Generative Networks

James Hays
Computer Vision



Interesting lllusion: Ames Window

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



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

Recap

AGd!' v adzLISNIDA 4 SR
AStyle Transfer

A Neural Algorithm of ArtistiStyle

Leon AGatys Alexander S. Ecker, Matthidsthge
CVPR 2016.




Colorful Image Colorization

Richard Zhang, Phillip Isola, Alexel (Alyosha) Efros
richzhang.qgithub.io/colorization



http://richzhang.github.io/colorization
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Grayscale imagé:channel Color informationab channels
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“¥ Semantics? Highdevel

Grayscale imagé:c abstraction? ncatenatel(,al
X € RM*W>= (X,Y)
|1 GCNE
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InherentAmbiguity

Grayscale



InherentAmbiguity

Our Output Ground Truth




Colors inab space
(continuous)

Better Loss Function

ARegression With L2 logsadequate 1107

Ly(Y,Y) = leth Yhol? ;
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Colors inab space
(discrete)
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Better Loss Function

ARegression with L2 logsadequate
~ 1 ~
La(Y,Y) =5 D 1 Yhw = Yol

AUsemuItinomial classification
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BetterLoss Function 0, probability
Histogram overab space \,

ARegression with L2 logsadequate

~ 1 o~ AL 5 IR D e NIl =

L2(Y3Y) — 5 Z”Yh,'w - Yh,'w”2 ~3.2

551 1-4.0

AUsemultinomial classification : s
~ 1 - i

L(Z.2) = — > Znwglog(Zpwg S O ; 5.6
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AClass rebalancintp encourage By 7.2

learning ofrare colors i 8.0
~ 1 ~ 5

L(Z.Z) = — 3 0(Zpw) ; Zhwglog(Zy w,) 110 | i




Non-
parametric

Hertzmannet al. In SIGGRAPH, 2001.
Welsh et al. In TOG, 2002.
Irony et al. InEurographics2005.
Liu et al. In TOG, 2008.
Chiaet al. In ACN20O11.
Gupta et al. In ACM, 2012.

Input objects

wl rooster |

Input gray image User input

Internet objects

ARSIV

- ‘ Input background ‘ |
P ;

Internet backgrounds

Candidate image selectlon

Diverse variety of colorized results

Image colorization

Parametric

Handengineered Features

Input grayscale image Refined Chrominance

st |

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

Feature descriptors

Input Iaye Three hidden layers Output layer Chromlnance values Color image

Deshpande etal. Chengetal. InICCV 2

L2 Regression

i

Deep Networks

56X56  28x28

Global Features Network

| Predicted labels

15Dahl.Jan 2016I|zukaet al. In SIGGRAPH 201

Classification

Charpiatet al. In ECCV 2008.

VGG-16-Gray Hypercolumn

(fc7) conv?
(fcb) convb
conv5_3

convl.1

Hue Ground-truth

Input: Grayscale Image

Larsson et al. In ECCV 2016. [Concurrent]

Output: Color Image



Network Architecture

convb fc6

lightness

convl
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conv2 conv3
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abcolor




Network Architecture

convl conv2 conv3 conv4 oonv5 con\_/6 conv? conv8
Iightness 64 atrous[1]/dilated [2] a troud/ dilated abcolor
128
256 512 512 512 512 256
| ] ] J| f
56 28 28 28 28
112
224 313 /
X Z € [0,1]H*xWxe

[1] Chenet al.InarXiy 2016
[2] Yu andKoltun In ICLR, 2016



Grolmuliruth L2 Regression  Class w/ Rebalancing
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Evaluation
Visual Quality

Perpixel accuracy

Quantitative



Evaluation

Visual Quality

Representation Learnint

uantitative .
Q Perceptual realism
Task & dataset generalization
PASCAL classification, detection, segmentation
Qualitative Hidden unit activations

Legacy grayscale photos




Evaluation

Visual Quality

Representation Learnint

uantitative :
? Perceptual realism
Task & dataset generalization
PASCAL classification, detection, segmentation
Qualitative Hidden unit activations

Legacy grayscale photos




Perceptual RealismAmazon Mechanical Tuflkest
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Fake, 0% fooled
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Fake, 55% fooled
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frm Redditu/ SrySantucci



Reolorizedby ReiCoIorizeBot



Photo taken by
Reddit /uTfimteroq
= Mural from street

W TS artist Eduarddlobra
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Perceptual Realism Test
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0
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Does the method
work onlegacyblack
and white photos?
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Additional Information
ADemo

Ahttp://demos.algorithmia.com/colorizeohotod
ARedditColorizeBot

A¢ & LadSloricebot dzy RSNJ | yé AYIl 3
ACode

Anhttps:// github.com/richzhanag/colorization

AWebsitec full paper, user examples, visualizations
Anttp://richzhang.qgithub.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

ADCGAN. Unsupervised Representation Learning with Deep
Convolutional Generative Adversarial Networks
Alec Radford, Luke Met3oumithChintala
https://arxiv.org/abs/1511.06434

AGenerativeAdversarial Texto-Image Synthesis
[PDH Supplemenf{BibTe}{Codd
Scott ReedZeynepAkata XinchenYan,LajanugernLogeswaranBernt
SchieleHonglakiLee ICML2016

APix2Pix: Image¢o-Image Translation with Conditional Adversaribliets.
Phillip Isola, JuiYan ZhuTinghuiZhou, AlexeA. 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/

