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Abstract

Threeindependentphenomenahave appearedover the last fifteen yearsthatmake it pos-
sible to think aboutlinguisticsin a differentway. Thefirst is theappearanceof theWorld
Wide Web; the secondis the developmentof robust andrapid, thoughshallow, linguistic
analyzers,andthethird is theavailability of cheapmemory. In this chapter, we show how
thesethreephenomenacometogetherin thecreationof a new linguistic resource:theVery
LargeLexicon.

1 Intr oduction

Linguistsareusedto building modelsof languageby hand. But the presenceof
a largeamountof freely availabletext, coupledwith robustparsersfor treatingit,
givesusa new way of looking at languagemodels.We cannow considerthings
on a massive scale.Justasthe four-color problem(Tymoczko 1990)wassolved
usinga batteryof computers,andascomputerscientistsarelookingonceagainat
bruteforcemethods(Nievergelt,Gasser, MaeserandWirth 1995),wecanimagine
treatinglinguisticsproblemsin thesameway. As a tool for suchanapproach,in
this chapter, wesketchtheideaof a VeryLargeLexicon.

First we describethe existing naturallanguageprocessingtools that allow a
computerto work with text by abstractingaway surfacedifferences. Then we
discusshow big theWeb is andwhat languagemodelwe canextract from it. We
examinewhetherwe couldstoresucha model.Finally we outlinewhatwould be
includedin a VeryLargeLexiconanddescribeonepossibleapplicationof it.

2 PhenomenonOne– Natural LanguageProcessing

The computeris a very simpletool. Essentially, it canonly testfor equalitybe-
tweentwo sequencesof bits. (To be fair, it canalsotell if onenumberis greater
or lessthananothernumber. But this is really all a computercando.) In order
to exploit thepowerof thecomputerfor thetaskswe wantit to perform,we must
reducethingsto someformatthatcanbeexactly compared.We,ashumans,have
innateabilitiesto seesimilarities:giventwo photosof thesametreefrom slightly
differentangles,we couldstill tell it wasthesamebecausewe canabstractaway
differences.In thesameway, with respectto text, we canseethethreestatements
in Figure1 asinstancesof someconceptlike ”stealpainting”althoughthesurface
formsof theexpressionsaredifferent.

In order to make make two differentpiecesof text look exactly alike to the
computer, ComputationalLinguisticshascreateda numberof modelsof language
thatmapdifferentstringsof text or phonemesinto identicalforms.
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...threepaintingswerestolen...

... accusedof stealingthreepaintings

... paintingsthey wereaboutto steal...

Figure1: We canabstractaway thesurfaceof detailsto seeeachof thesetext segmentsof
variantsof ”steala painting”

Therearemany importantapplicationsof this actionof abstractingaway de-
tails. Classificationsystems(YangandPedersen1997)ignoremostof adocument
in orderto reduceit to oneof a numberof predeterminedclasses(e.g.,medical,
financial,etc.). Informationretrieval systems(FrakesandBaeza-Yates1992)ab-
stractawaymany aspectsof a documentby indexing wordsandphrases,reducing
thedocumentto anormalizedlist, sothatthecomputercanmatchit to aquery, re-
ducedto a similar list. Informationextractionsystems(RobertGaizauskas1997)
usemodelsof events(suchascompany mergers)in which thingsirrelevantto the
eventareignoredandfrom which patternscorrespondingto the eventarerecog-
nized. Terminologyrecognitionandcontrol (Jacquemin1999) usesa model of
correctandincorrectterminologyandthevariationsthatthey canundergo,sothat
technicaltext canbemorepreciselywritten. Text mining(Ghani,Jones,Mladenic,
Nigam andSlatteryn.d.) convertsrunningtext into abstractedlists andpatterns
in orderto discover recurringpatternsandcombinationsover a numberof texts.
Translatingprograms(HutchinsandSomers1992)usemodelsof grammarthat
mapgrammaticalstructuresfrom onelanguageto another, andmodelsof thelexi-
conthatuselimited context to performproperwordchoicein thetargetlanguage.

