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Dynamic Heterogeneous Network Representation Method
Based on Meta-Path
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(College of Computer Science and Technology , Chongqing University of Posts and Telecommunications, Chongqing 400065, China)

Abstract: The researches of network representation learning have made many achievements. Since most of the re-
searches ignore the dynamics and heterogeneity of the networks, coupled temporal and spatial structure features can not be
distinguished, and rich semantic information of the network cannot be captured well. In this paper, meta-path based dynam-
ic heterogeneous network representation learning method is proposed. Firstly, the neighborhood structures of nodes are di-
vided into different sub-spaces according to their time, then the sequences of all time-weighted meta-paths for each node are
sampled. Secondly, the neighborhood information on all time-weighted meta-paths of each node is integrated by a gated re-
current unit network(GRU). Furthermore, a bi-directional gated recurrent unit network(Bi-GRU) with an attention mecha-
nism is used to learn the spatio-temporal contextual information from the merged sequences, and the final node representa-
tion will be received. Experiments on real data sets show that our algorithm has greatly improved performance on the down-
stream network tasks, such as node classification, clustering and visualization. Compared with state-of-the-art baseline meth-
ods,the Micro-F1 value has been raised by 1.09%~3.72% averagely on classification tasks, and the ARI value has been in-
creased by 3.23%~14.49% on clustering tasks.
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Micro-F1 | 50% | 0.9734 | 09758 | 09767 | 09663 | 09679 | 0.8556 | 09735 09758 | 09788
80% | 09725 | 09766 | 09774 | 09681 | 09691 | 0.8555 | 0.9749 09756 | 09793
20% | 0.8769 | 0.9093 | 09232 | 09251 | 09401 | 09157 | 09227 09341 | 09391
Macro-F1 | 50% | 09074 | 09181 | 09229 | 09262 | 09413 | 0.8914 | 09334 09367 | 09431
80% | 09202 | 09237 | 09233 | 09257 | 09410 | 09078 | 0.9369 09388 | 09439
PRLPA 20% | 0.8858 | 09151 | 09285 | 09301 | 09422 | 09245 | 09261 09377 | 0.9412
Micro-F1 | 50% | 09154 | 09144 | 09279 | 09314 | 09434 | 09103 | 09352 09415 | 09486
80% | 0.9262 | 09197 | 0.9280 | 0.9410 | 09446 | 09262 | 0.9443 09436 | 09488
20% | 0.8222 | 0.8419 | 0.8544 | 08415 | 0.8634 | 0.7881 0.8715 08812 | 0.8972
Macro-F1 | 50% | 0.8564 | 0.8476 | 0.8713 | 0.8827 | 0.8862 | 0.7924 | 0.8835 0.8952 | 0.8984
80% | 0.8668 | 0.8631 | 0.8778 | 0.8892 | 0.8901 | 0.8092 | 0.8895 08961 | 0.8993
PRLP-IO 20% | 0.8387 | 0.8743 | 0.8621 | 08851 | 0.8818 | 0.7771 0.8724 09011 | 08974
Micro-F1 | 50% | 0.8521 | 0.8921 | 0.8719 | 0.8994 | 0.8871 | 0.7841 0.8910 09038 | 0.9073
80% | 0.8566 | 0.8964 | 0.8805 | 0.9012 | 0.8923 | 0.8218 | 0.8992 09094 | 09101
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