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Abstract

We presentan investigation into parsing
the PennChineseTreebankusing a Data-
Oriented Parsing (DOP) approach. DOP
comprisesan experience-basedpproacho
natural languageparsing. Most published
researchin the DOP framewvork usesPS-
treesas its representatiorschema. Draw-
backsof the DOP approachcentrearound
issuesof efficiency. We incorporaterecent
adwancesin DOP parsingtechniquesnto a
novel DOP parserwhich generates com-
pactrepresentatioof all subtreesvhichcan
bederivedfrom ary full parsetree.

We compareour work to previous work

on parsingthe PennChineseTreebankand
provide both a quantitatve and qualitative

evaluation. While our resultsin terms of

PrecisiomandRecallareslightly below those
publishedin relatedresearchpur approach
requiresno manualencodingof headrules,
nor is a developmentphaseper se neces-
sary We also note that certain construc-
tions which were problematicin this previ-

ous work can be handledcorrectly by our
DOP parser Finally, we obsere that the
‘DOP Hypothesis’is confirmedfor parsing
the PennChineseTreebank.

1 Intr oduction

We investigate the parsingof the PennChineseTree-
bank(CTB) (Xue, 2004)usinga Data-OrientedPars-
ing (DOP: Bod, 1992; Bod, 1998; Bod et al., 2003)
approach. DOP comprisesan experience-basedp-
proachto naturallanguageparsing.Mostpublished-e-
searchin the DOPframavork usesPS-treessits rep-
resentatiorschemaThesetreesarebroken down into
subtreeswhich are combinedtogetherto parsenew

sentencesMost criticism of the DOP-basedpproach
centreonquestion®f efficiengy: in generalthenum-
ber of fragmentsprojectedfar exceedsthe number
of grammarrulesprojected,so standarcchart-parsing
techniquesannotdirectly beappliedin aDOP parser

More recently however, advanceshave beenmade
which have led to considerableptimisationsof DOP
models(Sima’an, 1999). Using similar techniques,
we have developeda novel DOP parserwhich opti-
misesfor top-dovn computationof the most proba-
ble parse ratherthan bottom-up computationof the
mostprobablederivation Our previouswork hasused
the Englishcomponenbf the Xerox HomeCentreor-
pus,a collectionof 980 sentencesvhich weredravn
from printermanualsandannotatedisingthe Lexical-
FunctionalGrammarframevork. Thesetreescanbe
fragmentedusingthe DOP decompositioroperations
to give in excessof 534 billion fragments.In section
2, we reporton a novel, dynamicmethodthatwe have
developedwhich generates compactrepresentation
of all fragmentswhich canbe derived from a partic-
ular tree. This allows usto storeandaccesnly the
original treebankirees,ratherthanexplicitly creating
the entirefragmentbase. Using this method,we can
efficiently retrieve only thosefragmentsdirectly use-
ful in analysinghegiveninputstring. In section2, we
alsodescribethe two-phaseanalysisandMonte-Carlo
disambiguatiorcomponentsn our parser

The ChineseTreebankcomprises325 articles of
Xinhuanewswiretext in the areasof economicspoli-
ticsandculture. Thereare4185sentencem total,and
approximatelyl00,000words (about1/10 the size of
the Penn-lITreebank) Despitethefactthatour parser
was constructedor Englishand for a differenttree-
bankinvolving texts from differentdomains,we did
not have to make ary adaptationsat all in orderto
parsethe CTB. Thisis dueto thefactthatit is entirely
languagendependentequiringonly thattrainingdata
be in the form of contet-free phrase-structurérees,
thusensuringheflexibility of theDOPapproachThe
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relatedresearctthatwe describen section5 requires
the handcodingof a setof headrulesfor Chineseor

the developmentof a dependeng parser in addition

to which a specific ‘developmentphase’is required
on top of the normaltraining stage. In addition,and
importantly our work on parsingthe ChineseTree-
bank shavs that the ‘DOP Hypothesis’,which states
that parseaccuray increasesas larger fragmentsare
includedin the fragmentbasejs confirmed.

