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What is Multi-modal Learning?
� We understand the world from diverse source of modalities.
� Each modality complements other modalities.

Challenges in Multi-modal Learning
� Feature Collapse: Preserve dominant features only
� Modality Collapse: Ignore information from certain modality

Problem Statement
� How do we design multi-modal learning method to 

encourage leveraging the full information?
� What is the best combination of modality pairs to counter 

feature / modality collapse in multi-modal learning?

Effective Rank
� 𝐸𝑅𝑎𝑛𝑘 𝑍 = exp(−∑ !!

∑ !"
log( !!∑ !"

)), where 𝜎# as the singular 

values of feature matrix 𝑍.

Introduction

� Effective rank measures how eigenvalues are evenly distributed

What is an ‘Informative’ representation space?
� We define matrix 𝐴 is more informative than matrix 𝐵,when 

matrix 𝐴 represents more diverse features than matrix 𝐵.
� Hence, matrix 𝐴 is more informative than matrix 𝐵 when 

𝐸𝑅𝑎𝑛𝑘 𝐴 > 𝐸𝑅𝑎𝑛𝑘 (𝐵)

Information Theory Lens

Step 1. Modality Selection
� Not all modality pairs are equally 

effective for preserving features.
� We choose modality pairs that 

maximize mutual feature diversity gain.
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Step 2. Rank-enhancing Fusion
� R3D selectively targets the less 

informative channels.

How R3D works?
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State-of-the-art Comparison
� Action Anticipation downstream task
� Tested on different 𝛼(𝑂𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 𝑟𝑎𝑡𝑒), 𝛽(𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝑟𝑎𝑡𝑒)

� Action Segmentation downstream task

Feature Diversity
� R3D shows improved feature diversity in both modalities

Robustness
� Tested on various noise perturbations (clean, small noise, big noise).
� R3D adaptively relies more on cleaner modalities, showing robustness on big noise setting.

Experiments / Results

Ours:
Increased feature diversity

Existing method:
Decreased feature diversity in 
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Step 1. Modality Selection Step 2. Rank-enhancing fusion Step 3. Downstream task

� Qualitative result on Action Anticipation
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