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Lingxiao WANG

DEEP-IN Working Group

Concept

s DEEP-IN SCIENGE

Facilitators

Members

Contact ;;TE)\ *ﬂ #

CONCGEPT

“DEEP learning for INverse problems (2EEP-IN)” in Sciences Working Group

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.

https://sites.google.com/view/deep-in-wg/homepage
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RIKEN Interdisciplinary Theoretical and Mathematical Sciences Program

About iTHEMS

A HOME / AboutiTHEMS / Working Groups / DEEP-IN Working Group

DEEP-IN Working Group

“DEEP learning for INverse problems (DEEP-IN) in Sciences” working group (April 1st, 2024 -)

( Gert Aarts, Swansea U.
Takumi Doi, iTHEMS
Andreas Ipp, TU Wien

Tetsuo Hatsuda, iTHEMS

k Yan Lyu, iTHEMS )

Heavy-lon Collisions

Long-Gang Pang, CCNU

Shuzhe Shi, THU
Kai Zhou, CUHK-ShenZhen

Now mostly physicists -> Future more diverse scientists

BioPhysics: Catherine Beauchemin, iTHEMS

Condensed Matter Physics: Steffen Backes, iTHEMS

QCD Physics: Kenji Fukushima, UTokyo

Nuclear Physics: Haozhao Liang, UTokyo

Quantum Computing: Enrico Rinaldi, Quantinuum K.K/iTHEMS

Astrophysics

Marcio Ferreira, Coimbra U.
Yuki Fujimoto, INT->iITHEMS
Akira Harada, NIT-Ibaraki

Zhenyu Zhu, TDLI->RIT

\_ _

Machine Learning

Akinori Tanaka, AIP/iTHEMS
Lingxiao Wang, iTHEMS

Lingxiao Wang (RIKEN iTHEMS) *Contact at lingxiao.wang@riken.jp
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Outline

Physics for Machine Learning
Inverse Problems

e Data-Driven Learning

* Physics-Driven Learning
Generative Models

e |earn to Sample

* Physics-Driven Generative Models

Outlooks
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Machine Learning and Physics

question
A
X
.... X, n_ '
' t

encoding decoding answer

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

representation
observations

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

Prediction p(X|6)

Estimation

0 = arg max,{p(X|6)}

Data, X Machine, {0}
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Machine Learning and Inference

N
Maximum Likelihood Estimation(MLE) max H p(x. | 0)
9
i—1

Bayesian
Inference

Maximum A Posterior(MAP)

pX | 0)r(0)

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

0}

p@ | X) =
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Deep Model as Machine

Lingxiao WANG

W1 —

fay —— @
|
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Back-Propagation

W;
D,
Wn

UCAS-HENPG 2024.11.22

Inputs, {x} = x,%,,..., X,

Weights, {w} = wi,w,, ..., w,
Outputs, y

Summation, 2( - )

Non-Linear Activation Functions, f(u)

Single Layer y = f(X'_, x;w;

Loss Function, Z(y, )
Data, y

0
Back-Propagation, —
ow

Stochastical Methods: SGD, Adam, ...
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Physics-Driven Desgins

R Symmetry

Principles

Outputs

_____________________ Physical Data

Back-Propagation ---------------------oo-ooiooooooo oo Physical Equations
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Physics-Driven Desgins: Symmetry

(7T ssosoosssooooossosoooooooooooee Symmetry

W1
Principles
w
E > @ Outputs
Wn ‘
e --------------------- Physical Data
1 |
Back-Propagation -------------------oooooooooo oo Physical Equations

Convolutional Neural Networks Recurrent Neural Networks

(CNNs) (RNNs)
Lk, C,
Z ZXl+m]+np m,n,p, -+, hl‘ = G(Wxxt+ Whht—l + b)
m=1 n=1 p=1

translational symmetry temporal symmetry

0N Yo Yz U Ys Ys yr

Lingxiao WANG

Embedding symmetries introduces
a scheme for sharing parameters
In deep models

Graph Neural Networks Equivariant Neural Networks

(GNNs) (G-CNNs)

( ) k, k,
WD =g | w0 Y B0 4 b0 Yo=Y D X(i+m,j+n)- Kim.n)
\ e ) m=1 n=1
permutational symmetry groups

S0(1,3) E(3) SU(3)

¢»
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Physics-Driven Desgins: Symmetry

Inputs

R i Symmetry

Embedding symmetries introduces
a scheme for sharing parameters
T Qo In deep models

Back-Propagation -------------------oooooooooo oo Physical Equations

> @ Outputs

Convolutional Neural Networks Recurrent Neural Networks Graph Neural Networks Equivariant Neural Networks
(CNNs) (RNNs) (GNNSs) (G-CNNSs)
k, k, C, ( ) kn Kk
20 2 Xiamjans Kb hy = o(W.x+W,hy_y + D) RO = o[ W0 Y 04 p0 Vo= D0 Y X i+ m,j+mn)- Konn)
m=1 n=1 p=1 l \ jenN @) / ) m=1 n=1

* X : Input feat * % tInputattime 7. ] » g € G : Transformation from the group G
PR TEATre map- . hi() : Feature vector for node i at layer [.

. K - Convolution filter - h, : Hidden state at time ¢ . (6.g., rotations).

- W : Shared weight matri oss all nodes. . : - -
* Y : Output feature map. - W_and W, : Shared weight matrices across time. Shared weight matrix acr X, ¢ Input after applying transformation g .

