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ICML DynVLA: Learning World Dynamics for Action Reasoning

Compact Dynamics Chain-of-Thought for safer and lower-latency autonomous driving VLA.
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Dynamics Tokenizer. Adjacent observations become ego-
centric and environment-centric dynamics tokens.

DynVLA improves both public benchmark planning scores and large-
scale in-house safety metrics.
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learning while keeping the reasoning sequence short enough
for closed-loop use.

trajectory and format rewards while
preserving a valid output protocol.

@ Takeaways I IDEA. Reason over dynamics, not text or pixels. I VISUAL. Motion transfer makes dynamics inspectable. I RESULT. 91.7 PDMS and 88.34 closed-loop DS. I PRACTICAL. 0.37s compact reasoning latency.
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