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Abstract

A parsingsystemreturninganalysesn the form of
setsof grammaticalrelationscan obtain high pre-
cision if it hypothesises particularrelation only
whenit is certainthat the relationis correct. We
operationalisehis technique—ira statisticalparser
using a manually-deeloped wide-coreragegram-
mar of English—by only returning relations that
form part of all analysedicensedby the grammar
We obsere an increasein precisionfrom 75% to
over 90% (at the costof areductionin recall)on a
testcorpusof naturally-occurringext.

1 Introduction!

Head-dependentelationships (possibly labelled
with arelationtype) have beenadvocatedasa use-
ful level of representatiorfor grammaticalstruc-
ture in a numberof differentlarge-scaldanguage-
processingasks. For instance,in recentwork on
statisticaltreebankgrammarparsing(e.g. Collins,
1999) high levels of accurag have beenreached
using lexicalised probabilistic models over head-
dependentuples. Bouma, van Noord and Mal-
ouf (2001)createdependenctreebanksemi-auto-
maticallyin orderto inducedependengchbasedsta-
tistical models for parseselection. Lin (1998),
Srinivas (2000) and othershave evaluatedthe ac-
curag of both phrasestructure-basednd depen-
deny parsersby matching head-dependenela-
tions against'gold standard’relations,ratherthan
matching (labelled) phrase structure bracletings.
Researclon unsupervise@cquisitionof lexical in-
formationfrom corpora,suchasargumentstructure
of predicategBriscoeandCarroll, 1997;McCarthy
2000),word classedor disambiguation(Clark and
Weir, 2001),andcollocations(Lin 1999),hasused
grammaticalrelation/head/deperd tuples. Such

1A previous version of this paper was presentedat
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tuplesalsoconstitutea corvenientintermediataep-
resentatiorin applicationssuchasinformation ex-
traction(Palmeretal., 1993;Yeh,2000),anddocu-
mentretrieval onthe Web (Grefenstette]1997).

A varietyof differentapproachebave beentaken
for robust extractionof relation/head/depelert tu-
ples, or grammaticalrelations from unrestricted
text. Dependeng parsingis a natural technique
to use,andtherehasbeensomework in that area
on rohust analysisand disambiguation(e.g. Laf-
ferty, SleatorandTemperlg, 1992;Srinivas,2000).
Finite-stateapproachege.g. Karlssonet al., 1995;
Ait-MokhtarandChanod1997;Grefenstette1 998)
have usedhand-codedransducerso recognisdin-
ear configurationsof words and part of speecha-
bels associatedwith, for example, subject/object-
verb relationships.An intermediatestepmay beto
marknominal,verbaletc.‘chunks’in thetext andto
identify the headword of eachof the chunks. Sta-
tistical finite-stateapproachesave alsobeenused:
Brants, Skut and Krenn (1997) train a cascadeof
Hidden Markov Models to tag words with their
grammaticafunctions.Approachedbasedn mem-
ory basedlearning have also usedchunking as a
first stage beforeassigninggrammaticatelationla-
belsto headsof chunks(Argamon,DaganandKry-
molowski, 1998; Buchholz, Veenstraand Daele-
mans,1999). Blahetaand Charniak(2000)assume
a richer input representatiortonsistingof labelled
treesproducedby a treebankgrammarparser and
usethe treebankagainto train a further procedure
that assignsgrammaticalfunction tagsto syntac-
tic constituentsn the trees. Alternatively, a hand-
written grammarcan be usedthat producesshal-
low’ and perhapspartial phrasestructureanalyses
fromwhichgrammaticatelationsareextracted(e.g.
Carroll, MinnenandBriscoe,1998;Lin, 1998).

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



parsetreesproducedby a probabilisticcontext-free
grammar A governorlabel (implicitly) encodesa
grammaticalrelation type (suchas subjector ob-
ject) anda governinglexical head. The labelsare
expectedin the sensethat eachis weightedby the
sumof the probabilitiesof the treesgiving rise to
it, and are computedefficiently by processinghe
entireparseforestratherthanindividual trees. The
setof terminal/relation/geeming-head tupleswill
not typically constitutea globally coherentanaly-
sis, but maybe usefulfor interfacingto applications
that primarily accumulatefragmentsof grammati-
cal information from text (suchasfor instancein-
formationextraction,or systemghatacquirelexical
datafrom corpora). The approachis not so suit-
ablefor applicationghatneedto interpretcomplete
andconsistensentencetructuregsuchastheanal-
ysis phaseof transferbasedmachinetranslation).
SchmidandRoothhave implementedhealgorithm
for parsingwith a lexicalisedprobabilisticcontext-
free grammarof Englishandappliedit in anopen
domainquestionansweringsystem put they do not
give ary practicalresultsor anevaluation.

In the paperwe investigateempirically Schmid
andRooths proposalsusingawide-coreragepars-
ing systemappliedto a test corpusof naturally-
occurringtext, extendit with variousthresholding
techniquesandobsenre the trade-of betweenpre-
cisionandrecallin grammaticarelationsreturned.
Using the most conserative thresholdresultsin a
parserthat returnsonly grammaticalrelationsthat
form partof all analysedicensedby the grammar
In this case,precisionrisesto over 90%, as com-
paredwith a baselineof 75%.

2 TheAnalysis System

In this investigationwe extend a statisticalshallav
parsingsystemfor Englishdevelopedoriginally by
Carroll, Minnen and Briscoe (1998). Briefly, the
systemworks asfollows: input text is labelledwith
part-of-speech(PoS) tags by a tagger and these
areparsedusinga wide-coverageunification-based
‘phrasal’ grammarof EnglishPoStagsandpunctu-
ation. For disambiguationthe parserusesa prob-
abilistic LR model derived from parsetree struc-
turesin atreebankaugmentedvith a setof lexical
entriesfor verbs,acquiredautomaticallyfrom a 10
million word sampleof the British NationalCorpus
(Leech, 1992), eachentry containingsubcatgori-
sationframeinformation and an associategroba-
bility. The parseris therefore'semi-lexicalised’ in

thatverbalamgumentstructureis disambiguatedex-
ically, but the restof the disambiguationis purely
structural.

The coverageof the grammar—the proportionof
sentencefor which at leastonecompletespanning
analysisis found—isaround80% whenappliedto
the SUSANNE corpus(Sampson1995).In addition,
the systemis able to perform parsefailure recor-
ery, finding the highestscoringsequencef phrasal
fragmentg(following the approactof Kiefer et al.,
1999),andthe systemhasproducedat leastpartial
analysedor over98%of thesentencem thewritten
partof the British NationalCorpus.

The parsingsystemreadsoff grammaticalrela-
tion tuples(GRs)from the constituenstructuretree
thatis returnedfrom the disambiguatiorphase.In-
formation is usedaboutwhich grammarrules in-
troducesubjects complementsand modifiers,and
which daughter(s)s/arethe head(s) andwhich the
dependentdn Carrolletal.’s evaluationthe system
achieres GR accurag that is comparableto pub-
lishedresultsfor othersystems:extractionof non-
clausalsubjectrelationswith 83% precision,com-
paredwith Grefenstettes' (1998)figure of 80%;and
overall F-scoré of unlabellechead-dependepiirs
of 80%,asopposedo Lin’s (1998)83% andSrini-
vass (2000) 84% (this with respectonly to binary
relations,and omitting the analysisof controlrela-
tionships). Blahetaand Charniak(2000) reportan
F-scoreof 87% for assigninggrammaticafunction
tagsto constituentshut the task,andthereforethe
scoringmethod,is ratherdifferent.

