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Abstract
Weproposeamethodologywhichallowsanevaluationof distributionalqualitiesof atagsetandacomparisonbetweentagsets.Evaluation
of tagsetis crucialsincethe taskof taggingis oftenconsideredasoneof thefirst tasksin languageprocessing.Theaim of taggingis
to summariseaswell aspossiblelinguistic informationfor further processingsuchassyntacticparsing.The ideais to considerthese
furtherstepsin orderto evaluatea given tagset,andthusto measurethepertinenceof the informationprovidedby the tagsetfor these
steps.For thispurpose,aMachineLearningsystem,ALLiS, is used,whosegoalis to learnphrasestructuresfrom bracketedcorporaand
to generateformalgrammarwhichdescribesthesestructures.ALLiS learningis basedon thedetectionof structuralregularities.By this
means,it canbepointedoutsomenon-distributionalbehavioursof thetagset,andthussomeof its weaknessesor its inadequacies.

1. Intr oduction
A typical andfamiliar caseof corpusannotation
is grammaticaltagging (also called word-class
tagging,part-of-speechtaggingor POS-tagging).
In this casea label or tag is associatedwith a
word [. . . ] to indicate its grammaticalclass.
(Garsideet al., 1997)

AsG.Leechhaswritten,taggingis oneof themajortasksin
corpusannotation.More andmorethis annotationis done
automaticallyor semi-automaticallyby meansof taggers.
The emergenceof theseannotatedcorporaallows the de-
velopmentof learningtechniquesusingthesecorporain or-
derto learntaggersor parsers(Brill, 1993;Charniaket al.,
1993; Brant, 1999). Oneof the questionswhich is asked
whenyou wantto annotatea corpusor to train a taggeris:
which tagsetdo youuseandwhy?For this purposeseveral
tagsetshave to be compared.Whereasmethodologiesfor
evaluatingtools(taggersor parsers)exist (Paroubek,1998;
LREC,1998;Carolletal.,1999),theproblemof evaluation
of tagsetsseemsto belessinvestigated.

Theexisting methodsproposeduntil now try to modify
anexisting tagsetin orderto improve thetaggingaccuracy
(Section7.). (EAGLES, 1996a;Baker et al., 1998) pro-
poseguidelineswhich offer an abstractmodelof features
sets,but theserecommendationsratherconcernthe stan-
dardisationof tagsetandprovidenocriterionfor evaluating
tagsets1.

In this articlewe proposea methodologywhich distin-
guishestheproblemof tagsetevaluationfrom taggingeval-
uation,andtries to evaluatethe pertinenceof tagsetsrela-
tively to parsing. The generalidearelieson this observa-
tion: Part-of-Speech tagging is oftenseenasthefirst stage
of a more comprehensivesyntacticannotation,which as-
signsa phrasemarker, or labelledbracketing to each sen-
tenceof a corpus,in themannerof a phrasestructuregram-
mar (Garsideet al., 1997). If we can substitutetagsfor
words,and neverthelesscorrectly parsesentences(in our
caseonly phrasestructuresare parsed),we can consider
thatno essentialinformationhasbeenlost during tagging.

1Evenif standardisationhelpsindirectly tagsetevaluation.

In the contrarycase(somestructurescannot be correctly
parsed),sometagsdonotcontainenoughinformation(con-
tainedat theword level) to achieve a partialparsingof the
sentence.We will show that the numberof tagsis not an
appropriatecriterion for evaluatinga tagset,and that the
qualityof agiventagsetratherdependson its distributional
properties.

How to do practically this evaluation? We usea Ma-
chineLearningsystem,ALLiS, whichgeneratesagrammar
of a givenstructurefrom a bracketedcorpus.ALLiS main
taskis to determinewhetheror whena given tag belongs
to a givenphrasestructure(PS),andwe canindirectly use
it to evaluatetagsets.ALLiS first learnsthe canonicalbe-
haviour of a tag,andthenidentifiesits deviant behaviours.
They correspondto nondistributionalbehaviours.

Theplanof this articleis asfollows: Section2. callsto
mind somegoalsandpropertiesof tagset. Section3. ex-
plains the methodologyproposedhere. The next section
providesanillustrationof anevaluationof tagsets.In Sec-
tion 5. threetagsetsarecompared.Section6. putstheques-
tion of the influenceof the structuresdefinition usedfor
evaluatingtagset.Finally, Section7.discussessomerelated
works.

The tagsetsusedin this article are the PennTreebank
tagset(hereafterPenn)(Marcuset al., 1993),theCLAWS2
tagset(Garsideet al., 1987) and the SUSANNE tagset
(Sampson,1995).

