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1 Intr oduction

TheevolOT programisanimplementationof theiterated“BidirectionalGradualLearn-
ing Algorithm” (BiGLA) for StochasticOptimality Theory(see[3]), a variantof Paul
Boersma’sGradualLearningAlgorithm(GLA, [1]). Thismanualdescribeshow evolOT
is operatedto conductexperimentswith GLA or BiGLA. The softwarecanbe freely
downloadedfrom theURL givenabove. Thereyou will alsofind installationinstruc-
tionsandfurtherusefulinformation.
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2 The algorithms

I will only giveasketchyaccountof theunderlyingalgorithms;theinterestedreaderis
referredto thecitedliteratureandthereferencesgiventhere.

Paul Boersma’s GLA is an algorithm for learninga StochasticOT grammar. It
mapsa setof utterancetokens—atraining corpus—toa grammarthat describesthe
languagefrom which this corpusis drawn. As a stochasticgrammar, the acquired
grammarmakesnot just predictionsaboutgrammaticalityandungrammaticality, but
it assignprobability distributionsover eachnon-emptysetof potentialutterances.If
learningis successful,theseprobabilitiesconvergetowardstherelative frequenciesof
utterancetypesin thetrainingcorpus.

GLA operateson a predefinedgeneratorrelationGEN thatdetermineswhatqual-
ifies aspossibleinputsandoutputs,andwhich input-outputpairsareadmittedby the
grammaticalarchitecture. Furthermoreit is assumedthat a set CON of constraints
is given, i.e. a setof functionswhich eachassigna naturalnumber(the “numberof
violations”) to eachelementof GEN.

GLA mapsthesecomponentsalongsidewith the training corpusto a rankingof
CONon a continuousscale,i.e. it assignseachconstrainta realnumber, its rank. (For
the interpretationof continuouslyranked constraintsasstochasticgrammars,seethe
standardliteratureon StochasticOT, like [2]).

At eachstageof the learningprocess,GLA assumesa certainconstraintranking
(= a probabilitydistribution). As anelementarylearningstep,GLA is confrontedwith
an elementof the training corpus,i.e. an input-outputpair. The currentgrammarof
thealgorithmdefinesa probabilitydistribution over possibleoutputsfor theobserved
input, and the algorithmdraws its own output for this input at randomaccordingto
this distribution. If theresultof this samplingdoesnot coincidewith theobservation,
the currentgrammarof the algorithm is slightly modified suchthat the observation
becomesmore likely and the hypothesisof the algorithm becomeslesslikely. This
procedureis repeatedfor eachitemfrom thetrainingcorpus.1

This is thepseudo-codefor GLA:

Initial stateAll constraintvaluesaresetto the initial value.

for (
���������	��


NumberOfObservations
����������
��

) �
Observation A trainingdatumis drawn at randomfrom thetrainingcorpus,i.e.
a fully specifiedinput-outputpair � ������� .
Generation� For eachconstraint,a noisevalueis drawn from a normaldistribution �

andaddedto its currentranking.This yieldstheselectionpoint.
1Insteadof a finite training corpus,Boersmaassumesa probability distribution over possibleutterance

typesasinput for thealgorithm,andGLA graduallyconvergestowardtheacquiredgrammar. In evolOT the
sizeof thetrainingcorpusis fixedby theuserin advance.
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� Constraintsareranked by descendingorderof the selectionpoints. This
yieldsa linearorderof theconstraints.� Basedon this constraintranking,the grammargeneratesan output

���
for

theinput
�

in standardOT fashion.

Comparison If
����� �

, nothinghappens.Otherwise,the algorithmcompares
theconstraintviolationsof thelearningdatum � ������� with theself-generatedpair� ���	� � � .
Adjustment� All constraintsthat favor � ���	��� over � ����� � � are promotedby somesmall

predefinednumericalamount(“plasticity”).� All constraintsthat favor � ����� � � over � ������� are demotedby the plasticity
value.�

Thealgorithmcontainsseveralparametersthathaveto besetby theuserin evolOT:� thenumberof observations� theplasticityvalue� theinitial rankingof theconstraints� the“noise”, i.e. thestandarddeviation of thenormaldistribution � (its meanis
assumedto be0)

In evolOT, thetrainingcorpusis notdirectlysuppliedby theuser. Instead,theuser
definesa frequency distribution overGEN,andtheactualtrainingcorpusis generated
by arandomgeneratorinterpretingtherelative frequenciesasprobabilities.

