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Abstract - This paper examines the performance of an enhanced weightless
neural network as a classifier. Like all earlier weightless neural network
models, this network learns in one pass through the data. This new
weightless neural network has shown significant gains in the classification
accuracy over the earlier Deterministic RAM Network (DARN), on a variety
of problems. In addition, some comparisons between the DARN and the
proposed network are presented. This will also include some evidence on
how a standard Multilayer Perceptron network would behave on the same
data sets. Finally, hardware implementation issues are discussed.
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1. INTRODUCTION

Classification is the process of labelling specific sets of input data. The classifier
may choose a variety of ways to realize this goal. Whatever the method,
classification is an important component for many problem-solving tasks.
Traditionally, such classification problems have been handled by statistical
techniques, although newer novel methods based on swarm intelligence have
also been investigated in recent times (Deneubourg et al., 1990). A contemporary
study (Hoe et al., 2002) categorised a set of documents involving 84 web pages
from four different categories: Business, Computer, Health and Science. These
documents were randomly retrieved from the Google web directory within the
corresponding categories and processed by the text classifier.

There are two distinct classification techniques commonly in use -
supervised and unsupervised (Richard et al., 2001). In the case of unsupervised
classification approaches, the algorithm clusters patterns without using any
input-output data pairs as a reference. On the other hand, supervised
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classification, as the name suggests, begins with a training set of preclassified
example transactions. E.g. For fraud detection applications, this would include
complete records of both fraudulent and valid activities, determined on a
record-by-record basis. The classifier-training algorithm then uses these
pre-classified examples to determine the set of parameters required for proper
discrimination, by encoding these parameters into the classifier model.

However, the focus of this paper lies with a class of networks known as
Weightless Neural Networks (WNN). Onc advantage of this approach is that
training only involves a single pass through the data. Another inviting prospect
is that these networks may easily be implemented in digital hardware, where they
will be able to give very high performance in terms of operating speed. This
paper presents a new model, which has shown promising generalization
properties.

The remainder of this paper is organised as follows. In the next section, the
concept of using Artificial Neural Networks (ANN’s) (Lippmann, 1989) for
classification is introduced. In Section 3, a brief description of the evolution of
the weightless neural network is introduced. Section 4 then describes the
architecture and learning rules for the new weightless neural network model.
Section 5 provides the major design issues concerning the new network as well
as the experimental results. Finally, some conclusions are presented in
Section 6.

2. ARTIFICIAL NEURAL NETWORKS

Artificial neural networks (ANNs) or neural networks (NNs) as they are
commonly known, are essentially parallel, distributed processing structures that
consist of simple processing elements, usually interconnected via unidirectional
signal channels (Robert, 1989). Furthermore, they can be taught by a process of
learning from task examples, to store experiential knowledge and making it
available for use later (Aleksander & Morton, 1990).

Today, there are many different neural network architectures, ranging from
the simple single-layer, feed-forward network to the more sophisticated
multi-layer networks with feedback (Robert, 1994). The adaptability of many of
these networks is based upon the McCulloch and Pitts (MCP) model that seeks
to represent the responses of the simple processing elements (neurons) by
variable weights in their interconnections (Aleksander & Morton, 1990). This has
been illustrated in Figure 1.
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Figure 1: An example of a McCulloch and Pitts neuron

These weights may be adjusted through an appropriate learning rule. Even
though neural networks were inspired by studies in neuroscience, they have now
been utilised for their useful computation properties in solving a large range of
problems.

Data classification has often been tackled using ANN’s - predominantly with
the multi-layer perceptron network (MLP) that is trained using the backpropagation
learning rule (Rumelhart er af., 1986). Figure 2 shows a multi-layer perceptron
network with six input nodes, three hidden nodes and one output node.

Input Hidden Qutput
Layer Layer Layer

Figure 2: An example of a multi-layer perceptron neural network

The weights betwecn the nodes in the various layers are modified by this
learning rule. The MLP can deal with nonlinear classification problems because
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it is able to form complex decision regions (rather than just hyperplanes). Each
node in the first hidden layer can create a hyperplane, while the nodes in the
second hidden layer (the example shown here has only one hidden layer)
combine these hyperplanes to create convex decision regions. In the third, or
output layer, the nodes can combine these convex regions to form additional
regions. Thus, in theory, it is possible to form any arbitrary region with two
hidden layers and sufficient hidden units. However, supervised approaches such
as backpropagation are usually considered too slow for many problems where the
input dimensionality may be very high and the data set enormous.