2. About Tagsets
2.1. What kind of Tagsetsand what Kind of

Evaluation

Tagsetscan be variousand specificto one or another
task (amongmorphologicalannotation,syntacticannota-
tion, InformationExtraction). In this paper, we focusthe
study on tagsetsusedfor syntacticannotation. We pro-
posea methodologyfor judging the linguistic (or “exter-
nal”) quality of a tagset(the extent to which it allows re-
trieval of all importantgrammaticaldistinctionin the lan-
guage (Sampson,1995,page29)), andnot the “internal”
quality(theextentto which a particular tag is usefulin aid-
ing the disambiguationprocess,and increasingthe accu-
racy of tagging). (Elworthy, 1994), comparingboth cri-



teria,concludesthattheexternal(linguistic) criteriashould
befollowed.The“structural”partis nottakinginto account
(useor notof features,organisationin hierarchicaltree).

2.2. Notion of Domain

Wecanconsidertaggingas“the annotationof thewords
in a text with tags indicating their syntacticproperties”
(Halteren,1999). The notion of distribution is often used
when building up a tagset. If this notion is often em-
ployed or cited, the notion of domain(Harris, 1954,page
159) is lessknown or not enoughexplicitly used. Harris
wrote: “All the statementsaboutdependenceand substi-
tutability applywithin somespecifieddomain”,andHarris
citedword,phraseandclauseascommontypesof domain.
We considerthat all the tagsgeneratedby a distributional
methodarein relationwith aspecificdomain,andthatthey
have to reporttheirmembershipof thesedomains.Onetag
hasto belongto oneandonly onedomain. Although, the
useof generaltagssimplifiesthework of parsers,this tag-
gingis notoptimalsincetheparserhasto comedown to the
lexical level to determinethesyntacticbehaviour of aword,
namelyits domain. The Penntag VBG belongsto several
domainsandratherreflectsamorphologicalproperty. Only
usingthis tags,thesyntacticbehavior (whichdomainit be-
longsto) of a word taggedVBG is not possible.

3. A Proposalfor Evaluating Tagsets

3.1. Using parsing for evaluating tagsets

The ideaof usingparsingfor evaluatingtagsetis quite
obvious, sincethe purposeof taggingis to help syntactic
parsingandsincethesetwo levelsarestronglycorrelated:

In fact thereis a strongargumentthat these[tag-
ging andparsing]arenot really distinct levelsat
all: grammaticaltagging is merely a specifica-
tion of the leaves [. . . ] of the phrasestructure
treewhich is a favouredmodelfor syntactican-
notation.(Garsideet al., 1997)

In (GiguetandVergne,1997)or (Karlssonetal.,1995)tag-
ging andparsingaredonesimultaneously, providing very
goodresultat the tagginglevel, eventhougha greatmany
work usesa sequentialapproach(tagging then parsing).
The quality of tagsetsis, in the last case,very important
sinceparsingusesinformation provided by tagging. If a
taghasno clearsyntacticproperties,its usedoesnot allow
aneconomyin thedescriptionandin theprocessing.In this
case,theparserhasto retaggedthe word in orderto solve
theproblemof its membershipto a givenstructure,andfor
this reasontheuseof this tagis non-optimum.

For evaluatingtagsets,we considerthe quality of in-
formationtransmittedby taggingfor parsing.Oneway to
judge this quality is to answerthis question: Is it possi-
ble to parsea sentenceusingonly tags? If the answeris
positive, the tagsettransmitsthenecessarysyntacticinfor-
mationcontainingin the words,andhasthusperformsits
purpose.If theansweris negative,thetagsetcontainssome
classeswhich arenot well enoughdefined. Table1 illus-
tratesthis problem:a samesequenceof tags(hereDT NN

JJ NN) canhave morethanoneanalyse,andthe informa-
tion containedin the tagsthemselvesis not enoughto find
theright analyse.

[ the world automotive market ]
DT NN JJ NN
[ the shuttle] [ last year]

Table1: Two possibleparsingsof thesequenceDT NN JJ
NN (Wall StreetJournalcorpus).

The domainswe proposedfor this evaluationare the
non-recursive phrasestructures(PS) and simple clauses.
Evaluation using a full parsing does not seemrealistic
presentlysinceparsingprepositionalphrasesrequiresgen-
erally lexical resources(Collins andBrooks, 1995). The
use of PS and clausesallows a fully coverageof many
tagsets.

3.2. The Theoretically Minimal Tagset

We would like to point out that the quality of a tagset
doesnot dependon thequantityof tags. For this purpose,
we build up the minimum tagsetnecessaryto parsesen-
tencewhatever the domainsare. The first ideais to usea
tagsetwith onetagperstructure.Supposewewantto parse
only NP andVP. We simply needthreetags: NP andVP
andO (other, for elementswhich do not belongto NP or
VP). Wordsbelongingto the NP structureare taggedNP
andsimilarly for VP. But this tagsetis notenough.Thefol-
lowing exampleillustratestheproblem:a sequenceof ad-
jacentNPtagscancorrespondto asequenceof structures.

