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Outline

e [attice gauge fixing
- Traditional iterative approaches

e Recap: a machine learning approach for gauge fixing
- Gauge transtormation and Convolutional neural network construction
- Preliminary results with a small model

e Toward deep CNN & Preliminary results

** Summary and Outlook



Lattice Gauge Fixing

e Gauge fixing 1s required for gauge-dependent quantities:

closed loop: gauge-invariant

- gluon propagator & quark-gluon vertex
[J.E. Mandula, M. Ogilvie, Phys.Lett.B 185(1987)]

- renormalisation schemes
[L. Maiani, G. Martinell1, C.T. Sachrajda, Nucl.Phys.B 368 (1992)]

- fundamental QCD Green’s functions

e Noise reduction
[CP-PACS Collaboration, S. Aoki, et al, Phys.Rev.D 67 (2003), 034503]

open loop: gage—dependent



Lattice Gauge Fixing

e Gauge fixing condition:

' 0F
__ g e
F[g]—RTrZZUM(:C), with 5 =0
S J S/

where dg 1s 3 for the Coulomb and 4 for the Landau gauge. L LS Y

| | %
e [terative approach: %
- Los Alamos (L g A) method: SU(2) subgroup update / /

[R.Gupta, G.Guralnik, G.Kilcup, A.Patel, S. R. Sharpe, and T.Warnock, Phys.Rev. D36 (1987) 2813.] /

- Cornell method: Steepest descent (SD)

[C.T.H.Davies, et al., Phys.Rev D37 (1988) 1581]

- Advanced techniques: Fourier acceleration, conjugate gradient, and global optimization...
[A. Cucchieri, T. Mendes, PRD 57 (1998) 3822] [R.J. Hudspith, Comput. Phys. Commun. 187 (2015) 115] [O.Oliveira and P.J. Silva, Comput. Phys. Commun. 158 (2004) 73]
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Lattice Gauge Fixing

Issues of iterative approaches

% pure LA
LA50SD

- LA200SD

—x--  [LA100SD

0—1_

p—

e Volume scaling bottleneck

POOEH=HEHK

e (Critical slowing down: 10°3-
Applying the Los Alamos )
method first, then steepest 5
descent until reaching the
tolerance 10~ for a single
configuration with the size

of 12° x 24.

10—9_

10—11_
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Our model: Machine learning approach

Basic idea

Try to construct a gauge transformation that can replace/reduce the iterative procedure of
the gauge fixing by

- Extending from a single link to Wilson lines with multiple

lengths L4 (n).
J L L
- Regarding the projection of the SU(3) group as a non-linear £ // L Y
operation—activation function. T /
/
- Constructing complicated Wilson lines via a Convolutional o /
Neural Network (condensing the information into layers). BN //

- Optimising the tunable parameters by machine learning.
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Our model: Machine learning approach

Network construction

e The WLB gauge transform matrix 1s defined as

g (n) = exp :Q“) (n): e SU (N, = 3)

QO (n) = [0 ()] = (90 (n) — 0 (n))

1
Ot (1) — O )
T (sz (n) — QO (n)) I

QO (n) =309 I, (n; {U“—”})

” Wilson Line Bundles (WLB)
Training parameters
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Our model: Machine learning approach

Network construction

e Between two layers:

[T T

[ S

%
|

AN

AN

:

AN

_|_

>

L3 (n)

(inverse directions)




Our model: Machine learning approach

Network construction

e Turning iterations into finite layers of a CNN

e Constructing complicated Wilson lines via a CNN

1 I4 /41 L
UV (n) U (n) Ul (n) UM (n)

Gauge fixed!

gt (n)

Layer 1 Layer /¢ Layer ¢ + 1 Layer L
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Our model: Machine learning approach
backpropagation

e The objective function (optimum functional):

dfix
1
O = G N N 22 U ()

n pu=1

where V. is the number of color, and N, 1s number of the lattice sites

e Training gradient * Mini-batch training with Adam

dfix

dz}?) =2 3 N ReTr [AFO (n) L, (n {UCD) 4 ASO (n 4 1) Ly (n+ s {UD L]

u=1 n
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Gauge fixing procedure
Worktlow

e Pure traditional iterative approach:

