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Recap: Estimation

⇤ True data distirubtion is ptrue.

⇤ Observe dataset D = {xi}ni=� where Xi has distribution ptrue.

⇤ Goal: Estimate properties of ptrue.

�. Pick a likelihood p(D | w) (data generation model).
⇤ Pick a distribution class.

�. Pick a prior that is a conjugate prior p(w).

�. De�ne objective to get w
⇤ MLE: c(w) = ln p(D|w)
⇤ MAP: c(w) = ln p(w|D)
⇤ Bayesian: p(w|D)
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Recap: Estimation, Conditional models

⇤ Observe dataset D = {(xi, yi)}ni=� of observations xi and their corresponding
targets yi.

⇤ Goal: Estimate properties of Ptrue(Y|X = x).
⇤ Our models can be from parametrized families of conditional distributions

F = {f(y | x; ✓) | ✓ 2 Rk}

�. Pick a likelihood p(y | x,w) (data generation model).
⇤ Pick a distribution class, prior.
⇤ MLE: c(w) =

Pn
i=� ln p(yi | xi,w)
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