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Deep Feedforward Generative Models

AA generative model is a model for randomly generating data.

AMany deep learningpased generative models exist including
Restrictive Boltzmann Machine (RBM), Deep Boltzmann Machines
65. a0 5SSLI . StEAST bSUu¢2Nyla o5.

AWe will focus on deep feedforward generative models.

AWe will focus on models that maps a random sanfiem a
parametric probability distribution to an image
AVariationalAutoencodersKingmaand Welling 2014)

AGenerative Adversarial NetworkSdgodfellowet al 2014)
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Comparison
Model Input Output Operation
Deep Feedforward A Image A A probability Ad 2YLINBAaA
Discriminative A Highdimensional distribution of A Many down
Networks clasdabels sampling
A Lowdimensional  operations

Deep Feedforward A Random sample A A probability Aa5S02YLNN
Generative from a parametric  distribution of A Many up
Networks probabilistic Images sampling

distribution A Highdimensional operations

A Lowdimensional
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Manifold Hypothesis
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Learning is usually done by solvingQ8 . [|'Q(®) |
where Q@) "Q Q (®))
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Remarks on Autoencoder

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

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

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

AHowever, difficult to sample from the latent space.

APoor generalization: the decoder often just

remember the input samples.
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VariationalAutoencoder

A Put a constraint on the latent space to make sampling easier.

A Constraint the encoder to output a conditional Gaussian distribution for an input sainple
Q (@) @) T @ (@hY
A The decoder reconstructs the input from a random sample from the conditional distribution
ox 1 (Qlw)
Q (@) 1 o (@w)
A Train the encoder to output a zero mean Gaussian distribution and the decoder to reconstruct the i
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VariationalLower Bound
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Maximize thevariationalLower Bound
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Implementation of VAE
AO 7 ¢ (®HOd @) -B © j(w)

A Sample approximatiol , (¢(|(b)[i (g (cgr))] -B ‘”"Q (c’g(()) oo”
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where d N (Glw) - an



ConditionaNariationalAutoencoder

Code or attributes
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Attribute2lmage

Male, No eyewear, Frowning, _ _
Receding hairline, Bushy eyebrow, Wing_color:black, Prlmary_color:yellow,
Attributes 7 Eyes open, Pointy nose, Teeth not Breast_color:yellow, Primary_color:black,

| visible, Rosy cheeks, Flushed face Wing_pattern:solid
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Drawback of VAE

AEuclidean loss is not a good
perceptual loss.

ARegress to the mean and render
blurry images

ADifficult to handcraft a good
perceptual loss function.

AWhy not learn one?

Reference

NVIDIA.
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The blue curve plots the Euclidean loss
between a reference image and its

translations. The red bar is the Euclidean loss
between the reference image and a
background image. The Euclidean loss suggest
that the background image is more similar to
the reference image.
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Generative Adversarial Networks

AForget 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 imégadfellow
et al 2014)

N
XK X
SO0

\ J
f

Generator/Decoder Network’Q () ,
GoodfellowS i It GDSYSNI (A QPSS | ROSNEFNRIE bSGg2Ny &4 bLt{ HAMmM

N\
rue or
Fak
\‘ in?age

J

Discriminator Network’Q (w)



@2/ nVIDIA.

Generative Adversarial Networks

AGenerator: map a random sample from a Gaussian distribution to an image.
ADiscriminator: Differentiate a generated image from a real image.
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Generative Adversarial Networks

AThe generator and the discriminator is playing a zrmm game.
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Generative Adversarial Networks

AWhat does this optimization do?

AFor a fixed generatd) (&), the optimal discriminator i) (&) 5 &t
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Generative Adversarial Network Training

Acxe D69 O 1 1"@ (&)]BO [i I Q ("Q ({x))]
Al ENl A @(s ey
A Alternating gradient descent

AFix%o(generator), apply a stochastic gradient ascent stepxtnidéy.
AFixe (discriminator), apply a stochastic gradient descent stepOniPsy.
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Deep Convolutional Generative Adversarial
Networks
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Deep Convolutional Generative Adversarial

Networks
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Deep Convolutional Generative Adversarial

Networks
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InNfoGAN! Interpretable Representation Learning by
Information Maximizing GAN
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/ In addition to the adversarial losgifoGANalso maximize®wQ  (ah)) \\

which is done by maximizifgéhiQ "(¢) ONQ (&0
(Check out the data processing lemma in information theory)

BfoGAN fntérprétable Representation Learning by ,
NXYIFGA2Y alEAYATAYy3 DSYSNYOGAOGS ! ROSNEIFI NARIf bSda¢x



NVIDIA.

