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Abstract

Context is usedin many NLP systemsas
an indicatorof a term's syntacticandse-
manticfunction. Theaccuracy of thesys-
temis dependenton thequalityandquan-
tity of contextual informationavailableto
describeeachterm. However, the quan-
tity variable is no longer �x ed by lim-
ited corpusresources.Given �x ed train-
ing time and computationalresources,it
makes sensefor systemsto invest time
in extracting high quality contextual in-
formationfrom a �x ed corpus.However,
with an effectively limitless quantity of
text available, extraction rate and repre-
sentationsizeneedto be considered.We
usethesaurusextraction with a rangeof
context extractingtoolsto demonstratethe
interactionbetweencontext quantity, time
andsizeonacorpusof 300million words.

1 Intr oduction

Context playsanimportantrole in many naturallan-
guagetasks. For example,the accuracy of part of
speechtaggersor word sensedisambiguationsys-
temsdependson the quality and quantity of con-
textual informationthesesystemscanextract from
the training data. When predictingthe senseof a
word, for instance,theimmediatelyprecedingword
is likely to be moreimportantthanthe tenthprevi-
ousword; similar observationscanbe madeabout
POS taggersor chunkers. A crucial part of train-
ing thesesystemslies in extracting from the data
high-qualitycontextual information,in thesenseof

de�ning contexts that areboth accurateandcorre-
latedwith the information(the POS tags,the word
senses,thechunks)thesystemis trying to extract.

Thequalityof contextual informationis oftende-
terminedby the size of the training corpus: with
less data available, extracting context information
for any given phenomenonbecomesless reliable.
However, corpussize is no longer a limiting fac-
tor: whereasupto now peoplehavetypicallyworked
with corporaof aroundonemillion words,it hasbe-
comefeasibleto build muchlargerdocumentcollec-
tions;for example,Banko andBrill (2001)reporton
experimentswith aonebillion wordcorpus.

Whenusinga muchlargercorpusandscalingthe
context space,thereare,however, othertrade-offs to
take into consideration:the sizeof the corpusmay
make it unfeasibleto train somesystemsbecauseof
ef�ciency issuesorhardwarecosts;it mayalsoresult
in anunmanageableexpansionof theextractedcon-
text information, reducingthe performanceof the
systemsthathave to make useof this information.

This paperreportson experimentsthat try to es-
tablishsomeof the trade-offs betweencorpussize,
processingtime, hardware costs and the perfor-
manceof the resultingsystems.We report on ex-
perimentswith a large corpus (around 300 mil-
lion words). We traineda thesaurusextractionsys-
temwith a rangeof context-extractingfront-endsto
demonstratetheinteractionbetweencontext quality,
extractiontimeandrepresentationsize.

2 Automatic ThesaurusExtraction

Thesaurihave traditionally beenusedin informa-
tion retrieval tasksto expandwordsin querieswith
synonymousterms(e.g. Ruge,(1997)). More re-



cently, semanticresourceshave also beenusedin
collocationdiscovery(Pearce,2001),smoothingand
model estimation(Brown et al., 1992; Clark and
Weir, 2001)andtext classi�cation(Baker andMc-
Callum,1998). Unfortunately, thesauriarevery ex-
pensive and time-consumingto producemanually,
andtendto suffer from problemsof bias,inconsis-
tency, andlack of coverage. In addition,thesaurus
compilerscannotkeepup with constantlyevolving
languageuseandcannotafford to build new thesauri
for themany subdomainsthatinformationextraction
andretrieval systemsarebeingdevelopedfor. There
is a clearneedfor methodsto extract thesauriauto-
maticallyor tools thatassistin themanualcreation
andupdatingof thesesemanticresources.

