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Suppose X1, ..., X, form arandom sample from Normal distribution with an
unknown mean g and a known variance o2 (g2 > 0) .Ifthe prior distribution Jﬂ p_l. fr’,ﬁ /D—”
fu(p) is the Normal distribution N (g9, 3), then the posterior distribution
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Example: A N (60, 1) random variable takes value 3.97. @ is a value of the
random variable ©. © follows a standard normal. What is the posterior of ©?
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