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Abstract

Large Language Models continue to scale in
size and capability, driving substantial com-
putational and memory demands. Mixture-
of-Experts (MoE) architectures alleviate this
cost by activating only a sparse subset of ex-
perts per token, enabling efficient scaling with-
out proportional increases in inference com-
pute. However, quantization in MoE models
remains challenging due to heterogeneous sen-
sitivity across experts and their internal linear
layers. Existing mixed-precision frameworks
such as Mixed-precision Quantization for MoE
(MxMOoE) require full quantization-loss evalu-
ation for expert—layer—and-bit configurations,
incurring prohibitive profiling cost. To address
this, we propose FRI-MxMOoE, a profiling-
free mixed-precision quantization framework
that reformulates MoE calibration from exhaus-
tive expert-wise profiling to sparse anchor pro-
filing followed by Fuzzy Rule Interpolation.
By constructing a fuzzy rule base in the intra-
expert layer feature space (bit-width, activa-
tion variance, parameter scale), our method
predicts quantization error from only sparse
samples while remaining compatible with ex-
isting mixed-precision allocation objectives.
Extensive experiments demonstrate that FRI-
MxMOoE accelerates the profiling phase by up
to 15.7x (on DeepSeek-V2) while achieving
comparable or slightly superior zero-shot accu-
racy (e.g., +1.04% on DeepSeekV2-Lite) com-
pared to the baseline. This enables continuous
sensitivity modeling, preserves accuracy under
mixed-precision allocation, and reduces offline
computation by orders of magnitude. !

1 Introduction

The rapid progress of large language models
(LLMs) has been driven by scaling both model size
and training data. However, dense Transformer ar-
chitectures incur rapidly growing computation and

'Our code is available at https://github.com/qi-h-c/
Fri-MxMoE.
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Figure 1: Comparison of Profiling Strategies.

memory costs as they scale, making further expan-
sion increasingly impractical. Mixture-of-Experts
(MoE) architectures offer an effective alternative
by activating only a small subset of experts per
token, enabling conditional computation and sub-
stantially improved parameter efficiency (Lepikhin
et al., 2020; Du et al., 2022; Lv et al., 2026). This
sparse design allows MoE-based LLMs to maintain
high model capacity at a fraction of the computa-
tional cost, and has therefore become a key building
block in recent large-scale language models (Fedus
et al., 2022; Rajbhandari et al., 2022).

Despite the structural efficiency of MoE architec-
tures, achieving efficient and robust quantization
remains a significant open challenge (Xie et al.,
2025). Mixed-precision quantization—allocating
different bitwidths across experts and layers—
offers great potential for compression and accel-
eration, yet determining the optimal bit allocation
is far from trivial (Tao et al., 2025). This difficulty
arises from the inherently heterogeneous quantiza-
tion sensitivity of MoE models, which manifests at
multiple structural levels, while quantization can
also induce non-trivial degradation and reliability
issues (e.g., confidence/calibration) that complicate
robust deployment (Zhao et al., 2024; Proskurina
et al., 2024).

First, different experts respond unevenly to quan-
tization noise because they learn distinct func-
tions and exhibit highly variable activation frequen-
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cies (Lo et al., 2025; Wang et al., 2025). Several
experts are frequently routed to and dominate the
model’s overall behavior, whereas others remain
rarely activated (Qiu et al., 2025; Huang et al.,
2024a). Traditional mixed-precision quantization
approaches, such as HAQ (Wang et al., 2019) and
OMPQ (Ma et al., 2023a), largely assumes homo-
geneous quantization sensitivity across layers or
model components. As a result, these methods
struggle to adapt to the highly heterogeneous ro-
bustness exhibited by different experts and their
internal linear sub-layers in MoE architectures (Xie
et al., 2025; Chen et al., 2025).

Second, even within the same expert, different
linear sub-layers—such as the gating projection,
up-projection, and down-projection—exhibit dis-
tinct robustness to precision reduction (Xie et al.,
2025; Cho et al., 2025). These sub-layers differ
substantially in functional roles, parameter scales,
and activation statistics, leading to highly hetero-
geneous quantization sensitivity within a single ex-
pert (Xie et al., 2025; Wei et al., 2023; Huang et al.,
2024b; Ma et al., 2024b). However, many exist-
ing post-training and mixed-precision quantization
approaches model quantization effects at a coarse
granularity, treating linear layers uniformly with-
out distinguishing their roles within an expert (Xie
et al., 2025; Liao et al., 2024). Methods such as
AdaRound (Nagel et al., 2020), while effective
for dense models, do not explicitly capture this
intra-expert, sub-layer-level heterogeneity, which
becomes particularly pronounced in large MoE ar-
chitectures (Xie et al., 2025; Chen et al., 2025; Ma
et al., 2023b).

Third, the highly uneven activation frequency of
experts introduces an additional challenge for pre-
cision allocation in MoE models (Qiu et al., 2025;
Huang et al., 2024a). Due to sparse routing, only
a small subset of experts is activated for each to-
ken, and the resulting expert usage distribution is
often heavily skewed (Lo et al., 2025; Wang et al.,
2025). Consequently, quantization errors in fre-
quently activated experts have a much larger impact
on overall model quality than those in rarely used
ones (Chen et al., 2025; Xie et al., 2025). However,
many profiling-based mixed-precision methods im-
plicitly assign equal importance to all experts when
estimating quantization loss, regardless of their ac-
tivation frequency (Xie et al., 2025). This uniform
treatment leads to inefficient resource allocation,
as substantial profiling effort is wasted on rarely
activated experts that contribute little to end-to-end

performance (Qiu et al., 2025; Huang et al., 2024a).
Similar observations have been reported in recent
MOoE analyses, which highlight the importance of
expert activation patterns for both optimization ef-
ficiency and model quality (Fedus et al., 2022; Du
et al., 2022; Lo et al., 2025; Qiu et al., 2025).

To address the first issue, FRI-MxMoE employs
a profiling-free strategy via Fuzzy Rule Interpola-
tion (FRI). Instead of exhaustively profiling all ex-
perts, we measure only a few ‘anchor’ experts and
interpolate the sensitivity of the others (Figure 1),
significantly reducing calibration effort. This is
more than replacing a predictor inside the same
pipeline: MxMoE builds a dense expert-wise sen-
sitivity table by traversal, whereas FRI-MxMoE
builds a sparse anchor-derived rule base and queries
a continuous sensitivity manifold on demand. The
profiling stage itself is therefore reformulated from
exhaustive enumeration to sparse profiling plus in-
terpolation.

For the second issue, FRI-MxMoE constructs
a fuzzy rule base within the intra-expert feature
space. By incorporating bit-width, activation vari-
ance, and parameter scale into rule antecedents,
FRI continuously models non-linear quantization
sensitivity across sub-layers, offering flexible and
interpretable precision predictions.

Third, FRI-MxMOoE integrates a frequency-
aware weighting mechanism directly into the fuzzy
inference process and employs Lagrangian relax-
ation for efficient optimization. This ensures that
quantization errors in frequently activated experts
are prioritized while yielding fast, scalable alloca-
tion solutions.

