What Makes Low-Bit Quantization-Aware Training Work for Reasoning
LLMs? A Systematic Study

Anonymous ACL submission

Abstract

Reasoning models excel at complex tasks such
as coding and mathematics, yet their inference
is often slow and token-inefficient. To im-
prove the inference efficiency, post-training
quantization (PTQ) usually comes with the
cost of large accuracy drops, especially for
reasoning tasks under low-bit settings. In this
study, we present a systematic empirical study
of quantization-aware training (QAT) for rea-
soning models. Our key findings include: (1)
Knowledge distillation is a robust objective for
reasoning models trained via either supervised
fine-tuning or reinforcement learning; (2) PTQ
provides a strong initialization for QAT, im-
proving accuracy while reducing training cost;
(3) Reinforcement learning remains feasible for
quantized models given a viable cold start and
yields additional gains; and (4) Aligning the
PTQ calibration domain with the QAT train-
ing domain accelerates convergence and often
improves the final accuracy. Finally, we con-
solidate these findings into an optimized work-
flow (Reasoning-QAT), and show that it consis-
tently outperforms state-of-the-art PTQ meth-
ods across multiple LLM backbones and rea-
soning datasets. For instance, on Qwen3-0.6B,
it surpasses GPTQ by 44.53% on MATH-500
and consistently recovers performance in the
2-bit regime.

1 Introduction

Recent large language models (LLMs) (Jaech et al.,
2024; Guo et al., 2025; Team et al., 2025) with
enhanced reasoning capabilities have achieved re-
markable progress in domains such as coding and
mathematics. However, this progress comes with
a deployment bottleneck: reasoning-focused infer-
ence is often slow and token-inefficient, resulting
in substantial inference overhead (Qu et al., 2025).
Quantization is a widely used technique to accel-
erate LLM inference (Frantar et al., 2022a; Lin
et al., 2023; Li et al., 2024; Liu et al., 2024; Li

et al., 2025a; Ma et al., 2024; Lin et al., 2024),
yet prior studies (Li et al., 2025b; Srivastava et al.,
2025; Liu et al., 2025b; Wang et al., 2025) show
that under extreme low-bit settings (e.g., 3-bit or
2-bit weight-only quantization), post-training quan-
tization (PTQ) can trigger severe accuracy degra-
dation on reasoning benchmarks. We corroborate
this phenomenon by comparing quantized LLMs
on both non-reasoning and reasoning tasks (Fig-
ure 1): while 4-bit group-wise weight quantization
(group size 128) is near-lossless across tasks, 3-
bit variants incur large drops, and the degradation
is remarkably larger on reasoning tasks than on
non-reasoning ones.

Quantization-aware training (QAT) (Tailor et al.,
2020; Nagel et al., 2022; Bondarenko et al., 2024;
Jeon et al., 2024; Qin et al., 2024) is an appeal-
ing alternative to recover the performance drop
by simulating low-precision inference during train-
ing. While QAT has demonstrated effectiveness
for general-purpose LLMs (Liu et al., 2023; Chen
et al., 2024), it remains unclear whether these ben-
efits extend to reasoning-focused models, and it
is non-trivial to address. For instance, our prelim-
inary attempts show that applying reinforcement
learning (RL) directly on a severely degraded quan-
tized policy often fails to explore valid reasoning
trajectories under quantization noise. This moti-
vates this study: what are the key factors that lead
to the success of QAT with reasoning models?

In this study, we present a systematic study of
quantization-aware training (QAT) for reasoning
models. We investigate the following critical fac-
tors: 1) the choice of training objective, e.g., su-
pervised fine-tuning (SFT) vs. knowledge distil-
lation (KD) (Hinton et al., 2015); 2) the role of
PTQ initialization; 3) the integration of RL with
QAT; and 4) the choice of QAT training data. We
study two representative quantization settings—3-
bit and 2-bit weight-only quantization with group
size 128, covering two major reasoning training



paradigms: (i) supervised fine-tuning (SFT), repre-
sented by DeepSeek-R1-Qwen-Distill-1.5B (Guo
et al., 2025), and (ii) reinforcement learning (RL),
represented by Qwen3-0.6B and Qwen3-4B (Yang
et al., 2025). We evaluate on a diverse suite of rea-
soning benchmarks, including AIME-120, MATH-
500 (Lightman et al., 2023), GSMS8K (Cobbe et al.,
2021), GPQA-Diamond (Rein et al., 2024), and
LiveCodeBench (Jain et al., 2024). We summarize
our findings as follows:

* Training Objective (§3.2): Knowledge distilla-
tion (KD) (Hinton et al., 2015) is the preferred
objective for QAT, which can effectively boost
reasoning models trained by either SFT or RL.

¢ PTQ Initialization (§3.3): PTQ provides a
strong initialization that effectively saves the
training cost and stabilizes the QAT training, es-
pecially in early stages.

* QAT with Reinforcement Learning (§3.4):
With KD training as the cold start, QAT with
RL can deliver further performance gains.

* Choice of QAT Data (§3.5): Aligning the do-
main of QAT dataset with the calibration set by
PTQ is beneficial for QAT training, i.e., it yields
a faster and more stable training process.

Finally, based on the findings above, we op-
timize the QAT workflow for reasoning models,
termed as Reasoning-QAT. Specifically, Reasoning-
QAT is structured in the following way: PTQ-based
initialization — KD-based recovery — Cold-start
RL. Our empirical results show that this work-
flow consistently outperforms state-of-the-art PTQ
and QAT baselines across multiple backbones and
reasoning benchmarks. For example, on Qwen3-
0.6B, it surpasses GPTQ (Frantar et al., 2022a) by
44.53% on MATH-500 under 3-bit quantization;
meanwhile, on DeepSeek-R1-Distill-Qwen-1.5B,
it outperforms representative QAT baselines by up
to 4.75% on average. We hope our research pro-
vides valuable guidance toward better quantization
methods for reasoning models.

