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Abstract

We discussxperimentswith neuralnetworksbeingtrainedin aphonotactigro-
cessingask.A recurrennetworknotonly learnsto predictthenext lettergivenapartial
processedavord, but alsolearnsto representhe lettersin a mannermeaningfulto the
processingask.To this end,we useMiikkulainen’s[1993]| FGRER augmentedvith an
algorithmwe call dispersionto improve distinctnesamongthe setof letterrepresenta-
tions.

Ourgoalisto createamorerealisticmodelof how humansnight processatural
language.

1 Related wor k

Cleereman$1993] conductedanimportantseriesof experimentson sequencéearn-
ing with neuralnetworks.His Simple RecurrentNetworks(SRNs)achiered perfect
learningappliedto the Reebergrammara formal languagewhich is standardlyused
in machinelearning.Tjong Kim Sang[1998] comparedstatistical,neuraland sym-
bolic approacheso computationamodelsof languagdearning.He also studiedse-
qguenceprocessingbut choseDutchmonosyllablesisdomain.Althoughheimproved
on Cleeremanssetupin severalrespectshis SRNsfailed to learnDutchphonotactics,
and Tjong Kim Sangconcludedhat neurallearningparadigmswverenot yet sophis-
ticatedenoughto competewith othersin this domain,Stoianw, Nerbonne% Bouma
[1997]reportedbetterperformancehowever.

We applya neuralnetworkto phonotactigorocessingn the sameway agTjong
Kim Sang[1998]andStoianw etal.[1997]did. Thenetworkis presentedvith (mono-
syllabic) words,oneletter at a time, andthe networkhasto learnto predictthe next
letter Whentrainingis completedthe networkis testedmeasurinchow well it per
formsits taskprocessingruewords,comparedo processingandomstrings.

Tjong Kim Sang[1998] and Stoianw et al. [1997] uselocal encodingsfocus-
ing on performancdrom a machinelearningperspectie. We use FGREPencoding,
focusingonrealisticmodelingof languageprocessindpy humans.
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2 FGREP

FGREPIs shortfor Forming Global Representationwith ExtendedbackRFPopagation
[Miikkulainen & Dyer 1991, Miikkulainen 1993]. It was introducedas a meansof
communicatiorwithin a modularsystemof neuralnetworks,andhasbeenappliedin
severallinguistic experiments.

FGREPIs aboutdatarepresentationJsually, a ‘flat’ neuralnetworkis trained
to processadatasetwith fixedrepresentation¥Vith FGRERtherepresentationis the
datasetthemselesarelearnedaswell. This makest possibleto have neuralnetworks
learnto communicatehaving the networksdeveloptheir languagenterface.The pro-
grammerdoesnt have to worry aboutwhatfeatureshave to be codedinto the dataset.
FGREPcodedor thefeaturemeededy the networks.

FGREPusesagloballexicon?! Initially, itemsarestoredwith randomized/ec-
tor representationdtemsare pickedfrom this lexicon to sene bothasinput andtar-
getvectorsto feedforwardnetworks.Standardbackpropagatiois usedto updatethe
weightsin the network,but it is extendedbackinto the input vector andthis vectoris
updatedaswell. Theupdatedvectoris storedbackinto thelexicon.

3 Data sets

Ourdatasetconsistof monosyllabiovordsfrom the CELEX Lexical DatabaseWords
wereusedn theirnormalspelling.As|Tjong Kim Sang1998]showved,thisrepresenta-
tion doesnot changeahe problemgreatly andit easepresentationWordswith oneof
thelettersq, x, or y wereremoved (17 words). Thesethreelettersaresorarein Dutch
thatthey could focusthe attentionin the FGREPrepresentationso much, thereby
blurring the detailsin the relationsbetweenthe commonletters.Also removed were
foreign/loanwordssuchasbath, brunch andféhn(232words).

The remainingsetof wordswas split randomlyinto a training setT of 3807
words,andatestsetP of 424words.In all experimentsthe scoredistribution of both
setsremainednearlyidentical,indicatingthe testsetis a goodrepresentationf the
trainingset.

Usingfrequeng informationfrom the CELEX Lexical Databasethetrainingset
wassorted placingmostfrequentlyusedwordsat the top of thelist. During training,
therewasalwaysa probability P thata word wasselectedrom thetop P2 partof the
list. Putin otherwords,whenawordwasselectedor training,therewasa50%chance
thatit would bepickedfromthe12.5%(= 0.5 x 0.5 x 0.5) of wordsmostfrequentin
the CELEX Databasefor a setof 3807words,this meanghatthe word at the top of
thelist is usedin trainingabout700timesasoftenastheword atthe bottomof thelist.

