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My team: LQCD + ML

“Machine Learning Physics Initiative” ML PhYs
2022-2027, 10M USD, 70 researchers
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My team (AO1): LQCD + ML

Pl: Akio Tomiya (Me)

TWCU Kouji Kashiwa
LQCD, ML Fukuoka Institute

of Technology
LQCD, ML

B. J. Choi
U. of Tsukuba

post-docs
& external members ,

MLPhYs
Hiroshi Ohno Tetsuya Sakurai Yasunori Futamura
U. of Tsukuba U. of Tsukuba U. of Tsukuba
LQCD Computation Computation

ol ;

J. Takahashi Y. Nagai

Meteorological College U of Tokyo
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- Apply machine learning techniques on LQCD
(To increase what we can do)

- Find physics-oriented ML architecture

- Making codes for LQCD + ML

https://miphys.scphys.kyoto-u.ac.jp/en/
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Introduction
Monte-Carlo integration is available
(0) = j@ Ue>V10(U) Sl U1 = Spaugel U1 — log det(D[U] + m)

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

Duane 1987

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

1
S(x,y) = 5(362 + y2 + xy)




Introduction

Monte-Carlo integration is available

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

1 2 y)
S(x,y)=—(x + y“ 4+ xy)

/Utbfﬁ\i 2NV REREBSTEW,
HMC
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1 1
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Introduction

Monte-Carlo integration is available

M. Creutz 1980

1 —Setl U]
(@)zE DUe™“10(U) SeilU1 = Sqaugel U1 — log det(D[U] + m)

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




Introduction

Correlation between samples = inefficiency of calculation

1 & 1 Zos
(O[¢1) = — ) Olp] £ O )
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sample < 0.0

]Vindep = 27
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Introduction

Long autocorrelation around the critical temperature

Nsample

ERDETFQCDETE 15,000 47 160 N |
SAMMpIc
arXiv:2006.13422 28’888 222 jg Nindep = b
Nf=3, dynamical staggered ’ ZTaC
with magnetic field 20,000 2940 3 \
15,000 1306 6 MEsi B

L>xXN,=16°>x4
ma = 0.03

14,000 58 116
10,000 48 106

(O1]) = — D Olgyl = O )

7 7 EDHIERSRISLL  (see 1703.03136)
ac "~ 5 ~ L Tac: ZIVAV XL - PEBEICEKD
(N. Madras et. al 1988)




Introduction

Summary for now: long autocorrelation = inefficiency

<0[¢]>—12N‘,0[¢]+0< L
=3y 20l =

]Vindep
N . N, sample
indep — ZTac
L(f) = —— Z (Ol — O)(Olgh] — O) ~ e~

T,c is given by an update algorithm (N. Madras et. al 1988)

e Autocorrelation time 7. quantifies similarity between samples
e 7,.Is algorithm dependent quantity

o If 7,. becomes half, we can get doubly precise results in the same time cost

Can we make this mild using machine learning?
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Akio Tomiya

Introduction

Neural net can make human face images

0@ G person does not exist - Goog'© X +

C & google.com/search?q=person+does+not+exist&og=person+does+&a.. ¥ ¥ # O

3! Apps & Akio TOMIYA & Google drive [l MIT-LAT [Ej Deepleamingan.. / Zenn| 7O457%... »
i {
GQ . g|€ person does not exist X 4
QAIRT BDEk ODHE B=-2-2 QHE :H-5tR3 0

#9 588,000,000 &+ (0.43 #)

thispersondoesnotexist.com v ZDNX—IJ%ZRT

This Person Does Not Exist
This Person Does Not Exist.

DA IESHRER

How does this person does not exist work?

Who made this person does not exist?



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
Y Apps & Akio TOMIYA & Google drive ' MIT-LAT B Deep Learning an... Jr Zenn | 707 37..

T =

Realistic Images can be generated by machine learning!
Configurations as well? (configuration ~ images?)
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1. Kanwar, G., Albergo, M. S., Boyda, D.,
Cranmer, K., Hackett, D. C., & Shanahan, P.
E. (2020). "Equivariant flow-based sampling
for lattice gauge theory." Physical Review
Letters, 125(12), 121601.

o F=UNHMEFRIELILTIO-R—X
YT TDFEERR.
2. Albergo, M. S., Kanwar, G., & Shanahan, P.
E. (2019). "Flow-based generative models

for Markov chain Monte Carlo in lattice field
theory." Physical Review D, 100(3), 034515.

o 7O—R=Y 2T VI EIRFIHIE
WICEB T 5 A FHMICARH.
3. Boyda, D, et al. (2021). "Sampling using
SU(N) gauge equivariant flows." Physical
Review D, 103(7), 074504.
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ML for LQCD is needed

e Machine learning/ Neural networks

e data processing techniques for 2d/3d data in the real (1) = Dog
world (pictures) 0

e (Variational) Approximation (~ fitting)

e |attice QCD is more complicated than pictures
e 4 dimension
e Non-abelian gauge symmetry
e Fermions

e Exactness is necessary

e Q. How can we deal with?

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

27



Introduction

Akio Tomiya

Configuration generation with machine learning is developing

Year | Group ML | Dim. | Theory | Gaugesym | Exact? Fermion? Lattice2021/ref
2017| AT+ +R|-E|;|\I>|Ao 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. meavidovic+ | A-NICE | 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

+ ...
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What is machine learning?

E.g. Linear regression € Supervised learning

Data: D = {(x(l),y(l)), (x®), y@h, }

o . X

Akio Tomiya



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)

Akio Tomiya



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
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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,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) + Z)(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 = composite function (Linear&non-linear)
(%) = 6OWOOWDT + p @) 4+ p )

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

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

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 .
' robabilit
6x6 0.000 y
0.8434
10756 | _—
~lo34s6|— X
i o8 | — m =
Image is a vector | ;,5; Regarding .
(6x6=36 dim) | : 1 ‘ 2 3 4
A fo(X) = a<3>(W<3>a<2>(W<2>7+ D+ o Regard
36 dimension 7 Input Neural net “0” = (1,0,0,..)
“1”=(0,1,0,...)
0 “2” = (0,0,1,...)
Images of “2”
. Input Output 9” =(0,0,..., 1)

R~ variational
.Images of “1” map
Fact: Neural network can mimic any function Deep Leaning

- —— - and Physics
= 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 the neural networks?
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arxiv 1904.12072, 2003.06413, 2008.05456 and more.
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T ERIR IS EEL L

A
5%
it
3
|

W

RITDED

-S
[Débe P0lPl 210> LTI B RTOMS

Dg = | | dp ;o

n€lat
BT LORNS—18 2 S

WWE U ICEBRED TERVLH?
(EFEICIEZT > 7Y T IcF/FIC
) (TP TP B2 &SICERERTERVD)

i o

arxiv 1904.12072, 2003.06413, 2008.05456 and more.
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THE|WTRD - YTV IDBEEICESH)

