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Abstract

Many emeging applicationsrequiredoc-
umentsto be repeatedlyupdated. Such
documentsnclude newsfeeds webpages,
and sharedcommunityresourcesuchas
Wikipedia. In this paperwe addresshe
taskof insertingnew informationinto ex-
istingtexts. In particular wewishto deter
minethe bestlocationin atext for agiven
pieceof new information. For this process
to succeedtheinsertionalgorithmshould
be informed by the existing document
structure. Lengthyreal-world texts areof-
ten hierarchicallyorganizedinto chapters,
sections,and paragraphs.We presentan
online ranking modelwhich exploits this
hierarchicalstructure— representationally
in its featuresand algorithmically in its
learningprocedureWhentestedon a cor
pus of Wikipedia articles, our hierarchi-
cally informedmodel predictsthe correct
insertionparagraphmore accuratelythan
baselinemethods.

1 Intr oduction

Many emeging applicationsrequire documents
to be repeatedlyupdated. For instance,news-
feed articles are continuouslyrevised by editors
as new information emeges, and personalweb-
pagesare modi ed as the statusof the individ-
ual changes. This revision stratgy hasbecome
even more prevalent with the adwent of commu-
nity editedwebresourcesthe mostnotableexam-
ple being Wikipedia. At presentthis processn-
volvesmassve humaneffort. ForinstancetheEn-
glishlanguageversionof Wikipediaaveragedver
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3million edits permonthin 2006.Evenso,mary
articlesquickly becomeoutdated. A systemthat
performssuchupdatesautomaticallycould drasti-
cally decreasenaintenancefforts andpotentially
improve documentjuality.

Currentlythereis no effective way to automat-
ically updatedocumentsas new information be-
comesvailable. Theclosestelevanttext structur
ing techniquds thework on sentencerdering,in
which a completereorderingof the text is under
taken. Predictablythesemethodsare suboptimal
for this new taskbecausehey cannottake adwan-
tageof existing text structure.

We introducean alternatve vision of text struc-
turing as a processunfolding over time. Instead
of orderingsentencesill at once,we startwith a
well-formeddraftandaddnew informationateach
stagewhile preservingdocumentoherenceThe
basicoperationof incrementalext structuringis
theinsertionof new information. To automatehis
processwe developa methodfor determiningthe
bestlocationin atext for a given pieceof new in-
formation.

The main challengeis to maintainthe continu-
ity andcoherencef theoriginal text. Theseprop-
ertiesmay be maintainedby examiningsentences
adjacentto eachpotentialinsertionpoint. How-
ever, alocal sentenceomparisormethodsuchas
this may fail to accountfor global documentco-
herence(e.g. by allowing the mentionof some
factin aninappropriatesection). This problemis
especiallyacutein the caseof lengthy real-world
texts such as books, technicalreports,and web
pages.Thesedocument@arecommonlyorganized
hierarchicallyinto sectionsand paragraphso aid
readercomprehensionFor documentsvhere hi-

http://stats.wikimedia.org/EN/
TablesWikipediaEN.htm



erarchicalinformationis not explicitly provided,
suchasautomaticspeechranscriptswe canuse
automaticsggmentatiormethodgo inducesucha
structure(Hearst,1994). Ratherthanignoringthe
inherenthierarchicalstructureof thesetexts, we
desireto directly modelsuchhierarchiesanduse
themto our adwantage— both representationally
in ourfeaturesandalgorithmicallyin ourlearning
procedure.

To achiere this goal, we introduce a novel
methodfor sentencansertionthat operatesover
a hierarchicalstructure. Our documentrepresen-
tationincludesfeaturedor eachlayer of the hier
archy For example theword overlapbetweerthe
insertedsentenceand a sectionheaderwould be
includedasanupperlevel sectionfeature whereas
acomparisorof thesentencavith all thewordsin
aparagraphlvould bealowerlevel paragraptiea-
ture. We proposea linearmodelwhich simultane-
ously considerghe featuresof every layer when
making insertiondecisions. We develop a novel
updatemechanismn the online learningframe-
work which exploits the hierarchicaldecomposi-
tion of features.This mechanisniimits modelup-
datesto thosefeaturesfound at the highestincor
rectly predictedlayer, without unnecessarilgis-
turbingthe parametewraluesfor thelowerreaches
of the tree. This conserative updateapproach
maintainsas much knowledge as possiblefrom
previously encounteredrainingexamples.

