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Abstract

We proposeamethodologywvhichallows anevaluationof distributionalqualitiesof atagsendacomparisorbetweertagsetsEvaluation
of tagsetis crucial sincethe taskof taggingis often consideredasoneof thefirst tasksin languageprocessing.The aim of taggingis

to summariseaswell aspossiblelinguistic informationfor further processinguchas syntacticparsing. The ideais to considerthese
further stepsin orderto evaluatea giventagsetandthusto measurahe pertinenceof the informationprovided by the tagsetfor these
steps.For this purposea MachineLearningsystemALLIS, is usedwhosegoalis to learnphrasestructuresrom bracletedcorporaand
to generatdormal grammamwhich describeshesestructuresALLIS learningis basedn the detectionof structuralregularities.By this

meansijt canbe pointedout somenon-distrilutional behaiours of thetagsetandthussomeof its weaknessesr its inadequacies.

1. Intr oduction

A typical andfamiliar caseof corpusannotation
is grammaticaltagging (also called word-class
tagging,part-of-speeclaggingor POS-tagging).
In this casea label or tag is associatedvith a

word [...] to indicate its grammaticalclass.
(Garsideetal., 1997)

As G. Leechhaswritten,taggingis oneof themajortasksin
corpusannotation.More andmorethis annotatioris done
automaticallyor semi-automaticallypy meansof taggers.
The emepgenceof theseannotatedcorporaallows the de-
velopmenbf learningtechniquesisingthesecorporain or-
derto learntaggersor parsergBrill, 1993;Charniaketal.,
1993; Brant, 1999). One of the questionswhich is asked
whenyou wantto annotatea corpusor to train a taggeris:
whichtagsetdo you useandwhy? For this purposeseveral
tagsetshave to be compared.Whereasmethodologiegor
evaluatingtools (taggersor parserskxist (Paroubek,1998;
LREC,1998;Carolletal.,1999),the problemof evaluation
of tagsetseemso belessinvestigated.

Theexisting methodgproposeduntil now try to modify
anexisting tagsetin orderto improve thetaggingaccuray
(Section7.). (EAGLES, 1996a;Baker et al., 1998) pro-
poseguidelineswhich offer an abstractmodel of features
sets,but theserecommendationsather concernthe stan-
dardisatiorof tagsetandprovide no criterionfor evaluating
tagsets.

In this article we proposea methodologywhich distin-
guishegheproblemof tagseevaluationfrom taggingeval-
uation,andtriesto evaluatethe pertinenceof tagsetsela-
tively to parsing. The generalidearelieson this obsena-
tion; Part-of-Speeh tagging is oftenseenasthefirst stage
of a more compehensivesyntacticannotation,which as-
signsa phrasemarler, or labelledbradketingto eat sen-
tenceofa corpus,in themannerofa phrasestructue gram-
mar (Garsideet al., 1997). If we can substitutetagsfor
words, and neverthelesscorrectly parsesentencegin our
caseonly phrasestructuresare parsed),we can consider
that no essentialnformationhasbeenlost during tagging.

!Evenif standardisatiohelpsindirectly tagsetevaluation.

In the contrarycase(somestructurescannot be correctly
parsed)sometagsdo notcontainenoughinformation(con-
tainedat the word level) to achiese a partial parsingof the
sentence We will shav thatthe numberof tagsis not an
appropriatecriterion for evaluatinga tagset,and that the
quality of agiventagsetatherdepend®nits distributional
properties.

How to do practically this evaluation? We usea Ma-
chineLearningsystemALLiS, whichgenerateagrammar
of agivenstructurefrom a braclketedcorpus.ALLIS main
taskis to determinewhetheror whena giventag belongs
to a givenphrasestructure(PS),andwe canindirectly use
it to evaluatetagsets.ALLIS first learnsthe canonicalbe-
haviour of atag, andthenidentifiesits deviant behaiours.
They correspondo nondistributionalbehaiours.

Theplanof this articleis asfollows: Section2. callsto
mind somegoalsand propertiesof tagset. Section3. ex-
plains the methodologyproposedhere. The next section
providesanillustration of anevaluationof tagsetsIn Sec-
tion 5. threetagsetsarecompared Section6. putstheques-
tion of the influenceof the structuresdefinition usedfor
evaluatingtagset Finally, Section7. discussesomerelated
works.