BiGLA, thebidirectionalversionof GLA, differsfrom that in two respects.First,
duringthegenerationstepthealgorithmgeneratesanoptimaloutputfor theobserved
input on thebasisof a certainconstraintranking. It is tacitly assumedthat “optimal”
heremeans“incurring theleastseverepatternof constraintviolations” in standardOT
fashion. In BiGLA it is insteadassumedthat the optimal outputis selectedfrom the
setof outputsfrom which the input is recoverable. The input is recoverablefrom the
outputif amongall inputsthatleadto this output,theinput in questionincurstheleast
severeconstraintviolationprofile (i.e. weapplyinterpretiveoptimization).If thereare
several outputsfrom which the input is recoverable,the optimal one(in the standard
sense)is selected.If recoverability is impossible,theunidirectionallyoptimaloutputis
selected.

This modificationcan be called “bidirectional evaluation”. BesidesBiGLA in-
volvesbidirectionallearning. This meansthatBiGLA bothgeneratestheoptimalout-
putfor theobservedinput,andtheoptimalinputfor theobservedoutput.“Comparison”
and“adjustment”applybothto inputsandoutputsaswell. Thusthepseudo-codefor
BiGLA is givenlike this:
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Initial stateAll constraintvaluesaresetto the initial value.

for (
���������	��


NumberOfObservations
����������
��

) �
Observation A trainingdatumis drawn at randomfrom thetrainingcorpus,i.e.
a fully specifiedinput-outputpair � ������� .
Generation� For eachconstraint,a noisevalueis drawn from a normaldistribution �

andaddedto its currentranking.This yieldstheselectionpoint.� Constraintsareranked by descendingorderof the selectionpoints. This
yieldsa linearorderof theconstraints.� Basedon this constraintranking,thegrammargeneratesanoptimaloutput� �

for theinput
�

andanoptimalinput
� �

for theoutput
�

usingbidirectional
evaluation.

Comparison If
� �!� �

and
�"�#� �

, nothinghappens.Otherwise,the algorithm
comparesthe constraintviolations of the learningdatum � ���	��� with the self-
generatedpairs � ���	���$� and � �%�&����� .
Adjustment� All constraintsthat favor � ���	��� over � ����� � � are promotedby somesmall

predefinednumericalamount(“plasticity”).� All constraintsthat favor � ���	��� over � � � �	��� are promotedby somesmall
predefinednumericalamount(“plasticity”).� All constraintsthat favor � �������'� over � ������� are demotedby the plasticity
value.� All constraintsthat favor � � � �	��� over � ������� are demotedby the plasticity
value.�

evolOT allows to choosebetweenuni- andbidirectionalevaluation,anduni- vs.
bidirectionallearningindependently. Soit actuallyimplementsfour differentlearning
algorithms,GLA, BiGLA, andtwo mixedversions.

Dependingon the OT systemthat is used,the training corpusandthe chosenpa-
rameters,thestochasticlanguagethatis definedby theacquiredgrammarmaydeviate
to a greateror lesserdegreefrom the training language.Especiallyfor BiGLA this
deviation canbe considerable.(It is perhapsmisplacedto call BiGLA a “learning”
algorithm; it ratherdescribesa certainadaptationmechanism.)If a samplecorpusis
drawn from this languageandusedfor anotherrun of GLA/BiGLA, thegrammarthat
is acquiredthis time maydiffer from thepreviously learnedlanguageaswell.

Sucha repeatedcycle of grammaracquisitionandlanguageproductionhasbeen
dubbedthe IteratedLearningModelof languageevolution by Kirby andHurford [4].
It is schematicallydepictedin figure1.
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Figure1: TheIteratedLearningModel

The productionhalf-cycle involvesthe usageof a randomgeneratorto producea
samplecorpusfrom a stochasticgrammar. In theevolOT implementation,we assume
thatthis samplecorpushasthesameabsolutesizethantheinitial corpus.Furthermore
weassumethattheabsolutefrequenciesof thedifferentinputsarekeptconstantin each
cycle. Whatmaychangefrom cycle(“generation”)to cyclearetherelativefrequencies
of thedifferentoutputsfor eachinput. (I assumethattherelative input frequenciesare
determinedby extra-grammaticalfactors,andit is oneof themainobjectivesof evolOT
to modeltheinterdependencebetweenthesefactorsandgrammar.)

