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FlexSelect: Flexible Token Selection for Efficient Long Video Understanding

Introduction

» Challenges of Video-LLM in Processing Long Videos

€ Millions of tokens exceed the LLM's context window, leading to
degraded model performance and significant computational costs.

& FlexSelect siginificantly improve performance on 3 different types of
Video-LLMs, including 7B and 72B, across 4 long video benchmarks.

€ Split the sampled frames into different frame sets

& Select topk tokens at reference layer per set
® FlexSelect-Lite trades a slight performance drop for significantly

€ The user's question only relates to a few clips, while the long video ) .. } ) ]
9 y P J higher efficiency, while also surpassing the baseline.

consists of irrelevant and repeated content.

& Aggregrate the selected visual tokens and then forward to get final answer
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