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Abstract

In this paper a comparative study of Automated Text Summarization (TS) Systems is presented. It describes
the factors to be taken into account for evaluating those systems and outlines three alternative classifications.
The paper provides extensive examples of working TS systems according to their characterizing features,
performance, and obtained results, with a special emphasis on the multilingual aspect of summarization.
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1 Introduction

The field of Text Summarization (TS) has expe-
rienced an exponential growth in the last years.
That is why many comparative studies can be
found in the literature, among the most com-
prehensive, Paice (1990) [123], Zechner (1997)
[168], Sparck-Jones (1998) [147], Hovy and Marcu
(1998) [70], Tucker (1999) [157], Radev (2000)
[130], Mani (2001) [98] and Maybury and Mani
(2001) [105]. Given that an upper bound of per-
formance for TS systems is still far from being
reached, task-based competitions are the main
forum of discussion in the area. As follows,
the SUMMAC (1998) [149] and especially DUC

(2001, 2002, 2003) [45] contests provide a good
overview of current working systems.

In this study, we provide an analysis of current
work in TS, with special attention to the future
developments of the field, like multilingual sum-
marization. First, we present the factors affecting
summarization in Section 2, and provide exam-
ples of how working systems handle each of these
factors. In Section 3 three possible classifications
of summarization systems are outlined, which are
applied to concrete systems in Section 4, with a
concrete example of multilingual summarization.
To finish, we briefly discuss some burning issues
in TS.
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2 Some considerations on
Summary Aspects

Summarization has traditionally been decom-
posed into three phases [147, 101, 58, 68, 98]:

e analyzing the input text to obtain text rep-
resentation,

o transforming it into a summary representa-
tion,

e and synthesizing an appropriate output
form to generate the summary text.

Effective summarizing requires an explicit and de-
tailed analysis of context factors, as is apparent
when we recognize that what summaries should
be like is defined by what they are wanted for.
The parameters to be taken into account in sum-
marization systems have been widely discussed
[101, 68, 98]. We will follow Sparck Jones (1998)
[147], who distinguishes three main aspects that
affect the process of TS: input, purpose and out-
put, with a special focus on multilinguality.

2.1 Input Aspects

The features of the text to be summarized cru-
cially determine the way a summary can be ob-
tained. The following aspects of input are rele-
vant to the task of TS:

Document Structure. Besides textual con-
tent, heterogeneous documental information can
be found in a source document, for example, la-
bels that mark headers, chapters, sections, lists,
tables, etc. If it is well systematized and ex-
ploited, this information can be of use to ana-
lyze the document. For example, Kan (2002) [74]
exploits the organization of medical articles in
sections to build a tree-like representation of the
source. Teufel and Moens (2002) [156] system-
atize the structural properties of scientific articles
to assess the contribution of each textual segment
to the article, in order to build a summary from
that enriched perspective.

However, it can also be the case that the informa-
tion it provides is not the target of the analysis.
In this case, document structure has to be re-
moved in order to isolate the textual component
of the document.

Domain. Domain-sensitive systems are only
capable of obtaining summaries of texts that be-
long to a pre-determined domain, with varying

degrees of portability. The restriction to a cer-
tain domain is usually compensated by the fact
that specialized systems can apply knowledge in-
tensive techniques which are only feasible in con-
trolled domains, as is the case of the multidoc-
ument summarizer SUMMONS [111], specialized
in summaries in terrorism domain applying com-
plex Information Extraction techniques. In con-
trast, general purpose systems are not dependant
on information about domains, which usually re-
sults in a more shallow approach to the analysis
of the input documents.

Nevertheless, some general purpose systems are
prepared to exploit domain specific information.
For example, the meta summarizer developed at
Columbia University [19, 18, 61, 60, 108] applies
different summarizers for different kinds of doc-
uments: MULTIGEN [19, 109] is specialized in
simple events, DEMS [143] (with the bio config-
uration) deals with biographies, and for the rest
of documents, DEMS has a default configuration
that can be resorted to.

Specialization level. A text may be broadly
characterized as ordinary, specialized, or re-
stricted, in relation to the presumed subject
knowledge of the source text readers. This as-
pect can be considered the same as the domain
aspect discussed above.

Restriction on the language. The language
of the input can be general language or restricted
to a sublanguage within a domain, purpose or
audience. It may be necessary to preserve the
sublanguage in the summary.

Scale. Different summarizing strategies have to
be adopted to handle different text lengths. In-
deed, the analysis of the input text can be per-
formed at different granularities, for example, in
determining meaning units. In the case of news
articles, sentences or even clauses are usually con-
sidered the minimal meaning units, whereas for
longer documents, like reports or books, para-
graphs seem a more adequate unit of meaning.
Also the techniques for segmenting the input text
in these meaning units differ: for shorter texts, or-
thography and syntax, even discourse boundaries
[103] indicate significant boundaries, for longer
texts, topic segmentation [79, 63] is more usual.

Media. Although the main focus of summariza-
tion is textual summarization, summaries of non-
textual documents, like videos, meeting records,
images or tables have also been undertaken in
recent years. The complexity of multimedia



summarization has prevented the development of
wide coverage systems, which means that most
summarization systems that can handle multime-
dia information are limited to specific domains or
textual genres [62, 104]. However, research ef-
forts also consider the integration of information
of different media [21], which allow a wider cov-
erage of multimedia summarization systems by
exploiting different kinds of documental informa-
tion collaboratively, like metadata associated to
video records [161].

Genre. Some systems exploit typical genre-
determined characteristics of texts, such as the
pyramidal organization of newspaper articles, or
the argumentative development of a scientific
article. Some summarizers are independent of
the type of document to be summarized, while
others are specialized on some type of docu-
ments: healthcare reports [48], medical articles
[74], agency news [111], broadcast fragments [62],
meeting recordings [169], e-mails [117, 3], web
pages [132], etc.

Unit. The input to the summarization process
can be a single document or multiple documents,
either simple text or multimedia information such
as imagery audio, or video [150].

Language. Systems can be  language-
independant, exploiting characteristics of doc-
uments that hold cross-linguistically [129, 125],
or else their architecture can be determined by
the features of a concrete language. This means
that some adaptations must be carried out in the
system to deal with different languages. As an
additional improvement, some multi-document
systems are able to deal simultaneously with
documents in different languages [33, 34], which
will be developed in Section 2.4.

2.2 Purpose Aspects

Situation. TS systems can perform general
summarization or else they can be embedded in
larger systems, as an intermediate step for an-
other NLP task, like Machine Translation, Infor-
mation Retrieval or Question Answering. As the
field evolves, more and more efforts are devoted
to task-driven summarization, in detriment of a
more general approach to TS. This is due to the
fact that underspecification of the information
needs supposes a major problem for design and
evaluation of the systems. As will be discussed in
Section 5, evaluation is a major problem in TS.

Task-driven summarization presents the advan-
tage that systems can be evaluated with respect
to the improvement they introduce in the final
task they are applied to.

Audience. In case a user profile is accessible,
summaries can be adapted to the needs of spe-
cific users, for example, the user’s prior knowl-
edge on a determined subject. Background sum-
maries assume that the reader’s prior knowledge
is poor, and so extensive information is supplied,
while just-the-news are those kind of summaries
conveying only the newest information on an al-
ready known subject. Briefings are a particular
case of the latter, since they collect representative
information from a set of related documents.

Usage. Summaries can be sensitive to deter-
mined uses: retrieving source text [75], preview-
ing a text [88], refreshing the memory of an al-
ready read text, sorting...

2.3 Output Aspects

Content. A summary may try to represent all
relevant features of a source text or it may focus
on some specific ones, which can be determined
by queries, subjects, etc. Generic summaries are
text-driven, while user-focused (or query-driven)
ones rely on a specification of the user’s informa-
tion need, like a question or key words.

Related to the kind of content that is to be ex-
tracted, different computational approaches are
applied. The two basic approaches are top-
down, using information extraction techniques,
and bottom-up, more similar to information re-
trieval procedures. Top-down is used in query-
driven summaries, when criteria of interest are
encoded as a search specification, and this speci-
fication is used by the system to filter or analyze
text portions. The strategies applied in this ap-
proach are similar to those of Question Answer-
ing. On the other hand, bottom-up is used in
text-driven summaries, when generic importance
metrics are encoded as strategies, which are then
applied over a representation of the whole text.

Format. The output of a summarization sys-
tem can be plain text, or else it can be formatted.
Formatting can be targeted to many purposes:
conforming to a pre-determined style (tags, orga-
nization in fields), improving readability (division
in sections, highlighting), etc.

Style. A summary can be informative, if it cov-
ers the topics in the source text; indicative, if it



provides a brief survey of the topics addressed
in the original; aggregative, if it supplies informa-
tion non present in the source text that completes
some of its information or elicits some hidden in-
formation [156]; or critical, if it provides an addi-
tional valoration of the summarized text.

Production Process. The resulting summary
text can be an extract, if it is composed by literal
fragments of text, or an abstract, if it is gener-
ated. The type of summary output desired can
be relatively polished, for example, if text is well-
formed and connected, or else more fragmentary
in nature (e.g., a list of key words).

There are intermediate options, mostly concern-
ing the nature of the fragments that compose ex-
tracts, which can range from topic-like passages,
paragraph or multiparagraph long, to clauses or
even phrases. In addition, some approaches per-
form editing operations in the summary, overcom-
ing the incoherence and redundancy often found
in extracts, but at the same time avoiding the
high cost of a NL generation system. Jing and
McKeown (2000) [73] apply six re-writing strate-
gies to improve the general quality of an extract-
based summary by edition operations like dele-
tion, completion or substitution of clausal con-
stituents.

Surrogation. Summaries can stand in place of
the source as a surrogate, or they can be linked
to the source [75, 88], or even be presented in the
context of the source (e.g., by highlighting source
text, [86]).

Length. The targeted length of the summary
crucially affects the informativeness of the fi-
nal result. This length can be determined by
a compression rate, that is to say, a ratio of
the summary length with respect to the length
of the original text. Traditionally, compression
rates range from 1% to 30%, with 10% as a pre-
ferred rate for article summarization. In the case
of multidocument summarization though, length
cannot be determined as a ratio to the original
text(s), so the summary always conforms to a
pre-determined length. Summary length can also
be determined by the physical context where the
summary is to be displayed. For example, in the
case of delivery of news of summaries to hand-
helds [23, 28, 39], the size of the screen imposes
severe restrictions to the length of the summary.
Headline generation is another application where
the length of summaries is clearly determined
[165, 41]. In very short summaries, coherence is
usually sacrificed to informativeness, so lists of
words are considered acceptable [80, 167].

2.4 Language coverage

As regards language coverage, systems can
be classified as monolingual, multilingual, and
crosslingual (a similar classification is commonly
used in Information Retrieval systems). Monolin-
gual summarization systems deal with only one
language for both the input document and the
summary. In the case of multilingual systems,
input and output languages are also the same
but in this case the system can cover several lan-
guages. Crosslingual systems are able to process
input document in several languages, producing
summaries in different languages.