Most existing work on thesaurusextraction and
word clusteringis basedon thegeneralobservation
that relatedterms will appearin similar contexts.
The differencestend to lie in the way “context” is
de�nedandin thewaysimilarity is calculated.Most
systemsextract co-occurrenceand syntacticinfor-
mationfrom thewordssurroundingthetarget term,
which is then converted into a vector-spacerepre-
sentationof the contexts that eachtarget term ap-
pearsin (Brown et al., 1992; Pereiraet al., 1993;
Ruge,1997; Lin, 1998b). Other systemstake the
whole documentas the context and considerterm
co-occurrenceat thedocumentlevel (Crouch,1988;
Sandersonand Croft, 1999). Oncethesecontexts
havebeende�ned, thesesystemsthenuseclustering
or nearestneighbourmethodsto �nd similar terms.

Finally, somesystemsextract synonyms directly
without extracting and comparingcontextual rep-
resentationsfor eachterm. Instead,thesesystems
recogniseterms within certain linguistic patterns
(e.g. X, Y andotherZs) which associatesynonyms
andhyponyms(Hearst,1992;Caraballo,1999).

Thesaurusextractionis a goodtaskto useto ex-
perimentwith scalingcontext spaces.The vector-
spacemodel with nearestneighboursearchingis
simple,so we needn't worry aboutinteractionsbe-
tweenthe contexts we selectand a learningalgo-
rithm (suchas independenceof the features). But
also, thesaurusextraction is a task wheresuccess
hasbeenlimited whenusingsmallcorpora(Grefen-
stette,1994); corporaof the order of 300 million
wordshave alreadybeenshown to bemoresuccess-
ful at this task(Lin, 1998b).

3 Experiments

Vector-spacethesaurusextractioncanbe separated
into two independentprocesses.The �rst stepex-
tractsthecontexts from raw text andcompilesthem
into avector-spacestatisticaldescriptionof thecon-
textseachpotentialthesaurustermappearsin.

We de�ne a context relation asa tuple (w; r;w0)
wherew is a thesaurusterm, occurringin relation
type r, with anotherword w0 in the sentence.The
type canbe grammaticalor the positionof w0 in a
context window: the relation (dog, direct-obj,

walk) indicatesthatthetermdog , wasthedirectob-
jectof theverbwalk . Oftenwetreatthetuple(r;w0)
asa singleunit andrefer to it asan attribute of w.
Thecontext extractionsystemsusedfor theseexper-
imentsaredescribedin thefollowing section.

Thesecondstepin thesaurusextractionperforms
clustering or nearest-neighbour analysisto deter-
minewhich termsaresimilar basedon their context
vectors.Oursecondcomponentis similarto Grefen-
stette's SEXTANT system,which performsnearest-
neighbourcalculationsfor eachpairof potentialthe-
saurusterms. For nearest-neighbourmeasurements
wemustde�ne a functionto judgethesimilarity be-
tweentwo context vectors(e.g. thecosinemeasure)
anda functionto combinetheraw instancefrequen-
cies for eachcontext relation into weightedvector
components.

SEXTANT usesa generalisationof the Jaccard
measureto measuresimilarity. TheJaccardmeasure
is thecardinalityratio of the intersectionandunion
of attributesets(atts(wn) is theattributesetfor wn):

j atts(wm) \ atts(wn)j
j atts(wm) [ atts(wn)j

(1)

The generalisedJaccardmeasureallows eachrela-
tion to have a signi�cance weight (basedon word,
attributeandrelationfrequencies)associatedwith it:
P

a2atts(wm)[ atts(wn) min(wgt(wm; a);wgt(wn; a))
P

a2atts(wm)[ atts(wn) max(wgt(wm; a);wgt(wn; a))
(2)

Grefenstetteoriginally usedtheweightingfunction:

wgt(wi; aj) =
log2( f (wi ; aj) + 1)

log2(n(aj) + 1)
(3)

where f (wi ; aj) is the frequency of the relationand
n(aj) is thenumberof differentwordsaj appearsin
relationswith.



Name Context Description

W(L1R1) oneword to left or right
W(L1) oneword to theleft
W(L1;2) oneor two wordsto theleft
W(L1� 3) oneto threewordsto theleft

Table1: Window extractors

However, we have found that usingthe t-testbe-
tweenthe joint and independentdistributions of a
wordandits attribute:

wgt(wi ; aj) =
p(wi ; aj) � p(wi)p(aj)

p
p(wi)p(aj)

(4)

gives superior performance(Curran and Moens,
2002)andis thereforeusedfor ourexperiments.

