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Abstract

Large language models (LLMs) have achieved outstanding
performance in natural language processing, but enormous
model sizes and high computational costs limit their prac-
tical deployment. Structured pruning can effectively reduce
the resource demands for deployment by removing redundant
model parameters. However, the randomly selected calibra-
tion data and fixed single importance estimation metrics in
existing structured pruning methods lead to degraded perfor-
mance of pruned models. This study introduces AdaPruner,
a sample-aware adaptive structured pruning framework for
LLMs, aiming to optimize the calibration data and impor-
tance estimation metrics in the structured pruning process.
Specifically, AdaPruner effectively removes redundant pa-
rameters from LLMs by constructing a structured pruning
solution space and then employing Bayesian optimization to
adaptively search for the optimal calibration data and impor-
tance estimation metrics. Experimental results show that the
AdaPruner outperforms existing structured pruning methods
on a family of LLMs with varying pruning ratios, demonstrat-
ing its applicability and robustness. Remarkably, at a 20%
pruning ratio, the model pruned with AdaPruner maintains
97% of the performance of the unpruned model.

Code — https://github.com/JunKong5/AdaPruner

Introduction

Large language models (LLMs), such as GPT-3 (Brown
et al. 2020), OPT (Zhang et al. 2022), LLaMA (Touvron
et al. 2023) and Vicuna (Chiang et al. 2023), have demon-
strated significant accomplishments in the realm of natu-
ral language processing (Wei et al. 2022; Wu et al. 2020).
Nevertheless, their exceptional capabilities are coupled with
substantial model sizes and elevated computational ex-
penses. Furthermore, owing to the scaling law (Hoffmann
et al. 2022; Kaplan et al. 2020), LLMs tend to enhance
model performance by progressively augmenting model pa-
rameters. Regrettably, larger model sizes entail heightened
consumption of computational resources, presenting a no-
table obstacle to their practical deployment, particularly in
settings with limited resources.

*Corresponding author.
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Structured pruning (Xia et al. 2024) emerges as a pivotal
technique for mitigating resource demands in the deploy-
ment of LLMs. In comparison to other strategies (Zhu et al.
2023) like unstructured pruning (Yin et al. 2023; Frantar and
Alistarh 2023; Jaiswal et al. 2023), model quantization (Liu
et al. 2023; Xiao et al. 2023), and knowledge distillation (Gu
et al. 2024; Yuan et al. 2023; Hsieh et al. 2023), struc-
tured pruning not only provides a practical and hardware-
independent solution but also offers an effective approach
to streamline LLMs implementation on devices with limited
computational resources. Its unique ability to selectively re-
move redundant model parameters while maintaining model
integrity positions structured pruning as a cornerstone in op-
timizing the efficiency of LLMs deployment.

However, existing work on structured pruning commonly
employs Taylor expansion as the metric for estimating the
importance of structures. These methods hinge on a local-
ized approximation of the loss function, necessitating addi-
tional calibration data for gradient information computation.
As a result, the precision of the gradient is directly tied to
the calibration data’s quality, thereby influencing both the
Taylor expansion approximation and the pruning decision.
Subpar calibration data and unsuitable importance estima-
tion metrics can lead to substantial performance degradation
in pruned models. Thus, ensuring the quality of the calibra-
tion data and employing appropriate importance estimation
metrics are crucial for effective structured pruning.

Hence, the Taylor expansion-based methodologies for
structured pruning LLMs pose two notable challenges. Ac-
quiring high-quality calibration data covering diverse pa-
rameters and sample spaces is crucial for accurate gradi-
ent computation. It aids in identifying parameters effectively
during pruning, reducing computational overhead while pre-
serving generalization. However, randomly selected calibra-
tion data lacks representativeness and diversity, leading to
inaccurate gradient information and flawed pruning strate-
gies. A preliminary experiment in Figure 1(a) examines the
impact of different calibration data distributions on perfor-
mance. It illustrates that uniformly distributed calibration
data may degrade performance in some tasks and improve it
in others compared to randomly distributed data. In addition,
it highlights the significant influence of calibration data dis-
tributions on performance. Randomly selecting calibration
data is considered suboptimal.
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Figure 1: The impact of calibration data and importance es-
timation metrics.

