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Abstract:

tensively used in a variety of recommendation applications. Recently, current efforts targeted for recommendation focus on

Multi-task learning (MTL), which jointly tackles multiple tasks through information sharing, has been ex-

learning task relationships based on the multi-gate mixture-of-experts (MMOoE) architecture with shared input features (i.e.,
subtle feature engineering for user-item interaction). Recent evidences suggest the graph neural network (GNN) as a power-
ful component in characterizing deep interaction context for recommendation, greatly contributing to easing the data sparse-
ness issue in online advertising services. Hence, we make the first attempt to explore the GNN towards multi-task recom-
mendation, by designing mixture of graph enhanced expert networks (MoGE). Specifically, we propose a novel multi-chan-
nel graph neural network to jointly model high-order information with the user-item bipartite graph as well as derived col-
laborative similarity graphs for users and items. A group of graph augmented expert networks are introduced on top of the
learnt deep interaction context for cooperatively contributing to the multi-task recommendation. Experimental results on
three real-world datasets show that MoGE consistently and significantly outperforms state-of-the-art baselines across all tar-
get tasks.
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