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Abstract—We propose a parallel distributed model of a hybrid fuzzy genetics-based machine learning
(GBML) algorithm to drastically decrease its computation time. Our hybrid algorithm has a Pittsburgh-style
GBML framework where a rule set is coded as an individual. A Michigan-style rule generation mechanism is
used as a kind of local search. Our parallel distributed model is an island model where a population of
individuals is divided into multiple islands. Training data are also divided into multiple subsets. The main
feature of our model is that a different training data subset is assigned to each island. The assigned training
data subsets are periodically rotated over the islands. The best rule set in each island also migrates
periodically. We demonstrate through computational experiments that our model decreases the computation
time of the hybrid fuzzy GBML algorithm by an order or two of magnitude using seven parallel processors
without severely degrading the generalization ability of obtained fuzzy rule-based classifiers. We also

examine the effects of the training data rotation and the rule set migration on the search ability of our model.

Keywords—Parallel distributed algorithms, fuzzy rule-based classifiers, genetics-based machine learning,

training data rotation, training data stratification.

I.  INTRODUCTION

Population-based evolutionary algorithms have a number of advantages over point-based
search methods such as global search ability, adaptability to uncertain environments, and
applicability to large-scale optimization problems [1]-[5]. Applications of evolutionary algorithms

to machine learning have often been referred to as genetics-based machine learning (GBML [1]).
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A number of GBML algorithms were proposed for machine learning, knowledge extraction and
data mining [6]-[11]. Recently, evolutionary multiobjective optimization (EMO) was also used to
handle conflicting objectives such as “accuracy and complexity” in classifier design [12]-[17].

GBML algorithms are divided into two categories depending on their coding mechanisms [11].
In one category, a rule set is coded as a string and handled as an individual. A single population
consists of a number of rule sets. This category of GBML algorithms is referred to as Pittsburgh
approach. Pittsburgh-style GBML algorithms search for the best rule set with respect to a pre-
specified fitness function. In the other category, a single rule is coded as a string and handled as
an individual. A single population consists of a number of rules. This category is subdivided into
Michigan approach and iterative rule learning (IRL). In Michigan approach, a population of rules
is viewed as a single rule-based classifier. The final population after the execution of a Michigan-
style GBML algorithm is usually handled as an obtained rule-based classifier. In an IRL-style
GBML algorithm, a rule-based classifier is designed by its multiple runs where a single rule is
obtained from each run. For details of these three approaches, see [11].

The main difficulty in the application of Pittsburgh-style GBML algorithms to large-scale
classification problems is their heavy computation load. This is because a number of rule sets are
to be evaluated in each generation during their execution. Various techniques have been discussed
for the speed-up of Pittsburgh-style GBML algorithms. One popular technique is their parallel
implementation where multiple processors are used in parallel for rule set evaluation. Parallel
implementation is a general technique for the speed-up of evolutionary algorithms [18]-[21].
Parallel implementation of population-based search algorithms is not difficult since the fitness
evaluation of each solution can be performed in parallel. Motivated by recent rapid advancement
of parallel hardware technologies such as GPGPU (general-purpose graphics processing units),
parallel evolutionary computation has become a very active research area [22]-[26].

Training data reduction has also been actively studied in machine learning, knowledge
extraction and data mining [27]-[30]. Its basic idea is to decrease the size of training data. A
windowing method was studied as a training data reduction method for the speed-up of GBML
algorithms in [31] where training data were stratified into multiple strata (i.e., divided into
multiple disjoint subsets of the same size with the same class distribution). A different training

data subset was used in every generation in [31]. Further speed-up of GBML algorithms was



realized by parallel implementation of GBML algorithms with the windowing method in [32]
where the fitness evaluation of each solution was performed in parallel.

In our former studies [33], [34], we used an island model for parallel distributed
implementation of genetic fuzzy rule selection [35]. A different training data subset was assigned
to each island. Genetic fuzzy rule selection was performed independently in each island for a pre-
specified number of generations. Assigned training data subsets were rotated periodically over the
islands. We used the term “distributed” because the fitness evaluation of each solution was
performed at each island using a different training data subset. A simple migration strategy was
used in [34] where copies of the best rule sets in each island were moved to the next island. In
[33], subpopulations were periodically merged and randomly re-divided into multiple islands.

Whereas genetic fuzzy rule selection is an interesting post-processing procedure of fuzzy data
mining [36], accurate fuzzy rule-based classifiers are not always obtained. This is because it does
not generate any new fuzzy rules. When important fuzzy rules are not included in a candidate rule
set, it is difficult to design fuzzy rule-based classifiers with high accuracy through rule selection.

We examined parallel distributed implementation of a hybrid fuzzy GBML algorithm [37] in
our former studies [38], [39] where no migration strategy was used. In this paper, we propose a
parallel distributed model with training data rotation and rule set migration as an extended version
of island models in our former studies [38], [39]. A different training data subset is assigned to
each island and rotated periodically over multiple islands. As a migration strategy, a copy of the
best rule set (i.e., the best individual) at each island is sent to another island. As we will show
through computational experiments, the training data rotation and the rule set migration interfere
with each other. That is, their synchronized use clearly deteriorates the search ability of our hybrid
fuzzy GBML algorithm. In this paper, we propose an idea of using an inverse rotation for the rule
set migration. The training data rotation and the rule set migration are performed in opposite
directions. To the best of our knowledge, the handling of such a mutual interference between the
training data rotation and the rule set migration has not been discussed in the literature.

The main contributions of this paper can be summarized as follows:

(1) We discuss the mutual interference between the training data rotation and the rule set
migration. In order to avoid its negative effects, we propose a new parallel distributed model

with the training data rotation and the rule set migration in opposite directions.



(2) We demonstrate that the proposed model drastically decreases the computation time of our
hybrid fuzzy GBML algorithm without severely deteriorating the generalization ability of
obtained fuzzy rule-based classifiers.

This paper is organized as follows. First we briefly explain fuzzy rule-based classifiers in
Section II. Next we explain our hybrid fuzzy GBML algorithm in Section III. Then we propose a
parallel distributed model with the training data rotation and the rule set migration in opposite
directions in Section IV. In Section V, our parallel distributed model and its variants are examined

in detail through computational experiments. Finally we conclude this paper in Section VI.

II. Fuzzy RULE-BASED CLASSIFIERS

Let us explain a fuzzy rule-based classifier for an M-class pattern classification problem in an
n-dimensional pattern space [0, 1]" with m training patterns X,=(xp1, ..., Xpn), p=1, 2, ..., m. We
assume that each attribute value x,; has already been normalized into a real number in the unit
interval [0, 1] for i=1, 2, ..., n and p=1, 2, ..., m. For our n-dimensional pattern classification
problem, we use fuzzy rules of the following type [40]:

Rule R, : Ifx; is A4 and ... and x, is 4,4, then Class C, with CF,, (1)
where R, is the label of the gth fuzzy rule, 4 gi is an antecedent fuzzy set (i=1, 2, ..., n), C . isa
class label, and CF is a rule weight (which is a real number in the unit interval [0, 1]). Since the
early 1990s, fuzzy rules of this type have been frequently used in the literature [41]. For other
types of fuzzy rules for pattern classification problems, see [41]-[43].

As antecedent fuzzy sets, we use 14 fuzzy sets “Bj, By, ..., Bi4” in Fig. 1. We also use a special
antecedent fuzzy set “Bj” defined by the unit interval [0, 1] to represent a “don’t care” condition.
The antecedent fuzzy set By is always fully compatible with any normalized attribute values. The
use of the “don’t care” condition enables us to perform rule-level feature selection [44]. That is,
each rule can have antecedent conditions on different attributes. The number of antecedent
conditions (excluding “don’t care”) of a fuzzy rule is often referred to as its rule length. The total
number of possible combinations of the antecedent fuzzy sets is 15" for our n-dimensional pattern
classification problem. The antecedent part of the fuzzy rule R, in (1) is one of those combinations.
The consequent class C, and the rule weight CF, are specified using compatible training patterns

with its antecedent part in a heuristic manner [45].
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Figure 1. Antecedent fuzzy sets “By, B, ..., Bi4”.

The compatibility grade of each pattern x,=(x,1, ..., x,,) with the antecedent part of the fuzzy

rule R, in (1) is calculated using the product operator as

i (Xp) = iy (Xp1) X a5 (Xp2) X = X, (Xpn), 2)
where A, is the vector of the antecedent fuzzy sets of the fuzzy rule R, (i.e., A;=(441, ..., Agn))
and /44,,(xp;) is the membership value of the antecedent fuzzy set 4y; at the input value x,,.

