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Kernel partial least squares based on least squares support vector machine pri-

mal-dual optimization problem

GUO Hui, LIU Heping, WANG Ling

Information Engineering School, Univesity of Science and Technology Beijing, Beijing 100083, China

ABSTRACT A kemel partial least squares ( KPLS) method based on dual optimization was proposed,
which was expressed by least squares support vector machine. The KPLS formulae in the form of dual opti-
mization were deduced, which had the style of least squares support vector machine. The optimization prob-
lem was constructed in a prime space, the dual problem was solved in a eigenspace by the kerel skill and
the solutions were the same as nonlinear KPLS. The model was illustrated with some examples. The results
show that the proposed method is effective and superior.

KEY WORDS optimization problem; partial least squares ( PLS); least squares support vector machines
(LS—SVM) ; kernel partial least squares ( KPLS)

Microstructure of flow pattern defects in boron-doped Czochralski-grown silicon
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Zhou”, WANG Jing”, XIAO Qinghua®
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ABSTRACT The morphology and microstructure of flow pattern defects ( FPDs) in lightly boron-doped
Czochralskigrown silicon (Cz—Si) crystals were investigated using optical microscopy and atomic force mi-
croscopy. The experimental results showed that the morphology of FPDs was parabola-like with several
steps. Single-ty pe and dual-type voids were found on the tip of FPDs and two heaves exist on the left and
right sides of the void. All the results have proved that FPDs were void-ty pe defects. These results are very
useful to investigate FPDs in Cz—Si wafers further and explain the annihilation of FPDs during high-tem -
perature annealing.
KEY WORDS flow pattern defects; grown-in defects; atomic force microscopy; Czochralski-grown silicon
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