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Recognition and generation of 3D structure using

convolutional variational autoencoder
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Abstract  Variational autoencoder (VAE) is a deep generative model with observation variables and latent
variables. Encoder and decoder are given by the conditional distribution of these variables. The learned VAE
can be used to generate the complete data by supplementing the missing part through the encode and decode
operations on a partially missing observation data. In this study, recognition and generation of 3D structures
were done by convolutional variational autoencoder (CVAE). We applied CVAE to the building construction of
ordinary houses, and generated remaining parts from the partial solution. We also verified the feasibility of the

generated data.
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