[NP the way the economyNP] [VP will performVP]
NP NP NP NP VP VP
the way the economy will perform

In orderto solvethisproblem,wehaveto addonefeatureto
eachtag: thebreakproperty. A tagtakesthefeatureB+ if
it introducesabreakinto asequenceof elementsbelonging
to thesamekind of structure(in generaltheseelementscor-
respondto specificclassessuchasdeterminerin English).
The word the mustbe taggedNP

B+
. The new parsingof

theprecedingsentenceis :

[ the way ] [ the economy] will perform. . .
NP

B+
NP

B-
NP

B+
NP

B-
VP

B+
VP

B-
the way the economy will perform

Thusatagsetcomposedof onetagproPhraseStructure
with thefeatureB+ or B- is enoughin orderto segmentsen-
tencesinto thosestructures(but this tagsetdoesnot allow
the innerparsingof a structure).We estimatethata tagset
of about20 tagsis enoughto parsea sentenceinto PSand
clausestructures.

3.3. The Learning System:ALLiS

Theapparitionof annotatedandbracketedcorporahas
developedthe utilisation of MachineLearningtechniques
in Natural LanguageProcessing(Wermter et al., 1996),
(NerbonneandOsborne,1999). Generallyannotatedcor-
poraareusedas“training data”andthenthe learningsys-
tem is evaluatedwith testdata. In this work, the opposite



is done:we usea MachineLearningtechniquein orderto
evaluatelinguistic data.

ALLiS2 (Architecture for Learning Linguistic Struc-
tures)(Déjean,2000) is a learningsystemwhich usesthe
theoryrefinementin orderto learnnon-recursivePS.Using
bracketedcorporaasinput ALLiS learnsa regularexpres-
sion grammarwhich describesPS.This grammaris then
usedby the CASSparser(Abney, 1996)or by the Xerox
Finite StateTools (Karttunenet al., 1997). The learning
taskis composedof two steps.Thefirst stepis thegener-
ation of an initial grammar. In this grammar, eachtag is
assignedthe value: “belong to the structure”or “doesnot
belongto thestructure”. This initial grammarprovidesan
incompleteanalysisof thedata.Thesecondstepis the re-
finementof this grammar. During this step,thevalidity of
therulesof theinitial grammaris checkedandtherulesare
improved(refined)if necessary. This refinementrelieson
the useof two operations:the contextualisation(in which
contextssuchatagbelongsor not to thePS)andlexicalisa-
tion (sucha word belongsto thephrase).ALLiS generates
alist of problematicpointsof thetagsetencounteredduring
thelearningphase.This identificationof problemticpoints
canonly be providedby symboliclearningsystems,since
statisticalmethodscanjustprovidedirectlyasegmentation
into structures(Tjong Kim SangandVeenstra,1999).

3.3.1. Notion of refinement
Thenotionof “refinement”is thecentralnotionfor AL-

LiS. Whenarule is learned(for example:thetagVBNdoes
notbelongto NP),ALLiS triesto find outexceptionsto this
rules. In orderto refinethis rule, it disposesof two opera-
tors: thecontextualisationandthe lexicalisation(Table2).
The contextualisationprovidesa list of contexts wherean
elementcategorisedin onecategory canappearin another
category. The tagVBN is categorisedby default asoccur-
ring outof anNP3, but ALLiS candetectcontexts in which
it alwaysoccursinsideanNP. Thelexicalisationpointsout
wordswhosebehaviour is constant.In our trainingcorpus
the word increasedoccurringbeforea nounbelongsto an
NP10timesandonly onetimeoutsidewhateverthepreced-
ing context is. Both operationscanbe redundant:the/DT
increased/VBNlabor/NNcosts/NNS.

SinceALLiS can provide contextual rules in order to
improve the parsing,thesearenot beyond the actualtag-
ging technologywhich mainly relieson thenotionof local
contexts. Thesesituationscanbe detectedat the tagging
level.

3.4. Notion of Recoverability
This methodologyconsidersthat tagsetsmust contain

the mostpossiblesyntacticalinformation,andall the tags
which do not follow this principle are thus negatively
judged.

An oppositepoint of view is developin thePennTree-
bank(Marcuset al., 1993)which usesthenotionof recov-

2A demo of the chunker for NP and VP can be
used at: http://www.sfb441.uni- tuebingen.de/
˜dejean/chunker.html .

