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Motivation:

[1] Rideaux R, et al. How multisensory neurons solve causal inference[J]. Proceedings of the National Academy of Sciences, 2021, 118(32):

e2106235118.

[2] Khilkevich A, et al. Brain-wide dynamics linking sensation to action during decision-making[J]. Nature, 2024, 634(8035): 890-900.

Existing research in Cognitive Science [1,2] (PNAS, Nature) demonstrates that when the number of

modalities within a sample space increases, the human brain can dynamically assess and extract

discriminative feature information from heterogeneous multimodal data, continuously refining Cognitive

Processes through adaptive learning. This aligns with the two core elements of our method:

➢ Modality Contribution Valuation.

➢ Granular Adjustment at the Sample Level.

Our research aims to establish a multimodal learning framework that computationally

formalizes this Cognitive Processes to mitigate the modality imbalance problem.
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Our Proposal:

⮚ We evaluate the importance of sample in multimodal learning by means of a

benefit function designed by information uncertainty theory.

⮚ We propose methods to quantify the degree of contribution of each modality from

a causal perspective and represent the contribution of modalities in terms at the

sample-level.

⮚ We propose a modality balancing approach from a data perspective to improve

the performance of multimodal learning by optimizing the selection of weak

modalities from the sample level in terms of modality contribution.
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The pipeline of CMoB method



◼ Sample Benefit Valuation

According to Shannon’s theory of information uncertainty, “the essence of information is to

eliminate uncertainty” brings us new thinking. In other words, adding more modalities to a

sample is accompanied by enhancing more information, which will bring less uncertainty to the

multimodal model. We can approximate this relationship as follow:

Methodology

We defined a benefit function to evaluate the importance of the samples in the multimodal model

learning process as follow:



◼ Causal-aware Quantification Method

We measure the ITE of modality 𝑗 in sample 𝑖. The modality of the treatment variable is denoted

as 𝑥𝑖
𝑗
,the control group is 𝑆(𝑥𝑖), and the treatment group is 𝑆(𝑥𝑖)\𝑥𝑖

𝑗
then its individual causal

effect can be expressed as follows:

Methodology

When quantifying the contribution of the modality j in the sample i, we must not only calculate the

effect of the intervention modality j on the output but also consider its own impact on the output. Its

contribution can be expressed as follows:



Experiments and Results:
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Summary:

⮚ We propose a causal-aware modality validation approach for balanced

multimodal learning.

⮚ We employ intervention methods to evaluate the causal effect, quantifying

changes in modality contributions at the sample level during multimodal learning.

⮚ The fine-grained evaluation approach enables targeted optimizations across

modalities at the sample level, effectively mitigating the issue of multimodal

imbalance.
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Thank You !!
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