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Recently ， the@research@on@Artifici8@   Intelligence@has@been@studied@in@various@fields@such@as 

the@autonomous@agent@control ， Job@Shop@Schedule ， data@mining ， forecasting@for@time@series ， 

and@so@ on ・ The@research@has@ been@focused@mainly@on@complex@prob Ⅰ   m@that@ could@not@ be 

simply@ solved@ by@ mathematical@ algorithms ， The@ common@ ob5   cti   e@ is@ to@ get@ an@ optimal 

solution@in@its@search@space ・ However ， in@an@enormous@search@space ， it@is@hard@to@get@a@global 

optimization,@or@to@get@an@optimization@quickly ， In@this@thesis,@we@focus@on@how@to@obta@@   an 

op 士 imal  solution  e 伍 cie 庶 ly  f6r  十 wo  di 什 ere 吋 c0mpleX  problems,  respectively,  れ nd  our  ef Ⅱ ort 

is@put@mainly@on@Classifier@System@(CS) ， The@solution@is@originated@from@Genetic@Algorithm 

(GA)@and@Reinforcement@Learning@(RL),@and@suitaUe@especially@for@complex@environment   

First ， wo‥iscuss》he‖utonomous‖gent…ontrol ・ We…onsider》he｜enchmark｝roblem｛f 

Grid-Maze@with@Non ・ Markov@property ， and@propose@an@adaptive@XCSM@system(AXCSM)@on 

it ， As@related@work,@XCS@ (eXtended@Classifier@System)@is@an@effective@approach@for@Markov 

environment ， but@not@for@Non ・ Markov@ones ， By@introducing@a@bit ， register@memory@to@XCS 

to@record@agent ， s@experience ， XCSM(@XCS@with@Memory@)@ has@been@verified@to@be@suitab Ⅰ   

for@Non-Markov@environment ， The@classifier@in@XCSM@is@expanded@with@constant@length@of 

memoTy  to  th は 0f  XCS.  Combining  the  curre 甜 percep 桶 on  w 比 h  比 s  p 捧 t  eXpehence,  the 

agent@can@get@optimal@action ・ However ， with@the@memory@becoming@longer ， the@search@space 

will@expand@rapidly ， and@the@performance@of@XCSM@decreases@quickly ， Therefore ， AXCSM@is 

proposed@by@involving@a@hierarchical@structure@to@adapt@to@the@variable@length@of@memory ・ In 

the@first@hierarchy ， we@learn@a@suitable@memory@length@for@a@given@perception@by@general@XCS   

The@optimal@action@is@then@achieved@in@the@second@hierarchy@by@XCSM ， The@experimental 

results@shoW@that@the@adaptive@XCSM@converges@the@same@to@optimal@policy@as@XCSM,@ but 

w 五 thi Ⅱ shortened  search  space   

Next ， we’ocus｛n‖nother…omplex｝roblem ， the《tock［arket’orecasting ・ While‖nalyzing 

a@real@stock@market,@we@concentrate@in@general@on@qualitative@changes@first,@and@then@on@tracing 
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the@ quantitative@ changes ・ Therefore,@ it@ @@   necessary@ to@ give@ an@i   dication@of@the@ changing 

direction ， upwards@or@downwards ， and@then@get@the@changed@value@as@precise@as@possib Ⅰ・ In 

order@to@forecast@the@real@stock@market ， we@propose@a@Hierarchical@XCS@(HXCS)@model ， which 

@@   composed@of@multiple@ Ⅰ   cal@modCs ， Each@local@model@represents@ an@individual@ agent ， In 

the@lower@levCs@of@the@hierarchy ， agents@are@trained@by@the@XCS@model@to@learn@and@forecast   

These@agents@are@only@appropriate@for@some@of@the@changing@patterns@in@the@time@series@data ， 

and@they@fail@to@describe@other@changing@patterns ・ For@the@upper@ Ⅰ   vCs@of@the@hierarchy ， RL 

is@used@to@determine@hoW@to@shift@among@those@loc8@   ㎝ Odos@for@a@changing@trend ・ With@the 

hierarchical@learning@structure,@ multiple@ agents@work@ alternatively@ and@the@limitation@ of@a 

single@agent@can@be@overcome ， To@evaluate@the@prediction@performance,@we@mainly@adopt@the 

prediction@accuracy@of@changing@tendency@of@the@next@time@(up@or@down),@which@is@measured@by 

changing@direction@hit ， rate ， Besi   es@the@tendency@predi   tion ， we@introduce@a@vari   b Ⅰ   reward 

strategy@on@different@prediction@accuracy ， to@provide@ a@value@prediction ， Experiments@have 

been@performed@ on@several@well ， known@ stock@indexes@ and@stock@markets ・ The@results@show 

that@our@proposal@can@ ， achieve@a@higher@performance@when@predicting@the@changing@trend@i   

the@next@day ， and@give@a@value@predication   

In…onclusion,》wo‖pproaches‖re｝resented（n》his》hesis ， Each｛f》hem…orresponds》o‖ 

different@kind@of@problems ， The@experiments@show@that@each@of@them@works@well@in@dealing 

with@the@corresponding@problems   
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1.1@ Background 

To@be@truly@helpful@to@humans ， robots@must@be@intelligent@and@able@to@function@autonomously ，   

To@be@considered@intelligent,@a@robot@should@control@in@a@complex@and@noisy@environment@with- 

out@human@aid ， However ， most@of@the@robots@lack@both@autonomy@and@intelligence ， and@they 

are@ either@ directly@ controlled@ by@ humans@ or@preprogrammed ， Therefore ， the@ autonomous 

agent@control@has@become@an@active@area@of@research ・ Based@on@Genetic@Programming@(GP), 

the@research@on@game@playing@[I];@object@movement@[2] ， and@obstacle@avoidance@navigation@[3] 

has@ been@ pursued@ on@ Khepera ， a@mobile@ robot ・ For@a@simulation@ environment,@ L   ,@ 5.@ 6   

has@been@proposed@based@on@Neural@Network,@ GP@and@Reinforcement@Learning@respectively ， 

The@learning@is@pursued@online@by@recognizing@the@environment@dynamically,@ and@acquiring 

the@latest@environment@information ・ Then@the@objective@centers@on@recognizing@environment 

with@dynamic@mothod ， and@the@bottle ， neck@lies@on@hoW@to@describe@the@environment@with@a 

knowledge ， base@as@compacted@as@possible ・ For@a@simple@problem ， it@is@easy@to@realizo@     however ， 

with@the@problo Ⅲ complexity@increasing ， the@knowledge@base@expands@rapidly ・ This@will@result 

in@the@performance@of@algorithm@decreasing@obviously ・ Despite@the@enormous@approaches@have 

been@proposed,@an@ideal@method@on@the@autonomous@agent@control@is@also@expected   

On@another@aspect ， as@computers ， sensors@and@information@distribution@channels@prolifer ， 

ate,@there@is@an@increasing@amount@of@data@created ， However ， the@data@is@not@@Uch@valuable 

if@Wo@just@gather@the@signals@without@recognizing@or@analyzing@them@in@advance ， Th@@   is@why 

the@ classification@ and@ prediction@ step@ in ， extracting@ useful@ information@from@raw@ data ， In 

this@thesis,@ we@ mainly@focus@on@prediction@ of@time@series ・ Examples@ of@time@ series@ include 
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financial@data@series@ (stocks ， indices ， rates ， etc ・ ),@ physicaly@observed@data@seris@ (volcano 

eruption ， WCather ， etc ・ ) ， and@mathematical@data@series@(Fibonacci@sequence ， integrals@of@dif ， 

ferential@equations ， etc ， ) ・ The@phrase@time@series@refers@to@any@data@series ， whether@the@data 

is@dependent@on@a@certain@time@increment@or@not   

Time@series@forecasting@has@several@important@apPications ， One@is@to@prevent@undesirable 

events@or@lessen@the@danger@by@forecasting@it,@as@in@[7] ， It@uses@a@method@of@SVM@ (Support 

Vector@Machine)@ to@forecast@the@flow@of@Mississi   pi@River ， The@other@is@to@benefit@those 

peop Ⅰ   primari Ⅰ   in@the@financial@markets@from@time@series@forecasting ， Now@many@approaches 

and@products@are@available@for@financial@forecasting ・ In@[8 ， 9] ， they@use@approach@of@SoM 

(Self ・ Organizing@Map) ， NN@(Neural@Network) ， kNN@(k-Nearest@Neighbor)@to@predict@the@next 

鞄 rylngt Ⅱ endt0m ぬ kem Ⅸ lmumpro 且 t   

In@this@thesis ， we@focus@on@financial@data@forecasting@as@well ， Furthermore ， the@same@ap- 

proach@is@applicable@to@other@time@series ， directly@or@indirectly@by@changing@the@parameter 

setting   

In@the@ two@ application@fields@ mentioned@ above ， the@ central@ technique@ is@ to@ construct@ a 

solution@population@to@adapt@to@the@problem ・ Thus ， it@is@important@to@know@hoW@to@identify 

and@exploit@a@problem@domain@ ・ As@more@difficult@problems@are@addressed,@the@size@of@tHs 

population@grows@quickly@and@how@to@take@advantage@of@the@available@knowledge@becomes 

important ， LCS@(Learning@Classifier@System)@is@a@machine@learning@technique@Which@combines 

reinforcement@ learning,@ evolutionary@ computing@ and@ other@heuristics@to@produce@ adaptive 

systems ， Recently ， LCS@has@been@widely@expanded@from@binary@value@ Ⅱ   0 ， 11.@ 12@   to@real 

value@environment@[13],@and@has@been@applied@in@various@fields@such@as@data@mining@[14] ， stock 

market@analysis@[15.@16   ， and@so@on ， The@advantage@of@Classifier@System@has@been@approved 

greatly ， especially@for@the@complex@problem ・ As@for@the@Classifier@System ， we@will@introduce 

its@principle@and@Working@strategy@in@Chapter@2   

In@summary,@we@will@discuss@how@to@get@the@regularities@on@expressing@a@given@problem,@and 

define@a@suitable@rule@expression@for@the@search@space@to@get@higher@search@efficiency@in@this 

thesis ・ Apparently,@any@approach@provides@a@lot@of@flexibility@when@applied@to@a@new@problem   

While@accompanied@with@this@flexibility ， @@   is@sometimes@difficult@to@encode@all@the@parameters 

perfectly ， but@just@suits@for@one@or@a@little@special@kinds@of@environment   
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Ⅰ。 2 

In@this@thesis ， first@of@all ， we@center@on@autonomous@agent@control ， For@simplification ， we 

consider@the@benchmark@problem@of@Grid ， Maze@with@Non ・ Markov@property ， and@propose@an 

adaptive@XCSM@system@(AXCSM)@on@it ， As@related@work ， XCS@is@an@effective@approach@for 

Markov@Environment ， but@not@for@Non ， Markov@ones ， By@introducing@a@bit ， register@memory 

to@XCS@to@record@agent ， s@experience ， XCSM@ (XCS@with@Memory)@ has@been@verified@to@be 

suitable@for@ Non ， Markov@environment ・ The@classifier@ in@XCSM@ is@expanded@with ・ constant 

length@of@memory@to@that@ofXCS ・ Combining@the@current@percepti   n@with@its@past@experience, 

the@agent@can@get@optimal@action ・ However,@with@the@memory@becoming@ Ⅰ   nger ， the@search 

space@will@ expand@urgently ， and@the@performance@of@XCSM@ decreases@ as@well ・ Therefore ， 

AXCSM@is@proposed@by@involving@a@hierarchical@structure@to@adapt@to@the@variable@length@of 

memory ・ In@the@first@hierarchy,@we@learn@a@suitable@memory@length@for@a@given@perception@with 

general@XCS ・ The@optimal@action@is@then@achieved@in@the@second@hierarchy@by@XCSM ， The 

experimental@results@shoW@that@the@adaptive@XCSM@converges@the@same@to@optimal@policy@as 

XCSM,@but@within@shortened@search@space   

Next ， we@focus@on@another@complex@problem ， the@stock@market@forecasting@problem ・ When 

analyzing@a@real@stock@market,@ we@concentrate@in@general@on@qualitative@changes@first,@ and 

then@on@tracing@the@quantitative@changes ， Therefore ， it@is@necessary@to@give@an@indication@of 

the@changing@direction,@upward@or@downward,@and@then@get@the@changed@v8ue@as@preCse@as 

possible   

In@order@to@forecast@the@real@stock@market ， we@propose@a@Hierarchical@XCS@(HXCS)@model ， 

which@is@composed@of@multiple@local@models ・ Each@local@model@represents@an@individual@agent   

In@ the@ lower@ levels@ of@the@ hierarchy ， agents@ are@ trained@ by@ the@XCS@ model@ to@ learn@ and 

forecast ・ These@agents@are@only@appropriate@for@some@of@the@changing@patterns@in@the@time 

series@data ， and@they@fail@to@describe@other@changing@patterns ， With@the@hierarchical@learning 

structure ， multiple@ agents@work@alternatively@ and@the@limitation@of@a@single@ agent@ can@be 

overcome ， 7O@evaluate@the@prediction@performance ， we@mainly@adopt@the@prediction@accuracy 

of@changing@tendenCY@of@the@next@time@(up@or@down) ， which@is@measured@by@chanSng@direction 

℡     t ・ rate ・ Besides@the@tendency@prediction ， we@introduce@a@variable@reward@strategy@on@different 

prediction@accuracy ， to@provide@a@value@prediction ・ Experiments@have@been@performed@ on 

several@@oll-known@stock@indexes@and@stock@markets ・ The@results@show@that@our@proposal@can 
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achieve@a@higher@performance@when@predicting@the@changing@trend@in@the@next@day,@ and@give 

a@value@predication   

ュ 。 3  Organiza 廿 on  oft 

This@thesis@is@organized@as@follows:@ in@Chapter@2 ， we@reviewed@the@related@work ， mainly 

focused@ on@ Classifier@ System ， In@ this@ chapter ， the@ principle@ of@Classifier@ System@ and@ its 

improvement@version@LCS ， XCS,@has@been@illustrated@in@detail ・ Its@application@and@prospect 

@@   future@is@ also@ outlined ・ Based@ on@this@ chapter ， we@ concluded@ that@ Classifier@ System@ is 

Ofective@on@learning@for@complex@problem,@ and@its@prospect@is@valuable@as@well ， In@Chapter 

3 ， as@ a@ benchmark@ of@autonomous@ agent@ control ， Grid ・ Maze@ problem@ has@ been@ invoved ， 

especially@for@Non-Markov@problem ・ For@this@kind@of@problem ， we@introduced@our@proposal 

of@adaptive@XCSM@for@recognizing@the@Non ， Markov@problem@with@higher@performance ・ In 

Chapter@4 ， we@focused@on@a@typical@prediction@problem@in@real@World,@stock@market@forecasting 

problem ， A@Hierarchical@XCS@has@been@proposed ， and@it@accuracy@is@also@verified ・ The@last 

chapter ， Chapter@5@is@the@conclusion@of@this@thesis   
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er 

F 

2et  LCS; Learning  Class 五五 erSysten Ⅱ 

Since@ the@proposal@of@GA@from@ 1970 ， s,@ its@ improvement@ and@ application@have@ been@wCl 

known ・ As@one@instance ， applying@GA@to@the@domain@of@Machine@Learning ， a@predominant 

work@called@Classifier@System@is@spread@by@involving@production@rules   

According》o》he》wo〉elated｜ut‥istinct‖pproaches（n；A ， the´CS（s‖lso《egmented 

i 庶 o  七 he  Michig む n  app て o ぬ ch  [lT]  ぬ nd  Pit 七 Sburgh  ぬ ppro ぬ ch  [18].  In  the  former,  LCS  c0 冊 窟 ins 

a@single@population@with@limited@size@of@classifiers ， and@each@classifier@is@a@production@rule   

In  も helater,itma! 丑 a%ns ぬ numberofdlstinc 七 popul 品 ions, み nd  e ゐ ch  popul は lon  is ぬ single 

genotype ，・ The@Pittsburgh@approach@is@more@accordant@with@general@GA;@however,@it@is@often 

computationally@expensive@and@will@be@problematic@when@confronted@with@large@populations   

Thus ， in@this@thesis ， we@involve@the@Michigan@approach   

For@ a@LCS ， it@ composes@ of@Production@ System ， Learning@Algorithm@ and@Induction@ Al ， 

gorithm@generally ・ In@this@section,@we@first@introduce@the@Production@System@of@traditional 

LCS@[17 ， 19.@20]@by@simulating@its@working@process@step@by@step;@then@the@Induction@Algorithm 

and@Learning@Algorithm@will@be@explained@respectively ， 

2.1. ェ ProducHon  System 

The@LCS@works@as@the@following@schedu Ⅰ   in@iteration   

Stepi:@ Receive@an@input@from@the@environment@and@translate@it@into@a@message   

Generally ， the@production@rule@is@divided@into@two@partS@     a@condition@and@an@action ， which 
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represents@a@simple@stimu Ⅰ   s ， response@system ， While@the@classifier@in@LCS@consists@of@one@or 

two@conditions ， the@first@one@represents@perception@of@the@environment ， and@the@second@one 

represents@values@from@other@classifiers ， This@enables@one@classifier@to@be@triggered@by@other 

c Ⅰ   ssifiers@and@thereby@produces@a@sequence@of@classifier@from@a@single@input ， If@two@conditions 

are@provided@by@the@classifier ， the@classifier@can@be@created@with@ "internal@message" ， The 

action@may@use@an@additional@tag@bit@to@identify@whether@the@action@is@to@be@performed@on@the 

enWronmen 七 or  ls  t0  be  tr 卸 nsf0rmed  lnt0  the  "lnternal  me5s8ge@@.  Uslng  lnte ざ n 打ユ mess ぬ ges, 

