Learning Scene Geometry for Visual Localization in Challenging Conditions
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Perspectives
Table 1. Four possible combination of encoder/descriptor
= Test our proposal on other modalities.
o Competitors: " Implement our method for other visual localisation tasks (e.g.
Images/Depth @ Depth from monocu- direct pose regression).
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Triplet loss penalizes difference be- We use an encoder/decoder
tween anchor & positive example architecture to generate depth
and similarity between anchor & map from monocular images.
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