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Imaging with IFT



Information field theory

Toy model

Signal




Information field theory
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Information field theory

Toy model
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Information field theory

Bayes’ Theorem

P(s|d) =



Information field theory

Bayes’ Theorem

P(s|d) =



Information field theory

Bayes’ Theorem

ps|dy = LIS Ps)



Information field theory

Bayes’ Theorem

P(d|s) P(s)

P(s|d) = P



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



Information field theory
Modeling data



Information field theory

Modeling data
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Information field theory

Modeling data
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Information field theory
Modeling data
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Information field theory
Modeling data
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Information field theory
Modeling data
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Information field theory
Modeling data

FOV [arcmin]

30

20 A

10 -

o
.

—10 1

—20 1

-30

.
o . !
A R
-30 -20 —10 0 10 * N
FOV [arcmin]

Finite-dimensional

Contains non-invertible instrumental artifacts

Noisy
 PSF
 Pile-up

102

101!

10°

FOV [arcmin]

30

20

10 A

o
1

_10 4

—20 A

-30
-30

-20

-10

0]
FOV [arcmin]

Fields

10

20

30

Infinite dimensional (continuous)

Variable in space, time, energy, ...
Don’t know about the instrument!

1071t

1072

1073

1074

1073

19



A sky brightness prior
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The prior

Generative model

P (&) = (0,1)
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The prior

Generative model
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The prior

Generative model

Pls)=WN (O, I])
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Signal space prior sample
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The prior

Generative model

~

Pls)=WN (O, I]) * A(x,y) ;-

0]
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Signal space prior sample
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The prior

Generative model (Gaussian process)



The prior

Generative model (Gaussian process)
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The prior

Generative model (Gaussian process)
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The prior

Generative model (Gaussian process)
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The prior

Generative model (Gaussian process)

Diffuse emission
prior sample




The prior

enerative model
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The prior

Sky




The prior

Sky

Point sources

Diffuse emission
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The prior

Sky

Point sources Diffuse emission Sky signal
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The prior

Sky
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The Likelihood  pja) = 227

P(d)



The Likelihood

Instrument response

Sky signal
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The Likelihood

Instrument response

eROSITA on SRG

Credits @ Roscosmos

Sky signal
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Sky data on earth

eROSITA on SRG

hood

Instrument response

keli

Sky signal

The L




The Likelihood

Point-spread function
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The Likelihood -
Exposure
o R=F ; i
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The Likelihood

Signal
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The Likelihood

Signal response

PSF ()
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The Likelihood

Signal response

Rs = E (PSF(s)) |-




The Likelihood

Signal response
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The Likelihood

Poissonian noise

ra =11 —

=1 l
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The Data
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The Likelihood

Chandra instrument response

Sky signal

Chandra X-ray observatory

Sky data on earth



The Likelihood

Signal




The Likelihood

Signal response

PSF ()




The Likelihood

Signal response

Rs =E (PSF (S))




The Likelihood

Signal response




The Likelihood

Poissonian noise
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The Likelihood

Poissonian noise
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The Data

Chandra SNR G299.2-2.9 data
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- P(d]|s) P(s)
- P(d)

The Posterior



Inference

geometric Variational Inference

P(¢|d) P(yld) = |g = P(£ld)](y)

1 = g7 (v;¢)
o ¢

P

Credits @ Frank, P.; Leike, R.; EnBlin, T.A. Geometric Variational Inference. Entropy 2021, 23, 853.
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The Data
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Inference

Posterior

P(s | d)

66



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
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Inference
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Inference
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Point source detection



Point source detection
Component separation
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Point source detection
Component separation
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Point source detection
Component separation
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Point source detection

Detection thresholds from synthetic data
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Detection threshold
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Point source detection
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Point source detection

Detection thresholds from synthetic data

Westerkamp M., Eberle V., MG, et al 2024
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Point source detection

Detection thresholds from synthetic data
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Point source detection

Detection thresholds from synthetic data

Westerkamp M., Eberle V., MG, et al 2024
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Automatic point source detection



et’s use a different model...



Point source detection

Diffuse-only fi
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Data



Point source detection
Diffuse-only fit

Point sources Diffuse emission Sky signal
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o Spatially correlated

o Spectrally dependent

from the background

 Live on agrid



Point source detection
Diffuse prior model

Pls)=WN (O, I]) * A(x, V) |

0
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Signal space prior sample
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Point source detection
Model stress?
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Prior latent § excitations
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Point source detection

Model stress?
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Point source detection
Model stress, yessir!

