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Inclass 19: Posterior Predictive Distribution
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Bayesian inference

How to treat p(x | X1, X2, ..., Xn)?

+ Maximum likelihood estimate

Orire = argmax p(Xi, Xz, ..., Xy | 6) ™M

PX | X1, X2, s Xn) ~ P(X' | Onr) (2)
- Maximum a posteriori estimate

éMAP = argmaxp(ﬂ | X1,X2, ...,XN) (3)
where p(0 | X1, X2, ..., Xn) X P(X1,Xa, ..., Xn | 0)p(6) (4)

P(X | X1, X, s Xn) ~ P(X | Oriap) (5)
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Bayesian inference

How to treat p(x | X1, X2, ..., Xn)?

- Posterior predictive distribution

p(XI | X1, X2, "'uXN) = /p(xl | 9)[3(9 | X1, X2, "'7XN)d9 (6)
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