Formallyput, theinitial trainingcorpusdefinesa frequency (*)&+-, for eachpossible
input + by

(.)/+-,1024365 (*)	7/+�8	9�:	,
where (*)	7/+�8	9�:	, is the numberof occurrencesof the utterancetype 7&+�8�9�: in the

initial corpus. Furthermore,a given stochasticgrammar; definesa probability dis-
tribution <>=?)�@$A +-, over thepossibleoutputs9 for eachinput + . Using this notation,the
pseudo-codeof the algorithmsimulatingthe productionstepof the IteratedLearning
Model canbe formulatedasin figure 2. I assumethat therearefinitely many possi-
ble inputsandoutputs,which canbeenumeratedby as +%B , 9�C etc. “NewCorpus” is a
two-dimensionalarrayrepresentingthefrequency distributionof thegeneratedcorpus.
This meansthat NewCorpusD E6FGD H'F is an integer representingthe frequency of the pair7/+-I68�9KJL: in thegeneratedcorpus.

Onecycleof learningandproductionrepresentsonegenerationin theevolutionary
processthatis simulatedby evolOT. Thiscyclemy berepeatedarbitrarilymany times,
i.e.overanarbitrarynumberof generations(which is to befixedby theuser).
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MON �	PQ�
NewCorpusR N6S R P S ���T�

for U N �V�T��� N 
 NumberOfInputs
� N �V� N 
��XW �

for U PQ�V���Y�	PQ
[Z U �%\�W]�	P^�V��PY
��XW �� Draw an output
��_

at random from the probability distribution`ba U-c'd �-\�W ;� NewCorpusR N6S R e S ��� NewCorpusR N6S R e S 
�� ;�
�

Figure2: Languageproductionalgorithm

3 Operating evolOT

To conductanexperiment,theuserhasto fix two components:

1. theOT system,consistingof� a GENrelation� a systemof constraints

2. aninitial trainingcorpus

3. theparametersof theexperiment:� theplasticityof thelearningalgorithm,� theinitial valueof theconstraints,� the noisevalue (the standarddeviation of the normal distribution from
which thenoisevariableis drawn),� themodeof evaluation(bidirectionalor unidirectional)� themodeof learning(bidirectionalor unidirectional).

FurthermoreevolOT offersa choicebetweensimulatinga singlelearningprocess
or asequenceof generations(anevolution). In theformercase,snapshotsof theprovi-
sionalgrammarof the learneraretaken,andthenumberof observationsbetweentwo
snapshotshasto befixedby theuser. This parameteris calledStepSize. If theexper-
imentsimulatesevolution, only the resultsof anentirelearningprocessarerecorded,
andtheuserhasto fix thenumberof generationsin advance.

3.1 The OT systemand the initial fr equencies

TheOT systemandthe initial corpusarestoredin to ASCII files that the userhasto
edit in sometext editorby hand.

6



3.1.1 The genfile

Thefirst file (calledthe“genfile” henceforth)determinesboththeGEN relationof the
OT systemandtheinitial corpus.SupposethatGEN admitsNInputsmany inputsand
NOutputsmany outputs.Thegenfileconsistsof a fhgif chartwith NInputsmany rows
andNOutputsmany columns.It is assumedthat the inputsandoutputsarenumbered
consecutively. Thuseachrow representssomeinput,eachcolumnanoutput,andhence
eachcell a candidate.

If GEN disallowscombinationof input
�

with output
�
, thecell � ������� hastheentryj � . Otherwisethecellsarefilled with non-negative integers.They representthe fre-

quency of therespective candidatein the initial corpus.(Note thedifferencebetween
’0’ and’ j � ’: bothmeansthatthecorrespondingcandidatedoesnotoccurin theinitial
corpus,but in theformercasethis is just by chance,while thecandidatedoesnot exist
in thegrammaticalsystemin thelattercase.)

Eachrow of this chart is written asa line in genfile (endingwith a line break).
Thecellsareseparatedby tabstops.Empty linesareignored.Likewise,percentsigns
’%’ andeverythingfollowing on the sameline areignored. This canbe usedto add
commentsto thegenfile.

