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A training-free two-level token pruning framework for Vision-Language-Action models that

combines global-temporal consistency, local layer-wise importance and action-aware control.
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1. Background & Key Insight

Insight2: Spatial-temporal consistency
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Q Layer-level dynamic pruning

* Dynamically update token importance scores across layers

* Use entropy-based layer confidence and exponential moving
averaging.

* Remove redundant tokens progressively through the model.

* Result: further reduce about 20% computation.

€) Lightweight action-aware controller

* Distinguish coarse-grained vs. fine-grained actions using end-

effector speed.
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