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�
,

JamesHammerton
�
, Rob Koeling

�
, StasinosKonstantopoulos

�
,

Miles Osborne
�
, Franck Thollard

�
and Erik Tjong Kim Sang

�

Abstract

This paperreportson the LEARNING

COMPUTATIONAL GRAMMARS (LCG)
project, a postdocnetwork devoted to
studying the application of machine
learningtechniquesto grammarssuit-
ablefor computationaluse.Wewerein-
terestedin a moresystematicsurvey to
understandthe relevanceof many fac-
torsto thesuccessof learning,esp.the
availability of annotateddata,the kind
of dependenciesin the data, and the
availability of knowledgebases(gram-
mars).Wefocusedonsyntax,esp.noun
phrase(NP)syntax.

1 Intr oduction

Thispaperreportson thestill preliminary, but al-
readysatisfyingresultsof the LEARNING COM-
PUTATIONAL GRAMMARS (LCG)project,apost-
doc network devotedto studyingthe application
of machinelearningtechniquesto grammarssuit-
able for computationaluse. The memberinsti-
tutesarelistedwith theauthorsandalsoincluded
ISSCOat theUniversityof Geneva. Wewereim-
pressedby early experimentsapplying learning
to naturallanguage,but dissatisfiedwith thecon-
centrationona few techniquesfrom thevery rich
areaof machinelearning. We wereinterestedin
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a moresystematicsurvey to understandthe rele-
vanceof many factorsto thesuccessof learning,
esp. the availability of annotateddata,the kind
of dependenciesin the data,andthe availability
of knowledgebases(grammars).We focusedon
syntax,esp. noun phrase(NP) syntaxfrom the
beginning.Theindustrialpartner, Xerox,focused
on more immediateapplications(Canceddaand
Samuelsson,2000).

The network was focusednot only by its sci-
entific goal, the application and evaluation of
machine-learningtechniquesasusedto learnnat-
ural languagesyntax,andby thesubareaof syn-
tax chosen,NP syntax, but also by the use of
sharedtrainingandtestmaterial,in this casema-
terial drawn from thePennTreebank.Finally, we
werecuriousaboutthe possibility of combining
differenttechniques,includingthosefromstatisti-
cal andsymbolicmachinelearning.Thenetwork
membersplayedan importantrole in theorgani-
sationof threeopenworkshopsin which several
externalgroupsparticipated,sharingdataandtest
materials.

2 Method

This sectionstartswith a descriptionof thethree
tasksthatwehaveworkedonin theframework of
this project. After this we will describethe ma-
chinelearningalgorithmsappliedto thisdataand
concludewith somenotesaboutcombiningdif-
ferentsystemresults.

2.1 Taskdescriptions

In theframework of thisproject,wehave worked
on thefollowing threetasks:

1. basephrase(chunk)identification
2. basenounphraserecognition
3. findingarbitrarynounphrases



Text chunksare non-overlappingphraseswhich
containsyntacticallyrelatedwords.For example,
thesentence:

� ���
He � � ��� reckons � � ��� the current

accountdeficit � � ��� will narrow �� ���
to � � ��� only � 1.8billion �� ���
in � � ��� September� .

containseight chunks,four NP chunks,two VP
chunksandtwo PPchunks.The latteronly con-
tainprepositionsratherthanprepositionsplusthe
noun phrasematerial becausethat has already
been included in NP chunks. The processof
finding thesephrasesis called CHUNKING. The
project provided a data set for this task at the
CoNLL-2000 workshop (Tjong Kim Sang and
Buchholz,2000)1. It consistsof sections15-18of
theWall StreetJournalpartof thePennTreebank
II (Marcuset al., 1993)astrainingdata(211727
tokens)andsection20astestdata(47377tokens).

