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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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HAL QCD Method
Rebuild Potential
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HAL QCD Method

Link Experiments
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HAL QCD Method
Rebuild Potential
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New Perspective

Inverse Problem

NN wave function ¢(r)

r [fm]

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

Maximize Likelihood Estimation
2

min,Z = Z [d?’ r [(Ek — Hy)) dy(r) — Jd3 r'Uy(r, '), (r)
k
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HAL QCD method

The equal-time Nambu-Bethe-Salpeter (NBS)
wave function

P (e " = (0| N(x + 1, HN(X, 1) | NN, W)
In the HAL QCD method, the NBS wave function is calculated from the
non-local but energy independent potential, U(r), as

k? V? m
(E, — Hy) g (r) = Jd3 rur,r)g(x), E,=—, Hy=———, m= iy
2m 2m 2

Extract the potential U(r, r’)
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Toy Model

In preparation within HAL QCD collaboration(Takumi Doi, Tetsuo Hatsuda, Yan Lyu)



Toy Model

Separable Potential

Ur,r) = ov()v(r), uvr)=e

The S-wave solution of the Schrodinger equation with this potential
IS given exactly by,

i50(k) 2 + k2
1?(”) = ekr sin{kr + oy(k)} — sin §y(k)e " <1 + T 2 )) ,
where, _
1 3u’ + k? (u? + k)
kcot (k) = — — | 2u(p® = k%) = ———(u* + k*)* +
p 4u 8rmw

As a numerical example, we take
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Toy Model

Separable Potential

0.6-_ -
s ©
0.2f .
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(k/)? r
L CH | _ r(u® + k) N , —
Br) = — = |sinlkr + 8,0} = sin sk | 1+ ——— Ur,r') = wov(r)v(r’), uvir)=e™*

As a numerical example, we take 1 = 1.0, = — 0.017u*, m = 3.30u, R = 2.5/u
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Naive-Parameterized

Two parameters

Uy(r,r’) = wexp(—0,r)exp(—0,r)
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(k/u)? r Epoch @, Loss: 4.375710964202881, Thetal: 0.5099999904632568, Theta2: 0.49000000953674316
Epoch 200, Loss: 0.1396370679140091, Thetal: 8.950462281703949, Theta2: 0.39753425121307373
Epoch 400, Loss: 0.04474024847149849, Thetal: 1.14754319190979, Theta2: 0.510127604007721
i50(0) S Epoch 600, Loss: 0.01694628968834877, Thetal: 1.184393048286438, Theta2: 0.6280280947685242
0 e'® . . ur r(u”+k°) Epoch 800, Loss: 0.009242076426744461, Thetal: 1.1597602367401123, Theta2: 0.6997004151344299
¢ (r) = sin{kr + oy(k)} — sin oy(k)e 4+ — Epoch 1000, Loss: 0.005497976206243038, Thetal: 1.133785605430603, Theta2: 0.752680778503418
kr 2u Epoch 1200, Loss: 0.0034021069295704365, Thetal: 1.1116809844970703, Theta2: ©.7952543497085571

Epoch 1400, Loss: 0.0021468503400683403, Thetal: 1.0929081439971024, Theta2: 0.8305171728134155
Epoch 1600, Loss: 0.0013651829212903976, Thetal: 1.0768871307373047, Theta2: ©.8601892590522766
Epoch 1800, Loss: 0.0008674096898175776, Thetal: 1.863176155090332, Theta2: 0.8853644728660583
Epoch 2000, Loss: ©.0005469319876283407, Thetal: 1.8514411926269531, Theta2: 0.9067927598953247
) .. Epoch 2200, Loss: ©.00034017590223811567, Thetal: 1.041424036026001, Theta2: 0.9250178933143616
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y Epoch 2600, Loss: 0.00012344479910098016, Thetal: 1.825755763053894, Theta2: @.9534343481063843
Epoch 2800, Loss: 7.118881330825388e—05, Thetal: 1.019789695739746, Theta2: 0.9642329216003418
Epoch 3000, Loss: 3.954790372517891e-05, Thetal: 1.0148907899856567, Theta2: 0.9730932712554932
k — [O 01 1 O] N — 20 = R Epoch 3200, Loss: 2.1019024643464945e—05, Thetal: 1.0109381675720215, Theta2: 0.980238676071167
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Neural Network

Partial Potential
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A practical set-up for training,

k =[0.01,1.0],N, = 10, r = R

Uy(r,1’) = w exp(—un)fy(r), VNN = fo(r)
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Neural Network

Partial Potential

Uy(r,1’) = w exp(—un)fy(r), VNN = fo(r)
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Neural Network

Non-Local Potential

Uy(r, 1) = wfy(r,r), UNN(> ') = Jo(r, 1)

------------------------- 2
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H Epoch 10000
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A practical set-up for training,
k =[0.01,1.0], N, = 10,
r = [0.01,5R], N. = 100.