Further, prevailing structured pruning approaches typi-
cally employ predetermined heuristic metrics to appraise
sub-structure significance. However, these metrics often fall
short of comprehensively assessing the model parameters.
Furthermore, their disregard for alignment with calibration
data results in inaccurate estimation of model weight impor-
tance, consequently undermining model performance. This
deficiency can be ascribed to the reliance on model param-
eter importance estimation on gradient information, which
is sensitive to variations in calibration data. Consequently,
disparate calibration datasets lead to varying gradient mag-
nitudes, causing parameters previously deemed crucial to
lose importance with new calibration data and vice versa.
As depicted in Figure 1(b), distinct importance estimation
metrics exhibit varying sensitivity to calibration data. Thus,
selecting compatible importance estimation metrics tailored
to high-quality calibration data is imperative to mitigate per-
formance degradation.

This study introduces AdaPruner, a sample-aware adap-
tive structured pruning framework for LLMs. AdaPruner
aims to optimize both the calibration data and importance es-
timation simultaneously. Firstly, AdaPruner creates a struc-
tured pruning space containing a calibration data subspace
and an importance estimation metrics subspace that are
closely linked. Secondly, AdaPruner uses Bayesian opti-
mization to search for high-quality calibration data and
importance estimation metrics within this space. Lastly,
AdaPruner conducts efficient pruning based on the obtained
data and metrics, removing unnecessary structures from
LLMs. AdaPruner streamlines the tedious manual design
process and ensures stable performance by enabling the
transfer of calibration data and importance estimation met-
rics to different pruning ratios and models.

The contributions can be summarized as follows:

* AdaPruner introduces a sample-aware approach to struc-
tured pruning, delineating interconnected calibration
data and importance estimation metrics subspaces, en-
hancing their utilization in the pruning process.
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* AdaPruner facilitates rapid and effective pruning by uti-
lizing acquired calibration data and importance estima-
tion metrics to eliminate redundant LLMSs structures,
reducing manual effort and ensuring consistent perfor-
mance across different pruning rates and models.

* We conduct extensive experiments on a variety of lan-
guage benchmarks. The AdaPruner outperforms the ex-
isting methods on the LLaMA series models, achieving
superior average performance over the LLM-Pruner by
1.37%. The experimental results demonstrate the effec-
tiveness of the proposed AdaPruner.

Sample-aware Adaptive Structured Pruning

This section introduces AdaPruner, a sample-ware adap-
tive structured pruning framework. As shown in Figure 2,
AdaPruner aims to adaptively obtain the optimal calibration
data and importance estimation metrics through Bayesian
optimization to improve the performance of pruned LLMs.

Structured Pruning for LLMs

First, according to LLM-Pruner (Ma, Fang, and Wang
2023), structured pruning considers the dependencies be-
tween structures. Therefore, the dependency automatically
identifies and groups coupling structures in LLMs.

Second, structured pruning is performed based on Tay-
lor expansion. Specifically, given a calibration dataset D =
{x;}X,, where N is the number of samples contained in the
calibration dataset, and the subsequent token prediction loss
of the LLMs parameterized by 6 on the calibration dataset
is: W

L(6,D) = N;F(G,xi) (1)
where F'(6, x;) represents the subsequent token prediction
loss of the sample x; on the LLM.

The importance of 6; can be quantified by measuring the
impact of its removal on the loss. Structured pruning meth-
ods typically estimate the effect of removing parameters
through Taylor expansion as follows:

Iy, = |L(0;,D) — L(0; = 0, D)|

8L(0;,D
OLCLD g — Lo, T HO; + O 0[]

where L(6; = 0, D) denotes removing 6; from the LLM,
H denotes the Hessian matrix, and O(]| 6;]|*) denotes the
residual term that can be ignored in the calculation. Then,
the importance of the structural group is obtained by ag-
gregating the importance of the structural parameters within

2

~
~

M
the group, i.e., I(G) = AggI1(0;). Here, Agg denotes ag-
i=1

gregation functions such as summation, product, maximum,
and last only. M denotes the number of structures in the
group. Finally, the groups with lower importance scores are
removed based on a predefined pruning ratio.

Solution Space for Structured Pruning

We jointly design a structured pruning solution space con-
sisting of the calibration data subspace and the importance
estimation metrics subspace.
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Figure 2: Overview of the AdaPruner Framework.