A specialisedversionof the chunkingtask is
NP CHUNKING or baseNPidentificationin which
thegoalis to identify thebasenounphrases.The
first work on this topic was done back in the
eighties(Church,1988). The dataset that has
becomestandardfor evaluation machinelearn-
ing approachesis theonefirst usedby Ramshaw
andMarcus(1995). It consistsof thesametrain-
ing andtestdatasegmentsof thePennTreebank
asthechunkingtask(respectively sections15-18
and section20). However, since the data sets
have beengeneratedwith differentsoftware, the
NP boundariesin the NP chunkingdatasetsare
slightly different from the NP boundariesin the
generalchunkingdata.

Nounphrasesarenot restrictedto thebaselev-
elsof parsetrees.For example,in thesentenceIn
early trading in Hong Kong Monday , gold was
quoted at $ 366.50 an ounce ., the nounphrase� ���

$ 366.50anounce� containstwo embedded
nounphrases

� ���
$ 366.50 � and

� ���
anounce� .

In the NP BRACKETING task,the goal is to find
all nounphrasesin a sentence.Datasetsfor this
taskweredefinedfor CoNLL-992. Thedatacon-
sistof thesamesegmentsof thePennTreebankas

1Detailed information about chunking, the CoNLL-
2000 shared task, is also available at http://lcg-
www.uia.ac.be/conll2000/chunking/

2Information about NP bracketing can be found at
http://lcg-www.uia.ac.be/conll99/npb/

the previous two tasks(sections15-18)as train-
ing materialandsection20 astestmaterial.This
materialwasextracteddirectlyfrom theTreebank
andthereforetheNPboundariesatbaselevelsare
differentfrom thosein theprevioustwo tasks.

In the evaluationof all threetasks,the accu-
racy of the learnersis measuredwith threerates.
We comparethe constituentspostulatedby the
learnerswith thosemarked ascorrectby experts
(gold standard).First, thepercentageof detected
constituentsthatarecorrect(precision).Second,
thepercentageof correctconstituentsthatarede-
tected(recall). And third, a combinationof pre-
cisionandrecall,theF����� ratewhich is equalto
(2*precision*recall)/(precision+recall).

2.2 Machine Learning Techniques

This section introducesthe ten learning meth-
ods that have been applied by the project
membersto the three tasks: LSCGs, ALLiS,
LSOMMBL, Maximum Entropy, Aleph, MDL-
basedDCG learners,Finite State Transducers,
IB1IG, IGTREE andC5.0.

Local Structural Context Grammars
(LSCGs) (Belz, 2001) are situated between
conventional probabilistic context-free produc-
tion rule grammarsand DOP-Grammars(e.g.,
Bod and Scha(1997)). LSCGs outperformthe
former becausethey do not sharetheir inher-
ent independenceassumptions,and are more
computationallyefficient thanthe latter, because
they incorporate only subsetsof the context
included in DOP-Grammars. Local Structural
Context (LSC) is (partial) informationaboutthe
immediateneighbourhoodof a phrasein a parse.
By conditioningbracketingprobabilitieson LSC,
morefine-grainedprobabilitydistributionscanbe
achieved,andparsingperformanceincreased.

Givencorporaof parsedtext suchasthe WSJ,
LSCGs areusedin automaticgrammarconstruc-
tion asfollows. An LSCG is derivedfrom thecor-
pusby extractingproductionrulesfrom bracket-
ings andannotatingthe ruleswith the type(s)of
LSC to be incorporatedin the LSCG (e.g.parent
category information,depthof embedding,etc.).
Ruleprobabilitiesarederived from rule frequen-
cies(currentlyby MaximumLikelihoodEstima-
tion). In aseparateoptimisationstep,theresulting
LSCGs are optimisedin termsof size and pars-



ing performancefor a given parsingtask by an
automaticmethod(currently a versionof beam
search)that searchesthe spaceof partitionsof a
grammar’s setof nonterminals.

The LSCG researchefforts differ from other
approachesreportedin thispaperin two respects.
Firstly, nolexical informationis usedatany point,
astheaimis to investigatetheupperlimit of pars-
ingperformancewithoutlexicalisation.Secondly,
grammarsareoptimisedfor parsingperformance
and size,the aim beingto improve performance
but notat thepriceof arbitraryincreasesin gram-
marcomplexity (hencethecostof parsing).The
automaticoptimisationof corpus-derived LSCGs
is thesubjectof ongoingresearchandtheresults
reportedherefor this methodare thereforepre-
liminary.