4 Context Extractors

We have experimentedwith a numberof different
systemsfor extracting the contexts for eachword.
Thesesystemsshow a wide range in complexity
of methodandimplementation,andhencedevelop-
menteffort andexecutiontime.

Thesimplestmethodweimplementedextractsthe
occurrencecountsof wordswithin a particularwin-
dow surroundingthethesaurusterm.Thesewindow
extractorsarevery easyto implementandrun very
quickly. Thewindow geometriesusedin thisexperi-
mentarelistedin Table1. Extractorsmarkedwith an
asterisk,for exampleW(L1R1� ), do not distinguish
(within therelationtype)betweendifferentpositions
of thewordw0 in thewindow.

At agreaterlevel of complexity wehavetwo shal-
low NLP systemswhich provide extra syntacticin-
formation in the extractedcontexts. The �rst sys-
temis basedon thesyntacticrelationextractorfrom
SEXTANT with a differentPOS taggerandchunker.
TheSEXTANT-basedextractorwe developedusesa
very simple Nä�ve BayesPOS taggerandchunker.
This is very simple to implementand is extremely
fastsinceit optimisesthetagselectionlocally at the
currentwordratherthanperformingbeamor Viterbi
searchover the entiresentence.After the raw text
hasbeenPOS taggedandchunked,theSEXTANT re-
lation extractionalgorithmis run over thetext. This
consistsof � ve passesover eachsentencethatasso-
ciateeachnounwith the modi�ers andverbsfrom
thesyntacticcontexts thatit appearsin.

Corpus Sentences Words

British NationalCorpus 6.2M 114M
ReutersCorpusVol 1 8.7M 193M

Table2: TrainingCorporaStatistics

Thesecondshallow parsingextractorweusedwas
the CASS parser(Abney, 1996), which usescas-
caded�nite statetransducersto producea limited
depthparseof POS taggedtext. We usedthe out-
put of the Nä�ve BayesPOS taggeroutputas input
to the CASS. The context relationsusedwereex-
tracteddirectly by the tuples program(usinge8
demogrammar)includedin the CASS distribution.
The FST parsingalgorithmis very ef�cient andso
CASS alsoranvery quickly. Thetimesreportedbe-
low includetheNä�veBayesPOS taggingtime.

The �nal, mostsophisticatedextractorusedwas
theM INIPAR parser(Lin, 1998a),which is a broad-
coverageprinciple-basedparser. The context rela-
tionsusedwereextracteddirectlyfrom thefull parse
tree. Although fastfor a full parser, M INIPAR was
no matchfor thesimplerextractors.

For thisexperimentweneededa largequantityof
text which we could group into a rangeof corpus
sizes.We combinedthe BNC andReuterscorpusto
producea 300million word corpus.Therespective
sizesof eachareshown in Table2. The sentences
were randomlyshuf�ed togetherto producea sin-
glehomogeneouscorpus.Thiscorpuswassplit into
two150Mwordcorporaoverwhichthemainexperi-
mentalresultsareaveraged.Wethencreatedsmaller
corporaof size1

2 down to 1
64th of each150Mcorpus.

Thenext sectiondescribesthemethodof evaluating
eachthesauruscreatedby thecombinationof agiven
context extractionsystemandcorpussize.

5 Evaluation

For thepurposesof evaluation,weselected70single
word nountermsfor thesaurusextraction. To avoid
samplebias,thewordswererandomlyselectedfrom
Wordnetsuchthatthey coveredarangeof valuesfor
thefollowing wordproperties:

occurrencefrequency basedon frequency counts
from thePennTreebank,BNC andReuters;

number of sensesbasedonthenumberof Wordnet
synsetsandMacquarieThesaurusentries;



generality/speci�city basedondepthof thetermin
theWordnethierarchy;

abstractness/concretenessbasedon even distribu-
tion acrossall Wordnetsubtrees.

