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Abstract

Threeindependenphenomendave appearedver the lastfifteen yearsthatmake it pos-
sibleto think aboutlinguisticsin a differentway. Thefirst is the appearancef the World
Wide Web; the secondis the developmentof robust andrapid, thoughshallaw, linguistic
analyzersandthethird is the availability of cheapmemory In this chapterwe shav how
thesethreephenomena&ometogetherin the creationof a new linguistic resourcethe Very
Large Lexicon.

1 Intr oduction

Linguistsare usedto building modelsof languageby hand. But the presencef
alarge amountof freely availabletext, coupledwith robustparserdor treatingit,
givesus a new way of looking at languagemodels. We cannow considerthings
on a massve scale. Justasthe four-color problem(Tymoczlo 1990)was solved
usingabatteryof computersandascomputerscientistsarelooking onceagainat
bruteforcemethodgNievergelt, GasserMaesermndWirth 1995),we canimagine
treatinglinguisticsproblemsin the sameway. As atool for suchanapproachjn
this chapterwe sketchtheideaof a Very Large Lexicon.

First we describethe existing naturallanguageprocessingools that allow a
computerto work with text by abstractingaway surfacedifferences. Thenwe
discusshow big the Webis andwhatlanguagenodelwe canextractfrom it. We
examinewhetherwe could storesucha model. Finally we outline whatwould be
includedin a Very Large Lexicon anddescribeonepossibleapplicationof it.

2 PhenomenonOne - Natural LanguageProcessing

The computeris a very simpletool. Essentiallyit canonly testfor equalitybe-
tweentwo sequencesf bits. (To befair, it canalsotell if onenumberis greater
or lessthananothernumber But this is really all a computercando.) In order
to exploit the power of the computerfor the taskswe wantit to perform,we must
reducethingsto someformatthatcanbe exactly compared We, ashumanshave
innateabilitiesto seesimilarities: giventwo photosof the sametreefrom slightly
differentangleswe could still tell it wasthe samebecausave canabstractaway
differencesln the sameway, with respecto text, we canseethethreestatements
in Figurel asinstance®f someconceplik e "steal painting” althoughthe surface
formsof the expressionsredifferent.

In orderto make make two different piecesof text look exactly alike to the
computer ComputationaLinguisticshascreateda numberof modelsof language
thatmapdifferentstringsof text or phonemesnto identicalforms.
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...threepaintingswerestolen...
... accuseaf stealingthreepaintings
... paintingsthey wereaboutto steal...

Figurel: We canabstractway the surfaceof detailsto seeeachof thesetext segmentsof
variantsof "steala painting”

Therearemary importantapplicationsof this action of abstractingaway de-
tails. ClassificatiorsystemgYangandPedersed997)ignoremostof adocument
in orderto reduceit to oneof a numberof predeterminealasseqe.g.,medical,
financial,etc.). Informationretrieval systemgFrakesandBaeza-¥ates1992)ab-
stractaway mary aspect®f adocumenty indexing wordsandphrasesteducing
thedocumento anormalizedist, sothatthe computercanmatchit to aquery, re-
ducedto asimilar list. InformationextractionsystemgRobertGaizauskad997)
usemodelsof events(suchascompalty mergers)in which thingsirrelevantto the
eventareignoredandfrom which patternscorrespondindo the eventarerecog-
nized. Terminologyrecognitionand control (Jacqueminl999) usesa model of
correctandincorrectterminologyandthe variationsthatthey canundego, sothat
technicaltext canbe morepreciselywritten. Text mining (Ghani,JonesMladenic,
Nigam and Slatteryn.d.) convertsrunningtext into abstractedists and patterns
in orderto discover recurringpatternsand combinationsover a numberof texts.
Translatingprograms(Hutchinsand Somers1992) use modelsof grammarthat
mapgrammaticaktructuregrom onelanguageo anotherandmodelsof the lexi-
conthatuselimited context to performproperword choicein thetargetlanguage.

