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ABSTRACT: Bayesian neural network
model focus is on how to use the model
for automatic classification, i.e. on how
to train the neural network to classify
objects from some domain, given a
database of labelled examples from the
domain. The original Bayesian neural
network is a one layer network
implementing
a
naive
Bayesian
classifier. It is based on the assumption
that diﬀ
ﬀerent attributes of the objects
appear independently of each other.
This work has been aimed at extending
the original Bayesian neural network
model, mainly focusing on three
ﬀerent aspects. First the model is
diﬀ
extended to a multi-layer network, to
relax the independence requirement.
This is done by introducing a hidden
layer of complex columns, groups of
units which take input from the same set
of input attributes. Two diﬀ
ﬀerent types
of complex column structures in the
hidden layer are studied and compared.
An information theoretic measure is
used to decide which input attributes to
consider together in complex columns.
Also used are ideas from Bayesian
statistics, as a means to estimate the
probabilities from data which are

required to set up the weights and biases
in the neural network. Finally a queryreply system based on the Bayesian
neural network is described. It
constitutes a kind of expert system shell
on top of the network. Rather than
requiring all attributes to be given at
once, the system can ask for the
attributes relevant for the classification.
Information theory is used to select the
attributes to ask for. The system also
oﬀ
ﬀers an explanatory mechanism, which
can give simple explanations of the state
of the network, in terms of which inputs
mean the most for the outputs.
Keywords: Artificial neural network,
Bayesian neural network, Machine
learning,
Classification
task,
Dependency structure, Mixture model,
Query-reply
system,
Explanatory
mechanism.
1 INTRODUCTION
Automatic classification deals, i.e. how to
find out which class an object belongs to,
given some of its properties. Classification
is a very general problem, and there are
several tasks from a wide range of
domains which can be cast into
classification tasks. This includes character
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or speech recognition, fault detection, fault
diagnosis, process control, action planning,
and much more. More specific examples of
where an automatic classification system
has practical use includes assistance in
making medical diagnoses based on
symptoms, and product quality control in
e.g. chemical industry. Machine learning,
the main perspective has still been that of a
neural network. There are certain
appealing qualities in the neural network
approach, like the simple and mainly local
computational structure, the possibility of
parallel implementation if such hardware
is available, and some robustness to noise
and errors.
1.1 THE CLASSIFICATION TASK
Classification is a set of attributes, or
features, of an object, and we want to
decide to which of a number of classes it
belongs. The given attributes can be
gathered into an input vector x. The goal is
to train the system to perform the
classification, given a set of previous
sample patterns, each consisting of a
vector of attribute values and the
corresponding class label. In some cases
the classification domain is deterministic
in that each possible input pattern
corresponds unambiguously to one class.
More common though is the situation
when the classes “overlap”, i.e. samples
from two or more classes may look exactly
the same, and it is only possible to talk
about the probability of a pattern
belonging to a certain class. If it is not
suﬃcient to produce probabilities as

output, but one class has to be selected, it
is often reasonable to select the class with
the highest probability, since this will give
the highest proportion of correct answers.
Important concept is that of the
decision surfaces of a class assignment
function. These are the decision
boundaries between diﬀerent classes in the
input space. Diﬀerent classification
methods have diﬀerent limitations on the
form of these boundaries, which can give
good hints about for what type of problems
diﬀerent methods is most suitable. For
example, many methods give (linear)
hyperplanes as decision surfaces, or some
combination of a finite number of
hyperplanes.
The curse of dimensionality is a
number of dimensions of the input space
(i.e. the number of input attributes)
increases, the number of possible input
vectors increases exponentially. Any
method powerful enough to express any
class distribution over this space will
necessarily have exponentially many free
parameters, whereas the number of
training samples is usually very limited,
and thus not suﬃcient for estimation of all
the free parameters.
1.2
MACHINE
METHODS

