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Information theory

~ P(d,s) e~ 1(d;s)

PEID = ) Tz
H(d,s) = —logP(d,s)
Z(d) = 7P(d)

— /DsP(d,S)
P(d,s) = 7P(d|s)P(s)

H(d,s) = H(d|s)+ H(s)

Information

is additive
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signal reconstruction with 2" pixels given 42 noisy data points
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& NIFTy5

NIFTy — Numerical Informat heory

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

MNIFTy offers a toolkit that abstracts disgletized representations of cont—in@s es, fields in
these spaces, and operators acting orfithese fields into clﬁs. This allows fo t
ul

formulation and programming of inferf@ince algorithms, incjd osijerl'\.red withigiagr on
field theory. NIFTy's interface is design®lto resemble IFT fdfm ? the sense that t [

implements algorithms in NIFTy independe®ggf the topology of fly' spaces and gI
discretization scheme. Thus, the user can develjgalgorithms on subs blems and on 1

spaces where the detailed performance of the algorygg can be properly ated and then easily

generalize them to other, more complex spaces and the T8

@
problem, respectively. Q S{ ()
The set of spaces on which NIFTy operates comprises point sets, n"Sggensional regular gg J 0

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

P(s) = G(s,9)

1 o ( 1 f g1 )
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FT as neural network
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Data model
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Information

H(d,s, )= —logP(d, s, 1)

= 17 [log(d!) + R (e* + e%)] — d' log [R (e® + e¥)]
1 1
+ gsTS’_ls + 5 log (det |S])
4
+ (o — 1)T| * Convert info generative model
e Compress information into Gaussian via

+ (B — 1)T. Metric Gaussian Variational Inference
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Variational Dayes

P(sld) H(sld)
P(s|d) = G(s — m, D) H(s|d)=5 (s —=m) D™ (s —m)

KL(P, P) = /Dsﬁ(syd) H(sld) — H(sld)




Metric Gaussiaon Variational Bayes

P(s|d) H(s|d) Knolmiller & EnRlin (2019)
P(s|d) = G(s — m, D) H(s|d)=5 (s —=m) D™ (s = m)

KL(P, P) = /Dsﬁ(s\d) H(sld) — H(sld)
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10 A

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

50 100 150
time [sec]

200

250




Magnefar flare SCR 1900+14

Pumpe et al. (2018)
0-2Hz) 417

13

—— Pree(v)

uncertainty

102 10! 10° 10"
[v|[1/sec]

102




Selig et al. (2015)
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Muller et al. (2018)




Galactic dust by Planck
Leike & Enflin (2019)




Galactic dust by Gaia
Leike & Enflin (2019)




Galactic dust by Gaia
Leike & Enflin (2019)




Galactic dust by Gaia
Leike & Enflin (2019)




‘Og dUS-I- deﬂSITy Reimar Leike et al. (2019)
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‘Og dUS-I- deﬂSITy Creen et al. (2018))
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‘OQ Aust densify allement et ol (2018)
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‘Og dUS-I- deﬂSITy Reimar Leike et al. (2019)
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assumed Z2-point correlation
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assumed power spectro
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observed power spectro
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Faraday Data Oppermann et al. (2012)
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Galactic Faraday Sky Oppermann et al. (2012)
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Faraday Amplitude Field Oppermann et al. (2012)
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Faraday Amplitude Field Hutschenreuter & Enflin (2019)




Planck Free-Free Emission Hutschenreuter & EnRlin (2019)




Faraday Amplitude Field Hutschenreuter & Enflin (2019)




Faraday Amplitude Field Hutschenreuter & Enflin (2019)




Galactic Faraday Sky Hutschenreuter & Enflin (2019)
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Feld Dynamics
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Feld Dynamics
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Feld Dynamics
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Feld Dynamics
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Feld Dynamics
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NIFTy Numerical Information Held Theoy

Held dynamics ~ Use it

e Theory papers
* Application papers

NIFTy

e Python
S & * freely available
NZF e documented

Inference o * tutorials
e dynamical fields * demos
* & their dynamics e codes
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