The tagsetsusedin this article are the PennTreebank
tagset(hereaftePenn)(Marcusetal., 1993),the CLAWS2
tagset(Garsideet al., 1987) and the SUSANNE tagset
(Sampson1995).

2. About Tagsets

2.1. What kind of Tagsetsand what Kind of
Evaluation

Tagsetscan be variousand specificto one or another
task (amongmorphologicalannotation,syntacticannota-
tion, Information Extraction). In this paper we focusthe
study on tagsetsusedfor syntacticannotation. We pro-
posea methodologyfor judging the linguistic (or “exter-
nal”) quality of a tagset(the extentto which it allows re-
trieval of all importantgrammaticaldistinctionin the lan-
guage (Sampson,1995, page29)), and not the “internal”
quality (theextentto which a particular tag is usefulin aid-
ing the disambiguatiorprocess,and increasingthe accu-
racy of tagging). (Elworthy, 1994), comparingboth cri-



teria,concludeghatthe external(linguistic) criteriashould
befollowed. The“structural” partis nottakinginto account
(useor notof featuresprganisationin hierarchicakree).

2.2. Notion of Domain

We canconsidetaggingas“the annotatiorof thewords
in a text with tags indicating their syntactic properties”
(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 statementsaboutdependencand substi-
tutability applywithin somespecifieddomain”,andHarris
citedword, phraseandclauseascommontypesof domain.
We considerthat all the tagsgeneratedy a distributional
methodarein relationwith aspecificdomain,andthatthey
have to reporttheir membershipf thesedomains.Onetag
hasto belongto oneandonly onedomain. Although, the
useof generaltagssimplifiesthe work of parsersthis tag-
gingis notoptimalsincetheparsehasto comedown to the
lexical level to determinghesyntactichehaviour of aword,
namelyits domain. The Penntag VBG belongsto several
domainsandratherreflectsamorphologicabroperty Only
usingthis tags,the syntactichehaior (which domainit be-
longsto) of awordtaggedvBGis not possible.

3. A Proposalfor Evaluating Tagsets
3.1. Using parsing for evaluating tagsets

Theideaof usingparsingfor evaluatingtagsetis quite
ohvious, sincethe purposeof taggingis to help syntactic
parsingandsincethesetwo levelsarestronglycorrelated:

In factthereis a strongargumentthattheseftag-
ging andparsinglarenot really distinctlevels at
all: grammaticaltaggingis merely a specifica-
tion of the leaves|[...] of the phrasestructure
treewhich is a favouredmodelfor syntactican-
notation.(Garsideetal., 1997)

In (GiguetandVergne,1997)or (Karlssonetal., 1995)tag-
ging and parsingare donesimultaneouslyproviding very
goodresultat the tagginglevel, eventhougha greatmary
work usesa sequentialapproach(tagging then parsing).
The quality of tagsetsis, in the last case,very important
since parsingusesinformation provided by tagging. If a
taghasno clearsyntacticpropertiesijts usedoesnot allow
aneconomyin thedescriptiorandin theprocessingln this
casethe parserhasto retaggedhe word in orderto solve
theproblemof its membershifo a givenstructure andfor
thisreasorthe useof thistagis non-optimum.

For evaluatingtagsetswe considerthe quality of in-
formationtransmittedby taggingfor parsing. Oneway to
judge this quality is to answerthis question: Is it possi-
ble to parsea sentencausingonly tags? If the answeris
positive, the tagsettransmitsthe necessargyntacticinfor-
mationcontainingin the words, andhasthus performsits
purpoself theansweris negative, thetagsetcontainssome
classeswhich are not well enoughdefined. Table 1 illus-
tratesthis problem:a samesequencef tags(hereDT NN

JJ NN) canhave morethanoneanalyseandtheinforma-
tion containedn thetagsthemselesis not enoughto find
theright analyse.

[the world automotve market]
DT NN JJ NN
[ the shulttle] [ last year]

Table1l: Two possibleparsingsof the sequenc®T NN JJ
NN (Wall StreetJournalcorpus).

The domainswe proposedfor this evaluationare the
non-recursie phrasestructures(PS) and simple clauses.
Evaluation using a full parsing does not seemrealistic
presentlysinceparsingprepositionabhrasesequiresgen-
erally lexical resourceqCollins and Brooks, 1995). The
use of PS and clausesallows a fully coverageof mary
tagsets.

