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Abstract

In recent years, learning with imbalanced data sets receives more and more attentions. Almost
learning systems perform poor when tackle with this problem. In this paper, we study the effect of class
imbalance problem in XCS which is one of the most powerful learning classifier systems and proposed a
method to improve the performance. The proposed method uses adaptive perception rate for each rule to
provide balance learning between majority and minority class. The experiments indicate that the propose
method can classify 10 levels of imbalance classes on the well-know 11-bits Boolean logic benchmark task -

multiplexer problem - generated from both on-the-fly-and 10-fold cross validation.
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n.1 9an035u (Algorithm) Y99 XCS

¥y
s o

¥ []
T Main Loop wealisunsy Jduasumsiauamdiduaine 11l duspuusnsuan

¥
o

oA Y ¥ > o Yy a ’q Vo = o
msguidendoyanindeyaimua smualdidhuduyannmes uszuy duasuiasaiins
3 ' § @ o 3 i
a¥19 match set (M) 910 classifier Hoglugmdoyadaonndesiusunanmnes Tunounam
o 3 ] J . 3o o o .
#ual PA FeeztisuenialeniAvesns action szgnifonlidmiunszsin uazadra action set
o . P . =} v . P 2 o o 1 o
(A) IﬂﬂuT‘@ﬂ classifier N1l action [AYINUN action NYNIADNDIN match set mﬂum”lﬁswmxm
1 T R a' 1 . J . d' o as c;d
115 update 17 parameter f113¢) ”luv;n classifier vmgﬂu action set 1A reward Tlvlﬂi‘lj‘l’i’ﬁﬁnﬂﬂll
T ¥
MINILIIAM action Taon uaz luTIsoVYD4 time-step ©109TNTZVIUMT GA FuludInvos

action set 11511971 4 main loop TIUTDUNTLNIIUDA termination criterion

RUN EXPERIMENT ():
1 | dof
2 - x<-env: rahdomize input data
3 [M] <- GENERATE MATCH SET out of [P] using x
|4 | PA<-GENERATE PREDICTION ARRAY out of M
5 | ° act<-SELECT ACTION according to P4
6 | [4] <- GENERATE ACTION SET out of M according to act
7 env: execute action act
8 P <- get reward
9 UPDATE SET [4] using P
10 RUN GA in [M]
11 | }while (termination criteria are not met)

Formation of the Match Set

GENERATE MATCH SET procedure §a18unalsznauaiudunanmass nazgmdoyn
5] [P} ‘luﬂsw‘mumsmam%mmsma%ﬁ@u classifier ‘Vlf)Uzl'Ll [P] Llﬂﬂwﬁﬁﬂ'lﬁﬂﬂﬂﬁﬂﬂﬂﬂ
auwm’aﬂmas ﬂ‘mms add classifier 11873 match  set wmmnuumms covering 11 sub-
procedures GENERATE COVERING CLASSIFIER 8111 match set nJu empty set A classifier 'ﬂ‘lﬂ
9INNIIN covering ﬂzﬁﬂdgﬂ add 11/ 137w ‘match set (1O replace Lmuﬁ classifier 1 [P] (11013

DELETE FROM POPULATION [P] uazaudae add 1/ 1314 [P)
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GENERATE MATCH SET ([P], x):

1 | Initialize empty set [M]

2 | For each classifier ¢/ in [P]

3 | If(DOES MATCH classifier c/ in situation x)
4 add classifier ¢l to set [M]

5 | if([M] is empty)

6 clc <- GENERATE COVERING CLASSIFIER considering x
7 add classier cl to set [M]

8 DELETE FROM POPULATION [P]

9 | add classier cl to set [P]

10 { return [M]

DOES MATCH procedure 9¢WIN15ATOVUANE attributes  1UAIU condition ¥DI
a v s ° a g [y [ L] 3 s
classifier L“?]U‘]Jﬂmmﬁz attributes YDIDUNALIAUNDT amsmuw?a‘lw (°1umu‘um condition # UNHU
b4 ¥
@ o ' A e« v a =] 3
8% 0 wag 1) Sms afumuALAA I classifier THADARADINUBUNALIAIADS NI return true LA

