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Abstract

Large Language Models (LLMs) have achieved
remarkable success across a wide spectrum
of natural language processing tasks. How-
ever, their ever-growing scale introduces signif-
icant barriers to real-world deployment, includ-
ing substantial computational overhead, mem-
ory footprint, and inference latency. While
model pruning presents a viable solution to
these challenges, existing unstructured pruning
techniques often yield irregular sparsity pat-
terns that necessitate specialized hardware or
software support. In this work, we explore
structured pruning, which eliminates entire ar-
chitectural components and maintains compati-
bility with standard hardware accelerators. We
introduce a novel structured pruning framework
that leverages a hybrid multi-domain calibra-
tion set and an iterative calibration strategy to
effectively identify and remove redundant chan-
nels. Extensive experiments on various models
across diverse downstream tasks show that our
approach achieves significant compression with
minimal performance degradation.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities in natural language
processing, enabling a wide range of applications
such as question answering, summarization, and
code generation (Ding et al., 2022; Qin et al., 2023;
Zhu et al., 2023; Li et al., 2023a). Moreover, these
models also demonstrate exceptional performance
across a wide range of other domains, including
medicine (Qi et al., 2025a; Luo et al., 2025; Cong
et al., 2025; Qi et al., 2025b), security (Ma et al.,
2025; Wu et al., 2025), and various social tasks
(Zhang et al., 2025b,a; Zheng et al., 2025b,a). As
model sizes continue to grow, LLMs exhibit emer-
gent behaviors and enhanced reasoning abilities.
However, the increasing scale and complexity of
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these models pose significant challenges for prac-
tical deployment. The substantial computational
and memory requirements lead to high inference
latency, elevated energy consumption, and strict
hardware constraints, which limit their usability in
resource-constrained or real-time settings (Zhang
et al., 2023; Huang et al., 2023; Wang et al., 2023).
These challenges highlight the urgent need for ef-
fective model compression and acceleration tech-
niques that align with the unique characteristics of
LLMs.

Among various solutions, model pruning (Ma
et al., 2023; Ashkboos et al., 2024; Li et al., 2023b;
Han et al., 2015) has emerged as a particularly
promising direction. It can be broadly categorized
into unstructured pruning and structured pruning.
Unstructured pruning (Liao et al., 2023; Anony-
mous, 2024) removes individual weights from pa-
rameter matrices, but often results in irregular spar-
sity patterns that demand specialized hardware and
software for efficient execution. This irregular-
ity not only complicates storage and inference but
also reduces portability and scalability. Common
unstructured approaches evaluate the significance
of individual parameters and eliminate those with
minimal impact, followed by adjustments to the
remaining weights. While effective in some cases,
these methods disrupt the model’s structural coher-
ence.

Structured pruning (Ashkboos et al., 2024; Yang
and Zhang, 2022) offers an alternative that ad-
dresses these limitations by removing entire archi-
tectural components such as neurons, channels, or
layers. This type of pruning simplifies the model at
a coarser granularity, making the resulting models
more compatible with general-purpose hardware
and standard deep learning frameworks. It reduces
both computational overhead and memory usage
while preserving the high-level structure of the orig-
inal model.

In this work, we present a new structured pruning
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framework that integrates a hybrid calibration set
drawn from multiple domains with an iterative cali-
bration strategy. This design enables accurate iden-
tification of redundant channels with minimal loss
in model performance. By combining diverse data
representations with a progressive pruning process,
our method achieves efficient model compression
and strong generalization across downstream tasks.
Extensive experiments on a variety of LLM archi-
tectures demonstrate that our approach outperforms
existing structured pruning baselines in terms of
both compression ratio and accuracy preservation.
Our contributions are summarized as follows:

• Multi-domain hybrid calibration set. We
design a diverse calibration dataset that spans
multiple domains, including Wikipedia arti-
cles, Common Crawl data, code repositories,
and mathematical texts. This diversity enables
the pruning process to generalize more effec-
tively across a wide range of linguistic and
semantic patterns.

