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Fig. 1: Experimental results on 3DMatch and 3DLoMatch. Our method significantly

outperforms state-of-the-art methods w.r.t. registration recall (RR) while maintaining
fast speed and lightweight.
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Method Size 3DLoMatch Rotated 3DLoMatch )
(MB) |RE (°|) TE(em|) TR (% 1) |RE (°)) TE (cm|) TR (% 1)
FCGF 1] 8.76 | 4.84 12.87 39.6 4.74 13.39 24.5 191
PREDATOR |15 | 7.43| 3.61 10.65 65.6 3.55 10.30  64.07%F
GeoTrans |25, 9.83 | 291 8.71 75.4 2.94 8.85 72.6 ~*°
PEAL |36 0.83 | 2.84 8.64 81.2 2.86 8.53 78.77%°
YOHO" |27 12.38 | 3.54 10.34 66.6 3.61 10.16 67.179°
RoReg* @ 12.71 | 3.01 9.26 71.3 3.03 9.28 710708
BUFFER T_| 0.92 | 3.03 9.86 74.4 3.02 9.99 747103
RoITR™ |35 10.10 | 2.95 9.03 75.1 2.97 9.08 75.5104
Ours” 3.84 | 2.87 8.83 81.3 2.84 8.71 81.8 07
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Table 3: Evaluation results on KITTI Odometry.

Method Size RE (°) TE (cm) TR (%) Time (s)
FCGF |7 8.76/ 0.30 9.5  96.6 -
D3Feat 14.08/ 0.30 7.2 99.8 -
Predator [15] [22.77| 0.27 6.8 99.8 0.77
SpinNet [2[ | 1.41] 047 9.9 99.1 16.24
CoFiNet [34] | 5.48| 0.41 82  99.8 0.59
GeoTrans [25/(25.50 0.23 6.2 99.8 0.26
BUFFER 0.92| 026 7.1  99.8 0.27
Ours 2.08/ 0.23 4.9  99.8 0.21
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Table 4: Ablation experiments of our method.
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Component Method

3DMatch

3DLoMatch

FMR (% 7) IR (% 1) RR (% 1)

FMR (% 1) IR (% 1) RR (% 1)

VN (Node) |8 98.6 71.0 934 87.8 414  76.6
Backbone PARE-ConvlT]Node) 98.9 74.1  94.5 tH1 88.3 44.0 78.8 t22
VN (Edge) 98.7 724 94.1 88.8 43.5 T77.8
PARE-Conv (Edge)| 98.5 76.9 95.0 T°Y| 88.1 47.5 80.5 77
Pose RANSAC 98.5 76.9 93.7 88.3 47.5 T7.5
Estimator LOR 98.5 76.9 94.07"° 88.3 47.5 789 *'*
Ours 98.5 76.9 95.07'7 88.3 47.5 80.5 T3¢
Rotation  WVithout 98.3 74.4  93.3 88.7 45.5 79.3
Loss L2 98.6 65.4 94.2 t09 85.9 35.0 75.4°%9
Contrastive 98.5 76.9 95.0717 88.3 47.5 80.5712
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Table 12: Generalization results from 3DMatch to KITTTI.

RE (°) TE (m) TR (%)
Coarse-to-fine Matching| 0.79  0.26 70.8
Only Fine Matching 0.82  0.19 98.4
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