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ABSTRACT

Despite exceptional capabilities, Large Language Models (LLMs) still face de-
ployment challenges due to their enormous size. Post-training structured prun-
ing is a promising solution that prunes LLMs without the need for retraining,
reducing computational overhead, and it is hardware-deployment friendly. How-
ever, the training-free nature of post-training structured pruning leads to signif-
icant performance degradation. We argue that the key to mitigating this issue
lies in accurately determining the pruning rate for each layer. Meanwhile, we
find that LLMs may have prior knowledge about their own redundancy. Based
on this insight, we introduce Self-Pruner an end-to-end automatic self-pruning
framework for LLMs, which efficiently search layer-wise pruning rates. Specif-
ically, Self-Pruner leverages LLMs to autonomously execute the entire evolu-
tionary search process to search for pruning rate configurations. In this process,
LLMs are used to generate populations, select parent solutions from the current
population, and perform crossover and mutation operations to produce offspring
solutions. In this way, LLMs automatically generate and evaluate a large num-
ber of candidate solutions, effectively converging to find the pruning rate config-
urations with minimal human intervention. Extensive experiments demonstrate
Self-Pruner’s better performance compared to existing state-of-the-art methods.
Notably, Self-Pruner prunes LLaMA-2-70B to 49B level with only 0.80% drop in
accuracy across seven commonsense reasoning tasks, achieving a 1.39x speedup
on NVIDIA A100 80GB GPU. Further pruning to 35B level resulted in only a
3.80% decrease in accuracy while obtaining a 1.70x speedup. Code is available
in the supplementary material.

1 INTRODUCTION

In recent years, with the rapid advancement of Large Language Models (LLMs) (Zhang et al., 2022
Touvron et al.| [2023ab), these models have achieved remarkable performance in language under-
standing and generation (Brown et al.| 2020; |Wei et al.l 2022; Lewis et al., [2020). However, the
dramatic increase in the number of parameters has led to significant rises in computational resource
consumption and deployment costs (Zhu et al.,[2023). To maintain model performance while miti-
gating computational complexity, various model compression techniques such as pruning (Frantar &
Alistarh, [2023; Sun et al.l 2023} |Ashkboos et al.,[2024; Dong et al., 2024)), quantization (Egiazarian
et al., 2024} [Xiao et al., 2023; Huang et al., 2024} [Shao et al., [2024)), and knowledge distillation
(Agarwal et al., 2024} |Gu et al., [2024; |[Ko et al., [2024} Wan et al.| 2024) have emerged. Among
these, structured pruning (Ma et al.,|2023; [Li et al.| 2024} |An et al.l |2024) stands out as it not only
significantly reduces computational overhead and memory usage but also enhances inference speed
on various hardware platforms. This dual benefit of efficiency and accelerated inference has paved
the way for more widespread practical applications of LLMs (Ma et al., 2023} [Muralidharan et al.,
2024b).

Traditional structured pruning methods often involve retraining the model, including but not limited
to training from random initialization (Wang et al.| |2020), fine-tuning the pruned model (Hou et al.,
2020), or performing iterative pruning (Zhu & Gupta, 2017; Molchanov et al., [2019). However,
the inherent complexity of LLMs and their substantial demands for computational resources and
data make these traditional retraining-required structured pruning strategies difficult to implement
in practice (Xia et al. 2023} |[Muralidharan et al., 2024a)). As a result, post-training pruning has
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Figure 1: An overview of Self-Pruner. Self-Pruner first instructs LLMs with prompts to generate
layer-wise pruning rates as the initial population. Next, Self-Pruner uses these layer-wise pruning
rates to prune the model, evaluating the pruned model to obtain each individual’s fitness. Then, Self-
Pruner instructs LLMs to select parent individuals for crossover and mutation, generating offspring.
This process is repeated for N evolutionary iterations to obtain the final pruned model.

emerged as an increasingly important alternative. This approach is particularly advantageous when
pruning LLMs due to its minimal resource requirements (Zhang et al., 2023b; |Dong et al., 2024)).

However, it is precisely due to the training-free nature of post-training pruning that leads to a severe
decrease in the accuracy, especially in structured pruning. We observe that this is largely caused by
the inaccurate setting of layer-wise pruning rate. A straightforward way to set the layer-wise pruning
rate is to apply a uniform pruning rate to each layer (Sun et al.| [2023; |[Frantar & Alistarhl [2023).
For instance, LLM-Pruner (Ma et al.l [2023) applies the same pruning rate to all the pruned layers.
However, this approach is suboptimal, as the contribution of each layer to the final accuracy varies
significantly, applying a uniform pruning rate across all layers risks removing important weights
(Cheng et al.|[2024; |Yang et al.,2023). OWL (Yin et al.,[2023) has already recognized this issue and
adopted a heuristic metric to set the pruning rate of LLMs inversely proportional to the observed
ratio of abnormal activations within each layer, thereby achieving non-uniform pruning of LLMs.
However, the OWL method relies on manually designed importance metrics, requiring human expert
involvement and tedious iterative experimentation. Additionally, it demands meticulous tuning of
hyperparameters to achieve best performance, making it inefficient.

In this paper, we propose an end-to-end automatic LLMs pruning framework named Self-Pruner,
which efficiently searches for layer-wise pruning rates, significantly enhancing the quality of post-
training pruning for LLMs. Self-Pruner is a framework that uses evolutionary algorithm (Holland,
1992; Bick et al., |1997) to search for layer-wise pruning rates. Evolutionary algorithms have been
used to automate pruning of CNNs (Liu et al., 2019} [Salehinejad & Valaeel [2021) and Transformers
(L1 et al.l 2022} [Liu et al.l 2024b). However, the above algorithm requires numerous iterations to
converge to the final solution, which is impractical for LLMs with billions of parameters, as evalu-
ating the performance of pruned LLMs is highly time-consuming (Chang et al.,|2024). Meanwhile,
the success of evolutionary algorithms for automate pruning depends largely on the design of the
algorithm. For different pruning networks and compression constraints, specialized genetic opera-
tors (such as crossover and mutation) need to be customized (Liu et al.| 2019 |Shang et al., [2022).
Designing these evolutionary algorithms manually is often time-consuming and requires extensive
experience and knowledge (Liu et al., [2024c} [Lange et al.| 2024).

To accelerate the convergence of the evolutionary search and achieve automation in algorithm de-
sign, we chose to have the LLM execute the entire evolutionary algorithm process itself. The insight
behind this approach is that we found LLMs may possess prior knowledge about their own redun-
dancy (Dong et al., 2022} |Zhang et al., 2023a; Zheng et al.,|2023). We can take advantage of this by
having LLMs generate and evaluate feasible solutions. Therefore, Self-Pruner uses LLMs to gen-
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erate the initial population, constructs a prompt to guide LLMs to select parent solutions from the
current population and perform crossover and mutation to generate offspring solutions. These new
solutions are then evaluated and added to the population for the next round by LLMs. In this way,
LLMs can automatically generate and evaluate a large number of candidate solutions, quickly con-
verging to find the superior pruning rate configurations with minimal human intervention. Notably,
we achieved self-pruning of LLMs through evolutionary search process, marking an important step
towards the fully automated compression of LLMs.

Extensive experiments on language modeling and zero-shot tasks demonstrate that Self-Pruner
achieves better performance compared to existing post-training pruning methods. Using the Self-
Pruner method to prune the LLaMA-2-70B (Touvron et al.||2023b) model, we obtained a 49B model
that achieved only 0.80% drop in average zero-shot accuracy across seven commonsense reasoning
tasks as LLaMA-2-70B with a 1.39x increase in inference speed on GPU. Further pruning resulted
in a 35B model shows only a 3.80% decrease in accuracy compared to LLaMA-2-70B while achiev-
ing a 1.70x increase in inference speed. Both results represent state-of-the-art performance in ex-
isting post-training structured LLMs pruning. The main contributions of this paper are summarized
as follows:

* We propose a novel end-to-end automatic pruning framework that utilizes LLMs to efficiently
search for layer-wise pruning rate without human intervention, marking significant step toward
fully automated LLMs compression.

* We propose a novel method which leverages LLMs to execute the entire evolutionary search
process, including population generation, selection, crossover, and mutation, enabling the self-
pruning of LLMs.

* Extensive experiments show that Self-Pruner outperforms existing post-training pruning methods,
achieving competitive accuracy, while significantly reducing model size.

