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Abstract

Network Pruning is a promising way to address the huge
computing resource demands of the deployment and infer-
ence of Large Language Models (LLMs). Retraining-free
is important for LLMs’ pruning methods. However, almost
all of the existing retraining-free pruning approaches for
LLMs focus on unstructured pruning, which requires spe-
cific hardware support for acceleration. In this paper, we
propose a novel retraining-free structured pruning frame-
work for LLMs, named FLAP (FLuctuation-based Adaptive
Structured Pruning). It is hardware-friendly by effectively
reducing storage and enhancing inference speed. For effec-
tive structured pruning of LLMs, we highlight three crit-
ical elements that demand the utmost attention: formulat-
ing structured importance metrics, adaptively searching the
global compressed model, and implementing compensation
mechanisms to mitigate performance loss. First, FLAP de-
termines whether the output feature map is easily recoverable
when a column of weight is removed, based on the fluctuation
pruning metric. Then it standardizes the importance scores to
adaptively determine the global compressed model structure.
At last, FLAP adds additional bias terms to recover the output
feature maps using the baseline values. We thoroughly evalu-
ate our approach on a variety of language benchmarks. With-
out any retraining, our method significantly outperforms the
state-of-the-art methods, including LLM-Pruner and the ex-
tension of Wanda in structured pruning. The code is released
at https://github.com/CASIA-IVA-Lab/FLAP.

Introduction

Large Language Models (LLMs) (Brown et al. 2020; Tou-
vron et al. 2023; Zhang et al. 2022; Scao et al. 2022) have
recently achieved outstanding performance across various
language benchmarks in NLP (Bommarito and Katz 2022;
Bubeck et al. 2023; Wei et al. 2022), spurring a large num-
ber of open-source applications (Taori et al. 2023; Anand
et al. 2023; Richards 2023). These remarkable capabilities
typically come with a huge-scale model size with high infer-
ence costs. This makes it harder for more people to benefit
from LLMs. Due to the computational resource constraints,
most of the model compression methods in the pre-LLM era
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are no longer feasible for LLMs. Model compression meth-
ods for LLMs to date focus on model quantization (Dettmers
et al. 2022; Xiao et al. 2023; Frantar et al. 2023; Dettmers
et al. 2023) and unstructured pruning (Sun et al. 2023; Fran-
tar and Alistarh 2023).

Structured pruning (He and Xiao 2023), which prunes en-
tire rows or columns of weights, offers a promising solution
to the deployment challenges of LLMs. Unlike unstructured
pruning, structured pruning reduces both parameters and in-
ference time without relying on specific hardware, making
it more widely applicable (Anwar, Hwang, and Sung 2017).
For effective structured pruning, it’s crucial to have a metric
that captures the collective significance of an entire row or
column. However, current unstructured pruning techniques
for LLMs, as seen in methods like (Sun et al. 2023; Fran-
tar and Alistarh 2023), primarily focus on the importance of
individual elements of each row in isolation. This absence
of structured metrics that evaluate entire rows or columns
makes them less suitable for structured pruning. The recent
LLM-Pruner (Ma, Fang, and Wang 2023) attempted struc-
tured pruning for LLMs, but its dependence on LoRA fine-
tuning (Hu et al. 2021) creates a tough trade-off between
high computation and effective pruning, limiting its use in
larger models.

Pruning essentially involves two key aspects: discover-
ing redundancy and recovering performance. For an effec-
tive structured pruning method tailored to LLMs, three fun-
damental criteria must be satisfied: a) a structured impor-
tance metric to discover structured redundancy; b) a mech-
anism for adaptively searching the optimal global compres-
sion model structure; and ¢) a compensation strategy to min-
imize performance degradation.

In response to these three essential criteria, we introduce
FLAP (FLuctuation-based Adaptive Structured Pruning), a
novel structured pruning framework. We find that certain
channels of hidden state features exhibit structured sample
stability. This observation enables us to compensate for bias
within the model using baseline values. Specifically, we de-
sign a structured pruning metric that estimates the fluctu-
ation of each input feature relative to the baseline value,
utilizing a set of calibration samples. This metric assists in
determining whether the output feature map can be recov-
ered when a column of the weight matrix is removed. We
then standardize these fluctuation metric scores across lay-
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ers and modules separately, allowing for the adaptive deter-
mination of the global compressed model structure. Finally,
FLAP employs the baseline values to add additional biases,
recovering the output feature maps for the corresponding
layers. Remarkably, our method avoids the need for the re-
training process and requires only a single forward pass for
both pruning and bias compensation, thereby maintaining
low memory overhead.