Lingxiao WANG UCAS-HENPG 2024.11.22 10/75



Physics-Driven Desgins: Principles

@ Wl -------------------------------------------------------------------- Symmetry
Q- ~ . @ owms “rinciples can enforce the outputs
y e‘ _____________________ are physically meaningful
[ |
Softplus Sigmoid " +le_x Scattering Wave Function
In(1 + &%) Z—p - C—j <1 A Sinikr) + (P
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ns: Data

Physics-Driven Desg

Inputs

Symmetry

Physical data from experiments or

| simulations can align the model

Physical Data

, outputs with physical truths

Back-Propagation

Physical Equations
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Physics-Driven Desgins: Equations

- Physical equations can be
W @‘ encoded into back-propagation

r - S through automatic differentiation

Back-Propagation -------------------oooooooooo oo Physical Equations

Wave equat pa—
Training data

82 az C (i) (i I P ) w ) b ‘:s\\\

_u =c 2 u So ~

or? 0x? ) P —— Cmmmmm e

> > L
Maxwell’s equations U(Z) (y - ?)2/2
V-E=0 VxE=— l G_H X
c ot

Caffe Scaffez  <o» Chainer et ‘ @xnet - Julla
Toolkit

MATLAB computlng

X ~ \\\
Schrédinger’s equation [9} - . A h . -
p E+ . [’;t] = [f 6 (Ji)t’ u)] 44 PaddlePaddle O PyTorch Tenslrﬂow : ®torch ﬁﬂg{,aa’é’e- ﬂ
ih— V¥ =HY 0 u
ot " L
Lot oty Easy-To-Compute on GPUs
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Physics-Driven Desgins

accepted at Nature Reviews Physics

Physics-Driven Learning for Solving Inverse
e —---  Symmetry Problems towards QCD Physics

Gert Aarts', Kenji Fukushima?, Tetsuo Hatsuda®, Andreas Ipp*, Shuzhe Shi°, Lingxiao
Wang>*, and Kai Zhou®’

P rl nC| pl es IDepartment of Physics, Swansea University, SA2 8PP, Swansea, United Kingdom

2Department of Physics, The University of Tokyo, 7-3-1 Hongo, Bunkyo-ku, Tokyo, 113-0033, Japan
3Interdisciplinary Theoretical and Mathematical Sciences Program (iTHEMS), RIKEN, Wako, Saitama 351-0198,
Japan
4Institute for Theoretical Physics, TU Wien, Wiedner HauptstraBe 8-10/136, A-1040 Vienna, Austria
>Department of Physics, Tsinghua University, Beijing 100084, China
6School of Science and Engineering, The Chinese University of Hong Kong, Shenzhen (CUHK-Shenzhen),
Guangdong, 518172, China
"Frankfurt Institute for Advanced Studies, Ruth Moufang Strasse 1, D-60438, Frankfurt am Main, Germany
*e-mail: lingxiao.wang@riken.jp

Wn ABSTRACT

I P h S |C a I D ata The integration of deep learning techniques and physics-driven designs is reforming the way we address inverse problems,

y in which accurate physical properties are extracted from complex data sets. This is particularly relevant for quantum
chromodynamics (QCD), the theory of strong interactions, with its inherent limitations in observational data and demanding
computational approaches. This perspective highlights advances and potential of physics-driven learning methods, focusing on
predictions of physical quantities towards QCD physics, and drawing connections to machine learning(ML). It is shown that the
fusion of ML and physics can lead to more efficient and reliable problem-solving strategies. Key ideas of ML, methodology
of embedding physics priors, and generative models as inverse modelling of physical probability distributions are introduced.
Specific applications cover first-principle lattice calculations, and QCD physics of hadrons, neutron stars, and heavy-ion
collisions. These examples provide a structured and concise overview of how incorporating prior knowledge such as symmetry,

Ba C k- P ro p a ga ti on - ----------------- -=- P hys | Cd I E q U at | ons continuity and equations into deep learning designs can address diverse inverse problems across different physical sciences.

Physics Knowledge for Designing
More Controllable and Reliable Deep Models

Lingxiao WANG UCAS-HENPG 2024.11.22 14/75



Inverse Problems
in QCD Physics



Inverse Problems

Physics

taken from S.A.Bass
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Heavy-lon Collisions

Pion Spectra
2024 Input

64 Features, 20x24 conv J

64 Features, 10x12 conv @
E Leaky ReLu
64 Features, 5X6 conv &
:: : : / Leaky ReLu
Leaky Rel
Dense 100, BN RPN “C
Dropout 0.5 =
Legend
£ Conv. kernel @ Pooling
@ Activation O Neuron SoftMax

Neutron Star

Pi I L
7

32x1 32x64

|

BN
AvgPool

. BN
AvgPool

| Flatten

2

Configurations
40%30 Input

32 Features

32 Features, Dropout

:

32 Features

:

Dense 128, BN
Dropout

‘0’: no CS
‘1°: CS

Legend
£ Conv.kemel T Pooling

@ Activation O Neuron

32x1
32 x 64 32x 64

(a) NN EoS

(b) TOV Solver

32x32 32x32

32x1

VoL

32x32

Phys. Rev. C 106, L051901; Phys. Rev. D 103, 116023

‘0’: Cross-over .
‘1°: 1* order PT

Damping coefficient

Phys. Rev. D 107, 083028; JCAPO8 (2022) 071

7 (Mops,i, Rops,i)
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Spectral Function

Phys. Rev. D 106, L051502; Comput. Phys. Commun. 282, 108547 (2023);
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Data-Driven Learning

Forward process
Physics /\ Data

Model Parameters/ Observations

roperesIates \/

Inverse Mapping, f,

Lingxiao WANG UCAS-HENPG 2024.11.22 17175



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.

