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* Have ad-hoc sensor fusion designs and Sl lidar © ‘ o eem P /query
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cannot adapt to diverse input samples

e Cannot dynamically adjust weights of different
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* Overlook unique properties of Radar sensor

Multi-Sensory Features

_ (2) Sensor-Specific
project Feature Extraction

* Addressed all the limitations \1 (1) Input: A sensor pool - flexible configurations of sensors

* Top-down design = Bottom-up design (2) Encoders: Sensor-specific, frozen or learnable

Our method BEVGuide:

Bright regions represent high probability of being vehicle

* Sensor features project to unified BEV space BEV (3) Fusion: Queries from BEV, a sensor-agnostic attention module
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— BEVGuide achieves leading performance on diverse driving tasks.
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Velocity Estimation, etc.
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_ _ . BEVGuide is a comprehensive and versatile multi-modality fusion architecture. g B v
Input: Sensory measurements (RGB, Lidar Points, Radar Points, etc.) , , _ o , _ 2 I
BEVGuide easily adapts to different sensor combinations and is robust to sensor failures. s - . i
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Output: Bird-eye’s-view (BEV) Segmentation, Detection, Velocity Estimation, Prediction, etc. BEVGuide achieves state-of-the-art performance on various driving tasks Object Distance from Ego-Vehicle (oU 1) Cross-Attention Strategy (ToU 1) Aggregated Radar Frames (P-AVE |)
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