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Learning 3D shape completion of » Data-driven [1] — slow inference;

sparse and noisy point clouds without » Learning-based [2] — supervision

ground truth. required.

» Learning-based, but weakly-
supervised, amortized maximum

likelihood (AML) approach.
» Synthetic and real benchmarks.
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Learning 3D Shape Completion from
Laser Scan Data with Weak Supervision
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~ 2ms (AML and [2], GPU) vs. > 168ms ([1], CPU with Multi-Threading) and > 30s (ML, GPU).
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Conclusion

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

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

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

Paper, Code and Data:

davidstutz.de/cvpr2018




