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Problem definition and motivation

Proposed method SPair-71k large-scale dataset Experimental results
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Only a few layers are sufficient to achieve a comparable performance with the best one.

 Reweight appearance similarity by Hough voting to enforce geometric consistency. n Qualltatlve results
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 Regular geometry of hyperpixel enables real-time matching.

3. Flow formation & keypoint transfer: m
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(a) source image (b) target image (c) CNNGeo (d) A2Net (e) WeakAlign (f) NC-Net (g) HPF (ours)




