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- X={xt};_., where xt~ p (x)
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Maximum Likelihood Estimation Make sampling x! from p (xt|0) as likely as possible
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Bernoulli/Multinomial JOb =

xin{0,1} (PP @) °
P (x)=p(1=p,) 1t~
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MLE: B,= 5 Xt/ N
sladlansia @5 °
K>2 states, x;in {0,1}
P (x1,X3,.-. %) =TT P/
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Gaussian (Normal) Distribution

L(p,0|X)= —%IOQ(Zn)—NIoga—
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Mean square error:

r(d,0 = E [(d-6)%]
= (E [d] - 6)* + E [(d-E [d])*]
= Bias? + Variance
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p(0]X)=p(X|0) p(8)/ p(X)

Maximum a Posteriori (MAP) 9 °
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Maximum Likelihood (ML)
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Pattern recognition, Sergios Theodoridis
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Likelihoods

.

Posteriors with equal priors

p(Cx)

§ Single boundary at

halfway between means

(B

10




Likelihoods
0.4 ! | | | |
0 S ' ] ' ' ) '
R Variances are different
rj DZ L e . o L o —
=
T T e ¥ S |
0 1 |
—10 —8 —6 —4 —2 0 2 4 6 8 10
X
Posteriors with equal priors
1 I | |




Dependent variable

r = f(x)+ g
estimator : g(x | 6’) ERLe*)

z ~N(O,02)

A
Independent variable
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e-sensitive Error

E(9|X/)=%Z]qr’—g(xt|6’1>5nr’—g(x S



Bias and Variance
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Bias/Variance Dilemma JOo =

e M samples X={x*;, r'}, i=1,...,.M
are used to fit g, (x), i =1,....M
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Variance(g)= NLMZZ [g,- (xt )— g_(xt)]z
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(a) Function and data (b) Order 1

variance
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Cross validation -

(a) Data and fitted polynomials
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Regularization

Penalize complex models
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t=1

Coefficients increase in
magnitude as order increases:
1: [-0.0769, 0.0016]
2:[0.1682, -0.6657, 0.0080]
3:[0.4238, -2.5778, 3.4675, -
0.0002

4:[-0.1093, 1.4356,
-5.5007, 6.0454, -0.0019]
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Regularization

9th Order Polynomial
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