3Theoccurrencesof VBN in anNP represent15%of thetotal
occurrences

VBN non rel
contextualisation:

rel left in VBN POS 13 1
rel left in VBN JJ 7 3
rel left in VBN PRP$ 18 0
rel left in VBN CD 4 1
rel left in VBN DT 221 3
rel left out VBN TO 3 0
rel left out VBN IN 74 1
rel left out VBN VBG 13 2

lexicalisation:
VBN increased 10 1
VBN discontinued 7 0
VBN increased 5 0
VBN Posted 4 0

Table2: Refinementof the tag VBN for the NP structure.
First line: the tag VBN after the tag POSoccurs13 times
in anNP andonetime outside.

erability:

A key strategy in reducingthetagsetwasto elim-
inateredundancy by takinginto accountbothlex-
ical and syntacticinformation. (Marcuset al.,
1993,314)

The idea is to reducethe size of the tagsetusedasstart-
ing point (the Brown tagset),so that the redundancy con-
tainedin thecorpusis alsoreduced.Then,evenif thePenn
tagsetdoesnot containenoughinformationin orderto de-
terminethe syntacticrole of eachelement,tagsfunction
canbe found out using lexical information (the word) or
syntacticalone(bracketing):

We would like to emphasizethat the lexical
andsyntacticrecoverability inherentin the POS
tagsetversionof the PennTreebankcorpusal-
lowsendusersto emplyamuchrichertagsetthan
thesmallonedescribedin Section2.2if theneed
arises(Marcusetal., 1993,315).

It seemsthat this needsystematicallyarisesfor process-
ing applying a cascadedapproach,since this bottom up
approachcannot usehigher level in orderto identifiy the
syntacticrole of tags.But this identificationis easyby us-
ing the PennTreebanksincethe syntacticinformation is
present.We understandthephilosophyof the recoverabil-
ity asbeing: if you know the word andits structure,you
canfind its tag.But from the“automaticprocessing”point
of view, thesituationis generallyopposite:if theword and
its tagareknown, canwe determineits syntacticstructure?

We can also notice that this notion of recoverability
seemsto be in contradictionwith the following remark
found in the samearticle: By contrast [with the Brown
corpus], sinceoneof the main role of the tagged version
of the PennTreebankcorpusis to serveon the basisfor a
bracketedversion of the corpus,we encodea word’s syn-
tactic functionin its POStag whenever possible. (Marcus
etal., 1993,page316)

This remarkfollows themethodologyusedin this arti-
cle in orderto evaluatetagsets.



4. How to Evaluateof a Tagset
Wepresenttwo kindsof evaluation:aglobalandalocal

one. If it could seemto be interestingto get a quantifica-
tion of thequality of a tagset,we will seethata qualitative
approachis preferable,andatany rateis mandatoryto iden-
tify intrinsic weaknessesof a tagset.All thetagsetsstudied
provide roughly similar result and they only differ about
somespecificpointswhosefrequency is quitelow.

But, first of all, we have to choosea domain (Sec-
tion 2.2.). Threearestudied:thebased-NP, based-VP, and
Based-PP. Thedefinitionof thesestructuresis providedby
thePennTreebank(Section6. discussesthe importanceof
thischoiceregardingtheevaluation).Sections15-18of the
Wall StreetJournalcorpusserve as training datafor AL-
LiS, andSection20servesastestdata.Thedataaretagged
using the Penntagsetand CLAWS2 tagset(ACQUILEX
tagger(Garsideet al., 1987)).

4.1. Global Evaluation

Global evaluation consists of evaluating the initial
grammargeneratedby ALLiS. A “perfect” tagset,accord-
ing to our criteria, would provide a scoreof 100% (or
nearly),andwould not be improved by contextualisation.
The initial grammargeneratedby ALLiS for NP with the
Penntagsetis (CASSformalism):

:np
NB = PRP| EX | WP | WDT;
AB = DT | POS | PRP$ | WP$;
A= JJS | JJ | JJR | $ | #;
aA = RBR|RBS;
N= CD | NN | NNP | NNS | NNPS;
NP -> NB |

AB* ((aA* A)* N)+;

This grammaris only composedof tagswhich are cate-
gorisedby ALLiS asbelongingby default to NP (Déjean,
2000).

Table 3 shows a global evaluation of the Penn and
CLAWS2tagsetsfor NP, PPandVP

Structure Tagset Initial Grammar
NP Penn 86.33

CLAWS2 86.30
PP Penn 84.30

CLAWS2 90.60
VP Penn 83.15

CLAWS2 81.87

Table3: Evaluationof two tagsets:thePennTreebankand
theCLAWS2tagset.therateis
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From this table,it is, in fact, difficult to determinethe
besttagset.Theresultdependson thestructureused.Con-
cerningNP, theevaluationof the initial grammarprovides
two closedscores.This global evaluationoffers no infor-
mation at all aboutweaknessesand strengthsof the dif-
ferenttagsets.For instance,the initial NP grammarusing
the Penntagsetgetsthe bestscorethanksto few specific
points: the useof the tag WDT for the word that, usedas

wh-determiner, whenthe CLAWS usedthe CST, merging
theclassesof conjunctionandof relativepronouns.Despite
this weakness,which concernsa frequentstructureandpe-
nalisestheCLAWSevaluationof 0.5%,theCLAWStagset
counterbalancesthis usingother tagswhich aremoredis-
tributional thanthe Penntags(Section5.). The badscore
of the PenntagsetconcerningPPis dueto the merging of
prepositionsandcomplementisersinto oneclass(IN). Re-
gardingVP, thePenntagsetgetsabetterscore.This is only
due to a higher error rate with the CLAWS2 tagsets,er-
rorswhich hidethebetterdistributionalpropertiesof some
CLAWS2tags.

