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Brief introduction

Probing Gamma-ray Bursts as Possible Cosmological Standard Candles using Machine Learning

» High-quality of GRBs data from different satellite instruments are now available (e.g., Fermi, Konus-Wind, INTEGRAL, SWIFT,
and other) followed by ground-based optical telescope and gamma-ray telescopes such as H.E.S.S and MAGIC.

Motivation
Supernova Type Ia: Use GRBs as standard candles
Just like SNe Ia

« Observed only up to z = 2. « High redshift: z=9.2

« Have been used as standard candles. « Energy dominated in range of KeV-MeV.

« Can be determine the relatively « Gamma rays from GRBs do not suffer dust
predictable intrinsic brightness based extinction when they propagate to us, unlike
on their light curve shape. optical emission from the SNe la.
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Brief introduction

GRBs and Machine Learning : New method to find set of observables that best fit the cosmological indicator.

= Calibrate GRBs as cosmological indicators using different correlations.

54r

(4]
2
T

Predicted luminosity
o
i)

[4)]
—
T

51 52 53 54
Observed luminosity

Koen,C., et al.,2009

= To get a pseudo redshifts* of GRBs.

1.0 :'""""""""'""“: '''''''''''''''''''''''''''''''''''''''''''''''''''''''''''' ;‘:
Tos
- -SRIy 2 -
+ 0-8 ; ; ,.’I
— ; ; -
S B B #
— : : . e
— S R e NI I D i
206, | Tt T .
o | b 4 e ool i
; . s, Mg coant bt
ﬁ i - '-? :. -° - ’ g ': 'Y L] % .
..a_-J 0.4 . """""""" W .,:'.6'501:':!':.;“':" """""" foranransease e
A R A
= T S 1,‘- i
*E'_r; 025 o olis F oo .
O e ‘ ' |
0.0 0.2 0.4 0.6 0.8 1.0

Measured IogiO(1+z)

Racz, Istvan., et al., 2017

* Atteia, J.L et al,. 2003.



Brief introduction

1 Spectral analysis: Joint fit for Fermi-LAT and GBM data : from 2018 — up to date.
Start with Rmfit — 3VIL.

https://threeml.readthedocs.io/en/stable/ 3 M I Multi-Mission
: Maximum Likelihood
Framework

O Extract spectral lag : Using cross-correlation (crosscrr) tool from heaSoft 6.19 — xm

https://heasarc.gsfc.nasa.gov/xanadu /xronos /xronos.html

 Estimation GRBs redshift :
- Fermi-GBM data: gmb-tools.
- Konus-wind data.
- Regression algorithms in neural networks.

@ | need help.


https://threeml.readthedocs.io/en/stable/
https://heasarc.gsfc.nasa.gov/xanadu%20/xronos%20/xronos.html

Estimation redshift of GRBs - Data selection

» The datasets : from the Fermi GRB Monitor (Fermi-GBM) Catalog and Konus-winds*:
» Energy band used in Fermi-GBM (10 - 1000 keV) and Konus-wind (80 - 1200 keV).

= From 2008 to 2018 (Fermi-GBM) — 2005 — 2018 (KW) with known redshift.
= Spectral fitting parameters from two models:

= Band: with indices a, 8, and spectral peak energy E,in keV.

(

E_\* EQ2+a) .
(100 keV) exp [_ E al if E< Ejp
— — 14 — .
\(100 keV) exp(p a) [ 100 keV 2+a] lf E > Ep,

= Comptonized: the photon index y, and the peak energy E,,.

. Steiner J. F et al., 2009

Y E
Ncomp = Acomp (100 keV) exp l_(z ) E_p

* https://heasarc.gsfc.nasa.gov - A. Tsvetkova, et, al,. 2021. :



https://heasarc.gsfc.nasa.gov/
https://arxiv.org/search/astro-ph?searchtype=author&query=Tsvetkova%2C+A

Estimation redshift of GRBs — Data selection

Bolometric :
= Fluencel/Tog - Sporo

= Peak Flux - PbOlO

450

400

4mrd?
iso — 1—+Z Sholo

Light curve*
GRB130427A
Fermi - LLE

350

300

Rate (cnts/s)
]
U
o

200

150

100

50

Liso = 47Td% Pyoio

— L ight Curve
s Selection

Bkg. Selections
— Background

* Light curve produced by 3ML.




Estimation redshift of GRBs

Neural Networks — Band model

- Regression - Deep Neural Networks (DNNs)
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Activation functions: Relu: Rectified linear units.
Relu(z) = max(0,z)

f(x) = (0,wg +wy + Wy + ..+ W, +b)

hyp (X) = max(X.w + b,0)
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Estimation redshift of GRBs — Pervious work

Several previous works used supervised machine learning algorithms, e.g., SuperLearner, to
estimate possible non-linear relations between the redshift and GRB properties (Tyy, photon index,
hydrogen column density, fluence, peak flux, etc.).

This was done using existing data from 171 Swift GRBs collected from January 2005 until January
2019 with a known redshift obtained a correlation coefficient of 0.96 and a mean squared error of
0.003 between actual and predicted redshifts (Maria Dainotti et al,. 2019 ).
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Estimation redshift of GRBs - Preliminary Results
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