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Abstract

Large Reasoning Models (LRMs) have demon-
strated remarkable performance on complex
reasoning benchmarks. However, their long
chain-of-thought reasoning processes incur
significant inference overhead. Pruning has
emerged as a promising approach to reducing
computational costs. However, existing efforts
have primarily focused on large language mod-
els (LLMs), while pruning LRMs remains un-
explored. In this work, we conduct the first
empirical study on pruning LRMs and show
that directly applying existing pruning tech-
niques fails to yield satisfactory results. Our
findings indicate that using self-generated rea-
soning data for calibration can substantially im-
prove pruning performance. We further investi-
gate how the difficulty and length of reasoning
data affect pruning outcomes. Our analysis re-
veals that challenging and moderately long self-
generated reasoning data serve as ideal calibra-
tion data. Based on these insights, we propose
a Selective Self-Generated Reasoning (SSGR)
data construction strategy to provide effective
calibration data for pruning LRMs. Experimen-
tal results on different model series validate that
our strategy improves the reasoning ability of
pruned LRMs by 10-13% compared to general
pruning methods.

1 Introduction

Recently, Large Reasoning Models (LRMs) such
as OpenAl’s ol/03 (OpenAl, 2024, 2025) and
the DeepSeek-R1 (Guo et al., 2025) series have
achieved remarkable performance on challenging
reasoning benchmarks, especially in competitive
mathematics, programming, and science question
answering. Unlike traditional Large language
models (LLMs), these LRMs, after undergoing
large-scale reinforcement learning, have learned
to perform effective deep thinking through chain-
of-thought (CoT) before producing the final an-
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Figure 1: Performance of the pruned DeepSeek-R1-
Distill-Qwen-7B model using SparseGPT with different
calibration data (C4, MathR, and SSGR) across five rea-
soning benchmarks: GSM8K, MATHS500, Olympiad-
Bench, AIME, and GPQA Diamond.

swer (Chen et al., 2026). However, the long CoT
reasoning of LRMs significantly increases infer-
ence overhead (Ma et al., 2025). Striking a balance
between accuracy and efficiency remains an open
research question (Chen et al., 2025; Luo et al.,
2025a; Wang et al., 2025; Zhang et al., 2025).

In contrast to shortening CoTs at inference time,
reducing model parameters offers a more funda-
mental and general solution to improving efficiency.
Among various methods, pruning stands out as
a promising strategy, which reduces model la-
tency and computational cost by eliminating re-
dundant parameters while preserving performance,
and has been widely applied to LLMs (Zheng
et al., 2024; Li et al., 2024b, 2025). Traditional
magnitude-based pruning methods perform poorly
on LLMs (Frantar and Alistarh, 2023). Most exist-
ing methods (Frantar and Alistarh, 2023; Sun et al.,
2024; Gao et al., 2024) estimate parameter impor-
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tance using a limited amount of data, referred to as
calibration data. The latest pruning methods (Zhou
et al., 2026; Li et al., 2025) have achieved nearly
lossless pruning performance. However, these ap-
proaches are proposed for LLMs, and their applica-
bility to LRMs remains uninvestigated.

In this work, we present the first empirical study
on pruning LRMs, revealing that directly applying
existing LLM pruning methods can lead to substan-
tial degradation in LRMs’ reasoning performance.
Surprisingly, we find that simply altering the cal-
ibration data can lead to dramatic improvements.
Previous studies (Williams and Aletras, 2024; Ban-
dari et al., 2024; Kong et al., 2025) have shown
that the choice of calibration data significantly af-
fects performance on downstream tasks. Shin et al.
(2024) observe that minimizing reconstruction er-
ror is not always optimal and can even lead to over-
fitting on the calibration data. They recommend us-
ing self-generated calibration data to mitigate this
issue. Subsequently, Ji et al. (2025) and Williams
et al. (2025) propose their self-generated calibra-
tion data strategies, resulting in improved pruning
performance. However, these studies have been
conducted only on LLMs, and the impact of cali-
bration data on pruning LRMs remains unknown.

To comprehensively investigate the impact of
calibration data on pruning LRMs, we design ex-
periments to explore the impact of different types of
calibration data on pruning performance. Our em-
pirical results indicate that choosing self-generated
reasoning data as calibration data achieves the opti-
mal pruning performance for LRMs. Furthermore,
we investigate the effects of data difficulty and rea-
soning length on pruning performance, finding that
challenging reasoning data with moderate length
serves as the ideal calibration data. Building on
this, we propose a Selective Self-Generated Rea-
soning (SSGR) data construction strategy that pro-
vides effective calibration data for pruning LRMs,
aiming to minimize the degradation in reasoning
performance after pruning. To evaluate the effec-
tiveness of our proposed calibration data construc-
tion method, we conduct experiments on different
model series. As shown in Figure 1, the results
demonstrate that our method significantly outper-
forms baseline calibration data, offering valuable
insights and guidance for pruning LRMs.

Overall, our contributions are as follows:

* We conduct the first empirical study on pruning
LRMs and find that conventional pre-training

data is no longer suitable as calibration data,
while self-generated reasoning data emerges as
the optimal choice.

