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Abstract

A parsingsystemreturninganalysesin the form of
setsof grammaticalrelationscan obtain high pre-
cision if it hypothesisesa particular relation only
when it is certainthat the relation is correct. We
operationalisethis technique—inastatisticalparser
using a manually-developedwide-coveragegram-
mar of English—by only returning relations that
form part of all analyseslicensedby the grammar.
We observe an increasein precisionfrom 75% to
over 90%(at thecostof a reductionin recall)on a
testcorpusof naturally-occurringtext.

1 Introduction1

Head-dependentrelationships (possibly labelled
with a relationtype)have beenadvocatedasa use-
ful level of representationfor grammaticalstruc-
ture in a numberof different large-scalelanguage-
processingtasks. For instance,in recentwork on
statisticaltreebankgrammarparsing(e.g. Collins,
1999) high levels of accuracy have beenreached
using lexicalised probabilistic modelsover head-
dependenttuples. Bouma, van Noord and Mal-
ouf (2001)createdependency treebankssemi-auto-
matically in orderto inducedependency-basedsta-
tistical models for parseselection. Lin (1998),
Srinivas (2000) and othershave evaluatedthe ac-
curacy of both phrasestructure-basedand depen-
dency parsersby matching head-dependentrela-
tions against‘gold standard’relations,ratherthan
matching (labelled) phrasestructurebracketings.
Researchon unsupervisedacquisitionof lexical in-
formationfrom corpora,suchasargumentstructure
of predicates(BriscoeandCarroll,1997;McCarthy,
2000),word classesfor disambiguation(Clark and
Weir, 2001),andcollocations(Lin 1999),hasused
grammaticalrelation/head/dependent tuples. Such

1A previous version of this paper was presentedat
IWPT’01; thisversioncontainsnew experimentsandresults.

tuplesalsoconstituteaconvenientintermediaterep-
resentationin applicationssuchasinformationex-
traction(Palmeret al., 1993;Yeh,2000),anddocu-
mentretrieval on theWeb(Grefenstette,1997).

A varietyof differentapproacheshavebeentaken
for robust extractionof relation/head/dependent tu-
ples, or grammatical relations, from unrestricted
text. Dependency parsingis a natural technique
to use,and therehasbeensomework in that area
on robust analysisand disambiguation(e.g. Laf-
ferty, SleatorandTemperley, 1992;Srinivas,2000).
Finite-stateapproaches(e.g.Karlssonet al., 1995;
Aı̈t-MokhtarandChanod,1997;Grefenstette,1998)
have usedhand-codedtransducersto recogniselin-
earconfigurationsof wordsandpart of speechla-
bels associatedwith, for example, subject/object-
verb relationships.An intermediatestepmaybeto
marknominal,verbaletc.‘chunks’ in thetext andto
identify theheadword of eachof thechunks.Sta-
tistical finite-stateapproacheshave alsobeenused:
Brants,Skut and Krenn (1997) train a cascadeof
Hidden Markov Models to tag words with their
grammaticalfunctions.Approachesbasedonmem-
ory basedlearning have also usedchunking as a
first stage,beforeassigninggrammaticalrelationla-
belsto headsof chunks(Argamon,DaganandKry-
molowski, 1998; Buchholz, Veenstraand Daele-
mans,1999). BlahetaandCharniak(2000)assume
a richer input representationconsistingof labelled
treesproducedby a treebankgrammarparser, and
usethe treebankagainto train a further procedure
that assignsgrammaticalfunction tags to syntac-
tic constituentsin the trees. Alternatively, a hand-
written grammarcan be usedthat produces‘shal-
low’ and perhapspartial phrasestructureanalyses
fromwhichgrammaticalrelationsareextracted(e.g.
Carroll,MinnenandBriscoe,1998;Lin, 1998).

