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Abstract

Although post-training quantization (PTQ)
provides an efficient numerical compression
scheme for deploying large language models
(LLMs) on resource-constrained devices, the
representativeness and universality of calibra-
tion data remain a core bottleneck in deter-
mining the accuracy of quantization parame-
ters. Traditional PTQ methods typically rely
on limited samples, making it difficult to cap-
ture the activation distribution during the in-
ference phase, leading to biases in quantiza-
tion parameters. To address this, we propose
FAQ (Family-Aware Quantization), a calibra-
tion data regeneration framework that leverages
prior knowledge from LLMs of the same fam-
ily to generate high-fidelity calibration samples.
Specifically, FAQ first inputs the original cal-
ibration samples into a larger LLM from the
same family as the target model, regenerating
a series of high-fidelity calibration data using
a highly consistent knowledge system. Subse-
quently, this data, carrying Chain-of-Thought
reasoning and conforming to the expected ac-
tivation distribution, undergoes group compe-
tition under expert guidance to select the best
samples, which are then re-normalized to en-
hance the effectiveness of standard PTQ. Ex-
periments on multiple model series, including
Qwen3-8B, show that FAQ reduces accuracy
loss by up to 28.5% compared to the baseline
with original calibration data, demonstrating its
powerful potential and contribution.

1 Introduction

The substantial computational and memory de-
mands of large language models (LLMs) continue
to drive inference optimization across algorithmic
approaches and model-level techniques (Jiang et al.,
2025; Quan et al., 2025), with weight quantization
playing a central role. Post-training quantization
(PTQ) converts pre-trained weights and activations
from high-precision formats (e.g., FP16) to low-bit
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even if they are at the same actual
temperature?

A: This is mainly because of the
difference in heat transfer rates. You can
think of metal as a “heat highway”, where
the heat from your hand is quickly
absorbed, making it feel cold. In contrast,
wood is more like a “country road”,
where heat loss is much slower, allowing
your hand to retain warmth, which is why
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A: In winter, metal objects feel colder
than wooden ones, even if they are at the
same actual temperature. This is due to
differences in thermal conductivity, rather
than a difference in temperature itself.
Here’s a detailed explanation:

1. The temperature is the same, but the
rate of heat transfer is different ...
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Figure 1: The impact of calibration data on quantization:
(a) Traditional PTQ relies on human-provided calibra-
tion data, which may not align well with the model’s
internal activation patterns, leading to suboptimal quan-
tization. (b) FAQ leverages a larger in-family model
to generate a ‘model-friendly’ calibration set, ensuring
better alignment and mitigating quantization errors.

integers (e.g., INT8/INT4) without retraining, sub-
stantially reducing memory footprints and acceler-
ating inference on resource-constrained hardware.
Activation-distribution drift and quantization
noise jointly degrade PTQ performance. Distri-
bution drift arises as inputs vary across layers and
during inference, causing mismatches between the
quantization range (scale/zero-point) and the actual
activations; this leads to accuracy loss. Moreover,
quantization errors can propagate through nonlin-
earities, skip connections, and residuals, amplify-
ing downstream degradation. Prior work mitigates
these issues from multiple angles, including error-
aware weight reconstruction (e.g., GPTQ (Fran-
tar et al.,, 2023)), activation smoothing or scal-
ing to tame outliers and range mismatch (e.g.,
SmoothQuant (Xiao et al., 2023), AWQ (Lin et al.,
2024)), and lightweight calibration-time refinemen-
t/correction with a few iterations to suppress ac-
cumulated errors (e.g., OmniQuant (Shao et al.,
2024), FPTQuant (van Breugel et al., 2025)).



However, many approaches fixate on the model
level while neglecting calibration-sample adapt-
ability. Calibration data may be constrained by
privacy, and sample selection often requires multi-
step optimization, introducing uncertainty. Real
data closely tied to the target model may still fail
to capture the complex internal activations during
inference—especially in LLMs with prevalent out-
liers—Ileading to biased quantization parameters
and notable accuracy degradation.

To address these challenges, we introduce FAQ,
a Quantization framework that optimizes calibra-
tion data by exploiting Family Awareness. Models
from the same development lineage and trained
under similar paradigms exhibit substantial activa-
tion agreement; by reusing calibration mappings
from “senior” family members, original samples
with data bias can approximate the target model’s
activations, achieving distribution alignment under
blind conditions. The resulting calibrated samples
are refined via inter-group competition and content
normalization to form a high-quality calibration set,
thereby mitigating PTQ-induced errors.

Our contributions are as follows:

* We propose FAQ, a framework that leverages
intra-family activation consistency to optimize
calibration samples. To our knowledge, this is
the first work to exploit family priors in PTQ
calibration data.

* We show that family priors can be more in-
fluential for quantization performance than
broader architectural similarities.

* Our pipeline uses chain-of-thought (CoT)
guidance and intra-group competition to con-
strain calibration-data optimization, enabling
seamless integration of FAQ with traditional
PTQ methods.

» Extensive empirical comparisons with state-
of-the-art (SOTA) PTQ baselines show that
FAQ reduces quantization-induced accuracy
loss by up to 28.5%, evidencing superior per-
formance.

2 Related Work

2.1 Post-Training Quantization (PTQ)

Post-Training Quantization (PTQ) offers a low-
cost, training-free solution for model compression
but suffers significant accuracy degradation at low
bit-widths, especially for LLMs (Choukroun et al.,

2019; Hubara et al., 2020; Li et al., 2021a). Re-
search to address this challenge has largely fol-
lowed two primary directions: innovations in the
quantization algorithms and data-driven optimiza-
tions of the calibration set.

Algorithm-level innovations have predomi-
nantly focused on mitigating quantization errors.
One major line of work involves mixed-precision
schemes, where sensitive outlier weights are stored
at higher precision while non-critical values are
aggressively quantized (Dettmers et al., 2024; Lee
et al., 2024; Ou et al., 2024; Kim et al., 2024). An-
other strategy is activation-aware quantization,
which identifies and protects weights that are mul-
tiplied by large activation values, as they are more
critical to model performance (Lin et al., 2024;
Huang et al., 2025). Others have focused on de-
signing advanced rounding mechanisms or novel
quantizers, such as additive quantization, to move
beyond simple round-to-nearest schemes (Lee et al.,
2023; Chee et al., 2023; Egiazarian et al., 2024).
While powerful, these methods primarily treat the
model’s activation distribution as a fixed target to
adapt to, rather than as a variable that can be opti-
mized.

