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The Canbination of Structured M ethod and Ob jectoriented M ethod

CHENG Peng LI Darpng YANG W en-w ei
( Faculty of Can puter GuangdongUn wes ity of Technology Guangzhou 510090, Ch na)

Abstract Structired method and objectoriented method are the most popular software development
methods today. This paper canpares then w ih exanples disaisses the characteristics and disadvanta
ges which mainly exist n mamntenance of stuctured method and cogniton of objectoriented method
then analyzes the feasibility of ntegrating them nto one to devebp software, and gwes the conclusion
that ntegrated m ethod can take greater effect han singlemethod in certan simaton

Key words stuuctured m ehod ob petoriented method camb nation
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A H euristic Approach for Inproving Perfoomance of
NeuralNetwork w ith the Optimal Brain Surgeon

YANG Zhong-jn
( School of Infom aton Science and T echnology Guangdong Un wersity of Business Studies Guangzhou 5103200 Ch ina)

Abstract A new heuristic approach is poposed for he autamated optin izatbn of neural newvork It
canb nes fastoptmal bran sugeon dynan ic optm ization of leaming paran eters and fast cross-val+
dation. The fast optinal brain surgeon optin izes architecture of neural netw ork automatically The dy-
nan ic optin ization of learning parameters is able to dynam ically vary its leamnng paran eters and se-
lect optmal leam ng paran eters The fast cross-validation provdes mproven ents of avot ng overfit
ting problem effectvely Expermental results demonstrate thatw ith the heuristic approach consdera
ble perfomance gans are obtaned canpared to the other algorittm s This ncludes better generaliza
ton optinal network arch itecturg and faster kamng

Key words neural newoik optmal brain surgeon; top-down leaming paran eters optin ization

cross-valtation generalization



