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Usng Hidden Markov Model for Text Information Extraction
Based on Maximum Entropy

LIN Yeping LIU Yunzhong,ZHOU Shun-xian ,CHEN Zzhi-ping ,CAl Li-jun
( Cdlege & Computer and Communication , Hunan University , Changsha, Hunan 410082, China)

Abdtract :  Text irformation extraction is an inportant gpproach to processng large quartity of text. Maximum entropy provides a
kind of framenork for natura language procesing. A new agorithm usng hidden Markov nodd based on maximal entropy is proposed
for text irformation extraction. The new agorithm combines the advantage of maximum entropy nodel which can integrate and process
rues and krowiedge dficiently with that of hidden Markov nodd ,which has powerful technique foundations to olve sequence repre-
sentation and datidica problem ,and uses the sum of al features with weights to adjust the transtion parameters in hidden Markov
nmodd for text irformation extraction. BExperimenta results show that the new dgprithm inproves the performance in precison and re-

cdl.
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