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Abstract

Contet is usedin mary NLP systemsas
an indicator of a term's syntacticand se-
manticfunction. Theaccurayg of the sys-
temis dependentn the quality andquan-
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 computationakresourcesit
makes sensefor systemsto invest time
in extracting high quality contetual in-
formationfrom a x ed corpus. However,
with an effectively limitless quantity of
text available, extraction rate and repre-
sentationsize needto be considered.We
usethesaurusextraction with a range of
contet extractingtoolsto demonstratéhe
interactionbetweercontet quantity time
andsizeonacorpusof 300million words.

1 Intr oduction

Contt playsanimportantrole in mary naturallan-
guagetasks. For example,the accurag of part of
speechtaggersor word sensedisambiguatiorsys-
tems dependson the quality and quantity of con-
textual informationthesesystemscan extract from
the training data. When predictingthe senseof a
word, for instancetheimmediatelyprecedingvord
is likely to be moreimportantthanthe tenth previ-
ousword; similar obserationscan be madeabout
POS taggersor chunlers. A crucial part of train-
ing thesesystemslies in extracting from the data
high-quality contextual information,in the senseof
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de ning contets that are both accurateand corre-
lated with the information (the Pos tags,the word
sensesthe chunks)the systemis trying to extract.
Thequality of contextual informationis oftende-
terminedby the size of the training corpus: with
less data available, extracting context information
for ary given phenomenorbecomesdessreliable.
However, corpussize is no longer a limiting fac-
tor: whereasipto now peoplehave typically worked
with corporaof aroundonemillion words,it hasbe-
comefeasibleto build muchlargerdocumentollec-
tions;for example,Banko andBrill (2001)reporton
experimentsvith a onebillion word corpus.
Whenusinga muchlarger corpusandscalingthe
contet spacethereare,howvever, othertrade-ofs to
take into considerationthe size of the corpusmay
make it unfeasibleo train somesystemsecausef
ef ciency issuesrhardwarecosts;jt mayalsoresult
in anunmanageablexpansionof the extractedcon-
text information, reducingthe performanceof the
systemghathave to make useof this information.
This paperreportson experimentsthattry to es-
tablishsomeof the trade-ofs betweencorpussize,
processingtime, hardware costs and the perfor
manceof the resultingsystems. We reporton ex-
perimentswith a large corpus (around 300 mil-
lion words). We traineda thesaurugxtractionsys-
temwith arangeof context-extractingfront-endsto
demonstrat¢heinteractionbetweercontet quality,
extractiontime andrepresentatiosize.

2 Automatic ThesaurusExtraction

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



cently semanticresourceshave also beenusedin
collocationdiscovery (Pearce2001),smoothingand
model estimation(Brown et al., 1992; Clark and
Weir, 2001) andtext classi cation (Baker and Mc-
Callum, 1998). Unfortunately thesauriarevery ex-
pensve andtime-consumingo producemanually
andtendto suffer from problemsof bias,inconsis-
teng/, andlack of coverage. In addition,thesaurus
compilerscannotkeepup with constantlyevolving
languageauseandcannotafford to build new thesauri
for themary subdomainghatinformationextraction
andretrieval systemsarebeingdevelopedfor. There
is a clearneedfor methodgo extractthesauriauto-
matically or tools that assistin the manualcreation
andupdatingof thesesemantiaesources.

Most existing work on thesaurusextraction and
word clusteringis basedon the generalobsenration
that relatedtermswill appearin similar contexts.
The differencestendto lie in the way “context” is
de nedandin theway similarity is calculated Most
systemsextract co-occurrenceand syntacticinfor-
mationfrom the wordssurroundinghetametterm,
which is then convertedinto a vectorspacerepre-
sentationof the contets that eachtamet term ap-
pearsin (Brown et al., 1992; Pereiraet al., 1993;
Ruge, 1997; Lin, 1998b). Other systemstake the
whole documentas the context and considerterm
co-occurrencatthedocumentevel (Crouch,1988;
Sandersorand Croft, 1999). Oncethesecontets
have beende ned, thesesystemghenuseclustering
or nearesheighboumethodgo nd similarterms.

Finally, somesystemsaxtract synoryms directly
without extracting and comparingcontectual rep-
resentationgor eachterm. Instead,thesesystems
recogniseterms within certain linguistic patterns
(e.g. X, Y and other Zs) which associatesynoryms
andhyporyms (Hearst,1992;Caraballo,1999).

