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e This work is the first to explore the benefits of reasoning
explicit visual relational semantics for motion forecasting.
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e Ve propose an innovative visual scene graph architecture 3D BBox —> 2D BBox
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that extracts pairwise visual relations of road agents and
learns higher-order connectivity in the visual space.

e Utilize RolAlign technique to extract the pairwise visual relation features
B. 3D Distance-based Pairing e Aggregate the pairwise features per agent, transforming them into the agent node feature.
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