Vol. 47 No. 3
Jun. 2025

475 3
2025 4 6 A

/IS B A NI S
JOURNAL OF NATIONAL UNIVERSITY OF DEFENSE TECHNOLOGY

doi:10. 11887/j. en. 202503003
SRRFZMER TSR T R AR NMMLBNERE
RABC, Mok, LB R RAR L E N, FE OB

(1 3R S AMHFERAR SR, drix Fn 310027; 2. 3Rk Sk dH s A E%, i Aam 310015,
3. ML PR KRMEEERHE, B A 310016)

http://journal. nudt. edu. cn

B E 0 TR AL S S BT 2R UCRT A AR E B A, B 2R UG R ) ek R rh
3 i T AU PRI TS o T 2 AU A i A AL, 4 1 1 1 30 DO A 38 4 R R S iR SR A
SRR T SRS T, REASAE T A ISR S AT | SR B foe/ M 18 21 A4 52 W) B0 (L BT o 1198 B A8 K1Y

18. 3% ik B8 BUE T 77 AR IEFEIR , B RO LA .
KR LSS PGS s 5L I AERE I 35 5 5 W T dne KAk s 14 25 99 450 A IR/ ME
RES%KS.TP0l XEARE:A  XEHS:1001 —2486(2025)03 - 021 — 11

Adaptive strategy for boosting node costs minimization in
multi-round influence

ZHANG Longjiao' , FU Bingyang' , SHI Qihao'”, SONG Mingli' , WANG Can', ZHANG Yue’*
(1. College of Computer Science and Technology, Zhejiang University, Hangzhou 310027, China;
2. School of Computer and Computing Science, Hangzhou City University, Hangzhou 310015, China;
3. Zhejiang Provincial Key Laboratory of Social Security Governance Big Data, Hangzhou 310016, China)

Abstract; In order to reduce the marketing costs of merchants promoting products over multiple rounds on social networks, this study made a
exploration on the selection of boosting nodes during the process of multi-round influence propagation. Based on the model of multi-round influence
boosting propagation mode, an adaptive strategy for choosing boosting nodes was designed. Given known seed nodes, this strategy could find an
efficient method to minimize the number of marketing rounds needed to reach a certain threshold of social influence, with nearly linear algorithmic

complexity. Experimental results show that compared to existing heuristic algorithms and non-adaptive algorithms, the designed adaptive strate;
p y P p 2 g p! g s g P 2y

can reduce the promotion rounds required to reach a specified threshold by 7.3% ~18.3% , effectively reducing the promotion cost.
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