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Gamma Ray Bursts

Gamma-Ray Bursts (GRBs) are among the most energetic events known in the universe

Prompt, multiwavelength, and multimessenger observations allow us to probe physics in 
extremes which cannot be achieved in terrestrial laboratories

Credits ABEX
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Fermi Gamma-ray Burst Monitor 
(GBM)

The instrument response is optimal in the energy range 
between 8 keV and 40 MeV

GRB 080916C
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GRBs progenitors

CollapsarsBinary NS merger

Binary BH-NS merger

Magnetar Giant Flares

Credits E. Burns

X-ray flashes

Tidal disruptive events

Long mergers
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GRBs classification

Categorization of GRBs is not trivial

Recent discoveries challenge the traditional classification
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GRBs classification

GRB 170817A: A confirmed BNS merger on the 2s threshold

Categorization of GRBs is not trivial

Recent discoveries challenge the traditional classification
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GRBs classification

GRB 200826A: a collapsar GRB under the 2s threshold

Categorization of GRBs is not trivial

Recent discoveries challenge the traditional classification
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GRBs classification

Magnetar Giant Flares candidates: indistinguishable from short GRBs

Categorization of GRBs is not trivial

Recent discoveries challenge the traditional classification
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GRBs classification

GRBs 230207A and 211211A: the long mergers

Categorization of GRBs is not trivial

Recent discoveries challenge the traditional classification
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GRBs classification

GRB 221009A: the BOAT

Categorization of GRBs is not trivial

Recent discoveries challenge the traditional classification
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GRBs classification

Ultimate goal

Rapid identification of the progenitor of a given event, allowing for 

specific follow-up observations to occur
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Unsupervised learning for GRBs classification

The application of unsupervised ML techniques for GRBs classification is not new

Chattopadhyay & Maitra 2017

Acuner & Ryde 2018

Jespersen et al. 2020

Steinhardt et al. 2023 


Garcia-Cifuentes et al. 2023

Dimple et al. 2023

Chen et al. 2023


Mehta & Iyyani 2024

Zhu et al. 2024


and more!

Dimensionality 
reduction algorithm

GRBs light curve

GRBs spectral parameters

Final

2D GRBs distribution

OR
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A new input: Waterfall plots

Probability of observed counts being from a source of amplitude S


Probability of observed counts being from the background (S=0)


Likelihood Ratio
Different spectral shapes representative of typical GRB spectra


Hard - Normal - Soft - Blackbody

<latexit sha1_base64="IxpxQzlw0wme+PCwaTHKfOMYtSs=">AAAB+HicbVC7TsNAEDzzDOEVoKQ5ESGFJrJRBJQRNJRBkIeUWNH5sglHzmfrbo0UTP6BFio6RMvfUPAv2MYFJEw1mtnVzo4XSmHQtj+thcWl5ZXVwlpxfWNza7u0s9syQaQ5NHkgA93xmAEpFDRRoIROqIH5noS2N75I/fY9aCMCdYOTEFyfjZQYCs4wkVqNCn+8PuqXynbVzkDniZOTMsnR6Je+eoOARz4o5JIZ03XsEN2YaRRcwrTYiwyEjI/ZCLoJVcwH48ZZ2ik9jAzDgIagqZA0E+H3Rsx8Yya+l0z6DG/NrJeK/3ndCIdnbixUGCEonh5CISE7ZLgWSQ1AB0IDIkuTAxWKcqYZImhBGeeJGCW9FJM+nNnv50nruOqcVGtXtXL9PG+mQPbJAakQh5ySOrkkDdIknNyRJ/JMXqwH69V6s95/RhesfGeP/IH18Q1j3JMX</latexit>

P (c|S)
<latexit sha1_base64="Kyl9MvcNk6zlCV28xDrRZZOuWwE=">AAAB+HicbVC7TsNAEDzzDOEVoKQ5ESGFJrJRBJRRaCiDRB5SYkXnyyYcOZ+tuzVSMPkHWqjoEC1/Q8G/YBsXkDDVaGZXOzteKIVB2/60lpZXVtfWCxvFza3tnd3S3n7bBJHm0OKBDHTXYwakUNBCgRK6oQbmexI63uQy9Tv3oI0I1A1OQ3B9NlZiJDjDRGo3K/yxcTIole2qnYEuEicnZZKjOSh99YcBj3xQyCUzpufYIbox0yi4hFmxHxkIGZ+wMfQSqpgPxo2ztDN6HBmGAQ1BUyFpJsLvjZj5xkx9L5n0Gd6aeS8V//N6EY4u3FioMEJQPD2EQkJ2yHAtkhqADoUGRJYmByoU5UwzRNCCMs4TMUp6KSZ9OPPfL5L2adU5q9aua+V6I2+mQA7JEakQh5yTOrkiTdIinNyRJ/JMXqwH69V6s95/RpesfOeA/IH18Q1JTJMG</latexit>

