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In practice we only have a fixed dataset D

Train on a Dtrain and evaluate on Dtest
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Decomposing E L ACD into Error Terms

You know Px ̅ y
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What affects the errors

Irreducible Error Due to inherent noise in the labels

Can decrease if
you gather more informative

features

Approximation Error Due to function class F

Decrease or stays the same if you

make F larger

Estimation Error Due to using a dataset D



Decrease or stays the same if n increases

increase or stay the same if F gets
larger
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Bias Variance Decomposition
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regression and squared loss
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Algorithm BGD Linear Regression Learner

with a constant step size and regularization
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