In section4, we provide the resultsobtainedfrom
running our parserin a numberof experimentscar
ried out on the CTB which we describein section3.
While ourresultsarenot directly comparablavith the
previous researchon parsingthe CTB, giventhat dif-
ferent splits into training and test dataare used,we
performslightly worsein termsof Precisionand Re-
call comparedo therelatedwork. Nonethelessgiven
thatpreviouswork on parsingthe CTB emplgysarich
arsenabf extraresourcespurelyin quantitatve terms,
we considerour resultsto be extremelypromising.In
section5, we provide a qualitative comparisorof our
resultswith this previous work, and show that cer
tainconstructionsvhichwereproblematidn thiswork
canbe handledcorrectlyby our DOP parser Finally,
we concludeandprovide someavenuedor furtherre-
search.

2 Data-Oriented Parsing

2.1 Theoretical Background

Data-orientedmodelsof language(e.g. Bod, 1992;
Bod 1998) are basedon the assumptiorthat humans
perceve and producelanguageby availing of previ-
ouslanguagexperiencesatherthanabstracgrammar
rules. Thesemodelsexploit large treebankcompris-
ing linguistic representationsf previously occurring
utterances Analysesof new input sentencesre pro-
ducedby combiningfragmentdrom thetreebankthe
mostprobableanalysigs determinedisingtherelative
frequencie®f thesefragments.

The tree fragmentsusedin Tree-DOPare called
subtreesTwo decompositioroperatorsaareusedin or-

derto producesubtreegrom sentenceepresentations:

1. theroot opefator which takesary nodein atree
to be the root of a subtreeand deletesall nodes
exceptthis new root andall nodesdominatedoy
it;

2. the frontier opemator which selectsa (possibly
empty)setof nodesin thenewly createdsubtree,
excludingtheroot, anddeletesall subtreeslomi-
natedby thesenodes.

As an example,the completeset of DOP fragments
which canbe derived from the representationf John
swimsis shovnin Figurel.
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Figure 1: The completeTree-DOPmultiset of frag-
mentsfor the sentenceohnswims

Representationfor new input areformedby com-
bining otherfragmentsusing the compositionopera-
tor, namelyleftmost substitution,which ensureghat
eachderivation in DOP is unigue. The composition
of treest; andt, (t; o ty) is only possibleif the left-
mostfrontier nodeof t; andtheroot nodeof t; areof
the samecateyory. The resultingtreeis a copy of t;
wheret, hasbeensubstitutedhtits leftmostnontermi-
nal frontier node,asdemonstrateth Figure?2.
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Figure2: The DOP compositionoperation

The probability of a derivation is the joint proba-
bility of choosingeachof the subtreesnvolvedin that
derivation. Letting |e| bethenumberof timessubtreee
occursin the corpusandr(e) betherootnodecategory
of e, theprobabilityassignedo eis
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The probability of a derivation is the productof the
probabilitiesof choosingeachof the subtreesnvolved
in thatderivation. Thus,the probability of aderivation
t; o ... ot, isgivenby:

P(tyo..ot,) = HP(ti) )

A parsetreecanpotentiallybegeneratedby mary dif-
ferentderivations, eachof which hasits own proba-
bility of being generated.Therefore,the probability
of a parsetreeT is the sumof the probabilitiesof its
distinctderivations:
P(T)= )  P(D) (3)

D derives T



2.2 Implementation

The DOP approachrequiresthe projectionof a tree-
substitutiongrammar(i.e. a setof fragments)rom a
giventreebankratherthana contect-free grammaras
usedin rule-basedoarsing. However, in general.the
numberof fragmentsprojectedfar exceedsthe num-
ber of grammarrules projected. This meanghatit is
not feasible,in termsof time andmemory to directly
apply standardchart-parsingechniquesn the devel-
opmentof a DOP system.

2.2.1 Fragmentation

The 980 treescontainedin the English sectionof
the HomeCentrecorpuscanbe generalisedo give in
excessof 534 billion fragments Evengeneratingonly
thosefragmentsof depth6 or lessresultsin over 4.5
million fragments. Clearly, generating,storing and
searchinghis numberof fragments,aswell asgath-
ering frequencief occurrencdor eachsubtreejs a
non-trivial task.

