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Abstract

We introducetwo probabilisticmodelsthatcan
be usedto identify elementarydiscourseunits
andbuild sentence-hel discourseparsetrees.
The modelsusesyntacticandlexical features.
A discourseparsingalgorithmthatimplements
thesemodelsderivesdiscourseparsetreeswith

an error reductionof 18.8% over a state-of-
the-artdecision-basediscourseparser A set
of empirical evaluationsshows that our dis-

courseparsingmodelis sophisticatecenough
toyield discoursdreesatanaccurag level that
matcheqearhumanlevelsof performance.

1 Intr oduction

By exploiting information encodedin human-produced
syntactictrees(Marcuset al., 1993), researcton prob-
abilistic modelsof syntaxhasdriventhe performanceof
syntacticparserso about90%accurag (Charniak 2000;
Collins, 2000). The absenceof semanticand discourse
annotatedorporapreventedsimilar developmentsn se-
mantic/discours@arsing. Fortunately recentannotation
projectshave taken signi cant stepstowardsdeveloping
semantic(Fillmore et al., 2002; Kingshkury and Palmer,
2002)anddiscoursgCarlsonetal., 2003)annotateator
pora. Someof theseannotatiorefforts have alreadyhad
a computationalmpact. For example,Gildeaand Juraf-
sky (2002)developedstatisticalmodelsfor automatically
inducingsemantigoles.In this paperwedescribgroba-
bilistic modelsandalgorithmsthatexploit thediscourse-
annotatedorpusproducedy Carlsonetal. (2003).

A discoursestructures atreewhoseleavescorrespond
to elementarydiscouseunits (edu)s, andwhoseinternal
nodescorrespondo contiguoustext spans(called dis-
coursespans). An exampleof a discoursestructureis
thetreegivenin Figurel. Eachinternalnodein a dis-
coursetreeis characterizedby arhetorical relation, such
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Figurel: Discoursestructureof asentence.

asaTTRIBUTION andeNABLEMENT. Within arhetoricalre-
lation a discoursespanis alsolabeledaseithernucLEus
or saTELLITE. Thedistinctionbetweennuclei andsatel-
lites comesfrom the empiricalobsenationthata nucleus
expressesvhat is more essentiato the writer's purpose
thanasatellite.Discoursdreescanberepresentedraph-
ically in the styleshovnin Figurel. Thearrowslink the
satelliteto thenucleusof arhetoricalrelation. Arrows are
labeledwith the nameof therhetoricalrelationthatholds
betweerthe linked units. Horizontallines correspondo
text spansandverticallinesidentify text spanswvhich are
nuclei.

In this paper we introducetwo probabilisticmodels
that can be usedto identify elementarydiscourseunits
andbuild sentence-kel discourseparsetrees. We shav
how syntacticandlexical informationcanbe exploitedin
the procesof identifying elementaryunits of discourse
and building sentence-teel discoursetrees. Our evalu-
ationindicatesthatthe discourseparsingmodelwe pro-
poseis sophisticatee&noughto achieve nearhumanlev-
elsof performanceon thetaskof deriving sentence-leel
discoursetrees, when working with human-produced
syntactictreesanddiscoursesggments.

2 The Corpus

For theexperimentgdescribedn this paperwe useapub-
licly availablecorpus(RSTDT, 2002)that contains385



Wall StreetJournalarticlesfrom the PennTreebankThe
corpuscomesconvenientlypartitionedinto a Trainingset
of 347 articles(6132sentencesanda Testsetof 38 ar
ticles (991 sentences).Eachdocumentin the corpusis
pairedwith adiscoursestructure(tree)thatwasmanually
built in the style of RhetoricalStructureTheory (Mann
andThompson,1988).(See(Carlsonetal., 2003)for de-
tails concerningthe corpusandthe annotationprocess.)
Out of the 385 articlesin the corpus,53 have beeninde-
pendentlyannotatedy two humanannotatorsWe used
this doubly-annotategubsetto computehumanagree-
menton the taskof discoursestructurederivation. In our
experimentsve usedasdiscoursestructureonly thedis-
coursesub-treespanningverindividual sentences.

