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Abstract 

With the development of deep learning, important progress has been made in the field 
of graph neural network. In order to further improve the accuracy of semi-supervised 
graph node classification based on graph convolutional neural network (GCN), this 
paper improves the basic GCN by adding a new convolutional layer to increase the depth 
of the network and improve the accuracy of the model. At the same time, DropEdge 
mechanism is introduced to improve the generalization ability of the model and enhance 
the robustness of the model. The model achieves an accuracy of 81.3% on Cora dataset. 
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1. Introduction 

In the real world, a lot of data can be mapped into graph structures in networks, such as social 

networks, reference networks, biological networks, etc. By using the definition of graph, any entity 

can be mapped to a node in the graph, and the interaction between entities can be mapped to an edge 

in the graph. In 2005, Marco et al. [1] proposed the GNN (Graph Neural Network) theory for the first 

time. Graph neural network is a connectionist model for learning graphs containing a large number 

of connections, which can retain too much graph structure information. 

Early models (such as Laplace's method [2] and local linear embedding [3]) focus on learning node 

features by using network first-order relations. Based on matrix graph representation learning, node 

link relations are expressed as adjacency matrices. However, these models do not solve the problem 

of data sparsity well, and generally do not scale to large data sets. In 2015, researchers proposed the 

LINE [4] model, which can maintain the first-order and second-order proximity of the network 

through the embedding of features. Inspired by CNN's success in the field of computer vision, a large 

number of methods to redefine the concept of graph convolution have been developed in parallel. 

These methods are based on Convolutional Graph Neural Networks (ConvGNNs). ConvGNNs are 

mainly divided into spectral - based methods and spatial - based methods. The study of spatial based 

convolutional neural network is much earlier than that of spectral based convolutional neural network. 

In 2009, Micheli et al. inherited Recgnn's message passing idea, and at the same time, through the 

compound non-recursive layer on the architecture, A.Micheli [8] first solved the graph 

interdependence. However, the importance of this work has been overlooked. Until recently, many 

space-based ConvGNNs have appeared [9-11]. In the past few years, many alternative GNN have 

been developed, including Graph Autoencoders (GAEs) and Spatiotemporal Graph Neural Networks 

(STGNNs). These learning frameworks can be built on top of RECGNNs, ConvGNNs, or other neural 

structures for graphical modeling. Bruna et al. [12] proposed a graph convolution algorithm based on 

the spectral theory, which was the first outstanding study of the convolution algorithm based on the 

spectral theory. Since then, improvements, extensions, and approximations of spectral based 

ConvGNNs [13-16] have continued to increase. In 2016, M.Defferrard et al.[14] extended the 

convolutional neural networks (CNNs) from the low-dimensional regular grid represented by images, 

videos and voices to the high-dimensional irregular domain represented by graphs. In 2017, Kipf [15] 
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proposed a graph convolutional network (GCN) based on circular convolutional computation, which 

extended convolutional operation from grid data to graph data. The main idea is to gather the features 

of the node v itself 𝑥𝑣 and its neighbors 𝑥𝑢 to generate the representation of node v, where u ∈
N(v). 

This paper mainly improves the GCN model in two aspects. First, we strengthen the model feature 

extraction ability by increasing the depth of the model. Secondly, the DropEdge mechanism is added 

to alleviate the over-fitting and over-smoothing problems caused by the deep network of GNN. 

The structure of the paper is as follows. Section 2 introduces the dataset used in the experiment. 

Section 3 describes the experimental model. Section 4 analyzes the experiment and results. Section 5 

is the conclusion. 

2. Dataset 

The dataset used in this article is the Cora dataset [22], which is a subset of the Planetoid dataset. The 

Cora dataset contains 2708 sample points, 10556 edges, and has seven categories. The categories are 

case-based, genetic algorithms, neural networks, probabilistic methods, reinforcement learning, rule 

learning, and theory. Each class is represented by a 1433-dimensional word vector with 1433 features. 

