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Abstract
We presentaneasy-to-usegraphicaltool for syntacticcorpusannotation.This tool, Annotate,interactswith a part-of-speechtaggerand
a parserrunningin thebackground.Theparserincrementallysuggestssinglephrasesbottom-upbasedon cascadedMarkov models.A
humanannotatorconfirmsor rejectstheparser’ssuggestions.Thissemi-automaticprocessfacilitatesaveryrapidandefficientannotation.

1. Intr oduction
During thecreationof theNEGRAcorpus1 (Skutetal.,

1997), we developedvery efficient interactive annotation
tools. An easy-to-usegraphicaltool, Annotate,is usedto
manipulatesyntacticstructures. Annotate interactswith
a part-of-speechtaggeranda parserrunning in the back-
ground(Brants,1999;Brants,2000),thusfacilitatingrapid
semi-automaticcorpusannotation.

Section2 describesthe graphicalannotationtool and
the annotationprocess.In section3, we presenta typical
exampleof the interactive semi-automaticannotationpro-
cesssupportedby ourannotationtool andthetagger/parser
runningin thebackground.Theparseris describedin sec-
tion 4. The internalprocessesemployedin theparserdur-
ing the annotationof the samplesentencefrom section3
areexemplifiedin section5. Section6, finally, givessome
conclusions.

2. The Annotation Tool
Annotateprovides a comprehensive set of commands

for efficient creationand manipulationof syntacticstruc-
tures. The structuresconsistof treeswith possiblycross-
ing branches,labeledterminal nodes(part-of-speechtags
andmorphologicalinformation),labelededges(grammati-
calfunctions),andlabelednon-terminalnodes(phrasecate-
gories).In addition,so-calledsecondarylinks canbedrawn
betweenarbitrarynodes,forming directedgraphs. These
canbeusedfor incorporatingstructuresharinginformation,
e.g.for multiple PP attachment,to representellipses,or to
resolve anaphors.Annotateprovidesimmediategraphical
feedbackon all changesappliedto the syntacticstructure.
Other featuresof Annotateincludea searchfunction, ba-
sic tokenizationcommands(for splittingor mergingwords,
moving sentenceboundaries,etc.), postscriptoutput, an
undofunction,andonlinehelpfor thedifferentlabelsets.

Annotate’smostnotablefeatureis its interfaceto anex-
ternalparser/tagger, which allows for a semi-automatican-
notationprocedure.First, the taggerdeterminesa part-of-
speechtagfor eachword of thecurrentsentence.Basedon

1For availability, pleasecheckhttp://www.coli.uni-
sb.de/sfb378/negra-corpus/

thetags’probabilities,thetaggerdistinguishesreliableand
unreliableassignments.Unreliableassignmentsarehigh-
lighted andthe annotatoris promptedfor confirmationor
correction.Second,thesyntacticstructureis built bottom-
up. Theparserincrementallysuggestsnew phrases,based
on the alreadyconstructedpartial syntacticstructureand
thepart-of-speechtags. If the suggestedphraseis correct,
theannotatoracceptsit. Otherwise,sherejectsit andmay
call theparserfor anew suggestion.Alternatively, shemay
decideto inserta new phrasemanually. Theinternalstruc-
turesusedby theparserareupdated,andit againsuggests
a new phrasebasedon theexisting partialstructure.In ad-
dition to phrasehypotheses,the parsersuggestslabelsfor
nodesandedges.Reliableandunreliableassignmentsare
distinguished,andtheannotatoris promptedfor confirma-
tion or correctionof theunreliableassignments.

3. SampleAnnotation
Below, we presenta typical exampleof the interactive,

semi-automaticannotationprocesssupportedby our anno-
tation tool, Annotate,andthe tagger/parserrunningin the
background.Theparseris viewedasa blackbox through-
out thepresentationin this section.The internalprocesses
of the parserwhenappliedto the samesentenceasbelow
aredescribedin section5.

After startupandselectionof a corpusto be modified,
Annotatedisplaysthecurrentsentencein its mainwindow2.
Sincethe sentenceis not yet part-of-speechtagged,click-
ing theright mousebuttoncallstheexternalpart-of-speech
tagger, which assignsthetagsshown in figure1.

