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Abstract

We describe a case study in which
a memory-basedearning algorithm is
trainedto simultaneouslghunksentences
and assigngrammaticalfunction tagsto
these chunks. We comparethe algo-
rithm’s performanceon this parsingtask
with varying training set sizes (yielding
learningcurves)anddifferentinputrepre-
sentations.In particularwe comparein-
putconsistingof wordsonly, avariantthat
includesword form informationfor low-
frequeng words,gold-standar@OSonly,
and combinationsof these. The word-
basedshallav parserdisplaysan appa¥r
ently log-linearincreasein performance,
andsurpassetheflatter POS-basedure
atabout50,000sentencesf trainingdata.
The low-frequenyg variantperformseven
better andthecombinationss best.Com-
paratve experimentswvith arealPOStag-
ger producelower results. We arguethat
we mightnotneedanexplicit intermediate
POS-taggingtepfor parsingwhenasufi-
cientamountof training materialis avail-
able and word form informationis used
for low-frequeng words.

1 Intr oduction

parsersthe POS sequenceformedthe only input
to the parsey i.e. the actualwords were not used
exceptin POStagging. Later, with feature-based
grammarsjnformationon POShada more central
placein thelexical entry of aword thantheidentity
of theworditself, e.g.MAJORandotherHEAD fea-
turesin (PollardandSag,1987).In theearlydaysof
statisticalparsersPOSwereexplicitly andoftenex-
clusively usedas symbolsto baseprobabilitieson;
theseprobabilitiesare generallymorereliablethan
lexical probabilities,dueto the inherentsparseness
of words.

In modernlexicalizedparsersPOStaggingis of-
ten interleared with parsingproperinsteadof be-
ing aseparat@reprocessingnodule(Collins, 1996;
Ratnaparkhi1997).Charniak(2000 noteshathav-
ing his generatie parsemgeneratehe POSof acon-
stituents headbeforethe headitself increasegper
formanceby 2 points.He suggestshatthisis dueto
theusefulnesef POSfor estimatingoack-of prob-
abilities.

Abney’s (1991) chunkingparserconsistsof two
modules: a chunler and an attacher The chunler
divides the sentenceanto labeled,non-overlapping
sequence&hunks)of words,with eachchunkcon-
taining a head and (nearly) all of its premodi-
fiers, exluding agumentsand postmodifiers. His
chunler works on the basisof POS information
alone, whereasthe secondmodule, the attacher
also useslexical information. Chunksas a sepa-
ratelevel have alsobeenusedin Collins (1996 and

It is commonin parsingto assignpart-of-speech Ratnaparkh{1997).

(POS)tagsto wordsasa first analysisstepprovid-
ing information for further steps. In mary early
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usefulgeneralizationgnd (thereby)counteracthe
sparsedataproblem.However, therearetwo objec-
tionsto this reasoning.First, asnaturallyoccurring
text doesnotcomePOS-taggedyefirstneedamod-
uleto assignPOS.Thistaggercanbaseits decisions
only on the informationpresenin the sentencei.e.
on the wordsthemseles. The questionthenarises
whetherwe could usethis informationdirectly, and
thussave the explicit taggingstep. The secondob-
jection s that sparsenessf datais tightly coupled
to the amountof training materialused. As train-
ing materialis morealundantnow thanit waseven
a few yearsago,andtodays computersanhandle
theseamountswe might askwhetherthereis now
enoughdatato overcomethe sparsenegsroblemfor
certaintasks.

To answerthesetwo questionswe designedhe
following experiments. The task to be learnedis
a shallav parsingtask (describedbelown). In one
experiment,it hasto be performedon the basisof
the“gold-standard” assumed-perfe@OStaken di-
rectly from the training data, the Penn Treebank
(Marcuset al., 1993),so asto abstractfrom a par
ticular POStaggerandto provide an upperbound.
In anotherexperiment, parsingis doneon the ba-
sis of the words alone. In a third, a specialen-
coding of low-frequeng words is used. Finally,
wordsand POSare combined. In all experiments,
weincreaseheamountof trainingdatastepwiseand
recordparseperformancdor eachstep. This yields
four learningcurves. Theword-basedhallav parser
displaysanapparenthyog-linearincreasen perfor
mance andsurpassetheflatter POS-basedurve at
about50,000sentencesf training data. The low-
frequenyg variantperformsevenbetter andthecom-
binationsis best. Comparatre experimentswith a
realPOStaggemproducedower results.

