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Akio Tomiya

Machine learning for theoretical physics

What am 1?
| am a particle physicist, working on lattice QCD.

| want to apply machine learning on it.

My papers https://scholar.google.co.jp/citations?user=LKVay wAAAAJ

Detection of phase transition via convolutional neural networks
A Tanaka, A Tomiya Detecting phase transition

Journal of the Physical Society of Japan 86 (6), 063001
Digital quantum simulation of the schwinger model with topological term via adiabatic

state preparation _
B Chakraborty, M Honda, T Izubuchi, Y Kikuchi, A Tomiya Quantum computing
arXiv preprint arXiv:2001.00485 for quantum field theory
Biography
2006-2010 : University of Hyogo (Cond. mat.)
2015 : PhD in Osaka university (Particle phys)
2015 - 2018 : Postdoc in Wuhan (China)
2018 - 2021 : SPDR in Riken/BNL (US)
2021 - : Assistant prof. in IPUT Osaka (ML/AI)
Kakenhi and others
Leader of proj AO1 Transformative Research Areas
- N _:sm* MLPhYs Foundation of "Machine Learning Physics" Pr%%r?_&g’ggmeﬁs”mes
Deep Lea!'nlng REER m— | | Grantin-Aid for Transformative Research Areas(A) and development of Al teonnology
and Physics mmgyez@aa | ‘ﬁ;"é’f}? +quantum computer

Organizing “Deep Learning and physics”
Supervision of Shin-Kamen Rider

https://cometscome.github.io/DLAP2020



Outline of my talk

Message: I’'ve been developing neural networks for lattice QCD

Machine learning?
Neural network?

Lattice QCD?

How to calculate it
Problem

3 methods with ML




What is machine learning/Al?



What is machine learning?

E.g. Linear regression € Supervised learning

Data: D = {(x(l),y(l)), (x®), y@h, }

o . X
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What is machine learning?

E.g. Linear regression € Supervised learning

Data: D = {(x(l),y(l)), (x®), y@h, }

1
f{a,b,c}(x) = ax*+bx+c E = 5 Z
d

a, b, c, are determined by minimizing £
(training = fitting by data)
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What is machine learning?

E.g. Linear regression € Supervised learning

Data: D = {(x(l),y(l)), (x®), y@h, }

V1

f{a,b,c}(x) = ax’+ bx+c

- X

2
f{ a,b,c}(x(d)) _ y(d)

1
f{a,b,c}(x) = ax*+bx+c E = 5 Z
d

a, b, c, are determined by minimizing £
(training = fitting by data)

Akio Tomiya



What is machine learning?

E.g. Linear regression € Supervised learning

Data: D = {(x(l),y(l)), (x®), y@h, }

V1

f{a,bac}(x) = ax’+ bx+c

Use of fitted function =

Inference
> X

X0
Now we can predict y value which not in the data

In physics language, variational method

Akio Tomiya



What is the neural networks?

Neural network is a universal approximation function

Example: Recognition of hand-written numbers (0-9)

6x6

&

Input

How can we formulate this “Black box”?
Ansatz?




What is the neural networks?

Neural network is a universal approximation function

Example: Recognition of hand-written numbers (0-9)

(0.000 ) Ap -
’ robabilit
6x6 0.000 y
0.8434
o736 | _—
= lo03456|— X
: 0.64 I B =
Image is a vector | -5 Regard >
(6x6=36 dim) | : | 1 2 3 4
A jRegard
36 dimension

4
®

‘ Images of “2”

10 dimension

yno

BT $
O

Images of “1”

Image recognition = Find a map between two vector spaces




What is the neural networks?

Neural network is a universal approximation function

Example: Recognition of hand-written numbers (0-9)

(0.000
6x6 0.000
0.8434
_| 0756 | _—
~lo34s6|= A
: 0.64
Image is a vector | ;,5; Regard
(6x6=36 dim) | :
A

36 dimension Neural net

<
‘.

’ Images of “2”

Input

Y S
Q

Images of “1”




What is the neural networks?

