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A Gaussian process in a nutshell

P (t]|X,0,6) = N [m(X, ), K]
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A Gaussian process in a nutshell

output vector (e.g. fluxes) input matrix (e.g. time, pointing, detector temperature...)
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A very simple example
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—xample application 1:
instrumental systematics in transmission spectra

See Neale Gibson’s talk



Dmag (Stromgren b+y)

modelling H

—xample application 2:

D 189733b’'s OOT light curve

kop mixed(t, 1) = A” -
QP,mlxed( ) cXp ( ]2

-+ 2 o
sin” [ (¢ t)/P])X(1+

(t—1)*
2al?

54000

54500 55000
Time (M]D)

55500

04
) + o1



Dmag (Stromgren b+y)

—xample application 2:

modelling HD 189733b’s OOT light curve
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Dmag (Stromgren b+y)

—xample application 2:
modelling HD 189/733b’s OOT light curve
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Pros ...

. and cons

e Rigorous error propagation
e Extremely versatile
e Built-in Ockam’s razor

¢ Joint modelling of arbitrary number
of inputs (and outputs)

e Easy to combine with other
techniques e.g. MCMC

e Computationally intensive: O(N?9)

e ok up to N~1000

¢ alternative: Variational Bayes
(see Tom Evans’ poster)
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e Rigorous error propagation e Computationally intensive: O(N?9)

e Extremely versatile e ok up to N~1000

e Built-in Ockam’s razor e alternative: Variational Bayes

(see Tom Evans’ poster)
¢ Joint modelling of arbitrary number

of inputs (and outputs)

e Easy to combine with other
techniques e.g. MCMC

Want to try?
Python GP module under development



