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Abstract: V gonik and his collaborators proposed a useful algorithm: support vector machines, w hich can mplement

the structural risk minmization principle in statistical

learning theory. This novel algorithm handles the

classification problens successfully. Since then more attentions have been paid to statistical learning theory and
support vector machines The attractive research areas are to mprove or modify support vector machines by

optimization techniques, and to design the novel non-linear machine learning algorithm s based on statistical learning
theory and some ideas in support vector machines, etc The advances in such algorithm studies in the last ten years

are reviav ed
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