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Deep Feedforward Generative Models

ÅA generative model is a model for randomly generating data. 

ÅMany deep learning-based generative models exist including 
Restrictive Boltzmann Machine (RBM), Deep Boltzmann Machines 
ό5.aύΣ 5ŜŜǇ .ŜƭƛŜŦ bŜǘǿƻǊƪǎ ό5.bύ ΧΦ

ÅWe will focus on deep feedforward generative models.

ÅWe will focus on models that maps a random sample Úfrom a 
parametric probability distribution to an image ὼ.

ÅVariationalAutoencoders (Kingmaand Welling 2014)

ÅGenerative Adversarial Networks (Goodfellowet al 2014)
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Comparison
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Comparison

Model Input Output Operation

Deep Feedforward 
Discriminative 
Networks

Å Image
ÅHigh-dimensional

ÅA probability
distribution of 
classlabels

ÅLow-dimensional

Åά/ƻƳǇǊŜǎǎƛƻƴέ
ÅMany down-

sampling 
operations

Deep Feedforward 
Generative 
Networks

ÅRandom sample 
from a parametric 
probabilistic 
distribution

ÅLow-dimensional

ÅA probability 
distribution of 
images

ÅHigh-dimensional

Åά5ŜŎƻƳǇǊŜǎǎƛƻƴέ
ÅMany up-

sampling
operations
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Manifold Hypothesis

ÅStructured high-dimensional data (images) live in a low-dimensional 
manifold.
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Image credit Goodfellowet al 2016



Autoencoder
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Decoder Network:  Ὢ ᾀEncoder Network: Ὢ ὼ

Learning is usually done by solving   ÍὭὲВ ᶰ Ὢ ὼ ὼ

where   Ὢ ὼ Ὢ Ὢ ὼ )

Latent 
representatio
n: ᾀ



Remarks on Autoencoder

ÅOne of the architectures that led to the 
renaissances of neural networks in 2007.

ÅIn order to avoid learning a trivial identify function, 
the input sample is noise corrupted.  
Denoising Autoencoder (Vincent et al 2010)

ÅThe hierarchical representation learned in the 
encoder can be used as a feature extractor for a 
supervised learning task.

ÅHowever, difficult to sample from the latent space. 

ÅPoor generalization: the decoder often just 
remember the input samples.
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VariationalAutoencoder

ÅPut a constraint on the latent space to make sampling easier.

ÅConstraint the encoder to output a conditional Gaussian distribution for an input sample ὼ

Ὢ ὼ ή ᾀὼ ﬞ ᾀ‘ ὼȟὍ

ÅThe decoder reconstructs the input from a random sample from the conditional distribution 
ᾀͯ ή ᾀὼ

Ὢ ᾀ ὴ ὼȿᾀͯ ή ᾀὼ

ÅTrain the encoder to output a zero mean Gaussian distribution and the decoder to reconstruct the input.

ÍÉÎ

ᶰ

Ὀ ﬞ ᾀȿ‘ ὼȟὍȿȿﬞ ᾀπȟὍ Ὁ ͯ ᾀὼ
ρ

ς
Ὢ ᾀ ὼ
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VariationalLower Bound
ὒ—Ὀ
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ὒ —Ὀ is the variationallower bound of the 
log-likelihood function ὒ—Ὀ . 



Maximize the VariationalLower Bound

ὒ —Ὀ

ᶰ

ή ᾀὼÌÏÇ
ὴ ᾀȟὼ

ή ᾀὼ

ᶰ

ή ᾀὼÌÏÇ
ὴ ὼȿᾀὴᾀ

ή ᾀὼ

ᶰ

ή ᾀὼÌÏÇ
ὴᾀ

ή ᾀὼ
ή ᾀὼÌÏÇὴ ὼȿᾀ

ᶰ

Ὀ ή ᾀὼȿȿὴᾀ Ὁ ͯ ᾀὼ ÌÏÇὴ ὼȿᾀ
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ÍÁØὒ —Ὀ ÍÉÎ