Affine transformation + element-wise transformation

Layers of neuralnets [ =23.... L. 70 =% W. b arefit parameters

Z(l) — W(l)ﬁ’(l—l) + ?(l) Affine transformation

(b=0 called linear transformation)

u(l) _ (l)(Z(l)) Element-wise (local) non-linear.
i i hyperbolic tangent-ish function

A fully connected neural net:
fe(y) — 0(3)(W(3)0'(2)(W(2)7 + b (2)) + ) (3))

@ is a set of parameters: wg), bl.(l),

- Input & output = vectors
- Neural net = a nested function with a lot of parameters (W, b)
- Parameters (W, b) are determined from data

Neural network = map between vectors and vectors
Physicists terminology: Variational ansatz



What is the neural networks?

Neural network is a universal approximation function

Example: Recognition of hand-written numbers (0-9)

(0.000 ) AP ili
- robabilit
6x6 0.000 Y
0.8434
o756 | _—
~ 03456 [— A
_ 0.64 . ]
Image is a vector | ;-5 Regarding >
(6x6=36 dim) | : |, 4
$36 dimensi Neural net
36 dimension o/ Input eural ne “0”=(1,0,0,...)
p “1” = (0,1,0,...)
o “2” = (0,0,1,...)
N Images of “2” .-
J Input Output =0.0....7)

T -‘-b variational

Images of “1” map

Deep Learning

Fact: Neural network can mimic any function oyl

= A systematic variational function.

In this example, NN mimics image (36-dim vector) and label (10-dim vector)




What is the neural networks?

Neural network have been good job
Protein Folding (AlphaFold2, John Jumper+, Nature, 2020+), Transformer neural net

100

Score ALPHAFOLD 2
“ Higher is bett o
I g e r I S e e r € / ! '—\\ cov:g:wcc
A.gﬁ“' N
eco | . ALPHAFOLD [} “
a t
O Grerecs = sm‘? |1
40 Input sequencd (8 blocks) | | (" Y
1944 t
NS :\ o —_— 3D slruc(uln:
| frrc)
20 . |
0 « Recycling (three times ]
CASP7 CASP8 CASP9 CASP1I0O CASP11  CASP12 CASP13 CASP14
2006 2008 2010 2012 2014 2016 2018 2020

CASP

Neurallg_e2twork wave function for many body (Carleo Troyer, Science 355, 602 (2017) )

Variational energy
- (lower is better)
10—4 | | |

#1of u%its élc o 8 16 32

Neural net + “Expert knowledge” — Best performance



What is Lattice QCD?



Introduction

What is QCD?

—— Periodic Table of the Elements

H He
] 2 13 1 15 1 7| tee
E 5 Ve (7 8 (9 10
Li | Be B|C|NJO| F|Ne
Ve ~ Ve Lithum Eenyllum Bora CGarbon Nitrogen (eygen Fhuoene Neon
6.94 9.01 10.81 12.01 14.01 16.00 19.00 20.18
S 11 )2 13 1 _ s 16 17 (18 |
. Na | Mg Al Si|P | S|Cl|Ar
v o Sedum || Nagresum 3 ‘ s ¢ ; s 9 10 1 12 Aluminum Silcon Phasphons. Sulfur (hiorme foqon
22.99 2431 26.98 28.09 30.97 32.06 3545 39.95
\ d\ J \ O & > & A )
" “ 19 20 21 22 . 23 24 25 26 27 28 . 29 30 31 32 33 34 35 36
' ' Ca Sc Ti V C Mn Fe Co Ni Cu Zn|Ga| Ge|As| Se| Br| Kr
\ 'l 1 Potassiom || Calem | Scandum  Teanum  Vanadem  C(heomum - Manganes Iron Cobak Nicked Copper Inc Gallum | Germanum §  Arsernic Sekniom |l Bromine Knypton
39.10 40.08 44,96 47.88 50.94 51.99 54.94 55.85 58.93 58.69 63.55 65.38 69.72 72.63 74.92 78.97 79.90 83.80
> ® e 37 |38 39 40 a 42 a3 as as a6 a7 48 49 50 51 52 53 54
_—T1 ' Ro|Sr ' Y Zr Nb Mo Tc Ru Rh Pd Ag Cd|In|Sn|Sb|Te| I | Xe
'Y '} fubdum | Seatem | ftrum Drcconm - Ncbism - Molybdenum  Jxhnetiom - Buthenum - Rhedum - Palladiom Shver Gadmum Indism In Antimony § Telnam Indine Xemn
Y ’ 8547 87.62 88.91 91.22 9291 95.95 98.91 101.07 ~ 10291 10642 © 107.87 11241 114.82 118.71 121.76 1276 126.90 A 131.29
A Y 4 55 56 57-1 72 73 74 75 76 77 78 79 80 81 82 83 . 84 85 86
N R Cs|Ba|,,. Hf Ta W Re Os Ir Pt Au Hg| Tl |Pb| Bi | Po| At | Rn
~ o . ’ Cesium Banum Hafniem ~ Tartalm ~ Tusgsten  Bhenum  Osmum Indem Platim (o0 Mercury Thalium Lead Bigmuth J Pobnum §  fstme Raden
132.91 ) 13733 178.49 = 18095 = 18385 18621 19023 19222  195.08 = 19697 = 200.59 | 204.38 A 207.20 A 208.98 N [208.98] A 209.98 A 222.02
S m - J
) \_ == ) 87 88 89-103 104 105 106 107 108 109 110 m 1mn2 113 114 115 116 nz s
Fr|Ra|,., Rf Db Sg Bh Hs Mt Ds Rg Cn | Nh| Fl |[Mc|Lv | Ts
Franchim Radnm futherfordere. Dubalem — Seaborgum Behrem Hasshim Dasvstaction | Roenty ( Mheanm § Feromm | Moscomm Jf Livermomm ) Termesunz | Oganesscn
223.02 )| 226.03 [261) [262) (266) (264) (269) (278) (281) (280) (285) \_[286) A_(289] A_(289) A_(293) A_[(294] A_[294)

