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[1] Yao et al. DynoSurf: Neural Deformation-based Temporally Consistent Dynamic Surface Reconstruction, ECCV, 2024
[2] Halimi et al. Towards Precise Completion of Deformable Shapes, ECCV, 2020
[3] Prokudin et al. Towards Efficient and Scalable Dynamic Surface Representations, ICCV, 2023
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[1] Jiang et al. Skeleton Graph-based Ultrasound-CT Non-rigid Registration, RAL, 2023
[2] Castillon et al. Linewise Non-Rigid Point Cloud Registration, RAL, 2022
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[1] https://bbs.huaweicloud.com/blogs/174612
[2] Qu et al. Cross-modal coherent registration of whole mouse brains, Nature Methods, 2021
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[1] Hirose et al. A Bayesian Formulation of Coherent Point Drift, TPAMI, 2020
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[2] Hirose et al. A Bayesian Formulation of Coherent Point Drift, TPAMI, 2020
[3] Prokudin et al. Towards Efficient and Scalable Dynamic Surface Representations, ICCV, 2023
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Zhao et al. Correspondence-Free Non-Rigid Point Set Registration Using Unsupervised Clustering Analysis, CVPR 2024
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[1] Zhang et al. Improved Nystr"om low rank approximation and error analysis, ICML, 2008 18
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Proposition 1. The low-rank approximation error € =
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Method Subject 3 | Subject4 | Time (s)
MR-RPM [30] 0.1028 0.1388 0.2382
BCPD [20] 0.1080 01579 0.6890
GMM [23] 0.0734 0.0917 0.1140
ZAC [45] 0.4879 0.4935 0.4254
Ours 0.0537 0.0879 0.1074

Target

Source

Inputs

[1] Stegmann et al. A brief introduction to statistical shape analysis
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Method Selligs Intra-1 | Intra-2 | Intra-3 | Intra-4 | Intra-5 | Intra-6 | Inter-1 | Inter-2 | Inter-3 | Inter-4 | Average
BCPD [20] 0.0913 | 0.1011 | 0.0872 | 0.0577 | 0.1004 | 0.0746 | 0.1196 | 0.0705 | 0.0935 | 0.0923 | 0.0888
GBCPD [21] 0.0285 | 0.0212 | 0.0211 | 0.0260 | 0.0244 | 0.0339 | 0.0359 | 0.0340 | 0.0212 | 0.0190 | 0.0265
Fast RNRR [47] 0.0430 | 0.0487 | 0.0397 | 0.0504 | 0.0429 | 0.0391 | 0.1358 | 0.0743 | 0.0477 | 0.0358 | 0.0557
AMM _NRR [48] | 0.0544 | 0.0486 | 0.0400 | 0.0539 | 0.0405 | 0.0393 | 0.0838 | 0.0686 | 0.0422 | 0.0399 | 0.0511
Sinkhorn [16] 0.0654 | 0.0638 | 0.1372 | 0.1096 | 0.0749 | 0.0821 | 0.2467 | 0.0781 | 0.1400 | 0.1720 | 0.1170
Nerfies [35] 0.0120 | 0.0107 | 0.0138 | 0.0129 | 0.0135 | 0.0118 | 0.0121 | 0.0144 | 0.0140 | 0.0140 | 0.0129
NDP [26] 0.0183 | 0.0199 | 0.0192 | 0.0152 | 0.0170 | 0.0149 | 0.0181 | 0.0198 | 0.0164 | 0.0155 | 0.0174
NSFP [24] 0.0126 | 0.0134 | 0.0132 | 0.0118 | 0.0137 | 0.0142 | 0.0167 | 0.0162 | 0.0148 | 0.0166 | 0.0143
Ours 0.0086 | 0.0089 | 0.0103 | 0.0096 | 0.0089 | 0.0081 | 0.0097 | 0.0099 | 0.0094 | 0.0081 | 0.0092
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GBCP Sinkhorn Nerfies

[1] Bogo et al. FAUST: Dataset and evaluation for 3D mesh registration, CVPR, 2014
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Source BCPD GBCPD Sinkhorn Nerfies NSFP

[1] Bogo et al. FAUST: Dataset and evaluation for 3D mesh registration, CVPR, 2014
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Source BCPD GBCPD Sinkhorn Nerfies NDP NSFP Ours

[1] Bogo et al. FAUST: Dataset and evaluation for 3D mesh registration, CVPR, 2014
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AERI 1 R AR BC#E——3D
Method Cat Centaur | Dog | Gorilla | Average
BCPD [20] | 3.9884 | 8.1017 | 7.2800 | 5.6253 | 5.9935
GBCPD [21] | 1.5631 | 2.9480 | 1.5300 | 3.5751 | 2.6523
Nerfies [35] | 3.2704 | 2.8826 | 1.3612 | 2.2809 | 2.3211
NDP [26] 4.3639 | 3.4373 | 3.1285 | 2.8312 | 3.2560
NSFP [24] 1.8774 | 2.6425 | 1.6734 | 2.2044 | 2.0710
Ours 1.3496 | 1.8125 | 1.2088 | 1.6807 | 1.5247
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Nerfies
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[1] Bronstein et al. Numerical geometry of non-rigid shapes. 2008
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Sphere Sphere2Cube Table Table2Chair

hair Chair2Table

Cube Cube2Sphere

[1] Chang et al. Shapenet: An information rich 3d model repository, arxiv, 2015
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[1] Rampini et al., Correspondence-Free Region Localization for Partial Shape Similarity via Hamiltonian Spectrum Alignment, 3DV, 2019
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[1] Lietal., Lepard: Learning partial point cloud matching in rigid and deformable scenes, CVPR, 2022
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[1] Huang et al., Multiway Non-rigid Point Cloud Registration via Learned Functional Map Synchronization, TPAMI, 2022
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SDF

[1] Park et al., DeepSDF: Learning Continuous Signed Distance Functions for Shape Representation, CVPR, 2019
[2] Luigi et al., Deep Learning on Implicit Neural Representations of Shapes, ICLR, 2023 38
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Gaussian splatting

q la EIJ ,rékm}{& - (a) Capture Process (b)It (é) Nerfe (d) Nerfie Depth

Image morphing

[1] Park et al., Nerfies: Deformable Neural Radiance Fields, ICCV, 2021
[2] Yang et al., Deformable 3D Gaussians for High-Fidelity Monocular Dynamic Scene Reconstruction, CVPR, 2024
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[1] Yang et al., Deformable 3D Gaussians for High-Fidelity Monocular Dynamic Scene Reconstruction, CVPR, 2024
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[1] Yang et al., Deformable 3D Gaussians for High-Fidelity Monocular Dynamic Scene Reconstruction, CVPR, 2024
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