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Causal Discovery of Mixed Data Based on Neural Network
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Abstract: Causal discovery is becoming a research hotspot in the field of machine learning. At present,the causal discovery is mainly to
investigate the causal direction between variables based on pure observation data under the study of a certain assumption. However, the
data observed in the real world is often generated by some assumptions, which makes the traditional causal inference method less accurate
and less stable. Aiming at the current problem,a method based on neural network to solve the causal inference of mixed data is proposed.
Under the assumption of additive noise model-mixture model (ANM-MM ) , the gradient loss method is used to optimize the improved
loss function to obtain the abstract causal distribution parameters of the mixed data,and then the distribution parameters are regarded as
hidden variable between the cause variable and the result variable. The hidden variable determines the causal direction of the binary
variable by comparing the HilberSchmidt independence between the causal variable and the distribution parameter. The feasibility of the
method is proved theoretically. The experiment shows that the proposed algorithm has better accuracy and stability than the traditional
methods like IGCI, ANM,PNL,LiNGAM and SLOPE.
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