The paperis structuredasfollows. In Section2
wedescribaheparsingask,itsinputrepresentation,
how thisdatawasextractedromthePennTreebank,
and how we setup the learningcurve experiments
usinga memory-basedearner Section3 provides
theexperimentalearningcurve resultsandanalyses
them. Sectiond containsacomparisorof the effects
with gold-standardndautomaticallyassignedPOS.
We review relatedresearchin Section5, andformu-
late our conclusionsn Section6.

2 Taskrepresentation,data preparation,
and experimental setup

We chosea shallav parsingtaskasour benchmark
task. If, to supportan applicationsuch as infor-
mation extraction, summarizationor questionan-
swering,we areonly interestedn partsof the parse
tree, then a shallav parserforms a viable alterna-
tive to a full parser Li andRoth(200]) shav that
for the chunkingtaskit is specializedn, their shal-
low parseris moreaccurateandmorerobustthana
general-purposeé.e. full, parser

Our shallav parsingtask is a combination of
chunking (finding and labelling non-overlapping
syntacticallyfunctionalsequencegndwhatwe will
call function tagging. Our chunksandfunctionsare
basedon the annotationsn the third releaseof the
PennTreebank(Marcuset al., 1993). Below is an
exampleof atreeandthecorrespondinghunk(sub-
scriptson braclets) and function (superscripton
headveords)annotation:

((S (ADVP- TMP Once)
(NP-SBJ-1 he)
(VP was
(VP held
(NP *-1)
(PP-TWMP for
(NP three nonths))
(PP wi t hout
(S-NOM (NP-SBJ *-1)
(VP being
(VP char ged)
))))) )

[ Apvp Once [ np he
[vp was hel dVF/S | [pp for PP-TMP

[ np three months™? | [ pp without PP ]
[vp being chargedV?/S—NOM

ADVP-TMP ] NP—-SBJ ]

Nodesin thetreearelabeledwith a syntacticcat-
egoryandupto four functiontagsthatspecifygram-
matical relations (e.g. SBJ for subject), subtypes
of adwerbials (e.g. TMP for temporal),discrepan-
ciesbetweensyntacticform and syntacticfunction
(e.g. NOM for non-nominalconstituentsunction-
ing nominally) andnotionslik e topicalization. Our
chunksare basedon the syntacticpart of the con-
stituentlabel. The conversionprogramis the same
asusedor theCoNLL-2000sharedask(TjongKim
SangandBuchholz,2000). Headwordsof chunks
areassigneda functioncodethatis basednthefull
constituentabel of the parentandof ancestorsvith



adifferentcateyory, asin the caseof VP/S-NOMin
theexample.

2.1 Taskrepresentationand evaluation method

To formulatethetaskasa machine-learnablelassi-
fication task, we usea representatiothat encodes
the joint task of chunkingand function-tagginga
sentencen perword classificationinstances. As
illustratedin Table 2.1, an instance(which corre-
spondsto a row in the table) consistsof the val-
uesfor all featuregthe columns)andthe function-
chunk codefor the focusword. The featuresde-
scribe the focus word and its local context. For
the chunk part of the code,we adoptthe “Inside”,
“Outside”, and“Between” (IOB) encodingoriginat-
ing from (Ramsha and Marcus, 1995). For the
function part of the code, the value is either the
function for the headof a chunk, or the dummy
valueNOFUNC for all non-headsFor creatingthe
POS-basethsk,all wordsarereplacedy thegold-
standard®OStagsassociatedavith themin the Penn
TreebankFor the combinedask,bothtypesof fea-
turesareusedsimultaneously