* Further exploration of self-generated reasoning
data reveals that challenging and moderately long
reasoning samples are more effective. Based
on this, we propose a Selective Self-Generated
Reasoning (SSGR) data construction strategy.

» Extensive experiments demonstrate that our
SSGR data consistently outperforms baseline cal-
ibration data in pruning performance.

2 Related work

Large Reasoning Models OpenAl ol series
models (OpenAl, 2024), which are trained through
large-scale reinforcement learning, perform long
internal CoTs for thinking (Jaech et al., 2024) be-
fore generating responses, achieving outstanding
performance in complex reasoning tasks spanning
mathematics, coding, science, and beyond. The
success of ol marks a pivotal shift from LLMs
to LRMs. Many studies (Team et al., 2025; Seed
et al., 2025; Wen et al., 2025) have made great ef-
forts to replicate the performance of ol. DeepSeek-
R1 (Guo et al., 2025) achieves state-of-the-art per-
formance by integrating cold-start data and multi-
stage training. QwQ (Team, 2025) delivers com-
parable performance with just 32B parameters,
further highlighting the effectiveness of scaling
reinforcement learning in training LRMs. Addi-
tionally, DeepSeek leverages distilled data from
DeepSeek-R1 to perform supervised fine-tuning of
small models (Llama and Qwen model series), also
enabling test-time scaling. Several open-source
studies (Muennighoff et al., 2025; Ye et al., 2025)
have demonstrated that even a small amount of
high-quality distilled data is enough to train com-
petitive LRMs.

LLM Pruning LLM pruning can be broadly cat-
egorized into unstructured pruning (Frantar and Al-
istarh, 2023; Sun et al., 2024; Yin et al., 2024; Ilin
and Richtarik, 2025) and structured pruning (Ma
et al., 2023; Gao et al., 2024; Sengupta et al., 2025;
Li et al., 2025) approaches. We primarily focus on
the former. SparseGPT (Frantar and Alistarh, 2023)
was the first to conduct experiments on LLMs, re-
vealing that traditional magnitude-based pruning
becomes ineffective at this scale. It introduces
the use of second-order gradient information to
assess parameter importance. Wanda (Sun et al.,
2024) proposes a simple and effective approach
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that estimates weight importance using the prod-
uct of the weight magnitude and the norm of the
corresponding input activations, without any re-
training or weight updates. RIA (Zhang et al.,
2024) integrates weight, input, and output acti-
vations as a pruning metric. Recent works (Yin
etal., 2024; Lu et al., 2024; Cunegatti et al., 2025)
have focused on allocating layer-wise pruning ra-
tios instead of applying a uniform sparsity ratio
across all layers. OWL (Yin et al., 2024) intro-
duces outlier-weighted layer-wise sparsity, which
proportionally links each layer’s sparsity to the ob-
served outliers. Evopress (Sieberling et al., 2025)
leverages evolutionary algorithms to implement a
dynamic compression framework for LLMs, while
NEURONAL (Cunegatti et al., 2025) adaptively
selects the optimal hyperparameters for block-wise
and row-wise sparsity ratios.

Calibration data Calibration data is a critical
component of pruning methods. Williams and Ale-
tras (2024) find that post-training pruning is sensi-
tive to calibration data, which significantly affects
downstream performance. Shin et al. (2024) ob-
serve that the reconstruction error objective causes
overfitting on calibration data and suggest using
self-generated calibration data to mitigate this issue.
Bandari et al. (2024) points out that the commonly
used C4 dataset is not optimal. Arithmetic datasets
are more effective as calibration data than pre-
training datasets, and calibration data in the ICL
format tends to have broader applicability. Ji et al.
(2025) demonstrate that calibration data more simi-
lar to the training distribution yields better pruning
performance and proposes a self-generated calibra-
tion data synthesis strategy. Our work presents the
first investigation into the impact of calibration data
on pruning LRMs. We further examine how data
difficulty and reasoning length influence pruning
performance and propose an effective calibration
data construction strategy.

3 The Impact of Calibration Data for
Pruning LRMs.

3.1 Experimental Details

Dense Model and Pruning Method We adopt
the powerful open-source reasoning model
DeepSeek-R1-Distill-Qwen-7B (Guo et al., 2025)
as our dense model. For pruning, we use
SparseGPT (Frantar and Alistarh, 2023), a widely
used and effective method. Experiments are con-
ducted under a 50% unstructured sparsity setting.

Calibration Data We follow prior works and ran-
domly sample 128 sequences as calibration data.
To further highlight the impact of different cali-
bration data on the pruned model, We extend the
length of each sequence to 16,384 tokens, whereas
it is typically set to 2,048 tokens. We sample cali-
bration data from different types of data, including:

* Pre-training Data. It is typically consid-
ered a primary source of calibration data. Fol-
lowing Ji et al. (2025), We select three commonly
used pre-training datasets: C4 (Raffel et al., 2020),
Wikipedia, and DCLM (Li et al., 2024a).

