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Abstract

Ever sincethe landmarkpaperRamshaw andMarcus (1995),machinelearningsystems
have beenusedsuccessfullyfor identifyingbasephrases(chunks),thebottomconstituents
of a parsetree. We expanda state-of-the-artchunkingalgorithmto a bottom-upparserby
recursively applying the chunker to its own output. After testingdifferent training con-
figurationswe obtaina reasonableparserwhich is testedagainsta standarddataset. Its
performancefalls behindthatof currentstate-of-the-artparsers.Wegive somesuggestions
for modificationsof theparserwhichmayleadto futureperformanceimprovements.

1 Introduction

Ramshaw andMarcus(1995) have proposedapproachingbasephraseidentifi-
cationby regardingit asa taggingtask. Phrasesin a text canbe representedby
word-relatedphrasechunktags,like I (insidechunk)andO (outsidechunk).The
advantageof this approachis that arbitrarysimplemachinelearningalgorithms,
for exampleclassifiers,canbeusedfor performingthis task. This paperhasini-
tiateda lot of follow-up research,both regardingbasenounphraseidentification
andfindingarbitrarybasechunks.

A groupof chunkerscanbuild a completeparsetreeif eachof themidentifies
syntacticchunksatadifferentlevel of thetree.Thefirst chunkerfindsbasechunks
andsendtheseto the secondchunker which identifiessyntacticconstituentsone
level above the baselevel. This chunker sendsits output to anotheronewhich
identifiesconstituentsat the next level andso on. The chunkerscanbe imple-
mentedwith any classificationalgorithmwhichenablesresearchersfrom different
segmentsof themachinelearningfield to build a parser.

Theideaof usingchunkersin a parseris not new. EjerhedandChurch(1983)
describea grammarfor Swedishwhich includesnounphrasechunkrules.Abney
(1991) built a chunkparserwhich first findsbasechunksandthenattachesthem
with a separateattachmentprocess. Brants(1999) useda cascadeof Markov
modelchunkersfor obtainingparsingresultsfor theGermanNEGRAcorpus.

In this paper, we expanda state-of-theart chunkingalgorithmto analgorithm
for full parsing.Ourapproachis mostsimilar to Brants(1999): weuseachunker
for retrieving all parsetreelevels. However, we applythechunkparserto a stan-
darddatasetfor Englishin orderto allow acomparisonwith earlierparserresults.
We describethechunker-parsertransformationprocessin detailandexaminedif-
ferenttrainingconfigurationsof thechunkparser. After thiswetesttheparserand
compareits performancewith astate-of-the-artstatisticalparser.
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VBN NN VBD DT JJ CD CD NNS

NP QP

NP

VP

S

Estimated   volume   was   a   light   2.4   million   ounces

Figure1: Exampleparsetreefrom thePennTreebank.Thebottomrow containsthewords
(Estimated...), the row above that onecontainsthe part-of-speechtags(VBN...) and the
next thechunktags(NPQP).

2 Chunking

Identifyingthephrasesat thebottompartof thetreeis calledchunking.For exam-
ple, thetreein figure1 containstwo basephrases,a nounphraseanda quantifier
phrase:

(NPEstimatedvolume)was
a light (QP2.4million) ounces.

The first report on applyingstatisticalmethodsto this task datesback to 1988
(Church1988). The most influential work in this areais Ramshaw andMarcus
(1995).They showedthatthis taskcanbeapproachedasa taggingtaskby replac-
ing thecommonbracketnotationfor chunkswith a taggingrepresentation:

Estimated/B-NPvolume/I-NPwas/O
a/Olight/O 2.4/B-QPmillion/I-QP ounces/O./O

Their taggingschemecontainsthreetypesof tags: B-XX for the first word of a
chunkof type XX, I-XX for non-initial words in suchchunksandO for words
outsideof any chunk.1 The taggingrepresentationhasan advantagesover the
bracket representation:while thelattermaysuffer from bracket-pairingproblems,
the taggingrepresentationrequiresalmostno consistency checks.Furthermoreit
allowsexisting taggingtechnologyto beusedfor deriving chunksin text.

