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Our approach is therefore not tuned specifically to any
particular source type but can fit models and quantify the
variability of various light-curve shapes. We envisage its use
as an initial single-pass screening tool for rapidly reducing the
search space of candidate sources without overly inflating the
false negative rate. We demonstrate our approach on radio
light curves and will apply it to survey data at other
wavelengths in future work.
GPs have grown in popularity in the astrophysics literature,

largely because they can be fitted to the sparse and unevenly
sampled data typical of astronomical light curves. However,
there are additional uses of GPs beyond resampling sparse data
or fitting smooth curves. The parameters of GP regression
models are physically interpretable, and their estimation easily
fits into a Bayesian hierarchical framework such that
observational uncertainties can be incorporated into every
analysis stage. Therefore, we present our characterization of
light curves using GPs, striking a balance between over-
simplified and overspecified models such that the results are
statistically justified and astrophysically meaningful.

1.1. Variability Statistics in Radio Surveys

Numerous methods have been used to identify transient and
variable sources among survey observations, but here we focus
on those that calculate descriptive statistics for a light curve
and proceed to flag sources that have extreme values of those
statistics. For example, the Caltech-NRAO Stripe 82 Survey
(K. P. Mooley et al. 2016) identified variable sources by
applying the Student t-test to flux densities measured at
different epochs with the null hypothesis that the source has
not varied significantly between epochs. However, any
selection bias in the choice of epochs for that comparison
would have a strong effect on the success of this approach. The
Murchison Widefield Array Transients Survey (M. E. Bell
et al. 2019) used two metrics for identifying candidate variable
objects: the time-averaged modulation index, M , and the slope
parameter of a linear model fitted to the time-averaged light
curve, ∇S. A source was identified as a variable candidate if
both metrics exceeded a threshold. However, since typical
light curves are not adequately modeled as straight lines,
model misspecification bias will cause an underreporting of
candidates.
Other large surveys conducted by radio telescopes such as

the Australian Square Kilometre Array Pathfinder (T. Murphy
et al. 2021), Murchison Widefield Array (M. E. Bell et al.
2014), Low-Frequency Array (J. D. Swinbank et al. 2015), and
MeerKAT (A. Andersson et al. 2023) have also used two
measures: the flux density coefficient of variation, Vν, and the
reduced χ2 statistic of variability, ην, to quantify the
significance of the epoch-to-epoch variability of sources. The
former is mathematically equivalent to the modulation index,
M, and the latter is similar to a Student t-test approach except
that all data points are simultaneously compared with a
reference value to produce a single statistic for the entire light
curve. Since Vν and ην are commonly used in radio
astronomical surveys, we shall restate their formulations and
use them to benchmark our approach.
For a light curve that consists of N time-ordered flux density

measurements Si,ν, i = 1, …, N, at frequency ν with
uncertainties σi,ν, Vν is defined as the sample standard

deviation s divided by the overall mean S :
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Following the guidance of M. E. Bell et al. (2014), sources
with high values of both Vν and ην are considered promising
transient or variable candidates. A high value of Vν suggests
that the source was observed to brighten (or dim) to a large
multiple (or fraction) of its usual level, and a high value of ην
suggests that the observed size and number of variations in
flux density are inconsistent with a source that is nonvarying.
The main advantages of these two metrics are that they are

easy to calculate and straightforward to deploy into the data-
processing pipeline of large surveys. However, as is evident
from Equations (1)–(2), and in common with the methods
mentioned earlier, none of these metrics incorporates any time
information and, therefore, amount to summarizing light
curves into a coarse single-number statistic. This information
loss dilutes their discriminatory power.
In contrast, some studies have used statistical learning for

the automated clustering and classification of light curves (e.g.,
A. Rowlinson et al. 2019). Such methods have proven
effective when confined to the specific survey from which
the training data were obtained; however, they are susceptible
to overfitting and cannot be easily translated to new surveys
without being retrained.
To avoid both oversimplification and overspecification, we

propose using GPs to characterize light curves. A GP
representation of light curves will implicitly model the
covariance between observations, the temporal information
that a (ην, Vν) parameterization discards. Furthermore, careful
choice of covariance kernel functions will mitigate overfitting.
Finally, light-curve fits from a Bayesian hierarchical modeling
(BHM) approach using GP priors will fully incorporate both
observational and parameter estimation uncertainties into any
posterior predictions.

