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Abstract

Hidden Markov models(HMM’s) have been known to be useful representations for speech signal
and are used in a wide variety of speech systems. For speech recognition applications, it is desirable
to incorporate durational information of states in the model which correspond to phonetic
duration of speech segments.

In this paper we propose duration-dependent HMM’s that include durational information of
states appropriately for the left-to-right model. Reestimation formulae for the parameters of the
proposed model are derived and their convergence is verified. Finally, the performance of the

proposed models is verified by applying to an isolated word, speaker independent speech
recognition system.
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