As ‘negative’ testdatawe createdhreesets.OnesetR consistof 800random
strings.It mightbe easy evenfor anon-recurrenhetwork,to distinguis this setfrom
the training set,just becausehis randomset contains'words’ with bigramsthatare
notin the training set. Thereforewe createdanothersetof ‘randomwords’, in which

1. To avoid confusionwewill resere thetermlexicon for the collectionof FGREPvectors.
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FIGURE 1: Layoutof anFGREPnhetworkusedin our experiments.

all wordsweremadeup of bigramsthatarepresenin thetrainingdata.This setof 476
wordswassplit into two sets.SetB1 consistsof 175 mono-syllabicwordsof which
we thoughtthey might exist in Dutch.SetBO0 consistof theremaining292words.

4  Network setup

Fig. 1 shavs the layoutof our network:we useFGREPiIn anElmannetwork[EIman
1990]capableof sequencerocessingBeforetraining,thelexiconis randomizedvith
valuescloseto the averageoutputof the activationfunction (Eg. 1). Weightsareran-
domizednearzero.

Beforeanewn wordis presentedb the network,thehiddenunitsarereseto zero.
Wordsareprocessedneletterat atime, usingacopyof thehiddenlayerasadditional
input. The networkhasto predictthe next letter, or theend-of-wordsymbol.

The activation function determineghe outputof a unit, given the sum of all
inputsmultiplied with therespectre weights.Severalactivationfunctionsweretested.
Thestandardigmoiddid justfine (Eqg. 1). An additionalinput unit, setto 1, senedas
abias.

J@) =+ +1€_x (1)

StandardoackpropagatiofivicClelland & Rumelhart1988,Werbos1995]wasused
to calculateerror valuesandweightupdateshut error valueswere calculatedfor the
inputlayeraswell. Theseerrorvaluesd;, wereusedto updatetheinput vector using
theupdaterulein Eqg.2 (7 is thelearningrate).

zi = f(f N (@) + nd;) (2
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FIGURE 2: Clusteringof FGREPdata.Several interestingclustersare found, shavn herein
bold.

Usingtheinverseof the activationfunction f(), the networklearnsasif inputcomes
from aprecedindayerwith alocalencodingBecausef () is abitwise 1-to-1mapping
from thelexicon to theinput, it is uniquelyinvertible.

5 First results

Severalnetworksizesweretestedfrom 2 to 10 hiddenunits,andfrom 3 to 8 unitsfor
the FGREPvectors.Theremainingpartof this papemwill discussetworksetupswith
6 hiddenunits,andan FGREPvectorsizeof 7.

It wasfairly easyto developa ‘sensible’setof vectorsFig. 2 shavsanexample
of a dendrogramg¢reatedwith nearesheighborclustering,usingthe Euclideandis-
tanceasa differencemeasure(SeeAldenderfer& Blashfield[1984]for anaccessible
introductioninto dataclustering.)Sensibleclustersappeain the dendrogramsuchas
b-p, g-k, I-r, andoneclusterof all but onevowel. Otherclustersonemightexpect,such
asperhapgl-t, aremissing.

To seehow well thenetworkdistinguishewalid from invalid words,we needa
methodto assignscorego words.

The methodwe useto assigna word scorecomesfrom|Tjong Kim Sang&
Nerbonneg[1999]. The scoreof a letter ¢ in the context of prefix s is symbolizedby



Recurrent FGREP learning Dutch words (no dispersion)
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FIGURE 3: PoornetworkperformanceA perfectnetworkwould shav someword scorelevel

atwhich nearlyall valid stringswereacceptedandnearlynoinvalid ones.

|lc|s|| andcalculatedcaccordingo Eq. 3.

n

1
=1—-,|— 4 t; — output; 2
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Thescoreof aword ||w]||, w = ¢ ... ¢, is theproductof theletterscoresEq. 4.

||wl]| = H lciler .. cizq|
7

We actuallyuseaword scorethatis correctedusingEg. 5 andEq. 6.

new word score = old word score * factor'*"eth

average score word length 4
factor = g g

average score word length 5

®3)

(4)

(5)

(6)

To get someidea of network performancea scoredistribution of training and test
setswere compared Acceptingstringsas ‘valid words’ if they have a scoreof 1.3
or above, about66% of the training setpassesand28% of the setof randomstrings,
leaving alargemaugin of error This networkdoesvery badlyindeedwhenit comeso
distinguishing valid from invalid words|Fig. 3 graphsperformanceat variousscore-

levelsfor thefive setsof data.



