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Abstract

CALLISTO is a text summarizer that searches through a space of possible
configurations for the best one. This is different from other systems since
it allows CALLISTO 1) to choose adequate components based on results
obtained on the training data (and thus, to choose a configuration better
adapted to the problem) and 2) to allow different texts to be summarized
in different ways. The purpose of this thesis is to find out how the initial
space CALLISTO explores can be modified to improve the overall quality
of the summaries produced.

The thesis reviews and evaluates the first arbitrary design choices made
in the system, through a fully automated framework based on a content
measure proposed by Lin and Hovy. We tried different modifications to
CALLISTO such as replacing the internal evaluation measure, testing other
discretization processes, changing the learning algorithm or adding new fea-
tures to characterize the input text. We found that Naive Bayes outper-
formed the current learner C5.0, by identifying one configuration working
satisfactorily for all texts.
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Chapter 1

Introduction

1.1 Automatic Text Summarization

There exist several definitions of Automatic Summarization. The one given
by Mani in [Mani, 2001a], on page 1, identifies the task through its goal: “to
take an information source, extract content from it, and present the most
important content to the user in a condensed form and in a manner sensi-
tive to the user’s or application’s needs”. This presentation is very broad
and can cover other similar tasks like multimedia summarization. Also, it
emphasizes the need to take into account the user’s or application’s needs,
following [Sparck Jones, 1998], who stated the importance of context fac-
tors in the whole summarization task. Sparck Jones, on page 1 in [Sparck
Jones, ibid.], focuses on the methods: a summary is “a reductive trans-
formation of source text to summary text through content reduction by
selection and/or generalization on what is important in the source.” The
definition of Kupiec, Pedersen and Chen [Kupiec et al., 1995], page 1, is
more user-oriented: “The goal is to generate a concise document descrip-
tion that is more revealing than a title but short enough to be absorbed
in a single glance.” Boguraev and Kennedy [Boguraev and Kennedy, 1997]
(page 2) criticize the underlying assumptions of the above definitions: “To
a large extent, the shared (and for the most part unspoken) intuition is that
summaries are to documents very much what abstracts are to full length
articles. This reflects another pervasive assuraption: namely that there is
a canonical, definitive (or at least optimal) summary for any document.”
Then they list a few counter-examples where efficient summaries are not
only texts, such as library indexes or tables of content.

One obvious application of Automatic Summarization is the World Wide

5



6 CHAPTER 1. INTRODUCTION

Web, the users looking for an efficient way to browse a large amount of in-
formation. The combination of a search engine with a good text summarizer
would be a satisfactory solution and would help identify very quickly if a
document is relevant or not. For this application, the summary needs not
to cover the most important aspects of the source but rather give a good
overview of what it is about!. Note that, besides, the summaries generated
can take the query of the user into account to guarantee that the piece of
text shown will actually help him to determine whether or not the document
is useful for him. More generally, query-oriented Automatic Summarization
can help in all cases when one needs to go through a large collection of texts
for a particular information not necessarily covered by the general-purpose
human-written abstracts, for instance proceedings of conferences or medical
literature on a certain topic, as described in [Mani, ibid.]. Mani also evokes
even higher-level applications, involving tasks more difficult than single text
summarization, such as “intelligence gathering” (retrieving and summariz-
ing information about a given topic) or “search engine hits” (summarizing
the list of documents output by a search engine to produce an overview en-
tirely readable by the user in a limited amount of time).

We will focus on Text Summarization, where the input is a series of para-
graphs, a book or a news article, whatever the length is, and the output is
an organized text dealing with the same topic and significantly shorter. The
length of the summary is generally expressed as a fraction of the length of
the original text, which is called the compression rate. Typical compression
rates are between 15% and 25% although, as pointed out by Mani, these
figures, valid when working on short (a few thousands words) news articles,
may not be suitable when working on much longer documents.

The process of summarization is decomposed into three basic stages by
Sparck Jones [Sparck Jones, 1998]:

e Interpretation: Understanding, more or less deeply, what the source is
about and how it is articulated.

e Transformation: Deciding which ideas to eliminate and which ones to
emphasize.

e Generation: Building sentences for the final summary, based on the
structure produced at the previous stage.