2 RELATED WORK

Post-training Structured Pruning of LLMs. Structured pruning (Ma et al. [2023) offers advan-
tages such as hardware-friendly sparsity patterns and reduced memory footprint. Traditionally,
structured pruning methods required retraining the model, which was effective for smaller net-
works (Molchanov et al.l 2016; Hou et al.l 2020). However, when it comes to LLMs, retraining
becomes impractical due to the enormous computational resources and time required (Xia et al.|
2023; Muralidharan et al.l 2024a)). This challenge has led to the development of post-training prun-
ing techniques specifically tailored for LLMs. Post-training pruning aims to reduce model size and
inference time without the need for extensive retraining (Ma et al.| 2023} |Sun et al.| 2023)). How-
ever, existing post-training structured pruning techniques can lead to a sharp drop in the accuracy
of LLMs (Ma et al.| 2023} |An et al., [2024). In this work, we found that the layer-wise pruning
rate configuration has a significant impact on the accuracy of post-training structured pruning for
LLMs. Through carefully searched layer-wise pruning rates, we can greatly improve the accuracy
of existing post-training structured pruning LLMs.

LLMs for Optimization. In recent years, the capabilities of LLMs have significantly improved
(Naveed et al.,|2023). People can now use LLMs to help solve a wide range of problems, including
optimization tasks. For example, LLMs have been employed in heuristic algorithm design (Liu et al.,
2024a; Romera-Paredes et al.l 2024)), prompt optimization (Yang et al., 2024)), solving black-box
optimization problems (Liu et al.l [2024d; Song et al., [2024)), and neural architecture search (Zheng
et al.| [2023; |Chen et al.| [2024). LLMs have demonstrated powerful understanding and reasoning
capabilities (Brown et al.| |2020; |Wei et al.|[2022) in the aforementioned optimization domains. Nat-
urally, this leads us to consider whether LLMs can be used to optimize the model pruning problem,
specifically by having LLMs design an excellent pruning model. Due to the extensive training of
LLMs on massive amounts of data, they encompass a wide range of domain knowledge, enabling
them to integrate knowledge from multiple related fields (Madani et al., 2023} |Hong et al.| [2023))
and thereby propose more comprehensive and effective pruning strategies.

LLMs meet Evolutionary Algorithms. Evolutionary algorithms are a class of optimization al-
gorithms that simulate biological evolutionary processes, solving complex optimization problems
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by mimicking mechanisms such as natural selection, inheritance, and mutation (Eiben et al., 2015}
Bartz-Beielstein et al., [2014). The integration of evolutionary computation into prompt engineer-
ing for LLMs has shown great potential in improving performance across multiple domains. For
example, it has been applied to code generation (Liventsev et al.| 2023} [Lehman et al.| [2023), text
generation (Guo et al.l 2023; [ Xu et al.l [2023), and heuristic algorithm design (Liu et al.l [2024a;
Romera-Paredes et al., 2024). The success in these areas have inspired our idea to apply the com-
bination of evolutionary algorithms and LLMs to automated model pruning. By allowing LLMs
to perform the evolutionary search process, we anticipate gradually optimizing pruning strategies
through iterations, thereby effectively enhancing the accuracy of existing pruning methods. This
approach not only fully utilizes the powerful reasoning capabilities of LLMs (Huang & Chang|
2022)) but also leverages the advantage of evolutionary algorithms in finding solution within com-
plex search spaces (Whitleyl 2001), providing a novel perspective for addressing the challenging
problem of model pruning.

3 METHODOLOGY

3.1 PRELIMINARIES

In post-training pruning of LLMs, a certain proportion of pre-trained weights needs to be removed
to obtain the pruned LLMs. Since the redundancy varies across different layers of the LLMs, the
number of parameters removed from each layer has a significant impact on the accuracy of the
pruned LLMs (Yin et al., 2023} |Xu et al., [2024)). Given a pre-trained LLM with n layers, we define
the layer-wise pruning rates as p = (p1, p2, .., Pn), where 0 < p; < 1 represents the pruning rate
of the ¢-th layer, i.e., the ratio of the remaining parameters after pruning to the original number of
parameters in that layer. Our goal is to find the layer-wise pruning rates p* such that the pruned
LLM achieves the best accuracy on the test set, while ensuring that satisfies the constraint on the
average pruning rate, i.e., % >, pi = B, where j is the given average pruning rate. This problem
can be formulated as an optimization problem as bellow:

(p1, p2,---pn)* = arg max acc(LLM(p1, p2, ...pn))
P1,P2,---Pn

1 n
1=

where LLM(-) denotes the pruned LLM with layer-wise pruning rate (p1, p2, ...pr ), and acc(-) refers
to the accuracy of the pruned LLM on the test set. Since this optimization problem is generally
intractable, we employ evolutionary algorithm to search for p*. Although evolutionary algorithm
have been successfully applied to optimize pruning rates in CNNs (Liu et al., 2019} Lin et al.; 2020
Shang et al., 2022) or Transformers (Li et al.,2022; |Liu et al., 2024b)), we improve the search process
of the evolutionary algorithm by leveraging LLMs.

(D

3.2 SELF-PRUNER ALGORITHM

The Self-Pruner algorithm framework is illustrated in Figure|l{and detailed in Algorithm (I} Overall,
Self-Pruner uses LLMs to generate the initial population and employs model perplexity as the fitness
metric for individuals. LLMs then select parents for mutation and crossover to generate offspring.
This process is repeated for N iterations to obtain the final pruning rate configuration and model
fitness. The Self-Pruner algorithm consists of several stages, which we describe below:

Population initialization. Self-Pruner utilizes LLMs to generate the initial population for evolu-
tionary search, a process assisted by carefully constructed prompts. The prompt is shown in Figure
[2l Specifically, the prompt consists of two parts:

. this part describes the problem that LLMs are in-
structed to solve, namely to assist in model pruning by outputting layer-wise pruning rate config-
urations.

. this section specifies some fundamental attributes that the new solutions
generated by LLMs should adhere to.
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Let’s think step by step! You are helping me prune the {model}, aiming to minimize perplexity
on the WikiText-2 dataset. The model has {number of model layers} transformer layers. Layer-
wise pruning rate measures how many parameters are pruned from each layer of the model.
Different layers may have different pruning rates based on their importance and contribution to
the performance of model. You need to generate {population size} valid layer-wise pruning rate
configurations. Each configuration should:

- Contain {number of model layers} decimals between 0 and 1, accurate to 5 decimal places.

- Ensure the average of these numbers equals {pruning ratio}.

- Be distinct, starting with [ and ending with ”’]”.

Your response should only contain the {population size} configurations without any additional
text.

Note: {} is used to indicate placeholders.

Figure 2: Prompt for population initialization.

Leveraging the prior knowledge that LLMs inherently possess about model architecture can generate
a high-quality initial population. Compared to random initialization, this method accelerates the
search by providing high-quality initial solutions.

Select Individuals based on Fitness. After generating the layer-wise pruning rate configuration,
we determine the number of parameters to prune for each layer based on the layer-wise pruning rate
and use the Wanda-sp (An et al, |2024) metric to identify which neurons within the layer should be
pruned. Additionally, we evaluate the pruned LLM on the WikiText-2 (Merity et al., 2016)) dataset
to obtain the perplexity of the pruned LLM, which serves as the fitness metric. In this context, a
lower perplexity score indicates higher fitness. We select individuals based on their fitness.

Let’s think step by step! You will receive {population size} lists representing the layer-wise
pruning rates of the {model} and a fitness value for each list. The lower the fitness value, the
better. Your task is to perform the mutation/crossover operation in the evolutionary algorithm to
generate new configurations. Each new pruning rate configuration list should:

- Contain {number of model layers} decimals between 0 and 1, accurate to 5 decimal places.

- Ensure the average of these numbers equals {pruning ratio}.

- Be distinct, starting with ”’[”” and ending with ”]”.

Please provide exactly {number of mutation/crossover} new configurations based on the existing
data provided below without any additional text.

### Current Population and Fitnesses ###

Here are the existing layer-wise pruning rate configurations and their fitness values:
Configuration]: {layer-wise pruning rate}, Fitness1: {fitness}

Configuration2: {layer-wise pruning rate}, Fitness2: {fitness}

Note: {} is used to indicate placeholders.

Figure 3: Prompt for crossover and mutation.

Mutation and Crossover. Self-Pruner leverages LLMs to execute key steps of the evolutionary
search: parent selection, crossover, and mutation. This process is guided by a carefully crafted
prompt, as illustrated in Figure 3] The prompt consists of three critical components:

. this part instructs the LLMs to perform parent
selection, crossover, and mutation operations to generate new offerspring.
. provides detailed guidelines on the attributes and format requirements that

LLMs must adhere to when generating new solutions. This part is consistent with the prompt used
in population initialization.



Under review as a conference paper at ICLR 2025

* Current Population and Fitnesses: provide information about the individuals in the current pop-
ulation and their corresponding fitness values, allowing LLMs to select individuals for crossover
and mutation.

