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Experiments

Table 1: Comparison with the SOTA methods on the nuScenes validation and test
set. ‘C.V.”, ‘Motor.”, ‘Ped.” and ‘T.C.” are short for construction vehicles, motorcycles,
pedestrians, and traffic cones. The Modality column: ‘L = only LiDAR data, ‘L.C.
— using both LiDAR and camera data. " means using TTA (test-time augmentation).
The best performances are marked with bold font.

Method |Moda1ity‘mAP NDS| Car Truck C.V. Bus Trailer Barrier Motor. Bike Ped. T.C.

Performances on validation set

TransFusion-L [1] L 65.1 70.1|86.5 59.6 254 T4.4 42.2 74.1 72.1 56.0 86.6 T4.1
FUTR3D [7] LC 64.2 68.0|86.3 61.5 26.0 71.9 42.1 64.4 73.6 63.3 82.6 70.1
TransFusion [1] LC 67.3 71.2(87.6 62.0 27.4 757 42.8 73.9 75.4 63.1 87.8 77.0
BEVFusion-PKU_[29] LC 67.9 71.0|88.6 65.0 28.1 75.4 41.4 72.2 76.7 65.8 88.7 T76.9
ObjectFusion_[i] LC 69.8 72.3189.7 65.6 32.0 77.7T 42.8 75.2 79.4 65.0 89.3 81.1
BEVFusion-MIT [34] L.C 68.5 71.4|89.2 64.6 30.4 75.4 42.5 720 78.5 65.3 88.2 T79.5
GraphBEV(OurS) LC 70.1 72.9(89.9 64.7 31.1 76.0 43.8 76.0 80.1 67.5 89.2 82.2
+1.6 +1.5 +4.0 +2.2 2.7

Performances on test set

PointPillar [21] L 40.1 55.0|76.0 31.0 11.3 32.1 36.6 56.4 34.2 14.0 64.0 45.6
CenterPointJﬁlT L 60.3 67.3|85.2 53.5 20.0 63.6 56.0 7.1 59.5 30.7 84.6 78.4
PointPainting [56] LC 46.4 58.1|77.9 35.8 15.8 36.2 37.3 60.2 41.5 24.1 73.3 624
PointAugmenting [57]" LC 66.8 71.0|87.5 57.3 28.0 65.2 60.7 726 743 50.9 87.9 83.6
MVP [69] LC 66.4 70.5|86.8 58.5 26.1 67.4 57.3 74.8 70.0 49.3 89.1 85.0
GraphAlign [51] LC 66.5 70.6|87.6 57.7 26.1 66.2 57.8 74.1 72.5 49.0 87.2 86.3
AutoAlignV2 [9] LC 68.4 72.4|187.0 59.0 33.1 69.3 59.3 - 72.9 52.1 87.6 -

TransFusion [1] LC 68.9 71.7|87.1 60.0 33.1 68.3 60.8 78.1 73.6 529 884 86.7
DeeplInteraction [67] LC 70.8 73.4|87.9 60.2 37.5 70.8 63.8 80.4 75.4 54.5 90.3 87.0
BEVFusion-PKU [29] LC 69.2 71.8(88.1 60.9 34.4 69.3 62.1 78.2 72.2 52.2 89.2 85.2
ObjectFusion [5] LC 71.0 73.3|89.4 59.0 40.5 71.8 63.1 76.6 78.1 53.2 90.7 87.7
BEVFusion-MIT [34] LC 70.2 72.9|88.6 60.1 39.3 69.8 63.8 80.0 74.1 51.0 89.2 86.5
GraphBEV (Ours) LC 71.7 73.6|89.2 60.0 40.8 72.1 64.5 80.1 76.8 53.3 90.9 88.9

+1.5 +0.7 +2.3 +2.9 +2.8 +2.4




Table 2: Comparison with the SOTA methods on BEV map segmentation on nuScenes
validation set. The Modality column: ‘L’ = only LiDAR data, ‘LC’ = using both LiDAR

and camera data.

