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Astromodels (https://astromodels.readthedocs.io/en/latest/)

A node-tree based modeling framework 

Implemented in  cPython for serialization 

1,2,3D modeling 

Linking of parameters with arbitrary functions 

Point-, Extended-, Particle-, Polarization-source 

Table models, time-varying models.



PointSource(name, ra, dec, spectrum , polarization) PointSource(name, ra, dec, spectrum)

ExtendedSource(name, ra, dec, spectrum, shape) ParticleSource(name, ra, dec, spectrum)Model( )PointSource(name, ra, dec, spectrum) NeutrinoSource(name, ra, dec, spectrum)



PointSource(name, ra, dec, spectrum , polarization) PointSource(name, ra, dec, spectrum)

ParticleSource(name, ra, dec, spectrum)ExtendedSource(name, ra, dec, spectrum, shape)Model( )PointSource(name, ra, dec, spectrum) NeutrinoSource(name, ra, dec, spectrum)



PointSource(name, ra, dec, spectrum , polarization) PointSource(name, ra, dec, spectrum)

ParticleSource(name, ra, dec, spectrum)ExtendedSource(name, ra, dec, spectrum, shape)Model( )PointSource(name, ra, dec, spectrum) NeutrinoSource(name, ra, dec, spectrum)

Does the CR spectrum depend on the 
neutrino spectrum? 

Fitting an  extended source  with an 
embedded  point source? 

astromodels supports arbitrary linking 
between parameters . This also allows for 

the specification of time-varying models.
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Analysis Results

An object and a FITS file. 

Stores all the information about 
your model and fit 

The same interface for MLE or 
Bayes 

Transportable



Error propagation

Parameters are RandomVariates 

Full support for non-linear error 
propagation for any analysis



Long story short

Optimizers 

ROOT 

iminuit 

PAGMO (106 optimizers)



Long story short

Posterior samplers 

emcee 

MULTINEST 

PolyChord



Long story short
Plugins 

XYLike 

SpectrumLike -> DispersionSpectrumLike -> 
OGIPLike 

FermiLATLike / FermiPyLike 

HAWCLike 

CastroLike 

VeritasLike 

PhotometryLike 

More and more.



Long story short
Some low-level data builders 

Reduce time series (energy/polarization/etc) to 
plugins 

Build Fermipy configs 

Catalogs via VO 

Fermi LAT/GBM 

Swift 

More coming (please help!) 

But we do not want to replace your team’s 
software… you are the experts!



Build your own!
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Michael, this is where you go to the Fermipy



The Bayes-ics

Single-level metropolis-hastings schemes: emcee 

Nested sampling: MULTINEST, PolyChord, D4Nest 

Hierarchical samplers:  Stan, Jags, BUGS

But…



What is a single level model?

Model

Data

Parameters

This is typically all we will 
do in our  spectral/
temporal/spatial fits.



What is a multi level model?

Model

Data

Parameters

Think stacking but with a 
preservation of the correlation 
structure and without the regularity 
conditions that almost always break 
in astrophysical problems.

Multi level models are 
unavoidable in many 
cases.  
Fitting data with 
uncertainties in both 
directions? You need a 
hierarchy.

https://github.com/JohannesBuchner/astrostatistics-recipes/blob/master/line/line_fitting.ipynb
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Bayes Factors
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Bayes Factors

𝒵1

Bayes theorem introduces a measure over a model 
configuration space.

π(ℳ) ℳ − closed

𝒵2



𝒵2

π(ℳ) ℳ − closed

𝒵1

Bayes theorem introduces a measure over a model 
configuration space. 

Nested models have problems and are sensitive to 
priors.

Bayes Factors



π(ℳ) ℳ − closed

Priors completely dominate the configurations of 
Bayes factor ratios

𝒵1𝒵2

Bayes Factors



𝒵1𝒵2

𝒵1 𝒵2

𝒵1 𝒵2

All Bayes Factors produce the same  
parameter inferences!

Bayes Factors



Information Criteria

BIC: Bayesian Information Criterion
• Model comparison for M-closed for discrete model set 
• Statisticians do not know what this is 
• It is not going to be a useful for your analysis



Information Criteria

AIC: Akaike Information Criterion
• Asymptotic comparison 
• Linear, Gaussian, high-data regime 
• Meh… Not much better than the LRT



Information Criteria

DIC: Deviance Information Criterion
• Uses the posterior to approximate the effective 

complexity of the model 
• Easily obtained as a byproduct of the posterior 

sampling 
• Convergence criteria unknown (and estimated to be 

very slow)



Posterior Predictive Checks

π (ỹ |y) = ∫ dθ π (ỹ |θ) π (θ |y)
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posterior



Posterior Predictive Checks
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Posterior Predictive Checks

π (ỹ |y) = ∫ dθ π (ỹ |θ) π (θ |y)
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Posterior Predictive Checks

π (ỹ |y) = ∫ dθ π (ỹ |θ) π (θ |y)

posterior

likelihood

measured  data

replicated  data



Posterior Predictive Checks
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