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Abstract
One-shot post-training pruning enhances the de-
ployment of billion-scale large language mod-
els (LLMs), with the pruning metric playing a
pivotal role in determining which weights to re-
move. However, existing metrics underperform
due to their reliance on a simple symbolic com-
bination of weights and activations, overlooking
imbalanced weight magnitudes and the dispropor-
tionate influence of activation outliers. To over-
come these limitations, we introduce BaWA, a
novel pruning metric that systematically Balances
Weight and Activation distributions for more ef-
fective pruning. BaWA introduces two key inno-
vations: magnitude normalization, which miti-
gates weight imbalance across channels for fairer
pruning decisions, and outlier regularization,
which reduces the impact of activation outliers,
ensuring more appropriate channel prioritization.
To further enhance its effectiveness, BaWA in-
corporates an efficient and automatic framework
for optimizing normalization and regularization
hyperparameters. Extensive experiments validate
BaWA as a state-of-the-art (SOTA) pruning met-
ric. For instance, applying BaWA to induce 2:4
sparsity in Mistral-7B reduces perplexity in lan-
guage comprehension by 2.49 and improves aver-
age downstream task accuracy by 3.08%, outper-
forming the previous SOTA method Wanda.

1. Introduction
The remarkable performance of large language models
(LLMs)(qwe, 2024; Dettmers et al., 2022; Touvron et al.,
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2023a;b) has revolutionized AI research, demonstrating
exceptional capabilities across diverse and complex tasks.
However, their vast parameter sizes, often in the billions,
pose significant hardware constraints, limiting their practi-
cal deployment, especially in resource-constrained environ-
ments (Liu et al., 2025b). To mitigate this challenge, model
compression techniques such as quantization(Dettmers et al.,
2022; Xiao et al., 2023; Lin et al., 2023; Yuan et al., 2023;
Frantar et al., 2023; Shao et al., 2023; Liu et al., 2024;
2025a) and pruning (Li et al., 2023a; Kwon et al., 2022;
Frantar & Alistarh, 2022; Xia et al., 2023) have been ex-
plored to reduce resource demands while maintaining perfor-
mance. This paper focuses on unstructured pruning, which
compresses models by zeroing out weights and benefits
from sufficient hardware acceleration supports.

Due to the scale of LLMs, one-shot post-training pruning
has gained attention for its ability to efficiently remove
weights without relying on gradient backpropagation or
fine-tuning (Frantar & Alistarh, 2023; Sun et al., 2023;
Zhang et al., 2024; Dong et al.). While effective, existing
methods remain constrained by suboptimal pruning metrics.
At the cost of additional mask training, MaskLLM (Fang
et al.) demonstrated that a well-designed pruning metric
enables weight sparsity with minimal performance loss.
However, existing one-shot LLM pruning methods, such
as Wanda (Sun et al., 2023) and Pruner-Zero (Dong et al.),
rely on a simple symbolic combination of weights and ac-
tivations to determine pruning decisions. While intuitive,
they overlook the heterogeneity in weights and activations,
leading to suboptimal pruning masks and significant perfor-
mance degradation in pruned models. We summarize the
key factors that influence pruning effectiveness as follows:

Imbalanced Weight Magnitude Distribution. LLMs’
weight magnitudes distribution is imbalanced, with certain
input or output channels exhibiting abnormally large or
small magnitudes. This imbalance leads to sub-optimal
pruning decisions, as weights within a channel are either
predominantly preserved or pruned, regardless of their ac-
tual importance to the model’s performance.

Disproportionate Influence of Outliers. A few activation
outliers can disproportionately inflate a channel’s norm,
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leading to biased pruning. For instance, fewer than 1% of
outliers can increase a channel’s norm by over 5×, causing
excessive pruning of outlier-free channels.