Theory Refinement (ALLiS). ALLiS
((Déjean, 2000b), (Déjean, 2000c)) is a in-
ductive rule-basedsystem using a traditional
general-to-specificapproach (Mitchell, 1997).
After generating a default classification rule
(equivalent to the n-gram model), ALLiS tries
to refine it since the accuracy of theserules is
usually not high enough. Refinementis done
by addingmorepremises(contextual elements).
ALLiS uses data encodedin XML, and also
learnsrulesin XML. Fromtheperspective of the
XML formalism, the initial rule can be viewed
as a tree with only one leaf, and refinementis
doneby addingadjacentleavesuntil theaccuracy
of the rule is high enough(a tuning threshold
is used). Theseadditionalleaves correspondto
more precisecontextual elements. Using the
hierarchical structure of an XML document,
refinement begins with the highest available
hierarchicallevel andgoesdown in thehierarchy
(for example,startingat thechunklevel andthen
word level). Adding new low level elements
makes the rules more specific, increasingtheir
accuracy but decreasingtheir coverage. After
the learning is completed, the set of rules is
transformedinto a proper formalism usedby a
givenparser.

Labelled SOM and Memory BasedLearn-
ing (LSOMMBL) is aneurallyinspiredtechnique
which incorporatesa modified self-organising
map(SOM, alsoknown asa ‘KohonenMap’) in
memory-basedlearningto selecta subsetof the

training data for comparisonwith novel items.
The SOM is trainedwith labelledinputs. Dur-
ing training, eachunit in the mapacquiresa la-
bel. Whenan input is presented,thenodein the
mapwith the highestactivation (the ‘winner’) is
identified. If thewinner is unlabelled,thenit ac-
quires the label from its input. Labelled units
only respondto similarly labelledinputs. Other-
wise trainingproceedsaswith thenormalSOM.
When training ends,all inputs are presentedto
the SOM, and the winning units for the inputs
arenoted. Any unusedunits arethendiscarded.
Thuseachremainingunit in the SOM is associ-
atedwith thesetof traininginputsthatareclosest
to it. Thisis usedin MBL asfollows. Thelabelled
SOM is trainedwith inputslabelledwith theout-
put categories. Whena novel item is presented,
the winning unit for eachcategory is found, the
training itemsassociatedwith the winning units
aresearchedfor theclosestitemto thenovel item
andthemostfrequentclassificationof thatitemis
usedastheclassificationfor thenovel item.

Maximum Entropy When building a classi-
fier, onemustgatherevidencefor predictingthe
correct classof an item from its context. The
MaximumEntropy (MaxEnt)framework is espe-
cially suited for integrating evidencefrom var-
ious information sources. Frequenciesof evi-
dence/classcombinations(calledfeatures)areex-
tractedfromasamplecorpusandconsideredto be
propertiesof theclassificationprocess.Attention
is constrainedto modelswith theseproperties.
The MaxEntprinciple now demandsthat among
all the probability distributions that obey these
constraints,the mostuniform is chosen.During
training, featuresareassignedweightsin sucha
way that, given the MaxEnt principle, the train-
ing datais matchedaswell aspossible. During
evaluation it is testedwhich featuresare active
(i.e., a featureis active when the context meets
therequirementsgivenby thefeature).For every
classthe weightsof the active featuresarecom-
binedandthebestscoringclassis chosen(Berger
et al., 1996). For the classifierbuilt herewe use
asevidencethesurroundingwords,theirPOStags
andbaseNPtagspredictedfor thepreviouswords.
A mixture of simple features(consistingof one
of the mentionedinformationsources)andcom-
plex features(combinationsthereof)were used.



The left context never exceeded3 words, the
right context wasmaximally2 words.Themodel
wascalculatedusingexisting software(Dehaspe,
1997).