In summary, our contributions are threefold:

(1) FRI-based Heterogeneous Sensitivity Mod-
eling. We propose a FRI mechanism to model ex-
pert sensitivity from sparse samples. By learning
the mapping from expert features to quantization
error, our method enables accurate, profiling-free
estimation, avoiding exhaustive profiling.

(2) Fine-grained Intra-Expert Modeling. We
extend FRI to capture the distinct robustness of
intra-expert sub-layers (gate, up, down). This
allows for fine-grained, structure-aware mixed-
precision allocation that respects internal expert
architecture.

(3) Efficient Frequency-aware Allocation. We
introduce a frequency-aware objective solved via
Lagrangian relaxation on the smooth FRI-predicted
landscape. This approach offers superior scalabil-
ity and noise robustness compared to ILP solvers,
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yielding fast, high-quality allocations.

To our knowledge, this is the first attempt to ap-
ply FRI to the field of neural network quantization,
specifically to address the scalability challenges in
profiling large-scale MoE models.

2 Related Work

Fuzzy Rule Interpolation (FRI) was introduced
to support inference with sparse or incomplete rule
bases (Kéczy and Hirota, 1993b,a; Kovéics and
Kéczy, 1997). Rather than requiring dense rule cov-
erage as in Mamdani or Takagi—Sugeno systems,
FRI interpolates among the most relevant neigh-
bouring rules to produce outputs even when no rule
exactly matches the input. Recent advances im-
prove robustness and stability in high-dimensional
spaces, including density-aware neighbour selec-
tion (Gao, 2023) and general fuzzy-set represen-
tations for higher-quality interpolation (Qu et al.,
2024). FRI has also been extended to dynamic
systems, predictive control, and industrial signal
recovery, showing strong capability in approxi-
mating nonlinear functions under limited knowl-
edge (Baranyi et al., 2004; Jiang et al., 2025).

Post-Training Quantization (PTQ) is widely
used to compress large language models without
retraining. Methods such as AdaRound (Nagel
et al., 2020), GPTQ (Frantar et al., 2023), and
AffineQuant (Ma et al., 2024a) leverage recon-
struction or equivalent transformations to reduce
layer-wise quantization error, while activation-
aware approaches like AWQ (Lin et al., 2024)
preserve salient weights identified by activation
statistics. Recent analyses also study oscillation
behavior in PTQ and outlier-aware reconstruction
for Transformer-style models (Ma et al., 2023b,
2024b). Although effective for dense backbones
(e.g., LLaMA/OPT), extending PTQ to MoE is
non-trivial due to the enlarged parameter space and
expert-specific behaviors.

MoE models (e.g., Mixtral, Switch Transformer)
employ sparse routing where only a few experts are
activated per token. Recent work has begun target-
ing MoE quantization: QMoE (Frantar and Alis-
tarh, 2023) enables low-bit quantization of massive
MoE models using scalable calibration and efficient
GPU kernels. However, most existing strategies
still use uniform precision or treat experts equiva-
lently, ignoring heterogeneous quantization sensi-
tivity driven by expert specialization and skewed
activation frequency. While mixed-precision could

exploit this heterogeneity, identifying an optimal
per-expert bit-width typically requires profiling ev-
ery expert, incurring a prohibitive cost that scales
as O(E) with the number of experts.

3 Method

3.1 Mixed-precision Quantization for MoE

MxMOoE is a state-of-the-art mixed-precision quan-
tization framework designed for MoE models. It
formulates the bit-width allocation problem as a
constrained optimization task, aiming to maxi-
mize model performance (e.g., minimize perplexity
degradation) under a strict latency or memory bud-
get. Formally, let an MoE model have L layers
and F experts per layer. Each expert consists of
linear sub-layers (e.g., gate, up, down projections).
MxMOoE assigns a bit-width b; j ;. € B to the k-th
sub-layer of the j-th expert in the i-th layer, where
B is a candidate set (e.g., {2, 4, 8} bits).

To solve this optimization problem, MxMOoE re-
quires a error table 7, which records the quantiza-
tion error £(b; ;1) for every possible configuration.
Typically, this is obtained by profiling: quantizing
each block individually and measuring the recon-
struction loss (e.g., MSE) on a calibration dataset.

Profiling Bottleneck: While effective, MXxMoE
faces a severe scalability challenge. The cost of
constructing the full sensitivity table 7 scales lin-
early with the number of experts:

Cproﬁle x L x E X |B’ X Ncalib7 (1)

where Ncaip is the number of calibration samples.
For modern MoE models such as Mixtral-8x7B
(E = 8) or Switch Transformer (F up to hundreds),
Chrofile becomes prohibitively expensive. Further-
more, if we consider fine-grained runtime con-
straints (e.g., varying hardware tile sizes M, N, K),
the search space explodes, making brute-force pro-
filing impossible.

We observe that the quantization sensitivity of
experts is not random. It exhibits strong corre-
lations with expert-specific features (e.g., weight
scale, activation frequency) and structural param-
eters (e.g., layer type, bit-width). This motivates
us to replace the dense profiling with an analytical
prediction model.

3.2 FRI-MxMOoE: Fuzzy Rule Interpolation
for Scalable Quantization

Figure 2 illustrates the proposed FRI-MxMOoE.
Starting from a pre-trained MoE model and cal-
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Figure 2: Overview of proposed FRI-MxMOoE framework. Quantization error and latency are predicted via fuzzy
rule interpolation and used for mixed-precision optimization.

ibration data, we profile only sparse anchor con-
figurations and convert each profiled expert/sub-
layer/bit tuple into a lightweight descriptor (type,
(M,N,K), FLOPs, and (wpjs, apiis)). Two par-
allel FRI modules then predict loss and latency
for unprofiled configurations across candidate bit-
widths.

These predicted surfaces are optimized via
Lagrangian relaxation with activation-frequency
weighting, iteratively updating A and solving lo-
cal subproblems to satisfy the target budget. The
output is a per-expert and per-sub-layer bit-width
assignment b* with balanced quality and efficiency.

3.2.1 Fuzzification of Quantization Variables

We define distinct sets of linguistic variables to
capture the specific characteristics of quantization
error and runtime latency. For a detailed defini-
tion of these variables, please refer to Table 7 in
Appendix A.

Briefly, for Quantization Error Interpolation,
the input vector X, includes structural type, bit-
width, scale features, and arithmetic intensity proxy.
For Runtime Latency Interpolation, the input
vector Xj,; incorporates hardware-aware kernel
parameters such as tiling configuration, pipeline
stages, and fusion status.

For continuous variables (e.g., bit-width,
M, N, K), we employ triangular membership func-
tions defined by a set of breakpoints {ay}. The
membership degree 4, () of value z to the lin-
guistic term Ay, is:

KAy (‘/E) = max <07 1- M) ) (2)
Wk

where ¢y, is the center and wy, is the width of the tri-

angle. For categorical variables (e.g., weight type),
we use singleton (one-hot) membership functions.

3.2.2 Sparse Rule Base Construction

We collect a small set of anchor samples S =
{(x®, y®)} N . To capture the non-uniform sensi-
tivity distribution across model depths, we employ
a Depth-Adaptive Stratified Sampling strategy.
We divide the model layers into three stages (shal-
low, middle, deep) and apply varying sampling
densities based on their sensitivity contribution.
For instance, we sample experts more densely in
the middle layers (e.g., selecting every second ex-
pert) compared to the shallow (e.g., selecting every
fourth expert) and deep layers.

