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Abstract Heterogeneous information network (HIN) embedding maps complex heterogeneous information to a low-dimensional
dense vector space,which is conducive to the calculation and storage of network data. Most existing multi-view-based HIN em-
bedding methods consider multiple semantic relationships between nodes. but ignore the incompleteness of the view. Most of
views are incomplete and directly fusing multiple incomplete views will affect the performances of the embedding model. To ad-
dress this problem,we propose a novel HIN embedding model with incomplete multi-view {usion,named IMHE. The key idea of
IMHE is to aggregate neighbors of other views to reconstruct the incomplete views. Since different views describe the same HIN,
neighbors in other views can restore the structure information of the missing nodes. The IMHE model first generates nodes se-
quences in different views,and leverages the multi-head self-attention method to obtain single-view embedding. For each incom-
plete view,IMHE finds the k-order neighbors of the missing nodes in other views,then aggregates the embeddings of neighbors in
the incomplete view to generate new embeddings for missing nodes. IMHE finally uses the multi-view canonical correlation analy-
sis method to obtain the joint embedding of nodes, thereby simultaneously extracting the hidden semantic relationship of multiple
views. Experiment results on three real-world datasets show that the proposed method is superior to the state-of-the-art methods.
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Table 2 Performance evaluation of link prediction

Methods DBLP Yelp Last. fm
AUC AP AUC AP AUC AP

Node2vec 0.7992 0.8053 0.7025 0.6601 0.8111 0.8094
Line 0.7209 0.7147 0.5831 0.5807 0.7553 0.7389
Metapath2vec 0.8054  0.8216 0.7879 0.7632 0.8222 0.8206
Esim 0.8328 0.8305 0.8060 0.8730 0.8451 0.8333
Hin2vec 0.8574 0.8644 0.8502 0.8408 0.8517 0.8673
MNE 0.8221 0.8337 0.7514 0.7221 0.8399 0.8452
IMHE 0.8890 0.8981 0.8322 0.8393 0.8978 0.9017
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