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[1] Hoffman, Bach, Blei. Online learning for Latent Dirichlet Allocation. NIPS 2010. 
[2] Hoffman, Blei, Wang, and Paisley. Stochastic variational inference. JMLR 2013.
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Step 1: compute evidence potentials
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Step 1: compute evidence potentials

Step 3: compute natural gradient

Step 2: run fast message passing

[1] Johnson and Willsky. Stochastic variational inference for Bayesian time series models. ICML 2014. 
[2] Foti, Xu, Laird, and Fox. Stochastic variational inference for hidden Markov models. NIPS 2014.
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What about more general observation models?
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Variational autoencoders 
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[1] Kingma and Welling. Auto-encoding variational Bayes. ICLR 2014. 
[2] Rezende, Mohamed, and Wierstra. Stochastic backpropagation and approximate inference in deep generative models. ICML 2014
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[1] Archer, Park, Buesing, Cunningham, Paninski. Black box variational inference for state space models. ICLR 2016 Workshops.
[2] Gao*, Archer*, Paninski, Cunningham. Linear dynamical neural population models through nonlinear embeddings. NIPS 2016.
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SVAEs: recognition networks output conjugate potentials,

then apply fast graphical model algorithms
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*see next slide



SVAEs can use any inference network architectures

[1] Archer, Park, Buesing, Cunningham, Paninski. Black box variational inference for state space models. ICLR 2016 Workshops. 
[2] Gao*, Archer*, Paninski, Cunningham. Linear dynamical neural population models through nonlinear embeddings. NIPS 2016.
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