Becausehediscoursestructureshadbeenbuilt on top
of sentencesalreadyassociateavith syntactictreesfrom
the PennTreebankwe were ableto createa composite
corpuswhichallowedusto performanempiricallydriven
syntax-discourseelationshipstudy This compositecor-
puswascreatedyy associatinggachsentence in thedis-
coursecorpuswith its corresponding?ennTreebanksyn-
tactic parsetree and its correspond-
ing sentence-beel discoursdree . Al-
though humanannotatorswere free to build their dis-
coursestructuresvithout enforcingthe existenceof well-
formed discoursesub-treedor eachsentencejn about
95% of the casesin the (RSTFDT, 2002) corpus,there
existsa discoursesub-tree associated
with eachsentence. Theremaining5% of thesentences
cannotbe usedin our approachas no well-formeddis-
coursetreecanbeassociatedvith thesesentences.

Therefore,our Training section consistsof a set of
5809triplesof theform

which are usedto train the parameter®f the statistical
models. Our Testsectionconsistof a setof 946 triples
of a similar form, which areusedto evaluatethe perfor
manceof our discourseparser

The(RSTDT, 2002)corpususesl10differentrhetori-
calrelations.We foundit usefulto alsocompacthesere-
lationsinto classesasdescribedy Carlsonetal. (2003),
andoperatewith the resulting18 labelsaswell (seenas
coarsergranularityrhetoricalrelations). Operatingwith
differentlevels of granularityallows one to get deeper
insightinto the dif culties of assigningthe appropriate
rhetoricalrelation,if ary, to two adjacentext spans.

3 The DiscourseSegmenter

We breakdown the problemof building sentence-heel
discoursetreesinto two sub-problems:discouse seay-
mentationand discousse parsing Discoursesggmenta-
tion is coveredby this sectionwhile discourseparsingis
coveredby Sectiord.
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Figure2: Discoursesggmentatiorusinglexicalizedsyn-
tactictrees.

Discoursesegmentations theprocessn whichagiven
text is brokeninto non-overlappingsegmentscalledele-
mentarydiscourseunits (edws). In the presenwork, ele-
mentarydiscoursainitsaretakento beclausesr clause-
like units that are unequvocally the NUCLEUS Or SATEL-
LiTe of arhetoricalrelationthatholdsbetweertwo adja-
centspanof text (see(Carlsonet al., 2003)for details).
Our approactto discoursesggmentatiorbreakstheprob-
lem further into two sub-problems: sentencesggmen-
tation and sentence-leel discouse sggmentation The
problemof sentencesegmentationhasbeenstudiedex-
tensiely, and tools such as thosedescribedby Palmer
andHearst(1997)andRatnaparkh{1998) canhandleit
well. In this section,we presenta discoursesegmenta-
tion algorithmthatdealswith sggmentingsentence@to
elementandiscoursaunits.

3.1 The DiscourseSegmentationModel

The discoursesggmenterproposecdheretakesasinput a
sentencandoutputsts elementargiscoursainit bound-
aries. Our statisticalapproacho sentenceseggmentation
usestwo componentsa statisticalmodelwhich assigns
a probability to theinsertionof a discourseboundaryaf-
ter eachwordin asentenceanda segmenterwhich uses
theprobabilitiescomputedy themodelfor insertingdis-
courseboundariesWe rst focusonthestatisticaimodel.

A goodmodelof discoursesggmentatiomeedsto ac-
countboth for local interactionsat the word level and
for globalinteractionsat moreabstractevels. Consider
for example,the syntactictreein Figure2. According
to our hypothesis,the discourseboundaryinsertedbe-
tweenthe wordssays andit is bestexplainednot by
thewordsalone but by thelexicalizedsyntacticstructure
[VP(says) [VBZ(says) SBAR(will]] , Sig-
naled by the boxed nodesin Figure2. Hence,we hy-
pothesizehatthe discourseboundaryin our exampleis
bestexplainedby theglobalinteractionbetweertheverb
(the act of saying)andits clausalcomplementwhatis
beingsaid).
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Figure 3: The samesyntacticinformationindicatesdis-
courseboundariesdependingon the lexical headsin-
volved.

Givenasentence ,we rst nd
the syntacticparsetree of . We usedin our exper
iments both syntacticparsetreesobtainedusing Char
niak's parser(2000) and syntacticparsetreesfrom the
PennTeebank. Our statisticalmodelassignsa segment-
ing probability foreachword ,where
boundary, no-boundary . Becauseour modelis
concernedvith discoursesegmentatiomat sentencéevel,
we dene boundary , 1.e., the sentence
boundanyis alwaysa discourseboundaryaswell.

