2026 42 H ERETIXZFFR( BARFEMR) Feb. 2026
ERIES N Bl Journal of Kunming University of Science and Technology ( Natural Science ) No. 1 Vol. 51

doi:10. 16112/j. enki. 53 —1223/n. 2025. 06. 202311240001
SRR RN, AT, THET. B T2 45 DUt HrHE SR R (9 S 28 M 25 AL B FE [ J]. BRI TR 222240 ( B AR M)
2026 ,51(1) :223 —230.
Citation: TANG Yuping,FU Yingzi, DING Yeqing. Dynamic Network Evolution Based on Variational Bayesian Framework[ J]. Jour-
nal of Kunming University of Science and Technology ( Natural Science) ,2026,51(1) :223 -230.

£ F 255 M EFAEZ T RS A M 4% WAL BT 5

BEH AL THE
(1. BEEBIBETORY: FEBe, ~m EW] 6505005 2. BEBABLT R W HGETH A0, = rg B 650500)

FE: AR BN ot R 75 k33 A4 5 W 28 AL AL A 2R BOK SO 69 %5 0m , A 3L %) 3 W) 44 T
BRI T e A P Ae AR, BB BT B AL M 440G AL . B SRR B B AL B RN AT
Kt A, L AR R BAR T ik, W B A ARIESRASIK AR X R ) R UG A SR @, KA
T B W et o7 sk 5Tk AL B Aot A R B AT )5 B0 3 7 5 3G VA — 41 A 52 09 AR W) 48 2048 ) ) 3
ATRERI ML B Ty ik i R R BB e el LA T AL R I AR K AW A AR T AR 5
Ttk R R, R Mot M kAR B R A 2 E PR, PE A TFAIE 2 g A M %,
KR : HEAINE ;BT R T 5 Weh it 247 EA T 5 Hik

hESHKS:0157.5 XEFRIRAD:A  XEHES:1007 -855X(2026)01 —0223 - 08

Dynamic Network Evolution Based on Variational Bayesian Framework
TANG Yuping',FU Yingzi'** ,DING Yeqing'

(1. Faculty of Science ,Kunming University of Science and Technology , Kunming 650500, China;
2. Applied Statistics Research Center, Kunming University of Science and Technology , Kunming 650500, China)

Abstract; In order to investigate the impact of different Bayesian methods on the model fitting performance and
convergence efficiency of dynamic social networks,and to effectively characterize the trends and features of network
evolution over time , this paper focuses on the modeling of dynamic social networks. By assuming that latent positions
follow a Markov process and combining latent space modeling methods ,dynamic directed data are embedded into a
low — dimensional Euclidean space. For parameter estimation ,a variational Bayesian method is used for posterior in-
ference of latent positions and model parameters. Finally,a real friendship network dataset is used as an example for
model construction and method validation. Considering node attributes, the generation and evolution pathways of
friendships among participants are revealed. Experimental results show that the variational Bayesian method conver-
ges faster,has lower computational complexity ,and is more suitable for handling complex dynamic networks.
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