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Introduction

Nothing is so valuable as the right information at the rigiiet. A diversifying range
of applications of natural language processing is dedicttelelivering that. A wide
spread application is the traditional web search (usingrmétion retrieval), but other
methods are gaining ground. An example is the question aimgyeature in modern
search engines. Todiya query such awhat is the population of Brussefgves a
direct answer in addition to a list of documents.

Answering specific types of trivia style (so-called ‘fact9iquestions such as the
one on Brussels’ population is the focusgpfestion answeringesearch. In question
answering, questions are typically categorized by thesmemm types — e.g. a date, a
name, a number, etc. Questions that fall outside thesear&egre not addressed in
major evaluation programs (c.f. Voorhees, 2003). Furtloeenit is not trivial that a
guestions has only one possible answer type. For instarkpasquestion may be
used to ask for a name or to request a biography. Strzalkostsii (2000) showed
that even if there is an unambiguous query, users appreuate information than a
direct answer. Someone querying a system for the populafi@russels may also
be interested in aspects other than its size, such as athmicitural characteristics,
etc. Bates (1990) helps explaining the findings of Strzatiowet al. by viewing an
information search as a ‘berry picking’ process. Consglan information system is
only part of a user’s attempt to fulfill an information needtls hot the end point, but
just one step whose result may motivate a follow-up step. Uds may not only be
interested in the answer to the question, but also in relafednation. The ‘factoid
answer approach’ fails to show leads to related informatian might also be of inter-
est. Bakshi et al. (2003b) show that when answering questinareasing the amount
of text returned to users significantly reduces the numbeuefies that they pose to
the system, suggesting that users utilize related infaamdtom surrounding text.

1Google, Yahoo, MSN, dd. November 23, 2007.
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2 CHAPTER 1. INTRODUCTION

Query-based summarization is a way to return more infolnatian just a direct
answer to a question. Throughout this thesis, query-basadsrization refers to pre-
senting an answer in response to a user-specified query hysméa paragraph-sized
text and (possibly) images. The answer’s content is draam & set of documents (the
sourcg providing an answer but not necessarily written to anstvequery. A generic
summarization system intends to distill the author’'s maim{s from a document. The
objective of query-based summarization is not to find whptésented as importantin
the source, but what is of interest to the user. The user sgpsehis/her interest in the
form of a query. The termueryis more general than@uestion a query is a request
for information. A query is a question if it is expressed asraerrogative sentence.

A collection of query-based text summaries created by psiémal abstractors is
produced in the context of the yearly DUC summarization wtidn event (Dang,
2006). An informal review of query-based summaries creédethe 2006 edition of
DUC reveals that human summarizers present answers inxtofitieis context may
provide general background knowledge or other informatianake the actual answer
more understandable or to make the reader more receptikie tmswer. For instance,
in response to the question which measures have been takempitove automobile
safety, three of the human summaries mentioned laws entpszat belt use. Two
out of these three summaries first mentioned the reasonshelsg steps are deemed
necessary. The fact that human summarizers include anstaged information is in
line with the study of Bakshi et al. (2003b) on answer prestgot mentioned earlier.

A deep analysis of both the query and the source would benesjto ‘understand’
the interests of the user and respond adequately. A deepsenaf unrestricted text
is not feasible with current technology. As an alternatimges for recognizing the
structure of the source may be derived from surface featirthe text (c.f. Morris and
Hirst, 1991; Marcu and Echihabi, 2002). Given a sentencehlvi@sponds to the query
(a ‘direct answer’), text structure may help directing a suwmzation system toward
related content. This related content may be of interedigauser as well, and at the
same time, is likely to cohere with the answer.

The focus of this thesis is on using discourse structurederytbased summariza-
tion as an attempt to find more information than just a diresirer. | developed and
evaluated models for discourse oriented summarizatioexafdocuments and multi-
media documents which contain text and pictures. Sumntanzenethods are evalu-
ated by means of automatic algorithms and two user studiatoratic methods are
useful for determining how well a summary resembles an lideference summary.
User studies are useful to determine how well the summaegsond to information
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Table 1.1: Applications of natural language processing.

application information need response unit  purpose
generic summarization derived from content paragraph rimfar indicate
guestion answering user-specified phrase/list inform
guery-based summarization user-specified paragraph nirdoindicate
information retrieval user-specified documentlist intkca

needs, addressing both text and multimedia summarizattanm.testing the signifi-

cance of differences between the measured quality of suresparpropose a novel,
non-standard method which is more likely to detect significhfferences than exist-
ing methods. Apart from algorithms for summarization, ratiten is paid to establish-
ing relations between content elements. Most notably, fesfddetecting entailment
between two pieces of text. | also present new methods fosuniey performance of
entailment systems, which has quantifiable advantageseaisgting methods.

1.1 Summarization

Discourse structure has been proposed as a means for gauranearization by Marcu
(1997a). This thesis focuses on discourse oriented mefloodgiery-basedsumma-
rization. Query-based summarization is related to gerriomarization and other
categories of natural language processing applicatimtedlin Table 1.1. Each of the
applications serves to satisfy a user’s need for informatidhe mentioned categories
are distinct in three ways. First, who specifies the inforamabeed? Generic summa-
rization aims to produce a concise version of a document (@mnaber of documents).
The summary is not tailored to the user or any expressedmaton need. The other
applications listed use some form of query or question tai§pa need for informa-
tion. Second, the type of answer ranges from a precise ant ahswer (question
answering) to a list of documents which may contain the imfation needed (informa-
tion retrieval). In between these two extremes is summioizatypically returning a
paragraph-sized answer. Third, the intended result: isyeEem supposed to provide
information as such (e.g. an answer or the tenor of a docypamto direct the user
toward relevant information? Summaries can be writtemtlicate what the source
document is about in order to help the user assessing theanele of that particu-
lar document (indicative summaries), or summaries can litgewito inform the user
of its content (informative summaries). Summaries of nplétidocuments are typi-
cally informative: because multi-document summaries naayain information from
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a number of sources, they are little suitable for indicathmgrelevance of a particular
source. In this thesis, summarization refers to inforngagsivmmarization unless stated
otherwise.

Practical applications are often a combination of the @pgilbns of Table 1.1. For
instance, information retrieval systems typically préseare than a list of pointers to
documents. In addition, they produce a brief summary of eladument, to help the
user determine its relevance. Also a combination of quasetd summarization and
question answering is conceivable, e.g. for presentingiarssin context — question
answering techniques are used to find an answer, and thaegaisssent as a query to
a summarization system in order to provide some backgrauaddition to a precise
answer.

1.2 IMIX

The work described in this thesis is done within the contéiibX, a program for re-
search ornteractive Mutimodal Information Extractiosponsored by the Netherlands
Organization for Scientific Research (NWO). In addition torpote research in its fo-
cus area, one of the goals of IMIX was to produce a system foiodstration purposes
which integrates and applies results of research, inctuthie work presented in this
thesis. The IMIX system is an application of this work embetich a greater whole
(c.f. Theune et al., 2007; Boves and den Os, 2005).

The IMIX system answers questions for medical informatiamT a general audi-
ence of non-expert adult users. The purpose of the systenarsstver ‘encyclopaedic’
questions to which answers can be typically found in an dopgdlia. Questions can
be typed or spoken (in Dutch), and answers are presentee ifotim of speech, text
and pictures. Questions can be asked in isolation, but tsesyis also capable of
engaging in dialogs and answer follow-up questions.

Other projects of IMIX were responsible for question ansmge(van den Bosch
et al., 2004; Tjong Kim Sang et al., 2005; Bouma et al., 20@7log and action
management (op den Akker et al., 2005), speech synthesisilN804), and speech
recognition (Hamalainen et al., 2007). Work in this tkesontributed to th@nswer
presentationrmodule of IMIX. In the IMIX system, questions are pre-prased by
the dialog manager and forwarded daestion answeringwhich is responsible for
searching for answers in a corpus of encyclopedia and webndewts. The answer
presentation module presumes a ranked list of pointersii@isees containing poten-
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tial answers. These pointers are used for discourse odisut@marization of the text
containing the answers, using summarization algorithneseated in this thesis. If
the answer presentation module also illustrates answeinsanpicture, if sufficiently
confident that an appropriate picture is available. Thedaigomponent of the answer
is presented in speech and text.

1.3 Research questions

This thesis aims to answer the questibaw can query-based summarization systems
exploit discourse structure to produce better summaries?

This question can be divided in several more specific rebequestions whose
answers contribute to the main question above. My startmigtps to use coher-
ence analyses for query-based summarization. A speciferenbe model, Rhetorical
Structure Theory, has previously been used for summasiz@iilarcu, 1997a), but not
for query-based summarization, and not in an extendible Wwag ideal summariza-
tion system is extendible in the sense that it is capableiofjusoherence along with
other aspects of discourse structure. The derived resemestion is: (1how can
manual analyses of coherence be used in a query-based suzati@ar system?

Creating coherence analyses is laborious, but automatiststal features of text
may provide a less accurate but scalable alternative. Tkiequestion addresses this
issue: (2)how can automatic features replace manual coherence aeslysquery-
based summarization?

Coherence explains internal text structure, but not howages from different doc-
uments relate to each other. Nevertheless, a summariztsd@m should be aware of
the difference betweeantailmentand the more general notion mflatednesse.g. to
avoid including redundant content in a summary. Therefargymmarization system
would benefit from the answer to the research questionh@®) can entailment be-
tween arbitrary text passages be automatically detected?

The previous subguestions address text summarizatioth®aidded value of me-
dia items should not be neglected. Hence the fourth and ldsjuestion: (4how
can discourse oriented text summarization techniques bergézed to multimedia
summarization?
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1.4 Thesis outline

A general introduction to the theory discour se structurein chapter 2 provides back-
ground information required to interpret the rest of thesteDiscourse structure can
be analyzed on several levels relevant for summarizatiotext analysis, a distinction
IS made between structural relations between textual eltsnesuch as a reference
by the wordthat to a concept in a preceding sentence — and relations betwean i
conveyed by the text, such as one part of a text providing kgraand for interpret-
ing another part of the text. Similar issues play a role intrmddia documents. For
instance, a media item may provide context to understant#teor a textual element
may be used to refer to (part of) a media item by means of a slyfalap, a reference
such aslable 1.) or a lingual description of part of the item (e.the left figurd.

A third level of discourse analysis is that of relating texirh different documents.
While there are established methods for measuring sinyilagtween text passages,
these measures do not distinguishatednesgrom redundancy Being able to do so
would particularly be a virtue if multiple documents aredises a source for summa-
rization. Chapter 3 zooms in dextual entailment — a type of inter-document rela-
tions which implies redundancy. If one sentence is knowmtaieanother, a summa-
rization system can respond appropriately, e.g. by notidio both sentences in one
summary as to avoid redundancy. This chapter aims to ansvestign 3. | propose to
decompose the task of recognizing entailmentrapresentatiomndmatching Based
on this decomposition, a systematic comparison is madecoémentally more com-
plex methods of representation and matching. This chagseribes novel methods
for recognizing entailment: a method based on syntactiepat (described earlier in
Marsi et al., 2006) and a method which employs paraphrassitution (described in
Bosma and Callison-Burch, 2007).

A literature review orautomatic summarization is given in chapter 4. This chap-
ter discusses summarization by humans, issues in evajuatmmaries, and methods
for the automatic generation of summaries and query-basadgries in particular.

When responding to a query, there are several reasons wimyired more con-
tent may be preferable, even if a direct answer is readilylabla. As mentioned
previously, informationrelatedto the answer may also be of interest to the user. Fur-
thermore, since computer output cannot be expected to beofrerrors, secondary
information in the response may be used by the user as ancitna@rification that
the query was correctly interpreted. Chapter 5 answergiquekby presenting dis-
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cour se oriented summarization method as well as the results of a user study, in which
discourse oriented summarization and layout-based suizatian are compared with
respect to the relevance of presented content and the béitfiahereof (based on
Bosma, 2005c¢). The discourse oriented summarization rdeshimased on the method
of Marcu (1999), adapted for query-based summarizatia@sgrted in Bosma, 2005a).

Chapter 6 is dedicated to answering question 2 by evaluatiigiing and novel
algorithms and features for query-based text summarization. While the user ex-
periments of the previous chapter used annotated textuthengrization system used
for these experiments is fully automatic. First, | presemh@dular framework for
discourse oriented summarization, dividing the summadrgrocess in four phases
which can be implemented independently. This frameworkisggatible with the sum-
marization methods used in chapter 5. An extensive congraasimplementations of
this framework is made using Rouge, varying the type of imfation used for content
selection. Rouge is a package for automatic summarizatialuaion (Lin, 2004).
One implementation of the summarization system used uredgre full evaluation
within the context of DUC 2006 (described earlier in Bosm@0&. For all experi-
ments in this chapter, the data of DUC 2006 (i.e. queries afete@nce summaries)
were used for evaluation (Dang, 2006).

A specific instance of the summarization framework in chia@ie a system which
automaticallyillustrates answer s to medical questions. Such a system is presented in
chapter 7 (research question 4). Given a textual answer tedical question and a
corpus of annotated pictures, a presentation is generatathwontains the text and
a picture. This is a specific case of query-based summanizagiven an informa-
tion need and a set of potential source documents, a con@sergation is generated
answering that information need. The candidate picturdgtagir annotation are auto-
matically extracted from medical literature. Two pictuetextion algorithms based on
Bosma (2005b) were evaluated by means of a user study folipthie experimental
design of van Hooijdonk et al. (2007a).

Chapter 8 reviews issues addressed in this thesis, sunasdhe findings pre-
sented in this thesis. Chapter 8 highlights the main comiiobs of this thesis and
gives pointers to promising directions of research.






Modelling discourse structure

In this chapter, | review literature on three levels of diacge struc-
ture in text and multimedia, and their potential use in sumrinadion.

The three levels of interest are cohesion (relations betvtexual or
media elements), coherence (relations between ideasssqutén the
text or multimedia realization), and cross-document rielas. For

various types of relations, attempts have been made to tdiiem

automatically. Automatic means of detecting such relaioan be
exploited in automatic summarization.

If you visit an online store to buy a book, the book store ssggyether books which
may be of interest to you. If an information system is askedestjon, why not provide
more information than explicitly asked for? Humans tendddtds by default. When
| asked a receptionist where to complain about a vending maathich takes money
but does not give anything in return, he answered: “Rep@sttththe canteen, but it is
closed now.” This is obviously more information than asked f

Providing information not explicitly asked for may be redigg because the an-
swering side may have more knowledge about which informasmeeded than the
person asking (it saved me a walk to the canteen; the book sisitor may find a
valuable book s/he would not find otherwise). Providing ihiermation is also a
challenge. A book store may use meta-information such &s sahtistics, names of
authors, etc. When relating documents or parts of documergt-information may
be unavailable or insufficient.
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Relating text passages (or media items in general) in a mghiway involves
‘understanding’ the text, or at least to understand it tdekiel necessary for detecting
relations between passages. The whole of relations betpessages that consitutes
the structure of a text, | catliscourse structureA passagein this thesis, refers to a
contiguous part of a document; it may be a paragraph, a ssntera clause, but also
a picture if the document is a multimedia document.

The question is, what is discourse structure and how is itfiested in language?
Within a sentence, structural constraints are imposed agngrar. However, gram-
maticality is not sufficient to constitute meaning. The iptetation ofhein sentence
1A below probably relies on the meaning of another textuainent, presuming the
sentence is part of a larger whole.

1A It was he who rewrote history.

The reference established bgin 1A is an instance of @ohesive tigHalliday
and Hasan, 1976). Although cohesive ties may be bound bysyatg. agreement in
number, gender), they are not part of the grammatical strecf a sentence and they
may cross sentence boundaries. Language provides a nuimay®to refer to lin-
guistic elements independent of the grammatical structlogether, these references
consitutecohesionn text. However, as the following passage shows, there i®nm
discourse than cohesion.

2A I'll have to cancel dinner tonight.
2B 1lost my car keys.

This passage contains two statements and an implicitoalattween them. Sen-
tence 2B can be interpreted as providing a background otifigation of what is said
in 2A. Nonetheless, no grammatical relations between theesees can be identified
and cohesion does not fully explain the relation betweersémtences; the mere jux-
taposition of the sentences adds information which is na&ttimer sentence as such.
Apparently, something happens while interpreting this velxich causes the reader to
relate pieces of information in a way depending not only andbntent itself, but also
on the organization of the text. Text organization on thigl®f understanding — con-
cerning relations between ideas — has been tegobdrenceRelations such as cause,
temporality and contrast contribute to the coherence af tex

What distinguishes coherent from incoherent text? Textrigedium to transfer a
message from its writer to a receiver. Coherence is whatlesabwriter to send a
message of more than one sentence, i.e. what makes theddébetween a message
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and sequence of messages (Hobbs, 1985; Mann and Thomp&&a) 20 heories of
coherence explain relations between the ‘ideas’ that durig& to the author's message
— the ideational structure of discourse. Cohesion pertaitise textual realization of
the message.

Cohesion and coherence are aspects of discourse organizatit do not explain
or describe relations between documents. A document ratahds alone. A docu-
ment may cite (e.g. scientific articles), interpret (e.gop#s), contain partly the same
information as another document (e.g. a news article onahedopic) or be related
to another document in some other way. Documents are eméveddelarger con-
text in which cross-document relations appear (Radev, 2090 essential difference
between coherence and cross-document relations is thaterade can be presumed
for well-written documents: the structure of a documentegponds with the line of
argumentation followed by the author. A collection of doants written by differ-
ent authors does not necessarily have a consistent or cohiere of argumentation.
Radev found types of relations between (parts of) documehtsh do not appear
within a well written document. When summarizing news &8¢ the most critical
cross-document relation paraphrasing two passages express the same information.

The remainder of this chapter reviews three levels of dismanalysis: cohesion
(section 2.1), coherence (section 2.2) and cross-docurakatibns (section 2.3).

2.1 Cohesion

Skorochod’ko (1981) related cohesion to coherence. Heedesherence as a deriva-
tive of cohesion: a semantic relation between two sentecamede established if the
number and strength of relations between their words excaedrtain threshold. Sko-
rochod’ko defined measures for ‘relatedness’ between sesege based on corefer-
ences and repetition of words.

Skorochod’ko (1981) quantified certain aspects of cohesmn a computational
perspective. To measure ‘relatedness’ between wordsp&kod’ko assignedype a
directionand astrengthto semantic relations. The strength of a semantic relasitme
inverse of the ‘semantic distance’. Examples of relatiqre/areSUBJECTACTION
(e.g. calculator/calculate) amet TION/RESULT (e.g. calculate/calculation).

While Skorochod’ko was interested in creating a computatfionodel of text struc-
ture, Halliday and Hasan (1976) described cohesion aneéaltzation in text from a
linguistic perspective. Halliday and Hasan introducedténen cohesive tigo refer to
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3A Both [the shaggy maf][and® Dorothy looked grave [an®]anxious, [forf* [they]® were
sorrowful that [such a misfortunelhad overtaken [[theif] little companion.

3B Toto barked at [the fox-bo§fJonce or twice, not realizing [if] was [[his]’ former friend]’
[who]® now wore [the animal [head]®; [but]* Dorothy cuffed [the dog] [and[* made
[him]¢ stop@Parking,

3C As for [the foxes], [they]® all seemed to think Button-Bright's new [he&dyery be-
coming [andf that [theirf’ King had conferred a great honor on [this little stranger]

3D Itwas funny to see [the boylreach up to feel [hi$] sharp [nos€é] [and® wide [mouth},
[and]® wail afresh with grief.

3E [He]® wagged [his} [ears]’ in a comical manner [an8]tears were in [hig] little black
[eyes].

3F [But]* Dorothy couldn’t laugh at [[hef] friend]® just yet, [obecaus#|[she] felt so sorry.

Figure 2.1: Text annotated with cohesive ties. Excerpt ftofarank Baum, The road
to Oz,p. 10. Annotated cohesive ties are: [refereficgtonjunctionft, 0€PSis [lexical
cohesiony.

the dependence of the interpretation of one element byaréerto another (Halliday
and Hasan, 1976, p.11). Halliday and Hasan distinguish déxa$ of cohesion, called
reference, substitution, ellipsis, conjunction and lekimohesion. Each of these will
be discussed later in more detalil.

Cohesion has also been related to information structuresGet al., 1995; Kruijff
and Kruijff-Korbayova, 2001). Theorists of informatiotriscture aim to explain how
the textual context evolves while the text progresses. ilessential for determining
the salience of information units at a particular point ia tBxt. The discussion here
will be restricted to describing cohesive features of téet, how textual elements
are referenced from elsewhere in the text, without going tonb much detail on the
semantical processes behind it.

2.1.1 Reference

The class of cohesive ties calleeferenceis subdivided into situational and textual
coreferences to a specific item. The first are referencestta-textual entities; the
latter elements within a text. The difference is a mattemiéripretation rather than
appearance. Examples of references are prondbeg 6he, demonstrativestlat,
thesg, and specific uses of definite noun phrases. Instancedeséncean Figure 2.1
are marked like [thig].
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Abundance of references makes it rewarding to automate dieéction. Hobbs
(1986) focuses on automatic resolution of the prondugsshe it andthey Hobbs
designed an algorithm for finding their antecedents, basdti&r grammatical form.
This algorithm searches for eligible antecedents in theéasyic parse tree of the sen-
tence containing the pronoun, and preceding sentenceséaary. With this algo-
rithm he achieved an accuracy as high as 88.3 percent. Onthiee lvand, he also
recognized that references are constrained not only byrgeanbut also by semantic
validity and the reader’s expectations, as the followingregle illustrates:

4A If the baby does not thrive on raw milk, boil it.

Doesit refer to the baby or to raw milk? Such ambiguities are diffitoilresolve
without extensive knowledge of the domain. Hobbs propasase logical inferencing
for knowledge intensive coreference resolution, but thteresive knowledge required
for this task prevented him from creating a system which efulsn practice.

Perhaps the most well-known algorithm for resolving pramois the knowledge
poor algorithm developed by Lappin and Leass (1994). Of atiéptial antecedents,
Lappin and Leass first rule out ties that would be ungrammktfimong the remaining
options, the algorithm uses a set of heuristics to choosentbat likely antecedent.
Lappin and Leass model the reader’s attentional stateGoosz and Sidner, 1986) to
decide which potential antecedent is most salient. LappihLzass (1994) claim their
algorithm outperforms the algorithm of Hobbs by a few petcen

2.1.2 Substitution and ellipsis

Substitution allows referring by using a place holder, sasfone® in:

5A | hate hospitals.
5B My grandfather went into [on#] and when he came out, he was dead.

The substitutenerefers to the class of hospitaSubstitutions distinguished from
referencebecause a referential tie presupposes a specific item, agmrbstitutions
used to refer back to a class of items (i.e., a hospital, réitiae a specific one). Ellipsis
(marked@@necedeniy Figure 2.1) is the specific type of substitution where ampgm
place holder is used.

2.1.3 Conjunction

Conjunctions ([marked in Figure 2.1) are used to indicate that two pieces of infor-
mation are related to each other. The relation is indicated bonjunctive adjunct.
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Conjunctive adjuncts may be adverlisi{ so neverthelegsor prepositional expres-
sions (e.g.on the contrary, sometimes using a reference (elgecause of that In
computational linguistics, they are often referred taas phrasesr discourse mark-
ers

Conjunctions are specifically interesting as a cohesivecdebecause they are on
the borderline between cohesion and coherence. HallidayHasan (1976) classified
conjunctions into four categories: additive (e.@nd), adversative (e.gyef), causal
(e.g.,s0 and temporal (e.gthen. It is not a coincidence that the terms Halliday
and Hasan use to describe these categories are similaatmnetypes in theories of
coherence, such as Rhetorical Structure Theory (Mann aathppson, 1988). Theune
et al. (2006) used the same classification of conjunctionidadlsday and Hasan for
realizing coherence relations in a natural language gaarrsystem. Knott and Dale
(1995) derived a taxonomy of coherence relations from cuagas they encountered
in text. Marcu and Echihabi (2002) used cue phrases to vaptatmachine learning
approach to automatic recognition of coherence relations.

Cohesion (and thus conjunction) is part of the realizatibdiscourse, while co-
herence refers to the ideational structure of discourseatdinor may or may not make
use of conjunction to indicate a coherence relation. Faam, the author could have
chosen to omit the adjuntiut in sentence 3F, if s’The deemed it unnecessary as an
explicit marker of the argumentative structure.

2.1.4 Lexical cohesion

Some words refer back to a preceding word just by the paati@iioice of words. Un-
like the other types of cohesion, lexical cohesion is noeoddld in grammar. The idea
behind lexical ties is that words may need to be interpretdtie light of the context
shaped by preceding related words. There is no restrictiomhiat kind of relation
this might be, and there is no restriction to the classeslafee words. Halliday and
Hasan (1976) writeText provides context within which the item will be incasthbn
this particular occasion. This environment determinesitigantial meaning’, or text
meaning, of the item, a meaning which is unique to each spatstiance.

One word affects the interpretation of the other by theipocourrence in text. Ex-
amples of lexical ties that might appear in text agarden, digging and( construc-
tion site, digging). The interpretation ofligging in relation to a garden would be
different from an interpretation afiggingin the context of a construction site.
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Interpretation of a word is often not affected by a singlecpoiéng word, but by a
chain of words which share a ‘lexical environment’. Thesaich are calledohesive
chainsor lexical chains The [marked} words in Figure 2.1 can be viewed as part
of the same lexical chain. The definition lekical tieimposes no restriction to how
words participating in a tie are related, or how long lexidahins can be. This leaves
room for ambiguity. (Iftearsin sentence 3E belongs to the same chaieyas does it
automatically belong to the chain that started viidad)

Morris and Hirst (1991) explored the possibility to recagnlexical chains auto-
matically, and they designed an algorithm that uses a thhes#w extract lexical chains
from text. To do so, they came up with a more precise definitbwhat their algo-
rithm regards a lexical chain. The algorithm scans the texnfleft to right; each
word (except high frequency and closed class words) is densd for inclusion in an
existing chain. If no chain applies, a new chain is creatadheir algorithm, they in-
troduced the concepts of linear distance and the level oéitigity. The word is added
to a chain if it relates to the first word of the chain and thedindistance between the
last word of the chain and the candidate word (the numberrdgésees in between) is
not more than 3. The level of transitivity of a relation betwawo words is expressed
in number of transitive links connecting the two words withichain. For example, if
word a is related tdb, andb is related tac, then the level of transitivity of the relation
betweera andb is O; the level of transitivity of the relation betweamndcis 1 (given
thata andb are members of the same chain). For a word to be added to g thmairst
be related to the first word in the chain with a transitiveahse of at most 1.

Morris and Hirst (1991) were not able to extract lexical csaautomatically be-
cause they did not have access to a suitable thesaurus inneaeladable form. To
evaluate their algorithm, they used manually extractecc#chains for conducting
user experiments to show that algorithmically extractedchd chains largely corre-
spond with an intuitive notion of lexical cohesion. Lategjdh and Fankhauser (2004)
designed a new algorithm for computing lexical chains whiskes WordNet (Miller
et al., 1990) as a resource for discovering lexical relatiomhey report that miss-
ing links in the thesaurus pose a considerable problem tpdbsibility of automatic
lexical chain extraction.

Manabu and Hajime (2000) abandoned the idea of using a theséur finding
related words. Instead, they used cosine similarity toutate the similarity of a word
pair in a set of documents. Cosine similarity is widely use@aneasure of similarity
of two documents, but can also be used to measure simildritgrmms To do so,
each term is represented as a vector of docunidntsl,|, whered; is the number of
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occurrences of the term in documentTwo terms can be compared by measuring
the similarity of their vector representations. This isitgtly done by measuring the
cosine of the angle between the two vectors.

In a corpus oim documents, a term can be written as a vector of lengtisiven
termsA and B and their respective vector representati¢ams.amn| and [b1..by|, the
cosine similarity of those terms is their anglermrdimensional space, calculated as
follows (Salton, 1988):

. A-B
cCosimMA.B) = ————
MAB) = TATTE

_ Yitiai-by
\/Zirilaiz' \/Zinll b?

2.1.5 Cross-modal references

(2.1)

Research on cohesion in multimedia is not addressed by &hkodtko (1981) or Hal-
liday and Hasan (1976), who focus on phenomena of cohesitexin A significant
amount of work in this respect has been done in input proegger interactive mul-
timodal systems. The first multimodal system was pléthat-theresystem of Bolt
(1980). It allowed the user to issue commands to the computander to manipulate
a virtual world. The commands (such st that therg could consist of simultaneous
text and gestures. Later research in this area concentratedegrating parallel input
in multiple modes. Integration is converting all input irdcsingle, system-internal
representation, and detecting cross-modal cohesion ¢\&tr@l., 2000). The nature
of cross-modal cohesion is as diverse as applications ofimedia. Examples are
cooperative references to a physical item using text anthiggss(e.g.that), and syn-
chronization of speech and lip movements.
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2.2 Coherence

2.2.1 Coherence relations

Coherence is what makes the difference between a message@mhce of messages
(Hobbs, 1985; Mann and Thompson, 2000a). What this meamaatipe can be illus-
trated by an example:

6A By lacking an erosive atmosphere and geologically adiver layers,
6B the moon has preserved a record of early events in theistthe solar systerh.

The text 6A—6B contains three assertions: 6A the moon laocksrasive atmo-
sphere and geologically active outer layers; 6B the moonphheserved a record of
early events in the history of the solar system; and an intausal relation, i.e. that
6B is a consequence of 6A. The causal relation is conveyetidyuiktaposition of
passages and the cohesive conjunction indicatebybgnd is part of theeoherence
of the text. According to Mann and Thompson (2000a), thegres of a coherence
relation between passages implies an additional messagkh isimot conveyed by any
of the participants of the relations.

7A Of course, I'd have paid you back.
7B Unfortunately, | lost my wallet.

In the text of 6A—6B, the relation is in this case indicatedhm/conjunctive adjunct
by. Thisis not necessarily the case, as demonstrated by textBAThe sentences 7A—
7B are only related implicitly, as they do not contain corives and they do not refer
to one another explicitly. According to Hobbs (1985), a ezaat listener hypothesizes
coherence (e.g. a causal relation) and uses prior knowladgeénference to test the
validity of the hypothesis. In case of text 7A—7B, a readey negognize coherence by
hypothesizing a causal relation between a lost wallet amtagk of money. A plausible
interpretation is that the writer’s intention is to conwnihe listener that paying is not
possible because the wallet is lost, supposedly to genanatierstanding.

2.2.1.1 Discourse units

The smallest unit of text to participate in a coherence imtalhas been termedis-
course constituent unjPolanyi, 1988) oelementary discourse urfilann and Thomp-
son, 1988). In order to participate in a coherence relaadext passage must convey

LExample from Mann and Thompson (2000a).
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meaning. Therefore, elementary discourse units are géneomsidered the smallest
unit to have meaning. Polanyi (1988) and Mann and Thomps@88)lpropose to use
clauses as elementary discourse units; in the annotatpdsof Carlson et al. (2003),
even smaller units are used.

The discussion on information-carrying units appears mous areas of natural
language processing, such as machine translation and atitcosnmmarization. In
summarization evaluation, Nenkova and Passonneau (2604)luced thesemantic
content unitwhich they defined as an ‘atomic fact’. From sentence 8Awgienkova
and Passonneau derive two semantic content unit®i(chet was arrestednd (2)
the arrest took place in BritainAnalysis of information structure addresses the rela-
tive salience of these facts by examining their context {jKrand Kruijff-Korbayova,
2001). For instance, if sentence 8A was preceded by theiqonéstho was arrested,”
fact (1) is the more salient. By contrast, if the questionénhwas Pinochet arrested?”
was asked, fact (2) is salient. Recognizing coherencdarkamay require text analy-
sis at this level of granularity, but this is not addressethepries of coherence. Mann
and Thompson would consider sentence 8A a single discouite u

8A Pinochet was arrested in the UK.

2.2.1.2 Intention and coordination

Coherence allows a writer to formulate complex messagesie@ace relations are
often asymmetrical: if two sentences cohere, one passagdeaore central to the
writer’'s purpose than the other. In text 6A—-6B, if the authantention is to inform
on the history of the solar system, sentence 6A is suborliogiB in the sense that it
serves to elaborate on or enhance credibility of the othesguge (Hobbs, 1985; Grosz
and Sidner, 1986; Polanyi, 1988; Mann and Thompson, 1988js ifiterpretation
renders the second sentence dominant, as the interpretdtibe first relies on its
relation to the second. If two passages cohere but they aegudl importance to
the writer’s intention, the relation is coordinate. Manrdarhompson (1988) call a
superordinate participant of a relation thgcleus while its subordinate counterpart is
the satellite The satellite’s sole purpose is to increase the readedsngtanding or
belief of what is said in the nucleus. If related passagefegjual importance to
the author’s intention, both are nuclei and the relatiomigtinuclear For instance,
elements of a temporal sequence (digst ...; then ..) are of equal importance and
participate in a multinuclear relation.
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2.2.1.3 Hierarchy

If a coherence relation holds between two elementary drseounits, together they
constitute another discourse element. Composed elemetgrturn participate in a
coherence relation as if it were an elementary discourdgidnbbs, 1985; Grosz and
Sidner, 1986; Polanyi, 1988; Mann and Thompson, 1988). Uademplete analysis,
a coherent text is structured hierarchically, as a tree, hickvthe top nodes are the
most representative of the writer's message.

The hierarchical nature of coherence was recently chadeéihyg Wolf and Gibson
(2005). They argue that the presence of crossed dependemdarodes with multiple
parents render the tree representation of discoursesteuotppropriate. If the hierar-
chical constraint is maintained, passages are forced mtduitive discourse relations
in order to avoid illegal structures. Wolf and Gibson supgditheir argument with a
study on a corpus of naturally occurring text in which thewoence frequency was
measured of relations violating the tree constraint. Thrpu® of 135 texts was man-
ually annotated by their guidelines, similar to the Rhef@riStructure Theory (RST)
corpus of Carlson et al. (2001), but without enforcing theetconstraint. Wolf and
Gibson report very high frequencies of tree-violating tielas, which could present a
significant problem for the tree representation of disceurowever, their results also
show that this phenomenon is primarily local. Combined wfith fact that they use a
fine grained segmentation, this may alleviate the problaentharatio of tree-violating
relations may be related to the size of the segments. Morglbhamn and Thompson
(1988) identified a number of shortcomings of present dismmodels, which may
provide an alternative explanation to the findings of Wolfl &ibson. First of all, am-
biguity may lead to multiple valid interpretations, in whicase a distinct trees can be
used for each interpretation. Mann and Thompson also reputltaneous analyses,
i.e. multiple compatible trees representing ‘paralletenmpretations. Ambiguity and
simultaneous analyses are not discussed in Wolf and Gil2g8b].

2.2.1.4 Taxonomy

Theories of discourse organization categorized cohereglagons into a finite (dis-
crete) set of relation types. Much less than on the hiereaticharacter of text, there
IS consensus on the taxonomy of relation types. Hobbs (1p&%§)osed 8 relation
types. Grosz and Sidner (1986) identified two types of fumeti relations between
passages: dominance and satisfaction-precedence, vdiesfaction-precedence ap-
plies when the purpose of one passage must be satisfied blegoother. Mann and
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Thompson (1988) argued for two broad classes of relatioastypresentational and
subject-matter, each of which is subdivided into severaltgpes. Subject-matter rela-
tions include causality and temporality. Rather than tonmf, presentational relations
are typically used when the writer intends to increase thdeags belief of something
or to change the reader’s attitude. In total, Mann and Thampsoposed a set of 24
relations types, which was later extended to 32. Similaatyirclassifications were
proposed by Redeker (1990) (ideational/pragmatic) andl&arand van Wijk (1996)
(semantic/pragmatic). A more fine grained taxonomy has degaloped by Carlson
et al. (2001) (78 relations in 16 classes). Marcu and Echif2i®2) used a unified
taxonomy of four relations, based on relations proposedigrs. Mann and Thomp-
son (1988) remark that no one taxonomy may be generally pppte for all genres.
For this reason, Grosz and Sidner (1986) strongly arguasigidie use of fine grained
taxonomies: the range of possible purposes of passagesciouise is open-ended.

Although the way text coheres is (largely) independent fitsmealization, Knott
and Dale (1995) argued that its realization may well proedeence of the existence
of coherence relations. They designed a protocol to exttephrases from text, and
to cluster them by function. Each function corresponds toleoence relation.

2.2.2 Rhetorical Structure Theory

Of the theories discussed, the Rhetorical Structure Thg®By) of Mann and Thomp-
son (1988) is currently the most influential. Although RSTswatended for use in text
generation (Mann and Thompson, 1988), it is applied in mapieations, including
automatic summarization (Marcu, 1999). The use of RST weswmaged by the avail-
ability of an extensive annotated corpus of English newslag (Carlson et al., 2001).
Good levels of agreement have been reported between humatasors of RST, which
indicates that RST is well defined (Mann and Thompson, 1988;@uden, 2004).

RST aims at describing coherence in monolog text. Otherig®focus on specific
genres, such as instructional text (Sanders and van Wigg)1@r generalize to dialog
(Polanyi, 1988). As various theories address differentasstheir applicability has to
be weighed for each application and genre individually. $tonmarization, RST has
significant advantages over other theories: mainly thdaitity of annotated corpora
and past research on RST-based summarization makes R&Jiaétr Therefore, RST
will be used as a starting point for discussing manual andraatic annotation of
coherence relations.
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justify

condition disjunction

9A 9B 9C 9D

Figure 2.2: An example of a rhetorical structure analysis.

RST is a method for analyzing the intentional structure &f te an hierarchical
manner. RST originally described a set of 24 subordinatiirg¢ted) and coordinating
(multi-nuclear) relations. An example of an RST analysishiswn in Figure 2.2. The
discourse units of this analysis are 9A, 9B, 9C and 9D. | usentitation introduced
by Mann and Thompson (1988), in which the arrows represdrsiinating relations
with the arrow pointing to the dominant participant (nudguisjunctionis a coor-
dinating relation. Thus, according to this analysis, 9C @Ddare the most central to
the writer’s purpose, as they are not subordinate to any dikeourse unit. If ‘impor-
tance’ of a sentence is measured by the number of subomgraiations that separate
the sentence from these discourse units, the next-mostiantds 9B, followed by the
least important, 9A.

2.2.3 Manual annotation

There is no correct or incorrect theory of discourse orgetion, only more and less
useful theories, depending on the application (Mann andnigsmn, 2000b). Arguably
the most important criterion for the usefulness of a thediscourse organization is
the possibility of consistent and reproducible manual getian in accordance with
the theory. If a text can be annotated manually with highriatenotator agreement, it
is possible to annotate automatically as well, given thelavidity of sufficiently so-
phisticated machines. Therefore, annotation proceduess @entral issue in discourse
analysis. Discourse analysis can be divided into threer@ependent) sub tasks:

1. identifying discourse elements;
2. identifying the organizational structure of discourse;
3. identifying (labelling) structural relations.

Carlson et al. (2003) created a corpus of RST analyses ofpapes articles, and
developed a corresponding annotation procedure for thigrpretation of RST. They
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used a finer grained segmentation, more discourse relaiothsnore restricted tree
structures than ‘classic’ RST as defined by Mann and Thomps®88). In order
to avoid circular dependencies, segmentation was done tpridentifying relations.
Carlson et al. used a bottom-up approach to structure aimmutdhe first step is to
identify a relation and its label between two segments. @woesegments are related,
they act as a newly created segment which may in turn be itiaelaith another seg-
ment. The analysis is complete when the analysis tree g ¢olhnected. In contrast,
Hobbs (1985) used the reverse procedure. The intuitioraistie sharpest topic break
should be identified first. This results in two related segmenhich can be further
divided until the desired segmentation level is reache@. Bditom-up approach leaves
the order in which relations are marked open to the annot8toce decisions in RST
analysis are restricted by earlier decisions, the pagrauider may affect the final out-
come of the analysis. Lascarides and Asher (1993) advodafeta-right approach,
where the left-most segments are connected first. Othersdabad this idea (e.g.
Stede and Heintze, 2004), claiming that the full picturewftannot be determined
when reading the text until a certain point. Instead, themaators first marked the
most salient (signalled) relations before moving on to nmaykelations which require
deeper understanding of the text.

2.2.4 Automatic annotation

Research on automatic annotation of coherence relatiocsdrecentrated mostly on
RST. Automatic annotation involves the same three stepsamsiah annotation: seg-
mentation, relation identification and combining thosatiehs into a coherence anal-
ysis.

2.2.4.1 Segmentation

Marcu (1997b) devised a segmentation algorithm for detgdibundaries of elemen-
tary units in English text for RST analysis, based on a nurobé&and-crafted rules.
The algorithm uses punctuation and cue phragsmsgxample but, etc) to identify
boundaries. He reports over 80% recall and 90% precisioetafoted boundaries in a
small corpus (344 sentences; 643 elementary units). Adiroit of Marcu’s approach

is that different uses of cue phrases are not distinguishedinstance, the algorithm
anticipates the use difut as a conjunction, and unjustly segments the following sen-
tence (c.f. Hirschberg and Litman, 1993).
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10A The U.S. has
10B buta slight change to win a medal in Atlanta.

To increase accuracy, Corston-Oliver (1998) used a cortibmaf syntax and cue
phrases for boundary detection. It is unclear if this leadsiprovement.

2.2.4.2 Relation identification

Apart from as indicators for segmentation, cue phrases sed tor identifying dis-
course relations. Considering the number of cue phrasésxébits, their role in
identifying relations is significant. However, the relatimentification task confronts
the automatic analyzer with a number of additional issues.

