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Do
umentation of XCS+TS C-Code 1.2Martin V. ButzIllinois Geneti
 Algorithms LaboratoryDepartment of General EngineeringUniversity of Illinois at Urbana-Champaignbutz�illigal.ge.uiu
.eduAbstra
tThis is the do
umentation of the XCS 1.2 C-
ode released on the IlliGAL web-page. The
ode in
ludes the option to apply tournament sele
tion as well as several other new features in
omparison to the XCS1.1 release. Moreover, XCS parameters as well as experimental settings
an be spe
i�ed in a parameter �le so that re
ompiling is not ne
essary anymore. Finally, anadditional output �le is generated that determines means and standard deviations over the runexperiments. XCS 1.2 is written in ANSI C. This do
umentation explains the general outline ofthe 
ode, all possible parameter manipulations, and how to test this implementation on otherproblems (environments).1 Introdu
tionThis paper serves as a manual for using the XCS 
ode version 1.2 written in ANSI C that is freelyavailable at the IlliGAL anonymous FTP-site. All instru
tions are suited for LINUX operatingsystems. However, the 
ode is written in ANSI C so that the transfer to other programmingenvironments should not 
ause any problems.The 
ode is based on the algorithmi
 des
ription in Butz and Wilson (2001) in
luding allfeatures inWilson's original XCS paper (Wilson, 1995), the enhan
ements inWilson (1998), Kova
s'deletion method (Kova
s, 1999), and the tournament sele
tion option published in (Butz, Sastry,& Goldberg, 2003). The 
ode was extensively tested on several Boolean fun
tion problems as wellas several multi-step maze problems.The papers �rst gives information about how to download the 
ode, extra
t the sour
e 
odepa
kage, 
ompile the 
ode, and run the 
ode. Next, the general 
ode stru
ture is des
ribed and allparameters are explained. Default parameter settings are suggested. It is also shown how XCS maybe applied to other 
lassi�
ation or multi-step problems. Finally, the stru
ture of the performan
eoutput is explained.2 How to Download, Extra
t, Compile, and Run the 
odeThe pa
kage with the sour
e 
ode and some examples are available at the IlliGAL Anonymous FTPsite in ftp://ftp-illigal.ge.uiu
.edu/pub/sr
/XCS/XCS1.2.tar.Z.2.1 Download and Extra
tAfter downloading the pa
kage into a dire
tory, the dire
tories and �les 
an be extra
ted by typing:1



un
ompress XCS1.2.tar.Ztar xvf XCS1.2.tarWhen extra
tion the �les a new dire
tory, 
alled XCS, will be 
reated that 
ontains thefollowing:Envs 
lassifierList.
 woodsEnv.hMakefile 
lassifierList.h x
s.
a
tionSele
tion.
 env.h x
s.ha
tionSele
tion.h paramDefault x
sMa
ros.
boolFktEnv.
 woodsEnv.
 x
sMa
ros.hboolFktEnv.hThe subdire
tory Envs 
ontains the 
odes for several simple maze environments.2.2 CompileThe 
ompilation works with the provided Makefile that 
an be found in the 
reated XCS1.2dire
tory together with the sour
e 
ode. A simple 
all of make 
ompiles the �les and 
reates theexe
utable x
s1.2. A 
all of make 
lean deletes all *.o, *.out, and *� �les. A previous 
all ofmake 
lean before make is not ne
essary, though.The Make�le 
an be modi�ed by altering the following options:� Line 14: 'CC' allows to 
hoose the preferred C 
ompiler. By default, the 'g

' 
ompiler is
hosen.� Line 15: 'CC OPTS' allows to 
hoose diverse 
ompiler options.� Line 16: 'LINKFINAL' spe
i�es the linked utilities. The '-lm' 
ag is mandatory here.� Line 18: 'ENVIRONMENT' spe
i�es the �le name in whi
h the environment 
ode 
an befound. The default is set to boolFktEnv | the environment 
ontaining diverse Booleanfun
tion problems.� Line 19: 'OUTPUTFILE' allows to spe
ify the name of the exe
utable.2.3 Run the CodeAfter the 
ode is 
ompiled with the intended environment, the program 
an be exe
uted by typing:x
s1.2In a multi-step environment an additional attribute has to be spe
i�ed, whi
h is the nameof the �le in whi
h the maze is 
oded. For example, to start the program with the Woods1environment, simply type (after re
ompiling with the 'ENVIRONMENT' ma
ro in Makefile setto 'woodsEnv'):x
s1.2 Envs/Woods1.txtAny other maze 
an be spe
i�ed in the same manner.2



main
startExperiments
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startOneMultiStepExperiment

doOneSingleStepProblemExplore
doOneSingleStepProblemExploit

doOneMultiStepProblemExplore
doOneMultStepProblemExpoit

writePerformance
writeAveragePerformance

initializeXCS
setMacroValues

copyXCS
freeXCS

fprintXCSFigure 1: The 
ode hierar
hy of the 
ode in x
s.
. Conne
tions denote the fun
tions that 
allmore indented fun
tions.By default, parameter settings are read from the ma
ros set in 'x
sMa
ros.h'. Default pa-rameters that spe
ify environmental properties further are set in the 'env.h' �le. However, it ispossible to manipulate nearly all parameter settings by spe
ifying a parameter �le when startingthe program. paramDefault spe
i�es one su
h parameter �le. This �le is read line by line. A linestarting with a # symbol is ignored. Moreover, all lines are ignored that do not 
ontain at least twostrings separated by one or more spa
es and/or tabulators. All other lines are parsed assumingthat the �rst string spe
i�es the name of the parameter to be set and the se
ond string spe
i�esthe parameter value. Parameter names that are unknown are ignored produ
ing an error message.Performan
e output is written to two �les ending with .txt and .tab. The name of the �le 
anbe spe
i�ed in the x
sMa
ros.h �le in the 'TAB OUT FILE' fun
tion. Alternatively, parameter'tabOutFile' 
an be spe
i�ed in the parameter �le with the 
orresponding �le name.3 An Introdu
tion to the CodeThis se
tion summarizes the di�erent sour
e 
ode �les of the XCS 
ode. Furthermore, it gives anintrodu
tion to the implementation of the multiplexer and woods environments and it outlines howto plug-in other test environments. Finally, the possible parameter manipulations are listed.3.1 The XCS 
ode3.1.1 x
s.
, x
s.hIn the x
s.
 / x
s.h �les the high level learning pro
edure is implemented. Moreover, the exe
utionof multiple experiments is supported determining averages and standard deviations of the learningprogress over several experiments. The 'main' method is found here. Moreover, initialization tools,the fun
tion that parses the parameter �le, and performan
e output methods are lo
ated here.Figure 1 sket
hes the 
orrelation of the diverse fun
tions. Fun
tion names found on one level are
alled from the fun
tions on the next higher level.The method 'startOneSingleStepExperiment' 
ontrols the exe
ution and monitoring of one 
las-si�
ation problem. In order to monitor the 
lassi�
ation progress exe
ution swit
hes between3



