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DEEP-IN Working Group
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“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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Outline

Machine Learning for Physics

Hadron Interactions

Back-Propagation
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Machine Learning and Physics

question An inverse problem in science is
( ------ | — Gt =x,+v0) the process of inferring from a set
) eneoding e iation eCOding answer of observations the causal factors

observations

that produced them.

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

oo +

= \\gi';%\\i\—‘-r_ﬁfc_ia_l I_nfe_lli_g_erlcS_ P red iCti o n p (X ‘ H)
\J%‘b ot O
A o~ @OMachine Learn

@ B> H Machine Lear 4
_Eem
Estimation
Data, X Machi 9 — arg maxg{p(Xl 9)}
, achine, {0}

Lingxiao WANG HHIQCD 2024 5/30



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 —

W;
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Back-Propagation

fay —— @

HHIQCD 2024

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, ...

7130



Physics-Driven Deep Learning

R Symmetry

Principles

Outputs

Physical Data

Back-Propagation ---------------------oo-ooiooooooo oo Physical Equations
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Hadron Interactions
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Hadron Interactions

S=0 S=-1 S=-2 S=3  S=4 S=5 S=6
NN  NANI AAALZENE AEIENQ EE EQ QO

EXP
. better S/N
rich data
a
3.5 |-
LHC@CERN, RHIC@BNL Bl ALCE data p=a"
J'PARC@KEK, FAIR@GSI, HIAF 303 &5 B coulomb Hadrons to Atomic nuclei from Lattice QCD
Coulomb + p—=- HAL QCD (HAL QCD Collaboration)
2.5 — Coulomb + p—©~ HAL QCD elastic : :
— Hadrons to Atomic nuclei
S - Coulomb + p—Q~ HAL QCD elastic + inelastic " R
20 "
1.5 ~a®
TONANNS T - from Lattice QCD
N E *
‘ A&\\\\\\Z\\ 1.0

ALICE Collaboration, Nature 588, 232 (2020)
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Hadron Interactions

S=0 S=-1 S=-2 S=3  S=4 S=5 S=6
NN  NANI AAALZENE AEIENQ EE EQ QO

EXP

. better S/N
rich data

LHC@CERN, RHIC@BNL
J-PARC@KEK, FAIR@GSI, HIAF

Hadrons to Atomic nuclei from Lattice QCD
(HAL QCD Collaboration)
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Deep Learning

Hadrons to Atomic nuclei
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Femtoscopy



Femtoscopy

e S

€ B Vir) (MeV) _  Correlations
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Raffaele Del Grande | XQCD 2023

Lednicky, Lyuboshits, Sov.J.Nucl.Phys. 35 (1982) 770
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Femtoscopy

Asymptotic wave-function

6—15
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Lednicky-Lyuboshits(LL) analytic model
(Asymptotic wave-function+
Effective range correlation+

Gaussian source)

Scattering amplitude at low energies
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Lednicky, Lyuboshits, Sov.J.Nucl.Phys. 35 (1982) 770
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Inverse Femtoscopy

with Liang Zhang, Jiaxing Zhao, etc.

C(k*) = jsm B P ar = e Nam®D AR .
I ) Npixeak®) 71 Correlations

Does this inverse mapping exist?

Potentials

\_ J

V(r)[MeV]

V(r)
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Inverse Femtoscopy

with Liang Zhang, Jiaxing Zhao, etc.

—m_r)
6( 4
—b,r? —byr? n Dee
V(r) = bie™" + by(1 — e 247 ) P
r Neural
Network
Correlation function
Potential V(r) for Different Parameter Samples (DNN) X 1 1 1 1 1 1
i R | 1103 et
1000f | ]
5000 |
f 102,mlf .................................................................................................................................................................................................. .
_ L S
> ) .
= —500p~ O e
- se 3¢ L . S S B
S Schrodinger eq. 10 °,
—1000¢ - *. E ? ? E ]
- °
CATS Framework: D. Mihaylov et al., | %0, ’o. |
—1500¢ ; | | ; | | _ Eur. Phys. J. C78 (2018) 394 . 4447 ‘0. e
- 107 posssnn~so8itnnnnnn ..nnmoommomnnnnn» ----- .
: : ;--3333- iilllllm“'“‘“ , ,
2000/ - —_— : 50000000 ; : : '
~; @ z @ § s z z - - - - - - -
N B S S SR SR S SR 0 50 100 150 200 250 300
0.00 025 050 075 1.00 125 150 1.75  2.00 KMev/c]
rifm]
2

S(r) = (4nr2)~%e 3 60 points(k), V- correlations

o
>
I
[
L
—n
=

Lingxiao WANG HHIQCD 2024 17/30



Inverse Femtoscopy

with Liang Zhang, Jiaxing Zhao, etc.

