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Bayesian inference is a method of statistical inference in which Bayes' theorem is used to update the
Jprobahility for a hypothesis as more evidence or information becomes available[wiki]. s



https://en.wikipedia.org/wiki/Statistical_inference
https://en.wikipedia.org/wiki/Bayes'_theorem
https://en.wikipedia.org/wiki/Evidence
https://en.wikipedia.org/wiki/Information
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pattern recognition using neural networks theory and algorithms for
engineers and scientists, by Carl G. Looney
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Bernoulli /catagorical (generalized Bernoulli) Density
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Gaussian (Normal) Distribution
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the coefficient of determination
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RSE
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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 )= ﬁ Zt: Z, [Qi (Xt )— g_(xt )]2
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Cross validation -

(a) Data and fitted polynomials
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Regularization

Penalize complex models

’=error on data + A model complexity
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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, b
-5.5007, 6.0454, -0.0019] 470
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Regularization
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