Our model usesboth lexical and syntactic features
for determiningthe probability of inserting discourse
boundaries.We apply canonicallexical headprojection
rules (Magerman,1995)in orderto lexicalize syntactic
trees. For eachword , the uppermostnodewith lex-
ical head which hasa right sibling node determines
the featureson the basisof which we decidewhetherto
inserta discourseboundary We denotesuchnode
andthefeatureswve usearenode , its parent , and
thesiblingsof . In the examplein Figure2, we de-
terminewhetherto inserta discourseboundaryafter the
word says usingasfeaturesnode and
its children and .
We useour corpusto estimatethe likelihoodof inserting
adiscourseboundarybetweernword andthenext word
usingformula(1),

1)

wherethe numeratorepresentsil the countsof therule

for whichadiscourséboundaryhas
beeninsertedafterword , andthe denominatorepre-
sentsall thecountsof therule.

Becausewe want to accountfor boundarieghat are
motivatedexically aswell, thecountsusedn formula(1)
arede ned overlexicalizedrules. Withoutlexicalization,
the syntacticcontext aloneis too generalandfails to dis-
tinguishgenuinecasesof discourseéboundariedrom in-
correctones. As canbe seenin Figure3, the samesyn-
tactic context may indicatea discourseboundarywhen
thelexical headgpassed andwithout arepresentput
it may not indicatea boundarywhenthe lexical heads
priced andat arepresent.

Thediscoursesegmentatiormodeluseghecorpuspre-
sentedn Section2 in orderto estimateprobabilitiesfor

inserting discourseboundariesusing equation(1). We

alsouseasimpleinterpolationmethodfor smoothingex-

icalizedrulesto accommodateatasparseness.
Oncewe have the sgmentingprobabilitiesgiven by

the statisticalmodel,a straightforward algorithmis used

to implementthe segmenter Givena syntactictree , the

algorithminsertsaboundaryaftereachword for which
boundary

4 The DiscourseParser

In the settingpresentechere,the input to the discourse
parseris a DiscourseSggmentedLexicalized Syntactic
Tree(i.e., alexicalized syntacticparsetreein which the
discourseboundarieshave beenidenti ed), henceforth
calleda DS-LST. An exampleof a DS-LST in the tree
in Figure2. The outputof the discourseparseris a dis-
courseparsetree,suchasthe onepresentedn Figurel.

As in other statistical approacheswe identify two
componentshatperformthediscoursearsingtask. The
rst components the parsing mode| which assignsa
probability to every potentialcandidateparsetree. For-
mally, givenadiscoursdree anda setof parameters

, the parsingmodelestimateghe conditionalprobabil-
ity . The mostlikely parseis then given by
formula(2).

)

Thesecondomponenis calledthediscouseparser, and
it isanalgorithmfor nding . We rst focusonthe
parsingmodel.

A discourseparsetree can be formally represented
asa setof tuples The discoursetreein Figure 1, for
example, can be formally written as the set of tuples

ATTRIBUTION-SN[1,1,3] ENABLEMENT-NS[2,2,3] . A tu-
pleis of theform , anddenotesadiscourseela-
tion thatholdsbetweerthediscoursesparnthatcontains
edws through , andthe discoursespanthat contains
edws through . Eachrelation alsosignalsexplic-
itly the nuclearity assignmentwhich can be NucLEus-
SATELLITE (NS), SATELLITE-NUCLEUS (SN), Of NUCLEUS-
NUCLEUS (NN). This notationassumeshatall relations
arebinaryrelations. The assumptionis justi ed empiri-
cally: 99% of the nodesof thediscoursdreesin our cor
pusarebinary nodes.Usingonly binaryrelationsmakes
our discoursemodeleasierto build andreasonwith.

In whatfollows we make useof two functions: func-
tion  appliedto atuple yieldsthediscourse
relation ;function appliedtoatuple yields
thestructure . Givenasetof adequat@arameters

, our discoursemodelestimateghe goodnes®f a dis-
courseparsetree usingformula(3).

®3)
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Figure4: Dominancesetextractedfrom aDS-LST.

For eachtuple , the probability  estimateghe
goodnesof the structureof . We expecttheseproba-
bilities to preferthe hierarchicaltructure(l, (2, 3)) over
((1,2), 3) for the discoursdreein Figurel. For eachtu-
ple , the probability  estimateghe goodness
of thediscourseaelationof . We expecttheseprobabili-
tiesto prefertherhetoricalrelationATTRIBUTION-NS OvVer
CcONTRAST-NN for therelationbetweenspansl and
in the discoursdreein Figurel. Theoverall probability
of a discoursdreeis obtainedmultiplying the structural
probabilities andtherelationalprobabilities  for all
thetuplesin thediscoursdree.
Ourdiscoursenodelusesas theinformationpresent
in the input DS-LST. However, given sucha tree
as input, one cannot estimate probabilities such as

without running into a severe sparseness

problem. To overcomethis, we mapthe input DS-LST
into a moreabstracrepresentatiothatcontainsonly the
salientfeaturef theDS-LST. This mappingleadsto the
notion of a dominanceset over a discoursesggmented
lexicalizedsyntactictree. In whatfollows, we de ne this
notionandshaow thatit providesadequatgarameteriza-
tion for thediscourseparsingproblem.

4.1 The DominanceSetof a DS-LST

The dominancesetof a DS-LST containsfeaturerepre-
sentation®f a discoursesegmentedexicalizedsyntactic
tree. Eachfeatureis arepresentatioof the syntacticand
lexical informationthatis found at the point wheretwo

eduws arejoinedtogetherin a DS-LST. Our hypothesids

that such“attachment”’pointsin the structureof a DS-

LST (the boxed nodesin thetreein Figure4) carry the
mostindicative informationwith respecto the potential
discoursdreewe wantto build. A setrepresentationf

the “attachment’pointsof a DS-LST is calledthe domi-

nancesetof aDS-LST.

Foreachedu weidentifyaword in asthehead
word of edu anddenoteit is de ned astheword
with the highestoccurrenceasa lexical headin thelexi-
calizedtreeamongall thewordsin . Thenodein which

occurshighestis calledtheheadnodeof edu andis
denoted . Theeduwhichhasasheadnodetheroot of
the DS-LSTis calledthe exceptionedu In our example,
theheadwordfor edu2is , andits headnodeis

; theheadword for edu3 is .
andits headnodeis . The exceptioneduis
edul.

For eachedu whichis not the exceptionedy there
existsa nodewhich is the parentof the headnodeof
andthe lexical headof this nodeis guaranteedo belong
to adifferenteduthan , callit . We call thisnodethe
attachmentodeof anddenoteit . In ourexample,
the attachmenhodeof edu?2 is , and
its lexical headsays belongsto edul; the attachment
nodeof edu3is , andits lexical headuse
belonggo edu2. We write formally thattwo eduls  and

arelinkedthroughaheadnode  andanattachment
node as .

The dominanceset of a DS-LST is given by all the
edupairslinkedthrougha headnodeandan attachment
nodein the DS-LST. Eachelementin the dominanceset
representa dominanceelationshipbetweertheeduwsin-
volved. Figure4 shovs thedominanceset  for our ex-
ampleDS-LST. We saythatedu?2 is dominatecby edul
(shortlywritten ), andedu3is dominatedoy edu2

( )-
4.2 The DiscourseModel

Our discourseparsingmodel usesthe dominanceset

of a DS-LST asthe conditioningparameter in equa-
tion (3). The discourseparsingmodelwe proposeuses
thedominanceset to computethe probability of a dis-

courseparsetree accordingto formula(4).

(4)

Differentprojectionsof areusedto accuratelyestimate
the structureprobabilities  andthe relation probabili-
ties  associatedvith a tuplein a discoursetree. The
projectionfunctions and ensurethat, for
eachtuple , only theinformationin  relevantto
is to be conditionedupon. In thecaseof  (theprob-
ability of the structure ), we lter outthelexical
headsandkeeponly the syntacticlabels;also, we lter
outall theelementof  which do not have at leastone
eduinsidethe spanof . In ourrunningexample,for in-
stancefor ENABLEMENT-NS ,
. Thespan
hastwo elementsnvolving edws

of is , andset
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S2=R *P =0.40
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P([1.1,3]] (2, SBAR) < (1, VP), (3,S)< (2,VP) )=0.37
P (ATTRIBUTION-SN | SBAR(will) < VP(says) ) = 0.009

Scorel = S1*S2R *R = 0.001

Figure5: Bottom-updiscourseparsing.

from it, namelythe dominancerelationships and

. To decidetheappropriatestructure, keeps
themboth;thisis becausa differentdominanceelation-
ship betweenedws 1 and2, namely , would most
likely in uence the structureprobability of .