Recently, Schmid and Rooth (2001) have de-
scribedan algorithmfor computingexpectedgov-
ernor labels for terminalwordsin labelledheaded



parsetreesproducedby a probabilisticcontext-free
grammar. A governor label (implicitly) encodesa
grammaticalrelation type (suchas subjector ob-
ject) anda governing lexical head. The labelsare
expectedin the sensethat eachis weightedby the
sumof the probabilitiesof the treesgiving rise to
it, and are computedefficiently by processingthe
entireparseforestratherthanindividual trees.The
set of terminal/relation/governing-head tupleswill
not typically constitutea globally coherentanaly-
sis,but maybeusefulfor interfacingto applications
that primarily accumulatefragmentsof grammati-
cal information from text (suchas for instancein-
formationextraction,or systemsthatacquirelexical
data from corpora). The approachis not so suit-
ablefor applicationsthatneedto interpretcomplete
andconsistentsentencestructures(suchastheanal-
ysis phaseof transfer-basedmachinetranslation).
SchmidandRoothhave implementedthealgorithm
for parsingwith a lexicalisedprobabilisticcontext-
free grammarof Englishandappliedit in an open
domainquestionansweringsystem,but they do not
give any practicalresultsor anevaluation.

In the paperwe investigateempirically Schmid
andRooth’s proposals,usingawide-coveragepars-
ing systemapplied to a test corpusof naturally-
occurringtext, extend it with variousthresholding
techniques,andobserve the trade-off betweenpre-
cisionandrecall in grammaticalrelationsreturned.
Using the mostconservative thresholdresultsin a
parserthat returnsonly grammaticalrelationsthat
form part of all analyseslicensedby the grammar.
In this case,precisionrisesto over 90%, as com-
paredwith abaselineof 75%.

2 The Analysis System

In this investigationwe extenda statisticalshallow
parsingsystemfor Englishdevelopedoriginally by
Carroll, Minnen and Briscoe(1998). Briefly, the
systemworksasfollows: input text is labelledwith
part-of-speech(PoS) tags by a tagger, and these
areparsedusinga wide-coverageunification-based
‘phrasal’grammarof EnglishPoStagsandpunctu-
ation. For disambiguation,the parserusesa prob-
abilistic LR model derived from parsetree struc-
turesin a treebank,augmentedwith a setof lexical
entriesfor verbs,acquiredautomaticallyfrom a 10
million wordsampleof theBritish NationalCorpus
(Leech,1992), eachentry containingsubcategori-
sationframeinformationandan associatedproba-
bility. The parseris therefore‘semi-lexicalised’ in

thatverbalargumentstructureis disambiguatedlex-
ically, but the restof the disambiguationis purely
structural.

Thecoverageof thegrammar—theproportionof
sentencesfor which at leastonecompletespanning
analysisis found—isaround80% whenappliedto
theSUSANNE corpus(Sampson,1995).In addition,
the systemis able to perform parsefailure recov-
ery, finding thehighestscoringsequenceof phrasal
fragments(following theapproachof Kiefer et al.,
1999),andthesystemhasproducedat leastpartial
analysesfor over98%of thesentencesin thewritten
partof theBritish NationalCorpus.

The parsingsystemreadsoff grammaticalrela-
tion tuples(GRs)from theconstituentstructuretree
that is returnedfrom thedisambiguationphase.In-
formation is usedaboutwhich grammarrules in-
troducesubjects,complements,andmodifiers,and
which daughter(s)is/arethehead(s),andwhich the
dependents.In Carrolletal.’sevaluationthesystem
achieves GR accuracy that is comparableto pub-
lishedresultsfor othersystems:extractionof non-
clausalsubjectrelationswith 83% precision,com-
paredwith Grefenstette’s (1998)figureof 80%;and
overallF-score2 of unlabelledhead-dependentpairs
of 80%,asopposedto Lin’s (1998)83%3 andSrini-
vas’s (2000)84% (this with respectonly to binary
relations,andomitting theanalysisof control rela-
tionships). BlahetaandCharniak(2000)reportan
F-scoreof 87%for assigninggrammaticalfunction
tagsto constituents,but the task,andthereforethe
scoringmethod,is ratherdifferent.

For the work reportedin this paperwe have ex-
tendedCarroll et al.’s basicsystem,implementing
a versionof Schmidand Rooth’s expectedgover-
nor technique(seesection1 above) but adaptedfor
unification-basedgrammarandGR-basedanalyses.
Eachsentenceis analysedasa setof weightedGRs
wherethe weight associatedwith eachgrammati-
cal relation is computedas the sum of the proba-
bilities of theparsesthatrelationwasderivedfrom,
dividedby thesumof theprobabilitiesof all parses.
So,if we assumethatSchmidandRooth’s example
sentencePeter readsevery paperon markuphas2
parses,onewhereonmarkupattachesto thepreced-
ing noun having overall probability

���������
and the

otherwhereit hasverbalattachmentwith probabil-
ity

���������
, thensomeof theweightedGRswouldbe

2We use the F 	 measuredefined as 
���
������������������������ "!#!%$"&'
(�����)�*�������,+-�����) "!#!%. .
3Our calculation,basedon table2 of Lin (1998).