P (c|B)
<latexit sha1_base64="ho+N8tGhm3rxLtvq7dgNk59ftt4=">AAACGXicbVC7TsNAEDzzJrwClDQnokikiWyEgBJBQxkEIZESK1ofm3DifLbu1kjI+Av4BL6CFio6REtFwb/gmBSQMM2OZna1uxPESlpy3U9nanpmdm5+YbG0tLyyulZe37i0UWIENkWkItMOwKKSGpskSWE7NghhoLAV3JwM/dYtGisjfUF3MfohDLTsSwGUS71yVeluIAdpJ+v2DYi0sSPuz2tZUY9rWeH5Wa9ccetuAT5JvBGpsBEavfJX9yoSSYiahAJrO54bk5+CISkUZqVuYjEGcQMD7ORUQ4jWT4t3Ml5NLFDEYzRcKl6I+HsihdDauzDIO0OgazvuDcX/vE5C/UM/lTpOCLUYLiKpsFhkhZF5TsivpEEiGF6OXGouwAARGslBiFxM8uBKeR7e+PeT5HK37u3X9872KkfHo2QW2BbbZjvMYwfsiJ2yBmsywR7YE3tmL86j8+q8Oe8/rVPOaGaT/YHz8Q1/ZKDG</latexit>

ln
⇥P (c|S)
P (c|B)

⇤
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Waterfall plots for a single GRB

They contain core prompt information relevant for GRB classification, such as duration, 
temporal variation, pulse structure, spectral hardness and evolution, and how these 

parameters relate 
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Convolutional Autoencoders 
(ConvAE)

Main goal:

Learn input images representations in a lower dimensionality latent space


(latent space dimension = 10D)

<latexit sha1_base64="K8rMa9cPBEYELQIBA16+0ryiHe8=">AAACDHicbVC7TgJBFJ31ifhCbUxsJhITG8kuIWpjQrSxsMBEHgkguTtcdcLsIzN3DWTBT/ArbLWyM7b+g4X/4oIUCp7q5Jx7c+85bqikIdv+tGZm5+YXFlNL6eWV1bX1zMZmxQSRFlgWgQp0zQWDSvpYJkkKa6FG8FyFVbdzNvSr96iNDPwr6oXY9ODWlzdSACVSK7N9ERjDT3i/3+UHvHEHFHcH/f51vpXJ2jl7BD5NnDHJsjFKrcxXox2IyEOfhAJj6o4dUjMGTVIoHKQbkcEQRAdusZ5QHzw0zXiUYMD3IgMU8BA1l4qPRPy9EYNnTM9zk0kP6M5MekPxP68e0c1xM5Z+GBH6YniIpMLRISO0TKpB3pYaiWD4OXLpcwEaiFBLDkIkYpR0lU76cCbTT5NKPucc5gqXhWzxdNxMiu2wXbbPHHbEiuyclViZCfbAntgze7EerVfrzXr/GZ2xxjtb7A+sj29M5Zq1</latexit>

Loss = ||x� x̂||2

Input Output
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Our model

ConvAE 2 — Medium timescales 
(4 images, 3x7500) 

ConvAE 1 — Long timescales 
(4 images, 8x9376) 

ConvAE 3 — Short timescales 
(4 images, 3x7500)

Dataset: 2371 GRBs (all GBM triggers from Jan 2013 to May 2023)

We train 3 ConvAEs, one for each timescale

Final latent space 

30D

Long timescales Medium timescales Short timescales
= + +10D 10D 10D
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Evaluate the performances

QUALITATIVELY

Evaluation of the similarity between the input and output images for random subsamples of the GRBs dataset 
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Evaluate the performance

QUANTITATIVELY

Evaluation of the mean error between original input and reconstructed output for each GRB

Medium timescales Short timescalesLong timescales
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Dimensionality reduction with UMAP

UMAP

30D combined latent space 2D (or 3D) GRBs distribution

UMAP reduces dimensionality by preserving data structure 
through manifold learning and neighbor graphs

We further reduce the dimensionality of the latent space 
through UMAP 

Once the ConvAEs are trained, we have 30 variables for each GRB (10 for each timescale)
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Preliminary results

https://nmik.github.io/SmartWaterfalls/plotly/grbs_mv5umap_plotly_v0.html

Interactive plot

https://nmik.github.io/SmartWaterfalls/plotly/grbs_mv5umap_plotly_v0.html
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Future prospects

https://arxiv.org/pdf/2406.03643

Optimization of the waterfall plots generation 

(polynomial model of the detector background rates, account for the 

spacecraft motion when building the response matrix)


Optimization of the ML algorithm

(Variational Autoencoder, Adversarial Autoencoder, Semi-supervised 

clustering)


Automatization of the pipeline

(Fast association of new GRB triggers to its position in the final 2D 

distribution)


Prompt GRB recognition through Waterfalls and Deep Learning
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Backup
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GRBs classification

GRB 230812: a close, quite short collapsar

Categorization of GRBs is not trivial

Recent discoveries challenge the traditional classification

*

*
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Single timescale distributions
LONG MEDIUM

SHORT


