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Kilonovae, possible electromagnetic counterparts to neutron star mergers, provide important
information about high-energy transient phenomena and, in principle, also allow us to obtain
information about the source properties responsible for powering the kilonova. Unfortunately,
numerous uncertainties exist in kilonova modeling that, at the current stage, hinder accurate predictions.
Hence, one has to account for possible systematic modeling uncertainties when interpreting the
observed transients. In this work, we provide a data-driven approach to account for time-dependent and
filter-dependent uncertainties in kilonova models. Through a suite of tests, we find that the most reliable
recovery of the source parameters and description of the observational data can be obtained through a
combination of kilonova models with time- and filter-dependent systematic uncertainties. We apply
our new method to analyze AT2017gfo. While recovering a total ejecta mass consistent with previous
studies, our approach gives insights into the temporal and spectral evolution of the systematic
uncertainties of this kilonova. We consistently find a systematic error below 1 mag between 1 to 5 days
after the merger. Our work addresses the need for early follow-up of kilonovae at earlier times,
and improved modeling of the kilonova at later times, to reduce the uncertainties outside of
this time window.

DOI: 10.1103/PhysRevD.111.043046

I. INTRODUCTION

The gravitational-wave (GW) detection of the binary
neutron star (BNS) merger GW170817 [1,2] by Advanced
LIGO [3] and Advanced Virgo [4] GW observatories,
combined with the observation of electromagnetic (EM)
waves from the short gamma-ray burst GRB170817A and
the kilonova AT2017gfo, has been a game changer in
our understanding of, e.g., cosmology [5–14], nuclear

physics [1,12,15–21], modified theories of gravity
[22–24], and the chemical evolution of our Universe
[25–30]. Most of these studies relied on the availability
of information from multiple messengers, which in this
case are, GWs and EM waves.
Although GW170817 has been the only multimessenger

detection of a BNS merger, there has been observational
evidence that GW190425 [31], GRB211211 [32–34], and
GRB230307A [35] also originated from BNS mergers.
Hence, the chances for further multimessenger detections
are continuously increasing due to the increasing range of
observational facilities. For a reliable interpretation of
GW170817 and future events, it is necessary to compare
the observational data with theoretical predictions to extract
characteristic information from the sources. The employed
theoretical models must be accurate to ensure an unbiased
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estimate. Otherwise, the ever-increasing number of obser-
vational data or the observation of sources with higher
accuracy would potentially lead to biased constraints.
Numerous studies have addressed the accuracy of GW

models, e.g., Refs. [36–40], and it has been shown that
systematic uncertainties are under control for the current
generation of GW detectors; yet, better models are needed
for the next generation of detectors, such as the Einstein
Telescope [41–43] and the Cosmic Explorer [44]. In
contrast, systematic uncertainties are more severe and
not yet fully understood for kilonovae, an EM transient
powered by the radioactive decay of unstable heavy
elements synthesized through r-process nucleosynthesis
[45,46] and spanning optical, infrared, and ultraviolet
frequencies. Despite numerous efforts improving the mod-
eling of kilonovae, e.g., by moving from simplified semi-
analytical models (e.g, [30,46–54]) to more complicated
full 3D radiative transfer simulations (e.g., [55–60]), there
are still large uncertainties in the modeling. Among the
main sources of uncertainty are properties of the ejected
material [61–65] and some key ingredients setting the
energy available to power the kilonova, i.e., nuclear heating
rates and thermalization efficiencies, and the properties of
the escaping radiation, i.e., the opacities of r-process
elements [66–73].
Given the significant uncertainties in kilonova modeling,

it is essential to account for them during multimessenger
parameter inference. In the past, most works employing
the nuclear-physics and multimessenger astrophysics
(NMMA) framework, which is the code infrastructure used
for this article, accounted for these uncertainties by
including a fixed systematic uncertainty of 1 magnitude
[12,34,74,75]. This particular choice was motivated by the
study of Ref. [61] where it was found that this uncertainty is
sufficient to ensure that different ejecta morphologies
assumed by different radiative transfer simulation codes
make similar predictions, i.e., that the extracted ejecta
properties are consistent within their statistical uncertain-
ties. More recently, NMMA inference runs considered the
uncertainty not as a fixed parameter, but as an additional
sampling parameter [76].
Similar approaches have also been used in other works,

