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" UNIVERSITAT  Generative Adversarial Networks (GANSs)

How can we generate new images that look similar to the ones we have in

some training data set?

Supervised Deep Learning is a function approximation problem! Assume

there is a function mapping Gaussian noise to some realistic image.
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Random noise in R? \

Parameterized function

(hopefully)
realistic image
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But the loss function / training data would be extremely difficult to find!
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8 : A
Real images

CNN 2 — Is this a real or
a fake image?

Discriminator
\ Y
Half of
the inputs
realistic image
Generator
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Real images

CNN 2 Is this a real or

Artificially
generated
images

Most similar
real images

Simultaneously, the generator tries to minimize the discriminators success.

Difficult (abstract) saddle-point problem: min max L(6;€)

Jan. 04th, 2019 Michael Moller — michael.moeller@uni-siegen.de

Slide 4



" UNIVERSITAT  Generative Adversarial Networks (GANSs)

Drawbacks:

* No direct control over the type of image one generates — the random noise
to generate from does not have a particular interpretation.

* Sometimes image-like features are sufficient to fool the discriminator,

although the image is quite different from the exemplary images.

AR,
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One could hard code an image in the weights of a network, e.g.

deconv dEC onv

— layer — layer

vector of ones target image

Based on http.//kvfrans.com/variational-autoencoders-explained/
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One could hard code multiple images in the weights of a network, e.g.

OO =

\ deconv deconv

layer — layer

OO =

Based on http.//kvfrans.com/variational-autoencoders-explained/
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One could hard code multiple images in the weights of a network, e.g.

0.42

2.31 :
5.26 /
2.12 \

deconv deconv

m—)
layer layer
9.23 y
2.12
0.42

5.53

\

These representations are realization of the latent variable.

Based on http.//kvfrans.com/variational-autoencoders-explained/
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Better idea: Learn the latent representation!

Encoder Decoder
Network — — Network
(conv) (deconv)

latent vector / variables

This architecture is called a (standard) autoencoder!

Problem: The latent variables will likely not have a meaning! They could be

isolated points!

Based on http.//kvfrans.com/variational-autoencoders-explained/
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Solution: Force the latent variables to roughly follow a unit Gaussian distribution.

Then sample from this distribution to generate new images.

mean vector

sampled
latent vector

~ N
Encoder N Decoder
Network Network
N -
(conv) (deconv)

standard deviation
vector

Based on http.//kvfrans.com/variational-autoencoders-explained/
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SIEGEN
A little more details X — (2|2
(from Doersch, ,Tutorial on Variational Autoencoders®, 2016) /]\
https://arxiv.org/pdf/1606.05908.pdf f(z)
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Linear interpolation and arithmetics in latent space are meaningful!

3OO
aao
0
Q

The results of VAEs are,

& 4

however, often more blurry
than GANSs. Various
combinations exist in the

\

current literature.
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https://hackernoon.com/latent-space-wsual|zat|on-deep-learn|ng-b|ts-2-bd09346920df
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