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Multi-embedding Fusion Based on top-N Recommendation

YANG Zhenzhen' , WANG Dongtao' , YANG Yongpeng'? and HUA Renyu!
1 Key Laboratory of Ministry of Education in Broadband Wireless Communication and Sensor Network Technology,Nanjing University of Posts
and Telecommunications, Nanjing 210023, China

2 School of Network and Communication, Nanjing Vocational College of Information Technology,Nanjing 210023, China

Abstract Heterogeneous information network(HIN) is widely used in recommender systems since its rich semantic and structu-
ral information. Although the HIN and the network embedding have achieved good results in recommender systems., the local fea-
ture amplification, the interaction of embedding vectors,and the multi-embedding aggregation methods have not been fully consi-
dered. To overcome these problems,a new multi-embedding fusion recommendation(MFRec) model is proposed. Firstly, object-
contextual representation network is introduced to both branches of user and node representation learning to amplify local fea-
tures and enhance the interaction of neighbor nodes. Subsequently, the dilated convolution and the spatial pyramid pooling are in-
troduced to the meta-paths learning to obtain multi-scale information and enhance the representation of meta-paths. In addition,
the multi-embedding fusion module is introduced to better carry out the embedding fusion of users.items and meta-paths. The in-
teraction between embeddings is carried out in a fine-grained way,and the different importance of each feature is emphasized. Fi-
nally, experimental results on two public recommendation system datasets show that the proposed MFRec has better performance
than other existing top-N recommendation models.

Keywords Heterogeneous information network, Recommender system, Top-N recommendation, Multi-embedding fusion, Atten-

tion mechanism
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Table 1  Ablation experiments
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Prec@10 Recall@10 NDCG@10 Prec@10 Recall@10  NDCG@10
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Table 2 Performance comparison results with other advanced recommendation methods
B Movielens LastFM
Prec@10 Recall@10 NDCG@10 Prec@10 Recall@10 NDCG@10
ItemKNN 0.2578 0.1536 0.5692 0.4160 0.4513 0.7981
BPR 0.3010 0.1946 0.6459 0.4129 0.4492 0.8099
MF 0.3247 0.2053 0.6511 0.4364 0.4634 0.7921
NCF 0.3293 0.2090 0.6587 0.4540 0.4678 0.8104
HAN 0.3356 0.2155 0.6845 0.4720 0.4978 0.8421
MCRec 0.3451 0.2256 0.6900 0.4807 0.5068 0.8526
MFRec 0.3553 0.2358 0.6988 0.4921 0.5153 0.8603
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Table 3 Comparison of training time with other advanced

recommendation methods

(s)

A Movielens LastFM
HAN 43.8 37.8
MCRec 45.0 40.8
MFRec 47.4 43.8
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