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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
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Photon counting instrument:
Log normol POISSOD model
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FT as neural ne
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# NIFTy5

NIFTy — Numerical Informati

NIFTy [1], [2], “Numerical Information Field Theoryls a versatile library designed
development of signal inference algorithms that

e independentgaf the underlying gridNgpatial,
spectral, temporal, ...) and their resolutions. Itg¥bject-oriente ork is written in Pyth®
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reconstructed map
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import nifty5 as ift
s space = 1ft.RGSpace([N])
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NIFTy — Numerical Informati

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

development of signal inference algorithms thatg¥e independeni@af the underlying grid ,
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reconstructed map

Ed;
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import nifty5 as i
s space = 1ft.RGSpace([N,N])
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NIFTy — Numerical Informa

NIFTy [1]_. [2]_. "Numerical Information Field Theo
development of signal inference algorithms that
spectral, temporal, ...) and their resolutions. It

s a versatile library designe nable the
independentaf the underlying gri
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signal data reconstructed map

import nifty5 as 1ift
s space = 1ft.HPSpace(NSide)
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Ancla Muller et al. (2018)
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dust emission by Planck
Leike & Enflin (2019)




dust absorption by Gaia
Leike & Enflin (2019)




dust absorption by Gaia
Leike & Enflin (2019)




dust absorption by Gaia
Leike & Enflin (2019)










FHeld inferene

IFT = information theory for fields |-

IFT is fully Bayesion

IFT exploits & learns signall
correlations & other properties

IFT fuses machine learning
& human knowledge

NIFTy

Numerical [FT

Reconstruction of signal fields
|over Cartesian and spherical
spaces and products thereof

|NIFTy algorithms are special

|ourpose NN that do not require| |

UBIK

| extra training




Thank youl

wwwmpa-garchingmog.de/ift


http://www.mpa-garching.mpg.de/ift
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