@@   is@possible@to@estaUish@a@sequence@of@actions@for@complex@determination ・ The@con4tion 

and@action@are@strings@of@characters@from@the@ternary@alphabet@{o ， ! ， @} ・ The@ 。 # ， acts@as@a 

w Ⅱ dca て d  ぬ llow!ng  gener ぬ Ⅱ z 航 ion  such  that  七 he  clMsi 且 er  conditi0n  。 l%l'm 窩 tches  both  the 

input@ 。 111 ， and@the@input@ 。 101 ，・ The@symbol@also@allows@feature@pass ・ through@in@the@action 

such@that ， in@responding@to@the@input@ 。 101 ， ,@the@rule@ "IF@1#1@THEN@0@0"@ would@produce 

the@ action@ 。 000 ，   

StepS: Match》he［essage‖gainst‘ach…lassifier   

For‖ny…lassifier,（f（ts…ondition［atches》he…urrent（nput ， or‖ny｛thers｛n》he［essage 

Ⅱ st, 止 becomes  乙 member  0fthe  Mat ㎝ Set.  Ifno  cl 館 s 迅 er  is  m 航 ched,cre 航 e  ぬ new  cl 館 師且 er 

to@match@the@input@and@insert@it@into@population ， through@the@Induction@Learning ・ The@detail 

willbeinItroduced 航 Chap.2.1,3   

StepS: From》he｀atchSet ， an《uitable‖ction（s（dentified》hrough‖｜idding［echanism 

and@is@pursued@to@environment   

5 缶 甲ノ :  If  envir0nment  feedb ぬ cks,  the  v ぬ lue  is  ぬ sSigned  盤 rew ぬ rd,  ぬ nd  811ocated  to  those 

classifiers@that@provide@the@action ， Otherwise,@classifiers@that@provide@the@action@in@the@current 

iteration@devote@payment@as@payoff,@and@pay@it@to@those@ones@in@previous@iteration ・ As@for@the 

update@detail ， refer@the@Learning@Algorithm@in@Sect ， 2.1 入 ほ 

Step5:@Periodic@delete@classifiers@with@poor@performance ， and@create@new@classifier@with@GA ， 

which@obeys@the@operation@of@Induction@Algorithm   

2. Ⅰ・ 2  Le ゑ Ⅰ ning  Algo Ⅰエ十 hm 

The@environment@ that@ a@LCS@learns@within@can@be@divided@ into@two@ classes ， The@first@ one 

is@composed@of@those@environments@ where@ an@environmental@ feedback@is@returned@on@each 

stimulus ， response@step ・ These@will@be@termed@single-step@environments ， The@second@one@con- 

tains@those@environments@where@the@agent@is@only@given@a@reward@after@a@number@of@stimulus- 
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response（teration,『here（t《uccesses ・ These『ill｜e》ermed Ⅲ @lti-step‘nvironments ， The 

learning@procedures@for@these@two@kinds@of@environments@are@not@the@exactly@same ， but@with 

a@slight@difference ・ We@will@explain@them@respectively@now   

For｜oth《ingle ， step and［ulti ・ step environment, when‖〉eward（s〉eceived’rom‘nvi ， 

ronment, it『ill｜e‖ssigned》o》he…lassifiers『ith》he…urrent optimal‖ction, based｛n‖ 

bidding［echanim´   1] ・ Whilst ， in［ult     ， step‘n Ⅴ     ronment ， before〉eceiving‖〉eward ， at 

each@iteration ， all@classifiers@that@have@been@selected@to@propose@an@output@message@will@de ， 

vote@a@proportion@of@their@strength@as@bidding@as@Eq ， (2-l) ・ Then@the@bidding@is@paid@back 

to》he…lassifiers》hat”ave‖ctivated》hem（n》he｝revious（terati   n ・ All》he…lassifiers‖t》he 

previous（teration‖nd‖t》he｝resent（teration”ave｜een（dentified ， This‘nables》he《trength 

p ぬ Ssed  b 窩 ck  養 pay0 冊 to  those  cl 館 si 丘 ers  actlv ぬ ted  ind 廿 ectly,a Ⅴ o;ding  par 捧 ite  Cl 館 s 工且 erS  旺 om 

gaining@undeserved@reward ・ We@call@this@ "Bucket@Brigade"@ algorithm ， each@classifier@is@much 

like》he［iddleman in a…ommercial…hain   

も う doM せ れ 9  =  自ホ s 古グ e れ g 七わ水お peci/ Ⅰ ci 舌ひ (2 一 1) 

In‖ddition》o》he〉eward‖nd｝ayoff」alues,》wo〔inds｛f・ are（mposed｛n》he｝opu ・ 

lation ・ The・ 

棚 Eq.(2 り ). The  "LiffleT 鰍 "isi 庶 roducedsoth 輔 dl 羽 sinerswhich  donotmatchwithin  ㎝ y 

environmental］iche”ave》heir《trength‥ecreased「ntil》hey…ome「nder‥eletion｝ressure   

甜 re れ 9% わ =  甜 re 竹 O 力 ん *  (1 一 ㎡ /eTa ぉ ) (2 一 2) 

A@ "Bid@Tax"@ is@applied@to@classifiers@in@MatchSet@and@is@to@remove@a@fixed@proportion@of 

strength@as@Eq ・ (2-3) ， The@"Bid@Tax"@i   creased@the@rate@of@strength@reduction@of@c Ⅰ   ssifiers 

th 品 proposeactions,butproducepoorpayo 丘 orrew は d   

㍊Ⅰ e れ g 七れ 二 5 舌 ㌍ e れ g ヵ わ *  (l 一 Bi は Ta 宙 ) (2 一 3) 

2.1.3  InducHon  Algohthm 

The@Learning@Algorithm@is@used@to@identify@the@usefulness@of@one@classifier ， But@it@could@not 

replace@poor@classifiers@with@better@classifiers@or@improve@upon@their@usefulness ， To@realize@this ， 

we@use@the@mechanism@of@Induction@Algorithm ， Firstly ， the@GA@was@conceived@as@the@primary 

rule@induction@algorithm ， by@creating@a@new@offspring@and@deleting@a@poor@one ， Beside@GA ， an 
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induction@operator@has@been@proposed ， When@no@classifier@matches@to@the@current@situation ， a 

new@classifier@will@be@created@with@the@appropriate@condition@and@an@often@randomly@created 

action   

Apart’rom》his ， if》he…urrent…lassifiers”ave‖”istory｛f｝oor｝erformance ， a］ew… Ⅰ   ssifier 

from@the@current@ classifiers@is@created@and@inserted@into@the@population@to@replace@ the@poor 

one   

2.2  XCS 

2.2.l  ZCS 

Based｛n》he》raditional´CS ， a［ore《implified´CS・   2   and》hen〇CS Ⅰ   3   (Zeroth Ⅰ   vel 

Classifier@System)@have@been@proposed@by@Wi Ⅰ   on@to@i   crease@the@understandabiliy@and@per ， 

formance ・ ZCS@is@composed@of@a@simple@single@condition ， a@single@discrete@action ， a@Sngle 

strength@measure,@ and@reliance@upon@an@implicit@bucket-brigade ， It@uses@ActionSet@rather 

than@individual@ rules ， All@members@ of@MatchSet@ that@ have@ the@ same@ action@ as@ the@selected 

rules@form@the@ActionSet ， Then@Learning@Algorithm@is@treated@on@the@ActionSet   

The@ result@ of@ZCS@ has@been@ shown@that@ it@ is@ capab Ⅰ   of@deriving@ optimal@performance, 

at@least@in@a@number@of@Woll ， known@test@problems ・ However,@ it@ appears@to@be@partic ℡   arly 

sensitive@to@some@of@its@parameters@as@well ・ Frankly ， ZCS@has@been@somewhat@superseded@by 

xcs   

Deriving@form@Wilson ， s@Animate@[22]@and@ZCS@[23] ， XCS@[24]@has@been@proposed ， Here ， we 

overview@the@structure@and@operation@of@XCS@briefly ・ The@detail@implementation@has@been 

provided@at@[25]   

2.2.2  ProducHon  System 

The  dl%sifier  in  XCS  is  defined  盤     

classi/ 侮 e ⅠⅩ 05         

c  :  Co れ協 tio 几 

a : Ac 挽 o 冊 
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s : S 古 :Te れ m 舌わ 

v : Ⅴ 0l ひ e 

几 : Ⅳ℡ 悌 ero ひ切物 

む 0 れ乙 七ヵ う 0 ん ==( く 0 ノ l く Ⅰ 二ン l くて 井ノ )" 

Ac れ o 几 =( 、 く 0 ノ l く 1 ノド 

疋ノな 「 e れ タ % わ @ 

p  :  P ㌍ ed ぜ c 椀 o れ 

e@ :@ Error 

托 : AcCU ひ ㌍ ac Ⅴ 

ア : F 侮廿ワ丁 。 S8 

y ㎡ ひ 6 :. 

6 : Ac が o れ 5%E$ti 卸甜 e 

驚 :  何 %e ㎡ e れ ce 

g  :  GAft 伴 atio れ 

W ひ mero ㎡ 力ひ =  Ⅰ れ tege 『 

In@general@ LCS ， the@ 。 Strength ， identifies@ payoff@prediction@ of@the@ classifier ・ Instead@ of 

that ， in@XCS@ a@series@of@parameters@have@been@involved@to@measure@it ・ First ， the@measure 

。 Prediction'@ has@ been@ introduced@ to@ describe@ the@ reward@ that@ the@ classifier@ system@ should 

expect@ to@ receive ， if@the@condition@ proposed@by@the@ classifier@ is@ matched@ and@ its@ action@ is 

selected ・ A@second@measure@ 。 Accuracy ， (/t)@is@a@calculated@likelihood@of@the@classifier@obtaining 

the@reward@identified@by@ 。 Prediction ， ， It@is@derived@from@a@third@maintained@v8ue@ 。 Prediction 

Error ， (e) ， which@is@a@proportion@representing@the@absolute@difference@between@the@prediction 

of@the@classifier@and@the@reward@or@payoff@received@over@a@period@of@time ・ Finally,@the@measure 

。 Fitness ， is@derived@from@ 。 Accuracy ， and@is@the@accuracy@of@the@classifier@re Ⅰ   tive@to@that@of@other 
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Cassifiers@that@propose@the@same@action@in@which@the@classifier@fires ・ Generally ， Prediction@is 

used@ for@action@selection,@ and@Fitness@ is@ used@for@selection@in@ GA ， with@other@va Ⅰ   es@ being 

maintained@ to@ effect@ the@calculation@of@Fitness ・ The@most@ signification@ difference@ between 

XCS@ and@most@ other@ classifier@ systems@ is@that@ rule@fitness@ for@the@ GA@is@not@ based@on@the 

payoff@prediction@but@on@the@accuracy@of@predictions@in@payoff ， 

In@XCS,@ an@additi   nal@parameter@ 。 Numerosity ， is@introduced@as@a@convenience@factor ・ Be- 

cause@of@the@GA@and@covering@operator@in@XCS ， many@duplicated@classifiers@Vll@be@created   

Because@the@classifiers@in@XCS@is@reward@shari   g@method@(all@the@classifiers@in@Acti   nSet@will 

receive@same@reward@or@payoff@value),@it@is@possible@to@remove@these@duplicate@classifiers@and 

simply@maintain@a@count@of@the@number@of@duplicates ， Then@they@represented@by@a@single@clas ， 

sifier@instance@within@the@population ， with@the@parameter@ 。 Numerosity ，・ On@the@other@hand ， 

besides@the@duplicated@classifiers ， subsumed@classifiers@ 8so@exist@ frequent Ⅰ   @@   XCS ・ If@con ， 

dition@part@of@one@classifier@can@be@subsumed@by@another@classifier's ， and@they@own@the@same 

actions,@it@is@also@benefit@to@remove@the@more@specific@classifier ， but@sum@the@ 。 Numerosity ， to 

the@general@one ・ Clearly;@the@overall@population@size@ ㎝ @st@be@calculated@in@terms@of@the@sum 

of@the@numerosity@of@all@the@classifiers ， rather@than@the@number@of@classifier@instances ・ To@sim ， 

pl ㍼， we  de Ⅱ ne  theSe  duplic 品 ed  cl 館 s 田 ers  w!th  。 Numerosity, 捧 。 MacroCl%s 市 er,.  Henc ㎡ 0rth 

8l@the@ references@ to@ 。 Classifier:@ will@refer@to@ 。 MacroClassifier:@ if@a@distinction@ is@ not@ needed   

Otherwise ， the@ ， MacroClassifier ， and@ 。 MicroClassifier:@will@be@used   

With@this@structure,@a@single@trial@of@the@XCS@is@started@as@an@exploration@or@an@exPoitation 

trial ・ The@exploration/exploitation@probability@is@generally@set@as@0.5   

Once@the@mode@of@operation@has@been@decided ， a@new@message@is@obtained@from@the@en- 

viromnent ・ Then@it@is@ compared@to@al@of@the@classifiers@ in@the@current@populati   n ， and@ 8l 

the@matched@classifiers@are@added@to@create@MatchSet ， If@no@matched@classifier@exists ， a@new 

classifier@is@created@with@the@covering@operator ， shown@in@Sect ・ 2.2.4. 

Based@on@these@classifiers@in@MatchSet,@ for@each@possible@ action@that@may@be@performed ， 

PredictionArray@is@calculated@as@Eq ， (2-4) ， as@the@fitness@Woighted@average@of@the@predictions@of 

Cassifiers ・ This@means@that@the@classifiers@with@higher@fitness@will@contribute@more@to@predict 

that@ action   

p ㌍ edic 力 7io れ A Ⅰ 仁 a ひ [a] 二 
兄 。 に MP, ア 

兄 Cf<-M/ 
(2 一句 

And@then ， XCS@ chooses@ an@action@to@ perform ， The@selection@method@depends@ upon@the 

exPoration/exploitation@strategy@adopted ， If@exPoration@mode@is@adopted ， XCS@selects@an 
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action@at@random;@otherwise ， the@action@with@the@highest@PredictionArray@is@selected ， Then 

the@selected@action@is@pursued@to@environment   

For》hose classifiers in MatchSet ， if（ts action（s the same as the assigned action ， it is 

ide ㎡ i 且 ed  to  form  ActionSet   

When@ a@reward@ is@received@from@en Ⅴ     ronment ， the@ Cassifier@ in@ActionSet@ will@update@its 

parameters@based@on@Learning@Algorithm,@illustrated@in@Sect ・ 2.2.3.@ Finally@pursue@Induction 

Algo ど ithm  on  ActionSet,described  in  Sect.2.2.4   

2.2.3  Le8rnlngAlgorIthm 

Described@as@above,@classifiers@within@the@ActionSet@are@credited@in@one ・ step@or@multi-step 

environment ・ In@these@two@kinds@of@environment ， the@classifiers@in@ActionSet@of@the@current 

iteration are credited with the reward whenever it is recGved from environment ， While 

in  multi-step  environmen 七 s,  the  cl 養寸且 ers  in  previous  iteration  打 e  credited  with  a  payo 什 

amount ， which@is@devoted@by@the@classifiers@in@the@current@iteration ・ The@update@policy@is@the 

same@in@both@cases,@apart@from@the@ActionSet@within@WLich@the@update@occurs@and@the@source 

of》he「pdate」alue,〉eward｛r｝ayoff ，   

The@ updated@ parameters@ in@ classifier@ include@ Prediction ， Error,@ Accuracy ， and@ Fitness 

values ・ In@addition,@ other@parameters,@ such@as@the@ActionSetEstimate ， Experience@and@the 

GATrigger ， are「pdated’or！nduction、lgorithms（nヾect ・ 2.2.4   

Single-Step‾roblems 

For‖“iven〉eward,》he「pdate’or‖ll…lassifiers（n、ctionSet（s‖s’ollows ・ The「pdate｛f 

Prediction,E で と or, ぬ nd  五七 neSs  depends  on  the  st 窩 nd 餌 d  Wldro 億 Ho 什 delt ぬ rule  億 Eq.(2 一 5)   

りト巧 十月 (V 一り ) (2 一 5) 

In@detail ， the@prediction@p@is@updated@using@the@Widrow-Hoff@delta@rule@with@learning@rate 

綬 :(0 く綬く 1)     

p  =  p  +  綬 ( 「 e ㏄ ard  一 % (2 一 6) 

The｝rediction‘rror‘（s「pdated『ith》he’ormulary     

乙二ビ 十月 (lreW ㎝㎡一円一 め (2 一 7) 
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The@ fitness@ update@ is@ slightly@ more@ complex ， Initi8ly ， the@ prediction@ error@ @@   used@ to 

calculate  the  acc 甘 ra 鋤托 of  each  cl 養 si66er  as  Eq.(2 一 8)  when  e  ノ E0.else  ん二 1 

  

， 二二 ", く署 Ⅰ 

Final Ⅰ   ， the@fitness@are@a@usted     

ん 木ん 

アニア小綬， G 刃 
dI モ A  は ホれ 一ア ） 

(2 一 8) 

(2 一 9) 

The@ accuracy@is@ computed@ directly@ from@ the@ prediction@ error@ e@ parameter ， and@fitness@ is 

derived@from@the@accuracy@of@all@classifiers@within@the@ActionSet@ and@is@therefore@updated 

usingtheWidro 田 Ho は de 比ぬ rule   

The@"experience"@x@is@maintained@by@each@classifier ， which@maintains@a@count@of@the@number 

of@times@the@ classifier@ has@occurred@within@ an@Action@Set ， The@ "ActionSetEstimate"@ e@calcu ， 

lates@the@number@of@MicroClassifiers@in@all@the@ActionSet@(n@means@the@number@of@classifiers 

in  a  MacroCl%s 田 e め ・ The  "GAItera ㎡ on"  g  is  set  w 比 h  七 he  prese 庶廿 mer   

1
 
 
れ
 

 
 一

一
一
一
 

 
 