As follows from the previous section, the discourse orgaiion is functional (and
thus semantic) of nature. Cues for recognizing discoursetsire automatically rely
on the way coherence reflects in realization. The signatlingpherence relations in
spoken film descriptions was studied by Redeker (1990). iotmpus of 3,585 clauses
(of which 1,897 from dialogs and 1,688 from monologs), agpnately half was sig-
nalled by connectives such as conjunctions (kegausgand), relative pronouns (e.g.
that, who), temporal expressions (e.ghen after tha), and discourse markers (e.qg.
okay, well). Although the relative use of specific categories of cotives varied be-
tween different classes of discourse, their total numbey nwaghly the same for all
subjected texts. A study on German newspaper text showeakesmumber (35%)
of signalled coherence relations (Stede and Heintze, 2@&hauer and Hahn (2001)
included types of coreference relations (definite noungdsabridging) as an indicator
of coherence that were excluded from previous studies. Thagluded that in their
corpus, up to 75% of coherence relations can be identifiedyusscombination of cue
phrases and coreference. However, it should be noted #natifidation of coreference
relations is by no means trivial.

First, cue phrase disambiguation for relation identifmatis harder than for seg-
mentation. In segmentation, it suffices to distinguish alisse markers from non-
discourse markers. When identifying relations, one mustibe to recognize not only
the presence of a relation, but also the relation’s type aodes A cue phrase may be
an indicator of more than one relation. For instarimé,may indicate the relations of
CONTRAST as well asCONCESSIONOr ANTITHESIS. RST imposes no restrictions to
the scope of a relation: a relation may hold between clausesnahe higher levels
of the discourse tree, between sequences of sentencesagragars. For the purpose
of his automatic RST annotation system, Marcu (1997b) ddrimformation from a
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corpus of manual annotations as to how the relations are ugedcu found differ-
ences in the relation type, the satellite/nucleus ordertb@dcope of relations, which
correlated with the use of particular cue phrases.

Secondly, the use of cue phrases is not sufficient to derivdl &RET tree. In
his search for alternative indicators, Marcu (1997b) mestbao-occurrence statistics.
Inspired by lexical cohesion and lexical chains (c.f. Higlif and Hasan, 1976; Morris
and Hirst, 1991), Marcu interpreted a low word concurreret@/ben adjacent passages
as a topic shift. Thus, these passages are less relatedabsages with a higher word
concurrence.

Seemingly, the most obvious cue for relation identificatibercu (1997b) used is
information about the layout of the text. Paragraphs anteseers are used by the au-
thor to convey information on the discourse structure. Towenolaries between them
signify topic shifts and, if marked, can be used to constita#rannotation process. The
annotation system of Marcu related sentences or paragaaphss a whole; a rela-
tion between part of a paragraph and sentences of otherrpptegwas not allowed.
There is nothing in RST which prevents a clause of a senterie telated to another
sentence, but Marcu found that such relations rarely oedurr his corpus.

More recently, Marcu and Echihabi (2002) hypothesized thate are certain
words which by themselves do not provide much informatiooualthe presence of
a relation, but when they occur together, they do. Consluefdllowing example:

11A Yesterday, the sky was blue.
11B Today, the sky was grey.

There is no explicit link or signalled relation between the tsentences, but there
are various instances of lexical cohesion. For instanoenérastis conveyed by the
use of the wordyesterdayandtoday. Marcu and Echihabi (2002) applies machine
learning on a large corpus of raw (unannotated) text in otal@eriverhetorical re-
lations (such asontras) from pairs of words in different sentences (suchyaster-
daytoday). The machine learning method of Marcu and Echihabi congiéttwo
steps. In step 1, the corpus is segmented and potentiabredatre marked, based on
cue phrases. In step 2, concurrence frequencies of word aagrextracted for each
relation type. Once the database of word pair frequencisaistructed, these data can
be applied on unseen text to identify relations. In the c&tigscabove example, a high
frequency of the triple (rained,swontras) would indicate the presence otantrast
relation between the two sentences.
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2.2.4.3 Building a tree structure

Once relations between arbitrary spans of text are idettifarcu (1997b) derives a
full parse for a text by combining those relations into a Brigee. To this end, he uses
the confidence values of recognized relations to assign fildemce value to the tree
as a whole.

The summarization algorithm of Marcu (1997a) requires glsicoherence hier-
archy for summarization. Others suggest individual retegiare useful as such (Blair-
Goldensohn and McKeown, 2006). If a full hierarchy is not guieement for the
application at hand, it may be preferable to use the recegnilations and their con-
fidence values directly, as information (such as confideratees and incompatible
relations) is lost during construction of the RST tree.

2.2.5 Multimedia

Coherence plays a role on an intentional level rather thatherevel of realization.

Although RST is developed for describing coherence in #entré (1995) argued that
RST largely abstracts from realization of information intpaular media. André ap-

plied RST to multimedia documents containing text and insagéter adding a few re-
lations to the relation set of Mann and Thompson (1988) thattat appear in text-only
documents. André used RST for generating coherent mudisméelin et al. (2002)

included RST in their multi-layered multimedia annotatsmmeme. Other multimedia
annotation schemes have been developed (see Geurts €0@B) (@r an overview),

but they typically aim at describing the multimedia conteself, and fail to capture

semantic interrelationships between modalities.

While André and Delin et al. use the same set of RST relatioasnotate image-
text relations as to annotate text-text relations, Mannldrampson acknowledged that
specific applications may call for specific relation setsvihg1981) studied image-
text relations in educational documents for children.

While the coherence model of Mann and Thompson (1988) descthe argumen-
tative structure and understanding of text, Levin focush@role of images in learning
and memorizing. Levin discovered eight relations, randmogn decorativeto orga-
nizational (i.e., the image helps integrating information) ainterpretative(i.e., the
image helps comprehension). Marsh and White (2003) createodel specifically for
image-text relations, but applicable in any domain. Theglymed documents from a
variety of sources and invented a hierarchical taxonomgnafje-text relations. On the
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highest level, they used three relations: weak image-t#ations (e.g. decorative im-
ages), strong image-text relations (e.g. images whichretize the text), and images
which add entirely new information. Each of these three trecategories of relations
are narrowed down to a total of 35 relation types.

Martinec and Salway (2005) proposed a multi-layered aniootacheme for text-
image relations. The first layer of annotation is what thdy siatus either the image
or the text is subordinate to the other, or if they are not,ith@ge and the text are
complementary or independent. That amounts to four pessébations. Thestatus
of Martinec and Salway is comparable to what is annotateddwrn_and Marsh and
White. On the other hand, Martinec and Salway also recodrtize need for anno-
tation of image-text relations of the level of rhetoricalate®ons. Thestatuslayer is
complemented by a layer of what they daljico-semanticelations, which resemble
close similarities with subject matter relations of RST.

2.3 Cross-document relations

A document is designed to have structure. That is what malkeslocument rather
than just a collection of sentences. When searching infoomawe typically have
to deal with a number of documents which may (or may not) glesome of the
information we seek. Should we regard these documents ameidental collection
of documents, or as a cluster with an internal structure ssfitmcuments share certain
properties or are in some other way related? Exploitingsciument relations has
been successful in information retrieval. Brin and Pag®®) .hdexed web pages not
only by their contents but also by the labels of links refegrio them. In the generation
of summaries of multiple news articles, a major concernesidication of redundant
sections, as to avoid providing the same information tweeg.(Mani and Bloedorn,
1999). For creating ‘update summaries’ — summaries to gothe new information
in an article with respect to a number of earlier publicagies the publication date
provides helpful clues to how documents relate.

Trigg and Weiser (1986) devised a framework for relating stngcturing scientific
papers in various ways. Although Trigg and Weiser go beybeddvel of citations,
scientific papers (and also web pages, c.f. Brin and Pag®) 12®e the advantage of
containing explicit links between documents. Radev (2@@3jgned a coding scheme
for cross-document relations (Cross-document Structheoily, CST) aimed at gen-
eral applicability, but the application he has in mind is tahdbcument summarization
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of news articles. His work was inspired by the work by Mann ahedmpson (1988)
on coherence (RST), but unlike coherence analysis, asabysiross-document rela-
tions cannot rely on an author-intended structure. ThisddrRadev to deviate from
RST in a number of ways. For instance, he dropped nuclearitglations. More
importantly, he created a taxonomy for cross-documentiogls from scratch. The
taxonomy includes information-level relations (e.g. ®gience, subsumption, con-
tradiction), relations regarding the perspective or amnof the author or changes in
the state of affairs (e.g. agreement, judgment, followealyange of perspective), and
relations indicating differences in the level of detaib(eattribution, refinement, elab-
oration). CST was applied in summarization by Zhang et &022 in a study using
manually identified CST-relations, but practical appli@atrequires automatic recog-
nition of relations. An attempt to do this was made by Zhangle{2003). They
claim to have achieved promising results, but also reporéa erumber of problems
with hand-coding CST as well as automatic relation recagmit

Two CST-relations in particular received attention in mdticument summariza-
tion: subsumption and equivalence. Equivalence is estadydi by paraphrasing: para-
phrases are ways to express the same meaning. A special fcpaeaphrasing is
synonym detection. Synonyms, but also other useful wonddad relations such as
generalization (hypernymy), can be looked up in a thesaifrasailable (e.g. Word-
net, Miller, 1995). However, thesauri such as Wordnet faceimber of problems.
First, thesauri are constructed manually for each languabeh is a laborious and
expensive process. Second, as thesauri are expensiveldp thely are available in
few languages with limited coverage in most. Even in Wordlddarge thesaurus for
English, not all domains are equally covered. Third, theafdanguage varies with
the domain and perspective. Words may be used interchalygeaine situation and
differ in meaning in another. As a result, one may find synasiyvhich do not apply
in the particular context of interest. These problems maglleviated by automatic
synonym mining, e.g. by means of matrix decomposition naghsuch as singular
value decomposition (Deerwester et al., 1990). These rdstae used to detect that
certain terms often co-occur or appear in a similar cont&kis is used as evidence
that the words are synonyms.

Appearance of different lingual expressions in a similartest is also the basis of
the approach to sentence-level paraphrasing of BarzildyLae (2003). Their intent
is to extract paraphrase lattices from a corpus of compar@loit necessarily parallel)
corpus. For example, given the paraphrdsiisig two other people and wounding 27
andkilling himself and injuring seven peopliéwe can recognize the similar structure,
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we could derive a pair of templatdslling X and wounding Yandkilling X and injur-
ing Y. This idea led to the construction of the DIRT paraphraspu®(Lin and Pantel,
2001), although Lin and Pantel used a more simple reprasamtd paraphrases. They
represented a phrase as a path in a dependency tree betweeeoums, connected by
a verb. If two nouns are found to be connected by the same pathiliiple occasions,
the paths are taken as paraphrases. An example of a pairagtpases in the DIRT
corpus isX produces ¥andX manufactures .YSince paths in DIRT are relatively short
and contain exactly one verb, DIRT concentrates on paraptyaerbs. Marsi et al.
(2007) applied the DIRT corpus for detecting textual entaiht.

Parallel corpora — useful for training machine translaigstems — are also a useful
resource for learning paraphrases (Bannard and CalliswohB2005). Bannard and
Callison-Burch mine paraphrases from a parallel corpughyching for differences in
translation of the same phrase. For instance, if praigs&anslated td in one instance
and toc in another, phrasdsandc are taken as paraphrases. The paraphrasing method
of Bannard and Callison-Burch is discussed in greater ldataection 3.3.2.2.

Paraphrasing is quite similar to the problem of recognitéxgual entailment. Rec-
ognizing textual entailment between two passages is tlkeofadetermining whether
the truth of a passage can be inferred from another passage(dhd de Rijke, 2001,
Dagan et al., 2006). Recognizing textual entailment as araladanguage processing
task is discussed in greater detail in chapter 3.

2.4 Conclusion

Cohesion and coherence are relevant for interpreting iithg@ sentences, and identi-
fying their function in text. Cohesion allows to stage a esminecessary for under-
standing. Coherence allows a message to span more thanmeaceand explains
information-level differences between a text and its pardthough cohesion, co-
herence and grammar are distinctly different phenomesmeagtis interaction between
them that might be helpful for getting a more complete (anefuly model of dis-
course. For instance, grammatical restrictions to the ds®lwesion (e.g. pronoun
agreement in gender or number) help resolving cohesivedras$ conjunctions may
help recognizing coherence relations in text.



Entailment recognition

In many applications, relating text from different docunseis just
as important as relating sentences within a document. Tihégp<€
ter examines the problem of recognizing textual entailn{BTE),
a specific type of textual relations across documents. Thapter
contributes to three aspects of recognizing entailmenprasenta-
tion, matching and evaluation. A new evaluation method appsed
which has guantifiable advantages over existing methodsthéu
more, | compare various new and existing representationraatth-
ing methods in an RTE system on PASCAL-RTE and CLEF-AVE cor-
pora. No method consistently outperformed another methaallof
the subjected corpora.

Progress in summarization is hindered by the lack of a mad@¢scribe the interrela-
tionships between documents in detail. When the sourcetexsummary comprises
multiple documents, redundancy becomes an important.if2edundancy detection
has received attention in summarization, but is usuallyysed for reranking candi-
date sentences, in order to reduce the probability of incudedundant content (e.g.
Carbonell and Goldstein, 1998). Redundancy detectiondctadilitate summariza-

tion better if it was a fundamental part of the summarizaporcess. An example of
how redundancy can be exploited in summarization is the wbMani and Bloedorn

(1999), who tried to find the intersection of the content ofwunents for summary
generation. A step in the direction of an integral represt@mm of inter-document
relations is made with the RST-inspired Cross-documenic8ire Theory (CST) of

29
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Radev (2000) (see chapter 2.3). CST includes an elabordiegcecheme of cross-
document relations, including not only redundancy but aédations such as citation,
contradiction, etc. | take one step back and focus on onépkat CST relation be-
tween passages of different documents, subsumption, aimdilarsrelation which is
not included in the CST relation set, entailment. Althoulgérée is arguably a subtle
difference between subsumption and entailment, for pralateasons, | consider them
synonymous.

The reason to focus on entailment is that the relation is petific for any do-
main but generally applicable in multi-document summaiara(CST is specifically
designed for news summarization). Applications of RTEudel question answering
systems which exploit identification of entailment to venthether a hypothesized
answer is entailed by a text document. A summarization systay use knowledge
of entailment relations between documents to decide wimfdrmation is redundant
and which information to include in the summary. Other pbo&text processing ap-
plications of RTE are information extraction and infornoatiretrieval (Dagan et al.,
2006).

The process of recognizing textual entailment consistsvofstages. First, both
passages are converted to a system-internal representakiven, the passages are
compared in order to decide whether an entailment relatdastbetween them. In the
context of this work, an entailment system was implementeithvuses one of three
possible text representations: syntactic tree, sequenweerds, or bag of words. For
aligning the passages, the system uses paraphrasing callexatching, optionally
with IDF-weighting (Sparck Jones, 1972). We presentedraantof the tree repre-
sentation algorithm with lexical weighting in Marsi et a2006). The paraphrasing
algorithm was presented in Bosma and Callison-Burch (200@)this chapter, the
relative performance of each of the representation methndsalignment methods is
measured.

3.1 Related work

Vanderwende and Dolan (2005) analyzed the PASCAL-RTE t&ts{3agan et al.,
2006) to investigate what percentage of entailment redatomuld be recognized by us-
ing lexical-syntactic information. They concluded thateapectable 34 percent of the
samples could be solved using syntax alone. Bar-Haim 2@0X5) followed up on this
work with a more elaborate analysis, evaluating not onlyuesof lexical-syntactic in-
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formation, but also other inference mechanisms such asygymg meronymy, syntac-
tic transformations and paraphrases. They show that pasgdh have large potential
of increasing an entailment system’s performance on thedJ2ASRTE corpus.

Although hybrid approaches are possible, most RTE systes@m®ne of four rep-
resentations of text: the multiset representation (‘bagafs’), a sequence, a tree, or
a logical representation. Each of these representationseaombined with different
inference algorithms: altering the relative weight of wartheasuring overlap or edit
distance, word stemming, synonymy, etc.

While Vanderwende and Dolan (2005) and Bar-Haim et al. (2088 manual an-
notations, this study seeks to compare performance angzanidle problems of using
various representations and matching algorithms for falifomatic textual entailment
recognition.

3.2 The task

A proper definition of the task is essential for a good un@eding, for devising al-
gorithms and for evaluation of systems for automatic reg¢agnof RTE. We could
also reverse the argument: agreement on evaluation methcetguired to define and
understand the task, because evaluation methods eslsatefaie the task. For practi-
cal reasons, | follow the definition of RTE as implied de fasyoannotated entailment
corpora.

3.2.1 Corpora and evaluation platforms

The most notable annotated entailment corpus is the corpeg im the PASCAL-
RTE evaluation program, which started in 2005. One of th@aa@r used for perfor-
mance measurements in this chapter is the corpus of thedE&BCAL-RTE chal-
lenge (2006), henceforth referred to as the RTE2 corpuskBan et al., 2006). The
PASCAL-RTE program intends to bring together researchens different areas of
NLP who are interested in recognizing entailment. Spedificthe 2006 challenge
focuses on information retrieval (IR), information extian (IE), question answering
(QA) and summarization (SUM).

The corpus consists of a set of passage pairs and a corresgp@mdailment value
(positive or negative). One of the passages is labeletettiethe other is thdnypoth-
esis If the hypothesis is entailed by the text, the pair is a pasigxample of entail-
ment. The passages are usually single sentences, but imskiptences are allowed.
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Pair: RTE2/IR pair 1 (entailment: negative)

Text: As a result of these weaknesses, computer systems and tregiope that
rely on the systems were highly vulnerable to tamperingugison, and
misuse from both internal and external sources.

Hypothesis:Non-authorized personnel illegally entered into compuogtworks.
Pair: RTE2/SUM pair 2 (entailment: positive)

Text: Prime Minister Mahmoud Abbas has offered 'the hand of petxésrael
after his landslide victory in Sunday’s presidential el@att

Hypothesis:Mahmoud Abbas has claimed victory in the presidential elast
Pair: RTE2/IE pair 3 (entailment: negative)

Text: ECB spokeswoman, Regina Schueller, declined to comment @part
in Italy’s La Repubblica newspaper that the ECB council @iicuss Mr.
Fazio’s role in the takeover fight at its Sept. 15 meeting.

Hypothesis:Regina Shueller works for Italy’s La Repubblica newspaper.
Pair: RTE2/QA pair 6 (entailment: positive)

Text: Muslim fundamentalists such as the Islamic Resistance Mew, also
known as Hamas, and the smaller Islamic Jihad are deternnedpedo
the peace process.

Hypothesis:The Islamic Resistance Movement is also known as Hamas.
Pair: CLEF-AVE 2006 pair 1 (entailment: negative)

Text: We will do this on Monday when Atlantis returns to Earth witle tsatellite
German physicist Klaus Grossmann said .

Hypothesis:Atlantis is returns to Earth. [sic]

Figure 3.1: Samples from PASCAL-RTE and CLEF-AVE corporatéNthat CLEF-
AVE may contain ungrammatical hypotheses because the €@sgased on machine
output.

Because different applications of natural language pgisgsope with entailment in
a different way, the RTE2 corpus is divided into four sub cogy each corresponding
to a different application (IR, IE, QA, and SUM). One of théfeliences between the
corpus section is that the sentences to be entailed in ifitomextraction are typically
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Table 3.1: Performance matrix: a text/hypothesis pair hasaaually assigned en-
tailment value (positiveAy; or negative:Ay) and a system-labeled entailment value
(positive:Ly; or negatively).

Ay AN
Ly Xvy Xny
LN XyN  XNN

quite short and uniform, while in summarization, entailin@hlonger sentences may
need to be established. Examples from the RTE2 data are igivegure 3.1.

In addition to the RTEZ2 corpus, | experimented with the Estglsection of the
CLEF 2006 Answer Validation Exercise (CLEF-AVE) corpusiiBget al., 2007). This
corpus is based on results of QA systems participating inCthEF QA evaluation
program. A set of questions was composed for QA systemsuarét) an answer to
the question, and (2) the text snippet in which the answerfaasd. For a subset of
questions, a template was created to transform the QA sisstrmawer into a RTE-
style entailment candidate, i.e. a full sentence. The arsswere manually judged for
correctness, and this judgment was used to determine théneent value. The result
was another entailment corpus, similar in form to the PASEGHILE corpora, although
the type of problems that need to be addressed is slightigrdift, mainly because
(1) the pairs were created by QA engines; and (2) the entativadue is determined
indirectly by judging correctness. Annotators may takéedént decisions when asked
to judge correctness of answers or when asked to determtagneent between the
resulting pairs.

3.2.2 Measuring performance

The goal of a performance metric is to rank systems, algostbr methods by perfor-
mance. If algorithnA is ‘better’ thanB — by some definition — a metric should be
able to detect this difference by assigning a significanditdy score taA than toB.
RTE systems typically produceanfidencevalue for each text/hypothesis pair, rep-
resenting the confidence of the claim that the hypothesistaled. If the confidence
exceeds a certain threshold, the system decides favorali@péeling the hypothesis
‘entailed’ (positive). Otherwise, the pair is labeled ‘moitailed’ (negative).

While it has been suggested that outcomes of an entailm&rdtteer than positive
and negative are possible, the primitives of most perfomaanetrics are the num-



34 CHAPTER 3. ENTAILMENT RECOGNITION

ber of pairs in the four quadrants of the performance mairiXable 3.1. Possible
extensions are discussed in section 3.2.2.3. Alterngtivahked lists can be used to
derive performance measures suclagsrage precision Average precision requires
a list of text/hypothesis pairs ranked from confident of éim@ant to confident of non-
entailment. As average precision approaches RTE as a gqpkiblem, it can only be
calculated for RTE systems which produce a ranking rathaar ghbinary decision.

In PASCAL-RTE and CLEF-AVE, recognizing entailment is ureteod as a pos-
itive/negative classification problem Dagan et al. (200%has et al. (2007). Pairs
are manually annotated as belonging to either of the two satioms of the corpus:
positive Ay) or negative Ay); and pairs are labeled by the system as positiy@ ¢r
negative (). RTE systems face a trade-off between recognizing pesgairs and
recognizing negative pairs. Therefore, to measure pedno®, metrics such as ac-
curacy and F-measure take both aspects of performancedotwiat. The ability to
recognize positive pairs can also be measured separatecal§ i.e. the ratio of
correctly recognized positive pairs (eq. 3.1 below). Samy, the ability to recognize
negative pairs can be measured as the ratio of correctlgnéed negative pairs (eq.
3.2).

Xy
. LA 3.1
Xyy +XyN S
XN,N
= "% 3.2
XNN XNy (3:2)

whereRy is the recall of positive pairs; arfgl is the recall of negative pairs.

Accuracy and F-measure can be written as a functidRyodnd Ry, but they also
depend on the generality of positive pairs in the data set.génerality Gis the ratio
of pairs in the corpus that are Ay:

Ay Xyy +XyN

G: =
Ay +AN  Xyy +XyN+ XNy +XNN

(3.3)

If a metric depends on the generality, the relative effecthanfinal performance
score of system’s ability to recognize positive and negafigirs changes with the
generality. Hence, the generality affects the measurddmpeance of the system and
potentially the system ranking. In anticipation, a systeayias its judgment toward
labeling pairs as positive or negative, depending on theegd generality, as there is
a trade-off between recognizing positive and negativesp@is mentioned earlier, the
goal of a metric is to detect whether one system is betterahather. If the generality

LAverage precision was used in an optional evaluation intivd PASCAL-RTE challenge.
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affects the system ranking, estimating generality is pettt@task as presented by the
combination of metric and corpus. Because RTE systems pieatly embedded in a
larger system to be functional to a user, it is not clear ho Rystems should deal
with a variation in generality. Therefore, it seems plalgsib not include generality as
a factor of system performance and use a generality-indkgpémnetric instead.

In PASCAL-RTE, this issue is solved by normalizing the carpoia generality of
(approximately) fifty per cent. CLEF-AVE corpora are consted from the output of
question answering systems. Given a question, a questsweaimg system produces
an answer and a text snippet from which the answer was eattadhe question and
answer are then rewritten to a hypothesis, of which an RTEsyshould be able to
recognize whether its truth follows from the text snippédiislis a cost-effective way of
corpus construction, but the corpus is constructed by mashof which the behavior
is not known to the entailment system. As a result, the medsperformance of an
entailment system depends on the ‘coincidental’ set of mashwhich created the
corpus.

Specificities of the machines involved should be predietalsl taken out of the
equation. Otherwise the resulting corpus poses an ill-ddftask. An important part
of the dependence of the corpus on individual question amsgveystems is the (un-
predictable) variation in generality, which depends on plkeeformance of question
answering systems. CLEF-AVE corpora are not normalized.

3.2.2.1 Accuracy, F-measure, and generality

Accuracy is used to measure performance in the PASCAL-REHearges. Accuracy
is calculated as the number of correctly labeled pairs (e4). 2\ccuracy can also be
written as a function oRy, Ry andG (eq. 3.5).

_ Xyy +XNN
Xyy +Xy,N+ XNy + XNN

—R/G+Ry(1-G) (3.5)

SiCC

(3.4)

whereS,cc is the system performance measured as accuracy.

Eq. 3.5 shows that accuracy is essentially an averad® @ndRy, weighted by
G. As a (possibly undesired) result, a system evaluated hyracg would focus more
on optimizingRy at the cost ofRy if the corpus generality is known to be greater
than fifty per cent, or vice versa if the generality is smatten fifty per cent. For
instance, if the generality is ten per cent, a system careaelan accuracy of ninety
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per cent by labeling all pairs as negative. State-of-thdRAE systems may not beat
that baseline, as any attempt to recognize positive patreeatost of a slight decrease
in recognizing negative pairs is excessively penalized.CIEEF-AVE corpora, the
generality is typically ten to twenty-five per cent.

There are two ways to remove dependence of accuracy on ¢jgnerae first is
to normalize the corpus to a fixed generality, e.g. (neas) fiir cent, as is done in
PASCAL-RTE. As an alternative, | propose to normalize theuaacy measure:

Ssa= 5 (R +Ru) (3.6)

whereSz, is the system performance measureasccuracy a generality-safe alter-
native for accuracy. While accuracy is the generality-lweggd mean oRy andRy,
G-accuracy is the arithmetic meani®f andRy. Note that eq. 3.5 and eq. 3.6 are
equivalent ifG = .

While accuracy simply measures the ratio of correct judgsiethe F-measure
acknowledges that recognizing positive pairs is only ussfteasonable performance
on negative pairs, and vice versa. F-measure is designe@asure how well both
factors are balanced by taking the harmonic mearecéll andprecision Recall is
Ry, the ratio of positive pairs recognized (eq. 3.1); precistaneasures the pollution
by negative pairs of the set of pairs labeled positive (efy. 88). The F-measure score
 is the harmonic mean ¢y andP (eq. 3.9).

Xyy

e & ) 3.7
Xyy + XNy 37
RYG
= 3.8
RGT(1-Ru)(1_G) 9
_ 2R/P
S = R P (3.9)

As eg. 3.8 shows, precision is a function of generality. lse@se, precision mea-
sures the system’s ability to recognize negative pairs thigtis done as a complex
function of Ry, Ry andG. The F-measure dependsindirectly as well as indirectly,
throughP. If both Ry andG are factored out as primitives &, this leavesRy, the
ratio of correctly labeled negative pairs. Bd®y andP measure the system’s ability
to recognize negative pairs, but from a different perspectRy measures the ratio
of correctly recognized negative samplBaneasures the pollution of the set of sam-
ples labeled positive. Nevertheless, an incread&ofesults in an increase & and
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Table 3.2: The discriminativity of performance metrics,amared as the smallest ob-
served system performance which is significanfly<{ 0.05) better than a baseline
system with an observed performancdef= Ry = 0.7. Smaller numbers indicate the
metric is more discriminative.

PASCAL3 CLEF1

performance metric RY R RY R
recall of positive samplesyy) 0.763 - 0.787 -
recall of negative sampleRy) - 0.763 - 0.729
accuracy $aco) 0.787 0.792 0.993 0.731
G-accuracy $&za) 0.787 0.787 0.791 0.795
F-measureSg) 0.777 0.838 0.857 0.777
G-measure%s) 0.794 0.794 0.796 0.808

¥ Smallest observed improvement®f (with Ry unchanged) to
cause a significant difference in performance.

¢ Smallest observed improvementRy§ (with Ry unchanged) to
cause a significant difference in performance.

vice versa. IfRy is used as a generality-safe alternative to precision, argéty-safe
alternative to F-measure is the following:

2RyRN
Ry + R\
whereSs is G-measure, the harmonic mearRyfandRy.

S = (3.10)

3.2.2.2 Discrimination

The first requirement of a performance metric is to fit the taSke second is how
well it succeeds to detect performance differences betsystiems, based on observed
results. One metric is better than another if it is able t@bdy detect smaller perfor-
mance differences. In order to measure the quality of a metgradually improve the
results of a (non-existing) RTE system. The better the mdtre sooner the difference
between the improved results and a baseline are signifigdhéther one system can
be shown to outperform another depends on (a) the observixtipance of both sys-
tems; and (b) the corpus. An observation consists of thevialues of the performance
matrix in Table 3.1. This can be reducedRp andRy, the observed performance on
the two sub sections of the dat&, and Ay respectively. Corpus variables of inter-
est when determining significance are size and generalttytifese experiments, the



38 CHAPTER 3. ENTAILMENT RECOGNITION

variables of the test set of the third PASCAL-RTE challergf@(samples; 51 per cent
positive; henceforth called PASCAL3) and the test set ofitseCLEF-AVE challenge
(2088 samples; 9.5 per cent positive; henceforth calledFl)&re used with different
performance metrics.

The baseline observation | started withRg = 0.7 andRy = 0.7. These values
are comparable to performance of state-of-the-art RTEerystPefas et al. (2007);
Giampiccolo et al. (2007). For each metric and the corpusiblas of PASCAL3 and
CLEF1, the performance is calculated. Then, onBoandRy is gradually increased
(while leaving the other unchanged), until the observertiase oRy or Ry constitutes
a significant difference in the performance metric usedni8aance is determined by
means of approximate randomization Noreen (1989). Thease of observely or
Ry at which the performance difference is significant can bd femam Table 3.2. For
instance, when using accuracgyd) to measure performance on the CLEF1 corpus,
a system producingy = 0.7 andRy > 0.731 is significantly better than a system
producingRy = 0.7 andRy = 0.7.

Table 3.2 shows that accuracy is not suitable for measuranfppnance on the
CLEF1 corpus, as it poorly detects differencesin although differences iRy are
well detected. This is not surprising: the effect of vaoas by chance dRy on accu-
racy are greater than the effect of slight improvemen®wbn accuracy. As a result,
these improvements d®/ cannot be measured with significant reliability. In gen-
eral, accuracy is less discriminative of system improvemefRy if the generality is
smaller than fifty per cent, and accuracy is less discrimiaatf system improvements
of Ry if the generality is greater than fifty per cent.

F-measure poorly detects differencesjpon PASCAL3 as well as differences in
Ry on CLEF1. In general, similarly to accuracy, F-measure ss l@iscriminative of
differences iRy at a high generality (such as the 51 per cent of PASCAL3). A&s ca
be read from eq. 3.&recisionapproaches 100 per cent as the generality increases to
100 per cent, regardlessif or Ry. This reduces the effect of differencesRg on F-
measure. On the other hand, as the generality decreasefieitieof differences iRy
on precision increases, and precision itself decreasdsgitg, approaching zero as the
generality approaches zero. Because, in F-measure, ssxhfirecision are averaged
as the harmonic mean, significant improvementRomay be attributed to variation
by chance irP (and indirectlyRy). Thus, F-measure is less sensitive to improvements
of Ry at low generality.

G-accuracy and G-measure perform reasonably well underrallmstances. G-
accuracy is slightly more discriminative than G-measuréer€&fore, G-accuracy is
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the preferred metric, unless the task demands a balan@e andRy, in which case
G-measure is preferred.

3.2.2.3 Application

Two metrics are proposed as generality-safe alternatvesduracy and F-measure,
i.e. G-accuracy (eq. 3.6) and G-measure (eg. 3.10). G-acgis the arithmetic mean
of Ry andRy; G-measure is the harmonic meanRyfandRy. The harmonic mean is
preferable if a balance &t andRy is required: a system which focuses on optimizing
eitherRy or Ry scores low on G-measure but may still perform reasonably ovel
G-accuracy.

An advantage of G-accuracy and G-measure with respect togaeerality-de-
pendent counterparts is their applicability on all corpdrhis opens up opportunities
to harvest text/hypothesis pairs in a less restricted maiihe authors of CLEF-AVE
corpora show that innovative ideas can lead to new ways sdemdrpora, but current
performance metrics may be unsuitable for these corporacdiracy and G-measure
apply to all RTE corpora, regardless their generality.

So far, we assumed two possible outcomes of an entailmenpiestive (T F H)
and negativeT # H). Contradiction(T E —H) has been suggested as a third possible
outcome as a special case of non-entailment Giampiccolb @0®7). How well do
the proposed metrics scale to interpretations of the RTIEite®Iving more than two
classes? If an arbitrary number of classes (e.g. positagative, ...) is used, recall can
be calculated for each class individually. Red&llof samples of classis calculated
as follows:

R G

s (3.11)
wherecc is the number of correctly identified samples of clasandc, is the total
number of samples of clags Now, we can calculate for any number of classes the
G-accuracy score (the arithmetic mean recall, eq. 3.12}l@nG-measure score (the
harmonic mean recall, eq. 3.14). If some classes are morerteng than others,
e.g. if recognizing positive pairs is more important thacogmizing negative pairs, a
weighted average can be used for G-accuracy (eq. 3.13) anddSure (eq. 3.15). The
G-accuracy and G-measure values as calculated in eq. 3.6qar@l10 respectively,
are the special case in which there are two equally weightesses.
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Soa= 5] R (3.12)

-1

Scaw = (;Wc> . ;WCRC (3.13)
-1

Ss=Iic| - (zﬁ) (3.14)

Sow = (C;WC> . (CG %) B (3.15)

where||C|| is the number of classeR is the recall of class (eq. 3.11); anav; > 0 is
the relative weight oR; in the performance measure.

3.3 Entailment experiments

3.3.1 Representation: tree, sequence or bag of words

Texts are modeled as a bag of words, a sequence of words oegeadincy tree:

e amultiset(or bag) is constructed by simply taking all words from the text g@p
— a multiset is a set which may contain multiple instancef©iefsame word,

e asequences a linearly ordered list of words;

e alabeledreerepresentation of a text snippet is derived from dependéees
generated by Minipar (Lin, 1998). In order to retain compdity between
structural representations, only the terms and lemmastaentiée structure of
the dependency tree are used; not part-of-speech tagsemdiemcy relations. If
a text snippet consists of multiple sentences, a new roa reockeated to which
each of the sentences is attached.



3.3. ENTAILMENT EXPERIMENTS 41

Figure 3.2: The tree on the right is a valid subtree of the drethe left.

3.3.1.1 Multisets and sequences

Although the same techniques (e.g. IDF, stemming) may béeab each of these
representations, matching algorithms are representsgiecific. In the case of a mul-
tiset, the entailment scorfgitise T, H) of a textT and a hypothesid is calculated as
the number of shared words divided by the number of wordsehttpothesis:
fmuttise( T,H) = Hmﬂ h_' H (3.16)

The longest common subsequence (LCS) is used as a measundarity between
sequence representations of text snippets. In contrastilistrings a subsequence
does not require adjacency. For instande3) is a subsequence but not a substring
of (1,2,3). LCS is also used by the ROUGE (Lin, 2004) summarizationuatain
package to measure recall of a system summary with respeciiodel summary.
Here it is used to approximate the ratio of information in lypothesis which is also
in the text. A longest common subsequence of aTexhd a hypothesid is defined as
a longest possible sequence which is a subsequence oTkanidH. The entailment
score of a tex and an hypothesH is formally defined as follows, where the symbol
C indicates the subsequence relation between two sequences.

fsequenceT,H) = max{ H |IQCT;QCH } (3.17)

3.3.1.2 Trees

The definition for subsequence matching is extended to byeseasuring the largest
commonsubtreerather than the longest commeubsequenceThe trees for text and
hypothesis are dependency parses obtained from Minipar {998). If the text con-

sists of multiple sentences, the dependency trees aradjbiynadding a new root node
as the parent node of the root nodes of individual sentences.
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For a tree to be a subtree of another tree, nodes may be ‘sKipppte hierarchy.
For example, the tree on the right in Figure 3.2 is a subtréeedeft tree although node
B is missing in the hierarchical relation betwegrandC. However, the hierarchical
relation must not be changed: if two nodes have a hierarchatsion in the subtree,
they have a (direct or indirect) hierarchical relation ia Bupertree.

The algorithm used for aligning trees is presented in Marsi.g2006). Here, a
modified version of the algorithm is used in order to enabteint term weighting
methods. The largest common sub tree of a text Tread hypothesis tred is de-
fined recursively, but it ultimately relies on lexical sianiity. For lexical matching, a
functionsim(H, T) is used to return the lexical similarity of the words asstadawith
the root nodes afl andT.

simH,T)=1, ifterm(T)=termH)

=1, iflemmdT)=IlemmdgH) (3.18)

=0, otherwise
fsubtree(HaT) = maX{a“gn(HvT)?Sklp’l(H7T)7Sk|p(H7T)} (319)
align(H,T) = sum{H -skip(hi, T) |[hie H} + H?lﬂ ~sim(H,T)} (3.20)
skip(H,T) = maX{H - fsubtred i, T) | hi € H} (3.21)
skip(H,T) = max{ fsubredH,tj) [t € T} (3.22)

The functionfsypired H, T) finds the largest common subtreetbfandT by align-
ing nodes ofH with nodes ofT. The parent/child relation between nodésand n;
respectively, is denoted by € N. The size of a tree of whicN is the root node is
denoted by|N||. Size depends on the number of nodes, but the size of indilthdes
may vary, depending on the term weighting scheme used. Goethim starts with the
root of the text and hypothesis trees, and then traverses tlwvrees while aligning
nodes to obtain the largest common subtree. At each steplgbethm described by
fsubtreemakes one of three possible decisions:

1. It adds the current node to the candidate-largest commbtree (eq. 3.20).
Then, each of the hypothesis child nodes are aligned withéisepossible text
node.

2. It ‘skips’ the current hypothesis node and enters eitlietsochild nodes (eq.
3.21). Consequently, any other child node is excluded fitoerelignment.
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Figure 3.3: G-measure scores for RTE 2006 subsets (RTERMEZ/IR, RTE2/QA,
RTE2/SUM), and for CLEF-AVE 2006.

3. It skips the current text node (eq. 3.22). The current Hyggis node is aligned
with the best possible child of the text node.

The entailment score is calculated as the ratio of nodekwlhich are in the largest
common subtree. This is to reflect the asymmetric nature wiilerent: T entailsH
if information in H can be derived fronT, but the reverse is not necessarily true. In
effect, this means that nodesbtan be aligned with multiple nodesdf, but not vice
versa, and only the number of aligned hypothesis nodesibaterto the entailment
score, not the number of aligned text nodes.

The computational complexity of the algorithm is reduced dagching values
fsuntredH, T) @s soon as they are calculated. This reduces the complextjianction
of [|[H|| to O(r?).

3.3.1.3 Representation and performance

By using increasingly sophisticated data structures, mdocgmation is contained in
the structure of the text itself in addition to its contenigufe 3.3 shows that using
structural information increased performance on the RIERTE2/IR and RTE2/QA
corpora: although the multiset representation perfornettebthan or similarly to the
sequence representation on all corpora, the tree repatsenoutperformed the mul-
tiset by 5.5%, 7.3% and 4.2% respectively. On the other hidgnedsystem which used
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the tree representation performed worse on corpora whichttehave longer text and
hypothesis snippets, i.e. RTE2/SUM (-0.6%) and CLEF-AVE3%). A possible ex-
planation for this is that RTE2/SUM and CLEF-AVE containden sentences and thus
more sentences with complex syntactic structures, whiasesdependency parsing
to be less reliable. In particular, the CLEF-AVE corpus eamé more grammatical
errors and incomplete sentences, again resulting in l&ableedependency parses.

With respect to differences in absolute performance oedfit corpora, the scores
in Figure 3.3 are in line with earlier results. The IE sub$d®DE2 appeared very hard
during the RTE2 challenge, while the best results were aelien SUM (Bar-Haim
et al., 2006).

3.3.2 Alignment: IDF and paraphrasing

3.3.2.1 Inverse Document Frequency

Various methods have been proposed to assign weights teweodinstance, Rodrigo
et al. (2006) performed Named Entity Recognition on the GIAYE corpus to detect
entailment by finding named entities which appeared in dothiext and the hypothe-
sis. In order to do so, they effectively assigned a weighttof&ll words which are not
part of a named entity. Usinigverse document frequenci@®F) is a more general
way to assign greater weights to uncommon words — often nbmterds — than to
common words, which are usually function words (Sparcke3p®972). In contrast to
named entity recognition, calculating IDF requires no lirstic knowledge and can be
applied to any text.

The IDF value of a term in a set of documents is calculated edatparithm of
the number of documents in the document set, divided by tihebeu of documents
containing the term, or formally:

Dl

Idf(t,D) = log ||{d| | deDAte dl}”

(3.23)

whereidf(t,D) is the IDF value of ternt in document seb.

Each of the presented alignment methods measure the payeeasftthe hypothesis
that can be aligned in the representation used. The weighteddt string is its length,
measured as the number of words. IDF weighting is applied égsuring the length
of a text string as the sum of the IDF values of its words, madtef weighting each
word as 1.
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Figure 3.4: Relative improvement of performance when ukdgweighting of words.