In orderto performtheseabstractionsNatural LanguageProcessingNLP)
usesanumberof remappingnodels eitherbuilt by handor derivedfrom statistical
analysighatallow the computerto seetwo differentsequenceasbeingthe same.
Examplesof thesemodelsare:

e Speechanguagamodels(Placavay, Schwartz,FungandNguyen1993):use
modelsof realwordsin orderto mapphoneticstringsinto readingsf words.

e Lexicons (Chanodand Tapanaineril995): map different word forms to
the samenormalizedform. For examplethinks, thinking and thoughtare
mappedto think (verb). Stemming(Porter1980)is sometimesusedasa
quick-and-dirtylexical normalization.

e Part-of-SpeechiaggergChurch1988): usemodelsof known sequencesf
grammaticakategories(givenby the lexicons)to choosebetweenpossible
readingsof sentencesApplying thesemodelsallows the computerto see
abstractatgyoriessuchasnouns,verbs,andadjectvesin the placeof real,
differentwords.

e GrammargPereiraandWarren1980): usemodelsof part-of-speeclgroup-
ingsthataremappednto higherlevel structure suchnounphraseanverb
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[ ]:LEFTCONTEXT
t oken
[ 1:MDDLE
t oken
relation:[ ]
[ ]:RI GHTCONTEXT

Figure2: Shallav parserssometimesiseregularexpressiongor modelingcontet andfor
transducinghis recognizedtontext to the emptystring (written hereas|] ), while retaining
in the outputthetokens,andintroducingin the outputthe recognizedelation(written here
asrelationmatchingtheemptystringoninputrelation:[]).

phrasesthatallow the computerto recognizewo differentsentenceas,for
example beingtransitive usesof theverbsteal

2.1 Robust, Shallow Parsing

Shallov parserqGrefenstettel 999) can extract a syntacticdependeng between
two words by modeling, for example using regular expressions(Karttunen,
Chanod,Grefenstettend Schiller 1996),the structureof the syntacticcontext to
theleft of thefirst word (with, for exampleasseenin Figure2, aregularexpression
LEFTCONTEXT), betweerthewords(with aregularexpressiorM DDLE), andto
theright of the lastword (with a regular expressionRl GHTCONTEXT). None of
this context is output(it removedby mappingit to theemptystring,[ ]) by the
transducindilter asthe context is recognized.The only itemsthat are outputby
thefiltering transducearethetokens(thetaggedwords)thatarefoundsurrounded
by thecontets, andarelationlabelinsertedafterthelasttoken. Schematicallyhis
givesthestructuren Figure2.

Thesemodelswhenappliedto text, alongwith othermodelsof lexical normal-
izationandpartof speechagging,will produceabstractedersionsof thesyntactic
relationsthatarefound. Figure3 shavs how aninput sentenceés abstractedo a
collectionof dependengrelationsbetweerthe wordsin the sentence.

Thelasttwentyyearshasseerthe creationof alargenumberof shallow, robust
parsergVoutilainen,Heikkila andAnttila 1992,Hindle 1993,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 shallav
parsemwhoseresultscanbe assuredo have a high precision.

3 PhenomenonTwo — The World Wide Web

NaturalLanguagdProcessingiow providesuswith tools(lexicons,part-of-speech
taggersgrammarsparsersfrom whichwe canderive anabstracteanodelof how
languagsds used. The World Wide Web providesus with the text from which to
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36 Helmantelpaintingswerestolenat this burglary.
[SCINP 36 HelmantelpaintingsNP]/SUBJ:v werestolenSC] [PP atthis burglary PP].

ADJ(36,painting)
SUBJMRASS(painting,steal)
NN(Helmantel,painting)
VMODOBJ(steal,at,brglary)

Figure3: Shallav parsersometimegproducea list of syntacticrelationssingtheir models
of theserelations.A first passon part-of-speechaggedext (part-of-speel tags not shown
here) introducesmorestructurethatis usedby thesyntacticrelationsmodels.Hereamodel
of adjectve modifiersproducesADJ, a syntacticrelationbetweer36 andpainting Others
models: a passie subjectmodel (SUBJRASS), a noun modifier model (NN) and a verb
modifiermodel(VMODOBJ) produceotherabstractedersionsof the sentence.

extractthemodels.

Everyoneknows thatthe World Wide Webis huge.In orderto give someidea
of its size,Figure4 givesthefrequeng of somerandomphrase®n the Web and
in the largestconstructectorpusof English,the British National Corpus(seethe
URL info.ox.ac.uk/bncfor moreinformationonthis corpus).For example we see
thatthe ordinaryphrasée‘deepbreath’appear874timesper100million wordsin
the British NationalCorpus but appearedn texts indexedby Altavistamorethan
79,000timesin Juneof 2001. Thesenumbersshav thatthe WWW is ordersof
magnitudedargerthanthis large corpus,andgrowing.