LEARNING

There is a vast number of methods
designed to perform classification in
various domains. The methods diﬀer much
in their background. Some are developed
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in the context of neural networks, others in
genetic algorithms, heuristic search, case
based reasoning, statistics, or logics.
Sometimes this diﬀerence in background
has resulted in real diﬀerences in the
methods. In other cases apparent
diﬀerences are merely a matter of notation,
and the basic calculations are the same or
very similar. Also, some methods are
tailored specifically for a certain type of
domain, while others are more generally
applicable.
1.2.1 CASE BASED METHODS
One of the simplest ideas is just to
store all encountered samples and their
class labels in a dictionary. This is the
basis for Case Based Learning. This
dictionary can then be used to classify at
least samples identical to the stored ones.
New samples not in the dictionary are
classified as the same class as the most
similar stored sample. This gives a Nearest
Neighbor classifier.
1.2.2 LOGICAL INFERENCE
There is a large group of methods,
popular within artificial intelligence, which
represents “knowledge” as relations
between logical variables. Binary input
attributes are treated directly, while
numerical attributes are coded with
suitable predicates. For example, a
variable might be set to “true” if a real
valued input attribute falls within some
interval. To learn logical representations
from examples, via Rule Induction. One

approach is to represent class descriptions
as Logical Conjunctions, i.e., expressions
which are true if all of a set of conditions
on the input attributes are fulfilled. To
learn such a representation that
distinguishes a certain class, one can start
with either a very general or a very specific
expression. Conditions are then added to
or removed from the expression as new
samples arrive, to gradually improve its
discriminatory power.
1.2.3 STATISTICAL METHODS
Logical classification rules may be
appropriate in deterministic domains,
where each input pattern can belong to
only one class. If several classes can have
the same feature vector, the best one can
do is to calculate the probability of the
diﬀerent classes, and select the most
probable one. A common goal of the
statistical methods is to use the training
samples to estimate the probability
distribution over the domain, and then use
this distribution to calculate the
probabilities of the classes given a specific
input
pattern.
When
estimating
(continuous) probability distributions from
data, there is a distinction between
parametric and non-parametric models.
A
middle
ground
between
parametric and non-parametric models is
semi-parametric models. They contain
some model assumptions to make the
problem tractable, but are general enough
to include a large number of diﬀerent
distributions. These statistical methods
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work best when the sample space is of
relatively small dimensionality and
“homogeneous”, i.e. when all dimensions
are measured in the same units and are of
comparable
relevance
for
the
classification.
The Naive Bayesian Classifier is
that all input attributes are independent (or
actually, independent given the class).
Then the probability distribution over the
domain can be written as a product of the
marginal distributions over the attributes.
These marginal distributions have much
fewer parameters, and are thus much easier
to estimate from the training data. The
independence assumption amounts to
assuming that each input attribute gives
some evidence for or against each class,
which can be considered separately from
the evidence contributed by the other
attributes.
1.2.4
ARTIFICIAL
NETWORKS

NEURAL

The main idea behind an Artificial
Neural Network is to use several simple
computational units, connected by
weighted links through which activation
values are transmitted. The units normally
have a very simple way to calculate new
activation values given the values received
through the connections, for example
summing their inputs and feeding it
through a monotonous transfer function.
To use a neural network in a classification

input units. This activation is then spread
through the network via the connections,
finally resulting in activation of the output
units, which is then interpreted as the
classification result. Training of the
network consists in showing the patterns
of the training set to the network, and
letting it adjust its connection weights to
obtain the correct output.
2.
THE
BAYESIAN
NETWORK MODEL

NEURAL

The one-layer Bayesian neural
network is based on the idea of a naive
Bayesian classifier. The network is trained
according to the Bayesian learning rule,
which considers the units in the network as
representing stochastic events, and
calculates the weights based on the
correlation between these events. The
activity of a unit is interpreted as the
probability of that event, given the events
corresponding to already activated units.
The Bayesian neural network can be used
as an auto associative as well as a hetero
associative memory. In a classifier context,
where features are considered as input and
classes as output. However, it is important
to remember the original symmetry with
respect to features and classes; we can feed
any known attributes into the network, and
get out estimates of the probability of the
remaining attributes, regardless of whether
they are to be interpreted as classes or
features.

task, the pattern to classify is typically fed
into the network as activation of a set of
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2.1
THE
CLASSIFIER

