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INTRODUCTION EFFICIENCY VS. ACCURACY j DETECTION PERFORMANCE
e Transtformers have achieved state-of-the-art results in several computer vision tasks. = = WidthScaling = = AViT Adapted WOD Validation Set
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e Our method 1s built upon SST, which 1s a transtormer-based LiDAR object detector.
o First, the input L1iDAR point cloud 1s voxelized, and each voxel 1s treated as a token.
* Before each layer, a halting module scores the tokens and halts those with a low score.

 During training, we define a pseudo-gradient to back-propagate through the halting module.

 To improve learning of the halting module, we leverage a weighted attention mechanism,
which weights the attention given to each token based on their score.

o After the last attention layer, halted tokens are recycled and forwarded to the detection head.
 The whole network 1s trained end-to-end using a detection loss and a sparsity loss.
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