We evaluateour methodusing real-world data
where multiple authorshave revised preisting
documentsover time. We obtain sucha corpus
from Wikipediaarticles? which are continuously
updatedby multiple authors. Logs of theseup-
datesarepublicly available,andareusedfor train-
ing andtestingof our algorithm. Figure 1 shawvs
an exampleof a Wikipediainsertion. We believe
this datawill morecloselymirror potentialappli-
cationsthansyntheticcollectionsusedin previous
work ontext structuring.

Our hierarchicaltraining method yields sig-
ni cant improvementwhen comparedto a simi-
lar non-hierarchicamodelwhich insteadusesthe
standardperceptrorupdateof Collins (2002). We
also report humanperformanceon the insertion
taskin orderto provide areasonablepperbound
on machineperformance. An analysisof these
resultsshavs that our methodclosesthe gap be-

2Data and code used in this paper are available at
http://people.csail.mit.edu/edc/emnip07 /

tweenmachineand humanperformancesubstan-
tially.

In the following section, we provide an
overview of existing work on text structuringand
hierarchicallearning. Then,we de ne the inser
tion task and introduceour hierarchicalranking
approacho sentencensertion. Next, we present
our experimentalframavork and data. We con-
cludethe paperby presentingand discussingour
results.

2 RelatedWork

Text Structuring Theinsertiontaskis closelyre-
lated to the extensvely studiedproblemof sen-
tenceordering® Most of the existing algorithms
representext structureas a linear sequenceand
aredriven by local coherenceonstraintgLapata,
2003;Karamanistal.,2004;0kazakietal.,2004;
BarzilayandLapata,2005;Bollegalaet al., 2006;
Elsnerand Charniak,2007). Thesemethodsin-
ducea total orderingbasedon pairwiserelations
betweensentencesResearcherbhave shavn that
identifying precedenceelationsdoesnot require
deepsemanticinterpretationof input sentences:
shallav distributional featuresare sufcient for
accurateprediction. Our approachemplg/s sim-
ilar featuredo represenhodesat the lowestlevel
of thehierarchy

The key departureof our work from previ-
ous researchis the incorporationof hierarchical
structureinto a corpus-base@pproachto order
ing. While in symbolicgeneratioranddiscourse
analysisa text is typically analyzedasa tree-like
structure(ReiterandDale, 1990),a linearview is
prevalentin data-drven methodsto text structur
ing* Moving beyond a linear representatioen-
ablesusto handlelongertexts wherea local view
of coherencaloesnot sufce. At the sametime,
our approachdoesnot requireary manualrules
for handlingtree insertions,in contrastto sym-
bolic text planners.

Hierarchical Learning Therehasbeenmuch
recentresearchon multiclasshierarchicalclassi-
cation. In this line of work, the setof possible
labelsis organizedhierarchically and eachinput
mustbe assignech nodein the resultingtree. A

%Independentlyndsimultaneouslyvith ourwork, Elsner
andCharniak(2007)have studiedthe sentencénsertiontask
in adifferentsetting.

*Though statistical methodshave beenusedto induce
suchtrees(Soricutand Marcu, 2003),they are not usedfor
orderingandothertext-structuringtasks.
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Figurel: An exampleof Wikipediainsertion.

prototypeweightvectoris learnedfor eachnode,
and classi cation decisionsare basedon all the
weightsalong the path from nodeto root. The
essenc®f this schemads thatthe moreancestors
two nodeshave in common,the more parameters
they are forced to share. Marny learning meth-
odshave beenproposedincluding SVM-style op-
timization (Cai and Hofmann, 2004), incremen-
tal leastsquaresestimation(Cesa-Bianchet al.,
2006b),andperceptror{Dekel etal., 2004).

