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A neural network recommender algorithm based on bidirectional graph attention
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[ Abstract] Comparing with the traditional neural network, the neural network based on knowledge graph
(KG) takes the graph as the input in the recommender system, which can combine the node information and
topology for prediction. However, the existing methods rarely consider the symmetry relationship in KG and the
disappearance of the gradient. A Neural Network Recommender Algorithm Based on Bidirectional Graph
Attention (BGANR) is proposed. Firstly, the graph neural network with the symmetrical attention mechanism and
the bidirectional translation model are combined to embed the KG information. Then, the dynamic activation
function is used to avoid increasing of calculation and overfitting. Empirical results on two benchmark datasets
demonstrate our model outperforms state-of-the-art methods.
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