1.0 ncsubj(reads,Peter, )
0.7 ncmod(on,paper, markup)
0.3 ncmod(on,reads,markup)

Figure 1 containsa more extendedexample of a
weightedGR analysisfor a shortsentencefrom the
SUSANNE corpus,andalsogivesaflavourof there-
lationtypesthatthesystemreturns.TheGRscheme
is decribedin detailby Carroll, BriscoeandSanfil-
ippo (1998).

3 Empirical Results
3.1 Weight Thresholding

Our first experimentcomparedthe accuracy of the
parserwhenextractingGRsfrom thehighestranked
analysis(the standardprobabilistic parsingsetup)
againstextractingweightedGRsfrom all parsesin
the forest. To measureaccuracy we use the pre-
cision, recall andF-scoremeasuresof parserGRs
against‘gold standard’GRannotationsin a10,000-
word test corpusof in-coveragesentencesderived
from the SUSANNE corpusandcoveringa rangeof
written genres4. GRsare in generalcomparedus-
ing anequalitytest,exceptthatin aspecific,limited
numberof cases(describedby Carroll,Minnenand
Briscoe,1998)theparseris allowedto returnmore
genericrelationtypes.

Whena parserGR hasa weightof lessthanone,
we proportionally discountits contribution to the
precisionand recall scores. Thus, given a set /
of GRs with associatedweights producedby the
parser, i.e.

/ 0 132�465�7�8�5:9<;�465>=@?BA�CEDGFGDH=%I�C�AKJ�?�?�L�MN=�J�A�DHOFP=%A�CRQTSU8)5�7�FPCVDNW�D �YX 465[Z]\(^
anda set _ of gold-standard(unweighted)GRs,we
computetheweightedmatchbetween_ andtheel-
ementsof / as

` 0 abdcfehg i�e�jhk"l 4 5�m 2�8 5Kn _o9
where m 2�pq9r0s\ if p is true and

�
otherwise.The

weightedprecisionandrecallarethen`t bucfevg i�e*jhkwl 465 J�xVO `
;'_P;

respectively, expressedas percentages. We are
not aware of any previous publishedwork using

4At http://www.cogs.susx.ac.uk/lab/nlp/carroll/greval.html.

Table 1: GR accuracy comparingextraction from
just thehighest-rankedparsecomparedto weighted
GR extractionfrom all parses.

Precision(%) Recall(%) F-score
Bestparse 76.25 76.77 76.51
All parses 74.63 75.33 74.98

weightedprecisionand recall measures,although
thereis anoptionfor associatingweightswith com-
pleteparsesin the distributedsoftwareimplement-
ing the PARSEVAL scheme(Harrisonet al., 1991)
for evaluatingparseraccuracy with respectto phrase
structurebracketings.Theweightedmeasuresmake
sensefor applicationtasksthatcandealwith setsof
mutually-inconsistent GRs.

In this initial experiment, precision and recall
whenextractingweightedGRsfrom all parseswere
both one and a half percentagepoints lower than
when GRs were extracted from just the highest
ranked analysis(see table 1)5. This decreasein
accuracy might be expected,though,given that a
true positive GR may be returnedwith weight less
thanone,andsowill not receive full creditfrom the
weightedprecisionandrecallmeasures.