• Iterative channel selection. We propose an it-
erative calibration strategy that incrementally
refines the choice of channels to prune. This
progressive refinement improves both the ac-
curacy of channel selection and the robustness
of the pruned model.

• Comprehensive evaluation. We evaluate our
approach on the Qwen2.5 families using a
broad set of downstream tasks and datasets.
Our method consistently achieves strong per-
formance while delivering substantial model
compression.

2 Related Work

2.1 Compression Techniques for Large
Language Models

With the rapid growth of large language models
(LLMs) containing billions of parameters, efficient
and scalable compression has become increasingly
essential. Knowledge distillation (Yang et al., 2021;
Zhang et al., 2024), though effective, is often im-
practical at this scale due to the high cost of training
student models. Quantization methods (Zhou et al.,
2023; Cai et al., 2023; Zhou et al., 2024) reduce
memory and computation by lowering numerical
precision, but face challenges in LLMs such as ac-
tivation outliers and sensitivity to precision errors
that can significantly degrade performance.

2.2 Structured Pruning for Neural Networks
Network pruning is a long-standing approach for
compressing neural networks by removing redun-
dant parameters (Ma et al., 2023; Ashkboos et al.,
2024; Li et al., 2023b; Han et al., 2015; Yang and
Zhang, 2022). Early unstructured pruning meth-
ods eliminate individual weights based on magni-
tude or sensitivity, achieving high sparsity but poor
hardware efficiency. In contrast, structured prun-
ing removes entire channels, neurons, or attention
heads, preserving layer regularity and enabling ef-
ficient parallel computation and memory access.
Recent advances (Ma et al., 2023) extend struc-
tured pruning to transformer architectures, employ-
ing criteria such as ℓ1 norms, gradient signals, and
second-order approximations. Post-training struc-
tured pruning further enables compression without
full retraining, though lightweight fine-tuning is
often required to recover performance after aggres-
sive pruning.

3 Methodology

In this section, we present a structured pruning
framework for large language models that inte-
grates a variance-based importance criterion from
FLAP (An et al., 2024), a domain-diverse calibra-
tion dataset to enhance generalization across input
distributions, and an iterative calibration strategy
that refines pruning decisions by accounting for
cumulative pruning effects, improving stability and
final performance.

3.1 Preliminary
Recent studies introduce bias compensation to mit-
igate pruning-induced output shifts. In structured
pruning, the output of an uncompressed layer can
be expressed as follows:

W ℓXℓ = (M ℓ ⊙W ℓ)Xℓ

︸ ︷︷ ︸
Retained Part

+((1−M ℓ)⊙W ℓ)Xℓ

︸ ︷︷ ︸
Removed Part

(1)

where W ℓ and Xℓ denote the weights and inputs of
the ℓ-th layer, and M ℓ ∈ {0, 1}shape(W ℓ) is a binary
mask indicating the retained structures. The goal
is to minimize the influence of the removed part,
∆Y ℓ = ((1−M ℓ)⊙W ℓ)Xℓ, on the output feature
map. To compensate for this error, a bias term can
be constructed from the mean input activations over
tokens and samples for each channel as follows:

X
ℓ
:,j,: =

1

NL

N∑

n=1

L∑

k=1

Xℓ
n,j,k (2)
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Figure 1: Overview of our proposed method.

After determining the pruning mask Mℓ, the base-
line activations of pruned channels are transformed
into a bias vector as follows:

Bℓ
0 = Wℓ

(
(1−Mℓ)⊙X

ℓ) (3)

WℓXℓ ≈ (Mℓ ⊙Wℓ)Xℓ +Bℓ
0 (4)

where Bℓ
0 ∈ RCout approximates the output of the

original layer. Channel importance depends on
both input variance and weight magnitude. A fluc-
tuation metric is defined as follows:

Sℓ
:,j =

1

N − 1

N∑

n=1

(Xℓ
n,j,:−X

ℓ
:,j,:)

2 · ∥Wℓ
:,j∥2 (5)

and channels with lower fluctuation scores are
pruned, with the resulting error compensated by
Bℓ

0.
Compared to incremental pruning methods that

analytically adjust weights after each removal step,
this bias-based strategy prunes all target structures
in one shot and compensates the output shift using
the estimated bias term. It eliminates retraining and
is computationally efficient, but its effectiveness
depends on accurate activation statistics obtained
from calibration data. To enhance robustness, we
propose two extensions: (i) constructing a domain-
diverse calibration dataset to better capture acti-
vation statistics, and (ii) introducing an iterative
calibration strategy to mitigate cascading errors in
one-shot pruning. These components are detailed
below, and Figure 1 provides an overview of the
method.