As outlinedin Section2.1, tree fragmentsare ex-
tractedby firstly applyingthe root operationto each
original treebanktree, yielding intermediate frag-
ments andthenapplyingthefrontier operatiorto each
of theseintermediatefragmentsin turn to generate
the completesetof fragments. As an alternatve, we
have developeda dynamicmethodto generatea com-
pactrepresentatioof all fragmentghatcanbederived
from a particulartree.

Compactrepresentationare built by firstly apply-
ing therootoperationcreatinganintermediatdreefor
eachnodein theoriginaltree. Then,ratherthanexplic-
itly applyingthefrontier operationwe associateach
fragmenthatcanbegeneratedby applyingthefrontier
operationto intermediatereeswith a uniguenumber
In the examplein figure 3, the tree on the left repre-
sentingthe noun phrasethe manyields a total of six
fragments. In this instance we associatéhesefrag-
mentswith thenumbersl — 6. Applicationof theroot
operationresultsin the creationof the threeinterme-
diatetreesto the right with root nodesNP, D andN.
Nodesin intermediatetreesare annotatedwith frag-
ment numberssuchthat the presenceof a particular
numberatary givennodein thetreeindicateghatthis
nodeis alsopresentn therelevantfragment. The an-
notationof the intermediatetreeswith root nodesD
andN in figure 3 is trivial becausepplicationof the
frontier operationwill resultin the extractionof only
onefragmentfrom each. The annotationof the inter
mediatetree with root NP is more comple as four
fragmentscan be extractedfrom it via frontier. If a
fragmentnumberis absentat a non-frontiernodebut
presentat its parentnodethen this indicatesthat, in
thatparticularfragmentthenodeis a substitutionsite.
All possibl€ragmentf agiventreecanbegenerated

/\ NP <1,2,3,4>
<5>D <6> N
D N <34> D N <2,4> |
‘ ‘ | | the man
the man
the man

Figure3: Compacfragmentepresentatiofor thetree
representinghe NP theman

by readingoff onefragmentatatime via thepresence
orabsencef its uniquefragmentnumberateachnode.
Theannotatiorof thetreewith root nodeNP in figure
3 indicatesthat fragmentsl — 4 have root node NP,
thatnodeD is a substitutionsite in fragment2 andN
is a substitutionsite in fragment3, andthat both D
andN aresubstitutionsitesin fragmentl. Fragment
4 correspondsxactlyto theoriginal tree.Frequencies
arecalculatedby recursvely comparingall annotated
treesandidentifying duplicates.

This methodallows usto storeandaccesonly the
original treebankrees thusalleviating the needto ex-
plicitly createhefragmentoase-ataskwhich,givena
corpusof reasonablsizeandcompleity, quickly be-
comesunfeasible.Insteadwe canefficiently retrieve
only thosefragmentsdirectly usefulin analysingthe
giveninput string.

2.2.2 Analysis

A chartbuilt during the analysisphaseis a com-
pactrepresentationf all possiblederivationsleading
to valid parsesof the input string, which canbe con-
structedeither bottom-upor top-davn. In order to
build an STSGchartusingconventionalchart-parsing
techniques,each fragment must be expressedas a
rewrite rule of theform root — frontier; ... frontier,,
and a direct referenceto the original tree structure
mustbe retained. However, theseapproachesare not
designedo handlethe sheemumbersf fragmentsn-
volvedin parsingwithin theDOPframework. We have
developeda two-phaseanalysiscomponenbasedon
an optimisationproposedby (Sima’an,1999). How-
ever, we have optimisedfor top-davn computationof
themostprobableparseratherthanbottom-upcompu-
tation of the mostprobablederivation.

Thesetof parseghatcanbegeneratedor arny given
sentenceisingatree-substitutiomgrammairis a subset
of thosethatcanbegeneratethy meansof thecontext-
free grammarunderlyingthat tree-substitutiorgram-
mar. Thus,the first phaseof analysisinvolves using
the contet-free grammarunderlyingthe treebankto
computean approximationof the parsespacefor the
inputusingthe CKY algorithmasillustratedin figure
4. Giventhatthegrammamunderlyingthe Englishsec-
tion of the HomeCentrecorpuscomprisegust 2606
rules, this clearly constitutesa dramaticreductionof
theinitial searchspace.During the secondphase,il-
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lustratedin figure 5, the tree-substitutiorgrammaris
appliedto this reducedbarsespaceto generatdhe ex-
actDOP parsespaceor theinputstring.