QCD = Quantum Chromo-dynamics
= A fundamental theory for particles in nuclei

Quantum many body, relativistic, strongly correlated




Introduction

Lattice QCD = QCD on discretized spacetime = calculable

»QCD (Quantum Chromo-dynamics) in 3 + 1 dimension s,
. | " ‘
S = Jd“x[ — Etr F,F"+ 1//(1@ + gA — m)t//]

F,=0dA,—d,A, —iglA,A] |

Non-comm

utable version of (quantum) electro-magnetism

e This describes...
e inside of nuclei,& mass of hadrons

e Equation of state of neutron stars, Heavy ion
collisions, etc

 We want to evaluate expectation values with
following integral,

(0) ~ | DADYDye'S

o e Lattice formulation enables us to do that

M supercurrent Baryon Chemical Potential us
se, Mixed phase

1

7



Akio Tomiya

Introduction
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 die

- candidate properties of dark matter
etc.

We want to understand our universe from fundamental level!



M Otivation Akio Tomiya

Monte-Carlo integration is available, but still expensive!

M. Creutz 1980

. . 1
Target integration — —Sel U1 SolU1 = S,uee U] — log det(D[U] + m)
= expectation value (0) = 7 DUe 6U) o

Monte-Carlo: Generate field configurations with “P|[U| = Ee_Seff[U]”. It gives expectation value

B ( Propose and check

Markov-
Chain

Numerically expensive (@ part) and how can we accelerate it?
We use machine learning!



Introduction

Neural net can make human face images

Neural nets can generate realistic human faces (Style GAN2)

o @ [ This Person Does Not Exist X +

- C’k & thispersondoesnotexist.com r VY RO

3 Apps 8 AkioTOMIYA & Google drive [l MIT-LAT B Deep Learningan.. /4 Zenn| 70757..

Realistic Images can be generated by machine learning!
Configurations as well? (proposals ~ images?)



ML for LQCD is needed

e Machine learning/ Neural networks

e data processing techniques for 2d/3d data
in the real world (pictures)

e (Variational) Approximation (~ fitting)

e |attice QCD is more complicated than pictures

" " . . " "I 'tl I_J,[I_L_Il—l—f—‘—‘i_ir Jr 1Y { 1:[:E[EEZFTII:‘L1ZT:IIT——‘._F\ |
e 4 dimension/relativistic TR T @cg T
"-»,, »#7‘ " . HLV - i f\_ ] !