To specify the consequent class C, and the rule weight CF,, we first calculate the confidence

of the association from the antecedent fuzzy vector A, to each class k (k=1, 2, ..., M) as

g f lqu (Xp )
Conf(A, = Class k) = 22— . 3)

Y iy, (%))
p=1

This is the confidence measure of the fuzzy association rule “A, = Class k£ [46], [47]. If the
confidence value for a particular class C, is larger than 0.5 in (3), we generate a fuzzy rule with
the antecedent fuzzy vector A, and the consequent class C,. In this case, C, is the majority class

in the fuzzy pattern subspace A,. Then the rule weight CF, is specified as follows [45]:

M
CF, =Conf(A,=Class C;,)— X Conf(A, = Class k). 4)
k=1

k+# Cq

Since the sum of the confidence value in (3) over all classes is 1, (4) can be rewritten as
CF,=2-Conf(A, = Class C,)-1. (5)

Note that CF, is always positive since we generate the fuzzy rule R, only when the confidence



value for the class C, is larger than 0.5 in (3). If the confidence values are equal to or smaller than
0.5 for all classes, no fuzzy rules with the antecedent fuzzy vector A, are generated.

Our fuzzy rule-based classifier is a set of fuzzy rules of the form in (1). Let us denote a set of
fuzzy rules by S. When an input pattern x,, is presented to S, we use a single winner-based fuzzy
reasoning method to classify x, by S. A single winner rule R, for x,, is chosen from S using the

product of the compatibility grade in (2) and the rule weight of each fuzzy rule in S as follows:
IUAW(Xp)'CFW:maX{IUAq(Xp)'CFq|Rq€S}' (6)
The input pattern x, is classified as the consequent class Cy of the winner rule Ry. When
multiple fuzzy rules with different consequent classes have the same maximum value in (6), the

classification of x,, is rejected. The classification of x,, is also rejected when no fuzzy rule in S is

compatible with x,,. For other fuzzy reasoning methods for pattern classification, see [41]-[43].

1. HYBRID Fuzzy GBML ALGORITHM

Our hybrid fuzzy GBML algorithm [37] has a Pittsburg-style framework where a rule set is
handled as an individual. Its outline is shown in the left plot of Fig. 2. A Michigan-style algorithm

is used as a kind of local search after genetic operations in the Pittsburgh-style framework.
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Figure 2. Pittsburgh-style framework (left) of our hybrid algorithm and its Michigan-style part (right).

As shown in the right plot of Fig. 2, the Michigan-style algorithm is probabilistically applied to

each rule set. When it is applied, new rules are generated by genetic operations and a heuristic



rule generation mechanism to partially modify the rule set. The Michigan-style algorithm is not
iterated for each rule set. That is, new rule generation and population update are performed just
once for each rule set when the Michigan-style algorithm is invoked (see the right plot of Fig. 2).

In this section, we explain a standard non-parallel non-distributed implementation of our
hybrid fuzzy GBML algorithm. Its parallel distributed implementation is proposed in the next
section.

Coding: A single fuzzy rule is represented by its n antecedent fuzzy sets as an integer string of
length n. This integer coding is used in the Michigan part of our hybrid algorithm. In its
Pittsburgh part, a set of N fuzzy rules is denoted by a concatenated integer string of length n/N
where each substring of length n denotes a single fuzzy rule. The consequent class and the rule
weight of each fuzzy rule are not coded (they are specified by the heuristic method in Section II).

The consequent class and the rule weight are, however, stored together with the corresponding
substring to avoid their unnecessary recalculation. Only when a new substring is generated, the
heuristic method is used to specify its consequent class and rule weight. If there exists no majority
class with a confidence value larger than 0.5, we tentatively assign an empty class and a zero rule
weight to the substring. Such a substring, which can be viewed as a dummy rule, is removed when
each string is evaluated in the Pittsburgh part. Our concatenated integer strings have variable
string length because the number of fuzzy rules in fuzzy rule-based classifiers is not pre-specified.

Initial Population: An initial string (i.e., initial rule set) is generated from a pre-specified
number of randomly selected training patterns. A substring of length 7 (i.e., an antecedent fuzzy
vector) is specified from each training pattern. In our computational experiments, we randomly
choose 30 patterns from available training patterns without replacement.

Let x,=(xp1, ..., X,,) be a selected training pattern. A substring of length # is specified from x,
in the following manner. First we calculate the compatibility grade of each antecedent fuzzy set B;
in Fig. 1 with each attribute value x,; of x,. Next we choose one of the 14 antecedent fuzzy sets

for each attribute x; as 4, with the following probability (i=1, 2, ..., n):

(x,;
P(B))=——P | j=1,2, .., 14. 7)
2 pp (xp;)
P

Then each of the chosen antecedent fuzzy sets is replaced with B, with a pre-specified “don’t



care” probability Pj.. In our computational experiment, Pj, is specified as Py = (n—5)/n. This
means that each substring has five antecedent conditions on average (except for “don’t care). We
generate 30 substrings of length n from randomly selected 30 training patterns in this manner.

For each substring, the consequent class and the rule weight are specified by the heuristic
method in Section II. If there exists no majority class with a confidence value larger than 0.5 for a
substring, a dummy rule with an empty class and a zero rule weight is generated. In this manner,
30 fuzzy rules in an initial rule set S are generated. When all the generated 30 fuzzy rules are
dummy rules, another set of 30 training patterns is randomly selected to generate 30 fuzzy rules.
Let Npop be the population size. By iterating the above-mentioned procedure N, times, an initial
population of N, rule sets is generated.

Fitness Evaluation in Pittsburgh Part: Let S be a rule set (i.e., an individual) in the current

population. After removing all dummy rules from S, its fitness value is calculated as follows:

fitness(S) = wi fi(S) + w2 fo(S) + w3 f5(S), (8)

where w;, w, and ws are non-negative weights and £1(S), 2(S) and f5(S) are as follows:
£1(S): The error rate on training patterns in percentage,
f2(S): The number of fuzzy rules in S,
f3(S): The total rule length over fuzzy rules in S.
The weight values are specified as w; =100, w,=1 and w3=1 in our computational experiments.

Parent Selection in Pittsburgh Part: We use binary tournament selection with replacement to
select Npop pairs of parents from the current population.

Crossover in Pittsburgh Part: Let S; and S, be a pair of selected parents. An offspring S is
generated by randomly selecting fuzzy rules from each parent. The number of fuzzy rules to be
selected from S; is randomly and uniformly specified in the interval [1, |Sy] where |Sy is the
number of fuzzy rules in Sy (k=1, 2). The order of substrings in S is randomly updated. If the
number of fuzzy rules in S becomes larger than a pre-specified upper limit (60 in our
computational experiments), it is decreased to the upper limit by randomly removing fuzzy rules
from S. This crossover operation is applied to each pair of selected parents with a pre-specified

crossover probability (0.9 in our computational experiments). If the crossover operation is not



applied, one parent is randomly chosen and handled as an offspring S, to which a mutation
operation is applied.

Mutation in Pittsburgh Part: A mutation operation is applied to each antecedent fuzzy set of
the offspring S. Our mutation operation randomly replaces each antecedent fuzzy set (including
“don’t care”) with a different one. This mutation operation is applied to each antecedent fuzzy set
with a pre-specified mutation probability (1/(n|S|) in the Pittsburgh part in our computational
experiments where #|S| is the string length of S). When the antecedent part of a fuzzy rule in S is
mutated, its consequent class and rule weight are updated by the heuristic method using
compatible training patterns.

Use of a Michigan-Style Algorithm: After the mutation operation in the Pittsburgh part, a
Michigan-style rule generation procedure is applied to each rule set S with a pre-specified
probability (0.5 in our computational experiments). When the Michigan part is not applied to a
rule set S, S is handled as a newly generated rule set (i.e., a new offspring) in the Pittsburgh part.
Otherwise, the Michigan part is used to partially modify S where all fuzzy rules in S are handled
as the current population.

Fitness Evaluation in Michigan Part: Training patterns are classified by the rule set S. The
fitness value of each fuzzy rule R, in S is defined by the number of correctly classified training
patterns by R,. Since we use the single winner-based fuzzy reasoning method in (6), each training
pattern is classified by its single winner rule. Thus we can count the number of correctly classified
training patterns by each fuzzy rule in S. When multiple fuzzy rules with the same consequent
class have the same maximum value in (6) for a training pattern, the first one among them in the
rule set S is used as the winner rule. For example, if three fuzzy rules R,, R, and R; in S are
exactly the same, only the first rule R, among them has the possibility to be selected as a winner
rule. The other two rules are never selected as a winner rule for any training patterns since R, R,
and R; are the same. Thus the fitness values of those duplicated rules R, and R; are always zero.

