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Problem Setting

Point Cloud Generation:

e Previous works use adversarial loss which is hard to optimize, are not
permutationally invariant (e.g. autoregressive models), have limitations to
generate a fixed number of points, or have an invertibility requirement




Paper Contributions

e Novel point cloud generative model motivated by Markov diffusion process in

thermodynamics
o reduces the learning objective to learning the Markov diffusion kernel in a simple functional form

e Mathematical formulation of tractable learning objective maximizing a
variational lower bound on the likelihood of point clouds conditioned on shape
latents

e Strong quantitative and qualitative results on point cloud generation,
autoencoding, and unsupervised representation learning



Formulation of Diffusion Probabilistic Model
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Variational Training Objective
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Algorithm 1 Training (Simplified)
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Model Implementation
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Point Cloud Generation Loss:
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Autoencoding Loss:
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Encoders use PointNet architecture for both point cloud generation and autoencoding



Point Cloud Generation Results

| MMDQ) | COV(% 1) | I-NNA(% ) | ISD ()
Shape  Model | cb EMD| CD EMD| CD EMD | -
PC-GAN [1] 319 LBL0 | 4217 1384 | 7759 9852 | 6.188
GCN-GAN [22] | 4713 1650 | 39.04 1862 | 89.13 0960 | 6.669
TreeGAN [19] | 4323 1953 | 3937 840 | 8386 99.67 | 15646
Airplane  PointFlow [25] | 3688 1090 | 4498 4465 | 6639 6936 | 1.536
ShapeGF [2] 3306 1027 | 5041 4712 [ 6194 7051 | 1.059
Ours 3276 1061 | 4871 4547 | 6483 7512 | 1.067
Train | 3917 1003 | 51.73 5404 | 4885 5082 | 0.809
PC-GAN [1] 13436 3104 | 4623 2214 | 6967 10000 | 6.649
GCN-GAN [22] | 15354 2213 | 3984 3500 [ 7786 9580 | 21.708
TreeGAN [19] | 14936 3613 | 3802 677 | 7492 10000 | 13282
Chair  PointFlow [25] | 13.631 1.856 | 41.86 4338 | 66.13 6840 | 12474
ShapeGF [2] 13175 1785 | 4853 4671 | 5617 6269 | 599
Ours 12276 1784 | 4894 47.52 | 6011 69.06 | 7.797
Train | 13954 1756 | 53.29 5450 | 49.14
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Autoencoding Results

Dataset  Metric | Atlas (81)  Altas (P25) PointFlow ShapeGF  Ours | Oracle

Car EMI» 5617 5408 4390 4480 3937 | 3246

CD 5470 4.980 6785 5146 5677 | 3221
EMDy 5550 5.282 5008 4.Th4 4.153 | 3281

N CD 5873 5420 7.550 5725 5252 | 3074
i “  EMD 5457 5.599 5172 5045 3783 | 3112
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Unsupervised Representation Learning Results
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| ModelNetl0  ModelNetd0

AtlasNet [10]
PC-GAN (CD) [1]
PC-GAN (EMD) [1]
PointFlow [25]
ShapeGF [2]

91.9 86.6
95.4 84.5
95.4 84.0
93.7 86.8
Q0.2 84.6

| 942 87.6




Paper Takeaways

Strengths:

Intuitive method as Markov diffusion process
Permutationally invariant

Can sample as few/many points as needed
Matches SOTA performance

Weaknesses/Future Improvements:

e Doesn’t improve much on SOTA performance
e Need to go through T steps of reverse diffusion in order to sample a point
cloud
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