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Figure 1 (Color online) Changes in (a) AUC and (b) AUPR of Lasso, SBL, and S-Block-SBL with increasing data ratio. It can be
observed that S-Block-SBL outperforms the other methods in both AUC and AUPR.
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B2 (MEMFE) Lasso, SBL # S-Block-SBL 7EMEAIREIEME! (a) AUC 7 (b) AUPR HYZL. MEE| S-Block-
SBL # AUC # AUPR FERHAMKTFHMSE.

Figure 2 (Color online) Changes in (a) AUC and (b) AUPR of Lasso, SBL, and S-Block-SBL as the noise amplitude increases. It can
be observed that S-Block-SBL outperforms the other methods in both AUC and AUPR.
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Topological structure identification method for complex networks with
anomalous edges

Yaozhong ZHENG, Hai-Tao ZHANG" & Yuanyuan HU

School of Artificial Intelligence and Automation, Institute of Artificial Intelligence, Huazhong University of Science and Technology,
Wuhan 430074, China
* Corresponding author. E-mail: zht@mail.hust.edu.cn

Abstract The topology of complex networks serves as the backbone of secure control. Network topology identification
based on nodal time-series data has become a research hotspot across interdisciplinary fields such as computer science,
systems science, physics, and others. However, the presence of anomalous edges in the network influences the identification
performance and even weakens the security and stability of network control. As a remedy, this paper proposes a strategy
block-sparse Bayesian learning algorithm (S-Block-SBL) for identifying network topology with anomalous edges. With the aid
of block-sparse Bayesian learning, the algorithm unifies identification results across all datasets, and a dataset purification
strategy is proposed to substantially improve identification accuracy. It is proven that the loss function of the proposed
S-Block-SBL is nonincreasing and convergent. Extensive experiments on benchmark networks demonstrate the algorithm’s

effectiveness and superiority.
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