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Recommended method study based on incorporating
complex network ripple net

LUO Yutai, XU Tao, XU Zhangbo

Key Laboratory of China’s Ethnic Languages and Information Technology of Ministry of Education,
Northwest Minzu University, Lanzhou 730030, China

Abstract; The RippleNet network models user preferences and is well applied in the recommended system. But
Ripplenet didnt take into account the weight of entities in the knowledge graph, resulting in the inaccurate recom-
mendation results. A RippleNet model incorporating the influence of the complex network nodes is proposed. After
constructing the complex networks based on the knowledge maps, the maximum subnet model is extracted, the in-
fluence of the nodes in the map network is calculated, and the weight of the nodes is added to the RippleNet model
as an entity. The experimental results showed that the present method increased the AUC and ACC values of Ripple-
Net to 92.0% and 84.6% , made up for the problem that no entity influence was considered in the RippleNet net-

work , and made the recommended results more in line with users” expectations.

Keywords: knowledge graph; recommended system; complex network ; node influence; rippleNet

SIFIEL: B FF, 4%, 15 M. B TR 6K 2 W% Cn-RippleNet # 2 5738 7# 77 #[J]. B T WA FFR,2021,39(5) :
1070-1076
LUO Yutai, XU Tao, XU Zhangho. Recommended method study based on incorporating complex network ripple net[J ].
Journal of Northwestern Polytechnical University, 2021, 39(5) : 1070-1076 (in Chinese)

© 2021 Journal of Northwestern Polytechnical University.

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0) , which

permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.



	1070