Crucially, our profiling penetrates into the ex-
pert internal sub-layers: for each selected expert,
we individually profile its Gate, Up, and Down
projections under a set of key bit-widths (e.g.,
{2,3,4,8}). Each sample is converted into a fuzzy
rule R;:

Ry :TF 2y is AV A Az is ALY THEN y is y@.

3)
If N, anchor experts are selected and each con-
tributes C=3 sub-layers and |B,| profiled bit-
widths, then the rule-base size is Ny = N, x C X
|Bp|. In our setup, B, = {2, 3,4, 8}, so a 5k—10k
rule base corresponds to profiling only about 417—
833 anchor experts in total across the whole model.
This is still far smaller than exhaustive traversal,
and Table 3 later shows that prediction quality al-
ready saturates around 7.5k—10k rules. In practice,
we start from a Sk budget and increase it only when
held-out rank correlation keeps improving. Unlike
traditional fuzzy systems that require a dense grid
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of rules to cover the entire input space, our rule
base is “sparse”. Most input configurations will not
strictly “match” any existing rule (i.e., activation
strength is zero).

3.2.3 Fuzzy Interpolation Mechanism

To handle the sparsity, we employ an FRI inference
engine based on Inverse Distance Weighting (IDW)
in the feature space. Given a query configuration
X4, We first calculate its distance to each rule an-
tecedent R;. We define a heterogeneous distance
metric D(x,, R;) that combines Euclidean distance
for continuous features and Hamming distance for
categorical features:

D(ti Rz) = \/Dcont(xqa Rz) + Dcat(xzp Rz)a

2
Dcont(X 7RZ) = (M> 5
! jeczont 7j
Dcat(xqaRi) = Z H(x%j 75 Ci,j)'
jEcat

4

The predicted quantization error (or runtime) ¢

is computed by interpolating the K nearest rules

(Nk (x¢)):

o) 1

ERENK(xq) Wy
- ) w; =

g =
ZRiENK(xq) Wy

(&)
where € is a small constant to prevent division by
Zero.

Stability  of
wl/ ZRJ ENK(Xq) w]

IDW-FRI. Let
Then § =

(0%} =

Ei aiy(i)

with @; > 0 and ),y = 1, so the
prediction is bounded by its neighbours:
min; y < § < max;yd. If anchor

outputs are perturbed by bounded noise
y + &, the induced prediction error satis-
fies |09 = | D, a;0;| < max; |d;|. Moreover, with
e > 0 and normalized inputs, D(x4, R;) and w;
are smooth away from exact collisions, which
makes 3 locally Lipschitz in x,. These properties
do not constitute a global end-task guarantee,
but they explain why IDW-FRI yields a smooth
sensitivity surface and is resistant to isolated
noisy anchors. A proof sketch is provided in
Appendix F. This mechanism allows FRI-MxMoE
to smoothly generalize the sensitivity patterns
learned from a few experts to the entire MoE
model, enabling accurate error prediction for
unprofiled configurations.

D(Xq, Ri) +e

3.2.4 Compute-Aware Enhancement

A unique feature of our implementation is the injec-
tion of compute-related priors (M, N, K, FLOPs)
into the interpolation. Standard bit-width interpola-
tion often fails to capture the hardware efficiency
cliffs (e.g., the performance gap between fitting in
L2 cache vs. DRAM).

By explicitly including these physical dimen-
sions in the fuzzy distance metric D(-), FRI-
MxMOoE can distinguish between compute-bound
and memory-bound layers, yielding more robust
runtime and error estimates for diverse hardware
backends.

3.2.5 Lagrangian-based Resource Allocation

After estimating the quantization error £ and cost C
via FRI for the full configuration space, we aim to
find the optimal bit-width assignment b*. A critical
observation in MoE models is the highly skewed
expert activation distribution—a small subset of
experts handles the majority of tokens. Treating all
experts equally would lead to suboptimal resource
utilization.

To address this, we introduce a Frequency-
Aware Weighting mechanism into the optimiza-
tion objective. Let f; denote the normalized acti-
vation frequency of the ¢-th quantization unit (ob-
tained from calibration data). The weighted opti-
mization problem is defined as:

. .. ey t. Al. i <
min EZ fi Li(b;) st % Ci(b;) < Crargets
(6)

where 7 indexes each quantization unit and b; € B.
The term f; L (b;) ensures that frequently activated
experts are prioritized for higher precision, while
rarely used experts can be compressed more ag-
gressively without degrading overall performance.

To ensure scalability, we relax the hard con-
straint into the objective function using a Lagrange
multiplier A > 0:

For a fixed )\, the global optimization decouples
into independent local selections for each unit ¢:

N

i) = argmin (fi- £i(6) + XG0)) . ®)

Since the total cost 3~ C;(b¥(\)) is monotonically
non-increasing with respect to A\, we efficiently find
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the optimal \* satisfying the budget constraint via
binary search.

To avoid confusion between the number of ex-
perts and the number of decision variables, we de-
note by U the total number of allocation units (e.g.,
expert sub-layers) whose bit-widths are to be se-
lected, where typically U = L x E x C. Our La-
grangian relaxation solves the budget-constrained
allocation via a binary search on A. Each iteration
requires a single pass over all U units to calcu-
late the induced cost and update A. Therefore, the
solver runs in O(Njg, - U) time, where Njg, is the
number of binary-search iterations (a small con-
stant in practice). Importantly, this allocation step
is lightweight compared to quantized forward-pass
profiling.

Note that our “O(1) profiling” statement refers
to the calibration/profiling cost being independent
of the number of experts F, whereas the subse-
quent mixed-precision allocation is solved via a
Lagrangian binary search with runtime O(Nj;-U)
in the number of allocation units U.

We summarize the overall pipeline of FRI-
MXMOE in Algorithm 1, which is provided in
Appendix B.

4 Experimentation

We conduct our experiments on a server equipped
with NVIDIA A800 GPUs. We focus on the cali-
bration bottleneck of mixed-precision MoE quanti-
zation. The error-FRI is hardware-agnostic, while
the latency-FRI is hardware-conditional because
it explicitly consumes device/kernel descriptors;
porting to a new backend therefore requires only
sparse anchor profiling on that backend rather
than exhaustive traversal. We use the Wikitext-
2 (Merity et al., 2016) dataset for calibration, ran-
domly sampling 128 sequences with a sequence
length of 4096. For zero-shot evaluation, we em-
ploy seven standard benchmarks: Arc-Challenge
(AC) (Clark et al., 2018), Arc-Easy (AE) (Clark
et al., 2018), HellaSwag (HS) (Zellers et al., 2019),
LAMBADA-openai (LO) (Paperno et al., 2016),
LAMBADA-standard (LS) (Paperno et al., 2016),
PIQA (PQ) (Bisk et al., 2020), and WinoGrande
(WG) (Sakaguchi et al., 2021), alongside perplexity
(PPL) measurement on Wikitext-2.

