
Table A.1: Datasets from PosteriorDB.

Name Dimensions

Dogs 5
Ark 7
Mesquite 8
Eight schools non centered 10
Eight schools centered 10
NES1996 11
Diamonds 26
Radon unpooled 90
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Figure B.1: Pareto k̂ estimated for different objectives and divergences estimation for a 0.5 correlated
Gaussian target and mean field Gaussian approximation and increasing dimensionality. Here we
compute the k̂ for all the f(w) after optimizing a particular variational objective.

A PosteriorDB datasets1

In Table A.1 we show the dimensionality of the datasets we use for our real experiments.2

B Additional results for the pre-asymptotic reliability case study3

In Fig. B.1 and Fig. B.2 we show additional results for the pre-asymptotic reliability case study4

for different objectives and mean field Gaussian approximation. The results from optimising χ2,5

1/2-divergence and tail adaptive f -divergence follow similar trends as those resulting from optimising6

exclusive and inclusive KL. Approximations obtained by optimising χ2 and 1/2-divergence are more7

unstable and end up diverging in similar ways as inclusive KL even for moderately low dimensional8

problems. We use a warm start procedure for χ2, 1/2-divergence and inclusive KL, starting at the9

solution of exclusive KL for a given problem. On the other hand, optimising tail adaptive f -divergence10

seems to be more robust and behave similarly to exclusive KL even in higher dimensions.11

C Additional experiments12

Isolating the effect of variational family. In this section, we perform a systematic comparison of13

inclusive-KL and exclusive KL divergences using mean-field Gaussian and mean-field Student-t14

approximation families for varying amount of correlation and dimensionality of the underlying15

parameter space. The dimension size is varied from 2 to 100. For Gaussian target with Gaussian16

approximation, we used BFGS as the optimiser removing any error due to stochastic optimisation. The17

plots in Fig. C.3 show how k̂ behaves with increasing dimension and increasing correlation in posterior18

for a mean field Gaussian approximation and optimising objectives for exclusive KL and inclusive-KL19
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Figure B.2: Divergences estimates for different objectives for a0:5 correlated Gaussian target and
mean �eld Gaussian approximation and increasing dimensionality.

divergences respectively. We also plot a similar plot for planar-�ow when optimising exclusive KL20

divergence. The plots indicate even when the approximation is heavy tailed and divergence measure21

is mass covering, the �nal variational mean �eld approximation becomes unreliable. The dimension22

at which this happens depends on the posterior geometry (correlation in this case). Since the target is23

Gaussian, when the approximation is Gaussian family, we can estimate exclusive and inclusive KL24

analytically at the optimisation end points for each of the divergences, for the other approximations,25

Student'st and planar �ow, we estimate these quantities by MC.26

Extensive experiments and results are shown in Fig. C.4, Fig. C.5, Fig. C.6 and Fig. C.7

(a) results with centered parameterisation(CP) on standard eight schools and eight schools with more informative
data.

(b) results with non-centered parameterisation(NCP) on standard eight schools and eight schools with more
informative data.

Figure C.1: Plots for the approximate posteriors obtained by optimizing exclusive KL(blue) and
inclusive KL(red).
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(a) Exclusive KL (b) Adaptivef (c) Inclusive KL

(d) Planar �ow
(e) NVP �ow

Figure C.2: Variational approximations (red) for robust regression posterior (black) withD = 2 .
(a–c)Uses mean-�eld Gaussian family.(d,e)Uses exclusive KL divergence.
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(a) t7-Exclusive KL (b) GaussianMF-Inclusive KL

(c) Planar Flow-Exclusive KL

Figure C.3: Plots of̂k with Exclusive KL divergence minimisation, Inclusive KL divergence min-
imisation with mean-�eld Student-t density and with Planar Flows for increasing correlation and
dimensions.
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Figure C.4: Gaussian mean �eld solution for exclusive KL divergence. The top row shows solutions
obtained after minimizing the exclusive KL divergence where the target is a correlated Gaussian
density with varying amount of correlations, and the approximation is a mean �eld approximation.
The second row shows plots from the left to the right: the exclusive KL divergence, the inclusive KL
divergence and the Paretok statistic computed at the solution returned by BFGS optimisation for
increasing dimensions and different amount of correlations when the target has a uniform covariance
structure, the bottom row shows the corresponding plots for banded covariance target.
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Figure C.5: Gaussian mean �eld solution for inclusive KL divergence. The top row shows solutions
obtained after minimizing the exclusive KL divergence where the target is a correlated Gaussian
density with varying amount of correlations, and the approximation is a mean �eld approximation.
The second row shows plots from the left to the right: the exclusive KL divergence, the inclusive KL
divergence and the Paretok statistic computed at the solution returned by BFGS optimisation for
increasing dimensions and different amount of correlations when the target has a uniform covariance
structure, the bottom row shows the same corresponding plots for banded covariance target.
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Figure C.6: Solution for exclusive KL divergence where the family of approximation is a product of t-
densities. The top row shows solutions obtained after minimizing the exclusive KL divergence where
the target is a correlated Gaussian density with varying amount of correlations, and the approximation
is a mean �eld approximation. The second row shows plots from the left to the right: the exclusive KL
divergence, the inclusive KL divergence and the Paretok statistic computed at the solution returned
by stochastic optimisation for increasing dimensions and different amount of correlations when the
target has a uniform covariance structure, the bottom row shows the same corresponding plots for
banded covariance target.
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Figure C.7: Solution for inclusive KL divergence where the family of approximation is a product of
t-densities. The top row shows solutions obtained after minimizing the inclusive KL divergence where
the target is a correlated Gaussian density with varying amount of correlations, and the approximation
is a mean �eld approximation. The second row shows plots from the left to the right: the exclusive KL
divergence, the inclusive KL divergence and the Paretok statistic computed at the solution returned
by stochastic optimisation for increasing dimensions and different amount of correlations when the
target has a uniform covariance structure, the bottom row shows the same corresponding plots for
banded covariance target.
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