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The essence of discovery in sciences has always been rooted in the reverse engineering of natural phenomena and observational data. This
paradigm of deducing the underlying laws of nature from observable outcomes forms the cornerstone of our scientific inquiry. The DEEP-IN
working group is established with the recognition that the elucidation of such complex phenomena demands a fusion of physics
insights and advanced deep learning methodologies.

In response to the evolving landscape of scientific research, our objective is to integrate cutting-edge deep learning techniques, alongside
generative models and other advanced statistical learning methods, into the toolkit of scientists.

The DEEP-IN working group at RIKEN-iITHEMS is dedicated to creating an interdisciplinary platform that harnesses the transformative
potential of artificial intelligence(Al). This platform is designed to tackle inverse problems that span a diverse spectrum of sciences, from
biology to physics and more in the future.
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DEEP-IN Working Group Website

Objectives

The essence of discovery in sciences has always been rooted in the reverse engineering of natural
phenomena and observational data. This paradigm of deducing the underlying laws of nature from
observable outcomes forms the cornerstone of our scientific inquiry. The DEEP-IN working group is
established with the recognition that the elucidation of such complex phenomena demands a fusion of
physics insights and advanced deep learning methodologies. Historically, the exploration of sceinces
has relied heavily on intuition and empirical exploration, with methods like inference playing a significant

role in our understanding.
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Why Machine Learning?

Prog.Part.Nucl.Phys. 104084(2023) (Invited Review)

Quark-Gluon Plasma

Lattice QCD

. Progress in Particle and Nuclear Physics xxx (xxxx) Xxx
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Progress in Particle and Nuclear Physics
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)
P ¢ Exploring QCD matter in extreme conditions with Machine Learning

— S=E : a,b,* 13 - a,* ~ c,* s d,e,*

o ) Heavy_ |0n C0"|S|0ns Kai Zhou *"-*, Lingxiao Wang *", Long-Gang Pang “", Shuzhe Shi

2 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
¢ Institute of Particle Physics and Key Laboratory of Quark and Lepton Physics (MOE), Central China Normal
University, Wuhan, 430079, China
d Department of Physics, Tsinghua University, Beijing 100084, China
¢ Center for Nuclear Physics, Department of Physics and Astronomy, Stony Brook University, Stony Brook, NY 11794-3800, USA

.
‘ ) 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
:‘:af’y 1‘3’(‘:;0111510“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.

Neutron star
Inverse problem

Hadronic Matter

‘\
»

Nuclei

Vacuum Baryon Chemical Potential

Heavy-lon Collisions : Large number of data! Complicated simulations!
*Neutron Star : Accumulating observations! Poor signal-noise ratio!
o _attice QCD : Computationally consuming! Physics extraction!
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https://www.sciencedirect.com/science/article/pii/S0146641023000650

What is ML?

Big Data + Deep Models
Artificial Intelligence (Al)

Machine Learning (ML)

@ 0openAl

N @ GPT-4

Deep Learning (DL)

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

Machine Learning (ML) is a subset of artificial intelligence that involves the e T ‘ @ \:"Mf)’/
creation of algorithms that allow computers to learn from and make | i 7 » :::: v ""r,!?’} 7
decisions or predictions based on data. It's essentially a way for computers to 12 ' N -- / |
"learn" from data without being explicitly programmed to do so. —— TR DALLES3
— ChatGPT-4
O Spicy Gluons 2024

L. Wang



Machine Learning and Physics

question

An inverse problem in science is
the process of inferring from a set
of observations the causal factors
that produced them.

@t’) =X, + E

decoding answer

encoding

representation
observations

Phys.Rev. Lett. 124, 010508 (2020)

Prediction

Estimation

Data, X Machine, {0}
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Inverse Problems

L. Wang

taken from

S.A.Bass
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Heavy-lon Collisions

Pion Spectra
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Configurations
40%30 Input
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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)=——7—

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

0}
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Data-Driven Learning

Forward process
Physics /\ Data

Model Parameters/ Observations

o \/

Inverse Mapping, f,
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Data-Driven Learning
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Deep Neural Network
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Universal Approximation Theorem (1989,1991)

®

: : : - U % o |
A feed-forward network with a single hidden layer containing a e L ®
finite number of neurons can approximate arbitrary continuous NP
fu nction S 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

