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Abstract

Structured pruning for large language models (LLMs) has
garnered significant academic interest due to its ability to ef-
ficiently compress and accelerate LLMs by eliminating re-
dundant weight groups at a coarse-grained granularity. Cur-
rent structured pruning methods for LLMs typically depend
on a singular granularity for assessing weight importance, re-
sulting in notable performance degradation in downstream
tasks. Intriguingly, our empirical investigations reveal that
utilizing unstructured pruning, which achieves better per-
formance retention by pruning weights at a finer granular-
ity, i.e., individual weights, yields significantly varied sparse
LLM structures when juxtaposed to structured pruning. This
suggests that evaluating both holistic and individual assess-
ments for weight importance is essential for LLM pruning.
Building on this insight, we introduce the Hybrid-grained
Weight Importance Assessment (HyWIA), a novel method
that merges fine-grained and coarse-grained evaluations of
weight importance for the pruning of LLMs. Leveraging an
attention mechanism, HyWIA adaptively determines the op-
timal blend of granularity in weight importance assessments
in an end-to-end pruning manner. Extensive experiments on
LLaMA-V1/V2, Vicuna, Baichuan, and Bloom across vari-
ous benchmarks demonstrate the effectiveness of HyWIA in
pruning LLMs. For example, HyWIA surpasses the cutting-
edge LLM-Pruner by an average margin of 2.82% in accuracy
across seven downstream tasks when pruning LLaMA-7B by
50%.

Introduction

Large Language Models (LLMs) have demonstrated unpar-
alleled efficacy in various application domains (Li et al.
2023a; Touvron et al. 2023; Chowdhery et al. 2023). How-
ever, deploying LLLMs at inference time incurs significant
financial and energy costs, mainly due to their large model
scale, which requires extensive computational resources and
GPU memory (Zhao et al. 2023; Shen et al. 2024). In re-
sponse, there has been marked increase in interest in com-
pressing LLMs, which upholds the promise of LLMs while
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Figure 1: Sparsity allocation across different layers of
LLaMA-7B pruned by fine-grained (Xia, Zhong, and Chen
2022) and coarse-grained (Lee et al. 2020) weight impor-
tance criteria (50% global pruning rate). Fine-grained prun-
ing tends to preserve more weight in the shallow layers,
which is in stark contrast to coarse-grained pruning. The ver-
tical axis represents the parameter quantity of each layer in
terms of millions. The horizontal axis represents the layer
number of LLaMA-7B.

substantially reducing their memory requirements and com-
putational costs. Prominent techniques include parameter
quantization (Xiao et al. 2023; Shao et al. 2023), network
pruning (Frantar and Alistarh 2023; Yuan et al. 2021, 2022;
Zhao, Sun et al. 2024), token reduction (Zhan et al. 2024a,b)
and low-rank decomposition (Bach and Jordan 2005), etc.

This paper focuses on pruning LLMs by removing re-
dundant parameters to produce a sparse, lightweight model.
Pruning methods vary in granularity, ranging from fine-
to coarse-grained approaches. Fine-grained pruning eval-
vates the importance of individual weights, as seen in
SparseGPT (Frantar and Alistarh 2023), which uses the
Hessian matrix for layer-wise weight reconstruction, and
Wanda (Sun et al. 2024), which combines weight magnitude
with input activations to assess significance. While effective
in reducing model size with minimal performance loss, fine-
grained pruning creates irregular sparsity patterns, compli-
cating deployment on conventional hardware.

In contrast, coarse-grained (structured) pruning elimi-



nates entire columns, rows, or blocks of weights, leverag-
ing metrics like gradient information (Ma, Fang et al. 2023)
for importance assessment. This approach simplifies deploy-
ment and achieves acceleration but often incurs a greater
performance drop compared to unstructured pruning, even
with fine-tuning (Sun et al. 2024).

Broadly speaking, current LLM structured pruning meth-
ods typically rely solely on a single granularity of weight im-
portance assessment. Interestingly, we empirically observed
that estimating weight importance across different granu-
larities can produce markedly diverse sparse structures in
LLMs. As illustrated in Figure 1, fine-grained estimations
prioritize the weights in the initial layers as most critical,
thereby preserving a greater number of weights, while the
coarse-grained counterparts exhibit the opposite tendency.
Delving deeper, fine-grained estimation (Han et al. 2015;
Frantar and Alistarh 2023) focuses on sustaining and calcu-
lating the contribution of each weight to the network output.
In contrast, coarse-grained estimation (Ma, Fang et al. 2023;
Zhang et al. 2023) predominantly considers the overall effect
along weight groups, which may neglect the extreme values
of individual weight that holds significance, i.e., weight out-
liers (Xiao et al. 2023). Therefore, how to simultaneously
perceive and evaluate the importance of individual weights
and holistic weight groups remains an unresolved challenge
in the field.

