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A Dynamic Link Prediction Method Based on Deep Recurrent Temporal
Restricted Boltzmann Machine

PAN Jia-qi,ZOU Jun-tao
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Nanjing 211106, China)

Abstract: Aiming at the abrupt change of embedded features of node pairs with time evolution,a temporal link prediction method based
on deep recurrent temporal restricted Boltzmann machine (RTRBM) is proposed. In the aspect of sample set construction, network em-
bedding is used to extract node features over networks, and the distance between node pairs is taken as sample attributes. In terms of
learning model selection, RTRBM is applied to temporal link prediction. Considering the position of the node in the embedded features
space is relatively stable in a short time interval, the energy function and training process of the RTRBM are improved. In addition, In
order to extract the depth—series features of node pairs, the deep learning theory is combined to form a deep leaning structure by stacking
multiple improved RTRBM vertically, and a logistic regression classifier is utilized finally to classify and predict link relationships in
dynamic networks. The experimental results show that the improved RTRBM and its deep learning model have significant performance

improvement under the AUC index compared with other methods.
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