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Abstract

Weintroducetwo probabilisticmodelsthatcan
be usedto identify elementarydiscourseunits
andbuild sentence-level discourseparsetrees.
The modelsusesyntacticandlexical features.
A discourseparsingalgorithmthatimplements
thesemodelsderivesdiscourseparsetreeswith
an error reductionof 18.8% over a state-of-
the-artdecision-baseddiscourseparser. A set
of empirical evaluationsshows that our dis-
courseparsingmodel is sophisticatedenough
to yield discoursetreesatanaccuracy level that
matchesnear-humanlevelsof performance.

1 Intr oduction

By exploiting information encodedin human-produced
syntactictrees(Marcuset al., 1993), researchon prob-
abilistic modelsof syntaxhasdriventheperformanceof
syntacticparsersto about90%accuracy (Charniak,2000;
Collins, 2000). The absenceof semanticanddiscourse
annotatedcorporapreventedsimilar developmentsin se-
mantic/discourseparsing.Fortunately, recentannotation
projectshave taken signi�cant stepstowardsdeveloping
semantic(Fillmore et al., 2002; Kingsbury andPalmer,
2002)anddiscourse(Carlsonetal., 2003)annotatedcor-
pora. Someof theseannotationefforts have alreadyhad
a computationalimpact. For example,GildeaandJuraf-
sky (2002)developedstatisticalmodelsfor automatically
inducingsemanticroles.In thispaper, wedescribeproba-
bilistic modelsandalgorithmsthatexploit thediscourse-
annotatedcorpusproducedby Carlsonet al. (2003).

A discoursestructureis atreewhoseleavescorrespond
to elementarydiscourseunits (edu)s,andwhoseinternal
nodescorrespondto contiguoustext spans(called dis-
coursespans). An exampleof a discoursestructureis
the treegiven in Figure1. Eachinternalnodein a dis-
coursetreeis characterizedby a rhetorical relation, such
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Figure1: Discoursestructureof asentence.

asATTRIBUTION andENABLEMENT. Within arhetoricalre-
lation a discoursespanis alsolabeledaseitherNUCLEUS

or SATELL ITE. The distinctionbetweennuclei andsatel-
litescomesfrom theempiricalobservationthatanucleus
expresseswhat is moreessentialto the writer's purpose
thanasatellite.Discoursetreescanberepresentedgraph-
ically in thestyleshown in Figure1. Thearrows link the
satelliteto thenucleusof arhetoricalrelation.Arrowsare
labeledwith thenameof therhetoricalrelationthatholds
betweenthe linkedunits. Horizontallinescorrespondto
text spans,andverticallinesidentify text spanswhichare
nuclei.

In this paper, we introducetwo probabilisticmodels
that can be usedto identify elementarydiscourseunits
andbuild sentence-level discourseparsetrees.We show
how syntacticandlexical informationcanbeexploitedin
the processof identifying elementaryunits of discourse
andbuilding sentence-level discoursetrees. Our evalu-
ation indicatesthat thediscourseparsingmodelwe pro-
poseis sophisticatedenoughto achieve near-humanlev-
elsof performanceon thetaskof deriving sentence-level
discoursetrees, when working with human-produced
syntactictreesanddiscoursesegments.

2 The Corpus

For theexperimentsdescribedin thispaper, weuseapub-
licly availablecorpus(RST-DT, 2002)that contains385



Wall StreetJournalarticlesfrom thePennTreebank.The
corpuscomesconvenientlypartitionedinto aTrainingset
of 347 articles(6132sentences)anda 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 the385articlesin thecorpus,53 have beeninde-
pendentlyannotatedby two humanannotators.We used
this doubly-annotatedsubsetto computehumanagree-
menton thetaskof discoursestructurederivation. In our
experimentsweusedasdiscoursestructuresonly thedis-
coursesub-treesspanningover individualsentences.

