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Abstract

Ever sincethe landmarkpaperRamshw andMarcus (1995), machinelearningsystems
have beenusedsuccessfullyfor identifying basephrasegchunks) the bottomconstituents
of a parsetree. We expanda state-of-the-arthunkingalgorithmto a bottom-upparserby
recursvely applyingthe chunler to its own output. After testingdifferenttraining con-
figurationswe obtaina reasonablgarserwhich is testedagainsta standarddataset. Its
performancdalls behindthatof currentstate-of-the-anparsersWe give somesuggestions
for modificationsof the parsemwhich mayleadto future performanceémprovements.

1 Introduction

Ramsha and Marcus(1995) have proposedapproachingasephraseidentifi-
cationby regardingit asa taggingtask. Phrasesn a text canbe representedby
word-relatedphrasechunktags,like | (insidechunk)andO (outsidechunk). The
adwantageof this approachs thatarbitrary simple machinelearningalgorithms,
for exampleclassifierscanbe usedfor performingthis task. This paperhasini-
tiateda lot of follow-up researchboth regardingbasenounphrasedentification
andfinding arbitrarybasechunks.

A groupof chunkerscanbuild a completeparsetreeif eachof themidentifies
syntacticchunksatadifferentlevel of thetree. Thefirst chunlerfindsbasechunks
andsendtheseto the secondchunker which identifiessyntacticconstituentone
level above the baselevel. This chunker sendsits outputto anotherone which
identifiesconstituentsat the next level andso on. The chunlerscanbe imple-
mentedwith ary classificatioralgorithmwhich enablesesearcherom different
sggmentsof themachindearningfield to build a parser

Theideaof usingchunlersin a parseiis not new. EjerhedandChurch(1983)
describea grammarfor Swedishwhichincludesnounphrasechunkrules. Abney
(1991) built a chunkparsemhich first finds basechunksandthenattachegshem
with a separateattachmenprocess. Brants(1999) useda cascadeof Markov
modelchunlersfor obtainingparsingresultsfor the GermarNEGRA corpus.

In this paper we expanda state-of-theart chunkingalgorithmto analgorithm
for full parsing.Our approachs mostsimilar to Brants(1999): we useachunler
for retrieving all parsetreelevels. However, we applythe chunkparserto a stan-
darddatasetfor Englishin orderto allow a comparisorwith earlierparseresults.
We describahe chunler-parsertransformatiorprocessn detailandexaminedif-
ferenttrainingconfiguration®f the chunkparser After this we testthe parserand
compardts performancavith a state-of-the-arstatisticalparser
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Estimated volume was a light 2.4 million ounce

Figurel: Exampleparsetreefrom the PennTreebankThe bottomrow containsghewords
(Estimated.), the row aborve that one containsthe part-of-speechags(VBN...) andthe
next thechunktags(NP QP).

2 Chunking

Identifyingthe phraseatthebottompartof thetreeis calledchunking.For exam-
ple, thetreein figure 1 containstwo basephrasesa nounphraseanda quantifier
phrase:

(NP Estimatedvolume)was
alight (QP 2.4 million) ounces

The first report on applying statisticalmethodsto this task datesbackto 1988
(Church1988). The mostinfluential work in this areais Ramsha and Marcus
(1995).They shavedthatthistaskcanbe approachedsataggingtaskby replac-
ing thecommonbraclet notationfor chunkswith ataggingrepresentation:

Estimated/B-NRolume/I-NPwas/O
a/Olight/O 2.4/B-QPmillion/I-QP ounces/Q/O

Their taggingschemecontainsthreetypesof tags: B-XX for the first word of a
chunkof type XX, I-XX for non-initial wordsin suchchunksand O for words
outsideof ary chunk! The taggingrepresentatiomasan advantagesover the
bracletrepresentationwvhile thelattermay suffer from braclet-pairingproblems,
thetaggingrepresentationequiresalmostno consisteng checks.Furthermoreat

allows existing taggingtechnologyto be usedfor deriving chunksin text.