e.g., [77–79]. In particular, Ref. [77] has updated its code
infrastructure to account for such systematic uncertainty by
adding a fixed systematic error standard deviation to the
likelihood quadrature. A more flexible approach has been
employed by Ref. [79] in which the systematic uncertainty
is a sampling parameter, and Ref. [78] allowed more
flexibility to account for limitations in the employed
kilonova models by adding different systematic uncertainty
priors across different observational bands.
However, the systematic uncertainty of a kilonova model

will, in general, not only be dependent on the observational
bands, i.e., filter-dependent, but will also vary over time.
This time dependence appears naturally when accounting

for known uncertainties in the description of opacities at
early times [[68,80] e.g.] or nonlocal thermal equilibrium
effects that become important after about 1 week [81,82].
In this work, we introduce a data-driven scheme for

handling the time- and filter-dependent uncertainties in the
light curve models. This method promises to improve the
robustness of the parameter estimations. It is model-
agnostic and can be applied to any EM model irrespective
of the nature of the transient, e.g., also for gamma-ray-burst
afterglows or supernovae.
This paper is structured as follows. Section II describes

the methodological approach, including the radiative
transfer models, the Bayesian inference framework, and
the systematic error interpolation schemes employed.
Section III provides validation tests using synthetic light
curve data from different models. Section IV demonstrates
the application of the methodology to AT2017gfo. Finally,
Sec. V summarizes the key findings and outlines future
perspectives.

II. METHODS

A. Kilonova light curve computation

An accurate description of the observables of kilonovae,
i.e., luminosities, spectra, light curves, and polarization,
requires detailed modeling of the radiation processes,
incorporating the interaction between the radiation and
the matter via absorption and scattering processes. In the
following, we are employing results from two independent
radiative-transfer codes to enable cross-validation and
testing of our approach.
POSSIS [58,68] and SEDONA [83] are 3D Monte Carlo

radiative transfer codes that model synthetic observable
(flux and polarization spectral times series) for explosive
transients such as supernovae and kilonovae. Both codes
incorporate time-dependent opacities and ejecta properties,
enabling them to capture the evolving nature of astrophysi-
cal events over various timescales. Inside the model grid,
each cell is represented by velocity v, time-dependent
density ρðtÞ, time-dependent temperature TðtÞ, and the
electron fraction YeðtÞ, starting at some reference time t0.
The computation of the observables is based on the

simulation of Monte Carlo photon packets diffusing
through the freely expanding medium. Monte Carlo pho-
tons are created with energy and frequencies set by the
specific emission process (e.g., radioactivity) and are
propagated according to the opacity of the expanding
medium. Those that escape the medium are then used to
construct spectral-time series (from ultraviolet to infrared)
at different viewing angles, from which light curves in
different filters can be constructed.

1. BU2019LM

While POSSIS can generally support arbitrary geom-
etries, we focus here on the usage of a two-componentmodel
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grid; cf. Ref. [12] for more details. The first component
characterizes dynamical ejecta and contains a lanthanide-
rich part around the equatorial plane and a lanthanide-free
part at the polar regions. The second component accounts for
wind-driven ejecta and is spherically symmetric. Themodel,
hereafter denoted with BU2019LM, is parametrized by the
ejecta mass of the two components,Mej;dyn andMej;wind, the
half-opening angle of the lanthanide-rich dynamical-ejecta
component, ϕ, and the viewing angle θobs.

2. KA2017

Although SEDONA is a 3D code, here we focus on a grid
of one-dimensional spherically symmetric models pre-
sented in Ref. [28]. The model, in the following referred
to as KA2017, is parametrized by the ejecta total mass Mej,
average velocity vej, and lanthanide fraction Xlan. The bulk
of the freely expanding ejecta is determined by the ejecta
mass Mej. The density profile of the ejecta is described
using a broken power-law that transits from the gradually
declining interior with vejt=r to the steeply dropping outer
layer with ðvejt=rÞ10. Finally, the lanthanide fraction Xlan

influences the opacity and color evolution of the kilonova,
where larger lanthanide fractions result in increased opacity
and longer-duration emissions shifted toward the infrared.