> = 1 .2 1.2 2 l
[ s o

0 0
HUWED BELRD(EHDFDS)
BHERETS & B EBELT % &N TEZHEDLIERAFOEE)
HiZES &, YUV T HEE 51 ™~ (0,271')
RATD SR> T £, ~ (0,1)
A% REH .y x=rcost 0=

arxiv 1904.12072, 2003.06413, 2008.05456 and more.
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B (EHE 1)
g O
Dge>P10[¢p] = | Dz deta—
Z
ZIRER s
=Jacobian=J

Akio Tomiya

e_S[¢[Z]]O[gb[Z]]

Z(M)ISBHEIL 25

Selz]l = S[@plz]] — log J[z]

. JDze‘ AO[pLe]]  De= [T o

nelat

HU. CWDITEENE(0)) DR ITNISTES I BIR T i E

-> HBA{LB4& (Trivializing map)

arxiv 1904.12072, 2003.06413, 2008
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B IR (ZHEIR)

[D¢e‘5[¢]0[¢] = JDze‘ M O[p[z]]
Y ) T Z 1% (Trivial)

RIZ, Selzl =" ), ¢*(n)" EB>TRET B0

JDze_ AZ0[h[z]] = JH dz(n) e~ SlL0[h[7]]

nelat

] J [ dztm) e~ 290141211

nclat
JORXY —L13 U, BEIRIUICTED TE D

arxiv 1904.12072, 2003.06413, 2008.05456 and more.
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BN (EDER)

[que‘s[‘“O[qb] = JDze‘ M O0[¢p[z]]

35D IEH T Z 1% (Trivial)
B3 RIC 7|‘E £3 4 B

"y y :
Bt v, b o2

ChZz D < E#?
FEIHAMNE—EBElLEIFL. BEERIC
ZHE/DESHT>THIOI=2RTHS

arxiv 1904.12072, 2003.06413, 2008.05456 and more.
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& RS (Z L)
[D¢e‘5[¢]0[¢] = JDze‘ M O[p[z]]
15 DIRSH T Z 1% (Trivial)

SEHEMTCEHEI (TN TDREEZETEH(Z) = TiR)
FlEe L2 U EWRF LEDOBZDEBHE=ZZE X TH D,

2 2 2
¢(n=1?=¢1 ¢zl=2)=¢z 5 = (¢1 - ¢2) T ¢1 T ¢2 T """ =]
'SP,

qubldcbze-mowl,cbz)

arxiv 1904.12072, 2003.06413, 2008.05456 and more.
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& RS (Z L)
[D¢e‘5[¢]0[¢] = JDze‘ M O[p[z]]
15 DIRSH T Z 1% (Trivial)

SEHEMTCEHEI (TN TDREEZETEH(Z) = TiR)
FlEe L2 U EWRF LEDOBZDEBHE=ZZE X TH D,

) 2 2
¢<n=1?=¢1 ¢%=2>=¢2 5 = (¢1 - ¢2) T ¢1 T ¢2 N e DIE
=P

21 =1(@1, Po)
2 = fo(P1, P2)

arxiv 1904.12072, 2003.06413, 2008.05456 and more.
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B IRIR D (EAEIR)
2, S=(¢— )t + ¢12 + ¢22 4 ..

21 = f1(91, Do)

YT
Z2 :.f2(¢19 ¢2)
TYTHOTIL T _ _
I R
le | 9b 9, d¢1
_dZZ_ N (’)_f2 a_f2 _d¢2_
op oy
J

dz,dz, = det Jd¢p,d¢p,

arxiv 1904.12072, 2003.06413, 2008.05456 and more.
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B iRES(ZEHZEIR)
Serlz] = Sl¢lz]] — log J[z]

JD¢6—S[¢]0[¢] — JDZe— eﬁ[z]0[¢[z]]

IhegDiREE, aRTREDIZDERFOEHNERTED

BFT—IEmTY>THDE. BBHIETE S (Luscher. TF1EiLEHA)
- FE—E{EEGradient flow (FDILEIFER)

UL U. detJ OEE@IE. O((L*4)73) = O(LM2) hvhr B,
CNIIEFEE. #IE,

M. Luscher arXiv:0907.5491

arxiv 1904.12072, 2003.06413, 2008.05456 and more.
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arxiv 1904.12072, 2003.06413, 2008.05456 and more.




7 D S— /\“ —'Z 5£ Akio Tomiya

BEVWEREBR (V7L 7714y 7187 LK)
2, S=(¢— )t + ¢12 + ¢22 4 ..

¢, = ¢,

LI e even) S(¢h,) ixmrzmas
¢é — eS(¢1)¢2 (Z2—3)L% Y K)
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BWEHRT (VT L 771y 7D LR

2
2, S=(¢— )t + ¢12 + ¢y + -

¢, = ¢,

LI e (even) S(¢h,) ixmrzmas
¢é — eS(¢1)¢2 (Z2—3)L% Y K)

- opy opr | ] o
d¢; op,  op, | |deh 1 0 | [dé¢,
dgbé_ op, o) _d¢2_ E es(¢1>_ d¢2_

d0p, O,

log DY IE7 UHEHE logdetJ = logdet [i S?¢l)] = s(¢y)
e

arxiv 1904.12072, 2003.06413, 2008.05456 and more.
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BEVWEREBR (V7L 7714y 7187 LK)
2, S=(¢— )t + ¢12 + ¢22 4 ..

ZHZ i (even) ZHZ i (odd) ZHZ i (even)
1 @)( 4 () 3 (2
b = o, * pP = e g0 * ¢ = *

1 (1) 2) _ (1)
¢2< ) — oS <¢1>¢2 ¢2 — ¢2
® ® - o ® -

3 O(h@Y 4 (2
¢2( ) — o5 )¢2( )

— ™ 025 2)

— ™

% = ¢, YaET7vid. BROEGHEESR)

trivial Za—JILRxy hOEHALEEZEF
EIDORULETEITS

arxiv 1904.12072, 2003.06413, 2008.05456 and more.
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BEVWEREBR (V7L 7714y 7187 LK)
2, S=(¢— )t + ¢12 + ¢22 4 ..

QFT T I trivial
1 —
¢1(O) * ¢1( ) — ¢1 * z; = ¢1(n)
¢2(0) ¢2(1) — es(l)(¢1)¢2 z, = ¢2(n)
e—S[gb] trivial = 7, 7, (d3837
[CH>7ILA]

o, A5 EFEUVTEIITIFRVWD?
U, BHEZHH ALELR S AIHE

arxiv 1904.12072, 2003.06413, 2008.05456 and more.
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BEVWEREBR (V7L 7714y 7187 LK)
2, S=(¢— )t + ¢12 + ¢22 4 ..

