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Lecture 4.4 - Supervised Learning

Bayesian Linear Regression - Sequential 
Bayesian Learning
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Data: sequences of input x, target t 

Synthetic data generated by  

Target modeling:                                                     ,                                                     

Linear model: 

Prior:  

When data arrives sequentially: posterior after N-1 
datapoints is prior for arrival of N-th datapoint!

Example: Sequential Bayesian Learning

2

y(x,w) =

t = f(x,a) + "
f(x,a) = " ⇠ N (0, 0.22)

a0 = �0.3 a1 = 0.5

p(w|↵) = N (w|0,↵�11)

p(t0|x0,w,�) = N (t0|y(x0,w),��1) ��1 =

α = 2

x ∼ "(x | − 1,1)
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3.3. Bayesian Linear Regression 155

Figure 3.7 Illustration of sequential Bayesian learning for a simple linear model of the form y(x,w) =
w0 + w1x. A detailed description of this figure is given in the text.

‣ Data generated by  

‣ Prior 

‣ Sample 1 datapoint    

‣ Likelihood 

‣ Posterior

3

Example: Sequential Bayesian Learning
t = a0 + a1x+ "

a0 = �0.3 a1 = 0.5

p(w|↵) = N (w|0,↵�11)

p(w|x1, t1,↵,�)

p(t1|x1,w,�)

Figure: Sequential Bayesian learning (Bishop 3.7)
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‣ Sample second datapoint: 

‣ Posterior            prior : 

‣ Likelihood 

‣ Posterior 
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Example: Sequential Bayesian Learning

p(t2|x2,w,�)

p(w|(x1, t1), (x2, t2),↵,�) /

Figure: Sequential Bayesian learning (Bishop 3.7)

Xz , tz of
7 is

⇐ ,

t
.
) :

as
Cxz

,
t
. )

pl t. He ix. p) . pl K l Cats
, a. p )



Machine Learning 1

‣ After 19 datapoints 

‣ Prior 

‣ Likelihood 

‣ Posterior 

‣ Much sharper posterior!
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Example: Sequential Bayesian Learning

3.3. Bayesian Linear Regression 155

Figure 3.7 Illustration of sequential Bayesian learning for a simple linear model of the form y(x,w) =
w0 + w1x. A detailed description of this figure is given in the text.

p(t20|x20,w,�)

Figure: Sequential Bayesian learning (Bishop 3.7)

p(w|{(xn, tn)}20n=1,↵,�) /

p(w|{(xn, tn)}19n=1,↵,�)
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‣ Poster distribution after observing N data points: 

‣ After an infinite amount of data :
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Infinite Data in Bayesian Linear Regression

mN = �SN�T t

S�1
N = ↵1+ ��T�

p(w|X, t,↵,�) = N (w|mN ,SN )

lim
N!1

SN
?
=

lim
N!1

h
�T�

i

ij
=

lim
N!1

mN = lim
N!1

�SN�T t =

Φ =
ϕ0(x1) . . . ϕM−1(x1)

⋮ ⋱ ⋮
ϕ0(xN) . . . ϕM−1(xN)

①
( zero matron)
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Bayesian, MAP, ML '
- limo ( Eto )

- ' ETE
all agree out N→ in
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