Lecture 13: Image synthesis



Synthesizing textures




Recall: parametric texture synthesis

Start with a noise image as output.

Main loop:

® Match pixel histogram of output image to input

® Decompose input/output images using a Steerable Pyramid
® \Match subband histograms of input and output pyramids

® Reconstruct input and output Images (collapse the pyramids

Heeger, Bergen, Pyramid-based texture analysis/synthesis, SIGGRAPH 1995 Source: A. Efros



Recall: steerable filter features

Filter bank
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4 Source: A. Efros



Use CNN features instead!

Y }( — “clown fish”




Recall: AlexNet units
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Extracting neural net features

N

“Clovinsh”




Extracting neural net features

=.g. convZ teature activations




Extracting neural net features

I A4
conv?Z feature activations

channels

112

(112 x 112) x 128 for conv2 of VGG19
height

112 width



lexture synthesis
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Gatys et al. 2016

Match target image stats! Minimize:
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e Use all layers.
 Minimize with gradient descent!
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lexture captures artistic style

an we transfer the style of a painting to a photo?
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(Gatys et al. 2010]
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Match the style of the painting.

ynthesized image
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‘perceptual loss”
... and the content of the photo.
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17 See [Gatys et al. 2016


















L. ondon during the day.
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New York at night.
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lmage classification

Classifier —— |“Duck”

mage X label y
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Source: Isola, Freeman, Torralba



Image synthesis

‘Duck”| —

Generator

lapel y image X
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Source: Isola, Freeman, Torralba



User sketch

L

iImage transiation

==l [ranslator
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iImage transiation

Google Map Satellite photo
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Source: Isola, Freeman, Torralba



iImage transiation

Color image
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Source: Isola, Freeman, Torralba



Deep generative models as distribution transformers

Source distribution Target distribution

p(x)

30
Source: Isola, Freeman, Torralba



Deep generative models as distribution transformers
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Source: Isola, Freeman, Torralba

(Gaussian noise Synthesized
2~ N(D,1) mage



Deep generative models as distribution transformers

(Gaussian noise Synthesized
2~ N(D,1) mage
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Source: Isola, Freeman, Torralba



Generative Adversarial Networks (GANS)

(Gaussian noise Synthesized
2~ N(D,1) mage
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Source: Isola, Freeman, Torralba



e G(z) D

Z ADDH— ) ﬂﬂﬂ— real or fake”

(Generator Discriminator

G tries to synthesize fake images that fool D

D tries to identity the takes

|Goodfellow et al., 2014]

Source: Isola, Freeman, Torralba 34



g max B M + log (1 = D))
D

|Goodfellow et al., 2014]

Source: Isola, Freeman, Torralba



real or fake”

G tries to synthesize fake images that fool D:

ar Czx| log D(G(z)) + log(1— D(x)) |

|Goodfellow et al., 2014]

Source: Isola, Freeman, Torralba 36



G G(2) D
N Y P*
. \‘ \ : -
Z - real or fake”
\

G tries to synthesize fake images that fool the best D:

arg x| log D(G(z)) + log(1—D(x)) |

|Goodfellow et al., 2014]

Source: Isola, Freeman, Torralba 37



Training
D

ﬂﬂﬂ— real or fake?

G tries to synthesize fake images that fool D

D tries to identity the fakes

e Training: iterate between training D and G with backprop.

* Global optimum when G reproduces data distribution.

|Goodfellow et al., 2014]

Source: Isola, Freeman, Torralba 38



Pg = Pdata 1S the unique global minimizer of the GAN objective.

Can show this Is

Proof sketch: . .
optimal D, given G

C(G) =Egnpy,llog Dg(x)] + Egp, log(l — Dg(x))]
. - pdata<w) _ < - pg(a’:)
=Er~pin |10 + Egnp, |log
h i Pdata(w) pg(m) _ ’ pdata(m) Pg (m)

Source: Isola, Freeman, Torralba



Samples from BigGAN

[Brock et al. 2018]

More here: https://arxiv.org/pdf/1809.11096.pdf

Source: Isola, Freeman, Torralba


https://arxiv.org/pdf/1809.11096.pdf

L atent space Data space
(Gaussian) (Natural image manifold)

X

Z

[BIgGAN, Brock et al. 2018]




Generative models organize the manifold of natural images

latent space image space
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42 Source: Isola, Freeman, Torralba



What has driven GAN progress?

lan Goodfellow @goodfellow ian - Jan 14 v
4.5 years of GAN progress on face generation. arxiv.org/abs/1406.2667
arxiv.org/abs/1511.06434 arxiv.org/abs/1606.07536 arxiv.org/abs/1710.10196

arxiv.org/abs/1812.04948
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2018

Source: Isola, Freeman, Torralba
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Figure 4: A wide range hyperparameter search (100 hyperparameter samples per model). Black stars indicate
the performance of suggested hyperparameter settings. We observe that GAN training 1s extremely sensitive to
hyperparameter settings and there 1s no model which 1s significantly more stable than others.