ᶰ

Ὀ ﬞ ᾀȿ‘ ὼȟὍȿȿﬞ ᾀπȟὍ Ὁ ͯ ᾀὼ
ρ

ς
Ὢ ᾀ ὼ

Regularization Reconstruction



Implementation of VAE
ÅὈ ﬞ ᾀȿ‘ ὼȟὍȿﬞ ᾀπȟὍ В ‘ȟ ὼ

ÅSample approximation Ὁ ͯ ᾀὼ ÌÏÇὴ ὼȿᾀ В Ὢ ᾀ ὼ

where ᾀ ή ᾀὼ ‐ and ‐ ﬞͯ πȟὍ)

11Encoder Network: Ὢ ὼ Decoder Network:  Ὢ ᾀ

+

+
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Conditional VariationalAutoencoder
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+

+

‐

‐

Code or attributes

KingmaŜǘ ŀƭΦ ά{ŜƳƛ-ǎǳǇŜǊǾƛǎŜŘ ƭŜŀǊƴƛƴƎ ǿƛǘƘ ŘŜŜǇ ƎŜƴŜǊŀǘƛǾŜ ƳƻŘŜƭǎΦέNIPS 2014



Attribute2Image
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¸ŀƴ Ŝǘ ŀƭ ά!ǘǘǊƛōǳǘŜнLƳŀƎŜΥ /ƻƴŘƛǘƛƻƴŀƭ LƳŀƎŜ DŜƴŜǊŀǘƛƻƴ ŦǊƻƳ ±ƛǎǳŀƭ !ǘǘǊƛōǳǘŜέ 9//± нлмс



Drawback of VAE

ÅEuclidean loss is not a good 
perceptual loss.

ÅRegress to the mean and render 
blurry images

ÅDifficult to hand-craft a good 
perceptual loss function.

ÅWhy not learn one?
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Generative Adversarial Networks
ÅForget about how to design an image similarity loss. Let use a deep feedforward 

discriminative network to verify if a generated image is similar to a real image. (Goodfellow
et al 2014) 
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Generator/Decoder Network:  Ὢ ᾀ Discriminator Network: Ὢ ὼ

True or 
Fake 
image

GoodfellowŜǘ ŀƭ άDŜƴŜǊŀǘƛǾŜ !ŘǾŜǊǎŀǊƛŀƭ bŜǘǿƻǊƪǎέ bLt{ нлмп



Generative Adversarial Networks
ÅGenerator: map a random sample from a Gaussian distribution to an image.

ÅDiscriminator: Differentiate a generated image from a real image.
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Generator/Decoder Network:  Ὢ ᾀ Discriminator Network: Ὢ ὼ

True or 
Fake 
image



Generative Adversarial Networks
ÅThe generator and the discriminator is playing a zero-sum game.

ÅÍÉÎÍÁØὉͯ ÌÏÇὪ ὼ ҌὉͯ ÌÏÇρ Ὢ Ὢ ᾀ

17
Image credit Goodfellowet al 2014



Generative Adversarial Networks
ÅWhat does this optimization do?

ÅFor a fixed generator Ὢ ᾀ, the optimal discriminator is Ὢ ὼ .

ÍÉÎÍÁØὉͯ ÌÏÇὪ ὼ ҌὉͯ ÌÏÇρ Ὢ Ὢ ᾀ

ÍÉÎὉͯ ÌÏÇ ҌὉͯ ÌÏÇ

ÍÉÎὈ ὴ ὼȿȿ +Ὀ Ὢ ᾀȿȿ ÌÏÇτ

ÍÉÎὈ ὴ ὼ|| Ὢ ᾀ ÌÏÇτ
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Jensen-Shannon Divergence



Generative Adversarial Network Training

Åὠ•ȟ‰ Ὁͯ ÌÏÇὪ ὼ ҌὉͯ ÌÏÇρ Ὢ Ὢ ᾀ

ÅÍÉÎÍÁØὠ•ȟ‰

ÅAlternating gradient descent

ÅFix ‰(generator), apply a stochastic gradient ascent step on ὠ•ȟ‰ .