Theassignmentof thetagVAINF (for “verb,auxiliary,
infinitive”) for werden hasbeenjudgedunreliableby the
parser, sotheannotatoris promptedfor confirmationor cor-
rection. SinceVAINF is indeedthe correctpart-of-speech
tag,theannotatorpressesEnter to confirmit. Clicking the
right mousebuttonagainnow calls for the externalparser
to suggestaphrase(seefigure2).

All labelassignmentsfor this phrasearereliable,sono
further interactionwith the annotatoris needed. Calling

2TheEnglishtranslationof thesamplesentencein thefollow-
ing figuresis shown for demonstrationpurposesonly andis not
partof thenormalannotation.



Figure1: Only thepart-of-speechtagVAINF needsto beconfirmed
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Figure2: A correctphrasehypothesissuggestedby theparser

the parseragain,it suggestsa new phrase(501), which is
alsocorrect.Thenext suggestion(phrase502;cf. figure3)
is incorrect, sincethe PP an den Außengrenzenis not a
modifierof theNP Wirtschaftssanktionen.

The annotatorthereforerejectsthis phrasehypothesis
with a simple mouseclick. Sincethe parsernow knows
thatWirtschaftssanktionenandthePP an denAußengren-
zendonotform anNP, it will notsuggestthisphraseagain.
Instead,it comesup with a differenthypothesis,namelyto
groupthetwo PPsanddurchgesetztinto aVP, asshown in
figure4.

Oneof theedgelabelsis unreliableandneedsto becon-
firmed.After calling theparsertwo moretimes,thesyntac-
tic structureis complete(cf. figure 5). Sincethe syntactic
structureis asdesiredanddoesnotneedany furthermanip-
ulation,theannotatorswitchesto thenext sentence,andthe
processdescribedabove is repeated.

4. The Parser
Annotateinteractswith a parserrunning in the back-

groundto producesyntacticstructureson-line. It sendsa

partialannotationto theparser, which returnsonenew ele-
ment.Theusercaneitheracceptor rejectthisnew element.

The parseris basedon the part-of-speechtaggerTnT
(Brants, 2000)3 and CascadedMarkov Models (Brants,
1999). Eachlayerof the syntacticstructureis represented
by a separateMarkov Model, starting with the part-of-
speechlayer. Higherlayersareageneralizationof thepart-
of-speechtagginglayer. For thepurposeof annotation,the
taggerandtheparserbothrun in interactivemode.

First,asequenceof part-of-speechtagsis generatedon-
line for a given sentence.In order to facilitate error de-
tection,the taggergeneratesalternative tagstogetherwith
their probabilities �������� and �������� , giving rise to a relia-
bility measure.If thedistance(their quotient)is large,the
besttagis simply addedto theannotation.If their distance
is small,thehumanannotatoris askedfor confirmation.We
choosea threshold� andclassifythebesttag � � :

reliable,if
���� � �
��������

� ��� unreliable,if
���� � �
���������� ���

3cf. http://www.coli.uni-sb.de/˜thorsten/
tnt
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Figure3: ThesuggestedNP is incorrect

Figure4: TheVP suggestedby theparseris correctbut oneof theedgelabelsneedsto beconfirmed

� is chosenempiricallysuchthat theexpectedaccuracy of
all reliablecasesis above99%.

For part-of-speechtaggingin the NEGRA corpus,ap-
prox. 85% of the tagsareclassifiedasreliablewith �-,.�/0/

. Thesehave an accuracy of 99.2%. Sucha level of
accuracy is usually very hard to achieve even for human
annotators.Theremaining15%areclassifiedasunreliable
with an accuracy of 83.0%. The humanannotatormainly
needsto concentrateon these15%, which speedsup the
processenormously.