1.2. GPs in Time-domain Astronomy

Developed by D. G. Krige (1951) for geostatistics, the
interested reader is directed to C. E. Rasmussen &
C. K. I. Williams (2006, Chapter 2) and G. Matheron (2019,
Chapter 4) for a full mathematical treatment of GP regression.
Recently, GPs have become popular for analyzing astronom-
ical time series (S. Aigrain & D. Foreman-Mackey 2023) with
applications in estimating the value of astrophysical para-
meters, modeling components of variability in a source, and
detecting specific phenomena. Examples of the latter are the
numerous studies searching for exoplanets and stellar
companions that have used GPs to model the variability of
stellar light curves for determining rotation periods and radial
velocities (I. Czekala et al. 2017; R. Angus et al. 2018;
A. Bortle et al. 2021). Similarly, GPs have been used to model
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and detect (quasi-)periodicity in active galactic nuclei (AGN;
S. Covino et al. 2020, 2022; A. B. Kovacevic et al. 2020). In
gravitational wave research, C. J. Moore et al. (2016) and
V. D’Emilio et al. (2021) used GP modeling to estimate
parameters such as chirp mass. Another common application
of GPs is in data preprocessing before further scientific
analysis. This includes the disentangling of “nuisance” signals,
that is, signal components attributed to factors not of
immediate scientific interest, such as in pulsar timing studies
(R. van Haasteren & M. Vallisneri 2014; J. Antoniadis et al.
2022), or correcting for systematic oscillations due to
mechanical faults (B. J. S. Pope et al. 2016). Concerning
sparse data, interpolating light curves using GP regression has
improved the accuracy of automated supernovae classifiers
(V. A. Villar et al. 2020; H. F. Stevance & A. Lee 2023).
However, in each of these applications, the GP model has

been tuned to a specific type of signal or waveform. These
models are therefore biased toward detecting particular source
types at the expense of others. In this work, we propose a
general-purpose model that can characterize variable sources
that exhibit various behaviors, such as slowly evolving,
bursting, persistent, and ultralong periods.
Another contrast with the studies mentioned above is that

we use GP hyperparameters as direct descriptors of light
curves, instead of using GPs as only a means to interpolate
poorly sampled observations. Similar to the approach of
S. A. J. McLaughlin et al. (2024), who used raw hyperpara-
meter values to characterize and classify AGN flares, we focus
on using estimated hyperparameter values as the primary
descriptors of light curves.

2. Data and Methodology

2.1. ThunderKAT Data

We used the radio light curves of 6394 sources from
commensal survey data captured by ThunderKAT (R. Fender
et al. 2017). Between 2018 and 2022, ThunderKAT was
scheduled on MeerKAT to observe XRBs, cataclysmic
variables, short gamma-ray bursts, and Type Ia supernovae.
For each of the targeted sources, multiple epochs of data were
collected on the hundreds of radio sources found in the 1 deg2

fields of view centered on these targets. The data used in this
study were made available through the citizen science project
by A. Andersson et al. (2023) and are publicly accessible
online (A. Andersson 2024). As a commensal survey, all light
curves are labeled with the name of the XRB on which the

field of view of the observation was centered (Figure 1): 4U
1543−47 (4U1543), EXO 1846−031 (EXO1846), GRS 1915
+105 (GRS1915), GX 339−4 (GX339), MAXI J1848−015
(J1848G), Swift J1858.6−0814 (J1858), MAXI J1348−630
(MAXIJ1348), MAXI J1803−298 (MAXIJ1803), H 1743-322
(H1732), and MAXI J1820+070 (MAXIJ1820).
Data for each source consists of flux densities at 1.28 GHz

(L band) and their corresponding standard errors. These flux
densities are peak values calculated within the synthesized
beam of the source in radio images at each epoch, and the
uncertainties were derived from fitting elliptical Gaussians to
each island of pixels that constituted a source (J. D. Swinbank
et al. 2015). Example light curves are shown in Figure 2, and
cutouts of typical radio images may be found in A. Rowlinson
et al. (2019), A. Andersson et al. (2022), and L. N. Driessen
et al. (2022). The number of points in the light curves ranged
from one to 166 data points, and only detections are used in
this analysis. Observations ranged from 1 to 1296 days.
Furthermore, most of these light curves had multiple uneven
gaps in their observations, lasting from 1 to 226 days.
Recorded flux densities spanned from the noise limit of the
telescope up to 1.24 Jy, with a similar range for the
observational uncertainties.8

We restricted our analysis to light curves with at least five
data points, leaving n = 5371 light curves for analysis. This
ensured sufficient information was available to fit a model and
eliminated convergence problems in the fitting procedure.
Before analysis, the flux density values were standardized by
subtracting a light curve’s sample mean and dividing it by its
sample standard deviation. Similarly, the observational
standard errors were standardized by dividing by the sample
standard deviation. Consequently, all model fitting was
performed in standardized units of source brightness before
being transformed back into flux densities to report results. As
described in Appendix A, standardization helps to improve the
numerical stability for computation and simplifies the
specification of prior distributions.

2.2. Bayesian Hierarchical Model

This section briefly describes the BHM we have used to
characterize light curves. We adopted the framework of
C. Wikle et al. (2019), which organizes model hierarchies

Figure 1. Projection onto the Galactic plane of the ThunderKAT fields of observation included in this work. The color bar indicates the number of sources for which
we have light curves in each field (A. Andersson et al. 2023). Fields are labeled according to their observation target. Background image from the Gaia mission (A.
Moitinho; ESA��Gaia��DPAC).

