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Abstract

Modelling the afterglow emission of Gamma-ray bursts (GRBs) has proven to be a valuable technique
to reveal the dynamics and microphysics of such energetic explosions. Although current afterglow models
agree with the overall trends of observed GRB afterglows, it is still challenging to obtain reliable parameter
estimations. This is mainly because of complex features in the observed temporal and spectral evolution,
which are not accounted for in the models. In this work we introduce a new approach to modelling GRB
afterglows by accounting for any systematic deviations using Gaussian processes. We test the proposed
method by fitting synthetic data sets, and compare with the conventional method of sampling the χ2

likelihood.
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1. Introduction

The afterglow emission of GRBs is a valuable source
of information for understanding the dynamics, micro-
physics and environments of such energetic events. The
forward shock model (Piran & Narayan 1998; Wijers &
Galama 1999) has been widely accepted as the primary
emission mechanism which governs the temporal and
spectral behaviour of the afterglow emission. Although
the models agree with the overall observed trends of the
afterglow emission, it is still challenging to obtain reli-
able distributions for the dynamical and microphysical
parameters of these events because of complex features
in the observed emission. The complexities in the ob-
served emission could be because of additional physical
processes (e.g. synchrotron self-Compton effects, reverse
shocks), propagation effects (e.g. scintillation), or in-
strumental systematics. Here we report on Aksulu et al.
(in prep.), where we introduce a novel approach to mod-
elling GRB afterglows, by taking into account the afore
mentioned systematic deviations between the model and
observations, using Gaussian processes.

2. Method

Gaussian processes (GPs) are a generalisation of the
Gaussian probability distribution, in the sense that,

GPs enable us to define a probability distribution over
functions instead of variables or vectors (Rassmusen &
Williams 2006). Using GPs, we are able to model the sys-
tematic deviations between the afterglow model and ob-
servations in a non-parametric fashion. This prevents the
blast wave parameters from being restricted by emission
features which are not included in the afterglow model.
Thus providing more reliable posterior distribution for
the fit parameters. We follow Gibson et al. (2012) to
build the GP model and make use of the george Python
package (Ambikasaran et al. 2015).

The log likelihood of the GP model is described as,

logL(r|X,θ,φ) = −1
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(1)
where, θ and φ represent the hyperparameters of the GP
model and the afterglow model parameters, respectively.
N is the number data points, and X is an N ×N matrix
holding the observer time and frequencies of the obser-
vations. Σ is the covariance matrix of the GP, and r is a
vector of size N , which is holding the deviations between
the afterglow model and observed flux densities.

The afterglow model used in this work, scalefit

(Ryan et al. 2015; Ryan et al. in prep.), makes use of



pre-calculated tables containing spectral features for a
range of opening angles across different observer times
and viewing angles. Flux density values are calculated
for given observer times, frequencies and GRB afterglow
parameters, by interpolating between the values stored
in the table and by using scale invariance. The table is
generated using boxfit (van Eerten et al. 2012).

The python package pymultinest (Buchner et al.
2014) which is based on the MultiNest nested sampling
algorithm (Feroz et al. 2009), is used in order to sample
the log likelihood function (Equation 1) and obtain the
posterior distributions of the model parameters.

3. Testing with synthetic data sets

We demonstrate the effectiveness of the proposed
method by generating synthetic data, with and with-
out systematics variations, and retrieving the original
parameter values. The data set containing only white
noise is generated using our primary model, scalefit

(Model 1 from now on), whereas, the data set containing
systematic differences is generated using boxfit (Model
2 from now on).

Table 1 shows the fit results for the synthetic data set
generated using Model 1. This data set only contains
white noise. We fit the data set using both χ2 sam-
pling and GP log likelihood sampling. In this case, the
proposed method (GP) is able to retrieve the true pa-
rameter values. The conventional χ2 sampling method
results in smaller errors on the parameters, however, is
not able to recover the observing angle (θobs) within the
95% confidence levels.

Table 1. Fit results for the synthetic data set generated using Model 1.

Results from both χ2 sampling and GP likelihood sampling (GP)

are presented. All the uncertainties on the parameters represent

the 95% confidence limit.

Parameter χ2 GP True value

θ0 0.1199+0.0021
−0.0020 3 0.1210+0.0081

−0.0060 3 0.12

log10(EK,iso,53) −0.108+0.023
−0.023 3 −0.111+0.059

−0.056 3 -0.0969

log10(n0) 0.278+0.038
−0.036 3 0.30+0.13

−0.11 3 0.30

θobs/θ0 0 .032+0 .047
−0 .033 7 0.060+0.077

−0.060 3 0.1

p 2.6023+0.0072
−0.0071 3 2.601+0.016

−0.016 3 2.6

log10(εB) −2.301+0.050
−0.050 3 −2.31+0.12

−0.10 3 -2.30

log10(ε̄e) −0.875+0.011
−0.011 3 −0.874+0.029

−0.027 3 -0.886

Table 2 shows the fit results for the synthetic data set
generated using Model 2. This data set both contains
white noise and systematics. In this case, sampling the
GP likelihood function results in large errors on parame-
ters, however, we are able to recover the true values of all
the model parameters within the 95% confidence limit.
On the other hand, the conventional method of sampling

the χ2 function gives small errors on the parameters and
is not able recover any of the true values.

Table 2. Fit results for the synthetic data set generated using Model 2.

Results from both χ2 sampling and GP likelihood sampling (GP)

are presented. All the uncertainties on the parameters represent

the 95% confidence limit.

Parameter χ2 GP True value

θ0 0 .03520+0 .00042
−0 .00039 7 0.092+0.051

−0.040 3 0.12

log10(EK,iso,53) 0 .811+0 .016
−0 .016 7 0.31+0.80

−0.76 3 -0.0969

log10(n0) −2 .453+0 .025
−0 .026 7 0 .52+1 .2

−0 .90 3 0.30

θobs/θ0 0 .526+0 .014
−0 .014 7 0.50+0.60

−0.52 3 0.1

p 2 .6971+0 .0077
−0 .0073 7 2.57+0.17

−0.18 3 2.6

log10(εB) −0 .861+0 .044
−0 .043 7 −2.7+1.7

−2.0 3 -2.30

log10(ε̄e) −1 .3669+0 .0088
−0 .0089 7 −0.85+0.45

−0.57 3 -0.886

4. Conclusion

In this work, we have introduced a novel method to
model GRB afterglow data, by using Gaussian processes
to model any systematic deviations. Using synthetic
data sets, we have shown that the proposed method out-
performs the conventional method of sampling the χ2

likelihood, especially if the data set contains systemat-
ics.
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