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A modeling socialization point process sequence prediction algorithm

JIANG Haiyang® WANG Li*

(1. College of Information and Com puter , Taiyuan University Of Technology s Jinzhong 030600,China ;
2. College of Big Data ,Taiyuan University Of Technology, Jinzhong 030600,China)

Abstract: Predicting the type and time of the next event according to the sequence data is a subject worth
studying. At present, the point process intensity function only considers the background knowledge and
historical influence from the time dimension, and has no influence on the social relations from the spatial
dimension. Aiming at this problem, a sequence prediction algorithm (SPSP algorithm) is proposed based
on the spatio-temporal deep network. In this model, firstly the background knowledge and historical
influence of the intensity function are modeled with the dual LSTM (long short-term memory). Then the
output of two LSTMs are combined by the union layer to generate the vector representation of event type
and time. Finally, the influence of social networks on the spatial dimension is added to optimize the
intensity function. Through multiple training of the Spatio-temporal deep neural network, the optimal
network model is obtained. Sina weibo data sets are used to verify the validity of the algorithm, and it has been
proven by experiments that the proposed algorithm can predict the event type and time efficiently accurately.
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Tab.3 Comparison table of multiple methods evaluation prediction

type time F,

model accuracy accuracy precision recall score MAE
ERNN 0. 560 0. 64 0.558 0.533 0.545 4.52
SERNN 0. 590 0. 65 0. 56 0.54 0.55 4.30
TRNN 0.553 0.564 0.556 0.512 0.533 4.48
STRNN 0.554  0.566 0.562 0.520 0.540 4.40
TRPP 0. 610 0.73 0.616 0.614 0.615 4.20
Logistic 0. 375 0. 55 0.261 0.273 0.267 4.61
RMTPP 0. 564 0.73 0.561 0.563 0.562 4.31
SPSP 0. 690 0. 89 0.676 0.680 0.678 4.00
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