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» Decision Tree(DT)

» Random Forest(RF)

» Support Vector Machine(SVM)
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Decision Tree
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Decision Tree
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Decision Tree
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Decision Tree
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Decision Tree
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Decision Tree
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Decision Tree
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Random Forest
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Support Vector Machine(SVM)
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Support Vector Machine(SVM)
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Support Vector Machine(SVM)
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Support Vector Machine(SVM)
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Support Vector Machine(SVM)
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Support Vector Machine(SVM)

. ZO0{Of St 4BH2H

* Find w, b such that

. . 2 . ° . 1 2
maximize—=— = minimize= [|w||
4 5 2 2

« x,7F Red0i| &5t= BO|H wix+b > 1
 x,7 Bluel| &ot= HO[Hwix+b <1

OptimizationO| 22 O]

O A

=]
o 20| 21 MTHY




Support Vector Machine(SVM)
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Support Vector Machine(SVM)
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Support Vector Machine(SVM)
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Support Vector Machine(SVM)

» Kernel Method
» OO[HE HAAAM Z20 Z= S E
» Ex)
»2XHR HIO|H : (7],&FAl)

— 3XHR COIE] (7], SR, BMI =y )

>(flle! "'lfn) i ¢((f1'f2' 'fn)) — (91»92» ""gn)

» O I O*I'_E%%
¢(x) - Pp(x)E 8
» 0 E =0 SYM

*ro




Support Vector Machine(SVM)
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