FIGURE 4: Dispersion.10 vectorsdrift from their initial positions(opencircles)to their final
positions(filled diamonds).The vectorstop andtop-left have swappedlaces,but the other
vectorshave retainedtheirrelative order

6  Dispersion

FGREPforcesitemswith similar rélesto have similar representationdVhenthese
similaritiesaretoo close,it becomehardfor the networkto distinguishbetweerthem.
To overcomethis problem,we introducean algorithmfor dispersionThe goalis to
keepthe vectorsasdifferentas possible without destroyingthe orderthatis created
by the FGREPalgorithm.Thealgorithmis simple:

1. selectarandompointy in vectorspace

2. pick thevectorx from the FGREPIexicon thatis closesto y

3. shiftx atiny amounttowardsy, usingEq.7

;= a; + 1y — ;) (7)

A learningraten = 0.00001, applyingthe algorithm5 timespertrainedword, does
thetrick. Thealgorithmis demonstratefbr a setof 2D vectorsin|Fig. 4.

7 Results

Usingdispersionmuchimprovedperformancevasobtainedascanbe seenn|Fig. 5.
Settingthe scorethresholdo 0.96,about87%of thetrainingdatais acceptedisvalid,
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FIGURE 5: Performanc®f anetworktrainedwith dispersion.

andonly 13%of the setof randomstrings? Thescoredistribution of the positive test
datais nearlyidenticalto the training data.Remarkablds the lower performancedor
thesetof ‘words that might exist’ (B1). The networkseemdo have becomesensitve
to dependenciesetweerletterswhich areseparatethy oneor moreotherletters.This
is in accordancevith the designof SRNs.It indicatesthatthe networkhasa stricter
notion of a valid word. It mayindicatethatthe networkis sensitve to actual,not just
possiblevords— which seemsminentlyplausiblepsychologically

Nearesneighborclusteringof the FGREPIexicon createdusingdispersiorre-
sults,however, in no clearclustergFig. 6)|. Is all orderlost?

A Kohonemap[Kohonenl989]is a Self-OganizingMap (SOM) usedo order
asetof high-dimensionaVectors.It’sworking is inspiredby topologicalneuralmaps
in the brain. The mapis trainedto ‘respond’with a single unit for a particularinput
vector andorganizeitself in away suchthatsimilarinput vectorsaremappedo units
thatarecloseto eachother So,a Kohonenmapcanbe usedto clarify relationsin a
comple setof data.

We createdh Kohonermmap,displayedn|Fig. 7. Line darkneséndicatesincreas-
ing difference-betweemeighboringunits[Kleiweg 1998].A minimal spanningreeis
includedto clarify relationshipsCloserelationshipsetweerb-p, g-k andl-r arestill
visible. Vowelsare not randomlydistributedbetweerconsonants.

Tablel lists statisticsfor the networkperformanceNote thatmorethana stan-
darddeviation separatethetrainingdata,testdata,and“Dutch-like” bigramcombina-

2. We got betterresultsby simply usingthe averagedsquareletter error: 86% of training data,8% of
randomstrings.
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FIGURE 6: Clusteringof FGREPdataobtainedusingdispersion.
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FIGURE 7: A Kohonemmapof FGREPdataobtainedusingdispersion.
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TABLE 1. Statisticsfor FGREPwith dispersionon all datasets,groupedby word length.»:

numberof words,z: averagescore,s: standardleviation.



| T | P | B1 | BO | R |
1.408 dracht | 1.319 flanst | 1.243 dint | 1.195 laip 1.125 sdiip
1.399 gracht | 1.313 spelt |[1.231 pelk | 1.142 kaid 1.120 fuit
1.398 kracht | 1.307 slecht|1.227 vank |1.136 luld 1.120 iept
1.393 pracht | 1.303 brand|1.216 gied |1.116 chigl 1.114 ljef
1.391 tracht |1.285 wacht|1.165 wirt |1.110 ud 1.112 feet
1.391 bracht | 1.255 geep |1.164 ijt 1.102 taw 1.106 mojlp
1.388 klacht |1.245 krak |1.163 kreef | 1.099 ded 1.099 ded

