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1. Problems
Routers are a key component in Sparse Mixture of 
Experts (SMoE), but they remain challenging:

❑ Difficult to learn: Router optimization is challenging 
because routing decisions receive only indirect and 
sparse gradient signals.
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1. Problems
Routers are a key component in Sparse Mixture of 
Experts (SMoE), but they remain challenging:

❑ Difficult to learn: Router optimization is challenging 
because routing decisions receive only indirect and 
sparse gradient signals.

❑ Router collapse: Our analysis of 10 well-trained 
large-scale MoEs ranging from 3B to 120B 
parameters shows severe collapse, with collapse 
levels between 0.4 and 0.9

Is it possible to perform routing in 
MoEs without a router?



6

2. Findings
We study three well-trained SMoE-based LLMs 
— OLMoE, DeepSeekMoE, and QwenMoE — and 
find that:

❑ Expert eigenvectors are effective 
representations: Eigenvectors of expert 
weight matrices can be directly used for 
downstream tasks, including classification, 
clustering, reranking, STS and summarization.
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We study three well-trained SMoE-based LLMs 
— OLMoE, DeepSeekMoE, and QwenMoE — and 
find that:

❑ Expert eigenvectors are effective 
representations: Eigenvectors of expert 
weight matrices can be directly used for 
downstream tasks, including classification, 
clustering, reranking, STS and summarization.

❑ Expert eigenvectors encode semantics: 
These eigenvectors capture rich semantic 
information, revealing meaningful structure 
within trained experts.

Can we use expert eigenvectors 
as training-free routers for expert 

selection?
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3. Solution: Eigenvectors Representation

Eigenvectors of Experts as Routers

Leverage the spectral structure of expert weight matrices 
to guide expert selection:
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3. Solution: Eigenvectors Representation

Eigenvectors of Experts as Routers

Leverage the spectral structure of expert weight matrices 
to guide expert selection:

❑ Training-free routing: No additional router learning 
is required.

❑ Non-collapsing expert selection: Expert 
eigenvectors provide stable and diverse routing 
signals.
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3. Solution: Singular Value Decomposition 
SMoE (SSMoE) SSMoE consists of 4 steps:
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4. Results

Theoretical Insights of SSMoE

❑ Approximate expert orthogonality (Lemma B.1): Expert eigenvectors are 
approximately orthogonal, providing diverse routing directions.

❑ Collapse mitigation (Lemma 3.1): The SSMoE router reduces representation 
collapse, a common issue in conventional SMoE models (Chi et al., 2022).
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4. Results
❑ Full-expert setting: SSMoE improves reasoning performance over the original model without 

retraining.
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4. Results
❑ Full-expert setting: SSMoE improves reasoning performance over the original model without 

retraining.
❑ Expert-pruned setting: SSMoE outperforms the original model while activating only 75% of experts.
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4. Results
❑ Semantic Evaluation: SSMoE consistently improves over baselines across advanced SMoE models, 

including OLMoE-7B and DeepSeekMoE-16B, with 25–30% gains.
❑ Robust Evaluation: SSMoE reaches SOTA performance on 15/18 clean tasks and 16/18 corrupt 

tasks, showing strong robustness under distribution shift.
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4. Results
❑ Image-Text Retrieval Evaluation: SSMoE outperforms both the original CLIP model and the CLIP-

MoE baseline across all retrieval tasks, under both clean and corrupted settings.
❑ Statistical Significance Test: We report the original baseline score, SSMoE score, absolute 

improvement, 95% confidence interval, and paired bootstrap p-value to validate the significance of 
SSMoE’s gains.
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4. Results - Analysis

❑ Original Router: Expert representations are 
highly correlated, leading to redundant 
routing directions.

❑ EV Router: Expert eigenvectors are 
approximately orthogonal, providing diverse 
and non-collapsing routing directions.
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4. Results - Analysis

❑ SSMoE leverages strong semantic signals 
from expert eigenvectors, producing 
representations with more coherent and 
well-separated clusters.
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5. Conclusion

❑ Conventional MoE routers are fragile: Although routers are central to MoE models, they 
often suffer from severe collapse even in well-trained large-scale MoEs.

❑ Expert eigenvectors encode semantics: Eigenvectors of expert weight matrices contain 
rich semantic information that can guide expert selection.

❑ SSMoE enables training-free routing: SSMoE provides a training-free and non-collapsing 
router, mitigating representation collapse and improving model performance without 
retraining.

❑ New direction for MoE design: Our findings open a new path toward redesigning MoEs 
beyond conventional learned routers.
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