Convolutional Neural Network Graph Neural Network

Lingxiao WANG UCAS-HENPG 2024.11.22 18/75


https://en.wikipedia.org/wiki/Feedforward_neural_network
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Data-Driven Learning

= JE— —

//})etermine Impact Parameter

Recognizing QCD
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Hydro data
CNNs+DNNs

Input 15X48
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Data-Driven Learning

Recognizing QCD
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Hadron Interactions

C(k")
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L 4'd EUCIldean LattICe Two-particle wave
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Hadron Interactions

S=0 S=-1 S=-2 S=-3 S=—4 S5=-5 5=-6
NN NA,NXZ AN AZ 22, NE AR, 2E, NQ =5 =Q Q0O

EXP

. better S/N
rich data
Hadrons to Atomic nuclei from Lattice QCD
LHC@CERN, RHIC@BNL (HAL QCD Collaboration)
J-PARC@KEK, FAlR@GSl, HIAF Hadrons to Atomic nuclei

= ///”—-‘2\

-+

Deep Learning

from Lattice QCD

A <9 i S. Aoki, T. M. Doi, E. Itou (Kyoto U.) T. Aoyama (ISSP)
QgD 4§§§\\&\\ | \f T. Doi, T. Hatsuda, Y. Lyu, , R. Yamada, L. Zhang (RIKEN)
e AR Y. Ikeda, N. Ishii, P. Junnarkar, H. Nemura, K. Sasaki(Osaka U.)
1 AR T. Inoue (Nihon U.) K. Murakami (TITech)
9 K. Murase (Tokyo Metropolitan U.) E Etminan (U. of Birjand)
O T. Sugiura (Rissho U.) H. Tong (U. of Bonn)
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Femtoscopy
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Lednicky, Lyuboshits, Sov.J.Nucl.Phys. 35 (1982) 770
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Femtoscopy

Asymptotic wave-function
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Scattering amplitude at low energies
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Inverse Femtoscopy

C(k*) = JS(?)

w(k*, )

2

N k*
d3—> =./V(k*) same( )

N, mixed(k *)

Does this inverse mapping exist?

Lingxiao WANG
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Inverse Femtoscopy

(=m,r)

V(r) = bye ™" + by(1 — e b47)(
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Deep
Neural
Network
(DNN)

Schrodinger eq.

CATS Framework: D. Mihaylov et al.,

Eur. Phys. J. C78 (2018) 394

———
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Inverse Femtoscopy
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in Preparation
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Inverse Femtoscopy
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Inverse Femtoscopy

N_. = 10000 n_=72 with Jiaxing Zhao, etc.
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Inverse Femtoscopy

with Jiaxing Zhao, etc.

Principal Component Analysis(PCA)
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Bayesian Inference

A\

¢ =arg max {p(X | 0)}
Forward process

Physics /\ Data

Model Parameters/ Observations

operiesiates \/

Inference
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Bayesian Inference
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J. E. Bernhard, etc.(Duke Group), arXiv:1804.06469 and Nat Phy 15, 1113 (2019).
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Bayesian Inference
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Bayesian Inference
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F. Ozel and P. Freire, Annu. Rev. Astron. Astrophys. 54, 401 (2016)
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Bayesian Inference
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mlding Nuclear Forces(Interactions)
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Physics Parameters are Finite
EoS, Wave-Function, Potential,x

Inference is Easy-To-Compute

ODEs, PDEs, Simulations, x
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Physics-Driven Deep Learning

A\

¢ =arg max, {p(X | 6)}

Phys

- w,b % __
- o0 T S
fo 2 === L
— L=(0-0) 0(2) v-97/2
BP x
Deep Neural Network represented Physics, f, Back-Propagation
Flexible Representation Easy-To-Compute on GPUs
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HAL QCD method

N. Ishii, S. Aoki, and T. Hatsuda, Phys. Rev. Lett. 99, 022001 (2007)
S. Aoki, T. Hatsuda, and N. Ishii, Prog. Theor. Phys. 123, 89 (2010)

Aoki, S., Doi, T., Front. in Phys. 8, 307 (2020)
S. Aoki and T. Doi, in Handbook of Nuclear Physics(2023), pp. 1-31

2oedg

7 (N, (%, DNy, 1).7(0),75(0))

— 2 <O |N1(X)N2(Y) | n)ane—Enl‘

L g =Y bme

n<n®

Imaginary Time

(E, — Hy)h (r) = Jd3 FUr, T (r), <R
/r

Consider the wave function at “ ”——Phase shift, Binding energy
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HAL QCD method

N. Ishii, S. Aoki, and T. Hatsuda, Phys. Rev. Lett. 99, 022001 (2007)
S. Aoki, T. Hatsuda, and N. Ishii, Prog. Theor. Phys. 123, 89 (2010)
Aoki, S., Doi, T., Front. in Phys. 8, 307 (2020)

S. Aoki and T. Doi, in Handbook of Nuclear Physics(2023), pp. 1-31

Vc(r) [MeV]

NN wave function ¢(r)

Local Approx.
Derivative Expansion

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

. . . k2 — H, r
UnBs(T) = (OIN(F)N(0)|[N(k)N(=k),in) HAL QCD method (k*/mn — Ho) Ynps(T)
~ W gin(kr —In/2+ 6,(k))/(kr) = /df'U('f", ™ )YnBs ()
(at asymptotic region) (Schrodinger eq.)
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HAL QCD: Inverse Problem Perspective

arXiv:2410.03082 ( with HAL QCD)

NN wave function ¢(r)

p 9+ 0  0Uy(r, 1)
: — .
i+1 " U, r) 00 Universal Approximation Theorem (1989,1991)

Gradient Decent

NBS wave function —_— Potential Function
Data(Observations) —_—- Physics Properties

miny,< = Z Jd3 r (Ek — HO) P (r) — Jd3 r'Uy(r, r')g(r')
. i i
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Physics-Driven Deep Learning

arXiv:2410.03082 ( with HAL QCD)