In orderto reducefrom the CFG parsespaceto the
STSGparsespace,a correspondenceust be dravn
betweenthe contet-free grammarrules usedduring
thefirst phaseandthetreefragmentsve wishto insert
into the chartduring the secondphase.The fragmen-
tation procesglescribedn Section2.2.1providesthis
correspondenckeecauseét allows theidentificationof
all fragmentsn which eachcontet-freegrammarrule
occurs.WhenextractingCFGrulesfrom thetreebank
treein figure 3, we alsofind all occurrence®f each
rule in the setof annotatedreesand extract the an-
notationson the nodecorrespondingo the left hand
side of the relevant rule. Thus, all rulesin figure 4
areannotatedvith explicit referenceso thefragments
in which they occurin the tree-substitutiorgrammar
Ratherthanreturningto thetree-substitutiogrammay
this information allows us to rekuild the setof frag-
mentsappropriateo the currentparsespaceasshovn
in figure5, thusresultingin ahighly optimisedsecond
analysisphase.

2.2.3 Disambiguation

Disambiguatioris thefinal stagein the parsingpro-
cessand involves selectingthe most probableparse
or derivation from the parsechart. Within the DOP
framawork this constitutesan NP-completeproblem
(Sima’an,1999)asmary differentderivationscanre-
sultin thesameparseand,thereforethemostprobable
derivation (MPD) doesnot necessarilyequalthe most
probableparse(MPP).

Monte-Carlosamplinginvolvessearchingverare-
ducedrandomsampleof thesearchspacevhichcanbe
generatedn polynomialtime andwasfirst proposed
asamethodfor maximisationof the MPPin the DOP

framavork in (Bod, 1992). Our implementationin-
corporateghe refinementdetailedin (Chappelier&
Rajman, 2003).

3 Experiments

We have performedexperimentson a subsetof the
PennChineseTreebankVersion2.0) (Xue,2004).We
calculatedthe dimensionsof eachtreein termsof its
depth,width and numberof nodesand selectedonly
thosetreeswhich wereof averagesizeor smaller re-
sulting in a datasetcontaining 1473 treebanktrees.
We thendivided this dataseinto threerandomtrain-
ing/testsplits. The sole constraintimposedon each
split wasthatall wordsin thetestsetalsobe presenin
thetrainingdata.Eachtestsetontainedl50sentences
andeachtrainingsetcontainedlL323treebankrees.

In additionto performingstandardree normalisa-
tions — the removal of empty nodes,treesdominat-
ing no non-emptynodesand A over A unaries— we
alsoremored X over A unariessuchthat all unary-
branchingreesareof theform PRE-TERMINAL —
terminal. We did not remove functionalinformation
from the syntactictags. During disambiguationthe
maximumnumberof samplegakenwas5,000.

In DOPR, the fragmentspaceis generallyprunedby
excludingfragmentgyreaterthana certaindepthin or-
der to renderthe searchfor the most probableparse
tractable. For eachsplit, we performedthreesetsof
experiments|imiting thefragmentspaceo fragments
of depthl, depth2 or lessanddepth3 or less. Fur-
thermore theseexperimentswere performedon both
taggedanduntaggednput.

3.1 Parsing taggedinput with DOP

Whenparsingtaggednput, two optionspresenthem-
selhes. Thefirst involvestaking asinput only tag se-
guencesand parsingthem as thoughthey were ter
minals, while the secondinvolves taking as input
<tag,word> pairs. Unlike PCFG parsing,thesetwo
approachesrenot equivalentfor DOP becauséddOP
grammarscontain lexicalised fragments. Under the
first approach.all lexicalisedfragmentsare immedi-
ately excludedfrom the parsespace.The secondap-
proach,on the other hand, only excludesthoselexi-
calisedfragmentswhose pre-terminalsdo not corre-
spondto the input tagsand s, therefore,inherently
more powerful. This approachcan be viewed as an
input-driven pruningmechanisnandis the methodol-
ogy we have choserto adopt.

