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Training/Inference efficiency
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FAST: Efficient Action Tokenization
for Vision-Language-Action Models

RSS /2025
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Main Idea
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Generalization
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0.5 . a Vision-Language-Action Model with
Open-World Generalization

CoRL /2025
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VLA limitation
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Do You Know Where Your Camera Is?
View-Invariant Policy Learning with Camera Conditioning

ICRA / 2026
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mt * 0.6 . a VLA That Learns From Experience

RSS /2026
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Question & Disscusion

RILS LAB

ﬁﬂ !_g Robot Intelligence Learning & System




	Recent Trends in VLA Models  for Robotics
	RILS LAB
	Robot Intelligence Learning & System
	신승철
	2026. 07. 23


	Physical AI란?
	AI가 물체나 상황을 인지/판단 해주는 것을 넘어 인간을 대신해서 수행까지 하는 통합 기술
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