Multi ・ Step@Problems 

FoL8m Ⅱ lt ㌃ StgP  problem     

1.@ If@a@reward@value@is@obtained@from@environment ， invoke@the@single-step@algorithm@for@the 

current@ ActionSet   

2. If》his（s］ot》he’irst《tep｛f‖》rial ， calculate》he［aximum｝rediction‖rray（n》he 

current@ActionSet@as@payment@P,@discount@it@using@parameter@7.@and@then,@apply@it@to@classifiers 

in@ActionSet@of@previous@iteration   

3. Invoke》he《ame‖lgorithm‖s》hat｛f《ingle-step‖gorithm ， but〉ePacing》he〉eward 

with@the@discounted@payment@P ， and@the@ActionSet@is@set@with@that@of@previous@iterati   n   

The@use@of@the@ Ⅲ 3ximum@prediction@array@as@the@payoff@ensures@that@the@route@to@the@highest 

rewarding@state@is@selected   

More  general  cl 養 si 且 ers  will  occur  in  ActionSet  more  often  も nan  speci 五 c  cl 捧 sifHers,  They 

will@therefore@be@given@ more@opportunity@to@duplicate@ or@ breed@than@ an@ equally@ accurate 
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specific@classifier ， This@mechanism@will@proliferate@the@general@classifier ， and@drive@ out@the 

equally@accurate@but@less@general@classifiers@from@the@population@gradually,@by@combining@with 

the@deletion@techniques@used@when@new@classifiers@are@introduced@by@the@induction@algorithm 

SeCt.2.214   

2.2.4@ Induction@Algorithm 

The@Induction@Algorithm@provided@in@XCS@consists@of@covering@operator@and@GA   

Covering@operator 

The@covering@operator@is@invoked@whenever@no@classifiers@exist@within@the@population@that 

matches@the@input@message ， It@creates@a@new@classifier@which@condition@is@copied@from@the@input 

message ， but〉eplaces《elected｜its『ith『ild ， card『ith“enerality｝robability ， and‖ction（s 

set‖t〉andom ， Then《et》he（nitial｝arameter   

GA 

The@GA@is@triggered@in@explore@trial ， The@classifiers@ involved@in@ GA@will@be@only@those 

within@the@ActionSet ・ This@means@that@the@GA@does@not@explore@actions@using@the@crossover 

operator,@ but@ rather@ explores@ conditions ・ Thus,@ the@XCS@ is@ not@ seeking@ to@ create@ correct 

responses, but  a  complete  concise  m み pPing  of  s も 品 e  ぬ ct!on  p&yo 什甘は毛 h  m む dmally  gener 窟 Ⅰ 

accurate@classifiers ， The@Working@schedule@is@as@follows   

税 印Ⅱ GA@Thgger   

GA is triggered when the interval from〕ast occurrence of；A（s greater than a…onst 

parameter@9.@ Here ， we@set@ 6@to@25.@ The@interval@is@calculated@by@the@distance@between@the 

present@timer@and@the@averaged@GAIteration@of@all@classifiers@in@ActionSet   

5 止印 2:  Select  Cl 養 siner  with  Roulette  WheelPolicy   

Select@two@parents@using@Roulette@Wheel@Selection@over@the@fitness@values@of@the@classifiers 

within@ActionSet ・ The@parents@are@se Ⅰ   cted@without@removal@so@that@the@same@classifier@may 

be@chosen@twice@to@alloW@the@duplication@of@classifiers   

疋チ 古モ れフタ ， Crossover   

If》he two parents 4ffer ， perform single-point crossover within the con4ti   n Wth the 

crossover@probability ， otherwise@copy@the@parents@to@the@children   
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Step4 ・ Perform@ ㎝ @tation@on@both@the@condition@and@action   

Mutation@ within@ the@ condition@operates@ at@ the@level@ of@the@ ternary@digits ・ The@ ternary 

digits@to@be@changed@are@chosen@using@the@mutation@probability ・ The@specification@of@action 

mutation@has@been@deliberately@ Ⅰ   ft@as@gener8     

5 力弓 p5: Ini 七 i ぬ Ⅱ 2ech は d  classi Ⅱ er   

If@the@ child@ classifier@ is@ performed@ with@ crossover ， set@ its@ initial@prediction@ to@ the@ mean 

of@parental@ prediction;@ otherwise,@ copy@ from@ that@ of@its@ parent ・ Set@ the@ prediction@ error 

to@one@quarter@ of@the@pop ℡   ation@mean@error ， fitness@ to@ one@tenth@of@the@ populati   n@mean 

fitness ， ActionSetEstimate@to@the@population@mean ， numerosity@to@1 ， and@experience@to@zero 

respectively ・ 

5tt 鋒 6. Insertchildi 血 opopulation   

For@a@new@classifier ， no@matter@it@is@created@by@coving@operator@or@by@GA ， it@must@be@inserted 

into@the@population ・ To@do@this ， another@classifier@may@need@to@be@deleted@if@the@population 

聴乙卜 eady  且 Ⅱ 1   

Delete:@ Once@a@classifier@is@selected@for@deletion,@ the@numerosity@of@the@selected@classifier 

is@decreased@by@one@and@if@the@numerosity@has@become@to@zero ， the@classifier@is@removed@from 

the@population ・ Then@it@will@create@one@free@micro ， classifier@location@within@the@population 

forthenew cl%si 且 er   

Here@we@use@Roulette@Wheel@Selection@to@select@the@deleted@classifier@based@on@ActionSetEs ・ 

timate;@ Because@the@ActionSetEstimate@reflects@the@number@of@micro@classifiers@occurring@in 

the@ActionSet@that@a@classifier@occurs@within ， the@larger@ActionSet@will@be@more@likoy@to@have 

ぬ cl%s! 且 er  selected  f0r  deleti0n   

血占 e 弓 :  A  new  cl%si 且 er  may  be  a  dup Ⅱ c 酷 e  0f  an  e 吏 sting  cl% ㎡ 且 er,  or  it  may  由 re 卸 dy  be 

covered@by@a@more@general@classifier@that@has@already@been@evaluated@as@accurate ・ Then@the 

numerosity@and@ActionSetEstimate@of@the@duplicate@classifier@is@increased@by@one@and@the@new 

Cl 養田Ⅱ e Ⅱ l5  dlSC み rded   

Since［ore“eneral…lassifiers『ill｛ccur（n ㎝ Ore、ctionSet ， they『ill》herefore｜e「pdated 

more@regularly@and@therefore@have@more@breeding@opportunities ， Then ， more@accurate@general 

classifiers@will@increase ， whilst@less@general@accurate@classifiers@will@gradually@diminish   
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Figure・ Woodsl   

2.3@ Application@an rk 

2.3.l  Demonstration  ofXCS 

Generally ， to‥emonstrate》he｝erformance｛f，lassifierヾystem ， the｀ultiplexerー24] and 

Grid-Maze@Wore@ used@ as@ single-step@ problC Ⅲ and@ Ⅲ℡ lti-step@ problo Ⅲ respectively ・ In@ this 

section ， we@mainly@focus@on@ ㎝ @lti ， step   

For@simplification,@we@use@Woodsl@ as@the@left@part@in@Figs ・ 1@for@test ， which@is@one@of@the 

usually@used@test@environments@to@evaluate@the@Classifier@System ・ The@agent@is@placed@on@a 

random@free@starting@position@and@allowed@to@move@in@the@eight@directions ， An@attempt@to 

move@into@a@position@of@Wall' '@will@result@it@remaining@in@the@original@position ・ An@attempt 

to@m0ve@onto@a@position@food@'F ， will@result@a@success@ Ⅴ     th@a@reward@value ， and@then@start@the 

ne 燕 ep 亜 ode   

The@perception@of@agent@consists@of@the@encoded@contents@of@its@eight@surrounding@positions   

We@encode@each@grid@position@as:@ Wall@ 。 111 ， ， Free@ 。 000 ， ， Food@ 。 001 ，・ Then@the@perception 

is@encoded@in@a@24 ・ bits@string ， For@example,@ if@the@agent@is@placed@in@the@top@left@corner@in 

Woodsl ， it@will@perceive@the@environment@as@"111,111,000,111,000,111,111,111" ・ Here ， we@set 

is@perception@from@North@direction ， and@running@in@a@clockwise@direction ・ Action@is@encoded 

using@integer@value ・ For@the@agent@in@this@instance ， its@optimal@action@is@ "go@east" ， then@we 

set@it@as@2.@ The@other@parameters@are@set@as@in@Table@1   

The@performance@of@XCS@is@defined@by@number@of@steps@taken@to@achieve@a@reward@within 

each@trial ・ The@measure@of@System@Error@and@Population@Size@is@kept@as@additional@perfor- 

mance ・ Systo Ⅲ Error@is@the@absolute@difference@between@the@average@Prediction@value@for@the 

chosen@action@and@the@actual@payoff@that@the@action@results ， Population@Size@is@the@number 

of@Classifiers@within@the@population ・ The@smaller@the@Population@Size ， the@higher@compacted 

search@space@has@been@obtained ， Here@ten@experimental@results@have@been@averaged   

Those》rials》hat…ause‖《tep（mmediately》o‖’ood“rid｝osition『ill〉eceive‖n（mmediate 
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Table@ 1:@ Parameter@ Value   

paraName value 

N(popSize) 800 

0(GA@experience) 25 

x(crossover@probability) O.8 

が (mutatlonProbablllty) 0 ． 01 

綬 (1e8rnlngrate) 0 ． 2 

7(dlSComit  「 ate) 0.71 

ど O(mlnlmum  er て Or) 0 ． 01 
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ei(mn Ⅰ lti と九 ler Ⅰ。 ⅠⅠ   0 ・ O 

， PC@(explortion/exploitation) ㏄ 5 

JV@@probability) 0,66 

reward@of@1000.@ While@those@that@ are@two@grid@positions@ away@will@receive@the@discounted 

m 館 dmum  predictjo Ⅱ ofthe  directly  rew み rded  cl%s5%ers,with  a  discou 廿 value7.  One  伍 rther 

step@away@will@obtain@a@less@discounted@value   

The@graph ， shown@in@Figs ・ 2 ， demonstrates@that@this@version@of@XCS@is@able@to@solve@the 

Woodsl@problem ， The@average@number@of@steps@to@a@reward@from@a@random@starting@position 

is@3 ， and@the@System@Error@is@near@to@0.@ The@Population@Size@grew@to@approximately@350 ， 

while@the@whole@population@size(micro ・ classifier)@is@800.@ Apart@from@this ， an@analysis@of@the 

population@showed@that@the@accurate@classifiers@had@converged@to@stable@payoff@predictions@of 

1000 ， 710@(7@*@1000) ， and@504@(7@*@710) ， where@there@was@no@error ， as@predicted ・ The@results 

of@the@current@implementation@give@a@confidence@that@this@implementation@of@XCS@produces@a 

similar@outcome@as@we@have@designed ， and@it@is@comparable@with@the@previous@LCS@in@multi ・ 

step@problem@domains ・ It@is@therefore@concluded@that@the@XCS@is@a@sufficient@implementati   n 

for@further@ studies   
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Figure・ Performance｛f々CS‖pplied｛n仝oodsl   

2.3.2  Rece Ⅱ t ⅠⅤ 0rk  about ClaLSsi 且 er  System 

Since LCS was proposed in 1978 ， XCS was first proposed in 1995 and（dentified in its 

present@form@in@1996 ， they@have@been@widely@expanded@from@binary@value@[10 ， 11 ， 12]@to@real 

value@environment@E3.@and@applied@in@various@f@lds,@such@as@data@mining@L4.@stock@market 

analysis@[15 ， 16],@ and@so@on ・ This@section@surveys@the@m8or@devotion@on@Classifier@System ， 

and@expands@a@list@of@areas@of@their@work@for@further@investigation   

(1) DataMining;ヽeal ， World、pplication｛f々CS 

Besides@the@research@on@virtual-World@problems,@L   6@   describes@an@application@of@XCS 

to@a@Data@Mining@task,@based@on@Classifier@Systo Ⅲ and@XCS ， Given@a@set@of@attributes 

  from‖‥ata《et,々CS『ould｜e‖pplied》o〕earn》he〉elationship‖mong》he｝lural 

independent@attributes,@and@analyze@the@changing@regularity@to@that@of@one@single 

dependant@attribute ， Using@a@well ， known@sample@data@set@from@the@UCI@Data@set 

Repository,this  work  showed  th 航 XCS  w ぬ s  ぬ hle  to  produce  ゐ better  clas 師 ncation 

performance ・ It‖lso…onfirmed》hat々CS…an…onverge（n《ingle ， step｝roblem］ot｛nly 

the@Multiplexer   

On@the@other@hand ， LCS@is@also@pursued@on@ ㎝ 8ny@real-Vorld@applications@L   7   ， divided 

into》hree［ain《ectionS     data［ining,［odeling‖nd｛ptimization ， and…ontrol   

(2) Extensions｛f々CS》oヽeal〃alue・nvironment 

In@[28] ， Wilson@modified@XCS@so@that@the@condition@consisted@of@a@vector@of@intervals ， 

where@each@interval@was@represented@by@a@pair@of@real@number@values ， One@represents 

the…entral｝oint‖nd‖nother〉epresents》he《pread｛n‘ither《ide｛f》he…entral｝oint   

In｛rder》o‖ssess》he‖bility｛f々CS’or〉eal」alue‘nvironment ， he‖pplied》his」ector 
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to@six ・ multiplexer@test ， and@six@real@number@intervals@between@0.0@and@1.0@were 

provided@in@the@condition ， The@result@showed@that@the@performance@close@to@1.0 ， and 

the@classifiers@in@the@population@with@the@highest@fitness ， but@with@ Ⅰ   w@numerousity@for 

each@classifier ・ This@is@mainly@because@the@real@vector@results@a@huge@search@space ， and 

it@prevents@precise@classifier@required@for@subsumption   

In@[13] ， a@detail@analysis@of@the@real@value@XCS@has@been@pursued ， The@further 

experiments@showed@that@mixed@binary/real@number@conditions@are@8so@able@to@find 

and@establish@the@optimal@sub ・ populations   

(3)@ Applying@Memory@for@Non ・ Markov@Problem 

In@L   9.@a@ZCS@with@bit@ Ⅲ Omory@has@been@proposed@to@complement@the@lack@of@a 

message〕ist ， Their『ork‥emonstrated》hat〇CS『as‖ble》o「tilize》he［emory｜its 

to《olve｝roblems（n¨on ， Markov‘nvironments ， although》he〕earning｜ecame 

unstable@WHen@the@number@of@bits@W8s@expanded ， In@L   0] ， Lanzi@utilized@the@idea@of 

memory@bits@on@XCS@(XCSM)@to@provide@a@solution@to@the@"aliasing@problem" ， As@for 

the‥etail ， wo『ill（ntroduce（n，hapter・   

2.3,3  Ⅰ ヘ Ⅰ ture  Work 

From@these@analysis@and@experiments,@we@concluded@that@the@XCS@is@a@satisfactory@platform 

for@the@further@research,@as@a@re Ⅰ     able@robust@Machine@Learning@architecture ・ And@as@we@have 

demonstrated,@considerable@progress@has@been@achieved@within@a@short@time ・ Clearly@there@is 

much@more@work@to@be@done,@and@some@further@work@is@possible@on@the@use@of@internal@state, 

or@on@hierarchical@invocation@of@classifiers   

In@addition,@the@RL@community@has@gained@considerable@benefits ， and@similar@benefits@Would 

be@seen@for@XCS@investigations ・ Then@a@possible@alternative@avenue@would@be@to@apply@RL 

approaches@to@XCS   

It@is@clear@that@the@real@world@provides@many@opportunities@for@research@Work ， and@it@will 

attract@more@workers@to@use@the@Classifier@System   
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3.1  IntrodUCtlo Ⅱ 

Due to the limitation of agent's sensor ， it maybe result in an agent failing to obtain 

enough  inf0rm は ion  to  distinguish  between  two  di 什 e て e 甜 situ 酷 ions, which  appe 酊 ide 血 ic 犠 Ⅰ 

to@the@agent,@but@require@two@4fferent@actions@to@behave ， Such@an@environment@is@said@to@be 

Non ・ Markov@and@the@agent@is@suffering@from@a@perceptual@8 Ⅰ iasing@problem@L   Ⅰ   ， which@disturbs 

the@agent's@learning@capability@seriously ・ TO@overcome@this@problem,@generally ， we@endeavor 

to@expand@agent ， s@sensation@to@convert@the@Non ， Markov@environment@into@a@Markov@one   

In´   4   ， an（mproved…lassifier《ystem ， XCS has｜een（ntroduced, which（s｜ased on》he 

accuracy@of@the@classifier ， s@payoff@prediction@instead@of@the@prediction@itself ， It@has@been@shown 

to@reach@optimal@performance@in@Markov@problem,@but@failure@in@Non ， Markov@problem   

Based@on@ZCS@[23]@and@ZCS@with@a@temporary@memory@[29] ， XCSM@[30]@has@been@proposed 

by@adding@bit ・ register@memory@to@XCS ， For@the@pre-assigned@fixed ・ length@memory ， there@are 

two@flaws ， One@is@how@to@define@the@fixed@length ・ Generally ， we@set@it@by@counting@the@aliasing 

positionsinagivenenvironmeI Ⅰ 七 ・ Fo ざ asimplem ぬ p,itise 盤 y. Butforaharderone,itis 

not@always@so@exactly@to@realize ， The@second@problem@is@that ， assume@that@we@have@gotten@a 

suitable@memory@length@for@the@maximum@aliasing@positions ， but@for@any@other@positions ， it 

@@   not@necessary@to@use@so@ ⅢⅡ ch@long@memory ・ This@results@in@the@space@waste   

Therefore ， WO@proposes@an@adaptive@XCSM@(AXCSM) ， in@which@only@the@maximum@memory 

lngth@is@set@beforehand ， and@the@appropriate@length@for@each@classifier@varies@from@0@to@the 
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囲 

