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ABSTRACT

Mixture-of-Experts (MoE) architectures scale computation via sparse expert ac-
tivations, yet they remain memory-bound because all expert weights must reside
in memory. Mixed-precision quantization can substantially reduce this footprint,
but existing quantization methods estimate expert importance and assign bits based
on calibration data. For frontier MoE LLMs, however, the original training data
(and thus its true training distribution) is proprietary and inaccessible. Thus, any
calibration set is at best a surrogate and may yield a biased or incomplete view of
expert utilization, leading to suboptimal bit allocation. To address these problems,
we propose AlphaQ, a novel calibration-free bit-allocation method for MoE quan-
tization. AlphaQ is inspired by Heavy-Tailed Self-Regularization (HT-SR) theory;
and it is based on a simple but effective principle: experts with more heavy-tailed
weight spectra tend to be better trained, and therefore merit higher bits, and vice
versa. We find that different MoE variants can exhibit substantial cross-expert qual-
ity variability, calling for a nuanced bit allocation, that is difficult to achieve with
limited/biased calibration data. By leveraging HT-SR theory, AlphaQ incorporates
expert-wise spectral heavy-tailedness and formulates mixed-precision quantization
as a budget-constrained optimization problem that minimizes total quantization
error under a global bit-budget constraint. Empirical results on DeepSeekV2-Lite,
Qwen1.5-MoE, and Mixtral-8×7B show that AlphaQ consistently outperforms
calibration-based baselines under matched bit budgets. Notably, on Qwen1.5-MoE,
AlphaQ achieves near full-precision accuracy, with an average expert precision of
3.5 bits, while delivering more than 4× memory compression.

1 INTRODUCTION

Mixture-of-Experts (MoE) (Jacobs et al., 1991; Jordan & Jacobs, 1994; Shazeer et al., 2017; Lepikhin
et al., 2020; Fedus et al., 2022; Zoph, 2022) have received widespread attention due to their computa-
tional efficiency: by routing each token to a small subset of experts, MoE achieves a strong trade-off
between quality and efficiency at massive parameter counts. However, this sparsity often does not
translate into memory reduction at deployment time. During inference, all expert weights must remain
resident in GPU memory, making expert weights the primary memory bottleneck. Quantization is
therefore an attractive path to make MoE deployable at scale (Frantar & Alistarh, 2023; Li et al.,
2024; Hu et al., 2025a; Tao et al., 2025; Zheng et al., 2025; Chen et al., 2025). However, since experts
(and even layers within each expert) contribute differently to model performance (Sun et al., 2025;
Hu et al., 2025a), precisely allocating bits across experts and layers remains challenging.

To address this challenge, most existing MoE quantization methods adopt a data-driven pipeline and
derive mixed-precision configurations from input-dependent statistics (Huang et al., 2024; Duanmu
et al., 2025; Anonymous, 2025; Xie et al., 2025). While effective in practice, these approaches suffer
from two fundamental limitations: local optimality and dependence on calibration data.
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Figure 1: Domain bias introduced by data-driven bit-width allocation in Mixtral-8×7B. (a) Bit-
width allocations calibrated on datasets across domains (C4 (Raffel et al., 2020), MATH (Hendrycks
et al., 2021b), GitHub-Code (Team, 2024a)), illustrate calibration data-induced variations. (b) Mixtral-
8×7B calibrated on these datasets with 2.5-bit budget, exhibits performance bias, overfitting to the
calibration domain and degrading on unseen tasks, indicating data-driven bit allocation reduces
cross-domain generalization by coupling performance to the calibration distribution.

First, some of these methods (Huang et al., 2024; Duanmu et al., 2025; Xie et al., 2025) allocate bits
locally under a fixed budget, e.g., using the same bit budget for every block or expert, overlooking the
fact that different Transformer blocks or experts contribute unequally to global performance. Such
locally optimal choices can be globally suboptimal (Anonymous, 2025).

Second, since the original training data for frontier MoE LLMs is usually proprietary and inaccessible,
existing quantization methods have to rely on biased and incomplete calibration data to estimate
expert importance. Notably, an imperfect or non-representative calibration set may fail to activate
certain experts, which yields biased importance estimates (Zheng et al., 2025; Hu et al., 2025a).
Consequently, calibration-based bit allocation directly couple the performance of quantized models
to the calibration distribution, ultimately leading to poor cross-domain generalization.

Figure 1 illustrates this effect on Mixtral-8×7B: models calibrated on different domain-specific
datasets exhibit various data-driven bit-width allocation (expert activation patterns are provided in Ap-
pendix A.1), leading to highly skewed performance across common-sense tasks (MMLU (Hendrycks
et al., 2021a)), math reasoning (GSM8K (Cobbe et al., 2021)), and coding (HumanEval (Chen
et al., 2021)). For instance, a model calibrated on MATH excels at math reasoning but lags behind
GitHub-Code-calibrated models on coding tasks, indicating overfitting to the calibration domain and
degraded robustness on unseen domains. While an increasing number of approaches aim to improve
the quality of calibration statistics (Zheng et al., 2025; Hu et al., 2025a), it remains fundamentally
challenging for data-driven approaches to cover all potential domains.

In this paper, we tackle this challenge by proposing AlphaQ, a novel calibration-free1 (and thus
data-independent) bit-allocation method tailored for MoE quantization. AlphaQ is inspired by
Heavy-Tailed Self-Regularization (HT-SR) theory (Martin & Mahoney, 2019), which substantiates the
principle that experts with heavier-tailed weight spectra are empirically linked to more informative
structure and stronger correlations (Martin & Mahoney, 2020; Martin et al., 2021; Martin & Mahoney,
2021). Concretely, AlphaQ characterizes each expert’s training sufficiency and importance from the
shape of its weight-matrix spectrum, and allocates bit-widths under a global precision budget, i.e.,
experts with heavier-tailed spectra receive higher precision, whereas relatively under-trained or less
sensitive experts with lighter-tailed spectra are quantized more aggressively.

