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[ Abstract] In the intelligent computing field, the rapid growth of available Internet services makes users increasingly
dependent on services to complete various businesses, but the passivey request-response” service model seriously
decreases user experience and resource utilization. To intelligently«perceive user requirements and proactively recommend
appropriate services to users,this paper proposes a method of active service recommendation based on user requirement
prediction. The method firstly extracts user features and service features from massive data of historical services by using
matrix factorization. On this basis, the extracted data is used/to train the deep learning model and predict service demands
of users, so as to recommend appropriate services to users. Experimental results on real data show that the proposed
method has higher accuracy and stability of service recomimendation than simply a matrix factorization model or deep
neural network model.
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