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Lecture 5.1 - Supervised Learning

Bayesian Linear Regression - The Equivalent 
Kernel
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‣ predictive distribution 

‣ predictive mean:    

‣ Equivalent kernel 
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Equivalent Kernel Formulation

mN = �SN�T t S�1
N = ↵1+ ��T�

k(x0, x) =

y(x0,mN ) = �(x0)TmN

p(t0|x0,X, t,↵,�) =

Z
p(t0|x0,w,�)p(w|X, t,↵,�)dw

=N (t0|mT
N�(x0),�2

N (x0))

�2
N (x0) =

1

�
+ �(x0)TSN�(x0)

=

Φ =
ϕ0(x1) . . . ϕM−1(x1)

⋮ ⋱ ⋮
ϕ0(xN) . . . ϕM−1(xN)
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The equivalent ker-
for the Gaussian basis

functions in Figure 3.1, shown as
, together with

three slices through this matrix cor-
responding to three different values

. The data set used to generate
this kernel comprised 200 values of

equally spaced over the interval

‣ Localized kernel 

‣ predictive mean 

‣ Training points xn close to x’ contribute more! 

‣ Covariance of between predictions:
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Equivalent kernel for Gaussian Basis Functions
Figure: Equivalent kernel k(x’, x)  (Bishop 3.10)

y(x0,mN ) =
NX

n=1

k(x0, xn)tn

E[t0|x0,w] = y(x0,w)p(w|X, t,↵,�) = N (w|mN ,SN )

k(x0, x) = ��(x0)TSN�(x)

covw[y(x1,w), y(x2,w)] = covcov[t1, t2 |x1, x2] =
)] = covw[�(x1)

Tw,wT�(x2)] =
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