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Image to Image Translation
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The Challenge
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The Intuition

e Train G : X > Y suchthaty = G (x) is indistinguishable from y

 No meaningful x, y correspondence guaranteed

 Enforce cycle consistency
e Given G:X->YandF:Y - X,
« Then F(G(x)) =xand G(F(y) =y



Cycle Consistency




GAN Loss Formulation
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Cycle Loss Formulation
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Full Objective

L(G,F,Dx.Dy)=Lsan(G,Dy.X.Y)
+ EGAN(F.' DX_' }I.' X)
+ ALoye(GL F).

+  F* =argmin max L(G,F,Dx,Dy)

G,F D;,Dy



Network
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Generator

ins norm Relu cnv2
1) 3x3x64 stride 1/2
2) 3x3x32 stride 1/2
3) 7x7x3 stride 1

ins norm RelLu cnv2
1) 7x7x32 stride 1
2) 3x3x64 stride 2
3) 3x3x128 stride 2

Resnet Block



Discriminator

Dec input

inst norm leaky ReLU cnv2
1) 4x4x64 stride 2
2) 4x4x128 stride 2
3) 4x4x256 stride 2
4) 4x4x512 stride 2



Visual Results for Cityscapes
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Results for Cityscapes

Loss Per-pixel acc. Per-class ace.  Class IOU
CoGAN [ 0] 0.40 0.10 0.06
BiGAN/ALI [+, 0] 0.19 0.06 0.02
SimGAN [-5] 0.20 0.10 0.04
Feature loss + GAN 0.06 0.04 0.01
CycleGAN (ours) 0.52 0.17 0.11
pix2pix [ 1] 0.71 0.25 0.18
Loss Per-pixel acc. Per-class ace. Class IOU
CoGAN [10] 0.45 0.11 0.08
BiGAN/ALI [+, 0] 0.41 0.13 0.07
SimGAN [15] 0.47 0.11 0.07
Feature loss + GAN 0.50 0.10 0.06
CycleGAN (ours) 0.58 0.22 0.16
pix2pix [21] 0.85 0.40 0.32
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Visual Results for Aerial Photo to Map
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Aerial Photo to Map

Map — Photo Photo — Map
Loss %0 Turkers labeled real Y% Turkers labeled real
CoGAN [ 0] 0.6% + 0.5% 0.9% =+ 0.5%
BiGAN/ALI [=, 6] 2.1% = 1.0% 1.9% + 0.9%
SimGAN [45] 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% =+ 3.4%



Visualization of Ablation Study
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Ablation Study

Loss Per-pixel acc.  Per-class acc.  Class IOU
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 + backward cycle 0.39 0.14 0.06
CycleGAN (ours) 0.52 0.17 0.11
Loss Per-pixel acc. Per-class acc.  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
GAN + backward cycle 0.01 0.06 0.01
CycleGAN (ours) 0.58 0.22 0.16
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ldentity Mapping Loss

CycleGAN

CycleGAN*L;gentity

Eidemit}’(GaF) — Eprdata(y)[llG(y) - ylll] + Exmpdata(a:)[”F(m) T ‘/B”l]
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Successes — Photo to Artist
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Successes — Painting to Photo