Subspace of calibration data. Due to the restricted access
to the pre-training datasets, existing studies usually sam-
ple public datasets and randomly select a small portion of
samples from them as the calibration data. Following LLM-
Pruner, we construct the subspace of the calibration data us-
ing samples from the BookCorpus dataset, as shown in Fig-
ure 2. Meanwhile, the subspace solution of the calibration
data is effectively reduced by filtering out the short texts with
little information, accelerating the search process.

Subspace of importance estimation metrics. To compre-
hensively assess the importance of LLMs parameters, the
importance estimation subspace comprises different gran-
ularity importance estimation metrics based on Taylor ex-
pansion, i.e., coarse-grained weight vectors and fine-grained
weight element importance estimation metrics. The coarse-
grained metric, as shown in Eq. (2), is used to estimate the
importance of the overall structure weights. The fine-grained
metric is introduced as follows:

Ioe = |L(6%, D) — L(8% = 0, D)|
3
~ [ 2LODY gk 1oxT gt o) 080

where k denotes the index of the parameter. Due to the
Hessian matrix Hy can be approximated by the Fisher in-
formation matrix (Kwon et al. 2022), It can be redefined as:

Ipe = |L(6}, D) — L(6} =0, D)|
N
OL(6;, OL(0;,
~ [ HUD g 15 (2HEED ) 1 o) 04
j=1
4)

The granularity of the weight vector is too coarse, while
the granularity of the weight element is too fine. Therefore,

17940

balancing weight vector and weight element metrics is nec-
essary. Therefore, the importance estimation metrics sub-
space is defined as follows:

(&)

where 1 and «p are equilibrium coefficients for coarse- and
fine-grained importance estimations, respectively. However,
there is a significant order of magnitude difference between
the manually designed first- and second-order gradients. We
further extend the optimization of the alignment factor.

Iy, g = arly, + azlgs
k3

Adaptive Pruning via Bayesian Optimization

The effects of calibration data and importance estimation
metrics on the performance of pruned models are interre-
lated. Independently optimizing either element may lead
to a locally optimal solution. Therefore, AdaPruner uses
Bayesian optimization to adaptively obtain optimal calibra-
tion data and importance estimation metrics in the struc-
tured pruning solution space. Specifically, the pruned model
f(0,D,I,)\) is evaluated with the dataset D, e.g., using
the perplexity of the evaluation dataset as an evaluation met-
ric. Thus, the optimization objective of LLMs pruning can
be formulated as follows:

H= nin, h(f(6,D,1,\),Dg)

(6)

where h(-) denotes the evaluation metric, A denotes the
pruning ratio, and D and I denote the calibration data and
importance estimation metrics to search, respectively. The
pruned model without fine-tuning is used to evaluate the per-
formance on a smaller evaluation set, such as Wik-iText2



and PTB, to minimize the evaluation cost. Their average
perplexity is utilized as a metric. Lower perplexity scores
indicate superior language modeling capabilities, reflecting
a more effective pruning metric regarding mod-el perfor-
mance.

Since h(f(8,D,I,\),Dg) is a black-box function,
AdaPruner utilizes Bayesian Optimization with Tree-
Structured Parzen Estimator (BO-TPE) to globally optimize
Eq. (6) to obtain the optimal calibration data and importance
estimation metrics, as shown in Figure 2. BO-TPE is an it-
erative process designed to optimize the objective function
h(f(0,D,I,\),Dg) from the structured pruning solution
space Z. It adaptively obtains the optimal calibration data
and importance estimation metrics. It uses a probabilistic
surrogate model M to estimate the objective function and
updates the posterior estimate of h(f(6, D, I, \), Dg) based
on each search step’s results. Specifically, given the previ-
ous t-1 search results {(D1,I1), ..., (D¢—1, It—1)} and their
evaluation results H [H(Dy,1h),...., H(D¢—1, I; 1)),
we iteratively update the surrogate model M to estimate
h(f(8,D,I,\),Dg). In each iteration ¢, to determine the
next pruning solution (Dy, I;), we use the expected improve-
ment (EI) acquisition function to compute the probability of
improvement below a threshold H* given the observations
and {(D1,11), ..., (D¢—1, I;—1)}, as follows:

s
Elg-p,n :/ (7

Subsequently, AdaPruner stores (D, I') and H (D, I) into
the search history and fits a new agent model based on the
updated record M. At the end of the loop, AdaPruner out-
puts the globally optimal (D, I). Specifically, instead of di-
rectly modeling, BO-TPE models p(H|(D, I)) by decom-
posing it into p((D,I)|H) and p(D, I) using Bayes theo-
rem, as follows:

(H* — H)p(H|(D, I))dH

p((D, I)|H)p(H)

p(H|(D7])): p(D [) 8)
p((D, I)|H) = { %;Oj((DD,’II)):iiffg ; ff ©)
p(D, 1) = [ p((D, T)|H)p(H)dH o

=YH go0d(D, I) + (1 = 7)Hypaa (D, I)
The BO-TPE constructs different p((D, I)|H) on differ-
ent sides of the threshold, where Ho0q(D), ) is the ex-
cellent density formed by searching into the pruning setup
(D, I) to ensure that the model’s perplexity is below the
threshold H*, and H go04(D, I) is the lousy density formed
by the residuals (D, I). The threshold H* is determined by
the quantile v of the performance of the searched pruned
model. Combining Eq. (8), (9), and (10), the final EI of BO-
TPE is expressed as:

Elg-p,r = fio (H*— H)p(H|(D,I))dH
_ H” * ((D,I)|H)p(H)
_f—oc (H - H)p p(DAI)p dH

— (H" (g Hyooa(D.1)p(H)
o f—oc (H - H) ”YHgood(DgJ)d*F(l*’\/p)Hbad(D,I) dH
P (HT = H)p(H)dH Hyaa(D.T) -
— gy (1 AeABh ()
good ’
(1)
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This shows that maximizing EI is proportional to the ratio
of maximizing %
the probability of Hy,0q(D, I) while decreasing the proba-
bility of Hpqq(D, I). After obtaining the optimal D and I,
structured pruning is performed on the LLMs.

To improve the performance of the pruned model, we em-
ploy the Low-Rank Adaptation (LoRA) (Hu et al. 2022)
to fine-tune the model on the Stanford Alpaca (Taori et al.
2023) dataset. Specifically, LoRA adds two low-rank ma-
trices to the original weight matrix, avoiding the need for
full-parameter fine-tuning, as follows:

0=0x+ AN0x =0z + BAx

. The ultimate goal is to maximize

12)

where A and B are two learnable low-rank matrices.

Experiments
Datasets

To evaluate the performance of LLMs before and after
pruning, we use the perplexity (PPL) metric on the Wiki-
Text2 (Merity et al. 2017) and PTB (Marcus 1993) datasets
to measure the language modeling capability. To evaluate the
performance of the pruning method comprehensively and in-
tuitively, we evaluate the zero-shot performance on seven
commonsense reasoning datasets, including BoolQ (Clark
et al. 2019), PIQA (Bisk et al. 2020), HellaSwag (Zellers
et al. 2020), WinoGrande (Sakaguchi et al. 2021), ARC (in-
cluding ARC-easy and ARC-challenge) (Clark et al. 2018),
and OpenbookQA (Mihaylov et al. 2018). We report the
accuracy of each dataset and the overall average accuracy
across all datasets. A brief description of each dataset is
shown in Appendix B.

Baselines

We comprehensively compare AdaPruner with existing
structured pruning methods for LLMs. To ensure fairness
in the comparison, all baselines use the same pruning and
fine-tuning data set as LLM-Pruner, and 10 samples are se-
lected as the calibration data. The baselines include Mag-
nitude (Han, Mao, and Dally 2016), Wanda (Sun et al.
2023), LLM-Pruner (Ma, Fang, and Wang 2023), LoRAS-
hear (Chen et al. 2023) and MoreauPruner (Wang et al.
2024). The details of the baseline models are described in
Appendix B.