¢, = ¢,

LI e (even) S(¢h,) ixmrzmas
b, = " P,

% COEHII, £HE (EFESTE D)

. /
¢ = ¢
L2 i (even) ) sTUIIMER L
— A /
h, = e Ve,
EWSZET, FBeMEEX . un-trivializing map GEERILEH) =S

arxiv 1904.12072, 2003.06413, 2008.05456 and more.
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BWEHRT (VT L 771y 7D LR

QFT trivial
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BWEHRT (VT L 771y 7D LR

QFT trivial
=¥ (kY2 C (O) _ (n)
ﬁt“g;ﬁ“ g Q=P | ammnic
el 0 _ ) |PYTNTES
el ¢2 %) ¢2
P[] = e Rlz] o e~Vi@e=Va@)

O[p] = e >nl?lll = o [Z]R[ 7]

Qplz]
KLY AN—=I VR DKL[Q(9| ‘P] — JDZQQ[Z]log 0

Plp|[z]]

Rz)J;
— JDzR[Z]JQ_ 1[Z]log( <M _Z])

Pl¢|z]]
arxiv 1904.12072, 2003.06413, 2008.05456 and more. %:ﬁyﬂﬁ ‘: -lj- y 7}l/-t“ g %
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BULEHER (VY TLIT 1y 78R% LK)
L (even)

ATvY 71
/
¢1=¢1

7 BRITICY Y TILT B,
— =@ 4/
P, =¢€ P o5

ATv72
BZEZEFICOIT. BRASEFERZREA

C=2—FILRY hs(-)TEHT 3 (AT)
EORLUTERSE, 9P %2183,

ATV 73
HTEERIE. Q[¢p*P] = J, [ZIR[z] DL S IEATHLTNS. Q[P

& P[¢p@PP)] = e7>/Z DEBEE(KL divergence)% Bl - TH/IME

T 7@ PR
.y L2 ZZTHTERAHIF
o VAN s
rz) * - o | o . Ps(h) . i LJ —g— n—? %)

(a) Normalizing flow between prior and output distributions

arxiv 1904.12072, 2003.06413, 2008.05456 and more.
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BWEHRT (VT L 771y 7D LR
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ARNAORIVR - ANARTA VI RATARNZERLU T,
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arxiv 1904.12072, 2003.06413, 2008.05456 and more.
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Flow based ML for QFT MIT + Deepmind + ...
=5[] -~ Wz, 1—1
Dge™'"'0[¢] ~ I I dz,e "SI Z]O[ f1z]]
n
Original integral: hard Easy
20—R=RF& DOINAIS BERBERNS
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HEEEEL gmm ~ [>>001 IV IR S V5L
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@IFEEEA{L B
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FHEEHAZ21—FILXY I
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e /e ]
=TIyl
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Configuration generation in LQCD

Akio Tomiya

Flow based algorithm = neural net represented flow algorithm

Real scalar in 2 dimension

o0 2pt function

- HMC - Local = ML

0.275

0.305

0.300F g
0.295F
0.290
0.285

0.280F

1 1

-~ HMC == Local = ML

||||||||

5 6 7 8 9 10 11 12

MBS E—B (BE 7L T X L)

Et

arxiv 1904.12072, 2003.06413, 2008.05456
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(c) Flow-based MCMC ensembles
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Configuration generation in LQCD

Flow based algorithm = neural net represented flow algorithm

QU(1) gauge theory in 2 dimension. Topological charge is well sampled!

|
3 w : — HMC
0 — HB
—2 | ' — Flow
4 |
| | | | | |
0 20000 40000 60000 80000 100000
Markov chain step
MIBEH/\vF U,
1.25 = <W£x£>/E};aCt { e XQ/Exact 10000% I Eglc . I
} 100 o L
0.75 - - { é .
L o ..................................
e ¢ HMC { HB  § Flow ¢ 1% e
T T 1 T 1 1 5 4 :1 - . .
4 6 5 6 7 8




Configuration generation in LQCD "™

Schwinger model, 2d QED (Toy model of QCD in 4d)

1.92: i
|§ 1.50 %/' \ 5
y L
1.48 - —f— One HMC stream
—f— Six HMC streams
LASELEN | . . L L R TR | 5 . e L KL A LN |
- 1.00 -
I$~ -
DY
0.10 4+ S R, S L S
104 10° 10°
N

https://arxiv.org/abs/2202.11712

Compare to the exact solution

HMC fails to sample
-> strongly auto-correlated

Low-laying modes in D
affects a lot & source of
auto-correlation in HMC

arxiv 1904.12072| 2003.06413| 2008.05456



Configuration generation in LQCD ** ™™

4d QCD [1] MIT + Deepmind +

: 60 : _ 3.5
B% HMC (Chroma) B% HMC (Chroma) B% HMC (Chroma)
10 04 Flow (512 PF) 501 04 Flow (512 PF) 3.0 04 Flow (512 PF)
40 1
& £ 301
A 5 a
= 20.
] I " 101 -
©
9 1.251 + :!,:5 1.54 ’ +
= =
E 1.00- % 1.0 :
. ¢ = o5
0751} ? + S , : : : : : :
0'2'75 0.?;00 0'325 0'350 0.575 0.400 0'425 0.4'50 0.295 0300 0305 0310 0.315 0.320 0.325 0.330 0.335 ~1.0 —05 0.0 0.5 1.0
P Cx(1) Q
(a) Plaquette (c) Pion correlation function at xg = 1 (d) Topological charge at ¢/ a2 =4

* Results for full QCD, four dimensional SU(3), Wilson fermions

e |attice volumedNd, p=1,andxk=0.1, Nf=2
 [arger volume? Scaling?
 \Which kind of neural net?

[1] https://arxiv.org/abs/2208.03832, https://arxiv.org/abs/2211.07541



Normalizing flow in Julia (2] AoTomie

We made a public code in Julia Language AT+ 2022

GomalizingFlow.jl: A Julia package for Flow-based
sampling algorithm for lattice field theory

Akio Tomiya

Mainly implement by Satoshi Terasaki

https://arxiv.org/abs/2208.08903

Abstract

GomalizingFlow.jl: is a package to generate configurations for quantum field

theory on the lattice using the flow based sampling algorithm in Julia pro- ZE32HE 5 L (GomahuAzarashi)
gramming language. This software serves two main purposes: to accelerate @MathSorcerer 748 2nchsd

research of lattice QCD with machine learning with easy prototyping, and to
provide an independent implementation to an existing public Jupyter note- - N
book in Python/PyTorch. GomalizingFlow.jl implements, the flow based — i S 37’) § 6 L = GOMAfu
sampling algorithm, namely, ReaNVP and Metropolis-Hastings test for two |

dimension and three dimensional scalar field, which can be switched by a Azarashi (Spotted seal)
parameter file. HMC for that theory also implemented for comparison. This

package has Docker image, which reduces effort for environment construction.