In order to perform theseabstractions,Natural LanguageProcessing(NLP)
usesanumberof remappingmodels,eitherbuilt by handor derivedfrom statistical
analysisthatallow thecomputerto seetwo differentsequencesasbeingthesame.
Examplesof thesemodelsare:

� Speechlanguagemodels(Placeway, Schwartz,FungandNguyen1993):use
modelsof realwordsin orderto mapphoneticstringsinto readingsof words.

� Lexicons (Chanodand Tapanainen1995): map different word forms to
the samenormalizedform. For examplethinks, thinking and thoughtare
mappedto think (verb). Stemming(Porter1980) is sometimesusedasa
quick-and-dirtylexical normalization.

� Part-of-Speechtaggers(Church1988): usemodelsof known sequencesof
grammaticalcategories(givenby the lexicons)to choosebetweenpossible
readingsof sentences.Applying thesemodelsallows the computerto see
abstractcategoriessuchasnouns,verbs,andadjectivesin theplaceof real,
differentwords.

� Grammars(PereiraandWarren1980):usemodelsof part-of-speechgroup-
ingsthataremappedinto higher-level structure,suchnounphrasesanverb
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[ ]:LEFTCONTEXT
token

[ ]:MIDDLE
token

relation:[ ]
[ ]:RIGHTCONTEXT

Figure2: Shallow parserssometimesuseregularexpressionsfor modelingcontext andfor
transducingthis recognizedcontext to theemptystring(written hereas[] ), while retaining
in theoutputthetokens,andintroducingin theoutputtherecognizedrelation(writtenhere
asrelationmatchingtheemptystringon input relation:[] ).

phrases,thatallow thecomputerto recognizetwo differentsentencesas,for
example,beingtransitiveusesof theverbsteal.

2.1 Robust, Shallow Parsing

Shallow parsers(Grefenstette1999)canextract a syntacticdependency between
two words by modeling, for example using regular expressions(Karttunen,
Chanod,GrefenstetteandSchiller1996),thestructureof the syntacticcontext to
theleft of thefirst word(with, for exampleasseenin Figure2,aregularexpression
LEFTCONTEXT), betweenthewords(with a regularexpressionMIDDLE), andto
the right of the last word (with a regularexpressionRIGHTCONTEXT). Noneof
this context is output(it removedby mappingit to theemptystring,[ ]) by the
transducingfilter asthe context is recognized.The only itemsthatareoutputby
thefiltering transducerarethetokens(thetaggedwords)thatarefoundsurrounded
by thecontexts,andarelationlabelinsertedafterthelasttoken.Schematicallythis
givesthestructurein Figure2.

Thesemodels,whenappliedto text, alongwith othermodelsof lexical normal-
izationandpartof speechtagging,will produceabstractedversionsof thesyntactic
relationsthatarefound. Figure3 shows how an input sentenceis abstractedto a
collectionof dependency relationsbetweenthewordsin thesentence.

Thelasttwentyyearshasseenthecreationof a largenumberof shallow, robust
parsers(Voutilainen,Heikkila andAnttila 1992,Hindle1993,Debili 1982,Abney
1991, Ejerhedand Church 1983, Jensen,Heidorn and Richardson1993, Ait-
MokhtarandChanod1997)ableto extract syntacticrelationsquickly from large
quantitiesof texts. Nuria Gala(Pavia 2000) is working on producinga shallow
parserwhoseresultscanbeassuredto havea highprecision.

3 PhenomenonTwo – The World Wide Web

NaturalLanguageProcessingnow providesuswith tools(lexicons,part-of-speech
taggers,grammars,parsers)from whichwecanderiveanabstractedmodelof how
languageis used.TheWorld Wide Web providesuswith the text from which to
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36Helmantelpaintingswerestolenat thisburglary.

[SC [NP 36HelmantelpaintingsNP]/SUBJ:v werestolenSC] [PPat this burglaryPP].

