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Fundamental Mathematical Concepts

Gaussian Process

Reproducing Kernel Hilbert Space (RKHS)

Kernel Ridge Regression

Gaussian Process Regression
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Fundamental mathematical concepts

Multivariate Gaussian Distribution




Gaussian Process

 Definition

f ~GP(m, k)

e Mean Function

m:R - R, m(x) = E[f(x)]

« Covariance (kernel) Function

~»
.
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k:R XR->R,  k(x,x") = Cov(f(x),f(x))




fx = (f(x1), ..., f(xn))T ~ N(my, Kxx)

m(z:) k(xqg,x1) oo k(xq, xp)
myx = : kXX p— : . :

k(xn' xl) o k(xn' x‘n)
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ernel Ridge Regressi
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%  Data: (:I:i,yi ?:1, €Tr; € Rd, y; € R
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Optimization problem [ = arg - ;_1:(% F(@i))” + Al fll5,
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« Closed-form solution f(z) = kuox (kxx + n)\fn)_lY — Zaik(m’ r;), x € X,

1=1

(a1, ,an)! = (kxx +nAL,) Y € R™




_Gaussian Process Regression
Model

Assume :

_ 2
f~GP(m,k), y;=f(x)+¢g, &~N( 0°)
 Posterior Distribution :

Given training inputs: X = (x4, ...,xn)T, Y = (yy, ---»)’n)T

— » posterior is again a Gaussian Process:

f1Y~ GP (m, k)

« Posterior Mean : ﬁl(af:) _ m(a:) n ka:X(kXX n JZIH)_I(Y . mX)
» Posterior Covariance : ]_i;(a:’ m’) — k(:z:, :1:’) — ka (kXX -+ JQIH)_lkXﬂ:I?
where
kX:I: — EX — (k(mlﬁm)? A ,k(mmm))T. N W

W
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f(z.) = ko x (kxx + )\In)_lY'

« GP posterior mean _
i ﬁl(a:*) :m(:l:*) + k.. x (kXX -I-O'ZIH) l(Y—mX).

- Equivalence(zero-mean GP, 1 = ¢?/n)







THANK YOU!
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