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Abstract

In this paper, a quick granular knowledge discovery
method is proposed to speed up KDD process. Conven-
tional neural-networks-based KDD methods have a ma-
jor speed bottleneck problem because a neural network
needs a long learning time to discover useful knowledge
from huge amounts of data. To solve the speed bottle-
neck problem, the new KDD method can directly cal-
culate all parameters related to granular knowledge by
solving mathematical equations rather than train the
parameters by using a slow neural network. In addi-
tion, the new granular knowledge discovery method can
construct a meaningful granular system with the near-
optimal number of granular rules for any given error.
Meaningful input and output membership functions can
be generated. The 2-dimensional function simulations
have indicated that the new KDD method is able to
compress a database to a smaller granular rule base ef-
ficiently and quickly. In the future, the n-dimensional
function simulations will be investigated.

1 Introduction

Granular computing is a a superset of the theory of
fuzzy information granulation, rough set theory and in-
terval computations, and is a subset of granular mathe-
matics [2][3][8]. Because Knowledge Discovery and Data
Mining (KDDM) is related to data classification, infor-
mation granulation and knowledge extraction, granular
computing techniques have been used in KDDM in re-
cent years [2][3][6][7][9][12][13]. For example, the granu-
lar neuro-fuzzy technique was used in fuzzy knowledge
compression to reduce the number of fuzzy rules [13].
The compensatory genetic fuzzy neural networks were
used to learn fuzzy rules from data sets and find new
fuzzy rules [10]. However, they could not always dis-
cover meaningful granular knowledge from data because
trained fuzzy sets could not have reasonable interpre-
tation of linguistic terms and complete partition of a

universe of discourse. Therefore, conventional meth-
ods such as fuzzy neural networks and genetic neural
networks may generate unreasonable granular knowl-
edge. In addition, various training algorithms such
as gradient-descent algorithms, genetic algorithms and
neural-nets-based algorithms cannot effectively find an
appropriate number of fuzzy rules and optimal or near-
optimal fuzzy rules because they may reach local min-
ima because of a huge search space and randomness
[11][12][15]. In this paper, we propose an efficient gran-
ular knowledge discovery method algorithm to directly
model a reasonable 2-input-l-output granular system
for both given data and any required accuracy.

Section 2 introduces granular partition and granular
knowledge representation. Section 3 presents a granular
reasoning method to directly calculate all parameters
for constructing a granular system. A typical simulation
of KDDM in a relational database is given in section 4.
The conclusions are given in section 5.

2 Granular Partition and Granular

Knowledge

A simplified N-record relational database has three
numerical fields z, y and z. How to find the granular
relationship among these fields (i.e. z=f(z, y)) is the
major KDDM task in this paper. Fuzzy sets are basic
processing elements in various applications [1][4][5][14].
Here, fuzzy sets are used as basic granules in granu-
lar partition. Numerical values of z are partitioned
into m granules A;, numerical values of y are parti-
tioned into m granules B;, and numerical values of 2
are partitioned into m? granules C; for i = 1,2,....,m
and j = 1,2,...,m2. These granules are defined by fuzzy
sets:
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where j = 2,3,....m—1, k =1,2,...,n, ag, by and ¢
are centers of these triangular membership functions of
z, y and z, respectively, 1 are widths of membership
functions of z.

After the granular partition, X and Y have m gran-
ular values A;, B; for ¢ = 1,2, ..., m, respectively, and Z
has n granular values C; for j =1,2,...,n and n = m?.
Now it is ready to establish granular rule base using
these granules. The granular rule base has n granular

IF-THEN rules such that

IF X is Af%T and Y is Bgmodm THEN Z is Cy, (8)

for k=1,2,..,n and n = m?2.

3 Granular Reasoning and Granular
System

According to the granular reasoning method called
normal fuzzy reasoning method [10], a new 2-input-1-
output granular system g(z,y) can be made step by
step as follows:

Step I: In general, four granular rules are fired when
x € [ag,apt+1] and y € [bg,bpt+1] , four relevant fuzzy

membership functions are
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we have four strengths of the four fired rules:
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Step 2: four contributions of the four fired rules are
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where wy,ws € {-1,+1}.
Step 3: the granular system g(z,y) is given by

9(z,y) = M21 + A2za + A3z3 + Mgz (21)
For clarity, we have

9(z,y) = Ac1 + Aaca + Az + Ageq +

61 + 61m + 611 + 01, (22)
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4 Constructive Granular Computation
of Parameters

Instead of training a neural network to optimize pa-
rameters (i.e., weights) slowly, we propose a construc-
tive granular computation method which can directly
calculate all parameters by solving related mathemati-
cal equations. The major advantages are (1) optimizing
parameters very quickly and (2) g(x,y) can approximate
any continuous function f(z,y).

The N-record relational database has NV data sets
(T[frackm]s Ykmodm, 2x) for k = 1,2,..,N. Now an
optimization function is given below,
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Then we can solve the above 8-parameter linear equa-
tion to get optimal values of ¢1, ¢2, ¢3, ¢4, M1, 72, 13, Ta
by initializing all possible values of w; and ws. Accord-
ing to divide-and-conquer technique, we divide a whole
2-dimensional space of (x, y) into m? subspaces. Each
subspace is related to the 8-parameter linear equation.
After solving m? 8-parameter linear equations, we can
find optimal ¢y, co, c3, ¢4, M1, N2, N3, N4, and then build
the granular system because all parameters for granular
rules have been found.

5 Granular KDDM Simulations

To do granular KDDM simulations, we create a 6561-
record relational database with a tornado-type mapping
relationship between two input fields and one output
field. The tornado-type function is defined below:
2sin(+y/ (322 + 4y?)3)

f(xay) =2- A (31_2 T 4y2)3

(29)

The known relational database shown in Table 1 has
three fields (i.e., X, Y and Z) and 6561 records, where
Z = f(X,Y) shown in Fig. 1, X = —8.0 +4/5 and

Y =—8.0+/5fori=0,1,2,...,80 and j = 0,2, ..., 80.
The objective of KDDM is to find a samll number of
granular rules which can represent 6561 relations.

Table 1: The known 3-field relational database

X Y Z
—8.0 | —8.0 | 1.99976
—8.0 | —7.8 | 1.98168
—-8.0 | —7.6 | 2.01767
8.0 7.6 | 2.01767
8.0 7.8 | 1.98168
8.0 8.0 | 1.99976
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Figure 1: The tornado function f(z;,y;).

Speed Comparison between the granular system us-
ing the granular constructive computation method and
a neural network using the BP learning algorithm is the
main issue in simulations. The simulation results in Ta-
ble 2 can indicate that the execution time T,ew of the
new piecewise granular constructive approach is much
smaller than the execution time T,ld of a conventional
BP-based neural network. The main reason is that the
new granular constructive method can directly calcu-
late parameters in a very short time, but the BP-based
neural network takes a lot of time to adjust parameters
gradually and slowly.



Table 2: Speed Comparison of the granular system and

a neural network

Average Absolute Error | Tew(Sec.) | Told (hours)
0.065 2 >3
0.055 2 >5
0.045 3 > 8
0.035 4 > 12

6 Conclusions

The new constructive granular knowledge discovery
method can build a piecewise granular system quickly
by directly calculating parameters of granular rules with
any required accuracy. In addition, the new approach
is able to generate meaningful input and output mem-
bership functions, i.e., discover understandable granular
knowledge. In summary, both quick granular knowl-
edge discovery and meaningful interpretation of granu-
lar rules are two important advantages of the new gran-
ular knowledge discovery method. In the future, an n-
dimensional granular knowledge discovery method will
be investigated.
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