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Variational Inference

 Target distribution:

i 1
p(z) with tractable score 21%62(%)
ox
» Normalizing Flow:
_ 99\ (x
r=gy(z) z~qz log gp(x) = long(QO 1(1,)) + log |det eax( ) ‘

* Reverse Kullback-Leiber Divergence:
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Path Gradients

* Reverse KL total gradient

d d
— KL = —K ~ap(z
d9K (qolp) 4o * 90 () {n df  p(ge(2))

e Path Gradient

d
@KL(QG |p) = Ezqu

0 a0(96(2))\ Oga(2) | Olnge(x)
999 (2) (m P(ge(z))> T m]

[Roeder et al., 2017]
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Theorem

The derivative 2 qj( 1) can be obtained by solving the initial value problem

dOlnge(z)  Olnge(z)T fg(2t,t) o 1r <af9(zt7t)>

% 0 Zt N 15) Zt 15) Zt 0 Zt
with initial condition

01ngg(zo) _ d1nqz(z0)
620 820 .
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CNF Total Gradient CNF Path Gradient

(Chen et al. 2018) (ours)

Oln qg(z) 0z(2,0)
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Results VAE

-ELBO Path Total
. " MNIST 82.09 +.04 82.82+.01
§ oD g Omniglot 96.61+.17  98.33+.09
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[Grathwohl et al., 2019]



Lattice Field Theory:
» Target

* Intractable
e Known in closed form

» Can be approximated by CNF with
inductive biases
[de Haan et al., 2021]




Lattice size Path Total
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12x12 99.66% + 0.07 98.01% + 0.44
20x20 97.65% +0.14 91.56% + 1.13
32x32 91.81% +1.32  69.53% =+ 5.59
—— Path
—— Total
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Main idea:

 Variational Inference:
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» Continuous Normalizing Flow gy
* Minimized by SGD:
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* Leads to better performance as
demonstrated in our experiments for
VAEs and Lattice Field Theory
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Thank you for your attention
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