Lawrenceand Giles estimated(Lawrenceand Giles 1999) that the publicly
indexableweb containedabout800million pagesasof Februaryl999,or about6
terabyteof text afterremoving the HTML. In Juneof 2001,Googles homepage
invitedits usergo searchamongits 1,346,966,000veb pages.

Using techniquegescribedn (Grefenstetteand Nioche 2000), we estimated
that Altavista allows accesgo over 75 billion wordsof Englishin March, 2001,
andmary billions of wordsof otherlanguagesThecompleteestimatesareshovn
in Figure5. LawrenceandGilescalculatedhatAltavistaonly indexesabout15%
of theweb, sothenumberggivenin Figure5 mustbe consideredslower bounds
ontheamountof text availableon the WWW.

The WWW is clearly big, but is it a goodplaceto derive a languagemodel
from. It is not ascleanasthe corporaof newspapetexts that computationalin-
guistsare usedto working with. Erroscanarisefrom a numberof sources:the
peopleusingtheInternetmaybewriting their textsin anon-native languagethey
may be usingincorrectspeechthey will be makinggrammaticabndspellinger-
rors. How canwe proposeto derive a model of how languages usedfrom the
Web?

To allay thesefears,we canmake someanecdotabbsenations.Figuresé and
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BNC WwWW  WwWWwW

samplephrases 100M Words 1999 2001
medicaltreatment 202 46064 342155
prostatecancer 28 40772 473210
deepbreath 374 54550 79440
acrylic paint 20 7208 22288
perfectbalance 28 9735 30077
electromagneticadiation 24 17297 57421
powerful force 54 17391 32663
concretepipe 8 3360 16737
upholsteryfabric 5 3157 7008

Figure4: Comparisorof thefrequeng of somerandomEnglishnounphrasesn the British
NationalCorpusandin Altavistain 1999andin Altavistain 2001

7 shav somecommongrammaticalerrorsin Spanishand Dutch. The Spanish
errorsarecalleddequeismgsvhich meango placea spuriousde betweera verb
andits following relative clause. The Dutch examplesshav improperchoiceof
prepositionsExamplesareeasyto generatdor English,also.For example,in June
2001, therewere 1692l beleae”, 41617“l beleive” but 3,800,810 believe’
In all thesecaseshe numberof correctformsis much greaterthanthe number
of erroneoudorms. This seemdo indicatethat the WWW canbe a sourcefor
modelinglanguageif thresholdsare applied. The Web is so big that the signal
(correctformsandcorrectusage)s sostrongandnoisecanbeignored.

4 PhenomenonThree— Disk Space

In thelasttwo sectionswe have talked abouttwo phenomemalaturalLanguage
Processingand robust parsing,and the WWW and its size. Their conjunction
offerspromisethatwe canbuild alarge modelof how languagés used,andbuild
this for mary written languagesBut how largewill this modelbe,andwill we be
ableto storeit?

Firstwe canbegin by decidingwhich wordsto model. With the NLP toolswe
have, we cangeneratall the surfaceformsfor alanguaggup to agivencharacter
length). WWW browsers(e.g. Altavista, Alltheweb) allows usto rank thesesur
faceformsby frequeng. So,we canconsiderthe 200,000mostfrequentsurface
formsfor alanguage Supposéhatwe wantto build avery simplelanguagemodel
consistingof atwo dimensionamatrix of therelative collocationfrequeng of one
word to another Supposehatwe storethis frequeng in 4 bytes. This meanswve
need200,000by 200,000by 4 bytes,or 160 gigabytes.(We would actuallyneed
muchless,sincethematrix would bevery sparseandcouldbestoredusingamore
efficientrepresentation.)