[“Are all GANs Created Equdt?”, Lucic*, Kurach*, et al. 2018]

Source: Isola, Freeman, Torralba



ACGAN [Odena et al. 2016]
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Both trained on Imagenet
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Architectures

DCGAN StyleGAN
[Radford, Metz, Chintala 2016} [Karras, Laine, Aila 2019]

Source: Isola, Freeman, Torralba



Architectures

DCGAN StyleGAN
[Radford, Metz, Chintala 2016} [Karras, Laine, Aila 2019]
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Source: Isola, Freeman, Torralba



Map2Sat
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(Generator

49 Source: Isola, Freeman, Torralba



> real or fake?

(Generator

Discriminator

G tries to synthesize fake images that fool D

D tries to identity the takes
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1T > fake (0.9)

arg max
D

51

Source: Isola, Freeman, Torralba



> real or fake?

G tries to synthesize fake images that fool D:

ar ixy| log D(G(x)) + log(l—D(y)) |
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Source: Isola, Freeman, Torralba



> real or fake?

G tries to synthesize fake images that fool the best D:

arg xyl log D(G(x)) + log(l —D(y)) |

o3 Source: Isola, Freeman, Torralba



>|  Loss Function
¢'1 D

G’s perspective: D is a loss function.

Rather than being hand-designed, It Is learned and
highly structured.

o4 Source: Isola, Freeman, Torralba



il > real or fake?

arg mci¥n max x.y| log D(G(x)) + log(l— D(y)) |

00 Source: Isola, Freeman, Torralba



1T > real!

arg mci¥n max x.y| log D(G(x)) + log(l— D(y)) |

o6 Source: Isola, Freeman, Torralba



1 F - real or fake pair”?

arg min max {‘,X,y[ log D(G(X)) + lOg(l — D(y)) ]

G D

o/ Source: Isola, Freeman, Torralba



| L > D
. H F > real or fake pa/r?
e > -

arg min max “ZXJ[ log D@, G(x)) + log(1 — 5@, y)) ]

G D

o8 Source: Isola, Freeman, Torralba
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arg min max “ZXJ[ log D@, G(x)) + log(1 — 5@, y)) ]

G D

59 Source: Isola, Freeman, Torralba



> real pair
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Source: Isola, Freeman, Torralba



> real or take pair
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Source: Isola, Freeman, Torralba



Training Details: Loss function

Conditional GAN

G* = arg mciyn max Loaan(G, D)+ ALr1(G).

62
Source: Isola, Freeman, Torralba



Training Details: Loss function

Conditional GAN

G* = arg mgn max L.aan(G, D)+ ALr1(G).

~ G

Stable training + fast convergence
[c.f. Pathak et al. CVPR 2016]
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Source: Isola, Freeman, Torralba



Groundtruth

Input

Data from
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Source: Isola, Freeman, Torralba

maps.google.comj




OQutput Groundtruth

Input

]

maps.google &om

Data from |

Source: Isola, Freeman, Torralba


http://maps.google.com

Input Unstructured prediction (L1)
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Source: Isola, Freeman, Torralba



Input Structured Prediction (CGAN)

6/

Source: Isola, Freeman, Torralba



Training data

[HED, Xie & Tu, 2015]
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Source: Isola, Freeman, Torralba



#edges2cats [Chris Hesse]

INPUT OUTPUT
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Source: Isola, Freeman, Torralba



edgesZcats
TOOL INPUT OUTPUT

m clear random

70

Source: Isola, Freeman, Torralba



OUTPUT

PIX2PIX

process

lvy Tasl @ivymyt

Vitaly Vidmirov @vvid
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Source: Isola, Freeman, Torralba



72
“GauGAN”, Park et al., CVPR 2019]




73
[“GauGAN”, Park et al., CVPR 2019]




Handling unpaired data

Paired data Unpaired data
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Source: Isola, Freeman, Torralba



. D

—|:H:H:|— real or fake pair ?

argminmax Ex y| log D(x,G(x)) + log(1 — D(x,y)) |

G D

.
g Source: Isola, Freeman, Torralba



real or fake pair ?

argminmax [Ex y| log D(x,G(x)) + log(1 — D(x,y))

G D

NO Input-output pairs!
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Source: Isola, Freeman, Torralba



real or fake”

arg min max {',X,y[ log D(G(X)) + lOg(l — D(y)) ]

G D

Usually loss functions check it output matches a target instance

GAN loss checks it output Is part of an admissible set

/7
Source: Isola, Freeman, Torralba
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Source: Isola, Freeman, Torralba



Nothing to force output to correspond to input

5 Source: Isola, Freeman, Torralba



CycleGAN

[Zhu™, Park™ et al. 2017], [Yi et al. 2017], |[Kim et al. 2017]

Source: Isola, Freeman, Torralba



CycleGAN
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Source: Isola, Freeman, Torralba



Cycle Consistency Loss

reconstruction
error
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Source: Isola, Freeman, Torralba



Cycle Consistency Loss

X Y X Y
‘/ reconstruction

. . ‘-l“““ error
reconstruction \s

error il O— - @

IF(GGO) —x]l,  [IG(F®) =,

. Source: Isola, Freeman, Torralba



Source: Isola, Freeman, Torralba



85 Source: Isola, Freeman, Torralba
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(GANSs

(Gaussian Target distribution
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Source: Isola, Freeman, Torralba



CycleGAN

Horses /ebras
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Source: Isola, Freeman, Torralba



What would it look like If...?

Source: Isola, Freeman, Torralba



What would it look like If...?

90
[Hoffman et al, 2018]

Source: Isola, Freeman, Torralba



