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e Finite but unbounded
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* (Countable) sequence
of finite-dimensional
distributions
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Notes

To satisty BNP desiderata,
Ikelihood must have a point
mass at O

Poisson distribution direct
result of Poisson process

Much previous work on
conjugacy at a difterent level
of a BNP hierarchy

Can be used with arbitrary
(i.e., discrete, continuous, or
other) data likelihood
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