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Which Degree of Polynomial?

A model selection
problem

M =9 - E(w) =0: This is
overfitting
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Controlling Overfitting: Regularization

M=0 M=1 M=3 M=29
w 0.19 0.82 0.31 0.35

wk 107 7.99 232.37
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As order of polynomial M increases, so do coefficient
maganitudes!
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Controlling Overfitting: Regularization
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Controlling Overfitting: Dataset size
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*PAC . Probably Approximately Correct
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