Multilinguality does not imply additional difficul-
ties. Most of the systems and techniques we will
present below can be easily adapted to other lan-
guages, assuming, of course, the availability of the
knowledge sources needed for the different meth-
ods. Roughly speaking, the more amount of lin-
guistic knowledge is needed by a system, the more
difficult is to transport it to another language.

A more complex challenge is crosslinguality.
There are examples of single document crosslin-
gual summarizers, implying a certain amount of
translation, either on the input text or on the
summary, but most crosslingual summarizers are
multidocument. In this case a lot of problems spe-
cific of translinguality arise. Measures of similar-
ity between documents and passages in different
languages, for identifying relations or for cluster-
ing, have to be envisaged. Similarity between lex-
ical units (words, NEs, multiword terms) belong-
ing to different languages, have to be computed
as well. Obviously, the more distant the involved
languages are, the harder these problems turn to
be, specially if the languages present different lex-
ical units or character sets. Since this is a burning
issue, it will be discussed at length in Section 5.

3 Approaches to Text Sum-
marization

There are several ways in which one can char-
acterize different approaches to text summariza-
tion. In this section, we present three possi-
ble classifications of text summarization systems,
but many others can be found in the literature
[70, 130, 105, 98]. The first classification, follow-
ing Mani and Maybury (1999) [101], is based in



the level of processing that each system performs,
the second, proposed in Alonso and Castellén
(2001) [4], is based in the kind of information ex-
ploited, the third follows Tucker (1999) [157].

3.1 Classification 1: Level of Pro-
cessing

One useful way to classify summarization systems
is to examine the level of processing of the text.
Based on this, summarization can be character-
ized as approaching the problem at the surface,
entity, or discourse level [101].

3.1.1 Surface level

Surface-level approaches tend to represent infor-
mation in terms of shallow features that are then
selectively combined together to yield a salience
function used to extract information, following
the approach of Edmunson (1969) [47]. These
features include:

Term frequency statistics provide a thematic
representation of text, assuming that important
sentences are the ones that contain words that
occur frequently. The score sentences increases
for each frequent word. Early summarization
systems directly exploit word distribution in the
source [96].

Location relies on the intuition that important
sentences are located at positions that are usu-
ally genre-dependent, however, some general rules
are the lead method and the title-based method.
The lead method consists of just taking the first
sentences. The title-based method assumes that
words in titles and headings are positively rele-
vant to summarization. A generalization of these
methods is the OPP used by Hovy and Lin in
their SUMMARIST system [91], where they ex-
ploit Machine Learning techniques to identify the
positions where relevant information is placed
within different textual genres. Many of the cur-
rent systems, specially those applying machine
learning techniques, take into account the loca-
tion of meaning units in a document to assess
their relevance.

Bias. The relevance of meaning units is deter-
mined by the presence of terms from the title or
headings, initial part of text, or user’s query. For
example, [37, 36, 144] use as features the posi-
tion in the sentence, the number of tokens and
the number of pseudo-query terms.

Cue words and phrases are signals of relevance
or irrelevance. They are typically meta-linguistic
markers (e.g., cues: ”in summary”, ”in conclu-

sion”, ”our investigation”, ”the paper describes”;

or emphasizers: ”significantly”, ”important”, ”in
particular”, ”hardly”, ”impossible”), as well as
domain-specific bonus phrases and stigma terms.
Although lists of these phrases are usually built
manually [82, 154], they can also be detected au-

tomatically.

3.1.2 Entity-level

Entity-level approaches build an internal repre-
sentation of the text by modeling text entities
(simple words, compound nouns, named entities,
etc.) and their relationships. These approaches
tend to represent patterns of connectivity in the
text (e.g., graph topology) to help determine
saliency. Relations between entities include:

Similarity. Similar words are those whose
form is similar, for example, those sharing a com-
mon stem (e.g., “similar” and “similarity”). Sim-
ilarity can be calculated with linguistic knowledge
or by character string overlap. Myaeng and Jang
(1999) [118] use two similarity measures for deter-
mining if a sentence belongs to the major content:
a similarity between the sentence and the rest of
the document and a similarity between the sen-
tence and the title of the document. Also,in NTT
[65, 66], CENTRIFUSER [75], several similarity
measures are applied.

Proximity. The distance between the text
units where entities occur is a determining fac-
tor for establishing relations between entities.

Cohesion. Cohesion can be defined in terms of
connectivity. Connectivity accounts for the fact
that important text units usually contain entities
that are highly connected in some kind of seman-
tic structure. Cohesion can be approached by:

o Word co-occurrence: words can be re-
lated if they occur in common contexts.
Some applications are presented in Bald-
win and Morton (1998), McKeown et al.
(1999)[13, 109]. Salton et al. (1997), Mitra
et al. (1997) [141, 113] apply IR methods at
the document level, treating paragraphs in
texts as documents are treated in a collec-
tion of documents. Using a traditional IR-
based method, a word similarity measure is
used to determine the set S; of paragraphs
that each paragraph P; is related to. After



determining relatedness scores S; for each
paragraph, paragraphs with the largest S;
scores are extracted.

In SUMMAC [97], in the context of query-
based summarization, Cornell’s Smart-
based approach expands the original query,
compares expanded query against para-
graphs, and selects top three paragraphs
(max 25% of original) that are most sim-
ilar to the original query.

e Local salience: important phrasal expres-
sions are given by a combination of gram-
matical, syntactic, and contextual parame-
ters [24].

e Lexical similarity: words can be related
by thesaural relationships (synonymy, hy-
pernymy, meronymy relations). Barzilay
(1997) [16] details a system where Lexical
Chains are used, based on Morris and Hirst
(1991) [116]. This line has also been ap-
plied to Spanish, relying on EuroWordNet
relations between words, by Fuentes and
Rodriguez (2002) [53]. The assumption is
that important sentences are those that are
crossed by strong chains'. This approach
provides a partial account of texts, since it
focuses mostly on cohesive aspects. An in-
tegration of cohesion and coherence features
of texts might contribute to overcome this,
as Alonso and Fuentes (2002) [5] point out.

o (Co-reference: referring expressions can be
linked, and co-reference chains can be built
with co-referring expressions. Both Lexi-
cal Chains and Co-reference Chains can be
priorised if they contain words in a query
(for query-based summaries) or in the ti-
tle. So, the preference imposed on chain is:
query > title > document. Baga and Bald-
win (1998), Azzam et al. (1999) [11, 10]
use coreference chains for summarization.
Baldwin and Morton (1998) [13] exploit
co-reference chains specifically for query-
sensitive summarization.

Connectedness method [100] represents
map text with graphs. Words in the text
are the nodes, and arcs represent adja-
cency, grammatical, co-reference, and lex-
ical similarity-based relations.

Logical relations such as agreement, contra-
diction, entailment, and consistency.

Meaning representation-based relations.
Establishing relations, such as predicate-

argument, between entities in the text.

The system of Baldwin and Morton (1998) [13]
uses argument detection in order to resolve co
reference between the query and the text for per-
forming summarization.

3.1.3 Discourse-level

Discourse-level approaches model the global
structure of the text, and its relation to commu-
nicative goals. At this level, the following infor-
mation can be exploited:

Format of the document (e.g., hypertext
markup, document, outlines).

Threads of topics can be revealed in the text.
An example of this is SUMMARIST, which ap-
plies Topic identification [69, 95]. Topic identifi-
cation implies previous acquisition of Topic Sig-
natures (that can be automatically learned) and
then the identification of a text span as belonging
to a topic characterized by its signature. Topic
identification, then, includes text segmentation
and comparison of text spans with existing Topic
Signatures. The topic identified are fused dur-
ing the interpretation of the process. The fused
topics are then expressed in new terms. Other
systems are Boros et al. (2001) [25] and MEAD
[133, 128, 121]. These systems assign a topic to
the sentences in order to create clusters for select-
ing the sentences to appear in summary.

Rhetorical structure of the text, representing
argumentation or narrative structure. The main
idea is that the coherence structure of a text can
be constructed, so that the 'centrality’ of the tex-
tual units in this structure will reflect their impor-
tance. A tree-like representation of texts is pro-
posed by the Rhetorical Structure Theory [102].
Ono et al. (1994) [120] and Marcu (1997) [103] at-
tempt to use this kind of discourse representation
in order to determine the most important textual
units. They propose an approach to rhetorical
parsing by discourse markers and semantic sim-
ilarities in order to hypothesize rhetorical rela-
tions. These hypotheses are used to derive a valid
discourse representation of the original text.

Lexical chains have also been used in other NLP tasks, such as automatic extraction of interdocument links [56].



3.2 Classification 2: Kind of Infor-
mation

Summarization systems can be classified by the
kind of information they deal with [4]. According
to this, we can distinguish between those exploit-
ing lexical aspects of texts, those working with
structural information and those trying to achieve
deep understanding of texts.

3.2.1 Lexical

These approaches exploit the information associ-
ated to words in the texts. Some of them are
very shallow, relying on the frequency of words,
but some others apply lexical resources to obtain
a deeper representation of texts. Beginning by
the most shallow, the following main trends can
be distinguished. A common assumption of these
approaches is that repeated information could be
a good indicator of importance:

Word Frequency approaches assume that the
most frequent words in text are the most repre-
sentative of its content, and consequently frag-
ments of text containing them are more relevant.
Most systems apply some kind of filter to leave
out of consideration those words that are very
frequent but not indicative, for example, by the
tf*idf metric or by excluding the so-called stop
words, words with grammatical but no meaning
content.

Domain Frequency tries to determine the rel-
evance of words by first assigning the document
to a particular domain. Domain specific words
have a previous relevance score, which serves as a
comparison ground to adequately evaluate their
frequency in a given text.

Concept Frequency abstracts from mere
word-counting to concept-counting. By use of an
electronic thesaurus or WordNet, each word in
the text is associated to a more general concept,
and frequency is computed on concepts instead of
particular words.

Cue words and phrases can be considered as
indicators of relative relevance or non-relevance
of fragments of text in respect to the others.

Chains can be built from lexical items which
are related by conceptual similarity according to
a lexical resource (lexical chains) or by identity,
if they co-refer to the same entity (co-reference
chains). The fragments of text crossed by most
chains or by most important chains or by most

important parts of chains can be considered the
most representative of the text.

3.2.2 Structural Information

A second direction in TS tries to exploit informa-
tion from the texts as structured entities. Since
texts are structured in different dimensions (doc-
umental, discursive, conceptual), different kinds
of structural information can be exploited. Be-
ginning by the most shallow:

Documental Structure exploits the informa-
tion that texts carry in their format, for example,
headings, sections, etc.

Textual Structure Some positions in text
systematically contain the most relevant infor-
mation, for example, the beginning paragraph of
news stories. These positions are usually genre-
or domain-dependant.

Conceptual structure The chains men-
tioned in lexical approaches can be considered as
a kind of conceptual structure.

Discursive Structure can be divided in two
main lines: linear or narrative and hierarchi-
cal or rhetoric. = The first tries to account
for satisfaction-precedence-like relations among
pieces of text, the second explains texts as trees
where fragments of text are related with each
other by virtue of a set of rhetorical relations,
mostly asymmetric.

