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Abstract

The problem of organizing information for multido cumert summarization sothat the
generated summary is coherert has received relatively little attention. While sertence
ordering for single documert summarization can be determined from the ordering of sen-
tencesin the input article, this is not the casefor multido cumert summarization where
summary sertencesmay be drawn from di erent input articles. In this paper, we propose
a methodology for studying the properties of ordering information in the newsgenreand
describe experiments done on a corpus of multiple acceptable orderings we developed for
the task. Basedon theseexperiments, we implemented a strategy for ordering information
that combinesconstraints from chronological order of events and topical relatedness.Eval-
uation of our augmerted algorithm shows a signi cant improvemern of the ordering over
two baselinestrategies.

1. Intro duction

Multido cument summarization posesa number of new challengesover singledocumert sum-
marization. Researtiers have already investigated issuessucd as identifying repetitions or
contradictions acrossinput documerts and determining which information is saliert enough
to include in the summary (Barzilay, McKeown, & Elhadad, 1999; Carbonell & Goldstein,
1998; Elhadad & McKeown, 2001; Mani & Bloedorn, 1997; McKeown, Klavans, Hatzivas-
siloglou, Barzilay, & Eskin, 1999; Radev & McKeown, 1998; White, Korelsky, Cardie, Ng,
Pierce, & Wagsta, 2001). One issuethat hasreceiwed little attention is how to organize
the selectedinformation so that the output summary is coherer. Once all the relevant
piecesof information have beenselectedacrossthe input documerts, the summarizer has
to decide in which order to present them so that the whole text makes sense. In single
document summarization, one possibleordering of the extracted information is provided by
the input documert itself. Howewer, Jing (1998) obsened that, in single documert sum-
maries written by professionalsummarizers,extracted sertencesdo not always retain their
precedenceordersin the summary. Moreover, in the caseof multiple input documerts, this
doesnot provide a useful solution: information may be drawn from di erent documerts and
therefore, no singledocumert can provide an ordering. Furthermore, the order betweentwo
piecesof information can changesigni cantly from one documert to another.

In this paper, we provide a corpus basedmethodology for studying ordering. Our goal
was to dewelop a good ordering strategy in the context of multido cumert summarization
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targeted for the newsgenre. The rst question we addressedis the importance of order-
ing. We conducted experiments which shav that ordering signi cantly a ects the reader's
comprehensionof a text. Our experiments also show that although there is no single ideal
ordering of information, ordering is not an unconstrained problem; the number of good or-
deringsfor a giventext is limited. The secondquestion addressedwas the analysisand use
of data to infer a strategy for ordering. Existing corpus basedmethods, such as supervised
learning, are not easily applicable to our problem in part becauseof lack of training data.
Given that there are multiple possibleorderings, a corpus providing one ordering for ead
set of information doesnot allow us to di erentiate between sertenceswhich must be to-
gether and sertenceswhich happen to be together. This led us to dewelop a corpus of data
sets, ead of which cortains multiple acceptableorderings of a single text. Sud a corpus
is expensiwe to construct and therefore, does not provide enoughdata for pure statistical
approadies. Instead, we useda hybrid corpusanalysisstrategy that rst automatically iden-
ties commonalities acrossorderings. Manual analysis of the resulting clusters led to the
identi cation of constraints on ordering. Finally, we evaluated plausible ordering strategies
by asking humansto judge the results.

Our set of experiments together suggestsan ordering algorithm that integrates con-
straints from an approximation of the temporal sequenceof the underlying events and
relatednessbetweenconent elemens. Our evaluation of plausible strategies measuredthe
usefulnessof a Chronological Ordering algorithm usedin previous summarization systems
(McKeown et al., 1999; Lin & Hovy, 2001) as well as an alternative, original strategy,
Majority Ordering. Our evaluation showed that the two ordering algorithms alone do not
yield satisfactory results. The rst, Majority Ordering, is critically linked to the level of
similarity of information ordering acrossthe input texts. When input texts have di erent
orderings, however, the algorithm producesunpredictable and unacceptableresults. The
second,Chronological Ordering producesgood results when the information is event-based,
and therefore, is temporally sequenced. When texts do not refer to events, but describe
states or properties, this algorithm falls short.

Our automatic analysis revealed that topical relatednessis an important constraint;
groups of related sertencestend to appeartogether. Our algorithm combines Chronological
Ordering with constraints from topical relatedness. Evaluation shows that the augmerted
algorithm signi cantly outperforms either of the simpler methods alone. This strategy can
be characterized as bottom-up since nal ordering of the text emergesfrom how the data
groups together, whether by related content or by chronological sequence.This cortrasts
with top-down strategiessuch as RST (Moore & Paris, 1993;Hovy, 1993), schemas(McKe-
own, 1985) or plans (Dale, 1992) which imposean external, rhetorically motivated ordering
on the data.

In the following sections,we rst show that the way information is orderedin a summary
can critically aect its overall quality. We then give an overview of our summarization
system, Mul tiGen . We next describe the two naive ordering algorithms and ewaluate
them, followed by a study of multiple orderings produced by humans. This allows us
to determine how to improve the Chronological Ordering algorithm using cohesionas an
additional constraint. The last section describesthe augmerted algorithm along with its
evaluation.
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2. Impact of Ordering on the Overall Qualit y of a Summary

Even though the problem of ordering information for multido cumernt summarization has
received relatively little attention, we hypothesizethat good ordering is crucial to produce
summariesof quality. The consensusrchitecture of the state of the art summarizersconsists
of a cortent selectionmodule in which the saliert information is extracted and a regeneration
module in which the information is reformulated into a uent text. Ideally, the regeneration
componert contains devicesthat perform surface repairs on the text by doing anaphora
resolution, introducing cohesionmarkers or choosing the appropriate lexical paraphrases.
Our claim in this paper is that the multido cumert summarization architecture needsan
explicit ordering componert. If two piecesof information extracted by the content selection
phaseend up together but should not, in fact, be next oneto another, surfacedeviceswill

not repair the impaired ow of information in the summary. An ordering strategy would
help avoid this situation.