Two particle

Interactions Back-Propagation

Ug(r, 1) = g(f(r) + f(r))

NN-2 (E, — Hy)h () = Jd3 UG, E) ()

a. Permutation Symmetry By = 2k—2 Hy = —zv—z’ m= ?
m m
by (1)
or
, (R(t,7)
2
{ : 02 — 0 _Ho} R(t,r) = J4ﬂr’2dr’ U(r,7)R(t, 1)
NN-1 NN_1 k 4mN ot ot J
b. Asymptotic Behaviour lim Uy (r,r’) = 0
as regulator r>R.r'>R
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Mock Test: Separable Potential

As a numerical example, we take . = 1.0,0 = — 0.017u*,m = 3.30u, R = 2.5/u

Ur,r’) = ov(r)v(r’),

v(r)=e

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

r =0.1, Epoch 400

r' =0.1, Epoch 400

i8o(k) 2, 12
$0(r) = —— | sin{kr + 85(K)} — sindykye " [ 1+ iy + k) NN
kr 2y —— True
k cot 8y(k) = —# [2y(y2—k2)—#(y2+k2)2+%]
3 4 3 4 5
] r'[R] fR]
Nambu-Bethe-Salpeter (NBS) wave function - =1.0, Epoch 400 " = 1.0, Epoch 400
0.4
| - NN
0.3 : —— True
H (e M = (0| N(X + r, ON(x, 1) | NN, W) BP S,
5
0.1
(E, — Hp)hy(r) = JCP r'U(r, r')gy(r’) 0.0
2 . T v T
Fomi =t e 7=y [d* r [(Ek — Hy) ¢ (x) - [cﬁ r/Ue<r,r’>¢k<r’>] S e v
k
Ur > 3R, r>3R) - 0
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AR L
Q.. Q.. . Interaction: 'S,

Y. Lyu, etc., Phys. Rev. Lett. 127, 072003 (2021) arXiv:2410.03082 ( with HAL QCD)

my = 2.073,a~! = 2333.0MeV
85000F - | | | | | |
80000 Neural Network Hadron Force
750002""2 QcccQcce potential in s-channel
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dmy My
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R(t,r)

Ur > 3fm, 7 > 3fm) - 0
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Q. Q.  Interaction: Non-Local Potential

Y. Lyu, etc., Phys. Rev. Lett. 127, 072003 (2021)

-----------------------------------------

750 1 e HALQCD ]
—— Localized NN potential ]
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“3D Mapu
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arXiv:2410.03082 ( with HAL QCD)

Neural Network Hadron Force

Ug(r, r')[MeV?]

1 2 3 4
rifmi

(79(r, r') = Amr’? Uyr,r’)
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Scattering Behaviors

do = 0.86 fm, Vetr = 0.57 fm
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Summary |

Physics-Driven Learning for Solving Inverse Nat. Rev. Phys.

Problems towards QCD Physics
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ABSTRACT

* Physical Equations

The integration of deep learning techniques and physics-driven designs is reforming the way we address inverse problems,
in which accurate physical properties are extracted from complex data sets. This is particularly relevant for quantum
chromodynamics (QCD), the theory of strong interactions, with its inherent limitations in observational data and demanding
o I nve rse P ro b I e m S computational approaches. This perspective highlights advances and potential of physics-driven learning methods, focusing on

predictions of physical quantities towards QCD physics, and drawing connections to machine learning(ML). It is shown that the
fusion of ML and physics can lead to more efficient and reliable problem-solving strategies. Key ideas of ML, methodology
of embedding physics priors, and generative models as inverse modelling of physical probability distributions are introduced.

Specific applications cover first-principle lattice calculations, and QCD physics of hadrons, neutron stars, and heavy-ion
collisions. These examples provide a structured and concise overview of how incorporating prior knowledge such as symmetry,

| | | ]
® D at a - D rl Ve n Lea r n I n g continuity and equations into deep learning designs can address diverse inverse problems across different physical sciences.

e Limited data set

fmmmm e e e Symmetry

 Physics-Driven Deep Learning
W1 ﬂ

* Neural network representations » Principles
; : . . f(u) — @ Outputs
* Embed physics priors explicitly 5 |
Wn

 Exchange Symmetry and Asymptotic (x,, o physical Data
Behavior for HH interactions 1 |

Back-Propagation ------------------o-o-oioooiooooo o Physical Equations
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Generative Models
as Inverse Modeling




Generative Models
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~, foss| .*
image space image space l

@blogs of OpenAl AL SR G SARLE SRR ARLE SARLEL AL

LA AN 0 A0 e B, e B
AL UAR I8 LS SR AR LS

Generative models N menerated foxt
— Underlying Distributions in Data max I I pg(Xi)
0
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High-Dimensional Distribution

p(p) = e P/Z

(0) %Z@

— Physical Distribution, Sampling
via Generative Models

%

Lattice QCD © Derek Leinweber/CSSM/University of Adelaide

Global Sampling

Fast and Independent Sampler

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

Heavy-lon Collisions © 2010 CERN
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Probabilistic Models

X~Pp data(X)
7

N
max I I Po(X)) Maximum likelihood estimation(MLE) J_[ Genorative modele ]
6 trained with maximum likelihood
=1

J-[ Explicit density models ]1 [ Implicit density models ]

N

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

9 l= 1 Tractable density ] [ Approximate density ]] [ Direct ]
i} i} ! d

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)

UCAS-HENPG 2024.11.22 50/75
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Learn to Sample

Masked Convolutional Layers

Continuous Autoregressive Models

e—S(cb)/Z
1
N 20

— Physical Distribution, Sampling

p(p)
(0)

Hidden Layers Chinese Phys. Lett. 39, 120502 (2022)

