Figure 5.1

Metwork diagram for the two-
layer neural network corre-
sponding to (5.7). The input,
hidden, and output variables
are represented by nodes, and
the weight parameters are rep-
resented by links between the
nodes, in which the bias pa-
rameters are denoted by links
coming from additional Input
and hidden variables =; and
zn. AIMows denote the direc-
tion of information flow through
the network during forward
propagation.
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Figure 5.3 llustration of the ca-
pability of a multilayer perceptron
to approximate four different func-
tions comprising (&) f(z) = =°, (b)
flz) = sn(z), (€), flz) = |=z|,
and (d) f(z) = Hiz) where H(x)
Is the Heaviside step function. In
each case, N = 50 data points,
shown as blue dots, have been sam-
pled uniformly in = over the interval
(—1,1) and the corresponding val-
ues of f(x) evaluated. These data
points are then used to train a two-
layer network having 3 hidden units
with ‘tanh’ activation functions and
linear output units. The resulting
network functions are shown by the
red curves, and the outputs of the
thrae hidden units are shown by the
three dashed curves.
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Figure 5.5 Geometrical view of the error function E(w) as
a surface sitting over weight space. Point w, is
a local minimum and w g is the global minimum.
At any point we, the local gradient of the error

Figure 5.6

surface is given by the vector V E.

In the neighbourhood of a min-
imum w*, the error function
can be approximated by a
quadratic. Contours of con-
stant error are then ellipses
whose axes are aligned with
the eigenvectors u; of the Hes-
sian matrix, with lengths that
are inversely proportional to the
square roots of the correspond-
ing eigenvectors A;.
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Figure 5.9 Examples of two-layer networks trained on 10 data points drawn from the sinusoidal data set. The
graphs show the result of fitting networks having M = 1, 3 and 10 hidden units, respectively, by minimizing a
sum-of-squares error function using a scaled conjugate-gradient algorithm.
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Figure 5.7

lllustration of the calculation of 4; for hidden unit ;7 by
backpropagation of the #&'s from those units % to which
unit ; sends connections. The blue arrow denotes the
direction of information flow during forward propagation,
and the red arrows indicate the backward propagation
of error information.
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Figure 5.12 An illustration of the behaviour of training set arror {laffl and validation sat arror (rinhfi durino a

fypical training session, as a function of the iteration step
the best generalization performance suggests that training
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Figure 5.17 Diagram illustrating part of a convolutional neurs . i
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