Becausethediscoursestructureshadbeenbuilt on top
of sentencesalreadyassociatedwith syntactictreesfrom
the PennTreebank,we wereableto createa composite
corpuswhichallowedusto performanempiricallydriven
syntax-discourserelationshipstudy. This compositecor-
puswascreatedby associatingeachsentence� in thedis-
coursecorpuswith its correspondingPennTreebanksyn-
tactic parsetree �������
	�����
���������������� and its correspond-
ing sentence-level discoursetree ��

��������� ����������������� . Al-
though humanannotatorswere free to build their dis-
coursestructureswithoutenforcingtheexistenceof well-
formed discoursesub-treesfor eachsentence,in about
95% of the casesin the (RST-DT, 2002) corpus,there
existsa discoursesub-tree�!

�������"���������������#��� associated
with eachsentence� . Theremaining5%of thesentences
cannotbe usedin our approach,asno well-formeddis-
coursetreecanbeassociatedwith thesesentences.

Therefore,our Training sectionconsistsof a set of
5809triplesof theform

$

�!%&�������
	�����
����'�������#����%(��
��������"� �����'�������#���()

which areusedto train the parametersof the statistical
models.Our Testsectionconsistsof a setof 946 triples
of a similar form, which areusedto evaluatetheperfor-
manceof our discourseparser.

The(RST-DT, 2002)corpususes110differentrhetori-
cal relations.Wefoundit usefulto alsocompactthesere-
lationsinto classes,asdescribedby Carlsonetal. (2003),
andoperatewith theresulting18 labelsaswell (seenas
coarsergranularityrhetoricalrelations). Operatingwith
different levels of granularityallows one to get deeper
insight into the dif�culties of assigningthe appropriate
rhetoricalrelation,if any, to two adjacenttext spans.

3 The DiscourseSegmenter

We breakdown the problemof building sentence-level
discoursetreesinto two sub-problems:discourse seg-
mentationanddiscourseparsing. Discoursesegmenta-
tion is coveredby thissection,while discourseparsingis
coveredby Section4.
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Figure2: Discoursesegmentationusinglexicalizedsyn-
tactictrees.

Discoursesegmentationis theprocessin whichagiven
text is broken into non-overlappingsegmentscalledele-
mentarydiscourseunits(edus). In thepresentwork, ele-
mentarydiscourseunitsaretakento beclausesor clause-
like units that areunequivocally the NUCLEUS or SATEL -
L ITE of a rhetoricalrelationthatholdsbetweentwo adja-
centspansof text (see(Carlsonet al., 2003)for details).
Ourapproachto discoursesegmentationbreakstheprob-
lem further into two sub-problems:sentencesegmen-
tation and sentence-level discourse segmentation. The
problemof sentencesegmentationhasbeenstudiedex-
tensively, and tools suchas thosedescribedby Palmer
andHearst(1997)andRatnaparkhi(1998)canhandleit
well. In this section,we presenta discoursesegmenta-
tion algorithmthatdealswith segmentingsentencesinto
elementarydiscourseunits.

3.1 The DiscourseSegmentationModel

The discoursesegmenterproposedheretakesasinput a
sentenceandoutputsits elementarydiscourseunit bound-
aries. Our statisticalapproachto sentencesegmentation
usestwo components:a statisticalmodelwhich assigns
a probabilityto theinsertionof a discourseboundaryaf-
ter eachword in a sentence,anda segmenter, whichuses
theprobabilitiescomputedby themodelfor insertingdis-
courseboundaries.We�rst focusonthestatisticalmodel.

A goodmodelof discoursesegmentationneedsto ac-
count both for local interactionsat the word level and
for global interactionsat moreabstractlevels. Consider,
for example,the syntactictree in Figure2. According
to our hypothesis,the discourseboundaryinsertedbe-
tweenthe wordssays andit is bestexplainednot by
thewordsalone,but by thelexicalizedsyntacticstructure
[VP(says) [VBZ(says) * SBAR(will)]] , sig-
naledby the boxed nodesin Figure 2. Hence,we hy-
pothesizethat the discourseboundaryin our exampleis
bestexplainedby theglobalinteractionbetweentheverb
(the act of saying)and its clausalcomplement(what is
beingsaid).
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Figure3: The samesyntacticinformationindicatesdis-
courseboundariesdependingon the lexical headsin-
volved.

Givena sentence�,+.-'/�-103242�2
-1562�2427-18 , we �rst �nd
the syntacticparsetree � of � . We usedin our exper-
imentsboth syntacticparsetreesobtainedusing Char-
niak's parser(2000) and syntacticparsetreesfrom the
PennTreebank.Our statisticalmodelassignsa segment-
ing probability 9:��; 5(< - 5 %7�7� for eachword - 5 , where; 5>=>?

boundary, no-boundary @ . Becauseour model is
concernedwith discoursesegmentationatsentencelevel,
we de�ne 9:� boundary <

-
8

%(�7�A+CB , i.e., the sentence
boundaryis alwaysa discourseboundaryaswell.

Our model usesboth lexical and syntactic features
for determiningthe probability of inserting discourse
boundaries.We apply canonicallexical headprojection
rules (Magerman,1995) in order to lexicalize syntactic
trees. For eachword - , the upper-mostnodewith lex-
ical head - which hasa right sibling nodedetermines
the featureson thebasisof which we decidewhetherto
inserta discourseboundary. We denotesuchnode DFE ,
andthefeatureswe usearenode DGE , its parentDIH , and
the siblingsof DJE . In the examplein Figure2, we de-
terminewhetherto inserta discourseboundaryafter the
word says usingasfeaturesnode DKHA+ML�NO�
P!Q!R"P!� and
its children D

E
+SL�TVU"��P!Q�R"P � and DJWX+ZY!T\[�]O�_^�` a�a�� .

We useour corpusto estimatethelikelihoodof inserting
adiscourseboundarybetweenword - andthenext word
usingformula(1),

9:�#;
<

-K%(�7�cbed

�����#DIHKfg24242(DhEJ*�D
W

24242&�

d

�����#D
H

fi242�27D
E

DhW>2�242&�

(1)

wherethenumeratorrepresentsall thecountsof therule
D

H
fi242�2(D

E
DhW324242 for whichadiscourseboundaryhas

beeninsertedafter word - , andthe denominatorrepre-
sentsall thecountsof therule.

Becausewe want to accountfor boundariesthat are
motivatedlexically aswell, thecountsusedin formula(1)
arede�ned overlexicalizedrules.Without lexicalization,
thesyntacticcontext aloneis toogeneralandfails to dis-
tinguishgenuinecasesof discourseboundariesfrom in-
correctones.As canbeseenin Figure3, thesamesyn-
tactic context may indicatea discourseboundarywhen
thelexical headspassed andwithout arepresent,but
it may not indicatea boundarywhen the lexical heads
priced andat arepresent.

Thediscoursesegmentationmodelusesthecorpuspre-
sentedin Section2 in orderto estimateprobabilitiesfor

insertingdiscourseboundariesusing equation(1). We
alsouseasimpleinterpolationmethodfor smoothinglex-
icalizedrulesto accommodatedatasparseness.

Oncewe have the segmentingprobabilitiesgiven by
thestatisticalmodel,a straightforwardalgorithmis used
to implementthesegmenter. Givena syntactictree � , the
algorithminsertsaboundaryaftereachword - for which

9:� boundary
< -K%7�7�kjml62on .

4 The DiscourseParser

In the settingpresentedhere,the input to the discourse
parseris a DiscourseSegmentedLexicalized Syntactic
Tree(i.e., a lexicalizedsyntacticparsetreein 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,suchastheonepresentedin Figure1.

As in other statistical approaches,we identify two
componentsthatperformthediscourseparsingtask.The
�rst componentis the parsing model, which assignsa
probability to every potentialcandidateparsetree. For-
mally, givena discoursetree pq� anda setof parameters

r

, theparsingmodelestimatestheconditionalprobabil-
ity 9:�spq�

<

r

� . The most likely parseis then given by
formula(2).

p:�utwv
xwy3+.	���z�{|	�}�~3•€9:�sp:�
<

r

� (2)

Thesecondcomponentis calledthediscourseparser, and
it is analgorithmfor �nding p:�

twv
xwy . We�rst focusonthe
parsingmodel.

A discourseparsetree can be formally represented
as a set of tuples. The discoursetree in 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 •F‚ 
&%({ƒ%w„ … , anddenotesadiscourserela-
tion • thatholdsbetweenthediscoursespanthatcontains
edus 
 through { , and the discoursespanthat contains
edus {‡†:B through„ . Eachrelation • alsosignalsexplic-
itly the nuclearityassignment,which can be NUCLEUS-
SATELL ITE (NS), SATELL ITE-NUCLEUS (SN), or NUCLEUS-
NUCLEUS (NN). Thisnotationassumesthatall relations•

arebinary relations.The assumptionis justi�ed empiri-
cally: 99%of thenodesof thediscoursetreesin our cor-
pusarebinarynodes.Usingonly binaryrelationsmakes
ourdiscoursemodeleasierto build andreasonwith.