This previouswork restsontheassumptiorthat
a predeterminedetof atomiclabelswith a x ed
hierarchyis given. In our task,however, the setof
possibleinsertionpoints— alongwith their hierar
chical organization- is uniqueto eachinput doc-
ument. Furthermore nodesexhibit rich internal
featurestructureand cannotbe identi ed across
documentsgexceptinsofar astheir featuresover-
lap. As is commonlydonein NLP taskswe make
useof afeaturefunctionwhich producesonefea-
ture vectorfor eachpossibleinsertionpoint. We
then chooseamongthesefeaturevectorsusing a
single weight vector (castingthe task as a struc-
tured rankingproblemratherthana classi cation
problem).In thisframework, anexplicit hierarchi-
cal view is no longernecessaryo achiese param-
etertying. In fact, eachparametemwill be shared
by exactly thoseinsertionpointswhich exhibit the
correspondingeature bothacrossdocumentand
within a single document. Higher level parame-
terswill thusnaturallybesharedoy all paragraphs
within a singlesection.

In fact, when the perceptron update rule
of (Dekel et al., 2004) — which modi es the
weights of every divergent node along the pre-
dicted and true paths — is used in the rank-

ing framawork, it becomesvirtually identical
with the standard, at, ranking perceptronof

Collins (2002)° In contrast,our approactshares
theideaof (Cesa-Bianchetal.,2006a)that”if a

parentclasshasbeenpredictedwrongly, thener

rorsin the children shouldnot be taken into ac-
count! Wealsoview thisasoneof thekey ideasof

the incrementabperceptroralgorithmof (Collins

andRoark,2004),which searcheshrougha com-
plex decisionspacestep-by-stepandis immedi-
atelyupdatedatthe rst wrongmove.

Our work fusesthis ideaof selectve hierarchi-
cal updateswith the simplicity of the perceptron
algorithm and the e xibility of arbitrary feature
sharinginherentin therankingframework.

3 The Algorithm

In this section, we presentour sentenceinser
tion modelandamethodfor parameteestimation.
Given a hierarchicallystructuredtext composed
of sectionsandparagraphsthe sentencénsertion
modeldetermineshebestparagraptwithin which
to placethe new sentence.To identify the exact
location of the sentencewithin the chosenpara-
graph,local orderingmethodssuchas (Lapata,
2003) could be used. We formalize the inser
tion taskasa structured-ankingproblem,andour
modelis trainedusing an online algorithm. The
distinguishingfeatureof the algorithmis a selec-
tive correctionmechanisnthatfocuseshe model
updateontherelevantlayerof thedocuments fea-
turehierarchy

The algorithmdescribedbelov canbe applied

5Themainremainingdifferences thatDekel etal. (2004)
usea passie-aggresse updaterule (Crammeret al., 2006)
andin doingsoenforcea mamin basedn treedistance.



to ary hierarchicatankingproblem.For concrete-
ness,we usethe terminologyof the sentencen-

sertiontask, wherea hierarchycorrespondgo a
documenwith sectionsandparagraphs.

3.1 ProblemFormulation

In a sentence insertion problem, we are
given a training sequence of instances
Each instance
containsa sentences, a hierarchicallystructured
documentT, and a node ° representingthe
correctinsertion point of s into T. Although
* cangenerallybe ary nodein the tree, in our
problemwe needonly considerleaf nodes. We
castthis problemin therankingframeawork, where
a featurevectoris associatedavith eachsentence-
node pair. For example, the feature vector of
an internal, section-lgel node may considerthe
word overlap betweenthe insertedsentenceand
the sectiontitle. At the leaf level, featuresmay
include an analysisof the overlap betweenthe
correspondindext and sentence.In practice,we
usedisjoint featuresetsfor differentlayersof the
hierarchythoughin theorythey couldbeshared.

Ourgoalthenis to choosea leaf nodeby taking
into accountits featurevectoraswell asfeature
vectorsof all its ancestoren thetree.

More formally, for eachsentences and hier
archically structureddocumentT , we are given
a setof featurevectors,with onefor eachnode:
f (s;n) : n 2 Tg. We denotethe setof leaf
nodesby L (T ) andthe pathfrom theroot of the
treeto anoden by P(n). Our modelmustchoose
oneleaf nodeamongthe setL (T) by examining
its featurevector (s;) aswell asall the feature
vectorsalongits path:f (s;n) :n 2 P(7)g.

