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Radio Interferometry (VLBI) - M87* [AFH+22]
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Dust tomography [LGE20]
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NIFTy - Toolkit [AEF+22]
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Gaussian Processes



Gaussian processes

D Probability distributions P (s) over functions sx ≡ s(x), with s ∈ L2 [Ω] , x ∈ Ω ⊂ RN .

D Gaussian processes are fully specified by their one- and two-point correlation functions:

D Mean field: mx = m(x) ≡ ⟨sx⟩P(s).

D Correlation structure: Cxy = C (x , y) ≡
〈
(sx −mx) (sy −my )

∗〉
P(s)

.

D Generative GP: s(x) = m(x) +
∫
A(x , y) ξ(y) dy ≡ (m + Aξ) (x)

D With AA† ≡ C and ξ ← N (ξ; 0,1)

D Generative Amplitude: A(x , y) ≡ Aσ(x , y)

D With σ = σ(ξσ) and ξσ ← N (ξσ; 0,1)
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GP - Priors

s = A ξ, with A ∝ F−1
√̂
Ps , Ps(k) ∝ eτ(k) .
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VLBI - M87* [AFH+22]
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VLBI - M87* [AFH+22]
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GP - Priors

s = A ξ, with A ∝ â F−1
√̂
Ps , Ps(k) ∝ eτ(k) .
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Faraday Tomography [HHF+23]
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GP - Priors

s = A ξ, with A
(
x⃗ , x⃗ ′

)
∝ 1/

(
1+ 1

σ(a(⃗x)) |x⃗−x⃗′|2
)2

.
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Dust tomography [LEK+22]
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Variational Inference



Variational Inference (VI)
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Geometric Variational Inference (geoVI) [FLE21]

Information Hamiltonian H(ξ|d): − log (P(ξ|d))

Posterior metricM(ξ): Mlh(ξ) + 1

Fisher information metricMlh(ξ):
〈

∂2H(d|ξ)
∂ξ∂ξ′

〉
P(d|ξ)
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Geometric Variational Inference (geoVI) [FLE21]
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Geometric Variational Inference (geoVI) [FLE21]
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Geometric Variational Inference (geoVI) [FLE21]
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Automatic differentiation



Automatic differentiation

D Numpy based 1st order AD (nifty8) → Jax based AD in jifty

D NIFTy VI requires both vector-jacobian (vjp) and jacobian-vector (jvp) products

D Posterior metric of the form: M(ξ) = ∂x
∂ξ

(
∂x
∂ξ′

)†∣∣∣∣
ξ̄

+ 1

D During Inference & Sampling: Approximate solutions toMx = y

→ Many applications of jvp + vjp with same primals ξ̄ but different tangents
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Conclusion

Numerical Information Field Theory (NIFTy)

Code: https://gitlab.mpcdf.mpg.de/ift/nifty

Docs: https://ift.pages.mpcdf.de/nifty

Contributors
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Platz, Margret Westerkamp, Martin Reinecke, Massin Guerdi, Matteo Guardiani, Philipp Arras,

Philipp Frank, Reimar Heinrich Leike, Torsten Enßlin, Vincent Eberle

& the entire IFT-Group at MPA
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Jüstel, and Torsten A. Enßlin.

Multi-component imaging of the fermi gamma-ray sky in the spatio-spectral

domain, 2022.

24



Appendix

0

1

2

3

4

posterior samples

ground truth

posterior mean

data

0.0 0.2 0.4 0.6 0.8 1.0

x

−0.5

0.0

0.5

0.18 0.20 0.22 0.24 0.26 0.28 0.30

σn

0.00

0.05

0.10

0.15

P
(σ
n
|d

)

100 101 102

|k|

10−7

10−5

10−3

10−1

P
s

(|k
|)



Appendix

0

1

2

3

4

posterior samples

ground truth

posterior mean

data

0.0 0.2 0.4 0.6 0.8 1.0

x

−0.5

0.0

0.5

0.18 0.20 0.22 0.24 0.26 0.28 0.30

σn

0.000

0.025

0.050

0.075

0.100

P
(σ
n
|d

)

100 101 102

|k|

10−7

10−5

10−3

10−1

P
s

(|k
|)



Appendix

0

1

2

3

4

posterior samples

ground truth

posterior mean

data

0.0 0.2 0.4 0.6 0.8 1.0

x

−0.5

0.0

0.5

0.18 0.20 0.22 0.24 0.26 0.28 0.30

σn

0.00

0.05

0.10

0.15

P
(σ
n
|d

)

100 101 102

|k|

10−7

10−5

10−3

10−1

P
s

(|k
|)



Appendix

−5 0
fluctuations

−5 0
flexibility

−2.5 0.0 2.5
asperity

−5 0
slope

−2.5 0.0 2.5
offset std.