In what follows we make useof two functions: func-
tion ����ˆ appliedto a tuple •F‚ 
&%7{‡%�„!… yieldsthediscourse
relation • ; function ��� appliedto atuple •F‚ 
&%7{‡%�„!… yields
thestructure‚ 
&%7{‡%�„!… . Givenasetof adequateparameters

r

, our discoursemodelestimatesthegoodnessof a dis-
courseparsetree p:� usingformula(3).

9:�spq�
<

r

�‰+‹Š

Œ(•

~3•

9>x��s�����s�4�
<

r

�1Ž•9•W!�s����ˆ(�s�4�
<

r

� (3)
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Figure4: Dominancesetextractedfrom a DS-LST.

For eachtuple �
=

p:� , theprobability 9‰x estimatesthe
goodnessof the structureof � . We expect theseproba-
bilities to preferthehierarchicalstructure(1, (2, 3)) over
((1,2),3) for thediscoursetreein Figure1. For eachtu-
ple �

=
pq� , the probability 9

W estimatesthe goodness
of thediscourserelationof � . We expecttheseprobabili-
tiesto prefertherhetoricalrelationATTRIBUTION-NS over
CONTRAST-NN for therelationbetweenspans1 and ‚ ‘6%(’�…

in thediscoursetreein Figure1. Theoverall probability
of a discoursetreeis obtainedmultiplying thestructural
probabilities9>x andtherelationalprobabilities9>W for all
thetuplesin thediscoursetree.

Ourdiscoursemodelusesas
r

theinformationpresent
in the input DS-LST. However, given such a tree “>�

as input, one cannot estimate probabilities such as
9:�spq�

<
“>�,� without running into a severe sparseness

problem. To overcomethis, we mapthe input DS-LST
into a moreabstractrepresentationthatcontainsonly the
salientfeaturesof theDS-LST. Thismappingleadsto the
notion of a dominanceset over a discoursesegmented
lexicalizedsyntactictree.In whatfollows,we de�ne this
notion andshow that it providesadequateparameteriza-
tion for thediscourseparsingproblem.

4.1 The DominanceSetof a DS-LST

The dominancesetof a DS-LST containsfeaturerepre-
sentationsof a discoursesegmentedlexicalizedsyntactic
tree.Eachfeatureis a representationof thesyntacticand
lexical informationthat is found at the point wheretwo
edus arejoined togetherin a DS-LST. Our hypothesisis
that such“attachment”points in the structureof a DS-
LST (the boxed nodesin the tree in Figure4) carry the
mostindicative informationwith respectto thepotential
discoursetreewe want to build. A setrepresentationof
the“attachment”pointsof a DS-LSTis calledthedomi-
nancesetof a DS-LST.

For eachedu ” we identify a word - in ” asthehead
word of edu ” anddenoteit • . • is de�ned astheword
with thehighestoccurrenceasa lexical headin the lexi-
calizedtreeamongall thewordsin ” . Thenodein which

• occurshighestis calledtheheadnodeof edu ” andis
denotedDJ– . Theeduwhichhasasheadnodetherootof
theDS-LSTis calledtheexceptionedu. In our example,
theheadwordfor edu2 is •Z+m^�`!a�a , anditsheadnodeis

D – +—Y T\[�]��˜^�`!a�a�� ; theheadword for edu3 is •™+›š6œ ,
andits headnodeis D – +MY"�sš\œ�� . Theexceptioneduis
edu1.