ÅFix •(discriminator), apply a stochastic gradient descent step on ὠ•ȟ‰ .
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Deep Convolutional Generative Adversarial 
Networks

20
wŀŘŦƻǊŘ Ŝǘ ŀƭΦ ά¦ƴǎǳǇŜǊǾƛǎŜŘ wŜǇǊŜǎŜƴǘŀǘƛƻƴ [ŜŀǊƴƛƴƎ ǿƛǘƘ 5ŜŜǇ /ƻƴǾƻƭǳǘƛƻƴŀƭ DŜƴŜǊŀǘƛǾŜ !ŘǾŜǊǎŀǊƛŀƭ bŜǘǿƻǊƪǎέΣ L/[w нлмс



Deep Convolutional Generative Adversarial 
Networks
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wŀŘŦƻǊŘ Ŝǘ ŀƭΦ ά¦ƴǎǳǇŜǊǾƛǎŜŘ wŜǇǊŜǎŜƴǘŀǘƛƻƴ [ŜŀǊƴƛƴƎ ǿƛǘƘ 5ŜŜǇ /ƻƴǾƻƭǳǘƛƻƴŀƭ DŜƴŜǊŀǘƛǾŜ !ŘǾŜǊǎŀǊƛŀƭ bŜǘǿƻǊƪǎέΣ L/[w нлмс



Deep Convolutional Generative Adversarial 
Networks

22
wŀŘŦƻǊŘ Ŝǘ ŀƭΦ ά¦ƴǎǳǇŜǊǾƛǎŜŘ wŜǇǊŜǎŜƴǘŀǘƛƻƴ [ŜŀǊƴƛƴƎ ǿƛǘƘ 5ŜŜǇ /ƻƴǾƻƭǳǘƛƻƴŀƭ DŜƴŜǊŀǘƛǾŜ !ŘǾŜǊǎŀǊƛŀƭ bŜǘǿƻǊƪǎέΣ L/[w нлмс



InfoGAN: Interpretable Representation Learning by
Information Maximizing GAN

23
/ƘŜƴ Ŝǘ ŀƭΦ άInfoGAN: Interpretable Representation Learning by
LƴŦƻǊƳŀǘƛƻƴ aŀȄƛƳƛȊƛƴƎ DŜƴŜǊŀǘƛǾŜ !ŘǾŜǊǎŀǊƛŀƭ bŜǘǎέΣ bLt{ нлмс

True or 
Fake 
image

In addition to the adversarial loss, InfoGANalso maximizes ὍὧȠὪ ᾀȟὧ)

which is done by maximizing ὍὧȟὪ ȟὼ ὍὧȠὪ ᾀȟὧύ

(Check out the data processing lemma in information theory)ὧ



InfoGAN: Interpretable Representation Learning by
Information Maximizing GAN
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/ƘŜƴ Ŝǘ ŀƭΦ άInfoGAN: Interpretable Representation Learning by
LƴŦƻǊƳŀǘƛƻƴ aŀȄƛƳƛȊƛƴƎ DŜƴŜǊŀǘƛǾŜ !ŘǾŜǊǎŀǊƛŀƭ bŜǘǎέΣ bLt{ нлмс



InfoGAN: Interpretable Representation Learning by
Information Maximizing GAN
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/ƘŜƴ Ŝǘ ŀƭΦ άInfoGAN: Interpretable Representation Learning by
LƴŦƻǊƳŀǘƛƻƴ aŀȄƛƳƛȊƛƴƎ DŜƴŜǊŀǘƛǾŜ !ŘǾŜǊǎŀǊƛŀƭ bŜǘǎέΣ bLt{ нлмс



VAE and GAN Comparison
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Model Optimization Image Quality Generalization

Variational
Autoencoders (VAE)

ÅStochastic 
gradientdescent

ÅConverge to local 
minimum

ÅEasier

ÅSmooth
ÅBlurry

ÅTend to 
remember input 
images

Generative
Adversarial 
Networks (GAN)

ÅAlternating 
stochastic 
gradient descent

ÅConverge to 
saddle points

ÅHarder

ÅSharp
ÅArtifact

ÅGenerate new 
unseen images



VAE/GAN Model

27
[ŀǊǎŜƴ Ŝǘ ŀƭΦ ά!ǳǘƻŜƴŎƻŘƛƴƎ ōŜȅƻƴŘ ǇƛȄŜƭǎ ǳǎƛƴƎ ŀ ƭŜŀǊƴŜŘ ǎƛƳƛƭŀǊƛǘȅ ƳŜǘǊƛŎέΣ L/a[ нлмс