= [— —

//})etermine Impact Parameter

3x3 C
600 |

Recognizing QCD
Phase Transitions

400 |

p, (MeV)

200 F

5

>
wn

600 |

400

HIRIni

p, (MeV)

p(pr, D)

200 F

10x10 [ .
600 | °

400 | °©

p, (MeV)

oo o
OOoO0oooo

O

200 |

Cross-Over
or
1st order PT

20 x 20 [ . 2ag)
600 | 2285
- =00l

: « o000
400 1 3o
°a [

p, (MeV)

B L] OSSD
- oa
= o000
200 | = = 0000
o » 0000

L. Wang 12

Hydro data
CNNs+DNNs

Input 15X48
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Data-Driven Learning
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Recognizing QCD
Phase Transitions
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Our Current Works

L. Wang

Phys. Rev. D 103, 116023
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https://link.aps.org/doi/10.1103/PhysRevD.103.116023
https://link.aps.org/doi/10.1103/PhysRevC.106.L051901

Our Current Works
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Our Current Works

(=) with Jiaxing Zhao, Liang Zhang
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Our Current Works

with Jiaxing Zhao, Liang Zhang
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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

L. Wang
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https://arxiv.org/abs/1804.06469

Physics-Driven Learning

L. Wang
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J. E. Bernhard, etc.(Duke Group), arXiv:1804.06469
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Physics-Driven Learning

L. Wang
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J. E. Bernhard, etc.(Duke Group), arXiv:1804.06469
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BSK19 A

BSK20

ENG
GNH3
GS1
H4
MPA1
MS1
MS1b
NJL
QMC
SLY
SQM1-3
PAL6
- WWF1
- WWF2 _
WWEF3 4

vl
(%2
Q
—

1

| I — | I | I I L1 1 l

W Astro+Exp

:=REREENENESEERERNERERERERNERERRERE RSN REENE RSN RRERE NN ERE RRN N ==
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Radius (km)
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https://arxiv.org/abs/1804.06469

Physics-Driven Learning

//Building Nuclear Matter EoS

a
3 s Physics Parameters are Finite
_ pzem, EoS, Wave-Function, Potential,
E e ;2
2 o ; a
: —oe |
I -y Inference is Easy-To-Compute
| =M | ODEs, PDEs, Simulations, ...
ll 25 L : - ;S;Lyéé - 0.0 4—-6.|A5t:(;+E)fplw ....... 1|2 ........ : : ....... 1|6 ........ 1.;.1...;

Radius (km)

Density (fm™3)
F. Ozel and P. Freire, Annu. Rev. Astron. Astrophys. 54, 401 (2016)
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Physics-Driven Deep Learning

A\

¢ =arg max, {p(X | 0)}

Phys Wb <
- o0 T S
f 6 ) o > > L
— [ = (0_ 0) o(2) v —9)%/2
BP x
Deep Neural Network represented Physics, f, Back-Propagation
Flexible Representation Easy-To-Compute on GPUs
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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 core e
dP m(r)e(r) P(r) 47r3P(r) 2Gm@r)\ ! y
—=-G 1 + 1 + 1 -

{ dr r2 e(r) m(r) r y
dm(r) ) Nat. Rev. Phys. 4, 237-246 (2022)
= 4rr<e(r)
r Hydrostatic condition
in each shell (dr)
P(e) = 0
Core | r=0,e(r=0)=¢,P(r=0)=P(e)
Surface l r=R,e(r=R)~0,M = [47tr28(r)dr
R

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

2.0- |

5 | T
__ E 1.5 hi:; 11
| 1.0]
R 1 ] S S —

10 500 1000 1500 7.5 10.0 12.5 15.0
¢ (Mev/im®) \/ o T
L. Wang 29
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Physics-Driven Deep Learning

1. Building Neutron Star EoS Phys. Rev. D 107, 083028; JCAPOS8 (2022) 071

(b) TOV Solver
)
( \
32x2
] < ) <\__________________________________:
- P; \ \
oi | I \ [ = N, 2 2
% _ Il 12 2y obs z) (Ri - Robs,i)
r o= | AR?
e | m
% / \ \ \ﬂ T . |
\ l - 32 x 32 32 x 32 32 x 32 LOSS function
| 32x1 32x1 |
32x1 32 x 64 32 x 64 32 x 64
5 ; 2
/ / / (M;, R;) \ . .
| Y ) w [ , / (M., R) : predicted Mass-Radius
— / / obs,i » Nobs,i
) NN EoS o L= z ” /7 oo (M obs.i» Rops.i) - observed Mass-Radius
2] l

