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Use of prior knowledge in a non-Gaussian method for causal structure learning
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We discuss causal structure learning based on linear structural equation models. Most of conventional learning
methods implicitly assume Gaussianity and often create many indistinguishable models. Therefore, in many cases it
is difficult to obtain much information on the structure. Recently, a non-Gaussian learning method called LINGAM
has been proposed to identify the model structure without using prior knowledge on the structure. However, more
efficient learning can be achieved if some prior knowledge on a part of the structure is available. In this paper, we
propose to use prior knowledge to improve the performance of a state-of-art non-Gaussian method. Experiments
on artificial data show that the accuracy and computational time are significantly improved even if the amount of

prior knowledge is not so large.
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