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Most Large Multimodal Models are pretty good
at understanding a standard-resolution image: 

Input: Image

Input: Text Prompt

: Describe the scene for me 

in detail. 

: There are a group 

of people standing in 

the ski facility, some of 

them are holding a 

green flag while other 

are …  

Output: 

Text Generation

LLaVA
. . . 

GPT-4V

Large
 Multimodal 

Model

Motivation

But this is far from practice
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Motivation

How can such multimodal systems be real-world assistants?
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Motivation

How can such multimodal systems be real-world assistants?

(a) High-resolution images
(thousands of tokens)

(b) Long videos
(millions of tokens)
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Bottleneck of Current Multimodal Models

(a) LLaVA-OneVision: 6272 visual tokens for 32 frames

(b) Video-LLaVA: 2048 visual tokens for 8 frames

(c) IG-VLM: 2880 visual tokens for 6 frames

Motivation
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Motivation

Too many tokens is a serious problem, especially for agentic systems.

Because long video understanding is the first step for multimodal agents! 
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Motivation

Too many tokens is the bottleneck of current multimodal system!

 ● Inefficiency, especially multimodal agents!

● Distract LMMs from focusing on the key information.
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Motivation

Why content representation should be flexible?
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Motivation

Why content representation should be flexible?

Image Complexity Varies
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Motivation

● A versatile, flexible system that can represent visual content in diverse granularities!

What do we really want for content representation?
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Motivation

● A versatile, flexible system that can represent visual content in diverse granularities!

Merits:

● Users can manipulate how many tokens to use for a specific task.
● Increase the number of frames for video understanding.

What do we really want for content representation?
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Our Approach

Represent visual features like Matryoshka dolls!
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Ou Approach

Extremely simple

● Exact LLaVA architecture, but gradually apply average pooling to the [𝐻, 𝑊] visual features!

● Resulting in visual features with shape 𝐻,𝑊 ,
𝐻

2
,
𝑊

2
,

𝐻

4
,
𝑊

4
, ⋯ , [1,1].

● Backpropagate the LLM loss upon all scales during training.  
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Applications # 1

Now users can control how many tokens they want!

● In MMBench, we achieve comparable performance using 9 or 36 tokens instead of full tokens. 
● We are at least better than the vanilla model (LLaVA) trained at a specific scale. 
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Applications # 2

Different types of data prefer different number of visual tokens

● Documents need more tokens while COCO-style benchmarks need as few as 9~36 tokens.

Table: Performance of M3 on LLaVA-NeXT

-26% -4%
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Applications # 2

Most video benchmarks achieve similar accuracies with 1.6% tokens…

● We can prune visual token more than we imagined
● Using full tokens does not always result in best performance
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Applications # 2

Most video benchmarks achieve similar accuracies with 1.6% tokens…

Or such video benchmarks are not really evaluating video understanding?

We propose TemporalBench and Vinoground to solve this problem. 18



Applications # 3

Good side-effect:

● M3 serving as an image complexity evaluator.
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Demo

https://pages.cs.wisc.edu/~mucai/matryoshka-mm.html 
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Impact

Matryoshka has already ignited many interesting tasks, such as (1) Matryoshka VQVAE. 
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Thanks for Listening!

• Looking forward to any comment!

Mu CAI, UW-Madison CS

THANK YOU!
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