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Domain-Specific Pruning of Large Mixture-of-Experts

Models with Few-shot Demonstrations



1. Background

• Mixture-of-Experts (MoE) architectures have demostrated efficiency of scaling 

parameters without proportional computational overhead.

• The deployment of large MoE models imposes substantial memory requirements.

• DeepSeek-R1 (671B)

• BF16: 1500GB -> 4 ×8 A800/H800

• FP8: 750GB ->  2 ×8 H800

• Necessary of MoE compression techniques.



1. Background

MoE Architecture
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2. Empirical Analysis

Large MoE models contain domain-specialized experts that are predominantly 

activated in their respective domains.

Expert Specialization Across Domains 



2. Empirical Analysis

Domain-specific experts play a critical role in the relevant domain but are 

redundant for other domains.

Expert Specialization Across Domains 



2. Empirical Analysis

• Domain-specific experts can be identifies with few demonstrations.

• Domain-specific expert activation patterns are largely transferable within the same 

domain.

Expert Locality Within One Domain



3. Method

•Collecting expert activation statistics of the MoE model on target-domain demonstrations 

and selecting Top-M experts with the largest expert scores.

Expert Score Mixed-Domain Pruning



3. Method

Output-Aware Expert Importance Assessment

Analysis: Each expert’s contribution to the final output is bounded by the 

product of its gating value and the L2 norm of its output.

Output-Aware Expert Importance 



3. Method

Expert-Level Token Contribution Estimation

Analysis: When dealing with tokens exhibiting low similarity before and 

after the MoE module, adjusting their routed experts will induce a 

substantial distributional shift in their representation



4. Experiment

•EASY-EP can achieve better 

performances than other method and 

achieves comparable performances to 

the full model with half experts.

•Non-reasoning models exhibit 

greater robustness after pruning.

•EASY-EP preserve performance well  

under mixed-domain pruning settings.



4. Experiment

Generalization Capacities

A certain generalization capy, especially in similar domains.

Ablation study 

Both components in EASY-EP are important.
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4. Experiment

Number of Demonstrations

Only few demonstrations can achieve 

comparable performance with the baselines.

Throughput

Compared to the full model, the pruned 

models presents improved throughputs.
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