VAE
Encoder

VAE
Decoderὼ ᾀ ὼ

GAN
Generatorᾀ

Weight-sharing

GAN
Discriminator

ὼ

ὼ

GAN
Discriminator 

as Feature 
Extractor

ὝὶόὩ

ὊὥὰίὩ

ὼ

Weight-sharing

Style Loss

Content LossPrior Loss

Ὢὼ

Ὢὼ



VAE/GAN Model

28
[ŀǊǎŜƴ Ŝǘ ŀƭΦ ά!ǳǘƻŜƴŎƻŘƛƴƎ ōŜȅƻƴŘ ǇƛȄŜƭǎ ǳǎƛƴƎ ŀ ƭŜŀǊƴŜŘ ǎƛƳƛƭŀǊƛǘȅ ƳŜǘǊƛŎέΣ L/a[ нлмс



VAE/GAN Model
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[ŀǊǎŜƴ Ŝǘ ŀƭΦ ά!ǳǘƻŜƴŎƻŘƛƴƎ ōŜȅƻƴŘ ǇƛȄŜƭǎ ǳǎƛƴƎ ŀ ƭŜŀǊƴŜŘ ǎƛƳƛƭŀǊƛǘȅ ƳŜǘǊƛŎέΣ L/a[ нлмс



Applications

ÅImage Superresolution

ÅInpainting

ÅImage Editing

ÅDomain Adaptation
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Application: Image Super-resolution

31
LedigŜǘ ŀƭΣ άtƘƻǘƻ-Realistic Single Image Super-wŜǎƻƭǳǘƛƻƴ ¦ǎƛƴƎ ŀ DŜƴŜǊŀǘƛǾŜ !ŘǾŜǊǎŀǊƛŀƭ bŜǘǿƻǊƪέ arXiv1609.0480

Minimize 
Å Adversarial Loss
Å Content Loss
Å TV-norm



Application: Image Super-resolution

32

PSNR/SSIM

LedigŜǘ ŀƭΣ άtƘƻǘƻ-Realistic Single Image Super-wŜǎƻƭǳǘƛƻƴ ¦ǎƛƴƎ ŀ DŜƴŜǊŀǘƛǾŜ !ŘǾŜǊǎŀǊƛŀƭ bŜǘǿƻǊƪέ arXiv1609.0480



Application: Image Super-resolution

33
LedigŜǘ ŀƭΣ άtƘƻǘƻ-Realistic Single Image Super-wŜǎƻƭǳǘƛƻƴ ¦ǎƛƴƎ ŀ DŜƴŜǊŀǘƛǾŜ !ŘǾŜǊǎŀǊƛŀƭ bŜǘǿƻǊƪέ arXiv1609.0480



Image Inpaiting

34
YehŜǘ ŀƭΣ ά{ŜƳŀƴǘƛŎ LƳŀƎŜ LƴǇŀƛƴǘƛƴƎ ǿƛǘƘ tŜǊŎŜǇǘǳŀƭ ŀƴŘ /ƻƴǘŜȄǘǳŀƭ [ƻǎǎŜǎέ arXiv1607.07539

Let Ӷὼbe a corrupted images. By solving

We can get the inpaintedimage by

ὼ Ὢ ᾀz

ᾀᶻ ÁÒÇÍÉÎÌÏÇρ Ὢ (Ὢ ᾀ ὓἄὪ ᾀ ὓἄ Ӷὼ

Inpaintedimages w/wo perceptual loss



Generative Visual Manipulation on the 
Natural Image Manifold

35
½Ƙǳ Ŝǘ ŀƭΣ άDŜƴŜǊŀǘƛǾŜ ±ƛǎǳŀƭ aŀƴƛǇǳƭŀǘƛƻƴ ƻƴ ǘƘŜ bŀǘǳǊŀƭ LƳŀƎŜ aŀƴƛŦƻƭŘέ 9//± нлмс