We evaluate the effectiveness of FLAP on the LLaMA
model family, and FLAP achieves remarkable performance
on a variety of language benchmarks. Impressively, with-
out any retraining, our method significantly outperforms the
state-of-the-art methods, including LLM-Pruner and the ex-
tension of Wanda in structured pruning.

Our main contributions are listed as follows:

* We propose a novel retraining-free structured pruning
framework for LLMs named FLAP. To our best knowl-
edge, this is the first work that identifies the characteristic
of structured sample stability in LLMs.

The proposed framework uses a bias compensation
mechanism, a pruning performance recovery method
that does not require retraining. This mechanism yields
greater benefits, especially under large pruning ratios.

Our method achieves remarkable performance on a vari-
ety of language benchmarks and outperforms the state-
of-the-art method without any retraining.

Related Works
Network Pruning Methods

Network pruning is a model compression technique that
identifies and eliminates redundancy in the structure or pa-
rameters of a neural network, based on specific pruning
metrics, and incorporates methods to recover model per-
formance (LeCun, Denker, and Solla 1989; Hassibi, Stork,
and Wolff 1993; Han et al. 2015). Pruning methods fall
into two categories: unstructured pruning and structured
pruning. Unstructured pruning is performed at the indi-
vidual weight level, allowing for a large sparsity but fail-
ing to achieve real inference acceleration or storage re-
duction (Zafrir et al. 2021; Han, Mao, and Dally 2016).
Within unstructured pruning, there exists a specialized vari-
ant known as semi-structured pruning. This approach en-
forces exactly N non-zero values in each block of M con-
secutive weights (Zhou et al. 2021). This approach has
gained traction recently, particularly with support on newer
NVIDIA hardware (Mishra et al. 2021). Structured pruning,
by contrast, operates on entire rows or columns of weights,
providing a more hardware-friendly solution that reduces
storage requirements and enhances inference speed (Xia,
Zhong, and Chen 2022; Molchanov et al. 2017).

However, conventional structured pruning methods typi-
cally rely on retraining (sometimes iteratively) to regain the
performance of the pruned model (Han et al. 2015; Tan and
Motani 2020; Han, Mao, and Dally 2016). Such methods
pose scalability challenges for billion-scale LLMs due to
constraints on memory and computational resources. There-
fore a retraining-free structured pruning method for LLMs
is very critical.
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Large Language Model Compression

Large Language Models usually consist of billions of pa-
rameters, and their gradient backpropagation and train-
ing stage require large amounts of memory and com-
putational resources. Consequently, many conventional
model compression techniques have become infeasible for
LLMs (Frantar and Alistarh 2023). For instance, knowledge
distillation (Hinton, Vinyals, and Dean 2015), once a prac-
tical approach, now faces implementation challenges due
to high training costs. Existing compression methods for
LLMs mainly include post-training quantization (Dettmers
et al. 2022; Xiao et al. 2023; Frantar et al. 2023; Dettmers
et al. 2023) and post-training pruning (Sun et al. 2023; Fran-
tar and Alistarh 2023). Our method also falls into the cat-
egory of post-training pruning. It utilizes bias compensa-
tion to recover model performance, effectively avoiding the
high computational cost of retraining. Unlike the past post-
training pruning methods, our method is designed for the
features of structured pruning of LLMs.

Properties of LLLMs

Our work is related to the distinct properties of Large Lan-
guage Models (LLMs) that have inspired various model
compression techniques (Sun et al. 2023; Dettmers et al.
2023, 2022). Dettmers et al. (Dettmers et al. 2022) observed
the emergence of channels with abnormally large magni-
tudes in the hidden state features of LLMs once they exceed
a certain parameter scale (e.g., 6B). They suggest that this is
the reason why existing quantization methods fail on LLMs.
In response, they introduced a novel mixed-precision quanti-
zation technique. Contrary to the focus of previous work on
the outlier magnitudes in LLMs, our research pivots towards
investigating the structured stability within the channels of
input features in these models. In our study, we find that cer-
tain channels within the hidden state features demonstrate
consistent structured sample stability. This discovery offers
invaluable insights for crafting structured post-training prun-
ing algorithms, laying the foundation for the method we
present in this paper.