Thesaurusxtractionis a goodtaskto useto ex-
perimentwith scalingcontet spaces. The vector
spacemodel with nearestneighboursearchingis
simple, so we neednt worry aboutinteractionsbe-
tweenthe contets we selectand a learning algo-
rithm (suchasindependencef the features). But
also, thesaurusextraction is a task where success
hasbeenlimited whenusingsmallcorpora(Grefen-
stette, 1994); corporaof the order of 300 million
wordshave alreadybeenshavn to be moresuccess-
ful atthistask(Lin, 1998b).

3 Experiments

Vectorspacethesaurusextraction can be separated
into two independenprocesses.The rst stepex-
tractsthe contets from raw text andcompilesthem
into avectorspacestatisticaldescriptionof the con-
texts eachpotentialthesaurusermappearsn.

We de ne a contet relation as a tuple (w; r; wo
wherew is a thesaurugerm, occurringin relation
typer, with anotherword wP in the sentence.The
type canbe grammaticalor the positionof wPin a
context window: the relation (dog, direct-obj,
walk) indicateshatthetermdog, wasthedirectob-
jectof theverbwalk . Oftenwe treatthetuple (r; w9
asa singleunit andreferto it asan attribute of w.
Thecontet extractionsystemsisedfor theseaxper
imentsaredescribedn the following section.

The secondstepin thesaurugxtractionperforms
clustering or nearest-neighbouanalysisto deter
minewhich termsaresimilar basedon their context
vectors.Oursecondcomponents similarto Grefen-
stetteS SEXTANT system,which performsnearest-
neighbourcalculationdor eachpair of potentialthe-
saurugterms. For nearest-neighbouneasurements
we mustde ne afunctionto judgethe similarity be-
tweentwo contect vectors(e.g.the cosinemeasure)
andafunctionto combinetheraw instancedrequen-
ciesfor eachcontet relationinto weightedvector
components.

SEXTANT usesa generalisationof the Jaccard
measurdo measurssimilarity. TheJaccardneasure
is the cardinalityratio of the intersectiorandunion
of attribute sets(attqwy) is the attribute setfor wy):

jattqwm) \ attqwy)j )
jattwin) [ att{wy)]
The generalisedlaccardmeasureallows eachrela-

tion to have a signi cance weight (basedon word,

attribute andrelationfrequenciesassociatevith it:
P .
L, azatts(wy)| attswy) MIN(WGHWin; 8); WGt (Wh; a))

a2attgwp)[ attwn) max(wgt(wm, a); wgt(wn; a))

Grefenstett@riginally usedthe weightingfunction:

(2)

log,(f(wi; ) + 1)
log,(n(a) + 1)
where f(w;; &) is the frequeny of therelationand

n(a;) is the numberof differentwordsa; appearsn
relationswith.

wgt(wi; &) =

3)



Name | Contet Description
W(L1R1) | onewordto left or right
W(L1) onewordto theleft
W(L1:2) | oneortwo wordsto theleft
W(L1 3) | oneto threewordsto theleft

Tablel: Window extractors

However, we have found that usingthe t-testbe-
tweenthe joint and independentistributions of a
word andits attribute:

_ bwi; &)

Wt a) = pw)P(@)
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gives superior performance(Curran and Moens,
2002)andis thereforeusedfor our experiments.

(4)

4 Context Extractors

We have experimentedwith a numberof different
systemsfor extracting the contexts for eachword.
Thesesystemsshav a wide rangein compleity
of methodandimplementationandhencedevelop-
menteffort andexecutiontime.

Thesimplestmethodwe implementedxtractsthe
occurrenceountsof wordswithin a particularwin-
dow surroundinghethesauruserm. Thesewindow
extractorsarevery easyto implementandrun very
quickly. Thewindow geometriesisedin this experi-
mentarelistedin Tablel. Extractoranarkedwith an
asteriskfor exampleW(L1R; ), do not distinguish
(within therelationtype)betweerdifferentpositions
of theword win thewindow.

