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

 The user's question only relates to a few clips, while the long video 
consists of irrelevant and repeated content.

 Using the model's own reference layer to select tokens remains costly. 
What about selecting visual tokens using a small network?

 

Yes! But not all transformer layers.

We align a small model’s (0.5B) cross-attn scores  with the reference layer’s 
scores by optimizing the spearman rank correlation coefficient between them. 
Once trained, we use the  small model to rank the visual tokens, further 
improving the efficiency.

Introduction

 Motivation: select the query-related visual tokens

 Can the attention scores in LLM decoder’s internal transformer layers 
identify relevant visual tokens?

Visualization samples of query-to-visual attention heatmaps from different layers 
of LLaVA-Video-7B, where the query is "what's the color of this cup". The 
attention scores from shallow layers fail to locate the "cup", while deeper layers 
can successfully identify it. 

 Which layer should be chosen to select the visual tokens?

Metheods

 Challenges of Video-LLM in Processing Long Videos
 Split the sampled frames into different frame sets

 Select topk tokens at reference layer per set

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

 FlexSelect-Lite: a more efficient alternative

Here, TopK(l) respresent the token 
set with top-k attention scores at 
layer l ; R represents the query-
related token set.

A higher Recall@K indicates the 
attention scores of that layer can 
more accurately identify the se-
mantically related visual tokens.

Evaluation Results

 Main Results

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

 FlexSelect-Lite trades a slight performance drop for significantly 
higher efficiency, while also surpassing the baseline.

 Compare to other token reduction methods

 FlexSelect surpasses other attention-based token pruning methods 
like FastV, Dycoke and others under same retain ratio. More results 
can be seen in paper 


