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Pulsars:
Dispersion Measure — electron de

Rotation Measure — magneti
Scintillation Measure — el. dei

Rotation Measure — mognf:
Ultra High Energy Cosmic R

Stars:
Dust reddening — dust de
Positions — stellar density )
Kinematics — gravitational p
Emission Processes: '
Dust emission — dust densﬁy & erI
Synchrotron — relativistic el. x mag. |
Bremsstrahlung — thermal, rel. el. x
Inverse Compton — rel. el. x radiation
Hadronic interactions — rel. nuclei x g
Lines (21 cm, CQO, ...) — gas density & k

Other information sources:
Correlation structures (auto- & cross- correlohons
Approximate symmetries

Physical laws

Empirical laws, ...

gnetic structure
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Bayes' theorem
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Information theory

P(d,s) e Hds)

PED = @) Tz
H(d,s) = —logP(d,s)
Z(d) = P(d)

— /DSP(CZ,S)

P(d,s) = "P(dls)P(s

metric regularization

Information

is additive



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
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Probability & Information
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signal reconstruction with 2" pixels given 42 noisy data points
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Correlations
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P(d|s)
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Correlations
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diffuse emission
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Wiener Hlter

-

Noisy data Wiener filtered True signal

https//enwikipedia.org/wiki’ Ceneralized_Wiener_filter



d = Rs+n data
P(d,s|R,S,N) = G(s,5)G(d— Rs,N) orior & likelihood
P(s|d,R,S,N) = G(s—m,D) oosterior




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

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

D = (5—1 + RTNL R)_l information propagator




IFT as a neural network
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Artificial Intelligence




# NIFTy5

NIFTy — Numerical Informati
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Selig et al. (2015)




Selig et al. (2015)




Selig et al. (2015)




Selig et al. (2015)
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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])
1

4+ ((X _ 1)T/n- | ala—T | e AP N
| * Convert into generative model
+(B-1)., Compress information into Gaussian via
Metric Gaussian Variational Inference
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Variational Bayes

P(s|d) %(s|d)
P(s|d) = G(s —m, D) H(s|d)

2%(8 —m)'D7 (s —m)

~

KL(P, P) = /psﬁ(s\d) [H(s\\d);—;ﬁ(s\d)]




Metric Odmisibondtivesal Bayes

P(s|d) H(s|d) Knolimdller & EnBlin (2019)
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Hierarchical Bayesian Model
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Galactic Faraday Sky Hutschenreuter & Enflin (2019)
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Faraday Effect

R 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

> ¢(z) x dz’Bz
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Faraday Amplitude Field Hutschenreuter & EnRlin (2019)
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Hierarchical Bayesian Model




Planck free free map Hutschenreuter & Enflin (2019)




Inferred free free map Hutschenreuter & EnBlin (2019)
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data and true components
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ground truth / starblade ground truth / autoencoder




oround fruth / starblade oround fruth / autoencoder




[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 & eror

{ neural network ] fast black box method
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nonlinear reconstructions



# NIFTy5

NIFTy :1]_. :2]_. "Numerical Information Field Theo cnable the
development of signal inference algorithms that
spectral, temporal, ...) and their resolutions. Itg¥bject-oriente ork is written in Pyth®
although it accesses libraries written in C++40d C for efficien

MNIFTy offers a toolkit that abstracts diggfetized representations of cont—in@s es, fields in

these spaces, and operators acting onithese fields into cl s. This allows fo t
formulation and programming of infef&nce algorithms, in%osﬂen’ved withi@iagr on
field theory. NIFTy's interface is design®gto resemble IFT f ul‘a?\ the sense that t @
implements algorithms in NIFTy independe®ggf the topology of tly' spaces and ﬁ' P
discretization scheme. Thus, the user can devel®galgorithms on subs blems and on

spaces where the detailed performance of the algor™yg can be properly ated and then easily *I

generalize them to other, more complex spaces and the T8§groblem, respectively. Q % [ ]
gensional regular g’t

spherical spaces, their harmonic counterparts, and product spaces cons ed as combinatiol o
those. NIFTy takes care of numerical subtleties like the normalization of opef®ggns on fields and LS & .
the numerical representation of model components, allowing the user to focus o ulating the

abstract inference procedures and process-specific model properties.

The set of spaces on which NIFTy operates comprises point sets, n
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Variational Bayes

P(s|d) %(s|d)
P(s|d) = G(s —m, D) H(s|d)
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Metric Gaussian Variational Bayes
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Galactic Faraday Sky Hutschenreuter & Enflin (2019)
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Faraday Data Oppermann et al. (2012)
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Faraday Amplitude Field Hutschenreuter & EnRlin (2019)




Planck Free-Free Emission Hutschenreuter & EnRlin (2019)
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Hierarchical Bayesian Model
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