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Abstract

Previous recommender systems based on graph neural network have proposed various methods for preserving graph
structure and information. However, no studies have considered collaborative signals, which are a key element in the
graph structure of recommender systems. In response, we propose a novel continual learning method that effectively
utilizes collaborative signals in the recommender systems based on graph neural network. By storing and updating
user-specific temporal graph structures in the form of collaborative signals, this approach can efficiently incorporate
new information while preserving past knowledge. Finally, our experiments demonstrate that this method outperforms
existing continual learning methods for recommender systems.
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ML-1M 6040 | 3260 998539 0.0507
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