3.2 Multi-domain Hybrid Calibration Set
To enable structured pruning that generalizes across
diverse real-world applications, we construct a

domain-diverse calibration dataset. Prior pruning
methods typically rely on calibration sets from a
single or narrow domain, which biases importance
estimation toward domain-specific features and re-
duces robustness in heterogeneous environments
where input distributions vary widely.

Formally, consider K distinct domains D =
{D1, . . . ,DK}, each with input distribution
Pk(X). For the ℓ-th layer, the mean activation
and variance in domain k are defined as follows:

X
ℓ
k = EX∼Pk

[Xℓ], Vℓ
k = EX∼Pk

[(Xℓ −X
ℓ
k)

2] (6)

which capture domain-specific activation patterns
shaped by linguistic or semantic properties. A sin-
gle domain calibration dataset samples only from
Pk(X), yielding biased importance metrics that
may degrade out-of-domain performance. To miti-
gate this, we construct a calibration dataset across
diverse domains including natural language, source
code and mathematical reasoning , ensuring broad
coverage of linguistic and logical patterns. The
combined calibration distribution is modeled as
follows:

Pcalib(X) =
∑K

k=1 αkPk(X), αk ≥ 0,
∑K

k=1 αk = 1 (7)

where αk reflects each domain’s relative impor-
tance. The overall statistics for pruning at layer ℓ
are defined as follows:

X
ℓ
=

K∑

k=1

αkX
ℓ
k, Vℓ =

K∑

k=1

αkV
ℓ
k (8)

providing more representative importance esti-
mates. Calibrating with this domain-diverse dataset
enables the pruning algorithm to capture heteroge-
neous activation behaviors across linguistic and
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reasoning tasks, yielding more robust and general-
izable pruning decisions for large language models.

3.3 Iterative Calibration Strategy
During pruning, removing certain channels ck in
layer ℓi inevitably alters the activation statistics of
downstream channels ct in layers ℓj with j > i.
Specifically, the baseline activation and variance
are defined as follows:

b
(j)
t = E[X(ℓj)

ct ], v
(j)
t = Var[X

(ℓj)
ct ] (9)

Single step calibration methods, such as FLAP, esti-
mate these statistics only once before pruning. For
instance, a channel ck in ℓi may be pruned for low
variance v(i)k , while a channel ct in ℓj is retained for
high variance v

(j)
t . However, pruning ck and com-

pensating it with a fixed bias replaces its activations
with constants, shifting downstream distributions.
Consequently, the variance of ct may drop sharply
as follows:

v
(j)
t → v

(j)′
t ≪ v

(j)
t (10)

potentially making ct redundant. This reveals a lim-
itation of single-pass calibration: pruning decisions
ignore cascading effects from earlier layers. If the
pruning mask at step s is M (s), then the variance
can be expressed as follows:

v
(j,s)
t = Var

[
X

(ℓj)
ct | M (1), . . . ,M (s−1)

]
(11)

showing that channel variances depend on all prior
pruning steps, while single-step methods assume
s = 1.

To address this, we introduce an iterative cali-
bration strategy that updates channel importance
after each pruning step. At iteration s, recalibrated
statistics are computed as follows:

b
(j,s)
t = E[X(ℓj)

ct | M (1), . . . ,M (s−1)] (12)

v
(j,s)
t = Var[X

(ℓj)
ct | M (1), . . . ,M (s−1)] (13)

and pruning decisions are based on these refined es-
timates, allowing dynamically updated importance
evaluation. The process continues until a target
pruning ratio or convergence criterion is reached.
By modeling cascading dependencies, this strategy
yields more accurate importance estimation, bet-
ter global optimization of pruning masks, and im-
proved post-pruning accuracy. Its iterative nature
also enables gradual adaptation, reducing recon-
struction errors compared with one-shot pruning.