To address these bottlenecks, we propose the Hybrid-
grained Weight Importance Assessment (HyWIA), which
adaptively integrates fine-grained and coarse-grained weight
importance estimations. By leveraging the attention mech-
anism (Vaswani et al. 2017), HyWIA automatically gener-
ates hybrid-granularity importance scores. This facilitates
dynamic balancing and weighting of importance scores at
various granularities, thus allowing for a more robust as-
sessment of importance from both individual and collec-
tive weight group perspectives. Comprehensive experiments
on pruning a variety of LLMs including LLaMA (Touvron
et al. 2023), Vicuna (Chiang, Li et al. 2023), Baichuan (Yang
2023), and Bloom (Le Scao et al. 2022), demonstrate the
superiority of HyWIA over many state-of-the-art methods.
For example, HyWIA significantly enhances performance
compared to LLM-pruner (Ma, Fang et al. 2023) and Lo-
RAPruner (Zhang et al. 2023), further improving accuracy
by 2.82% and 2.09% respectively with LLaMA-7B at the
50% pruning rate. The main contribution of this paper can
be summarized as:

* We empirically observed that coarse-grained and fine-
grained pruning generate markedly different sparsity dis-
tributions across LLM layers. This largely indicates that
structured pruning methods overlook the importance as-
sessment of individual weights, thereby explaining their
performance deficit relative to unstructured pruning.

We introduce HyWIA, a novel LLM pruning method
that adaptively merges fine-grained and coarse-grained
metrics to comprehensively assess the importance of
weights. To the best of our knowledge, this is the first in-
stance of proposing a hybrid-granularity assessment for
weight importance in the community.
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» Extensive experiments on pruning representative LLMs
demonstrate the superiority of the proposed HyWIA over
state-of-the-art methods.

Background and Motivation

Model pruning commonly comprises three steps (Le-
Cun, Denker, and Solla 1989; Molchanov et al. 2016; Li
et al. 2023b). Recently, some researchers introduced group-
ing (Ma, Fang et al. 2023; Sun et al. 2024) as the first step,
aiming to group structures within large models. The second
step is the importance estimation step, during which redun-
dant weight groups selected for pruning are identified. The
third step, LoRA fine-tuning (Kwon et al. 2022; Ma, Fang
et al. 2023; Sun et al. 2024), concludes the pruning process,
aiming to quickly restore any performance that may have
been affected by the removal of parameters.

Problem Formulation

The pruning problem is framed as an optimization problem,
where the goal is to find an optimal mask m under a con-
straint.

Given a loss function £(m) that depends on a mask m
(where m determines which parameters are kept or pruned),
the second-order Taylor series expansion around an initial
mask 1 (which typically represents keeping all parameters)
is given by (LeCun, Denker, and Solla 1989; Kwon et al.
2022):

L(m) ~ L(1) 4+ Vul(1) T (m—1) + %(m —1)"TH(m - 1),
(D

where:
» L(1) is the loss at the initial mask.

* VmL(1) is the gradient of the loss with respect to the
mask.

e H is the Hessian matrix (second-order derivative) of the
loss with respect to the mask.

Assuming the model is near a local minimum where the
gradient is small to 0 we ignore the linear term, and as £(1)
is a constant, the optimization objective as follows:

argmin £(m) &~ argmin(1 — m)TH(1 — m).  (2)

