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Introduction

Happy anniversary quantum physics!

Uber quantentheoretische Umdeutung 3. Quantisierung als Eigenwertproblem;
kinematischer und mechanischer Beziehungen. von E. Schrodinger.
Von W. Heisenberg in Gottingen. (Erste Mitteilung.) E. Schridinger.
(EBingegangen am 29, Juli 1925.) ————e
In der Arbeit soll versucht werden, Grundlagen zu gewinnen fir eine quanten- § 1. In dieser Mitteilung méchte ich zuniichst an dem ein
theoretisehe dechantl, geiibffﬁfﬁgi?liﬁfaﬁ3§fbfse£i§h?§?’“ wwischen prinaipiell fachsten Fall des (nichtrelativistischen und ungestorten) Wasser

stoffatoms zeigen, dafl die iibliche Quantisierungsvorschrift sicl
durch eine andere Forderung ersetzen 1aBt, in der kein Wor
von ,ganzen Zahlen® mehr vorkommt. Vielmehr ergibt sicl
die (anzzahligkeit auf dieselbe natiirliche Art, wie etwa di

Bekanntlich 148t sich gegen die formalen Regeln, die allgemein in
der Quantentheorie zur Berechnung beobachtbarer Griofien (z. B. der
Energie im Wasserstoffatom) benutzt werden, der schwerwiegende Ein-
wand erheben, daf jene Rechenregeln als wesentlichen Bestandteil Be-

‘w . - L ] - . .
ziehungen enthalten zwischen Grofen, die scheinbar prinzipiell nicht banzzahhgkelt d?r Knotenzahl ,emer sc}_“".ngenden Snite. . DI]
heohachtet werden kénnen (wie z. B. Ort. UUmlanfszeit des Elektrons). neue Auffassung 18t vera,llgememerungsfahlg und l‘ﬁhl‘t, wie 10
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1925 for 1d Ising model

To study phase transition, Wilhelm Lenz proposed “lsing model” in 1920,
and it has been solved in 1924-1925 by E. Ising.

Beitrag zur Theorie des Ferromagnetismus?).

Von Ernst Ising in Hamburg.
(Eingegangen am 9. Dezember 1924.)

Es wird im wesentlichen das thermische Verhalten eines linearen, aus Elementar-
magneten hestehenden Korpers untersucht, wobei im Gegensatz zur Weissschen
Theorie des Ferromagnetismus kein molekulares Feld, sondern nur eine (nicht
magnetische) Wechselwirkung benachbarter Elemeatarmagnete angenommen wird.
Es wird gezeigt, daB ein soleches Modell noch keine ferromagnetischen Eigenschaften
hesitzt und diese Aussage auch auf das dreidimensionale Modell ausgedehnt.

1. Annahmen. Die Erklirung, die P. Weiss?) fir den Ferro-
maguetismus gegeben hat, ist zwar formal befriedigend, doch lafit sie
besonders die Frage nach einer physikalischen Erklirung der Hypothese
des molekularen Feldes offen. Nuch dieser Theorie wirkt anf jeden

2d version has solved by Lars Onsager in 1944

After these developments, Ising model is a
testbed for new method to investigate phase transitions

| used Al to find phase transition (almost) 10 years ago



From Ising model

K. Kashiwa, Y. Kikuchi AT 1812.01522
A.Tanaka AT 1609.09087
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Neural net as a thermometer (Classification problem)

A.Tanaka AT 1609.09087
K. Kashiwa, Y. Kikuchi AT 1812.01522

In 2016, a professional go-player (Lee Sedol) lose to Al, It make a boom of Al.

“0: Google DeepMind = e ~

Challenge Match ; 8 Aphocs| ' wan J DOF

0 - 15 Mavch 20W

Akinori Tanaka and | started to apply Al to theoretical physics
To test ability of “Al”, we decided to use the 2d Ising model
We tried to determine the phase of it without any prior knowledge



Akio Tomiya

Setup

Neural net as a thermometer (Classification problem)

A.Tanaka AT 1609.09087
K. Kashiwa, Y. Kikuchi AT 1812.01522

Ising model = a (classical) toy model of magnets. More than 2d, it has 2 phases.
Hamiltonian has Z, symmetry and lowest energy states break it.

