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Application of Nonparametric Bayesian Double Articulation Analyzer to TIDIGITS Corpus
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Human infants can discover words directly from unsegmented speech signals without any labeled data. Nonpara-
metric Bayesian double articulation analyzer (NPB-DAA) which is a unsupervised methods can discover words from
unsegmented speech signals. NPB-DAA showed high performance in experiments from speech data by combining
deep sparse autoencoder (DSAE) in a previous study. However, NPB-DAA in which words were discovered verified
word acquisition from vowel only speech corpus. We experimented with the TIDIGITS corpus to find the method
for extracting feature to adapt to consonants. Experimental results showed that mel-frequency cepstrum coeffi-
cients and its dynamic features were evaluated with the higher score than those of the other features. However,
the log-likelihood of this feature and adjusted rand index (ARI) has a weak correlation. Therefore, we found that
the features obtained from the DSAE constructed for each feature are the most suitable.
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