Implementation Details

To evaluate the effectiveness of AdaPrune, we conduct ex-
periments on the LLaMA-7B (Touvron et al. 2023) and
Vicuna-7B (Chiang et al. 2023) models. Meanwhile, sam-
ples with lengths less than 128 in BookCorpus (Zhu et al.
2015) are eliminated to narrow the calibration data subspace.
The optimization range of the balance coefficients oy and ap
for coarse and fine-grained importance estimation is set be-
tween 0 and 1. The estimation metrics alignment factors are
optimized in the range (e5, €6, e7), (e-2, e-3), (1e-4). Both
related works and detailed experimental settings are in Ap-
pendix A and B.



Pruning ratio Method WikiText2| PTBJ] | BoolQT PIQAT HellaSwag! WinoGrandef ARC-ef ARC-ct OBQAT
Ratio=0% LLaMA-7B 12.62 22.14 73.18 78.35 72.99 67.01 67.45 41.38 42.40
Magnitude 582.41 1022.1 59.66 58.00 37.04 52.41 33.12 28.58 29.80
Vector 22.28 41.78 61.44 71.71 57.27 54.22 55.77 33.96 38.40
Ratio=20%  LLM-Pruner-E1 19.09 34.21 57.06 75.68 66.80 59.83 60.94 36.52 40.00
w/o tune LLM-Pruner-E2 19.77 36.66 59.39 75.57 65.34 61.33 59.18 37.12 39.80
MoreauPruner 18.61 32.92 55.44 76.17 66.47 63.61 61.53 37.80 40.60
AdaPruner 17.72 31.10 62.39 76.33 68.03 63.64 63.64 38.65 40.40
Magnitude 21.78 38.64 61.89 70.81 58.34 56.87 54.87 34.02 38.40
Vector 18.84 33.05 65.75 74.70 64.52 59.35 60.65 36.26 39.40
Ratio=20% LLM-Pruner-E1 17.58 30.11 64.62 77.20 68.80 63.14 64.31 36.77 39.80
w/ tune LLM-Pruner-E2 17.37 30.39 69.54 76.44 68.11 65.11 63.43 37.88 40.00
LoRAShear - - 70.17 76.89 68.69 65.83 54.11 38.77 39.97
MoreauPruner 17.01 30.27 66.61 77.04 68.32 65.59 65.57 38.40 41.20
AdaPruner 16.75 28.71 70.34 77.69 69.06 65.40 66.92 39.93 40.80

Table 1: Comparative results of structured pruning on LLaMA-7B at 20% pruning ratio.The best results are shown in bold. And
the proposed AdaPruner outperformed the baselines significantly (p <0.05).
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Figure 3: Average performance of structured pruning on
LLa-MA-7B at 20% pruning ratio.

Comparative Results and Analysis

We evaluate the zero-shot capabilities of AdaPruner and
baselines on 7 downstream commonsense reasoning tasks,
as well as language modeling on the WikiText2 and PTB
datasets. We performed 20% parameter pruning ratio ex-
periments on LLaMA-7B, as shown in Table 1 and 3. The
model pruned with AdaPruner exhibits the best average per-
formance on commonsense reasoning benchmarks while re-
taining most language modeling capabilities. Specifically,
the model the pruned model still retained 93.3% of the av-
erage zero-shot performance of the unpruned model with-
out fine-tuning. LLM-Pruner retained 89.8% of the orig-
inal model’s performance, and AdaPruner improved by
3.5%. Notably, AdaPruner significantly outperforms exist-
ing structured pruning methods without fine-tuning, sug-
gesting that AdaPruner can obtain a more efficient pruning

17942

structure.

The pruned LLaMA-7B retains 97% performance on
the zero-shot evaluation dataset compared to the unpruned
model with fine-tuning. Meanwhile, AdaPruner consis-
tently outperforms existing structured pruning techniques,
achieving 61.44% average accuracy. In addition, it outper-
forms LoRAShear and MoreauPruner on the most zero-shot
commonsense reasoning tasks, resulting in the best aver-
age performance among all baseline methods. Specifically,
AdaPruner outperforms LLM-Pruner-E2, LoRAShear, and
MoreauPruner by 1.37%, 0.81%, and 1.05% on average
performance, respectively. AdaPruner outperforms the other
baseline methods in preserving text generation capabilities,
further demonstrating the effectiveness of the AdaPruner
method in preserving the language modeling ability and its
superiority over existing structured pruning methods.

