Gaussian process classification model
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e posterior:



posterior

‘training’ data D = {(Xl, tl), (X2, tg), ce (XN, t/\/)} S [R X {O, 1}]N

e model: y(x) ~ GP with m(x) = 0, k(x,x), t; = Bernoulli(o(y(x;)))
o likelihood given y; = y(x;)
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the Laplace approximation

approximate posterior as a multivariate Gaussian
je - medch Ala welde o0ad tha Hessisn!

D

N =-\

D = lon ply® =1y ) S (43
+ll \oa‘i\
),A\)\ch apProx - sed }7\‘: Y L’/(‘ﬂ \/\7 -0 ) i R VAY4 \V[la)




Laplace approximation for GP classification
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Laplace approximation for GP classification
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Laplace approximation for GP classification
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Laplace approximation: model selection
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classification using GPs: decision boundaries




basic monte carlo techniques




warmup: simulating discrete rv

X takes values x; < xp < ... < x5, P[X = x;] = p(x;)

P(xl)"‘P(x2)+P(X3)+P(x4)+P(X5)'
P(x1)+p(x2)+l7(x3)+l7(x4)*
P(x1)+l7(xz)+l7(x3)*

p(x1)+ p(xz)%




the inversion method

X continuous r.v. with pdf f and c.d.f. F(-)

—_— {
- want to generate samples of X. V|

- F(-) non-decreasing == can define inverse F~1(-)

given desired cdf F (continuous, increasing), generate sample Xy ~ F as:

1. generate U ~ U[0, 1].

2. return X, = F1(U).
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rejection sampling

want samples of a rv X € [a, b], with pdf f(x) <M

rejection sampling
1. Generate Uy, Us ~ U[0,1], and set Z3 = a+ (b — a)U1, Zo = MU,

2. if Zy < f(Z1), return X, = Z3; else, reject and repeat




generalized rejection sampling
~ q

: Gi/uﬁr\ o ‘SGWKP\Q‘(’ Zw&
- Wort SA/M?\QS X~ P

- g«.d k. sd ‘Rqr(*\ 2PN (e k> Mex %%?\3

= GQ/\QM’\Q 2z~ Q

- Hee RY) =7 e P (2  else yeped
Aceest e wt K \ kao\(W} ot



importance sampling

- given function ¢(-), want E[¢(X)] where X ~ P
- can generate samples Z ~ @

1. generate Z1,25,..., 2 ~ Q
2. compute , where w; = p(Z;)/q(Z;)
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