NAIVE

BAYESIAN

The approach to classification
taken here is to calculate the probabilities
of the diﬀerent classes given some
observed evidence. If the objective is to
make as few classification errors as
possible, the class with the highest
probability should be selected as the
classification result is called the optimal
Bayesian classification.
In most situations it is more natural to deal
with P(x |y), the probability of the attribute
value x of a certain classy. There may be
some information on what each class
“looks like”, i.e. about the distribution of x
for each class. To calculate P(y |x) Bayes
theorem for conditional probabilities can
then be used:
P(y |x) = P(y)P(x|y)

P(x|y)=P(x1|y)·P(x2|y)···P(xN|y)
(2.3)
2.2 THE ONE-LAYER BAYESIAN
NEURAL NETWORK
The usual equation for signals
propagating in a neural network, with units
that sum their inputs, is
sj =βj +∑
(2.7)

wji oi

where sj is the support value of unit j, βj is
its bias, oi is the output from unit i and wji
the weight from i to j. The support value of
each unit is fed through a non-linear
transfer function, to produce the output
activity of the unit:
oj =f(sj)
2.3
THE
ASSUMPTION

(2.8)
INDEPENDENCE

P(x)=P(x1)·P(x2)···P(xN)
(2.2)

To derive the network model above, we
had to assume independence between the
diﬀerent attributes, both unconditionally
and conditionally given each classy, Eqs.
(2.2) and (2.3). Complete independence in
this way is of course usually not the case
in real situations Of the two relations the
first one, Eq. (2.2), is actually less
important than it might seem. To see this,
note that Bayes theorem (2.1) can be
written in the alternative form (which is
the same as in Eq.(2.16))

and so can the probability of x within each
classy,

P(y|x)=P(y)P(x|y)=P(y)P(x|y) ∝P(y)P(x|y)
P(x)
∑yP(y)P(x|y)

P(x)
(2.1)
Suppose now that we are given the values
of
N
input
attributes,
x
={x1,x2,...xN},which can be considered
independent both unconditionally and
conditionally given y. This means that the
probability of the joint out come x can be
written as a product,
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Since the denominator is the same for all
classes y, an error in it gives the same
over-or under-estimation for all classes.
This means that if we are only interested in
the probability ordering of the classes, this
is not aﬀected at all. Furthermore, if we
want the actual class probabilities we can
always get them by normalization (since
the probabilities P(y |x) must sum to 1
overall classes), thus compensating for this
error.
The second relation, Eq. (2.3), is
more important since it directly aﬀects the
ordering of the classes, which of course is
serious in a classification system. There is
an important special case in which this
relation holds though. It is when we can
express each class with one single pattern,
a prototype, and the instances are
considered as noisy versions of this
pattern. The prototype may have graded
values of its attributes, representing the
frequencies of diﬀerent attribute values in
the population.
Some situations where this
condition is likely to occur is when
classifying an object (like an insect or
plant) from some high level features of the
object, where typically objects with similar
feature vectors belong to the same class.
Thus the independence assumption is
related to the assumption that similar
samples are likely to belong to the same
class, where similar means that they have
many attributes in common. If the same
class can look in two entirely diﬀerent
ways (e.g. it is a mouse either if it has four

small legs and gray fur, or if it has a button
and a cord, but it will never have a
combination of these appearances), it
cannot be described by only one prototype.
Such cases may be less common in this
kind of situation, but there are examples of
domains where similar things can occur.
Even in less extreme situations,
this independence assumption is what
limits the operation of the one-layer
Bayesian neural network the most.
Therefore it is necessary to study some
multi-layer extensions of the model that
can help overcoming this limitation.
2.4 THE MULTI-LAYER BAYESIAN
NEURAL NETWORK
When all input attributes are not
independent, the naive Bayesian classifier
is not appropriate. If it were possible we
would like to estimate the whole
distribution P(X |Y) directly, but this is
impossible already for moderate numbers
of input attributes. The solution we
concentrate on here is to make something
in between. Those attributes that are
dependent must be considered together,
but hopefully every attribute is not
dependent on all others. In other words, we
will try to utilize the independencies that
can be found in the problem domain at
hand. We will consider two diﬀerent ways
to handle dependencies. In the first, which
is the simplest, the input attributes are
partitioned into groups which are
independent. Each group can be
considered as one complex attribute, and
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the joint distribution over it is estimated.
Since the diﬀerent groups are independent
of
each
other,
their
probability
distributions can then be combined as
before. The second method is more
involved. It consists of trying to estimate a
dependency graph between the input
attributes, and uses this graph to calculate
the joint probability distribution over the
whole input space.
3.
GRADED
CONTINUOUS
ATTRIBUTES

