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Formalization and Consistency Checking of
UML.-Statechart Based on DL-Safe Rule

HE Hongyue: SONG Zilin, ZHOU Bo
(Institute of Command Automation, PLA University of Science & Technology, Nanjing 210007, China)

Abstract. The semantic information of UML-Statechart is divided into static aspect and dynamic
aspect- The static aspect is expressed by a knowledge base of description logics: and the dynamic
aspect is expressed by DL-Safe rule- An algorithm is proposed for checking the consistency of
UML-Statechart, which can use the DL-Safe rule to reason the knowledge base- Finally, the fea-
sibility of the algorithm is analyzed theoretically -

Key words: UML-Statechart; description logic; DL-Safe rule: consistency
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Online Filtering Method and Optimization Based on SMO
and E-mail Fingerprint

ZHU Qing*rongl, DONG Shoubin’, CHEN Bin'
(1. School of Computer Science and Engineering, South China University of Technology, Guangdong
510640, Chinas 2. Guangdong Computer Network Key Lab, Guangdong 510640, China)

Abstract; The finger features vectoring and the SV M filtering method are proposed on the spam:
and an online SVM spam filter called FSVM is designed and implemented: which attains the cor-
responding performance as the classic method in the online spam filtering- In view of the compu-
ting speed of SV M filtering, a dynamic example set reduction method (DFSV M) is given out for
SV M filtering method based on the original SMO algorithm which can greatly reduce the compu-
ting cost and keep the corresponding performance- The experiment and comparison test running
on the standard corpus is given out in the actual mail system-It is proved that the optimization can
improve the accuracy of SVM classification-

Key words : spam filtering; SVM: conditional relax; dynamic subset