Thoughsuchassizefor amodelmay still seemdaunting disk drivesaregetter
biggerand cheaper 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: Estimatef numberof wordsof text availablefor somelanguage®nthe WWW
throughAltavistain March,2001.
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www.allthevehcom (June2001)

"piensodeque” 171times
"piensoque” 83966times
"piensasgdeque” 89times
"piensaggue” 11485times
"piensedeque” 9times
"pienseque” 12867times
"pensarde que” 716times
"pensarque” 188508times

Figure6: Frequeng of pagescontaining’dequeismo®rrors’ (placinga spurious'de’ be-
tweentheverbandtherelative) onthe Weh The correctcasesappeatwo ordersof magni-
tudemoreoften.

www.allthevehcom (October2000)

"hun hebberhet” 10times
"ze hebberhet” 2459times
"groterals” 1079times
"groterdan” 20421times
"betreffendehen” 12times
"betrefendehun” 329times
"behale hen” 12times
"behalve hun” 310times

Figure 7: Frequeng of someDutch prepositionchoiceerrorson the Web: the erroneous
casesappeamuchlessoftenthanthe correctcases.

TRECcross-languge query: Welke mogelijkhederzijn er voor hegebruikvanafval?

afval 40494
mogelijkheden 198060
van 30169524
heigebruik 12397
welke 388139
er 2313010
zZijn 5041618
voor 7958353

Wwelke mogelijkhedenijn ervoor he ige bruika.afval

Figure 8: Word countsof Dutch words from the Web canbe usedto weightwordsin an
informationalretrieval system. In the exampleabore, the original queryaboutregycling
garbages representeavith word sizecorrespondingoughlyto the weightsderivablefrom
inverseWWW frequeng.



8 Gregory Grefenstette

growing tenfold every five years,we canpredictthat a terabyte(1000gigabytes),
which cost$ 3000in 2001, will cost$ 300in 2006and$ 30in 2011. Thewhole
storagemarketis beingdrivenby thedemandor cheapvideoandmusic. Storage
of text modelswill alwaysbevery smallcomparedo thesemedia,andvery soon
we shouldbeableto effectively storesuchlarge modelscheaply

5 The Very Lar geLexicon

The corvergenceof thesethreephenomendstorageNLP andthe WWW) means
thatwe canconsiderbuilding a new linguistic resource.This resourcemassve,

but automaticallyderivable,is notwhatwe areusedto dealingwith in NLP. What
we proposes morethana simplelexicon containingall the forms of words,more
thanalist of idiomatic expressionsmorethana large modelof word pairs,more
thana grammay morethana dictionarymadefor humans.We proposestoringan

abstracte@xpressiongderivedfrom shallov parsingandothercurrentNLP tools,

of how lexical itemsarereally used.In this sectiorwewill considemhatthisVery

Large Lexicon shouldcontain.As aminimum,we think it shouldstore:

¢ relative frequencie®f words
e co-occurrenc@atternsandtheir frequencies

e dependengrelationsbetweerwords

5.1 Relativefrequencyof words

Many webportalsgive word andpagecountsfor thequeriesuserssend.By gener
ating queriesconsistingof all theword forms of alanguagewe caneasilygather
theword frequencie®f thebasiclexical itemsof alanguage(Thereis onecaveat:
webportalsdonotdistinguishbetweernanguage# thesecountssothat,for exam-
ple, EnglishandGerman'die’ countsare conflated. Therearewaysto overcome
theseeffectsby referringto expectedfrequenciedrom smallerknown-language
corpora.)

Knowing the relative frequencief wordsis usefulfor mary NLP tasks:i.e.
informationretrieval systemsupposehatthe word frequeng is anindication of
theimportanceof words,seeFigure8. Thesewebfrequenciexanbeusedjustas
real corpusfrequenciesreusedin closed-corpunformationretrieval systems.

5.2 Collocation frequencies

If we know the frequencief eachword, andif we know the co-occurrencére-

quencief the words, we canbuild into the Very Large Lexiconsthe list of the
wordswith highestmutualinformationfor eachword. As anexample wetookthe
words’thief’ and’piano’ andfor eachword we generatedto-occurrencejueries
with all the otherwordsin anEnglishfull-form lexicon usingthe NEAR operator
of the Altavistaadvancedsearchoption. Calculatingmutualinformation(Church
andHanks1990),we gettheassociategvordlists shavnin Figure9. Thesegroups
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thief: accusedadventue alarm arch armor arrestassassinatiomttadk attemptbeggar bi-

cycle blessedbreak brotheis burglary captue car catch chancescharacter chasecheats
clerical climbing comecon corviction cook cop crack crime criminal cry cryptagraphic
dagger damndangerousdark destoy detectiondevil disappeageddiscorerydoctors dragon
dreamdruid dwarf elf enemyescapesvil excite faith fight fled fool gentlemangrab guad

guild guilty gunsguy hadk hang happyhashhealing heavenhero hiddenhonesthonors

horse hunting intrusion jewelry kill knight liability likelihood locked magic mastermer

chantmonkmurder mysterynewspapemightovertale ...

