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Structuring Model for Speech Recognition
using Buried Markov Model

TAKAYUKI YAMAMOTO,! TETSUYA TAKIGUCHI 12
and YASUO ARIKI'?

Though HMM makes it possible to recognize clear utterance by high accu-
racy, there is a problem that the speech including the noise or the continuous
utterance cause the decrease in accuracy. To solve this problem, buried Markov
model was proposed by J. Bilmes, where Buried Markov model contains the con-
ditional independence between the observation node. In this research, to enable
to obtain the conditional independence that the assumption of distribution pre-
vents from obtaining, we proposed to introduce non-parametric independence
test instead of mutual information into pairwise algorithm, that is the algo-
rithm to learn the structure of buried Markov model. We performed phone
recognition experiment by HMM, BMM structured using mutual information
and BMM structured using multi-resolution independence test. Experimental
results achieved improvement of phone recognition rate of male of 0.6%, im-

provement of phone recognition rate of female of 0.6%, and improvement of
phone recognition rate of mix of 1.3%.
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Fig.1 Structure of Buried Markov Model
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Fig.4 Phone recognition rate [%]
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