2 Preliminaries and Research Questions

2.1 Post-training Quantization for Reasoning
Models

Background and Notations. Quantization has
been a popular approach for the compression and
acceleration of LLMs. Given model parameters W

stored in bfloat16, quantization converts W into
low-bit integer representations W, i.e.,
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where clip(:, Qmin, @maz) clips values into the
range [Qmin, Qmaz]» s is the scaling factor and z is
the zero point. For N-bit symmetric quantization,
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For weight quantization, the low bit quantized
weights W;,,; in the forward pass are then dequan-
tized to W = s-(Win¢ —2) for the following opera-
tions. For completeness, in weight-activation quan-
tization, both weights and activations are stored as
low-bit integers and computed with integer kernels,
which can further reduce compute beyond memory
savings.

Post-training quantization incurs a large perfor-
mance drop on reasoning models. Most prior
work on LLM quantization focuses on post-training
quantization (PTQ) (Frantar et al., 2022b; Lin et al.,
2023; Ashkboos et al., 2024; Sun et al., 2024; Liu
et al., 2025a), where the model is directly quantized
without training. PTQ is usually fast and easy to
implement, with satisfactory performance on many
general natural language tasks. However, recent
studies (Liu et al., 2025b) show that quantized rea-
soning models can exhibit large performance drops,
particularly on challenging reasoning benchmarks.
To further validate this, we compare PTQ-
quantized LL.Ms on both non-reasoning and rea-
soning benchmarks. From Figure 1, it can be
found that for DeepSeek-R1-Distill-Qwen-1.5B
(abbr. R1-Qwen-1.5B for simplicity in the fol-
lowing text), the performance degradation on rea-
soning tasks (e.g., 11.67%J on AIME-120 and
12.80%.. on MATH-500) is much larger than that
on non-reasoning tasks (e.g., 1.03%] on Wino-
grande, 3.13%. on Hellaswag). Similar observa-
tions can be found for Qwen3-4B. Therefore, un-
der extreme low-bit settings, PTQ alone is often
insufficient to preserve reasoning performance, mo-
tivating training-time adaptation such as QAT.

2.2 Quantization-aware Training for
Reasoning Models

To mitigate the performance degradation of PTQ,
QAT is a commonly used alternative. QAT simu-
lates low-precision inference during training, allow-
ing model weights to adapt to quantization effects.
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Figure 1: The performance degradation by post-training quantization on reasoning and non-reasoning tasks. We
adopt GPTQ with 3-bit weight only quantization with group size 128, and the results are based on DeepSeek-R1-

Distill-Qwen-1.5B and Qwen-4B.

In the forward pass, QAT inserts fake quantiza-
tion operations to obtain quantized weights W or
activations X in each linear layer, and optimizes
the training objective £(W). In the backward
pass, since quantization is non-differentiable, the
straight-through estimator (STE) is typically used
to pass gradients to the original weights W, e.g.,

% = 86V§V : 1(Qmm < W/S < Qmam)-

While QAT has been shown effective for general-
purpose LLMs (Liu et al., 2023; Chen et al., 2024),
how these benefits extend to reasoning models re-
mains unclear. In this study, we aim to investigate

the following four research questions (RQs):

RQ1. Which training objective is most suit-
able for QAT on reasoning models?

RQ2. What improves the training efficiency
of QAT under low-bit settings?

RQ3. How does QAT interact with RL (e.g.,
GRPO) in the low-bit regime?

RQ4. How does the choice of QAT training
data affect quantized reasoning perfor-
mance?

\.

Training Paradigm and Objectives (RQ1 &
RQ3). The optimal training methodology for
QAT on reasoning models is unclear. Standard
QAT often reuses the cross-entropy objective from
pre-training or instruction fine-tuning (Liu et al.,
2025c; Lee et al., 2024). In contrast, many reason-
ing models are trained either by supervised fine-
tuning with teacher-generated data (often paired
with knowledge distillation) (Guo et al., 2025) or

by reinforcement learning (Guo et al., 2025; Team
et al., 2025; Yang et al., 2025). How to integrate
the training objectives (e.g., SFT vs. KD) as pre-
requisites for stable low-bit training, and the com-
bination of QAT with RL, remain unexplored.

Training Efficiency and Overhead (RQ2). Se-
vere accuracy degradation under extreme low-bit
quantization often requires substantial additional
training to recover reasoning performance. This
can make QAT time- and compute-intensive, hin-
dering practical deployment when the retraining
budget is limited. Identifying strategies to improve
sample and time efficiency of QAT is therefore a
major practical concern.

Data Strategy (RQ4). Beyond the training ob-
jective, the selection of data for QAT itself is a
critical factor. The impact of QAT training data
(including its domain, quality, and alignment with
calibration data) on the reasoning performance of
the quantized model is not well characterized. A
systematic analysis is needed to guide efficient and
effective data curation.

3 A Systematic Study of QAT for
Reasoning Models

In this study, we conduct a systematic empirical
study of quantization-aware training for reasoning
models, aiming to address the research questions
posed in §2.2.

3.1 Setups

Quantization Settings. We quantize all linear
layers of the model, excluding the token embed-
ding and 1m_head layers. Our primary focus is



on 3-bit and 2-bit group-wise weight-only quan-
tization with a group size of 128 (W3G128 and
W2G128). For initialization, we consider two com-
monly used schemes: a symmetric round-to-nearest
(RTN) baseline and an asymmetric GPTQ initializa-
tion. For completeness, we also report results under
a joint 4-bit weight and 4-bit activation (W4A4) set-
ting in Appendix A.3.

