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MOtivation Denoised, Deconvolved, Decomposed
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Generative Models for Bayesian Imaging
Framework: Numerical Information Field Theory ’P(S‘d) X P(d‘ S)’P(S)

https://github.com/NIFTy-PPL/NIFTy
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Framework: Numerical Information Field Theory
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P (S) domain knowledge about the signal

P (d| S) knowledge about the measurement
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Modeling the X-ray Sky - the Prior

LMC 1987A dataset
e 0.2-1.0keV (red)
e 1.0-2.0keV (green)

e 2.0-4.5keV (blue)

Components
e diffuse emission
* extended sources (30 Doradus)

e point sources

eROSITA LMC data
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Modeling the Diffuse X-ray Sky
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Modeling the Diffuse X-ray Sky & Extended Sources

0.2-1.0 keV

d(w,v) = Io(x) - expla(z) - v)
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Modeling Point Sources

0.2-1.0 keV

p(z,v) = Iy(x) - explay(z) - V)
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Modeling the Instrument

Point spread functions from CALDB
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Modeling the Instrument

Point spread functions from CALDB

Patching and linear interpolation response
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Eberle et al in prep.
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Exposure and Detmaps information from eSASS and CALDB
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Posterior Mean Flux

0.2-1.0 keV

1.0-2.0 keV

2.0-4.5 keV




Uncertainties
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Noise weighted residuals
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Using generative models and Bayesian inference, it is possible to:

e denoise

..
e deconvolve

. ‘ecompose

observations from X-ray observatories.
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e Multi component sky models

. ‘\utomatic detection of extended components ’

Data:
 eFEDs

 Survey data

more about the details:
The Universal Bayesian Imaging Kit [Margret Westerkamp]

Automatic Point Source Detection through Model Stress [Matteo Guardiani]
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