It is clear that ordering cannot improve the output of earlier stagesof a summarizer,
among them content selectiort; howewer, nding an acceptableordering can enhanceuser
comprehensionof the summary and, therefore, its overall quality. Of course,surfacedevices
are still neededto smooth the output summary, but this is out of the scope of this paper (but
see(Schi man, Nenkova, & McKeown, 2002)). In this sectionwe show that the quality of
ordering hasadirect e ect on usercomprehensionof the summary. To verify our hypothesis,
we performedan experimert, measuringthe impact of ordering on the user'scomprehension
of summaries.

We selectedten summariesproduced by the Columbia Summarization system (McKe-
own, Barzilay, Evans, Hatzivassiloglou, Kan, Scii man, & Teufel, 2001). It is composed
of a router and two underlying summarizers| Mul tiGen and DEMS (Dierence Engine
for Multido cumert Summarization). Depending on the type of input articles to be summa-
rized, the router selectsthe appropriate summarizer. We evaluated this systemthrough the
Documert Understanding Conference2001(DUC) ? evaluation, where summariesproduced
by sewral systemswere graded by human judges according to di erent criteria, among
them how well the information contained in the summary is ordered. To actually identify a
possibleimpact of ordering on comprehension,we selectedonly summarieswhere humans
judged the ordering as poor.3 For eah summary, we manually reordered the sertences
generatedby the summarizer, using the input articles as a reference. When doing so, we
did not changethe cortent | all the sertencesin the reordered summarieswere the same
onesasin the originally produced summaries. This processyields ten additional reordered
summariesand thus, overall our collection contains twerty summaries.

Two subjects other than the authors participated in this experiment. Each summary
was read by one participant without having accesgo the input articles. We distributed the
summariesamong the judges so that none of them read both an original summary and its
reordering. They were asked to grade how well the summary could be understood, using
the ratings \Incomprehensible," \Somewhat comprehensible"or \Comprehensible".

1. No information is added or deleted once the content selection is performed.

2. http://www-nlpir.nist.gov/proje cts/d uc/

3. The selectedsummaries were produced by the DEMS system. We didn't selectany summary produced
by Mul tiGen becauseit implemented our ordering algorithm at the time. DEMS on the other hand,
had no speci ¢ ordering strategy implemented and thus provided us with the appropriate type of data.
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The results are shown in Figure 14. Sewen original summarieswere consideredincompre-
hensibleby their judge, two were somewhatcomprehensible,and only oneoriginal summary
was fully comprehensible. The reordered summariesobtained better gradesoverall | ve
summarieswere fully comprehensible,two were somewhat comprehensible,while three re-
mained incomprehensible. To assesghe statistical signi cance of our results, we applied
the Fisher exact test to our data set, con ating \Incomprehensible" and \Somewhat com-
prehensible" summariesinto one category to obtain a 2x2 table. This test is adapted to
our casebecauseof the reducedsize of our data set. We obtained a p-value of 0.07 (Siegal
& Castellan, 1988), which meansthat if reordering is not, in general, helpful, there is only
a 7% chancethat doing reordering anyway would produce a result this di erent in quality
from the original ordering. This experiment indicates that a good ordering can improve the
overall comprehensibility of a summary:.

Summary set | Original Reordered

di3 Incomprehensible Incomprehensible

di9 Somewhatcomprehensible| Comprehensible

d24 Incomprehensible Comprehensible

d31 Somewhatcomprehensible| Comprehensible

d32 Incomprehensible Somewhatcomprehensible
d39 Incomprehensible Incomprehensible

d45 Incomprehensible Incomprehensible

ds0 Incomprehensible Comprehensible

d54 Incomprehensible Somewhatcomprehensible
d56 Comprehensible Comprehensible

Figure 1: Impact of ordering on the user comprehensionof summaries.

In the caseof somelow-scoring summaries, it is clear that poor ordering is the likely
culprit. For instance, readerscan easily identify that grouping the two following sertences
is an unsuitable choice and could be misleading. \Miss Taylor's health problemsstarted with
a fall from a horsewhenshewas 13 and Iming the movie National Velvet. The recovery of
Elizabeth Taylor, near death two wesksagowith viral pneumonia, wascomplicated by a yeast
infection, her doctors said Friday." But in other caseswhen information in a summary is
poorly ordered and readerscannot make senseof the text, we obsened through interviews
with the readersthat they tend to blame it on content selectionrather than on ordering,
ewven if the cortent is not the issue. Thus, the issueof ordering is not isolated; it can a ect
the overall quality of a summary.

3. Mul tiGen Overview

Our framework is the Mul tiGen system (McKeown et al., 1999), a multido cumert sum-
marizer which has been trained and tested on news articles. Mul tiGen is part of the
Columbia Summarization System. It operateson a set of newsarticles describingthe same

4. The set namesare the onesusedin the DUC evaluation.
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event, creating a summary which synthesizescommon information acrossdocumerts. The
system runs daily over real data within NewsblasteP, a tool which collects news articles
from multiple sources,organizesthem into topical clustersand provides a summary for eat
of the clusters.

In the caseof multido cumert summarization of articles about the sameewent, source
articles can corntain both repetitions and contradictions. Extracting all the similar sen-
tenceswould produce a verboseand repetitive summary, while extracting only someof the
similar sertenceswould produce a summary biasedtowards somesources.Mul tiGen uses
a comparisonof extracted similar sertencesto selectthe appropriate phrasesto include in
the summary and reformulates them as new text.

Mul tiGen consistsof an analysis and a generation componert. The analysis compo-
nent (Hatzivassiloglou,Klavans, & Eskin, 1999)identi es units of text which convey similar
information acrossthe input documerts using statistical techniqguesand shallow text analy-
sis. Once similar text units are identi ed, we cluster them into themes Themesare sets of
sertencesfrom di erent documerts that contain repeatedinformation and do not necessar-
ily contain sertencesfrom all the documerts (seetwo examplesof themesin Figure 2). For
eah theme, the generation componert (Barzilay et al., 1999) identi es phraseswhich are
in the intersection of the theme sertencesand selectsthem as part of the summary. The
intersection sertencesare then ordered to produce a coheren text. At the end, for eah
theme there will be a single corresponding generatedoutput sertencein the summary. In
the following section, we describe di erent strategies for ordering the output sertencesto
obtain a quality summary.

