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Abstract: One of the most important roles in the machine learning area is to classify, and
neural networks are very important classifiers. However, traditional neural networks cannot
identify intervals, let alone classify them. To improve their identification ability, we propose
a neural network-based interval matcher in our paper. After summarizing the theoretical
construction of the model, we take a simple and a practical weather forecasting experiment,
which show that the recognizer accuracy reaches 100% and that is promising.
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1. Introduction

Pattern recognition [1-3], which focuses on the recognition of patterns, is a branch of machine
learning. In many cases, patterns are learned from training data, which is supervised learning, but when
there is no training example provided, some pattern recognition algorithms can be used to discover
previously unknown patterns, which is unsupervised learning [4—6].
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Pattern recognition is to assign a class to a given input value or a set of values [7,8]. Generally
speaking, pattern recognition algorithms aim to provide a reasonable answer for all possible inputs and
to perform most likely matching of the inputs, taking into account their statistical variation. This is
contrasted with pattern-matching algorithms, which look for exact output that matches to the input in a
pre-existing pattern or patterns. A common example of a pattern-matching algorithm is regular
expression matching [9-11]. In contrast to pattern recognition, pattern matching is generally not
considered as a type of machine learning but a type of artificial intelligence, although pattern-matching
algorithms can sometimes succeed in providing similar-quality output to the sort provided by
pattern-recognition algorithms.

So far, there are some pattern-matching algorithms in the world, including ones for intervals.
However, most of the interval-matching algorithms are used in much applied areas [12] and are highly
related to specific features. In other words, these interval pattern matching methods are designed for
specific problems, not for general ones.

The main contribution of the paper is to propose an interval pattern matcher that makes use of the
neural network, and we call it a “neural network-based interval pattern matcher”. This pattern matcher
has the property that can identify a mathematical interval, instead of a real number. Experiments illustrate
that neural networks can form the core of the “Neural Network-based Interval Pattern matcher” that can
identify the patterns more quickly compared with the pattern-matching algorithm using a searching
method once the training process finishes.

The organization of this paper is as follows. In Section 2, we briefly introduce the preliminaries of
the paper: neural networks. Section 3 describes the modeling of a neural network-based interval pattern
matcher. Section 4 is the experiment to test the classifier that we propose. Finally, conclusions are given.

2. Preliminaries: Neural Networks

Artificial neural networks (shown in Figure 1) are electronic neuron structures that simulate the neural
structure of the brain. They process one training sample at one time and learn by comparing real output
with targets. The errors from the initial training step are used to modify the network weights the second
time around, and so on. Roughly speaking, an artificial neural network is composed of a set of input
values (xi), associated weights (w;), and a function that sums the weights up and maps the results to the
output vector (). Neurons are organized into layers. The input layer is composed of neurons that
represent the feature variable vector (x). The next layer is called the hidden layer; and there may be more
than one hidden layer and more than one neuron in each hidden layer. The final layer is the output layer,
where one node matches with one class for classification problems.
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Figure 1. Artificial neural networks.
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Neural network is an important tool for classification [13,14]. Basically, a classifier takes objects as
inputs and assigns each one to a class; objects are represented as vectors of features and classes are
represented as class labels, such as 0 or 1.

In the training phase, the correct class for each record is known, and the output nodes can therefore
be assigned “class number” values—*“1” for the node corresponding to the correct class, and “0” for the
wrong class [15,16]. It is thus possible to compare the network's calculated output values with these
“correct” (target) values, and calculate an error term for each node, which is the “Delta” rule. These
errors are then used to adjust the weights in the hidden layers so that the output values will be closer to
the “correct” (target) values for the next time. After the process of training, a single sweep forward
through the network assigns a value to each output neuron, whose value is assigned to whichever class’s
node had the highest value.

It is well-known that there are several types of neural networks, each of which has unique functions.
In our paper, we focus on the pattern matching ability using a neural network, and come up with a pattern
matcher that is a neural network with additional data preparation layer. The traditional neural network
is typical enough to be used to in our system illustrate our problem.