Inducti ve Logic Programming (ILP) Aleph
is an ILP machinelearningsystemthat searches
for a hypothesis,given positive (and, if avail-
able,negative) datain theform of groundProlog
termsand backgroundknowledge(prior knowl-
edgemadeavailable to the learningalgorithm)
in the form of Prolog predicates. The system,
then, constructsa set of hypothesisclausesthat
fit the dataandbackgroundaswell aspossible.
In order to approachthe problemof NP chunk-
ing in this context of single-predicatelearning,it
was reformulatedas a taggingtask whereeach
word wastaggedasbeing‘inside’ or ‘outside’ a
baseNP(consecutive NPsweretreatedappropri-
ately).Then,thetargettheoryis aPrologprogram
thatcorrectlypredictsa word’s taggiven its con-
text. Thecontext consistedof PoStaggedwords
andsyntacticallytaggedwordsto theleft andPoS
taggedwordsto theright,sothattheresultingtag-
ger can be appliedin the left-to-right passover
PoS-taggedtext.

Minimum Description Length (MDL) Esti-
mation using the minimum description length
principleinvolvesfindingamodelwhichnotonly
‘explains’ the training materialwell, but also is
compact.Thebasicideais to balancethegener-
ality of amodel(roughlyspeaking,themorecom-
pactthemodel,themoregeneralit is)with its spe-
cialisationto the training material. We have ap-
pliedMDL to thetaskof learningbroad-covering
definite-clausegrammarsfrom eitherraw text, or
elsefrom parsedcorpora(Osborne,1999a).Pre-
liminary resultshave shown that learningusing
just raw text is worsethan learningwith parsed
corpora,andthat learningusingbothparsedcor-
poraanda compression-basedprior is betterthan
whenlearningusingparsedcorporaandauniform
prior. Furthermore,we have notedthat our in-
stantiationof MDL doesnot capturedependen-
cieswhich exist eitherin the grammaror elsein
preferredparses.Ongoingwork hasfocusedon
applyingrandomfield technology(maximumen-
tropy) to MDL-basedgrammarlearning(seeOs-
borne(2000a)for someof theissuesinvolved).

Finite State Transducers are built by inter-

pretingprobabilisticautomataastransducers.We
use a probabilistic grammaticalalgorithm, the
DDSM algorithm (Thollard, 2001), for learning
automatathat provide the probability of an item
giventhepreviousones.Theitemsaredescribed
by bigramsof theformatfeature:class.In there-
sultingautomatawe considera transitionlabeled
feature:classasthetransducertransitionthattakes
asinput thefirst part (feature)of thebigramand
outputsthe secondpart (class). By applyingthe
Viterbi algorithmon sucha model,we can find
out themostprobablesetof classvaluesgivenan
input setof featurevalues. As the DDSM algo-
rithm hasatuningparameter, it canprovidemany
differentautomata.Weapplyamajorityvoteover
the propositionsmadeby the so computedau-
tomata/transducersfor obtainingtheresultsmen-
tionedin thispaper.

Memory-based learning methods store all
trainingdataandclassifytestdataitemsby giving
themthe classificationof the training dataitems
whicharemostsimilar. Wehaveusedthreediffer-
ent algorithms: the nearestneighbouralgorithm
IB1IG, which is partof theTimbl softwarepack-
age(Daelemanset al., 1999), the decisiontree
learnerIGTREE, also from Timbl, and C5.0, a
commercialversionof the decisiontree learner
C4.5(Quinlan,1993).They areclassifierswhich
meansthat they assignphraseclassessuchas I
(insideaphrase),B (at thebeginningof aphrase)
and O (outsidea phrase)to words. In order to
improve theclassificationprocesswe provide the
systemswith extra informationaboutthe words
suchasthe previous n words, the next n words,
theirpart-of-speechtagsandchunktagsestimated
byanearlierclassificationprocess.Weusethede-
fault settingsof thesoftwareexceptfor thenum-
ber of examinednearestneighbourhoodregions
for IB1IG (k, default is 1) whichwesetto 3.

