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The Fermi Gamma-ray Space Telescope has been observing GRBs for the past ~18 years.

 Scintillation
 Observes: 8 keV – 40 MeV
 Full sky field of View > 8 sr

Well suited to study the prompt emission of GRBs

The Fermi Gamma-Ray Burst Monitor (GBM)

NASA

Two instruments
GBM + LAT



The Fermi GBM has been observing GRBs for the past ~18 years.

 Scintillation
 Observes: 8 keV – 40 MeV
 Full sky field of View > 8 sr

Well suited to study the prompt emission of GRBs

The Fermi GBM Burst Catalogue

Briggs et al. 
1999

Example of GRB prompt emission 
spectrum

GBM energy range



Over the course of the past 18 years

 4236 GRBs → till the 15th of March 2026 

 3590 have spectral data
→ spectra updated till 30th of October 2024

Extensive Fermi GBM Burst Catalogue

→ Contains 306 parameters/columns characterising each of these GRBs

The Fermi GBM Burst Catalogue



Rich dataset: 3590 GRBs with 306 parameters for each

→ Potentially very interesting for machine learning approaches

→ focusing on the prompt emission

Potential uses include : 
 Classifying GRBs
 Clustering
 Looking for indications of emission type
 Regression approaches such as for estimating redshift
 ...

Machine learning approaches with the catalogue



Rich dataset: 3590 GRBs with 306 parameters for each

→ Potentially very interesting for machine learning approaches

→ focusing on the prompt emission

Idea proposed in this work: 

           

Machine learning approaches with the catalogue

 The use of simulated/sampled spectra in conjunction with 
the GBM catalogue for such approaches



General parameters: 52 → Duration, fluence in various ranges, etc. 
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3590 GRBs, 306 parameters 
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General parameters: 52 → Duration, fluence in various ranges, etc. 

Spectral parameters: 254 → Four spectral models  

→ For each of the four spectral models:
 Fit parameters: 17
 Positive and negative uncertainties :  34
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General parameters: 52 → Duration, fluence in various ranges, etc. 

Spectral parameters: 254 → Four spectral models  

→ For each of the four spectral models:
 Fit parameters 17
 Positive and negative uncertainties :  34
 Flux and fluence from the fits : 56
 Other fit parameters: 20

 Chi square, degrees of freedom, best fit model, time interval, ...
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General parameters: 52 → Duration, fluence in various ranges, etc. 

Spectral parameters: 254 → Four spectral models fitted 

→ For each of the four spectral models:
 Fit parameters 17
 Positive and negative uncertainties :  34
 Flux and fluence from the fits : 56
 Other fit parameters: 20

 Chi square, degrees of freedom, best fit model, time interval, ...
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General parameters: 52 → Duration, fluence in various ranges, etc. 

Spectral parameters: 254 → Four spectral models fitted 

→ For each of the four spectral models:
 Fit parameters 17
 Positive and negative uncertainties :  34
 Flux and fluence from the fits : 56
 Other fit parameters: 20

 Chi square, degrees of freedom, best fit model, time interval, ...
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General parameters: 52 → Duration, fluence in various ranges, etc. 

Spectral parameters: 254 → Four spectral models fitted 

→ For each of the four spectral models:
 Fit parameters 17
 Positive and negative uncertainties :  34
 Flux and fluence from the fits : 56
 Other fit parameters: 20

 Chi square, degrees of freedom, best fit model, time interval, ...
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The errors on the fit parameters are not used



Several comments can be made about this

 Not using the uncertainties → All fits/GRBs are treated as equal

 Yet, not all fits are equal

 → Example: 
 We can have well-constrained spectral fits 

The use of error bars in machine learning

alpha = -1.07 ± 0.02 

Beta =  -2.15 ± 0.08

Epeak =  667.7 ± 41.7 

Amplitude =  0.014 ± 0.0003



Several comments can be made about this

 Yet, not all fits are equal

The use of error bars in machine learning

alpha = -1.07 ± 0.02 

Beta =  -2.15 ± 0.08

Epeak =  667.7 ± 41.7 keV

Amplitude =  0.014 ± 0.0003 ph/cm2/s/keV

But the GBM catalog has poorly constrained fits too.