This framework is very general and we will see that Automatic Summariz-
ers are rarely divided into three such independent modules. The minimal

In this case, as we will clarify later, we talk about indicative summaries.
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elementary sub-tasks are in general much more low-level than those and,
according to the methodology chosen, one of the stages may be more im-
portant than the others whereas another could be skipped altogether?. We
will now present various definitions related to Automatic Summarization,
thereby discussing the diversity of possible methods and output forms.

1.2 Definitions

1.2.1 Abstract vs. Extract

The distinction between abstracts and extracts depends on how different
from the source the vocabulary used is. More specifically, Mani {Mani, ibid.]
proposes the following definition on page 6: “An abstract is a summary at
least some of whose material is not present in the input.”

This definition is accurate but might be a bit too restrictive. An extract
would indeed be only a sequence of sentences from the original text. It is
possible to choose larger units such as paragraphs and produce a summary
exclusively containing material from the source all the same, but not smaller
units. If one wants to select only pieces of sentences or phrases, she will have
to apply some pasting strategy on this material and this kind of re-writing
can be viewed as producing “material not present in the input.”

There are various degrees of re-writing. Thus, while it is undeniable that op-
erations like generalization® are beyond the possibilities of extracts, it seems
like simpler modifications such as truncations of parts of sentences, like sub-
ordinate phrases or adjectives, are less demanding and produce outputs close
to extracts. That is why Mani [Mani, ibid.] identifies intermediate process-
ing between extracting and abstracting, called text compaction, which covers
that case. This form is often used in automatic summarization, dividing the
task into two main steps: identifying first the most relevant sentences in the
text and then conducting a work of revision on the resulting extract.
[Oakes and Paice, 1999] sums up the link between those definitions and the
different methods they entail in automatic summarization on page 1: “The
two traditional approaches to automatic abstracting are:

1. Extraction, where specific sentences are selected from the source text
if they contain significant words or possess other “importance cues”

2Tt is the case in Sentence Ertraction for instance, where the generation stage is absent
or, at least, can be seen as merged with the transformation stage.

3For example, referring to a series of similar terms like “tigers, lions and panthers” by
a generic term such as “felines”.
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such as position within the text, e.g. Pollock and Zamora’s ADAM
system [Pollock and Zamora, 1975]. The problems with this approach
are that importance cues are often not reliable, and that the extracted
sentences do not always constitute a coherent text.

2. Summarization, where a representation of the original document such
as a conceptual dependency graph or a semantic net is produced after
a detailed semantic analysis of the text, such as Rau’s SCISOR system
[Rau, 1987]. This approach requires a very large knowledge base and
tends to be domain specific.”

1.2.2 Indicative, Informative and Critical Summaries

The classical distinction between indicative and informative abstracts [Mani,
ibid.] is linked to what the summary is intended to do. An indicative ab-
stract is only meant to give an idea of the main topic of the document or,
more exactly, the main contributions of the text to the topic. It is not meant
to replace the source but to help the reader decide if it is worth investigating
in more detail. In that respect, indicative abstracts are sufficient for com-
binations with information retrieval search engines, an application we were
discussing above.

On the contrary, informative abstracts are intended to replace the source
and cover all important aspects of it. However, this definition is somewhat
unrealistic and usual texts are not redundant to the point that you can
condense all the ideas in 25% of the original length. Therefore, an informa-
tive abstract is usually seen as one grasping most of the salient information
from the text. This is highly subjective and there is a continuum between
an abstract totally indicative and an abstract wholly informative, most of
the summaries being both. The example Mani [Mani, ibid.] gives to help
understand the difference between the two, comes from the American Na-
tional Standards Institute (ANSI) standard. “In the case of reports of sci-
entific investigations, indicative abstracts should contain information about
an article’s purpose, scope, and approach, but not results, conclusions, and
recommendations; informative abstracts, on the other hand cover all these
different aspects.”

A third possible category for abstracts, but rather complementary to the
last two, is critical evaluative [Mani, ibid.]. This kind of summary not only
presents the content of the source but also gives comments about it. This
definition covers most of the critical review such as journalists’ book or
movie reviews for instance. We mention it for the sake of exhaustivity but it
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almost does not exist in Automatic Summarization and will not be referred
to in the remainder of the thesis.

1.2.3 Salience and Coherence

We have an intuitive notion of what a good abstract is when we read one.
However, Automatic Summarization needs to formalize a bit more the idea
of quality of an abstract. In an attempt to do so, Mani [Mani, ibid.] suggests
two definitions, one regarding informativeness and the other cohesion.