3.2.3 Deep Understanding

Some approaches try to achieve understanding of
the text in order to build a summary. Two main
lines can be distinguished:

Top-down approaches try to recognize pre-
defined knowledge structures to texts, for exam-
ple, templates or frames.

Bottom-up approaches try to represent texts
as highly conceptual constructs, such as scene.
Others apply fragmentary knowledge-structures
to clue parts of text, and then build a complete
representation out of these small parts.



3.3 Classification 3: Richard

Tucker 1999

This classification is taken from Tucker (1999)
[157]. It considers four main directions in TS:
summarizing from attentional networks, sentence
by sentence, from informational content and from
discourse structure.

The classes proposed here are even less disjunct
than those in the two previous classifications, thus
every system can be considered as an instance of
more than one of the classes. This shows the in-
adequacy of a taxonomic perspective on summa-
rization systems, due to the heterogeneous kinds
of knowledge and techniques that systems tend to
incorporate.

3.3.1 Attentional Networks

The approaches to summarization in this direc-
tion try to grasp what a text is ’about’ by iden-
tifying concepts that are in some sense central to
the text, on the basis of the occurrence of the
same or related concepts in different parts of the
source representation. Aboutness is represented
as the links between these occurrences.

Frequency-based approaches exploit the frequency
with which the concepts occur in the representa-
tion. In systems based in word frequency, atten-
tional networks are only represented implicitly.
Some systems account for frequency significance
by applying IR techniques, such as the tf*idf mea-
sure. Others apply corpus-based statistical nat-
ural language processing, such as collocation or
proper noun identification. Sill others try to ab-
stract from individual words to achieve concept
frequency, by using lexicons or thesauri [69].

On the other hand, some systems identify and ex-
ploit the cohesive links holding between parts of
the source text. These links can be represented
as graph-like structures [145] as lexical chains.

3.3.2 Sentence by Sentence

Some summarizing systems decide for each sen-
tence in the source text whether it is important
for summarizing, rather independently of the text
as a whole. To do that, they rely on relevance or
irrelevance marks that can be found in sentences,
for example, cue words.

However, it must be noted that most of the
systems applying sentence-by-sentence relevance
ranking do not rely entirely in this method, but
use it in combination with other methods that
tend to consider the text as a whole.

3.3.3 Informational Content

Some approaches to summarization have tried to
understand the text, that is to say, to achieve
a representation of some or all of its meaning
whereupon reasoning can be applied. This ap-
proach requires deeper analysis of the source text
but allows the production of sophisticated sum-
maries, for example, by applying NL generation
techniques. However, these methods tend to be
highly domain-dependant, because of the huge
amount of information they require.

3.3.4 Discourse Structure

Discourse structure is used by many systems in
a limited way, for example, by trying to grasp a
text’s ’aboutness’. In contrast, some other meth-
ods apply discourse theories to the analysis of the
source text in order to obtain a representation of
their discourse structure. However, work in this
area has been largely theoretical.

3.4 Combined Systems

The predominant tendency in current systems is
to integrate some of the techniques mentioned so
far. Integration is a complex matter, but it seems
the appropriate way to deal with the complexity
of textual objects. In this section, we are going to
present some examples of combination of different
techniques.

There are several systems where different meth-
ods are combined. Among the most interesting
are: [82, 156, 69, 100] where title-based method is
combined with cue-location, position, and word-
frequency based methods.

As the field progresses, summarization systems
tend to use more and deeper knowledge. For ex-
ample, IE techniques are becoming widely used.
Many systems do not rely any more in a single
indicator of relevance or coherence, but take into
account as many of them as possible. So, the ten-
dency is that heterogeneous kinds of knowledge



are merged in increasingly enriched representa-
tions of the source text(s).

These enriched representations allow for adapt-
ability of the final summary to new summariza-
tion challenges, such as multidocument, multilin-
gual and even multimedia summarization. In ad-
dition, such a rich representation of text is a step
forward generation or, at least, pseudo-generation
by combining fragments of the original text.
Good examples of this are [108, 93, 41, 84, 59],
among others.

4 Summarization Systems

Table 1 shows how existing summarization sys-
tems would be classified according to each of the
classifications presented in the previous section.
However, it must be taken into account that most
current summarization systems are very complex,
resorting to very heterogeneous information and
applying varied techniques, so a classification will
never be clear cut. Moreover, systems tend to
evolve with time, which makes their classification
still more controversial.

Files with a more extense description of some of
these systems (marked with an asterisk) can be
found in the Annex (in electronic version only).
Additionally, Table 2 lists on-line or download-
able systems.

Multilinguality of the systems is one of the fea-
tures in each describing file. It is stated whether
the system can summarize only a single language,
a definite set of languages, or whether its architec-
ture permits unrestricted multilinguality. In this
latter case, it is also stated whether experiments
with different languages are reported.

As a concrete example of an approach to mul-
tilingual summarization, we present the systems
developed within project HERMES?. The target
of project HERMES is to adapt and apply lan-
guage technologies for Spanish, Catalan, Basque
and English to improve access to textual infor-
mation in digital libraries, Internet, documental
Intranets, etc. Therefore, HERMES summariza-
tion system should integrate multiple languages
in a common architecture. Since the resources
available for every language are uneven, this ar-
chitecture has to be flexible enough to adapt to
knowledge-poor representations of text but also
to exploit rich representations when available.

2http://terral.ieec.uned.es/hermes/

EuroWordNet [160] is a general resource available
for these four languages, so a first approach to
summarization exploited this resource. A Lexical
Chain summarizer was developed for Spanish [53].
As can be seen in Figure 1, the architecture of
the summarizer permits easy adaptation to other
languages, provided there is at least a morpho-
logical analyzer and a version of EuroWordNet
available for the language. If other NLP tools
are available, like Named Entity Recognizers or
co-reference solvers, they can be easily integrated
within the system. Once the text has been ana-
lyzed and Lexical Chains have been obtained, a
summary is built by extracting candidate textual
units from the text. Candidate units are chosen
applying a certain heuristic, weighting some as-
pects of Lexical Chains.

A second approach to the task of summarization,
seen in Figure 2, [52] tries to overcome this depen-
dency on lexic applying Machine Learning tech-
niques. The system is trained with a corpus of
sentences described with a set of features, like po-
sition in the text, length, and also being crossed
by a Lexical Chain. For each of these sentences,
it is previously determined whether it belongs to
a summary of the text or not, so that it can be
learned which combinations of features character-
ize summary sentences. In a text to be summa-
rized, each sentence is described with the same
set of features, and it is determined whether these
describing features characterize the sentence as a
summary sentence or not. The summary is com-
posed with sentences qualifying as summary sen-
tences.

This second system does not require any specific
feature to produce a summary, not even Lexical
Chains. However, the more information avail-
able, the more accurate the learning process will
be, which will result in better summaries. This
approach has been evaluated for English within
DUC 2003 contest, but it can be used straightfor-
wardly for any other language, as long as there is
a training corpus available.

5 Burning Issues

The field has experienced an exponential growth
since its beginnings, but some crucial questions
are still open.



5.1 Coherence of Summary texts

Paice (1990) [123] pointed out that the main
shortcomings of summarization systems up to the
1990s was their low representativity of the content
in the source text and their lack of coherence.

Much of the work in this area has treated the
problem of text summarization from a predom-
inant information-theoretic perspective. There-
fore, texts have been modeled as mathematical
objects, where relevance and redundancy could be
defined in purely statistical terms. This approach
seems specially valuable to produce a satisfactory
representation of the content of a text. However,
it fails in producing coherent texts, acceptable for
human users.

The shortcomings of purely statistical approaches
to text summarization on handling textual co-
herence are addressed from two different perspec-
tives:

e Applying machine learning techniques.
They have been used mainly for two pur-
poses: classifying a sentence from a source
text into relevant or non-relevant [82, 8,
99, 90, 65] and transforming a source sen-
tence considered relevant into a summary
sentence [73, 78, 59]. Input for learning al-
gorithms are usually texts with their cor-
responding abstracts. Therefore, the main
shortcoming of this approach is to obtain
large quantities of <text, abstract> tuples
for a variety of textual genres.

e Resorting to symbolic linguistic or world
knowledge. Understanding of texts, mainly
through IE extraction techniques, seems a
desirable way of producing quality sum-
maries. Until recently, such techniques had
only been applied for very restricted do-
mains [111]. However, recent systems tend
to incorporate IE extraction modules that
perform a partial understanding of text, ei-
ther by modeling the typical context of rel-
evant pieces of information [84, 76], or by
applying general templates to find, organize
and use the typical content of a kind of text
or event [59, 41]. This use of IE techniques
has produced very good results, as is re-
flected in the high ranking of Harabagiu and
Lacatusu (2002) [59] in DUC 2002. A com-
bination of deeper knowledge with surface
clues seems to yield good results, too [93].

5.2 Multidocument summarization

Multidocument summarization is one of the ma-
jor challenges in current summarization systems.
It consists of producing a single summary of a col-
lection of documents dealing with the same topic.
The work has been mostly determined by the cor-
responding DUC task. Therefore, it has mainly
focused in collections of news articles with a given
topic. Remarkable progresses have been achieved
in avoiding redundancy, mainly based on the work
in Carbonell and Goldstein (1998) [30].

When dealing with MDS new problems arise:
lower compression factors implying a more ag-
gressive condensation, anti-redundancy, tempo-
ral dimension, more challenging coreference task
(inter-document), etc. Clustering of similar doc-
uments plays now a central role [30, 133, 60, 110].
Selecting the most relevant fragments from each
cluster and assuring coherence of the summaries
coming from different documents are other im-
portant problems, currently under development
in MDS systems.

5.3 Multilingual summarization

As for multilingual summarization, not much
work has been done yet, but the roadmap for the
DUC contests [12] contemplates this challenge in
the near future of the area.

The most well known Multilingual Summariza-
tion System is SUMMARIST [69]. The system
extracts sentences in a variety of languages (En-
glish, Spanish, Japanese, etc.) and translates the
resulting summaries. SUMMARIST proceeds in
three steps: Topic identification, Interpretation
and Summary generation. Topic identification
implies previous acquisition of Topic Signatures
and then the identification of a text span as be-
longing to a topic characterized by its signature.
Topic Signatures are tuples of the form <Topic,
Signature> where Signature is a list of weighted
terms: {< t1,w; >, < ta,ws >, ..., < tp,w, >}.
Topic signatures can be automatically learned
[89, 95]. Topic identification, then, includes text
segmentation (using Marti Hearst’s TextTiling)
and comparison of text spans with existing Topic
Signatures. The identified topics are fused dur-
ing interpretation, the second step of the process.
The fused topics are then reformulated, that is to
say, expressed in new terms. The last step is a
conventional extractive task.



In order to face multilingual problems the in-
volved knowledge sources have to be as much as
possible language independent. In the case of
SUMMARIST, sets of Topic Signatures have to
be obtained for all the languages involved using
the same procedures. Also the segmentation pro-
cedure is language independent. So, the accuracy
of the resulting summaries depends heavily on the
quality of the translators.