Method |M0dality|Drivable Ped. Cross. Walkway Stop Line Carpark Divider Mean
PointPillars [21] L 72.0 43.1 53.1 29.7 7.6 37.5 43.8
CenterPoint [68 L 75.6 48.4 57.5 36.5 3 A 41.9 48.6
PointPainting [56] LC 75.9 48.5 57.1 36.9 34.5 41.9 49.1
MVP [69] L.C 6.1 48.7 57.0D 36.9 33.0 42.2  49.0
BEVFusion [34] LC 85.5 60.5 67.6 52.0 57.0 53.7T 62.7
GraphBEV (Ours) LC 86.3 60.9 69.1 53.1 57.5 53.1 63.3




Experiments

Table 3: Roles of Different Modules in GraphBEV for Feature Alignment on nuScenes
validation set under clean setting and noisy misalignment setting. ‘C.V.’, ‘Motor.’,
‘Ped.” and ‘T.C." are short for construction vehicles, motorcycles, pedestrians, and
traffic cones. ‘“+L (only)” indicates the addition of only the LocalAlign module, and
“+G (only)’ indicates only the GlobalAlign module. GraphBEV denotes the addition
of both LocalAlign and GlobalAlign modules. ‘L. T. (ms)’ represents latency. All latency
measurements are conducted on the same workstation with an A100 GPU.

| Method |mAP NDS LT (ms)| Car Truck C.V. Bus Trailer Barrier Motor. Bike Ped. T.C.
| TransFusion J1]| 67.3 71.2 164.6 |87.6 62.0 274 75.7 428 739 754 63.1 87.8 77.0
| Baseline [34] |68.5 71.4 133.2 |89.2 64.6 304 75.4 425 720 785 653 88.2 79.5

| L (only) 097 724 136.3 1895 644 30.6 75.9 435 756 796 671 88.8 823

8 Y +1.2 +1.0 +3.1 +0.8 -0.2 +0.2 4+0.8 +1.0 3.6 1.1 +1.8 +0.6 +2.8

8 L@ (only) | 689 TL7 1381 189.6 64.7 30.5 75.7 434 722 79.2 658 88.7 79.9

Y +0.4 +0.8 +4.9 (4+0.4 +0.1 0.1 +0.83 +0.9 +0.2 0.7 +0.5 +0.5 4+0.4

GraphBEV |70.1 72.9 140.9 |89.9 64.7 31.1 76.0 43.8 76.0 80.1 67.5 89.2 82.2

+1.6 +1.5 +7.7 |+0.7T +0.1 +0.7 +0.6 +1.8 4.0 f1.6 +2.2 4+1.0 +2.7

| TransFusion [1]| 66.4 70.6 164.6 |86.3 61.8 26.9 75.1 42.0 73.1 749 625 852 75.9

| Bascline [34] | 60.8 65.7 132.9 |83.1 50.3 26.5 66.4 380 650 64.9 52.8 86.1 75.1

L (only) | 670 701 136.2 1864 60.3 20.1 73.3 40.3 740 780 62.1 86.8 79.9

% Y 6.2 4.4 +2.3 |+3.8 +10.0 +2.6 +6.9 +2.8 9.0 +18.1 +9.8 +0.7 +4.8
9
Z

QG (only) |63 672 1370 |842 517 278 68.6 395 688 687 572 862 778
Y ot a-dal il |seded Fhdd FES FE8 +1.8 8.8 38 fdfmsyp. AT BT

GraphBEV |69.1 72.0 141.0 [88.1 63.5 30.0 75.1 42.7 75.3 79.8 64.9 88.9 82.2
£8.8 6.8 8.1 ol e R G T - e R o LS G0 A 2 28 AT




) Experiments

Table 4: Effect of the Hyperparameters Kgy,,pn for Feature Misalignment. We analyze
the effect of hyperparameter Kgrapn in LocalAlign module for feature alignment under
noisy misalignment settings on the nuScenes validatio set. ‘L'T(ms)’ represents latency.
All latency measurements are conducted on the same workstation with an A100 GPU.

Baseline [34 Kgrapnh = 5 Kgraph = 8 Kgraph = 12 Kgraph = 16 Kgraph = 25
mAP NDS LT mAP NDS LT [mAP NDS LT |mAP NDS LT [mAP NDS LT [mAP NDS LT

60.8 65.7 132.9| 6r.J 70.9 138.2| 0.1 72.9 140.9| 69.8 72.2 143.4| 68.8 70.5 145.3| 67.1 69.9 150.0

Tabl.e.5: Robustness to weather Taple 6: Robustness to different ego distances, dif-
conditions on nuScenes [4] clean ferent sizes on nuScenes |4] clean validation set. No-

validation set. Notably, the eval- tably, the evaluation metric is mAP.
uation metric is mAP.

Different Ego Distances| Different Object Sizes
Method " "
- ” - Near Middle Far Small Moderate Large
Method Different Weather Conditions
Sunny Rainy Day  Night TransFusion-L [1]| 77.5 60.9 34.8 44.7  54.5 60.4
. . Baseline |3;Jc| 79.4 64.9 40.0 50.3 58.7 64.0
Baseline |..3>-4_| 68.2 69.9 68.5 42.8
GraphBEV | 70.1 70.2 69.7 45 1 GraphBEV 78.6 65.3 421 5H A 58.3 63.1
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