A Machine Learning Approach for deriving the Redshifts of GRBs
Maria Dainotti
Jagiellonian University & AAS Chretienne Fellow at Stanford
Shigehiro Nagataki (Riken)

Vahe’ Petrosian (Stanford Physics Department)
Trevor Hastie (Stanford Statistics Department)
Malgorzata Bogdan (Wroclaw University, Statistics Department)
Blazej Miasojedow (Warsaw University, Statistics Department)
Sankalp Gilda (Florida University)
Xavier Hernandez (UNAM, Mexico)

Undergraduate students
Zooey Nuygen (UCLA)
Dominika Krol (Jagiellonian University)

Motivation
• Few Gamma Ray Bursts have measured redshifts (1/3 of
GRBs observed by Swift and much less from other
instruments)
• GRBs are potentially useful tools for studying the
cosmological evolution of the Universe (see talks of future
missions of Theseus, HiZ GUNDAM, SVOM and talks of this
session)
• Probes of star formation rate
• Potential use as standard candle
• Study of the Pop III stars
• To tackle these tasks we need completeness of the samples

TO USE GRBS AS STANDARD CANDLES WE COULD USE CORRELATIONS: THE
FUNDAMENTAL PLANE RELATION FOR GRB AFTERGLOWS
Press release by NASA:
https://swift.gsfc.nasa.gov/news/2016/grbs_std_candles.html

ApJL 2016, 825L, 20

Mention in Scientific American, Stanford highlight of 2016, INAF Blogs and
many online newspapers took the news.

also the 3D Lpeak-Lx-Ta correlation is intrinsic and it reduces the scatter
Short
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Comparison with another 3D correlation and the 2D Lx-Ta relation
Xu & Huang (2011) a significantly tighter (La-Ta-Eiso) correlation with σint =0.43,
as compared to the (La-Ta, Dainotti et al. 2008,2010,2013a,2017a,2017b) one
which yields σint=0.85, for their particular chosen sample.
Their gold sample is flat plateau, no flares in the plateau and no flares before
plateau.
Σint=0.27 of (La,Ta,Lpeak) plane is smaller by 37% of (La-Ta-Eiso).
We conclude that the (La,Ta,Lpeak) is an improvement on the La-Ta correlation
as well as on the (La, Ta, Eiso) correlation.

Adding the ultra-long GRBs
Ultra-long GRBs=remarkably unusual X-ray and optical light curves, very different from classical GRBs,
with long-lasting, highly variable X-ray emission. Progenitors types:
•
engine-driven explosions of stars of much larger radii than those of the common GRB progenitors
•
the tidal disruption of stars by supermassive BH (Levan et al. 2014)
(Dainotti et al. 2017, ApJ, 848,88):
•
a low-metallicity blue supergiant progenitor (Piro et al. 2014).

184 GRBs

the gold
sample has the smallest scatter.
Press release by INAF, by Nature-Index,
a research highlight at Stanford, and by
Le Scienze (the Italian version of
Scientific
American):
http://www.inaf.it/en/inaf-news/goldgrb#null
Interviewed by the national daily news
Italian Television.
https://www.facebook.com/Marie.Curie.Ac
tions/photos/a.443662259040646/276658
3496748499/?type=3&theater

Fellow of the week (5-12 of May)

2 different categories within the magnetar scenario Stratta,
Dainotti et al. 2018, ApJ, 869, 155

The spin-down luminosity of the magnetar is entirely beamed within the jet opening
angle (data points). The long GRBs are marked as red circles while the SEEs are blue
squares. Dashed lines indicate the expected B −P relations from accreting NS for an
accretion rate of 0.1M/s (black) and 10^(-4)M/s (green) and the best-fit relation (cyan).
The two framed data points indicates the long GRB 070208 (circle) and the peculiar
GRB 060614A (square). Previous analysis on this topic Rowlinson et al. 2014, Rea et
al. 2015 (discussion about the galatic magnetar), Bernardini et al. 2013, Dall’Osso et al.
2011.