Preliminaries
Layer-Wise Pruning

Given the computational constraints, globally solving the
pruning problem for Large Language Models (LLMs)
is challenging. Layer-wise pruning becomes a practical
solution under these constraints. Following this notion,
SparseGPT (Frantar and Alistarh 2023) demonstrated that
the challenge of unstructured pruning for LLMs can be tack-
led by decomposing it into individual layer-wise subprob-
lems. This principle can be seamlessly extended to struc-
tured pruning within LLMs. The quality of solutions to these
layer-wise subproblems can be evaluated based on the {o-
error. Given an input X* of shape (N, C,,, L) where N and
L represent batch and sequence dimensions respectively, and
a weight W' of shape (Cout, Cin), the £y-error for struc-
tured pruning can be defined as:

argmin ’V/WHWKXZ — (Mf o WHX!||2
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Figure 1: Framework of the proposed FLAP. ®Measure the fluctuation of each channel across different layers and modules
using calibration data; @Standardize these fluctuation measures for a unified search method; @Implement adaptive pruning
ratios for each layer and module, employing bias compensation to restore model performance.

where M? € R~ represents the mask vector correspond-
ing to the input channels, this vector mirrors whether each
input channel is pruned or not. For the self-attention mod-
ules, these input channels are pruned in groups typically

with sizes like group_size=128. The term W denotes the
possibly updated weights for the pruned layer. The notation
|| - ||3 represents the ¢5-error.

Local Pruning Metric Challenges

Regarding Eq. (1), the existing methods can be broadly
categorized into two primary approaches: low-damage and
easy-recoverability. These correspond to the core principles
of OBD (LeCun, Denker, and Solla 1989) and OBS (Has-
sibi, Stork, and Wolff 1993), respectively. To illustrate,
Wanda (Sun et al. 2023) uses a localized low-damage prun-
ing metric to minimize harm to each layer’s output features.
In contrast, SparseGPT (Frantar and Alistarh 2023) employs
an easy-recoverability metric, aiming to identify compo-
nents that other weights can compensate for during prun-
ing. These approaches are insightful but tend to focus on the
importance of individual elements in the weight matrix, ne-
glecting the broader structured context. Such an atomistic
approach is misaligned with structured pruning’s require-
ments, which demand a more global perspective that cap-
tures the collective importance of entire rows or columns in
the matrix.
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Methodology

In this section, we introduce FLAP, our proposed approach
to structured pruning for Large Language Models (LLMs).
FLAP encompasses three key components: Baseline Bias
Compensation, Structured Fluctuation Metric, and Adaptive
Structure Search. The overview of our method is presented
in Figure 1.

Baseline Bias Compensation
In the context of structured pruning, the output of the layers
of the uncompressed model can be decomposed into:

WX = (M o WHX + (1 - M) o WHXE (2

retained removed

The objective of structured pruning is to minimize the im-
pact introduced by AY? = ((1 — M*) © W)X’ in the
overall output feature map, thereby reducing the reconstruc-
tion error for each layer. For structured pruning of LLMs, the
constraints are stronger, so the latter components cannot be
simply removed. Therefore, a compensatory mechanism is
essential to recover the model’s performance while adhering
to the pruning structure.

We add an additional bias term to compensate for the
damage inflicted on the output feature maps by the removed
components. This bias term is designed to mitigate the re-
construction error introduced by the pruning process, al-
lowing the pruned model to maintain high performance. In
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particular we construct the bias term based on the baseline

value, X , which represents the average of the j-th chan-
nel for all samples in layer [. As detailed in the following
section, our empirical findings validate the effectiveness and
feasibility of this compensatory approach. Specifically, the
formulation for the baseline value is as follows:

N L

1
:,j,: Nizz n,j,k

3

Once the mask MY is established, the baseline value for
the pruned channel can be seamlessly translated into the bias
term for the linear layer as follows:

B! = W{((1-M)oX)

4)
WX ~ (Mo WHXE + Bf

where B represents the bias of linear layer, which has a

<t . . . .
shape of (Cyyt, ), and X' is a one-dimensional vector with
dimensions (Cyy, ).