Table 3.3: Examples paraphrases and probabilities forhhesp ‘dead bodies’

Phrase P
bodies 0.21
dead bodies 0.17
body 0.09
deaths 0.07
dead 0.07
corpses 0.06
bodies of those killed 0.03
the dead 0.02
carcasses 0.02
corpse 0.01

Figure 3.4 shows mixed performance effects of IDF weightidgain, corpora
containing short hypotheses appear to behave differenathy €Eorpora which use more
elaborate text snippets, i.e. RTE2/SUM and CLEF-AVE. Hosvewhile IDF appeared
to increase performance on RTE2/IE and RTE2/QA, it neggtiséfected RTE2/IR
performance. This may be explained by the relatively frequse of synonyms and
paraphrases in RTE2/IR, RTE2/SUM and CLEF-AVE, compared®Ri&2/IE and
RTE2/QA, which is not covered by IDF weighting.
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3.3.2.2 Paraphrase substitution

Integrating paraphrasing in an entailment system is a wagtect natural variation in
language. Entailment can be detected if a paraphrase oygwtesis is can be shown
to be entailed by the text. For paraphrasing, a large corpypam@phrases is used.
Paraphrases were extracted from parallel corpora usingngteod of Bannard and
Callison-Burch (2005). Bannard and Callison-Burch sedoctphrases which trans-
late to the same phrase in another language. Candidatepasap were found by first
identifying all occurrences of the English phrase to be jplarased, then finding the
corresponding foreign language translations of the pheas#finally looking at what
other English phrases those foreign languages translaigdtb. Note that “phrase”
here simply means (ordered) sequence of words. As an exahgllke 3.3 shows the
paraphrases that were automatically extracted for an &nglhrase. Because para-
phrases do not always correspond to syntactic boundagespiprase substitution was
only applied to text represented as sequences, not to sigriraes.

In order to assign a ranking to a set of possible paraphrBsesard and Callison-
Burch used a paraphrase probabifie, | e1), which is defined in terms of two trans-
lation model probabilitiesp( f | e;), the probability that the original English phrase
translates as a particular phralsen the other language, amue; | f), the probability
that the candidate paraphrasdranslates as the foreign language phrase. Sincen
translate as multiple foreign language phragas,marginalized out:

p(ez]e1) = Z p(f le)p(ez] f) (3.24)

The translation model probabilities can be computed usnygstandard formula-
tion from phrase-based machine translation. For exanm&,| f) can be calculated
straightforwardly using maximum likelihood estimation bgunting how often the
phrase® and f were aligned in the parallel corpus:

count(ey, f)
yecounte, f)
The definition of the paraphrase probability is extended¢tide multiple corpora,
as follows:

p(ez| f) (3.25)

ce inc f f
p(ezlel)%z cf F|)|(C||| e)p(ez| ) (3.26)

wherecis a parallel corpus from a set of parallel corpGralrhus multiple corpora may
be used by summing over all paraphrase probabilities cledlifrom a single corpus
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Text: Clonaidsaid, Sundaythatthe cloned baby, allegedly born to an American
woman,and her family were going to returto theUnited StatedMonday
but where they live and further details were not released.

Hypothesis: Clonaiédnnouncedhat motheranddaughter would be returning
theUS onMonday

Substitutions:
the US  — the United States (scorey — 5)

returning — return (scoreiy — 1)
said — announced (score; — %)

9 10
on Monday— Monday (scorey; — 14

Paraphrased hypothesis: Clonaid said tmadtheranddaughter would besturn
to the United States Monday

Figure 3.5: Example of hypothesis paraphrasing by sulistitu

(as in Equation 3.24) and normalizing by the number of pelralbrpora. The para-
phrase probabilities are calculated using the Europadlighicorpus (Koehn, 2005),
which contains parallel corpora for Danish, Dutch, Englistench, Finnish, German,
Greek, Italian, Portuguese, Spanish and Swedish.

Paraphrase extraction is attempted for every phrase inypethesis of up to 8
words. After generating these candidate mappings the hgpi is iteratively trans-
formed toward the text by substituting in paraphrases. flei§ub exemplifies the para-
phrase substitution process. At each iteration, the gubisti is made which consti-
tutes the greatest increase of the entailment score. Tlessstops when no more
substitutions can be made which positively affect the éntt score. By example, in
Figure 3.5, the paraphrase of the hypothesis is obtainednoyrder of substitutions.
To prevent overgeneration, a word which was introduced ehypothesis by a para-
phrase substitution cannot be substituted itself. In afdithe relative contribution of
a substitute to the entailment score equals the contribatidhe substituted phrase.
For instance, after the substitutitte US— the United Statess made, the entailment
score has increased fro to 2 + 3 - 2 = -4; not £, because the relative weight of
the US(i.e. -1—24) will be retained after substitution.

In the example of Figure 3.5, paraphrasing caused the lerigiie LCS to increase
from 43% (1%) to 71% i—g). The words in italics are the words which are aligned with
the text sentence, i.e. which are part of the longest commbsesjuence. Figure 3.6
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Figure 3.6: The effect of IDF weighting and paraphrasing em&asure scores.

shows that when combined with LCS, paraphrasing adds ceradity to performance
if the hypothesis is a very short sentence, as was the casdt62/IE and RTE2/IR.
On the QA and SUM subsets of RTEZ2, the corpora with longeeseass, paraphrasing
only increases performance if no IDF weighting is used, anthe CLEF-AVE corpus
paraphrasing reduced performance regardless of the uBg-afi¢ighting.

Earlier experiments using the same paraphrasing methagestegl that paraphras-
ing performed considerably better than a system which uls#is pCS (Bosma and
Callison-Burch, 2007). The explanation for this is that iosBia and Callison-Burch
(2007), no representative training data was available lamthreshold value was deter-
mined by training on PASCAL-RTE data. As a result, both syst¢with and without
paraphrasing) underperformed. The results as presente@iebased on the average
of a large number of cross-validation experiments.

A possible explanation of the poor performance of the pasghg system on
the RTE2/SUM and CLEF-AVE corpora is that the paraphrasstgution algorithm
IS more prone to overgeneration on long sentences than ateslsentences. For
instance, Table 3.3 shows that the phrasdies of those killets a paraphrase afead
bodies If, in a text/hypothesis pair, the hypothesis containedghrasalead bodies
and the text was unrelated but contained the phoat®ose the substitution algorithm
would substitutelead bodie®y bodies of those killedThis would result in a common
subsequence of at least the two woodithose This type of overgeneration occurs less
frequently on shorter sentences.
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3.4 Conclusion

Both the evaluation metrics @fccuracyandF-measuredepend on the generality (the
ratio) of positive samples in the test set, although thisedepnce is unmotivated as
part of the task of recognizing textual entailment. Thisgsogroblems to ‘unconven-
tional’ corpora such as the machine-constructed corpusL&FCAVE, in which the
number of positive and the number of negative samples deperekternal systems
whose behavior is unknown. In such cases, the proposedalgynéndependent alter-
natives ofG-accuracyand G-measurgwhich average recall of positive samples and
recall of negative samples) produce more consistent systekings. Furthermore,
G-accuracy and G-measure are shown to be fairly discrimmeggardless the corpus
composition, while accuracy and F-measure may performiderably worse if the
generality of the corpus is not tailored to the metric. Then€asure metric is used for
all experiments with RTE systems in this chapter.

Rather than to focus on a specific approach, performance wapared of an
entailment system using various increasingly sophistdtaéxt representations and
matching algorithms. We presented the tree-based algomgrlier in Marsi et al.
(2006), and the method for paraphrase matching in Bosma atlid&h-Burch (2007).
IDF weighting was combined with each text representatione B the phrase-based
nature of the paraphrasing method, paraphrasing was oipljedpto the sequence
representation, both with and without IDF weighting. Reses required for these
methods are limited to a dependency parser (for the tre@septation of text), and
an aligned bilingual corpus (for paraphrase extractiomthese experiments, Minipar
(Lin, 1998) was used for dependency parsing and Europarliip2005) for para-
phrase extraction.

Although results show that more sophisticated text reptasiens, IDF weighting
and paraphrasing result in a performance gain in some cstamoes, no consistent
improvements were achieved on all five corpora. The corpsed are the four subsets
of PASCAL-RTE 2006 (IE, IR, QA, SUM) and the CLEF 2006 Answaalidation
corpus. The strong variation in performance gain on theggota indicates that the
decision whether or not to use these methods for recognezitagiment should depend
on the type of corpus. Some but not all differences in peréorce between corpora can
be accounted to physical properties of the text, such asseatength. This suggests
that different information is needed for solving RTE in difént corpora (representing
different applications). The variety of applications mag & considerable problem
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for defining RTE. To my knowledge, no serious evaluative gtafithe entailment
annotation task has been performed to show that the taskastiwell defined.

In order to enable better comparison of RTE systems, it mawdr¢hwhile to
evaluate RTE systems against corpora which are annotatédtypies of inference
required (e.g. logical inference, paraphrasing, synteather than or in addition to
application-oriented annotation (information extragtiquestion answering, etc.).



Methods for automatic text summarization

This chapter reviews advances and issues in automatic sugana
tion. The chapter contains an overview of applications ofiswariza-
tion, similarities with human abstracting, evaluation mmadology,
content selection methods, and text revision summarizatethods.

In the 1950s, Luhn (1958) invented the “auto-abstract”. dswan abstract generating
by a computer system capable of condensing text automigtidalwould facilitate
decisions as to whether or not a document was worth readiogg®o, it would save
time to potential readers and thereby improving accessftonration. Since 1958,
automatic abstracting has not only evolved but also ditfused many applications
appeared, from biography generation to query-focusedaaisty. However, a set of
core concepts and common methodology applies to a wide mainggtural language
processing applications we callimmarization Since 2001, directions in automatic
summarization have been greatly influenced by BliCevaluation program by the
National Institute of Standards and Technology (NIST) whitcludes a yearly auto-
matic summarization competition.

Mani (2001) defines summarization quite accuratelgksg an information source,
extracting content from it, and presenting the most impartoontent to the user in a
condensed form and in a manner sensitive to the user’s ori@gn’s needs An
assumption in this definition is that some content is moreoirigmt than other content.
Also, the definition is quite general and open to interpretat First, it imposes no
restrictions on the type or form of the source, i.e. the imfation being summarized.

Document Understanding Conferenkiy:/duc.nist.gov/

51
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The source may be a single text or multiple documents byréifteauthors, it may be
a single paragraph or a multimedia document with a rich nogwkSimilarly, the pre-
sentation may vary from a fully grammatical text to a list efylwords characterizing
the source. And finally, the user’s or application’s needy @aiféect the form of the
summary (e.g. use of language and multimedia, summaryhgogits content (e.g. a
user query).

In other words, the techniques and strategies for sumniemzdepend on the
user’s needs. Examples of summaries of news articles avensind=igure 4.1. News
headlines or abstracts can be used by potential readersittedehether the article is
worth reading or not, or they can be used to get a quick owergfeéoday’s news. Pop-
ular search engines also use some form of automatic sunatiarize.g. by showing
an excerpt of a web page where the query terms are found (gesH.1).

Note that the definition of summarization of Mani deviatesrirpopular use of the
term summarizatiofi by including applications such as bibliography generatiod
guery-based summarization. Nevertheless, | follow thi;xd®n as it is accurate for
the field of automatic summarization. Summarization carubelisvided into indicative
or informative summarization, generation versus cutjpaste summarization, single-
document versus multi-document summarization, genersugsquery-based summa-
rization, and extracting versus abstracting.

Single-document versusmulti-document.  Early text summarization systems aimed
at creating a condensed version of a document, containihgtbe@ most important
information. In some cases it may be useful to extract indrom from a number of
documents, and create a single summary containing the rabshtsinformation of
those documents. Multi-document input to a summarizatystesn may be preferred
if no single document has sufficient coverage, but a set alimhents has.

For instance, news articles often provide only the latestsné search foKosovo
on Google newstoday (May 2007) returns only the latest news of the UN plan fo
independence of Kosovo. It is not a good source of infornmaéibout the run-up to
the plan. If a user demands a complete overview of the courseemts, s/he has to
read a number of previous articles as well. Multi-documemmarization provides a
solution by summarizing a broader range of articles. A spease of multi-document

2summary. (n.d.).a comprehensive and usually brief abstract, recapitulatior compendium of
previously stated facts or statemerititp://dictionary.reference.com/browse/summary
Shttp://news.google.com
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Headline: Former Russian leader Yeltsin dead (source: CNN)

Newspaper abstractRUSSIA'S FIRST PRESIDENT HAS DIED: His legacy re-
mains controversial: he won the first democratic electidrussia’s history,
and presided over war, political tumult and economic caéagsource: In-
ternational Herald Tribune)

Altavista search results:
World reactsto Yeltsin’s death - CNN.comFormer Russian President Boris
Yeltsin, who presided over the demise of the ... World resxtéeltsin’s death.

Adjust font size: ...
edition.cnn.com/2007/WORLD/europe/04/23/yeltsinctam.reut
More pages from edition.cnn.com

Figure 4.1: Various types of summaries.

summarization is timeline summarization, where a sumreageeates a timeline of
the course of events on a specific topic (e.g. Swan and AlBEOR Another branch

of summarization are so-called ‘update summaries’, whegesummarization system
has knowledge of the user’s prior knowledge, and mentiomg what the user does
not already know (e.g. Witte et al., 2007).

News articles may be written from different perspectives. Mbanian and a Ser-
bian newspaper may emphasize different aspects of the sang er may plainly
disagree. Opinion mining is used to extract opinionatedamparative statements
from multiple documents (Jindal and Liu, 2006; Mullen andldde, 2006). Similarly,
a journalist writing about car safety measures may focushendgal side of seat belt
regulations, while another emphasizes how car manufastdeal with this problem.
The most relevant information from both perspectives mayiesented in a single
summary (Dang, 2005).

Finally, news articles may have information overlap, eveghey are complemen-
tary. This can be exploited by a multi-document summarizealise occurrence of a
particular concept in many source documents may be regargeditive indicator of
its importance (c.f. Erkan and Radev, 2004). On the othed haalso complicates the
summarization process, as it should be avoided that the isdiommation is mentioned
twice in a summary.

Multi-document summarization introduces several othallehges. Multi-doc-
ument summarization requires additional preprocessinguster documents on the
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same topic. A multi-document summarization system fact#srdnces in publication
dates of sources, conflicting opinions or perspectivesrimétion overlap and other
relations between documents (these have been addresseddrmatail in section 2.3,
and in chapter 2). Instances of these phenomena may prosefal information for
improving a summary, but failing to detect them may negétiedfect the quality of
the summaries. In sum, a single-document summarizer mdgiegppectations about
the document and its organization, knowing it to belong teréain genre and to adhere
to corresponding writing conventions.

Indication versus information. The summaries of Luhn (1958) were intended to
provide the reader with sufficient information to determwnleether reading the full
document is worthwhile or not. Condensing a document far ploirpose is calleoh-
dicative summarizatianOr, as the ANSI 1997 abstracting guidelines (NISO, 1997)
put it, anabstract written in indicative mode describes rather thamgphrases the
original document and its content3 he indicative summary should just describe the
purpose or scope of the source document. Another early dravhjindicative sum-
marization is Edmundson (1969), who extracted key senssinom scientific publica-
tions to help researchers or information analysts find cegmize documents. Other
types of indicative summarization are keyword extracti@ay and Jacobs, 1991) and
headline generation (e.g. Banko et al., 2000). Keywordaetion involves finding
the terms which best describe a particular document. Keywgiraction and headline
generation fall within the definition of summarization asiessentially creating a con-
densed version of a longer document. The main purpose ofdelprand headlines is
to facilitate the user’s decision to read on or not (Zajicletz902).

In contrast to indicative summaries, informative sumnsaee intended tmmform
the reader, rather than to serve as a relevance indicatoumnsiry may serve both
an indicative and an informative purpose, and the bounsidéeéween indicative and
informative summarization is not always obvious.

The difference between indication and information reflécthe way summaries
are evaluated (see also section 4.2.3 on utility-basediatiah). For instance, the
indicative summarization experiments of Minel et al. (1p@¢luded a user evaluation
of the presence of ideas in the summary which are essentiardevance assessment.
In addition, Minel et al. had an informative task which ragdithe summary to retain
alsorelations between ideas, such as cause-result, solutionhood, djeagoa, list
and contrast. Thus, writing an informative summary is mamanding since more
criteria must be satisfied.
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Later work in summarization has focused mainly on creaturgrsaries form mul-
tiple documents, which are presented to the user withoutteis to the source docu-
ments (c.f. Dang, 2005). The lack of source pointers in tesgmtation of the summary
makes this type of summarization informative by definition.

Generic versus query-based. The fact that a summary is requested implies a po-
tential information needGeneric summarizatiors the type of summarization where
this information need is not formulated in any way. In thiseahe information need
can only be derived from the fact that a summary of the docirmedocument set
is requested. The summary should resemble the informatiochvthe authors of the
original documents deemed most important. Phrased diffigrean author writes a
document in order to answer a (possibly unspoken) quesBemeric summarization
is answering this question in a more concise form than thiecaugriginally did. In
guery-based summarization, an expressed informationisemailable to the system
in the form of a query. The ideal answer would match the ieetren between the
author’s implicit question and the user’s query.

But what is a query? The aim of question answering systemisasta answer
a query. Apart from the fact that query-based summarizaystems usually provide
more verbose answers than question answering systemsrhgiteryin query-based
summarization is less strict thargaestionn question answering. In the TREC ques-
tion answering evaluation campaign, queries are from adl@gt of question types.
In TREC 2003, the questions were factoid questions (questar years, names, etc.),
list questions (e.gwhich cities have Crip gang$-r definition questions (Voorhees,
2003).

In query-based summarizatiotine querymay pertain to the type of summary re-
quired or to the information requested in the summary. Fstaimce, in DUC 2005, the
guery included a user profile which was used to express theuderior aspecificor
generalsummary (Dang, 2005). The query may also take the form of atopure(e.g.
What devices and procedures have been implemented to ienpuemobile safety?
or an assignment in imperative form (e@escribe developments in the movement for
the independence of Quebec from Canaddani and Bloedorn (1999) used arbitrary
keywords as queries to a query-based summarization sySieenof the tasks in DUC
2004 was to produce query-based summaries in responsertegjokthe formwho is
X, where X is the name of a person or a group of people. Quergebsismmarization
became the main task of DUC in 2005, where the query was ph@sassignment
comprising one or more sentences phrased as questions erativgs.
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Nevertheless, there is no clear boundary between quest®mesing and query-
based summarization, as question answering is moving tbl@as focused questions
and longer answers. For instance, TREC 2004 introdutledr questions, to which
the system has to respond with ‘relevant remarks’ about argétopic, such a€rip
gangs

Extracting versus abstracting. A human summarizer typically does not create a
summary by copying (extracting) sentences verbatim fromuace into the summary.
Rather, s/he would abstract from the source, and write a fugnoontaining the most
relevant information in different wording. Kupiec et al9@5) analyzed the manual
summary creation process by comparing sentences of mgraratited summaries
with sentences of the source text. They identified the fahgwsummary sentence
types, based on their relation with the source document.

Type |. direct sentence matches (79%) sentences which are copied verba-
tim or with minor modifications from the source.

Type II: incomplete single sentences (4%)sentences which can be matched
with a single source sentence, but they do not fulfill the tramsts of
direct sentence matches, because the content of the sursemence
is a subset or a superset of the content of the source sentence

Type Il directjoins (3%)— sentences which are created by combining two or
more sentences from the source with minor modifications.

Type IV: incomplete joins (5%)- sentences which can be match with two or
more source sentences, but they do not fulfill the consgahtlirect
joins for the same reasons as that type Il is incomplete.

Type V: unmatchable sentences (9%) sentences which are created from
a general understanding of the text, rather than one or nones
sentences.

The termextractingis sometimes defined as creating summaries by copying parts
of the source text (Radev et al., 2002a). The extracted tetd onay be paragraphs (e.g.
Mitraetal., 1997), sentences (e.g. Goldstein et al., 1688yen smaller (Witbrock and
Mittal, 1999). In contrastabstractingrefers to creating summaries by paraphrasing
the source in a concise manner. Many state-of-the-art suinatian systems perform
some form of post-processing on summaries, if only for égthieasons. This may
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include for instance normalizing punctuation or removingjactive adjuncts (such as
but). By definition of Radev et al., these summarization systeimsld be character-
ized as abstractive.

As an alternative to the extract/abstract distinction ofi@®aet al., summarization
may be seen as a two-stage process, consisting of extractthgbstracting. Extract-
ing is the process ddelectingpassages for inclusion in the summary. Abstraction is
the further processing of those passages into a summarsipposcluding sentence
compression, sentence fusion, etc. | use the temtractingand content selection
synonymously.

The table of Kupiec et al. shows that most summary sentenees79 percent)
were used with only minor modifications, suggesting that rnaetion system with
no or a simplistic abstraction strategy may be reasonahldgessful. However, care
should be taken when interpreting these numbers, as reddtapirical studies such
as these may be heavily dependent on the application andigjhescused. For instance,
a similar study by Jing and McKeown (1999) resulted in sulisly lower numbers:
42 percent for direct matches and another 36 percent of #ree(r single-document)
summary sentences matched 2—-3 source sentences.

The majority of summarization systems use only shallow wstdading of text,
and is therefore restricted to using type | sentences taicarta summaryCompres-
siontechniques can be used to create type Il sentences. Textecaonpressed on
a sentence level (Jing and McKeown, 1999; Knight and Mar6002e.g.) by reduc-
ing the sentence size while retaining grammaticality amdntiost important pieces of
information. Witbrock and Mittal (1999) applied compression a document level
by using bigram-based language generation. Marsi and Keal@2905) use sentence
fusion to aggregate information from multiple sentencés ansingle sentence. These
technigues enable construction of sentences of type I11\énd

True abstracting however, involves rephrasing and passlistilling information
which is left implicit in the source text. For instance, n@aper articles concerning
the murder of the politician Pim Fortuyn contained many gtiots of politicians and
statements of people’s opinions. A human summarizer migherlize this in a type
V sentence by statingdutch as well as international politicians have expresdezirt
grief and disbeliefvan Halteren and Teufel, 2003).

This type of summarization requires a deep understandirtjeosource and the
ability to derive new information by means of inferencinggemeralization. Since
type V sentences constitute only 9 percent of the summargsees, it is unclear how
not being able to create these sentences would affect tHaygofathe summaries.
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Kupiec et al. do not answer this question. Neverthelesmifay type V sentences are
considered an important next step in automatic summaoizati

Generation versus cut-and-paste. The quality of a summary may benefit from us-
ing domain knowledge. Most summarization systems use dokrawledge in one
way or another. The features they use to determine how mléveormation is to a
summary (user) may be tailored to specific genres. For instamamed entities (i.e.
names of persons, monetary units, expressions of timereag)be a key feature in
newspaper summarization, while they are less relevant whemmarizing medical en-
cyclopedic text. Some summarization systems exploit tioé tfaat some genres or
sources tend to start with an abstract. Also, a system mayredtto a particular
domain by training on a particular data set. Newspaperlestiare a popular domain
of text summarization systems, most likely due to the aboodaf resources and the
proliferation of information, and they have been used eaear to date in the main task
of DUC.

Cut-and-pastesystems extract information, possibly apply inferencimggener-
alization, and then revise where needddeneration-basedummarization systems
are a class of summarization systems which make extensavef ukomain knowledge.
Generation-based systems generate summaries from sedidata rather than directly
from text. Possibly, the data source is derived from text lBans of information ex-
traction. Information extraction is the process of pogataga structured information
source (e.g. a database or a template) from an unstructui@@hiation source (such
as free text). From the resulting structured informaticetural language generation
can be used to generate fluent text (Theune et al., 2001).

By example, suppose we are interested in company mergergishwa specific
company is involved. We might search a database of newspaxiteior articles de-
scribing mergers. Beforehand, we know that two parties addta are related to
any merger, and this information is likely to be found in aticde describing such an
event. We may add information (such as a price) as needed.infdrenation may
be extracted from the article using information extractechniques by instantiating a
template with three slotgcompany,company,date), and then scan the article for a
date and the names of the companies in relation to the takdbweesufficiently large
number of newspapers is searched, we (hopefully) have aletangverview of all
mergers which interest the user, and we can present thisim&kne or as fluent text
by means of language generation.
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High quality summaries are possible when using generaliointhe type of sum-
maries such a summarizer creates is very specific to a partidamain. The system
must be programmed with prior knowledge about its domariugting the type of in-
formation the user may be interested in. Summarization bgiggion uses techniques
very different from cut-and-paste systems, where no inéeliate structural represen-
tation is used. The focus of this thesis is cut-and-paster®nmation systems.

Other applications of summarization. The list of possible summarization applica-
tions is endless. Many applications are based on or useasiteithniques as appli-
cations mentioned earlier, but they may pose additiondleatnges. For instance, in
multilingual summarization, the source language may et from the target lan-
guage (Evans, 2006). A similarity of spoken dialog sumnagign (Zechner, 2002)
and multi-document summarization is the involvement oftipld authors, but spoken
dialog summarization faces other challenges such as (aypi=l length of an utter-
ance, (b) the relation between utterances, (c) the typengulage used, and (d) errors
in speech recognition. Other types of summarization irelnon-text media, such as
diagram summarization (Futrelle, 1999).

4.1 Human summarization

Since human abstracting is often taken as an example anctahsi@ndard for auto-
matic summarization, it is worthwhile to review similagis and differences between
the two tasks. Services of professional abstractors iedline following (Mani, 2001):

e providing abstracts for documents that lack abstracts (egys articles);

e editing author-supplied (or machine-generated) abstrimctonform to guide-
lines or quality criteria;

e tailoring abstracts to different audiences (user-focledmsiracts);
e translating abstracts to different languages;

Considering the automatic summarization applicationstimeed earlier, there is
large overlap between automatic summarization and priofegisabstracting appli-
cations. The contribution of human abstracting to autoenstimmarization and its
applications is three-fold. First, professional abstrarhas led to abstracting guide-
lines which may be relevant for automatic summarization el Wiost notably, NISO
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(1997) describes a set of guidelines for content and styde,desired abstract length,
the use of language constructs, etc. Second, human abstea& proven to be a valu-
able source for evaluation of automatic abstracts. Thasgarch in human abstracting
processes and strategies results in knowledge which maydhieable automatic sum-
marization.

4.1.1 The process

Studies in human abstracting distinguish a number of stagbe abstracting process
(e.g. Cremmins, 1982; Pinto-Molina, 1995; Endres-Nigggmngl 998). Although very

similar, the exact definition of these stages differs shighs described by different
authors. The model of Pinto-Molina (1995) describes absirg in three stages:

¢ reading and understanding;
e interpretation and selection of relevant information;

e synthesis: producing a summary.

The abstractor’s expectations play a central role in thepinase (Endres-Nigge-
meyer, 1998). This pertains also to the structure of the ohecus with respect to
content and layout, and may be genre-specific. For instanseientific article most
likely starts with an introduction and ends with a conclasihile newspaper articles
have a less strict organization.

In the second stage, the abstractor uses a mental reptesemthe source text
to decide upon the main points of the author and which inféionas most relevant.
The work of Endres-Niggemeyer is based on earlier researafiscourse modeling
(Kintsch and van Dijk, 1978; Mann and Thompson, 1988).

The final abstracting stage comprises summary productan felevant material
from the source. A frequently used technique is to extractesges or parts of sen-
tences from the source, and applying minor revisions toteraaoherent whole (c.f.
Kupiec et al., 1995; Jing and McKeown, 1999).

4.1.2 The strategies

Endres-Niggemeyer (1998, cited in Mani (2001)) discovaaatumber of strategies
that were used by all expert abstractors they examined. stance, they never read
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the whole document, but they relied on surface charadsisuich as cue phrases,
layout and headings to find relevant passages and how tlegg.rel

During theinterpretation and selectiostage, human abstractors typically do not
create content from scratch. Rather, they usetaand-paststrategy to ‘cut’ passages
from the source and ‘paste’ them into the summary. A reaspothfs is that they are
usually not an expert on the subject matter.

Revision techniques were investigated further by Jing ac&d&bwn (1999), who
analyzed the relation between summary and source sentedoes and McKeown
found the following revision techniques to be used fregiyent

Sentence reductioress important fractions of a sentence are omitted in thersany
such as attributions (e.g said ..), person names, adjectives or propositional
phrases.

Sentence fusionTwo sentences may be merged into one by adding a connective.

Syntactic transformationConstituents may be moved, or a passive form may be re-
placed by an active form or vice versa.

Lexical paraphrasingA phrase such gsoint outis replaced byote or the phraséts
squarelyis replaced byits the head on the nail

Generalization and specificationtrelevant details are replaced by generalizations, or
if an element of the summary sentence becomes unclear daek®f context
(e.g. dangling anaphora), the abstractor may choose to adel aetailed infor-
mation.

Reordering.A summary does not necessarily present its content in the sader as
the source document.

All of this has been addressed in Natural Language Progeasthmost of the tech-
nigues may be applied in automatic summarization. Autarnaif these operations is
discussed in more detail in section 4.4.

4.2 What is a good summary?

Query-based summarization is a relatively new applicatibnatural language pro-
cessing, without established evaluation procedures. ¥auation, we may benefit
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query information | document list
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retrieval

QUETY information generic | Summary
retrieval summarization
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UeTY information query-based long answer
retrieval summarization

Figure 4.2: Generic summarization, query-based sumniemzand question answer-
ing as extensions to information retrieval.

from relating query-based summarization to related fiel@sery-based summariza-
tion is similar to (generic) summarization (it aims to prodwa concise version of the
original) and to question answering (it aims to satisfy goregsed information need in
the form of a query). Both question answering and (quengtt@asnd generic) summa-
rization systems typically take input from an informati@trieval system whose task
is to filter out irrelevant documents, or take for granted thamall number of (poten-
tially) relevant documents is available (Figure 4.2). ibghil be stressed that variations
of summarization or question answering may be used in @éiffecontexts. Neverthe-
less, the fact that they can be used as substitutes makeghiwtile to examine their
differences and (dis)advantages.

Evaluation procedures in question answering has been dhapgely by TREC
(Text Retrieval Conference), which has a question ansgegiraluation track since
1999 (Voorhees, 2001). The goal of the track was to ‘fosteeaiech on systems that
retrieve answers rather than documents’ in response tostigneHowever similar the
goals, their evaluation methods are hardly useful for qiased summarization, as
the main criterion of performance in the question answetrack is how well a system
succeeds in retrieving ‘correct’ answers, as opposed tofrect’. In contrast, the goal
of query-based summarization is to produce a ‘useful’ ansatber than a correct one.
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One could argue that not every correct answer is useful, ahéwery answer which
is incorrect in a strict sense is useless. Especially fogéoiocuments it is difficult to
decide between the predicates ‘correct’ or ‘incorrect’.

In contrast to question answering, summarization has arjistf evaluating on
usefulness. In this regard, query-based summarizatiomewged as summarization
guided by a query. The next problem is thetefulnessn itself is a vague concept.
What is useful in one situation may be less useful (or usgiessiother. Nevertheless,
a number of general quality considerations apply to a greatiesser extent Alterman
(1991):

1. a summary should reduce the workload for the interpratelérstander over the
text;

2. a summary should maintain coherence;

3. a summary should maintain coverage.

Although the quality aspects of Alterman are not entirelsjutict, most evalua-
tion metrics for summarization focus on one of these threddityuaspects. The first
requirement is strongly connected to the task at hand, amsesa@own to the effect
on the user while fulfilling this task. The formulation of Atman (1991) is too strict
for our purposes, as it disregards qualities such as usee@ppon. Therefore, |
will use the more generadffectivenesso a user or an application rather thaork-
load reduction Usefulness can be evaluated iylity-basedor extrinsicevaluation,
i.e. evaluation in context, as opposedrtrinsic evaluation, which refers to measur-
ing qualities of a summary as such (Sparck Jones and Galli®86). Requirements
2 and 3 are intrinsic. Coherence (quality 2) can be genedlialinguistic quality,
while coverage (quality 3) is evaluated by meansaftent-basedvaluation metrics,
usually by measuring information overlap between autora#dyi generated summaries
and hand-crafted “gold-standard” summaries. The remaioiis section discusses
metrics for content-based evaluation (section 4.2.1yuistic quality (section 4.2.2)
and utility-based evaluation (section 4.2.3).

4.2.1 Content-based evaluation

Perhaps the most difficult aspect of a summary to evaluatevisitiformative it is. A
straight-forward way to do this is to ask human assessomsiagrate informativeness
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of a summary as a whole. For instance, Mani et al. (1999) padd a QA-like evalu-
ation where users judged correctness of a query-based symBailarly, DUC eval-
uations included responsiveness assessments of quasg-basimaries (Dang, 2005,
see below). In generic summarization as such, there is ncxpformation need. In
order allow people to judge the informativeness of genenursaries, Brandow et al.
(1995) used an Information Retrieval setting to measunearesiveness to a query of
summaries of retrieved documents.

Another approach to summary evaluation is to regard sun@sas a set of proposi-
tions or information units. Assuming that information wan be extracted from text,
and that the relevance of each information unit can be détexdn informativeness
of a generated summary can be measured in terms of precistbreaall of relevant
information. Precisionwould be the amount of relevant information in the summary
proportional to the size of the summary, aedall is the amount of relevant informa-
tion in the summary proportional to the amount of relevafdrimation that should be
in the summary.

But which information is relevant? If each sentence in therse text is (manu-
ally) rated for importance, an extractive summary can béuewed by calculating the
sum of the ratings of its sentences (Radev et al., 2000; Walf@Gibson, 2004). An
indirect method of rating sentences was used by (Otterbattzd., 2005), who asked
annotators to come up with a list of questions to informakiey to understanding the
story. Then, each sentence in the source which answered ¢joestions was marked
as relevant.

Alternatively, relevant information can be found by havprgfessional summariz-
ers make reference summaries under the assumption thanhmage summaries are
‘ideal’ summaries. However, inconsistent results are ediny the fact that summaries
created by professional summarizers vary greatly in cantemle there is no reason
to believe that one man-made reference summary is betterahather. Rath et al.
(1961, cited in Mani (2001)) showed that human extractorsmoflisagreed on which
sentences should be in the extract. Moreover, intra-exiragreement was only 55
percent if the same extractors were given the same assigraigén weeks later. On
the other hand, it appears that the longer the extract idefiseextractors agree on its
content (Jing et al., 1998). In other words, they agree momtrat is the most essen-
tial information in a text than on peripheral information ielh may also be relevant.
The presence of variation in summaries suggests that thestasderspecified. Dif-
ferences among human summaries may be caused by diffeternregtations of the
query (in the case of query-based summarization) or thecedext (Donaway et al.,
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2000). This may affect a summary’s focus and granularitye@son for DUC to move
to query-based summarization was that it enables the us®lsfto better control the
task.

However, it appears very difficult to eliminate natural ahility between human
abstractors. To make this acceptable, summaries may beatedlagainst multiple
reference summaries of the same document set. The idealldbigns that each piece
of information has some degree of significance. If the infation is in each reference
summary, it is very significant. If it is in only one of the redace summaries, it is
marginally significant.

Another unsolved problem is how to compare information imsaries. An ex-
tractive summarization system can be evaluated by impdkiagestriction to extract
also to human summarizers: their summary must consist aésees which also ap-
pear in the source text, or the source text is annotated witteace relevance (Gold-
stein et al., 1999). Goldstein and Carbonell (1996) rep8rpércent agreement for
relevance assessments among three annotators. Apartifeonibtious limitation that
it does not apply to evaluation of abstracts, the main olgedb this method is that
checks for sentence identity rather than content: therddvoat be a match if a sen-
tence of a reference summary is not identical but semalhtieguivalent to a peer
summary sentence (Donaway et al., 2000).

In sum, the content of a summary can be evaluated for relevemat least two
ways: (1) by directly judging the query-relevance of a sumyras a whole (in case
of a query-based summary), or (2) by first determining whidbrimationshouldbe
in the summary, and then measuring how well the candidatersuynresembles this.
The second breaks down into four questions (Hovy et al., BP05

1. What is the unit of content?

2. Which content is important?

3. When do two content units match?

4. How can a score be derived from these matches?

The remainder of this section describes a number of evaluatietrics which are
based on different answers to these questions.
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4.2.1.1 Fidelity to source

Information retrieval and search methods aim at findingveetedocuments and deter-
mining if a document is relevant. Indicative summaries capdrt of a search process,
but since information retrieval (IR) has received much naitention than indicative
summarization, it makes sense to investigate how IR can && fes summary evalu-
ation. If the content a document is relevant to the user, tisesummary should also
be relevant, and vice versa, as the summary should catchahrepaints of the doc-
ument. More specifically, Donaway et al. (2000) argued the¢arch engine can be
used to index a document and its (generic) summary, and sty of the indices
Is a measure of the summary’s quality. Term frequency vedtave been successful in
information retrieval as a model of document content. Sakdi Sparck Jones (2001)
confirmed that a vector representation of a summary is as goaddicator of rele-
vance as the full text index. Thus, a (generic) summary caevbkiated without the
use of reference summaries, just by comparing it to the saesd.

In order to evaluate the quality of summaries, Donaway g28l00) used cosine
similarity (c.f. eq. 2.1, section 4.3.4.1) to compare vecgpresentations of summary
Sand source text.
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whereN = ||§| = ||T||. The values o§ andt; are the number of occurrences of term
in the summary and the source respectively.

Because the summary vector contained relatively few terimsiwmay be syn-
onyms of terms in the document, Donaway et al. applied LSAgihisSemantic Anal-
ysis) transformations to the vector representations bafugasuring cosine similarity
(Deerwester et al., 1990). LSA can be used for inferencing lexical level (c.f. Lan-
dauer et al., 1998). For instance, if the terms ‘bank’ anafiiial institution’ are used
(nearly) interchangibly, LSA would transform the vectopmesentation of the sum-
mary in a way that it is similar to the vector representatibthe source text, even if
the source text uses mostly the term ‘bank’ while the summaeg ‘financial institu-
tion’.

Donaway et al. claimed that similarity between summary andee mimics hu-
man judgment better than earlier (sentence identity-Jasethods. A limitation of
their experiments is that the data which is used for sumratoiz (the source text)

cosimST) =

(4.1)
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is also used for testing. In fact, many summarization systamay use (and do use,
see e.g. Edmundson, 1969) the same or similar informatign (erm frequency) to

determine importance of information. No external validatis performed to avoid

circularity during evaluation: in the worst case, the sumpadion system evaluates
itself. Techniques similar to that of Donaway et al. were Eyg@d by Radev et al.

(2003).

Alternatively, Saggion and Lapalme (2000) asked users $ord®e a summary in
terms of keywords. The idea behind this is that a summary eatebcribed best using
the keywords used to describe the full text. In order to pmepelluting the evalua-
tion, the summarization system must not use the list of kegle/on the summarization
process.

Finally, experiments of Minel et al. (1997) included a usealeation of the (lack
of) presence of essential ideas and parasitic concepte suthmary which are impor-
tant for a relevance assessment of the source. In additienntormative (but not the
indicative) task required the summary to retain aklationsbetween concepts, such
as cause-result, solutionhood, generalization, list amdrast.

4.2.1.2 SEE and responsiveness

For query-based summaries in DUC (Dang, 208&gponsivenessas used (alongside
other metrics) as a measure of quality. Human subjects wekedao judge on a 5-
point scale how well a summary as a whole provided the infaonaequested in the
guery. Since a query is used for the relevance test, thisadeathly applies to query-
based summarization. Query-based summarization waslirdeal in DUC in 2003
and it is the main task since 2005.

Most state-of-the-art evaluation metrics require the Uddeaod-craftedreference
summarieso whichcandidate summariesme compared. In DUC 2001 to 2004, sum-
maries were evaluated by human judges who had to annotatenation overlap be-
tween a system summary and a reference summary by marking gfasentences
which shared information. They also assigned a rating talégree of recall in the
system summary, i.@ll, most someor hardly any In these experiments, information-
carrying units of text are sentences. A tool cal&tmmarization Evaluation Environ-
ment(SEE) was used to carry out the annotations. As Lin and Ho09ZB) pointed
out, this rating is unreliable because human judgment islved, and in many in-
stances they assigned a different rating to the same phoasgared to the same ref-
erence summary, when produced by a different system. LirHawy (2002b) did not
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investigate whether this variation in rating might be calulsg a change in the actual
content of the phrase due to the different context in whicippieared.

4.2.1.3 Lexical similarity

Saggion et al. (2002) proposed three similarity metricsefaaluation of summaries
using reference summaries: cosine similarity, n-gram laperand longest common
subsequence (LCS). While Saggion et al. meassiradarity between a summary and
a reference summary, Lin (2004) used n-grams and LCS to meegsaall of a peer
summary with respect to a reference summary: a summaryashiegher scores if it
contains more information which is also in the referencersany. No penalty is given
for irrelevant information. Instead, a brevity bonus isagito shorter summaries, or a
restriction is imposed to the length of the summary.

Cosinesimilarity. Saggion et al. used cosine similarity to compare summé&siag-
gion et al. employed a simpler version of cosine similatigrt Donaway et al. without
the use of LSA, but they experimented with different weightschemes. The weight-
ing schemes they used were term presence/absendé-adfl In the first weighting
scheme, a vector element for a term contained a 1 if the tecorged in the document,
and 0 otherwise. In th# - idf weighting scheme, the term frequency is multiplied by
the inverse document frequency:

Dl

f.idf =tf.|
- idf=t-log e b reay

(4.2)

wheretf is the frequency of a term, the numerator of the fraction & namber of
documents in the corpus, and the denominator is the numbdsafments in which
the term appears.

N-gram recall. The second similarity metric proposed by Saggion et al. topgare
summaries is n-gram overlap, with=1 orn= 2. An n-gram is a substring of a
sequence (in this case a sequence of words) with lengthhe following example
exhaustively shows 1-grams (unigrams), 2-grams (bigrams3-grams of a sentence.

S: Spain prosecutes Rwandan leaders

1-grams: SpainprosecutesRwandanleaders
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2-grams: Spain prosecutgsrosecutes RwandaRwandan leaders

3-grams: Spain prosecutes Rwangprosecutes Rwandan leaders

N-gram overlap between summaries was calculated as thefsike intersection
between the sets of n-grams in both documents, divided kptakenumber of n-grams
in both documents:

_ISnR|

overlapaggiod S R) = m (4.3)

whereSandR are the sets of n-grams in the summaries under comparison.

Alternatively, Lin and Hovy (2003) defined n-gram overlapténms of precision
and recall, by example of the Bleu metric for evaluating niaeltranslation systems
(Papineni et al., 2001). Because BLEU is precision-origated DUC summary evalu-
ations were recall-oriented, BLEU could not be used diyettin and Hovy proposed
the following formula for measuring n-gram recall of a peemsnaryS with respect
to reference summaiy.