At agreatetevel of compleity we have two shal-
low NLP systemswhich provide extra syntacticin-
formationin the extractedcontets. The rst sys-
temis basedn the syntacticrelationextractorfrom
SEXTANT with a differentpos taggerandchunler.
The SEXTANT-basedextractorwe developedusesa
very simple Nave Bayespos taggerand chunler.
This is very simpleto implementand is extremely
fastsinceit optimiseshetagselectioriocally atthe
currentword ratherthanperformingbeamor Viterbi
searchover the entire sentence.After the raw text
hasbeenros taggedandchunled,the SEXTANT re-
lation extractionalgorithmis run over thetext. This
consistof ve passewver eachsentencehatasso-
ciate eachnounwith the modi ers andverbsfrom
the syntacticcontets thatit appearsn.

Corpus | Sentences Words
British NationalCorpus 6.2M 114M
ReutergCorpusVvol 1 8.7M 193M

Table2: Training CorporaStatistics

Thesecondshallav parsingextractorweusedwas
the CAss parser(Abngy, 1996), which usescas-
caded nite statetransducergo producea limited
depthparseof pos taggedtext. We usedthe out-
put of the Na've BayespPos taggeroutputasinput
to the CAass. The contet relationsusedwere ex-
tracteddirectly by thetuples program(usinge8
demogrammar)includedin the Cass distrikution.
The FsT parsingalgorithmis very efcient andso
Cass alsoranvery quickly. Thetimesreportedoe-
low includethe Na've BayesPos taggingtime.

The nal, mostsophisticatedxtractorusedwas
the MINIPAR parser(Lin, 1998a)whichis abroad-
coverageprinciple-basegparser The context rela-
tionsusedwereextracteddirectlyfrom thefull parse
tree. Although fastfor a full parser MINIPAR was
no matchfor the simplerextractors.

For this experimentwe neededa large quantityof
text which we could group into a rangeof corpus
sizes.We combinedthe BNC andReuterscorpusto
producea 300 million word corpus. Therespecire
sizesof eachareshavn in Table2. The sentences
were randomlyshufed togetherto producea sin-
gle homogeneousorpus.This corpuswassplit into
two 150Mword corporaoverwhichthemainexperi-
mentalresultsareaveraged Wethencreatedsmaller
corporaof size2 down to &th of each150Mcorpus.
Thenext sectiondescribeshe methodof evaluating
eachthesaurusreatedy thecombinatiorof agiven
contet extractionsystemandcorpussize.

5 Evaluation

For thepurpose®f evaluation,we selectedOsingle
word nountermsfor thesaurugxtraction. To avoid
samplebias,thewordswererandomlyselectedrom
Wordnetsuchthatthey coveredarangeof valuesfor
thefollowing word properties:

occurrencefrequency basedon frequeng counts
from thePennTreebankBNC andReuters;

number of senseshasecnthenumberof Wordnet
synsetandMacquarieThesaurugntries;



generality/speci city basedndepthof thetermin
theWordnethierarchy;

abstractness/conaetenessbhasedon even distribu-
tion acrossall Wordnetsubtrees.

Table3 shavs someof the selectedermswith fre-
gqueng and synorym setdata. For eachterm we
extracteda thesauruentry with 200 potentialsyn-
onymsandtheirweightedJaccardcores.

The mostdif cult aspeciof thesaurusextraction
is evaluating the quality of the result. The sim-
plestmethodof evaluationis direct comparisonof
theextractedthesaurusvith amanuallycreatedyold
standard Grefenstette1994). However on smaller
corporadirect matchingaloneis often too coarse-
grainedandthesaurugoverageis aproblem.

Our experimentsusea combinationof threethe-
sauri available in electronicform: The Macquarie
ThesaurugBernard,1990),Rogets ThesaurugRo-
get, 1911),andthe Moby ThesaurugWard, 1996).
Eachthesauruss structuredifferently: Rogets and
Macquariearetopic orderedandtheMoby thesaurus
is headtermordered.Rogets is quite datedandhas
low coverage andcontainsa deephierarchy(depth
up to seven)with termsgroupedn 8696smallsyn-
onym setsat the leaves of the hierarchy The Mac-
quarieconsistof 812largetopics(oftenin antorym
relatedpairs),eachof whichis separateihto 21174
small synorym sets. Rogets and the Macquarie
provide sensdlistinctionsby placingtermsin mul-
tiple synorym sets. The Moby thesaurusonsists
of 30259headtermsandlarge synorym lists which
con ate all the headtermsensesThe extractedthe-
saurusdoesnot distinguishbetweendifferenthead
sensesThereforewe cornvertthe Rogets andMac-
gquariethesaurusnto headterm orderedformat by
combiningeachsmall sensesetthat the headterm
appearsn.

