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Figure 1.28 The regression function y(z), {
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squared loss, is given by the
mean of the conditional distri-
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Figure 3.2 Geometrical interpretation of the least-squares
solution, in an N-dimensional space whose axes
are the values of t1,...,ftx. The least-squares
regression function is obtained by finding the or-
thogonal projection of the data vector t onto the
subspace spanned by the basis functions ¢,(x)
in which each basis function is viewed as a vec-
tor ¢, of length N with elements ¢;(xx).
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where tk is an N-dimensional column vector with components tnk for n =1, ... N.Thus the
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Figure 3.5 lllustration of the dependence of bias and variance on model complexity, governad by a regulariza-
tion parameter A, using the sinusoidal data set from Chapter 1. There are L = 100 data sets, each having N = 25
data points, and there are 24 Gaussian basis functions in the model so that the total number of parameters is
M = 25 including the bias parameter. The left column shows the result of fitting the model to the data s&ts for
various values of In A (for clarity, only 20 of the 100 fits are shown). The right column shows the corresponding
average of the 100 fits (red) along with the sinusoidal function from which the data sets were generated (green).
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Figure 3.7 lllustration of sequential Bayesian learning for a simple linear model of the form y(z. w) =
wp + wiz. A detailed description of this figure is given in the text.
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Figure 3.10 The equivalent ker-
nel k(z,z") for the Gaussian basis \/\N—\/\_,
functions in Figure 3.1, shown as

a plot of = versus z', together with
three slices through this matrix cor-

responding to three different values
of z. The data set used to generate
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Figure 3.11 Examples of equiva-
lent kernels k(z,z') for = = 0
plotted as a function of z’, corre-
sponding (left) to the polynomial ba-
sis functions and (right) to the sig- 0.02
moidal basis functions shown in Fig-
ure 3.1. Note that these are local-
ized functions of =’ even though the
corresponding basis functions are
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Figure 3.13 Schematic illustration of the 4
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Figure 3.14 Plot of the model evidence versus . . . . .
the order M, for the polynomial re- _jgt ]
gression model, showing that the
evidence favours the model with
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u; of the Hessian. For o« = 0, the mode of the poste-
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of ws is close to its maximum likelihood value.
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