Figure@3:@ Woodslol   

maximum ・ AXCSM@is@realized@through@a@hierarchical@structure ・ The@first@hierarchy@is@to@ Ⅰ   arn 

a@suitable@memory@length@for@any@given@position,@using@gener8@   XCS ， In@the@second@hierarchy, 

action@is@obtained@by@XCSM ・ Experiment@is@pursued@to@verify@the@validity@of@AXCSM   

The@remainder@of@the@chapter@is@organized@as@follows ・ Section@3.2@presents@the@perceptual 

aliasing@ problem@ and@ XCSM ， Section@3.3@ describes@ the@ adaptive@ memory@ implementation   

Experiments@are@presented@and@analyzed@in@Sect ， 3.4.@ In@Sect ・ 3.5 ， the@future@work@has@been 

prospected   

3.2@ Related@ Work 

3.2.1@ Perceptual@Aliasing@Problem 

A  typ 王 (Calperceptual  ali 盤 ing  problem  is  shown  in  Figs.3.  In  thlsS  thesis,we  indicate  th 乏汀七 

the@ agent@ perceives@ environment@ by@means@of@Boolean@sensors@ that@report@the@contents@ of 

its@eight@surrounding@squares ・ And@the@agent@moves@into@eight@a6acent@directions ， encoded 

using@integer@value ， The@learning@objective@is@to@find@a@shortest@path@to@goal@position@from 

てゐ ndom  St ぬⅠ t   

To@simplify ， the@encoding@for@each@grid@position@is@listed@in@T5ble@2.@ The@agent@perceives 

fr0 Ⅲ NOrth@direction ， and@running@in@a@clockwise@direction ， A Ⅱ d@the@action@is@encoding@as@in 

℡ ble3   

Table@2:@ Perception@encoding@for@environment   

Symbol@ Meaning@ Encoding 

Null Blank 000 

Wall Ill 

G Goal 00 Ⅰ 
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Table@3:@ Action@encoding@for@environment   

Action Encoding 

North 0 

NorthE 憾 t Ⅰ・ 上 

E3% 2 

SouthE 掩 t Q り 

South 4 

SouthWest 5 

w 。 st 6 

NorthWest 7 

For@example,@if@the@agent@is@placed@in@position@marked@with@ 。 A ， as@in@Figs ， 3 ， it@will@perceive 

the@environment@ as@ "111,111,000,000,111,000,000,111" ， and@its@optimal@action@is@ "go@east" ， 

which@is@marked@with@integer@value@2   

As  for  the  FigS.3,we  c ぬ n  see  th み t  the  み ge 丑 h 俺む n  lde 甜 ical  perception  for  two  diStinct 

locations@ 。 A ， and@ 。 B1.@ To@ reach@ goal@state@ 。 G ， ， for@position@ 。 A ， ， the@ optimal@ action@ is@ "go 

southeast";@ while@for@position@ 。 B ，   it@is@ "go@south ， west" ・ The@agent@couldn ， t@distinguish@the 

two@locations,@simply@basing@on@its@sensation@of@the@current@position@in@environment ， Learning 

for@this@kind@of@perceptual@aliasing@problem@is@necessary@and@urgent   

3.2,2  XCSM 

We@have@introduced@the@pTnciple@of@XCS@and@applied@it@@@   a@traditional@Maze@test@problem 

in@Chapter@2.@ With@the@same@setting ， WO@applied@it@on@Woodslol@in@Figs ・ 3.@and@found@that 

XCS@could@not@obtain@the@optimal@solution@to@this@environment ， because@of@its@Non-Markov 

property ， To@behavior@ optimally@in@Woodslol ， the@agent@ needs@ some@form@of@memory@to 

cope@with@the@lack@of@information@provided@by@its@sensors ， We@can@folloW@two@approaches@to 

add@momory@to@the@agent ・ One@is@to@use@ a@ "history@window"@ to@store@its@previous@inputs   

However,@in@this@case,@the@agent ， s@input@space@grows@exponentially@in@the@size@of@the@Hstory 

window ・ The@ other@ is@just@ using@one@ or@ a@few@stored@bits ， instead@ of@a@list@ of@messages ， 

to@make@ decisions@ based@ on@past@ information ・ In@the@later ， past@ experience@ is@ not@ stored 

explicitly@as@in@the@history ・ based@approach,@but@the@agent@ ⅢⅡ st@learn@to@use@the@ ㎎ Cmory@to 

solve@perceptual@aliasing ・ For@example,@let's@consider@an@agent@with@a@one@bit@memory@register 
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to@solve@Woodslol@optimally ， If@the@agent@is@in@the@left@side@of@the@maze ， it@sets@register@to@0; 

if@the@agent@is@in@the@right@side@of@the@maze ， it@sets@register@to@1.@ When@entering@an@ali   sed 

position ， the@agent@selects@the@action@to@perform@depending@on@the@value@of@the@register:@ if 

it@contains@ 0 ， the@ agent@ performs@ "go@southeast";@ if@it@contains@ 1 ， the@ agent@ performs@ "go 

southwest"   

Based@on@this@analysis ， Lanzi@propose@XCSM@in@[30]@for@Non-Markov@environment ， adding 

a@memory@of@bit ・ string@on@XCS ・ In@XCSM ， an@additional@register@with@m@bits@is@added@to@XCS 

architecture ， A ㍽ d@the@classifier@ is@ extended@with@an@ internal@condition@and@an@ internal@action 

from  the  condition  ゐ nd  action  ofXCS,respect!ve け ， to  Se 几 Se  and  悌 o 協 / リ the  co 血 ents  0fthe 

こ下 ddltlon 九 lreglS 七 e 「・Ⅰ n 亡 er コ aJ  COndjtlo 刀ぬ nd  ln 古 eIT]a Ⅰ aC ㎡ On  COnSlst  of  悌 bltS  Of  Ch た九 r 窩 Cte 「 s  ln 

the@ternary@alphabet@{0,1 ， #} ・ For@internal@condition ， the@symbols@retain@the@same@meaning 

as@they@have@for@the@external@condition ， but@they@are@matched@against@the@corresponding@bits 

of@the@register ， For@ internal@action ，。 0'@ and@ 。 1 ， set@the@corresponding@bit@of@the@additional 

register@to@'0 ， and@ 。 1 ， ,@respectively;@ 。 @ ， leaves@the@corresponding@bits@unmodified   

Then ， the…lassifier（n々CSM（s‥enned‖s’ollows ， Here ， the…lassifierXCS（s（llustrated（n 

Sect.2.2.2   

ぱ ㏄， ifi 。 『Ⅹ C 鱗は         

5 は bdJ ひ 5sn/0e グ : clas 囲 n Ⅰ 侮 e Ⅰ x む S 

0%00 れ :  a れ 苛 e Ⅰ れ血 CO れば atto 乱 

0 れ AC 古 :  i れ古 e ㍗ れぬ adWo れ 

0 れ te Ⅰ れ ㎡ CO れ d0t0o れ二 ( く 0  ノ @  く Ⅰ ノ l く井ノ )* 

                                  ( く 0 ノ l く Ⅰ ノ l く井 ノド 

As@for@the@learning@procedure ， XCSM@@Orks@similar@as@XCS ・ At@each@trial ， the@register 

is@initialized@by@setting@all@m@bits@to@zero ， The@difference@lies@in@that@in@XCSM ， internal 

condition@ Ⅲ Ust@also@matches@with@register@when@building@MatchSet ， and@each@combination@of 

an@external@and@an@internal@action@results@in@a@distinct@system@prediction ， The@ActionSet@is 

created,@but@all@classifiers@in@it@have@the@same@external/internal@action ・ The@external@action 

is@set@to@the@ environment ， whi Ⅰ   the@internal@one@modifies@the@content@ of@reSster ， Those 

parameters@update@and@GA@operation@work@as@in@XCS   
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The@experiment@has@shown@that@the@XCSM@utlizes@the@memory@bit@to@disambiguate@the 

aliasing@positions@effectively ・ At@the@same@time ， we@found@that ， for@two@aliasing@positions ， 

XCSM@can@achieve@an@optimal@so Ⅰ   tion@with@one@Ut@of@memory;@but@for@four@aliasing@positions ， 

j   st@two@bits@of@memory@is@not@enough ・ We@must@increase@the@memory@length ・ However ， the 

probl0 Ⅲ WOuld@be@exacerbated@as@the@number@of@internal@bits@increases   

Con5lde 「 lng  ぬ Ⅱ mltatlon  SltUatl0n,When  lnVolvlng  傍 打力 e 『 7t 住 Jco れば侃 ao れれ nd  侮 れ 古 e Ⅰ 几 0zoc 挽 o 几 Of 

m@bits ， the@search@space@of@internal@memory@will@be@a@maximum@of@3"¥@With@the@m@becomes 

larger,@ the@search@space@will@increase@urgently ， Therefore ， adaptive@XCSM@ (AXCSM)@ i   

proposed@in@this@thesis ， Our@oUective@is@to@get@a@smal Ⅰ   r@classifier@set ， and@a@shorter@memory 

for@each@single@classifier@as@far@as@possible   

S.3  AXCSM 

3.3.1@ Architecture@ of@AXCSM 

In、XCSM, agent perceives its present position, and〉ecords its past experience｜y a 

reglster  the  same  盤 th 計 of  XCSM  .But  addltional  p ぬ rameter  mC 仰 Le れ g ヵ れ and  i れ甜托れ 9%, 

Ⅰ れ Ⅴ れ l ひ e,  Ⅰ れ Ⅳ 甘 Ⅲ e 用ひお 侃ひ ha Ⅴ We  been  added  to  dl8ssm 且 er, ぬ nd  de 且 ned  as  below   

classifierAXCSM         

， 梯 dz ㏄団円 鋒 2  :dz ㏄目が e 『Ⅹ CSM 

me 仰 Le れ尹わ : 仰 e 卸 oryle れ %h( Ⅰ れ te 夕 er}) 

0 れ S',W れ S 古 ㌍ e れ g 七わ 

ちれ 7V:i れ W ひ mT も e Ⅰ。 ひ si 苦ひ 

Ⅰ れ Ⅴ : i れ Ⅴ㎡ ひ e 

ぜ %S な 「 e れ g 力 ん         

なれ P  : i れ P Ⅰ Cd イ ㎡ 士 0 れ 

竹冊 ど : 0 れ E ㍗Ⅰ 0 ㍗ 

缶れ托 :i れ ACCU Ⅰ aC ひ 

Ⅰ ア Ⅰ ガ : V ん F 穏れ ess 
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  Env@ 「 Onmen セ   

Pe 「 pUon ド eWa  「 

dlSCoUn 

me  len 鍵 h 

皿 gure4: 持 amework  ofAXCSM   

6 れ V ㎡ ひ e :. 

0 れ E  : i れ Ad0o れ Se 古 Es 椀悌 O 廿 e 

Ⅰ れ Ⅹ :i れ 何 % タ e ㌍ ie れ ce 

i 几 G  : i ん GAf ヵ e Ⅰ O 椀 0 几 

These@parameters@are@defined@the@same@meaning@as@those@corresponding@ones@in@XCS ， While ， 

thelen が h  ofbit-string  of うん力 e 慌 OJco れ切 itdo れ れ nd  i Ⅲ 丁廿 e 朋 ㎡ Oc 枕 o 甘 Ⅰ ぬ renot 且 Xed,butv 窟 rying 

with  仰 e 仰 Le れ 9%  丘 om  l  t0  the  asSigned  m お dmum  in  advance   

The@framework@of@AXCSM@is@outlined@as@Figs ・ 4   

Continue@this@loop@until@termination@criteria@is@met   

(1)@ Hierarchy@@@     get@suitable@memLength@by@general@XCS   

In》his”eirarchy ， for〕earning『ith々CS,《et…ondition｝art‖s》he｝air｛f‘xternal 

condition@and@internal@condition ， and@set@action@as@memLength ， The@parameters 

ちれ疋ノ 七 % れ タ %h7 0 れⅥ aZ ひ eand 侮れ Ⅳ ひ悌 e 巾甘 5a ヵ ひ a 「 e 卸 ppol1 Ⅰ 七 edfo Ⅰ gettlng れ noptlm8laCtlon, 

which  is  de 丘 ned  盤佛 e 悌 Le れ タ %  here   

(a) Set《tarting｝osition‖ndヽegister…ontent〉andomly ， 

(b) Generate（nMatchSet   

Form@inMatchSet@with@classifiers@from@PopulationSet ， whose@condition@and 

Ⅰ ア Ⅰ 力 er ⅡⅠ OJco ア Ⅰ dd 力 Ⅰ 0 ア Ⅰ matches  with  乳 gent,s  perceptl0n  and  register  reSpectively   

Here@bec ぬ use  the  reglster  ls  悌 blts  len 軒 h@and  the  length  of  i 几古 er ん al  co れ ㎡ tWo れ 
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is@variable ， we@just@match@them@within@effective@range ， If@no@matched@classifier 

exists,@a@new@classifier@is@created@using@the@Covering@operator ・ The@external@and 

internal@condition@matches@with@agent ， s@perception@and@content@of@register 

respectively ・ External@and@internal@action@are@set@randomly ， While@the@intern3   

cond!tion  あ nd  internal  action  are  Ⅱ m]ted  with  the  memLm 朗 h,which  聴 set 

randomly@well   

(c)@ Get@suitable@action@(memory@length) ， 

In@an@explore@approach ， we@set@the@memLength@randomly;@otherwise ， we 

calculate‾redictionArray’or‘ach［emory〕ength‖s・q ・ (3-l);‖nd》hen《et》he 

m 抄 こ mum  one 掩 theoptimalone. A た l 養 t,thosecl%si 且 erSin  inM 甜 chSet,which 

have@the@same@memLength@with@the@optimal@memory ， length ， are@devoted@to 

composing（nActionSet   

兄 。 に mnMi れ P*i れ F 
predic 而 omA 『『㎎ [ 悌 e 悌ム e れ gt わ ]= 

兄 。 ，撰 "M 航 Ⅲ 

(2)  H Ⅰ er ぬで chy  2: getop 士 lm ぬ l3ctl0n  ゐ nd  a ん ナ e 悌往ヱユ c が o ん by  XCSM   

(3 一 1) 

(a)  Get  M 航 chSet, 

The  MatchSet  is  composed  ofalldl%siners  in  inMatchSet,whose  佛 e 佛ム e れタ仇 

equals》o》he《elected［emory〕ength‖t》he’irst”ierarchy ， 

(b) Getaction ㎝ d 施鹿 ㎝ 田                 

The  combl]nation  ofaction  and  i 打力 em れ alac 九 o れ isdetermined  by  the  m 盤 

PredictionArray ・ Those@classifiers@in@MacthSet ， which@include@the@selected@action 

and  油塊 卿 Ⅰ Of  ac 七 ion,are  identiRRed  to  form  ActionSet   

(c)  EXecute  ゐ cti0n  窩 nd  i れ世 e ㎜㎡㏄ c ぬ o れ ・ 

Pursue  ac 十エ on  七 0  en ㎡ r0nment, and  upd 品 e  れ gent,S  percep 七エ 0n.  A 七 the  same  女け me, 

the  i 卸 Ⅰ tem Ⅰ Of  ac ぬ o 甘 Ⅰ is  used  to  update  co 庶 e 甜 of  Register   

(d)@ Pursue@Learning@Algorithm@and@Induction@Algorithm   

When@receiving@a@reward@from@environment ， we@pursue@Learning@Algorithm@as 

general々CS’or［ulti ， step｝roblem ， and（nvolve》he！nduction、lgorithm   

(3)@ Pursue@Learning@Algorithm@and@Induction@Algorithm@on@the@first@hierarchy ・ 

一 25  一 



１ @ 

 
 

・
 
ィ
 
よ
 む
 

memL. 」 (en 鰯由 

Figure・ Discounted〉eward｛f、XCSM   

To  update  i れ Ⅴ 繍 u6, 而 3%e れ 9% わ and  i れ Ⅳは 悌 ero は si 晦 with  learning  algor!thm,the 

discounted@reward@or@payoff ， obtained@from@the@second@hierarchy ， has@been@involved   

This willbe illustr 品 ed in Sect.3.3.2   

3.3.2  Discounted  Rew 打 d  Str 甜 egy 

As@mentioned@in@the@previous@section ， the@parameters@in@inMatchSet@will@be@updated@with 

d 聴 cou 憶 ed  rew 酊 d  or  payo は ， acc0rding  to  Eq.(3 り )  and  Ⅲ gs.5.  Here, ぉ means  佛 e 仰ム e 阿坊   

Ⅰ二柳 0//*/W$)=P ㎎ o/ Ⅰ *( ㍊ "; ど 三品千帆㎝一肌肋ホ 杏 
悌 a ア 一皿 卸 ） 

(3 一 2) 

In・q ・ (3-2),｝ayoff（s〉eward」alue〉eceived’rom‘nvironment ， or｝ayoff｛btained’rom》he 

cl 館 si 且 ers  ofneXt  iter み ti0n.  mjnLeng 古方 ぬ nd  ma Ⅹ Le コ gth  is  the  pre-set  m エ nimum  and  maJ(imum 

  memory@length ・ 6@is@a@constant@ranging@from@0@to@1(we@set@it@0.5@here) ・ When@receiving@a 

payoff ， if@the@memory@length@is@minLength@bits@the@whole@value@is@pai4@     if@the@memory@length 

is  m 醗 Le Ⅱ 虹五 bits,the  alloc 舶 ed  payo 什 willbe  discou 血 ed  ぬ ccording  to  あ ・ The  re ぬ lly  received 

reward  value  decre 盤 es  with  悌 e 悌 Le ん gthltnearly   

3.3.3  Delete  Seldom-Accessed  and  Low-F エ七Ⅱ ess  Classi 且 ers 

By@analyzing@the@PopulationSet@in@XCSM ， we@found@that@there@exist@some@classifiers ， which 

are@generated@at@the@beginning@of@the@learning@process ， and@are@seldom@accessed ， 8though 

we@have@involved@the@Induction@Algorithm ・ Then@we@delete@those@Cassifiers@that@are@satisfied 

with@Eq.3-3)   