3. Neural Network-Based Interval Classifier

Rules [17-19] are often stated as linguistic IF-THEN constructions. It has the general form “IF 4
THEN B”, where 4 is called the premise of the rule and B is the consequence. We use (A; B) to denote
this rule. Neural network can express such rule efficiently. However, it is more often seen that both A
and B take a more complex form.

Take the simple rule set below as an example

(R1) IF x1 is Small AND x2 is Small, THEN y is Small;
(R2) IF x1 1s Small” AND x2 is Small’, THEN y is Small’.

There are two rules in this example, and the number of inputs is two. Small and Small’ denote intervals
over the universe of x and y. R; can be denoted as (Small, Small; Small); R> can be denoted as (Small’,
Small’; Small’).

Often, a continuous interval can be represented by some discrete examples. The discrete examples in
the domain can be determined by interpolation. This idea reduces the processing complexity in our
system using interval. For example, given the rule R1, we need some specific value or (values) to depict
the interval Small to minimize the complexity of it, neural network would face the difficulty that one
input values would face more than one output value. Details are shown as the following:

If there is a one-to-many relationship between the inputs and targets in the training data, then it is not
possible for any mapping to perform perfectly. One method is to calculate the average value for
each interval. Any given network may or may not be able to approximate this mapping well at the
beginning. However, it will form its best possible approximation to this mean output value when trained
as well as possible.

One problem emerges when average features cannot distinguish one interval from the others.
Sometimes, different intervals may have the same average values, especially for the intervals having
overlap values. Whatever method we use, one interval should be distinguishable from the others on the
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limited domain related to the problem that we are trying to solve. For example, if our domain is {Large,
Small, Middle}, we need to distinguish these three intervals but do not need to distinguish others.

Here, we have to emphasize the concept of “relation”. A “relation” is just a relationship among
objects. If there are some persons in class and each person has their own height, the pair of one person
and his/her name is a “relation”. Besides, these pairs are “ordered”, which means one comes first and
the other comes second. The set of all the starting points is called “the domain” and the set of all the
ending points is called “the range”.

What should we notice is that all functions are relations but not all relations are functions. A function
is a sub-classification of relation and a well-behaved relation, we mean that, given a starting point, we
know exactly where to go; given an x, we get only and exactly one y. The relation {(7,8;0), (7,8;1)}
where “7” and “8” are input values and “0” and “1” are output values, is not a function since certain x-
elements are paired with more than one unique y-element. However, the relation {(1;2), (3;2)} where
“1” and “3” are input values and “2” is an output value, is a function since certain y-elements value can
be paired with more than one unique x-element.

It is well known that a neural network can approximate a function very well [20-22], but it cannot
express the one-many mapping correctly since the weight changes would be compromised between
different outputs given the same inputs. In a traditional neural network, the training error of a function
would approximate zero when trained as well as possible [23—25]; while for the non-function relation,
the error does not converge to a real number, but rather to an interval.

For example, if we are given a relation {(1;2), (1;3)} and train the neural network using the training
sample (1;2) and (1;3) alternately, at the beginning the weight change would simulate the relation (1;2)
and then it would simulate the relation (1;3) and so forth. Thus, the weight changes would be a
compromise among different outputs (“1”” and “3”) given the same inputs (“1”) after a lot of iterations.
When we input “1” to this well trained neural network, it would output a number between two and three
randomly based on our research. Totally speaking, the range of the interval is closely related to the
error interval.

Here, we make use of this error interval to decide if the training process is finished or not in the
training process. Besides, we can also use this error interval and testing outputs to identify different
interval output in the testing process. Specifically, the error interval would fall within an interval that is
closely related to the error interval and output some values that fall within the interval itself. The network
structure of this example is shown in Figure 2.

Input layer Hidden layer Output layer

Data Preparation layer

x1 yl
X2 y2
xn —>yn

Figure 2. Neural network-based interval matcher.
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Specification:

Data preparation layer: This layer generates training samples from the raining rules. A suitable
training sample is one which has values drawn from a distribution corresponding to a rule in the training
rule base. (Training samples for rule R1 must obey R1.)

