Machine Learning Lecture Note

This lecture note is based on the CS229 lecture materials from Standford University.



Lecture 6. Kernel
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Optimal margin classifier + Kernel trick = Support Vector Machine (SVM)
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Given any vector z,
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Linear kernel K(z,z)=z2"2
Polynomial kernel K(z,2)=(x"z+¢)
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Gaussian kernel K(x,z)—exp(— | x2 :” )
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Regularization
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