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A Bayesian approach
 What is a Gaussian process (GP)?
* A particularly popular version in practice
e (Gaussian process inference
* Prediction & uncertainty quantification
* Using GPs to optimize a function (Bayesian optimization)
 What are the limits? What can go wrong”

e (30als:

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

e [earn the skills to be responsible users of standard
GPs (transferable to other artificial intelligence/
machine learning methods)
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e Definition: “A Gaussian process is a collection of random
variables, any finite number of which have a joint Gaussian
distribution.” [Rasmussen and Williams 2006; a much much older idea!]

* E.g. the function f(x) is a collection indexed by input =

* |tis specitied by its mean function and covariance function:

|~ gP(mv k)
* Mean function m(x) = E|[f(x)

* Covariance function (a.k.a. kernel)
k(z,z') = E[(f(z) — m(2))(f(z") — m(z"))]
* A common default (e.g. in software) is m(x) =0
* One very commonly used covariance function is the
squared exponential or radial basis function (RBF)
 We'll see a more general form later, but for now we're
using:  k(z,2') = o exp(—s|jlz — 2'[|?),0 =1
s For now, assume data is observed without noise [demo1,2]
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o We'll use a subscript tor
the (D) different elements
of a point’s vector

Y, N=1, D=2

* 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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 Use the means and uncertainties to decide where to
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‘expected
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Roadmap

A Bayesian approach
 What is a Gaussian process (GP)?
* A particularly popular version in practice
e (Gaussian process inference
* Prediction & uncertainty quantification
* Using GPs to optimize a function (Bayesian optimization)
 What are the limits? What can go wrong”

e (30als:

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

e [earn the skills to be responsible users of standard
GPs (transferable to other artificial intelligence/
machine learning methods)
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fundamentally hard problem for all data analysis methods
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machine learning method use its

defaults, it's making assumptions. Do you know what
those assumptions are?



Some highlights of what got cut for time

* [There's no way we could possibly cover every topic related
to Gaussian processes, Bayesian optimization, or
regression!

 Here are some high-level summary points beyond what we
discussed together:
* In high dimensions, all points are “tar” from all other
points. And recall that the GP reverts to the prior when
inputs are “far” from other inputs.
* Running time for GP regression can be an issue with a
arge number of training data points
e |n particular, the matrix inverse can be expensive
* There are incredibly many papers about fast
approximations to the exact Gaussian process
 Each approximation has pros and cons
* A lot of the challenges we discussed are general for
22 reqgression, not specific to Gaussian processes
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A Bayesian approach
 What is a Gaussian process (GP)?
* A particularly popular version in practice
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* Prediction & uncertainty quantification
* Using GPs to optimize a function (Bayesian optimization)
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machine learning methods)




R esources http://www.tamarabroderick.com/tutorials.html

Rasmussen and Williams 2006. Gaussian Processes for
Machine Learning. gaussianprocess.org/gpml/ Chs 1,2,4,5

Gramacy 2020. Surrogates: Gaussian process modeling,
design and optimization for the applied sciences.
bookdown.org/rbg/surrogates/

Frazier 2018.

A Tutorial on Bayesian Optimization.

arxiv.org/abs/1807.02811

Garnett 2023

. Bayesian Optimization. bayesoptbook.com/

Software options include:
e scikit-learn, GPy, GPflow, GPyTorch

My setup for

his tutorial: pip install X

e X = |upyter

ab, notebook, numpy, matplotlib, scikit-learn



