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ABSTRACT

Learning-classifier systems (LCSs) are rule-based inductive learning-systems that have
been widely used in the field of supervised and reinforcement leaming over thelast few years.
This ‘paper_employs sUpervised Classifier System' (UCS), a’supervised. learning classifier
system, which was intreduced in 2003 for classification tasks-in data -mining. We present an
adaptive framework of UCS on top of a self-organized map (SOM) neural network and a
growing neural gas (GNG). The overall classification problem is-decomposed adaptively and in
real time by the SOM/GNG into subproblems, each of whichis handled by a separate UCS. The
framework is also tested with replacing UCS by a feed-forward artificial neural network (ANN).

Experiments on several synthetic-and real data sets, including a very large real data set,
show that the accuracy of classifications in the proposed distributed environment is as good or
better than in the nondistributed environment, and execution is-faster. In general, each 1JCS
attached to a cell in the SOM/GNG-has a much smaller population size than a single UCS
working on the overall problem; since each data instance is exposed to a smaller population size
than in the single population approach, the throughput of the overall system increases. The
experiments show that the proposed framework can decompose a problem adaptively into

subproblems, maintaining or improving accuracy and increasing speed.
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Rules Reduction of XCS using Genetic Algorithms
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ABSTRACT

RO s owrenily focused a3 recently and most
powerial leaming svsten {1t conshities
rewnloreement learning and genctic algommbay$s create a
sl of rudes representing the oxiaeser! Gaewtimdpe trom
datpset. b prociee 1or real qumbepa RS, we toond that
e chsvovered males we_stiperffions. As o resili il s
delfienlt o udersland et kit ot By s
pIper, wa propose adecipnque o redudesuperthxneles
alter tommag proviessdThe proposeiimetigd oses et
algopthins 1o Bad o i sebeel yukes ol cat
preserve clsstliénion aecuracy, The-eiFicney of fhe
proposed methised ts 1 Hsarted by ihe mmber s exisiont

classttia

rules and sempared with previous reduciion alyvsithm of

X8

Keywordd | Machine Jearfingdbedmnng Classiher
Swsteng Crenelid Adeanfires s ediidiion

LAINTRODBCTIHON

I @sumrny™ lased g | BEsitdn] U0 e ) husdhing
learnifie  myqem Ly evrnsprmrgtreety on o iefion
with the gnvircnme m-H8 usig-combuuags il anet
learming wodSgenctic sl alis, S he resuli ol EES s
mberms ol & oset o dsaiaa s Rien <ol o arles
desenbing e extraers] Wnowladue Sroms desatl e
LOS wirg Mt deserabod by Dehn A Tolland | BRTESngsisls
of a popiflation 6B lerary roleOh eynve B8y denetic
algpaithies Jo sedicde e posdalde searcdinng, spue while
the remtorcament leaminge veas T decideshe releatity.

XOS 23] s devetdped o T O8) XS e
Trom traditional DES i deat o <lassidier's iaess a XCS
depends on the predigtion vlats e pected povollaiistend
of the sctual predicton gscIFolhe key 10 sucress is sing
a sel of maximally gegerdl rules thatsover mumy state-
actinn-prediction regivn OB probldmspacy as possible
withou! Joss ol securacy.

[ XURR B uses for classi [y men] mimaber sttnbnes,
I these Dypes of problenes, NOSR gsed shype -rectangle
represent for cach rules ar fead s merense nunmberas
rudes. s it most of mles are superfinous rules. As o
resylt, we can gedive Bese roles oo present luman
readable rale sels while preserves clssilivabon aceuracy,
In Dixion et ol [6] proposed the adgerdlin iy 1o nons
gualtied classiliers, A gualificd elassilied hos hugh

expenience, low coor amd Jagh predichon, A uselid
classifler 18 considered for clasaificntion some traning
examples,

gty 1he problems of rule reduetion 18 linding the
mirdm, el wborudes it i presersve classitication
acemrsey. in Wegnuiple objectivie probleams, i scoms
thal wengtie algertlims arduanere amtable, In this papor,
e gl puse muihod o rednge supetThas rifes of XUSR
By mSir penetiveslporithims A sed of rules in XCOSR i«
Soded doter an_ndadual i populdiion. The fNiness of
cach Mnilividoal_is comanted By Coplimizing both
maxigtize slassilication aceursey and manuniz: munber
afirales. Aflep-nnish ihesevalve process e sndpodi)
L HEne) agnniny fiidoss 1+ selected 10 opeste o sel of
fesduced rodes ek represeng e extracted kinvledpe,

Thvbs paper s argamized a8 Tolfows, In Segtion 2, we
rrve a bl deseription ¢ NES grehitechare. In ' Section 3,
we prepase an s ptvathede fpendlie sl gorighms that
BRC 00 PN Ve DHBESESSA T ICE I Geetion 4., provides
e perforniande dvaledion | ofstheepropased mathod by
Appliving dham e ws dmaind compare vl previons
iy aigorithinl ol XUXRY B S@non %
T Js

LIV

2XCE ARCUTTECTURE

N i wldsiies Avdaniabiat was ntredhicad by
Wil daguony researchdd 7] showpetlial XCB perlorm
svell andadatn pusing reanemie systenis Al many field
Arcns,

XUS pepresenttheextracted Kirasledpe from dataset
iy 2 890 o[ lese e rule sor iQevaiydted by means of
inleraghng withahe eovirenment, thedugh ranloreoment
feamunyy and 15 improved by a searchimechamsm based
au peneliestzonithms W 5 FWi s developed XOSR for
clagsify real aumbegrdain. The wput of svslemn change
frogn  femany PSS e genl number veelor In
Fidlesviitg, e shescrbe o germ of XOSR s show i Fag,
L owever 1 sediftapftom XOS only inpat interfice,
niakisaePeragerand covenrg algorithm

2.1 Representatinn

It XOSR systens, vaeh side consist of comition fur
and setion parts 1 seenditionrs then =getions where the
comditien part Bs 0 a0 sel o Dmerval nge
Henshioas)dows ) where © s the comler ol ierval
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2.2 Perlormuapee amponeni

At cachitme step. the svsteny buslds @ miabelt sei | M
Hiat o poodigend by albefiSiige i pophlath 1P1adkase
corditions ae matehed o Topasiom e environneent 48
e sieg of o mntele®ol PVE D ey dudi g than
covenin as o mveked o creglés ey glssiliors wilh e
sine fegmdinen of duprentanpid, aad_selecied) donion
sancdamly Adler pet el et (M| seledt astianaa, 1y M
by compuigthe system prediesse P 0 fomanaalion dy
The syslenvpredicion s aoumpuleld aso diess wogdned
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where [A/], opiteant subselfsl chpilicr of M1 wily
avtion o, gy means e predictron o elasSiticr of) aid 4
means e dainss of clats i T helSvsdomn), chonses e
wirniniy, vt RasodSnbose Pt aml creale |A o
classihior m [MY] WhicH B veSsaime schor as 5 g TH T
activn, The selectul e hom € acld W e ey iroumenl
and receives reward B,

2.3 Reinforcement Component
Aner reeived the rewand parimelers o cach
classifier 1 [A] were uplated n three, steps Pivs,
prediction g s updatad;
pEps flr-p) i1y
whiery £ thie leaning st 1008 1 naaliy 1.2,
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Sevenl, ppulie prodichon viror

g=gd plir-pl-g) &r

Thaad, opdates the Tioess whaeh consists ol thiee
sieps
Lo Vipdine clssifer's aconmey

- % "
mleie, Y 828

ke { o ki iy
{1 otherwise

where ot is the dweshold error under slieh a
classifier is congiderad o be scvurale, e g |y
and v control the degree of dechine m securacy 1f
the clisafier 1s uceunste,

£ Fipadte he roekitivee nectisaey o the action sl ax
fuadleow

0 Undate i Timess M ol eachiglosaifier as Mollow:
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2.4 Niscwyer Component

i regstlon, bodis fdepondenl o it s e
veneh Al il s pedfonmeddn each clissiliop i A It
soelgets Bae olissifiors, with probability propetional 1o
Mrearbinpgs s, o ples Bt Wil prgbatiling e pedorms
Crossoy e el e tpiess a9 Sprohabiiny g o
oetades foach gleleThe resmlung olfsdring are inscried
UL G e L dnd P ol s ane delolod to Seep
Hag oyl <oas v dishind,

JULENELIC ALGORFEAMS FOR RULES
REIRTUTION

Chemetic  elgonths _ consbe, @ Lmversal
pptEtzatien pahod O prabilorm seaseh 4 milnimi et
ol ruleRithagean prescivg classificatish ndeumey of XU'S
Vil verystarad SEWEh spacdl AL @ pesull penctic
abaretbnns e selected W Bod wphoal sdution of s
protder ) 0 et mahod  of gaule stlollion was  first
sty ishibuetn [8] o this®iuty, we applied GA
W Avarchet s se ol piles for XCS, GA was
vperated afler Onislig e learmpg process of KOS,

Ak Encoding of e individaul

The defined sndtvidual s represented i Jorm of
by value T to represent select wr discand the
peaarded wile. e lenpth of g 8 equal te pumber of
mdividkual ol 1P ] in XCS as follow:
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Ie problem fus twn w\udnu Farst, presvive oy
maximae chwaiivation pecursey of XCUS It means that
after nuduce mudes the sysdem oz have the s
recopnitien rale as belore reducton for all bBuning
pattorns. Secord, munumeee e nwwber of rules w
redured sel of roles. We cembioe these Iwe ohpsctives
into @ single sealar Biness functions as follew;

Fimess(INF, b = regrore s ow, = mennindes < w {7

whure
regasite- recagnition rate of peitems,
ey welght of regaate usually positive weight,
sumrnles — nomber of selectad rules,
Wy weight ol nunrate usually posiiive weigh

Huoth seight deflined by user. We sel g™, w1
L et e s more agndiREn e rombae ol
aile 1 e reeopniion sttt stable, the liness saloe
relies on m,mhu ol rles [awe

rales en we e getbeiterTines of imdividugl:

3.3 Inivinl prrameters & Genetie Operptors
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1 sqbeoted as o parent o Greile pew generation hisord
on froulette wheel “seledhion siralegy 16 1ts ek
value,

o Crosspuer Ungssover opesiies o sshounsy soiis
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vsed pagepoin crosseven o the selected parenls,

veneriled,
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Pravuel ATspring s
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lakes placeshiimation s e ded W preves e of
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few best sdividuals) to the new population’ T rest
of the population ix comstaeted I Sy deseribed
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HEXPERIMENTS AND DISCUSNON

We o st dllustrale fhe result ol e
proposed reduciion arthod Jor stmple separated data (2-
dimensions. dcingsesi, Afber Hash the tmining of XUSR
prvess, cavh ruede s represented by hapereclangle as
show in Fig 3 The mest of miles qre overlp parhaily
wilh other ke amd are We can
renmtove ihose miles while proserve olassifivation aceunacy,
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Atter reduction using genel@g lronthms, number ol
rules aenains thtce gifes as show wltae 3. Then we
oblainsmplar explination Sok Thedladset than belore
raluetion sulele preserveehissi hvaliosceuacy

