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A Bayesian approach
 What is a Gaussian process?
* Popular version using a squared exponential kernel
* (Gaussian process inference
* Prediction & uncertainty quantification
 What are the limits” What can go wrong?
e Bayesian optimization

e (F0als:

e | earn the mechanism behind standard GPs to
identify benefits and pitfalls

e [earn the skills to be responsible users of standard
GPs (transferable to other ML/AlI methods)
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variables, any finite number of which have a joint Gaussian
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e E.g.the function f(x) is a collection indexed by input x
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squared exponential or radial basis function (RBF)
 We'll see a more general form later, but for now we're
using:  k(x,x’) = o?exp(—z|x — x'[|?)
.3 Fornow, assume data is observed without noise [demo1,2]
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to denote (M or N) number
of points In the space
o We'll use a subscript tor
the (D) different elements
of a point’'s vector

Y,

* Note: all of our real-life
examples from the start had
number of inputs D > 1

e D=1 Is much easier to
visualize, but might not be
representative

[Rasmussen &
Williams 2006]
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» We observe {(X(”) y"N Y and want to learn the latent
» The y's are multivariate-Gaussian-distributed [demoT ]
* Note: the sum of independent Gaussians is a Gaussian
with means summed and covariances summed
e So the mean of ¥ is m(x™) and
Cov(y™,y™)) = k(x™,x™)) + 721{n = n'}

: [Fx) K(X,X)  K(X,X')
Before: XYY NN( KX, X) KX, X') >

e NOWw: _y(lzN)_ NN( K(X X)—|—7'2] K(X X) )
f(XT) K(X', X) KX, X")

. [demo?2, demo3]



Observation noise

e SO far we've been assuming that we observed f(x) directly
e But often the actual observation y has additional noise:

f o~ GP(m, k), y™ ~ F(x™) 4 ) () % 1d N (0, 72)
. We observe {(x\™), y"))}_, and want to learn the latent
» The y's are multivariate-Gaussian-distributed [demoT ]
* Note: the sum of independent Gaussians is a Gaussian
with means summed and covariances summed
e So the mean of ¥ is m(x™) and
Cov(y™,y™)) = k(x™,x™)) + 721{n = n'}

: [Fx) K(X,X)  K(X,X')
Before: F(XT) NN( KX, X) KX, X') >

. [N K(X, X))+ K(X,X')
Now: _?(X’)_ NN< K(X', X) K(leX)_>

Can you state a non-trivial lower bounad
17 on the marqginal variance of a test yAm? [demo2, demo3]




Observation noise

* SO far we've been assuming that we observed f(x) directly
e But often the actual observation y has additional noise:

f o~ GP(m, k), y™ ~ F(x™) 4 ) () % 1d N (0, 72)
. We observe {(x\™), y"))}_, and want to learn the latent
» The y's are multivariate-Gaussian-distributed [demoT ]
* Note: the sum of independent Gaussians is a Gaussian
with means summed and covariances summed
e So the mean of ¥ is m(x™) and
Cov(y™,y™)) = k(x™,x™)) + 721{n = n'}

: [Fx) K(X,X)  K(X,X')
Before: F(XT) NN( KX, X) KX, X') >

. [N K(X, X))+ K(X,X')
Now: _?’(X’)_ NN< K(X', X) K(XlaX)_>

Can you state a non-trivial lower bounad
17 on the marginal variance of a test m? [demo2, demo3]




What uncertainty are we quantifying”
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What uncertainty are we quantifying”

* |t's worth being aware that data science (ML/stats/Al) often
overloads common colloguial terms with terms of art
 E.g. “signiticance”, “bias”, "generalization”

* Every precise use of “uncertainty” has this issue

 E.g. frequentist sampling, Bayesian, etc.
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What uncertainty are we quantifying”

* |t's worth being aware that data science (ML/stats/Al) often

overloads common colloguial terms with te

* E.g. "significance”, "bias”, "generalizatio
* Every precise use of “uncertainty” has th

'ms of art
q!)
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