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1. Introduction

‣ Rise of Foundation Models (Large Models)

‣ Contrastively leverage information across different modalities.
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‣ However, significant limitations remain:

• Require high-quality data describing each modality sufficiently.
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1. Introduction

‣ However, significant limitations remain:

• Require high-quality data describing each modality sufficiently.

• Multimodal theoratical aspects focus when paired-datasets are 

available, where it requires high computational cost.
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between distribution of latent features of each modality, where it reveals 
that it doesn’t requires high quality of paired-datasets.



1. Introduction
Our Approach: Synergistic Multimodal Learning in 2 Perspectives

‣ Theoratical Perspective: Derive how one modality can promote the training 
of other modality mathematically based on 2-Wasserstein distance 
between distribution of latent features of each modality, where it reveals 
that it doesn’t requires high quality of paired-datasets.


‣ Empirical Perspective: Demonstrates how a pretrained modality model can 
aid in training another modality, even with imperfect supervision between 
paired datasets. 
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Skeptual Concept based on Our Hypotheses
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Skeptual Concept based on Our Hypotheses
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Interpolated between  and  with Coef. Zi Zj α
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Might not hinder getting information 

from j modality even with imperfect data
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Δk ≤ min(Δi, Δj)

Skeptual Concept based on Our Hypotheses (Easier verison)
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3. Experiment (Empirical Perspective)
Experimental Settings for Synergistic Multimodal Learning
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‣ Imperfect Supervision:  
• Conducting imperfectly paired datasets, where paired data provide only 

partial or insufficient descriptions of each other.


• Ex). [ 🐕🦺 , “This is about class #.”] ⇒ Imperfect (Vision, Text) 



3. Experiment (Empirical Perspective)
Experimental Settings for Synergistic Multimodal Learning

‣ Imperfect Supervision:  
• Conducting imperfectly paired datasets, where paired data provide only 

partial or insufficient descriptions of each other.


• Ex). [ 🐕🦺 , “This is about class #.”] ⇒ Imperfect (Vision, Text) 


‣Matching modalities at Latent Feature Space (or Subspace): 
• Each modality is analyzed and compared within the latent feature space, 

extracted from the each modality model. ⇒ Need new loss functions
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3. Experiment (Empirical Perspective)
Loss Functions

Classification Loss:  

Latent Loss:  

 Total Loss: 

ℒcls = 𝔼
(xi

m,yi
m)∼𝒮i [ℒCE (h ∘ g(xi

m), yi
m)]

ℒz = 𝔼
(xi

m,yi
m, ̂zi

m)∼𝒮i× ̂Zj [ | |g(xi
m) − ̂zi

m | |2
2 ]

⇒ ℒtotal = (1 − α)ℒcls + αℒz
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3. Experiment (Empirical Perspective)
Experimental Settings of  (imperfect supervision)̂zj
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3. Experiment (Empirical Perspective)
Empirical Results: Vision-Langauge
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3. Experiment (Empirical Perspective)
Empirical Results: Language-Audio, Vision-Audio
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4. Analysis
Convergence of Latent Loss (Magnitude of Losses)
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⇒ All cases converges almost to, but not exactly to, zero due to interpolation.



4. Analysis
Wasserstein Distance between Paired Modalities

Interpolated representation 
are both smaller than WD 
between modalities
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4. Analysis
Wasserstein Distance between Paired-Modalities
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Our Results (t-SNE Visualizations)



4. Analysis
Ablation Studies: Usage of Paired Supervision  vs. zj ̂zj

Slightly improved 
but minimal gains
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5. Conclusion

‣ Our paper demonstrate that a modality can enhance learning in another, 
even with weakly related or mismatched supervision,


‣ Both theoretical and empirical frameworks support this finding, reinforcing 
its validity.


‣ Exploring more complex multimodal settings, incorporating additional 
modalities, and scaling to larger models for further advancements.
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Thank you!
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