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In this document, we provide details about the local variable approximations introduced in the main text of the paper.

Variational Inference Schemes
Mimno-SVI

The form of the local approximation in the Mimno-SVI method is

log qMimno(ψi) = Eq(β)[log p(ψi|y1:N ,β)]
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It is clear that log qMimno is quadratic in each wik and linear in each zik, therefore a Gibbs based sampler can easily be
consructed to sample from qMimno, where wik is Gaussian given all other local variables, and zik is Bernoulli given all
other local variables.

MF-SSVI

The local ELBO in the MF-SSVI framework is very similar to that of the MF-SVI, the difference being that samples of the
global variables are used in MF-SSVI. The local ELBO has the following form
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This is optimized as a function of {θik, νik, κik using gradient descent. Once a local optimum is found, EqMF(ψ1:N |β(t))[ηi]
can be computed analytically as a function of the optimized parameters and global variable samples.

Titsias-SSVI

Recall that the Titsias-SSVI method maintains dependence between zik and wik for each k. The local ELBO for Titsias-
SSVI is
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Again, this function is maxized as a function of {θik, νik, κik using gradient descent, and the optimized parameters along
with the global variable samples are used to compute EqTitsias(ψ1:N |β(t))[ηi] analytically.

Gibbs-SSVI

The Gibbs-SVI method uses the true posterior conditional distribution for local variables

log qGibbs(ψi) = log p(ψi|y1:N ,β)
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Just as was the case with Mimno-SVI, we notice that log qGibbs is quadratic in each wik and linear in each zik, therefore a
Gibbs sampler can be designed to sample from qGibbs.


