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ABSTRACT METHODS

Tensor decomposition is a dominant framework for multiway
data analysis and prediction. Although practical data often
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temporal dynamics. In this way, our model maintains the
iInterpretability while is flexible enough to capture various * To avoid crude low rank approx.,
complex femporal relationships between the fensor nodes. For We apply the fact:

efficient and high-quality posterior inference, we use the
stochastic differential equation (SDE) representation of temporal

Figure 1. Graphical illustration of the message-passing inference algorithm.
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GPs to build an equivalent state-space prior, which avoids huge Temporal GPs

kernel matrix computation and sparse/low-rank approximations.
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