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Multivariate Categorical Data Distribution Estimation
Based on Deep Gaussian Process
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[ Abstract] The possible value of multivariate categorical data increases exponentially with the length of the vector,
resulting in data sparsity. The similarity between the identified data is trained by embedding the observation data into the
continuous space,and the linear Gaussian hidden variable model and the Categorical Latent Gaussian Process ( CLGP) of
the multi-category data are constructed. Based on the CLGP model, a multi-class deep hidden Gaussian process model for
small sample multi-class data distribution estimation is proposed, and the parameters are optimized by Monte Carlo
sampling. Experimental results show that compared with the CLGP model, this model distribution estimation accuracy has
improved.

[ Key words] multivariate categorical data; generative model; Deep Gaussian Process ( DGP) ; unsupervised learning;
variational inference
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