Thiskind of evaluationis biasedby thefactthat,mostof
the time, the improvementsdueto distributional tagsonly
concernsomespecificpointswhosefrequency is small.For
example,taggingthe word including aspreposition(word
taggedVBG in the PennTreebank)improvesthe scoreof
theVP parsingby only 0.45%.Therateof theerrorsof tag-
gingis largelyhigher(5-7%)andhidessuchpositivepoints
of a tagset.It is alsomoreinterestingto restricttheevalua-
tion to specificconstructions(Section4.2.)in orderto make
thedifferencesbetweentagsetsemerged.

4.2. Local Evaluation

Anotherway to evaluatea tagsetis to considerthe be-
haviour of eachtagregardingagivendomain,usingtheno-
tion of reliability. Thereliability of anelementcorresponds
to theratiobetweenits frequency in thestructureoverits to-
tal frequency in the corpus. If its reliability is 1 (resp. 0),
thetagalwaysbelongs(resp.doesnotbelong)to thestruc-
ture andits syntacticalbehaviour is predictable.An ideal
tagsetwouldprovidetagswhichonly belongto oneunique
structure. The tagsetusedby (GiguetandVergne,1997)
definestagsfrom threestructures:non-recursive NP, non-
recursive VP andsimpleclause,anda tag only belongsto
onedomain(exceptcoordinations).Parsingwith this tagset
is thus straightforward. Unfortunately, tagsetsoften pro-
vide elementswhich canbelongto several structures.We
canbe temptedto usethis informationto furnish a direct
quantifiablecriterion of comparisonbetweentagsets,but
sometriesdo not leadto conclusive results.Onepossible
evaluationmight beto estimatethenumberof reliabletags
for a given tagset,but this featureoffers no easyway to
comparetagsets:areliabletagin onetagsetcancorrespond
to several reliabletagsin anothertagset,andthusthe last
tagsetis privileged(anoperationof mappingwouldbenec-
essaryin orderto comparetagsetby this way). However,
this criterion canbe usedin orderto evaluatethe intrinsic
qualityof atagset(averygoodtagsetbeingonly composed
of reliable tags). Table4 providessomeexamplesof the
reliability of sometagsfor the Penn,CLAWS2 and SU-
SANNEtagsets.

In somecasesthe subcategorisationof somegeneral
tagscanbeuseful(RB), andsometimesuseless(NN). We
canmake two generalremarks:First it is alwaysusefulto
subdivide non-reliabletags,so that the subdivision intro-
ducesreliabletags(the subdivision of the non-reliabletag
RA (CLAWS2) leadsto the creationof two reliable tags:
RAaandRAh(SUSANNE)).Second,the subdivision of a
reliable tag might not be useful for a syntacticalpurpose,
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agset Tag NPRel. Tag NPRel.

Penn
RB 13% NN 98%

CLAWS2
RL 7% NN1 98%
RR 18% NNT1 99%
RA 22% NNU 98%
RT 49% NNL1 98%
RG 70% NNJ1 99%

SU
RAa 0% NNT1c 100%
RAh 100% NNT1h 100%
RTt 100% NNT1m 100%
RGi 100%

Table4: Syntacticreliability of someadverbialandnominal
tagsin the NP structure(Penn,CLAWS2 andSUSANNE
tagsets)

but canberequiredby otherpurposes(InformationExtrac-
tion for example).

The following table shows that thesenew tagscorre-
spondto classesincludingfew wordshaving averyspecific
behaviour.

RAa ago
RAh am,pm,o’clock
RTt today, tomorrow, yesterday, tonight
RGi around,about,circa,getting on for, over

some, under, up to
This exampleperfectlyillustratesthe remarkby Creis-

sels:Amongadverbs,it seemsthatwefinda certainnumber
of unitswhosedistribution is sospecificthat is is not obvi-
ousthat their categorisationto oneor the other big cate-
gory allowsachieving an economyin the description[...].
(Creissels,1995)

Wecanalsofindanotherpositivepointwhenusingmore
precisetags,point which concernsmanualannotation.In
Sections15-16of theWall StreetJournalcorpus,theword
about is taggedRB when it occursbeforea numeralor a
measure.But in Sections17-18,thisword in thesamecon-
text is systematicallytaggedwith anothertag: IN. We think
thattheuseof aspecifictag(asRGiusedin theSUSANNE
corpus)for this word in this particularcontext would have
avoidedthis errorof annotation.