 Non-abelian gauge symmetry (difficult)
e Fermions (anti-commuting/fully quantum)

e Exactness in MCMC is necessary!

e Q. How can we deal with?

http://www.physics.adelaide.edu.au/theory/staff/leinweber/VisualQCD/QCDvacuum/

21



Introduction

Akio Tomiya

Configuration generation with machine learning is developing

Year | Group ML | Dim. | Theory | Gaugesym | Exact? Fermion? Lattice2021/ref
2017| AT+ +RI—I?I\I>I/IC 2d Scalar - No No arXiv: 1712.03893
2018| K. zhou+ | GAN | 2d Scalar - No No arXiv: 1810.12879
2018 | J. Pawlowski + fm\‘c 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\ AT+ |SLMC| 4d SU(N) | Invariant Yes Partially arXiv: 2010.11900
2021 | M. Medvidovie+ | A-N|CE 2d Scalar - No No arXiv: 2012.01442
2021 |S. Foreman | L2HMC| 2d U(1) Yes Yes No

2021 AT+ SLHMC 4d QCD  Covariant Yes YES!

2021 D:-bg% Flow 2d | Scalar, O(N) - Yes No

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

2021/ S Foreman, | Flowed | 2d U(1) | Equivariant| Yes | No but compatible | arXiv: 2112.01586
2021| XY Jing | Neura 2d U(1) | Equivariant | Yes No

2022 | J. Finkenrath | Flow 2d U(1) | Equivariant Yes |Yes (diagonalization)|  arxiv: 2201.02216
2022 MIT+ Flow 2d U(1) Equivariant Yes Yes (diagonalization) arXiv:2202.11712

+ ...




Three methods with
machine learning
1/3: Flow based sampling



Flow based sampling algorithm

Change of variables makes problem easy

[nge‘5[¢]0[qb] = JDZ detaa—¢
4

=] acogian=J

e—S[¢[z]]0[¢[Z]]

Seilz] = Sl@lz]] —log J[Z]

= JDZe‘ O p[z]]

I this is easy to sample (or integrate),
like flat measure/Gaussian, we are happy

arxiv 1904.12072, 2003.06413, 2008.05456 and more.



Flow based sampling algorithm

Viewpoint: Change of variables makes problem easy

Simplest example: Box Muller { 7 = e—%(xzﬂz) Change

tand = y/x  of variables

= = 1.2 1.2 2 1
[ de dy e 2" 720 — l[ d@J dz
—00  J—0o 2 ) 0

Target integral: hard Easy

Change of variables sometimes problem easier (this case, it makes the measure flat)

RHS is flat measure 51 ~ (0,271')

—We can sample like right eq.

(uniform) 52 ~ (O,l)

We can reconstruct X = 7 COS 9 9 — 51

a field config x,y

for original theory

like right eq. y —=r Sin 6 r = \/_2 log 52

arxiv 1904.12072, 2003.06413, 2008.05456 and more.



Flow based sampling algorithm

Trivializing map realized using neural network

Normalizing flow? = Change of variable with neural nets
Tractable Jacobian is realized by checker-board technique

-1, N~ .
J (@

(a) Normalizing flow between prior and output distributions

decoie‘W@ OlFlpl]l ~ Jque—SW]O[qb]

Problem: Jacobian is difficult = O( V/A3)
-> Introduce checker-board decomposition

H Bn
H. B

arxiv 1904.12072, 2003.06413, 2008.05456 and more. Eredit: Daniel Hacket (Ml




Flow based sampling algorithm

Flow based ML for QFT MIT + Deepmind + ...
Dpe=1"01] ~ T | dose™" 11 O1Flg]]
l
Original integral: hard Easy
- - Vol Vol
Flow-based sampling algorithm He‘v(%‘) = Hr(gol-) (DEmbarrassedly parallel sampling

from trivial theory
(no kinetic term, no topology)

No auto-correlation

No correlation for points ( e e ”
@“un-trivializing map

“Cooling = change of variable”
via trained neural net

(@Metropolis-Hastings with
Only sequential

Correct correlations %

| L. Auto-correlation
Small auto-correlation ~

> "X ~ Rejection rate

Reject Reject
(Use left conf.) (Use left conf.)