One primary contribution of AlphaQ is a unified, data-agnostic importance metric for quantifying
expert disparity across MoE architectures and layers. Using this metric, we find importance diversity
at three granularities: across MoE families, within a model and within a block. Notably, we
also observed that, fine-grained, highly sparse MoEs (e.g., DeepSeekV2-Lite (Liu et al., 2024a),

1We emphasize that the term calibration-free applies only to the bit-allocation stage. The subsequent
quantization step can be implemented with any existing quantization method.
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Figure 2: Comparison of the proposed AlphaQ framework and data-driven (or data-dependent)
methods for MoE quantization.

Qwen1.5-MoE (Team, 2024c)) show larger variance, whereas vanilla MoEs with fewer experts (e.g.,
Mixtral-8×7B (Jiang et al., 2024)) show much smaller variance.

Building on these observations, AlphaQ introduces a novel bit-allocation approach that formulates
mixed-precision quantization as a budget-constrained optimization problem based on our importance
metric. Our formulation is flexible enough to accommodate the large importance variance observed
across MoE architectures, across models, depths, and widths, as well as across submodules within
each expert. Figure 2 illustrates the comparison between AlphaQ and data-driven methods.

We demonstrate that, across a wide range of MoE-LLMs and benchmarks, AlphaQ substantially
reduces memory usage, with minimal accuracy loss, outperforming previous mixed-precision PTQ
approaches. For instance, quantizing Qwen1.5-MoE from 16-bit to an average expert bit-width of 2.5
reduces the model size from 28 GB to 6 GB, while the average accuracy on five zero-shot downstream
tasks drops by only 2.5 percentage points. Notably, with a 3.5-bit budget, Qwen1.5-MoE matches the
BF16 model in accuracy while using just one-quarter of its weight memory footprint.

2 BACKGROUND AND RELATED WORK

2.1 MOE QUANTIZATION

By representing weights and activations in low-precision formats, post-training quantization
(PTQ) (Dettmers et al., 2022; Frantar et al., 2022; Xiao et al., 2023; Lin et al., 2024; Liu et al.,
2024b) substantially reduces the storage and computational cost of LLMs. Recently, PTQ for MoE-
LLMs has received increasing attention. Prior works (Huang et al., 2024; Duanmu et al., 2025;
Anonymous, 2025; Xie et al., 2025) primarily formulate optimization problems to assign different
quantization precisions to sparsely activated experts. PMQ in MC-MoE (Huang et al., 2024) allocates
precision by solving a transformer-block-wise linear programming problem using expert activation
frequency and reconstruction error measured on calibration data. GEMQ (Anonymous, 2025) extends
this approach by performing precision allocation at a global level. MxMoE (Duanmu et al., 2025)
uses expert activation frequency and sensitivity from calibration to automatically generate customized
kernels, enabling substantial speedups at comparable bit budgets. Furthermore, to account for the
dependence of expert activation on calibration data, MoEQuant (Hu et al., 2025a) proposed an
expert-balanced sampling strategy for calibration, which improves traditional quantization methods
in MoE but does not fix the limitation of calibration in bit allocation. Our proposed AlphaQ derives
expert importance directly from model weights, enabling calibration-free global bit allocation.
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2.2 HT-SR THEORY AND METRICS

Heavy-Tailed Self-Regularization (HT-SR) theory provides a framework to analyze neural network
training sufficiency by examining the empirical spectral density (ESD) of layer-wise weight
correlation matrices (Martin & Mahoney, 2019; 2020; Martin et al., 2021; Martin & Mahoney, 2021).
Rooted in Random Matrix Theory (Couillet & Liao, 2022) and statistical physics (Engel & den
Broeck, 2001), HT-SR posits that the heavy-tailed structure of trained weight matrices’ ESDs strongly
predicts model performance (Martin et al., 2021; Yang et al., 2023). ESDs are often modeled with
“spikes” (ground-truth-aligned learned features) and a “bulk” (noise following the Marchenko-Pastur
law (Wang et al., 2023)), but HT-SR identifies state-of-the-art networks as “strongly correlated
systems,” making heavy-tailed metrics more suitable. Informally, ESD heavy-tailed distributions stem
from spike-bulk interaction, marking a critical “bulk-decay” phase for well-trained models (Kothapalli
et al., 2024). HT-SR metrics include “scale metrics” (correlating with generalization gaps (Yang et al.,
2023)) and “shape metrics”,e.g., fitted power law exponents (α) (Martin et al., 2021) or the robust
PL Alpha Hill (Zhou et al., 2023),which capture weight matrix structural quality for effective
model diagnostics (Liu et al., 2024c; Lu et al., 2024; Hu et al., 2025b; He et al., 2025), even predicting
state-of-the-art model quality without training/testing data (Martin et al., 2021; Yang et al., 2023).

3 ALPHAQ

In this section, we introduce AlphaQ. We first define our notation and present PL Alpha Hill,
a calibration-free metric for measuring expert importance, together with an aspect-ratio-aware
adaptation that mitigates shape-induced bias. We then describe our global, budget-constrained
bit-allocation solver and detail how it computes mixed-precision assignments across experts and
submodules.

3.1 NOTATION

In this work, we define a block as a Transformer block. In popular MoE models, each block comprises
two modules: an attention module and an MoE module containing multiple experts and a routing layer.
Each attention or MoE module consists of multiple layers (e.g., projection layers). A terminology
summary is provided in Appendix A.2.

We consider a MoE model with L layers. Let Wi ∈ Rm×n denote the weight matrix of the i-th layer,
and define the corresponding correlation matrix as Xi = W⊤

i Wi. The empirical spectral density
(ESD) of Xi, viewed as a probability measure over the eigenvalue distribution of Xi, is defined as

µXi
:=

1

n

n∑
j=1

δλj(Xi), (1)

where λ1(Xi) ≤ · · · ≤ λn(Xi) are the eigenvalues of Xi, and δ denotes the Dirac delta func-
tion (Hassani, 2009).

3.2 ESTIMATING LAYER IMPORTANCE IN MOE

When calibration-time activations are unreliable or biased, we derive the bit allocation signal directly
from model parameters. We leverage the empirical observation that weight matrix spectral structure
encodes learned correlations and noise sensitivity (Martin & Mahoney, 2019; 2020; Lu et al., 2024).
Specifically, HT-SR theory demonstrates that layers extracting more informative features develop
heavy-tailed ESDs of their weight matrices, indicating better training and more effective inference
signal extraction (Lu et al., 2024). We therefore estimate layer importance based on ESD heavy-
tailedness: weight matrices with strongly heavy-tailed ESDs encode richer correlation structures and
receive higher bit-widths, while layers with lighter-tailed ESDs receive lower bit-widths.

