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Abstract

The rapidly increasing size of databases creates a
need for new algorithms to solve multi-class
categorisation problems. Machine learning
techniques such as neural networks have been
successfully applied to this class of problems.
However training times for these techniques can blow
out as the size of the database increases. Some of the
desirable features of algorithms for large databases
are low order time complexity, training with only a
single pass of the data, and accountability for class
assignment decisions. We propose a new training
algorithm for Cerebellar Model Articulation
Controller (CMAC) based classifiers, which possesses
these features. The training algorithm proposed here
is based on a kernel addition method. An empirical
investigation of this training method has found it to be
superior to traditional techniques both in accuracy
and time required to learn mappings between input
vectors and class labels.

Keywords: CMAC, Neural Networks, Training
algorithm, Database.

1.Introduction

A well-studied class of machine learning problems
is that of categorisation, or classification. Here the key
is to determine some relationship between a set of
input vectors that represent stimuli, and a
corresponding set of values on a nominal scale that
represent category or class. The relationship is
obtained by applying an algorithm to training samples
that are 2-tuples <u, z>, consisting of an input vector
u and a class label z. The learned relationship can then
be applied to instances of u not included in the
training set, in order to discover the corresponding
class label z [7]. A number of machine learning
techniques including Genetic Algorithms [13], and
Neural Networks [8], have been shown to be very
effective for solving such problems.

There are many large databases in existence that
could yield valuable information if efficient and
scalable methods of automated classification could be
found [11]. Some of the desirable features of
algorithms for automated classification are: low order

time complexity, training with only a single pass of
the data, and accountability for class assignment
decisions.

Many algorithms for automated classification have
an inherently non-linear relationship between time
taken by the algorithm to run and the number of
training examples. Analysis methods that work well
for small data sets are completely impractical when
applied to larger data sets. For example, training of a
neural network using Backpropagation is known to be
NP-complete [18]. Some studies suggest that
Evolutionary Algorithms have polynomial time
complexity [12].

A CMAC based neural network can be trained
faster than a neural network using back-propagation,
but the method still requires multiple passes of the
training data. In this paper we propose a Kernel
Addition Training Algorithm (KATA) as a more
effective learning algorithm for the Cerebellar Model
Articulation Controller (CMAC). Our proposed
method requires only a single pass of the data and we
provide a probability model for class assignment
decisions.

2.Cerebellar Model Articulation Controller

The Cerebellar Model Articulation Controller, or
CMAC, is a class of sparse coarse-coded associative
memory algorithms that mimic the functionality of the
mammalian cerebellum [19]. Originally CMAC was
proposed as a function modeler for robotic controllers
[1], but has been extensively used in reinforcement
learning [20] and also as a classifier system [5][6][9].

We visualise an input vector u of size d as a point
in d-dimensional space. The input space is quantised
using a set of overlapping tiles as shown in Fig. 1. For
input spaces of high dimensionality, the tiles form
hypercubes. A query is performed by first activating
all the tiles that contain a query point. The activated
tiles in turn activate memory cells, which contain
stored values; the weights of the system (Fig. 2). The
summing of these values produces an overall output.

A change of value of the input vector results in a
change in the set of activated tiles, and therefore a
change in the set of memory cells participating in the
CMAC output. The CMAC output is therefore stored
in a distributed fashion, such that the output



corresponding to any point in input space is derived
from the value stored in a number of memory cells.

Fig. 1. The CMAC tile configuration, with a query point
activating a tile in both the tile sets, after [19].

Fig. 2. Active tiles activate memory locations. These contain
values that are summed to produce the output.

The memory size required by a CMAC depends on
the number of tilings and the size of tiles. If the tiles
are large, such that each tile covers a large proportion
of the input space, a coarse division of input space is
achieved, but local phenomena have a wide area of
influence. If the tiles are small, a fine division of input
space is achieved and local phenomena have a small
area of influence. The number of tiles, and therefore
the number of memory cells, is usually sufficiently
large to become prohibitive due to memory
constraints. Many of these tiles are never used due to
the sparse coverage of the input space. It is usual to
employ a consistent random hash function to collapse
the large tiling space into a smaller memory cell space
[4].

A CMAC learns a mapping from an input space
U∈ℜ d to an output space Z∈ℜ, where d is the
number of dimensions, or the size of the input vector.
Following existing convention this can be broken into
three mappings [9]:

The input space to multi-layer tiling system
mapping xu →:E .

The multi-layer tiling system to memory table
mapping yx →:H .

The memory table to output mapping (weighted
summation) zW →y: .