Iy second expepiment, wedllustrated the shimmlation
resull for the LICTrepasitony dagasets: iris and wine data
sels, Phelmsibng s a thede-class problem with four
tediees wnd the swine it 1+ abso o three-class problem
wilhy thireens Foaives

Th Fanstestop, we use XCSK e chssily both data sets
with Tollewine parameter setling: fler 100000, A 1008,
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In Fig. 4. shows the avernge perfonmimes of remain
rufes i each generations. The aversge performance stable
in early generation, However, Fig, 3. shows (he aversge
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I bable 2, shoew ihe ke of rajes
eorpare with Dson method Do datagel, i e be seen
that v method could reduce purmber of nules slightly
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A Self-Organized, Distributed, and Adaptive
Rule-Based Induction System

Pornthep Rejanavasu. Hai Hoong (Helen) Dam. Hussein A, Abbass, Senior Member, IEEE. Chris Lokan, and
Cuen Pinngern

Absiract—l_eaming, cdassifier systems (LOSsy are rude-based
inductive kearning systems that have been widely used in the
field of supervised mnd reinforeement learning over the kst few
vears, This paper cimploys sUpervised Classifier System (UCS),
a supenvised learning classilier system. that was intreduced in
2003 for classification tasks in data mining, We present an adap-
tive framework of UCS on top of o selt-srganized map i5ONMG
nenral network, The overall classitication preblem is decomposed
adaptively amd in real tine by the SOM it subprablenis, vach
of which s handled by a separate BCShe Tramevork s alss
tested with replacing UCS by o feediorward artificial, neural
network (ANNL Experiments o several synihelic s real dia
sets. including a very Inrge real data sct, showahat the deenracy of
classifications in the propased distributed avironment is as goml
or hetter than in the nondistributed-ensironmentsanl execution
is faster. In generaly tach UCS allached 1o o colb in the SON]
has a much smatler popalation Size than a single S wurking
on the overall problem; since each datiinstance is expused th
smaller pupulation size than i the single populadion approach,
the thronghput of the oversll system inereases, The gxperiments
show ihat the proposed Tramework can_ dvcenipase.a peohien
adaptively into subproblins, main Gining, oF proving accuracy
and inereasing spocd.

Index Terms—Adaptie system, Tearning classificr. systems,
problem decomposition. pule-hased systenm, seli-organbzed map,
U pervised Classifier System (GO

1. INTROPUCTION

RADITIONALLY, o learning classifier system (LCS)
T [22] is-a'rule-based maching learning svstem that com-
bines reinforcement learning and genctic | algorithms. The
reinforcament Jearning eomponent is responsible for adjusting
the surength of rules in the system according 10 some reward
ebtained frem the environment, The genetic algorithm actsas
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an innovation discovery component which is responsible for
discovering new—hopefully better andfor mare general—rules.
The main advantages of this approach are as follows: 1) the
rule-based representation. which makes it cavy to understand
the learned knowledge; 2) the online learning ability, where
the system is updated after the presentation of cach data in-
stance, which apens opportunities for this approach w be used
in stream data muning: and 33 its robustness due to the use
of genetic algorithmsy which has been shown to explore the
rule-space efficiently.

Traditionally, the fitness of aclassifer in LCS is a function
of the actual prediction. In 1995, eXrended Classifier System
(XCS) [39]. [d0emerged as atvpe of LOS where the classifier’s
fitness depends on the prediction of its expeacted pavoll, which
warked better on-bath reinforcement and supervised learning
problems. An mvestigaion [38] ona benchmark synthetic test
bed. the Monk s problem, showed that XCS' s performance is at
Teast as goodas traditional machine learning technigues. Subse-
quentdy. three studies [S1. (9], [ L0, [16] undertoak comparisons
using real-world problems and showed that XCS is competi-
wve for data-nuning prablems in eomparison o other nonevo-
futiopary learning algorithms in terms of their predictive accu-
racy, The first study compared XCSs with (=R, IBI, 1Bk, NBa,
C4.5. PART and SMO on 15 Juta sets. The second study com-
pared XCS with €45, ahe Nuive Baves classifier, PART, the
instance-based learning algorithm with ene and three nearest
ncighbor settings, and the suppert ¥ector machine on 42 daa
setx. Statistical wests of signiticance showedabut XCS outper-
forms other algarithms in some data sets. The Jast study applied
XCS to 12 data sets and alse found that XCS has the potential
to bea powerful data mining tool.

In' 2005, Bemadd-Mansilla ¢f ol [4] proposed a specialized
versionof XCS for supervised learning. which they called UCS
isupervised classifier system). UCS uses the actual labels in the
data 1o directly judge onthe accuraey of aclassifier, The study
found that UCS is able to learn faster than XCS with smaller
population size, especially on problems with multiple classes.

With the increase in the ¥olume of data collected in organi-
zations, data‘minipg technigues need to be able w handle large
volume of data. When LCSs are applied to these problems, their
rule-based represenation normally requires a lange number of
classifiers, Fop problenss with ponlinear boundaries, the popu-
lation <ize 1s even larger because of the axis-parallel hyperplane
rule representation. A large population size has a dramatic im-
pacton the speed for processing incoming data traffic. Each time
a data instanoz arrives, the population needs 1o be scanned 1o
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find those rules that match the incoming data instance. Conse-
quently, using LCSs for real-time stream data mining is hindered
by the required large population size.

Bagnall and Cawley [3] and [15] investigated the perfor-
manee of XCS on large data sets, and found that they pose
a challenge for XCS. This problem has been studied by a
number of researchers. trying 10 inroduce mechanisms o cope
with large data sets in LCSs, Some proposed to compact the
population by changing the representation [14]. [29]. some
proposed distributed and ensemble frameworks [8]. [12], while
others offered some efficient encoding schemes [31].

Automatic problem decomposition of the leaming problem
15 one direction that holds much promise, but has not been
investigated in LCSs. The idea is o0 automatically decompose
the problem so that cach subproblem is handled by a different
learning machine. This is hoped t» reduece the complexity of the
learning task: thus it will require a less complex learning ma-
chine, which can then boost the speed of proeessing Incoming
traftic. A study by Maimon and Rokach [33] showed several
benefits of decomposing data mining problems decomposition:
Ly improves the classifieation accuracy: 2yprovides eoneeptual
simplification of the problem: 3) enhances the feasibilive of
being able to handle larger databases-and 4) provides clearer
and more comprehensible results, There are alse benefits In
terms of reducing the runtime by solving smaller problems,
and the oppotunity to use different learning machines for
mdividual subproblems.

The objective of this paper 1s te provide aframewoerk w
adaptively decompose a problem using a pregate that istightly
coupled with a classifier. o this paper, we hypothesize that
having a sell-prganized map (SOMy as a pregate for deconi-
poesing the search space would redues the complexity of the
problem, Moreover.having a separale classifierto learn cach of
these subproblems conld improve the accuracy i a few cases
because eachelassifier only handles & posgibly simplar problem.
We investigate two different machine leaming classification
methods: UCS as a representative of the evelutionany' school
and feedforward artificial nevral netw ork LANN) as a traditional
nonevolutionary classifier. Several visualization techniques are
employved wo shed light on the resultant deeomposition,

The rest of thispaper is organized as follows, Seetion 11 pro-
vides abriel Lwerature review, followed by a description of the
proposed framework in S ection 111 Section IV describes the de-
sign of the experiments. while the following three sections focus
on the analysis of the results. Conclusions are drawn and future
work is discussed in Section VIIL

I BACKGROUND MATERIALS

A, Problem Decompesition
A decomposition approach in elassification can be <atego-
rived into one of twe types [32]

+ Intermediate concept decomposition, where the problem is
prejected onta an imermediate space upoanswhich the de-
composition takes place to partition that space into smaller
subspaces. For example. one may use Gaussian kernels to
dothe mapping to the intermediate space. Another example

is decomposing the weight space of anewral network to get
the networks specializing on doing different activities.

« Onginal concept decomposition, where problem decom-

position is undenaken directly on the input space without
a mediator. The original problem is divided into several
subproblems by partitioning the training set. The mixture
of experts model is an example of this caegory. where a
gate s vsed 1o weight the classifiers differently based on
different input instances. Thus. decomposition occurs on
the input space.

This paper will focus on the second approach. Original con-
ceptdecomposition can be divided further inte the sample-based
and space-based approaches. Bagging Is one of the most well-
known methods using the sample-based approach [7]. In bag-
ging, sampling with replacement frem the training data is used
to create different data sets. each with its own bias. A classifier
is built using cach of these data sets, then a simple voling gate
is used o combine the output,

Alternatively. boosting [19] is used o allow data instances
that are incorrectly predicted by previous classifiers w be
weighted higher than other data instances, thus allowing them
1o be’ chosen more often than examples that were correctly
predicted Lo build a new classifier. Therefiore, boosting attempts
o produce new classifiers that are better able 1o predict data for
which the current ensemble’s performance is poor.

In ensemble leaming, a_problem is decomposed (either
axplicitly or imphicitly) into several subproblems. Each sub-
problem 38 thenchandled by.a classifier. The final decision
is made byan approprate classifier. The mixture of expens
(ME) madel [23] is.an example of the space-based decomposi-
tion. In this approach. the mixurre of experts decomposes the
ipput space, such thar each axpert examines a different pan
of the space. Each outpur of an cxpert is seen as a conditional
probability for the given input vector. A gating network is
1esponsible for combining the opinions of the various expens
by assigning a weight to each network. Jordan and Jacabs [24]
introduced the hierarchical nixtures of expens (HME) as an
extension of the ME model. HME decompoesesthe space into
subspaces, and then recursively decomposes cach subspace to
further subspaces.

Avtomatic  preblem  decomposition demands | an explicit
mechanism to ensure that the ensemble members are special-
ized on different ¢hut potentially overlapping) subspaces. An
ensemble of learning machines would nomually reguire a gate
According to Abbass |11 there are two types of gate: a pregate
and a postgate. An'explananion of gaghiis given below and also
see Figo b

1).A pregate acts as a router that assigns the incoming traffic

to different directions based on some criteria. Research on
pregates is mainly focusing on getting members of the en-
semble 1o specialize on different parts of the input space
throwgh a pantitoning or clustering function, The decision
on which learning machine will get which instances can
be done independently from the individual learning ma-
chines, However. this approach suffers from its inflexi-
bility in adapting the decomposition when concept drift oc-
curs, The separation between the decomposition from the
learming problem also has its own limitation in the sense
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that the decomposition assumes thacall learning machines
are hamogenousand are perfonming equally well, Another
branch of research on_pregates iy competitive deaming.
where different learning systems compete on the input ontil
1t is taken wp by one of them:

21 A postgale acts as an aggregate function: thar combines
the (potentially different) opinions made by the individual
members of the ensemble. The motivation far this learning
approach comes from the nrea of expert svstems. where o
committee of experts is used womake decisinns. If only nne
memberresponds (o cach sitnation; there will be no conflict
within the committee. The problem becomes similar to the
use of pregates will one«to-one v many-to-one MIpping
between clusters in the inpit space and ensemble mem-
bers. However, il a group of commitee members responds
to the same input. conflicts betwean their &pinions may
happen. The issue is then how to combing these opinions
into @ single coherent opinton: Postgates vsed inthe litera-
ture can be very simple such as voting and winner-take-all.
or more complexsuch as mixtare of experts {23] and co-
evolutionary mixture of experts [34], [35).

