Interaction-Merged Motion Planning: Effectively Leveraging
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Main Method Experimental Results

»  Motion planning focus on generating a plan that can perform «  IMMP follows a two-step process: »  Our method achieves state-of-the-art performance across three
various downstream tasks, such as ensuring safety, efficiency, « Step 1: Interaction Conserving Pre-Merging, sufficiently extracting diverse information from planning models and two target domain settings, demonstrating
and successful arrival at the destination the source domain. Its parallel applicability to diverse planning frameworks.

e \With the emergence of diverse trajeCtOry datase’[s, data-driven o Step 2 Interaction Transfer with Merging, merging module-level task vectors to adaptive|y Table 1. Qualitative comparison of the proposed IMMP with baseline methods. Each baseline

approaches have gained significant traction in motion planning is implemented across various planning models.

transfer diverse Interactions to the target domain.
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planning architecture and extract task vectors along with the initial point.
These task vectors are combined as learnable parameters and optimized with the training loss on
the target domain, effectively transferring source-domain knowledge to the target domain.
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Figure 1. Qualitative results on the SIT dataset with the GameTheoretic planner. (a)—(g) show
SIT inferences from models trained on individual source domains. The values w indicate the
average task-vector contributions in the IMMP planner.
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