Models and Dataset. We evaluate two cate-
gories of reasoning models. For SFT-based reason-
ing models, we adopt DeepSeek-R1-Distill-Qwen-
1.5B (Guo et al., 2025). For RL-trained reasoning
models, we use Qwen3-0.6B and Qwen3-4B (Yang
et al., 2025), the two recent competitive open-
source LL.Ms. For the choice of training dataset,
our study includes two training phases with dis-
tinct data configurations. In the initial fine-tuning
phase (SFT and KD), we use OpenR1-Math (Face,
2025) (94k problems in the default subset) for the
weight-only low-bit setting. In the subsequent re-
inforcement learning (RL) phase, we also use the
OpenR1-Math dataset. This design allows us to ex-
amine the effect of domain consistency between the
QAT training data and the calibration data (§3.5).
For completeness, the data configuration for the
W4A4 setting is reported in Appendix A.3.

Evaluation Benchmarks. We assess quantized
models across training paradigms on a suite of rea-
soning benchmarks: (1) three mathematical reason-
ing benchmarks sorted by difficulty: AIME-120
(120 problems from AIME 2022-2025), MATH-
500 (Lightman et al., 2023), and GSMS8K (Cobbe
et al., 2021); (2) LiveCodeBench (Jain et al., 2024)
for code generation; and (3) GPQA-Diamond (Rein
et al., 2024) for graduate-level science ques-
tion answering. All evaluations are conducted
with LightEval (Fourrier et al., 2023) using the
vLLM (Kwon et al., 2023) backend. We set tem-
perature to 0.6, top-p to 0.95, and the maximum
number of generated tokens to 32,768. We report
average scores over three random seeds.

Training Implementations. We implement and
evaluate three training objectives in our study. For
supervised fine-tuning (SFT), we use the standard
cross-entropy loss. For knowledge distillation
(KD), the quantized model serves as the student and
is trained to match the output distribution of the full-
precision teacher by minimizing KL divergence.
For reinforcement learning (RL), we employ Group
Relative Policy Optimization (GRPO) (Shao et al.,

Model‘ Setting ‘Method \ AIMEI20 MATH-500 GSMSK AVG Drop)

[ BF16 - 21.67 84.4 84.61 6356 -
z RTN 0.83 15.00 1539 1041 5315
5 W3G128 | SFT 10.00 73.60 7554 5305 1051
& KD 14.44 76.20 7587 5550 8.06

I BF16 - 58.89 95.33 9449 8290 -
fé RTN 0.00 1.40 099 080 8210
g W3G128 | SFT 14.44 81.80 8825 6150 2140
KD 37.50 92.00 9143 7364 926

Table 1: Objective choice for low-bit QAT. KD yields
smaller accuracy drops than SFT on both an SFT-
trained model (R1-Qwen-1.5B) and an RL-trained
model (Qwen3-4B) under W3G128, while SFT de-
grades much more on the RL-trained model.

2024). Further hyperparameter details are provided
in Appendix A.1.

3.2 QAT Training Objectives: SFT or KD?

We investigate QAT objectives (SFT vs. KD)
for reasoning models trained via supervised fine-
tuning (e.g., R1-Qwen-1.5B) or reinforcement
learning (e.g., Qwen3-4B). Adopting W3G128
weight-only quantization, Table 1 compares the
performance recovery of KD and SFT. Key ob-
servations include: 1) KD outperforms SFT on
both model types. Specifically, SFT suffers av-
erage accuracy drops of 10.51%] and 21.40%/
on R1-Qwen-1.5B and Qwen3-4B, respectively,
whereas KD limits drops to 8.06%. and 9.26%; 2)
KD exhibits consistent synergy across paradigms,
with similar drops for both models (8.06% vs.
9.26%). In contrast, SFT causes a moderate drop
on R1-Qwen-1.5B but a more severe one (21.40%..)
on Qwen3-4B. We hypothesize that KD provides
smoother signals by aligning output distributions,
preserving uncertainty structure better than hard-
label SFT. We therefore recommend KD over SFT
for QAT due to its superior performance and ro-
bustness across training paradigms.

Findings (RQ1)

» KD is preferable to SFT as the QAT objective
for reasoning models, and is more consistent
across both SFT-trained and RL-trained rea-
soning models.

3.3 Training Efficiency of QAT

Initializing QAT with PTQ. In previous work, it
has been standard practice to initialize QAT from
a pretrained full-precision model (Liu et al., 2023;
Du et al., 2024). Here, we systematically investi-
gate how PTQ-based initializations affect the con-



vergence and accuracy of QAT. Specifically, we
employ GPTQ (Frantar et al., 2022a) for initial-
ization, using weights that have been adjusted via
Hessian-based compensation prior to the quantiza-
tion process. As shown in Figure 2(a)-(b), we com-
pare the test accuracy and training loss of RTN+KD
and GPTQ+KD on the MATH-500 benchmark us-
ing the R1-Qwen-1.5B model. Using the GPTQ-
initialized weights, GPTQ+KD starts from a higher
starting point (higher test accuracy and lower loss).
Furthermore, GPTQ+KD consistently outperforms
RTN+KD and exhibits a faster convergence rate
within the same number of training steps. This
is likely because PTQ provides a more accurate
starting point than RTN, which minimizes the ini-
tial performance gap and mitigates optimization
difficulties. Therefore, PTQ acts as a strong initial-
ization to improve the training efficiency of QAT.