* Math Reasoning Data. The goal of pruning
LRMs is to reduce the loss of reasoning capabil-
ities in pruned model. A straightforward idea is
to use reasoning data as calibration data. There-
fore, we select GSM8K (Cobbe et al., 2021) and
MATH (Hendrycks et al., 2021), two widely used
mathematical reasoning datasets, as the reasoning
data source. GSMS8K is a high-quality elementary
school math word problem dataset, while MATH is
a challenging high school-level competition math
problem dataset, covering seven subjects and five
difficulty levels. Each problem in both datasets
includes a complete step-by-step solution. We se-
lect their training sets and combine them into the
Mathematical Reasoning (MathR) Dataset.

* Self-Generated Reasoning Data. Previous
work (Ji et al., 2025) in LLM pruning has shown
that using self-generated calibration data yields bet-
ter results. We aim to explore and compare this
approach in LRM pruning. For each problem in
the MathR dataset, we sample 16 responses using
the dense model with a temperature of 0.6, top-p of
0.95, and a maximum generation length of 32768
tokens. We discard responses that are overly repet-
itive, lack proper reasoning, or fail to follow the
specified answer format. As a result, we obtain a
new dataset, referred to as the Self-Generated Rea-
soning (SGR) Dataset. Apart from the experiments
in Section 3.4, we adopt the first correct response
for each problem as the final solution.

Evaluation We evaluate the performance of
the pruned models on several reasoning bench-
marks, including GSM8K (Cobbe et al., 2021),
MATHS500 (Lightman et al., 2024), AIME, which
contains 60 problems from the 2024 and 2025
AIME competitions, and OlympiadBench (He
et al., 2024). In addition, we evaluate the pruned
model’s reasoning generalization ability beyond
mathematics using GPQA Diamond (Rein et al.,
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Figure 2: Comparison of pruning performance using three different types of calibration data for the dense model. For
pre-training data (C4, Wikipedia, and DCLM), we report the highest accuracy among the three on each benchmark.

2024), a benchmark consisting of 198 PhD-level
science questions spanning Biology, Chemistry,
and Physics. All evaluations are conducted in a
zero-shot CoT setting. To reduce output truncation
and provide sufficient room for complex reason-
ing, we set the maximum output length to 32768
tokens. The sampling temperature and top-p are set
to 0.6 and 0.95, respectively. We generate four re-
sponses per problem for all benchmarks and report
the average pass@1 as the evaluation metric. Our
evaluation framework is built upon the open-source
codebase of DeepScaleR (Luo et al., 2025b).

3.2 Self-Generated Reasoning Data: A
Superior Choice for Calibration

We prune the dense model using three types of
calibration data, and the performance of the pruned
models is shown in Figure 2.

Pre-training data is not suited as calibration
data for pruning LRMs. The pruned model using
pre-training data for calibration achieves 89.4% on
GSMBS8K, with only a 3.3% drop in performance.
This indicates that using pre-training data yields
relatively small loss on straightforward reasoning
tasks. However, on more challenging benchmarks,
the pruned model suffers a significant performance
degradation, with accuracy dropping by over 10%
across the board. Notably, the pruned model attains
only 24.2% on AIME, suggesting a substantial loss
in complex reasoning capability. As shown in Ta-
ble 3, variation exists across different pre-training
datasets. Using C4 as calibration data achieves the
best overall performance, whereas Wikipedia leads

to the lowest, falling 5.6% behind C4 on average.
DCLM surpasses C4 on AIME and matches its
overall performance.

Sampling calibration data from math reason-
ing data helps preserve more mathematical rea-
soning capability. Compared to pre-training data,
using math reasoning data for calibration yields a
7.1%-8.4% improvement in accuracy on complex
mathematical reasoning tasks across MATHS500,
AIME, and OlympiadBench. This benefit can be at-
tributed to the presence of explicit reasoning steps
in the data, which help the model retain more math-
ematical reasoning capability during pruning. How-
ever, the performance on GPQA Diamond, a sci-
entific benchmark spanning multiple disciplines,
drops significantly, falling even 2.2% below that
achieved when using pre-training data for pruning.
This suggests that while effective for mathematical
tasks, math reasoning data lacks generalization and
fails to transfer reasoning ability across domains.

Self-generated reasoning data stands out as
the optimal choice of calibration data for prun-
ing LRMs. Using self-generated reasoning data for
calibration consistently yields the best performance
across all benchmarks, with the exception of AIME,
where the accuracy drop remains within 6%. It not
only performs well on mathematical tasks, but also
demonstrates strong cross-domain generalization.
On GPQA Diamond, it achieves 35.1%, outper-
forming Math Reasoning Data by 10.7%. These
results clearly demonstrate that self-generated rea-
soning data can further bridge the gap between the
pruned and original model, effectively preserving
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Figure 3: Comparison of Pruning Performance Using
Calibration Data of Varying Difficulty Levels (Easy,
Medium, and Hard).

most of the model’s reasoning capability.