To take an example,supposeour languagecomprisestwo meanings(=inputs) in
total, k � and klf , andthreeforms, m �n� mof , and m�p . m � is unambiguouslyinterpretedask � , mof as k"f , and m�p is ambiguous.Supposefurthermorethat k � hasbeenexpressed
100timesand k"f 200timesin in thetrainingcorpus,andthatall form alternativesfor
agivenmeaningoccurequallyoften.Thecorrespondinggenfilemight look asfollows:

%f1 f2 f3
%---------------------------
50 -1 50 % m1
-1 100 100 % m2

It is possiblethata GEN relationconsistsof severalsub-relationsthatarenot con-
nectedwith eachother. Thefollowing genfilewould beanexample:

1000 1000 -1 -1
-1 -1 340 12
2000 400 -1 -1
-1 -1 1000 1200

In sucha caseit is possibleto write thegenfilein a morecompressedform. In the
default case,every input (= row) competeswith every otherinput (whendoing inter-
pretiveoptimization).In theexampleabovethough,thefirst row only really competes
with thethird row, andthesecondwith thefourth. In this caseit is possibleto omit all
theholesin GEN(the j � s),andto specifythattwo rowsonly competeif thedifference
betweentheir numbersis a multiple of 2. This parameteris calledNumberOfEquiva-
lenceClasses. If it setto 2, theabovegenfilecanbesimplifiedto

1000 1000
340 12
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2000 400
1000 1200

Seenfrom the perspective of the program,the very samegenfilemeansdifferent
thingsdependingon thevalueof NumberOfEquivalenceClasses. Considerthefollow-
ing genfile:

1 2
3 4
5 6
7 8
9 10
11 12
13 14
14 16
17 18
19 20
21 22
23 24

If NumberOfEquivalenceClasses= 2, this is equivalent to the following genfile
(with NumberOfEquivalenceClasses= 2):

1 2 -1 -1
-1 -1 3 4
5 6 -1 -1
-1 -1 7 8
9 10 -1 -1
-1 -1 11 12
13 14 -1 -1
-1 -1 14 16
17 18 -1 -1
-1 -1 19 20
21 22 -1 -1
-1 -1 23 24

If NumberOfEquivalenceClasses= 3, it is readas

1 2 -1 -1 -1 -1
-1 -1 3 4 -1 -1
-1 -1 -1 -1 5 6
7 8 -1 -1 -1 -1
-1 -1 9 10 -1 -1
-1 -1 -1 -1 11 12
13 14 -1 -1 -1 -1
-1 -1 14 16 -1 -1
-1 -1 -1 -1 17 18
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19 20 -1 -1 -1 -1
-1 -1 21 22 -1 -1
-1 -1 -1 -1 23 24

3.1.2 The scriptfile

Thegeneratordefinesa setof candidates(which canbe identifiedby the index of the
input andthe index of the output). Eachconstraintis a function that assignsa non-
negativeintegerto eachcandidate,i.e. to eachcell in aNInputsg NOutputsmatrix. The
scriptfiledefinesthesefunctions.

ThescriptfileisanASCII file aswell thattheuserhasto editbyhandin someASCII
editor. Eachline of thefile containsonecommand. (As in thegenfile,emptylinesand
commentsstartingwith ’%’ areignored.)A commandconsistsof threecomponents:

1. theconstraintname

2. thecandidatedescription

3. thenumberof violations

The constraint name is any arbitrary ASCII string not containingwhite spaces
(space,newline, tabstop,EOF),thepercentsign’%’, thecolon’:’, andthesemicolon
’;’. Thecandidatedescriptionis a booleanformuladescribinga setof candidates.Its
syntaxis describedbelow. Thenumberof violationsis somepositive integer. It is op-
tional; if it is omitted,1 is assumedasthe default value. Exceptin themiddleof the
constraintname,any numberof spacesandtabstopsmaybeused.

Theconstraintnameis separatedfrom thecandidatedescriptionby acolon,andthe
thecandidatedescriptionendsin asemicolon.Schematically:


constraint nameq :



candidatedescriptionq ; (



numberof violationsq )

A commandis to bereadprocedurally. Perdefault, thesystemassumesthateach
constraintviolateseachcandidate0 time. A commandupdatesCON: the numberof
violationsincurredby theconstraintwith thenameconstraint nameon eachcandidate
meetingthedescriptiondescriptionis increasedby numberof violations.

A constraint descriptionis a booleancombinationof atomicformulas.An atomic
formulaconsistsof a left handside, acomparisonoperator, anda right handside. The
left handsideis eitherthe letter i (for “input”) or o (output). Comparisonoperators
are<, <=, >, >=, ==, != . They areinterpretedin theobviousway. Theright
handsideis non-negativeinteger.

Atomic formulasareinterpretedin theobviousway. For instance,i <= 3 is true
off thefirst two rows,o != 2 is trueof all but thesecondcolumnetc.