3.2. The Theoretically Minimal Tagset

We would like to point out that the quality of a tagset
doesnot dependon the quantity of tags. For this purpose,
we build up the minimum tagsetnecessaryo parsesen-
tencewhatever the domainsare. Thefirst ideais to usea
tagsetwith onetagperstructure Supposeve wantto parse
only NP andVP. We simply needthreetags: NP and VP
and O (other, for elementswhich do not belongto NP or
VP). Words belongingto the NP structureare taggedNP
andsimilarly for VP. But thistagsets notenough.Thefol-
lowing exampleillustratesthe problem: a sequencef ad-
jacentNP tagscancorrespondo a sequencef structures.

[wwthe way the economwe] [vewill performve]
NP NP NP NP VP VP
the way the economy will perform

In orderto solve this problem we haveto addonefeatureto
eachtag: thebreakproperty A tagtakesthefeatureB+ if

it introducesa breakinto a sequencef elementdelonging
tothesamekind of structure(in generatheseslementsor-

respondo specificclassesuchasdeterminetin English).
The word the mustbe taggedN PB+' The new parsingof
theprecedingsentenceés :

[the way] [the economy]  will perform...
NP NP NP NP VP VP
B+ B- B+ B- B+ B-
the way the economy  will perform

Thusatagsettcomposeaf onetagpro PhraseStructure
with thefeatureB+ or B- is enoughin orderto sgmentsen-
tencednto thosestructuregbut this tagsetdoesnot allow
theinner parsingof a structure).We estimatethat a tagset
of about20 tagsis enoughto parsea sentencénto PSand
clausestructures.

3.3. The Learning System:ALLIS

The apparitionof annotatecandbracketedcorporahas
developedthe utilisation of MachineLearningtechniques
in Natural LanguageProcessing(Wermter et al., 1996),
(Nerbonneand Oshorne, 1999). Generallyannotatector-
poraareusedas‘“training data” andthenthe learningsys-
temis evaluatedwith testdata. In this work, the opposite



is done: we usea MachineLearningtechniquein orderto
evaluatelinguistic data.

ALLiS? (Architecturefor Learning Linguistic Struc-
tures)(Déjean,2000)is a learningsystemwhich usesthe
theoryrefinemenin orderto learnnon-recursie PS.Using
bracletedcorporaasinput ALLIS learnsa regular expres-
sion grammarwhich describesPS. This grammaris then
usedby the CASS parser(Abney, 1996) or by the Xerox
Finite StateTools (Karttunenet al., 1997). The learning
taskis composedf two steps. Thefirst stepis the gener
ation of aninitial grammar In this grammay eachtag s
assignedhe value: “belongto the structure”or “doesnot
belongto the structure”. This initial grammarprovidesan
incompleteanalysisof the data. The secondstepis the re-
finementof this grammar During this step,the validity of
therulesof theinitial grammaiis checledandtherulesare
improved (refined)if necessaryThis refinementrelieson
the useof two operations:the contetualisation(in which
contts suchatagbelongsor notto thePS)andlexicalisa-
tion (suchaword belongsto the phrase) ALLIS generates
alist of problematigointsof thetagseencountereduring
thelearningphase This identificationof problemticpoints
canonly be provided by symboliclearningsystemssince
statisticalmethodscanjust provide directly a segmentation
into structuregTjong Kim SangandVeenstra1999).

3.3.1. Notion of refinement

Thenotionof “refinement”is thecentralnotionfor AL-
LiS. Whenaruleis learnedfor example:thetagVBN does
notbelongto NP),ALLIS triesto find outexceptiongo this
rules. In orderto refinethis rule, it disposeof two opera-
tors: the contetualisationandthe lexicalisation (Table 2).
The contextualisationprovidesa list of contexts wherean
elementcategorisedin onecateyory canappeatin another
catgyory. Thetag VBN is cateyorisedby default asoccur
ring outof anNP?, but ALLIS candetectcontextsin which
it alwaysoccursinsideanNP. Thelexicalisationpointsout
wordswhosebehaiour is constant.In our training corpus
the word increasedoccurringbeforea nounbelongsto an
NP 10timesandonly onetime outsidewhateverthepreced-
ing context is. Both operationscanbe redundant:the/DT
increased/VBNabor/NN costs/NNS