The mapping E can be implemented using simple
integer division in each dimension. The integer values

for each dimension are combined to form one address
for each tiling layer. Addresses for the other tiling
layers are calculated in a similar way. The mapping H
receives q addresses that must be mapped to memory
cells. This mapping is usually implemented by a
hashing function. The mapping W is a weighted
summation of the contents of the memory cells. These
values are set during training.

Step kernel function Linear kernel function
Fig. 3. Kernel functions embedded in a 2-dimensional tiling

grid.

An improvement over the Albus CMAC is the now
widely adopted practice of embedding kernel
functions into the quantising regions [3][15][10]. This
modifies the output mapping to a weighted
summation:
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Each weight y is indexed by address a, and the
kernel function k is applied to some distance measure
of a point from the centre of the tile. The number of
tiling layers is q. Some common kernel functions are
illustrated in Fig. 3.

2.1.Output mapping

The Albus CMAC is adapted as a classifier by
adopting a suitable mapping between output variable
z and class label c. One possible mapping [2] takes
the form:

high
vv

low
v tztvc <<= : (2)

where threshold high
v

low
v tt 1−≥ . This is sufficient for

two class problems [9]. For problems with more than
two classes, we define threshold values such as to
divide up the scalar range of z into the number of
classes to be represented. We designate this a scalar
mapping. We note that the scalar mapping is not ideal,
as it represents categorical data on a continuous scale,
and there is no information about degree of
membership of a class.

2.2.Albus Training Algorithm

The Albus CMAC is trained by evaluating the
error as the difference between desired output zd and



actual output z, and updating the active weights at
each time step t:
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Such error minimisation algorithms have been
proved to converge [21]. A gain term β is introduced
to control the convergence. In our experiments, this
was set to 1.0 at the start of training, and reduced
during training, as this guarantees quick convergence
[16][22]. The number of epochs used must be
sufficient to allow convergence, but not too many so
as to cause over fitting. In the algorithm used in this
work, after one epoch of training on two thirds of the
data, the trained classifier was tested on the remaining
one third. The accuracy was calculated as the number
of correctly classified samples divided by the number
of samples used during training. After each epoch, the
accuracy was compared to that from the previous
epoch. If the accuracy had increased by less than
0.1%, then training was terminated.

2.3.Kernel Addition Training Algorithm

Consider an alternative output mapping, using a
CMAC for each class:

( )m21v ...z,z,zzvc max: == (4)

where m is the number of classes. We designate
this a vector mapping. We further wish to train each
CMAC so that zv represents a relative probability of
selecting class c. Then it is possible to take account of
a priori probability using Bayes Law:
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where P represents probability [8]. The frequency
of samples occurring in each class may be used to
estimate P(ci). The output zi is used to estimate P(x|ci).
There is no need to calculate the denominator, as
assignment to the highest probability class requires
only comparison.

KATA uses a vector class mapping. Since the
magnitude of z, not its value, is required for class
assignment, there is no need for incremental training.
As each training vector is presented, a kernel function
value for each activated tile is added to the value of
the corresponding memory cell. The weights converge
to a value that depends upon the kernel function.
Assuming n training points distributed uniformly over
the cell, the expected value of a cell after training will
be n.ke, where ke is the expected value of the kernel
function. If the kernel function is the step function,
the value of each memory cell after training is a count

of the number of times the corresponding tile was
accessed during training.

After training, a CMAC forms a piecewise model
of the probability density function for the
corresponding class. There is no need to normalise the
output as in equation (1), so the output is given by:
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The KATA CMAC is trained using the value of the
kernel:
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In contrast to the Albus training algorithm, KATA
is not an iterative algorithm. The weights are updated
during a single presentation of the training data at the
inputs. The model avoids over training by distributing
the contribution of one cell over q-1 others, due to the
overlapping arrangement of cells. The issue of over
fitting during training is addressed in the empirical
trials by the use of cross validation, which introduces
previously unseen input data during testing. The effect
of outliers is minimised by the cumulative nature of
the algorithm. Any outliers will have minimal effect
on the output because of the smoothing afforded by
equation 6.

3.Experiments and Results

From the equations 3 and 7, it can be seen that
KATA should be much faster than one iteration of the
Albus algorithm. The speed advantage will not be as
great as suggested by considering only this equation,
as there is a software overhead associated with
training. However, we would expect that KATA
would be faster than Albus. This conclusion was
tested using computer models of the two algorithms
for comparison purposes.

3.1.Experimental Test Problem

The two CMAC learning algorithms were tested
using the parity problem. This problem was chosen
because of its low spatial frequency, ensuring that
there will be enough samples to discriminate classes
in tests with a high number of dimensions or a high
number of classes. In this problem the input space is
partitioned into m regions in each dimension. If the
inputs are x, and the range of input is r, then output is
given by:
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If there are just two input variables the problem is
known as Exclusive-OR (or XOR). This is known to



be a difficult problem as it is not linearly separable
[8]. The parity problem for three inputs and two
classes is shown in Fig. 4.