[X~4
vlﬁJﬂi]z return false

DOES MATCH ( cl,x ):

i for each attribute x in ¢l.C

2 if (x # #and x # the corresponding attribute in condition)
3 return false

4 | return true

=} Y o

o g1 A . ' i ' )
Covering operator 9£N32¥1NABIID 8191UU action  #139) oy u [M] Tias N action

<

3 ¥ & g v o o 3 v [ t A o a
Tavaziiinsade classifier Yuanlviniisds dmualddauee condition iWuaAuAeITUBUYA
o ' 1 o o . < o '
nanes luudas attributes 919924 # A2emunnnitziiiu P# §m3 action Nhmsduionaiy

1 . a [F=] b1 q’; o 1 VoA 9/ Yo Q’II
11 action *n"lmflu {M] wsaumm‘nuﬂmmumtsnﬂuiwﬂu parameter INHUA

GENERATE COVERING CLASSIFIER (x):
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1 | initialize classifier ¢/
2 | initialize condition ¢l.C with the length of condition

3 | for each attribute x in ¢/.C

4 if (RandomNumber[0,1) < P#)

5 x<-#

6 else

7 x <- the corresponding attribute in x

8 | cl.A4 <- random action not present in [M]

9 | clp<-pl;cle<-el, cl.F <~ FI ; cl.exp <- 0; cl.ts <- actual time #; clLas <- 1; cl.n <- 1

10 | return ¢/

The Prediction Array
sTUVAEAIINAIRIUIL payoff Nz 1dTUIINNIsRTTRIMMUADS action  loliBUNA
8 < T o ) : . I ¥ A ° r o '
ANDS 1YY 1ABZINUAIIILIONARY action 131U Prediction Array P4 1A892 A HAINAIMIUIELA
. T £ ] :I LY d' 9 U d' 1 o . d'
a2 action 1INAY fitness AMIAILANIIMINN IAvINAIRRYVDIMTIUIBYDINNT classifiers Tu [M] #

$1 action 1ABINU A1 GENERATE PREDICTION ARRAY procedure

GENERATE PREDICTION ARRAY ( [M] ):

1 | initialize prediction array P4 to all null
2 | initialize fitness sum array F.S4 to all 0.0

3 | for each classifier ¢/ in [M]

4 if (PA[cl.A] =null)

5 PAlclAl<-cl p*cl F

6 else

7 PAlclA] <- PA[cl A} + clp * cLF
8 FSA[cl A] <- FSA[cl. Al + clL.F

9 | for each possible action act
10 if (FSA[act] is not zero)
11 | PAlact] <- PAlact] / FSAlact]

12 | return P4
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Choosing an Action
¥ 4
Xcs 13831800 acion  mawgtuuy Wsznnil933 egreedy  Tavdmualiing
. . . o ' o n,: [ EY o’; o .
exploration 1182 exploitation udadmiude 0.5 Wunfelulieniuseziinisien action
Voo Aoy A q ¥ ko ° A i ) q ¥ a
vnAmieiangalu Pa wieluthsusiezinisifien action A28m319mAila roulette wheel

BonAudadIuRIIUIY payoff YBIUARE action 910 PA AT SELECT ACTION procedure A4H

SELECT ACTION ( PA ):

1 | if (RandomNumber[0,1) < 0.5

2 //Do pure exploration here

3 return a randomly chosen action from those not null in P4
4 | else

5 //Do pure exploitation here

6|  return the best action in PA

Formation of the Action Set
NS99nRsT [M] aziimsifon action Ngnsziuda uaauwos GENERATE
ACTION SET procedure 92W1M3a314 action set [A] Tagn1371 classifier AN action A5a7LH

$2VUIADNTIN match set

GENERATE ACTION SET ( [M], act ):

1 | initialize empty set [4]
2 | for each classifier ¢/ in [M]
3 if (cl.4=act)