In Table 1, we report the accuracy for each task
and the average accuracy (Avg.) across all seven
tasks. In Table 2, we note that the reported profil-
ing time and cost correspond to a single quantiza-

tion configuration scan (e.g., W4A4). In a practi-
cal mixed-precision search scenario, multiple such
scans (for different candidate bit-widths) would be
required, further amplifying the efficiency advan-
tage of our profiling-free approach.

4.1 Performance Analysis

Table 1 presents the zero-shot performance on
seven standard benchmarks and perplexity (PPL)
on Wikitext-2. The baseline MxMoE employs an
Integer Linear Programming (ILP) solver for preci-
sion allocation, whereas our FRI-MxMOoE utilizes
a fuzzy-logic-based allocation strategy.

Table 1 indicates that FRI-MxMoE consistently
outperforms existing methods across diverse model
architectures. Compared to the standard MxMoE,
our approach achieves slightly better accuracy
(e.g., +0.04% on DeepSeekV2-Lite and +0.03 %
on Mixtral-8x7B under W3.25-A16) and lower
perplexity. This marginal yet consistent superior-
ity stems from the manifold continuity inherent in
FRI.

Unlike MxMoE, which optimizes over a discrete
and potentially noisy set of profiled points, FRI
constructs a smooth error surface that captures the
underlying sensitivity trends. Coupled with the
global search capability of our Lagrangian solver,
FRI-MxMOoE avoids local optima often encoun-
tered by greedy heuristics in discrete spaces, effec-
tively “denoising” the sensitivity map to find more
robust allocation strategies. Overall, these results
show that profiling efficiency is gained without sac-
rificing downstream task quality.

4.2 Efficiency Analysis

We compare the profiling cost of FRI-MxMoE
against the baseline MxMoE across different model
scales in Table 2. MxMOoE requires exhaustively
profiling all expert-layer-strategy combinations to
construct the sensitivity table. The search space
size is defined as L x E x 3 x |S|, where L is layers,
E is experts, and |S]| is the number of candidate
strategies.

Comparison between Scalability and Model
Characteristics: The results highlight a fundamen-
tal shift in complexity class. MxMOoE’s cost scales
linearly with the number of experts (O(FE)), lead-
ing to prohibitive times for fine-grained MoEs like
DeepSeek-V2 (estimated >190 hours). In contrast,
once the anchor budget is fixed, FRI-MxMOoE has
approximately constant profiling cost with respect
to E. This is because FRI-MxMOoE compresses
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Table 1: Zero-shot performance on standard benchmarks. We report accuracy (%) for Arc-Challenge (AC), Arc-Easy
(AE), HellaSwag (HS), LAMBADA-openai (LO), LAMBADA-standard (LS), PIQA (PQ), and WinoGrande (WG).
PPL denotes perplexity on Wikitext-2. “Avg.” is the average accuracy across the seven tasks. GPTQ* denotes
GPTQ with random Hadamard transformation. FRI-MxMOoE (Ours) achieves comparable accuracy to MxMoE with
significantly reduced allocation cost.

Model Method #Bits (W-A) AC AE HS LO LS PQ WG Avg. PPL
Baseline 16-16 4898 7622 7791 7233 6790 8020 71.19 70.68 592
GPTQ* 3.25-16 4735 7504 76.44 7041 6565 79.05 7127 6932 6.18
GPTQ* 2.25-16 37.63 6347 6545 52.53 4855 7459 64.09 58.04 849
QuaRot 4-4 41.81 67.51 74.12 50.01 45.86 7552 6338 59.74 844
DeepSeekV2-Lite MxMoE 3.25-16 47.87 7458 76.85 71.10 65.85 79.27 70.09 6937 6.08
MxMoE 2.25-16 40.36 68.86 68.63 59.56 54.01 75.08 67.80 62.04 7.01
MxMoE 5-5 46.76 7437 7738 6841 6499 7938 69.22 68.64 6.16

FRI-MxMoE 3.25-16 4891 75.61 77.87 72.16 66.89 8028 71.12 70.41 5.96
FRI-MxMoE 2.25-16 40.89 69.38 69.17 60.09 5457 75.62 6853 62.58 7.09

FRI-MxMoE 55 46778 7441 7741 6847 6501 7941 6926 68.68 6.1
Baseline 16-16 4403 69.53 7726 7128 6462 8047 6930 68.07 6.79
GPTQ* 32516 4334 68.60 7535 68.68 62.80 7922 66.54 6636 7.15
GPTQ* 22516 3089 47.14 6077 4372 3481 6997 5620 49.07 11.19
QuaRot 4-4 2713 4074 5710 35.61 2533 6643 51.93 4347 1844
Owenl5.MoE  MXMOE 325-16 4377 6604 7592 6971 62.82 79.11 68.03 6649  7.02
MxMoE 22516 31.66 5328 62.80 5643 51.00 7133 6125 5539 879
MxMoE 5.5 4292 6604 7627 7006 6340 80.58 67.80 66.72  7.01
FRI-MxMoE  3.25-16 4393 66.17 7606 69.83 6299 7923 68.17 66.63 6.94
FRI-MxMoE  225-16  31.68 5334 6283 5647 51.02 7138 6128 5543 8.67
FRI-MxMoE 5.5 43.16 6626 7653 7029 63.62 80.82 68.03 66.96 6.92
Baseline 16-16 5520 77.19 84.09 7435 62.62 8232 7214 72.56 5.84
GPTQ* 325-16  53.67 7588 8290 7336 6324 81.01 7096 7157 6.11
GPTQ* 22516 3882 57.66 7127 5899 4972 7329 6030 58.58 7.98
QuaRot 4-4 33.19 4272 5434 23.02 953 63.87 5012 39.54 110.66
MxMoE 325-16 5384 7630 8281 7239 6095 8134 69.69 71.05 6.18
Qwen2-MoE MxMoE 22516 4505 6886 77.13 6600 56.61 7541 6290 6457 71.57
MxMoE 5-5 5486 7555 82.69 7287 62.68 7949 7096 7130 625

FRI-MxMoE 3.25-16 5393 7640 82.89 7250 61.04 8142 69.79 71.14 6.23
FRI-MxMoE 2.25-16 45.18 6898 7727 66.13 56.76 7553 63.04 64.70 7.44

FRI-MxMoE 5-5 54.88 75.58 8273 72.89 62.71 79.51 70.99 7133 6.20
Baseline 16-16 66.38 8539 8595 77.28 73.06 8520 76.72 78.57 3.88
GPTQ* 3.25-16 6442 84.01 8512 76.77 71.76 83.79 76.16 7743 4.17
GPTQ* 2.25-16 48.89 7235 7695 6839 6144 7715 6772 6756 5.69
QuaRot 4-4 50.60 68.69 75.65 40.95 38.83 76.88 61.01 5894 9.06
Mixtral-8x 7B MxMoE 3.25-16 64.25 8422 85.04 7698 71.86 84.17 7593 7749 415
MxMoE 2.25-16 4898 7277 7744 68.68 62.18 7628 6890 67.89 5.63
MxMoE 5-5 64.08 83.71 85.10 76.21 71.78 83.79 73.80 76.92 4.20

FRI-MxMoE 3.25-16 6431 8427 85.10 77.05 7192 8422 76.00 77.55 4.11
FRI-MxMoE 2.25-16 49.06 72.83 7751 6876 6225 7637 6896 67.96 5.61
FRI-MxMoE 5-5 65.11 8475 86.12 7724 7282 84.82 74.83 77.96 422

Table 2: Architectural Specifications and Profiling Efficiency. We compare the profiling cost of FRI-MxMoE
against MxMoE on extended MoE variants. “Params” denotes model size in GB. “Experts” indicates Sparse+Shared
experts. FRI-MxMoE demonstrates superior scalability on fine-grained MoEs (Qwen, DeepSeek) and massive
models (DeepSeek-V2), despite a slight overhead on dense-expert models like Mixtral-8 x22B.

