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normal-normal model for unknown

e data D = {X1,Xs,..., X} € R" Peecision
model M: X; i.i.d. from N (u, ), with :
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what is linear regression?
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basis functions
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regression: the frequentist view
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Bayesian linear regression
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Bayesian linear regression

e data D = {(tl,Xl), (t2,X2), ceey (tN,XN)} e R” 4 Radan Precis iom
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Bayesian linear regression: example

likelihood prior/posterior data space M \ t
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Bayesian linear regression

e data D = {(tl,Xl), (t2,X2), cee (tN,XN)} e R"
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Bayesian linear regression: posterior prediction




Bayesian linear regression: posterior sampling




