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Abstract

This paperdescribesa wide-coveragesta-
tistical parserthatusesCombinatoryCat-

egorial Grammar (CCG) to derive de-

pendeng structures. The parserdiffers

from most existing wide-coverage tree-
bank parsersin capturingthe long-range
dependenciesnherent in constructions
such as coordination,extraction, raising

and control, aswell asthe standardocal

predicate-ajumentdependencies A set
of dependenc structuresusedfor train-

ing andtestingthe parselis obtainedrom

a treebankof CCG normal-form derwa-

tions,which have beenderived (semi-)au-

tomaticallyfrom the PennTreebank.The

parsercorrectlyrecovers over 80% of la-

belled dependenciesand around90% of

unlabelleddependencies.

1 Introduction

Most recentwide-coseragestatisticalparsershave
used models basedon lexical dependenciege.g.
Collins (1999, Charniak(2000). However, the de-
pendenciegaretypically derived from a contet-free
phrasestructuretree using simple headpercolation
heuristics.This approactdoesnotwork well for the
long-rangedependenciesvolved in raising, con-
trol, extraction and coordination,all of which are
commonin text suchasthe Wall StreetJournal.
Chiang(2000 uses Tree Adjoining Grammar
as an alternatve to contet-free grammay and
herewe useanother'mildly contet-sensitve” for-
malism, CombinatoryCategyorial Grammar(CCG,
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Steedmar{2000), which amuably provides the
most linguistically satishctory accountof the de-
pendenciesmherentin coordinateconstructionsand
extraction phenomena. The potential advantage
from usingsuchan expressie grammaris to facili-

taterecovery of suchunboundediependenciesAs

well ashaving a potentialimpacton theaccurag of

the parserrecovering suchdependenciemay make

the outputmoreuseful.

CCGis unlike otherformalismsin thatthe stan-
dard predicate-ayjumentrelationsrelevant to inter
pretationcanbederivedvia extremelynon-standard
surfacederiations. This impactson how bestto de-
fine a probability modelfor CCG, sincethe “spuri-
ousambiguity” of CCG derivationsmay leadto an
exponentialnumberof derivationsfor a given con-
stituent. In addition, someof the spuriousderiva-
tions may not be presentin the training data. One
solutionis to consideronly the normal-form (Eis-
ner, 1996a)derivation, which is the route taken in
HockenmaierandSteedmarf20025).

Another problemwith the non-standardsurface
dervations is that the standardPARSEVAL per
formancemeasuresver suchderivationsare unin-
formatve (Clark and Hockenmaier 2002). Such
measureshave been criticised by Lin (1995 and
Carrolletal. (1998, who proposaecoery of head-
dependenciesharacterisingredicate-ajumentre-
lationsasa moremeaningfulmeasure.

If the end-result of parsing is interpretable
predicate-agument structureor the relateddepen-
deng structure thenthe questionarises:why build
derivation structue at all? A CCG parsercan
directly build derwved structures,including long-

'Another more speculatie, possibility is to treatthe alter

native derivationsashiddenandapplythe EM algorithm.



rangedependencies.Thesederived structurescan
be of ary form we like—for example, they could
in principle be standardPennTreebankstructures.
Sincewe areinterestedn dependencbasedparser
evaluation, our parsercurrently builds dependenc
structures. Furthermore,since we want to model
the dependenciem suchstructuresthe probability
modelis definedoverthesestructuregatherthanthe
derivation.

The training and testing material for this CCG
parseiis atreebanlof dependencstructureswhich
have been derived from a set of CCG derva-
tions developedfor usewith another(normal-form)
CCG parser(Hockenmaierand Steedman2002b).
The treebankof derivations, which we call CCG-
bank (Hockenmaierand Steedman2002a),wasin
turn derived (semi-)automaticallyfrom the hand-
annotatedPennTreebank.

2 TheGrammar

In CCG,mostlanguage-specifiaspect®f thegram-
mar arespecifiedin thelexicon, in the form of syn-
tacticcatgyoriesthatidentify alexical item aseither
afunctororargument For thefunctors thecateyory
specifieghetypeanddirectionalityof thearguments
andthetype of the result. For example,the follow-
ing catayory for the transitve verb boughtspecifies
its first agumentasa nounphrase(NP) to its right
andits secondagumentasan NP to its left, andits
resultasa sentence:

(1) bought:= (S\NP)/NP

For parsingpurposeswe extend CCG cateajories
to expresscategyory featuresandhead-vord andde-
pendeng informationdirectly, asfollows:

(2) bought:= (Ydclloougn\NP1) /NP,

Thefeatureldcl] specifieghecateyory’s Sresultasa
declaratie sentenceboughtidentifiesits head,and
the numbersdenotedependengc relations. Heads
anddependencieare always marked up on atomic
categories(S N, NP, PP, andconjin ourimplemen-
tation).

