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ABSTRACT

Mixture-of-Experts (MoE) language models achieve efficiency through sparse ac-
tivation, but typically use fixed top-k routing that activates the same number of
experts regardless of input complexity. We propose post-hoc top-p expert routing,
a training-free method that repurposes router softmax probabilities as a confidence
signal to dynamically vary expert count per token. By selecting the minimum set
of experts whose cumulative probability exceeds a threshold p, our approach en-
ables input-adaptive compute allocation without retraining. On Qwen3-30B-A3B,
we find that top-p routing exhibits emergent domain-adaptive behavior: when cal-
ibrated for average k = 4 on WikiText-2, the method automatically increases to
k = 6.04 on GSM8K (+54%), achieving 87.87% accuracy compared to 81.88%
for static top-4. However, this comes with a perplexity trade-off (+0.25 vs static
top-4 at matched compute). Analysis reveals that router confidence is weak but
sufficient for coarse-grained adaptation, with early layers requiring more experts
than late layers.
WARNING: This paper was generated by an automated research system. The code
is publicly available.1

1 INTRODUCTION

Mixture-of-Experts (MoE) language models have emerged as a powerful paradigm for scaling model
capacity while maintaining computational efficiency (Shazeer et al., 2017; Fedus et al., 2021). By
activating only a subset of expert networks per token, MoE architectures enable models with hun-
dreds of billions of parameters to operate at the inference cost of much smaller dense models. Mod-
ern MoE systems such as Mixtral (Jiang et al., 2024) and DeepSeek-V2 (Shao et al., 2024) have
demonstrated strong performance across diverse tasks while significantly reducing computational
requirements.

However, current MoE deployments universally employ fixed top-k routing, activating the same
number of experts for every token regardless of input complexity. This one-size-fits-all approach
is suboptimal: some tokens may be “easy” and require minimal expert computation, while others
may be “hard” and benefit from consulting more experts. Recent work has explored dynamic expert
allocation, but existing approaches require either training modifications (Huang et al., 2024; Aghdam
et al., 2024) or learned allocator modules (Yue et al., 2024), limiting their applicability to pretrained
models.

We investigate whether pretrained fixed-top-k MoE models already contain a usable signal for dy-
namic expert allocation. Our key insight is that the router’s softmax probability distribution may
encode information about how many experts are “plausible” for each token—even though the model
was trained with fixed k. We propose post-hoc top-p expert routing: selecting the minimum set
of experts whose cumulative probability exceeds a threshold p, analogous to nucleus sampling in
text generation. This approach requires no retraining or additional modules—it operates entirely at
inference time by modifying the expert selection rule.

1https://gitlab.com/fars-a/retrofit-top-p-moe-routing
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On Qwen3-30B-A3B, we find that top-p routing exhibits emergent domain-adaptive compute al-
location. When calibrated for average k = 4 on WikiText-2, the method automatically increases
to k = 6.04 on GSM8K mathematical reasoning (+54%), achieving 87.87% accuracy compared
to 81.88% for static top-4—recovering 80% of the performance gap to full top-8. However, this
comes with a trade-off: top-p incurs a modest perplexity penalty (+0.25) compared to static top-4 at
matched average compute.

Our contributions are threefold. First, we propose post-hoc top-p expert routing, a training-free
method for dynamic expert allocation in pretrained MoE models that repurposes router probabilities
as a confidence signal. Second, we demonstrate emergent domain-adaptive compute allocation:
the method automatically allocates more experts to reasoning tasks without task-specific tuning,
recovering substantial performance while reducing average compute. Third, we analyze the router
confidence signal, finding it is weak (86% of maximum entropy) but sufficient for coarse-grained
adaptation, with consistent layer-wise patterns where early layers require more experts than late
layers.

