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Variational Inference (VI)

Kullback-Leibler divergence

KL[Q, [P = | og (Z(f(g))) 0,(¢) de

Posterior: P(&|d); Approximation: Q,(§); Variational parameters: o.

Approximate distribution Q: Q(y) = N (y;0,1)
Coordinate system y = g, (&) such that the posterior is close to Normal.
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Geometric Variational Inference (geoVI) [FLE21]
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Geometric Variational Inference (geoVI) [FLE21]

P(§|d)

Information Hamiltonian H({|d):  —log (P(£|d))

Posterior metric M (&): Mmn(§)+1
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Fisher information metric My, (§): <%> @)
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Geometric Variational Inference (geoVI) [FLE21]

P(¢|d) P(y|d) = [g = P(¢|d)](y)
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Geometric Variational Inference (geoVI) [FLE21]
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Geometric Variational Inference (geoVI) [FLE21]

T og
o¢

+ Approximate coordinate transformation g such that M(¢) ~ (%“2’)

s\ U g
+ Fisher metric via pullback: M(§) = M(§) +1 = (%g) %2 + 1.

Local Euclidean isometry around &

)
y = g(6:8) = ME)™: ls it (gg) (x(€) - x(é))]

£=¢
Likelihood transformation: x(¢) = x(s(&)), expansion point: .
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Geometric Variational Inference (geoVI) [FLE21]
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Geometric Variational Inference (geoVI) [FLE21]

Local Euclidean isometry around &

.
y=g(&&=M@E [g Sy (?92)

§=¢
Likelihood transformation: x(¢) = x(s(€)), expansion point: .

Variational approximation with transformed distribution QO

5g££)H

0c(€) = MO0,V yicg) |
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Geometric Variational Inference (geoVI) [FLE21]
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Application

Data

Posterior mean

Logarithmic 1 — o uncertainty

Logarithmic Residual
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Application

Propagator Posterior mean
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Application

Log spectrum Reconstruction
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Conclusion - Code

NIFTY

.W Numerical information field theory
* ° l.i https://gitlab.mpcdf.mpg.de/ift/nifty
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https://gitlab.mpcdf.mpg.de/ift/nifty

References

El Philipp Arras, Philipp Frank, Philipp Haim, Jakob Knollmiiller, Reimar Leike, Martin
Reinecke, and Torsten EnBlin.
Variable structures in m87* from space, time and frequency resolved
interferometry.
Nature Astronomy, 6(2):259-269, 2022.

@ Philipp Frank, Reimar Leike, and Torsten A. EnBlin.
Geometric variational inference.
Entropy, 23(7), 2021.

@ Sebastian Hutschenreuter and Torsten A. EnBlin.
The galactic faraday depth sky revisited.
A&A, 633:A150, 2020.

@ Reimar Leike, Gordian Edenhofer, Jakob Knollmiiller, Christian Alig, Philipp Frank, and
Torsten A. EnBlin.
The galactic 3d large-scale dust distribution via gaussian process regression on
spherical coordinates.

arXiv, 2204.11715, 2022.
23



Appendix




=
.2
L s
©
=
=
=)
<

Posterior mean

Signal

Data

Posterior sample

Logarithmic Residual

Z
]
£
]
S
e
5
°
|

-
]
€
s
s
<)
38
S

15

-20



Application

Propagator Posterior mean
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Application

Log spectrum Reconstruction
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