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Affective Modeling of Social Networks Based on Deep Recurrent Neural Networks

WANG Xiao-hui, QIN Jing-yan
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ABSTRACT: The work aims to combine deep learning with social networks and affective computing and explore new
methods and new technologies to establish the affective model of social networks by deep neural networks, to explore the
application of the model in user demand analysis and recommendation. The automatic filtering and mining of social net-
work data were carried out. Affective prediction technique with long-term memory and no prior knowledge was studied to
model vast amounts of user data and interpersonal relationship data, to establish the LSTM model for time series and in-
tegrate them into a uniform large deep recurrent network in combination with their interrelation. The main contents in-
cluded: heterogeneous data processing of social networks based on attention model; long-term memory model based on
deep LSTM, which studied the sub-network selection, deep LSTM structure and large network structure of social net-
works in allusion to social networks; recommendation algorithm based on the established affective model and
reinforcement learning. This research reduced dependence on priori assumptions, improved the analysis accuracy,
lightened the workload and bias of the artificial affective model and enhanced the universality of all kinds of different
network data. It can be used for deep model. The research results contribute the combination of deep learning and
affective computing and promote the research on user behavior analysis and prediction, can be used in personalized
recommendation and targeted advertising. It has the wide academic meaning and application prospect.
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Fig.1 Affective modeling of social networks based on deep recurrent neural networks
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