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Introducing Gaussian Processes:

• A Gaussian distribution depends on a mean and a covariance
vector / matrix.

• A Gaussian process depends on a mean and a covariance
function.

Next: Demo, from Gaussian distributions to Gaussian processes.































































Infinite model... but we always work with finite sets!

p(fA, fB) ∼ N (µ,K).

with:

µ =

[
µA
µB

]
and K =

[
KAA KAB

KBA KBB

]



Infinite model... but we always work with finite sets!

p(fA, fB) ∼ N (µ,K). then:

p(fA) =

∫
fB

p(fA, fB)dfB = N (µA,KAA)

p(fB) =

∫
fA

p(fA, fB)dfA = N (µB,KBB)

In the GP context:

p(

training data︷ ︸︸ ︷
f1, f2, · · · , fN ) = p (f(x1), f(x2), · · · , f(xN ))

=

∫
R−{X}

p (f ({xi ∈ R}))

= N (µX ,KXX)
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Posterior is also Gaussian!

p(fA, fB) ∼ N (µ,K). then:

p(fA|fB) = N (· · · , · · · )
p(fB|fA) = N (· · · , · · · )

In the GP context this can be used for inter/extrapolation:

p(f∗|f1, · · · , fN ) = p(f(x∗)|f(x1), · · · , f(xN )) ∼ N
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Another view: from lin. regression to GPs

• Bayesian linear regression: y = φ(x)w + ε

p(y|x) =
∫
w

p(y|w, x) p(w) =

=

∫
w
N (φ(x)w, σ2) N (0, σ2w)

• Gaussian process: y = f(x) + ε:

p(y|x) =
∫
f
p(y|f, x) p(f |x) =

=

∫
f
N (f, σ2) N (µ(x), k(X,X))

where k is any valid covariance function.



Covariance samples and hyperparameters

• The hyperparameters of the cov. function define the
properties (and NOT an explicit form) of the sampled
functions



Formally...

f • We write: f ∼ GP(0, k(x, x))

• Optimize w.r.t the parameters of k



Fitting the data
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Unsupervised learning: GP-LVM

f

• If X is unobserved, treat it as a
parameter and optimize over it.

• X is called the latent space
assumed to have generated the
(noisy) data.

• GP-LVM is interpreted as
non-linear PPCA.



Manifold Relevance Determination

• Observations come into two different views: Y and Z.

• The latent space is segmented into parts private to Y , private
to Z and shared between Y and Z.

• Used for data consolidation and discovering commonalities.





Consolidating complementary experimental data

Gene
Expression

 (phenotype)

SNPs
(genotype)

ethanol glucose

Gene
Expression

 (phenotype)

Shared information: biological signal / 
confounders
Private information: environmental 
confounders

Confounders: Statistical relationships that do not reflect the true
causality in the data



Discovering commonalities in
heterogeneous data

Gene
Expr.

Shared information: 
Associations (?)

SNPs
(genotype)

Private information: 
Confounders (?)



Example 3

Yale faces

Motion capture / silhouette



Summary

• Observed data are noisy. Assuming a latent space
representation helps in modelling/analysis.

• The emerging structure of the latent space helps in data
understanding.

• All of our assumptions can be naturally taken into account in
the latent space.

• We can obtain temporal,multi-view, deep models.



Thanks

Thanks to Neil Lawrence, James Hensman, Michalis Titsias, Carl
Henrik Ek.



Deep Gaussian processes

f

f

f • Construct latent spaces
hierarchically:
f = f1(f2(f3 · · · (t)))

• Supervised / unsupervised

• A deep GP is NOT a GP! Can learn
much more complicated functions!



Sampling from a deep GP
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