For eachedu ” which is not the exceptionedu, there
existsa nodewhich is theparentof theheadnodeof ” ,
andthe lexical headof this nodeis guaranteedto belong
to a differenteduthan ” , call it • . We call this nodethe
attachmentnodeof ” anddenoteit DGž . In our example,
the attachmentnodeof edu2 is DGžŸ+ L�N���P!Q�R"P � , and
its lexical headsays belongsto edu1; the attachment
nodeof edu3 is DJž¡+¢L�N��˜£OP!¤�� , andits lexical headuse
belongsto edu2. We write formally thattwo edus ” and

• arelinkedthrougha headnodeDG– andanattachment
nodeD

ž as �s”:%¥D
–

�k¦—�#•§%(D
ž

� .
The dominanceset of a DS-LST is given by all the

edupairslinkedthrougha headnodeandan attachment
nodein theDS-LST. Eachelementin thedominanceset
representsadominancerelationshipbetweentheedusin-
volved. Figure4 shows thedominanceset p for our ex-
ampleDS-LST. We saythatedu2 is dominatedby edu1
(shortlywritten ‘:¦¨B ), andedu3 is dominatedby edu2
( ’J¦©‘ ).

4.2 The DiscourseModel

Our discourseparsingmodelusesthe dominanceset p

of a DS-LST as the conditioningparameter
r

in equa-
tion (3). The discourseparsingmodelwe proposeuses
thedominanceset p to computetheprobabilityof a dis-
courseparsetree p:� accordingto formula(4).

9:�sp:�
<

pª�«+
Š

Œ(•

~3•

9
x

�s�����s�4�
< ¬


�ˆs�
���
x

�s��%¥pª�7�1Ž

9­W��_����ˆ7�#�4�
< ¬


�ˆ_�
����W �#��%(pA�7�7� (4)

Differentprojectionsof p areusedto accuratelyestimate
the structureprobabilities 9>x andthe relationprobabili-
ties 9­W associatedwith a tuple in a discoursetree. The
projectionfunctions

¬

�ˆ_�
����x and

¬

�ˆ_�
����W ensurethat, for

eachtuple �
=

pq� , only theinformationin p relevantto
� is to beconditionedupon. In thecaseof 93x (theprob-
ability of thestructure ‚ 
&%({ƒ%w„ … ), we �lter out the lexical
headsandkeeponly the syntacticlabels;also,we �lter
out all theelementsof p which do not have at leastone
eduinsidethespanof � . In our runningexample,for in-
stance,for �'+ ENABLEMENT-NS‚ ‘\%¥‘6%(’ … , ¬


�ˆ_�
���
x

�s��%¥pª�c+

?
��‘\%&“‰®h¯,•I�J¦S�
B�%¥°±9K��%��s’V%¥“3�G¦²�#‘6%¥°K9K��@ . The span

of � is ‚ ‘\%¥’�… , andset p hastwo elementsinvolving edus
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Figure5: Bottom-updiscourseparsing.

from it, namelythe dominancerelationships‘¡¦³B and
’F¦m‘ . To decidetheappropriatestructure,

¬

�ˆ_�
����x keeps

themboth;this is becauseadifferentdominancerelation-
ship betweenedus 1 and2, namely B€¦e‘ , would most
likely in�uence thestructureprobabilityof � .

In the caseof 9•W (the probability of the relation • ),
we keep both the lexical headsand the syntactic la-
bels, but �lter out the edu identi�ers (clearly, the rela-
tion betweentwo spansdoesnot dependon the posi-
tions of the spansinvolved); also, we �lter out all the
elementsof p whosedominancerelationshipdoesnot
hold acrossthe two sub-spansof � . In our runningex-
ample,for �,+ ENABLEMENT-NS‚ ‘6%¥‘\%¥’�… ,

¬

�ˆ_�
����W!�s��%¥pª�c+

?
“��_�
� �J¦´°K9:�s�O�����&@ . The two sub-spansof � are ‚ ‘6%¥‘�…

and ‚ ’6%¥’�… , and only the dominancerelationship ’¨¦µ‘

holdsacrossthesespans;the otherdominancerelation-
ship in p , ‘¶¦³B , doesnot in�uence the choicefor the
relationlabelof � .

The conditionalprobabilitiesinvolved in equation(4)
are estimatedfrom the training corpususingmaximum
likelihoodestimation.A simpleinterpolationmethodis
usedfor smoothingto accommodatedatasparseness.The
countsfor the dependency setsarealsosmoothedusing
symbolic namesfor the edu identi�ers and accounting
only for thedistancebetweenthem.