Distance estimator with prompt and afterglow correlations
•
•
•
•
•
•
•

Atteia, 2003 using the Epeak-Eiso (Amati correlation) z=A*f^-1(X) where A is a
constant using the observed variables.
Yonetoku et al. 2004 using the Epeak-Lpeak correlation (Yonetoku
correlation)
Dainotti et al. 2011 using the Lx-Ta correlation (Dainotti correlation in 2D)
Tsutsui et al. 2013 using the Yonetoku correlation for short GRBs
Cucchiara et al. (2009) proposed the inference of redshift from belonging in
certain regions of the Epeak-Fluence plane.
Burgess 2015 using the intensity-hardness correlation, namely the
Golenetskii correlation
Guiriec et al. 2016 using a modification of the Yonetoku relation within a
theoretical framework of non-thermal component Li,nn and spectral nonthermal Epeak

Drawbacks of these methods
Dainotti et al. 2011a The Astrophysical Journal, 730, 2011
Each correlation carries its own scatter added to the
the scatter of the variables and dependence of z is through dL .

Introduction to Machine Learning
Machine Learning is the idea of having algorithms learn form data
how to perform a certain task

Two types of Machine Learning Algorithms

1. Supervised Algorithms
2. Unsupervised Algorithms
Two Primary types of problem Machine Learning Solves

1. Classification Problems
2. Regression Problems
B. Lantz in: Machine Learning With R Second Edition

Introduction to Machine Learning Continued
• Models tested have their accuracy accessed using Cross
Validation

• In cross validation model is trained on a training set and tested
on an independent set
• Common Methods are k-fold (5 or 10 fold) and leave one out
cross validation
• To test the variance on the accuracy a nested cross-validation
process can be done (100 times, for instance)
T. Hastie, R. Tibshirani, J. Friedman, in: The Elements of Statistical Learning second edition, Springer, Stanford CA)

Methodology
Initially we used Algorithms being used in this analysis

1.
2.
3.
4.
5.
6.

•

Linear Regression
Generalized Additive Model (GAM)
Random Forest
Gradient Boosting
Least Absolute Shrinkage And Selection Operator (LASSO)
Superlearner (combination of the 3 best method)
Pearson Correlation Coefficient used as metric of model
performance together with the mean squared error and the bias

Methodology continued
• Data on Prompt and Afterglow Parameters from the
SWIFT Telescope

• Remove outliers with principal component analysis from
the set assuming a multigaussian distribution of the
variables.
• Afterglow Analysis: 226 GRBs from z=0.03 to z<6.

Afterglow Analysis
• Analysis looked at prompt and afterglow parameters
• Two different analyses where done

1. All GRBs considered
2. Only Long GRBs considered (results we present)
• Both analyses had improved results compared to
literature (60%) more predictive compared to Ukwatta et
al. 2016.
• Superlearner weights the methods

Scatter Matrix

Testing SuperLearner with known redshifts

Test set taken from recent GRBs (January 2017-January 2019) within
the same parameter space

Building SuperLearner model with cross-validation set

Luminosity functions of observed and predicted GRBs

The problem about determining the density evolution
The problem of completeness
of the sample is crucial to assess if
GRB follows star formation rate.
With the machine learning studies we
aim to solve this problem with a 100%
sample complete to a given flux limit
smaller than previous studies.
Excess in low z is found in
Petrosian et al. 2015
Tsvetkova et al. 2017
Fan et al. 2017
Not found in
Pescalli et al. 2017
(here the sample is complete at 85% at a
given flux limit)

Conclusion
•
•

Semiparametric model are the most predictive
The 2D Dainotti relation and the fundamental plane correlation naturally
arises from the machine learning analysis
• The addition of afterglow parameters improved results (60%)
compared to predictions obtained by Ukwatta et al. (2016) with a larger
parameter space and larger number of GRBs.
• Enlarge further the training sample with Swift data and other missions
(including future missions)
• Apply the same model also for extracting z of short GRBs
• Study a way to classify them for a fast alert for follow up
• Determine the luminosity function and density evolution by using redshift
predicted + the observed redshift