Problem decomposition dees not nead to relyon a pregate
alone or a postgate alone It can invelve an ensemble of ensem-
bles with a pregate to decompose a prablem and a postzate to
combine opinions.

Recently, Rokach et af [37] praposed the K -classifier algo-
rithm. which employs the f-means elustering algorithm to de-
compose a data set into mutually exclusive subsets. Each subset
1s then handled by a classifier. This type of decomposition can
be seen as a pregate. where an incoming data instance is rovted
to an appropriate classifier based on which eluster it belongs to,
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Their experiments. using decision trees. nevral natworks, and
naive Bayes, showed that the proposed method is well suited
for data sets of numeric input attributes.

One main disadvantage of this approach is the separation
between the decomposition problem and the classification
problem, By using the A'-means clustering algorithm, the data
set needs to be processed completely offline before being fed
1o the classilier.

In this paper, we overcome this problem by coupling the de-
composition with the classifier. The idea is that by using a clus-
tering algorithm that is self-organizing itself on the data set,
the classifiers asseciated with the different ichanging) clusters
adaptively leam the classification problen.

The tight coupling between the decomposition and the clas-
sifier has a number of advantages. 1) If the decomposition is
separated from the classification in a two dage process, all data
need to exist beforchand w decompose the problem. then clas-
sificationas applied on each subproblem. This makes it difficult
1o use this systemyfor stream data mining. where the data ar-
rives in real time in a huge quantity. 2) I there is a concept
dnfl {iee., the decision boundary ehanges), a system that sepa-
rates decomposition from classifigation would require redecom-
posing the-problem. Butthis system would also need a mech-
amsm to-deteet that the environment has ghanged. o decom-
pose the problem, and then allow the classifier to recover from
ihe changes in the environment. Tightly coupling the decompo-
sition with the elassificotion woeuld make the system adaptive.
whene the decomposition is eenlinucusly occurring as the clas-
sifier learns. 3) the separation batwesndecomposing a problem
and leaming a proper classification sounds artificials after all, it
is a single problem that we are tackling, of how to learn a proper
classiication miodel.

This tinht coupling can be seen in the eves of competitive
learning. which'is unsupervised learning that uses the concept
of competition to group input paiterns mnto classes basoed on their
features. A commeon goal of competitive learning algorithms is
o distribute a certain number of veetors in i possibly high-di-
mensional space. The distnbution of these vectors shounld reflect
tinone of several possible ways) the probability distribution of
the input signals. which, in general. is not given explicitly but
only through sample vectors [20]

For example. in Fig. 2. the symbol “ W tepresems the weight
vectons i the autput layer, The initial state of weight vectors is
random, After leaming, the weizhts move towards the centroid
of each cluster of the input space.

‘There are many models in the asea of campetitive learing.
which are usually categorized intwo main categories: hard and
soft.competitive learning. In bard competitive learning. there is
only one winning unit. that I, aveinmer-iake-oll sirategy. How-
ever. in soft competiive learning there can be more than one
unit adapting its weight vectorat atime. Each unit will adagd its
weight vector relative 10 its proximity to the input pattern. that
18, @ winner-take-piost sirategy .

In this paper, we use Kohonen's SOM for soft competitive
learning, andtightly couple it with an LCS. We experimem with
UCS and ANN, as representatives of evolutionary and nonevo-
lutionary classifiers, respectively. The next three sections will
introduce SOM, UCS, and ANN.
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B Self-Organizing Map

One of the most well-known algorithms for_soft competi=
tive learning is SOM antificial nevral nevwork |25], [26). Fig. 3
shows a 7 % 7 SOM.

The medel consists of two layers. First. the cutput layer con-
sists of neural elements called nades. Each node ¢ is assigned
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an n-dimensional weight vector 1, That is. e, & B, where
B* is an w-dimensional space. It s necessary to note that the
weight vectors have the same dimensionality as the input vector.
Second, the Input layer consists of Input vectors for training the
map. The leaming process of a SOM can be seen in terms of
continvous adaptation of the nodes for input vectors, In each
learning Heration ¢ input vector {1 1s fod into every node n the
map to identify the sutpmt vecter's winning node. [t is common
to use the Evclidean distance as the basis to measvre similan-
tizs. The winning node ¢ can thus be defined as the one with the
smallest distance {maximum similarity j to the input vector
ety = i ey - mgd ). (0
The weight of the winning node « is wned by the difference
between the input vector and the weight vector, Not only the
winning node is learning but also its neighborhood nodes are
learning as well. Themfore. their weight vectors become more
similar to the inpot patter. As a result. the respective node s
more likely to win at future presentations of this input pattem.
Theweightvectors of the winning nede and its neighbors at time
14 1 are updated as follows:
w8 5 DB eal) 4 odd )l b0 [RG ~ ma{t)]) (D
where 18 the current time. it i ds the cumrent Input vector, and
et is the gurentwaight vector, aif) is the Jearning rate,
which is redueed graduallv after cach learning iteration as fol-
lows:
T
whera T"1s the total number S iterations. i -, (41 1s the neighbaor-
hood function, Forconvergence. it is necessary that b, (1) — 0}
as £ — . This means that as leaming progresses, the neigh-
borhoed within which the nodes are acuvated will shrink and
the rate for modilying the reference vectors will decrease. Usu-
ally. a Gagssian function is used as the neighborhoed function,
as follows:

3

ﬂi:'?) =l (1) %

bl =5p (— I

2a(t
\ 2a7(1)

where the vectors r and ¥, represent the coordinates of the win-
ning node ¢ and neighbor node i {7 = r, | s the distance be-
vween nodes ¢ and 4. and {1} is the radivs of the neighborhood
node, vpdated as follows:

1=t
afd + L@ Flolly—4 x T

Cucs

UCS is a rule-based evolutionary learning classifier system,
in'which each classifier represents a partial solution to the target
classification problem. The goal of UCS is to evolve a popu-
lation of classifiers that represents a complete solution to the
problem.



Each classifier in UCS consists of a condition {the body of the
rule). an aerion (the prodiction of the classifier), and some pa-
rameters. The condirion refers to several environmental states,
to which the classifier may match. The actien is the outcome if
the classifier fires. The key parameter associated with a classi-
fier is the fitness £, which measures how good the classifier is
relative to the rest of the population. Another two important pa-
rameters are the maene rosity and experience. A classifier of UCS
is a macro-classifier, which holds a distinet rule {a unique pair
of condition : actiony within the population [ 7). The numerosity
parameter records the number of copies of the classifier in the
population. Whenever a new classifier is introduced. the pop-
ulation is scanned through to check if a copy of the classifier
already exists. If it exists, the numerosity value is incremented
by one. otherwise the classifier 1s added to the pepulation and its
numerosity value Is initialized to 1. The experience parameter
indicates how often the classifier is chosen formaking a predic-
tion, which represents how general a classifier is.

During the leaming cycle. the svstem receives a series of
training data instances. Singe UCS is a supervised learner, a
training data instance contains also the target class. Finst, UCS
finds a mateh set "7 with all classitiers in the population
whase condition matches the ineoming instanee. A correct
ser [C'] is then formed. containing those classifiers'in {M] that
have the same action as the input If (€] is empty, covering is
activaled, whergin a classifier that matches the input 15 ereated
and assigned the same class as the mpet: UCS isan ineremental
learner. where knowledge isupdated as-more data becones
available. All parameters of the classifiers in [M] are revised
for each wraining instancs according to whether they belong to
[¢7]. refleeting the system’s updated belief after being exposed
e new abservations.

The ttness of a classifieris based on accuracy, which is com-
puted as the number of times a classifier comectly predicted the
class divided by the number of times the classifier matched an
incoming datainstance

Aol
o= =it ()
fehiok
The titness s computed as a function of accuracy
F = (i (1)

where 1 is a predefined constant.

Genetic algerithm (GA) is invoked in [€] if the average time
since the last application of GA 1o classifiers in {7} exceedsa
user-defined threshold, If GAJs activated, two parents are se-
lected from [€ with a prebability peoportional to their fitness,
Two offspring are generated by reproducing, crossing over, and
mutating the parents with cenain probabilities. Offspring are in-
serted in [27] if they are not subsomed by the parents. [f the pop-
ulation size reaches a predefined limit, some elassifiers are re-
moved by voting within the population.

In the exploitation phase. an input instance is given with un-
known class. After forming the match set [M1, UCS proposes a
class based on voling among the classifiers in I ] the votes are
weighted by the fitness of each classifier in the match set.
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Fig. 4. Mualtilayer percepron i MUP ) with three input nedes, three cutput nodes.
and a single hidden layer with reo hidden nodes,

Do Feedtorward Arufielol Nearel Netweorks

Feedforward ANNs are popular in machine learning because
of thewr versatility forsolving a wide range of forecasting.
classification. and panern recognition problems, Haykin [21]
presented several powerful praperties and characteristics of
neural networks including their ability to leam nonlinear de-
cision boundaries. ability 10 adapt. being robust, and being a
compactreprasentation of the target model.

An ANN is a direeted graph with several layers, including an
put layer. hidden layers: and an Sutput layer, A bias unit is
connected 1o each hiddenunitin the hidden layers, The number
of newronsan the inpot layer is the same as the number of input
features: The ovtpots are encoded using v outputneurons corre-
spanding Wy Hasses Theourpnt node with the highe st activa-
tion designates the classi A neuron employvsasigmeid function.
The architeeture of an ANN is shown in Fig. 4.

Training an ANN oceurs by wning the network weights to
minimize the outpot ciror of the netwark. The backpropago-
ton algorthm is popularin training ANN and showed suceess
inmany applications such as handwriting charaeter recognition
128].

NE A FRAMEWORK FOR COMPETITIVE CLASSIFICATION
ENVIRONMENTS

Fig. Sdepicts the proposed framework. As a pregate, we use
a SOM neural network tedecompose the problem. A classifico-
tion algarthn is employed to handle gaeh subproblem indepen-
dently, We experiment with two different types of classification
systere UCS and ANNCWe call the combined system self-or-
ganized UCS (SOUCS) or self-prganized ANN (SOANN). De-
composition and learning gecur hand-in-hand; thus. the system
decomposes the problem asdt leams the class boundaries.

The SOM, the pregate in the proposed framework, can be
seen in wo different ways. First. it decomposes the prablem
by clustering the datafnotethat the class label is not presented
to the SOM), Secondithe SOM can be scen as a router in a
distributed envirénment. which assigns the data as they arrive to
anode that will take care of classifying the incoming Instance.
Given any data instanee, there is a single UCS responsible for it

Before staning the framework. the number of nodes in SOM
needs to be determined. For example, one can decide to use a
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S0 Propesed Framewesk. SOM is used 1o route the data instances as they
arnve to ode of 1he LCS,

2x Zorad= 3 SOM. Eachnode in the SOMis associated with a
complete classifier. Thus, thergare four independent elassifiers
for the 2 x 2 SOM. and nine independent classiiersdorthe 3 » 3
SOM.

