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1 Intr oduction

TheevolOT programis animplementatiorof theiterated'Bidirectional GradualLearn-
ing Algorithm” (BiGLA) for StochastidOptimality Theory(see[3]), a variantof Paul
Boersmas Gradual_earningAlgorithm (GLA, [1]). Thismanualdescribesiow evolOT
is operatedo conductexperimentswith GLA or BiGLA. The softwarecanbe freely
downloadedfrom the URL givenabove. Thereyou will alsofind installationinstruc-
tionsandfurtherusefulinformation.



2 The algorithms

I will only give a sketchyaccounbf theunderlyingalgorithms;theinterestedeadelis
referredto the citedliteratureandthereferencegiventhere.

Paul Boersmas GLA is an algorithmfor learninga StochasticOT grammar It
mapsa setof utterancetokens—atraining corpus—toa grammarthat describeghe
languagefrom which this corpusis drawvn. As a stochasticgrammay the acquired
grammarmakesnot just predictionsaboutgrammaticalityand ungrammaticality but
it assignprobability distributions over eachnon-emptysetof potentialutterances.If
learningis successfultheseprobabilitiescorverge towardsthe relative frequencieof
utterancdypesin thetrainingcorpus.

GLA operatesn a predefinedgeneratorelation GEN that determinesvhat qual-
ifies aspossibleinputsandoutputs,andwhich input-outputpairs are admittedby the
grammaticalarchitecture. Furthermoreit is assumedhat a set CON of constraints
is given, i.e. a setof functionswhich eachassigna naturalnumber(the “number of
violations”) to eachelementof GEN.

GLA mapsthesecomponentsalongsidewith the training corpusto a ranking of
CONonacontinuousscale|.e. it assignseachconstraintarealnumberits rank (For
the interpretationof continuouslyranked constraintsas stochastiqgrammars seethe
standarditeratureon StochasticOT, like [2]).

At eachstageof the learningprocessGLA assumes certainconstraintranking
(= aprobability distribution). As anelementaryearningstep,GLA is confrontedwith
an elementof the training corpus,i.e. an input-outputpair. The currentgrammarof
the algorithmdefinesa probability distribution over possibleoutputsfor the obsened
input, and the algorithmdraws its own outputfor this input at randomaccordingto
this distribution. If the resultof this samplingdoesnot coincidewith the obsenation,
the currentgrammarof the algorithmis slightly modified suchthat the obsenation
becomeamorelikely and the hypothesisof the algorithm becomedesslikely. This
procedurds repeatedor eachitem from thetrainingcorpus!

Thisis thepseudo-codéor GLA:

Initial stateAll constraintvaluesaresetto theinitial value
for (¢ := 0;7 < NumberOfObservations:= i + 1) {

Observation A trainingdatumis drawn at randomfrom thetrainingcorpus,i.e.
afully specifiednput-outputpair (i, 0).

Generation

o For eachconstraint,a noisevalueis drawvn from a normaldistribution N
andaddedto its currentranking. This yieldsthe selectionpoint

Linsteadof a finite training corpus,Boersmaassumes probability distribution over possibleutterance
typesasinputfor thealgorithm,andGLA graduallycorvergestoward theacquiredgrammarIn evolOT the
sizeof thetraining corpusis fixed by theuserin adwance.



o Constraintsare ranked by descendingbrder of the selectionpoints. This
yieldsalinearorderof the constraints.

o Basedon this constraintranking, the grammargeneratesn outputo’ for
theinputs in standardOT fashion.

Comparison If o = o', nothinghappens.Otherwise,the algorithm compares
the constraintviolationsof thelearningdatum(i, o) with the self-generategair

(i,0').
Adjustment

o All constraintsthat favor (i,0) over (i, o') are promotedby somesmall
predefinechumericalamount(“plasticity”).

o All constraintsthat favor (i, o') over (i, o) are demotedby the plasticity
value.

Thealgorithmcontainsseveralparameterthathaveto besetby theuserin evolOT:
e thenumberof obsenations

¢ theplasticityvalue

¢ theinitial rankingof the constraints

¢ the“noise”, i.e. the standarddeviation of the normaldistribution N (its meanis
assumedo be0)

In evolOT , thetrainingcorpusis notdirectly suppliedby theuser Insteadtheuser
definesa frequeng distribution over GEN, andthe actualtraining corpusis generated
by arandomgeneratointerpretingtherelative frequenciegsprobabilities.