New Rule Generation in Michigan Part: New fuzzy rules are generated from the existing
ones in S. For generating a new fuzzy rule, first a pair of parent fuzzy rules is selected from S
using binary tournament selection with replacement. Uniform crossover is applied to the selected
pair with a pre-specified crossover probability (0.9 in the Michigan part in our computational

experiments). One of the generated offspring is randomly chosen as a new fuzzy rule. When the



crossover is not applied, one parent is randomly chosen and handled as a new fuzzy rule. Then the
same mutation operation as in the Pittsburgh part is applied to each antecedent fuzzy set of the
new fuzzy rule with a pre-specified mutation probability (1/n in the Michigan part in our
computational experiments while it is 1/(n|S]) in the Pittsburgh part).

New fuzzy rules are also generated from training patterns that are misclassified (including
rejection). Let Dy be the set of those training patterns (i.e., misclassified or rejected training
patterns). Using the same heuristic method as in the initial population of the Pittsburgh part, a
single fuzzy rule is generated from a pattern randomly selected without replacement from Dyy.

Population Update in Michigan Part: The number of fuzzy rules to be generated for
updating the current rule set S depends on the population size (i.e., |S]). In our computational
experiments, only a single rule is generated when |S|<5 (i.e., when § includes five or less fuzzy
rules). We use one of the two rule generation mechanisms (i.e., genetic or heuristic rule
generation) with the same probability. Of course, we always use the genetic rule generation when
all training patterns are correctly classified by S (i.e., when Dy is empty).

When 5<|S|< 10, two rules are generated: one by the genetic rule generation and the other by
the heuristic rule generation. If Dy, is empty, two rules are generated by the genetic rule
generation. In the case of 10<|S|< 15, three rules are generated. Two of them are generated in the
same manner as in the case of 5<|§|<10. One of the two mechanisms is randomly chosen to
generate the other fuzzy rule. If Dyr is empty, the genetic rule generation is always used. When
15<|8]<20, we generate four fuzzy rules: two by the genetic rule generation and the other two by
the heuristic rule generation (when Dyr includes two or more patterns). If Dyr includes only a
single pattern, one fuzzy rule is generated from that pattern. The other three rules are generated by
the genetic rule generation. In this manner, we generate k fuzzy rules when 5(k—1) <|S| < 5k.

From the rule set S, the worst k£ fuzzy rules are removed when 5(k—1)<|S|<5k. Then the newly
generated k fuzzy rules are added to S. The updated rule set S is returned to the Pittsburgh part
where S is handled as a newly generated rule set (i.e., a new offspring in the Pittsburgh part).

Population Update in Pittsburgh Part: In each generation of the Pittsburgh part, we generate
Npop new rule sets by selection, crossover, mutation and Michigan-style rule generation. The

fitness of each new rule set is calculated. Then we select the best N, rule sets as the next
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population from the N, rule sets in the current population and the newly generated N, rule sets.
That is, we use the (1+ A)-ES population update mechanism with g = A = Nyqp.
Our hybrid fuzzy GBML algorithm can be summarized as follows:

[Hybrid Fuzzy GBML Algorithm (Pittsburgh Part)]

Step 1: Generate an initial population of N, rule sets.

Step 2: Evaluate each rule set S in the current population.

Step 3: Generate N, rule sets by selection, crossover and mutation.

Step 4: Apply the Michigan part to each new rule set with a pre-specified probability.

Step 5: Construct the next population by choosing the best N, rule sets from the N, rule sets in
the current population and the newly generated N, rule sets.

Step 6: If a pre-specified termination condition is satisfied, terminate the execution of this
algorithm. Otherwise, return to Step 3. In our computational experiments, we use the total
number of generations as the termination condition.

[Michigan Part]

Step A: Let a new rule set in Step 4 of the Pittsburgh part be S, which is used as the current
population in the Michigan part.

Step B: Classify training patterns by S. Then calculate the number of correctly classified training
patterns by each fuzzy rule, which is used as the fitness value of each fuzzy rule.

Step C: Generate k fuzzy rules where £ is an integer satisfying the inequality 5(k—1)<|S| < 5k.

Step D: Remove the worst k fuzzy rules from S. Then add the newly generated & fuzzy rules to S.

Step E: Return the updated S to the Pittsburgh part where S is used as a newly generated rule set.

IV. PARALLEL DISTRIBUTED IMPLEMENTATION

We propose a parallel distributed model in Fig. 3 where our model is explained for the case of
seven parallel processors. The population is divided into multiple subpopulations of the same size.
Each subpopulation is assigned to a different island with a single processor. The given training
data are also divided into multiple disjoint subsets of the same size and the same class distribution
(i.e., they are stratified into multiple strata as in a windowing method [31]). A different training
data subset is assigned to each island. This is the main feature of our parallel distributed model,

which is different from other parallel GBML models.
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Training data

Figure 3. Proposed parallel distributed model with the training data rotation and the rule set migration.

The subpopulation at each island is locally initialized using the assigned training data subset at
the first generation. For a pre-specified number of generations (e.g., 100 generations), our hybrid
fuzzy GBML algorithm is executed at each island independently from the other islands.

The assigned training data subsets are periodically rotated over the islands (e.g., every 100
generations). The training data subset at the ith island is moved to the (i+1)th island. If the ith
island is the last island, it is moved to the first island. After the training data rotation, our hybrid
fuzzy GBML algorithm restarts from Step 2 where the fitness value of each string is evaluated
using the newly assigned training data subset. In this step, we have the following two options with
respect to the update of the consequent class and the rule weight of each fuzzy rule:

Option 1 (Local Update after Rotation): The consequent class and the rule weight of every
fuzzy rule are updated at each island using the newly assigned training data subset.
Option 2 (No Update): They are not updated until the antecedent part is changed by mutation.

In this paper, we use the second option because better experimental results are obtained with
less computation load. After the termination of our parallel distributed model, we also have
similar two options as follows (we use the second one for the same reason):

Option 1 (Global Update after Termination): The consequent class and the rule weight of
every fuzzy rule are updated using all training patterns after the termination of our model.
Option 2 (No Update): They are not updated.

We also use a migration operation where a copy of the best rule set at each island is

periodically moved to another island. At the same time, the worst rule set at each island is

removed. The best and worst rule sets are locally chosen using their error rates on the training
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data subset at each island. The worst rule set with the highest error rate is removed, and a copy of
the best rule set with the lowest error rate is moved to another island. As we will show in the next
section, when the training data rotation and the rule set migration are performed at the same
generation in the same direction, they do not improve the search ability of our parallel distributed
model whereas their individual use improves its search ability. Thus, we propose an idea of the
rule set migration in the opposite direction from the training data rotation. That is, a copy of the
best rule set at the ith island is moved to the (i—1)th island while the training data subset at the ith
island is moved to the (i+1)th island. In this manner, we can avoid their mutual interference that
has negative effects on the search ability of our parallel distributed model.

After the termination of our parallel distributed model, all rule sets in the final population are
examined using all training patterns. Before the fitness evaluation of each rule set, we remove
from each rule set unnecessary fuzzy rules that are not used as the winner rule for any training
patterns. The removal of those unnecessary fuzzy rules improves the second term (the number of
fuzzy rules) and the third term (the total rule length) of our fitness function with no change of the
first term (the error rate on training patterns). The best rule set with respect to the fitness function
is selected from the final population. The selected rule set is used for performance evaluation.

Our parallel distributed model is compared with the standard non-parallel non-distributed
implementation in Section III, which is illustrated in Fig. 4. The entire population is handled by a

single CPU in Fig. 4 where each rule set is evaluated using all training patterns.

CPU

0000000000000 0
0000000000000
0000000000000
000000000000 0O
0000000000000

Population

Training data

Figure 4. Standard non-parallel non-distributed model.

V. COMPUTATIONAL EXPERIMENTS
A. Algorithm Implementation

We performed computational experiments on a workstation with eight processors: Intel Xeon
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X5570 (4core 2.93GHz)x 2. In our parallel distributed model in Fig. 3, seven out of the eight
processors were used for the execution of our hybrid fuzzy GBML algorithm. The other processor
was used for other tasks such as the operation system. A population of size 210 was divided into
seven subpopulations of size 30. Training patterns were also divided into seven subsets of the
same size with the same class distribution. In the case of the standard non-parallel non-distributed
model in Fig. 4, only a single processor was used. In both models, our hybrid fuzzy GBML

algorithm was terminated after the 50,000th generation.

B. Test Problems
We used nine data sets in Table I, which were available from the UCI machine learning
repository and the KEEL project webpage [8]. All attribute values were normalized into real

numbers in the unit interval [0, 1] in our computational experiments.

TABLEI. NINE DATA SETS USED IN THIS PAPER.

