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Numerical behavior of training and generalization errors in HMM
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Abstract: Hidden Markov Models(HMMs) are used in many fields such as speech pro-

cessing and bioinfomatics. However HMMs are non-identifiable statistical models and their

mathematical property has not yet been clarifyed. Recently, in the Bayesian case, the

asymptotic order of thier stochastic complexity is derived. In this paper we evaluate nu-

merical behaviour of training and generalization errors optimized by EM and VB methods.

The result shows that generalization error of VB method is much less than EM method

and their values are approximately equal to the theoretical bayes upper bound.
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