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Abstract

This document gives some details about the use of Bayesian neural
networks in materials science, as implemented in Neuromat’s Model
Manager. Model Manager provides a graphical interface to David
MacKays bigback program, used extensively in the Phase Transforma-
tions and Complex Properties group at the University of Cambridge.
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1 Introduction

Model Manager implements a system following the work of MacKay [1], who
applied neural networks models in a Bayesian framework – this makes it
possible to ‘quantitatively embody Occam’s razor’ [2, 3, 4].

2 Main Matter

Model Manager provides a graphical interface to code developed by MacKay
and also incorporates further practical methods which further contribute to
the success of modelling. Splitting the data into testing and training sets
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Figure 1: Structure of a three layer neural network.

allows the selection of models which are best able to generalise the trends
in the data, so as to reasonably predict the test set. A final model is built
from a committee of multiple models which converge from different initial
positions in weight space [5]. These methods are further attempts to find
the appropriate level of complexity from the data, and to ensure a robust
solution is found. The approach used has been applied previously in materials
science [5, 6, 7, 8].

Bhadeshia has published two comprehensive reviews on the use and per-
formance of neural networks in materials science [9, 10], with the objective
of encouraging the proper application of this method.
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There is an implicit assumption in neural network modelling that the
input variables are related to the output by a continuous and differentiable
function. In training the network the aim is to mimic the behaviour of
the underlying equation. MacKay has shown that a sufficiently complex
three–layer network (having one hidden layer), as shown in figure 1, using
hyperbolic tangent functions in the form of equation 1, is able to imitate any
such function.

The neural network in this case is simply a flexible equation that can be
fit to any data set by adjusting the parameters or ‘weights’. It is usual for the
equation 1 to be the sum of several hyperbolic tangent functions equation 2.

The output variable is expressed as a linear summation of activation
functions, hi, weighted by the weights wi and the bias θ:

y =
∑
i

wihi + θ (1)

in the case of a hyperbolic tangent formulation the activation function
for a neuron i in the hidden layer is given by:

hi = tanh

(∑
j

wijxj + θi

)
(2)

with weights wij and biases θi. In order to simplify the weightings, inputs
are linearly normalised within the range ±0.5 using the normalisation func-
tion, xj = (x − xmin)/(xmax − xmin) - 0.5, where x is the value of the input
and xj is normalised value.

‘Training the network’ is achieved by altering the parameters to fit the
functions to the data using ‘backpropagation’ gradient descent optimisation
procedures [11], to minimise an objective function. With efficient optimisa-
tion care has to be taken to avoid over–fitting, and fitting to local minima [12].
In MacKay’s Bayesian treatment over–complex and under–regularised mod-
els are automatically inferred to be less probable, even though the flexibility
of equation 1 allows them to fit the data better.

This is achieved by calculating and optimising an objective function
M(w) = βED + αEW which combines an error term (ED) to assess how
good the fitting is and regularisation term (EW ) to penalise large weights,
such as:

M(w) = β

(
1

2

∑
i

(t(i) − y(i))2
)

+ α

(
1

2

∑
i

w2
i

)
(3)
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where β and α are complexity parameters which greatly influence the com-
plexity of the model, t(i) and y(i) are the target and corresponding output
values for one example input from the training data x(i).

The final values of the weights depend upon the initial guess made for
the probability distribution of the weights and the number of hidden units.
Therefore a large number of separate models are trained with different start-
ing conditions.

These sub–models are best evaluated using the log predictive error (LPE),
in comparison to calculating the test error (sum squared error) this function
penalises wild predictions less when they are accompanied by large uncer-
tainties. Assuming that for each example m the model gives a prediction

according to the normal distribution with average y(m) and variance σ(m)2:

LPE =
∑
m

[
1

2

(
t(m) − y(m)

)2
/σ(m)2 + log(

√
2
√
πσ(m))

]
(4)

Cross–validation further guards against over–fitting. Splitting the data
into a training and testing set, allows alternate sub–models to be compared
by their performance in predicting the unseen data using equation 4. A col-
lection of the best n models as ranked by the LPE (or TE) are combined
to make a committee model. The prediction being the average of the pre-
dictions of the sub–models and the change in variance of predictions being
the variance of the committee’s predictive distribution plus the mean of the
variances:

Variance σ2 =
1

n

∑
l

σ(l)
y

2
+

1

n

∑
l

(y(l) − ȳ)2 (5)

where n is the number of sub-models [1]. The errors for the different com-
mittees can be calculated and the one with the lowest perceived predictive
error used.

Once trained the network captures interactions between the inputs be-
cause of the non–linearity of the activation function. The nature of the inter-
actions are stored in the weights, however in comparison to linear regression
they are difficult to interpret directly, the best way to identify trends is to
make predictions using the model. Predictions are accompanied by an indi-
cation of the uncertainty which depends upon the confidence of the model
for that prediction, and also the level of noise perceived in the data which is
assumed to have a Gaussian distribution.
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