Flow based sampling algorithm

We make new convolutional layer for QFT in d-dim

50 A 'Tffif‘%wf:wffft S Yo M
Lt W Ve AT PR
=~ 40 Yy T el W A \
U " (N R W, Y
© ARG LWL : :
g3  Jue *We implement CombiConv for flow-based
= i1 sampling algorithm for d-dimensional scalar
£ field th the latti
8 20 /)/ | B 3dimgnsional convolution e eory on e 1attice
2.0 oot o «3d convolution is available on GomalizingFlow.jl
j// ~ ombiConv-a 502) [1], opl)en sc|>urce h|mplementa’c|on of flow-based
—— sampling algorithm
0 -l 1 1 1 Il 1
0 100 200 300 400 400 n!
| nCk =
o1 no. MM .v"m“"ﬂ"*' ) k ' (n - k) ' f
A VA WY Ay *In 3d, the acceptance rate is improved for
) | M NS ’II B \ | L.,’J\‘ﬂ“ V) ¢ ) . . .
S [V VW \ Wy CombiConv compared with the conventional 3d
@ 20 [ Al ATV RN convolution
> A [T ST eIn 4d, it works well for any combination of lower
- A R dimensional convolution
,' [ g 4\"1‘ P
Ja- ] " -.'I‘ lrﬂ Y . . . .
@ 10 S Lo B D ————— *This works in any number of dimensions.
< vy, ——— CombiConv-b (4C2)
——— CombiConv-b (4C3)
0} pa

0 100 200 300 400 400
Training step

https://ml4physicalsciences.github.io/2022/files/NeurlPS_ML4PS_2022_31.pdf ™ [1] https://github.com/AtelierArith/GomalizingFlow.jl 28



Three methods with
machine learning

2/3: Gauge covariant NN + SLHMC



Convolution respects symmetry  *™™

Convolution layer = trainable filter

Filter on image

Laplacian filter

O 110
>1< 1 1-2] 1 Edge detection
O/ 110

(Discretization of 0°)

If input is shifted, output is shifted= respets transnational symmetry

Convolution layer

B , Fukushima, Kunihiko (1980)
o Trainable filter Zhang, Wei (1988) + a lot!

Edge detection Gaussian filter
W11 | W12 | W13 e
I 1
L SmO%thln : 1_6 2 4 o
W21 [ W22 | W23 — (Gaussian filter) T
W31 | W32 | W33 | (Training and data determines what kind of filter is realized)

Extract features

Convolution respects transnational symmetry as well



Convolution respects symmetry  *™™

Smearing = Smoothing of gauge fields
Coarse image Smoothened image

We want to smoothen gauge field configurations
with keeping gauge symmetry

APE-type smearin
Two types: P 9 M. Albanese+ 1987

Stout-type smearing e



Smearing ~ smoothing

Smearing ~ neural network with fixed parameter!

. ) ] ] AT Y. Nagai arXiv: 2103.11965
General form of smearing (~smoothing, averaging in space)

z,(n) =wU,(n) + w,&[U]  Summation with gauge sym

fate\ — A local function
U, m) = A(z,(n)) (Projecting on the gauge group)

It has similar structure with neural networks,

[ __ D)., (I-1 1) Matrix product
Zi( = Wl§' )uj( ) T bi( ) vector addition

j .
D _ (Do element-wise (local)
l/tl.( ) = 0( )(Zi( )) Non-linear transf.
Typically o ~ tanh shape

(Index i in the neural net corresponds to n & g in smearing. Information processing with NN is evolution of scalar field)

Multi-level smearing = Deep learning (with given parameters)

As same as the convolution, we can train weights.



Application for the Full QCD in 4d

Akio Tomiya

Results are consistent with each other

2500 -
2000 - 1 I

1500 1

Count

1000 - ;

500 - ,

0.70
Plaquette

0.68

3000
25001 !

+ 2000 |

C

3

3 1500+
1000 1 5

500 -

0 . = . kl'l.c-

0.42 0.44 0.46
Chiral condensate

0.38 0.40

0.48

0.50

AT Y. Nagai arXiv: 2103.11965

| HMC |
40001 | SLHMC ¥
J
., 30001 1
c
2 i
© 2000 - I
| '.
1000 - ‘ A
Lanaiel
0 . bt 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)

Acceptance = 40%



Three methods with
machine learning
3/3: Transformer for physical system



Transformer and Attention

Attention layer used in Transformers (GPT, Bard)  axi:1706.0s762

Output @} OpenAl
Probabilities
| Softtmax ) ChatG PT

| Lintaar )
([ Add & Norm h\
Fe.ed a r
Forward
| I *
== ||E=
Feed Attention
=5 Q Deepl
LAdd & Norm =
N> | —(Add & Norm ) —
Multi-Head Multi-Head
Attention Attention
— ) = Attention layer (in transformer model) has been
Positional Positional . " '
encoding (P ¢ =i introduced in a paper titled
Input Output - -
Embé;ddmg Embc}gding “Attention is all you need” (1/06.03762)
- o State of the art architecture of language
(shifted right)

processing.
Attention layer is essential.

