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Motivation Network Architecture and Loss Function Experiments on ShapeNet

Goal: Learn to recover the 3D shape of an object as a set of primitives The Neural Network encodes the input image/shape and for each primitive predicts: e Train a model per-object category, using maximally M = 20 primitives

without supervision regarding the primitive parameters . . . . . ey :
e 11 parameters: 6 for pose (R, t), 3 for size e and 2 for shape € e Associate every primitive with a unique color, thus primitives illus-

trated with the same color correspond to the same object part
e A probability of existence: v € [0, 1] p J P
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e Use superquadrics as geometric primitives for 3D shape parsing ; ‘ "w ﬁ' & ? 5/ \
e An analytical closed-form solution to the Chamfer distance that We represent the target pointcloud as a set of 3D points X = {x;};.; and Superquadric surfaces (Ours)
can be evaluated in linear time wrt. the number of primitives approximate the surface of primitive m by a set of points Y, = {y}" }k 1 ..
Gradient Variance and Iteration Time Evolution of Training Loss
Overall Loss: Measure the discrepancy between the target and the predicted shape = Tulsiani et al. === Tulsiani et al. = 5 Tulsiani et al
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