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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




Data Fus




signal - P(d,s) P(d]s)P(s)

P(d)  P(d)
Bayes' theorem

§ /(d, ) | signal |

| data |

» data




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



Data Fusion
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Probability & Information

PO T Tt He) = 5
(s—d)?

P(dls) o< e 277
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signal reconstruction with 2" pixels given 42 noisy data points
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Correlations




Correlations

P(s]d)

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




Correlations

Sli"*

P(s)

diffuse emission

SOy = Cs (x —y) |
Sk = (2m)"0(k — k') Ps(k)

T corelation r P(s) = G(s,5)
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Wiener Hlter

-

Noisy data Wiener filtered True signal

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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Wiener Filter

P(s,d) = G(s—m,D)

m = Dy
j = RIN714
D! = Sy RINTIR
D'm = j — solve with Conjugate Gradient
S = F P F

Sl = F/PF




Wiener Filter Samples

G(s" —m,D)
G(s*,5)
G(&, 1)
F~'/P¢
G(n*,N)
Rs*+n”
DR N~ 'd*
st —m”

+ 0
D

— solve with Conjugate Gradient
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NIFTy — Numerical Informat heory

NIFTy :1]_. :2]_. "Numerical Information Field Theorgis a versatile library designed Wyenable the
development of signal inference algorithms that independentaaf the underlying grid
spectral, temporal, ...) and their resolutions. Itg¥bject-oriented, ork is written in Pyth®
although it accesses libraries written in C++4hd C for efficien 4

MNIFTy offers a toolkit that abstracts diggfetized representations of cont—in@s es, fields in
these spaces, and operators acting ofthese fields into clayges. This allows fo t
formulation and programming of infef&nce algorithms, in%osyjeri\red with%on
field theory. NIFTy's interface is design®gto resemble IFT f muI‘? the sense that i @
implements algorithms in NIFTy independe®ggf the topology of tly' spaces and gl[
discretization scheme. Thus, the user can develSgalgorithms on subs blems and on

spaces where the detailed performance of the algor™ygn can be properly ated and then easily *I
generalize them to other, more complex spaces and the T8§groblem, respectively.

gensional regularg

the numerical representation of model components, allowing the user to focus ol
abstract inference procedures and process-specific model properties.

The set of spaces on which NIFTy operates comprises point sets, n
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NIFTy — Numerical Informati

NIFTy :1]_. :2]_. "Numerical Information Field Theorgis a versatile library designed Wyenable the

development of signal inference algorithms that Ve independent@af the underlying grid ,
spectral, temporal, ...) and their resolutions. Itg¥bject-oriented, ork is written in Pyth®
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import nifty6 as ift
s space = 1ft.RGSpace([N,N])
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unknown * )\ R 6

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

d;
N
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Information

H(d,s, T) = —logP(d,s,T)
ikelhood = 11 [log(d!) + R (e* +e*)] — d' log [R (e® + %)]

diffuse prior ; Tt ; log (det |S])

.1
yoeprior  +(a=1)IT+qleTT + o7 TT

cointprior +(B—1DTu+nle™

corelaton 8 = Z e™ S
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Bayesian Sampling

Sampling the unknown signal according to its posterior probability

P(s|d) =P(d,s)/P(d)

Goal is to calculate pasterior expectation values:

G pea = / ds P(s]d) £(s)

[dsP(d,s) f(s) _ 3, wi f(s0)
[ dsP(d,s) > w;




Sampling
P(d, s)




452

Uniform Sampling

P(d, s)
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Rejection Sampling
P(d,s)
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Rejection Sampling
P(d, s)




Metropolis Hasting Sampling
P(d, s)




Gibbs Sampling
P(d, s)




Hamiltonian Sampling

H(s,p) = % +V(s), V(s)=-InP(d,s)
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Nested Sampling
P, s)
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Nested Sampling




Information

H(d,s, ) =—logP(d, s, 1)
=17 [log(d!) + R (¢* +e*)] — d'log [R (e® + )]

