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Abstract:  In order to overcome the defects of the duration modeling of homogeneous HMM in speech recognition, a Duration

Distribution Based HMM (DDBHMM) & proposed in this paper based on a formalized definiion of a leftto right inhomogeneous
Martkov model,which has been demonsirated that & can be identically defined by either the state duration or the state transiion proba

bilities. The speaker independent continuous speech recognition experiments have shown that, by only modeling the state duration in

DDBHMM, a significant improvement ( 17. 8% error rate reduction ) has been achieved comparing with the classical HMM . The ideal

popeities of DDBHMM will give promise to many aspects of speech modeling, such as the modeling of the state duration, speed varia-

tion, speech discontinuity and the inter frame correlation.
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