B. Surrogate kilonova models

The POSSIS and the SEDONA codes are computation-
ally too expensive to be run on the fly during sampling.
Therefore, we train surrogate models for the BU2019LM and
KA2017 grids that are cheaper to execute during Bayesian
inference.
For BU2019LM, we use the dataset of 1596 parameter

combinations and their light curves generated byPOSSIS to
create the surrogatemodel. For each filter thatwe consider in
our analyses below, we perform a singular-value decom-
position (SVD) to reduce the dimensionality of the output,
setting the number of SVDcomponents to 10. Then,we train
a fully connected artificial neural network that maps the
values of the BU2019LM parameters to the SVD coefficients,
from which the light curve can be reconstructed. The
architecture of the neural network consists of three hidden
layers, having 128, 256, and 128 neurons, respectively.
Training is done with TensorFlow [84] and runs with the
Adamoptimizer [85], with a fixed learning rate of 10−3 and a
batch size of 128, for 100 epochs. We rescale the input and
output data with a min-max scaler before training and use
20% of the dataset as validation data to ensure that the
network is not overfitting.
For KA2017, we use the publicly available1 kilonova light

curves produced with SEDONA. The full dataset contains
329 parameter combinations, which are used to create the
surrogate model. A similar SVD and neural network

training is performed for the KA2017 model as for
BU2019LM. However, here we we used a hidden layer of
2048 neurons, followed by a dropout layer with a dropout
rate of 0.6.
To quantify the performance of our surrogate models, we

compute the root mean square error (RMSE). The RMSE
quantifies the average deviation between model predictions
and actual values, which is defined as

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N

XN
i¼1

ðyi − ŷiÞ2
vuut ; ð1Þ

where yi is the actual value obtained through the radiative-
transfer simulation at time ti, ŷi denotes the prediction from
the surrogate model, and N is the total number of time
points. We compute this metric across our entire parameter
grid and all filters and report its median value.
We find median RMSE values of 0.103 mag for

BU2019LM (computed over a 14-day period) and 0.485 mag
for KA2017 (computed over a 7-day period).
As discussed later in Sec. IV B regarding time- and filter-

dependent uncertainties, the median σsys is 0.291 mag,
greater than the surrogate model’s median RMSE. This
suggests that the BU2019LM surrogate model is sufficiently
accurate for our study, and we are not over-confident
about it.

C. Bayesian inference

By using Bayes’ theorem, the posterior pðθ⃗jd;HÞ on a
set of parameters θ⃗ under the hypothesisH and with data d
is given by

pðθ⃗jd;HÞ ¼ pðdjθ⃗;HÞpðθ⃗jHÞ
pðdjHÞ ; ð2Þ

or in short form

Pðθ⃗Þ ¼ Lðθ⃗Þπðθ⃗Þ
Z

; ð3Þ

wherePðθ⃗Þ,Lðθ⃗Þ, πðθ⃗Þ, andZ are the posterior, likelihood,
prior, and evidence, respectively. The prior describes our
knowledge of the parameters before any observations. The
likelihood quantifies how well the hypothesis can describe
the data at a given point θ⃗ in the parameter space. Finally,
the evidence, also known as the marginalized likelihood,
marginalizes the likelihood over the whole parameter space
with respect to the prior, i.e.,

Z ¼
Z

dθ⃗Lðθ⃗Þπðθ⃗Þ: ð4Þ
1https://github.com/dnkasen/Kasen_Kilonova_Models_2017.
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D. Time-dependent systematic error

To parametrize the time-dependence of the systematic
uncertainty σðtÞ, we make use of a piecewise linear
interpolation scheme with N evenly spaced time nodes

σsysðtÞ ¼ σn þ
σnþ1 − σn
tnþ1 − tn

· ðt − tnÞ; for tn ≤ t < tnþ1

with n ¼ 0; 1;…; N − 1: ð5Þ

Each σn has a uniform prior in ½a; bÞ, where a and b are
the assumed lower and upper bound of the systematic
uncertainty. Throughout our analyses, we used a prior
of Uð0; 2Þ.
The likelihood function Lðθ⃗Þ is given by

Lðθ⃗Þ ∝ exp

�
−
1

2

X
ij

ðmj
i −mj;est

i ðθ⃗ÞÞ2
ðσjiÞ2 þ ðσsys;iÞ2

�
; ð6Þ

where mj
i is the AB magnitude in filter j at time i with the

corresponding measurement error σji ≡ σjðtiÞ, mj;est
i ðθ⃗Þ is

the estimated AB magnitude for the source parameters θ⃗
(e.g., ejecta masses, velocities) from the model and σsys;i is
the interpolated systematic error at time ti.
The described procedure is sketched in Fig. 1; where

black crosses mark the mock data. The red line represents
the best-fit light curve, the red-shaded region represents the
systematic uncertainty in the best-fit posterior, and the
Gaussian curve around them represents the denominator
of Eq. (6).