1The original Ramsha andMarcus (1995)chunkformatwasslightly differentfrom the oneshawn
here.lIt includedan extra punctuatiorchunktype (P) andthe tagsdid not containhyphens.
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IOB1 | IOB2 | IOE1 | IOE2 O+C

Estimated| I-NP | B-NP | I-NP | I-NP | [-NP @)
volume| I-NP | I-NP | I-NP | E-NP| O | ]-NP

was @] O O O O @]

a @] (0] (0] (0] (0] @]

light (@] (0] (0] (0] O @]

24| I-QP | B-QP| I-QP | I-QP | [QP | O
million | I-QP | I-QP | I-QP | E-QP| O | ]-QP

ounces| O (e} (e} O (e} (@]

@] (0] (0] (0] (0] @]

Tablel: Fiverepresentationsf thechunkstructureof thesentenc&stimated/olumewasa
light 2.4million ounces I0B1 andlOE1only useaB-XX oranE-XX tagattheboundaries
of adjacenthunksof the sametype (not presenin this sentence)lOB2 andIOE2 useB-
XX andE-XX tagsatboundarie®f all chunks.O+Cis thebraclet representation.

Recentwork hasshownn that with a good methodfor repairingbraclet prob-
lems, a noun phrasechunkingsystemusingthe braclet representatioperforms
betterthan one that usesthe taggingrepresentatioriMufioz, Puryakanok,Roth
and Zimak 1999). Even more promisingis the approachthat combinesthe out-
put of chunlersthat usedifferentdatarepresentationéljong Kim Sang2000a).
Theideais build five chunkingsystemspnewhich useghebracletrepresentation
andfour which usevariantsof the taggingrepresentatiofseetable 1). Because
of the differentformatsof the data,the five systemswill make differenterrors.
After corvertingtheir outputto the braclet representatiompne canextracta new
chunksegmentatiorby only acceptingoracletswhich have beenpredictedby the
majority of thesystemsThenew chunksegmentatiorprovesto be betterthanary
generatedby theindividual systemgTjong Kim Sang2000a).

We have usedthe combinationof representationshunkingmethodof Tjong
Kim Sang (2000b).This meangrainingfive classifieravith eachof thedatarep-
resentationshavn in table1. Eachof theclassifierperformsfour passesverthe
data.Firstthey determinghechunkboundariesegardlesof thetype (two passes
for the braclet representation) After this the four systemghat usethe tagging
representatiomisethe chunk structurefound as extra informationfor producing
animproved sggmentation.Next all datais corvertedto the braclet representa-
tion andeachsystemperformstwo passedor determiningthe typesof the open
andclosebraclets,respectiely. This processwith four passesver the datawas
choserafteracomparatre chunkingstudy(Tjong Kim Sang2000b).An example
of thefeaturesusedin the four passesanbe foundin figure2. Whenthe output
of thefive systemss available,the five openbraclet andfive closebraclet data
streamsare combinedwith majority voting. Finally, the resultingopenandclose
bracletsaremadeconsistenby throwing away all bracketsthatcannotbematched
with anadjacenbraclet of the samechunktype.
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EstJJvol NN wasVBD aDTIi_g JJ2.4CD mil CDounNNS. .
vol NN | wasVBD OaDT OIi_gJJZ.4CD B mil CD I ounNNS O

Figure2: Featuresisedfor classifyinglight in the sentencéEstimatedvolumewasa light
2.4 million ounces Word lengthhasbeenlimited threecharacterso male thelinesfit in
thisfigure. Thefirst row containghefeatureaisedin thefirst, third andthefourth pass:ithe
word andits part-of-speecfPOS)tagwith thefour previousandfour next wordswith their
POStags. The secondrow shaws the featuresusedin the secondpassof the systemthat
workedwith thelOB2 taggingrepresentatiortheword, its POStagandthethreeprevious
andthreenext wordswith their POStagandthe chunktagfoundin passone.

Variousmachindearningmethodsanbeusedor thebasictaskof determining
the mostappropriatechunktag sequencefor a text. We usethe memory-based
learningalgorithmiB1-1G whichis partof TiIMBL packaggDaelemansZavrel,
van der Slootandvan denBosch1999). In memory-basedkarningthe training
datais storedandanew itemis classifiedoy themostfrequentlassificatioramong
trainingitemswhichareclosesto thisnew item. Dataitemsarerepresentedssets
of feature-aluepairs.In 1B1-1G eachfeaturereceivesa weightwhichis basedon
the amountof informationwhich it providesfor computingthe classificationof
theitemsin the training data. Thesefeatureweightsare usedfor computingthe
distancebetweena pair of dataitems(Daelemangt al. 1999). 1B1-1G hasbheen
usedsuccessfullyon alargevariety of naturallanguagerocessingasks.