This list of the non-reliabletagsconstitutesa precious
resourcesin order to improve tagset. It pointsout weak-
nessesof the tagset,namelytagswhich possessno clear
syntacticbehaviour, and which require subcategorisation
(introductionof new reliabletags).This list is usedin order
to comparetagsetsasdescribedin thenext section.

5. Comparison betweenthe Penn,CLAWS2
and SUSANNETagsets

We comparehere three tagsets: the Penntagset,the
CLAWS2tagsetandtheSUSANNEtagset.We do not dis-
poseof a taggerusingthe SUSANNEtagset,andwe thus
have to usetwo differentcorporato achieve this compari-
son.ThePenntagsetis asimplificationof theBrown tagset
(Francis,1980),whentheCLAWS2is anextentionof it:

On the otherhand,whenthe UCREL groupbe-
gan to move on from the problemof automatic
word-taggingto the larger problemof parsing,
they found it necessaryto introducea few new
wordtagsfor wordshaving aspecialrole with re-
spectto higher levels of grammaticalstructure.
(Garsideet al., 1987,page166)

TheSUSANNEtagsetis alsoarefinementof theCLAWS2
tagset.

We presenthereseveral specificpoints whereALLiS
detectsdifficulties.Thesepointswerenotedduringthepro-
cessingof thePenntagsetandwewill seehow thetwo other
tagsetsprocessthem.

5.1. Adverbs

The study of the traditional “class” of adverbs is
interesting since it is generally one of the most non-
distributional in the grammar. The Penntagsetusesjust
onetag,RB, for its class.CLAWS2andSUSANNEtagsets
presentadozenof classeswhichcorrespondmoreor lessto
thetagRB(themappingis not direct). Let look at how the
threetagsetsprocessthesequence[NP abouta yearNP]:

 about RB/IN a DT yearNN (Penn)

 aboutRGa AT1 yearNNT1 (CLAWS2)

 aboutRGi a AT1 yearNNT1c(SU)

ThePennjustspecifiesthanaboutis taggedasadverbor
asproposition/complementiser(dependingon the sections
of thecorpus),andALLiS cannotlearnthat,in thiscontext,
the word aboutbelongsto the NP (IN follows by DT NN
traditionally correspondsto a PP).Only the presenceof a
cardinal(CD) allows thecorrectparsingof theword about
(Table 5) The caseis similar which the CLAWS2 tagset
(RG:classof thegeneraladverbs).

IN non rel
IN CD About 11 0
IN CD about 128 1
IN the 11 0
IN under 1 0
IN TO CD up 8 2
IN $ CD around 6 0

rel spec IN JJS CD 25 0
rel left out TO IN 11 3

Table5: Processingof the tag IN (Penntagset).Thepres-
enceof theword thetaggedIN is dueto errorsof tagging.

SUSANNEusesthetagRGiwhichexactlycorresponds
to thecurrentstructure:

Words taggedRGi and other functioning simi-
larly precedinga sequenceof numeralandmea-
sure are analysedas forming a IC tagma[up-
pergroup]without internalgrouping.(Sampson,
1995,page226)

RGi is categorisedby ALLiS asareliabletagwhichalways
belongsto NP. The syntacticbehaviour of this tag is fully



learnablewithout contextualisationor lexicalisation. We
considerthen that the SUSANNE tagsetbestcovers this
structuralpoint. TheCLAWS2andPenntagsethave simi-
lar behaviour.

Anotherinterestingstructureis nounphrasefunctioning
adverbiallyfollowedby thewordago. Thesequencea year
ago is encodedasanAdverbialPhrase(ADVP) by thePenn
Treebankandby SUSANNE(RX:t) andis tagged:

 a DT yearNN agoRB (Penn)

 a AT1 yearNNT1 agoRA (CLAWS2)

 a AT1 yearNNT1c agoRAa(SUSANNE)

In orderto build the temporaladverbialphrasefrom these
sequencesof tags,ALLiS has to uselexical information
with the Penntagset: the tag RB is not reliable even in
the context DT NN, and the problemcan be only solved
thanksto the lexicalisationof RB (ago). With CLAWS2,
the contextual information(RA after NNT1) is enoughto
built the adverbial structure. And finally, the SUSANNE
tagsetneedsnocontextualatall: theinformationis directly
containedin thetagRAa, composedof just oneword: ago
andwhich occursonly in this kind of structure. We then
establishthefollowing classificationfor this structure:first
SUSANNE,thenCLAWS (needof contextualisation),and
thenPenn(needof lexicalisation).

5.2. A “Br eak in the Time”

Thesecondmainpoint we want to considerin orderto
comparethesetagsetsconcernsnounsdescribingperiodof
time functioningadverbiallyat theclauselevel.