As has been said before, a more challenging is-
sue is Crosslingual Multidocument Summarizers.
Basically three main problems have to be ad-
dressed: 1) clustering of multilingual documents,
2) measuring the distance (or similarity) between
multilingual units (documents, paragraphs, sen-
tences, terms), and 3) automatic translation of
documents or summaries. Most systems differ on
the way they face these problems, the order of
performance and the granularity of the units they
deal with.

Evans and Klavans (2003) [49] present a platform
for multilingual news summarization that extends
the Columbia’s Newsblaster system [106]. The
system adds a new component, translation, to the
original six major modules: crawling, extraction,
clustering, summarization, classification and web
page generation, that have been, in turn, mod-
ified for allowing multilinguality (language iden-
tification, different character encoding, language
idiosyncrasy, etc.).

In this system multilingual documents are trans-
lated into English before clustering, so that clus-
tering is performed only on English texts.

Translation is carried out at two levels. Because a
low quality translation is usually enough for clus-
tering purposes and assessing the relevance of the
sentences, a simple and fast technique is applied
for glossing the input documents prior to cluster-
ing. Higher (relatively) quality translation (us-
ing Altavista’s Babelfish interface to Systran) is
performed in a second step only over fragments
selected to be part of the summary.

The system takes as well into account the possi-
ble degradation of the input texts as result of the
translation process, since most of the sentences
resulting from this process are simply not gram-
matically correct.

Chen et al. (2003) [34] consider three possibil-
ities for scheduling the basic steps of document
translation and clustering:

1. Translation before document clustering (as
in Columbia’s system), named one-phase
strategy. This model clusters the multi-
lingual multidocuments directly resulting in
multilingual clusters.

2. Translation after document clustering,
named two-phase strategy. This model
clusters documents in each language sepa-
rately and merges the clustering results.

3. Translation deferred to sentence clustering.
First, monolingual clustering is performed
at document level. All the documents in
each cluster refer to the same event in a
specific language. Then, for generating the
extracted summary of an event all the clus-
ters referring to this event are taken into ac-
count. Similar sentences of these multilin-
gual clusters are clustered together, now at
sentence level. Finally a representative sen-
tence is chosen from each cluster and trans-
lated if needed.

The accuracy of this process depends basically on
the form of computing the similarity between dif-
ferent multilingual units. Several forms of such
functions are presented and empirially evaluated
by the authors.

These measures are multilingual extensions of a
baseline monolingual similarity measure. Sen-
tences are represented as bag of words (only
nouns and verbs are taken into account). The
similarity measure is a function of the number
of (approximate) matches between words and of
the size of the bags. The matching function in
the baseline reduces, except for NE, to the iden-
tity. In the multilingual variants of the formula,
a bilingual dictionary is used as knowledge source
for computing this matching.

Despite of its simplicity the position-free measure
(the simplest one) seems to be the most accurate
among the studied alternatives. In this approach
the translations of all the words of the bag are
collected and the similarity is computed as in the
baseline. All the other alternatives constraint in
some ways the possible mappings between words,
using different greedy strategies. The results are,
however, worse.

The two-phase strategy outperforms in the exper-
iments the on-phase strategy. The third strategy,
deferring the translation to sentence clustering,
seems to be the most promising.

A system, covering English and Chinese, follow-



ing this approach is presented in Chen and Lin
(2000) [35]. The main components of the system
are a set of monolingual news clusterers, a unique
multilingual news clusterer and a news summa-
rizer. A central issue of the system is the defini-
tion and identification of meaningful units as base
for comparison. For English these units can be
reduced to sentences but for Chinese the identi-
fication of units and the associated segmentation
of the text can be a difficult task. Another im-
portant issue of the system (general for systems
covering distant languages or different encoding
schemata) is the need of a robust transliteration
of names (or words not occurring in the bilingual
dictionary) for assuring an accurate matching.

5.4 Evaluation

Last but not least, evaluation of summaries is
a major issue, because objective judgements are
needed to assess the progress achieved by different
approaches. Some contests have been carried out
to evaluate summarization systems with common,
public procedures: the SUMMAC contest and the
series of DUC contests. Specially the last has pro-
vided sets of criteria to evaluate summary quality
in many different dimensions: informational cov-
erage (precision and recall), suitability to length
requirements, grammatical and discursive coher-
ence, etc.

An extensive investigation on the automatic eval-
uation of automatic summaries was carried out in
a six-week workshop at Johns Hopkins University
[134], where different evaluation metrics were pro-
posed, including the relative utility method. Mani
(2001) [98] provides a clear picture of the current
state-of-the-art in evaluation, both with human
judges and by automated metrics, with a special
emphasis on content-based metrics. Hovy and Lin
(2003) [94] show that the summaries produced
by human judges are not reliable as a gold stan-
dard, because they strongly disagree with each
other. A consensus summary obtained by apply-
ing content-based metrics, like unigram overlap,
seems much more reliable as a golden standard
against which summaries can be contrasted.
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System | Processing Level Information Kind Tucker 1999

Adam [137, 126] surface structural sentencewise
Alfonseca and Rodriguez [1] surface structural sentencewise
* Anes [26] surface lexical att. networks
Barzilay and Elhadad 1997 [17] entity lexical att. networks
Boguraev and Kennedy 1997 [24] entity lexical att. networks
Caldwell 1994 [29] entity lexical att. networks

* CENTRIFUSER [48] discourse understanding info. content

* Chen and Lin (2000) [35] surface lexical info. content
* Columbia MDS [108, 38, 119] entity /discourse understanding/structural info. content
Copeck et al. 2002 [38] surface lexical att. networks

* Cut-and-Paste [72] surface structural info. content
Darsy 1996 [44] entity lexical att. networks

* DiaSumm [169] surface lexical discourse structure

DimSum [9] surface lexical att. networks

* DMSumm [124] discourse structural disc. structure
Edmunson 1969 [47] surface structural sentencewise
FilText [112] surface structural info. content

* FociSum [76] entity understanding att. networks
Frump [43] entity understanding info. content
GISTEXTER [59, 83] discourse/entity understanding info. content
GISTSumm [125] surface lexical att. networks
Gladwin et al. 1991 [54] entity lexical att. networks
* GLEANS [41] entity /discourse understanding info. content

* NTT [65, 66] surface structural/lexical att. networks

* Karamuftuoglu 2002 [77] surface structural att. networks
* Kraaij et al. 2002 [80] surface lexical att. networks
K. U. Leuven [6, 7] entity lexical att. networks

* Lal and Rueger 2002 [84] entity /discourse understanding info. content
Lehnert 1982 [87] entity understanding info. content

* Univ. of Lethbridge [27, 32] entity structural/lexical att. networks
Luhn 1958 [96] surface lexical att. networks
Marcu 1997 [103] discourse structural disc. structure

* MEAD [128, 129] surface lexical att. networks

* MultiGen [109, 19 entity structural info. content

* NeATS [92, 93, 88 entity structural info. content

* Newsblaster [106] entity /discourse structural /understanding info. content
NewsInEssence [131] surface lexical att. networks
Ono et al. 1994 [120] discourse structural disc. structure
NetSumm [127] surface lexical att. networks

Paice 1981 [122] surface structural sentencewise

* PERSIVAL [107] understanding info. content
Rafi [85] surface structural att. networks

* RIPTIDES [136, 163] entity /discourse understanding info. content
SAM [142, 40] entity understanding info. content
Dunlavy et al. 2003 [144, 46] surface lexical att. networks
Scisor [135] entity understanding info. content
Scrabble [152] entity understanding info. content
Skorochod’ko 1971 [145] entity lexical att. networks
Smart [140, 113] entity lexical att. networks

* SUMMARIST [69] surface lexical att. networks
SUMMONS [111] entity understanding info. content

SumUM [50, 138, 51] discourse structural discourse structure

* SweSum [151] surface lexical att. networks
Taylor 1975 [153] entity understanding info. content
Tele-Pattan [20] entity lexical att. networks

Tess [166] entity understanding info. content
Teufel and Moens [155, 156] discourse structural disc. structure
TICC [2] entity understanding info. content
TOPIC [57] discourse structural disc. structure

van Halteren 2002 [159] surface lexical att. networks
WebInEssence [132, 167] surface lexical att. networks

Table 1: Classification of summarization systems




On-line or Downloadable Demos

Centrifuser

on-line demo

English
multi-document (specific-topic: medical documents)
http://centrifuser.cs.columbia.edu/centrifuser.cgi

Copernic

downloadable demo

English, French, German
single document (many formats)

http://www.copernic.com/desktop/products/summarizer /download.html

DMSumm

downoadable demo

English, Brazilian Portuguese
single document
http://www.nilc.icmc.usp.br/ thiago/DMSumm.zip

Extractor

downloadable demo

English, French, Spanish, German, Japanese, Korean
single document (many formats)
http://www.dbi-tech.com/dbi_extractor.asp

GISTexter

no straightforward access

English
Single and Multi-Document
form at: http://www.languagecomputer.com/demos/summarization/index.html

GistSumm

downloadable demo

multilingual
single document
http://www.nilc.icmc.usp.br/ thiago/Install_GistSum.zip

Newsblaster

on-line demo

Multilingual
multi-document
http://wwwl.cs.columbia.edu/nlp/newsblaster/

Island InText

no straightforward downloading

English
single document
form at: http://www.islandsoft.com/orderform.html

Inxight Summarizer /
LinguistX / Xerox PARC

no straightforward downloading

Chinese, Danish, Dutch, English, Finnish, French, German, Italian,
Japanese, Korean, Norwegian, Portuguese, Spanish and Swedish
single document
form at: http://www.inxight.com/products/oem/summarizer/contact sales.php

Kmaritime Korean
on-line demo http://nlplab.kmaritime.ac.kr/demo/ /fats.html
Lal and Riiger (2002) English

on-line demo

single document
http://rowan.doc.ic.ac.uk:8180/summarizer /demo.html

MEAD / NewsInEssence / CLAIR

on-line and dowloadable demo

English and Chinese
multi-document, multi-lingual
http://www.clsp.jhu.edu/ws2001/groups/asmd/
multiple news summ. demo at: http://www.newsinessence.com/nie.cgi

MS-Word Autosummarize

supposedly any language
single document
included in MS-Word

Pertinence Summarizer

on-line demo

English, French, Spanish, German, Italian, Portuguese, Japanese,
Chinese, Korean, Arabic, Greek, Dutch, Norwegian and Russian
single document
http://www.pertinence.net

Sinope Summarizer Personal Edition

30-day trial downloadable

English, Dutch and German
single document
http://www.sinope.nl/en/sinope/index.html

Summ-It

on-line demo

probably English only
pasted text
http://www.mcs.surrey.ac.uk/SystemQ/summary/

Surfboard
30-day trial downloadable demo

probably English only
single web pages (Mac OS X.1 only)
http://www.glu.com/binaries/surfboard /surfboard.dmg.gz

SweSum

on-line demo

Danish, English, French, German, Spanish, Swedish
single document (Web pages or pasted text)

http://www.nada.kth.se/ xmartin/swesum/index-eng.html

TextWise
Content Repurposing Suite
no straightforward access

probably English only
single document or e-mail
form at: http://www.textwise.com/technology/crs/demo.html

Table 2: Some on-line demos of summarization systems, both commercial and academic
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Annex: Some Summarization Systems

Alfonseca and Rodriguez 2003

e Name:

e Reference: [1]

Short description: produces very short summaries (headline-like) of single documents applying ge-
netic algorithms

System Features

— Input:

— Architecture: The processing has two steps: first, the most relevant sentences of a document
are extracted, applying a genetic algorithm that selects sentences according to their values for a
series of features indicative of their relevance: sentence length, position in the document, order
of the sentences, representativity, syntactical structure, redundancy. The algorithm is trained on
the data from past DUC contests.

