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Photon count imaging
D3PO (Selig et al.)
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Information theory

P(sld) = P;C(Z‘;)
H(d,s) = —logP(d,s)
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_ / DsP(d, )
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H(d,s) = H(d|s)+ H(s)
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signal reconstruction with 2" pixels given 42 noisy data points
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Correlations

signal reconstruction with 2" pixels given 42 noisy data points
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Wiener filter
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Wiener filter
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NIFTY - Numerical Information Field Theory
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Wiener filter as a neural network
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Interacting Theory

non-Gaussian signal, noise, or non-linear response
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Primordial non-Gaussianity measurement
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Variational Bayes
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Metric Gaussian Variational Bayes
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Denoising, Deconvolving, and Decomposing

Photon Observations selig et al. (2014)
www.mpa-garching.mpg.de/ift/d3po
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Data model
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Information
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D3PO in 1D & QPOs

Magnefar flare SGR 1900+14
Pumpe et al. arXiv:1708.05702
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flux [counts per bin]

D3PO in 1D & QPOs

Magnefar flare SCR 1900+14
Pumpe et al. arXiv:1708.05702
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D3PO in 1D & QPOs

Magnefar flare SCR 1900+14

Pumpe et al. arXiv:1708.05702
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log-data



log-data ... denoised



log-data ... denoised ... deconvolved



log-data ... denoised ... deconvolved ... decomposed



elig, Vacca, Oppermann, Enflin (2015)

log-data ... denoised ... deconvolved ... decomposed



Selig, Vacca, Oppermann, EnRlin (2015)

relative uncertainty of diffuse emission



Sharpening up Galactic all-sky maps with complementary data
Ancla Muller et al (2018)




Sharpening up Galactic all-sky maps with complementary data
Ancla Muller et al (2018)




Planck Dust

Leike & EnRlin (2019)




Caia Dust

Leike & EnRlin (2019)




Caia Dust

Leike & EnRlin (2019)




dust density

Reimar Leike et al. (in prep.)




dust density

Reimar Leike et al. (in prep.)







Dust Movie

Reimar Leike

Galactic dust within 300pc. Reconstructed from Gaia data by Leike and Ensslin 2019)


dust density

Leike & EnRlin (2019)
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log dust density

Reimar Leike et al. (2019)
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‘Og dUS-I- deﬂSITy Creen et al. (2018))
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‘OQ Aust densiTy Lallement et ol (2018)
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log dust density

Reimar Leike et al. (2019)
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assumed Z-point correlation
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assumed power spectra
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observed power spectra
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starblade
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data and true components
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ground truth / starblade ground truth / autoencoder




oround fruth / starblade oround fruth / autoencoder




neural networks vs. information field theory
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Imaging goes inference

IFT - information field theory

NIFTy - numerical IFT in Python
autodiff/variational inference

UBIK - Universal Bayesian Imaging
toolKit
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