Generative Visual Manipulation on the 
Natural Image Manifold

36
½Ƙǳ Ŝǘ ŀƭΣ άDŜƴŜǊŀǘƛǾŜ ±ƛǎǳŀƭ aŀƴƛǇǳƭŀǘƛƻƴ ƻƴ ǘƘŜ bŀǘǳǊŀƭ LƳŀƎŜ aŀƴƛŦƻƭŘέ 9//± нлмс

Let ὼ be an input image. Find the hidden code that the generator would use
ᾀ ÁÒÇÍÉÎὒὼȟὋᾀ

The user then made some edits. The edits are given as constraints. We then solve the 
optimization problem for find a new hidden code that resembles the original image 
while satisfying the constraints by solving

Perceptual loss



Generative Visual Manipulation on the 
Natural Image Manifold
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½Ƙǳ Ŝǘ ŀƭΣ άDŜƴŜǊŀǘƛǾŜ ±ƛǎǳŀƭ aŀƴƛǇǳƭŀǘƛƻƴ ƻƴ ǘƘŜ bŀǘǳǊŀƭ LƳŀƎŜ aŀƴƛŦƻƭŘέ 9//± нлмс



Scene

Coupled Generative Adversarial Networks

Åὴὢȟὢȟȣȟὢ ): where ὢare images of the scene in different modalities.

ÅEx. ὴὢ ȟὢ ȟὢ ):

color 
image

depth 
image

near

far

thermal 
image

cool

hot

Image plane

Camera

[ƛǳ Ŝǘ ŀƭΣ ά/ƻǳǇƭŜŘ DŜƴŜǊŀǘƛǾŜ !ŘǾŜǊǎŀǊƛŀƭ bŜǘǿƻǊƪǎέ bLt{ нлмс

Learn joint distribution of multi-domain images without any corresponding images in 
the different domains.
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Coupled Generative Adversarial Networks

ÅDefine domain by attribute. 

ÅMulti-domain images are views of an object with different attributes.

Non-smiling Smiling Young SeniorNon-beard Beard

summer winterimages Hand-drawings

Font#1 Font#2

[ƛǳ Ŝǘ ŀƭΣ ά/ƻǳǇƭŜŘ DŜƴŜǊŀǘƛǾŜ !ŘǾŜǊǎŀǊƛŀƭ bŜǘǿƻǊƪǎέ bLt{ нлмс
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Coupled Generative Adversarial Networks

GAN1

Ὀρ: Dataset of training images in Domain 1

●

GAN2

Ὀς: Dataset of training images in Domain 2

●

weight  sharing weight  sharing

[ƛǳ Ŝǘ ŀƭΣ ά/ƻǳǇƭŜŘ DŜƴŜǊŀǘƛǾŜ !ŘǾŜǊǎŀǊƛŀƭ bŜǘǿƻǊƪǎέ bLt{ нлмс
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[ƛǳ Ŝǘ ŀƭΣ ά/ƻǳǇƭŜŘ DŜƴŜǊŀǘƛǾŜ !ŘǾŜǊǎŀǊƛŀƭ bŜǘǿƻǊƪǎέ bLt{ нлмс
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[ƛǳ Ŝǘ ŀƭΣ ά/ƻǳǇƭŜŘ DŜƴŜǊŀǘƛǾŜ !ŘǾŜǊǎŀǊƛŀƭ bŜǘǿƻǊƪǎέ bLt{ нлмс
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[ƛǳ Ŝǘ ŀƭΣ ά/ƻǳǇƭŜŘ DŜƴŜǊŀǘƛǾŜ !ŘǾŜǊǎŀǊƛŀƭ bŜǘǿƻǊƪǎέ bLt{ нлмс
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NYU

[ƛǳ Ŝǘ ŀƭΣ ά/ƻǳǇƭŜŘ DŜƴŜǊŀǘƛǾŜ !ŘǾŜǊǎŀǊƛŀƭ bŜǘǿƻǊƪǎέ bLt{ нлмс
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[ƛǳ Ŝǘ ŀƭΣ ά/ƻǳǇƭŜŘ DŜƴŜǊŀǘƛǾŜ !ŘǾŜǊǎŀǊƛŀƭ bŜǘǿƻǊƪǎέ bLt{ нлмс
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