The catgyoriesarecombinedusinga small setof
typedcombinatoryrules,suchasfunctionalapplica-
tion and composition(seeSteedmar{2000 for de-
tails). Derivationsarewritten asfollows, with under
lines indicating combinatoryreductionand arrons

indicatingthedirectionof theapplication:

(3) Marks bought Brooks
NPwmarks (S[dclbought\NP1)/NP2 NPgrooks
Sdclbough\ NP1
qdd]bought
Formally, a dependengis definedas a 4-tuple:
(hs, f,s,h,), wherehs is the headword of the func-
tor,2 f is the functor cateyory (extendedwith head
anddependencinformation),sis theargumentsiot,
andh, is theheadword of the agument—forexam-
ple, the following is the objectdependencyielded
by thefirst stepof derivation (3):

(4) <b0ught (S[dd] bought\Npl)/sz, 2, BrOOKQ

Variablescanalso be usedto denoteheads,and
usedvia unificationto passheadinformationfrom
onecatgyory to another For example,the expanded
cateyory for the controlverb persuadeis asfollows:

(5) persuade= ((Ydcl]persuacd\ NP1) / (Sto].\NPx) ) /NPy 5

The headof the infinitival complemens subjectis
identifiedwith the headof the object,usingthevari-
ableX. Unificationthen“passes’the headof the ob-
ject to the subjectof the infinitival, asin standard
unification-base@ccountsf control®

Thekindsof lexical itemsthatusethe headpass-
ing mechanismare raising, auxiliary and control
verbs,modifiers,andrelatve pronouns.Amongthe
constructionghat projectunboundeddependencies
arerelatvisationandright noderaising. Thefollow-
ing cateyory for the relative pronouncateyory (for
words suchaswho, which, that) shavs how heads
areco-indexedfor object-atraction:

(6) who:= (NP\NPx,)/(Sdcl],/NPx)

The derwvation for the phraseThe companythat
Marks wantsto buy is givenin Figure 1 (with the
featureson S cateyoriesremovedto save spaceand
the constanheadseducedo thefirst letter). Type-
raising (T) and functional composition(B), along

“Notethatthefunctordoesnotalwayscorrespondo thelin-
guisticnotionof ahead.

*The extensionof CCG cateyoriesin thelexicon andthela-
belleddatais simplifiedin thecurrentsystento make it entirely
automatic. For example,ary word with the samecategory (5)
as persuadegetsthe object-controlextension. In certainrare
casegsuchaspromisg this givessemanticallyincorrectdepen-
denciesn boththegrammarandthedata(promiseBrooksto go
hasa structuremeaningpromiseBrooksthat Brookswill go).



The compay that Marks wants to buy
NP /Nyx1  Ne N (NPANP1)/(S/NP) - NPy, - (SW\NP1)/(S\NP) (S\NPx1)/(S:2\NP) (So\NPl)/N>F;z
NP, S/(S\NPy) (S\NP)/NP
(S\\NP)/NP >B
S./NP >B
NP,\NP; g

NP

Figurel: Relatve clausederivation

with co-inding of heads mediatetransmissiorof
the headof the NP the companyonto the objectof
buy. The correspondinglependencieare givenin
the following figure, with the corvention that arcs
point away from arguments.The relevantargument
slotin thefunctorcateyory labelsthe arcs.

/\

The compay that Marks Wants

N

Note that we encodethe subjectagumentof the
to catgory as a dependeng relation (Marks is a
“subject” of to), sinceour philosophyat this stage
is to encodeavery amumentasa dependeng where
possible. The numberof dependenctypesmay be
reducedn futurework.

3 TheProbability M odel

The DAG-like natureof the dependeng structures
makesit difficult to applygeneratie modellingtech-
niques (Abney, 1997; Johnsonet al., 1999), so
we have defined a conditional model, similar to
the model of Collins(1996 (see also the condi-
tional modelin Eisner(1996h). While the model
of Collins (1999 is technically unsound(Collins,
1999), our aim at this stageis to demonstratehat
accurateefficientwide-coverageparsingis possible
with CCG, even with an oversimplified statistical
model. Futurework will look atalternatve models*

“Thereentranciesreatingthe DAG-like structuresarefairly
limited, andmorea/er determinedy thelexical cateories.We
conjecturethatit is possibleto definea generatre modelthat
includesthedeepdependencies.

