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Abstract
Wediscussexperimentswith neuralnetworksbeingtrainedin aphonotacticpro-

cessingtask.A recurrentnetworknotonly learnsto predictthenext lettergivenapartial
processedword, but alsolearnsto representthe lettersin a mannermeaningfulto the
processingtask.To thisend,weuseMiikkulainen’s[1993]FGREP, augmentedwith an
algorithmwecall dispersion, to improvedistinctnessamongthesetof letterrepresenta-
tions.

Ourgoalis to createamorerealisticmodelof how humansmightprocessnatural
language.

1 Related work

Cleeremans[1993] conductedanimportantseriesof experimentson sequencelearn-
ing with neuralnetworks.His SimpleRecurrentNetworks(SRNs)achieved perfect
learningappliedto theReebergrammar, a formal languagewhich is standardlyused
in machinelearning.Tjong Kim Sang[1998] comparedstatistical,neuralandsym-
bolic approachesto computationalmodelsof languagelearning.He alsostudiedse-
quenceprocessing,but choseDutchmonosyllablesasdomain.Althoughheimproved
onCleeremans’setupin severalrespects,hisSRNsfailedto learnDutchphonotactics,
andTjong Kim Sangconcludedthat neurallearningparadigmswerenot yet sophis-
ticatedenoughto competewith othersin this domain.Stoianov, Nerbonne& Bouma
[1997] reportedbetterperformance,however.

We applya neuralnetworkto phonotacticprocessingin thesamewayasTjong
Kim Sang[1998]andStoianov etal. [1997]did.Thenetworkis presentedwith (mono-
syllabic)words,oneletter at a time, andthenetworkhasto learnto predictthe next
letter. Whentraining is completed,thenetworkis tested,measuringhow well it per-
formsits taskprocessingtruewords,comparedto processingrandomstrings.

Tjong Kim Sang[1998] andStoianov et al. [1997] uselocal encodings,focus-
ing on performancefrom a machinelearningperspective. We useFGREPencoding,
focusingonrealisticmodelingof languageprocessingby humans.
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2 FGREP

FGREPis shortfor FormingGlobal Representationswith ExtendedbackPropagation
[Miikkulainen & Dyer 1991,Miikkulainen 1993]. It was introducedas a meansof
communicationwithin a modularsystemof neuralnetworks,andhasbeenappliedin
severallinguisticexperiments.

FGREPis aboutdatarepresentation.Usually, a ‘flat’ neuralnetworkis trained
to processadatasetwith fixedrepresentations.With FGREP, therepresentationsin the
datasetthemselvesarelearnedaswell. Thismakesit possibleto haveneuralnetworks
learnto communicate,having thenetworksdeveloptheir languageinterface.Thepro-
grammerdoesn’t have to worry aboutwhatfeatureshave to becodedinto thedataset.
FGREPcodesfor thefeaturesneededby thenetworks.

FGREPusesa global lexicon.1 Initially, itemsarestoredwith randomizedvec-
tor representations.Itemsarepickedfrom this lexicon to serve bothasinput andtar-
getvectorsto feedforwardnetworks.Standardbackpropagationis usedto updatethe
weightsin thenetwork,but it is extendedbackinto theinputvector, andthisvectoris
updatedaswell. Theupdatedvectoris storedbackinto thelexicon.

3 Data sets

Ourdatasetconsistsof monosyllabicwordsfromtheCELEXLexicalDatabase.Words
wereusedin theirnormalspelling.As TjongKim Sang[1998]showed,thisrepresenta-
tion doesnotchangetheproblemgreatly, andit easespresentation.Wordswith oneof
thelettersq, x, or y wereremoved(17words).Thesethreelettersaresorarein Dutch
that they could focusthe attentionin the FGREPrepresentationstoo much,thereby
blurring thedetailsin the relationsbetweenthe commonletters.Also removed were
foreign/loanwordssuchasbath, brunch andföhn(232words).

The remainingsetof wordswassplit randomlyinto a training setT of 3807
words,anda testsetP of 424words.In all experiments,thescoredistributionof both
setsremainednearlyidentical, indicatingthe testset is a goodrepresentationof the
trainingset.

