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1 — Motivations 2 — Contributions
» More & more observed text data > Draw explicit links between existing frequentist and Bayesian
» Topic models are suited for this type of data approaches,
» Existing inference methods are either: » Adapt MCMC methods for online inference of latent variable models,
» Global and accurate (Gibbs sampling) » Compare our approach on LDA to existing methods.
» Online and approximate (variational inference) » Extensive set of experiments on synthetic and real datasets , where
. . our new approach outperforms all existing methods.
Question: Can we go online and accurate?
3 — Latent variable models and online inference
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EM (Dempster et al., 1977):
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a) Solve: g =argmingKL [q(h,n)|[p(h,n|X)] G-oE
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3 - Evaluation for LDA (Blei et al.’ 2003) 10 RAPE FUN HEART FAIL — BEST BAD WHOSE COUNTRY
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> Estimation with left-to-right algorithm (Wallach et al., 2009). 8 mmezorne couzme. | comemy msar | meztimr mcscriy nmce. | ace
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» Existing Methods:
» Stochastic variational inference (Hoffman et al., 2013): .
> OLDA (Hoffman et al., 2010); (Broderick et al., 2013); 5 — Conclusion & Future Work
» Variational online EM: o |
> (Sato et al., 2010): (our method): » How to deal with intractable latent variable models?
> Gibbs online EM: G-OEM (our method); » Approximation by sampling or variational
> Hybrid / other: » Apply online EM
> VarGibbs (Mimno et al., 2012); LDS (Patterson and Teh, 2013). » Results on LDA:
Dataset #documents  N. _ #words » Gap between frequentist and Bayesian methods
Synthetic 1.000.000 60 1000 » Accurate estimation (Gibbs) > variational approximation
» Datasets: Wikipedia 1,010,000 162.3 7702
IMDB | 614,589 82.2 10,000 » Explore other models (e.g., HDP)
Amazon MOovIes 338,965 5.4 10,000 » Explore distributed settings (Yan et al., 2009)
New York Times 299,877 287.4 44228 , . .
Pubmed 5100000 820 113568 » Explore larger (constant?) step-sizes (Bach et Moulines, 2013)




