6. Non-linear Classifiers
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6.2 1aNN131191U289 Non-linear Classifiers
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6.3 K-Nearest Neighbors (KNN)
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6.3.1 naNN1IN191UB29 k-NN Algorithm

1. mvuee k: anuuieuiunlndngansnazivansan
2. Awanszezving sendnedeya ludiudesya ugain
Euclidean Distance

d(4,B)=\(x-x) +(»=2)

Manhattan or city-block

d(A’B): |x1—x2|+|yl—y2|
3. den k millndfiga
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o Leaf (lu): nadnsgnving 1w Aataiauunle



6.4.1 MANNIINIL
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Entropy : E*

Entropy(S) = —Z p;log,(p;)

i=1
Information Gain :

Gain(S, A) = Entropy(S) — Z %Entropy(Sv)
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6.5 Random Forest
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1. Bootstrap Sampling (Bagging):
¥ .. IS d‘ . . d‘ v k7
o 4uT93A31NTA training NULLNNITUNUN (sampling with replacement) iNeasaTnTaya
GV

o wiavgaldaiesuliFnaulanessdates

Training Data Instance

|
3 @ )
Mocel | & T @ W& W e
DOV POV FQ®Q

Class A ClassA ClassB

[ e | | —

Bagging (Voting Majority)
|

N

Model
Testing

Prediction Output
ClassA

31 Bootstrap Sampling (Bagging)

2. Random Feature Selection:

o moauaisusazull azduidanianizune features unldlunng split Musiaz node

o doganANNANTUTIEUdNRulduRaZAY (decorrelation)
3. Voting/Averaging:
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Random Forest Algorithm
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o duNIndAANANATY TR features 14 (feature importance)
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6.6 Kernel Support Vector Machines (Kernel SVM)
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Kernel Trick Aannsutasdiayaann space 1ix liel space 1493w (higher-dimensional space) Tng/lsisas
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szinnaes Kernel

e Linear umss dayanuenlasoadunss

K(x,y)=x"y
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e Polynomial WU 103 ANNAMNANAUTITINA
K(x,y)=(x"y+c)’
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¢ : ANP9Y (bias term)

d : 9A1IRINYUN (degree)
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e Radial Basis Function (RBF)

K(x,y)=exp(=yllx=yI)

y: wqmﬁLmﬁimuqmmm%wm kernel (flasnn Sauai)
e Sigmoidaaaiu Neural Network 4 luunansdiianng
K(x,y)=tanh(ax'y+c)

o WNHBATANS

¢ : bias term