In the caseof (the probability of the relation ),
we keep both the lexical headsand the syntacticla-
bels, but Iter out the eduidenti ers (clearly, the rela-
tion betweentwo spansdoesnot dependon the posi-
tions of the spansinvolved); also, we lter out all the
elementsof  whosedominancerelationshipdoesnot
hold acrossthe two sub-span®f . In our runningex-

ample for ENABLEMENT-NS ,
. Thetwo sub-span®f are
and , and only the dominancerelationship

holds acrossthesespans;the otherdominancerelation-
shipin , doesnot in uence the choicefor the
relationlabelof .

The conditionalprobabilitiesinvolved in equation(4)
are estimatedfrom the training corpususing maximum
likelihoodestimation. A simpleinterpolationmethodis
usedfor smoothingo accommodatdatasparsenesd.he
countsfor the dependeng setsare also smoothedusing
symbolic namesfor the eduidenti ers and accounting
only for thedistancebetweerthem.

4.3 The DiscourseParser

Our discousse parser implementsa classicalbottom-up
algorithm. The parsersearcheghrough the spaceof

all legal discourseparsetreesand usesa dynamicpro-
grammingalgorithm. If two constituentsare derived for

the samediscoursespan,thenthe constituentfor which

the modelassignsa lower probability canbe safelydis-
carded.

Figure 5 shavs a discoursestructure createdin a
bottom-up mannerfor the DS-LST in Figure 2. Tu-
ple ENABLEMENT-NS[2,2,3] hasa scoreof 0.40, obtained
as the product betweenthe structureprobability  of
0.47 and the relation probability of 0.88. Tuple
ATTRIBUTION-SN[1,1,3] hasa scoreof 0.37for the struc-
ture,andascoreof 0.009for therelation. The nal score
for the entirediscoursestructureis 0.001. All probabil-
ities usedwere estimatedrom our training corpus. Ac-
cordingto ourdiscoursanodel,thediscoursestructuren
Figure5 is the mostlikely amongall the legal discourse
structuredor our examplesentence.

5 Evaluation

In this sectionwe presenthe evaluationscarriedout for
both the discoursesegmentationtask and the discourse
parsingtask. For this evaluation, we re-trainedChar
niak's parsern(2000)suchthatthetestsentencefrom the
discoursecorpuswere not seenby the syntacticparser
duringtraining.

5.1 Evaluation of the DiscourseSegmenter

We train our discoursesggmenteron the Training sec-
tion of the corpusdescribedn Section2, andtestit on
the Testsection.Thetraining regime usessyntactictrees
from the PennTreebank. The metric we useto evalu-
ate the discoursesegmenterrecordsthe accurag of the
discoursesegmenterwith respectto its ability to insert
inside-sentencediscourseboundaries.Thatis, if a sen-
tencehas3 edus, which correspondo 2 inside-sentence
discourseboundarieswe measurehe ability of our al-
gorithmto correctlyidentify these? boundaries We re-
port our evaluationresultsusingrecall, precision,andF-
score gures. This metricis harsheithanthe metric pre-
viously usedby Marcu (2000),who assessethe perfor
manceof a discoursesggmentationalgorithmby count-
ing how oftenthe algorithmmakesboundary andno-
boundary decisiondor everywordin asentence.

We comparethe performanceof our probabilisticdis-
coursesegmenterwith the performanceof the decision-
basedsegmentemproposedy (Marcu,2000)andtheper
formanceof two baselinealgorithms. The rst base-
line ( ) usespunctuationto determinewhento in-
serta boundary;becausecommasare often usedto in-
dicatebreaksinside long sentences, insertsdis-
courseboundariesafter eachcomma. The secondbase-
line ( ) usessyntacticinformation; becausdong
sentence®ften have embeddedsentences, in-
sertsdiscourseboundariesafter eachtext spanwhose
correspondingyntacticsubtrees labeledS, SBAR or
SINV. We also computethe agreemenbetweenhuman
annotatorson the discourseseggmentationtask ( ),
usingthe doubly-annotatedliscoursecorpusmentioned
in Section2.



