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adaption. Hence, to build an autonomous driving
system in real-world scenarios, a fine—tuning
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with limited labeled data, maintaining representation

power of backbones. Our extensive experiments on

various datasets show our method’'s superiority.
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Dataset VFOV # of Beams # of Avg. Points Location
ONCE  [-25°, -15°] 40 64,981 China
Waymo [-17.6°, -2.4°] 64 160,887 USA
KITTI [-25°, -15°] 64 119,748 Germany
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