The system is trained incrementally in thetraining phase. For
cach training instance, the winning node T8 first identified based
on the similarity function. The weights of the winning node we
updated, based on proximity totheinstance. The instance isthen
fexd into the LCS coupled with the winning node. A complete
training pracess is carried out atthat node, In the case of UCS,
covering might occur i dhe mateh setis empty, parameters of
classifiers i the march set are updated. and GA might be ac-
tivated. Inthe case of ANNC the network weights are updated.
With each training instance, both the SOM and its classifiers are
updated on the tly.

In the testing phase and given a testing instance. SOM first
chooses the winning node, The instance is thea routed 1o the
LCS coupled with the winning noda to make a prediction. The
testing phase doss pot involve any Jeaming in either the SON
or the LCSs.

It is well known [11], however, that in Jdistributed envinon-
ments, we cannot simply seale the population size lineardy with
the number of piocessors. In other words. a populatien size of
1000 on a single processordess not_map to population sizes
of 250 in a four-processor environment. In the warst case. the
pepulation size of each individual node may ‘equal the popu-
lation size of the single UCS. One may wonder then why we
need SOUCS.A part from the nice features of problem decom-
position, discussed in Section I in terms of increased acevracy
and better representation of the poblem, we presenta simple
queving analysis below. The analysis is describad for SOUCS,
but the idea applies justas well to SOANN.

Assume that the traditional UCS is able 1o process T instances
per second. Let [T instances persecond denote the rate of data
arnval. Assume a single pass learner (for stream data mining 1as
presented in [13]. We now need to compare between the single
population approach and the SOUCS environment. In this anal-
vsis. we will assume that the interarrival time is wniform for sim-
plicity. In the single population approach. if 2 > T, queuing
theory tells us that we npeed an infinite queue to accumulate the
data waiting for processing. In a multuserver environment. the

condition for handling this data set without the need for any
quenes is that the muter can keep up with the arrival rae, and
cach nede can keep up with its share of the ardiving instances.
Thisconditionis /' < min{{7. A = T}, where A/ is the number
of UCS nodes in SOUCS and {7 is the number of instances a
router can route per second (in SOUCS, the rowter is a SOM 1 to
distribute the incoming data to one of the A7 UCS populations,

We assume here that all UCS nodes have the same population
size, and therefore. the processing time of an instance across the
nodes is homoegeneous, We also assume that the instances are
routed evenly by the SOM to the different nodes. [n this case,
the speedup in SOUCS is essentially proportional to M. [ these
assumptions do not hold. the mathematics is mere complex and
the speedup is smaller. The point still holds that the parallelism
in SOUCS increases the throvghput of the svstem.

IV, ExreriMENTAL DESIGN

A, Testing Problems

Te understand the behavior of the proposed framework. we
vonduct three seis elexperiments; one using synthetic problems,
one using.a number of small and medivm size data sets, and a
third wsing a large data et

1V Swnthetic Data Sets; ' We designed five antificial problems.
withdifferent complexity interms of class boundaries and elass
distribution. All problems have two attributes with boxing con-
straints betwean G and 4. In #ach problem. 8000 data points are
sampled using a uniferm random number gencratar.

The problems are called “circle 1. “circle’ 2.7 “vircle 3.7
“eirgle 4.7 and “'eross eirele” as shown in Fig. 6. The idea is 1o
start witha simiple elassification prablem with a nenlinear class
boundary {eircle |y and nonuniform class distribution—noting
that the ratio of the positive cases to the negative cases is
proportional 1o the area of the cireleis ) to the area of the square.
The complexity of the learming problem is then increased
incrementally by adding more disjoint arcas for the positive
class {eircles 2—4). Inthe fifth problem. the elass boundary 1s
mone complex,

2) Small and Mediom Data Setss This sct of problems was
selected to give us arange of important characteristics. such as
i) numberof featunes: [Gw (op to ten featyrest or high i more than
ten featares); i) different representations: real, integer, nominal.
or a mixtuge; iii) namber of classes: binary {twe possible out-
comesh small {three or four outceines). or large ifive or more
caleomes L

Table I shows the propenties of the chosen data sets vsed in
this paper: Tns1 {the number of instapces in the data set), Fs ithe
number of features), [V fthe number 6f real-valued features), |
{thenumber of integer-valued featores). N ithe number of nom-
inal-valued features), and ( (the number of classes).

Except for the Tao problem, all these problems are available
fromythe UCT data repository [2]. The Tao problem was first
proposed in [30] and is used widely in LCS research.

3 Large Data Setr: The Forest-Cover-type data set of the
Reosevelt National Forest in northem Colerado. available at [2],
is chosen for testing. According to [6]. the colketed data covers
an area of 70 miles northwest of Denver in Colorado [30 m x



I
Lok

" e .
TN ER e D

=
o2 .2

T T Y

[

4
o
3

28 -
o
5
1,
il

=

Fig o Five synthelic proble mas cirede 1 et rove, lefshand side)y. circle 21fimst
row. righi-hand side ), circke 56 secomd row Left-hand side). circle $isecond row.
righi-hand side ) €ross circle dast mow). The 4 represents powitive Jata and
“7 represcaks pegative data. Each cincle represents the boundary for o positive
label area exceps in crass cfrele, whens the positive Jobel area is the it rsec tion
of foar cincles.

TABLE [
FPROPERTIES OF TESTING [iaTa SEIS
Broblon. & Inses) gops gt gy
Bredsta a9 2) 4 P il /]
bupa 343 6. i £ 0 k)
iz 3 Tex R 8 0 0 p
gluss 204 ] @ Q 1] @
s 150y i 4 li] 1] 3
segrent 2310 ) Hr { Q0 7
1y 1888 2 3 0 Ul |
vehiele 046 17 i (i} i 4
L W NECNTE: o] T (WL 2\

30 m cells obtained from United States Forest Servica (USFS)
Region 2 Resource Information System (R1$)]. which has seven
major Forest Cover types ¢or seven classesy, The data was ob-
tained from the United States Geological Survey.

The data set has 581 012 observations. 54 atributes, and no
missing values. Each observation is labeled as one of seven dif-
ferem classes (Forest Caver types)

B. Experimental Setup

To evaluate the proposed framework, weexpenment with two
structures: 2 x 2 SOM and 4 x 33 SOM.

The parameter settings for UCS wre fixed for all problems
and all environments. similar to those used in [41) and [4] as
follows: v = 0, fpa = 0. v = B8, 1 = O, #4, = 50, and
B, = 50,
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Four systems are tested in this paper to verify the proposed
framework: traditional UCS, SOUCS. taditonal ANN. and
SOANN.

For UICS and SOUCS, we firt make the sum of the total
population sizes of SOUCS equal {or almast equal to the popu-
lation size of a single UCS. For example. if we set the population

for each UCS in the SOUCS environment is sel to N = /M,
where M 1s the number of UCS environments. For a secomd
comparison. we double the population size for ¢ach UCS in
the SOUCS environment. while leaving the population size of
the single UCS unchanged. There is niww some “overhead™ in
SOUCS. since the total population in all UCSs in the SOUCS
environment is more than for the single UCS, Each individual
UCS in the framework still has a smaller population than the
single UCS, however, sothe overall system should still be faster.
‘This gives us an indication of the effect on accuracy if we are
prepared o acceptibe overhead. Finally, we double the popula-
tion size of the single UCS as well, to give a direct companison
again with the SOUCS environment.

In'the first set of experiments, we analyze UCS and SOUCS
on the symhetic data sets. The population size of UCS is set
w N = 1000, For SOUCS-1, the 8OM is of size 2 % 2 and
the population size for each UCS is set to 250, For SOUCS-2,
the SOM is of size 3 % 3 and the individual population size of
each TJCS.is set to 111 Next, we dovnble the pepulation size of
eachandividual UCS 10V = 500 and .V = 222 for SOUCS-I,
SQUCS-2, respeetively. while leaving the pepulation size of the
traditional UCS unchanged, Finally. we increase the population
size rorthe waditivnal UCS ta N = 2000,

The seeond sot of experiments is carnied out on the UCT data
sets. We use population size of 6400 for the single UCS. For
SOUCS-1and SOUCS-2.the SOM is of §ize 2 % 2and 3 =
4. respectively, and the population size for cach UCS s st to
L600 and 711 respeetively. Next. we double the population size
for each UCS 10 ¥ == 3260 and )\ = 1422 for SOUCS-1 and
SOUCS-2, respectively. while leaving the population size for
the single UCS at 6400, Finally. we increase the population size
for the waditivnal UCS1e N = 12,300,

Thethird set of experiments is tesied on the Forest data set. We
use a populaticn size of G400 forthe single UCS. For SOUCS- 1,
SOUCS-2,and SOUCS-3.the SOMisof size 2 % 2,3 x 3. and
4 x4, respectively. and the population size for each UCS is
set to 1600711, and 400, respectively. Next. we increase the
population size for'each UCS 1o N = 3200 for all SOUCS,

All results, unless stated otherwise, are the average over ten-
fold cross validation. Each run uses different random seeds that
are consistentin all experiments, We vse the term reration v
refer to asingle pass through the waining set. The statistical data
is collected after 3000 iterations in gach experiment, except for
the Forest data set: due to the Tange size of this data set, we col-
lect the statistical data after five iterations,

When UCS isreplaced with an ANN, we maintain the same
number of hidden units in all networks. For the University of
California at Irvine (UCT) data sets, five hidden nodes are used,
while 20 nodes are nsed for the Forest data set,

The statistical test of significance it-test) is wsed with a sig-
nificance level of 0.03.
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TABLE 11
MEAN AND STANDAKD DEVIATION OF THE ACCURACY oF UCS avp SOUCS
ENVIRONMENTS ON THE SYNTHENC DATA SEIS
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TABLE YV
MEAN AND DEVIATION OF THE ACUURACY OF LICS
AND SOUCS oN UCT Data SETS

TS SOUCRT
cirele | {1LY8 ] =086 Q98] 20003
circle 2 1964 '3
circle 3 193640012 » ().
cirely 4 DHE0=0 010 00512007 e QU3 0007 2
erass cirele (0946=0007  0E=0.019 054 1 =0410

“Dirferences thar are statistically signiticant ar a significance level of 103
are Jenoled by o it he SOUCS environment s berter, and by ¢ if the SOUCS

SOUCS-1

SOUCE

Breastow

0,644,012

09730016 e

Buga 0715443034 0.719+-0035 e
Diabetes 073220056 073620031 071340443
Gilass BFI020050  0.67744.058 DOR240.112
Iris NU53L 0045 090040034 B83750042
Segment 036210011 0985 LBOY HHA9LO N
Tao BEFOS0M2 0MOED021e  DESHEODIGe
Vehicle D7152003) 06900300 066980041
Wine BU6620047  DUSTHA060 1194920050

environment is worse, N = 1000 for the single UCS. N = 230 for each
UCS in SOLCS-) with 2 o 2 SOM, Y = 11 for each UCS in SIOUCS-2

with 3 x 3 S0M

TABLE I
LIEAN AND DEVIATION OF THE ACCURACY OF UCS AND SQUCS
ON A SET OF ARTIACIAL DATA SETS

carcte |
carcle 2
circle 3
carcke

cripss circle

9460007

3.954-+ 0005«

*Differences thar are statisticall v significan) ot signilicance level of 0,05
are cleneted by o if e SOUCS cavironment is bettercaml by o ifthe SOUCS
environmenl is worse, N =00 Tor the single LCS, A == SN Jor each
UICS in SOUICSS) with 2« 2 SOM. N =222 for each UCS in SOUCS-2

with 3 = 3 S5GM.