For the work reportedin this paperwe have ex-
tendedCarroll et al.’s basicsystem,implementing
a versionof Schmidand Rooths expectedgover-
nor technique(seesectionl above) but adaptedor
unification-basedgrammarand GR-basednalyses.
Eachsentencés analysedisa setof weightedGRs
wherethe weight associatedvith eachgrammati-
cal relationis computedas the sum of the proba-
bilities of the parseghatrelationwasderived from,
divided by the sumof the probabilitiesof all parses.
So,if we assuméhatSchmidandRooths example
sentencdeter readsevery paperon markuphas?2
parsespnewhereon markupattacheso thepreced-
ing noun having overall probability 0.007 andthe
otherwhereit hasverbalattachmentith probabil-
ity 0.003, thensomeof theweightedGRswould be

2We use the F; measuredefinedas 2 x precision x
recall /(precision + recall).
30ur calculation basedn table2 of Lin (1998).



1.0 ncsubj(readsPeter.)
0.7 ncmod(onpaper markup)
0.3 ncmod(onyeadsmarkup)

Figure 1 containsa more extendedexample of a
weightedGR analysisfor a shortsentencérom the
SUSANNE corpus,andalsogivesaflavour of there-
lationtypesthatthesystenreturns.TheGR scheme
is decribedin detail by Carroll, Briscoeand Sanfil-
ippo (1998).

3 Empirical Results
3.1 Weight Thresholding

Ouir first experimentcomparedhe accurag of the
parsemwhenextractingGRsfrom thehighestranked
analysis(the standardprobabilistic parsing setup)
againstextractingweightedGRsfrom all parsesn

the forest. To measureaccurag we usethe pre-
cision, recall and F-scoremeasure®f parserGRs
againstgold standardGR annotationsn a 10,000-
word test corpusof in-coveragesentenceslerived
from the SUSANNE corpusandcovering a rangeof

written genre$. GRsarein generalcomparedus-
ing anequalitytest,exceptthatin a specific limited

numberof caseqdescribedy Carroll, Minnenand
Briscoe,1998)the parseris allowedto returnmore
genericrelationtypes.

Whena parserGR hasa weightof lessthanone,
we proportionally discountits contritution to the
precisionand recall scores. Thus, given a setT'
of GRs with associatedveights producedby the
parseri.e.

T = {(wi,t;)|w;is the weight associated
with GR ¢;, where 0 < w; < 1}

andasetS of gold-standarqunweighted) GRs,we
computethe weightedmatchbetweenS andtheel-
ementof T as

Z w; 6(t; € S)

(’wi,ti)ET

m =

whered(z) = 1 if z is trueand0 otherwise. The
weightedprecisionandrecallarethen

m m
and

Z(’wi,ti)ET w; ‘S|

respectrely, expressedas percentages. We are
not aware of ary previous publishedwork using

4At http://www.cogs.susx.ac.uk/lab/nip/carroll/ged.html.

Table 1: GR accurag comparingextraction from
justthehighest-rankd parsecomparedo weighted
GR extractionfrom all parses.

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

Bestparse
All parses

weighted precisionand recall measuresalthough
thereis anoptionfor associatingveightswith com-

pleteparsedn the distributed software implement-
ing the PARSEVAL scheme(Harrisonet al., 1991)
for evaluatingparselaccurag with respecto phrase
structurebracletings. Theweightedmeasuremale

sensdor applicationtasksthatcandealwith setsof

mutually-inconsistenGRs.

In this initial experiment, precisionand recall
whenextractingweightedGRsfrom all parsesere
both one and a half percentagepoints lower than
when GRs were extracted from just the highest
ranked analysis(seetable 1)°. This decreasen
accurag might be expected,though, given that a
true positve GR may be returnedwith weightless
thanone,andsowill notreceve full creditfrom the
weightedprecisionandrecallmeasures.

