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Hyperparameter Tuning

� Learning Task: β̂(λ) ∈ arg min
β∈Rp

f(Xtrainβ)+λΩ(β)

� Evaluation: Ev(β̂
(λ)) = L(ytest, Xtestβ̂

(λ))

λmin λmax
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How to approximate the best hyperparameter?

2 / 7



Hyperparameter Tuning

The optimal hyperparameter is given by

arg min
λ∈[λmin,λmax]

Ev(β̂
(λ)) = L(ytest, Xtestβ̂

(λ))

s.t. β̂(λ) ∈ arg min
β∈Rp

f(Xtrainβ) + λΩ(β)

Issues:

� The objective λ 7→ Ev(β̂
(λ)) is non-smooth and non-convex

� Often, It is unpractical to evaluate Ev(β̂
(λ))
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Tracking the curve of solutions

β̂(λ) ∈ arg min
β∈Rp

f(Xβ) + λΩ(β)

Exact Path: For (f,Ω) = (Piecewise Quadratic, Piecewise Linear)
the function λ 7−→ β̂(λ) is piecewise linear (Lars1 algorithm).

Drawbacks:

� Exponential 2 complexity for Lasso O((3p + 1)/2)

� Numerical instabilities

� Hard to generalize to others (loss, regularization)

� Cannot benefited of early stopping rule 3.

1(Efron et al. , 2004)
2(Mairal and Yu, 2012)
3(Bousquet and Bottou, 2008)
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Approximation of the solution path 4

Training Task: β̂(λ) ∈ arg min
β∈Rp

f(Xβ) + λΩ(β) =: Pλ(β)

Suboptimal gap: Pλ(β(λt))−Pλ(β̂(λ)) ≤ Qt,Vf∗
(

1− λ

λt

)
.
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Qt,Vf∗ (ρ) := optimization error at λt + approximation error(λ, λt) ,
4(Giesen et al. 2012)
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Bound the validation Gap

∣∣Ev(β̂(λ))− Ev(β(λt))
∣∣ ≤ max

β∈Bλ
L(X ′β,X ′β(λt)) ,

Bλ = Ball
(
β(λt),Suboptimal gap on the training

)
3 β̂(λ)

• −→ Approximate the validation path !

λmin λmax
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min
λt∈Λval(εv)

Ev(β
(λt))− min

λ∈[λmin,λmax]
Ev(β̂

(λ)) ≤ εv .

Code: https://github.com/EugeneNdiaye/safe grid search

Let’s talk during the poster session ;-)
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