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Abstract

The HMM-Net is a neural network architecture that implements the computation of output
probabilities of a hidden Markov model (HMM). The architecture is developed for the purpose of
combining the discriminant power of neural networks with the time-domain modeling capability of
HMMs. Criteria of maximum likeihood(ML) and minimization of mean squared error(MMSE) are
used for learning HMM-Net classifiers. The criterion MMSE is better than ML when initial learning
condition is well established. However ML is more useful one when the condition is incomp]etem.
Therefore we propose an efficient learning method of HMM-Net classifiers using a hybrid
criterion(ML/MMSE). In the method, we begin a learning with ML in order to get a stable
start-point. After then, we continue the learning with MMSE to search an optimal or near-optimal
solution. Experimental results for the isolated numeric digits from /0/ to /9/, a training and testing
time-series pattern set, show that the performance of the proposed method is better than the others
in the respects of learning and recognition rates.
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Table 1. Comparisons of classification rates(% +s.d.) for experimental data set DS1, DS2 and DS3(10,
12 and 16 are numbers of clusters in VQ MMI is classification rates of HMM-Net
classifier trained with criterion G*#; MMI/MMSE™ is classification rates of HMM-Net
classifier trained with a hybrid MMI/MMSE; HMM™ is classification rates of HMM
classifier trained with Baum-Welch algorithm).
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