Theme 1

Mr. Salvi, 24, apparertly killed himself in his prison cell last November.

The state wouldn't executehim for killing two abortion clinic workersin 1994, so John
C. Salvi Ill took his own life.

John C. Salvi I11l, who was corvicted of killing two peoplein a shooting spreeon two
abortion clinics in 1994, killed himself in prison.

Theme 2

His attorneys said he attempted suicide twice beforein prison.

His lawyers said that he twice had tried to commit suicidein jail, a charge authorities
have denied.

Figure 2: Two themeswith their corresponding sertences. Theme 2 contains sertencesfrom only
two articles, while Theme 1 contains sertencesfrom three input articles.

4. Naiv e Ordering Algorithms Are Not Sucien t

When producing a summary, any multido cument summarization system has to choosein
which order to presen the output sertences. In this section, we describe two algorithms

5. http://www.cs.columbia.edu/nlp/ newsHast er
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for ordering sertencessuitable for multido cumert summarization in the newsgenre. The
rst algorithm, Majority Ordering (MO), relies only on the original orders of seriences
in the input documerts. The secondone, Chronological Ordering (CO), usestime-related
featuresto order sertences. This strategy was originally implemented in Mul tiGen and
followed by other summarization systems(Radev, Jing, & Budzikowska, 2000;Lin & Hovy,
2001). In the Mul tiGen framework, ordering sertencesis equivalert to ordering themes,
and we describe the algorithms in terms of themes. This makes sensebecause ultimately,
the summary will be composedof a sequenceof sertences, eat one constructed from the
information in onetheme. Our evaluation shows that these methods alone do not provide
an adequatestrategy for ordering.

4.1 Ma jorit y Ordering
4.1.1 The Algorithm

In singledocumert summarization, the order of sertencesin the output summary is typically

determined by their orderin the input text. This strategy canbe adaptedto multido cumert

summarization. Considertwo themes,Th1 and Thy; if sertencesfrom Th1 precedesertences
from Thy in all input texts, then preseriing Thy, before Th; is likely to be an acceptable
order. To usethe majority ordering algorithm when the order betweensertencesfrom Th;

and Th, variesfrom onetext to another, we must augmert the strategy. One way to de ne

the order between Th; and Th, is to adopt the order occurring in the majority of the

texts where Thy and Thy, occur. This strategy de nes a pairwise order betweenthemes.
Howewer, this pairwise relation is not necessarilytransitiv e. For example, given the themes
Thy, Thy and Ths and the following situation: Th; precedesTh, in a text, Th, precedes
Ths in the sametext or in another text, and T hs precedesT h; in yet another text; thereisa

conict betweenthe orders(Thy; Thy; Ths) and (Ths; Thy). Sincetransitivit y is a necessary
condition for a relation to be called an order, this relation doesnot form an order.

We, therefore, have to expand this pairwise relation to provide a total order. In other
words, we have to nd a linear ordering between themes which maximizes the agreemen
betweenthe orderings provided by the input texts. For ead pair of themes, Th; and Th;,
we keeptwo courts, Cj;j and Cj; ; Ci; is the number of input texts in which sertencesfrom
Thi occur beforesentencesfrom Th;, and Cj; is the samefor the opposite order. The weight

such that iy, iy andl;m 2 f1:::kg. Stating this problem in terms of a directed graph
where nodesare themes, and a vertex from Th; to Th; hasthe weight C;; , we are looking
for a path with maximal weight which traversesead node exactly once (seeFigure 3). We
call such a graph a precedencegraph.

The problem of nding a path with maximal weight has been addressedby Cohen,
Schapire, and Singer (1999) in the task of learning orderings. They adopt a two-stage
approacdh. In the rst stage, given a training corpus of ordered instances and a set of
features describing them, a binary preferencefunction is learned. In the secondstage, new
instancesare ordered sothat agreemenm with the learned preferencefunction is maximized.
To do so, Cohen et al. (1999) represen the preferencefunction as a directed, weighted
graph. Our precedencegraph can be seenas such a graph where the preferencefunction
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Thi! Thi! Thi
Thi! Th3! Th}
Thi! Th3! Thi! Thi

Figure 3: Three input theme orderings and their corresponding precedencegraph. Th% is the
sertence part of the theme Th; in the input ordering j .

betweenthe nodesTh; and Th; is Cij . The orderings from the input articles provide us
directly with a preferencefunction and, therefore, we do not needto learn it.

Unfortunately this problem is NP-complete; Cohen et al. (1999) prove it by reducing
from CYCLIC-ORDERING (Galil & Megido, 1977). Howewer, using a modi ed version
of topological sort provides us with an approximate solution. For ead node, we assigna
weight equal to the sum of the weights of its outgoing edgesminus the sum of the weights
of its incoming edges.We rst pick up the node with maximum weight, ordering it ahead
of the other nodes, deleteit and its outgoing edgesfrom the precedencegraph and update
properly the weights of the remaining nodesin the graph. We then iterate through the
nodesuntil the graph is empty. Cohen et al. (1999) show that this algorithm producesa
tight approximation of the optimal solution. Currently Mul tiGen usesanimplementation
of this algorithm for its ordering componert.

Figures 4 and 5 shawv examplesof produced summaries. One feature of this strategy is
that it can produce seweral orderings with the sameweight. This happenswhen there is a
tie betweentwo opposite orderings. In this situation, this strategy doesnot provide enough
constraints to determine one optimal ordering; an ordering is chosenrandomly among the
orders with maximal weight.

4.1.2 Evalua tion

We asked three human judges (not including ourselhes)to classify the quality of the order
of information in 25 summariesproduced using the MO algorithm into three categories|
Poor, Fair and Good. We usean operational de nition of a Poor summary as a text whose
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The man accusedof reb ombing two Manhattan subways in 1994 was convicted Thursday after the jury
rejected the notion that the drug Prozacled him to commit the crimes.

He was found guilty of two counts of attempted murder, 14 counts of rst-degree assaultand two counts
of criminal possessiorof a weapon.