However, theseresultsonly tell part of the story
An applicationusinggrammaticarelationanalyses
might be interestedonly in GRsthat the parseris
fairly confidentof beingcorrect.Forinstancein un-
supervisedacquisitionof lexical information(such
assubcatgorisationframesfor verbs)from text, the
usualmethodologyis to (partially) analysethe text,
retaining only reliable hypothesesvhich are then
filtered basedon the amountof evidencefor them
over the corpusas a whole. Thus, Brent (1993)
only createshypothesesn the basisof instances
of verbframesthatarereliably andunambiguously
cuedby closedclassitems (suchas pronouns)so
therecanbeno otherattachmenpossibilities.In re-
centwork onunsupervisetkarningof prepositional
phrasalisambiguationPantelandLin (2000)derive
traininginstance®nly from relevantdataappearing
in syntacticcontexts thatareguaranteetb beunam-
biguous.In oursystemtheweightson GRsindicate
how certainthe parseris of the associatedelations
being correct. We thereforeinvestigatedwhether
more highly weightedGRs arein fact morelikely

SIgnoringthe weightson GRs,standardunweighted)eval-
uation results for all parsesare: precision 36.65%, recall
89.42%andF-score51.99.



1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
0.9730
0.9673

aux(, continue will)

detmod(, burden,a)

dobj(do,this, )
dobj(placepurden,.)

ncmod(, burden,disproportionate)
ncsubj(continuekailure, )
ncsubj(placekailure, )
xcomp(to,Failure,do)
clausal(continugplace)

ncmod(, tax-payersFulton)

0.4490
0.3276
0.2138
0.0250
0.0242
0.0086
0.0086
0.0020
0.0010

iobj(on, place tax-payers)
ncmod(on purden tax-payers)
ncmod(onplace tax-payers)
xmod(to,continue place)
ncmod(, Fulton,tax-payers)
obj2(placetax-payers)
ncmod(onpurden,Fulton)
mod(, continue place)
ncmod(oncontinue tax-payers)

Figurel: WeightedGRsfor thesentencé-ailure to do thiswill continueto placea disproportionateburden

on Fulton taxpayes.
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Figure2: WeightedGR accurag asthethresholds
varied.

50

to be correctthanoneswith lower weights. We did
this by settinga thresholdon the output, suchthat
ary GRwith weightlower thanthethresholds dis-
carded.

Figure 2 plots weightedrecall and precisionas
the thresholdis varied betweenzero and one The
resultsareintriguing. Precisionincreasesnonoton-
ically from 74.6%at a thresholdof zero (the situ-
ation asin the previous experimentwhereall GRs
extractedfrom all parsedn the forestarereturned)
to 90.4%at a thresholdof one. (The latter thresh-
old hasthe effect of allowing only thoseGRsthat
form part of every single analysisto be returned).
The influenceof the thresholdon recall is equally
dramatic,althoughsincewe have not escapedhe
usualtrade-of with precisionthe resultsaresome-
what less positve. Recall decreasesrom 75.3%
to 45.2%, initially rising slightly, thenfalling at a

graduallyincreasingrate. Betweenthreshold<.99
and1.0thereis only atwo percentaggoint differ-
encein precision,but recall differs by almostfour-
teenpercentaggoint$. Over the whole range,as
thethresholds increasedrom 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 dependengc betweena determinerand a
noun) being returnedand more difficult ones(for
exampleclausalcomplementspeingignored. The
majority of relation types are producedwith fre-
queng consistentwith the overall 45% recall fig-
ure. Exceptionsarearg-mod(encodingthe English
passie ‘by-phrase’)andiobj (indirect object), for
which no GRsat all are produced. The reasonfor
this is that both types of relation originate from
anoccurrenceof a prepositionaphrasen contets
whereit couldbeeitheramodifieror acomplement
of apredicate.This penasive ambiguitymeanghat
therewill alwaysbedisagreemertietweeranalyses
over the relationtype (but not necessarilyover the
identity of theheadanddependenthemseles).

3.2 ParseUnpacking

Schmidand Rooths algorithm computesexpected
governorsefficiently by using dynamic program-
ming and processinghe entire parseforest rather
than individual trees. In contrast,we unpackthe

whole parseforestand then extract weightedGRs
from eachtree individually. Our implementation
is certainly lesselegant, but in practicaltermsfor

5Roughly each percentagepoint increaseor decreasdn
precisionandrecallis statisticallysignificantat the 95%level.
In thisandall significanceestsin this papemwe useaone-tailed
pairedt-test(with 499degreesof freedom).



sentencesvheretherearerelatively smallnumbers
of parsesthe speedis still acceptable. However,
throughputgoes down linearly with the number
of parses,andwhen thereare mary thousandsof
parses—angbarticularly alsowhenthe sentenceas
long and so eachtreeis large—theparsingsystem
becomesinacceptablglow.

