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Model definition
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Å Consider the NARX system: הȡώὸ ρ Ὣὼ ὸȟὼ ὸ Ὡὸ, where:

V ώὸᶰᴙis the system output

V Ὣὸ is a nonlinearfunction

V ὼ ὸ όὸȟȣȟόὸ ὴ ρ ᶰᴙ is a regressor vector of pastὴinputs

V ὼ ὸ ώὸȟȣȟώὸ ή ρ ᶰᴙ is a regressor vector of pastήoutputs

V ὼὸ ὼ ὸȟὼ ὸ ᶰᴙ

V Ὡὸᶰᴙis an additive white noise
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Å An RKHS is a Hilbert space꞊ such that:

a. Its elements are functions όȡɱᴼᴙ, where ɱis a generic set

b. ὼᶅɴ ɱȟὒȡ꞊ ᴼᴙis a continuous linear functional

Å Rieszõs representationtheorem­ ὶɱᶰ꞊s.t.ὒ ό όὼ όȟὶ

Å The functionὶẗis called the representerof evaluationin ὼ

ό ᴼόὼ
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Å The reproducing kernel is defined as: ὑὼȟᾀ ὶȟὶȟὑ ɱ ɱᴼᴙ

a. Symmetric:ὑὼȟᾀ ὑᾀȟὼ

b. Semidefinitepositive Вȟ ὧὧὑὼȟὼ π ὲᶅȟὧᶰᴙȟᶅὼᶰɱ

Å Moore-Aronszajn theorem ­ A RKHSdefines a corresponding reproducing

kernel. Conversely,a reproducingkerneldefinesa unique RKHS
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ÅConstant kernel: ὑὼȟᾀ ρ

ÅLinear kernel: ὑὼȟᾀ ὼẗᾀ

ÅPolynomial kernel: ὑὼȟᾀ ὼẗᾀ ρ

ÅGaussian kernel: ὑὼȟᾀ Ὡ

Kernel composition theorem:

ÅA linear combination of valid kernel functions is a valid kernel function

ÅThe space induced by this kernel is the span of the spaces induced by the single ones

Ὄ ṥ Ὄ
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