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Radio Interferometry (VLBI) - M87* [AFH'22]
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Gaussian Processes



Gaussian processes

+ Probability distributions P (s) over functions s, = s(x), with s € £2[Q], x € Q c RV,
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Gaussian processes

+ Probability distributions P (s) over functions s, = s(x), with s € £2[Q], x € Q c RV,
+ Gaussian processes are fully specified by their one- and two-point correlation functions:
+ Mean field: my = m(x) = (sx)p(s)-

+ Correlation structure: Cy, = C(x,y) = ((sx — my) (s, — my)*>P(s).

+ Generative GP: s(x) = m(x) + [ A(x,y) &(y) dy = (m+ AS) (x)
+ With AAT = C and ¢ « A (£;0,1)

+ Generative Amplitude: A(x,y) = A,(x,y)

+ With 0 = 0(&,) and &, « N (&,;0,1)
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VLBI - M87* [AFH*22]
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VLBI - M87* [AFH22]
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GP - Priors

Ag, with Aoca FLWP, Py(k)xe™®
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GP - Priors

s=A¢ with A(%x) ocl/(10 2
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Dust tomography [LEK*22]




Variational Inference



Variational Inference (VI)

KL (P, QMGVI) = 13751 KL (QMGVI? P) = 0.6150
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Geometric Variational Inference (geoVI) [FLE21]

P(¢ld)

Information Hamiltonian H({|d):  —log (P(£|d))
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Geometric Variational Inference (geoVI) [FLE21]

P(§|d)

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

Posterior metric M (&): Mmn(§)+1

&

Fisher information metric My, (§): <%> @)
P(d|¢
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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]

P(§d) 5 P(y|d) = [g* P(&]d)](y)
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Geometric Variational Inference (geoVI) [FLE21]
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Automatic differentiation



Automatic differentiation

+ Numpy based 1st order AD (nifty8) — Jax based AD in jifty
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Automatic differentiation

+ Numpy based 1st order AD (nifty8) — Jax based AD in jifty
+ NIFTy VI requires both vector-jacobian (vjp) and jacobian-vector (jvp) products
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+ Posterior metric of the form: M(§) = %2 (%) ‘ +1
3

21



Automatic differentiation

+ Numpy based 1st order AD (nifty8) — Jax based AD in jifty

+

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

+
+ Posterior metric of the form: M(€§) = %2 (%)

+1
3

+

During Inference & Sampling: Approximate solutions to Mx =y
— Many applications of jvp + vjp with same primals £ but different tangents
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Conclusion

Numerical Information Field Theory (NIFTy)

N I FTY Code: https://gitlab.mpcdf.mpg.de/ift/nifty
. LTI Docs: https://ift.pages.mpcdf.de/nifty
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Adaptive Resolution - Outlook (Preliminary)

Polar 2D: Nios = 500, Nt = 87480, Ny = 1080, N, 0, i = 55.56%, fi, = 0.69%
Measurements: Noise Std.
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Adaptive Resolution - Outlook (Preliminary)

Polar 2D: Nios = 500, Ny: = 87480, Ny = 9720, Nrec = 1744, fy =17.94%, i, =1.99%
Ground truth Measurements: Noise Std. = 1.0
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Adaptive Resolution - Outlook (Preliminary)

Polar 2D: Nios = 500, Ny: = 87480, Nyuy = 87480, Nrec = 4456, fy, = 5.09%, i, =5.09%
0

Ground truth Measurements: Noise Std. Log ground truth

U

“w ”

Log reconstruction mean

Reconstruction mean Reconstructed coordinates




Adaptive Resolution - Outlook (Preliminary)

Polar 2D: Nyos = 500, Nyt = 87480, Ny = 87480,
Measurements: Noise Std.
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Appendix

Samples config: (length: (10.0,), N: 4, m: (6,), b: (3,), g: (2,), c: (2,), local ker.: True, boundary cond.: (‘open',), regular vol.: True)

Random samples Error
2 —— Ground truth Absolute error
-—- MSC —— RMSE
0.12
1
0.10
0
0.08
-1
0.06
52
0.04
=g
0.02
-4
0.00
0 2 4 6 8 10 0 2 4 6 8 10



Covariance config: (length: (10.0,), N: 4, m: (6,), b: (3,), : (2,), c: (2,), local ker.: True, boundary cond.: (‘open',), regular vol.: True)
Ground truth MSC
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Appendix

config: (length: (10.0,), N: 4, m: (6,), b: (3,), : (5,), c: (2,), local ker.: True, boundary cond.: (‘periodic',), regular vol.: True)

Random samples
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Covariance ~ config: (length: (10.0,), N: 4, m: (6,), b: (3,), q: (5,), c: (2,), local ker.: True, boundary cond.: (‘periodic',), regular vol.: True)
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False)

config: (length: (4.0,), N: 6, m: (10,), b: (2,), q: (6,), c: (3,), local ker.: True, boundary cond.: (‘open',), regular vol.:
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Appendix

Local 2D  config: (length: (10.0, 6.28), N: 3, m: (8, 12), b: (3, 3), g: (3, 3), c: (1, 2), local ker.: True, boundary cond.: (‘open’, 'periodic'), regular vol.: False)




Appendix

Comp. 2D  config: (length: (10.0, 6.28), N: 3, m: (8, 12), b: (3, 3), q: (3, 3), c: (1, 2), local ker.: True, boundary cond.: (‘open’, 'periodic'), regular vol.: False)
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