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Probability measures

Posterior expectation
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Variational Inference (VI)

Kullback-Leibler divergence

KL[Q|[P] = - [ log (Z(f(g’)) ) 0,(¢) dé

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




Variational Inference (VI)
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Variational Inference (VI)

KL (P; Quavi) = 1.3751 KL (Quecvr; P) = 0.6150
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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.



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

Local Euclidean isometry around &

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

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

Variational approximation with transformed distribution QO
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Geometric Variational Inference (geoVI) [FLE21]

P(¢ld) . Plyld) = [g+ P(E|d)](y)
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Geometric Variational Inference (geoVI) [FLE21]
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Applications
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Applications [HE20]
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Applications [HE20]
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Probability measures
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Conclusion - Code
I J IrWY Numerical information field theory

* . l. https://gitlab.mpcdf.mpg.de/ift/nifty

NIFTy tutorial - this afternoon!
https://gitlab.mpcdf.mpg.de/ift /tutorial_nifty_resolve


https://gitlab.mpcdf.mpg.de/ift/nifty
https://gitlab.mpcdf.mpg.de/ift/tutorial_nifty_resolve
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Application
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