m m

Since directly computing the Hessian matrix H is imprac-
tical, it is approximated by the empirical Fisher information
matrix (Kwon et al. 2022) F.
Motivation. In LLMs, the decoders situated in the initial
layers possess distinctive parameters that wield a vital role in
capturing intricate characteristics of the input tokens. Con-
sequently, fine-grained estimation manifests as highly suit-
able for these layers. Conversely, the decoders occupying
the final layers of LLMs prioritize the comprehension of se-
mantics and context. Here, a specific coupled structure as-
sumes a pivotal role in grasping abstract semantics and es-
tablishing long-distance dependency relationships. As a re-
sult, coarse-grained estimation emerges as particularly fit-
ting for these layers. The current LLM method (Frantar and
Alistarh 2023; Ma, Fang et al. 2023; Sun et al. 2024) only
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Figure 2: The framework of our proposed Hybrid-grained Weight Importance Assessment (HyWIA) consists of three stages:
grouping (blue), adaptive estimation (green), and fine-tuning (white). In the grouping stage, we construct the dependency struc-
ture within the LLM. The adaptive estimation stage includes gradient calculation, fine-grained and coarse-grained importance
estimation, adaptive fusion, element sorting, and pruning. Finally, the fine-tuning stage uses LoRA (Hu et al. 2022) to recover

the pruned model’s performance and functionality.

emphasizes general estimation methods such as fine-grained
or coarse-grained, resulting in a limited holistic considera-
tion that fails to integrate the strengths and advantages of
both approaches. Consequently, challenges arise when esti-
mating the importance of each layer.

We prune LLaMA-7B using fine-grained and coarse-
grained estimation methods, each at a 50% pruning rate.
Figure 1 shows that fine-grained pruning retains more pa-
rameters in the initial layers, aiding intricate information
extraction, but fewer in later layers, which hampers global
semantic understanding. In contrast, coarse-grained prun-
ing preserves more parameters in later layers. To address
this, we propose an adaptive algorithm that dynamically
fuses coarse-grained and fine-grained importance estima-
tions for each LLM sub-component, automatically adjusting
their proportions during learning.

The Proposed Method

Figure 2 illustrates our proposed Hybrid-grained Weight Im-
portance Assessment (HyWIA) method, which consists of
three distinct steps: the weight grouping step (blue), hybrid-
grained assessment step (green), and the fine-tuning step
(white).

Highlights. Our solution is grounded in the use of Tay-
lor expansion (LeCun, Denker, and Solla 1989; Molchanov
et al. 2016) to calculate the fine-grained and coarse-grained
gradients derived from the LLM for each input sample.
Subsequently, HyWIA takes these fine-grained and coarse-
grained gradients as inputs and performs adaptive fusion
based on attention mechanism in an efficient training-free
manner. In particular, HyWIA utilizes the attention mech-
anism to dynamically adjust the importance estimation of
fine-grained and coarse-grained metric, such that the model
can focus on the most relevant input features, thereby de-
ciding the most suitable assessment for the importance of
weights. This dynamic adjustment of weights is based on
the input fine-grained and coarse-grained gradients. Conse-
quently, our model can automatically adapt its output results
under diverse input conditions, effectively accommodating
changes in the input data.
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Grouping Step

The first step in pruning involves building groups for LLMs.
Assuming N; and N; are two neurons in the model. The
connection between structures can be defined as:

Wiy,

Connect(N;, N;) = 3)

2 perviny) Hwwep Wuvs
0,

* w;; if there is a direct connection from IV; to N;.

. ZpeP(N“Nj) L4, 0)ep wuv Where P(N;, Nj) is the set
of all paths from N, to N;.
* 0 if there is no path from N; to N;.

This formula calculates the connection between neurons IN;
and N; within the sub-structure, which can be obtained and
located through the defined connection relationships. This
facilitates the estimation of the importance of each connec-
tion structure in LLM in terms of the entirety and the impor-
tance of individual elements within the connection structure.
Consequently, it aids in the pruning of unimportant connec-
tion structures or specific elements within them. The group-
ing algorithm calculates connection importance based on di-
rect connection, presence of path connection, or no connec-
tion.

Hybrid-grained Weight Importance Assessment

Gradient and importance estimation. The impact of each
parameter on the loss function is estimated by gradients, uti-
lizing the Taylor expansion approximation of the loss devi-
ation function. Consequently, we utilize this information to
estimate the coarse-grained importance and the fine-grained
importance.