4 add classifier ¢/ to set [4]

Updating Classifier Parameters
1) time-step $11 classifier ussiazﬁaﬁagnu action set azdestinsysum parameter: exp,
p, €. as. Wag F ludauv93 UPDATE SET procedure G prediction payoff MMsUsuammm
A AN Yo (4 P o . E 24 k4 U s ' . .
payoff 11 185UNE30INANTEI action NszvuidienlUuda druveansdiua1ves prediction error
¥
ﬁuaxﬂ%’umum error 910N prediction payoff Amsum prediction action set size f1NN13 update

TaguuIavo9 match set agiiu
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UPDATE SET ( [4], P, [P] ):

1 | for each classifier ¢l in [4]

2 cl.exp++

3 /lupdate prediction cl.p

4 If (clexp < 1/8)

5 clp<-clp+(P—clp)/clexp

6 else '

7 clp<-clp + &*(P -clp)

8 //updafe prediction .error cl.e

9 If (cl.exp < 1/8)

10 Ccl.g<~cl. e+ (P—clp|-cl.g/clexp
| 11 else

12 cle<-cl.egtg*(|P-clp|- c‘l.a‘).
13 /{/update action set size estimate cl.as

14 if(c].ex_p < 1/g)

15 cl.ac <- clac + (||M]} - clac) ! clexp
16 | = else

17 cl.ac <- cl.ac+ £* (||M|| - cLac)

18 | UPDATE FITNESS in set [4]

FmSumsifua E Sanusudoundi isi3aueniilu UPDATE FITNESS procedure 133
¥
.o 1 0 s . o v & e o J
21INNIS BIUINAIAIN accuracy K 91NA1 error  YDIMARE classifier wawNUUAMMIUSUA F
21091 normalized accuracy

UPDATE FITNESS ( [4] ):

1 | accuracySum=10
2 | initialize accuracy vector K

3 | for each classifier ¢/ in [4]

4 if(cl.e< &)
5 Kl <-1
6 else




q
a —_—
9 K(ch) < &

10 accuracySum <- aécuracySum + K(c) * cl.n

111 for each classifier cf in [4]

cl.F<-clF+ g* (K(cl) * cl.n/accuracySum — cl.F

The Genetic Algorithm in XCS
3
sub-procedure qﬂﬁwﬂu main loop i RUN GA 1109590 UINnnodunIs luduney
3 N . .

) 1 ’ o ] o &1 v
U5 NIEMIMINT VI time-step 1§ 920M 3711 GA 135211 GA zRszRINABIUDA average
. 3 1. 3 dy " :; t . [ 0 ., 9 c’z'
time UN13911 GA fiounthiil ¥o9 classifier A0g 11 match set 1ANTIAN threshold ~ 4 Tuduneu
1 Y 0 = ; oA 0 . o . a L] o
a0 1UH11N15nTEH GA 1NATU NABNIIY selection A classifier mgﬁlu match set VI1TBIAT
o v g w o g o " ) ' g
svualiiilu parents nEe9IMTUANIUVIIUNIS crossover 1AL mutation 92 14 classifier TraiiEu
offspring a1 offspring AIUNI5A crossover U1 A parameter fﬂ:’,g_ﬂﬁ’muﬂi}’lﬂﬁ1 average parameter
271 parents Lwiis‘ll’l offspring TiwunIs K crossover a1 parameter i]&’gﬂﬁWi‘LlﬂGﬂiJﬂH parameter

¥ H

initial qﬂv’ha §17 offspring Nagreaazdoaitly replace WU classifier 14 [P (¥nM3 DELETE

FROM POPULATION [P] 2 #2 1azauda add offspring Tieaaaaa 1187y [P])

RUN GA (4L x):

! If (actual time 7 - Z"’EW]CUS/ 1] > 0‘”)

2 for each classifier ¢l in [4]

3 cl.ts <- actual time

4 parent] <- SELECT OFFSPRING in [4]

3 parent2 <- SELECT OFFSPRING in [4]