E. Time- and filter-dependent systematic error

To extend our systematic error analysis, we also imple-
ment an additional filter-dependence. This enables us to
consider more general cases in which uncertainties vary in
time, and the accuracy of model predictions is filter
dependent, e.g., due to filter-dependent uncertainties
of the opacities; cf. Ref. [80]. For this purpose, we will
allow different systematic errors, σjsysðtiÞ for different

observational filters. In this approach, the filters that need
to be sampled independently and jointly are based on
evaluating the mean absolute deviation (MAD) for each
filter and comparing it to the overall MAD calculated
across all filters.
The MAD is a statistical measure of the variability and

dispersion of data values, and it is used here to determine
the extent to which each filter contributes to the overall
variability of the data. The MAD for each filter j is
calculated as

MADj ¼
1

nj

Xnj
i¼1

jxi;j − μjj; ð7Þ

where xi;j is the AB magnitude in filter j at time ti, μj is the
mean of all AB magnitudes in filter j, and nj is the total
number of data points in filter j. Similarly, the total MAD is
calculated as

MAD ¼ 1

n

Xn
i¼1

jxi − μj; ð8Þ

where xi is the AB magnitude at time ti, μ is the mean of all
AB magnitudes and n is the total number of data points
across all available filters.
The choice of filter for independent and joint systematic

error is based on the comparison of the filter-specific
MADj to MAD. Given this, the likelihood in Eq. (6)
can be rewritten as

Lðθ⃗Þ ∝ exp

�
−
1

2

X
ij

ðmj
i −mj;est

i ðθ⃗ÞÞ2
ðσjiÞ2 þ ðσjsys;iÞ2

�
; ð9Þ

where σjsys;i is the interpolated systematic error at time ti
and filter j.
Such a likelihood is equivalent to including an additional

shift to the light curve by Δm, and marginalizing it with a
normal distribution with a mean of 0 and variance of σjsys;i.

III. VALIDATION

To validate our methodology, we simulated two synthetic
light curves employing the BU2019LM and KA2017 models.
We use a uniform time step of 0.5 days for sampling and
randomly select 45% of the data (until 20 days) to account
for partially missing data due to the ‘lack’ of observations,
e.g., through bad weather conditions or other observational
limitations. To account for errors in the observations, we
add a random shift to each datapoint following a Gaussian
distribution with zero mean and a standard deviation
of 0.1 mag.
These simulated data serve as injections and are taken for

up to one week for KA2017 and upto two weeks for

FIG. 1. The stem plot shows the placement of four time nodes at
0, 4.67, 9.34, and 14 days used for interpolation.
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BU2019LM after the merger, i.e., later data is not injected into
the parameter estimation pipeline.2

For each injection, we use both models (BU2019LM

and KA2017) for the recovery. The employed injection
parameters are inspired by the parameters of AT2017gfo
and summarized in Table I. To compare the posterior
distributions of two competing models, we will mainly
focus on the common parameters, i.e., the luminosity
distance, DL, and the total ejecta mass, log10Mej, where,
Mej ¼ Mej;wind þMej;dyn for the BU2019LM model.

A. Constant systematic uncertainties

We start our analysis following a similar approach as
employed in our previous studies, e.g., [12,61,74], using a
constant 1 mag uncertainty. The obtained results are
summarized in Fig. 2, where one can see that for all
injections, the assumed 1 mag uncertainty is sufficient for
the recovered light curves to approximate the injected light
curves reliably, even when different models are used for the
injection and recovery.
Considering the recovery of the injected parameters,

we find that when using the same model for the injection
and the recovery, the injected parameters can be recov-
ered reliably within the statistical uncertainties without
any visible bias. However, when a different model is
employed for the recovery, we find that there can be
systematic biases in the recovered posteriors of the source
parameters. Generally, the BU2019LM model recovers
injected values for both models better than the KA2017

model, which we assume is due to the two-component

ejecta, which enables more flexibility during the light
curve fitting.