BiGLA, thebidirectionalversionof GLA, differsfrom thatin two respectsFirst,
duringthe generatiorstepthe algorithmgeneratesin optimal outputfor the obsered
input on the basisof a certainconstraintranking. It is tacitly assumedhat “optimal”
heremeans'incurring the leastsevere patternof constraintviolations” in standardOT
fashion. In BiGLA it is insteadassumedhat the optimal outputis selectedrom the
setof outputsfrom which the inputis recoserable. Theinputis recoverablefrom the
outputif amongall inputsthatleadto this output,theinputin questionincursthe least
severeconstraintviolation profile (i.e. we applyinterpretive optimization).If thereare
several outputsfrom which the input is recoverable the optimal one (in the standard
sense)s selectedlf recoverabilityis impossiblethe unidirectionallyoptimaloutputis
selected.

This modification can be called “bidirectional evaluation”. BesidesBiGLA in-
volvesbidirectionallearning This meanghatBiGLA bothgeneratesheoptimalout-
putfor theobsenedinput,andtheoptimalinputfor theobsenedoutput.“Comparison”
and“adjustment”apply bothto inputsandoutputsaswell. Thusthe pseudo-codéor
BiGLA is givenlike this:



Initial stateAll constraintvaluesaresetto theinitial value
for (i := 0;4 < NumberOfObservations:= i + 1) {

Obselrvation A trainingdatumis drawn at randomfrom thetrainingcorpus,i.e.
afully specifiednput-outputpair (i, o).

Generation

o For eachconstraint,a noisevalueis drawn from a normal distribution N
andaddedto its currentranking. This yieldsthe selectionpoint

o Constraintsare ranked by descendingorder of the selectionpoints. This
yieldsalinearorderof the constraints.

o Basedonthis constraintranking,the grammarmeneratesnoptimal output
o' for theinputs andanoptimalinputi’ for theoutputo usingbidirectional
evaluation.

Comparison If i = i’ ando = o', nothinghappens.Otherwise the algorithm
compareshe constraintviolations of the learningdatum (i, o) with the self-
generategbairs(i, o'y and{i’, o).

Adjustment

o All constraintsthat favor (i, o) over (i,0') are promotedby somesmall
predefinechumericalamount(“plasticity”).

o All constraintsthat favor (i,0) over (i’, o) are promotedby somesmall
predefinechumericalamount(“plasticity”).

o All constraintsthat favor (i,0') over (i,0) are demotedby the plasticity
value.

o All constraintsthat favor (i’, 0) over (i, 0) are demotedby the plasticity
value.

evolOT allows to choosebetweenuni- and bidirectionalevaluation,and uni- vs.
bidirectionallearningindependentlySoit actuallyimplementdour differentlearning
algorithms,GLA, BiGLA, andtwo mixedversions.

Dependingon the OT systemthatis used,the training corpusandthe choserpa-
rametersthe stochastidanguagehatis definedby theacquiredgrammamay deviate
to a greateror lesserdegreefrom the training language. Especiallyfor BiGLA this
deviation can be considerable.(It is perhapsmisplacedto call BiGLA a “learning”
algorithm; it ratherdescribesa certainadaptatioomechanism.)lif a samplecorpusis
drawn from this languageandusedfor anotherrun of GLA/BIGLA, thegrammarthat
is acquiredhistime maydiffer from the previously learnedanguageaswell.

Sucha repeatectycle of grammaracquisitionandlanguageproductionhasbeen
dubbecdthe IteratedLearningModel of languageevolution by Kirby andHurford [4].
It is schematicallydepictedn figure 1.
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Figurel: ThelteratedLearningModel

The productionhalf-cycle involvesthe usageof a randomgeneratotto producea
samplecorpusfrom a stochastigrammar In the evolOT implementationwe assume
thatthis samplecorpushasthe sameabsolutesizethantheinitial corpus.Furthermore
we assumehattheabsolutdrequencie®f thedifferentinputsarekeptconstanin each
cycle. Whatmaychangdrom cycle (“generation”)to cycle aretherelative frequencies
of thedifferentoutputsfor eachinput. (I assumeéhattherelative inputfrequenciesre
determinedy extra-grammaticafactorsandit is oneof themainobjectivesof evolOT
to modeltheinterdependendeetweerthesefactorsandgrammar)

Formally put, theinitial training corpusdefinesa frequeng #(¢) for eachpossible
inputs by