  け れ x) 
くタ 1 ネタ 2 

( 七一 9)"( 廿 --i れ G) (3 一 3) 

Here ， for@each@classifier ， t@is@the@present@timer@value;@ x@is@ the@accessed@ times ， g@is@last 

accessed  time  in  ActionSet  of  second  hiera Ⅰ chy  by  XCSM  ;  づれⅩ 五 s  と %cces5ed  t 五 mes,  Ⅰ 几 G  is 
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last@accessed@time@in@inActionSet@at@the@first@hierarchy@by@XCS;@ pi@ and@p2@ are@dicounted 

coe 田 cie 廿 ， set  0 ・ 0l  here   

Meanwhile ， there are‖lso《ome…lassifiers『ith〕ow’itness that contributes Ⅱ   ss to》he 

learning@procedure ， They@are@deleted@if@Eq ・ (3-4)@is@satisfied ・ a@is@set@as@0.05.@ Therefore ， if 

fitness@of@a@classifier@is@smaller@than@the@probability@of@the@average@fitness ， it@will@be@deleted   

アく 伐木 
刃 。 z 。 p(/,nUm) 

刃 cs(nU 何 
(3 一 4) 

3.4@ Experiment@and 

3.4.l  Experimen た alDesign 

The@first@experiment@entails@the@implementation@of@a@simple@environment@Maze3 ， shown@as 

in  Ⅲ gs.6.  The  age 丑 perceives  e!g ㎞ squares  adJace 面 to  itself  盤 Ⅱ 叫 LL  ( 。 '),@Free@(Blank) 

or@Goal@( 。 G ， ) ， by@means@of@three@Boolean@sensors@for@each@cell ， The@action@consists@8@directions 

m0wment(No 曲 h,NorthE 養 t,E 養 t,SouthE 飴 t,S0uth,SouthWest,West,NorthWest). The 

learning@oUective@is@to@get@the@shortest@path@to@the@goal@position   

  
Ⅲ 騨 re  6:  EnV!ronment  Maze3(m 打 ㎏ d  with  two  al 協 ing  St 品 es  and  st 打 t  coordin 棚 es)   

In｀aze3 ， the》wo｝ositions［arked『ith 。 A5‖re‖liasing｛nes ・ The‖gent｝erceives（dentical 

sensation@from@these@two@different@positions,@but@it@needs@two@different@optimal@actions@to@reach 

goal@ 。 G'@within@the@shortest@steps ， Similarly ， the@agent@perceives@a@single@sensation@for@the@two 

positions  m 打 ked  with  。 B  ,, 卸 ld  needs  two  difEere 憶 act Ⅰ UOns  養 well.  To  Ⅰ ecogniIge  these  two 

aliasing@states,@we@let@the@agent@start@from@two@corner@positions@(2,1)@and@(10,1)@randomly ， 

To@explain@clearly,@we@refer@AXCSM@which@has@m-bit@minimum@and@n-bit@maximum@memory 

len が h  捧 AXCSM-m-n.  If  七 he  diScussion  is  independe 丑 of  the  memory  len 酊 h,we  refer  t 。 

AXCSM《imply ， 

During》he〕earning｝rocedure,‖ction《election《trategy‖lternatives｜etween‘xplore‖nd 

exp Ⅰ   it｝olicy ・ In》he’inal・ ， the‘xplore《trategy（s》urned｛ff ， and｛nly》he‘xp Ⅱ   it 
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one@is@used@to@monitor@the@learning@result ， Other@parameters@are@set@the@same@as@those@of 

[30].  The  le ぬ rnmng  strate8%  for  e ぬ ch  hierarchy  is  summa て jized  in  Table4  in  det ぬ Ⅱ   

Tab Ⅰ   4     Learning《trategy‥uring》he〕earning｝rocedure   

Explore Explo 比 

XCS@ memLength@ randomly@ determinely 

XCSM external‖ction randomly determinCy 

XCSM interani‖ction determinely determinely 

For》he’irst”ierarchy ， XCS,》he［emory〕ength（s《et〉andomly（n‘xplore｝rocedure ， 

and@is@set@determinately@in@exploit ， At@the@second@hierarchy,@XCSM ， the@external@action@is 

set@randomly@and@determinely@in@explore@and@exploit@procedure@respectively ・℡ Owever,@the 

internal@action@is@determined@by@the@maximum@PredictionArray@in@both@explore@and@exploit 

procedure   

The‖gent ， s｝erformance（s）udged｜y》hree‖spects, averaged《teps》o“oal｝osition（n 

every@ 100@trialS@     averaged@number@of@classifiers@in@PopuLtionSet@for@every@ 100@problems, 

and@the@memory@length@for@all@classifiers@in@the@PopulationSet@after@one@experiment ， All@the 

performance@is@compared@with@that@of@XCSM   

3.4.2  Experiment  on  Maze3 

If》he［aximum［emory〕ength（s《et｜y・ ， the‘ffectiveness｛f、XCSM（s］ot 

so@prominently ・ Since@even@if@all@the@classifiers@are@set@with@the@same@memory@length@as@the 

ma ㎡ mum  len 鮒 h,thei 血 ern3lspaceiSthes れ me 盤古 hatin  XCSM, ぬ nd  isnotso  enormous   

However（f『e《et‖〕onger［emory〕ength ， the〉esult（s‖pparent ・ Here『e《et、XCSM‖s 

AXCSM-1-4:》he［ax｝opulation‖s・ ， and・   

The@result@for@AXCSM-1-4@is@shown@in@Figs ， 7 ， and@XCSM@is@set@with@4@bits@memory@length   

Figure@7(a)@shows@the@average@steps@to@the@goal@position@for@both@AXCS-1-4@and@XCSM   

We…an《ee》hat｜oth｛f》hem…onverge》o》he《ame｛ptimum,｜ut》he｝roposal…onverges 

more《lowly ・ The〉eason（s》hat‖t》he｜eginning《tage,》he‖gent［ust》ry》o“et《uitable 

memory@length@for@each@classifier ， so@that@it@could@not@contribute@to@a@suitable@action   

Figure@7(b)@shows@the@macro-classifiers@number@fluctuating@with@the@learning@procedure   
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The@macro ・ classifiers@number@in@AXCSM-1-4@is@less@than@that@ofXCSM ． Then@we@can@conclude 

that@the@proposal@searches@in@a@compacted@space   
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(a)@Average@steps@to@goal@position   (b)SizeofPopul 蕊 onS 蕊   

  
AXcCSM Ⅱ -4   

XCSM                     

五の仁の 

コ @ 笘の @ 亡 

  

  
  5 ㏄ ] ㏄ 0 Ⅰ 500 2000 

rul0 

(c)@ Ⅴ 8riable@memory@length@for@the@final@Pop ・ 

ulationSet ， 

Figure@7:@Performance@of@AXCSM-1-4@on@Maze3 ， compared@with@XCSM   

Figure@7(c)@shows@the@memory@length@of@all@classifiers@in@the@final@PopulationSet@after@20000 

trials ・ It@is@the@highlight@of@this@proposal ・ WO@have@mentioned@in@Sect ・ 3.3.2@that@we@allocate 

a  disc0u 血 ed  reward  to  cl 館 si 且 er  8ccording  to  its  di 什 ere 血 mem0 て y  len 酷 h.  The  cl 館 si 且 ers 

with@shorter@memory@length@will@be@more@valuable@and@will@survive@with@higher@opportunity ， 

even@if@they@receive@the@same@reward@from@environment ， and@adversely ， the@classifiers@with 

longer@memory@length@will@be@eliminated@more@easily ・ In@Figs7(c) ， the@horizontal@axis@is 

the@classifier ， s@serial@number ， and@the@vertical@axis@is@memory@length@for@each@classifier ， We 

summary@it@in@T8ble@5   

Firstly ， the@curve@of@XCSM@ends@at@about@2373@in@horizontal@axis ・ This@means@that@there 
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T 俺 ble5: Analysislysis｛f‾opulationSet｛n｀aze3. 

populationSize@ ave ， memLength 

XCSM 2373 4@ bits 

AXCSM ⅡⅡ 2091 2.963  bits 

are@2373@macro-classifiers@in@the@final@population ・ However ， in@AXCSM-1-4 ， the@number@is 

2091.@ The@proposal@has@less@number@of@classifiers@than@that@of@XGSM ・ The@result@is@consistent 

with  th 棚 of  田 gs.7(b)   

Secondly ， in々CSM‖ll》he…lassifiers”ave》he《ame［emory〕ength『hich（s・ ・ While（n 

AXCSM-1-4 ， the@classifiers@consist@of@hierarchical@distribution,@with@memory@length@ranging 

fro ㎝ one@bit@to@four@bits ， and@average@to@2.963@bits ， Thus@the@Whole@ ㎎ Omory@space@becomes 

more@ contractible   

3.4,3  EXperiment on  W 円 oodsl02 

To’urther」erify》he｝roposal ， we‖pply（t》o‖nother［ore…omplex‘nvironment仝oodsl02 

shown@in@Figs ， 8(a) ・ In@Woodsl02 ， the@positions@marked@with@'A ， are@aliasing@positions@need 

four@different@actions ， and@positions@marked@with@ 。 B ， need@two@actions ・ In@Figs ， 8@ (b) ， the 

data@pairs@denote@the@coordinates@in@a@two@dimensional@space   

ⅠⅠ 田 Ⅰ 且 ⅠⅠ ⅠⅠⅠ 且 ⅠⅠⅠ 
Ⅰ 1.l Ⅰ G Ⅰ 5.1 Ⅰ 4l,l%G         

        Ⅰ ].2 Ⅰ 乱 2   掻 2 Ⅰ 
  ABA     %3 4.3     
  田 日日 仁 ⅠⅠ Ⅰ田田田ⅠⅠⅠ   
  A 巳 A     笘 7 4,7   
        Ⅰ l,8 口 朗 8 Ⅰ ミ 8 Ⅰ 
甘 l,9 Ⅰ G Ⅰ 5.9 Ⅰ Ⅰ 1.9 Ⅰ G 申桶 9% 

Ⅰ 憶 ⅠⅠ B4 日 ⅠⅠ日田ⅠⅠⅠ 

(a) く b) 

Figure@8:@Environment@Woodsl02 ， (a)@aliasing@states@and@start@coordinates ， (b)@coordinates   

Here『e‖ssume》hat》he、XCSM（s《et‖s、XCSM-1-8 ， and》he《ettings‖re》he《ame‖s 

those@of@Sect ・ 3.4.1.@except@that@the@max@population@is@6000.@ We@suppose@that@agent@starts 

                                                  (1,1),・                   

The〉esult‖nalysis（s《imilar》o》hose｛f：igs ， 7・ ， We《h0W》he‖gent ， s 

trial@track@in@Figs ， 9 ， using@the@population@obtained@after@one@experiment@by@AXCSM-1-8   

Figure・ ， s》rial》rack ， which《tarts’rom’our…orner｝ositions〉espec- 
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( め (b) 

Figure・ Agent;s》rack｛n仝oodsl02「sing、XCSM-1-8   

lively;@and@reaches@to@the@goal@position@within@minimal@steps@successf ℡   ly ， 

In@Figs ， 9(b),@the@integer@value@is@the@memory@length@of@each@position@on@the@route@to@the 

goal ・ This@means@that@when@agent@reaches@to@this@position;@the@agent@needs@this@number@of 

bits@memory@to@remember@its@past@experience ・ For@example,@in@order@to@recognize@the@four 

aliasing@positions@marked@with@circle,@it@needs@5@bits@register;@to@recognize@the@positions@(3,2) 

and@(3,8) ， 7@bits@register@is@necessary ， This@means@that@only@those@classifiers ， whose@length 

of  航 fe 胤 ㎡ co れば ifio れ and  i れ te 慌 ㎡ 0c が o れ are  Hmited  with  the  掩 signed  length  c 沖 l  be  used 

to@determine@the@suitable@action ・ The@shorter@the@memory@is,@the@more@compacted@space@is 

obtained   

However ， as@seen@in@Figs ・ 8(b) ， the@position@(1,1)@and@(5,1)@are@not@aliasing@positions,@and 

thus@we@don ， t@need@any@additional@memory@to@recognize@them@theoreticaly ・ The@same@sit ℡ @ 

ation@occurs@at@position@(3,2)@and@(3,8) ・ However ， as@seen@in@Figs ・ 9(b);@memory@space@has 

been@involved@to@recognize@them@respectively ， WLich@results@in@the@W8ste@of@the@search@space   

To@analyze@the@changing@mechanism@of@the@memory@length,@we@set@it@from@0@bit,@and@observe 

it@ further   

3.4.4@ Further@Experiment@on@Woodsl02 

B 盤 ed  on  the  analysis  in  Sect.3.4,3, we  面 troduce  an  extension  to  the  initial  AXCSM  , 血 

which@the@memory@length@varies@from@obit@to@maxim@ ㎎ ， instead@of@from@ Ibit ， NOW ， we 

apply@AXCSM-0-8@to@Woodsl02@with@the@same@setting@as@AXCSM-1-8.@ The@result@ of@both 

AXCSM-0-8@and@AXCSM-1-8@are@shown@in@Figs ・ 10@for@comparision   

Figure@10(a)@and@Figs ， lo(b)@show@that@AXCSM-0-8@and@AXCSM-1-8@have@similar@perfor- 

mance@on@Woods@102@in@terms@of@the@converge@speed@and@the@macro ， classifiers@number@fluctu- 

ation ・ The@memory@length@of@the@final@population@is@summarized@in@Figs ， lo(c)@and@T@ble@6   
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We@can@observe@that@the@improvement@is@prominent   

Table@6:@ Analysis@of@PopulationSet@on@Woodsl02   

populationSize@ ave ， memLength 

AXCSM-1-8 3273 5.125 bits 

AXCSM-0-8 2829 3.95 bits 

Comparing@the@agent ， s@trial@track@on@Woodsl02@in@Figs ， 9@and@Figs ・ 11 ， we@found@that@the 

agent@has@the@identical@path@to@the@goal@position@within@minimum@steps ， However ， the@memory 

length@on@its@route@is@different ・ As@seen@in@Figs ， ll(b),@in@order@to@recognize@the@aliasing@position 

(2,3) ， (2,7) ， (4,3) ， (4,7) ， we@need@5@bits@internal@memory ， the@same@as@that@of@Figs ， 9(b)   

Nevertheless ， to@recognize@the@non ， aliasing@position@(3,2)@and@(3,8) ， (1,1)@and@(5,1) ， one@bit 

internal@memory@is@enough ， which@is@greatly@shorter@than@that@of@Figs ・ 9(b) ・ This@result@shows 

that@AXCSM-0-8@is@more@effective@than@AXCSM-1-8 ， although@we@still@can@not@recognize@all 

the@non-aliasing@positions@with@optimal@policy@by@now   

3.4.5  Analysis 

To@ verify@the@variable@memory@length@being@more@reliable,@ we@fetch@the@populationSet 

during@the@learning@procedure ， and@apply@it@as@knowledge ， base@to@guide@agent's@action ・ In 

this@experiment ， we@fetch@populationSet@5@times@at@generation@5000 ， 10000 ， 15000 ， 18000 ， 

20000@during@the@20000@generations@learning@procedure:@and@then@apply@them@as@knowledge- 

base@to@direct@agent ， s@action@respectively ・ For@each@population ， agent@starts@from@four@corner 

positions ・ The@average@memory@length@for@each@trial@is@listed@in@Figs ・ 12.@ The@averaged 

memory@length@decreased@gradually@wih@the@learning@procedure@going@on   

Furthermore ， we@show@the@trial@result@based@on@populationSet@at@generation@10000 ， 18000 

and@20000.@ Their@register@content@is@illustrated@respectively@at@Table@7.@ First ， we@found@that 

the@three@settings@converged@to@optimal@routine@within@their@trials ， the@same@as@that@of@XCSM   

Second ， at@each@trial ， the@agent@recognizes@aliasing@positions@by@involving@different@register 

co 血 e 庶 and  v 荻 d  reg 穂 ter  len 酊 h.  For  eXa 皿 ple, 鯖 gener 品 ion  l0000 ， the  d 皿 ere 丑 registers  甜 

(2,3) ， (2,7) ， (4,3) ， (4,7)@are@successful@to@set@optimal@action ， and@the@same@efficiency@occurs 

to@generation@18000@and@20000.@ With@the@learning@proceeding ， the@length@of@valid@register 

decreases@as@we@have@expected(@shown@in@the@last@roV@) ・ Compared@with@that ， for@XCSM ， the 

re 肝 ster  is  a  consta 丑 of  eig ℡ bits,  The  e 伍 ciency  of  proposed  AXCSM  is  app 餌 e 血   
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Table@7:@ Variable@memory@length@and@register@content@during@learning@on@Woodsl02@using 

AXCSM-0-8. 

gen  Ⅰ目上 0000 gen@=@18000 gen  二 20000 

pos@ mLen@ reg pos@ mLen@ reg pos@ mLen@ reg 

(1  1)  4  0000 (11)  1  0 (11)  1  0 

(1  2)  5  10110 (1  2)  4  0000 (12)  1  0 

(23)  7  1100000 (2  3)  5  10000 (2  3)  5  10000 

(32)  5  10010 (32)  1  1 (32)  1  0 
  

(1  9)  3  000 (1@9)@ 4@ 0000 (19)@ 1@ 0 

(1  8)  5  01100 (1  8)  ム 0000 (1@8)@ 4@ 0000 

(27)  5  11011 (2  7)  5  01010 (2  7)  5  01010 

(38)@ 4@ 0011 (38)  1  1 (38)  1  0 

(5  1)  4  0000 (51)  1  0 (51)  1  0 

(5  2)  5  10110 (5  2)  4  0000 (5@2)@ 4@ 0000 

(43)@ 5@ 00100 (4@3)@ 4@ 0010 (4@3)@ 5@ 00000 

(32)  5  00100 (32)  1  0 (32) 1 0 

(5  9)  3  000 (59)  1  0 (59)  1  0 

(5  8)  5  01100 (5  8)  4  0000 (5  8)  4  0000 

(47)@ 5@ 01001 (4  7)  4  0110 (4  7)  4  0110 

(37)  4  0101 (36)  1  0 (38) 1 0 

(38)@ 4@ 0110 (3@7)@ 4@ 0100 

  (38)    1    0   
は Ⅴ 6 ど 巳 ge  memory  Length  (bits) 