PL Alpha Hill Metric. To quantify the heavy-tailed characteristics of weight matrix ESDs, we
employ the PL Alpha Hill metric (Zhou et al., 2023). This metric partitions the eigenvalue
domain into equal-width bins and counts the eigenvalues within each. We define the ESD tail as
eigenvalues from the bin with maximum count along with all eigenvalues exceeding this bin’s upper
bound, which is then modeled using a power-law (PL) density:

p(λ) ∝ λ−α, λmin < λ < λmax, (2)
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Figure 3: Distribution of PL Alpha Hill across all up/gate/down projection in three represen-
tative MoE-LLMs. The bottom and top of each boxplot indicate the minimum and maximum values
of PL Alpha Hill across all up/gate/down projection within the block. The lower and upper edges
of the box correspond to the first and third quartiles for that block, respectively, and the horizontal
line inside the box denotes the median value.

where the exponent α characterizes the degree of heavy-tailedness, with smaller values indicating
heavier tails. We then estimate the exponent α via the Hill estimator (Hill, 1975) on the ESD tail:

α = 1 +

(
1

k

k∑
i=1

ln
λn−i+1

λn−k

)−1

, (3)

where {λi}ni=1 are the concatenated eigenvalues sorted in ascending order, and k determines the
lower threshold λmin for truncated power-law estimation. The derivation of Equation 3 is provided
in Appendix A.3. We select k using the Fix-finger method (Yang et al., 2023), which aligns λmin

with the peak of the ESD. Notably, PL Alpha Hill is calibration-free and globally comparable
across layers.

Mitigating Aspect-Ratio Bias. It is known that spectral shape metrics are systematically affected
by the aspect ratio of the weight matrix (Hu et al., 2025b), often assigning larger scores to more
“rectangular” matrices, even when the underlying training sufficiency is comparable. To make our
estimate robust across varying matrix shapes, we compute the layer-wise tail exponent using the
Fixed-Aspect-Ratio Matrix Subsampling (FARMS) heuristic (Hu et al., 2025b). Specifically, for
each layer l, we partition its weight matrix into a set of submatrices with a fixed aspect ratio. For
each submatrix, we form the associated Gram (correlation) matrix and compute its eigenvalues.
Then we concatenate all eigenvalues, sorted in ascending order, and calculate PL Alpha Hill
with Equation 3. We note that AlphaPruning (Lu et al., 2024) also proposes a bit-allocation strategy
based on PL Alpha Hill, but it does not account for this aspect-ratio effect, which can lead to
suboptimal allocations (please refer to Appendix A.4).

3.3 BIT ALLOCATION OPTIMIZATION

After calculating layer importance, we perform bit allocation to minimize accuracy degradation under
a given bit budget.

We first analyze popular MoE models using PL Alpha Hill. Figure 3 shows the distribution across
all layers within each MoE block for three models, with extended statistics in Appendix A.5. The
alpha statistics reveal strong structured diversity that motivates global fine-grained bit allocation:

i) Cross-Layer Diversity. Within the same MoE block, layers exhibit distinct PL Alpha Hill
values, demonstrating the necessity of layer-wise mixed precision. Expert-level analysis is provided
in Appendix A.5.

ii) Cross-Block Diversity. Different MoE blocks exhibit distinct PL Alpha Hill distributions,
with some consistently above or below the model average, requiring globally coordinated allocation
across depth.

iii) Cross-Model Diversity. Within-block variance differs across architectures: relatively small in
vanilla MoE (e.g., Mixtral-8×7B) but substantially larger in fine-grained MoE (e.g., DeepSeek-V2-
Lite, Qwen-1.5-MoE), necessitating adaptive importance mapping.
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These observations motivate us to allocate bits with fine granularity across diverse layers and blocks
under a global budget.

However, importance alone is insufficient. Bit allocation requires quantifying both the benefit
of higher precision and the cost of reduced precision elsewhere (an ablation study is provided
in Appendix A.6). While PL Alpha Hill provides calibration-free importance estimates, it
does not capture the magnitude of quantization noise at a given bit-width. Weights with similar
importance may induce substantially different accuracy degradation due to differences in scale and
distribution. We therefore explicitly incorporate quantization noise into our objective, optimizing
importance-weighted quantization error under a global bit-budget constraint.

Modeling the Objective Function. The magnitude of weight quantization noise is determined
by both the quantization bit-width and the weight distribution. Under the standard uniform-noise
approximation, the quantization noise is modeled as zero-mean noise whose variance is proportional
to the squared quantization step size. Since the step size decays exponentially with the bit-width
b, i.e., ∆l,b ∝ 2−b, the corresponding noise variance scales as 2−2b. The derivation is provided in
Appendix A.7. To account for layer-wise differences in weight distribution, we modulate this term
by the variance of the weight matrix Var(Wl). We thus use Var(Wl)2

−2b to quantify layer-wise
quantization noise.

As discussed above, it is necessary to scale the quantization noise with importance. The more
important a layer is, the more its quantization noise should be amplified in our optimization objective.
Specifically, we scale layer-wise quantization noise with the factor (α̃/αl)

γ , where we choose
α̃ = median{αl}Ll=1 as the normalization factor and the tunable hyperparameter γ to control the
curvature of the importance mapping (a sensitivity analysis and tuning strategy for γ are provided in
Appendix A.8). Therefore, the scaled quantization noise ηl,b of a b-bit quantized layer l is

ηl,b =

(
α̃

αl

)γ

·Var(Wl)2
−2b (4)

And our optimization goal is to minimize the sum of scaled quantization noise across all layers.

Formulating the Constraints. Let B be the set of candidate bit-widths (e.g., B = {1, 2, 3, 4}).
To formalize the allocation decision, we introduce a binary indicator variable xl,b ∈ {0, 1}, where
xl,b = 1 if layer l is assigned bit-width b, and 0 otherwise. To ensure a valid configuration, we impose
two constraints: i) each layer must be assigned exactly one bit; ii) for the layer l with Nl parameters,
the cost of assigning bit b is Nl · b. The total size of the quantized model must not exceed a target
budget Btot.