The parseselectioncomponenimust choosethe
mostprobabledependengc structure giventhe sen-
tenceS. A sentenceS= (wy,t1), (Wo,t2), ... (Wp,tn)
is assumedto be a sequenceof word, pos-tag
pairs. For our purposesa dependeng structurett
is a (C,D) pair, whereC = ¢1,Cz...Cp IS the se-
guenceof categories assignedto the words, and
D = {(h¢, fi,s,hy) |i =1,...m} is the setof de-
pendenciesThe probability of a dependengcstruc-
ture canbewritten asfollows:

(7) P() =P(C,D|S) = P(C|SP(D|C,S)

The probability P(C|S) can be approximatedas
follows:

(8) P(C|S) ~ MLy P(ci]X)
whereX; is the local contet for the ith word. We
have explained elsavhere (Clark, 2002) how suit-
ablefeaturescanbe definedin termsof the (word,
pos-tag pairsin the context, andhow maximumen-
tropy techniquesanbe usedto estimatethe proba-
bilities, following Ratnaparkh{1996.

We assumethat eachargumentsilot in the cat-

egory sequencss filled independently and write
P(D|C,S) asfollows:

(9) P(DIC,S) =21 P(h4|C,9)

wherehj, is the headword filling the agumentslot
of the ith dependeng andm is the numberof de-
pendenciegntailedby the catgyory sequence€.

3.1 Estimating the dependency probabilities

The estimationmethodis basedon Collins (1996.
We assumehattheprobabilityof adependenconly
depend®nthosewordsinvolvedin thedependeng
togetherwith their categories. We follow Collins
and basethe estimateof a dependeng probability
on the following intuition: given a pair of words,
with a pair of cateyories,which arein the samesen-



tencewhatis the probabilitythatthewordsarein a
particulardependengcrelationship?

We againfollow Collinsin definingthefollowing
functions,where %/ is the setof wordsin the data,
and( is thesetof lexical categyories.

e C((a,b),(c,d)) for a,c € W andb,d € C is the number
of timesthat word-catgory pairs (a,b) and(c,d) arein
the sameword-catgory sequencén thetrainingdata.

e C(R,(a,b),{(c,d}) is the numberof timesthat (a,b) and
{c,d) arein thesameword-catgory sequenceyith a and
cin dependencrelationR.

e F(R|(a,b),{c,d}) istheprobabilitythata andc arein de-
pendeng relationR, giventhat(a, b) and(c,d) arein the
sameword-catgory sequence.

The relatve frequeng estimateof the probability
F(R/(a,b),(c,d)) is asfollows:
(10) F(R/(a,b), (c,d)) = LR

The probability P(h,;|C,S) cannow be approxi-

matedasfollows:

F(RI(hr;, fi),(ha; ,Ca
(11) P(|C.9) = 51 R T
where c, is the lexical cateyory of the agument
headg;. The normalisingfactor ensuresthat the
probabilitiesfor eachargumentslot sumto oneover
all the word-catgory pairsin the sequencé. This
factoris constantfor the given cateyory sequence,
but not for differentcatgyory sequencesHowever,
the dependengcstructuresvith high enoughP(C|S)
to be amongthe highestprobability structuresare
likely to have similar cateyory sequencesThuswe
ignorethe normalisatiorfactor therebysimplifying
the parsingprocess (A similar agumentis usedby
Collins (1996 in the context of his parsingmodel.)

The estimatein equation10 suffers from sparse
dataproblems,andso a backing-of stratey is em-
ployed. We omit detailshere,but therearefour lev-
els of back-of: the first usesboth wordsandboth
cateories; the secondusesonly one of the words
and both cateyories; the third usesthe catayories
only; anda final level substitutespos-tagsfor the
cateyories.

Onefinal pointis that,in practice the numberof
dependenciesanvaryfor agivencateyory sequence
(becausamultiple agumentsfor the sameslot can

5Oneof theproblemswith themodelis thatit is deficient,as-

signingprobability massto dependeng structuresot licensed
by thegrammar

be introducedthroughcoordination),andso a geo-
metricmeanof p(m) is usedastherankingfunction,
averagedy the numberof dependencies D.

