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Independent Metropolised Sampler

p(0) =271 P39 P(g) =7 p(e)

Dtrial ~ q(-)
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Drc(0lp) = / do q(¢10) log

Dki(gelp) >0,  Dki(gelp) =0 <= p=gq



Kullback-Leibler divergence

q(9|0)
p(®)

Dki(qelp) = /d¢q(¢l9) log
Dki(gelp) > 0, Dki(qelp) =0 <= p=g¢q

Dki(qe|p) # Dki(p|ge)



Autoregressive networks
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Ancestral sampling
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¢=(51,...,SN)

dDk.(qlp)
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Dy, gradient

dDku(alp) _ /dqf) 9(¢16) (log q(|0) — log p(¢))

do
/ 9 q(16) s log a(10)

[ a0 280~ 2 [ do a(lo) =0
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Approximate gradient

dDK;éqw /de) (d)‘e)mogaqe((ﬁ]@) (log g(#|0) — log p(¢))

¢ ~ q(¢|0)
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2l{0)] = Nza"’g"d"”) (5 -3)
g
-2

Dian Wu, Lei Wang, and Pan Zhang. “Solving Statistical Mechanics Using Variational Autoregressive Networks”
Phys. Rev. Lett.122 (2019), p. 080602



Elgl{o)] = " Elmlig)]).



Elgl{o)] = " Elmlig)]).

1 dlog q(¢|0)
ar[g1[{¢ —p(¢) = 7 (log 2)° ar[—}
var [g1[{ &M ]g(pl0)=p(e) = 3 (I8 Z)"V 00 a($10)=p(¢)



g1 & g, variance

Eleliol] = " Elmls}].

1 ol (7]
var [g1[{@Hlg(plo)=p() = 7 (108 2)°V [og(;lé()vbl)} a(616)=p()

var [g2[{&}H]q(s10)=p(e) = O



bijection
T
RP 5z — (qur(2), ¢(210) ) € (R,RP)

¢ =(20),  q(l0) = qu(2)J(2|0)7"

o (09(20)
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Dru(qlp) = / dz pr(2) (log 4.(2]6) — log p(p(2]6)))



Normalising flows - K-L divergence

Dki(qlp) = /dqur (log q-(z]0) — log p(x(2|0)))

dD d
KUIP) [ 2 4p(2) 55 o a(210) — log o p(210))
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cﬂ?+§qlm gs[{o} =~ Z <— log q(z;|0) — % log P(SO(Z/|0)))

Z; ~ qpr('|0)



Action derivative

N

) w0l = 2 (g lowatad) — g s (elzio)
2~ Gur(6)
Jaerelalo) = Joiogp(®)  Getale)
7 log p(¢) = ——5(¢)

)



var [g3[{¢}]]q(¢|9)=p(¢) 70



a(¢10) = apr(2)J(210)""  a(¢]0) = qpr(2)J(416)
A
a(¢10) b = ¢(210), J(2|6) @ = ¢(210)

| | S

¢~ q(910) z~ qp(2) 2= H$|0),J(9|0) z~ qu(z)



No gradient calculations
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No gradient calculations

Zj ~ Qpr

¢ = q(z10)

Gradient calculations

z = ¢ Y (i]0)

q9(¢10) = qpr(2)J(¢16)



No action derivative

No gradient calculations

Zj ~ dpr

¢ = q(z10)

Gradient calculations
zl = ¢ (¢il6)
q(#10) = apr(2')J(916)

-1
J($10) = det <8‘P &(b"b'a))



o(z]0) = —= Iog(l - z), ze€[0,1)



o(z]0) = —= Iog(l - z), ze€[0,1)

q(¢l6) = 6e~%,  z~[0,1)



o(z]0) = —= Iog(l z), z€0,1)

q(8l0) = e, z~1[0,1)

P(0) = A=3
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S(¢lm*,X) =

-1
D 61 (261 — bi-1j — bit1j+ 261 — bij1 — biji1)
j=0

-1
+ > (Mo + 1),

j=0

M. S. Albergo, et al., Introduction to normalizing flows for lattice field theory, 2021. arXiv:2101.08176
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ESS =

p(9)

~ q(¢]0)
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Results
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m There is more then one way of estimating gradients for
normalizing flows.
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Conclusions

m There is more then one way of estimating gradients for
normalizing flows.

m Normalising flows can be trained without taking the action
derivative.

m At slight cost in performance (¢*).

m Different convergence (training) properties.