Model Variant Params (GB) Experts TopK Search Space MxMOoE Time FRITime Speedup
Mixtral-8 x 7B-Instruct-v0.1 92.9 8 2 6,912 1h41m 1h 01lm 1.7x
Mixtral-8 x 22B-Instruct-v0.1 281.0 8 2 6,912 5h 07m 3h 02m 1.7x
Qwenl.5-MoE 26.7 60+4 4 38,880 2h 45m 42m 3.9x
Qwen2-MoE-Instruct 106.9 64+8 8 41,472 11h 45m 2h 48m 4.2x
DeepSeek-V2-Lite 29.3 64+2 6 46,656 3h 37m 46m 4.7x
DeepSeek-V?2 472.0 160+2 6 155,520 194h 30m 12h 22m 15.7x
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Table 3: Impact of rule-base size on FRI prediction qual-
ity on Qwen1.5-MoE. We evaluate APPL prediction on
a held-out profiled set.

Rule Base Size MAE | RMSE | Spearman p 1

1k 0.182 0.241 0.61
2.5k 0.131 0.178 0.69
Sk 0.096 0.132 0.75
7.5k 0.082 0.114 0.78
10k 0.076 0.106 0.80

the high-dimensional sensitivity space into a low-
dimensional manifold governed by physical pri-
ors (e.g., parameter count, activation frequency).
By learning this mapping from a fixed number
of anchor samples, we decouple profiling cost
from model width. While this incurs a fixed over-
head for parameter-heavy, expert-sparse models
(e.g., Mixtral-8x22B, 1.7x speedup), the advan-
tage grows quickly with expert count and reaches
15.7x on DeepSeek-V2, making FRI-MxMoE par-
ticularly attractive for next-generation expert-rich
MoEs.

4.3 Anchor Budget and Practicality

Table 3 shows clear diminishing returns as the rule-
base size increases. A Sk rule base already pre-
serves the sensitivity ranking well (p=0.75) with
low prediction error, while 7.5k—10k is close to
saturation. This makes rule-budget selection prac-
tical for a new model: start from a fixed 5k bud-
get, profile a small held-out validation split, and
expand only if the rank correlation has not stabi-
lized. Importantly, the apparently large 4k—10k
rule count does not imply profiling thousands of
distinct experts, because each anchor expert con-
tributes multiple rules through three sub-layers and
multiple profiled bit-widths. Appendix E further
shows that our depth-adaptive stratified sampling is
more sample-efficient than random sampling under
the same rule budget.

4.4 Robustness of Sensitivity Modeling

We also compare FRI against standard learned
regressors under the same sparse-profiling bud-
get. Table 4 shows that FRI achieves the best
MAE/RMSE and the highest rank correlation, even
though it requires no training. This supports our
design choice: the anchor set is intentionally opti-
mized for local interpolation rather than dense i.i.d.
supervision, so a lightweight interpolation model
is more sample-efficient than global regressors in

Table 4: Comparison with learned regression predictors
on Qwenl.5-MoE. All methods use the same anchor-
only supervision and the same input features, and are
evaluated on held-out profiled configurations using
APPL prediction.

Method MAE | RMSE | Spearman p 1
FRI (ours) 0.096 0.132 0.75
Ridge 0.118 0.161 0.69
SVR (RBF) 0.104 0.158 0.71
RF/GBDT 0.101 0.149 0.73
MLP 0.112 0.172 0.68

Table 5: Comparison of different allocation granular-
ities. Test with 5-bits weight-activation quantization.
Evaluation metrics are the same as described in settings.

Model PPL | Avg. Acc T
Linear Expert Linear Expert

DeepSeek-V2-Lite  6.11 632 68.68 67.88

Qwenl.5-MoE 6.92 698 6696 66.11

the anchor-only regime targeted by our method.

We further test whether FRI-MxMOoE is brittle
to the exact feature design. The detailed results in
Table 10 and Table 11 show that removing activa-
tion statistics or weight-scale features causes only
mild degradation across four MoE families, and
replacing variance with semantically similar alter-
natives such as mean-absolute activation or outlier
ratio remains close to the default setting. Together,
these results indicate that FRI-MxMoE relies on se-
mantically meaningful sensitivity cues rather than
a fragile, model-specific feature choice.

4.5 Further Analysis

Effect of bitwidth allocation granularity. MxMoE
employs linear-block level allocation instead of
the expert-level allocation often found in previous
studies. We also perform bitwidth allocation at the
expert level for comparison, as shown in Table 5.
The results demonstrate that linear-block allocation
consistently outperforms expert-level allocation.
To validate the effectiveness of our proposed FRI
and Lagrangian Relaxation strategies, we conduct
an ablation study on Qwen1.5-MoE in Table 6.
Component Analysis: The ablation results re-
veal a critical synergy between FRI and Lagrangian
relaxation. Using FRI alone with ILP yields com-
petitive performance (66.41 Avg), but replacing
ILP with our Lagrangian solver further boosts ac-
curacy to 66.63. At first glance, this is counter-
intuitive: why would an approximate solver (La-
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Table 6: Ablation study on Qwen1.5-MoE. We compare four combinations of profiling methods (Full Traversal vs.
FRI Interpolation) and allocation solvers (ILP vs. Lagrangian Relaxation). The combinations are: (1) MxMoE (Full
+ ILP), (2) Full + Lagrangian, (3) FRI + ILP, and (4) FRI-MxMoE (FRI + Lagrangian). Our proposed FRI-MxMoE

achieves the best performance across all metrics.

Profiling Solver #Bits AC AE HS LO LS PQ WG Avg. PPL
Full Traversal ILP (MxMOoE) 3.25-16 43.77 66.04 7592 69.71 62.82 79.11 68.03 6649 7.02
Full Traversal Lagrangian 3.25-16 43.62 6588 75.78 69.58 62.68 7898 67.88 66.34 7.10
FRI Interpolation ILP 3.25-16 4370 6595 75.85 69.65 6275 79.05 6795 6641 7.06
FRI Interpolation Lagrangian (Ours) 3.25-16 43.93 66.17 76.06 69.83 6299 79.23 68.17 66.63 6.94
Full Traversal ILP (MxMOoE) 2.25-16 31.66 5328 62.80 5643 51.00 7133 61.25 5539 8.79
Full Traversal Lagrangian 2.25-16 3148 53.10 62.62 5625 50.82 71.15 61.05 5521 892
FRI Interpolation ILP 2.25-16 31.58 5320 62.72 5635 50.92 7125 61.15 5531 8.85
FRI Interpolation Lagrangian (Ours) 2.25-16 31.68 53.34 62.83 56.47 51.02 7138 61.28 5543 8.67

grangian) outperform an exact solver (ILP)? The
answer lies in the noise robustness required when
optimizing over a predicted surface: FRI predic-
tions inevitably contain approximation errors, and
ILP tends to exploit these local inaccuracies too
aggressively. In contrast, Lagrangian relaxation
searches for a global slope A that balances the
marginal benefit across all experts. This implicit
consistency constraint acts as a form of regulariza-
tion, preventing the selection of outlier configura-
tions driven by local prediction noise. Thus, while
ILP finds the optimal solution for the predicted
landscape, Lagrangian relaxation yields a solution
that is more robust and generalizable to the true
performance landscape. FRI-MxMOoE (Row 4) ef-
fectively combines the scalability of FRI with the
robustness of Lagrangian relaxation.

