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A review on topological interpretation of neural networks
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Abstract; As neural network technology finds extensive applications in critical fields such as medical
diagnosis and financial risk assessment, the demand for transparency and interpretability in decision-
making processes has increasingly grown. Although numerous studies have explored the interpretability of
neural networks from various perspectives, current methods have yet to fully elucidate their decision
mechanisms, which limits their deployment in scenarios requiring high reliability and interpretability. This
paper systematically reviews the application of topological methods in neural network interpretability
research, providing a detailed analysis of the strengths and limitations of these methods in revealing the
inner workings of neural networks. The study specifically examines the role of topological tools in analyzing
the feature space and parameter space of neural networks and summarizes the challenges and future
directions faced by related research in practical applications. This review offers valuable insights for further
enhancing the transparency and interpretability of neural networks.

Key words: neural network interpretability ; topological data analysis; persistent homology; Mapper algo-
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