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 Density estimation for histogram
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 Density estimation for histogram
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03 Kernel Density Estimation

 Kernel function
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« Kernel Density Estimation
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« Kernel Density Estimation
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« Kernel Density Estimation
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« Kernel Density Estimation

k V : volume surrounding x
p(x) = —— N : the total number of data
NV k : the number of data inside V
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« Parzen Window Density Estimation
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* Parzen Window Density Estimation

v" Kernel function - K (u) 82
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* Parzen Window Density Estimation
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* Parzen Window Density Estimation

v Smooth kernel function
- Gaussian kernel
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* Parzen Window Density Estimation

v" Smoothing parameter: h
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* Nearest-neighbour

k V : volume surrounding x
p(x) = —— N : the total number of data
NV k : the number of data inside V
v kE ™5t VE HOLM pdfE A4t = KNN density estimation
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* Nearest-neighbour
v Bayes' theorem C el
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« K-nearest neighbour
v" Algorithm
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« K-nearest neighbour

v' Hyperparameter

> k
5 5

0

- Distance measures

J

0

0.5




04 Nearest-neighbour

» K-nearest neighbour
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