The uniqueness of Self-Pruner lies in its approach of not guiding the LLM through detailed algo-
rithmic steps for precise mutation and crossover operation, but instead using high-level natural lan-
guage instructions. This approach significantly reduces the human effort and tedious trial-and-error
required for designing mutation and crossover operators, enhancing the method’s generality and flex-
ibility. Based on its understanding of the problem and the provided context, LLMs autonomously
perform selection, crossover, and mutation operations to generate new, potentially pruning configu-
ration schemes.

We present the specific algorithmic process of Self-Pruner in Algorithm [I] Self-Pruner begins by
initializing a population Gy of K layer-wise pruning rate configurations using LLMs and the indi-
viduals in the population all satisfy the constraint which the average pruning rate is equal to 5 (Line
1). It then proceeds through A evolutionary iterations (Line 2-8). In each iteration, the algorithm
evaluates the fitness of the individuals (Line 3) and selects the top K individuals (Line 4). Self-
Pruner utilizes LLMs to select individuals for mutation (Line 5) and crossover (Line 6) to generate
offspring. These offspring are added to the population for the next selection (Line 7). This itera-
tive process continues until the predefined number of iterations is reached. Ultimately, Self-Pruner
outputs the final layer-wise pruning rate configuration (Line 9-10).

Algorithm 1 Self-Pruner

Hyper Parameters: Population Size: K, Number of Mutation: M, Number of Crossover: S, Max
Number of Iterations: N .

Input: Pre-trained LLM: LLM, Average pruning rate: (3 .

Output: The best found pruning rates: p* with fitness Fitness™.

Go = Initialization(KC), s.t. 5;

fori =0: N do
{G;, Fitness} = Inference(LLM(G,));
G; = Top K({G;, Fitness});
gmutution = MUtation(gi7 M)» s.L. 6;
Gerossover = CI‘OSSOVCI‘(gi, S), s.t. B;
giJrl = gi+gmutation + gcrossover;

end for

p*, Fitness*= Top1({Gnr+1, Fitness});

return p*, Fitness™.

VRN RN

—

4 EXPERIMENTS

4.1 EXPERIMENTAL SETTINGS

Models. We implemented our method on LLaMA-1 (Touvron et al.,[2023a), LLaMA-2 (Touvron
et al., 2023b), LLaMA-3 (Meta, |2024a), LLaMA-3.1 (Meta, |2024b)), and Vicuna (Chiang et al.,
2023)), with parameter counts ranging from 7 billion to 70 billion.

Baselines. We compared our method with two prior state-of-the-art pruning methods: LLM-
Pruner (Ma et al., [2023)) and Wanda-sp (An et al., [2024), where Wanda-sp is the structured pruning
extension of the unstructured pruning method Wanda (Sun et al.| [2023)). All these methods applied
post-training pruning to LLMs without updating the pruned model weights.

Evaluation. We assessed the perplexity of the pruned LLMs on the WikiText-2 (Merity et al.,
2016) dataset. Additionally, we evaluated the zero-shot commonsense reasoning capability on tasks
such as Winogrande (Sakaguchi et al.,|2021), HellaSwag (Zellers et al., [2019), BoolQ (Clark et al.,
2019), ARC-Easy, ARC-Challenge (Clark et al., 2018)), OpenBookQA (Mihaylov et al.,|2018)), and
PIQA (Bisk et al.} 2020). We utilized Im-eval-harness (Gao et al.| 2021)) to generate commonsense
question-answering results.
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Table 1: Perplexity of pruned LLMs on WikiText-2 dataset at 20-50% pruning ratio.

\ |  LLaMA-1 | LLaMA-2 | LLaMA-3 | LLaMA-3.1 | Vicuna
Sparsity | Method | 7B 13B | 7B 3B 70B | 8B | 8B | 13B
0% \ Dense | 5.68 509 | 512 457 312 | 605 | 618 | 594

LLM-Pruner 987 772 | 1048  8.00 / 12.02 12.77 9.95
20% Wanda-sp 1346 774 | 1201 745 427 12,61 11.35 9.45
Self-Pruner | 9.07 732 992 646 424 10.35 10.37 7.94
LLM-Pruner 1842 1147 | 1790  11.64 / 20.94 21.17 13.97
30% Wanda-sp 21.02 1074 | 2453 1401  5.10 37.46 27.00 16.10
Self-Pruner | 1664 992 | 1625 1026  5.00 16.80 16.79 11.08
LLM-Pruner 3582 2173 | 4632  21.68 / 39.32 44.27 26.95
40% Wanda-sp 4079 2753 | 3865  69.86 674 71.97 58.49 144.68
Self-Pruner | 30.17 1444 | 2852 1692 595 3357 41.46 18.07
LLM-Pruner 11100 5114 | 25313 55381 / 111.90 121.54 71.18
50% Wanda-sp 411.06  82.87 | 249.18° 9090 1678 | 205.21 160.49 183.44
Self-Pruner | 59.11 2324 | 53.63 4195  9.08 68.40 64.56 46.47

* LLM-Pruner (Ma et al.| [2023) employs the Taylor pruning (Molchanov et al.| |2016) metric, which requires
expensive gradient computations. For the LLaMA-2-70B model, we did not find relevant experimental data.
Furthermore, due to the limited number of our GPU devices, we did not report its experimental results.

Implementation Details. All implementations were carried out on NVIDIA A100 80GB GPUs.
Models with up to 30 billion parameters used a single GPU, while the 70 billion parameter model
used two GPUs. The settings of all hyperparameters in evolutionary search are: population size
IC = 30, number of mutation M = 10, number of crossover S = 10 and max number of iterations
N = 20. We employed the OpenAl GPT4-0 model (OpenAl, 2024) to generate solutions for the
evolutionary search.

4.2 LANGUAGE MODELING

We report the perplexity of pruned LLMs with pruning rates ranging from 20% to 50% on the
WikiText-2 (Merity et al., [2016) dataset in Table[I] Self-Pruner significantly outperforms existing
post-training pruning techniques, further narrowing the accuracy gap between post-training struc-
tured pruned LLMs and the original models, especially under high pruning rate settings. Notably,
Self-Pruner is particularly beneficial for larger models, especially LLaMA-2-70B. Using the Self-
Pruner method, under the 30% pruning rate setting, the model’s perplexity only increased by 1.88
compared to the original model, and under the 50% pruning rate setting, the perplexity increased
by only 5.96. This comprehensive superiority over existing techniques once again demonstrates that
LLMs can leverage their inherent knowledge to design compressed LLMs architectures with good
accuracy, proving the feasibility of LLMs automatically performing model compression tasks.

4.3 ZERO-SHOT TASKS

To evaluate the generalization capability of Self-Pruner, we assessed the performance of pruned
LLMs in zero-shot settings across seven commonsense tasks. Table [2] shows the average perfor-
mance of pruned LLMs across all seven tasks, with detailed results for each task provided in Ap-
pendix [A] The experimental results demonstrate that Self-Pruner significantly outperforms existing
post-training structured pruning techniques. For instance, for the LLaMA-2-7B model, Self-Pruner
outperforms the Wanda-sp (Sun et al., 2023) method by 3.13% at a 30% pruning rate and outper-
forms the LLM-Pruner (Ma et al., 2023) method by 14.59% at a 50% pruning rate, further narrowing
the performance gap with the original model. Additionally, we observed that as the model size in-
creases, the gap in zero-shot task accuracy between the pruned models and the original model further
reduces. Larger models, such as LLaMA-2-70B, there is only a 0.80% drop in accuracy at a 30%
pruning rate and experience only a 3.80% drop under an extreme high pruning rate of 50%. These
experimental results further validate the effectiveness of the Self-Pruner method.
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Table 2: Mean zero-shot accuracy results of pruned LLMs on the Winogrande, HellaSwag, BoolQ,
ARC-Easy, ARC-Challenge, OpenBookQA and PIQA datasets at 20-50% pruning ratio.

| | LLaMA-1 | LLaMA-2 | LLaMA-3 | LLaMA-3.1 | Vicuna

Sparsity | Method | 7B 13B | 7B 13B 70B | 8 | 8B | 13B
0% \ Dense | 6630 6840 | 66.82 69.28 7381 | 7021 | 7064 | 69.73
LLM-Pruner | 60.14 6434 | 60.19 64.24 / 56.50 57.45 65.06

20% Wanda-sp 63.12 6541 | 6233 6628 7284 59.90 62.16 66.91
Self-Pruner | 64.80 6623 | 6344 6715 7311 61.71 63.61 68.18
LLM-Pruner | 53.76  59.31 | 51.89  58.95 / 51.80 5245 57.92

30% Wanda-sp 59.02 6171 | 57.66 6094  72.66 4091 47.19 62.35
Self-Pruner | 6179 6422 | 60.79 6434  73.01 56.74 58.09 65.90
LLM-Pruner | 46.56  54.02 | 46.63  50.59 / 41.93 42.75 51.74

40% Wanda-sp 4398 5676 | 52.86 3881  69.71 38.43 40.06 39.08
Self-Pruner | 5826 63.15 | 57.59 6322 7197 53.30 53.88 6335
LLM-Pruner | 41.96 4725 | 4045 42.12 / 39.15 40.61 43.77

50% Wanda-sp 3788  43.09 | 3676 39.50  60.63 37.80 38.43 39.50
Self-Pruner | 5296 5838 | 5135 5852  70.01 46.13 46.99 54.64

* LLM-Pruner (Ma et al.||[2023) employs the Taylor pruning (Molchanov et al.| 2016) metric, which requires
expensive gradient computations. For the LLaMA-2-70B model, we did not find relevant experimental data.
Furthermore, due to the limited number of our GPU devices, we did not report its experimental results.