TABLE IV
REAN AND DEVIATION oF THE ACcigacy 0F UICS ARD SOUCS
O A SET OF ARTICIAL DATA SEIS

SOUCS-E L SOLICS
crule | HUR2+-04012 DYSS -
cinche 2 D962 20688 | (iveS andl 0465 L4601
circle 3 B8 il T ST 2R 005e 0D61EG0Te
cincle 4 WA TN, 9350007 D983 440,007
crosd cirgle 0948 = 0LIT L 093 [ED.005 09533 il e

“Differenaes that are stalisically &ignificant o g significance Tevel of D.05
are Jenoted By o il the SOUCS envirommant is better. and by o ifthe SOUCS
environmenl is worse, V= 2000 for the single ICS, V' = $00 for ¢ach
LIS in SOUCS- Pwaich 2 x 2 SOMEN = 222 for cach UCS inSOUICS-2
with 3 = 3 SOM.

V. AN INVESTIGATION OF THE PREDICTIVE ACCURACY

A, Self-OrganigedUCS

In this section. we gompare’ the predictive accuracy of UCS
and SOUCS uvsing different setups:

Table IT presents the.mean and the standard deviation (over
ten runs) of the pradictive aceuracy in different environments
on the synthetic data sets.

Table IT shows that the aceuracy ef SOUCS-1 is signifivantly
berter than that of UCS in two problems and equivalent in three
problems. SOUCS-2 performs worse than UCS inene problem
and equivalent in the other four problems.

SQUCS-1 performs better than UCS in the circle 3 and circle
4 problems. where the problem complexity increased with the
increase in the discontinuity in class boundaries. In the ciwcle 4

* Dillerences thar are stisticatly significant al a significance level nf 003
are denotad by # i the SOUCS environnent is better, and by o ifthe SOUCS
environment is worse, V= 6400 For the single UCS, N = 1600 tor cach
UCS in SOUCS-1 with 2 = 2 SOM, NV = T11 for each UCS in SOUCS-2
with 3 w4 SON.

TABLE V1
MEAN AND DEVIATION OF THE ACCURACY OF LICS
AN SOUCS on UCH DATA SuTs

US| SOLICS: SOUCS.2
GOTEROE e DOTHEGN] ] @
17 1444034 0.097 Lo

* Dfferem es that are statistically significant aba signiticance level of D.O3
are denotad by e il the SOUCS environment is belier, and by @ if the SOUCS
coviromment is worse. N = 4400 for the single LICS, N = 32060 for cach
VCSin SOUCS-1 with &« 2 SOMeN w1422 for 2ach UCS in SOUCS-2
with 3 % i SOM.

problem. hewever, SOUCS-2 perdorms signiticantly worse than
a single UCS, Wi hypothesize that this occured because of the
small population size of each UCS in SOUCS-2.

Therefore, we undertake an extra experiment by inereasing
the population size jaf Jeach UES . 500 -individuals for
SOUCS-1 and 222 for SOUCS-2; Table 11T compares the accu-
ragy ol SOUCS with asingle UCS whose population size is still
LOO, and Table [V gives the eomparison when the population
size dor the single UCS is increased 102000 icalled UCS-2).

From Tables I and IV, we can see that SQUCS-1 is sig-
nificantly bewter than UCS-] inthree problems and better than
UCS-2 in cne problem. Similarly, the accuraey of SOUCS-2 s
significantly better than UCS-1 in three problems and better than
UCS-2 inawo problems,

Increasing the population size ineach local UCS of SOUCS-1
and SOUCS2 resulty in better accuracy. |t is worth mentioning
that achieving an accuvracy of | is very difficolt in this case be-
cavse S uses axis-parallel hyperplanes, which will misclas-
sify somwe dataaround the nonlinear decision boundaries of the
circles.

We then test the SOUCS environment on the small and
medium size UCl data sets. Table ¥ shows the accuracy of a
single UCS and the SOUCS environment,

Onee more, the SOUCS environment does well. SOUCS-2 s
significantly better on three ovt of nine preblems, comparable
results are achieved on four problems, and SOUCS-2 performs
warse in two problems.

SOUCS performs worse than UCS in the segment and vehicle
problems, because both problems have a high number of classes
{seven classes for segment and four classes for vehicle) and a



434

TABLE VI
MEAN AND DEVIATION OF THE ACCURACY OF LIS
AND SOUCS o UCT Data SETS

Sepent 196820014

Vebicle 071940024 0.097
“Differences that ars statistically significant ot a signiticance level of 0035
are Jenvied by w05 the SOLCS envimonment is beter, aod by o ilihe SOLCS
environment is worse, N = 12800 for the single UCS. N = 3200 for coch
UCS in SOUCS-| with 2 x 2 SOM, X = 1422 forcach UCS in SOUCS-2
with 3 3 3 50M1.

TaBLE VI
MEAN AND DEVIATION OF THE ACCURACY 0F UCS AND SQUCS
% FOREST-CoVER-TYPE DATA SET

SOUCS-4
O DN o

SCRCS-2
NI a0 e

SOLCS-1
3.7 E9-EB.D06 <

L8

4
Diflerences that are statistically significant ab s significante Tevel of 0,03
arc denoied by o i1 the SOUCS environment is better. amd by o ifthe SOLICS
environmenl is worse, ¥ = 6400 for the single UES Y = 1600 for cach
UICS in SOLWCS-1 with 2 x 2 SOM, FUT tor cach LICS in SOLICS-2
with % 2 3 SONLN = 400 for gach UES in SOUCS-3 with ™ x4 5OM

TABLE IX
MEAN AND DEVIATION OF THE CURACY OF UCS AND SOUCS
ON FOREST-C R-TYPE DATA ST

SOLICS-2

SOUCS-2 } =
RSB 0,15 {00

LCS SOUCS-T
SLGGAE 707381003

Dirferences that are statistically signilicant or s significance level ol 0035
are denoted bry @ i the SOUCS envirenivent is better, and by o ilthe SOLCS
envirnment is worse, == A0 fur the single UCS, 5 23200 Tor cach
K28 in SOUCS-pwith 2 x 280M, N 2= 3200 toreach UCS in SOUCS2
with 3 @ 280M. N = 3200 joreach LIS in SOUES-3 wilh 1 <4 SOM,

high number of features (19 features for segment and 17 {eatures
for vehicle). Alter decompesing the problem by the SOM. cach
subproblem is still complex and the small population size of the
local elassifiers is wsufficient o learn the concept.

Table V1 ¢ompares the accuracy of UCS.and SOUCS when
the population size ineach local UCS in SOUCS is doubled to
N = 3200 in SOUCS-1 and .V 2 1431 in SOUCS-2. Tahle VI
compares the aceuracy whenthe population size of the single
UCS 15 also doubled 1o 12800 (called UCS-2).

In the “Segment™ problem. both SOUCS-1 and SOUCS-2
achieve better agcvracy than UCS-1 and compamable accu-
racy with UICS-20 Inthe “Vehicle™ problem, SOUCS-1 and
SOUCS-2 are able to achicve similar accuracy, as beth UCS-]
and UCS-2.

In conclusion, SOUCS is.promising in tesns of 1s ability w
generalize better if the population:size and the number of cells
in the SOM are chosen garefully;

We then challenge SOUCS with alarge problem data set: that
15, the Forest-Cover-type data sed. Table VIlTshows the accuracy
with a single UCS and the SQUCS environment. We can see
that every SOUCS environment performs worse than the single
UCS. expecially with the 4 x 4 SOM.

The result is not surprising o us becavse as wesaw before.
the population size needs to be selected carefully. Therefore, we
increase the population size of each UCS in all SOUCS 10 [V =
32063 The accuracy of each SOUCS environment has no signif-
icant difference with a single UCS, as shown in Table IX, while
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MEAN anD DE
AND SOANN Ex

CURACY

oF ANN

VIRONMENTS O LIC1 DATASETS

ANN SOANN:| SOANN-Z
bresstw  0966100I0 GOMALGDIR Te
bupa RIOLLOGM e G.O%140054 0
diabetes 0.704E£00558 G745 0,062
alass LR AN R FEERILE]
iris (LG0T (951410043
seopment QO48HE0ANS DOSHEUOIDe BUSIS0]S
g 0.918:£0.008 BOIFE0.010 (.930:LG015 e
wvehicle TB5A0.0%81  G807L0Me (L786:0.048
wing 197840020 1.577.:0,029
3

“ Diflerences that are statistically significant a1 a skgniticance level of .05
are denoled by @ if the SOANN environment s betrer. and by = it the
SDANN environment is worse,

TABLE X1
MEAN AND DEVIATION OF THE ACCURACY OF ANN
AND SOANN ON THE FOREST DATa SET

ANN
GI30T0.008
N

SUANN-1
0. 7423 0,005

S Differs nces that_are statistically significant al a signiticance level of 0.05
are depoted by & it the SOANN envirapment is keter. and by o il the
SOANN eovironment is worse,

TABLE X11
COMPARISON OF THE PERFORMANUE OF SOUCS AND SOANN WITH
OTHER PLBLISHED WORE O THE FOREST DATA S5ET

S.jrp!th:m dr Y — -9 ) '|7a|‘5'r3‘n§15-..-
BeCGre [17) Dalo
BadslUPC 118) 6064
Negl Nerwork Emnsemblo [3¢) 07T
ANNOAD [27) (A
LIS (N o dony [0
it 320ih {738
RES el ] 1. ol

{3200 ¢
el N o33
0792,
LR

SOANNY
SOANN-Z

they use less time for learning data. In fact, each local UCS is
wsing half the population size of the single UCS, which implies
that the Jocal UCS will process data faster and the distributed
environment will allow more data 10 be processed.

B. Artificinl Newral Network:

Similar 1o SOUCS, SOANN-1 usesa 2 & 2 SON, while
SOANN-2 usesa 3% 3 SON. From Table X, we can see that the
SOANN enviranment performs significantly better on three out
of nine problems, equivalently on five problems, and worse on
caly one problem. This experiment eontirms that using a SOM
as a pregate can possibly be generalized to other classification
methods easily.

Similar to SOUCS, wedest SOANN on the Forest-Cover-type
data‘set. As can be seen from Table X1, SOANN-1 performs
better than ANN.