−1.50

−1.25

−1.00

−0.75

−0.50

n
o
is

e
st

d
.

−4

−2

0

fl
u

ct
u

a
ti

o
n

s

−5.0

−2.5

0.0

2.5

fl
ex

ib
il

it
y

−4

−2

0

2

4

a
sp

er
it

y

−4

−2

0

2

sl
o
p

e

ground truth

QgeoVI



Appendix

−5 0
fluctuations

−5 0
flexibility

−2.5 0.0 2.5
asperity

−5 0
slope

−2.5 0.0 2.5
offset std.

−1.50

−1.25

−1.00

−0.75

−0.50

n
o
is

e
st

d
.

−4

−2

0

fl
u

ct
u

a
ti

o
n

s

−5.0

−2.5

0.0

2.5

fl
ex

ib
il

it
y

−4

−2

0

2

4

a
sp

er
it

y

−4

−2

0

2

sl
o
p

e

ground truth

QHMC



Appendix

−5 0
fluctuations

−5 0
flexibility

−2.5 0.0 2.5
asperity

−5 0
slope

−2.5 0.0 2.5
offset std.

−1.50

−1.25

−1.00

−0.75

−0.50

n
o
is

e
st

d
.

−4

−2

0

fl
u

ct
u

a
ti

o
n

s

−5.0

−2.5

0.0

2.5

fl
ex

ib
il

it
y

−4

−2

0

2

4

a
sp

er
it

y

−4

−2

0

2

sl
o
p

e

ground truth

QMGVI



Appendix

100 101 102

|k|

10−8

10−4

100

P
s

(|k
|)

Power spectrum Ps

0.0

0.2

0.4

0.6

0.8

1.0

y

point sources p

0.0 0.5 1.0

x

0.0

0.2

0.4

0.6

0.8

1.0

y

diffuse emission es

0.0 0.5 1.0

x

0.0

0.2

0.4

0.6

0.8

1.0

y

count rate λ = R (p+ es)

0.0 0.5 1.0

x

poisson data d

0 20 40 60 80 100



Appendix

point sources p diffuse emission es count rate λ = R(p+ es)

0 50 100 150 0 20 40 60 0 25 50 75 100 125

0.0

0.2

0.4

0.6

0.8

1.0

y
g
ro

u
n
d

tru
th

0.0

0.2

0.4

0.6

0.8

1.0
y

g
eo

V
I

0.0 0.2 0.4 0.6 0.8

x

0.0

0.2

0.4

0.6

0.8

1.0

y

0.0 0.2 0.4 0.6 0.8

x

0.0 0.2 0.4 0.6 0.8

x

M
G

V
I



Appendix

10−2 10−1 100 101 102

10−2

10−1

100

101

102

tr
u
e

v
a
lu

e

geoVI

geoVI

10−2 10−1 100 101 102

MGVI

MGVI

geoVI

100 101 102 103

reconstructed value

100

101

102

103

tr
u
e

v
a
lu

e

100 101 102 103

reconstructed value

d
iff

u
se

em
m

is
io

n
es

p
o
in

t
so

u
rc

es
p



Appendix

100 101 102

|k|

10−10

10−8

10−6

10−4

10−2

100

P
s

(|k
|)

geoVI

posterior samples

ground truth

posterior mean

100 101 102

|k|

10−10

10−8

10−6

10−4

10−2

100

P
s

(|k
|)

MGVI

posterior samples

ground truth

posterior mean



Adaptive Resolution - Outlook



Adaptive Resolution - Outlook (Preliminary)



Adaptive Resolution - Outlook (Preliminary)



Adaptive Resolution - Outlook (Preliminary)



Adaptive Resolution - Outlook (Preliminary)



Adaptive Resolution - Outlook (Preliminary)



Appendix

0.00.5

P (ξ2)

−4

−2

0

2

4
ξ 2

0

1

P
(ξ

1
)

P

−4 −3 −2 −1 0 1

ξ1

P (ξ1, ξ2)