INPUTS

AND
VALUED

Although they both concern graded
values in some way, these two situations
are very diﬀerent in nature. The latter case
concerns probabilities of discrete inputs
(for example the probability that an animal
has a tail), whereas in the former the inputs
are themselves from some continuous
domain (for example the length of the tail).
In the Bayesian neural network model the
activity of a unit is interpreted as a
probability, so it is not appropriate to code
a continuous attribute directly to an
interval between zero and one and feed
this into one unit. However, as will be seen
below, the same mechanism that can
handle arbitrary probabilities as inputs can
be used indirectly to handle continuous
valued attributes as well.
3.1 PROBABILITY DISTRIBUTIONS
AS INPUT
Thus suppose we make a (nonconclusive) observation of an attribute,
which leaves us with a distribution P(Xi)

over the corresponding variable Xi. Then
we can express the probability of the class
y given this distribution, using the
probabilities of y given the individual
outcomes xii of Xi, as
P(y|Xi)=∑P(y|xii)·P(xii | Xi)
I
The expression P(xii| Xi)
denotes the probability of the outcome
xii according to the current distribution
of Xi (and is thus not the same as the prior
probability of the outcome).
3.2 UNCERTAIN EVIDENCE
One important purpose of the
above treatment of graded input is to be
able to handle continuous valued
attributes. How this is done is shown in the
next section. However, if the network is to
be able to handle uncertain evidence from
the user, then there are some further details
which need to be addressed.
If there are no complex columns in
the network, the introduction of uncertain
evidence is quite straightforward. One
objection is than in a typical situation the
value of uncertainty from the observation
is not the same uncertainty one is supposed
to feed into the network. The network
expects the probability of the feature in
question given the possibly non-conclusive
observation of it. But if a measurement is
done with some partially unreliable
instrument, what is known is instead
typically the probability of error for the
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instrument, which means the probabilities
of the instrument showing certain results
given the real feature. What has to be done
is, once again, to “invert” the conditioning
via Bayes theorem, Eq. (2.42):
P(feature|
observation)∝P(observation|
feature)·P(feature)
(3.15)
A more severe problem is perhaps
how to use graded inputs in connection
with complex columns. For completely
determined input values of some primary
attributes, the activity of a complex unit
can be calculated by multiplying the
activities of the units it represents a
combination of. This would also be a good
idea in the case of graded input, if the
primary attributes were independent. But
the very reason to create the column for a
set of attributes is just that they are not
independent.
With at least one specific model of
the uncertainty in the observations, this
problem has a simple solution. Assume
that two features,f1 andf2, (which are
dependent) are measured with two
measuring devices, giving the resultse1
ande2. Suppose now that the probability of
error in each of the measuring devices are
independent of each other, i.e. an
uncertainty in one measurement does only
depend on the feature it was supposed to
measure, and not on the other feature.
Then what is known is the probabilities
P(e1 |f1) and P(e2|f2). But since these
observations are not directly dependent on

other features than the ones they try to
measure, we can write
P(f1,f2
|e1,e2)∝P(e1,e2|f1,f2)P(f1,f2)
=P(e1|f1)P(e2|f2)P(f1,f2)
(3.16)
So if the user tells the system the
probabilities of making the current
observations given the possible values of
the attributes, then the system can combine
this information and feed it into the hidden
layer of the network, just using
multiplication and normalization.
In the general case, when there is
no specific model of the noise, or the
uncertainty, the problem is harder. The
trouble lies actually already in the problem
formulation. We would like to calculate
the distribution of AB from the marginal
distributions A and B. But if two attributes
are not independent, it is not suﬃcient to
know their marginal distributions, to be
able to calculate their joint distribution.
One the one hand, this would require the
user to specify the joint distributions for
every complex column in the network. On
the other hand, the exact complex column
structure in the network is normally not
accessible to the user (normally the user do
not want to bother about the internal
structure of the network). Further, if the
probability distribution over an attribute
given an observation is hard to specify for
the user, then the joint probability of two
or more attributes is worse.
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3.3
CONTINUOUS
ATTRIBUTES