Coarse-grained formula. At a coarse level, the pruning
mask m can be treated as a binary variable where each el-
ement indicates whether an entire block, layer, or a group
of parameters in the model is kept (1) or pruned (0). The
coarse-grained optimization can be represented as:

arg min E(m) ~ arg min(]l - mcoarse)THcoarse(]]- - mcoarse)v

‘ 4)

Meoarse



Algorithm 1: Attention Fusion Model

Input: fine_grained_grad, coarse_grained_grad
Parameter: d; (dimension of fine-grained gradients), d.
(dimension of coarse-grained gradients), d,,oqe; (dimension
of model)
Qutput: Weight importance score

1: Initialize the linear transformations: W,, Wy, W,,, and
output_layer
Compute Q) = W, (fine_grained_grad)
Compute K = Wy (coarse_grained_grad)
Compute V' = W, (coarse_grained_grad)
Compute attention weights: attention_weights

bAE b

KT
sof tmax(%)
Compute interaction output: interaction_output
attention_weights - V
Compute mean(attention_weights, dim
# Compute mean across attention weights
Reshape « to shape [n, 1]
Compute fused output: fused_output o
fine_grained_grad + (1 — ) - coarse_grained_grad
return fused_output

_ - 1)

10:

where mc,se represents the mask at a coarse level, such as
entire layers or blocks.

Fine-grained formula. At a fine-grained level, the mask
m targets individual neurons, weights, or smaller sub-
components of the model. The fine-grained optimization can
be represented as:

argmin £(m) ~ arg min(1 — Mgpe ) "Hine (1 — Mfine), (5)
Mfine Mfine
where mygp, represents the mask at a finer level, such as indi-
vidual weights or neurons.
Adaptive fusion. We propose a dynamic fusion method that
combines coarse-grained and fine-grained importance esti-
mations via an adaptive learning network. The complexity
of LLMs with multi-layer decoders necessitates both holis-
tic and element-wise assessments, making a single estima-
tion approach insufficient.
Our method adaptively fuses the two criteria through
a network that leverages sample-specific loss calculations.
This fusion balances computational efficiency and model ac-
curacy, expressed as a weighted combination of coarse- and
fine-grained objectives:

L (m)
~ argminm - (]l - mcoarse)choarse(]l - mcoaxse)
=+ (1 - a) : (]l - mﬁne)T]:ﬁne(]]- - mﬁne);

argmlnmadaptive

(6)

where:

* «is a weighting factor that controls the trade-off between
coarse-grained and fine-grained pruning.

* Feoarse and Fiye represent the Hessian’s approximations
Fisher matrix corresponding to the coarse and fine-
grained levels, respectively.
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* Mcoarse and mgpe are the coarse and fine-grained masks,
respectively.

Algorithm design for adaptive fusion

To achieve the objective in Eq.(6), we propose the Attention
Fusion Model, which enables adaptive fusion without tradi-
tional parameter training. Algorithm1 outlines its workflow,
and the key design principles are detailed as follows.
Dynamic mapping of input features. The algorithm uses
three linear transformations, W,, W, and W, to map the
input fine_grained_grad and coarse_grained_grad to a uni-
fied dimension (d_model). Although the parameters of these
linear transformations are not updated or trained after model
initialization, they still function to map different input fea-
tures into the same space. Through these mappings, the
model can flexibly handle inputs of varying dimensions,
thereby adapting to different data characteristics.

Dynamic weight calculation via attention mechanism.
The attention mechanism computes the dot product between
Q@ and K (i.e., attention_scores) to measure the correlation
between different features. Then, these correlations are con-
verted into weights (i.e., attention_weights) using the soft-
max function. These weights are not fixed; they dynamically
change according to different inputs. This means that even
though the weight parameters in the model are not trained or
updated, the weighted output still adapts dynamically based
on the input variations. This dynamic weight allocation is
the core manifestation of adaptiveness.

Flexible fusion of output features. The final interaction
output is obtained by calculating the weighted average of V,
followed by a linear layer to map the output to the desired
shape. This attention-based mechanism adaptively fuses dif-
ferent input features, enabling the model to adjust effectively
to varying inputs.

Adaptive fusion without training. Traditional models ad-
just parameters through training for specific tasks. In con-
trast, the Attention Fusion Model leverages input character-
istics to achieve adaptive fusion via dynamic weight calcula-
tion, independent of training data. By utilizing the gradients
(fine_grained_grad and coarse_grained_grad) from LLMs,
which inherently carry rich contextual and dynamic features,
the model performs adaptive processing through attention
mechanisms.

Each sample is inputted into the LLM to generate gra-
dients, which are connected to the second-order Taylor
expansion of the loss function around current weights.
Fine-grained estimation accumulates gradients over multiple
samples, yielding detailed and accurate parameter impor-
tance. In contrast, coarse-grained estimation captures first-
order Taylor series information by processing multiple sam-
ples simultaneously, providing a direct assessment of each
parameter’s impact on the loss.