The key characteristic of LRMs is to produce
a long thinking process before arriving at an an-
swer. Each response in the self-generated reasoning
dataset similarly includes this thinking process. We
find that if we remove the thinking process from the
response and use the modified response for calibra-
tion, the pruning performance drops significantly,
showing no improvement compared to the results
obtained with MathR data, as shown in Table 3.
This suggests that the thinking process in the re-
sponse is essential for use as calibration data. The
self-generated “think-then-answer” reasoning for-
mat significantly enhances pruning performance,
allowing the pruned model to retain a problem-
solving pattern that more closely resembles that of
the original model.

3.3 Challenging Calibration Data Enhances
Pruning Performance

During model training, challenging examples are
often used to enhance reasoning capabilities (Ye
et al., 2025). But does a similar principle apply to
calibration data for pruning LRMs? Therefore, we
propose a reasonable hypothesis: using challenging
reasoning data for calibration can lead to better
performance in pruned models.

To validate this hypothesis, we first need to cat-
egorize the data based on difficulty. The most
straightforward approach is to rely on the difficulty
labels provided within the datasets themselves. For
instance, GSM8K consists of elementary school
math problems and is undoubtedly the simplest. In
the MATH dataset, each problem is assigned a dif-
ficulty level, determined from a human perspective:
the easiest are labeled as Level 1, while the most
difficult are labeled as Level 5. Based on these
labels, we can perform a rough division of the data

AIME Olympiad GPQA AVG
Correctness
True Sample 36.7 52.1 350 413
False Sample 354 51.0 354 40.6
Reasoning Length
Random 36.7 52.1 350 413
Short 333 50.8 34.6 39.6
Medium 404 51.1 352 422
Long 329 50.6 37.8 404

Table 1: Impact of Sample Correctness and Reasoning
Length on Pruning Performance.

by difficulty. However, such a human-defined clas-
sification is inadequate and unreliable. There is a
significant gap between what humans and models
perceive as difficult. Moreover, different models
may have entirely different notions of difficulty.
Problems that a strong model can easily solve may
be highly challenging for a weaker one. Therefore,
the difficulty of the data should be determined by
the model itself. We define a question’s difficulty
based on the accuracy of responses generated by
the dense model. Specifically, questions that are al-
ways answered correctly (i.e., 100% accuracy) are
labeled as Easy; those with a majority of correct
responses (i.e., accuracy > 50%) are considered
Medium; and those with fewer correct responses
(i.e., accuracy < 50%) are classified as Hard.

The average pruning performance using calibra-
tion data of varying difficulty levels is shown in
Figure 3. More details regarding the performance
of different difficulty levels can be found in the
Table 4. As the difficulty of the calibration data
increases, the performance of the pruned model
improves accordingly. Specifically, on GSM8K
and MATHS500, even easy calibration data yields
strong results. However, for more challenging
benchmarks like AIME and GPQA, using hard cal-
ibration data leads to significant gains, improving
performance by 6.3% and 8.6%, respectively, com-
pared to using easy calibration data. This highlights
the potential of letting the model identify and use
challenging examples as calibration data, offering
a practical and effective path toward better pruning
performance.

3.4 Proper Reasoning Length Promotes
Effective Pruning

It can be observed from Table 4 that more chal-
lenging samples generally exhibit longer reasoning
lengths. This naturally leads to the question of
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whether extending the reasoning length of calibra-
tion data can further enhance pruning performance.

In practice, the lengths of reasoning vary sig-
nificantly among different responses to the same
question. By selecting different responses, it is
possible to construct calibration datasets with vary-
ing reasoning lengths. However, for difficult ques-
tions, the set of responses often includes incorrect
answers. Consequently, we first analyze whether
incorrect answers can also serve as effective cali-
bration data. Following prior practice, we select
the first correct response as the true sample and the
first incorrect response as the false sample. These
are then used separately as calibration data for prun-
ing. As shown in Table 1, pruning with incorrect
samples results in lower performance compared to
using correct samples. Since they are generated by
the dense model, incorrect responses still contribute
positively to pruning, indicating that self-generated
reasoning data, regardless of correctness, can be
useful for pruning. However, since incorrect re-
sponses fail to reach the correct final answer, they
inherently contain flawed reasoning paths and in-
troduce a certain level of noise. As a result, the
overall quality of these samples is inherently lower
compared to that of correct responses.

Among the correct responses, we sort them
based on their token lengths and select the short-
est, median, and longest ones to construct three
reasoning datasets of varying lengths, denoted as
Short, Medium, and Long, respectively. Addition-
ally, we include Random, which randomly selects
samples from the correct responses. As shown
in Table 1, longer reasoning does not necessarily
lead to better pruning performance. The Medium
sample outperforms both Short and Long by 2.6%
and 1.8% on average, respectively. This indicates
that moderately long reasoning tends to serve as
the most effective calibration data, while overly
short or excessively long responses may degrade
pruning performance. A proper reasoning length
strikes a balance: it captures sufficient intermedi-
ate thinking steps without introducing unnecessary
verbosity, thus yielding better results.