2 RELATED WORK

Mixture-of-Experts Models. Sparse Mixture-of-Experts (MoE) architectures enable scaling
model capacity while maintaining computational efficiency by activating only a subset of param-
eters per input. The foundational work by Shazeer et al. (2017) introduced the sparsely-gated MoE
layer with noisy top-k gating, demonstrating significant improvements in language modeling. Sub-
sequent work scaled MoE training to hundreds of billions of parameters: GShard (Lepikhin et al.,
2020) introduced automatic sharding for distributed training, while Switch Transformers (Fedus
et al., 2021) simplified routing to top-1 selection with auxiliary load-balancing losses. GLaM (Du
et al., 2021) demonstrated strong quality-efficiency trade-offs at scale. More recently, Mixtral (Jiang
et al., 2024) popularized open-weight MoE models with top-2 routing, and DeepSeek-V2 (Shao
et al., 2024) and DeepSeek-V3 (DeepSeek-AI et al., 2024) introduced auxiliary-loss-free load bal-
ancing. Expert Choice routing (Zhou et al., 2022) inverts the routing paradigm by having experts
select tokens rather than tokens selecting experts. These models universally employ fixed top-k
routing, activating the same number of experts regardless of input complexity.

Dynamic Expert Allocation. Several approaches have explored varying the number of activated
experts based on input characteristics. Huang et al. (2024) train MoE models with confidence-
threshold (top-p) routing and additional losses, demonstrating that harder tasks naturally activate
more experts. Ada-K (Yue et al., 2024) learns lightweight allocator modules via reinforcement learn-
ing to determine per-token expert counts, achieving significant efficiency gains. DA-MoE (Aghdam
et al., 2024) proposes dynamic allocation strategies during training. These methods require either
training modifications or additional learned modules. In contrast, our approach applies top-p routing
post-hoc to pretrained fixed-top-k models without any training.

Adaptive Computation and Test-Time Scaling. Beyond MoE-specific approaches, adaptive
computation has been explored through early exit mechanisms and variable-depth architectures.
Duo-LLM (Alizadeh-Vahid et al., 2024) studies adaptive computation by routing tokens through
heterogeneous modules based on task complexity, revealing gaps between trained routers and opti-
mal oracle patterns. Recent work on test-time scaling (Snell et al., 2024) demonstrates that allocat-
ing additional inference compute adaptively per prompt can outperform larger models, motivating
compute-optimal strategies. Our work connects to this line by treating expert count as a lightweight
test-time adaptation mechanism that requires no additional training or search.

3 METHOD

We propose post-hoc top-p expert routing, a training-free approach to dynamic expert allocation
for pretrained Mixture-of-Experts (MoE) language models. Our method repurposes the router’s
softmax probabilities as a confidence signal, selecting a variable number of experts per token based
on cumulative probability mass.
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3.1 PRELIMINARIES: TOP-k ROUTING IN MOE

In a standard MoE layer, the feed-forward network (FFN) is replaced by N expert networks
{e1, e2, . . . , eN} and a routing network that determines which experts process each token. For an
input token representation x ∈ Rd, the router computes logits z = Wrx where Wr ∈ RN×d is a
learnable weight matrix. These logits are converted to probabilities via softmax:

πi =
exp(zi)∑N
j=1 exp(zj)

, i ∈ {1, . . . , N} (1)

where πi represents the probability of selecting expert ei.

Standard top-k routing (Shazeer et al., 2017) selects the k experts with highest probabilities. Let
Ik = TopK(π, k) denote the indices of the top-k experts. The MoE layer output is computed as:

MoE(x) =
∑
i∈Ik

wi · ei(x), where wi =
πi∑

j∈Ik
πj

(2)

The weights wi are renormalized over the selected experts. This fixed-k approach activates the same
number of experts regardless of input complexity, potentially wasting compute on easy tokens or
underserving difficult ones.

3.2 TOP-p EXPERT ROUTING

We propose selecting a variable number of experts based on cumulative probability mass, analogous
to nucleus sampling in text generation. The key insight is that the router’s probability distribution
may encode information about how many experts are “plausible” for a given token—if probability
mass is concentrated on few experts, fewer may suffice; if spread across many, more experts may be
needed.

Given router probabilities π, we sort experts by descending probability: π(1) ≥ π(2) ≥ · · · ≥ π(N).
For threshold p ∈ (0, 1], we select the minimum number of experts whose cumulative probability
exceeds p:

k(x) = min

{
k :

k∑
i=1

π(i) ≥ p

}
(3)

We enforce a minimum of kmin = 2 experts to ensure meaningful expert combination. The selected
expert set is S = {(1), (2), . . . , (k(x))}, and the output is computed with renormalized weights:

MoE(x) =
∑
i∈S

πi∑
j∈S πj

· ei(x) (4)

This formulation allows confident tokens (concentrated probability mass) to use fewer experts while
uncertain tokens (diffuse probability) activate more experts, enabling input-adaptive compute allo-
cation without retraining.