Figure. 2 illustrates the framework for algorithm imple-
mentation, showcasing the interconnection between various
modules, and showing the interconnections among differ-
ent modules. Element-wise multiplication is an operation in
which two matrices or tensors of the same dimensions are
multiplied together, element by element.
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Figure 3: On the left, the adaptive fusion rate is shown, where Out DG 1 i:0 (idx:4096) indicates the output channel (Out),
direct connection group 1 (DG 1), the Oth sub-group (i:0), and 4096 parameters (idx:4096). For clarity, only the fusion rates of
the first six parameters in the first three groups are displayed. On the right, adaptive pruning is compared with fine-grained and

coarse-grained methods.

Pruning. Based on the estimation results, the model param-
eters are sorted according to their respective importance.
Subsequently, pruning is performed by removing the impor-
tance of these less significant parameters.

Fine-tuning Step

To accelerate the model recovery process and enhance ef-
ficiency with constrained data, the low-rank approximation
(LoRA) (Hu et al. 2022) is used to post-train the pruned
model. For a pre-trained weight matrix mo € R"**. The
update of my is constrained by expressing it through a low-
rank decomposition mg+Am = mo+IJ3, where I' € R¥*",
B € R™**, Throughout training, m, remains fixed and does
not receive gradient updates, while I" and 3 contain trainable
parameters. The forward pass is given by:

R(z) = moz + Amaz = (mg +I'B)x. ™

Experiments
Experimental Setup

Our experiment is implemented in PyTorch 2.1.2 (Paszke,
Gross et al. 2019), CUDA 11.6 and HuggingFace
4.29.1 (Wolfetal. 2019), LLaMA-7B-V1/V2, 13B (Touvron
et al. 2023), Vicuna-7B (Chiang, Li et al. 2023), BLOOM-
7b1 (Le Scao et al. 2022), Baichuan-7B (Yang 2023), etc.
All pruning experiments are performed on a single NVIDIA
A6000 GPU with 48GB of memory.

The model was evaluated on a variety of datasets, including
BoolQ (Clark, Lee et al. 2019), PIQA (Bisk, Zellers et al.
2020), HellaSwag (Zellers et al. 2019), WinoGrande (Sak-
aguchi et al. 2019), ARC-Easy and ARC-Challenge (Clark
et al. 2018), as well as WikiText2 (Merity et al. 2016) and
PTB (Marcus, Santorini, and Marcinkiewicz 1993), using
the EleutherAl LM Harness (Gao et al. 2021)*. We utilize
Parameter-Efficient Fine-Tuning (PEFT) (Mangrulkar et al.
2022) with fp16 precision for fine-tuning pruned LLMs gen-
erated via the adaptive fusion method. The dataset, sourced

“https://github.com/EleutherAl/lm-evaluation-harness

18883

from yahma/alpaca-cleaned, is fine-tuned using the Adam
optimizer (learning rate: 1 x 10~%) with LoRA hyperparam-
eters: rank=8, =16, and a batch size of 64.

Main Results

We selected LLaMA-7B as a representative case for anal-
ysis. In the scenario with a pruning rate of 20% and 50%,
Table 1 presents the comparison results between our method
and other methods. In terms of average accuracy, our results
stand out as the highest among all methods. Our PPL met-
ric for WikiText2 is the lowest among all methods in the
50% pruning rate. We also applied our method to Vicuna-
7B, Baichuan-7B, Bloom-7B, and LLaMA-7B-V?2 yielded
identical conclusions.

Using the adaptive pruning algorithm, each LLaMA-7B
parameter is assigned a fusion ratio for fine- and coarse-
grained estimation. Figure 3 (left) visualizes the fusion ratios
for the first three groups and their initial six sub-group pa-
rameters. In the figure, “out” and “in” denote Linear output
and input channels, “DG” represents the connection group,
“1” is the i-th sub-group, and “idx” the parameter count. The
fusion ratios within the same channel show minimal differ-
ences, while across different dependency groups, they range
from 0.4 to 0.6, indicating varying group importance during
estimation.