Structured Fluctuation Metric

Motivated by the observations from Figure 2, we note that
certain channels of the hidden state features exhibit a low
variation across different samples. This low fluctuation in-
dicates that if their corresponding input feature channels are
pruned, the resulted change in the output feature map can be
effectively counterbalanced by the baseline value.

Channel Stability Across Samples for Each Token
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Figure 2: Certain channels of hidden state features exhibit
structured sample stability. The left shows a channel with
noticeable variations across samples, indicating low stabil-
ity. The right displays a stable pattern common in many
LLaMa channels.

As illustrated in Eq. (4), the structured easy-recoverability
metric seeks to evaluate the impact on the output feature
map when an input channel is substituted with its baseline
value. A straightforward approach would involve individu-
ally substituting each input channel with its baseline value
for the calibration samples and then computing the ¢5-error
between the output feature maps before and after this re-
placement.

However, such a method poses a significant computa-
tional challenge and is impractical for LLMs. To address
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this, we introduce an approximate metric for structured re-
coverability, which termed the "fluctuation metric”. Specifi-
cally, we compute the sample variance of each input feature
and weight it with the squared norm of the corresponding
column of the weight matrix. Concretely, the score for the
group of weight WZ ; 18 defined by:

N

Z(sz,j,z

n=1

1

<
- X
N -1 :

SZ_ _ ,j;)2

5J

AWEIE )

where |[W?/|[3 denotes the squared norm of j-th column

of the weight matrix. 125 SN (XY . — X{;ﬁ repre-
sents the sample variance of the j-th channel of the input
feature of layer £ under N calibration samples. The denom-
inator here is . This correction is known as the Bessel
correction and is used for unbiased estimation of the overall
variance.

Adaptive Structure Search

The central challenge in layer-wise pruning revolves around
adaptively searching the global compression model struc-
tures. Unifying different layers and modules without distinc-
tion can critically degrade performance. This issue arises be-
cause the magnitudes of the metrics across layers and mod-
ules vary greatly (Shi et al. 2023). Figure 3 demonstrates
this by showing the mean values of the fluctuation metric
for different modules in different layers.

Magnitude differences between layers and modules
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Figure 3: Comparison of the average value of the fluctuation
metric across different layers for different modules.

To ensure a consistent comparison of scores across differ-
ent layers and modules, we standardize the metric distribu-
tions for each layer to a common mean and standard devi-
ation. As defined in Eq. (5), the fluctuation metric captures
the absolute variation in the output feature map when input
features are replaced with their baseline values. In contrast,
the standardized metric reflects the relative variation in the
output feature map resulting from this replacement, making
it suitable for a structured unified search. The standardized
metric, denoted as, is formulated as follows:

gt _ (gt ¢ ¢ € 7127\ 4

S: j (S:,j - E[S,j])/(EHS,J - E[S,]]] ]) (6)
where IE[SE ] represents the expected value (or mean) of the
vector S! . (E[[S’, —E[S ;]]?])% represents the square root

of the variance, which is the standard deviation.
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Experiments
Experimental Settings

We conduct experiments on the LLaMA model fam-
ily (LLaMA-7B/13B/30B/65B) to evaluate the efficacy of
FLAP . Our evaluation focuses on language modeling per-
formance on the WikiText2 (Merity et al. 2016) validation
set and zero-shot performance across seven common sense
benchmarks using the EleutherAl LM Harness (Gao et al.
2021)'. We compare FLAP against two previous pruning
methods: Wanda-sp and LLM-Pruner. We generalize Wanda
to structured pruning and name it as Wanda-sp. Detailed ex-
perimental settings, model descriptions, and evaluation pro-
tocols are provided in the Appendix A.