ISR
IRl

overlapingle(S R) = (4.4)

In essence, formula 4.4 calculates the number of n-gramedbg a peer summary
and a reference summary, divided by the total number of mgra the reference
summary. When using a collecti@ of multiple reference summaries, the formula
can be written as follows:

SNR
overlapniii(S,C) = M (4.5)
Zrec|R|

Because this formula calculates recall but not precisiowpuld give a bonus to
longer summaries. To compensate for this, a brevity b&mRis awarded to favor brief
summaries. Furthermore, Lin and Hovy use n-grams with iffevalues fon and
average the result. The n-gram score with i.. | is calculated as follows:

J

Ni;(SC) = BBeXp(Z Tirl

Iogoverlap,(&C)) (4.6)

whereN; j(S,C) is the average n-gram overlap $fandC with n-gram parameteris
and j; overlap (S C) corresponds toverlapny:i(S,C) with n-grams as content units.
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R police killed the gunman
12A police kill the gunman
12B the gunman kill police
12C the gunman police killed

Figure 4.3: An example of paraphrases of phrase R.

Table 4.1: Comparison of different recall metrics.
12A 12B 12C

unigram 3 3 4
bigram z : :

3 2 2
skip bigram 3 : z

Lin and Hovy (2003) report good correlation between humasessments and
the automatic scordl(1,4). N-gram recall is a widely accepted metric for content-
based summary evaluation and it has been implemented umel@ameRouge-Nin
the Rouge toolkit (Lin, 2004).

N-gram overlap withh = 1 behaves similarly to cosine similarity. But for> 1,
n-gram overlap is a more strict matching algorithm thanre@similarity, because it is
sensitive to the ordering of words in a sentence. For insta@o/en the paraphrases in
Figure 4.3, Table 4.1 reads a unigram recalﬁcﬁbr 12C with respect to R, while 12C
contains only one of the four bigrams in R (i.e. “the gunman”)

Lin (2004) implemented two extensions to Rouge-N: skip-ig co-occurrence
(Rouge-S) and skip-bigram co-occurrence averaged witlgram co-occurrence
(Rouge-SU). The way Rouge-S is calculated is identical togee2, except that skip
bigrams are defined asibsequencemther than the regular definition of bigrams as
substrings In contrast to substrings, subsequences may be discon8n&or instance,
the sentence “police killed the gunman” contains six skgrdans (among which are
three bigrams), e.g. “killed gunman” is a skip bigram but adbigram. Because
Rouge-S in this form may be too lenient, Lin proposed an mégtiate solution by im-
posing the restriction to skip bigrams that the ‘gap’ betvbeth terms in the bigram
may not exceed a specific size. For instance, if the maximumsske is 1, “police
gunman” is not counted as a skip bigram because both termsepegated by more
than one term.
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Rouge-SU is a weighted average between Rouge-S and Rougeah. be calcu-
lated by adding an end-of-sentence marker to the end of estbree, and measuring
Rouge-S.

Longest common subsequence. The longest common subsequence (LCS) of two
passages is the longest sequence of words which is a subseqfédoth passages. A
sequencd\ is said to be a subsequenceBis A can be obtained frorB by deleting
elements, in this case words. For instance, the sequbaadtacked theould be the
longest common subsequence of the following sentences:

13A theterroristattacked theresident
13B thepresidentttacked theerrorist

In the above example, the vector representations of 13A 8Bdwlould be iden-
tical, while the length of the longest common subsequencgdvie only% of the
sentence length. Saggion et al. (2002) measured normali28don a sentence level
by comparing each pair of sentences of two documents. Thesuane was imple-
mented in the Mead summarization framework (Radev et aD2BPThe length of
the LCS between summari&andR can be computed using the following formula
(Crochemore and Rytter, 1994):

Ie5(SR) = 3 (] + R| - edits(S R) @)

where||S| and||R|| is the length of the summari&andRrespectively, anddityi(S R)
is the minimum number of deletion and insertion operati@tgiired to transfornd
into R.

The normalized pairwise LCS similarity of two summar&asndRis calculated as
follows (Radev et al., 2002b):

2 sesMaXeT LCSs,tj) + 2teT ma)%,—esl—cs(ti ,Sj)
>seslsll+ Yyer [[till

Similarly to the n-gram-based metric of Saggion et al.,th€S measure is sym-
metric in the sense thaiCSnead A, B) = LCSnead B,A). And similarly to the way
Lin (2004) adapted the n-gram measure of Saggion et al.,fbenwalated their LCS
measure information recall and precision separately.dtideen claimed that the LCS
measure in MEAD is in fact equivalent to the F-measure in Relu@Lin, 2004), but

LCSnead=

(4.8)
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since MEAD is symmetric while F-measure is not, this is olbgly not the case. Lin
defines recall and precision of a candidate summary senteitic@espect to a refer-
ence summary sentence as follows:

Recal(SR) = Ics||(§|,| S (4.9)
PrecisiofS R) = lCT](SR]i S (4.10)

Formulas 4.9 and 4.10 calculate LCS scores on a per-seriasise In order to cal-
culate LCS scores on a summary level, Lin introduce the tamian LCS(LCS,(r,S)
between a reference summary sentanard a candidate summasy The union LCS
of r andSis size of the set of terms which appear in the longest commbsezjuence
of r and any of the sentenceshNow, summary-level LCS is defined as follows:

Recal(SR) = ZrRICU(S) (4.11)
ZreRHrH
Precision(S, R) = Le;%ﬁs(ﬁs) (4.12)
Se

It should be noted that these formulas are slightly awkwatdch can best be il-
lustrated by an example. Suppose a reference sumRiaonsists of five sentences
each of which consist of only the woxd A candidate summar$consists of five sen-
tences of which one sentence consists of the wpethd the remaining four sentences
contain only the wordv. We would expect the recall to be high (i.e. close to 1) beeaus
all information in the reference is also in the candidate.t@nother hand, precision
should be low (i.e. close to 0) because four out of five semtgnonsist of information
which is not in the reference. When calculating recall, wd {ias expected) that the
recall value for summary-level LCS is 1, BES/(r,S) = 1 for eachr € R. However,
precision also appears to be 1 because we calculate thel&a®evalues, except we
divide by the size of the candidate instead of the referembeés is caused by the fact
that the denominator is asymmetric.

A feature of LCS is that it takes discontinuous sequencesdahsideration. Le-
nient matching to some extent is desired for text similaaityorithms, but a conse-
quence of using LCS is that two sequences of the same lenggiveehe same scores,
even if one of them contains gaps while the other is contisubuuitively, the contin-
uous sequence should be preferred. Lin (2004) implememtedtansion to Rouge-L
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which discriminates between sequences with discontingobsequences of different
lengths.

Rouge performance. Rouge was inspired by Bleu, a metric for n-gram precision
widely used in machine translation evaluations. Bleu hahleyaluated for perfor-
mance in a summarization setting (Pastra and Saggion, 2B@8)ra and Saggion com-
pared Bleu scores with human assessments of informatiafapven a per-sentence
basis, similar to DUC 2001 evaluations. Pastra and Saggm®mgtimistic but they
also mention the limitation of n-grams not to capture a nunabéinguistic phenom-
enasuch as paraphrasing. As aresult, Bleu may be usefulunelly multiple reference
summaries are used.

The evaluations of Pastra and Saggion have been repeatBdidige, a metric for
n-gram recall and other statistical similarity measures,(2004; Lin and Hovy, 2003).
Lin evaluated their evaluation algorithms on a number opooa for different summa-
rization tasks: generic single-document summaries, vieoytssummaries (or head-
lines), and multi-document summaries. Not surprisingbynmeasure outperformed all
other measures for all tasks. In general, multi-documeminsaries appeared to be
more difficult to evaluate than single-document summarfdgiough various Rouge
measures have been used for query-based summarization@) Ddsn not aware of
any evaluation of Rouge performance on query-based surnatian.

An important limitation of these performance evaluatiofisRouge is that the
ground truth was human assessments of information ovedapeen sentences. As
mentioned earlier, these human assessment scores themagplweared to be unreli-
able (Lin and Hovy, 2002b).

4.2.1.4 Factoids and Pyramids

Statistical similarity metrics such as used in Rouge addteseliability of human

judgments of content overlap between sentences, but teeseay rigid similarity met-

rics. Synonymy and paraphrasing are left largely unattén&=formulation to some
degree is allowed, but this inevitably introduces falseanes as well. This dilemma
between strict and lenient matching is reflected by the langmber of algorithms
implemented in Rouge (c.f. Lin, 2004). Nenkova and Passmnii2004) argue that
similarity metrics are less suitable for summarizationeaton than for evaluation of
machine translations (c.f. Papineni et al., 2001), becalrs is a “good” and what is
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a “bad” translation is better defined than what should be inrarsary. As a result,
variation in summarized text may be greater than variatidnanslated text.

Factoids. Rather than string matching, tii@ctoid evaluation method uses informa-
tion overlap for evaluation of summaries (van Halteren aedfdl, 2003; Teufel and
van Halteren, 2004). The unit of information is called aédt A sentence contains at
least one but potentially any number of factoids. For instarconsider the sentence:
“The police have arrested a Dutch white man.” Teufel and vahdren identify five
factoids in this sentence: (a) a suspect was arrested; €lp)dlice did the arresting;
(c) the suspect is white (d) the suspect is Dutch; (e) theesuisp male. The factoid
method evaluates a summary in four phases:

1. factoids are identified in a set of reference summariesnyam annotators;
2. each of the factoids is assigned a weight algorithmically

3. occurrence of these factoids in candidate summaries arkech by human an-
notators;

4. a score is assigned to candidate summaries, based onrtiieenaf factoid oc-
currences and the weights of the factoids.

During phase 1, reference summaries are represented bylzenoffactoids. The
set of factoids izompleteand disjunct the factoids cover all of the information in
the set of reference summaries, and information overlaywd®st factoids is not al-
lowed. The factoid method is based on the assumption thexereée summaries share
common (but possibly differently phrased) factoids witbleather and with candidate
summaries. Factoids can be used to formalize informatierlap between summaries,
but partial overlap is not accepted: a factoid is either in@mary or it is not. If a
factoid partially occurs in a summary, the factoid is diddeto multiple factoids. For
instance, if one summary contains the words “was killed”le/lainother reads “was
shot dead”, three factoids are identified: (a) there was t@clgt(b) the victim died;
(c) a gun was used. Splitting up factoids ad hoc implies thatoids may vary in
granularity.

When the set of factoids is determined, each factoid is wejlfjphase 2) de-
pending on its number of occurrences in reference summanigéshe position of the
factoids in the reference summaries. This reflects the idaainformation in many
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reference summaries is important information, and thaattieor may indicate impor-
tance of information by mentioning it near the beginninghef summary.

A candidate summary is evaluated during phases 3 and 4 byimgaskcurrences
factoids in the summary and adding the weights of the fastoldhe final score is the
sum of weights of factoids in the candidate summary, dividethe sum of weights of
factoids in the set of reference summaries.

Pyramids. The Pyramid evaluation scheme (Nenkova and Passonneat),i2@@ery
similar to the factoid evaluations of Teufel and van Haltef2004). Pyramid scores of
summaries are acquired in the same four phases as factogsses discussed in the
previous paragraph. The main difference between the pgrand the factoid method
is how SCUs are used when compared to factoids. An SCU is a Soyr@ontent Unit,
as the equivalent of factoids are called in the pyramid neethihe form of factoids
is defined more strict and matching factoids from differannmaries is more strict
than SCU matching. In practice, strict matching causeslenad, e.g. if one summary
phrases a factoid more general than another. Teufel and aérren solve this by
adding annotation layers: they annotate generalizatiatioas between factoids and
they annotate the fact/opinion status of a factoid. NenlkaPassonneau approach
this problem differently by accepting an SCU match when a ®Chtains “largely”
the same information as another SCU.

Pyramids and factoids differ slightly in the way the scores @alculated. While
the factoid score depends on a number of factors, the catitibof each SCU to the
score of a candidate summary is simply linear to the numbegfefence summaries
it occurs in. The factoid method prefers factoids which eceear the beginning of a
reference summary.

The Pyramid method has been applied in DUC first in 2003, aadDidCView
tool* for Pyramid annotation has been made available publiclyoBwious limitation
of the Pyramid (and Factoid) method is that manual annatasioequired. Attempts
have been made to automate phase 3 Harnly et al. (2005). fllhreguires manual
annotation in phase 1, but this has to be done only once fdr éacument set, no
matter how many candidate summaries have to be evaluatedlytéhal. achieve bet-
ter correlation with the Pyramid score when using their enatted Pyramid annotation
than when using Rouge n-gram recall.

“http://www1.cs.columbia.edu/"ani/DUC2005/Tool.html
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Perfor mance of factoids and pyramids. Teufel and van Halteren (2004) evaluated
their factoids method on a small number of summaries, andhdfzat factoids can be
extracted from and annotated in naturally occurring text\wigh agreement between
annotators. They conclude that factoids are well defined@nmaducible. With large
sets of reference summaries, they also found high comelagtween factoid scores of
the same summary based on factoids from different referaumnoenary sets. They sug-
gest to use 20—-30 reference summaries as a minimum reqaicdatdin reproducible
scores. However, correlation of factoid scores with hunaankings as used in DUC
2001 was low, and so was correlation with Rouge scores. Oothiee hand, the DUC
2001 scores used for comparison are based on human relgudgogents of summary
sentences, which Lin and Hovy (2002b) claimed is an unrigdiaaluation method.

Experimental results of Teufel and van Halteren were comftrtoy (Passonneau,
2005) who did similar experiments with Pyramid annotationsa larger document
set: they measured high inter-annotator agreement andvwbey able to reproduce
pyramid scores with independent annotations of the samendeict set. Like factoid
scores, pyramid scores showed low correlation with mand#C2001 annotations
and with n-gram recall. A point of concern Passonneau raisedthat differences in
Pyramid scores across document sets was greater in magttita differences across
systems. They suggest this may complicate comparing peaioce of systems. On
the other hand, Donaway et al. (2000) argued that in gerss@les are not comparable
across document setsrankingsof different systems should be compared rather than
(the average of) the actual scores.

4.2.1.5 Nuggets and Basic Elements

Refined evaluation methods such as Factoids and Pyramiidggtiire human anno-
tation. The Basic Elements (BE) method (Hovy et al., 200&sw®ntent units smaller
than factoids/SCUs, which (unlike factoids and SCUs) caexteacted automatically
from text, but they are more refined than n-grams as used bgdrddovy et al. (2006)

envision the use of compound Basic Elements (as they calldbwetent units) to mimic

the Pyramid method. Basic Elements are defined as follows:

e the head of a major syntactic constituent (noun, verb, sidgeor adverbial
phrases), expressed as a single item; or

e arelation between a head-BE and a single dependent, eggdrass: triplet{ead
modifier, relation).
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Table 4.2: Correlation between responsiveness and vaauatosnatic metrics in DUC
2005 (Hovy et al., 2006).

Metric Spearman Pearson
Rouge-2 0.900 0.926
Basic Elements 0.905 0.902
Pyramids 0.785 0.818

Basic Elements can be considered an evaluation framewtrkrrghan a metric.
How exactly BEs are extracted from text is left open to thelengentation, and so is
BE comparison, and how summary scores are derived. Howdoey et al. (2006)
offer a full implementation of the framework, including mdes for BE matching and
BE extraction using various dependency parsers. For iostdhe extraction module
using MiniPar (Lin, 1998) extracts the following Basic Elents form the sentence,
“Two Libyans were indicted for the Lockerbie bombing in 1991

e (libyans, two, nn)

¢ (indicted, libyans, obj)

e (bombing, lockerbie, nn)
e (indicted, bombing, for)

e (bombing, 1991, in)

Zhou et al. (2007) acknowledge that automatic matching otextt units is error
prone, but they insist that reliable automatic extractiboamtent units is feasible. As
an alternative to the Basic Elements method, they proposetdn&automatic evalua-
tion method. First, using syntactic patterns, the contaits fwhich they calhugget$
are extracted from reference summaries as well as candidatmaries. Then, human
annotators decide which nuggets are equivalent, so thatffammation recall score of
the candidate summaries can be calculated.

4.2.1.6 Discussion

Several methods and metrics have emerged for evaluatiegarete of summaries’
content, most of which rely on a ground truth in the form of dvanafted reference
summaries. Others use a manual relevance judgment of theanor of content
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Table 4.3: Correlation between responsiveness and otheicea DUC 2006 (Dang,
2006).

Metric Spearman Pearson
Rouge-2 0.767 0.836
Rouge-SU4 0.790 0.850
Basic Elements 0.797 0.782
Pyramids - 0.78%

a My own measurement using DUC
2006 data — not published in Dang
(2006).

Table 4.4: Correlation between Pyramid scores and othatga@ DUC 2005 (Hovy
etal., 2006).

Metric Spearman Pearson
responsiveness 0.785 0.818
Rouge-2 0.665 0.880

Basic Elements 0.807 0.815

elements in the source text. Evaluations based on releyadgments have been crit-
icized for being unreliable due to variability in human judgnt (e.g. Lin and Hovy,
2002b; Hovy et al., 2006). However, the only way that fullyauatic metrics are
validated is by measuring correlation with metrics basetdwman judgment, usually
SEE for generic summaries or responsiveness for quendissamaries. Because a
number of metrics were used in DUC 2005 and 2006 (query-baméti-document)
summarization evaluations, it is a great resource for coisa of evaluation met-
rics. The responsiveness and the Pyramid metrics both llgarfanual procedures
to determine relevance of information, and may be used idata automatic metrics.
Tables 4.2 and 4.3 show Spearman and Pearson correlatitmseperesponsiveness
and other metrics in DUC 2005 and 2006 respectively; Talleshows correlations
with Pyramid scores in DUC 2005. It is remarkable that mutwatelation of respon-
siveness and Pyramid scores is lower than correlationgtegranetric with automatic
metrics.

Another point of concern is the supposeantext-independenca information-
carrying text units. Apart from responsiveness, metriggdéia summary into content
units and assign a relevance score to each content unit nndesindependently.
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This contradicts models of text understanding (e.g. Kimesed van Dijk, 1978; Mann
and Thompson, 1988) which argue that the meaning and uadedegtility of a content
unit may depend on its context, or that a content unit mayesaparticular purpose in
discourse other than plainly to inform the user of its conten

Content-based evaluation methods described here focuslgmn genericsum-
marization. How well are they applicable to query-basedreaanization? Evaluation
methods which rely on hand-crafted model summaries ardeitah certain extent as
long as the conditions pertaining to the creation of theregfee summaries are maxi-
mally similar to the peer summary conditions. In fact, resuiay be more consistent
if the summarization task is defined better. In query-basethsarization, the summa-
rizer has more clues to what is relevant and what is not. Asatreevaluation metrics
may perform more consistently. To my knowledge, this hadeen verified.

4.2.2 Linguistic quality

Thelinguistic qualityof a summary is the overall readability of the text, regasslef
content or potential use. This includes coherence, styleggammaticality. Typical
problems inautomaticallycreated summaries include:

e a sentence cannot be properly understood because it lactexto
e a changed meaning of a sentence due to appearance in arditfergext;
e anaphora which cannot be resolved because its antecedeninghe summary;

e ungrammatical sentences caused by sentence revision -@faetitence detec-
tion.

4.2.2.1 Subjective criteria

The readability of a summary can be measured by having hunigjects read the
summary and rate it for specific qualities, but there is nseosus on the actual read-
ability criteria to use. A fairly general approach is to askges to assign a single
rating of ‘acceptability’ based on a number of guidelineg(8randow et al., 1995;
Saggion and Lapalme, 2000). The judges of Saggion and La&pg600) were free
to use their own readability criteria, but they suggestedimber of criteria to them
which are derived from Rowley (1988).

e good spelling and grammatr;
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e clear indication of the topic of the source document;
¢ the use of an impersonal style;

e consisting of one paragraph;

e CONCiseness;

e readability and understandability;

¢ the presentation of acronyms along with their expansions;

other criteria that the judge considered important for adédy.

These criteria are derived from Rowley (1988). Rowley airasstessing the qual-
ity of human abstracts. DUC 2005 introduced a questionnattereadability criteria
which specifically targets automatic abstracts (Dang, ROBGrthermore, the assess-
ment was broken down into five questions, instead of usinggeneral question. Sum-
maries were rated on a 5-point scale for each of the follownitgria:

e grammaticality;

non-redundancy;

referential clarity;

focus;

structure and coherence.

4.2.2.2 Objective measurements

If readability qualities can be formalized as objectivéaria, they would not be subject
to human variability and thus easier to reproduce. Anotbgaatage is that they may
be easier to automate, as to reduce human effort.

Cherry and Vesterman (1981) developed the Unix Style tachfalyzing surface
characteristics of text that are important for a good wgithtlyle. The Unix Style tool
implements various readability indices proposed in ligne, based on textual features
such as sentence and word length. Although the tool is dedigmmeasure the read-
ability of human text, it has also been used for measuringaieidity of automatic
summaries (e.g. Mani et al., 1999). Schwarm and Ostend@@5Rargue that the use
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of long sentences and long words does not necessarily irhphythe text is difficult
to read. As an alternative, they propose an approach to meggeadability using
statistical language models. However, also their methagssgned for assessing hu-
man text. It is unclear whether their method is suitable feasuring the quality of
summaries.

Minel et al. (1997) specifically aim at evaluating the realitgiof automatic sum-
maries. Along with subjective assessments, they countamiar and style errors of
a small number of priorly defined error types in order to measioe quality of a sum-
mary. More specifically, they counted the number of anaptepived of antecedents
and the number of instances of improper use of linear integranarkers. For in-
stance, the use d@fstly in a text suggests that a list of items will follow. 1t wouldwat
as a style error ifirstly marks a list of only one item.

A more extensive list of countable grammar and style ermorautomatic sum-
maries was used in the DUC 2003 evaluation (Over and Yen,)2803 measure of
quality. This includes grammatical errors, capitalizatesrors, dangling conjunctions,
improper use of referential expressions (e.g. pronounfinite noun phrases), and
discontinuities in coherence (e.g. time sequences or efteset relationships). Some
of these errors may be automatically detectable using $tesior a general purpose
spelling checker.

4.2.3 Utility-oriented evaluation

Previous sections described how specific qualities of a sanyare evaluated, but it is
not clear how each of these qualities contribute to a réalklvironment in which the
summarization system may be employed. In contrast to sitrifcontent-based and
linguistic quality) metrics, extrinsic or utility- metscmeasure how a summarization
system affects thaser If a summary is supposed to help the user complete a specific
task, we may be interested in a number measurements:

e the time it takes the user to perform the task (efficiency);

e how it affects the result (effectiveness);

e the user’s perception of either of the above (appreciation)
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4.2.3.1 Categorization and relevance assessment

Clearly, how the summary affects a task depends on the apiplic A summarization
system may be used to help an information analyst categdazaments if using a
summary instead of (or in addition to) the full text savesetion increases categoriza-
tion results. Minel et al. (1997) measured accuracy of categtion decisions based
on summaries in an experimental environment with eightgmates such as political,
sociological, scientific or technical, etc. It was allowedassign more categories to a
document. Klein et al. (1999) performed similar experingeott a larger scale in the
context of the TIPSTER SUMMAC evaluation program with a n@mbf summariza-
tion systems and five disjunct categories.

In an information search process, a summarization systeyrhelg assessing the
relevance of documents more quickly and even more accyrateDUC 2003 (Over
and Yen, 2003), users were asked to rateudefulnessf indicative summaries, where
usefulness was defined in terms of time efficiency, i.e. tad#ewhether or not to read
the full text.

Tombros and Sanderson (1998) set up an experiment in antiRgsiet which the
users had to identify relevant documents to a given queristdt potentially relevant
documents was produced by an IR system, and subjects weze fi¢e minutes to
select as many relevant documents as possible. A querglsasemary was presented
along with the full text each document to determine its retee. Measurements taken
were precision and recall of selected documents, the nuoflelycuments examined,
the number of references to the full text, and the generakapgtion of the users. Sim-
ilar experiments were run using generic summaries instegdery-based summaries
(Brandow et al., 1995; Jing et al., 1998; Miike et al., 1994).

The TIPSTER SUMMAC (Klein et al., 1999) experiments are ddased on the
same ideas but were more constrained, as access to thetuligs not allowed. Klein
et al. also did not have a five minute time limit. While Tombawo&l Sanderson used a
lead summary (i.e. the first few sentences) as a baseling &ll@l. used the full text
as one of the experimental conditions. A serious limitatbithe latter approach is
that the full text must be of reasonably small size so thadritloe read in a reasonable
amount of time.

4.2.3.2 Information gathering

In summaries aiming at informing the user, reading undedsta is an essential qual-
ity. In experiments of Morris et al. (1992), subjects readuaber summaries, and
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then had to answer a number of questions to which the ansvezesimthe summaries.
Morris et al. (1992) were specifically interested in the lomformation for different
summary lengths, and concluded that the documents theycoséd be condensed to
less than 25 percent of their size without significant infation loss.

The reduction of workload can be measured by scenario-b&tsedes, in which
users are assigned a task they have to carry out. For instBakshi et al. (2003b)
measure the effectiveness of a question-answering sysgaimelnumber of queries
that users pose to the system before they find the requiredniation.

In experiments of McKeown et al. (2005), subjects were preska topic, con-
sisting of a number of questions. Using a web interface toralbmr of documents
grouped into four clusters, the subjects were given 30 regtd write a report con-
taining the answers to the questions posed in the topic. Jrad@us conditions, the
web interface showed along with the documents:

1. no summary (document headlines only);

2. a one-sentence lead summary for each document and a miegsE summary
for each cluster;

3. an automatically generated multi-document summarydoheluster;

4. a human multi-document summary for each cluster.

After the experiment, the users filled out a questionnairghicth they were asked
how they experienced the task, including how difficult it veasl how they felt the sum-
maries affected the task. In total, the corpus included fopics and related document
sets, and all 45 subjects covered each of the four topics once

The quality of the users’ reports was measured using thergnaethod (Nenkova
and Passonneau, 2004, described earlier), so user perfoernader different condi-
tions could be measured. In order to measure how much of tbemation in the
reports originated from summaries, users were asked tahgtesources while writ-
ing the report. Percentages of summary information in themganged from 8 percent
(one-sentence summary) to 27 percent (human summary).

A problem of the experiments was that reports vary greatemgth (between
102 and 1525 words), and long reports tended to contain nadtimdant information.
McKeown et al. attribute this to the setup of the experimenibjects were allowed
to cut-and-paste content directly in the reports withoodpicing coherent text. They
suggest that the report lengths would be more consistee ifask was more directed
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toward synthesis rather than cut-and-paste. McKeown ealab remarked that it is
difficult to control all variables in user experiments inviolg a complex task.

4.3 Content selection

As mentioned in section 4.1, the human summarization psoa@ssists of three stages:
understanding, interpretation and synthesis. Analogptigbical stages of automatic
summarization ar@reprocessingcontent selectioandrevision During preprocess-
ing, an internal representation of the source and the qufeapy() is constructed. This
may include NLP tasks such as indexing, part-of-speechnggdependency parsing,
discourse analysis. During content selection, relevamcesins are made and rele-
vant passages (usually sentences or paragraphs) aretedtrdc a coherent source,
the selection of passages to extract not only affects theeswth the information of the
source to appear in the summary, but also coherence of thenaym Finally, revi-
sion may involve ordering of extracted passages, sentersienf, sentence reduction
and generalization/specification. This section discudsesontent selection process.
Since the kind of preprocessing required depends on therésatised for content se-
lection, preprocessing is not discussed separately. Ravsdiscussed in section 4.4.

In the interpretation stage, summarization systems (eiglior implicitly) use
knowledge about how the source is organized. This can bedanttheories of dis-
course organization.

4.3.1 Discourse models for content selection

According to the discourse model of Kintsch and van Dijk @R discourse consists
of a set of propositions. As these propositions are proddsgéhe reader, they may be
generalized, constructed by combining propositions, tetdd if the proposition is in-
significant. Coherence is modeled as interdependence defvepositions, and is the
cause of compression of the document in memory by reducfitresmumber of propo-
sitions. This we will call thememory-basediscourse model. A simplified version of
this model is used by most state-of-the-art summarizatystesns. They attempt to
find the set of most significant propositions. Each passagedged by its significance
independently, based on correspondence with the user ¢tiany), and redundancy
with respect to other candidate passages. The passagethevitighest significance
value are extracted. An implicit assumption behind thihat toherence is implied
when including the most salient propositions in the summaifer all, coherence is
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present if the reader can understand the summary usingpsepropositions and prior
(background) knowledge.

In contrast, with their Rhetorical Structure Theory (RSWlgnn and Thompson
(1988) take a more discourse oriented perspective withertdp coherence. Other
intention-based discourse models are those of Grosz aneSjti986), Wolf and Gib-
son (2005). Their position is that a text is intended to cgravpiece of information or
an opinion, and that the author uses most of the text to stgpatrinformation. This
process is recursive in the sense that peripheral infoomaiay in turn also be sup-
ported. Similarly to the memory-based model, a discourssists of a set of proposi-
tions, and the atomic unit of discourse is the smallest ghcasveying a proposition.
According to Mann and Thompson (1988), peripheral inforaratan not be inter-
preted properly without the information it supports. Theuleis a hierarchical view
on a discourse: the top is the information most close to thioas intention; each
following layer consists of information supporting a pawiar piece of information in
the previous layer. Thigmtention-basediscourse model is used by the summarization
system of Marcu (1999). The content selection process stensf two phases. First,
the discourse structure is identified in terms of RST. Thea]dwer levels of the RST
structure are discarded, until the remaining text is thereésize for the summary.
The relevance of a sentence depends on the relevance of(laed) sentences. In
doing so, this approach makes discourse-level coherelttatiore between passages
explicit in source and summary. Intuitively, it is theredanore suitable for informa-
tive summarization, as informative summarization is mamdnding with respect to
coherence (c.f. NISO, 1997).

Radev (2000) attempted to scale RST to accommodate singhgsas of multiple
documents, but by doing so, he relaxed the definitiomheftorical relations by re-
moving the intentional aspect. In RST, each relation com#s avproposition which
is intentional but implicitly conveyed by the juxtapositi@f the related sentences.
According to Radev (2000), a CST relation may also be comflicinformation in
newspaper articles, e.g. conflicting numbers of victims jileae accident. The cause
of this conflict may be false sources of information, or oatedl information, but the
conflict is not necessarily or even unlikely to be intendedsaa requirement for RST
relations. Although good results have been reported withgu€ST information in
multi-document summarization (Zhang et al., 2002), CSTessifrom problems simi-
lar to RST’s, namely that CST relations are difficult to desgomatically.

A third model for summarization is thechema-basediscourse model (van Wijk
and Sanders, 1999; Rumelhart, 1975). The schema-based imbd=archical, simi-
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larly to the intention-based model. Van Wijk en Sanders §)@9gue that knowledge
about the genre can be exploited to predict the structurbeotext because authors
use writing conventions of the genre. This model has beed imseombination with
the memory-based model by Radev et al. (2004), who arguendvespaper articles
describing an event start with a brief description of thengévéollowed by less and
less important details. This knowledge can be used to ceeat@nmary by giving
sentences near the beginning of the article preferenceoter sentences.

4.3.2 Features for content selection

Apart from a few exceptions, most summarization systemstlisememory-based
model. The main reason for this is that it is fairly generafplicable, requiring a
minimum of domain knowledge. Schema-based summarizagisgsron specific ex-
pectations of the format of the source. The main disadvandéghe intention-based
summarization system of Marcu (1999) is that it relies on &T Rnalysis, for which
there is presently no reliable way to generate it automiatica

Content selection systems select passages — typicallgresss but possibly para-
graphs — from one or more source text. Thus, for each pasteysjecide whether or
not to include it in the summary. This decision may rely ortdeas of thepassages as
such or its position in the document, e.g. cue phrases, weigleed frequencies, the
presence of anaphoric references. It may rely orgtey (if any), e.g. the presence
of query terms, or on itselation with summary candidate passages by any definition
of ‘relation’. For instance, a passage may be relevant tsecaus required to under-
stand another passage. This aspect of summarization i$ywdglected in literature,
possibly because the conditional relevance of a passagedsitto establish.

A number of authors have implied that some passages areemhemore salient
than others (e.g. Otterbacher et al., 2005; Jagarlamulj 2086). These authors argue
that there is a prior probability that a passage in a documesalient, independent of
the query, and that the salience value of a passage is a wdigintrage of the relevance
based on the document alone and the query-relevance.

Rpassage: (1 - )\) ) Rdoc‘i‘)\ ’ unery (4-13)
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4.3.3 Lexical knowledge and cue phrases

Edmundson (1969) hypothesized that authors indicate itapoe by using pragmatic
cue wordssuch as “significant”, “impossible”, and “hardly”. Edmuratsstored three
types of words in a dictionary: bonus words, stigma words, ul words. If a sen-
tence contains a bonus word, its relevance probabilityaeegsed. Stigma words in-
dicate irrelevance, and null words do not affect the semfsmelevance. Edmundson
used a supervised learning algorithm (section 4.3.8) tiveléine cue dictionary from
a set of documents and reference extracts.

Paice (1981) generalized this idea by using pheasesinstead of cue words as
indicators of relevance. In the target genre of the sumratoz system of Paice —
scientific papers — authors use linguistic structures sa¢tva found that ...” and “the
results of this study confirm that ...”. These phrases maymomumerous variations,
but Paice argue that the underlying structures are limiteshmber. For each group of
phrases, seven in total, templates were constructed asitaitegular expressions. If a
sentence matched the template, it has an increased pribpabiklevance.

Due to the relative infrequent occurrence of cue words amdggs, both Edmund-
son and Paice use the cue method in conjunction with otheratats of relevance.

4.3.3.1 Sentence structure

Not only cue phrases may indicate importance, but authoysaisa alternate syntac-
tic constructs to this end. Preliminary investigations &l£1970) to find syntactic

patterns for use in summarization was unsuccessful. Eggesis that syntactic pat-
terns may positively affect a summary’s quality when usedanjunction with other

methods such as word frequencies. Janos (1979) suggasssftinctional analysis of
a sentence may help for summarization.

4.3.4 Term frequency

A writer who discusses a specific topic is likely to frequgntse words related to that
topic. On the other hand, the most frequent words are ustatigtion words(e.g.
articles, propositions) which are not topic-specific and/mppear in any text. Thus,
for generic summaries, Luhn (1958) proposed to use ternuémecy in a document to
derive describing power: both high and low frequency terredess likely to be topic-
related than mid range frequency terms. The high frequermegswan be filtered out
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by using a cut-off frequency or stop list i.e. a list of words which can be ignored
safely.

Based on a term’s occurrence frequency, the extractioresystf Luhn (1958)
distinguishedsignificantfrom insignificantterms. It extracted sentences based on a
sentence significans@lue, which was derived from a sentence’s number of sigmific
words and the linear distance between them.

4.3.4.1 The vector space model

Besides the occurrence frequency, Luhn relied for summtoiz on the position of
terms in a sentence relative to each other. Later summiarizatstems tend to drop the
order of words as a distinguishing feature, and represesggoges as term-frequency
vectors. The vector space model was introduced in infoonatetrieval by Salton
(1988) and gained popularity in summarization as well (Rafev et al., 2004; Erkan
and Radev, 2004). In this model, each passage is represantad/ector of terms
[f1...fn], where f; is the number of occurrences of teiinin the passage, and is
the number of distinct terms in the corpus (c.f. sectiond).1Two passages can be
compared by measuring the similarity of their vector repn¢éations im-dimensional
space. This is typically done by measuring the cosine of tiggeabetween the two
vectors.

In a corpus withn distinct terms, a document can be written as a vector of kengt
n. Given document# andB and their respective vector representatifms.a,| and
[b1..bn], the cosine similarity of those documents is their angle-dimensional space,
calculated as follows (Salton, 1988):

. A-B
cosimAB) = —— 4.14
MAB) = AT T8I (4.14)

SiL18-bi
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In the term-frequency vector representation in its purefall words are of equal
importance. This does not reflect reality, asomtent wordsuch asestablishmentells
more about the nature of a text tharfuenction wordsuch asthe or of, which may
appear in any text. So, some words should weigh heavier ttrearo Term weight-
ing is presently considered the most important challengeformation retrieval, and
many ways for weighting terms have been proposed in litezata eq. 4.15, terms are
weighted by their occurrence frequency in the comparedovectVeights can be ap-
plied as a transformation of the term frequency vectorshabthe same formula 4.15

(4.15)
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can be applied. The vector representation of a sentAneda;..am| is now derived
from the term frequency vector by the weighting function.clse term frequencies
are used directlys; = tf;, wheretf; is the occurrence frequency of telinm the sen-
tence.

Luhn (1958) maintained atop listof non-content words, so these words can be
disregarded by assigning a weight of 0. A disadvantage pflgts is that they usually
rely on hand-crafted rules and there is no general consesaslist of stop words.
Alternatively, weights are assigned to terms dependingheir tlass. For instance,
nouns and verbs may be considered more meaningful thakeartic propositions. In
particular, named entities are important to understand akext is about (Conroy and
Schlesinger, 2006). A notable limitation of this approasihiat term classes must be
recognized as such, requiring a deeper text analysis.

The most wide spread method for weighting terms is to useusosgtatistics to
distinguish common words from uncommon words. In its mosid#rm, a cut-off
frequency is used as a threshold; all terms occurring in rttaae a specific number
of documents receive a weight of O (Luhn, 1958). A more refwedyhting method
is inverse document frequen@pF), proposed by Salton (1988). Rather than dividing
terms in two classes — content words and stop words — a wdpdPs/alue is higher
(and thus is more descriptive) if the word appears in lessiohents, hence the term
inversedocument frequencyf - idf is theterm frequencytf) multiplied by theinverse
document frequenadydf). Inverse document frequency is a weighting function which
returns a value greater than 0. Prevalent terms in the cdgmasirring in many doc-
uments) are less characteristic for a topic than uncomnramsté they occur equally
frequently in a document. These terms have a ladkvalue. The term frequendy
Is the number of occurrences of a term in a documieitpf a term is defined as the
logarithm of the ratio of number of documents in the corp|3||) and the number of
documents in which the term occuff{fl € D | tj € d}||):

D]l
[{de D[t ed}
Salton and Buckley (1988) compared a number of weightingmsas in informa-
tion retrieval. They concluded thtt: idf performs best for weighting document terms.
For weighting query terms, the best weighting scheme apgdae following.

idf; = log

(4.16)

0.5-tf ID||
(05+ maxtf)l()gH{d eD|tied}

(4.17)
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4.3.4.2 Similarity-based summarization

In query-based summarization, the query is represented/astar as well. The core
idea is that, in order to maximize relevance to the queryesm®s most similar to the
query constitute a query-based summary. In multi-docureentmarization, redun-
dancy is a complicating factor. Carbonell and Goldsteir®@8)@ttempt to reduce the
risk of selecting sentences with redundant information laximizing themarginal
relevance. The marginal relevance of a sentence indicatesriuch a sentence con-
tributes to the summary additionto the already-selected sentences. Given a query
vectorg and a summar$, the marginal relevance of a sentercis measured as fol-
lows.

marginal relevance- A - cosim(d,q) —A- (1—A) - mancosirr(d, S) (4.18)
S¢E

In words, the marginal relevance of a sentence is posit&tgcted by similarity
with the query, and negatively by similarity with previoyselected summary sen-
tences. The set summary sentengas initially empty, after which sentences are
added one by one, based on their marginal relevance, uatilésired length of the
summary is reached.

Similar methods of preventing redundancy are adopted iegesummarization.
For instance, Hovy et al. (2005a) veto inclusion of a sergén@ summary if it is too
similar to already selected sentences.

In generic single-document summarization, a good sumntenyld be representa-
tive of its source (section 4.2.1.1). If a term-frequencgteeof the source is available,
fidelity to source can be measured as similarity betweenettme-frequency vector of
the summary and that of the source. An extractor can thenlgisetect the sentence
which brings the summary representation closest the thesoepresentation, by tak-
ing the sentence with the highest cosine similarity wittpees to the full document
vector. This is repeated until specified criteria (e.g. essummary length) are ful-
filled. This method was refined and extended for multi-doconsemmarization by
Radev et al. (2004). Radev et al. measured relevance as ar@iiab of factors.
One of them was similarity to theentroidof the document cluster. The centroid is
a pseudo-document, a term-frequency vector derived fremdtitument cluster. The
centroid is used as a query in a way similar to how Carbonell @aldstein (1998)
maximize marginal relevance. Radev et al. usedfthalf weighting scheme for doc-



4.3. CONTENT SELECTION 91

ument sentences. The centroid was dfsadf-weighted, but all terms with # - idf
value below a certain threshold were weighted 0.

In some corpora, descriptive titles and headings may besptesviewing them
as a very short indicative summary, title words are likehappear in a longer, more
elaborate summary as well. Hence, the presence of titlesvoateases the salience
of a sentence (Edmundson, 1969). The same is true for thenme®f first-sentence
words (Radev et al., 2004).

A problem for cosine similarity is that terms are either eliéint or equal, terms
cannot be ‘similar’. Even the same word appears in a diffei@mn (e.g. establish
establishedestablishment it is treated as another term. Normalization of words can
be applied to address this problem, ewgprd stemming By using stems of words, a
term like establishmenis recognized as an alternative formestablish Methods to
acquire word stems include dictionary-based stemming fguatithmic stemming. A
widely used algorithmic stemmer is the Porter stemmer P@r880), which uses a set
of heuristics to normalize terms to a common form. Althouigé original algorithm
was limited to English text, it lead to a generic ‘programgiil@nguage for stemmers
(Porter, 2001) in which stemmers for a variety of languageslasigned. Algorithmic
stemming may improve performance, but, as Harman (1999t mait, it may also
cause false positives which balanced out the performariogrgher IR experiments.

4.3.5 Cohesion

While coherence is used to describes links between ideagsmmn describes links
between textual elements on a linguistic level. How is cadres anaphoric references,
ellipsis, lexical iteration, etc — relevant for summariaa® First, the cohesive structure
of a text provides information about topic shifts and theegahflow of a text. Second,
a cohesive tie links to items of which interpretation of oakes on the other. If one
is included in a summary but not the other, the cohesive stre®f the summary is
broken. As a result of this lack of context, the summary iseamdifficult to read or
become illegible. It is also possible that unintended cwieees are introduced if
a textual item in the summary becomes a likely antecedertidate for a dangling
reference. Taking cohesion into account may prevent sumbigms.

