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Text Segmentation Algorithm Oriented to Small General-text
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(School of Computer Science, Sichuan University, Chengdu 610064)

Abstract Text segmentation is an important filed in the area of natural language processing. However, there is a defect that the existing models
cannot effectively segment small general-text. For the reason, an algorithm based on Hidden Markov Model(HMM) is proposed in this paper. The
algorithm segments a small general-text with a single topic into its different aspects of discussion using the length distribution of every structure
block and the terms. Two methods are designed for computing symbol emission probabilities of the HMM, one of them is based on sentence group
while the other is based on segmentation point. Experiments on Medline abstracts show that the effect of the algorithm proposed is much better than
the TextTiling algorithm.
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