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https://www.youtube. com/watch?v=0DnFWGepysg



SoTA: Manipulation (+ Navigation)
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https://www.youtube.com/watch?v=qNSmSfPaLyQ

RT-2: Vision-Language-Action Models
Transfer Web Knowledge to Robotic Control

https://robotics-transformer2.github.io/



SoTA: Mobility

T e Y W, R * - 2

¥ = _% o T
' ~ xr#‘-f‘ == 2
Unitree G1\/ = { o —

Bionic - Agile Upgrade

Unitree G1 Bionic: Agile Upgrade

https://www.youtube.com/watch?v=CIkdq7Zf4Zw



SoTA: Human robot interaction
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JST ERATO ISHIGURO Symbiotic Human-Robot Ameca conversation using GPT 3 -
Interaction Project (Short Ver.) Will robots take over the world?

https://www.youtube.com/watch?v=3WnUW5woZoo https://www.youtube.com/watch?v=EWACmFLvpHE
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Scene Graph

as internal representation for robots

Context Choices

Say “Thanks for the meal” Bring dishes
Throw out the trash
l Is after

Finish eating lunch Returning catsup

1 1s before "y
— c == Returning catsup

Inference by LLM

Multi-modal interaction
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