HS)=-J ) &8, DOF
(i,j):nearest ®
P(S) =
(S) ~

Using Markov chain Monte Carlo (MCMC), we generate spin configurations
and we tried to guess the phase transition temperature

from the configurations only
Namely, we do not use input of the critical temperature.
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Neural net as a thermometer (Classification problem)

A.Tanaka AT 1609.09087
K. Kashiwa, Y. Kikuchi AT 1812.01522

Input = Configurations of inverse temperatures Ke(Kmin<Kcr<Kmax)
Output = inverse temperature

NN is trained as a “thermometer’”

{S} . (7— {{Sl}‘ Ising configs on L x L lattice.} ]
L]

g, J Flatten ! <( Fully-connected (Dense) layer WO

¥ R Softmax activation

: &Feed ~

2, € 0,1]™ : hidden units

(
Fully-connected (Dense) layer VV1

;

EEAK. . SL.7 Yoy .
j'th conf. ith \ Softmax activation
inv- Temp. K_ Kans _yK - [O,l]NO : output | |
= K i=1,---,LXL
a=1,-,N,
“Distance” (cross entropy) K=1,-,N,
E(y) & ), G X (<logyg({S})) 0 <yg <1

jeConf

Minimize E, NN becomes a thermometer but we focus on W4



Neural net captures phase transition "™

Heat map of weight W In second layer has structure

A.Tanaka AT 1609.09087
K. Kashiwa, Y. Kikuchi AT 1812.01522

Heat map of W
- ~ average over :
] vertical axis ,,| ~"°*-. Ko =0.4407
- -+ (Hidden) g

Few percent accuracy of Kcritical!

o)
o

[ [e)] ~
o o o

Weight

w
o

N
o

Hidden layers

=
o

o




Quantum chromodynamics (QCD)

Recognition to Generation
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Elementary particle physics

f ) .
- 3D contour of field strength at t=00.298 yocto-second
o . ~
' Periodic Table of the Elements = N
1
. N
H 4 A
"f'dmen 2 T T 4 A Y
\ P——
. 5 6 7 10 ’ A
Li | Be BIC|NJO|F]|Ne ' 1
Lthim | Eerylium Baa Gaton ff Nirogen | Qrygen | Fhceme Nem 1 1
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39.10 J| 4008 | 4496 4788 5094 5199 5494 5585 5893 5869 6355 6538 | 6972 N 7263 J 7492 A 7897 A 7990 A 8380 -~ P
37 38 39 a0 a a2 3 as as a6 a7 a8 a9 50 51 52 53 54 e - - 4 1.77
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Fr|Ra|,. Rf Db Sg Bh Hs Mt Ds Rg Cn |Nh| Fl | Mc|Lv| Ts | Og z 1.21
Francim Radnm futhecoedere. Dubaiem  Seaborgum  Bohriem Hassim ~ Neftnerum  Qasvstaction Roestgenmum (cpemicum | Mhoonm § Feromm § Mescomum J Uvermormm§ Termessine | Oganesson =,
223.02 )_226.03 (261)  (262)  (266) = (264)  [269) = (278) = (281) = (280 = (285) \_[286) N_(289) A_(289) A_(293] N_(294) A_[294) »
1.03
0.84
~N
0.65
0.47
0.28
0.09

QCD = Quantum Chromo-dynamics

= A fundamental theory for particles inside of nuclei

Quantum many body(fields), relativistic, strongly correlated

-> One of the hardest problem -> “Lattice” QCD enables to calculate it
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Lattice gauge theory is a “generalized” Ising model

Ising model Lattice gauge theory (path integral)
) e~fI0[s] JDUe‘S[U]O[U]
all possible confi
{S} p &
State sum for thermodynamics Path integral for quantization
Ut
a
/f /f NxN unitary mat.
UM
Energy function = Hamiltonian Energy function = Euclidean action
~ J 2N
= — ? S;S; S =— ? Z Re tr [UﬂUyU;UZ]
ij L]
Z , dofs live on points SU(N) dofs live on bonds, N=3 is QCD

Lattice QCD/gauge theory is necessary for particle physics



Introduction

Lattice QCD = non-perturbative input for phenomenology

. : Experimentalist
ud ¢ r(exp)

a) b)
; FIG. 4 Diagrams describing the KE:H amplitude. B ! 3

Phenomenology *

‘\ 3 a\ Calculate

b |
v
&

Calculate %

only from (Aqcp, Mygs m) ’
‘ Compare
Phenomenology
Lattice form factor : G 2 X *’
7O x 3\V =T,
1927

Standard model parameter
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Lattice QCD = QCD on a discretized spacetime

1 4

Quantum _ —SocplU] —

expectation value <@> - 7 J?()E{j (_XiD I@[U] DU = H HdUﬂ(n)
im. integra nelat u=1

Finite dim. integral!

