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Social Strength Learning between Users Based on Spatiotemporal Data

CHEN Yuanjuan YAN Jian-feng LIU Xiao-sheng YANG Lu
(School of Computer Science and Technology, Soochow University, Suzhou 215006, China)

Abstract Word2vec is a high-efficiency open-source tool issued by Google, which represents a word with a float vector,
We used this tool to process spatiotemporal data, Each user is represented with a float vector to predict social strength
among users. To predict social strength among users more precisely, this paper proposed a location-weight algorithm
that dynamically adjusts the learning rate in the process of learning with word2vec. According to the number of different
users at different locations, we added location weight to the algorithm in the process of learning. Meanwhile, we ex-

plored the effect of location-weight on prediction of social strength among users. Experimental results validate perfor-

mance of the proposed algorithm,
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