In Decemkber 1994, Leay ignited reb ombson two Manhattan subway trains. The secondblast injured 50
people{ 16 seriously including Leay.

Leay wanted to extort moneyfrom the Transit Authority.

The defenseargued that Leary was not responsible for his actions becauseof "to xic psychosis"causedby
the Prozac.

Figure 4: A summary produced using the Majorit y Ordering algorithm, graded as Good.

Hemingway, 69, died of natural causesin a Miami jail after being arrested for indecentexposure.

A book he wrote about his father, "Papa: A PersonalMemoir," was publishedin 1976.

He was picked up last Wednesdg after walking naked in Miami.

"He had a dicult life."

A transvestitewho later had a sex-changeoperation, he su ered bouts of drinking, depressionand drifting,
accading to acquaintances.

"It's not easyto be the sonof a great man," Scott Donaldson,told Reuters.

At the time of his death, he lived in the Coconut Grovedistrict where he was well-known to its Bohemian
crowd.

He had beendue to appea in court later that day on chargesof indecentexposureand resistingarrest.
He sometimeswent by the name of Glaria and wore women's clothes.

The causeof death was hypertensionand cardiovascula disease.

Taken to the Miami-Dade Women's Detention Center, he was found dead in his cell ealy on Monday,
spokeswoman Janelle Hall said.

He was booked into the women'sjail becausehe had a sex-changeoperation, Hall added.

Figure 5: A summary produced using the Majority Ordering algorithm, graded as Poor.

readability would be signi cantly improved by reordering its sertences. A Fair summary
is a text which makes sense,but reordering of somesertencescan yield a better readabil-
ity. Finally, a summary which cannot be further improved by any sertence reordering is
considereda Good summary.

The judges were asked to grade the summariestaking into accourt only the order in
which the information is preseried. To help them focus on this aspect of the texts, we
resolhved dangling referencesbeforehand. Figure 13 shaws the gradesassignedto the sum-
maries | three summarieswere graded as Poor, 14 were graded as Fair, and eight were
graded as Good. We are showing here the majority grade that is selectedby at least two
judges. This was made possiblebecausein our experimerts, judges had strong agreemer
they never gave three di erent gradesto a summary.

The MO algorithm produces a small number of Good summaries, but most of the
summarieswere gradedas Fair. For instance,the summary graded Good shown in Figure 4
orders the information in a natural way; the text starts with a sertence summary of the
event, then the outcome of the trial is given, a reminder of the facts that causedthe trial
and a possible explanation of the facts. Looking at the Good summaries produced by
MO, we found that it performs well when the input articles follow the sameorder when
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preseriing the information. In other words, the algorithm producesa good ordering if the
input articles' orderings have high agreemen

On the other hand, when analyzing Poor summaries,we obsened that the input texts
have very dierent orderings. By trying to maximize the agreemen of the input texts'
orderings, MO producesa new ordering that doesnot occur in any input text. The ordering
is, therefore, not guararteed to be acceptable. An example of a new produced ordering is
given in Figure 5. The summary would be more readableif seeral sertenceswere moved
around. An example of a better ordering is given in Figure 6. In this summary, the
three sertencesrelated to the fact that the subject had a sex-tange operation are grouped
together, while in the one produced by the majority ordering algorithm, they are scattered
throughout the summary.

Hemingway, 69, died of natural causesin a Miami jail after being arrested for indecentexposure.

The causeof death was hypertensionand cardiovascula disease.

He was picked up last Wednesdg after walking naked in Miami.

He had beendue to appea in court later that day on chargesof indecentexposureand resistingarrest.
Taken to the Miami-Dade Women's Detention Center, he was found dead in his cell ealy on Monday,
spokeswoman Janelle Hall said.

He was booked into the women'sjail becausehe had a sex-changeoperation, Hall added.

A transvestitewho later had a sex-changeoperation, he su ered bouts of drinking, depressionand drifting,
accading to acquaintances.

He sometimeswent by the name of Glaia and wore women's clothes.

"He had a di cult life."

"It's not easyto be the sonof a great man," Scott Donaldson,told Reuters.

At the time of his death, he lived in the Coconut Grovedistrict where he was well-known to its Bohemian
crowd.

A book he wrote about his father, "Papa: A PersonalMemoir," was publishedin 1976.

Figure 6: One possiblebetter ordering for the summary graded as Poor.

This algorithm can be used to order senences accurately if we are certain that the
input texts follow similar organizations. This assumption may hold in limited domains
where documerts have a xed organization of the information. Howewer, in our case,the
input texts we are processingdo not have suc regularities. Looking at the daily statistics of
Newsblasterwhich collects clusters of related articles to be synthesizedinto one summary,
we notice that the typical cluster sizeis sewen. But ewvery day there are seweral clusters
which cortain more than 20 and up to 70 articles to be summarizedinto single summaries.
With sudh a big number of input articles, we cannot assumethat they will all have similar
ordering of the information. MO's performance critically depends on the agreemem of
orderings in the input texts; we, therefore, need an ordering strategy which can t any
input data. From here on, we will focusonly on the Chronological Ordering algorithm and
techniquesto improve it.

6. These giant clusters correspond to the \hot topics" of the day in the news.
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4.2 Chronological Ordering
4.2.1 The Algorithm

Multido cument summarization of newstypically dealswith articles published on di erent
dates, and articles themseles cover events occurring over a wide range of time. Using
chronological order in the summary to describe the main events helpsthe user understand
what hashappened. It seemdike a natural and appropriate strategy. As mertioned earlier,
in our framework, we are ordering themes;using this strategy, we, therefore, needto assign
a date to themes. To identify the date an event occurred requires a detailed interpretation

of temporal referencesin articles. While there have beenrecent dewelopmens in disam-
biguating temporal expressionsand event ordering (Wiebe, O'Hara, Ohrstrom-Sandgren, &
McKeewer, 1998; Mani & Wilson, 2000;Filatova & Hovy, 2001), correlating events with the
date on which they occurred is a hard task. In our case,we approximate the theme time
by its rst publication time; that is, the rst time the theme has beenreported in our set
of input articles (seeFigure 7). It is an acceptableapproximation for newsewerts; the rst

publication time of an evert usually correspondsto its occurrencein real life. For instance,
in a terrorist attack story, the theme corveying the attack itself will have a date previous
to the date of the theme describing a trial following the attack.

Theme 5

Oct 5, 11:35am Hours after the crash, U.S. o cials said that the tragedy had been
causedby an S-200missile red by Ukraine during military exercises
on the Crimean Peninsula.

Oct 6, 6:13am U.S.ocials said immediately after the crashthat they had evidence
the passengeljet was hit by a Ukrainian missile.

Oct 5, 10:20am But U.S. o cials saidthat the crash had beencausedby an S-200
missile red mistakenly by Ukrainian forcesduring military exercises
on the Crimean Peninsula.

Figure 7: A theme with its corresponding sertences. The time theme is shovn underlined; it is the
earliest publication time of the sertences.

Articles releasedby news agenciesare marked with a publication time, consisting of a
date and a time with two elds (hour and minutes). Articles from the samenews agency
are thus guaranteed to have di erent publication times. This is also quite likely for articles
coming from di erent newsagencies.During the dewelopmert of Mul tiGen , we processed
hundreds of articles, and we never encouriered two articles with the samepublication time.
Thus, the publication time servesasa unigue identi er over articles. As a result, when two
themes have the samepublication time, it meansthat they both are reported for the rst
time in the sameatrticle.

Our Chronological Ordering (CO) algorithm takesasinput a set of themesand orders
them chronologically whenewer possible. Each theme is assigneda date corresponding to
its rst publication. To do so, we selectfor ead theme the sertence that has the earliest
publication time. We call it the time stamp sertence and assignits publication time as
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the time stamp of the theme. This establishesa partial order over the themes. When two
themeshave the samedate (that is, they are reported for the rst time in the samearticle)
we sort them accordingto their order of preseration in this article. This resultsin a total
order over the input themes. Figures 8 and 9 showv examplesof summariesproduced using
CoO.

One of four peopleaccusedalong with former Pakistani Prime Minister Nawaz Shaif hasagreedto testify
againsthim in a caseinvolving possiblehijacking and kidnapping charges, a prosecuta said Wednesda.
Raja Quereshi,the attorney general, said that the former Civil Aviation Authority chairman has already
given a statement to police.

Shaif's lawyer dismissedthe newswhen speaking to reporters after Shaif made an appeaance before a
judicial magistrate to hea witnessesgive statementsagainsthim. Shaif hassaid he is innocent.

The allegationsstem from an allegedattempt to divert a planebringing army chief GeneralPervezMusharaf
to Karachi from Sri Lanka on October 12.

Figure 8: A summary produced using the Chronological Ordering algorithm graded as Good.

Thousands of people have attended a ceremonyin Nairobi commemaating the rst anniversay of the
deadly bombingsattacks against U.S. Embassiedn Kenya and Tanzania.

Saudi dissidentOsamabin Laden, accusedof mastermindingthe attacks, and nine others are still at large.
PresidentClinton said, "The intended victims of this vicious crime stood for everythingthat is right about
our country and the world".

U.S. federal prosecutas have charged 17 peoplein the bombings.

Albright said that the mourning continues.

Kenyans are observinga national day of mourning in hona of the 215 peoplewho died there.

Figure 9: A summary produced using the Chronological Ordering algorithm graded as Poor.

4.2.2 Evalua tion

Following the samemethodology we usedfor the MO algorithm evaluation, we asked three
human judges (not including oursehes) to grade 25 summaries generated by the system
using the CO algorithm applied to the same collection of input texts. The results are
shawvn in Figure 13: ten summarieswere graded as Poor, eight were graded as Fair and
sewen were graded as Good.

Our rst suspicionwasthat our approximation deviatestoo much from the real chrono-
logical order of everts and, therefore, lowers the quality of serience ordering. To verify
this hypothesis, we identi ed sertencesthat broke the original chronological order and re-
storedthe ordering manually. Interestingly, the displacedsertenceswere mainly background
information. The evaluation of the modi ed summariesshaws no visible improvemen.

When comparing Good (Figure 8) and Poor (Figure 9) summaries,we notice two phe-
nomena: rst, many of the badly placed sertencescannot be ordered basedon their tem-
poral occurrence. For instance, in Figure 9, the sentence quoting Clinton is not one evert
in the sequenceof events being described, but rather, a reaction to the main events. A
tool assigningtime stamps would assignto this sertence the date at which Clinton made
his statemert. This is also true for the serience reporting Albright's reaction. Assigning
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a date to a reaction, or more generally to any sertence corveying badkground information,
and placing it into the chronological stream of the main events doesnot produce a logical
ordering. The ordering of thesethemesis, therefore, not covered by the CO algorithm. Fur-
thermore, somesernencescannot be assignedany time stamp. For instance, the sertence,
\The vast, sparsely inhabited Xinjiang region, largely desert, has many Chinese military
and nuclear installations and civilian mining.” describesa state rather than an event and,
therefore, trying to describe it in temporal terms is invalid. Thus the ordering cannot be
improved at the temporal level.

The secondphenomenonwe obsened is that Poor summariestypically contain abrupt
switches of topics and are generally incoherent. For instance, in Figure 9, quotes from
US ocials (third and fth sertences)are split, and sertencesabout the mourning ( rst
and sixth sertences)appear too far apart in the summary. Grouping them together would
increasethe readability of the summary. At this point, weneedto nd additional constraints
to improve the ordering.

5. Impro ving the Ordering: Exp eriments and Analysis

In the previous section, we showed that using naive ordering algorithms doesnot produce
satisfactory orderings. In this section, we investigate through experiments with humans
how to identify patterns of orderingsthat can improve the algorithm.