1Theoriginal Ramshaw andMarcus (1995)chunkformatwasslightly differentfrom theoneshown
here.It includedanextrapunctuationchunktype(P)andthetagsdid not containhyphens.
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IOB1 IOB2 IOE1 IOE2 O+C
Estimated I-NP B-NP I-NP I-NP [-NP O

volume I-NP I-NP I-NP E-NP O ]-NP
was O O O O O O

a O O O O O O
light O O O O O O

2.4 I-QP B-QP I-QP I-QP [-QP O
million I-QP I-QP I-QP E-QP O ]-QP
ounces O O O O O O

. O O O O O O

Table1: Fiverepresentationsof thechunkstructureof thesentenceEstimatedvolumewasa
light 2.4million ounces. IOB1andIOE1only useaB-XX or anE-XX tagattheboundaries
of adjacentchunksof thesametype(not presentin this sentence).IOB2 andIOE2 useB-
XX andE-XX tagsatboundariesof all chunks.O+Cis thebracket representation.

Recentwork hasshown that with a goodmethodfor repairingbracket prob-
lems,a nounphrasechunkingsystemusingthe bracket representationperforms
betterthanonethat usesthe taggingrepresentation(Muñoz, Punyakanok,Roth
andZimak 1999). Even morepromisingis the approachthat combinesthe out-
put of chunkersthat usedifferentdatarepresentations(Tjong Kim Sang2000a).
Theideais build fivechunkingsystems,onewhichusesthebracketrepresentation
andfour which usevariantsof the taggingrepresentation(seetable1). Because
of the different formatsof the data,the five systemswill make differenterrors.
After convertingtheir outputto thebracket representation,onecanextracta new
chunksegmentationby only acceptingbracketswhichhave beenpredictedby the
majorityof thesystems.Thenew chunksegmentationprovesto bebetterthanany
generatedby theindividualsystems(TjongKim Sang2000a).

We have usedthe combinationof representationschunkingmethodof Tjong
Kim Sang (2000b).Thismeanstrainingfive classifierswith eachof thedatarep-
resentationsshown in table1. Eachof theclassifiersperformsfour passesoverthe
data.First they determinethechunkboundariesregardlessof thetype(two passes
for the bracket representation).After this the four systemsthat usethe tagging
representationusethe chunkstructurefound asextra informationfor producing
an improvedsegmentation.Next all datais convertedto the bracket representa-
tion andeachsystemperformstwo passesfor determiningthe typesof theopen
andclosebrackets,respectively. This processwith four passesover thedatawas
chosenafteracomparativechunkingstudy(TjongKim Sang2000b).An example
of the featuresusedin the four passescanbefoundin figure2. Whentheoutput
of thefive systemsis available,the five openbracket andfive closebracket data
streamsarecombinedwith majority voting. Finally, theresultingopenandclose
bracketsaremadeconsistentby throwingawayall bracketsthatcannotbematched
with anadjacentbracketof thesamechunktype.
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EstJJvol NN wasVBD a DT lig JJ2.4CD mil CD ounNNS. .
vol NN I wasVBD O a DT O lig JJ2.4CD B mil CD I ounNNSO

Figure2: Featuresusedfor classifyinglight in thesentenceEstimatedvolumewasa light
2.4 million ounces. Word lengthhasbeenlimited threecharactersto make the linesfit in
thisfigure.Thefirst row containsthefeaturesusedin thefirst, third andthefourthpass:the
wordandits part-of-speech(POS)tagwith thefour previousandfour next wordswith their
POStags. The secondrow shows the featuresusedin the secondpassof the systemthat
workedwith theIOB2 taggingrepresentation:theword, its POStagandthethreeprevious
andthreenext wordswith theirPOStagandthechunktagfoundin passone.

Variousmachinelearningmethodscanbeusedfor thebasictaskof determining
the mostappropriatechunktag sequencesfor a text. We usethe memory-based
learningalgorithm IB1-IG which is part of TiMBL package(Daelemans,Zavrel,
van der Sloot andvan denBosch1999). In memory-basedlearningthe training
datais storedandanew itemis classifiedby themostfrequentclassificationamong
trainingitemswhichareclosestto thisnew item. Dataitemsarerepresentedassets
of feature-valuepairs.In IB1-IG eachfeaturereceivesa weightwhich is basedon
the amountof informationwhich it providesfor computingthe classificationof
the itemsin the trainingdata. Thesefeatureweightsareusedfor computingthe
distancebetweena pair of dataitems(Daelemanset al. 1999). IB1-IG hasbeen
usedsuccessfullyona largevarietyof naturallanguageprocessingtasks.

The overall resultsof the chunkingprocessare measuredwith labeledpre-
cision and recall, respectively the percentageof detectedphrasesthat are cor-
rect and the percentageof phrasesin the data that were found by the parser.
We have combinedthese two in the F����� rate which is equal to (2*preci-
sion*recall)/(precision+recall).