4 TheParser

The parseranalyses sentencen two stages.First,
in orderto limit the numberof catgoriesassigned
to eachword in the sentencea “supertagger{Ban-
galoreandJoshi,1999)assigngo eachwordasmall
numberof possibldexical catgories.Thesupertag-
ger(describedn Clark (2002) assigngo eachword
all cateyorieswhoseprobabilitiesare within some
constantfactor B, of the highestprobability cate-
gory for that word, given the surroundingcontext.
Note thatthe supertaggedoesnot provide a single
category sequencdor eachsentenceandthe final
sequenceeturnedby the parser(alongwith the de-
pendenciesis determinedoy the probability model
describedn theprevioussection.Thesupertaggeis
performingtwo roles: cuttingdown thesearchspace
exploredby the parser andproviding the cateyory-
sequencenodelin equation8.

The supertaggeconsultsa “category dictionary”
which containsfor eachword, the setof catgjories
the word was seenwith in the data. If a word ap-
pearsat leastK timesin the data,the supertagger
only considerscatayoriesthat appearin the word’s
catayory set,ratherthanall lexical cateyories.

The second parsing stage applies a CKY
bottom-upchart-parsingalgorithm, as describedn
Steedmar{2000. The combinatoryrulescurrently
usedby the parserare as follows: functional ap-
plication (forward and backward), generalisedor-
ward composition, backward composition, genef
alised backward-crossedcomposition, and type-
raising. Thereis alsoa coordinatiorrule which con-
joins categoriesof the sametype®

Type-raisingis appliedto the catgyoriesNP, PP,
and Sadj]\NP (adjectval phrase);it is currently
implementedby simply adding pre-definedsetsof
type-raiseccatayoriesto the chartwhenaer an NP,
PP or Sadj]\NP is present. The setswere chosen
on the basisof the mostfrequenttype-raisingrule
instantiationsin sections02-21 of the CCGbank,
which resultedin 8 type-raisedcateyoriesfor NP,

SRestrictionsare placedon someof the rules, suchasthat
given by Steedmarf2000 for backward-crosseccomposition

(p-62).



and2 cateyorieseachfor PP andSadj]\NP.

As well ascombinatoryrules,the parseralsouses
a numberof lexical rulesandrulesinvolving punc-
tuation. The setof rulesconsistsof thoseoccurring
roughlymorethan200timesin section®2-210of the
CCGbank.For example,onerule usedby the parser
is thefollowing:

(12) Sing]\NP = NP,\NPy

This rule createsa nominal modifier from an ing-
form of averbphrase.

A setof rulesallows the parserto dealwith com-
mas (all otherpunctuationis removed after the su-
pertaggingphase). For example,one kind of rule
treatsa commaasa conjunct,which allows the NP
objectin John likes apples,bananasand pears to
have threeheadswhich canall be direct objectsof
like.”

The searchspaceexplored by the parseris re-
ducedby exploiting the statisticalmodel. First, a
constituentis only placedin a chartcell if thereis
not alreadya constituentwith the sameheadword,
samecatgyory, andsomedependengcstructurewith
a higheror equalscore(wherescoreis the geomet-
ric meanof the probability of thedependengcstruc-
ture). This tactic also hasthe effect of eliminat-
ing “spuriouslyambiguous’entriesirom thechart—
cf. Komagatg1997. Seconda constituents only
placedin acell if thescorefor its dependengcstruc-
tureis within somefactor a, of the highestscoring
dependengcstructurefor thatcell.

5 Experiments

Section2-210f the CCGbankwereusedfor train-

ing (39,161 sentences)ection00 for development
(1,901 sentencesrandsection23 for testing(2,379

sentences) Section2-21werealsousedto obtain
the categyory set,by including all cateyoriesthatap-

pearatleast10times,whichresultedn asetof 398

catgyory types.

Theword-catgory sequenceseededor estimat-
ing the probabilitiesin equation8 can be readdi-
rectly from the CCGbank. To obtaindependencies

"Theserulesare currently applieddeterministically In fu-
ture work we will investigateapproachesvhich integratethe
rule applicationswith the statisticalmodel.

8\ small number of sentences in the Penn

Treebank do not appear in the CCGbank (see
Hockenmaierand Steedmar§20023).

for estimatingP(D|C, S), we ranthe parserover the
trees tracingout the combinatoryrulesapplieddur
ing the deriation, andoutputtingthe dependencies.
This methodwasalsoappliedto thetreesin section
23to provide thegold standardestset.

