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Humans develop their concept of an object by classifying it into a category, and acquire language by interacting
with others at the same time. Thus, the meaning of a word can be learnt by connecting the recognized word and
concept. We consider such an ability to be important in allowing robots to flexibly develop their knowledge of
language and concepts. Accordingly, we propose a method that enables robots to acquire such knowledge. The
object concept is formed by classifying multimodal information acquired from objects, and the language model is
acquired from human speech describing object features. We propose a stochastic model of language and concepts,
and knowledge is learnt by estimating the model parameters. The important point is that language and concepts

are interdependent.

There is a high probability that the same words will be uttered to objects in the same

category. Similarly, objects to which the same words are uttered are highly likely to have the same features. Using
this relation, the accuracy of both speech recognition and object classification can be improved by the proposed
method. However, it is difficult to directly estimate the parameters of the proposed model, because there are many
parameters that are required. Therefore, we approximate the proposed model, and estimate its parameters using a
nested Pitman—Yor language model and multimodal latent Dirichlet allocation to acquire the language and concept,

respectively.
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