3 Parsing

In thispaperwewill performparsing,generatingsyntacticanalysesfor sentences,
with a chunkingalgorithm. Most parsingwork describesa processfor finding
basechunkswhicharecombinedby anotherprocessto trees(for exampleEjerhed
andChurch (1983)andAbney (1991)). However, like Brants (1999),we want
to build a parserin which constituentset all levelsof theparsetreeareproduced
by a chunkingalgorithm. This is a naturalfollow-up of our earlierwork (Tjong
Kim Sang2000a,TjongKim Sang2000b)in whichwebuild a nounphrasechun-
ker, a nounphraseparseranda generalchunker. Our generalparserperformsthe
following actions:
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w Estimated volume was a light 2.4 million ounces .
p VBN NN VBD DT JJ CD CD NNS .
0 (NP NP) (QP QP)
0w volume was a light million ounces .
0p 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 theparsingprocess:first thebasechunksareidentified(row 0).
Thechunksarecompressedandreplacedby theirheads(0w) andlabels(0p). Thenthenext
level of phrasesis identified(1) andcompressedto headwords(1w) andlabels(1p). This
is followedby two morelevelsof phraseidentification(2 and3) andanothercompression
(2w and2p).

1. usea taggerfor findingapart-of-speechtagfor eachword,
2. usea chunkerfor identifyingbasephrases,
3. replaceall identifiedphraseswith theirheadandtheir label,
4. find ‘base’phrasesin thenew datastream
5. if thepreviousstepdiscoverednew phrasesthenrepeatsteps3-5.

In this set-uponly step4 requiresa training phase.The otheractionsareeither
fixed(3 and5)or dependonparser-externalprocesses(1 and2). Ideallysteps2 and
4 wouldbethesamebut unfortunatelywehavediscoveredthatthecombinationof
representationschunkingapproachdoesnot work well for non-basephrases.The
systemswhich usethe taggingrepresentationperformmuchworsethanthe one
thatusesthebracket representation.Thereasonfor this is that,basedona limited
context, it is hardto determineif awordshouldbeincludedin achunkat level n or
at level n+1. With thebracket representation,incorrectbracketswill begenerated
but thesewill be eliminatedin the bracket combinationprocess.However, the
systemsthatusethe taggingrepresentationproduceincorrectB andI tagswhich
causeerrorsin their output. A combinationof the five systemsperformsworse
thanthesystemthatusesthebracketrepresentationandthereforewehavedecided
to useonly thelatterfor step4 of thechunkparser.

In orderto beableto compareourresultswith earlierwork like Collins(1999),
we have usedtheMaximumEntropy taggerdescribedin Ratnaparkhi(1996)for
assigningpart-of-speechtagsto our data. Thewordsin thedatahave beencom-
binedto basechunksby thechunkingapproachdescribedin theprevioussection.
After finding the basephrases,eachof themwill be replacedby their head(the
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Figure4: Precision,recall andF���
	 ratesfor onerun of the parserappliedto theparam-
etertuningdataset. Theprecisiondecreaseswhenthechunkinglevel increases,therecall
increasesat higher levels andthe F rate increasesuntil aboutlevel 19 anddropsslightly
afterwards(notnoticeablein thisgraph).

most importantword in the phrase)andtheir type, conformfigure 3. The head
wordof eachphraseis generatedbyalist of rulesputforwardbyMagerman(1995)
andmodifiedby Collins (1999). 2 It choosesa headword of a phrasebasedon
the typeof thephrase,the types/POStagsof thephrases/wordsimmediatelyun-
derthephraseandtheorderof thelatter. Theapproachof compressingidentified
phrasesprovidesus with a standarddataformat. At all levels of the bottom-up
process,sentencesarerepresentedby a sequenceof lexical items(usuallywords)
with associatedsyntactictags(POStagsor phrasetypetags).

The parsingprocessgeneratesa uniquetreefor eachsentence.The treecan
be interpretedas a set of phrases.The outputof the parserare evaluatedwith
the samemeasuresasthe chunkingresults: labeledprecision,labeledrecall and
F����� rate,all appliedto phrases.Additionally wehaveusedthecrossingbrackets
measure(CB) for indicatingtheaveragenumberof identifiedphrasespersentence
thatcrossphrasesin theoriginaldata.