£ Ay « (AM;, AR)) : uncertainties

r e(ﬂ) \
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https://link.aps.org/doi/10.1103/PhysRevD.107.083028
https://doi.org/10.1088/1475-7516/2022/08/071

Physics-Driven Deep Learning

1. Building Neutron Star EoS

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

=
o
N
11l

=
o
=
11l

Pressure (MeV/fm?3)

s
au®
nm®
-----
nu®
nu®
"
.

| xEFT+Astro

©.....- PRD.101,054016
.. AJ.765,L5

L __1 ARAA.54,401

68% CI (This Work)

L. Wang

600 800 1000 1200

Energy Density (MeV/fm?3)

400

2.5

Phys. Rev. D 107, 083028

AN

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

Mass (Mg)

10 20

‘____?._’_':'
~ ,
\\ I's .
\\ \ Q)
Y Il
\
=
\
—
v
. \
I 4 1
& A
\
\
/7
- 1
...» PRD.101,054016
.1 A.765,L5
L —1 ARAA.54,401
I 68% CI (This Work)
I I
8 9 10

Radius (km)

Our results: R, , = 11.6 £ 0.43 km (68% ClI)

27

Radius (km)

Observable Mass(M) Radius(km)
M13 1.4240.49 11.7142.48
M28 1.0840.30 8.89+1.16
M30 1.4440.48 12.044+2.30
NGC 6304 1.414+0.54 11.754+3.47
NGC 6397 1.2540.39 11.484+1.73
wCen 1.2340.38 9.80+1.76
4U 1608-52 1.604+0.31 10.364-1.98
4U 1724-207 1.7940.26 11.474+1.53
4U 1820-30 1.7610.26 11.31+1.75
EXO 1745-248 1.5940.24 10.4041.56
KS 1731-260 1.5940.37 10.4442.17
SAX J1748.9-2021 1.70£0.30 11.254+1.78
X5 1.1840.37 10.05+1.16
X7 1.3740.37 10.874+1.24
4U 1702-429 1.9040.30 12.404-0.40
PSR J0437-4715 1.4440.07 13.604-0.85
PSR J0030+0451 1.444-0.15 13.024+1.15
PSR J0740+6620 2.0840.07 13.7042.05
Spicy Gluons 2024


https://link.aps.org/doi/10.1103/PhysRevD.107.083028

Physics-Driven Deep Learning

2. Reconstructing Spectral Function

M. Asakawa, Y. Nakahara, and T. Hatsuda, Prog. Part. Nucl. Phys. 46, 459 (2001)

Correlation Function

k=0,
Spectrum representation Energy eigenspace
0 — —-E 2
G(t,T) = J' K(w, 7, T)p(w, T)dw () = Zae <& [ JO) ] €, >
0 — 2 —-Er
1 T—0 B Z lenl”e R
coshw(r — =) =0 .
Kw,z,T) = — : Discretization
sinh > -
Thermal Kernel G(7) = J e p(w)dw
0

Laplace Kernel

Spectral Function
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https://www.sciencedirect.com/science/article/pii/S0146641001001508

Physics-Driven Deep Learning

2. Reconstructing Spectral Function

Kallen—Lehmann(KL) representation

D(p) = [ K(p,w)p(w)dw EKp.o) = ﬂ(wf;pz)
0
0.201 "
b 0.15]
3 1.0 :5: _
5 o 0.10 |
0.5 0.05{ 4,
0.0 0.00+ ..."'“:::3:55553;33333Sttnunnnuu

0 5 10 0 10 20
W p
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Physics-Driven Deep Learning

