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Variational Inference (VI)

Kullback-Leibler divergence

KL [Qσ||P] = −
∫

log

(
P(ξ|d)
Qσ(ξ)

)
Qσ(ξ) dξ

Posterior: P(ξ|d); Approximation: Qσ(ξ); Variational parameters: σ.
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Posterior: P(ξ|d); Approximation: Qσ(ξ); Variational parameters: σ.

Approximate distribution Q: Q(y) = N (y ; 0,1)

Coordinate system y = gσ(ξ) such that the posterior is close to Normal.
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Geometric Variational Inference (geoVI) [FLE21]

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

Posterior metric M(ξ): Mlh(ξ) + 1

Fisher information metric Mlh(ξ):
〈

∂2H(d|ξ)
∂ξ∂ξ′

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

Local Euclidean isometry around ξ̄

y = g(ξ; ξ̄) = M(ξ̄)−
1/2

ξ − ξ̄ +

(
∂x

∂ξ

)T
∣∣∣∣∣
ξ=ξ̄

(
x(ξ)− x(ξ̄)

)
Likelihood transformation: x(ξ) = x(s(ξ)), expansion point: ξ̄.

Variational approximation with transformed distribution Q

Qξ̄(ξ) = N (y |0,1)|y=g(ξ;ξ̄)

∣∣∣∣∣∣∣∣∂g(ξ; ξ̄)∂ξ

∣∣∣∣∣∣∣∣
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