This code works both on CPU and NVIDIA GPU.

Keywords: Lattice QCD, Particle physics, Machine learning, Normalizing
flow, Julia

=" arXiv:2208.08903v1 [hep-lat] 18 Aug 2022

1l economic convolution for flow

https://github.com/AtelierArith/GomalizingFlow.] https://ml4physicalsciences.github.io/2022/files/NeurlPS_ML4PS_2022_31.pdf 68


https://arxiv.org/abs/2208.08903

=2 {ER (Perfect action)
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RIUYBEEZETRI S ICUTHRERBILDOESH

<0(1at)>(lat) — % D ¢ e—S(lat) O(Iat)

{4%%@ 3 5020 _ s@gesie SO 4 (D ER)
wBF royEE 01 - EmEEROEE 0 + aDER)
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Kieran Holland+
https://arxiv.org/abs/2401.06481
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TE{FH .

Symanzik improvement program

Z
~N
Sla0 =\ /N
>
< <
gat2) _ c Y N +c, Y /N
> >—>

BFHICLBIEEZRST L DICc; ZRD B,
- fe & ZIE Uﬂ(n) = exp(iad, (n)) £ LT, FFAMNERBRICTTC LSICT S

(tree level improved symanzik action)

- < D ZHENSHED D (B5IBER)
- BERNGZ 7Oy 7 AV EBmN SRS S (DBW2/ER)

H-oEBWLWDIEHEWDH?



sTE1EMA

RTHE EDERG SEBEREIC K 52X LD EL

fO critical Ia =
—— surface 6/ =
\\%A/ Ry
fixed FP action

1
i

ARYICETERILL,

<D ZHEFE LIGAWERTRL?

— STEER

Akio Tomiya

Kieran Holland+
https://arxiv.org/abs/2401.06481
P. Hasenfratz, F. Niedermayer [Nucl.

Phys. B414 (1994) 785, hep-lat/
9308004]

PoHywELT, T—YREZEZ2—FILRXY NAXT D)

%

JWTITEAZZE < (RIUDimprovement terms)
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RTHE EDERG SEBEREIC K 52X LD EL

a [fm)]
0.04 0.06 0.08 0.10 0.12 0.14

1.00 . m .
— fit X% /Ngor = 2.447/6

0.99 - AA == continuum
l s AA - H  FP 104 ,

Kieran Holland+
https://arxiv.org/abs/2401.06481
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)
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Two previous works to realize Gauge symmetric
Transformer for LQCD

1 . Gauge Covarlant net arXiv: 2103.11965 AT+

2. Transformer for fermion-spin systems

2310.13222 AT+
2306.11527 AT+




ML for LQCD is needed

e Neural networks

e Data processing techniques mainly for 2d
image (a picture = pixels = a set of real #)

e Neural network helps data processing
e.g. AlphaFold3

o [attice QCD requires numerical effort
but is more complicated than pictures

_'—[Tr—r— —_
PEE A
- .

|’L 1 4 :t +* T‘:;E—_ji;_l[ i]]: T

. . \ e T+ T+
® dimension L“*ﬂ-ﬁi fﬂh{l
4 a o R SNEeL

e Non-abelian gauge d.o.f. and symmetry

e Fermions (Fermi-Dirac statistics)

e Exactness of algorithm is necessary

° Q. HOW can we deal Wlth neural nets? http://www.physics.adelaide.edu.au/theorsIinweber/VisuaIQCD/QCDvacuum/

75



What is the neural networks?

Attempts to gauge symmetry

7,8 years! G
In my paper for fields generation using ML (1712.03893),

If we want to use generative models as lattice QCD
sampler, we must guarantee the gauge symmetry of a
probability distribution for the model. This is because,
configurations which are generated by a algorithm must

1 1 . rf TA1°*. Y 11 : Fa¥al 1

We have created several architectures:

2010.11900, AT+: Gauge invariant self-learning MC for 4d LQCD

2103.11965, AT+ Gauge covariant self-learning HMC for 4d LQCD

(Covariant NN = adaptive gradient flow = adaptive stout)

(2310.13222, AT+: Global symmetric transformer for fermion-spin system)

This work, AT+: Gauge symmetric transformer for 4d LQCD

There are several realization of gauge covariant maps arXiv:2012.12901 arXiv: 2305.02402


https://arxiv.org/abs/2305.02402

Ove rVi eW/O Utl i ne Akio Tomiya

Gauge covariant transformer for LQCD

Two conditions/restrictions in LQCD:

Non-locality from

Gauge symmetry pseudo-fermions

U(X, X+
( H (1/D) ~ non-local
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Akio Tomiya

What is conv. neural networks?

The convolution layer can treat a translation transformation

Filter on image

Laplacian filter
110
-2 | 1
110

ol Y

Edge detection

(Discretization of 0°)

IMPORTANT: If inputs are shifted to right, outputs are shifted to right
= translationally equivaliant (similar to covariance, operation just commute)




Akio Tomiya

What is conv. neural networks?

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!

Trainable filter

Edge deteCtiOn Gaussian filter

W11 | W12| W13 I

Smoothin — 2|42
W21 | W22 [ W23 (Gaussian filter) 16 o |4

W31 | W32 [ W33

This can be any filter which helps feature extraction

but still transitionalli eiuivariant!



Smea ring Akio Tomiya

Smoothing improves global properties
Coarse image Smoothened image

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



Smea ring Akio Tomiya

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,

— =N [o-o—>—+iZF1+14 ]

In the calculation graph,

H{E ()

Smearing is a map with gauge covariance




Smearing makes a map between configurations,
works as a filter

I_rT
"Ii 41‘# ‘—ll—fi_fH
HEOTHT
ﬂ—uf D" W

83



Gauge Covariant neural network Akio Tomiya

= trainable smearing (= residual flow) N N R TR
Smearing = gauge covariant way of transform gauge configurations

Covariant sum

. a staple
Uﬂ(l’l) — U; n)y=N [(1 — a)Uﬂ(n) + EV;[U](H)] ViU () = Z U,(mU,(n + DU (1 + fi) + -
UFV
N L
ormalization v
N [M] = Or projection
VMM

Gauge covariant neural network = smearing with tunable parameters w
z/fll)(n) =wU,(n) + sz;f [U](n)

\ \ Trainable param
(1+1) ) —
+ _ . AT . . . .
U p (n)y=N (Z,Ll (n)) link-wise projection/normalization (local)

