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1 Motivation 5 Graph Embedding Network

« Context: Indoor image retrieval from single images

» Usage: Wide area from image search to visual localization for mobile robots
or augmented reality applications
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* Hard problem: Self-similarity, textureless areas, dynamic environments
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RGB Image Node Resnet Estimated 6.25% 20.96% 29.04% 79.33%
M Medlan Features
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* P Feslues Yes Resnet Estimated Estimated 9.12% 26.84% 31.99% 80.22%
Pixel
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Network [4
4] Yes Resnet Estimated GT 17.65% 39.71% 49.26% 91.20%
No Resnet GT GT 19.85% 41.54% 48.16% 91.40%
Node + Easy Positive Resnet GT GT 17.65% 43.75% 52.57% 90.85%
Features
Yes Resnet GT GT 23.16% 45.96% 55.88% 91.62%
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«  Worse than Resnet baseline: can use lighting and room style for vastly
different viewpoints

« Better than visual bag-of-words: Our model understands the spatial
¢ID SegiEEm MEp Scene Graph relationships and is more robust to the dynamic indoor scenes
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