%

iIDFT

@ Fourier Flow-based Model

DFT
O®®-@®
A M

. . Zo~po(2o) x~q(x)
via Generative Models
. dp = f(¢,$)ds + g($)n d¢ = [f(¢,t) — g(t)*Vylogp.(P)]dt + g(t)7]
Global Sampling SO P s s
“\r/ VV/”MW\ , ‘.W'\ f ,1)&‘*‘\4"“*1 ﬁ"\f ' D iff . n M d I
Fast and Independent Sampler AN L i g usion ivVioaeis
: \ww M Y, W “@yw J iy “M\fa\\ WY "“N'm"{‘} e
PR TR o AV W o Y L,
Prog.Part.Nucl.Phys. 104084(2023) o v, g | N JHEP 05(2024)060
Po T 4 Pr ‘ﬂvz‘{“é:w«“,,y&w’/‘*d ""wy'w’%%’“r "Wl Po

/
ﬂw\v Mo NMFI
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https://doi.org/10.1103/PhysRevD.107.056001
https://doi.org/10.1007/JHEP05(2024)060

| earn Micro-Interactions from Observations

Observations Learnlr.lg
\ Interaction
M Emm
i |

Nerual Networks

— o

/
T

%o
7® p(s|T) < py(s|T)

v

Learn at one specific condition(T)
\ Po(S)
' Detecting phase transitions for all ?
K Likelihood J
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| earn Micro-Interactions from Observations

Learn at one specific condition(T)

Detecting phase transitions for all

Lingxiao WANG

Learning
Interaction

Nerual Networks

&

°
-
° .

Ii\_p@@

\ Likelihood J

p(S) < pys) = -

N
max S.

Hg(s)
T

/

AHys, T)

T/

UCAS-HENPG 2024.11.22

T
=7 (Inpy(s + 0S) — In py(S))
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Autoregressive Networks

N
pg(s) — Hp(si ‘ Sla c e Si—l) Inputs Hidden Layers Outputs
=1

 Example (L=3) for 1D spin model " @ N P(s1152,53)
p) v . p(s,)
Po(s) = P(s3 | 5, 5)p(s, ] 5)p(s1) »
%3 \‘ p(s3|sy)

e p(s;|s.;) can be any naive distribution

Chinese Phys. Lett. 39, 120502 (2022
r Bernoulli distribution for Ising model O Beta distribution for continuous d.o.f., X ~ Beta(a, b)

p(s;|s<) = g0, 41 + (1 — q)o; _, (5150 omen 1) = 1@ +b) g1
T T Ty

k I'(a) is gamma function, s; = 6,/2z € [0,1), (a;, b;) > 0 J

continuous d.o.f.s

(1 - Si)bi_l

g1 =f1=+1),q=f(s, =+ 1]|51),93 =f(s3 =+ 1]s,,5)

discrete d.o.f.s
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Autoregressive Networks

N
Po(s) = HP(Si | S15 e es8i1)
=1

Inputs Hidden Layers Outputs

(o

Network is parametrized by a triangular matrix L,
which ensures that s; is independent with s; when

p(sy |5y, 53)

J > 1. This is named as autoregressive property in

machine learning. p(sy)
p(s3|57)
Gaussian scalar field RBM
o induced distribution on visible layer T _ L (21— K%)= K
:—2 M — =

Exact results for N, = N,

(infinitely) many solutions for weight matrix: IC is symmetric and positive-definite

p(¢) = /DhP(Cb, h) = %GXP (—; Z ¢iKijp; + Z Ji¢z’)
i.j i

- . T . . .
o scalar field with kinetic (all-to-all) term  K;; = u:d;; — o Z wmng 1. Cholesky decomposition X =LL" : W =L triangular
a

2. diagonalisation K = ODOT = 0vVDOTOVDOT : W = W' = OvVDO"
and source J; = sz’aﬂa
¢ 3. non-uniqueness: internal symmetry W — WO => ¢'Wh — ¢’ WOrh = ¢* WH

o unusual Gaussian LFT: what is the weight matrix W and bias n?
in practice

Gert,s SIidQS@XQC D2023 o all equally valid, realisation depends on initialisation

o non-observable degeneracy due to internal symmetry on hidden layer

Lingxiao WANG UCAS-HENPG 2024.11.22
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2D Ising Model

Ferromagnetic Phase [ransition

—i
o

o o =
> _© ©

Spin per Site

O
=

O
A~

e~
~ -~
-~

0.0 0.2 04 06 08 1.0

Hising pEr site

~~
o
-~

Lingxiao WANG

2.0
Temperature

Masked Autoencoder for Distribution Estimation (MADE)

UCAS-HENPG 2024.11.22

3.0

Hi

arXiv:2007.01037
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Ferromagnetic Phase [ransition

2D Ising Model

Stride = 1 —>
1ol |
| _ HEEE
| HEEEEEENE
0.8f HEEEE EEE
e | B EEEE B
P 0.6 - .
g | | _
Q| e - Stride2 N
I e — Stride1 ]
| o _ A .
0.2 MADE EEE BER
------------ Ising ...====i
S — | B
1.0 1.5 2.0 2.5 3.0

Temperature
Stride =2 —

Masked Autoencoder for Distribution Estimation (MADE)
2 X 2 spin-block

Lingxiao WANG UCAS-HENPG 2024.11.22
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Learn to Detect Phase Transitions

Ferromagnetic Materials

3000 images

Resolution: 0.5 pm

PhysRevLett.125.027206 MOKE microscope@THU

with Le Zhao and Wan-Jun Jiang
Magneto-optic Kerr effect (MOKE) microscope to capture images

for the magnetic domains appearing inside a Ta/CoFeB/TaO_x thin film
at
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Learn to Detect Phase Transitions