Given number of steps Reaching a given tolerance

e Machine learning hybrid approach:

' » WLB transformation kil
—

Given number of steps Reaching a given tolerance
11
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Gauge fixing procedure
Worktlow

e Pure traditional iterative approach:

Given number of steps Reaching a given tolerance

e Machine learning hybrid approach:

Speetest decent

Aim to skip Reaching a given tolerance
12



e JLDG public ensembles:

Ensemble | Lattice I5; Kud Ko a|fm] Frived size| GB]

RC12x24 | 12° x 24 | 1.8 0.14090 ).023

RC16x32 | 16° x 32 | 1.83 | 0.13655 0.13710 | 0.1209

( )

(16) | 0.8529(4) | 0.072
RC20x40 | 202 x40 | 1.9 | 0.13580 | 0.13580 | 0.0982(19) | 0.8656(2) | 0.176
RO32x48 | 323 x 48 | 1.9 | 0.1373316 | 0.1367526 | 0.0907(13) | 0.8656(2) | 0.844
RCO48x48 | 483 x 48 | 1.9 | 0.1373316 | 0.1367526 | 0.0907(13) | 0.86966(8) | 2.848
RC64x64 | 643 x 64 | 1.9 | 0.1373316 | 0.1367526 | 0.0907(13) | 0.86978(4) 9

e PACS10_: 128* (144 GB) e HPC Machine:
- Pegasus (Intel Xeon Platinum-NVIDIA H100)

- Miyab1 (NVIDIA GH200 Grace Hopper )
- Fugaku (CPUs)

Preliminary results
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Preliminary results

e Definination of observables in gauge fixing section:

1 dfix

F[g] - dﬁx Nc Nvol e zn: Zu: . Ug (n) o Value’ Fﬁxed

1
 dax No Nyl
dfix

A(n) =3 [Au(n) — Au(x — @)] , with A, (n) =

L

olg Z Tr A(n)AT(n) — Zero

U, (n)— Ul

(n)

2a.qo

4 TA



Preliminary results

e Definition of observables for training: At ﬁTnal layer
dfix
1
_ L. . Z(0) — R Tr 7 L)
Objective function: (0) diw N Nooi e;; PV (n)

- Change of objective function: AF(0)=7(0;) — F(0;_1)
- Shifted objective function: Z(0) = Frixea — 7 (0)

L . 1
- Validation function: 7 (0)

= > Tr AP (n) AT (n)
fix {Ve L1 Vvol -

15



Preliminary results
RC64x64: using parameters from RC32x48

—— LASO00SD [1.0] = L21S2 param-RC32x48 ep70 LA350SD [0.9514]

0.8700 An exemplified application of using the

training parameters of L1283, traimning with

the ensemble RC32x48., which shares the
same lattice parameters as those of RC64x64.

=== tol=le-14

6
=~ 0.8698 -

» Training with a smaller lattice for a larger
one might be possible.

_ . 4 Timing
< 1076
. . . , , , | e [oading: 3.3%
3 100 -
\_\ e WLB transformation: 1.6%
29
0 - | —

0 1000 2000 3000 4000 5000 6000 e [terative gauge fixing: 95%
LA-SD step

mplet
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Preliminary results

Single large configuration test with parameters trained on RC48x48

—— LA4000SD [1.0] WLB10LA4000SD _param-RC48x48-ep50 [0.8413] * Lattice parameters
—— WLB1LA4000SD_param-RC48x48-ep50 [0.9244] —— WLB10LA4000SD_param-RC48x48-ep90 [0.7689] (P ACS1 Oc) .
~0.9650- .
=
[, - 1 28
0.9625 -
— - == tol=1e-16 - ﬁ = 1.638
P
= 1078
<