8 A small fraction of flux densities were ≲50 μJy—below the approximate
sensitivity limit of individual ThunderKAT observations—and therefore likely
to be spurious. Our analysis retained these since spurious measurements are
typical of large surveys.
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Including both an SE kernel and an M32 kernel term may
introduce mathematical identifiability problems. This is partly
due to the close functional relationship between these two
kernels: the SE kernel can be imagined as a Matern kernel of
“infinite order,” and the SE kernel can be likened to a Matern
kernel with extra smoothness constraints. Consequently, these
kernels may recognize the same behaviors in a light curve,
resulting in convergence problems or inflated uncertainty
intervals. Details on how we mitigated this problem by
imposing constraints on the hyperparameters are found in
Appendix A.
Lastly, we assumed that light curves could be treated as

(second-order) stationary stochastic processes. That is, their
covariance structures are only a function of the difference in
time (t t ) between data points. More intuitively, this means
that, regardless of which segment of a light curve is examined,
its statistical properties are approximately the same as any
other segment. However, verifying this assumption without
knowledge of the underlying phenomenon proves challenging
in astronomical contexts because data are often so sparse that
metrics of nonstationarity are unreliable. The use of nonsta-
tionary GP kernels is a subject for future work.

2.3. Parameter Model

Since a GP can be thought of as a prior distribution over
functions, we will refer to the parameters of the kernel function
as hyperparameters and the prior distributions assigned to
these as hyperpriors. These hyperpriors are shown in
Equations (7)–(9). The notation range (t) indicates the total
duration of a light curve (in days), and ( )tmin is the shortest
time gap between points in a light curve (in days).
In addition to the choice of kernel function, the choice of

hyperpriors will also influence the results of GP regression
modeling. For example, if the data are sparse and the
hyperpriors are strongly informative, these hyperpriors dom-
inate the hyperparameter posterior distribution. Fortunately, it
is straightforward to assess the influence of hyperpriors by
comparing them with the posterior distribution of the
hyperparameter, and a detailed justification of our choice of
hyperpriors is provided in Appendix A.

2.4. Posterior Distributions

The output of Bayesian inference is the joint distribution of
all the parameters of interest. From this, we can derive
estimates of particular hyperparameters expressed as posterior
distributions. These distributions are useful and interpretable
in their own right, but can also be used to generate so-called
posterior predictive samples. These posterior predictive
samples are curves that conform to the constraints of both
the parameter model and the observed data and are useful for
assessing the plausibility of model fit.

2.4.1. Hyperparameter Posteriors

The posterior distributions of the seven hyperparameters in
the GP regression model can be interpreted as descriptors of
particular aspects of the original light curve. For example, if
the posterior distribution of the length-scale parameter for the
SE kernel p(ℓSE��y) has large values, it suggests that the light
curve varies smoothly because of the strong autocorrelation
between distant points. This can be extended to exploring the
relationships between hyperparameter posteriors, which may

reveal novel formulations for characterizing astronomical
sources.10 For example, in the bivariate case, GP regression
modeling amounts to a dimension reduction procedure that
situates every light curve in a two-dimensional subspace of the
seven-dimensional hyperparameter space where statistically
(and perhaps astrophysically) similar sources might form
clusters. In Section 4.1.2, we describe a two-dimensional
subspace that partitions out variable sources and provides an
alternative to using the ην and Vν statistics discussed in
Section 1.1.

2.4.2. Posterior Predictive Curves

After hyperparameter posterior distributions have been
obtained for each fitted light curve, new (“predicted”) curves
�

*
can be generated from the posterior predictive distribution

p(y
*
��y).These predicted curves are conditioned on the observed

data, and their distribution accounts for both the uncertainty in
the data and in the estimated hyperparameters. C. E. Rasmus-
sen & C. K. I. Williams (2006, p. 17) derive an analytical
expression for the posterior predictive distribution p(y

*
��y),

which makes drawing these samples both straightforward and
efficient.
Posterior predictive curves are useful for assessing the fit of

a GP regression model to the original data. This is done by
inspecting the envelope of curves formed by repeated sampling
of curves from the posterior predictive distribution, where the
envelope’s width reflects the uncertainty of the fit at any point
along the curve. For example, in the left panels of Figure 2, we
observe that the 68% quantile intervals of the posterior
predictive samples encapsulate most of the original data (aside
from the points with very large uncertainties), which suggests
that the model is a plausible description of the data.

2.4.3. Power Spectral Densities

In addition to providing a visual diagnostic for goodness of
fit in the time domain, curves sampled from the posterior
predictive distribution can be used to calculate power spectral
densities (PSDs). Furthermore, we can estimate both the
overall PSD and the individual contribution of each term in the
kernel function. The relative contributions of the individual
components can be compared by plotting them alongside the
overall PSD, as in the right-hand panels of Figure 2. In these
examples, the M32 curve typically dominates the other two
terms, and the very weak P kernel responses suggest an
absence of periodicity.
Thus, inspecting the full and component-wise PSDs is

another way to validate the model fit and scrutinize anomalies
that might be difficult to identify in time-domain visualiza-
tions. This is particularly true for P patterns. However, care
must be taken because the finite duration of light curves
introduces fringing and other sampling artifacts into PSDs.