Method ‘ P;uarggg ‘ LLaMA

7B 13B 30B 65B
Dense 0% 12.62 10.81 9.11 8.21
Wanda-sp 22.12 16.83 11.66 11.76
LLM-Pruner 20% 19.77 16.01 - -
LLM-Pruner* 17.37 15.18 - -
FLAP (Ours) 14.62 13.66 10.86 9.79
Wanda-sp 30% 38.88 22.89 1490 14.64
FLAP (Ours) 17.62 15.65 1249 10.90
Wanda-sp 366.43 160.49 67.46 42.85
LLM-Pruner 50% 112.44 - - -
LLM-Pruner* 38.12 - - -
FLAP (Ours) 31.80 2420 19.36 15.30

Table 1: WikiText2 validation perplexity of pruning methods
for LLaMA model family. * means with LoRA fine-tuning.

Language Modeling

Performance Comparisons. For each of the LLaMA
models, we present results at three distinct pruning ratios,
as detailed in Table 1. Notably, FLAP significantly outper-
forms the other methods, achieving this superiority without
any retraining. As the pruning ratio increases, the perfor-
mance advantage of FLAP becomes more significant. To il-
lustrate, consider the LLaMA-7B model: at a 50% pruning
ratio, the LLM-Pruner exhibits a perplexity of 130.97, which
improves to 39.02 after LoRA fine-tuning. In stark contrast,
FLAP efficiently identifies sparse networks that yield a per-
plexity of 31.80, and remarkably, this is achieved without
any retraining.

Remark. The FLAP method, which requires no retrain-
ing, consistently outperforms the LLM-Pruner, even when
the latter is fine-tuned with LoRA. Eq (4) offers insight into
the potential reason for this superior performance. In FLAP ,
the baseline bias B is effectively treated as a low-rank com-
ponent with a rank of » = 1. Within the pruning framework
of FLAP , bias compensation plays a pivotal role, serving a
function similar to that of LoRA fine-tuning. This compen-
sation helps to effectively recover the model’s performance
after pruning.
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Figure 4: Results among FLAP and other structured pruning
methods at varying pruning ratios on the LLaMA-7B Wiki-

Text2 dataset.
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Different Pruning Ratio. We evaluated the performance
of each structured pruning method at various pruning ra-
tios. As depicted in Figure 4, FLAP demonstrates remark-
able stability in maintaining its performance as the pruning
ratio increases. In contrast, Wanda-sp exhibits a sharp de-
crease in performance as the pruning ratio rises. Meanwhile,
LLM-Pruner requires LoRA fine-tuning to maintain accept-
able performance when the pruning ratio is increased to lev-
els like 50%.

Zero-shot Tasks Performance

We assessed the zero-shot capability of the pruned model
across seven downstream tasks. As illustrated in Table 2, our
method consistently outperforms LLM-Pruner with LoRA
Fine-Tuning, achieving superior performance across vary-
ing pruning ratios, all without the need for retraining. At a
20% pruning ratio, Wanda-sp exhibits remarkable zero-shot
capabilities, even surpassing the performance of the origi-
nal, unpruned model. This suggests the presence of struc-
tured redundancy within LLMs that can be pruned away
without necessitating retraining, thereby potentially enhanc-
ing model efficiency. However, when the pruning ratio is
increased to 50%, the performance of Wanda-sp suffers a
significant degradation. In stark contrast, our method con-
tinues to excel, maintaining a clear advantage over other
approaches. This finding demonstrates the efficacy of our
structured pruning method in preserving the generalization
capabilities of large language models (LLMs), even under
stringent pruning conditions.

Ablation Study

We systematically examine three fundamental components
of the FLAP method: the pruning metric, the global com-
pression structure, and bias compensation. Additionally, we
evaluate the robustness of our pruning approach in relation
to calibration samples.