2.3 Combination techniques

Whendifferent systemsareappliedto the same
problem,aclevercombinationof theirresultswill
outperformall of the individual results(Diette-
rich,1997).Thereasonfor thisis thatthesystems
oftenmake differenterrorsandsomeof theseer-
rorscanbeeliminatedby examiningtheclassifi-
cationsof theothers.Themostsimplecombina-
tion methodis MAJORITY VOTING. It examines



the classificationsof the test data item and for
eachitem choosesthe mostfrequentlypredicted
classification.Despiteits simplicity, majorityvot-
ing hasfoundto bequiteusefulfor boostingper-
formanceon thetasksthatweareinterestedin.

Wehaveappliedmajorityvotingandnineother
combinationmethodsto theoutputof thelearning
systemsthatwereappliedto thethreetasks.Nine
combinationmethodswere originally suggested
by Van Halterenet al. (1998). Five of them,
including majority voting, are so-calledvoting
methods.Apart from majority voting, all assign
weightsto thepredictionsof thedifferentsystems
basedon their performanceon non-usedtrain-
ing data, the tuning data. TOTPRECISION uses
classifierweightsbasedon their accuracy. TAG-
PRECISION appliesclassificationweightsbased
on the accuracy of the classifierfor that classi-
fication. PRECISION-RECALL usesclassification
weightsthat combinetheprecisionof the classi-
fication with the recall of the competitors. And
finally, TAGPAIR usesclassificationpair weights
basedon the probability of a classificationfor
somepredictedclassificationpair (van Halteren
etal., 1998).

The remainingfour combinationmethodsare
so-calledSTACKED CLASSIFIERS. The ideais to
make a classifierprocessthe outputof the indi-
vidual systems.We usedthe two memory-based
learnersIB1IG andIGTREE asstackedclassifiers.
LikeVanHalterenetal. (1998),weevaluatedtwo
featurescombinations.Thefirst consistedof the
predictionsof theindividual systemsandthesec-
ond of the predictionsplus one featurethat de-
scribedthe dataitem. We usedthe featurethat,
accordingto thememory-basedlearningmetrics,
wasmostrelevantto thetasks:thepart-of-speech
tagof thedataitem.

In the courseof this project we have evalu-
atedanothercombinationmethod: BEST-N MA-
JORITY VOTING (Tjong Kim Sanget al., 2000).
This is similar to majority voting exceptthat in-
steadof using the predictionsof all systems,it
usesonly predictionsfrom someof the systems
for determiningthemostprobableclassifications.
We have experiencedthat for different reasons
somesystemsperformworsethanothersandin-
cludingtheirresultsin themajorityvotedecreases
thecombinedperformance.Thereforeit is agood

ideato evaluatemajority voting on subsetsof all
systemsratherthanonly onthecombinationof all
systems.

Apart from standardmajority voting, all com-
binationmethodsrequireextra datafor measur-
ing their performancewhich is requiredfor de-
termining their weights, the tuning data. This
datacanbeextractedfrom thetrainingdataor the
trainingdatacanbeprocessedin ann-fold cross-
validationprocessafterwhichtheperformanceon
thecompletetrainingdatacanbemeasured.Al-
thoughsomework with individual systemsin the
projecthasbeendonewith thegoalof combining
the resultswith othersystems,tuningdatais not
alwaysavailablefor all results.Thereforeit will
not alwaysbe possibleto applyall ten combina-
tionmethodsto theresults.In somecaseswehave
to restrictourselvesto evaluatingmajority voting
only.

3 Results

This sectionspresentsthe resultsof thedifferent
systemsappliedto thethreetaskswhichwerecen-
tral to this this project: chunking,NP chunking
andNPbracketing.

