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) Light tochasti
\_j gNnt curves as stocnasticC processes

Light curves are time series describing the brightness of a source over time.

* Consider them a stochastic process.

e Random variables indexed in time with gutocovariance structure.

Pulsating Variable Star Eclipsing Binary Supernova
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e Different cadences

e Sparse observations

* Irregular sampling

e Varying noise levels




-
@ Dataset
e The HUNt for Dynamic and Explosive Radio
transients with MeerKAT
* Field of view of = 1 square degree

* 6,394 radio light curves over 10 fields

* Flux density measurements + standard errors
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Qf_*@ Variability Statistics: n, and V,
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(Data courtesy of Andersson et al., 2023)
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fews) GX 339-4in (1), V},)-space

e Galactic LMXB and black hole candidate that flares
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Q_@ Characterising Light Curves

Oversimplified Overspecified

* Fewer parameters * Many parameters

* Scales easily * High discriminatory power

* High information loss * Risks overfitting

Model light curves as a Gaussian Process (GP)




Q@ Multivariate Normal Y ~ MVN(0, X....,.)

Y is a vector of n Gaussian random variables.

Y,

Y,

=Y ~ MVN(M: ann)z

211t Z1p)

Enxn _

-an e z"nn-

where u = (u4, -+, U,) and X is a n X n covariance matrix.
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Symmetric, positive semi-definite matrix.

Linear combinations of covariance
matrices are also valid covariance
matrices.
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Q_@ Gaussian Processes (GPs)

Extend multivariate Gaussian to ‘infinite’ dimensions.
* Mean function, u(t)

* Covariance or kernel function, x(t, 1)

A
L=Y~GP(ut) %)

where u = u(t;) and 2;; = k(t;, tj),fori,j=1,2,..

Rather than specifying a fixed covariance matrix with fixed dimensions,
compute covariances using the kernel function.

e,
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'@@ Squared Exponential Kernel k(w0 0) =0 eXp{‘E(Z) }
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v Matern 3/2 Kernel
{:2 £:10

(i, ) = o* (1 +37) exp {37}

20
10

-10
-20

20
10 |
0 i l
10
20




7= _2 z
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{ews) Bayesian Hierarchical Model
Data Model Y ~ NN (f Observed Error

Process Model f ~ g:P (O; zN><N)
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Qf_*@ Modelling Workflow
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Q_@ Example

N = 33, Duration = 215 days, Field =11848G
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cm@ Posterior Predictive Curves

N = 33, Duration = 215 days, Field =11848G
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'@@ Amplitude Hyperparameter
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&) Explore th litud
&_j piore e ampiituae space
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@9@ Comparison with (17, V,)
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'@f@ Interpreting Amplitude as Transcience
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Qy@ Summary

 Developed models and code suitable for fitting univariate GPs to the
light curves of a large radio survey, i.e., ThunderKAT.

e GPs can be used to perform hyperparameter inference as well as
interpolation in time-domain astronomy.

 Amplitude hyperparameter, g, is an interpretable descriptor of
variability; more discriminatory than (n,, 1%,).

* Next: extend to multi-band light curves.

Twinkle twinkle little star... a Gaussian process is what you are!
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