6 childl <- copy classifier parentl

7 child2 <-copy classifier parent2

8 ) if (RandomNumber{0,1) < z)

? APPLY CROSSOVER on child! and child2

10 childl.e = child2 <- ( parentl.e + parent2.e )/ 2
1 childl.ms = child2 <- ( parentl.ms + parent2.ms ) /2
12 for both chidren child ‘
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13 APPLY MUTATION on child with
14 addchildin[P]
15 DELETE FROM POPULATION [P]

11T selection classifier H9g1 action set 9z 141mAtin roulette wheel 1aBNMUTAT Y
1 ° K] :: I . "3 o
¥A1 fitness 1AUABUUINILIINTNIHATINAN fitness TTavuaTiogly action set 1AINMINTNIYY

o y dyy . i a v oAy Y
N qw‘/ﬂﬂﬂ‘lﬂ classifier ﬂgﬂmoﬂmnwaaww‘lﬂmn roulette-wheel

SELECT OFFSPRING ( [M] ):

1 | fitnessSum <- 0

2 | for each classifier cl in [4]

3 F<-1/(clev+1)

4 fitnessSum <- fitnessSum + F

5 | choicePoint <- RandomNumber[0,1) * fimessSum
6 | fitnessSum<-0

7 | for each classifier ¢l in [M]

8 F<-1/(clev+1)

9 fitnessSum <- fitnessSum + F
10 if ( fitnessSum > choicePoint )
11 return ¢l

p .
Crossover A" procedure HANAAM IR ToUNDIUNIST crossover AWATLUIUNT

@ 3 . ° 1 Y o w 1 ° VoA
999 GA 719 1) a9z 14 two point AN cross nAIRIMs BFAUA WS TN TIA WM SITIY

99 cross 115N IUDIYA cross NABA

APPLY CROSSOVER (cll, cl2):

1 | x<- RandomNumber[0,1) * (length of c/I.C + 1)
2 | y <- RandomNumber[0,1) * (length of c/I.C + 1)

3 lifx>y)

4 switchx and y
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5 1i<-0

6 | dof

7 if(x<=iandi<y)

8 switch ¢/1.C[i] and cl2.C[i]
9 i++

10 | }while (i<y)

< o o @ q .
Mutation ﬂfﬁ’iﬁﬂﬂ’]ﬁ'V]'N']u!'ﬂﬁ@uﬂulluﬂsxﬁquﬂ'ﬁ mutation MIVNTEUIUNITYDI GA

o a Y P 1o v 9/ A 1 o 1A a
129 1 azshmsdsudfouantiunias 9 nioa) # IRWITAUWNUIAINA mutate

APPLY MUTATION( ¢! ):

1 i<-0

2 | dof

3 if (RandomNumber[0,1) < ¥)
4 if (cLCli) = #)

5 cLCli) < xii]

6 else

7 C el Cli] <-#

8 i++

9 | }while (i<length of ¢L.C)

10 | if ( RandomNumber[0,1) < )

11 | ¢l.A <- arandomly chosen otﬁer possible action

M51A0N classifier H9£RIN3 delete 999 [P] 19MANNTT balance 913U classifier N1DY
T match set Jvuamiie iy Taeldimadin roulette wheel IHDNATATIUYDIA prediction match

set size

DELETE FROM POPULATION ([P]):

1 voteSum <- 0

2 | for each classifier ¢/ in [4]
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10

voieSum <- voieSum + cl.ms
choicePoint <- RandomNumber[0,1) * voieSum
voieSum <- Q
for each classifier ¢l in [M]
voieSum <- voieSum + cl.ms
iflvoieSum > choicePoint)
remove classifier ¢ from set P]

return

.2 Class Diagram 483 XCS

3
w =

Qs aL g Y . o . @ ar £
INDANDINUVNAUFIWITDIDNLUUY class diagram ’cT']ﬂ'i‘]JW%lU'lI‘}J‘il!ﬂillblﬂﬂ\‘lu

a 4 o
pumosianan
[~ - - » o S 3
— Environment 1)1 interface Y9IAA1e DataFromFile ‘lﬂsf’ﬁ"l‘ﬁiU’O'lu‘{l}'t)il”ﬁﬁ]'lﬂ‘lﬂﬁlﬁi)nl%
fo o Y g
lumsi3oud iagana DataFromFly Maddeyavnflenduiismuaioldluns
=] LY N
58u3