We createa gold standardthesauruscontaining
the union of the synorym lists from eachthesaurus,
giving a total of 23207synoryms for the 70 terms.
With thesegold standardresourcesn place, it is
possibleto useprecisionandrecallmeasure$o cal-
culatethe performanceof the thesaurusextraction
systems.To help overcomethe problemsof coarse-
graineddirect comparisonsne usethree different
typesof measureao evaluatethesaurugjuality:

1. DirectMatch(DIRECT)

2. Precisionof then top ranked synoryms (P(n))

3. InverseRank(INVR)

A matchis an extractedsynorym thatappearsn
the correspondingyold standardsynorym list. The
directmatchscoreis thenumberof suchmatchegor
eachterm. Precisionof the top n is the percentage
of matchesn thetopn extractedsynoryms. In these
experimentswe calculatethisfor n = 1; 5; and10.
Theinverserankscoreis the sumof theinverserank
of eachmatch. For example,if matchingsynoryms
appearin the extractedsynorym list at ranks 3, 5
and28, thentheinverserankscoreis § + 1 + X =
0:569 Themaximuminverserankscoreis 5.878for
a synorym list of 200terms.Inverserankis a good
measuref subtledifferencesn rankedresults.Each
measurds averagedvertheextractedsynorym lists
for all 70 thesaurugserms.

6 Results

SinceMINIPAR performsmorphologicabnalysison

thecontet relationswe have addedanexisting mor-

phological analyser(Minnen et al., 2000) to the
other extractors. Table 4 shavs the improvement
gainedby morphologicalanalysisof the attributes
andrelationsfor the SEXTANT 150M corpus.

Theimprovementin resultsis quitesigni cant, as
is thereductionin therepresentatioapaceandnum-
berof uniquecontet relations.Thereductionin the
numberof termsis a resultof coalescingthe plu-
ral nounswith their correspondingsingularnouns,
which alsoreducesdatasparsenesproblems. The
remainderof the resultsusemorphologicalanalysis
of boththewordsandattributes.

Table 5 summariseshe averageresultsof ap-
plying all of the extraction systemsto the two
150M word corpora. The rst thing to note is
the time spent extracting contextual information:
MINIPAR takessigni cantly longerto run thanthe
other extractors. Secondly SEXTANT and MINI-
PAR have quite similar resultsoverall, but MINIPAR
is slightly betteracrossmost measures.However,
SEXTANT runs about 28 times fasterthan MinNI-
PAR. Also, MINIPAR extracts mary more terms
andrelationswith amuchlargerrepresentatiothan
SEXTANT. This is partly becauseMINIPAR 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 the 70 thesaurugvaluationtermswith distribution information

Morph. Analysis | Space Unique Terms DIRECT P(1) P(5) P(10) INnVvR
None 345Mb 14.70M 298k 20.33 325% 36.9% 33.6% 1.37
Attributes 302Mb 13.17M 298k  20.65 32.0% 37.6% 325% 1.36
Both 274Mb 12.08M 269k 23.74 645% 47.0% 39.0% 1.86

Table4: Effect of morphologicalanalysison SEXTANT thesaurusjuality

than SEXTANT, and partly becauset extracts ex-

tra multi-word terms. Amongstthe simpler meth-
ods,W(L1R1) andW(L1:2) give reasonableesults.
The larger windows with low correlationbetween
the thesauruderm and contet, extract a massve

contet representatiobut the resultsareabout10%
worsethanthe syntacticextractors.

Overall the precision and recall are relatvely
poor Poorrecall is partly due to the gold stan-
dardcontainingsomepluralsand multi-word terms
which accountfor about 25% of the synoryms.
Thesehave beenretainedbecaus¢he MINIPAR and
Cass systemsare capableof identifying (at least
some)multi-word terms.

Givena x edtime period(of morethanthe four
daysMINIPAR takes)anda x ed 150M corpuswe
would probablystill chooseo useMINIPAR unless
therepresentatiowastoo big for our learningalgo-
rithm, sincethethesaurusjuality is slightly better

Table6 shavs what happengo thesaurugjuality
aswe decreaséhe size of the corpusto 6—14th of its
original size (2.3M words)for SEXTANT. Halving
the corpusresultsin a signi cant reductionfor most
of themeasuresAll ve evaluationmeasureshav
the samelog-linear dependencen the size of the
corpus. Figure 1 shawvs the sametrendfor Inverse
Rank evaluationof the MINIPAR thesauruswith a
log-linear tting thedatapoints.