Since ALLiS can provide contectual rulesin orderto
improve the parsing,theseare not beyond the actualtag-
ging technologywhich mainly relieson the notion of local
contets. Thesesituationscan be 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 the PennTree-
bank(Marcusetal., 1993)which usesthe notion of recov-

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

%Theoccurrencesf VBN in an NP represeni.5%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: Refinemenbf thetag VBN for the NP structure.
Firstline: thetag VBN afterthetag POSoccurs13times
in anNP andonetime outside.

erability:

A key stratgy in reducingthetagsetwvasto elim-
inateredundanyg by takinginto accounbothlex-
ical and syntacticinformation. (Marcuset al.,
1993,314)

Theideais to reducethe size of the tagsetusedas start-
ing point (the Brown tagset),so that the redundang con-
tainedin the corpusis alsoreduced.Then,evenif thePenn
tagsetdoesnot containenoughinformationin orderto de-
terminethe syntacticrole of eachelement,tagsfunction
can be found out usinglexical information (the word) or
syntacticabne(braclketing):

We would like to emphasizethat the lexical
andsyntacticrecoverability inherentin the POS
tagsetversion of the PennTreebankcorpusal-
lowsendusergo emplyamuchrichertagsethan
thesmallonedescribedn Section2.2if theneed
arisegMarcusetal., 1993,315).

It seemsthat this needsystematicallyarisesfor process-
ing applying a cascadedapproach,since this bottom up
approachcannot usehigherlevel in orderto identifiy the
syntacticrole of tags. But this identificationis easyby us-
ing the PennTreebanksincethe syntacticinformationis
present.We understandhe philosophyof the recoverabil-
ity asbeing: if you know the word andits structure,you
canfind its tag. But from the “automaticprocessing’point
of view, the situationis generallyopposite:if theword and
its tagareknown, canwe determindts 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], sinceone of 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 wheneer possible (Marcus
etal., 1993,page316)

This remarkfollows the methodologyusedin this arti-
clein orderto evaluatetagsets.



4. How to Evaluate of a Tagset

We presentwo kindsof evaluation:aglobalandalocal
one. If it could seemto be interestingto geta quantifica-
tion of the quality of atagsetwe will seethata qualitative
approachs preferableandatany rateis mandatoryto iden-
tify intrinsic weaknessesf atagset All thetagsetsstudied
provide roughly similar result and they only differ about
somespecificpointswhosefrequeng is quite low.

But, first of all, we have to choosea domain (Sec-
tion 2.2.). Threearestudied:the based-NPbased-VPand
Based-PPThe definition of thesestructureds provided by
the PennTreebank(Section6. discusseshe importanceof
this choiceregardingthe evaluation).Sectionsl5-180f the
Wall StreetJournalcorpussene astraining datafor AL-
LiS, andSection20 senesastestdata. The dataaretagged
using the Penntagsetand CLAWS?2 tagset(ACQUILEX
tagger(Garsideetal., 1987)).

4.1. Global Evaluation

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

:np
NB = PRP| EX | WP| WDT;
AB = DT | POS| PRP$| WPS$;
A=JJS | 33| R | $| #
aA = RBRJRBS;
N= CD| NN| NNP| NNS| NNPS;
NP -> NB |

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

This grammaris only composedof tagswhich are cate-
gorisedby ALLIS asbelongingby defaultto NP (Déjean,
2000).

Table 3 shawvs a global evaluation of the Pennand
CLAWS2tagsetdor NP, PPandVP

Structure Tagset Initial Grammar

NP Penn 86.33
CLAWS2 86.30
PP Penn 84.30
CLAWS?2 90.60
VP Penn 83.15
CLAWS?2 81.87

Table3: Evaluationof two tagsetsthe PennTreebankand
the CLAWS2tagsettherateis F' = Zxprecisionsrecall

recall+precision

Fromthis table, it is, in fact, difficult to determinethe
besttagset.Theresultdepend®n the structureused.Con-
cerningNP, the evaluationof theinitial grammarprovides
two closedscores. This global evaluationoffers no infor-
mation at all aboutweaknesseand 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-determinerwhenthe CLAWS usedthe CST, meging
theclasse®f conjunctionandof relative pronouns Despite
this weaknesswhich concernsa frequentstructureandpe-
nalisethe CLAWS evaluationof 0.5%,the CLAWS tagset
counterbalancethis using othertagswhich are more dis-
tributional thanthe Penntags(Section5.). The badscore
of the PenntagsetconcerningPPis dueto the memging of
prepositionsand complementisergto oneclass(IN). Re-
gardingVP, thePenntagseigetsa betterscore.Thisis only
dueto a higher error rate with the CLAWS2 tagsets er
rorswhich hide the betterdistributional propertiesof some
CLAWSZ2tags.