ﬂl’ dimensional lattice \

a [fm] is a lattice spacing (unit of discretization)
needed to define the theory (as differentiation)

Theory on the lattice spacetime

1 - 2 r(lat)
SocplU] = Z [_ ?Re tr ' F””t[U]] + (Quarks)
n
(after all calculations, we take a — 0 limit with tuning of g)
we can “restore” continuum spacetime with quantum fields

Because of the dimensionality of the integral,
we evaluate this integral using a Markov-Chain
Monte Carlo.

Gauge symmetry is essential

B>
BHHEON
SN




Introduction

Monte-Carlo integration is available

Simon Duane, Anthony Kennedy, Brian Pendleton and Duncan Roweth1987

Target integration -S4 U] SeilU] = S,puee U1 — log det(D[U] + m)
= expectation value <@> o J‘@ Ue™>r=0O(U) o

256* X 4 x 8 dimensional Integral

Monte-Carlo: Generate field configurations with “P[U] x e >:ilU]» @& _ It gives expectation value

1
S(x,y) = 5(}62 +y% + xy)

HMC: Hybrid (Hamiltonian) Monte-Carlo
De-facto standard algorithm (Exact)

Random momentum + EOM
= Random walk like algorithm
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Introduction

Monte-Carlo integration is available

M. Creutz 1980

. . 1
Target integration — =Sl U1 SolU1 = S,uee U] — log det(D[U] + m)
= expectation value <@> o 7 DUe 6(U) o

HMC: Hybrid (Hamiltonian) Monte-Carlo | sy = Lo 442 4 10)
De-facto standard algorithm (Exact) | 2

Random momentum + EOM
= Random walk like algorithm

In each time step of “EOM”, we have to solve a linear equation D (Dslash),
namely quark part, is very expensive. It dci)ninates 50-90 % of numerical cost.

Dx=0b

f

10° dimension for L = 256

We want to reduce cost of quark part



Lattice QCD?

What is our final goal for our research field?

In short, we simulate of elementary particles in nuclei

Using super computers + Lattice QCD, we can understand...
- melting of protons/neutrons etc. at high temperatures

— related to the history of the universe
- attractive/repulsive forces between atomic nuclei

— to understand how stars are born and dead

- properties of a dark matter candidate
etc.

We want to understand our universe from fundamental level!



Introduction
What is our final goal for our research field?

What we want to solve?

- Improve efficiency of simulations to beyond our current numerical limitations

Restrictions (obstacles) to use ML on physics:
- Exactness & quantitative. Machine learning is an approximator
- Gauge symmetry, global symmetry is essential.
- Code. How can we make neural nets w/ HPC?




Gauge symmetric

neural networks for MCMC

18



Introduction

Akio Tomiya

Configuration generation with machine learning is developing

Year | Group Ml | Dim. | Theory | Gaugesym | Exact? Fermion? Reference
2017 AT Akineri +RI-I|3|\|>I/IC 2d Scalar - No No arXiv: 1712.03893
2018| K.zhou+ | QAN | 2d Scalar _ No No arXiv: 1810.12879
2018 | J. Pawlowski + +(|3-|'?\\/INC 2d Scalar - Yes? No arXiv: 1811.03533
2019 MIT+ Flow 2d Scalar - Yes No arXiv: 1904.12072
2020 MIT+ Flow 2d U(1) Equivariant Yes No arXiv: 2003.06413
2020 MIT+ Flow 2d SU(N) | Equivariant Yes No arXiv: 2008.05456
2020 ‘TR |SLMC| 4d | SU(N) | Invariant | Yes Partially arXiv: 2010.11900
2021 | M. Medvidovic+ | A-N|CE 2d Scalar - No No arXiv: 2012.01442
2021S. Foreman | L2HMC | 2d UQ) Yes Yes No

2021 AT+ |SLHMC| 4d QCD Covariant Yes YES!

2021| L.Del | Eloy 2d  |Scalar, O(N) - Yes No

2021| MIT+ | Flow 2d | Yukawa = Yes Yes

2021 | S Forman | Flowed 2d U(1) Equivariant Yes No but compatible | arXiv: 2112.01586
2021 | XY Jing | Neural net 2d U(1) Equivariant Yes No