Not all trees produceddependengc structures,
sincenot all catgyoriesandtype-changingulesin
theCCGbanlareencodedn theparser We obtained
dependengc structuredor roughly 95% of the trees
in the data. For evaluationpurposeswe increased
the coverageon section23 to 99.0% (2,352 sen-
tences)y identifying the causeof the parsefailures
andaddingthe additionalrulesandcateyorieswhen
creatingthe gold-standardso the final testsetcon-
sistedof gold-standaraiependeng structuresfrom
2,352 sentencesThe coveragewasincreasedo en-
surethetestsetwasrepresentate of thefull section.
We emphasisehat theseadditionalrules and cate-
gorieswerenot madeavailableto the parserduring
testing,or usedfor training.

Initially the parsemwasrun with 3 = 0.01 for the
supertaggefan averageof 3.8 catayoriesperword),
K = 20 for the catgyory dictionary anda = 0.001
for the parser A time-outwasappliedso that the
parsemnwasstoppedf ary sentencaook longerthan
2 CPU minutesto parse. With theseparameters,
2,098 of the 2,352 sentenceseceved someanal-
ysis,with 206timing outand48 failing to parse.

To dealwith the 48 no-analysicasesthe cut-off
for the cateyory-dictionary K, wasincreasedo 100.
Of the 48 cases23 sentencethenrecevedananal-
ysis. To dealwith the 206 time-out cases3 was
increasedo 0.05, which resultedin 181 of the 206
sentencethenreceving ananalysiswith 18 failing
to parseand? timing out. Sooverall,almost98%of
the 2,352 unseersentencewseregiven someanaly-
sis.

To returnasingledependengcstructurewe chose
themostprobablestructurefrom the S(dcl] categyories
spanningthe whole sentence.lf therewasno such
catayory, all cateyories spanningthe whole string
wereconsidered.

6 Results

To measurdghe performanceof the parserwe com-
paredthe dependenciesutput by the parserwith
thosein the gold standardand computedprecision



andrecallfiguresoverthedependencieRRecallthat
a dependenc is definedas a 4-tuple: a headof a
functor, a functor categyory, an argumentslot, anda
headof anagument.Figureswerecalculatedor la-
belleddependencied_P,LR) andunlabelleddepen-
dencieUP,UR). To obtaina pointfor alabelledde-
pendenyg, eachelementof the 4-tuple mustmatch
exactly. Notethatthe catayory setwe areusingdis-
tinguishesaround400 distinct types; for example,
tensedransitive buy is treatedasa distinctcateyory
from infinitival transitve buy. Thusthis evaluation
criterionis muchmorestringentthanthatfor a stan-
dardpos-taglabel-set(therearearound50 pos-tags
usedin the PennTreebank).

To obtaina point for an unlabelleddependeng
the headsof the functor and algumentmustappear
togetherin somerelation(eitherasfunctoror amgu-
ment)for therelevantsentenceén the gold standard.
Theresultsareshavn in Tablel, with anadditional
columngiving the cateyory accurag.

| [LP% [ LR% | UP% | UR% | cateyory% |
noA [ 813 [ 821 [891 | 901 | 906
WithA | 819 | 818 | 901 | 899 | 903

Tablel: Overalldependengcresultsfor section23

As an additionalexperiment,we conditionedthe
dependeng probabilitiesin 10 on a “distancemea-
sure” (A). Distancehasbeenshavn to be a use-
ful featurefor contet-free treebankstyle parsers
(e.g. Collins (1996, Collins (1999), althoughour
hypothesigvasthatit would be lessusefulhere,be-
causehe CCG grammarprovidesmary of the con-
straintsgivenby A, anddistanceneasurearebiased
againstong-rangedependencies.

We tried a numberof distancemeasuresandthe
one usedhereencodeghe relative position of the
headsof the agumentand functor (left or right),
countsthe numberof verbsbetweenagumentand
functor (up to 1), andcountsthe numberof punctu-
ationmarks(up to 2). Theresultsarealsogivenin
Tablel, andshav that,asexpected addingdistance
givesnoimprovementoverall.

