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> On-the-fly uniform grid for nearest neighbour search

. Semantic Segmentation: SceneNN
> Forward convolution
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Object Recognition
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> CUDA and multi-GPU implementation
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> Source code and data

Future Works
>

Adapt neural network design

(a) Scene segmentation

from 2D to 3D with pointwise convolution.
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(b) Object recognition
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Global feature learning.
Applications: denoising, upsampling, colorization.
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