Impact of calibration data. To evaluate the importance
of searching for calibration data, we removed the search
for calibration data and replaced it with random selection
(AdaPruner w/o D), As shown in Table 2. The calibration
data obtained using random selection shows a performance
degradation of all downstream tasks. Specifically, the cali-
bration data obtained with random selection performs less
than that obtained with AdaPruner adaptive optimization by
0.71% in average performance, demonstrating the validity of
the calibration data adaptively obtained by AdaPruner and
the importance of the calibration data in the pruning pro-
cess. Notably, even when replacing randomized calibration
data, the performance is still higher at 1.5% and 0.66% than
that of LLM-Pruner-E1 and LLM-Pruner-E2, respectively,
illustrating the robustness and validity of the searched im-
portance estimation metrics under different calibration sam-
ples.

Impact of joint optimization. To demonstrate the effec-
tiveness of end-to-end joint optimization, Table 2 compares



Method BoolQT PIQAT HellaSwag! WinoGrandef ARC-ef ARC-ct OBQAT | Average!
AdaPruner 70.34 77.69 69.06 65.40 66.92 39.93 40.80 61.44
Importance Estimation Metrics
AdaPruner w/o I; 70.00 76.61 68.95 64.01 66.20 37.88 40.60 60.61
AdaPruner w/o I 68.65 77.31 67.79 63.85 66.58 38.57 39.60 60.34
Calibration Data
AdaPruner w/o D | 69.63 77.86 68.95 64.56 65.03 38.48 40.60 | 60.73
Optimization Order
AdaPruner w/o unified | 69.81 77.09 69.03 65.23 66.37 39.16 40.00 | 60.98

Table 2: Ablation study for optimization of importance estimation metrics, calibration data, and different optimization orders.
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Figure 4: Comparison of Bayesian and stochastic optimiza-
tion processes.

different optimization order strategies. The joint optimiza-
tion of calibration data and importance estimation metrics
is replaced with a combined optimization (AdaPruner w/o
unified). It can be observed that the combined optimization
shows performance degradation on all tasks. The combined
optimization underperforms the joint optimization by 0.46%
on the zero-shot average performance for commonsense rea-
soning. The reason is that the calibration data obtained by
the combined optimization is not fully compatible with the
importance estimation metrics, leading to inaccurate impor-
tance estimation and decreased model performance. This
further proves that the joint optimization can find the glob-
ally optimal calibration data and importance estimation met-
rics, improving the pruned model’s performance.
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Figure 5: Average performance of structured pruning for
Vicuna-7B at 20% pruning ratio and LLaMA-7B at 50%
pruning ratio.

Ablation Study

Impact of importance estimation metrics. We evaluate
the impact of importance estimation metrics obtained after
optimization on pruning. Specifically, we remove the op-
timization of importance estimation metrics and fix using
first-order (AdaPruner w/o I;) and second-order (AdaPruner
w/o Iy ) Taylor-expanded as alternatives. Table 2 shows
the pruned model using first-order and second-order Taylor-
expanded. It can be observed that using different importance
estimation metrics exhibits different degrees of performance
degradation on all the tasks. AdaPruner outperforms the
first-order approach regarding average accuracy on the zero-
shot of commonsense inference by 0.83% and the second-
order approach by 1.1%. Since AdaPruner finds more appro-
priate and comprehensive importance estimation metrics in



Pruning ratio Method WikiText2] PTBJ | BoolQT PIQAT HellaSwagf WinoGrandef ARC-ef ARC-ct OBQAT?T
Ratio=0% Vicuna-7B 16.11 61.37 76.57 71.75 70.64 67.40 65.11 41.21 40.80
Vector 19.94 74.66 63.15 74.59 61.95 60.30 60.48 36.60 39.40
Ratio=20% LLM-Pruner-E1 19.69 78.25 63.33 76.17 65.13 60.22 62.84 37.12 39.20
LLM-Pruner-E2 18.97 76.78 60.40 75.63 65.45 63.22 63.05 37.71 39.00
witne o oreauPruner 19.66 7374 | 63.15 7677 6596 60.85 6574 3712 40.60
AdaPruner 18.05 73.56 71.93 76.77 67.06 64.80 66.12 40.27 39.00

Table 3: Comparative results of structured pruning on Vicuna-7B at 20% pruning ratio with fine-tuning.

