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» Application

Object pose estimation Lidar SLAM 3D scene reconstruction
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» Background - Point Cloud Registration

* Estimate rigid transformation (R + t) to align overlap region between the source and target
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» Background - Feature descriptor-based registration pipeline

Construct correspondence (inlier + outlier) with feature similarity

Search inlier subset for optimal transformation estimation
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» Background - Deep outlier rejection methods

* Formulate outlier rejection as inlier/outlier classification

* Core: Learning discriminative inlier/outlier feature representations
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» Baseline - Spatial Consistency-guided Non-local Network (SCNonlocal) [1]

NxC F Tnxc
B _,é * Inlier/outlier feature aggregation with long-range dependencies

softmax NxC Apa— €] : ;
— >®< fi=Ffi+ MLP(Zj softmax ; (a3)g(f;))
NXN * Correct long-range dependencies with spatial consistency
NXxC NXxC NxC
6: 1x1 $: 1x1 g:1x1
NXN A T NXC A

[1] PointDSC: Robust Point Cloud Registration using Deep Spatial Consistency. CVPR’2021.
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» Baseline - Spatial Consistency-guided Non-local Network (SCNonlocal) [1]

® Limitation

NxC F Tnyxc
MLP —>é< * High ratios of wrong spatial consistencies => Mislead attention map
softmax /&N xC * Lack of uncertainty modeling ability (repetitive, geometry-less...)

NXN
50

° B 3DlLoMatch (Predator)
NXN <40
= B 3DLoMatch (FCGF)

[e)
qt) 30
NXC NxC NxC .
© 20
6:1x1 ¢:1x1 g:1x1 Q
A 1\ A g 10
NXN NXC O
B 5 0
250 500
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Number of points

[1] PointDSC: Robust Point Cloud Registration using Deep Spatial Consistency. CVPR’2021.
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» Approach - Variational Bayesian-based Non-local Network (VBNonlocal)

Nxc  F Tnxc ® Solutions
(-
' * Lack of uncertainty modeling ability (repetitive, geometry-less...)

MLP
softmax /T\N xC . . .
s 2 => Inject random variables into query/key/value features
NXN e
Bayesian * High ratios of wrong spatial consistencies => Mislead attention map
N}f Inference
L . . .
=> Bayesian-driven long-range dependencies
NXxC NxC NXC
6:1x1 ¢:1x1 g:1x1
NXN ‘\ / IE' NxC /T

Random
variables

[1] PointDSC: Robust Point Cloud Registration using Deep Spatial Consistency. CVPR’2021.
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» Approach - Variational Bayesian-based Non-local Network (VBNonlocal)

Why VBNonlocal can achieve more discriminative long-range dependencies?
- Variational posterior is label dependent => more discriminative
- Label-dependent posterior to guide the prior distribution in training phase

- Sample more discriminative feature from the learned prior in test phase
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» Approach - Variational Bayesian-based Non-local Network (VBNonlocal)

(1) Hidden Q/K/V feat
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(3) Bayesian-driven Q/K/V feat.  (2) Prior Q/K/V feat. distrib. Posterior Q/K/V feat. distrib.
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» Approach - Variational Bayesian-based Non-local Network (VBNonlocal)

(1) Hidden Q/K/V feat o
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(3) Bayesian-driven Q/K/V feat.  (2) Prior Q/K/V feat. distrib. Posterior Q/K/V feat. distrib.




JUNE 18-22, 2023 %-l

Robust Outlier Rejection for 3D Registration with Variational Bayes CVPR‘%ANCOUVE

» Approach - Variational Bayesian-based Non-local Network (VBNonlocal)

(1) Hidden Q/K/V feat
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(3) Bayesian-driven Q/K/V feat.  (2) Prior Q/K/V feat. distrib. Posterior Q/K/V feat. distrib.
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» Approach — Variational low bound
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» Approach - Voting-based Inlier Searching

PointDSC:
7
@
SCNonlocal SCNonlocal O “: @ Feature similarity-based Inlier clustering
e ©
7
VBNonlocal } VBNonlocal
% e
o": o": ® ®
e ° » 0": 0
(n) ( ®
n 1 ~(n) 2? ﬁq,:; (1 ﬁz’f; ) z2 . . g
Wilson score Wi = @ Pij + 5.~ z\/ - + 1 Wilson score-based clustered inliers




» Experimental Results - Comparison with SOTA Methods
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3DMatch & KITTI
3DMatch (FCGF) 3DMatch (FPFH) KITTI (FCGF) KITTI (FPFH)