VALUED

When graded input occurs, it is as
probabilities over the attributes. Here we
will handle the situation when the evidence
we want the network to use comes from a
measurement with a result in some
continuous interval. It is not possible to
code the continuous attribute directly as
graded input activity of one unit in the
network, since this would then be
interpreted as a probability. For example,
the result of giving a fifty percent
probability for a binary feature will always
be an equal mix of the situations when the
feature is present and not, whereas a
medium sized object does not necessarily
have properties exactly between those of a
large and a small object.
The same mechanism that allows
uncertain inputs in the Bayesian neural
network model, can however be used in
directly to handle continuous valued
attributes. The idea is to transform the
continuous variable into a number of
discrete variables, which can be used
directly by the Bayesian network. The
probability density function over some
continuous variable Z can be approximated
by a finite sum (although it is a density
function, it is here denoted by P(z)):
n
p(z)= ∑ P(vi)P(z |vi)

This can be seen as a partition of P(z) into
n sub-distributions P(z | vi), each with
probability P(vi) of being the “source” of
z. Expressed in another way, random
numbers with the distribution P(z) can be
generated by first selecting among the subdistributions with probabilities P(vi), and
thereafter generating the number from the
selected distribution P(z |vi).The above
equation also defines P(vi |z), the
probability of each component vi being the
source of a given z, as
P(vi|z)=P(z|vi)P(vi) ∝P(z|vi)P(vi) (3.18)
P(z)
where instead of keeping track of P(z), we
can again use normalization (over i) of the
right hand side.
At least in the case of a one-dimensional
variable Z such a localized mixture model
can be thought of as giving rise to a kind
of soft interval coding. Each value in the
interval will “belong” to diﬀerent degrees
to the diﬀerent components, which thus
makes a soft division of the interval
between themselves. Of course an analogy
of this holds also in the multi-dimensional
case, where each component dominates
some local piece of the input space. This is
reminiscent of the coding used in the
context of fuzzy sets, although the
interpretation of activities is here in terms
of probabilities rather than of fuzzy
membership.

i=1
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3.4 EMPIRICAL EVALUATION
To evaluate the diﬀerent suggested
strategies
for handling continuous
attributes in the Bayesian neural network,
they have been tried out on a few test
databases. Several diﬀerent parameter
settings and variations of the methods were
compared. The variance can be handled in
some diﬀerent ways. As mentioned above,
since estimation of the full covariance
matrix gives a large number of parameters,
this may give overtraining and impaired
generalization. Therefore it is often useful
to constrain the form of the covariance
matrix in diﬀerent ways. Three diﬀerent
strategies are evaluated here: use of a
single variance parameter (i.e. the same
variance in all directions), a diagonal
covariance matrix (i.e. the variance can
have separate values for each input
dimension), and the full covariance matrix.
The direct use of a single variance
parameterσ2 is not appropriate unless all
input dimensions are measured in the same
units. If the diﬀerent dimensions represent
completely diﬀerent quantities, as is often
the case in the kind of classification
problems with mixed inputs considered
here, the variance will probably be
radically diﬀerent along diﬀerent axes.
One way to compensate for this is to apply
whitening to the data, which means that all
continuous attributes are normalized to
have unit variance in all directions (and
possibly mean value at zero, but this does
not change anything here).