4.4 ABLATION STUDY

Ablation of each component in Self-Pruner. To
demonstrate the effectiveness of each component in Self-
Pruner, we present the final accuracy of the algorithm Table 3: Ablation of effectiveness of
when each component is removed in Table 3] Specifi- each component in Self-Pruner.

cally, we are targeting a 30% pruning rate for LLaMA-
2-7B. First, instead of using LLMs to generate the initial Method Perplexity ~Accuracy
population, we replace it with a random initial population

R .. initializati 17.4 .
(w/o initialization). Additionally, we remove LLMs re- gﬁg Eig:;lti]éimn 1; 62 gg Sg
sponsible for performing mutation and crossover opera- o crossover 17.59 5915

tions, meaning no mutation or crossover is performed dur-  §elf-Pruner 16.25 60.79
ing evolutionary search (w/o mutation/crossover). The re-
sults show that each component of Self-Pruner contributes
positively to the final performance of the algorithm, and removing any component results in a drop
in final accuracy.

Different LLMs. To analyze the impact of different capabilities of LLMs on the final accuracy,
we compared four commonly used LLMs: GPT-3.5, GPT 4 and GPT 4o0. From the experimental
results in Table 4] we can observe that Self-Pruner can generate high-accuracy pruning rate using
these different LLMs. However, due to the strong reasoning ability of GPT 4o, it is able to search
and obtain the best pruning rate than other LLM.

Table 4: Impact of different LLMs on final accuracy. Table 5: Results of Self-Pruner vs. OWL.

Model Pruning Ratio  Perplexity =~ Accuracy Model Pruning Ratio  Perplexity =~ Accuracy
LLaMA-2-7B 0% 5.12 66.82 g;‘i“'z'm ;z)// 251' fo zgiz
gg%?f ;8? };41‘431 ggz;‘ Self-Pruner 30% 1625 60.79
0 . .
OWL 50% 81.56 39.06
GPT 4o 30% 16.25 60.79  Self-Pruner 50% 53.63 51.35
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4.5 ANALYSIS

Self-Pruner vs. OWL. We further compared another method for determining the layer-wise prun-
ing rates of LLMs: OWL (Yin et al., [2023). We applied OWL to determine the layer-wise pruning
rates of pruned LLMs and use the Wanda-sp (Sun et al., [2023)) metric to decide which components
within the layers should be pruned like Self-Pruner. Two important hyperparameters in OWL fol-
low the settings in the paper, which are A = 0.08, M = 5. The results in Table [5] indicate that
Self-Pruner outperforms OWL across different pruning rates. This demonstrates that the manual
determination of layer importance metrics is suboptimal, whereas Self-Pruner, by utilizing LLMs to
assist in evolutionary search, minimizes the impact of manual intervention on the final accuracy and
automatically finds the good layer-wise pruning rate.

LoRA Fine-tuning. Due to the severe accu-
racy degradation caused by structured prun-
ing at high pruning rates, we further demon- Table 6: Experimental results of restoring the ac-
strate the potential of fine-tuning to mitigate curacy of pruned LLaMA-2-7B using LoRA fine-
performance loss in pruned LLMs. Specifi- tuning.

cally, we apply the LoRA (Hu et al., [2021)) (r =
8) method for to fine-tune the pruned LLaMA-  Method Pruning Rate  Perplexity ~Accuracy
2-7B. We randomly sampled a 10K subset from

Self-Pruner 30% 16.25 60.79
the Alpaca-GPT4 (Peng et al.| 2023? dataset as w. LoRA 30% 11.87 63.01
our fine-tuning dataset. The experimental re-
sults in Table [6] show that LoRA fine-tuning ~ Self-Pruner 50% 53.63 51.35
w. LoRA 50% 25.32 59.78

can recover the performance of pruned LLMs,
further narrowing the performance gap with the
original model.

Inference Speedup and GPU Memory Usage. We report the parameter count, GPU memory
usage, and inference speedup of structural pruning LLMs in Table [/} The results were obtained
using the VLLM inference engine (Kwon et al., 2023) on NVIDIA A100 80GB GPUs. Thanks
to the hardware-friendly nature of structured pruning, it effectively reduces the number of model
parameters, lowers GPU memory usage, and achieves up to 1.82x inference speedup.

Table 7: Inference speedup and GPU memory usage statistics of structured pruning LLM:s.

Model | Pruning Ratio | Params (B) Memory (GB) Tokens/s Speedup
0% 6.74 12.55 83.77 1.00x
20% 547 10.20 115.39 1.23x

LLaMA-2-7B 30% 4.77 8.88 123.66 1.48 %
40% 4.13 7.80 137.11 1.64 %
50% 3.50 6.55 152.24 1.82x
0% 68.98 128.48 18.44 1.00x
20% 55.53 103.43 22.13 1.20%

LLaMA-2-70B 30% 48.56 90.40 25.63 1.39x
40% 41.59 77.50 28.58 1.55x%
50% 34.75 64.64 31.31 1.70 <

5 LIMITATIONS AND FUTURE WORK

The limitations of existing methods mainly include two points: 1) The complete automation of
LLMs compression has not yet been achieved. In this paper, we take the first step towards LLMs self-
compression by using LLMs to generate solutions for evolutionary algorithm to search for layer-wise
pruning rate configurations. However, layer-wise pruning rates alone are not sufficient to achieve
fully compressed LLMs, indicating that our study is still some distance away from enabling LLMs to
perform compression tasks on their own. In the future, we aim to further automate the LLMs pruning
process. 2) Post-training structured pruning of LLMs still falls short of the original model’s accuracy.
Post-training pruning significantly reduces LLM accuracy. Although this study has narrowed this
gap, the accuracy of pruned LLMs remains low at high pruning rates. In the future, we will explore
efficient fine-tuning methods for LLMs to restore the accuracy of pruned models.
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6 CONCLUSION

In this paper, we propose Self-Pruner, an novel framework that automatically finds layer-wise prun-
ing rates for LLMs using an evolutionary search driven by LLMs. Self-Pruner enables LLMs to
execute the evolutionary search process themselves, capitalizing on their prior knowledge of model
redundancy to generate, evaluate, and optimize pruning rates. By integrating LLMs into the search
process, Self-Pruner accelerates the convergence of the evolutionary search, reducing the need for
extensive human intervention in evolutionary algorithm design. Extensive experimental results
demonstrate that Self-Pruner significantly enhances the accuracy of post-training structural prun-
ing for LLMs.

REPRODUCIBILITY STATEMENTS

The experimental setup is detailed in Section[4.1} We have included the code to reproduce our results
in the supplementary materials, and we plan to release the code publicly.

REFERENCES

Rishabh Agarwal, Nino Vieillard, Yongchao Zhou, Piotr Stanczyk, Sabela Ramos Garea, Matthieu
Geist, and Olivier Bachem. On-policy distillation of language models: Learning from self-
generated mistakes. In The Twelfth International Conference on Learning Representations, 2024.
URLhttps://openreview.net/forum?id=3zKtagxLhW.

Yongqi An, Xu Zhao, Tao Yu, Ming Tang, and Jinqiao Wang. Fluctuation-based adaptive struc-
tured pruning for large language models. In Proceedings of the AAAI Conference on Artificial
Intelligence, volume 38, pp. 10865-10873, 2024.

Saleh Ashkboos, Maximilian L. Croci, Marcelo Gennari do Nascimento, Torsten Hoefler, and
James Hensman. SliceGPT: Compress large language models by deleting rows and columns.
In The Twelfth International Conference on Learning Representations, 2024. URL https:
//openreview.net/forum?id=vXxardqg6dbl

Thomas Bick, David B Fogel, and Zbigniew Michalewicz. Handbook of evolutionary computation.
Release, 97(1):B1, 1997.