Table XH shows the performance oblained on the Forest data
set in this paper, and the performance obtained with other evo-
Iutivnary and nenevolutionary approaches in other papers (stan-
dard deviation is not tabulated becanse it was not available in all
of the papers we compare against). The accuracy we obtainad
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Fig- 8. Computational time ol UCS, SOVES-T and SOUCS-2 o the cirsle 4
problem.

appears to be better than three of the ether four papers. Hawvever,
these results should be seen as indicative only, beeatise it was
not possible to unify the experiment sewp for all methods, The
neural ensemble approach presentedin [36] achieved higher ac-
curacy, using 20 neural networks cach of which had 40 hidden
nodes in the hidden layer. This setup implies a hvge training

cost.

C. Comparing UCS and ANN

Tables V and [X show the accuraey with UCSISOUCS envi-
ronments on the real data sets. Tables X and X1 show the accu-
racy with ANN/SOANN environments onthe same data sets,

Comparing the results, ANN/SOANN do betterthan UCS/
SOUCS on the data sets that are a challenge for UCS due 1o the
large number of classes or features. Otherwise, there is generally
cither no difference inaccuracy, orelse the results based on UCS
are better.
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Fig. 9. Population size ofLICS, SOLICS- 1, apd SOUCS-2 an breast-w and seg-
ment prohle s,

T wther wards, the type of LCS that performs better depends
on the charactensiies of the problem. This applies generally in
LCS research.

1. Simnary

The results shew tharthe proposed framework has good po-
tential, In'some cises., SOUICS/SOANN were able o achieve
better accuracy than UCSANN. but mast of the time they are
able ta get equivalent accuracy.

The resulty alse showed that ieitial parameters™ values—in
particular. the population size—are impertant as they can im-
prove or worsen the performance. This is also a problem in tra-
ditional UCS.

VE. AN INVESTIGATION OF THE EXECUTION SPEED

In'terms of compitatnenal time, it i1s obvious that SOUCS is
much faster. An stance that gets passed from the SOM o one
of the UCSwould only need 1o sean linde more than one quarter
{for SOUCS-1) or one ninth {for SOUCS-2) of the papulation
size of the single UCS, This is a significant reduction in pro-
cessing time because LCSs spend most of the processing time
scanning the population 1o form the match set.
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Fig. 7 shows the number of macre-elassifiers generated inthe
circle prableins. We cansee that the number of macro-classiters
for both SOUCS environments is less than the worresponding
number in the single UCS environment.

To show the saving in computational tme resultant from
using SOUCS. we plot the runtime of eagh system [measured
by central processing wnoit (CPUY cleck] o Fig. 8, The graph
confirms that the SQUCS envirenment uses Jess computational
time than the single UCS, and the SOUCS-2 environmant vses
still less.

Figs. 9 and 10 show the anmber of macro-classitiers andthe
computational time of the UCS and SOUCS environments on
the UCI problems. Once more, the SOUCS environments use
less computational time than the single LICS environment. It is
important to notice the higher number of rules evolved by UCS
after training.

VII. SEaRCH SPACE DECOMPOSITION

In this section, we tirst analyze problem decomposition using
a SOM. Figs. 11 and 12 illustrate the dynamics of the SOM
over time for the circle 4 problem. We use a small box to denote
the stare of the weight vector after each pass of the data, and a
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Fig. 12, Weight vootorof each node inSGM 1 x L mapinthe circle 4 problem.

heavily putlined boxtodenste the final steady state, The trajec-
wories showy the self-organization as it happens for each cell I
s important w remind the reader that the SOM does not see the
label for each instance: thus it sverks on the density of the data
in the feature space. Singe the data was generated upiformly in
this 2-Dr space. it is logieal to see that the steady state for the
SOM issimply renched by dividing the space into four and nine
uniform quadrants in the case of 2 x 2 and 3. 3 SOM. respec-
tvely,

Figs. 13 and 14 show the decomposition of SOUCS as a
whole i the last generation, The solid lines show the division
cfthe datawsing the SOM; the dashed circles show the approxi-
mate decision boundaries generated by the individual UCS, and
the class labels are showmwas eposted by the individual UCS. It
is e resting 1o see that insome cases the classification problem
inaeluster can be astrivial as everything is positive or negative,
while the ¢lassification problem in other clusters can have the
same complexity as the onginal problem.

To analyze the decomposition in the case of the UCT data sets.
we use the visvalization technique developed in [35]. This tech-
nique projects the high-dimensional feature space onto kwer di-
mensional principal components space. then uses a convex-hull
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appreximation to visualize the boundaries of the clusters, We
only visualize the frst three principal components by vismals
izing each gombination of the 2-D graphs.

Figs. 15 and 16 show two example plots for the diabetes and
breast-w problems in 2% 2 and 3% 3 SOUCS environmants, re-
spectively. The convex-hull boundary shows the different clus-
ters. while the dots and ¢rosses show the negative and posi-
tive labels, respectively. It is wanth mentioning that as the clus-
tering is occurring in the original feature space. some clusters
may become ovedapping in the principal component space. We
can conclude that @ SOM is able to devompose the problem. as
useful patterns can be observed through the visualization tech-
niques.

VIII. CoNCLUSION AND FUTURE WORK

In this paper, we introduced a new self-organized adaptive
rule-induction system, The framework uses a SOM ANN as a
pregate to decompise a problem into several simpler subprob-
lems. Several classifiers are alse employed to learn these sub-
problems.

The proposed architecture was tested on several syntheticand
real-world data sets. It is shown that the accuracy of the pro-
posed framework is better or equivalent Lo traditional ANN/UCS
if the population size (in the case of UCS) is chosen carefully.
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Fig, L5, Plot ol each UCS™s responsibility in PUA-plol (SOR 2 x 7 environ-
ment j on the breast-w ifirst o and diabetes cseeond rows problems, DifTer:nt
shades represeat different UCS, -+ angd “o” markers represent class “07 and
“1.” respectively.

There are two important factors of SOUCS: the number of
nodes in the SOM and the population size in each UCS. In some
data sets, we cannet sel the aggregate population size for all
local TICSs in SOLICS equivalent 1o the population size of a
single UCS, because the subproblems may have similar com-
plexity as the overall prablem.
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Fig. 16, Plotof each VCS's responsibility in PCA-plot 1SOM 3 % 3 environ-
mentyon the breast-w (st mwYand diabetes i cocond rey problems. Ditierent

shadkes represent Jitferent UCS, "4

“and "o markers represeni class <07 and

17 mspeatively.

This suggests a possible future direction. where we will look

into how to adapt the pepulationsize for eachlacal UCS jude-
pendently. Also, it will be interesting to come up-with @ mecha-
nismto dynamically grow the SOM-—maybe vsing the growing
hierarchical SOM 0 avtomatically adjust the size of the SOM
and make the interaction between the pregate andthe elassifiors
more useful. At some point, there s a limit o the size of the
SOM that makes sease. given the amount of data—it would be
interesting to investigate the relationship betwaen the number of

Ay

ailable data instances and possible sizes forthe SOM.
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Abstraci—Leaming Classifier Systems (LOSs) are rube-based
sestems ihat have widely Dren used in data mining over (he
Tast few years, This paper cmploys UCS, o supervised learning
lassifier system, that wis o yersion of LOSs Tor dassification
in data mining tsks. In this papers we propose an adaptive
framework of o rube-based competitve lesrning envirenment,
In this framework. o prowing neural gas (GNG B ased o
adaptively cluster the data instances as they arcives Each instance
is then assigned 1o based chssitier. the BOS pesponsible for the
corresponding duster, Through this mechanism. the complexity
of a classilication problem IS decomposcd adaptively into, sub-
problems. each with o lower orsgual complexity ‘W the anerall
problent Since each instdnce 35 exposed foea smaller population
size than the cle populition appreach. the thronshput' of
the system increases, Fhwe experipments show that 1w pesposed
fraomework can decompose o problem adaptiely into several
subproblems, The accuracy pate o LCS in the disiributed
ervironnxent ean alsa be better han the normal envirenment,

LT INTRODUC TION

A Leamning Classifier System (LCS) isa rule-based machine
leaming system thar combines seinforcament leaming ‘ond
genetie algorithms, The reinforcement leaming component 1s
responsible for adjusting the strength of rules in the system
avcording toesome raward obtaied frem the environment, The
gengtic algerthm acts as_an innovation discovery compongnt
whigh is responsible for discovering new - hopefully better
- rules. The advantages of this appmach are its mule-based
12 pre sentation, that can be-easily interpreted by human; online
leaming ability{ robustness due to the nse of genetic algorithny

In 1995, XCS [12} emerged ox 0 type of LCS where the
classifier’'s fitness depends on the prediction of its expected
pavoll instead of the actual prediction itself as'in traditjional
LCS. XCS has since been-wildly applied both winforcement
and data mining, In [6], [9) compared XCS with other machine
leaming such as the IB. C4.5. PART and\ the supponl vector
machine on several datasets, The experiments showed that
XCSs outperform the other leamers in o seme. datasets. In
2003, Bernado at. el [4] proposed UCS isppervised classifier
system) based on XCS for supervised elassification. UCS no
longer relies on a feedback from the environment in terms
of reward function, It ks evaluated, however, onthe asseciated
class of the training instance s the gene ral case for supervised
classification. The study found that UCS isable to leamn faster
than XCS with smaller population size.

Newadays, reseurchers in data mining have paid. more
attentions on large-scale problems. When LCSs are applizd
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Depantiment of Computer Science
Faculty of Science
Ramkhambaeng University
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to these problems. their rule-based e presentation is normally
required a large number of classitiers n onder to capture the
whoele search space. As a result. LCSs suffer from a long
computational time. which slows down the execution and
limits their uses in the real world. Many researchers have
proposed different methods 1o cope with large-seale problems
such as distiibuted frameworks [7]. ensemble framework [5).

When faced with cemplex data mining problems. automatic
problem decomposition has been a relatively new area of
resgarch looking at turning a cemplete classification problem
into smuller ones that can be bundled easier by independent
leaming machinesc~In this paper. we propose the adaptive
framework of UCS on-top of a growing neural gas (GNG),
The framework uses a growing neural Zas as a pre-gate to
decempase aproblem inte several simpler subproblms which
is handled-by difizrence UCS. The GNG ean be seen in two
different ways, Firsteit decomposes the problem by clustering
the data fthe class labelis ot presented to the GNG). Second,
the GNG ean be seen as o ronter in o distribute d environment.
which assigns the data as they anive 1w a node that will wke
care of classifying the incoming instance.

The rest of this paper is organized as follows, Saction 11
provides o short review of problem decomposition, GNG and
LCSs) Section 1 deseribes vur proposed framework, The
experimental design sind results are described in Section IV,
Finally. cenclusion and futere works are gziven in Section V.

[I BACKGROUND MATERIALS
A Problem Decomposiion

The engoing rapid grewth of technology has created larger
and more- complex problems and therefore challenges many
traditional data mining algorithms in terms of execution time.
One possible remedy (1o this challenge 1s to decompose a
whole complex problent into several subproblems. whewe sach
simpler subproblem is solved by a data mining technique,

There are several advantages for decomposing data mining
problems—as—pointed in [11]7 Incrasing the performunce,
simplifying €onceptual problems. enhancing feasibility for
huge dawmbases. providing clearer and comprehensible results,
rducing an execution time, and providing an oppontunity of
using different technigues for individual subproblems.