4.3.5.1 Lexical chains

Barzilay and Elhadad use the WordNet thesaurus (Miller5)@@d an algorithm based
on Morris and Hirst (1991) to extract lexical chains fromtteXhey rank the lexical
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chains by the number of distinct words that are part of thenchBhen, Barzilay and
Elhadad devise a summary from one sentences for each ofrmgest chains of the
source text. They invented a set of heuristics to decide lwhentence is actually
picked to represent a chain. For instance, one of their ndstlelected the sentence
containing the first word of a chain. By covering the strongd®ins of the source
text, Barzilay and Elhadad aim to maximize coverage andmrizé redundancy.

Witte and Bergler (2003) combined a number of heuristicseti@ignine the simi-
larity of noun phrases in order to create what they caiteference chainsrhey used
thesaurus relations (synonymy and hyponymy), substringghmreg, acronym match-
ing, pronoun resolution, and head identity to determinettdretwo noun phrases
co-refer to the same item.

4.3.5.2 Matrix decomposition

Constructing a thesaurus is laborious and expensive, aretage of presently avail-
able thesauruses varies by language and domain. Insteadlywigron a thesaurus,
Manabu and Hajime (2000) used text statistics measure af siarilarity for discov-
ering lexical patterns (see section 2.1.4).

Manabu and Hajime (2000) still need words to co-occur toadetesemantic rela-
tion between them. Matrix decomposition can be used to descgimilarity of words
if they are commonly used in a similar context, even if theyaneo-occur. Gong and
Liu (2001) use singular value decomposition (SVD) to disdlatent concepts’ from
corpus statistics. More recently, Park et al. (2006) predason-negative matrix fac-
torization (NMF) for the same purpose. Latent concepts @arobghly described as
sets of terms which share a lexical environment, similaexechl chains. For instance,
if the termsPM and Balkenendeavere used interchangibly along with words such as
elected parliament jurisdiction, these terms would all contribute to the same concept.
In the term-frequency vector representation, text docusn@me represented as a set of
terms. Matrix decomposition is used to represent docunm(entsassages) as a set of
concepts; concepts are represented as a set of terms.

Similarly to lexical chains, terms are grouped by topic, thain difference be-
ing that corpus (co-occurrence) statistics are used, vihdse lexical chains extrac-
tion algorithms use semantic relations from thesauruséso, Avhat is a ‘concept’ is
loosely defined, while thesauruses contain well-defineaticels such as hypernymy,
antonymy and synonymy.
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If each ofm document is represented as a term-frequency vectartefms, an
m x n matrix X can be constructed to map terms to documents. This matribean
decomposed into two matricéd, andH, and a residual matrik:

X =WH+E (4.19)

whereW is anm x r matrix; H is anr x n matrix; andE is the residual matrix with
dimensionsn x n. The value of is the maximum number of concepts, and is chosen
asr < n. The matrixW maps terms to concepts: it has a row for each term and a
column for each concept. Matrbt maps concepts to passages. 4 n, there may not
exist matricedV andH such thatX = WH. In that caseX is approximated byVH

with errorE.

At least two forms of matrix decomposition have been usedéneric summariza-
tion. Inspired by Latent Semantic Analysis (Deerwesterl et1890), Gong and Liu
(2001) use singular value decomposition in summarizabaretognize ‘relatedness’
between terms by means of corpus statistics. SVD decomposax n matrix X as
follows:

X =W3H (4.20)

whereW andH correspond to the identically-named matrices in eq. 4\MAis an
mx n, H is ann x n matrix. Z is ann x n diagonal matrix containing non-negative
singular values, which can be viewed as prominence valuesradsponding concepts.

Park et al. (2006) proposed to use non-negative matrix ffizeticon for matrix
decomposition in summarization. NMF factorizes a matrixcanrespondence with
eg. 4.19 with matrice8V andH containing non-negative values only. In SVD, the
matricesV andH may contain negative numbers, meaning that a term may nebati
‘contribute’ to a concept and a concept may negatively doutie to a document. Park
et al. argue that this is counter intuitive. As the matridésndH contain only non-
negative values in NMF, they favor the use of NMF for sumnedian.

Gong and Liu represent sentences of the source text as tequeincy vectors, and
apply SVD to the resulting matrix. SVD not only derives cooisg but also orders them
by prominence in the text. Gong and Liu (2001) use conceptsdiotent selection in a
way similar to how Barzilay and Elhadad (1997) exploit letichains. Gong and Liu
start with the most prominent concept and select the seat@ost representative for
that topic. Then, they extract a sentence for the second pnostinent concept, and
so on, until a pre-defined number of sentences is extractedg @nd Liu compose a
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summary of the most representative sentences of the masttsabncepts. Doing so,
Gong and Liu aim to maximize coverage and minimize redunglanc

Independent from the decomposition method of choice, Paak also used a dif-
ferent content selection algorithm from Gong and Liu beeahsir goal was to create
query-based rather than generic summaries. Park et al séilstt the concept most
similar to the query (in matri¥V) and extract the sentence to which the concept con-
tributes most (in matrixd). Then, they extract a sentence for the concept second most
similar to the query, and so on, until a pre-defined numbeenfences is extracted.

4.3.5.3 Graph based methods

Lexical chains and matrix decomposition are methods fateling words (into chains
or concepts respectively). A content selection algoritts@sithe clusters to select the
best sentences for a summary. Alternatively, relatione/éeh sentences or passages
are represented as a graph, and properties of the graphetdaudetermine which
passages are most salient.

Degree. Salton et al. (1997) construct a graph in which each vertgresents a sen-
tence, and each edge a semantic relation between sent&heasature of the seman-
tic relations is independent from the content selectioatsgy, but Salton et al. use
IDF-weighted cosine similarity. They regard two sentenegated if their similarity
exceeds a certain threshold.

Sentences which are ‘central’ in the graph are regardedatdntthe topic of the
document. Centrality of a sentence is measured as degiree i.e. the number of
related sentences. Salton et al. expect sentences of a@edipopic to be relatively
isolated in the similarity graph.

Normalized centrality. This rationale was taken further by Erkan and Radev (2004).
In analogy with social networks, they argue, it matters mdy dlow many people you
know, but alsavhoyou know: sentences linked to well connected sentenceskatg |
more salient themselves. Erkan and Radev made two modiinsatd the source text
graph representation. First, the edges (links) of the geaphweighted and normal-
ized, so that the sum of weights of all outgoing edges is nbzethto 1. Since each
sentence is similar to itself, all nodes have outgoing ed§esond, an ‘entropy’ value

is assigned to each passage. Because of the weight noriwaljzle graph behaves
as a Markov chain.
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Their summarization algorithm iteratively alters the epir of the sentences, until
the algorithm converges to a stationary state. In subsédteeations, each passage
will activate related passages by dividing its entropy aghoannected nodes, thus
allowing entropy to propagate through the network. Erkad Radev argue that a
node which is highly connected (i.e. a passage with manyeglpassages) is more
likely to be important and thus receives a higher entropy tleas connected nodes,
given a sufficient number of iterations. As the graph is a Mar&hain, the salience
of a node — the centrality — is the probability that someonald/iend up at that node
after an arbitrary number of steps traversing the graph fnode to node, regardless
of where one started, each time randomly following an edgerelated node. Erkan
and Radev (2004) formalize this as follows.

B (t)

2 (4.21)
icadjj deg

W(t+1) =
wherey;(t) is the activation level of a passaigat iterationt; ad j is the set of passages
adjacent ta; deg is theout degreeof i, i.e. the number of outgoing edges. Dividing
by the degree of the node ensures that the graph behaveMaskav chain as the
activation of each node is shared among adjacent nodes -tinat@mn is created or
lost. If the relations between passages may be of uneqealgtr (i.e. the probability
of transitions between nodes differ), the weighted varigapplied by analogy:

Wij i (t)

(t+1) = L2l
Hil ) icaaj 2keadj Wik

(4.22)
The “final’ activation levels are reached when the algorittonverges to a station-
ary state. This can be checked by estimating the error appistpcriterion:

n—-1
.ZNMQ+D—M0WS8 (4.23)

Convergence is essential, as the algorithm depends ongdlisré to determine
salience. Erkan and Radev (2004) address a number of issthespect to the ade-
quacy of the algorithm, including irreducibility and pedtioity. A graph isirreducible,
if there is a path between any two nodes in the graph. If tlatufe does not pertain
to a graph, all activation may be trapped in a small numbeodes. A graph iperi-
odic, if there is an integek > 1 that divides the length of each cycle in the graph. If
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the graph is periodic, the algorithm may never reach a statjostate. On the other
hand, a Markov chain is guaranteed to converge if the graphegucible and aperi-

odic. Following the PageRank algorithm of Brin and Page 89&rkan and Radev
added a smoothing function to ensure these properties,digrasg a small non-zero
weight to the transition between each two nodes, thus ergaadnvergence. Neither
Erkan and Radev nor Mani and Bloedorn make use of directgahgraas both used
lexical similarity for measuring relatedness. Nevertheg)ehe algorithm converges for
directed graphs as well.

Wij i (t)

1
(t+1) =d=+(1—d
u]( ) N ( )iea ji ZKEathIk

(4.24)

whereN is the number of nodes in the graph, ahid the non-zero weight (the “damp-
ing factor”).

The sentences ending up with the highest centrality rankheraentences which
would receive more activation than they would yield to the@ighbors in a state of
equal activation. Erkan and Radev (2004) use a commutatiieasty measure sim-
ilar to that of Salton et al. (1997), meaning thaf = wj; for all (i, j). For any two
sentences, if their activation is equal and the weight off ivek is equal in both di-
rections, the link does not affect the activation of eittence an equal amount of
activation is carried in both directions. Due to the outgoilegree normalization, the
weight of the link fromi to j is not the same as fromto i if the out-degree of the
nodes differ, despite the commutative similarity measureother words, unlike in
Salton et al. (1997), the degree itself does not contrilutied centrality of a sentence;
the degree of a node relative to the degree of its neighb@s.do

The central idea behind centrality is that, after a sufficmmber of iterations,
highly connected nodes receive a higher amount of actwatian less connected
nodes. It appears that this is not necessarily the case imegtet graphs. In the
extreme case, a passage which is not related to any othexgeai®en itself, will di-
rectly return its activation level to itself. The result It its activation will not be
changed from its initial (average) value, which is likelgher than the final activa-
tion level of better connected nodes. In a practical situmtit is well possible that a
to-be-summarized document cluster contains at least oognalent which is slightly
off-topic which is hardly related to any of the other docunserEven if this isolated
document did not have any relation with any other documdiet,aiverage activation
level of passages of this document would still be equal tootrexall average activa-
tion level. In essence, the algorithm prefers nodes whielcannected to nodes less
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Figure 4.4:Left: hopfield transformation function of Chen and Ng (199%ht: cen-
trality transformation function of Erkan and Radev (2004).

connected than themselves, as less connected nodesudesthibir activation over less
nodes.

Query-biased centrality. The algorithm for measuring centrality (as in Erkan and
Radev, 2004) converges to the same state, regardlessiaf aditivation levels. With-
out modification, this renders the algorithm useless forryibased summarization.
Mani and Bloedorn (1997) set the initial activation levedsthe sentence’s query-
relevance; the algorithm simply stops after a pre-set smatiber of iterations, rather
than waiting until the algorithm converges. This way, thigaily set activation has
only propagated slightly, resulting in a mix of centralitydaquery-relevance. Otter-
bacher et al. (2005) modified the transformation functiokdan and Radev (2004)
by adding a query-dependant component to the transformftiation:

Wit+1) =d—d_ 4 (1_g) > W) (4.25)

2 kWak icqaj; 2keadj Wik
wherewy; is the query-relevance of sentence
Other than that their algorithm stops after a few iteratjahe approach of Mani
and Bloedorn (1997) is almost identical to Erkan and Radé242 The most notable
difference is the transformation function applied to thévation level after each it-
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eration, which is a linear redistribution of weights in Enkand Radev (2004) and a
Sigmoid transformation in Mani and Bloedorn (1997). Bothdtions are plotted in

Figure 4.4. The algorithm of Mani and Bloedorn is derivedirGhen and Ng (1995),

using a threshold value to discriminate ‘activated’ fromagtivated’ nodes. This al-
lows the algorithm to converge after less iterations, attst of requiring the threshold
to be tuned.

n-1 -1
W(t+1) = <1+exp<e—lo-<el—Z}tuu(t»)) (4.26)

whereBp and0; are the threshold values. Chen and Ng use the initial valtiés &
0.05andd; =0.11. If this does not give satisfactory results, the algomith rerun with
other values. It should be noted that Chen and Ng used thetaigofor knowledge
exploration in thesauruses, rather than summarizatiomi &fad Bloedorn (1997) did
not publish their threshold values or number of iteratioaf®le stopping.

4.3.5.4 Anaphoric references

Although cohesion can be used to find salient passages fomawngeneration, a
sentence which has a strong embedding in a text may be betted for use in
extracts (Pollock and Zamora, 1975). In particular, anaetéd sentence containing
referring expressions cannot be interpreted as intendelebguthor if the antecedent
is not present in the summary. The extractive summarizaystem of Pollock and
Zamora tries to avoid dangling references in the summariydyding sentences con-
taining referring expressions such as ‘this’ only if theqa@ing sentence can also be
included in the summary. Even though this may not enhancenansuly’s content rele-
vance, it partially relieves the revision task and reliangs@naphora resolution. While
anaphora can be used as a positive (Mani and Bloedorn, 198@alMi and Hajime,
2000) as well as a negative (Pollock and Zamora, 1975; Brarda@l., 1995) cue for
sentence scoring, lexical cohesion is typically used asséipe indicator for inclusion
in a summary.

4.3.6 Coherence

According to theories of discourse organization (Mann ahdrpson, 1988; Grosz
and Sidner, 1986), documents are organized hierarchictiey author's main points
are higher in the hierarchy than peripheral ideas. The suinaten system of Marcu
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(2000) exploits this information by ranking passages byrtpesition in the hierar-
chy. Selecting the sentences highest in the hierarchy tilekeaves many possibili-
ties. Marcu used rules for selecting the most salient seatefitom the tree. O’Leary
et al. (2001) experimented with machine learning algorghm determine the opti-
mal set of rules automatically. They used a hidden MarkovehalBayesian model,
and a dynamic decision-based model. In their evaluatiorsareanents, the dynamic
decision-based model achieved near-human performance.

The representation of discourse as a hierarchical tresjptid by Wolf and Gib-
son (2005). They built a summarization system which used tien-hierarchical
discourse model for content selection (Wolf and Gibson 4200 hey claim to have
achieved a higher quality summaries with their graph-baggatoach than with the
(RST) tree-based approach of Marcu (2000). Both systent hieed annotated co-
herence structures.

Blair-Goldensohn and McKeown (2006) used RST for condélamclusion of sen-
tences in a summary. They use the RST relation recognitidfeotu (2000), but they
abandoned the idea that single coherence structure igeedor summarization. In-
stead, they determine the salience of sentences usingdeatuch as centroid and lex-
ical cohesion. If a sentence is selected for inclusion inmarsary, they check whether
the sentence participates in a rhetorical relation withtlz@rosentence. If that is the
case, they include also that sentence in the summary.

4.3.7 Layout

Writing conventions of the genre may provide clues as to wiparticular information
can be found. Baxendale (1958) concluded that in 85 perdehe@00 paragraphs of
technical documents they examined, the first sentence icedtéhe ‘prime thought’
of the paragraph. In 7 percent of the paragraphs, the primegtit was in the last
sentences. Edmundson (1969) used this knowledge alongtide methods in an
automatic summarization system. Lin and Hovy (1997) desigam method for using
corpus statistics to derive the most salient sentenceigositThey confirmed that also
in newspaper text, the first sentence of a paragraph is dfeemost representative. Lin
and Hovy (2002a) claim that taking the sentence positiom &count is also a good
method to enhance coherence.

Using layout information such as sentence position is prawecessful in sum-
marization (Mani and Bloedorn, 1997; Lin and Hovy, 2002a) is also popular as a
simple but competitive baseline. For instance, Dang (2086} the leading sentences
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of the most recent documents to create baseline summarigéawd Gibson (2004)
used the leading sentences of paragraphs in baseline sigsmar

4.3.8 Machine learning for extraction

Lately, machine learning has been a major driving force fMNLP tasks. This in-
cludes sub tasks of automatic summarization, but extnattas lagged behind in this
matter. Nevertheless, | will discuss two forms machinedgay may take in extracting:
supervised learningndreinforcement learning

Both forms use thaoisy channemodel: there is an inpwg, an output valug, and
an unknown (noisy channel) functidnto transformx intoy = f(x). In an extraction
setting, the input would be a representation of the sourcet@ query, the noisy
channel is an extractor, and the output is (a representafjdhe extract created by the
extractor. The goal of machine learning is to ‘learn’ thedabr of the noisy channel
f and create a functiogpwhich estimates. The performance of the extractor depends
the quality of the model (i.e. the features) and the effe) — g(x)

For instance, suppose we suspect that certain cue phragesifesum”, “most
importantly”) may indicate that a passage is relevant. litazh, lexical similarity to
the query may be useful for extracting. These features agereable for each passage
and may be encoded i The output valud (x) could encode whether or not a passage
is relevant. The functiorf encodes decisions based on features &s to whether a
passage is relevant or not. This function may be performeatayman (e.g. in manual
abstracting) or by a machine (automatic extracting).

4.3.8.1 Supervised learning

In supervised learning, a set of input/output paics (x)) is priorly known and is used
as training data, and the task of machine learning is to ihfey from these samples.
If f(x) is a transformation function from passage feature obsensato passage rel-
evance, this means the relevance must be known in advanorurigidon (1969) used
manually created reference extracts from single documertsacted sentences were
considered ‘relevant’. As the original passages stay intars procedure is relatively
straight forward. In general, any content evaluation méthased on sentence (or
passage) identity applies.

If the reference summaries are abstracts rather than extedostract passages must
be mapped on source passages in order to determine themmete Mani (2001) au-
tomatically mapped abstract sentences on the source seniath the highest cosine
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similarity, but this may introduce an additional learningoe. However, renewed in-
terest in tracing the origin of content in abstracts may opgmew opportunities for
applying supervised learning with abstracts as trainintgnd.

4.3.8.2 Reinforcement learning

Reinforcement learning is applied if the ‘correct’ outp@ifunction f(x) is unknown,

but the errorf (x) — g(x) canbe estimated for individual samples. In the case of extract-
ing, an extraction learning algorithm would start with adtian f, and the resulting
extract can be evaluated with an (automatic) evaluatiomimetlext, f is slightly al-
tered, and the learning algorithm learns from the way changé affect the summary
score.

Genetic algorithms (Russell and Norvig, 1995) are an exarnpkeinforcement
learning which is applied in (extractive) summarizatiorlg¥et al., 2005). The sum-
marization system of Yeh et al. uses a combination of feattorgudge sentence rele-
vance: sentence position, keywords, centrality, andwideds. Each of these features
results in a score for each sentence; the final sentence wasra weighted average
of the sentence feature scores. The genetic algorithm wexb tasiteratively tweak
the feature weights. For evaluation, Yeh et al. used anmistatho ranked sentences
of the source text by relevance. A set of weights was suaaki$sf caused relevant
sentences to be picked.

It should be noted that reinforcement learning relies on\aiuation after each
iteration, and it may take many iterations for the algorittentonverge. This makes
this rationale especially suitable if a quick automatideaon method is available. In
the case of abstractive summarization, there is no singlergdly accepted automatic
evaluation measure. The most commonly used metric whichk without human in-
tervention is n-gram recall (see section 4.2), but n-gracaltegnores a number of
essential aspects of summary quality. In fact, n-gram récah indication of certain
aspects of summary quality without measuring the qualgglit As a result, rein-
forcement learning may lead to improved n-gram recall scan¢ghout improving the
quality of the summary in any way. Thus, after the iterate@hing process has fin-
ished, a different evaluation metric would be required ticede the results. Yeh et al.
avoid this by using sentence identity rather than n-gramisséntence identity itself is
disputed for use in summary evaluation (Donaway et al., 2000
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14A RSI can be caused by repeating the same sequence of mutgameany times an hour or
day.

14B RSl is generally caused by a mixture of poor ergonomiosss and poor posture.

14C RSI can be caused by a mixture of poor ergonomics, stresp@or posture, and by re-
peating the same sequence of movements many times an haay.or d

Figure 4.5: Sentences 14A and 14B are fused into 14C.

4.4 Revision

In the extractionstage of summarization, passages are extracted from tentrents.
This inevitably leads to a lack (or change) of context whesséhpassages are (re-
Jused in a summary. Revision can help recreate coherente isummary. Another
reason to revise is to increase the information density byokéng unnecessary parts
of sentences. Revision techniques Jing and McKeown idediifi manual abstracting
(see section 4.1) also apply to automatic summarization:

Sentence reductionText can be condensed by omitting the least salient serdetice
can be condensed even further by leaving out the less imponards, i.e. by
sentence reduction.. A way of doing this automatically isreate a dependency
analysis for a sentence, and stripping parts of the tree factwis heuristically
determined that they are unlikely to contain necessaryiiméion (Jing, 2000;
Hovy et al., 2005a).

Sentence fusiontf two summary sentences are closely related, they may bgeder
into one sentence in order to indicate this relation (Jing) BicKeown, 1999),
but also to remove redundancy (Barzilay, 2003; Marsi anchKrer, 2005). For
instance, if a user asks for causes of RSI, the query-basechaty may contain
a number of answers, such 14A and 14B in Figure 4.5. This maydrged into
the single, shorter sentence 14C without losing infornmatio

Syntactic transformation and lexical paraphrasingr NLP, paraphrasing is used to
detect equivalence relations, but to my knowledge no atteimgve been made
to use paraphrasing as a revision technique in order to Me@ommary presen-
tations.

Generalization and specificatiorf a sentence from a text is re-used in a summary,
its meaning as well as the reader’s capability to understandy change due to
the change of context. Examples are anaphora whose refsrextiuded from
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the summary, co-references which cannot be correctlypreéed because their
context has changed, or relative expressions of time reeto the source text's
publication date, e.g. ‘yesterday’, ‘Bill'. This can be ged if the summarizer
resolves these references and replaces them by absoluessxns, e.g. ‘10
April 2007’ or ‘a Microsoft spokesman’. The reverse is alsing applied in
text summarization. To increase variation in text, absokxpressions may be
replaced by referring expressions.

References to complex concepts introduced in the text are dhfiicult to re-
solve, such as ‘this’ referring to the previous paragraphrréht-day summa-
rization systems solve this problem mostly by avoiding itidg the selection
phase. This can be done by penalizing the appearance of spagssions, or
by preferring longer sentences. By ratio, longer senteteras to contain less
unresolvable references.

Reordering: In single-document summarization, machine understarwfitext is usu-
ally not good enough to outperform the original ordering imeh the sentences
appeared in the source. Following the original presemtasonot possible in
multi-document summarization, but since most summanopatystems summa-
rize (dated) newspaper articles, it is common practice &sqmt content from
different documents in the order of publication time. The o$alternative or-
dering methods has been studied by (Barzilay et al., 200@ataa 2003; Mad-
nani et al., 2007).

45 Conclusion

Summarization systems extract content from the source Mot systems apply only
minor revision or present extracted content verbatim. Refeshowed that profes-
sional human summarizers also use this strategy.

For content selection, a variety of methods have been pegpddost systems se-
lect particular sentences by the presence of salient wandazidual words are salient
for instance if they belong to a priorly defined set of cue pbsa(such asnportant
in sun), to a set of words which are descriptive for the source, dhéoset of query
terms (in case of query-based summarization). Alternatieéhods exploit cohesion,
coherence, or layout.

Evaluation methods are divided into three categories. &uriiased methods in-
tend to measure how successful a summarization systemxsraceng relevant con-
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tent. Usually, this is done by comparing generated canelidainmaries with hand
written reference summaries. Other methods measure tpaidinc quality of a sum-
mary, including aspects such as grammaticality and coberdfinally, utility-oriented
methods measure the utility of a summarization system. ifki@ves designing an
evaluation environment which resembles a realistic use easclosely as possible.
Then, the effect of the summarization system on this enwemt is measured. A dis-
advantage of utility-oriented methods is that experimantxpensive to carry out, as
they typically require human participants.



The role of discourse in summarization

Even if a question can be answered with a concise and precise a
swer, it pays off to be more verbose. Given an answer pingaimt
text by a question answering machine, related content caioutned
using the layout or the discourse structure of the text. Thapter
shows by means of a user study that both of these methodshkeelp t
user to verify that the question was correctly ‘understoott ad-
dition, the discourse-based method also improved the aeles of
the presented information. Although hand-crafted Rhe&drstruc-
ture Theory analyses as used in this study limits applidgbii auto-
mated systems, results show that discourse relations &reanet for
guery-based summarization.

Issues in query-based summarization have been addresgeeston answering (QA)
and generic summarization. Much can be gained by integyaxmsting techniques
from these areas (Strzalkowski et al., 2000; Mori et al.,Z0@ question answering
system works by pinpointing aanswerto a user-provided question in a set of doc-
uments. Aresponsas then generated for this answer, and presented to the aiger (
Hirschman and Gaizauskas, 2001). Making a distinction eehanswerandresponse
makes it possible to view question answering and summaoizas different tasks of
query-based summarization. A question answering systeatds the sentence which
best matches the question, gneswer in a corpus of text documents. What remains is
the task of generating an appropriate response and pnegéitd the user, for which
summarization techniques can be employed.

105
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Question answering systems traditionally try to find angent an ‘exact answer’.
This is also the focus of large-scale question answerinfyatian programs such as
TREC (Moorhees and Tice, 2000). Although what is ‘complebaly be subject to
discussion, Voorhees (2002) defines an exact answartest string consisting of a
complete answer and nothing els&rings that contain a correct answer with additional
text are considered ‘inexact’.

Studies have shown, however, that users appreciate negaiwore information
thanonlythe exact answer (Strzalkowski et al., 2000). The user magmig be inter-
ested in the answer to the question, but also in relatedrirdbon. The ‘exact answer
approach’ fails to show leads to related information thaghmalso be of interest to the
user. Bakshi et al. (2003a) show that when searching fornmdtion, increasing the
amount of text returned to users significantly reduces timebaus of queries that they
pose to the system, suggesting that users utilize relafecmation from supporting
text.

Bakshi et al. (2003a) did not specifypwcontext is put to use by users. Does con-
text contain information that contributes to the answeri? used to answer (implicit)
follow-up questions? Or is the context simply used to vettifyt the question has been
answered adequately? In this chapter, a user experimeat igpsto find out which
summarization strategies help the user, and how.

Both commercial and academic QA systems tend to present tmone user than
only the exact answer, but the sophistication of their respe varies from system to
system. There are three degrees of sophistication in respgeneration: giving the
exact answer, giving the answer plus context, and givingcgansive answer. The first
is the most basic form of answer presentation. The secohaies text surrounding the
exact answer as well, which may allow the user to assess theamy of the answer
extraction, and thus to verify whether the answer is cor(Bekshi et al., 2003a).
The extensive answer approach aims at not just includingntheediate context, but
generating a response in a more intelligent way, aiming atmgng the amount of
useful information while maintaining verifiability. Thuthree types of answers can be
distinguished:

Concise answerlThe most basic form of answer presentation is to present anly
exact answer. For instance, an exact answer to the quesitlaat fs the cause of
RSI?” could be:

movements [which] involve repetitive contraction of the same muscles.
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Answer plus contextf only an exact answer is provided, users have great difficul
assessing whether the answer matches the question, andhétier the answer
is correct. If the user is provided with more context (i.ecrsunding text), s/he
will exploit this in order to find out whether the answer is éedl an answer
to the question (Bakshi et al., 2003a). Most of the current<ystems follow
this approach, and return not only the answer but also patteosurrounding
text, in which the answer itself may be highlighted. This ¢ena few lines
of text, or only the single sentence in which the answer acciror instance,
the response to the question about RSI causes could cohsie answer, the
preceding sentence and the sentence following the answemnse:

Despite the fewer working hours, the same amount of work baaetdone.

A possible explanation of the development of RSI as a refu#peated low-
exertion movements is thete movements involve repetitive contraction of

the same muscles. This happens for instance when working with a display de-
vice.

Extensive answeBakshi et al. (2003a) have shown that users prefer to receore
information than only an exact answer, but simply returrimthe user a partic-
ular quantity of surrounding text is likely to produce ineoént results. Further-
more, the surrounding text may include irrelevant inforovator unnecessary
details. In the example answer plus context above, thitustibted by the first
sentence which is a poor introduction to the actual answédthoAgh — simi-
larly to an answer plus context — an extensive answer inslattee information
than just the exact answer, the difference is that the exteasswer approach
specifically aims at producing a coherent response thaidesl, apart from the
answer, also related information which might interest theruFor instance, an
extensive answer to the question about RSI causes could be:

A possible explanation of the development of RSI as a reSudipeated low-
exertion movements is thitte movements involve repetitive contraction of

the same muscles. This happens for instance when working with a display de-
vice. Eventually they can cease to function and the musdiéoss power.
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In this chapter, extensive answers are generated by meapuenf-based summa-
rization. The use of summarization for formulating answetsased on the following
hypotheses:

e presenting more of the original document allows the useetdywwhether the
answer matches the question;

e summarization techniques can help increasing informadéss of the (long) an-
swer, without weakening the user’s opportunity to verify.

This chapter describes a semi-automatic query-basedaitie to the RST-based
summarization method for generic summarization of Mar@9¢h). Furthermore, a
user experiment is designed and performed in order to tesalovementioned hy-
potheses.

5.1 RST-based summarization

RST has already been used to facilitate summarization @dr@97a). In his sum-
marization effort, Marcu used the nuclearity of relationghe rhetorical structure to
determine which sentence is more salient, but he also esgblather features as addi-
tional indicators of importance, such as sentence lengtir¢ly] 1997a, 1998). This
section shows how a graph-based algorithm for generatiagyepased summaries can
be used with the same RST features as the algorithms of Mattch are intended
for generic summarization.

| take a two-step approach to query-based summarizatiost, Eie relations be-
tween sentences are defined in a discourse graph. Thenrabpis i used to perform
the summarization. During the first step, the rhetoricalatrre is transformed into
a graph representation. The second step exploits a grapthsagorithm in order to
extract the most salient sentences from the graph. Thengfardde of the search is
the node representing the answer segment.

The summary should consist of the most salient sentenceen) ghe answer seg-
ment. This can be realized by determining thstancebetween the answer segment
and each of the other sentences. The sentences which arelogey related to the
answer segment are included in the summary. The distanaebetsentences is mea-
sured by their distance in the RST graph. In the graph cortgdtny and therefore in
the distance calculation, the presence of RST relationtharmain factor. Details are
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described later. RST defines relations between two spaesipfthich can be used to
derive the distance from one sentence to another.

The most nuclear sentence of an RST analysis is the sentdmicle i most central
to the writer's purpose. The strategy for generic summ#areof Marcu uses this
knowledge by starting with the most nuclear sentence of tluece text. A minimal
summary created by following the summarization method ofddaonsists of only
the most nuclear sentence. Similarly to Marcu’s approachgmaph-based method
prefers a nucleus over a satellite: in both summarizatignagrhes, a satellite cannot
be included in a generic summary without its nucleus. Thesequence is that in the
specific case that the entry point of the summarization — tis&var segment — is the
most nuclear sentence in the RST analysis, the result réssitiie result of the sum-
marization approach by Marcu (1997a) (depending on the sanmation parameters).
However, the graph-based approach is more general in tise $kat summarization
can start from any specific sentence rather than only the mm$¢ar sentence of the
analysis.

Allowing an arbitrary (answer) segment to be used as an goint for summariza-
tion raises new questions. For instance, if the answer segisiaot the most nuclear
sentence, should its nucleus also be included in the sumorgost its satellites? The
answer segment’s nuclei may provide general backgrouodirdtion, while its satel-
lites provide more specific information in relation to thesaer. This section focuses
on composing a summary of an answer and answer-supportitgrdoi.e. satellites of
the answer. Later, | will discuss the possibility of inclngialso more general content.

5.1.1 RST analyses as graphs

Although RST is not designed as a computational framewoig,relatively straight-
forward to derive a graph from a rhetorical structure. Gr#pdory is very suitable
for this purpose. A rhetorical structure tree can be coeeetrd a discourse graph by
means of the following steps.

1. For each segment in the rhetorical structure, createtexvassociated with it.

2. For each subordinating relation, create an edge fromubkar segment® the
satellite segments

A segment is a nuclear segment of a text span if it is not paangfsub span (of
the text span) which participates as a satellite in a subatitig relation with any other
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justify justify elaboration

condition cancession  conditipn disjnction 17A  disjanction

15A 15B 15C 15D 16A 16B 16C 16D 17B 17C 17D

Figure 5.1:Left: a rhetorical structure analysis containing just subotiigarelations;
center, right:rhetorical structure analyses containing coordinatingl(imuclear) rela-
tions. The symbols 15A, 15B, etc. refer to text segments¢lauses or sentences).

14C 15C @ 15D
14B 14D 15B
14A 15A

Figure 5.2: Discourse graphs corresponding to the rhetiostcuctures in Figure 5.1.

subspan. The satellite segments are the nuclear segmehts gdtellite. A text span

can have multiple nuclear segments if multinuclear refetiare involved. For instance,
in the RST diagram on the left in Figure 5.1, the set of nucéeggments of the entire
document (denoted as 15A:15D) contains only sentence 1B€niliclear segment of
15A:15B is 15B. The middle diagram shows a rhetorical stmecin which the set of

nuclear sentences of 16A:16D consists of segments 16C dnd 16

The result of the transformation is an a-cyclic directegpgraf which the vertices
correspond to segments, and the edges define relationsdretinean. Figure 5.2 shows
the discourse graphs created for the rhetorical structar€sgure 5.1. During the
transformation from RST to graph, part of the structurabinfation is lost because
segments of the graph are directly connected to other segnvemile in RST, one end
of a relation can also span more than one segment. If in RSBegment is related
to a text span of two segments, the graph construction @hgorconnects it to the
nucleus of the two segments in the discourse graph. In peadtiis means that if the
inclusion of a segment in a summary is justified by a rhetobraation, the nucleus of
that relation must be included in the summary as well. This Ig1e with the role of
subordinating relations in RST as defined by (Mann and Thompk988), who state
that a nucleus has meaning without the satellite, but nodtther way round.

In the case of a multinuclear relation, each of the segmeamtscypating in the
multinuclear relation (Figure 5.2, right: segments 17BClahd 17D) is connected
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with the nucleus of the multinuclear span. That is, in thengxa, segment 17A is
connected to each of the segments 17B, 17C and 17D, but segdi#B17D are

not directly mutually connected. The reason for this is thaérms of RST, there is a
(multinuclear) relation between the segments 17B, 17C &g tut they are mutually
independent: if we know that 17B contains relevant infororain a particular context,
there is no way to be sure that, to any extent, 17C or 17D isaateas well, based on
the relevance of 17B and the multinuclear relation betwheritiree segments.

Now that we have a discourse graphwe assume that given two segmeatisc T
for which there is a path frorato b, we can say that they are related, and therefaae if
is relevant to the answdp,is also relevant to the answer. If a path contains more than
one edge, the segments are related only indirectly and areatdelation is weaker
than a direct relation between two segments.

The strength of a relation between two segments could balesdad by just count-
ing the number of edges in the path between the vertices cfatpments. However, it
may be the case that there is more than one segment with allydqug path to the
starting point of the summarization. In that case, the twprsmnts would be equally
likely to be included in the summary, although there mighotieer indications of one
segment being better suited for inclusion in the summaordhan the other.

In order to remedy this situation, we can assign a cost tosetgthe discourse
graph. A greater rhetorical distance is reflected by a greatst. A cheap path from
ato b indicates a high probability thditis relevant, given thad is relevant. The total
cost of the path frona to b is denoted asost(a,b). The cost of a path between two
segments is defined iff there is a path that connects themcdstef a path is the sum
of the costs of the edges in the path.

Given the entry point of the summarization (the answer seg)yhe shortest path
from this segment to any other segment defines the relevdribe other segment to
the final answer.

5.1.2 Determining costs

The distance between two segments is affected by the cotite eldges that connect
the nodes corresponding to the segments in the discournglke.grhese costs are deter-
mined by using features of the rhetorical structure fromolhthe graph was created,
such as features of the text spans on either side of theaelti which the edge was
created. The cost of an edge also depends on features ofghmesecorresponding
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to the vertex which is targeted by the edge. The only comdtraithat all costs are
non-negative.

The rhetorical structure has many features that may beaeidor determining
costs to edges or vertices. Currently, only three featuees@nsidered when assigning
costs. For these features, there is at least some evidexidbdly can contribute to the
quality of a summarization. Further research may motivaeuse of other features as
well. The following features are considered, in order chtigk importance.

1. Each edge has a basic cost, which is the same for all eddke graph. This
makes the distinction between directly and indirectly teddesentences explicit.
Two sentences are less closely related if the path that ctstleem consists of
more edges.

2. For each edge, a cost is added depending on the numbetensesin the satel-
lite of the corresponding rhetorical relation. If a partansatellite contains more
sentences than another satellite of the same nucleus, tther apparently spent
more words on it, which may indicate that the author finds ttysc more im-
portant than a shorter one, although they both are a sateflthe same nucleus.

3. For each vertex, a cost is added depending on the numbesrdbwn the sen-
tence. According to Marcu (1998), this is a good measuren®amount of new
information contained in the sentence.

The cost of edge from n to sis calculated as follows:
-1
We=0+B-+/[S|+1 +y-log([ls]) (5.1)

where||S|| is the number of sentences in the satellite of the relation; |[g|| is the
number of words in the sentense Two subsequent sentences have a linear distance
of one. The constants, 3 andy are used to balance the three factors of the distance
between two sentences. Their values reflect that the nunilesiges (thex factor)

IS more important than the number of sentences in the datélief3 factor), and the
number of sentences in the satellite is more important thamumber of words (the
factory). In experiments described in this chapter, the valuB & chosen so small
that it is just used to decide in favor of one sentence in Bas®, y= 0 would resultin

a tie. Similarly, the value of is chosen so small that the number of words just makes
a difference when other factors do not.
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18A Heavy workload, stress and repeatedly carrying outdlh@esmovements for a long period
of time are the most important causes of RSI.
18B In the Netherlands the work pressure has increased bpxdppately 1.5 percent per year.

18C This is the result of shorter working hours in the eightd nineties of the twentieth
century.

18D Despite the fewer working hours, the same amount of watkth be done.

18E A possible explanation of the development of RSI as altre§uepeated low-exertion
movements is that the movements involve repetitive cotitnaof the same muscles.

18F This happens for instance when working with a displayagev

18G The motorial units can be damaged due to lack of oxygenlificllty in disposing waste
products.

18H Eventually they can cease to function and the muscldag# power.

18I There is however also evidence that the complaints danisd from damaged muscles.

18J Instead, they supposedly arise from abnormalitiesdrrésponse of the brain to signals
from the muscles.

18K Another possibility is that psychological factors caad to symptoms of RSI.

Figure 5.3: A text about RSI (translated from Dutch), useddeery-based summa-
rization.

elaboration
elabaration . )
disjunction
18A  nonvolitional-cause elaboration antithesis 18K
18B nonvolitional-cause glaboration nonyolitional-result 1 g| 18J

18C 18D 18E 18F 18G 18H

Figure 5.4: Rhetorical structure tree of the text fragmariigure 5.3.

5.1.3 An Example

This example shows how three segments can be extractedteosotirce textin Figure

5.3, based onits RST analysis, and given the entry poinexdaimmarization. In a QA

context, the entry point would be the answer segment. Twheektracted segments
are direct or indirect satellites of the answer segmentitting is the answer segment
itself. An RST analysis of the text in Figure 5.3 is shown igie 5.4. The entry point

for extraction is segment 18E. This segment could for instdre the QA output for

the questionwhat can be the cause of RSI?
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Figure 5.5: Weighted rhetorical structure graph of the tagment in Figure 5.4. The
vertex labels refer to their corresponding sentences. £dgelabeled by the distance
they represent, and are calculated with parametetsl; 3 = 0.5; y= 0.05.

elabaration

ab_gration 18G

18E 18F

147 \1.43 e

Figure 5.6: Extraction graph of the three sentences seléotanclusion in the sum-
mary, and the corresponding structure in RST notation, lvisiclerived from the orig-
inal RST analysis.

First, a discourse graph is created from an RST analysih@srsin Figure 5.5).
For this graph, the total cost of the paths from sentence @8tath sentence in the
graph is calculated using Dijkstra’s shortest path algari{Dijkstra, 1959). A path in
a graph is an alternating sequence of vertices and edgeanbegand ending with a
vertex. For instance, in the graph of Figure 5.5, there isth peer three vertices and
two edges from 18E to 18H. The cost of this path is the sum otdses of all of its
edges.

Only four sentences are reachable from 18E. Since the swleuft sentences is
based on the cost of their path from 18E, a sentence whiclseceed with an un-
reachable vertex cannot be included in the extract. In thgecthe sentences with
the cheapest path from the entry point 18E are selected. dlheted sentences are
extracted, resulting in the discourse graph on the left gufé 5.6. For the sentences
in this graph, the rhetorical structure can be derived u#iiegoriginal RST analysis
in Figure 5.4. The result is the rhetorical structure on fgétrin Figure 5.6. This
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rhetorical structure may be used for further processinge diitput of the extraction
process would be the following text. The answer segmengjislighted.

A possible explanation of the development of RSI as a result of repeated
low-exertion movementsisthat the movementsinvolve repetitive contraction

of the same muscles. This happens for instance when working with a display
device. The motorial units can be damaged due to lack of oxygel difficulty

in disposing waste products.

