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Example results on 1995-2000 data:
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Topic-partitioned sender matrix
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k Data, summed over time, thinned by topic k
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Poisson Tucker decomposition:
A Tucker decomposition…

…with a Poisson assumption.

Observed multiplex network

Inferred latent compression

Topic-partitioned network structure

Dyadic event data

  number of times actor i took 
  action a towards actor j 
  during time t
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who did what to whom,  when
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Shrinkage priors:
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Gamma CP decomposition:
A CP decomposition…

…with a Gamma assumption.
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Other priors:
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(Dis-, Non-)Assortativitivity 

• 249 country actors
• 20 high level action types
• 1995-2012 daily events

ICEWS dataset:


