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Anders Boesen, Lindbo Larsen, Sgren Kaae
Senderby, Hugo Larochelle, Ole Winther, “Autoencoding

VA E_GA N beyond pixels using a learned similarity metric”, ICML. 2016
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Algorithm - Initialize En, De, Dis
* In each iteration:
e Sample M images x1, x?,---, x™ from database

e Generate M codes 21,72, ---, 2™ from encoder
« Gl = En(xi)

 Generate M images ¥1, %2, -+, ¥ from decoder
- ¥' = De(Z")

2

Sample M codes z1, z%, -+, z™ from prior P(z)

Generate M images £1, £2, .-, ™ from decoder
« Xt = De(zi)

Update En to decrease ||fl — x!

KL(P(Z* |x')[ | P(2))

Update De to decrease ||fl — xi|

Dis(fi) and Dis(p?i)

e Update Dis to increase Dis(xi), decrease

X Dis(fi) and Dis(a?i)
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Algorithm

* |nitialize encoder En, decoder De, discriminator Dis

* |n each iteration:
e Sample M images x1, x?, -, xM from database
e Generate M codes z1, 72 .- M from encoder
« 7' = En(x)
Sample M codes z1, z%, -+, z™ from prior P(z)
e Generate M codes ¥, %2, -, ™ from decoder
« ¥l = De(zi)
Update Dis to increase Dis(x!, 2), decrease Dis(%!, z")

2

Update En and De to decrease Dis(x!, '), increase
Dis(xt, z%)



(from prior
distribution) from encoder

code z code z or decoder?

T 3 1
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Image x Image x Image x  code z
(real) (generated)
Evaluate the
P(x,z) Q(x,2) difference
P and Q would be the same between P and Q

Optimal encoder EN(x)=2" WP De(z)=x"  Forallx
and decoder: De(z”’) = x” » En(x”")=2z" Forall z”



BIGAN

Optimal encoder En(x’) =2’ » De(z’) = X’ For all x’
and decoder: De(z”) = X" » En(x’)=z" Forallz”
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Triple GAN

(X, Y) ~ p(X,Y)
X Y1) ~pX,Y) C (Xg.¥y) G

Z, ~ p,(2)
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X, ~ p(X)
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Chongxuan Li, Kun Xu, Jun Zhu, Bo Zhang, “Triple Generative Adversarial Nets", arXiv 2017



Domain-adversarial training

* Training and testing data are in different domains

I feature

data The same
Testing distribution
data

Generator 4>I feature

Hana Ajakan, Pascal Germain, Hugo Larochelle, Francois Laviolette, Mario Marchand,
Domain-Adversarial Training of Neural Networks, JMLR, 2016



Domain-adversarial training

Maximize label classification accuracy +
minimize domain classification accuracy

feature extractor
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This is a big network, but different parts have different goals.



Original Seq2seq Auto-encoder
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Feature Disentangle
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