4 Method

Based on the empirical study presented in Section
3, we propose a calibration data construction strat-
egy for pruning LRMs. Liu et al. (2025) observed
that channel magnitudes and activation distribu-
tions exhibit highly similar patterns across reason-

ing datasets from different domains (e.g., math,
code). Therefore, we consider that using a single
domain is sufficient for constructing calibration
data. Specifically, for a problem ¢ from data source
D, we perform n independent sampling runs us-
ing the dense model, resulting in a response set
R = {r1,r2,73,..,7}. Let k denote the number
of correct responses in R. We compute the correct-
ness ratio as ¢ = % If ¢ > 7, where 7 is a diffi-
culty threshold, we discard the problem ¢ from the
dataset. If ¢ < 7, we retain ¢ and proceed to filter
‘R. We first remove incorrect responses based on ex-
act answer matching or pattern verification. Then,
we further filter out low-quality responses, such as
those that are repetitive, lack coherent reasoning, or
do not conform to the expected answer format, re-
sulting in a refined response set R’ C R. From the
filtered set R, we select the response with the me-
dian token length as the final target response for q.
Formally, let R' = {ry, 7, ..., 7, } be sorted such
that their token lengths satisfy [y <l < --- <[,
where [; = length(r;). We define the median re-
SpONSse as Tmedian = Tm», Where m = L%/J Let
the total calibration data length be [, and the length
of question ¢ be /,. We define the available length
for response as I’ = [ —1,. The final target response
7 for question ¢ is selected as:

it 0, <1,
if £, >1"and 3¢; < U,

T'median

arg max,, cg’ i,
4;<l

argmin, crs ¥;, otherwise.

)

When the median-length response is shorter than
or equal to [, it is chosen directly. If the median
response is longer than I/, we select the longest
response within the length limit [’. If no response
is shorter than or equal to I/, we fall back to the
shortest response available. This strategy balances
verbosity and conciseness, and avoids selecting re-
sponses that are either too short to reflect reasoning
or too long to be practical. The resulting set of
problem—response pairs constitutes our selective
self-generated reasoning (SSGR) calibration data.

S Experiments

5.1 Experimental Details

To evaluate the effectiveness of our proposed cal-
ibration data construction method, we apply it
to several LRMs, including DeepSeek-R1-Distill-
Qwen-7B and DeepSeek-R1-Distill-Llama-8B. As
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Model Method ~ Data GSMS8K MATH500 AIME Olympiad GPQA AVG
Dense 93.0 92.3 43.8 56.0 408 652
C4 89.4 78.3 217 38.7 266 509
MathR  90.8 86.7 313 46.5 244 559
gjegf;fl’; SparseGPT  gqr 91.6 89.0 343 50.6 348 60.1
SSGR 911 89.9 39.2 511 388 620
Qwen-7B
C4 88.1 73.5 13.3 35.1 169 454
Wanda MathR  90.0 84.6 27.5 45.5 269 549
SGR 90.5 86.3 30.0 46.3 301 56.6
SSGR  90.4 87.3 325 483 317 580
Dense 91.6 90.3 45.4 54.4 424 648
C4 76.4 56.0 5.8 27.7 141 360
MathR  80.4 70.6 19.6 38.8 9.5 438
Rl?leel’;iifl’; SparseGPT  gqr 84.2 76.0 225 412 173 482
SSGR  84.8 77.1 26.3 415 182 49.6
Llama-8B
C4 69.0 44.8 5.0 21.6 86 298
Wand MathR ~ 74.8 58.8 8.3 27.7 9.6 358
anda SGR 76.7 61.8 10.0 28.6 14 377
SSGR 7638 63.4 10.0 29.9 10.9 382

Table 2: Pruning performance under a 50% sparsity ratio with different calibration data on DeepSeek-R1-Distill-
Qwen-7B and DeepSeek-R1-Distill-Llama-8B. MathR, SGR, and SSGR refer to Math Reasoning, Self-Generated
Reasoning, and our Selective Self-Generated Reasoning Data, respectively. Olympiad and GPQA correspond to
OlympiadBench and GPQA Diamond. The best results are shown in bold.

described in Section 3.1, we use pre-training data,
math reasoning data, and self-generated reason-
ing data as baseline sources for calibration data,
with C4 selected to represent the pre-training
data. We adopt two widely used pruning methods,
SparseGPT and Wanda, to prune the dense models.
In our main experiments, we report model perfor-
mance under a 50% sparsity setting. The pruned
models are evaluated on five reasoning benchmarks:
GSMS8K, MATHS500, OlympiadBench, AIME, and
GPQA. During the construction of the selective
self-generated reasoning data, MathR is chosen as
the data source, and 16 responses are sampled for
each problem. We set the difficulty threshold to
0.75 to retain a broader pool of candidate samples.

