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“We cast MoE routing as probabilistic inference over cardinality-constrained expert subsets, yielding exact marginal-based router gradients that improve expert
utilization and diversity, with a natural extension to adaptive per-token expert budgets.”

ProbMoE Solution

Rather than treating expert selection as a fixed discrete decision in the
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» Standard training updates selected experts but gives the router little
signal about alternative expert subsets.

flz) © Vi (g(C)m + mm(C))

Straight-through marginal gradient estimator
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5’y(X' r) This objective optimizes the router over a distribution of feasible expert
9 — subsets, allowing alternative expert combinations to influence training. Results
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Table 1. Performance comparison across benchmarks. Top-3 are highlighted; darker colors indicate better performance.
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This gives no direct gradient for the discrete selection mechanism. Dense
straight-through estimators add proxy gradients for expert scores, but the
learning signal remains tied to deterministic top-k routing instead of a
distribution over expert subsets.

GSM: exact match; Law, Translation, Summary: LLM-as-judge; MBPP and MMLU: LM Evaluation Harness.

The MoE layer computes the subset-specific output using the sampled mask.

Backward. Let z; € {0,1} indicate whether expert i is selected, and let
P,(z;=1] |S| = k) be its exact marginal. ProbMoE combines the
sampled forward mask, exact marginals, and soft routing weights with a
straight-through estimator:

Table 3. Bias, variance, and gradient error.
Model Bias Variance Error

ProbMoE 0.0702 £ 0.0426 0.0076 £ 0.0110 0.0967 £ 0.0659
DenseMixer 0.1052 4 0.0839 0.0201 + 0.0427 0.1349 4 0.0995

Table 2. Dynamic-k vs. Exact-k.
Dataset OLMoE Qwenl.5
GSM —1.82 (80.00%) —4.29 (75.00%)
Law —0.04 (84.50%) +2.70 (75.00%)
Translation +0.36 (82.00%) +3.22 (75.00%)
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» Hard top-k encourages concentrated routing patterns.

» Alternative expert subsets receive little exploration signal. .
0 | = S
» Expert under-utilization can persist even with dense STE proxies. W = (stopgra,d(z —m) + m) O . H Topk + Margina o o
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g subsets, it naturally extends from fixed-cardinality routing to adaptive )
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This yields a range-constrained expert subset distribution:
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The router can therefore choose fewer or more experts per token while
preserving the same marginal-based training principle.

ProbMoE reframes MoE routing as probabilistic inference over expert subsets, replacing hard Top-K selection with a principled routing distribution that gives more informative router
gradients, improves expert utilization, and naturally extends to Dynamic-K routing for adaptive sparse computation.

ProbMoE activates more experts across Qwen layers. conve™

Wall-clock comparison on GSM.

Key takeaway