Training Efficiency: KD vs. SFT. In addition
to studying the initialization of quantized models,
we further compare the training efficiency of KD
versus SFT, as shown in Figure 3. The results show
that KD consistently achieves higher accuracy than
SFT and also converges faster.

Findings (RQ2)

e PTQ acts as a strong initialization to mini-
mize the initial performance gap, while KD
converges faster than SFT, collectively im-
proving training efficiency and accuracy.

3.4 QAT with Reinforcement Learning

While Reinforcement Learning (RL) enhances
LLM reasoning, its role in QAT remains under-
explored. Our results identify a critical prereq-
uisite: RL requires proper initialization to avoid
collapse. We compare zero-RL QAT (applying RL
directly to RTN-quantized models) and cold-start
RL QAT (initializing with a KD-tuned model). Us-
ing GRPO (Guo et al., 2025) with correctness re-
wards, Table 2 shows that zero-RL QAT collapses
completely, whereas the cold-start setting improves
accuracy by approximately 46%. RTN-based mod-
els with severe quantization errors fail to sample
valid outputs, preventing effective reward genera-
tion. Conversely, KD recovers sampling capability,
ensuring sufficient reward density. We conclude:
RL alone cannot rescue heavily quantized models
but drives improvement given a KD cold start.

Roles of RL under low-bit QAT. Figure 4
demonstrates the indispensable roles of RL in QAT.

RTN KD GRPO | AIME120 MATH-500 GSMSK | AVG
- - - 21.67 84.40 84.61 63.56
v - - 0.83 15.00 15.39 10.41
v - v 1.67 15.33 15.52 10.84
v v v 14.44 78.00 77.93 56.79

Table 2: RL under low-bit quantization (R1-Qwen-1.5B,
W3G128). KD cold-start is necessary for effective RL.

First, as shown in Figure 4(a), RL simultaneously
increases reward and reduces excessive response
length. This prevents the model from exploiting
response length to increase rewards, guiding it to-
ward high-quality outputs. Second, in Figure 4(b),
RL drives a decrease in entropy, which reduces
prediction randomness and enforces deterministic
outputs. This avoids collapse and ensures stable
convergence despite quantization errors. Lastly, in
Figure 4(c), RL improves test accuracy while re-
ducing response length, enhancing generalization
without unnecessary verbosity. We hypothesize
that RL works by reducing entropy, helping the
model resist quantization noise.

Findings (RQ3)

* KD cold-start serves as a practical prereq-
uisite for RL under low-bit QAT, enabling
subsequent RL to enhance both model perfor-
mance and efficiency.

3.5 The Choice of QAT Training Dataset

The choice of the QAT training dataset remains
an open challenge, specifically regarding how
domain differences influence optimization dy-
namics and final performance. We compare
two datasets: Wikitext2 (natural language) and
OpenR1-Math (reasoning-based math). Following
§3.3, we initialize QAT models using PTQ. Cali-
bration uses either Wikitext2 or NuminaMath-1.5,
where the latter is closely aligned with OpenR1-
Math!. We then conduct KD for QAT on both
datasets, yielding four combinations. Figure 5
shows test accuracy curves, revealing three obser-
vations: First, domain alignment accelerates con-
vergence: when the calibration and the training
domains match, the curve converges much earlier
(e.g., numinatopenr1), whereas mismatched com-
binations stabilize slowly, changing beyond 5k+
steps. Second, domain mismatch causes harm-
ful readjustment. Specifically, numina+wiki starts

'OpenR1-Math consists of reasoning traces gener-
ated by DeepSeek R1 for problems from NuminaMath
1.5. See https://huggingface.co/datasets/open-ri1/
OpenR1-Math-220k.
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with strong initialization but suffers a sharp ac-
curacy drop after switching to Wikitext2, recov-
ering slowly without returning to the initial level.
This implies the training domain significantly alters
the PTQ-calibrated solution, making cross-domain
adaptation unstable. Third, reasoning-domain data
is critical for final performance: configurations
using reasoning data (especially numina+openr1)
achieve the highest accuracy, while general text
(wiki+wiki) leads to substantially lower accuracy.
Overall, these results suggest aligning PTQ cali-
bration and QAT training domains, and confirm
that reasoning data is crucial for recovering low-bit
performance.

Findings (RQ4)

* Aligning the PTQ calibration domain with
the QAT training domain accelerates conver-
gence, whereas utilizing reasoning-domain
data is key to achieving a high final reasoning
performance.

4 Reasoning-QAT: The Optimized
Workflow

Based on the observations in §3, we provide the op-
timized workflow in Figure 6, which includes three
key steps to guide practical applications and sup-
port downstream usage. Note that this section does
not propose a new algorithm; rather, it validates our
findings and offers feasible guidance, showing that
satisfying the identified dependencies is sufficient
for stable low-bit training. For completeness, we
include an additional weight-activation setting in
Appendix A.3.

4.1 The Reasoning-QAT Workflow

We construct this reference workflow by strictly sat-
isfying the dependencies identified in RQ1-RQ3:

* PTQ-based Initialization. Motivated by §3.3,
we rectify the latent weights with PTQ tech-
niques as the initial state for QAT. While the
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Step 1: PTQ-based initialization can provide a bet-
ter starting point. Step 2: KD from the original full-
precision model to align the teacher’s behavior, and also
serve as a cold-start for subsequent RL. Step 3: Based
on cold-start, RL can further recover the reasoning abil-
ity of the QAT model.

QAT model still retains continuous weights, this
initialization strategy improves its tolerance to
quantization and provides a better starting point
for subsequent training.

* Knowledge Distillation. We then perform
knowledge distillation from the original full-
precision model. Guided by the findings in §3.2,
this step fine-tunes the QAT model to align its
output distribution with that of the full-precision
model. After that, the distilled model not only
recovers from the quantization-induced degrada-
tion, but also serves as a stable cold-start actor
for RL.