5.2 Evaluation

5.2.1 The data

The utility of discourse structure in summarization is mgad by means of an online
experiment. Material for the experiment was extracted feonRST-annotated corpus
of news releases in English (Carlson et al., 2002). The cbrpontains 385 RST-
annotated text documents with a total of 21789 discourses amd 176,383 words.
The text is segmented and annotated using the guidelinesadédd et al. (2001).
These guidelines build on RST but deviate from Mann and Tremng§1988) at some
points. The segmentation into discourse units as well asatk@enomy of discourse
relations is more fine-grained than described by Mann andrpison (1988). Using
the style analysis tool of Cherry and Vesterman (1981), hted 8056 sentences in
the corpus, which amounts to an average of 2.7 discoursg peritsentence.

For 30 documents, the corpus contains between 3 and 26 ou®s$ti which the
document has an answer, 250 in sum. Not all of the questiand t@ used because
the interpretation of some of the questions rely on the preyquestions or their an-
swers, or even on the text document that contains the ansinely self-contained
questions are considered. For example, the questiat will the toilet costtannot
be properly interpreted because the antecedent of theergi@r expressionhe toi-
let cannot be resolved without a proper context. Other questismch asvhat has
been recovered@are so general that they need more context to reduce ampigii¢
self-contained questions were matched with a discourgdoymnanually selecting the
discourse unit with the most direct answer to the questibno idiscourse unit could
be selected, the question was discarded, as the experim@cegrdrates on situations

1The corpus can be obtained from the LDC (Linguistic Data ©aiism,
http://www.ldc.upenn.edu/ ) under catalog number LDC2002TO07.
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where answer extraction is straight forward once an anssveund. The answer pre-
sentation approach taken presumes that a ‘correct’ ansagnpointed in the text.
Furthermore, not for all questions was it possible to createmmary of the desired
length. These questions were also discarded.

From the 30 documents, 4 were randomly selected. Afterifijeas described
above, 12 self-contained questions which had answers nechaiFor each of these
questions, four answers were formulated:

Concise answerthecore segmenthe discourse unit which most directly answers the
guestion.

Answer plus contexta query-based summary of a maximum of 160 characters. The
answer plus context consists of the core segment, the inatedylipreceding
discourse unit, and one or more discourse units immedi&#twing the core
segment in the linear flow of text, up to 160 characters.

Extensive answer la query-based summary of a maximum of 160 characters, dreate
using the summarization method described in section 5.1.

Extensive answer lla query-based summary of a maximum of 160 characters. This
summary consists of the core segment, its immediate supieaded discourse
unit, and one or more discourse units which are selected ansmef the sum-
marization method described in section 5.1, up to 160 ckerscThis summary
is added in order to measure the effect of presenting gemdoamation in a
summary, rather than specific information.

5.2.2 Manual postprocessing

As mentioned previously, the four answers are compiled lbgctag a number of
discourse segments from the RST analysis of the documetainorg the answer. Be-
cause sentences may consist of multiple discourse unitthanchit of summarization
Is the discourse unit, the answers may contain incompletiesees. In addition, they
may contain anaphora or referential expressions to othes pathe text. Because
participants are asked to judgententrather than readability, minimal revisions are
made to the answers in order to avoid that problems with tghiyecause artifacts in
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the outcome of the experiment. The answers were revised Ilmyiog a number
of rules:

1. Ifaselected discourse unit participates 8ravE-UNIT relation, the related units
are selected as well. Tl®AME-UNIT relation is not a rhetorical relation, but is a
special relation used in the RST corpus to indicate that twysieally separated
text fragments are actually one discourse unit.

2. If one or more selected discourse units cannot be integhidue to lack of con-
text, starting from the unit closest (within the summaiiaimodel) to the core:

e As long as the 160 character maximum length is not exceedetljree
discourse unit is not interpretable, contiguous units dcdked.

¢ If no more discourse units can be added due to the 160 chalemtadary,
the uninterpretable discourse unit is discarded.

3. Arrange the selected discourse units in the originalrootighe text.

4. Make minor revisions to enhance the fluency of the text amaake sure the text
is well-formed.

5. Resolve anaphora and substitute their antecedentssuhkantecedent contains
averb.

The result is four fluent answers for each of twelve questidmsoverview of all
questions and answers used in the experiment is shown imdpps.

5.2.3 Experimental setup

Sixteen people between the age of 24 and 58 participatedeirexperiment — ten
male, six female — all in good command of the English langu&gpene of them were
computer linguists, but none of them had prior knowledgehef éxperiment. All
participants were recruited from e-mail lists. The expemtinwas presented to the
participants as a question answering experiment, in wiiep had to rate answers for
various qualities.

The experiment consisted of three stages. First, the patits entered some per-
sonal information such as age, gender, native languagen, Tinstage 2, the partic-
ipants were shown each of the 12 questions in a random ordesh §uestion was
presented along with an answer of (at random) one of the foswver types, so that
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5 . . . |
Concise answer—
Answer plus contextxxxxi
Extended answer
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Figure 5.7: Average ratings of the four answer presentation

each participant assessed three answers of each of theyfms, tout not every user
assessed the same answer to the same question. This anmw8niHt= 48 assess-

ments for each type of answer. The subjects rated the qudlitye summaries on

three dimensions. First, the user was asked to indicate gooab Likert scale to what

extent s/he was able to verify whether the answer was aecutcondly, the user
was to judge how useful the provided information was wittpees to the question.

And finally, the user was asked how much irrelevant infororatvas contained in the
answer. On each occasion, the answer presentation reces@are between 0 and 4
(from worst to best).

In stage 3, when the participants finished assessing anstiveyswere shown the
same questions again in the same order. This time, they Wwevensall four answers to
the question and asked to order them from best to worst. Titieipants were free to
use any criteria for determining the quality of the answen®€riteria were specified.
The best ranked presentation receives a score of 3; the Qorst

5.2.4 Results

The average ratings assigned by the subjects are shown uineFig7. A t-test per-
formed on the results showed that the RST-based summaregwdged to be signifi-
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cantly more verifiable than the answers plus contpxt 0.01). One of the participants
remarked] would like to see contextual information of the answer townvhether the
guestion was understood, especially because | have no tiakttiae correct answer js
thereby supporting the claim that verification of the ans&an important function of
a summary. Furthermore, RST-based summaries containaficagtly less irrelevant
information than the answer plus contept< 0.01). Despite this, there was no sig-
nificant difference in the amount of useful information beém RST-based summaries
and answers plus context. Also, the results of the two typ&S3-based summaries
were very similar.

The statistics of the ranks assigned to answer presergdijotine participants show
a clear improvement with more sophisticated presentatiethaus. On average, the
answer plus context was given a significantly highek(0.01) rank than the concise
answer. The extensive answers are ranked significantlyehifgh< 0.01) than the
answer plus context. No significant differences were fougtghben the rank averages
of extensive answers | and Il.

The results suggest that RST-based summarization comijaaoeably to generat-
ing an answer presentation simply by including the answgmsat and surrounding
sentences: using RST helps reducing the amount of irreléméormation, and in-
creases the verifiability of the answer.

5.3 Conclusion

This chapter is a first attempt to exploit discourse str#ciarquery-bsaed summa-
rization, and to explore what discourse structure can dan#. | proposed graph-
based framework for query-based summarization which issmpnted to use an RST
analysis of the source text, but it can be easily extended¢oother features of the
text. The summarization framework aims at producing caftesemmaries containing
an answer to the query, but also information supporting dhswer. Previous work
on query-based summarization has mainly focused on extgaitte set of sentences
which best match the query, not on producing coherent suramar providing infor-
mation not explicitly asked for.

A user study indicates that this method outperforms a coithgebaseline with
respect to the amount of relevant information included engbmmary. Furthermore,
when users were asked to rank answer presentations ofetiffgmpes, the RST-based
summaries ranked significantly higher than the baselinevsanmes and the concise an-



120 CHAPTER 5. THE ROLE OF DISCOURSE IN SUMMARIZATION

swers. The user study also confirmed that users are moreleagalerifying whether
the summary is actually responsive to the query when thegiaem a summary than
when they receive a concise answer. However, with respeatribability, there is
no great difference between a simple baseline summary @answs context) and an
extensive answer which is composed using RST.



Graph search algorithms for summarization

This chapter presents a graph based framework which is usexlif
tomatic discourse oriented text summarization. Incregisisophis-
ticated content selection algorithms are evaluated usintpmatic
guality measures. A simple but competitive baseline (wbébcts
the sentences most similar to the query) appeared hard tb baly
one method significantly outperformed this baseline:(@.1, DUC
2005 data). On the other hand, this method would have rankstd fi
(Rouge-2) or second (Rouge-SU4) if it had participated ifI2005.

It should be noted that automatic measures provide just digdar
evaluation, as they are notoriously poor at measuring sospeets
of summarization, such as readability and linguistic gtyaliA full
evaluation in the context of DUC 2006 using manual and autama
guality measures provides a more complete picture on perdoce
of one implementation of the summarization framework. &\&tibw-
ing average results in content based measures, the dissouented
summarization method presented here beat (all but one dicthre-
peting summarization methods when it comes to readability.

Summarization systems typically extract content by apg\a ranking and selecting
the highest ranking passages. The passage ranking is baesuélevance assessment
of each sentence individually. This is based on the ideadbate content is more
relevant to the user than other content. However, this irapnto theories of discourse
organization which claim that meaning is tightly relatedliecourse organization. If a

121
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passage is presented without its original context, themé&aning may change or even
disappear.

19A RSI can be cured,
19B provided you're not too late.

In the text of 19A-19B, information in the second passageosep a condition to
what is said in the first. Presenting the first passage wittiasicondition is mislead-
ing. In other words, if 19A is considered sufficiently relavéo include in a summary,
the relevance of 19B is justified by their conditional redati

Inspired by the RST based approach to generic summarizatdarcu (1999), the
previous chapter showed how coherence structure can befarsgqdery-based sum-
marization. Specific types of RST relations are well detdetautomatically, but un-
fortunately, it remains difficult to obtain a full automa#oalysis in a reliable manner.
As an alternative, Barzilay and Elhadad (1997) used lexaolksion as evidence of
semantic relations in text. Their approach relied on seimamilarity of words rather
than intentional relations between passages, which ise@sdetect automatically.

The generic multi-document summarization system of ErkethRadev (2004) ex-
hibits similarities with both the coherence based approdchapter 5 and the cohesion
based approach of Barzilay and Elhadad. Both Barzilay ahdd&d and Erkan and
Radev use lexical repetition to detect relatedness betseetences, but similarly to
chapter 5, Erkan and Radev use a graph based summarizattemsyn both chapter 5
and in Erkan and Radev (2004), graphs are used to expressicnatielevance of text
passages, and a graph search algorithm is used to find reéerdances, but Erkan and
Radev used those graphs for producing generic summariete Wapter 5 uses query
distance as a measure of relevance, Erkan and Radev uselitgnds a measure of
relevance. According to Erkan and Radev (2004), ‘centeadti(thus salient) sentences
are sentences which are related to many other sentenceghafdmtrality. Because no
prior amount of salience is attributed to sentences, saieupdated iteratively from
the structure of the graph (see also section 4.3.5.3).

Otterbacher et al. (2005) brought the graph based apprda€lkan and Radev
to query-based summarization. Both Erkan and Radev (200 Cdaterbacher et al.
(2005) used centrality in multi-document summarizatiau, ieither take redundancy
into account. More generally, they do not make an attempbtoline evidence for
determining salience.
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The work in this chapter is based on three observations:

1. concepts that play a role in summarization include quelgvance (in query-
based summarization) (Mani and Bloedorn, 1997), redundébarbonell and
Goldstein, 1998), and coherence (Blair-Goldensohn andédieia, 2006);

2. intuitively, it seems plausible that these concepts aehemploying different
types of information and that these types of informationuéthide combined to
determine the salience of passages;

3. to my knowledge, no summarization system exists whickgirates query-rele-
vance, redundancy as well as coherence for determiningnsaliof a passage.

This chapter investigates what is required for contentcsiele in generation of
high-quality summaries. The next section decomposes fkeofasummarization into
several sub tasks. This paves the way for experiments witheayepased multi-
document summarization system. Two aspects of contenttgeleare investigated:
graph search algorithms for determining sentence saljemg combinations of fea-
tures for graph construction. The graph search algoritmtiside a measure of query
distance based on Bosma (2005c), and measures of centvagd on Erkan and
Radev (2004). Features include a graph to express reldbetvgeen sentences of
the same document based on cosine similarity, and a grapiptess redundancy, also
based on cosine similarity. For measuring the quality ofegated summaries, | use
data and automatic methods of DUC 2006. Section 6.3 desaifenplementation of
the framework using query distance to determine saliertdeing a combination of
feature graphs, and its evaluation in the DUC 2006 quergdhasmmarization chal-
lenge.

6.1 A framework for summarization

This chapter aims to investigate the content selectionaslbdf summarization. None-
theless, the evaluation methods used are designed to reghsuguality of abstracts,
and require a full summarization system. For the purposbedd experiments, | de-
composed the summarization process in a number of sub takkssystem presents
a framework which allocates these sub tasks to differentpoorants, which allows
for substituting part of the system while leaving everytheise unchanged. Separate
modules are responsible for the following sub tasks.
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SegmentationThe source documents as well as the query are segmentedanto
tent units A content unit is an undividable text passage which is adatéi for
inclusion in the summary. Experiments in this chapter imgdlonly one imple-
mentation of this component which uses sentences as caniigst Alternative
implementations may perform paragraph segmentation aselaegmentation.

For each segment, a unique identifier is generated whichmgoeed of the doc-
ument name, the paragraph number and the sentence numbérstance, the
second sentence of the eighth paragraph of docub®&0tA_NYT20000228 0358

is labeledD0601A _NYT20000228 0358.8.2 . These data can be used in any later
stage of the summarization process to identify the sentbatalso for other
purposes such as to restore the sentence ordering guresgntation The query
undergoes the same treatment as any document. Becauseaitbe document
of a sentence is kept, query sentences can be distinguisiraccandidate (non-
guery) sentences.

The sentence segmenter uses a set of punctuation rulesetondet sentence
boundaries. A list of abbreviations is maintained to avaidély detected bound-
aries. Paragraph boundaries are derived from annotatiansdpd with the
source documents. The segmenter also attempts to remowedatet from the
text, such as the date and location of publication. The nwier® based on sev-
enty five documents of the DUC 2006 development set. Thesendeats are
representative for the test data but not used for evaluatorformal evaluation
of the segmenter was performed.

Feature extraction.The source text and the query are processed and converted to a
feature graph to prepare for content selection. Multiplelaies may be used
in parallel so that multiple graphs are generated. This malude coherence
analysis, measuring redundancy, etc. The generated geaphsategrated, as
described later.

Salience estimationThis model runs an algorithm which derives a salience vatue f
each sentence from the (possibly combined) feature graph.

Presentation.A summary is created using the most salient content unit® sSCim-
maries used in this chapter are extracts consisting of thef seost salient sen-
tences. If adding the next-salient sentence would causgsavord limit to be
exceeded, no more sentences are added. Where possiblegtredrdering of
the sentences in the source text is retained. If the sumnuemains sentences
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from multiple sources documents, sentences from the docuooataining the
largest number of sentences are presented first. Althowglortering of the
sentences may be important for readability, it has littfecfon Rouge scores.

6.2 Toward discourse-oriented summarization

The quality of summaries is measured using the Rouge peafacenmetrics also used
in DUC 2006. These are Rouge-2 (i.e. bigram recall with respereference sum-
maries) and Rouge-SU4 (skip bigram recall). Both metriesdescribed in greater
detail in section section 4.2.1.3. The DUC 2006 evaluatlpn&NIST also included
a Basic Elements recall measurement using the Basic Elsrtmoikit of Hovy et al.
(2006), but unfortunately, this toolkit is no longer avaika It should be born in mind
that Rouge metrics only partially quantify the quality ohsmaries. Equally important
Is a qualitative discussion of a manual inspection of thersanes in relation to the
behavior of the algorithms used.

6.2.1 The data

Experiments in this chapter use DUC 2006 data for queryébaséti-document sum-
marization evaluation. This data set consists of fifty ‘i A topic consists of (a) a
title, (b) a query consisting of one or more sentences in dne fof a question or an
assignment for the summarizer to respond to, and (c) a setun€s documents. An
example of the title and a query of a DUC 2006 topic is giveoWwgltopic DO650E).
Section B.1 (in appendix B) shows one of the reference sumsiased for evaluation
of summaries generated for this topic.

Title: former President Carter’s international activities

Query: Describe former President Carter’s international effortsuding activities of
the Carter Center.

In addition, 25 newspaper articles are associated with gub. The summariza-
tion task is to respond to the topic in the form of a summarnygisontent from the set
of 25 documents. The response may comprise at most 250 wbhils task is given
to professional human summarizers as well as automatic suiretion systems. The
human summaries are used as reference summaries for avglsiggtem summaries
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(henceforthcandidate summari¢sEach DUC topic has four corresponding reference
summaries.

The source text contained errors and pollution which haseatgr or lesser im-
pact on the quality of summaries, depending on the sumnienezaethod used. For
instance, the text contain notes to editors, such as ‘BEGANIONAL TRIM'. | en-
countered also inconsistencies in punctuation, such &sierin the use of quotations
and dashes. The articles were marked up in XML. It also oecuat least once that
errors in the file format caused an article to be almost cotalyléost because most of
an article was written in the header of the source file. Sontleeofeference summaries
have spelling errors, such as ‘The U.N. Genral Assemblym&articles contain sec-
tions from different authors, ending with a single line @ning only the author name.
If one author is mentioned several times, a summarizatigordhm may find this
name important and include it in a summary, possibly resgith a summary contain-
ing only author names. Two measures were taken to alleviatetproblems. First,
parenthesized sentences were ignored during summarnizaliois removed most of
the editorial notes. Second, if a document contained idaihgientences, all but one of
the sentences are removed.

6.2.2 Pair-wise significance

The Rouge-2 and Rouge-SU4 metrics produce a score for eauhaty, representing
its quality. Performance of summarization systems is afteasured by averaging the
scores of individual summaries. The average score oveuaihgaries of particular
system gives a general indication of the quality of the sunzation method. To see
if one system is better than another, one could simply cheother the difference
in average scores is significant. However, while a singleame score is useful as a
rough indication of the quality of a system, it may not be tlestbmethod for a pair-
wise comparison.

When can a system be said to be better than another systera@nfraary receives
twice the score of another summary, is the summary twice ad&valuation metrics
such as Rouge are notoriously badgaiantifyingdifferences in quality in absolute
terms. Donaway et al. (2000) suggest that a system whichstensly produces higher
scoring summaries than another system may be regardedter*lsgtstem. Note that
the average scores of both systems may be very similar, €vee system performed
consistently better.
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Figure 6.1: Standard deviations of Rouge-2 scores of jyaatit systems of DUC 2006
for each of the 50 topics.

If the difference in scores between two systems does noamgihing about the
difference in quality other than which one is better, a conspa can have only three
possible outcomes: one is better, the other is better, epaity. If this is accepted,
it remains to be seen whether the system score averagedialderéor significance
testing. The variability of scores for some topics is faragee than for other topics
(see Figure 6.1). As a result, the topics with a high scoradity affect the system
average more than other topics. This makes it less likelyntbdignificant differences
in system performance. Therefore, | use not absolute vdduethe system rank in
pair-wise comparisons.

When comparing two systems, | measure the percentage afstégi which one
system beats the other. For each topic, the system whichupedda higher quality
summary than the other system (according to the metric atehoeceives a relative
score of 1; the other receives a score of 0. In the event that $ystems perform
equally good, both systems receive 0. If the sum of scorestistfor one system than
for the other, its average rank is higher and the system e better.

These data are used for significance testing by means of appate randomiza-
tion. The set of scores of both systems together (i.e. a sealoks of O or 1) is
randomly re-divided into two sets of scores. Then, we chebkther the sums of
scores in the random sets differ at least as much as theadifferin the sum of scores
of the systems under comparison. This is repeated one milhoes. The number of
times the difference between the random sets of scoresasdhgreater than the differ-
ence between systems corresponds to the probability thiag null hypothesis holds,
a performance difference occurs which is at least as gretliteagbserved difference
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between the two systems. The null hypothesis (that the pedioce of both systems
is equal) can be rejected with probabilpydefined as:
PREat
N+1
wheret is the number of positive tests; ahdis the total number of tests. Throughout
this chapter, | reject a null hypothesigik 0.05, unless stated otherwise. Nonetheless,
significance probabilities are reported where relevant.

If the system rank are preferable over absolute averagesnwlasure the system
ranking for pair-wise comparison only? If a number of systeare compared, one
could measure a system’s rank for each topic, and take thrageeank as a perfor-
mance measure instead of the average score. An objectitistonethod is that the
average rank of a system depends on which other systemsdtripared to. When
testing the significance of a difference between two systémesoutcome depends on
which othersystems are in the group of systems ranked.

In sum, | use the average scores as a rough indication of @asiggperformance; a
binary system ranking is used for pair-wise significancarigs

(6.1)

6.2.3 Query-relevance

A simple form of query-based summarization is to determimetence salience by
measuring its cosine similarity with the query. The sen¢ésrmoost similar to the query
are presented as a summary. A summarization system basesbsioe similarity of
a content unit and the query is a competitive baseline forygbased summarization.
This method is compatible with the framework of section 6The graph used for
salience estimation is the graph where each candidateneenterelated to each query
sentence, and the strength of this relation is the cosingesity of the two sentences.
The sentences closest to a query sentence are then inclutteddummary.

The cosine similarity graph is generated in three steps:

1. words of all sentences are stemmed using Porter’s stelfoger, 2001);
2. the inverse document frequency (IDF) is calculated fohe®ord;

3. the cosine similarity of each candidate sentence andepaaly sentence is cal-
culated using th# - idf weighting scheme.

Stemming is a way to normalize syntactic variation. The isgedocument frequency
is used to weight words higher than other words if they ocadiewer sentences. Rare
words are characteristic of the sentence they appear in.
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This method for calculating IDF values appeared not apjatgfor query terms
because there is a mismatch between the language use ingheamqul in the source
documents. For instance, queries frequently used phrasdsas ‘Discuss ... or
‘Describe ... These words have a low frequency in the smdozuments, and are thus
assigned a high IDF value, but they are hardly descriptitleay appear in the query.
Therefore, the IDF values for query terms are calculateah fitee set of sentences from
all DUC 2006 queries instead of the source document sergespeific for the topic.
The query-relevance graph is defined by a function detengitihe strength of the
relation between two sentences:

q(i, j) = cosinti, j) ,ifieQ; jes (6.2)
Oq(i,j)=0 , otherwise

wheredq(i, j) is the strength of the relation between senten@esl j; Q is the set of
query sentences§is the set of candidate sentencessin{q,i) is the cosine similarity
of sentenceg andi. The strength of a relation is a value in the range of O (ndicgix
to 1 (a strong relation).

The query-relevanc8query relevancd j) Of @ sentencg is then calculated as follows.

uneryrelevancéj) = géigaq(c% J) (6-3)

whereRgueryrelevancd ] ) iS the salience of sentengeQ is the set of query sentences.

A summary is then generated from the most salient sentergegxample sum-
mary is shown in appendix B.2. The system achieves an avé&tagge-2 score of
0.0818, and an average Rouge-SU4 score of 0.138. Compatbkd szores of par-
ticipant systems of DUC 2006, the query-relevance summidoiz system would rank
11" of 36 in both Rouge-2 and Rouge-SU4 (in DUC, Rouge-2 and R&ld# was
measured for 35 systems). This is well above the median,emdrkably high for a
system this simple.

6.2.4 Query-distance

In an attempt to increase the coherence of the summariemlthef query-relevance
in summarization may be replaced by the more general coméeptery-distance A
sentence is salient not only if it is relevant to the query, dso if there is indirect
evidence of relevance, e.g. if it is similar to a query-ral@vsentence of the same
document. Similarity with sentences of other documents tha source document of
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a sentence is not used as evidence of relevance, becautaigimi sentences from
different documents may as well indicate redundancy. Reduey is to be avoided.

In order to realize query-distance as a salience measuegsune cosine similarity
not only between query and source document sentences sSoupetween two candi-
date sentences. The latter is to enable selection of sexgtemitich are not directly
query-relevant, but which are closely related to quergvaht sentences.

The query-relevance gragly (eq. 6.2) is used again to express relevance to the
query. A second graph is generated to express relatednsssateices of same docu-
ment:

Oc(i, j) = cosini, j) ,ifi,j € S dodi)=dodj) (6.4)
oc(i,j)=0 , otherwise

wheredc(i, j) is the strength of the relation between sentences of the damanent;
dod(i) is the source document of senteng&is the set of candidate sentences. Al-
thoughd(i, j) = &¢(j,i) for all i, j, the two relations in the graph are distinct because
they have opposite directions. If there are more sentenicg \wéh a non-zero value
of &c(i, J)

The graphdg andd. are integrated into a single multi-graphc. A multi-graph
is a graph that can have two edges between the same two segiqaessing simul-
taneous relations. As a result, not a single relation but afselations hold between
two sentences, and each relation may have a different stréegween 0 and 1. The
integrated graph is expressed as follows.

Aq70<i7 j)= {Wqéq(L J),wede(i, J)} (6.5)

wherelq;i(i, j) is a set of values, each representing the strength of an edige to

j in the multi-graphAqc. The values ofvg, we € [0..1] are weighting factors. The
smallerwy and the greatew, the greater the relative importance of indirect evidence
of relevance. The smalley; and the greates,, the more sentences are selected which
are not directly query-relevant.

The query distance of a senterids calculated as the shortest path from a query
sentence to. A path between two sentences is a sequence of edges thaictoimem.
The shortest path consists of edges from the grdphs Based omM\qc, the query
distance is calculated as the follows:

D(j)=0 if j€Q (6.6)
D(j)=min{D(i)+r ' —1]i € QUST € Aqc(i, ])} , otherwise  (6.7)
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Figure 6.2: Indexed performance of query-distance sunaaigon for different values
of wg. An indexed performance of 1 indicates the performance®fjtrery-relevance
system.

whereD(j) is the query-distance of sentengeln each step of the path, an edge is
followed; the strength of the relation represented by thgedsr. The distance of the
step in the path is the reciprocal of the strength of theimigexpressed by 1 — 1).
The distance of a path is the sum of the distances of its steps.

As all elements of\q (i, j) are guaranteed to be in the rarigel], the termr ~1 -1
is in the rang€g0, o), if defined. If the strength of a relation between two sergsris
1, their distance is 0O; if strength is O (there is no relatighg distance is undefined
unless there is an alternative path, in which case that pagken.

Note that query-distance is here used as the reciprocaliehsa. The salience as
calculated using query-distance is given by

unerydistancéj) =1- D(J) (6-8)

whereRy erydistancd j ) iS the salience of sentengeLike in the query-relevance sum-
marization system, the most salient sentences are sefectadlusion in the summary.
Figure 6.2 plots the performance of the query-distanceesysor different val-
ues ofwg. In order to make results more comparable, Figure 6.2 shbevintlexed
performance rather than the actual performance. The pesioce index 1 is the
baseline system, in this case the performance of the qedégyance system. Given
we = 1, the highest performance of query-distance summarizaiaeached with
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wg = 0.7. At wq = 0.7, the average quality of query-distance summaries istyfigh
higher than query-relevance summaries according to R8yge3823, DUC 2006 rank
11 of 36) and Rouge-SU4 (0.138, rank 11). This performantferdnce is not sig-
nificant (p < 0.12). Atwg > 0.6, the query-distance summaries are very similar to
query-relevance summaries.

Appendix B.3 contains an example of a query-distance summih wg = 0.5.
Compared to the query-relevance summary in appendix Be2s¢intences 37G and
37J are added at the cost of removing 36C. The evidence oéleance of the added
sentences is based on their relation with 37H and 371 reispéct

6.2.5 Centrality

The summarization systems of Mani and Bloedorn (1997) akdrEand Radev (2004)
iteratively recalculate the salience of a sentence frormdagiity graph and the salience
of neighboring sentences. Erkan and Radev termed this wheflaalculating salience
centrality-basedsummarization, because sentences which are more ‘cemtréie
feature graph (i.e., sentences which have more neighbecs)ve a higher salience
value. The summarization systems of Mani and Bloedorn akdrEand Radev are
described in section 4.3.5.3.

| attempted to run both the algorithm of Mani and Bloedorn #melalgorithm of
Erkan and Radev using the same features (the graplasdd.) as used for query-
distance summarization. Both algorithms are designeddoegc summarization, so
they had to be adapted for query-based summarization. édimn®tterbacher et al.
(2005) presented a query-based alternative to the genarimarization algorithm of
Erkan and Radev (2004), | chose to adapt the latter algofitiniguery-based summa-
rization instead of using the query-based alternative té@acher et al.. Otterbacher
et al. included the concept of query-relevance in theiesak computation rather than
in a feature graph. This is not compatible with my graph basedmarization frame-
work. My implementation deviates from both Erkan and Ra@®04) and Otterbacher
et al. (2005) in the sentences between which similarity iasneed. Erkan and Radev
measure cosine similarity between any two candidate seegsehuse the grapd. (eq.
6.4) which expresses similarity between sentences of the simcument only.

The salience is calculated as follows.

1. Initiate the salience of all candidate sentences (saocament sentences) at 0.
The salience of query sentences is initiated at 1.
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2. Recalculate the salience of each candidate sentenng,thisifeature graphs and
the salience of neighboring (i.e. related) sentenceseadientences increase
the salience of their neighbors.

3. Repeat step 2 unless the change in salience in the lastiotefalls below a
certain (pre-defined) threshold.

How salience is recalculated depends on the centralityrighgo used. The al-
gorithm of Erkan and Radev (2004) uses normalization, sbahaed ‘amount of
salience’ is in the system: the sum of the salience valueli séatences to converge
to a fixed value, e.g. to 1. This prevents the salience to keegasing and never
converge.

The algorithm of Mani and Bloedorn (1997) does not normasaiéence, but uses
a Sigmoid transformation to ensure that the salience valoeerges after sufficient it-
erations. After each iteration, the transformation mapsstilience of each sentence to
a value in the rangf..1]. The Sigmoid transformation works as a salience threshold:
sentences above a certain salience value are assignedeao¥dlu If the threshold is
not set appropriately, all sentences may be receive a sali&tue of 1, or all sentences
may receive a salience of 0. Chen and Ng (1995) suggest expating with differ-
ent values until desired results are achieved. Howevegwthireshold is appropriate
depends on the topic and the source documents.

Instead of using the Sigmoid-based algorithm, | designealgorithm which does
not normalize and which does not work with thresholds. Thgs@thm is based on a
probabilistic interpretation of semantic networks.

The following describes a normalized and a probabilistigrapch to centrality-
based summarization. Thereafter, centrality-based suinatian is illustrated with an
example.

6.2.5.1 Normalized centrality

The normalized centrality (based on Erkan and Radev, 2@80z8Iculated as follows:

1 JfjeQ
0 ifjes (6.9)

b (1)
1 (0)

Mj(t+1)= d (1—d) ED Z r-y(t)-degregi)™t |ifjesS
i€D (relqeli,j))

)
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whereD = QUS; andy,(t) is the normalized centrality of sentengat iterationt > O;
andAqc(i, j) is the set of edges betweérand j (see eq. 6.5). The constaditis

a small value Erkan and Radev used in generic summarizationder to guarantee
a salience ranking under all circumstances by giving eastesee a small prior non-
zero salience. Throughout this section, the value of 0.USesl, as suggested by Erkan
and Radev (2004). In contrast to query-based summarizatiergraph weight factors
wg andw (eq. 6.5) do affect the salience of sentences in normalizatraity sum-
marization, because the salience is normalized and thefsststences with outgoing
edges iy andd; are disjunct. The degree of a sentenaethe graph degreei)) is
measured as the number of outgoing edges:

degreéi) = Z Z r (6.10)
KED (refqeli k)
At each iteration, an ‘error value’ is calculated. The aitjon terminates when it
reaches a stationary state, i.e. once the error value isisaflly small. The error value
is calculated as follows.

e(t) = .ESabS(M-(t) —Hi(t—1)) (6.11)
le
whereg(t) is the error value at iterationy andt > 0. A proper error threshold is
calculated dynamically.
The result is a salience valpebetween 0 and 1 associated with each passage. The
content units with the highest salience values are seléotéaclusion in the summary.
The quality of normalized centrality summaries is sligtolyer than that of query-
distance summaries according to Rouge-2 and Rouge-SU4 p&enhto query-rele-
vance summaries, the Rouge-2 score is higher and the Rdujes@re was lower.
At a Rouge-2 score of 0.0820 and a Rouge-SU4 score of 0.18@yvérage quality of
normalized centrality summaries does not significantliedifatp < 0.05) from query-
relevance or query-distance summarization. An example mdranalized centrality
summary is printed in appendix B.4. The normalization cantee effect of graph
weighting — the summaries are the same regardless the viathe (hon-zero) graph
weights.

6.2.5.2 Probabilistic centrality

The algorithm of Erkan and Radev (2004) was inspired by $o&twvorks. Analo-
gously to people, content units have a certain status (&a)eand use this status to
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increase their friends’ status (i.e. to increase similatesgces’ salience). In the work
of Erkan and Radev, the weights are normalized by degredyaadtal amount of
salience (status) in the network remains approximatelysdme over iterations. If a
person has many friends, those friends individually hase benefits from the friend-
ship because they have to share. In other words, if a relet@ided, existing relations
to the same content unit are devaluated.

In the probabilistic approach, an edge in the semantic n&tfwom sentencato b
is viewed as the probability thatis relevant, givera is relevant. In this case, contrary
to the normalized approach, the relevancé givena is unaffected by any other sen-
tence whose relevance may dependo¥iewing edges as relevance probabilities also
has implications on how evidence of relevance is combineathd& than accumulat-
ing weighted salience of neighbors, salience of a sentenca&lculated as the product
of inverse conditional probabilities. This is based on theai that, if we have several
pieces of evidence that a sentence is salient, it sufficasibdthem is true. | used the
following probabilistic centrality algorithm for calcuiag salience.

vjt)=1 ifjeQ
vj(0)=0 Jifjes (6.12)
vitt)=1- 1 [] @-rwi-y) Jifjes

(ieQUS) (reBqceli i)

wherev(t) is the probabilistic centrality value of senteniat iterationt. The value
of y is thedecayvalue, a global constant in the rang®.1). The constany has a
function similar to the constart in normalized centrality: it is necessary to ensure
that the salience value keeps increasing at each iteration.

Figure 6.3 shows the performance of the probabilistic editgrsystem is higher
if the relative contribution of the query-relevance grajghis greater. The best per-
formance measured is afy = 1, we = 0.1 (Rouge-2 average 0.0888, DUC rank 3;
Rouge-SU4 average 0.143, DUC rank 7). With this configunatibe system signif-
icantly outperforms the query-relevance systgm<(0.01 for Rouge-2 and Rouge-
SU4), query-distance withig = 0.7 (p < 0.01 for Rouge-2 and Rouge-SU4), and nor-
malized centrality p < 0.05 for Rouge-2 and Rouge-SU4). An example of a proba-
bilistic centrality summary is shown in appendix B.5.

6.2.5.3 An example

To clarify the iterative centrality-based summarizatiosogess, an instance of proba-
bilistic centrality summarization is exemplified. The té@xtFigure 6.4 consists of the
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Figure 6.3: Indexed performance of probabilistic centyaummarization for different

values ofwg andw.. An indexed performance of 1 indicates the performance @f th

query-relevance system. Performance is measuredifer 1 andwg incrementing
in steps of 01 from O to 1. Then, performance was measuredwgr= 1 andw,

incrementing in steps of.0 from 0 to 1. The configuration of highest performance

waswg = 1; we = 0.1.

Q
20A

20B

20C

20D

20E

20F

20G

Hugo Chavez

CARACAS, Venezuela (AP) — Former Lt. Col. Hugo Chavezpwtaged a bloody coup
attempt six years ago, was elected president of Venezuedtunning blow to the political
and economic establishment that has ruled for 40 years.

People poured into the streets late Sunday, dancirimgseff fireworks and honking horns
in celebration of what many viewed a victory of the poor ovpodtical elite that has failed
to ease poverty and control rampant corruption.

“Venezuela is being born again,” Chavez declared adtsesare revealed.

“Once again, the people of Simon Bolivar have shown tiedves to be a grand people,”
he told the Venevision television network.

Chavez often invokes South American liberation herd@pin his speeches.

With 78 percent of the vote counted, Chavez had 56 peotenpared to 40 percent for
Yale-educated businessman Henrique Salas Romer, acgdadofficial results from the
National Electoral Council.

“I want to say to all Venezuelans that not only do | acceptatversary’s victory, | also
wish him much luck because his luck is Venezuela’s luck,"aSalaid at his campaign
headquarters in Caracas.

Figure 6.4: Excerpt from APW19981206.1106.
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Table 6.1: Stemmed cosine similarity network.
o Q 20A 20B 20C 20D 20E 20F 20G

Q 1.00 0.34 — 0.36 — 0.26 0.17 —
20A 0.34 1.00 0.01 0.36 — 0.09 0.07 0.14
20B - 0.01 1.00 - - - - 0.03
20C 0.36 0.36 — 1.00 0.05 0.18 0.14 0.10
20D — — — 0.05 1.00 0.25 — —
20E 0.26 0.09 — 0.18 0.25 1.00 0.09 —
20F 0.17 0.07 - 0.14 - 0.09 100 0.11
20G - 0.14 0.03 0.10 - - 0.11 1.00

® |\0

/@
e/@

Figure 6.5: Graphical representation of Table 6.1. A thiok indicates strong sim-
ilarity (> 0.25); a thin line indicates moderate similarity 0.1); no line indicates
marginal or no similarity.

Table 6.2: Activation aftet iterations. The algorithm continues urdik 0.001. The
final ranking in order of activation after 15 iterations isZDC, 20A, 20E, 20F, 20G,
20D, 20B.
t (€) Q 20A 20B 20C 20D 20E 20F 20G

1.000 0.000 0.000 0.000 0.000 0.000 0.000 o0.000
(0.563) 1.000 0.169 0.000 0.181 0.000 0.129 0.084 0.000
(0.395) 1.000 0.270 0.001 0.291 0.020 0.207 0.143 0.025
(0.168) 1.000 0.364 0.004 0.391 0.059 0.285 0.209 0.075
(0.024) 1.000 0.406 0.007 0.436 0.090 0.324 0.245 0.112
15 (0.001) 1.000 0.412 0.008 0.442 0.096 0.330 0.250 0.118

oo DN+ O
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first seven sentences of document APW19981206.1106 frorbthe 2006 corpus.
The query used for summarizationhgigo Chavez The text is sentence-segmented,
and thus the sentences are the content units. After stem{@orter, 1980) and cre-
ating IDF-weighted term frequency vectors for the sentsnitee semantic network in
Table 6.1 (graphically represented in Figure 6.5) is derivg measuring the cosine
similarity between each pair of sentences. At this pointhase a feature graph in the
form of an adjacency matrix that can be used for summarizatio

AQ,CG? J) = {COSirT(i, J)} (6.13)

The cosine similarity between 20A and 20E can be read fronc¢heof row 20A
and column 20E (i.e. .09). Because cosine similarity is commutatigesinti, j) =
cosim(j,i) for alli, j.

The relevance level of query content unitg.q is fixed at 1; the relevance of the
document content unitgycs is initialized as 0. Relevance levels are recalculated in
subsequent iterations and can be read from Table 6.2. AttiderO, the salience of
the query is initialized at 1; other salience values araailized at 0. At iteration 1,
the salience of query-related sentences is increased athttength of their relation
with the query. Then, their salience is multiplied by OFor instance, the salience of
20Ais 1-0.35-0.5=0.169. At iteration 2, the salience of sentences which aréaela
with the query or a query-related sentence is increasedinBtance, the salience of
sentence 20Ais:

vaia(2) =1— [] [] A=rvid)-y)
(i€QUS) (reAq.c(1,204))

=1- |_| (1—cosini,20A) -vi(1) -y) (6.14)
(ieQuS)

=1—(1-cosimQ,20A)-vo(1)-y)-(...)

=1-0.831.0.916-1.000:-0.967-1.000- 0.994-0.997-1.000

=0.270

The salience of all sentences are updated until the stogpingjtion (here chosen
ase < 0.001) is met. In this case, this is after 15 iterations. Thd 8akence values of
individual sentences are the relevance levels after thédaation before terminating.

After the sentences are ranked by salience, we can seletid$iesalient sentences
and present them as a summary to the user. Supposing thentatése algorithm
simply picks the three highest-ranking non-query senteaod puts them in the same
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21A People poured into the streets late Sunday, dancirtggeff fireworks and honking horns
in celebration of what many viewed a victory of the poor ovpoditical elite that has failed
to ease poverty and control rampant corruption.

21B “Once again, the people of Simon Bolivar have shown tietves to be a grand people,”
he told the Venevision television network.

21C With 78 percent of the vote counted, Chavez had 56 peomenpared to 40 percent for
Yale-educated businessman Henrique Salas Romer, acgdadofficial results from the
National Electoral Council.

Figure 6.6: Example probabilistic centrality summary foe fjlueryHugo Chavez

order as they appeared in the original document, the sumooasists of the sequence
of sentences 20A, 20C and 20E. This summary is shown in Figjére

6.2.6 Redundancy-aware summarization

One of the assumptions usually made implicitly in the desiggingle-document sum-
marization systems, is that the source document does ntdinoedundancy. Conse-
quently, there is no risk of including a sentence in the sumwaich does not contain

any information not already present. This changes when arsugnis generated from
multiple source documents, where non-redundancy of seasefinom different docu-

ments cannot taken for granted. The content selection guvee outlined previously
concentrate entirely on relevancy, not redundancy. Howavenulti-document sum-

marization, presented content should be relevant to theygunel novel with respect to
what is already mentioned in the summary (c.f. Carbonell@aldistein, 1998).