In the Wall StreetJournalcorpus,words suchas yes-
terdayor tomorrow aretaggedNN andcomposeNP. Since
we usethe NP definition of the Wall StreetJournalcor-
pus,we considerthesewordsasmemberof NP. Theprob-
lem of thesewordsis illustratedTable1: contraryto other
wordstaggedNN andNNP, thesewordsdonotconstitutea
uniquestructurewith the immediateprecedingnoun. This
behaviour of breaker canonly bedetectedthroughanoper-
ationof lexicalisation.Thetable6 canbereadas: If a tag
NN is precededby a noun,thenbothmainly belongto the
sameNP (line NN non breaker 6861/123). But thereare
123 exceptions*of* this behaviour, and99 (2+74+23)of
theseexceptionsarecoveredby thethreewordstomorrow,
yesterdayandtoday. Thecaseis similar with thetagNNP
whoseexceptionsconcerndates.

Concerning the CLAWS2 tagset, the wordclasses
NNT(1/2)correspondto temporalnouns(day, week,month)
and their breakproperty is gottendirectly. The problem
concernswordssuchasyesterday. Thesewordsaretagged
RT aswell aswordssuchas thenandnow. The classRT
correspondsto quasi-nominaladverbsof time. ALLiS cat-
egorisesthe tag RT as non-memberof NP by default (it
mostlyoccursout of NPs),andthenusescontextualisation
andlexicalisationto correctlyparsewordswhich arecon-
sideredinsidean NP. But contraryto the Penntagset,the
breakerpropertyof thetagRT is automaticallydetectedand
no lexicalisationis needed(Table7). This choice(adverb
andnot noun)penalisesthe CLAWS2during the first step
of theglobalevaluation(Table3). But, for thesecondstep

NN non breaker 5861/123
exceptions:

NN tomorrow 2 0 left
NN yesterday 74 2 left
NN today 23 0 left

[...]
NNP non breaker 5726/156
exceptions:

NNP HUD 3 0 left
NNP Wednesday 16 0 left
NNP Dec. 2 0 left
NNP Friday 25 4 left
NNP Nov. 6 0 left
NNP Monday 10 3 left
NNP Sept. 2 0 left
NNP Mr. 5 0 left NN
NNP Oct. 8 1 left
NNP Thursday 8 0 left
NNP Tuesday 12 0 left

Table6: Detectionof the BreakPropertyfor the tagsNN
andNNP (Penn).

(contextualisation),the CLAWS2 offers betterresults(the
detectionof the breakproperty is automaticwhereasthe
Pennneedslexicalisation).

RT outer by default
contextualisation:

rel left out RT VV0 9 3
(EXP) now RT VV0 3 3 2
rel left out RT IF 4 1
rel left out RT VVD 26 4
(EXP) then RT VVD 3 3 2
rel left out RT II 18 4
(EXP) then RT II 4 4 2
rel left out RT VVG 4 1
rel left out RT VVN 10
rel left out RT ICS 10 3
rel right out RT IW 3
rel right out RT . 44 9
(EXP) now RT . 8 9 2
rel right out RT IF 3
rel right out RT II 25 9
(EXP) now RT II 3 3 2
(EXP) then RT II 4 4 2
then RT ICS 8/9 -> 1 left tag

lexicalisation:
RT tomorrow 8 0
RT tonight 2 0
RT Yesterday 15 0
RT yesterday 150 0
RT Today 8 0
RT today 54 2
RT then 8 1 ICS

RT breaker 9/93

Table7: Processingof thetagRT tag(CLAWS2).

The SUSANNE tagsetis perfectly distributionally re-
gardingthis problem,sinceit usesa wordclassRTt which
only includes yesterday, today, tomorrow and tonight,
and wordclassesfor words indicating a time period (like



CLAWS2). The syntacticinformationis entirely contains
in tagsand the tagsetis totally distributionally regarding
thispoint.

This structuredescribinga period of time is distri-
butionally well-marked4, and the introduction of a spe-
cific phrase(andthusspecifictagsonly belongingto this
phrase)is strongly recommended(introductionpresentin
SUSANNE).It is interestingto notethat all the modifica-
tions donefor the SUSANNEtagsetarevalidatedby AL-
LiS.

6. Interaction betweenTagsetsand
Structures

We would like hereto point out the importanceof the
definitionof thedomainusedduring theevaluation.Since
the definition of a structurecan vary from one corpusto
another, it is interestingto seehow well cana tagsetadapt
itself to a PSdefinition. We canthink that the useof the
NP definition provided by the PennTreebankfavours the
Penntagsetto thedetrimentof theothers.But, aswe will
see,using the PennTreebankdefinition is not always an
advantagefor its tagset.

In theWall StreetJournalcorpus,thewordsobjectand
subjectaretaggedNN but do not belongto NP in specific
contexts:

NN rel
subject/NN TO 14 0
order/NN IN TO 11 1
[...]