B. Time-dependent uncertainties

Relaxing the assumption of a constant 1 mag uncertainty
and enabling a time-dependent uncertainty, we find sig-
nificantly different results regarding the accuracy of the
recovered light curves. In fact, using the same model for the
injection and recovery can be considered our best-case
scenario, in which the model is completely accurate and
accounts for all the relevant physics of the kilonova light
curve with respect to the model used for injection and
recovery. Therefore, one can expect the estimated system-
atic uncertainty σsysðtÞ to be minimal across the whole time
range. This expectation is fully confirmed by our test and is
visible in Fig. 3, where the 90% posterior light curve band
is extremely tight around the injected data and the injected
light curve falls within the band across all filters and times.
The obtained uncertainty of Oð0.1 magÞ is dominated by
the uncertainty added to the injection data mimicking the
uncertainties in obtained observational data. Varying these
uncertainties, we verified that our method is able to pick up
larger uncertainties if there is a larger spread in the injected
data points.
This improved recovery of the light curves also leads to

posteriors recovering the injected value with a smaller
spread around the injected value; being more quantitative,
we find a reduction of the spread of the posterior by up to a
factor of two. This is clearly visible in Fig. 3.
As illustrated in Fig. 3, when injecting KA2017 light

curves, both models successfully recover the injected
parameters. However, the BU2019LM model’s posterior is
significantly broader (with more than 5 times larger
uncertainty), which clearly indicates that with sufficient
flexibility in systematic errors, BU2019LM can achieve
satisfactory performance. In contrast, when attempting to
recover BU2019LM injections with the KA2017 model, we
observe a significant discrepancy. The recovered mass
deviates substantially from the combined injected masses,
suggesting that the KA2017 model, being a spherically
symmetric, single component ejecta model, is too limited
to accurately represent kilonova light curves that have a
larger variability and complexity.

C. Filter-dependent uncertainties

Finally, we present in Fig. 4 an analysis in which we
employ a time- and filter-dependent uncertainty during our
recovery. Based on initial tests, in particular when studying
AT2017gfo, we have found the most significant differences
in the ultraviolet u-band and the infrared K-band. For this
reason, we decided to allow different systematic uncertain-
ties in these two bands and group all other bands, i.e., g to
H, together using the same uncertainty. Clearly, this
particular choice is not unique, and numerous other options

TABLE I. Parameter values used to generate the mock light
curves to test the implemented algorithm.

Model

Parameter BU2019LM KA2017

DL (Mpc) 40 40
log10 Mej½M⊙� � � � −1.43
log10 vej½c� −0.74
log10 Xlan −3.38
Φ (deg) 68.69 � � �
ι (rad) 0.43

log10 M
dyn
ej ½M⊙� −1.18

log10 Mwind
ej ½M⊙� −2.25

2We decided to reduce the length of the injection of the KA2017
model to 1 week since some of the light curves show unphysical
features after about 1 week, e.g., an increasing luminosity due to
low signal-to-noise from the underlying simulations at late
epochs. However, we have also checked our results to be robust
for a length of 10 and 14 days.
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FIG. 2. Top panels: light curves for the validation test employing a constant 1-magnitude uncertainty. The crosses represent the
injected light curve employed as input for the Bayesian inference. The band represents the 90% credibility region of the light curves
generated from the posterior samples. Bottom panels: 2D marginalized posteriors of BU2019LM (left) and KA2017 (right) with 2σ shaded
region and injected parameter.
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FIG. 3. Same as Fig. 2, for time-dependent systematic uncertainty. The bottom panel in the light curve plots illustrates the time-
discretized systematic uncertainty, where the band represents the 90% credibility region of the reinterpolated systematic
uncertainty, σsysðtÞ.
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FIG. 4. Same as Fig. 3, for time- and filter-dependent systematic uncertainty. σusysðtÞ and σKsysðtÞ represents systematic uncertainty for
independently sampled u and K band, σsysðtÞ is for rest all the bands sampled together.
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would be possible, e.g., employing different uncertainties
for all filters. However, even when grouping the bands as
described above, our time- and filter-dependent uncertainty
analysis has three times as many free uncertainty param-
eters as the analysis shown in the previous subsection,
which uses purely time-dependent uncertainties, which
increases the runtime of the analysis. As in the previous
case, we find that using the same model for recovery as for
the injections results in an accurate description of the light
curve and a recovery of the source parameters with small
uncertainties. The recovery is similar to the time-dependent
results. Similarly, when the recovery is based on a different
model than the one used for creating the injection data, we
find—as before—that, in particular, the KA2017 model fails
in recovering the correct injection mass of the BU2019LM

injection.

