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Fig. 1 Lustrates the comprehensive framework of the algorithm
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Tab.2 Experimental results of classification task for each algorithm node on different datasets

(=873 Cora #¥i % Citeseer £i#i#E  Pubmed £#li 4 Bk Cora $(#54E  Citeseer B4  Pubmed %4
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ADSF 84.00% 73.50% 81.20% SiICAT-HDI 83.80% 72.20% 81.10%
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Fig.3 Visualization of the results of this paper’s algorithm on the node classification task
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Fig.4 Convergence of the accuracy and loss of the proposed method and GAT method
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A graph embedding model based on similar networks and joint attention
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Wang Jinghong , Li Changxin', Yang Jiateng®, Yu Fugiang"

(1. a. College of Computer and Cyber Security; b. Hebei Key Laboratory of Network and Information Security; c. Hebei Provincial

Engineering Research Center for Supply Chain Big Data Analytics & Security, Hebei Normal University, Shijiazhuang 050024,
China; 2. Artificial Intelligence and Big Data, Hebei Polytechnic Institute, Shijiazhuang 050020, China)

Abstract: The Graph Attention Network (GAT) incorporates the attention mechanism into graph neural networks.

However. the model only considers the first-order neighborhood nodes of nodes, neglecting the consideration of higher-order

similar nodes, and fails to account for the structural features of nodes when calculating the attention score. To address this is-

sue, this paper propose a graph embedding model based on higher-order similar nodes and joint attention. Specifically, our ap-

proach first computes node similarities in the network and subsequently constructs new edges between pairs of nodes that are

highly similar but not directly connected, thus forming a similar network. Secondly, we introduce the notions of structural rele-

vance and content relevance to respeclively characterize structural relationships and content features among nodes. Finally, we

perform weighted aggregation of the node features using joint attention scores to obtain the final node embedding representa-

tions. The accuracy improvement over traditional models was found to be 2.70%, 3.94% , and 2.60% , respectively. These re-

sults demonstrate that the proposed method yields a better representation of node embedding.

Keywords: graph embedding; graph attention network; node similarity; similar network; node classification
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