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Abstract  Recognition model is not defined when you configure a model, Been added to the model after
model building awareness, Model a model of the clustering due to lack of recognition models are generated by
modeling is causes the degradation of the recognition rate. In order to improve decision tree state tying
modeling using parameter estimation of Bayesian method. The parameter estimation method is proposed
Bayesian method to navigate through the model from the results of the decision tree based on the tying state
according to the maximum probability method to determine the recognition model. According to our
experiments on the simulation data generated by adding noise to clean speech, the proposed clustering method
error rate reduction of 1.29% compared with baseline model, which is slightly better performance than the
existing approach.
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