However, theseresultsonly tell partof thestory.
An applicationusinggrammaticalrelationanalyses
might be interestedonly in GRs that the parseris
fairly confidentof beingcorrect.For instance,in un-
supervisedacquisitionof lexical information(such
assubcategorisationframesfor verbs)from text, the
usualmethodologyis to (partially) analysethetext,
retainingonly reliable hypotheseswhich are then
filtered basedon the amountof evidencefor them
over the corpusas a whole. Thus, Brent (1993)
only createshypotheseson the basisof instances
of verbframesthatarereliably andunambiguously
cuedby closedclassitems (suchas pronouns)so
therecanbenootherattachmentpossibilities.In re-
centwork onunsupervisedlearningof prepositional
phrasedisambiguation,PantelandLin (2000)derive
traininginstancesonly from relevantdataappearing
in syntacticcontexts thatareguaranteedto beunam-
biguous.In oursystem,theweightsonGRsindicate
how certaintheparseris of theassociatedrelations
being correct. We thereforeinvestigatedwhether
morehighly weightedGRsare in fact more likely

5Ignoringtheweightson GRs,standard(unweighted)eval-
uation results for all parsesare: precision 36.65%, recall
89.42%andF-score51.99.



1.0 aux( , continue,will) 0.4490 iobj(on,place,tax-payers)
1.0 detmod(, burden,a) 0.3276 ncmod(on,burden,tax-payers)
1.0 dobj(do,this, ) 0.2138 ncmod(on,place,tax-payers)
1.0 dobj(place,burden, ) 0.0250 xmod(to,continue,place)
1.0 ncmod(, burden,disproportionate) 0.0242 ncmod(, Fulton,tax-payers)
1.0 ncsubj(continue,Failure, ) 0.0086 obj2(place,tax-payers)
1.0 ncsubj(place,Failure, ) 0.0086 ncmod(on,burden,Fulton)
1.0 xcomp(to,Failure,do) 0.0020 mod( , continue,place)

0.9730 clausal(continue,place) 0.0010 ncmod(on,continue,tax-payers)
0.9673 ncmod(, tax-payers,Fulton)

Figure1: WeightedGRsfor thesentenceFailure to do thiswill continueto placea disproportionateburden
on Fulton taxpayers.
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Figure2: WeightedGR accuracy asthethresholdis
varied.

to becorrectthanoneswith lower weights.We did
this by settinga thresholdon the output,suchthat
any GR with weightlower thanthethresholdis dis-
carded.

Figure 2 plots weightedrecall and precisionas
the thresholdis varied betweenzero and one The
resultsareintriguing. Precisionincreasesmonoton-
ically from 74.6%at a thresholdof zero(the situ-
ation asin the previous experimentwhereall GRs
extractedfrom all parsesin the forestarereturned)
to 90.4%at a thresholdof one. (The latter thresh-
old hasthe effect of allowing only thoseGRsthat
form part of every singleanalysisto be returned).
The influenceof the thresholdon recall is equally
dramatic,althoughsincewe have not escapedthe
usualtrade-off with precisionthe resultsaresome-
what lesspositive. Recall decreasesfrom 75.3%
to 45.2%, initially rising slightly, then falling at a

graduallyincreasingrate. Betweenthresholds0.99
and1.0 thereis only a two percentagepoint differ-
encein precision,but recall differsby almostfour-
teenpercentagepoints6. Over the whole range,as
thethresholdis increasedfrom zero,precisionrises
fasterthan recall falls until the thresholdreaches
0.65; herethe F-scoreattainsits overall maximum
of 77.

It turnsout that the eventualfigure of over 90%
precisionis not dueto ‘easier’ relationtypes(such
as the dependency betweena determinerand a
noun) being returnedand more difficult ones(for
exampleclausalcomplements)beingignored. The
majority of relation types are producedwith fre-
quency consistentwith the overall 45% recall fig-
ure. Exceptionsarearg mod(encodingtheEnglish
passive ‘by-phrase’)and iobj (indirect object), for
which no GRsat all areproduced.The reasonfor
this is that both types of relation originate from
anoccurrenceof a prepositionalphrasein contexts
whereit couldbeeitheramodifieror acomplement
of apredicate.Thispervasive ambiguitymeansthat
therewill alwaysbedisagreementbetweenanalyses
over the relationtype (but not necessarilyover the
identity of theheadanddependentthemselves).

