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Node Embedding Method Based on Folded Path Aggregation
on Attributed Network
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(College of Information Science and Technology , Gansu Agricultural University , Lanzhou 730070, China)

[ Abstract] Attributed network embedding is a challenging task/in the field of graph analysis.It aims to learn the low-
dimensional vector representation of nodes from the network topology and node attributes of the network while maintaining
its structure and inherent characteristics to the greatest extentpossible. However, most of the existing methods often only
consider the basic relationship between networks and neglect the relative importance of node neighbors. To address this
shortcoming, this paper proposes an attributed network node embedding method based on folding path aggregation, which
aims to effectively mine the composite relationships. in the attributed network and fully measure the importance of node
neighbors.First, the direct neighbors of nodes-are captured based on the topology, and the structure-attribute bipartite graph
is constructed. Furthermore, the compound relationship present in the node-attribute-node folding path is mined to capture
the indirect neighbors of the node.Second, an internal aggregation strategy for semantic paths is designed.The indirect- and
direct-neighbor representations are-aggregated using a convolution neural network aggregator, and the node attributes are
fused to capture the fine-grained feature interaction between different semantics. The final embedding can be achieved by
integrating two fine-grained embedding representations through the aggregation between semantic paths. Experimental
results on three real-world datasets, Flickr, ArXiv and Pubmed, show that the node classification performance of the
proposed method is better than that of the advanced attribute network embedding method, and the values of Macro-F1 and
Micro-F1 are 0.067-0.234 higher than Node2Vec, respectively.
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Fig.1 Overall framework of node embedding method based on folded path aggregation on attributed network
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A5 ik
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F1 F1 F1 F1 F1 F1
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