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Motivation Our Method Experiments
T'here exists a trade-off between reconstruction quality and A homeomorphism ¢g : R? — R? is x = ¢g(y) and y = ¢, ' (x) ,where x and y are 3D points in two Single Image 3D Reconstruction on ShapeNet:
interpretability in primitive-based methods. topological spaces and ¢g : Y — X, ¢ : X — Y are continuous bijections.
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Primitive-based representations rely on simple shapes for decomposing
complex 3D objects into parts.
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We define primitives via a deformation between shapes parametrized
as a learned homeomorphism.
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Is the INN really necessary? Semantic Consistency:

Neural Parts decouple reconstruction quality from the number
ey b . 4 The use of the INN ensures that we always learn valid homeomorphisms and allows to impose constraints
of primitives. CvxcNet ) C e
on the predicted primitives.
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