Table3 shows someof theselectedtermswith fre-
quency and synonym set data. For eachterm we
extracteda thesaurusentry with 200 potentialsyn-
onymsandtheirweightedJaccardscores.

The mostdif�cult aspectof thesaurusextraction
is evaluating the quality of the result. The sim-
plestmethodof evaluationis direct comparisonof
theextractedthesauruswith amanuallycreatedgold
standard(Grefenstette,1994). However on smaller
corporadirect matchingaloneis often too coarse-
grainedandthesauruscoverageis aproblem.

Our experimentsusea combinationof threethe-
sauri available in electronicform: The Macquarie
Thesaurus(Bernard,1990),Roget's Thesaurus(Ro-
get,1911),andthe Moby Thesaurus(Ward,1996).
Eachthesaurusis structureddifferently:Roget'sand
MacquariearetopicorderedandtheMoby thesaurus
is headtermordered.Roget's is quitedatedandhas
low coverage,andcontainsa deephierarchy(depth
up to seven)with termsgroupedin 8696smallsyn-
onym setsat the leavesof thehierarchy. TheMac-
quarieconsistsof 812largetopics(oftenin antonym
relatedpairs),eachof which is separatedinto 21174
small synonym sets. Roget's and the Macquarie
provide sensedistinctionsby placingtermsin mul-
tiple synonym sets. The Moby thesaurusconsists
of 30259headtermsandlargesynonym lists which
con�ate all theheadtermsenses.Theextractedthe-
saurusdoesnot distinguishbetweendifferenthead
senses.Therefore,we convert theRoget's andMac-
quariethesaurusinto headterm orderedformat by
combiningeachsmall senseset that the headterm
appearsin.

We createa gold standardthesauruscontaining
theunionof thesynonym lists from eachthesaurus,
giving a total of 23207synonyms for the70 terms.
With thesegold standardresourcesin place, it is
possibleto useprecisionandrecallmeasuresto cal-
culatethe performanceof the thesaurusextraction
systems.To helpovercometheproblemsof coarse-
graineddirect comparisonswe use threedifferent
typesof measureto evaluatethesaurusquality:

1. DirectMatch(DIRECT)

2. Precisionof then top rankedsynonyms(P(n))

3. InverseRank(INVR)

A matchis anextractedsynonym thatappearsin
thecorrespondinggold standardsynonym list. The
directmatchscoreis thenumberof suchmatchesfor
eachterm. Precisionof the top n is the percentage
of matchesin thetopn extractedsynonyms. In these
experiments,wecalculatethis for n = 1; 5; and10.
Theinverserankscoreis thesumof theinverserank
of eachmatch.For example,if matchingsynonyms
appearin the extractedsynonym list at ranks3, 5
and28, thenthe inverserankscoreis 1

3 + 1
5 + 1

28 =
0:569. Themaximuminverserankscoreis 5.878for
a synonym list of 200terms.Inverserankis a good
measureof subtledifferencesin rankedresults.Each
measureisaveragedovertheextractedsynonym lists
for all 70 thesaurusterms.

6 Results

SinceM INIPAR performsmorphologicalanalysison
thecontext relationswehaveaddedanexistingmor-
phological analyser(Minnen et al., 2000) to the
other extractors. Table 4 shows the improvement
gainedby morphologicalanalysisof the attributes
andrelationsfor theSEXTANT 150Mcorpus.

Theimprovementin resultsis quitesigni�cant, as
is thereductionin therepresentationspaceandnum-
berof uniquecontext relations.Thereductionin the
numberof termsis a result of coalescingthe plu-
ral nounswith their correspondingsingularnouns,
which alsoreducesdatasparsenessproblems. The
remainderof theresultsusemorphologicalanalysis
of boththewordsandattributes.