Name of Number of Number of Number of
Data Set Patterns Attributes Classes

Segment 2,310 19 7
Phoneme 5,404 5 2
Page-blocks 5,472 10 5
Texture 5,500 40 11
Satimage 6,435 36 6
Twonorm 7,400 20 2
Ring 7,400 20 2
PenBased 10,992 16 10
Magic 19,020 10 2

C. Results by Non-Parallel Non-Distributed Model

First we report experimental results by the standard non-parallel non-distributed model in Fig.
4. A population of 210 rule sets was evolved on a single processor for 50,000 generations. The
10-fold cross-validation (10CV) procedure was iterated three times using different data partitions
into ten subsets (i.e., 3x 10CV). Average results over 30 runs in the 3 x I0CV are summarized in
Table II. As shown in the last column of Table II, the average computation times were very long
for some data sets (e.g., more than 25 hours for the PenBased data). In the next subsection,

experimental results of our parallel distributed model are compared with those in Table II.
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TABLE II. RESULTS BY THE STANDARD NON-PARALLEL NON-DISTRIBUTED MODEL IN FIG. 4.

Data Set Training Test Number Rule Time
Error (%) Error (%) ofRules Length (minutes)
Segment 3.73 5.99 21.93 4.27 203.66
Phoneme 13.53 15.43 19.97 4.32 439.18
Page-blocks  3.25 3.81 10.80 3.24 204.63
Texture 3.03 4.64 24.53 7.20 766.61
Satimage 13.69 15.54 17.77 5.21 658.89
Twonorm 4.51 7.36 22.90 4.67 856.58
Ring 4.38 6.73 31.27 2.78 1015.04
PenBased 1.95 3.07 32.67 5.64 1520.54
Magic 14.75 15.42 10.87 4.09 771.05

D. Results by Our Parallel Distributed Model
In the same manner as Table II, experimental results by our parallel distributed model are
summarized in Table III. The rotation and migration intervals were specified as 100 generations.

The average computation times were decreased from Table II by an order or two of magnitude.

TABLE III. RESULTS BY OUR PARALLEL DISTRIBUTED MODEL IN FIG. 3.

Data Set Training Test Number Rule Time
Error (%) Error (%) ofRules Length (minutes)
Segment 4.24 5.90 14.83 5.19 4.69
Phoneme 14.70 15.96 14.27 3.98 13.19
Page-blocks  3.25 3.62 6.93 4.95 4.74
Texture 3.24 4.77 19.33 7.54 15.72
Satimage 11.43 12.96 11.80 8.86 15.38
Twonorm 2.83 3.39 3.17 9.34 7.84
Ring 4.11 5.25 16.70 4.43 22.52
PenBased 2.40 3.30 28.70 5.29 35.56
Magic 14.19 14.89 7.67 4.45 22.58

To compare Table III with Table II in detail, we calculated their differences by subtracting the
average results in Table II from the corresponding results in Table III. Only for the average
computation times, we calculated the relative computation times of our parallel distributed model
in percentage in comparison with the corresponding results in Table II. The calculated differences
and the relative computation times are summarized in Table IV. A negative value in Table IV

shows the decrease in the corresponding average result in Table III from Table II.
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TABLE IV. RESULTS BY OUR PARALLEL DISTRIBUTED MODEL (DIFFERENCES FROM TABLE II).

Difference Difference Difference Difference Relative
Data Set in Training in Test in Number in Rule Computation
Error (%) Error (%) ofRules Length  Time (%)

Segment 0.51 -0.09 -7.10 0.92 2.30
Phoneme 1.17 0.53 -5.70 -0.34 3.00
Page-blocks  0.00 -0.19 -3.87 1.71 2.32
Texture 0.21 0.13 -5.20 0.34 2.05
Satimage  -2.26 -2.58 -5.97 3.65 2.33
Twonorm  -1.68 -3.97 -19.73 4.67 0.92
Ring -0.27 -148  -14.57 1.65 2.22
PenBased 0.45 0.23 -3.97 -0.35 2.34
Magic -0.56 -0.53 -3.20 0.36 2.93

The fourth column of Table IV shows that the average number of fuzzy rules was decreased by
our parallel distributed model for all the nine data sets. In the fifth column, the average rule length
was decreased only for two data sets (Phoneme and PenBased). These observations show that
fuzzy rule-based classifiers with a smaller number of longer fuzzy rules were often obtained by
our parallel distributed model. From the third column of Table IV, we can see that the average
error rates on test data were decreased (i.e., improved) by our parallel distributed model for six
data sets. The largest deterioration in the test data error rate was 0.53% for the Phoneme data set
while the largest improvement was 3.97% for the Twonorm data set. These observations show
that our parallel distributed model did not severely deteriorate the generalization ability of
obtained fuzzy rule-based classifiers for the nine data sets used in our computational experiments.
An interesting observation in Table IV is that the improvement in the test data error rate was
larger than that in the training data error rate for almost all data sets (except for the Magic data
set). A similar effect of training data rotation on the generalization ability was also reported for a
windowing method [31].

Using the Wilcoxon signed-rank test (two-tailed, «=0.05), we examined the existence of
statistically significant differences between the two models in error rates on training data in our
computational experiments. Except for the Page-blocks and Texture data, error rates on training
data had statistically significant differences between the two models. Those seven data sets are
shown by using boldface for the training data error rates in Table IV. In the same manner, the

Wilcoxon signed-rank test was also applied to error rates on test data. Statistically significant
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differences are found between the two models for six data sets. Those six data sets are shown by
using boldface for the test data error rates in Table IV. These statistical tests show that different
results were obtained by the two models for almost all data sets except for the Texture data set.
From the last column of Table IV, we can see that the average computation times of our
parallel distributed model in Table III were in the range between 0.9% and 3.0% of those of the
standard non-parallel non-distributed model in Table II. In our parallel distributed model, both the
population and the training data were divided into seven subsets. Thus the computation load at a
single CPU was decreased to 1/49 (i.e., 2.04%) if compared with the case of the standard non-
parallel non-distributed model. In general, the speed-up by parallel computation is smaller than
the decrease in computation load at a single CPU due to computational overhead. As a result, the
relative computation times in the last column of Table IV were slightly larger than 2.04% for
almost all data sets. However, the relative computation time for the Twonorm data set (i.e.,
0.92%) was much smaller than 2.04%. This speed-up can be explained by a large decrease in the
average number of fuzzy rules (i.e., —19.73 in Table IV from 22.90 in Table II to 3.17 in Table
IIT). For comparison, we also examined a simple master-slave model where the fitness evaluation
of each rule set in the Pittsburgh part and all procedures in the Michigan part of the non-parallel
non-distributed model in Fig. 4 were performed in parallel on seven processors. Since the training
data were not divided, the speed-up by our master-slave model was much smaller than that by our
parallel distributed model (e.g., the relative computation time of our master-slave model for the

Ring data set was 24.64% while that of our parallel distributed model was 2.22% in Table IV).

E. Recalculation of Consequent Class and Rule Weight

As explained in Section IV, we do not recalculate the consequent class and the rule weight of
each fuzzy rule after the training data rotation in our parallel distributed model. Only when the
antecedent part of a fuzzy rule is changed by mutation, its consequent class and rule weight are
recalculated. For comparison, we implemented a variant of our parallel distributed model where
the consequent class and the rule weight of each fuzzy rule were recalculated at each island using
the newly assigned training data subset after the training data rotation. Experimental results are
summarized in Table V in the same manner as in Table IV (i.e., differences from Table II and the

relative computation times).The recalculation after the training data rotation increased (i.e.,
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deteriorated) the test data error rates for seven data sets (except for Twonorm and Magic).

TABLE V. RESULTS WITH RECALCULATION AFTER TRAINING DATA ROTATION (DIFFERENCES FROM TABLE II).

Difference Difference Difference Difference Relative
Data Set in Training in Test in Number in Rule Computation
Error (%) Error (%) ofRules Length  Time (%)

Segment 1.29 0.17 -6.66 1.32 2.42
Phoneme 2.11 1.25 -3.70 -0.41 3.25
Page-blocks  0.44 0.09 -3.70 2.15 2.34
Texture 0.70 0.43 -5.80 2.02 2.06
Satimage  -2.04 -2.44 -7.00 8.82 2.14
Twonorm  -1.97 -4.36 -19.90 5.59 0.82
Ring -0.02 -1.09 -13.90 1.03 2.41
PenBased 0.68 0.35 -4.90 -0.23 2.26
Magic -0.35 -0.58 -3.70 0.58 2.82

In our parallel distributed model, the consequent class and the rule weight of each fuzzy rule
are not recalculated after the termination, either. For comparison, we implemented a variant where
the consequent class and the rule weight of each fuzzy rule were recalculated using all training
patterns after the termination of our parallel distributed model. The best rule set was chosen from
the final population after the recalculation. We summarize experimental results by this variant in
Table VI. The recalculation after the termination increased (i.e., deteriorated) the average error

rates on test data for eight data sets (except for Twonorm).

TABLE VI. RESULTS WITH GLOBAL RECALCULATION AFTER THE TERMINATION (DIFFERENCES FROM TABLE II).

