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Probabilistic latent variable models have been successfully used to capture intrinsic characteristics of a wide
variety of data sets. However, it is nontrivial to design an appropriate model for a given data set because it
requires domain knowledge. In this paper, we propose a method to automatically generate a probabilistic latent
variable model for a target dataset, which exploits its hierarchical structural information. In experiments, we show
that our method can generate correct models by using artificial datasets. We also show that generated models by

using real data sets capture those intrinsic characteristics.
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