Thomas Bartz-Beielstein, Jirgen Branke, Jorn Mehnen, and Olaf Mersmann. Evolutionary algo-
rithms. Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery, 4(3):178-195,
2014.

Yonatan Bisk, Rowan Zellers, Jianfeng Gao, Yejin Choi, et al. Piga: Reasoning about physical com-
monsense in natural language. In Proceedings of the AAAI conference on artificial intelligence,
volume 34, pp. 7432-7439, 2020.

Tom Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared D Kaplan, Prafulla Dhariwal,
Arvind Neelakantan, Pranav Shyam, Girish Sastry, Amanda Askell, et al. Language models are
few-shot learners. Advances in neural information processing systems, 33:1877-1901, 2020.

Yupeng Chang, Xu Wang, Jindong Wang, Yuan Wu, Linyi Yang, Kaijie Zhu, Hao Chen, Xiaoyuan
Yi, Cunxiang Wang, Yidong Wang, et al. A survey on evaluation of large language models. ACM
Transactions on Intelligent Systems and Technology, 15(3):1-45, 2024.

Angelica Chen, David Dohan, and David So. Evoprompting: language models for code-level neural
architecture search. Advances in Neural Information Processing Systems, 36, 2024.

Hongrong Cheng, Miao Zhang, and Javen Qinfeng Shi. A survey on deep neural network pruning:
Taxonomy, comparison, analysis, and recommendations. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2024.

Wei-Lin Chiang, Zhuohan Li, Zi Lin, Ying Sheng, Zhanghao Wu, Hao Zhang, Lianmin Zheng,
Siyuan Zhuang, Yonghao Zhuang, Joseph E Gonzalez, et al. Vicuna: An open-source chatbot
impressing gpt-4 with 90%* chatgpt quality, march 2023. URL https://Imsys. org/blog/2023-03-
30-vicuna, 3(5), 2023.

10


https://openreview.net/forum?id=3zKtaqxLhW
https://openreview.net/forum?id=vXxardq6db
https://openreview.net/forum?id=vXxardq6db

Under review as a conference paper at ICLR 2025

Christopher Clark, Kenton Lee, Ming-Wei Chang, Tom Kwiatkowski, Michael Collins, and Kristina
Toutanova. Boolq: Exploring the surprising difficulty of natural yes/no questions. arXiv preprint
arXiv:1905.10044, 2019.

Peter Clark, Isaac Cowhey, Oren Etzioni, Tushar Khot, Ashish Sabharwal, Carissa Schoenick, and
Oyvind Tafjord. Think you have solved question answering? try arc, the ai2 reasoning challenge.
arXiv preprint arXiv:1803.05457, 2018.

Peijie Dong, Lujun Li, Zhenheng Tang, Xiang Liu, Xinglin Pan, Qiang Wang, and Xiaowen Chu.
Pruner-zero: Evolving symbolic pruning metric from scratch for large language models. arXiv
preprint arXiv:2406.02924, 2024.

Qingxiu Dong, Lei Li, Damai Dai, Ce Zheng, Zhiyong Wu, Baobao Chang, Xu Sun, Jingjing Xu,
and Zhifang Sui. A survey on in-context learning. arXiv preprint arXiv:2301.00234, 2022.

Vage Egiazarian, Andrei Panferov, Denis Kuznedelev, Elias Frantar, Artem Babenko, and Dan Al-
istarh. Extreme compression of large language models via additive quantization. In Forty-first
International Conference on Machine Learning, 2024. URL https://openreview.net/
forum?id=5mCaITRTmO.

Agoston E Eiben, James E Smith, AE Eiben, and JE Smith. What is an evolutionary algorithm?
Introduction to evolutionary computing, pp. 25-48, 2015.

Elias Frantar and Dan Alistarh. Sparsegpt: Massive language models can be accurately pruned in
one-shot. In International Conference on Machine Learning, pp. 10323-10337. PMLR, 2023.

Leo Gao, Jonathan Tow, Stella Biderman, Sid Black, Anthony DiPofi, Charles Foster, Laurence
Golding, Jeffrey Hsu, Kyle McDonell, Niklas Muennighoff, et al. A framework for few-shot
language model evaluation. Version v0. 0.1. Sept, 2021.

Yuxian Gu, Li Dong, Furu Wei, and Minlie Huang. MiniLLM: Knowledge distillation of large
language models. In The Twelfth International Conference on Learning Representations, 2024.
URLhttps://openreview.net/forum?id=5h0qf7IBZZ.

Qingyan Guo, Rui Wang, Junliang Guo, Bei Li, Kaitao Song, Xu Tan, Guoqing Liu, Jiang Bian,
and Yujiu Yang. Connecting large language models with evolutionary algorithms yields powerful
prompt optimizers. arXiv preprint arXiv:2309.08532, 2023.

John H Holland. Genetic algorithms. Scientific american, 267(1):66-73, 1992.

Sirui Hong, Xiawu Zheng, Jonathan Chen, Yuheng Cheng, Jinlin Wang, Ceyao Zhang, Zili Wang,
Steven Ka Shing Yau, Zijuan Lin, Liyang Zhou, et al. Metagpt: Meta programming for multi-
agent collaborative framework. arXiv preprint arXiv:2308.00352, 2023.

Lu Hou, Zhigi Huang, Lifeng Shang, Xin Jiang, Xiao Chen, and Qun Liu. Dynabert: Dynamic
bert with adaptive width and depth. Advances in Neural Information Processing Systems, 33:
9782-9793, 2020.

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,
and Weizhu Chen. Lora: Low-rank adaptation of large language models. arXiv preprint
arXiv:2106.09685, 2021.

Jie Huang and Kevin Chen-Chuan Chang. Towards reasoning in large language models: A survey.
arXiv preprint arXiv:2212.10403, 2022.

Wei Huang, Yangdong Liu, Haotong Qin, Ying Li, Shiming Zhang, Xianglong Liu, Michele Magno,
and XIAOJUAN QI. BiLLM: Pushing the limit of post-training quantization for LLMs. In Forty-
first International Conference on Machine Learning, 2024. URL https://openreview.
net/forum?id=gOl2WWOQgF gl

Jongwoo Ko, Sungnyun Kim, Tianyi Chen, and Se-Young Yun. DistiLLM: Towards streamlined dis-
tillation for large language models. In Forty-first International Conference on Machine Learning,
2024. URL https://openreview.net/forum?id=1sHZNNoC7r.

11


https://openreview.net/forum?id=5mCaITRTmO
https://openreview.net/forum?id=5mCaITRTmO
https://openreview.net/forum?id=5h0qf7IBZZ
https://openreview.net/forum?id=qOl2WWOqFg
https://openreview.net/forum?id=qOl2WWOqFg
https://openreview.net/forum?id=lsHZNNoC7r

Under review as a conference paper at ICLR 2025

Woosuk Kwon, Zhuohan Li, Siyuan Zhuang, Ying Sheng, Lianmin Zheng, Cody Hao Yu, Joseph
Gonzalez, Hao Zhang, and Ion Stoica. Efficient memory management for large language model
serving with pagedattention. In Proceedings of the 29th Symposium on Operating Systems Prin-
ciples, pp. 611-626, 2023.

Robert Lange, Yingtao Tian, and Yujin Tang. Large language models as evolution strategies. In
Proceedings of the Genetic and Evolutionary Computation Conference Companion, pp. 579-582,
2024.

Joel Lehman, Jonathan Gordon, Shawn Jain, Kamal Ndousse, Cathy Yeh, and Kenneth O Stanley.
Evolution through large models. In Handbook of Evolutionary Machine Learning, pp. 331-366.
Springer, 2023.

Patrick Lewis, Ethan Perez, Aleksandra Piktus, Fabio Petroni, Vladimir Karpukhin, Naman Goyal,
Heinrich Kiittler, Mike Lewis, Wen-tau Yih, Tim Rocktéschel, et al. Retrieval-augmented genera-
tion for knowledge-intensive nlp tasks. Advances in Neural Information Processing Systems, 33:
9459-9474, 2020.

Guangyan Li, Yongqiang Tang, and Wensheng Zhang. Lorap: Transformer sub-layers deserve dif-
ferentiated structured compression for large language models. arXiv preprint arXiv:2404.09695,
2024.

Qingyuan Li, Bo Zhang, and Xiangxiang Chu. Eapruning: evolutionary pruning for vision trans-
formers and cnns. arXiv preprint arXiv:2210.00181, 2022.

Mingbao Lin, Rongrong Ji, Yuxin Zhang, Baochang Zhang, Yongjian Wu, and Yonghong Tian.
Channel pruning via automatic structure search. arXiv preprint arXiv:2001.08565, 2020.