Atomic formulascanbecombinedto largerformulasby meansof thebooleanop-
erators! (negation),& (conjunction),| (disjunction),and-> (implication).Following
the syntacticconventionsin propositionallogic, ! hasthe highestprecedence,fol-
lowedby &, | , and-> (in thatorder). Parenthesescanbeusedwherenecessary, and
redundantparenthesesareadmittedaswell.

Commandsthuslook like theseexamples:
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*STRUC: o < 7; 3
*STRUC: o != 3 & o != 6 & o != 9;

FAITH: i < 5 & o > 3 & o < 7; 2
FAITH: i < 5 & (o == 1 | o == 4 | o == 7); 5
FAITH: i > 4 & o < 4;
FAITH: i > 4 & (o == 2 | o == 5 | o == 8);

Note that it is licit to have several commandsstartingwith the sameconstraint
name.(It isn’t evennecessaryto write theminto oneblock.) They areappliedconsec-
utively to updatethesameconstraint.

To returnto theexamplestartedabove, supposewe have a constraintsaying“Ex-
pressk � as m � !”, andanotherconstraintthatrequires“Expressk � as m�p !”. Likewise,
thereareconstraints“Express k"f as mof !”, andanotherconstraintthat requires“Ex-
pressklf as m�p !”. Let usfinally assumethat m � is morecomplex than mof , which is in
turn morecomplex than m�p . This is implementedby a constraint“Avoid complexity”
that is violatedonceby eachcandidatehaving mof asoutputandtwice by eachcandi-
datehaving m�p asoutput.A scriptfiledescribingthis constraintsystemsmight look as
follows:

1=>1: !(i == 1 -> o == 1);
1=>3: !(i == 1 -> o == 3);
2=>2: !(i == 2 -> o == 2);
2=>3: !(i == 2 -> o == 3);
*C: o > 1;
*C: o > 2;

3.1.3 Starting the program

Oncethe genfileandthe scriptfile are in place,it is time to startevolOT. Changeto
thedirectoryevolot/bin andtypeevolot& at thecommandprompt.Thewindow
shown in figure3 will appear.

Heretheusercanspecifythenumericalparametersof theOT systemto beused—
thenumberof inputsandoutputs,thenumberof constraints,andthenumberof equiv-
alenceclasses.(If theseparametersdonot fit togetherwith thegenfileor thescriptfile,
youmaygetanerrormessage,or theoutcomeof theexperimentis just nonsense.)

After settingtheseparameters,activatethetab “Files”. Themaskshown in figure
4 appears.

Input thenamesof thegenfileandthescriptfile;eitherby typing in their filenames
in thefirst two linesof themask,or by clicking at the correspondingbuttonsandse-
lectingthefileswith themouse.

In thenext step,thecommandsfrom thescriptfileareexecutedandtheresultsare
storedin anotherfile calledstarfile. It holdsthe numbersof constraintsviolationsof
eachcandidatefor eachconstraint(i.e.thenumberof starsfor eachcandidate/constraint
in a traditionalOT tableau).Chooseanamefor thisfile, typeit into thethird line of the
mask,andpushthebutton“Compile”. Thescriptfileis compiledinto thestarfile.This
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Figure3: evolOT: OT system

Figure4: evolOT: Files
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is againan ASCII file, consistingof a sequenceof NInputsg NOutputs-matrixes,one
perconstraint.Eachcell containsa naturalnumber, namelythenumberof violations
this constraintincurson this candidateaccordingto thespecificationsin thescriptfile.
Eachof thesematrixesis precededby aline startingwith ’%’, aspace,andthenameof
theconstraint.For thesamplescriptfilegivenabove, thecorrespondingstarfilewould
be

% 1=>1
0 1 1
0 0 0

% 1=>3
1 1 0
0 0 0

% 2=>2
0 0 0
1 0 1

% 2=>3
0 0 0
1 1 0

% *C
0 1 2
0 1 2

You may edit the starfile by hand. It is also possibleto do without a scriptfile
altogetherandstarta starfilefrom scratch.Be warnedthough:errorsaremucheasier
to spotandto fix in scriptfilesthanin starfiles!

3.2 Doing an experiment

evolOT startswith an initial training corpusand producesa sequenceof generated
corpusesandconstraintrankings.Thesesequencesarestoredthefrequencyfileandthe
rankingsfile. Fix thenamesof thesefiles in thefourthandfifth line of themask.

