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Abstract

This paper presents a novel approach to clustering on the spherical condition structures to accuracy-based
Learning Classifier System (sXCSc). Our approach achieves this by exploiting evolutionary computing,
reinforcement learning and the generaization mechanisms inherent to XCS. The purpose of our work is to
develop learning rules which accurately describe clusters without prior assumptions as to their number within a
given dataset. Experiments on synthetic and real datasets confirm that improvements in both accuracy and finding

number of clusters are achieved.
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1. Introduction

This paper presents results from a rule-based approach to clustering through the development of a Learning
Classifier System (LCS)(Holland, 1976). LCS can achieve this by using both reinforcement learning (Sutton &
Barto, 1998) and genetic algorithms (GA)(Holland, 1975), and offer the automated rule development of neural
networks together with the transparency of production system rules. The accuracy-based XCS (Wilson, 1995) isa
well-known learning classifier systems. The following introduction of XCS introduces the enhance XCS system
for real-valued (see (Stone & Bull, 2003) for discussions), the condition part specifiers a hyperrectangle. Butz
(2005) has proposed the condition part represent by hypersphrer, show that the this new representation is in fact
equally or more effective in most real-valued functions investigated. A number of studies have indicated good
performance for LCS in classification tasks (e.g., see (Bull, 2004) for examples). We are interested in the utility

of such systems to perform unsupervised learning tasks.

Clustering is an important unsupervised classification technique where a set of data are grouped into clustersin
such a way that data in the same cluster are similar in some sense and data in different clusters are dissimilar in
the same sense. Typically in data clustering there is no one perfect clustering solution of a dataset, but algorithms
that seek to minimize the cluster spread, i.e., the family of centre-based clustering algorithms, are the most widely
used (eg., (Xu & Winch, 2005)). They each have their own mathematical cost function which defines how well a
given clustering solution fits a given dataset with a fixed number of clusters. In practice, the number of clusters
may not be known. When the number of clusters is unknown, the problem is sometime called unsupervised
clustering. Typically unsupervised prototype based clustering algorithms determine the correct number of clusters (k),
using one of the following four approaches. The first approach repeats the clustering for severa k values at a high
computational cost, and uses a validity measure guideline to the underlying number of clusters here (Davies &
Bouldin, 1979). The second approach performs severa passes through the data set, seeking and removing one
cluster at atime (Jolion et a., 1991). The third approach consists of starting the clustering process with an over
specified number of clusters, and then merging similar clusters and eliminating spurious clusters (Krishnapuram
& Freg, 1992). The fourth and most recent approach is based on Competitive Agglomeration (Frigui &
Krishnapuram, 1997), in which an over specified number of clusters compete against each other for data points,

and clusters that lose in the competition gradually become depleted and vanish.



Previoudly, evolutionary algorithms have been used for clustering in two principle ways. The first uses them to
search for appropriate centers of clusters with the established clustering algorithms such as the k-means
algorithm, e.g., the GA-clustering algorithm (Maulik & Bandyopadhyay, 2000). However this approach typically
reguires the user to provide the number of clusters. Tseng and Yang (2001) proposed the CLUSTERING
algorithm which has two stages. In the first stage a nearest-neighbor algorithm is used to reduce the size of data
set and in the second the GA-clustering algorithm approach is used. Sarafis (2003) has recently proposed a
further stage which uses a density-based merging operator to combine adjacent rules to identify the underlying

clustersin the data.

Recently, an approach to unsupervised robust clustering based on genetic niching optimaization (UNC) was
proposed by Nasraoui and Krishnapuran (2000). UNC has shown good performance in unsupervised clustering
tasks e.g., detecting the number of clustersin 2-D data set and detecting anomalies (Wisconsin Breast Cancer and
Indian Dinbetes (Pima)) datasets (Leon et al., 2004). However, setting the rate of the genetic operators can be
difficult depending on the characteristics of the datasets. Elizabeth et a. (2006) proposed The Evolutionary
Clustering with Self Adaptive Genetic Operators (ECSAGO) as a new self adaptive genetic clustering algorithm
based on the UNC algorithm and the Hybrid Adaptive Evolutionary Alogrithm (Gomez, 2004). We suggest that

modern accuracy-based L CS are well-suited to the clustering problem due to their generalization capabilities.

The paper is structured as follows : first we describe the alterations to XCS and then present initial results. A
from of rule compaction for clustering with LCS, as opposed to classification, is then presented. Next, we give
performance on increasingly difficult synthetic datasets are used to test the algorithm and an application to real

datasets. Finally, we present our conclusions.

