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2.1 Introduction

2.1.1 Definition
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2.1.2 Norm and Risk
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1% 1: Bias-variance tradeoff as a function of model complexity

2.1.3 Nonparametric |27
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Theorem 2.1. (de Boor 1978) For any twice differentiable function mg on [0, 1] and points t1,...,ty € [0,1],

there is a cubic spline mg with knots at t1,...,tx such that

sup [m(z) — ma(a)| < £/ [ mie)2ds
z€[0,1]

With N = \/n, one can easily see the approximation error is of order 1/n which is smaller than the estimation
error in nonparametric function estimation.
2.1.4 Function Spaces
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e The class of Lipschitz functions H(1,L) on T C R is the set of functions g such that

l9(y) — g(x)| < Lz —y| for all x,y € T.

e The Hoélder space H(S, L) is the set of functions ¢ mapping T to R such that g is £ = § — 1 times

differentiable and satisfies

l9°(y) — g" ()| < L|z — y| for all z,y € T.

e The Sobolev space S1(3, L) is the set of § times differentiable functions g : R — R such that

/ (69 (2))2dw < I2.
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2.2 Regressogram and k-nearest-neighbors regression
2.2.1 Regressogram
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2.2.2 k-nearest-neighbors regression
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m(z) = Zwl(x)Yl (2)

where

+ if z; is one of the k nearest points to x
wi(z) =
0 otherwise
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