Onepossibilityto improve the situationwould be
to extract GRsdirectly from forests.At first glance
this looks a possibility: althoughour parseforests
are producedby a probabilisticLR parserusinga
unification-base@rammaythey aresimilarin con-
tentto thosecomputedby a probabilistic context-
free grammay asassumedy Schmidand Rooth’s
algorithm. However, thereareproblems.If thetest
for beingableto packlocal ambiguitiesin the unifi-
cationgrammarparseorestis featurestructuresub-
sumption,unpackinga parseapparentlyencodedn
theforestcanfail dueto non-localinconsisteng in
featurevalues(OepenandCarroll, 2000, soevery
governortuplehypothesisvould have to bechecled
to ensurethatthe parseit camefrom wasglobally
valid. It is likely that this verification stepwould
cancelouttheefficiencgy gainedfrom usinganalgo-
rithm basedon dynamicprogramming. This prob-
lem could be side-steppedbut at the cost of less
compaciparseforests)by insteadestingfor feature
structureequivalenceratherthan subsumption. A
secondmoreseriougproblemis thatsomeof ourre-
lationtypesencodamoreinformationthanis present
in a single governortuple (the non-clausakubject
relation,for instance gncodingwhetherthe surface
subjectis the ‘deep’ objectin a passie construc-
tion); this information can againbe lesslocal and
violatethe conditionsrequiredfor the dynamicpro-
grammingapproach.

Anotherpossibilityis to computeonly then high-
estranked parsesand extract weighted GRs from
justthose.Thebasiccasewheren = 1 is equivalent
to the standardapproachof computingGRs from
the highestprobability parse.Table2 shaws the ef-
fectonaccurag asn is increasedn stagedo 1000,
usingathresholdor GR extractionof 1; alsoshavn
is the previoussetup(labelled'unlimited’) in which
all parsedn the forestareconsidered. (All differ-
encesin precisionin the table are significantto at
leastthe 95%level, exceptbetweenl 000 parsesand

"The forestthereforealso ‘leaks’ probability masssinceit
containsderivationsthatarein factnotlegal.

8At n = 1000 parsesthe (unlabelled)weightedprecision
of head-dependemiirsis 91.0%.

Table 2: WeightedGR accurag using a threshold
of 1, with respectto the maximum number of
ranked parsesonsidered.

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

1 76.25 76.77 76.51

2 80.15 73.30 76.57

5 8494 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).Theresultsdemonstrat¢hat
limiting processingo arelatively small,fixednum-
ber of parses—een aslow as 100—comeswithin
a small magin of the accurag achieved usingthe
full parseforest. Theseresultsarestriking, in view
of thefactthatthe grammarassignanorethan300
parsesto over a third of the sentencesn the test
corpus,andmorethanathousangarsego afifth of
them.Anotherinterestingobsenationis thatthere-
lationshipbetweerprecisionandrecallis very close
to that seenwhenthe thresholdis varied (asin the
previous section);thereappeargo benolossin re-
call at a givenlevel of precision. We thereforefeel
confidentin unpackinga limited numberof parses
from the forestand extractingweightedGRsfrom
them, ratherthantrying to processall parses. We
have tentatvely setthelimit to be1000, asareason-
ablecompromisén our systembetweerthroughput
andaccurag.

