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Mixture of Expert (MoE)

Source: https://www.dailydoseofds.com/p/transformer-vs-mixture-of-experts-in-llms/



Mixture of Expert Model (MoE)

Source: https://www.dailydoseofds.com/p/transformer-vs-mixture-of-experts-in-llms/

In most Mixture-of-Experts models, router is usually a 
small neural network that takes the token representation 
as input and produces expert logits.



Conventional Mixture-of-Expert (MoE)

Treating TopK as fixed

Gradient w.r.t. router logits are computed only 
through the SoftMax routing weights.

Fixed cardinality (k experts per 
token)

Each token is always processed by exactly k 
experts, regardless of complexity.

Non-differentiable bottleneck
The resulting learning signal remains tied to TopK 
decision.

Source: https://www.dailydoseofds.com/p/transformer-vs-mixture-of-experts-in-llms/



ProbMoE
Probabilistic subset sampling

The key idea is that ProbMoE treats 
MoE routing as a probabilistic and 
differentiable framework

Fixed or dynamic cardinality

Supports both exact-k routing and 
dynamic-k where |S| varies between 
k_min and k_max.

Differentiable via marginal gradient

Uses straight-through marginal gradient 
estimator to backpropagate through 
discrete sampling.



Performance Comparison Across Benchmarks

9.25% ↑
GSM (OLMoE ProbMoE vs Conv.)

16%↑
Law (OLMoE ProbMoE vs Conv.)

13.85%↑
Summary (Qwen ProbMoE vs Conv.)

ProbMoE achieves top-1 or top-2 accuracy on 5 of 7 
benchmarks across both backbones



Wall-clock Report

In terms of peak GPU memory, ProbMoE DP and ProbMoE SDD closely match Conventional fine-tuning, whereas 
DenseMixer requires substantially more memory than any other method. 



Gradient variance comparison

marginal-based estimator provides a more accurate and stable approximation of the true gradient



Expert Diversity 

ProbMoE activates more diverse 
experts

Exact-k routing activates more distinct experts per 
layer vs. Conventional and DenseMixer on Qwen.

Less concentrated expert assignment

Top-4 mass is lower for ProbMoE: routing 
probability is spread more evenly across experts.

Higher normalized entropy

Routing distributions are more uniform — a 
healthier, more balanced use of model capacity.



Dynamic-k vs Exact-k Routing Performance

Accuracy V.S. efficiency trade-off
ProbMoE Dynamic-k achieves performance comparable to ProbMoE Exact-k while activating 
fewer experts.



Different tasks uses different 
ProbMoE allocates systematically different amounts of expert capacity across tasks depending on 
their difficulty

Dynamic-k routing behavior



Token Frequency vs Expert Activation

Rare tokens activate more experts

ProbMoE Dynamic-k routes rarer tokens through more 
experts, allocating more capacity to hard cases.

Frequent tokens use fewer experts

Common tokens require less computation — the model 
dynamically routes them through fewer experts.



Semantics drives expert allocation

Ambiguous tokens activates more experts while concrete words uses fewer.

Semantic-Aware Expert Allocation
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