4.59 2.81 2.5 
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(c)  Ⅴ 荻 l ぬ ble  memory  len 鯛 h  for  七 he  且 n81 

Population-Set   

Figure・ Performance｛f、XCSM-0-8｛n仝oodsl02 ， compared『ith、XCSM-1-8   

3.5  Conclusion 

We｝ropose an‖daptive々CSM (AXCSM) to［ore…omplex¨on"Markov‘nvironment   

The@classifier@in@XCSM@has@a@fixed@length@of@memory@to@record@its@past@experience ・ However ， 

with@the@fixed@length@becoming@longer,@the@search@space@expands@as@well ， Furthermore ， we 

invoved@a@variable@memory@length@to@XCSM@ (AXCSM),@ranging@from@Ibit@or@obit@to@the 

m お れ mum  length  which  is defined  beforeh む and.  Through  experime 庶 ， we  can  observe  th 荻 t 

by@using@this@proposal,@smaller@population@can@be@obtained@and@the@memory@length@for@each 

classifier@ can@ also@ be@decreased   

Based｛n》he‖bove‖nalysis;『o…an ・ conclude》hat》he、XCSM｛utperforms々CSM ， es- 

pecially@for@complicated@maze ・ However ， on@one@hand ， we@still@need@to@further@analyze@the 
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Figure@12:@Average@memory@length@during@learning@on@Woodsl02@using@AXCSM-0-8   

changing@mechanism@of@the@memory@length@and@its@content ・ On@the@other@hand,@we@can@not 

foresee@hoW@the@AXCSM@ will@behave@in@real-value@environment ． This@will@be@our@concern@in 

  the  future   
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C S ⅠⅠ ! ム 

4.1 Introduction 

In》he｝ast‥ecades,》he〉esults｛f」arious〈uantitative’orecasting》echniques”ave《erved 

as@important@tool@for@strategic@decisions@or@pre ， analysis@of@time ・ series@data@in@a@number@of 

且 eldS,such  た弗 s  the  stock  mar ㎏ t,we 計 her  foTec 盤 ting  乏下 nd  indust て i とん 1 且 owing  co 屈 rol.  The  data 

consists｛f‖《ingle《eries ， or［ultiple」ariables ， The｛bjective｛f’orecasting（s》o’ind《ome 

kind｛f］onlinear〉egularity‖mong》hese」ariables（nvolved ， and》o“ive‖“ood‘xplanation   

In@this@thesis ， WO@mainly@focus@on@the@forecasting@of@financial@market@as@a@concentricity@of 

m モ姑 Ilkind. However,mode Ⅱ ng  Ⅱ e とし l 且 nanc2% 汀 1m 乏下 r ㎏ 七 isnot と汀 n  easy  t 捧 k  f0r 且 nanci ぬ ltrad 士 ng 

and（nvestment［anagement ， The’inancial［arket（s（nfluenced｜y‖《ignificant］umber｛f 

elements@whose@relationship@is@complicated ・ This@makes@the@problem@of@economic@forecasting 

very@ hard ， and@no@ actual@ knowledge@ can@be@ used@ to@judge@ what@ is@ the@ right@ investment 

approach ， Then『e『ill〉eview》hese《ituations（n》he’ollowing《ections   

4.1.1 Classical Economic Theories 

The@Efficient@Markets@Hypothesis@(EMH)@is@one@of@the@milestone@of@current@financial@theory ， 

In  this  market,m れ them 甜 ic み l  models  ofprice  movements  ぬ re  b 捧 ed  on  the  睡 sumptions  of 

rational》raders ， equilibrium‖nalysis‖nd‖ll〉elevant（nformation｝ossessed｜y》he》raders   

Any‥eviations’rom》hese（de3ized…ondition‖re…onsidered》o｜e‘xogenous‘ffects｛r「n ， 
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certai   ty ・ The@hypothesis@first@appeared@in@the@PhD@dissertation@of@Eugene@F ， Fama@at@the 

University@of@Chicago ， under@the@title@ "The@Behavior@of@Stock@Market@Prices" ， The@main 

idea｛f・MH（s》hat（n‖n‘fficient［arket》he‖ctual｝rice（s》he“ood‘stimate｛f（ts（ntrinsic 

value ・ The《tock［arket｝rices‖lways〉eflect‖ll（nformation‖vailable》o》raders ・ The｝ast 

information@can@not@help@predicting@future@prices ， and@the@markets@are@assumed@to@be@free@of 

Ⅰ 且 ern ぬ ldyn8mics  0ftheir  own   

The・MH‖lso…omposes｛f》hree”ierarchies『ith》he’irst｛ne｜eing》he "Weak" form   

The@"Weak"@form@asserts@that@in@a@market,@it@is@impossible@to@predict@the@future@price@on@the 

basis@of@its@past@price@because@all@past@market@prices@and@data@are@fully@reflected@in@prices,@so 

the》echnical‖nalysis｛f｝ast｝rices（s「seless ， The《econd｛ne ， "Semi ， strong"’orm ， refers 

to》he［arket〉eaction｜ased｛n｝ublic（nformation《uch‖s］ews‖nnouncements ， annual 

reports ， etc ・ However,@ WC@still@don ， t@have@a@precise@answer@to@what@should@be@considered 

public@information ・ A@common@guess@is@that@the@easier@it@has@been@obtained ， the@more@li   Oy 

it（s》o”ave‖lready｜een》raded「pon ， Therefore（n》his｝oint｛f」iew,（t（s（mpossible》o 

predict｛n》he｜asis｛f｝ublicly‖vailable’undamental（nformation ・ Finally ， the》hird｛ne ， 

((S tr0ng)@  e 伍 ClenCy@ ぬ n ぬ lyzeS  Whethe て ln Ⅴ 0St0 て S  ha Ⅴ e  P で lv む te  lnfoLm 航 lon  to  t 卸 ke  ぬ d Ⅴ ぬ n 七ぬ ge 

of ・ The@private@information@includes@internal@information,@such@as@a@personal@note@regarding 

a［8or’inancial‥ecision『hich仝ould”ave‖n（mpact（n》he《tock｝rice ・ However,［ost 

people@don;t@believe@that@the@market@is@strong ・ form@efficient   

  EMH｜ecame》he‥ominant｝aradigm「sed｜y‘conomists》o‘xplain》he’inancial［arkets   

As‖n｛pposite》o》he・MH ， inー32] ， Andrew仝 ， Lo‖nd、 ・ Craig｀acKinlay｝rovided‖n 

important‘vidence《howing》hat’inancial［arket（s］ot…ompletely〉andom ・ In》his」olume ， 

they@found@out@that@predictable@components@did@exist@in@recent@stock@and@bond@returns ， By 

looking@at@a@given@historical@sequence ， it@is@clear@that@price@tends@to@ Ⅲ 0ve@in@one@direction@for 

a〕ong》ime ・ Another（dea‖gainst・MH（s》hat・ ， the［ore 

that@the@belief@is@likely@to@be@true ， "@ Therefore ， people@transact@following@the@price@of@each@day ， 

and@they@will@influence@price@movements ・ All@of@these@results@agree@that@the@market@returns 

are｝redictable ， although》he｝redictability」aries｛ver》ime ・ In‖ny…ase ， most《tock［arket 

investors《eem…onvinced》hat》hey…an｝redict《tock｝rice》rends   
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4  .1  .2  Non-C  lass Ⅰ LCal  Econom 五 lCs  Theories 

As@ analyzed@ in@ Sect ・ 4.1.1 ， the@ prediction@of@financial@market@ as@ a@time@ series@ becomes 

feasible@to@some@extent ， In@the@last@decade ， a@number@of@different@methods@have@been@applied 

in@order@to@predict@stock@market@movement ・ These@methods@can@be@classified@into@categories@of 

technical@analysis@methods,@fundamental@analysis@methods ， traditional@statistics@method ， and 

intelligent@method ・ Technical@analysts ， know@as@chartists ， attempt@to@predict@the@market@by 

tracing@patterns@from@charts@of@the@historic@data@of@the@market@as@described@by@Malkle@[32]@for 

example ， Since@this@method@may@depend@on@psychological@factors@and@technical ， occupational 

knowledge ， it@is@mainly@used@by@experienced@financial@professionals@and@financial@groups@Who 

have@vast@special@knowledge ・ Fundamental@analysts@study@the@intrinsic@value@of@a@stock ・ It 

is@h0pful@to@predict@the@market@on@a@long ， term@basis ， The@traditional@statistics@methods@L   3   ， 

such@as@linear@auto ・ regressive@analysis@models@and@principal@component@analysis@models ， create 

linear@prediction@models@to@trace@patterns@of@historical@data ・ Finally,@a@number@of@methods 

have@been@developed@in@the@intelligent@method@category ， including@Evolutionary@Computation 

(EC) ， Machine@Learning ， as@well@as@Neural@Networks@(NN) ， etc   

Here,@Wo@focus@on@the@Intelligent@Method ， and,@in@particular ， mainly@on@EC@and@Machine 

Learning ， As@effective@learning@algorithms ， Artificial@Neural@Networks@have@been@widely@used 

to@deal@with@stock@market                                       and‖re‖ble》o（dentify”ighly］on ， linear［odels   

However ， the@main@disadvantage@of@these@methods@is@the@absence@of@an@internal@memory ， which 

m 由 ces  itCmi 伍 cult  to  c む pture  the  dynamics  ofla Ⅰ g0 日 scale  七 ime  series  d 計 8.  Although  recurre 舐 

ANNs@have@been@developed@employing@some@form@of@internal@memory@ Ⅰ   5] ， several@problems 

occurred@in@the@application@of@these@methods ， The@bottle-neck@problem@is@that@local@over ・ 

fitting@is@very@likely@to@happen ， If@this@problem@does@occur ， the@model@is@only@appropriate@for 

a@specific@period ， For@a@large@number@of@data,@it@is@difficult@to@get@optimal@results ， Moreover, 

the@limits@of@readability@of@NN@make@it@difficult@to@be@analyzed@because@of@its@ "b Ⅰ   ck@box" 

property ， while@the@high@CPU@requirements@of@NN@computational@implementations@are@also 

well@know   

Aside’rom¨N［ethods ， GA（s‖nother｝opular‖lgorithm「sed（n｝rediction’ieldsー9 ， 

36 ， 37   ， These@evolution@inspired@computational@methods@have@received@widespread@use@in 

financial@time@series@forecasting   

In｛rder》o analyze》he《tock［arket efficiently ， hierarchical learning《ystems ， such as 

NXCS@[15]@ and@Hybrid@Intelligent@system@[38] ， are@often@constructed@by@combining@several 
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sinSe@algorithm@together,@and@obtain@better@performance@than@those@systems@which@use@one 

single@algorithm   

Inー15] ， a［ixture｛f”ybrid‘xpert…onsists｛f‖“enetic…lassifier‖nd‖n‖ssociated‖rtificial 

neural］etwork ， The’ormer（s「sed》o’ind〈uasi-stationary〉egimes『ith》he’inanci8   data 

series ， and@the@latter@is@assigned@the@task@of@making@predictions@ on@the@market@ changing 

trend@of@the@next@day ・ In@[38],@it@deals@with@the@hybridized@techniques@used@for@stock@market 

forecasting‖nd［arket》rend‖nalysis ， by［aking「se｛f‖］eural］etwork’or》he］ext‥ay 

stock@forecasting@and@a@new@neuro ， fuzzy@system@for@analyzing@the@trend@of@the@predicted@stock 

values ， In@this@system ， a@neural@network@is@applied@on@the@stock@forecasting ， After@that:@the 

deviation｛f》he｝redicted」alue’ro ㎝ the〉equired」alue‖s‖’uzzy」ariable‖nd「sed‖’uzzy 

inference《ystem》o‖ccount’or》he「ncertainty ， 

Except@for@the@methods@involving@one@identical@agent ， as@mentioned@above ， many@other@work 

h 捧 been  focused  on  Mult Ⅱ Age 庶 system,which  m ㎡ nly  constructS  an  ゐ rti 且 c ぇ alstock  m ぬ Tket 

to《imulate》he〉eal［arket,》o‖nalyze（ts［utual《imilarity‖nd（nternal〉egularityー39.・ 

to@simulate@the@stock@market@to@acquire@the@maximum@profit@by@transacting@with@market@[41 ， 

42:@43] ・ All@of@these@methods@involve@a@Multi ， Agent@structure@to@analyze@the@internal@dynamics 

of’inancial［arkets ， Analysis｛f》hese‖gent｜ased《ystems”as《hown》hat《imulation｛f》he 

real［arket can｜e「sed》o‘xplain》he『0rking｛f’inancial［arkets ・ Hence ， it｜ecomes 

possible@to@study@price@dynamics@in@a@more@diverse@environment@that@can@be@closer@to@reality ， 

and@then@analyze@its@properties   

For‖ll》he｝roposals〉eferred‖bove:》hey］eed》o｝redict》he》rend｛f’uture｝rice…hange 

by@obtaining@either@a@buy@or@a@sell@signal,@based@on@the@historical@data@of@given@market ， Now 

we@pay@great@ attention@to@the@changing@direction@forecasting@of@the@next@time,@ rise@or@fall   

Based｛n》he’orecasted…hanging‥irecti   n,〉ise｛r’all;『e…an“ive‖n（ndication》o》he］ext 

investment,@ sell@or@buy,@ to@get@maximum@profit ・ In@this@paper,@we@proposed@a@Hierarchical 

XCS@(HXCS) ， which@integrates@XCS@[24] ， an@GA ・ based@RL@algorithm ・ The@HXCS@is@used@to 

combine@the@knowledge@of@plural@agents@to@remedy@the@insufficiency@of@one@single@agent ・ In 

the@higher@levels@of@the@hierarchy ， RL@@@   used@to@determine@how@to@shift@among@those@ Ⅰ   cal 

models@for@a@changing@trend ・ In@the@lower@levels@of@the@hierarchy:@an@agent@is@trained@by@the 

XCS@method@to@learn@and@forecast   

The〉emainder｛f》he｝aper（s｛rganized‖s’ollows ・ Section・ 

learning@architecture@ proposed@in@this@thesis ・ Experiments@ are@presented@ and@ analyzed@ in 
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Sect ・ 4.3.@ Sect ， 4.4@and@Sect ・ 4.5.@ Section@4.6@outlines@a@conclusion ， and@discusses@the@future 

work ・ 

A.2 ierarchical@ XCS 

4  .2  .l  C  lassi 且 er  D  e 且 nition 

Generally, the［ost｜asic〃@y｛f｝reprocesSng‥ata（s｜y《imple［oving‖verage ， The 

moving@average@is@ calculated@by@taking@an@average@of@the@last@ L@values ， The@parameter@L 

represents@the@period@length@for@moving@average ・ This@kind@of@simple@moving@average@works 

well%n  sim 山村 lng  ㎝ ld  ぬ n 櫨 yzing  the  且 n ぬ ncialm 打 kets.  How0 Ⅰ 碍 r, ミ t  ト di 田 cult  to  de Ⅱ ne 

the  movlng  aV 俺 「 age  l 血 e 「 Val  L@and  dl 伍 CUlt  to  Predlct  whethe ど an  age 血 Can  「 eCognlZe  「 e ぬ Ⅰ 

changes@pattern@effectively ， 

Moreover ， it@is@difficult@to@predict@all@situations@correctly@by@means@of@a@single@agent ， It@is, 

however,@more@possible@to@predict@certain@special@situations,@for@example,@ an@agent@may@be 

successful@in@situation@A ， but@failure@in@situation@B ・ We@therefore@use@multiple@agents@here   

Each@agent@concentrates@on@a@local@changing@area ・ By@the@cooperation@of@all@these@agents,@a 

complex@task@can@be@accomplished@to@a@higher@degree@of@accuracy ， 

Here,@we@make@use@of@heterogeneous@groups ， In@each@group ， there@are@several@agents@Wth 

the  same  le ぬ Ⅱ ning  s 七でぬ te 弗 『・ Then  for  all 包 ge 庶 S,they  may  be  homogene0us  or  heterogeneou5   

Each‖gent〉ecognizes》he‘nvironment》hrough（ts｛wn」ision『indoW, and〕earns｜y》he 

XCS@method ・ We@now@define@the@structure@of@each@agent   

(1)@Condition@definition@for@heterogeneous@groups   

We（ntroduce》wo》ypes｛f“roups（n》his［odule, naming》hem；roupl‖nd；roup2. In 

order》o《et》he‖gent's｝erception『ith‖｜it《tring,》wo《teps‖re》aken   

Stepi:@ The@agent@perceives@a@series@of@moving@average@values   

Figure@13@shows@the@perception@of@agents@in@Groupl@and@Group2@at@trading@time@t@respec ・ 

Ⅱ vely. M 方 t,m  meansthe  aWragevaluefromtime  亡 back  to  廿 me  t-m.In  Figs,13(a),theagent 

recognizes・ In：igs ， 13(b) ， the 

agent@recognizes@its@vision@hierarchically ・ First ， it@gets@6@ Ⅲ Oving@average ， all@with@an@interval 

length@of@10.@ The@6@moving@averages@are@calculated@using@continuous@source@data@but@without 

dupli   ation ， The@agent@then@gets@a@further@12@moving@average@from@time@t@with@an@interval 

