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LMC 1987A dataset

« 0.2-1.0keV (red)

e 1.0-2.0keV (green)

e 2.0-4.5keV (blue)
Components

* diffuse emission
* extended sources (30 Doradus)

*  point sources




Modeling the Diffuse X-ray Sky



Modeling the Diffuse X-ray Sky

d(x,v) = Iy(z) - exp(a(x) - V)



Modeling the Diffuse X-ray Sky

d(x,v) = Io(x) - exp(a(x) - v)

w1



Modeling the Diffuse X-ray Sky

d(z,v) = Io(z) - exp(a(z) - v)




Modeling the Diffuse X-ray Sky

0.2-1.0 keV

1.0-2.0 keV

2.0-4.5 keV



Modeling the Diffuse X-ray Sky & Extended Sources

0.2-1.0 keV

1.0-2.0 keV

2.0-4.5 keV



Modeling the Diffuse X-ray Sky & Extended Sources

0.2-1.0 keV

d(z,v) = Io(z) - exp(a(z) - v)

1.0-2.0 keV

g’

2.0-4.5 keV

g "

e o

Assumptions in the generative model:




Modeling the Diffuse X-ray Sky & Extended Sources

0.2-1.0 keV

1.0-2.0 keV

2.0-4.5 keV

g "

Assumptions in the generative model:
* Positivity of flux



Modeling the Diffuse X-ray Sky & Extended Sources

0.2-1.0 keV

1.0-2.0 keV

2.0-4.5 keV

g "

Assumptions in the generative model:
* Positivity of flux
« Statistical homogeneity & isotropy



Modeling the Diffuse X-ray Sky & Extended Sources

0.2-1.0 keV

1.0-2.0 keV

2.0-4.5 keV

g "

Assumptions in the generative model:
* Positivity of flux

« Statistical homogeneity & isotropy
* Spectral behavior



Modeling Point Sources



Modeling Point Sources

p(x,v) = Iy(x) - exp(ay(x) - v)



Modeling Point Sources



Modeling Point Sources




Modeling Point Sources




Modeling Point Sources

1.0-2.0 kev RN

. LT
L 5_%._ -y
.rll A ot

SR

E

.::|' -"'-:.
-.L".: t'-.i

Assumptions in the generative model:



Modeling Point Sources

Assumptions in the generative model:
* Positivity of flux




Modeling Point Sources

Assumptions in the generative model:
* Positivity of flux
* Spectral behavior













Generative Models for Bayesian Imaging P(s|d) oc P(d|s)P(s)

How can we include

P (8) knowledge about the signal

about the signal?

Structure!

7) (d‘ S) knowledge about the measurement




Generative Models for Bayesian Imaging P(s|d) oc P(d|s)P(s)

e Positivity of flux
« Statistical homogeneity & isotropy
* Spectral behavior

How can we include

7) (8) knowledge about the signal

about the signal?

Structure!

7) (d‘ S) knowledge about the measurement




Modeling eROSITA

Image credit: DLR
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SN1987A with eROSITA

* Positivity of flux
 Statistical homogeneity & isotropy
» Spectral behavior

S ) knowledge about the signal

 Detector effects
 Noise statistics
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Noise weighted residuals

1.0-2.0 keV (.
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Structured generative networks can

encode P(s) with minimal assumptions and domain knowledge instead of

* act as a white box (all observables are accessible)

« deliver uncertainty quantification and sampling from posterior P(S ] d)

A combination of classical ML Networks and this approach:

Aim-resolve, Fuchs et al.

Bayesian Reasoning with
U-Net for component identification

Trained Neural Networks,
Knollmtiller et al.
Prior encoded in network




Got interested? - Let’s talk

Vincent Eberle
mail: veberle @mpa-garching.mpg.de

reconstructed sky



Backup Slides



IFTY

O] g
Essential building blocks

Inference algorithms



IFTY

O] g
Essential building blocks

Inference algorithms

UBIK - Universal Bayesian Imaging Kit



IFTY

to LTI
Essential building blocks

Inference algorithms

UBIK - Universal Bayesian Imaging Kit




IFTY

O] g
Essential building blocks

Inference algorithms

UBIK - Universal Bayesian Imaging Kit

Extension of NIFTy

Prior models

Instrument interfaces

Methods for response representation

Methods for component separation
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o Platform ~ Solutions ~ Resources ¥ Open Source ~ Enterprise  Pricing

@ NIFTy-PPL/)-UBIK (Public

<> Code

[ORESTE

{1 Pull requests

1 ® Actions [ Projects @) Security |~ Insights

¥ main - ¥ 33 Branches ©) 2Tags Q Go tofile

‘ Eberle-Vincent Merge branch ‘cosmetics’ into 'main’ = 9666fb7 - last week
B data add empty data folder

B demos fix_documentation: small typo.

