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Abstract With rapid development and popularization of Internet technologies, more and more users have begun to share
and exchange various information through social networks. The same user in the network may apply for multiple diffe-
rent accounts to distribute information, and these accounts constitute the associated users in the network. Effectively
mining associated users in social networks can suppress false information and illegal behaviors in the network,and thus
ensure the security and fairness of the network environment. Existing associated user mining methods only consider user
attributes or user relationship information without merging multiple types of information contained in the network com-
prehensively. In addition, most methods draw lessons from the methods in other fields, such as de-anonymization, and
they can’t accurately solve the problem of associated user mining. In light of this, this paper proposed an associated user
mining algorithm based on multi-information fusion representation learning( AUMA-MRL). In this algorithm, the idea
of network representation learning is utilized to learn various dimensional information in the networks,such as user at-
tributes,network topologysetc. Then the learned multi-information is effectively fused to obtain multi-information node
embedding, which can accurately characterize multiple types of information in networks, and mine associated users in
networks through similarity vectors between node embedding. The proposed algorithm was validated on three real net-

works namely protein network PPI and social network Flickr, Facebook. In the experiment, the accuracy and recall rate

FIFG H 1 .2018-11-09 &M H 11.2019-01-14 A3 A SRR (61170112 B8 B),

ERBEA972—) B Wt R, E PRI AL S 4 R 42 R B0 4 BT fF L E-mail: hanzm @ th. btbu. edu. en GE A 1E#) ; #8 &= M
(1994 —) g B bk, EEBFF 7 [ ML R4 KR40 R A& (1976 —) B L B2, EEB 7 @ it &t 28R B,
B ORA94), B M BGRB8 0k 4 BT L 4 A



78 i BN R

2019 4F

is selected as the performance evaluation indexes. The results show that the recall rate of proposed algorithm is

increased by 17. 5% on average compared with the existing classical algorithms,and it can effectively mine associated

users in networks,
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