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Recommendation Algorithm Based on Heterogeneous Information Network Embedding and
Attention Neural Network
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Abstract Recommendation system,as a very effective technique to solve the information overload, has received a great deal of at-
tention from researchers. However, the real application of recommending systems can be modeled as heterogeneous networks with
multi-typed nodes and relations. Thus, heterogeneous network embedding based recommendation becomes a very hot research
topic in recent years. However,most of the existing studies do not fully explore the auxiliary information and complex relations
which are valuable for enhancing recommending performance. To address the above problems,a recommendation algorithm based
on heterogeneous information network embedding and attention neural network is proposed. First. this paper proposes a heteroge-
neous information network embedding method that maintains semantic relationship and topological structure simultaneously.
Then,it designs a meta-path based random walk strategy to extract node sequences from heterogeneous information networks. All
the sequences are filtered and then employed to learn the embeddings for each user and item in different meta-paths. At last. this
paper presents a recommendation algorithm based on attention neural network with the above embeddings as input. The attention
network composed of attention layers and hidden layers is able to explore the complex relationships and hence enhance the per-
formance of recommendation. To verify the effectiveness of the proposed method, this paper conducts experiments on two kinds of
real-world datasets and makes a comparison with three competitive algorithms. The results show that the proposed algorithm im-
proves the recommending performance in terms of MAE and RMSE, with a maximum increase of 8. 9%.
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Table 1 Lists of meta-paths

Dataset Meta-paths
Douban Movie UMU,UMAMU,UMTMU,MUM,MAM,MTM
Yelp UBU. UBCaBU, UBCiBU,BUB.BCaB,BCiB
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Table 2 Dataset information

Dataset Relations Count Node type Count
X User 13367
User-Movie 1068278 A
Douban- Movie 12677
movie Movie-Actor 33587 Actor 6311
Movie-Type 27668 Type 38
Us 16239
User-Bi 198397 o
Bi 14 284
Yelp
Bi-City 14267 City 47
Bi-Ca 40009 Ca 511
X User 6040
Movie-Lens User-Item 1000209
Item 3706
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Table 3 Experimental results of the comparative methods on the

Douban Movie and Yelp datasets

Douban Movie Yelp
Method
MAE RMSE MAE RMSE
PMF 0.5741 0.7641 1.0791 1.4816
SemRec 0.5695 0.7399 0.9176 1.1771
HERec 0.5519 0.7053 0.8475 1.1117
Ours 0.5486 0.6815 0.8044 1.0132
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Table 4 Experimental results of Top-K metrics on Moviel.ens

dataset
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Method — -
HR@10 NDCG@10
BPR 0.6819 0.4117
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