3.1 Chunking

Chunkingwas the sharedtask of CoNLL-2000,
the workshop on ComputationalNatural Lan-
guageLearning,heldin Lisbon,Portugalin 2000
(Tjong Kim Sang and Buchholz, 2000). Six
membersof theprojecthave performedthis task.
The resultsof the six systems(precision,recall
and F����� canbe found in table1. Belz (2001)
usedLocalStructuralContext Grammarsfor find-
ing chunks. Déjean (2000a) applied the the-
ory refinementsystemALLiS to the sharedtask
data. Koeling (2000)evaluateda maximumen-
tropy learnerwhile using different featurecom-
binations(ME). Osborne(2000b)useda maxi-
mumentropy-basedpart-of-speechtaggerfor as-
signingchunktagsto words(ME Tag). Thollard
(2001)identifiedchunkswith Finite StateTrans-
ducersgeneratedbyaprobabilisticgrammaralgo-
rithm (FST).Tjong Kim Sang(2000b)testeddif-
ferentconfigurationsof combinedmemory-based
learners(MBL). The FST andthe LSCG results
arelower thanthoseof theothersystemsbecause
they wereobtainedwithoutusinglexical informa-



precision recall F�����
MBL 94.04% 91.00% 92.50
ALLiS 91.87% 92.31% 92.09
ME 92.08% 91.86% 91.97
ME Tag 91.65% 92.23% 91.94
LSCG 87.97% 88.17% 88.07
FST 84.92% 86.75% 85.82
combination 93.68% 92.98% 93.33
best 93.45% 93.51% 93.48
baseline 72.58% 82.14% 77.07

Table1: Thechunkingresultsfor thesix systems
associatedwith theproject(sharedtaskCoNLL-
2000). The baselineresultshave beenobtained
by selectingthe mostfrequentchunktag associ-
atedwith eachpart-of-speechtag.Thebestresults
atCoNLL-2000wereobtainedby SupportVector
Machines. A majority vote of the six LCG sys-
temsdoesnot performmuchworsethanthis best
result. A majority vote of the five bestsystems
outperformsthebestresultslightly ( � � error re-
duction).

tion. Thebestresultattheworkshopwasobtained
with SupportVectorMachines(KudohandMat-
sumoto,2000).

Becausetherewasno tuningdataavailablefor
the systems,the only combinationtechniquewe
couldapplyto thesix projectresultswasmajority
voting. We appliedmajority voting to theoutput
of thesix systemswhile usingthesameapproach
asTjongKim Sang(2000b):combiningstartand
endpositionsof chunksseparatelyandrestoring
thechunksfrom theseresults.Thecombinedper-
formance(F����� =93.33)wascloseto thebestre-
sult publishedat CoNLL-2000(93.48).

3.2 NP chunking

TheNP chunkingtaskis thespecialisationof the
chunkingtask in which only basenoun phrases
needto be detected.Standarddatasetsfor ma-
chine learningapproachesto this task were put
forward by Ramshaw and Marcus (1995). Six
project membershave applied a total of seven
different systemsto this task, most of them in
thecontext of thecombinationpaperTjong Kim
Sanget al. (2000). Daelemansappliedthe de-
cision treelearnerC5.0to the task. Déjeanused
the theory refinementsystemALLiS for finding

precision recall F�!���
MBL 93.63% 92.88% 93.25
ME 93.20% 93.00% 93.10
ALLiS 92.49% 92.69% 92.59
IGTree 92.28% 91.65% 91.96
C5.0 89.59% 90.66% 90.12
SOM 89.29% 89.73% 89.51
combination 93.78% 93.52% 93.65
best 94.18% 93.55% 93.86
baseline 78.20% 81.87% 79.99

Table 2: The NP chunking resultsfor six sys-
temsassociatedwith the project. The baseline
resultshave beenobtainedby selectingthe most
frequentchunktag associatedwith eachpart-of-
speechtag. The best resultsfor this task have
beenobtainedwith a combinationof sevenlearn-
ers,fiveof which wereoperatedby projectmem-
bers.Thecombinationof thesefiveperformances
is not far off thesebestresults.

nounphrasesin thedata.Hammerton(2001)pre-
dictedNPchunkswith theconnectionistmethods
basedon self-organisingmaps(SOM). Koeling
detectednounphraseswith a maximumentropy-
basedlearner(ME). Konstantopoulos(2000)used
Inductive Logic Programming(ILP) techniques
for finding NP chunksin unseentexts3. Tjong
Kim Sangappliedcombinationsof IB1IG systems
(MBL) andcombinationsof IGTREE learnersto
this task. Theresultsof thesix of thesevensys-
temscanbefoundin table2. Theresultsof C5.0
andSOM arelower thanthe othersbecausenei-
therof thesesystemsusedlexical information.