Principal Component Analysis(PCA)
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Inverse Femtoscopy

N. = 6400

Training Set: r0

Predicted Value

w ~
T

| 1

N
AL LA
|

=
A LJ L) l L) LJ
|

2 4
Ground Truth

Test Set: r0

w - wu
T T ' [3
N
A
N
N
N
1 1 1

Predicted Value
N
|
\\
Y
1

-
|
N

- N
|

2 4
Ground Truth

R2 . 1 B Z?zl (yl_j})z

Z?zl (yl _ )_])2

Lingxiao WANG

1000}

~1000

2000}

Training Set: bl

Ground Truth

—2000-1000 0O 1000

Test Set: bl
1000 7
! 7/
- "
" ’I
0 _-' ,,I -
L ’[,
~1000F — # -
,I
I 7/
-
—-2000f "

| TV T (TN T SR SR U SR S S S S
—2000-1000 O 1000

Ground Truth

400

300

200

100

400

300

200

100

Training Set: b2

0 200 400
Ground Truth
Test Set: b2
T — T T T
- "I, —-
E s
: y /S h
: /
: ,/!
Vi _
0 200 200

Ground Truth

400

200

—200

—400}

—200}

—400}

r, = 1.3fm, b, = — 306.5, b, = 200, b; = — 266, b, = 0.78,n_= 2

Training Set: b3

250 500

250 0
Ground Truth

Test Set: b3

400}

200}

1 | 1

R R T
=250 O 250 500
Ground Truth

R-squared: 0.99, 0.99, 0.99, 0.99, 0.99
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with Liang Zhang, Jiaxing Zhao, etc.
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Inverse Femtoscopy

Training Set: bl

0oL o > GNLEEIE R with Liang Zhang, Jiaxing Zhao, etc.
- ¢ -
g —200 v AR
= = ' e ]
© © i | | o
- > -250F ./ -----------------
@ —300 D : . ]
S S - A -
S 400 8 -300f S
o s o i | § L I L =
| a | - 60 points
") L &
Ui S

T P R
—300 =250 -200

—400 —-300 —-200

Ground Truth Ground Truth @onxg}cte@
Test Set: bl Test Set: b3 l
L L e gy
| | | 2 | s :
S -200f (oot
[ | | o® ' | % A 64
o —-200 . ) - A
=) | | ,/ E = i E § /’ P l
© ! | v - © [ y 4 ]
2 SRR S . M 5 "0 Fully Connected La
O -300F— P [ R— 7 O | y i ; y OH%‘ZCG yer
i I | 7 | ] - | 7
o [ I b | ' O K | |
5 S ] S S O |
£ -400 5] g 300 A
Y o4 /2 5 5 Fully Connected Layer
2 R 5
—400 —-300 -200 —-300 -250 -200
Ground Truth Ground Truth

b, b,
2 parameters

R-squared o) b3

Training 0.99 0.99 ro = 1.3 fm, b2 = 73.9, b4 — 0.78, n, = 2

...............................................................................................

Testing 0.99 | 0.99

N. = 10000
Lingxiao WANG HHIQCD 2024 20/30



Inverse Femtoscopy

N_. = 10000 n_=72 with Liang Zhang, Jiaxing Zhao, etc.
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Summary |

« Take-Home Messages

« PCA gives < 3 main components
* DNNSs learn the inverse mapping

e Source size can also be identified

successfully

e Future Works

» Flexible input length

Different parameterizations
Experimental data [
Bayesian inference [

Input beyond correlation functions .
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HAL QCD
meets DNNs



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

V(r) [MeV]

NN wave function ¢(r)

Local Approx.
Derivative Expansion

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

(k*/mn — Ho) ¥nps(7)

Ynps(®) = (OIN(AN(O)|N(k)N(~k),in) HAL QCD method
~ "W sin(kr —In/2+ 6(k))/(kr) = /d"ﬂU('F: ™ )YNBs(T")
(at asymptotic region) (Schrodinger eq.)

