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Abstract The evolution of group behavior in social networks is often marked by nonlinearity, multi-agent coupling,and structural
heterogeneity ., posing challenges for traditional modeling methods in uncovering the underlying dynamics. To better capture these
dynamics, this paper proposes an improved method for dynamic identification based on a structure-coupled function library—
SINDy-GSN. The method leverages feature-driven discrete simulation, integrating user behavior states, adjacency structures,and
topic information to construct a tripartite state vector, generating a high-dimensional nonlinear function library suited for social
networks. The library incorporates first-order neighbor influence,normalized diffusion,and topic propagation coupling,effectively
capturing the dynamic interplay between individual behavior and network structure. Using real-world social platform data.a simu-
lation network is created,and discrete evolution models the propagation of group stances,enabling sparse modeling and identifica-
tion of group behavior dynamics. Results show that SINDy-GSN maintains interpretability and sparsity while accurately identi-
fying group propagation mechanisms,offering a versatile framework for modeling and predicting complex social behaviors, with
strong adaptability and scalability.

Keywords Social networks, Function library construction, SINDy, Network dynamics,Sparse regression
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Table 1  Basic information of the simulation data
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Table 2

Comparison of mean squared error(MSE) evaluation across experimental scenarios

VAT BAE
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Table 3 Comparative visualization of identification results from Facebook discrete simulation
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Table 4 Comparative visualization of identification results from Facebook continuous simulation
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Table 5 Stability analysis of equation coefficients on the Facebook
dataset
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Table 6 Comparison of mean squared error(MSE) for different

algorithms under discrete simulation
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Table 7

Comparison of mean squared error(MSE) for different

algorithms under continuous simulation
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