6.2.6.1 Adding redundancy

To accommodate representing novelty, the model is extenitbda redundancy fea-
ture graphP which is used in addition to the previously mentioned reheyafeature
graphA. Similarly to relevance, redundancy relations have a gttem the range
[0..1]. The strength of a redundancy relation between two sergengeesses the like-
lihood that a sentence is redundant, given the fact thahensentence is redundant.
The redundancy of sentengegiven sentenck is defined by, (i, j). The form of the
redundancy graph is identical to that of the relevancy grapie strengths of relations
in the redundancy feature graphare defined as follows:

o (i, j) = cosindi, j) ,ifi,j € S dodi) #dodj) (6.15)
o (i,j)=0 , otherwise
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The redundancy-aware summarization system uses a set widaocy feature
graphsP for determining salience of sentences, in addition to thevemcy feature
graphsA:

Docr (i, ) = {Wq- (i, }), We- 8c(i, ), Wra - 8 (i, ) } (6.16)
Pe(i, ) = {wp - & (i, ]) } (6.17)

wheredq(i, j), &¢(i, j) andd (i, j) refer to eq. 6.2, 6.4, and 6.15 respectively. The set
of relations between sentencieand j are represented b (i, j) (relevancy) and

P (i, j) (redundancy). Since redundancy implies ‘relatednesggéard a redundancy
graph a special case of a relevancy graph. Theredprig,not only included i but
also inAqcr-

The calculation of redundancy-adjusted salience was neddy Carbonell and
Goldstein (1998). First, the relevance of each sentencagsilated using\qcr using
whatever method appropriate. Then, the novelty is caledlainovelty is the reciprocal
of redundancy. If two sentences are redundant, this afedysthe novelty of the less-
relevant of the two. The stronger the redundancy relatioe greater the reduction of
novelty. Novelty is calculated as follows:

N(j) :igerFDi’j)(l—r«R(i)) (6.18)

Fj = {k:S|R(k) >R(j)} (6.19)

whereN(j) is a value in the rang®..1], representing the novelty of senterjc®; (i, j)
is a set of redundancy relations, expressing the redundznjogiveni; F; is the set of
content units more relevant thanThe functionR(i) denotes the relevance of sentence
I, as previously calculated.

Now, the redundancy-adjusted salience can be calculatéiegsroduct of rele-
vancy and novelty:

oj =R(j)-N(j) (6.20)
whereg; is the redundancy-adjusted salience of sentgnce
The calculation ob; ensures that:

e if one content unit is selected, all content units redundarihat unit are less
likely to be selected: if two content units are redundanthweéspect to each
other, the salience of the less-relevant content unit isced:;

e redundancy of a content unit does not prevent relevancydpggate: a redun-
dant content unit may still be relevant.
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Figure 6.7: Indexed performance of normalized centralitysarization withwg = 1;
wra = 1; wyp = O; for different values ofv.. An indexed performance of 1 indicates
the performance of the query-relevance system.

6.2.6.2 Query-distance

For query-distance summarization, | started with the coméiion which performed
best in section 6.2.4. That isy; = 0.7 andw, = 1. After adding the redundancy
graph, | started witlhw;p = 0 andw,p = 0. Then, | incremented; to a value of 1

in steps of 0L while leaving then;p at 0, and vice versa. The best performance was
achieved withw,p = 0.5; w;p = 0 (Rouge-2 0.0824, Rouge-SU4 0.138, DUC rank 11).
However, in this configuration, the content of summariesstmcted by the query-
distance algorithm was little affected by adding the redunoy graph. This may be
caused by the fact that the query-distance algorithm igivelg conservative with
respect to selecting sentences for which there is indingdeace of relevance. | did
not measure a significant improvement of the quality of sunesdor any value of
Wra andwp.

6.2.6.3 Normalized centrality

For the normalized centrality algorithm, the best perfargeonfiguration wittwg = 1,

we = 1 andw;p = 0 is atwyp = 1. Starting with this configuration, | decreased the
value ofw; to O in steps of A.. The performance is plotted in Figure 6.7. The best
measured performance wasnat= 0.5 with a Rouge-2 score of 0.0929 (DUC rank 2)
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Figure 6.8: Indexed performance of probabilistic centyadimmarization wittwg =
1; we = 0.1; wyp = O; for different values ofv,a. An indexed performance of 1 indi-
cates the performance of the query-relevance system.

and a Rouge-SU4 score of 0.150 (DUC rank 2). An example of aramnproduced
using this configuration is shown in appendix B.6. This canfigion significantly
outperforms previously measured configurations of theygdestance and normalized
centrality systems (Rouge-2 and Rouge-SU4). It also pagalightly better than the
probabilistic centrality system, but this difference ig sanificant. Increasing the
value ofw;p had no effect on the quality of the summaries.

6.2.6.4 Probabilistic centrality

For the probabilistic centrality algorithm, the best pemfong configuration in section
6.2.5.2 was atvg = 1, we = 0.1. Starting with this configuration and the additional
redundancy graph, | increased the valuewpf from 0 to 1 in steps of @, while
wyp = 0. The performance is plotted in Figure 6.8. The best medqegormance is
atw;a = 0.2 with a Rouge-2 score of 0.0916 (DUC rank 2) and a Rouge-Sore saf
0.147 (DUC rank 3).

Starting with the best probabilistic centrality configiumatso far, | increased the
value ofw,p from O to 1 in steps of Q. The performance is plotted in Figure 6.9.
The best measured performance isiat = 1.0 with a Rouge-2 score of 0.0930 (DUC
rank 2) and a Rouge-SU4 score of 0.150 (DUC rank 2). An examipéesummary
produced using this configuration is shown in appendix B.fis Tonfiguration sig-
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Figure 6.9: Indexed performance of probabilistic centyadimmarization wittwg =
1; we = 0.1; wyp = 0.2; for different values ofv,p. An indexed performance of 1
indicates the performance of the query-relevance system.

nificantly outperforms the query-distance system and tmmabzed centrality system
without the use of a redundancy graph (Rouge-2 and Rougg-SUdlso performs
slightly better than the probabilistic centrality systenthout the redundancy graph.
This difference is significant for Rouge-SU4 but not for RetR)

6.2.7 Validating the results

In this section, | compare the performance of several cordigans of the summariza-
tion framework proposed in section 6.1. An overview of theults is shown in Figure
6.10. The best performance was achieved with the probabitientrality content se-
lection algorithm, although it did not perform significantetter than the normalized
centrality algorithm. For pair-wise comparison of sumrnation systems, | used as
a measure of quality the percentage of DUC queries for whighgystem received a
higher Rouge-2 or Rouge-SU4 score than the other. An owevighe results is given
in Table 6.3.

The way the graph weight configurations are determined gspghat the weights
are tailored to the DUC 2006 data set. As a result, there iskathat the weights are
overfitted to this particular set. In order to validate theutes, | ran the experiments on
the DUC 2005 data set with the graph weight configurationfefslystems in Figure
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Figure 6.10: Indexed performance on DUC 2006 data: 1 inelsctite performance of
the query-relevance system.

Table 6.3: Percentage of DUC 2006 topics (Rouge-2/Rougé) 8 which one sys-
tem (rows) beat another (columns). Note that percentagesidadd up to 100 if both
systems receive the same score for at least one topic. Thpacethsystems are (a)
query-relevancelYy); (b) query-distancelgc); (c) normalized centrality/Xc); (d)
probabilistic centrality £,c); (e) normalized centralityqcr); (f) probabilistic cen-
trality (Ag.crs Pr).

%  (a) (b) (c) (d) (e) (f)

(a) - 12/18  50/52 328" 30728 269262
(b) 22/18 - 52/54 38307 32/307 307267
(c) 46/48  44/46 - 3436° 387342 307242
(d) 6#/707 60768 66¥62X  — 56/58  44/50
(e) 66Y66° 667642 60762 42/42 - 303
(f) 709722 72742 68472 48/46 64/68°  —
a Significant atp < 0.01.

b Significant atp < 0.05.
¢ Significant atp < 0.1.
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Figure 6.11: Indexed performance on DUC 2005 data: 1 inelsctite performance of
the query-relevance system.

Table 6.4: Percentage of DUC 2005 topics (Rouge-2/Rougé) 8 which one sys-
tem (rows) beat another (columns). Note that percentagesidadd up to 100 if both
systems receive the same score for at least one topic. Thpacethsystems are (a)
query-relevancelYy); (b) query-distancelgc); (c) normalized centralityXqc); (d)
probabilistic centrality £,c); (e) normalized centralityqcr); (f) probabilistic cen-
trality (Ag.crs Pr).

%  (a) (b) (c) (d) (e) (f)

(a) - 20/26 46/44  42/42  50/50 ADACF
(b) 12716 - 44/44  40/38 48/50 38/362
(c) 52/54 54/54 - 50/34 50/54 38/342
(d) 54/58 56/62 5066 - 58642 36°/42
(e) 44/44  48/48  46/44 IBE - 307307
(f) 58%60° 607642 6066% 5454 6FY7TCR  —
a Significant atp < 0.01.

b Significant atp < 0.05.
¢ Significant atp < 0.1.
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6.10. The design of the DUC 2005 data set is almost identicdi¢ design of DUC
2006. The only difference in the summarization task is tHat& 2005 topic includes
a desired ‘granularity’ (specific or general) of the summargnored this directive.

Figure 6.11 shows the average Rouge-2 and Rouge-SU4 satbriesed with the
DUC 2005 corpus. Table 6.4 shows an overview of the signifieaests. The re-
dundancy-aware probabilistic centrality system signifitaoutperformed all other
systems when Rouge-2 is usqui< 0.1), and all except the redundancy-aware nor-
malized centrality system according to Rouge-SU4. Thisesgsvould have ranked
first (Rouge-2) or second (Rouge-SU4) if it had participateBUC 2005. Remark-
ably, no system outperformed the query-relevance bassjistem with a certainty of
p < 0.01 to falsely reject the null hypothesis, despite the distiifferences in average
Rouge scores.

Note that it is not guaranteed that the combination of graplghts that leads to
the best performance has been found, not even on DUC 2006 Aptat from the
risk of overfitting, the number of possible graph weight camaktions is infinite and
a greater number of graphs makes it more difficult to find th& lbembination of
weights. A possible future extension to the summarizatymtesn may use machine
learning methods such as genetic algorithms to find the @bsoiution.

6.3 Evaluation: DUC

An implementation of the summarization framework desdatiimethe previous section
was evaluated in the context of DUC 2006. Because this ettatuavas performed
before the experiments in section 6.2, the system deschbesl deviates from the
system described previously. The data and the evaluatk@taghe same as used in
section 6.2. In addition to Route-2 and Rouge-SU4, the suimateon system was
externally evaluated by means of:

e Basic Elements (see section 4.2.1.5);

e responsiveness — all summaries are rated by human assessarfive-point
scale for responsiveness with respect to the query;

e linguistic quality — all summaries are rated by human asgsssn a five-point
scale for five aspects of linguistic quality, i.e. grammality, non-redundancy,
referential clarity, focus, and coherence;
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e Pyramids — 22 of the 35 participant systems of DUC (including system
described here) participated in the optional Pyramidsuatadn (see section
4.2.1.4).

The additional evaluations reveal aspects of the qualityisdfourse oriented sum-
maries which cannot be evaluated using automatic metrios.b&seline used in DUC
is a summary composed of the leading sentences of the mesitr@ocuments, up to
250 words.

6.3.1 Feature graphs

A combination of the following four feature graphs was usedind intersentential
relations:

e an entailment graph, to express query-relevance;

¢ an entailment graph, to express redundancy between sestendifferent doc-
uments.

e the cosine similarity grapb. as defined in eq. 6.4, to express relatedness be-
tween sentences;

e alayout graph, to express relatedness between sentences;

An entailment system recognizes whether one piece of teitailed by another.
For recognizing entailment, the dependency tree alignadgotithm described in sec-
tion 3.3.1.2 is used. This algorithm detects entailmentdaniifying overlap in their
dependency trees. If a sentence entails what is said in taey/,gihe sentence may
provide an answer to the query. The use of an alignment ditgifor finding answers
is based on the observation that recognizing a question@an®lation is similar to
recognizing an entailment relation, and both can be foumagusyntactic structure.
Bouma et al. (2006) show that it is likely that a sentence ansva question if the
syntactic structure of question and candidate answersemtentence is similar. The
guery-relevance entailment graph is defined as follows:

0qa(0; J) = align(q, j) ifqeQjeS (6.21)
Oqa(d, j) =0 , otherwise

wheredga(q, j) is the strength of the relation betwegrand j; andalign(q, j) is the
alignment value as calculated by the dependency tree atighatgorithm.
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Recognizing textual entailment is also useful for detertedundancy across docu-
ments. If a summary sentence entails another sentencattiiedentence is redundant
and including it in the summary should be avoided. The redoog entailment graph
Is defined as follows:

Sra(i, j) = align(i, j) ,if j €S iis among the 10 most query- (6.22)
relevant sentences
Ora(i,j) =0 , otherwise

The alignment algorithm uses lemma equivalence (van deolBaisd Daelemans,
1999) and WordNet synonymy and hyponymy (Miller, 1995) fograment on the
lexical level. Synonyms and words with the same lemma arsidered equivalent.
The MaltParser system (Nivre and Scholz, 2004) is used faiasyic analysis.

In addition to direct answers to questions, sentences vétadiorate on answers are
also included. A combination of layout and cosine similaistused to relate sentences
within a document. Cosine similarity relies on the gréplteq. 6.4). The lowest level
coherence relations typically do not cross paragraph beriggl— a paragraph partic-
ipates as a whole in a coherence relation with the text in kvhics embedded. This
knowledge may be used to derive the structure of a text, lsanitalso be exploited di-
rectly by a summarization system. The way layout is usedisdrased on the idea that
the first sentence in a paragraph often contains the mostriexganformation. The
layout feature grapB, bidirectionally connects each sentence with the first seate
of its paragraph:

Op(i,j)=1 , if i is the first sentence of the paragraph of  (6.23)
j, or vice versa
Op(i,j)=0 , otherwise

To summarize, alignment of dependency trees is measuretttariswers to ques-
tions, and to detect redundancy across documents. Pahagoamdaries are used as
an indication of structural relations between sentenced,casine similarity is used
to find semantic relations between sentences within a docuniée relevancy and
redundancy graphs used for determining the salience oéisees are the following:

ADUC - {Ol%qa, 56ra, O 16p, 60} (624)
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6.3.2 Content selection

The content selection algorithm is similar to the queryahse algorithm described in
section 6.2.4, but it differs in several ways. First, in theMous section, | assumed that
all relations strengths are in the ran@e1|. The centrality based algorithms demand
this, but not the query-distance algorithm. The restrictgorelieved in this system.

Second, the system favors long sentences over short sestefitie reason for
this is that short sentences are expected to contain mophana references to other
sentences. Including a sentence but not the sentencesniogtine antecedents of
its references results in a summary with unresolvableeafsss. In the DUC system,
guery-distance is calculated as follows (c.f. eq. 6.7):

Dauc(j) =0 ifjeQ  (6.26)

1
Dduc(j) = minq Dguc(i) + ( > r) lieQuUS , otherwise
)

reMpuc(i,j

whereDgyy(]) is the distance of to the query, usindpyc. Distance is measured by
Dguc as the shortest path from the query to the sentence, nogta&dundancy into
account.

If the last step of the path to a sentence follows a redundegiayion, the corre-
sponding sentence is redundant with respect to anothezrsenwvhich is closer to the
query. This is expressed by the valDg,.r(]j), which is the distance ofto the query,
measured as the shortest path of which the last steqt & redundancy relation:

~1
Dducr(j) = min{ Dyuc(i) + ( > r) |[1eQUS (6.27)
reApuc(i,))\Pouc(i,])

The redundancy-aware sentence salience is the reciprbthé aistance to the
query:

- 1l
Ry B e 6.28
UC( J) DducR(J) ( )
whereRyyc(j) is the salience of sentengeDqyycr(]) is the distance to the query, and
|li|l is the number of characters in sentefnc&he latter is to favor long sentences over
shorter ones.
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Figure 6.12: Average human assessment of various aspettts qliality of 50 sum-
maries: (a) grammaticality, (b) non-redundancy, (c) efiéal clarity, (d) focus, (e)
structure and coherence, (f) responsiveness as evaluatdtbii assessors on a five
point Likert scale.

6.3.3 The results

Organizers of DUC 2006 at NIST hired assessors to evaluaieugaaspects of the
guality of summaries. Figure 6.12 shows the average resttte readability assess-
ments. On all aspects of readability, the average reswdtalamve the median of DUC
participants. On average over all summaries and all eveduaspects of linguistic
quality, the system performed second-best of 35 partitgan

Figure 6.12 also shows results of a human assessment cbfreigspness’, i.e. how
well the summaries respond to the information need expdeissthe query. In this
evaluation, the system outperformed the baseline (congpokkading sentences of
the most recent source documents) but not the median submi3$e same is true for
other content based evaluation methods. Figure 6.13 slh@vesults of content based
evaluation methods which measure the content overlap baetae€andidate summary
and hand crafted reference summaries.
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Figure 6.13: Indexed performance (baseline performantea§ DUC submissions as
produced by NIST and Columbia University using four evaluametrics: (a) Rouge-
2, (b) Rouge-SU4, (c) Basic Elements, (d) Pyramid.

6.4 Conclusion

This chapter presented a graph-based system for querg-basenarization. The sys-
tem’s objective is to select cohering sentences whose bigteelevant to the user.
Content is likely to be relevant if (1) it answers the quemnyif ¢2) it supports answers
to the query by providing background information, elabimgabn specific details, or
otherwise providing information which is related to the\wwas The summarization
system presented in this chapter models the source text Bpsrd graphs, aiming at
capturing the discourse structure and using that to prodoberent summaries con-
taining an answer to the query, but also information suppgthis answer. Previous
work on query-based summarization has mainly focused aaakig the set of sen-
tences which best match the query, not on producing cohsueminaries.

The effect of two system variables on the system perform@oeeasured: the
use of different graphs, and the use of different algoritihonsearch those graphs.
My main interest is to evaluate search algorithms, but therformance rely on the
particular choice of graphs. The algorithms used are quedexance, query-distance,
normalized centrality and probabilistic centrality. Thayghs express the strength of
relations between sentences, measured as their cosirlargymiAll evaluations are
performed on DUC (2005 and 2006) corpora, using automatiopeance metrics
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also used in DUC, i.e. Rouge-2 and Rouge-SU4. One implemeniaf the system is
evaluated by NIST in the context of DUC 2006.

The Rouge measurements on the DUC 2006 corpus (sectionugjgest that the
probabilistic centrality algorithm leads to the best perfance. Because the config-
uration of the system parameters are also based on thiss;dtpiresults are vali-
dated on the DUC 2005 corpus. Rouge measurements on the DQBc@@ous show
that the probabilistic centrality algorithm significantlytperforms all other algorithms
(p < 0.1). When using the probabilistic centrality algorithm, tleelundancy graph
contributed significantly to the Rouge-2 system perforneajpc< 0.1) but not to the
Rouge-SU4 performance, despite the difference in averagermance.

Apart from Rouge-2 and Rouge-SU4, the evaluation by NISGti{ee 6.3) included
also performance measurements using Basic Elements, Rg;zam well as ratings of
responsiveness and various aspects of readability. Bedhissevaluation was per-
formed before the previously mentioned experiments angdn@meters of the system
were not optimized for content at this stage, it is not ssipg that the content-based
metrics indicate a score well below the results presentsédtion 6.2. Nevertheless,
the average of readability scores was second best of all DB Bubmissions. The
high level of readability is in line with my expectation thatluding content support-
ing the answer to the query (sentences with indirect eviel@fcelevance) increases
coherence of the summary.

In sum, the graph-based approach to query-based sumnmamizasults in high
quality summaries with respect to content (section 6.2) ra@adability (section 6.3).
Unfortunately, the readability measures of DUC 2006 couteaasily be repeated in
experiments with the content-optimized system. As a reRuther research will have
to point out whether graphs can be used to combine the viduesdability and high
guality content in a single summarization system. Anotloespbility is that there is a
trade-off between content and readability.

In section 6.2, the cosine similarity of sentences was useddasure their relat-
edness. Other knowledge-poor evidence of relatednes®dsinsaddition to cosine
similarity in section 6.3. These methods are computatlgichleap and easy to port to
other languages. On the other hand, knowledge-intensitteade may detect relations
between sentences more accurately. A promising direcfiturthier research is to use
more different sources of information for detecting relat, including knowledge-
intensive methods such as rhetorical relation detecti@anaphora resolution.



lllustrating answers

The previous chapters made a case for discourse orientécuex-
marization. This chapter applies ideas from discourserdgad sum-
marization on automatic illustration of answers to medigaéstions.
Similarities between the answers and picture-related (iextaption
or its section/paragraph) is used as evidence that the potould
be appropriate to illustrate the answer. In a user study, tiggrants
rated presentations consisting of a textual component apittare.
The text was manually written and the picture was autombyice-
trieved using either its caption or its section. The capti@sed se-
lection method gave better results than the section-bastiod, and
the caption-based selection method could better predecetfect of
the picture on the attractiveness of the presentation. Guetpto
manual picture selection, results of automatic pictures similar if
the manual picture is mainly decorative.

Summarization is generating content by reusing elemenéxisting documents. In
previous chapters, corpora of text only news releases vsae@ for evaluation. Media
other than text require a different approach because ndrrépresentations do not
compare directly with text. A solution for dealing with noextual media that has been
proposed for use in multimedia summarization and retriesved analyze and convert
the media content to a semantic representation usable bgygtem (Maybury and
Merlino, 1997; Nagao et al., 2002; van Deemter and Power32B8trushin, 2007).
However, automatic analysis of media content is difficull aften unreliable, while
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manual annotation is very laborious. Another solution,chihéccording to de Jong
et al. (2007) is often overlooked, is the use of related lisigticontent instead of the
media items themselves. If related text adequately descalmedia item, text-based
retrieval methods can be used to retrieve non-textual media

In Bosma (2005b), | proposed a method for extending the arssreturned by
a QA-system with appropriate illustrations by searchingfypies whose related text
is similar to the text of the answer. Pictures are selectetbking the best match
of the answer text and a text snippet automatically asstiaith the picture. This
method is an application of the discourse oriented summidoiz algorithms described
in chapter 6, and has been applied in the IMIX system for ariegenedical questions
(Boves and den Os, 2005). The purpose of the IMIX system iswtovar medical
questions from non-expert users, of the kind to which answan be typically found
in an encyclopedia. Questions can be typed or spoken (infpudnd answers are
presented using speech, text and pictures. Questions csked in isolation, but the
system is also capable of engaging in dialogs and answemwfalp questions.

This chapter presents a user evaluation of the picturetgatemethod earlier de-
scribed in Bosma (2005b). In the experiment, answer prasens with automatically
selected pictures were rated by naive participants judtiiegattractiveness and in-
formativeness of the text-picture combination. | also stigated the influence of the
different presentations on learning. The experimentabtesas the same as that used
by van Hooijdonk et al. (2007a), who evaluated manually tegt@nswer presenta-
tions consisting of different text-picture combinatiohsepeated their experiment for
answer presentations with automatically retrieved p&gucomparing two versions
of the automatic picture retrieval method: one where théupis textual annotation
consists of its caption (resulting in ‘caption-selectéldistrations), and one where the
annotation is a part of the text near which the picture waadaduesulting in ‘section-
selected’ illustrations).

7.1 Automatic text illustration

The query-based summarization framework in chapter 6s@iea combination of
one or more feature graphs which express relations betwedertt units. The graphs
themselves are constructed using content (e.g. cosin&siy)i or context (e.g. lay-

out) to relate content units. This way, content can be ptesefor which there is just



7.1. AUTOMATIC TEXT ILLUSTRATION 155

indirect evidence of relevance. For instance, a sentengebmancluded in a sum-
mary if it is linked to the query indirectly.

This concept may also be applied to multimedia. A picture lsarrelated to a
piece of text by using layout information. A straight fordaelatedness clue of text
and picture is when the text is the picture’s caption. Bub #ishe picture belongs to
a certain paragraph or section, the section and the pictayeba considered related.
When the relevance of the text is established, the relevairtbe picture is established
indirectly. This idea is compatible with the graph-baseahfework in chapter 6. If
picture-text relations and text-text relations are exgedsas graphs, the graph search
algorithms of chapter 6 can be applied. This summarizatiethod avoids requiring
to automatically analyze the content of the picture itsgHith is more difficult), or to
use a manual annotation (which is more laborious).

Unfortunately, no suitable corpus is available for evahgisuch a multimedia
summarization system. In this chapter, instead of usindl anfultimedia summariza-
tion system, | focus on illustrating a given text with pi@amwhose relevance is based
on an automatically extracted textual annotation. This imayegarded a specific in-
stance of the approach described above.

The evaluated task is to select the best picture to illstagiven textual answer
to a medical question. The final answer presentation cangisd textual component
and a picture. The textual component of the answer presamiatmanually written,
in order to be able to concentrate on evaluating the multinaspect — selecting the
best picture. To find this picture, the illustration systesmpares the answer text with
picture-associated text. The more similar the two text @gss, the more likely the
picture is relevant. The picture-associated text is imtstgul as a textual representation
of the picture. This may be either the picture’s caption erpharagraph (or section if
no single paragraph could be related to the picture) in wthehpicture was found.
The relevancy of a picture is calculated as:

Rpicture(i, t) = cosint, text(i)) (7.1)

whereRpicture(i) is the relevancy to the textof the picturei; andtext(i) is the text
associated with picture The functioncosin{i, j) calculates the cosine similarity of
i and j, as explained in section 6.2.3. The final answer presentatosists of the
textual answer and the most relevant picture and its capfiorexample of an answer
presentation containing an automatic picture is given gufa 7.1.
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Vraag 4/16

Bestudeer de hieronder afgebeelde medische vraag- en antwoord presentatie zorgvuldig.

Wat zijn thrombolytica?

Thrombolytica zijn middelen die een bloedstolsel (trombus)
kunnen oplossen, en zijn het meest effectief als ze worden
toegediend zodra zich symptomen voordoen die op afsluiting
van de bloedvaten wijzen. Thrombolytica worden in de aders
ingespoten en wervolgens door het bloed meegevoerd naar
de plek waar zich het stolsel bevindt. De middelen kunnen
echter ook rechtstresks in het verstopte bloedvat worden
geinjecteerd. Veelgebruikte thrombolytica zijn streptokinase,
alteplase en reteplase.

BLOEDSTOLLING: Gestold bloed ziet
er onder de microscoop ongeveer zo
uit; rode bloedcellen en enkele witte
bloedcellen worden vastgehouden in
een netwerk van fibrinedraden

| Ga verder |

Figure 7.1: Screenshot of an answer presentation corgistitext and an automati-
cally selected picture. The presentation answers the ignésthat are thrombolytics?
The text of the answer explains that thrombolytics are dusged to dissolve blood
clots. The picture depicts a schematic representatiorottiec blood.

7.2 Data and methodology

The pictures as well as their textual annotations are autoatly extracted from two
medical sources, both intended for a general audience aitigwin Dutch. They
provide information about anatomy, processes, diseasedgitent and diagnosis. The
first source Merck Manual medisch handboéRerkow et al., 2005), Merck in short,
contains 188 schematic illustrations of anatomy and treatpprocess schemas, plots
and various types of diagrams. The other sowdi@kler Prins medische encyclopedie
(Fiedeldij Dop and Vermeent, 1974), WP in short, containgai@ety of 421 pictures,
including photographic pictures, schemas and diagrames&kources were selected
because they cover the popular medical domain and they katevedy structured —
paragraph boundaries are marked in the text and all 609rpgtiave captions. The
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Table 7.1: Examples of medical questions. Questions arallgglivided in the cate-
gories ofdefinition questiongDef.) or procedure questiong@roc.); and in questions
which refer to body parts and questions which do not.

Type Bodypart Question

Def. Yes Where is testosterone produced?

Def. No What does ADHD stand for?

Proc. Yes How to apply a sling to the left arm?

Proc. No How to organize a workspace in order to prevent RSI?

pictures have a high information density; only few pictuegs decorative. Conse-
guently, the pictures are relatively specific to their cahtevhich complicates their
reuse in a slightly different context.

7.2.1 Questions and answers

Participants evaluated a set of answer presentations tcategiestions. Apart from
the presentations themselves, the study was identica¢tsttitly of manually selected
answers by van Hooijdonk et al. (2007a). In van Hooijdonk.§2807a), we evaluated
presentations consisting of a picture and text — we meagsteedffect of the length
of the textual component of the answer (long or short) andtype of picture (no
picture, a decorative picture, or an informative pictune}ioe participant’s perception
of informativeness and attractiveness. No participardk part in both the experiment
described here and the experiment in van Hooijdonk et a{ap

Sixteen questions in the medical domain were selected. ©sittieen questions,
half are definition questions and half are procedural gaestiOf the eight questions
in both groups, half refer to body parts and half do not. Tableshows examples of
the questions used. References to body parts may be indiseistthe case in the first
guestion in Table 7.1.

For each medical question, van Hooijdonk et al. (2007a) fdated a concise and
an extended textual answer. The concise answer gives & dimewer to the ques-
tion, while the extended answer may also provide relevaokdraund information
(c.f. chapter 5). The average length of the concise answetrenextended answer is
approximately 26 words and 66 words respectively.

In this experiment, for each of the textual answers, twogmtions are generated
by illustrating them using the algorithm described in s@t{r.1. For one of the pre-
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ko,

Voorbeeld

Bestudeer de hieronder afgebeelde medische vraag- en antwoord presentatie zorgvuldig.

Waar worden rode bloedcellen aangemaakt?

Bloedcellen worden gemaakt van de stamcellen in Gezonde  Bolvormige  Owvale cel Sikkelcel
het beenmerg, Deze stamcellen vormen rode cel cal

bloedcellen afhankelijk van de behoefte van het &
lichaam. O

Vormen van rode bloedcelien

[ Ga verdeTi

Figure 7.2: Example of a picture which is related but not clementary to the answer.
The presentation answers the questwhere are red blood cells generated?

Table 7.2: Statistics of the Merck corpus (Berkow et al.,20&nd the WP corpus
(Fiedeldij Dop and Vermeent, 1974).

Caption length (words) Section length (words)

Average SD Range Average SD  Range
Merck 44 19 [1,10] 354 325 [30,1944]
WP 39.1 42.9 [1,428] 67 48 [5,336]
Combined 28.4 39.1 [1,428] 156 227 [5,1944]

sentations for each answer, the picture’s caption is usedssciated text, the other
is associated with the smallest unit of surrounding textnftbe original document of
the picture. This can be a section or a paragraph. Regandlash text is used for
selecting the picture, the caption is considered part optbieire and is thus presented
along with the picture. If the surrounding text was used fotyse selection, this text
is not included in the answer presentation.

The corpus did not contain an appropriate picture for allams, which forced
the illustration system to select less appropriate pistimesome of the presentations.
In some cases the selected picture was plain irrelevanintagme other cases, the
picture was related to the text but had a different perspeckor instance, the picture
in Figure 7.2 addresses the deformation of red blood celerdhan their generation.
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Table 7.2 shows details of the distribution of lengths obagsed text. Captions
vary greatly in length, especially in the WP corpus. In theesxe case, the caption
Is as long as 428 words, while the textual component of thegmtation averages
26 or 66 words (for concise and extended presentationsctagglyg). Because some
captions are presented along with pictures, this would teaah imbalance between
the amount of text in the caption and the amount of text in éxéual component of
the answer. In order to prevent excessive caption lendtbsdption is truncated to its
first sentencafter it is selected, so that only the caption’s first sentence esgmted
along with the picture, rather than the caption as a wholdoui affecting the picture
selection process.

7.2.2 Experimental setup

Seventy five people participated in the experiment (44 feraatl 31 male, between 18
and 55 years old). Fifty six of them (75 percent) were stusleedruited from Tilburg
University. None had participated in the experiments of Maoijdonk et al. (2007a).
The participants were randomly assigned to one of the fonditions (concise or
extended text, selection by means of caption or surrourayl for which they were
shown all sixteen answer presentations.

The participants were invited to participate by e-mail.sl&imail shortly stated the
goal of the experiment, the amount of time it would take tdipgrate, the possibility
to win a gift certificate, and the URL of the experiment. Theement was entirely
online. When the participant accessed the experiment,fitgtyeceived instructions
about the procedure. The participants were told that theyldveeceive the answer
presentations of 16 medical questions. They had to studethrswer presentations
carefully, after which they had to assess them on their mégiveness and on their
attractiveness. Next, the participants entered theilopaigiata (i.e., age, gender, level
of education, and optionally their e-mail to win a gift cécate).

After a participant had filled out personal data, s/he pcactithe procedure of the
actual experiment in a practice session: s/he was given ¢agcal questionWhere are
red blood cells producedFirst, the participant answered on a seven-point Likextesc
how confident s/he was to know the answer to the medical quessubsequently, the
participant was shown the answer to the medical questio®gponding to the con-
dition s/he was assigned to. The participant studied the@ngresentation until s/he
thought that s/he could assess its informativeness arat@tgness. Then, the partic-
ipant was shown the medical question, the answer presemtaind a questionnaire.
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This questionnaire consisted of five questions, addressing
1. the clarity of the text;
2. the informativeness of the answer presentation;
3. the attractiveness of the answer presentation;
4. the informativeness of the combination of text and petur
5. the attractiveness of the combination of text and picture

The participants judged the informativeness of the tegtype combination instead
of directly assessing the relevance of the picture. Thigtsahse the experimentin van
Hooijdonk et al. (2007a) contained manually selected pastwonly, for which rele-
vance was assumed (although a distinction was made betweeerative and informa-
tive pictures). In contrast, automatic pictures may bdex@nt or somewhat relevant.
However, | chose not to change the design of the experimemtir to get comparable
results. (See Section 7.3.2 for a comparison between gegsers with manually and
automatically selected pictures.)

After completing the practice session, the participarastatl with the actual ex-
periment, proceeding in the same way as during the praaigsian. When they fin-
ished their assessment of the answer presentations to theedigal questions, the
participants received a post test which was the same foadilcpants (regardless the
experimental condition). In the post test, the participdrdd to answer the same 16
guestions of which they had rated the answer presentaticingiprevious part of the
experiment. This was done in the form of a multiple choic¢, ieswhich each medi-
cal question was provided with four textual answer possigsl. Of these four answer
possibilities, one answer was correct and the other three plausible incorrect ones.
The order in which the medical questions were presenteceipaist test was the same
as in the actual experiment. Note that — with respect to timeise textual answer —
the additional information in the extended textual ansveerd in the pictures was not
necessary to answer the question in the post test correctly.

7.3 Results

The results of the assessments were normalized to be innige [@&.1]. A ratingn
between one and seven (inclusive) is normalizeé(as— 1).
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For processing the results, | used the following non-stethdeethod (c.f. section
6.2.2). For each condition and each medical question ams$sisent question, | calcu-
late the average assessment. For pair-wise significanoegtes differences between
two experimental conditions for a particular assessmeeasiijpn, | measured the per-
centage of answer presentations for which the rating of onéiton was higher than
that of another. A condition that consistently receivechkigaverage ratings than the
other for each medical question got a score of 100 percemseguently, the other
condition got a relative score of 0 percent. Significancessetd by means of #dold
approximate randomization. A difference is consideredificant if the null hypothe-
sis (that the sets are not different) can be rejected at aingrigreater than 95 percent
(p < 0.05), unless stated otherwise.

The reasons for using the mutual rank instead of the avetafggrjent are similar
to the reasons mentioned in chapter 6. The standard deviatiatings of answers
to some medical questions was higher than the standardtideviar answers to other
medical questions. As a result, some medical questionetdffe average rating more
than others. This makes it less likely to find significant efénces in the average
rating. Using the mutual rank avoids this problem.

7.3.1 Caption or section?

Figure 7.3 shows an overview of the average assessmentsmuaition. The level of
clarity of the textual component of the answer (Figure 7)B3\{&s judged similar. No
significant differences between any two conditions was doun

Regarding the informativeness of the answer presentaianwhole (Figure 7.3
(b)), extended answers were rated significantly more in&birra than concise answers.
However, for extended answers, the combination of pictacktaxt (Figure 7.3 (d))
was judged less informative. This effect was the strongaspictures which are se-
lected using their surrounding section, although the difiees were not significant.

The presentation (Figure 7.3 (c)) as well as the picturetermbination (Figure
7.3 (e)) was rated significantly more attractive if the piesiwere selected by their
captions than when the surrounding section was used faurgicelection. The at-
tractiveness of the presentation or the picture/text coation was not affected by the
length of the textual component of the answer.

All in all, the presentations containing a section-selegigture were less infor-
mative and less attractive than the presentations contamcaption-selected picture.
Apparently, captions are more representative of the cowtea picture, and thus are
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1 Concise text, caption-selected picture
Extended text, caption-selected picture

2 Concise text, section-selected picture
Extended text, section-selected picture 81
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Figure 7.3: Average assessments of (a) textual clarityinfoymativeness of the pre-
sentation; (c) attractiveness of the presentation; (drmétiveness of the text-picture
combination; (e) attractiveness of the text-picture carmabon; and (f) the average
percentage of correct answers in the post test.

more reliable indicators of the picture’s relevance to th@ser text. This is not entirely
surprising, as the content of a caption generally desckinely) the picture, whereas
the text surrounding a picture may also contain unrelatedeca.

In seeming contradiction with the good ratings of captielested pictures, in the
post test where participants had to select the correct ansveemultiple choice test,
participants who were shown section-selected picturee gawificantly more correct
answers than other participants when the section-selgottgre was included in a
presentation with an extended textual component. Thiseésraarkable result because
these pictures were rated least informative. A possibléaggion for this is that the
participants concentrated less on the picture (becaugeythekly dismissed it as less
relevant) and more on the text. After all, the informatiothia picture was not required
to answer the questions in the post test.

7.3.2 Automatic or manual?

As mentioned earlier, apart from the answer presentati@mselves, the design of the
experiment was identical to the experiment described inH@mijdonk et al. (2007a).
This allows us to compare the evaluation results of the aatimatlly illustrated answer
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presentations to those of van Hooijdonk et al. (2007a), whtuated manually created
answer presentations.

In the experiment of van Hooijdonk et al. (2007a), the angpvesentations con-
sisted of the same (concise or extended) textual composentin the current exper-
iment, in combination with either no picture, a decorativetyre, or an informative
picture (i.e. six experimental conditions in total). Thesanually selected pictures
can be regarded asgold standardfor decorative and informative pictures respec-
tively. However, in practice, it is unlikely that this golthedard can be achieved with
the set of 609 medical pictures used in the experiment famaatic picture selection,
because the picture sources used by van Hooijdonk et al7§0@ere unrestricted
and thus offered far more opportunities to find a suitablesthiation for a given answer
text.

A large portion of participants in both experiments are etid from Tilburg Uni-
versity who are recruited within a short time frame using shene communication
channels. Therefore, | consider both groups as fully coatgar Because these stu-
dents receive course credits for participation, they filledheir student registration
number, which made it possible to distinguish them from ogaticipants.

However, in both experiments, participants took part wheorat part of this com-
munity. The results of the two experiments are comparalieibthe group of partic-
ipants in one experiment is similar to the participants ef tlther experiment. There
are significant differences between registered studemtotner participants with re-
spect to their answers to some of the assessment queseodgring the participant
groups as a whole dissimilar. The mean rating of informatgs of the presenta-
tion was rated higher by student participants than by othetigipants for 65 percent
(p < 0.001) of the answer presentations of van Hooijdonk et al. T2pOIn the same
experiment, students rated the text-picture combinatiom® informative (60 percent,
p < 0.001) and less attractive (58 percept< 0.01) than other participants. The an-
swers to other assessment questions were similar for botlpgy or slightly different.
Because students and non-students are shown to produseediffesults, the group of
non-students are filtered out in order to ensure that therempatal conditions are the
only variables over both experiments.

In total, 98 participants (70 female, 28 male) of the papacits were registered
students. 42 of them contributed to the experimental canditof van Hooijdonk
et al. (2007a) and 56 contributed to the conditions desdribesection 7.2. No one
participated twice. The average assessments of the 98ipartts are shown in Figure
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Figure 7.4: Average assessments of (a) textual clarityinfoymativeness of the pre-
sentation; (c) attractiveness of the presentation; (drmétiveness of the text-picture
combination; (e) attractiveness of the text-picture carabon; and (f) the average
percentage of correct answers in the post test. For compgrahese results include
only registered students from Tilburg University. Therefothe actual values may
differ slightly from Figure 7.3.

7.4. These results combine the 16 concise and the 16 extamdacer presentations,
comprising 32 data points for each condition and assessyuestion.

The informativeness of text-picture combinations as wethe attractiveness of the
presentation was similar when the answer contained an atitwatly selected picture,
a manually selected decorative picture, or no picture atNal significant differences
were found. However, the text-picture combination of mdlyuselected informative
pictures was rated significantly more informative than #e-picture combination
of manually selected decorative pictures and automaisallected pictures. Answer
presentations were rated significantly less informativibéf presentation contained a
section-selected picture than if the answer containedfamative picture, a decora-
tive picture, or no picture at all. Presentations contajraaption-selected pictures are
not significantly less informative than presentations wiformative pictures.

Average ratings of automatic presentations may have begatively affected by
inconsistent performance of the picture selection alborit In some cases, the al-
gorithm selected an irrelevant or a somewhat irrelevartupecbecause there was no
appropriate picture in the database or simply because gjogitim failed to find it. If
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Figure 7.5: Standard deviations per answer presentatitreinssessments of (a) tex-
tual clarity; (b) informativeness of the presentation; dtiyactiveness of the presen-
tation; (d) informativeness of the text-picture combioati (e) attractiveness of the
text-picture combination; and (f) the average percentdgemect answers in the post
test. For comparability, these results include only reged students from Tilburg

University.

the relevance of automatic pictures is less consistentttiatrof manual pictures, this

should reflect in the variability of the results. Figure bws the standard deviations
of assessments. For automatic pictures, participantethdbow greater variability

than for manual pictures in their assessments of textuahglanformativeness and

attractiveness of the answer presentation. Remarkaldystémdard deviation of the
number of correct answers in the post test was also greatpidiures which are se-

lected by their captions.

