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Motivation B Shape-guided Label Enhancement: we assemble synthetic 3D shapes Experiments
B The annotation time for 3D object detection is a huge obstacle preventing according to the layout information provided by the weak annotations, B Visualization for virtual scenes:
its practical application. Compared to 2D counterpart, labeling a bounding and apply physical constraints on the constructed virtual scenes to ’; #3
box for 3D point cloud is takes much more time (more than 100s per remedy the information loss from boxes to centers. s
object). Considering time-accuracy tradeoff, position-level weakly-
supervised method is a promising topic. * L ; ;
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B To fully exploit the information contained in the position-level annotations,
we consider them as the coarse layout of scenes and convert them into
virtual scenes with the guide of synthetic 3D shapes for better supervision
on object detection task.

B Virtual-to-Real Domain Adaptation: given real scenes with position-level ..
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learning of 3D object detector as a domain adaptation problem.
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