The overall resultsof the chunking processare measuredvith labeledpre-
cision and recall, respectrely the percentageof detectedphraseghat are cor
rect and the percentageof phrasesin the datathat were found by the parser
We have combinedthesetwo in the Fs—; rate which is equalto (2*preci-
sion*recall)/(precision+recall).

3 Parsing

In this papemwe will performparsinggeneratingyntacticanalysegor sentences,
with a chunkingalgorithm. Most parsingwork describesa processfor finding
basechunkswhich arecombinedby anotherprocesso trees(for exampleEjerhed
andChurch (1983)andAbney (1991)). However, like Brants (1999),we want
to build a parserin which constituentst all levels of the parsetreeareproduced
by a chunkingalgorithm. This is a naturalfollow-up of our earlierwork (Tjong
Kim Sang2000a,Tjong Kim Sang2000b)in which we build a nounphrasechun-
ker, anounphraseparseranda generalchunler. Our generalparsemperformsthe
following actions:
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w  Estimated volume was a light 2.4 milion ounces

p VBN NN VBD DT JJ CD CD NNS

0 (NP NP) (QP  QP)

ow volume was a light million ounces
Op NP VBD DT JJ QP NNS

1 (NP NP)

1w volume was ounces

1p NP VBD NP

2 (VP VP)

2w volume was

2p NP VP .
3 (S S)

Figure3: An exampleof the parsingprocessfirst the basechunksareidentified (row 0).
Thechunksarecompressedndreplacedy theirheadg0w) andlabels(0p). Thenthenext
level of phrasess identified(1) andcompressetb headwords(1w) andlabels(1p). This
is followed by two morelevels of phraseidentification(2 and3) andanothercompression
(2w and2p).

. useataggerfor finding a part-of-speeclhagfor eachword,

. useachunlerfor identifying basephrases,

. replaceall identifiedphrasesvith their headandtheirlabel,

. find ‘base’phrasesn the new datastream

5. if thepreviousstepdiscorerednew phraseshenrepeatstepss3-5.

A OWNPRP

In this set-uponly step4 requiresa training phase. The otheractionsare either
fixed(3 and5) or dependn parserexternalprocessegl and2). Ideally steps2 and
4 would bethesamebut unfortunatelywe have discoseredthatthe combinationof
representationshunkingapproachdoesnot work well for non-basghrasesThe
systemswhich usethe taggingrepresentatioperformmuchworsethanthe one
thatusesthe bracletrepresentationThereasorfor thisis that,basecbn alimited
contet, it is hardto determinaf aword shouldbeincludedin achunkatlevel n or
atlevel n+1. With the bracletrepresentatiorincorrectbracletswill be generated
but thesewill be eliminatedin the braclket combinationprocess. However, the
systemghat usethe taggingrepresentatioproduceincorrectB andl tagswhich
causeerrorsin their output. A combinationof the five systemsperformsworse
thanthesystemhatuseshebracletrepresentatioandthereforewve have decided
to useonly thelatterfor step4 of the chunkparser

In orderto beableto compareourresultswith earlierwork like Collins(1999),
we have usedthe Maximum Entropy taggerdescribedn Ratnaparkh{1996)for
assigningpart-of-speechagsto our data. The wordsin the datahave beencom-
binedto basechunksby the chunkingapproachdescribedn the previoussection.
After finding the basephrasesgachof themwill be replacedby their head(the
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Figure4: PrecisionrecallandFz=, ratesfor onerun of the parserappliedto the param-
etertuningdataset. The precisiondecreasewhenthe chunkinglevel increasesthe recall
increaseat higherlevels andthe F rateincreasesuntil aboutlevel 19 anddropsslightly
afterwards(not noticeablean this graph).

mostimportantword in the phrase)andtheir type, conformfigure 3. The head
word of eachphrasés generatedby alist of rulesputforwardby Magermar(1995)
andmodifiedby Collins (1999). 2 It choosesa headword of a phrasebasedon
the type of the phrasethe types/POSagsof the phrases/ordsimmediatelyun-
derthe phraseandthe orderof thelatter Theapproactof compressingdentified
phrasegrovidesus with a standarddataformat. At all levels of the bottom-up
processsentencearerepresentetly a sequencef lexical items(usuallywords)
with associatedyntactictags(POStagsor phrasetlypetags).

