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Abstract

With the wide spread of Internet and big data research and applications, influence diffusion research in social
networks becomes one of the hot topics in data mining and social networks analysis in recent years. The main results
on social influence diffusion research from the field of computer science in the last decade, which covers the three
main areas -- influence diffusion modeling, influence diffusion learning, and influence diffusion optimization, were
summarized. Different techniques, such as stochastic modeling, data mining, algorithmic optimization, and game
theory, were demonstrated in their application to influence diffusion research. Finally, some discussions on the current

issues, challenges and future directions in influence diffusion research and applications were provided.
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W, BT BARAE R B /MU F ARG
IR/IN, IEAAE R TO (Inm ), Hiin /&
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(2) FINE FeAA

AINE RN e Rl b N o S D N
T 52 P AR R -5 S A 7= A i as . BT
DA, I e KA P B b A 396 B 6 (AR
IR (RN FRAZ AR A E PR ), 1SR 28
(A B 2 9 o B AR B K 5 RE M )
e RAAR TG, T S AR ) — S ER 2 X )
TR EAREE (AP TR T4 A TR
BRI ) AN AR B SRS
IR B —E R, FA— AN SRR R
SR A AU BRI 25 T RE EL 2R REHETE N
NIXAFhF R 2, (2 RE R 2 HA
TR, FEIXRIHNCT, R A EF
A A AL B IO B AR B8,
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Y&, QORI AT AT 350 M 428 7m0 52 i
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RAT TS B RL WA, KAEH A
AP B AT T [RIFREE 2O 1, X AT
BRAESN H P B B P ARG T 2 & AT
R, BT DAFE AT R X7 BRI
F B2 B — K AR FE N o a0 SR 4 v
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AR METH B, dE 2 R AR A B R K
AL EMEL U0 (B IR AR K R
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4.3 SRS BEFSARE 5

B RACUSR A 11 19 72 A6 ok S
IRILEEE 2%, Xt Goyal, Bonchiff
Lakshmanan# H 7 5T5 FH 4040 1940 &
GIATIT IR B R EE A ST AR 2 T e
TE— IR AEAE R 58 5 42 B A 4 B0E i 4B
RS T AR, K S RS

(partial credit) SF-HEE|FrA 2 5040 E
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PR B S5 R AN BB A 22 18 BT A% 1 1%
2, AEET R G5 52 i 1L 1 24 > Wl R
SRS KR, B EN T
Ao 3N, SRS AR AR A R SUERTAN [
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