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User Relations Extraction via Text Information and Attention

Mechanism

ZHAO Yun, WU Fan, WANG Zhonggqing, LI Shoushan, ZHOU Guodong
(School of Computer Science & Technology, Soochow University, Suzhou, Jiangsu 215006, China)

Abstract : With the development of social media, the relationship network between users has
greatly helped the analysis of social media. Therefore, this paper mainly studies user friend
relationship detection. The previous research on the extraction of user friend relationships was
mainly based on structured information on social media, such as other friend relationships,
different attributes of users, and the like. However, many times the user does not have a lot of
friends information, and it does not necessarily have a lot of certain attributes. Therefore, we
hope to predict the user relationship based on the text information published by the user.
Different from the previous potential friend recommendation algorithm, this paper proposes a
friendship prediction model based on attention mechanism and Long Short-Term
Memory(LSTM), which separates the comments between friends, and determines whether
there is a certain friend relationship by analyzing the user's comments. This model takes as
WHBH: EREH:

EEWMA: EREARFEESE (61331011,61672366)

fEZE® M. B (1995—), MTHRE, TEMRTEHNEREBESLE; RE (1994—), WTHARE, EEH
ROFABRIESLE; TP (1987—), #L, FEMRABABRESLE, HSHE




input the concatenated results of the two friends and applies the attention mechanism to the
output of the LSTM. Experiment shows that the comments between users have great practical
significance for the prediction of friends relationships. The model presented in this paper has
achieved significant improvement over the effects of multiple reference systems. Without
adding any other non-text features, the accuracy of the experimental results reached 77%.
Key words: friend judgment; relationship prediction; social network; text categorization
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max length
embedding size
hidden size
batch size
learning rate
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pool size
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