2.5. Implementation

The model fitting in this study was implemented in both
PYTHON and R to allow validation and facilitate wider
deployment. It was implemented in PYTHON (v3.10) with the
PYMC library (v5.6.1; T. Wiecki et al. 2023) using the default
No U-turn Sampler (M. D. Hoffman & A. Gelman 2011). It

10 In this work, we have used the median of the hyperparameter posterior
distributions.
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was implemented in R (v4.4.1; R Core Team 2023) and
CMDSTAN (v2.35.0; Stan Development Team 2023) using the
CMDSTANR package (v0.8.1; J. Gabry et al. 2024) and the
default Hamiltonian Monte Carlo sampler.
For both implementations, hyperparameter estimation was

performed using chains of 2000 samples after discarding the
first 2000 samples. Known as “burn-in” samples, these initial
samples are discarded because they are likely biased due to the
time it takes Monte Carlo chains to reach and explore the high-
density regions of the parameter space. The rank-normalized R̂
statistic (A. Gelman & D. B. Rubin 1992; A. Vehtari et al.
2021) was used as a convergence diagnostic, and the effective
sample size (ESS) was used to measure sampling efficiency.
These metrics are provided by default in both PYMC and
CMDSTAN.
The computational cost of GP regression is known to scale

at order ( )O n3 , where n is the number of input data points. In
practice, we observed that ThunderKAT light curves are sparse
enough that it is not the regression computation that is the most
time consuming; rather, it is sampling the posterior predictive
distribution that is the most onerous. This work has sped up
this latter step by implementing a marginal GP regression
model, as described in Appendix B.

3. Results

In fitting the GP regression model described in Section 2, we
segment the total variability exhibited by a light curve into
components related to the amplitude and timescale of change.
In the following sections, we present the results of light-curve
fitting, particularly the medians of posterior estimates of
individual hyperparameters. All hyperparameters were esti-
mated using Markov Chain Monte Carlo sampling, and, for
99% of cases, we achieved reasonable convergence and
efficiency measures of R̂ 1.003 and bulk ESS > 1753,
respectively.

3.1. Light-curve Fits

Before using the hyperparameter posteriors, confirming the
plausibility of the model fits is important. This is accomplished
by visually inspecting plots of curves sampled from the
posterior predictive distribution. Conveniently, the additive
nature of our GP model means that we can also plot the PSD of
any posterior predictive curve as the sum of its constituent
kernel terms. Seeing the relative contributions of each term in
the frequency domain complements the interpretation of the
fitted model in the time domain.
Below, we describe the results of fitting the GP regression

model specified in Equations (4)–(11) to four ThunderKAT
light curves. These were chosen because they differ by

sampling rate, nonstationarity, presence of outliers, and
distribution of observational errors. Each example highlights
how our GP model accommodates a diversity of light-curve
features that may arise from astrophysical processes, data
quality issues, or both.
Table 1 lists the medians of the fitted posteriors for the

seven fitted hyperparameters of each light curve, namely,
�σ SE, ℓSE, σM32, ℓM32, σP, ℓP, T�. The table also lists their
respective ην and Vν statistics for comparison. As discussed in
Appendix A, amplitude posterior estimates with medians
above 0.67 warrant further interest and are highlighted in
boldface in Table 1. Further examples of model fits to known
XRB sources are included in Appendix C.
The light curve in panel (A) of Figure 2 features numerous

undulations on the scale of 15−20 days and is certainly a
variable source. This is reflected in the estimated posterior
median of the amplitude hyperparameter for the M32 kernel,
σM32 = 1.20, which is greater than our nominal threshold of
significance of 0.67. Notice that the model has closely fitted
these undulations and that most of the original observations lie
within the 90% uncertainty interval. Of note is the outlier near
MJD 59324, which has a large observational uncertainty and is
consequently ignored by the model in favor of its more precise
neighbors. A similar relaxation of the model fit is observed
around MJD 59424 and reflects how GP regression in a
Bayesian framework directly incorporates uncertainties.
Indeed, this is in common with other modeling approaches
that weight the contribution of individual observations by their
respective standard errors. These uncertainties are further
propagated into the posterior estimates.
The PSD in panel (B) of Figure 2 confirms that most of the

variability is explained by the M32 kernel term. In contrast, the
P component is very weak. This is consistent with the
estimated amplitude posterior medians: σM32 = 1.20,
σSE = 0.35, σP = 0.45, where the former is above 0.67 and
the latter are below. This implies that the model has detected a
nontrivial yet nonperiodic correlation structure in the light
curve.
The light curve in Figure 2(C) is also regularly sampled but

has fewer observations than the curve in panel (A). This
example shows that fitting to fewer observations results in
wider uncertainty intervals. Again, there are two outliers, but
these have smaller standard errors compared with the
remaining data points than the outliers in panel (A).
Consequently, the model has deflected sharply toward these
observations rather than ignoring them. Inspection of the radio
image for that first apparent outlier revealed it as intrinsic
variation in the source and not an image artifact to be ignored.
The large median value of σM32 = 1.38 again implies the
presence of nonnegligible variability, which contrasts with its

