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Abstract: This study analyzes the application effects of different weight initialization methods in convolutional neural 

networks, focusing on the impact of these methods on training efficiency. Through analysis and derivation from existing 

studies, we expect significant differences in training speed, stability, and final performance among different initialization 

methods. Specifically, this study compared random initialization, Xavier initialization, He initialization, LeCun initialization, 

and Orthogonal initialization. The results show that choosing an appropriate weight initialization method can significantly 

improve the training efficiency and performance of the model. The main contribution of this article is to systematically 

compare several common weight initialization methods and propose performance expectations based on existing research to 

provide a reference for subsequent research. Future research can verify these expected results through actual experiments and 

explore novel initialization strategies to further improve the training efficiency and performance of the model.   
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1 INTRODUCTION 

Convolutional Neural Networks (CNNs), as an 

important model of deep learning, have achieved remarkable 

results in image recognition, natural language processing and 

other fields. Weight initialization method, as a key step in the 

CNN training process, directly affects the convergence speed 

and final performance of the model. Studying the impact of 

different weight initialization methods on training efficiency 

not only helps to improve the training speed of the model, but 

also provides more efficient solutions for practical 

applications. This study aims to systematically analyze and 

compare the application effects of different weight 

initialization methods in convolutional neural networks, 

focusing on the impact of these methods on training 

efficiency. Specific research issues include: the theoretical 

basis and implementation methods of different weight 

initialization methods; the impact of various initialization 

methods on CNN training efficiency; the selection of the 

optimal weight initialization method and its application 

scenarios. 

2 LITERATURE REVIEW 

2.1 BASIC CONCEPTS AND DEVELOPMENT OF 

CONVOLUTIONAL NEURAL NETWORKS 

Convolutional neural networks (CNNs) are a type of 

deep learning model specifically designed to process data 

with a grid structure. They were first proposed by LeCun et 

al. in the 1980s. CNNs achieve efficient feature extraction 

and classification of image, video and other data through a 

combination of convolutional layers, pooling layers and fully 

connected layers. In recent years, with the improvement of 

computing power and the emergence of large-scale data sets, 

CNNs have made significant progress in computer vision, 

natural language processing and other fields. 

2.2 CLASSIFICATION AND COMPARISON OF 

WEIGHT INITIALIZATION METHODS 

Weight initialization refers to the process of assigning 

an initial value to each weight in the network before training 

the neural network. Common weight initialization methods 

include: 

Random initialization: The simplest method, which 

randomly generates weights through uniform distribution or 

normal distribution. 

Xavier initialization: Proposed by Glorot and Bengio, it 

aims to keep the variance of input and output consistent. 

He initialization: Proposed by He et al., suitable for 

ReLU activation function, adjusting the initial value of 

weight by scaling factor. 
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LeCun initialization: Designed for Sigmoid activation 

function, adjusting the initial value of weight by scaling 

factor. 

Orthogonal initialization: Initialize weights by 

generating orthogonal matrices to ensure independence 

between different layers. 

2.3 RELATED RESEARCH RESULTS AND CURRENT 

STATUS ANALYSIS 

In recent years, research on weight initialization 

methods has continued to deepen. The He initialization 

method proposed by He et al. (2015) performed well in deep 

neural networks, significantly improving training speed and 

model performance. Sutskever et al. (2013) experimentally 

verified the impact of different initialization methods on 

training efficiency and found that appropriate initialization 

methods can accelerate convergence and avoid gradient 

vanishing or exploding problems. In addition, the latest 

research has also explored adaptive initialization methods and 

meta-learning-based initialization strategies to further 

improve the training efficiency and generalization ability of 

the model. 

3 THEORETICAL BASIS 

3.1 MATHEMATICAL MODEL OF 

CONVOLUTIONAL NEURAL NETWORK 

Convolutional neural network (CNN) is a deep learning 

model specially designed for processing data with grid 

structure. Its core components include convolution layer, 

pooling layer and fully connected layer. Convolution layer 

extracts local features through convolution operation, pooling 

layer reduces the size of feature map by downsampling, and 

fully connected layer maps the extracted features to output 

space. Mathematically, convolution operation can be 

expressed as: 

𝑦𝑖,𝑗 = ∑  

𝑀−1

𝑚=0

∑  

𝑁−1

𝑛=0

𝑥𝑖+𝑚,𝑗+𝑛 ⋅ 𝑤𝑚,𝑛 + 𝑏 

Among them, x represents the input feature map, w 

represents the convolution kernel, b represents the bias term, 

and y represents the output feature map. 

3.2 THEORETICAL ANALYSIS OF WEIGHT 

INITIALIZATION METHODS 

Weight initialization is a key step in the neural network 

training process, which directly affects the convergence 

speed and performance of the model. Common weight 

initialization methods include: 

Random initialization: randomly generate weights 

through uniform distribution or normal distribution, the 

formula is: 

𝑤 ∼ 𝒰(−𝑎, 𝑎) | 𝑤 ∼ 𝒩(0, 𝜎2) 
Xavier initialization: Keep the variance of input and 

output consistent. The formula is: 

𝑤 ∼ 𝒰(−√
6

𝑛𝑖𝑛 + 𝑛𝑜𝑢𝑡
, √

6

𝑛𝑖𝑛 + 𝑛𝑜𝑢𝑡
) 

He initialization: Applicable to the ReLU activation 

function, the initial value of the weight is adjusted by the 

scaling factor, the formula is: 

𝑤 ∼ 𝒩(0,
2

𝑛𝑖𝑛
) 

LeCun initialization: Designed for Sigmoid activation 

function, the formula is: 

𝑤 ∼ 𝒩 (0,
1

𝑛𝑖𝑛
) 

Orthogonal initialization: Initialize weights by 

generating an orthogonal matrix to ensure independence 

between different layers. 