A major disadvantage of such neural networks is that they are difficult to
implement and miniaturise into an integrated circuit. It does not help too when
there is a need for the storage of a large number of analogue weights as well as
multipliers to process the incoming input signals. Moreover, such neural
networks are commonly characterized by high connectivities, which would
ultimately consume large areas of silicon when implemented as an integrated
circuit. Consequently, this has motivated the development of random access
memory (RAM) based neurons as a possible alternative.

3. WEIGHTLESS NEURAL NETWORKS

A weightless neural network is a type of neural network whose uniqueness lies in
its lack of interconnection weights. The behaviour of the processing elements is
not altered by changing the interconnection weights, but rather, by modifying the
contents of memory units (Aleksander & Morton, 1990). Instead of the MCP
node, such weightless neural networks use a conventional random access
memory (RAM) as part of the processing node. Weightless Neural Networks
(WNN’s) have been around in various configurations since the 1960°s.
Ludermir et al. (1999) gives an interesting and comprehensive review of the
topic.

The first useful weightless neural network is probably the WISARD, which
stands for Wllkie, Stonham and Aleksander’s Recognition Device, - an adaptive
pattern recognition machine that was completed in 1981(Aleksander & Morton,
1990; Ludermir et al., 1999; Aleksander, 1984). This system was based upon the
notion of Discriminator Network. The core of its operation is as follows.
Consider a typical set of discrete binary data, which is split into training and test
partitions. The training data is stored in the system’s memory. Each test sample
is then compared with every training sample and the class of the most similar
training sample, using the Hamming distance measure, is taken to be the class of
the test value. By collecting the results of all the test samples, a generalization
assessment may be made.
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Since WNN is using discrete binary data, it achieves the best possible level
of generalization. Unfortunately, it uses large amounts of memory, in the form of
RAM to store the training data. It also bases its generalisation measure upon all
elements of the training samplc, when the user may only wish to detect the
presence of one feature within the sample. In addition, its implementation in
hardware is problem dependent and it is not very suitable for on-line learning.

It may be seen that instead of adjusting weights, learning in weightless
neural networks generally involves changing the contents of look-up tables. The
gencralized RAM based neuron model is shown in Figure 3 below. Notice that
the neuron has a fixed number of inputs. Any input signals coming into each
neuron causes one or more of the memory locations (L) to be addressed. The
output of the ncuron OP, is determined by the values contained in the addressed
memory locations. The operation of such a neuron model is controlled by the
MODE input.

X, RAM
4—P L2°-1]

MODE

X ——Pp
1]
X o > L[0]

Figure 3: A generic RAM based neuron

The usual architecture for connecting RAM based neurons into a network is
the pyramid. Figure 4 shows a pyramid structure for connectivities of two and
four. The network is arranged into a number of layers. The top layer contains a
single neuron. The output of a neuron is only connected to one input of a neuron
on the next layer. Therefore the ith layer from the top of a pyramid network
contains ¢! neurons, and an N layer network will have cN inputs and a single
output.
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Figure 4: Pyramid Architecture of Weightless Neural Nets

However, many problems require more than one output {rom the network,
and so the multi-pyramid architecture, as shown in Figure 5, is more commonly
adopted. Several pyramids are thus used with their inputs connected in parallel.
Therefore, the number of inputs to the entire network is equal to the number of
inputs of a single pyramid, and the number of outputs is equal to the number of

pyramids. In this example, there are five pyramids, feceding into five different
outputs.

Outputs

Input Bus

Figure 5: Multi-Pyramid Architecture
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The weightless neural network described in this paper is derived from the
Probabilistic Logic Neuron (PLN), a RAM based neural model that was proposed
by Kan and Aleksander (1987). This is shown in Figure 6.

