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Abstract

Summary sentencesare often para-
phrasesof existing sentences. They
may be madeup of regycled fragments
of text taken from importantsentences
in an input document. We investigate
the useof a statisticalsentencegener
ation techniquethat recombinesvords
probabilisticallyin orderto createnew
sentencesGiven a setof event-related
sentencesye usean extendedversion
of the Viterbi algorithmwhich emplo/s
dependengcrelationandbigramproba-
bilities to nd the mostprobablesum-
mary sentence. Using precisionand
recall metricsfor verb amgumentsas a
measuref grammaticalitywe nd that
our systemperformsbetterthan a bi-
gram baseline producingfewer spuri-
ousverbamuments.

1 Intr oduction

Human authoredsummariesare more than just
a list of extracted sentences. Often the sum-
marysentencés a paraphrasef asentencén the
sourcetext, or elsea combinationof phrasesand
words from importantsentenceshat have been
piecedtogetherto form a newv sentence.These
sentenceggeferredto asNon-\érbatimSentences
canreplaceextractedtext to improve readability
andcoherencén thesummary

Consider the example in Figure 1 which
presentanalignmentbetweera humanauthored
summarysentenceand a sourcesentence. The
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SummangSentence:
Every province in the country exceptone,enduredsporadic ghting, looting
or armedbanditryin 2003.

Souce Sentence:

However, astheyearunfolded,every province hasbeensubjectedo ghting,
looting or armedbanditry with the exceptionof just one province (Kirundo,
in northernBurundi).

Figure 1: An alignedsummaryand sourcesen-
tence.

text is taken from a corpusof HumanitarianAid
Proposals producedby the United Nations for
the purposeof corvincing donorsto supporta re-
lief effort.

Theexampleillustratesthatsentencextraction
alonecannotaccounfor thebreadthof humanau-
thoredsummarysentencesThis is supportecby
evidencepresentedh (JingandMcKeawvn, 1999)
and(Daure lll andMarcu,2004).

Moving towardsthe goal of abstract-like auto-
matic summarygeneratiorchallengesusto con-
sider mechanismsfor generatingnon-werbatim
sentences. Such a mechanismcan usefully be
consideredas automaticallygeneratinga para-
phras€. We treatthe problemasonein which a
new and previously unseersummarysentences
to be automaticallyproducedgiven someclosely
relatedsentencesxtractedfrom a sourcetext.

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

These are available
http://wwwreliefwebcom.

2paraphraséereincludessentencegeneratedn an In-
formationFusiontask(Barzilayetal., 1999).

publically at



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

Within theViterbi searctprocesseachtimewe
appendawordto thepartiallygeneratedentence,
we considethow well it attached$o adependenc
structure. The focus of this paperis to evaluate
whetheror not a seriesof iterative considerations
of dependeng structureresultsin a grammatical
generatedsentence.Previous preliminary evalu-
ations (Wan et al., 2005) indicate that the gen-
eratedsequencesontainlessfragmentedext as
measuredy an off-the-shelfdependenc 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
clausesThus,in this paper we usethe precision
andrecallmetricto measurénov mary generated
verbargumentsasextractedfrom dependencre-
lations,arecorrect.

Theremaindeof this papelis structurecasfol-
lows. Section2 providesanoverview introducing
our approach.In Section3, we brie y illustrate
our algorithmwith examples. A brief suney of
relatedwork is presenteih Sectior4. We present
our grammaticalityexperimentsn Section5. We
concludewith furtherwork in Section6.

2 An Overview of our Approachto
Statistical SentenceGeneration

Onecould characteris¢he searchspaceasbeing
a seriesof nestedsets. The outermostsetwould
containall possibleword sequenceswithin this,
asmallersetof stringsexhibiting somesemblance
of grammaticalitymight be found, thoughmary
of thesemight be gibberish. Furthernestedsets
arethosethatare grammaticalandwithin those,
the setof paraphrasethatare entailedby the in-
puttext.

However, giventhatwe limit ourselesto sta-
tistical techniquesand avoid symboliclogic, we
cannotmale ary claim of strict entailment. We

Original Text
A military transportewasscheduledo take off in theafternoonfrom Yokota
air baseon the outskirtsof Tokyo and y to Osakawith 37,000blankets.