"https://github.com/Eleuther Al/lm-evaluation-harness
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Method | Pruning Ratio | BoolQ PIQA HellaSwag WinoGrande ARC-e ARC-c OBQA | Average
LLaMA-7B ‘ 0% ‘ 73.18  78.35 72.99 67.01 67.45 41.38 42.40 ‘ 63.25
Wanda-sp 71.25 77.09 72.77 67.09 71.09 42.58 41.60 63.35
LLM-Pruner 20% 5939  75.57 65.34 61.33 59.18 37.18 39.80 56.82
LLM-Pruner (w/ LoRA) 0 69.54 76.44 68.11 65.11 63.43 37.88 40.00 60.07
FLAP (Ours) 69.63 76.82 71.20 68.35 69.91 39.25 39.40 62.08
Wanda-sp 50.58 55.01 29.56 51.78 31.27 23.04 23.60 37.83
LLM-Pruner 50% 52.57 60.45 35.86 49.01 32.83 25.51 34.80 41.58
LLM-Pruner (w/ LoRA) 0 61.47 68.82 47.56 55.09 46.46 28.24 35.20 48.98
FLAP (Ours) 60.21 67.52 52.14 57.54 49.66 29.95 35.60 50.37

Table 2: Zero-shot performance of the compressed LLaMA-7B. Bold results highlight the best performance. Underscored

results denote the second-best performance for each pruning ratio.

Pruning Metric. Both the pruning metric and compressed
model structure are critical factors in the pruning process.
FLAP is specifically designed to address these two dimen-
sions in the structured pruning of Large Language Models
(LLMs). To evaluate their effectiveness, we conducted ex-
periments employing various structured pruning metrics and
global compression structures.

We investigated three structured pruning metrics in this
study: 1) Weighted Input Feature Norm (WIFN), a low-
damage metric assessing the effect of weight columns on the
output feature map; 2) Input Feature Variance (IFV), used to
gauge the variability among input features; and 3) Weighted
Input Feature Variance (WIFV), utilized by FLAP to assist
in determining the potential for recovery of the output fea-
ture map after a column of the weight matrix is removed.

To underscore the importance of global adaptive compres-
sion structure, we defined four configurations: "UL-UM’
(Uniform across Layers and Modules, employed in unstruc-
tured pruning for LLMs like Wanda); "UL-MM’ (Uniform
across Layers, Manual ratio for Modules); ’AL-MM’ (Adap-
tive across Layers, Manual for Modules); and *AL-AM’
(Adaptive across both Layers and Modules), the structure
chosen by FLAP . Results in this section include bias com-
pensation, with bias-compensated ablation experiments de-
tailed later.

In our experiments, we structurally pruned the LLaMA-
7B model with a 50% pruning ratio and evaluated the model
using the perplexity metric on the WikiText2 dataset. The
detailed results are presented in Table 3. Notably, the most
effective pruning model was obtained using the default
configuration of FLAP , achieving a perplexity of 31.80.
The AL-AM global adaptive compression structure consis-
tently outperformed other configurations under all evaluated
pruning metrics, thereby effectively validating our proposed
Adaptive Structure Search strategy. When analyzing the ef-
fectiveness of different global compression structures, we
observed that various metrics present distinct strengths and
weaknesses. Nevertheless, our proposed WIFV structured
pruning metric displayed superior adaptability to the global
compression structure.

Baseline Bias Compensation. In structured pruning of
large language models, restoring model performance af-
ter the pruning process is a crucial aspect. Our approach
uniquely leverages bias compensation as a strategy to re-
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Figure 5: Performance comparison of the model with and
without Bias Compensation at various pruning ratios. The
yellow and orange bars represent the Perplexity of the
model without and with Bias Compensation, respectively.
The green bars show the performance difference between
the two conditions.
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cover the performance of pruned models, circumventing the
need for expensive and time-consuming retraining proce-
dures. Figure 5 vividly illustrates the performance of the
FLAP method on the WikiText2 dataset, comparing the per-
plexity scores with and without bias compensation at vary-
ing pruning ratios for the LLaMA-7B model. Evident from
the figure, bias compensation plays a significant role in mit-
igating the performance degradation associated with prun-
ing. Furthermore, this compensatory effect becomes more
pronounced as the pruning ratio increases, highlighting the
growing importance of bias compensation in more aggres-
sively pruned models.