. 3 & o &
—  LCS 1114 interface U09nad XCS G911y LCS Yszinnniiis

AAEHAN
N I o w g 9 a1 S A ) l S o
~ aad input_t Wusaadmsuiudeyaiemunvin g nie aieanilndu
I~ o o S 9 = =) Y
—  aad XCS HUAMENaNI0IsSULMININARIVANMSISoU]
R o a9 9 o oy & &
~  @a1d XCSLeamning Wunanafi 1 lun1siSvuives xcs Fulludmlsenouvesnard
= =] lﬁ!
XCS pnnnila
.2 lqwa o
~  @a1d Population Junanaflmnungnsnualuseuy Xcs
. I ag 1 a '4 ° ]
—  ama XCSClassifier Wuamaiinunguazamslimesdssimnazng
o Se A '
— aand HybRep Wuamafinudaiutou lvvoang
I ig o
— aad Action_t iusardnuaUeAFUYRING

o ~ XY
- ame Ga Wuaman 19 lunszuoumsITamsveeng
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~ e Crossover iiuaatafild lunszuiumsuannlaoulns TulsuvesnggniSsuls
Tuama GA Bnfinile

d ad a0
— A7 param Lﬂuﬂﬁ']ﬁmﬂﬂﬂTﬂﬂ‘ﬂﬂN‘] UDIISUY
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.1 msnoalnaldsunsu

Tum3M3 compile VuszUVUFIAMS Unix ez 1dirdaaail

: s
icc —0 <%”Maw?fmmﬂ% run> *.cpp

31/9 2.1 715 compile 151033 XCS

9.2 MFalumslyam

¥
Tuns 1991 151N 5 1015 8nHAY command 1AgINTIINIADS A1) ATl

1.

319 ng) 1y Population

Crossover rate

Mutation rate
5 o o a d

Covering spread (679U parameter M real value)
. ° o a d

mutation spread (91131 parameter 7133 real value)

- 2

representation type 2 1w hyper re

condition noise rate

ation noise rate

1 noise ﬁ%’a"],u' (0 1313 noise uag 1 1 noise)

= Y o = b . = .
- gUuppveInsioug 1WuNsEuuguUY online H3© off-line

= o S ' g
- gYunuveeilyn (onfly 1Jums generate Pymmnilandu. files iumsemdoyannludn

UagLad)
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12, $IUIUSPUMIB U3

a d’;;d
13. ¥iiavesilyniluniine Multiplexer
& & g . ™
14. anyazv iy 11 binary 130 real
15. 91UIU address bit Y99 Multiplexer

v /o a T
16. TR IMUANITIWNDIAN

51 v.2 mslFamlysunsu XCs

v.3 nadin g nnTdsunsy
9INAIDHI ILUAAI
§1AuvInEiEou <Rd: >, MAMWYNABIIAYS WUDITLVY <Sum: >,
a‘imaummﬂgﬁﬁiﬂu"lﬁcf;l §IuveIngiieyesa,

! Y a - e TR v o =2 o w '
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_ instead of the sctual predictivg facl 2+ i paditondd LOE ohich
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fatascis. Stausteal tests of signifi shoswed that XS oupsrfonns

ather sigaciihins in some datasets,

ol Tacized

Awsong thess, wining § <data has been eny

CLED and wtion 4 €

predicusa parameler, In vondstion past £ €
(b 2 o, b specilies the wtion prpeses. fo pradiction parameters