The parsingprocesggenerates uniquetreefor eachsentence.Thetreecan
be interpretedas a set of phrases. The output of the parserare evaluatedwith
the samemeasuressthe chunkingresults: labeledprecision,labeledrecall and
Fs=1 rate,all appliedto phrasesAdditionally we have usedthe crossingoraclets
measurg¢CB) for indicatingtheaveragenumberof identifiedphrasegpersentence
thatcrossphrasesn theoriginal data.

4 Results

We have usedtwo segmentpairsof theWall StreetJournal(WSJ)partof thePenn
Treebank(Marcus, Santoriniand Marcinkiewicz 1993)for training and testing.
Firstwe usedsectionsl 5-18(8,936sentencesystraining materialandsection20
(2012 sentencesas testmaterialfor determiningthe optimal parameter®f the
parser(tuning data). The bestconfigurationfor that datawasusedfor processing
section23 (2416sentencesaftertrainingwith section€02-21(39,832sentences).
Theresultsfor thatdatasethave beenusedfor a comparisorwith performancef
otherparsers.

In our first experimentwe testedthe influenceof varying context size and

2Availableon http://iwwwresearch.att.com/"miims/mpes/heds
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k=1 k=3
74.13(18) | 70.20(13)
77.17(19) | 75.13(15)
77.05(16) | 76.02(16)
76.33(15) | 75.33(14)

7099
E AN

Table2: Fg—1 ratesfor four context sizescombinedwith two sizesof nearesheighborhood.
The parsemwastestedon the tuning data. The numbersbetweerbraclets arethe optimal
levels at which processingvasstopped.We obtainedthe bestFz_, ratefor context size2
combinedwith nearesteighborhoodizel.

neighborhoodsize in step4 of the parser the non-basechunkingprocess. The
context sizeis thenumberof wordsandsyntactidagsthatareusedasfeaturesfor

examplecontet size2 meanghattheclassificatiorof awordis determinedvhile
usingtheword, thetwo previouswords,the next two wordsandthe syntactictags
of all thesewords. The size of the neighborhoodsize determineghe numberof

nearesheighborregionsthatthememory-basetbarneusedo determingheclass
of thecurrentdataitem. We have performedexperimentswith thetuningdatawith

four differentsymmetriccontext sizes(1, 2, 3 and4) andtwo neighborhoodizes
(1and3).

Our parsingprocessworks bottom-up,level by level. At eachlevel it finds
new phrasesandthereforethe numberof detectecphrasess expectedo increase
whichmeanghattherecallrateincreasesUnfortunatelysincewe useonelevel of
training dataat atime (like Brants(1999)),theamountof availabletrainingdata
decreasest higherlevels andthereforethe precisionof the recognitionprocess
decreaseat higherlevels (figure 4). Our goalis to optimizethe Fg—, rateof the
results. In our experimentswith the tuning dataset,we have found thatthis rate
reachesnoptimumafteraboutl5 levels of phraserecognition.At thatpointthe
parsertis still finding new phrasesut theimprovedrecallratecannotcompensate
for the drop in precisionrate. For this reasornwe have decidedto stopthe cas-
cadedphrasaecognitionprocessem thetuningexperimentavhentheF ratewas
optimal. We have addeda post-processingtagewhich addsa top S nodeto trees
which do not containsucha node. The resultsof the eight experiments F rates
andhalting levels,canbe foundin table2. The configurationwith context size2
andnearesheighborhoodizel performedbest. The bestcontet sizefoundhere
is the sameasusedby Ratnaparkh{1998).

In the next seriesof experimentswe testedthe influenceof trainingdataseg-
mentationon parsingperformance.In our previous experimentswe only used
trainingdatafrom onelevel atatime. For example duringidentificationof phrases
atlevel 1, theonesimmediatelyabove the basechunkswe only usedtrainingdata
from level 1. This causegroblemsat higherlevels, for which thereare fewer
examplesavailable. Ideally, we shouldbe ableto useonebody of training data
for all levels. We have performedtwo extra experimentswith context size2 and
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Fg—1

usingcurrenttraininglevel only | 77.17(19)
usingcurrent,previousandnext | 77.13(17)
usingall trainingdata 67.69(20)
disregardingopenbraclettypes | 72.33(24)
disregardingclosebraclettypes| 76.06(29)