Once the sentences are extracted, a headline is created by concatenation of portions of these
sentences. To determine which portions should be extracted and which can be left aside, sentences
are parsed, and hand-crafted rules are applied to guarantee well-formedness (extracting the main
verb and its arguments) and informativity (extracting highly connected lexical items).

— Output facilities and constraints:

— Language coverage: English; potentially multilingual
e Evaluation: obtained average results (ranked in the middle of all systems) in DUC 2003
e Classification

— within classification 1 (level of processing): surface
— within classification 2 (kind of information): structural

— within classification 3 (Tucker, 1999): sentence by sentence

o Comments:



Baldwin and Morton 1998

e Name
¢ Reference: [13]

e Short description: Uses co reference between the query and the text for performing indicative,
user-focused (query-sensitive) summarization

e System Features

— Input:

— Architecture: The system is based on a rich linguistics processing that includes the following
tasks:

NER

Tokenization

Sentence segmentation

POS tagging

Morphological analysis

Parsing

Argument detection

¥ K K K X X X *

Co-reference resolution: Identity and Part-Whole, including nominal and verbal phrases,
acronyms, events

— Language coverage: English

— Output facilities and constraints:
¢ Evaluation:
e Classification

— within classification 1 (level of processing): entity
— within classification 2 (kind of information): lexical

— within classification 3 (Tucker, 1999): sentence by sentence

e Comments:



Banko et al. 1999, Mittal et al. 1999

e Name:

¢ Reference: [15], [114]

Short description: Extraction-based summarization from hand-written summaries, i.e. going from
abstracts to extracts, of single documents, by aligning text spans.

System Features

— Input:

— Architecture: A tl*tf (term length * term frequency) measure is used for weighting the relevance
of terms and NE. [114] focuses on the selection of spans for document summaries. Sentences from
the original document are ranked according to their salience using two parameters for tuning the
process: i) granularity, e.g. paragraph, sentence, etc. and ii) metric for ranking. Features at
discourse level include:

length of the span

density of NEs

complexity of NPs

punctuation

E I I N

thematic phrases
* anaphora density
There are also features at subdocument level (sentence, phrase and word). These include:
word length
communicative actions
thematic phrases
use of honorifics, auxiliary verbs, negation, prepositions, etc.

E I SR S

type of sentence (interrogative, evaluative, etc.)
— Language coverage: English

— Output facilities and constraints:
e Evaluation:
e Classification

— within classification 1 (level of processing): discourse
— within classification 2 (kind of information): understanding

— within classification 3 (Tucker, 1999): informational content

e Comments: Related work includes Headline production [14, 22] and Ultrasummarization [165].



Boros et al. 2001

e Name:

¢ Reference: [25]

e Short description: Multi-document summarization system

e System Features

Input:

Architecture: The system proceeds through the following steps i) From a document set a finite
number of topics are extracted, ii) topics are ordered by importance, iii) a unique sentence is
extracted from the collection for covering each topic; salience of sentences is computed using tf*idf,
iv) sentences are clustered (several clustering techniques both hierarchical and non-hierarchical
are experimented) and, finally, v) the summary is produced.

Language coverage: English, potentially multilingual

Output facilities and constraints:

e Evaluation:

e Classification

within classification 1 (level of processing): surface
within classification 2 (kind of information): lexical

within classification 3 (Tucker, 1999): informational content

¢ Comments:



Carbonell and Goldstein 1998, Goldstein et al. 1999

e Name:

e Reference: [30], [55]

Short description: CMU approach to both SDS and MDS combines criteria of query relevance and
novelty.

System Features

— Input:

— Architecture: The base of the system is the MMR (Maximal Marginal Relevance) metric. Im-
portant issues are the diversity-based re-ranking for reordering documents (in MDS), the relevant
passage extraction, the anti-redundancy measures, the way of combining criteria of relevance and
novelty (relevant novelty vs. declining relevance to users”s query). In the case of SDS the system
ranks sentences from the original document according to their salience or their likelihood of being
part of the summary. For doing so, a weighted score of both linguistic and statistical features is
used. The weights are optimised according to application genres. Among linguistic features we
can find: name, place, honorifics, quotations, thematic phrases, etc. Statistical features include
cosine, tf*idf, pseudo-relevance feedback, query expansion, user interest profiles, etc. In the case
of MDS different types of summaries can be produced using:

Common sections of documents

Common sections + unique sections of documents
Centroid

Centroid + outliers

* K X X ¥

Common sections + unique sections + time weighting factor
— Language coverage: English, potentially multilingual

— Output facilities and constraints:
e Evaluation:
e Classification

— within classification 1 (level of processing): surface
— within classification 2 (kind of information): lexical

— within classification 3 (Tucker, 1999): informational content

¢ Comments:



CENTRIFUSER

o Name: CENTRIFUSER
¢ Reference: [75]

e Short description: Multi-document Summarizer. CENTRIFUSER, meets the needs of browsers and
searchers in highly structured domains.

e System Features

— Input:

— Architecture: The system uses SIMFINDER [61, 60], a flexible clustering tool for summarization
(used also in MULTIGEN). This tool detects text similarity over short passages exploring linguistic
features combinations via Machine Learning techniques. Among the primitive linguistic features
we can find word co-occurrence, shared proper nouns, linked noun phrases, WN synonyms and
semantically similar verbs. Composite features consist of pairs of simple features. An automatic
feature detection system is applied and then the well-known ILP system, RIPPER, is performed.
After clustering, the system uses key-terms for selecting one sentence or paragraph from each
cluster (using the centroid method of [133]). The selected sentences are finally reordered by
reformulation (in a similar way as in MULTIGEN).

— Language coverage: English, parts of it potentially multilingual

— Output facilities and constraints:
¢ Evaluation:
e Classification

— within classification 1 (level of processing): discourse
— within classification 2 (kind of information): understanding

— within classification 3 (Tucker, 1999): informational content

o Comments:



Chen and Lin (2000), Chen et al. 2003

e Name:

¢ Reference: [35, 34]
e Short description:
e System Features

— Input: multidocument

— Architecture: The main components of the system are a set of monolingual news clusterers,
a unique multilingual news clusterer and a news summarizer. A central issue of the system is
the definition and identification of meaningful units as base for comparison. For English these
units can be reduced to sentences but for Chinese the identification of units and the associated
segmentation of the text can be a difficult task. Another important issue of the system (general
for systems covering distant languages or different encoding schemata) is the need of a robust
transliteration of names (or words not occurring in the bilingual dictionary) for assuring an
accurate matching.

— Output facilities and constraints:

— Language coverage: crosslingual: English and Chinese, potentially any language
e Evaluation:
e Classification

— within classification 1 (level of processing): surface
— within classification 2 (kind of information): lexical

— within classification 3 (Tucker, 1999): informational content

o Comments:



Columbia MDS

e Name: Columbia MDS

e Reference: [19, 18, 110, 61, 60, 108, 119]

e Short description: Enhanced version of MULTIGEN. Complex system that can be applied to dif-
ferent sources. It can be considered a sort of meta-summarizer.

e System Features

Input: Four different types of input that are identified in a way that the most appropriate
summarizer is applied in each case. The system can deal with simple event, biography, multi-
event and others.

Architecture: There is a pre-processing phase followed by a router that depending on the
kind of input triggers the appropriate summarizer. For simple events the summarizer used is the
conventional MULTIGEN, for biographies, DEMS [143] with the bio configuration, for multi-event
and others, DEMS with the default configuration.

Language coverage: English

Output facilities and constraints:

e Evaluation: DUC 2002, consistently among the top three systems (second or third). For extracts,
it ranked second precisionwise and third recallwise. For abstracts, it ranked second coveragewise and
third precisionwise. Also participated in DUC 2003, and obtained good results for coverage and quality
questions in some of the tasks.

e Classification

within classification 1 (level of processing): entity/discourse
within classification 2 (kind of information): structural/understanding

within classification 3 (Tucker, 1999): informational content

o Comments:



Conroy et al. 2001

¢ Name:

e Reference: [37, 36, 144, 46)

e Short description: Statistical approaches to summarisation
e System Features

— Input:
— Architecture: Two different techniques are used in [37]:
+ HMM, using as features the position in the sentence, the number of tokens and the number
of pseudo-query terms.

x Logistic Regression (LRM), using as features the number of query terms occurring in the
sentence, the number of tokens (sentence length), the distance to the query terms and the
position of the sentence.

[36] use pivoted GR matrix decomposition. A token-sentence matrix is built and from it the
columns giving good coverage of the tokens are selected. Two different approaches are used
for this process: a greedy election and a pivoted QR factorisation. [144] merged the LRM and
HMM by including all the features of the LRM in the HMM. An additional feature was the
conditional probability that a sentence is a summary sentence given that the previous sentence is.
A post-process is run on extracted sentences to remove sentence starting discourse markers and
boilerplate, to improve cohesiveness. An extensive investigation was carried out to account for
human performance in multi-document summarization. Conclusions were that single-document
summaries could be used as a base for multi-document, but had to be enriched, possibly wiht
discourse structure. Sentence pruning techniques were also found useful.

— Language coverage: English, potentially multilingual

— Output facilities and constraints:

e Evaluation: participated in DUC’01, DUC’02 and DUC’03. In DUC’02, it was ranked among the
first systems, but did not beat the baselines. In DUC’03, it performed among the top systems.

e Classification

— within classification 1 (level of processing): surface/entity
— within classification 2 (kind of information): lexical

— within classification 3 (Tucker, 1999): informational content

o Comments:



Cut-and-Paste

e Name: Cut-and-Paste

e Reference: [71], [73]

e Short description: Sentence Reduction for automatic text summarization. The system relates the
phrases occurring in a summary written by a professional summarizer and the phrases occurring in the

original document.
e System Features

— Input:

— Architecture: 6 editing operations (learned from the performance of human summarizers) are
used for sentence reduction:

removing extraneous phrases

combining a reduced sentence with other reduced sentences

syntactic transformations

substitution with paraphrases

substitution with more general or more specific descriptors

* K X X ¥ *

reordering

— Language coverage: English

— Output facilities and constraints:
e Evaluation:

e Classification

— within classification 1 (level of processing): surface
— within classification 2 (kind of information): structural

— within classification 3 (Tucker, 1999): informational content

¢ Comments:



DiaSumm

e Name: DiaSumm
¢ Reference: [169)
e Short description: Automatic Summarization of Spoken Dialogues in Unrestricted Domains

e System Features: Dealing with non textual documents implies that additional problems have to
be faced. If the input comes from ASR (with or without confidence scores), speech disfluencies have
to be detected and removed. Besides, sentence boundaries have to be detected and inserted. Topic
segmentation plays a more important role in this situation. In addition, in the case of multi-party
dialogs, relations between moves have to be identified (e.g. linking of question/answering pairs).