Table 5 summarisesthe averageresults of ap-
plying all of the extraction systemsto the two
150M word corpora. The �rst thing to note is
the time spent extracting contextual information:
M INIPAR takessigni�cantly longerto run thanthe
other extractors. Secondly, SEXTANT and M INI-
PAR have quitesimilar resultsoverall, but M INIPAR

is slightly betteracrossmost measures.However,
SEXTANT runs about 28 times faster than M INI-
PAR. Also, M INIPAR extracts many more terms
andrelationswith a muchlargerrepresentationthan
SEXTANT. This is partly becauseM INIPAR ex-
tracts more types of relationsfrom the parsetree



Word PTB Rank PTB # BNC # Reuters# Macquarie# WordNet# Min / Max WordNetsubtreeroots
company 38 4076 52779 456580 8 9 3 / 6 entity, group,state

interest 138 919 37454 146043 12 12 3 / 8 abs.,act,group,poss.,state
problem 418 622 56361 63333 4 3 3 / 7 abs.,psych.,state
change 681 406 35641 55081 8 10 2 / 12 abs.,act,entity, event,phenom.
house 896 223 47801 45651 10 12 3 / 6 act,entity, group
idea 1227 134 32754 13527 10 5 3 / 7 entity, psych.

opinion 1947 78 9122 16320 4 6 4 / 8 abs.,act,psych.
radio 2278 59 9046 20913 2 3 6 / 8 entity
star 5130 29 8301 6586 11 7 4 / 8 abs.,entity

knowledge 5197 19 14580 2813 3 1 1 / 1 psych.
pants 13264 5 429 282 3 2 6 / 9 entity

tightness 30817 1 119 2020 5 3 4 / 5 abs.,state

Table3: Examplesof the70 thesaurusevaluationtermswith distribution information

Morph. Analysis Space Unique Terms DIRECT P(1) P(5) P(10) INVR
None 345Mb 14.70M 298k 20.33 32.5% 36.9% 33.6% 1.37
Attributes 302Mb 13.17M 298k 20.65 32.0% 37.6% 32.5% 1.36
Both 274Mb 12.08M 269k 23.74 64.5% 47.0% 39.0% 1.86

Table4: Effectof morphologicalanalysison SEXTANT thesaurusquality

than SEXTANT, and partly becauseit extractsex-
tra multi-word terms. Amongstthe simpler meth-
ods,W(L1R1) andW(L1;2) give reasonableresults.
The larger windows with low correlationbetween
the thesaurusterm and context, extract a massive
context representationbut theresultsareabout10%
worsethanthesyntacticextractors.

Overall the precision and recall are relatively
poor. Poor recall is partly due to the gold stan-
dardcontainingsomepluralsandmulti-word terms
which account for about 25% of the synonyms.
Thesehave beenretainedbecausetheM INIPAR and
CASS systemsare capableof identifying (at least
some)multi-word terms.

Given a �x ed time period(of morethanthe four
daysM INIPAR takes)anda �x ed 150M corpuswe
would probablystill chooseto useM INIPAR unless
therepresentationwastoobig for our learningalgo-
rithm, sincethethesaurusquality is slightly better.

Table6 shows whathappensto thesaurusquality
aswe decreasethe sizeof the corpusto 1

64th of its
original size(2.3M words)for SEXTANT. Halving
thecorpusresultsin asigni�cant reductionfor most
of themeasures.All � ve evaluationmeasuresshow
the samelog-linear dependenceon the size of the
corpus. Figure1 shows the sametrendfor Inverse
Rank evaluationof the M INIPAR thesauruswith a
log-linear�tting thedatapoints.

Wecanusethesamecurve �tting to estimatethe-
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Figure1: M INIPAR INVR scoresversuscorpussize

saurusqualityon largercorporafor threeof thebest
extractors:SEXTANT, M INIPAR andW(L1R1). Fig-
ure2 doesthiswith thedirectmatchevaluation.The
estimateindicatesthatM INIPAR will continueto be
thebestperformeron directmatching.We thenplot
the direct matchscoresfor the 300M word corpus
to seehow accurateour predictionsare. The SEX-
TANT systemperformsalmostexactly aspredicted
andthe othertwo slightly under-performtheir pre-
dictedscores,thusthe �tting is accurateenoughto
make reasonablepredictions.