* Cold-start RL. Following the prerequisites dis-
cussed in §3.4, we apply RL on top of the
knowledge-distilled model from Step 2. Here,
we employ GRPO (Guo et al., 2025) as the RL
paradigm. This cold start design avoids the col-
lapse issue observed when directly using RL on
heavily quantized models, while utilizing the
stabilized initialization to ensure reliable opti-
mization. During this stage, RL progressively
enhances the reasoning capability of the quan-
tized model, driving more deterministic outputs
and reducing randomness.

4.2 Empirical Evaluations

Comparison with Representative PTQ Base-
lines. We compare Reasoning-QAT against com-
monly used PTQ baselines under two settings: 3-
bit weight-only (W3G128) and 2-bit weight-only
(W2G128) quantization.

3-Bit Weight-only Quantization. Table 3 shows
that PTQ baselines (e.g., RTN/GPTQ/AWQ) can

incur severe degradation on reasoning benchmarks
in the 3-bit regime. In contrast, Reasoning-QAT
consistently recovers a substantial portion of the
lost accuracy across model scales. For example,
on Qwen3-0.6B the average score increases from
12.61% (GPTQ) to 31.67% (Reasoning-QAT). On
R1-Qwen-1.5B and Qwen3-4B, the remaining gap
to BF16 is reduced to -5.46% and -8.25%, re-
spectively, outperforming the PTQ baselines un-
der the same setting. Overall, these results suggest
that when PTQ alone struggles at low bits, the
dependency-satisfying workflow provides a strong
empirical recovery baseline.

2-Bit Weight-only Quantization. The 2-bit set-
ting (W2G128) is substantially more challenging,
and PTQ baselines largely collapse on math-centric
benchmarks. In contrast, Reasoning-QAT recov-
ers non-trivial reasoning accuracy, with particu-
larly large gains on math datasets. For instance, on
R1-Qwen-1.5B, MATH-500 improves from 3.67%
(GPTQ) to 55.00%. On Qwen3-4B, MATH-500 im-
proves from 4.80% (GPTQ) to 78.27% and AIME-
120 reaches 22.78%. This highlights the necessity
of QAT under extremely low-bit quantization.

Comparison with Representative QAT Baselines.
We additionally compare Reasoning-QAT with two
representative QAT methods developed for general-
purpose LLMs, EfficientQAT (Chen et al., 2024)
and BitDistiller (Du et al., 2024). Because these
methods were not originally reported on reason-
ing benchmarks, we reproduce them under the
same protocol (R1-Qwen-1.5B, W3G128, OpenR1-
Math) for a fair comparison.

Table 4 shows that Reasoning-QAT achieves the
best average accuracy (58.51%) among the repro-
duced QAT baselines. The gap is moderate but
consistent (e.g., +4.75% over EfficientQAT and
+1.45% over BitDistiller), supporting our central
observation that low-bit QAT for reasoning mod-
els: KD provides a stronger recovery objective, and
once a viable policy is established, RL can further
improve model performance.

4.3 Analysis of Workflow Components

In this section, we clarify the efficacy of each work-
flow component, which are PTQ initialization, KD,
and GRPO. We specifically assess W3G128 on
R1-Qwen-1.5B model shown in Table 8 (detailed
analysis in Appendix A.2).



Model | W-Bits Methods AIME-120 MATH-500 GSMSK CPQA-  LiveCode- | 0 " p b1
Diamond Bench

BF16 - 11.11 7400 79.00 28.45 12.94 | 41.10 -

RIN 0.00 0.80 0.30 2424 0.00 | 5.07 | -36.03

e W3G128 GPTQ 0.00 1327 2333 26.43 0.00 | 12.61 | -28.49

g AWQ 0.00 520 10.01 26.77 0.00 | 840 | -32.70

5 Reasoning-QAT 3.89 5780  67.02 27.78 187 3167  -9.43

& GPTQ 0.00 0.60 0.13 0.84 0.00 | 031 -40.79

W2G128 AWQ 0.00 0.00 0.00 23.91 0.00 | 478 | -36.32

Reasoning-QAT 0.56 2020 3033 25.25 000 1527 -25.83

BF16 - 21.67 8440  84.61 36.87 16.04 | 48.72 -

@ RIN 0.83 1500 1539 19.19 0.00 | 10.08 | -38.64

2 | wicis GPTQ 10.00 7160 75.66 23.74 933 | 3807 | -10.65

& AWQ 333 4880 6581 37.88 485 | 3213 | -1658

g Reasoning-QAT 16.39 7980  79.35 30.30 1045 4326  -5.46

I GPTQ 0.00 3.67 2.86 21.89 0.00 | 5.68 | -43.04

% | waG128 AWQ 0.00 0.00 0.00 25.08 0.00 | 502 | -43.70

Reasoning-QAT 5.15 5500  55.02 25.75 000 28.18 -20.54

BFI6 - 58.89 9533 9449 56.06 4838 | 70.63 -

RTN 0.00 1.40 0.99 10.60 0.00 | 2.60 | -68.03

2 | wicis GPTQ 34.17 90.07  91.74 38.05 20.77 | 54.96 | -15.67

4 AWQ 25.00 87.00 9007 37.88 19.03 | 51.80 | -18.83

g Reasoning-QAT 41.11 9347 9348 45.79 3806 6238  -8.25

] GPTQ 0.00 4.80 5.8 20.70 0.00 | 6.16 | -64.47

W2G128 AWQ 0.00 0.00 0.00 25.59 0.00 | 5.12| -65.61

Reasoning-QAT 22.78 7827 82.96 25.42 000 41.89 -28.74

Table 3: Main results of the reference configuration (Reasoning-QAT) versus representative PTQ baselines across

models and reasoning benchmarks.