4.3 The DiscourseParser

Our discourseparser implementsa classicalbottom-up
algorithm. The parsersearchesthrough the spaceof
all legal discourseparsetreesandusesa dynamicpro-
grammingalgorithm. If two constituentsarederivedfor
the samediscoursespan,thenthe constituentfor which
the modelassignsa lower probability canbe safelydis-
carded.

Figure 5 shows a discoursestructure createdin a
bottom-upmannerfor the DS-LST in Figure 2. Tu-
ple ENABLEMENT-NS[2,2,3] hasa scoreof 0.40,obtained
as the productbetweenthe structureprobability 9 x of
0.47 and the relation probability 9 W of 0.88. Tuple
ATTRIBUTION-SN[1,1,3] hasa scoreof 0.37for thestruc-
ture,andascoreof 0.009for therelation.The�nal score
for the entirediscoursestructureis 0.001. All probabil-
ities usedwereestimatedfrom our trainingcorpus.Ac-
cordingto ourdiscoursemodel,thediscoursestructurein
Figure5 is themostlikely amongall the legal discourse
structuresfor our examplesentence.

5 Evaluation

In this sectionwe presenttheevaluationscarriedout for
both the discoursesegmentationtask and the discourse
parsingtask. For this evaluation, we re-trainedChar-
niak'sparser(2000)suchthatthetestsentencesfrom the
discoursecorpuswere not seenby the syntacticparser
duringtraining.

5.1 Evaluation of the DiscourseSegmenter

We train our discoursesegmenteron the Training sec-
tion of the corpusdescribedin Section2, andtest it on
theTestsection.Thetrainingregimeusessyntactictrees
from the PennTreebank. The metric we useto evalu-
ate the discoursesegmenterrecordsthe accuracy of the
discoursesegmenterwith respectto its ability to insert
inside-sentencediscourseboundaries.That is, if a sen-
tencehas3 edus, which correspondto 2 inside-sentence
discourseboundaries,we measurethe ability of our al-
gorithmto correctlyidentify these2 boundaries.We re-
port our evaluationresultsusingrecall,precision,andF-
score�gures. This metric is harsherthanthemetricpre-
viously usedby Marcu (2000),who assessestheperfor-
manceof a discoursesegmentationalgorithmby count-
ing how oftenthealgorithmmakesboundary andno-
boundary decisionsfor everyword in asentence.

We comparetheperformanceof our probabilisticdis-
coursesegmenterwith the performanceof the decision-
basedsegmenterproposedby (Marcu,2000)andtheper-
formanceof two baselinealgorithms. The �rst base-
line ( ®ªB�pª“ ) usespunctuationto determinewhento in-
sert a boundary;becausecommasare often usedto in-
dicatebreaksinside long sentences,®qB�pª“ insertsdis-
courseboundariesafter eachcomma. The secondbase-
line ( ®G‘ pª“ ) usessyntacticinformation; becauselong
sentencesoften have embeddedsentences,®G‘ pª“ in-
sertsdiscourseboundariesafter each text spanwhose
correspondingsyntacticsubtreeis labeledS, SBAR, or
SINV. We alsocomputethe agreementbetweenhuman
annotatorson the discoursesegmentationtask ( •€pª“ ),
usingthe doubly-annotateddiscoursecorpusmentioned
in Section2.



Recall Precision F-score
®qB�pA“ 28.2 37.1 32.0
®J‘ pA“ 25.4 64.9 36.5

pq����pª“ 77.1 83.3 80.1
“‰���upA“1�_�±·­� 82.7 83.5 83.1

“>���upª“1�_�,¸•� 85.4 84.1 84.7
•Xpª“ 98.2 98.5 98.3

Table1: Discoursesegmenterevaluation

Table 1 shows the resultsobtainedby the algorithm
describedin this paper( “>���upª“1�_�h·¹� ) using syntactic
trees producedby Charniak's parser (2000), in com-
parisonwith the resultsobtainedby the algorithm de-
scribedin (Marcu, 2000) ( pq����pª“ ), andbaselinealgo-
rithms ®qB�pª“ and ®J‘!pª“ , on the sametest set. Cru-
cial to the performanceof the discoursesegmenteris
the recall �gure, becausewe want to �nd asmany dis-
courseboundariesaspossible. The baselinealgorithms
aretoo simplistic to yield goodresults(recall �gures of
28.2%and25.4%). The algorithmpresentedin this pa-
per givesan error reductionin misseddiscoursebound-
ariesof 24.5%(recallaccuracy improvementfrom 77.1%
to 82.7%)over (Marcu,2000). The overall error reduc-
tion is of 15.1%(improvementin F-scorefrom 80.1%to
83.1%).