Whenthelearneris presenteavith new instances
from heldoutmaterial,its taskis thusto assignthe
combinedfunction-chunkcodesto eitherwords or
POSin contet. From the sequenceof predicted
function-chunkcodes,the completechunking and
function assignmentan be reconstructed. How-
ever, predictionscan be inconsistent,blocking a
straightforvard reconstructiorof the completeshal-
low parse. We emplo/ed the following four rules
to resole suchproblems: (1) Whenan O chunk
codeis followed by a B chunk code, or whenan
I chunk codeis followed by a B chunk codewith
a different chunktype, the B is corvertedto an |.
(2) Whenmorethanoneword in a chunkis given
a function code,the function codeof the rightmost
wordis takenasthe chunks functioncode.(3) If all
wordsof the chunkreceve NOFUNC tags,a prior
function codeis assignedo the rightmostword of
the chunk. This prior, estimatedn thetraining set,
representshe mostfrequentfunction codefor that
typeof chunk.

To measureghe succesf our learney we com-
putethe precision,recall andtheir harmonicmean,

the F-scoré with 5=1 (Van Rijsbegen, 1979). In
thecombinedunction-chunkingevaluation,achunk
is only countedas correctwhenits boundariesits
typeandits functionareidentifiedcorrectly

2.2 Datapreparation

Our total dataset consistsof all 74,024sentences
in the Wall StreetJournal,Brown and ATIS Cor
pus subpartsof the Penn Treebanklll. We ran-
domizedthe order of the sentence#n this dataset,
and then split it into ten 90%/10% partitionings
with disjoint 10% portions, in order to run 10-
fold cross-alidation experiments(Weiss and Ku-
likowski, 1991). To provide differently-sizedrain-
ing setsfor learningcurve experimentseachtrain-
ing set(of 66,627sentencesyasalsoclippedatthe
following sizes: 100 sentences500, 1000, 2000,
5000,10,000,20,000and50,000.All datawascon-
vertedto instancessillustratedin Table2.1. Forthe
totaldataset,thisyields1,637,268nstancespnefor
eachword or punctuatiormark. 62,472word types
occurin thetotaldataset,and874differentfunction-
chunkcodes.

2.3 Classifier: Memory-basedlearning

Arguably the choiceof algorithmis not crucialin
learningcurve experiments. First, we aim at mea-
suringrelative differencesarisingfrom the selection
of typesof input. Secondthereareindicationsthat
increasingthe training set of languageprocessing
tasksproducesnuchlarger performancegainsthan
varyingamongalgorithmsatfixedtrainingsetsizes;
morewer, thesedifferencesalsotendto getsmaller
with largerdatasets(Banko andBrill, 2001).
Memory-based learning (Stanfill and Waltz,
1986;Ahaetal., 1991;Daelemangtal., 1999b)is a
supervisednductive learningalgorithmfor learning
classificationtasks. Memory-basedearningtreats
a set of labeled (pre-classified)training instances
aspointsin a multi-dimensionafeaturespace and
storesthem as suchin an instance base in mem-
ory (ratherthan performing someabstractionover
them). Classificationin memory-basedearningis
performedby the k-NN algorithm(Cover andHart,
1967) that searchedor the k£ ‘nearestneighbors’
accordingto the distancefunction betweentwo in-

e, = (82+1)-precisionrecall
p2.precision-recall




Left context Focus Right context Function-chunicode
_ _ - Once he was held I-ADVP  ADVP-TMP
- - Once he was held for I-NP  NP-SBJ
- Once he was held for three I-VP  NOFUNC
Once he was held for three months I-VP  VP/S
he was held for three months without I-PP  PP-TMP
was held for three months without being I-NP NOFUNC
held for three months without being charged I-NP NP
for three months without being charged . I-PP PP
three months  without being charged . _ I-VP NOFUNC
months  without being charged . - - I-VP  VP/S-NOM
without being charged . _ _ _ O NOFUNC

Tablel: Encodinginto instanceswith wordsasinput, of the examplesentenceOnce he was held for three

months without being charged "

stancesX andY, A(X,Y) = >, w; 0(z4,¥i),
wheren is thenumberof featuresyw; is aweightfor
featurei, andd estimateshedifferencebetweerthe
two instancesVvaluesat theith feature.The classes
of the & nearesheighborghendeterminethe class
of thenew case.