The salience of a sentence (or any other unit) in a document is “the weight”
attached to this sentence and measures how much it represents of the whole
text or its relevance with respect to a given query. More informally, Marcu
simply explains in [Marcu, 1999] on page 3 that “the salient units are the
most  important units in  the corresponding text span.”
[Boguraev and Kennedy, 1997] gives a more technical definition as the “re-
lationship between the distributional prominence of linguistic expressions,
computed as a function of their occurrence in the text, and the topical
prominence of the objects and the events they refer to.” Now, how this
weight is computed practically is one of the main problem in Automatic
Summarization.

Besides this idea of relevance, a good abstract is also coherent, if it reads
well, does not present redundant information or dangling references. The
last problem is most typical of automatic extracts since it often results from
the extraction of two sentences which are not consecutive in the initial text.
They may contains identical anaphora (such as it) referring to different en-
tities, with no way of disambiguating without the intermediate sentences
from the source.

This distinction between informativeness and readability will be explained
in further details in Chapter 2, when we will discuss Evaluation.

1.2.4 User-, topic- or query-focused vs. generic summaries

This distinction relies on the assumption prior to summarization and the
aims of the abstract. If we know what the summary will be used for, we
can favour some ideas over others. For example, if we were to summarize
a national weather forecast and if we knew the region the reader lives in,
a user-focused summary could describe more of the local weather and give
only a brief overview for the rest of the country.

Similarly, a topic-focused summary presents in more detail the passage of the
source related to a particular theme. The idea of query-focused summaries
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is again related to Information Retrieval: if we want to propose to the user
a summary with every document retrieved, we can use his query to make
the suggested abstract or extract more relevant to his needs. For instance,
if a user types the query “Skating, Ontario” and a tourist brochure about
Ottawa is retrieved, our reader will likely be more interested by the Canal
in Winter than Parliament Hill on Canada Day?*.

Finally, if we have no clue about what the user wants or if our summary is
intended to be indicative of the whole document and not focusing on some
parts of it, we say that the output has to be generic.

1.2.5 Shallow vs. Deep approaches

Still following Mani [Mani, ibid.}, but now focusing more on Automatic
Summarization in its own rights rather than abstracting in general, we can
make a difference between systems according to the level of semantic knowl-
edge or deep natural language processing techniques they use. Shallow ap-
proaches do not go linguistically beyond the syntactic level and most often
rely on statistical and/or Machine Learning techniques. On the contrary,
deeper approaches involve some semantic understanding of the source, for
example building trees representing the rhetorical structure [Marcu, 1999].
[Aone et al., 1997] gives the following analysis, on page 1: “Summariza-
tion Research and System development can be broadly characterized as
frequency-based, knowledge-based or discourse-based. These categories cor-
respond to a continuum of increasing understanding of a text and increasing
complexity in text processing.”

This distinction is particularly important in Automatic Summarization be-
cause it is an area of Natural Language Processing in which both techniques
(shallow and deep) have proven to bring interesting results, the former in
general outputting extracts whereas the latter are more likely to produce
abstracts. This also will be studied in more detail in the next chapter.

1.3 Outline

In this thesis, we will consider an automatic summarizer designed at the
University of Ottawa [Copeck et al., 2002]: CALLISTO. There are too many
parameters in the system to find the most adequate set quickly and manu-
ally. Therefore, the goal of the thesis is to find a way to study and reliably
improve the performance of CALLISTO.

“Both are great but our user asked for skating!
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This first chapter has introduced vocabulary and ideas related to automatic
summarization or even to summarization in general. The second chapter
attempts to establish a more exhaustive literature review on the topic and
also tackles the problem of evaluation in Natural Language Processing and
in Automatic Summarization. This is because we will need a way to make
sure that we have actually improved the system. We want to improve the
performance of CALLISTO on a corpus of texts in a statistically significant
way. Therefore, checking a few documents is not satisfactory.

Chapter 3 describes CALLISTO in more detail, trying to make the dis-
tinction between the Natural Language and Machine Learning parts of
the system and how they fruitfully interact with one another. Chapter 4
is about our evaluation framework based on a measure of similarity be-
tween an abstract and a reference summary proposed by Lin and Hovy
[Lin and Hovy, 2002]. We also talk about the limitations of this method
and how we integrate them into our methodology.