1 1
+ 5 s’§—1 + 5 log (det [S])
1
—+a—-)r+¢‘”+§NTT

(o —1)7
+(B8-1DTu+nfe™

S = ZeTkSk
k
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IFT as a neural network

ISOTropIC power spectrum
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Metric Gaussian

Variational Inference
Knollmuller & Enflin (arXiv:1901.11033)

Hierarchical Model

00 - 00® 4

'\? R G
¥ -

// inference

initialize £

while £ not converged do

21 = JiMyede +1

// draw N samples

for N samples do

¢ G 1)

n' ~G(n, M (ﬁé)

d=J 33 "+

s ortar gt

] = JE—.‘I(”E(!

solve j' = Z71¢ for € with conjugate gradient
store sample A& = ¢ — &
end

// Use these samples to minimize KL with respect to the mean

while Dy not converged do
// Stochastically estimate KL and its gradient

Di1 = { z;"’ Uw £+ AL)

dD
M =N Zz 0 dE (d, £+ AL)
DKL
A
use A ¢ to update £ such that Dy is minimized

holv(. =g 1.-_\£ for natural gradient L\E- with conjugate gradient

end
// now the mean is updated

end

// Preparing posterior analysis
for N samples do

E A G(ET)
n G(n, M
d = J'?-E +n'
s gta, '

] = d’é.{\]dl&?d

solve j' = Z-1¢ for & with conjugate gradient

store sample A& = & — £ to use for posterior analysis

end

FIE)




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)
P(s|d) = G(s —m, D) H(S\d)§§(5 —m)'D7}(s —m)

KL(P, P) = /psﬁ(s\d) [ (sld) — H(sld)

—1
D~ OH(d,s) OH(d,s)"

N 0s 0s
(d]s=m)



fomaton 1 d4im

H(d, S,T) = —1Og73(d7 877)

= 1" [log(d!) + R (® + e*)] — d'log [R (e® + e)]
1 1
+ §3TS—13 + 5 log (det | S])
1
+ (. — 1)*7’ +qgle™™ + iTTTT

+ (8 — 1)qu+?7 e ¢

S = ZeTkSk
k
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Pumpe et al. (2018)
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flux [counts per bin]

10 1

Magnemr flare SGR 1900+14
Pumpe et al. (2018)

20 100 150
time [sec]

200

250




Magnemr flare SGR 1900+14 1 dim

Pumpe et al. (2018)
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nformation 2 dim

H(d, S,T) = —IOgP(da 877)

= 1" [log(d!) + R (® + e*)] — d'log [R (e® + e)]
1 1
+ §3TS—13 + 5 log (det | S])
1
+ (. — 1)TT +qgle™™ + iTTTT

+ (8 — 1)qu+?7 e ¢

S = ZeTkSk
k



getal (2015)
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Selig et al. (2015)




Selig et al. (2015)




Selig et al. (2015)




Selig et al. (2015)
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Selig et al. (2015)




Selig et al. (2015)







dust emission by [RAS + Planck
Leike & Enflin (2019)




dust absorption by Gaia
Leike & Enflin (2019)










OOWEr SPECTIUM Leke & Enflin. (2019)
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The physics of multiphase gas flows: fragmentation of a
radiatively cooling gas cloud in a hot wind

Martin Sparre">3* Christoph Pfrommer>! and Mark Vogelsberger?
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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)




Faraday Amplitude Field Hutschenreuter & EnRlin (2019)




ude Field Hutschenreuter & EnRlin (2019)

Faraday

z

¢(z) < | dzne By




Data Fusion s

S
|

-I-nz

/dx/dVR v)e(z,v)

= H(dals) + H(dals) + H(s)



Hierarchical Bayesian Model




Planck free free map Hutschenreuter & Enflin (2019)




Inferred free free map Hutschenreuter & EnBlin (2019)
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Hierarchical Bayesian Model
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NIFTy tutorial part 2

nonlinear reconstructions



NIFTy software package:
ift.pages.mpcdf.de

| IFT resource page:
wWwmpa . mpa-
. garching.mpg.de/
2L
s STt
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