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Cold-Start Mitigation Method Integrating Text Semantics and Network Structure

GUO Panpan, ZHOU Gang, LU Jicang, LI Zhufeng, ZHU Taojie
(Information Engineering University, Zhengzhou 450001, China)

Abstract: To address the cold-start problem in recommendation tasks, a cold-start mitigation method
integrating text semantics and network structure (CMMITSNS) is proposed to simultaneously learn se-
mantic representations for cold-start items and structural representations within the heterogeneous in-
formation network (HIN). Firstly, a multi-task document representation model SPECTER2 is used to
obtain the text semantics vector representation of cold-start items. Secondly, the scalable feature learn-
ing for networks (node2vec) is used to capture the structural information of nodes in the HIN, and the
learned representation results are used as the initial embedding of the graph convolutional network
(GCN). Finally, the inner product between the target item and the candidate item is calculated, and the
item with a higher score is recommended. Experimental results on AAN and ACM datasets show that
CMMITSNS can effectively alleviate the data sparsity and cold-start problems, and outperform the ex-
isting methods in terms of the Recall and normalized discounted cumulative gain (NDCG). In ablation
experiments, CMMITSNS performs better than single GCN and node2vec methods on the two datasets,
and its NDCG@20 on the AAN dataset is 8.11% and 10.26% higher than those of w/o node2vec and w/o
GCN , respectively, indicating the effectiveness of multi-dimensional information complementation.
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