An adwantageof the dependencbasedevalua-
tion is that resultscan be given for individual de-
pendeng relations.Labelledprecisionandrecallon
Section00 for the mostfrequentdependenctypes
areshavn in Table2 (for themodelwithoutdistance

measures).The columns# depsgive thetotal num-
berof dependenciedirst thenumbermputforwardby
the parser andsecondhe numberin the gold stan-
dard.F-scoreis calculatedas(2*LP*LR)/(LP+LR).

We also give the scoresfor the dependenciesre-
atedby the subjectandobjectrelative pronouncat-
egories,including the headlesobjectrelative pro-
nouncateyory.

Wewouldlike to compardheseresultswith those
of other parsersthat have presenteddependeng
basedevaluations.However, the few thatexist (Lin,
1995;Carrolletal., 1998;Collins, 1999)have used
either different dataor different setsof dependen-
cies(or both). In future work we planto map our
CCGdependenciesntothe setusedby Carroll and
Briscoeandparsetheir evaluationcorpussoadirect
comparisorcanbe made.

As faraslong-rangedependencieareconcerned,
it is similarly hardto give a preciseevaluation.Note
thatthescoresn Table2 currentlyconflateextracted
andin-situ aguments so that the scoresfor the di-
rectobjects,for example,includeextractedobjects.
The scoresfor the relative pronouncatejoriesgive
a goodindication of the performanceon extraction
casesalthoughevenhereit is notpossibleat present
to determineaxactly how well the parselis perform-
ing atrecovering extractedamguments.

In an attemptto obtain a more thoroughanal-
ysis, we analysedthe performanceof the parser
on the 24 casesof extractedobjectsin the gold-
standardSection 00 (developmentset) that were
passeddown the object relative pronouncatejory
(NPA\NPy)/(Sdcl] /NPy).1° Of these,10 (41.7%)
wererecoveredcorrectlyby the parser;10 werein-
correctbecausd¢he wrong cateyory wasassignedo
the relative pronoun,3 were incorrectbecausdahe
relatve pronounwas attachedto the wrong noun,
andl wasincorrectbecaus¢hewrongcateory was
assignedo the predicatefrom which the objectwas

Currentlyall themodifiersin nominalcompoundsreanal-
ysedin CCGbankasN/N, asadefault, sincethestructureof the
compounds not presenin the PennTreebank Thusthescores
for N/N arenot particularlyinformative. Remaing theserela-
tionsreduceghe overall scoreshy around2%. Also, thescores
in Table2 arefor around95%o0f thesentencem Section00, be-
causeof theproblemobtaininggold standardlependencstruc-
turesfor all sentenceq)otedearlier

1%The numberof extractedobjectsneednot equalthe occur
rencesof the catgyory since coordinationcan introducemore
thanoneobjectpercatayory.



[ Functor Relation | LP% | #deps| LR % | #deps]| F-score]
Nx/Nx 1 1 nominalmodifier | 929 | 6,769 951 | 6,610 94.0
NPy /Nx 1 1 determiner| 957 | 3,804 | 958 | 3,800 95.7
(NPy\NPx 1) /NP, 2 np modifyingpreposition| 842 | 2,046 | 77.3 | 2,230 80.6
(NPx\NPx 1) /NP, 1 np modifyingpreposition| 758 | 2,002 | 742 | 2,045 75.0
(SA\NPY)\ (Sx.1\NPy) /NP, 2 vp modifyingpreposition| 603 | 1,368 | 758 | 1,089 67.2
(SK\NPv)\ (Sx.1\NPy) /NP, 1 vp modifyingpreposition| 548 | 1,263 | 694 997 61.2
(Sdcl\NPy)/NP) 1 transitiveverb | 74.8 967 | 864 837 80.2
(§dcl\NPy)/NP;) 2 transitiveverb | 77.4 913 | 836 846 80.4
(SK\ANPY)\ (Sx.1\NPy) 1 adverbialmodifier | 77.0 683 | 756 696 76.3
(PP/NP,) 1 prepositioncomplement| 70.9 729 | 672 769 69.0
(Sb]\NPy)/NP;) 2 infinitival transitiveverb | 821 608 | 854 584 83.7
(S[dcl\NPx.1)/(S[b]2\NP) 2 auxiliary | 984 | 447| 976 | 451 98.0
(Sdcl\NPy1)/(Sb]2\NPx) 1 auxiliary | 921 | 455| 917 | 457 91.9
(S[]\NPy) /NP, 1 infinitival transitiveverb | 79.6 417 | 783 424 78.9
(NPx/Nx 1) \NP, 1 sgenitive | 932 366 | 945 361 93.8
(NPx/Nx 1)\NP; 2 sgenitive | 912 | 365| 946 | 352| 929
(Sto]x\NPy1)/(Sb]x.2\NPy)) 1 to-complementiserr  85.6 320 | 811 338 83.3
(§dcl\NP,)/9dcl], 1 sententiacomplemenverb | 87.1 372 | 900 360 88.5
(NPx\NPx 1)/(Sdcl]2\NPx) 1 subjectrelativepronoun | 738 237 | 692 253 71.4
(NPx\NPx 1)/(9dcl]2\NPx) 2 subjectrelativepronoun | 95.2 229 | 869 251 90.9
(NPx\NPx 1)/(S[dcll./NPx) 1 objectrelativepronoun | 66.7 15| 455 22 54.1
(NPx\NPx 1)/(Sdcll2/NPx) 2 objectrelativepronoun | 857 14 | 632 19 72.8
NP/(9dcl];/NP) 1 headles®bjectrelativepronoun | 1000 10 | 833 12 90.9