Usingfrequency informationfromtheCELEXLexicalDatabase,thetrainingset
wassorted,placingmostfrequentlyusedwordsat thetop of thelist. During training,
therewasalwaysa probability

�
thata wordwasselectedfrom thetop

���
partof the

list. Putin otherwords,whenawordwasselectedfor training,therewasa50%chance
thatit wouldbepickedfrom the12.5%( ����� �
	���� �
	���� � ) of wordsmostfrequentin
theCELEX Database.For a setof 3807words,this meansthat thewordat thetop of
thelist is usedin trainingabout700timesasoftenasthewordat thebottomof thelist.

As ‘negative’ testdatawe createdthreesets.OnesetR consistsof 800random
strings.It mightbeeasy, evenfor a non-recurrentnetwork,to distinguish thissetfrom
the training set,just becausethis randomsetcontains‘words’ with bigramsthat are
not in the trainingset.Thereforewe createdanothersetof ‘randomwords’, in which

1. To avoid confusion,wewill reserve thetermlexicon for thecollectionof FGREPvectors.
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FIGURE 1: Layoutof anFGREPnetworkusedin ourexperiments.

all wordsweremadeupof bigramsthatarepresentin thetrainingdata.Thissetof 476
wordswassplit into two sets.SetB1 consistsof 175mono-syllabicwordsof which
wethoughtthey might exist in Dutch.SetB0 consistsof theremaining292words.

4 Network setup

Fig. 1 shows thelayoutof our network:we useFGREPin anElmannetwork[Elman
1990]capableof sequenceprocessing.Beforetraining,thelexicon is randomizedwith
valuescloseto theaverageoutputof theactivationfunction(Eq.1). Weightsareran-
domizednearzero.

Beforeanew wordis presentedto thenetwork,thehiddenunitsareresetto zero.
Wordsareprocessedoneletteratatime,usingacopyof thehiddenlayerasadditional
input.Thenetworkhasto predictthenext letter, or theend-of-wordsymbol.

The activation function determinesthe outputof a unit, given the sumof all
inputsmultipliedwith therespectiveweights.Severalactivationfunctionsweretested.
Thestandardsigmoiddid just fine(Eq.1). An additionalinputunit, setto 1, servedas
abias. ��
 ������������ ��� (1)

Standardbackpropagation[McClelland & Rumelhart1988,Werbos1995] wasused
to calculateerrorvaluesandweightupdates,but errorvalueswerecalculatedfor the
input layeraswell. Theseerrorvalues,� � , wereusedto updatetheinput vector, using
theupdaterule in Eq.2 ( � is thelearningrate).� � ����
 � ��� 
 � � � � ��� � � (2)
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FIGURE 2: Clusteringof FGREPdata.Several interestingclustersarefound,shown herein
bold.

Usingtheinverseof theactivationfunction  �! " , thenetworklearnsasif input comes
from aprecedinglayerwith a localencoding.Because �! " is abitwise1-to-1mapping
from thelexicon to theinput, it is uniquelyinvertible.

5 First results

Severalnetworksizesweretested,from 2 to 10hiddenunits,andfrom 3 to 8 unitsfor
theFGREPvectors.Theremainingpartof thispaperwill discussnetworksetupswith
6 hiddenunits,andanFGREPvectorsizeof 7.

It wasfairly easyto developa ‘sensible’setof vectors.Fig.2 showsanexample
of a dendrogram,createdwith nearestneighborclustering,usingthe Euclideandis-
tanceasa differencemeasure.(SeeAldenderfer& Blashfield[1984] for anaccessible
introductioninto dataclustering.)Sensibleclustersappearin thedendrogram,suchas
b-p, g-k, l-r , andoneclusterof all but onevowel.Otherclustersonemightexpect,such
asperhapsd-t, aremissing.

To seehow well thenetworkdistinguishesvalid from invalid words,we needa
methodto assignscoresto words.

The methodwe useto assigna word scorecomesfrom Tjong Kim Sang&
Nerbonne[1999]. The scoreof a letter # in the context of prefix $ is symbolizedby
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FIGURE 3: Poornetworkperformance.A perfectnetworkwouldshow somewordscorelevel
atwhichnearlyall valid stringswereaccepted,andnearlyno invalid ones.