2. Spherical ConditionsIn Clustering with XCS

In this paper we present a version of the accuracy-based XCS (Wilson, 1995) which has spherical condition
structures (Butz, 2005), here termed sXCSc. sXCSc is a Learning Classifier System without internal memory,
where the rulebase consists of a number (N) of rules. Associated with each rule is a scalar which indicates the

estimate average weighted error (€) in the rule’s matching process and the fitness (F) as the density of a



hypothetical cluster at that location and an estimate of the average size of the niches (match sets - see below) in

which that rule participates (NS).

On receipt of an input data, the rulebase is scanned, and any rule whose condition matches the message at each

position is tagged as a member of the current match set [M]. The rule representation here is the hypersphere

structures (Butz, 2005). A condition consists of a centre point and a deviation, that is,C = (Cl,Cz,...,Cd ,S) ,

where c is the interval’s range centre from [0.0,1.0] and S is the deviation from that centre from the range

(0.0,rg] and d is a number of dimensions. A rule matches a current input if its activity I.aC needsto lies above a

threshold @,.. We use the Gaussian kernel function to determine the activity of arule:

Ix-cl’

r.ac = eXp(- T

) @

where X isacurrent input, Cisa center point of rule and S isadeviation of rule. In asense, G, isthe pendant

to S .Since S isevolved, g, can befixed. It isset to 0.7 throughout the experiment.

Reinforcement in sXCSc consists of updating the matching weighted error € which is derived from the

1/2

d
Euclidean distance d(Xx,C) = (X - G))" “and multiply with aweight W(X,C) =1- (d(x,C)/s )" with

1=1
respect to the input x and C in the condition of each member of the current [M] using the Widrow-Hoff deltarule

with learning rate b :
e <-¢ +b*(W(X,C,-)*d(X’CJ)' ej) @

A weight is designed to be high for typical points falling near centre in the condition and low for typical points
falling near rule boundaries dependant to S in the condition.

Next, the niche size estimate is updated :



ns; <-ns, + b(|M |- ns) 3

The rest of the fitness F update is slightly more complex. First, the accuracy & j and the relative accuracy k(?
are computed as

ki =els’ )

K=_"1 (5)

The accuracy K isused, as the density of data that covered by each rule. Finally, fitness F is updated toward the

current relative accuracy as follows:

©
F - F +b(k - F) ()
The reader isreferred to [Butz & Wilson, 2001] for afull algorithmic description of XCS.

sXCSc employs two discovery mechanisms, a niche GA and a covering operator. The general niche GA
technique was introduced by Booker (1989), who based the trigger on a number of factors including the payoff
prediction "consistency” of the rulesin agiven [M], to improve the performance of LCS. XCS uses a time-based
mechanism under which each rule maintains a time-stamp of the last system cycle upon which it consider by the
GA. The GA is applied within the current niche when the average number of system cycles since the last GA in
the set is over athreshold g, . If this condition is met, the GA time-stamp of each rule in the niche is set to the
current system time, two parents are chosen according to their fithess using standard roul ette-wheel selection, and
their offspring are potentially crossed and mutated, before being inserted into the rulebase. This mechanism is
used here within match sets, as in the original XCS algorithm [Wilson, 1995], which was subsequently changed
to work in action setsto aid generalization per action [Butz & Wilson, 2001].

Offspring are produced via mutation (probability 77) where, after (Butz, 2005), we mutate an attribute of the

centre by adding an amount + or - rand(m,), where myis S 4/- 2log g. ., rand picks a real number uniform



randomly from (0.0,mg], and the sign is chosen uniform randomly. The standard deviation S is either + or —
between zero and 50% chosen uniformly randomly. Crossover (probability ¢, two-point) can occur between any
two attribute of the centre, inheriting the parents parameter values or their average if crossover is invoked.
Replacement of existing members of the rulebase uses roulette wheel selection based on estimated niche size (if
its fitness F is significantly lower than the average fitness of rule in [P], its deletion probability is further

increased asin XCS). If no rules match on a given time step, then a covering operator is used which createsarule
with its condition centre on the input value and the deviation with arange of rand(r,), which then replaces an

existing member of the rulebase in the usual way as GA.

We here introduce a data-driven local search scheme help guide the centre of the rules in the solution space to
approach the true centre of clusters, which uses the current data as the target for the local learning to adjust only

the centres of the rules:

Cij <- Cij + b| (Xj - Cij) (7)

Where c;; represents the centre of genej of rulei in the current match set, x; represents the value in dimension j of
the current input data, and b, is the learning rate, here set to 0.1. Thisis applied on every match cycle before the

GA trigger istested, as before.

