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3.1.2 Waﬁ%’umaidma (Kernel Function)
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3.1.3 Wﬁﬁ%’umiqsg!ﬁﬂ (Loss Function)
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3.3 FNWOIANNADIUNTUTHS UM IDADE (Support Vector Regression: SVR)
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Difference of
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A v

Calculate offset b using
Karush-Kuhn-Tucker conditions

A 4 Y
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£(x)= f (0] —a;)K(X,X;)+b (3.20)
i=1
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