Gamma-ray Burst Correlations: Current status and open questions
1. Details of GRB
correlations
2. selection bias
3. distance estimators
4. Cosmological tools
5. Model discriminators
published in IOP
Physics Expanding
series ebook (15th of
August)

Back up slide

The density evolution
Short GRBs observed by 3 instruments together, GBM, BAT and Konus-Wind

A reliable candidate is the Dainotti relation in the plateau
Dainotti et al. 2013, ApJ, 774, 157

black for z < 0.89, magenta for 0.89 ≤ z ≤ 1.68,
blue for 1.68 < z ≤ 2.45, Green 2.45 < z ≤ 3.45,
red for z ≥ 3.45.
Firstly discovered in 2008 by Dainotti, Cardone, & Capozziello MNRAS, 391, L 79D (2008) ,

Dainotti et al. MNRAS 2015b, 31, 4.
Dainotti et al. 2011b, MNRAS,418,2202.

Later updated by Dainotti, Willingale, Cardone, Capozziello & Ostrowski ApJL, 722,
L 215 (2010), Dainotti et al. 2011, ApJ, 730, 135

Lx(T*a) vs T*a distribution for the sample of 101 afterglows

Looking for a more homogeneous sample for a “Standard GRB
set for cosmology”
(Dainotti et al. 2017, A&A, 600A,98)
(Dainotti et al. 2017 A&A, 600A,98)

Long Sample (blue points) for which the SNe is not seen

and GRB-SNe associated (Red triangles)

Which GRB category best works as a standard candle?
To identify a species of bird, we might examine different components -plumage, wing span, and feet – to confirm a match. For example, Type Ia is
the favored cosmological probe among SNe.
Category

Duration of
prompt
emission

X-ray fluence/
gamma-ray fluence

Presence of supernovae
or optical bumps

X-ray flashes

>2 s

>1

In some cases

GRB-SNe

>2 s

<1

Yes

Short

<2 s

<1

No

Short Extended
Emission

<10 s

<1

In one case

Long

>2 s

<1

No

None of these categories by themselves can work as standard candles
Yamada Conference

Linear Regression
• Parametric Model

• Linear Regression attempts to fit the data to the following
equation

• Use Residual Sum of Squares to find best fit

T. Hastie, R. Tibshirani, J. Friedman, in: The Elements of Statistical Learning second edition, Springer, Stanford CA)

LASSO
• Similar to Linear Regression
• Add a penalizing term, shrink the estimates of the
regression coefficients towards zero relative to the
maximum likelihood estimates to prevent overfit

• Models automatically eliminate poor predictors

H. Zou, The Adaptive LASSO and its Oracle Properties, (2006)

Generalized Additive Model
• Semi Parametric Model

• Generalized additive models similar to linear models

• Functions can be nonlinear
• Functions estimated with penalized residual sum of squares

T. Hastie, R. Tibshirani, J. Friedman, in: The Elements of Statistical Learning second edition, Springer, Stanford CA

Regression Trees

Image from: https://www.mathworks.com/help/stats/train-regression-trees-using-regression-learner-app.html

Random Forest
• Based on the idea of “Bagging” - Bootstrap AGGregatING-

• From a training set a random subset is collected
• From these subsets independent trees are generated
• This is done multiple times
• All trees are averaged to obtain a regression model

T. Hastie, R. Tibshirani, J. Friedman, in: The Elements of Statistical Learning second edition, Springer, Stanford CA
L. Brieman, Random Forests, (2001)

Gradient Boosted Models
• Combines multiple “weak learners” to obtain a model

• Unlike Random Forest Trees are not independent
• Generate regression trees and add to current model
• Gradient Decent is used to minimize loss

T. Hastie, R. Tibshirani, J. Friedman, in: The Elements of Statistical Learning second edition, Springer, Stanford CA
J. Friedman, Greedy Function Approximation: A Gradient Boosting Machine, (1999).