3.2 The Model

Our model consistsof a weight vector w, each
weightcorrespondingo a singlefeature.Thefea-
turesof a leaf areaggregatedwith the featuresof
all its ancestorsn thetree. Theleaf scoreis then
computedby taking the inner productof this ag-
gregate featurevector with the weightsw. The
leaf with the highestscoreis thenselected.

More speci cally, we de ne the aggregate fea-
ture vectorof aleaf " to bethe sumof all features
foundalongthe pathto theroot:

X
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Figure 2: Training algorithmfor the hierarchical
rankingmodel.

This hasthe effect of staking together features
foundin a singlelayer, and adding the valuesof
featuredoundat morethanonelayer
Ourmodelthenoutputstheleafwith thehighest
scoringaggre@atefeaturevector:

arg max w s;”
g.max w (s

2)

Note that by usingthis criterion, our decoding
methodis equivalentto that of the standardinear
rankingmodel. Thenovelty of ourapproacHhiesin
our trainingalgorithmwhich usesthe hierarchical
featuredecompositiorof Equationl to pinpoint
its updatesalongthe pathin thetree.

3.3 Training

Our training procedurds implementedn the on-

line learningframewvork. Themodelreceveseach
traininginstanceandpredictsa leaf nodeaccord-
ing to its currentparameterslf anincorrectleaf

nodeis predicted,the weightsare updatedbased
on the divergencebetweerthe predictedpathand
the true path. We tracethe pathsdown the tree,
andonly updatethe weightsof the featurefound

atthe split point. Updatedfor sharedchodesalong
the pathswould of coursecancelout. In contrast
to the standardranking perceptroraswell asthe

hierarchicalperceptronof (Dekel et al., 2004),
no featuresfurther down the divergent pathsare
incorporatedin the update. For example, if the

modelincorrectly predictsthe section,thenonly

the weights of the sectionfeaturesare updated
whereaghe paragraptieatureweightsremainun-

touched.

s P(“t)i +1



Figure 3: An example of a tree with the corre-
spondingmodel scores. The path surroundedy
solid lines leadsto the correctnode™;. The path
surroundedby dottedlines leadsto "3, the pre-
dictedoutputbasednthe currentmodel.

More formally, let * be the predictedieaf node
andlet* 6 * bethe true leaf node. Denoteby
P()' thei!™ nodeon the pathfrom therootto ".
Leti bethedepthof thelowestcommonancestor
of “and”(i.e.,i = maxfi : P()' = P()'g).
Thentheupdaterule for thisroundis:

s P ((>I +1
(3)

Full pseudo-codé&or our hierarchicabnlinetrain-
ing algorithmis shawvn in Figure2.

Weillustratetheselectve updatemechanisnon
the simple exampleshavn on Figure3. The cor
rect predictionis the node "1 with an aggregate
pathscoreof 5, but *3 with the higherscoreof 6
is predicted.In this case boththe sectionandthe
paragraptareincorrectlypredicted.In response¢o
this mistale, the featuresassociatedavith the cor
rectsection,n,, areaddedto the weights,andthe
featuresof the incorrectly predictedsection,n g,
are subtractedrom the weights. An alternatve
updatestratgyy would beto continueto updatethe
featureweightsof theleafnodes, 1 and” 3. How-
ever, by identifying theexactsourceof pathdiver-
gencewe presere the previously learnedbalance
betweereaf nodefeatures.

w o w+  sP(O)

4 Features

Featuresusedin our experimentsare inspiredby
previous work on corpus-basedpproachedor
discourseanalysis (Marcu and Echihabi, 2002;
Lapata,2003; Elsneret al., 2007). We consider
three types of features: lexical, positional, and
temporal. This sectiongives a generalovervien
of thesefeatureqseecodefor furtherdetails.)

Lexical Features Lexical featureshave been
shawvn to provide strongcuesfor sentenceosi-
tioning. To presere text cohesion,an inserted
sentencédiasto betopically closeto its surround-
ing sentencesAt the paragraphevel, we measure
topicaloverlapusingthe TF*IDF weightedcosine
similarity betweeraninsertedsentencandapara-
graph. We alsousea morelinguistically re ned
similarity measurehat computesoverlap consid-
ering only subjectsand objects. Syntacticanaly-
sisis performedusingthe MINIPAR parser(Lin,
1998).

