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hidden Markov model
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Abstract: Since training data sources are varied and it is difficult to obtain optimal model parameters through learning, a
text information extraction algorithm based on Hidden Markov Model (HMM) with multiple templates was proposed. Firstly the
algorithm segmented texts by using the information of typesetting formats and list separators. Then multiple templates were
formed with clustering the training data based on the segmentations, and the parameters of initial probability and transition
probability for HMM were obtained to train data of the templates. Finally releasing probability parameters of the universal
training were obtained with the trained data, and text information was extracted through combining the initial and transition
probability parameters and the releasing probability parameters. Experimental results show that, the new algorithm has better
performance in precision and recall than simple hidden Markov model.
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