Mondale said the United States,which hasbeen ying in blankets andis
sendinga teamof quale relief experts, was preparedto do moreif Japan
requested

United Statesforces basedin Japanwill take blanlets to help earthquak
survivors Thursday in the U.S. military's rst disasterrelief operationin
Japarsinceit setup basedere.

Our approac with Dependencies

6: unitedstatedorcesbasedn blankets

8: unitedstateswhich hasbeenying in blankets

11: amilitary transportewaspreparedo osakawith 37,000blankets

18: mondalesaidtheafternoorfrom yokotaair baseontheunitedstatesvhich
hasbeenying in blankets

20: mondalesaidthe outskirtsof tokyo andis sendinga military transporter
waspreparedo osakawith 37,000blankets

23: united statesforcesbasedin the afternoonfrom yokota air baseon the
outskirtsof tokyo and y to osakawith 37,000blankets

27: mondalesaidthe afternoorfrom yokotaair baseon the outskirtsof tokyo
andis sendinga military transportewaspreparedo osakawith 37,000blan-
kets

29: unitedstateswvhich hasbeenying in the afternoonfrom yokotaair base
on the outskirtsof tokyo andis sendinga teamof quale relief operationin
blankets

31: unitedstateswvhich hasbeenying in the afternoonfrom yokotaair base
ontheoutskirtsof tokyo andis sendinga military transportewaspreparedo
osakawith 37,000blanlets

34: mondalesaidtheafternoorfrom yokotaair baseontheunitedstatesvhich
hasbeenying in the outskirtsof tokyo andis sendinga military transporter
waspreparedo osakawith 37,000blankets

36: united stateswhich hasbeen ying in japanwill take off in the after
noonfrom yokotaair baseon the outskirtsof tokyo andis sendinga military
transportewaspreparedo osakawith 37,000blankets

Figure 2: A selectionof exampleoutput. Sen-
tencesarepre xedby theirlength.

thus proposean intermediateset of sentences
which consere the contentof the sourcetext
without necessarilypeingentailed. Thesearere-
ferredto asthe setof verisimilitudes,of which
properlyentailedsentenceareasubset.Theaim
of our choiceof featuresandour algorithmexten-
sionis to reducethe searchspacefrom gibberish
stringsto that of verisimilitudes. While generat-
ing verisimilitudesis our endgoal, in this papey
we areconcernedgrincipally with the generating
of grammaticakentences.

To do so, the extensionaddsan extra feature
propagatiormechanismto the Viterbi algorithm
suchthat featuresare passedalong a word se-
guencepathin the searchspacewheneer a new
word is appendedo it. Propagatedeaturesare
usedto in uence the choiceof subsequentords
suitablefor appendingto a partially generated
sentence. In our case,our featureis a depen-
deng structureof theword sequenceorrespond-
ing to the searchpath. Our presentdependenc
representatioiis basedon that of (Kittredgeand



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

Algorithmically, after appendinga word to a
path,a dependengcstructureof the partially gen-
eratedstring is obtainedprobabilistically Along
with bigram information, the long-distancecon-
text of dependenc headinformation of the pre-
cedingword sequencavill be usefulin generat-
ing bettersentenceby ltering outall wordsthat
might, at a particularpositionin the string, lead
to aspuriousdependengrelationin the nal sen-
tence.Exampleoutputis presentedn Figure?2.

Asthedependenc“parsing”mechanisnis lin-
eaf andis embeddedwithin the Viterbi algo-
rithm, theresultisanO( ) algorithm.

By examining surface-syntacticdependenc
structureat eachstepin the searchresultingsen-
tencesare likely to be more grammatical. This
marraigeof modelshasbeentestedn other elds
suchas speechrecognition(Chelbaand Jelinek,
1998) with success.Althoughit is animpover
ishedrepresentationf semanticsgonsideringle-
pendenyg featuresn our applicationcontet may
also serendipitoushassistverisimilitude genera-
tion.

3 The ExtendedViterbi Algorithm:
PropagatingDependencyStructure

In this section, we presentan overvien of the
main featuresof our algorithmextension.We di-
rect the interestedreaderto our technicalpaper
(Wanetal., 2005)for full details.

The Viterbi algorithm (for a comprehensi
overview, see(Manningand Schitze, 1999)) is
usedto searchfor the bestpathacrossa network
of nodes,whereeachnoderepresents word in
the vocalulary. The bestsentencds a string of
words,eachoneemittedby thecorrespondingis-
ited nodeonthe path.

Arcs betweemodesareweightedusingacom-
bination of two piecesof information: a bigram
probability correspondingo that pair of words;
anda probability correspondingo the likelihood
of a dependeng relation betweenthat pair of
words. Speci cally, the transition probability

3Theparsds thusnotnecessarilpptimal,in thesenseof
guaranteeinghe mostlikely parse.

de ning theseweightsis theaverageof thedepen-
deng transitionprobabilityandthe bigramprob-
ability.

To simplify mattersin this evaluation, we
assumethat the emissionprobability is always
one. The emission probability is interpreted
as being a Content Selection mechanismthat
choosesvordsthatarelikely to bein asummary
Thus, in this paper eachword has an equally
likely chanceof beingselectedor the sentence.

TransitionProbability is de ned as:

where,

Thesecondunction, , Is thefocusof this

paperanddiscussedh Section3.1.
EmissiorProbability (for this paper alwayssetto
1):

Path Probability is de ned recursvely as:

In the remaining subsectionswe presentan
example-basedliscussionof how dependeng
basedtransitionsare used, and a discussionof
how the dependeng structureof the unfolding
path is maintainedand propagatedwithin the
searclprocess.

3.1 Word SelectionUsing Dependency
Transitions

Given two input sentences The relief workers
distributed food to the hungry” and“The UN
workers requestednedicineand blanlkets?, the
taskis to generatea singlesentencéhat contains
materialfrom thesetwo sentencesAs in (Barzi-
lay et al., 1999), we assumethat the sentences
stemfrom thesameaventandthus,referencesan
befusedtogether
Imaginealsothatbigramfrequenciehiave been
collectedfrom a relevant UN Humanitariancor
pus. Figure 3 presentsdigram probabilitiesand
two samplepathsthroughthe lattice. The path
couldfollow oneof two forks after encountering



Graphnodes:
is workers
is distributed
is food
is blankets

is the end-of-sentencstate

SN

Figure 3: Two searchpaths. One s consistent
with theinput text, the otheris not. Assumethat
the probabilitiesaretaken from arelevantcorpus
suchthat b d is notzero.

the word distributed sincethe corpusmay have
examplesof the word pairs distributed food and
distributedblanlkets Sincebothfoodandblanlkets
canreachthe end-of-sentencstate, both might
concevably be generatedy consideringjust n-
grams. However, only oneis consistentvith the
input text.

To encouragé¢hegeneratiorof verisimilitudes,
we checkfor adependengcrelationbetweerblan-
ketsanddistributedin theinput sentence As no
evidenceis found, we scorethis transitionwith
a low weight. In contrast,thereis evidencefor
the alternatve pathsincetheinputtext doescon-
tain a dependencrelationbetweerfood anddis-
tributed

In reality, multiple words might still concev-
ablybemodi ed by futurewords,notjusttheim-
mediatelyprecedingword. In this example,dis-
tributed is the root of a dependenc tree struc-
ture representinghe precedingstring. However,
ary nodealongthe rightmostroot-to-leafbranch
of the dependeng tree (that representghe par
tially generatedstring) could be modi ed. This
dependeng structureis determinedstatistically
using a probabilisticmodel of dependeng rela-
tions. To representherightmostbranchwe usea
stackdatastructure(referredto asthe headstak)
wherebyolder stackitems correspondo nodes
closerto theroot of thedependenctree.

The probability of the dependenghbasedtransi-

tion is estimatedasfollows:

where is inspired by and
closely resembleghe probabilistic functionsin
(Collins, 1996).

After selectingandappendinga nev word, we
updatethis representatiogontainingthe govern-
ing words of the extendedstring that canyet be
modi ed. The new pathis thenannotatedwith
this updatedstack.

3.2 Maintaining the Head Stack

Therearethreepossiblealternative outcomeso
the headstackupdatemechanism.Givena head
stackrepresentinghedependengcstructureof the
partially generatedsentenceand a nev word to
appendto the searchpath, the rst possibility is
thatthe new word hasno dependencrelationto
ary of the existing stackitems,in which casewe
simply pushthe new word onto the stack. For
the secondand third caseswe checkeachitem
on the stackand keepa recordonly of the best
probabledependenc betweenthe nev word and
the appropriatestackitem. The secondoutcome,
then, is that the new word is the headof some
item on the stack. All itemsup to andincluding
thatstackitemarepoppedff andthenewv wordis
pushedon. Thethird outcomeis thatit modi es
someitemonthestack.All stackitemsup to (but
not including) the stackitem are poppedoff and
thenew wordis pushedn.

We now stepthroughthe generatiorof thesen-
tence"“The UN relief workers distributedfoodto
thehungry whichis producedy theexploration
of onepathin thesearclprocessFigure4 shavs
how the headstackmechanisnupdatesandprop-
agateghe stackof governingwordsaswe append
wordsto the pathto producethis string.

We rst appendthe determinerthe to the new
string and pushit onto the empty stack. As dic-
tatedby a high n-gramprobability the word UN
follows. However, thereis no evidenceof arela-
tion with the precedingword, sowe simply push
it on the stack. Similarly, relief is appendednd
alsopushedn the stack.

Whenwe encountetthe word workers we nd
evidencethat it governs eachof the preceding



Graphnodes:
isThe is food
isUN isto
isrelief isthe
is workers is hungry
is distributed is theend-of-sentencstate
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Figure 4. Propagatingthe head stack feature
alongthepath.

threewords. The modi ers are poppedoff and
workers is pushedon. Skippingaheadthe tran-
sition distribute food hasa high bigramprobabil-
ity andevidencefor a dependencrelationexists.
Thisresultsin astrongoverall pathprobabilityas
opposedo thealternatie fork in Figure3. Since
distributed canstill be modi ed in the future by
words, it is not poppedoff. The word food is
pushedontothe stackasit too canstill be modi-
ed.

The sentenceould endthere. Sincewe multi-
ply path,transitionandemissionprobabilitiesto-
gether longersentencesvill have a lower prob-
ability andwill be penalised.However, we can
choosedo continuethe generatiomprocesdo pro-
ducealongersentenceThewordto modi es dis-
tributed To preventcrossingdependenciespod
is poppedoff the stackbeforepushingto. Ap-
pendingtherestof thewordsis straightforvard.

4 RelatedWork

In recentyears therehasbeena steadystreamof

researchn statisticaltext generatiorn(seeLangk-
ilde andKnight (1998),andBangaloreandRam-
bow (2000)). Theseapproachebegin with arep-
resentatiorof sentencesemanticghat hasbeen
producedby a contentplanningstage. Compet-
ing realisation®f the semantiaepresentatioare
rankedusingann-grammodel. Our approactdif-

fersin thatwe do not startwith a semantiaepre-
sentationRatheywe paraphrastheoriginaltext,

searchingor the bestword sequencenddepen-

deng treestructureconcurrently

Summarizatiorresearcher$iave also studied
the problem of generatingnon-\erbatim sen-
tences:see(Jing and McKeawn, 1999), (Barzi-
lay et al., 1999) and more recently (Daung Il
andMarcu, 2004). Jing usesa HMM for learn-
ing alignmentdbetweersummaryandsourcesen-
tences. Daumelll also provides a mechanism
for sub-sententiahlignmentbut allows for align-
ments betweenmultiple sentences. Both ap-
proachesprovide modelsfor later recombining
sentencefragments. Our work differs primar
ily in granularity Using words as a basic unit
potentially offers greater e xibility in pseudo-
paraphrasegeneration; howvever, like ary ap-
proachthat recombinedext fragments,it incurs
additionalproblemsn ensuringhatthegenerated
sentencee ects theinformationin theinputtext.

In work describingsummarisatioras transla-
tion, KnightandMarcu(KnightandMarcu,2002)
also combine syntax modelsto help rank the
spaceof possiblecandidatetranslations. Their
work differs primarily in thatthey searchover a
spaceof treesrepresentinghe candidatetrans-
lations and we searchover a spaceof word se-
guenceswhich are annotatedby corresponding
trees.

5 Evaluation

In thissectionwedescribdwo smallexperiments
designedto evaluate whether a dependene

basedstatisticalgeneratoimprovesgrammatical-
ity. The rst experimentusesa precisionandre-

call styledmetriconverbagumentsWe nd that
our approachperformssigni cantly betterthan
the bigrambaseline.The secondexperimentex-

aminesthe precisionandrecall statisticson short
and long distanceverb aguments. We now de-
scribethesetwo experimentsin moredetail.

5.1 Improvementsin Grammaticality: Verb
Argument Precisionand Recall

In this evaluation,we wantto knowv whatadwan-
tagesa consideratiorof input text dependencies
affords, comparedo just usingbigramsfrom the
input text. Given a set of sentencesvhich has
beenclusteredon the basisof similarity of event,
the systemgenerateshe mostprobablesentence



by recombiningwordsfrom thecluster* Theaim
of the evaluationis to measurdmprovementsin

grammaticality To do so,we compareour depen-
deny basedgeneratiormethodagainsta bigram
modelbaseline.

Sinceverbsarecrucialin indicatingthe gram-
maticality of a clause we examinetheverbargu-
mentsof the generatedentenceWe usearecall
and precisionmetric over verb dependencrela-
tionsandcomparegeneratederbamgumentswith
thosefrom theinputtext. For ary verbsincluded
in the generatedsummary we counthowv mary
generatedrerb-agumentrelationscan be found
amongsthe input text relationsfor thatverh A
relationmatchconsistsof anidenticalhead,and
also an identical modi er. Sinceword orderin
Englishis vital for grammaticalitya matchingre-
lation mustalsopresere the relative orderof the

two wordswithin thegeneratedentence.
Theprecisionmetricis asfollows:

precision
count matched-erb-relations
count generated-erb-relations

Thecorrespondingecallmetricis de ned as:

recall
count matched-erb-relations
count source-tgt-verb-relations

The datafor our evaluationcaseds taken from
the informationfusion datacollectedby (Barzi-
lay et al., 1999). This datais madeup of news
articlesthathave rst beengroupedby topic, and
thencomponentopic sentencefurther clustered
by similarity of event. We usel100sentencelus-
tersandon averagethereare4 sentenceperclus-
ter.

Eachsentencelusterformsanevaluationcase

for whichthetaskis to generate singlesentence.

For eachevaluationcasethebaselinenethodand
ourmethodgenerateasetof answeistrings,from
1to 40wordsin length.

For each cluster sentencesare parsed
using the Conneor dependenc parser
(www.conneor.com) to obtain dependenc
relationsusedto build dependenc models for
that cluster In the interestsof minimising con-
ating factorsin this comparison,we similarly

“This sentenceouldbeanaccurateeplicaof anoriginal

sentencesyr anon-\erbatimsentencé¢hatfusesinformation
from variousinput sentences.

Precision of Verb Arguments across Sentence Lengths

LA B s e B e s e
P Baseline
~=----~ System -------

Precision
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34567 8 91011121314151617181920212223242526272829303132333435363738
Sentence Length

Figure 5: Verb-Agument Relation Precision
scoredor generatedutputcomparedo abigram
baseline

train bigramlanguaganodelsontheinputcluster
of text. This provides both the bigram baseline
and our systemwith the best possible chance
of producinga grammaticalsentencegiven the

vocalulary of the input cluster Note that the

baselineis a dif cult one to beatbecausdt is

likely to reproducelong sequencedrom the

original sentencesf the input cluster However,

the exact regumitation of input sentencess not

necessarilyhe outcomeof the baselinegenerator
since, for each cluster bigramsfrom multiple

sentencearecombinednto a singlemodel.

We do not useary smoothingalgorithmsfor
dependenc countsin this evaluation since at
presentime. Thus, given the sparsenesarising
from a small set of sentencespur dependenc
probabilitiestend towards booleanvalues. For
both our approachandthe baseline the bigrams
aresmoothedisingKatz's back-of method.

5.1.1 Resultsand Discussion

Figure 5 shawvs the average precision score
acrosssentencéengths.Thatis, for eachsentence
length, thereare 100 instancesvhoseprecisions
areaveraged.As canbe seenthe systemalmost
alwaysachievesa higherprecisionthanthe base-
line. As expectedprecisiondecreaseassentence
lengthincreases.