~
~
~ -
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Neural Network

Non-Local Potential

Uy(r, 1) = wfy(r,r), UNN(> ') = Jo(r, 1)

miny,< = Z 2 [

0.2
00 05 1o
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i60(k) 2, 2
](()(r) = Sin{k}" +50(k)} — Sin50(k)e_/”<1 + r(’uz )
U

A practical set-up for training,
= [0.01,1.0], N, = 10,
r = [0.01,5R], N, = 100.

2
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Neural Network

Non-Local Potential
Uy(r, 1) = wfy(r,r), UNN(> ') = Jo(r, 1)

2

miny,< = Z 2 [ HO d(r) — J47rd r'r'Uy(r, " (r")

o
N
—T—
1

(.)-0..I10.5.."1.(-) OR
(k/u)? r Addlng PhyS|CS|

i60(k) 2452
O(r) = = sin{kr + 5,(k)} — sin Sy(k)e ™ [ 1 + ru”+k)
k}’ 2/"

A practical set-up for training,
k =[0.01,1.0], N, = 10,
r = [0.01,5R], N. = 100.

Symmetricly Sharing Parameters
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Neural Network

Non-Local Potential

Uy(r, 1) = wfy(r,r), UNN(> ') = Jo(r, 1)

2
miny,< = Z Z (Ek = HO) G (r) — |4xd r'r’'Uy(r, r') (1)
rok

r =0.1, Epoch 400
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1.151

UNN(Rr r/)

1.05

Initial guess
2 4
r'[R]

1.151
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1.051

Neural Network

Non-Local Potential

Uy(r, 1) = wfy(r,r), UNN(> ') = Jo(r, 1)

Initial guess
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Neural Network

Non-Local Potential

Uy(r, 1) = wfy(r,r), UNN(> ') = Jo(r, 1)

2
miny,< = 2 Z (Ek — HO) P (1) — [47zd r'r'Uy(r, r e (r')
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Neural Network

Non-Local Potential: More Physics Priors

Uy(r, 1) = wfy(r,r), UNN(> ') = Jo(r, 1)

2

miny,< = 2 Z [(Ek — HO) P (1) — [471’d r'r'Uy(r, r e (r')
rk

Symmetricly Sharing Parameters
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Neural Network

Non-Local Potential: More Physics Priors

Uy(r, 1) = wfy(r,r), UNN(> ') = Jo(r, 1)

2
miny,< = 2 Z [ k(r) [472’d r'r'Uy(r, ") (1)
Symmetricly Sharing Parameters r =2.5, Epoch 400 r' = 2.5, Epoch 400
0.08 | 0.08 | ~ NN
-+ _0.061)| __0.061)| True
< 0.041 < 0.04
S ~
0.02 1 0.02
0.00 ———— 0.00{  r—————————
0 1 2 3 4 5 0 1 2 3 4 5
FIR] fR]
Nreg Nreg
_ . _ _ 2
A practical set-up for training, r; € [4R, SR],N,,eg = 100, greg = Z Z (UNN(T; r]-) —0)
i

Lingxiao Wang(E /&) July 24th, ML meets LFT, Pre-LATTICE 2024 Workshop 23/42



Neural Network

Non-Local Potential: More Physics Priors

r =0.1, Epoch 400
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Case study:
|
QCCCQCCC( \ O)

In preparation within HAL QCD collaboration(Takumi Doi, Tetsuo Hatsuda, Yan Lyu)



Real World

Time-Dependent HAL QCD

Normalized NN correlation function 602 oty A ey
5e-22f~ a', M e 3 30:_ ‘ —
4e-22:— ;":f ] % TZ: wu*'i