Data-driven approaches recognize the pivotal
role of the calibration set. Early methods leveraged
this data to perform layer-wise error minimization
or block reconstruction (Li et al., 2021b). More
recently, some works have focused on synthesiz-
ing calibration data from scratch when real data is
unavailable, for instance, by matching batch nor-
malization statistics (Cai et al., 2020). Our work,
FAQ, advances this data-centric view. Instead of
synthesizing data from statistical priors or merely
using existing data to minimize local errors, we
propose to regenerate a higher-quality calibration
set from a more capable, in-family model, directly
targeting the optimization of the activation distribu-
tions themselves.

2.2 Quantization-Aware Training (QAT)

Our approach should be distinguished from
Quantization-Aware Training (QAT), which sim-
ulates quantization during a full fine-tuning
phase (Jacob et al., 2018; Esser et al., 2020). While
QAT can achieve superior accuracy, its high compu-
tational and data requirements are often prohibitive
for LLMs. Our work remains strictly within the
efficient, training-free PTQ paradigm, aiming to
close the performance gap with QAT through data-
centric innovations alone.
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Figure 2: FAQ-enhanced PTQ calibration. Top: standard PTQ workflow. Bottom: zoom-in of the calibration stage.
FAQ queries a larger in-family teacher (“elder-sibling”) model (Qwen3-235B-A22B) to regenerate and normalize
the original calibration prompts, yielding refined calibration data. The refined set induces smoother activation
statistics in the target model (Qwen3-8B), illustrated by fewer extreme peaks in the activations, and improves PTQ
results on both GRMC and SDC. GRMC (General Reasoning and Multilingual Capabilities) is the average score
over 12 general downstream tasks; SDC (Specialized Domain Capabilities: Math and Code) is the average accuracy

over AIME, MATH-500, and LiveCodeBench.

3 Theoretical Framework

3.1 Motivation

The fundamental goal of PTQ calibration is not
to evaluate downstream task performance, which
would require ground-truth labels, but rather to col-
lect a small yet representative set of activations
for the accurate computation of quantization pa-
rameters (e.g., scales and zero-points). From this
standpoint, the critical factor is not the semantic
fidelity of the calibration data to ground-truth, but
the extent to which it can emulate the activation dis-
tributions the model encounters during inference.

Inspired by recent advanced methods such as
GPTAQ (Li et al., 2025), we have found a key limi-
tation of traditional quantizers like GPTQ (Frantar
et al., 2023): their symmetric calibration objective
fails to account for the fact that the input activa-
tions A are themselves the quantized outputs of
the preceding layers. Specifically, the quantization
objective can be formulated as:

O(W,A) = min_ [IQW)A-WAlz (O

where W denotes the weight matrix, A represents
the input activations, ()(-) is a quantization oper-
ator that maps W to a lower-precision space, and
Q denotes the set of all feasible quantized weights.
However, in practice, A is not the original, full-
precision activation, but rather the quantized output
from the preceding layer, introducing a mismatch
between the calibration objective and the actual
inference process. This discrepancy, where the cal-
ibration input differs from the true full-precision
activations A, becomes more pronounced in deeper
layers. Therefore, a prevalent asymmetric calibra-
tion framework (Frantar et al., 2023) at this stage
aims to correct for the propagated quantization er-
ror, which is formulated as:

O(W,A,A) = min [QW)A - WA|% (2)
Q()eQ

While these algorithmic-level corrections are
effective at managing challenging activation pat-
terns, they are fundamentally compensatory in na-
ture. The underlying issue is that the initial, full-
precision activations A derived from standard cali-



bration data are often inherently "hostile" to quan-
tization, characterized by sparse, high-magnitude
outliers. Our approach, FAQ, operates on a differ-
ent and more fundamental premise. Instead of de-
signing a more complex optimization objective to
compensate for challenging activation patterns, we
aim to proactively reshape the activation patterns
themselves to be inherently more quantization-
friendly.

3.2 Alignment of calibration data

Compared to directly modifying the quantization
algorithm, FAQ induces a superior calibration set
Draq to elicit a new set of full-precision activations,
denoted as A.

O(W,,A,,A) = min W) A, — WAyl
( ) Q(_)EQIIQ( ) 2
3)
O(Wi, Ap, Ay) = Jnin HQ
Q(eQ
(4)

An+1 = Q(Wn)Ana AnJrl = WnAna AO = AO
&)
The effectiveness of FAQ stems from its abil-
ity to generate data that elicits more quantization-
friendly activation patterns. When processing data
A generated by FAQ, the activation distribution of
a given layer is significantly smoother and more
concentrated than the spiky and sparse distribu-
tion induced by the original calibration data A,
as visualized in Figure 2. By taming outliers at
the data-source level, the quantization objective
O(Wh, Ay, Kn) becomes fundamentally easier to
optimize. Consequently, even a standard, symmet-
ric quantizer applied to our data can achieve su-
perior performance, as described in Equation (3),
Equation (4) and Equation (5). This is because
the need for complex, asymmetric error correction
is greatly diminished from the outset, making the
subsequent quantization process more robust.

4 Main Method

We present FAQ, illustrated in Figure 1. The cen-
tral idea of FAQ is to mitigate distributional mis-
match between generic calibration data and a target
model’s activation patterns. To achieve this, we re-
place the standard, pre-existing calibration set with

a high-quality synthetic dataset specifically aligned
with the target model’s intrinsic characteristics.

4.1 Calibration Regeneration

We believe that models drawn from the same
developmental lineage and trained under similar
paradigms tend to exhibit consistent internal activa-
tions. This motivates our core hypothesis: calibra-
tion data regenerated by a more capable, in-family
model are more effective for PTQ than real-world
data alone. An in-family “Elder Sibling” model,
sharing architecture and training paradigms with
the target, implicitly encodes the target’s activation
dynamics (see Appendix Fig. 5). Consequently,
data it generates are not only semantically rich but
also tailored to drive the target model’s inference
in a representative way, including surface-level out-
liers. This alignment yields more accurate quanti-
zation parameters and mitigates accuracy loss.

To exploit this prior, we introduce In-family
Synthesis with CoT. For each query in the original
seed calibration set, we prompt the larger, in-family
"Elder Sibling" model to generate a new, detailed
response. Crucially, we instruct the model to pro-
duce not just a final answer but also its intermediate
reasoning process (e.g., via CoT prompting). This
yields data with greater complexity and semantic
diversity, designed to engage a broader set of path-
ways in the target model.

4.2 Calibration Normalization

The regeneration process produces a large number
of synthetic, activation-distribution-aligned calibra-
tion samples. However, normalization is still neces-
sary in practical applications to avoid the negative
impact of unreasonable and unstable data on PTQ.