ADJ(36,painting)

SUBJPASS(painting,steal)

NN(Helmantel,painting)

VMODOBJ(steal,at,burglary)

Figure3: Shallow parserssometimesproducea list of syntacticrelationssingtheir models
of theserelations.A first passonpart-of-speechtaggedtext (part-of-speech tagsnotshown
here) introducesmorestructurethatis usedby thesyntacticrelationsmodels.Hereamodel
of adjective modifiersproducesADJ, a syntacticrelationbetween36 andpainting; Others
models: a passive subjectmodel (SUBJPASS), a nounmodifier model (NN) anda verb
modifiermodel(VMODOBJ)produceotherabstractedversionsof thesentence.

extractthemodels.
Everyoneknows thattheWorld Wide Webis huge.In orderto give someidea

of its size,Figure4 givesthefrequency of somerandomphraseson theWeband
in the largestconstructedcorpusof English,theBritish NationalCorpus(seethe
URL info.ox.ac.uk/bnc/for moreinformationonthiscorpus).For example,wesee
thattheordinaryphrase“deepbreath”appears374timesper100million wordsin
theBritish NationalCorpus,but appearedin texts indexedby Altavistamorethan
79,000timesin Juneof 2001. Thesenumbersshow that the WWW is ordersof
magnitudeslargerthanthis largecorpus,andgrowing.

Lawrenceand Giles estimated(Lawrenceand Giles 1999) that the publicly
indexablewebcontainedabout800million pagesasof February1999,or about6
terabytesof text after removing theHTML. In Juneof 2001,Google’s homepage
invited its usersto searchamongits 1,346,966,000webpages.

Using techniquesdescribedin (GrefenstetteandNioche2000),we estimated
that Altavista allows accessto over 75 billion wordsof Englishin March,2001,
andmany billions of wordsof otherlanguages,Thecompleteestimatesareshown
in Figure5. LawrenceandGilescalculatedthatAltavistaonly indexesabout15%
of theweb,sothenumbersgivenin Figure5 mustbeconsideredaslower bounds
on theamountof text availableon theWWW.

The WWW is clearly big, but is it a goodplaceto derive a languagemodel
from. It is not ascleanasthe corporaof newspapertexts that computationallin-
guistsareusedto working with. Erroscanarisefrom a numberof sources:the
peopleusingtheInternetmaybewriting their texts in anon-native language;they
maybeusingincorrectspeech;they will bemakinggrammaticalandspellinger-
rors. How canwe proposeto derive a modelof how languageis usedfrom the
Web?

To allay thesefears,we canmakesomeanecdotalobservations.Figures6 and
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BNC WWW WWW
samplephrases 100M Words 1999 2001

medicaltreatment 202 46064 342155
prostatecancer 28 40772 473210

deepbreath 374 54550 79440
acrylicpaint 20 7208 22288

perfectbalance 28 9735 30077
electromagneticradiation 24 17297 57421

powerful force 54 17391 32663
concretepipe 8 3360 16737

upholsteryfabric 5 3157 7008

Figure4: Comparisonof thefrequency of somerandomEnglishnounphrasesin theBritish
NationalCorpusandin Altavistain 1999andin Altavistain 2001

7 show somecommongrammaticalerrorsin SpanishandDutch. The Spanish
errorsarecalleddequeismos, which meansto placea spuriousdebetweena verb
andits following relative clause.The Dutch examplesshow improperchoiceof
prepositions.Examplesareeasyto generatefor English,also.Forexample,in June
2001,therewere1692“I beleave”, 41617“I beleive” but 3,800,810“I believe.”
In all thesecasesthe numberof correctforms is muchgreaterthan the number
of erroneousforms. This seemsto indicatethat the WWW canbe a sourcefor
modelinglanguageif thresholdsareapplied. The Web is so big that the signal
(correctformsandcorrectusage)is sostrongandnoisecanbeignored.

4 PhenomenonThr ee– Disk Space

In thelast two sectionswe have talkedabouttwo phenomema:NaturalLanguage
Processingand robust parsing,and the WWW and its size. Their conjunction
offerspromisethatwe canbuild a largemodelof how languageis used,andbuild
this for many written languages.But how largewill this modelbe,andwill webe
ableto storeit?

