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Topic-Layer-Adaptive Stochastic Gradient Riemannian (TLASGR)

» large-capacity models like deep latent variable models (LVMs)
» scalable inference methods like SG-MCMC
However, to make a deep LVM scalable is challenging, because
» gradients of model parameters are difficult to compute
> different layers may be suitable for different learning rates
Most existing methods adopt greedy layer-wise training, which
» usually uses a shared learning rates across all layers
» has no communication between different layers
We develops a scalable SG-MCMC algorithm for deep latent Dirichlet
allocation that jointly learns all hidden layers.

Analytical and Practical Fisher Information Matrix

Under the alternative DLDA representation, one may readily derive a Aloorithm 1
block-diagonal and thus easily-inversed Fisher information matrix (FIM) as gorithm 1 TLASGR MCMC for DLDA (PGBN).
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(a) the Fisher information matrix (FIM) G (2) and (b) VH (2).
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Directly computing the FIM of PGBN is intractable. But an alternative view
of the PGBN makes it straightforward.

Deep Latent Dirichlet Allocation (DLDA)
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