3.3 ParseWeighting

Theway in which the GR weightingis carriedout
doesnot matterwhenthe weightthresholdis equal
to 1 (sincethenonly GRsthatarepartof every anal-
ysisarereturned eachwith aweightof one). How-

ever, we wantedto seewhetherthe precisemethod
for assigningveightsto GRshasan effect on accu-
ragy, andif so,to whatextent. We thereforetried an
alternatve approaclwhereeachGR recevesacon-
tribution of 1 from every parse no matterwhatthe
probability of the parseis, normalisingin this case
by the numberof parsesconsidered.This tendsto

increaséhe numbersof GRsreturnedfor ary given
threshold sowhencomparingthe two methodswe
foundthresholdsuchthateachmethodobtainedhe
sameprecisionfigure (of roughly83.38%).Wethen
comparedherecallfigures(seetable3). Therecall



Table3: Accurag atthesameevel of precisionus-
ing differentweightingmethodswith a 1000-parse
treelimit.

Weighting Precision Recall F-score
Method (%) (%)
Probabilistic(at 88.38 59.19 70.90
threshold).99)
Equally (at 88.39 55.17 67.94
threshold).768)

for the probabilisticweightingschemas 4% higher
(statisticallysignificantatthe 99.95%level).

3.4 Maximal Consistent Relation Sets

It is interestingto seewhat happensif we com-
putefor eachsentencéhe maximalconsistensetof
weightedGRs. (We mightwantto dothisif wewant
completeandcoherensentencenalysesinterpret-
ing the weightsas confidencemeasurever sub-
analysissegments).We usea ‘greedy’ algorithmto
computeconsistentelationsets,taking GRssorted
in orderof decreasingveight and addinga GR to
the setif andonly if thereis not alreadya GR in
the set with the samedependent. (But note that
the correctanalysismay in fact containmorethan
one GR with the samedependentsuchasthe nc-
subj... Failure GRsin Figurel, andin thesecases
this methodwill introduceerrors). The weighted
precision,recall and F-scoreat thresholdzero are
79.31%,73.56%and 76.33respectiely. Precision
and F-scoreare significantly better (at the 95.95%
level) thanthebaseline.

3.5 Parser Bootstrapping

Oneof our primary researchyoalsis to explore un-
supervisedacquisitionof lexical knovledge. The
parserwe use in this work is ‘semi-lexicalised’,
using subcatgorisation probabilitiesfor verbsac-
guiredautomaticallyfrom (unlexicalised)parsesin
thefuturewe intendto acquireothertypesof lexico-
statisticalinformation (for example on PP attach-
ment)whichwe will feedbackinto theparsers dis-
ambiguationprocedurepootstrappinguccessiely
moreaccurate/ersionof theparsingsystem.There
is still plenty of scopefor improvementin accu-
rag/, since comparedwith the numberof correct
GRsin top-ranlked parsesthereare roughly a fur-
ther20%thatarecorrectbut presenonly in lower
ranked parses. Thereappeargo be lessroom for
improvementwith argumentrelations(ncsubj dobj

etc.) thanwith modifier relations(ncmodand sim-
ilar). This indicatesthat our next efforts shouldbe
directedto collectinginformationon modification.

4 Discussion and Further Work

We have extendeda shallav parsingsystemfor En-
glish that returnsanalysesin the form of setsof
grammaticalrelations, presentingan investigation
into the extractionof weightedrelationsfrom prob-
abilistic parses.We obsered that settinga thresh-
old ontheoutputsuchthatary relationwith weight
lowerthanthethresholds discardedllows atrade-
off to be madebetweenrecall and precision,and
found that by settingthe thresholdat 1 the preci-
sion of the systemwas boosteddramatically from
a baselineof 75% to over 90%. With this setting,
the systemreturnsonly relationsthat form part of
all analysedicensedby the grammar: the system
canhave no greatercertaintythattheserelationsare
correct,giventheknowledgethatis availableto it.
Although we believe this techniqueto be well
suitedto probabilisticparsersijt could also poten-
tially benefitary parsing systemthat can repre-
sentambiguity and return analysesthat are com-
posedof a collection of elementaryunits. Such
a systemneednot necessarilybe statistical,since
parseprobabilitiesmake no differencewhencheck-
ing that a given sub-analysissegment forms part
of all possibleglobal analyses.Moreover, a non-
statistical parsing systemcould use the the tech-
nique to constructa reliable annotatedcorpusau-
tomatically whichit couldthenbetrainedon.
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