2022 | J. Finkenrath | Flow 2d U(1) Equivariant Yes Yes (diagonalization) arxiv: 2201.02216
2022 MIT+ Flow 2d, 4d | U(1), QCD | Equivariant Yes Yes arXiv:2202.11712 +
2022 AT+ Flow 2d, 3d Scalar Yes

and more +



Introduction

Symmetry is important

e Symmetry is a central concept in theoretical physics

e Lattice QCD fully uses symmetry, not only global
symmetry but also gauge symmetry

e To use neural networks in QCD,
we need gauge symmetric neural networks




What iS ‘o0]p)'A neural networks? Akio Tomiya

Convolution layer = trainable filter

Filter on image

Laplacian filter
O|11]0
1121
0(1]0

Edge detection

(Discretization of 0°)

Fukushima, Kunihiko (1980)
Zhang, Wei (1988) + a lot!

Convolution layer

Trainable filter

Edge deteCtiOn Gaussian filter
W11 (W12 | W13 | e

Smoothin LT
W21 | W22 | W23 (Gaussian Tilter) 16 —
W31 W32 | W33

This can be any filter which helps feature extraction

| but still transitionalli eiuivariant!
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Smoothing improves global properties
Coarse image Smoothened image

-
-

Gaussian filter ‘

Numerical derivative is unstable Numerical derivative is stable

We want to smoothen gauge configurations
with keeping gauge symmetry

APE-type smearing M. Albanese+ 1987
Two types: R. Hoffmann+ 2007
Stout-type smearing C. Morningster+ 2003
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Smoothing with gauge symmetry, APE type

M. Albanese+ 1987
APE_type smearing R. Hoffmann+ 2007

Covariant sum Normalization

M
fat — a T — i i
U(n) — Uktn) = [(1 ~ )U,(n) + EVM[U](n)] M) =~ Orproectn
VZ[U](H) = Z Uy(n) Uﬂ(n + D) Uj(n + )+ - VJ[U](n)& U, (n) shows same transformation
UFv *U;at[U](n) is as well

Schematically,
\ — a
— =N [o-o>—+:ZF1+1 4 ]
We can promote this idea to neural network!

> =/V[W1 > +W2;W+Lj]

wy, W, are weights, and we can train them!




Intuitive picture of these works

Find a effective action for simulations w/ neural nets

p I
F—F =aly|"+Z ||+ —|(=iAV = 2eA)y|*
2 2m

Effective action
~ Fit Ansatz (GL equation)

\ action — f Neural net[ U]

Effective action
~ Fit Ansatz (Neural net)
for lattice QCD?
More efficient MCMC?




Covariant CNN

Covariant CNN: convolution type

To make a new effective action, we build it with existing quark action,
by shifting mass larger. This would improve the condition number

S(quark)[U; m] — Z ¢T(D[U] + m)—1¢

Loss = Z

data

2
SQuark)r reonr i m = 0.4]1— SRy m = 0.3] ‘

Quark action

HMC = Molecular-dynamics + Metropolis-test

Molecular-dynamics S@*0[U;m] = Zcﬁ* (DLUCm U] + m') ¢

(NN effective action)
m’ >m

Metropolis-test S@[Um] = ) ¢T(DIU] +m)~'¢p

The gauge action is common

Exact action in Met-test ensures exactness
while we use neural network effective action in MD



Gauge covariant net& SL MC

Akio Tomiya

SLHMC for gauge system with dynamical fermions

HMC

Metropolis E

Metropolis &

arXiv: 2103.11965 and reference therein

m Metropolis

Both use

Non-conservation of H cancels since
the molecular dynamics is reversible

Metropolis

H=Y r*+S$,+ 5V
_Eom’

H= Y r*+S8,+SUNNU])

Fermion action is
approximated one but exact




Gauge covariant net& SL MC

Akio Tomiya

Results are consistent with each other

2500 L
2000 - 1

1500 1

Count

1000 - ;

500 - ,

0.70
Plaquette

0.68

3000 bt |
2500 - -

+ 2000 {

C

3

3 1500+
1000 ~

500 -

0

038 040 0.42 0.44

Chiral condensate

0.48

0.50

arXiv: 2103.11965 + statistics

| HMC |
4000 + | SLHMC X
J
., 30001 1
C
S !
© 2000 -
}
1000 - ‘ s
Lannit
0 . . SRR b I" " . .
—-1.0 -0.5 0.0 0.5 1.0
Polyakov loop
Expectation value
Algorithm Observable Value
HMC Plaquette 0.7025(1)
SLHMC Plaquette 0.7023(2)
HMC |Polyakov loop| 0.82(1)
SLHMC  |Polyakov loop| 0.83(1)
HMC Chiral condensate 0.4245(5)
SLHMC  Chiral condensate 0.4241(5)




