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4 Introduction

Type la supernovae (SNe la) act as standardizable candles to measure
cosmic distances.

Their Hubble diagram shows how distance changes with redshift.
(Scolnic et al., 2022).

GRBs reach higher redshifts, potentially extending this diagram into
the early Universe (Cucchiara et al., 2011; Liang et al., 2008).

The circularity problem:

Calibrating GRB energy and luminosity correlations, such as Amati
and Yonetoku, requires luminosity distances. If these distances are Credit: NASA/JPL-Caltech
calculated using an assumed cosmology, subsequently using the

calibrated correlations to constrain cosmology introduces circularity

(Liang et al., 2008). B



4 Introduction

Addressing the GRB Circularity Problem
= SNe interpolation: Calibrate GRBs using SNe la distances (Liang et al., 2008).
= Gaussian processes: Reconstruct SNe distances to calibrate Amati (Liang et al., 2022).

= Joint fitting: Fit GRB correlations and cosmology simultaneously (Cao, Dainotti & Ratra, 2022; Aldowma, Razzaque,
Martinelli et al., 2026).

= Cosmic chronometers: Calibrate the Dainotti relation using chronometers and Gaussian processes (Favale et al., 2024).

Another approach, introduced by Shah et al. (2024), uses deep learning to reconstruct the supernova distance—redshift
relation

L_earning Algorithm for Deep Distance Estimation and Reconstruction

LADDER




4 LADDER

From SNe to GRBs
The central idea of the LADDER approach (Shah et al., 2024) is to:
= Reconstruct the apparent-magnitude—redshift relation directly from the observed SNe la Hubble diagram.
= Transfer this information to GRBs with measured redshifts within the SNe calibration range.
= Calibrate GRB correlations and apply them to higher-redshift GRBs to extend the Hubble diagram.

How LADDER addresses circularity

1. Train a neural network to reconstruct m(z)and its uncertainty, without assuming a specific
cosmological model.

2. Calibrate GRB correlations using the reconstructed m(z), avoiding distances calculated from a
preselected cosmology.

Z = [Mpapper(2), 614ppER(Z)]




4 LADDER

u(z) =m(z) —Mp,

d
u(z) = 5logy, (M—;C) + 25,

d;(z
m(z) = Mg + 5log,, ( 1&;2) + 25.

d;(z) : never enters the LADDER pipeline as a
quantity to be calculated from an assumed cosmology.

LADDER uses a recurrent neural-network architecture
based on Long Short-Term Memory (LSTM) units to
learn the statistical relation between redshift and
apparent magnitude.

SNe ladata —— P(m | 2) —— myapppr(2)

No GRB data are required to train
the SNe reconstruction itself.

To calibrate GRB using Amati relation

d

2
210gs (-2 ) = 2 m — M, —25),
OglO(Mpc) S(m B 5)

Sbol
1+2z

logy0 Eiso = l0gso l l + 2logyo d;, + logyg 4(m).

dy(z) = d;(z; Hy, O, Qp, -.0),

The Amati relation can consequently
be rearranged into:

y =a + bx

E,(1+2z)
300 keV |’

X = 1Og10 l

“=1lo SbOll+Em (z)
y 810 1+ 2 5 '"LADDER

\ Mpg
a =a+2 (? + 5) —log,o[4m(Mpc - cm)?]




ﬁ GRB Calibration and Extension to High Redshift

The calibration problem transformed into > | 2,Ep, Spor + MpappER(z) = %Y — a,b, 01, | then fit via Reichart (2001)
. Sboi 2 _of . B Sbol
a +b =log 1 _:Z] +§ My apper(Z) MGrp = 2{“ + bx —logyg 112

25.0- \ | . . t
N | P L] - 1
22.51 | : c
1 ; | T: T _" I r -
20.0- P Lty
» [P I3 ' ]
N175- e gl b +'" ' 140 GRBs (Liang et al. 2022)
E i . A
15.0 |:!||_!.II t NN Extrapolation
—— Planck
12.5 === 5colnic
10.0 —— LADDER Mean . z=15
' b pahons 175 ¢ Amati Reconstruction of A219 GRB
7.54 . . . . . i i . 15.0 - —}— NN Reconstruction at low-z GRB
00 02 04 06 08 10 12 14 16 . —- : : . . i :
Z 0 1 2 3 4 5 6 7 8
Pantheon+ vs LADDER Z

LADDER calibrated GRB dataset compared to other methods
Shah et al., 2024

Pantheon SNe la (Scolnic et al. 2018)



) Updated Datasets

LADDER

Pantheon SNe Ia Reconstruct
T R B
|
|
|
|
: updated
|
|
Y
Pantheon+
SNe Ia ng’l}l\[/[)DER Reconstruct
updated Lecon- MLADDER (?)
SN sample struction

A219 GRB Amati relation
—» sample E _E.
219 GRBs P
| |
| |
| |
| |
I replaced I extended
| |
| |
* |
s \ 1
Fermi-GBM Amati +
GRBs Yonetoku
homogeneous P Ey,i~Eigo, —>
prompt- By i-Ligo
\ emission sample | Band + COMP )

J/

Correlation
calibration High-z GRBs Extendeq Sl
) : —» Hubble diagram
Reichart-type predict mgrp to7 ~ 8
likelihood
|
|
|
|
:changed
|
|
i
Correlation . . Held-out
o Trial-z inference oo
calibration RN validation
D’Agostini like- P(z)mj . known-z GRBs,
lihood + MCMC MAP 2urue hidden

Unknown-

z Fermi-
GBM GRBs
pseudo-redshift

application




ﬁ Redshift Estimation through Correlation Inversion

1. Recalculate the GRB quantities at each trial redshift — z;i01 € [Zmin Zmax]

o Spo1(2)
En(z2) = E,(1+2), q(z) = 8102 |
log1o Ppoi1(2), Yonetoku

Amati

2. Predict the magnitude using each calibration-posterior draw

mGRBj(Z) = 25[a; + bjx(z) —q(2)

3. Compare the prediction with LADDER

2

(mGRB,j (z) —MpappER (Z)) . L 2
ex - ) P = 0, 9) .
,/Zan(z) P 2V; J GRB LADDER

L](Z) =

4. Average over calibration uncertainty to obtain the redshift posterior

Ngraw
Lj (2)

j=1

p(z |GRB,LADDER) « m(z)

draw




ﬁ Redshift Estimation through Correlation Inversion

34 4
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ﬁ" Preliminary results: Validation

O For each model, we repeated the train—validation split 20 times with different

random seeds.

Sample: Fermi-GBM
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ﬁ Preliminary results: Yonetoku relation - Band Model
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ﬁ Summary

= Following validation, apply the method to the full
Fermi-GBM sample that meets our selection
criteria.

= Preliminary validation results favour Yonetoku for
redshift estimation.

= Amati provides weaker redshift constraints in our
analysis.

= Next steps: Retrain LADDER using alternative
SNe la datasets (DES5Y, JLA, and the MASTER)
sample and assess the impact on calibration and
redshift estimates.
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Preliminary results: Amati Relation - Band & Comp model

Fermi-GBM BAND - Amati - True-redshift Hubble diagram
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Preliminary results: Yonetoku Relation - Band & Comp model
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Preliminary results: Amati Relation - Band model

Amati — leakage-aware known-z recovery
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Corner Plot: Yonetoku relation — Band
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