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Objectives

1. Review classification
and regression

2. Review nearest-neighbor
methods

3. Local linear regression

4. Kernel density
estimation

Kernel density
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Simple pattern recognition task
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Simple pattern recognition task
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Look at local behavior
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Nearest neighbor classification
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Equates to a Voronoi partitioning
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Binary classification
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K-nearest neighbor, k=5

Use a majority vote
of nearest 5 points.
This is an example of
a reqgularization
strategy to reduce
variance, at the cost
of bias.

0.5

This is characteristic
of many local pattern
recognition methods
based on the
neighborhood around
a query point.
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Other local methods: kernel
smoothing for regression

training
kernel data
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Example: a Gaussian kernel
function. Can set the width
using cross validation
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Other applications: kernel
smoothing for regression
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Local linear regression

Y(Xo) = (1, Xo)(B"B) "By r_ (

Standard linear regression — project onto

the column space of the design matrix B y=(Y(Xy)
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Local linear regression

V(Xo) = (1,X)(B'B) !By o (1 1 .. 1
X1 Xy XN

Standard linear regression — project onto

the column space of the design matrix B y=(Y(X1),... ,Y(XN))T

Y (Xo) = (1, Xo)(B"W(Xo)B) 'B"W(Xo)y

Local linear regression - data WX = di - \?
v = diag (K, (Xo, Xi))vo v
weighted by the local kernel ( ) o ( h"*( 0, i)
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Local linear regression

, Perform linear
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Kernel density estimation
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Summary

Local nonparametric methods are
powerful, flexible tools for varied
pattern recognition problems

Classification: K-nearest neighbor

Regression: kernel smoothing or local
linear regression

Density estimation: kernel density
estimation

Set regularization parameters (#
nearest neighbors or kernel width)
using cross-validation

Kernel density
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