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• Visual token compression can be modeled as identifying important non-
redundant tokens (named target tokens) and compressing the remaining 
tokens (named non-target tokens).

• Target token identification faces an importance-redundancy trade-off: 
• Select the most important tokens → Selected tokens may be redundant.
• Balance importance and redundancy with a hyper-parameter → Hyper-parameter 

is not universal.

• Token compression faces a  pruning-merging trade-off: 
• Pruning non-target tokens loses information in non-target tokens.
• Merging non-target into target tokens may disrupt information in target tokens.

� Adjacent tokens are usually redundant. 
• We select non-adjacent important tokens as target tokens. 

� Token merging is harmful when dissimilar tokens merge. 
• Tokens merge only when they are similar.

1. Position-driven token identification: 
• First, we evenly divide the visual token sequence into several intervals.

• We only select one token from each interval.
• Second, we extract the token with the highest importance from each interval 

as target token. Other tokens are labeled as non-target tokens.
2. Importance-informed grouped merging: 

• First, we compute the max-similarity metric ���� of each token and group 
tokens in positive set and negative set.

• ����: the highest similarity between each token and target tokens.

• when tokens satisfy ���� > �, they are grouped in positive set; the 
remaining tokens are grouped in negative set.

• Second, importance-informed grouped merging operates on two dimensions:
• We directly merge tokens of the positive set into target tokens.
• Tokens of the negative set are merged into an information compensation 

token, to further prevent losing information in non-target tokens
• Flash-attn compatibility: We propose the hybrid attention mechanism, with the 

naive attention for token importance computation. 

 LVLMs (image-text models) with token compression methods

 Actual runtime latency and memory usage

The merging weight is generated from token importance.
Feel free to communicate if you 

have any questions.


