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Optimal Models from Kernels

min{‖F‖F : F ∈ F , F (xk) = yk}

is solved by models of the form

Fα(x) =
∑

j

αjK(xj, x)

with coefficients αj ∈ IRN .

Feature map Φ

Kernel K

Space F

Data (xk, yk)


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⇒ Optimal Model
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Consequence

Kernel selection
allows optimal Model selection

The optimal kernel model is determined by

Features (determine Φ and K)

Norm in feature space (selection criterion)

Data

New discipline: Kernel Engineering
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Identification or Training

Model Fα(x) =
∑

j

αjK(xj, x)

Data yk = Fα(xk)

System yk =
∑

j

αjK(xj, xk)

Large positive definite symmetric system
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Inexact Reproduction

Given ε ≥ 0.

min{‖F‖F : F ∈ F , |F (xk) − yk| ≤ ε}

is solved by models of the form

Fα(x) =
∑

j

αjK(xj, x)

with
|F (xk) − yk|<ε ⇒ αk = 0

Support points (vectors) :

(xk, yk) with |F (xk) − yk|=ε
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Consequence

Inexact reproduction
is Complexity reduction

In the Learning Machines context:
Support Vector Machines
Consequence of Optimization Theory

No Statistics
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Conclusion

Identification of Black–Box systems
is Training of Learning Machines

If Kernel Techniques are used:

Kernel selection
allows optimal Model selection

Inexact reproduction
is Complexity reduction

Connection to Support Vector Machines

http://www.num.math.uni-goettingen.de/schaback
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