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| Motivation

Transformers 3D object detection
* long-range dependencies e sparse data input
modeling * high resolutions feature
* dynamic aggregation map
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| Method

The overall framework of the proposed OcTr:
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| Octree-Attention
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* Construct an octree from hierarchical feature map
» Perform global self-attention on top layer



| Semantic Positional Embedding

Semantic Attention Mask(SAM):
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| Experiments

Comparison with state-of-the-art approaches on the WOD val split:

Model Vehicle (L1) | Vehicle (L2) | Pedes. (L1) Pedes. (L2) Cyclist (L1) | Cyclist (L2)
MmAP/mMAPH | mAP/mAPH | mAP/mAPH | mAP/mAPH | mAP/mAPH | mAP/mAPH
SECOND [57] 70.96/70.34 62.58/62.02 65.23/54.24 57.22/47.49 57.13/55.62 54.97/53.53
PointPillar [ 18] 70.43/69.83 62.18/61.64 66.21/46.32 58.18/40.64 55.26/51.75 53.18/49.80
PartA’Net [41] 74.82/74.32 65.88/65.42 71.76/63.64 62.53/55.30 67.35/66.15 65.05/63.89
PVRCNN [35] 75.41/74.74 67.44/66.80 71.98/61.24 63.70/53.95 65.88/64.25 63.39/61.82
CenterPoint [55] 71.33/70.76 63.16/62.65 72.09/65.49 64.27/58.23 68.68/67.39 66.11/64.87
LiDAR-RCNN [20] 73.5/73.0 64.7/64.2 71.2/58.7 63.1/51.7 68.6/66.9 66.1/64 4
Voxel-RCNN [6] 75.59/- 66.59/- -/- -/- -/- -/-
PVRCNN++ [39] 77.82/77.32 69.07/68.62 77.99/71.36 69.92/63.74 71.80/70.71 69.31/68.26
SSTT [9] 76.22/75.79 68.04/67.64 81.39/74.05 72.82/65.93 -/- -/-
PDV [15] 76.85/76.33 69.30/68.81 74.19/65.96 65.85/58.28 68.71/67.55 66.49/65.36
Ours 78.12/77.63 69.79/69.34 80.76/74.39 72.48/66.52 72.58/71.50 69.93/68.90




| Experiments

Comparison on the WOD val by Distance:

mAP;p (L1)@Vehicle

Comparison on the KITTI test :

Model mAP;, @Car on test mAP;, @Car on val
Easy Mod. Hard Mean | Easy Mod. Hard Mean
SECOND [57] 83.34 7255 6582 7390 | 88.61 78.62 77.22 81.48
PointPillars [ 18] | 82.58 7431 68.99 75.29 | 86.62 76.06 6891 77.20
STD [54] 87.95 7971 75.09 80.92 | 89.70 79.80 79.30 82.93
SA-SSD [13] 88.75 79.79 74.16 80.90 | 90.15 7991 78.78 82.95
3DSSD [57] 88.36  79.57 7455 80.83 | 89.71 7945 78.67 82.61
PV-RCNN [3¥] 90.25 81.43 76.82 82.83 | 89.35 83.69 78.70 83.91
Voxel-RCNN [6] | 90.90 81.62 77.06 83.19 | 89.41 84.52 7893 84.29
CT3D [37] 87.83 81.77 77.16 82.25 | 89.54 86.06 78.99 84.86
VOoTR-TSD [24] | 89.90 82.09 79.14 83.71 | 89.04 84.04 78.68 83.92
VoxSeT [12] 88.53 82.06 77.46 82.68 | 89.21 86.71 78.56 84.83
Focals Conv [4] | 90.55 82.28 77.59 8347 | 89.52 8493 79.18 84.54
Ours 90.88 82.64 77.77 83.76 | 89.80 86.97 79.28 85.35

Model Overall 0-30m 30m-50m 50m-inf
PV-RCNN [38] 7030 9192 6921 42.17
VoxellRCNN [6] | 75.59 9249  74.09 53.15
VoTR-TSD [24] | 7495 9228  73.36 51.09
CT3D [37] 7630 9251  75.07 55.36
Pyramid_PV [25] | 7630  92.67 7491 54.54
PDV [15] 76.85 9313 7549 54.75
VoxSeT [17] 7782 9278 7721 54.41
Ours 78.82 9290  77.66 58.02
mAP;p (L2)@Vehicle
Model Overall 0-30m  30-50m  50m-inf
PV-RCNN [29] 6536 9158  65.13 36.46
VoxellRCNN [6] | 66.59  91.74  67.89 40.80
CT3D [37] 69.04 9176  68.93 42.60
PDV [ 5] 6930 9241 6936 42.16
VoxSeT [17] 7021 9205  70.10 43.20
Ours 7050 9178 71.28 45.46




| Ablation Study

Extensions to different detectors: Comparison with different mechanism:

Detector | Veh. mAP (LI/L2)  Pedes. mAP (L1/L.2) Attention | Veh. mAP (L1/L2) Pedes. mAP (L.1/L.2)
SECOND [57] 70.96/62.58 65.23/57.22 Ours (OctAtm) 73.3/65.1 68.1/60.4
Ours 73.28/65.05 68.08/60.36 ,
: Performer [5] 71.4/63.6 65.7/57.9
PV-RCNN [27] 75.41/67.44 71.98/63.70 X ;
Ours 76.77/68.31 73.22/64.30 ACT [27] 71.7163.5 64.3/56.1
PV-RCNN++ [ 0] 77.82/69.07 77.99/69.92 VoTr [24] 69.4/61.5 65.0/57.0
Ours 78.01/69.60 80.75/72.45 Nearest A 68.2/59.8 64.9/56.7
Ablation on Semantic Positional Embedding: Resource Costs:
LEPE SAPE SAM | Veh. mAP (L1/L.2) Pedes. mAP (L1/1.2) Method “#Param. (M) Latency (ms) Memory (GB)
71.35/63.30 65.75/57.89 SECOND [5°] 53 48 2.3
v 72.34/64.32 066.56/58.62 VoTR-SSD 48 67 3.0
v v 72.64/64.46 66.62/58.83 OTR-55D 2] - >
v v 72.86/64.40 67.79/59.90 VoxSeT-SSD [17] 3.0 37 3.6
v v v 73.28/65.05 68.08/60.36 OcTr-SSD 2.9 64 2.5




| Visualization Results

Visualization results on the WOD val :
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