Wigre are three prinvipal porsmviers: prodiciion payeft Ipd which

hor is sedevtod W aetion,

a5 one of rmost iatereaad tupic i XCS, A class babat problem is
the datasets that contain one of e elssses iS represented by a very
sl sumber of examples compared o the other classes. This vase
povas by several domains such ax fraud detoction. off spills in saiellor

imges, failures dn manafacwriog process, ¢1¢. Many machine leamess

assumne @ uniform distribution of classes. vo that they may suffer from
biases roward the iajority class when thy ure exposed 1o high levels of

class imbalance, Rewarches in the field of NCS have few studies

snce of iphatance. Qrriols md B;ﬁmﬂé anglyzed bettavine o XUS

with imbalasce damsc‘:s.;sl They showed XS with sundard setting

paszmeres, it implomented as desaibad in (6], cannot learn wnd classify

tigh imbalance datasets and  presented guid&ines w wt XCSs

oy baged vir mbal ra:;‘zml'_’
In this papet W peoposed = st io develop XC§ for
frhalance daases hased-on 2 guideline of Ortinds-and Bermadd. The

developed XS is able 1 classify 160%, a2 imbalance level from i = 1 w0

7o 3 of detasets, un;kr bounding kot Orrials and Buemado had
propissed.

The rest of this paper is organized as follow, Section 2
provide. inreduction of XCS for dwa mining. Section 3 describes the

well-knzne Roolean logie beathmusrk task < ymuldplexer problens,

Sectian 4 ilhst how fo improve XCS for imbat probl

Secton § shows tho expen t resalt. Coudlusions are drawn and

foture wind is discugsed in Suction 6,
2. Deseription of Acenraey-based Leu'rx'ling- Classifier
Systene: XCS
An Accuracy-hased Leaming élassiﬁc System (XCS) was
nroduced by Wikea{T) K was r-!cvcloped o the Holland's
wndifional systorre Morcover, oday i has boen recopnized as the best
#nd ot popular LCS. The most imponianes components of XUS are
kapwledge rppresentation, paramater wpudates and discavery compponent.
KOS reprosents the agem kaowladge as a popatation st [P

ul sale o chasifier. Bach rele vomsists ol cunditien, acium and

the pavefl for that classifier i class
prediction cror (&) which otimates the average e made n ai;c
oo predictions, fitmess (3 which can caleslate tased o8 anor

The XCS work as the felfaw: Pint, KOS finds o maich s

shase condisn nwalches

1857 with all classifiers i the popwlancy

the incoming instanee, 1§ tie mach st [A7 15 empy then the eoverning

operatr s used to gonerale tie chmsfics Dt match current fapl.

o the mutch ses [Af

After that, the eystom generate prediones

by averaging of prediction far avery passibile sction using e following
¥ # i 2 14

egaation:

poEpe PR pa (b

5 oaenon selection, XOR sciects neiion by using rouleite
wheet of wverage the prodicuon ;u,%»orr i explomation phase and seleots
ki prediction payoll for exploiation phave. Afier et a0 seisn
st 41 is generaed from classifier in pxaeh st DM that have e sinio
action a3 the chasen aclion,

Afler received rowasd (Y fore e epviromment, all
pasanciers of classifiens io ¥ae sction st 147 wre updaed wsing Q-

tearning techmique of reinforcement Joaming The updated o aon 1S

computed 480

pi=p, R % i+
N
as, =as, + Al -as ) @)

where [Fis o beaming rate, § & 16, 13, Fitaess updating 1% besed op

aceuracy thar we can cafeulite fs e (ollewing equation:
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where paramcter £, {6, > 01 is 2 irestiold for sccepied error., If some
classifiers fave £ less than < tien this classifier predivts true and set
equad L For a (e & (0, 1) and v (¢ > 11 is comstant for calcalste
secomey. ABRT that we em caloulae fwess osiop the following

equation:
Fy = Fy+ s, = F,)