exploration mode ('doOneSingleStepProblemExplore'), in whi
h a normal learning iteration is exe-
uted, and exploitation mode ('doOneSingleStepProblemExploit'), in whi
h the best 
lassi�
ationis 
hosen and 
orre
tness of the 
hosen 
lassi�
ation is monitored. No learning takes pla
e inthe exploitation mode ex
ept for 
overing. Similarly, the 'startOneMultiStepExperiment' 
ontrolsthe exe
ution of one multi-step experiment in
luding problem resets (teletransportation, 
f. Lanzi,1999). Again, exe
ution swit
hes between one exploration trial ('doOneMultiStepProblemExplore')and one exploitation trial ('doOneMultiStepProblemExploit'). In this 
ase, parameter adjustmentsare also applied during exploitation as is usually done in the literature.The header x
s.h spe
i�es the 'x
s' stru
t that 
ontains all parameter settings for the XCSsystem. All parameters in this stru
t 
an be spe
i�ed in the mentioned parameter �le referring tothem by their name.3.1.2 
lassifierList.
, 
lassifierList.h
lassifierList.
 implements all fun
tions related to the handling of 
lassi�er sets and 
lassi�ersitself. The 
reation of a random 
lassi�er list is implemented �rst. Next, the mat
h pro
ess isspe
i�ed with the possibly ne
essary 
overing me
hanism. A
tion set generation and parameterupdates in a set (usually the a
tion set) 
an be found next. After that, the dis
overy 
omponent isimplemented in whi
h the geneti
 algorithm is applied to a set of 
lassi�ers (usually also the a
tionset). Tournament sele
tion as well as proportionate sele
tion me
hanisms 
an be found next. Afterthat, 
rossover and mutation operators are implemented and �nally insertion of o�spring as well assubsumption. Next, several 
lassi�er list operations su
h as addition or deletion of a 
lassi�er froma list 
an be found as well as output operations of a 
lassi�er or a whole 
lassi�er list as well as asimple sorting routine for a 
lassi�er list. Finally, operations on the 
ondition part are implemented.The 
ondition part is implemented as a single 
onne
ted list that spe
i�es the spe
i�ed attributesonly. All unspe
i�ed attributes are impli
itly set to don't 
are symbols.The header 
lassifierList.h spe
i�es the stru
ture of the 
ondition part as well as thestru
ture of a 
lassi�er and a 
lassi�er list.3.1.3 a
tionSele
tion.
, a
tionSele
tion.hA
tion sele
tion is handled in these �les. That is, the generation of a predi
tion array is spe
i�ed aswell as diverse sele
tion methods partially dependent on the generated predi
tion array. Epsilon-greedy a
tion sele
tion is supported.3.1.4 x
sMa
ros.
, x
sMa
ros.hThe header spe
i�es all ma
ros used in the XCS system. Parti
ularly, all default values of the XCSsystem are spe
i�ed here. Moreover, the random number generator is implemented supportingthe generation of a random number underlying a uniform distribution or a normal distribution aswell as the time-dependent randomization of the generator. Additionally, 
onversion operations ofstring to double and integer are provided.3.2 EnvironmentsProvided with the 
ode are an environment that implements several Boolean fun
tions as well asan implementation of a maze environment, whi
h o�ers the appli
ation of diverse maze (or Woods)environments. The environments are 
oded in the .
 and .h �les of boolFktEnv and woodsEnv,4



respe
tively. In order to apply XCS to either one of them, the parameter 'ENVIRONMENT' in theMake�le needs to be set to the appropriate environment name and the 
ode needs to be re
ompiled.3.2.1 General Environment FrameworkIn order to test XCS on a problem, an environment �le needs to be implemented and spe
i�ed inthe Make�le. The following fun
tions must be implemented for su

essful appli
ation:� int isMultiStep() must return true (1) if the implemented fun
tion is a multi-step problem,i.e., if problem instan
es depend on ea
h other (as for example in the maze problems). If theproblem is a 
lassi�
ation problem, the method should return zero.� int setEnvParam(
har *type, double value) is the fun
tion that supports parametersettings in the environment. A parameter name spe
i�ed in type that was not re
ognizedin x
s.
 will be passed on to the linked environment. The method should return 1 if theparameter spe
i�ed was re
ognized and was su

essfully set to the spe
i�ed value. Otherwise,zero should be returned.� int getConditionLength() returns the length of the problem instan
es.� int getPaymentRange() returns the highest possible payment re
eived.� int getNumberOfA
tions() returns the number of a
tions (
lassi�
ations) possible in theproblem.� double doA
tion(
har *state, int a
tion, int *
orre
t) exe
utes (or tests) the a
tionin the 
urrent state (or the 
urrent problem instan
e). Parameter *
orre
t is set to one if the
lassi�
ation was 
orre
t and to zero otherwise in the 
ase of a 
lassi�
ation problem. In amulti-step problem, *
orre
t should be set to true if reset should be 
alled (e.g. in the woodsproblem, if a food position was rea
hed). Returns the immediate reinfor
ement re
eived.� void resetState(
har *state) is 
alled after ea
h problem instan
e in a single step (
lassi-�
ation) problem and after a goal was rea
hed or a maximal number of steps was rea
hed ina multi-step problem.� int initEnv(FILE *fp) is 
alled in the beginning of the runs to initialize the environment.Returns if the environment was initialized properly. If zero is returned, the program exits.The �le pointer spe
i�es a �le that may 
ontain additional information (as in the multi-stepproblem a maze �le).� void freeEnv() frees any allo
ated spa
e for the environment. This fun
tion is 
alled beforethe end of a run.� void fprintEnv(FILE *out�le) writes parameter settings of the environment. This infor-mation is printed on the s
reen after initialization as well as in the generated output �les.On
e these fun
tions are implemented with the proper meaning, XCS 
an be tested on the newenvironment instead of on one of the provided environments. Sin
e the output is independent ofthe implemented environments, performan
e and all other measures produ
ed in the output �lesshould be meaningful. The two implemented environments are explained in the following and mayserve as further referen
es. 5



3.2.2 The Boolean Fun
tion EnvironmentThe environment supports the following Boolean fun
tions:1. Constant2. Random3. (Layered) Multiplexer4. (Layered) Con
atenated Multiplexer5. Biased Multiplexer6. Hidden Parity7. (Layered) Count OnesThe respe
tive fun
tions 
an be 
hosen by setting the parameter of the 
hosen fun
tion equal to 1.Only one fun
tion may be 
hosen at a time. The stru
t 'booleanEnv' in the header boolFktEnv.hspe
i�es all settings that 
an be manipulated by setting the parameter by the means of the param-eter �le. Per default, one experiment of the 20 multiplexer is run. The following manipulations arepossible:� 
onstantFun
tion Spe
i�es that a 
onstant fun
tion is applied.� randomFun
tion Spe
i�es that a random fun
tion is applied.� parityFun
tion Chooses the parity fun
tion.� multiplexerFun
tion Exe
utes the multiplexer or layered multiplexer fun
tion.� 
on
atenatedMultiplexer Exe
utes the 
on
atenated multiplexer fun
tion (possibly lay-ered). The number of 
on
atenated multiplexers is determined by the number of multiplexersof size 'multiplexerBits' �t into the 
hosen '
onditionLength' value. Remaining bits are irrel-evant and are set randomly during a run.� biasedMultiplexer Chooses the biased multiplexer fun
tion.� 
ountOnesFun
tion Spe
i�es that the 
ount ones fun
tion is exe
uted.� samplingBias Determines the proportion of positive instan
es presented.� addNoiseToA
tion Spe
i�es if and whi
h type of noise should be added to the 
lassi�
ation.Hereby, 0 adds no noise, 1 adds Gaussian noise to the payo� resulting from either 
lassi�
ation,2 only for 
lass 0, 3 only for 
lass 1, 4.XX probability of other out
ome spe
i�ed in .XX(implements the alternating noise, that is, an instan
e that was a
tually 
lassi�ed 
orre
tlyis treated as an in
orre
tly 
lassi�ed and vi
e versa with probability .XX), 5.XX same butonly for 
lassi�
ation 0, 6.XX same but only for 
lassi�
ation 1.� a
tionNoiseMu The amount of skew in the Gaussian noise 
ase.� a
tionNoiseSigma The standard deviation in the 
ase of Gaussian noise.� paymentRange The maximum payo� provided.6