Gauge covariant NN: UNn)[U] = U (n) (U m) |UP () |U, ()] ||

Gauge covariant variational map: Uﬂ(n) e U};IN(H) — U}J\IN(H)[U]

Stout type can be constructed in the same way

There are several realization of gauge covariant maps arXiv:2012.12901 arXiv: 2305.02402


https://arxiv.org/abs/2305.02402

Gauge Covariant neural network Akio Tomiya

= trainable smearing (= residual flow) N N R TR

Stout-type

staple

Ulu(n) — U/imr(n) = e zi szl[U] Ulu(n) VZ[U](n) = Z U,mU,(n+ U (n+ ) + -

\ HFV
Trainable param

Training done by the back-prop
(extension to the stout paper [1])

Following results using this stout type

[1] C. Morningster+ 2003

There are several realization of gauge covariant maps arXiv:2012.12901 arXiv: 2305.02402


https://arxiv.org/abs/2305.02402

Gauge Covariant neural network Akio Tomiya

Neural ODE of Cov-Net = “gradient flow”

ResNet =D { Cg l l D arXiv: 1512.03385

Continuum
Layer
Limit

-
' du' ) |
Neural ODE — cg( U ) arXiv: 1806.07366

dl. (Neural IPS 2018 best paper)




Gauge Covariant neural network Akio Tomiya

Neural ODE of Cov-Net = “gradient flow”

ResNet w=D Cg w® arXiv: 1512.03385
Continuum
Layer
Limit
v duw®
-7 () -
Neural ODE — cg( 1 ) arXiv: 1806.07366
(Neural IPS 2018 best paper)
dt
Gauge—cov net U(l) ( é U(H'l) AT Y. Nagai arXiv: 2103.11965
l Continuum L ?
Layer
Limit
(1)
Neural ODE dU,M (n) . ?é U(t) “Gradient” flow
for Gauge-cov NN It — ( U (I”l)) (not has to be gradient of S)

“Continuous stout smearing is the Wilson flow”

2010 M. Luscher
AT Y. Nagai arXiv: 2103.11965
cf. 2212.11387 AT+

87



Gauge Covariant neural network Akio Tomiya

= trainable smearing AT Y. Nagai arXiv: 2103.11965

P (convolutional) Gauge Covariant
D|Ct|0nary Neural network Neural network
- Image gauge config
P (2d data, structured) (4d data, structured)
Image gauge config
Output (2d data, structured) | (4d data, structured)
Symmetry Translation Translation, rotation(90°),
Gauge sym.
with Fixed param Image filter (APE/stout ...) Smearing
. Summing up nearest Summing up staples
Local operation | i hbor with weights with weights

projection/normalization
in Stout/HYP/HISQ

: “Smeared for
Formula for chain rule Backprop calc?ulaet%s(sj” ?Sfc;c()eut) Well-known

Activation function | Tanh, RelLU, sigmoid, ...

Training? Backprop + Delta rule AT Nagai 2103.11965

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



Gauge Covariant neural net Akio Tomiya

Simulation parameter

Construct effective

action using operators ¢ Self_learnln HMC (1 90902255, 2021 AT+),

with e an exact algorithm

N . e * Exact Metropolis test and MD with effective action
1%y

o - . e Target S : m = 0.3, dynamical staggered

fermion, Nf=2, L* = 4% SU@), f = 2.7
3 |k e Effective action in MD (S¢")
dp]
e Same gauge action

3 o m.y = 0.4 dynamical staggered

?oL fermion, Nf=2
. o U links are replaced by U in Dy,
——t

R ___________ e “Adaptively reweighted HMC”



Deta i IS (S ki p) Akio Tomiya

Network: trainable stout (plag+poly)

arXiv: 2103.11965

(0) poly _ _ _
Structure of NN QfP(M — p‘()‘llq()zlaQ(n) + {/’?;))lyAOsOly(") (1= 4?, All p is weight
(Polyakov loop+plaq PootysVi (1), (u=1=1,2,3) O meas an loop operator

in the stout-type)
QY (n) = 2[ (n)]1a TA: Traceless, anti-hermitian operation

U D(n) = exp(Q(m) U (n)

2- layered stout

NN _ 772 (D
U U] =U;"(n) [Uu (”)[Uﬂ(”)” with 6 trainable parameters

Neural network
Parametrized action:

Action for MD is built by
gauge covariant NN

SlU1 = S,|U| + S¢|, UpN UL my, = 0.4],

2
Invariant under,

SH[Ua ¢] - S[U’ ¢]
rot, transl, gauge trf.

b

: 1
Loss function: L(U] = >

Training strategy: 1.Train the network in prior HMC (online training+stochastic gr descent)
2.Perform SLHMC with fixed parameter

Gauge covariant neural network and full QCD simulation



Deta i IS (S ki p) Akio Tomiya

Results: Loss decreases along with the training

arXiv: 2103.11965
Intuitively, e”(-L) is understood as

. 1 ?
Loss function: LlU] = 9 SLU. 91 = SLU. ¢]] Boltzmann weight or reweighting factor.
Prior HMC run (training) Training history
0Ly(D) gof 107 T =04
ac 00— :
m = QRCZ tr "l ' ITl‘—(l)] T] 80 ’ 60 -
u'm
o f gl OLg(D)  OLy(D) 05y 2
: -t 1 — 40 -
sum of un-traced loops PROEY 95, Bwa n 3
C: one U removed Q
A: A polynomial of U. (Same object in stout) 20"
0_

0 20 40 60 80 100
MD time (= training steps)
Without training, e/ (-L)<< 1,
this means that candidate with approximated action
never accept.
After training, e”(-L) ~1, and we get
practical acceptance rate!

We perform SLHMC with these values!




Application for the staggered in4d *“~*™

Results are consistent with each other (stout-type used)

2500 L
2000 - 1

1500 1

Count

1000 - ;

500 - ,

0.70
Plaquette

3000
25001 B

+ 2000 1 |

C

3

3 1500
10001 ~

500 -

0

038 0.40 0.42 0.44

Chiral condensate

0.48

0.50

Implemented by ﬁl_attice[]cn\jl le

arXiv: 2103.11965

| HMC |
4000 + | SLHMC X
J
., 30001 1
C
S !
© 2000 -
}
1000 - ‘ s
T
O . . SPVETSSP S B ) 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)

=
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Gauge covariant transformer for LQCD

Two conditions/restrictions in LQCD:

Non-locality from

Gauge symmetry pseudo-fermions

U0, x+u) (1/D) ~ non-local
(I want to mimic
this by NN)
Solutions in neural net: v | v
. arXiv: 2103.11965 AT+ ]
1. Gauge covariant net 2. Transformer with global symmetry
(adaptive stout) (Heisenberg spin + electron)

2310.13222 AT+
2306.11527 AT+

3. Gauge symmetric Transformer for LQCD
This talk




Akio Tomiya

Equivariance and convolution

Convolutional Neural network have been good job but local

Convolutional neural layers in neural networks keep translational symmetry,
it can be generalized to any continuous/discrete symmetry in the theory. It helps generalization.