Method | AIME120 MATH-500 GSMSK | AVG
Standard SFT-QAT 10.00 73.60 7554 | 53.05
EfficientQAT (Chen et al., 2024) 10.83 74.20 76.26 | 53.76
BitDistiller (Du et al., 2024) 14.72 78.00 78.46 | 57.06
Reasoning-QAT | 1639 79.80 7935 | 58.51

Table 4: Comparison with representative QAT baselines
on R1-Qwen-1.5B (W3G128) under the same protocol
(OpenR1-Math). EfficientQAT and BitDistiller are re-
produced for this setting. The best result is shown in
bold.

The Effect of PTQ Initialization. GPTQ yields
a markedly better low-bit starting point than RTN
(AVG: 52.42% vs. 10.41%), which is also consis-
tent with the findings in §3.3.

The Effect of KD. Under the same GPTQ ini-
tialization, KD improves over SFT from 55.27% to
56.45%, indicating that distillation remains benefi-
cial even when starting from a strong PTQ baseline.
The result aligns with §3.2 that KD is the preferred
objective for low-bit QAT on reasoning models.

Further Improvement by GRPO. Finally,
adding GRPO on top of KD yields additional gains:
56.45% — 58.51% under GPTQ. This is consistent
with §3.4: RL is effective after KD cold start has
established a viable low-bit policy, at which point
RL can further improve performance. Overall, the
workflow (GPTQ+KD+GRPO) reaches 58.51% on

Configuration | AIME120 MATH-500 GSMSK | AVG
BF16 | 2167 84.40 84.61 | 63.56
RTN 0.83 15.00 1539 | 10.41
GPTQ (PTQ init) 10.00 71.60 75.66 | 52.42
GPTQ + SFT 14.17 75.53 76.12 | 5527
GPTQ + KD 13.89 78.20 7726 | 56.45
GPTQ +KD + GRPO |  16.39 79.80 79.35 | 58.51

Table 5: Ablation study on R1-Qwen-1.5B (W3G128),
full results are reported in Appendix A.2 (Table 8). The
best result in each case is shown in bold.

AVG, which narrows the gap to the BF16 upper
bound, i.e., 63.56%.

5 Conclusion

We present a systematic empirical study of QAT
for reasoning models under extreme low-bit quan-
tization. We identify four key findings: KD is
the preferred recovery objective, PTQ initialization
improves training efficiency and accuracy, RL pro-
vides additional gains when a viable cold start ex-
ists (with KD acting as a practical prerequisite), and
PTQ-QAT domain alignment affects convergence
and accuracy. Finally, we consolidate these find-
ings into Reasoning-QAT, a three-stage workflow
that validates our findings and achieves a strong
recovery compared to PTQ baselines.



Limitations

First, our QAT training utilizes primarily math-
centric data. While this effectively recovers perfor-
mance on mathematical benchmarks, cross-domain
generalization to other reasoning tasks (e.g., cod-
ing and science) remains limited, particularly for
smaller models under extreme low-bit settings. Sec-
ond, as an empirical study, this work focuses on
validating optimal training workflows rather than
designing new quantization methods.
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A Appendix

A.1 Training Implementations Details

We list the detailed training hyperparameters in
Tables 6 and 7.



W3G128 W2G128 Parameter Value
Parameter
RTN Init GPTQ Init GPTQ Init. Optimizer
Optimizer Adam
SFT KD SFT KD KD LR (Peak) 507
Optimizer Scheduler Cosine
Optimizer Adam Warmup 8
LR (Peak) 25 25 le6 le6 5¢-5 Betas 0.9,0.95
LR Scheduler Cosine Decay Training
Warmup Steps 180 180 180 180 180 Batch Size 64
Adam Betas (81, 82) 0.9, 0.95 Grad Acc 4
Training Steps 250
Gl()b%il Batch Size ‘ 32 Rollout
Gradient Accumulation 4 Group Size 3
Training Steps 6,000 6,000 6,000 6,000 6,000 Max Len 32768

Table 6: Hyperparameters for Phase 1 (Cold Start).

A.2 Complete Factorial Combinations on
Weight-Only Settings

In this section, we clarify the efficacy of each
Reasoning-QAT components, which are PTQ ini-
tialization, KD, and GRPO. We specifically assess
the 3-bit groupwise weight-only quantization on
R1-Qwen-1.5B model shown in Table 8.

The Effect of PTQ Initialization. To investigate
the impact of different weight quantization initial-
ization strategies on the effectiveness of QAT, we
present QAT models starting from RTN and GPTQ
in rows 1-4 and rows 5-8, respectively. It can be
found that using GPTQ for initialization yields a
better starting point, resulting in an average im-
provement of 42.01% (row 1 vs. row 5), which is
also consistent with the findings in Section 3.3.

The Effect of KD. Both SFT and KD signifi-
cantly recover quantization loss. With RTN initial-
ization, SFT yields a 42.64% improvement (row
1 vs. row 2), while KD achieves a 45.09% gain
(row 1 vs. row3). Regardless of initialization, the
KD approach demonstrates robustly superior per-
formance over SFT. To be specific, KD achieves
higher average accuracy than SFT by 2.45% under
RTN (row 1 vs. row 2) and by 1.18% under GPTQ
(row 3 vs. row 4).