Ferromagnetic Materials

PhysRevLett.125.027206 3000 imag es

T K] o0 100 150 200 250 300
M; [emu/cc| 961.16 925.25 877.73 818.17 753.31 673.427

M(T) = M(0)(1 — T/T,)'"

T.=427.4+29K

Lingxiao WANG

O O O
IS o) o

Normalized Grayscale

O
N

UCAS-HENPG 2024.11.22

0.5

1 [ 15
Temperature [296K]

In preparation
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Finite- Temperature Fields

/7 = ID@ exp(—3S|D])

S[@] = ) AT(Ax)3[(AA—(f)2 + (V®)* + V(D)

V=N1) (A)[(VD)* + V(D))

Lingxiao WANG

, _
Z (Ax)? Sl + At((VO)? + V(D)) e rrnssssrnnnns :

AT

At = [/N,

K=N. 2 (Ax)3(AD)>

53| P] =

UCAS-HENPG 2024.11.22

S,[®] = B K[®] + B, V[®] + C,
S,[@] = B 'K[®@] + B,V[D@] + C,,

YY)
Pr(P;3 ﬂz)S N

PPt — p3) 1

o PP N

kB -p3 !

BBt — 55 S

_|_
PPt — p3) ’

2 92
BB~ BD

p3(Bt — P3) ?

3
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Finite- Temperature Fields

0+1 D Quantum Field

2 x(f)=x(0)

Dx e _SE[X(T)]

dax.

Y i=—N+1

SE[x(T)] = j

Lingxiao WANG

2ra

rfxexp{_

p

0

i=—N+1

dt L plx(7)] = j

UCAS-HENPG 2024.11.22

x(7) = % a2 tanh ﬂ(T — 7))

Vi V2

Kink/Anti-Kink solutions reach

i,uk/\//l_k att =% o

Numerical Simulations

h=4 i\l =14

B=T"1=804020  Nyc=5x10°

arXiv:2405.10493

61/75


http://arxiv.org/abs/2405.10493

Finite- Temperature Fields

0+1 D Quantum Field

Action distribution Action on testing data : MC configurations iv:-2405.10493

600 200
450 L1
L2)150
300
Model loss 150 125
200 00
0 ,
100 -
0 600
450 L&
« —100 =150
4 300
— _200 125
150
—-300 ) 100 -
-400
600 200
-500 175
0 2k 4k o6k 8k 10k 450 o
150
epoch 200 =
125
150 |
100 f.~
000 120 140 160 180 200 220 100 125 150 175 200 000 025 050 075 1.00

Action CAN T/B
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Finite- Temperature Fields

0+1 D Quantum Field

training data Janmnans

samples at 33

training data 3, :|.

Lingxiao WANG

100 120 140 160 180 200 220

Action prediction

200 155
175 130

(- (-

= 150 E1()5
125 80
100 55 b
200 155
175 130

&) &

= 150 2105
125 20
100 55 b
200 155
175 130

o @)

> 150 =105
125 20
100 55 B

100 125 150 175 200 55
CAN

UCAS-HENPG 2024.11.22

Kinetic prediction

80

105
CAN

130

155

MC

MC

MC

105

30

55

30

105

Potential prediction

arXiv:2405.10493
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Diffusion 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

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

e Forward Diffusion SDE

* Drift term: pulls towards mode dg _ ‘
€ =@, S 18(Sm(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” dqf = [f((/ﬁ, 1) — g°(1) V¢10gpt(¢)] +Hg()(t)

* Represent the score function with neural networks

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

@ @

J
A
1\
f i a il
[\ P/ 1 ‘ \
\‘" % | LW
f ! ‘ \ {
g A ! \ A \ AN’
A N -\*-Mw \ | M r\%‘ A ) {‘ K A4
| 4.“'-"‘_».! _J U-‘\ A g“ \ M ‘ hi ! |
‘N N \)‘r“ V‘," A'Llly'-n Y
W
(
\
f

‘ N
‘ WA J oWy
o/ N
YV A W ) N,
f Y

Po

Po Pr
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Diffusion Models

Stochastic Quantization

Lingxiao WANG

a¢(~x9 T) _ 5SE[¢]
or oPp(x, 1)

+ n(x, 7)

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

 Fokker-Planck equation

aP[¢9T] ZGJdnx{ 0 ( 0 +%)}P[¢7T]
Py op \o¢p  O¢

Equilibrium solution (long-time limit),

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

1
Pegld] ~ e~ mEt] = Pquantuml 4]

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

¢~Plp, T = 0]

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 Ideas of Stochastic Quantization, PTPS 111, 1 (1993).

G. Aarts, L. Bongiovanni, E. Seiler, D. Sexty, and 1.-O. Stamatescu, Eur. Phys. J. A 49, 89 (2013).

UCAS-HENPG 2024.11.22
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Diffusion Models

JHEP 05(2024)060
DMs as SQ

 Diffusion models(Reverse SDE):

SDM

do _ o
—= = =807 Vylog p() + g0 Pe q(¢) X € «a

e Define:7 =T — t(dt = — di)

@=g3V¢logqf(¢)+gfﬁ pT:T(¢) — P[¢’ T]

dt

H(1,41) = P(z,) + 82V log q, [P(z,)AT + g/ Atil(z,)

O(a) ~ O(h)
introducing Noise scale: (i7*) = 2@, time scale: g°Art
 FP equation The reverse mode of
op.(P) 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 «

VsSpm = — Vylog g, (@)
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Diffusion Models

Euclidean action on lattice * Diffusion models t=0 =025 =05 =075 =1
- T=1.0,6=25 -
(¢o(x+aﬂ) Po(0))*  mg Ao L 3T
Se= 2. d[Z 3 ¢3+4_g4’3]  Data generation —— —

