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Pointwise Convolution [.s. Hua+, CVPR2018]
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Parametric Continuous Convolutions [s. wang+, CVPR2018]
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SpiderCNN [v. xu+, ECCV2019]
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Tangent Convolution
[M. Tatarchenko+, CVPR2018]
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PointNet++ [C.R. Qi+, NIPS2017]
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Dynamic Graph CNN (DGCNN) dOEdgeConv
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PointPillars [A. H. Lang+, CVPR2019]
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PointWeb [H. Zhao+, CVPR2019]
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Normals

Points
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A-CNN [A. Komarichev+, CVPR2019]
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ShellNet [z zhang+, Iccv2019]
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ShellNet [z zhang+, iIccv2019]
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Flex-convolution . Groh+, Accv2018]
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USIP p. Li+, 1ccv2019
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Modeling Point Clouds with Self-Attention and
Gumbel Subset Sampling p. Yang+, cvPrR2019]
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VoteNet [c.r Qi+, IcCv2019]
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FoldingNet [v. Yang+, CVPR2018]
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AtlasNet [T. Groueix+, CVPR2018]
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Occupancy Networks (L. Mescheder+, CVPR2019]
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Occupancy Networks (L. Mescheder+, CVPR2019]
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DeepSDF p. J. park+, cvPR2019)
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DeepSDF . ). park+, cvPR2019]
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DeepSDF 1. 1. park+, cvPR2019]
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Implicit Geometric Regularization [A.Gropp+, ICML2020]
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* Natural 3D Structures [R. Yamada+, CVPR2022]
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* Natural 3D Structures [R. Yamada+, CVPR2022]
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VoteNet [C. R Qi+, ICCV2019]
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