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Cross-network User Identification Based on Multiple Spatio-Temporal Trajectory Features

LIU Hong',ZHU Yan'and LI Chunping®
1 School of Computing and Artificial Intelligence,Southwest Jiaotong University,Chengdu 611756,China

2 School of Software, Tsinghua University, Beijing 100091, China

Abstract With the flourishing of location-based social networks, users’ mobile behavior data has been greatly enriched, which
promotes the research on user identification based on spatio-temporal data. User identification in cross-location social networks
emphasizes learning the correlation between time and space sequences of different platforms,aiming at discovering the accounts
registered by the same user on different platforms. In order to solve the problems of data sparsity.low quality and spatio-temporal
mismatch faced by existing researches,a recognition algorithm UI-STDD combining bidirectional spatio-temporal dependence and
spatio-temporal distribution is proposed. The algorithm mainly consists of three modules:the space-time sequence module is com-
bined with the bidirectional long short-term memory network of paired attention to describe user movement patterns; the time
preference module defines the user personalized mode from coarse and fine granularity;the spatial location module mines local and
global information of location points to quantify spatial proximity. Based on the user trajectory pair features obtained by the above
modules,a multi-layer feedforward network is used in UI-STDD to distinguish whether two accounts across the network corres-
pond to the same person in real life. To verify the feasibility and effectiveness of UI-STDD,experiments are carried out on three
publicly available datasets. Experimental results show that the proposed algorithm can improve the user identification rate based
on spatio-temporal data,and the average F1 value is more than 10% higher than the optimal comparison method.

Keywords User identification, Spatio-Temporal data, Mobile mode, Time preference,l.ong short-term memory
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Table 1 Statistical information of experimental data
Dataset Network users Records Data range
FS 5392 76972
FS-TW 2008.10—2012. 11
™ 5223 164919
1T 2505 337934
IT-TW 2010.09—2015. 04
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Table 2 Hyperparameter setting

Hyperparameter Value
Batch size 32
Embedding size 120
Number of random times/K 10
Divided region 100 * 100
Learning rate 1073
Dropout 0.3
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Fig. 3 Experimental results
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Table 3 Comparison of the proposed algorithm variants

(across FS-TW)

Algorithm Precision Recall F1
UI-FTP 0.521 0.550 0.535
UL-FTP-T 0.732 0.723 0.727
UI-FTP-L 0.754 0.578 0.654
UI-STDD 0.695 0.784 0.737
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Table 4 Comparison of the proposed algorithm variants

(across IT-TW)

Algorithm Precision Recall F1
ULI-FTP 0.420 0.729 0.533
UL-FTP-T 0.493 0.560 0.524
UL-FTP-L 0. 847 0.775 0.809
UI-STDD 0.933 0.729 0.818

F 5  ARSCHIEAMX L (% BK1-BK2 M%7 &
Table 5 Comparison of the proposed algorithm variants

(across BK1-BK2)

Algorithm Precision Recall F1
UL-FTP 0.521 0.550 0.535
UL-FTP-T 0.579 0.418 0. 485
UI-FTP-L 0.744 0.587 0. 656
UIL-STDD 0.794 0.734 0.762
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