Solving Constrained Optimization. Combining the objective and constraints yields the following
Integer Linear Programming (ILP) formulation:

min
{xl,b}

L∑
l=1

∑
b∈B

xl,b · ηl,b

s.t.
L∑

l=1

∑
b∈B

xl,b ·Nl · b ≤ Btot,∑
b∈B

xl,b = 1, ∀l ∈ {1, . . . , L}, xl,b ∈ {0, 1}.

(5)

Solving Eq. equation 5 provides an optimal bit assignment that minimizes the total importance-
weighted quantization noise, and thus the accuracy degradation. Eq. equation 5 is a standard instance
of the Multiple-Choice Knapsack Problem (Pisinger & Toth, 1998). Modern ILP solvers (e.g.,
PuLP (Mitchell et al., 2011)) can solve it to global optimality within seconds.

4 EMPIRICAL RESULTS

4.1 EXPERIMENTAL SETTING

We evaluate AlphaQ on three representative MoE LLMs: DeepSeekV2-Lite (Liu et al., 2024a),
Qwen1.5-MoE (Team, 2024c), and Mixtral-8×7B (Jiang et al., 2024). For quantization, we follow
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Table 1: Results on DeepSeekV2-Lite, Qwen1.5-MoE and Mixtral-8×7B. Perplexity↓ on Wiki-
Text2 and accuracy↑ on five zero-shot tasks. Avg. denotes the average accuracy across the five tasks.
The best results under each bit budget are highlighted in bold.

Model Bits Method WikiText2↓ Accuracy↑

PIQA ARC-e ARC-c HellaSwag WinoG. Avg.

DeepSeekV2-Lite

16 Original 6.31 80.08 76.47 48.98 78.01 71.51 71.01

2.5

Uniform 8.14 76.66 71.34 35.84 72.44 69.46 65.15
AFG – 74.32 69.20 37.57 67.88 63.80 62.55
PMQ 6.95 77.86 71.68 37.37 72.76 69.06 65.75
AlphaQ 6.64 78.02 73.77 39.22 73.38 69.30 66.74

3.5
Uniform 6.83 79.21 74.56 44.57 76.27 70.83 69.09
PMQ 6.57 79.63 75.26 45.83 76.97 71.04 69.75
AlphaQ 6.44 79.89 75.51 46.51 77.21 71.21 70.07

Qwen1.5-MoE

16 Original 7.22 80.52 69.23 44.11 77.21 68.59 67.93

2.5

Uniform 10.36 71.49 49.07 29.44 53.98 55.96 51.99
AFG – 77.53 61.07 31.20 72.77 62.12 60.94
PMQ 9.01 77.58 60.56 36.26 70.69 65.82 62.18
AlphaQ 8.14 78.21 66.97 42.72 71.81 66.12 65.17

3.5
Uniform 8.13 79.31 66.81 41.51 74.52 67.54 65.94
PMQ 7.42 80.31 69.02 43.81 77.13 68.50 67.75
AlphaQ 7.38 80.46 69.15 44.33 77.70 68.55 68.04

Mixtral-8×7B

16 Original 3.84 83.57 83.67 59.30 84.03 76.24 77.36

2.5

Uniform 6.16 79.38 77.40 50.26 58.84 73.40 67.86
BSP 13.61 68.23 54.97 28.38 55.61 62.19 53.88
Hessian 5.41 80.21 76.38 51.20 67.05 72.97 69.56
AFG – 74.32 69.20 37.57 67.88 63.80 62.55
PMQ 5.32 80.36 77.10 51.28 69.23 73.95 70.38
AlphaQ 5.17 80.84 78.87 51.59 69.24 73.24 70.76

3.5
Uniform 4.29 81.28 83.04 54.95 73.58 76.19 73.81
PMQ 4.25 81.21 82.49 53.92 72.90 76.09 73.32
AlphaQ 4.23 81.51 83.38 55.80 74.67 76.10 74.29

prior work (Huang et al., 2024) and perform weight-only quantization with group-wise, asymmetric
GPTQ (Frantar et al., 2022) (group size 128). We use uniform 4-bit quantization for all non-expert
layers, including attention and the router. For experts, we apply mixed-precision quantization at layer
granularity: each layer is assigned a bit-width from {1, 2, 3, 4}, and we control the compression level
using the average bits per layer, defined as the average bit-width across all layers in MoE blocks. We
report results under two bits-per-layer settings: 2.5 and 3.5.

We compare AlphaQ against two baselines under matched budget setting: Uniform, which assigns
the same bit to all experts, and PMQ, a calibration-based mixed-precision MoE quantization
method (Huang et al., 2024). Specifically, for Uniform, when the budget is x.5, we follow prior
work (Huang et al., 2024) by setting the first half of the MoE blocks to x+1 bits and the second half
to x bits. Moreover, we compare AlphaQ with additional bit-allocation methods in certain settings,
including block score predictor (BSP) (Li et al., 2024), a Hessian-based method (Hessian) (Dong
et al., 2020), and Automated Fine-Grained MoE Quantization (AFG) (Xie et al., 2025). For
evaluation, we report perplexity (PPL↓) on WikiText2 and average zero-shot accuracy (Avg.↑) over
five benchmarks: PIQA (Bisk et al., 2020), ARC-Easy(ARC-e), ARC-Challenge (ARC-c) (Clark
et al., 2018), HellaSwag (Zellers et al., 2019) and WinoGrande (WinoG.) (Sakaguchi et al., 2021),
using the EleutherAI LM Harness (Gao et al., 2024).

4.2 MAIN RESULTS

As shown in Table 1, mixed-precision quantization generally yields higher quality than uniform bit-
width assignment, especially under low-bit budgets, reflecting the heterogeneous importance of layers
in MoE models. Moreover, compared with the calibration-based method PMQ, AlphaQ achieves
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Table 2: Ablation study for bit-budget alloca-
tion. We compare perplexity (PPL) on WikiText2
and accuracy (Acc.) in six zero-shot benchmark
under block-wise budget and global budget.