2. Reconstructing Spectral Function

Phys. Rev. D 106, LO51502

J K(p, w)py(0)dw = D(p)
0

L. Wang

~ : )
Forward
D(p)
N w
Z Aw = |[ i
i I :
| |
| |
| | )(2 Loss function
| |
), | | .
_ 2
: : w o(w i i Zz = Z wi(D; — D(p;))
| | _ | | [
@) &) (b) N : :
I | |
f”p / % Backward i :
e i | & %
- 0 a'e a VoL Np [ )
XN i) 7 .
%) VoZ = %K(Pj’ W) a;ij) Vo i \ [ _)
g D(p:)

30
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https://doi.org/10.1103/PhysRevD.106.L051502

Physics-Driven Deep Learning

2. Reconstructing Spectral Function

L. Wang

D
Q

Jeifeifeileljeilel o] eljei[e)

p(w)
(] |:] Softplus
—  Weights
O Nodes

NN : (1019/029 .“’pr)

Differentiable variables : Network weights {6}
Adam, L2 (1 = 1072 = 107%), Smoothness (A, = 1074 > 0)
width = 64 and depth = 3 with bias

NN-P2P : p(®)
Differentiable variables : Network weights {0}

Adam, L2 (1 =10"% - 0)
width = 64 and depth = 3 with bias

31

Phys. Rev. D 106, LO51502

Regularization

L2:1 |03

N(U
Smoothness: A, Z (p; — picy)’

l

Gradient-based Optimization

Adam: 0, =60, ——" i
ﬁ + €
Physical Prior

Positive-defined condition(for hadrons):
Softplus [og(1 + ¢*)

Spicy Gluons 2024


https://doi.org/10.1103/PhysRevD.106.L051502

Physics-Driven Deep Learning

Mock Test I.

AT w
(M2+T2 - a)2>2 + 4122

p P (@) =

A=10,I"=05,M=20

L. Wang

2. Reconstructing Spectral Function

0.00

e=10"3

10

10

e=10"*

1.0-

0.5

0.0

10

0.75;

0.50+

0.25;

32

Phys. Rev. D 106, LO51502

£=107"

noise level ¢
N, = 25 points

1.0-

0.5

0.0

10

0.75;

0.50+

0.25

0.00

NN-P2P

10
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https://doi.org/10.1103/PhysRevD.106.L051502

Physics-Driven Deep Learning

2. Reconstructing Spectral Function ys. Rev. D 106

noise level ¢ = 10~ with N, = 25 points
Mock Test I ' '
. 1. Single-peak functions
1. Gaussian Double Gaussian Lorentzian -y = ==
Ls| ) 151 151 2. Non-positive-definited SPs
1ol | o Lo 3. Lattice QCD mock data
[SY Thermal (details see arXiv:2110.13521)
0.51 0.51 0.51
\ “dw
\ G, T)=J S K@.7.T)p@.T)
| | | - ="/ AN | == - 0o 47
0055 50 75 100 %% 25 s0 75 100 0T 25 50 75 100
w W w coshw(r—%)
—— Ground Truth - MEM ~—— NN —— NN-P2P o= sinh 37
0.6
0.2
2.
0.4-
0.0
§ 0.2 §
Q Q -0.2
0.0-
~0.4
_02_
0 2 4 6 8 10 0 2 4 6 8 10 0.5
w w
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Physics-Driven Deep Learning

3. Extracting Nuclear Force N. Ishii, S. Aoki, and T. Hatsuda, Phys. Rev. Lett. 99, 022001 (2007)

600F 100 o -

Vc(r) [MeV]

NN wave function ¢(r)

Local Approx.
Gradient Expansion

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

. I - (k*/mn — Ho) ¥nBs(7)
Ynps(f) = (OIN(PN(O)|N(k)N(~k),in) HAL QCD method
~ "W sin(kr —In/2+ 6(k))/(kr) = /df"U(F’, 7 )YnBs(T)
(at asymptotic region) (Schrodinger eq.)
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Physics-Driven Deep Learning

3. Extracting Nuclear Force

Two identical-particle
interactions

@ rrsannnnannannnnns Residual of
= > Schrodinger Eq.