In our experimentswe useda variantof theis1
memory-basetbarnerandclassifieasimplemented
in TIMBL (Daelemanstal.,2001).Ontopof thek-
NN kernelof 1B1 we usedthefollowing metricsthat
fine-tunethe distancefunction andthe classvoting
automatically:(1) Theweight(importancepf afea-
turesd, w;, is estimatedn our experimentsy com-
putingits gain ratio GR; (Quinlan,1993). This is
the algorithms default choice. (2) Differencesbe-
tweenfeaturevalues(i.e. wordsor POStags)arees-
timatedby thereal-valuedoutcomeof the modified
value differencemetric (Stanfill and Waltz, 1986;
Costand Salzbeg, 1993). (3) k¥ wassetto seven.
This andthe previous parametessettingturnedout
bestfor achunkingtaskusingthesamealgorithmas
reportedby VeenstraandvandenBosch(2000. (4)
Classvotingamongthek nearesheighbourss done
by weightingeachneighbours voteby theinverseof
its distanceto the testexample(Dudani, 1976). In
Zavrel (1997), this distancewas shavn to improve
over standardk-NN on a PP-attachmentask. (5)
For efficiengy, searctfor thek-nearesheighbourss
approximatecby emplg/ing TRIBL (Daelemanset
al., 1997),a hybrid betweernpure k-NN searchand
decision-tredraversal. The switch point of TRIBL
wassetto 1 for the wordsonly and POSonly ex-
perimentsj.e. a decision-treesplit wasmadeon the
mostimportantfeature thefocusword, respectiely

focusPOS Fortheexperimentsvith bothwordsand
POS theswitchpointwassetto 2 andthealgorithm
wasforcedto splitonthefocusword and focusPOS.
Themetricsunderl) to 4) thenapplyto theremain-
ing features.

3 Learning Curve Experiments

We reportthe learningcune resultsin threepara-
graphs. In the first, we comparethe performance
of a plain words input representationvith that of
a gold-standard®?OSone. In the secondwe intro-
duceavariantof theword-basedaskthatdealswith
low-frequeng words. The lastparagrapldescribes
resultswith inputconsistingof wordsand POStags.

Words only versus POS tags only As illus-
tratedin Figure 1, the learningcurves of both the
word-basedand the POS-basedepresentatiorare
upward with more training data. The word-based
curwe startanuchlowerbutflattendess;in thetested
rangeit has an approximatelylog-linear growth.
Given the measuredesults,the word-baseccurve
surpassethe POS-basedurwe atatrainingsetsize
between20,000and50,000sentencesThis proves
two points: First, experimentswith a fixedtraining
setsize might presenta misleadingsnapshot.Sec-
ond,theamountof trainingmaterialavailabletoday
is alreadyenoughto make wordsmorevaluablein-
putthan(gold-standard!POS.

Low-frequency word encoding variant  If
TRIBL encountersanunknavn wordin thetestma-
terial, it stopsalreadyat the decisiontreestageand
returnsthe default classwithout even usingthe in-
formation provided by the context. This is clearly
disadwentageousand specificto this choice of al-



80 ~ -
75 A -
70 A -
65 - -
60 - . -
T v : “
55 A -
50 - T .
- gold-standard POS ——
45 1 words - i
- attenuated words %

40 1 »- attenuated words + gold-standard POS = -
354 :
100 200 500 1000 2000 5000 10,000 20,000 50,000

66,627

# sentences

Figurel: Learningcurvesof the main experimentson POStags,words,attenuatedvords,andthe combi-
nationof wordsandPOS.They-axisrepresent&z—; on combinedchunkingandfunctionassignmentThe
x-axisrepresentthe numberof trainingsentencesdts scaleis logarithmic.

gorithm. A more generalshortcomingis that the
word form of anunknavn word often containsuse-
ful informationthat is not available in the present
setup.To overcomethesetwo problemswe applied
what Eisner(1997 calls “attenuation”to all words
occurringten timesor lessin training material. If
sucha word endsin a digit, it is corvertedto the
string “MORPH-NUM?”; if the word is six charac-
tersor longerit becomesMORPH-XX" whereXX
arethefinal two letters,elseit becomesMORPH-
SHORT". If thefirst letteris capitalisedthe atten-
uatedform is “MORPH-CAP”. This producesse-
guencesuchasA number of MORPH-ts were MORPH-
ly MORPH-ed by traders . (A number of developments
were negatively interpreted by traders ). We appliedthis
attenuatiormethodto all trainingsets.All wordsin
testmaterialthatdid not occuraswordsin the atten-
uatedtraining materialwerealsoattenuatedollow-
ing thesameprocedure.