� 
onditionLength The 
ondition length of the problem. This parameter must be set equalor larger than the number of relevant bits in the problem. If it is larger, the other bits do notmatter and are generated randomly for ea
h instan
e.� paritySize The number of relevant bits in the hidden parity problem.� multiplexerBits The number of address bits in the multiplexer problem ('
onditionLength'should be equal or greater than (multiplexerBits+ 2multiplexerBits)).� payo�Lands
ape If the problem is layered (applies only if the (
on
atenated) multiplexerproblem is 
hosen).� bmpX The x value of the xy-biased multiplexer.� bmpY The y value of the xy-biased multiplexer. The '
onditionLength' should be set greateror equal to bmpX + 2bmpX(bmpY + 2bmpY � 1)).� 
ountOnesSize The number of relevant bits for the 
ount ones problem.� 
ountOnesType The type of the 
ount ones problem (0=normal 
ount ones, 1=layered
ount ones).3.2.3 Maze EnvironmentThe maze environment implemented in woodsXCS.
 and woodsXCS.h. Basi
ally any standard mazeor woods environment 
an be run by 
alling the initialization routine with a �le that 
ontains aproper maze or woods environment. Examples of su
h mazes 
an be found in the subdire
toryEnvs. Moreover, the environment 
an be 
ontrolled by several ma
ros spe
i�ed in woodsXCS.h(parameter setting with the parameter �le is 
urrently not supported):� WOODS LENGTH OF ONE ATTRIBUTE Spe
i�es if a per
eptual attribute is 
odedby two or three bits.� WOODS PAYMENT RANGE Spe
i�es the reward when food is en
ountered.� WOODS ADD NOISE TO ACTION Adds noise in the reinfor
ement of an a
tion. Thea
tions that en
ounter this noise are de�ned by the binary 
ode of the spe
i�ed value (0 �addNoiseToA
tion � 256).� WOODS MU The mean of the Gaussian noise added to the reward (if spe
i�ed inaddNoiseToA
tion).� WOODS SIGMA The standard deviation of the Gaussian noise added to the reward (ifspe
i�ed in addNoiseToA
tion).� ENEMY EXISTS If set to one, another agent is simulated that runs around in the mazeat random.� RANDOMBIT EXISTS If set to one, another random bit is added to the sensory string.� SLIPPROB Spe
i�es the probability of an a
tion ending up in a neighboring position inpositions that are slippery. Slippery positions are 
oded by '1' instead of '*' in the environmenttext �les. 7



� RESET ON REWARD Spe
i�es if a reset should be exe
uted when reward is en
ountered(usually set to one).The default setting is found in the ma
ro values spe
i�ed in woodsXCS.h �le. Several other ma
rosare found here whi
h spe
ify a mapping from the 
urrent state to the binary sensory input. Thealteration of these ma
ros should not be ne
essary.3.3 Available modi�
ations of the XCS CodeMany parameters 
an be spe
i�ed in order to 
hange XCS's behavior, adjust it to the 
urrentproblem, and spe
ify output 
hara
teristi
s. This se
tion des
ribes all the parameters that 
an bemodi�ed.� tabOutFile The name of the �le output should be written to. Two �les with this name andendings '.txt' and '.tab' will be generated.� nrExps The number of experiments that should be run and over whi
h the program willgenerate the �nal average performan
e measures.� maxNrSteps The number of problem instan
es XCS learns from in a 
lassi�
ation problemor the number of trials exe
uted in a multi-step problem.� testFrequen
y The number of su

essive learning steps after whi
h statisti
s should bere
orded.� maxPopSize The maximal size of the population (in mi
ro-
lassi�ers).� initializePopulation Determines, if the population should be initialized with randomlygenerated 
lassi�ers.� alpha The drop o� in a

ura
y for ina

urate 
lassi�ers.� beta The learning rate.� gamma The dis
ount fa
tor in multi-step experiments.� epsilon0 The threshold below whi
h errors are negle
ted.� nu The value of the power applied in the a

ura
y fun
tion.� thetaGA The GA threshold below whi
h a GA is not exe
uted.� �tnessRedu
tion Spe
i�es the �tness fra
tion that an o�spring re
eives from its parents(1=no �tness redu
tion).� tournamentSize The tournament size proportional to the 
urrent a
tion set size.� for
eDi�erentInTournament For
es that two di�erent 
lassi�ers are sele
ted in the sele
-tion pro
ess when using tournament sele
tion� sele
tToleran
e The di�eren
e in �tness or error that is negle
ted in the tournament sele
-tion pro
edure. If there are several similarly best 
lassi�ers in a set, one of those 
lassi�ers is
hosen at random. 8