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

“>���upª“1�s�'¸>� . Perfectsyntactictreesleadto a furtherer-
ror reductionof 9.5%(F-scoreimprovementfrom 83.1%
to 84.7%). The performanceceiling for discourseseg-
mentationis given by the humanannotationagreement
F-scoreof 98.3%.

5.2 Evaluation of the DiscourseParser

WetrainourdiscourseparsingmodelontheTrainingsec-
tion of the corpusdescribedin Section2, andtest it on
theTestsection.Thetrainingregimeusessyntactictrees
from thePennTreebank.Theperformanceis assessedus-
ing labeledrecallandlabeledprecisionasde�ned by the
standardParseval metric (Black et al., 1991). As men-
tioned in Section2, we useboth 18 labelsand 110 la-
belsfor thediscourserelations.Therecallandprecision
�gures arecombinedinto an F-score�gure in the usual
manner.

The discourseparsingmodelusessyntactictreespro-
ducedby Charniak's parser(2000) and discourseseg-
mentsproducedby thealgorithmdescribedin Section3.
We comparethe performanceof our model ( “‰���upª9 )
with the performanceof the decision-baseddiscourse
parsingmodel( pq����pq9 ) proposedby (Marcu,2000),and

®Jpq9 pq����pq9 “>���upq9 •Xpq9

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: “>���upq9 performancecomparedto baseline,
state-of-the-art,andhumanperformance

�±·­“k· �'¸‰“k· �K·­“‰¸ �'¸‰“‰¸

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: “>���upq9 performancewith human-level accu-
racy for syntactictreesanddiscourseboundaries.

with the performanceof a baselinealgorithm ( ®hpq9 ).
The baselinealgorithmbuilds right-branchingdiscourse
treeslabeledwith themostfrequentrelationencountered
in thetrainingset(i.e., ELABORATION-NS). We alsocom-
putetheagreementbetweenhumanannotatorsonthedis-
courseparsingtask( •Xpq9 ), usingthedoubly-annotated
discoursecorpusmentionedin Section2. Theresultsare
shown in Table2. The baselinealgorithmhasa perfor-
manceof 23.4%and20.7%F-score,whenusing18 la-
bels and 110 labels, respectively. Our algorithm hasa
performanceof 49.0%and 45.6%F-score,when using
18 labelsand110labels,respectively. Theseresultsrep-
resentanerrorreductionof 18.8%(F-scoreimprovement
from 37.2%to 49.0%)over a state-of-the-artdiscourse
parser(Marcu,2000)whenusing18 labels,andanerror
reductionof 15.7%(F-scoreimprovementfrom 35.5%to
45.6%)whenusing110labels.Theperformanceceiling
for sentence-level discoursestructurederivation is given
by thehumanannotationagreementF-scoreof 77.0%and
71.9%,whenusing18labelsand110labels,respectively.
Theperformancegapbetweentheresultsof “>���upq9 and
humanagreementis still large, and it can be attributed
to threepossiblecauses:errorsmadeby the syntactic
parser, errorsmadeby the discoursesegmenter, andthe
weaknessof ourdiscoursemodel.

In order to quantitatively assesthe impact in perfor-
manceof eachpossiblecauseof error, weperformfurther
experiments. We replacethe syntacticparsetreespro-
ducedby Charniak's parserat 90% accuracy ( �

· ) with
the correspondingPennTreebanksyntacticparsetrees
producedby humanannotators( �º¸ ). We also replace
thediscourseboundariesproducedby our discourseseg-
menterat 83%accuracy ( “§· ) with thediscoursebound-
ariestakenfrom (RST-DT, 2002),whichareproducedby
thehumanannotators( “3¸ ).

