Bayesian Poisson Tucker Decomposition for Learning the Structure of International Relations

Aaron Schein
UMass Amherst

Mingyuan Zhou

Univ. of Texas Austin

Columbia Univ.

David M. Blei

Hanna Wallach

Microsoft Research

Interaction event data

who did what to whom, when

Picture © Kalev Leetaru, available on the GDELT blog
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Poisson Tucker decomposition

A Tucker decomposition...
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...with a Poisson assumption.
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Inverse perplexity on heldout data. Higher is better. Top: Events involving most active countries are heldout. Bottom: Events for least active are heldout.

Comparison to other models
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: : 1995-2000 1995-2000 2004 2004 2005 2005 2006 2006 2007 2007 2008 2008
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