The main goal of the input layer is to generate some training samples randomly, each of which
contains independent variable values (x1, ..., x») and values of the induced variable (y) that obey the
corresponding rule. We generate values for each of the variables by drawing from a rule
distribution [26—28].

Using the example from Section 3, there are two independent variable values (x1, x2) and one induced
value y. To generate a training example for rule Ri, we would draw a sample for x1 from the Small region
of the domain of X1; x2 would be drawn from the Small region for X2, and y would be drawn from the
Small region of Y.

For example, we would like to approximate the relation (4,B8;C), where A4 is {1,2}, B is {3,4} and C
is {6,7}. We decompose this relation into (1,3;6), (1,3;7), (1,4;6), (1,4;7), (2,3;6), (2,3;7), (2,4;6), (2,4;7).

Input layer: This layer is similar to standard neural networks with inputs from the data preparation layer.

Hidden layer: The function of this layer is similar to standard neural networks, except that we have
separate networks for each set of input classes. The training itself is done using the Back-Propagation
algorithm. During training, a training sample is only used to train a single network in the neural training
layer, not all of them.

Output layer: This layer outputs an interval values. if we input (1,3), (1,4), (2,3), (2,4), the output
would be a number between 6 and 7 as would the others. Thus, we could estimate the interval C based
on the outputs of the corresponding well trained neural network.

4. Experiments
4.1. Simple Test
4.1.1. Comparison Between Two Rules Using Our Program

The reason why we conduct this experiment is to testify that the range of the interval is closely related
to the error interval. We tested the range solution on the simple rules Ri and Ra:

Small is a set with the interval of [0, 10]. In other words, it is part of the “Small”. Table 1 depicts the
experimental environment that we used for the tests.

Table 1. Experimental environment.

Algorithm to train the neural network Back Propagation (BP) Algorithm

Neural network structure 4 layers having 3, 3, 3, and 1 neurons

Experiment tool Matlab

We first test out the range solution on Ri. For this example, the universal of all three variables is the
interval [0, 100]. To generate a test example, we simply generate a random three-tuple in [0, 100]%, and
then check if this conforms to the stated rule Ri1. (If it does not, we discard the training example.)
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In this experiment, we generate 42,803 training samples that satisfied the R1 in the rule set. Using
30,000 training samples to train the neural network, we get the error values shown below in Figure 3.
Once the network finishes the training process, the error falls approximately within the interval [0-0.2].
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Figure 3. Training error using range solution of Ri.

Using the other 12,803 testing samples on the network, we get error values shown in Figure 4. We
observe that the result approximately is between “0” to “0.2”. This means that the training process is
successful and there is no over-fitting problem.
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Figure 4. Training error using range solution of R>.

We used another rule R> to test the range solution. Using 20,000 training samples to train, the training
error falls approximately within an interval [0, 0.08], as shown in Figure 5. Using the other 10,000 testing
samples to test, the testing error falls approximately within an interval [0, 0.07], as shown in Figure 6.
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Figure 6. Training error using “traingdx” of R>.

It is observed that both rules’ training errors fall within an interval after getting a stable state, and the
difference between the training errors of the two rules is the range of the error. The reason for this
phenomenon is that the inputs of a training sample correspond to different output values. If the gap
among the biggest output value and smallest output value is big, the range of the error is big; otherwise,
the range of error is small.

Although the training error also falls within an interval for a function, the range of the interval will
approach zero as long as the training times are sufficient. This is different from the non-function relation,
whose training error range would not approach zero no matter how many training times the training
process would take [28-30].
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4.1.2. Comparison Between Two Rules Using Matlab Toolbox

Table 2 depicts the experimental environment that we used for the tests. We use “traingdx” to replace
the general BP algorithm to test our results; use standard Matlab toolbox (version R2014a) to generate
our results, instead of our own programming.

Table 2. Experimental environment.