For all of thesystemsexceptSOMwehadtun-
ing dataandanextra developmentdatasetavail-
able. We testedall ten combinationmethodson
the developmentset and best-3majority voting
cameout as the best(F�!��� = 93.30; it usedthe
MBL, ME andALLiS results).Whenwe applied
best-3majorityvoting to thestandardtestset,we
obtainedF����� = 93.65which is closeto thebest
resultwe know for this dataset (F�!��� = 93.86)
(Tjong Kim Sanget al., 2000). The latter result
wasobtainedby a combinationof seven learning
systems,fiveof whichwereoperatedby members
of thisproject.

3Resultsareunavailablefor theILP approach.



precision recall F�!���
MBL 90.00% 78.38% 83.79
LSCG 80.04% 80.25% 80.15
MDL 53.2% 68.7% 59.9
best 91.28% 76.06% 82.98
baseline 77.57% 59.85% 67.56

Table 3: The results for three systemsassoci-
atedwith the projectfor the NP bracketing task,
the sharedtaskat CoNLL-99. The baselinere-
sultshave beenobtainedby findingNPchunksin
thetext with analgorithmwhich selectsthemost
frequentchunktag associatedwith eachpart-of-
speechtag. The bestresultsat CoNLL-99 was
obtainedwith abottom-upmemory-basedlearner.
An improvedversionof thatsystem(MBL) deliv-
eredthebestprojectresult.TheMDL resultshave
beenobtainedonadifferentdatasetandtherefore
combinationof thethreesystemswasnotfeasible.

TheoriginalRamshaw andMarcus(1995)pub-
lication evaluatedtheir NP chunker on two data
sets,thesecondholdinga largeramountof train-
ingdata(PennTreebanksections02-21)whileus-
ing 00 astestdata.Tjong Kim Sang(2000a)has
applieda combinationof memory-basedlearners
to thisdatasetandobtainedF�!��� = 94.90,anim-
provementonRamshaw andMarcus’s 93.3.

3.3 NP bracketing

Finding arbitrary noun phraseswas the shared
task of CoNLL-99, held in Bergen, Norway in
1999.Threeprojectmembershaveperformedthis
task. Belz (2001) extractednoun phraseswith
Local StructuralContext Grammars,a variantof
Data-OrientedParsing(LSCG).Osborne(1999b)
usedaDefiniteClauseGrammarlearnerbasedon
Minimum DescriptionLength for finding noun
phrasesin samplesof PennTreebankmaterial
(MDL). Tjong Kim Sang(2000a)detectednoun
phraseswith a bottom-upcascadeof combina-
tions of memory-basedclassifiers(MBL). The
performanceof thethreesystemscanbefoundin
table3. For this taskit wasnot possibleto apply
systemcombinationto the outputof the system.
TheMDL resultshave beenobtainedon a differ-
ent dataset and this left us with two remaining
systems.A majority voteof the two will not im-
prove on thebestsystemandsincetherewasno

tuning dataor developmentdataavailable,other
combinationmethodscouldnotbeapplied.

4 Prospects

Theprojecthasproven to besuccessfulin its re-
sults for applying machinelearning techniques
to all threeof its selectedtasks: chunking,NP
chunkingandNPbracketing.Wearelooking for-
ward to applyingthesetechniquesto otherNLP
tasks.Threeof ourprojectmemberswill takepart
in theCoNLL-2001sharedtask,‘clausing’,hope-
fully with goodresults. Two more have started
working on the challengingtaskof full parsing,
in particularby startingwith achunker andbuild-
ingabottom-uparbitraryphraserecogniserontop
of that. The preliminaryresultsareencouraging
thoughnotasgoodasadvancedstatisticalparsers
like thoseof Charniak(2000)andCollins (2000).