Table3: Theperformancef five trainingvariants.In theseexperimentsve usedthe same
contet size(2) andnearesheighborhoodize(1) but variedtheamounf trainingmaterial
usedat eachchunklevel or disregardedthe typesof the openbraclets or closebraclets
during the braclet combinationprocess. We obtainedthe bestperformancenvhen using
trainingdatafrom the currentchunkinglevel.

nearesheighborhoodaizel: oneusingall trainingdataapartfrom thebasechunk
level (levels1-31)andanothemwhichusegheprevious,currentandnext level. The
resultscanbe foundin table3. Neitherof the two set-upsperformedbetterthan
the configurationwhich usesonelevel of trainingdataat atime.

Our braclket combinationalgorithmis very strict: it only usesadjacenbrack-
etsif they have the sametype and appeamext to eachotherin the corrector-
der (first openandthenclose)without interveningbraclets. Chunlerswhich use
this approaclobtainhigh precisionratesandlow recall ratesbecause¢hey gener
atephraseavhich arelikely to be correctanddisregardall otherphraseqTjong
Kim Sang2000a).We have testedwo alternatve approachesonewhich useshe
type of theclosebracletsanddisregardsthetype of theopenbracletsandanother
whichuseghetypeof theopenbracletsandignoresclosebraclettypes.Thesec-
ond approactperformedbetterthanthefirst but neitherof themimprovedon the
standardnethodwe usedfor bracletcombination(seetable3).

We have appliedthe besttraining configuration(context size 2, neighborhood
size 1, train with currentlevel anduse19 iterationsplus post-processingtage)
to the large dataset. After training we obtainedan Fs—; rate of 80.490n ar-
bitrary sentencesf the testdata(precision82.34%,recall 78.72%and crossing
bracletrate1.69). Figure5 containsanoverview of the progressiorof precision,
recallandFs—; ratemeasuredt differentlevels. The performanceof the chunk
parseris reasonabldut it doesworsethanstate-of-the-arstatisticalparsingsys-
tems(Collins 1999,Charniak2000)which achieve F3—; ratescloseto 90 andCB
ratesunder1.103

3Ohviously theparsehasproblemswith deeplyembeddegentenceecausef themaximumparsing
depth(19). However, its performanceon shortsentencg10 words or shorter)is not perfecteither
(Fg=1 = 89.5).We have not spottedsystemati@rrorsin the parsingoutputyet.
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Figure5: Pekrlevel precision,recallandFg—, ratesfor sentenceshorterthan100words

obtainedby our chunkparserappliedto section23 of the PennTreebank(left) compared
with theparseof Collins (1999)(right). Theparserdave generate@0levelsof chunktags
(0-19). An extra post-processingtep(20) hasaddedop S nodego incompleteparsetrees.
The precisionof the chunkparserdropsfasterandtherecall grows slower thanthatof the

Collins parser Thefinal F ratesarerespectiely 80.49and87.08.

5 Related work

A lot of work hasbeendoneon naturallanguageparsing.In this sectionwe men-
tion someof the work which usesmachinelearningmethodsfor building parsers
ratherthanhand-craftedgrammars.Black et.al. (1992) introducehistory-based
grammars: a statisticalparsingmodel which obtainsprobabilistic clues of the
optimal parsedrom training data. It is hardto comparetheir performancewith
otherwork becaus¢hey useddifferenttestdataanddifferentevaluationmethods.
Magerman(1995) built SRATTER, a statisticalparsermwhich usesdecisiontrees.
It obtainedan F rate of 86.00n sentenceshorterthan40 wordsof section00 of
the PennTreebank.

The parsingmethodusedby Ratnaparkh{1998) is closelyrelatedto our ap-
proach.He usesa classificatioralgorithm,maximumentropy modelsfor building
parsetreesin a bottom-up,left-to-right fashion. The parsemperformsbetterthan
the previoustwo andobtainsF=86.9on PennTreebanksection23. Collins (1999)
describedlifferentstatisticalparsingmodels. They usecomple statisticalpredi-
catesfor deriving optimal parsetrees. His bestmodelobtainsF=88.20n section
23. Charniak(2000) combinesearlierwork by RatnaparkhiCollins andhimself
and createsa parserwhich obtainsan F rate of 89.5on section23 of the Penn
Treebank.Finally Bod (2000) mentionsa parserwhich performsslightly better
by usinga big databasef storedsubtree®f limited depth.