Recall | Precision| F-score
28.2 37.1 32.0
25.4 64.9 36.5
77.1 83.3 80.1
82.7 83.5 83.1
85.4 84.1 84.7
98.2 98.5 98.3

Tablel: Discoursesggmenterevaluation

Table 1 shaws the resultsobtainedby the algorithm
describedin this paper( ) using syntactic
trees producedby Charniaks parser(2000), in com-
parisonwith the resultsobtainedby the algorithm de-
scribedin (Marcu, 2000) ( ), and baselinealgo-
rithms and , on the sametestset. Cru-
cial to the performanceof the discoursesggmenteris
therecall gure, becauseve wantto nd asmary dis-
courseboundariesas possible. The baselinealgorithms
aretoo simplistic to yield goodresults(recall gures of
28.2%and 25.4%). The algorithm presentedn this pa-
per givesan error reductionin misseddiscoursebound-
ariesof 24.5%(recallaccurag improvementfrom 77.1%
to 82.7%)over (Marcu, 2000). The overall error reduc-
tionis of 15.1%(improvementin F-scorefrom 80.1%to
83.1%).

In order to assesthe impact on the performanceof
the discoursesggmenterdueto incorrectsyntacticparse
trees,we also carry an evaluationusing syntactictrees
from the PennTreebank. The resultsare shavn in row

. Perfectsyntactictreesleadto a furtherer-
ror reductionof 9.5%(F-scoremprovementfrom 83.1%
to 84.7%). The performanceceiling for discourseseg-
mentationis given by the humanannotationagreement
F-scoreof 98.3%.

5.2 Evaluation of the DiscourseParser

WetrainourdiscoursegarsingmodelontheTrainingsec-
tion of the corpusdescribedn Section2, andtestit on
the Testsection.Thetraining regime usessyntactictrees
from thePennTreebankTheperformancés assesseds-
ing labeledrecallandlabeledprecisionasde ned by the
standardParseval metric (Black et al., 1991). As men-
tionedin Section2, we useboth 18 labelsand 110 la-
belsfor the discourseelations. The recallandprecision
gures are combinedinto an F-score gure in the usual
manner

The discourseparsingmodelusessyntactictreespro-
ducedby Charniaks parser(2000) and discoursesey-
mentsproducedby the algorithmdescribedn Section3.
We comparethe performanceof our model ( )
with the performanceof the decision-basedliscourse
parsingmodel( ) proposedy (Marcu,2000),and

Unlabeled | 64.0 67.0 70.5 92.8

18Labels | 23.4 37.2 49.0 77.0

110Labels || 20.7 35.5 45.6 71.9
Table 2: performancecomparedto baseline,

state-of-the-arandhumanperformance

Unlabeled || 70.5 73.0 92.8 96.2

18Labels | 49.0 56.4 63.8 75.5

110Labels|| 45.6 52.6 59.5 70.3
Table 3: performancewith human-leel accu-

ragy for syntactictreesanddiscourseboundaries.

with the performanceof a baselinealgorithm ( ).
The baselinealgorithm builds right-branchingdiscourse
treeslabeledwith the mostfrequentrelationencountered
in thetrainingset(i.e., ELABORATION-NS). We alsocom-
putetheagreemenbetweerhumanannotator®nthedis-
courseparsingtask ( ), usingthe doubly-annotated
discoursecorpusmentionedn Section2. Theresultsare
shavn in Table2. The baselinealgorithmhasa perfor
manceof 23.4%and 20.7%F-score,whenusing 18 la-
belsand 110 labels, respectiely. Our algorithm hasa
performanceof 49.0% and 45.6% F-score,when using
18labelsand110labels,respectrely. Theseresultsrep-
resentanerrorreductionof 18.8%(F-scoreémprovement
from 37.2%to 49.0%) over a state-of-the-artliscourse
parser(Marcu,2000)whenusing18 labels,andan error
reductionof 15.7%(F-scoreémprovementirom 35.5%to
45.6%)whenusing110labels. The performanceseiling
for sentence-beel discoursestructurederivationis given
by thehumanannotatioragreemenf-scoreof 77.0%and
71.9%,whenusingl18labelsand110labels respectiely.
The performanceyapbetweertheresultsof and
humanagreements still large, andit can be attributed
to three possiblecauses:errors madeby the syntactic
parser errorsmadeby the discoursesegmenter andthe
weaknes®f ourdiscoursemodel.

In orderto quantitatvely asseshe impactin perfor
manceof eachpossiblecauseof error, we performfurther
experiments. We replacethe syntacticparsetreespro-
ducedby Charniaks parserat 90% accurag () with
the correspondingPennTreebanksyntacticparsetrees
producedby humanannotatory ). We alsoreplace
thediscourséboundarieproducedby our discoursesey-
menterat 83%accurag () with the discoursebound-
ariestakenfrom (RSTDT, 2002),which areproducedcdy
thehumanannotatorg ).

