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Multimodal Large Language Models (MLLMs) integrate visual 3z _ _Layerls_ N Left: lllustration of three 1. We study the problem of visual redundancy from the perspective of MLLMs’
and textual understanding, yet their inference is § g :F""A“m"v" Matix 3 : : \f““"“"' s HE, stages observed in behaviors, and reveal the dependency between text and visual tokens.
computationally expensive due to redundant visual tokens. : [ i :v‘su':f;okm: ™ | MLLMs. 2. Based on the empirical findings, we propose a novel and effective approach to
Existing efficiency methods often prune tokens heuristically, zé %‘* i ! ! \\n' |as 4 i Right: The impact of requce visual redl.mdancy of MLLMs, termed dynamic vlisua}l-token gxit (DYVTE),
lacking in-depth exploration of the intrinsic behaviors of MLLMs. I - . ! Y ’ If Similar ; visual tokens on the text lNthh| t(l:an ;;Iylnamlcall.y evaluate and schedule the contributions of visual tokens
We propose Dynamic Visual Token Exiting (DyVTE), which g : iy} i | 1 self attention at the 0 multimodal reasoning.

adaptively removes redundant visual tokens early, improving &2 | E Image Self Attn |Visual Tokers i multimodal reasoning 3. The extensive experiments on a set of MLLMs well validate the motivation and
efficiency with minimal accuracy loss Gy i g g s (D TSdrAm L ' stage. effectiveness of DyVTE, also providing insights into the principle of MLLMs
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