-\ - — it 2 % 3022 55 o_ “ ' m;u*é
R(t, r) — CNN(F’ t)/(e N ) ; 2e-22? _ E;Z D
o By o EE
0 0.5 1 2 2.5 0.5 1 rnm]]S 2 25
“Time-Dependent” Schrodinger-like Equation
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O 7T 177 T ]
o ]
20 | ! ‘—_
= 10§ t
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Neural Networks

Time-Dependent HAL QCD

1 0% o . .
{ —— HO} R(t,7) = Jd%' U7, 7)R(t, 7)

Maximize Likelihood Estimation

2
1 1
mingg = Z {_Rtt(t, I") — Rt(f, I") + —Rr(t, l") — J4ﬂr’2dr/ U@(V, V,)R(t, r/)}
4

4mN mN

R (t, 1) = a%R(r, r),R(t,r) = 0,R(t,1),R(t,r) = V2R(t,r)
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Neural Networks

Time-Dependent HAL QCD

2
= 1 1 /2 / / /
min,? = Z TRt = R(, 1)+ —R(1,7) - 4rr’2dr’ Uy(r, r)R(t, ')
N
4

My

R(t, 1)

0& aU@(I’, I’/)

Usr, ') = 8UD WD) Oy = Ot 5
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Neural Networks

Case study: Q. .Q_ (1S,)
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Neural Networks

Case study: Q.. Q  (15))
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Neural Networks

Case study: Q.. Q  (15))
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Neural Networks

Case study: Q.. Q  (15))

QcccQccc potentlal in s-channel Ue(r, r')[MeV]

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

e HALQCD ]
Localized NN potential !

~
Ul
———
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N w
(O o
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o

V(r)[MeV]
I
N
'U'l

|
u
=)

I
~
ul

~100f

First time!
Non-local Potential!
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Neural Networks

Case study: Q.. Q  (15))

Ug(r, r')[MeV] Ug(r, r')[MeV]

1

2
Tmy 3
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Phase Sh ifts continuous function

To be calculated... /

k2 VQ o0
-V = [t i
180 [T my Ny 0
150
* phase shift (black: using local potential)
120 | 0 S
c’ : k R 1KN (local)(t=7)
()] [
= 904 I=1 KN
O [ £ 157 i
(O : 20+
60 |

30 ;

0 T T S R R S
0 20 40 60 80 100 120
Ecm [MeV]

~2%%60 -100 0 100 200 300 b0
E = mu=mg [MeV

* same phase shifts up to ~100 MeV for I=1 KN while ~10 MeV for |=0 KN

Non-local potential matters!

K. Murakami will present @Lattice 2024, Aug 2, 2024, 12:55PM
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https://conference.ippp.dur.ac.uk/event/1265/contributions/7506/

Summary

Advantages

* No need gaussian fitting after! Up (r,p)  $reeeesssesssesessss Residual of
> Schrodinger Eq.

® Non-local potential!

¢ k-independent

R (t,7)

Ug(r, r')[MeV]

Symmetricly Sharing Parameters

-+

Asymptotic Behaviour as Regulator

lim Ur,r) — 0

r>Rr'>R
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Summary

Roadmap

® Rebuild Separable Potential
* Neural Network Non-Local Potential v
* Exchange symmetry
* Asympotoic behaviour
* t-HAL QCD method

* Omega-Omega(s-channel) v

* Non-local potential v

e Phase Shifts . Symmetricly Sharing Parameters
® Next Steps +

* Full-t joint learning

* More real cases
(N-N, AV18 potential, elastic
scattering...)
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One More Thing

Diffusion Models for 2D U(1) Gauge Fields

In preparation with Qianteng Zhu (SJTU/RIKEN-ITHEMS)



Diffusion Models

StOChaStiC Quantization L. Wang, G. Aarts, and K. Zhou, JHEP 05(2024)060

— _ 2 _
d¢ = f(¢,$)ds + g(E)n d¢ = [f(¢,t) — g(£)*Vglogp(P)]dt + g(t)7)
> ------------------------ 9
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Gert will present @Lattice 2024, Jul 29, 2024, 2:55 PM
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https://doi.org/10.1007/JHEP05(2024)060
https://conference.ippp.dur.ac.uk/event/1265/contributions/7574/