% & ' ()%
andcalculatedaccordingto Eq.3.

% & ' ()%+*-,+.0/112 ,35467 8:9 ; < =)> ?�@ <
7 ; ( A�.CB D < E D < 7 ; ( A A F

(3)

Thescoreof a word
% GH% I G�*�& 9:J J J &

4 is theproductof theletterscores,Eq.4.% GH%+*�K 7 % & 7 ' & 9:J J J & 7 L�9 %
(4)

We actuallyuseawordscorethatis correctedusingEq.5 andEq.6.M)N OPO+Q)R SHT U Q)R N * Q V SWO+Q)R SHT U Q)R N+X�Y Z U [ Q)R \ ] ^ _ ` a (5)

Y Z U [ Q)R * Z b N R Z c N�T U Q)R NdO+Q)R SHV N M)c [ eHfZ b N R Z c N�T U Q)R NdO+Q)R SHV N M)c [ eWg (6)

To get someidea of networkperformance,a scoredistribution of training and test
setswerecompared.Acceptingstringsas ‘valid words’ if they have a scoreof 1.3
or above, about66%of the trainingsetpassesand28%of thesetof randomstrings,
leaving a largemargin of error. Thisnetworkdoesverybadlyindeedwhenit comesto
distinguishing valid from invalid words.Fig. 3 graphsperformanceat variousscore-
levelsfor thefivesetsof data.
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FIGURE 4: Dispersion.10 vectorsdrift from their initial positions(opencircles)to their final
positions(filled diamonds).The vectorstop andtop-left have swappedplaces,but the other
vectorshave retainedtheir relativeorder.

6 Dispersion

FGREPforcesitemswith similar rôlesto have similar representations.When these
similaritiesaretooclose,it becomeshardfor thenetworkto distinguishbetweenthem.
To overcomethis problem,we introducean algorithmfor dispersion. The goal is to
keepthe vectorsasdifferentaspossible,without destroyingthe orderthat is created
by theFGREPalgorithm.Thealgorithmis simple:

1. selecta randompointy in vectorspace
2. pick thevectorx from theFGREPlexicon thatis closestto y
3. shift x a tiny amounttowardsy, usingEq.7h�i�j�h�i�k�l:m n i�oph�i q (7)

A learningrate lrjts�u s s s s�v , applyingthealgorithm5 timesper trainedword, does
thetrick. Thealgorithmis demonstratedfor a setof 2D vectorsin Fig. 4.

7 Results

Usingdispersion,muchimprovedperformancewasobtained,ascanbeseenin Fig. 5.
Settingthescorethresholdto 0.96,about87%of thetrainingdatais acceptedasvalid,
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FIGURE 5: Performanceof anetworktrainedwith dispersion.

andonly 13%of thesetof randomstrings.2 Thescoredistributionof thepositivetest
datais nearlyidenticalto the trainingdata.Remarkableis the lower performancefor
thesetof ‘words thatmight exist’ (B1). Thenetworkseemsto have becomesensitive
to dependenciesbetweenletterswhichareseparatedby oneor moreotherletters.This
is in accordancewith the designof SRNs.It indicatesthat the networkhasa stricter
notionof a valid word. It mayindicatethat thenetworkis sensitive to actual,not just
possiblewords— whichseemseminentlyplausiblepsychologically.

Nearestneighborclusteringof theFGREPlexicon createdusingdispersionre-
sults,however, in noclearclusters(Fig. 6). Is all orderlost?

A Kohonenmap[Kohonen1989]is aSelf-OrganizingMap (SOM)usedto order
a setof high-dimensionalvectors.It’ sworking is inspiredby topologicalneuralmaps
in the brain.The mapis trainedto ‘respond’with a singleunit for a particularinput
vector, andorganizeitself in a waysuchthatsimilar inputvectorsaremappedto units
thatarecloseto eachother. So,a Kohonenmapcanbeusedto clarify relationsin a
complex setof data.

