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Lattice QCD
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deep
Lattice QCD... what is it? LCT

e Gauge field simulation from
first principles

e Discretized space-time

e Finite volume with
periodic conditions

e Volume few times
size of proton

http://www.physics.adelaide.edu.au/cssm/lattice/
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Mass comes from QCD dynamics
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(0]7(t) z7(0)|0) = C,(1) = (O)
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(0]7(t) z7(0)|0) = C,(1) = (O)

Our only hope!
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(0]7(t) z7(0)|0) = C,(1) = (O)

Configuration 1 0, Configuration 2 0, Configuration 3 0, Configuration 4 0,

1 &
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MCMC and neural networks
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e Propose possible configuration, x

e Propose steps in a chain x — x’ accept with

e—S()

bability p = min [1, ]

probability p 5
p(x)4 X, 2

—

> X
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deep
Markov chain Monte Carlo LCT

Drawback: thermalization and autocorrelation

Ising model

Number Number
independent <K generated
configurations configurations
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deep
Markov chain Monte Carlo LCT

Drawback: critical slowing down near critical points

Correlation length diverges <« Autocorrelation time diverges

Ising model
ordered/disorder phases

QCD + dark matter

Confined phase/quark gluon plasma

BSM Higgs

Electroweak symmetry breaking transition

Yale Kimmy Cushman | Replacing Markov chain Monte Carlo with generative flows neural networks | 4 March 2020 | 37



Fully connected network with 4 hidden layers

(A //.5\\\\"""»\\‘\‘

A/
\\‘ \ \ ; llh
l\\‘( ‘ “\ ‘ 'IIAl ® =2 \ ‘
- \\‘7 // .::: " lln ® ‘\:;3 5;‘;’,’; ] t\\ ",,i/ \\ ‘ "

»4 \VV l. ‘\‘
”A “"'\ »‘// ,:& “" ",\ Q\A’ WO ’Q’/
’V’ \’) " V. .' " ANY A'/ I’: "‘v‘ “l/ \‘ é’. '
‘v’«'\ //”‘ “" Y *" X W “ ‘* " v‘ 7
\ ‘ .,, .V“ \ ,M ' 0". \‘ 0
/ Yy lu\‘ \\ mv // ',, \‘\v \

‘ \' % ol i\ 7 2N %"\'//',0 -

"« ' ;"A > \\"' \}3 @ ”' \\

Kimmy Cushman | Replacing Markov chain Monte Carlo with generative flows neural networks | 4 March 2020 | 36



Fully connected network with 4 hidden layers
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https://www.thispersondoesnotexist.com
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Auto-encoders

latent
space

decoder

encoder
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Auto-encoders GANs
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Auto-encoders GANs
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e Require A LOT of training data

e Mode collapse
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Generative flow networks for
O(3) spin model

Y ale Kimmy Cushman | Replacing Markov chain Monte Carlo with generative flows neural networks | 4 March 2020 | 32



Goal: Train neural network to produce configurations
by learning bijection

Training

U(x) qx) = px

See also Albergo, Kanwar, Shanahan 1904.12072
Dinh, Sohl-Dickstein, Bengio 1605.08803
Muller, McWilliams, Rousselle, Gross, Novak, 1808.03856
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Why a bijection? For generation U(x) — g(x) (Rﬁ p(x))

Why ¢g(x) —» U(x) ?

Typical importance sampling
(0) = dx O(x) e>™

dx O(x) p(x)
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Why a bijection? For generation U(x) — g(x) (Rﬁ p(x))

Why ¢g(x) —» U(x) ?
Typical importance sampling

(O0) = ndx O(x) e ™™ (0) =

dx O(x) p(x) =

nY
a4
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Why a bijection? For generation U(x) — g(x) (Rﬁ p(x))

Why ¢g(x) —» U(x) ?

Typical importance sampling Generative flow importance sampling
1( g 1 [
(0) == |dx O(x) e>™ (0) == |dx O(x) p(x)
Z . Z .
L[ 1{ p(x)
=—|dx O X =—|dx O(x) — g(x
7 x O(x) p(x) Z ()q(x) g(x)
1 Rl
~— Y 0 2,0,
N i r ~ Pi
Zi ;’ | q \
Sampled according to p(x) Sampled according to g(x)
Hard to sample from (MCMC) Easy to sample from (U(x) is easy)
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Composition of 7y _ hyo-oh,o hy H(U(x)) = g(x)

coupling layers

. —1
Learned Jacobian of ) — U ) oH (x’ 9)
; . g(x;) = Ulx,
variable transformation ox;
U-q
g(x)

Train by minimizing divergence

between g¢(x) and p(x)
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U (x)—>
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44— Invertible map ———