After determining the ratio, our algorithm dynamically
integrates coarse- and fine-grained estimations to generate
a comprehensive pruning metric. The right side of the fig-
ure illustrates the parameter distribution in layers 5-29 of
LLAMA-7B, comparing our adaptive method with fine- and
coarse-grained approaches. Results indicate that adaptive
pruning balances the significance of both early and later lay-
ers, achieving more uniform pruning and optimal outcomes.

Ablation Study

We conducted ablation experiments to analyze the impact of
varying sample sizes and pruning rates, systematically as-
sessing performance and the robustness of our approach.

Sample numbers. We experiment with sample numbers



Ratio | Method WikiT2] PTBJ] |BoolQ PIQA HellaS WinoG ARC-e ARC-¢c OBQA | Avet
0% LLaMA-7B (Touvron et al. 2023) - - 76.5 79.8 76.1 70.1 72.8 47.6 57.2 |68.59
LLaMA-7B* (Ma, Fang et al. 2023) 12.62  22.14 | 73.18 7835 7299 67.01 6745 41.38 4240 |63.25
Magnitude (Zhang et al. 2023) 21.78  38.64 | 61.89 70.81 5834 56.87 54.87 34.02 38.40 |53.59
SparseGPT * (Dettmers et al. 2023b) - - 71.13 7524 51.58 67.56 68.98 36.09 30.80 |57.34
WANDA™ (Sun et al. 2024) 18.43  33.16 | 65.75 7470 64.52 5935 60.65 3626 39.40 |57.23
Element? (Ma, Fang et al. 2023) 4570  69.33 | 61.47 68.82 47.56 55.09 4646 2824 35.20 |48.98

20% |LoRAPrune (Zhang et al. 2023) 16.80  28.75 | 65.62 79.31 70.00 62.76 65.87 37.69 39.14 |60.05
Compresso (Guo et al. 2023) - - 79.08 7546 5344 678 68.64 3797 34.20 |59.51
FLAP (An et al. 2024) 14.62 - 69.63 76.82 71.20 6835 6991 39.25 39.40 |62.08

SLEB (Song, Oh et al. 2024) 18.50  31.60 | 65.00 75.00 65.70 5790 67.06 36.60 35.80 |57.60

Ours 1642 31.16 | 68.53 77.8 70.58 6749 70.24 4044 42.00 |62.44
Magnitude (Zhang et al. 2023) 7880 164.32| 47.40 54.36 3349 53.10 37.88 26.60 30.12 |40.42
SparseGPT * (Dettmers et al. 2023b) - - 64.52 699 4329 6495 61.86 3037 23.80 |51.24
WANDA™ (Sun et al. 2024) 4389 85.87 | 5090 57.38 38.12 5598 42.68 3420 38.78 |45.43
Element® (Ma, Fang et al. 2023) 4570 6933 | 61.47 68.82 47.56 55.09 46.46 2824 3520 |48.98

50% | Vector (Ma, Fang et al. 2023) 43.47 6851 | 62.11 64.96 40.52 51.54 46.38 28.33 3240 |46.61
LoRAPrune-8bit (Zhang et al. 2023) | 33.68  53.24 | 61.43 70.88 47.65 55.12 45.78 30.50 35.62 |49.56
LoRAPrune (Zhang et al. 2023) 30.12 50.30 | 61.88 71.53 47.86 55.01 45.13 31.62 3498 |49.71
FLAP (An et al. 2024) 31.80 - 60.21 67.52 52.14 57.54 49.66 2995 35.60 |50.37

Ours 29.35 44.38 | 60.55 72.36 55.25 55.09 50.84 3148 37.00 |51.80

Table 1: Zero-shot performance of the compressed LLaMA-7B models. The average is calculated among seven classification

datasets. Bold denotes the best performance. * denotes the results obtained by reproduction.

Ratio | Method WikiT2] PTB| |BoolQ PIQA HellaS WinoG ARC-e ARC-c OBQA | Ave?
0% LLaMA-13B (Touvron et al. 2023) - - 78.1  80.1 79.2  73.0 748 527 56.4 [70.61

LLaMA-13B (Ma, Fang et al. 2023) | 11.58 20.24 | 68.47 78.89 76.24 70.09 74.58 44.54 42.00 |64.97

L2 (Ma, Fang et al. 2023) 20.97 38.05| 73.25 76.77 T71.86 64.64 67.59 3993 40.80 [62.12

20% Block (Ma, Fang et al. 2023) 15.18 28.08 | 70.31 7791 75.16 67.88 71.09 4241 43.40 |64.02
FLAP (An et al. 2024) 13.66 - 7212 7759 76.01 69.24 7259 4256 43.53 |64.52

Ours 13.53 27.55| 72.24 78.89 75.63 6756 7349 44.11 42.40 |64.90

Table 2: Zero-shot performance of the compressed LLaMA-13B at 20% pruning rate.

