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Optical Flow as Motion Representation Language-Driven Future Optical Flow Prediction

Natural Language controls predicted Future Optical Flow
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* Clear improvements on CALVIN Robotic benchmark (left)
% Improvements on bi-manual RoboTwin benchmark (top-right)
“* Video Generation improves over CogVideoX baseline (bottom-right)

Moving robotarm< - >

- Robot Teleop Data is finite and expensive

Optical Flow & Video Generation Visualization

- Internet Data is almost infinite and free

FOFPred Joint VLM-Diffusion Architecture
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3. Learned motion knowledge transfers to language conditioned robotic and video generation tasks.