Diffusion Models
Physics-Conditioned

0p(x,7) | 5SElp] dp | 5 /-

Drift Term Score Fucntion

5S
 ox

A = /\ — A

X~po(X) x~p(x, Bo) x~p(x, 1)
e.d.,
By 6S .
s=pY, (1-Rey) " o ox So(@, 1) = Psy(, 1)
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Gauge Field

2D U(1)

plaquette
— — T T
S=pY (1 _ Re(UD)> Un = UUsiz UL, UL,
[]
BN HMC beta=1 12 - Bl HMC beta=1
0.12 1 [ DM beta=1 [ DM beta=1
10
0.10 - -
8-
>, 008 _ .
= c
o 7]
S 0.06 I S 6
& &
0.04 - I 44
0.02 - . I 5 -
o |
0.00 - 01— . A
=e=8=i=6=0=4=3=2=110 123 @ 5 6 78 29 10 020 025 030 035 040 045 050 0.55 0.60

topological charge Q Wilson loop value

Q=2iﬂzFo1(x) Learned at // = | with 10,240 cofigurations, L = 16 W(C):Tr[ I1 UW]
x Generated 1024 configs for testing BESS
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2D U(1) Gauge Field

Topological Freezing
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Fig. 1 Monte Carlo history of the topological charge Q for increasing
values of 8 in a Markov chain of 10° HMC configurations
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Generated at f/ = 7 with 1024 cofigurations, L = 16
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2D U(1) Gauge Field

Topological Freezing

[=)]
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Generated at // = 7 with 1024 cofigurations, L = 16
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Thank you!

Inputs

: Symmetry

: W ‘
@ e ————————————————————— Physical Data

Back-Propagation ---------------------------ooooooooo- Physical Equations

Physics-Driven Deep Learning



Backups

Topological Freezing

Large size, still work!

Eur. Phys. J. C (2021) 81:873
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e (%107

Fig. 1 Monte Carlo history of the topological charge Q for increasing
values of B in a Markov chain of 10° HMC configurations
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Backups

Scattering

(N1 (x, YNy (y, )7 1(0).7(0))

= ) (O] N,(X)N(y) | n)a,e 5

e = 0.0 = 3 b

(E, — H),(r) = Jd3 rur, r)g (x), r <R

AN

Consider the wave function at “ ”
— Phase shift, Binding energy
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Backups

Direct Method?

Lattice QCD

Direct
Method

R(7)

without

a “map” /\/\

¢

v

L

I
N/

A(r,7)
Iritani+ [HAL QCD Coll.] <0y
JHEP1610 (2016) 101 [
PRDY6 (2017) 034521 C M
PRD99 (2019) 014514

JHEP1903 (2019) 007 ‘ |
L SR

JL

Observables
(phase shift, binding energy)

slides@T.Hatsuda
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Toy Model-li

Yukawa Potential

Local potential approximation will give a Schordinger equation,

m

VZ
(—2— + V(r)) w(r) = Ey(r)

e M
where V(r) = — a , and «a is the coupling(interaction) constant
r

and u is the mass of the exchanged particle.
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Toy Model-li

Yukawa Potential

e M
Vir)=—a
r
Wave Functions in Yukawa Potential: V(r) = — 2"
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Toy Model-li

Yukawa Potential

VNN() = fy(r)

min, & = ZZ[ — Hy) () — VNN

2

Wave Functions in Yukawa Potential: V(r) = — 2~
0.06-‘ 7
0.04l N
— 0.02} -
s . ——— _Epoch40000
[ ] 0:- T T T T T
0.00f 7
' —— n=0, E=-0.80 | B
— n=1, E=0.03 —50F
—0.02F n=2, E=0.25 | 5
-75
—— n=3,E=0.61 | -
I ! ! - I . [ E —-100
0 1 2 3 4 5 =
r —125;
A practical set-up for training, -150f
— -175F — ;
k - [0919293], : ——— Lr:e ]
_200-_ | - n PR 1 L PR PR T T SR S S T S Sy | S S S— ;
r =[0.01,5u], N. = 2000. 5 I 5 5 7 5

Lingxiao Wang(E /&) July 24th, ML meets LFT, Pre-LATTICE 2024 Workshop 49/42



Toy Model-li

Yukawa Potential

VNN() = fy(r)

2
min,z = 3 Y [(Ek — Hy) h(r) — VNN D)
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Backups

Momentum Space

Ug(r, r')[MeV]

Discrete Fourier Transformation

___________ 3
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