Regarding parsingwith chunkingtechniquesthree more papersneedto be
mentioned.EjerhedandChurch(1983) approactparsingof Swedishby starting
with identifying nounphrasechunks. Their approactrequiresa partial orderthe
non-terminalsymbolswhich limits the format of the treesthat canbe produced.
Abney (1991) describes parsemwhich startswith identifying basephrasesvhich
arecombinedto a completetree by an attachmenprocess.Brants(1999) built
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a bottom-upparsemwhich identifieschunksin Germantext with Markov models.
An interestingfeatureof his parseiis thatit is capableof correctingerrorsmadeat
earlierstages.

6 Discussion

Theparsingmethoddescribechereleavesopenmary optionsfor futurework. An

importantdifferencebetweenstatisticalparsersandour approachs the informa-
tion thatis availableto theparser For example our chunkparseidoesnothave ac-
cesdo theinternalstructureof achunkapartfrom its typeandits headword. If we

comparet performancevith a studyof Charniak(1997), we notethatour parser
performsbetterthan a standardprobabilisticcontext-free grammar(Fz=1=73.7)
but worsethanthanthe Minimal extensionof this grammar(Fs-;=82.8). How-

ever, even this Minimal extensionis provided with more information than our

parser:the rule probabilitiesdependon the headandthe type of the phraseand
thetypeof the parent.The bottom-upparserdescribedn this paperdoesnot have

accesgo informationaboutthe parentsTheavailability of thisinformationwould

probablyimprove the parsers performancealthoughit would alsocomplicatethe
chunkidentificationprocesses.

The parsemwould alsobenefitfrom usinga lessgreedymethodof braclet pre-
diction which would enableit to backtrackfrom earlierphrasestructureshoices
atlaterprocessingevels. At thismomentjt attemptgo find thebestbracletstruc-
ture at eachlevel andstickswith that. This is differentfrom mostotherparsers,
like for examplethe oneof Ratnaparkh{1998) which is capableof storingupto
20 intermediatdreesandexaminesstructuralextensionof all of them.

Another opportunity for performanceenhancemenlies in using a different
braclet estimationalgorithm. At this moment,we feel thatwe do not have used
the bestmethodfor finding chunksat the non-basdevel. We have achiered a
reasonablémprovementby usingcombinationof classifierdor chunkingrather
than a single classifier(Tjong Kim Sang2000a). Somethingsimilar shouldbe
possiblewnhile identifying higherlevel chunks possiblyby usinga variety of ma-
chine learningalgorithms. It would also be interestingto examinethe process
which combinesopenwith closebraclets.At thismomentcombinationgaremade
without regardingmorethantwo braclkets. A combinationmethodwhich exam-
inesthe completesentencéeforecreatinga bracket pair, like the one of Mufioz,
Puryakanok RothandZimak (1999), mightimprove performance.

Extra improvementsof this parserwill undoubtfully make it slover andin-
creaseits memoryrequirements. The presentprocessalreadyrequiresa lot of
computationatesourcescloseto 100 megabyte<of internalmemoryfor generat-
ing basechunkswith the smalltraining dataat a processingpeedof morethan
a secondperword. This is ordersof magnitudeslowver thanfor exampleRatna-
parkhi’s parserwhich in 1998 achieved a processingspeedof 0.14 secondger
sentencevhich achieving a higher performancerate (Ratnaparkhil998). It is
doubtfulwhetherextensionof thework reportedon hereis worth thetrouble.
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7 Concluding remarks

We have presenteémethodfor transforminga chunkerto afull parserlt consists
of usinga cascadef phraserecognitionalgorithmsfor building parsetreesin a
bottom-upfashion. The advantageof this approachs thatit enablesuilding a
parserby usingthe samesimple machinelearningalgorithms(classifierswhich
have successfullypbeenusedfor basephraserecognition. We have testedthis ap-
proachby corverting a chunkingalgorithmto a parsingalgorithmandevaluated
theresultingchunkparsemon astandardiataset. Theparsemperformedeasonably
(F=80)but it did not reachthe performancesf the state-of-aristatisticalparsers
(F=90).
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