Gauge symmetric

Transformer for LQCD/MCMC

28
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Equivariance and convolution

Convolutional Neural network have been good job but local ...

conv ~ neural net with n-th nearest neighbor connections (local)

nv
Q{W
€.g. _ . Long range correlation in input is
1d Input image _ captured by deep layers

since operation is local

However, 1 step of convolutional layer can pick up only local correlation
and representability of neural networks is limited. Global correlations are

sometimes important.
How can we overcome these difficulties?




Configuration generation in LQCD "™

Attention layer used in Transformers (GPT etc) arXiv:1706.08762

4 1 —\
~>| Add & Norm )
Feed
Forward

Output
Probabilities

|

| Softmax |

I& Linear

(. )
| Add & Norm Je=~
Feed

Forward

r—

| Add & Norm Je~

Multi-Head
Attention

]
Nx | ("Add & Norm )

Multi-Head
Attention

4t
&_ _

Positional D
Encoding

Input
Embedding

T

Inputs

7 7 7 N
F}

| Add & Norm e~

Masked
Multi-Head
Attention
At 2

. —

@ Positional
Encoding

Output
Embedding

Outputs
(shifted right)

Figure 1: The Transformer - model architecture.

Attention layer (in transformer model) has been
introduced in a paper titled

“Attention is all you need” (1706.03762)
State of the art architecture of language
processing.

Attention layer is essential.




Configuration generation in LQCD "™

Attention layer can capture non-local correlations axi:170s.0s7:2
Modifier in language can be non-local

‘e T

Eg.| am Akio Tomiya living in Japan, who studies machine learning and physics

In physics terminology, this is non local correlation.
The attention layer enables us to treat non-local correlation

Simplified version of Attention/Transformer

| Skip connection

I »| WX | M = W WKX)T
/" | Non-local product v
X = am B WKX (Non-local
Akio correlation)
. — VY x Add & normalization |— X’
| ReLUM)W'X | — T
Weighted
Array of word vectors Block-
spin

Word~vector Transt. _
X: matrix (Trainable) Self-Attention

These can be reieated




Self-learning Monte-Carlo

Equivariant Attention layer e 208 11807

We can construct effective hamiltonian with output of Attention layer
because “output of Attention = smeared fields with non-local correlation”

\

ngf%near — Z JeffQeft | geff E,
(i.j) l I Smeared fields
SO = <S( ) + SA> Rot. equivariant

Trsl. equivariant

— Add & Norm I g = N : '
S T / Self-Attention bl}ek// | trainable!
£

* agal s talk!

S
o
'c_%l I Self-Attention block I M = WQS(WKS)T

] 1

Smearing
Q K Vv .
S = AW S|V LWV O e Rot. equivariant
T T Trsl. equivariant
trainable!

\_ S /




CASK: Covariant Transformer

Lattice covariant attention orXiv: 250116955

Attention matrix in transformer ~ correlation function (with block-spin transformed spin)

-> we replace it with “correlation function of links” in a covariant way

o T
iy i Re tr U (l)U (7)
1y ~ S - Sj ____________________ N ________________________________ _____________________________ .

U T not invariant

Attention for spins

~ (with activation)

o lmeetaten) ' 1 (cannotbe used)
_______ Vel T

l
l J Lattice gauge qovariapt atteption
invariant Gauging g [T invariant under
under global O(3) | local SU(N)
a; ~ (RS)!RS; =SS, ] J
In total, output is covariant Qi ju ™~ Re tr V (l)U T(] ) (with activation)
2310.13222 AT+,2306.11527 AT+ In total, output is covariant




CASK: Covariant Transformer

_iduliaUCD
CASK for SU(2), SU(3) gauge theory + fermions S T

Comparison Covariant convolution (CovNet) and Covariant transformer (CASK)

UCASK) — (CASK)USH) CASK (transformer based)