(B — Hy)py(r) = Jd3 r'ur, r')g(r’)

k? V? My
Ek = —, HO = - —, = —
2m 2m 2
¢ (1)
or
Rt (T) Phys. Lett. B 712, 437 (2012)
1l & 9 H, » R, 1) [4 2dr' Ur, r)R(t, )
— — V)= |4nr-dr U(r,r , T
Amy 02 ot ©
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Physics-Driven Deep Learning

in preparation ( with HAL QCD)

3. Extracting Nuclear Force

Neural Network Hadron Force

Separable Potential

UNN(> 1) = afy(r, 1)

~N o o / . —yur r =0.1, Epoch 400 r' =0.1, Epoch 400
Ur,r) = wv(r)v(r), uvir)=e™ o
‘ 0.75 —— True
fﬁ,?(”) _ 2190k [sm{kr + 8,()) — sin 8, (1 4 r(u? + k2))] 2 0.50 \
kr 2u =) \
0.251
 cot 5,6 = _# lzﬂ(ﬂz_ o 3;2; SN (u;; 1?4] — 0.006 ]
rIR] rR]
r =1.0, Epoch 400 | r' =1.0, Epoch 400
_ ~--= NN
Nambu-Bethe-Salpeter (NBS) wave function — True
No Approx.
P (e M = (0| N(X + r, HON(X, 1) | NN, W) |
(E}, — Hy)y(r) = JCP r'U(r, r')gy(r’) '
4 5

k2 V2 my
E=—, Hy=—n—, m=—2

2m’ 2m 2

2
Z = Z [d3 r [(Ek - HO) Py (r) — Jd3 r'Uy(r, r’)gbk(r’)]
k
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Physics-Driven Deep Learning

3. Extracting Nuclear Force

O O Interaction Neural Network Hadron Force
ccce ccce
QcccQccc potential in s-channel
1 62 0 12 7. / /
> Hy, ¢ R(t,r) = |4nar~dr' U(r, r)R(t, ')
S
S
Nambu-Bethe-Salpeter (NBS) wave function =
>
R2=R,,—2R,+R_,R1 =(R,,, —R_)/2,Rr = V°R(t,7) |
-2
My = 2073, d_l = 2333.0MeV F i\lls | e HALQCD _
=26 No Approx. -100- ¢ === NN potential(r = r') -
Phys. Rev, Lett, 127, 072003 (2021) _— 0.0 05 1.0 15 20 25 30 35 4.0
rfm]

1 1 /2 / / /
£ = Z 4—R2(t, r)— RI1(t,r)+ —Rr(t,r) — J47TI" dr'Uy(r, v )R(t, 1)

oy oy
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Physics-Driven Deep Learning

3. Extracting Nuclear Force

Neural Network Hadron Force
Ug(r, r')[MeV]

Q Q Interaction

ccecm T ccec

Ueg(r, r')[MeV]
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Summary |

L. Wang

* Inverse Problems
e Data-driven learning
* Physics-driven learning

* Physics-driven deep learning
* Neural network representations
* Gradient-based optimization

 Future works
* Nuclear Matter EoS

» Spectroscopy [githubl, github?2]

e NN-Nulcear Force

39

Phys
—_— 0

~ 2
— L=(0-0
BP ( )

~

fo

A\

¢ =arg max {p(X | 0)}
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https://github.com/Anguswlx/NNSpectrum
https://github.com/ShuzheShi/SpectralFunction

Generative Models
as Inverse Modeling




Generative Models

Training data Sampling
(e.g. 64x64x3=12K dims) ChatGPT
prompt
IR QIR 99
A E@E@ E@ ftoxtual ete.
B <— tokenization Eg Eg training data
| B
MDY WD) /
foken vector \/ 288
representation RR 88f8 & .
A ‘, reinforcemen
RANRI NG training
4 NV aN\NO Y
CROBOEFIEI N language model
LN neural net
NAUA
generated distribution true data distribution ' 00 jterative token
. . 6()() T [ I «——"9eneration
unit gaussian =: =1 L - prol.)abilisﬁc
generative WD D | 2 | | || S| choices
model
Oz (neural net) ; " J/
image space image space
AR AL LU SAREE SARLEE SRS AR AR

USRI AR AUAR A Ry, e M
ARSI PR LR AR PAR L pAR LS

@blogs of OpenAl
generated fext

Generative models N
— Underlying Distributions Iin Data max H pg(X,-)
0
=1
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High-Dimensional Distribution

[
QN
2
<=~
~
N

p(@p)
(0)

2
|
>

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

Prog.Part.Nucl.Phys. 104084(2023) (Invited Review)
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https://www.sciencedirect.com/science/article/pii/S0146641023000650