Models RR(T) RE(}) TE(]) | RR() RE() TE() | RR(f) RE({) TE() | RR() RE({) TE() | Sec.
FGR [52] 79.17 293 856 | 41.10 4.05 10.09 | 96.58 0.38 2230 | 1.26 1.69 47.18 | 1.39
SM [26] 86.57  2.29 7.07 | 55.82 294 813 | 9658 050 19.88 | 75.50 0.66 15.01 | 0.02
RANSAC[16] 9150 2.49 754 | 73.57 355 10.04 | 97.66 0.28 22.61 | 89.37 122 25.88 | 6.43
TEASER++ [45]  85.77  2.73 8.66 | 75.48  2.48 731 | 8324 084 1248 | 64.14 1.04 14.85 | 0.07
DGR [10] 91.30 2.40 748 | 69.13 3778 10.80 | 95.14 043 23.28 | 73.69 1.67 34.74 | 1.36
DHVR [25] 89.40 2.19 695 | 67.10 2.56 7.67 — — — — - - 0.40
SC2_PCR [Y] 93.10 2.04 6.53 | 83.92 2.09 6.66 | 9748 033 20.66 | 97834 039 9.09 | 0.09
PointDSC [7] 9242 205 649 | 7751 2.08 651 | 97.66 047 20.88 | 98.20 0.58 7.27 | 0.11
VBReg 93.53 2.04 649 | 8275 2.14 6.77 | 98.02 032 2091 | 98.92 0.32 717 | 0.22

Table 1. Quantitative comparison on 3DMatch [50] and KITTI [19] benchmark datasets with descriptors FCGF and FPFH. The registration

speed is achieved by computing the averaged time cost on 3DMatch with FCGF descriptor.
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» Experimental Results - Comparison with SOTA Methods
* 3DLoMatch

Feature = Model 5000 2500 1000 500 250
FGR [527] 186 194 169 160 124
SM [26] 324 313 314 28.0 235

RANSAC [16] 37.6 372 359 321 259
TEASER++ [45] 428 424 395 345 25.7

FCGF DHVR [25] 504 496 464 410 346
SC2_PCR [Y] 574 565 51.8 464 36.2
TR_DE [¢] 495 504 484 434 343
PointDSC [2] 55.8 526 46.8 377 26.7
VBReg 583 568 529 472 345
FGR [527] 364 382 39.7 39.6 38.0
SM [26] 53.8 55.1 554 545 502

RANSAC [16] 623 628 624 615 582
TEASER++ [45] 629 626 619 590 56.7

Predator DHVR [25] 672 673 66.1 64.6 60.5
SC2_PCR [Y] 69.5 695 68.6 652 62.0
TR_DE [¢] 64.0 648 61.7 588 56.5
PointDSC [2] 68.1 673 665 634 605
VBReg 699 698 68.7 664 63.0

Table 2. Registration recall (RR) with different numbers of points
on 3DLoMatch benchmark dataset [21].
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» Experimental Results - Ablation studies

3DMatch 3DLoMatch (FCGF) 3DLoMatch (Predator)

Model FCGF FPFH | 5000 2500 1000 500 250 | 5000 2500 1000 500 250 | Sec.
PointDSC w/ SCNonlocal*¥? 9242 7751 | 558 526 468 377 267 | 68.1 673 665 634 605 | 0.11
PointDSC w/ VBNonlocal*¥? 93.04 8121 | 574 551 509 419 276 | 699 682 68.7 652 615 |0.17

~ PointDSC w/ SCNonlocalfe2t ¢ 9236 7776 | 546 50.6 449 368 254 | 692 686 679 635 599 |0.13
PointDSC w/ VBNonlocalf % 9298 80.96 | 56.8 551 509 425 275 | 69.6 69.0 68.0 652 609 | 0.18

PointDSC w/ SCNonlocal®s ¢ 9298 7899 | 541 522 460 387 277|676 669 672 637 602 ]|0.11
PointDSC w/ VBNonlocalf¢%+Vote 93.16 8145 | 582 559 526 448 305 | 702 69.1 68.7 664 63.2 | 0.20
PointDSC w/ VBNonlocal/¢**+Vote+CS 93.53 82.62 | 58.1 56.8 529 476 346 | 70.5 69.7 695 667 649 | 0.22
Iteration times L = 6 93.16 81.64 | 583 565 535 485 357 | 703 69.1 689 664 64.0 | 0.19
Iteration times L = 9 9341 83.12 | 579 568 535 480 336 | 699 69.5 68.6 663 64.7 | 0.20
Iteration times L = 12* 9353 8262 | 58.1 568 529 476 346 | 70.5 69.7 695 667 649 | 0.22
Random feat. dim. d = 32 9353 82.62 | 59.0 578 544 467 333 | 70.1 69.1 69.0 66.8 654 | 0.20
Random feat. dim. d = 64 9341 8195 | 583 56.0 533 472 346 | 70.1 699 69.0 67.2 649 | 0.21
Random feat. dim. d = 128* 93.53 82.62 | 58.1 568 529 476 346 | 70.5 69.7 695 66.7 64.9 | 0.22

Table 3. Ablation studies on 3DMatch [48] and 3DLoMatch [19] datasets. SCNonlocal: Spatial consistency-guided non-local network;

VBNonlocal: Variational Bayesian-based non-local network; Vote: Voting-based inlier searching; CS: Conservative seed selection.
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