5.2 Overall Performance

We report the main results in Table 2. Overall, our
calibration data construction method outperforms
other baseline calibration data on complex reason-
ing benchmarks, and is compatible with different
pruning methods. On DeepSeek-R1-Distill-Qwen-
7B, the Selective Self-Generated Reasoning data
(SSGR) achieves an average performance improve-
ment of 11.9% to 13.6% over pre-training data (C4)
and 3.1% to 6.1% over math reasoning data. This
clearly demonstrates the effectiveness of using self-
generated reasoning data for calibration. Moreover,
SSGR brings an additional 1.4% to 1.9% average

gain over the unfiltered Self-Generated Reasoning
(SGR) data, highlighting the necessity of our rea-
soning data selection strategy. On DeepSeek-R1-
Distill-Llama-8B, using SSGR as the calibration
data also outperforms all other baseline data. SSGR
improves performance by 8.4% to 13.6% over C4
and by 2.4% to 5.8% over MathR, and also yields a
0.5% to 1.4% gain compared to SGR. However, it is
evident that DeepSeek-R1-Distill-Llama-8B expe-
riences a more significant performance drop. When
using SparseGPT with SSGR as the calibration
data, it suffers a 15.2% performance loss, whereas
DeepSeek-R1-Distill-Qwen-7B only shows a 3.2%
loss. Using Wanda results in even greater perfor-
mance degradation. This suggests that DeepSeek-
R1-Distill-Llama-8B is more difficult to compress,
and improvements from calibration data alone are
insufficient; more effective pruning techniques are
necessary to achieve better results.

The pruning performance gains from self-
generated reasoning data can be attributed to the
fact that the generated responses guide the model
to retain similar reasoning patterns during prun-
ing, thereby reducing the discrepancy between the
pruned and dense models. Moreover, by selecting
responses with higher difficulty and appropriate
length, we ensure the data better serves as effective
calibration data for pruning LRMs. In addition,
although the selected calibration data is derived
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Figure 4: Pruning performance under various pruning
settings with different calibration data.

entirely from mathematical problems, the pruned
models still exhibit strong performance on out-of-
domain tasks such as GPQA, indicating the gener-
alizability of our data construction method.

6 Discussion

6.1 Is the Calibration Data Construction
Method Applicable to Other Pruning
Settings?

We further validate the effectiveness of the selec-
tive self-generated reasoning (SSGR) data under
a broader range of pruning settings. As shown in
Figure 4, when applying SparseGPT with unstruc-
tured 60% pruning and semi-structured 4:8 and 2:4
sparsity settings, SSGR consistently outperforms
all baseline calibration data. Notably, at higher
sparsity levels and under semi-structured pruning,
using pre-training data for calibration leads to a
sharp drop in pruning performance. This further
demonstrates that pre-training data is ill-suited for
calibrating pruned LLMs. In contrast, calibration
with SGR data significantly mitigates this issue,
yielding a 30.9%—-47.7% improvement over C4.
Moreover, the SSGR subset derived from SGR of-
fers an additional performance gain of 1.1%-1.9%
over SGR. This further demonstrates the strong
generalizability of SSGR across various settings.

6.2 How Does Pruning Affect the Generation
Length of LRMs?

Reasoning length is a key factor affecting the ef-
ficiency of inference in large reasoning models.
While pruning reduces the model size by decreas-
ing the number of parameters, its actual impact on
inference speed remains uncertain. In Figure 5, we
report average response lengths of pruned LRMs.
On simple reasoning tasks, the pruned models pro-
duce outputs nearly identical in length to those
of the dense model. However, for complex tasks,

25000
—%— Dense Model

SparseGPT (C4)
20000 Wanda (C4)
—%— SparseGPT (SSGR)
—&— Wanda (SSGR)
15000

10000

Mean Response Tokens

5000

GSMSK MATH Olympiad GPQA AIME

Figure 5: Average response length of pruned LRMs
across different benchmarks.

pruned models tend to generate longer responses.
Pruned LRMs calibrated with SSGR data produce
significantly shorter outputs compared to those cal-
ibrated with C4. Pruned LRMs with less perfor-
mance degradation tend to generate outputs closer
in length to the dense model. Therefore, in practical
applications, it is crucial to minimize the perfor-
mance degradation of pruned LRMs, not only to
ensure better pruning effectiveness but also to avoid
generating excessively long responses that can lead
to inference delays. Recent studies (Hou et al.,
2026; Yi et al., 2025) have also explored methods to
compress reasoning length. It is worth noting that
model compression and chain-of-thought (CoT)
compression are orthogonal and can be applied to-
gether. This opens up the possibility of building
reasoning models that are both parameter-efficient
and capable of fast inference.

7 Conclusion

In this work, we conduct the first empirical inves-
tigation into pruning large reasoning models. Us-
ing pre-training data directly as calibration input
for pruning results in a substantial degradation in
the reasoning performance of LRMs. In contrast,
leveraging self-generated reasoning data for cali-
bration notably enhances pruning performance. We
further observe that self-generated reasoning data
with higher difficulty and moderate length serves
as ideal calibration data. Building on these insights,
we propose a selective self-generated reasoning
(SSGR) data construction strategy to provide ef-
fective calibration data for pruning LRMs. Ex-
periments on the DeepSeek-R1-Distill-Qwen and
DeepSeek-R1-Distill-Llama model series show that
our SSGR strategy significantly outperforms base-
line calibration data, providing practical insights
and guidance for pruning large reasoning models.
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Limitations

Although our proposed Selective Self-Generated
Reasoning (SSGR) data construction strategy has
made notable progress in pruning LRMs, there are
still some limitations:

* Due to computational resource constraints, we
conduct experiments only on LLMs up to 14B.