- K,y = 0.1269105

kK, = 0.125715

—_

og]
o
- —
| )
~J O
1
1
(
I

1 ' ' ' ' ' ' ' - k. =0.111150

N incomplete

- a = 0.084[{fm]

-

0 2000 4000 6000 3000 10000 12000 14000

LA-SD step » 5 hours with 128 GPUs

17



Preliminary results

Model scanning toward deep network

— L100S1 —=—=L100S2[ ----- L100S3I L200S3I L100S41 ------ L200S41 -~ L.80S4I
L200S1 ——=—-L200S2I —L10S3 —— L3083 L125S41 L60S4l —-— L40S8I

e Training histories 107

- 100 epochs S

N o
- 200 configurations 07 NIt esmEmIT T oo e s e e e
- RC16x32 ensemble ~ , ° 20 49 60 80 100

Nc|> \»\ » U. ﬁ-.- o : n : ﬁ A M M m N
I ‘%" L R ol oA T L ~T m ‘-F-ﬂl

v el T - . Th ‘.’ - 3 - v - s :
i - n e B v Y " 7 -.
: . L !‘-._71- T A T \

i T ..N Ty .\Vf‘ bt =N 4 'ﬂl
T A G e S R R
VOV RN Vi ‘;“Y"\ \\"

\-

- L[# layers]

107°- \vl \'II y VI :’II \
- S[max. length] 0 20 40 60 30 100
Epoch
- I: shape-1 only * Shifted objective function: £ (0) = Fiixea — 7 (0)
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Preliminary results

Model scanning toward deep network

* Shifted objective function: £ (0) = Fiixea — 7 (0)

° Comparing the . e SI e S3 . = L100 125
. ¢ e 0.04 - = S21 =  S41 0.04 - = [200 = L60
sh¥fte.d training ol . sar CT10 e 180
objective function L30 = L40
“* CNN models el O
S S
XN XN
- L[# layers] = e
.E0.0Z- .,E0.0Z-

- S|max. length]

0.01 + o ° 0.014 °

- I: shape-I only :

50 100 150 200 2 4 6 3
Layers S
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1 dfix

. : _ DA R L
¢ objective function: F(0) = TN N Red > TruUiM(n)

Preliminary results i

* Validation function: ¥ (9) = R > Tr AP (n) AT ()
fix £Ve £ Vvol 7

Lattice size dependence

— RC12x24 RC16x32 — RC20x40 — RC32x48
e Validating the training S 0.850-
parameters with ™ 0.825- )
ensemble RC16x32 at
various lattice sizes %104-
over the training <
history of the L200S31 0.0010
model. § 0.0005 -
0.0000 ~
10°-
8 .
= 1072+ »
<

0 50 100 150 200 250 300
Epoch
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Preliminary results

Model performance of a deep network

e Gauge fixing 64 lattice
- CNN with 200 layers

= no LA iterations

550.869-

| — |

—11
m =

— LA300SD [1.0]
— L200S3I rand-e-4 RC16x32-ep200 [0.9591] — L200S4I rand-5e-1 r0.005 RC12x24-ep109 [0.9527]

L.200S4I rand-e-4 r0.005 RC12x24-ep220 [0.9845]

S8
0.868 -

10—5_

olg]

100

N incomplete

-

21

4000

SD step

6000 3000




Preliminary results

Model performance of a deep network

— LAS500SD [1.0] = L200S3I rand-e-4 RC16x32-nt400b40-r0.005-ep261 [0.9013]

|

0.8700
e Gauge fixing 48* lattice _
. :0.8698-
- CNN with 200 layers
= no LA iterations EIO‘S-

BN [ A B WLB B SD

AN

\ ) [

-]

80 1 % g
o ?10 .
05 60-
= _100-
5 40- s
5 3
a

20 =

O_

LAS00SD WLBISD-L200S3I

N

0 5000 10000 15000 20000 25000

LA-SD step
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Summary and Outlook