一 %0  一 



length@of@5.@ These@12@average@values@are@also@calculated@using@continuous@and@no ・ duplicated 

d 軸み   

StepS: The‖gents ， real」alue｝erception（s》ransferred（nto‖｜it《tring’or》he｝urpose｛f 

learning@by@XCS   

In@Fig ・ 13 ， if@the@inequality@is@satisfied,@the@corresponding@bit@value@is@set@as@ 。 1 ， ， otherwise ， 

l Ⅱ s set 養 。 0 ，   

At》hs《tage ， we”ave》hus《uccessfully《et‖n‖gent:s｝erception’ormulated‖s｜it ， string   

The@agent@in@Groupl@perceives@24@bits ， while@the@agent@in@Group2@perceives@18@bits   

B 比 Representation 

'  M" 耶 9.l0 。 M" 邸 0 ・ l0 

B 辻 Representation   

" 。 "'" 皿 ． " 。 M ぬ ".' 。 。 ℡ ぬ 。 ． ' 。 。 M" 、 ． ' 。 

'  Ⅱ " 。 "".'   。 。 ' 仏   ". 。 。 '  M""' 。 ・ ' 。 M"t め '.6 

    8@ MAt-54 ， B<@MAt-80.@8 

  M"" 。 '.' 。 。 Ⅱ ", 。 ・ ' 。   

    "  M" 。 " 。 M 由 。 ・。 

' 。 M"t"l.20 。 '&At.20 "  Ⅱ " 。 。 。 M" 。 ・。 

(a)  Groupl   (b)@Group2   

Figure・ Group《etting   

For《implification,『e）ust「se》wo“roups『ith｛ne‖gent（n‘ach“roup,‖nd Ⅳ O‥enote 

them  by  Age 皿 M  and  Age 皿 t2  respectiWly   

(2)@Prediction@definition@of@the@next@changing@direction   

In@this@section,@W0@explain@how@to@transfer@the@changed@price@value@into@integer@directions@for 

le 餌 mingd 航 a. Thede 丘 miti(on  iside 庶 icalfordi 丘 ere 甘餌 oups   

First,@we@set@the@direction@number@as@2@*@m ・ Directions@0. ，， m@@@1@denote@an@ascending 

trend,@the@next@price@will@be@greater@than@the@present@price ， Direction@m ，， ・ 2@*@m@@@1@denote 

descending@trend ・ Second ， w0@preprocess@the@r8@@data@to@get@the@max@and@min@changed@vaue 

between@any@two@neighboring@data,@as@given@by@Eq ・ (4-l) ・ Third,@wo@get@the@changed@v8ue 

between@the@present@data@and@its@next@data@by@Eq ， (4-2),@ and@normalize@it@as@in@Eq ・ (4-3) ， 

which@must@be@satisfied@together@with@the@inequalities ， (4-4) ， Finally ， we@get@the@chanSng 

d 廿 ec 血 onfrom  Eq.(4 一 5)   

悌 ㏄ 宙 c わ 0 れ ge=  m れ Ⅸ (l ぉ Ⅰ 十 1 一隻 <l)  ア 。 Ⅰ azz 笘士 
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悌 0 れ じ わ % れ ge 二 mmn(l% 坤 Ⅰ一男 Jl)  Ⅰ。 ㌍ CM/  勒 (4 一 1) 

d 丘 ec ㎡ on  = 

㌃ e ㎡ C わ O 几 ge=  宙 t+l 一毛 

lre ぬ C わ O んタ el 一円 施じわ色れ ge 
れ C わ % れタ e= 

仰 0? むわ 0 れ 9e 一肌 佛れじ わ % れ 96 

0 くれ ひん 0 几 ge く   
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0 %Of じ れ 0 れ弱主 0  %  れ Cha れ雙廷 P0 ， 色 a] 

  

m  一 l  re 協 C わ 0 れ ge 主 0  紅れ むわ G れ ge6  (am 可 ，Ⅱ 

(4 一 5) 

竹 Ⅰ re ㎡ C わ 0 れ ge く 0  %  れむわ ㏄ れ ge モ [0 ， 戊 0] 

  

 
 土

 
Ⅰ
 

 
  

 

m
 

 
 

 
 C

 
 
 

れ
 
9
 

 
 

C
 れ
 
れ
 

劫
 

0
 く

 
 
 

℡
 
g
 

 
 

ひ
ん
 

 
  

 

 
 

 
 

l
 
Ⅱ
 よ
 

 
 

抑
 
T
 

 
 

2
 

  

FoF  di 丘 ere 憶 eXpehment  Setting,we  can  set  the  p 餌 M Ⅱ eter  m  掩 1, 2  0r  4, etc,  Then  the 

total@direction@number@is@two,@four,@or@eight@respectively ， 

We〉emark》hat ， in》he〉UV‥ata,》he…hanged」alue（s］ot‘qually‥istributed’rom［in ・ 

C №㎝ getom れ Ⅹ C №飢ど e,butinste ぬ d  clusteringne 酊 the ㎝Ⅰ nC № 荻 gee,with  fewerd 航 aadjace 庶 

to》he［axChange ・   TO［aintain‖｜alance｛f‥ata‖cross‘very‥irection ， WO「se‖《tepwise 

function. Ford 丑 ere 甘 d 酷 asources,di は ere 血 valuesofthevariablea  № Eq. は 一 8)aredefined   

4.2.2  Hie で き Ⅰ ch 王 calLe 打 ning  Str れ土 egy 

In@this@approach,@all@agents@are@identical@XCSs,@and@are@combined@with@a@Q-Learni   g@model   

For@each@classifier@in@XCS ， WO@make@use@of@a@Q ， Ⅴ @lue@parameter@in@addition@to@the@original 

parameters@described@in@Chapter@2.@ The@Q ， Ⅴ 8lue@parameter@acts@like@a@ "guard"@ that@allows 

the@XCS@to@be@activated ・ It@is@used@to@j   dge@to@what@extent@the@agent@can@devote@to@recognize 

the@present@change@pattern@correctly ， The@parameter@of@XCS@denotes@to@predict@the@changing 

direction ， 
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That@is@to@say ， the@multiple@agents@first@try@to@identify@the@current@trend@of@the@market ， and 

then@apply@locally ・ sound@strategies@to@decide@what@action@to@take ， For@each@region,@only@one 

agent@is@entrusted@to@make@prediction   

Based on》his architecture ， WO…onstruct a”ierarchical〕earning《trategy‖s‥epicted（n 

Figs ・ 14.@ In@the@higher@hierarchy,@we@use@a@Q ・ Learning@algorithm@to@discern@which@agent@is 

more@cognitive@to@the@current@market's@changing@trend ・ An@optimal@agent@is@then@assigned 

to@pursue@the@next@prediction ・ In@fact,@the@learning@procedure@is@not@q ℡     te@identic8@   to@Q ， 

Learning,@but@instead@employs@the@Widrow ・ Hoff@delta@rule,@given@by@Eq ・ (4-6) ・ In@the@lower 

hierarchy,@the@selected@agent@is@assigned@to@forecast@the@next@up ・ down@trend@based@on@XCS   

For@each@pattern,@only@one@agent@is@entrusted@to@be@suitable   

  

  
ENVIRONMENT   

Figure@14:@ liYamework@of@HXCS   

Q(st+i,@at)@=@Q(st,@ot)@+@/?@*@(r@-@Q(st,@04)) け -6) 

In@details,@for@a@given@scene@of@the@environment,@each@agent@first@perceives@its@own@vision,@and 

then@constructs@its@MatchSet@from@the@population ・ Next,@the@averaged@Q ， Value@is@calculated 

for@each@MatchSet ・ The@agent@with@the@maximum@averaged@Q 、 Value@is@considered@to@be@the 

most@accurate@agent@at@recognizing@the@changing@pattern ・ Thirdly;@this@assigned@agent@is@then 

used@to@predict@the@next@changing@tendency@using@XCS ・ Finally,@the@resultant@reward@is@used 

to@update@the@Q ， Value@and@the@XCS@parameters@for@this@assigned@agent   

As仝0”ave［entioned（n，hapter・ ， the‘nvironment〉ecognized｜y々CS…an｜e‥ivided 

into@single ， step@and@multi ・ step@problem ， FOr@these@two@kinds@of@settings ， the@XCS@ learDng 

framework@is@also@different ， Here@this@forecasting@application@is@denned@as@single ， step@problem   
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After@ one@ forecasting@step,@ it@ recCves@ reward@ or@zero@ immediately ， and@then@the@Learning 

Algorithm@is@pursued   

4,2.3  Improvem 臥 れ№ rXCS 

In@this@proposal ， since@we@use@bit@string@to@label@stock@changing@waveforms ， it@is@difficult 

for@XCS@ to@ recognize@ all@ situations@ perfectly ・ It@ is@ not ， however ， necessary@ to@ match@ the 

changing@trend@ pattern@ with@ each@ classifier@ perfectly@ in@ a@prediction@ system ・ Thus@ when 

predicting@the@unknown@data ， we@modify@the@matching@rule@from@perfect@matching@to@fuzzy 

matching ， and@set@the@mismatch@probability@to@10% ， Suppose@that@the@bit@string@is@18@bits@in 

length ， then@the@mismatch@bit@will@be@one@bit@or@two@bits ・ We@then@get@the@classifiers@which 

match@the@perception@bit@string@perfectly,@and@also@those@classifiers@which@have@one@or@two@bits 

mismatching ， It@may@appear@that@some@accuracy@has@been@reduced ， However,@since@we@only 

inqujre  the  trend,one  o Ⅰ two  bits  di 廿 ering  does  not  greatly  infHuence  the  oWraAlforec 盤 t.  A 七 

the@same@time,@the@fuzzy@matching@will@lead@to@a@prediction@result@derived@from@more@related 

infnormation   

4.3  Experimem 十工 

In@this@experiment ， we@use@the@hit ， rate@to@evaluate@the@prediction@performance ， Because@in 

XCS@@O@use@integer@values@for@changing@direction ， the@prediction@accuracy@can@be@distinguished 

between  perfect  h 祐 - て醜 e  ㎝ d  direction  hit- Ⅱ ぬ te.  Asshown  in  Eq.(4 一 5)  (in  Sect.4.2.1),direction 

0@means@that@the@ascending@range@is@smaller,@while@m@@@1@means@a@larger@ascending@range   

When@calculating@the@direction@hit ・ rate ， both@direction@0@ or@m@@@1@ mean@ascending ， The 

direction@hit-rate@means@that ， for@the@real@changing@directiono ， all@the@forecasted@directions 

from@0@to@m-1@are@deemed@to@be@correct@forecasting ・ The@same@situation@occurs@for@directions 

佛 ， 2  *  ㎜ 一 L  № co 丑 r 榛 t,a  pe ㎡ ect  hit-rate  me 抽 s  th 舖 the  l 庶 eger  value  ofthe  forec 俺 ted 

changing@direction@has@to@precisely@equal@the@real@changing@direction ・ Unless@otherwise@stated ， 

in@the@following ， prediction@accuracy@refers@to@the@direction@hit ・ rate   
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Table@8:@ Statistic@comparison@of@direction@hit ， rate@among@random@prediction ， trend-following 

str 航 e 甜 and  HXCS  (Proposed  method)  (%)   

HXCS@ trend ， following@ random ， prediction 

m 怒 87.1 64 61 

mmn  54.5 43 42 

average  67.8 54.5 51.3 

4.3.1 Comparison『ithゝrend-Followingヾtrategy 

Although@a@lot@of@research@has@proved@that@stock@market@tendency@is@predictable@[44 ， 45] ， 

there@are@still@many@people@doubt@on@its@feasibility,@as@reviewed@in@Sect ， 4.1.@ To@further@ver ， 

ify》he｝redictability ， @O’irstly…ompare》he’orecasting｝erformance｛f？XCS『ith》hat｛f 

trend ・ following@strategy@model@and@the@random@walk@strategy ， The@r@V@data@is@ToPIX@index 

from@Mar ・ 2000@to@Jul ・ 2004 ， obtained@from@Yahoo!@finance ・ In@this@section ， all@the@time ， series 

data（s‥aily…losing｝rice ・ WO《et》he‥irection］umber｛f？XCS‖s》wo,》hen》he‥irection 

iside 丑土丘 ed  8ccordingtoEq.(4 一 7). コ 死 Yend- セ 01lowingstr 鯖 eg う戸 modelme 窩 Ⅱ s も h 航 ifthevMueof 

today@is@lower@(higher)@than@yesterday ， s,@then@the@tomorrow's@price@will@be@lower@(higher)@than 

that@of@today's ・ Random@walk@means@that@it@does@not@use@any@reasonable@strategy@to@forecast 

the］ext》rend,「p｛r‥own,｜ut）ust《ets（t〉andomly ， Figure・ ， rate 

of‖verage・ ・ TO…ompare》hem…learly ， WO《ummarize》he‥is" 

tinctive@variable@in@T8ble@8.@ We@find@that@the@proposed@HXCS@ outperforms@trend ・ following 

str 航 e 驚 r  sigIli 丘 c8%1y,  wh Ⅱ e  tren 由 following  Str 舐 e 弗 r  ol 止 performs  random  walk  s Ⅱ gh た ly,  We 

applied》he《ame‘xperiment｛n《everal｛ther‥ata, and｛btained》he《imilar〉esult ， From 

this｝oint ， @O…an…onclude》hat’orecasting》he《tock｝rice（s」aluable》o《ome‘xtent ， at 

least@superior@to@the@random@walk ・ The@deeper@consideration@strategy@can@obtain@better@per ・ 

formance ・ From@noW@on,@Vo@will@verify@that@our@proposal@has@a@superior@level@of@performance 

by‖《eries｛f‘xperiments’ollowed   

１ % 

0  re 初口わ ange  ノ 一 O 
direct Ⅰ on  二 

1 real むゎ ange  く 0 
(4 一 7) 
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0.8 

  
  

  
0 ・ 4 

0 ・ 3 

0 ・ 2 
200 Ⅰ -   2004-12 

time 

Figure@15:@Trend@comparison@of@direction@hit"rate@among@random@prediction ， trend-following 

strategy@and@HXCS@(proposed@method)   

4.3.2  Comparison  with  Single  Agen ぉ 

In》his‘xperiment,『e《et》he｝rediction‥irection］umber‖s’our;‥irections・ 

ascending ， while@direction@2@and@3@are@descending,@ as@given@by@Eq ， (4-8) ・ For@a@different 

data@source,@ a@different@value@of@a@may@also@be@selected ， Then@the@performance@of@HXCS 

is@compared@with@one@single@agent@(Agent@1@and@Agent2)@separately ・ Each@single@agent@learns 

using@traditional@XCS@only ， 

We｝ursue｛ur｝roposal｛n’our（ndexes ， NIKKEI ， NASDAQ ， TOPIX ， HSI・ 

Index) ， and@also@other@eleven@stocks,@ which@are@randomly@selected@from@the@components 

of@KDDI ， This@data@is@taken@from@the@daily@closing@price@from@Jan ・ 2000@to@Dec ・ 2004 ， 

downloaded@from@Y8hoo!@finance ・ The@result@is@the@average@of@10@experiments@with@the@same 

parameters@settings ・ The@population@size@is@100 ， learning@period@is@50@days ， generation@for 

one@learning@period@is@10000;@and@total@data@to@be@forecasted@is@1100.@ Interested@readers@can 

refer@to@Chapter@2@and@[24]@for@the@detailed@parameter@setting@of@XCS   

0  %OfC ゎ ange 二 0  位 れむれ a れ些 E  [0 ， 目 

l  『 e ㎡つわ 0 れ ge 主 0  紅れ ひん 0 れ 雙臼 (Q,l] 

direction@= 

2  re ㎡ C わ ㎝ タ e く 0  %  れじ わ ange 廷 P0 ， 目 

3  rC ㎡ C わ 0 れ ge く 0  位 れ C わ 0 れ geG  ( は ， 1] 

The‖verage‥irection”it ・ rate（s〕isted（nゝ8ble・ The…olumns｛f・ 

represent@the@direction@hit ， rate@using@Agent@1@and@Agent2@separately ・ These@are@traditional 

methods@using@just@ a@single@agent;@ learning@by@the@XCS@ algorithm ・ The@coumn@ "HXCS" 

一 46 一 

(4 一 8) 



Table@9:@ Comparison@of@direction@hit-rate@between@single@agent@and@HXCS@on@15@financi6   

data@(%)   

NASDAQ 

HSI 

TOPIX 

NIKKEI 

KDDI 

HONDA 

NEC 

TOSHIBA 

SONY 

TOYOTA 

mJiJyukou 

Shin@Nihon@ Setetsu 

Nihon@Express 

SanyyoDenk け 

Shin@Nihon@oil 

Agenti@ Agent2@ HXCS 

66.9 

68.1 

63.9 

66.4 

64.1 

61.9 

70.1 

63.5 

64.6 

61.7 

65.3 

67.1 

65.0 

65.9 

65.9 

70.8  73.8 

69.7  72.9 

67.2  69.6 

69.0  72.6 

70.0  72.2 

64.8  68.0 

70.7  76.0 

66.9  70.1 

68.8  72.4 

66.3  68.9 

68.7  71.3 

68.5  71.7 

68.2  70.3 

68.4  71.9 

67.5  71.8 

gives@the@result@of@the@proposed@HXCS ， From@these@results ， we@found@that@the@proposal@got 

around@a@2-3%@higher@accuracy@than@that@of@a@single@agent   

We@noW@consider@why@the@Hierarchical@XCS@outperforms@a@single@agent ， By@analyzing@the 

final@experiment@result@of@the@previous@10@experiments@on@ToPIX@index;@1100@data@for@all ， we 

summarized@the@prediction@detail@in@T8ble@10.@ '0'@means@that@the@agent@forecasts@successfully, 

while@ :@X'@means@failure ・ For@example ， the@results@of@row@ :B ， mean@that,@when@forecasting 

a@given@changing@trend;@Agenti@fails,@Agent2@succeeds ， while@the@proposed@HXCS@also@fails   

Among  the  total  l100  d 材 a,75  dat あ h 盤 been  fbrec み sted  in  this  situation   

