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neural network algorithm based on meta-path convolution was proposed. Firstly, the feature transformation was used

to adaptively adjust the node features. Secondly, the high-order indirect relationship between the nodes was mined by

convolution within the meta-path to capture the interaction between the target node and other types of nodes under the

element path. Finally, the reciprocity between semantics was explored through the self-attention mechanism, and the

features from different meta-paths were fused. Extensive experiments were carried out on ACM, IMDB and DBLP da-

tasets, and compared with the current mainstream algorithms. The experimental results show that the average increase

of Macro-F1 in the node classification task is 0.5%~3.5%, and the ARI value in the node clustering task is increased

by 1%~3%, which proves that the algorithm is effective and feasible.

Key words: heterogeneous graph, graph embedding, graph neural network, meta-path, graph convolution
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40% 47.7% 45.4% 57.5% 59.1% 60.2% 61.2% 60.4% 63.8%
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60% 93.9% 91.0% 92.6% 93.4% 94.8% 94.5% 94.9% 95.2%

80% 94.0% 91.1% 92.8% 93.9% 95.0% 94.6% 95.2% 95.6%
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. IMDB ACM DBLP
Hik
NMI ARI NMI ARI NMI ARI
MAGNN  133% 11.6% 65.5% 693% 79.2% 84.6%
HGNN _AC 13.6% 14.4% 64.9% 68.5% 79.6% 84.9%
OSGNN  159% 18.1% 72.4% 74.5% 81.6% 86.4%
MCHGNN 16.8% 19.4% 74.5% 77.1% 83.1% 87.4%
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