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Multimodal learning is a framework to discover joint representations from multiple different modalities (e.g.,

images, tags).

Since deep neural networks have been successful in unsupervised feature learning, multimodal

learning by deep neural network has been studied. In this work, we propose a novel multimodal learning model
using the variational autoencoder which is deep generative model and has been proposed in recent years. We
call this novel model the multimodal variational autoencoder (MVAE). We validate the MVAE on the MIR Flickr
dataset, and confirm whether the MVAE can obtain better representations from multiple modalities.
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