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Introduction

Input Sample translations

(a) house cats — big cats

= K

(c) house cats — dogs

(e) big cats — dogs '(f ) dogs o blg cats

Image to image translation is to translate an image from a source domain to a target domain.
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Introduction

Labels to Street Scene Labels to Facade BW to Color

mput output input output
___ Edges to Photo

o

output input output input output

It can be applied to style transfer, object transfiguration, season transfer and photo enhancement.
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Pix2Pix

L14+cGAN

Encoder-decoder U-Net

1
Encoder-decoder

N
U-Net

Two choices for the architecture of the generator. The “U-Net” is an encoder-decoder with
skip connections between mirrored layers in the encoder and decoder stacks.
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Pix2Pix

PixelGAN PatchGAN ImageGAN
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Unlike previous studies, PatchGAN discriminator distinguishes real or fake from patches of
iImages, which is called markovian discriminator and Local-patch discriminator.
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Pix2Pix

Legan(G, D) = E, , [logD (x,¥)] + E, ;[log(1 — D(x, G(x, 2))]
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g Pix2Pix

* It is relatively easy to construct datasets for color images translation
from grayscale images.

« However, it is often difficult to construct datasets for learning in the real
world.

« For example, if you need 1000 images of Monet? :(
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CycleGAN
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horse — zebra

zebra = horse

Given any two unordered image collections, CycleGAN translates image to image.
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CycleGAN
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CycleGAN contains two mapping functions and associated adversarial discriminator Dy and Dy.
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CycleGAN

Adversarial loss
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CycleGAN
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CycleGAN

G{H — Z} is the generator that transform horse images
into zebra images.
G{Z — H} is the generator that transform zebra images
into horse images.

*From h, G{H — Z} generates fake_z a fake zebra
image. From z, G{H — Z} generates id_z that should
be identical to z.

*From z, G{Z — H} generates fake_h a fake horse
image. From A, G{Z - H} generates id_h that should
be identical to A.

*From fake_z, G{Z - H} generates rec_h a
reconstructed image of h that should be similar to h.
*From fake_h, G{H — Z} generates rec_z a
reconstructed image of z that should be similar to z.
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CycleGAN

Photo generation from paintings

They found that L;gentiy is to encourage

the mapping to preserve color composition
between the input and output, which is
helpful for specific tasks.

Lidentiy(G: F) = IEy~pdata(y)[”G(Y) - y”l]
+ [Ex~pdata(x)[”F(x) — x|[4]
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Different methods for mapping labels<-photos trained on Cityscapes images.

BiGAN, CoGAN, feature loss + GAN, SImGAN, CycleGAN, pix2pix trained on paired data,
and ground truth.
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Result

~ CycleGAN Ground truth

pix2pix
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Different methods for mapping aerial photos<maps on Google Maps.

BiGAN, CoGAN, feature loss + GAN, SImGAN, CycleGAN, pix2pix trained on paired data, and
ground truth.
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Result

Map — Photo Photo — Map
Loss %% Turkers labeled real % Turkers labeled real
CoGAN 7] 0.6% + 0.5% 0.9% + 0.5%
BiGAN/ALI[Y, 7] 2.1% + 1.0% 1.9% + 0.9%
SimGAN [16] 0.7% + 0.5% 2.6% + 1.1%
Feature loss + GAN 1.2% + 0.6% 0.3% + 0.2%
CycleGAN (ours) 26.8% + 2.8% 23.2% +34%
Loss Per-pixel acc. Per-class acc. Class 10U
CoGAN [ 7] 0.40 0.10 0.06
BiGAN/ALI[Y, 7] 0.19 0.06 0.02
SimGAN [10] 0.20 0.10 0.04
Feature loss + GAN 0.06 0.04 0.01
CycleGAN (ours) 0.52 0.17 .11
pix2pix [17] 0.71 0.25 0.18
Loss Per-pixel acc. Per-class acc. Class IOU
CoGAN [ 7] 0.45 0.11 0.08
BiGAN/ALI [V, 7] 0.41 0.13 0.07
SimGAN [10] 0.47 0.11 0.07
Feature loss + GAN 0.50 0.10 0.06
CycleGAN (ours) 0.58 0.22 0.16
pix2pix [27] 0.85 0.40 0.32
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AMT “real vs fake” test on Google Maps
maps<+aerial photos at 256 x 256 resolution.

FCN-scores for different methods, evaluated on
Cityscapes labels—photo.

Classification performance of photo—labels for
different methods on cityscapes.
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Loss Per-pixel acc. Per-class ace. Class 10U
Cycle alone 0.22 0.07 0.02
GAN alone 0.51 0.11 0.08
GAN + forward cycle 0.55 0.18 0.12
GAN 4+ backward cycle 0.39 0.14 0.06
CycleGAN (ours) 0.52 0.17 0.11
Loss Per-pixel acc. Per-class ace. Class IOU
Cycle alone 0.10 0.05 0.02
GAN alone 0.53 0.11 0.07
GAN + forward cycle 0.49 0.11 0.07
G AN 4 backward cvcle 0.01 0.06 0.01
CycleGAN (ours) 0.58 0.22 0.16
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FCN-scores for different variants of our method,
evaluated on Cityscapes labels—photo.

Classification performance of photo—labels for
different losses, evaluated on Cityscapes.
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Result

Collection style transfer
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Result

Object transfiguration

apple = orange
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orange - apple
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Result

Season transfer

summer Yosemite = winter Yosemite
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Photo generation from paintings
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Result

Photo enhancement
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Result
Typical failure cases of CycleGAN

Input Output Input Output

apple — orange
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dog — cat cat — dog
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photo — Ukiyo-e photo — Van Gogh

1iPhone photo = DSLR photo  ImageNet “wild horse” training images
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« https://taeoh-kim.github.io/blog/image2image/
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