5 Conclusion

In this work, we presented FRI-MxMOoE, a scal-
able mixed-precision quantization framework for
MoE-based LLMs that replaced exhaustive expert-
wise profiling with FRI. By constructing a sparse
fuzzy rule base over intra-expert layer features and
interpolating quantization error (and cost) for un-
profiled configurations, the proposed approach sub-
stantially reduced the calibration burden and en-
abled smooth, continuous sensitivity modeling un-
der heterogeneous expert behaviors. We further in-
corporated frequency-aware weighting to prioritize
high-usage experts during allocation, and adopted
an FRI-compatible Lagrangian relaxation to effi-
ciently solve the budget-constrained precision as-
signment at scale, avoiding the poor scalability
of ILP-based solvers. Empirically, FRI-MxMoE
consistently matched or slightly improved the accu-
racy—perplexity trade-off of strong MoE quantiza-

tion baselines while delivering large reductions in
profiling time, with particularly pronounced gains
on fine-grained and massive MoE variants.

Limitations

Our approach alleviates the main scalability bottle-
neck of calibration/profiling by learning a sensitiv-
ity manifold from a fixed set of anchor samples, but
it still has three limitations. (1) FRI-MxMOoE intro-
duces an interpolation overhead that is largely inde-
pendent of the number of experts, so its end-to-end
speedup is less pronounced when baseline profiling
is already moderate, such as in parameter-heavy yet
expert-sparse models like Mixtral-8 x22B, where
the speedup is 1.7 x. (2) Its interpolation accuracy
depends on the quality of the anchor set and feature
space; unrepresentative anchors or missing factors
may lead to assignment errors, suggesting the need
for adaptive anchor selection and richer feature
design in more challenging settings. (3) The la-
tency model is hardware-conditional rather than
hardware-universal. Although the feature space
can incorporate device-specific kernel descriptors,
our results are reported only on A800 GPUs, and
deployment on new hardware still requires sparse
anchor profiling. In addition, the allocation stage
is not constant-time, but scales as O (Nj, - U) due
to binary search over the Lagrange multiplier, al-
though it remains much cheaper than full profiling.
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A Interpolation Variables Definition

Table 7 details the input features used for the Quan-
tization Error and Runtime Latency interpolation
models in FRI-MxMoE. We distinguish between
structural features (Layer Type), configuration pa-
rameters (Bit-width, Tiling), and scale-dependent
features (Problem Size, FLOPs) to comprehen-
sively capture the heterogeneous characteristics of
MOoE experts. These features were selected based
on their high correlation with quantization sensitiv-
ity and hardware execution efficiency, as verified
in preliminary experiments. The feature set is de-
signed to be extensible, allowing for the inclusion
of additional hardware-specific counters if avail-
able.

B Overall Algorithm

Algorithm 1 provides the detailed pseudocode for
the FRI-MxMOoE framework. The process is di-
vided into three main stages:

(1) Sparse Rule Base Construction: We con-
struct a sparse rule base by profiling a limited num-
ber of anchor experts (Eq. (3)). This significantly
reduces the calibration overhead from linear O(E)
to constant O(1).

(2) FRI Interpolation: We use fuzzy rule inter-
polation (Eq. (4)—(5)) to predict the quantization
error £ and runtime cost C for all possible con-
figurations in the full search space, handling the
heterogeneity of unmeasured experts.

(3) Lagrangian Allocation: Finally, we solve
the budget-constrained mixed-precision allocation
problem using a Lagrangian relaxation approach
(Eq. (6)—(8)), which efficiently finds the optimal
bit-width assignment via binary search on the La-
grange multiplier A.

C Rule Base Size Analysis

We compare the size of the search space in MxMoE
with the effective rule base size in FRI-MxMoE
across different models. As shown in Figure 3,
while the search space of MxMoE grows linearly
with the number of experts (reaching over 150k
atomic configurations for DeepSeek-V2), the rule
base size of FRI-MxMOoE remains relatively con-
stant (around 4k—10k) once the anchor budget is
fixed. This demonstrates the scalability of our ap-
proach. Furthermore, the rule base size in FRI-
MxMOoE is decoupled from the total number of ex-
perts, depending instead on the diversity of expert
types (e.g., parameter scales, activation patterns).

This property makes FRI-MxMOoE particularly ad-
vantageous for future massive MoE models with
thousands of experts.

Comparison of Search Space vs FRI Rule Base Size
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10° FRI Rule Base Size
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Figure 3: Comparison of Search Space Size (MxMoE)
and Rule Base Size (FRI-MxMOoE) across different mod-
els. Note the log scale on the y-axis.

In our Lagrangian-based resource allocation
(Section 3.2.5), the hyperparameter A (Lagrange
multiplier) plays a pivotal role in balancing quan-
tization error and runtime cost. The optimization
objective is formulated as:

As ) increases, the penalty for runtime cost C
grows, forcing the solver to select bit-width con-
figurations with lower cost (and typically lower
precision). In contrast, a smaller A relaxes the cost
constraint, allowing the model to retain higher pre-
cision.

D Impact of Lagrangian Multiplier )

Impact of A on PPL, Accuracy, and Bit-width (Qwen1.5-MoE)
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Figure 4: Impact of Lagrangian Multiplier A on Perplex-

ity (PPL), Avg. Accuracy, and Average Bit-width for

Qwenl.5-MoE. A = 0.25 provides a balanced trade-off.
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Table 7: Definition of linguistic variables (input features) used in FRI-MxMoE’s interpolation models. Type: D

(Discrete/Categorical), C (Continuous).

Model Variable

‘ Type ‘ Description

Structural Type (%)
Bit-width (b)

Scale Features

Al Proxy
Activation Variance

Quantization Error
(Interpolating £)

Sub-layer type: {Gate, Up, Down}, reflecting functional role.
Quantization precision, b € [2, 16], directly controlling noise.

M, N, K,FLOPs distinguishing large vs. small layers.

Derived feature FLOPs/(K - N - b), capturing arithmetic intensity.
Variance of input activations, indicating outlier sensitivity.

Tiling Config
Pipeline Stage (.5)
Problem Size
Precision Config
Fusion Status (F)
Thread Block

Runtime Latency
(Interpolating 0)

oRvEoNoNoNolNoNoNONONY)

Tile sizes BM, BN, BK determining register pressure.

