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Posteriors
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‣ Data:  

‣ Likelihood: 

‣ Conjugate prior:  

‣ Posterior distribution:  

‣ Maximum A Posteriori estimate: 
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Bayesian Linear Regression
t = (t1, ..., tN )T X = (x1,x2, ...,xN )T

p(w) = N (w|m0,S0)

mN = SN (S�1
0 m0 + ��T t)

S�1
N = S�1

0 + ��T�

wMAP =

p(w|t,X) =
p(t|X,w,�)p(w)

p(t|X,�)
=

p(t|X,w,�) =
NY

n=1

N (tn|y(xn,w),��1) =

Bishop Eq. 2.116

Φ =
ϕ0(x1) . . . ϕM−1(x1)

⋮ ⋱ ⋮
ϕ0(xN) . . . ϕM−1(xN)

p(t′ |x′ , w, β) =

t

xx0

2�y(x0,w)

y(x,w)

p(t|x0,w, �)
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‣ Special simple prior:  

‣ Posterior 
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Bayesian Linear Regression
m0 = 0

S0 = ↵�11

p(w|↵) =

p(w|X, t,↵,�) = N (w|mN ,SN )

mN = SN (S�1
0 m0 + ��T t) =

S�1
N = S�1

0 + ��T� =

p(w|X, t,↵,�) = N (w|mN ,SN )
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Limiting cases: 

‣ Infinitely broad prior: no restriction on w! 

‣ Infinitely narrow prior: 
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Bayesian Linear Regression

p(w|↵) = (w|0,↵�11) ↵ ! 0

mN = �SN�T t

S�1
N = ↵1+ ��T�

lim
↵!0

mN = lim
↵!0

�
⇣
↵1+ ��T�

⌘�1
�T t =

p(w|↵) = (w|0,↵�11) ↵ ! 1

lim
↵!1

mN = lim
↵!1

�
⇣
↵1+ ��T�

⌘�1
�T t =

lim
↵!1

SN = lim
↵!1

⇣
↵1+ ��T�

⌘�1
=

p(w|X, t,↵,�) = N (w|mN ,SN )
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