4 Results

We haveusedtwo segmentpairsof theWall StreetJournal(WSJ)partof thePenn
Treebank(Marcus,SantoriniandMarcinkiewicz 1993) for training and testing.
First weusedsections15-18(8,936sentences)astrainingmaterialandsection20
(2012sentences)as testmaterialfor determiningthe optimal parametersof the
parser(tuningdata).Thebestconfigurationfor thatdatawasusedfor processing
section23 (2416sentences)aftertrainingwith sections02-21(39,832sentences).
Theresultsfor thatdatasethavebeenusedfor a comparisonwith performanceof
otherparsers.

In our first experimentwe testedthe influenceof varying context size and

2Availableonhttp://www.research.att.com/˜mcolli ns/papers/heads
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k=1 k=3
c=1 74.13(18) 70.20(13)
c=2 77.17(19) 75.13(15)
c=3 77.05(16) 76.02(16)
c=4 76.33(15) 75.33(14)

Table2: F���
	 ratesfor four context sizescombinedwith two sizesof nearestneighborhood.
The parserwastestedon the tuning data. The numbersbetweenbracketsarethe optimal
levelsat which processingwasstopped.We obtainedthebestF���
	 ratefor context size2
combinedwith nearestneighborhoodsize1.

neighborhoodsize in step4 of the parser, the non-basechunkingprocess.The
context sizeis thenumberof wordsandsyntactictagsthatareusedasfeatures,for
examplecontext size2 meansthattheclassificationof aword is determinedwhile
usingtheword, thetwo previouswords,thenext two wordsandthesyntactictags
of all thesewords. The sizeof the neighborhoodsizedeterminesthe numberof
nearestneighborregionsthatthememory-basedlearnerusesto determinetheclass
of thecurrentdataitem. Wehaveperformedexperimentswith thetuningdatawith
four differentsymmetriccontext sizes(1, 2, 3 and4) andtwo neighborhoodsizes
(1 and3).

Our parsingprocessworks bottom-up,level by level. At eachlevel it finds
new phrasesandthereforethenumberof detectedphrasesis expectedto increase
whichmeansthattherecallrateincreases.Unfortunately, sinceweuseonelevel of
trainingdataat a time (like Brants(1999)),theamountof availabletrainingdata
decreasesat higher levels andthereforethe precisionof the recognitionprocess
decreasesat higherlevels(figure4). Our goal is to optimizetheF����� rateof the
results. In our experimentswith the tuningdataset,we have found that this rate
reachesanoptimumafterabout15 levelsof phraserecognition.At thatpoint the
parseris still finding new phrasesbut theimprovedrecallratecannotcompensate
for the drop in precisionrate. For this reasonwe have decidedto stopthe cas-
cadedphraserecognitionprocessesin thetuningexperimentswhentheF ratewas
optimal. We have addeda post-processingstagewhich addsa top S nodeto trees
which do not containsucha node. The resultsof the eight experiments,F rates
andhalting levels,canbefoundin table2. Theconfigurationwith context size2
andnearestneighborhoodsize1 performedbest.Thebestcontext sizefoundhere
is thesameasusedby Ratnaparkhi(1998).

In thenext seriesof experiments,we testedtheinfluenceof trainingdataseg-
mentationon parsingperformance.In our previous experiments,we only used
trainingdatafromonelevelatatime. For example,duringidentificationof phrases
at level 1, theonesimmediatelyabovethebasechunks,weonly usedtrainingdata
from level 1. This causesproblemsat higher levels, 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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F�����

usingcurrenttraininglevel only 77.17(19)
usingcurrent,previousandnext 77.13(17)
usingall trainingdata 67.69(20)
disregardingopenbracket types 72.33(24)
disregardingclosebracket types 76.06(29)

Table3: Theperformanceof five trainingvariants.In theseexperimentswe usedthesame
context size(2) andnearestneighborhoodsize(1) but variedtheamountof trainingmaterial
usedat eachchunk level or disregardedthe typesof the openbracketsor closebrackets
during the bracket combinationprocess.We obtainedthe bestperformancewhen using
trainingdatafrom thecurrentchunkinglevel.

nearestneighborhoodsize1: oneusingall trainingdataapartfrom thebasechunk
level (levels1-31)andanotherwhichusestheprevious,currentandnext level. The
resultscanbe foundin table3. Neitherof the two set-upsperformedbetterthan
theconfigurationwhichusesonelevel of trainingdataata time.