— Input: Spoken dialogues

Architecture: DiaSumm is organised in the following modules:
speech disfluency detection and removal

identification and insertion of sentence boundaries
identification and linking of Question-Answer regions

=W

topical segmentation
5. information condensation (using MMR)

— Language coverage: English, German

— Output facilities and constraints:
e Evaluation:
¢ Classification

— within classification 1 (level of processing): surface
— within classification 2 (kind of information): lexical

— within classification 3 (Tucker, 1999): discourse structure

o Comments:



DMSumm

Name: DMSumm (Discourse Modeling SUMMarizer)

Reference: [124]

Short description: a three-layered discourse-based summarizer

System Features

— Input: single document

— Architecture: DMSumm is a deep approach to the summarization problem. It has three steps:
content selection, text planning and linguistic realization. The content selection process select
the information to be communicated in the summaries; the text planning makes a mapping of
semantic and intentional relations onto rhetorical relations, building rhetorical text plans; the
linguistic realization expresses the plans in the written summaries. It is based on a discourse
model composed of three different knowledge sources, i.e., the semantic, intentional and rhetorical
levels. Some basic generation restrictions are supposed to be verified: the communicative goal
satisfaction and the central proposition preservation.

— Output facilities and constraints:

— Language coverage: English and Brazilian Portuguese
e Classification

— within classification 1 (level of processing): discourse
— within classification 2 (kind of information): structural

— within classification 3 (Tucker, 1999): discourse structure
e Evaluation:

o Comments:



eSseNSe, NewsInESSence, WebInESSence

Name: eSseNSe, NewsInESSence, WebInESSence
Reference: [131], [132]

Short description: eSseNSe is basically a system for clustering documents after/before retrieval,
summarization single/multi-document, personalization and recommendation of documents. From it
two systems applied respectively to news (NewsInESSence) and Web pages (WebInESSence) have
been derived.

System Features

— Input:

— Architecture: These systems are based on the CST (Cross-Document Structure Theory). CST
(that is related to RST for single documents) proposes a taxonomy of the informational relation-
ships between documents in clusters of related documents. In NewsInESSence the aim is finding,
visualizing and summarizing a topic-based cluster of news stories. A user selects a single news
story from a news Web site. The system searches for other live sources of news for other stories
related to this one and presents summaries

— Language coverage: English, potentially multilingual

— Output facilities and constraints:
Evaluation:
Classification

— within classification 1 (level of processing): surface
— within classification 2 (kind of information): lexical

— within classification 3 (Tucker, 1999): attentional networks

Comments:



FociSum

e Name: FociSum
e Reference: [76], [75]

e Short description: Summarizing long documents. Domain specific informative and indicative sum-
marization for Information Retrieval. Closely related to CENTRIFUSER.

e System Features

— Input:

— Architecture: Summarization of long documents presents interesting characteristics that do not
occurs in conventional summarization systems (usually applied to summarize news, articles, Web
pages and so). In long documents summarization sentences to be extracted occurs in distant
locations. So, coherence properties are of less importance here. Focisum is an hybrid system that
merges: i) Information Extraction techniques (template-based), ii) Sentence extraction (including
both sentence-based and lead-based strategies) and iii) based on the dynamically determined foci
of the text (in this context focus is the topic). Foci are built from NE and multiword terms.

— Language coverage: English

— Output facilities and constraints:
e Evaluation:
e Classification

— within classification 1 (level of processing): entity
— within classification 2 (kind of information): understanding

— within classification 3 (Tucker, 1999): attentional networks

o Comments:



GISTexter

e Name: GISTexter

e Reference: [59, 83]

e Short description: produces multidocument extracts and abstracts by template-driven IE. Templates
are chosen by their adequacy to the topic of the document or collection of documents. Single document
summaries by sentence extraction and compression.

e System Features

— Input: collections of documents dealing with the same topic.

— Architecture: for single documents, the most relevant sentences are extracted and compressed
by rules that are learned from a corpus of human-written abstracts and their source texts (no
further detail of these processes is given). For multi-document summarization, the system:

*

the IE system CICERO extracts relevant information by applying templates that are deter-
mined by the topic of the collection. Each template keeps a record of the text snippets where
the information has been extracted from. If one of these snippets contains an anaphoric
element, its co-reference chain is also recorded. If no template is provided for a given topic,
a template is generated ad-hoc, based on the topical relations of the words in WordNet.

the dominant event of the collection is determined, and templates are classed depending on
how central the dominant event is in the template and in the document where the template
is extracted from.

within each class, templates are ordered by their representativeness. Highly representative
templates are those that have the same slot fillers in the same slots as the majority of tem-
plates. Also those templates related to text snippets crossed by co-reference chains are more
representative.

the summary is made from the text snippets recorded by the most representative template
in the class of templates most closely related to the dominant event in the collection, in their
order of appearance in the text. If they contain an anaphoric element, sentences containing
the antecedent are also included. If the summary is too long, the linguistic form of dates
and locations is shortened, unimportant coordinated phrases are dropped or, finally, the last
sentence is dropped until the targeted length is achieved. If the summary is too short, the
same process is applied to the most representative templates to the other classes of templates,
in order of closeness to the dominant event.

— Language coverage: English

— Output facilities and constraints:

e Evaluation: participated in DUC 2002 and was ranked among the first. The best coverage rates
for single and multi-document summarization, only surpassed by one system as to precision in multi-
document summarization. In DUC 2003 they participated with Lite-Gistexter, which uses minimal
lexico-semantic resources, obtaining good results for one of the four tasks.

e Classification

— within classification 1 (level of processing): entity/discourse

— within classification 2 (kind of information): understanding

— within classification 3 (Tucker, 1999): informational content

¢ Comments: the mentioned reference does not provide much detail on some of the modules of the

system.



GISTSumm

e Name:
¢ Reference: [125]

e Short description: an automaitc text summarizer that tries to identify the text main idea, i.e., the
gist, for generating the corresponding summary.

e System Features

— Input:
— Architecture: It is based in the assumptions that it is possible to:

* find a sentence that represents the main idea of a text, the gist.
* find the gist by statistical methods.
* produce coherent abstracts relating the gist with other sentences of the original text

It has two methods to summarize: via key words or via a metric to find the most representative
words of a text (tf*isf, term frequency - inverse sentence frequency).

— Output facilities and constraints:

— Language coverage: multilingual
e Classification

— within classification 1 (level of processing): surface
— within classification 2 (kind of information): lexical

— within classification 3 (Tucker, 1999): attentional networks
¢ Evaluation:
e Evaluation:

¢ Comments:



GLEANS

e Name: GLEANS

¢ Reference: [41]

e Short description: IE-based multi-document summarizer, makes explicit the main entities and rela-
tions in a document collection. It produces headlines, extracts and a reduced form of abstract.

e System Features

— Input:

— Architecture: summarization in four steps:

*

documents are parsed [64], the main constituents of each sentence are identified, some
anaphoric expressions are resolved, and finally mapped into a canonical representation that
explicits their main entities and relations

each collection of documents is classified by its content into person, single event, multiple
event or natural disaster

given the collection type and the canonical representation of the documents, the core entities
and relations are extracted, by choosing the most salient words in the collection.

a headline is created, based on the type of collection and teh core entities and relations. For
multiple event collections, a short abstract can also be generated with the mechanisms to
generate headlines.

an abstract is generated by applying a library of canonical schemas obtained from manual
analysis of abstracts in a training corpus. These schemas determine which sentences of a
source text fulfill the requirements of a canonical summary, and extract them. Chronological
coherence, redundancy and dangling discourse references are treated.

in a post-process, dangling discourse markers are removed, decisions are made on which
anaphoric expressions to use for each entity and temporal expressions are represented in a
canonical form.

— Language coverage: English

— Output facilities and constraints:

e Evaluation: performance in DUC 2002 not high: low coverage, but improved when document collec-
tions were correctly classified. Specially bad on headline generation.

e Classification

— within classification 1 (level of processing): entity/discourse

— within classification 2 (kind of information): understanding

— within classification 3 (Tucker, 1999): informational content

¢ Comments:



Knight and Marcu 2000

Name:
Reference: [78]

Short description: This system is not a full summarizer but a sentence compressor. Sentence
compressing is presented as a fundamental component of any high-quality non extractive summarizer

System Features

— Input:

— Architecture: The system follows a statistical approach. Sentence compression is considered as
a process of translation from a source language (full text) into a target language (summary). The
process is accomplished following two different approaches: a conventional noise channel model
and decision trees (using C4.5). The probabilistic models are trained on a corpus of ifull text,
summaryy, pairs.

— Language coverage: English, potentially multilingual

— Output facilities and constraints:
Evaluation:
Classification

— within classification 1 (level of processing): surface
— within classification 2 (kind of information): lexical
— within classification 3 (Tucker, 1999): sentence by sentence

Comments: an enhancement of this approach was carried out later on, applying the same technique
to rhetorical parse trees, with a scope beyond the sentence [42].



Kraaij et al. 2001

Name:

Reference: [81]

Short description: Probabilistic single document extractive summarizer.

System Features

Input:

Architecture: The system follows a probabilistic approach. Two different statistical models are
applied and their results are combined for selecting the sentences that have to be included in the
summary. The former is a content-based language model (unigrams + smoothing) and the latter
is based on non-content features (being or not the first sentence, containing cue phrases, sentence
length, etc.)

Language coverage: English, potentially multilingual

Output facilities and constraints:

o Evaluation:

e Classification

within classification 1 (level of processing): surface
within classification 2 (kind of information): lexical

within classification 3 (Tucker, 1999): informational content

¢ Comments:



Lal and Riiger 2002

Name:
Reference: [84]

Short description: single-document, extract-based summarizer, applies anaphora resolution and text
simplification.

System Features

— Input:

— Architecture: following the approach of [82], it works as a Bayesian pattern classifier over
sentences trained from an annotated corpus. The features that are taken into account are: length
of the sentence, position of the sentence within the paragraph and the paragraph within the
document, mean tf*idf of named entities, co-reference with named entities in headline, inclusion of
highly co-refered named entities. Some dangling anaphors are replaced by their referent. Lexical
simplification is performed with tools from the PSET project [31]. Background knowledge on
people and places, taken from sources on the web, can also be included.