Difference Difference Difference Difference Relative
Data Set in Training in Test in Number in Rule Computation
Error (%) Error (%) ofRules Length  Time (%)

Segment 1.29 0.09 -6.50 1.27 2.46
Phoneme 2.30 1.18 -4.70 -0.46 3.26
Page-blocks  0.49 0.14 -4.13 2.26 2.38
Texture 0.66 0.42 -5.63 1.95 2.03
Satimage  -1.36 -2.09 -6.00 3.67 2.35
Twonorm  -1.95 -4.32 -20.00 5.52 0.82
Ring -0.01 -1.41 -14.87 1.72 2.24
PenBased 0.89 0.46 -4.10 -0.35 2.33
Magic -0.13 -0.27 -3.14 0.41 2.87
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F. Training Data Rotation and Rule Set Migration
To examine the effects of the training data rotation and the rule set migration on the search
ability of our parallel distributed model, we implemented the following three variants:
(1) No training data rotation variant where each island continues to use the same training data
subset. The rule set migration is used. Experimental results are summarized in Table VII.
(2) No rule set migration variant where we do not perform any migration operation. The training
data rotation is used. Experimental results are summarized in Table VIII.
(3) Synchronized rotation-migration variant where the rotation and the migration are performed in

the same direction. Experimental results are summarized in Table IX.

Experimental results in Tables VII-IX are shown in the same manner as in Table IV (i.e.,
differences from Table II and the relative computation times). The existence of statistically
significant differences in error rates from the standard non-parallel non-distributed model in Table
IT is also shown by boldface in the same manner as in Table IV.

The no training data rotation variant in Table VII increased the average error rates on training
and test data for all data sets from Table II (a positive value in Table VII shows the increase from
Table II). This observation supports the importance of the training data rotation.

Experimental results in Table VIII by the no rule set migration variant are much better than
those in Table VII by the no training data rotation variant. This observation shows that the
training data rotation is more important than the rule set migration. The comparison between
Table IV and Table VIII shows that lower average error rates on test data were obtained for eight
data sets (except for Twonorm) by our parallel distributed model than the no rule set migration
variant. This observation shows the importance of using both the training data rotation and the
rule set migration.

In Table IX, good results were not obtained by the synchronized rotation-migration variant.
This variant increased the average error rates on test data from Table II of the non-parallel non-
distributed model for eight data sets (except for Satimage). The comparison between Table VIII
(no rule set migration) and Table IX (synchronized rotation and migration) shows that lower
average error rates on test data were obtained for all the nine data sets by the no rule set migration

variant. This observation shows negative effects of the mutual interference between the training
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data rotation and the rule set migration on the search ability of our parallel distributed model.

TABLE VII. RESULTS WITH NO TRAINING DATA ROTATION (DIFFERENCES FROM TABLE II).

Difference Difference Difference Difference Relative
Data Set in Training in Test in Number in Rule Computation
Error (%) Error (%) ofRules Length  Time (%)

Segment 4.19 3.32 -3.60 -0.75 2.19
Phoneme 3.13 2.64 1.53 -0.34 2.68
Page-blocks  0.82 0.69 -1.00 -0.59 2.84
Texture 4.73 4.39 1.60 -1.49 2.55
Satimage 0.71 0.08 3.23 -0.09 2.68
Twonorm 3.43 1.84 1.87 -0.73 2.99
Ring 3.80 2.60 -2.84 0.14 2.53
PenBased 4.43 4.11 4.43 -1.10 2.82
Magic 0.94 0.93 1.90 0.40 3.74

TABLE VIII. RESULTS WITH NO RULE SET MIGRATION (DIFFERENCES FROM TABLE II).

Difference Difference Difference Difference Relative
Data Set in Training in Test in Number in Rule Computation
Error (%) Error (%) ofRules Length  Time (%)

Segment 3.06 1.98 -4.73 1.46 2.80
Phoneme 2.28 1.27 -3.97 0.00 3.23
Page-blocks 0.13 -0.09 -3.63 2.49 2.34
Texture 2.51 2.20 -8.36 8.98 1.99
Satimage  -0.18 -0.78 -4.50 4.39 2.52
Twonorm  -1.72 -4.28 -19.60 5.69 0.97
Ring 0.29 -1.46 -25.44 7.24 1.68
PenBased 1.69 1.35 - 8.04 0.90 2.44
Magic 0.10 -0.09 -3.80 1.21 3.06

TABLE IX. RESULTS WITH ROTATION AND MIGRATION IN THE SAME DIRECTION (DIFFERENCES FROM TABLE II).

Difference Difference Difference Difference Relative
Data Set in Training in Test in Number in Rule Computation
Error (%) Error (%) ofRules Length  Time (%)

Segment 3.65 2.93 -2.70 -0.20 2.73
Phoneme 2.75 2.14 5.80 -0.28 3.78
Page-blocks  0.64 0.44 0.17 -0.56 3.49
Texture 3.54 2.73 4.00 -1.25 3.04
Satimage 0.26 -0.49 7.10 -0.04 3.45
Twonorm 3.31 1.95 8.03 -0.68 3.84
Ring 3.46 2.06 2.46 0.28 3.29
PenBased 3.69 3.26 11.86 -0.65 3.32
Magic 0.57 0.52 6.60 0.43 543
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To further examine the effect of the training data rotation and the rule set migration, we
performed additional computational experiments using various specifications of the rotation
interval 7r and the migration interval 7Ty;. More specifically, we examined 6 x 6 combinations of

Tr and Ty with Tg=20, 50, 100, 200, 500, «» and Ty=20, 50, 100, 200, 500, » where TR= « and

Tv= « mean no rotation and no migration, respectively.

Average error rates on test data of the Ring data are summarized in Fig. 5 for the case of the
training data rotation and the rule set migration in the same direction. Fig. 6 shows the
corresponding results for the case of the opposite directions. In the same manner, we show
experimental results on the Satimage data in Fig. 7 and Fig. 8. In Figs. 5-8, good results were not

obtained with no training data rotation (i.e., 7r = ). This observation is consistent with Table VII
with no training data rotation. The necessity of the rule set migration is not clear in Fig. 5 and Fig.
6 where good results were obtained even when 7= . However, its necessity is clear in Fig. 8
where experimental results with 7y;= o were improved by the rule set migration (e.g., 7,=>500).

In Fig. 5 and Fig. 7, good results were not obtained when 7r = a7y holds for an integer a (i.e.,
when (Tr, Tm) = (500, 20), (500, 50), (500, 100), (500, 500), ..., (50, 50), (20,20)). Under these
parameter settings, no training data rotation was performed without the rule set migration. That is,
the training data rotation was always performed together with the rule set migration in Fig. 5 and

Fig. 7. Such a synchronization of the training data rotation with the rule set migration in the same

direction clearly degraded the performance of our parallel distributed model in Fig. 5 and Fig. 7.

Test data error rate (%)

Figure 5.

Test data error rates with rotation and migration in the same direction (Ring data).
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Test data error rate (%)

Test data error rates with rotation and migration in opposite directions (Satimage data).
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In Fig. 5 and Fig. 7, good results were obtained from the two combinations (500, 200) and (50,
20) of (Tr, Tm) when Tr > Ty. Under these combinations, the training data rotation was performed
with and without the rule set migration. When (7x, Tm) = (500, 200), the first training data
rotation after the 500th generation was performed without the rule set migration while the next
rotation after the 1,000th generation was performed with the migration. Good results from these
combinations suggest that the training data rotation without the rule set migration has a positive
effect on the search ability of our parallel distributed model. This is also suggested by good results
in Fig. 5 and Fig. 7 when the rotation interval Tr was shorter than the migration interval 7 (i.e.,
when Tgr < Ty (the training data rotation was more frequent than the rule set migration)).

Even in Fig. 5 and Fig. 7 with the training data rotation and the rule set migration in the same
direction, good results were obtained when the rotation and migration intervals were appropriately
specified. The point is to avoid the following situation: The training data rotation is always
performed together with the rule set migration in the same direction. In Fig. 6 and Fig. 8, we
obtained good results from a wide range of the rotation interval 7x and the migration interval Ty;.

This is because the rotation and the migration were performed in opposite directions.

G. Comparison with Other Reported Results

In this subsection, we compare average error rates on test data by our parallel distributed
model with other reported results by fuzzy and non-fuzzy GBML algorithms in the literature.
Since computational experiments were performed in different settings in each study, our
performance comparison in this subsection is not rigorous. Our intention is not to compare
different GBML algorithms with each other, but to show that our experimental results are at least
comparable with other reported results in the literature.

