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Motivation-The cost

Background: MLLMs exhibit powerful capabilities, but their training is extremely 

costly, often requiring thousands or even tens of thousands of GPUs.
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What causes the cost? The granularity misalignment

Underlying cause: A granularity misalignment exists between VFMs (e.g., CLIP) and the visual 

question answering tasks required by MLLMs.[1]
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[1] Shengbang Tong, Saining Xie et al. Eyes Wide Shut? Exploring the Visual Shortcomings of Multimodal LLMs. CVPR2024.

Granularity level: coarse to fine (image-level, object-level, pixel-level, etc.)

Huge computational cost

Status quo and Challenge: The granularity of visual embeddings is typically not finely adjustable 

during training. Consequently, alignment is inefficient and incurs huge computational cost.
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Adjustment Bottleneck: Euclidean Space Limitations

Euclidean space is isotropic: All directions are equivalent, so moving a point does not 

effective change its level of granularity. Consequently, adjustment methods in Euclidean 

space are inefficient for aligning VFMs to the granularity required by MLLMs.

Can captures similarity 

between points, i.e., so-called 

Euclidean distance.

Cannot capture any intrinsic 

properties of points, e.g., 

their granularity.

Euclidean space



Hyperbolic geometry -> Classical Poincaré ball model

Get inspiration: In the Poincaré ball model, the hyperbolic radius (i.e., the distance 

to the origin) can often be used to indicate the hierarchical level, e.g., the 

granularity of concepts.[1]

[1] Maximilian Nickel, Douwe Kiela. Poincaré Embeddings for Learning Hierarchical Representations. Neurips 2017.

Solution – Hyperbolic geometry 

Core idea of HyperET: By tuning the hyperbolic radius of the visual embeddings for 

a given target task, we can effectively adjust their granularity level.



Euclidean space to Hyperbolic space

Method – HyperET framework

Hyperbolic space to Euclidean space

Learnable Parameters & Möbius 
multiplication -> Adjusting hyperbolic radius

Step 1

Step 2

Step 3

Visual 
embeddings 

Visual 
embeddings 

A detailed theoretical 
analysis is provided in 
Section 4 of the main 
manuscript and in the 

supplementary material.



Parameter Efficiency Design - The Matrix Variants 

Params: diagonal <<block-diagonal≈banded<<fullFour Flexible Parametrization



Quantitative Results

Key Ablation Study: Outperforming 
Euclidean Space Adjustment



Spatial understanding
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What’s going on in this image? 

Is the man riding the bicycle?

The man is actually sitting beside the bicycle, not riding the 
bicycle.

Yes, the man is riding the bicycle.

In this image, many purple and white flowers are 
blooming. 

Many purple and white flowers are blooming, and a bee is on 
a flower.

Qualitative Results

Fine-grained perception



Analysis – Change of hyperbolic radius

Adapt CLIP with HyperET on 
segmentation datasets

Adapt CLIP with HyperET on VQA datasets



More Inspiring Findings
Hyperbolic radius of visual embedding varies with model size and image resolution.

Granularity level: SAM series models < DINO series models <CLIP series models.

Mean:0.72 Mean:0.70
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Range:0.70~0.85 Range:0.67~0.82 Range:0.65~0.80

Range:0.15~0.30 Range:0.55~0.85 Range:0.77~0.92
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Conclusion & Take-home Messages

A New Perspective on Training MLLM
Identified granularity mismatch as one of the key bottlenecks in efficient MLLM training.

Proposed hyperbolic space as the ideal manifold to model granularity levels.

HyperET Framework
Introduces hyperbolic radius adjustment via learnable matrices and Möbius multiplication.

Enables arbitrary alignment of granularity level with target tasks.

Efficiency & Effectiveness
Achieves clear improvements with < 1% additional parameters.

Provides interpretability: The hyperbolic radius correlates with model size, resolution, and etc.



Thanks!

Please consider citing our paper if it is helpful in your research 

and development.

https://github.com/godlin-sjtu/HyperET


