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Multimodal Interactions

Three fundamental Interactions：

• Redundancy: modality independence via shared info

• Uniqueness: exclusive modality info for task 

• Synergy: combined modalities for complementary outcome
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Multimodal Interactions Problems

• Existing multimodal contrastive learning methods mostly rely on the following 

assumption: 

This assumption only enables the model to learn the redundant information R.

• Recent works have attempted to learn full multimodal interactions, yet they primarily 

emphasize enhanced redundant and unique interactions (R & U).
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Preliminaries

• Consider two modalities X1 and X2 and a task Y 

• According to PID, the mutual information 𝐼 𝑋1, 𝑋2; 𝑌  can be decomposed as: 

𝐼 𝑋1, 𝑋2; 𝑌 = 𝑅 + 𝑆 + 𝑈1 + 𝑈2,

where R represents redundant information, S represents synergistic information and 

U1 and U2 represent unique information specific to X1 and X2, respectively

• This decomposition is supported by consistency equations derived from the chain rule 

of mutual information:

𝐼 𝑋1; 𝑌 = 𝑅 + 𝑈1, 𝐼 𝑋2; 𝑌 = 𝑅 + 𝑈2, 𝐼 𝑋1; 𝑋2; 𝑌 = 𝑅 − 𝑆,



Preliminaries

• In self-supervised learning, Y remains unspecified, , presenting a unique challenge

• Multimodal Redundancy  Assumption:

• Defining a multimodal latent variable 𝑍𝜃 = 𝑓𝜃 𝑋  and 𝑍𝜃
′ = 𝑓𝜃 𝑋′ .

• Considering the Markov chains: 𝑋 → 𝑋′ → 𝑍𝜃
′  and 𝑍𝜃

′ → 𝑋 → 𝑍𝜃, we can establish the 

following mutual information bounds: 

𝐼 𝑍𝜃; 𝑍𝜃
′ ≤ 𝐼 𝑋; 𝑍𝜃

′ ≤ 𝐼 𝑋; 𝑋′ .



Preliminaries

• According to these inequalities and Assumption 1, we can prove the following 

lemmas



Overview of InfMasking framework



Contrastive Synergistic Information via Infinite Masking

• During the fusion process, we continuously and randomly mask a significant 

portion of the features from each modality an infinite number of times to 

capture synergistic information.

computationally 

expensive 
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Synthetic Experiments on Trifeature Datasets 

• We conduct controlled experiments on a synthetic dataset derived from Trifeature to 

assess the model’s capacity to learn uniqueness, redundancy and synergy.

denotes results are from “What to align in multimodal contrastive learning?” 



Experiments with 2 Modalities on Multibench

• We further evaluate the performance of our model on several real-world multimodal 

datasets provided by Multibench.

denotes results are from “What to align in multimodal contrastive learning?” 



Experimentswith 3 Modalities on Multibench

• Besides the 2 modalities experiments, we further conducted experiments on the 3 

modalities dataset.

denotes results are from “What to align in multimodal contrastive learning?” 



Experiments with 2 Modalities on Multimodal IMDb

• Multimodal IMDb is a real-world multimodal, multi-label dataset designed for movie genre 

classification. It poses two major challenges: significant class imbalance with genres such as 

comedy and drama dominating the label distribution, and substantial semantic discrepancy 

between visual (poster) and textual (plot’s description) modalities. 

denotes results are from “What to align in multimodal contrastive learning?” 
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Conclusion

We introduce a contrastive synergistic information extraction method via infinite masking.

• InfMasking stochastically occludes a substantial proportion of features from each 

modality during the fusion process. This masking preserves only partial information, 

creating fused representations with varied synergistic patterns

• Unmasked fused representations are aligned with these masked ones via mutual 

information maximization to encode comprehensive synergistic information.

• To address the expensive computation of mutual information estimates with infinite 

masking, we derive an InfMasking loss to approximate the calculation of this loss 

function.



THANKS


	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19