In Table X, we compare our parallel distributed model with recently proposed four fuzzy
GBML algorithms (GP-COACH [48], IVFS-Amp [49], IVFS-Coop [50] and FARC-HD [51]) and
two non-fuzzy GBML algorithms (ILAS [31] and BioHEL [52]). GP-COACH [48] is a Michigan-
style algorithm. All the other three fuzzy GBML algorithms are Pittsburgh-style algorithms.
IVFS-Amp [49] and IVFS-Coop [50] use interval-valued membership functions. The width of
each membership function is tuned in IVFS-Amp [49] while both the location and the width are
tuned in IVFS-Coop [50]. Standard membership functions are used in FARC-HD [51] where rule
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extraction, rule selection and lateral tuning of membership functions are performed. ILAS [31]
and BioHEL [52] are non-fuzzy GBML algorithms. ILAS [31] is based on Pittsburgh approach
with a training data rotation method called “windowing” while BioHEL [52] is based on IRL
(iterative rule learning) approach.

The lowest error rate for each data set is highlighted by boldface in Table X. Good results were

obtained by our parallel distributed model in comparison with the other algorithms in Table X.

TABLE X. REPORTED TEST DATA ERROR RATES IN THE LITERATURE.

Our  GP- IVFS- IVFS- FARC- ILAS Bio

Data Set Parallel COACH Amp Coop HD [31] HEL

model  [48] [49] [50] [51] [52]

Segment 590 24.04 - - - - 2.90
Phoneme 15.96 - - - 17.86 - -
Page-blocks 3.62 877 584 657 499 - -
Texture 4.77 - - - 7.11 - -

Satimage 12.96 27.50 - - 12.68 20.10 11.60
Twonorm 3.39 15.17 - - 4.72 - -
Ring 5.25 - 16.89 12.57 592 - -

PenBased 3.30 17.80 21.73 17.00 396 20.10 6.00
Magic 14.89 20.18 20.82 19.82 1549 - -

H. Search Behavior of Our Parallel Distributed Model

As shown in Table IV, our parallel distributed model improved both the training data and test
data error rates on some data sets in comparison with the standard non-parallel non-distributed
model. In this subsection, we examine why our parallel distributed model can improve the
performance of our hybrid fuzzy GBML algorithm using experimental results on the Satimage
data set with the largest improvement in the training data error rate in Table IV (i.e., —=2.26%).

In Fig. 9, we compare training data error rates between our parallel distributed model and the
standard non-parallel non-distributed model. Fig. 9 shows the average error rate of the best rule
set at each generation over 30 runs in the 3 x I0CV. The best rule set was selected at each
generation in each run using all training patterns even in our parallel distributed model (i.e., the
best rule set was selected at each generation in the same manner as in the final generation). Since
the learning of rule sets was performed using periodically rotated training data subsets in our

parallel distributed model, its experimental results in Fig. 9 have a number of ups and downs.
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Figure 9. Average error rates on all training patterns (Satimage data).

Our parallel distributed model in Fig. 9 continued to decrease the training data error rate after
the standard non-parallel non-distributed model was slowed down. This may be because our
parallel distributed model can help the hybrid fuzzy GBML algorithm to escape from local
minima through diversity maintenance by the training data rotation. The use of an island model
for parallel implementation also has a positive effect on the diversity of solutions.

For further examining the diversity maintenance ability of our parallel distributed model, we
monitored 30 rule sets in the first island in a single run of our parallel distributed model. In Fig.
10, we show the maximum and minimum error rates on the assigned training data subset among
the 30 rule sets in the first island for 500 generations after the 30,000th generation. The error rate
of each rule set was calculated for the assigned training data subset, which was rotated every 100
generations. In Fig. 10, we can observe clear periodical ups and downs of the error rates caused
by the training data rotation every 100 generations. The difference between the maximum and
minimum error rates in Fig. 10 shows that the 30 rule sets in the first island had some diversity.

For comparison, Fig. 10 also shows the corresponding results by a single run of the standard
non-parallel non-distributed model. The maximum and minimum error rates were calculated
among 210 solutions in the whole population using all training patterns. The maximum and
minimum error rates were the same over 500 generations in Fig. 10. This means that the 30 rule
sets in the first island of our parallel distributed model had a larger diversity than the 210 rule sets

in the whole population of the standard non-parallel non-distributed model in Fig. 10.
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Figure 10. The maximum and minimum error rates among 30 rule sets at the first island of our parallel

distributed model, and those among 210 rule sets in the population of the standard implementation (Satimage data).
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Figure 11. The maximum and minimum error rates among 30 solutions at the first island of our parallel
distributed model with the synchronized rotation and migration in the same direction (Satimage data).

In Fig. 11, we show experimental results by our parallel distributed model with the training
data rotation and the rule set migration in the same direction (i.e., the synchronized rotation-
migration variant). The maximum and minimum error rates on the training data subset were
calculated at each generation among 30 rule sets in the first island in the same manner as in Fig.
10. The training data subset was rotated from the seventh island to the first one together with a
copy of the best rule set in the seventh island every 100 generations in Fig. 11. The search
behavior of our parallel distributed model is totally different between Fig. 10 and Fig. 11.

Computational experiments in these two figures were performed under the same setting except for
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the migration direction. In Fig. 11, the training data error rates of the 30 rule sets in the first island
converged to the best one during 100 generations before each training data rotation (except for the
30,300th generation). Large increases of the maximum error rate in Fig. 11 suggest that this
convergence caused the overfitting of the 30 rule sets to the assigned training data subset.

In our parallel distributed model, seven training data subsets are rotated over seven islands
every 100 generations. Thus the cycle of the rotation is 700 generations. That is, the environment
of each island is periodically changed every 100 generations with the cycle of 700 generations.
Thus each island can be viewed as having a dynamic optimization problem. In other words, our
parallel distributed model can be viewed as solving a static pattern classification task by
generating a dynamic optimization problem at each island. However, we do not use any dynamic
optimization techniques in our parallel distributed model (for evolutionary dynamic optimization,
see [53]-[55]). This is because our goal is not the fast adaptation to the changing environment at
each island but the design of fuzzy rule-based classifiers with high generalization ability.

In order to examine positive effects of our parallel distributed model on the generalization
ability of obtained fuzzy rule-based classifiers, we calculated the difference between the training
data and test data error rates on each data set for the following five implementations of our hybrid
fuzzy GBML algorithm: the standard non-parallel non-distributed model, our parallel distributed
model, and its three variants (i.e., no training data rotation, no rule set migration, and
synchronized rotation-migration). The calculated difference is summarized in Table XI. The

3T 32

largest difference for each data set is shown by

TABLE XI. DIFFERENCE BETWEEN THE AVERAGE TRAINING AND TEST ERROR RATES

Standard Our
Data Set Non- Parallel
Parallel Distributed

No No Same
Rotation Migration Direction

Segment  2.26* 1.66 1.39 1.18 1.54
Phoneme 1.90* 1.26 1.41 0.89 1.29
Page-blocks  0.56* 0.37 0.43 0.34 0.36
Texture 1.61% 1.53 1.27 1.30 0.80
Satimage 1.85%* 1.53 1.22 1.25 1.10
Twonorm  2.85* 0.56 1.26 0.29 1.49
Ring 2.35% 1.14 1.15 0.60 0.95
PenBased  1.12%* 0.90 0.80 0.78 0.69
Magic 0.67 0.70* 0.66 0.48 0.62
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From Table XI, we can see that the difference between the average training and test data error
rates was small in our parallel distributed model and its variants. This is because only 1/7 of
training patterns were used for fitness evaluation. The other 6/7 of training patterns played a role
of validation data when a final rule set is chosen.

We also calculated the average training data error rate of the best rule set at each island in the
final generation over 30 runs in the 3 x 10CV. The error rate and the fitness value of each rule set
were locally calculated at each island using the assigned training data subset in the final
generation. The calculated average error rate is summarized in Table XII. For comparison, we
also show the corresponding experimental results by the standard non-parallel non-distributed
model where all training patterns were used for the error rate calculation and the fitness evaluation.

In Table XII, the lowest and second lowest error rates for each data set are shown by boldface.
For all the nine data sets in Table XII, the lowest error rates on the assigned training data subsets
were obtained by the synchronized rotation-migration variant. That is, the best fitting of rule sets
to the assigned training data subset at each island was achieved by this variant. However, high
generalization ability was not obtained from this variant as we have already shown in this paper.
For some data sets in Table XII, the second lowest error rates on the assigned training data subsets
were obtained by the no rotation variant. However, good results were not obtained for test data
from this variant, either. These observations suggest that good fitting of rule sets in each island to

the assigned training data subset does not mean high generalization ability.

TABLE XII. AVERAGE TRAINING DATA ERROR RATE OVER THE BEST RULE SET AT EACH ISLAND. THE ERROR RATE
OF EACH RULE SET WAS CALCULATED ON THE ASSIGNED TRAINING DATA SUBSET.

