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Abstract: With the continuous development of the Internet and recommendation system, the object of recommendation
service expands from a single user to group members. How to obtain and integrate the preferences of group members and
improve the effect of group recommendation has become a hot issue in the field of recommendation research. This paper
makes full use of the user-provided multi-attribute rating matrix, and a group recommendation algorithm combining implicit
trust and attribute preference is proposed. Firstly, the direct implicit trust between users is calculated based on the number of
items shared by users and the similarity of multi-attribute ratings. In order to reduce the sparsity of data, the trust transfer
mechanism is used to obtain indirect trust between users. Then, the user’s attribute preference is mined by calculating the
distance between each attribute rating and the overall rating. On this basis, the attention mechanism is used to learn the weight
of users in the group, and user preferences are aggregated into group preferences. Then the deep learning framework is
combined to predict candidate projects and generate the final recommendation list. Finally, experiments conducted on four
datasets to verify the effectiveness and feasibility of the proposed algorithm verify its significantly superior to the compared
algorithm in accuracy ,nDCG and other evaluation indicators.
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