IV. ANALYZING AT2017GFO

A. Time-dependent uncertainties

In the previous section, we tested our uncertainty
quantification with injections, which confirmed the
model’s overall robustness but also showed the impor-
tance of using physically more complete models, e.g.,
nonspherical symmetric ones, to interpret observational
data. To follow up on our tests, we will use the time-
dependent uncertainty method to analyze real observa-
tional data, focusing on the observed kilonova
AT2017gfo. Given the better performance of the BU2019LM

model during our validation tests, we will focus purely on
this model.

We will further use this investigation to test the influence
of the number of time nodes on the obtained posteriors. For
this reason, we performed parameter estimation using seven
different numbers of time nodes N ∈ f4; 6; 8; 10; 12; 14;
16g. For comparison, we also study AT2017gfo with a
constant 1-magnitude error, and a free but time- and filter-
independent systematic error, σsys ¼ Uð0; 2Þ. The values
are reported in the first and second rows of Table II,
respectively.
We present the best-fit light curves for the analysis

employing different number of time nodes in Fig. 5;
cf. Fig. 6 for a corresponding analysis incorporating
filter-dependent systematic uncertainties. The posteriors
are shown in Fig. 7 and summarized in Table II. We find
that the number of time nodes has only a small influence on
the recovered source parameters and that the obtained
posteriors agree with their uncertainties. In addition, we
can see that the systematic uncertainty (bottom panel of
Fig. 5) is largest for the early times < 1 day and late times
> 5 days. We suggest that this time dependence is caused
by (i) the sparseness of observational data in the early times
(indicating the need for quick follow-up observations, e.g.,
[86]) and (ii) model limitations of BU2019LM. Regarding the
latter, higher systematic uncertainties are expected from
POSSIS both at early times (≲1 day), due to the imple-
mented opacities being computed only for low-ionization
states [68,80], and at late times (≳5 days) when the
assumed local thermodynamic equilibrium is likely to
break down [81,82].
While the posteriors are consistent between different

configurations, one needs to gaugewhich one is sufficiently

TABLE II. Posterior values with 2σ credibility, maximum log-likelihoods (lnLmax), and maximum log-likelihood ratios (lnLmax
ref )

values for AT2017gfo with different systematic configuration. First row: values with a constant systematic error of 1 mag. Second row:
values with a free, but time- and filter-independent systematic error with a prior of Uð0; 2Þ. Last row: values with u and K band
systematic uncertainties sampled independently.

Parameter DL (Mpc) Φ (deg) ι (rad) log10M
dyn
ej ½M⊙� log10Mwind

ej ½M⊙� lnLmax lnLmax
ref Runtime

Nodes

Prior N ð40; 1.89Þ Uð15; 75Þ N ð0.37; 0.04Þ Uð−3;−1Þ Uð−3;−0.5Þ � � � � � � � � �
� � � 40.33þ2.76

