Lec3 - Overfitting management
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21 329 Regularization: Penalty to the loss function
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A is termed regularization parameter.
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Ll-regularizz;.tion: Spcci(;tl case of g(-), where
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Lj-regularization: Special case of g(w) = 537 ||w||2,
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Standardization
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https://www.mathworks.com/help/releases/R2024a/stats/zscore.html

Normalization: Mapping all values of a feature to be
in the range [0, 1] by the transformation DD
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Implementation steps for normalization are similar to
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