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» Marginal likelihood » Requires only Covariance Matrix Vector Products (CMVPs)! O(n?) time .
» No need to store K! O(n) space Conclusions

p( [par) = / p( latent)p(latent|par)dlatent » Novel adaptation of SGLD to infer covariance parameters in Gaussian processes

ULISSE - the Unbiased Linear SYStem SolvEr v/ Accurate in characterizing the posterior distribution over covariance parameters
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v/ Without considering subsets of the spectrum of the covariance
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Stochastic Gradient Langevin Dynamics (SGLD) algorithm
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— Extension to Gaussian Markov Random Fields and other likelihoods

» First phase — a; large — Optimization phase
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— Tuning of a preconditioner in SGLD

— Behavior similar to stochastic gradient ascent
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