Number of pipeline stages (e.g., 2), affecting instruction overlap.

M, N, K determining total workload and tail effects.

Weight (Whis) and Activation (Ap;s) bit-widths affecting memory traffic.
Boolean flag for operator fusion, impacting launch overhead.

Number of threads per block, affecting occupancy.

Table 8: Sensitivity to feature engineering (group ablation) on Qwenl.5-MoE under W3.25-A16. We keep the
Lagrangian allocator fixed and ablate groups of fuzzy inputs for the error FRI module (latency module uses the full
feature set). “Avg.” is the average accuracy over seven zero-shot tasks; PPL is evaluated on Wikitext-2.

Error-FRI Feature Set Bit Act. Stats Weight Scale Avg. Acc (%) PPL
Full (FRI-MxMOoE, paper) v v v 66.63 6.94
w/o0 activation statistics v - v 66.22 7.06
w/o weight-scale features v - 66.38 6.98
Bit-only (no stats/scale) v - - 65.77 7.12
MxMoE - - 66.49 7.02

Table 9: Prediction error vs. rule-base size on Qwen1.5-
MOoE. We compare our depth-adaptive stratified sam-
pling with random sampling under the same rule budget.

Sampling Rule Base MAE | RMSE | Spearmanp 1

Stratified 1k 0.182 0.241 0.61
Stratified 2.5k 0.131 0.178 0.69
Stratified 5k 0.096 0.132 0.75
Stratified 7.5k 0.082 0.114 0.78
Stratified 10k 0.076 0.106 0.80
Random 1k 0.224 0.296 0.53
Random 2.5k 0.168 0.229 0.62
Random 5k 0.122 0.169 0.71
Random 7.5k 0.094 0.129 0.76
Random 10k 0.083 0.112 0.79

We analyze the impact of A on model perfor-
mance and average bit-width. Figure 4 quantita-
tively illustrates this trade-off for Qwen1.5-MoE.
As A increases from O to 1.0, the optimization
places greater emphasis on efficiency (Cost mini-
mization), leading to a reduction in Average Bit-
width (blue dashed line). While a smaller A yields
lower Perplexity (red solid line) and higher Avg.
Accuracy (green solid line), it comes at the expense
of significantly increased computational cost and
storage size (higher bit-width).

Specifically, at A = 0.25 (which is the de-
fault value used in our experiments), we observe a

“sweet spot” where the model achieves competitive

performance (PPL ~ 6.94, Avg. Acc ~ 66.63%)
with a moderate bit-width (= 3.4 bits), balancing
the trade-off effectively. Extremely low A\ values
(approaching 0) would maximize accuracy but re-
sult in bit-widths close to full precision, negating
the benefits of quantization.

E Prediction Error vs. Rule-base Size

As Table 9 shows, the same trend appears across all
budgets: increasing the rule-base size consistently
reduces prediction error, but the marginal gain grad-
ually diminishes once the anchor coverage becomes
sufficiently dense. This pattern is expected for lo-
cal interpolation: early anchors rapidly improve
coverage of the heterogeneous expert-layer space,
whereas later anchors mainly refine already well-
covered regions and therefore bring smaller incre-
mental benefits. In other words, the first few thou-
sand rules are primarily spent on discovering the
coarse geometry of the sensitivity manifold, while
the last few thousand rules mostly sharpen local
details that have much smaller impact on the final
ranking. This is particularly important for our use
case because mixed-precision allocation depends
more on preserving the relative ordering of sensi-
tive units than on driving every pointwise predic-
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Table 10: Sensitivity to feature engineering (group ablation) across MoE LLMs under W3.25-A16. We keep the
Lagrangian allocator fixed and ablate groups of fuzzy inputs for the error FRI module (latency module uses the
full feature set). “Avg.” is the average accuracy over seven zero-shot tasks; PPL is evaluated on Wikitext-2. A is
computed w.r.t. the Full FRI-MxMOoE setting within each model.

Model Error-FRI Feature Set Avg. Acc (%) PPL AAvg APPL
Full (FRI-MxMOoE) 70.41 5.96 +0.00 +0.00
w/o activation statistics 69.92 6.09 -0.49 +0.13
DeepSeekV2-Lite w/o weight-scale features 70.15 6.01 -0.26 +0.05
Bit-only (no stats/scale) 69.54 6.16 -0.87 +0.20
MxMoE (ILP, paper) 69.37 6.08 -1.04 +0.12
Full (FRI-MxMOoE) 66.63 6.94 +0.00 +0.00
w/o activation statistics 66.22 7.06 -0.41 +0.12
Qwenl.5-MoE w/o weight-scale features 66.38 6.98 -0.25 +0.04
Bit-only (no stats/scale) 65.77 7.12 -0.86 +0.18
MxMoE (ILP, paper) 66.49 7.02 -0.14 +0.08
Full (FRI-MxMoE) 71.14 6.23 +0.00 +0.00
w/o activation statistics 70.79 6.34 -0.35 +0.11
Qwen2-MoE w/o weight-scale features 70.98 6.27 -0.16 +0.04
Bit-only (no stats/scale) 70.42 6.39 -0.72 +0.16
MxMoE (ILP, paper) 71.05 6.18 -0.09 -0.05
Full (FRI-MxMOoE) 77.55 4.11 +0.00 +0.00
w/o activation statistics 77.21 4.19 -0.34 +0.08
Mixtral-8 x 7B w/o weight-scale features 77.36 4.14 -0.19 +0.03
Bit-only (no stats/scale) 76.88 4.24 -0.67 +0.13
MxMoE (ILP, paper) 77.49 4.15 -0.06 +0.04

Table 11: Sensitivity to alternative but semantically equivalent statistics on Qwen1.5-MoE (W3.25-A16). We replace
the activation-statistics group in Error-FRI while keeping other inputs and the allocator unchanged.

Activation-statistics Variant (Error-FRI) Definition Avg. Acc (%) PPL
Variance (paper default) Var(a) 66.63 6.94
Mean-abs activation E[|al] 66.02 6.99
Outlier ratio Pr(|a| > 7) (fixed 7) 66.34 6.96
Kurtosis (tail heaviness) Kurt(a) 65.86 7.05

tion error to its absolute minimum. The steady im-
provement in Spearman correlation therefore mat-
ters as much as the MAE/RMSE trend: once the
correlation is already high, the allocator can usually
recover a strong bit-width assignment even if small
residual prediction noise remains.

At every budget level, our depth-adaptive strati-
fied sampling also remains more sample-efficient
than random sampling, indicating that the qual-
ity of anchor placement matters as much as the
raw number of anchors. This result is consistent
with the structure of MoE models: sensitivity is
not uniformly distributed across depth, expert role,
and sub-layer type, so random sampling tends to
waste budget on redundant regions while missing
structurally important ones. By contrast, stratified
sampling deliberately allocates anchors to regions
where sensitivity heterogeneity is larger, which im-
proves both absolute prediction error and the order-
ing fidelity needed for downstream allocation. The

comparison therefore supports the design princi-
ple behind FRI-MxMoE: when profiling is sparse,
careful coverage of the feature space is more valu-
able than naively increasing the number of anchors
without structure.

