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Likelihood Function (L) @0 =
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Statistical inference
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Bernoulli /catagorical (generalized Bernoulli) Density
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Gaussian (Normal) Distribution
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asymptotically unbiased estimator
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Mean square error:

r(d,0) = E [(d-6)°]
= (E [d] - 6)* + E [(d—E [d])’]
= Bias? + Variance (4.11)
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Maximum Likelihood (ML)
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Pattern recognition, Sergios Theodoridis
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g-sensitive Error
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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
Biasz(g)=%zt:[§(xt)— f(x)f
Variance (g) = ﬁ ZZ [Qi (Xt )— g(xt )]2
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(a) Function and data

(b) Order 1

+H+
_|_
T+
+ ﬁ_ n
_|_
_|_
1 2 3
(c) Order 3

variance




bl cspSob

35

2.5

Jdyo OB -

Best fit “min error”

variance




Cross validation -

(a) Data and fitted polynomials
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Regularization

Penalize complex models

’=error on data + A model complexity

w=(D'D+AI)'D'r

regularization: E(W| X)=
blo cs Sl

Coefficients increase in
magnitude as order increaseg:
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,

[r — (x |W)] +/IZW



Regularization

oth Order Polynomial




