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1 - Introduction to Gaussian Processes
GPs are flexible models that can output closed form predictive distributions:
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Limitations (Bui et al., 2016):

• Cubic training cost!
• Sparse approximations may limit model flexibility!
• Often the target is assumed to be stationary!

2 - Deep Gaussian Processes
Deep neural network in which the activations functions are GPs:
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y = g(x1, x2)+ noise

f11, f12, f2 ∼ GP(0, C(·, ·))
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3 - Bayesian Inference
Posterior over latent functions (typically at the observed data X):

p(f1, f2, f3|Y) =
p(f1)p(f2)p(f3)p(Y|f1, f2, f3,X)

p(Y)

• GP priors
• Likelihood function
• Marginal likelihood

But the posterior p(f1, f2, f3|Y) is intractable.

4 - Sparse GPs and Posterior Approximation
Inducing points X̃i associated to each GP: p(f i,ui|hi) = p(f i|ui,hi)p(ui)

q(f0,u0,h1, . . . , fL,uL) = q(u0)p(f0|u0)p(h1|f1) · · ·
· · · p(fL|uL,hL)q(uL)

5 - Alpha Divergence Minimization

5 - Local α-divergence Minimization via Power EP

The likelihood factors are simply p(yi|fLi )!

KL minimization by adding approx. factors that depend only on u0, . . . ,uL !

6 - Approximate Power Expectation Propagation

The expectations can be approximated via Monte Carlo by sampling!


