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» Groups allocation: Mixture ot Finite Mixtures (MFM) (Miller and Harrison, 2018)
C denotes partition of [N | induced by S, ..., Sy,

K ~ pg, where pi isap.m.fon {1,2,...}, where we consider K — 1 ~ Pois(1)

Group allocation

Ty...,Tp) ~ Dirg(v, ..., iwven K = k
S, ef{l,.. . K}~ (71 k) k(Y Y) 8

ST, ..., Sy~ 7w (iid) given 7