Digcovesy compunent in NCS has 1wy parts. First envering
operator, when mateh set [M) is empiy it will genezate new classifier for
cureent message input. Every coadition bitin rule wall randondy select
herwesn cutrent inpat B¢ and # and madon: ane of possible action.
Then the systes inftials prediction panemees’s values by defuds vale,
Sccond, €4 is invoke when dime stamp {8 mare Wan threshold (6,,).
GA i :nl“dvmod. XOS will sclect two classifiers from action set {41 by

usiog oulette whedl on their fitness, I the pamedation stve sesches 2

predefined lmit, sazwe ehussiiiers are 4 by voling within s

pupu}ali;m.
3. Multiplexer Prablem

The multiplexer probfers is waditionally stadied in die LES
Hierature due 1 #s i:x:«cxﬁ:‘xg fimetion properues by Wilson fn 1983
171 Mutuplexer dats are defined 35 bbury srings of fengh ! -k - 7
i consistof 2 part: the first & bits as an addess and Last 2" hits as data.
‘The class vatoe i« dewemmined by the value of data that reler by address.
For example, in the 6-muluplexer (7 + 242 . 6). the class vatue for the

inpan sering [O0610 is §, becavse the “sddress™. 10 indexes bit 2 of tne

remzining four bits. Vi-multipl and 28-rautopl, are the nest
more cemplicated multiplexers. The ponding exp for 14~

multiplensr fas ecight terms cach itm.\issing of four factorss {or 20~
mulpiexer there are 16 serms of five factors cach.

We used 1 1-multiplexer in et experhmen, We divided our
espetiment into iwo pags. Firsily, on-tie-fly cxpesinmient, the tiain and

test data is directly g

tod by ion. The inthat Itind

6] pasmits 1o conrol the imbalk cosaplonisy of the

Miplexer by

undersampling the closs Iabeled as 17, Sovoadly, validution experinuent,

we create offlize 1]-multiplexer by penerate all ol possible value and

Bhe pabalance complensy is comttoiled by eversampling e class
Tobeled as @ coumtain the propomion of imbalasce ratio which is a matie

between muvher of insianes from wajor class aad numher of

fostanve From sinor class ¥, Then training aet i divided into 10
subets in 2 smuiﬁu;x samplz, A H-fold cross validation §s used with a
91 trinsvalidaton proportion. The systemn ¥s vained on cach trining
set i hateh mode and then soted va validation sat Each rxpcrhm.a:
swas g 0 fmes with diftesen candom seads.
4. XC$ for tmbalance Datasets

Orivls and Bermadd propossd shat there are some

parataeters thiat have an effect with XCS's leaning, They soclyzed thnt i

we tum XCS with parameter £70 and suximam reward £, v K

then it should cassafy minority class evetly whan § < Ay < 199K

Whent ey 1ested com § XCS on inbalasce datesets dhat crgated

frons muliplexes problem at level i+t o9, They can classify minarity

chitss ot level § - Ut i = 4 resalt Sow as figure b S it usdess & nnd

B tere are sorne problents to have effect with XC¥'s leamiog.

Sreshod

We By XCS for tmbalancr dutasety bamed on

assumption Cié tie imbalancc retiv in cach elassifier is not eyual. Porm
the asannption, we propose 2 parmeter to expect an Smbhalance matio

that classifier cover to update equation Tor p xd &, a5 ftlowing:

B=p, +y-fiR-p} (%

£, +y-BER-p, 1=t} @

i

swhere g2 1% a1 ter for batance tatio, 1t catled adapive

perception rate. To estmaie an fmbalanee ralio jn roch classifier. we
calvulate by ratio hetween aumber of comoct classify and sumber of

invorrert classity ax follow equation:

J’l i e=0,c=0
%. ife>d

.
I N
14 ffese

il

where 16 numbes of correct chassify and ¢ is aumber of incornos

classity.

42

- NCSEC
27+ : 2008



The 12 Nutional Computer Science wnd Enginecring Conference {NCSEC 2008}

Figore 2 shows Qe wue negative oe and the wrwe positive 5.2 Experiment on  10-fold cross validation 11-bit

rate, Grriols and Beraadi’s XUS. We cay see Ut they can anprove TP
multiplexer
rate Yor Tovel 7+ §, However, the TP sate al £ - 2 sill perfonn poor.