3.2 Parse Unpacking

SchmidandRooth’s algorithmcomputesexpected
governorsefficiently by using dynamic program-
ming and processingthe entire parseforest rather
than individual trees. In contrast,we unpackthe
whole parseforest and thenextract weightedGRs
from eachtree individually. Our implementation
is certainly lesselegant, but in practicaltermsfor

6Roughly, eachpercentagepoint increaseor decreasein
precisionandrecall is statisticallysignificantat the95%level.
In thisandall significancetestsin thispaperweuseaone-tailed
pairedt-test(with 499degreesof freedom).



sentenceswheretherearerelatively smallnumbers
of parsesthe speedis still acceptable. However,
throughputgoes down linearly with the number
of parses,and when thereare many thousandsof
parses—andparticularlyalsowhenthe sentenceis
long andso eachtreeis large—theparsingsystem
becomesunacceptablyslow.

Onepossibilityto improve thesituationwouldbe
to extractGRsdirectly from forests.At first glance
this looks a possibility: althoughour parseforests
areproducedby a probabilisticLR parserusing a
unification-basedgrammar, they aresimilar in con-
tent to thosecomputedby a probabilisticcontext-
free grammar, asassumedby SchmidandRooth’s
algorithm. However, thereareproblems.If the test
for beingableto packlocalambiguitiesin theunifi-
cationgrammarparseforestis featurestructuresub-
sumption,unpackinga parseapparentlyencodedin
theforestcanfail dueto non-localinconsistency in
featurevalues(OepenandCarroll,2000)7, soevery
governortuplehypothesiswouldhaveto bechecked
to ensurethat the parseit camefrom wasglobally
valid. It is likely that this verification stepwould
cancelout theefficiency gainedfrom usinganalgo-
rithm basedon dynamicprogramming.This prob-
lem could be side-stepped(but at the cost of less
compactparseforests)by insteadtestingfor feature
structureequivalenceratherthan subsumption.A
second,moreseriousproblemis thatsomeof ourre-
lationtypesencodemoreinformationthanispresent
in a singlegovernor tuple (the non-clausalsubject
relation,for instance,encodingwhetherthesurface
subjectis the ‘deep’ object in a passive construc-
tion); this informationcanagainbe lesslocal and
violatetheconditionsrequiredfor thedynamicpro-
grammingapproach.

Anotherpossibilityis to computeonly the � high-
est ranked parsesand extract weightedGRs from
just those.Thebasiccasewhere��0�\ is equivalent
to the standardapproachof computingGRs from
thehighestprobabilityparse.Table2 shows theef-
fectonaccuracy as � is increasedin stagesto \ ����� ,
usingathresholdfor GRextractionof \ ; alsoshown
is theprevioussetup(labelled‘unlimited’) in which
all parsesin the forestareconsidered.8 (All differ-
encesin precisionin the tablearesignificantto at
leastthe95%level,exceptbetween\ ����� parsesand

7The forestthereforealso‘leaks’ probability masssinceit
containsderivationsthatarein factnot legal.

8At ����������� parses,the (unlabelled)weightedprecision
of head-dependentpairsis 91.0%.

Table2: WeightedGR accuracy usinga threshold
of 1, with respectto the maximum number of
rankedparsesconsidered.

Maximum Precision Recall F-score
Parses (%) (%)

1 76.25 76.77 76.51
2 80.15 73.30 76.57
5 84.94 67.03 74.93

10 86.73 62.47 72.63
100 89.59 51.45 65.36

1000 90.24 46.08 61.00
unlimited 90.40 45.21 60.27

anunlimitednumber).Theresultsdemonstratethat
limiting processingto a relatively small,fixednum-
ber of parses—even as low as100—comeswithin
a small margin of the accuracy achieved usingthe
full parseforest. Theseresultsarestriking, in view
of thefact that thegrammarassignsmorethan

�����
parsesto over a third of the sentencesin the test
corpus,andmorethanathousandparsesto afifth of
them.Anotherinterestingobservationis thatthere-
lationshipbetweenprecisionandrecallis veryclose
to that seenwhenthe thresholdis varied(asin the
previoussection);thereappearsto beno lossin re-
call at a given level of precision.We thereforefeel
confidentin unpackinga limited numberof parses
from the forestandextractingweightedGRsfrom
them, ratherthan trying to processall parses.We
havetentatively setthelimit to be \ ����� , asareason-
ablecompromisein oursystembetweenthroughput
andaccuracy.