The resultsareshown in Table3. The resultsin col-
umn �'¸‰“k· show thatusingperfectsyntactictreesleads



to an error reductionof 14.5% (F-scoreimprovement
from 49.0%to 56.4%)whenusing18 labels,andanerror
reductionof 12.9% (F-scoreimprovementfrom 45.6%
to 52.6%) when using 110 labels. The resultsin col-
umn � · “ ¸ show that the impact of perfectdiscourse
segmentationis double the impact of perfect syntactic
trees. Human-level performanceon discoursesegmen-
tation leadsto an error reductionof 29.0%(F-scoreim-
provementfrom 49.0%to 63.8%)whenusing18 labels,
and an error reductionof 25.6%(F-scoreimprovement
from 45.6%to 59.5%)whenusing110labels.Together,
perfectsyntactictreesandperfectdiscoursesegmentation
leadto anerrorreductionof 52.0%(F-scoreimprovement
from 49.0%to 75.5%)whenusing18 labels,andanerror
reductionof 45.5%(F-scoreimprovementfrom 45.6%to
70.3%) when using 110 labels. The resultsin column

�'¸‰“‰¸ in Table3 compareextremelyfavorablewith the
resultsin column•Xpq9 in Table2. Thediscourseparsing
model producesunlabeleddiscoursestructureat a per-
formancelevel similar to humanannotators(F-scoreof
96.2%).Whenusing18 labels,thedistancebetweenour
discourseparsingmodel performancelevel and human
annotatorsperformancelevel is of absolute1.5%(75.5%
versus77%). Whenusing110 labels,the distanceis of
absolute1.6% (70.3% versus71.9%). Our evaluation
shows that our discoursemodel is sophisticatedenough
to matchnear-humanlevelsof performance.

6 Conclusion

In this paper, we have introduceda discourseparsing
modelthatusessyntacticandlexical featuresto estimate
theadequacy of sentence-level discoursestructures.Our
model de�nes and exploits a set of syntacticallymoti-
vated lexico-grammaticaldominancerelationsthat fall
naturallyfrom a syntacticrepresentationof sentences.

The most interesting�nding is that thesedominance
relations encodesuf�cient information to enable the
derivation of discoursestructuresthat are almostindis-
tinguishablefrom thosebuilt by humanannotators.Our
experimentsempiricallyshow that,at thesentencelevel,
thereis an extremelystrongcorrelationbetweensyntax
anddiscourse.This is even moreremarkablegiven that
the discoursecorpus(RST-DT, 2002)wasbuilt with no
syntactictheoryin mind. Theannotatorsusedby Carlson
et al. (2003)werenot instructedto build discoursetrees
thatwereconsistentwith thesyntaxof thesentences.Yet,
they built discoursestructuresat sentencelevel that are
not only consistentwith the syntacticstructuresof sen-
tences,but alsoderivablefrom them.

Recentwork on TreeAdjoining Grammar-basedlexi-
calizedmodelsof discourse(Forbeset al., 2001)hasal-
readyshown how to exploit within a single framework
lexical, syntactic,and discoursecues. Variouslinguis-
tics studieshave alsoshown how intertwinedsyntaxand

discourseare(Maynard,1998). However, to our knowl-
edge,this is the�rst paperthatempiricallyshowsthatthe
connectionbetweensyntaxanddiscoursecanbecompu-
tationally exploited at high levels of accuracy on open
domain,newspapertext.

Anotherinteresting�nding is that theperformanceof
currentstate-of-the-artsyntacticparsers(Charniak,2000)
is not a bottleneckfor comingup with a goodsolution
to the sentence-level discourseparsingproblem. Little
improvementcomesfrom usingmanuallybuilt syntactic
parsetreesinsteadof automaticallyderivedtrees.How-
ever, experimentsshow thatthereis muchto begainedif
betterdiscoursesegmentationalgorithmsarefound;83%
accuracy on this taskis not suf�cient for building highly
accuratediscoursetrees.

We believe that semantic/discoursesegmentationis
a notoriouslyunder-researchedproblem. For example,
GildeaandJurafsky (2002)presentasemanticparserthat
optimisticallyassumesthathasaccessto perfectseman-
tic segments.Our resultssuggestthatmoreeffort needs
to beputonsemantic/discourse-basedsegmentation.Im-
provementsin this areawill have a signi�cant impacton
bothsemanticanddiscourseparsing.
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