» This work focuses exclusively on textual rea-
soning models. We have not yet extended our
method to multimodal reasoning or agent scenar-
ios, which we leave for future exploration.
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A More Experiments

To further demonstrate the effectiveness of our
method, we conduct experiments on Qwen3-14B.
As shown in Table 5, SSGR consistently achieves
the best performance, significantly outperforming
C4 and MathR. Moreover, we apply our approach
to the recent pruning method OWL (Yin et al,,
2024). As reported in Table 6, SSGR remains ef-
fective, demonstrating strong generalization across
different pruning strategies.

B Ablation Study

The results are shown in Figure 6. As the sequence
length increases, pruning performance generally
improves. However, performance at 16k is slightly
lower than at 8k, which may be because the average
length of the calibration dataset is closer to 8k, lead-
ing to better alignment and performance. When no
difficulty threshold is applied (7 = 1), pruning per-
formance drops significantly. Conversely, setting
the threshold too low (7 = 0.25) leads to too few
reasoning samples and insufficient diversity, which
harms performance. A moderate difficulty thresh-
old (7 = 0.75 or 0.5) achieves the best results by
balancing difficulty and diversity.

C Discussion on Number of Samples

We discuss the effect of the number of samples.
Increasing the number of samples consistently im-
proves the reasoning performance of the pruned
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Data GSMS8K MATHS500 AIME Olympiadbench GPQA AVG
C4 89.4 78.3 21.7 38.7 26.6 50.9
Wikipedia 87.1 72.6 17.5 33.7 15.5 45.3
DCLM 89.1 77.7 24.2 38.2 24.6 50.8
MathR 90.8 86.7 313 46.5 24.4 55.9
SGR 91.6 89.0 34.3 50.6 34.8 60.1
SGR w/o thinking ~ 90.4 84.9 313 46.4 25.6 55.7

Table 3: Pruning performance of different datasets under unstructured 50% sparsity on SparseGPT

Difficulty Level GSMS8K MATHS00 AIME Olympiadbench GPQA AVG Token Length
Easy 91.3 88.9 30.8 49.6 30.8 58.3 2005
Medium 91.0 90.5 354 50.3 323 59.9 3972
Hard 91.5 89.8 37.1 51.3 394 61.8 7375

Table 4: Pruning performance using calibration data of varing difficulty levels under unstructured 50% sparsity on

SparseGPT

Accuracy (%)

~— Difficulty Threshold

0.5k 1k 2K 4K 8k 16k T oas 05 075 1
Sequence Length (tokens) Difficulty Threshold

Figure 6: Performance under different sequence lengths
and different difficulty thresholds.

model. This highlights the importance of select-
ing an appropriate answer from multiple generated
responses. Notably, under resource-constrained set-
tings, the model still achieves strong performance
even with only a single sampled response per ques-
tion. This further demonstrates the critical role of
self-generated calibration data in pruning models.

D Discussion on alternative CoT data
generation methods

As shown in Table 7, we generated reasoning data
using Qwen3-14B (a stronger reasoning model).
However, the pruning performance was inferior
compared to data self-generated by DeepSeek-R1-
Distill-Qwen-7B, particularly in terms of general-
ization, with a 10.1% drop on GPQA. This further
highlights the necessity of using self-generated rea-
soning data for effective pruning.

E Case Study

As shown in Figure 7, we present a case study
comparing the reasoning behaviors of pruned mod-
els calibrated with different datasets. The results
demonstrate notable differences in the coherence

and correctness of the generated reasoning, under-
scoring the importance of high-quality calibration
data for pruning reasoning models.

E.1 Theoretical Rationale

Difficulty: Easy vs. Difficult Samples Prun-
ing calibration aims to identify weights essential
to the model’s reasoning capabilities. Easy sam-
ples mainly activate shallow linguistic circuits that
rely on surface patterns or memorized knowledge,
making reasoning-critical weights difficult to distin-
guish from general linguistic weights. In contrast,
difficult samples require complex logical deduction
and produce more salient reasoning-related activa-
tions. Calibrating on such inputs therefore helps
preserve specialized reasoning circuits that may
appear inactive on simpler tasks.