It is fair to characteriseLCG’s goals as pri-
marily technicalin the sensethat we soughtto
maximiseperformancerates,esp.therecognition
of different levels of NP structure. Our view in
theprojectis certainlybroader, andmostproject
memberswould include learningas one of the
languageprocessesone ought to study from a
computationalperspective—like parsingor gen-
eration.Thissuggestseveralfurtheravenues,e.g.,
onemight comparethe learningprogressof sim-
ulationsto humans(masteryasa functionof ex-
perience). One might also be interestedin the
exact role of supervision,in the behaviour (and
availability) of incrementallearningalgorithms,
andalsoin comparingthesimulation’serrorfunc-
tions to thoseof humanlearners(wrt to phrase
length or constructionfrequency or similarity).
This would addan interestingcognitive perspec-
tive to the work, alongthe lines begun by Brent
(1997),but we noteit hereonly asa prospectfor
futurework.
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Hervé Déjean. 2000c. A Useof XML for MachineLearn-
ing. In Proceeding of the workshop on Computational
Natural Language Learning, CoNLL’2000.

T.G. Dietterich. 1997. MachineLearningResearch:Four
CurrentDirections.AI Magazine, 18(4).

JamesHammertonandErik Tjong Kim Sang.2001. Com-
bining a self-organisingmapwith memory-basedlearn-
ing. In Proceedings of CoNLL-2001. Toulouse,France.

Rob Koeling. 2000. Chunkingwith Maximum Entropy
Models. In Proceedings of CoNLL-2000 and LLL-2000.
Lisbon,Portugal.

StasinosKonstantopoulos.2000. NP ChunkingusingILP.
In Computational Linguistics in the Netherlands 1999.
Utrecht,TheNetherlands.

Taku KudohandYuji Matsumoto. 2000. Useof Support
VectorLearningfor ChunkIdentification.In Proceedings
of CoNLL-2000 and LLL-2000. Lisbon,Portugal.

Mitchell P. Marcus, Beatrice Santorini, and Mary Ann
Marcinkiewicz. 1993.Building a largeannotatedcorpus
of English: thePennTreebank.Computational Linguis-
tics, 19(2).

TomMitchell. 1997.Machine Learning. Mc Graw Hill.

Miles Osborne. 1999a. DCG Induction using MDL and
ParsedCorpora.In JamesCussens,editor, Learning Lan-
guage in Logic, pages63–71,Bled,Slovenia,June.

Miles Osborne.1999b. MDL-basedDCG Inductionfor NP
Identification. In Miles Osborneand Erik Tjong Kim
Sang,editors, CoNLL-99 Computational Natural Lan-
guage Learning. Bergen,Norway.

Miles Osborne.2000a. Estimationof StochasticAttribute-
Value Grammarsusingan Informative Sample. In The"$#&%('

International Conference on Computational Lin-
guistics, Saarbr̈ucken,August.

Miles Osborne.2000b. Shallow ParsingasPart-of-Speech
Tagging.In Proceedings of CoNLL-2000 and LLL-2000.
Lisbon,Portugal.

J.RossQuinlan.1993.c4.5: Programs for Machine Learn-
ing. MorganKaufmann.

LanceA. Ramshaw and Mitchell P. Marcus. 1995. Text
Chunking Using Transformation-BasedLearning. In
Proceedings of the Third ACL Workshop on Very Large
Corpora. Cambridge,MA, USA.

Franck Thollard. 2001. Improving ProbabilisticGram-
maticalInferenceCoreAlgorithmswith Post-processing
Techniques. In 8th Intl. Conf. on Machine Learning,
Williamson,July. MorganKaufmann.

Erik F. TjongKim SangandSabineBuchholz.2000. Intro-
ductionto theCoNLL-2000SharedTask: Chunking. In
Proceedings of the CoNLL-2000 and LLL-2000. Lisbon,
Portugal.

Erik F. Tjong Kim Sang,WalterDaelemans,Hervé Déjean,
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