In certaininstancesadheringo thespecifiedagse-
guencewill resultin no parsebeing produced. This
generallyindicatesaword of unknavn category, i.e. a
word which was seenin the training data, but never
with the tag with which we now seeit in the input
string. Here, we have chosento treatsuchwords as



“un-tagged” words and simply include in the parse
spaceall relevant lexicalisedfragmentsregardlessof
the pre-terminalghey specifyfor thesewords. Where
we have successfullyconstructed parsespacecover-
ing all inputwordsbut still cannotproduceafull parse,
we revertto an“un-tagged”parse.

Depth || Recall | Precision| F-score
1 62.68 63.22 62.94
2 69.96 68.09 69.01
3 72.93 69.73 71.29

Tablel: Resultsachiezed on untaggednput.

Depth || Recall | Precision| F-score
1 70.69 69.55 70.11
2 77.35 74.28 75.78
3 77.92 74.46 76.15

Table2: Resultsachiezed ontaggednput.

4 Results

4.1 Quality

Table 1 shaws standardrecall, precisionand f-score
resultson untaggedinput stringsat depths1, 2 and
3 averagedover all splits. Increasingthe size of the
fragmentbaseto includefragmentsof depth2 results
in a7.28%increasdn recallanda 4.87%increasdan
precision. Increasingfrom depth?2 to depth3 results
in furtherincrease# accurag of 2.97%for recalland
1.64%for precision. The averageincreasen f-score
from depthl to depth3 is 8.35%.

Table 2 shaws recall, precisionand f-scoreresults
ontaggednput stringsat depthsl, 2 and3, again av-
eragedover all splits. Increasingthe size of the frag-
mentbaseto includefragmentsof depth2 resultsin a
6.66%increasdn recallanda 4.73%increasdn pre-
cision. Increasingfrom depth?2 to depth3 resultsin
smallincreasesn recall and precisionof 0.57%and
0.18%respectiely. The averageincreasein f-score
from depthl to depth3 is 6.04%.

The DOP Hypothesisstateshat parseaccurag in-
creasesas larger fragmentsare includedin the frag-
ment base. This hypothesishasbeenshavn for the
first time to hold for the parsingof English on ser-
eral differenttreebankgBod, 1998; Bod & Kaplan,
2003;Bod, 2003). It hasrecentlybeenshawvn to hold
for Data-Orientedranslationfrom Englishto French
whenthe DOT systemis trainedon the HomeCentre
Corpus(Hearne& Way, 2003). Theresultspresented
here confirm that this hypothesisalso holds for the
parsingof Chinesetext whenthe parseris trainedon
the ChinesePennTreebank.However, theincreasédn

Depth || secs/sentence frags/sentence
1 94.39 373.38
2 117.65 1407.77
3 121.99 1493.89

Table3: Efficiengy on untaggednput.

accuray from depth2 to depth3 on taggedinput is
minimal.

Depth || secs/sentence frags/sentence
1 57.60 263.29
2 76.93 976.82
3 88.16 1182.07

Table4: Efficiency ontaggednput.

