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The Fully Independent Training Conditional (FITC) approximation
(Snelson and Ghahramani 2006)
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n).

where
q(uBk |uBk≠1) = p(uBk |uBk≠1) = N (uBk ; AkuBk≠1 , Qk),

q(fBk |uBk ) = p(fBk |uBk ) = N (fBk ; CkuBk , Rk).

This is a Linear Dynamical System with a strange parameterisation!
Inference using Kalman smoothing algorithm
Complexity: O(TD

2), D: average number of observations per block
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Results: Audio missing data imputation
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Results: 2D spatial dataset (tree structured)
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Results: 2D spatial dataset (tree structured)
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Summary

pseudo-dataset approximation methods must grow in size with the

length of the time-series

simple extension to FITC (or PITC) that imposes tree-structured
conditional dependencies
fast inference by the up-down algorithm

Open questions and current work
indirect approximation method

I involves exact inference in an approximate model
I can we use similar ideas for direct approximation of the true posterior?

connections between GPs and time-frequency analysis
I multi-rate filters and striding as variational free-energy + FFT based

approximations
I rediscover Nyquist in the context of limits on GP approximation

accuracy