Probabilistic Models

X~p data(X)
7

N
max | I Po(X;) Maximum likelihood estimation(MLE) j_[ o ]
H trained with maximum likelihood
=1

J-[ Explicit density models J-] [ Implicit density models ]

N

max Z logpg(X;)  Maximum log-likelihood estimation

9 i= 1 Tractable density ] [Approximate density]] [ Direct ]
1 1 1 ]

Pixel-wise Flow-based Variational Markov chain Markov chain
approx. Monte Carlo Monte Carlo
Bishop, C. M. & Bishop, H. Deep Learning: Foundations and Concepts. doi:10.1007/978-3-031-45468-4. FVBN Normalizing flows VAE Boltzmann machines GSN
NADE, MADE Autoregressive flows
PixelRNN, PixelCNN R-NVP, MAF, IAF, ...
WaveNet |. Goodfellow, arXiv:1701.00160 (2017)
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https://doi.org/10.1007/978-3-031-45468-4

Probabilistic Models

X~Pp data(X)

€ ~Jo(X) Curse of Dimensionality

Po(X) = @Q

from a statistical phsyics perspective

5 Approaching Score Function
Vlog p(x) |

Sp(x) = Vylog py(x)
= —V_ f)(x)— Vi logZ,=—V_f,(x)

~0

Sy(x) — V log p(x)
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Diffusion Models

* Forward diffusion process gradually
adds noise to input

* Reverse denoising process learns to
generate data by denoising

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

L. Wang

46

Data

Data

Forward diffusion process (fixed)

Noise

o A A A

Noise

Ho et al., Denoising Diffusion Probabilistic Models, NeurlPS 2020
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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 d¢p _ ]
€ (¢, &) F+{8(E)n(&)

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

d¢ = f(¢,&)dE + g($)n dp = [f(¢p,t) — g(t)*Vglogp.(p)ldt + g(t)7

@I @

v
I " [ "
Mo A AN “\
N W f\ W AL
/ \W
h‘ My "y W . v W\ " {
N W W w\{h"‘ V\' 0 ﬁﬂ f \ 1 8 o'l
W Y l\l" A \ .J’ v
V'

|

%

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

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

oP[¢, 7] _ a[a’”x{ O ( ) +%> }P[gb,f] p~Pl, T = 0]
o7 50 \od = 50

Thermal equilibrium limit — Quantum distribution

Equilibrium solution (long-time limit),

~2Sel#] . .
Peql#] o e7=? 1. No need gauge-fixing!
2. Can handle fermionic fields naturally

— (Complex Langevin method)

e Set the diffusion constantas a = h

1
Pegld] ~ e wortl = Pquantuml 4]

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)

@=g3V¢10qu(¢)+gfﬁ pT:T(¢) — P[¢’ T]

dr

H(1,41) = P(z,) + 82V jlog q, [§(z,)]AT + g/ Atil(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¢SDM = — V¢10g qf(gb)
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https://doi.org/10.1007/JHEP05(2024)060

Diffusion Models

DM for Scalar Field JHEP 05(2024)060

° Euclidean action on |attice e Diffusion models t=0 =025 =05 t =0.75 t=1
« T=1.0,0 =25 )

0.8

d N 2 2
Sg = Z ad[Z (o(x + afi) — ¢p(x)) + m d)g N %4)61]

72 3  Data generation

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

Dimensionless form e Broken phase: x = 1.0, 4 = 0.022 *
e Symmetric phase: k = 0.21, 4 = 0.022

X u=1

d
SE= D [=2c ) p@)(x + i) + (1 = 20)p(x)* + Ap(x)*]

[ 1 . l. | o™= -
= g e
e e, .
ot e ' - 3 .
T ha F i
a L) » s " - "
: gy B N [yl
= | - i
L] SR ET0 i -
el . - 3 '
" g . 1 - u

u=1
a%ébo = (2K)1/2¢ 60 HMC
1-24 64 _ DM
(am0)2 — —2d, Cl_d+4/10 — — 50
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 4+ 0.0015 | 2.4463 + 0.1099 | -0.0198 + 0.1035
Generated(DM) | 0.00174 0.0015 | 2.4227 + 0.1035 | 0.0484 + 0.0959
0_ ‘
-0.1 0.0 0.1 0.2