InNfoGAN! Interpretable Representation Learning by

Information Maximizing GAN

(b) Varyi

ng c1 on InfoGAN (Digit type)

(a) Varyi

ng c; on regular GAN (No clear meaning)

ng c3 from —2 to 2 on InfoGAN (Width)

co from —2 to 2 on InfoGAN (Rotation) (d) Varyi

(c) Varying
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INfoGAN! Interpretable Representation Learning by

Information Maximizing GAN
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VAE and GAN Comparison

NVIDIA.

Variational
Autoencoders (VAE

Optimization Image Quality

A Stochastic A Smooth
gradientdescent A Blurry
A Converge to local

Generalization

A Tend to
remember input
Images

minimum
A Easier
Generative A Alternating A Sharp A Generate new
Adversarial stochastic A Artifact unseen images

Networks (GAN)

gradient descent
A Converge to
saddle points
A Harder




VAE/GAN Model

Prior Loss

VAE
Encoder
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VAE/GAN Model

VAE
VAEDisl

VAE/GAN
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VAE/GAN Model

Figure 5. Using the VAE/GAN model to reconstruct dataset samples with visual attribute vectors added to their latent representations.
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Applications

AlmageSuperresolution
Alnpainting

Almage Editing
ADomain Adaptation
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Application: Image Supessolution

Generator Network i Minimize
S i A Adversarial Loss
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Discriminator Network

Natural Image Manifold

1 MSE-based Solution
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Application: Image Supessolution

original bicubic SRResNet SRGAN
(21.59dB/0.6423)

-

PSNR/SSIM

ye

LedigS (i | f RealistidSihgie2image SupeS 3 2 f dzi A2y ! AAy 3 | DS aXMI6@ORNBE | RO S



<>/ NVIDIA.

Application: Image Supessolution

original HR image SRResNet SRGAN-MSE SRGAN-VGG22 SRGAN-VGG54

(b)
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Imagelnpaiting

Letajbe a corrupted images. By solving
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Generative Visual Manipulation on the
Natural Image Manifold

(a) User constraints v, at different update steps
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(b) Updated images according to user edi.ts G(z,)
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Generative Visual Manipulation on the
Natural Image Manifold

Letw be an input image. Find the hidden code that the generator would use
a AOCI®hoa
The user then made some edits. The edits are given as constraints. We then solve th

optimization problem for find a new hidden code that resembles the original image
while satisfying the constraints by solving

~
manifold
v - smoothness Perceptual loss
data term

z€e/L

2 =argmin Y [1£,(G(2) = gl + M 2 = 20+ Ap - log(1 = D(G(2)))
g
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Generative Visual Manipulation on the
Natural Image Manifold
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Coupled Generative Adversarial Networks

Learn joint distribution of mukdomain images without any corresponding images in
the different domains.

color
image ]

thermal . cool 5
image | hot \‘ L

-\ Scene

near ==

depth . Ima

) / 5 ge plane
'mage = D far Camera

A o B hd ): whered are images of the scene in different modalities.
AExn ® hd o )
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Coupled Generative Adversarial Networks

A Define domain by attribute.
A Multi-domain images are views of an object with different attributes.

et 7825
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Coupled Generative Adversarial Networks

‘ \ O, : Dataset of training images in Domain 1
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Table 1: Numbers of training images in Domain 1 and Domain 2 in the MNIST experiments.

Task A Task B
Pair generation of digits and  Pair generation of digits and
corresponding edge images  corresponding negative images
# of images in Domain 1 30,000 30,000
# of images in Domain 2 30,000 30,000
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Figure 3: Training images from the RGBD dataset [3].

Table 3: Numbers of RGB and depth training images in the RGBD experiments.

# of RGB images 125,000
# of depth images 125,000
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Figure 4: Training images from the NYU dataset [4].

Table 4: Numbers of RGB and depth training images in the NYU experiments.

# of RGB images 514,192
# of depth images 1,449
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