B Machine learning approach with the CNN constructed by the Wilson-line bundle

.
“‘3?&

w1 The number of 1terations 1s reduced

%] Volume transfer: training with small, applying to large

O Apply to a larger lattice, 256%, as well as some ensemble that suffers from severe

critical slowing down

(0 Examination of the gauge-fixing quality by measuring the spectrum quantities, 1.e., the

p10Nn Mass
O Hybrid method with advanced techniques? 7
L)
O Training for other gauges T 1T
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Software

Fast as C, Easy as Python, ML-friendly, Portable ¢ o

o
@ 00
J u I Ia arX1v:1209.5145, https://julialang.org/ LUX:].L .U a CC

JULIA FOR ACCELERATORS

ﬁduhau[:l] 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, Seli-learning HMC, HMC with AD,
Dynamical fermions, Measurements (chiral condensate, topological charge, etc)

11 atticeQCD. jl Yuki Nagai, Akio Tomiya, arXiv:2409.03030, https://github.com/JuliaQCD

run_wizard [ 3N J e o
& i& ~ s * s o ooo
- & SU(3)' Quenched, L=4 4' Heatbath 3D contour of field strength at t=00.298 yocto-second ® 000 o0 00 ¢ 000
i e & & & 000 O o *e
77 = 00 %% o ¢ 0%2% 2°¢ o
i o 10 g 0% i N % e e2% ¢ o 0o
ia 8 g oss a v ° o o o o0
i& 3 050
1 1# g 045 2 215
LatticelD.jl - \
B 2 o L4
FF FFRFRBRESZZ 1.59

LatticeDiracOperators.jl
Gaugefields.jl

Wilsonloop.jl CLIME._jli

0000000000000000000000
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END

THANK YOU




Lattice Gauge Fixing

] Sl S/
Iterative approaches S

//
e [os Alamos (LA) method: SU(2) subgroup update V4

[R.Gupta, G.Guralnik, G.Kilcup, A.Patel, S. R. Sharpe, and T.Warnock, Phys.Rev. D36 (1987) 2813.] /
Ul(n 1 1) V4

~————>
w(n) =3 [Uu(n) + Ul (n — )] o %
L

with the gauge transformation based on the Cabbibo-Marinart method (maximal trace)

w(n) — g(n)w(n) such that RTrg(n)w(n) > RTrw(n)

construct g(n)
from the SU(2) subgroup of w(n)

apply gauge transtormation
Uy (n) = g (n) Uy (n) g% (n+ )

e R A

—>i increase Flg] |

RN ™ i e
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Lattice Gauge Fixing

Iterative approaches

SRE TR SRR TG A agias s o

Differentiating F'|g]
with respect to w;(n) where g(n) = exp (1wyt*)

e Cornell method: Steepest descent (SD)

[C.T.H.Davies, et al., Phys.Rev D37 (1988) 1581]

g(n) = exp (%(XA(TL)) , where A(n) = Z [[L(n — [L) — Uu(n)]TA

tunable parameter

A O A D el S AT N Sl eladd . L

- Mino method: determining the optimal tuning parameters

CRY,Tr[A() (Uu(n— i) — Un(n))
RS, T [A2(n) (Un(n — 1) + Un(n)))
OFlgl _
Oa(n)

Flg]

a(n)

by solving
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Our model: Machine learning approach

Network construction

e The gauge transform matrix is defined as

L {)) -

r=1

>

S

[1

b=1

dfix

Clfix

P =—dsix
po7#—pPb—170

dfix

2. 2

p1=—d¢ix pP2=—dfix

. p1#O0 paFE—p17#0

(efo) - | 5

Ps:_dfix
PsF#—pPs—170

17

dfix

2

28

b—1
Z Uéf) (n -+ Z ﬁa) where s> 1
a=1

14 14 A 14
080 () U )0

s—1
n+ Y pa

a=1
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Our model: Machine learning approach
backpropagation

o AHEHD) () = {U<€> (m) ¢V (m 4 ) §+D (m)} «

A§(€+1) (m + [i) = {U(E)T (m) g(€+1)T (m) NG (m)} %

0QUFY) (m + 1) | pa

o) (n) = gD (m 4 ) 67Y (n) g (m)

o %
dfix 0 (041 |
= U (n)
dix i il
S g1 (m)
. 350 (m) g (m + ) U (m)]
>m* ,,>:1 - auy) (n)
dix ) AN
09\ (m + D)
(€)1 (L+1)t (L+1)1
+ D20 [T (m) gD (m) ST )| x| -
m v=1 L
i 9D )
£33 [0 (m) g () U (m)] + |2 D)




