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Abstract

Today's state-of-the-art speech recognition systems typically
use continuous distribution hidden Markov models with the
mixtures of Gaussian distributions. To obtain higher
recognition accuracy, the hidden Markov models typically
require huge number of Gaussian distributions. Such speech
recognition systems have problems that they require too much
memory to run, and are too slow for large applications. Many
approaches are proposed for the design of compact acoustic
models. One of those models is subspace distribution
clustering hidden Markov model. Subspace distribution
clustering hidden Markov model can represent original
full-space distributions as some combinations of a small
number of subspace distribution codebooks. Therefore, how to
make the codebook is an important issue in this approach. In
this paper, we report some experimental results on various
quantization methods to make more accurate models.
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