To address these limitations, we propose BaWA, a novel
pruning mask selection method that systematically Balances
the contributions of Weight and Activation distributions.
BaWA introduces two key innovations. Firstly, to address
the imbalanced weight magnitude distribution, BaWA nor-
malizes the weight magnitudes across both input and output
channels, contributing to a fairer pruning mask selection.
Furthermore, to mitigate the disproportionate influence of
outliers, BaWA introduces learnable power factors that con-
trol the impact of outliers on the pruning metric, ensuring
that channels without outliers are not unevenly penalized.
Moreover, BaWA employs a zeroth-order gradient-based
optimization strategy to efficiently and automatically search
for the optimal hyper-parameters of normalization and reg-
ularization, enabling the method to identify better pruning
masks in just a few minutes. Notably, the reliable pruning
metric provided by BaWA is orthogonal to conventional
weight adjustment methods, and the combination of the
two can bring better pruning outcomes. Through extensive
experiments, we demonstrate that BaWA significantly out-
performs existing state-of-the-art pruning methods across
a variety of LLMs and language benchmarks. For instance,
applying BaWA to induce 2:4 sparsity in Mistral-7B reduces
language comprehension perplexity by 2.49 and improves
average downstream task accuracy by 3.08% compared to
the previous SOTA method Wanda.

In summary, the key contributions of this paper are:

• A comprehensive analysis of the limitations of current
pruning metrics, highlighting the bias introduced by
the symbolic combination of weight and activation.

• The introduction of BaWA, a novel pruning metric that
balances weight and activation distributions through
magnitude normalization and outlier regularization.

• An efficient optimization strategy for identifying op-
timal hyper-parameters for normalization and regular-
ization, enabling BaWA to achieve superior pruning
performance with minimal computational overhead.

• Experimental results demonstrate that BaWA success-
fully improves the performance of pruned LLMs com-
pared to the state-of-the-art (SOTA) pruning methods.

2. Background & Motivation
2.1. LLM Pruning

The growing complexity of Transformer-based language
models, which now scale to hundreds of billions of parame-
ters, has intensified the demand for effective and efficient

model pruning methods (Hassibi et al., 1993; Han et al.,
2015b). These methods can be broadly categorized into
structured and unstructured pruning.

Structured pruning (An et al., 2024; Xia et al.; Ma et al.,
2023) removes entire substructures or weight groups—such
as layers (Ling et al., 2024), FFN neurons (Ma et al., 2023),
MHA heads, or embedding dimensions (Sreenivas et al.,
2024)—enabling hardware-agnostic efficiency gains. How-
ever, due to its coarse-grained nature, structured pruning
often leads to significant accuracy degradation, typically
limiting the applicable sparsity ratio to 15%–30%. Post-
pruning fine-tuning can help recover performance at higher
sparsity levels.

In contrast, unstructured pruning (Frantar & Alistarh, 2023;
Sun et al., 2023) eliminates individual weight elements and
stores them in a compressed format. When combined with
decompression techniques (for memory optimization) or
hardware acceleration (e.g., 2:4 sparse tensor cores), un-
structured sparsity can also deliver substantial efficiency
improvements. Thanks to its fine-grained approach, unstruc-
tured pruning generally preserves model accuracy more ef-
fectively, allowing sparsity ratios exceeding 50%—or even
stricter patterns like 2:4 sparsity. Further training techniques,
such as PEFT (Lu et al., 2024) and STE (Ma et al., 2024),
can also enhance pruned models.

Given these advantages, this paper focuses on optimizing
unstructured pruning metrics.

2.2. Pruning Metric

The one-shot post-training pruning process primarily com-
prises two stages: pruning mask selection and weight re-
construction. Previous studies (Frantar & Alistarh, 2023;
Li et al., 2023b; Liu et al., 2021) mainly focus on efficient
weight reconstruction methodologies, while simply select-
ing the pruning mask based on weight magnitude. However,
due to the presence of outliers, a larger magnitude does not
necessarily indicate greater importance for a weight. As
a result, directly pruning weights based solely on weight
magnitude can result in the removal of important weights
and lead to a significant performance drop for pruned LLMs.
In fact, the effectiveness of pruning in large language mod-
els (LLMs) critically depends on the pruning metric (Li
et al., 2023a; Frantar & Alistarh, 2023; Fang et al.), which
quantifies the importance of each weight and guides the de-
cision of which weights to remove. A well-designed pruning
metric is essential for maintaining model performance after
pruning, as it directly influences the quality of the pruned
model.

As presented in Table 1, current pruning metrics utilize
the symbolic combination of weight (Han et al., 2015a),
activation (Sun et al., 2023; Zhang et al., 2024) and even
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Table 1: The existing pruning metrics tailored for LLMs.
SC denotes the symbolic combination operation,G denotes
the gradient, and� denotes the min-max scaling operation.

