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Task: 3D correspondences Step 1: Learn 3D shape reconstruction by template deformation State-of-the-art quantitative results
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A simple framework
Step 2: Optimizing shape reconstruction
Previous work 3D-CODED (ours)
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Manually designed template[5,2] =~ any neutral shape
Manual Parameterization =~ Learned Parameterization

Complex multiterm optimization =+ L2 loss + SGD
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Applicability beyond human
e Step 3: Finding 3D shape correspondences -
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Inter-class correspondences on animals.

synthetic training data (a, b), real testing data (c).

Code and results on the project webpage
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