4.2 Efficiency

Thetime takento parseraw input stringsvariesfrom
94.39secs/sentenca depthlto 121.99secs/sentence
at depth3, asshawvn in Table 3. Obviously, parsing
is fasterover taggedstringsdueto the corresponding
reductionin ambiguity Table4 shavsthatparsetimes
on taggedinput vary between68.29 secs/sentencat
depth 1 and 88.16 secs/sentencat depth3. These
tablesalso clearly illustrate that averageparsetimes
generallycorrespondo the averagenumberof frag-
ments presentin the parsespacefor eachsentence
at eachdepth. It is reasonabldo expectthat, asthe
numberof training fragmentsavailableincreasesand
the numberof fragmentsrelevant to the parsespace
increasesthe time taken to producea parsealsoin-
creases.However, parsingcan be separatednto two
distinct phases:the constructionof the parsespace
andthe selectionof the most probableparse. While
this expectationholdstrue for thefirst phaseijt is not
necessarilthe casefor disambiguation. Despitein-
creasesn the averagenumbersof training fragments
andrelevantfragmentsparsetimesdecreaséor splits
slands2by 2.68secs/senten@nd4.23secs/sentence
respectiely from depth2 to depth3. As sentence
lengthandthe numberof sampledakenremainscon-
stantateachdepth,variationin disambiguationimeis
dueto variationin the lengthsof the derivationssam-
pled. Longer derivations arise where mary smaller
fragmentsare sampled,andthesederivationsrequire
moretime. As fragmentdepthincreaseslarger frag-
mentsare available for selection,resultingin shorter
derivationsand, therefore,decreasedlisambiguation
time.

No comparisorof parsetimesis possiblegiventhat
the previous work on parsingthe CTB did not pro-
vide ary suchdetails. While our parsetimes may
be deemedatherslow, fastertimesfor data-oriented
parsinghave beenachieredby extractinga probabilis-



\ Precision| Recall | F-Score
Bikel & Chiang2000 77.2 76.2 76.7
Levy & Manning2003 78.4 79.2 78.8
Chiangé& Bikel 2002 81.8 78.8 79.9

Table5: PreviousResultson ParsingtheChineselree-
bankfor sentencekessthanor equalto 40 words.

tic context-free grammar(PCFG)which generateshe
samestringsandtreeswith the sameprobabilitiesas
the correspondindOP grammar(Goodman, 2003).
While this is worthy of investication in further re-
search,our primary aim is not parsing per se but
rathermachinetranslation(MT). Our intentionis to
build large-scaldDOPandLFG-DOP(Bod & Kaplan,
1998) systemgcf. Poutsma2000; Hearneand Way,

2003; Way, 2003). SuchmodelsrequirealignedPS-
trees(and, for LFG-DOP models,LFG f(unctional)-
structurecorrespondingo thesetrees,henceour use
of the HomeCentrecorpus),andto date,no efficient
PCFG reduction has been developed which can be
appliedto a bilingual treebankand which will gen-
erate the same source/taget strings and trees with

the sameprobabilitiesasthe correspondindilingual
DOP-basedgrammar Accordingly if we were to
adaptourparsetto incorporategGoodmarsideasthere
is no guaranteehat suchsavings would carry over to
MT. We have, therefore decidedio maintainthe flexi-

bility of a DOP-parsewhichis immediatelyutilisable
in theareaof machinetranslation.

5 Contrast with Related Reseach

Previouswork on parsingthe CTB includes(Bikel &
Chiang, 2000), (Chiang & Bikel, 2002) and (Levy
& Manning, 2003). Bikel & Chiang(2000) usetwo
modelsfor their experiments,one basedon the BBN
modelof (Miller etal., 1998),andthe otheron Tree-
InsertionGrammar(TIG) (Schabes Waters,1995),
adaptedrom (Chiang, 2000).Chiang& Bikel (2002)
useghesameT|G-parseybut uselnside-Outsideees-
timation to improve the setof headrulesfor Chinese
givenin (Bikel & Chiang,2000). Levy & Manning
(2003) use the factoredparsingmodel of (Klein &
Manning, 2002), which involves combining a parse
derived from a non-lexicalised, maximumlikelihood
estimatedPCFGwith a parseobtainedindependently
from adependencmodel.

Levy & Manning(2003)discusswvhy they chosenot
to usethe sametrainingandtestdataas(Bikel & Chi-
ang,2000). Thelatterusedarticles1-270for training,
301-325for systemdevelopment,and 271-300for
testing. Levy & Manning (2003) point out that “this
developmentsetwasuncharacteristiof the corpusas
awholeandnotidealfor development”.Accordingly,
they usearticles1-25for developmentand26-270for
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Figure 6: NN mis-taggedas VV at depth1 (top) is
correctlytaggedat depths2 and3.

training underdevelopment. Given thesediscrepan-
cies,the two approachesarenot directly comparable.
Despitethe differencesin training and development
data,they neverthelesgperformedexperimentson the

sametestset. The respectre resultsfrom thesethree

approachesnthistestdataaregivenin Table5.