Method Pruning MetricS SC

Mangnitude jW ij j 3
Wanda jW ij j � jj X j jj2 3
GBLM-Pruner jW ij j � jj G j jj2 3
Pruner-Zero jjW ij j � j W ij jj � � (jG j j) 3
BaWA ( 1

jj W j jj � 1
2

+ 1
jj W i jj � 2

2

) � jW ij j � jj X j jj � 3
2 7

gradient (Dong et al.; Das et al., 2023) to determine the
importance of weights. For example, Wanda de�nes the
pruning metric as:

Sij = jW ij j � jj X j jj2; (1)

whereW 2 RCout � C in is the weight of a linear layer and
X 2 RB �Q� C in is the input activation with batch sizeB
and sequence lengthQ. j � j is the absolute value operator
andjjX j jj2 represents thè2 norm of j th features aggre-
gated acrossB � Q different tokens. Wanda prunes those
weights that have lower �nal scoresS. GBLM-Pruner (Das
et al., 2023) further utilizes gradient to adjust the pruning
metric; however, the improved performance is limited. To
improve the pruning performance, Pruner-Zero (Dong et al.)
proposes an automatic framework for searching symbolic
pruning metrics using genetic programming.

2.3. Motivation

However, existing pruning metrics rely on simplistic, sym-
bolic combinations of weight, activation, and gradient val-
ues, failing to account for the intricate and heterogeneous
distributions of weights and activations in LLMs. This over-
sight often leads to sub-optimal pruning decisions, resulting
in signi�cant performance degradation and inef�ciencies in
model compression.

To address this gap, we conduct a comprehensive analysis
and visualization of weight and activation distributions in
LLaMA-7B, as illustrated in Figure 1. Our investigation
reveals two critical phenomena that challenge conventional
assumptions and motivate the development of a more robust
pruning methodology:

Imbalanced Distribution of Weight Magnitude in LLM.
Recent studies on LLM compression often assume that
weights follow a normal distribution, leading many to over-
look the nuanced analysis of weight distributions (Xiao
et al., 2023; Yin et al., 2023; Shao et al., 2023). However,
as demonstrated in Figure 1a and 1b, weight magnitudes
exhibit signi�cant imbalances across channels. Speci�cally,
certain input or output channels contain weights that are

either abnormally large or small, creating a skewed distri-
bution. This imbalance results in a scenario where most
weights within a channel are either entirely preserved or
pruned during compression. For unstructured and N:M
sparsity, this concentration of pruning decisions on spe-
ci�c channels leads to sub-optimal sparsity patterns, as the
pruning process fails to account for the heterogeneity in
weight importance. This observation underscores the need
for a pruning metric that explicitly considers the imbalanced
nature of weight distributions, rather than relying on over-
simpli�ed assumptions.

Disproportionate Impact of the Small Set of Outliers.
When constructing pruning metrics, existing methods such
as Wanda (Equation 1) compute channel-wise norms (e.g.,
the`2-norm) to evaluate the importance of weights. How-
ever, our analysis reveals that a small subset of outliers in
activations can disproportionately in�uence these norm val-
ues. As shown in Figure 1c, even when outliers constitute
less than1% of a channel's activations, they can in�ate the
channel's norm value by up to5� compared to the average.
This disproportionate impact introduces signi�cant bias into
the pruning metric, as channels with outliers are erroneously
prioritized for preservation, while others are undervalued.
Consequently, pruning decisions based on such metrics be-
come skewed, leading to sub-optimal sparsity patterns and
degraded model performance.

It is necessary to mention that the two phenomena are widely
present in various LLMs (qwe, 2024; Jiang et al., 2023; Tou-
vron et al., 2023b). Consequently, we argue that a balanced
pruning metric must consider both the weight magnitude
distribution and the impact of outliers in activations. Such
a metric should normalize the weight magnitudes across
channels to mitigate the effects of imbalanced distributions
and regulate the in�uence of outliers to ensure a fair eval-
uation of each weight's importance. By balancing these
factors, a more accurate and effective pruning metric can be
developed, enabling better pruning decisions and improved
model performance.

3. Methods

3.1. Magnitude Normalization

According to our observation in Section 2.3, the weight val-
ues of different channels (including both input and output
channels) are quite different. Consequently, when establish-
ing the pruning metric, it is imperative to consider not only
the per-channel norm values of activation but also the norm
values within the weight. This comprehensive considera-
tion ensures a more balanced approach to determining the
pruning mask, which is critical for maintaining the pruning
performance. We present the details of the input and output
channel normalization as follows.
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