Each element of the word vector corresponds to a word, and the value of the element is 0 or 1. And 

there is a certain connection between the sample points in each class without outliers. The amount of 

data for each category in the Cora dataset is shown in Figure 1. 

 

 

Figure 1. Distribution of Cora dataset categories 

 

3. Model introduction 

3.1 Graph Convolutional Network 

Graph [17] is one of the most important applications in data structure and computation. Generally 

speaking, we regard a graph as an abstract network composed of multiple vertices and edges formed 

through a certain connection. Among them, edge can be the road at two junctions, the mutual 

reference between papers and the social interaction between users, etc. If there is a connection 

between two points, there is an edge between the two points. 

For the graph G = (V, E),V = {v1, ⋯ , vn} is a set of nodes, E = {e1, ⋯ , 𝑒𝑚} is the set of edges 

associated with each node.there are N nodes, as shown in Figure 2, and each node has its own features. 

Let's assume that the features of these nodes form an N×D dimension matrix X, and then the 

relationship between each node will form an N×N dimension matrix A, also known as adjacency 

matrix. X and A is the input to our model. 
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Figure 2. Graph Convolutional Network (GCN) [15] 

 

GCN is also a neural network layer, and its propagation mode between layers is as follows: 

𝐻𝑙+1 = 𝜎(�̃�−
1

2�̃��̃�−
1

2𝐻𝑙𝑊𝑙)                                  (1) 

�̃� = 𝐴 + 𝐼is the adjacency matrix of undirected graph G plus self-connection, 𝐼 is the identity matrix, 

�̃� is the degree matrix for �̃�, The formula is �̃�𝑖𝑖 = ∑ 𝑖𝑗𝑗 ; H is the characteristic of each layer. For 

the input layer, H is 𝑋, 𝜎 is the nonlinear activation function. 

After the solution of the above formula, the final result 𝑍 = 𝐻𝑙  is a feature vector of each node after 

𝑙  layers feature enhancement. In other words, after passing through several layers of GCN, the 

characteristics of each node change from 𝑋  to 𝑍𝑁×𝐶 , where C is the number of classes to be 

classified. GCN model is classified by Softmax: 

𝑝𝑖 =
𝑒𝑎𝑖

∑ 𝑒𝑎𝑘𝐶
𝑘=1

                                 (2) 

Where, 𝑎1, 𝑎2, ⋯ , 𝑎𝑐  is the feature of a node in, and 𝑝𝑖 is the probability that this point belongs to 

category i. 

3.2 DropEdge mechanism 

Increasing the depth of the convolutional layer for feature extraction will bring about the problem of 

excessive smoothness. For this reason, this article introduces the DropEdge mechanism [18]. During 

model training, the DropEdge mechanism randomly deletes a fixed proportion of edges in the graph 

to solve the problem of overfitting and over smoothing. Experiments show that DropEdge mechanism 

can be introduced into various GCN methods to improve performance, especially in multi-layer 

networks. 

When the model is trained, the DropEdge mechanism will randomly remove A fixed proportion of 

edges from the original graph (without using the DropEdge mechanism on the test set and the 

validation set), that is, randomly select A non-zero element from the adjacency matrix A and set it to 

zero. Where, V is the total number of edges in the original graph, and P is the deletion rate. After 

random deletion, the adjacency matrix 𝐴𝑑𝑟𝑜𝑝 is obtained : 

𝐴𝑑𝑟𝑜𝑝 = 𝐴 − 𝐴′                                (3) 

Then the process of re-normalization of 𝐴𝑑𝑟𝑜𝑝 gets �̃�𝑑𝑟𝑜𝑝, replacing the �̃� in formula (1). 

