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Chair?

What is Point Cloud?
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What is Point Cloud?
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Difficulty to deal 3D point cloud

image 3D point Cloud

regular

==

Point A

Point B

Point B

Point A

irregular

… …



J. Y. Choi. SNU 6J. H. Kim. SNU

PointNet [Qi et al. 2017b]

Achieve permutation invariance by doing …

1.  Operate each point independently

• 1x1 convolution is used

• Each point do not affect other points!

… …

…

…

2.  Use Symmetric aggregation function

• Max or Σ function is used

…

…

…

1x1 conv (FC)

Max or Σ
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Limitation of Independent operations 

Lack of using local feature !

[1] PointNet++ [Qi et al. 2017c], LocalFeatureNet[Shen et al. 2017c]
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Proposed method: EdgeConv

 Capture local feature while keeping Permutation Invariance
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Proposed method: EdgeConv
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Proposed method: EdgeConv

Central point Local Graph

Aggregation function Edge Function
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EdgeConv : Local Graph

 k-nearest neighbor in feature space (k = 20)

• Proximity in feature space differs from proximity in the input

• This property lead non-local diffusion of information 

Left : Euclidian distance in the input 𝑅3 space

Middle : Distance after the point cloud
transform stage

Right : Distance in the feature space of last
layer
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…
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EdgeConv : Local Graph

…

…

𝑁 x 𝑓1 𝑁 x 𝑓2

𝑘-NN

𝑁 x k x 𝑓1

…

…

For simplicity, let’s assume that ℎΘ 𝑥𝑖 , 𝑥𝑗 = 𝑥𝑗 and       as max

Note that 𝑘-NN graph in include self-loop

…

…

𝑁 x k x 𝑓2

1x1 𝑐𝑜𝑛𝑣 Max
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EdgeConv : Local Graph

…

…

𝑁 x 𝑓1 𝑁 x 𝑓2

𝐸𝑑𝑔𝑒𝐶𝑜𝑛𝑣

…

…

 Points whose feature are similar will construct similar local graph, thus their output will also be similar. 

That is, EdgeConv accomplish kind of grouping. 

 Although input is point, output is representative of group (𝑘-NN of input point)

 EdgeConv learn feature extraction to effectively group points.
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EdgeConv : Local Graph

 EdgeConv learns how to construct the graph ℊ used in each layer, rather than taking it as a fixed.  

-> meaning of Dynamic Graph

 Selected local graph varies as input, even varies along layer for same input
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EdgeConv : Edge function

: combination of global and local feature
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EdgeConv : Summary

 Proposed edge function effectively utilize local and global feature

 Capture local feature while keeping Permutation Invariance

• By making local graph and aggregating them with symmetric function.  

 In addition to, EdgeConv learns how to group points in a point cloud
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Experimental Results

1. Classification 2. Part Segmentation

Chair?

( dataset: ModelNet40 ) ( dataset: ShapeNet )
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Experimental Results : Used model
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Experimental Results : classification
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Experimental Results : classification
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Experimental Results : classification

Baseline : ℎΘ 𝑥𝑖 , 𝑥𝑗 = 𝑐𝑜𝑛𝑐𝑎𝑡(𝑥𝑖 , 𝑥𝑗)

Cent : ℎΘ 𝑥𝑖 , 𝑥𝑗 = 𝑐𝑜𝑛𝑐𝑎𝑡(𝑥𝑖 , 𝑥𝑖 − 𝑥𝑗)

Dyn : 𝑘-NN in feature domain

MPoints : Use 1024 -> 2048 points
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Experimental Results : Part Segmentation
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Experimental Results : Part Segmentation
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Experimental Results : Indoor Scene Segmentation
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Conclusion

• This paper suggest EdgeConv, which can capture local feature with permutation invariance 

• In addition to, EdgeConv learns how to group similar feature by using dynamic graph

• EdgeConv shows SOTA results on classification tasks 

Contribution

• Although they show great results on classification task, their results on Part Segmentation 

was not that impressive

• To claim robustness on partial data, they should show result of other method for clear 

comparison 

Limitation
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Code implementation and actual experimental results
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Code Links

 Official code exists!

 https://github.com/WangYueFt/dgcnn

 Only include classification part

 Revised version of AnTao

 https://github.com/AnTao97/dgcnn.pytorch

 Include classification, part segmentation.