First, we designed Quality-driven Selection.
We generate three candidate responses per query
and use a powerful external LLM (e.g., Qwen2.5-
72B-Instruct (Yang et al., 2024)) as a judge to se-
lect the highest-scoring one, filtering out nonsensi-
cal generations. Secondly, Template-based Data
Assembly. The selected response is combined
with the original query and formatted using the
target model’s official chat template. This ensures
the final sample’s format perfectly aligns with the
model’s expected input, enhancing distributional
consistency.

Together, regeneration and normalization con-
vert a small seed set into a diverse, distributionally
aligned calibration corpus that is structurally com-
patible with the target model, thereby enhancing
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Figure 3: Overall performance improvement of FAQ
across multiple quantization methods and benchmark
suites on the Qwen3-8B model. X: average accuracy
on general tasks; Y: performance on math/coding tasks.
Each point is a quantization method (color = base algo-
rithm, e.g., green for AWQ-INT4; gray vs bold label =
baseline vs FAQ). The consistent up-right shift shows
FAQ is a plug-and-play enhancement.

PTQ performance.

5 Experiments

In this section, we conduct a comprehensive set
of experiments to validate FAQ’s effectiveness and
versatility as a plug-and-play enhancement for PTQ
methods. To provide a holistic overview of our find-
ings, we begin with Figure 3, which encapsulates
the main results on the Qwen3-8B model. As the
plot demonstrates, applying our FAQ framework
shifts the performance of baseline methods towards
the top-right corner, signifying improved accuracy
of the model. This overarching improvement pro-
vides the context for the detailed numerical results
and analyses presented in the subsequent sections.

5.1 Experimental Setup

Models and Methods. We evaluate our frame-
work on a diverse suite of recent open-source mod-
els from the Qwen3 family, including the dense
Qwen3-8B, a reasoning-distilled variant, and the
larger MoE-based Qwen3-30B-A3B. This allows
us to assess performance across standard, special-
ized, and sparse architectures. We apply FAQ as a
plug-and-play enhancement to four PTQ methods:
GPTQ, AWQ, SPQR, and GPTAQ, primarily in
INT4 and INTS settings.

Evaluation. Our comprehensive evaluation cov-
ers three key areas:

1. Language Modeling, measured by perplexity
on Wikitext2 (Merity et al., 2017), C4 (Raftel
et al., 2020), and LAMBADA (Radford et al.,
2019) benchmarks;

2. General Reasoning and Multilingual Capabil-
ities, assessed via the average accuracy on a
broad suite of 12 downstream tasks:ARC-c
and ARC-e (Clark et al., 2018), BoolQ (Clark
et al., 2019), Hellaswag (Zellers et al., 2019),
LAMBADA, OpenBookQA (Mihaylov et al.,
2018), PIQA (Bisk et al., 2020), SIQA (Sap
et al., 2019), Winogrande (Sakaguchi et al.,
2021), IFEval (Zhou et al., 2023), MGSM (Shi
et al., 2023) and INCLUDE (Romanou et al.,
2025);

3. Specialized Domain Capabilities, tested on
challenging math and code generation bench-
marks: AIME’24 and AIME’25 (AIME,
2025), MATH-500 (Lightman et al., 2024),
and LiveCodeBench (Jain et al., 2025).

All downstream evaluations are conducted in a zero-
shot setting. To ensure robustness, all reported
scores are averaged over multiple runs. A detailed
description of models, PTQ configurations, bench-
mark lists, and our reliability assurance protocol
can be found in Appendix A.1.

Bits  Method Qwen3-8B
Wiki2(|) C4(]) Lambada(])
BF16 - 1220 3637 6.19
GPTQ 1220 36.36 6.25
nrs | HFAQ 1219 3633 6.23
GPTAQ 1222  36.37 6.21
+FAQ 1222 36.40 6.16
GPTQ 1310 38.97 7.55
+FAQ 1295  38.62 7.26
AWQ 12.80 3872 6.90
+FAQ 1273 38.60 7.16
INT4  SpoRr 1640  56.70 7.37
+FAQ 1495 4627 8.03
GPTAQ 1301  39.17 6.88
+FAQ 1299  39.01 6.62
Quant 1329  41.05 6.86
AVG  rag 13.01 3921 6.91

Table 1: Perplexity comparison of different quantization
methods on Qwen3-8B models. The lower is the better.



Bits Method ARC_c ARC_e BoolQ HellaS. Lam. OBQA PIQA SIQA WinoG. IFEval MGSM IncL. Avg
BF16 - 552 83.6 86.7 57.1 61.6 314  76.6 418 68.0 84.8 546 754 647
GPTQ 551 835 86.6 572 614 314 768 41.5 67.7 83.0 540 754 645
INTS +FAQ 550 834 86.6 57.1 61.5 31.1 769 41.6 68.1 83.2 549 758 64.6
GPTAQ 55.0 836 86.5 57.1 614 316 766 414 683 83.3 54.5 758 64.6
+FAQ 555 83.7 864 57.1 61.7 31.5 767 41.6 68.0 83.8 547 75.6 64.7
GPTQ 527 809 86.3 559 590 298 76.3 41.1 68.5 81.3 564 712 63.3
+FAQ 518 81.6 8538 559 596 312 768 42.1 68.2 82.1 53.7 69.7 632
AWQ 528 814  86.7 56.0  60.1 302 762 41.0 675 82.1 542 739 635
INT4 +FAQ 53.1 81.6 864 56.0 606 308 76.1 40.5 67.0 83.6 56.6 71.8 63.7
SPQR 545 83.0 859 56.4 59.3 29.8 76.0 408 66.8 82.8 533 703 632
+FAQ 535 809 86.1 560 598 304 773 405 68.4 83.6 51.8 711 633
GPTAQ 53.0 815 853 55.3 60.1 316 757 410 669 82.3 514 719 630
+FAQ 538 82.0 864 558 600 296 759 41.0 68.6 83.1 53.8 74.0 63.7
AVG Quant 539 823 86.2 56.3 60.2 30.7 76.2  41.1 67.6 82.5 540 731 637
+FAQ 538 822 863 563 60.5 308 76.6 41.2 68.1 83.2 542 73.0 639

Table 2: Performance on 12 general downstream tasks with different quantization methods on Qwen3-8B models.
Higher is better. The positive trend in the average score suggests that the benefits of FAQ are systematic.