Figure2 is a graphfor makingengineeringdeci-
sionsin conjunctionwith the datain Table5. For
instance,if we �x the total time andcomputational



System Space Relations Unique Terms DIRECT P(1) P(5) P(10) INVR Time
M INIPAR 399Mb 142.27M 16.62M 914k 24.55 61.5% 46.5% 40.5% 1.85 4438.9m
SEXTANT 274Mb 53.07M 12.08M 269k 23.75 64.5% 47.0% 39.0% 1.85 159.0m

CASS 186Mb 50.63M 9.09M 204k 20.20 48.5% 38.5% 32.5% 1.51 173.7m
W(L1) 117Mb 105.62M 7.04M 406k 20.60 51.5% 40.0% 32.5% 1.56 6.8m
W(L1;2) 336Mb 206.02M 18.04M 440k 21.30 58.5% 44.5% 36.5% 1.71 7.2m
W(L1;2� ) 258Mb 206.02M 15.34M 440k 20.75 55.0% 41.5% 35.5% 1.64 6.8m
W(L1� 3) 570Mb 301.10M 30.62M 444k 20.50 60.0% 43.5% 37.0% 1.69 8.2m
W(L1� 3� ) 388Mb 301.10M 22.86M 444k 19.85 48.5% 39.5% 33.5% 1.53 8.2m
W(L1R1) 262Mb 211.24M 14.07M 435k 22.40 62.0% 44.5% 37.0% 1.76 7.2m
W(L1R1� ) 211Mb 211.24M 12.56M 435k 20.90 54.5% 42.5% 34.5% 1.64 7.2m

Table5: Averagethesaurusquality resultsfor differentextractionsystems

Corpus Space Relations Unique Terms DIRECT P(1) P(5) P(10) INVR
150.0M 274Mb 53.07M 12.08M 268.94k 23.75 64.5% 47.0% 39.0% 1.85
75.0M 166Mb 26.54M 7.38M 181.73k 22.60 58.0% 43.5% 36.0% 1.73
37.5M 98Mb 13.27M 4.36M 120.48k 21.75 54.0% 41.0% 34.5% 1.62
18.8M 56Mb 6.63M 2.54M 82.33k 20.45 47.0% 36.5% 31.0% 1.46
9.4M 32Mb 3.32M 1.44M 55.55k 18.50 40.0% 32.5% 27.5% 1.29
4.7M 18Mb 1.66M 0.82M 37.95k 16.65 34.0% 29.5% 23.5% 1.13
2.3M 10Mb 0.83M 0.46M 25.97k 14.60 27.5% 25.0% 19.5% 0.93

Table6: AverageSEXTANT thesaurusquality resultsfor differentcorpussizes
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Figure2: Directmatchesversuscorpussize

resourcesat anarbitrarypoint, e.g. thepoint where
M INIPAR can process75M words, we get a best
direct matchscoreof 23.5. However, we can get
the sameresultantaccuracy by usingSEXTANT on
a corpusof 116M words or W(L1R1) on a corpus
of 240M words.FromFigure5, extractingcontexts
from corporaof thesesizeswould take M INIPAR 37
hours,SEXTANT 2 hoursandW(L1R1) 12 minutes.
InterpolationonFigure3 predictsthattheextraction
would result in 10M uniquerelationsfrom M INI-
PAR and SEXTANT and19M from W(L1R1). Fig-
ure4 indicatesthat extractionwould resultin 550k
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Figure3: Representationsizeversuscorpussize

M INIPAR terms, 200k SEXTANT terms and 600k
W(L1R1) terms.

Giventhesevaluesandthefactthatthetimecom-
plexity of mostthesaurusextractionalgorithmsis at
least linear in the numberof uniquerelationsand
squaredin the numberof thesaurusterms,it seems
SEXTANT mayrepresentthebestsolution.

