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Abstract

Here we present classification performance on the ModelNet10 dataset and the mathematical definition of the homomorphism
property from the main paper:

1. ShapeNets (ModelNet10) classification accuracy

The ModelNet10 classification task is evaluated on 908 models from the test set. For this task we trained the Modelnet architecture
autoencoder with a 2-layer MLP (256-128-10) on the relative phase between all subvectors of the codes.

‘We minimize the sum of two losses: cross-entropy loss for classification and the reconstruction loss. We follow [3] for the binary
cross-entropy reconstruction loss:
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where t; are the target values rescaled to [—1,2], o; is the output of the autoencoder rescaled to [0.1,0.9999] and - is set to 0.98 to
compensate for the sparseness of volumetric data. Thus, the loss is:

L= ACrecon + 1O£classiﬁcation (2)

We optimize the loss using Adam and minibatch size 16, and learning rate of 10~%. We use the augmentation strategy of
Maturana et al. [0].
We accurately classify 821 models out of 908, with an accuracy of 90.4%.

2. The Homomorphism Property

The homomorphism property (Equation 6) is
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Thus if I € © is the identity transformation, then
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where I is the identity matrix. This in turn implies the invertability property Fy-1 :Fgl, since
I=F;=Fyg-1=FgFy-1 (6)
—Fy=F, 9



Method Accuracy
VRN Ensemble [3] | 97.14%
ORION [7] 93.8%
LightNet [1] 93.39%
FusionNet [4] 93.11%
Pairwise [5] 92.8%
GIFT [2] 92.35%
VoxNet [6] 92%
3D-GAN [§] 91.00%
Ours 90.4%

Table 1. State of the Art methods and their classification accuracy on ModelNet10 benchmark.
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