5.2 Main Results

5.2.1 Language Modeling Performance.

We first evaluate the impact of FAQ on the funda-
mental language modeling capabilities of the quan-
tized model, measured by Perplexity (PPL) on the
Wikitext2, C4, and LAMBADA datasets. Lower
PPL indicates better performance. The detailed re-
sults for the Qwen3-8B model are presented in Ta-
ble 1. The results demonstrate that FAQ enhances
the language modeling performance of all evalu-
ated PTQ methods across both INT8 and INT4
quantization in most cases. The average (AVG)
PPL across all three benchmarks is consistently
reduced with FAQ. For instance, in the more chal-
lenging INT4 setting, FAQ brings a substantial PPL
reduction for SPQR on the C4 dataset, decreasing
it from 56.70 to 46.27. Similarly, for GPTQ-INT4
and GPTAQ-INT4, FAQ improves performance
across all three datasets, highlighting its robust and
broad effectiveness. This consistent improvement
can be attributed to the higher-quality calibration
data generated by FAQ. By producing a calibration
set that better reflects the model’s typical activation
distributions and tames outlier features, FAQ en-
ables the quantizer to learn more accurate scaling
factors. This leads to lower quantization error and,
consequently, a better preservation of the model’s
nuanced understanding of language, as evidenced
by the lower perplexity scores.

5.2.2 General Reasoning and Multilingual
Capabilities.

To assess whether improvements in language mod-
eling translate to broader cognitive abilities, we
evaluate the models on a diverse suite of 12 down-
stream tasks. As detailed in Table 2, the results
demonstrate the wide-ranging benefits of FAQ.
On average, applying FAQ leads to performance
gains, reducing the accuracy loss compared to the
full-precision baseline by 28.5%. This positive
trend is particularly notable on reasoning-intensive
benchmarks like IFEval (instruction-following) and
MGSM (multilingual math), where FAQ helps re-
cover significant performance otherwise lost to
quantization. This suggests that FAQ’s enhanced
calibration preserves not just language modeling fi-
delity but also the critical model parameters respon-
sible for complex reasoning, enabling the quantized
model to better retain its general-purpose problem-
solving skills.

We note a marginal 0.1-point average accuracy
dip for the GPTQ-INT4 configuration, which we
trace to a significant performance drop solely on
the MGSM benchmark. We hypothesize this is
a corner-case interaction where our regeneration
process, in an otherwise beneficial act of smooth-
ing distributions for the highly aggressive GPTQ-
INT4 quantizer, may have inadvertently altered
outlier features that were coincidentally crucial
for MGSM’s specific numerical reasoning patterns.
This finding highlights a complex trade-off in ex-



treme quantization scenarios, but the strong posi-
tive trend across all other methods and benchmarks
confirms the substantial net benefit of FAQ.

5.2.3 Specialized Domain Capabilities: Math
and Code.

Finally, to rigorously probe the limits of quan-
tized models, we evaluate them on highly chal-
lenging math (AIME, MATH-500) and code gen-
eration (LiveCodeBench) benchmarks, which are
notoriously sensitive to precision loss. The results
in Table 3 demonstrate the remarkable resilience
FAQ provides. Quantitative results show FAQ im-
proves accuracy from 67.0 to 68.0 while reducing
quantization-induced accuracy loss by 22%, con-
clusively demonstrating that our data regeneration
strategy effectively preserves models’ complex rea-
soning abilities.

The benefits are particularly evident in the most
aggressive INT4 setting. For instance, FAQ boosts
the average accuracy of AWQ by 1.3 points (66.6
to 67.9) and SPQR by a notable 1.4 points, with
consistent gains observed across individual bench-
marks like AIME and LiveCodeBench. This strong
performance provides compelling evidence for our
core hypothesis: complex reasoning relies on high-
magnitude activations that represent critical opera-
tions. By generating data that tames the distribution
of these crucial features, FAQ prevents their dis-
tortion during quantization, ensuring the essential
building blocks of the model’s reasoning capabil-
ities are kept intact, even under extreme compres-
sion.

5.3 Ablation Studies and Generalization

Having established the significant and consistent
benefits of FAQ on the Qwen3-8B model, we now
turn to two critical questions to further understand
its underlying principles and scope of applicability.
First, we conduct an ablation study to validate our
core "Family-Aware" hypothesis. Second, we test
the generalization of FAQ to a larger-scale, more
complex MoE model to assess its scalability.

5.3.1 Validating the '"Family-Aware"
Hypothesis.

A Unique Testbed: The Distilled Model. Our
core hypothesis posits that the efficacy of FAQ
stems from a deep "family" connection, which
we define not by macro-architectural identity (e.g.,
MOoE vs. Dense) but by a shared developmental lin-
eage. This includes overlapping training corpora,

AIME Math L.C.B.
Bits Method at ¢ Avg

24(T) 25(T) S00CT) vS(T) vé6(T)
BFl6 - 833 767 952 581 526 732

GPTQ 763 683 946 572 489 69.1
+FAQ 792 629 951 58.7 50.0 69.2
GPTAQ 746 68.8 94.7 533 487 68.0
+FAQ 783 692 942 563 50.0 69.6

INTS8

GPTQ 742 592 950 521 463 653
+FAQ 733 66.7 951 515 472 66.8
AWQ 725 633 949 539 48.6 66.6
+FAQ 754 650 949 551 489 679
SPQR 746 656 942 506 454 66.1
+FAQ 76.7 656 944 542 464 67.5
GPTAQ 783 625 948 527 464 67.0
+FAQ 750 644 948 533 482 67.2

INT4

Quant 75.1 64.6 947 533 474 670
+FAQ 763 656 948 548 484 68.0

AVG

Table 3: Accuracy on specialized math and code bench-
marks for the Qwen3-8B model. FAQ’s consistent per-
formance improvement, especially in the challenging
INT4 setting, demonstrates its ability to preserve criti-
cal reasoning capabilities under extreme compression.
Higher is better.

consistent tokenization schemes, and a common
design philosophy for fundamental building blocks.
To rigorously test this, we leverage a unique model:
DeepSeek-R1-0528-Qwen3-8B. This model was
created by distilling knowledge from a "knowledge
teacher," DeepSeek-R1 (an MoE model), into a
"student model," Qwen3-8B (a Dense model). This
setup creates a fascinating and powerful adversarial
test. We compare two data generation strategies,
both using large MoE models as generators:

1. Teacher-Sourced Calibration (+ds): Gen-
erating data using the knowledge teacher,
DeepSeek-R1.

2. Family-Sourced Calibration (+qw): Gener-
ating data using the student’s family model,
Qwen3-235B-A22B.

Results and Analysis. The results in Table 4
provide a decisive answer to the central question
of whether knowledge origin (DeepSeek) or devel-
opmental lineage (Qwen) is more effective. The
Family-Sourced (+qw) calibration decisively out-
performs the Teacher-Sourced (+ds) data, improv-
ing the average score on specialized tasks (68.74