In this paper, a DropEdge is implemented for each layer of the network, so as to ensure the richness 

and more randomness of the graph in the case of insufficient original data, and to avoid the omission 

and missing of data. 
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4. Experiment and Results 

4.1 Experimental Environment 

In the experiment, model training was carried out on a PC equipped with a 3.6GHz Intel Core 

processor. The programming language used in the experiment is Python, and the deep learning 

framework used is Pytorch. 

 

 

Figure 3. Model loss and accuracy curve 

 

Table 1. Compare recognition accuracy on Cora dataset 

Algorithm Test accuracy 

ManiReg[19] 59.5% 

SemiEmb[20] 59.0% 

LP[21] 68.0% 

DeepWalk[6] 67.2% 

ICA[7] 73.9% 

Planetoid[5] 77.2% 

ours 81.3% 

 

Table 2. Results of 10 data in the test set 

 Real lable Pred lable 

0 Theory Theory 

1 Case_Based Case_Based 

2 Neural_Networks Neural_Networks 

3 Genetic_Algorithms Genetic_Algorithms 

4 Neural _Networks Neural _Networks 

5 Neural _Networks Probabilistic_Methods 

6 Probabilistic_Methods Probabilistic_Methods 

7 Reinforcement_Learning Reinforcement_Learning 

8 Probabilistic_Methods Probabilistic_Methods 

9 Reinforcement_Learning Reinforcement_Learning 

 

4.2 Experimental results on Cora dataset 

The dataset used in this paper is Cora dataset [22]. In the experiment, we divide Cora dataset into 

training set, verification set and test set. The training set is used to fit the model so as to complete the 

training process of the model. The purpose of a validation set is to find the model that works best. 

The test set is designed to test the performance of the resulting model. In the experiment, Adam was 
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used as the optimizer to continuously reduce the loss value, in which the learning rate was set as 0.01 

and the attenuation rate parameter was set as 5e-4. In the experiment, the size of the training batch 

was 50. After 500 times of training, the accuracy rate of the test set was 81.6%. The loss of training 

and verification and the accuracy results on Cora dataset are shown in Figure 3 respectively. As shown 

in Table 1, it can be seen that the improved model in this paper has significantly improved the testing 

accuracy. We used the model to randomly select 10 pieces of data from the test set for classification, 

and the results were shown in Table 2. 

5. Conclusion 

In this paper, we study the model structure of GCN and propose a depth graph convolutional network. 

This network increases the depth of GCN model and improves the capability of feature extraction. At 

the same time, the DropEdge mechanism is introduced to randomly delete the fixed proportion of 

edges in the original image, which improves the generalization ability of the model. In the experiment, 

we achieved an accuracy of 81.3% on the Cora dataset. Experiments show that it is meaningful to 

increase the depth of the model in this paper, but there is still a lot of room for improvement. Therefore, 

it can be seen that basic graph structure plays a limited role in the training process, and how to encode 

graph structure information more effectively and make graph structure participate in training more 

effectively is still a problem worthy of further study. 

Acknowledgments 

This work of this paper is supported by the Southwest Minzu University Graduate Innovation 

Research Project (Grant No.CX2021SP112). A special acknowledgement should give to Southwest 

Minzu University for its experimental conditions and technical support. 

References 

[1] Gori M , Monfardini G , Scarselli F . A new model for earning in raph domains[C] //Neural Networks, 

2005. IJCNN '05. Proceedings. 2005 IEEE International Joint Conference on. IEEE,2005. 

[2] Belkin M., Niyogi P. Laplacianeigen maps and spectral techniques for embedding and clustering[C]. 

Advances in neural information processing systems, 2002:585-591. 

[3] Roweis S.T., Saul L.K. Nonfinear dimensionafity reduction by locally finear embedding[J]. science,2000, 

290(5500):2323-2326. 

[4] Tang J., Qu M., Wang M., Zhang M., Yan J., Mei Q. Line:Large-scale information network embedding[C]. 

Proceedings of the 24th international conference on worldwide web,2015: 1067-1077. 