3.3 Parse Weighting

The way in which the GR weightingis carriedout
doesnot matterwhentheweight thresholdis equal
to 1 (sincethenonly GRsthatarepartof everyanal-
ysisarereturned,eachwith aweightof one).How-
ever, we wantedto seewhethertheprecisemethod
for assigningweightsto GRshasaneffect on accu-
racy, andif so,to whatextent.Wethereforetriedan
alternative approachwhereeachGRreceivesacon-
tribution of 1 from every parse,no matterwhat the
probabilityof theparseis, normalisingin this case
by the numberof parsesconsidered.This tendsto
increasethenumbersof GRsreturnedfor any given
threshold,sowhencomparingthetwo methodswe
foundthresholdssuchthateachmethodobtainedthe
sameprecisionfigure(of roughly83.38%).Wethen
comparedtherecallfigures(seetable3). Therecall



Table3: Accuracy at thesamelevel of precisionus-
ing differentweightingmethods,with a 1000-parse
treelimit.

Weighting Precision Recall F-score
Method (%) (%)

Probabilistic(at 88.38 59.19 70.90
threshold0.99)

Equally(at 88.39 55.17 67.94
threshold0.768)

for theprobabilisticweightingschemeis 4%higher
(statisticallysignificantat the99.95%level).

3.4 Maximal Consistent Relation Sets
It is interestingto seewhat happensif we com-
putefor eachsentencethemaximalconsistentsetof
weightedGRs.(Wemightwantto dothisif wewant
completeandcoherentsentenceanalyses,interpret-
ing the weightsas confidencemeasuresover sub-
analysissegments).We usea ‘greedy’ algorithmto
computeconsistentrelationsets,takingGRssorted
in orderof decreasingweight andaddinga GR to
the set if andonly if thereis not alreadya GR in
the set with the samedependent. (But note that
the correctanalysismay in fact containmorethan
oneGR with the samedependent,suchas the nc-
subj ... Failure GRsin Figure1, andin thesecases
this methodwill introduceerrors). The weighted
precision,recall and F-scoreat thresholdzero are
79.31%,73.56%and76.33respectively. Precision
andF-scorearesignificantlybetter(at the 95.95%
level) thanthebaseline.

3.5 Parser Bootstrapping
Oneof our primaryresearchgoalsis to exploreun-
supervisedacquisitionof lexical knowledge. The
parserwe use in this work is ‘semi-lexicalised’,
using subcategorisationprobabilitiesfor verbsac-
quiredautomaticallyfrom (unlexicalised)parses.In
thefutureweintendto acquireothertypesof lexico-
statisticalinformation (for exampleon PP attach-
ment)whichwewill feedbackinto theparser’s dis-
ambiguationprocedure,bootstrappingsuccessively
moreaccurateversionsof theparsingsystem.There
is still plenty of scopefor improvement in accu-
racy, since comparedwith the numberof correct
GRs in top-ranked parsesthereare roughly a fur-
ther20%thatarecorrectbut presentonly in lower-
ranked parses. Thereappearsto be lessroom for
improvementwith argumentrelations(ncsubj, dobj

etc.) thanwith modifier relations(ncmodandsim-
ilar). This indicatesthatour next efforts shouldbe
directedto collectinginformationon modification.

4 Discussion and Further Work
Wehave extendedashallow parsingsystemfor En-
glish that returnsanalysesin the form of setsof
grammaticalrelations,presentingan investigation
into theextractionof weightedrelationsfrom prob-
abilistic parses.We observed that settinga thresh-
old on theoutputsuchthatany relationwith weight
lower thanthethresholdis discardedallowsatrade-
off to be madebetweenrecall and precision,and
found that by settingthe thresholdat 1 the preci-
sion of the systemwasboosteddramatically, from
a baselineof 75% to over 90%. With this setting,
the systemreturnsonly relationsthat form part of
all analyseslicensedby the grammar: the system
canhavenogreatercertaintythattheserelationsare
correct,giventheknowledgethatis availableto it.

Although we believe this techniqueto be well
suitedto probabilisticparsers,it could alsopoten-
tially benefit any parsing systemthat can repre-
sent ambiguity and return analysesthat are com-
posedof a collection of elementaryunits. Such
a systemneednot necessarilybe statistical,since
parseprobabilitiesmake nodifferencewhencheck-
ing that a given sub-analysissegment forms part
of all possibleglobal analyses.Moreover, a non-
statisticalparsingsystemcould use the the tech-
nique to constructa reliable annotatedcorpusau-
tomatically, which it couldthenbetrainedon.