Thiskind of evaluationis biasedby thefactthat,mostof
the time, theimprovementsdueto distributional tagsonly
concerrsomespecificpointswhosefrequeng is small. For
example,taggingthe word including as preposition(word
taggedVBG in the PennTreebank)improvesthe scoreof
theVP parsingby only 0.45%.Therateof theerrorsof tag-
gingis largely higher(5-7%)andhidessuchpositive points
of atagset.lt is alsomoreinterestingto restrictthe evalua-
tion to specificconstructiongSectiord.2.)in orderto make
thedifferencedetweerntagsetemeged.

4.2. Local Evaluation

Anotherway to evaluatea tagsetis to considerthe be-
haviour of eachtagregardinga givendomain,usingtheno-
tion of reliability. Thereliability of anelementorresponds
totheratiobetweerits frequeng in thestructureoverits to-
tal frequeng in the corpus.If its reliability is 1 (resp. 0),
thetagalwaysbelongs(resp.doesnot belong)to the struc-
ture andits syntacticalbehaiour is predictable.An ideal
tagsetwould provide tagswhich only belongto oneunique
structure. The tagsetusedby (Giguetand Vergne, 1997)
definestagsfrom threestructures:non-recursie NP, non-
recursie VP andsimpleclause,andatag only belongsto
onedomain(exceptcoordinations)Parsingwith thistagset
is thus straightforvard. Unfortunately tagsetsoften pro-
vide elementswvhich canbelongto several structures.We
canbe temptedto usethis informationto furnish a direct
quantifiablecriterion of comparisonbetweentagsets,but
sometries do not leadto conclusve results. One possible
evaluationmight beto estimatethe numberof reliabletags
for a given tagset,but this featureoffers no easyway to
compardagsetsareliabletagin onetagsetancorrespond
to severalreliabletagsin anothertagset,andthusthe last
tagseis privileged(anoperationof mappingwould benec-
essaryin orderto comparetagsetby this way). However,
this criterion canbe usedin orderto evaluatethe intrinsic
quality of atagset(avery goodtagsebeingonly composed
of reliabletags). Table 4 provides someexamplesof the
reliability of sometagsfor the Penn, CLAWS2 and SU-
SANNE tagsets.

In somecasesthe subcatgorisationof somegeneral
tagscanbe useful(RB), andsometimesuseles{NN). We
canmake two generalremarks:Firstit is alwaysusefulto
subdiiide non-reliabletags, so that the subdvision intro-
ducesreliabletags(the subdvision of the non-reliabletag
RA (CLAWS?2) leadsto the creationof two reliable tags:
RAaand RAh(SUSANNE)).Secondthe subdvision of a
reliable tag might not be usefulfor a syntacticalpurpose,



Tagset Tag NPRel. Tag NP Rel.
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%
SuU
RAa 0% NNT1c 100%
RAh 100% NNT1h 100%
RTt 100% NNT1m 100%
RGi 100%

Table4: Syntactiareliability of someadwerbialandnominal
tagsin the NP structure(Penn,CLAWS2 and SUSANNE
tagsets)

but canberequiredby otherpurposeginformationExtrac-
tion for example).

The following table shows that thesenew tagscorre-
spondto classesncludingfew wordshaving avery specific

behaiour.
RAa ago
RAh am,pm,o’clock

RTt  today tomoriow, yesteday, tonight
RGi around,about,circa, getting.on_for, over
someunder up_to

This exampleperfectlyillustratesthe remarkby Creis-
sels:Amongadverbsijt seemshatwefinda certainnumber
of unitswhosedistribution is so specificthatis is not obvi-
ousthat their catggorisationto one or the other big cate-
gory allows achieving an economyin the description...].
(Creissels1995)

We canalsofind anothepositive pointwhenusingmore
precisetags, point which concernsmanualannotation. In
Sectionsl5-160f the Wall StreetJournalcorpus,theword
aboutis taggedRB whenit occursheforea numeralor a
measureButin Sectionsl7-18,thiswordin the samecon-
text is systematicallyaggedwith anothertag: IN. We think
thatthe useof a specifictag (asRGiusedin the SUSANNE
corpus)for this word in this particularcontext would have
avoidedthis errorof annotation.