Gauge fixing procedure

Mini-batch training

Ensemble

EpOCh | Training set Testing set

0 arogodb godb oAb g dbo g db g Al
d db db db db db do

~ ~ ~ ~ ~

o
I N R N A N A N
|

l Ensemble

Training set Testing set

N N NI A N I N A NI

* Adam (Adaptive Moment Estimation) optimiser 1s applied to update the training parameters.
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Gauge fixing procedure
Computation on HPC

- MPI for lattice (compute the gradient for a single configuration one by one)

- GPU for lattlce + MPI for parallehsmg batch tralnmg
One epoch -

Mini1 batch #1
Mini batch |
0000oen ]

HPC
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Preliminary results
R(C32x48: training for Coulomb gauge

e Schemes:

Training tag

configs

Batch size

Layers

Imtlal param.

Epoch

F

| 12152 nt160b16 Zero-

T 1,1253 ntd0b10 Zero |

,12S3 nt160b16 Param

|_11253 n¢160b16 Zero |

10U

160

_—
4 ]
A

£ 1 \ 1 \
I E

y )
o O Of O
} "

3 =

) 23

;

-1
—

oy B > B~ o P AR vy o awae s vy S b e e vy iy

ZGIOS
| zeros

——— ——— Nl b S SR i S i e

nt40b10 Zero]
H ZGTOS

BT

40

14434
39

0. 8576 |
0.8498 |
0.8538 |
0.8538 |

- Investigation into the size of the training set.

~ *From pure . interative method: Fﬁxed: 0. 86965(8)

- Investigation into the incremental training: starting with a smaller training set, then
switching to a larger set.
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Preliminary results
RC32x48: Different size of training set - L2152

nt40b10 Zero nt160b16 Zero parameter (L,S) = (2,1) parameter (L,S) = (8,1)
< 0.051 < 0.097
S 0.00 L . . . 0.00 L. . . .
@; 0.84 - V 0 25 50 75 0 25 50 75
102
S 10 =
0.82 < <10
10-1- 0 25 50 75 0 25 50 75
§ Epoch Epoch
& 4] VAN, _ _
< 10 V N e parameter (1,S) = (6,2) parameter (L,S) = (21,2)
0 T T T T T N N
10 E 1 o
1 | 0.00 15 . . . 0.00 15 : : :
] 0 25 50 75 0 25 50 75
= 107! 102
5 _ _
<10 < 1075 ‘
/\
1072 +— - - - - 0 25 50 75 0 25 50 75
0 20 4OE ) 60 80 Epoch Epoch
poc
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Preliminary results

RC32x48: Increamental training - LL12S3

nt40b10 Zero
nt160b16 Zero

nt160b16 Param(nt40b10@ep14)

0.86
>
@30.84

0.82
— 107!
<
5
310—3

100+
S
§ 103

10

20

Epoch

30)

40

50

parameter (L,S) = (2,1)

0.04 1 —
> 0.02 A
OOO i T T T T T T
0 10 20 30 40 50
\
D -3
ﬂ - e e uiine e
107°
0 10 20 30 40 50
Epoch
parameter (L,S) = (3,2)
0.04 —
< 0.02 A
OOO k T T T T T T
0 10 20 30 40 50
——107%+
A e
ﬂ 10_5 _ o ™ Ny Ay
0 10 20 30 40 50
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Epoch

0.02 -

0.00 -

10—3_

10—5_

0.01

0.00 -

10—4_

10—6_

parameter (L,S) = (8,3)