First we canbegin by decidingwhich wordsto model.With theNLP toolswe
have,wecangenerateall thesurfaceformsfor a language(up to agivencharacter
length). WWW browsers(e.g. Altavista,Alltheweb)allows us to rank thesesur-
faceformsby frequency. So,we canconsiderthe200,000mostfrequentsurface
formsfor a language.Supposethatwewantto build averysimplelanguagemodel
consistingof a two dimensionalmatrixof therelativecollocationfrequency of one
word to another. Supposethatwe storethis frequency in 4 bytes.This meanswe
need200,000by 200,000by 4 bytes,or 160gigabytes.(We would actuallyneed
muchless,sincethematrixwouldbeverysparse,andcouldbestoredusingamore
efficient representation.)

Thoughsucha sizefor a modelmaystill seemdaunting,disk drivesaregetter
biggerandcheaper. In June,2001,disk spacecostabout$ 3 per gigabyte. By
Moore’s Law (Schaller1997)of computerpower doublingevery 18 months,and
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Word countestimate
Welsh 14,993,000
Albanian 10,332,000
Breton 12,705,000
Lithuanian 35,426,000
Latvian 39,679,000
Esperanto 57,154,000
Basque 55,340,000
Latin 55,943,000
Estonian 98,066,000
Irish 88,283,000
Icelandic 53,941,000
Roumanian 86,392,000
Croation 136,073,000
Slovenian 119,153,000
Turkish 187,356,000
Malay 157,241,000
Catalan 203,592,000
Slovakian 216,595,000
Finnish 326,379,000
Danish 346,945,000
Polish 322,283,000
Hungarian 457,522,000
Czech 520,181,000
Norwegian 609,934,000
Dutch 1,063,012,000
Swedish 1,003,075,000
Portuguese 1,333,664,000
Italian 1,845,026,000
Spanish 2,658,631,000
French 3,836,874,000
German 7,035,850,000
English 76,598,718,000

Figure5: Estimatesof numberof wordsof text availablefor somelanguageson theWWW
throughAltavistain March,2001.



Very LargeLexicons 7

www.alltheweb.com(June2001)
”piensodeque” 171times
”piensoque” 83966times
”piensasdeque” 89 times
”piensasque” 11485times
”piensedeque” 9 times
”pienseque” 12867times
”pensardeque” 716times
”pensarque” 188508times

Figure6: Frequency of pagescontaining’dequeismoserrors’ (placinga spurious’de’ be-
tweentheverbandtherelative) on theWeb. Thecorrectcasesappeartwo ordersof magni-
tudemoreoften.

www.alltheweb.com(October2000)
”hun hebbenhet” 10 times
”ze hebbenhet” 2459times
”groterals” 1079times
”groterdan” 20421times
”betreffendehen” 12 times
”betreffendehun” 329times
”behalve hen” 12 times
”behalve hun” 310times

Figure7: Frequency of someDutch prepositionchoiceerrorson the Web: the erroneous
casesappearmuchlessoftenthanthecorrectcases.

TRECcross-languagequery: Welke mogelijkhedenzijn er voorhergebruikvanafval?
afval 40494
mogelijkheden 198060
van 30169524
hergebruik 12397
welke 388139
er 2313010
zijn 5041618
voor 7958353

Welkemogelijkhedenzijn er voorhergebruikvanafval?
Figure8: Word countsof Dutch wordsfrom the Web canbe usedto weight wordsin an
informationalretrieval system. In the exampleabove, the original queryaboutrecycling
garbageis representedwith wordsizecorrespondingroughlyto theweightsderivablefrom
inverseWWW frequency.
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growing tenfoldevery five years,we canpredictthata terabyte(1000gigabytes),
which cost$ 3000in 2001,will cost$ 300in 2006and$ 30 in 2011. Thewhole
storagemarket is beingdrivenby thedemandfor cheapvideoandmusic.Storage
of text modelswill alwaysbevery smallcomparedto thesemedia,andvery soon
we shouldbeableto effectively storesuchlargemodelscheaply.