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

ﬁ\

conyv

e.d.
1d Input image

conv
\ Distant correlations here can be captured
/. by 3 steps of convolutional operation
(Repetition of local operation)

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?




Transformer and Attention

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

Output @} OpenAl
Probabilities
| Softtmax ) ChatG PT

| Linear |
3

(. )
| Add & Norm |}~
Feed

For\;vard
() ‘ =
Feed Attention
Forward D D) N x
A ‘ J
Nx | _—{Add & Norm J [ Ad,\j:;:gm .
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 Embfding “Attention is all you need” (1706.03762)
- 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

rel 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!

Simplified version of Attention/Transformer

| Skip connection

I > WOX | M= WX (WEX)T
/' Non-local product v
X = am B WKX (Non-local
Akio correlation)
: [ VY Add & normalization |— X’
— ReLUM)W'X |— T
A f Weighted
rray O Block- (This example is single-head)
word vectors spin
Transf. )
Word~\{ector (Trainable) Self-Attention
X: matrix T

hese can be reieated



Transformer and Attention

Transformer shows scaling lows (power law) O —

7
4.2
6 —— L=(D/5.4-1013)700% | 5.6 —— L=(N/8.8-101%)"0076
) 3.9 48
v
2 3.6 40
- 4
-—
8 3.3 3.2
=3
3.0
2.4
L= (Cmm/2.3 . 108)—0'050
2 . - - - 2.7 Y . - - .
10 107 10 10°* 10°' 10! 108 10° 10° 107 109
Compute Dataset Size Parameters
PF-days, non-embedding tokens non-embedding

Figure 1 Language modeling performance improves smoothly as we increase the model size, datasetset
size, and amount of compute’ used for training. For optimal performance all three factors must be scaled
up in tandem. Empirical performance has a power-law relationship with each individual factor when not
bottlenecked by the other two.

- Transformers requires huge data
(e.g. GPT uses all electric books in the world)
Because it has few inductive bias (no equivariance)
- It can be improved systematically



Transformer and Attention

Physically symmetric Attention layer

Attention layer can capture global correlation
Equivariance reduces data demands for training

Equivariance Captura!o le Data demmands Applications
correlation
Convolution | . | Image recognition
(€ equivariant Yes = | ocal & Low = VAE, GAN
layers) Normalizing flow
Standard * 3 ChatGPT
Attention layer No Q) GIObaI -E Huge @ . GEMINI
Vision Transformer
arXiv:1706.03762
Physically
Equivariant | | N Kondo system
layer arXiv: 2306.11527




Self-learning Monte-Carlo

Target: Double exchange model

Target system: Classical Heisenberg spin S + Fermion on 2d lattice

H=—1t Z (6:(0{’\](1 +h.c.)+— 2 S. - 0; (Kondo model)

Two different phases

- Anti-ferromagnet (~staggered mag)
- Paramagnet (~normal metal)

(This system is similar to lattice QCD
but easier)

3d vectors on 2d Iattice
Anti-ferro magnet



Self-learning Monte-Carlo

Previous work

Target system: Classical Heisenberg spin S + Fermion on 2d lattice

H=—1t Z (6:(0{’\](1 +h.c.)+— 2 S. - 0; (Kondo model)

Naive effective model:

Linear __ eft eff. -
H " = — Z JE'S. - Sj E, J.:n-th nearest neighbor
<i’j>7’l

J,‘,:“ff Is determined by regression (training) to improve approximation

Self-learning Monte-Carlo:

Update with H ¢, and Metropolis-Hastings with H & H
Cancel inexactness. This is an exact algorithms




Self-learning Monte-Carlo

Previous work

Target system: Classical Heisenberg spin S + Fermion on 2d lattice

H=—tz (C zaJOf_I_h C.) + — ZS O; (Kondo model)

a,(i,j) This has fermion det

Naive effective model:

HLmear — Z ]’fl’ffsl. : Sj E, J: n-th nearest neighbor
<i’j>n

e S ) A Z ]’SffSNN . QNN E,
We replace this by eft l J

“translated” spin ST () T | |

_ ; mimics effects from fermions
with a transformer with smeared spins
and used in self-learning MC This doesn’t have fermion det



Self-learning Monte-Carlo

Physically equivariant Attention layer/Transformer

Equivariant Transformer block

Add & |—— S’ =%ﬁ
\v

A Spin configuration

A Spin configuration

Skip connection

> /V(S-I—&A))ES' -

Akio Tomiya

arXiv: 2306.11527.

— S’

\_ Add & Norm (normalization) Y

Our neural network respects symmetries

In the system. Also, it can capture

Attention
Norm
I
:
4 N
S >| WOS [— | M = WOS(WKS)T
Array Block- Non-local product
of spin spin l(CorreIation functions}
vectors L
(1 conf) WEKS | [SW =ReLUM)W"S > §(A) —
Block- A
spin
—p
wYs
Block-|
spin
long-range correlations

\_ Self-Attention )




Equivariant attention



Self-learning Monte-Carlo

Akio Tomiya

arXiv: 2306.11527.

Attention block makes effective spin field with non-local BST

L
1

A

—>I Add & Norm I

T

| Self-Attention block |
A

1

SA

A

Self-Attention block

S, = ReLUM) WS | <=

T

M = WOS(WESHT

] 1

Wos | [WES| | WS |4

r 1 1

S

Smearing (BST)
Rot. equivariant
Trsl. equivariant
trainable!




Self-learning Monte-Carlo

Equivariant under spin-rotation & translation o 2308 11807
ST=(s1 2 )’ -
. O(3) vect _ T T T T)
S/ ; ) veetar S=(s 8 S 8,
® 3 ® 4
- Local weighted sum over neighbors
= “Smeared spin” with parameters
~ “Block spin sum” with parameters
ca __ o
S, S, 5; = ZWZ i+l  a=QK,V
‘ T [=0
w/ € R : trainable
o7 — (1 2 3)'
;= (Si S; Si) Translationally equivariant

Rotationally equivariant

;1 = /(617 + 627 + (57

=1
3 component scalar, normalized



Self-learning Monte-Carlo

Equivariant under spin-rotation & translation

S=(s7 s s s])

SA

A

Self-Attention block
Sy = ReLUM)W" S| <+

T

M = WOS(WESHT

] 1

wWos | |WES| | wWYs

1 1

§?=W“S=Zwl“i

+1

S = (S‘

by ne

Gram matrix with averaged spin

M = G* = (S%)TS* «a=QKV

SISy 818,
5,81 8,5,
S35 835
S;S, SJS,

G=S'S =

S S
S S
S5 S
S; S,

Akio Tomiya

arXiv: 2306.11527.

