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augmenting the model

p(y, f) = p(y | f)p(f)

p(y, f,u) = p(y | f)p(f)p(u | f)
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variational compression

Let the form of the approximate posterior be

q(f,u | y) = p(f |u)q(u)
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the bound:

L = Eq(f) [log p(y | f)]−KL [q(u)||p(u)]
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gaussian likelihoods

For a Gaussian likelihood, it is possible to find an analytical solution
for q(u):

L = logN (y |0,Qff + σ2I)− 1
2σ2

tr (Kff − Qff)

with
Qff = KfuKuu−1Kfu>

Titsias 2009
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stochastic variational inference

…but making the representation of q(u) explicit leads to a stochastic
optimization algorithm

q(u) = N (u |m, S)

L = logN (y |Am,σ2I)− 1
2σ2

tr
(
Kff − ASA>

)
−KL [q(u)||p(u)]

with
A = KfuKuu−1

Hensman et al 2013
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prediction

The nonparametric nature of the model is recovered at predict time.

p(f? | y) =
∫
p(f? | f)p(f | y)df

p(f? | y) ≈
∫
p(f? | f,u)q(f,u | y)dfdu =

∫
p(f? |u)q(u)du
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kl between processes

Minimize the KL:
KL [q(u)p(f |u)||p(u, f | y)]

Which minimizes the KL beween the posterior processes

∫
p(f? |u)q(u)du || p(f? | y)

Seeger 2003, Matthews et al 2015

9



kl between processes

Minimize the KL:
KL [q(u)p(f |u)||p(u, f | y)]

Which minimizes the KL beween the posterior processes

∫
p(f? |u)q(u)du || p(f? | y)

Seeger 2003, Matthews et al 2015

9



non-gaussian likelihoods



likelihood factorization

L = Eq(f) [log p(y | f)]−KL [q(u)||p(u)]

L =
∑
i

Eq(fi) [log p(yi | fi))]−KL [q(u)||p(u)]

q(fi) =
∫
p(fi |u)q(u)du

One dimensional quadrature
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strategy

∙ Assume q(u) is Gaussian
∙ parameterize as q(u) = N (m, LL>)
∙ Optimize Z, θ,m, L using preferred (stochastic?) optimizer
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competitors

VarDTC + mean field

∙ Assume latent noise p(t | y)p(y | f)p(f)
∙ Use Sparse GP regression for f
∙ Use mean-field approximation for latent y
∙ + Minimizes a KL
∙ − Nastly factorizing assumption
∙ − No stochastics

EP + FITC

∙ Use FITC approximation to the covariance
∙ Do EP on this approximation
∙ + EP
∙ − Stochastics?

Naish Guzman and Holden, 2007
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airline delay classification
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free form variational method



current work

L = Eq(f) [log p(y | f)]−KL [q(u)||p(u)]

log q̂(u) = Ep(f | u) [log p(y | f)] + log p(u) + C

log q̂(u, θ) = Ep(f | u,θ) [log p(y | f)] + log p(u | θ) + log p(θ) + C
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Questions?
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