Figure 1: The Transformer - model architecture.



Transformer and Attention

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

,/ 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
with a neural net!

Schematic picture (in physics terminology)

Self attention
Modified §entence > S, = 0,,(M)V'5 ~ Weighted eff. ops. |«
(Vectors, field conf) 3 0
- W': param
M = KQT Calculation of Attention score WK param
Sentence in ~ a set of 2pt functions for effective operators | | yyV. param
and sentence out T T
O=W2S ~BST| |K=WwWKSs ~BST| | V=w"s ~BST
Sentence 4  “Queries” 4 “Key” 4 “Value”
(Vectors, field conf) ’




Self-learning Monte-Carlo

Akio Tomiya

Physically equivariant Attention layer/Transformer _,  ........

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

Li . ff geff ff
HLinear — _ Z JSeT . Seft +

(0.])

— > Add & Norm I

T

I Self-Attention block I
A

—>|  Add&Norm |

T

I Self-Attention block I
A

SO = <s<l—1> +S

-
S

/ | /ek// I k
Self-Attention blo

S, = ReLUM)W" S|+

M = WOS(WESHT

WOS | [WES | | WYS |4

! I ]

S /

Averaged spins
Rot. equivariant
Trsl. equivariant
trainable!

Averaged spins
Rot. equivariant
Trsl. equivariant
trainable!




Transformer and Attention aXiv: 230811527 » uodare

Application to O(3) spin model with fermions (Kondo model)

Acceptance rate ~ efficiency Observables
11 Transformers —&— 0efr
Linear —&— 0.15 | ' OSSR
g 0.8 E 0.1 | "o - _
© Pz Original —<—
@ . _ 0.05 Linear .
S 06 | Models with the attention ______ Slayerattention —=—
g q 48 7y ’
Q 04 g 0.8 |
< < 06}
0.2 (same as prev. work) 0.4 |
0.2
O \ \ \ ! ! ! ! 0 - — - _ -
0 1 2 3 4 5 6 7 8 0.01 0.1 1 10

Num. of attention layers T
~ # of parameters
Note: As far as we tested,
CNN-type does not work in this case.
No improvements with increase of layers.
(Global correlations of fermions from

Fermi-Dirac statistics make acceptance bad?)

o Io.o NXZNyZG

uli ‘Lattice sites!

Physical values are consistent
(as we expected)



Transformer and Attention

Akio Tomiya

Loss function shows Power-type scaling law as LLM

Acceptance rate = exp (—\/ MSE)

10 |

—h

Estimated |_OSS (M S E)

0.01

julia

Transformers O

Linear O
. Model w/o
- attention
©)
Models with the attention |
fit range
1 10 100

num. of trainable parameters

[1] arXiv:2001.08361

(1 layer ~ 30 parameters)

arXiv: 2306.11527 + update

5.6 ~—— L=(N/8.8-1013)"0076

4.8

4.0

3.2

Test Loss

*4| Scaling in LLM [1
10° 107 10°
Parameters

| Line IS just for
| guiding eyes

(ho meaning)

fit ~(7.1/x)A(1.1)

39




Su m m a ry Akio Tomiya

Machine learning + Computational Physics

e Machine learning is useful for natural science/physics/Lattice QCD
 Multi-dimensional integration is done by MCMC
e MCMC candidate can be made by Machine learning
* Flow-based sampling algorithm
e Self-learning HMC + Gauge covariant neural network
* Transformer for physical system (not gauge theory yet)
e Scaling law for a Transformer for physical system

* ML + expert knowledge of computational physics/LatticeQCD is
Important

s AKENHI: 20K14479, 22H05112, 22H05111, 22K03539 Th anks!