Further Improvement by GRPO. To further re-
fine the performance of quantized models trained
with knowledge distillation (KD), we integrate
GRPO into the training pipeline. It can be seen that
GRPO further boosts KD performance by 1.29%
under RTN (row 3 vs. row 4) and 2.06% under
GPTQ (row 7 vs. row 8), demonstrating its effec-
tiveness in enhancing quantized models through
policy refinement. In particular, compared with
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Table 7: Hyperparameters for
Phase 2 (RL).

RTN, GPTQ also provides a better starting point
for the RL training.

A.3 Extensive Experiments on
Weight-Activation Quantization

We then examine W4A4KV4 quantization as a
representative configuration for weight-activation
quantization. This scenario is particularly chal-
lenging since weights, activations, and KV cache
are quantized to low bits. Note that we imple-
ment Reasoning-QAT in this setting by loading
the transformation matrices from FlatQuant as ini-
tialization and further performing QAT. Unlike the
original FlatQuant, which applies layer-wise cor-
rection in isolation, our method uses network-wise
adjustments during QAT. This holistic optimization
makes the model account for the propagation of
quantization errors across layers, thereby handling
the accumulation of mismatches that single-layer
correction cannot capture. As a result, the model
can adaptively correct quantization errors in a glob-
ally consistent manner rather than relying solely on
static PTQ calibration.

Experiment Settings. To further validate our
method, we evaluate a joint 4-bit weight and 4-
bit activation (W4A4) quantization setting. Fol-
lowing the FlatQuant framework, we employ per-
channel symmetric quantization for weights and
per-token asymmetric quantization for activations.
During the KD stage, the model is fine-tuned on
48,000 sequences from the OpenR1-Math dataset,
with a fixed sequence length of 8,192. To opti-
mize training stability, we adopt a multi-tier learn-
ing rate strategy: standard weights are updated at
1 x 109, while the transformation matrices and
clipping factors in FlatQuant are assigned higher



RTN GPTQ SFT KD GRPO | AIME120 MATH-500 GSMSK | AVG
#0 - - - - - 21.67 84.40 84.61 63.56
#1 v - - - 0.83 15.00 15.39 10.41
#2 | v - v - - 10.00 73.60 75.54 | 53.05
#3 v - - v - 14.44 76.20 75.87 | 55.50
# | Vv - - v v 14.44 78.00 77.93 56.79
#5 - v - - - 10.00 71.60 75.66 | 52.42
#6 - v v - - 14.17 75.53 76.12 | 55.27
#7 - v - v - 13.89 78.20 7726 | 56.45
#3 - v - v v 16.39 79.80 79.35 | 58.51

Table 8: Ablation studies of Reasoning-QAT, including the PTQ initializations (i.e., RTN and GPTQ), QAT training
paradigms (i.e., SFT, KD and GRPO) based on R1-Qwen-1.5B.

rates of 5 x 1072 and 5 x 10~%, respectively. Con-
figuration for the ensuing Reinforcement Learning
(RL) phase remains consistent with the details pro-
vided in 7.

Comparison with Representative PTQ Methods
As shown in 9, PTQ baselines such as QuaRot
(Ashkboos et al., 2024) and FlatQuant (Sun et al.,
2024) suffer from large performance decreases.
Our workflow, however, achieves consistent im-
provements across all model sizes. For instance,
on Qwen3-4B, Reasoning-QAT raises the aver-
age score from 58.28% (FlatQuant) to 60.78%, ef-
fectively narrowing the gap to full precision and
demonstrating that our consolidated workflow can
effectively tackle the degradation in W4A4KV4
quantization scenarios and shows the effectiveness
of our four key findings. Note that QuaRot results
for Qwen3-4B are omitted because its hidden size
of 2560 is incompatible with the Hadamard trans-
formation required by the standard kernel.

A.4 Additional Evaluation on General
Domains

Performance on Weight-Only Setting. To ver-
ify whether our reasoning-focused QAT work-
flow compromises the model’s general capabilities,
we evaluated Reasoning-QAT on non-reasoning
benchmarks, including HellaSwag (Commonsense)
(Zellers et al., 2019), PIQA (Physics) (Bisk et al.,
2020), and Winogrande (Commonsense) (Sak-
aguchi et al., 2021). As shown in Table 10, un-
der the W3G128 setting, Reasoning-QAT main-
tains performance comparable to the PTQ base-
line across all models and tasks, and even achieves
slight improvements on PIQA (e.g., +2.45% on R1-
Qwen-1.5B). This indicates that while our method
is optimized for reasoning, it effectively recovers
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precision without catastrophic forgetting of gen-
eral knowledge. We observe similar stability in the
W4A4KV4 setting, with detailed results provided
in Table 11.

A.5 Analysis on Initialization for W4A4KV4
QAT

To address concerns regarding the generalizabil-
ity of our approach and its dependency on specific
PTQ methods (e.g., FlatQuant), we conducted ad-
ditional studies on the W4A4KV4 setting using the
R1-Qwen-1.5B model.

Transferability to Other PTQ Methods
(QuaRot). We investigated whether Reasoning-
QAT can transfer to other advanced PTQ methods,
such as QuaRot (Ashkboos et al., 2024). As shown
in Table 12, while the KD stage successfully
transfers and improves performance over the PTQ
baseline (e.g., MATH-500 improves from 1.20% to
11.20%), the subsequent RL stage collapses. This
empirically validates our insight in Section 3.4
that RL requires a minimum capability threshold
to generate rewardable trajectories. Since the
QuaRot-based model (for this specific architecture)
retained severe outliers even after KD, it failed
to provide a viable starting policy for RL. This
confirms that while the QAT workflow is transfer-
able, a strong initialization (like FlatQuant) is a
prerequisite for the RL stage in W4A4 scenarios.