Having finishedthepart-of-speechannotation,it is sent
to theparser. Theparserbuildsa latticewith all phrasehy-
pothesesfor layer1 of theresultingstructure.With thehelp
of a Markov Model, thebestphrasehypothesisis selected
andpresentedto the annotator(pleasesee(Brants,1999)
for detailson the selectionprocess). If the useraccepts
thephrase,all hypothesesthatarenot compatiblewith this
phraseareremoved from the lattice. If the userrejectsit,
thisphraseis removedfrom thelattice.Probabilitiesarere-

calculated,andagainthebesthypothesisis displayedto the
annotator.

For agivenannotationwith 1 structurallayers,132 . lat-
ticesaregeneratedandprocessedusingCascadedMarkov
Models. At eachpoint, thephrasewith thehighestproba-
bility is displayed.The suggestionof the parseris correct
in approx.70%of thecases.This low numberis partlydue
to crossingbranchesin thecorpuswhichcannotbehandled
by the parser. Nevertheless,thehumanannotatorneedsto
takecareof lessthana third of all phrases.

The programguidesthe humanannotatorthroughthe
syntacticstructure.We preferthis incremental,bottom-up
approachover theimmediategenerationof completestruc-
turesandsubsequenterrorcorrectionby a humanbecause
ourapproachis muchfasterto performandmuchlesserror-
prone.

Labelsfor grammaticalfunctions(edgelabels)are in-
sertedusingMarkov Models (Brantset al., 1997). Basi-
cally, the sametechniqueas for part-of-speechtaggingis
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Figure5: Completedsyntacticstructure

Figure6: Generationof part-of-speechtags.

Figure7: First hypothesis(black),alternatives(white),andpreviouslyconfirmedelements(grey).

Figure8: Secondhypothesis.



employed. Insteadof assigningtagsto words,we assign
grammaticalfunctionsto tagsandnodelabels. The main
differenceis thateachphrasetypeis processedwith a sep-
arateMarkov model. As in thecaseof part-of-speechtag-
ging, a reliability measureis employed in orderto signifi-
cantlyreducethework by concentratingonunreliabletags.
91% of the assignmentsareclassifiedasreliable,with an
accuracy of 99.6%;theremaining9% areclassifiedasun-
reliablewith anaccuracy of 79.2%.

5. SampleAnnotation — Parser Inter nals
Wenow presenttheinternalpartof theparsingprocess,

i.e., hypothesisselectionusingcascadedMarkov models.
Section3 showedthepartsthataredisplayedto thehuman
annotator, the latticespresentedin this sectionareusually
invisible.

Hypothesesareorganizedin latticeswhich arefiltered
by Markov models. Eachlayer is processedby a differ-
entmodel. Eachelementin the lattice receivesa forward-
backwardprobability( @ probability).Thefollowingfigures
show thenegative logarithms(base10) of theseprobabili-
ties4.

First,part-of-speechtagsaregeneratedby themodelfor
layer 0. The systeminsertsa tag automaticallyif a word
givesriseto only onehypothesisor if alternative tagshave
a low probability. Thesereliableassignmentsarebasedon
the distanceACBED ��F �� best�HGIAJB0D ��F �� alternative� �LK

. If
thevalueis lessthan2, theassignmentis regardedasunre-
liable andhighlighted5.

Figure6 showsreliabletagsin white,alternativesof re-
liable tags(with very low probabilities)in grey anddashed,
andunreliabletagsin black. In this case,only the tag for
werdenis unreliable.

After confirmationof the tag VAINF for werden, we
proceedwith thestructuralannotation.Themaindifference
betweenlayer0 (for part-of-speechtagging)andhigherlay-
ers(for phrases)is thatat layer0, all hypothesesspanex-
actlyoneword,while athigherlayers,hypothesesmayspan
severalwords. Whentheannotatorpressesthemousebut-
ton,all phrasehypothesesaccordingto acontext-freegram-
mar(generatedfrom previously annotatedsentences)enter
the lattice. Forward-backwardprobabilitiesarecalculated.
Thephrasewith thehighestprobability is selectedanddis-
playedto theannotator.

