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Generative Models vs. Computer Graphics

 Generate data (e.g., image) in computer

Computer Graphics

Ball(color=yellow, position=(50, 100),...)
Ball(color=red, position=(30, 75),...)
Ball(color=blue, position=(30, 125),...)

Computer Vision

“description” “observation”
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» Statistical Generative Models are data-driven methods
Computer Graphics Statistical Generative Models

Prior Knowledge

Material, Physical Modeling, Lighting ....
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Generative Models vs. Computer Graphics

 Computer Graphics
e Purely based on prior knowledge
e Difficult to scale and generalize
* Development is time-consuming

* Machine Learning/Deep Learning
* Reduce the need of prior knowledge
e Learn from data

» Statistical/Deep Generative Models still need some prior knowledge ...
* loss function, learning method, architecture, prior distribution (e.g., Gaussian)
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« Statistical/Deep Generative Models

* Given data samples

((\oé"’\  Learn the probability distribution p(x)

So that
* Itis generative because new data samples
can be sampled from p(x)

Xnew ™~ Px
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Generative Models vs. Computer Graphics
« Statistical/Deep Generative Models

* Given data samples
 Learn the probability distribution p(x)

The data distribution can be high-dimensional, like images

So that
* Itis generative because new data samples
can be sampled from p(x)

Xnew ™~ Px




Data Representation

Xj"’pdata
j=12,..|D|

 datasetD
 data distribution pg4tq
e model parameters 8 € M
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* We want to learn a probability distribution p(x) over x
1. Generation (sampling): X,ew~p(X)

2. Density Estimation: p(x) high if X looks like a cat

3. Unsupervised Representation Learning:

Discovering the underlying structure from the data
distribution (e.g., ears, nose, eyes ...)
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Discriminative vs. Generative

Discriminative models: classify data Generative models: generate data
finding the decision boundary P(Y|X) finding joint distribution P(Y, X)
Conditi - Joint
p(ylx)‘ A onditiona _—Marginal
p(x,y=1)
= 1lx) =
p(y = 1lx) o

p(x,y =0)

Note: Generative models can perform both generative and discriminative tasks 9



ST »
AN EAE A

PEKING UNIVERSITY

Introduction of Generative Adversarial Networks (GAN)

* Vanilla GAN

* GAN with Encoder

* Summary

10
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Vanilla GAN

11
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Normal/uniferm Unidirectional Mapping
distribution GAN: map a distribution to another distribution

minmaxV(D, G) = Ex-pyq, 108 D ()] + Ez-p, [log(1 — D(G(2))]

Lp=-— Ex~pdam [lOgD(x)] - ]Ez~pz [log(l - D(G (Z))]

L= —[Ezep,llogD(G(2)]

12
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Vanilla GAN — Deep Convolutional GAN (DCGAN)

e Using the power of CNN

Generator : TH&EFH

o= —————
2o | o - G
N fr= ‘ _______:::;

Stride 2 16

Project and reshape
CONV 2

Normal distribution
z = 100 values

13
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Vanilla GAN — Deep Convolutional GAN (DCGAN)

* Latent representation z

Interpolation .
Noise vector Z, » Noise vector Z,

14
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Vanilla GAN — Deep Convolutional GAN (DCGAN)

* Latent representation z

-H+[=

man man woman
with glasses without glasses without glasses

woman with glasses

> 15
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Vanilla GAN -- Conditional GAN

* Auxiliary Classifier GANs

real

fake

Lp= Epup,, [10gDy(x)] + Esmp. [log(1 — Do(G(2,¢)))]

monarch butterfly goldfinch daisy

Eznpiata [logD.(z)] + Eznp. [log(1 — D.(G(z,c)))]
Lo = Egmp,, [10gD(G(z,¢))] + Esnp. [logDe(G(z, , _ _
¢ pasia 10 D= (G2, )] peliog De(Gz, ) Multi-modal problem: one problem has multiple solutions

P(z, c) -
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GAN with Encoder
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GAN with Encoder — Vanilla GAN vs VAE

Vanilla GAN VAE

x>z [KB] 75X

VAE has an Encoder that can map xto z

18
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GAN with Encoder — Vanilla GAN vs VAE

V4 X

Vanilla GAN [ Latent Space J [ Image Space J

VAE [ Latent Space }0[ Image Space }

e VAE = Generator + Encoder

* Vanilla GAN = Generator + Discriminator

e Better GAN = Generator + Discriminator + Encoder

19



N ezt ¥

PEKING UNIVERSITY

GAN with Encoder — Why Encoder

* Encoder allows GAN to receive images == More applications

Interpolation

Input vector A » Input vector B
16(2) l6()
Without Encoder: b N ' ' ,\g’ |

Input image A

i

With Encoder: n

20



GAN with Encoder — Encoder as a part of the Generator

e Supervised image-to-image “translation”
XA XB

Labels to Facade

Inputs can be images

—
2 BN

out
Day to Night

input

input

output

Pix2Pix

Lp= Euopy,.llogD(xa,zp)] +
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X

BW to Color

input output
__ Edges to Photo

-~
AN

input

output

EmNPdam [log(l - D(xA7 G(:CA)))]

L

Em“’pdata [lOgD (:UA? G(xA) )]

