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Estimation Algorithm for Non-Gaussian Acyclic Causal Model
with Latent Variables
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(1. Dept. of Computer Science and Technology, Taizhou Institute of Science, Nanjing University of Science and Technology, Nanjin 225300;
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[Abstract] In order to estimate the non-Gaussian linear acyclic causal models with latent variables, a new algorithm is proposed. The algorithm is

derived by integrating penalty functions which satisfy the Oracle property into overcomplete Independent Component Analysis(ICA), making

the entries of mixing matrix sparse. Experimental results show that the algorithm improves accuracy and efficiency of the casual model estimation.
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