5 The Very Lar geLexicon

Theconvergenceof thesethreephenomena(storage,NLP andtheWWW) means
that we canconsiderbuilding a new linguistic resource.This resource,massive,
but automaticallyderivable,is not whatwe areusedto dealingwith in NLP. What
we proposeis morethana simplelexiconcontainingall theformsof words,more
thana list of idiomaticexpressions,morethana largemodelof word pairs,more
thana grammar, morethana dictionarymadefor humans.We proposestoringan
abstractedexpression,derivedfrom shallow parsingandothercurrentNLP tools,
of how lexical itemsarereallyused.In thissectionwewill considerwhatthisVery
LargeLexiconshouldcontain.As aminimum,we think it shouldstore:

� relative frequenciesof words

� co-occurrencepatterns,andtheir frequencies

� dependency relationsbetweenwords

5.1 Relative fr equencyof words

Many webportalsgivewordandpagecountsfor thequeriesuserssend.By gener-
atingqueriesconsistingof all theword formsof a language,we caneasilygather
theword frequenciesof thebasiclexical itemsof alanguage.(Thereis onecaveat:
webportalsdonotdistinguishbetweenlanguagesin thesecountssothat,for exam-
ple, EnglishandGerman’die’ countsareconflated.Therearewaysto overcome
theseeffectsby referring to expectedfrequenciesfrom smallerknown-language
corpora.)

Knowing therelative frequenciesof wordsis usefulfor many NLP tasks:i.e.
informationretrieval systemsupposethat the word frequency is an indicationof
theimportanceof words,seeFigure8. Thesewebfrequenciescanbeusedjust as
realcorpusfrequenciesareusedin closed-corpusinformationretrieval systems.

5.2 Collocation fr equencies

If we know the frequenciesof eachword, andif we know theco-occurrencefre-
quenciesof the words,we canbuild into the Very LargeLexiconsthe list of the
wordswith highestmutualinformationfor eachword. As anexample,wetookthe
words’ thief’ and’piano’ andfor eachword we generatedco-occurrencequeries
with all theotherwordsin anEnglishfull-form lexicon usingtheNEAR operator
of theAltavistaadvancedsearchoption. Calculatingmutualinformation(Church
andHanks1990),wegettheassociatedwordlistsshown in Figure9. Thesegroups
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thief: accusedadventure alarm arch armor arrestassassinationattack attemptbeggar bi-
cycle blessedbreak brothers burglary capture car catch chancescharacter chasecheats
clerical climbing comecon conviction cook cop crack crime criminal cry cryptographic
dagger damndangerousdarkdestroydetectiondevil disappeareddiscoverydoctorsdragon
dreamdruid dwarf elf enemyescapeevil excite faith fight fled fool gentlemangrab guard
guild guilty gunsguy hack hang happyhashhealing heavenhero hiddenhonesthonors
horse hunting intrusion jewelry kill knight liability likelihood locked magic mastermer-
chantmonkmurder mysterynewspapernightovertake ...
piano: accompaniedaccordionacousticallegro alto arrangementsartist balladballetband
banjobarbaritonebassbassoonbeginningbench brassbrotherscellochamberchoir choral
chordschorusclarinet classiccomposedcompositionconcertconductconservatorydance
disc dive drum duetduo ear electric ensembleeveningfiddle fireplaceflat flute folk forte
grandguild guitar guyhammerhappyharmonicharmonyharpharperharpsichord hobbies
horn improvisation inspired instrumentationinstrumentsjazz key keyboard lessonlisten
loungelyricsmandolinmelodymezzominorminoritymoodmusicmusiciansnocturnaloboe
occasionopera opusorchestra organoverture pedagogy pedalpercussion...

