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Motivation Approach Dataset

* 3D Object Point Clouds (ShapeNet) with labeled parts (PartNet)

* Learn to distinguish the individual parts of 3D 1. Prepare supervised dataset
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Processing the Dataset Model

. Avoid: Frequency of Parts in PartNet Chairs Specialized (specific part) General (multiple parts)

* Rare parts (< 5% occurrences) = :
output scores (varying
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Experiment Results

Specialized (specific part) General (6 parts)

Parts Accuracy Results from each Deep Neural Network

Specialized | General ___
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