Fig. 4. A three-dimensional input space for the parity
problem. Light regions represent class 0 and dark regions

represent class 1.
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Fig. 5. Training time with 2 dimensions and 2 classes.
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Fig. 6. Accuracy with 2 dimensions and 2 classes.

Data sets were generated using randomly generated
x values, and assigning a class label to each record
according to (8) above. Seven data sets were
generated, containing from 2 to 5 dimensions and
from 2 to 5 classes. Each database consisted of 1
million samples, with input variables drawn from a
uniform distribution.
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Fig. 7. Training time with 3 dimensions and 2 classes.
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Fig. 8. Accuracy with 3 dimensions and 2 classes.

3.2.Test Methodology

Both versions of CMAC used the same parameters.
Input space was uniformly quantised in all
dimensions. Tile spacing was based on the work of
[17]. A hashing function with chaining was used to
achieve zero collisions. The distance measure used for
kernels was Euclidean, and the kernel function used
was linear. Both versions were implemented in C++,
using similar data structures and components in order
to make the resulting code as similar as possible, and
thereby enable meaningful comparisons of running
time.

The performance of the two algorithms was tested
using a cross validation method. The data sets used
were each divided into three parts at random. Training
was performed using two parts of the data, and the
trained model was tested on the remaining one part.
This was done three times using a different part for
testing. In this manner the model was tested on all
data, and reported a number of correctly classified
samples, which was divided by the size of the data set
to obtain a percentage accuracy. The choice of the
fraction one third is a compromise between using all
data to train, which may result in over fitting the
model, and using less data to be computationally
efficient [14].

3.2.Results

Figs. 5 to 18 show the results for the parity
problem. Training time in seconds, and accuracy in
percent correct, are shown on the vertical axis on
alternating figures. The number of samples is shown
on the horizontal axis of all figures. The graphs of
training time against number of samples suggest a
linear relationship between these variables. This is
apparent for both algorithms. In all tests the KATA
algorithm was about 2.5 to 3 times as fast as Albus.
We note that in all these tests, the Albus training
algorithm used a variable number of training epochs,
which explains in part the occasional outliers. So the
relative speed advantage of KATA depends on the
number of iterations of the Albus algorithm. KATA is
faster than a single iteration of Albus, as expected.



0

100

200

300

400

500

600

700

800

0 200 400 600 800 1000

Albus

KATA

Fig. 9. Training time with 4 dimensions and 2 classes.
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Fig. 10. Accuracy with 4 dimensions and 2 classes.
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Fig. 11. Training time with 5 dimensions and 2 classes.
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Fig. 12. Accuracy with 5 dimensions and 2 classes.
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Fig. 13. Training time with 2 dimensions and 3 classes.
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Fig. 14. Accuracy with 2 dimensions and 3 classes.
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Fig. 15. Training time with 2 dimensions and 4 classes.
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Fig. 16. Accuracy with 2 dimensions and 4 classes.
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Fig. 17. Training time with 2 dimensions and 5 classes.
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Fig. 18. Accuracy with 2 dimensions and 5 classes.



The graphs of accuracy against number of samples
show that KATA is consistently superior to the
iterative training technique. When the problem
becomes more difficult, using more classes or
dimensions, the performance of the classifier is bound
to deteriorate, because the number of samples
available for each homogenous block of the input
space decreases. Since the Albus technique uses an
error minimisation, this is an inherently biased model,
whereas KATA uses an unbiased model of input
space. Therefore the accuracy of the classifier trained
using KATA degrades more slowly.

4.Conclusions

The main result of this work is the demonstration
that the Albus perceptron or CMAC can be trained
using a non-iterative method, using only a single pass
of the data. KATA provides a lower order relationship
between training time and number of samples, in
contrast to error minimisation algorithms, in which
the training time depends on the number of training
iterations required. This allows CMAC based
classifiers to be applied to very large databases.
KATA allows a CMAC to be trained in a single pass
of the data, avoiding the need for training data to be
held in memory during training. This enables the
processing of large databases to be computationally
feasible. The output encoding of KATA offers
accountability for class assignment decisions and
allows a priori probability to be accounted for. KATA
is not sensitive to the order in which input samples are
presented. For the experiments presented here we
have found KATA to be consistently faster and more
accurate than the error minimisation technique
proposed by Albus. This new training algorithm has
great potential for application in automated
knowledge discovery.
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