DeepSeek-R1-0528-Qwen3-8B

Bits Method
Wiki2 C4 Lam. | GRMC SDC
BF16 - 13.23 40.83 27.32 ‘ 60.64 71.57
GPTQ+ds 13.24 40.85 27.42 60.74 70.44
INTS GPTQ+qw 13.24 40.86 27.41 60.77 70.89
GPTAQ+ds 13.20 40.73 27.32 60.42 69.80
GPTAQ+qw 13.21 40.72 27.12 60.51 69.93
GPTQ+ds 14.30 44.27 33.95 58.26 67.14
GPTQ+qw 14.22 44.24 31.90 58.27 68.26
AWQ+ds 1393 43.29 33.65 59.19 66.83
INT4 AWQ+qw  13.87 43.00 30.11 59.27 68.20
SPQR+ds 14.36 44.18 34.61 58.00 65.16
SPQR+qw  14.35 44.58 29.77 58.28 67.11
GPTAQ+ds 14.37 44.12 33.66 58.98 67.69
GPTAQ+qw 14.31 44.18 29.89 59.65 68.03
AVG Quant-+ds 1390 4291 31.77 59.27 67.84
Quant+qw  13.87 4293 29.37 | 59.46 68.74

Table 4: Performance comparison of Family-Sourced
(+gw) vs. Knowledge-Sourced (+ds) calibration data
on the distilled DeepSeek-R1-0528-Qwen3-8B model.
Lower perplexity is better; higher accuracy is better
(GRMC/SDC). +qw consistently outperforms +ds, sup-
porting the importance of within-family alignment for
FAQ.

vs. 67.84) and reducing perplexity on Lambada
(29.37 vs. 31.77).

This strong head-to-head comparison validates
our core hypothesis: a shared "developmental lin-
eage" is more critical than knowledge origin. The
superior performance is not attributable to a naive
architectural match—as both generators are MoE
while the student is Dense—but rather stems from a
form of "distributional homology". This homology
enables the generator to craft inputs that elicit more
natural, quantization-friendly activation patterns.
Due to space constraints, we present the averaged
results here; a detailed, per-benchmark comparison
can be found in Appendix.

5.3.2 Generalization to MoE Architectures.

To demonstrate FAQ’s scalability and versatility,
we apply it to the Qwen3-30B-A3B, a larger MoE
model whose sparse, gated activations present a
rigorous test. The results in Table 5 robustly mirror
our earlier success. On average, FAQ boosts the
specialized task score from 67.84 to 68.74, con-
firming its effectiveness on complex architectures.

The performance lift is particularly pronounced
in the demanding INT4 setting, where FAQ boosts

Qwen3-30B-A3B

Bits  Method
Wiki2 C4 Lam. | GRMC SDC
BF16 - 1089 30.13 544 | 66.85 7437
nrg OPTQ 1102 3084 558 | 6655 7150
+FAQ 1102 3084 556 | 6681 7229
GPTQ 1136 3187 621 | 6537 7153
np4 TFAQ 1132 3160 614 | 6553 7178
SPQR  13.08 4049 655 | 6510 70.69
+FAQ 1183 3481 6.01 | 6536 7166
ayg Quant 1182 3440 611 | 6567 7124
+FAQ 1139 3242 590 | 6590 7191

Table 5: Generalization of FAQ to the larger-scale, MoE-
based Qwen3-30B-A3B model. We compare baseline
PTQ methods and their FAQ-enhanced variants; FAQ
consistently improves perplexity and GRMC/SDC accu-
racy, demonstrating scalability to larger, more complex
architectures.

SPQR’s accuracy by nearly two points (65.16 to
67.11) and GPTQ’s from 67.14 to 68.26. This
is also reflected in a substantial perplexity reduc-
tion on Lambada. This successful application to a
30B MoE model validates that FAQ is a robust and
generalizable framework, whose benefits are not
confined to model size or density but extend effec-
tively to sparse activation environments, making it
a broadly applicable tool for modern LLMs.

6 Conclusions

We introduce FAQ, a Quantization framework
that optimizes calibration data by exploiting
Family Awareness. FAQ addresses a fundamental
source of quantization error—outlier-prone acti-
vations—by leveraging an in-family, larger “El-
der Sibling” model to regenerate a high-quality,
quantization-friendly calibration set. Comprehen-
sive experiments demonstrate that FAQ acts as
a universal, plug-and-play performance booster
across a broad spectrum of SOTA PTQ methods,
model sizes, and architectures, including MoE mod-
els. Crucially, our ablation study provides direct
evidence that FAQ’s effectiveness stems from a
shared developmental lineage between models, a
factor more critical than the origin of knowledge
or macro-architectural similarity. Collectively, this
work inaugurates a data-centric paradigm for PTQ
and highlights the substantial potential of leverag-
ing model family priors to yield more robust and
efficient LLMs.



Limitations

The effectiveness of FAQ can be influenced by spe-
cific choices in the regeneration process, such as
prompting strategies and generation hyperparame-
ters (e.g., temperature, candidate selection). While
our default settings demonstrate broad robustness,
extreme quantization regimes (e.g., INT4) inher-
ently introduce volatility. Consequently, minor per-
formance fluctuations may occur in isolated edge
cases—such as the marginal degradation observed
on MGSM—suggesting a valuable avenue for fu-
ture research into adaptive calibration strategies to
further enhance stability.
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A Appendix

A.1 Detailed Experimental Setup
A.1.1 Models and Quantization Methods.

Our investigation is conducted on a diverse set of
recent open-source models with distinct architec-
tures. Our model suite includes the standard dense
Transformer Qwen3-8B; its reasoning-enhanced
variant DeepSeek-R1-0528-Qwen3-8B, which is
obtained by distilling chain-of-thought capabilities
from DeepSeek-R1-0528 into the base model; and
the larger-scale Qwen3-30B-A3B, a Mixture-of-
Experts (MoE) model. This selection allows us
to evaluate quantization performance across both
dense and sparse architectures. We benchmark
four post-training quantization (PTQ) algorithms
with our proposed FAQ: GPTQ, AWQ, SPQR, and
GPTAQ. For GPTQ and GPTAQ, we explore both
INT4 and INTS precision levels, while AWQ and
SPQR are evaluated in their standard INT4 config-
uration. Due to specific library or architectural con-
straints, particularly for the MoE model, Qwen3-
30B-A3B is benchmarked using only the GPTQ
and SPQR methods. For all quantization proce-
dures, we consistently use a group_size of 128 and
a calibration set composed of 256 samples, as these
are common and effective settings in the PTQ liter-
ature.

