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- Network data often constructed tfrom sequences of relational events
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- Block models instead assume a partition of the individuals and a
model for group-wise interactions.
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- Generative Model: For each event 20z ) . Fxtensions

. Pick latent class C o~ Categorical(w) %‘j gig ﬂ % . D—dimensional categorical data; here we used only D = 3.

. Pick sender S‘ ¢ ~ Categorical ( 0 ) g 0.10- M\MM MMMMWLMMMW o . f‘lexible number of latent classes.

o ¢ S o - Incorporating Beta random variables is straightforward.
. Pick receiver r|c ~ Categorical(¢,) . Helpful to obtain each class’s distribution over time.
. Pick action type ale ~ Categoricaﬁ_(wc) 0.25- = - HMM at the class level is a simple extension for another type ot
- g time-dependence.
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Figure: Exploratory analysis after ﬁttiﬂg MPMM with C = 50 to a dataset of 1] J.-P. Eckmann, E. Moses, and D. Sergi. Entropy of dialogues creates coherent structures in e-mail traffic. Proceedings
nternational political ovents TOp' Excerpts from distributions of senders. receivers of the National Academy of Sciences of the United States of America, 101(40):14333-7, October 200.
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and action types for each latent class. Bottom: Number of events per week assigned
to these three latent classes.

until convergence. Inner loop is simple and minimal bookkeeping is
required.

[2] G. King, W Lowe. An automated information extraction tool for international conflict data with performance
as good as human coders: A rare events evaluation design. International Organization, 57:617-642, 2003.
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