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1. Introduction

Challenge

1. The depth labels are expensive to acquire in supervised learning.
Solvable: Exploring unsupervised cues.
v
2. It tends to be vulnerable to illumination change, occlusion, etc.
Solvable: Exploiting synthetic data with ground truth depth.

3. The model fails to perform well on real data due to the domain shift.

Solvable: Utilizing domain adaptation techniques, like GAN based
iImage-to-image translation.

Our Solution

Exploring the labels in the
synthetic data and epipolar
geometry in the real data
jointly (GASDA).

Existing Methods

* QOverlooking the specific geometric
structure in real domain.

» Undesirable distortions introduced
by the 121 translation process.
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Contributions

We propose a novel geometry-aware symmetric domain adaptation
network by exploiting the epipolar geometry of the stereo images.
The proposed model can generate high-quality results for both
Image style translation and depth estimation.
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2. Network Architecture
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« Simultaneously utilizing both synthetic (with labels) and real (stereo) images.
* Learning domain adaptation and depth estimation in an end-to-end framework.
 Bidirectional style transfer and symmetric structure.
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Modules
* G4,:/Gsy: transfer the synthetic/real data into the real/synthetic domain.

* D./D;: discriminate the synthetic/real data from the translated data.
« E./F;. depth estimator trained on {Syn, Real2Syn}/{Real, Syn2Real}.
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Quantitative Results on KITTI
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