Bit Budget
Mixtral-8×7B DeepSeekV2-Lite

PPL (↓) Acc. (↑) PPL (↓) Acc. (↑)

2
Block 6.01 69.36 7.83 60.96
Global (Ours) 6.11 66.64 7.30 63.05

2.5
Block 5.41 72.28 6.99 64.61
Global (Ours) 5.17 72.39 6.64 65.69

Table 3: Ablation study for bit-allocation gran-
ularity. We compare perplexity on WikiText2 in
expert-wise and layer-wise bit allocation under
different bit budgets.

Model 2-bit PPL ↓ 3-bit PPL ↓

Expert Layer Expert Layer

Mixtral 8×7B 6.28 6.11 4.72 4.37
DeepSeekV2-Lite 7.37 7.30 6.81 6.69

consistently stronger results across models and budgets, indicating that our calibration-free bit-
allocation method achieves better performance. More detailed results are provided in Appendix A.9.

Notably, on Qwen1.5-MoE, AlphaQ with an average bit-width of 3.5 performs competitively with
the BF16 model in average accuracy over five zero-shot tasks. In the more aggressive 2.5-bit setting,
AlphaQ also maintains relatively strong performance across all three models. For example, its average
accuracy on zero-shot tasks drops by only 4.3% on DeepSeekV2-Lite, 2.8% on Qwen1.5-MoE, and
6.6% on Mixtral-8×7B, demonstrating that our bit allocation remains beneficial even when the bit
budget is extremely tight.

4.3 ABLATION STUDY

How to Allocate Bit-Width Across Blocks? We conduct an ablation study on two budget-allocation
strategies: i) fixing the global average bit-width for the entire model; and ii) fixing the average
bit-width for each block. The results are reported in Table 2. In most settings, global budgeting
outperforms block-wise budgeting. This indicates that different blocks in MoE models have unequal
importance, and HT-SR theory provides a unified view for comparing layer importance across blocks.
However, an exception appears for Mixtral-8×7B under a 2-bit budget, where block-wise budgeting
achieves better performance than global budgeting. By analyzing the PL Alpha Hill distribution
in Figure 3 and the mixed-precision configuration obtained under global budgeting, we find that most
experts in Blocks 2–5 of Mixtral-8×7B have relatively large PL Alpha Hill, suggesting that these
consecutive blocks are poorly trained. As a result, these blocks are assigned the lowest bit-width, cre-
ating a major bottleneck for internal signal propagation. In contrast, block-wise budgeting preserves
higher precision for these blocks, leading to better overall performance. This result demonstrates the
flexibility and interpretability of our alpha-based bit-allocation method across different MoE variants.

How to Allocate Bit-Width within Blocks? We perform an ablation study on bit-allocation
granularity, comparing layer-wise and expert-wise allocation. As shown in Table 3, the finer-grained,
layer-wise strategy consistently outperforms expert-wise allocation across all settings. These findings
indicate that AlphaQ can effectively capture the relative importance of layers within each expert and
allocate bit-widths accordingly, enabling finer-grained mixed-precision quantization.

4.4 EFFICIENCY

We evaluate the inference performance of AlphaQ on an NVIDIA A40 GPU (48GB) using the kernels
developed by PMQ (Huang et al., 2024). In Appendix A.10, we report detailed results about trade-off
between inference-speedup, memory footprint and accuracy . Our AlphaQ method substantially
alleviates the MoE memory bottleneck across bit budgets. In particular, for Qwen1.5-MoE at 3.5 bit
budget, it preserves BF16-level accuracy while reducing weight memory to roughly one quarter.

5 CONCLUSION

In this work, we propose AlphaQ, a calibration-free bit-allocation method for MoE quantization.
Motivated by HT-SR theory, AlphaQ derives an importance signal directly from model weights
by measuring spectral heavy-tailedness. Using this metric, we systematically analyze MoE models
from an HT-SR perspective and reveal importance diversity across multiple levels. Based on these

8
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observations, AlphaQ allocates bit-widths via a global constrained optimization under a fixed bit
budget, enabling calibration-free bit allocation for MoE models. Extensive experiments show that
weight-based bit allocation is an effective and promising approach for improving the generalization
of mixed-precision MoE PTQ.
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Figure 4: Domain-dependent expert activation patterns and data-driven bit-width allocation
in Mixtral-8×7B. Activation frequencies (top) and corresponding data-driven bit-width allocations
(bottom) across different domains (C4, MATH, GitHub-Code), illustrating substantial variations
induced by calibration data from different domains.

A APPENDIX

A.1 CALIBRATION-DEPENDENT EXPERT ACTIVATION AND BIT-WIDTH ALLOCATION

To illustrate the influence of the calibration datasets for MoE bit-width allocation, we apply the
data-driven method PMQ (Huang et al., 2024) to assign bits for Mixtral-8×7B, using datasets from
different domains leads to substantially different activation statistics. As illustrated in Figure 4, the
collected expert activation frequencies vary significantly as a function of the calibration data. As a
result, different calibration-time statistics lead to various data-driven bit-width allocation.

A.2 TERMINOLOGY SUMMARY

To avoid ambiguity, we summarize the terminology used throughout this paper in Figure 5 and the
descriptions are as follows:

• Global: Global refers to the entire model. A global budget means that a single bit budget is defined
for the whole model and shared across all blocks, experts, and layers.

• Block: A block refers to a Transformer block. In popular MoE models, each block consists of three
main modules: an attention module, an MoE module containing multiple experts, and a routing
module. A block-wise budget assigns the same bit budget independently to each Transformer
block.

• Expert: An expert is a feed-forward network within the MoE module. Each expert typically
contains multiple layers (e.g., up/gate/down projections). An expert-wise bit allocation means that
all submodules within an expert share a single bit setting.

• Layer: A layer denotes an individual submodule within a module, such as projection layers (e.g.,
up, gate, and down projections in experts). A layer-wise bit allocation means assigning independent
bit-widths to each submodule.

A.3 DERIVATION OF THE HILL ESTIMATOR

A.3.1 TAIL MODEL ASSUMPTION

Following Section 3.2, we model the ESD tail by a truncated power-law density:

p(λ) ∝ λ−α, λmin < λ < λmax, (6)

where α is the power-law exponent. Smaller α indicates heavier tails.