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

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

SE = Z[ 2z<2 PP + ) + (1 = 2)p(x) + Ap(x)"]

u=1
Cl%gb() = (2K)1/2¢ 60 HMC
1-22 61 _ DM
(amg)? = -2d, a™**)=— >0
K
. 40 4
 Hopping parameter K, 0
O
Coupling constant A 530
=2
20- data-set (M) X2 UL
Training(HMC) | 0.0012+ 0.0007 | 2.5160 + 0.0457 | 0.1042 + 0.0367
101 Testing(HMC) | 0.0018 £ 0.0015 | 2.4463 + 0.1099 | -0.0198 + 0.1035
II Generated(DM) | 0.0017+ 0.0015 | 2.4227 4+ 0.1035 | 0.0484 + 0.0959
0_ IJ LI il _ I

-0.1 0.0 0.1 0.2
Magnetization
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Physics-Conditioned Diffusion Models

with Qianteng Zhu, Gert Aarts, etc.

r il
Ip(x,7) | 3S.l¢] — = —|6*s,(, H6"T(T)
e o ot

Drift Term SS Score Fucntion
 Sx
A= A =
X~Po(X) x~p(x, fo) xX~p(x, 1)
e.d.,
s=pY, (1-Rey) $5(h. 1) = Psy(h. 1)

- B, &S

By 0x
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Gauge Fields

plaquette
2D U(1) Gauge Field S=p) (1 — Re(U )) Uq=U,,U,.,;, U U
XHAV™ x4 D, U Xl

R ! T T T T T T T T T T T T T T T T T T T T
. | | 1 HMC B =1 o.12f ol EEE HMCB=1 _
] _J:=—rE-----------------T-. 1 DMB=1 _ L . @3 DMB=1 .
u T . A
11111 -
S T oI A R R
o gLl 7 S S _ g |
) ! ! ! m [ S [ | | i
o - o 0.06 — P EL
o -I: o U
= ' =
o i H: i mr | 0.04 — 1 S——
2 ‘ """"" 1 1 """ i} 0.02 — ------------------------------------- ‘ —
0.30 0.35 0.40 0.45 0.50 0.55 0.60 -12 —-10 -8 —6 -4 =2 6 8 10 12

(W1 x1) Topologlcal Charge Q

_ . . 1
Learned at with 10,240 cofigurations, L = 16 _
W(C) =T U ’ ’ =— ) Fyx
© r[(xllc x’”] Generated 1024 configs for testing 21 Z 01(%)
; X

Lingxiao WANG
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Gauge Fields

2D U(1) Gauge Field

B D D D R
B HMCB=7 ]
. | DM B =7
0.8 i B -
> 0.6 . —

O 5 5 !

c s s s

v s s s

> 5 ! i

..

L 0.4 I S e B R -
0.2 R
0.0 i m . =

-4 -3

Topological Freezing?

Lingxiao WANG

-2 -1 o0 1 2 3 4

Topological Charge Q

Generated at f/ = 7 with 1024 cofigurations, L = 16

UCAS-HENPG 2024.11.22

Eur. Phys. J. C (2021) 81:873
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Fig. 1 Monte Carlo history of the topological charge Q for increasing
values of B8 in a Markov chain of 10° HMC configurations
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Gauge Fields

L —] HMC B =7 "
60F — ~maqaa
: - 1 DM B 1-7 |
2D U(1) Gauge Field |
1 R T
W A I 1
c I
=) [ i N
o30fF
-
: 7 B
0.8 [ _
: ] — ELL
0 | T = Aﬁ -|=l._4
> 0.6 0.86 0.88 0.90 0.92 0.94
8 _ (W1x1)
] _
>
O I
£0.4

Physics-Conditioned

Diffusion Models

0.2

Training at one,
Transfer and Generate at all

0.0

T —4 _—3_'“ -2 o1 0) 1 2 3 4
Topological Charge Q

Generated at f/ = 7 with 1024 cofigurations, L = 16

Lingxiao WANG UCAS-HENPG 2024.11.22 72/75



Gauge Fields

2D U(1) Gauge Field

Xo/EXACT

= -
© O
S Ul

(W1« 1)/JEXACT
O
©
Ul

0.90°

Lingxiao WANG

L =16,
' ' ' |

P=T_
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Gauge Fields

2D U(1) Gauge Field

| ve L=16,=7

1001+ S 1 1o ~e- EXACT & HMC DM ]
5 10721 * L A | -
< ¥ 5 x
& 107 = 10p = - * -
~ 106 S 0 8- Input l l Output

¥ | ooy
5 S =2 1 2 ; ’ : — @T ET
¢ l et
B=7 L=16 == N = ;rmi E_ﬁ/>
1.10 1.10 - - I— < S
Q; ||

G 1.05 G 1.05
< S’ 2 32 64 128 256 128 64 32 2
EJ\: 1.00+"1+ o o e e e A % 1.00 \3 e B A
50_95: : §0.95: :

0.90—4— 16 R e I S So(d, 1) = Psy(, 1)

L B
a¢(~x9 T) 5SE[¢] - . - .
e - oo n(x, 7) Different Lattice Sizes, Inverse Coupling Constants
Drift Term Training at one,

Transfer and Generate at all
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Summary I

Masked Convolutional Layers

Chinese Phys. Lett. 39, 120502 (2022)

e Generative Models
e Probabilistic Models

* Learn to Sample

Hidden Layers

Phys. Rev. D 107, 056001

e |earn to Detect Phase Transition

* Learn for Generating All © — [ e (@) = (o) o J = O,
 Future works %&o) unL

» 2D SU(2) Gauge Field

« Complex Langevin Method(CLM) — = @ T @

* DM for full QCD
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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/

Properties/States
w

Inverse Mapping, g,

Observations
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Representation Learning

V4

Recognizing nuclear liquid-gas phase transition

M,(1) ¢

2A1(2)f*’

Input

| Z Mc(Z) { “‘

Encoder

Lingxiao WANG

e
it A

iLV‘ : “‘{"."