 My revised version

 https://github.com/JaehaKim97/dgcnn.pytorch

 Add visualization function and comments, fix some errors during downloading data.

https://github.com/WangYueFt/dgcnn
https://github.com/AnTao97/dgcnn.pytorch
https://github.com/JaehaKim97/dgcnn.pytorch
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Full model with EdgeConv
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Full model with EdgeConv

 Actually, figure is slightly different from original paper.

 However, this figure is correct according to authors’ actual implementation in official code.

 Upper path for classification, lower path for part segmentation 
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EdgeConv : Actual Process

…

…

𝑁 x 𝑓1 𝑁 x 𝑘 x (2 ∗ 𝑓1)

…

…

…

…

𝑊ℎ𝑒𝑟𝑒

concatenate

ℎΘ & 𝑘-NN 

𝑁 x 𝑓2

…

…

…

…

𝑁 x k x 𝑓2

1x1 𝑐𝑜𝑛𝑣 Max

 Here is actual process of EdgeConv.
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Code Review

 Data downloading process

 Fixed by me

 Original code produces 

error caused by 

incorrected filename.
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Code Review

 Calculating k-NN points

 Commented by me
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Code Review

 Grouping k-NN points

 Concatenation with edge function

 Commented by me

…

…

𝑁 x 𝑓1 𝑁 x 𝑘 x (2 ∗ 𝑓1)

…

…

…

…

ℎΘ & 𝑘-NN 
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Code Review

 Actual working process of EdgeConv

 Operate 1x1 conv

 Apply MaxPooling

𝑁 x 𝑘 x (2 ∗ 𝑓1)

…

…

…

…

𝑁 x 𝑓2

…

…

…

…

𝑁 x k x 𝑓2

1x1 𝑐𝑜𝑛𝑣 Max

conv

forwarding
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Code Review

 Total process (classification)

 Dropout rate : 0.5

 Commented by me
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Code Review

 Training process (classification)

 Note that we use:

 Loss : cross entropy loss with smoothing

 Optimizer : SGD(lr=0.1, momentum=0.9, 

weight_decay=1e-4)

 Scheduler : cosine annealing
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Code Review

 Visualizing function

 Written by me
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Executing Code

 For details, please refer 

https://github.com/JaehaKim97

/dgcnn.pytorch

https://github.com/JaehaKim97/dgcnn.pytorch
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Miscellaneous

 Total training time for classification : about 1.5 hours (with 4 GPUs, RTX 2080TI)

 Total training time for part segmentation : about 7 hours (with 4 GPUs, RTX 2080TI)

 For classification, 1 GPU is enough for training.

 For part segmentation, at least 4 GPUs are mandatory to not make memory issue.



J. Y. Choi. SNU 40J. H. Kim. SNU

Actual Experimental Results - classification

Mean Class Acc Overall Acc

Paper (1024 points) 90.2 92.9

My Results (1024 points) 89.8 92.6

 Classification on ModelNet40
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Actual Experimental Results - classification

 Visualization results
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Actual Experimental Results – Part Segmentation

 Part Segmentation on ShapeNet

Mean IoU

Paper 85.2

My Results 85.1
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Actual Experimental Results – Part Segmentation

 Visualization results



J. Y. Choi. SNU 44J. H. Kim. SNU

Actual Experimental Results – Part Segmentation

 Visualization results
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Actual Experimental Results – Part Segmentation

 Visualization results
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Thank You !

If you have any questions, please contact me

jhkim97s2@gmail.com