Overall, the iterative calibration can be formu-
lated as minimizing reconstruction error over prun-
ing masks M as follows:

min
M

EX∼Pcalib

[
∥Y − Ŷ (M ;X)∥2

]
(14)

where Y and Ŷ denote the outputs of the original
and pruned models, respectively, and M is itera-
tively updated using refined activation statistics.

4 Experiments

4.1 Experimental Setup
Models and Datasets. To assess the effective-
ness of our proposed method, we perform experi-
ments on the Qwen2.5 model family, encompass-
ing Qwen2.5-7B, Qwen2.5-14B, and Qwen2.5-32B
variants (Yang et al., 2024). We evaluate zero-shot
performance on six widely-used commonsense rea-
soning benchmarks: ARC-Challenge (Clark et al.,
2018), ARC-Easy (Clark et al., 2018), HellaSwag
(Zellers et al., 2019), OpenBookQA (OBQA) (Mi-
haylov et al., 2018), PIQA (Bisk et al., 2020), and
Winogrande (Sakaguchi et al., 2021).

Baselines. We benchmark our approach against
two representative structured pruning methods:
Wanda-sp (Sun et al., 2023) and FLAP (An et al.,
2024). It is worth noting that Wanda-sp is an ex-
tension of the original Wanda method tailored for
structured pruning.

Implementation Details. Our code is imple-
mented using the PyTorch (Paszke et al., 2019)
framework and Transformers (Wolf, 2020) libraries,
with all experiments conducted on four NVIDIA
A100 GPUs. For a fair and comprehensive compar-
ison, all methods are evaluated under two pruning
ratios: 25% and 50%. All evaluations are con-
ducted using the LM-Harness (Gao et al., 2024).

4.2 Main Results
As shown in Tables 1 and 2, our method con-
sistently surpasses existing structured pruning ap-
proaches across model scales and compression ra-
tios. The performance gap over FLAP widens
with larger models and higher pruning rates, high-
lighting the scalability and robustness of our ap-
proach. Specifically, on Qwen2.5-14B, the gain
reaches 6% at 50% pruning; and on Qwen2.5-32B,
it achieves 1.85% and 10.06% improvements at
25% and 50%, respectively. These results demon-
strate that our iterative calibration effectively pre-
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Method Pruning Ratio ARC-c ARC-e HellaSwag OBQA PIQA Winogrande Average

Qwen2.5-14B 0% 55.8 82.49 63.38 34.4 81.12 75.3 65.42

Wanda-sp(w_mix)
25%

37.12 63.59 46.89 25.0 75.14 58.25 51.0
FLAP(w_mix) 39.51 68.39 47.42 23.8 74.86 64.72 53.12
Ours(w_mix) 39.76 68.77 46.85 24.6 74.97 68.67 53.94

Wanda-sp(w_mix)
50%

21.5 27.23 25.73 14.6 54.08 49.41 32.09
FLAP(w_mix) 20.99 26.22 26.26 11.4 56.09 49.49 31.74
Ours(w_mix) 21.42 39.52 30.49 16.4 62.62 53.67 37.35

Table 1: Zero-shot performance of the compressed Qwen2.5-14B. Bold results highlight the best performance.

Method Pruning Ratio ARC-c ARC-e HellaSwag OBQA PIQA Winogrande Average

Qwen2.5-32 B 0% 53.41 80.51 64.91 34.2 81.88 75.3 65.04

Wanda-sp(w_mix)
25%

42.24 70.24 52.4 27.4 76.66 61.64 55.1
FLAP(w_mix) 42.24 72.85 55.02 28.6 78.02 72.53 58.21
Ours(w_mix) 46.67 75.8 57.0 29.6 78.45 72.85 60.06

Wanda-sp(w_mix)
50%

24.23 32.37 27.08 15.6 57.07 50.99 34.56
FLAP(w_mix) 22.7 36.36 29.43 15.6 64.36 51.07 36.59
Ours(w_mix) 30.72 57.28 39.44 20.2 70.84 61.4 46.65

Table 2: Zero-shot performance of the compressed Qwen2.5-32B. Bold results highlight the best performance.

serves task-relevant information and reasoning abil-
ity under aggressive compression.