WecreatedaKohonenmap,displayedin Fig.7.Line darknessindicatesincreas-
ing difference-betweenneighboringunits[Kleiweg 1998].A minimalspanningtreeis
includedto clarify relationships.Closerelationshipsbetweenb-p, g-k andl-r arestill
visible.Vowelsarenot randomlydistributedbetweenconsonants.

Table1 lists statisticsfor thenetworkperformance.Notethatmorethana stan-
darddeviationseparatesthetrainingdata,testdata,and“Dutch-like” bigramcombina-

2. We got betterresultsby simply usingtheaveragedsquarelettererror: 86%of trainingdata,8% of
randomstrings.
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FIGURE 6: Clusteringof FGREPdataobtainedusingdispersion.
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FIGURE 7: A Kohonenmapof FGREPdataobtainedusingdispersion.
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TABLE 1: Statisticsfor FGREPwith dispersionon all datasets,groupedby word length. { :
numberof words, |} : averagescore,~ : standarddeviation.
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T P B1 B0 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 uskmve
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 lkijgsj 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: Highestandlowestscoresfor all datasets.

tions(T, P, B1) ontheonehandfrom theinvalid non-Dutch-likebigramcombinations
andrandomstrings(B0, R) on theother.

Table2 lists thewordsfrom all datasetswith thehighestscoresandthelowest
scores.3 We believe thatinspectionof the“Dutch”-like columnof randomwordsfrom
valid bigrams(B1) confirmsour decisionto evaluatethis setseparately. It is alsothe
position of many linguists that the notion “possibleword” is the cognitively more
significantone.

Thenetworktrainedwith dispersionwasfurthertestedto determinehow well it
performedin completingwords,givenjust thefirst letter. Resultsareshown in Table3
andTable4.

8 Discussion

Our experimentswerenot aimedat developinga betteralgorithm for the machine-
learningof language.In any case,our resultswerenot betterthanthoseobtainedby
TjongKim Sang[1998]or Stoianov etal. [1997].

We intendedto capturesomeaspectsof how humansprocesslanguage.Our
agendais philosophical,not utilitarian. The focus is on whetherFGREPis reliable
in determiningappropriatedatarepresentations,andin understandingits strengthand
weaknesses.

3. Usinganalternative error function,suchasmentionedin footnote2, othertypesof wordsendup in
thetopandbottomof this table.
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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: Wordsgeneratedfrom asingleinitial letter, copyingoutputto input(invalid patterns
marked*).

an ip ranv*
banv* jaan stan
chl* keep tanv*
de lanv* uep*
eep manv* vanv*
fe* naan weel
gelv* on ijk
hel pel zan

TABLE 4: Wordsgeneratedfrom a singleinitial letter, outputreplacedby nearestmatchfrom
lexiconbeforeinput (invalid patternsmarked*).

Theartificial neuralnetworkusedin our experimentswasnot trainedto distin-
guishbetweenvalidandinvalidwordpatterns.Thenetworkswastrainedto predictthe
next letter in partially processedwords.Naturally, the trainednetworkdoesa poorer
jobwhenprocessingillegalwordpatterns.Thedistinctionsthenetworkdrawsbetween
valid andinvalid wordpatternsis aby-product.

Likewise,peoplecandistinguishbetweenvalid word patterns(eitherexisting
wordsor non-wordsthatmight exist) andinvalid word patterns.In this casetoo, this
ability is probablyacquiredas a by-productof anothersub-functionof the human
languageprocessor, but perhaps,averydifferentonethanin ournetworkexperiments.

In languageprocessingby adulthumans,thereis perhapsno suchtaskaspre-
dicting the next letter. Adult readersdon’t processwordsoneletter at a time, left to
right.Humanlanguageprocessingis aproblemof segmentingreal-timedata,synchro-
nizing differentlevels of abstraction,suchasphonetics,morphology, andsyntax.In
our networksetup,thereis only onelevel of processing,andinput/processing/output
arealreadysegmentedandsynchronized.In spiteof thesedifferences,humanlanguage
processingcertainlyinvolvesdynamicsequenceprocessingat somelevels,andit cer-
tainly resultsin anability to distinguishill-formed from well-formedsequences.