As statedin section3, we usedifferenttrainingand
testsetsagain comparedo thesepreviously published
papers.We needto ensurethat certaintreeswere ex-
cludedfrom thesedatasetso thatthe numberof tree
fragmentavasnot overly onerous.Giventhis, our re-
sultsare not directly comparablewith thosegivenin
Table5. Our f-scoresare 8.61%lower thanthoseof
(Chiang& Bikel, 2002)on un-taggedinput strings
and3.75%lower on taggedinput. More experiments
arerequiredto determinewhetherfurther increasing
fragmentdepthandthe amountof training dataused
will resultin improved performance.

Levy & Manning(2003)provide anin-depthanaly-
sisof variouserrortypesaccordingo a numberof cri-
teria: multilevel VP adjunction,NP-NP modification,
Coordinationandtaggingerrors.In thenext threesec-
tions,we provide acomparisorwith Levy & Manning
(op cit.) onthe latterthreetypesof error. This com-
parisonis basedon manualanalysisof the parsegro-
ducedfor 100 testsentencesall of which were con-
tainedin thesametraining/tessplitandweretherefore
parsedover the sametrainingdataat eachdepth.

5.1 Tagging

Levy & Manning (2003) obsere that the main error
in taggingwasthe tendeng to mistagverbs(VV) as
commonnouns(NN) andvice versa. They notethat
while all languagegrovide a meanswherebyverbs
canbeconvertedinto nounsthisis particularlya prob-
lem in Chinesegiven its sparsemorphology While
this is alsotrue of English,morphologicalvariantsof
ambiguousN-V words canbe insertedto resolhe the



ambiguity Theonly wayin which suchambiguitycan
beresohedin Chineses to seewhetheradwerbial or
prenominamodifierscanco-occurwith the saidword

In orderto try to evaluatetheimpactof N-V ambi-
guity in Chinese,Levy & Manning (op cit.) trained
their parserwith the VV and NN tagsmemged. Un-
surprisingly the F-scoreslecreaseby 5.4%for their
vanilla PCFG parsey and by 1.7% for the refined
model.

When parsingraw input strings, our tagging ac-
curag increasedrom 92.48%at depthl1 to 93.92%
at depth2, with no further improvementat depth 3.
We also obsered that the main sourceof error con-
cernedambiguity asto whethercertainwords should
be taggedas nounsor verbs— theseerrorsaccounted
for 38.85%of all incorrecttagassignmentsTheaddi-
tion of fragmentsf depth2 to theparsespaceeduced
this type of errorto a certainextent— asillustratedin
Figure 6 — but no furtherimprovementswere seenas
fragmentsof depth3 wereintroduced.

5.2 NP-NP modification

Levy & Manning(op cit.) notethatthis type of er
ror wasthe mostcommonin their experiments.Com-
pound noun interpretationis notoriously difficult in
Englishaswell, of course,but Levy & Manningob-
sene that such structurestypically receve a flat in-
terpretationin the Penn-11 Treebank.While sucham-
biguity is difficult to resole in Chinese the factthat
the differentsemantidnterpretationsill have differ-
entdependeng parsesenablescertaincasedo bein-
terpretedcorrectly but only “when word frequencies
are large enoughto be reliable”. Neverthelessgven
wherethe dependeng parsewasunableto help,they
notedthat “the internal distributions (i) of NP mod-
ifiers and (ii) left-modified NPs both differ from the
internaldistribution of NPsin general”. Accordingly,
they mark eachtype as(i) or (ii) in the PCFGparser
whichreducegheamountof biasagainstNP-NPmod-
ificationin nominalcompounds.

Again, we found that the addition of larger frag-
mentsto the parsespacdedto greateraccurag in the
interpretatiorof compounchouns.Figure7 illustrates
how, asthe available contet increasesthe required
shallov NR-NN-NN modificationis correctly identi-
fied, while Figure 8 shaws the alternative situation,
wherea deeperparseis required. However, even at
depth3 NP-NPmodificationerrorsarestill common.