#0) = 3 #((,0))

where #((i, 0)) is the numberof occurrence®f the utterancetype (i, o) in the
initial corpus. Furthermorea given stochastiggrammarG definesa probability dis-
tribution pg(+|é) overthe possibleoutputso for eachinputi. Using this notation,the
pseudo-codef the algorithmsimulatingthe productionstepof the IteratedLearning
Model canbe formulatedasin figure 2. | assumeéhat thereare finitely mary possi-
ble inputsandoutputs,which canbe enumeratedy asi,,, o, etc. “NewCorpus is a
two-dimensionahrrayrepresentinghefrequeng distribution of thegenerateaorpus.
This meansthat NewCorpusk][!] is an integer representinghe frequeng of the pair
(ix, 0;) in thegeneratedorpus.

Onecycle of learningandproductionrepresentenegeneratiorin theevolutionary
procesghatis simulatedby evolOT . This cycle my berepeatedrbitrarily mary times,
i.e. overanarbitrarynumberof generationgwhichis to befixed by the user).



VEk, 1 : NewCorpugk][l] :== 0
for (k := 0; k < NumberOfinputsk := k + 1) {
for (1:=0;1 < #(ig);l:=14+1){
o Draw an output o, at random from the probability distribution
pa(-lir);
o NewCorpusgk][n] := NewCorpugk][n] + 1;

Figure2: Languagegroductionalgorithm

3 Operating evolOT

To conductanexperimentthe userhasto fix two components:
1. theOT systemgconsistingof

e aGENTrelation
e asystemof constraints

2. aninitial trainingcorpus
3. theparametersf theexperiment:

e theplasticity of thelearningalgorithm,
e theinitial valueof theconstraints,

¢ the noise value (the standarddeviation of the normal distribution from
whichthenoisevariableis dravn),

¢ themodeof evaluation(bidirectionalor unidirectional)
o themodeof learning(bidirectionalor unidirectional).

FurthermoreavolOT offers a choicebetweensimulatinga singlelearningprocess
or asequencef generationganevolution). In theformercase snapshotsf theprovi-
sionalgrammarof the learneraretaken, andthe numberof observationdetweertwo
shapshotdasto befixed by theuser This parameteis called StepSizelf the exper
imentsimulatesavolution, only the resultsof anentirelearningprocessarerecorded,
andthe userhasto fix the numberof genemationsin advance.

3.1 The OT systemand the initial frequencies

The OT systemandtheinitial corpusarestoredin to ASCII files thatthe userhasto
editin sometext editor by hand.



3.1.1 Thegenfile

Thefirst file (calledthe “genfile” henceforthdeterminedoththe GEN relationof the
OT systemandtheinitial corpus.Supposdghat GEN admitsNInputsmary inputsand
NOutputsmary outputs.Thegenfileconsistof a2 x 2 chartwith NInputsmary rows
andNOutputsmary columns.It is assumedhatthe inputsandoutputsarenumbered
consecuirely. Thuseachrow representsomeinput, eachcolumnanoutput,andhence
eachcell acandidate.

If GEN disallovs combinationof inputs with outputo, thecell (i, o) hasthe entry
—1. Otherwisethe cellsarefilled with non-neyative integers. They representhe fre-
queng of therespectie candidatan theinitial corpus.(Notethe differencebetween
‘0’ and’—1": bothmeanghatthe correspondingandidatedoesnot occurin theinitial
corpusbut in theformercasethisis justby chancewhile the candidatedoesnot exist
in thegrammaticakystemin thelattercase.)

Eachrow of this chartis written asa line in genfile (endingwith a line break).
Thecellsareseparatedby tab stops.Emptylinesareignored.Lik ewise, percentsigns
"%’ andeverythingfollowing on the sameline areignored. This canbe usedto add
commentgo thegenfile.

To take an example,supposeour languagecompriseswo meaningg=inputs)in
total,m1 andm2, andthreeforms, f1, f2,andf3. f1 is unambiguouslynterpretechs
ml, f2asm?2, andf3 is ambiguousSupposdurthermorethatm1 hasbeenexpressed
100timesandm?2 200timesin in thetraining corpus,andthatall form alternatvesfor
agivenmeaningoccurequallyoften. Thecorrespondingyenfilemightlook asfollows:

%f1 f2 f3

%

50 -1 50 % ml
-1 100 100 % m2

It is possiblethata GEN relationconsistof several sub-relationghatarenot 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 the genfilein a morecompresseéorm. In the
default case every input (= row) competeswvith every otherinput (whendoing inter-
pretive optimization).In the exampleabove though,thefirst row only really competes
with thethird row, andthe secondwith thefourth. In this caseit is possibleto omit all
theholesin GEN (the —1s),andto specifythattwo rowsonly competdf thedifference
betweertheir numberds a multiple of 2. This parameteis calledNumberOfEquiva-
lenceClassedf it setto 2, theabove genfilecanbe simplifiedto

1000 1000
340 12



2000 400
1000 1200

Seenfrom the perspeciie of the program,the very samegenfile meansdifferent
thingsdependingon the valueof NumberOfEquivalenceClass&3onsiderthe follow-
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 NumberOfEquivalenceClasses2, this is equivalentto the following genfile
(with NumberOfEquivalenceClasse®):

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, 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



19 20 -1 -1 -1 -1
-1 -1 21 22 -1 -1
-1 -1 -1 -1 23 24

3.1.2 The scriptfile

The generatodefinesa setof candidategwhich canbe identified by the index of the
input andthe index of the output). Eachconstraintis a function that assignsa non-
negativeintegerto eachcandidatei.e. to eachcell in a NInputsx NOutputanatrix. The
scriptfiledefineshesefunctions.

ThescriptfileisanASCII file aswell thattheuserhasto editby handin someASCI|
editor. Eachline of thefile containsonecommand (As in the genfile,emptylinesand
commentsstartingwith '%’ areignored.)A commandconsistof threecomponents:

1. theconstrainhame
2. thecandidatedescription

3. thenumberof violations

The constaint nameis ary arbitrary ASCII string not containingwhite spaces
(spacenewline, tab stop,EOF),the percentsign’%’, thecolon’:’, andthe semicolon
';’. The candidatedescriptionis a booleanformuladescribinga setof candidateslts
syntaxis describecbelon. The numberof violationsis somepositive integer. It is op-
tional; if it is omitted, 1 is assumedasthe default value. Exceptin the middle of the
constrainhame ary numberof spacesandtab stopsmaybeused.

Theconstrainhameis separatefrom thecandidatedescriptiorby acolon,andthe
the candidatadescriptionendsin a semicolon.Schematically:

<constaint name> : <candidatedescription>; (<numberof violations>)

A commands to be readprocedurally Perdefault, the systemassumeshateach
constraintviolateseachcandidate0 time. A commandupdatesSCON: the numberof
violationsincurredby the constraintwith the nameconstaint nameon eachcandidate
meetingthe descriptiondescriptionis increasedy numberof violations

A constaint descriptionis a booleancombinationof atomicformulas. An atomic
formulaconsistof aleft handside acomparisoroperator, andaright handside The
left handsideis eithertheletteri (for “input”) or o (output). Comparisoroperators
are<, <=, >, >=, == I=. They areinterpretedn the obviousway. Theright
handsideis non-neyativeinteger.

Atomic formulasareinterpretedn the obviousway. Forinstancej <= 3istrue
off thefirsttwo rows,o != 2 istrueof all but thesecondcolumnetc.

Atomic formulascanbe combinedto largerformulasby meansof the booleanop-
eratord (negation),& (conjunction)| (disjunction),and-> (implication). Following
the syntacticcorventionsin propositionallogic, ! hasthe highestprecedencefol-
lowedby &, | , and-> (in thatorder). Parenthesesanbe usedwherenecessaryand
redundanparentheseareadmittedaswell.

Commandshuslook like theseexamples:



*STRUC: o < 7; 3
*STRUC: o 1= 3 &0 != 6 &0 I= 9

FAITH: i <5 &0 >38&0<7;, 2

FAITH: i <5 & (0 ==1] o==4] o==17); 5
FAITH: i > 4 & o < 4

FAITH: i >4 & (0 ==2 ] o =5] o == 8)

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

To returnto the examplestartedabove, supposeve have a constraintsaying“Ex-
pressnl asf1!", andanotherconstrainthatrequires'Expressm1 asf3!". Likewise,
thereare constraints'Expressm?2 as f2!”, andanotherconstraintthat requires“Ex-
pressm2 as f3!". Letusfinally assumehat f1 is morecomple than 2, whichisin
turn morecomplex than f3. Thisis implementeddy a constraint'Avoid compleity”
thatis violatedonceby eachcandidatehaving f2 asoutputandtwice by eachcandi-
datehaving f3 asoutput. A scriptfiledescribingthis constraintsystemsmightlook as
follows:

1=>1: (i ==1-> o == 1)
1=>3: (i ==1-> o == 3);
2=>2: (i ==2 -> o0 == 2);
2=>3: (i =2 -> o0 == 3);
*C: o > 1,
*C: o> 2;

3.1.3 Starting the program

Oncethe genfileandthe scriptfile arein place,it is time to startevolOT. Changeto
thedirectoryevolot/bin andtypeevolot& atthecommandprompt. Thewindow
shawvnin figure3 will appear

Heretheusercanspecifythe numericalparametersf the OT systemto beused—
thenumberof inputsandoutputs the numberof constraintsandthe numberof equiv-
alenceclasses(If theseparameterslo notfit togethemwith the genfileor the scriptfile,
you may getanerrormessageor the outcomeof the experiments just nonsense.)

After settingtheseparametersactivatethetab“Files”. The maskshown in figure
4 appears.

Inputthe namesof the genfileandthe scriptfile; eitherby typingin their filenames
in thefirst two lines of the mask,or by clicking at the correspondindputtonsandse-
lectingthefiles with themouse.

In the next step,the commandgrom the scriptfile areexecutedandthe resultsare
storedin anotherfile calledstarfile It holdsthe numbersof constraintsviolations of
eachcandidatdor eachconstrain{i.e.thenumberof starsfor eachcandidate/constraint
in atraditionalOT tableau).Chooseanamefor thisfile, typeit into thethird line of the
mask,andpushthebutton“Compile”. The scriptfileis compiledinto the starfile. This
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OT system IEiIes | Experiment |

number of inputs 2 5
number af outputs i35
number of canstraints ] =
number of 1 ry
eguivalence classes =

Start | Ciuit

:

Figure3: evolOT: OT system

E E evolOT E E E

QT system | Files I Experiment |
GEM <- J |fhu:umefjaegerfevolotﬁmanualfgenﬂle
scriptfile «<- J |fhDmefjaegen’evulthmanualfscriptﬂ
starfile <-= J |fhu:umefjaegerfevolotﬁmanualfstarﬁle

frequencies -= J |fhnmefjaegerfevulutfmanualffreq

rankings -= J |fhu:umefjaegerfevolotfmanualfrank

Compile |
Start | Quit |

Figure4: evolOT: Files

11



is againan ASCII file, consistingof a sequencef NInputsx NOutputsmatrixes,one
per constraint. Eachcell containsa naturalnumber namelythe numberof violations
this constraintincurson this candidateaccordingto the specificationsn the scriptfile.
Eachof thesematrixesis precededy aline startingwith '%’, aspaceandthe nameof
the constraint.For the samplescriptfile givenabove, the correspondingtarfilewould
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 aninitial training corpusand producesa sequencef generated
corpusesandconstraintrankings.Thesesequencearestoredthefrequencyfilandthe
rankingsfile Fix the namef thesefilesin the fourth andfifth line of the mask.

A frequencyfileconsistsof a sequencef tablesin the format of a genfile, each
precededy a line indicatingthe numberof the generation For our runningexample,
thefirst few lines of thefrequengfile mightlook like

1
62 -1 38
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-1 100 100

2
65 -1 35
-1 115 85
0 3
75 -1 25
-1 112 88
4
73 -1 27
-1 103 97
. 5
81 -1 19
-1 104 96

Eachline of therankingsfilecontaingherankingof theconstraintsaftercompleting
the learningalgorithmin eachgenerationjf an evolution experimentis done. In a
learningexperiment,it containsthe intermediatestateof the learneraftera numberof
obsenationsthatis a multiple of the parametefStepSize

The first few lines of the rankingsfile correspondingo the frequengfile given
above (which wastakenfrom anevolution experiment)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 slotsatthe“Files”-maskarefilled, changeo “Experiment”. Youwill seethe
following form:

In thefirstline youcandecidebetweerthetypesof experiment Evolutionor Learn-
ing. If you chooselearning you canfix a StepSizelf you chooseEvolution you can
insteadfix athe numberof generations.Furthermoreyou candeterminethe number
of obsenationsper generationthe initial rankingof the constraintsat the beginning
of alearningcycle, the noise,andthe plasticity (All theseparameterfiave sensible
defaultvalues.)Finally, therearetwo checkboxsto decidebetweerbidirectionaland
unidirectionalevaluation,andbetweerbidirectionalandunidirectionallearning.

