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Pulsars:
Dispersion Measure — electron ¢
Rotation Measure — magneti
Scintillation Measure — el. de

Rotation Measure — magne
Ultra High Energy Cosmic Ray

Stars:
Dus’r reddemng — dust den

Kinematics — gravitational pdfen i

Emission Processes: L
Dust emission — dust density & radic
Synchrotron — relativistic el. x mag. Fie
Bremsstrahlung — thermal, rel. el. x gas
Inverse Compton — rel. el. x radiation fi
Hadronic interactions — rel. nuclei x gd_
Lines (21 cm, CG, ...) — gas density & kinemait

Other information sources:
Correlation structures (auto- & cross- correlo’nons‘
Approximate symmetries

Physical laws

Empirical laws, ...



dv R;(x, V)



Information theory

 P(d,s) e )

P(d) —  Z(d)
H(d,s) = —logP(d,s) Information
Z(d) = P(d)
= /DSP(CZ,S)
P(d,s) = "P(d|s)P(s)
H(dy,da,s) = H(di|s) +H(da|s) +H(s) is additive



Data Fusion .
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Proobability & Information
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Correlations

P(s]d)

P(d|s)
d=5s1+n-




Correlations

P(s) = G(s,S)
_ ([ (s151) (s182)
> = (<5231> (5352)
Sij = (sis;)
Sey = (S28y), x € R"
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Correlations

P(s) = G(s,S)
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Wiener Hlter
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Noisy data

https//enwikipedia.org/wiki’ Ceneralized_Wiener_filter



P(d,s|R,S,N)
P(s|d, R, S, N)

H(d,s|R,S, N)

Iy

Rs+n data

G(s,S)G(d— Rs,N) orior & likelihood

G(s—m,D) posterior
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d = Rs+n data

P(d,s|R,S,N) = G(s,5)G(d— Rs,N) orior & likelihooao
P(s|ld,R,S,N) = G(s—m,D) posterior
m = Dj pOSsterior mean
j = R'IN“'4d information source

informaiti




IFT as a neural network

ISOfropIC power spectrum
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IFT as a neural network

ISOfropIC power spectrum
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-y tutorial part 1

inear reconstructions



correlation luminosity
structure function
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P(d|s) Data model

known d R 6
unknown * )\ R 6

P(s) =G(s, S) unknown
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Information

H(d, s, T)

—logP(d, s, T)

17 [log(d!) + R (e® +¢e%)] — d'log [R (e® + ¥)]

1 1
+ isTS_ls + 5 log (det [S])
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Variational Bayes

P(s|d) H(s|d)

P(s|d) = G(s —m, D) H(s|d)
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Metric Gaussian Variational Bayes

P(s|d) H(s|d) Knolimdller & EnBlin (2019)
P(s|d) = G(s —m, D) H(S\d)§§(3 —m)'D7}(s —m)

KL(P, P) = /psﬁ(s\d) [ (sld) — H(sld)

—1
b~ [ OH(d.5) OH(d, s)T

h 0s 0s
(d|s=m)



Hierarchical Bayesian Model




Galactic Faraday Sky Hutschenreuter & Enflin (2019)
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Faraday Effect

B,

Faraday depth:

d(z) /Ozdz ne B



Faraday Data Oppermann et al. (2012)
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Faraday Amplitude Field Hutschenreuter & EnRlin (2019)




Planck Free-Free Emission Hutschenreuter & EnRlin (2019)

Faraday depth:
z
B = ¢(z2) x /dz‘Bz
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Faraday Amplitude Field Hutschenreuter & EnRlin (2019)




Faraday Amplitude Field Hutschenreuter & EnRlin (2019)




Hutschenreuter & EnRlin (2019)
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Data Fusion

Rz‘ [5]
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Hierarchical Bayesian Model

Noise
level

Planck free-free emission




Planck free free map Hutschenreuter & Enflin (2019)




Inferred free free map Hutschenreuter & Enflin (2019)

1\'/

0 |H',."'('1n" S0



data and true components
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diffuse data

point-like



ground truth / starblade ground truth / autoencoder




oround fruth / starblade oround fruth / autoencoder
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[sToﬂsﬂcal model] NIFTy> [ IFT algorithm ]

sample generation high fidelity white box method,

— sampling noise oarameters with meaning,
~ uncertainty quantification
4 N [ N

MOCk MOCk
_signals ) | data

high dimensional non-linear fit

— very expensive fraining phase,
~—— imoerfect leamning, try & ernor

{ neural network ] fast black box method




NIFTy tutorial part 2

nonlinear reconstructions



Fermi \
COMPTEL \ D3PO
Integral ~A 2D ?I‘;ggiggsed
RXTE [~
1D time-line
Chandra reconstruction
\\ \ physical components
ROSAT |—| tomography
3D galactic =~ | l | BIK
XMM - |— 3D lensing :‘5
i ———— o
eRosita DSC UIllV@I:SEll
112 dynallmiqgl Bayesian oD i
system classifier I .
— maging
Z
DFI % toolKit
Planck . B— 2D dynamical
anex .- |~ field inference
LOFAR —
——— | RESOLVE
/ 2D aperture
Mllesi AT / synthesis
Effelsberg envisioned in preparation published




Thank youl
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wwwmpa-garchingmog.de/ift
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