Generative Networks

James Hays

Computer Vision



Interesting lllusion: Ames Window

* https://www.youtube.com/watch?v=aHjQe8EuKHc

* https://en.wikipedia.org/wiki/Ames trapezoid



https://www.youtube.com/watch?v=aHjQe8EuKHc
https://en.wikipedia.org/wiki/Ames_trapezoid

Recap

* “Unsupervised Learning”

e Style Transfer

A Neural Algorithm of Artistic Style

Leon A. Gatys, Alexander S. Ecker, Matthias Bethge.
CVPR 2016.




Colorful Image Colorization

Richard Zhang, Phillip Isola, Alexei (Alyosha) Efros
richzhang.github.io/colorization



http://richzhang.github.io/colorization
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Grayscale image: L channel Color information: ab channels
X € RHXWXl {7 c RHXWXZ

e




abstraction

?

ncatenate (L,ab)

Lt

-

(X,Y)

ab

“Free”
supervisory
signal




Inherent Ambiguity

Grayscale



Inherent Ambiguity

Our Output Ground Truth




Colors in ab space
(continuous)

Better Loss Function

* Regression with L2 loss inadequate 10T
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Colors in ab space

(discrete)

Better Loss Function
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Better Loss Function

* Regression with L2 loss inadequate
~ 1 ~
La(Y,Y) =5 D 1 Yhw = Yol

e Use multinomial classification

L(Z,Z) = HU ZZqum Zhwa) S 0;

log,, probability

Histogram over ab space \
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Better Loss Function

* Regression with L2 loss inadequate

log,, probability

~ 1 S
La(Y, Y) = 5 ¥hw — Yol

55
e Use multinomial classification

L(Z.Z) = HU Zzzmqm (Znwa) S OF

* Class rebalancing to encourage 53
learning of rare colors

~ 1
L(ZZ) — _ﬁ Zhu, ZZh w qu”(Zh w q) 110110
h,w -

Histogram over ab space \
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Non-
parametric

Hertzmann et al. In SIGGRAPH, 2001.

Welsh et al. In TOG, 2002.
Irony et al. In Eurographics, 2005.
Liu et al. In TOG, 2008.

Chia et al. In ACM 2011.
Gupta et al. In ACM, 2012.

Input gray image

Input objects

wl rooster |

- ‘ Input background ‘

User input

Internet objects

: : B et
Candidate image selection

Image colorization

Parametric

Hand-engineered Features

Input grayscale |m§ge_,l Joint bilateral filtering]

S ! L Nt =
Input layer Three hidden layers Output layer Chrominance values

Deshpande et al.

Feature descriptors

L2 Regression

Classification

Charpiat et al. In ECCV 2008.

Input grayscale image Refined Chrominance Refined colorimage Ground-truth color

Color image

Cheng et al. In ICCV 2015.

Deep Networks

Colorization
Network

Mid-Level Features

Network
Low-Level @‘
Features H W
aaw

Network Shared
= weights

20.60% Formal Garden
16.13% Arch
13.50% Abbey
7.07% Botanical Garden
6.53% Golf Course

Classification
Network

112x112
56X56  28x28

Predicted labels
Global Features Network

Dahl. Jan 2016. lizuka et al. In SIGGRAPH, 2016.

VGG-16-Gray

(fc7) conv?
(fcb) convb
conv5_3

Hypercolumn Hue Ground-truth

convl.1

Output: Color Image

Input: Grayscale Image

Larsson et al. In ECCV 2016. [Concurrent]



Network Architecture

lightness

convl

64

conv2 conv3 conv4 convs fc6 fc7
128
256
2 1 512 ﬂ 4096 4096
14 1
112
Z < |0,1]

ab color




Network Architecture

convl conv2 conv3 conv4 convs conve conv?/ conv8
Iightness ” a trous [1]/dilated [2] a trous/dilated ab color
128
256 256
512 512 512 512
| ] ] J| f
56 28 28 28 28
313 /
X Z c [0,1]HxWx@Q
7 g
Z = G(X) — —

[1] Chen et al. In arXiv, 2016.
[2] Yu and Koltun. In ICLR, 2016



Grounpufruth L2 Regression Class w/ Rebalancing
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Bilases




Evaluation

Visual Quality

Per-pixel accuracy

Quantitative



Evaluation

Quantitative

Visual Quality

Perceptual realism

Representation Learning

Task & dataset generalization
PASCAL classification, detection, segmentation

Qualitative

Legacy grayscale photos

Hidden unit activations
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Visual Quality

Perceptual realism

Representation Learning

Task & dataset generalization
PASCAL classification, detection, segmentation

Qualitative

Legacy grayscale photos

Hidden unit activations



Perceptual Realism / Amazon Mechanical Turk Test






clap if “fake” clap if “fake”




Fake, 0% fooled







clap if “fake” clap if “fake”




Fake, 55% fooled







clap if “fake” clap if “fake”




Fake, 58% fooled




from Reddit /u/ShrySantucci



Recolorized by Reddit ColorizeBot



Photo taken by
Reddit /u/Ti |mteroo
¥ Mural from street

' artist Eduardo Kobra




Recolorized by
Reddit
ColorizeBot




Perceptual Realism Test

50

50%
| Ground Truth [] Ours (L2)
Random [] Ours (class) .
] Larssonetal. [ ] Ours (full) 1600 Images
323 tested per
T .
AMT Labeled 23.9 - 2-7|;2 algorlthm
Real [%] 21.2 I I
T
13.0 J‘
0%
s W\ T\t o
a0 WA REE T\ N g\
?\a“ 0\)(5 0“(5 \¢ 0\)(5 \\3 (5‘-’0“ e \6( 0\) 6

\Co



J'“. '1 .«-'
= ST o S A
.Dl,.vll..ly...-u\vlb. -
PR - - g
. P —— — T-————

Ground Truth

B e B RS .
R




Does the method
work on legacy black
and white photos?
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Additional Information

*Demo

* http://demos.algorithmia.com/colorize-photos/
* Reddit ColorizeBot

* Type “colorizebot” under any image post
* Code

 https://github.com/richzhang/colorization

* Website — full paper, user examples, visualizations
* http://richzhang.github.io/colorization



http://demos.algorithmia.com/colorize-photos/
https://github.com/richzhang/colorization
richzhang.github.io/colorization




Small Sample of other Generative Networks
of interest

* DCGAN. Unsupervised Representation Learning with Deep
Convolutional Generative Adversarial Networks
Alec Radford, Luke Metz, Soumith Chintala
https://arxiv.org/abs/1511.06434

* Generative Adversarial Text-to-lImage Synthesis
[PDF][Supplement][BibTex][Code]
Scott Reed, Zeynep Akata, Xinchen Yan, Lajanugen Logeswaran, Bernt
Schiele, Honglak Lee. ICML 2016.

* Pix2Pix: Image-to-Image Translation with Conditional Adversarial Nets.
Phillip Isola, Jun-Yan Zhu, Tinghui Zhou, Alexei A. Efros
https://phillipi.github.io/pix2pix/



https://arxiv.org/abs/1511.06434
http://arxiv.org/pdf/1605.05396v2.pdf
http://www.scottreed.info/files/icml2016_supp.tar.gz
http://www.scottreed.info/files/icml2016.bib
https://github.com/reedscot/icml2016
https://phillipi.github.io/pix2pix/