3.3 PER-LAYER CALIBRATION

A challenge with applying a global threshold p is that different layers exhibit different router confi-
dence distributions. The same p value may yield vastly different average expert counts across layers,
leading to inconsistent compute budgets.

To address this, we calibrate a separate threshold pl for each MoE layer l to achieve a target average
expert count k̄. On a held-out calibration set (WikiText-2 validation), we perform binary search to
find pl such that:

Ex[kl(x)] ≈ k̄ (5)
where kl(x) is the expert count at layer l for token x under threshold pl. This per-layer calibration
ensures consistent average compute while preserving token-level variation within each layer.

Figure 1 illustrates our approach. The method requires no architectural changes or additional
training—it operates entirely at inference time by modifying the expert selection rule. Implemen-
tation is straightforward: we compute the model’s existing top-k0 expert indices and probabilities,
then take a prefix of that list based on cumulative probability mass.
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Figure 1: Overview of post-hoc top-p expert routing. Given router logits from a pretrained MoE
layer, we apply softmax and select experts whose cumulative probability exceeds threshold p (cal-
ibrated per-layer). The selected experts are weighted by their renormalized probabilities. This en-
ables dynamic expert counts without retraining.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Model. We evaluate on Qwen3-30B-A3B (Yang et al., 2025), a Mixture-of-Experts language
model with 30.5B total parameters and approximately 3.3B active parameters per forward pass.
The model contains 128 experts across 48 MoE layers with default top-8 routing.

Benchmarks. We evaluate on two complementary tasks: (1) WikiText-2 (Merity et al., 2016)
for language modeling perplexity, using sliding-window evaluation with context window 2048 and
stride 512; and (2) GSM8K (Cobbe et al., 2021) for mathematical reasoning, using 8-shot prompting
with greedy decoding and exact-match accuracy (strict format).

Baselines. We compare three routing strategies: (1) Static Top-8: the model’s default routing,
representing full compute; (2) Static Top-4: fixed top-4 routing, representing a simple compute
reduction baseline; and (3) Top-p (Ours): our proposed method with per-layer calibration targeting
average k = 4 on WikiText-2.

Metrics. We report perplexity (lower is better) for WikiText-2, exact-match accuracy (higher is
better) for GSM8K, and average expert count per token (k̄) to measure compute usage.

4.2 MAIN RESULTS

Table 1 presents our main findings. The key observation is that top-p routing exhibits domain-
adaptive compute allocation: while calibrated to use an average of 4 experts on WikiText-2, the
method automatically increases to 6.04 experts on GSM8K—a 54% increase—without any task-
specific tuning. This suggests the router’s probability distribution encodes meaningful information
about input complexity that transfers across domains.

This domain-adaptive behavior yields substantial reasoning performance recovery. Top-p achieves
87.87% accuracy on GSM8K compared to 81.88% for static top-4, recovering 80% of the perfor-
mance gap to full top-8 (89.77%) while using only 75% of the compute on average. However,
this comes with a trade-off: on WikiText-2, top-p incurs a perplexity penalty of +0.25 compared to
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Table 1: Main results comparing routing strategies on Qwen3-30B-A3B. Top-p routing enables
domain-adaptive compute allocation, automatically increasing expert count on reasoning tasks
(GSM8K) while maintaining efficiency on language modeling (WikiText-2). Best results in bold,
second-best underlined.

Method WikiText-2 PPL ↓ GSM8K Acc. ↑ Avg k (Wiki) Avg k (GSM8K) ∆k

Static Top-8 7.77 89.77% 8.0 8.0 0%
Static Top-4 8.98 81.88% 4.0 4.0 0%
Top-p (Ours) 9.23 87.87% 3.92 6.04 +54%

Table 2: Router confidence signal analysis on WikiText-2. The router entropy is high across all
token categories (86% of maximum), indicating a weak but non-zero confidence signal. Content
words have lowest entropy (most confident routing) while punctuation has highest entropy.

