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International relations are multilateral
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A coherent thread of international events.

Multilateral relation

Characterized by:

1. sender countries 
2. receiver countries 
3. action types 
4. time steps

Who is doing what to whom, when?



Tease apart the coherent threads of:

Goal: Infer multilateral relations



Tease apart the coherent threads of:

Goal: Infer multilateral relations

(millions of unstructured dyadic events)
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Sample result: Afghanistan War

time steps

senders receivers action types
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Poisson tensor factorization
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Fitting this model is a form of  
nonnegative tensor factorization:

Y
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⇥KN sender factors
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receiver factors

(3)
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action type factors
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time step factors



Sample component

time-steps

senders receivers action types



Sample component: Yugoslav Wars

Components correspond to 
multilateral relations
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Parameter estimation: Bayesian inference

Sparsity-inducing  
Gamma priors} ↵ < 1
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Parameter estimation: Variational inference

Optimize the parameters of     to minimize:Q

KL(Q||P )
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Parameter estimation: Variational inference

Bayesian PTF generalizes much better than maximum 
likelihood PTF when the data is very sparse!

No sacrifice in efficiency!



Code and more sample results available: 
https://github.com/aschein/bptf

https://github.com/aschein/bptf
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