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Abstract; With the explosive growth of news information, personalized news recommendations have be-
come very important for users to specially push news they are really interested in. The task of session-
based recommendations is to recommend the next item that may be of interest to the user based on the us-
er history behavior sequence. However, most of the existing methods ignore the randomness and the con-
tingency of the user reading in a session, thus it is difficult to capture the user main interest. Some other
methods treat the user sessions as a single sequence, ignoring the evolution and the association of user in-
terests between different sessions. A news recommendation method for session-based neural network with
two-layer attention mechanism is proposed, by dividing the user behavior sequence into multiple sessions.
Firstly, it uses a convolutional neural network to extract the news features clicked by the user. Then, the

gate recurrent unit and the self-attention mechanism are combined to learn the user main interest in the
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interest-aware attention layer. Finally, the attention mechanism is used in the session-aware attention

layer to model the correlation of user interests between tcurrent sessions and historical sessions to form the

final representation of user interests. The simulation experiment is conducted on real-world news datasets.

Experimental results demonstrate the effectiveness of the proposed method for news recommendations.

Keywords ; news recommendations; session-based recommendation ; attention mechanism; neural network
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