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Table 5 Experimental results of different aggregators
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Knowledge-aware Recommendation Method Integrating Multi-modal Information

WANG Hairong"?, WANG Yimeng', ZHOU Beijing', YI Zhihang'

(1. College of Computer Science and Engineering, North Minzu University, Yinchuan 750021, China; 2. The Key Laboratory of Images
& Graphics Intelligent Processing of State Ethnic Affairs Commission, North Minzu University, Yinchuan 750021, China)

Abstract: It is found that multi-modal information such as images and text possesses semantic complementarity,
which could effectively enhance the representation of entities in knowledge graphs, thereby improving the accuracy
and interpretability of recommendations. A knowledge-aware recommendation method that could integrate multimo-
dal information was proposed by analyzing the characteristics of semantically related multimodal data in recommen-
dation systems. On the basis of knowledge graph propagation, multi-modal information that was semantically related
to entities in the graph was integrated, and feature fusion was performed with the corresponding entities to enrich
entity representation, aiming to explore users’ potential interest preferences. In this method, the dependency and
interactivity between multimodal information was considered, intermodal attention was adopted to focus on important
information of each modality, and semantically associated multimodal embedding features were obtained. Through
gated attention, the multi-modal embedding features corresponding to entities were fused with entity representa-
tions, further enriching the multi-modal semantic information of entities, thereby enhancing the representation of
users and items. In order to verify the effectiveness of the method, experiments were conducted on MovieLens-1M
and Book-Crossing data sets, and comparative analysis was conducted with 9 methods including RippletNet,
KGAT, CKAN, LKGR, COAT, CKE, KGCN, SKGCR and KGCL. The experimental results showed that it was
better than the other two indicators in AUC and ACC. On the MovieLens-1M and Book-Crossing datasets, the AUC
of the proposed method were 0.936 6 and 0. 763 7, respectively, with an increase of 0.027 2 and 0. 029 1 com-
pared to the average values of other models. The ACC values of the proposed methods were 0. 862 3 and 0. 708 9,
respectively, with an increase of 0. 028 3 and 0. 030 5 compared to the average values of other models.

Keywords: knowledge graph; recommendation system; multi-modal information; feature fusionl; embedding prop-

agation