Standard Our

No No Same
Data Set PI;Ir(a)lllll-el I;?Ir;llgl Rotation Migration Direction
Segment 3.73 3.17 1.86 4.83 1.52
Phoneme 13.53 13.13 10.61 13.77 9.55
Page-blocks  3.25 2.82 2.61 3.20 2.38
Texture 3.03 3.16 3.04 6.32 2.05
Satimage 13.69 10.91 11.11 13.36 9.72
Twonorm 4.51 2.24 1.77 2.42 1.32
Ring 4.38 3.67 2.55 4.23 1.96
PenBased 1.95 2.36 2.38 4.17 1.58

Magic 14.75 14.00 13.86 14.69 12.93
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V1. CONCLUSIONS

We proposed a parallel distributed model of our hybrid fuzzy GBML algorithm. The following

observations were obtained from computational experiments using the proposed model:

(1) The proposed model drastically decreased the computation time of our hybrid fuzzy GBML
algorithm. When we used seven processors for parallel computation, the computation time of
the proposed model was in the range from 0.92% to 3.00% of that of the standard non-parallel
non-distributed model. The proposed model with such a drastic speed-up did not severely
degrade the generalization ability of obtained fuzzy rule-based classifiers. The largest increase
(i.e., deterioration) in the average error rate on test data was 0.53% in our computational
experiments on nine data sets. Actually the average error rate on test data was decreased (i.e.,
improved) by the proposed model for six out of the nine data sets.

(2) The search ability of the proposed model was severely degraded by removing the training data
rotation. The rule set migration also had a positive effect on the search ability while its effect
is much smaller than that of the training data rotation. The best results were obtained by the
proposed model with both the training data rotation and the rule set migration. The search
ability of the proposed model, however, was severely degraded when the training data rotation
and the rule set migration were performed in the same direction. Such a negative effect was

removed by performing them in opposite directions.

The basic idea of the proposed parallel distributed model is applicable to other fuzzy and non-
fuzzy Pittsburgh-style GBML algorithms (e.g., IVFS-Amp [49], IVFS-Coop [50] and FARC-HD
[51]). This is because their implementation as an island model is usually easy. Parallel distributed
implementation of other Pittsburgh-style GBML algorithms is a promising future research topic.
Parallel distributed implementation of multi-objective Pittsburgh-style GBML algorithms is also a
future research topic, which will be much more difficult than single-objective implementation.
Recently various population-based approaches have been proposed for the design of Type-1 and
Type-2 fuzzy rule-based systems [56]-[60]. Those approaches can be viewed as special types of

fuzzy GBML algorithms. Their parallel distributed implementation is also a future research issue.

REFERENCES

-29 .



(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

D. E. Goldberg, Genetic Algorithms in Search, Optimization, and Machine Learning, Addison-Wesley, Reading,
MA, 1989.

V. Nissen and J. Propach, “On the robustness of population-based versus point-based optimization in the
presence of noise,” IEEE Trans. on Evolutionary Computation, vol. 2, no. 3, pp. 107-119, September 1998.

M. M. Ali and A. T6rn, “Population set-based global optimization algorithms: Some modifications and numerical
studies,” Computers & Operations Research, vol. 31, no. 10, pp. 1703-1725, September 2004.

Y. Jin and J. Branke, “Evolutionary optimization in uncertain environments - A survey,” I[EEE Trans. on
Evolutionary Computation, vol. 9, no. 3, pp. 303-317, June 2005.

T. Blackwell and J. Branke, “Multiswarms, exclusion, and anti-convergence in dynamic environments,” [EEE
Trans. on Evolutionary Computation, vol. 10, no. 4, pp. 459-472, 2006.

L. B. Booker, D. E. Goldberg, and J. H. Holland, “Classifier systems and genetic algorithms,” Artificial
Intelligence, vol. 40, no. 1-3, pp. 235-282, September 1989.

A. A. Freitas, Data Mining and Knowledge Discovery with Evolutionary Algorithms, Springer, Berline, 2002.

J. Alcala-Fdez, L. Sanchez, S. Garcia, M. J. del Jesus, S. Ventura, J. M. Garrell, J. Otero, C. Romero, J. Bacardit,
V. M. Rivas, J. C. Fernandez, and F. Herrera, “KEEL: A software tool to assess evolutionary algorithms for data
mining problems,” Soft Computing, vol. 13, no. 3, pp. 307-318, February 2009.

S. Garcia, A. Fernandez, J. Luengo, and F. Herrera, “A study of statistical techniques and performance measures
for genetics-based machine learning: Accuracy and interpretability,” Soft Computing, vol. 13, no. 10, pp. 959-977,

August 20009.

[10]J. Bacardit and N. Krasnogor, “Performance and efficiency of memetic Pittsburgh learning classifier systems,”

Evolutionary Computation, vol. 17, no. 3, pp. 307-342, Fall 2009.

[11] A. Fernandez, S. Garcia, J. Luengo, E. Bernado-Mansilla, and F. Herrera, “Genetics-based machine learning for

rule induction: State of the art, taxonomy, and comparative study,” IEEE Trans. on Evolutionary Computation,

vol. 14, no. 6, pp. 913-941, December 2010.

[12]Y.Jin Y (ed.), Multi-Objective Machine Learning, Springer, Berlin, 2006.

[13] H. Ishibuchi and Y. Nojima, “Analysis of interpretability-accuracy tradeoff of fuzzy systems by multiobjective

fuzzy genetics-based machine learning,” International Journal of Approximate Reasoning, vol. 44, no. 1, pp. 4-

31, January 2007.

[14] H. Ishibuchi, “Multiobjective genetic fuzzy systems: Review and future research directions,” Proc. of 2007 IEEE

International Conference on Fuzzy Systems, pp. 913-918, London, UK, July 23-26, 2007.

-30 -



[15]Y. Jin and B. Sendhoff, “Pareto-based multiobjective machine learning: An overview and case studies,” /EEE
Trans. on Systems, Man and Cybernetics - Part C, vol. 38, no. 3, pp. 397-415, May 2008.

[16] P. Ducange, B. Lazzerini, and F. Marcelloni, “Multi-objective genetic fuzzy classifiers for imbalanced and cost-
sensitive datasets,” Soft Computing, vol. 14, no. 7, pp. 713-728, May 2010.

[17]C. J. Carmona, P. Gonzalez, M. J. del Jesus, and F. Herrera, “NMEEF-SD: Non-dominated multiobjective
evolutionary algorithm for extracting fuzzy rules in subgroup discovery,” IEEE Trans. on Fuzzy Systems, vol. 18,
no. 5, pp. 958-970, October 2010.

[18]E. Alba and M. Tomassini, “Parallelism and evolutionary algorithms,” [EEE Trans. on Evolutionary
Computation, vol. 6, no. 5, pp. 443-462, October 2002.

[19]S. Cahon, N. Melab, and E. G. Talbi, “ParadisEO: A framework for the reusable design of parallel and
distributed metaheuristics,” Journal of Heuristics, vol. 10, no. 3, pp. 357-380, May 2004.

[20] N. Nedjah, E. Alba, and L. de Macedo Mourelle, Parallel Evolutionary Computations, Springer, Berlin, 2006.

[21] G. Luque and E. Alba, Parallel Genetic Algorithms: Theory and Real World Applications, Springer, Berlin, 2011.

[22] O. Maitre, L. A. Baumes, N. Lachiche, A. Corma, and P. Collet, “Coarse grain parallelization of evolutionary
algorithms on GPGPU cards with EASEA,” Proc. of 2009 Genetic and Evolutionary Computation Conference,
pp. 1403-1410, Montreal, Canada, July 8-12, 2009.

[23]P. Vidal and E. Alba, “A multi-GPU implementation of a cellular genetic algorithm,” Proc. of 2010 IEEE
Congress on Evolutionary Computation, pp. 396-402, Barcelona, Spain, July 18-23, 2010.

[24] S. Tsutsui and N. Fujimoto, “An analytical study of GPU computation for solving QAPs by parallel evolutionary
computation with independent run,” Proc. of 2010 IEEE Congress on Evolutionary Computation, pp. 889-896,
Barcelona, Spain, July 18-23, 2010.

[25] M. Rouhipour, P. J. Bentley, and H. Shayani, “Fast bio-inspired computation using a GPU-based systemic
computer,” Parallel Computing, vol. 36, no. 10-11, pp. 591-617, October-November 2010.

[26] W. B. Langdon, “Graphics processing units and genetic programming: An overview,” Sofi Computing, vol. 15,
no. 8, pp. 1657-1669, August 2011.

[27] H. Liu and H. Motoda, “On issues of instance selection,” Data Mining and Knowledge Discovery, vol. 6, no. 2,
pp. 115-130, April 2002.