)

st O(3) vector

l

“averaged spin”

ighbors

S!'S,
S)S,
SJS,
S.S,

Translationally covariant, Rotationally invariant

A set of correlators



Self-learning Monte-Carlo

Equivariant under spin-rotation & translation

S=(s7 s s sI)

SA

A

S, = ReLUM)W"S

correlators T

M = WOS(WESHT

] 1

—

Self-Attention block

Wes | | WES | | WYs
! I ]
S

S =WS= ) wis,

[

Akio Tomiya

arXiv: 2306.11527.

= (s 5 )]

st O(3) vector
“averaged spin”
by neighbors

Gram matrix with averaged spin
M = ~a — (SOC)TSG’ a=0Q.K,V

Translationally covariant

Rotationally invariant

S, = ReLUM)W"S

= ReLUWM)S"

A set of correlators




Self-learning Monte-Carlo

arXiv: 2306.11527.

Attention block makes effective spin field with non-local BST

( )

SO = (S(l_l) + SA> position-wise

A =S/IS
N A

)]
1

A

Self-Attention block

—>I Add & Norm I

T

| Self-Attention block |
A

S, = ReLUM) WS | <=

Smeared fields
Rot. equivariant
correlators T Trsl. equivariant

M = WOS(WKS)T Skip connection
T T Normalized!
Smearing (BST)
Q K V .
W=3 W=S WS Rot. equivariant

1 T T Trsl. equivariant
trainable!




Self-learning Monte-Carlo

arXiv: 2306.11527.

Variational Hamiltonian with Equivariant Attention layers

5 — H L SO = <S(l_1) + SA> position-wise
t C
— | Add & Norm I d 7
1) N (S, = Si/“Si”
Self-Attention block g
I eA ention bioC I \ ‘A
—>| Add & Norm I
t Self-Attention block
| SeII_Attentlon block | Sy = ReLUM) W' S |+ Smeared fields
—[ AddaNorm | , Rot. equivariant
3 / ] correlators T Trsl. equivariant
I Self-Attention block |<I\ M = WQS(WKS )T :Iklp cc:-nnzftlon
2 i ormalized!
|1

Smearing (BST)
0 K Vo |4
WSS WS WS |4 Rot. equivariant

1 T T Trsl. equivariant
trainable!




Self-learning Monte-Carlo

SLMC = MCMC with an effective model/ Adaptive rew.. ..o

For statistical spin system, we want to calculate expectation value with

W({S}) o exp[—pH({S})]
On the other hand, an effective model H_+({S}) can compose in MCMC,
{ S }—={ S } = S }—{ S } this distributes W_5({S}) o exp[—fH_({S})]

if the update "—, satisfies the detailed balance. We can employ Metropolis test like

Ae({S}, (S}) = min (1,Wx({S'})/Wex({S))) .



Self-learning Monte-Carlo

SLMC = MCMC with an effective model/ Adaptive rew.. ..o

For statistical spin system, we want to calculate expectation value with

W({S}) x exp[—/H({S})]
On the other hand, an effective model H_+({S}) can compose in MCMC,
{ S }—={ S } = S }—{ S } this distributes W_5({S}) o exp[—fH_({S})]

if the update "—, satisfies the detailed balance. We can employ Metropolis test like

Ae({S}, (S}) = min (1,Wx({S'})/Wex({S))) .

SLMC: Self-learning Monte-Carlo
We can construct double MCMC with H({S}) and H,({S})

S} {8} = {S}—= {8} {S} —={S} = {S}—{S}—

W({S'}) Wer(1S})
WS} Wes({S) )

with Metropolis-Hastings test: A({S’}, {S}) = min (1

- Effective model can have fit parameters

- Exact! It satisfies detailed balance with W({S}) (exact)
- It has been used for full QCD too (arXiv: 2010.11900, 2103.11965)



Transformer and Attention aXiv: 230811527 » uodare

Application to O(3) spin model with fermions

Acceptance rate ~ efficiency Observables
11 Transformers —e— g2,
Linear —&— 0.15 ,-1 e
2 08 = 01 -
© Pz Original —<—
o . _ 0.05 ¢ Linear .
S 0.6 Models with the attention 0 - 3layer attention —=—
= e
A &
g 04 o8 | Staggered mag.
< | < 06
0.2 I (same as previous work , = 04}
No attention) 02 | g
O | | | | \ \ \ 0 * ] * s .
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 sitesl

Physical values are consistent
(as we expected)



Transformer and Attention

Loss function shows Power-type scaling law as LLM

arXiv: 2306.11527 + update
Acceptance rate = exp (—\/ MSE)

10 —_—
3 Transfor_mers O 5.6 —— L=(N/8.8-1013)0076
m Linear © | _ s
) | 8 o
= 1 | Model w/o g 2
— - attention
7p *4| Scaling in LLM [1
2, 105 107 10°
3 Parameters
- 0.1
L :
= . . 1 Line is just for
= Models with the attention | guiding eyes
L fit range (no meaning)
0.01 — ——
1 10 100
. num. of trainable parameters
julii] (1 layer ~ 30 parameters) fit ~(7.1/x)A(1.1)

[1] arXiv:2001.08361



Gauge covariant transformer
(CASM Work in progress

Lattice 2024
Jul 29 (Mon), 2024, 11:55 AM
¢ A. Tomiya, H. Ohno, Y. Nagai Algorithms and artificial intelligence




Ove rVi eW/O Utl i ne Akio Tomiya

Gauge covariant transformer for LQCD

Two conditions/restrictions in LQCD:

Non-locality from

Gauge symmetry pseudo-fermions

U(X, X+
( H (1/D) ~ non-local
(I want to mimic
this by NN)
Solutions in neural net: v | v
. arXiv: 2103.11965 AT+ _

1. Gauge covariant net 2. Transformer with global symmetry
(adaptive stout) (Heisenberg spin + electron)
—[ Add&Norm | 2310.13222 AT+
UGl o3 J | D r 2306.11527 AT+

L ? | Self-Attention block I

3. Gauge symmetric Transformer for LQCD
This talk




Gauge Covariant tranSformer Akio Tomiya

CASK?