Therearealsootherreasonsto useFGREPmodelsin experiments.
Thehumanlanguageprocessoris not acollectionof independentnetworks,but

an integratedcollectionof networksthat haslearnedto cooperate.This cooperation
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is not limited to processingdatacollectively, the data itself is modeledwhen used
for internalcommunicationbetweensub-networks.The datarepresentationmustbe
structuredin a mannerthat facilitatesits processing,andrelationsbetweendatamust
berepresentedby similaritieswithin thedata.

For networkexperimentsthis meansthefollowing: theinputandoutputvectors
processedby the networkweren’t fixed orthogonalvectors,but randomvectorsthat
changeduringthelearningtaskto representitemswith similarrôlesby similarvectors.
In Dutch, the letters l and r perform similar functionswithin word patterns,so we
expectthevectorrepresentationsdevelopedduringFGREPtrainingto becomesimilar.
The main questionfor theseexperimentswas:will a set of vectorsdevelop that is
orderedin amannerthatis intuitively acceptable?We saw it did.

FGREPis intendedasa meansof communicationbetweennetworks,asused
by Miikkulainen [1993]. Usingit in an isolatednetwork,aswe did, maybeunneces-
sary. Languageprocessingalsoinvolvesfeedbackbetweenlevelsof processing,which
is modeledin work by McClelland& Rumelhart[1981] andRumelhart& McClel-
land[1982], but absentin our setup.This said,whatcanwe concludeaboutthepoor
predictionresultsof ournetwork,notusingdispersion?

In Miikkulainen & Dyer [1991] andMiikkulainen [1993],eithernetworkinput
or output,or both,arestatic.In our network,both input andoutputaretemporal.4 In
basicbackpropagation,learningis a taskof optimization.In anElmannetwork,learn-
ing suffersfrom themoving targetproblem:networkweightsareadjustedby a learn-
ing rule thatdoesnot takeinto accountthat theinput from thecontext units is faulty.
FGREPaddsto this problemthatall input is initially faulty. Despitetheseinadequa-
cies,in Miikkulainen’s experiments,the learningalgorithmeventuallyaccomplishes
its task.We assumethatFGREPwith both temporalinput andtemporaloutputis too
unstable,if usedalone.

FGREPis not an optimizing algorithm, suchas basicbackpropagation.The
learningrule adjustsweightsandvectorsto the taskas it is presentingitself at that
moment. However, asaresultof learning,theoverall taskchanges,possiblyin adirec-
tion thathasa worsepossibleglobalsolution.

FGREPstrives for similar vector representationsof items that serve similar
rôles,but only in short term processing. In a temporalto temporalElman network
distinctionswith long termeffectswill getlost.

Adding dispersionovercomesthis shortcomingof FGREP. Preliminaryexperi-
mentsindicatethatFGREP+ dispersionperformsbetterthananElmannetworkwith
randomized,fixedinput/output vectors.

Wefind it usefulto evaluateusingthemorerigorousstandardsof machinelearn-
ing in orderto investigateneuralnetworksmoreprecisely. Notethatwewouldnothave
beenableto appreciatetheeffectof dispersionwithout this rigor.

Otherimprovementsof FGREPmightbepossible.FGREPadjustsvectorsthrough

4. By ‘static’ we meanthat a sequenceof symbolsis concatenatedto a singlepattern,andprocessed
without referenceto thesequence.By ‘temporal’ wemeanthatasequenceis processedonesymbolat a
time.
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theinput layeronly. Target learningcouldbeimplemented,usingEq.7 (page6), with
outputvectory andtargetvectorx. Anotherimprovementmaybea moredirectfeed-
backbetweenFGREPmodules.

9 WWW resources

Datasetsandresultsareavailableat:
http://www.let.rug.nl/~kleiweg/papers/afiip/

TheCELEX Lexical Databaseis at:
http://www.kun.nl/celex/

Clusteringwasdonewith softwareavailableat:
http://www.let.rug.nl/~kleiweg/clustering/

TheKohonenmapwascreatedwith softwareavailableat:
http://www.let.rug.nl/~kleiweg/kohonen/
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