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Table 1. KITTI dHo]E|AE o] &3 A48 A
Method sAMOTA | AMOTA | AMOTP | MOTA | MOTP
etho (%) (%) (%) (%) (%)
ABS[DZI}/[OT 93.28 45.43 77.41 86.24 78.43
GNNF{];]MOT 93.68 45.27 78.10 84.70 79.03
Method [4] 92.37 44.96 76.83 84.49 78.32
Ours 96.38 48.83 81.48 91.40 82.21

Table 2. nuScenes HIo|E|AlS o] &3 A3 Ax

mAP sAMOTA | AMOTA | AMOTP
Method
(%) (%) (%) (%)
Baseline 49.15 39.48 8.99 24.17
Ours 52.89 45.60 11.43 27.69
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