Cask stout
(Whisky Barrel-Aged Stout beer)
= stout beer In a cask

IRISH COFFEE STOUT |33

CASK | BARREL AGED IMPERIAL ]2;9‘7
~ AGED IN paRR

ELS FROM CLONAKILTY DISH




Gauge Covariant tranSformer Akio Tomiya

= CASK

Cask stout
(Whisky Barrel-Aged Stout beer)
= stout beer In a cask

Add and la stout ) i
m Covariant attention block

T CASK = Covariant Attention

Self-Attention with Stout Kernel
_ It is named in an obvious reason&




Gauge Covariant tranSformer Akio Tomiya

Collection of ML/LQCD

Lattice ML(Framework) ML/Lattice
i Phys. Rev. D 107, 054501 AT+
- Demon method (inverse MC -
ar)giv1508.04986 AT-?— Linear regression o Qauge inv. SLMC
- Hopping parameter Trivializing with SD eq a la Luscher
2212.11387 AT+
Stout & Flow CNN/Equivariant NN Gauge covariant nzeo’c2 .
| - Global symmetric
m(ene(l)r:r:‘:glgd 2 Transformer - GPT Transformer 2306.11527 AT+

- CASK (this talk) (g8




Gauge Covariant tranSformer Akio Tomiya

Idea: Attention must be covariant

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

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

X a, , ~ Retr UU())

U T not invariant

SRR s ! I B M 1 (cannot be used
_______ DOOQ)

UT invariant under
local SU(N)

Invariant
under global O(3)

In total, output is covariant Qi ju ™~ Re tr V, (Z)U T(] ) (with activation)

In total, output is covariant




Gauge Covariant tranSformer Akio Tomiya

Structure of gauge symmetric attention using stout

Procedure in three steps:
0. U™ : Input configuration/Links

[1] 2021 AT+

1. 3 types of (trainable) stout [1] -> U, UX, UV (they have different weights)

[J¢ = eXp[paL[Uin]]Uin a=Q,K,V

Loop operator
weights / \_/projected on Lie algebra

2. Construct attention matrix (Rectangular Wilson loop) using UQ, Uk - A )

SALCRD

(with activation)

cf. sparse attention

3. Construct “stout smeared” [1] link with wei Qg ) and Uv,U (as matrix muilt)

U out — cXp [Cl(*,*)L[ U V]] U n Covariant

(This can be extend to have multi-head trivially) \_/ Loop operator

projected on Lie algebra



Gauge Covariant tranSformer Akio Tomiya

Simulation parameter

Construct effective

e Self-learning HMC (1909.02255, 2021 AT+),

action using operators an exact algoritAm
with Ut
4 * Exact Metropolis test and MD with effective action
I e Target S4: m = 0.3, dynamical staggered fermion,
P« Nf=2, L* = 4", SUQ), f = 2.7
(Rt s et s o Effective action in MD ($ eff)
Self-Attention
t

e Same gauge action

»| Add and norm a /a stout

. o m.+ = (.4 dynamical staggered fermion, Nf=2

4
1

T — e CASK with plaquette covariant kernel
T

Self-Attention

; e Attention = 7-links rect staple (=3 plaq)

o U links are replaced by U in D

stag

B + “Adaptively reweighted HMC”



Gauge Covariant tranSformer Akio Tomiya

Loss = difference of action

Loss w.r.t. training

100
10} { * | oss decreases along
= . with the training steps
o 1E
L |
s | o it works as same as the
5 oot stout (covariant net)
0.001 — .
(I got this in yesterday) e NO gainf)
0.0001 : : : : .
0 200 400 600 800 1000
epoch
= MC steps



Akio Tomiya

Gauge covariant transformer

Some gain

Acceptance rate w.r.t. training

0.3 T T T T T T T [
—~"""CASK__|
0.25 1 Stout
(covariant net)
e 02 * |n terms of acceptance,
S sl CASK has some gain
g
2 0.1 I u u u |
e |t is still improving
0.05 STOUT —— -
(I got this in yesterday) 8?2% -
0 ] ] ] ] ] ] (I:ASK 4 ]
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
epoch
= MC steps
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Work Iin progress



Reduction of cost in measurements “*™

Costly observables

Measurements are needed! Some observables are numerically
expensive.

Measurement: determination of quark propagator

For a given gauge configuration [A ], 1/(D[A] + m) can be
calculated (%)

Machine learning can help?

Concern:
- Machine learning are approximation, can you remove bias?

(*) Precisely speaking, we need to fix the gauge.



Reduction of cost in measurements “*™

Cost reduction via machine learning a la AMA

G S. Bali+ 0910.3970, Blum, Izubuchi, Shintani 2012
B. Yoon+ 1807.05971, 1909.10990
H. Wettig+ [1], B. Choi+ WIP [2]

All mode averaging (AMA) technique can reduce statistical error using approximation.
Approximation can be biased but it can be corrected.

(0) = (07) +{(0 - 0777)

evaluate, x % evaluate

conf Nbc

2 O(APPOX)[U] - Z (O[U..] — OAPP[ [ ])
N, conf ._1 bc =1

Cheap Expenswe
A lot of statistics Small amount

AMA has béen developed without machine learning,

but it can be used with machine learning
[1] https://conference.ippp.dur.ac.uk/event/1265/contributions/7450/attachments/5874/7758/1at24.pdf

[2] https://conference.ippp.dur.ac.uk/event/1265/contributions/7582/attachments/5706/7462/beniji.pdf



Reduction of cost in measurements “*™

Reducing cost without bias from ML - Yoon+ 1807.05071, 1900.10900

Plaqg to tr[D~?]

3.0 Ntr )
_ . _yP

o =
L%) 900 2

o’ 20F
S 600 8

’zc':‘ L5}
: : —

300 original BS 1.0 F

Light GBM-P2
O == 1 a1 1 ) : rE==E=

1.0250 1.0255 1.0260 1.0265 1.0270 10 20 30 40 50 60

TrM > boosting stages (iteration)
Nconf Nbc

(0) = —— 3 0CPI[U] +— Y (O[U,] - 04m9[U, )
N, conf ._4 bc =1

So far so good (I skipped details),
and details can be found in [2]

[1] https://conference.ippp.dur.ac.uk/event/1265/contributions/7450/attachments/5874/7758/1at24.pdf

[2] https://conference.ippp.dur.ac.uk/event/1265/contributions/7582/attachments/5706/7462/beniji.pdf
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BFQCD + E&in2E

Akio Tomiya

o IR FQCDICIEEAE L. FELH D

o EWFE

__l__l

NEHR (IH LNgw)

o EMNWBHIZ2016FENS IEFHDENH S

. —VIBOK, BiEF

$OK

e TCERWZEDHPHD. HIRDFU &£ S,

o AYIC

R85 ? Ad—KMIic kb, BMIC KB,

. HE2E + 8FQCDD I— R (JuliaQCD)

EIEDEXU & D,

e KAKENHI: 20K14479, 22H05112, 22H05111, 22K03539

Thanks!