30
0.05
20 -
0.04
10 1
c
E 0.03
s 07
>
@)
L
- 0.02
10 -
- 0.01
_20 ]
- 0.00
_30 1 1 1 1 1
—-30 =20 -10 0 10 20 30

FOV [arcmin]

Latent € excitations



Point source detection
Model stress, yessir!
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Point source detection
Automatic detection
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Point source detection
Automatic detection
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Point source detection
Relax excitations!
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Point source detection

Relax excitations!
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Point source detection

Relaxed excitations
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Point source model



Some theory...

What is a point source?

o Spatially uncorrelated

o Spectrally independent from
background

 Does not live on a grid
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Some theory...

What is a point source?

o Spatially uncorrelated

o Spectrally independent from
background

 Does not live on a grid
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Multi-frequency data




. . eROSITA
Automatic source detection | MC SN 1987A

Single-frequency information dataset
TM1

1.0 - 2.0 keV

104



. . eROSITA
Automatic source detection | MC SN 1987A

Multi-frequency information dataset
TM1
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. . eROSITA
Automatic source detection | MC SN 1987A

Multi-frequency information dataset
TM1

1.0 - 2.0 keV
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. . eROSITA
Automatic source detection | MC SN 1987A

Multi-frequency information dataset

0.2 - 1.0 keV 1.0 - 2.0 keV
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Automatic source detection
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Automatic source detection
Multi-frequency sky model
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Automatic source detection
Multi-frequency sky model
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Automatic source detection
Multi-frequency sky model

[(X, V) =
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Automatic source detection
Multi-frequency sky model

I(X9 I/) — IO(X)
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Automatic source detection
Multi-frequency sky model

I(xX,v) = [H(X) X
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Point source detection

Multi-frequency model
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Point source detection
Multi-frequency model
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Point source detection
Multi-frequency model

TM1

eROSITA
LMC SN 1987A
dataset
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Automatic source detection
Multi-frequency sky model

a(X)+o(X,v)
1%
I(x,v) = Iy(X) (—)
Lo
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Point source detection

Latent space excitations
TM1

118



Point source detection

Latent space excitations
TM1
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Extended-source detection!

Latent space excitations
TM1
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Extended source model



The prior

Developed for strong lensing
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The prior

Developed for strong lensing

>

Source galaxy
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The prior

Developed for strong lensing

>

DM halo mass profile

Source galaxy
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The prior

Developed for strong lensing

/
>

DM halo mass profile

Source galaxy
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The prior

Developed for strong lensing

_—

>

DM halo mass profile

Source galaxy
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The prior

Developed for strong lensing

_—

>

Source galaxy

DM halo mass profile

V.-a=2«k
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The prior

Developed for strong lensing

4

DM halo mass profile

V.-a=2«k

Source galaxy

y =X a(x) 128



The prior

Extended sources




The prior

Extended sources




The prior

Extended sources




The prior

Extended sources




The prior

Extended sources




The prior

Extended sources




The prior

Extended sources




The prior

Lens mass distribution
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The prior

Lens mass distribution



The prior

Lens mass distribution




The prior

Lens mass distribution



The prior

Total light . . .
Y ® 0 e @
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The prior

Developed for strong lensing

4

DM halo mass profile

V. k=2 a

Source galaxy

y — X — C{(X) 141



The Likelihood

Instrument response

o

>

DM halo mass profile O

/

Lensed galaxy signal

Source galaxy

Credits @ Ruffnax (Crew of STS-125) 149



The Likelihood

Instrument response

o

S 4

DM halo mass profile

Source galaxy

/

Lensed galaxy signal

Hubble Space Telescope

Credits @ Ruffnax (Crew of STS-125) 143



The Likelihood

Instrument response

Lensed galaxy signal

Hubble Space Telescope

Data on Earth

Credits @ Ruffnax (Crew of STS-125)



The Likelihood

Instrument response

HST synthetic data Real JWST lensing data
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High-redshift galaxy reconstruction with LensCharm
SPT0418-47 (z=4.22) data

SPT-0418 JWST data application

Ruistig J., MG, et al., A&A 2024
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High-redshift galaxy reconstruction with LensCharm
SPT0418-47 (z=4.22) reconstruction
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Rustig J., MG, et al., A&A 2024
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... back to imaging