This behaviour is in contradictionwith the generalbe-
haviour of the otherwordstaggedNN, andthe lexicalisa-
tion is neededin orderto solve theproblem.Regardingthe
CLAWS2tagset,thesewordsarerespectively taggedBTO
andJJ andarenot consideredasNP. SUSANNEusesthe
samekind of annotationbut with ditto (BTO22andII21).
The definition usedis thus an advantageof the two last
tagsetsandaninconvenientfor thePenntagset.

Theoppositecasecanhappen:awordtagasNN (noun),
andthenconsideredasbelongto NP by the WSJcorpus,
canbe taggeddifferently by other tagsets.The following
tablegivestheexamplesof thewordsexampleandinstance
whicharetaggedNN by thePenntagsetandoccurin anNP,
but which aretaggedREXby theCLAWS2tagset(adverb
introducingappositionalconstructions).

REX outside by default
exceptions:

REX instance 21 0
REX example 38 0

left out REX REX 59 2

This tagis consideredasnon-memberof NPby default,but
is identifiedasreliablewhenanothertagREXoccursbefore
it. Informationprovidedby the lexicalisationis redundant
(thecontext REXREXexactlycorrespondsto thesequences
for exampleandfor instance). Thesetwo wordsastagged
REX22in the SUSANNE corpus,and this tag is directly
reliable(theword for is taggedREX21).

4Evenat thephraselevel

We seethen that the two tagsets(CLAWS2 and SU-
SANNE) canbe adaptedto the NP definition providedby
the PennTreebank.As said in the precedingsection,the
SUSANNEtagsetadaptsitself very easilyconcerningthe
“yesterday” problem (use of a specific tag: RTt). The
adaption,althoughdifficult to quantify, seemsto bea very
goodcriterion in order to evaluatethe distributionality of
a tagset.Tagsets(suchasSUSANNE)beingadaptableare
composedof tagswhosesyntacticalpropertiesareclearly
definedinto agivendomain.

7. Other Approaches
The works already proposedabout tagsetevaluation

concernratherthe internalcriteria (Section2.). The pur-
poseis thusto modify anexisting tagsetsothatthetagging
accuracy increases(EAGLES,1996b). This improvement
proceedsfrom the merge of some(generally)ambiguous
wordclasses.Thepurposeof (Brants,1995)is to reducethe
sizeof thetagsetin orderto increasethefrequency of some
rare n-gramsusedby HMM, and thus to improve learn-
ing. (Elworthy, 1994)studiestherelationshipbetweentag-
gingaccuracy andtagsetsizewith theconclusionthattagset
sizehasweakinfluenceon thetaggingaccuracy. (Scḧutze,
1995)proposesanalgorithmfor automaticallymergingdis-
tributionalclassesin orderto improvethetaggingaccuracy.
If somemergingshavenoor little effectonthePSsegmen-
tation (merging of NN(S), NNP(S)), thenotherarecatas-
trophic (merging of RB, RP, RBR and RBS). Thesetags
arecertainlymergedbecauseof their lack of distributional
properties.

(HughesandAtwell, 1994)proposea way to evaluate
automaticallyinferred wordclasses,but theseclassescan
not by useddirectly for annotatingcorpora.(Wynneet al.,
1998)combinestheresultof two differenttagsetsin order
to improvetagging.

We cancite sometriesin orderto maptagsets(Hughes
etal.,1995;Teufel,1995).Similarly to ours,this technique
might be indirectly usedin orderto comparetagsets(ease
of onetagsetto be mapin oneanother, anothermannerto
considerthedegreeof adaptionof a tagset).

Few works proposemanual comparisonof tagsets.
(Müller, 1997) comparesthe METS tagsetand other En-
glish tagsets,morespeciallyconcerningwh pronouns. In
(Sampson,1995),acomparisonis sometimesdonebetween
theSUSANNEtagsetandtheCLAWS2tagset,in orderto
explain theaddedmodifications.

8. Conclusion
We proposeherea methodologyin order to evaluate

tagsetsregardingsyntacticparsing. This methodusesa
system,ALLiS, whichsystematicallyidentifiesdeviantbe-
havious of a tag. If the point of view usedfor evaluating
tagsetis not original (it wasusedduringtheelaborationof
the SUSANNE tagset),it is useful to possessa software
allowing a systematicevaluationof problematictags. The
methodrequiresacorpuswheredomainsarebracketed,re-
sourcewhich is mostly only available for English. If the
quantitative evaluationoffers a generalestimationof the
tagset,the detectionof the weaknessesof the tagsetand
the comparisonamongseveral tagsetscan only be done



throughadetailledanalysisfor eachtag.Thesamemethod-
ology can be usein order to evaluatetagsetsusedat the
phraseandclauselevel.
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