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• Regression in functional space F, with for i = 1, … n

• Find    via functional gradient descent (~ boosting) on empirical loss
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PROBLEM: Running until convergence to    might be overfitting!

→	 larger than optimalkf̂ � f?k

f̂
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Overfitting and regularization

• Solve different problem:
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Overfitting and regularization

• Solve different problem:

(penalized regularization)

• Early stopping the iterates:

(algorithmic regularization)
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Previous work

Both types of regularization yield identical statistical rates for
, i.e.

kfpen � f?kn ⇠ kfES boost � f?kn

φ(y, f(x)) = ky � f(x)k2



Our contribution

• Stat. rates for early stopping can be proven using key quantities 
in penalized regularization (localized complexities, critical radius)
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Our contribution

• Stat. rates for early stopping can be proven using key quantities 
in penalized regularization (localized complexities, critical radius)

• This new technique extends guarantees to 𝜙 beyond least squares 
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