� 
rossoverType The type of 
rossover to be applied (0=uniform, 1=1-point, 2=2-point
rossover).� 
hiGA The 
rossover probability.� muGA The mutation probability.� doGeneralizationMutation Spe
i�es if purely generalizing mutation should be applied.� doNi
heMutation Spe
i�es if ni
he mutation should be used.� doMAM Spe
i�es if the moyenne adaptive modi��ee te
hnique should be applied.� doGAErrorBasedSele
t Spe
i�es if sele
tion should be based on the error estimate of the
lassi�ers instead of the �tness estimate.� delta The �tness threshold, under whi
h a suÆ
iently experien
ed 
lassi�er is 
onsidered ashighly ina

urate (
onsequently enhan
ing its probability for deletion).� thetaDel The experien
e required to use �tness in the determination of the deletion proba-bility.� deletionType Spe
i�es the deletion type. Hereby, 0 = random deletion, 1 = �tness anda
tion set size (j[A℄j) estimate bias, 2 = �tness bias only, 3 = j[A℄j estimate bias only ; 4 =error bias only; 5 = error and j[A℄j estimate bias.� dontCareProb Spe
i�es the don't 
are probability of an attribute of the 
ondition part ofa 
overing 
lassi�er or a randomly generated 
lassi�er.� doGASubsumption Spe
i�es if GA subsumption should be applied.� doA
tionSetSubsumption Spe
i�es if a
tion set subsumption should be applied.� thetaSub The experien
e threshold to qualify as a subsumer.� explorePro Spe
i�es the probability of 
hoosing an a
tion at random during exploration.Otherwise, the best a
tion in the predi
tion array is exe
uted.� teletransportation Spe
i�es the maximal number of steps exe
uted in one exploration trial.4 The Stru
ture of the OutputThe XCS implementation 
ontinuously produ
es output on the s
reen as well as in the out-put �le spe
i�ed in parameter 'tabOutFile' or, if no parameter �le is generated, in the ma
ro'TAB OUT FILE'. To the output �le name the ending '.txt' is appended. Moreover, before theprogram exits, another output �le with ending '.tab' is generated that 
ontains averages and stan-dard deviations of the learning performan
e.In parti
ular, performan
e is re
orded every 'testFrequen
y' steps. Error and performan
e areaveraged over the last 'testFrequen
y' steps whereas all other measure are set to their 
urrentvalues. The di�erent values are separated by a spa
e.The following performan
e measures are re
orded: (1) the number of learning problems (trials)exe
uted so far in this experiment, (2) the per
entage of 
orre
t 
lassi�
ations over the last 'test-Frequen
y' steps, or the average number of steps exe
uted in one exploitation trial in the multi-step9



setting, (3) the average reward predi
tion error over the last 'testFrequen
y' steps, (4) the 
urrentpopulation size in ma
ro
lassi�ers, (5) the average a
tion set size estimate of the 
lassi�ers, (6)the average experien
e of the 
lassi�ers, (7) the average spe
i�
ity in the 
ondition parts of the
lassi�ers, (8) the average predi
tion error estimate of the 
lassi�ers, (9) the average �tness of the
lassi�ers. Experiments are separated by a line stating 'Next Experiment'.The '.tab' �le is stru
tured similarly but re
ords averages and standard deviations over theexe
uted experiments. Thus, ea
h above mentioned measure has two entries that re
e
t averageand standard deviation. The population size values are divided by the maximal population size inorder to normalize the value between zero and one. Moreover, the average spe
i�
ities and standarddeviations of the single attributes are re
orded. Thus there are another 0
onditionLength0�2 entrieson ea
h line.5 A few CommentsThe 
ode is distributed for a
ademi
 purposes without any warranty, either expressed or implied, tothe extend permitted by appli
able state law. We are not responsible for any damage resulting fromits proper or improper use. By saying that, we want to emphasize that the 
ode was extensivelytested and we hope that no more mistakes are in
luded.If you have any 
omments or suggestions or identify any bugs, please 
onta
t the author.A
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