Table 1
Fitted Hyperparameter Values for the Example Light Curves Shown in Figure 2

Figure 2 R.A. (deg) Decl. (deg) Field ην Vν
Posterior Median

σM32 ℓM32 σSE ℓSE σP ℓP T

A 281.9044 −2.0325 J1848G 2.91 0.12 1.20 12.5 0.35 48.5 0.45 37.6 85.6
C 236.3573 −48.1665 4U1543 0.52 0.27 1.38 7.74 0.36 28.8 0.47 22.0 50.1
E 284.4313 −8.0519 J1858 0.94 0.15 0.56 73.4 0.82 117.3 0.53 72.39 165.0
G 288.3110 11.4117 GRS1915 20.24 0.36 1.21 17.3 0.31 171.7 0.42 128.6 292.2

Note. Medians of the hyperparameter posteriors are shown beside the variability statistics of ην and Vν. Boldface indicates median amplitudes greater than 0.67, a
rule-of-thumb threshold above which a source is nominally labeled as a variable or transient.
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small and unremarkable ην and Vν statistics of 0.52 and 0.27,
respectively.
Figure 2(E) shows a light curve that is unevenly sampled

with widely spaced observations past MJD 58630. The model
interpolates within these sparse data regions, but the
uncertainty interval is wide. Overall, this light curve’s first
and second halves have a smooth down-then-upward trend.
The moderately large estimates for amplitude (σSE = 0.70) and
length-scale (ℓSE = 124.6 days) hyperparameters encapsulate
this behavior. This is also reflected in the left-to-right
downward slope in its PSD. Again, the globally calculated
variability statistics of (ην = 0.94, Vν = 0.15) failed to detect
the presence of this strong flux density inflection.
The light curve in Figure 2(G) is of another unevenly

sampled source with sparse regions where the uncertainty
intervals are again very wide. Of particular interest are two
outlying observations. The value observed just before MJD
59000 is clearly erroneous because flux densities must not be
negative. The model mostly ignores this point because of its
large standard error. In contrast, the other outlying point
around MJD 59200, with its very small reported standard
error, drags the model into a trough shape. The effect of this
second outlier on inflating ην = 20.24 and Vν = 0.36 is modest,
making this light curve unremarkable according to these
measures. The short-timescale, jagged behavior exhibited in

the latter half of this light curve is reflected in the
hyperparameters of the M32 kernel, namely a large
σM32 = 1.21 and short ℓM32 = 17.3 days. This behavior is
also captured in the PSD in panel (H), where the M32 kernel
response dominates the SE and P kernels.

3.2. Hyperparameter Posteriors

3.2.1. SE Kernel

Figure 3(A) shows the scatter plot of the two estimated
hyperparameters of the SE kernel, namely ℓSE and σSE. Recall
that these are from the first term of the kernel function
specified in Equation (6). Each plotted point corresponds to the
median of the posterior distribution for each hyperparameter of
a single ThunderKAT light curve. The different colors indicate
the XRB in whose field the light curve was observed. An
obvious pattern is the clustering by field, as evidenced by
identically colored points appearing close to each other.
Sources observed in the same field tend to have similar
hyperparameter posterior medians. This is particularly true for
the length-scale hyperparameter ℓSE, where clusters usually
span distinct ranges in that dimension. Some fields, such as
GX339 and J1858, also exhibit some internal clustering,
which suggests that they, in turn, are composed of a mixture of
subpopulations.

Figure 3. Posterior medians of our GP regression model’s hyperparameters from each kernel term. (A): SE kernel, (B): M32 kernel, (C) and (D): P kernel. Each
point corresponds to one light curve. Amplitudes, σ, are in standardized units, and length scales ℓ and period T are in days on a logarithmic scale. Colors indicate the
field in which the light curve was observed. Notice the distinct clustering associated with the field of observation.
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We further observe that the clusters mentioned above are
not as well separated in the vertical σSE direction as in the
horizontal ℓSE direction. Indeed, many different fields have
overlapping ranges of amplitudes. In contrast, fields are much
better delineated by length scale. For example, fields 4U1543

and J1858 have clear separation in ℓSE, but have ranges in σSE
that heavily overlap.
Visual inspection of the bivariate relationship between ℓSE

and σSE reveals no obvious correlation. Changes in ℓSE are not
accompanied by a consistent change in σSE. However, with
increasing ℓSE, there does appear to be an increase in the
variance of σSE with a right skew—amplitudes below 0.5 units
are favored across all fields and especially in GX339.
However, within each field, the lack of strong patterns
suggests that these two hyperparameters are mostly uncorre-
lated when conditioned by the field of observation.
One explanation for the clustering by field is the presence of

confounding effects attributable to the field. For example, each
field has its particular duration and cadence of observation.
Factors such as observational cadence are nuisance contami-
nants in the characterization of light curves since they are
artifacts of the data collection process rather than properties of
the source itself. These effects would bias any source
identification results and should be removed. In Section 4.2,
we discuss our finding that two hyperparameters (σSE and
σM32) appear largely unaffected by field confounding.

