£36H L7 it B O R % Vol. 36 No. 7
2009 4E 7 H Computer Science July 2009
—METFTEEZRXREEEIER B3 K-Means & ik

BN # P ¥ % BES B
(FEFEAFTHENMZLSRARER KM 221116)!
(AEAZHFRBER/AEESTRERERALLE X 100871)°
(FEARBERELEHBEHHNEFFRA  Jx 100071)°

B E AAREFF AR DMCHOREAMEBERE NP #FHM,K-Means R AR R EZ LS FRARLE —# 5%
HEdRL Lk, AR AL R SRR S GEBEFHE, ARRIEHFRL, A, IAALEXNRS, BTk
ZIRAE St K-Means #1364 S 4= B AR R K2 6948 X £ AT, RS A B LIRS R FH e R A
SH R MR — AR FTIER TH K-Means Bk, F8RAW H & TR IR K-Means 3347 #5 K & 5 6 4&
MR, KARSHREARELR, .

XA XKEPM,K-Means Hik, T BAXES, 2K AEFIER

PEESES TPI8L XIRIAEB A

Metaheuristic Strategy Based K-Means with the Iterative Self-Learning Framework

LEI Xiao-feng! YANG Yang! ZHANG Ke! XIE Kun-qing? XIA Zheng-yi*
(School of Computer Science and Technology,China University of Mining and Technology, Xuzhou 221116, China)!
(Department of Intelligence Science/National Laboratory on Machine Perception, Peking University, Beijing 100871, China)?
(Logistics Science and Technology Institute,P. L. A Chief Logistics Department, Beijing 100071, China)?

Abstract The clustering problems based on minimizing the sum of intra-cluster squared-error are known to be NP-
hard. The iterative re-locating method using by K-Means is essentially a kind of local hill-climbing algorithm, which will
find a locally minimal solution eventually and cause much sensitivity to initial representatives. The meta-heuristic strate-
gy was introduced to minimize the squared-error criterion globally. Firstly,an evaluation function was built to approxi-
mate the dependency between a series of initial representatives of K-Means and the local minimal of objective criterion,
and then the selection of initial representatives was done under the supervision of the evaluation function for the next K-
Means. This iterative and self-learning process is called Meta-KMeans algorithm. The experimental demonstrations

show that Meta-KMeans can overcome the sensitivity to initial representatives of K-Means to a great extent,
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Function Meta_K Means(SetOfPoints, k, Limits)
Return k P2 A9 0
B FRRIEHREAL SetOfPoints;
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current = Make_InitialPoints(SetOfPoints, k) ;
Do While(Zf{¥%# <<= Limits)
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[MSE, trajectory] = K-Means{(SetOfPoint, current) ;
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collection. Insert(trajectory, MSE) ;
(3) // RV SRR DUFAR R BHATHLE
Fittor = Fitting(collection, type) ;
@ //BREIER VTR R RFT R REA
current = StochasticHillClimbing(Fittor) ;
(5) H(BKXLH MSE WA Bi#t) Break;
Loop
Return current;

End Function
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