A.3.2 FROM THE POWER-LAW DENSITY TO A PARETO FORM

To derive the estimator used in Eq. 3, we rewrite Eq. equation 6 as a Pareto distribution. Let β = α−1.
Then the density can be expressed as

p(λ) = β λβ
min λ

−(β+1), λ ≥ λmin, (7)
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Figure 5: Hierarchical relationship among blocks, experts, and layers in our paper. A MoE
model consists of multiple Transformer blocks; each block contains an attention module and an MoE
module with multiple experts; each expert further comprises multiple layers (e.g. up, gate, and down
projection).

where the normalization constant is determined by

1 =

∫ ∞

λmin

β λβ
min λ

−(β+1) dλ. (8)

Eq. equation 7 is the standard Pareto form, and estimating β yields α = β + 1.

A.3.3 LIKELIHOOD AND LOG-LIKELIHOOD

Let λ1, . . . , λk be k independent tail samples with λi ≥ λmin. Under equation 7, the likelihood of β
is

L(β) =

k∏
i=1

β λβ
min λ

−(β+1)
i = βkλkβ

min

k∏
i=1

λ
−(β+1)
i . (9)

Taking logs gives

lnL(β) = k lnβ + kβ lnλmin − (β + 1)

k∑
i=1

lnλi. (10)

A.3.4 MAXIMUM LIKELIHOOD ESTIMATION

Differentiating and setting the derivative to zero,

∂ lnL

∂β
=

k

β
+ k lnλmin −

k∑
i=1

lnλi = 0, (11)

which yields
1

β
=

1

k

k∑
i=1

ln

(
λi

λmin

)
. (12)

Therefore,

β̂ =

(
1

k

k∑
i=1

ln

(
λi

λmin

))−1

, α̂ = 1 + β̂. (13)

In our implementation, we concatenate eigenvalues across submatrices and sort them in ascending
order:

λ1 ≤ λ2 ≤ · · · ≤ λn. (14)
We take the top-k eigenvalues {λn−k+1, . . . , λn} as tail samples and set the lower cutoff as the
(n − k)-th order statistic, i.e., λmin = λn−k. Substituting λi ← λn−i+1 and λmin = λn−k into
equation 13 gives the Hill estimator used in Eq. 3:

α̂ = 1 +

(
1

k

k∑
i=1

ln
λn−i+1

λn−k

)−1

. (15)
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Table 4: Comparison between AlphaPruning (Lu et al., 2024) and AlphaQ under a 3-bit budget.
AlphaPruning directly applies a linear Alpha-based mapping without aspect-ratio–robust spectral
estimation.

Model Method WikiText (PPL ↓)

Mixtral-8×7B AlphaPruning 26.75
AlphaQ 4.37

DeepSeekV2-Lite AlphaPruning 23.15
AlphaQ 6.60

Intuition. The estimator is the reciprocal of the average log-excess above the threshold. Heavier tails
produce larger log-excess values and smaller α̂. Lighter tails produce smaller log-excess values and
larger α̂.

A.4 COMPARISON WITH ALPHAPRUNING (LU ET AL., 2024)

AlphaPruning uses PL Alpha Hill to allocate budget for sparsity and mixed-precision quantization.
For quantization, they allocate a quantization bit-width for each Transformer block by using a linear
mapping function ϕ : RL → RL to map a sequence of PL Alpha Hill values α = (α1, α2, . . . , αL)
into the corresponding layer-wise quantization bit-widths ϕ(α):

ϕ(α)i = round

(
η

[
αi − αmin

αmax − αmin
(b2 − b1) + b1

])
. (16)

Here, ϕ(α)i denotes the i-th element of the resulting vector ϕ(α), and αi denotes the PL Alpha Hill
value of the i-th layer. The terms αmin and αmax represent the minimum and maximum
PL Alpha Hill values across all layers. The normalization factor η rescales the layer-wise
bit-widths to satisfy a target global bit budget B. Each layer’s bit-width is constrained within the
interval [ηb1, ηb2]. We compute η by enforcing

L∑
i=1

ϕ(α)idi = B ·
L∑

i=1

di, (17)

where di denotes the number of parameters in layer Wi. Both sides of the equation represent the
parameter-count-weighted global bit budget. The pair (b1, b2) are tunable hyperparameters that
control the degree of non-uniformity in the layer-wise bit-width allocation.

We report the comparative results of AlphaPruning and AlphaQ in Table 4. The results suggest that
AlphaPruning is less effective on MoE models, which we attribute to the following design choices:

1. Bit allocation is conducted only at the Transformer block level, without modeling finer-
grained structures within MoE layers.

2. The method adopts a linear mapping function, which may limit its ability to capture non-
linear quantization sensitivity.

3. Aspect-ratio differences are not accounted for, which introduces additional bias into
PL Alpha Hill calculation.

A.5 MORE DETAILED PL ALPHA HILL RESULTS

In Figure 7, we report the layer-wise PL Alpha Hill distribution within sampled blocks for four
MoE models, including Mixtral-8×7B, Llama-MoE-3.5B (Zhu et al., 2024), DeepSeekV2-Lite, and
Qwen1.5-MoE. Moreover, we report the expert-wise PL Alpha Hill values of these sampled
blocks in Figure 6. For comparison, we also report the layer-wise PL Alpha Hill distribution
within sampled blocks for four non-MoE models, including Llama3-1B (Grattafiori et al., 2024),
Llama3-3B, Qwen1.5-4B (Team, 2024b), and Qwen3-4B (Yang et al., 2025).

With the more detailed results, we find that:
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Figure 6: Expert-wise PL Alpha Hill distribution of sampled blocks in four MoE LLMs.

i) Intra-Block Diversity. Within the same MoE block, the up, gate, and down projection layers in
the MoE structure exhibit different PL Alpha Hill values. This suggests that assigning a single
bit-width per expert is suboptimal and that finer granularity (e.g., per-layer) is necessary.

ii) Inter-Expert Diversity. Experts within the same MoE layer show clear differences in
PL Alpha Hill, implying that experts contribute unequally to model quality. Therefore, uni-
form expert precision wastes budget on less sensitive experts and under-protects critical ones.

iii) In MoE models, the up, gate, and down projection layers generally have higher PL Alpha Hill
values than the attention and router modules. This suggests that these layers are less fully trained and
therefore have greater compression potential.