A frequencyfileconsistsof a sequenceof tablesin the format of a genfile,each
precededby a line indicatingthenumberof thegeneration.For our runningexample,
thefirst few linesof thefrequencyfile might look like

: 1
62 -1 38
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-1 100 100

: 2
65 -1 35
-1 115 85

: 3
75 -1 25
-1 112 88

: 4
73 -1 27
-1 103 97

: 5
81 -1 19
-1 104 96

Eachline of therankingsfilecontainstherankingof theconstraintsaftercompleting
the learningalgorithm in eachgeneration,if an evolution experimentis done. In a
learningexperiment,it containstheintermediatestateof thelearneraftera numberof
observationsthatis amultiple of theparameterStepSize.

The first few lines of the rankingsfilecorrespondingto the frequencyfile given
above(which wastakenfrom anevolutionexperiment)are

-6.6 19.82 -7.36 -5.86 -13.96
-3.97 13.02 -4.97 -4.08 -8.94
-1.68 7.66 -3.34 -2.64 -5.02
-0.57 4.91 -2.72 -1.62 -3.29
-1.27 7.53 -3.68 -2.58 -4.95

If all slotsat the“Files”-maskarefilled, changeto “Experiment”.You will seethe
following form:

In thefirst line youcandecidebetweenthetypesof experiment,EvolutionorLearn-
ing. If you chooseLearning, you canfix a StepSize. If you chooseEvolution, you can
insteadfix a the numberof generations.Furthermoreyou candeterminethe number
of observationsper generation,the initial rankingof the constraintsat the beginning
of a learningcycle, the noise,andthe plasticity. (All theseparametershave sensible
default values.)Finally, therearetwo checkboxesto decidebetweenbidirectionaland
unidirectionalevaluation,andbetweenbidirectionalandunidirectionallearning.

Starttheexperimentby pushingthe“Start” button. A new window containing(as
in figure 3.2) a tablewill be opened,that displaysthe frequency distributionsof the
input-outputcombinationsgenerationaftergeneration.

Additionally aprogressbar(asin figure3.2)is opened.By clicking at the“Cancel”
buttonyoucanstopanexperimentany time.

Duringanexperimentthemainwindow will not reactto mouseor keyboardinput.
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Figure5: evolOT: parametersof anexperiment

Figure6: Displayof intermediateresults:frequencies

Figure7: Progressbar

To visualizethe contentof the rankingsfile, type in otmovie at the command
prompt,followedby thenameof thestarfileandthenameof therankingsfile:
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otmovie



starfileq 
 rankingsfileq
If gnuplot is installedon your system(andtheexecutableis in your searchpath),

anotherwindow will openthatdisplaysa Cartesiandiagram.(Seefigure8)

Figure8: Displayof intermediateresults:rankings

Thehorizontalaxiscontainsthegenerations/observations,andtheverticalaxisthe
rankingsof theconstraints.Thedevelopmentof theconstraintrankingsareplottedas
functioncurves,with a differentcolor for eachconstraint.Your desktopwill look like
figure9.

Thegraphicis updatedevery two seconds.2 To stopthisdisplay, activatethetermi-
nalwindow andtypeCtrl-C .

If youwantto visualizethedevelopmentof theconstraintrankingsaftercompletion
of theexperiment,youcanproducea staticdisplaywith

r2x11



starfileq 
 rankingsfileq
Both thedynamicandthestaticdisplayrestrictstherangeof theverticalaxisfromjsr to r . This is sometimesinsufficient. If you needa largerrange,type

r2x11 autoscale



starfileq 
 rankingsfileq
2Thereforethis window will alway beactive, andif you closeor iconify it, it will reappearafterat most

two seconds.
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Figure9: Duringanexperiment

To safethegraphicsin an.epsfile, type

r2eps



starfileq 
 rankingsfileq 
 epsfileq
This will producea black-and-white.epsfile, whereline colors are replacedby

differentstylesof dottedlines.To geta colored.epsfile, usethecommand.

cl r2eps



starfileq 
 rankingsfileq 
 epsfileq
Likewise,you cansafethe graphicsin a .fig file (thegraphicsformatof the Unix

programxfig) by using

r2fig



starfileq 
 rankingsfileq 
 figfile q
for black-and-white,and

cl r2fig



starfileq 
 rankingsfileq 
 figfile q
for coloredoutput.Of courseyoucanalsousetherankingsfilewith any spreadsheet

programto visualizetheresults.
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