1.375 placht |1.241 vaat |1.153 ijd 1.096 orl 1.097 eft
1.375 hecht |1.241 zeep |1.153 ijp 1.095 teud 1.096 pe
1.374 specht | 1.238 slaat |1.151 ied 1.087 od 1.094 poet

0.781 sinds 0.843 rooms| 0.899 voo |0.618 gdto 0.517 vtmo
0.769 duts 0.841 soort |0.897 bu 0.608 nsututs | 0.516 fmofmeu
0.767 corps | 0.840 doods| 0.883 sijl 0.608 nti 0.515 uskme
0.767 ramsj 0.827 toorts | 0.873 eups | 0.599 mboogs| 0.515 tfibo
0.745 soos 0.819 sol 0.870 afs 0.598 bsemsm 0.507 pfjpibs
0.744 schmink| 0.819 saus | 0.866 pijs | 0.589 trfiks 0.485 vcbfct
0.742 psalm | 0.800 koorts| 0.853 wuibs| 0.589 wtoos | 0.482 jtifdu
0.722 soeks |0.792 puts |0.851 kods | 0.579 Ikijgsj |0.476 hfmso
0.702 soms 0.788 smots|0.848 seu |0.574 lisimu |0.473 fupgmmr
0.639 scouts | 0.746 sjeiks | 0.781 sij 0.552 bosso | 0.452 fbfnmi

TABLE 2: Highestandlowestscoredor all datasets.

tions(T, P, B1) ontheonehandfrom theinvalid non-Dutch-likebigramcombinations
andrandomstrings(BO, R) ontheother

Table2 lists the wordsfrom all datasetswith the highestscoresandthe lowest
scores’ We believe thatinspectiorof the“Dutch’-like columnof randomwordsfrom
valid bigrams(B1) confirmsour decisionto evaluatethis setseparatelyit is alsothe
position of mary linguists that the notion “possibleword” is the cognitively more
significantone.

Thenetworktrainedwith dispersiorwasfurthertestedo determinehow well it
performedn completingwords,givenjustthefirst letter. Resultsareshovn in| Table3
andTable4.

8 Discussion

Our experimentswere not aimedat developing a betteralgorithm for the machine-
learningof languageln ary caseour resultswere not betterthanthoseobtainedby
Tjong Kim Sang[1998] or|Stoianw etal.[1997].

We intendedto capturesomeaspectof how humansprocesdanguage Our
agendais philosophical,not utilitarian. The focusis on whetherFGREPis reliable
in determiningappropriatedatarepresentationgndin understandingfs strengthand
weaknesses.

3. Usinganalternatve errorfunction, suchasmentionedn footnote2, othertypesof wordsendupin
thetop andbottomof thistable.
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ane* ip raep*
baep* jaf stin
ch* keep tanp*
deep laep* ue*
ee man vanl*
felp nanp* wee
geep one* ijke*
hee penp* zae*
TABLE 3: Wordsgeneratedrom asingleinitial letter, copyingoutputto input(invalid patterns
marked?).
an ip ranv*
ban/* jaan stan
chl* keep tanv*
de lanv* uep*
eep marv* van*
fe* naan weel
gelv* on ijk
hel pel zan

TABLE 4: Wordsgeneratedrom a singleinitial letter, outputreplacedby nearesmatchfrom
lexicon beforeinput (invalid patternanarked*).

The artificial neuralnetworkusedin our experimentsvasnot trainedto distin-
guishbetweervalid andinvalid word patternsThenetworkswastrainedto predictthe
next letterin partially processeavords.Naturally the trainednetworkdoesa poorer
jobwhenprocessingllegalwordpatternsThedistinctionshenetworkdravs between
valid andinvalid word patternds a by-product.

Likewise, peoplecandistinguishbetweenvalid word patterns(eitherexisting
wordsor non-wordsthat might exist) andinvalid word patternsin this casetoo, this
ability is probablyacquiredas a by-productof anothersub-functionof the human
languagerocessarbut perhapsavery differentonethanin our networkexperiments.

In languageprocessindy adulthumansthereis perhapso suchtaskaspre-
dicting the next letter. Adult readersdon’t processvordsoneletter at a time, left to
right. Humanlanguageprocessings aproblemof sggmentingreal-timedata,synchro-
nizing differentlevels of abstractionsuchasphoneticsmorphology and syntax.In
our networksetup,thereis only onelevel of processingandinput/processingutput
arealreadysggmentedandsynchronizedin spiteof thesadifferenceshumananguage
processingertainlyinvolvesdynamicsequencg@rocessingt somelevels,andit cer
tainly resultsin anability to distinguishill-formed from well-formedsequences.