−2.48 60.53þ4.77
−4.88 0.40þ0.07

−0.09 −1.97þ0.09
−0.07 −1.27þ0.06

−0.05 −145.162 −51.648 05 m 57 s

� � � 40.53þ3.05
−2.85 60.65þ7.19

−8.99 0.37þ0.08
−0.08 −1.96þ0.13

−0.13 −1.26þ0.09
−0.08 −119.275 −25.762 11 m 16 s

4 42.83þ2.53
−2.78 60.65þ3.57

−4.48 0.40þ0.08
−0.08 −1.91þ0.08

−0.10 −1.27þ0.07
−0.07 −98.971 −5.457 20 m 15 s

6 43.28þ2.46
−2.75 60.64þ3.50

−3.92 0.40þ0.08
−0.08 −1.93þ0.08

−0.10 −1.31þ0.07
−0.08 −97.729 −4.215 33 m 47 s

8 42.75þ2.52
−2.60 60.30þ3.57

−4.76 0.40þ0.07
−0.08 −1.89þ0.07

−0.09 −1.27þ0.06
−0.07 −93.514 Ref. 46 m 52 s

10 42.83þ2.53
−2.77 59.97þ3.74

−4.52 0.40þ0.08
−0.08 −1.92þ0.08

−0.10 −1.30þ0.08
−0.08 −93.630 −0.116 1 h 02 m 48 s

12 42.61þ2.59
−2.72 60.81þ3.58

−4.47 0.40þ0.08
−0.08 −1.91þ0.08

−0.10 −1.28þ0.07
−0.08 −92.676 0.838 1 h 06 m 50 s

14 42.54þ2.52
−2.59 60.36þ3.40

−3.91 0.40þ0.08
−0.08 −1.92þ0.08

−0.09 −1.31þ0.07
−0.07 −92.530 0.984 1 h 40 m 02 s

16 42.25þ2.56
−2.70 59.98þ3.58

−4.31 0.40þ0.08
−0.08 −1.91þ0.07

−0.09 −1.31þ0.08
−0.08 −92.382 1.132 1 h 46 m 40 s

8 42.56þ2.45
−2.32 60.87þ3.27

−3.60 0.39þ0.08
−0.07 −1.91þ0.07

−0.08 −1.29þ0.06
−0.07 −94.915 −1.401 56 m 40 s

DATA-DRIVEN APPROACH FOR MODELING THE TEMPORAL … PHYS. REV. D 111, 043046 (2025)

043046-9



flexible for representing the underlying systematics. In the
context of Bayesian statistics, the most straightforward
choice is using the Bayes factors. However, in our use case,
the systematic parameters do not represent any physical
information; they only represent artificial degrees of free-
dom. Therefore, to exclude Occam’s razor from our
decision-making, we compare the maximum log-likelihood
between them; cf. Table II.
As expected, the most flexible configuration with 16

time nodes achieves the highest maximum log-likelihood.
However, due to the marginal increase in log-likelihood and
the substantial rise in runtime beyond the eight time nodes
configuration, we consider the latter as our reference. For

runtime comparison, we use 10 cores on an Intel Xeon
Platinum 8270 CPU for each run.

B. Time- and filter-dependent uncertainties

For comparison, we also apply our method, employing
time- and filter-dependent uncertainties to analyze
AT2017gfo. As for our validation tests, we group the
individual bands such that the u and K bands have
individual uncertainties while the other bands are grouped
together. We employed eight-time nodes for this analysis.
The best-fit light curves are shown in Fig. 6, and the
recovered source parameters are summarized in the bottom
row of Table II. The uncertainty in the u band is on the
lower side < 1 mag, until 8 days despite having only one
detection point, and then increases after 8 days as the model
cannot perform well due to lack of data. In the K band,
where we have a large number of detections, the uncertainty
is well constrained throughout, < 0.5 mag. The rest of the
bands show a similar trend where the uncertainty is
again on the lower side, <1 mag. Using filter-dependent

FIG. 5. Recovered light curves for AT2017gfo in different
observational bands employing the time-dependent uncertainty
method described in the main text. Different colors represent
different numbers of employed time nodes. Observational data
are marked with black crosses, while red crosses mark the
nondetections. The bottom panel illustrates the time-discretized
systematic uncertainty, where the circle represents the systematic
uncertainty corresponding to the placement of time nodes, and
the band represents the 90% highest density interval of the
reinterpolated systematic uncertainty, σsysðtÞ.

FIG. 6. Same as Fig. 5, for 8 time nodes. σusysðtÞ and σKsysðtÞ
represents systematic uncertainty for independently sampled u
and K band, σsysðtÞ represents the systematic uncertainty for all
other bands sampled together.
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systematic uncertainty the maximum log-likelihood
decreases marginally; however, the corresponding light
curve and associated systematic uncertainty is able to
capture the overall trend of the kilonova.

V. CONCLUSIONS

In this work, we have presented a novel approach to
quantify the systematic uncertainties in kilonova modeling
using time-dependent and filter-dependent interpolation
schemes. Our methodology allows for more robust param-
eter estimation by capturing the nonstationary behavior of
systematic errors intrinsic to the underlying models.
Through a series of injection-recovery tests using syn-

thetic light curves from the KA2017 and BU2019LM models,
we have validated the effectiveness of our approach. These
tests demonstrate that our interpolation schemes can, in
most cases, successfully recover injected parameters within
credible intervals.
Applying our methodology to the event AT2017gfo, we

performed parameter estimation using different numbers of
time nodes. While the best-fit light curves for all runs
visually fit the observed data well, a maximum log-like-
lihood marginal increase criterion favors the model with
eight-time nodes as the optimal choice.
Our work highlights the importance of properly account-

ing for systematic uncertainties in kilonovamodeling, as they

can substantially influence the inferred parameters and their
uncertainties. By introducing time and filter dependence in
treating systematic errors, we provide a more nuanced
approach that can be adapted to various electromagnetic
models and transient phenomena parameter estimation.
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