Predicting Temporal Sets with Deep Neural Networks
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Abstract

We propose an integrated solution based on the deep neural networks for temporal sets prediction. A unique perspective of our approach Is to learn element relationship by constructing set-level co-
occurrence graph and then perform graph convolutions on the dynamic relationship graphs. Moreover, we design an attention-based module to adaptively learn the temporal dependency of elements and
sets. Finally, we provide a gated updating mechanism to find the hidden shared patterns in different sequences and fuse both static and dynamic information to improve the prediction performance.
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