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Introduction

Limitations and Opportunities

Workshop on Generalizable Priors for Robot Manipulation at 9th Conference on Robot Learning, Seoul, Korea, 2025

Robot Experiments

Transportation of Push-T Policy

Keypoint-Based Policy Transportation

References

Pick-and-Place with ViT-based
Keypoint Extraction

Policy Transportation of an Object
Packing Policy

➢ Task: Pushing a T-shaped object

Used 25 keypoints and 35 demos

13,685 chunks (augmented to 53,731 via interactive demos)

➢ Out-of-Distribution (OOD) Generalization:

  Robust generalization across 10 configurations with same order

  Fails when swapping object positions (lettuce / cheese)

• Fixed bag + Object relocation: 15/15

• Full Scene Variation: Bag + Object relocation and type: 11/15

➢ Task: Place object inside the bag with suction gripper

Used 32 keypoints and 1 demo

➢ Transportation Map➢ Generic Policy with Keypoint ContextHow can robots generalize manipulation behavior with
minimal data?

• Most methods require large-scale datasets & retraining

• Real-world deployment often needs fast adaptation to new tasks
(zero-shot generalization)

 Key Idea:
Generalize robot policies across task variations using sparse
keypoints and learned nonlinear transportation maps

We leverage structural, matching and transportation priors

 Requires accurate keypoint matching between
source and target

 The inductive bias introduced by keypoints
limits generalization

 Sensitive to symmetric or OOD scenarios

 Compact, interpretable, and generalizable policies

 Zero-shot transfer without policy retraining

 Policy generalization even from a single demonstration
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Future work: automatic relevant keypoint selection, explore novel matching strategies, formally assess OOD 
generalization
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