Magnetization
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https://doi.org/10.1007/JHEP05(2024)060

Summary Il

Masked Convolutional Layers

Chinese Phys. Lett. 39, 120502 (2022)

e Generative Models
e Probabilistic Models

* Score Matching

Hidden Layers

Phys. Rev. D 107, 056001

e Diffusion Models

DFT iDFT
« Stochastic Quantization scheme — L oo (k) = () e J ©
e Future works A M
zy~po(Z2o) x~q(x)
 Diffusion models as SQ
. do = f(¢,§)d¢ + g($)n do = [f(¢p,t) — g(t)*Vylog p.($)]ldt + g(t)7f
» 2+1D Gauge Field (@) @

 Complex Langevin Method(CLM) for
Fermions

K
f’|
MM AR

| MV OW, i *'\ \ I

' Wi A \ M T Uindud ‘

v W/ A f
V) b "
{

Pr

A
i1\l
Pi] A /
M\ ! V K N
‘ M ‘H “‘J‘y ) \ ,{,»N»‘
'el rJ \ “l‘h”
i
i . ‘
!'v‘ WA ‘I
ol Al
!
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http://cpl.iphy.ac.cn/Y2022/V39/I12/120502
https://doi.org/10.1103/PhysRevD.107.056001
https://doi.org/10.1007/JHEP05(2024)060

Thank You !

ML meets Physics, Opportunities and Challenges

Kouzou Sakai @Quanta Magazine



Representation Learning

g A =¥
f@ Y — X Forward Mapping, f;

Physics Data

Model Parameters/ P2 /e Observations

Properties/States
w

Inverse Mapping, g,
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Representation Learning

V4

M,(1) €
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Representation Learning

V4

L. Wang
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-------- Experiment
o Autoencoder reconstruction
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Predict relativistic hydrodynamics

Stacked U-net
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Backups |

1. Building Neutron Star EoS

Uncertainty estimations Recall: Importance Sampling
« X : random variables
° - ' s f(x) : observables
X : reconstructed EoSs given a sample e e ELF00] = [ P = [ f(x)% O
OO(X) ) Observables, M, R, P « p(x) : original(true) distribution
« g(x) : reference distribution

Variance 0(0)2 = <62> — O?

Mean ) = é ZW(J)O(J) ] | Posterlor(a(f)sldata)
Weights /=

Proposal(o(f) L)

............. p(data|¢) o) Prims)

L2:exp(—A|10]12) ~ 1, A=1078

------ &
--------- () () () )
& p(OEoslsampIes )|- p(samples*’ | data) Ph?ﬂd\ata) W(j)ZW(j)/ZW(j)
p(data|0Y) ) « exp(—y*(Myy) R0<~>OS)) K -
K normalization
>
p@Y _|samples”) = 1 p(samples|data) = /(M Ape, AMDN (Rape, AR?)
EoS obs obs

deterministic
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https://link.aps.org/doi/10.1103/PhysRevD.107.083028

Backups |

1. Building Neutron Star EoS

L. Wang

| B 68% CI

Density (00)

Phys. Rev. D 107, 083028

= 68% Cl
2000 = 90% Cl
<
o
= 1500
©
S
@)
< 10004
- | GW170817
O | ! _ +390
) '. -
1.0 1.1 1.2 13 14 15 1.6 1.7 1.8 1.9
Mass (M)
Our results, A , = 286.47fH§'3
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https://link.aps.org/doi/10.1103/PhysRevD.107.083028

Backups |

2. Reconstructing Spectral Function Comput. Phys. Commun. 282, 108547

K,i€N,j€N,,N, <N,

— highly rectangular

* In practice, the Euclidean correlations D=Kp
have finite number of points and with
finite precision;

A

vectorization

 The ill-posedness of the spectral
reconstruction fundamentally exists
even for continuous correlation Dx)=| K, w)p(w)dw

functions(infinite observations); 0

©9)

e |t’s caused by the numerical inaccuracy eigenvalue problem
of the correlation measurements !
(induced high degeneracy in solution o0
space). —
pace) J w(w) K(x,w)do = /1y (x)
O J. Phys. A: Math. Gen., Vol. 11, No. 9, 1978. Printed in Great Britain.
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https://linkinghub.elsevier.com/retrieve/pii/S0010465522002661