A.6 ABLATION STUDY FOR IMPORTANCE AND QUANTIZATION NOISE

We compare the experimental results of importance-only, quantization-noise-only, and our proposed
AlphaQ. Specifically, in the importance-only setting, layers are sorted by importance, and we assign
higher precision to the top-k most important layers. In the quantization-noise-only setting, we use
uniform importance across layers and solve the constrained optimization problem for bit allocation.
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Figure 9: Sensitivity analysis of hyperparameter γ. Sensitivity varies across MoE models:
DeepSeekV2-Lite and Qwen1.5-MoE are much more sensitive to γ than Mixtral-8×7B.

We consider two bit budgets: 2.5 and 3.5. For the 2.5-bit budget, each layer is assigned a bit-width
from {2, 3}; for the 3.5-bit budget, the candidate bit-widths are {3, 4}. The results in Table 5 show
that using only alpha-based importance or only quantization noise leads to larger accuracy degradation
than our joint optimization, indicating that both signals are needed for effective bit allocation.

A.7 JUSTIFICATION OF THE QUANTIZATION NOISE MODEL

Here, we provide a theoretical justification for modeling the layer-wise quantization error variance as
ηl,b ∝ 2−2b. We consider a uniform quantizer applied to the weights of the l-th layer, denoted by Wl.
We assume the weight lies within the interval [−Rl, Rl], where Rl is a clipping value determined by
the distribution of Wl. For b-bit quantization, the step size ∆l,b is defined as

∆l,b =
2Rl

2b
. (18)

Under Bennett’s high-resolution quantization hypothesis (Widrow & Kollár, 2008), when the step
size is small enough relative to the signal variation, the quantization error E = Q(w) − w can
be approximated as a random variable uniformly distributed over

[
−∆l,b

2 ,
∆l,b

2

]
. For a continuous

uniform distribution with width ∆l,b, the variance is ∆2
l,b/12. Consequently, the variance of the

quantization error in layer l can be approximated as

Var(El,b) ≈
∆2

l,b

12
=

1

12

(
2Rl

2b

)2

=
R2

l

3
· 2−2b. (19)

We therefore define cl = R2
l /3. Since the clipping range Rl is typically proportional to the standard

deviation of the weights, it follows that cl scales with Var(Wl). This leads to the exponential decay
model used in the main text,

ηl,b = cl2
−2b, (20)

where cl captures the layer-specific scale.

A.8 ABLATION STUDY OF HYPERPARAMETER γ

We conduct an ablation study of the hyperparameter γ in Equation 4 and derive an empirical
tuning strategy. We first examine sensitivity to γ across different MoE variants. As shown in

Table 5: Ablation Study for Importance and Quantization Noise.

Bits Method WikiText (PPL ↓)

2.5 bit
Importance-only 6.56
Quantization-Noise-only 6.17
AlphaQ 5.77

3.5 bit
Importance-only 5.06
Quantization-Noise-only 4.31
AlphaQ 4.24
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Figure 9, fine-grained MoE models such as DeepSeekV2-Lite and Qwen1.5-MoE are much more
sensitive to γ than the vanilla MoE model Mixtral-8×7B. By comparing these results with the
PL Alpha Hill distributions in Figure 3, we observe a relationship between γ sensitivity and the
variance of PL Alpha Hill: models with smaller variance exhibit lower sensitivity to γ, suggesting
that a larger tuning interval can be used.

Based on these observations, we propose an empirical strategy for tuning γ. Specifically, we set the
tuning interval to (µα − 2)/σα, where µα and σ2

α denote the mean and variance of PL Alpha Hill
values across all components, and 2 is a constant corresponding to good training sufficiency. We then
optimize γ using binary search. Empirically, a value of γ that works well for one bit budget usually
also performs well for other bit budgets on the same model.

A.9 FURTHER EXPERIMENT RESULTS

As shown in Table 6, 7 and 8, we provide more detailed results across models and bit budgets.
We compare AlphaQ against PMQ (Huang et al., 2024) and Uniform under four bits-per-layer
budget settings: 2.0 / 2.5 / 3.0 / 3.5 . For evaluation, we report perplexity (PPL↓) on WikiText2
and average zero-shot accuracy (Avg.↑) over six benchmarks: PIQA (Bisk et al., 2020), ARC-Easy,
ARC-Challenge (Clark et al., 2018), HellaSwag (Zellers et al., 2019), WinoGrande (Sakaguchi et al.,
2021), and BoolQ (Clark et al., 2019) using the EleutherAI LM Harness (Gao et al., 2024).

In Figure 10, Figure 11 and Figure 12, we report detailed bit allocation results from our AlphaQ
method under 2-bit budget, with both layer-wise and expert-wise settings.

Table 6: Results on DeepSeekV2-Lite. Perplexity↓ on WikiText2 and accuracy↑ on six zero-shot
tasks. The best results in each bit-width are highlighted in bold.

Bits Method WikiText2↓ PIQA↑ ARC-e↑ ARC-c↑ HellaSwag↑ WinoGrande↑ BoolQ↑ Avg.↑

16 Original 6.31 80.08 76.47 48.98 78.01 71.51 65.00 70.01

2
Uniform 9.57 73.07 60.61 35.84 62.87 62.04 55.03 58.24
PMQ 7.99 75.14 61.68 37.37 66.20 68.11 57.66 61.03
AlphaQ 7.30 76.03 67.20 40.33 68.70 67.92 58.10 63.05

2.5
Uniform 8.14 76.66 71.34 35.84 72.44 69.46 57.58 63.89
PMQ 6.95 77.86 71.68 37.37 72.76 69.06 60.03 64.79
AlphaQ 6.64 78.02 73.77 39.22 73.38 69.30 60.45 65.69

3
Uniform 7.50 78.50 72.51 40.83 74.49 70.11 60.66 66.18
PMQ 6.70 79.16 73.15 41.44 75.04 70.23 61.53 66.76
AlphaQ 6.60 79.32 73.41 41.56 75.44 70.86 61.98 67.10

3.5
Uniform 6.83 79.21 74.56 44.57 76.27 70.83 62.50 67.99
PMQ 6.57 79.63 75.26 45.83 76.97 71.04 63.21 68.66
AlphaQ 6.44 79.89 75.51 46.51 77.21 71.21 63.85 69.03

A.10 SPEEDUP AND MEMORY COMPRESSION

Figure 13 illustrates the accuracy–speedup Pareto frontier on Mixtral 8×7B, comparing AlphaQ with
uniform quantization and the data-driven baseline PMQ across different bit budgets. We observe
that AlphaQ consistently dominates the frontier, providing a superior trade-off between model
compression and inference speedup.