Therearealsootherreasonso useFGREPmModelsin experiments.

Thehumanlanguageprocessors notacollectionof independenhetworks but
an integratedcollection of networksthat haslearnedto cooperateThis cooperation

11



is not limited to processinglatacollectively, the dataitself is modeledwhen used
for internal communicatiorbetweensub-networksThe datarepresentatiomustbe
structuredn a mannerthatfacilitatesits processingandrelationsbetweendatamust
berepresenteby similaritieswithin thedata.

For networkexperimentghis meanghefollowing: theinputandoutputvectors
processedby the networkwerent fixed orthogonalvectors,but randomvectorsthat
changeuringthelearningtaskto represenitemswith similarrdlesby similarvectors.
In Dutch, the letters| andr perform similar functionswithin word patterns so we
expectthevectorrepresentationdevelopedduringFGREPtrainingto becomesimilar.
The main questionfor theseexperimentswas: will a setof vectorsdevelop thatis
orderedn amannetthatis intuitively acceptable¥Ve saw it did.

FGREPIs intendedas a meansof communicationbetweennetworks,asused
by|Miikkulainen [1993]. Usingit in anisolatednetwork,aswe did, may be unneces-
sary Languageprocessin@lsoinvolvesfeedbacketweerevelsof processingwhich
is modeledin work by|McClelland& Rumelhartf1981] andRumelhart& McClel-
land[1982], but absenin our setup.This said,what canwe concludeaboutthe poor
predictionresultsof our network,notusingdispersion?

In|Miikkulainen & Dyer[1991] andMiikkulainen [1993], eithernetworkinput
or output,or both, arestatic.In our network,both input andoutputare temporal* In
basicbackpropagatioriearningis ataskof optimization.In anElmannetwork,learn-
ing suffersfrom the moving target problem:networkweightsareadjustedoy alearn-
ing rule thatdoesnot takeinto accountthattheinput from the context unitsis faulty.
FGREPaddsto this problemthat all inputis initially faulty. Despitetheseinadequa-
cies,in Miikkulainen’s experimentsthe learningalgorithmeventually accomplishes
its task.We assumehat FGREPwith both temporalinput andtemporaloutputis too
unstablejf usedalone.

FGREPis not an optimizing algorithm, such as basic backpropagationThe
learningrule adjustsweightsandvectorsto the taskasit is presentingtself at that
momentHowever, asaresultof learning theoveralltaskchangespossiblyin adirec-
tion thathasa worsepossibleglobalsolution.

FGREPstrives for similar vector representationsf items that sene similar
réles, but only in shortterm processingln a temporalto temporalEIman network
distinctionswith long termeffectswill getlost.

Adding dispersiormovercomeshis shortcomingof FGREP Preliminaryexperi-
mentsindicatethat FGREP+ dispersiorperformsbetterthanan Elmannetworkwith
randomizedfixedinput/outpu vectors.

Wefind it usefulto evaluateusingthemorerigorousstandardef machindearn-
ing in orderto investigateneuralnetworksmorepreciselyNotethatwe wouldnothave
beenableto appreciatehe effect of dispersiorwithoutthis rigor.

Otherimprovementof FGREPmightbepossible FGREPadjustsrectorghrough

4. By ‘static’ we meanthata sequencef symbolsis concatenatetb a single pattern,and processed
withoutreferenceo the sequenceBy ‘temporal’ we meanthata sequencés processe@nesymbolata
time.

12



theinputlayeronly. Tametlearningcould beimplementedusingEq. 7 (page6), with
outputvectory andtargetvectorx. Anotherimprovementmaybe a moredirectfeed-
backbetweerF-GREPmModules.

9 WWW resources

Datasetsandresultsareavailableat:
http://ww. | et. rug.nl/~kl ei weg/ papers/afiip/
The CELEX Lexical Databasés at:
htt p://ww. kun. nl / cel ex/
Clusteringwasdonewith softwareavailableat:
http://ww. |l et. rug.nl/~kl ei weg/cl ustering/
The Kohonemmapwascreatedwith softwareavailableat:
http://ww. | et. rug. nl/~kl el weg/ kohonen/
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