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MCMC  
Learning of Relative Spatial Concepts from Utterances based on MCMC sampling 
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This paper presents a method for learning relative spatial concepts and phoneme sequences which represent spatial concepts and 
objects from utterances without knowledge of words. First, phoneme sequences recognized by a general speech recognizer are 
divided into words on the basis of NPYLM. Then, parameters of the relative spatial distributions are estimated from the segmented 
words and location information by MCMC sampling. In the experiments, the result showed that the parameters were estimated 
correctly by the proposed method. Moreover, phoneme sequences which represent spatial concepts and objects were learned
successfully by the proposed method.  
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