Fei Liu, Tong Xialiang, Mingxuan Yuan, Xi Lin, Fu Luo, Zhenkun Wang, Zhichao Lu, and Qingfu
Zhang. Evolution of heuristics: Towards efficient automatic algorithm design using large language
model. In Forty-first International Conference on Machine Learning, 2024a.

Lei Liu, Gary G Yen, and Zhenan He. Evolutionvit: Multi-objective evolutionary vision transformer
pruning under resource constraints. Information Sciences, pp. 121406, 2024b.

Shengcai Liu, Caishun Chen, Xinghua Qu, Ke Tang, and Yew-Soon Ong. Large language models as
evolutionary optimizers. In 2024 IEEE Congress on Evolutionary Computation (CEC), pp. 1-8.
IEEE, 2024c.

Tennison Liu, Nicolds Astorga, Nabeel Seedat, and Mihaela van der Schaar. Large language models
to enhance bayesian optimization. In The Twelfth International Conference on Learning Repre-
sentations, 2024d. URL https://openreview.net/forum?id=00xotBmGol.

Zechun Liu, Haoyuan Mu, Xiangyu Zhang, Zichao Guo, Xin Yang, Kwang-Ting Cheng, and Jian
Sun. Metapruning: Meta learning for automatic neural network channel pruning. In Proceedings
of the IEEE/CVF international conference on computer vision, pp. 3296-3305, 2019.

Vadim Liventsev, Anastasiia Grishina, Aki Hirmé, and Leon Moonen. Fully autonomous program-
ming with large language models. In Proceedings of the Genetic and Evolutionary Computation
Conference, pp. 1146-1155, 2023.

Xinyin Ma, Gongfan Fang, and Xinchao Wang. Llm-pruner: On the structural pruning of large
language models. Advances in neural information processing systems, 36:21702-21720, 2023.

Ali Madani, Ben Krause, Eric R Greene, Subu Subramanian, Benjamin P Mohr, James M Holton,
Jose Luis Olmos, Caiming Xiong, Zachary Z Sun, Richard Socher, et al. Large language models
generate functional protein sequences across diverse families. Nature Biotechnology, 41(8):1099—
1106, 2023.

Stephen Merity, Caiming Xiong, James Bradbury, and Richard Socher. Pointer sentinel mixture
models. arXiv preprint arXiv:1609.07843, 2016.

Meta. Llama3. https://github.com/meta—1lama/llama3, 2024a.

12


https://openreview.net/forum?id=OOxotBmGol
https://github.com/meta-llama/llama3

Under review as a conference paper at ICLR 2025

Meta. Llama3. https://github.com/meta—1lama/1llama3, 2024b.

Todor Mihaylov, Peter Clark, Tushar Khot, and Ashish Sabharwal. Can a suit of armor conduct
electricity? a new dataset for open book question answering. arXiv preprint arXiv:1809.02789,
2018.

Pavlo Molchanov, Stephen Tyree, Tero Karras, Timo Aila, and Jan Kautz. Pruning convolutional
neural networks for resource efficient inference. arXiv preprint arXiv:1611.06440, 2016.

Pavlo Molchanov, Arun Mallya, Stephen Tyree, Iuri Frosio, and Jan Kautz. Importance estimation
for neural network pruning. In Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition, pp. 11264-11272, 2019.

Saurav Muralidharan, Sharath Turuvekere Sreenivas, Raviraj Joshi, Marcin Chochowski, Mostofa
Patwary, Mohammad Shoeybi, Bryan Catanzaro, Jan Kautz, and Pavlo Molchanov. Compact lan-
guage models via pruning and knowledge distillation. arXiv preprint arXiv:2407.14679, 2024a.

Saurav Muralidharan, Sharath Turuvekere Sreenivas, Raviraj Joshi, Marcin Chochowski, Mostofa
Patwary, Mohammad Shoeybi, Bryan Catanzaro, Jan Kautz, and Pavlo Molchanov. Compact lan-
guage models via pruning and knowledge distillation. arXiv preprint arXiv:2407.14679, 2024b.

Humza Naveed, Asad Ullah Khan, Shi Qiu, Muhammad Saqib, Saeed Anwar, Muhammad Usman,
Naveed Akhtar, Nick Barnes, and Ajmal Mian. A comprehensive overview of large language
models. arXiv preprint arXiv:2307.06435, 2023.

OpenAl Gpt4-o. https://openai.com/index/hello-gpt—-4ol2024.

Baolin Peng, Chunyuan Li, Pengcheng He, Michel Galley, and Jianfeng Gao. Instruction tuning
with gpt-4. arXiv preprint arXiv:2304.03277, 2023.

Bernardino Romera-Paredes, Mohammadamin Barekatain, Alexander Novikov, Matej Balog,
M Pawan Kumar, Emilien Dupont, Francisco JR Ruiz, Jordan S Ellenberg, Pengming Wang,
Omar Fawzi, et al. Mathematical discoveries from program search with large language models.
Nature, 625(7995):468—475, 2024.

Keisuke Sakaguchi, Ronan Le Bras, Chandra Bhagavatula, and Yejin Choi. Winogrande: An adver-
sarial winograd schema challenge at scale. Communications of the ACM, 64(9):99—-106, 2021.

Hojjat Salehinejad and Shahrokh Valaee. Edropout: Energy-based dropout and pruning of deep
neural networks. IEEE Transactions on Neural Networks and Learning Systems, 33(10):5279—
5292, 2021.

Haopu Shang, Jia-Liang Wu, Wenjing Hong, and Chao Qian. Neural network pruning by cooperative
coevolution. arXiv preprint arXiv:2204.05639, 2022.

Wengqi Shao, Mengzhao Chen, Zhaoyang Zhang, Peng Xu, Lirui Zhao, Zhiqian Li, Kaipeng Zhang,
Peng Gao, Yu Qiao, and Ping Luo. Omniquant: Omnidirectionally calibrated quantization for
large language models. In The Twelfth International Conference on Learning Representations,
2024. URL https://openreview.net/forum?id=8WuvhhOLYW.

Xingyou Song, Yingtao Tian, Robert Tjarko Lange, Chansoo Lee, Yujin Tang, and Yutian Chen.
Position: Leverage foundational models for black-box optimization. In Forty-first International
Conference on Machine Learning, 2024. URL https://openreview.net/forum?id=
ea2MgKn3sV.

Mingjie Sun, Zhuang Liu, Anna Bair, and J Zico Kolter. A simple and effective pruning approach
for large language models. arXiv preprint arXiv:2306.11695, 2023.

Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier Martinet, Marie-Anne Lachaux, Timothée
Lacroix, Baptiste Roziere, Naman Goyal, Eric Hambro, Faisal Azhar, et al. Llama: Open and
efficient foundation language models. arXiv preprint arXiv:2302.13971, 2023a.

Hugo Touvron, Louis Martin, Kevin Stone, Peter Albert, Amjad Almahairi, Yasmine Babaei, Niko-
lay Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti Bhosale, et al. Llama 2: Open founda-
tion and fine-tuned chat models. arXiv preprint arXiv:2307.09288, 2023b.

13


https://github.com/meta-llama/llama3
https://openai.com/index/hello-gpt-4o
https://openreview.net/forum?id=8Wuvhh0LYW
https://openreview.net/forum?id=ea2MgKn3sV
https://openreview.net/forum?id=ea2MgKn3sV

Under review as a conference paper at ICLR 2025

Fanqgi Wan, Xinting Huang, Deng Cai, Xiaojun Quan, Wei Bi, and Shuming Shi. Knowledge fusion
of large language models. In The Twelfth International Conference on Learning Representations,
2024. URL https://openreview.net/forum?id=jiDsk12gcz.

Yulong Wang, Xiaolu Zhang, Lingxi Xie, Jun Zhou, Hang Su, Bo Zhang, and Xiaolin Hu. Pruning
from scratch. In Proceedings of the AAAI conference on artificial intelligence, volume 34, pp.
12273-12280, 2020.

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten Bosma, Fei Xia, Ed Chi, Quoc V Le, Denny
Zhou, et al. Chain-of-thought prompting elicits reasoning in large language models. Advances in
neural information processing systems, 35:24824-24837, 2022.

Darrell Whitley. An overview of evolutionary algorithms: practical issues and common pitfalls.
Information and software technology, 43(14):817-831, 2001.

Mengzhou Xia, Tianyu Gao, Zhiyuan Zeng, and Dangi Chen. Sheared llama: Accelerating language
model pre-training via structured pruning. arXiv preprint arXiv:2310.06694, 2023.

