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signal field: ~ degrees of freedom
I dataset: finite
i — additional information needed

information:
ohysical laws, symmetries, continuity,

statistical homogeneity/isotropy, ..

¥ g et ot

fo P BRI VYV e ¥ o] e i )0 = e, \'E &
o SRR - R —— . -

-

most important: === combining concrete (data) &
space, time, & fields ===  abstract (knowledge) information
are continuous s—== — information theory for fields




Information Field Theory

s = signal

d = data
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signal reconstruction with 2" pixels given 42 noisy data points

coordinate
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signal reconstruction with 2" pixels given 42 noisy data points
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Selig et al. (2013), Steininger et al. (sub.)
Code @ https//gitlabmpcdf.mpg.de/ift/NIFTy
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Junklewitz et al.
Arras et al.




Data model

unknown

Gaussian priors:
P(s) =G(s, S) unknown
P(n) =G(n, N) known




Information Hamiltonian

H(d,s, 7) = —logP(d, s, 1)
1 _ L1
kelhood = 5 (d — Re®)' N7 (d — Re®) + ; log (det [N))
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Abell 2219 @ 8415 MHz - data by Vdentina Vocca
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Abell 2219 @ 8415 MHz - CLEAN map by Vadlentina Vacca
CLEAN 8415
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Abell 2219 @ 8415 MHz - fast-RESOLVE map by Maksim Creiner
RESOLVE 8415
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Maksim Creiner
fastRESOLVE



Data fusion

single dish interferometer




Data fusion
P(dl, dg, S) — P(dl ’S) P(dg‘S) 7)(8) H(S)

single dish oointing interferometer
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Dirty images

single dish interferometer
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Images

single dish interferometer
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Image

single dish + interferometer single dish + interferometer
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Image

single dish + interferometer real sky
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Denoising, Deconvolving, and Decomposing

Photon Observations selig et al. (2014)
www.mpa-garching.mpg.de/ift/d3po




Selig & Enl3lin

D°PO - challenges & assumptions (2014)
arXiv: 1311.1888

signal fields
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http://arxiv.org/abs/1311.1888

D°PO - challenges & assumptions

1+2+2 model parameters

smoothness — y =y oy Lo
prior power spectrum\:ﬁf J J
log-normal Sy Yy
diffuse / point-like
photon flux
v
photon counts
v

data

Selig & Enflin
(2014)
arXiv: 1311.1888

,,,,,,,,,,,,,,,,,,, independent
Inverse-gamma
- likelihood



http://arxiv.org/abs/1311.1888

Selig & Enl3lin

D°PO - challenges & assumptions (2014)
arXiv: 1311.1888

H(s,T,u|d) = —log P(s, T, u|d)
= Hy+1"R (e® + %) — d' log (R (¢® + %))

1 1
+ 5 log (det |.S]) + §8TS_1S
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http://arxiv.org/abs/1311.1888

D3PO in 1D & QPOs

MagneTQr flare SCR 1900+14
Pumpe et al. arXiv:17/08.057072
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flux [counts per bin]

D3PO in 1D & QPOs

Mognemr flare SCR 1900+14
Pumpe et al. arXiv:17/08.057072
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P(v)

D3PO in 1D & QPOs

MogneTQr flare SCR 1900+14

Pumpe et al. arXiv:17/08.057072
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log-data



log-data ... denoised



log-data ... denoised ... deconvolved



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



Selig, Vacca, Oppermann, Enflin (2015)

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



Selig, Vacca, Oppermann, Enflin (2015)

relative uncertainty of diffuse emission



Sharpening up the gamma-ray sky

Ancla Miiller: Sharpening up Galactic all-sky maps
with complementary data

7/23/18



Restoring the hadronic sky

Ancla Miiller: Sharpening up Galactic all-sky maps
with complementary data

7/23/18



Climpses into the future

# ! 3

Daniel Pumpe: D'PO
arXiv:1802.020135




Raw photon counts
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Photon counts
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Diffuse flux
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Uncertainty diffuse flux
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Photon counts
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Reconstructed point-like flux

point sources
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Pomnt-like flux
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Uncertainty point-like flux
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Photon counts
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Reconstructed background flux
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Error background flux
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10—11

Spatial correlation of diffuse flux
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D4PO vs ML
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Climpses into the future

/ 2
2, EEEmaT

lakob Knolmoller
starblade















data and true components
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ground truth / starblade ground truth / autoencoder




ground fruth / starblade ground fruth / autoencoder




diffuse truth vs DDCAE and starblade

sextractor
DDCAE

starblade




Fermi

COMPTEL \\\: DPO
Integral Ny | 2D event based
imaging
RXTE [~
1D time-line
Chandra - _ﬁfonstruction
ROSAT |—ltomography
3D galactic B l |BIK
XMM [~ 3D lensing 2
- R Universal
eRosita DSC Bayesian
1D dynam1.cg1 Imacin 2D radio
- system classifier 2 .g
= / toolKit
DFI /
2D dynamical
Planck .. |~ field inference
/ 7 7
LOFAR
-~ 7| RESOLVE
NMeerKAT / 2D aperture
_SKA / synthesis
Effelsberg- envisioned in preparation published
SRT

physical components

science results



Imaging goes inference

IFT
NIFTy
UBIK

information field theory
numerical IFT in Python
multi-instrument & -dimension
imaging & tomography



If yvou build an instrument please provide

- a fast response code

R: sky - data
- 1ts derivative

R’ = dR/dsky: (sky, dsky) - ddata
- 1ts adjoint

R': (sky, ddata) > dsky

and UBIK will be your friend.



Thank youl

wwwmpa-garchingmog.de/ift



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