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Introduction Gradient Conflict of Load Balance Load Results
Effectively managing missing modalities is a 

fundamental challenge in real-world multimodal 

learning scenarios, where data incompleteness often 

results from systematic collection errors or sensor 

failures. We propose ConfSMoE to introduce a two-

stage imputation module to handle the missing 

modality problem for the SMoE architecture by taking 

the opinion of experts and revealing the insight of 

expert collapse from gradient analysis with strong 

empirical evidence. Inspired by our gradient analysis, 

ConfSMoE proposed a novel expert gating mechanism 

by detaching the softmax routing score to task 

confidence score w.r.t ground truth signal. This 

naturally relieves expert collapse without introducing 

additional load balance loss function. We show that the 

insights of expert collapse empirically align with other 

gating mechanism such as Gaussian and Laplacian gate. 

➢ We theoretically identified the optimization of 

SMoE token selection will drive a rich-get-richer 

expert due to the extreme distribution of softmax in 

router. This can be worse when the modality is 

missing.

➢ Typical Load balance loss generate a conflict 

gradient to SMoE architecture during the 

optimization, resulting an ambiguous expert 

selection.

➢ We address this by replacing the routing score to 

downstream task confidence score that guide the 

routing behavior specifically by the task-preference 

instead of token-expert preference.

➢ We also address missing modality problem in 

multimodal learning task by a two-stage imputation 

strategy: Impute the modality from its own 

distribution and Further refine the missing modality 

by cross-modal interaction.

1. We assume the all load balance load is trying to 

make the routing distribution evenly, which the 

behaviour is equivalent to minise inverse of 

entropy of routing score. 𝓛𝑳𝒐𝒂𝒅 =
𝟏

𝑯(𝒈)
 , where 

𝑯 𝒈 = σ𝒊=𝟏
𝑵 𝒈𝒊𝒍𝒐𝒈(𝒈𝒊) is the entropy of 

gating score. We can then have the gradient of 

𝓛𝑳𝒐𝒂𝒅 in the form of Jacobian.

2. The set-up of Sparse MoE is as follow, where 𝑔𝑖 is 

the gating score of expert 𝐸𝑖 with input data ℎ. 𝑚𝑖 

represents the TopK operation, which is a binary 

masking operation.

Gradient Conflict
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Will be negative when routing 
distribution is sharp

Proposed Method

Figure 1: Expert Collapse of MoE and Comparison with Two Different Modality Imputation

Figure 2: Proposed Method Figure 5: Imputation in Embedding Space

Figure 5: Experiment III random dropping modality in X% 

Calculate the Jacobian of Spase MoE:


