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Abstract

Summary sentencesare often para-
phrasesof existing sentences. They
maybemadeup of recycled fragments
of text taken from importantsentences
in an input document. We investigate
the useof a statisticalsentencegener-
ation techniquethat recombineswords
probabilisticallyin orderto createnew
sentences.Givena setof event-related
sentences,we usean extendedversion
of theViterbi algorithmwhichemploys
dependency relationandbigramproba-
bilities to �nd the mostprobablesum-
mary sentence. Using precision and
recall metricsfor verb argumentsas a
measureof grammaticality, we�nd that
our systemperformsbetter than a bi-
gram baseline,producingfewer spuri-
ousverbarguments.

1 Intr oduction

Humanauthoredsummariesare more than just
a list of extracted sentences. Often the sum-
marysentenceis aparaphraseof asentencein the
sourcetext, or elsea combinationof phrasesand
words from importantsentencesthat have been
piecedtogetherto form a new sentence.These
sentences,referredto asNon-VerbatimSentences,
canreplaceextractedtext to improve readability
andcoherencein thesummary.

Consider the example in Figure 1 which
presentsanalignmentbetweenahumanauthored
summarysentenceand a sourcesentence. The

SummarySentence:
Every province in thecountry, exceptone,enduredsporadic�ghting, looting
or armedbanditryin 2003.

SourceSentence:
However, astheyearunfolded,everyprovincehasbeensubjectedto �ghting,
looting or armedbanditry, with theexceptionof just oneprovince (Kirundo,
in northernBurundi).

Figure 1: An alignedsummaryand sourcesen-
tence.

text is taken from a corpusof HumanitarianAid
Proposals1 producedby the United Nations for
thepurposeof convincing donorsto supporta re-
lief effort.

Theexampleillustratesthatsentenceextraction
alonecannotaccountfor thebreadthof humanau-
thoredsummarysentences.This is supportedby
evidencepresentedin (JingandMcKeown, 1999)
and(Dauḿe III andMarcu,2004).

Moving towardsthegoalof abstract-like auto-
matic summarygenerationchallengesus to con-
sider mechanismsfor generatingnon-verbatim
sentences.Such a mechanismcan usefully be
consideredas automaticallygeneratinga para-
phrase.2 We treattheproblemasonein which a
new andpreviously unseensummarysentenceis
to beautomaticallyproducedgivensomeclosely
relatedsentencesextractedfrom asourcetext.

Following on from (Witbrock and Mittal,
1999), we useand extend the Viterbi algorithm
(Forney, 1973) for the purposesof generating
non-verbatim sentences. This approachtreats

1These are available publically at
http://www.reliefweb.com.

2Paraphrasehereincludessentencesgeneratedin an In-
formationFusiontask(Barzilayet al., 1999).



sentencegenerationasa searchproblem. Given
a setof words(taken from somesetof sentences
to paraphrase),we searchfor the mostlikely se-
quencegiven somelanguagemodel. Intuitively,
we want the generatedstring to be grammatical
andto accuratelyre�ect thecontentof thesource
text.

Within theViterbisearchprocess,eachtimewe
appendawordto thepartiallygeneratedsentence,
weconsiderhow well it attachesto adependency
structure. The focusof this paperis to evaluate
whetheror not a seriesof iterative considerations
of dependency structureresultsin a grammatical
generatedsentence.Previous preliminaryevalu-
ations(Wan et al., 2005) indicate that the gen-
eratedsequencescontainlessfragmentedtext as
measuredby an off-the-shelfdependency parser;
more fragmentswould indicatea grammatically
problematicsentence.

However, while encouraging,such an evalu-
ation sayslittle aboutwhat the actual sentence
looks like. For example, such generatedtext
might only be useful if it contains complete
clauses.Thus,in this paper, we usetheprecision
andrecallmetricto measurehow many generated
verbarguments,asextractedfrom dependency re-
lations,arecorrect.

Theremainderof thispaperis structuredasfol-
lows. Section2 providesanoverview introducing
our approach.In Section3, we brie�y illustrate
our algorithmwith examples. A brief survey of
relatedwork is presentedin Section4. Wepresent
our grammaticalityexperimentsin Section5. We
concludewith furtherwork in Section6.

2 An Overview of our Approachto
Statistical SentenceGeneration

Onecouldcharacterisethesearchspaceasbeing
a seriesof nestedsets.Theoutermostsetwould
containall possibleword sequences.Within this,
asmallersetof stringsexhibiting somesemblance
of grammaticalitymight be found, thoughmany
of thesemight be gibberish. Furthernestedsets
arethosethataregrammatical,andwithin those,
thesetof paraphrasesthatareentailedby the in-
put text.

However, given that we limit ourselves to sta-
tistical techniquesandavoid symbolic logic, we
cannotmake any claim of strict entailment. We

Original Text
A military transporterwasscheduledto takeoff in theafternoonfrom Yokota
air baseon theoutskirtsof Tokyo and�y to Osakawith 37,000blankets.

Mondalesaid the United States,which hasbeen�ying in blankets and is
sendinga teamof quake relief experts,was preparedto do more if Japan
requested.

United Statesforces basedin Japanwill take blankets to help earthquake
survivors Thursday, in the U.S. military's �rst disasterrelief operationin
Japansinceit setupbaseshere.

Our approach with Dependencies
6: unitedstatesforcesbasedin blankets
8: unitedstateswhichhasbeen�ying in blankets
11: a military transporterwaspreparedto osakawith 37,000blankets
18: mondalesaidtheafternoonfromyokotaair baseontheunitedstateswhich
hasbeen�ying in blankets
20: mondalesaidtheoutskirtsof tokyo andis sendinga military transporter
waspreparedto osakawith 37,000blankets
23: unitedstatesforcesbasedin the afternoonfrom yokota air baseon the
outskirtsof tokyo and�y to osakawith 37,000blankets
27: mondalesaidtheafternoonfrom yokotaair baseon theoutskirtsof tokyo
andis sendingamilitary transporterwaspreparedto osakawith 37,000blan-
kets
29: unitedstateswhich hasbeen�ying in theafternoonfrom yokotaair base
on the outskirtsof tokyo andis sendinga teamof quake relief operationin
blankets
31: unitedstateswhich hasbeen�ying in theafternoonfrom yokotaair base
on theoutskirtsof tokyo andis sendingamilitary transporterwaspreparedto
osakawith 37,000blankets
34: mondalesaidtheafternoonfromyokotaair baseontheunitedstateswhich
hasbeen�ying in theoutskirtsof tokyo andis sendinga military transporter
waspreparedto osakawith 37,000blankets
36: united stateswhich hasbeen�ying in japanwill take off in the after-
noonfrom yokotaair baseon theoutskirtsof tokyo andis sendinga military
transporterwaspreparedto osakawith 37,000blankets

Figure 2: A selectionof exampleoutput. Sen-
tencesarepre�xedby their length.

thus proposean intermediateset of sentences
which conserve the content of the sourcetext
without necessarilybeingentailed.Thesearere-
ferred to as the set of verisimilitudes,of which
properlyentailedsentencesarea subset.Theaim
of ourchoiceof featuresandouralgorithmexten-
sion is to reducethesearchspacefrom gibberish
stringsto that of verisimilitudes.While generat-
ing verisimilitudesis our endgoal, in this paper,
we areconcernedprincipally with thegenerating
of grammaticalsentences.

To do so, the extensionaddsan extra feature
propagationmechanismto the Viterbi algorithm
such that featuresare passedalong a word se-
quencepathin the searchspacewhenever a new
word is appendedto it. Propagatedfeaturesare
usedto in�uence thechoiceof subsequentwords
suitable for appendingto a partially generated
sentence. In our case,our featureis a depen-
dency structureof thewordsequencecorrespond-
ing to the searchpath. Our presentdependency
representationis basedon that of (Kittredgeand



Mel'cuk, 1983). However, it containsonly the
headandmodi�er of a relation,ignoringrelation-
shiplabelsfor thepresent.

Algorithmically, after appendinga word to a
path,a dependency structureof thepartially gen-
eratedstring is obtainedprobabilistically. Along
with bigraminformation, the long-distancecon-
text of dependency headinformationof the pre-
cedingword sequencewill be useful in generat-
ing bettersentencesby �ltering outall wordsthat
might, at a particularposition in the string, lead
to aspuriousdependency relationin the�nal sen-
tence.Exampleoutputis presentedin Figure2.

As thedependency “parsing”mechanismis lin-
ear3 and is embeddedwithin the Viterbi algo-
rithm, theresultis anO(�

�

) algorithm.
By examining surface-syntacticdependency

structureat eachstepin thesearch,resultingsen-
tencesare likely to be more grammatical. This
marraigeof modelshasbeentestedin other�elds
suchasspeechrecognition(ChelbaandJelinek,
1998)with success.Although it is an impover-
ishedrepresentationof semantics,consideringde-
pendency featuresin our applicationcontext may
alsoserendipitouslyassistverisimilitudegenera-
tion.

3 The ExtendedViterbi Algorithm:
PropagatingDependencyStructure

In this section,we presentan overview of the
mainfeaturesof our algorithmextension.We di-
rect the interestedreaderto our technicalpaper
(Wanet al.,2005)for full details.

The Viterbi algorithm (for a comprehensive
overview, see(Manning and Scḧutze, 1999)) is
usedto searchfor thebestpathacrossa network
of nodes,whereeachnoderepresentsa word in
the vocabulary. The bestsentenceis a string of
words,eachoneemittedby thecorrespondingvis-
itednodeon thepath.

Arcsbetweennodesareweightedusingacom-
binationof two piecesof information: a bigram
probability correspondingto that pair of words;
anda probabilitycorrespondingto the likelihood
of a dependency relation betweenthat pair of
words. Speci�cally, the transition probability

3Theparseis thusnotnecessarilyoptimal,in thesenseof
guaranteeingthemostlikely parse.

de�ning theseweightsis theaverageof thedepen-
dency transitionprobabilityandthebigramprob-
ability.

To simplify matters in this evaluation, we
assumethat the emissionprobability is always
one. The emission probability is interpreted
as being a Content Selectionmechanismthat
chooseswordsthatarelikely to bein a summary.
Thus, in this paper, eachword has an equally
likely chanceof beingselectedfor thesentence.

TransitionProbability is de�ned as:
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Thesecondfunction,=?>+@:A�BDC , is thefocusof this
paperanddiscussedin Section3.1.
EmissionProbability(for thispaper, alwayssetto
1):
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In the remaining subsections,we presentan
example-baseddiscussionof how dependency-
basedtransitionsare used,and a discussionof
how the dependency structureof the unfolding
path is maintainedand propagatedwithin the
searchprocess.

3.1 Word SelectionUsingDependency
Transitions

Given two input sentences“The relief workers
distributed food to the hungry.” and “The UN
workers requestedmedicineand blankets.”, the
taskis to generatea singlesentencethatcontains
materialfrom thesetwo sentences.As in (Barzi-
lay et al., 1999), we assumethat the sentences
stemfrom thesameeventandthus,referencescan
befusedtogether.

Imaginealsothatbigramfrequencieshavebeen
collectedfrom a relevant UN Humanitariancor-
pus. Figure3 presentsbigramprobabilitiesand
two samplepathsthroughthe lattice. The path
could follow oneof two forks afterencountering



Graphnodes:
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Figure 3: Two searchpaths. One is consistent
with the input text, theotheris not. Assumethat
theprobabilitiesaretakenfrom a relevantcorpus
suchthat =M\ b]*^N�`_Fa8b�c0d de5cfb5g(e5h$iVb�a8jQk is not zero.

the word distributed, sincethe corpusmay have
examplesof the word pairsdistributed food and
distributedblankets. Sincebothfoodandblankets
can reachthe end-of-sentencestate,both might
conceivably be generatedby consideringjust n-
grams.However, only oneis consistentwith the
input text.

To encouragethegenerationof verisimilitudes,
wecheckfor adependency relationbetweenblan-
ketsanddistributedin the input sentence.As no
evidenceis found, we scorethis transitionwith
a low weight. In contrast,thereis evidencefor
thealternative pathsincetheinput text doescon-
tain a dependency relationbetweenfoodanddis-
tributed.

In reality, multiple wordsmight still conceiv-
ablybemodi�ed by futurewords,not just theim-
mediatelyprecedingword. In this example,dis-
tributed is the root of a dependency tree struc-
ture representingthe precedingstring. However,
any nodealongthe rightmostroot-to-leafbranch
of the dependency tree (that representsthe par-
tially generatedstring) could be modi�ed. This
dependency structureis determinedstatistically
usinga probabilisticmodel of dependency rela-
tions.To representtherightmostbranch,weusea
stackdatastructure(referredto astheheadstack)
wherebyolder stack items correspondto nodes
closerto therootof thedependency tree.
The probability of the dependency-basedtransi-

tion is estimatedasfollows:
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k�k is inspiredby and
closely resemblesthe probabilistic functions in
(Collins,1996).

After selectingandappendinga new word,we
updatethis representationcontainingthegovern-
ing wordsof the extendedstring that canyet be
modi�ed. The new path is then annotatedwith
thisupdatedstack.

3.2 Maintaining the HeadStack

Thereare threepossiblealternative outcomesto
theheadstackupdatemechanism.Given a head
stackrepresentingthedependency structureof the
partially generatedsentenceand a new word to
appendto the searchpath, the �rst possibility is
that thenew word hasno dependency relationto
any of theexisting stackitems,in which casewe
simply pushthe new word onto the stack. For
the secondand third cases,we checkeachitem
on the stackand keepa recordonly of the best
probabledependency betweenthenew word and
theappropriatestackitem. Thesecondoutcome,
then, is that the new word is the headof some
item on the stack. All itemsup to andincluding
thatstackitemarepoppedoff andthenew wordis
pushedon. The third outcomeis that it modi�es
someitemon thestack.All stackitemsup to (but
not including) the stackitem arepoppedoff and
thenew word is pushedon.

Wenow stepthroughthegenerationof thesen-
tence“TheUN relief workers distributedfood to
thehungry” which is producedby theexploration
of onepathin thesearchprocess.Figure4 shows
how theheadstackmechanismupdatesandprop-
agatesthestackof governingwordsasweappend
wordsto thepathto producethis string.

We �rst appendthe determinerthe to the new
string andpushit onto the emptystack. As dic-
tatedby a high n-gramprobability, theword UN
follows. However, thereis no evidenceof a rela-
tion with theprecedingword, sowe simply push
it on the stack. Similarly, relief is appendedand
alsopushedon thestack.

Whenwe encountertheword workers we �nd
evidencethat it governs eachof the preceding



Graphnodes:
�Q� is The �0• is food
�
R is UN �QŽ is to
� S is relief �0• is the
� T is workers �0• is hungry
�

[ is distributed � is theend-of-sentencestate

� � �0R � S �
T �

[

�

[

�0• � Ž � • �0• �

‘

� �X’ “

�0R

� �X” •

�0S

�0R

� �X–

‘

�NT ’

‘

�

[

’ “

�0•

�

[

”

“

� Ž

�

[

” •

�
•

� Ž

�

[

– —

�0•

� •

�QŽ

�

[™˜

Figure 4: Propagatingthe head stack feature
alongthepath.

threewords. The modi�ers are poppedoff and
workers is pushedon. Skippingahead,the tran-
sition distribute foodhasa high bigramprobabil-
ity andevidencefor a dependency relationexists.
This resultsin astrongoverall pathprobabilityas
opposedto thealternative fork in Figure3. Since
distributedcanstill be modi�ed in the future by
words, it is not poppedoff. The word food is
pushedonto thestackasit too canstill bemodi-
�ed.

Thesentencecouldendthere.Sincewe multi-
ply path,transitionandemissionprobabilitiesto-
gether, longersentenceswill have a lower prob-
ability and will be penalised.However, we can
chooseto continuethegenerationprocessto pro-
ducealongersentence.Thewordto modi�es dis-
tributed. To preventcrossingdependencies,food
is poppedoff the stackbeforepushingto. Ap-
pendingtherestof thewordsis straightforward.

4 RelatedWork

In recentyears,therehasbeena steadystreamof
researchin statisticaltext generation(seeLangk-
ilde andKnight (1998),andBangaloreandRam-
bow (2000)).Theseapproachesbegin with a rep-
resentationof sentencesemanticsthat hasbeen
producedby a contentplanningstage. Compet-
ing realisationsof thesemanticrepresentationare
rankedusingann-grammodel.Ourapproachdif-
fersin thatwe do not startwith a semanticrepre-
sentation.Rather, weparaphrasetheoriginal text,
searchingfor thebestword sequenceanddepen-

dency treestructureconcurrently.
Summarizationresearchershave also studied

the problem of generatingnon-verbatim sen-
tences:see(Jing and McKeown, 1999), (Barzi-
lay et al., 1999) and more recently (Dauḿe III
andMarcu, 2004). Jing usesa HMM for learn-
ing alignmentsbetweensummaryandsourcesen-
tences. DaumeIII also provides a mechanism
for sub-sententialalignmentbut allows for align-
ments betweenmultiple sentences. Both ap-
proachesprovide models for later recombining
sentencefragments. Our work differs primar-
ily in granularity. Using words as a basicunit
potentially offers greater �e xibility in pseudo-
paraphrasegeneration; however, like any ap-
proachthat recombinestext fragments,it incurs
additionalproblemsin ensuringthatthegenerated
sentencere�ects theinformationin theinput text.

In work describingsummarisationas transla-
tion,KnightandMarcu(KnightandMarcu,2002)
also combine syntax models to help rank the
spaceof possiblecandidatetranslations. Their
work differs primarily in that they searchover a
spaceof treesrepresentingthe candidatetrans-
lations and we searchover a spaceof word se-
quenceswhich are annotatedby corresponding
trees.

5 Evaluation

In thissection,wedescribetwosmallexperiments
designed to evaluate whether a dependency-
basedstatisticalgeneratorimprovesgrammatical-
ity. The �rst experimentusesa precisionandre-
call styledmetriconverbarguments.We�nd that
our approachperformssigni�cantly better than
the bigrambaseline.The secondexperimentex-
aminestheprecisionandrecallstatisticson short
and long distanceverb arguments. We now de-
scribethesetwo experimentsin moredetail.

5.1 Impr ovementsin Grammaticality: Verb
Ar gumentPrecisionand Recall

In this evaluation,we want to know whatadvan-
tagesa considerationof input text dependencies
affords,comparedto just usingbigramsfrom the
input text. Given a set of sentenceswhich has
beenclusteredon thebasisof similarity of event,
thesystemgeneratesthe mostprobablesentence



by recombiningwordsfrom thecluster.4 Theaim
of the evaluationis to measureimprovementsin
grammaticality. To doso,wecompareourdepen-
dency basedgenerationmethodagainsta bigram
modelbaseline.

Sinceverbsarecrucial in indicatingthegram-
maticalityof a clause,we examinetheverbargu-
mentsof thegeneratedsentence.We usea recall
andprecisionmetric over verb dependency rela-
tionsandcomparegeneratedverbargumentswith
thosefrom theinput text. For any verbsincluded
in the generatedsummary, we count how many
generatedverb-argumentrelationscan be found
amongstthe input text relationsfor that verb. A
relationmatchconsistsof an identicalhead,and
also an identical modi�er. Sinceword order in
Englishis vital for grammaticality, amatchingre-
lation mustalsopreserve therelative orderof the
two wordswithin thegeneratedsentence.
Theprecisionmetricis asfollows:

precision �

count
 matched-verb-relations�

count
 generated-verb-relations�

Thecorrespondingrecallmetricis de�ned as:

recall �

count
 matched-verb-relations�

count
 source-text-verb-relations�

The datafor our evaluationcasesis taken from
the information fusion datacollectedby (Barzi-
lay et al., 1999). This datais madeup of news
articlesthathave �rst beengroupedby topic,and
thencomponenttopic sentencesfurtherclustered
by similarity of event. We use100sentenceclus-
tersandonaveragethereare4 sentencesperclus-
ter.

Eachsentenceclusterformsanevaluationcase
for whichthetaskis to generateasinglesentence.
For eachevaluationcase,thebaselinemethodand
ourmethodgeneratesasetof answerstrings,from
1 to 40wordsin length.

For each cluster, sentences are parsed
using the Connexor dependency parser
(www.connexor.com) to obtain dependency
relationsused to build dependency models for
that cluster. In the interestsof minimising con-
�ating factorsin this comparison,we similarly

4Thissentencecouldbeanaccuratereplicaof anoriginal
sentences,or anon-verbatimsentencethatfusesinformation
from variousinputsentences.
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Figure 5: Verb-Argument Relation Precision
scoresfor generatedoutputcomparedto abigram
baseline

trainbigramlanguagemodelsontheinputcluster
of text. This provides both the bigrambaseline
and our systemwith the best possiblechance
of producinga grammaticalsentencegiven the
vocabulary of the input cluster. Note that the
baselineis a dif�cult one to beat becauseit is
likely to reproducelong sequencesfrom the
original sentencesof the input cluster. However,
the exact regurgitation of input sentencesis not
necessarilytheoutcomeof thebaselinegenerator
since, for each cluster, bigrams from multiple
sentencesarecombinedinto asinglemodel.

We do not useany smoothingalgorithmsfor
dependency counts in this evaluation since at
presenttime. Thus,given the sparsenessarising
from a small set of sentences,our dependency
probabilitiestend towards booleanvalues. For
both our approachandthe baseline,the bigrams
aresmoothedusingKatz's back-off method.

5.1.1 Resultsand Discussion

Figure 5 shows the averageprecision score
acrosssentencelengths.Thatis, for eachsentence
length,thereare100 instanceswhoseprecisions
areaveraged.As canbeseen,thesystemalmost
alwaysachievesa higherprecisionthanthebase-
line. As expected,precisiondecreasesassentence
lengthincreases.

Ourapproachis designedto minimisethenum-
berof spuriousdependency relationsgeneratedin
the resultingsentence.As this is typically mea-
suredby precisionscores,recallscoresarelessin-
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Figure8: LongDistanceVerb-ArgumentRelation
Precisionscoresfor generatedoutputcomparedto
abigrambaseline

terestingasa measureof thegeneratedsentence.
However, for completeness,they are presented
Figure 6. Resultsindicatethat our systemwas
indistinguishablefrom the baseline. This is un-
surprisingasour approachis not designedto in-
creasetheretrieval of dependency relationsfrom
thesourcetext.

Using a two-tailed Wilcoxon test (alpha š

0.05), we �nd that the differencesin precision
scoresare signi�cant for most sentencelengths
exceptlengths17and32. Thefailureto rejectthe
null hypothesis5 for theselengthsis interpretedas
idiosyncraticin our dataset. In the caseof the
recallscores,differencesarenotsigni�cant.

The results support the claim that a
dependency-based statistical generator im-
proves grammaticalityby reducingthe number
of spuriousverb-argumentdependency relations.
It is also possibleto treatdependency precision
asbeinga super�cial measureof contentconser-
vation betweenthe generatedsentenceand the
input sentences.Thus, it can also be seenas a
poormeasureof how well thesummarycaptures
thesourcetext.

5.2 Examining Short and Long Distance
Verb Ar guments

Intuitively, onewould expect the result from the
�rst experimentto be re�ected in both short (ie.
adjacent)and long distanceverb dependencies.
To test this intuition, we examinedthe precision
and recall statisticsfor the two typesof depen-
denciesseparately. Thesameexperimentalsetup
is usedasin the�rst experiment.

The resultsfor adjacent(short) dependencies
echothat of the �rst experiment. The precision
resultsfor adjacentdependenciesarepresentedin
Figure7. Again,our systemperformsbetterthan
thebaselinein termsof precision.Our systemis
indistinguishablein recall performancefrom the
baseline.Due to spaceconstraints,we omit the
recall graph. Using thesamesigni�cancetestas
before,we �nd that the differencesin precision
aregenerallysigni�cant acrosssentencelengths.

Thatour approachshouldachieve a betterpre-
cision for adjacentrelationssupportsthe claim
of improvedgrammaticality. Theresultresonates

5Thatis, themeansof scoresby oursystemandthebase-
line arenotdifferent.



well with theearlier�nding thatsentencesgener-
atedby the dependency-basedstatisticalgenera-
tor containfewer instancesof fragmentedtext. If
this is so,onewouldexpectthataparseris ableto
identify moreof theoriginal intendeddependen-
cies.

Theresultsfor thelongdistanceverbargument
precisionand recall testsare slightly different.
Whilst thegraphof precisionscores,presentedin
Figure8, showsoursystemoftenperformingbet-
ter thanthebaseline,this differenceis not signif-
icant. As expected,therecallscoresbetweenour
systemandthebaselineareon parandwe again
omit theresults.

Thisresultis interestingbecauseonewouldex-
pect that what our approachoffers most is the
ability to preserve long distancedependencies
from the input text. However, long distancerela-
tionsarefewer in numberthanadjacentrelations,
which accountfor approximately70% of depen-
dency relations(Collins,1996).As thegenerator
still doesnot produceperfecttext, if theinterme-
diatetext betweentheheadandmodi�er of a long
distancerelationcontainsany grammaticalerrors,
the parserwill obviously have dif�culty in iden-
tifying the original intendedrelation. Given that
therearefewer long distancerelations,the pres-
enceof sucherrorsquickly reducesthe perfor-
mancemargin for theprecisionmetricandhence
no signi�cant effect is detected.We expect that
aswe �ne-tune theprobabilisticmodels,thepre-
cision of long distancerelationsis likely to im-
prove.

6 Conclusionand Future Work

In this paper, we presentedan extensionto the
Viterbi algorithm which selectswords in the
string that are likely result in probabledepen-
dency structures. In a preliminary evaluation
using precisionand recall of dependency rela-
tions, we �nd that it improves grammaticality
over a bigram model. In future work, we in-
tend re-introducethe emissionprobabilities to
model contentselection. We also intend to use
corpus-baseddependency relation statisticsand
wewould like to comparethetwo languagemod-
els using perplexity. Finally, we would like to
compareour systemto that describedin (Barzi-
lay etal., 1999).
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