10, 20, 30, 40, and 50 to provide input to the model and
compare the impact on accuracy. We investigate whether
the sample numbers affect various aspects of training and
model performance. From Table 3 , the first row of each
section represents the experimental results for LLM-Pruner
Element? (Ma, Fang et al. 2023), while the second row dis-
plays our experimental results. It is evident that the average
accuracy exhibits an increasing trend with the number of ex-
ample prompts. Concurrently, the perplexity (PPL) of Wiki-
Text2 and PTB decreases with increasing sample number.
Our model consistently demonstrates higher accuracy com-
pared to LLM-Pruner methods.

Pruning ratio. The choice of pruning rate directly affects
the pruning effect and performance of the model. In our
experiments, we tried pruning rates of 5%, 10%, 20%,
and 50% to compare the accuracy of the models, studying
whether different pruning rates impact the model perfor-
mance. In Table 4 , results are categorized into four sections
based on pruning rates of 5%, 10%, 15%, and 20%. The
first row in each section shows the experimental outcomes
for LLM-Pruner Element?®, while the second row displays
our results. Overall, our experimental results outperform the
LLM-Pruner method.

Adaptive Fusion Estimation. In Table 5, we maintained a
fixed fusion rate of 0.5 throughout the experiment. Com-

18884

pared to the adaptive fusion method, which dynamically ad-
justs fusion rates, the fixed method showed an average accu-
racy about 1.4% lower. This demonstrates the superiority of
adaptive fusion in enhancing performance.

Related Work

Pruning for LLMs. Various pruning techniques (Li, Zhao
et al. 2022; Yang et al. 2023; Wu et al. 2022; Kong et al.
2022; Zhang et al. 2022; Shen et al. 2024) have been
developed to reduce the model size and inference cost.
PtPF (Kwon et al. 2022) proposes a fast post-training prun-
ing framework for Transformers, eliminating the need for
retraining FGIP (Lee et al. 2020) employs group-level prun-
ing to accelerate deep neural networks. CoFi (Xia, Zhong,
and Chen 2022) prunes both coarse-grained and fine-grained
modules by using masks of varying granularity to con-
trol the pruning of each parameter. LoRAPrune (Zhang
et al. 2023) designed a LoRA-guided pruning criterion,
which uses the weights and gradients of LoRA. FLAP (An
et al. 2024) developed structured importance indicators, and
the adaptive search globally compresses the model. COM-
PRESSO (Guo et al. 2023) use a collaborative prompt to
enhance the synergy between the LLM and the pruning al-
gorithm. PAP (Zhang, Bai et al. 2024) use a pruning met-
ric to combine weight and activation information in LLM.



Number | WikiText2| PTB| |BoolQ PIQA HellaSwag WinoGrande ARC-e ARC-¢ OBQA | Average?
10 17.30 30.74 | 65.14 76.01 67.89 61.4 5143 3823 40.6 57.24
17.38 31.16 | 67.83 77.15 69.81 65.04 6444 3874 414 60.63
20 17.28 3141 63.39 76.28 68.84 66.54 5198 3754 412 57.96
17.89 33.83 | 69.14 77.64 69.70 63.46 64.44 40.10 40.80 60.75
30 17.25 3141 63.49 76.12 69.04 66.14 5236 37.80 41.20 58.02
17.22 30.93 | 67.55 77.08 70.15 65.02 66.41 40.27 41.60 61.15
40 17.17 30.68 | 67.13 77.80 70.02 62.27 54.55 40.27 40.80 58.97
17.15 30.66 | 68.53 77.53 70.30 64.96 68.86 40.10 41.80 61.73
50 17.16 30.11 | 64.62 77.20 68.80 63.14 64.31 36.77 39.80 59.23
16.42 31.06 | 68.53 77.8 70.58 67.49 70.24 40.44 42.00 62.44

Table 3: Sample numbers for LLaMA-7B at 20% pruning rate. The first row in each section shows results for LLM-Pruner

Element? (Ma, Fang et al. 2023).

