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‣ Observed dataset  with inputs                                and 
targets  

‣ Posterior distribution 

‣ Likelihood  

‣ Predictive distribution for new input       
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Predictive Distribution
X = (x1,x2, ..,xN )T

t = (t1, t2, ..., tN )T

mN = �SN�T t

S�1
N = ↵1+ ��T�

p(w|X, t,↵,�) = N (w|mN ,SN )

p(t0|x0,w,�) = N (t|�(x0)Tw,��1)

p(t0|x0,X, t,↵,�) =

x0

Bishop Eq. 
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‣ Datasets generated with 

‣ Dataset sizes N = 1, 2, 
4, 25 

‣ Model:  

‣
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Predictive Distribution
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t = sin(2⇡x) + "

" ⇠ N (0,��1)

y(x,w) = �(x)Tw

�j(x) :

p(t0|x0,X, t,↵,�) = N (t|�(x0)TmN ,�2
N (x0))

Figure: Predictive distribution (Bishop 3.8)

mN = �SN�T t S�1
N = ↵1+ ��T�

�2
N (x0) =

1

�
+ �(x0)TSN�(x0)

Gaussian basis function

N= I N 22
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Bayesian averaged

mist"y
① uncertainty

is

small near data points
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with larger N
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Samples drawn from Bayesian Predictive Distribution
158 3. LINEAR MODELS FOR REGRESSION
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Figure 3.9 Plots of the function y(x,w) using samples from the posterior distributions over w corresponding to
the plots in Figure 3.8.

If we used localized basis functions such as Gaussians, then in regions away
from the basis function centres, the contribution from the second term in the predic-
tive variance (3.59) will go to zero, leaving only the noise contribution β−1. Thus,
the model becomes very confident in its predictions when extrapolating outside the
region occupied by the basis functions, which is generally an undesirable behaviour.
This problem can be avoided by adopting an alternative Bayesian approach to re-
gression known as a Gaussian process.Section 6.4

Note that, if both w and β are treated as unknown, then we can introduce a
conjugate prior distribution p(w, β) that, from the discussion in Section 2.3.6, will
be given by a Gaussian-gamma distribution (Denison et al., 2002). In this case, theExercise 3.12
predictive distribution is a Student’s t-distribution.Exercise 3.13

Figure: Sample functions y(x,w) with w sampled from posterior distribution (Bishop 3.9)
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