The overlap featuresare computedat the sec-
tion level in a similar way. We alsointroducean
additionalsection-lgel overlapfeaturethat com-
putesthe cosine similarity betweenan inserted
sentencandthe rst sentenceén asection.In our
corpus,the openingsentencef a sectionis typi-
cally stronglyindicative of its topic, thus provid-
ing valuablecuesfor sectionlevel insertions.

In additionto overlap, we uselexical features
thatcaptureword co-occurrenc@atternsn coher
ent texts. This measurewas rst introducedin
thecontet of sentencerderingby Lapata(2003).
Givena collectionof documentsn a speci ¢ do-
main, we computethe likelihood that a pair of
wordsco-occurin adjacensentencesi-romthese
counts, we induce the likelihood that two sen-
tencesareadjacento eachother Foragivenpara-
graphandan insertedsentencethe highestadija-
ceny probability betweenthe insertedsentence
andparagraptsentencess recorded.This feature
is alsocomputecdat the sectionlevel.

Positional Features Thesefeaturesaimto cap-
ture userpreferencesvhenpositioningnew infor-
mationinto thebody of adocumentFor instance,
in theWikipediadata,insertionsaremorelikely to
appeamattheendof a documenthanatits begin-
ning. We track positionalinformationat the sec-
tion andparagraphevel. At the sectionlevel, we
recordwhethera sectionis the rst or lastof the
document. At the paragrapHevel, thereare four
positionalfeatureswhich indicatethe paragrapts



Section| Paragraph| TreeDist

T1|J1l| 0.575 0.5 1.85
J2| 0.7 0.525 1.55

T2 | J3| 0.675 0.55 1.55
J4a| 0.725 0.55 1.45

Tablel: Accuray of humaninsertionscompared
againstgold standardfrom Wikipedia's update
log. T1is asubsebf thedataannotatedy judges
JlandJ2,while T2 is annotatedy J3andJ4.

position (i.e., start or end) within its individual
sectionandwithin thedocumengasawhole.

Temporal Features Thetext organizationmay
be in uenced by temporalrelationsbetweenun-
derlying events. In temporally coherenttext,
events that happenin the sametime frame are
likely to be describedn the samesegment. Our
computatiorof temporalfeaturesdoesnotrequire
full edged temporalinterpretation. Instead,we
extract thesefeaturesbasedon two cateyoriesof
temporalcues: verb tenseand date information.
The verb tensefeaturecaptureswhethera para-
graph containsat least one sentenceusing the
sametenseastheinsertedsentencefor instance,
this featurewould occurfor the insertedsentence
in Figure 1 since both the sentenceand chosen
paragraptemplo/ the pasttense.

Anothersetof featuregakesinto accounthere-
lation betweerthe datesin a paragraplandthose
in aninsertedsentence.We extract temporalex-
pressionsusing the TIMEX2 tagger(Mani and
Wilson, 2000),andcomputehetimeinterval for a
paragraptboundedby its earliestandlatestdates.
We recordthe degreeof overlapbetweerthe para-
graphtime intenal andinsertionsentencéimein-
tenal.

5 Experimental Set-Up

Corpus Our corpusconsistsof Wikipedia arti-
clesthat belongto the catgyory “Living Peoplé.
We focus on this catayory becausdheseatrticles
are commonlyupdated:when new factsabouta
personare featuredin the media, a correspond-
ing entry in Wikipedia s likely to be modi ed.
Unlike entriesin a professionallyedited encgy-
clopedia thesearticlesarecollaboratvely written
by multiple usersresultingin signi cant stylistic
and contentvariationsacrosstexts in our corpus.
This propertydistinguisheour corpusfrom more
stylistically homogeneougollections of biogra-

phiesusedin text generationresearch(Duboue
andMcKeawn, 2003).

We obtaindataon insertion§ from the update
log thataccompaniesvery Wikipedia entry For
eachchangean thearticle's history thelog records
an article beforeand after the change.From this
information,we canidentify the locationof every
insertedsentence.In casesvheremultiple inser
tionsoccurover time to the samearticle, they are
treatedindependenthof eachother To eliminate
spam,we placeconstrainton insertedsentences:
(1) a sentencehasat least8 tokensand at most
120tokens;(2) the MINIPAR parser(Lin, 1998)
canidentify asubjector anobjectin asentence.