GRB 100112A 
→ Epeak = 1122.8 ± 2258.4 keV  

→ negative Epeak → unphysical

 GRB 120403B  
→ Beta =  -3.72 ± 20.6



Several comments can be made about this

 Not all fits are equal

 → Some fits also have unphysical values → mentioned in the catalogue notes

GRB 191011A

→ Amplitude = 5.72 x 1023 ±  1.15 x 1023 photons/cm2/s/keV  

The use of error bars in machine learning



Several comments can be made about this

 Finally, an error bar simply tells us about the compatible range of spectral parameters

The use of error bars in machine learning

alpha = -1.07 ± 0.02 

Beta =  -2.15 ± 0.08

Epeak =  667.7 ± 41.7 

Amplitude =  0.014 ± 0.0003

→ and therefore also the range of possible 
underlying physics



Note

 Error bars are often not used in machine learning, in general
 The emphasis is usually on massive datasets
 → capture the intrinsic variations as an aggregate

However, in our case 3000-4000 GRBs do not seem to be enough to capture the intrinsic variations

→ This is a relatively small dataset

All this to say, we probably want to use the uncertainties in some way

The use of error bars in machine learning



There do exist methods

 Use errors as features (additional parameters)
 Use weighted methods → assign a weight to each point proportional to 1/σ2

 Adapted machine learning techniques
 → Bayesian neural networks → Treat weight and inputs as probability distributions
 → Gaussian processes → Use error bar into prediction uncertainty
 → Total least square 

 Simulate data → in our case, simulate spectra

Machine learning approaches



Approach used

 Download covariance matrix of the fits → Also available through the Fermi website

 Simulate cloud of points 10, 100, 1000, 10000 spectra compatible with it
          

Additionally
 Reject any spectrum that does not pass cuts

 Negative amplitude
 Negative Epeak
 Beta> -2  (peak calculations not possible)
 Negative, or infinite flux/fluence
 Keep simulating until the required number: 10, 100, 1000 10000 is reached

Simulations

→ Shown for only 2 parameters here
But done for all parameters of the fit



Example for the Band function

 Apply cuts without simulations:
● We keep 1566  GRBs out of 3590

 Apply cuts with simulations:

 10 Simulations → We keep 3434 GRBs out of 3590
 100 Simulations → 3434 GRBs
 1000 Simuations → 3434 GRBs

Numbers of GRBs left after applying cuts



Principal Component Analysis (PCA)

 PCA can be foundational to many machine learning approaches

Brief example of application 
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Principal Component Analysis (PCA)

 PCA can be foundational to many machine learning approaches

Simple 2 parameter problem:

PC1 = a1 * Beta + a2 * Epeak

PC2 = a3 * Beta + a4 * Epeak → Explains the rest of the variance

Can be used to identify new variables/components

Brief example of application 

PC1

PC2



Principal Component Analysis (PCA)

 PCA can be foundational to many machine learning approaches

Simple 2 parameter problem:

PC1 = a1 * Beta + a2 * Epeak

PC2 = a3 * Beta + a4 * Epeak → Explains the rest of the variance

Can also be used for reducing dimensions

If the ellipse was flat → PC2 would be negligeable

Brief example of application 

PC1

PC2



5 parameters
 5 Parameters 

 Tint → duration
 Alpha, Beta, Epeak, Fluence → From Band function spectral fits

We should get 5 principal components: 

PC1, PC2, PC3, PC4, PC5

Focus on the PC1

Without simulations: it explains 0.41 of the total variance

With 10, 100, 1000 simulations  → ~0.31  of the variance

Brief example of application 



PC1

Without simulations
 Tint, alpha, beta, and fluence all contribute

 alpha contributes negatively 
 Epeak → negligeable

With simulations
 Dominated by Tint and fluence
 Beta  → negligeable
 Alpha → diminishing contribution → change of sign
 Epeak → moderate negative contribution

Suggests a duration-fluence component… more apparent with simulations

Brief example of application 
PC1 = a1 * log(Tint) + a2 * alpha + a3 * beta + a4 * log (Epeak) + 

a5 * log (Fluence)



Comparison

Brief example of application 
PC1 = a1 * log(Tint) + a2 * alpha + a3 * beta + a4 * log (Epeak) + 

a5 * log (Fluence)

PC1 → Fluence and Tint dominated
PC2 → alpha, Epeak dominated, but also fluence
PC3 → dominated by alpha and beta → flips sign with 1000 sims
PC4 → Shifts from mixed to beta dominated → flips sign with 1000 sims
PC5 → Tint and fluence but with opposite signs

Needs to be better understood, especially what happens with 1000 sims

→ Also study effects of further cuts



Thank you



Extra slides



5 parameters
 5 Parameters 

 Tint → duration
 Alpha, Beta, Epeak, Fluence → From Band function spectral fits

We should get 5 principal components: 

PC1, PC2, PC3, PC4, PC5

Without simulations

→ they explain 0.41,  0.24,  0.18,  0.14 0.026  of the variable

With 100 simulations

→ 0.31,  0.22,  0.2, 0.2 0.08 →  More evenly spread

Brief example of application 



Example: Band FLNC (time-integrated)

 Without simulations:
● 1566  GRBs out of 3590

 With simulations:

 10 Simulations → 3434 GRBs
 100 Simulations → 3434 GRBs
 1000 Simuations → 3434 GRBs

Numbers of GRBs left after applying cuts
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