Table2: Resultsfor section00 by dependengcrelation

extracted. The tendeng for the parserto assign
the wrong cateyory to the relative pronounin part
reflectsthe fact that complementisethat is fifteen
times as frequentas object relatve pronounthat
However, the supertaggealonegets74% of the ob-
jectrelative pronounscorrect,if it is usedto provide
a singlecateyory perword, soit seemghatour de-
pendeng modelis further biasedagainstobjectex-
tractions possiblybecausef thetechnicalunsound-
nessnotedearlier

It shouldberecalledin judgingthesefiguresthat
they are only a first attemptat recosering these
long-rangedependenciesywhich most other wide-
coverageparseranake no attemptto recover at all.
To getanideaof justhow demandinghis taskis, it
is worth looking at an exampleof objectrelatviza-
tion thatthe parsergetscorrect. Figure2 givespart
of adependengcstructurereturnedby the parserfor
a sentencdrom section00 (with therelationsomit-
ted)!! Notice that both respectand confidenceare
objectsof had Therelevantdependencquadruples
foundby the parserarethe following:

UThefull sentencés Theeventsof April throughJdunedam-
aged the respectand confidencenhich mostAmericansprevi-
ouslyhadfor theleades of China.

TN

respect and confidence which most Americans previously

Figure2: A dependencstructurerecoveredby the
parseifrom unseerdata

(13) (which, (NPx\NPy 1)/(S[dcl]o/NPy), 2, had
(which, (NPx\NPx 1)/(Sdcll2/NPx), 1, confidencé
(which, (NP\NPx 1) /(Sdcll2/NPx), 1, respect
(had (§dcllhad\NP1) /NP2, 2, confidencé
(had (§dclhag\NP1) /NP, 2, respect

7 Conclusionsand Further Work

This paperhasshavn that accurate gfficient wide-
coverageparsingis possiblewith CCG. Along with
HockenmaierandSteedmarf20021), thisis thefirst
CCG parsingwork that we are aware of in which

almost98% of unseersentenceffom the CCGbank

canbeparsed.
The parseris ableto capturea numberof long-
rangedependencieghat are not dealt with by ex-

isting treebankparsers. Capturingsuchdependen-

had



ciesis necessaryor ary parserthat aimsto sup-
port wide-coveragesemanticanalysis—sayo sup-
portquestion-answeringn ary domainin whichthe

differencebetweenquestionslike Which company
did Marks sue? and Which companysuedMarks?
matters. An adwantageof our approachs thatthe

recoery of long-rangedependenciess fully inte-

gratedwith the grammarandparserratherthanbe-

ing relegatedto a post-processinghase.

Becauseof the extremenaiety of the statistical
model, theseresultsrepresenno more than a first
attemptat combining wide-corerageCCG parsing
with recovery of deepdependenciesHowever, we
believe thattheresultsarepromising.

In future work we will presentan evaluation
which tease®utthedifferencesn extractedandin-
situ arguments. For the purposesof the statistical
modelling,we arealsoconsideringouilding alterna-
tive structureghatincludethelong-rangedependen-
cies, but which canbe modelledusing bettermoti-
vated probability models,suchas generatie mod-
els. Thiswill beimportantfor applyingthe parseito
taskssuchaslanguagemodelling,for whichthepos-
sibility of incrementalprocessingof CCG appears
particularlyattractve.
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