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Introduction

Image to Image Translation
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Issue
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Problem statement
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Method
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Adversarial Loss= GAN2| LossE =4 B4 minimize G, maximize D& S&X 2 E at&

1. Adversarial Loss Loan(G, Dy, X.Y) = Eywpdm(y} [1Dg Dy (y)]
+ Emwpdum(:t:) [lﬂ'g(l _ DY(G(I"))]

2. Cycle Consistency Loss Loye(G,F) = oy poga () || F(G(x)) — z|1]
+ Eympaaa(n) IG(F(y)) — yl[1]-

3. Full Objective (Loss) L(G,F,Dx,Dy) =Lcan(G, Dy, X,Y)
+ Loan(F, D, Y, X)
- /\ECFC(Gg F),




Model architecture
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Experiments

Baseline
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Results
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Map — Photo Photo — Map
Loss % Turkers labeled real % Turkers labeled real Loss Per-pixel acc. Per-class ace.  Class [IOU
CoGAN [17] 0.6% + 0.5% 0.9% + 0.5% Cycle alone 022 0.07 0.02
BiGAN/ALI[Y, 7] 2.1% £+ 1.0% 1.9% + 0.9% GAN alone 0.51 0.11 0.08
SimGAN [16] 0.7% £ 0.5% 26% + 1.1% GAN + forward cycle 0.55 0.18 0.12
Feature loss + GAN 1.2% + 0.6% 0.3% + 0.2% GAN + backward cycle 0.39 0.14 0.06
CycleGAN (ours) 26.8% + 2.8% 23.2% + 3.4% CycleGAN (ours) 0.52 0.17 0.11
Table 1: AMT “real vs fake™ test on maps<>aerial photos at Table 4: Ablation study: FCN-scores for different variants
256 x 256 resolution. of our method, evaluated on Cityscapes labels—photo.
Loss Per-pixel ace.  Per-class ace.  Class [OU Loss Per-pixel acc. Per-class ace.  Class [OU
CoGAN [32] 0.40 0.10 0.06 Cycle alone 0.10 0.05 0.02
BiGAN/ALI [V, 7] 0.19 0.06 0.02 GAN alone 0.53 0.11 0.07
SimGAN [10] 0.20 0.10 0.04 GAN + forward cycle 0.49 0.11 0.07
Feature loss + GAN 0.06 0.04 0.01 GAN + backward cycle 0.01 0.06 0.01
CycleGAN (ours) 0.52 0.17 0.11 CycleGAN (ours) 0.58 0.22 0.16
pix2pix [27] 0.71 0.25 0.18 Table 5: Ablation study: classification performance of
Table 2: FCN-scores for different methods, evaluated on photo—labels for different losses, evaluated on Cityscapes.
Cityscapes labels—photo.
Loss Per-pixel ace. Per-class ace. Class IOU
CoGAN [32] 0.45 0.11 0.08
BiGAN/ALI [V, 7] 0.41 0.13 0.07
SimGAN [106] 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

Table 3: Classification performance of photo—labels for
different methods on cityscapes.




Conclusion
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