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It is desirable for the robot to express their intentions through language in communication with humans. Regard-
ing this, we have proposed multi-layered multimodal latent Dirichlet allocation (mMLDA) to enable the formation

of various concepts and inference using the grounded concepts.

The mMLDA, in conjunction with a grammar

learning, makes it possible for the robot to verbalize the scene observed in daily life. The problem that is remain
unsolved in the previous work is the handling of functional words. In order to deal with this problem, we propose
to use Bayesian HMM for grammar learning. The experimental result reveals that the Bayesian HMM improves
sentence generation performance by incorporating syntactic information.
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