A—XA

vg = Cl(xg; m(xA)H C(xy; m(x@ﬂ_» 000 —Pplp=
B = XB

*
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*

Y = Xp
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Choose coupling layers function C(x,, m(xz)) easily invertible

Ex: C(x,;8,10) =x,0¢€ +1¢
'*\

Vg = Xp s and f learned parameters

Yy = C(xB; m(xA))
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Choose coupling layers function C(x,, m(xz)) easily invertible

Ex: C(x,;8,10) =x,0¢€ +1¢

>

Vg = Xp sand 7 learned parameters
4 = C(xgm(xy))
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Choose coupling layers function C(x,, m(xz)) easily invertible

Ex: C(x,;8,10) =x,0¢€ +1¢
'*\

Vg = Xp s and f learned parameters

Yy = C(xB; m(xA))

1 A
ahl 1 ahl o 1'..1 hl
_— — — = Y
0X 0xA
B o -~ 0H -
oH (.x . 0 ) B -_— — esgesli) B
q(x;) = U(x;) 0X:; |
0x; l I
= U(x;) e~ L5 .
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Lattice QCD (pure gauge) O0(3) spin model

S=§ZZR€H[1—UMU] S:—ﬁZE’i.g’j

n u<v
8 X 4 N* degrees of freedom 2 N? degrees of freedom

SU(3) local gauge symmetry O(3) symmetry
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1) Choose system size

2) Choose hyper parameters
3) Train - loss function

4) Validation
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2x1 spin chain S=-20s, -5,

: : p
4x1 spin chain § = — ) Z St St

X

p

8x8 spin lattice S = — > 2 S Syxi T Sy Syas

X
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aCi(xP)

5B Coupling transform: C;(x?)
1

Network prediction: q; =

1) Number of samples-5000 .| F

T | \|\‘_‘f7h| 0 T T | |
2) Number of networks - 5 :

: =
3) Number Of layers ) 6 i 0.00 0.20 0.40 0.55 0.70 1.00 : 0.00 0I20 0I40 0I55 OI70 1.00

Disney Research Neural Important Sampling

4) Coupling transform - piecewise cumulative

distribution function

5) Learning rate, ...
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Loss functions
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How to believe a neural network:
Validation
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250 -+

Learning:
q(x) = p(x)
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4 parameters
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C(1,p=1)=0.53731 (0)= Z @ . .
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unweighted mean = 0.310, dx = 1
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1) Traditional Metropolis MCMC (0) = Z o} |

3 methods:

Z O; p;
Zpi

2) Random (uniform) (0) =

z@ %‘1

ﬁ
qi

3) Generative flows training (0) =
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50,000 samples from each
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How to believe a neural network:
Tests
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Similar actions

Long-distance physics should not depend on
short distance details of action

S = _Zﬂsx°sxil
S=- Zﬂl Sx°Sxil+ﬁ2 Sx " Sx+2

2
5= Zﬂl Sy " Sxx1 +:B2 Sx°SxiZ+:B3 (Sx°Sxil)
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Similar actions

1) Given 1-term action, predict / from ensemble
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Similar actions

M. Hasenbusch et al., Phys Lett B 338 (1994) 308-312

1) Given 1-term action, predict / from ensemble
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1) Given 1-term action, predict / from ensemble

Similar actions

2) Given 2-term action, predict f,, /, from ensemble
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Similar actions

1) Given 1-term action, predict / from ensemble
2) Given 2-term action, predict f,, /, from ensemble

3) Compute corresponding “truncated” actions: {f,,,} = {$,,0}
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Similar actions

3) Compute corresponding “truncated” actions: {f,,,} = {$,,0}
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Similar actions

3) Compute corresponding “truncated” actions: {f,,,} = {$,,0}

4) Test neural networks
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Future work
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e Complete tests of invariant physics

e Train larger 2D lattices
e Attempt gauge theory - Schwinger model
e Lattice QCD (small lattices)

e Cost-benefit analysis
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Thank you!

Y ale Kimmy Cushman | Replacing Markov chain Monte Carlo with generative flows neural networks | 4 March 2020 | 1



Thank you!
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Monte Carlo renormalization group

Canonical demon algorithm

S=-Y 8,5,

Sp=+ Y Byd, dE€[0dp,]

M. Hasenbusch et al., Phys Lett B 338 (1994) 308-312

Micro-canonical MCMCwith §,, =S+ 5, : AS =0
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deep
Correlation functions LCT

C(1)

Kimmy Cushman | Replacing Markov chain Monte Carlo with generative flows neural networks | 13 February 2020 | 1



Y ale Kimmy Cushman | Replacing Markov chain Monte Carlo with generative flows neural networks | 13 February 2020 | 1