5.3 Coordination
With respectto coordination,Levy & Manning (op
cit.) foundtwo main error types: misattachmenbf

Translationsprovided by a native spealer of Chinese
with fluentEnglish.

NP-SBJ VP PU

N‘R NP-SUBJ VP PU NR/\NP ‘ ‘
JE | j NN/\NN JE i /\
| | | j NN NN
-, | |
B HE B R
(a) (b)
P
NP-PN-SBJ VP PU
NR NN NN ‘ ‘

| | |
B &£5F #X

(©

Gloss: XiamenSpecialEconomicZone.

Figure 7: Shallav NR-NN-NN modificationis cor
rectly identified stepwiseas depth increasesfrom
depthl (top) to depth3 (bottom).

IP-HLN

/N NP-SBJ v‘v
N;{C NP-SBJ vy /\ éﬁﬁ
éﬂ:?ﬁ: NP NP
DT NN NN NN FH VN T~
| | | | D‘T N‘N N‘N N‘N
€3 HZ BEHE
€3 HZ BE#E
(@) (b)

Gloss: TheNational Track and Field Championshithasfinished

Figure8: NP-NPmodification,incorrectlyanalysedat
depthl (top)is correctlyanalysedat depths2 & 3.

the right conjunctwherethis is eitherverbalor nom-

inal. Therearetwo main problemsfor VP coordina-
tion: firstly, dueto pro-drop, ary VP coordinationis

ambiguouswith a higher IP coordination(assuming
thereto bearule I P — V P someavherein thegram-
mar); and secondly VPs in the CTB are multi-level,

which malkesit difficult to establisithe scopingof ad-

juncts. Levy & Manning (op cit.) find that the first

of theseproblemscanbelessenedomevhatby mark-

ing adwerbswhich possessan IP grandparentwhile

the secondproblemis alleviatedto a certainextentby

markingVPsasadjunctionor complementatiostruc-
tures. They alsonotethatonly like VPs are coordi-

natedin their training phase.As for NP coordination,
themajorscopingproblemwasin falsehigh scopings,
which are reducedby the marking of NP conjuncts.
They foundno casef falselow attachmentatall for

NPs.

We encounteredimilar difficultiesin analysingNP
coordinationandachievedlittle improvementdespite
the additional contextual information available when
larger fragmentswereaddedto the parsespace.Con-



trary to the obsenationsof Levy & Manning(op cit.),
we foundno errorsin VP coordination.However, VP
coordinationwas not particularly commonin the set
of manuallyanalysedarsesandfurtherinvestigation
is neededn ordergain a clearerpictureasto how it is
analysedinderthe DOP approach.

6 Conclusionsand Future Work

This work hasprovided an accountof how our Data-
Oriented Parserfared in parsingthe ChineseTree-
bank.Despitethefactthatour parsemwasinitially con-
structedfor Englishon a differenttreebankinvolving

texts from differentdomainswe did not have to make

ary adaptationst all in orderto parsethe CTB. Un-

like relatedresearchno furthermechanismsuchasa
manualencodingof headrulesfor Chineseor adepen-
deng parserwererequired.

While our resultsare not directly comparablewith
this relatedresearchour figuresin termsof Precision
andRecallareslightly lower. Nonethelessgiventhe
factthat the relatedwork requiresa numberof other
resourceswe considerour resultsto be extremely
promising.In addition,in a qualitative evaluation,we
obsenred that our approachwas betterableto handle
certainconstructionsvhich posedproblemsin previ-
ouswork.

Thisis thefirst attemptto applydata-orienteaneth-
odsto the CTB, andimportantly our work confirms
the ‘DOP Hypothesis’,which statesthat parseaccu-
ragy increasesslarger fragmentsareincludedin the
fragmentbase.

As for furtherwork, while our maininterestsarein
theareaof DOP-basednodelsof translationtherere-
maininsightsfrom Goodmars (2003)researchwhich
shawv that parsetimes canbe decreasedonsiderably
for DOP In addition,wewouldliketo applyourparser
to sectionf the Penn-11Treebanko compareourre-
sultson Chinesdor English.
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