From a practical perspective, these results sup-
port a simple deployment recipe: one can start from
a fixed anchor schedule and use a modest held-out
validation split to check whether the current rule
budget is already sufficient, only increasing the bud-
get when the interpolation error remains above an
acceptable threshold for a new model or hardware
setting.

F Stability Properties of IDW-FRI

For completeness, we restate the three practical
stability properties used in Section 3.2.3. Let a; =
w;/ 3 ; wj denote the normalized IDW weights for
the K nearest rules. Then o; > 0 and ZZ o =
1, so the prediction can be written as a convex
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combination:

§=> iy (10)
i
This immediately implies boundedness:
min y® < § < maxy®. (11)
7 (2

If the anchor outputs are corrupted by bounded per-
turbations |;| < 7, then the perturbed prediction
satisfies

09| = (12)

Zaidi < Zai|5i| <,
i i

which gives noise robustness with respect to lo-
cal anchor noise. This property matters because
anchor profiling is itself imperfect: the measured
loss or latency for a profiled configuration can fluc-
tuate with calibration data, quantization noise, or
system-level measurement variance. The inequality
above shows that such local anchor noise cannot
be amplified by the interpolation rule beyond the
worst perturbation already present in the selected
neighbourhood. As a result, IDW-FRI behaves con-
servatively: it may inherit local uncertainty, but it
does not create additional instability on top of that
uncertainty.

Finally, when ¢ > 0 and all continuous fea-
tures are normalized, both D(x,4, R;) and w; =
1/(D(x4, R;) + €) are smooth for queries away
from exact rule collisions. Because sums, products,
and quotients of smooth functions remain locally
Lipschitz when the denominator stays positive, 4
is locally Lipschitz in x,. This continuity prop-
erty is important for optimization: small changes
in bit-width or feature values should not induce
abrupt “cliffs” in the predicted sensitivity surface,
because such discontinuities would make the down-
stream allocation problem much harder and more
brittle. Taken together, boundedness, local noise
robustness, and continuity explain why IDW-FRI
yields a smooth and physically plausible sensitiv-
ity manifold that is suitable for Lagrangian-based
allocation. These results do not provide a global
task-level generalization bound, but they formalize
why IDW-FRI avoids abrupt prediction cliffs and
why isolated noisy anchors cannot dominate the
interpolated sensitivity surface.

G Additional Analyses

This subsection collects the additional empirical
analyses introduced in the rebuttal. We focus on

whether FRI-MxMoE depends heavily on a partic-
ular feature design and whether its performance
remains stable when semantically similar statistics
are substituted.

G.1 Feature-group Ablation Across Models

We first evaluate the contribution of each feature
group used by the error-FRI module while keep-
ing the latency module and allocator fixed. Table 8
provides a compact single-model view on Qwen1.5-
MoE, and Table 10 extends the same ablation to
four MoE families. This ablation is intended to
separate genuine semantic utility from accidental
gains caused by a particular hand-crafted feature
recipe. The goal is not to show that every fea-
ture is indispensable, but to verify that the method
degrades gracefully when one semantic group is
removed. On Qwenl.5-MoE, removing activation
statistics or weight-scale features produces only
moderate degradation, while the bit-only variant re-
mains competitive but consistently worse than the
full model. Across all four architectures, the same
trend repeats: activation statistics are the most use-
ful auxiliary cue, weight-scale features also help,
and the full feature set is the most reliable overall.
This suggests that FRI-MxMOoE benefits from phys-
ically meaningful features, but does not hinge on a
brittle, model-specific recipe.

G.2 Alternative Activation Statistics

We next test whether the method depends specifi-
cally on variance as the activation-statistics descrip-
tor. Table 11 replaces variance with semantically
related alternatives while keeping the remaining
inputs and the allocator unchanged. This isolates
whether FRI-MxMOoE relies on one hand-crafted
statistic or on the broader notion of activation mag-
nitude / outlierness. The results remain close to
the default configuration: mean-absolute activa-
tion and outlier ratio both preserve nearly the same
quality, while kurtosis is slightly weaker but still
workable. This indicates that the proposed inter-
polation framework depends more on capturing
the semantic role of activation scale and outliers
than on any single handcrafted statistic. In prac-
tice, this makes the feature design easier to adapt
to new model families where the most informative
activation descriptor may differ.
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Algorithm 1 FRI-MxMOoE: Sparse FRI Profiling with Lagrangian-based Resource Allocation

Require:

e Candidate bit-width set B (e.g., {2,3,4,...,16}).

e Anchor budget N; (number of sampled experts for profiling).

e Interpolation hyperparameters: KNN size K, IDW smoothing e.
e Resource budget Ciarge; (€.8., target latency or model size).

e Expert activation frequencies { f;} from calibration data.

Ensure: Optimal bit-width assignment b* = {b }; for all quantization units.

Phase 1: Sparse Rule Base Construction (Profiling)

1: Initialize empty anchor sets S7, < () (for Error), S < () (for Cost).

»

10:
: Construct sparse rule bases Ry, from Sy, and R¢ from Se.

12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:

24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:
37:

[®))

R e A A

Sample N, anchor configurations {m(i)}i\;sl using Depth-Adaptive Stratified Sampling to cover
diverse expert characteristics.
for: = 1TO N, do
Profile anchor z(*) on calibration dataset:
Measure Quantization Error L(?) (e.g., MSE or PPL degradation).
Measure Runtime Cost C(¥) (e.g., latency in ms).
Add to datasets: Sy, < Sy U {(zD, L))}; S¢ « Sc U {(z®, C)}.
end for
Fuzzification: Convert each sample (z(?), y(*)) into a fuzzy rule R;:

1F 2y is AV A Azgis AV THEN y is (@),

Phase 2: Full-Space Performance Prediction (FRI)
function IDW_INTERPOLATE(z4, R, K, €)
Compute heterogeneous distance D(x,, R;) for all rules R; € R (Eq. 4).
Identify set N (z4) of K nearest rules with smallest distances.
Compute interpolation weights and weighted average (Eq. 5).
return Predicted value 7.
end function
Predict for all quantization units 4 (experts/layers) and all bit-widths b € B:
for all unit ¢, bit-width b do
Construct query feature vector x, <— ExtractFeatures(i, b).
Predict Error: L;(b) « IDW_INTERPOLATE(zy, R, K, €).
Predict Cost: C;(b) « IDW_INTERPOLATE(x4, Rc, K, €).
end for

Phase 3: Lagrangian-based Resource Allocation
Objective: Solve budget-constrained allocation problem (Eq. 6).
Initialize Lagrange multiplier range: Amin < 0, Amax <= Aarge-
repeat
Update A < (Amin + Amax)/2-
Local Optimization: For each unit ¢, select best bit-width independently (Eq. 7):
b!(\) < optimal choice for current \.
Calculate total cost Ciora1 (A) (Eq. 8).
if Ctotal(A) S Ctarget then

Amax < A > Under budget: try smaller A to reduce error.
else

Amin < A > Over budget: increase A to penalize cost.
end if

until |Cioa1(A) — Clarger| < 0 or iter limit reached
return Final assignment b* = {b}(\) };.
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