:00-9:20 Searching CEP in a holographic model with machine learning Xun Chen |
A‘ (@) @ Holographic Model Il
0.15¢ * A A Bag Model
O A Quasiparticle Model I
0.10+ ) O A Finite-Size Scaling analysis
® A Chiral mean field model(Yq=0, Ys=0)
Q DSE
0.05} O FRG
O PNJL
L 1 1 1 L L s u % Coalescence model
0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4

L. Wang c0

Average of normalized
jet image, 0.25<x;, <0.50

Average of normalized
jet image, 0.70<x;, < 0.85

jet image, 0.50<xj, <0.60

Average of normalized Average of normalized

jet image, 0.60<y;, <0.70
107t

1072
10-3
107*
107

107

Average of normalized
jetimage, 0.85<xj, <1

Correlation of xj, with
per-pixel of jet image

0.1

0.0

-0.2 0.0 0.2 0.4 -0.4 -0.2 0.0 0.2 0.4 -0.3
Translated Pseudorapidity n

QPT 2023



Thank You !

ML meets Physics, Opportunities and Challenges

Kouzou Sakai @Quanta Magazine



