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Abstract:

ferent social networks. Most of the existing related researches focus on the alignment of static social networks. However, so-

Social network alignment aims to identify social accounts belonging to the same natural person from dif-

cial networks are dynamically evolving. We observe that dynamics can reveal more discriminative patterns and thus can
benefit social network alignment. This phenomenon motivates us to rethink this issue in dynamic scenarios. Therefore, we
propose to leverage the dynamics of social networks and design a deep learning architecture to address the dynamic social
network alignment problem, termed as DeepDSA. Specifically, we first design a deep sequence model to capture the dynam-
ics of social network structure and attributes respectively. For each social network, we merged binary dynamics by maintain-
ing the correlation between structure and attributes of the same user to obtain the original comprehensive embeddings. We
finally perform spatial transformation learning in a semi-supervised manner, and project the original embedding of each net-
work into a target subspace in which a natural person is uniquely represented. We conduct extensive experiments on real-
world datasets and demonstrate the proposed DeepDSA achieves 10% improvement of precision against the current main-

stream algorithm.
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