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In this paper, we propose novel hierarchical neural topic models for learning multimodal sensory data. The first
one is the neural version of multilayered multimodal LDA (mMLDA), which we call “Deep-mMLDA”. The use
of the neural inference network makes the Bayesian topic model scalable and powerful. Therefore, the model can
deal with very large scale multimodal sensor data in real world. The second one is further extension of the Deep-
mMLDA to nonparametric Deep-mMLDA, which can infer the number of categories from the learning data. The
idea behind the model is to use the recurrent stick breaking process (RSBP) that uses recurrent neural networks
for implementing the stick breaking process. We conduct an experiment using multimodal data of human activities
collected in a smart house environment. As the result of comparison in the performance of the proposed and
baseline models, the validity of the proposed models is confirmed.
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