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Prediction problems by the type of output “
The “learning” paradigm and vocabulary/
Some concepts in CIassificatioV

The Nearest—Neighbcvnd kernel predictorse—

Linear predictors
Least squares regression
Linear Discriminant Analysis (LDA)
QDA (Quadratic Discriminant Analysis)
Logistic Regression
The PERCEPTRON algorithm

Classification and regression tree(s) (CART)
The Naive Bayes classifier

Reading HTF Ch.: 2.3.1 Linear regression, 2.3.2 Nearest neighbor, 4.1-4 Linear classification,
6.1-3. Kernel regression, 6.6.2 kernel classifiers, 6.6.3 Naive Bayes, 9.2 CART, 11.3 Neural
networks, Murphy Ch.: 1.4.2 nearest neighbors, 1.4.4 linear regression, 1.4.5 logistic regression,
3.5 and 10.2.1 Naive Bayes,4.2.1-3 linear and quadratic discriminant, 14.7.3— kernel regression,
locally weighted regression, 16.2.1-4 CART, (16.5 neural nets), Bach Ch.:



Kernel regression and classification

» Like the K-nearest neighbor but with “smoothed” neighborhoods
» The predictor

f(x) = > Biblx,x )y’ (6)

where f3; are coefficients %Wﬁ P‘(\\r
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Kernel regression and classification

» Like the K-nearest neighbor but with “smoothed” neighborhoods
» The predictor

F(x) = D Bib(x,x)y’ (6)
i=1

where (3; are coefficients
» Intuition: center a “bell-shaped” kernel function b on each data point, and obtain the
prediction f(x) as a weighted sum of the values y’, where the weights are 8;b(x, x')
> Requirements for a kernel function b(x, x")
1. non-negativity
2. symmetry in the arguments x, x’
3. optional: radial symmetry, bounded support, smoothness

> A typical kernel function is the Gaussian kernel (or Radial Basis Function (RBF))

b(z) e=7/2 (7)

’
_lx=x'112

by(x,x") o e 22 with  h = the kernel width (8)
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Regression example

A special case in wide use is the Nadaraya-Watson regressor s Aant
\V\&aQP.f'}n
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In this regressor, f(x) is always a convex combination of the y''s, and the weigths are
proportional to bp(x, x").
The Nadaraya-Watson regressor is biased if the density of Px varies around x.
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An example: noisy data from a parabola

5 data 08 kernels centered on each x'
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Local Linear Regression

To correct for the bias (to first order) one can estimate a regression line around x.

1. Given query point x
2. Compute kernel by(x,x") =w; forall i =1,...N

3. Solve weighted regression ming g, 2‘21 w; (yi — BT — 60)2 to obtain S, By

( B, Bo depend on x through w;) . iy
4. Calculate f(x) = 8T x + fo T—\ooal Yy ‘s on \ocad L5

Exercise Show that Nadaraya-Watson solves a-iocal linear regression with fixed 8 = 0

%1 W bl% %)

eack wqre sSlon

. Lne wtd one
R = A

RS ) £6) =k )+ TpeY
Y




Kernel binary classifiers

» Obtained from Nadaraya-Watson by setting y' to +1.
» Note that the classifier can be written as the ditference of two non-negative functions

f(x) o _:Z b(@) -3 b(@) (10)
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