0 this section. we compare the three versions of XCSs on

(a) TN rate offline 11-nutiplexes. Dl s that are stabsticatly sipnificant ®t a
Frees st st eesd smiticance lovel ar 08 are denotedl by o T i wiser prapise s betier
04 \
PV han conventional XCS and by a v if other propose is svarse thon
28 et e 1
EX o conveptional XCS. A @ if othes propuse s hetter than Ohrials and
bl £
aty e 424 . . . ¥ i, ;
§ e B Bemnidd's and hy 2 & i other propose I worse timn Owiols and
; 43 v f=6
R o AR
04 e ; Bernada s XCS.
D G
23 : Aguig
i Table 1 Comparisos TP rate briween three XCSs on 1)-bis
o4
: ) maltiplexer dataset inv: imbalancr levels 6-10,
e IWLL0 2000 IHNED 4000 2L00HK
furRe / Method Lovel TP vate
) Thexte g Coaventiogal XCS i 6 20,00
2:2:2:9.5:8-5.9 8- :
i-7? find ekl
i 8 atoon
i#9 ko
(w10 odo0o
Orriots and Bernado's XTS i= 6 - !.{x)i().(!!? R
' i~ rotogol
~
iv asstozt
P9 asetons T
4 ) <moe'; SOUROS 400000 500000 i 6.0350.00
Fig. 3. 1N rateiad and TP rate (b) 01 XCS with propose sethod for XS with propase mrshud inb rootoooT
11-58 mafuplexe: problen: from imbalanoe fevels 1-10. N l'{x)i“'w?
A
it 1eoto00T ¢
: i*9 Lo ool @
Figure 3. XCS with adaplive. percepion rate. We ¢ag see ) 4 s
o N , -0 | owetoTe
trat perfams significandy batter than conventional XCS and Osviols and -

Brernadd's XUS hoth on bathalance levels 7 - 9and ¢ + H) : .
. Table 1 presents the mean and the éandard deviafion (ovey
¥a sems of leaming speed, if we focus on imbalance datasees : -
ns) of the prodictive accn in di stems an the oftline 11-
Joved § -5, The conventinasl XCS is shie to classify a posicive Togy 10 o) of the prodictive accarscy i difforent syteas on the oftlice
afier 30000 iterations bearing and Orriols and BemadO's XCS cas nwshiploxer dits seis with imhalonce dotaset from evel i ~ G tod < 10,
clessify i positive J00% afteg leam 240,000 Berations and hy XCS with The result shows that the sccoravy of Oritds aod Bernadd's XCN is
sidapiavs pescepsivn te can classify 2 posiive 100% after only 120000 gignificantly bener than canventional XCS f imbelanee bevet £+ 6 10

ezations, [} means that XCS with adaptive perception rate ¢an improve

1= 9. Yoweves, our prog NCS is significanly beter thas
Wwaning speed of XU, | ¥
SIRIE . conveptioanl XUS in unbaluie fewl 7 - & 1o 7 - (8 and also

©
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siguificanily beter than Ceriols and Bemadd’™s XCS by imbalance foved
i=fri- 0.
6. Conclusions

“Tais paper’ preposed an iny ;wv&l version of XCS. We used
adapdve perception sate for ba]sxz;ce leaning bevween major wad minoy
chisses

T proposed method, NUS with adapive perecpiion rate,

5, i,

soh Al sorbai
p s with o

WA sy o Jovels from

i~ V1w i 10 both i eathe-fly and 10old cross validotion. I is
shusn that the e pasifive rate (TP} of tae proposed saethod is hatey
than conventiooal XOS and Omiols ad Bemade’s XCS on wdted
imbatance levels of 11-bis mltiplexer problam, B tenm of leaming
Npreel we Gowed than our proposed metied can irmprove learning
wpecd of XCS, For funher reseanch. we would fike ;a andy effocts of
20ise 10 v sysem and also we woakd Bielo anatyse (:m other artificint

problems wnd raak-workd datsets.
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