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Fig. 1. Reconstruction performance of Lasso, Signal-lasso, and GMM on multiplex networks driven by
evolutionary game dynamics. The F1 score is plotted as a function of the relative time-series length
M /(Ln). From top to bottom, the four rows correspond to average degrees (k) = 10,20,30, and 50,
respectively. From left to right, the three columns correspond to signal-to-noise ratios SNRpg = 80, 75,
and 70, respectively. Each layer is a 100-node BA metwork. Each data point represents the mean over
10 independent runs, and the shaded region indicates the corresponding standard deviation. The same

convention is used in subsequent figures.
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Fig. 2. Reconstruction performance of Lasso, Signal-lasso, and GMM on multiplex networks driven by
evolutionary game dynamics. The RMSE value is plotted as a function of the relative time-series length
M /(Ln). From top to bottom, the four rows correspond to average degrees (k) = 10,20,30, and 50,
respectively. From left to right, the three columns correspond to signal-to-noise ratios SNRpg = 80, 75,

and 70, respectively. Each layer is a 100-node BA network.
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Table 2. Basic topological properties of real-world networks
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Fig. 3. Reconstruction performance of Lasso, Signal-lasso, and GMM on real multiplex networks. The F1
score is plotted as a function of the relative time-series length M /(Ln). From top to bottom, the four rows
correspond to the aP1, aP2, aP3, and aP4 networks, respectively. From left to right, the three columns

correspond to signal-to-noise ratios SNRpg = 85, 80, and 75, respectively.
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Multiplex network reconstruction from cross-layer
aggregated states based on a Gaussian mixture

model*

XIA Mingzhi)  ZHANG Haifeng? ~ MA Chuang?

1) (School of Internet, Anhui University, Hefei 230039, China)
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Abstract

Multiplex networks provide a fundamental framework for describing complex systems in which the
same set of nodes interact through multiple types of connections. Inferring the layer-specific topology of
such networks is essential for understanding their structural organization and dynamical behavior. Most
existing reconstruction methods, however, rely on the assumption that node states in each‘layer can be
observed separately. This assumption is often difficult to satisfy in privacy-sensitive; resource-limited,
or experimentally constrained scenarios, where only cross-layer aggregated node states are available. In
this work, we study the reconstruction of multiplex networks from aggregated observations and propose
a Bayesian reconstruction framework based on a Gaussian mixture model. Taking evolutionary game
dynamics on multiplex networks as a representative example, we first transform the aggregated payoff
observations into a linear inverse problem, in which the unknown variables encode the adjacency infor-

mation of all layers. To improve the reliability of reconstruction under limited and noisy observations, we
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introduce a layer-wise Gaussian mixture prior for the edge values. This prior only assumes that each layer
contains two possible edge states, without requiring the explicit values of these states. The edge values,
mixture weights, variances, interlayer coupling parameters, and observation noise level are then adaptively
estimated through an iterative expectation-maximization procedure. Numerical experiments on synthetic
multiplex networks driven by evolutionary game dynamics show that the proposed method achieves ro-
bust reconstruction performance, especially when the networks are relatively dense or the observations
contain strong noise. In these regimes, sparsity-based Lasso reconstruction deteriorates, whereas Signal-
lasso depends on stronger prior knowledge of the edge values. Experiments on real-world multiplex trade
networks further demonstrate the applicability of the proposed framework. These results indicate that
layer-resolved network structures can be inferred from cross-layer aggregated signals with only weak prior
information. The proposed method therefore provides a feasible approach for reconstructing multiplex
networks under incomplete observations.

Keywords: Multiplex networks; network reconstruction; Bayesian inference; Gaussian
mixture model; aggregated observations; evolutionary game dynamics
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