5.1 Collecting a corpus of multiple orderings

Sentencesin a text can be orderedin a number of ways, and the text as a whole will still
corvey the samemeaning. But the majority of possibleorders are likely to be unaccept-
able becausehey break convertions of information presenation. One way to identify these
corventions isto nd commonalitiesamongdi erent acceptableorderings of the sameinfor-
mation. Extracting regularities in seweral acceptableorderings can help us specify ordering
constraints for a given input type. There is no naturally occurring existing collection of
summariesfor multiple documerts that we aware of’. But even sud a collection would not
be su cien t sincewe want to analyzea collection of multiple summariesover the sameset
of articles. We created our own collection of multiple orderings produced by di erent hu-
mans. Using this collection, we studied common behaviors and mapped them to strategies
for ordering.

Our collection of multiple orderings, along with our test corpusis available at
http://www.cs.columbia.e  du/~noene/ ordering /. We collected ten sets of articles for
this collection. Each set consistedof two to three news articles reporting the sameewert.
For eat set, we manually selectedthe intersection sertences,simulating Mul tiGen 8. On
average, eah set contained 8.8 intersection sertences. The sertenceswere cleanedof ex-
plicit references(for instance, occurrencesof \the Presidert” were resohed to \President
Clinton") and connectives, so that participants would not usethem as clues for ordering.
Ten subjects participated in the experimert, and they ead built one ordering per set of

7. In a recert attempt, NIST for the DUC conference collected sets of articles to summarize and one
summary per set.

8. We performed a manual simulation to ensurethat ideal data was provided to the subjects of the exper-
iments.
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intersection sertences. Each subject was asked to order the intersection sertencesof a set
so that they form a readable text. Overall, we obtained 100 orderings, ten alternative
orderings per set. Figure 10 shows the ten alternativ e orderings collected for one set.

Participant 1. 'DBGIHEFECJAE
Participant 2 |[ DGBICFAJEH
Participant 3 | DBIGFJAEHC
Participant 4 |DCFGIBJAHE
Participant 5 |DGBIHFJACE
Participant 6 |DGIBFCEHJA
Participant 7 | DBGIFCHEJA
Participant 8 |[DBCFGIEHAJ
Participant 9 |[DGIBEHFAJC
Participant 10 DBGICFAJEH

Figure 10: Multiple orderingsfor one setin our collection. A, B, ...J stand for sertences. Under-
lined are automatically identied blocks.

We rst obsened that a surprisingly large portion of the orderings are di erent. Out
of the ten sets, only two sets had someidentical orderings (in one set, two orderings were
identical while in the other set, there were two pairs of identical orderings). This variety
in the produced orderings can be interpreted as suggestingthat not all the orderings were
actually valid or that the task was maybe too hard for the subjects to allow them to
produce reasonableorderings. In fact, all the subjects were satis ed with the orderings
they produced. Furthermore, we manually went through all the 100 orderings, and all
appearedto be valid. In other words, there are many acceptableorderings given one set of
sertences. This con rms the intuition that we do not needto look for a single ideal total
ordering but rather construct an acceptableone.

Looking at these various orderings, one might also conclude that any ordering would
do just as well as any other. One piece of evidence against this statemert is that, as
shawn in section2, someorderingsyield incomprehensibletexts and thus should be avoided.
Furthermore, for a text with n sertences,there are n! possibleorderings, but only a small
fraction of those are actually valid orderings. One way to validate this claim would be to
enumerate all the possibleorderings of a single text and evaluate ead one of them. This
would be doable for very small texts (a text of 5 sertences has 120 possible orderings)
but not for texts of a reasonablesize. A more feasibleway to validate our claim is to get
multiple orderings of the sametext from a large number of subjects. We asked subjects to
order onetext of eight sertences. There is a maximum of 40,320possibleorderings for these
sertences. While 50 subjects participated, we only obtained 21 unique orderings, shaving
that the number of acceptableorderingsdoesnot grow asfast asthe number of participants.
We can concludethat only a small fraction of all possibleorderings of the information in a
text contains orderingsthat render a readabletext.
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5.2 Analysis

The seweral alternative orderings produced for a single summary exhibit commonalities.
We noticed that, within the multiple orderings of a set, some sertences always appear
together. They do not appear in the sameorder from one ordering to another, but they
share an adjacencyrelation. From now on, we refer to them as blocks. For ead set, we
identify blocks by automatically clustering sertencesacrossorderings. We useas a distance
metric betweentwo sertences,the averagenumber of sertencesthat separatethem over all
orderings. In Figure 10, for instance, the distance between sertencesD and G is 2. The
blocks identi ed by clustering are: sertencesB, D, G and I; sertencesA and J; serences
C and F; and sentencesE and H.

We obsened that all the blocks in the experiment correspond to clusters of topically
related sertences. These blocks form units of text dealing with the same subject. In
other words, all valid orderings cortain blocks of topically related sertences. The notion
of grouping topically related sertencesis known as cohesion. As de ned by Hasan (1984),
cohesionis a device for \stic king together" di erent parts of the text. Studies show that
the level of cohesionhas a direct impact on reading comprehension(Halliday & Hasan,
1976). Therefore, good orderings are cohesiw; this is what makesthe summary readable.
Conversely the evaluation of the CO algorithm showvedthat the summariesthat werejudged
invalid contain abrupt switches of topic. In other words, orderings that are not cohesiwe
are graded poorly. There is a correlation betweenthe quality of the ordering and cohesion.
Incorporating cohesionconstraint into our ordering strategy by opportunistically grouping
sertencestogether would be bene cial. Cohesionis adhieved by surface devices, such as
repetition of words and coreferencesWe describe next how we include cohesionin the CO
algorithm basedon these surfacefeatures.

6. The Augmen ted Algorithm

Dis uencies arise in the output of the CO algorithm when topics are distributed over the
whole text, violating cohesionproperties (McCoy & Cheng, 1991). A typical scenariois
illustrated in Figure 11. The inputs are texts T, T», T3 (ordered by publication time). A,
A, and A3 belongto the sametheme, whoseintersection serience is A, and similarly for
B and C. The themesA and B are topically related, but C is not related. Summary Sq,
basedonly on chronological clues, contains two topical shifts; from A to C and badk from
C to B. A better summary would be Sy, which keepsA and B together.

6.1 The Algorithm

Our goalis to remove dis uencies from the summary by grouping together topically related
themes. The main technical di cult y in incorporating cohesionin our ordering algorithm is
to identify andto group topically related themesacrossmultiple documerts. In other words,
given two themes, we needto determine if they belongto the samecohesionblock. For a
single documert, topical segmetation (Hearst, 1994) could be usedto identify blocks, but
this technique is not a possibility for identifying cohesionbetweensertencesacrossmultiple
documerts. Segmetation algorithms typically exploit the linear structure of an input text;
in our case,we want to group together sertencesbelongingto di erent texts.
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Tl T2 T3 Sl SZ
AllClIA, [A] [A
Cl A2 ...3 C B

B,|C, |B| |C

Figure 11: Input texts T;T,T3 are summarizedby the Chronological Ordering (S;) or by the Aug-
mented algorithm (S;).

Our solution consistsof the following steps. In a preprocessingstage, we segmen ead
input text (Kan, Klavans, & McKeown, 1998) basedon word distribution and coreference
analysis, so that given two sertenceswithin the sametext, we can determine if they are
topically related. Assumethe themesA and B exist, where A contains sertences(A1:::An),
and B contains sertences(B1:::Bm). Recall that a theme is a set of sertencescorveying
similar information drawn from di erent input texts. We denote# AB to bethe number of
pairs of sertences(A;; Bj) which appearin the sametext, and # AB * to be the number of
sertence pairs which appearin the sametext and are in the samesegmen

In the rst stage,for ead pair of themesA and B, we compute the ratio # AB * =# AB
to measurethe relatednessof two themes. This measuretakesinto accourt both positive
and negative evidence. If most of the sertencesin A and B that appeartogetherin the same
texts are alsoin the samesegmets, it meansthat A and B are highly topically related. In
this case,the ratio is closeto 1. On the other hand, if amongthe texts containing sertences
from A and B, only a few pairs are in the samesegmets, then A and B are not topically
related. Accordingly, the ratio is closeto 0. A and B are consideredrelated if this ratio is
higher than a predetermined threshold. We determined experimentally its value to be 0.6.

This strategy de nes pairwise relations betweenthemes. A transitiv e closure of this
relation builds groups of related themesand, as a result, ensuresthat themesthat do not
appear together in any article but which are both related to a third theme will still be
linked. This createsan even higher degreeof relatednessamong themes. Becausewe usea
threshold to establish pairwise relations, the transitiv e closure doesnot produce elongated
chains that could link together unrelated themes. We are now able to identify topically
related themes. At the end of the rst stage,they are grouped into blocks.

In a secondstage, we assigna time stamp to ead block of related themes using the
earliesttime stamp of the themesit contains. We adapt the CO algorithm describedin 4.2.1
to work at the level of the blocks. The blocks and the themes correspond to, respectively,
themes and sertences in the CO algorithm. By analogy we can easily shov that the
adapted algorithm producesa complete order of the blocks. This yields a macro-ordering
of the summary. We still needto order the themesinside ead block.

In the last stage of the augmerted algorithm, for ead block, we order the themesit
contains by applying the CO algorithm to them. Figure 12 showns an exampleof a summary
produced by the augmened algorithm.
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This algorithm ensuresthat cohesiely related themeswill not be spreadover the text
and decreaseshe number of abrupt switchesof topics. Figure 12 shavs how the Augmented
algorithm improvesthe sertence order comparedwith the order in the summary produced
by the CO algorithm in Figure 9; sertencesquoting US o cials are now grouped together,
and so are the descriptions of the mourning.

Thousands of people have attended a ceremonyin Nairobi commemaating the rst anniversay of the
deadlybombingsattacks againstU.S. Embassiesn Kenya and Tanzania. Kenyans are observinga national
day of mourning in hona of the 215 peoplewho died there.

SaudidissidentOsamabin Laden, accusedof mastermindingthe attacks, and nine others are still at large.
U.S. federal prosecutas have charged 17 peoplein the bombings.

PresidentClinton said, "The intended victims of this vicious crime stood for everythingthat is right about
our country and the world". Albright said that the mourning continues.

Figure 12: A summary produced using the Augmented algorithm. Related sertencesare
grouped into paragraphs.

6.2 Evaluation

Following the samemethodology usedto evaluate the MO and the CO algorithms, we asked
the judgesto grade 25 summariesproducedby the Augmented algorithm. Resultsare shavn
in Figure 13.

The manual e ort neededto compareand judge system output is extensive considering
that eadh human judge had to read three summariesfor ead input set aswell as skim the
input texts to verify that no misleading information was introducedin the summaries. We
collected a corpus of 25 setsof articles for evaluation. Overall, there were 75 summariesto
be evaluated. The size of our corpusis comparable with the collection usedfor the DUC
evaluation (30 sets of articles). This evaluation shows a signi cant improvemert in the
guality of the orderings from the CO algorithm to the Augmented algorithm. To assesghe
signi cance of the improvemert, we usedthe Fisher exact test, con ating Poor and Fair
summariesinto one category (p-value of 0.04). The augmerted algorithm also shavs an
improvemert over the MO algorithm (p-value of 0.07).

Poor | Fair | Good
Mayjority Ordering 3 14 8
Chronological Ordering | 10 8 7
Augmernted Ordering 3 8 14

Figure 13: Evaluation of the the Majority Ordering, the Chronological Ordering and the Aug-
mented Ordering.
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7. Related Work

Finding an acceptable ordering has not been studied before in domain independert text
summarization. In single documert summarization, summary sertences are typically ar-
rangedin the sameorder that they were found in the full documernt, although Jing (1998)
reports that human summarizersdo sometimeschangethe original order. In multido cumert
summarization, the summary consistsof fragmens of text or sertencesthat were selected
from di erent texts. Thus, there is no complete ordering of summary sertencesthat can be
found in the original documerts.

In domain dependernt summarization, it is possibleto establish possible orderings a
priori. A valid ordering is traditionally derived from a manual analysis of a corpus of
texts in the domain, and it typically operatesover a set of semartic concepts. A semartic
represemation of the information is usually available asinput to the ordering componert.
For instance, in the speci ¢ domain of news on the topic of terrorist attacks, summaries
can be constructed by rst describing the place of the attack, followed by the number of
casualties,who the possibleperpetrators are, etc.

