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Introduction




Introduction

- Volumetric Methods

- View Based Methods

- Graph Spectral Methods

- Surface Representation Methods

[Boscaini et al. 2016]
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Deep Learning on Point Clouds
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Point Cloud

PointNet [Qi 2017]



Question:

How to generalize convolution to
point clouds?



Related Work

« 1X1 Convolution [PointNet, Qi 2017]

- Order Equivariance

* No neighborhood information

2D Point Cloud




Related Work

- 1x1 Convolution [pointNet, Qi 2017]
- Order Equivariance

* No neighborhood information

- Graph Convolution
[Velickovic, 2017] , [Simonovsky, 2017], [Wang, 2018]

2D Point Cloud
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2D Point Cloud
Related Work

« 1X1 Convolution [PointNet, Qi 2017]

- Order Equivariance

* No neighborhood information

- Graph Convolution
[Velickovic, 2017] , [Simonovsky, 2017], [Wang, 2018]

- Varying sampling densities [PointNet++, Qi 2017]
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2D Point Cloud

Our Approach

- Extend the sample to a continuous function
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2D Point Cloud

Our Approach

- Extend the sample to a continuous function
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Our Approach

- Extend the sample to a continuous function
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Question:

What properties should point
cloud convolutional layer satisfy?



Image Convolution Properties

- Simplicity (Sparse+Linear)

- Translation equivariance and locality




Point Cloud Convolution Properties

- Work in correct dimensionality




Point Cloud Convolution Properties

- Work in correct dimensionality

- Order equivariance
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Point Cloud Convolution Properties

- Work in correct dimensionality

- Order equivariance

- Robustness to sampling




Point Cloud Convolution Properties

¢ Simplicity (Sparse+Linear) 3
- Translation equivariance and locality
S 4

/-Work in correct dimensionality

- Order equivariance

kRobustness to sampling




Extension Operator

*Ryo0o&y

- Given a point cloud function {f;} Gaussian

- Define (RBF)
Exlf1(x) = X ®(x — x;)

?

a; = fiw;



Choice of weights Ex[f1(x) = Ta;®(x — x;), a; = fiw;

- Will work poorly for varying densities




Choice of weights Ex[f1(x) = Ta;®(x — x;), a; = fiw;

- Will work poorly for varying densities

: . — A1 —
* Interpolation: @ = A" f where A;; = cb(xl- — xj)
- Requires inverting a dense matrix

« Numerical issues




Choice of weights Ex[f1(x) = Ta;®(x — x;), a; = fiw;

- Will work poorly for varying densities

) 1 ° — _1 P § — .
Interpolation: « = A" f where 4;; = qﬁ(xl x])
- Requires inverting a dense matrix

« Numerical issues

/+ Approximation: w; = cf); N
- Converges to the original function
- Efficient computation by density estimation

k / Voronoi Diagram




Extension operator Ec[F100) = Ya; @ (x — x;)

Wby,

- Extension of the constant function f; = 1
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Continuous Kernel Model

¢ OXzRXOO OEX

- The kernel is a weighted sum of RBFs
L
k(x) = Z k, ®(x —T))
[=1

Kernel layout

Learnable parameters
(can also be learnt)



Convolution Calculation

- @ js a Gaussian

- Convolution of two gaussians is another gaussian

» Closed form convolution

Ex *k(x) = Z a;k; d(x —x; —Tp)
il




Point Cloud Convolution Operator

RX o 0o 8X(xl-r) — 2 “ikl Cb(xi/ — Xj — Tl)

1



Properties

RXO OOEX

a E o o
- Translation equivariance

_* Locality

Z - Linearity

~+ Operate intrinsically

- Order equivariance

s

- Robustness to sampl
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Other Operators

- Upsampling

- Pooling
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Classification — standard architecture

- Concatenation of convolution and pooling as in images

Convolution Fully conected Labels
layers layers




10K points

5K points (random sampling)

1K points (uniform sampling)
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Normal Estimation

Convolution Deconvolution Per-vertex
layers layers labels

Skip layer connections




Normal Estimation

Pointnet Pointnet++ Ours

Ground Truth



Summary

- New framework for learning on point clouds
- Generalizes regular CNNs and PointNet
- State of the art results

- Limitations and future work directions
- Sparse efficient implementation is needed
- Different RBF for better reconstruction

- Apply to irregular sampling of images
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The End

« Code is online

http://www.wisdom.weizmann.ac.il/~haggaim
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