piano: accompaniecccodion acousticallegro alto arrangementsrtist ballad balletband
banjobar baritonebasshassoorbeginningbend brassbrothers cellochamberchoir choral

chords chorusclarinet classiccomposeadompositionconcertconductconservatorydance
disc dive drum duetduo ear electric ensembleveningfiddle fireplaceflat flute folk forte

grandguild guitar guyhammetappyharmonicharmonyharp harperharpsidord hobbies
horn improvisation inspired instrumentationinstrumentsjazz key keyboad lessonlisten
lounge lyrics mandolinmelodymezzaminor minoritymoodmusicmusiciansiocturnaloboe
occasionopeia opusorchesta organoverture pedagogy pedalpercussion..

Figure9: The hundredwordswith the highestmutualinformationwith 'thief’ and’piano’
onthe WWW, in alphabeticorder Theseassociationsnight be usefulfor OCR, or speech
recognition.

of words, discoveredautomaticallyfrom WWW text, give anideaof whatis as-
sociatedwith the givenword. Suchinformation might prove usefulin deciding
betweenpossiblereadingsof wordsin speechrecognitionor in optical character
recognition.

5.3 Dependencyrelationsand a sampleentry

We have mentionedthat NLP parsingtools canextract dependeng relationsbe-
tweenwords. We think that the Very Large Lexicon shouldhave (in additionto

entriesfor individualwordscontainingfrequeng, grammaticalnormalizatiorand
collocationinformation) entriesfor eachdependeng relation. Associatedwith

eachnormalizeddependengrelation,is afrequeng within thedocumentsreated.
Thereis also a link to other forms of the dependeng relation involving other
derivationalforms of the words and other syntacticrelationsbetweenthem (e.g.
betweerf'...presidentiaklection.”” and"...elect...president’).

An exampleof suchanentryis givenin Figurel0. In thisexample weimagine
thatthe Very Large Lexicon is derived from domainclassifieddocumentgDoyle
1965,Chakrabartibom, Agrawal andRaghaan1998).In the example theentire
lexicon hasbeenderived from documentsateyorizedas“political.” In addition,
to variantformsof thedependengrelation,theentryshouldcontainbothcommon
wordsandotherdependengrelationsfoundwithin somewindow aroundinstance
of theentry. Any recognizecentities(Donaldsonl993)arealsoto bestored.The
last part of the example,thoughotheritems might be includedin the entry; is a
setof pointersto dependeng relationsinvolving the wordsin the entry. These
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LEXICON: Politics

ENTRY: ADJ(presidentiaglection)
FREQUENCY: 27,486/100,000,000

. DOBJ(electpresident) SUBJRASS (presidentvaselected)
VARIANTS:

NNPREP(electiorof president) NPDOBJ(electegresident)
50words (frequency> 5) befoe/after
otherentriesfound morethanoncein window, e.g. NN(acceptancepeech)
ENTITIES:  otherrecanizedpeople places things
pointersto lexical classmembes
NETWORK: ADJ(presidential¥ ) presidentiathings
ADJ(*, election) typesof elections

CONTEXT:

Figurel10: Sampleentry An entryin theVery Large Lexicon for politics.

otherentriesform asortof automaticallygeneratableetwork (Grefenstettd. 997)
of conceptgelatedto theentry.

6 Example of using a Very Lar geLexicon

We can simulatethe presenceof a Very Large Lexicon containinginformation
sketchedn the previoussectionby usingexisting webbrowsers.Considetthefol-
lowing task,you musttranslate‘groupede travail” from Frenchto English. The
dictionarygivesthe following translationgor “groupe”: cluster group, grouping
concern,collective For “travail” we have work, labor, labour. Supposein addi-
tion, thatwe know thatFrenchstructuresuchasA deB arelikely to betranslated
asB A in English. In analreadyconstructed/ery Large Lexicon you could just
look up the mostlikely combination.In the meantime we canusea web portal,
suchasAltavista. If we look up all the possiblecombinationsandnotetheir fre-
guencieswe 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 resouce for example-basednadine transla-
tion tasks1999)we testedthis methodon anentireGerman-EnglislandSpanish-
Englishdictionary For all ambiguousompositionatranslationsn bothlanguage
pairs, the mostfrequentcombinationson Web pagesgivesthe right translations
86%and87%of thetime. Figure11 and12 shav someexamplesof thegenerated
ambiguougranslationcandidatesndtheir frequencie®n the Weh