Our bracket combinationalgorithmis very strict: it only usesadjacentbrack-
ets if they have the sametype and appearnext to eachother in the corrector-
der (first openandthenclose)without interveningbrackets. Chunkerswhich use
this approachobtainhigh precisionratesandlow recall ratesbecausethey gener-
atephraseswhich arelikely to be correctanddisregardall otherphrases(Tjong
Kim Sang2000a).We havetestedtwo alternativeapproaches:onewhichusesthe
typeof theclosebracketsanddisregardsthetypeof theopenbracketsandanother
whichusesthetypeof theopenbracketsandignoresclosebrackettypes.Thesec-
ondapproachperformedbetterthanthefirst but neitherof themimprovedon the
standardmethodweusedfor bracketcombination(seetable3).

We have appliedthebesttrainingconfiguration(context size2, neighborhood
size1, train with currentlevel anduse19 iterationsplus post-processingstage)
to the large dataset. After training we obtainedan F����� rate of 80.49on ar-
bitrary sentencesof the testdata(precision82.34%,recall 78.72%andcrossing
bracket rate1.69). Figure5 containsanoverview of theprogressionof precision,
recall andF����� ratemeasuredat differentlevels. Theperformanceof thechunk
parseris reasonablebut it doesworsethanstate-of-the-artstatisticalparsingsys-
tems(Collins1999,Charniak2000)whichachieveF����� ratescloseto 90andCB
ratesunder1.10.3

3Obviouslytheparserhasproblemswith deeplyembeddedsentences,becauseof themaximumparsing
depth(19). However, its performanceon short sentence(10 words or shorter)is not perfecteither
(F���
	 = 89.5).Wehavenot spottedsystematicerrorsin theparsingoutputyet.
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Figure5: Per-level precision,recall andF���
	 ratesfor sentencesshorterthan100 words
obtainedby our chunkparserappliedto section23 of thePennTreebank(left) compared
with theparserof Collins(1999)(right). Theparsershavegenerated20levelsof chunktags
(0-19).An extrapost-processingstep(20)hasaddedtopSnodesto incompleteparsetrees.
Theprecisionof thechunkparserdropsfasterandtherecallgrows slower thanthatof the
Collinsparser. Thefinal F ratesarerespectively 80.49and87.08.

5 Related work

A lot of work hasbeendoneon naturallanguageparsing.In this sectionwemen-
tion someof thework which usesmachinelearningmethodsfor building parsers
ratherthanhand-craftedgrammars.Black et.al. (1992) introducehistory-based
grammars:a statisticalparsingmodel which obtainsprobabilisticcluesof the
optimal parsesfrom training data. It is hardto comparetheir performancewith
otherwork becausethey useddifferenttestdataanddifferentevaluationmethods.
Magerman(1995) built SPATTER, a statisticalparserwhich usesdecisiontrees.
It obtainedanF rateof 86.0on sentencesshorterthan40 wordsof section00 of
thePennTreebank.

Theparsingmethodusedby Ratnaparkhi(1998) is closelyrelatedto our ap-
proach.Heusesaclassificationalgorithm,maximumentropy models,for building
parsetreesin a bottom-up,left-to-right fashion.Theparserperformsbetterthan
theprevioustwo andobtainsF=86.9onPennTreebanksection23. Collins (1999)
describesdifferentstatisticalparsingmodels.They usecomplex statisticalpredi-
catesfor deriving optimalparsetrees.His bestmodelobtainsF=88.2on section
23. Charniak(2000) combinesearlierwork by Ratnaparkhi,Collins andhimself
andcreatesa parserwhich obtainsan F rateof 89.5 on section23 of the Penn
Treebank.Finally Bod (2000) mentionsa parserwhich performsslightly better
by usingabig databaseof storedsubtreesof limited depth.

Regardingparsingwith chunkingtechniques,threemore papersneedto be
mentioned.EjerhedandChurch(1983) approachparsingof Swedishby starting
with identifying nounphrasechunks.Their approachrequiresa partialorderthe
non-terminalsymbolswhich limits the format of the treesthat canbe produced.
Abney (1991) describesaparserwhichstartswith identifyingbasephraseswhich
arecombinedto a completetreeby an attachmentprocess.Brants(1999) built
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a bottom-upparserwhich identifieschunksin Germantext with Markov models.
An interestingfeatureof hisparseris thatit is capableof correctingerrorsmadeat
earlierstages.

