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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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Model Fα(x) =
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j

αjK(xj, x)

Data yk = Fα(xk)

System yk =
∑

j

αjK(xj, xk)

Large positive definite symmetric system
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with
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Conclusion

Identification of Black–Box systems
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Kernel selection
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