Guangxuan Xiao, Ji Lin, Mickael Seznec, Hao Wu, Julien Demouth, and Song Han. Smoothquant:
Accurate and efficient post-training quantization for large language models. In International
Conference on Machine Learning, pp. 38087-38099. PMLR, 2023.

Can Xu, Qingfeng Sun, Kai Zheng, Xiubo Geng, Pu Zhao, Jiazhan Feng, Chongyang Tao, and
Daxin Jiang. Wizardlm: Empowering large language models to follow complex instructions.
arXiv preprint arXiv:2304.12244, 2023.

Peng Xu, Wenqgi Shao, Mengzhao Chen, Shitao Tang, Kaipeng Zhang, Peng Gao, Fengwei An,
Yu Qiao, and Ping Luo. Besa: Pruning large language models with blockwise parameter-efficient
sparsity allocation. arXiv preprint arXiv:2402.16880, 2024.

Chengrun Yang, Xuezhi Wang, Yifeng Lu, Hanxiao Liu, Quoc V Le, Denny Zhou, and Xinyun
Chen. Large language models as optimizers. In The Twelfth International Conference on Learning
Representations, 2024. URL https://openreview.net/forum?id=Bb4VGOWELT.

Huanrui Yang, Hongxu Yin, Maying Shen, Pavlo Molchanov, Hai Li, and Jan Kautz. Global vision
transformer pruning with hessian-aware saliency. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, pp. 18547-18557, 2023.

Lu Yin, You Wu, Zhenyu Zhang, Cheng-Yu Hsieh, Yaqing Wang, Yiling Jia, Mykola Pechenizkiy,
Yi Liang, Zhangyang Wang, and Shiwei Liu. Outlier weighed layerwise sparsity (owl): A missing
secret sauce for pruning llms to high sparsity. arXiv preprint arXiv:2310.05175, 2023.

Rowan Zellers, Ari Holtzman, Yonatan Bisk, Ali Farhadi, and Yejin Choi. Hellaswag: Can a ma-
chine really finish your sentence? arXiv preprint arXiv:1905.07830, 2019.

Shujian Zhang, Chengyue Gong, Lemeng Wu, Xingchao Liu, and Mingyuan Zhou. Automl-gpt:
Automatic machine learning with gpt. arXiv preprint arXiv:2305.02499, 2023a.

Susan Zhang, Stephen Roller, Naman Goyal, Mikel Artetxe, Moya Chen, Shuohui Chen, Christo-
pher Dewan, Mona Diab, Xian Li, Xi Victoria Lin, et al. Opt: Open pre-trained transformer
language models. arXiv preprint arXiv:2205.01068, 2022.

Yuxin Zhang, Lirui Zhao, Mingbao Lin, Yunyun Sun, Yiwu Yao, Xingjia Han, Jared Tanner, Shiwei
Liu, and Rongrong Ji. Dynamic sparse no training: Training-free fine-tuning for sparse llms.
arXiv preprint arXiv:2310.08915, 2023b.

Mingkai Zheng, Xiu Su, Shan You, Fei Wang, Chen Qian, Chang Xu, and Samuel Albanie. Can
gpt-4 perform neural architecture search? arXiv preprint arXiv:2304.10970, 2023.

Michael Zhu and Suyog Gupta. To prune, or not to prune: exploring the efficacy of pruning for
model compression. arXiv preprint arXiv:1710.01878, 2017.

Xunyu Zhu, Jian Li, Yong Liu, Can Ma, and Weiping Wang. A survey on model compression for
large language models. arXiv preprint arXiv:2308.07633, 2023.

14


https://openreview.net/forum?id=jiDsk12qcz
https://openreview.net/forum?id=Bb4VGOWELI

Under review as a conference paper at ICLR 2025

A DETAILED ZERO-SHOT TASK RESULTS

To further enhance our comprehensive understanding of the performance of pruned LLMs, we
present experimental data of pruned LLMs across all seven commonsense tasks in this section.
These datasets include Winogrande (Sakaguchi et al.L[2021), HellaSwag (Zellers et al.,|2019), BoolQ
(Clark et al.,|2019), ARC-Easy, ARC-Challenge (Clark et al., 2018), OpenBookQA (Mihaylov et al.,
2018)), and PIQA (Bisk et al., 2020). We show the experimental data for pruning rates ranging from
20% to 50% in Tables [8] [0] [L0] and [[1] respectively. From the experimental data, we observe that
Self-Pruner consistently enhances the capabilities of pruned LLMs, achieving higher accuracy com-
pared to existing techniques.

Table 8: Zero-shot performance of pruned LLMs with 20% pruning ratio.

Model Method HellaSwag Winogrande BoolQ OBQA PIQA ARC-e ARC-c Mean
Dense 76.19 69.85 75.11 4440 78.62 75.25 4471  66.30

LLaMA-1-7B  LLM-Pruner 69.85 62.51 64.56 41.60 7557 68.01 3891 60.14
Wanda-sp 72.70 66.93 7147 4020 7633 71.80 4241 63.12
Self-Pruner 73.67 68.58 7557 43.60 7731 72.39 4249 64.80

Dense 79.06 72.69 77.86 4480 79.16 7736  47.87 68.40
LLaMA-1-13B  LLM-Pruner 75.72 68.27 71.13 4500 77.69 71.13 4147 6434
Wanda-sp 77.28 70.56 7147 4340 78.18 7222 4480 6541
Self-Pruner 77.93 72.06 72.14 45.00 78.56 72.85 45.05 66.23

Dense 75.97 69.06 77.74 4420 78.07 76.35 46.33  66.82

LLaMA-2-7B  LLM-Pruner 68.72 63.54 65.14  39.80 7590 68.81 3942 60.19
Wanda-sp 72.86 65.98 67.61 38.80 76.61 72.18 4224 6233
Self-Pruner 73.51 68.98 69.63 3920 7693 72.19 43.60 63.44

Dense 79.38 72.22 80.55 4520 79.11 7942  49.06 69.28

LLaMA-2-13B  LLM-Pruner 74.65 65.74 67.77 43.80 7829 73.06 4633 6424
Wanda-sp 77.60 69.69 73.58 4340 7840 7584 4548 66.28
Self-Pruner 78.42 70.40 76.76 4240 78.56 76.85 46.67 67.15

Dense 83.81 77.90 83.73  48.80 8221 82.74 57.51  73.81
LLaMA-2-70B  Wanda-sp 83.15 77.51 83.15 4740 82.05 81.00 5563 72.84
Self-Pruner 83.85 77.59 83.70 47.60 8192 8145 55.66 73.11

Dense 79.16 72.77 81.35 4500 79.71  80.09 5341 7021

LLaMA-3-8B  LLM-Pruner 62.15 58.41 59.54 37.80 75.08 66.62 3592  56.50
Wanda-sp 65.45 66.93 6446 39.00 7628 68.60 3857 59.90
Self-Pruner 71.24 68.27 61.10 41.60 78.13 71.09 40.53 61.71

Dense 79.01 73.32 82.05 4500 7998 81.57 53.58  70.64
LLaMA-3.1-8B  LLM-Pruner 61.02 59.27 6245 3840 7481 6890 3729 5745
Wanda-sp 68.91 67.64 6691  41.00 7731 7172 41.64 62.16
Self-Pruner 71.04 69.22 6746 43.00 78.13 73.06 43.34 63.61

Dense 77.49 71.59 8526 4540 79.00 78.66 50.68  69.73

Vicuna-13B LLM-Pruner 72.54 66.30 7199 4540 77775 75.21 46.25  65.06
Wanda-sp 75.10 68.75 79.51  44.00 77.37 76.18 4744 6691
Self-Pruner 76.80 69.69 82.87 44.00 7840 77.69 47.78  68.18
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Table 9: Zero-shot performance of pruned LLMs with 30% pruning ratio.

