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Design & Methodology Experiments & Analysis

Overview of Approach Three-Stage Training Paradigm Comparative & Ablation Study
Stage #1 Stage #2 Stage #3
Image-to-LiDAR Pretraining Contrastive Mixture Learning Semantic Mixture Supervision

Motivation & Contribution

» LIMoE is a new LIDAR-based cross-sensor representation learning
framework that aims to infegrate mulfiple LIDAR representations
dynamically through the MoE paradigm.

» LIMoE achieves significant improvements across various datasets
with the suitable integrations of multiple LIDAR representations.
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» Confrastive Mixture Learning (CML) fuses the pretrained features across |

via a Mixture of Expert (MoE) layer. With the tailored contrastive learning o I I I I I I I I I I I I I I I I I I I I I I I I I I I I I I I I

various LIDAR representations from stage #1 into a unified representation .
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> In the CML stage, we observe that different representations focus
on distinct LIDAR data aftributes. The range images predominantly
capture middle beams and distances, sparse voxels focus more on

» Semantic Mixture Supervision (SMS) aims to enhance the downsiream
performance by combining semantic logits with the MOoOE layers. By
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