In@the@upper@four@rows;@HXCS@selects@Agenti@as@its@optimal@agent;@while@for@the@lower@four 

rows ， HXCS@obeys@the@strategy@of@Agent2.@ For@example ， in@the@first@row@labeled@'A ，， none@of 

the@three@strategies@could@forecast@successfully ， with@this@situation@occurring@67@times@out@of 

the@total@1100@data ， The@same@situation@also@occurs@at@row@ 。 E ， ， Thus@overall ， out@of@the@1100 

data@to@be@forecasted;@168@data@could@not@be@forecasted@correctly@by@any@of@the@strategies ， By 

contrast ， in@row@ 。 D'@and@ 。 H' ， all@of@the@strategies@are@successful   

Here@we@mainly@focus@on@the@rows@labeled@ 。 B5@and@ 。 C' ， In@row@ 。 B ， ， Agenti@fails ， while@Agent2 

is@successful ・ Because@HXCS@declares@Agenti@more@accurate@at@this@position ， the@final@result 
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Table・ Comparison｛f‥irection”it‖mount｜etween《ingle‖gent‖nd？XCS   

A 色 e 血 l  Age 血 2  HXCS  c0unt 

A@ X     67 

B@ X O   ア援 

C@ 0   O 103 

O D O O 156 

X E     Ⅰ 01 

O F     110 

G O O Ⅰ 65 

O H 0 O 323 

of@HXCS@will@be@consistent@with@Agentl ， This@results@in@a@failure@in@HXCS 。 s@forecasting@on 

75  d 甜 a.  It  seemSth 甜 HXCS  h 榛 f ㎡ led  航 thispoi 甜 ， butJudgme 血 Should  notbep ㏄ sed 

too early ・ In〉ow 。 C ， ， the opposite《ituation｛ccurs ， Because HXCS obeys》he policy of 

Agenti ， it《ucceeds｛n・ ， We…an》hus《ay》hat？XCS｛utperforms》he《in8e‖gent 

at@this@point ， Although@HXCS@ leads@to@some@mistaken@forecasts,@ it@recognized@more@data 

success 伍 lly,  S え mila ど result  打 e  obtained  by  anlalr;yzing  the  lower  four  rows,  where  HXCS  is 

obeying》he｝olicy｛f、gent2   

This@is@consistent@with@our@objective ， Given@a@changing@direction@trend ， the@Hierarchic3   

XCS@tries@to@determine@which@single@agent@outperforms@the@other ・ An@appropriate@suitable 

age 丑 Ⅴ @ijllbe  determined  fo て each  differe 血 trend   

Based on the same experimental result used above ， WO consider hoW the Cassifiers in 

Agenti@and@Agent2@work ， Table@11@lists@the@matched@classifiers@for@a@given@scene@of@the@two 

single@agents ， For@each@MatchSet ， we@first@ calculate@the@average@Q ， Ⅴ 8lue ， and@assign@the 

agent…orresponding》o》he〕arger」alue》o｜e》he《elected‖gent’or？XCS ・ Here ， Agenti（s 

selected｛f…ourse ・ Then’or｀atchSet｛f、genti ， the‖verage｝reReward’or‘ach‥irection（s 

calcu 協 ed  b 盤 ed  on  Eq.(4%),w ㎡ g 比 ed  by  丘七 neSs  ぬ nd  given  in  the  l 億 t  c0lumn. The  direction 

with@maximum@preReward@is@selected@as@the@best@forecasting@direction ， Thus@direction@3 ， with 

an‖verage｝reReward・ ， is《elected‖s》he｛ptimal‥irection’or》his》rend ， In｛rder》o 

analyze@the@effectiveness@ of@HXCS,@ we@ also@ calculate@the@optimal@direction@as@determi   ed 

by@Agent2.@ With@the@same@procedure ， direction@1@is@determined@as@the@optimal@prediction   

Direction・ ， while‥irection・ 

increase“reatly ・ In’act ， from》he〉aw‥ata ， we’ound》hat》he〉eal…hanging》rend’or》he 
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next@day@is@a@large@descent ， This@result@supports@that@we@have@obtained@correct@forecasting 

result@based@on@Agent@1   

@@(preReward@*@fitness} 
avePreJReward@= 

刃乃施 esS (4 一 9) 

4.4@ Experiment2 

4.4 ユ Ⅴ 打 iable  Reward  S 廿吋 egy 

Generally ， WC@use@a@profit@sharing@plan@as@the@credit@ assignment@L   6   ， where@a@constant 

reward@is@paid@to@each@classifier ，Ⅱ Owever,@as@montioned@in@Sect ・ 4.3.2.@if@the@total@direction 

number@is@set@as@four,@ directions@0@ and@ 1@ are@appointed@to@the@same@changing@tendency ， 

but@corresponding@to@a@different@changing@range ， If@the@real@changing@direction@is@1 ， then@a 
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Table@12:@ Direction@hit@detail@by@HXCS@on@NIKKEI   0 2 3 4  5  6  7  Hit-R 航 e(%) 

0@ 17@ 27@ 21@ 9 29 71.8 

1@ 23@ 46@ 32@ 14 32 78.2 

2@ 18@ 22@ 41@ 43 40 75.6 

3  12  6  22  72 28 80 

4 48 21  21  19  7 58.6 

5 30 21@ 22@ 23@ 9 71.A 

6 27 21  27  53  41 84 

7 177 7@ 15@ 20@ 97 89.1 

real@ direction   

4.4.2@ Comparison@between@Multiple@R0gression@Analysis@and 

Having（ncluded‖」ariable〉eward（nヾec ， 4.4.1 ， we｝lan》o’orecast》he…hanging」alue   

Although@our@proposal@in@this@thes@@   mainly@focuses@on@changing@direction@prediction ， reverting 

the@direction@prediction@to@changing@value@prediction@will@help@us@illustrate@its@efficiency@more 

clearly ・ Based@ on@the@inversion@processing@of@Eq ， (4-10) ， we@ can@revert@ integer@ changing 

direction@to@changing@value   

We@compare@the@simulation@of@HXCS@with@that@of@a@single@agent ， and@also@with@that@of 

Multiple@Regression@Analysis@(MRA)@[33] ， a@traditional@statistic@algorithm ， The@rUV@data 

is@the@NIKKEI@index@from@Jan ， 2001@to@oct ・ 2001 ， with@total@200@data ， In@MRA ， multiple 

variables@like@opening,@closing,@high ， and@low@price@have@been@involved ， We@use@Excel@2003 

to  calcul%e  the  eStim 品 ors  of  coe Ⅲ cie 廿 s  for  each  p 酊 ameter,which  餌 e  glven  by  Eq. は 一 12)   

The@simulation@curve@has@been@shown@in@Figs ・ 16 ， compared@wih@real@value@respectively ， The 

statistics@comparison@is@listed@in@T8ble@13@as@well   

prediction・ 

一 0.01521 ホ Jow  +  0 ． 707544  本 cJo5e 十 150 ・ 68 (4 一 12) 

From：igs ， 16 ， we’ound》hat ， the｀ultipleヽegression、nalysis｛utperforms？XCS『ith 

less@deviation@to@real@value ， and@the@coherent@result@ appears@in@T3ble@13.@ Compared@with 

HXCS ， the@MRA@has@less@MAE(Mean@Absolute@Error) ， RMSE(Root@Mean@Square@Error) 

and@MRE(Mean@Relative@Error)@compared@with@HXCS(defined@as@Eq ・ (4-13)) ， However ， the 
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(a)@Multiple@Regression@Analysis   (b)@HXCS   

Figure@16:@ Simulations@of@Multiple@Regression@Analysis@and@HXCS@(proposed@method) 

Table@13@     Statistics@comparison@between@Multiple@Regression@Analysis@and@HXCS   

@  M 紬 HXCS 

MAE I82 242 

却 '" 239 3I5 

MRE 0 ． 015 0.020 

HitR は e(%)  54 72 

opposite〉esult‖ppears’or》he”it ・ rate（n‖greement『ith‘xpectation ， We〉ecall》hat｛ur 

objective@is@to@get@a@higher@direction@hit ， rate ， rather@than@perfect@simulation@accuracy ， By 

analyzing@the@prediction@ data@in@detail ， we@ obtained@the@ following@conclusion ・ For@ a@re8   

upward》rend『ith changed value a ， WO’orecast an upward with…hanged」alue 3・ 

HXCS ， and@a@downward@trend@with@changed@value@0.5@*@a@by@MRA ・ The@simulation@deviation 

of@HXCS@is@then@2@*@a ， while@that@of@MRA@is@1.5@*@a ・ Since@here@we@placed@emphasis@on@the 

correct’orecasting｛f》endencies,｛n》his｜asis『e…onfirm》hat》he？XCS（s《uperior》o｀RA   

Although》he‥eviation｛f｀RA（s《maller ， it（s［inor ， The〉esults《how》hat？XCS“ets‖ 

higherdirection  hit-r 鯖 e,butalsohllgherdeviat も ion  th 抑 lMRA   

N 

M 朋 -  ヰ， 兄 祐 - 卸 
i Ⅰ幸二 

N 

  ， 一 1 
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(4 一 13) 

4 。 5 Ⅰ SCUSS Ⅰ O Ⅱ 

These‘xperimental〉esults」erify》he‘ffectiveness｛f？XCS（n’orecasting》he］ext’luctu ・ 

ation@trend ・ It@is@superior@to@not@only@traditional@trend ・ following@strategy ， but@also@a@single 

agent@model ・ We@now@discuss@some@aspects@of@the@advantage@and@limitations@of@the@proposed 

HXCS   

(1)ヾet《uitable〕earning《trategy’or‖n‖gent   

We@ use@ two@ heterogeneous@ agents@ w@hin@ a@hierarchical@ learning@ structure,@ @@   order@ to 

overcome@the@shortcoming@of@one@single@agent@arising@from@its@narrow@vision ， However,@there 

are@some@issues@which@should@be@discussed@regarding@the@present@setting ， First,@ there@are 

several@variables@associated@with@a@real@stock@market ， such@as@closing ， high,@low@and@opening 

price,@volume,@and@so@on ・ All@these@factors@affect@the@whole@market ・ However,@here@we@only 

consider@ daily@closing@data ， which@ does@not@ completely@represent@ real@fluctuations ・ If@the 

agent@vision@expands@to@other@variables,@the@performance@may@improve   

Secondly, the｝erception｛f｝resent》wo‖gents（s‥enned‘xperimentally ・ We…ould］ot 

confirm@their@effectiveness@theoretically ， 

In@conclusion,@the@two@problems@above@focus@on@h0W@to@define@an@agent ， s@perception@effec ， 

lively,@with@fewer@agents@obtaining@as@ Ⅲ ℡ ch@valuable@information@as@possible ・ This@is@the@first 

area@of@investigation@for@future@work   

(2) ， Acqu エ hre  optimalagentamong  multiple  agents   

In@this@proposal,@we@use@the@Q ， Learning@method@for@the@upper@hierarchy@to@select@the@more 

appropriate@agent@from@two@candidates ・ If@Wo@use@more@than@two@agents,@ hoW@to@combine 

these@agents@in@order@to@absorb@useful@knowledge@is@another@issue@which@should@be@considered   

(3)@Predict@changing@tendencies@with@one@single@agent   

Based｛n》he’oundation｛f》he「pper”ierarchy（mplemented『ith＿ ・ Learning ， the｛ptim8   

agent@can@give@a@more@accurate@prediction@of@fluctuating@changing@trends@by@means@of@its@local 

modC@   employing@XCS ・ This@is@the@highlight@of@HXCS   

(4)@Forecast@changing@value@with@one@single@agent   
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Besides@the@changing@direction@prediction,@ variable@reward@strategy@helps@provide@an@ap ・ 

proximate@prediction@value ， However ， HXCS@is@inferior@to@MRA@when@judged@on@the@basis@of 

statistical@analysis ・ This@is@because@HXCS@is@orientated@toward@direction@forecasting ・ Good 

dlrectlon.forec 盤 tlng  m 窃 y  be  捧 socl 航 ed  wlth  ぬ larger  error  ln  the  ch ぬ nglng  value.  As  ら n 

improvement,@ we@can@further@refine@the@directi   n@forecasting ， According@to@our@experience, 

the@value@prediction@will@then@obtain@a@higher@accuracy ， However ， accompanying@this,@the 

learning@complexity@of@XCS@will@significantly@increase ・ Thus@selecting@an@optimal@compromise 

between@accuracy@and@learning@complexity@is@another@issue@ Ⅳ Lich@ Ⅲ Uy@be@addressed   

4.6@ Conclusions 

In》his｝roposal ， we（nvolve‖？ierarchical々CS’or》ime《eries’orecasting｝roblem ・ Dif ・ 

ferent@from@general@used@approaches,@in@HXCS,@we@focus@on@the@changing@direction@forecast ， 

instead@of@the@quantitative@prediction ・ By@experiments,@ we@found@that@it@is@superior@to@not 

o Ⅲ y  tradition3l  trend イ o1lowing  str は e 臆 『， but  alSo  the  s8me  str ぬ te 勒 r  wi 七 h  one  single  ぬ ge 庶 

and@one@layer@learning   

B 掩 ed  on  the  adv ぬ ntage  ㎝ ad limjt 輔 ion, 養 we  have  discussed  above, we  willfocus  our 

attention@on@the@cooperation@of@a@higher@number@of@agents@and@changing@value@prediction@in 

the@future ・ Finally,@ applying@HXCS@on@time ・ series@data@from@another@area@forms@our@next 

proect ，， It@is@a@wider@field@that@can@benefit@mankind   
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B 養 ed  0n  七 he  related  work,a  ser!es  ofCl%si 丘 e で System  h ぬ s  been  pr0ved  to  be  a  s 鯖 ts 俺 ctory 

platform ， as@a@reliable@robust@Machine@Learning@architecture ， which@combines@RL,@ EC@and 

other@heuristics@to@produce@adaptive@systems ， Its@advantage@has@been@approved@greatY Ⅰ espe ， 

dally@for@the@complex@problem ， In@this@thesis,@we@mainly@focused@on@two@aspects@originating 

from@XCS ・ One@is@to@benefit@the@structure@of@XCS@by@adopting@adaptive@internal@space;@the 

other@is@based@ on@hierarchical@invocation@of@classifiers ， They@correspond@to@multi ・ step@and 

simple ・ step@problo Ⅲ respectively ， 

(1)@The@first@proposal@centers@on@Non ・ Markov@environment@confronted@with@autonomous 

agentco 庶 rol   

We｝roposed‖n‖daptive々CSM《ystem・ 

with@Non ， Markov@property ， which@involved@a@hierarchical@structure@to@adapt@to@the@variable 

len 酊 h  ofmemory  space, Ⅰ む Ⅱ ging  from  0  b 土 t  to  the  ma 対 mum  length.  The  eXperime 血 a い eSultS 

show@that@the@adaptive@XCSM@converges@to@the@same@optimal@strategy@as@XCSM ， but@within 

shortened@search@space ・ Based@on@the@analysis@of@experiment@result ， we@found@out@that@the 

corresponding@register@content@ changed@ as@the@ agent ， s@perception@varied ・ As@the@learning 

proceeded ， a@sub ・ optimal@adaptive@memory@length@has@been@obtained ・ The@future@Work@will 

be@continued@on@more@complex@problem,@even@for@a@real ・ value@environment ， in@order@to@observe 

the@changing@mechanism@of@variable@memory ， and@seek@higher@efficiency ・ 

(2)@The@second@proposal@focuses@on@the@stock@market@forecasting@problem   

When@ analyzing@ a@real@ stock@ market,@ in@ general ， we@ pay@more@ attention@ on@qualitative 

changes@first ， and@then@on@tracing@the@quantitative@changes ， In@order@to@forecast@the@stock 

market ， we@propose@a@Hierarchical@XCS@system ， HXCS ， Each@agent@learns@through@a@hierar- 

一 55  一 



  

chical@structure,@by@applying@RL@approach@to@XCS ・ With@the@combination@of@multiple@agents ， 

the@narroW@vision@of@one@Sngle@agent@can@be@overcome@in@order@to@predict@the@next@changing 

tendency ， up@or@down ， Through@experiments@on@several@Woll-known@stock@indices@and@stock 

markets,@the@multiple@agents@can@cooperate@with@each@other@to@acquire@higher@diecti   n@hit ， 

rate@than@just@using@one@single@agent ・ We@just@used@two@agents@in@this@proposal,@based@on@one 

single@kind@of@data@in@stock@market@(daily@closing@price) ・ How@to@involve@more@variables@from 

raw@data ， or@more@learning@strategy@of@agents@will@be@the@prospect@in@the@future   

Be 巨 des  the  tendency  prediction,  we  int tooduced  ど a  variable  ゴ ew 肛 d  s 捷 ate 弗 r  in  di 丘 ere ㎡ 

prediction@accuracy ， which@helped@providing@a@value@prediction ・ However,@ the@proposal@is 

inferior@to@Multiple@Regression@Analysis@on@statistic@analysis,@since@we@pay@attention@on@di ・ 

rection@first ， The@right@direction@forecast@may@be@followed@by@a@great@error@in@changed@value   

By@increasing@the@direction@numbers ， the@value@prediction@will@become@more@efficient ， but 

the@learning@complexity@of@XCS@will@increase@as@well ・ This@is@another@deficiency@in@achieving 

higher@performance   

In@summary ， for@many@tasks@in@Artificial@Intelligence ， problo@@solving@is@to@get@the@regu ， 

Ⅰ 荻 ities  on  eXp で essing  a  giVen  problem.  As  mo て e  di Ⅲ cu 比 p Ⅰ oblemS  餌 e  c0nsidered,the  size  of 

search@space@grows@quickly,@and@it@becomes@important@to@summarize@regularities@into@compact 

ぬ lowledge  b 盤 e.  The  Cl 盤 8iner  System, 穏 a  common  used  i 甜 ellige 廿 method  with  compac 七 

represe 庶 ation,will  品 tract  more  atte 且 ion  in  realworld   
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