This procesyields4051insertion/articlepairs,
from which 3240 pairs are usedfor training and
811 pairsfor testing. Theseinsertionsarederived
from 1503 Wikipedia articles. Relative to other
corporausedin text structuringresearcl{Barzilay
and Lee, 2004; Lapata,2003; Karamaniset al.,
2004), texts in our collectionarelong: an aver
agearticle has32.9 sentencesprganizedin 3.61
sectionsand 10.9 paragraphs. Our corpusonly
includesarticlesthat have morethanonesection.
Whensentenceareinsertedbetweernparagraphs,
by corventionwe treatthemaspartof theprevious
paragraph.

Evaluation Measures We evaluateour model
usinginsertionaccuiacy at the sectionand para-
graphlevel. This measurecomputeghe percent-
ageof matchesetweenthe predictedlocation of
the insertionandthe true placement.We alsore-
port the treedistancebetweenhe predictedposi-
tion andthe true locationof aninsertedsentence.
Treedistanceis de ned asthe lengthof the path
throughthetreewhich connectghe predictedand
the true paragraphpositions. This measurecap-
turessectionlevel errors(which raisethe connect-
ing pathhigherup the tree)aswell asparagraph
level errors(whichwidenthe pathacrosshetree).

BaselinesOur rst threebaselinescorrespond
to naive insertion stratglies. The RANDOMINS
methodrandomly selectsa paragraphfor a new
sentencewhile FIRSTINS and LASTINS inserta
sentencento the rst andthe last paragraphre-
spectvely.

We alsocompareour HIERARCHICAL method
againsttwo competitve baselinesPIPELINE and
FLAT. ThePIPELINE methodseparatelyrainstwo

SInsertionis only onetype of recordedupdate othersin-

cludedeletionsandsentenceewriting.



Section| Paragraph| TreeDist
RANDOMINS | 0.318* | 0.134* 3.10*
FIRSTINS 0.250* | 0.136* 3.23*
LASTINS 0.305* | 0.215* 2.96*
PIPELINE 0.579 0.314* 2.21*
FLAT 0.593 0.313* 2.19*
HIERARCHY | 0.598 0.383 2.04

Table 2: Accurag of automaticinsertionmeth-
ods comparedagainstthe gold standardfrom
Wikipedia's updatelog. The third column gives
treedistancewherea lower scorecorresponds$o
better performance. Diacritic © (p < 0:01) indi-
cateswhetherdifferencesn accurayg betweerthe
givenmodelandtheHierarchicalmodelis signi -
cant(usinga FisherSign Test).

rankers,onefor sectionselectiorandonefor para-
graphselection. During decoding,the PIPELINE

method rst chooseshe bestsectionaccordingto

the section-layeranker, andthenselectshe best
paragraphwithin the chosensectionaccordingto

the paragraph-layeranker. The FLAT method
usesthe samedecodingcriterion as our model
(Equation 2), thus making use of all the same
features.However, FLAT is trainedwith the stan-
dard ranking perceptronupdate,without making
useof the hierarchicaldecompositiorof features
in Equationl.

Human Performance To estimateghedif culty
of sentencensertion,we conductedexperiments
thatevaluatehumanperformancenthetask. Four
judgescollectively processed0 sentence/article
pairswhichwererandomlyextractedfrom thetest
set. Eachinsertionwasprocessedby two annota-
tors.

Table 1 shavs the insertionaccurayg for each
judgewhencomparedagainstthe Wikipediagold
standardOn average theannotatorachiee 66%
accurag in sectionplacementand53% accurag
in paragrapiplacementWe obtainsimilar results
when we comparethe agreemeniof the judges
againseachother:65%of sectionnsertsand48%
of paragraphnsertsareidenticalbetweertwo an-
notators.Thedegreeof variability obseredin this
experimentis consistentvith humanperformance
on othertext structuringtaskssuchassentencer-
dering(Barzilayetal., 2002;Lapata,2003).