The cure resulting from the attenuatedword-
basedxperimentis alsodisplayedn Figurel. The
cunwe illustratesthat the attenuatedepresentation
performsbetterthanthe pureword-basedneat all
reasonabldraining set sizes. However the effect

clearly diminuisheswith moretraining data,so we
cannotexclude that the two curveswill meetwith
yetmoretrainingdata.

Combining words with POStags Althoughthe
word-basedurwe, andespeciallyits attenuatedari-
ant, end higher than the POS-baseccune, POS
mightstill be usefulin addition to words.We there-
fore alsotesteda representatiomvith both typesof
featuresAs shavnin Figurel, the“attenuatedvord
+ gold-standardOS” curwe startscloseto thegold-
standardPOS curwe, attainsbreak-een with this
curwe at about500 sentencesandendscloseto but
higherthanall othercurwes,including the “attenu-
atedword” cunwe.

4

Althoughthe performancencreasehroughthe ad-
dition of POS becomessmaller with more train-
ing data, it is still highly significantwith maximal
training setsize. As the tagsarethe gold-standard
tagstaken directly from the PennTreebankthis re-
sult pravidesanupperboundfor the contrikution of
POStagsto the shallav parsingtask underinves-
tigation. Automatic POStaggingis a well-studied



Inputfeatures Precision =+ | Recall &+ | F-score =+
gold-standardPOS 738 02| 739 0.2 739 0.2
MBT POS 722 02| 724 0.2 72.3 0.2
words 75.4 0.1 754 0.1 75.4 0.1
words+ gold-standardPOS 765 02| 771 0.2 76.8 0.2
words+ MBT POS 75.8 02| 76.1 0.1 75.9 0.1
attenuatedvords 773 01| 77.2 0.2 77.3 0.2
attenuatedvords+ gold-standardPOS 789 02| 79.1 0.2 79.0 0.2
attenuatedvords+ MBT POS 776 02| 77.7 0.2 776 0.2

Table2: Averageprecision recall,andF-scoreon the chunking-functiondgging task,with standardievi-
ation, usingtheinput featureswords, attenuatedvords,gold-standard?OS,andMBT POS,andcombina-

tions,onthe maximaltrainingsetsize.

task(Church,1988;Brill, 1993;Ratnaparkhil996;
Daelemanst al., 1996),andreportederrorsin the
rangeof 2—6%are common. To investigatethe ef-
fectof usingautomaticallyassignedags,wetrained
MBT, a memory-basedagger (Daelemanset al.,
1996),on thetrainingportionsof our 10-fold cross-
validationexperimentfor themaximaldataandlet it
predicttagsfor thetestmaterial. Thememory-based
taggerattainedanaccurag of 96.7%(+ 0.1;97.0%
on known words, and 80.9% on unknavn words).
We thenusedtheseMBT POSinsteadof the gold-
standardnes.

The resultsof theseexperimentsalongwith the
eguivalentresultsusinggold-standardPOS,aredis-
playedin Table2. As they shaw, the scoreswith au-
tomaticallyassignedagsarealvayslowerthanwith
the gold-standarcdones. When taken individually,
the differencein F-scoreof the gold-standarder
sustheMBT POStagsis 1.6 points. Combinedwith
words, the MBT POS contritute 0.5 points (com-
paredagainstwords taken individually); combined
with attenuatedvords, they contrilute 0.3 points.
Thisis muchlessthantheimprovementby thegold-
standardags(1.7 points)but still significant.How-
ever, asthelearningcurve experimentshaved, this
is only a snapshotind the improvementmay well
diminishwith moretrainingdata.

A breakdevn of accurag resultsshawvs that the
highestimprovementin accuray is achiezedfor fo-
cus words in the MORPH-SHOR' encoding. In
thesecasesthePOStaggemasaccesso moreinfor-
mationaboutthelow-frequeng word (e.g.its suffix)
thantheattenuatedorm provides. Thissuggestghat

thisencodings notoptimal.

