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Lecture 3.1 - Supervised Learning
Linear Regression With Basis Functions
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Three Statistical Learning Principles

Three general statistical learning principles to go from data to
models (parametric predictive/proposal distributions):

. Maximum likelihood
II.  Maximum a posteriori

Il. Bayesian prediction
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Linear Regression

» Regression: D = {(x1,t1),..., (xn,tn)}
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»  Simplest linear model: ’)]
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Linear Basis Models

» Fix number of parameters Mst. W & )ic

» Choose M - 1 basis functions/features of x: %f X ¢ IK
Pe p° — )R

»  Approximation:
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Set ¢o(x) =1 suchthat ¢x)=[¢.(X) §(x), _ futc)

y(x,w) = W9 (x)
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Example: Basis Functions (I)

Q{\/\ -0 >
» Projection on input components : ¢;i(x) = x;
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Example: Basis Functions (lll)
» (Gaussian basis functions: ¢i(x) = exp (—% (x — ;)" Bt (x - ui)>

x € RP
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» Logistic sigmoid functions: @(x):(f( " ) z € R
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Example: Basis Functions (IV)
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Figure: Example of basis functions (Bishop 3.1)
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