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Abstract 

Mining Node Relationships in Graphs is one of the important methods for network 
research. It can use network nodes and some network structure information to predict 
the possibility of linking between two nodes that have not yet formed a relationship in 
the network. It can also be used in relationship prediction, recommendation systems, etc. 
The field has high application value. However, the traditional graph node expression has 
the problems of low expression efficiency and poor link prediction accuracy. In response 
to these problems, this paper uses graph neural network to learn node characteristics, 
improves on GraphSAGE, introduces Attention mechanism to give neighbor nodes 
different weights; at the same time, introduces Drop mechanism to deepen the number 
of network layers to better characterize node information, so as to achieve higher 
accuracy of link prediction in a graph. 
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1. Introduction 

Link prediction in the network refers to predicting the possibility of hidden relationships 
between nodes based on the existing information in the network. Predicting the relationship 
between nodes in the network has strong practical significance, and different application 
scenarios can be derived for different graphs. For example, mining graph data in social 
networks to realize community discovery [1]; In the recommendation system, personalized 
recommendations can be made according to the user's hobbies [2] and so on. 

For the research on graphs, graph representation learning is a more commonly used method in 
recent years, most of the methods based on graph representation learning are based on Skip-
Gram[3] or matrix decomposition[4], such as DeepWalk[5], Node2Vec[6], LINE[7], etc. These 
algorithms use the learned representations for downstream machine learning tasks. Compared 
with the traditional method, its accuracy is improved. However, this method based on graph 
representation learning still has problems such as limited expressive ability and inability to 
adapt to dynamic network graphs. 

With the introduction of neural networks, it has made good achievements in image detection, 
text analysis, etc. Because the core of CNN[8] lies in its kernel, the kernel can be translated on 
the picture, and features are extracted through convolution, realize parameter sharing. 
Someone migrated it to graph data, which stimulated the expansion of methods for studying 
graph data, and gradually developed graph neural networks. It performs tasks on graph data 
by transforming the network structure into a low-dimensional representation. 

In 2016, the GCN proposed by Kipf et al [9] used the concept of convolution in convolutional 
neural networks to directly convolve the graph according to the connected structure of the 
graph. The formula is very simple. The GCN input of each layer is the adjacency matrix A and 
the node's feature H. The two are directly made into an inner product, and then multiplied by 
the parameter matrix W. After the activation function, it is equivalent to a simple nerve network 
layer. Its expression is as 1. 
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𝑓(𝐻^((𝑙) ), 𝐴) =  𝜎(𝐴𝐻(𝑙)𝑊(𝑙))                                                      (1) 

However, this simple model has limitations. The diagonal of 𝐴 is all 0. When multiplying with 
the feature matrix 𝐻 , only the weighted sum of the features of all neighbors of a node is 
calculated, and its own features are ignored. The identity matrix 𝐼 is added to make the corner 
element becomes 1. 𝐴  is a matrix that has not been normalized, which will change the 
distribution of features. Therefore, a standardization process is required, multiplied by the 
inversal 𝐷, and finally a symmetric and normalized matrix is obtained. The model structure of 
GCN is shown in Figure 1. 

 

 
Figure 1. The model structure of GCN[9] 

 

One year after when GCN proposed, the GAT proposed by Velickovic et al. [10] further achieved 
better accuracy in the task of node classification. However, this two methods require complete 
graph network data as the input of model, which is difficult to train and poor in scalability, and 
is not well applicable to large-scale networks. At the same time, the parameter of GAT is larger 
than that of GCN, and it is prone to overfitting when using high-order neighbor nodes. 

These methods directly learn Embedding of each node on a fixed graph, but in most cases the 
graph is not static. When the network structure changes and new nodes appear, directly push 
learning such as GCN and GAT will need to be retrained. The problem with retraining is that the 
computational complexity will become higher and it may cause embedding to shift. Therefore, 
it is difficult to land on a machine learning system that needs to quickly generate unknown node 
Embedding. In response to this problem, in 2017, the GraphSAGE method proposed by 
Hamilton et al. [11] is more suitable for dynamic graphs. It solves the input problem by 
sampling the neighborhood of a fixed size, and adds an aggregation mechanism, and uses two-
level neighborhood node information to represent the node. 

2. Methodology 

2.1. GraphSAGE  

The GraphSAGE framework is different from GCN in that it mainly learns an aggregation 
function by training the function of aggregating node neighbors, expanding GCN into an 
inductive learning task, and generalizing unknown nodes. The main process of GraphSAGE is 
shown in Figure 1: First, the neighbor nodes of each node in the graph are sampled; then the 
feature information contained in the neighbor nodes is aggregated according to the aggregation 
function; finally, the vector representation of each vertex in the graph is obtained for 
downstream tasks to use. Figure 2 shows the main process of the model. 
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Figure 2. The main process of GraphSAGE[11] 

 

In GraphSAGE, the sampling method is to assume that the number of samples is 𝑘. When the 
number of neighbors of a node is less than 𝑘, the sampling method with replacement is used 
until 𝑘 vertices are sampled; when the number of neighbors of the node is greater than, it is 
used Sampling method without replacement. The above sampling method considers the 
calculation efficiency, but there is a problem of information loss. If the calculation efficiency is 
not considered, it is possible to use all neighbor nodes for information aggregation for each 
node, so that the node neighbors can be fully utilized. Characteristic information to ensure that 
the information is not damaged. Due to the special reasons of the data set, in this article, a fixed 
number of samples is used. 