We canusethe samecurwe tting to estimatehe-

I
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Inverse Rank measure

o—e Raw data 1
---- Fitted Curve —

| | |
0
100 150

Number of words (millions)

200

Figurel: MINIPAR INVR scoressersuscorpussize

saurugquality on larger corporafor threeof the best
extractors:SEXTANT, MINIPAR andW(L1R,). Fig-
ure2 doesthiswith thedirectmatchevaluation.The
estimatandicateshatMINIPAR will continueto be
thebestperformeron directmatching.We thenplot
the direct matchscoresfor the 300M word corpus
to seehow accurateour predictionsare. The SEX-
TANT systemperformsalmostexactly as predicted
andthe othertwo slightly underperformtheir pre-
dictedscoresthusthe tting is accurateenoughto
make reasonabl@redictions.

Figure2 is a graphfor makingengineeringdeci-
sionsin conjunctionwith the datain Table5. For
instancejf we x thetotal time and computational



System | Space Relations Unique Terms

DIRECT

P(1) P(5) P(10) INVR Time

399Mb
274Mb
186Mb
117Mb
336Mb
258Mb
570Mb
388Mb
262Mb
211Mb

142.27M

53.07M

50.63M
105.62M
206.02M
206.02M
301.10M
301.10M
211.24M
211.24M

16.62M 914k
12.08M 269k

9.09M 204k

7.04M 406k
18.04M 440k
15.34M 440k
30.62M 444k
22.86M 444k
14.07M 435k
12.56M 435k

MINIPAR
SEXTANT
CASS
W(Ly)
W(L12)
W(Ly )
W(L; 3)
W(L13s)
W(L:Ry)
W(L1R: )

24.55
23.75
20.20
20.60
21.30
20.75
20.50
19.85
22.40
20.90

61.5%
64.5%
48.5%
51.5%
58.5%
55.0%
60.0%
48.5%
62.0%
54.5%

46.5%
47.0%
38.5%
40.0%
44.5%
41.5%
43.5%
39.5%
44.5%
42.5%

40.5%
39.0%
32.5%
32.5%
36.5%
35.5%
37.0%
33.5%
37.0%
34.5%

1.85
1.85
151
1.56
171
1.64
1.69
1.53
1.76
1.64

4438.9m
159.0m
173.7m
6.8m
7.2m
6.8m
8.2m
8.2m
7.2m
7.2m

Table5: Averagethesaurugjuality resultsfor differentextractionsystems

Corpus | Space Relations Unique

Terms

DIRECT P(1) P(5) P(10) INVR

12.08M
7.38M
4.36M
2.54M
1.44M
0.82M
0.46M

150.0M
75.0M
37.5M
18.8M
9.4M
4.7M
2.3M

274Mb  53.07M
166Mb  26.54M
98Mb 13.27M
56Mb 6.63M
32Mb 3.32M
18Mb 1.66M
10Mb 0.83M

268.94k
181.73k
120.48k
82.33k
55.55k
37.95k
25.97k

23.75
22.60
21.75
20.45
18.50
16.65
14.60

64.5%
58.0%
54.0%
47.0%
40.0%
34.0%
27.5%

47.0%
43.5%
41.0%
36.5%
32.5%
29.5%
25.0%

39.0%
36.0%
34.5%
31.0%
27.5%
23.5%
19.5%

1.85
1.73
1.62
1.46
1.29
1.13
0.93

Table6: AverageSEXTANT thesaurusgjuality resultsfor differentcorpussizes
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Figure2: Directmatchesersuscorpussize

resourcest anarbitrarypoint, e.g. the point where
MINIPAR can process75M words, we get a best
direct matchscoreof 23.5. However, we can get
the sameresultantaccurag by using SEXTANT on
a corpusof 116M words or W(L1R;) on a corpus
of 240M words. FromFigureb, extractingcontets
from corporaof thesesizeswould take MINIPAR 37
hours,SEXTANT 2 hoursandW(L1R;) 12 minutes.
Interpolationon Figure3 predictsthatthe extraction
would resultin 10M uniquerelationsfrom MINI-
PAR and SEXTANT and 19M from W(L1R;). Fig-
ure 4 indicatesthat extractionwould resultin 550k

32 T
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Figure3: Representationizeversuscorpussize

MINIPAR terms, 200k SEXTANT terms and 600k
W(L1R;) terms.