£ NN-ou U = gH(COVNet) U™  CovNet (convolution based, baseline)
H 8¢

2

S@uark)r [7(NN=out). 11— (9 4] — §@arL 7. 1 = 0.3] S@a U m] = ) T (DLUT+m) ¢

Loss = 2

data

Energy function

101 | . . .
] # of layers |— CASK2 * Dynamical simulation
| — CASK3
| —— CASK4
m | PR e L*=4%5SU@),ma=0.3
= 33% larger mass in MD
- | Govet | e CASK has better expressibility
— I than CovNet (Covariant CNN)
0 [ M A 7 L
9% 2500 5000 7500 10000 ¢ SU(3) works as well

Trai. (Epoch)




Performant code with NN




Other codes, motivations

Julia is the best for LQCD + ML

e Big success of lattice QCD. Quantitative and non-perturbative

e Machine learning? We need test applicability of it!

A code for “machine learning + lattice QCD”?
e Lattice QCD is expensive. Fortran/C++ with parallelization
e e.g. 0(10”) x O(10”) matrix operation for L* = 100*

* Python is used for machine learning. But SLOW!
We can use libraries written in C++, but debugging is hard

e

@
® o0
AutoGrad. No stress from “two languages” jUIIﬂ

 Julia language supports both of performance and




Lattice QCD?

Open source LQCD code in Julia Language -Ang_‘N“a;i

ﬁlatticeﬂcnj Run almost everywhere: Laptop/Colab/Jupyter/Supercomputers

Advantage: Portability, no-explicit compile, fast, Quick trial-and-error feedback loop
Functionality: SU(Nc)-heatbath, (R)HMC, Self-learning HMC, Dynamical fermions
Measurements (chiral condensate, topological charge, etc), MPI, GPU

[ 1. Download Julia binary )

Start LQCD 2. Add the package through Julia package manager

\ n s min 3. Execute! y

https://github.com/akio-tomiya/LatticeQCD.jl Code

: .. ..0. o 000 O
SU(3), Quenched, L—4"4 Heatbath 90 cotour o e stength at 0028 yoci econd %000’ ®ee of & e
® O & 0 000 O
[ 3N ] (1 1] [ ] [ ]
......... [ J
[ 1 ] [ 2N ] [ 1] [ 1]
F & [ BN J *® & © ® 060 o o o0
® LN e o o oo
L ] [ J [ J [ 0000
[ 3 [ ]
000 o0 o
1 ] [ 1]

. LL

0450.500.550.600.650.70
Plaquette MCtm |P Iy k I p|

Plaquette

Polyakov loop s "1 >
& o . os ‘
I I\ ol < 065 » B . P N K SN NI TN N I I et
S o4 | o, ® > e ARRE- ST EY Q. | e 000 0 00 0000000000 0000 o
> NV 1 ° e ] AT AR e | 0.0 000 000 000 00 00000 0000 00
Qo3 | Y—¥ 02 I\ o s o] QEETSRLAEEVY BN Y R 000 00 0000000 00 00 6 & 000
% V| £ 0210 > : wl O U d SYB-| 00 e e e e eeee o  eee
S o2t I 0313, 80 o S \[ e o0 0 00 o0 o . o0
S ‘ 04 < |l J\ 004 0= 5% o oo @ oo o * 0
< oafl|| A 05 p°°S S0 N “osar Geped 20,8 80000 o0 " s ¢ o o 0se
-0.. - 1.03 .03
! a <L e ' %0 000 o0 o0 o Y
5 10 15 20 25 010001020304 05 5 10 15 20 5 g T L 2,320 o0 2 2 o s o 02 00
MC time Re MC time e e ® 00 0606 ©
— - ® 00000 o o 000 o0 o oo0

arXiv:2409.03030 Video: https://youtu.be/Z-CT8A2R -w 37


https://github.com/akio-tomiya/LatticeQCD.jl
https://youtu.be/Z-CT8A2R_-w
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Summary

Al/code for quantum fields

A This talk is based on

‘ 1 JPSJ 86, 063001 (2017)
\ JPSJ 94, 031006 (2025
- | http://bit.ly/3JrEjls ( )
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* Phase transition in Ising model

* [t can be seen from weights of neural net. It can be determined
without prior knowledge

e Gauge covariant convolution for gauge theory

[+ It works but might be inefficient if there are long range correlations
1 induced by fermions

i ¢ Gauge covariant transformer for gauge theory A
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gk ° ltworks well. It shows scaling law? (need more systematic study)

@, Code: Julia works both for HPC and ML, so best choice for this fieI | =m
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