A.1.2 Evaluation Benchmarks and Metrics.

We perform a comprehensive, multi-faceted evalua-
tion to assess model performance post-quantization.
All evaluations on downstream tasks are conducted
under a strict zero-shot setting.

* Language Modeling: We measure Perplex-
ity (PPL) on Wikitext2, C4, and LAMBADA
benchmarks.

* General Reasoning and Multilingual Ca-
pabilities: We evaluate performance on a
broad suite of 12 downstream tasks: ARC-
c and ARC-e, BoolQ, Hellaswag, LAM-
BADA, OpenBookQA, PIQA, SIQA, Wino-
grande, IFEval, MGSM and INCLUDE. For
the benchmark IFEval, we report strict ac-
curacy at the prompt level. For the multi-
lingual math task MGSM, we use flexible-
extract exact match. The INCLUDE bench-
mark, designed to evaluate regional knowl-
edge, is tested specifically in its Chinese sub-
set in our experiments.
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Method ARC_cARC_e BoolQ HellaS. Lam. OBQA PIQA SIQA WinoG. IFEval MGSM IncL. Avg
BF16 52.05 80.3 86.39 5841 36.89 31 76.06 43.09 62.12 73.01 58.1 70.28 60.64
INTS
GPTQ+ds 5231 7997 8638 5832 36.72 311 7625 43.09 6235 7445 5825 69.73 60.74
GPTQ+qw  52.14 80.16 86.33 58.38 36.74 309 76.47 42.84 62 7548 58.05 69.82 60.78
GPTAQ+ds  52.3 80.09 86.35 5834 36.67 31.2 762 4279 6164 7533 5393 7019 60.42
GPTAQ+qw 5248 80.12 8633 5824 36.75 30.6 7634 4248 62.28 75.79 54.57 70.18 60.51
INT4
GPTQ+ds 50.64 78.18 84.46 56.68 3536 30 74.65 41.05 61.17 70.15 51.72 65.05 58.26
GPTQ+qw  51.07 77.76 84.09 56.24 36.7 29.8 7495 41.74 5987 70.89 5137 064.77 58.27
AWQ+ds 50.56 78.22 8499 57.05 3545 31.7 7634 4235 60.74 72.83 51.92 68.17 59.19
AWQ+qw 50.18 78.43 85.14 5694 36.68 30.6 75.85 42.02 61.84 7339 5125 689 59.27
SPQR+ds 51.84 7826 84.65 5628 3436 30.2 76.06 40.2 60.66 69.87 49.78 63.85 58.00
SPQR+qw 50.68 76.96 83.41 56.93 36.69 294 76.12 41.33 60.69 73.57 4895 64.59 58.28
GPTAQ+ds 5145 79.13 8538 56.28 3542 30.7 7522 413 61.41 71.86 53.52 66.06 58.98
GPTAQ+qw 52.09 79.15 8523 56.12 3735 30.6 76.55 42.15 62.47 73.78 53.1 67.25 59.65
AVERAGE
Quant+ds 51.52 7898 8537 57.16 35.66 30.82 7579 41.80 61.33 7242 5319 67.18 59.27
Quant+qw 5144 78776 85.09 57.14 36.82 30.32 76.05 42.09 61.53 73.82 5288 67.59 59.46
Table 6: Per-benchmark results on General tasks for DeepSeek-R1-0528-Qwen3-8B. Higher is better.

* Specialized Domain Capabilities: To rigor-
ously probe the limits of quantized models,
we further tested them on highly challeng-
ing domain-specific benchmarks. For eval-
uating mathematical and logical reasoning
skills,we employ high-level math benchmarks
including professional exams AIME’24 and
AIME’25, advanced mathematics MATH-500,
and complex real-world coding challenges
LiveCodeBench_v5, LiveCodeBench_v6.

For all accuracy-based evaluations on these tasks,
we report the pass@ 1 metric, which means a single-
attempt success rate.

A.2 Detailed Experimental Results

This section provides the detailed, per-benchmark
results for the experiments discussed in Subsec-
tions 4.3, Ablation Studies and Generalization, of
the main paper. Due to space constraints, only the
averaged results were presented in the main body.
The following tables offer a granular view of the
performance across all evaluated tasks, providing
the full empirical evidence for our conclusions.

A.2.1 Detailed Results for the
"Family-Aware'' Hypothesis Validation

The following Table 6 and 7 detail the per-
benchmark performance comparison of Family-
Sourced (Qwen3-235B, denoted as ‘+qw*) versus
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Knowledge-Sourced (DeepSeek-R1, denoted as
‘+ds‘) calibration data on the distilled DeepSeek-
R1-0528-Qwen3-8B model.

A.2.2 Detailed Results for Generalization to
MoE Architectures

The following Table 8 and 9 present the gran-
ular, per-benchmark results for the Qwen3-30B-
A3B MoE model, comparing baseline quantization
methods against their FAQ-enhanced counterparts
(“+FAQ").

A.3 Detailed Implementation

Our evaluation pipeline is built on the Im-
evaluation-harness and EvalScope toolkits to en-
sure standardized and reproducible assessment,
as illustrated in code Listing 1,2 and 3 . High-
performance inference is enabled by the SGLang
and vLLM serving engines in code Listing 4 and
. To guarantee the statistical robustness and relia-
bility of our findings, we adopt a stringent evalu-
ation protocol. Each model-method configuration
is evaluated 4 to 8 times on perplexity and general
accuracy benchmarks, with the average score being
reported. Recognizing the inherent high variance
in complex reasoning tasks, we significantly in-
crease the evaluation runs for the AIME datasets
to a range of 32 to 64, reporting the averaged accu-
racy to provide a highly stable and credible perfor-



Bits Method AIME’24 AIME’25 Math-500 LiveCodeBench_v5 LiveCodeBench_v6 Avg(T)
BF16 - 86.67 65.63 93.6 61.08 50.86 71.57
GPTQ 82.92 66.15 93.2 60.78 49.14 70.44

INTS +FAQ 84.17 68.65 93.5 58.68 49.43 70.89
GPTAQ 82.78 65.94 92.93 58.08 49.29 69.80

+FAQ 83.06 67.09 92.67 58.28 48.57 69.93

GPTQ 81.67 62.61 93.27 53.59 44.57 67.14

+FAQ 83.06 63.20 93.20 56.59 45.29 68.27

AWQ 79.58 63.12 92.85 53.44 45.15 66.83

INT4 +FAQ 81.46 64.9 93.7 55.54 45.43 68.21
SPQR 79.79 61.15 91.9 52.69 40.29 65.16

+FAQ 81.25 60.22 93.5 56.89 43.72 67.12

GPTAQ 80.42 64.48 93.2 54.94 45.43 67.69

+FAQ 80.83 64.79 93.1 55.84 45.57 68.03

AVG Quant 81.19 63.91 92.89 55.59 45.65 67.85
+FAQ 82.31 64.81 93.28 56.97 46.34 68.74

Table 7: Per-benchmark results on Specialized Domain tasks for DeepSeek-R1-0528-Qwen3-8B. Higher is better.

mance measure. All experiments were performed
on NVIDIA H20 GPUs.

