http: /www. jsjkx. com

DOI:10. 11896/jsikx. 200200071

St A 2

HEERM AR K UHREGIR

LoF FFzZT O F W

LI RAFHRBEFR FH 250101
PHERTHUAFHHENAFEHEARFER B % 710071
StEXBRFAH - EL R FREUTHNAFFC L 201100
(kongfang0801(@ foxmail. com)

H E YAIRRUABALEZUY A ARBHERA TRARS Ty EALEHBFLELAR, . RAMWEAL T T4 2,
BHEEFALZABETH AT HAABANE, EEHEEAF . BEABBEY PO ESEEHBERT AR 0, M EXF
JHEEATUAR AR TALFIA AR BT BERZHLMB., XTPAEETRTHAIRRACAEGEIL AL TFRAOY "
HAERBEA AR T FANEEY AN RRE S MENBTERGERFIER SREERENEE, 2N T EXY R A
RRAF ARG RIAKR, FBL LTS FTRAEEY I RANLEZEALRTAIMA PARERAFIT S REEE T HR
MEIGEIEFRBZT ARG S &,

KB Y AR Y A RARA AR NS B X F T ik 582 EM

mEESES TP391

Survey on Online Influence Maximization

KONG Fang',LI Qi-zhi* and LI Shuai’

1 School of Software,Shandong University,Jinan 250101, China

2 School of Computer Science and Technology, Xidian University,Xi’an 710071, China

3 John Hopcroft Center for Computer Science,Shanghai Jiao Tong University, Shanghai 201100, China
Abstract Influence maximization is selecting seed nodes under a given influence propagation model to maximize the information
spread. This problem has a wide range of application scenarios,including recommendation systems, viral marketing, information
diffusion and link prediction. In practical applications, the node-to-node propagation probabilities in an information propagation
model are usually unknown. Besides.online learning algorithms can automatically learn unknown parameters during the interac-
tion process and gradually approach the optimal solution. The paper first discusses the definition of influence maximization prob-
lem,introduces commonly used influence propagation models, and summarizes the common offline influence maximization algo-
rithms. Then it introduces the classic online learning framework, the multi-armed bandit setting, analyzes the research status of
online influence maximization problem,and compares the performance of common online influence maximization algorithms in real

social networks through experiments. Finally,the challenges and research directions of this subject in the future is prospected.
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