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Introduction Keypoint-Based Policy Transportation
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* Real-world deployment often needs fast adaptation to new tasks
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We leverage structural, matching and transportation priors 2 &, x| - X,
Robot Experiments
Transportation of Push-T Policy Pick-and-Place with ViT-based Policy Transportation of an Object
Keypoint Extraction Packing Policy
» Task: Pushing a T-shaped object
< Robust generalization across 10 configurations with same order » Task: Place object inside the bag with suction gripper
Used 25 keypoints and 35 demos , , , o .
> Fails when swapping object positions (lettuce / cheese) Used 32 keypoints and 1 demo

13,685 chunks (augmented to 53,731 via interactive demos) Fed b Obiect relocation: 15/15
* Fixed bag + Object relocation:
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] o  Full Scene Variation: Bag + Object relocation and type: 11/15
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Policy Transportation 99.5% 85.5% 35.5% , - | —
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L2 Policy generalization even from a single demonstration  >{ Sensitive to symmetric or OOD scenarios
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