3.2.2. M32 Kernel

The distribution of the hyperparameters for the M32 kernel
has some distinct differences from that of the SE kernel. In
Figure 3(B), there is a strong negative correlation between
ℓM32 and σM32. Increases in the length-scale hyperparameter
usually accompany decreases in the amplitude hyperparameter.
This suggests that, concerning the variability captured by the
M32 kernel term, there is a continuum of light curves ranging
from smoothly undulating (small σM32, long ℓM32) to steep and
jagged (large σM32, short ℓM32). Light curves at the latter
extreme may constitute good candidates for transient sources.

As with the SE hyperparameters, there is some clustering by
field for the M32 kernel hyperparameters, with similar
proportions of overlap. This is again more associated with
the length scale rather than the amplitude, which is better
mixed. Indeed, even if the coloring in Figure 3 were removed,
distinguishing different fields horizontally by clusters would
still be possible visually. This suggests that, like the SE kernel,
the M32 kernel term is still biased by field-specific effects.

3.2.3. P Kernel

Visual inspection of the two bivariate scatter plots between
the posterior medians of the three hyperparameters of the P
kernel (Figures 3(C) and (D)) does not reveal any associations
between the length scale and amplitude, or the period and
amplitude hyperparameters. However, the similarity between
these two plots suggests a strong correlation between length
scale (ℓP) and period (T). This is confirmed in the left panel of
Figure 4 by the almost perfect positive correlation
(R2 = 0.996) between these two hyperparameters.
One explanation for this strong correlation is again a

confounding factor. The right panel of Figure 4 is a plot of T
against the total duration of each light curve, the latter being a
property of the data, not of the underlying source. This
duration information has leaked into the hyperparameter
posteriors through their respective hyperpriors (Equations (8)
and (9)) and fully accounts for the estimated values of T and
ℓP. This implies no periodicity was detected; otherwise, shorter
periods or length scales would have been found.

4. Discussion

4.1. Amplitude Hyperparameters as Indicators of Transience
and Variability

The novel aspect of this work is that we use the posterior
medians of GP regression hyperparameters as the primary
descriptors of light curves instead of employing a GP model as
an intermediary step in a preprocessing pipeline. In this
section, we argue that, of the seven hyperparameters estimated
for each light curve, the amplitude hyperparameters of the

Figure 4. Left: scatter plot of the posterior medians of the period (T) and length-scale (ℓP) hyperparameters of the P kernel. These two quantities have a strong
positive correlation (R2 = 0.996). Right: scatter plot of the posterior median of T against the total duration of each light curve.
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5. Conclusion

In this work, we have presented an approach using GP
regression to characterize the variability of sources based on
their light curves. GP models such as ours implicitly handle
nonuniform data coverage and cadence, which are properties
that are commonplace in time-domain astronomical surveys.
We showed that our approach offers greater discriminatory
power than the commonly used parameterization of (ην, Vν).
Furthermore, it differs from existing applications of GPs in the
astronomical literature because it adopts a multiterm kernel
function. We specify a composite covariance kernel of SE,
M32, and P terms. Then, we use the posterior estimates of their
hyperparameters, not the mean posterior predictive curve, to
distinguish between variable and nonvariable sources. Never-
theless, the mean curves and their PSDs are useful diagnostics
for model assessment.
Our key finding is that the bivariate distribution of the amplitude

hyperparameters of the SE and M32 kernels, namely σSE and
σM32, defines a parameter space where statistically different light
curves populate distinctly different regions. Qualitatively, this
means that sources exhibiting high variability on long or short
timescales (or both) are clustered away from sources whose light
curves are nominally nonvarying or stable. This is very useful in
screening for transient or variable sources. The astronomer
interested in identifying variable or transient source candidates
should examine light curves whose σSE or σM32 are in the upper
quantiles of their survey, since these should prove the most
promising. We demonstrated this by identifying sources in
ThunderKAT data that were not previously flagged in the
literature. We claim this is a generalizable approach that can be
used to discover transient and variable candidates, agnostic of
source type. Having tested this method on one survey with
reasonable results, applying this approach to other large surveys is
the subject of upcoming work.
Computational notebooks in R and PYTHON describing our

method are available11 to help facilitate its translation and
application to surveys other than ThunderKAT.
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Appendix A
Justification of Hyperpriors

