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[ Abstract] The existing cascade nonlinear Additive Noise Model (ANM) can infer the causal direction of hidden
intermediate variables, but fail to deal with global structure search and equivalence class recognition in the case of causal
network learning that includes hidden variables and cascade causality transferring. This paper presents a two-stage causal
structure learning algorithm for non-chronological observation data.In the first stage, a basic causal network skeleton is
constructed based on the conditional independence betweenthe observation data variables. In the second stage, by using
a cascaded nonlinear ANM, the causal direction of the edge likelihood under the assumptions of different causal
directions is inferred by comparing each adjacent causality in the skeleton. The experimental results show that the
algorithm has outstanding performance on the virtual causal structure dataset for a varying number of hidden variables,
average in-degree, structural dimension, and number of samples. Furthermore, the F1 value of this algorithm on the real
causal structure dataset improved by 51%.0n average compared with mainstream causal structure learning algorithms,
displaying a higher accuracy and robustness.
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Fig.1 Causal structure learning framework
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