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Problem

Learning 3D shape completion of
sparse and noisy point clouds without
ground truth.

Related Work

I Data-driven [1] – slow inference;
I Learning-based [2] – supervision

required.

Contributions

I Learning-based, but weakly-
supervised, amortized maximum
likelihood (AML) approach.

I Synthetic and real benchmarks.
I Improved results published in [3].
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1.643

ShapeNet
Accuracy and Completeness [vx] ↓

supervision
100% ≤ 3.86%
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0.023 0.03 0.04

ModelNet10
Occupancy Error ↓

supervision
100% ≤ 9.71%
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0.128 0.12 0.13

KITTI
Completeness [m] ↓

supervision
100% ≤ 6.79%

Runtime

∼ 2ms (AML and [2], GPU) vs. > 168ms ([1], CPU with Multi-Threading) and > 30s (ML, GPU).

ShapeNet and ModelNet (Synthetic, Single Categories)
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ModelNet10 (Synthetic, Multiple Categories)
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KITTI and Kinect (Real)
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Conclusion

We proposed a learning-based, but weakly-
supervised, amortized maximum likelihood (AML)
approach to 3D shape completion.

I Outperforms data-driven approach [1];
but 84 times faster.

I Competitive to learning-based approach [2];
but up to 96% less supervision.

Paper, Code and Data:
davidstutz.de/cvpr2018


