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Generative Models

Component-by-component

Autoregressive model

Autoencoder

Generative Adversarial Network
(GAN)

Link: https://youtu.be/YNUek8ioAJk
Link: https://youtu.be/8zomhgKrsmQ



Generative Models

 Component-by-component (Auto-regressive Model)
* What is the best order for the components?
* Slow generation B eine

[ =

@hardmaru it takes 90 minutes to synthesize
one second of audio.

e \Variational Auto-encoder PR E1-Flels] | ]°
* Optimizing a lower bound

e Generative Adversarial Network
* Unstable training



Generator

* A generator G is a network. The network defines a
probability distribution p,

Normal pe(x) . Paata(X)
Distribution . ’
generator SN
: %) g \

(z)

as close as possible

m
G* =arg mg?‘xz: logPg(x') {al,x?, ..., x™} from Pyqeq (x)
i=1

~ arg mGjn KL(Pg4:4||P;)  Ref: https://youtu.be/DMA4MrNieWo



Generator

* A generator G is a network. The network defines a
probability distribution p,
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Flow-based model directly optimizes the objective function.



Math Backgrouna

Jacobian, Determinant, Change of Variable Theorem
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Determinant

The determinant of a square matrix is a scalar that provides
information about the matrix.

e 2 X2 *3x3

1= A

det(A) = ad —bc det(A) =

a1Ad50dgq +a2 AgA~ +a3 aAuQg

det(A) = 1/det(4A™1)
det(]f) = 1/det(]f-1)

_a3a5a7 —a2a4a9—a1a6a8



Determinant

e 2 X2 *3x3
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Change of Variable Theorem
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Change of Variable Theorem
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Change of Variable Theorem
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Change of Variable Theorem

Zy 4 X2 4
Ax12
Az, Ax!
n(z") 22
: x'
Az, p(x') A,
@ o,
> Z1 A3511 > X1
Axi{1 Axoq
x") ldet =1(z" Az, Az
pC) |det [yt i || = w842
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Formal Explanation




p(:)|det(Jy)| = m(2)
Flow-based Model »(&) =mnr(z)|det(J;-1)]

Normal
Distribution

G* =arg maxz: long(x )

(@) ._» generator

pe(x)

100 x lOOx 3

G has limitation

= =

pG(x‘) = n(z‘.)ldet(]G-l)l »

-6 () m

You can compute det(J;)

You know G~1

logp, (xl) = logm (G‘l(xi)) + log|det(J ;-1)]
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m(x) p1(x) p2(x) p3(x)
o-&-@ *ﬂ*k*ﬂ*&
pi(xt) = ﬂ(z det ]G zi = Gt G,;l(x

() = (e ) (|det (75 ))(\det( i)
o) = (") (Jdet (o)) ([det ()

K
long(xi) = logn(zi) + z log ‘det( GEl)‘ Maximize
h=1



What you actually do? Z-*ﬂ—"c
logpe(x') = logm ( G~ xi)) + logldet(] .-1)
-inf

Make z' become If z* is always zero:
zero vector

J ;-1 would be zero matrix
det(IG—l) — O

Actually, we train G, but we use G for generation.

Paata(X) 7




NICE
https://arxiv.org/abs/1410.8516

Coupling Layer Real NVP
https://arxiv.org/abs/1605.08803
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NICE
https://arxiv.org/abs/1410.8516

Coupling Layer Real NVP
https://arxiv.org/abs/1605.08803
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Coupling Layer
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Coupling Layer - Stacking
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Coupling Layer
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GLOW
https://arxiv.org/abs/1807.03039

1x1 Convolution

—

3x3

W can shuffle the channels. 3 0[0]|1 1

If W is invertible (?), itiseasyto | 1
compute W 1. 2 0o|1]0
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. X1 W11 Wiz Wi3]1[%1
1x1 Convolution lx2]=lW21 W2z Wzs“Zz]
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1x1 Convolution

dxd

If W is 3x3, computing
det(W) is easy.

dxd _ I
positions :

p—




Source of image:
https://hd.stheadline.com/life/ent/realtime/1517562/

Demo of OpenAl
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Demo of OpenAl




Demo of OpenAl

 https://openai.com/blog/glow/



https://openai.com/blog/glow/

To Learn More ......
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