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Service Recommendation Algorithm Based on Multi-features Crossing

GAO Wenbin' , WANG Rui' ,ZU Jiachen' ,DONG Chenchen®* and HU Guyu'

1 School of Command and Control Engineering, Army Engineering University of PLLA, Nanjing 210007, China
2 School of Computer Science and Information Engineering,Bengbu University,Bengbu, Anhui 233000, China
Abstract With the rapid growth of the number of web services, the problem of service overload has gradually emerged. To relieve
service overload,and help users position high-quality services rapidly,service recommendation has become a hot research topic in
the field of service computing. Aiming at the difficulties of cold start and data sparseness in current service recommendation, this
paper proposes a quality of service(QoS) prediction recommendation algorithm SRMFC based on the multi-features crossing,
which implements multi-features through the “word embedding” method to improve the performance of the algorithm in dealing
with the cold start. At the same time,a neural network is used to complete the automatic cross of multi-features. Compared with
traditional collaborative filtering,factorization machine and other methods, the proposed algorithm can achieve in-depth explora-
tion of the relationship between features,and improve the learning ability of the algorithm in dealing with extremely sparse data
scenarios. Experiments on public data sets show that,under different data sparsity scenarios,the service quality prediction error of

the SRMCF intersection decrease by at least 20% compared with the mainstream service recommendation algorithm in recent

years.

Keywords Service overload,Cold start,Data sparseness, QoS prediction, Service recommendation
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Table 2 Comparison of recommendation accuracy of each algorithm with different sparsity
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Fig. 6 Influence of number of embedded layer nodes on

recommendation accuracy
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Fig. 8 Influence of sparsity on recommendation accuracy
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