Random
.~ Number
~ Generator

Content

'y

Figure 6: A weightless neural network based on the Probabilistic Logic Neuron

The PLN is a very simple model, consisting of little more than the RAM
element itself. The RAM is addressed directly by the input lines, so that only one
RAM location is addressed at any time. The mode input sets the RAM to either
read or write mode. The RAM locations are each allowed to contain one of three
values: True (1), Faise (0), and undefined (U). Initially (before training) all RAM
locations are set to the undefined (U) value. When the neuron is in the read mode.
it presents the value of the RAM location addressed by the inputs to the output.
If the addressed location contains an undefined value, a random decision is made
between a0 ora 1.

The network is trained to recognize a new pattern by repeatedly presenting
the new pattern (with the neurons in read mode) until the pyramid outputs the
desired output response. The neurons are then put into the write mode, so that the
neuron output values which mapped the input pattern to the desired output are
stored in each neuron’s RAM.

To further illustrate the operation of the PLN, a simple example based on the
architecture shown in Figure 6 above (in a realistic application, there may be
many input layer cells with 4, or even 8 bit input address lines and several
pyramids) was chosen. During the training phase, the input vector, which (in this
case) is a 4 bit binary number, acts like an address generator. If the input pattern
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was, say, 0000 the first (top) contents location would be selected for both the
input cells. When an undefined location is addressed like this, the random
number generator is called. This outputs, from the cell, either a 1 or a 0 with equal
probability. The outputs from the first layer cells become the address lines to the
next layer. Again, at the start of the training phase, the second layer output cell’s
input vector will select a content value, which is undefined. Once more, a random
output will be generated, resulting in the output of a 1, or a 0.

As this is a supervised learning network, there will be a desired output value
available during the training phase. This is compared with the randomly
generated value and if they are the same, a signal is sent back to each cell in the
network. The effect of this signal is to cause the randomly generated values to be
stored in the appropriately addressed locations. If the actual output disagrees with
the desired value, a different signal is propagated back informing the cells to try
again. The network will keep generating random outputs until the desired output
is achieved, or the network fails to deliver after a set number of attempts. This
procedure is repeated with each training pattern until the network is trained.
Unfortunately, when the network is only partially trained, it often fails to deliver
the desired output because some of the addressed locations have already been
defined previously to a different value from that required by the latest training
sample, - a phenomenon commonly known as saturation. Another problem with
this network is that, after training, when a previously unseen sample was
presentcd and if this addresses a location which has been missed during the
training phase, the output will be random. Therefore, these networks have
practically no generalization properties. It has been found that training them with
random noise helps to improve generalization, but not well enough to make them
very useful.

Filho et al. (1991) proposed a new model, which does not use random
number generators. Instead, when an undefined location is selected by the input
address to a cell, the output generates an undefined value and this is propagated
forward to the next layer. For example, suppose the output from the first layer is
the vector 1U. This is interpreted by the output cell as having selected both
addressed locations 1¢ and 11, forming an addressable set, or {10, 11}. The Goal
Seeking Neural Network then has some rules on how to modify the contents, or
perform recall.

The idea of having an addressable set together with some rules was
developed further to produce the Deterministic Adaptive RAM Network (DARN)
(Bowmaker & Coghill, 1992). The major innovation in this earlier version of the
DARN was to make the desired output of every cell in the pyramid, the same as
the desired output of the entire pyramid. Although the generalization
performance improved over that of the Goal Seeking Neuron, the DARN’s
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capabilities were still poorer than those of the MLP. Here a further enhancement
to the DARN that has produced promising results is presented. The training and
recall procedures are described in the following section.

4 DARN OPERATION

In the new DARN, each addressed content is now a signed register instead of a
tri-state value. Initially, all of the registers in the network’s cells are set to zero.
The zero is interpreted as an undefined value. During learning, as will be seen
later, the counter register may become positive or negative. The learning and
recall behaviour is explained below.

4.1 Learning

The input address vector is presented to the network. The desired output of every
cell in the pyramid is the same as the desired output of the pyramid. Beginning
at the input layer, if the desired output is 1, the addressed location is incremented
by one. On the other hand, if the desired output is 0, the location is then
decremented by one. The method then involves calculating the address vectors
for the next layer, moving towards the output. The input address vector to each
cell in the next layer is constructed by invoking the Recall function (described
below) on the previous layer. This address vector is then applied to the cell inputs
on the next layer, and the contents of each cell are again modified as described
above. This procedure is continued until the pyramid output is reached. The same
method is applied to each pyramid. The entire training pattern set should be
presented just once. The order in which the samples are presented is unimportant.