Given the anticipated diversity of objects observed in a large
survey such as ThunderKAT, it is unlikely that the same kernel

hyperparameter values would be suitable across all sources.
Yet some physical constraints should be consistent regardless
of the underlying astrophysical phenomena observed. Below,
we elaborate on how we express such constraints in terms of
kernel hyperprior distributions and justify the choice of these
hyperpriors (Equations (7)–(9)).
Length scale. We assigned identical hyperpriors to each

kernel’s length-scale hyperparameter (ℓ). As suggested by the
STAN User’s Guide (Stan Development Team 2023), we used
an inverse gamma (IG) hyperprior since it down-weights very
small length scales—scales that are more comparable to noise
than signal—while still permitting medium to large length
scales. The shape parameter of the IG distribution is fixed at
α = 3, and the rate parameter β is set to one-half the range of
the light-curve duration (Equation (8)).
Recalling that the expected value of an IG distributed

random variable is β��(α − 1), the above initializes the prior
mean of these length-scale hyperpriors to approximately one-
quarter of the total period of the light curve. This is a good rule
of thumb since we want to observe at least four cycles of
repeating patterns before judging any pattern as real, not noise.
Additionally, length scales were given a lower bound of the
shortest separation in time between data points, Δt
(Equation (10)). This is because it is unreasonable to infer
autocorrelation structures shorter than the finest resolution in
the data. Thus, this lower bound prevented length scales from
approaching zero too closely.
In addition to a general lower bound for all length-scale

hyperparameters, a further inequality was placed on ℓM32 such
that it must be smaller than ℓSE (Equation (11)). This mitigates
identifiability issues arising from the similar behavior of these
kernels when applied at similar scales. Depending on the light
curve, either kernel is equally capable of describing the same
autocovariance structures. By restricting the SE kernel to take
on larger length scales, the kernel is impelled to lock onto
longer and smoother trends for which it is better suited. Thus,
the M32 kernel tends to capture more jagged patterns found at
shorter length scales.
Amplitude. For amplitude hyperparameters (σ), standard

half-normal hyperpriors were applied to the standardized flux
densities (Equation (7)). Indeed, flux densities were standar-
dized to facilitate applying identical amplitude hyperpriors to
all light curves, which otherwise have different flux density
ranges. A useful rule of thumb for assessing whether a
posterior hyperparameter estimate is significant is comparing it
with a nominal threshold derived from its hyperprior
distribution. The median of the standard half-normal distribu-
tion is ≈0.67, which is therefore a useful threshold for gauging
the influence of this hyperprior on the resultant posterior—
values above 0.67 warrant further investigation.
Period. A uniform hyperprior was chosen for the period (T)

hyperparameter since we do not have any general information
about the presence or absence of periodicity in ThunderKAT
light curves. A uniform hyperprior will avoid biasing the
detection of periodicities toward any particular period, and any
period in the range is plausible. As with the amplitude
hyperpriors, the sparsity of observations was used to inform
the bounds of the uniform hyperprior (Equation (9)).
Similar to the length-scale hyperpriors, we wanted to

observe at least three or four full P cycles in our data before
concluding there was any evidence of periodicity. This
heuristic sets an upper bound on the uniform hyperprior to

11 Hosted at https:����github.com��shihchingfu��fu2025_transients_gp and pre-
served on Zenodo, doi:10.5281��ZENODO.14376242 (S. C. Fu 2024).
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be one-quarter of the total time span of the light curve. For a
lower bound, we took the shortest time gap between
observations (Δt), or conversely, the highest instantaneous
sampling rate, and multiplied by two to get the Nyquist
frequency. This prevented the model from fitting periods
smaller than twice the smallest time gap, i.e., never finer than
the best data resolution.

Appendix B
Marginal GP Model

In our model, the uncertainties in the flux density
measurements are assumed to be Gaussian distributed. This
means we can “integrate out” the latent function f and
reexpress Equations (4) and (5) more simply as a marginal GP
model:

( (ˆ )) ( )+×GP 0 K eS , diag , B1N N
2

where (ˆ )ediag 2 is an N �� N matrix whose diagonal values are
the error variances of the observed data, ê2, and the off-
diagonal values are zero. A marginal model is an acceptable
simplification because the main object of this study is the
characterization of light curves rather than explicitly inferring
the “true” flux density function f. This formulation has the
added benefit of having an analytical expression for the
posterior predictive distribution (C. E. Rasmussen &
C. K. I. Williams 2006, p. 16):

( ) ( )N* * * * *s t s t K y K K, , , , B21 1

where � is the flux density observed at time �, and �
*
is the

predicted flux density at the target time �
*
. S is the covariance

matrix as defined in Equation (6), � * is the covariance matrix
between times � and �

*
, and W specifies the covariances

between the target times, �
*
. With this analytic expression for

the posterior predictive distribution, drawing samples is much
more efficient and straightforward computationally.

