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Multi-modal LLMs (MLLMs)

▪ Large Language Models extended to multi-modality (e.g., LLaVA[1])

▪ Achieve strong performance on complex vision-language tasks

[1] Visual Instruction Tuning, NeurIPS 2023

Figure 1. Multi-modal LLM architecture
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Multi-resolution MLLMs

▪ Recent MLLMs support high-resolution inputs (e.g., LLaVA-NeXT[2])

▪ Better performance in fine-grained tasks (e.g., OCR)

High-resolution token

Low-resolution token

Require significantly many tokens !!

[2] LLaVA-NeXT: Improved reasoning, OCR, and world knowledge (https://llava-vl.github.io/blog/2024-01-30-llava-next), 2024 

Figure 2. The overview of Multi-resolution MLLMs
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Characteristics of Multi-resolution Tokens

▪ Different informativeness distributions (Left)

▪ Mutual Complementarity (Right)

Figure 3. Properties of multi-resolution visual tokens
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Challenge. Using the same pruning strategy / pruning ratio without considering resolution types.

Solution. Applying different token pruning strategies / pruning ratios that reflect the 

characteristics of tokens according to their resolution types.

Figure 4. Comparison between single-resolution pruning methods and proposed method.
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MR-Pruner Framework

Figure 5. The overview of MR-Pruner.
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Main Results



Thank you