7.4 The value of confidence

The selection criterion for automatic pictures was them@similarity of the textual
component of the answer and the text associated with therpi¢a caption or a sec-
tion, depending on the condition). The picture with the legfhcosine similarity was
selected. Because cosine similarity is used as a measuetegénce, this value can
be interpreted as eonfidence valug.e. how confident the system is that the selected
picture is actually relevant. If the cosine similarity iduwly a good indicator of rele-



166 CHAPTER 7. ILLUSTRATING ANSWERS

Table 7.3: Statistics of the cosine similarity of the textiamponent of the answer and
the text passage used for indexing the selected picture.
Condition Average (standard deviation) [Range]
Brief text; caption-selected picture 0.190 (0.00788) 681,0.347]
Extended text; caption-selected picture 0.188 (0.00630)07B6,0.397]
Brief text; section-selected picture 0.133 (0.00501) 20%0.311]
Extended text; section-selected picture 0.162 (0.0065@)03[73,0.319]
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Figure 7.6: Pearson correlation coefficient between thédemce of picture selection
and the assessments of (a) textual clarity; (b) informagegs of the presentation; (c)
attractiveness of the presentation; (d) informativenésiseotext-picture combination;
(e) attractiveness of the text-picture combination; andh& average percentage of
correct answers in the post test.

vance, one would expect a high correlation between cosimiéasity and relevance. In

the IMIX system (in which this picture selection method igpiemented), the answer
is presented text-only if no picture has a confidence (casméarity) above a certain

(configurable) threshold. Table 7.3 shows the averageseatdkine similarity values

of the pictures selected for the answers in the experimestribed in this chapter.

But what is the meaning of cosine similarity as a confidenteeCosine similar-
ity can be used to predict the relevance of the picture ifelier correlation between
the cosine similarity and the experimental participanisigments of a presentation.
Figure 7.6 shows the correlation of the confidence (cosimélagiity) value and the
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participant judgments. A value of 1 (or -1) indicates a perfecreasing (or decreas-

ing) linear correlation. This correlation was greatesttfa participant judgments of

the informativeness of the text-picture combination (GBd 0.44 with concise and ex-
tended text respectively). This is an encouraging reswiergthat this aspect seems to
correspond most closely to picture relevance. With resjgeattractiveness, the corre-
lation with confidence was significantly greater for con@sswers than for extended
answers. There was only a slight difference in correlatietwieen attractiveness and
confidence for different picture selection methods.

Remarkably, participants perceived the textual compopéhe answer as less
clear when the confidence value of the picture was greatas pidzzling result sug-
gests that relevant pictures negatively affect the claitthe answer text rather than
enhance it. A possible explanation is that any mismatchesdas picture and text
may be more confusing when text and picture seem closeliecethan when the pic-
ture obviously does not fit the text, in which case it can béy&giored and does not
influence the interpretation of the text.

7.5 Conclusion

This chapter presented an algorithm for automatic illugtnaof answers to medical
questions in Dutch. It is used in the IMIX question answersygtem to add ap-
propriate illustrations to textual answers. To evaluagedlgorithm, | conducted an
experiment, following the same procedure as van Hooijdarl €2007a) to evaluate
different types of answer presentations on informativepasractiveness and influence
on learning.

In the experiment, the answer presentations containedaaieand a visual com-
ponent, of which the text was given and the visual was auticalbt retrieved from
an offline picture database containing 609 pictures. Thiug@s were automatically
extracted from various sources. To find an appropriate g@ctine pictures were in-
dexed by a passage of text from the document in which they fwered. Two different
indexing methods were compared in the experiment, eithagubke picture’s caption
for picture selection, or using the section or paragraphdbatained the picture. Both
selection methods were tested in combination with a cormisan extended textual
answer.

Due to limitations of the corpus (i.e. for several questiaisd not contain a rele-
vant picture at all) the standard deviations of the resuigjaite high, which makes it
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difficult to make any general claims based on them. Howewenestentative conclu-
sions can be drawn.

The results indicate that the caption-based picture setestethod results in more
informative and attractive presentations than the sediased method, although the
difference in informativeness was not significant. Fumhere, caption-based picture
selection shows a greater correlation between confidertéenéormativeness, which
indicates that the confidence value better predicts thenmdaveness of the picture.
A system could use this to respond by not offering any pictun® relevant picture
is available (as is currently done in the IMIX system). Allafi, the caption-based
picture selection method offers more promising resulta tha section-based selection
method.

An investigation of the relation between system confidemzkthe experimental
results revealed an intriguing negative correlation betwiextual clarity and the pre-
dicted relevance of the selected illustration. Apparesting an answer textin com-
bination with a picture that is related to it, but not fullywated to it, may be confusing
to the user. Problems like these might be solved by the dpretat of post-processing
methods to adapt the textual and visual components of theaaisesentation to each
other, so that they form a more coherent whole.

When compared to manually created answer presentatiomsindfthat answer
presentations with an automatically selected picture wated at largely the same
level as presentations with a manually selected decorpiotare (which did not add
any information to the answer) or even no picture at all. iy be partially explained
by the design of the experiment, where the visual elemertéhswer presentations
was not needed to answer the question (since the textuakpterontained all the
required information). Also, the results were undoubtedfiuenced by the fact that
the picture corpus did not contain appropriate picturesafoanswers, in which case
the algorithm had no choice but to select an irrelevant pectio measure the extent
of this influence, a sub-analysis could be performed on thogstions for which the
corpus did contain at least one appropriate picture.



Conclusion

This thesis is an exploration of how discourse structureblmnsed for query-based
(multi-document) summarization systems. Summarizas@hbroad subject which in-
volves many aspects of natural language processing. ligigbt a few key issues in
discourse oriented summarization: utility of RST-basedmiaries, graph-based sum-
marization algorithms, recognizing textual entailment #gext illustration algorithms.

A specific type of semantic relation between sentences @rdiit documents is
redundancy. This relation is of particular importance tdtirdocument summariza-
tion systems, but it has (to my knowledge) not been addreasgdph-based summa-
rization algorithms. | presented a new approach to detge¢géxtual entailment, from
which redundancy can be derived. Furthermore, | proposegeeormance measure-
ments which appear to be more suitable than existing metioodistect differences in
performance (chapter 3).

In order to measure the utility of discourse in query-basadrearization, | de-
signed an RST-based system for query-based summarizétibaseline system uses
layout for the same summarization task. In a utility-oreghevaluation, users appear
to find themselves more capable of assessing how well a swesponds to a ques-
tion, if the answer is a query-based RST summary. RST suratem also reduces
the amount of irrelevant information in the summary (chepje

Using graphs as a mathematical concept for representihgttexture, | compared
a number of existing and new algorithms within a novel grapeed summarization
framework. | showed that text structure can improve sunmzasion with respect to
content (Rouge2, Rouge-SU4) and readability. Furthermihie research exposed
the possible dilemma of a trade-off between coherent sumatem and informative
summarization (chapter 6).

The summarization framework is applied for illustratingtteal answers to med-
ical questions with pictures. An automatic system produme@nswer presentation
consisting of a picture and a textual component, given tkieaied a set of annotated
candidate pictures. The relevance of the picture is baséd oaption (method 1) or its
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section or paragraph (method 2). Results of a comparatidy Stuggest that a caption
is more suitable than a section for determining a picturdasvance (chapter 7).

8.1 Contributions

The main contributions of this thesis are the following.

1. A quantitative analysis of evaluation methods for bindagsification tasks, and
recognizing textual entailment in particular (chapter 3).

2. A discourse oriented summarization method for genegatoherent answers to
guestions (chapters 5 and 6).

3. A graph-based framework for evaluation of summarizatn@thods (chapter 6).

4. A new graph search algorithm which beats all known graginckealgorithms
for summarization in Rouge-2 performance on the DUC 200pu®Kchapter
6).

5. Atext illustration method which uses circumstantiak iex selecting pictures —
this method is presented as a specific case of multimedia awization (chapter
7).

8.2 Follow-up questions

Regarding features for summarization, the summarizatystesis described in this
thesis rely on manual annotations (chapter 5) or on surta@ecteristics of text (chap-
ter 6). This makes them easier to port to other languagesesr lemguage indepen-
dent. However, this does not mean that more sophisticateanatic analyses cannot
improve summarization. In my opinion, the most promisingxpiored opportunity is
to exploit other aspects of cohesion than just lexical ciaimeis graph based summa-
rization. For instance, the pronoun resolution algorithinhappin and Leass (1994)
could be integrated in the framework described in chapt&rtther possibility is to
use methods for automatic detection of coherence relaf@gsMarcu and Echihabi,
2002).

Regarding algorithms for summarization, the algorithmeshapter 6 used a set of
feature graphs whose relative weight may be differ, dependn the configuration. |
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tried to find the optimal combination of weights by varyingeomeight until it reached
an optimum, then varying another, etc. However, there isusrantee that the op-
timum is a global optimum and not a local optimum. New methmdsietermining
the graph weights may improve the results and ease the grotéading the optimal
combination of weights if the set of feature graphs changgsossible direction is to
apply genetic algorithms for weight optimization.

Progress in the field of summarization suffers from a lackasfsensus on how to
evaluate summaries, and in particular which content-basettiod is most adequate.
Some content-based evaluation methods rely on a manual pflosummary (which
is expensive). Both automatic and manual methods (but &slyeautomatic meth-
ods) rely on a (possibly too) simplistic view on what ‘meagiiis. They usually use
phrases, n-grams, etc. as the atomic unit of meaning, dgatitinake their context into
account. How adequate these methods are is unclear bebauseatuations of these
methods rely on an assumed ground truth which is disputeld {tsf. Donaway et al.,
2000; Saggion et al., 2002; Lin, 2004; Passonneau, 2008phegsfocus on consis-
tency (e.g. interannotator reliability) or on correlatioith other methods. Possibly
more important than the consistency of an evaluation mé&hodgment of the same
summary (e.g. by using different annotators) is the coescst of a method’s rela-

tive judgment fordifferentsummaries of the same system. For instance, if (by some

method) system is ranked consistently better than systBpthe evaluation method
measures something reproducible.

The entailment detection methods described may be usefaufomarization but
also for summarization evaluation. Zhou et al. (2006) sh@ttesults of a paraphrase-
based evaluation method correlate better with human judtgrban Rouge-1 scores.

Regarding automatic text illustration, in chapter 7, a agrpf 621 pictures was
used to illustrate answers to medical questions. The guaiithe final presentations
then measured by means of user judgments. If the relevaneactf picture to each
question/answer pair was known, offline experiments coelgdrformed to compare
illustration algorithms without user judgments. This asgpnight be constructed by
annotating each picture manually.

A cost-effective alternative is to repeat the productiopegkment of van Hooijdonk
et al. (2007b) in a more constrained setting, i.e. have usaisthe most relevant
picture(s) in a fixed set of candidate pictures. In an evaloathe resulting corpus
would have a function similar to the function of referenceguaries in summarization
evaluation: pictures which are selected by more users are ratevant.
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Finding a relevant picture may be rewarding, but knowingnul@relevant picture
can be found may be even more important. Presenting no picysrobably better
than presenting an irrelevant picture. As shown in chaptdh& cosine similarity
measurement can be used to predict to a large extent thetizityeof the presentation.
In addition, the original context of the picture may provigere information on the
type of the picture and the type of text for which it is suigaldFor instance, if the text
describes a procedure, itis more likely coherent with awansgescribing a procedure.

If a picture is presented with an answer, the picture is prteskin another context
than it is designed for. As a result, the meaning of a pictuag whange, possibly
confusing or even misleading the user. This is potentialtisla when pictures are
selected automatically and an interesting issue to inyasifurther.



Questions and answers

The user study described in chapter 5 used a set of twelve ques
tions from the RST corpus of Carlson et al. (2002), and fouonise
automatic answers for each question. This appendix listes-
tions and their answers as used in this study. The questienssted

in no particular order.

Question:

How has the press been affected by Colombialsréaib take action against drug lords?

Concise answer: The most ruthless dictatorships have ngbeed their press more brutally than the drug mafias

Answ. + context:

Ext. answ. I:

Ext. answ. II:

censor Colombia’s.

Energetic and concrete action has beem tak€olombia during the past 60 days against the
mafiosi of the drug trade, but it has not been sufficientlyatifie. The most ruthless dictatorships
have not censored their press more brutally than the drugasedinsor Colombia’s.

Energetic and concrete action has been tak@olmmbia during the past 60 days against the
mafiosi of the drug trade, but it has not been sufficientlyatifie. The most ruthless dictatorships
have not censored their press more brutally than the drugamedinsor Colombia’s. The soli-
darity of the uncensored media world-wide against drugtesm is the only way press freedom
can survive
Then, when it would have been easier to rebsint nothing was done and my brother was
murdered by the drug mafias three years ago. The most ruthitgasorships have not censored
their press more brutally than the drug mafias censor Cola@mbirhe censorship is enforced
through terrorism and assassination. In the past 10 yeard &b journalists have been silenced
forever, murdered.

Question:

What actions is Colombia taking to fight drug I6rds

Concise answer: Much is being done in Colombia.

Answ. + context:

Much is being done in Colombia. Luxurioustes and ranches have been raided by the military
authorities, and sophisticated and powerful communioatéguipment have been seized.
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Ext. answ. I: Colombia alone does not have the capacity. igeconsuming countries must jointly decide to
combat and punish the consumers and distributors of drugehNé being done in Colombia.
Luxurious homes and ranches have been raided by the miditahorities, and sophisticated and
powerful communications equipment have been seized.
Ext. answ. II: Reduction, if not the total cessation, of dcogsumption is the requirement for victory. Much is
being done in Colombia to fight the drug cartel mafia. Luxusibomes and ranches have been
raided by the military authorities.

Question: Does laundered drug money drive Colombia’s etg?o
Concise answer: In my opinion, this is not true.
Answ. + context: In my opinion, this is not true. Most of thaigmoney is kept in investments and in financial
institutions outside Colombia.

Ext. answ. I: There has been a lot of talk that a large portiath® Colombian economy is sustained by the
laundering of drug money. In my opinion, this is not true. Mokthe drug money is kept in
investments and in financial institutions outside Colombia

Ext. answ. II: There has been a lot of talk that a large portibthe Colombian economy is sustained by the
laundering of drug money. In my opinion, this is not true. hdared drug money has served
only to increase, unrealistically, the price of real estate

Question: How does laundered drug money affect Colombaaemy?

Concise answer: Laundered drug money has served only ®aiser unrealistically, the price of real estate.
Answ. + context: Laundered drug money has served only teas®, unrealistically, the price of real estate, creat-
ing serious problems for low-income people who aspire to tiveir own homes.

Ext. answ. I: Laundered drug money has served only to inereawealistically, the price of real estate, cre-
ating serious problems for low-income people who aspireato their own homes. But most of
the drug money is kept in investments and in financial instins outside Colombia.

Ext. answ. Il: There has been a lot of talk that a large portibthe Colombian economy is sustained by the
laundering of drug money. In my opinion, this is not true. hdared drug money has served
only to increase, unrealistically, the price of real esteteating serious problems for low-income
people.

Question: What U.S. policy would benefit Colombia’s econ@my
Concise answer: A just price and an open market should beotiey pf the U.S.
Answ. + context: A just price and an open market for what Cdl@produces and exports should be the policy
of the U.S.
Ext. answ. I: What is of much more importance to the Colomldaonomy than the supposed benefits of
laundered drug money is higher prices for Colombia’s letatie products. A just price and an
open market for what Colombia produces and exports shoutdebpolicy of the U.S.
Ext. answ. Il: U.S. interests occasionally try to imposerigas to the import of another important Colombian
export — cut flowers — into the American market. A just pricel @m open market for what
Colombia produces and exports should be the policy of the Ugke advantage of this oppor-
tunity given to me by the Wall Street Journal.

Question: What is the status of Colombian coffee prices?



175

Concise answer: The price of coffee has gone down almost 458 the beginning of the year, to the lowest
level since the Great Depression.

Answ. + context: The price of coffee has gone down almost 4B#desthe beginning of the year, to the lowest
level (after inflation) since the Great Depression. Marlkatditions point to even lower prices
nextyear.

Ext. answ. I: What is of much more importance to the Colomldaanomy than the supposed benefits of
laundered drug money is higher prices for Colombia’s letitie products. The price of coffee
has gone down almost 45% since the beginning of the yeargttotiest level (after inflation)
since the Great Depression. Market conditions point to éwear prices next year.

Ext. answ. II: What is of much more importance to the Colomkeaonomy than the supposed benefits of
laundered drug money is higher prices for Colombia’s leggtie products. The price of coffee
has gone down almost 45% since the beginning of the yeargttotiest level (after inflation)
since the Great Depression. Market conditions point to &wgar prices next year. The 27-year-
old coffee cartel had to be formally dissolved this summer.

Question: What could be reasons for the dollar’'s weakness?
Concise answer: Analysts peg the dollar’s recent weakoesms tinderlying slowdown in the U.S. economy.
Answ. + context: Analysts peg the dollar's recent weaknesart underlying slowdown in the U.S. economy.
Narrowing interest-rate differentials between the U.%liggimajor trading partners tend to make
the U.S. currency less attractive to foreign investors.

Ext. answ. I: The market’s strong reaction to Wall Streetexdfl a general uneasiness about the dollar. Ana-
lysts peg the dollar’s recent weakness to an underlyingdsbovm in the U.S. economy. Narrow-
ing interest-rate differentials between the U.S. and itfomaading partners tend to make the
U.S. currency less attractive to foreign investors.

Ext. answ. Il: "The next leg could be the beginning of a longam bearish phase.” Analysts peg the dol-
lar's recent weakness to an underlying slowdown in the UcSnemy, highlighted by recent
economic data, particularly a surprisingly sharp widenimthe August U.S. trade gap.

Question: How does the Fuji compare to the Red Delicious?
Concise answer: The Fuji is decidedly more dowdy.
Answ. + context: Compared to the Red Delicious, the exenmgflapple pulchritude, the Fuji is decidedly more
dowdy — generally smaller, less-perfectly shaped, gréemigh tinges of red.

Ext. answ. I: The Fuji could someday tumble the Red Delicifsam the top of America’s apple heap. It
certainly won't get there on looks. Compared to the Red Dmlig, the exemplar of apple pul-
chritude, the Fuji is decidedly more dowdy — generally seraless-perfectly shaped, greenish,
with tinges of red. But how sweet it is.

Ext. answ. II: It certainly won't get there on looks. Compte the Red Delicious, the exemplar of apple pul-
chritude, The Fuiji is decidedly more dowdy. — generally demgless-perfectly shaped, greenish,
with tinges of red. To hear most U.S. growers tell it, we'dl i in Paradise.

Question: Why are apple growers diversifying?
Concise answer: They can protect themselves against e vyagaries of any one variety.
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Answ. + context: Though growers can't always keep the woomfthe apple, they can protect themselves against
the price vagaries of any one variety by diversifying. "I'ipped out a lot of Delicious” and
grafted the trees with many different shoots.

Ext. answ. I: The apple industry is ripe for change. Thoughwgrs can't always keep the worm from the
apple, they can protect themselves against the price \egafriany one variety by diversifying.
"I've ripped out a lot of Delicious” and grafted the treeskvihany different shoots.

Ext. answ. Il: Though growers can'’t always keep the worm ftbenapple, they can protect themselves against
the price vagaries of any one variety by diversifying.

Question: What is one major difference between the TokyoGanthes film festivals?
Concise answer: The Tokyo International Film Festival aledrthe largest cash prize of any film festival to young
and first-time film makers.

Answ. + context: The Tokyo International Film Festival aded the largest cash prize of any film festival to young
and first-time film makers. By comparison, Cannes now givésCER) to the winner of its young
director’s award.

Ext. answ. I: The Tokyo International Film Festival madentark: it awarded the largest cash prize of any
film festival to young and first-time film makers. By comparis€annes now gives $39,000 to
the winner of its young director’s award.

Ext. answ. II: The Tokyo International Film Festival was natoh for the Cannes Film Festival in terms of
prestige, but it made its mark: it awarded the largest caigle pf any film festival to young and
first-time film makers. At this year's event, the third sinbe festival got under way in 1985,
Idrissa Ouedraogo of Burkina Faso won the Sakura Gold pfi$d 43,000 for "Yaaba”.

Question: Who won the Young Director’s award at the thirdyim&Im festival?
Concise answer: At this year's event, the third since thévidsgot under way in 1985, Idrissa Ouedraogo of
Burkina Faso won the Sakura Gold prize of $143,000 for "Ydaba
Answ. + context: At this year's event, the third since thetifes got under way in 1985, Idrissa Ouedraogo of
Burkina Faso won the Sakura Gold prize of $143,000 for "Y&¢hald Woman”). The Tokyo
festival may become known as a major attraction for youngatiars because of the money as
well as the recognition.”

Ext. answ. I: The Tokyo International Film Festival madenitark: It awarded the largest cash prize of any film
festival to young and first-time film makers. At this year'sat; the third since the festival got
under way in 1985, Idrissa Ouedraogo of Burkina Faso won #hei% Gold prize of $143,000
for "Yaaba” ("Old Woman”). the Tokyo festival may become kmo as a major attraction for
young directors because of the money as well as the recogriiti

Ext. answ. II: The Tokyo International Film Festival maderitark: it awarded the largest cash prize of any film
festival to young and first-time film makers. At this year'sat; the third since the festival got
under way in 1985, Idrissa Ouedraogo of Burkina Faso won #hei% Gold prize of $143,000
for "Yaaba” ("Old Woman”). By comparison, Cannes now give39¥00 to the winner of its
young director’s award.

Question: Why did Mahmoud Vaezi visit Paris?
Concise answer: To discuss such matters as compensatiogrtchFenterprises for contracts.
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Answ. + context: To discuss such matters as compensatiometock enterprises for contracts broken by the
Khomeini regime.
Ext. answ. I: In Paris, Mahmoud Vaezi, Iran’s vice ministéfaveign affairs, began a five-day visit to discuss
such matters as compensation to French enterprises faactsibroken by the Khomeiniregime.
Ext. answ. II: In Paris, Mahmoud Vaezi, Iran’s vice ministéforeign affairs, began a five-day visit to discuss
such matters as compensation to French enterprises foactsibroken by the Khomeiniregime.
Toto Co., a Japanese ceramics maker, has developed atiailetin check the user’s health.






Sample summaries

Experiments in chapter 6 are performed on DUC 2006 data. This
data set consists of fifty topics, each of which consists ifea &
guery, a set of twenty five news articles, and four referenme-s
maries. This appendix lists summaries created for topicIDEG

The title and query for DUC topic DO650E are:

T former President Carter’s international activities
Q Describe former President Carter’s international effortluding activities of the Carter Center.

B.1 Human summary

One of four reference summaries written manually by NISTralsors for DUC 2006
topic DO650E:

35A Former President Jimmy Carter has played an active rote@international stage.

35B Working in conjunction with the Carter Center that herfded and the National Democratic
Institute of International Affairs, Carter has led manyeimational teams of observers to monitor
elections throughout the world.

35C By 1999 he had monitored more than 20 elections in 16 desrihcluding Nicaragua, Liberia,
Nigeria, Venezuela, China (village and township committeetions), Indonesia, Mozambique,
Peru, the Dominican Republic and Mexico.

35D Carter has visited 115 countries to promote peace anahuights or to combat disease and
hunger.

35E He is credited with gaining release of approximatel¥80,political prisoners, not hesitating to
meet personally with such leaders as Yasser Arafat, KiBultg, Daniel Ortega, Haitian bully
Raoal Cedras and Bosnian Serb Radovan Karadzic.
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35F
35G

35H

35l

B.2

APPENDIX B. SAMPLE SUMMARIES

In 1998 the Carter Center devoted a $1.5 million granhff@oca-Cola to "Transparency for

Growth in The Americas,” a program for combating corruptimmugh o penness in government.
Through the Carter Center, the former President hasulezkessful campaigns against two dev-
astating diseases: river blindness and Guineau worm @iseas

In 1999 the Center received grants totaling $30 milloemxpand programs for treatment and
prevention of blindness in Africa and Latin America and tdeex its anti-trachoma program

from Mali to Sudan, Ethiopia, Nigeria, Niger, Ghana and Yame

In August 1999 President Clinton awarded former Pregi@arter the Medal of Freedom for his

successes in the struggle for peace and human rights antsadesease and hunger.

Query-relevance summary

Query-relevance summary generated for DUC 2006 topic DBAAE

36A
36B

36C

36D
36E

36F

36G

36H
361

B.3

Haas said that the Coca-Cola Co. does not have any conepCarter Center projects, but he is
not concerned about any backlash that could affect his coynipam the Carter Center’s efforts.
So it worked out nicely to confer the medals on the fornresiglent and his first lady at the
Carter Center.

Founded in 1982 by former U.S. president Jimmy Cartertasavife, the Carter Center has
been devoted to observing many countries in respect of dermp@nd development, human
rights issues and public health.

The Carter Center, founded by former U.S. President Ji@arter, has been fighting blindness
since 1987.

Former U.S. President Jimmy Carter will head a grouptefirational observers during Peru’s
elections of May 28, Barry Levitt, official of Carter Centetd press on Tuesday.
Spokeswoman Deanna Congileo said the delegation wotiideiude former President Jimmy
Carter, despite reports in local newspapers that Cartefcamather former heads of state would
be observers.

The Central Elections Board said Wednesday it had aitedes host of former heads of state to
serve as elections observers, including Carter, formeniSpa@rime Minister Felipe Gonzalez,
ex-President Luis Herrera Campins of Venezuela and formesitent Armando Calderon Sol
of El Salvador.

The former president was invited by all of Mexico’s mgjatitical parties.

After Carter left, voter Antonio Arreguin, 49, said, “@fiormer president?”

Query-distance summary

Query-distance summary generated for DUC 2006 topic DOGAQE(Wq = 0.5; we =

1.0):
37A

Haas said that the Coca-Cola Co. does not have any conepCarter Center projects, but he is
not concerned about any backlash that could affect his coynjpam the Carter Center’s efforts.
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37B

37C

37D

37E
37F
37G
37H

371

37J

B.4

So it worked out nicely to confer the medals on the fornresiglent and his first lady at the
Carter Center.

Spokeswoman Deanna Congileo said the delegation wotiideiude former President Jimmy
Carter, despite reports in local newspapers that Cartefoamather former heads of state would

be observers.

The Central Elections Board said Wednesday it had aitecka host of former heads of state to
serve as elections observers, including Carter, formeniSpd@rime Minister Felipe Gonzalez,
ex-President Luis Herrera Campins of Venezuela and formesitkent Armando Calderon Sol
of El Salvador.

The former president was invited by all of Mexico’s magjotitical parties.

After Carter left, voter Antonio Arreguin, 49, said, ‘@ former president?”

Through the Global 2000 River Blindness Program in baltation with the National and Dis-
trict Health Services, the center has been involved in therobof river blindness in Uganda
since 1996.

The Carter Center, founded by former U.S. President Ji@arter, has been fighting blindness
since 1987.

Former U.S. President Jimmy Carter will head a group trimational observers during Peru’s
elections of May 28, Barry Levitt, official of Carter Centetd press on Tuesday.

Levitt, director of Political Analysis of this organtitan, said that Carter is worried by Peru’s
electoral process, which has been questioned by intenatidservers.

Normalized centrality summary

Normalized centrality summary generated for DUC 2006 t@Jfd650E Aq c:

38A

38B

38C

38D

38E

38F

38G

A 35-member mission headed by former United States éeasidJimmy Carter will arrive in
Nicaragua next Thursday to observe the general electidiesteld on October 20 in this country.
The Carter Center, founded by former U.S. President Ji@arter, has been fighting blindness
since 1987.

Former U.S. President Jimmy Carter will head a grouptefirational observers during Peru’s
elections of May 28, Barry Levitt, official of Carter Centeid press on Tuesday.

The events that allowed a former coup plotter to becometfrunner in Sunday’s presidential
vote indicate that Venezuelans are fed up with the statussgicd former U.S. President Jimmy

Carter.
He is heading a 40-person team of international eleatiamitors that includes former presidents

Patricio Aylwin of Chile and Gonzalo Sanchez de Lozada oi\Baland Nicholas Brady, an ex-

U.S. treasury secretary.
Spokeswoman Deanna Congileo said the delegation wotiideiude former President Jimmy

Carter, despite reports in local newspapers that Cartefcamather former heads of state would

be observers.
The Central Elections Board said Wednesday it had aitedes host of former heads of state to

serve as elections observers, including Carter, formeniSpa@rime Minister Felipe Gonzalez,
ex-President Luis Herrera Campins of Venezuela and formesitkent Armando Calderon Sol
of El Salvador.
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38H So far only former Colombian President Belisario Betari@as said he would attend, the board
said.

B.5 Probabilistic centrality summary

Probabilistic centrality summary generated for DUC 20Q6idd0650E Aq ¢ (Wg =
1.0;w; =0.1):

39A So it worked out nicely to confer the medals on the formmesjalent and his first lady at the
Carter Center.

39B Former U.S. President Jimmy Carter will be in Mexico oly Zto observe this country’s highly
competitive presidential election, an elections monitgigroups said Tuesday.

39C Founded in 1982 by former U.S. president Jimmy Carterhasiavife, the Carter Center has
been devoted to observing many countries in respect of dermp@nd development, human
rights issues and public health.

39D Former United States President Jimmy Carter is schddalarrive in Nigeria next Tuesday to
monitor the on- going transition program in the country.

39E The Carter Center, founded by former U.S. President yi@anter, has been fighting blindness
since 1987.

39F Former U.S. President Jimmy Carter will head a grouptefirational observers during Peru’s
elections of May 28, Barry Levitt, official of Carter Centeid press on Tuesday.

39G Spokeswoman Deanna Congileo said the delegation wotiideiude former President Jimmy
Carter, despite reports in local newspapers that Cartefoamather former heads of state would
be observers.

39H The Central Elections Board said Wednesday it had aitecea host of former heads of state to
serve as elections observers, including Carter, formeniSpa@rime Minister Felipe Gonzalez,
ex-President Luis Herrera Campins of Venezuela and formesitent Armando Calderon Sol
of El Salvador.

391 The former president was invited by all of Mexico’s mapaditical parties.

39J After Carter left, voter Antonio Arreguin, 49, said, ‘Gformer president?”

B.6 Redundancy-aware normalized centrality summary

Redundancy-aware normalized centrality summary gercerimie DUC 2006 topic
DO650E Aqcr-

40A President Alberto Fujimori has promised to comply wiltammendations of a Carter Center
delegation that said Peru does not meet international atdador fair elections.
40B Spokeswoman Deanna Congileo said the delegation watlishciude former President Jimmy

Carter, despite reports in local newspapers that Cartefoamather former heads of state would
be observers.
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40C So it worked out nicely to confer the medals on the fornmresigent and his first lady at the
Carter Center.
40D Former U.S. President Jimmy Carter will be in Mexico oly &to observe this country’s highly
competitive presidential election, an elections monitgigroups said Tuesday.
40E The former president was invited by all of Mexico’s majotfitical parties.
40F A 35-member mission headed by former United States d&nesdimmy Carter will arrive in
Nicaragua next Thursday to observe the general electidiesteld on October 20 in this country.
40G Founded in 1982 by former U.S. president Jimmy Carterhasavife, the Carter Center has
been devoted to observing many countries in respect of dermp@nd development, human
rights issues and public health.
40H Former United States President Jimmy Carter is schedalarrive in Nigeria next Tuesday to
monitor the on- going transition program in the country.
The Carter Center, founded by former U.S. President Jit@arter, has been fighting blindness
since 1987.
40J Former U.S. President Jimmy Carter will head a grouptefirational observers during Peru’s
elections of May 28, Barry Levitt, official of Carter Centeid press on Tuesday.

40

B.7 Redundancy-aware probabilistic centrality summary

Redundancy-aware probabilistic centrality summary gmeer for DUC 2006 topic

41A The Carter Center, founded by former President Jimmye€anade its conclusion in conjunc-
tion with the National Democratic Institute, another U.&séd pro-democracy group, after a
five-day visit at the invitation of Fujimori’s administrati.

41B President Alberto Fujimori has promised to comply wiglekammendations of a Carter Center
delegation that said Peru does not meet international atdador fair elections.

41C Spokeswoman Deanna Congileo said the delegation wotiideiude former President Jimmy
Carter, despite reports in local newspapers that Cartefoamather former heads of state would
be observers.

41D So it worked out nicely to confer the medals on the formresiglent and his first lady at the
Carter Center.

41E Former U.S. President Jimmy Carter will be in Mexico diy 2uo observe this country’s highly
competitive presidential election, an elections monitgigroups said Tuesday.

41F The former president was invited by all of Mexico’s majolitical parties.

41G Founded in 1982 by former U.S. president Jimmy Carterhasavife, the Carter Center has
been devoted to observing many countries in respect of dermp@nd development, human
rights issues and public health.

41H Former United States President Jimmy Carter is schedalarrive in Nigeria next Tuesday to
monitor the on- going transition program in the country.

411 The Carter Center, founded by former U.S. President JifGarter, has been fighting blindness

since 1987.

41J Former U.S. President Jimmy Carter will head a grouptefirational observers during Peru’s
elections of May 28, Barry Levitt, official of Carter Centetd press on Tuesday.
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B.8 Summary submitted to DUC 2006

Summary submitted to DUC 2006 for topic DO650E:

42A The Central Elections Board said Wednesday it had aiterkd host of former heads of state to
serve as elections observers, including Carter, formeniSpa@rime Minister Felipe Gonzalez,
ex-President Luis Herrera Campins of Venezuela and formesitkent Armando Calderon Sol
of El Salvador.

42B The Carter Center, founded by former President JimmyeGaraid Friday that Fujimori's gov-
ernment was abusing public funds to garner votes, had bibogposition candidates 'access to
the media, and had used other irregular practices to gainfair advantage in the April 9 vote.

42C Former U.S. President Jimmy Carter will head a grouptefivational observers during Peru’s
elections of May 28, Barry Levitt, official of Carter Centetd press on Tuesday.

42D Founded in 1982 by former U.S. president Jimmy Carterkaadvife, the Carter Center has
been devoted to observing many countries in respect of demmp@nd development, human
rights issues and public health.

42E According to Gordon Streeb, leader of the delegatiom fohmer US president Jimmy Carter
would lead a delegation of about 60 observers to Liberia adlaction of the importance the
center attaches to the success of the country’s post-weticals.

42F “If the voting process and the counting of the ballots #redreporting of the results are deemed
to be transparent and without flaws of any significant degearter said, “they indeed will
accept the results of the election — even though they reft@imight to criticize some previous
activities during the campaign.”
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Abstract

The meaning of text appears to be tightly related to int&stiand circumstances.
Context sensitivity of meaning is addressed by theoriesisifadirse structure. Few
attempts have been made to exploit text organization in sanzation. This thesis is
an exploration of what knowledge of discourse structuredimfor content selection
as a subtask of automatic summarization, and query-basethatization in partic-

ular. Query-based summarization is the task of answeringrlitrary user query or
question by using content from potentially relevant sosirce

This thesis presents a general framework for discoursatedesummarization, re-
lying on graphs to represesémantic relationg discourse, ancedundancyas a spe-
cial type of semantic relation. Semantic relations occuseveral levels of text anal-
ysis (query-relevance, coherence, layout, etc.), and adorange of textual features
may be required to detect them. The graph-based framewoilkdtes combining
multiple features into an integrated semantic model of theuchents to summarize.
Recognizing redundancy and entailment relations betwedpassages is particularly
important when a summary is generated of multiple documerdsto avoid including
redundant content in a summary. For this reason, | pay péatiattention to recog-
nizing textual entailment.

Within this framework, a three-fold evaluation is perfodn® evaluate different
aspects of discourse oriented summarization. The first sea study, measuring the
effect on user appreciation of using a particular type ofWdedge for query-based
summarization. In this study, three presentation strategre compared: summa-
rization using the rhetorical structure of the source, alas summarization method
which uses the layout of the source, and a baseline pregentaéthod which uses no
summarization but just a concise answer to the query. Reshiw that knowledge
of the rhetorical structure not only helps to provide theassary context for the user
to verify that the summary addresses the query adequatatyal&o to increase the
amount of relevant content.

The second evaluation is a comparison of implementationthefgraph-based
framework which are capable of fully automatic summarati The two variables
in the experiment are the set of textual features used to htleeesource and the al-
gorithm used to search a graph for relevant content. Tharesare based on cosine
similarity, and are realized as graph representationseotturce. The graph search

207



208 Abstract

algorithms are inspired by existing algorithms in summeatian. The quality of sum-
maries is measured using the Rouge evaluation toolkit. €segerformer would have
ranked first (Rouge-2) or second (Rouge-SU4) if it had piadied in the DUC 2005
guery-based summarization challenge.

The third study is an evaluation in the context of the DUC 2806marization
challenge, which includes readability measurements alsasalarious content-based
evaluation metrics. The evaluated automatic discourgmtad summarization system
Is similar to the one described above, but uses additioaalfes, i.e. layout and textual
entailment. The system performed well on readability atdbst of content-based
scores which were well below the scores of the highest rgRIdC 2006 participant.
This indicates a trade-off between readable, cohereneobmind useful content, an
issue yet to be explored.

Previous research implies that theories of text orgarunajeneralize well to mul-
timedia. This suggests that the discourse oriented surmatem framework applies
to summarizing multimedia as well, provided sufficient kiesge of the organization
of the (multimedia) source documents is available. Thedasly in this thesis is an
investigation of the applicability of structural relat®m multimedia for generating
picture-illustrated summaries, by relating summary conte picture-associated text
(i.e. captions or surrounding paragraphs). Results stigig@iscaptions are the more
suitable annotation for selecting appropriate picturesn@ared to manual illustration,
results of automatic pictures are similar if the manualyietis mainly decorative.



Samenvatting

De betekenis van een stuk tekst hangt nauw samen met ongltadén en de on-
derliggende bedoelingen. Deze contextgevoeligheid isHyegen in modellen van
tekststructuur. Hiervan wordt echter nauwelijks gebrgkngakt voor het automatisch
samenvatten van tekst. Dit proefschrift tracht een antdié@igeven op de vraag hoe
kennis van de structuur van een tekst benut kan worden vaaehecteren van in-
houdelijk relevante passages, als onderdeel van het atissimgenereren van samen-
vattingen. In het bijzonder is het gericht op de generatie @an samenvatting van
een of meerdere brondocumenten die dient als antwoord oged®nikersvraag — een
toepassing van natuurlijke taalverwerking die de laaisten toenemende aandacht
geniet.

Eerst behandel ik theorieén die de structuur van tekstivaarschillende invals-
hoeken benaderen. Vanuit dit oogpunt presenteer ik eenwadavoor een systeem
dat samenvattingen genereert, uitgaand van een graaespatie van de brontekst.
Grafen worden gebruikt om semantische relaties tusseeziwmeer te geven, waarbij
redundantie wordt aangemerkt als een bijzonder type sésohatrelatie. Verschil-
lende eigenschappen van tekst kunnen worden gebruiktditsaiie dat bepaalde zin-
nen gerelateerd zijn. Voorbeelden hiervan zijn de alimekeling, lexicale overlap,
retorische relaties, enz. Het raamwerk maakt het mogdlgkoeschikbare indicaties
te benutten door de verschillende grafen die hieraan tendgtag liggen samen te
voegen in een enkel model van de brondocumenten. Het hexkaram afleidbaarhei-
dsrelaties tussen tekstfragmenten is van belang wannesdare bronteksten worden
omgezet in een enkele samenvatting, ondermeer om redimdade samenvatting te
voorkomen. In dit licht onderzoek ik welke tekstuele eig#rappen geschikt zijn om
automatisch te herkennen of een tekstfragment inhoudslgkdbaar is uit een ander
fragment.

Binnen dit raamwerk voer ik drie evaluaties uit om versemte aspecten van het
samenvatten te belichten. In de eerste evaluatie wordhpeéle gebruikers gevraagd
op verschillende wijze samengestelde samenvattingen éederen. De resultaten
laten zien dat samenvattingen de gebruiker helpen te bepéleet antwoord bij de
vraag past. Verder bevatten op de retorische analysesagrblassamenvattingen meer
relevante informatie dan de op layout gebaseerde samisigait De tweede evaluatie
is een vergelijkende studie van algoritmen om in een grpedsentatie van een tekst
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te zoeken naar relevante inhoud teneinde daaruit een sattirg\samen te stellen.
De kwaliteit van aldus gegenereerde samenvattingen werdeten door middel van
automatische evaluatiemethoden uit het Rouge softwakepakiet best presterende
algoritme was als beste (Rouge-2) of als tweede (Rouge-§&kindigd als het sys-
teem was gebruikt voor deelname aan het DUC 2005, een efegdtagramma voor
automatisch gegenereerde samenvattingen. Ten derdedn ereer diepgaande eval-
uatie van een implementatie van het raamwerk in de vorm vaieelname aan DUC
2006. Deze evaluatie omvat naast automatische evaludhieden ook methoden die
een menselijk oordeel vergen, waaronder verscheidenenmate leesbaarheid. De
resultaten laten zien dat het systeem goed presteert daid®eid, maar ook dat er een
ruime afstand is tot de best presterende deelnemer aan DO& P@ resultaten laten
zien dat het voorgestelde raamwerk kan leiden tot samémyett van hoge kwaliteit,
met betrekking tot zowel inhoud als leesbaarheid. Tegstijkl wijzen de resultaten
erop dat mogelijk een afweging gemaakt moet worden tusstmalgsatie van inhoud
en leesbaarheid.

Uit literatuur blijkt dat modellen die tekststructuur besgren vaak ook toepasbaar
zijn op multimediale documenten. Dit suggereert dat hetkaerk voor het samen-
vatten van tekst in beginsel gebruikt moet kunnen worden arntimedia samen te
vatten, mits voldoende bekend is over de interne structanrde bron. lk onderzoek
of afbeeldingen uit multimedia-documenten in een saméngabpgenomen kunnen
worden op basis van een semantische relatie tussen de satmenen een tekstuele
annotatie van de afbeelding. De tekstuele annotatie varfbeelding is automatisch
samengesteld uit het document waaruit de afbeelding aftigmsghet onderschrift of
de alinea waar de afbeelding oorspronkelijk bij hoorde)suRaten van een gebruik-
ersstudie geven aan dat het gebruik van onderschriftemebegtsultaten oplevert dan
het gebruik van de bijbehorende tekst.
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