Figure9: Thehundredwordswith thehighestmutualinformationwith ’ thief’ and’piano’
on theWWW, in alphabeticorder. Theseassociationsmight beusefulfor OCR,or speech
recognition.

of words,discoveredautomaticallyfrom WWW text, give an ideaof what is as-
sociatedwith the given word. Suchinformationmight prove useful in deciding
betweenpossiblereadingsof wordsin speechrecognitionor in optical character
recognition.

5.3 Dependencyrelationsand a sampleentry

We have mentionedthat NLP parsingtools canextract dependency relationsbe-
tweenwords. We think that the Very Large Lexicon shouldhave (in additionto
entriesfor individualwordscontainingfrequency, grammatical,normalizationand
collocationinformation) entriesfor eachdependency relation. Associatedwith
eachnormalizeddependency relation,is afrequency within thedocumentstreated.
There is also a link to other forms of the dependency relation involving other
derivationalforms of the wordsandothersyntacticrelationsbetweenthem(e.g.
between“...presidentialelection...” and“...elect...president...”).

An exampleof suchanentryis givenin Figure10. In thisexample,weimagine
that theVery LargeLexicon is derivedfrom domainclassifieddocuments(Doyle
1965,Chakrabarti,Dom,Agrawal andRaghavan1998).In theexample,theentire
lexicon hasbeenderivedfrom documentscategorizedas“political.” In addition,
to variantformsof thedependency relation,theentryshouldcontainbothcommon
wordsandotherdependency relationsfoundwithin somewindow aroundinstance
of theentry. Any recognizedentities(Donaldson1993)arealsoto bestored.The
last part of the example,thoughother itemsmight be includedin the entry, is a
setof pointersto dependency relationsinvolving the words in the entry. These
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LEXICON: Politics
ENTRY: ADJ(presidentialelection)
FREQUENCY: 27,486/100,000,000

VARIANTS:
DOBJ(electpresident) SUBJPASS(presidentwaselected)
NNPREP(electionof president) NPDOBJ(electedpresident)

CONTEXT:
50words(frequency

�
5) before/after

otherentriesfoundmorethanoncein window, e.g.NN(acceptancespeech)
ENTITIES: otherrecognizedpeople, places,things

NETWORK :
pointers to lexical classmembers
ADJ(presidential,* ) presidentialthings
ADJ( *, election) typesof elections

Figure10: Sampleentry. An entryin theVeryLargeLexicon for politics.

otherentriesform asortof automaticallygeneratablenetwork (Grefenstette1997)
of conceptsrelatedto theentry.

6 Exampleof usinga Very Lar geLexicon

We can simulatethe presenceof a Very Large Lexicon containinginformation
sketchedin theprevioussectionby usingexistingwebbrowsers.Considerthefol-
lowing task,you musttranslate“groupede travail” from Frenchto English. The
dictionarygivesthefollowing translationsfor “groupe”: cluster, group,grouping,
concern,collective. For “travail” we have work, labor, labour. Suppose,in addi-
tion, thatweknow thatFrenchstructuressuchasA deB arelikely to betranslated
asB A in English. In an alreadyconstructedVery LargeLexicon you could just
look up the mostlikely combination.In the meantime,we canusea webportal,
suchasAltavista. If we look up all thepossiblecombinationsandnotetheir fre-
quencies,we get: labour cluster: 2; labor cluster: 6; labor grouping: 7; labour
grouping: 17; work grouping: 31; work cluster: 107; labour group: 439; labor
group: 724; work group: 66593. Herethe mostcommoncombinationgivesthe
besttranslation.

In (The world wide web as a resource for example-basedmachine transla-
tion tasks1999)we testedthis methodon anentireGerman-EnglishandSpanish-
Englishdictionary. For all ambiguouscompositionaltranslationsin bothlanguage
pairs, the most frequentcombinationson Web pagesgivesthe right translations
86%and87%of thetime. Figure11and12show someexamplesof thegenerated
ambiguoustranslationcandidatesandtheir frequencieson theWeb.

