
Motivation ExperimentsMethods

• Efficient decoding in Mamba-based MLLMs, but 

high computational cost remains in the prefill 

stage

• Excessive and redundant visual tokens 

significantly increase computation

• Existing pruning methods are Transformer-based, 

making them unsuitable for Mamba-based MLLMs

➢ Need for an efficient, Mamba-specific token 

pruning method 

Our Contribution

• Propose a Mamba-specific visual token pruning 

method (DTP)

• Utilize 𝚫𝒕-based token importance without any 

additional training

• Introduce two-stage pruning (early selective 

pruning + late complete pruning)

• Achieve ~50% computation reduction and ~35% 

latency reduction with minimal performance drop

• Main Results

• Ablation study on token importance estimation

• Method for identifying pruning layers

• Method for estimating token importance
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𝚫𝒕: Input-dependent parameter & SSM parameter control
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Visualization of Attention-like Patterns in Mamba
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Layer-wise standard deviation of token-importance

※ Both Cobra and Robomamba are Mamba-based Multimodal LLMs ※

• Efficiency Analysis

Conclusion & Future work

• DTP effectively prunes visual tokens in Mamba-

based MLLMs using Δ𝑡-based importance

• Future Work: Extending DTP to diverse 

architectures
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