Appendix C
Fitted Models of Known XRBs

This section contains more examples of GP regression
model fits to light curves. In particular, the six examples
shown in Figure 11 are light curves of sources known to be
XRB systems, namely, EXO1846, MAXIJ1348,
MAXIJ1820, MAXIJ1803, H1743, and GX339. Indeed,
these are the sources at the center of the various fields of
view observed in the ThunderKAT survey. Each source
exhibits transient behavior, namely large spikes in flux density
before resuming some previous level. This makes them
suitable cases for testing whether our model can identify
transient-like sources.
Table 5 summarizes the variability statistics and estimated

GP regression hyperparameters for each of these XRB light
curves. In every case, the posterior medians of σM32 are in
regions of hyperparameter space that indicate nonnegligible
variability. This is clearly shown in the scatter plot of
Figure 12, where these sources are marked by colored points.
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Figure 11. Plots of posterior predictive curves from GP models of light curves of six known X-ray binaries: EXO1846 (A), MAXIJ1348 (B), MAXIJ1820 (C),
MAXIJ1803 (D), H1743 (E), and GX339 (F). Coordinates of each source and posterior statistics of each light curve are found in Table 5. The points are the original
observations, with black bars indicating standard errors. The lines trace the median of the posterior predictive samples, with shaded regions indicating 68% and 90%
quantile intervals, respectively.
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Appendix D
Principal Components Analysis of Hyperparameter

Posterior Means

Principal component (PC) analysis of the posterior means of
the fitted hyperparameters for every light curve reveals that
two PCs are sufficient to explain over 77% of the variability in
the data. A third component increases this to over 94% (see the
second column of Table 6). The loadings for the length-scale ℓ
and period T hyperparameters are negative, which shows that
these hyperparameters are negatively correlated with the first
PC. Conversely, the amplitude σ hyperparameters are
positively correlated with the second PC. This suggests that
the first PC, which increases as the length scale and period
decrease, captures short-timescale variability in the light
curves. Such variability is likely to be noise rather than
phenomenological, with the remaining variability explained by
the amplitude hyperparameters of the second PC.

The biplot in Figure 13 shows the position of each light
curve as projected into the 2D plane of the first two PCs.
The arrows are scaled representations of the loadings in
Table 6, and the colors indicate the field of observation for
each light curve. We observe that the progression of colors
(fields) from left to right corresponds strongly to the
direction of the first PC, which reflects the confounding of
these hyperparameters by field-specific properties, such as
the typical duration of those observations. The spread of
points within each field toward the top right is consistent
with the loadings of the amplitude hyperparameters of the
M32 and SE kernels, noting that we will ignore the
amplitude hyperparameter of the P kernel since it is strongly
correlated with the SE.
From these results, we are confident that examining the two

hyperparameters of σM32 and σSE is sufficient to characterize
light curves fitted by our GP regression model.

Figure 12. Left: scatter plot of the posterior medians of the amplitude hyperparameter of the SE and M32 kernels. Amplitudes are in standardized units. Right:
scatter plot of the (ην, Vν) values for the same light curves. In both panels, six known XRBs are marked by colored points.

Table 6
Proportion of Variance Explained by Each PC and the Loadings of Each Hyperparameter against the First Three PCs

PC Proportion of Variance Loadings

σSE σM32 σP ℓSE ℓM32 ℓP T

1 54.9% 0.241 0 0.297 -0.496 -0.385 -0.479 -0.479
2 22.6% 0.433 0.630 0.502 0.136 −0.125 0.254 0.254
3 16.8% 0.559 −0.528 0.325 0.127 0.532 0 0

Note. Nonnegligible values are in boldface. Notice that the first PC is dominated by length-scale hyperparameters and the second PC by amplitude hyperparameters.

Table 5
Fitted Hyperparameter Values for the Example Light Curves Shown in Figure 11, Each of Which Are Known XRB Systems

Figure 11 XRB R.A. (deg) Decl. (deg) ην Vν
Posterior Median

σM32 ℓM32 σSE ℓSE σP ℓP T

A EXO1846 282.3212 −3.0655 9528.87 1.53 1.31 13.89 0.43 48.39 0.48 37.44 86.12
B MAXIJ1348 207.0532 −63.2747 2936.57 1.88 1.85 16.26 0.42 119.09 0.48 90.54 209.01
C MAXIJ1820 275.0914 7.1853 1546.85 1.78 1.63 9.45 0.31 160.82 0.41 145.90 199.04
D MAXIJ1803 270.7617 −29.8301 13026.88 2.38 1.31 9.07 0.42 40.96 0.47 29.52 68.22
E H1743 266.5652 −32.2340 146.35 1.09 0.68 9.36 0.90 13.98 0.49 10.06 23.38
F GX339 255.7055 −48.7897 22427.60 1.86 1.13 10.75 0.59 127.85 0.40 159.48 368.66

Note. Medians of the hyperparameter posteriors are shown beside the frequently reported variability statistics of ην and Vν. Boldface indicates median amplitudes
greater than 0.67.
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