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Background

Mixture-of-experts (MoE) fixes the expert granularity and the sparsity ratio 
at the beginning of pre-training.
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Key Observation — Dual Sparsity
MoE has two types of hidden sparsity:

1. Tensor-level sparsity
  - Some activated token-expert pairs have very low gating scores
  - These experts may contribute very little
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Dual sparsity = tensor sparsity + neuron sparsity



Complete Expert Partition for Post-training
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Complete Expert Partition for Post-training
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Complete Expert Partition for Post-training
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Post-training Accuracy
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Threshold-based Token-Expert Dropping (1T-Drop)
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Dual-Threshold Token-Expert Dropping (2T-Drop)
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Dual-Threshold Token-Expert Dropping (2T-Drop)
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Dual-Threshold Token-Expert Dropping (2T-Drop)
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Dual-Threshold Token-Expert Dropping (2T-Drop)

Weilin Cai | HKUST (GZ)

(c) Dual-Threshold Drop

Pre-Trained Mixture-of-Experts Model
Atten MoE Atten MoE ……

(b) Expert Reconstruction (Neuron-Level Sparsity)

E00

E00

E01

E01

E10

E10

E11

E11

Neuron Importance Profiling

Major Minor Major Minor

(a) Expert Partition (Tensor-Level Sparsity)

Expert0

E01E00

Expert1

E11E10

E00 E01

Gate

Input Tokens

E11E10

Threshold-minor
Threshold-major

Major MajorMinor Minor

(d) Load-Aware Thresholding

GPU0

E00 E01
Major Minor

E11E10
Major Minor

GPU1

Input Tokens

Gate Lower Load
Lower Threshold

Higher Load
Higher Threshold



Inference Evaluation
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Thank You

Email: wcai738@connect.hkust-gz.edu.cn


