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Information Field Theory
Numerical IFT for python

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

http://www.mpa-garching.mpg.de/ift/nifty/
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41 330 data points



Challenges

I Regions without data
I Uncertain error bars:

I complicated observations
I nπ-ambiguity
I extragalactic

contributions unknown
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1D example
Assumptions:

I signal field statistically homogeneous Gaussian random field
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1D example

I Reconstruct (iteratively):
signal, power spectrum, noise variance
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Gamma-ray photon counts:

FERMI data

I non-Gaussian

I always positive
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of magnitude

The log-normal model

I use logarithm of photon flux
density as signal

I model this as Gaussian
random field
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uncertainty reconstructed signal

fractional uncertainty reconstructed exponentiated signal
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Synchrotron radiation Bremsstrahlung (free-free)

Thermal dust radiation Radiation from rotating dust grains
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Summary

I Probabilistic inference problems

I Use correlation structure to interpolate

I Probabilistic method for dealing with outliers

I Non-linear response / Non-Gaussian signals can be dealt with



Information Field Theory
Numerical IFT for python

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

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

I Lecture on IFT next Wednesday (July 10th)

I NIFTy tutorial next Thursday (July 11th)
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