A.3.1 Testing and Model Deployment
Commands.

In the experiments of this paper, we used Im_eval'
for evaluating the perplexity and general datasets,
and evalscope” for evaluating the special dataset.
The script commands used during the evaluations
are shown in code listing 1, 2, and 3. When using
Im_eval for evaluation, it is necessary to distin-
guish between the loglikelihood_rolling mode and
the generate_until mode. Specifically, the gener-
ate_until mode is used for the IFEval and MGSM
datasets, while the loglikelihood_rolling mode is
used for the others.

To complete the dataset evaluation experiments
faster, better, and more efficiently, we chose the
mainstream inference service engines SGLang?
and vVLLM?* for model deployment and inference.
The corresponding model deployment command
codes are shown in listing 4 and 5. It is important
to note that due to the characteristics of the IFE-
val dataset evaluation, only vLLLM can be used for
deployment and API calls during testing.

Throughout the entire experiment, the versions
of the relevant Python libraries used are as fol-
lows: torch 2.7.0, transformers 4.53.0, gptqmodel

"https://github.com/EleutherAl/lm-evaluation-harness
Zhttps://github.com/modelscope/evalscope
*https://github.com/sgl-project/sglang
*https://github.com/vllm-project/vllm
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4.0.0, sglang 0.4.9, vllm 0.9.1, Im_eval 0.4.9, and
evalscope 2.0.0 .

A.4 Additional Experiments on Model
Generalization and Data Generation
Strategies

In this section, we present supplementary experi-
ments designed to further explore the generaliza-
tion capabilities and underlying mechanisms of our
proposed method, FAQ.

A.4.1 Generalization Across Different Model
Families

To validate that the effectiveness of FAQ extends
beyond the Qwen model family, we conducted eval-
uations on two additional, widely-used open-source
model series: Llama3 and DeepSeek.

* Models and Data Generation: We evaluated
Llama3.1-8B-Instruct and the DeepSeek-R1
model. Consistent with our main methodol-
ogy, we employed a more capable "teacher"
model for synthetic data generation where
available. For Llama3.1-8B-Instruct, data was
generated by the Llama3-405B model. For
DeepSeek-R1, where a significantly larger
public model is unavailable, we adopted a self-
generation strategy.

* Results and Analysis: The results for
Llama3.1-8B-Instruct are presented in Table
10. Our FAQ method consistently enhances



Method ARC_cARC_e BoolQ HellaS. Lam. OBQA PIQA SIQA WinoG. IFEval MGSM IncL. Avg

BF16 5239 79.50 88.62 59.61 63.89 34.40 79.38 43.14 70.09 8558 61.57 84.04 66.85
INTS

GPTQ 5265 79.59 8792 5876 63.65 33.80 79.05 4299 7040 84.66 61.40 83.67 66.54
+FAQ 5274 79.65 88.15 58.78 63.65 34.90 79.55 43.76 70.80 84.20 61.40 84.13 66.81

INT4

GPTQ 5196 77.61 87.77 58.16 62.00 33.80 78.84 43.35 6882 8226 59.53 80.28 65.36
+FAQ 5051 7795 88.69 58.65 61.81 3340 78.94 4289 70.17 82.81 58.17 82.39 65.53
SPQR 50.77 78.03 87.83 58.02 61.42 33.60 7840 4248 6851 8244 60.03 79.63 65.10
+FAQ 5154 78.70 87.83 57.88 60.26 32.40 78.67 42.84 68.90 83.55 60.43 81.28 65.36

AVERAGE

Quant 51.79 7841 87.84 5831 6236 33.73 78.76 4294 6924 83.12 60.32 81.19 65.67
+FAQ  51.60 78.77 88.22 58.44 6191 33.57 79.05 43.16 69.96 83.52 60.00 82.60 65.90

Table 8: Per-benchmark results on General tasks for Qwen3-30B-A3B. Higher is better.

Bits Method AIME’24 AIME’25 Math-500 LiveCodeBench_v5 LiveCodeBench_v6 Avg(T)

BF16 - 81.67 71.88 95.40 63.47 59.43 74.37
INTS GPTQ 79.72 68.06 94.85 59.28 55.58 71.50
+FAQ 80.56 70.11 94.85 60.48 55.43 72.28
GPTQ 79.38 69.17 94.75 60.63 53.72 71.53
INT4 +FAQ 79.79 70.21 94.68 59.88 54.36 71.78
SPQR 80.32 68.23 94.70 57.78 5243 70.69
+FAQ 80.00 68.44 95.50 61.08 53.29 71.66
AVG Quant 79.81 68.49 94.77 59.23 5391 71.24
+FAQ 80.12 69.59 95.01 60.48 54.36 71.91

Table 9: Per-benchmark results on Specialized Domain tasks for Qwen3-30B-A3B. Higher is better.

Method ARC_cARC_e BoolQ HellaS. Lam. OBQA PIQA SIQA WinoG. IFEval MGSM IncL. Avg

BF16 53.67 8224 8538 59.78 7838 36.20 80.30 4232 7040 73775 5930 54.68 64.70

INT8

GPTQ 53.67 8249 8532 59.76 7834 3580 80.20 4237 7048 7338 5850 5450 64.57
+FAQ 5388 8245 8523 59.81 7838 3550 80.15 4220 7032 7440 5882 55.05 64.68

INT4

GPTQ 50.17 81.14 83.76 58.61 77.78 33.80 79.49 41.66 69.61 70.06 5577 52.66 62.88
+FAQ 4949 80.72 84.68 5897 77.06 3320 79.16 4197 7040 7135 57770 51.56 63.02
GPTAQ 50.60 80.56 8434 58.83 7797 34.00 7943 4038 70.01 7190 56.60 50.28 62091
+FAQ  49.74 80.62 83.54 5885 7691 3540 79.03 4194 6942 73.11 5622 53.67 63.20

AVERAGE

Quant 51.48 81.40 8447 59.07 78.03 3453 79.71 4147 70.03 71.78 5696 52.48 63.45
+FAQ  51.04 8126 8448 5921 7745 3470 79.45 42.04 70.05 7295 5758 5343 63.64