For memory compression, as shown in Table 9, AlphaQ effectively addresses the memory bottleneck
of MoE models. For Mixtral 8×7B, the parameter memory footprint is reduced from 96.8 GB (BF16)
to approximately 13.4 GB under a 2-bit budget (7.2× compression ratio). Under a 3.5-bit budget,
AlphaQ achieves a 4.4× compression ratio with only a 2.7% accuracy drop. Notably, under a 3.5-bit
budget, Qwen1.5-MoE achieves accuracy on par with the BF16 model while reducing the weight
memory footprint to one quarter.
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Figure 10: Bit allocation of DeepSeekV2-Lite under 2bit budget

0 5 10 15 20
0

16

32

48

ex
pe

rt_
id

Al
ph

aQ
 (

La
ye

r-
w

is
e)

1

2

3

4

Bi
ts

0 5 10 15 20
layer_id

0

16

32

48

ex
pe

rt_
id

Al
ph

aQ
 (

Ex
pe

rt
-w

is
e)

1

2

3

4

Bi
ts

Figure 11: Bit allocation of Qwen1.5-MoE under 2bit budget
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Figure 12: Bit allocation of Mixtral-8×7B under 2bit budget
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Table 7: Results on Qwen1.5-MoE-A2.7B. Perplexity↓ on WikiText2 and accuracy↑ on six zero-shot
tasks. The best results in each bit-width are highlighted in bold.

Bits Method WikiText2↓ PIQA↑ ARC-e↑ ARC-c↑ HellaSwag↑ WinoGrande↑ BoolQ↑ Avg.↑

16 Original 7.22 80.52 69.23 44.11 77.21 68.59 79.57 69.87

2
Uniform 14.25 66.38 42.89 30.29 49.06 53.12 72.14 52.31
PMQ 10.47 74.76 59.05 34.56 64.34 64.72 74.52 61.99
AlphaQ 9.03 76.12 61.04 36.89 66.91 67.76 76.84 64.26

2.5
Uniform 10.36 71.49 49.07 29.44 53.98 55.96 68.69 54.77
PMQ 9.01 77.58 60.56 36.26 70.69 65.82 75.54 64.41
AlphaQ 8.14 78.21 66.97 42.72 71.81 66.12 78.41 67.37

3
Uniform 9.22 76.59 62.53 39.81 68.50 65.27 74.51 64.53
PMQ 7.85 79.82 68.19 42.55 76.15 68.22 77.89 68.80
AlphaQ 7.60 80.11 68.81 43.51 76.94 68.45 77.81 69.27

3.5
Uniform 8.13 79.31 66.81 41.51 74.52 67.54 76.81 67.75
PMQ 7.42 80.31 69.02 43.81 77.13 68.50 79.22 69.67
AlphaQ 7.38 80.46 69.15 44.33 77.70 68.55 79.45 69.86

Table 8: Results on Mixtral-8x7B. Perplexity↓ on WikiText2 and accuracy↑ on six zero-shot tasks.
The best results in each bit-width are highlighted in bold.

Bits Method WikiText2↓ PIQA↑ ARC-e↑ ARC-c↑ HellaSwag↑ WinoGrande↑ BoolQ↑ Avg.↑

16 Original 3.84 83.57 83.67 59.30 84.03 76.24 85.35 78.69

2
Uniform 6.30 74.81 71.09 40.44 54.04 65.75 72.57 63.12
PMQ 6.10 78.29 73.06 48.38 64.95 71.27 80.58 69.42
AlphaQ 6.01 78.52 74.62 46.59 64.76 71.31 80.39 69.36

2.5
Uniform 6.16 79.38 77.40 50.26 58.84 73.40 82.01 70.22
PMQ 5.32 80.36 78.45 51.58 69.23 73.95 82.54 72.35
AlphaQ 5.17 80.84 78.87 51.59 69.24 73.24 82.57 72.39

3
Uniform 4.91 80.20 79.55 49.57 70.23 74.19 82.01 72.62
PMQ 4.41 81.39 82.53 53.75 73.03 75.77 83.18 74.94
AlphaQ 4.37 81.56 82.32 54.44 73.47 77.27 83.64 75.45

3.5
Uniform 4.29 81.28 83.04 54.95 73.58 76.19 84.36 75.57
PMQ 4.25 81.21 82.49 53.92 72.90 76.09 83.84 75.08
AlphaQ 4.23 81.51 83.38 55.80 74.67 76.10 84.45 75.98

A.11 LIMITATION

This work still has several limitations. First, our experiments are restricted to weight-only quantization
and do not evaluate the applicability of AlphaQ in activation quantization settings. Second, AlphaQ
relies on the degree of heavy-tailedness in the weight spectrum as a proxy for expert- and layer-level
importance. While this assumption holds for the MoE language models evaluated in this work, its
generality for non-language models or broader MoE architectures remains to be validated. Finally,
we do not provide direct comparisons with all existing MoE quantization and compression methods,
which may limit a comprehensive assessment of the method’s relative advantages. We leave these
directions for future work and plan to further extend AlphaQ to broader MoE architectures, and more
comprehensive empirical study.
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Table 9: Efficiency analysis on Mixtral-8×7B and Qwen1.5-MoE. We report speedup relative to
the BF16 baseline, total model size (Params), and activated parameters during inference.

Model Setting Speedup ↑ Params (GB) ↓ Act. Params (GB) ↓

Mixtral-8×7B

BF16 1.00× 96.80 26.31
2-bit 1.68× 13.41 3.75
2.5-bit 1.47× 16.30 4.52
3-bit 1.31× 19.12 5.27
3.5-bit 1.17× 22.03 5.81

Qwen1.5-MoE
BF16 1.00× 28.94 5.74
2.5-bit 1.22× 6.37 1.16
3.5-bit 1.12× 7.60 1.45
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