Recently, Butz et al. (2004) have proposed a number of interacting "pressures’ within XCS. Their "set pressure”
considers the more frequent reproduction opportunities of more general rules. Opposing the set pressure is the
pressure due to fitness since it represses the reproduction of inaccurate overgeneral rules. Thus to produce an
effective, i.e., general but appropriately accurate, solution an accuracy-based LCS using a niche GA with global
replacement should have these two pressures balanced through the setting of the associated parameters. In this
chapter we show how the same mechanisms can be used within Y CSc to identify clusters within a given dataset;
the set pressure encourages the evolution of rules which cover many data points and the fitness pressure acts as a

limit upon the separation of such data points, i.e., the error.

3. Initial Performance



In this section we apply sXCSc as described above on two datasets for the first experiment to test the
performance and analysis of the system. The Data set NO.1 and NO.2 use a randomly generated synthetic dataset
as shown in Fig 1. The total numbers of points N for these Gaussian clusters and the generating centre

coordinates are listed in the second and third column of Tablel.
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Figure 1: The Data set No. 1 (a) and Data set No. 2 (b) data sets used.

The parameters used were: N=400, b=0.2, v=5, ¢=0.8, m=0.04, gsa =50, ro =0.3, g .= 0.7. Learning trials

consisted of ten time of number data point presentations of a randomly sampled data point. Figure 2 and 3 shows
atypical the evolution of the population produced by sXCSc on both data sets. That is, the region of the 2D input
space covered by each ruleis plotted along with the data (denoted centre by square, deviation by line). Theinitial
population is generated by randomly, show in Figure 2a and 3a and at each duration time-step (ts) are shown in
Figure 2b-2d and Figure 3b-3d. This explains the higher concentration of solutions in the densest areas, which
coverge toward the correct centre-spread clusters in subsequent generations. As can be seen, in the final rule on
the Data set No. 1 and the Data set No.2 (Figure 2d and 3d) case the system roughly identifies al 5 clusters and

10 clusters respectively.



Figure 2: Typical the evolution of the population using sXCSc for the Data set No. 1 (a) Initial population (b) population

after ts= 1,680 (c) population after ts= 6,720 (d) Fina population (ts = 33,600)

Figure 3: Typical the evolution of the population using sXCSc for the Data set No. 2 () Initial population (b) population
after ts= 3,200 (c) population after ts= 12,800 (d) Final population (ts = 64,000)

As expected, solutions contain many overlapping rules around each cluster. The next section presents a rule



compaction algorithm which enables identification of the underlying clusters.

4. Rule Compaction

Wilson (2002) introduced a rule compaction algorithm for XCS to aid knowledge discovery during classification
problems (see aso (Fu & Davis, 2002)(Dixon et a., 2003)(Wyatt et a., 2004))). We have developed a

compaction algorithm for clustering with LCS:

Step 1: Deletion of non-qualified rules
A qudified rules has high experience (number of time within match set) and low weighted error. To be exact, a

qualified rules is considered as one that achieves: €Xp > 1.2 * average experience of al rulesin [P] and € >

1.2 * average weighted error experience of al rulesin [P].

Step 2: Find therequired rules

After convergence of the population, almost solution rules converge to around each cluster. At this point, we
extract the best rule (higher fitness) of each cluster to obtain the set of final rules. Finding rules is done using a
greedy approach, while ensuring that no two rules are covererge at the same cluster. Two candidate rule centres
are considered to be same cluster if each one of them is within the other one’s deviation. The find the required

rulesis presented below

Find therequired rules
Sort rulesin [P] accordance with fitness such that r(1).f ithess> r(2).fithess > r(3).fitness > ...
Initialize set of fina rule [P]e = {r(1)}
Fori=2Tosizeof [P] {
If centre of r(i) inliers of boundaries of at lassonerulein [P]s THEN
continue
If centre of r(i) outlier of boundaries of the latest rulein [P] THEN

add r(i) to [P]¢

Figure 4 shows the final set [P] for both the full solutions shown in Figure 2 and Figure 3. sXCSc's

identification of the clusters is now clear. Under the (simplistic) assumption of non-overlapping regions as




described by rules in [P]g it is easy to identify the clusters after compaction. In the case where no rules
subsequently match new data or have more that one rule we could of course identify a cluster by using the
distance between it and the centre of each rule.The cluster centres found using sSXCSc for both datasets, are listed

inthe Table 1.

