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[2] C. Bregler et al., CVPR, 2000.
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* Core contribution: a new neural deformation model component
* Shapes are recovered during the network training through backpropagation
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'TB [7] MP [43] [VA DSTA CDF 23] [CMDR
traj. A [0.1252 0.0611 0.0346 0.0374 0.0886 0.0324
traj. B [0.1348 0.0762 0.0379 0.0428 0.0905 0.0369
GM* [37] |IJM™* [36] |SMSR PPTA EM-FEM [1]"[N-NRSfM
(ours)
traj. A [0.0294 0.0280 0.0304 0.0309 0.0389 0.045 / 0.032”
traj. B ]0.0309 0.0327 0.0319 0.0572 0.0304 0.049 / 0.0389"°
1] A. Agudo et al., Online Dense Non-Rigid 3D Shape and Camera Motion Recovery. BMVC, 2014.
6] A. Agudo and F. Moreno-Noguer. A Scalable, Efficient, and Accurate Solution to Non-Rigid Structure from Motion. CVIU, 2018.
7] 1. Akhter et al. Trajectory space: A dual representation for nonrigid structure from motion. TPAMI, 2011.
8] M. D. Ansari et al. Scalable Dense Monocular Surface Reconstruction. 3DV, 2017.
(15] Y. Dai et al. Dense non-rigid structure-from-motion made easy - a spatial-temporal smoothness based solution. ICIP, 2017.
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R . Garg et al. Dense Variational Reconstruction of Non-Rigid Surfaces fromm Monocular Video. CVPR, 2013.

V. Golyanik et al. Introduction to Coherent Depth Fields for Dense Monocular Surface Recovery. BMVC, 2017.
V. Golyanik et al. Consolidating Segmentwise Non-Rigid Structure from Motion. MVA, 2019.
S. Kumar. Jumping Manifolds: Geometry Aware Dense Non-Rigid Structure from Motion. In CVPR, 2019.

S. Kumar et al. Scalable Dense Non-rigid Structure-from-Motion: A Grassmannian Perspective. CVPR, 2018.

M. Paladini et al. Optimal metric projections for deformable and articulated structure-from-motion. [JCV, 2012.
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[4] o
EM-LDS PTA CSF2 KSTA GMLI N-NRSfM
(ours)
0.044 0.048 0.03 0.035 0.026 0.026

4] A. Agudo and F. Moreno-Noguer. Global model with local interpretation for dynamic shape reconstruction. WACV, 2017.
7] 1. Akhter et al. Trajectory space: A dual representation for nonrigid structure from motion. TPAMI, 2011.

28] P. F. U. Gotardo and A. M. Martinez. Kernel non-rigid structure from motion. ICCV, 2011.
29] P. F. U. Gotardo and A. M. Martinez. Non-rigid structure from motion with complementary rank-3 spaces. CVPR, 2011.
61] L. Torresani et al. Nonrigid structure-from-motion: Estimating shape and motion with hierarchical priors. TPAMI, 2008.
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t-shart (0.0712 0.0741 0.0636 0.0362 0.0386 0.0309

[7] . Akhter et al. Trajectory space: A dual representation for nonrigid structure from motion. TPAMI, 2011.

[15] Y. Dai et al. Dense non-rigid structure-from-motion made easy - a spatial-temporal smoothness based solution. ICIP, 2017.
[36] S. Kumar. Jumping Manifolds: Geometry Aware Dense Non-Rigid Structure from Motion. In CVPR, 2019.

[37] S. Kumar et al. Scalable Dense Non-rigid Structure-from-Motion: A Grassmannian Perspective. CVPR, 2018.

[43] M. Paladini et al. Optimal metric projections for deformable and articulated structure-from-motion. [JCV, 2012.
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A. Tewari et al., CVPR, 2019.
V. Golyanik et al., arXiv.org, 2019.
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Sequence source: R. Garg et al., CVPR, 2013.
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Sequence source: R. Garg et al., CVPR, 2013.

32



ELCV20 Experimental Results

23-28 AUGUST 2828

) >
images flow fields 3D reconstructions latent space

Sequence source: D. Stoyanov, MICCAI, 2012.



ECCV2L Experimental Results

23-28 AUGUST 2828

) S
images flow fields 3D reconstructions latent space

Sequence source: D. Stoyanov, MICCAI, 2012.
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