Acknowledgements
We are grateful to Mats Rooth for early discus-
sionsabouthis expectedgovernorlabelwork. This
researchwas supportedby UK EPSRCprojects
GR/N36462/93‘RobustAccurateStatisticalParsing
(RASP)’ and by EU FP5 project IST-2001-34460
‘MEANING: Developing Multilingual Web-scale
LanguageTechnologies’.

References
Aı̈t-Mokhtar, S.andJ-P. Chanod(1997)Subjectandob-

jectdependency extractionusingfinite-statetransduc-
ers. In Proceedingsof the ACL/EACL’97 Workshop
on AutomaticInformationExtractionandBuilding of
Lexical SemanticResources, 71–77.Madrid,Spain.

Argamon,S., I. Daganand Y. Krymolowski (1998) A
memory-basedapproachto learningshallow natural
languagepatterns. In Proceedingsof the 36th An-
nual Meeting of the Associationfor Computational
Linguistics, 67–73.Montreal.



Blaheta,D. andE. Charniak(2000)Assigningfunction
tagsto parsedtext. In Proceedingsof the 1st Con-
ferenceof the North AmericanChapterof the ACL,
234–240.Seattle,WA.

Bouma, G., G. van Noord and R. Malouf (2001)
Alpino: wide-coverage computationalanalysis of
Dutch. ComputationalLinguisticsin theNetherlands
2000.SelectedPapers fromthe11thCLIN Meeting.

Brants,T., W. SkutandB. Krenn(1997)Tagginggram-
maticalfunctions. In Proceedingsof the2ndConfer-
enceonEmpiricalMethodsin Natural LanguagePro-
cessing, 64–74.Providence,RI.

Brent, M. (1993) From grammarto lexicon: unsuper-
visedlearningof lexical syntax. ComputationalLin-
guistics, 19(3),243–262.

Briscoe,E. and J. Carroll (1997) Automatic extraction
of subcategorizationfrom corpora.In Proceedingsof
the5thACLConferenceonAppliedNatural Language
Processing, 356–363.Washington,DC.

Buchholz,S.,J.VeenstraandW. Daelemans(1999)Cas-
cadedgrammaticalrelationassignment.In Proceed-
ings of the Joint SIGDAT Conferenceon Empirical
Methodsin Natural Language Processingand Very
Large Corpora, CollegePark,MD. 239–246.

Carroll, J., E. BriscoeandA. Sanfilippo(1998) Parser
evaluation:a survey anda new proposal.In Proceed-
ingsof the1stInternationalConferenceon Language
ResourcesandEvaluation, 447–454.Granada,Spain.

Carroll, J., G. Minnen andE. Briscoe(1998)Cansub-
categorisationprobabilitieshelp a statisticalparser?.
In Proceedingsof the6th ACL/SIGDAT Workshopon
Very LargeCorpora. Montreal,Canada.

Clark,S.andD. Weir (2001)Class-basedprobabilityes-
timation usinga semantichierarchy. In Proceedings
of the2ndConferenceof theNorthAmericanChapter
of theACL. Pittsburgh,PA.

Collins, M. (1999) Head-drivenstatistical modelsfor
natural language parsing. PhD thesis,University of
Pennsylvania.

Grefenstette,G. (1997) SQLET: Short query linguistic
expansiontechniques,palliatingone-word queriesby
providing intermediatestructureto text. In Proceed-
ingsof theRIAO’97, 500–509.Montreal,Canada.

Grefenstette,G. (1998)Light parsingasfinite-statefilter-
ing. In A. Kornai(Eds.),ExtendedFinite StateModels
of Language. CambridgeUniversityPress.

Harrison, P., S. Abney, E. Black, D. Flickinger, C.
Gdaniec,R. Grishman,D. Hindle,B. Ingria,M. Mar-
cus, B. Santorini, & T. Strzalkowski (1991) Evalu-
ating syntaxperformanceof parser/grammarsof En-
glish. In Proceedingsof the ACL’91 Workshopon
Evaluating Natural Language ProcessingSystems,
71–78.Berkeley, CA.

Karlsson,F., A. Voutilainen,J. Heikkilä andA. Anttila
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