Superquadrics Revisited: Learning 3D Shape Parsing beyond Cuboids
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Motivation Superquadrics vs. Cuboids
Goal: Learn to recover the 3D shape of an object as a set of primitives Superquadrics are a parametric family of surfaces that can represent a
without supervision regarding the primitive parameters diverse class of shapes using a single continuous parameter space
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Contrlbutlons World Coordinates  Primitive-centric Coordinates
e Use superquadrics as geometric primitives for 3D shape parsing

e Superquadrics are a superset of cuboids
e An analytical closed-form solution to the Chamfer distance that

A . L. e Supequadrics converge faster to more accurate representations
can be evaluated in linear time wrt. the number of primitives

e Superquadrics achieve lower loss combared to cuboids for any given
number of primitives

Network Architecture and Loss Function

The Neural Network encodes the input image/shape and for each primitive predicts:
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e 11 parameters: 6 for pose (R,t), 3 for size a and 2 for shape €
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e A probability of existence: v € [0, 1]
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We represent the target pointcloud as a set of 3D points X = {x;}X, and OR.

approximate the surface of primitive m by a set of points Y,, = {yZ’}kK=1

Encoder

Primitive Parameters
{am7 Em7 Rm? T7Tl7 ’ym}

Overall Loss: Measure the discrepancy between the target and the predicted shape M
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Experiments on ShapeNet Experiments on SURREAL
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Superquadric surfaces (Ours)

Gradient Variance and Iteration Time Evolution of Training Loss &
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