With thesesizeissuesin mind,we�nally consider
somemethodsto limit the sizeof the context rep-
resentation.Table7 shows the resultsof perform-
ing variouskinds of �ltering on the representation
size. The FIXED and LEXICON �lters run over the



System Space Relations Unique Terms DIRECT P(1) P(5) P(10) INVR
SEXTANT 300M 431Mb 80.33M 20.41M 445k 25.30 61.0% 47.0% 39.0% 1.87
SEXTANT 150M 274Mb 53.07M 12.08M 269k 23.75 64.5% 47.0% 39.0% 1.85
SEXTANT FIXED 244Mb 61.17M 10.74M 265k 24.35 65.0% 46.5% 38.5% 1.86

SEXTANT LEXICON 410Mb 78.69M 18.09M 264k 25.25 62.0% 47.0% 40.0% 1.87
SEXTANT > 1 149Mb 67.97M 6.63M 171k 24.20 66.0% 45.0% 38.0% 1.85
SEXTANT > 2 88Mb 62.57M 3.93M 109k 23.20 66.0% 46.0% 36.0% 1.82

Table7: Thesaurusqualitywith relation�ltering
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Figure4: Thesaurustermsversuscorpussize

full 300M word corpus,but have size limits based
onthe150Mwordcorpus.TheFIXED �lter doesnot
allow any object/attributepairsto beaddedthatwere
notextractedfrom the150Mwordcorpus.TheLEX-
ICON �lter doesnot allow any objectsto be added
that were not extractedfrom the 150M word cor-
pus. The > 1 and> 2 �lters prunerelationswith a
frequency of lessthanor equalto oneor two. The
FIXED andLEXICON �lters show thatcountingover
larger corporadoesproducemarginally better re-
sults. The > 1 and> 2 �lters show that the many
relationsthat occur infrequentlydo not contribute
signi�cantly to the vector comparisonsand hence
don't impacton the �nal results,even thoughthey
dramaticallyincreasetherepresentationsize.

7 Conclusion

It is aphenomenoncommonto many NLP tasksthat
the quality or accuracy of a systemincreaseslog-
linearlywith thesizeof thecorpus.Banko andBrill,
(2001)also found this trend for the taskof confu-
sionsetdisambiguationon corporaof up to onebil-
lion words.They demonstratedbehaviour of differ-
entlearningalgorithmswith verysimplecontextson

extremelylargecorpora.We have demonstratedthe
behaviour of a simple learningalgorithmon much
more complicatedcontextual information on very
largecorpora.

Ourexperimentssuggestthattheexistingmethod-
ology of evaluatingsystemson small corporawith-
out referenceto the executiontime andrepresenta-
tion sizeignoresimportantaspectsof theevaluation
of NLP tools.

Theseexperimentsshow that ef�ciently imple-
mentingandoptimisingtheNLP toolsusedfor con-
text extractionis of crucial importancesincethein-
creasedcorpussizesmake executionspeedan im-
portant evaluation factor when deciding between
differentlearningalgorithmsfor differenttasksand
corpora. Theseresults also motivate further re-
searchinto improving theasymptoticcomplexity of
the learning algorithmsusedin NLP systems. In
the new paradigm,it could well be that far simpler
but scalablelearning algorithmssigni�cantly out-
performexistingsystems.

Finally, the massavailability of online text re-
sourcesshouldbe taken on board. It is important
thatlanguageengineersandcomputationallinguists
continueto try and �nd new unsupervisedor (as
Banko andBrill suggest)semi-supervisedmethods
for taskswhich currentlyrely on annotateddata. It
is also important to considerhow information ex-
tractedby systemssuchasthesaurusextractionsys-
temscanbe incorporatedinto taskswhich usepre-
dominantlysupervisedtechniques,e.g. in the form
of classinformationfor smoothing.

We would like to extendthis analysisto at least
one billion words for at least the most successful
methodsandtry othertoolsandparsersfor extract-
ing thecontextual information. However, to do this
wemustlook atmethodsof compressingthevector-
spacemodel and approximatingthe full pair-wise
comparisonof thesaurusterms.We would alsolike



to investigatehow this thesaurusinformationcanbe
usedto improve theaccuracy or generalityof other
NLP tasks.
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