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The problem



X-ray Imaging with IFT
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Information field theory
Bayes’ Theorem

P(s |d) = P(d |s) P(s)
P(d)
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The prior P(s |d) = P(d |s) P(s)
P(d)
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The prior
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The prior
Sky
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P(s)



The prior
Generative model
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P (ξ) = 𝒩 (0, 𝕀)

                 Latent space prior distribution



The prior
Generative model
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P(s) = P (ξ) ∂ξ
∂s

                 Latent space prior distribution



The prior
Generative model
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P(s) = 𝒩 (0, 𝕀) ∂ξ
∂s

                     Signal space prior sample



The prior
Generative model
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P(s) = 𝒩 (0, 𝕀) ⋆ A(x, y)

                     Signal space prior sample



The prior
Generative model

16

P(s) = 𝒩 (0, 𝕀) ∂ξ
∂s

                     Signal space prior sample



The prior
Sky
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Point sources



The prior
Sky
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The prior
Sky
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The Likelihood P(s |d) = P(d |s) P(s)
P(d)
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The Likelihood
Instrument response
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Sky signal



The Likelihood
Instrument response
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eROSITA on SRG

Sky signal Credits @ Roscosmos



The Likelihood
Instrument response
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eROSITA on SRG

Sky signal

Credits @ Roscosmos
                     Sky data on earth



The Likelihood
Point-spread function

25	                      eROSITA TM1 PSF (1.0 keV)

R = PSF



The Likelihood

                         eROSITA TM1 exposure
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Exposure

R = E



The Likelihood
Signal
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s



The Likelihood
Signal response
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PSF (s)



The Likelihood
Signal response
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Rs = E (PSF (s))



The Likelihood
Signal response
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λ = Rs
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The Likelihood
Poissonian noise

P(d |λ) =
N

∏
i=1

λdi
i e−λi

di!



The Likelihood
Poissonian noise
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P(d |λ) =
N

∏
i=1

λdi
i e−λi

di!



The Data
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	          Simulated eROSITA TM1 data	          eROSITA TM1 SN1987A data



The Posterior P(s |d) = P(d |s) P(s)
P(d)
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Inference
geometric Variational Inference  
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Credits @ Frank, P.; Leike, R.; Enßlin, T.A. Geometric Variational Inference. Entropy 2021, 23, 853.



The Data

36	           Simulated eROSITA TM1 data
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P(s |d)

Inference
Posterior
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Inference
Posterior

P(s |d)
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Inference
Posterior

P(s |d)
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Inference
Posterior

P(s |d)
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Inference
Posterior

P(s |d)



Inference

42   Data
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Inference

         Posterior mean reconstructed sky
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Inference

                       Ground truth sky



Inference

45   Data         Posterior mean sky reconstruction



Point source detection
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Point source detection
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Component separation

      Posterior mean sky reconstruction



Point source detection

48      Posterior mean diffuse reconstruction

Component separation



Point source detection

49                            Posterior mean point source reconstruction

Component separation
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Point source detection
Detection thresholds from synthetic data



Point source detection
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Issues?

 Detected point sources in posterior mean



Point source detection
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Issues?

• Prior driven

 Detected point sources in posterior mean



Point source detection
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Issues?

• Prior driven 

• A point source in every pixel

 Detected point sources in posterior mean



Point source detection
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Issues?

• Prior driven 

• A point source in every pixel 

• Hard optimization

 Detected point sources in posterior mean
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Automatic point source detection
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Let’s use a different model…



Point source detection
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Diffuse-only fit 

   Data
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=

Diffuse emissionPoint sources

+

Sky signal

Point source detection
Diffuse-only fit 



Point source detection

59

Diffuse-only fit 

  Posterior mean diffuse-only reconstruction



Point source detection
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Diffuse-only fit 

  Posterior mean diffuse-only reconstruction

• Spatially correlated



Point source detection
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Diffuse-only fit 

  Posterior mean diffuse-only reconstruction

• Spatially correlated 

• Spectrally dependent 
from the background



Point source detection
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Diffuse-only fit 

  Posterior mean diffuse-only reconstruction

• Spatially correlated 

• Spectrally dependent 
from the background 

• Live on a grid



63                     Signal space prior sample

Point source detection
Diffuse prior model

P(s) = 𝒩 (0, 𝕀) ⋆ A(x, y)



Point source detection
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Model stress?

P (ξ) = 𝒩 (0, 𝕀)

                    Prior latent ξ excitations



Point source detection
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Model stress?

P (ξ |d) ≠ 𝒩 (0, 𝕀)

                  Posterior latent ξ excitations



Point source detection
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Model stress, yessir!

                    Latent ξ excitations
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Point source detection
Model stress, yessir!

               Point source ground truth



Point source detection
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Automatic detection

  Posterior mean diffuse-only reconstruction



Point source detection

69                     Diffuse-only reconstruction + point source model

Automatic detection



          Latent ξ excitations

Point source detection
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Relax excitations!



          Latent ξ excitations

Point source detection
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Relax excitations!



Point source detection
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Relaxed excitations

      Relaxed latent ξ excitations
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Point source model
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Some theory…
What is a point source?
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• Spatially uncorrelated

Some theory…
What is a point source?
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• Spatially uncorrelated 

• Spectrally independent from 
background 

Some theory…
What is a point source?
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• Spatially uncorrelated 

• Spectrally independent from 
background  

• Does not live on a grid

Some theory…
What is a point source?
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• Spatially uncorrelated 

• Spectrally independent from 
background  

• Does not live on a grid

Some theory…
What is a point source?
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Real data



Point source detection
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Single-frequency information 

1.0 - 2.0 keV

TM1



Point source detection
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Multi-frequency information 

0.2 - 1.0 keV 1.0 - 2.0 keV 2.0 - 4.5 keV

TM1



Point source detection
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Multi-frequency information 

0.2 - 1.0 keV 1.0 - 2.0 keV 2.0 - 4.5 keV

TM1



Point source detection
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Multi-frequency model 



Point source detection
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Multi-frequency model 



TM1

Point source detection
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Multi-frequency model 



Point source detection
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Multi-frequency model latent excitations

Latent space excitations



Point source detection
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Latent space excitations

Multi-frequency model latent excitations



Latent space excitations

Point source detection
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Generalizable to extended sources!



Point source detection
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Preliminary results
TM1
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Point source detection
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Preliminary results
TM1



Point source detection
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Preliminary results
TM1



Outlook
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Outlook
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Outlook

• Model stress can rescue component separation!
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Outlook
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• Model stress can rescue component separation! 

• Point sources sub-pixel positions can be learned!
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• Point sources sub-pixel positions can be learned! 

• Diffuse emission can be clearly separated! 

• Model has many applications! (spectral lines, 
exoplanets, …)



Outlook
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J-UBIK

• Model stress can rescue component separation! 

• Point sources sub-pixel positions can be learned! 

• Diffuse emission can be clearly separated! 

• Model has many applications! (spectral lines, 
exoplanets, …) 

• Soon public in J-UBIK!



Outlook

• Model stress can rescue component separation! 

• Point sources sub-pixel positions can be learned! 

• Diffuse emission can be clearly separated! 

• Model has many applications! (spectral lines, 
exoplanets, …) 

• Soon public in J-UBIK! 

• Soon preprint on arxiv!
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J-UBIK
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Thank you!

matteani@mpa-garching.mpg.de

mailto:matteani@mpa-garching.mpg.de
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Thank you!

matteani@mpa-garching.mpg.de

Looking for 
PostDocs!
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