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» We train GNNs to learn features from unlabeled dataset a) ContrastNet to verify whether two point cloud cuts belong to the same object; Shapelll\\TTet4 }16 83-4% 86-411%
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object. c) ClusterNet for object clustering learning, by training the network with the labels assigned by the clustering step.

Results for Occlusions and Perspective Views
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views from different perspectives might be totally different. * The positive pairs are generated by randomly sampling two segments from the same point cloud sample, while the Models Acc.(%) | Models Acc.(%)
+ Experiments show that our proposed approaches negative pairs are generated by randomly sampling two segments from two different samples. PointNet [ 23] 89.2 | DGCNN [35] 92.2
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