4.2 Recall

During the recall phase, again, the content of each addressed location, starting
from the input layer, is interpreted as U, 0, or 1 as the counter value is zero,
negative, or positive respectively. Now, during recall, it may be seen that the
output of each cell might propagate forward an undefined output. However, by
adopting the Goal Seeking Network (GSN) approach of propagating the
addressable set forward to the next layer, it will result in several locations being
selected at the same time. When this happens, the following rules, as illustrated
m Figure 7 below are adopted (they are essentially the same as for the GSN).
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If at least one zero is addressed and no
ones are addressed, the output is zero.

If at least one one is addressed and no
zeros are addressed, the output is one.

Otherwise the output is undefined.

Figure 7: Recall rules
Recall is propagated forward through the pyramid until the output is reached.

The following section will now describe efforts to assess and compare the
performance of this new network’s learning potential against the earlier DARN
model on a few popular benchmarks.

5. EXPERIMENTAL RESULTS
5.1 Network Design Issues

For convenience, a 64-input network for the four benchmark datasets obtained
from the UCI repository (UCI Repository of Machine Learning Databases, 2005)
was used. There are essentially three practical options for the cell input size; that
is, 2, 4, or 8 input address lines. A network configuration consisting of 4 input
lines for each cell was chosen. As these data sets do not have the same number
of features, the quantization levels for each feature had to be adjusted
appropriately. Furthermore, the values of some of the features for several data
sets had to be scaled up accordingly, as they are essentially unsuitable for
representation in their original form for the WNN. In all cases, only values to the
nearest integer were used. This is summarised in Table 1.
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Table 1: Input data representation

Feature Wine B. Cancer | Diabetes Iris
SF{ Q| SF] Q [ SF]Q[SF[Q

1 1 4 1 7 1 5 1 16
2 1 3 1 7 1 9 ! 16
3 4 4 1 7 1 8 1 16
4 1 5 1 7 { 8 ) 16
5 1 & 1 7 1

6 4 3 1 7 1

7 5 5 1 7

8 10 3 1 7

9 1 3 1 8

10 1 4

11 5 4

12 7 5

13 1 11

Key :
SF : Scaling Factor
Q : Quantization (no. of bits)

A brief description of each data set along with the key features are given in tables
2-5.

Table 2: Iris data set

Title : Iris

Description : This set contains 150 samples
describing measurements on the
Iris flower (two measurements
each on the petal and sepal)
making up the input attributes

[16].
Size of data set : 150

No. of features : 4
No. of classes: 3
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Table 3: Wine data set

Title :

Wine

Description :

The data are the results of a
chemical analysis of wines
grown in the same region in
Italy but derived from 3
different cuitivars{17].  The
analysis determined  the
quantities of the 13 different
constituents found in each of
the three types of wines.

Size of dataset: | 178
No. of features : | 13
No. of classes: 3

Table 4:

Breast cancer data set

Title :

Breast Cancer (B. Cancer)

Description :

This database was obtained
Jfrom  the  University of
Wisconsin Hospital, Madison
Jrom William H. Wolberg[18],
starting from 1989 until 1991
The features comprise the
(tissue)  clump  thickness,
uniformity  of cell  size,
uniformity of cell shape,
marginal  adhesion,  single
epithelial cell size, bare nuclei,
bland  chromatin, normal
nucleoli, and mitoses.

Size of data set : | 699
No. of features: | 9
No. of classes: 2

irer 2 JATMERR B
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Table 5: Pima Indians Diabetes data set

Title : Diabetes

Description : This was taken from National
Institute  of Diabetes  and
Digestive and Kidney
diseases{19]. The data was
obtained from patients who are
Jemales of at least 21 years old
and of Pima Indian heritage.
The 8 features comprise the
number of times pregnant,
plasma glucose concentration,
diastolic ~ blood  pressure,
triceps skin fold thickness, 2-
hour serum insulin, body mass
index, diabetes  pedigree
Junction, and age.

Size of data set : | 768

No. of features : | 8

No. of classes: 2

Two different validation techniques were examined for each of these four
data sets. This is further described in the following sections.