One
version
of
whitening
transforms the whole space with the help
of a principal component analysis, and
thus in addition removes all non-diagonal
elements in the covariance matrix.
However, when a single variance
parameter was used here, each attribute
was transformed separately to get unit
variance. When a diagonal covariance
matrix is used, no additional scaling of the
attributes are necessary. The diﬀerence
from the single variance parameter case is
that now the attributes can be scaled
locally (i.e. for each mixture component)
rather than globally. The diagonal
covariance matrix is estimated in the same
way as the full covariance matrix, except
that all non-diagonal elements are kept
fixed at zero.
Both the standard and the Bayesian version
of the EM algorithm are tested. Both
versions are also tried when constraining
the probabilities of mixture components to
be equally probable. The goal is to
compare the two methods for preventing
the component densities from collapsing to
zero probability (or to zero variance).
One further variation to consider is
whether training of the mixture models via
the EM algorithm is to be done
unsupervised or in a class dependent
manner. When the class dependent method
is used, each component function is
assigned to one of the classes, and during
training it only responds to samples from
that class. This eﬀectively causes the
component functions to be split up in
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groups which model the diﬀerent class
conditional densities separately. No other
adjustment of the EM algorithm is
necessary to account for the classes, when
the class variable is discrete. [6] discussed
about
Improved
Particle
Swarm
Optimization. The fuzzy filter based on
particle swarm optimization is used to
remove the high density image impulse
noise,
which
occur
during
the
transmission,
data
acquisition
and
processing. The proposed system has a
fuzzy filter which has the parallel fuzzy
inference mechanism, fuzzy mean process,
and a fuzzy composition process. In
particular, by using no-reference Q metric,
the particle swarm optimization learning is
sufficient to optimize the parameter
necessitated by the particle swarm
optimization based fuzzy filter, therefore
the proposed fuzzy filter can cope with
particle situation where the assumption of
existence of “ground-truth” reference does
not hold. The merging of the particle
swarm optimization with the fuzzy filter
helps to build an auto tuning mechanism
for the fuzzy filter without any prior
knowledge regarding the noise and the true
image. Thus the reference measures are
not need for removing the noise and in
restoring the image. The final output
image (Restored image) confirm that the
fuzzy filter based on particle swarm
optimization attain the excellent quality of
restored images in term of peak signal-tonoise ratio, mean absolute error and mean
square error even when the noise rate is

above 0.5 and without
reference measures.

having

any

4 CONCLUSIONS
The goal of this work has been to
construct a very general and robust
classification method which is directly
applicable to real world problems with all
the complications this implies in terms of
limited training data, noisy inputs, and
poorly understood interactions.
To this end, inspiration has been
taken from several areas: statistics for the
probability estimations and statistical
inference, information theory to detect the
dependency structure of the domain, and
mixture models to incorporate continuous
valued attributes. The components are
combined into one consistent framework,
and made to work together, while still
maintaining
the
simplicity
in
computational structure inherent in the
neural network approach.
Thus, most of the components used
in this neural network model build on well
known methods and algorithms. Still there
are some parts which could be considered
more original, and which may find use
outside of the Bayesian neural network as
well. One such thing is the Bayesian
version
of
the
expectation
maximizationalgorithmwhichispresentedin
section3.3.2. Standard EM has some
problems, for example with component
densities getting zero probability or zero
variance. There are several possible
adjustments of the method which can
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overcome one or another of these
problems. The method used here, Bayesian
estimation of the parameters of the
component functions, is a single quite
natural variation which solves many of the
major problems at once.
Also somewhat original is the use
of mixture models in dependency graphs.
Various probabilistic graphical models,
e.g. belief networks, have been used to
propagate discrete, Gaussian, or other
simple distributions, through a dependency
graph. The mathematics behind the
overlapping complex columns in the
Bayesian neural network is very similar to
that used in probabilistic graphical models.
Here we have shown that it is possible to
use Gaussian mixture models to code
continuous attributes and to combine these
mixtures in dependency graphs (i.e. by
using overlapping columns of continuous
attributes). Since mixture models are very
general models, which can be used for
most distributions when no other simple
model is known, this may also be very
useful in the context of belief networks or
other probabilistic graphical models. One
important question, which has not been
treated in this work, is how to select the
number of component functions in a
mixture model. Here all mixtures of the
same input dimension are more or less
arbitrarily given the same number of
components. This is however an important
parameter, and there should be some
principled way of selecting it; especially
since there may be a quite large number of

diﬀerent mixtures in a single Bayesian
neural network, and each potentially
requires a diﬀerent number of components.
In general it is not a simple task to
find a good number of components, but
there may be a few possible approaches. It
is a future task to look at the diﬀerent
possibilities of doing this in the Bayesian
neural network.
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