Another alternative when ordering information, still in the domain dependert frame-
work, is to use a more data driven approac, which producesa more exible output. A
priori de ned simple ordering strategies are combined together by looking at a set of fea-
tures from the input. Elhadad and McKeown (2001) usesuch techniquesto produce patient
speci ¢ summariesof technical medical articles. Examples of features which in uence the
ordering are presenceof cortradiction or repetition, relevanceto the patient characteristics,
or type of results being reported. A linear conmbination of thesefeaturesassignsa weight to
ead semariic predicate to be included in the output, allowing them to be ordered. In this
case,the features are domain dependert and have beenidenti ed through corpus analysis
and interviews with physicians. In the caseof a domain independen system, it would be
an entire new challengeto de ne and compute sudc a set of features.

Producing a good ordering of information is also a critical task for the generationcom-
munity, which hasextensiwely investigatedthe issue(McKeown, 1985;Moore & Paris, 1993;
Hovy, 1993;Bouayad-Agha, Power, & Scott, 2000;Mooney, Carberry, & McCoy, 1990). One
approad is top-down, using schemas(McKeown, 1985) or plans (Dale, 1992)to determine
the organizational structure of the text. This approad postulates a rhetorical structure
which can be usedto selectinformation from an underlying knowledge base. Becausethe
domain is limited, an encading can be deweloped of the kinds of propositional cortent that
match rhetorical elemerts of the schema or plan, thereby allowing content to be selected
and ordered. Rhetorical Structure Theory (RST) allows for more exibilit y in ordering con-
tent by establishingrelations betweenpairs of propositions. Constraints basedon intention
(e.g., Moore & Paris, 1993), plan-like convertions (e.g., Hovy, 1993), or stylistic constraints
(e.g.,Bouayad-Agha et al., 2000) are usedas preconditions on the plan operators cortaining
RST relations to determine when a relation is usedand how it is ordered with respect to
other relations. Another approac (Mooney et al., 1990)is bottom-up and is usedto group
together stretches of text in a long, generateddocumert by nding propositions that are
related by a commonfocus. Sincethis approad was dewveloped for a generation system, it
nds related propositions by comparisonsof proposition argumerts at the semariic level.
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In our case,we are dealing with a surface represettation, sowe nd alternative methods
for grouping text fragmerts.

A more recernt approacd by Duboue and McKeown (2001) has beenimplemerted to
automatically estimate constraints on information ordering in the medical domain, at the
content planning stage. Using a collection of semairically tagged transcripts written by
domain experts, Duboue and McKeown (2001) identify basic adjacencypatterns cortained
within a plan, as well astheir ordering. Mul tiGen generatessummariesof newson any
topic. In such an unconstraineddomain, it would be impossibleto enumerate the semartics
for all possibletypes of sertenceswhich could match the elemens of a schema, a plan or
rhetorical relations. For instance, Duboue and McKeown build their content planner based
on a set of 29 semartic categories;in our case,there is no suc regularity in the input
information. Furthermore, it would be dicult to specify a genericrhetorical plan for a
summary of news. Instead, content determination in Mul tiGen is opportunistic, depending
on the kinds of similarities that happento exist betweena set of newsdocumerts. Similarly,
we describe here an ordering stcheme that is opportunistic and bottom-up, depending on
the cohesionand temporal connectionsthat happento exist betweenselectedtext.

Our ordering componert takes place after the content selection of the information in
a pipeline architecture, in contrast to generation systems,where usually the ordering and
the corntent selectioncomein tandem. This separation might comeat a cost| if there is
no good ordering to the given extracted information, it is not possibleto go badk to the
conent selectionto extract new information. In summarization, corntent selectionis driven
by saliencecriteria. We believe that the sameordering strategy should work with di erent
content selectors,independertly of their saliencecriteria. Therefore, we chooseto keepthe
two componerts, selectionand ordering, astwo separatemodules.

8. Conclusion and Future Work

In this paper we investigated information ordering constraints in multido cumert summa-
rization in the newsgenre. We evaluated two alternativ e ordering strategies, Chronological
Ordering (CO) and Majority Ordering (MO). Our experimerts show that MO performswell
only when all input texts follow similar organization of the information. In the domains
wherethis constraint holds, MO would be an appropriate and highly e ectiv e strategy. But
in the newsgenrewe cannot make this assumption; thus it is not an appropriate solution.
The Chronological Ordering (CO) algorithm can provide an acceptablesolution for many
cases,but is not su cien t when summaries cortain information that is not evert based.
Our experiments, using a corpusthat we collectedof multiple alternative summariesead of
multiple documerts, shav that cohesionis an important constraint cortributing to ordering.
Moreover, they also show that appropriate ordering of information is critical to allow for
easycomprehensionof the summary and that it is not the casethat all possibleorderings of
information are acceptable. We developed an operational algorithm that integratescohesion
as part of the CO algorithm, and implemenrted it as part of the Mul tiGen summarization
system. Our evaluation of the system shows signi cant improvemert in summary quality.
While in this paper we focusedon augmertiing the CO algorithm, we believe that MO
is a promising strategy and should not be neglected. It is clear that dierent forms of
summarization are useful in dierent situations, depending on the intended purpose of
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the summary and on the types of documerts summarized. For our future work, we plan
to build on the approad we used for the DUC 2001 evaluation, where we deweloped a
summarizer that would usedi erent algorithms for summary generation depending on the
type of input text. We suspect that ordering strategies may dier also, depending on
the type of summary. Our work will rst investigate whether we can use our augmerted
algorithm for other summary types. If the algorithm doesnot yield good orderings, we will

investigate through corpus analysis other summary type speci ¢ constraints. We suspect
that our augmernied algorithm may apply, for instance, to biographical summaries, since
the information being summarized is a mixture of event-based information that can be
chronologically ordered along with descriptive information about the person. It is unclear
whether it can apply to other types of summariessuc as summaries of di erent ewerts,

since piecesof information may not be temporally related to ead other. We also plan to

identify the typesof summarieswhich would benet from using the MO algorithm or an
augmerted versionof it (the sameway the CO algorithm was augmerted with the cohesion
constraint).
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