5.2 90/10 Random Shuffling Validation Technigue

In the first approach, which is labelled as 90/10 RSVT, the data was randomly
shuffled a number of times to produce several sets of data partitioned
approximately in a Y0%-10% mix of training and test data sets respectively. The
data sets, in each case, were further shuffled a hundred times and partitioned to
produce additional data set pairs for training and testing purposes. The DARN
simulator was then trained and tested for each data set. Following this, the
average classification accuracy over the 100 runs for each data set was obtained.

5.3 The Leave-One-Out-Cross-Validation Technique

The second validation approach, which is commonly known as Leave-One-Out-
Cross-Validation technique (L10CV) (Stone, 1974), basically identifies one of
the data samples in the collection as the test data. The remainder was used for
training. This was repeated for each and every samplc of data in the collection.
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Fundamentally, for a collection of N data samples, there will be N simulations of
one pair of (N-1) training sets and one test data set. Many believe that this
approach provides a better picture of the performance of supervised classifiers.

A summary of the experimental results, expressed as the percentage correct,
obtained for the two validation approaches on the benchmark data sets are shown
in Tables 6 and 7.

Table 6: Experimental Results with DARN

90/10 RSVT L10CY
Iris 78.73 81.33
Wine 31.47 73.60
B. Cancer 72.90 87.84
Diabetes 50.99 51.43

Table 7: Experimental Results with new DARN

90/10 RSVT L10CV
Iris 81.13 94.67
Wine 31.67 76.40
B. Cancer 86.63 92.42
Diabetes 60.66 70.53

5.4  The multi-layer perceptron neural net as a classifier

To baseline the performance of the DARN, some additional experiments have
been conducted with the multi-layer perceptron network that has a single hidden
layer. This was trained with the standard generalized delta rule for 10 randomly
shuffled data sets. Each of these data sets was partitioned in a 90%-10% mix of
training and testing data respectively. The network characteristics for each of the
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four data sets are summarized along with the experimental results obtained in
Table 8 below.

Table 8: Experimental set-up and results with the MLP

Iris Wine B. Cancer Diabetes
Features
Input nodes 64 64 64 64
Hidden nodes 10 10 10 10
Output Nodes 3 3 2 2
Learning rate 0.2 0.2 0.2 0.2
Momentum 0.9 0.9 0.9 0.9
Max.  training 0.0! 0.01 0.01 0.01
errors allowed
Average
Classification $6.00 75.00 93.43 67.27
Accuracy (%)

6. DISCUSSION & CONCLUSION

In this paper, a new weightless neural network, which has been used for data
classification was described. The experimental results shown here were based on
four sets of benchmark data belonging to various application areas. This ranged
from studies of the four main features of the iris flower to the set of thirteen
features from a database of information related to diabetes. A common network
was used in classifying these four sets of data, and for validation, two different
approaches were investigated. As the data sets come from a variety of sources,
some of the features had to be pre-processed before being converted into the
appropriate binary values. A comparison was also made between the two versions
of DARN to justify the development of the proposed new model.

For both approaches, the Leave-One-Out-Cross-Validation technique has
shown a higher level of classification accuracy than for the 90/10 Random
Shuffling Validation approach. This may not be totally unexpected, as the Leave-
One-Out-Cross-Validation technique produces training sets with more samples
than the Random Shujffling Validation approach. Comparing the results obtained,
itis evident that the new DARN outperforms the old, in accurately classifying the
data sets presented here. Even though the experimental results obtained from the
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multi-layer perceptron neural net surpasses those obtained with the DARN, it is
believed that there is still a niche for the DARN to be used in appropriate
applications, especially where the application is suitable to be implemented in
hardware. One aspect of hardware implementation, which presents a major
advantage over simulation, is that of the search time to find an addressable set
within a RAM cell. Under simulation conditions this search is effectively depth
first. When the cell size increases to, say, sixteen bits, the search time becomes
impractical. However, when this is implemented in hardware form it may now be
possible to conduct a breadth first search using parallel hardware. There is on-
going work at the Department of Electrical & Computer Engineering, University
of Auckland to implement a hardware realisation using Xilinx FPGA’s.
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