Decoder Output
(a) 10? (b) 10
-------- Experiment
o Autoencoder reconstruction
10’ Q 107}
ﬁ o 0.0
> 100 °i° ..o 1004
o ]
S0t L 107"}
102 Lo 102}

Z

0 2 4 6 8 10 12

(1)
(2)

: # 3ZA4 '(2)

Anomaly Detection

Latent Variable Extraction

Experiment

o Autoencoder reconstruction

‘a

0 2 4 6 8 10 12

Z

(c) 10%

101:"
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Expenment

o Autoencoder reconstruction
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Encoder

(a) 102

Lingxiao WANG

Decoder Output
SRIRRREE (b) 10°
-------- Experiment
o Autoencoder reconstruction

10"} Q : 10"}

. -
100021 o9 ‘ e 10%F
(R0 T T S S R [
102} e 1 107

Z

Representation Learning

Predict relativistic hydrodynamics

Stacked U-net

------- Experiment

o Autoencoder reconstruction
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Backups |

Reconstructing Spectral Function

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&, o)p(w)dw

©9)

functions(infinite observations); 0
It's caused by the numerical inaccuracy eigenvalue problem
of the correlation measurements !
(induced high degeneracy in solution 00
space). _
pace) J v (@) K(x, w)dw = 1y,(x)

O J. Phys. A: Math. Gen., Vol. 11, No. 9, 1978. Printed in Great Britain.

Lingxiao WANG UCAS-HENPG 2024.11.22

Comput. Phys. Commun. 282, 108547
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https://linkinghub.elsevier.com/retrieve/pii/S0010465522002661

Backups ll: Autoregressive Networks

N
m@ax I I Po(S;) arXiv:2007.01037
=1

/ on specific degrees of freedom(d.o.f.s)
1. Prepare data-set from observations

S ~ {data

2. Put them into the deep autoregressive network(DAN) Inputs Hidden Layers Outputs

N
pos) = [ | pGsilsi.....5.1.0)
i=1

3. Minimize the negative log-liklihood(NLL)

N
L== ) D log(plsyls.p 0))

S~ data d=1
4. Get your DAN represented Hamiltonian

Hy(s, T) = — T Inpy(s)
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Backups ll: Topological Phase Transition

2D XY Model
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Temperature oq; j1 = Z qo(S;)
[2,/]
9000 training Configurations with L =16 qo(s;;) conditional probability differences

in the same given direction
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Chinese Phys. Lett. 39, 120502 (2022
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Vortices

v=(1/2m) ¢, Vé(r) -dr
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http://cpl.iphy.ac.cn/Y2022/V39/I12/120502

Diffusion Models

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

_p(X)H V Xl()g p(X) SQ(X) ”2] Minimizing the Fisher divergence
1-D
~ (~) —_— (~ ‘ ) ( )d Data density Data scores Estimated scores
X =X+ o€ Ps\X) = | P6\XM [ X)Pgata\X)AX T T
\ \w““s‘:- . v v s s o: \\ \\\\\\\ le « « « v s .:
. V| ST oo CC i Accurate NNNNNNN S ===~ Accurate 7
\ ! . : NN N '
\\ ll..—-:::: I: .‘.::: \\\\\\\“‘::l:"""':
L NN NN !
H : :l'r‘a’ - ﬁréié'.'.'.'\'\' }‘é } }I‘ ‘é‘t,c.u.fa.'i'.'.'.'.'\'\‘
X Y Ny m L I B NENEY | g Y
Po(X]%) ~ N(%; x,6°I), € ~ N(O,I) NS S A A R R N S PR R
SRS R ER R NN
h ----:-'--—-'H;H NN N ‘QHH
“Accurate JTIIIITT N IHL  TAccurate TIIIISSNNNAY
ke B ..i“s‘.‘mm\\§ :.... P s v 1 \\\\:::§§§§
1 o Mn w s s s \ 1 I s N \\\\\

dlog(p,(X)) _ 0log(p,(X|X)pgu(x))  0log(p,(X|x)) o R

~ ~ ~ Estimated scores are only accurate in high density regions
0X 0X 0X

Score-matching a noise-perturbed distribution

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

|
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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) — \ |2 Matching multi-noise
Z /ll Pa,-(X)[HVX ng(fi( ) SQ(X’ Z)H2] perturbed distributions
=1
'?‘ . - o e Choose the noise scheme as a geometric progression,
o - il 6,/6, =0._ilo;= ... = 0;,_,/06; > 1, with 6, 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.
A o Parameterize the score-based model, S,(X, i), 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
I’OW), and jointly estimate the score functions for all of them (second I’OW). Song et al., Score-Based Generative Modeling through Stochastic Differential Equations. ICLR 2021
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https://arxiv.org/abs/2011.13456

Diffusion Models

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

Vilogp,(x) = Vilog(p, (x| X)p(x)) =(Vlogp, (X, [X)

d
M0
dt
Xiy1 = X; T 0/€ i
@ _ |
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 llll: Likelihood in DM
=1

7

RN
|
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§ § 1660 ] ]
% 0 l
110 1650 =
. [ ]
1640 -~
100
1630|
g
—320 -310 -300 -290 —280 —20 0 20 40
Ser= —log q(¢) Serr= —10g q(¢)

Learned at = 1 with 10,240 cofigurations, L = 16
Generated 128 configs for estimating Likelihood
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