6 Results

Table 2 shavs the insertion performanceof our
modelandthe baselinesn termsof accurag and
treedistanceerror The two evaluationmeasures
areconsistenin thatthey yield roughlyidentical
rankingsof the systems Assessmenif statistical
signi canceis performedusingaFisherSignTest.
We apply this testto comparehe accurag of the
HIERARCHICAL modelagainsteachof the base-
lines.

The resultsin Table 2 indicate that the nave
insertion baselines (RANDOMINS, FIRSTINS,
LAsSTINS) fall substantiallypehindthe more so-
phisticatedfrainablestratgies(PIPELINE, FLAT,
HIERARCHICAL). Within thelattergroup,ourHi-
ERARCHICAL modelslightly outperformgheoth-
ers basedon the coarsemeasureof accurag at
the sectionlevel. However, in the nal paragraph-
level analysisthe performancegain of our model
over its counterpartss quite signi cant. More-
over, accordingto tree distanceerror, which in-
corporateserror at both the sectionandthe para-
graphlevel, the performancenf the HIERARCHI-
CAL methodis clearly superior This resultcon-
rms the benet of our selectve updatemecha-
nism as well as the overall importanceof joint
learning.

Viewing humanperformancesanupperbound
for machineperformancehighlights the gains of
our algorithm. We obsenre that the gap between
our methodand humanperformanceat the para-
graphlevel is 32% smallerthanthat betweerthe
PiPELINE modelandhumanperformanceaswell
asthe FLAT modelandhumanperformance.

Sentence-leel Evaluation Until this point, we
have evaluatedthe accurag of insertionsat the
paragrapHevel, remainingagnosticasto the spe-
cic placementwithin the predictedparagraph.
We performone nal evaluationto testwhether
theglobalhierarchicaliew of ouralgorithmhelps
in determiningthe exactinsertionpoint. To make
sentence-kel insertion decisions,we use a lo-
calmodelin line with previous sentence-ordering
work (Lapata,2003;Bollegalaet al., 2006). This
modelexaminesthe two surroundingsentencesf
eachpossiblansertionpointandextractsafeature
vector that includeslexical, positional,and tem-
poral properties. The model weightsare trained
using the standardranking perceptron(Collins,
2002).

We applythis local insertionmodelin two dif-



ferentscenariosin the rst, weignorethe global
hierarchicalstructureof the documentand apply
the local insertion model to every possiblesen-
tencepair. Using this stratgy, we recorer 24%
of correctinsertionpoints. The secondstratgy

takes adwantageof global documentstructureby

rst applyingour hierarchicaparagraptselection
methodand only then applying the local inser

tion to pairsof sentencewithin theselectegara-
graph. This approachyields 35% of the correct
insertionpoints. This statisticallysigni cant dif-

ferencein performancendicatesthatpurelylocal

methodsareinsufcient whenappliedto complete
real-world documents.

7 Conclusionand Future Work

We haveintroducedheproblemof sentencénser
tion and presenteda novel corpus-basednethod
for thistask. The maincontrikbution of ourwork is
theincorporationof arich hierarchicakext repre-
sentationinto a e xible learningapproacHor text
structuring.Our learningapproachmakeskey use
of the hierarchyby selectingto updateonly the
layer found responsibl€for the incorrectpredic-
tion. Empiricaltestson a large collectionof real-
world insertiondatacon rm the advantageof this
approach.

Sentenceorderingalgorithmstoo arelikely to
bene t from a hierarchicalrepresentatiomwf text.
However, accountingor long-rangediscoursale-
pendenciesn the unconstrainedrderingframe-
work is challengingsincethesedependenciesnly
appearwhen a particularordering (or partial or-
dering)is considered.An appealingfuture direc-
tion lies in simultaneouslyinducing hierarchical
andlinearstructureontheinputsentencedn such
amodel,treestructurecould be a hiddenvariable
thatis in uencedby theobseredlinearorder

We arealsointerestedn furtherdevelopingour
systemfor automaticupdateof Wikipedia pages.
Currently our systemis trainedon insertionsin
which the sentence®f the original text are not
modi ed. However, in somecasesadditionaltext
revisions are requiredto guaranteecoherenceof
the generatedext. Furtherresearchis required
to automaticallyidentify andhandlesuchcomplex
insertions.
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