Table 10: Per-benchmark results on General tasks for Llama3.1-8B-Instruct. Higher is better.

performance, particularly in the challenging to GPTAQ (GPTAQ+FAQ) improves the av-
INT4 setting. For example, applying FAQ erage accuracy to 63.20%, surpassing both
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Model Method AIME’24 Math-500 LiveCodeBench_v5 Avg(?T)
BF16 86.25 95.73 72.75 84.91

DeepSeek-R1 w8a8-int8 81.67 95.38 71.26 82.77
+FAQ 83.47 95.69 72.16 83.77

BF16 83.33 95.20 58.08 78.87

w8a8-int8 74.33 94.33 54.67 74.44

Qwen3-8B

+FAQ-8B 75.0 94.60 55.09 74.90

+FAQ-235B 76.36 94.53 55.61 75.5

Table 11: Evaluation of INT8 quantization on challenging domain-specific benchmarks: AIME’24, Math-500, and
LiveCodeBench (coding). This table serves two purposes: (1) It demonstrates the effectiveness of our FAQ method
on the DeepSeek-R1 model. (2) It presents an ablation study on Qwen3-8B, comparing the impact of using data
generated by the model itself (+FAQ-8B) versus a larger "Elder Sibling," Qwen3-235B (+FAQ-235B). The superior
performance of +FAQ-235B highlights the benefit of using a more capable data generator. All values are pass@ 1

accuracy (%). Higher is better.

the standard GPTQ baseline (62.88%) and the
standalone GPTAQ (62.91%). This demon-
strates that FAQ’s performance benefits are
robust and generalizable across different foun-
dational model architectures.

A.4.2 Ablation Study on the Impact of Data
Generator’s Model Size

The central premise of our method, FAQ, is that
leveraging high-quality synthetic data is crucial
for achieving robust post-training quantization. To
provide strong empirical support for this premise
and to specifically investigate the role of the data
generator’s capability, we conducted a critical ab-
lation study on the Qwen3-8B model. This study
directly compares the quantization outcomes when
using data from two distinct sources: a signifi-
cantly larger "Elder Sibling" model (the Qwen3-
235B), versus the model’s own self-generated data.
The goal is to demonstrate that the quality of the
data source directly correlates with the final perfor-
mance of the quantized model.

The results of this ablation, presented in Table
11, unequivocally support the core principle of
FAQ. While the self-generation strategy already of-
fers a substantial improvement over baseline quan-
tization methods, leveraging data from the more
capable "Elder Sibling" model consistently yields
superior results, more effectively closing the perfor-
mance gap to the unquantized BF16 baseline. This
finding provides direct validation for our method’s
core idea: the quality and capability of the data gen-
erator are key determinants of post-quantization ro-
bustness. It also highlights the practical versatility
of FAQ, as it remains a highly effective framework

even when an "Elder Sibling" model is unavailable
and a self-generation strategy must be employed.



Figure 4: Visualization of activation distributions, demonstrating the outlier suppression effect of FAQ. The subplots
(a)-(d) displays the activation value distributions at the input of the self-attention output projection (Op,.,;) within
the Qwen3-8B model. Each pair compares the activations induced by the baseline calibration data (left) versus our
FAQ-generated data (right). The FAQ-generated data consistently produces a smoother activation landscape with
substantially suppressed outliers (fewer and shorter red peaks), directly illustrating its effectiveness in creating a
more quantization-amenable distribution.

(a) Seed calibration data (b) Regenerated by Qwen3-8B (c) Regenerated by Qwen3-235B

Figure 5: Why a larger in-family generator yields better calibration for PTQ. We plot the activation landscape of
the same quantized target model (Qwen3-8B) under an identical PTQ configuration, measured at the Layer-23
self-attention output projection (O-proj). We vary only the calibration data used for calibration: (a) original seed data,
(b) data regenerated by the target model itself (Qwen3-8B; self), and (c) data regenerated by a larger in-family model
(Qwen3-235B; FAQ). Compared to (a) and (b), the elder-sibling generator in (c) induces a noticeably smoother
landscape with substantially fewer and lower outlier spikes, supporting the choice of a more capable in-family
model for calibration regeneration.

Listing 1: Im_eval:loglikelihood_rolling

1 # wikitext,c4

2 1m_eval --tasks wikitext,c4 \

3 --model local-completions \

4 --model_args max_length=16384 ,model=${model_name},base_url=http://${model_ip}:
${model_port}/vi1/completions,num_concurrent=32,max_retries=3,
tokenized_requests=False, timeout=72000 \

5 --num_fewshot @ \

6 --gen_kwargs temperature=0.6,max_gen_toks=32768, top_k=20, top_p=0.95
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# ifeval
Im_eval --tasks ifeval \

Listing 2: Im_eval:generate_until

--model local-chat-completions \

--model_args max_length=32768,model=${model_name},base_url=http://${model_ip}:
${model_port}/vi1/chat/completions,num_concurrent=32,max_retries=3,
tokenized_requests=False, timeout=72000 \

--num_fewshot 0 \

--apply_chat_template qwen3 \

--gen_kwargs temperature=0.6,max_gen_toks=32768, top_

Listing 3: evalscope

# AIME2024 ,Aime2025,MATH500,LiveCodeBench
evalscope eval --datasets aime24 aime25 math_500 live_code_bench \

--model ${model_namel} \

k=20, top_p=0.95

--api-url http://%${host}:${port}/vi/chat/completions \

--api-key EMPTY \
--eval -type service \
--eval -batch-size 4 \

--generation-config ’'{"do_sample”:true,"temperature”:0.6,"top_p":0.95,"top_k
":20,"max_tokens":32768,"n":8,"chat_template_kwargs":{"enable_thinking":

truel}}’ \
--chat-template qwen3 \
--stream \

Listing 4: sglang

python -m sglang.launch_server \

--model -path models/Qwen3-30B-A3B

--served-model -name Qwen3-30B-A3B --port ${port} \
--tensor-parallel-size 4 --mem-fraction-static 0.9
--reasoning-parser qwen3 --enable-torch-compile \
--torch-compile-max-bs 32 --cuda-graph-max-bs 32

Listing 5: vllm

python3 -m vllm.entrypoints.openai.api_server \
--model /models/Qwen3-8B --trust-remote-code \
--served-model -name Qwen3 -8B --port ${port} \
--tensor-parallel-size 4 --gpu-memory-utilization ©0.85 \

--max-model-len 34816
--max-num-seqs 32

--reasoning-parser gwen3 \
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--trust-remote-code \

--attention-backend fa3 \
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