4.3 Robustness to Calibration Samples
We assess the robustness of our method to the
number of calibration samples on Qwen2.5-7B un-
der 25% and 50% pruning using WikiText2. As
shown in Figure 2a and Figure 2b, both FLAP
and our method benefit from more calibration sam-
ples, as reflected in lower perplexity (PPL). Our
method consistently outperforms FLAP, with the
gap widening at higher pruning ratios. Notably,
it achieves PPL ≈ 52 with only 32 samples and
stabilizes near 50 with 128 or more, while FLAP
remains above 170 at 50% pruning. These results
show that our method better preserves model qual-
ity under high sparsity and is more robust to limited
calibration data.
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Figure 2: Ablation study of nsamples on Qwen2.5-7B
under different pruning ratios.

4.4 Different Pruning Ratios

We evaluate the robustness of our method across
pruning ratios on Qwen2.5-7B and Qwen2.5-14B,
comparing with Wanda-sp and FLAP. As shown in
Figure 3a and Figure 3b, our method consistently
outperforms both baselines, with the advantage in-
creasing as pruning becomes more aggressive. On
Qwen2.5-7B, at 50% pruning, Wanda-sp collapses
(PPL > 6800) and FLAP degrades severely (PPL
> 106), while our method maintains a low PPL of
24.2. A similar pattern appears on Qwen2.5-14B,
where Wanda-sp and FLAP reach PPLs of 1430 and
1362, respectively, whereas our method achieves
only 23.7. These results confirm that our iterative
compensation strategy enables stable, high-quality
performance even under extreme sparsity.
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Figure 3: Ablation studies on pruning ratios for
Qwen2.5 models.

5



Method Pruning Ratio ARC-c ARC-e HellaSwag OBQA PIQA Winogrande Average

Qwen2.5-14B 0% 55.8 82.49 63.38 34.4 81.12 75.3 65.42

Ours
25%

41.64 70.5 44.73 28.0 71.16 67.72 53.96
Ours(w_mix) 39.76 68.77 46.85 24.6 74.97 68.67 53.94

Ours
50%

20.48 39.18 29.14 16.8 58.92 50.91 35.9
Ours(w_mix) 21.42 39.52 30.49 16.4 62.62 53.67 37.35

Table 3: Performance Comparsion of the compressed Qwen2.5-14B with and without multi-domain hybrid calibra-
tion set. Bold results highlight the best performance.
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Figure 4: Ablation studies on iterative pruning steps across different pruning ratios and models.

4.5 Ablation Study

To comprehensively analyze the individual contri-
bution of each component in our proposed frame-
work, we conducted a series of ablation studies.
These experiments specifically investigate the ef-
fectiveness of incorporating a multi-domain hybrid
calibration set, as well as systematically assess the
impact of the iterative pruning strategy.

Multi-domain Hybrid Calibration Set. Acti-
vation statistics (e.g., channel-wise mean and vari-
ance) vary across data domains, affecting pruning
accuracy. To address this, we introduce a multi-
domain hybrid calibration set to capture broader
activation variations. We evaluate this design on
Qwen2.5-14B under 25% and 50% pruning, com-
paring single-domain calibration with our hybrid
approach. As shown in Tables 3, the hybrid set-
ting consistently outperforms the single-domain
variant, achieving higher zero-shot accuracy on av-
erage. These results confirm that multi-domain
calibration provides more robust channel impor-
tance estimation and improves structured pruning
performance.

