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A Motion Planning Method for Autonomous Driving Based on
Spatiotemporal Attention Transformer
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(School of Astronautics, Beihang University, Beijing 102206, China)

Abstract: The static and dynamic agents, road structures, and interactions among various elements in driving scenari-
os are typically complex and rapidly change across time and space. Consequently, motion prediction for autonomous vehi-
cles remains a challenging task, especially with the open problem of efficiently representing and integrating multi-modal
scene information, including road conditions, various agent states, and historical interaction information. Current approach-
es often rely on independently designed modules to process each modality in parallel. However, this approach tends to result
in limited system flexibility, challenging adjustments, and, frequently, high computational redundancy, which reduces over-
all system efficiency. Furthermore, decoding the spatiotemporal information from autonomous driving scenarios to generate
safe driving commands is inherently challenging. This paper proposes an autonomous driving motion planning method
based on a spatiotemporal attention Transformer, comprising a phased multi-modal scene encoder and a spatiotemporal fu-
sion decoder. This model progressively constructs a multi-modal scene representation and predicts the future safe trajectory
of the autonomous vehicle under spatiotemporal fusion. The proposed approach establishes a new baseline on the large-
scale nuScenes autonomous driving dataset, achieving competitive results.
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