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Text Categorization Model Based on Conditional Random Fields
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Abstract; Conditional random fields (CRFs) is an excellent statistical learning model. Importing it into text categorization, it proposes a
text categorization model based on CRFs. Firstly, by choosing feature words, it describes a document as an observation sequence and
each category as a state sequence. Then, using domain knowledges related to text categorization, it defines feature functions to extract
association features between the sequences. Finally, it uses the forward or backward algorithm to find the probability of each state se-
quence in a given observation sequence, and uses these probabilities to categorize the document. The analysis shows that this new model

has a good semantic interpretation, a strong ability to merge domain knowledge of text categorization, and a high efficiency to categorize

documents.
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