B docs better docstrings better api

BB paper add new plots

B src requested change

B test better test documentation and skip of chandra tests

[ .gitignore change package name

[ .gitlab-ciyml changes

[ CONTRIBUTION.md
™ LICENSE

[ README.md

B jubiko

[ pyproject.toml

[0 README &3 BSD-2-Clause license

black as formatter
Add LICENSE

add link

change package name

changes

| <> Code ~

1) 1,939 Commits
2 years ago
ast month

2 weeks ago
2 months ago
last week

2 months ago
2 years ago
ast month

5 months age
last year

2 months ago
2 years ago

last month

Search or jump to... | Sign in

L\ Netifications % Fork 1 % Star 4

About

Universal Bayesian Imaging Kit for the
removal of instrument caused
degradations and calibration

& ift.pages.mpcdf.de/j-ubik/

astronomy bayesian

bayesian-inference imaging

Readme
BSD-2-Clause license
Activity

Custom properties

4 stars

2 watching

1 fork

< O [ <+ &8

Report repository

Releases

) 2tags

Packages

No packages published

Contributors &

https://github.com/NIFTy-PPL/J-UBIK
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# > J-UBIK User Guide
Section Navigation

What is Information Field Theory? J_U BIK User Gu ide This Page

What is NIFTy?
s Show Source

What is J-UBIK? ¥ This guide is an overview and explains the main conceptual idea behind J-UBIK (JAX-accelerated
Citing J-UBIK Universal Bayesian Imaging Kit for X-ray), NIFTy.re and IFT.

The foundation of J-UBIK and NIFTy.re is the theoretical framework of information field theory (IFT),
which applies Bayesian inference to address the underconstrained problem of reconstructing
continuous physical fields from finite datasets.

However, J-UBIK is more driven by real instrument and their data. It facilitates the implementation of
the central components of Bayesian inference, namely likelihood models for different instruments. It
currently includes implementations for X-ray telescopes (Chandra and eROSITA) as well as the
infrared observatory JWST. Several demos show how different likelihood implementations (Chandra
& eROSITA):

Further information on these topics, as well as on the role of prior and likelihood models in Bayesian
inference, can be found here:

What is Information Field Theory?
What is NIFTy?
What is J-UBIK?

More details on the API and the demos for the different instruments can be found at the AP|
reference.

Details on how to cite the J-UBIK package can be found at

Citing J-UBIK
¢ Previous Next
J-UBIK Manual What is Information Field »

https://ift.pages.mpcdf.de/j-ubik/user/index.html



More and more instrument models...
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User Guide API reference Q  Search the docs ...

A > JUBIK User Guide
Section Navigation

What is Information Field Theory? J-UBIK User Guide This Page

What is NIFTy?

« Show Source
What is J-UBIK? v This guide is an overview and explains the main conceptual idea behind J-UBIK (JAX-accelerated

Citing J-UBIK Universal Bayesian Imaging Kit for X-ray), NIFTy.re and IFT.

The foundation of J-UBIK and NIFTy.re is the theoretical framework of information field theory (IFT),
which applies Bayesian inference to address the underconstrained problem of reconstructing
continuous physical fields from finite datasets.

However, J-UBIK is more driven by real instrument and their data. It facilitates the implementation of
the central components of Bayesian inference, namely likelihood models for different instruments. It
currently includes implementations for X-ray telescopes (Chandra and eROSITA) as well as the
infrared observatory JWST. Several demos show how different likelihood implementations (Chandra
& eROSITA):

Further information on these topics, as well as on the role of prior and likelihood models in Bayesian
inference, can be found here:

What is Information Field Theory?
What is NIFTy?
What is J-UBIK?

More details on the API and the demos for the different instruments can be found at the API
reference.

Details on how to cite the J-UBIK package can be found at

Citing J-UBIK

Previous Next

< J-UBIK Manual What is Information Field >
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How do we apply this to SN1987A data?
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Patched Interpolated Convolution



[Nagy, James G., and Dianne P. O'Leary. "Fast iterative image restoration

 with a spatially varying PSF." 

Advanced Signal Processing: Algorithms, Architectures,

 and Implementations VII. Vol. 3162. SPIE, 1997.]
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Bayesian Reasoning with 

Trained Neural Networks, 

Knollmüller et al.

Prior encoded in network
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DLR Funding (ca. 2022-2024)

Team:



Vincent Eberle

Matteo Guardiani

Margret Westerkamp



Content:

		Develop interface for X-Ray Instruments 

(Chandra, eROSITA, XMM-Newton)



		Develop methods for instrument responses



		Sky Models
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J-UBIK 















https://github.com/NIFTy-PPL/J-UBIK











https://ift.pages.mpcdf.de/j-ubik/user/index.html





More and more instrument models...













James Webb Space Telescope













Radio Telescopes (VLA, Meerkat, ALMA)
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