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This talk
● book chapter contents & 

discussion
● Nested sampling & 

    model comparison
● The evolving software 

landscape
BXA

xspec ultranest

Disclaimer #1: 

members of this group have
discussed statistical aspects 

for a long time

Book chapter transfers knowledge 
from modern statistical literature

to X-ray astronomy

Disclaimer #2: 

unknown systematics / calibration 
can limit the statistical modelling

importance of IACHEC & 
cross-mission calibration

“jump right to the difficult stuff and 
make controversial statements” – Vinay 



Selected topics

● X-ray astronomy
– the linear instrument 

model

– Poisson statistics 
(cstat) & its asymmetry

– Gaussian (chi²) 
statistics, persistant 
biases

– Background models: 
physical, per-bin 
(wstat) and its bias, 
empirical (with ML)

● Frequentist statistics:
– Confidence intervals: 

Calibration of 
confidence intervals

– Model comparison: 
false positive rates, 
false negative rates

– Any MCMC analysis 
assumes a prior

def cstat((N, Gamma)):
F = N * E**Gamma

    lambda = (F * ARF) @ RMF * exposure
    poisson_lp = counts * log(lambda) + lambda
    return -poisson_lp

bestfit = scipy.optimize.minimize(cstat, (1, 1))



(cont) Bayesian workflow

● designing priors, prior predictive checks

● Monte Carlo Algorithms: 

– MCMC: emcee, 
Slice sampling, HMC

– nested sampling:
MultiNest, UltraNest

● parameter posterior distributions,
posterior predictive checks, 
quantile-quantile plots

● Bayesian model comparison: 
   built-in Occam’s razor

● Frequentist properties of 
       Bayesian analyses

● experiment design (for proposals)

● histograms of best-fit parameters, 
hierarchical Bayesian models 
(PosteriorStacker code)

Notebook by 
David Homan

https://johannesbuchner.github.io/BXA/tutorial_usage_plotbxa.html 

https://johannesbuchner.github.io/BXA/tutorial_usage_plotbxa.html


Bayes 101
Bayes theorem:

Evidence

normalizes the 
posterior

“average” likelihood

Prior 
distribution

Likelihood 
function

Posterior 
distribution

Where is 
most of 

the  
probability

?

θ=(L, T, …, physical parameters) 



Parameter space 
exploration

● Local optimization
– LM, simplex, … (many)

– Monte carlo optimization

● Local sampling: MCMC
– Tempering

– Limitations

● Global optimization
– Genetic algorithms (DE)

● Global sampling
– Nested sampling

yields 
posterior 
samples

Yields evidence 
and posterior 
samples
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Systematic literature review 
“Nested Sampling Methods” Buchner (2023)

>100 papers

● Theory
● Estimators
● Termination
● Diagnostics
● variations: 

– Soft constraint
– Variable number of live points
– Parallelisation

● Likelihood-restricted prior 
sampling (LRPS)

Convergence proof of Z and posterior : 
e.g. Evans (2007), Chopin&Robert (2010)

Volume 
shrinkage 
always 
1/N

Riemann integration Lebesgue integrationRiemann integration Lebesgue integration



  

Missing ingredients
● MCMC: Insert tuned transition kernel
● NS: Likelihood restricted prior sampling (LRPS)

● General solutions: MultiNest, MCMC, HMCMC, 
Galilean, RadFriends (UltraNest), PolyChord

Buchner (2022), 
Statistics Surveys

Animation:
https://johann
esbuchner.gith
ub.io/mcmc-de
mo/app.html#
RadFriends-NS
,standard
(via chi-
feng.github.io)

https://johannesbuchner.github.io/mcmc-demo/app.html#RadFriends-NS,standard
https://johannesbuchner.github.io/mcmc-demo/app.html#RadFriends-NS,standard
https://johannesbuchner.github.io/mcmc-demo/app.html#RadFriends-NS,standard
https://johannesbuchner.github.io/mcmc-demo/app.html#RadFriends-NS,standard
https://johannesbuchner.github.io/mcmc-demo/app.html#RadFriends-NS,standard
https://johannesbuchner.github.io/mcmc-demo/app.html#RadFriends-NS,standard


So what is BXA?

sophisticated, robust

inference engine

based on nested sampling
BXA

fully-fledged 

fitting 
environment

sherpa
pyxspec
(threeml)
(spex)

MultiNest
UltraNest

community models

data formats

parallelisation, 
resuming

+ background models
+ some visualisation tools

319,565 X-ray sources 
processed (Webb+23)

XMM2Athena

Buchner+14 (1326 citations)
Idea: make
physical parameter inference &
model comparison 
easy & practical



An evolving software landscape

● xspec, sherpa, spex; 3ML
maintainance is institutional effort

Xspec models a community focal 
point

● 2014: BXA: xspec/sherpa plug-in 
for modern inference algorithms

● 2022: Model emulators
● 2024: Diff PPL: e.g. jaxspec

– Require re-implementing models!
● Missing? partially diff XSF

Kerzendorf+22
Matzeu+22

Buchner+14

Dupourqué+24
Barret+24



Take-aways

Disclaimer #1: 

members of this group have
discussed statistical aspects 

for a long time

Book chapter transfers knowledge 
from modern statistical literature

to X-ray astronomy

Disclaimer #2: 

unknown systematics / calibration 
can limit the statistical modelling

importance of IACHEC & 
cross-mission calibration

BXA
xspec ultranest

● book chapter contents & 
discussion

● Nested sampling & 
    model comparison

● The evolving software 
landscape
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