21

Image-to-Image Translation with Conditional Adversarial Networks. P. Isola, J. Zhu et al. CVPR 2017.
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GAN with Encoder — Encoder as a part of the Generator PEKING UNIVERSITY
e Supervised image-to-image “translation”
Labels to Street Scene Labels to Facade BW to Color

output
Edges to Photo

output output input output
22

Image-to-Image Translation with Conditional Adversarial Networks. P. Isola, J. Zhu et al. CVPR 2017.
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GAN with Encoder — Encoder as a part of the Generator

e Supervised image-to-image “translation”

Input labels

Input Output

23
Image-to-Image Translation with Conditional Adversarial Networks. P. Isola, J. Zhu et al. CVPR 2017.
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GAN with Encoder — Encoder as the Feature Extractor

* Supervised image super resolution

Better feature reconstruction

bicubic SRGAN original
E (21.59dB/0.6423) (21.15dB/0.6868)
B ~ £ O o g R

e,
V[EJ‘

Pre-trained VGG

Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial Network. C. Ledig, L. Theis et al. CVPZF.L’l 2017.



GAN with Encoder — Encoder as the Feature Extractor

* Supervised image super resolution

Input

Original

& S S

Nearest Neighbor
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~
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Super-resolution
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Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial Network. C. Ledig, L. Theis et al. CVPZR5 2017.
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* Unsupervised image-to-image translation

5

real

fake

Given an ACGAN Learning the Encoder in a Brute Force Way

26
Unsupervised Image-to-Image Translation with Generative Adversarial Networks. H. Dong, P. Neekhara et al. arXiv 2017.



»
Az X P

PEKING UNIVERSITY

GAN with Encoder — Learn the mapping from x to z

* Unsupervised image-to-image translation

input

~ output output
[ ‘

Gender transformation Face swapping Image inpainting

27
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GAN with Encoder — Learn the mapping from x to z

* Limitation of the brute force method : Encoder never see real data samples

E never see real X
X #X

28



GAN with Encoder — Learn the mapping from x to z
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* Limitation of the brute force method : Mode Collapse
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E never see real X
X #X

G can only synthesis some part of the dataset x

G can only synthesis one data
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Examples of GAN collapse

29

>4

D
7

PEKING UNIVERSITY



CD » g
ANEFEE,
Tgoh

PEKING UNIVERSITY

GAN with Encoder — Learn the mapping from x to z

* Limitation of the brute force method : Encoder never see real data samples

30
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GAN with Encoder — Learn the mapping from x to z

* Only work well if only if the fake distribution == the real distribution,
but it is impossible in practice.

Fixed Fixed

Method 1 Method 2

31
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GAN with Encoder -- Learn the Encoder from Real Data

e Learn the Encoder

32
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GAN with Encoder -- Learn the Encoder from Real Data

* Learn the Encoder
Avoid GAN collapse

>/

D
| _—

VAE+GAN

Discriminator as the feature extractor

* Training the G and E in Autoencoder way can force the G to be able to generate all X, avoiding GAN collapse

33
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Learn the Encoder Explicitly
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CycleGAN
Learn the Encoder Implicitly

Unsupervised image-to-image translation networks. M.Y. Liu, T. Breuel, J. Kautz. NIPS. 2017

Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks. J. Zhu, T. Park et al. ICCV 2017.

34



GAN with Encoder -- Unsupervised Image-to-Image Translatic

Input Husky ___ Zebras T_ Horses

horse — zebra

Liu et al. CycleGAN
Learn the Encoder Explicitly Learn the Encoder Implicitly

Unsupervised image-to-image translation networks. M.Y. Liu, T. Breuel, J. Kautz. NIPS. 2017
Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks. J. Zhu, T. Park et al. ICCV 2017
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GAN with Encoder -- Unsupervised Image-to-Image Translatiof

Input GTAS CG Output image with German street view style

Unsupervised image-to-image translation networks. M.Y. Liu, T. Breuel, J. Kautz. NIPS. 2017
Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks. J. Zhu, T. Park et al. ICCV 2017
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e Simple normal distribution is difficult to model complex images

* 3D tensors can contain more spatial information than vectors

* Many applications do not need interpolation

GAZB

><)

Image inpainting
Image super resolution
Image-to-image translation
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Summary

38



NELE TS
78998

PEKING UNIVERSITY

Summary

This talk:

* GAN: G+D—>G+D+E

* Learning E from real data is important

e Autoencoder can help to avoid mode collapse

* Learning E implicitly is becoming more and more popular
* Explicit E is still important for representation learning
 The E can be extended to text and any other data type

GAN applications:

* |Image-to-image: Pix2Pix—> CycleGAN—> Attention CycleGAN
» Text-to-image: GAN-CLS = StackGAN = StackGAN++

* Text+image to image: ...

* Video-to-video: ...



P »
NELFES

PEKING UNIVERSITY

Questions

46
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Questions

e Q1. T FRRGANH  #5 A\ BYnormal distribution X f&] B2 A4 (o] £ 7
« Q2. fT4G. DEXR[EIXNHLIZ, MARTEIMNZRGFDEHFIIEG ?
* Q3. GEINEEMBERIEH G EHEF R B RIEUE 7

47