A decomposition approach in classification can be catego-
rized into one of two types [11]:



Fig 1. A geoeric description o enszmble rescarch,

+ Intermediate concept decomposition: here, the problem is
projected onto an inwrmediate space, where the decom-
position takes pliwce o define several subproblkms with
different and simpler concepts, For exampl. one may use
Gaussian kemels 1o do the mapping to the intermedinte
space.

+ Original concept decomposition: here. problem decom-
position s undentaken directly on the problm without
a mediator. The onginal problem is dividad imo several
subproblems by partitiening the training set. The mixtor
of expents model is an example of this citegory, wheee' a
gate is used 10 weighe the classitiers differently based on
differznt input mstances.

Abbass [1] summarized the lierature of wnsemble learning
in a simple graph, presented in figure 4. Two wpes of gates
can be identified in the systenr pre-zate and post-zate. A pro-
gale is used as a meehanism 1o decide on which input instance
atfects which member of the ensemble. Research in-this area
is mainly concerned with getiing members of the ensemble 10
specialize on different parts of the mput space. The study of
this pre-zate falls under the umbrella of conpeiiiive Tearnme,
where the main objective (is th compete between differcnt
learning systems for sach input.

A post-gate is vsed to decide on how 1o combine different
outputs made by the members in the ensemble. The motivalion
to this leaming approach eomes from the arca of expert
systems, where o committee of experts is used to make
decisions by simple voling or weight voting. 1 one member
responses to each situation. there will be no contlicl within
the commitize.

This paper will focus an the onginal concept decemposition
by using competitive learning and adaptive elassification, The
idea is that as the cluskering algorithm is self-organizing fself
on the dataset. the classifiers associmed with the different
ichanging) clusters adaptively Jeam the classification prablem:
The problem is decomposed (either explicitly or implicitly)
into several subproblems. Each' subproblem is then handled
by a classifier. The final deciston 15 made by an appropriate
classifier.

B. Growing Newral Gas

Competitive learning or clustering can be described a8 the
prooess of organizing a collection of k-dimensional data into
groups whose members have some similar features. The most
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well-know clustering algonthm is K-mean closering algo-
rithm and Self-Organizing Map(SOM). These two methods,
however, need o determine o priori the number of nodes
and the network 10 be trained s fixed throughout, in case of
SOM. In this paper. we use Growing Nevral Gas which is soft
competitive learning. dynamic network where the new nodes
ar2 added or deleted based on the emor characteristics of the
nodes mnd network, tightly couple it with an UCS,

Growing Newral Gas is a self-organizing nevral network
which is inuoduced by Bernd Frizke [8] MNerwerk laver
consists of a set of vnits connected by edzes and distributed
over the input space. The leaming algorithm can be concluded
as follows,

The network is staned with two onits ¢ and b at random
weight w, and wy, The input vector xit) is fed into every unit
in the network to identify the nearest unit £y and the second-
nearest unit s, If there Is a connection between sy and s
then setthe age of edge 1o 0. If there s no connection then
the edge is crewted. Theage of all edges emanating from &,
arg incrased by 1. Then, add the ervor between (7} and the
nearest wnit o a local vanable as follow s

Aerrorisy) = ||y — 2i1)|? (1)

The weight vector of the nearest unit and its direct wpologi-
cal neighbors ar adapied by fraction ¢, and ¢, of the distance
e il respectively, The edges which have age larger than
4 EIVEN A,y are removed and also the nodes which have
ne more emanate edges are emoved. 4 the number of input
extceed an integer multiple of given parameter X\ a new unit g
is inserted bevween unit 2 which has the largest error and its
neizhbor vait m which has fargest emor. The welght of new
unit ¢ s selto the average weight between onit # and m. The
connedtion between unit g and unic.z and # are Sreated and
the oniginal connaction between nnil » and # is removed. The
<ror ef unit # and #r-is-decreased by a ziven fraction. while
the evror of pew unit is set fo the average of unit » and m.
Lasily, the error of all unlt is decrensed by o ziven fraction,
The process iy repeatad unril found the stopping eriterion.

. Learning Classifier Systemy

LCSs a nule-based evolutionary learning clussifier svsiem,
m which each classifier implements a pantial sk o the target
problent A typical goal of LCS is o evolve 4 population
of classifiers [[P] 1o represent a compleie solution o the
target, problem. LCS can be used either for winforcement
learming qe.g XCS) or supervised Jeaming je.xg UCS) This
paper focuses mainly on UCS isuparvised classifier system).

Each classifier of UCS sensists of the Condirion (the body
of the rule). the Aetion (the prdiction of the classifier) and
some parameters, The Condifon refers (o several environmen-
tal states. to which the elassifier may match. The Acvion is an
outcome if the classifier is Ared/activated. The key parameter
assoviated with-a classifier is the fitness £, which measures
how goad the classifier is relative o the rest of the population.
Another two important parameters are the auwmerasiv and



experience. The numeresiy parameter records the number
of copies of the classifier,. Whenever a new classifier is
introduced. the population s scanned through to check if a
copy of it already exists, If itdoes not. the classifier is added 1o
the population; otherwise. the numerosin value is incremented
by one. The experience parameter indicates how often the
classifier is chosen for making the prediction: in other words.,
how general the classifier is.

During the learning eycle, the system repeatedly receives an
input from the environment. Since UCS [2] [4] is a supervised
Jearner, an input instance is associated with a target class,

Firstly, UCS finds a match set {M] with all the matching
classifiers in the population. A correct ser [C] is formed.
containing those classifiers in fMJ that have the same action
as the input. If fC] is empty. covering is applied. where a
classifier that matches the input is created and assigned the
same outcome as the input. UCS is an incremental leamer,
where knowledge is updated as more data becomes available.
Al parameters of the classifiers in JM] are revised for each
training instance according o whether they belong to {CT or
not , reflecting the system'’s response tomew knowledge.

The fitness of classifiers 1s bused on the accurmey. which is
computed as the ratio of orrzet clossifications by the. classifier
to the number of times the elassifier has been inthe match set

N e

Qe = — [2)
J\"maéduq
The finess is computed as a funclion of-accuracy:
F = {age)t i3

where v is a predefined constant,

GA 18 mveled m JCT il the average’ fime since the/ last
application of the GA of classifiers in [ CF surpasses o users
defined threshold. Two parents) are selecied dom ) with
probability proportional o their fimess. Two offspring e
generated by wproducing, crossing—over. und mutating the
parents with certain probabilities, Otfspring a2 msened in fP]
it they are not subsumed by the pavenis, If the population size
hits a prede fined Timit, some classifiers are removed by voting
within the population.

[n the exploitation phase. an input instance is given with
unknown classe Afterfinding the matchiset [, UCS proposes
a class, from the vote weighted by fitness of each classitier in
the match set.

U1, THEPROPOSED FRAMEWORK

Figure 2 depicts the proposed framework, As apre-gate, we
use a growing neural gas {GNG) (o decompose the problem.
A classification algorithm is employved to handle each sub-
problem independently, UCS is tsed as the ‘classifier leaning
environment, We call the combined system Growing-UCS
(GUCS). Both decomposition and leaming occur together:
thus the system decomposes the problem a5 itlearns the class
houndaries.

GNG is used as the pre-gate Inthe proposed framework:
It has two main roles. First, it decompeses the problem by
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Fig. 2 The proposed framework, SOM iy used 1o oues the dala inslances
as they wrnive 1 ene of the LS,

clustering the data fnote that the class label is not presented
to GNG). Second, GNG can be seen as a router in a distributed
environment that assigns the data as they arrive to a node that
will take care of classifying the incoming instance. Given any
data instance, there is only one UCS responsible for it

In training phase, the system is trained incrementally, For
cach training dnstance. the nearest unit is first identihed based
on the similarity funetion. The weights of the nearest unit and
second-nearest are updated and the other parameters are also
updated. The instance is then fed into the UCS coupled with
the winning node. A complete taining process is carried out
at thatnode. In ahe tase of UCS. govering might ocevr if the
match st is ¢ mptv.-parameters of classifiers in the match set
are wpdated, and GA might be activated.

There are 1w questions in training phase. The first question
15 what svould happen whenawe insert a ngw' unit in GNG?
Exactly, we need to-erzate the new UCS bundked with the
newd unie The new UCS can stant from some exist knowledge
by copy the existing population of UCS which s bundled
with the pearest unit, instead of starting from the seralch
without any knowledge: Indeed. the copied papulation of new
UCS maintaing some uselul classifiers and also some unwseful
classifiers. These unuseful classifiers, however. will be deleted
by GA in the future. The second guestion is what would
happen when we deléte v onit in GNG? We cun simply delete
the UCS from the syslem.

In the esting phase and given atesting instance, GNG first
chooses the newest unit. The instunce is then routed to the
UCS coupled with the nearest unitto muke a prediction. The
testing phise dors not volve any leaming meither the GNG
or the UCS(

[Ny EXPERIMENTAL RESULT

To illustrate the benetits of the praposed framework, we
will set o maxinim number of node of GNG egual o 2 and
4 nodes. Each node in GNG is wsseciated with u compkte
UCS: thus. for 2 nodes GNG. ther are two independemt UCS
environments forming the GUCS. The parmmeter settings for
UCS are fixed for all environments similar to those used in
Bernado [4] as follows:\e = bifga = b0,y = 08 n =
0048 0.1 = 50 8,1 = HIL Adlresults - unless stated otherwise
= arg the avernze over JO-fold cross validation,

W first atte mpted 1o make the sum of the population sizes
of GUES equal o the population size of a single UCS. For

o2y
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TABLE 1
ACCUEADY RATES OF IS, GUCS-2, G UCS-4 ON ARTIFICIAL PROBLEM
GUECS-2 GlCS+
DO ROEERN] MUSTENTOE &

Singls UCS
OISR

Tirel: - Triangle

example. if we set the population size as N = » in a UCS
normal environment, the population size for ench UCS in the
GUCS environment is set to N = »/s. where » is the number
of UCS in GUCS environments.
A. Analvcing the Propesed Framework on Synihetie Daraser
To understand the behuvior of GUCS. we first test it on
a synthetic problem as shown in figure 3. The problem has
2 atiributes with boxing constraints between O and 4. In
the problem. 8000 data poims are sampled vsing o uniform
random number generator. The problem has 5 classes, two
teiangles and tvo chicles with all different class plus one more
class which is the data cutside all shapes.

Fig. 3. Thz 5 class Circle-Trungle probkeny. Each circle | coch riangde and
data outsidz boundary have diffe ront Classes. ).

[n artificial problems, the population sfze [V is set to 100
for single UCS. For 2 nodes GNG. called GUCS-2, the
population size for such UCS s seeto 500, For 4 ndes GNG,
called GUCSA. 1he individual population size is set 1o 250,

Tabla [ lists-the accuracy ravesof the diffe ent environnients
on the synthetic datasets. This table shows that GUCS works
fine, In GUICS-4, it is_better than o single UCS. In termis
of computational time enmplexity, it is obvious that GUCS
is much faster since an instance that gets passed from the
GNG 10 one of the UCS would need 1 scan the equivalent
of 0.5 and 0.25 - for GUCS-2 and GUESH mspectively - of
the population size of the single UCS. This is a significant
reduction in time complexity.

