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1. Problems
Conventional Sparse Mixture-of-Experts (SMoE) routing 
performs one-dimensional expert selection, either along 
the expert dimension or the token dimension:

a) Token Choice: each token selects its top-k experts
b) Expert Choice: each expert selects its top-k tokens
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Drawbacks of Conventional SMoE Routing:

❑ Irrelevant candidate selection: Both Token Choice and 
Expert Choice must select a fixed number of 
experts/tokens, even when some candidates are poorly 
matched.

❑ Limited computational flexibility: Both methods rely on 
a fixed integer top-k budget, typically (k=4–8), which 
restricts adaptive computation.
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2. Unified Sparse Mixture of 
Experts (USMoE)

Reformulating Expert Selection as Linear Programming

We formulate expert selection as an optimization problem 
that maximizes token–expert similarity under routing 
constraints:

❑ Token Choice constraint: each token selects a fixed 
number of experts.
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2. Unified Sparse Mixture of 
Experts (USMoE)

Reformulating Expert Selection as Linear Programming

We formulate expert selection as an optimization problem 
that maximizes token–expert similarity under routing 
constraints:

❑ Token Choice constraint: each token selects a fixed 
number of experts.

❑ Expert Choice constraint: each expert selects a fixed 
number of tokens.

➔ Unified Perspective: Relaxing the constraints of TC 
and EC enables a more optimal routing solution.
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2. Unified Sparse Mixture of 
Experts (USMoE)

Experts Selection as a Unified 
Perspective

❑ SMoE: One-dimensional routing makes 
it difficult to filter out irrelevant token–
expert pairs.

❑ USMoE: Two-dimensional token–expert 
selection enables globally better 
matching and suppresses irrelevant 
pairs.
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2. Unified Sparse Mixture of 
Experts (USMoE)

Experts Selection as a Unified 
Perspective

❑ SMoE:  One-dimensional routing makes 
it difficult to filter out irrelevant token–
expert pairs.

❑ USMoE: Two-dimensional token–expert 
selection enables globally better 
matching and suppresses irrelevant 
pairs.

✓ Avoid missing important experts/tokens
✓ Avoid selecting irrelevant experts/tokens
✓ Enable dynamic expert selection with 

integer or non-negative fractional top-(k) 
budgets
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2. Unified Sparse Mixture of 
Experts (USMoE)

Router Logits as a Unified Score

❑ USMoE: Introduces a unified score that integrates token-centric and expert-centric 
signals for more balanced and informed routing decisions.
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3. Theoretical Results

Key Theoretical Results of USMoE:

❑ Proposition 3.3: USMoE achieves the optimal solution by maximizing total token–expert 
similarity under a global routing budget.

❑ Lemma 3.5: USMoE provides a natural filtering effect: clean token–expert pairs with high 
affinity scores crowd out noisy pairs amplified by TC/EC routing.

❑ Lemma 3.7: USMoE mitigates representation collapse, leading to stronger routing 
behavior than conventional SMoE methods, as discussed in Chi et al. (2022).
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4. Experiment Results
❑ Training-free Evaluation: USMoE improves reasoning LLMs over TC/EC without 

retraining.
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4. Experiment Results

❑ Training-free Evaluation: USMoE 
significantly outperforms standard 
routing baselines across a range of 
MTEB tasks without retraining. 
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4. Experiment Results
Training from Scratch:
❑ Language Models: USMoE consistently improves over TC and EC across Enwik8, Text8, 

WikiText-103, and LM1B
❑ Vision: USMoE achieves the highest mean accuracy with lower variance across diverse 

vision datasets.
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4. Experiment Results
More Flexible Compute:

❑ Fractional Top-k Routing: USMoE 
supports non-integer top-k budgets. With 
k=3.5, USMoE already outperforms Token 
Choice with (k=8), offering a new way to 
reduce computation without sacrificing 
performance.
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4. Experiment Results
More Explanatory:

❑ Improved Explainability: USMoE provides 
clearer interpretability by mapping clusters 
of tokens to groups of experts that share 
similar semantic meaning.
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5. Conclusion

❑ Conventional TC/EC routing is suboptimal: Fixed expert selection limits routing 
quality and reduces flexibility in controlling model computation.

❑ USMoE improves expert selection: USMoE provides stronger routing from both 
theoretical and empirical perspectives.

❑ USMoE enables flexible computation: Expert selection can be dynamically adjusted 
under a constrained computation budget.

❑ Unified perspective for MoE: Viewing expert selection jointly over tokens and experts 
opens a new direction for understanding and improving Mixture-of-Experts models.
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