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Mixture-of-Experts (MoE)

• The MoE system replaces the FFN layer in LLM with multiple experts
• The router predicts the probability of each token dispatched to different experts. 

Tokens are then dispatched to the experts with the Top-k predicted probability



The routing of tokens

• A critical goal of token routing is to reduce interference between diverse data
• How to define conflicting tokens?

• Related LoRA-MoE studies: Sample-level instruction features or embeddings
• These techniques suffer from optimization interference risk and token-level interference within a sample
• This study models data interference through the lens of token-level gradients

• How to solve conflicting tokens? 
• We propose the STGC: A novel loss to move conflicting tokens to other experts to reduce conflicts



Eliminate conflicts

• Conflicting token identification
• Use the token-level gradients within each expert to identify "conflicting tokens"

• Conflict elimination loss
• Add a novel loss to optimize token routing, and move the "conflicting tokens" from their current experts 

to other experts for processing

• The goal is to reduce the interference between different data: Use token-level gradients to depict the 
relationships (conflict or no conflict) between data within an expert.

Conflict elimination loss

Encourage the decrease of scores



STGC as a plug-in

• As a plug-in, STGC consistently brings reliable model performance improvements
• During inference, activating 3.6B parameters performs better than a dense model activating 13B parameters



Scalability

• The larger the training data size, the more significant the performance gain brought by STGC
• STGC can bring more obvious performance gains on large language models
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