Figure 4: Showing the effects of the rule compaction on the typical solutions shown in Figure 3 and 4 (8) the Data set No. 1

and 2 (b) the Data set No. 2

Table 1. Data set properties and Typical solution on both dataset

No. N Generating sXCSc
centre coordinates centre coordinates
1 (0.18, 0.30) (0.15, 0.30)
(0.20, 0.68) (0.20, 0.70)
(0.60, 0.50) (0.60, 0.50)
(0.80, 0.45) (0.80, 0.45)
(0.92,0.92 (0.91, 0.92)
2 (0.15, 0.30) (0.18, 0.30)
(0.20, 0.70) (0.20, 0.69)
(0.30, 0.10) (0.30, 0.09)
(0.45, 0.65) (0.45, 0.65)
(0.60, 0.52) (0.58, 0.50)
(0.70, 0.85) (0.70, 0.87)
(0.82, 0.20) (0.81, 0.21)
(0.80, 0.48) (0.82, 0.45)
(0.80, 0.70) (0.78, 0.71)
(0.90, 0.90) (0.92,0.92)

We have examined the number of clusters defined of the clustering solutions produced during the ten runs by

measuring success rate comparison with UNC (Nasraoui & Krishnapuran, 2000) are showein Table 2 :

_ #of timesacorrect cluster was detected
successrate =
(#of runs)* (#of clusters)




Figure 5 show the number extracted prototypes per cluster over the 10 runs for both dataset. The number over the
clusters indicates the times of the cluster were detected. SXCSc correctly identifies the number of clusters every
time on both dataset. But UNC is able to detect the clusters in the majority of the run on the Data set NO.2; in a
few exceptions, clusters were not detected, because of their small size and or low density compared to other

clusters. Thus sXCSc performs better that UNC.

Table 2. Success rate in detecting correct clusters

Data set sXCSc (succes rate) UNC (succesrate)
NO. 1 100 % 100 %
NO. 2 100 % 97 %

Figure 5: Counting extracted prototypes per cluster over 10 runs, using sXCSc for both dataset (a-b) and using UNC for both

dataset (c-d)

5. Increased Complexity

Here we examine the performance of sXCSc compared to UNC over randomly generated datasets in several d

dimensions with varying numbers k clusters. A Gaussian distribution is generated around each centre, their



standard deviation is set from 0.01 (well-separated) up to 0.05 (less-separated). Each centre coordinate is
generated from a uniform distribution over the hypercube [0,1]%, the expected distances between cluster centresis
set to 0.2. Thus, the expected value of the cluster separation varied inversely with standard deviation. We test
dataset with d-dimensions 2, 4 and 6. The true k clusters are 9 and 25, where we generate 400 data points for

each cluster.

The parameters used were as before: N=400, b=0.2, v=5, ¢=0.8, m=0.04, gea =50, 1, =0.3, g,.= 0.7. Then we

determine the average accuracy of clustering and success rate from sXCSc from 10 runs as before. Table 3 shows
how sXCSc always gives superior accuracy and gives an equivalent or closer estimate of the number of clusters

(successrate) compared to UNC.

Table 3: sXCSc vs. UNC on harder datasets.

dataset sXCSc UNC
successrate accuracy successrate accuracy

©
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6. Application To Machinelearning data sets

We use medical detection data sets, the Wisconsin Breast Cancer and Indian Diabetes (Pima) (see Table 4) for

testing the average accuracy of clustering from 10 runs of the our approach on real data sets.

The accuracy reached by sXCSc on the real medical data sets is show in Table 4(a) and compared against some
results previously reported in the literature in Table 4(b). As shown our results fare well with existing

techniques’.



Table 3: Performance of sXCSc (a) and UNC (b) in machine learning data sets

Accuracy
Breast-cancer 97.36
Pima 79.78
(@
Accuracy
Breast-cancer 96.99
Pima 77.63

(b)

7. Conclusions

Our experiments clearly show how a hew clustering technique based on the spherical structuresto XCS accuracy-
based learning classifier system, here termed sXCSc, is effective at finding clusters of high accuracy whilst
automatically finding the numbers of cluster. That is, SXCSc can reliably evolve an optimal population of rules
through the use of reinforcement learning to update rule parameters and a genetic algorithm to evolve
generalizations over the space of possible clustersin dataset. The local search mechanism helps guide the centres
of the rules' intervals in the solution space to approach the true centres of clusters. The compaction algorithm

presented reduces the number of rulesin the total population to identify the rules that provide the clustering.
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