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Task & Motivation

• Motion planning focus on generating a plan that can perform 

various downstream tasks, such as ensuring safety, efficiency, 

and successful arrival at the destination

• With the emergence of diverse trajectory datasets, data-driven 

approaches have gained significant traction in motion planning 

for their adaptability to various driving scenarios. 

• However, integrating diverse motion datasets is challenging due 

to domain differences in agent behaviors and interactions. 

• Previous methods (e.g., Domain Adaptation, Ensemble Learning) 

causes domain imbalance and knowledge interference. 

Experimental ResultsMain Method

• Therefore, an efficient method is needed to transfer cross-domain 

knowledge while preserving interactions between agents.  

• Motivated by this, we adopt model merging to retain source 

knowledge and combine weights for the target domain, enabling 

effective plan generation.

• IMMP follows a two-step process:

• Step 1: Interaction Conserving Pre-Merging, sufficiently extracting diverse information from 

the source domain. 

• Step 2: Interaction Transfer with Merging, merging module-level task vectors to adaptively 

transfer diverse interactions to the target domain.

Step1: Interaction Conserving Pre-Merging

Table 1. Qualitative comparison of the proposed IMMP with baseline methods. Each baseline 

is implemented across various planning models.

• Our method achieves state-of-the-art performance across three 

planning models and two target domain settings, demonstrating 

its parallel applicability to diverse planning frameworks.

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.

• We train the planning model on each source dataset and save checkpoints at the best metrics for 

each downstream task in motion planning as well as at intermediate epochs.

Step2: Interaction Conserving Pre-Merging

• From the collected checkpoint pool, we decompose checkpoints into common modules of the 

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.