The resultsareshavn in Table3. The resultsin col-
umn shav thatusingperfectsyntactictreesleads



to an error reductionof 14.5% (F-scoreimprovement
from 49.0%to 56.4%)whenusingl18labels,andanerror
reductionof 12.9% (F-scoreimprovementfrom 45.6%
to 52.6%)when using 110 labels. The resultsin col-
umn shav that the impact of perfectdiscourse
segmentationis double the impact of perfectsyntactic
trees. Human-level performanceon discoursesggmen-
tation leadsto an error reductionof 29.0% (F-scoreim-
provementfrom 49.0%to 63.8%)whenusing 18 labels,
and an error reductionof 25.6% (F-scoreimprovement
from 45.6%to 59.5%)whenusing110labels. Together
perfectsyntactidreesandperfectdiscoursesegmentation
leadto anerrorreductionof 52.0%(F-scoremprovement
from 49.0%to 75.5%)whenusing18labels,andanerror
reductionof 45.5%(F-scoreémprovementirom 45.6%to
70.3%)when using 110 labels. The resultsin column

in Table3 compareextremelyfavorablewith the
resultsn column in Table2. Thediscoursearsing
model producesunlabeleddiscoursestructureat a per
formancelevel similar to humanannotatorgF-scoreof
96.2%). Whenusing18 labels,the distancebetweerour
discourseparsingmodel performanceevel and human
annotatorperformancdevel is of absolutel.5%(75.5%
versus77%). Whenusing 110 labels,the distanceis of
absolutel.6% (70.3% versus71.9%). Our evaluation
shaws that our discoursemodelis sophisticatedenough
to matchnearhumanlevelsof performance.

6 Conclusion

In this paper we have introduceda discourseparsing
modelthatusessyntacticandlexical featurego estimate
the adequayg of sentence-kel discoursestructures.Our
model de nes and exploits a set of syntacticallymoti-
vated lexico-grammaticaldominancerelationsthat fall
naturallyfrom a syntacticrepresentatioof sentences.

The mostinteresting nding is that thesedominance
relations encode sufcient information to enable the
derivation of discoursestructureshat are almostindis-
tinguishablefrom thosebuilt by humanannotators.Our
experimentsempirically shov that, at the sentencdevel,
thereis an extremely strongcorrelationbetweensyntax
anddiscourse.This is even moreremarkablegiven that
the discoursecorpus(RST-DT, 2002) was built with no
syntactictheoryin mind. Theannotatorsisedby Carlson
etal. (2003)werenot instructedto build discourserees
thatwereconsistentvith the syntaxof thesentencesyet,
they built discoursestructuresat sentencdevel that are
not only consistentwith the syntacticstructuresof sen-
tenceshput alsoderivablefrom them.

Recentwork on Tree Adjoining Grammarbasedexi-
calizedmodelsof discoursgForbeset al., 2001) hasal-
readyshavn how to exploit within a single framework
lexical, syntactic,and discoursecues. Variouslinguis-
tics studieshave alsoshavn how intertwinedsyntaxand

discourseare (Maynard,1998). However, to our knowl-
edgethisisthe rst paperthatempiricallyshavsthatthe
connectiorbetweersyntaxanddiscoursecanbe compu-
tationally exploited at high levels of accurag on open
domain,nenspapetext.

Anotherinteresting nding is thatthe performanceof
currentstate-of-the-agyntactigparsergCharniak 2000)
is not a bottleneckfor coming up with a good solution
to the sentence-hel discourseparsingproblem. Little
improvementcomesfrom usingmanuallybuilt syntactic
parsetreesinsteadof automaticallyderivedtrees. How-
ever, experimentshawv thatthereis muchto be gainedif
betterdiscoursesegmentatioralgorithmsarefound; 83%
accurag on this taskis not sufcient for building highly
accurateliscoursdrees.

We believe that semantic/discourseegmentationis
a notoriously underresearchegbroblem. For example,
GildeaandJurafsly (2002)presenasemantigarsetthat
optimistically assumeshathasaccesgo perfectseman-
tic segments.Our resultssuggesthat more effort needs
to be puton semantic/discourse-bass@ymentationlm-
provementdn this areawill have a signi cant impacton
bothsemanti@anddiscourseparsing.
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