Model Method HellaSwag Winogrande BoolQ OBQA PIQA ARC-e ARC-c Mean
Dense 76.19 69.85 75.11 4440 78.62 75.25 4471  66.30

LLaMA-1-7B LLM-Pruner 61.27 58.64 5333  38.60 72.03 58.04 3439 53.76
Wanda-sp 67.91 62.12 66.97 38.60 74.16 65.74 37.63  59.02
Self-Pruner 70.96 66.30 7251 3980 7557 67.17 40.19 61.79

Dense 79.06 72.69 7786 4480 79.16 7736  47.87 68.40
LLaMA-1-13B LLM-Pruner 70.70 63.22 62.39 4220 7573 62.12 38.82  59.31
Wanda-sp 74.17 66.06 6520 42.00 76.82 6772  40.02 61.71
Self-Pruner 76.79 71.51 67.25 43.00 77.64 69.95 4343 64.22

Dense 75.97 69.06 7774 4420 78.07 76.35 46.33  66.82

LLaMA-2-7B LLM-Pruner 57.77 55.49 50.12  36.80 71.87 58.84 3234 51.89
Wanda-sp 65.94 58.33 63.12  38.00 7476  65.99 3746  57.66
Self-Pruner 70.63 67.40 64.71 4020 7530 67.85 3942  60.79

Dense 79.38 72.22 80.55 4520 79.11 7942  49.06 69.28

LLaMA-2-13B LLM-Pruner 68.31 60.38 57.09 4340 76.12 66.66  40.70 58.95
Wanda-sp 71.59 63.54 66.94 3940 7633 68.64 40.10 60.94
Self-Pruner 75.81 70.09 6994 41.00 7753 72.73 4326 64.34

Dense 83.81 77.90 83.73  48.80 8221 82.74 57.51  73.81
LLaMA-2-70B  Wanda-sp 81.45 78.27 8420 4740 81.66 80.95 54.66  72.66
Self-Pruner 82.75 78.06 84.22 4820 81.73 81.35 54.76  73.01

Dense 79.16 72.77 81.35 4500 79.71  80.09 5341 7021

LLaMA-3-8B  LLM-Pruner 54.16 56.12 52.87 3640 7193 58.63 3251  51.80
Wanda-sp 36.96 51.22 40.89  26.80 6246 43.01 25.00 40.91
Self-Pruner 65.21 64.64 4994  39.00 76.12 65.87 3643 56.74

Dense 79.01 73.32 82.05 4500 7998 81.57 53.58  70.64
LLaMA-3.1-8B  LLM-Pruner 53.22 57.93 54.89 3320 72.14 6195 3387 5245
Wanda-sp 48.52 53.75 52.11 30.20 6638 51.85 27.56  47.19
Self-Pruner 66.07 65.59 53.61 39.60 7699 67.26 37.54 58.09

Dense 77.49 71.59 8526 4540 79.00 78.66 50.68  69.73

Vicuna-13B LLM-Pruner 65.62 59.27 53.15 4220 7557 68.43 4121 5792
Wanda-sp 69.19 62.67 7294 3940 7595 7176 4452 6235
Self-Pruner 74.35 68.98 81.01 4230 76.39 73.78 44.54  65.90
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Table 10: Zero-shot performance of pruned LLMs with 40% pruning ratio.

Model Method HellaSwag Winogrande BoolQ OBQA PIQA ARC-e ARC-c Mean
Dense 76.19 69.85 75.11 4440 78.62 75.25 4471  66.30

LLaMA-1-7B LLM-Pruner 49.34 54.62 45.08 3320 67.36 46.55 29.78  46.56
Wanda-sp 39.45 53.51 59.39  28.60 6240 38.47 26.02  43.98
Self-Pruner 66.49 64.09 6844 3720 7252 6120 37.88 58.26

Dense 79.06 72.69 7786 4480 79.16 7736  47.87 68.40
LLaMA-1-13B LLM-Pruner 61.60 57.77 6092 37.60 72.85 5337 34.04 54.02
Wanda-sp 67.24 59.75 62.75 3420 73.83 62.12 3746  56.76
Self-Pruner 74.29 70.01 7034 4180 7546 67.17 43.00 63.15

Dense 75.97 69.06 7774 4420 78.07 76.35 46.33  66.82

LLaMA-2-7B LLM-Pruner 43.48 52.80 59.82 3220 65.56 4259 2995 46.63
Wanda-sp 57.31 54.70 61.56 3540 70.62 56.99 3345 52.86
Self-Pruner 65.13 64.25 62.72 39.00 7372 60.52 37.80 57.59

Dense 79.38 72.22 80.55 4520 79.11 7942  49.06 69.28

LLaMA-2-13B LLM-Pruner 57.59 55.64 4245 3940 71.16 54.76 33.11  50.59
Wanda-sp 28.50 50.04 62.14 2400 5490 2845 23.63  38.81
Self-Pruner 73.39 68.59 7517 4020 7514 6696  43.09 63.22

Dense 83.81 77.90 83.73  48.80 8221 82.74 57.51  73.81
LLaMA-2-70B  Wanda-sp 80.60 74.03 80.45 4520 7998 7730 5043 69.71
Self-Pruner 81.00 78.53 8480 4820 80.85 7890 51.53 71.97

Dense 79.16 72.77 81.35 4500 79.71  80.09 5341 7021

LLaMA-3-8B  LLM-Pruner 37.76 52.17 4245 28.80 6436 42.09 2585 4193
Wanda-sp 30.16 49.88 52.66 25.00 56.53 3342 21.33 3843
Self-Pruner 59.24 62.83 51.16 37.80 7345 56.57 32.08 53.30

Dense 79.01 73.32 82.05 4500 7998 81.57 53.58  70.64
LLaMA-3.1-8B  LLM-Pruner 38.12 52.96 43.09 29.80 6556 4524 2449 4275
Wanda-sp 31.86 52.57 57.09 2520 57.78 33.84 22.10  40.06
Self-Pruner 60.32 63.22 46.73 3940 73.78 59.09 34.64 53.88

Dense 77.49 71.59 8526 4540 79.00 78.66 50.68  69.73

Vicuna-13B LLM-Pruner 56.99 54.78 49.54  39.00 72.09 55.18 3464 5174
Wanda-sp 28.49 51.14 6193 2640 54.13 29.17 2227  39.08
Self-Pruner 71.75 66.85 8040 39.10 7437 69.49 4155 63.35
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Table 11: Zero-shot performance of pruned LLMs with 50% pruning ratio.

Model Method HellaSwag Winogrande BoolQ OBQA PIQA ARC-e ARC-c Mean
Dense 76.19 69.85 75.11 4440 78.62 75.25 4471  66.30

LLaMA-1-7B LLM-Pruner 36.64 52.96 51.07 3020 61.81 35.19 2585 41.96
Wanda-sp 29.39 50.83 54.13 2340 5479 29.84 2278  37.88
Self-Pruner 59.35 59.67 63.06 3320 69.75 5295 32.76  52.96

Dense 79.06 72.69 7786 4480 79.16 7736  47.87 68.40
LLaMA-1-13B LLM-Pruner 47.16 53.43 61.01 3520 67.14  37.79 29.01 4725
Wanda-sp 38.86 51.54 5792  28.00 6143 3847 2543  43.09
Self-Pruner 69.68 66.85 65.66 37.20 7225 5896 38.05 58.38

Dense 75.97 69.06 7774 4420 78.07 76.35 46.33  66.82

LLaMA-2-7B LLM-Pruner 31.41 50.43 5792 28.00 57.73 31.65 26.02 4045
Wanda-sp 27.88 48.93 48.53 2540 5473 29.50 2235 36.76
Self-Pruner 55.64 53.12 60.73 3640 69.26 51.68 32,59 51.35

Dense 79.38 72.22 80.55 4520 79.11 7942  49.06 69.28

LLaMA-2-13B LLM-Pruner 43.45 52.88 3826 3320 6431 3590 26.88 42.12
Wanda-sp 30.23 50.20 62.02 2600 5457 27.78 25.68  39.50
Self-Pruner 66.26 66.38 64.77 39.00 7155 59.97 41.72 58.52

Dense 83.81 77.90 83.73  48.80 8221 82.74 57.51  73.81
LLaMA-2-70B  Wanda-sp 68.30 58.96 67.85 4020 7639 71.25 41.47  60.63
Self-Pruner 79.15 78.85 82.85 45.00 79.11 75.65 4948 70.01

Dense 79.16 72.77 81.35 4500 79.71  80.09 5341 7021

LLaMA-3-8B  LLM-Pruner 33.22 49.81 4153  29.00 6045 36.32 2372 39.15
Wanda-sp 29.03 50.91 50.09 25.00 55.88 31.57 22.10  37.80
Self-Pruner 47.33 55.88 4150 32.80 67.79 48.11 29.52  46.13

Dense 79.01 73.32 82.05 4500 7998 81.57 53.58  70.64
LLaMA-3.1-8B  LLM-Pruner 32.45 52.64 49.60 28.00 60.34 38.05 2321  40.61
Wanda-sp 28.29 49.33 57.68 2500 5620 30.47 22.01 3843
Self-Pruner 48.95 56.75 4557 30.80 67.08 49.83 2995  46.99

Dense 77.49 71.59 8526 4540 79.00 78.66 50.68  69.73

Vicuna-13B LLM-Pruner 44.59 52.01 43.15 31.80 6529 40.74 28.84  43.77
Wanda-sp 29.92 51.14 62.08 2480 5397 2845 26.11  39.50
Self-Pruner 59.55 59.67 6346 33.60 7035 5896 36.86 54.64
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