Ourapproachs designedo minimisethenum-
berof spuriousdependencrelationsgeneratedh
the resultingsentence.As this is typically mea-
suredby precisionscoresrecallscoresarelessin-



Recall of Verb Arguments across Sentence Lengths
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Figure6: Verb-AgumentRelationRecallscores
for generatedutputcomparedo a bigrambase-
line

Precision of Adjacent Verb Arguments across Sentence Lengths
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Figure7: AdjacentVerb-AgumentRelationPre-
cisionscoredor generatesutputcomparedo a
bigrambaseline

Precision of Long Distance Verb Arguments across Sentence Lengths
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Figure8: LongDistanceVerb-AigumentRelation
Precisiorscoredor generatedutputcomparedo
abigrambaseline

terestingasa measuref the generatedgentence.
However, for completenessthey are presented
Figure 6. Resultsindicatethat our systemwas
indistinguishabldrom the baseline. This is un-
surprisingasour approachis not designedo in-
creasehe retrieval of dependengcrelationsfrom
the sourcetext.

Using a two-tailed Wilcoxon test (alpha
0.05), we nd that the differencesin precision
scoresare signi cant for most sentencdengths
exceptlengthsl7 and32. Thefailureto rejectthe
null hypothesis for thesdengthsis interpretecas
idiosyncraticin our dataset. In the caseof the
recallscoresdifferencesarenot signi cant.

The results support the claim that a
dependenchbased statistical generator im-
proves grammaticalityby reducingthe number
of spuriousverb-agumentdependengcrelations.
It is also possibleto treatdependenc precision
asbeinga super cial measureof contentconser
vation betweenthe generatedsentenceand the
input sentences.Thus, it canalsobe seenasa
poormeasuref how well the summarycaptures
the sourcetext.

5.2 Examining Short and Long Distance
Verb Arguments

Intuitively, onewould expectthe resultfrom the
rst experimentto be re ected in both short(ie.
adjacent)and long distanceverb dependencies.
To testthis intuition, we examinedthe precision
and recall statisticsfor the two typesof depen-
denciesseparately The sameexperimentalsetup
is usedasin the rst experiment.

The resultsfor adjacent(short) dependencies
echothat of the rst experiment. The precision
resultsfor adjacentlependenciearepresentedh
Figure7. Again, our systemperformsbetterthan
the baselinen termsof precision. Our systemis
indistinguishablen recall performancdrom the
baseline. Due to spaceconstraintswe omit the
recall graph. Using the samesigni cancetestas
before,we nd thatthe differencesin precision
aregenerallysigni cant acrosssentencdengths.

Thatour approactshouldachiere a betterpre-
cision for adjacentrelations supportsthe claim
of improved grammaticality Theresultresonates

SThatis, themeansf scoresy our systemandthe base-
line arenotdifferent.



well with theearlier nding thatsentencegener
atedby the dependencbasedstatisticalgenera-
tor containfewer instance®f fragmentedext. If
thisis so,onewould expectthata parseiis ableto
identify more of the original intendeddependen-
cies.

Theresultsfor thelong distancererbargument
precisionand recall tests are slightly different.
Whilst thegraphof precisionscorespresentedn
Figure8, shaws our systenoftenperformingbet-
ter thanthe baselinethis differenceis not signif-
icant. As expectedtherecall scoreshetweerour
systemandthe baselineareon parandwe again
omittheresults.

Thisresultis interestingoecaus®newould ex-
pect that what our approachoffers mostis the
ability to presere long distancedependencies
from theinputtext. However, long distancerela-
tionsarefewerin numberthanadjacentelations,
which accountfor approximately70% of depen-
deng relations(Collins, 1996). As the generator
still doesnot produceperfecttext, if theinterme-
diatetext betweertheheadandmodi er of along
distanceelationcontainsary grammaticakrrors,
the parserwill obviously have dif culty in iden-
tifying the original intendedrelation. Given that
thereare fewer long distancerelations,the pres-
enceof sucherrors quickly reducesthe perfor
mancemangin for the precisionmetricandhence
no signi cant effect is detected.We expectthat
aswe ne-tune the probabilisticmodels the pre-
cision of long distancerelationsis likely to im-
prove.

6 Conclusionand Future Work

In this paper we presentecan extensionto the
Viterbi algorithm which selectswords in the
string that are likely result in probabledepen-
deny structures. In a preliminary evaluation
using precisionand recall of dependeng rela-
tions, we nd that it improves grammaticality
over a bigram model. In future work, we in-

tend re-introducethe emission probabilities to

model contentselection. We also intend to use
corpus-basediependeng relation statisticsand
we would like to comparehetwo languagenod-
els using perplity. Finally, we would like to

compareour systemto that describedn (Barzi-
lay etal., 1999).
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