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Abstract

This paper presents LLM-Streamline, a novel 
layer pruning method for LLMs. It identifies 
less important layers by analyzing their 
impact on hidden states and prunes them 
based on a target rate.

LLM-Streamline includes layer pruning, which 
removes less important consecutive layers, 
and layer replacement, a new module that 
trains a lightweight network to replace 
pruned layers, reducing performance loss.

A new metric, stability, is introduced to to 
address the limitations of the widely used 
accuracy metric in evaluating pruned models.

The workflow of LLM-Streamline



Background

Performance comparison between LLM 
Streamline and existing methods

With the rapid advancement of large language models (LLMs), 
their increasing parameter sizes and computational demands 
pose significant challenges for deployment in resource-
constrained environments.

To address this challenge, researchers have focused on 
exploring structured pruning techniques for LLMs, aiming to 
reduce the number of model parameters while preserving 
performance as much as possible.

However, current structured pruning methods, such as LLM-
Pruner and SliceGPT, although capable of reducing model 
parameters to some extent, often lead to irregular model 
structures and exhibit notable performance gaps compared to 
the original models.



Difference from Concurrent Methods

Concurrent methods: 
LLM-Streamline(ours, 2024.3)、LaCo(2024.2)、ShortGPT(2024.3)、UIDL(2024.3)、Shortened Llama(2024.2)、
SLEB(2024.2)

Key difference:
Unlike concurrent methods, LLM-Streamline fundamentally differs by training a lightweight model to replace 
pruned layers, rather than directly removing them. 

Compared to training-based pruning methods (e.g., Shortened Llama, LaCo, UIDL), LLM-Streamline significantly 
reduces computation time and resource consumption. Moreover, it achieves state-of-the-art (SOTA) 
performance compared to concurrent methods.



Method: Layer Pruning
Due to the widespread use of Pre-Norm in LLMs, the impact of each layer on the hidden state of its input 
can be expressed as:

Therefore, we estimate the importance of each layer by evaluating its impact on the hidden state, 
specifically using cosine similarity as the metric.

1. Why not use other metrics, such as Euclidean distance or dot product?

Due to the presence of Pre-Norm, the magnitude of the model's hidden states increases with layer depth, 
introducing bias. Specifically, deeper layers tend to have larger dot products between input and output 
hidden states, while shallower layers exhibit smaller Euclidean distances. Therefore, we use cosine 
similarity as the metric because it focuses solely on direction, ignoring magnitude.

2. Why not use perplexity or gradient-based methods?

Using perplexity or gradient-based methods can lead to a phenomenon similar to overfitting. This 
approach may result in a pruned model that performs well on the dataset used for pruning but fails to 
generalize to other datasets.



Since we observe that layers with high cosine similarity tend to cluster together, we choose to prune 
consecutive layers and approximate their functionality by training a lightweight model.

Based on a predefined pruning rate, we select layers from i to i+n for pruning. We then collect the 
hidden states from the input of layer i and the output of layer i+n as training data, and use MSE Loss to 
train the lightweight model through distillation.

Method: Layer Relacement



Comparison between Layer Replacement and LoRA
Previous structured pruning methods, such as LLM-Pruner, SliceGPT, and some layer pruning 
approaches, opt to use LoRA for training. Compared to LoRA, layer replacement offers the following 
advantages:

1. Lower GPU memory consumption: Layer replacement only requires the cost of forward propagation 
of the original model during hidden state collection and trains only the lightweight network during 
training, making it more memory-efficient than LoRA.

2. More reasonable training approach: Layer replacement trains a lightweight model to approximate 
the functionality of consecutive pruned layers, whereas LoRA directly trains the remaining layers. 
Therefore, we hypothesize that replacing pruned layers with a lightweight network may be simpler than 
training the remaining layers. Our experiments confirm this.

Can layer replacement be trained using SFT Loss?
While using SFT Loss for training is possible, MSE Loss is more memory-efficient and better suited for 
resource-constrained conditions. However, in resource-abundant scenarios, training with SFT Loss 
converges faster than using MSE Loss.



A New Metric: Stability
We analyzed the limitations of the widely used accuracy metric in evaluating the performance of pruned 
models and proposed a new stability metric to better assess the performance of pruned models.
First, we performed layer pruning on the model without any training and tested the pruned model's 
performance on several classification tasks. We observed that, in some tasks, the pruned model's 
performance unexpectedly improved compared to the original model. To further investigate this 
phenomenon, we analyzed it using a confusion matrix:

TP: Questions answered correctly by both the original and pruned models.
FN: Questions answered correctly by the original model but incorrectly by the pruned model.
FP: Questions answered incorrectly by the original model but correctly by the pruned model.
TN: Questions answered incorrectly by both the original and pruned models.

Additionally, we introduced the calculation process for perplexity and its standard deviation in 
classification task testing, where       denotes the original model,       denotes the i-th sample's question,
        represents the j-th option for that question. 



A New Metric: Stability

We can observe that the perplexity standard deviation of TP and TN samples is significantly higher than 
that of FN and FP samples. This indicates that the model is more uncertain about its predictions for FN and 
FP samples. Additionally, FP samples account for a considerable proportion of the total samples, 
suggesting that the pruned model may guess and correctly answer a significant portion of the samples. 
This phenomenon indicates that the accuracy metric may overestimate the performance of pruned 
models.

Therefore, we define stability to better evaluate the performance of pruned models. Stability takes into 
account both the model's confidence in its predictions and the consistency of the model's answers before 
and after pruning:



Experiment
LLM: Llama2-7B、Llama2-13B、OPT-1.3B、OPT-2.7B、OPT-6.7B、Llama3.1-8B、Llama3.1-
70B、Mixtral-8x7B-v0.1

Concurrent methods:
ShortGPT: ShortGPT is a subset of our method, Equivalent to Ours(None)
UIDL: ShortGPT + LoRA
Shortened Llama、SLEB: Based on perplexity, this method is not as effective as cosine similarity 
based methods
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Conclusion

In this paper, we propose LLM-Streamline, a layer pruning-and-
replacement algorithm for LLMs.  Extensive experiments show that this 
layer replacement method using a lightweight network outperforms 
previous state-of-the-art pruning methods and demonstrates superior 
effectiveness and efficiency compared to concurrent layer pruning 
methods.

Paper Link: 
https://arxiv.org/pdf/2403.19135
Github Link: 
https://github.com/RUCKBReasoning/LLM-Streamline
Open source model Link: 
https://huggingface.co/XiaodongChen/Llama-2-4.7B
https://huggingface.co/XiaodongChen/Llama-3.1-5.4B
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