Kotaro’s talk on Monday
Separable potential: L. Meng & Epelbaum (2023); K. Murakami and S.Aoki (2024).
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HAL QCD: Inverse Problem Perspective

arXiv:2410.03082 ( with HAL QCD)

=
-
ke
=
= /
: )
]
=
Z
Z
p 9 0  0Uy(r, 1)
: : : 1 7O oUy(r,r') 90 Universal Approximation Theorem (1989,1991)
r [fm]
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
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https://arxiv.org/abs/2410.03082

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

Lingxiao WANG HHIQCD 2024 26/30


https://arxiv.org/abs/2410.03082

Mock Test: Separable Potential

As a numerical example, we take . = 1.0,0 = — 0.017u*,m = 3.30u, R = 2.5/u
N\ — / — _—Uur AN /
Ur,r) = ov(t)v(r), uv(r)=e™* UNNC( ) = afy(r, r')
_ - 7 r =0.1, Epoch 400 r' =0.1, Epoch 400

0 el5o(k) . . . r(,u2 + k2)

(1) = sin{kr + 6y(k)} — sindy(k)e ™ | 1+ --== NN
kr 24 —— True
kcotéo(k)=—# lzy(ﬁ—kZ)—#(y%kz)%%]

3 4 I
] r'[R] fR]
Nambu-Bethe-Salpeter (NBS) wave function - =1.0, Epoch 400 " = 1.0, Epoch 400
0.4
----= NN
0.3 ‘ —— True
$(D)e ™ = (0| N(x + r, )N(X, 1) | NN, W;) BP 5o,
5
0.1
(B, — Hy)hy(r) = JCP r'u(r, r')gy(r’) 0.0
9) Y T T T T T
Fmt, M= = 7=3 |a [(Ek—Ho) o - | r/Ue<r,r’>¢k<r’>] o e 7 v
k

Ur > 3R, r>3R) - 0
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https://arxiv.org/abs/2410.03082

AR L
Q.. Q.. . Interaction: 'S,

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

mN=2.O73,a_1=2333.0MeV Fr T T T[T T T[T T rrrrrryre
85000:‘2 3 E f { | :

Neural Network Hadron Force

x
80000:';‘

75000;""2 QcccQcce potential in s-channel
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0.0 0.5 1.0 15 2.0 25 3.0 35 4.0 § [
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lL,r) = wr-ar U(r,r L, r ek
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N e 1

75t
BP ~100F
Nambu-Bethe-Salpeter (NBS) wave function =l

R2=R,,,—2R +R,_,,R1 =(R,,,—R_))/2,Rr = V*R(t,7)

{ 1 1 , }
L = Z ——R2(t,r) — R1(t,r) + —Rr(t,r) — J47rr’ dr' Uy(r, r)R(t, 1)

4y - > Ar4zr®Uy(r, 1R, 1)

R(t,r)

Ur > 3fm, 7 > 3fm) - 0
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https://arxiv.org/abs/2410.03082

Q. Q.  Interaction: Non-Local Potential

Y. Lyu, etc., Phys. Rev. Lett. 127, 072003 (2021)
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“3D Map”
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arXiv:2410.03082 ( with HAL QCD)

Neural Network Hadron Force
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Summary I

 Take-Home Messages
 Non-Local Potenital As A “Map”
* Neural Network Representations
 Embed Physics Priors Explicitly
* Permutation Symmetry
 Asymptotic Behavior

« Roadmap

 Separable Potential
° £2cccgzccc(lSO)
e Phase Shifts

« More Cases .
(B-B, N-B, N-M, N-N, ...)

» Joint Learning with Femtoscopy -
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ABSTRACT

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
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,
continuity and equations into deep learning designs can address diverse inverse problems across different physical sciences.
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Thank You !

ML meets Physics, Opportunities and Challenges

Kouzou Sakai @Quanta Magazine



Learn to Sample

Masked Convolutional Layers

Continuous Autoregressive Models
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Backups: Existence and Uniqueness
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Backups: Potential vs. Source Function
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Backups: PCA and Correlation Matrix
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with Liang Zhang, Jiaxing Zhao, etc.

Data Standardization:

Eigenvalues and Eigenvectors:

Cv=Av
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Backups: Flexible Input Length

Fully Convolutional Network
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Backups: HAL QCD method

Imaginary Time

Consider the wave function at “

Lingxiao WANG

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
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Backups: Uncertainty Estimation

Consistent with Bayesian Inference

X : reconstructed potential given a sample

«O(x) : observables,o, E, etc.
wave-functions in this case
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Phys. Rev. D 107, 083028

Recall: Importance Sampling

e X : random variables

« f(x) : observables

E[f(x)] = [f(x)p(X)dx = Jf(x)@q(x)dx
q(x)

e 1 : number of samples

« p(x) : original(true) distribution

« q(x) : reference distribution
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Backups: Setup of DNNs

NN-1
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arXiv:2410.03082 ( with HAL QCD)
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Backups: Why DNN helps

Regularization

 Maximizing Bayesian Posterior
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« Prior, P(p|1I) = e°!”]

 Minimization the loss function
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 “Entropy” term serves as a regulator

Lingxiao WANG

Comput. Phys. Commun. 282, 108547

 Neural Networks (e.g., NN
representation)

Three typical “Entropy” terms
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non-local constraints from NN!
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