3.3 EVALUATION INDICATORS OF TRAINING 

EFFICIENCY 

Training efficiency is an important indicator for 

measuring the performance of neural networks, and is usually 

evaluated through the following aspects: 

Convergence speed: the number of training iterations 

required for the model to reach the predetermined accuracy. 

Computational complexity: the computing resources 

required during training, including time and memory. 

Stability: whether the model has gradient vanishing or 

explosion during training. 

Generalization ability: the performance of the model on 

unseen data, that is, the accuracy or loss value on the test set. 

4 EXPERIMENTAL DESIGN AND 

THEORETICAL METHODS 

4.1 DATASET SELECTION AND PREPROCESSING 

In order to test different effects, we can try to use the 

CIFAR-10 dataset for research. The dataset contains 60,000 

32x32 color images divided into 10 categories. The dataset is 

divided into 50,000 training images and 10,000 test images. 

The data preprocessing steps include image normalization 

and data augmentation to improve the generalization ability 

of the model. 

4.2 SPECIFIC IMPLEMENTATION OF WEIGHT 

INITIALIZATION METHODS 

This study will compare the following weight 

initialization methods: 



Academic Journal of Natural Science 

Journal Home: ajns.suaspress.org | CODEN: AJNSAE | NAAN: 40704 

Vol. 1, No. 1, 2024   

Published By SOUTHERN UNITED ACADEMY OF SCIENCES  8 

Copyright ©  2024 The author retains copyright and grants the journal the right of first publication.  
This work is licensed under a Creative Commons Attribution 4.0 International License. 

Random initialization: randomly generate weights 

through uniform distribution or normal distribution. 

Xavier initialization: Keep the variance of input and 

output consistent. 

He initialization: Applicable to ReLU activation 

function, adjust the initial value of weight by scaling factor. 

LeCun initialization: Designed for Sigmoid activation 

function. 

Orthogonal initialization: Initialize weights by 

generating orthogonal matrix. 

4.3 PROPOSED PARAMETER SETTINGS 

Each weight initialization method will be trained on the 

same CNN architecture, and the model contains three 

convolutional layers and two fully connected layers. The 

training parameter settings are as follows: 

Learning rate: 0.001; batch size: 64; number of training 

rounds: 50; optimizer: Adam. 

5 RESULT ANALYSIS METHOD 

5.1 DISPLAY METHOD 

The experimental results are expected to show the loss 

value and accuracy change curves of different weight 

initialization methods during the training process. By 

comparing these curves, the convergence speed and final 

performance of each method can be intuitively observed. 

 
FIGURE 1. TRAINING LOSS CURVES FOR DIFFERENT 

WEIGHT INITIALIZATION METHODS 

5.2 PERFORMANCE EXPECTATIONS 

Based on the existing published research results, we 

believe that the He initialization method may perform best in 

terms of training speed and model performance, and can 

converge quickly and achieve high accuracy. The Xavier 

initialization method is second, with stable performance and 

good results. The random initialization method may cause 

large fluctuations during training due to the uneven initial 

weight distribution. The LeCun initialization method 

performs well when using the Sigmoid activation function, 

but the effect is average under the ReLU activation function. 

The Orthogonal initialization method performs well in deep 

networks, but the advantage is not obvious in shallow 

networks. 

6 DISCUSSION 

In this study, we compared the application effects of 

different weight initialization methods in convolutional 

neural networks. Through the analysis and derivation of 

existing research articles, we expect that the methods will 

have significant differences in training speed, stability, and 

final performance. Specifically, some initialization methods 

may show faster convergence speed in the early stage of 

training, while other methods may have an advantage in the 

final performance. 

The findings of this study are of great significance to the 

training of deep learning models. By choosing a suitable 

weight initialization method, the training efficiency of the 

model can be significantly improved, the training time can be 

reduced, and the generalization ability of the model can be 

improved. This is particularly important for large-scale data 

processing and real-time systems in practical applications. In 

addition, this study provides a reference for subsequent 

research to further explore adaptive initialization methods 

and initialization strategies based on meta-learning. 

7 CONCLUSION 

This study systematically analyzes the application 

effects of different weight initialization methods in 

convolutional neural networks, focusing on the impact of 

these methods on training efficiency. Through the analysis 

and derivation of existing research articles, we expect that 

different initialization methods will have significant 

differences in training speed, stability and final performance. 

The analysis results show that choosing a suitable weight 

initialization method can significantly improve the training 

efficiency and performance of the model. 

The main contributions of this study are: systematically 

comparing several common weight initialization methods and 

analyzing their theoretical basis and implementation methods; 

proposing performance expectations based on existing 

research articles, providing a reference for subsequent 

research; emphasizing the importance of weight initialization 

methods in deep learning model training and providing 

guidance for practical applications. 

Although this study has made some valuable findings, 

there are still some limitations. Future research can verify the 

expected results of this study through actual experiments and 

explore more novel initialization strategies. In addition, 

combining other optimization techniques, such as learning 

rate scheduling and regularization methods, to further 

improve the training efficiency and performance of the model 

is also a direction worthy of in-depth research. 
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