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WAVELET REGRESSION MODEL

Non-parametric Regression Model:

Observations ¥ = (Y1, Yo,. n)
Unknown Signal © = (f1,...,)
Signal observed with error «: =1+

Apply Discrete Wavelet Transform (DWT):

= n x n orthonormal matrix, W/'W = =1

= , /7 are wavelet coefficients of

'Y = D, DWT of data or empirical wavelet coefficients

jk = 74k T €k
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\ Multi-resolution Discrete Wavelet Transformation

it % A b, ?é‘z?; }(? )y ? : el

SRR AT

d2 ;:,%f,ij, e :7 T ,,; ,;, - I 7;, T ;:, ::,:E,j el

d3 ,,::f: [ ,:1;,,, ,7 7, -

d4 ii | 7,,7 ,7 P

45 ,7,,7,7,77,777

s6 7




Distributions
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Hierarchical Model in Wavelet Domain

ik = [Pk T ¢k

o2
k| Nk~ 2AP|V
ik

jk _2
O

Jk

jklgk ~ N | 0,¢
ik~ DBernoulli(w;)

(M ks wwv ~ h i.e.independent Gamma distributions

Standard Normal Model A = ww =1

2

Parameters: o~, c;, and w;




Posterior Distribution of

Because of the conditional independence structure in the prior and
orthogonality of the DW'T, the -/’s are a posteriori independent Bernoulli

random variables:

w(e = 1Y) = —2 o () D e

1+ O 1 —wj /) mo(Djkl7jx = 0)

myo is the marginal distribution of the data when - ;; = O:

mo (D] _;HSH\A 2 vy\mmxwﬁlw A é\qmwig jk)

2mor?

and m; is the marginal distribution of the data when -~ = 1:

1
— 1 -1

1 C; 1 1 _, [(o%c; o
— + exp ¢ —=D? — + h(dX\%g, dX ik
\\/\wﬁqw ik ik 2 Ik ik jk (@5 d23)




Label .W_Aw and ik ik and ik ik and ik

Distributions Distributions Dependence

Normal-Normal ww = r=1 Normal prior Independent

Normal errors

Normal-¢ =1 Normal prior Independent
jk ~ Gamma(v/2,2/v) t, errors

Independent ¢ ik ~ Gamma(v/2,2/v) t, prior Independent
jk ~ Gamma(v/2,2/v) t, errors

ik ~ Gamma(1/2,2) Independent

jk ~ Gamma(r/2,2/v)

ik = ik
jk ~ Gamma(v/2,2/v)




Post Prob of Inclusion
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\ Bayes Threshold and Shrinkage Estimators
Multiple Shrinkage Estimator (BMA):

Posterior Mean (minimizes posterior expected squared error loss):

A

it = T(vik = UD)E[k]| Dk, vk = 1]

Threshold Estimator (Model Selection):
Posterior Mean under highest Posterior Probability model

(optimal under squared error loss with model selection)

A

it = VBl kD ks ik = 1]
where

>u.w”H if ﬁ.A uw”H_UmvaO.m
>.§”O if ﬁ.A u.w”H_HvuwvAO.m

ﬁmsmmoﬁb estimates via IDWT to estimate
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EMPIRICAL BAYES

Estimate w; and ¢; and o from the marginal likelihood of the data:

L(c,w,0?) = M M_om [wjmi(Dji; e, 0°) + (1 — wj)mo(Djg; %]

7 k
EM algorithm
1. Re-Introduce and ; In Normal-Normal and Bivariate ¢
complete data (D, -y, A\) are from a regular exponential family
2.
of missing data given estimates of (c,w, o?)
3.

of complete data likelihood

New estimates of (c,w, o?)
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EM Algorithm for Bivariate t
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\ Test Functions /
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EB Estimates by Level
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\ Normal Error MSE Comparisons
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\ Student ¢ Errors in Data Domain — MSE Comparisons
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