6 Discussion

Theparsingmethoddescribedhereleavesopenmany optionsfor futurework. An
importantdifferencebetweenstatisticalparsersandour approachis the informa-
tion thatis availableto theparser. For example,ourchunkparserdoesnothaveac-
cessto theinternalstructureof achunkapartfrom its typeandits headword. If we
compareit performancewith a studyof Charniak(1997), we notethatour parser
performsbetterthana standardprobabilisticcontext-free grammar(F����� =73.7)
but worsethanthanthe Minimal extensionof this grammar(F����� =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 theparent.Thebottom-upparserdescribedin thispaperdoesnothave
accessto informationabouttheparents.Theavailability of this informationwould
probablyimprove theparser’sperformancealthoughit would alsocomplicatethe
chunkidentificationprocesses.

Theparserwouldalsobenefitfrom usinga lessgreedymethodof bracketpre-
diction which would enableit to backtrackfrom earlierphrasestructureschoices
at laterprocessinglevels.At thismoment,it attemptsto find thebestbracketstruc-
tureat eachlevel andstickswith that. This is differentfrom mostotherparsers,
like for exampletheoneof Ratnaparkhi(1998) which is capableof storingup to
20 intermediatetreesandexaminesstructuralextensionsof all of them.

Another opportunity for performanceenhancementlies in using a different
bracket estimationalgorithm. At this moment,we feel thatwe do not have used
the bestmethodfor finding chunksat the non-baselevel. We have achieved a
reasonableimprovementby usingcombinationsof classifiersfor chunkingrather
than a singleclassifier(Tjong Kim Sang2000a). Somethingsimilar shouldbe
possiblewhile identifying higherlevel chunks,possiblyby usinga varietyof ma-
chine learningalgorithms. It would also be interestingto examinethe process
whichcombinesopenwith closebrackets.At thismomentcombinationsaremade
without regardingmorethantwo brackets. A combinationmethodwhich exam-
inesthecompletesentencebeforecreatinga bracket pair, like theoneof Muñoz,
Punyakanok,RothandZimak(1999), might improveperformance.

Extra improvementsof this parserwill undoubtfullymake it slower and in-
creaseits memoryrequirements.The presentprocessalreadyrequiresa lot of
computationalresources:closeto 100megabytesof internalmemoryfor generat-
ing basechunkswith the small training dataat a processingspeedof morethan
a secondperword. This is ordersof magnitudeslower thanfor exampleRatna-
parkhi’s parserwhich in 1998achieved a processingspeedof 0.14 secondsper
sentencewhich achieving a higher performancerate (Ratnaparkhi1998). It is
doubtfulwhetherextensionof thework reportedonhereis worth thetrouble.
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7 Concluding remarks

Wehavepresentedamethodfor transformingachunkerto afull parser. It consists
of usinga cascadeof phraserecognitionalgorithmsfor building parsetreesin a
bottom-upfashion. The advantageof this approachis that it enablesbuilding a
parserby usingthe samesimplemachinelearningalgorithms(classifiers)which
have successfullybeenusedfor basephraserecognition.We have testedthis ap-
proachby convertinga chunkingalgorithmto a parsingalgorithmandevaluated
theresultingchunkparseronastandarddataset.Theparserperformedreasonably
(F=80)but it did not reachtheperformancesof thestate-of-artstatisticalparsers
(F=90).
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Muñoz, M., Punyakanok,V., Roth, D. and Zimak, D.(1999), A learning ap-



188 Erik F. TjongKim Sang

proachto shallow parsing,Proceedingsof EMNLP-WVLC’99, Association
for ComputationalLinguistics.

Ramshaw, L. A. andMarcus,M. P.(1995),Text chunkingusingtransformation-
basedlearning,Proceedingsof the Third ACL Workshopon Very Large
Corpora, Cambridge,MA, USA.

Ratnaparkhi,A.(1996), A maximumentropy model for part-of-speechtagging,
Proceedingsof EMNLP-1, Universityof Pennsylvania,PA, USA.

Ratnaparkhi,A.(1998),MaximumEntropyModelsfor Natural LanguageAmbigu-
ity Resolution, PhDthesisComputerandInformationScience,University
of Pennsylvania.

Tjong Kim Sang,E. F.(2000a),Nounphraserecognitionby systemcombination,
Proceedingsof the ANLP-NAACL 2000, Seattle,Washington,USA. Mor-
ganKaufmanPublishers,pp.50–55.

Tjong Kim Sang,E. F.(2000b),Text chunkingby systemcombination,Proceed-
ingsof CoNLL-2000andLLL-2000, Lisbon,Portugal,pp.151–153.