Grammaticalfunctions (edge labels) for a suggested
phrasearegeneratedin averysimilarwayaspart-of-speech
tags(cf. figure6). A setof Markov modelsassignslabelsto
part-of-speechandnon-terminalnodes. Eachphrasetype
(dominatingthe processedtagsandnodes)is represented
by a separateMarkov model. Alternativesare generated
internally, andlabelsfor which analternativewithin a pre-
definedthresholdexist aremarkedfor confirmationby the
humanannotator.

Figure7 shows elementsthatwerepreviously selected
or confirmedby theannotatorin grey. This is theexisting

4The probabilitiesare not normalized. Normalizationis not
necessaryfor parsingsincewe areinterestedin rankings,not in
absoluteprobabilities.

5Thisvalueisempiricallydeterminedandcorrespondstoafac-
tor of 100(seesection4).

annotationuponwhich the next phraseis built. Context-
free hypothesesare shown in white, the bestof theseis
markedblack(thevalue GMACBEDN�O@P�Q, .E. � . K is smallerthan
all others).This PP is presentedto theannotator. ThePP
is confirmedby the annotator, so all hypothesesthat are
notcompatiblewith thischoiceareremoved( R PP S ; R AA S ;T NP U ; T AP U ; S S ��F ; S VP ��F ).

Furthermore,new hypotheseson top of thenew PP are
generatedandenterthelattice(cf. figure8).

Thehighestlayernow is layer2, so theMarkov model
for layer2 processesthelattice. Fixedelementsareshown
in grey, new elementsarewhite,andthebestnew element,
which is displayedto the annotator, is marked black. The
besthypothesisin thiscaseis thePP andenAußengrenzen,
which is correctandthereforeconfirmed.

All incompatible hypothesesare removed, new hy-
pothesesenterthelattice.Layer2 is still thehighestlayer.

TheNP suggestednext (cf. figure9) is not correct.Af-
terrejection,thisNP andall hypotheseswith thesamespan
areremoved( � S R ; � NP R ; � VP R ). Theremaininghypothe-
sesareagainprocessedby theMarkov model,asshown in
figure10.

Thebestphrasenow is theVP thatspanstheinput from
position 3 to position 10. This hypothesisis correctand
thereforeconfirmed. In the next step,the next VP is built
(cf. figure11).

And finally, theS nodeis suggestedandconfirmed(cf.
figure12). This completestheannotation.

6. Conclusions
The presentedincrementalbottom-upprocessalways

builds on previously confirmedphrases.This hastwo ad-
vantagesfor the annotationprocess. First, the annotator
is guidedthroughthestructureandthereforelooksat each
phrase;andsecond,theparsercanimmediatelyexploit cor-
rectionsmadeby theannotator.

This semi-automaticprocessfacilitates a very rapid
annotation. A trained annotatorneedson average 50
seconds/sentence(approx.1,300tokens/hour)for part-of-
speechplus structuralannotationin the NEGRA corpus.
This is thefasteststructuralannotationreportedin theliter-
ature.

Thetoolsarenot restrictedto a particulartagsetor an-
notationscheme.It is easyto train thetaggerandparseron
asmallamountof annotateddataandto subsequentlyapply
themto annotatingaccordingto thenew scheme.Usingthe
newly annotateddatafor trainingimprovestheparser’sper-
formanceandtherebyconstitutesabootstrappingapproach.
In additionto theirusefor creatingtheNEGRAcorpus,the
toolsareusedfor theannotationof theVerbmobilcorpora,
consistingof transcribedGerman(Stegmannet al., 1998),
English,andJapanesedialogues.Furthermore,trainedver-
sionsfor the PennTreebank(Marcuset al., 1993)andthe
Susannecorpus(Sampson,1995)exist.

To sumup, our annotationtools facilitatecomfortable,
customizableand fast semi-automaticpart-of-speechand
structuralsyntacticannotation.Thetoolsrun underSolaris
andLinux andarefreely availableto universitiesandsimi-
lar institutionsfor researchpurposes6.

6cf. http://www.coli.uni-sb.de/sfb378/



Figure9: Third hypothesis.

Figure10: Fourthhypothesis.

Figure11: Fifth hypothesis.

Figure12: Sixthandfinal hypothesis.
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