— Output facilities and constraints: English
Evaluation: DUC 2002, performed well except for grammaticality and coherence.
Classification

— within classification 1 (level of processing): entity/discourse
— within classification 2 (kind of information): lexical/structural
— within classification 3 (Tucker, 1999): sentence by sentence

Comments: A demonstration can be found at http://km.doc.ic.ac.uk/pr-p.lal-2002/, and the system
can be downloaded as a CREOLE Repository for GATE users.



Lethbridge, University of

Name: University of Lethbridge
Reference: [27, 32]

Short description: single- and multidocument lexical chain summarizer by extraction. It filters out
chain candidates in subordinate clauses.

System Features

— Input:

— Architecture: for multidocument summaries, the procedure is the same as for single document
(below), but all segments in the collection are pooled together, assigning a time stamp to each.

topic segmentation of the text

removing unimportant nouns from text (nouns in subordinate clauses).

lexical chaining

sentence extraction

* K X X ¥

surface repairs: add previous sentence to a sentence containing a dangling anaphora, remove
short sentences or sentences with question or quotation marks.

*
— Language coverage: English, potentially multilingual
— Output facilities and constraints:
Evaluation: DUC 2002, but no results reported in reference. They also participated in DUC 2003, ob-

taining “reasonable results” but admitting that “some improvements are still required when considering
multi-document summarization”.

Classification

— within classification 1 (level of processing): entity
— within classification 2 (kind of information): lexical

— within classification 3 (Tucker, 1999): attentional networks

Comments:



K. U. Leuven

e Name:

¢ Reference: [6, 7]

e Short description: adapts a hierarchical topic segmentation algorithm to text summarization

e System Features

— Input:

— Architecture: For multi-document summarization, a combination of topic segmentation and
clustering techniques is applied, while for single-document headline generation, topic segmentation
is combined with sentence scoring and compression.

Thematic structures in texts are detected using generic text structure cues:

*

*

lexical chains are built following [17] but using only WordNet synonymy relations.

the topic of each sentence is determined, by general topicality mechanisms of English (initial
position, persistency).

topics are distinguished from subtopics, because the first spread throughout the whole text,
while the second have local scope.

for single document summarization, the number of levels of the topic hierarchy is restricted
by the targeted summary length, so that only sentences in higher levels are included.

for multiple document summarization, headline-kind summaries are produced by listing non-
redundant topic terms. For longer summaries, open-class words of every sentence in the
collection are clustered.

Key terms are associated to each topic, and a tree-like table of content is produced.

— Language coverage: English, potentially multilingual

— Output facilities and constraints: oriented to tables of contents, lacks cohesion for texts.

e Evaluation: DUC 2002, average scores, bad for short abstracts. In DUC 2003, the strategy for very
short abstracts (headlines) was significantly improved, combining the informativeness of topic terms
with hand-crafted grammatical rules for sentence compression, which resulted in very good results for
the task of headline generation. In the other tasks, results were average.

e Classification

— within classification 1 (level of processing): entity

— within classification 2 (kind of information): lexic

— within classification 3 (Tucker, 1999): attentional networks

o Comments:



Lexical Bonds

e Name: Lexical Bonds
¢ Reference: [77]

e Short description: extractive single-document system based on analysis of lexical bonds between
sentences in a text and a classification of sentences into important and unimportant using SVM.

e System Features

— Input: single documents

— Architecture: the original design includes a transformation phase that should compact the text
extracted in the first phase and resolve anaphoric references, but it is not yet developed. The
current architecture is:

* sentences are splitted and stopwords are removed

x record of features for every sentence: sentence position, number of words, number of backward,
forward and total lexical bonds and lexical links, and information content

- a lexical link between two sentences is found when a word stem occurs in both of them, a
lexical bond is found when there are two or more lexical links between a pair of sentences
[67].

- the information content of a sentence is the IR function BM25 [146], which indicates the
importance of the sentence with respect to the document.

x SVM are used to select sentences according to these features (trained on DUC’02 manually
selected extracts)

* summaries are generated by following lexical bonds from a given sentence. Some constraints
are: only sentences in the upper half of the document and selected by SVM are considered.

The system produces cohesive summaries, but they are very redundant.
— Language coverage: English, potentially multilingual

— Output facilities and constraints: compactation process is under development.
e Evaluation: participated in DUC 2002, with good results in quality.
e Classification

— within classification 1 (level of processing): surface/entity
— within classification 2 (kind of information): discourse

— within classification 3 (Tucker, 1999): attentional networks

¢ Comments:



MEAD

e Name: MEAD

e Reference: [133, 128, 121, 129]

e Short description: Centroid-based multi-document summarization
e System Features

— Input:

— Architecture: MEAD begins identifying all the articles related to an emerging event (using
the CIDR Topic Detection and Tracking system). CIDR produces a set of clusters. From each
cluster a centroid is built. Then the sentences closest to the each of the centroids are selected to be
included in the summary. CBSU (Centroid-based sentence utility) scores the degree of relevance of
a particular sentence to the general topic of the entire cluster. CSIS (Cross-sentence informational
subsumption) measures the overlap between the informational content of the sentences. CSIS is a
similar measure than MMR. The difference is that CSIS is multi-document and query-independent
while MMR  is single-document and query-based. More recent versions of MEAD use a linear
combination of three features: the centroid score and it assigns higher scores to sentences closer
to the beginning of the document and to longer sentences.

— Language coverage: multilingual: English, Chinese, potentially any language
— Output facilities and constraints:
e Evaluation: DUC 2001, 2002 and 2003. In DUC 2002 they had format problems (SGML tags). In

DUC 2003 they had the best score for question-focused multi-document summaries, and performed
among the top 3 systems for all multi-document summarization tasks.

e Classification

— within classification 1 (level of processing): surface
— within classification 2 (kind of information): lexical

— within classification 3 (Tucker, 1999): informational content

o Comments:



MULTIGEN

e Name: MULTIGEN

e Reference: [19], [109]

e Short description: Multi-document Summarization using Information Fusion and Reformulation
e System Features

— Input: News articles presenting different descriptions of the same event.
— Architecture:

* identify similarities and differences across documents by statistical techniques [111]
* extract sets of similar sentences: THEMES
* shallow syntactic analysis

x order sets of similar sentences (Reformulation). Two different forms of implementing ordering
are included: majority ordering and chronological ordering.

* generation: Sentence generation begins with phrases, with paraphrases rules derived from
corpus analysis. MULTIGEN takes profit of the experience of Columbia’s group in NL Gen-
eration for building high quality summaries (not extracts but abstracts).

— Language coverage: English
— Output facilities and constraints:
e Evaluation:

e Classification

— within classification 1 (level of processing): entity
— within classification 2 (kind of information): structural
— within classification 3 (Tucker, 1999): informational content

e Comments: MULTIGEN has been extended in several directions. See Columbia MDS [18, 110]
PERSIVAL [107] and CENTRIFUSER [75] among others.



Muresan et al. 2001, Tzoukermann et al. 2001

e Name:

¢ Reference: [117], [158]

Short description: e-mail summarization combining Machine Learning and linguistic information.

System Features

— Input:

— Architecture: The basic process consists on learning the salient NPs occurring in the text. The
following features are used for the learning task:

* for the head of the NP:
- head-tf*idf (relevance)
- head-focc (position of the first occurrence of head)
x for the whole NP
- np-tf*idf
- np-focc
- np-length-words
- np-length-chars
- sentence-position
- paragraph-position
- all constituents in the NP equally weighted
Different ML methods have been applied including decision trees (C4.5) and rule induction (Rip-
per). The linguistic process include:
inflectional morphology processing
removing unimportant modifiers
removing common words

L R

removing empty words
— Language coverage: English, potentially multilingual

— Output facilities and constraints:
e Evaluation:
e Classification

— within classification 1 (level of processing): entity
— within classification 2 (kind of information): understanding

— within classification 3 (Tucker, 1999): attentional networks

¢ Comments:



Myaeng and Jang 1999

e Name:

¢ Reference: [11§]

e Short description: Single document summarizer based on statistical techniques

e System Features

Input:

Architecture: The system uses two similarity measures for determining if a sentence belongs
to the major content: a similarity between the sentence and the rest of the document and a
similarity between the sentence and the title of the document. Two statistical techniques are
applied, a Bayesian model based on 14 features (signature terms and positional information) and
the Dempter-Shafer combination rule.

Language coverage: English, potentially multilingual

Output facilities and constraints:

o Evaluation:

e Classification

within classification 1 (level of processing): surface
within classification 2 (kind of information): lexical

within classification 3 (Tucker, 1999): informational content

¢ Comments:



NeATS, iNeATS

e Name: NeATS
e Reference: [92, 93, 88]

Short description: Multi-document summarizer presented in DUC’01, DUC’02

System Features

— Input:
— Architecture: NeATS proceeds in the following steps:
1. extracting and ranking passages
* Identification of key concepts for each topic group
Computing of unigram, bigram, trigram Topic Signatures
Removing words or phrases occurring in less than the half of texts
Saving signatures in a tree

* %X X ¥

Webclopedia query formation
x Sentence-level IR giving to a ranked list of sentences

2. Filtering for content: remove all sentences that are not within the first 10 sentences of a
document, decrease ranking score of sentences containing stigma words.

3. Enforcing cohesion and coherence by pairing each sentence with the lead sentence of the
document

4. Filtering for length: include sentences (paired with the corresponding lead sentence) that are
most different from the included ones, until targeted length is satisfied.

5. Ensuring chronological coherence

As an additional enhancement, Leuski et al. (2003) [88] provide a graphical interface to improve
the navigation and modification of the summaries produced by NeATS.

— Language coverage: English, potentially multilingual

— Output facilities and constraints:

e Evaluation: in DUC 2002, it was the system with highest precision and F1 measure, although it
performed low in recall.

e Classification

— within classification 1 (level of processing): entity
— within classification 2 (kind of information): structural

— within classification 3 (Tucker, 1999): informational content

o Comments:



Newsblaster

e Name: Multilingual Columbia’s Newsblaster
e Reference: [49]

e Short description:

e System Features

— Input: multidocument

— Architecture: A platform for multilingual news summarization that extends the Columbia’s
Newsblaster system [106]. The system adds a new component, translation, to the original six
major modules: crawling, extraction, clustering, summarization, classification and web page gen-
eration, that have been, in turn, modified for allowing multilinguality (language identification,
different character encoding, language idiosyncrasy, etc.).

In this system multilingual documents are translated into English before clustering and, so, clus-
tering is performed only on English texts.

Translation is carried out at two levels. As a low quality translation is usually enough for clustering
purposes and assessing the relevance of the sentences, a simple and fast technique is applied for
glossing the input documents prior to clustering. Higher (relatively) quality translation (using
Altavista’s Babelfish interface to Systran) is performed in a second step only over fragments
selected to be part of the summary.

The system takes as well into account the possible degradation of the input texts as result of the
translation process (most of the sentences resulting from this process are simply not grammatically
correct).