Thistypeof questionherelexical choicein translationcouldbeansweredy a
Very Large Lexicon. The sametype of problemsarisesin otherlanguageapplica-
tions suchspeechrecognitionandoptical characterecognition.Many otherNLP
applicationscould benefitfrom having a large abstractednodel what structures
andword combinationsarecommonlyused andwith whatfrequencies.
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Altavista * if MAX if
compound candidate frequency goldstandad 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 apartmenthop 0 -
Appartementhaus apartmentut 127 -
Appartementhaus apartmenhouse 8356 * MAX
Appartementhaus apartmentampage 0 -
Appartementhaus flat chop 10 -
Appartementhaus flat cut 621 -
Appartementhaus flat house 882 -
Appartementhaus flat rampage 0 -
Bogenbiicke archbridge 2304 * MAX
Bogenbiicke bow bridge 224 -

Figure11: AmbiguousGermanterm translationsusing the translationsof partsof com-
poundswords The Altavista countcorrespondso the numberof timesthe English candi-
datewasfoundthereandthe next two columnsshav whetherthe given Englishtranslation
wasthe onegiven by the dictionaryfor the entire compound andwhetherit wasthe most
frequentontheWeh 86* andMAX in thelasttwo columns shaving thatthemostcommon
combinationwasthetranslationgiven by the dictionary
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Altavista *if MAX if

compound candidate frequency goldstandad mostfrequent

agregado-de-prensa press-attach 403 * MAX

agr@ado-de-prensa squeezeattacle 0 -

agua-corriente common-vater 2815 -

agua-corriente current-vater 5213 -

agua-corriente draft-water 1438 -

agua-corriente draught-vater 11 -

agua-corriente flowing-water 13264 -

agua-corriente going-water 343 -

agua-corriente ordinary-vater 2040 -

agua-corriente power-water 12695 -

agua-corriente running-water 49358 * MAX

agua-corriente stream-vater 9264 -

agua-corriente usual-vater 1252 -

agua-mineral mineral-water 33058 * MAX

agua-mineral ore-water 178 -

agua-salada pickle-water 284 -

agua-salada salt-water 98690 * MAX

aguila-real actual-eagle 60 -

aguila-real essential-eagle 11 -

aguila-real real-eagle 176 -

aguila-real royal-eagle 431 * MAX

ahorro-de-enga decisveness-sang 0 -

ahorro-de-enga enegy-saing 140148 * MAX

Figure 12: AmbiguousSpanishterm translationsusingthe translationsof partsof com-
poundswords. The Altavistacountcorrespondso the numberof timesthe Englishcandi-
datewasfoundthereandthe next two columnsshav whetherthe given Englishtranslation
wasthe onegiven by the dictionaryfor the entire compound andwhetherit wasthe most
frequentontheWeh 87andMAX in thelasttwo columnsshaving thatthe mostcommon
combinationwasthetranslationgivenby thedictionary
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7 Conclusion

As a summaryof this chapter we have saidthat computersare useful, but only
whenwe canreduceheproblemswve wantto treatto theirlevel. LanguageModels
allow usto remove detailfrom text andmake differentthingslook similar sothata
computercantreatthem. TheWorld Wide Webpresentsisnow with atremendous
amountof text from whichwe canextractmodelsof how languages used.Current
Natural LanguageProcessingools candeal with the large amountsof text that
the Web provides. With thesetools, we can classifytexts and extract abstracted
modelsof how wordsinteract.We canstorethesdargemodelsin a new structure,
Very Large Lexicons. Thesemodelsarehugebut computermemoryis cheapand
becomingcheaperWith suchVery Large Lexicons,automaticallyextractedfrom
the WWW, we cansolve mary naturallanguageprocessingroblemsandimagine
newver andmorepowerful naturallanguagegrocessingpplications.
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