Giventhesevaluesandthefactthatthetime com-
plexity of mostthesaurugxtractionalgorithmsis at
leastlinear in the numberof uniquerelationsand
squaredn the numberof thesaurugerms,it seems
SEXTANT mayrepresenthebestsolution.

With thesesizeissuesn mind,we nally consider
somemethodsto limit the size of the contet rep-
resentation.Table 7 shaws the resultsof perform-
ing variouskinds of Itering on the representation
size. The FIXED andLEXICON lters run over the



System | Space Relations Unique Terms DIRECT P(1) P(5) P(10) INVR
SEXTANT300M | 43IMb  80.33M 20.41IM 445k 2530 61.0% 47.0% 39.0% 1.87
SEXTANT150M | 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% 385% 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 2420 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: Thesaurugjuality with relation Itering
i | | T T T T 7]  extremelylarge corpora.We have demonstratethe
O e / 1 behaiour of a simplelearningalgorithmon much
1a00 [+ WILRY 1 more complicatedcontetual information on very

1200 —
1000— —

800— -

Number of thesaurus terms (millions)

— —

100 150 200 300

Number of words (millions)

250 35C

Figure4: Thesaurusermsversuscorpussize

full 300M word corpus,but have sizelimits based
onthe150Mword corpus.TheFIXED Iter doesnot
allow ary object/attrilnte pairsto beaddedhatwere
notextractedfromthe150Mword corpus.TheLEX-

ICON lter doesnot allow ary objectsto be added
that were not extractedfrom the 150M word cor

pus. The> 1 and> 2 lters prunerelationswith a
frequeny of lessthanor equalto oneor two. The
FIXED andLEXICON lters shaw thatcountingover
larger corporadoesproducemamginally better re-
sults. The> 1 and> 2 lters shawv thatthe mary

relationsthat occur infrequently do not contrikute
signi cantly to the vector comparisonsand hence
dont impacton the nal results,eventhoughthey

dramaticallyincreasdherepresentatiosize.

7 Conclusion

It is aphenomenorommonto mary NLP tasksthat
the quality or accurag of a systemincreasedog-
linearlywith thesizeof thecorpus.Banko andBrill,

(2001) alsofound this trend for the task of confu-
sionsetdisambiguatioron corporaof up to onebil-
lion words. They demonstratetbehaiour of differ-
entlearningalgorithmswith very simplecontexts on

large corpora.

Ourexperimentsuggesthattheexistingmethod-
ology of evaluatingsystemson small corporawith-
out referenceo the executiontime andrepresenta-
tion sizeignoresimportantaspect®of the evaluation
of NLP tools.

Theseexperimentsshav that ef ciently imple-
mentingandoptimisingthe NLP tools usedfor con-
text extractionis of crucialimportancesincethein-
creasedcorpussizesmake executionspeedan im-
portant evaluation factor when deciding between
differentlearningalgorithmsfor differenttasksand
corpora. Theseresults also motivate further re-
searchinto improving the asymptoticcompleity of
the learning algorithmsusedin NLP systems. In
the new paradigm,it could well be thatfar simpler
but scalablelearning algorithmssigni cantly out-
performexisting systems.

Finally, the massavailability of online text re-
sourcesshouldbe taken on board. It is important
thatlanguageengineerandcomputationalinguists
continueto try and nd new~ unsupervisedr (as
Banko andBrill suggestsemi-supervisethethods
for taskswhich currentlyrely on annotatediata. It
is alsoimportantto considerhow information ex-
tractedby systemssuchasthesaurugxtractionsys-
temscanbe incorporatednto taskswhich usepre-
dominantlysupervisedechniquese.g. in theform
of classinformationfor smoothing.

We would like to extendthis analysisto at least
one billion words for at leastthe most successful
methodsandtry othertools andparserdor extract-
ing the contextual information. However, to do this
we mustlook at methodof compressinghe vector
spacemodel and approximatingthe full pairwise
comparisorof thesauruserms. We would alsolike



to investigatehow this thesaurusnformationcanbe
usedto improve the accurag or generalityof other
NLP tasks.
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