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In this paper we propose an LDA-based framework for multimodal categorization. The robot uses its physical
embodiment to grasp and observe an object as well as listen to the sound during the observing period. This
multimodal information is used for categorizing and forming multimodal concepts. The main issue, which is
tackled in this paper, is granularity of categories. The categories are not fixed but varied according to context.
Selective attention is the key to model this granularity of categories. For example, the category (concept) ”soft” is
formed by paying attention to haptic modality, while the category ”maraca” is based on audio-visual information.
These facts motivate us to use a set of weights to the perceptual information. Obviously, as the weights change,
the categories vary. In the proposed model, various sets of weights and model structures are assumed. Then the
LDA-based categorization is carried out many times that results in a variety of models. In order to make the
categories (concepts) useful for inference, significant models should be selected. The selection process is carried
out through the interaction between the robot and the user. These selected models enable the robot to infer
unobserved properties of the object. For example, the robot can infer audio information only from its appearance.
Furthermore, the robot can describe appearance of any objects using some suitable words, thanks to the connection
between words and perceptual information. The proposed algorithm is implemented on a robot platform and some

experiments are carried out to validate the proposed algorithm.
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