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Overall Goal : Non-rigid point cloud matching

Given two raw point clouds
undergoing non-rigid deformation




Overall Goal : Non-rigid point cloud matching

Estimate point-wise correspondence




Previous Methods :

Linearly Invariant Embedding(ECCV 20)

Require Ground truth correspondences

Require large datasets

Lack of generalization ability

¢) Optimal linear d) Aligned e) Match by

Corr-Net 3D(ICCV 21)

* Fixed point cloud size

* Require large datasets

« (Can not handle artifacts

transformation basis  Nearest-Neighbor

DPC(3DV 21)

* Require large datasets

» Heavily over-fitting




Previous Methods :

Solution: To develop an intrinsic geometry aware embedding scheme



Contributions:

*  Neural Intrinsic Embedding (NIE): a learning-based framework to efficiently embed point cloud in an

intrinsic geometry aware way.
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Contributions:

*  Neural Intrinsic Embedding (NIE): a learning-based framework to efficiently embed point cloud in an
intrinsic geometry aware way.

« A modification of DGCNN: robust to sampling bias.
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Contributions:

*  Neural Intrinsic Embedding (NIE): a learning-based framework to efficiently embed point cloud in an
intrinsic geometry aware way.
« A modification of DGCNN: robust to sampling bias.

* Neural Intrinsic Mapping (NIM): a weakly supervised network for non-rigid point cloud matching.
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Intrinsic & Extrinsic
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Neural Intrinsic Embedding (NIE)
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Neural Intrinsic Embedding (NIE)

We design loss function to maintain the geodesic distance between points in NIE

Relative Geodesic Loss
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Neural Intrinsic Embedding (NIE)

Further, we take a self-supervised approach to avoid rank deficiency :

Bijectivity Loss
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where ®fand ®?are sub-embeddings of Xf*and X?which be the first even-index and odd-index 1000 vertices

from the FPS sampled vertices form X;.



Neural Intrinsic Embedding (NIE)

Our method takes in only point cloud and produces segmentation that is intrinsic geometry-aware.
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A modification of DGCNN

Given a point cloud X, we conduct FPS on X to obtain a evenly distributed subset X;. Then, for a point v,,
instead of searching directly its k—-NN within X, we find its nearest neighbor, v,, in X;, and then assign the

k=NN of v, within X to v,.



Neural Intrinsic Mapping (NIM) network

We adopt the framework of [1] with the following changes:

* Replace the eigenbasis with our trained neural intrinsic embedding(NIE).
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Neural Intrinsic Mapping (NIM) network

« Leverage NIE’s intrinsic information to introduce a self-supervised loss[2]:
Ldesc (X7 Y) — Lisometric (X7 Y) + Lcyclic (X7 Y)

Cyclic Loss
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Isometric Loss

Lisometric (X 9 Y)
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where Dy, Dy are the geodesic distance matrix regarding X and Y , respectively.



Experimental Results

Datasets

(a) F?&UST_r
Quantitative and Qualitative results

w

(b) SCAPE r

Method F S FonS SonF
BCICP [37] 15. 16. \ \
SURFMNet(U) [39] 15. 12. 32. 32.
UnsupFMNet(U) [17] | 10. 16. 29. 22.
NeuroMorph(U) [13] | 8.5 30. 20. 18.

FMNet(S) [27] 1. 12. 30. 33.
WSupFMNet(W) [41] | 3.3 73 12 6.2 g Corret-3D
NIM w/ LBO basis 20 | 5.8 13. 22. 16.

3D-CODED(S)[!6] | 2.5 31. 31. 33. Sourice
CorrNet-3D(U) [56] | 63. 58. 58. 63.
LIE(S) [2%] 3.6 12. 19. 12.
Ours(W) 55 11. 15. 8.7




Experimental Results

Robustness to noise and various partiality

Method S F

CorrNet-3D [56]  52. 54.

LIE [2¥] 20. 15.

Ours 10. 6.5

CorrNet-3D Noise 58. 62.

LIE Noise 20. 15.

Ours Noise 11. 7.2
Method half hole cut
LIE [28] 15. 15. 16.
Ours 10. 7.0 7.2

Source

Ours Hole

Ours Cut

Ours Half

&¥ CorrNet-3D



Experimental Results

Ablation study of training loss terms

Method OPT Geo.Err Mat.Err
L¢ 4.4 8.8 13.2
Lo+ Lg 3.5 12.4 11.8
Lo+ LgtLg; 3.3 10.6 11.5
Full model with sample | 3.1 9.5 11.0

Training Surreal
Method _
Testing S F
Ours w/o sample 12. 8.1
Ours w sample 10. 6.5



Thanks for your time!