Necessity of Outlier Suppression (vs. RTN).
We further justify the use of FlatQuant by compar-
ing it with a standard RTN initialization (i.e., QAT
without outlier suppression). As presented in Ta-
ble 13, applying QAT directly on RTN initialization
leads to complete training collapse. This confirms
that FlatQuant (or equivalent outlier-suppression



Model W-Bits Methods AIME-120 MATH-500 GSMSK OFQA-  LiveCode-| (0 |1 ol
Diamond Bench

BF16 - 11.11 7400 79.00 28.45 12.94 | 41.10 -

QuaRot 0.00 0.00 0.00 2424 0.00 | 484 | 3626

Qwen3-068 |\ 1aakva | FlarQuant 0.28 2167 33.06 29.80 1.87 | 1734 | 2376

Reasoning-QAT 0.00 3027 48.62 26.94 137 | 21.44 | -19.66

BF16 - 21.67 8440 8461 36.87 16.04 | 48.72 -

RLLSB QuaRot 0.00 1.20 076 859 000 | 211 | -4661

W4A4KV4 | FlatQuant 10.00 6480  78.62 31.82 6.72 | 3839 | -10.33

Reasoning-QAT 12.50 7320 77.94 32.83 1007 | 4131 | -7.41

BF16 - 58.89 9533 94.49 56.06 4838 | 70.63 -

Quen3-4B [ | FlatQuant 3278 8093  92.12 4747 20.10 | 58.28 | -12.35

Reasoning-QAT 36.67 91.40  92.42 48.48 3495 | 60.78 | -9.85

Table 9: Main results of Reasoning-QAT on Qwen3-0.6B, R1-Qwen-1.5B and Qwen3-4B across various reasoning

benchmarks.
Model Method HellaSwag PIQA  Winogrande
Quent0B  RoineoAT 2941 7 5019
I
N

Table 10: Comparison of Reasoning-QAT and GPTQ on general domain benchmarks under W3G128 quantization.
Our method maintains robust performance on non-reasoning tasks.

techniques) is not a confounding variable but a nec-
essary precondition to condition the optimization
landscape for stable W4 A4 training.

A.6 Computational Budget and
Infrastructure

All experiments were conducted on a compute
cluster equipped with high-performance NVIDIA
GPUs. The training for the 1.5B model required
approximately 96 GPU hours, and the 4B model
required approximately 145 GPU hours.

A.7 Artifacts and Licenses

We utilize the following scientific artifacts, strictly
adhering to their respective licenses and terms of
use.

Models

* DeepSeek-R1-Distill-Qwen-1.5B: Released
under the MIT License.

* Qwen3 Family (0.6B and 4B): Released under
the Apache 2.0 License.

Datasets

* OpenR1-Math: Used for training and distilla-
tion, released under the Apache 2.0 License.
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* Wikitext-2: Used for calibration compari-
son, released under the Creative Commons
Attribution-ShareAlike (CC BY-SA) License.

* Evaluation Benchmarks: We use stan-
dard evaluation datasets including GSM8K,
MATH-500, AIME-120, GPQA-Diamond,
and LiveCodeBench. These are publicly avail-
able and used in accordance with their original
licenses (typically MIT or Apache 2.0) for re-
search evaluation purposes.

We confirm that all artifacts were used consistent
with their intended use. We verified that the data
subsets used do not contain personally identifying
information (PII) or offensive content.

A.8 Potential Risks and Ethical
Considerations

Our work focuses on the quantization of reasoning
models to improve inference efficiency. While the
quantized models generally retain the capabilities
of their full-precision counterparts, they may in-
herit biases or hallucinations inherent in the base
large language models (LLMs). Our methods do
not introduce additional safety risks beyond those
already present in the pre-trained backbones.



Model Method HellaSwag PIQA  Winogrande

FlatQuant (Baseline) 34.39 62.24 52.05
Qwen3-0.6B  geasoning-QAT 3442 6240 52.13
FlatQuant (Baseline) 34.75 61.26 51.38
RI-Qwen-1.5B g easoning-QAT 3478 6235 50.32
FlatQuant (Baseline) 4494 69.10 54.10
Qwen3-4B Reasoning-QAT 4603 7035 54.30

Table 11: Comparison of Reasoning-QAT and FlatQuant on general domain benchmarks under W4A4KV4
quantization.

Initialization =~ Method AIME-120 MATH-500 GSMS8K GPQA-Diamond LCB Status

PTQ 0.00 1.20 0.76 8.59 0.00 Collapsed
QuaRot + KD 1.67 11.20 12.74 9.09 1.12 Improved

+ KD + RL 0.00 3.60 6.07 2.53 0.00 Collapsed
FlatQuant PTQ 10.00 64.80 78.62 31.82 6.72  Converged

+ KD + RL 12.50 73.20 77.94 32.83 10.07 Converged

Table 12: Investigating the transferability of Reasoning-QAT using QuaRot initialization on R1-Qwen-1.5B
(W4A4KV4). While KD improves performance, the model fails to sustain RL training due to insufficient base
capability.

A.9 Al Writing Assistance

We utilized Al assistants strictly for grammatical
error correction and text polishing. All scientific
claims, experimental designs, and results presented
in this paper were verified by the authors.
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Initialization Method AIME-120 MATH-500 GSM8K GPQA-Diamond LCB Status

RTN KD 0.00 0.60 1.29 4.55 0.00 Collapsed
Reasoning-QAT 0.00 0.20 0.37 1.01 0.00 Collapsed
FlatQuant Reasoning-QAT 12.50 73.20 77.94 32.83 10.07 Converged

Table 13: Comparison of RTN vs. FlatQuant initialization for W4A4KV4 QAT on R1-Qwen-1.5B. Without outlier
suppression (FlatQuant), QAT faces complete collapse.
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