— Output facilities and constraints:

— Language coverage: crosslingual
e Evaluation:
e Classification

— within classification 1 (level of processing): entity
— within classification 2 (kind of information): structural

— within classification 3 (Tucker, 1999): informational content

e Comments:



NTT

e Name: NTT
e Reference: [65, 66)

e Short description: extractive summarizer based on classification of sentences by Support Vector
Machines (SVM) and Maximal Marginal Relevance (MMR).

e System Features

— Input:

— Architecture: each sentence in a document is described with the following features: position,
length, weight (tf*idf score of the words in the sentence), similarity with the headline and presence
of certain prepositions or verbs.

— Language coverage: English, potentially multilingual
— Output facilities and constraints:
e Evaluation: participated in DUC’02, with good results in coverage but low quality. For DUC 2003,

NTT achieved the highest metrics for readability in the two multidocument summarization tasks it
took part in, and got average positions for coverage.

o Classification

— within classification 1 (level of processing): surface
— within classification 2 (kind of information): lexical

— within classification 3 (Tucker, 1999): sentence by sentence

¢ Comments:



OCELOT

Name: OCELOT
Reference: [115]
Short description: Summarizing of Web pages. Gist of Web document based on probabilistic models.

System Features

Input:

Architecture: OCELOT is one of the applications of a general probabilistic approach that
models summarisation as a translation process between two languages, the language of full text
and the language of summaries. Berger in his thesis applies conventional stochastic translation
methods for summarizing. Three different examples of application are provided and OCELOT is
one of them.

Language coverage: English, potentially multilingual

Output facilities and constraints:

e Evaluation:

e Classification

within classification 1 (level of processing): surface
within classification 2 (kind of information): lexical

within classification 3 (Tucker, 1999): informational content

e Comments:



PERSIVAL

e Name: PERSIVAL
¢ Reference: [107]

e Short description: PERSIVAL (Personalized Retrieval and Summarization of Image, Video and
Language). The system builds patient specific (tailored access for both patients and physicians) sum-
maries of medical articles contained in a distributed multimedia patient care digital library. It is a
Digital Library project.

e System Features

— Input: Multimedia collections in the medical domain

— Architecture: Multimedia search triggered by a concept from patient’s data. The system in-
cludes the annotation and organization of large collections of video data. Video documents are
segmented and a storyboard summary is produced. Video are indexed at syntactic and semantic
levels. A set of content-based video search tools has been developed. The system includes the use
of DEFINDER tool (for looking for definitions).

— Language coverage: English

— Output facilities and constraints:
e Evaluation:
e Classification

— within classification 1 (level of processing): entity
— within classification 2 (kind of information): understanding

— within classification 3 (Tucker, 1999): informational content

o Comments:



RIPTIDES

o Name: RIPTIDES
¢ Reference: [164], [162]

e Short description: user directed document summarizer combining the application of techniques of In-
formation Extraction, Extraction-based Summarization and Natural Language Generation. The former
reference refers to single-document summarization while the latter to multi-document summarization.

e System Features

— Input:
— Architecture: The system proceeds in the following steps:

1. User information needs are acquired from the system
2. Scenario templates are filled by an IE system

3. IE output templates are merged into an event-oriented structure where comparable facts are
grouped. For doing so SimFinder is used.

4. Importance scores are assigned to slot/sentences based on a combination of document posi-
tion, document recency and group/cluster membership.

5. Content selection
6. Summary generation

— Language coverage: English

— Output facilities and constraints:
e Evaluation:
e Classification

— within classification 1 (level of processing): entity
— within classification 2 (kind of information): understanding

— within classification 3 (Tucker, 1999): informational content

¢ Comments:



Schiffman et al. 2001

e Name:

Reference: [143]

Short description: Multi-document summarizer producing Biographical Summaries combining lin-
guistic knowledge with corpus statistics.

System Features

— Input:
— Architecture: A number of modules co-operate for producing the summaries:

Sentence tokenizer

Alembic POS tagger
Nametag NER

Cass parser

Cross-document co-reference
Appositives

Relative clause weighting

L S R T N S DR

Sentential description, following [Sagion, Lapalme, 2000]
— Language coverage: English

— Output facilities and constraints:
¢ Evaluation:
e Classification

— within classification 1 (level of processing): entity
— within classification 2 (kind of information): understanding

— within classification 3 (Tucker, 1999): informational content

o Comments:



SUMMARIST

Name: SUMMARIST

Reference: [69, 95]

Short description: Extractive single document summarisation system

System Features

— Input:

— Architecture: The system proceeds in three steps: Topic identification, Interpretation and
Summary generation.

+ Topic identification implies previous acquisition of Topic Signatures and then the identifica-
tion of a text span as belonging to a topic characterised by its signature. Topic Signatures
are tuples of the form jTopic, Signature; where Signature is a list of weighted terms: jt1,wl;,
it2,w2;, ..., jtn,wny. Topic signatures can be automatically learned ([Lin, 1997], [Lin, Hovy,
2000]). Topic identification, then, includes text segmentation (using TextTiling) and com-
parison of text spans with existing Topic Signatures.

* The topic identified are fused during the interpretation (2nd step) of the process. The fused
topics are then reformulated (expressed in new terms).

* The last step is a conventional extractive task.

— Language coverage: multilingual: English, Japanese, Spanish, Arabic, Indonesian, Korean,
potentially any language

— Output facilities and constraints:
e Evaluation:
e Classification

— within classification 1 (level of processing): surface
— within classification 2 (kind of information): lexical

— within classification 3 (Tucker, 1999): attentional networks

¢ Comments:



SumUM

e Name: SumUM
e Reference: [50, 139, 51]

e Short description: generates single-document abstracts of scientific papers, based on shallow syn-
tactic and semantic analysis oriented to conceptual identification and hand-made templates for text-
regeneration. It interacts with the user. For DUC, an adaptation has been made to obtain biased
multi-document summaries.

e System Features

— Input: single-document, scientific or technical articles with the following structure: title, author
and affiliation, introduction, main section, references. There is also an adaptation for multi-
document summarization.

— Architecture:
* transducers identify concepts in text: domain transducers identify author, references, etc.,
and linguistic transducers identify noun groups and verb groups.
* concepts are tagged semantically, marking discourse domain relations
* sentences of indicative and informative type are identified

* an indicative abstract is composed, by re-generation of text using pre-defined summary tem-
plates

* based on the first, indicative abstract, an informative abstract can be composed, elaborating
a specific query of the user

— Language coverage: English

— Output facilities and constraints: an interactive system: the user is presented with a short
indicative abstract and a list of topics available for expansion, and an informative abstract can
be produced, focusing on the topics chosen by the user.

e Evaluation: it was formally adapted to participate in DUC 2002, but with no adaptation to the news
domain. It was ranked among the three first in quality, and the second in length-adjusted coverage,
most probably due to the efficiency of templates. In DUC 2003, SumUM was adapted for biased
multi-document summarization, achieving good scores for coverage but with a decrease on the quality
of the resulting summaries.

e Classification

— within classification 1 (level of processing): entity
— within classification 2 (kind of information): understanding

— within classification 3 (Tucker, 1999): informative content

o Comments:



Strzalkowski 1998

e Name:

¢ Reference: [14§]

e Short description: Query-based single document non-extractive summarizer

e System Features

Input:

Architecture: The system proceeds in two steps, Analysis and Generation. Analysis phase
consists of three tasks: Feature extraction, feature synthesis and rule induction. As result a set of
themes is identified. The system uses both simple and composite features. Simple features include
word co-occurrence, noun phrases (detected with linkIT), WN synonyms and common semantic
classes for verbs (following Levin’s, see [Klavans, Kan, 1998]). Generation phase includes the
performance of a content planner (based on the intersection of themes obtained in the previous
phase and on a sentence planner) and a sentence generator.

Language coverage: English

Output facilities and constraints:

o Evaluation:

o Classification

within classification 1 (level of processing): entity
within classification 2 (kind of information): structural

within classification 3 (Tucker, 1999): informational content

o Comments:



Teufel and Moens

e Name:
¢ Reference: [155, 156]

e Short description: analyzes the rhetorical structure of scientific articles and produces extractive
summaries with the main contributions.

e System Features

— Input: scientific articles (specialized in computational linguistics domain)

— Architecture: Each sentence in an article is described with a number of features, like its length
(in words) or its position in the document. But the main emphasis is put in describing the
contribution of each sentence to the rhetorical structure of the document. To do that, a number
of linguistic knowledge sources are exploited, among others: document layout, section titles,
lexico-syntactical structures, citation procedures and cue phrases typical of the genre of scientific
articles.

Then, a machine learning algorithm is applied to classify each sentence as one of a number of
rhetorical categories that account for the rhetorical status of the sentence with respect to the
whole text. A parallel classification is carried out to determine the relevance of each sentence.

— Output facilities and constraints:

— Language coverage: English

e Evaluation: an evaluation by comparison with a human-made golden standard is presented in [156],
with good results.

e Classification

— within classification 1 (level of processing): discourse
— within classification 2 (kind of information): structural

— within classification 3 (Tucker, 1999): discourse structure / sentence by sentence

¢ Comments:



TNO-TPD summarizer

Name: TNO-TPD summarizer
Reference: [81], [80]

Short description: extractive multi-document summarizer. Sentences are selected according to a

statistical language model and applying a bayesian classifier.

System Features

— Input:

— Architecture:

*

an unigram language model of a cluster of documents determines content-based salience of
each sentence

each sentence is assigned values for some surface features: sentence position, length, presence
of positive or negative cue phrases, and the mentioned content score.

sentences are classified by a Naive Bayes classifier into summary and non-summary sentences.
redundancy is reduced by applying MMR [30]

to generate headlines, the most frequent word in the highest ranked sentence for every doc-
ument and the titles is considered a trigger word. Then, the sentences in the whole cluster
are ranked according to their importance. The highest ranked noun phrase that contains the
trigger word is chosen as the headline.

— Language coverage: English, potentially multilingual

— Output facilities and constraints:

e Evaluation: participated in DUC 2002 in the multi-document extract and abstract tracks, with
“disappointing performance”. In addition, a self-evaluation applying relative utility [133], which reports
better results. An investigation on the individual contribution of each feature was also performed,
revealing that position in the sentence is highly indicative, while negative cue phrase was not well-

defined.

e Classification

— within classification 1 (level of processing): surface

— within classification 2 (kind of information): lexic

— within classification 3 (Tucker, 1999): attentional networks / sentence by sentence

o Comments:



van Halteren 2002

e Name:

Reference: [159]

Short description: multi-document, extractive summarizer. Sentences are classified by feature sets
used for writing style recognition.

System Features

— Input:

— Architecture: each sentence is described by a set of features: distance between occurrences of
the same word, distribution of words, relative position of words, sentence length, sentence position
and context of POS tags. A classifier trained for a writing style recognition task exploits these
features for sentence scoring and extraction.

— Language coverage: English, potentially multilingual

— Output facilities and constraints:
e Evaluation: participated in DUC 2002, but obtained not so good results.
e Classification

— within classification 1 (level of processing): surface
— within classification 2 (kind of information): lexical

— within classification 3 (Tucker, 1999): sentence by sentence

e Comments: the system was trained on materials not oriented to the summarization task