This list of the non-reliabletagsconstitutesa precious
resourcesn orderto improve tagset. It points out weak-
nessef the tagset,namelytagswhich possesso clear
syntacticbehaviour, and which require subcatgorisation
(introductionof new reliabletags).Thislist is usedin order
to compareagsetsaasdescribedn the next section.

5. Comparison betweenthe Penn, CLAWS2
and SUSANNE Tagsets

We comparehere three tagsets: the Penntagset,the
CLAWS2tagsetandthe SUSANNEtagset.We do not dis-
poseof ataggerusingthe SUSANNEtagsetandwe thus
have to usetwo differentcorporato achiese this compari-
son.ThePenntagseis asimplificationof the Brown tagset
(Francis,1980),whenthe CLAWS2is anextentionof it:

On the otherhand,whenthe UCREL group be-
ganto move on from the problemof automatic
word-taggingto the larger problemof parsing,
they found it necessaryo introducea few new
wordtagsfor wordshaving a specialrole with re-
spectto higherlevels of grammaticalstructure.
(Garsideetal., 1987,pagel66)

The SUSANNEtagsets alsoarefinemenbf the CLAWS2
tagset.

We presenthere several specific points where ALLIS
detectdlifficulties. Thesepointswerenotedduringthepro-
cessingfthePenntagseandwewill seehow thetwo other
tagsetgprocesshem.

5.1. Adverbs

The study of the traditional “class” of adwerbs is
interesting since it is generally one of the most non-
distributional in the grammar The Penntagsetusesjust
onetag,RB, for its class.CLAWS2andSUSANNEtagsets
presentadozenof classesvhich correspondnoreor lessto
thetag RB (the mappingis not direct). Let look at how the
threetagsetprocesshe sequencgNP abouta yearNP]:

e about RB/IN a.DT yearNN (Penn)
e aboutRGaAT1yearNNT1 (CLAWS2)
e aboutRGiaAT1yearNNT1c(SU)

ThePennjustspecifiegshanaboutis taggedasadwerbor
asproposition/complementis¢dependingon the sections
of thecorpus)andALLIiS cannotlearnthat,in this context,
the word aboutbelongsto the NP (IN follows by DT NN
traditionally correspondso a PP).Only the presenceof a
cardinal(CD) allows the correctparsingof theword about
(Table 5) The caseis similar which the CLAWS2 tagset
(RG: classof thegenerakhdwerbs).

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

rel spec IN JJS CD 25 0

rel left out TO IN 11 3

Table5: Processingf thetagIN (Penntagset). Thepres-
enceof theword thetaggedN is dueto errorsof tagging.

SUSANNEuseshetag RGiwhich exactly corresponds
to the currentstructure:

Words taggedRGi and other functioning simi-
larly precedinga sequence®f numeraland mea-
sure are analysedas forming a IC tagma up-
pergroup]withoutinternalgrouping.(Sampson,
1995,page226)

RGiis catgorisedby ALLIS asareliabletagwhich always
belongsto NP. The syntacticbehaiour of this tagis fully



learnablewithout contectualisationor lexicalisation. We
considerthen that the SUSANNE tagsetbhest covers this
structuralpoint. The CLAWS2 andPenntagsethave simi-
lar behaviour.

Anotherinterestingstructurds nounphrasdunctioning
adwerbiallyfollowedby theword ago. Thesequenca year
agois encodedisanAdverbialPhras€ ADVP) by thePenn
Treebankandby SUSANNE(RX:t) andis tagged:

e aDT yearNN agaRB (Penn)
e aATlyearNNT1agaRA (CLAWS?2)
e aATlyearNNT1lcagaRAa(SUSANNE)

In orderto build thetemporaladwerbial phrasefrom these
sequencesf tags, ALLIS hasto uselexical information
with the Penntagset: the tag RB is not reliable even in

the contet DT NN, andthe problemcan be only solved
thanksto the lexicalisationof RB (ago). With CLAWS2,
the contextual information (RA after NNT1) is enoughto

built the adwerbial structure. And finally, the SUSANNE
tagseheedso contextual atall: theinformationis directly
containedn thetag RAg composef just oneword: ago
andwhich occursonly in this kind of structure. We then
establistithefollowing classificatiorfor this structure-first
SUSANNE,thenCLAWS (needof contextualisation),and
thenPenn(needof lexicalisation).