Startthe experimentby pushingthe “Start” button. A new window containing(as
in figure 3.2) atablewill be openedthatdisplaysthe frequeng distributionsof the
input-outputcombinationgeneratiorafter generation.

Additionally aprogresdar(asin figure3.2)is openedBy clicking atthe“Cancel”
buttonyou canstopan experimentary time.

During anexperimentthe mainwindow will notreactto mouseor keyboardinput.
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OT gystem | Files | Experiment I

type of experiment I Evaolution j
step size I j
number of ohseryations |5IZIEIDIZI ﬁ
noise m 01
plasticity [0 = 0om

initial ranking o =
number of generations |1IZIEI _—;'
¥ bidirectional evaluation | bidirectional learning

Start | Ciuit |

Figure5: evolOT: parametersf anexperiment

Figure6: Displayof intermediateesults:frequencies

E E evolot 2= E E E

1T 24%

Cancel |

Figure7: Progresdar

To visualizethe contentof the rankingsfile, type in otmovie at the command
prompt,followedby the nameof the starfileandthe nameof therankingsfile:
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otmovie <starfile> <rankingsfile>

If gnuplotis installedon your system(andthe executablés in your searchpath),
anothemwindow will openthatdisplaysa Cartesiardiagram.(Seefigure 8)

Gnuplot

1=l —— 1=3 2=02 —— 2=03 —— *C

Figure8: Displayof intermediatgesults:rankings

The horizontalaxis containsthe generations/obseations,andthe verticalaxisthe
rankingsof the constraints.The developmentof the constraintrankingsareplottedas
function curves,with a differentcolor for eachconstraint.Your desktopwill look like
figure9.

Thegraphicis updatedevery two secondg. To stopthis display activatethetermi-
nalwindow andtype Ctrl-C

If youwantto visualizethedevelopmenbf theconstraintankingsaftercompletion
of the experiment,you canproducea staticdisplaywith

r2x11 <starfile> <rankingsfile>

Both the dynamicandthe staticdisplayrestrictsthe rangeof the verticalaxisfrom
—9109. Thisis sometimesnsuficient. If you needalargerrangetype

r2x11 _autoscale <starfile> <rankingsfile>

2Thereforethis window will alway beactive, andif you closeor iconify it, it will reappeaafterat most
two seconds.
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o pmommammmn e

8 OT system | Files | Experiment |

s type of experiment Evolution -

step size

=)
number of obgervations 20000 _ﬂj
2 noise 20 4 0
plasticity 10 _ﬂg *0.001
o =
initial ranking 0 _lj

number of generations 500 _g

N f\_/w IV bidirectional evaluation | bidirectional learning

Start Quit

E E: evolot «2» E E EZ

(111 25%
1=>1 1=>3 232 —— 253 ——
Cancel
Jasger@linux: "/ latex/evolot > ——I

JacgerElingx: "/ latexievolot
JaegerElingx:/Latexevolot >
JacgerElinux:"/latexievolat >
Jacger@linax:"/latexievolot >
jaeger@linux i/ latex evolot > (=[] evolot  EIEIEY
jasger@linux i/ latex /evolot >

jaeger@linux:/latex/evolot >

jacger@linux:"/latexevolot >

JacgerBlinux:/latexievolot

JaegerElingx: "/ Latexsevolot >

JaegerElingx:/latexsevolot >

Jacger@linax:"/latexievolot >

Jasger@linux:”/latex/evolot > otmovie starfile rankingsfile

raeger‘@llnux:"‘/latexfev\:lnt > otmovie starfile rarkingsfile

Do [
‘|[K ART @R LET & - @”Dmgn HT Xe.| Xe.| Xe.| X Hp HE: 23.11.2002|

Figure9: During anexperiment

To safethegraphicsin an.epsfile, type
r2eps <starfile> <rankingsfile- <epsfile>

This will producea black-and-white.epsfile, whereline colors are replacedby
differentstylesof dottedlines. To geta colored.epsfile, usethecommand.

cl _r2eps <starfile> <rankingsfile> <epsfile>

Likewise, you cansafethe graphicsin a .fig file (the graphicsformat of the Unix
programxfig) by using

r2fig <starfile> <rankingsfile> <figfile>
for black-and-whiteand

cl r2fig <starfile> <rankingsfile> <figfile>

for coloredoutput. Of courseyou canalsousetherankingsfilewith any spreadsheet
programto visualizetheresults.
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