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In this talk, we introduce an idea for incorporating information encoded in a knowledge graph to a latent
variable model (LVM). We propose an extension of an LVM by two-view modeling, where the parameters and the
latent variables of the LVM are shared between the original LVM and a probabilistic model for knowledge graph
embedding. We specifically introduce how to incorporate a knowledge graph into probabilistic principal component
analysis and show preliminary experimental results.
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ȳ3,1:n
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ȳ2,j
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