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showed (empirically)
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e Exercise: Show, with a simple example, that a smaller KL
does not imply better mean and variance estimates

e But how much worse can the estimates be” And could it
have just been the implementation?
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e Variational Bayes (VB)
 Mean-field variational Bayes (MFVB)
 Why use VB?
 When can we trust VB?
 Where do we go from here?
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« \We provide: linear response variational 02
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coresets
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 ELBO or KL alone isn’'t enough
ELBO KL

18,067 ............................

Iiteration iteration
e |nstead: easy-to-compute bound on Wasserstein kHuggi”i’
asprzak,

* \Wasserstein bounds error in posterior mean  Campeel,
: Broderick, 2020]
and variance

* Part of a validated workflow for VB [ dms: fasprzak Gampbell Broderici

o BUI|dS on e_g_ [Dieng et al 2017; Yao et al 2018]

e See also [Gorham, Mackey 2015, 2017:
Chwialkowski, Strathmann, Gretton 2016;

Jitkrittum et al 2017; Talts et al 2018, etc.]
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Roadmap

 Bayes & Approximate Bayes review
e What is:
e Variational Bayes (VB)
 Mean-field variational Bayes (MFVB)
 Why use VB?
 When can we trust VB?
 Where do we go from here?
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What to read next

Textbooks and Reviews

* Bishop. Pattern Recognition and
Machine Learning, Ch 10. 2006.

 Blei, Kucukelbir, McAuliffe. Variational
inference: A review for statisticians,
JASA 2016.

 MacKay. Information Theory,
Inference, and Learning Algorithms,
Ch 33. 2003.

 Murphy. Machine Learning: A
Probabilistic Perspective, Ch 21. 2012.

 Ormerod, Wand. Explaining variational
approximations. Amer Stat 2010.

* Turner, Sahani. Two problems with
variational expectation maximisation
for time-series models. In Bayesian
Time Series Models, 2011.

 Wainwright, Jordan. Graphical models,
exponential families, and variational
inference. Foundations and Trends in
Machine Learning, 2008.

O

ur Experiments

R Giordano, T Broderick, and Ml Jordan.
| inear response methods for accurate
covariance estimates from mean field
variational Bayes. NeurlPS 2015.

R Giordano, T Broderick, R Meager, JH
Huggins, and Ml Jordan. Fast robustness
quantification with variational Bayes. ICML

Data4Good Workshop 2016.

R Giordano, T Broderick, and M| Jordan.
Covariances, robustness, and variational
Bayes. JMLR 2018.

J Huggins, M Kasprzak, T Campbell, T
Broderick. Validated Variational Inference
via Practical Posterior Error Bounds. ArXiv:
1910.04102. AISTATS 2020, to appeatr.

T Campbell and T Broderick. Automated
scalable Bayesian inference via Hilbert
coresets. JMLR 2019.

T Campbell and T Broderick. Bayesian
Coreset Construction via Greedy lterative
Geodesic Ascent. ICML 2018.
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