Length: The Trade-off in Reasoning Trajectory
Reasoning length determines the balance between
feature coverage and statistical noise. Short sam-
ples may omit intermediate steps and underrepre-
sent weights responsible for long-range consistency
and multi-step deduction. Conversely, long sam-
ples often contain wandering reasoning or filler
tokens that dilute informative activation signals.
Thus, medium-length correct responses capture a
sufficiently complete reasoning trajectory with lim-
ited redundancy, improving the information density
and Signal-to-Noise Ratio (SNR) of calibration
data.
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Data GSMSK MATHS500 AIME Olympiadbench GPQA AVG
Qwen3-14B (SparseGPT)

C4 94.7 84.8 28.3 49.3 45.5 60.5

MathR  94.6 92.4 51.8 57.6 47.0 68.7

SGR 94.9 92.4 55.0 59.3 52.0 70.7

SSGR  94.7 93.2 58.4 60.4 55.1 72.4

Table 5: Pruning performance of different datasets under unstructured 50% sparsity on Qwen3-14B

Data GSMSK MATHS500 AIME Olympiadbench GPQA AVG
DeepSeek-R1-Distill-Qwen-7B (OWL)

Dense  93.0 92.3 43.8 56.0 40.8 65.2

Cc4 89.0 75.1 17.1 36.3 20.3 47.6

MathR  90.4 85.2 28.6 45.8 25.8 55.2

SGR 91.0 87.4 323 48.1 32.7 58.3

SSGR  91.1 88.2 35.8 50.1 35.6 60.2

Table 6: Pruning performance of different datasets under unstructured 50% sparsity on OWL

Generation Source

GSM8S8K MATHS00 AIME Olympiadbench GPQA AVG

DS-Distill-Qwen-7B 91.1 89.9 39.2 51.1 38.8 62.0
Qwen3-14B 89.7 87.9 35.8 49.4 28.7 58.3
Table 7: Pruning performance of different generation source.
Question

What is the least positive integer multiple of 30 that can be written with only the digits 0 and 2?

Pruned model (C4)'s Response:

Let's think step by step. <think> Okay, so | need to find the smallest
positive multiple of 30 that only uses the digits 0 and 2. Hmm, let's start
by recalling that a multiple of 30 must be divisible by both 3 and 10.
That means the number has to end with a 0 (since it's divisible by 10)
and the sum of its digits must be a multiple of 3 (divisible by 3). \First,
since the number can only have 0s and 2s, the last digit has to be 0. So
whatever number | come up with, it must end with a 0. Also, the digits
can only be 0 or 2, so the number can't have any other digits. That
simplifies things a bit because | don't have to worry about other digits
interfering with divisibility. Since the number must end with 0, the last
digit is fixed. The rest of the digits can be 0 or 2. The digit sum (sum of
all digits) must be a multiple of 3. So, for example, if the number is 20,
the digit sum is 2, which isn't divisible by 3. Ifit's 200, the digit sum is 2,
still not divisible by 3. If it's 220, the digit sum is 4, not divisible by 3.
2020: sum is 4, same problem. 2220: sum is 6, which is divisible by 3.
Wait, 2220 is a multiple of 30? Let me check.\\textcolor{blue}{2220
divided by 30 is 74, so yes, 2220 is 30 times 74.} But is there a smaller
number? Let's see. Let's check numbers with fewer digits first......\But
wait, maybe there's a smaller number with more digits but smaller in
value? For example, 2220 is 2220, but maybe a number like 2020 is
smaller? Wait, 2020 is 2020, which is smaller than 2220. But 2020's digit
sumis 2 +0+2+0=4, which isn't divisible by 3. So even though 2020 is
smaller, it's not a multiple of 30. Similarly, 220 is 220, which is smaller
than 2220, but digit sum 4. So 2220 is the first one that works. But let's
check if there's a smaller number with more digits but smaller in
value...... So maybe 2220 is the answer. \textcolor{red{But wait, let's
check if there's a three-digit number. Wait, three digits: 200, 220,
22207}...Thus, the angle between the lines is \boxed{220} degrees}.

Pruned model (SSGR)'s Response:

Let's think step by step. Okay, so | need to find the angle between
two lines given by these equations. Let me start by understanding
what each line is. The problem says that the first line is defined by
2x =3y = -z, and the second one is 6x = -y = -4z. Hmm, okay. So both
are lines in 3D space, right? Because they have three variables x, y,
z. So each equation here is like a parametric equation for the line.
\First, maybe | should find the direction vectors of each line.
Because once | have the direction vectors, | can use the dot
product formula to find the angle between them. That makes
sense. So direction vectors are key here. Let me recall that for a line
defined by equations like ax = by = cz, the direction vector s (a, b,
c). Wait, is that right? Let me check. ...... Alternatively ......
\Alternatively, ...... Let me verify. ...... Wait...... Wait, ...... But this
seems complicated, and the problem probably expects the answer
to be 90 degrees. But why? Because the dot product is zero. So
maybe the answer is 90 degrees. So perhaps the problem is
designed so that the direction vectors are perpendicular.
Therefore, the angle is 90 degrees. So maybe the answer is 90
degrees. Therefore, boxed answer is \boxed{90}. Wait, but let me
check again. Maybe | made a mistake in direction vectors. Wait, if
the direction vectors are perpendicular, then the angle is 90
degrees. So if the dot product is zero, then yes. So in that case, the
answer is 90 degrees. Therefore, the angle is 90 degrees. So | think
that's correct. Therefore, the answer is \boxed{90} degrees.\**Final
Answer**\boxed{90} </think>\.....Thus, the angle between the lines
is \boxed{90} degrees.

Figure 7: Case study comparing the reasoning behaviors of pruned models calibrated with C4 and SSGR.
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