Thistypeof question,herelexical choicein translation,couldbeansweredby a
Very LargeLexicon. Thesametypeof problemsarisesin otherlanguageapplica-
tionssuchspeechrecognitionandopticalcharacterrecognition.Many otherNLP
applicationscould benefitfrom having a large abstractedmodelwhat structures
andwordcombinationsarecommonlyused,andwith whatfrequencies.
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Altavista * if MAX if
compound candidate frequency goldstandard mostfrequent
Angebotspreis offer price 9767 * MAX
Angebotspreis offer prize 206 -
Apfelkraut appleherb 167 - MAX
Apfelkraut applesyrup 159 *
Apfelsaft applejuice 13841 * MAX
Apfelsaft applesap 25 -
Appartementhaus apartmentchop 0 -
Appartementhaus apartmentcut 127 -
Appartementhaus apartmenthouse 8356 * MAX
Appartementhaus apartmentrampage 0 -
Appartementhaus flat chop 10 -
Appartementhaus flat cut 621 -
Appartementhaus flat house 882 -
Appartementhaus flat rampage 0 -
Bogenbr̈ucke archbridge 2304 * MAX
Bogenbr̈ucke bow bridge 224 -

Figure11: AmbiguousGermanterm translations,using the translationsof partsof com-
poundswordsTheAltavistacountcorrespondsto thenumberof timesthe Englishcandi-
datewasfoundthereandthenext two columnsshow whetherthegivenEnglishtranslation
wastheonegivenby thedictionaryfor theentirecompound,andwhetherit wasthemost
frequentontheWeb. 86* andMAX in thelasttwo columns,showing thatthemostcommon
combinationwasthetranslationgivenby thedictionary.
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Altavista * if MAX if
compound candidate frequency gold standard mostfrequent
agregado-de-prensa press-attach́e 403 * MAX
agregado-de-prensa squeezer-attach́e 0 -
agua-corriente common-water 2815 -
agua-corriente current-water 5213 -
agua-corriente draft-water 1438 -
agua-corriente draught-water 11 -
agua-corriente flowing-water 13264 -
agua-corriente going-water 343 -
agua-corriente ordinary-water 2040 -
agua-corriente power-water 12695 -
agua-corriente running-water 49358 * MAX
agua-corriente stream-water 9264 -
agua-corriente usual-water 1252 -
agua-mineral mineral-water 33058 * MAX
agua-mineral ore-water 178 -
agua-salada pickle-water 284 -
agua-salada salt-water 98690 * MAX
águila-real actual-eagle 60 -
águila-real essential-eagle 11 -
águila-real real-eagle 176 -
águila-real royal-eagle 431 * MAX
ahorro-de-energa decisiveness-saving 0 -
ahorro-de-energa energy-saving 140148 * MAX

Figure12: AmbiguousSpanishterm translations,usingthe translationsof partsof com-
poundswords. TheAltavistacountcorrespondsto thenumberof timestheEnglishcandi-
datewasfoundthereandthenext two columnsshow whetherthegivenEnglishtranslation
wastheonegivenby thedictionaryfor theentirecompound,andwhetherit wasthemost
frequenton theWeb. 87andMAX in thelasttwo columns,showing thatthemostcommon
combinationwasthetranslationgivenby thedictionary.



Very LargeLexicons 13

7 Conclusion

As a summaryof this chapter, we have said that computersareuseful,but only
whenwecanreducetheproblemswewantto treatto their level. LanguageModels
allow usto removedetailfrom text andmakedifferentthingslook similarsothata
computercantreatthem.TheWorld WideWebpresentsusnow with atremendous
amountof text from whichwecanextractmodelsof how languageis used.Current
Natural LanguageProcessingtools candealwith the large amountsof text that
the Web provides. With thesetools, we canclassifytexts andextract abstracted
modelsof how wordsinteract.Wecanstoretheselargemodelsin anew structure,
Very LargeLexicons.Thesemodelsarehugebut computermemoryis cheapand
becomingcheaper. With suchVery LargeLexicons,automaticallyextractedfrom
theWWW, wecansolvemany naturallanguageprocessingproblems,andimagine
newerandmorepowerful naturallanguageprocessingapplications.
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