5 RelatedReseach

Ramsha andMarcus(1995, Mufiozetal. (1999,
Argamonetal. (1998, Daelemanstal. (19993
find NP chunks,usingWall StreetJournaltraining
material of about9000 sentences.F-scoresrange
between91.4 and 92.8. The first two articles
mention that words and (automatically assigned)
POS together perform better than POS alone.
Chunkingis one part of the task studiedhere, so
we also computedperformanceon chunksalone,
ignoring function codes. Indeedthe learningcurve
of wordscombinedwith gold-standardPOScrosses
the POS-basecurne before 10,000 sentencen
thechunkingsubtask.

Tjong Kim SangandBuchholz(2000 give an
overvien of the CoNLL sharedtask of chunking.
The typesanddefinitionsof chunksareidenticalto
theonesusedhere.Training materialagainconsists
of the 9000 Wall Street Journal sentenceswith
automaticallyassigned®?OStags. The bestF-score
(93.5) is higherthanthe 91.5 F-scoreattainedon
chunkingin our studyusingattenuatedvordsonly,
but using the maximally-sizedtraining sets. With
gold-standard®OSand attenuatedvordswe attain
an F-scoreof 94.2; with MBT POStagsandatten-
uatedwords, 92.8. In the CoNLL competition,all
threebestsystemsusedcombinationof classifiers
insteadof one single classifier In addition, the
effectof our mix of sentencetom differentcorpora
ontop of WSJis notclear

Ferroetal. (1999 describea systemfor find-



ing grammaticalrelationsin automaticallytagged
and manually chunled text. They report an F-
score of 69.8 for a training size of 3299 words
of elementaryschoolreadingcomprehensionests.
Buchholzetal. (1999 achieve 71.2 F-score for
grammaticalrelation assignmenbn automatically
taggedand chunled text after training on about
40,000Wall StreetJournalsentences.In contrast
to these studies, we do not chunk before find-
ing grammaticalrelations;rather chunkingis per
formedsimultaneouslyvith headverd functiontag-
ging. MeasuringF-scoreson the correct assign-
mentof functionsto headverdsin our study we at-
tain 78.2F-scoreusingwords,80.1usingattenuated
words, 80.9 usingattenuatedvords combinedwith
gold-standardOS,and79.7usingattenuatedavords
combinedwith MBT POS(which is slightly worse
thanwith attenuatedavordsonly). Our functiontag-
gingtaskis easiethanfindinggrammaticatelations
aswe tag a headverd of a chunkase.g. a subject
in isolation whereasgrammaticalrelation assign-
mentalsoincludesdecidingwhichverbthischunkis
the subjectof. Ait-MokhtarandChanod(1997) de-
scribeasequencef finite-stategransducers which
function taggingis a separatestep, after POStag-
gingandchunking.Thelasttransducethenuseshe
functiontagsto extractsubject/erbandobject/\erb
relations(from Frenchtext).

6 Conclusion

POSarenormally consideredusefulinformationin
shallav andfull parsing.Ourlearningcurve experi-
mentsshaw that:

e Therelatve merit of wordsversusPOSasin-
put for the combinedchunkingand function-
taggingtaskdepend®n the amountof training
dataavailable.

e Theabsolutegperformancef wordsdependsn
the treatmentof rare words. The additional
useof wordform information(attenuation)m-
provesperformance.

e The addition of POS also improves perfor
mance.In this andthe previous case the effect
becomesmallerwith moretrainingdata.

Experimentsvith themaximaltrainingsetsizeshav
that:

e Addition of POSmaximallyyieldsanimprove-
mentof 1.7 pointson this data.

e With realistic POSthe improvementis much
smaller

Preliminaryanalysisshavs thattheimprovementoy

realisticPOSseemdo be causedmainly by a supe-
rior useof word form informationby the POStag-
ger We thereforeplan to experimentwith a POS
taggerandan attenuatedvordsvariantthat useex-

actly the sameword form information. In addition
we alsowantto pursueusingthe combinedchunler
andgrammaticafunctiontaggerdescribechereasa
first steptowardsgrammaticalelation assignment.
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