[28]J. R. Cano, F. Herrera, and M. Lozano, “On the combination of evolutionary algorithms and stratified strategies
for training set selection in data mining,” Applied Soft Computing, vol. 6, no. 3, pp. 323-332, March 2006.

[29]J. R. Cano, F. Herrera, and M. Lozano, “Evolutionary stratified training set selection for extracting classification

-31-



rules with trade off precision-interpretability,” Data and Knowledge Engineering, vol. 60, no. 1, pp. 90-108,
January 2007.

[30]J. R. Cano, F. Herrera, and M. Lozano, “Stratification for scaling up evolutionary prototype selection,” Pattern
Recognition Letters, vol. 26, no. 7, pp. 953-963, May 2005.

[31]J. Bacardit, D. E. Goldberg, M. V. Butz, X. Llora, and J. M. Garrell, “Speeding-up Pittsburgh learning classifier
systems: Modeling time and accuracy,” Proc. of 8th International Conference on Parallel Problem Solving from
Nature, pp. 1021-1031, Birmingham, UK, September 18-22, 2004.

[32] M. A. Franco, N. Krasnogor, and J. Bacardit, “Speeding up the evaluation of evolutionary learning systems using
GPGPUs,” Proc. of 2010 Genetic and Evolutionary Computation Conference, pp. 1039-1046, Portland, USA,
July 7-11, 2010.

[33]Y. Nojima, H. Ishibuchi, and 1. Kuwajima, “Parallel distributed genetic fuzzy rule selection,” Soft Computing,
vol. 13, no. 5, pp. 511-519, March 2009.

[34] Y. Nojima, H. Ishibuchi, and S. Mihara, “Use of very small training data subsets in parallel distributed genetic
fuzzy rule selection,” Proc. of 4th International Workshop on Genetic and Evolutionary Fuzzy Systems, pp. 27-
32, Mieres, Spain, March 17-19, 2010.

[35] H. Ishibuchi, K. Nozaki, N. Yamamoto, and H. Tanaka, “Selecting fuzzy if-then rules for classification problems
using genetic algorithms,” IEEE Trans. on Fuzzy Systems, vol. 3, no. 3, pp. 260-270, August 1995.

[36] H. Ishibuchi and T. Yamamoto, “Fuzzy rule selection by multi-objective genetic local search algorithms and rule
evaluation measures in data mining,” Fuzzy Sets and Systems, vol. 141, no. 1, pp. 59-88, January 2004.

[37]H. Ishibuchi, T. Yamamoto, and T. Nakashima, “Hybridization of fuzzy GBML approaches for pattern
classification problems,” IEEE Trans. on Systems, Man, and Cybernetics - Part B: Cybernetics, vol. 35, no. 2, pp.
359-365, April 2005.

[38] Y. Nojima, S. Mihara, and H. Ishibuchi, “Parallel distributed implementation of genetics-based machine learning
for fuzzy classifier design,” Proc. of the 8th International Conference on Simulated Evolution and Learning -
SEAL 2010, pp. 309-318, Kanpur, India, December 1-4, 2010.

[39] H. Ishibuchi, S. Mihara, and Y. Nojima, “Training data subdivision and periodical rotation in hybrid fuzzy
genetics-based machine learning,” Proc. of 2011 International Conference on Machine Learning and
Applications, pp. 229-234, Honolulu, USA, December 18-21, 2011.

[40] H. Ishibuchi, K. Nozaki, and H. Tanaka, “Distributed representation of fuzzy rules and its application to pattern

classification,” Fuzzy Sets and Systems, vol. 52, no. 1, pp. 21-32, November 1992.

-32-



[41] H. Ishibuchi, T. Nakashima, and M. Nii, Classification and Modeling with Linguistic Information Granules:
Advanced Approaches to Linguistic Data Mining, Springer, Berlin, 2004.

[42] O. Cordon, M. J. del Jesus, and F. Herrera, “A proposal on reasoning methods in fuzzy rule-based classification
systems,” International Journal of Approximate Reasoning, vol. 20, no. 1, pp. 21-45, January 1999.

[43] H. Ishibuchi, T. Nakashima, and T. Morisawa, “Voting in fuzzy rule-based systems for pattern classification
problems,” Fuzzy Sets and Systems, vol. 103, no. 2, pp. 223-238, April 1999.

[44] H. Ishibuchi, T. Nakashima, and T. Murata, “Performance evaluation of fuzzy classifier systems for multi-
dimensional pattern classification problems,” IEEE Trans. on Systems, Man, and Cybernetics - Part B:
Cybernetics, vol. 29, no. 5, pp. 601-618, October 1999.

[45] H. Ishibuchi and T. Yamamoto, “Rule weight specification in fuzzy rule-based classification systems,” /EEE
Trans. on Fuzzy Systems, vol. 13, no. 4, pp. 428-435, August 2005.

[46] T. P. Hong, C. S. Kuo, and S. C. Chi, “Trade-off between computation time and number of rules for fuzzy
mining from quantitative data,” International Journal of Uncertainty, Fuzziness and Knowledge-Based Systems,
vol. 9, no. 5. pp. 587-604, October 2001.

[47] H. Ishibuchi, T. Yamamoto, and T. Nakashima, “Fuzzy data mining: Effect of fuzzy discretization,” Proc. of
2001 IEEE International Conference on Data Mining, pp. 241-248, San Jose, USA, November 29 - December 2,
2001.

[48] F. J. Berlanga, A. J. Rivera, M. J. del Jesus, and F. Herrera, “GP-COACH: Genetic Programming-based learning
of COmpact and ACcurate fuzzy rule-based classification systems for High-dimensional problems,” Information
Sciences, vol. 180, no. 8, pp. 1183-1200, April 2010.

[49]J. A. Sanz, A. Fernandez, H. Bustince, and F. Herrera, “Improving the performance of fuzzy rule-based
classification systems with interval-valued fuzzy sets and genetic amplitude tuning,” Information Sciences, vol.
180, no. 19, pp. 3674-3685, October 2010.

[50]J. Sanz, A. Fernandez, H. Bustince, and F. Herrera, “A genetic tuning to improve the performance of fuzzy rule-
based classification systems with interval-valued fuzzy sets: Degree of ignorance and lateral position,”
International Journal of Approximate Reasoning, vol. 52, no. 6, pp. 751-766, September 2011.

[51]J. Alcala-Fdez, R. Alcala, and F. Herrera, “A fuzzy association rule-based classification model for high-
dimensional problems with genetic rule selection and lateral tuning,” IEEE Trans. on Fuzzy Systems, vol. 19, no.
5, pp. 857-872, October 2011.

[52]J. Bacardit, E. K. Burke, and N. Krasnogor, “Improving the scalability of rule-based evolutionary learning,”

-33-



Memetic Computing journal, vol. 1, no. 1, pp. 55-67, March 2009.

[53] S. Yang and X. Yao, “Experimental study on population-based incremental learning algorithms for dynamic
optimization problems,” Soft Computing, vol. 9, no. 11, pp. 815-834, November 2005.

[54] C. Cruz, J. R. Gonzélez, and D. A. Pelta, “Optimization in dynamic environments: A survey on problems,
methods and measures,” Soft Computing, vol. 15, no. 7, pp. 1427-1448, July 2011.

[55] C. M. Fernandes, J. J. Merelo, and A. C. Rosa, “A comparative study on the performance of dissortative mating
and immigrants-based strategies for evolutionary dynamic optimization,” Information Sciences, vol. 181, no. 20,

pp. 4428-4459, October 2011.

[56] O. Castillo, P. Melin, A. A. Garza, O. Montiel, and R. Sepulveda, “Optimization of interval type-2 fuzzy logic
controllers using evolutionary algorithms,” Soft Computing, vol. 15, no. 6, pp. 1145-1160, June 2011.

[57] G. M. Fathi and A. M. Saniee, “A fuzzy classification system based on Ant Colony Optimization for diabetes
disease diagnosis,” Expert Systems with Applications, vol. 38, no. 12, pp. 14650-14659, November-December
2011.

[58] E. K. Aydogan, I. Karaoglan, and P. M. Pardalos, “hGA: Hybrid genetic algorithm in fuzzy rule-based
classification systems for high-dimensional problems,” Applied Soft Computing, vol. 12, no. 2, pp. 800-806,

February 2012.

[59] O. Castillo and P. Melin, “A review on the design and optimization of interval Type-2 fuzzy controllers,”
Applied Soft Computing, vol. 12, no. 4, pp. 1267-1278, April 2012.

[60] O. Castillo, R. Martinez-Marroquin, P. Melin, F. Valdez, and J. Soria, “Comparative study of bio-inspired
algorithms applied to the optimization of Type-1 and Type-2 fuzzy controllers for an autonomous mobile robot,”

Information Sciences, vol. 192, no. 1, pp. 19-38, June 2012.

-34 -




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice




