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Generative mode|

® Likelihood-based methods

1) Autoregressive models
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2) Variational autoencoders (VAEs)
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3) Flow-based generative models



Flow-based generative models
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Generative Modelf§EA B8

* A generator G Is a network. The network defines a probability
distribution pg

pe (x) Paata(X) 7~

Normal x =G(z)
Distribution
0" NN generator =)

as close as possible

m
G* =arg mgxz logP;(x?)
i=1 {x1,x2, ..., x™} from Pygrq(x)
~darg mGin KL(PyatallPs)
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* A generator G Is a network. The network defines a probability
distribution pg

x=0G(z X . i
Normal Distribution ( ) pG( ) G"=arg m(? . Zl logFe (x )
e gcnerator _> Flow: I
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logpg(x') = logn (G_l(xi)) + log|det(Jg-1)|  volume preserving
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We focus on functions where f (and, likewise, g) is composed of a sequence of transformations:
f =1, ofy o---ofg, such that the relationship between x and z can be written as:
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Such a sequence of invertible transformations is also called a (normalizing) flow (Rezende and
Mohamed, 2015). Under the change of variables of eq. (@), the probability density function (pdf) of
the model given a datapoint can be written as:

log pe (x) = log pe(z) + log | det(dz/dx)| (6)
K

= log pg(z) + Z log | det(dh; /dh;_+ )] (7)
i=1




Coupling Layer
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Ya+1:D = Td+1:D © exp (s(x1.q)) + t(1:0)
T1:d = Y1:d
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meaning that sampling is as efficient as inference for this model. Note again that computing the
inverse of the coupling layer does not require computing the inverse of s or ¢, so these functions can
be arbitrarily complex and difficult to invert.




Coupling Layer
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The Jacobian of this transformation is
oy _| 0 ¢
oxT — (—z‘;?f diag (exp [s(21.q)] ) ’ (6)

where diag ( exp [s (z1.4)] ) is the diagonal matrix whose diagonal elements correspond to the vector
exp [s (z1.4)]. Given the observation that this Jacobian is triangular, we can efficiently compute

its determinant as exp {Z ;S (21.4) j-] . Since computing the Jacobian determinant of the coupling



Coupling Layer - Stacking
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Description

| Function

| Reverse Function

| Log-determinant

Affine coupling layer.
See Section d

1Dinh et al.[2014)

Xq,Xp = split(x)
(logs, t) = NN(xy)
s = exp(logs)

Va =S8 O Xq + t

Yb = Xp

y = concat(ya,¥s)

Ya,¥b = split(y)
(logs,t) = NN(y)
s = exp(logs)

Xa = (ya - t)fs
Xp = ¥b

X = concat(Xa,Xp)

sum(log(s|))
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Demo of OpenAl
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