[5] Zhilin Y ang, William Cohen, and Ruslan Salakhutdinov. Revisiting semi-supervised learning with graph 

embeddings. In International Conference on Machine Learning (ICML), 2016. 

[6] Bryan Perozzi, Rami Al-Rfou, and Steven Skiena. Deepwalk: Online learning of social repre-sentations. 
In Proceedings of the 20th ACM SIGKDD international conference on Knowledge discovery and data 

mining, pp. 701–710. ACM, 2014. 

[7] Qing Lu and Lise Getoor. Link-based classification. In International Conference on Machine Learn-ing 

(ICML), volume 3, pp. 496–503, 2003. 

[8] A. Micheli, “Neural network for graphs: A contextual constructive approach,” IEEE Transactions on 

Neural Networks, vol. 20, no. 3, pp.498–511, 2009 

[9] J. Atwood and D. Towsley, “Diffusion-convolutional neural networks,” in Proc. of NIPS, 2016, pp. 1993–

2001. 

[10] M. Niepert, M. Ahmed, and K. Kutzkov, “Learning convolutional neural networks for graphs,” in Proc. 

of ICML, 2016, pp. 2014–2023. 

[11] J. Gilmer, S. S. Schoenholz, P . F. Riley, O. Vinyals, and G. E. Dahl,“Neural message passing for quantum 

chemistry,” in Proc. of ICML,2017, pp. 1263–1272. 

[12] J. Bruna, W. Zaremba, A. Szlam, and Y . LeCun, “Spectral networks and locally connected networks on 

graphs,” in Proc. of ICLR, 2014. 



 

 

536 

International Core Journal of Engineering 

ISSN: 2414-1895 

Volume 7 Issue 7, 2021 

DOI: 10.6919/ICJE.202107_7(7).0076 

[13] M. Henaff, J. Bruna, and Y. LeCun, “Deep convolutional networks on graph-structured data,” arXiv 

preprint arXiv:1506.05163, 2015. 

[14] M. Defferrard, X. Bresson, and P. V andergheynst, “Convolutional neural networks on graphs with fast 

localized spectral filtering,” in Proc. of NIPS, 2016, pp. 3844–3852. 

[15] T. N. Kipf and M. Welling, “Semi-supervised classification with graph convolutional networks,” in Proc. 

of ICLR, 2017. 

[16] R. Levie, F. Monti, X. Bresson, and M. M. Bronstein, “Cayleynets: Graph convolutional neural networks 

with complex rational spectral filters,” IEEE Transactions on Signal Processing, vol. 67, no. 1, pp. 97–

109, 2017. 

[17] Nasrullah Memon,Kim C. Kristoffersen,David L. Hicks. Detecting Critical Regions in Covert Networks:A 

Case Study of 9/11 Terrorists Network. Second International Conference on Availability, Reliability and 

Security. 2007. 

[18] Rong Y, Huang W, Xu T, et al. DropEdge: Towards Deep Graph Convolutional Networks on Node 

Classification[J]. 2019. 

[19] Belkin, Mikhail, Niyogi, Partha, and Sindhwani, Vikas. Manifold regularization: A geometric framework 

for learning from labeled and unlabeled examples. JMLR, 7:2399–2434, 2006. 

[20] Weston, Jason, Ratle, Fred  ́ eric, Mobahi, Hossein, and Collobert, Ronan. Deep learning via semi-

supervised embedding. In Neural Networks: Tricks of the Trade, pp. 639–655. Springer, 2012 

[21] Zhu, Xiaojin, Ghahramani, Zoubin, Lafferty, John, et al.Semi-supervised learning using gaussian fields 

and harmonic functions. In ICML, volume 3, pp. 912–919, 2003. 

[22] Zhilin Yang, William Cohen, and Ruslan Salakhutdinov. Revisiting semi-supervised learning with graph 

embeddings. In International Conference on Machine Learning (ICML), 2016. 