5.2. A “Breakin the Time”

The secondmain point we wantto considerin orderto
comparehesetagsetconcernsounsdescribingperiodof
time functioningadverbially atthe clauséeevel.

In the Wall StreetJournalcorpus,words suchasyes-
terday or tomorrow aretaggedNN andcomposeNP. Since
we usethe NP definition of the Wall StreetJournalcor-
pus,we considerthesewordsasmemberof NP. The prob-
lem of thesewordsis illustratedTable 1: contraryto other
wordstagged\N andNNP, thesewordsdo not constitutea
uniguestructurewith theimmediateprecedingnoun. This
behaviour of brealer canonly bedetectedhroughanoper
ation of lexicalisation. Thetable6 canbereadas: If atag
NN is precededy a noun,thenboth mainly belongto the
sameNP (line NN non brealer 6861/123. But thereare
123 exceptions*of* this behaiour, and 99 (2+74+23)of
theseexceptionsarecoveredby the threewordstomorrow,
yestedayandtoday. The caseis similar with thetag NNP
whoseexceptionsconcerndates.

Concerning the CLAWS2 tagset, the wordclasses
NNT(1/2)correspondo temporahoungday, week,month)
and their break propertyis gottendirectly. The problem
concernsvordssuchasyesteday. Thesewordsaretagged
RT aswell aswordssuchasthenandnow. The classRT
correspondso quasi-nominahdwerbsof time. ALLIS cat-
egorisesthe tag RT as non-membemnf NP by default (it
mostly occursout of NPs),andthenusescontectualisation
andlexicalisationto correctly parsewordswhich arecon-
sideredinside an NP. But contraryto the Penntagset,the
brealerpropertyof thetagRT is automaticallydetectedind
no lexicalisationis neededTable 7). This choice(adwerb
andnot noun)penalisegshe CLAWS2 during the first step
of the global evaluation(Table 3). But, for the secondstep

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 Break Propertyfor the tagsNN
andNNP (Penn).

(contectualisation),the CLAWS?2 offers betterresults(the
detectionof the breakpropertyis automaticwhereasthe
Pennneeddexicalisation).

RT outer by default
contextualisation:
rel left out RT VVO 9 3
(EXP) now RT VV0 3 3 2

rel left out RTIF 4 1
rel left out RT VVD 26 4
(EXP) then RT VWD 3 3 2
rel left out RTII 18 4
(EXP) then RT Il 4 4 2
rel left out RT VWG 4 1
rel left out RT VVN 10
rel left out RTICS 10 3
rel right out RTIW 3
rel right out RT. 44 9
(EXP) now RT. 8 9 2
rel right out RTIF 3
rel right out RTI 25 9
(EXP) now RTII 3 32
(EXP) then RT Il 4 4 2
then RTICS 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 1ICS

RT breaker 9/93

Table7: Processingf thetagRT tag(CLAWS2).

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



CLAWS?2). The syntacticinformationis entirely contains
in tagsand the tagsetis totally distributionally regarding
this point.

This structure describinga period of time is distri-
butionally well-marked*, and the introduction of a spe-
cific phrase(andthus specifictagsonly belongingto this
phrase)is strongly recommendedintroductionpresentin
SUSANNE).It is interestingto notethatall the modifica-
tions donefor the SUSANNEtagsetare validatedby AL-
LiS.

6. Interaction betweenTagsetsand
Structures

We would like hereto point out the importanceof the
definition of the domainusedduring the evaluation. Since
the definition of a structurecan vary from one corpusto
anotherit is interestingto seehow well cana tagsetadapt
itself to a PS definition. We canthink that the useof the
NP definition provided by the PennTreebankfavoursthe
Penntagsetto the detrimentof the others. But, aswe will
see,using the PennTreebankdefinition is not always an
adwantagéfor its tagset.

In the Wall StreetJournalcorpus,thewordsobjectand
subjectaretaggedNN but do not belongto NP in specific
contets:

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 neededn orderto solve the problem.Regardingthe
CLAWS2tagsetthesewordsarerespectiely taggedBTO
andJJ andarenot consideredasNP. SUSANNE usesthe
samekind of annotationbut with ditto (BTO22andl121).
The definition usedis thus an advantageof the two last
tagsetsandanincorvenientfor the Penntagset.