Figure 4 shows the number of maceo classifiers of circle
problems. The number of macro classifier of both GUCS
environments less than single UCS. Then both GUCS envi-
ronments use less searching ime:

Figure 5 shows a possible decompesition of GUCS as a
whole in the last generation. The green dnd blue dash lines
show the division of the data using GNG, the black dash line
shows the approximated decision boundary generated by the
individual UCS. In this case, we can reduge complexity of each
UCS from five classes probkm inw three classes problem and
two classes problem for GUCS-2 and GUCS-4. respectively.

100
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Fg. 4. The pop. size of UCS, GUICS-2 and GUCS— on andficial problem,

Fouh recuangle represent data correspondzd by each UCS for 2 nodes
lefty amd 4 node GUCSerighth, mespaetive by,

B-UC! Datgscis

In thiz seetion: wetest GUCS on o mimber of datasets from
the UICT repository [3], sxcept the tao could be found in [10].
Table 1T shows the praperties of the datasets usad in this paper:
I nsf(thenumber ofinstances), Feithe number of featuresy, i
ithe number of real-valued featares), 7 ithe number of ineger-
vitlued reatures). and €“{the number of outcomes)

TABLEA
THE PROTERTIES O TESTING DATASETS

Probleim Elisl #Fs =R &) =C
Breasta G Bl [ 4 2
625 4 + o ]
Diabzies 708 & 8 i} 4
Gilass 24 4 0o (1] i
Ins 13 4 4 (3] 3
Szament e [+] 19 19 0 7
Tao 1268 2 2 0 ¥
Vehicle 9o 17 17 0 +

Wa use a pepulation size of S400 for the single UCS, 3200
for ench UCS 10 GUICS-2, and 1600 for each UCS in GUCS-
4. Tuble (101 shows the accuracy rate of single UCS and the
GUCS enviponment. We can seecthat GUICS-2 is significantly
betiey on 1 problem. equivalent.on 6 problems and perform
worse.in 1 problem. GUCS-4 was significantly better on 2
out of 8 problems. comparable results wera achieved on 5
problenss and perfonm worse in 1 problem. However in kerms
of computational time complexity, it is obvious that GUCS
onvironments is much faster since an instance that get passed
from the GNG 1o ongof ULS would need 1o scan equivalent
of 05 and 0,25~ for GUCS-2 and GUCS-4 pspectively - of
the population size of the single UCS. This 5 a significant
reduction in time complexity.



TABLE I
THE MEAN AND DEVIATION OF THE ACCURACY OF UCS AND GUCS 0y
UCT DATASETS.

UCS GUCSH

Breasl-w [ T

Bakwce-soule 00515400027

Diahztes .3 n0k0050

Tilass 0. 70420655

Inis 0367 E00] 2 (1053 %0, Ol l) DLG5320.000
Segment 0935001 3200000 055140020
Tao OR80ENDI2 UHOELO2] e O550E00I6e
Yiehicle 071540031 n70] 40025 NEHS L0000

dly significant at a significance level of 05
cironment is belier, and by o if the GUCS
3200 for cach LICS in

DiNewnces that wre stali
are denoted by a e il the GUCS ¢
envimnment is worse, M=Ad00 for the single UCS, V=
GUCE-2, &= 1600 for cach UCS in GUCSS

TABLE IV
THE MEAN AND DEVIATION OF THE ACCURACY oF LICS aNp GUCS 058
U] DATASETS
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Fig. 6. The pop. size of UCS, GUCS-2 and GLICS-4 on the disketes and
glass problem, respectively s,

V. CONCLUSION AND FUTURE W ORK
In this paper, we introduced a new adaptive rule-induction
system. The system uses a growing neural zas and an evelu-
tionary leaming classifier system known as UCS, The advan-
tages of the combine architecture are shown in terms of time
complexity and accuracy. The new architectnz, called GUCS,

was tested onesynthetic, real-world datasets and iart,‘. problem

TCst GliCs2F 547
Segpment 0.5650.00
“iehicle 071 k0020 DEHTEOOY

EODTT draset, It is shown:that the

performance is equivalence or

w

“The statistical Jifferenge beiweon GUCS and UCS ix denoted Ta a if the
other svsem are better, and by % if the other system arssworss, The siatisrica)
difference hepwoen the ceher config and UCS* is-denvicd by @ if the other
sysem are beier and by o if the othar swstem are warse.

GUCS-4 perform beteer in balance-scale and o’ problem
because GNG helps system divide problems into several easier
sub-prablems which ¢an ‘be use the number of mles lass
than psing single UGS, Howevern (i segnent and vehicle
problem both have many numbers of elass and features, GUCS
environment perform worse than single UCS, A frer nse GNG
divide problem cach sub-prablems might be- still larse We
hypothesize that because of the population size of cach UCS
in GUCS envinonments is too small,

Therefore we undertook extm experiment whers we in-
creased the ‘populition size in each UCS w A = 6400 in
GUCS-2. called GUCS-2Yand N = 32000 GUOS-4, GUCS-
4+ We also compared this against-a populaden size of N =
12800 for the ‘single UCS, called WICST, Table "IV shows
the result of this experinent. In‘the segment preblem, both
GUCS-2Y and GUCSAY achieve better neeuracy than UCS
and comparable pecuriey with UCSH, In the vehicle problem,
GUCS-2Y and GUCSHY are abletmachieve similae accuracy
as both UCS and UCST,

Next. we overlook atthe number of macro classifiers wwhich
holds a distinct ruk within the population. Figure 6 shows
the number of macro classifiers of glass and diabetes problem,
respectively. The number of macro classifier of both GUCS
environments less than single UCS, Then both GUCS environ-
ments use less searching time because of GUCS environments
akways have search space less than single UCS.

bretterin terms of accuracy and always improved in terms of
spaed. Insomecase. after we divide problem into smaller
subproblems, cach subproblems might be still lurge or has the
same complexity asthe original problemy Therefore. we must
cargfully select the population size of euch UCS. For future
worke we-will lock into) the issve of adaptive population of

2ach UCS in GUCS that makes.the interaction between the

pre-gate and the postsgate in disuibuted environment.

REFERENCES

11] HeA, Abbass,  Piarctor neuraensembles. In T, Gedeon and 1. Fung,
editors. Advancer in Artificial Irieligence. pages 554566, Springer
Berlin 7 Heidzelberz, 2003,

121 A Adbert Ormiols-Puig and B Bernadd-Mansillie Adunber loek a1 UCS
classificr system. In an‘gminga of rie Utk Intorntionsd Warkshop on
dgeening CRassifier Syscms WWLCY 00), 2000,

(3] A Asuncion and 1. Newman. UCT machin: learning repository, 2007

141 E. Bernadd-Mansilla and 1. M. Gamell-Guin. Accuracy-has=d leaming
classifier systemsi nadds, analysis and applications (o ¢lassificarion
Lasks. Evelaferary Comparation. 1 130200-238, 2003,

5] l Bull .md"l‘ Kovacs, Foundations of 1carning ehssitizr systems: An
A 1n Foundd. of Eewrtting Chizgtiies Systems, volume

183, papes 1-17. Sprinpsr-verlaz, June 2005,

M. Butz. Rwl'e-Based Evolutionary Online Learning Sydemy A Frinci-

plod Approach 10 LGS Analysis and Destgn, volum: 191 of Stisfies in

Fuggivess and Soit Compiting. Sprinper-Yerlg, 2

171 K. H Dam. P. Rejanavasu, Ho A, Abbass. and €
lzaming clossifier systems. In E B, Loy Bull and J. Holmes, editers,
Learming Claesifior Syptems e Data Minieg,

5] M. Bitenbach. 1. Merkl und A. Raubers The growing hic rurchical sz1f-
organizing mop. In Proceedings of the Dnrervanonad Jomt Conference
on Neurc! Nenworks 2000 {ITCNN2000), Coma, Taky, 2000,

19] PN, Dixon, B Come. and M. ) Oates. A preliminary investigation
of wwdifizd XCS as b pencric data mining 100l In ILCS S pages
133~150. Springer-Verlag Berlin Heiklberg, 2001,

PO X Liorh. Geretics-based machme learain g iging fine-guined paralieum
Sor dava mdping. PhIxthesis, Enginyerin i Arguitcciura La Salk. Ramon
Llull University, Barcelona, Catalonia; Furopzun Union,

[11) 2 Maimon and L. Rokach, Dﬂ:mpo.mi.wr Methodsd,
Divoyerysind Diata Mining: Theory and Appl:
Publishing, 2005,

[12] 8. W. Wilson. Classificr fitness based on accurucy.
Compuiration. M2 14%- 175, 1995,

[

e

v for I\rs'hmfa;«
World Scientitic

Evolutionary

L]



115

wa Y A
sz Inevey
o a A v oa = aw a =1 a
ANYIUWIINA Tﬁ’l]u’.iqu NANDIUN 19 WHAIN1WU 2521 NIINIATTIVLYS mﬂiﬂ
v o A o w @ o o o -2 n’: =
Vl'lllﬂﬁ']ﬂﬁ’)uﬂ1"lﬂﬂﬂ’]lﬂﬂlﬂ’|$ﬂ1 i]\iﬂ')ﬂﬁﬂj']\i ﬁ'lﬁi]ﬂ'ﬁﬁﬂ‘lel'}‘]fu'f]lg‘]J'lﬁllﬁﬁ;"lJ‘igﬂiJﬁﬂH"I

@ W 3

=l @ = < s o - 3 @ ] 9

vinlseGousadusydinhalutlnmsane 2533 duSamsAnEIFUIoNANEINBUALIIN
- s o W W a = T - = Ay A

Tsasouyynmamerasisniadithaludlmsanw 2536 Tusgnnernuisuisoufneila

= gy [ 3 9 s a = 3 'Y =) a =
5 L TsaGeuyyamianndoin lddus smsAnuidusisouinyineularwnngudnisane
wonTsaoudamindnaluilnmsaawr 2538 wionmudruigsuminedsluilifoniu

At o o ar a = a P= a = o,
wnsznsdusimsanu lusedinlSyanidans sumansiama - (3rInTsuneuiInes)

=y @ A 1 = o = = ar =
vinunanodewy sl lutlmsne 2542 tagdusvlsaninimnssseaasunniuga
P a o @ =t gy g e =
(AFINTTHABUNUADT) nIngoima Ty Tagwszadunaiiaunismansziia luil
MIANYT 2547

= =~ @ o 3 o @ ar a a

0 s 2542-2544 ) dlugninadhn stanivilsernisddeianin iz Ieans su

a 's = r'd - 'Y 1
ADUTNADST AMSIAINT TURIANT JW1INYIaoE 1wl
o @ a o o 1 do o 8 w a
T war 2sarlagii . ailuminsuam Insdediiise s sanadninimn

4 P ~ = ' = a
ma luTadmsmilneniasnisaoms | 41913380 TTUADNNIRES — WHIINIAIUITAIT

WeLe (http:/www.ict.pyomnu.ac.th/pornthep)





