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AAT is P.S.D. “hh""= h x Rh is P.S.D.
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h ~GP(0, k), flh ~GP(0,h = Rh).
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I Gaussian Process Convolution Model
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Gaussian Process Convolution Model

Model (GPCM (Tobar et al., 2015))

z~N(0,1) = Az~ N(0,AAT)
z ~ GP(0,6) = “ha" ~ GP(0, "hhT")
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I Gaussian Process Convolution Model

Model (GPCM (Tobar et al., 2015))

h ~ GP(0, kp), fh ~GP(0,h* Rh).

z~N(0,I) = Az ~N(0,AAT)
x~GP(0,0) = hxxz~ GP(0,hx Rh)

Model (GPCM (Tobar et al., 2015), Equivalent Formulation)

h ~ GP(0, kp), x ~ GP(0,0), flh,x =hx*x.



I Inference

Model (GPCM (Tobar et al., 2015), Equivalent Formulation)

h~GP(0,kn),  ~GP(0,0),  flhx=hxuz
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Inference

Model (GPCM (Tobar et al., 2015), Equivalent Formulation)

hNgP(()?kh)a waP(O,(S), flh,.’l:‘:h*.’lj'

e Joint distribution:

p(f,h, U2, g) = p(f | h,z)p(h|u)p(u)p(x|=)p(2).

inducing points for h and x resp.

® Approximate posterior:

q(f,hyu, @, 2) = p(f | h,x)p(h|u)g(u)p(x]=)q(2).
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Extension: Improved Inference

® Mean-field approximate posterior:

q(fshyusz,2) = p(f [ h,z)p(h|u)q(u)p(z | 2)q(2).

¢ Structured mean-field approximate posterior:

q(f, h,u,,2) = p(f | h,z)p(h|u)p(z

2)q(u, 2).

* MCMC to sample from ¢*.
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I Extension: Causality
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I Extension: Multiple Outputs

K, K,

i fha Observation 1 Observation 2
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And the kernel of the kernel of the kernel of the kernel of the kernel
of the kernel of the kernel of the kernel of the kernel of the kernel of
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I Extension: Deep Kernel Model

Model (N-Deep Kernel Model)

hO ~ gP(O7 kh)?
hl ‘ ho Y gP(O, ho * Rho),

hn|hn—1 ~ GP(0,hn—1 * Rhn_1),
f Ay = hy.



I Extension: Deep Kernel Model