Robustness to Calibration Samples. Our method utilizes
a calibration dataset to estimate the input variance at each
layer of the language model. This makes it critical to inves-
tigate the impact of the size of this calibration dataset on
the pruning performance. Figure 6 delineates the effects of
varying the number of calibration samples on the pruning
outcome. For this analysis, we set a pruning ratio of 50% for
the LLaMa-7B model and observed the resultant perplex-
ity on the WikiText2 dataset. The results clearly show that
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Pruning Metric

Compressed model structure

UL-UM UL-MM AL-MM AL-AM

WIEN: oot || X5 - (W
14

IFV: Nl—l Z’V]L\rzl(xfb,j,l _X:,j,:)2
N =4
WIFV: oA 3N (XL ;. — X5

st

) [IW

i3

84.79 128.75 34.50 34.09
5541 48.87 35.72 33.33
57.57 38.31 34.82 31.80

Table 3: Ablation on pruning metric and compressed model structure. Bold results denote the best compressed model structure
found for each pruning metric. Underscored results indicate the best pruning metric found for each compressed model structure.

FLAP ’s performance improves as the size of the calibration
dataset increases. In our experiments, we selected a default
setting of 1024 calibration samples. Given that only a sin-
gle forward propagation is required for this calculation, the
computational cost associated with this sample size is mini-
mal. Notably, the entire pruning process for the LLaMa-7B
model is efficiently completed in a span of 3 to 5 minutes on
a single GPU.

LLaMA-7B WikiText2 (p=50%)

450

400 FLAP

350 —¥— Wanda-sp
_@ 300
3 250
g 200

150
100

50

8 16 32 64 128 256
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Figure 6: Robustness to Calibration Samples.

Inference Speed

Unlike unstructured pruning, structured pruning offers the
dual benefit of reducing both the number of parameters and
the inference time, without the need for specialized hard-
ware. This makes structured pruning a more universally ap-
plicable approach. In this section, we empirically compare
the actual parameter counts and inference speeds of differ-
ent pruning methods, with the experiments conducted on
NVIDIA A100 GPUs. The detailed results are presented in
Table 4. Notably, Wanda, employed here as a representative
of unstructured pruning, does not effectively reduce either
the parameter count or the inference speed. In contrast, our
method demonstrates substantial efficiency improvements:
at a 20% pruning ratio, it reduces the number of parame-
ters by 52%, and accelerates the inference speed by 66%.
At a 50% pruning ratio, these improvements are further am-
plified, with reductions in parameter count by 25%, and an
increase in speed by 31%.

Figure 7 compares the throughput of the LLaMA-7B
model with a model pruned by 50% using our method,
across various batch sizes. The comparison clearly shows
that the pruned model benefits more at larger batch sizes, as
it has not yet hit the throughput bottleneck.
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Pruning Params

Method ‘ Ratio Memory Tokens/s
LLaMA-7B | 0% 6.74B 12916.5MiB 25.84
Wanda 20% 6.74B  12916.5MiB 25.67 (=~ 0%)
LLM-Pruner ¢ 542B 10387.2MiB 32.57 (1 26%
FLAP (Ours) 5.07B  9726.2MiB 33.90 (1 31%
Wanda 50% 6.74B 12916.5MiB 25.95 (=~ 0%)
LLM-Pruner ¢ 335B 6547.IMiB 40.95 (1 58%
FLAP (Ours) 3.26B 6268.2MiB 42.88 (1 66%

Table 4: Inference speed and memory footprint comparison.

The impact of batch size on throughout

300 LLaMA-3.5B (FLAP)
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Figure 7: The impact of batch size on throughput. The hard-
ware is the NVIDIA A100-40G.

Conclusion

In this work, we propose FLAP (FLuctuation-based
Adaptive Structured Pruning), a retraining-free structured
pruning framework explicitly designed for Large Language
Models (LLMs). To address the challenges posed by struc-
tured pruning, we introduce a novel structured pruning met-
ric, employ adaptive global model compression strategies,
and implement robust compensation mechanisms designed
to mitigate potential performance losses. Our empirical re-
sults affirm that the structured compression model crafted by
FLAP can maintain perplexity and zero-shot performance
without any retraining. Especially worth noting is the effi-
cacy of FLAP in upholding model performance at both low
and medium compression rates. Our work demonstrates that
bias compensation can largely replace retraining or parame-
ter efficient fine-tuning (PEFT). We hope that our work con-
tributes to a better understanding of structured pruning and
performance recovery of LLMs.
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