TheoppositecasecanhappenawordtagasNN (nhoun),
andthen consideredasbelongto NP by the WSJ corpus,
canbe taggeddifferently by othertagsets.The following
tablegivestheexamplesof thewordsexampleandinstance
whicharetagged\N by the Penntagsetandoccurin anNP,
but which aretaggedREX by the CLAWS2tagset(adwerb
introducingappositionatonstructions).

REX outside by default
exceptions:
REX instance 21 0
REX example 38 0
left out REXREX 59 2

Thistagis considerecdsnon-membenpf NP by default, but
isidentifiedasreliablewhenanothetagREX occursbefore
it. Informationprovidedby the lexicalisationis redundant
(thecontext REXREXexactly correspondso thesequences
for exampleandfor instancg. Thesetwo wordsastagged
REX22in the SUSANNE corpus,and this tag is directly
reliable(theword for is taggedREX21]).

“Evenatthephrasdevel

We seethen that the two tagsets(CLAWS2 and SU-
SANNE) canbe adaptedo the NP definition provided by
the PennTreebank. As saidin the precedingsection,the
SUSANNE tagsetadaptsitself very easily concerningthe
“yesterday” problem (use of a specifictag: RT). The
adaption althoughdifficult to quantify, seemgo be avery
good criterionin orderto evaluatethe distributionality of
atagset.TagsetgsuchasSUSANNE)beingadaptablare
composedf tagswhosesyntacticalpropertiesare clearly
definedinto agivendomain.

7. Other Approaches

The works already proposedabout tagsetevaluation
concernratherthe internal criteria (Section2.). The pur-
poseis thusto modify anexisting tagsetsothatthetagging
accurag increasegEAGLES, 1996b). This improvement
proceedsrom the memge of some(generally)ambiguous
wordclassesThepurposeof (Brants,1995)is to reducethe
sizeof thetagsetn orderto increasdhefrequeny of some
rare n-gramsusedby HMM, and thusto improve learn-
ing. (Elworthy, 1994)studiestherelationshipbetweentag-
gingaccurag andtagsesizewith theconclusiorthattagset
sizehasweakinfluenceon thetaggingaccurag. (Schitze,
1995)proposesnalgorithmfor automaticallynergingdis-
tributionalclassesn orderto improvethetaggingaccurag.
If somememingshavenoor little effectonthe PSsegmen-
tation (memging of NN(S), NNP(S)), then otherare catas-
trophic (memging of RB, RP. RBR and RBS). Thesetags
arecertainlymemgedbecausef their lack of distributional
properties.

(Hughesand Atwell, 1994) proposea way to evaluate
automaticallyinferred wordclasseshut theseclassescan
not by useddirectly for annotatingcorpora.(Wynneetal.,
1998)combineshe resultof two differenttagsetsn order
to improvetagging.

We cancite sometriesin orderto maptagset{Hughes
etal., 1995;Teufel,1995).Similarly to ours,thistechnique
might be indirectly usedin orderto comparetagsetyease
of onetagsetto be mapin oneanotheyanothemannerto
considerthe degreeof adaptionof atagset).

Fen works propose manual comparisonof tagsets.
(Muller, 1997) compareghe METS tagsetand other En-
glish tagsetsmore speciallyconcerningwh pronouns In
(Sampson1995),acomparisons sometimeslonebetween
the SUSANNEtagsetandthe CLAWS2tagset,n orderto
explainthe addedmodifications.

8. Conclusion

We proposehere a methodologyin orderto evaluate
tagsetsregarding syntactic parsing. This methodusesa
systemALLiS, which systematicallyidentifiesdeviant be-
havious of atag. If the point of view usedfor evaluating
tagsetis not original (it wasusedduring the elaboratiorof
the SUSANNE tagset),it is usefulto possesa software
allowing a systematicvaluationof problematictags. The
methodrequiresa corpuswheredomainsarebracleted re-
sourcewhich is mostly only available for English. If the
quantitatve evaluation offers a generalestimationof the
tagset,the detectionof the weaknessesf the tagsetand
the comparisonamong several tagsetscan only be done



throughadetailledanalysisfor eachtag. Thesamemethod-
ology canbe usein orderto evaluatetagsetsusedat the
phraseandclauseevel.
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