Token Category Fraction Mean Entropy Top-1 Prob Avg k

Content word 43.3% 4.147 0.087 3.93
Stopword 26.0% 4.166 0.082 4.11
Number 11.0% 4.208 0.082 4.36
Whitespace 5.2% 4.242 0.079 4.59
Punctuation 14.4% 4.314 0.069 4.95
Overall 100% 4.188 – 4.04

static top-4 (9.23 vs 8.98) at matched average compute, indicating that the dynamic allocation is not
strictly Pareto-optimal for language modeling.

4.3 ROUTER CONFIDENCE ANALYSIS

To understand the router’s confidence signal, we analyze entropy and expert allocation across token
categories (Table 2). The router entropy is high across all categories—averaging 4.19 nats, which is
86% of the maximum possible entropy for 128 experts (ln(128) = 4.85). This indicates a weak but
non-zero confidence signal: 99.07% of tokens have top-1 probability below 0.2.

Interestingly, content words (nouns, verbs, adjectives) exhibit the lowest entropy (4.147) and conse-
quently use the fewest experts (3.93), while punctuation has the highest entropy (4.314) and uses the
most experts (4.95). This counterintuitive pattern—where “simpler” tokens receive more experts—
suggests the router’s confidence reflects semantic specificity rather than task difficulty: content
words may route to specialized experts while punctuation requires broader expert combinations.

4.4 SENSITIVITY ANALYSIS

Figure 2 compares the perplexity-compute trade-off between top-p and static top-k routing across
different operating points. At extreme sparsity (avg k ≈ 2), top-p achieves perplexity of 12.28
compared to 30.14 for top-k—a 2.5× improvement. This suggests top-p better handles the long tail
of “easy” tokens that can be processed with minimal experts.

However, the curves cross around avg k ≈ 3–4, after which static top-k becomes more efficient.
At our target operating point (avg k = 4), top-p incurs a modest perplexity penalty. This crossover
behavior indicates that top-p’s advantage lies primarily in aggressive compute reduction scenarios
rather than moderate efficiency gains.

4.5 LAYER-WISE ANALYSIS

Figure 3 reveals a consistent layer-wise pattern in expert allocation. Early layers (0–15) use an
average of 4.63 experts, while late layers (32–47) use only 3.58 experts. Layer 1 exhibits the highest
allocation (5.97 experts) and layer 38 the lowest (3.02 experts). This decreasing trend suggests that
early layers require more diverse expert combinations—possibly for initial feature extraction and
representation building—while late layers can rely on more specialized, confident routing.
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Figure 2: Perplexity vs average expert count for top-p routing (blue) and static top-k routing (orange)
on WikiText-2. Top-p dominates at extreme sparsity (avg k < 3) but static top-k is more efficient at
higher compute budgets.

Figure 3: Average expert count per layer under top-p routing (calibrated for avg k = 4 globally).
Early layers (0–15) use more experts (avg 4.63) than late layers (32–47, avg 3.58), with layer 1
highest (5.97) and layer 38 lowest (3.02).

4.6 LIMITATIONS

Our approach has several limitations. First, the perplexity gap at matched compute (+0.25 vs static
top-4) suggests that router probabilities, while informative, do not perfectly predict optimal ex-
pert allocation. Second, the weak router signal (86% of maximum entropy) limits the granularity
of adaptation—most tokens receive similar expert counts. Third, we evaluate on a single model
(Qwen3-30B-A3B); generalization to other MoE architectures with different training objectives or
expert counts remains to be verified. Finally, our method is inference-only and cannot improve upon
the router’s learned probability distribution, which may be suboptimal for dynamic allocation since
the model was trained with fixed top-k.

5 CONCLUSION

We presented post-hoc top-p expert routing, a training-free method for dynamic expert allocation in
pretrained MoE models. Our approach repurposes router softmax probabilities as a confidence sig-
nal, enabling input-adaptive compute without retraining. Experiments on Qwen3-30B-A3B reveal
emergent domain-adaptive behavior: the method automatically allocates more experts to reasoning
tasks (+54% on GSM8K vs WikiText-2), recovering 80% of the performance gap to full compute.
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Analysis shows the router signal is weak but sufficient for coarse-grained adaptation. Future work
includes training-aware approaches that optimize router confidence for dynamic allocation and eval-
uation across diverse MoE architectures.
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