There are many options for GraphSAGE's aggregation function. The average aggregator 
considered in this article is shown in equations 2-3. It firstly averages each dimension in the 
neighbor's Embedding, and then performs a nonlinear transformation after concating with the 
target node. 

ℎ𝑁(𝑣)
𝑘 =  𝑚𝑒𝑎𝑛({ℎ𝑢

𝑘−1, 𝑢 ∈ 𝑁(𝑣)})                                                   (2) 

ℎ𝑣
𝑘 =  𝜎(𝑊(𝑘) · 𝐶𝑂𝑁𝐶𝐴𝑇(ℎ𝑣

𝑘−1, ℎ𝑁(𝑢)
𝑘 ))                                               (3) 

In the formula, 𝑣 is the node, 𝑘 is the number of layers, and ℎ is the feature. 

2.2. Attention Mechanism: 

Attention mechanism is a technology that allows the model to focus on relatively important 
information and fully learn. In the graph data, the relative importance of different neighbors of 
the node is also different, so consider adding the Attention [12] module. The module first 
calculates the similarity coefficient between its neighbors and itself for each vertex, that is, uses 
a shared parameter to increase the dimension of the vertex's features, then splices the 
transformed features, and finally maps the high-dimensional features to on a real number. 

Among them, the shared parameters can be obtained through learning. In short, by stacking 
network layers, the neighborhood characteristics of each node are obtained, and then different 
nodes in the neighborhood are assigned different weights. The attention mechanism is applied 
to all edges in the graph in a shared manner, so it does not rely on pre-access to the global graph 
structure, nor does it rely on pre-access to the features of all nodes. 

2.3. Drop Mechanism: 

Different from other applications in the general deep learning field, such as images, voice, text, 
due to the particularity of graph data, the effect of the model cannot be enhanced by increasing 
the depth of the network. In order to deepen the graph convolutional network, this paper 
adopts the mechanism principle of DropEdge [13], which randomly cuts the edges in the 
original graph during model training, so as to alleviate the depth problem of the graph 
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convolutional network and reduce the over-smooth convergence. Speed and the loss of 
information caused by it. 

2.4. Process of improved model: 

The model process proposed in this paper is shown in Figure 3. The node features are 
represented by GraphSAGE, but the Attention mechanism is added to its first-order neighbor, 
The different attention to each node is reflected in the figure as the thickness of the connection. 
At the same time, it emphasized its own characteristics, that is, adding self-loop. After the node's 
characterization is obtained, the downstream link prediction task is performed, and the 
predicted result is finally obtained. 

 

 
Figure 3. The link prediction process in this article 

 

3. Experiment and discussion 

3.1. Experimental data 

The experiment in this article uses the common Cora data set and PubMed data set. Table 1 
shows the relevant information of the two data sets. 

 

Table 1. Data set related information 
Dataset Nodes Edges Features Classes 

Cora 2708 5429 1433 7 
PubMed 19717 44338 500 3 

 

The Cora data set consists of scientific papers, with a total of 2708 papers. Each paper is 
represented by a 1433-dimensional word vector, which means that each sample point in the 
data set has 1433 features. All papers are divided into 7 categories. In the Cora data set, each 
paper cited at least one other paper, or was cited by other papers. 

The PubMed dataset consists of 19,717 scientific publications on diabetes from the PubMed 
database. Each sample has a feature dimension of 500 and is divided into 3 categories. 

In the experiment of this article, we complete the task of link prediction by dividing the data set. 
Part of the edges is used as the training set, and some of the edges are used as the test set. 

3.2. Results and discussion 

The experimental results are shown in Table 2. According to the experiment, the use of graph 
neural network for link prediction has a relatively higher effect than traditional DeepWalk and 
other methods. And we found that the proposed improved GraphSAGE model is also effective 
in improving the accuracy of link prediction tasks. The number after the basic model in Table 2 
indicates the number of layers of the basic network. 
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Table 2. Experimental results 
Method Cora PubMed 

DeepWalk 0.85 0.84 
Node2Vec 0.80 0.81 

LINE 0.52 0.53 
GraphSAGE 0.89 0.87 

GraphSAGE(Drop) 0.90 0.89 
GraphSAGE2 0.87 0.89 

GraphSAGE2(Drop) 0.90 0.90 
GraphSAGE2(Drop)+Att 0.92 0.91 

 

According to the experimental results, adding the Drop mechanism to the one-layer network 
and the two-layer network can improve the effect of the model to a certain extent, which proves 
the effectiveness of the Drop mechanism. When the number of network layers is deepened, the 
accuracy will decrease, and adding the Attention mechanism can also improve the effect of the 
model to a certain extent. 

4. Conclusion 

In this paper, based on the graph node relationship mining task, the model is improved based 
on GraphSAGE, and the Attention mechanism is added to the GraphSAGE model to highlight the 
assignment of different weights to different neighbors of the node; and the Drop mechanism is 
used to randomly delete links to deepen the network. Finally, experiments have proved that the 
accuracy of the relationship prediction between nodes in the graph is improved. The model has 
been improved in comparison with the traditional and some newer methods, and good results 
have been obtained. 
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