Pruning ratio Method WikiText2| PTB| | BoolQf PIQA?T HellaSwag! WinoGrandef ARC-ef ARC-ct OBQA?T
Ratio=0% LLaMA-7B 12.62 22.14 73.18 78.35 72.99 67.01 67.45 41.38 42.40
Magnitude 78.80 164.32 | 47.40 54.36 33.49 53.10 37.88 26.60 30.12
Wanda 43.89 85.87 50.90 57.38 38.12 55.68 42.68 34.20 36.25
Ratio=50% Vector 43.47 68.51 61.11 64.96 40.52 51.54 46.38 28.33 32.40
w/ tune LLM-Pruner-E1 38.12 66.35 60.28 69.31 47.06 53.43 45.96 29.18 35.60
LLM-Pruner-E2 45.70 69.33 61.47 68.82 47.56 55.09 46.46 28.24 35.20
AdaPruner 34.29 53.40 61.89 70.29 47.98 55.72 52.61 30.12 36.40

Table 4: Comparative results of structured pruning on LLaMA-7B at 50% pruning ratio with fine-tuning.

the solution space while balancing coarse and fine-grained
importance estimation metrics. The results show that opti-
mizing importance estimation metrics is crucial in improv-
ing performance.

Impact of search algorithms. To evaluate the effective-
ness of Bayesian optimization, we use random search to
replace Bayesian optimization, as shown in Figure 4. As
can be seen from the figure, Bayesian optimization achieves
faster convergence and better final search results com-
pared to random search. Specifically, Bayesian optimization
achieves convergence in less than 150 iterations, while ran-
dom search requires about 300, showing the superiority of
Bayesian optimization in terms of search efficiency and ef-
fectiveness.

Effects of Different Pruned Models

To validate the effectiveness and robustness of the
AdaPruner method for pruning different models, we per-
form structured pruning of Vicuna-7B using the optimal cal-
ibration data and importance estimation obtained after op-
timization, as shown in Table 3 and Figure 5. The Vicuna-
7B model is pruned at a pruning ratio 20% with fine-tuning.
The table shows that the zero-shot average performance of
AdaPruner consistently outperforms that of Vector, LLM-
Pruner, and MoreauPruner. AdaPruner achieves 60.85% av-
erage performance, which is 3.07% and 2.25% higher than
that of LLM-pruner-E2 and MoreauPruner, respectively, al-
lowing the AdaPruner method can be applied to other LLMs
while maintaining higher accuracy compared to existing
structured pruning methods. These results also demonstrate
the generalization ability and stability of the AdaPruner
method for pruning different models. More results without
fine-tuning are in Appendix C.
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Effects of Different Pruning Ratios

To further analyze the performance and impact of AdaPruner
under different pruning ratios, we conduct a 50% pruning ra-
tio experiment on the LLaMA-7B model with fine-tuning, as
shown in Tables 4 and Figure 5. It shows that AdaPruner’s
model performance consistently outperforms LLM-Pruner
and other baseline methods even when the pruning ratio is
increased to 50%. The AdaPruner outperforms LLM-Pruner
in terms of perplexity on the WikiText2 and PTB datasets.
Specifically, with a 50% pruning ratio and no fine-tuning,
AdaPruner’s perplexity on Wik-iText2 and PTB is 34.29 and
53.40, respectively, which are 11.41 and 15.93 lower than
LLM-pruner-E2. In addition, AdaPruner achieves an aver-
age performance of 50.71% on seven zero-shot inference
tasks, which is 1.73% higher than LLM-pruner-E2. It high-
lights the performance advantage of AdaPruner at high prun-
ing ratios and confirms its performance stability when the
pruning ratio increases.

Conclusions

This study proposes AdaPruner, a sample-aware adaptive
structured pruning framework for LLMs, aiming to adap-
tively search for the optimal calibration data and impor-
tance estimation metrics to improve pruned LLMs’ compu-
tational efficiency and performance. The experimental re-
sults show that AdaPruner maintains 97% of the perfor-
mance over the unpruned model and demonstrate the ef-
fectiveness of the proposed method for pruning LLMs. In
addition, AdaPruner’s generalization ability and robustness
for different models and pruning ratios. Future work will ex-
plore the potential of AdaPruner for a broader range of prun-
ing solution space designs and model types.
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