[I) 1I0 2I0 3IO 4I0 5IO
\
(I) 1I0 2I0 3I0 4I0 5I0
Epoch
parameter (L,S) = (12,3)
(I) 1IO 2IO 3I0 4I0 5IO
| "
R v
L
(I) 1IO 2IO 3I0 4I0 5I0
Epoch



Preliminary results
RC32x48: gauge fixing comaprison

— LA250SD [1.0] L12S3 nt160b16 ep48 LA200SD [0.9786]
— L2152 nt40b10 ep93 LA200SD [0.955]

0.870+

20
S8
0.868 -

=== tol=le-12

olg]

N, incomplete

N I I k

-

0 500 1000 1500 2000 2500
SD step
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Comparison of the SD section in the gauge
fixing procedure with different training
schemes, using

»Pure iterative method (250 steps of LA then
SD) as a baseline.

»Apply the WLB gauge transformation with
parameters tramned with 21 layers and up to
length-2 Wilson lines at epoch 93 using 40
configurations.

» Apply the WLB gauge transformation with
parameters trained with 12 layers and up to
length-3 Wilson lines at epoch 48 using an
incremental training scheme.



Preliminary results

RC48x48: using parameters from RC32x48

55 0.869 -

0.868 -

olg]

100+

N, incomplete

-

— LA300SD [1.0] = L12S3 param-RC32x48 ep48 LA200SD [0.9753]

.

=== tol=le-12

0 1000 2000 3000 4000 5000
SD step
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An exemplified application of using the
training parameters from the ensemble
RC32x48, which shares the same lattice
parameters as those of RC48x48, except
for the spatial extent.

» Tramning with a smaller lattice for a
larger one might be possible.



Preliminary results
Details Of C NN | 1.200841 Parameters at Epoch 140.0 with RC12x24_B 1800

0.8 = —1399

0 25 50 3 100 125 150 17

-~

2
LN
>
=

<
cooml ol oo
j

>

AA']
=)

|
2

=101

T

-

e b
Ol <
)

corsd wool ceomd wonmd

10-% - 1 I I

=
.
'yl
LA
=
-] 4
n
-~ -
Ln

100 125 150 1
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200
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Preliminary results

Model scanning toward deep network

e Comparing training cost

= LI100 = L200 =< LI10O L30 L125 = L60 = L8O = L40 e S1 = S2I = S3I o S3 = §4] S8I

100 + 100 +

30- 20-

Time per epoch (s)
N
S

Time per epoch (s)
N
S

1 2 3 4 5 6 7 3 25 50 75 100 125 150 175 200
S Layers
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Performance
Improvement

On Fugaku

Performance Comparison of Gauge Fixing for one config. 643 x 64 on Fugaku

® oldver improved A improved v2

apply 100 steps of LA + 100 steps of SD

@
200 A
v
o 150 -
&
= @
100 A ®
A
100 A
‘0
E‘ o
e 80 -
=
O
= 60 - ®
@)
O
O 40 -
S o
20 - A
le—16
: @
34 =" baseline
5 2-
=)
tl- ® A
04 A-—————————————————————=- B ——————————————— e —————————————————————————————— -
16 32 04

Number of Nodes (using only 16 cores per node)
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Performance Comparison of Gauge Fixing for one config. 483 x 48 on Miyabi

® CUDA with 1 GPU per node MPI with 36 CPUs per node
Performance ® JACC with 1 GPU per node ® MPI with 72 CPUs per node
Improvement - 5
O ° ° 125 -
n Miyabi 5
£ 715-
50 A
.. o ® o
25 - © )
@
)
o 60 -
=
|_
o 40 - o
c
S
- 20 A ® o
©
9 o
0 - ® 0 ©
le—15 apply 100 steps of LA + 100 steps of SD
15 - — == no difference
£ 10-
>
E 0.5-
o @
0.0 - ®-——-——————- Q- —————— P e e e e e -
1 2 4 8

40 Number of Nodes