Iterative Pruning. We study the effect of itera-
tive pruning steps on model quality using Qwen2.5-
7B, Qwen2.5-14B, and Qwen2.5-32B with Wiki-
Text2 calibration under 25% and 50% pruning. As
shown in Figure 4, model perplexity remains sta-

ble across step counts at 25% pruning, indicating
low sensitivity in this regime. In contrast, at 50%
pruning, iterative pruning significantly improves
performance: perplexity decreases with more steps,
especially within the first three to four iterations.
For instance, on Qwen2.5-14B, single-shot pruning
causes severe degradation , while six iterative steps
reduce it to about 44. These results clearly show
that gradual, multi-step pruning is crucial for main-
taining quality under high sparsity, and that four
to six iterations are typically sufficient to achieve
most of the gains, consistently across all evaluated
datasets.

5 Conclusion

In this work, we introduce a novel structured prun-
ing framework that synergistically integrates a
multi-domain hybrid calibration set with an iter-
ative, progressive pruning strategy. This design
facilitates more precise identification of redundant
channels while maintaining model performance
across a wide spectrum of tasks. Comprehensive
evaluations on multiple state-of-the-art large lan-
guage models demonstrate that our approach con-
sistently surpasses existing baselines, achieving
substantial compression with minimal degradation
in accuracy. These findings underscore the critical
role of diverse calibration data and gradual pruning
schedules in enabling efficient model compression.
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Limitations

In this work, we conduct extensive experiments to
evaluate the effectiveness of our pruning method.
The results demonstrate that our approach achieves
competitive performance compared to the base-
lines. However, due to computational constraints,
we have not yet been able to evaluate it on larger
scale models, such as those with 70 billion param-
eters. Exploring the scalability of our method to
such large models constitutes an important direc-
tion for future work.
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A Comparison Experiments on
Qwen2.5-7B

We also conducted experiments on Qwen2.5-7B
across multiple datasets. As shown in Table 5, our
method consistently achieves strong performance,
demonstrating the effectiveness and general appli-
cability of our pruning approach.

B Ablation of Multi-Domain Calibration
on Qwen2.5-32B

We evaluate multi domain calibration on Qwen2.5-
32B under 25% and 50% pruning, comparing
single-domain calibration with our hybrid ap-
proach. As shown in Tables 4, the hybrid setting
consistently outperforms the single-domain variant,
achieving higher zero-shot accuracy on average.
These results confirm that multi-domain calibration
provides more robust channel importance estima-
tion and improves structured pruning performance.
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Method Pruning Ratio ARC-c ARC-e HellaSwag OBQA PIQA Winogrande Average

Qwen2.5-32B 0% 53.41 80.51 64.91 34.2 81.88 75.3 65.04

Ours
25%

46.08 74.87 53.35 30.6 75.35 73.32 58.93
Ours(w_mix) 46.67 75.8 57.0 29.6 78.45 72.85 60.06

Ours
50%

29.01 57.28 36.89 23.6 65.18 58.88 45.14
Ours(w_mix) 30.72 57.28 39.44 20.2 70.84 61.4 46.65

Table 4: Performance Comparsion of the compressed Qwen2.5-32B with and without multi-domain hybrid calibra-
tion set. Bold results highlight the best performance.

Method Pruning Ratio ARC-c ARC-e HellaSwag OBQA PIQA Winogrande Average

Qwen2.5-7 B 0% 47.61 80.47 59.95 33.8 78.56 72.85 62.21

Wanda-sp(w_mix)
25%

33.62 63.22 43.45 23.8 73.23 54.06 48.56
FLAP(w_mix) 32.08 62.33 41.75 21.4 72.31 59.59 48.24
Ours(w_mix) 34.04 65.45 43.12 24.6 72.85 60.54 50.1

Wanda-sp(w_mix)
50%

21.67 25.59 25.64 14.6 51.85 51.78 31.85
FLAP(w_mix) 19.37 29.97 27.17 12.2 56.09 49.01 32.3
Our method(w_mix) 18.86 35.4 29.35 12.4 60.77 50.2 34.49

Table 5: Zero-shot performance of the compressed Qwen2.5-7B. Bold results highlight the best performance.
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