Ratio | WikiText2| PTB| [BoolQ PIQA HellaSwag WinoGrande ARC-e ARC-¢ OBQA |Average{
50, 13.01 23.02 | 70.98 77.78 72.53 66.61 69.48 42.06 42.60 63.14
12.91 22.96 | 70.60 77.35 72.54 67.01 70.54  42.15 42.20 63.20
10% 14.02 24.99 | 70.76 77.62 71.87 66.14 69.73 42.15 41.80 62.86
14.02 24.99 | 70.54 78.02 72.12 66.43 70.45 42.52  42.20 63.18
20% 17.16 30.11 | 64.62 77.20 68.80 63.14 64.31 36.77 39.80 59.23
16.42 31.16 | 68.53 77.80 70.58 67.49 70.24 40.44 42.00 62.44
50% 45.70 69.33 | 61.47 68.82 47.56 55.09 46.46 28.24 35.20 48.98
29.35 44.38 | 60.55 72.36 55.25 55.09 50.84 3148 37.00 51.80

Table 4: Prune ratio for LLaMA-7B with 50 samples. The first row in each section shows results for LLM-Pruner Element® (Ma,

Fang et al. 2023).

Ratio | Method

WikiText2| PTBJ [BoolQ PIQA HellaSwag WinoGrande ARC-e ARC-c OBQA | Averaget

30.13
29.35

45.10
44.38

60.42 69.48

No Adaptive
30% 60.55 72.36

Adaptive

53.76
55.25

53.04
55.09

50.93 29.27 36.10
50.84 31.48 37.00

50.42
51.80

Table 5: Adaptive estimation for LLaMA-7B with a pruning rate=50%.

SLEB (Song, Oh et al. 2024) leverages calibration data to es-
timate the redundancy of transformer blocks and uses a met-
ric to identify and remove it. LLaMA shortened (Kim, Kim
et al. 2024) by depth pruning that excludes several trans-
former blocks, producing speedups. CompactPKD (Mu-
ralidharan et al. 2024) integrates depth, width, attention, and
MLP pruning with knowledge-distillation retraining. Bon-
sai (Dery et al. 2024) introduces a gradient-free perturbative
pruning method, yielding compact and efficient models.

Efficient learning for LLMs. The goal of efficient learn-
ing (Zhan et al. 2021; Zhan, Wu et al. 2024; Liu et al.
2024a,b, 2021, 2022, 2023a,b; Li, Kong et al. 2020) is to
achieve better results with fewer resources. SpOR (Dettmers
et al. 2023b) employed a method involving the identifica-
tion and isolation of outlier weights. LLM-FP4 (yang Liu,
Liu et al. 2023) suggests FP4 as a post-training method
to quantify weights and activations in large language mod-
els (LLM) up to floating point values of 4 bits. QLORA
(Dettmers et al. 2023a) introduces methods to save mem-
ory, which is information-theoretically optimal for normally
distributed weights. Less (Liang et al. 2023) proposes Task-
aware layer-wise distillation (TED) as a solution to reduc-
ing the knowledge gap between teacher and student models.
MiniLLM (Gu et al. 2023) put forth a knowledge distillation
approach aimed at condensing LLMs into more compact
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language models. LoRD (Kaushal, Vaidhya, and Rish 2023)
utilizes Low Rank Decomposition (LoRD) to ensure that
the compressed model remains compatible with the cutting-
edge near-lossless quantization method. LoRAShear (Chen
et al. 2023) initially constructs dependency graphs for LoRA
modules to identify minimal removal structures and analyze
knowledge distribution. AdaPTwin (Biju et al. 2024) com-
presses pairs of weight matrices that are dependent on prod-
ucts within the transformer attention layer simultaneously.

Conclusion

In this paper, we observe that coarse-grained and fine-
grained pruning generate different sparsity distributions
across LLM layers. We suggest that evaluating both holistic
and individual assessments of weight importance is essential
for LLM pruning. We introduce Hybrid-grained Weight Im-
portance Assessment (HyWIA), a novel method that merges
fine-grained and coarse-grained evaluations of weight im-
portance for pruning LLMs. Leveraging an attention mecha-
nism, HyWIA adaptively determines the optimal blend of
granularity in weight importance assessments in an end-
to-end pruning manner. Experiments on LLaMA-V1/V2,
Vicuna, Baichuan, and Bloom across various benchmarks
demonstrate HyWIA’s effectiveness in pruning LLMs.
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