Automatic component modeling
A multi-frequency sky prior model
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Automatic component modeling
A multi-frequency sky prior model
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Automatic component modeling
A multi-frequency sky prior model
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Automatic component modeling
Preliminary results

TM1

eROSITA
LMC SN 1987A
dataset
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Automatic Component Modeling

Preliminary results
TM1
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Point source detection

Preliminary results
TM1
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Automatic Component Modeling

Preliminary results
TM1
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Automatic Component Modeling
Preliminary results

TM1
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Automatic Component Modeling
Preliminary results

TM1
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Automatic Component Modeling
Preliminary results
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Automatic Component Modeling
Preliminary results (extended sources)
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Automatic Component Modeling
Preliminary results (extended sources)

Tarantula nebula
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Automatic Component Modeling
Preliminary results (extended sources)
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Bayesian method

Uncertainties come for free!




Bayesian method

Uncertainties come for free!

Posterior sample 1



Bayesian method

Uncertainties come for free!

.ﬁ

IJ

Posterior sample 2
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Bayesian method

Uncertainties come for free!

Posterior sample 3



Bayesian method

Uncertainties come for free!

Posterior sample 4
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Automatic component modeling
LMC SN1987A

https://arxiv.org/abs/2506.20758 MG et al 2025 167



| like it, how can | do this?



Likelihood models Prior models
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J-UBIK

Instruments

 X-ray (Chandra, eROSITA, Xmm-Newton, ...)

« Gamma-ray (Fermi-LAT)

 Optical (ELT? VLT/MUSE?)

 Infrared (JWST, GRAVITY?, £ELT?)
 Radio (VLA, ALMA, MeerKAT, EHT, ...)
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Outlook



Outlook

Prior knowledge allows to solve ill-posed problems
Detector effects can be effectively removed

Many applications: spectral lines, exoplanets, ... "

Many more applications: Optical, Infrared, Interferometry,
Strong lensing, ...
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Future work

Fuse J-UBIK with resolve (interferometric imaging)
Enlarge library of digital twins (HST, ALMA, ELT, ...)

Enlarge library of calibration models (pile-up, PSFs, ...)

Explore self/cross-calibration
Implement spectral line model

Enhance support for multi-instrument data
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Some advertisement...

 NIFTy (Numerical Information Field Theory)
High-dimensional inference & Gaussian processes

 J-UBIK (Universal Bayesian Imaging Kit)
SKy models & astronomical instrument responses

e LensCharm g%g
Charming strong-lensing signal reconstructions

o

@ GitLab

174



. é - - - ° .’ - p
® . A d o d
.. . ‘ Y s 0'. Y . . i o ’ o .‘ .; 4

- e o : .* v é - v 7 3 i 2

> v E - o . ,..
. . . e ®
2 . s é - Q. o . :
. - & Z . A " o . . . : 4 74 : : :
A . . P :.. ¢ - a o . K é * * e

» SRS . ¥ - ‘ ' : ; ~ ; .f X ... .. 1 ' i : : +*
i . ¢ : ; : & é ST | 2 ; .., : . :‘ o 4% i x
i R s $oigha ..: . fo e e e . S R . 2o : .o
. -‘ ; : ; i ..’ . e . : : ,. . S " ; .04- : SR .. " .“
0‘ . - . ; 3 . . .. . .. K3 . . ; ... ... ; : . P . g . : ..-. ' .. - .
i s i Y- : ,. G . it : + S .
¢ : 1 - : . e * . . " .. .-. S ..' . | ‘° . g . . . '.. ' 2 ; | °-' . ..
. 2 : , o : . 4 R
4 e 4 o i e 2 . . '. 5 : & . p
. e ° a % . . "% L 7 : % * '.‘; . - o .
¢ s . .
. : o ; '. b > . A A ‘ o "_,-. “.. ) 40 N
¢ e CH : 4 o £ ¢ " :
iy 2 o.. 9 1% > *, . .-’.. i @ '.. e :* YIS ‘.. : . . o
o * ' ; ® < ' .... et A . % Liva®
. Y ~. . . g : .A'*.. . ’ . . A g ". : .c . 0 e : ey .. . e s & . .‘
-+ matteani@mpa-garching.mpg.de .- = . .- - MM pum@[@ INETI T@TE
ety - POR ASTROPHYS
g 5 . = et 4 N ’ g b e . ¥
é 2 2 . . PR A5 RO RN gy A 4 L% o . e


mailto:matteani@mpa-garching.mpg.de