10−310−210−1 100

0.00.5

P (ξ2)

−4

−2

0

2

4

ξ 2

0

1

P
(ξ

1
) P

QgeoVI

−4 −3 −2 −1 0 1

ξ1

QgeoVI(ξ1, ξ2)

10−310−210−1 100

KL (P ;QgeoVI) = 0.0655 KL (QgeoVI;P ) = 0.0888

0.00.5

P (ξ2)

−4

−2

0

2

4

ξ 2

0

1

P
(ξ

1
) P

QMGVI

−4 −3 −2 −1 0 1

ξ1

QMGVI(ξ1, ξ2)

10−310−210−1 100

KL (P ;QMGVI) = 3.3487 KL (QMGVI;P ) = 2.0713

0.00.5

P (ξ2)

−4

−2

0

2

4

ξ 2

0

1

P
(ξ

1
) P

QFCVI

−4 −3 −2 −1 0 1

ξ1

QFCVI(ξ1, ξ2)

10−310−210−1 100

KL (P ;QFCVI) = 1.9748 KL (QFCVI;P ) = 0.5765



Appendix

0.000.25

P (ξ2)

−4

−2

0

2

4
ξ 2

0

1

2

P
(ξ

1
)

P

−1 0 1 2

ξ1

P (ξ1, ξ2)

10−310−210−1 100

0.00.5

P (ξ2)

−4

−2

0

2

4

ξ 2

0

1

2

P
(ξ

1
) P

QgeoVI

−1 0 1 2

ξ1

QgeoVI(ξ1, ξ2)

10−310−210−1 100

KL (P ;QgeoVI) = 0.0490 KL (QgeoVI;P ) = 0.0477

0.00.5

P (ξ2)

−4

−2

0

2

4

ξ 2

0

1

2

P
(ξ

1
) P

QMGVI

−1 0 1 2

ξ1

QMGVI(ξ1, ξ2)

10−310−210−1 100

KL (P ;QMGVI) = 1.3751 KL (QMGVI;P ) = 0.6150

0.000.25

P (ξ2)

−4

−2

0

2

4

ξ 2

0

1

2

P
(ξ

1
) P

QD

−1 0 1 2

ξ1

QD(ξ1, ξ2)

10−310−210−1 100

KL (P ;QD) = 0.0661 KL (QD;P ) = 0.0582



Appendix

0.00.51.01.5

P (ξ|d)

−3.0

−2.5

−2.0

−1.5

−1.0

−0.5

0.0

0.5

1.0

ξ

0.0

0.1

0.2

0.3

0.4

0.5

P
(y
|d

)

−3 −2 −1 0 1 2 3

y

g−1
iso (y)

g−1(y; ξ̄ = −1.0)

g−1(y; ξ̄ = −0.6)

g−1(y; ξ̄ = −0.2)

mopt + σopty

KL (P ;Qiso) = 0.0333

KL
(
P ;Qξ̄=−1.0

)
= 0.0582

KL
(
P ;Qξ̄=−0.6

)
= 0.0489

KL
(
P ;Qξ̄=−0.2

)
= 0.1557

KL (P ;QNormal) = 0.2864



Appendix

10−310−210−1100

P (ξ|d)

−5

−4

−3

−2

−1

0

1

2

3

ξ

10−3

10−2

10−1

100

P
(y
|d

)

−4 −2 0 2 4 6

y

g−1
iso (y)

g−1(y; ξ̄ = −0.68)

g−1(y; ξ̄ = −0.10)

mopt + σopty

KL (P ;Qiso) = 0.0806

KL
(
P ;Qξ̄=−0.68

)
= 0.0642

KL
(
P ;Qξ̄=−0.10

)
= 0.5656

KL (P ;QNormal) = 0.1817



Appendix

0.00.51.01.5

P (ξ|d)

−2.0

−1.5

−1.0

−0.5

0.0

0.5

1.0

1.5

2.0

ξ

0.00

0.05

0.10

0.15

0.20

0.25

P
(y
|d

)

−10 −8 −6 −4 −2 0 2 4

y

g−1
iso (y)

g−1(y; ξ̄ = 1.08)



Appendix



Appendix



Appendix



Appendix



Appendix



Appendix



Appendix



Appendix


	Gaussian Processes
	Variational Inference
	Automatic differentiation
	Appendix
	Adaptive Resolution - Outlook