Backups ll: Diffusion Models

X ~ pdata(x) =P (X)

N
max I I Py(X) Maximum Likelihood Estimation
0
=1

Vxlog P (X) Approaching Score Function S \ ~

10 5 ; 5 N0
sg(X) = V_ log p(x) ‘5;‘

Sp(X) = V. logpy(x) = — V_ f(X) — V ]0gZ, = — V_ f)(X)

—0

Parameterizing score functions

@Yang Song’s Blog
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https://yang-song.net/blog/2021/score/

Backups ll: Diffusion Models

Adding noise X ~ Piata(X) = p(X)

2 [ ] [ ] [ ] [ ] [] []
p(X)H V Xl()g p(X) SQ(X) ”2] Minimizing the Fisher divergence
1-D
.% . x 06 (i) —_— (j': ‘ x) (x)dx Data density Data scoie_s _______ Estimated S_CSES_____
— | pa — po- pdata e # \\\\\\tzt::::i: RN
o \w““‘ 1B - . . . » - - \\\\‘\ - -~ - . . » - -
W | ~—==== - Accuratess  N\NNNNNsasts- - Accurate -
\ntx R . ANANANNNS== e
NN N ]
tt : t"rs‘ > ﬁéa/'ié'.'ﬁ'\'\' }}‘ } ﬁ: ‘é‘t_cur.a,'t“".'ﬁ'\'f
- - RN [N T T U Y \\“ ¥ [N T T U ¥
P, (&|x) ~ N x, 6°I), € ~ N(O,) Syt s AN e e T
NS IS B B R R S NN NN S
I . Jl -.......'7}\\\ TN, NEE T TR
.. I ‘\\ I MR N W WA WA
i_Accurate 122" A L) iAccurate 1D T _ o osaA AN
- ] — Wiy ] R
17000 IO - L ARSI SNNRANA
:___4_._____:\\\\\\\\\\\\ :_________' \\\\\\\\\\\

010g(p,(X)) _ 010g(p, (| X)Pye(x))  0log(p,(%]x))
Ox - Ox - Ox

Score-matching a noise-perturbed distribution

Estimated scores are only accurate in high density regions

No enough data in low-density region!
But we sample from the low-density region using
Langevin dynamics...
— PG(X)H Vxlog pa(X) SQ(X) H%] Matching a noise-perturbed distribution J y o

—
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Backups ll: Diffusion Models

Small noise — Good approximation to data, poor in low-density region!
Large noise — Poor approximation to data, goocd in low-density region!

_pa(X)H V. 1og p_(X) - Sy(X) H%] Matching a noise-perturbed distribution

I Multiple noise perturbations!
e | x) — X1 2 Matching multi-noise
2 /11 Pa,-(X)[ H VX Og pffi( ) S9( ’ l) H2] perturbed distributions
i=1
f * Choose the noise scheme as a geometric progression,
T — o,/lo, =0,_lo;=... = o;,_i/0; > 1, with 5, being sufficiently small and o,
" . comparable to the maximum pairwise distance between all training data
- | points. L is typically on the order of hundreds or thousands.
S o Parameterize the score-based model, S,(X, 1), with U-Net skip connections.
0
Multiple scales of Gaussian noise to perturb the data distribution (first Ho et al.. Denoising Diffusion Probabilistic Models. NeurlPS 2020
row), and jointly estimate the score functions for all of them (second row). Song et al.. Score-Based Generative Modeling through Stochastic Differential Equations. ICLR 2021
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https://arxiv.org/abs/2006.11239
https://arxiv.org/abs/2011.13456

Backups ll: Diffusion Models

D ol Vilog p, (%) — s4(x, DlI51  Matching multi-noise perturbed distributions

" V,log p, (%) = V,log(p, (x, | )p(x)) =
do® _ 1
t € [0,7] 2 lOg O

e Choose the noise scheme as, 0; = c’, where 7 indicates “time-

step” for adding noise. Training iS MatChing

H. Risken, The Fokker-Planck Equation: Methods of Solution and Applications
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Backups ll: Diffusion Models
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https://doi.org/10.1007/JHEP05(2024)060

Backups ll: Diffusion Models
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