) i Gradient descent with momentum and adaptive learning rate backpropagation
Algorithm to train the neural network

algorithm (traingdx)
Neural network structure 4 layers having 3, 3, 3, and 1 neurons
Experiment tool Matlab neural network tool box

From Figures 5 and 6, we see the results are in accord with the last experimental results. Specifically,
if we rotate the Figures 5 and 6 in clockwise direction about 90 degrees, these figures are almost the
same as Figure 3 and Figure 4, respectively. With the increment of training times, the error would not
decrease, but arrive to an interval, with the value vibrating within. The only difference is that Figures 5
and 6 have negative errors but Figures 3 and 4 do not. The reason for that is that we use absolute error
to denote training errors.

4.2. Practical Test

From Shanxi Provincial Meteorological Bureau, China, we got the ground surface meteorological
observation data in Taiyuan, a city of Shanxi Province, China from May 2007 to October 2007, May
2008 to October 2008 and May 2009 to October 2009, which are the rainy seasons in that city. The
specific meteorological elements included the day’s atmospheric pressure, relative humidity, dry and
wet bulb temperature, wind speed and accumulated precipitation at 8 p.m. (Beijing Time, equivalent to
1200 UTC), which we took into our experiments.

Table 3. Classification of input conditions.

. Dry and wet bulb . L. .
Atmospheric pressure Relative humidity Wind speed
temperature
Rating Value (hPa) | Rating Value (°C) Rating Value (%) Rating Value (MPH)
Moderate >940 Lowest <-10 Dry [0, 30) Calm 0,2)
. Lower [-10,5) Less dry [30, 50) Light Air [2,4)
Lower slightly ~ [930, 940)
Moderate [5, 30) Light Breeze [4,7)
. Less humid [50, 70) Gentle
Lower [920,930) Higher [30, 45) [7,1D)
Breeze
' ) Moderate
Lowest <920 Highest >45 Humid [70, 100] [11,17)
Breeze

We took the day’s atmospheric pressure, relative humidity, dry and wet bulb temperature, and wind
speed observations at 8 p.m. (Beijing Time) as input conditions. Before the experiments, we classified
the input meteorological conditions into different intervals according to their rating, which is shown in
Table 3. Atmospheric pressure falls into four intervals shown in the first two columns of Table 3; relative
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humidity falls into four intervals shown in the third and fourth columns; dry and wet bulb temperature
falls into five intervals shown in the fifth and sixth columns; wind speed falls into five intervals shown
in the last two columns.

We also took the accumulated precipitation in the next 24 hours as outputs for the weather prediction
models and used the precipitation observations to verify our results. Precipitation falls into five levels
shown in Table 4.

Table 4. Classification of precipitation outputs.

Precipitation rating Precipitation value (mm)

Light rain (0, 10.0)

Moderate rain [10.0, 24.9)
Heavy rain [24.9, 49.9)
Rainstorm [49.9, 99.9)

Heavy rainstorm [99.9, 249.0)

Experiments show that the accuracy of pattern matcher is 100%, which is promising.
5. Conclusions

This paper presents an interval pattern matcher that can identify patterns with interval elements using
neural networks. Our new system is based on a traditional neural network, but unlike previous neural
networks, our system can handle interval inputs values and interval output values. This model is more
convenient for some applications when compared with systems that require single real inputs and outputs.

We show that the new system is suitable for interval pattern matching, which look for exact output
that matches to the input in pre-existing pattern or patterns. That is, our system can identify intervals
patterns and are better than other pattern matchers using searching algorithms when trained as well as
possible, since search-based matcher have to spend extra time in searching. In addition, our system can
identify interval-based patterns while previous neural networks can only deal with simple patterns with
simple real number inputs and outputs.

Finally, experiments show that the error intervals are highly closed with the output: the bigger the
interval output range, the bigger the error range. In addition, practical experiments shows that the
accuracy of identification is 100%, which is promising.

As we know, the neural network can identify simple numbers, and we can now identify interval ones.
This kind of matcher is important because most real world problems are better characterized by an
interval rather than a single one.
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