Chapter 5, 6 and 7 deal with modifications done to the system regarding the
different degrees of freedom. Chapter 5 is about the measures, discretization
process and selection of configurations. We show how we assumed a per-
fect learning algorithm to conduct some experiments related to the Machine
Learning part of the system but not directly to the learning algorithm.
Chapter 6 explains how we tested several learning algorithms other than
C5.0 [Quinlan, 1997], the one currently used in the system. We show that
Naive Bayes outperforms C5.0 for our application. Chapter 7 is about mis-
cellaneous smaller experiments regarding feature selection and the way the
different tools inside the system have an influence on its global performance.
Chapter 8 concludes on the findings of this thesis and proposes some direc-
tions for future work.
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CHAPTER 1.

INTRODUCTION



Chapter 2

Literature review

Automatic Summarization
and Summary Evaluation

2.1 Introduction

The first research attempts in Automatic Text Summarization go back to the
late fifties and Luhn’s article [Luhn, 1958]. In Chapter 1, we have focused
on the diversity of outputs, methods and applications in the area. However,
as noted in [Sparck Jones, 1998], most of the practical achievements were
obtained in tezt extraction and in fact extraction. The former is about ex-
tracting the most relevant units, often sentences, from the text whereas the
latter consists in filling in a pre-defined template extracting knowledge from
the source and outputting this information either as such or processed by a
text generation phase. Neither of the methods seems to be that much better
than the other and Sparck Jones [Sparck Jones, 1998] summarizes the pros
and cons of both methods very simply (page 3): “it is necessary to get more
power in automatic summarising than text extraction delivers, and more
flexibility than fact extraction offers.”

In this study, we will limit our attention to Sentence Extraction Systems
since CALLISTO extracts sentences. Indeed, abstract creation is a different
task altogether and for the rest of our work, only the different techniques

13
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used in extraction, and eventually applicable to our system, will be of inter-
est.

A large part of this thesis regards evaluation of the quality of the summaries
produced. Therefore, the last sections of this literature review will be ded-
icated to Evaluation, first in Natural Language Processing in general and
then in Automatic Summarization.

2.2 Sentence Extraction

2.2.1 Advantages and Drawbacks of Sentence Extraction

One obvious advantage of Sentence Extraction in Text Summarization is
that it enables us to use the author’s syntax and leaves to the program only
smaller tasks of formulation to handle, if any. Thus, the problem is turned
into finding the most relevant parts of a text and the output is only the C%
most interesting sentences where C% is the desired compression rate.

Why work on sentences and not on other units? As pointed out in [Mani,
2001al, sentences are the smallest coherent units. That is to say that work-
ing with smaller units (phrases or words) would require the effort of building
sentences, which we want to avoid: we would need a large amount of syn-
tactic and semantic knowledge in order to make a coherent text from a few
keywords or keyphrases. On the other hand, larger units such as paragraphs
or sections are not always linguistically meaningful' and, above all, offer less
flexibility in terms of extracting the right number of units to fit the com-
pression rate.

The method of sentence extraction however has intrinsic limits. The most
important may be that it does not offer any guarantees regarding readability
or global coherence of the extract. One recurrent problem indeed is the one
of dangling references. Sentences are not independent from one another?.
The final extract may contain pronouns without their referent, because one
sentence has been extracted without the previous one, or some phrases such
as “however” or “therefore” may be out of context and thus irrelevant or
maybe even misleading. Hence the idea of extracting larger basic units. But
even though it would reduce the number of such dangling references, some

'On page 46, Mani points out that paragraphs are not “a traditional linguistic unit”
but often “reflect publishing and formatting conventions”.

>This dependence may moreover be used to build Automatic Summarization Systems.
For instance, Marcu [Marcu, 1999] identifies semantic relationships between clauses such
as causality, elaboration or concession. This kind of approach relies heavily on Discourse
Theory.
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might still remain in the final extract. Another solution is to use various
fizing strategies to identify anaphora and dangling phrases (see for example
[Mani et al., 1999] and the section “Revision” in this Chapter).

Other criticism can be addressed to the choice of sentence extraction for
summarization: it is likely not to be applicable for book summarization for
instance or multiple document summarization, in other words, every group
of texts for which it is not proven that a few sentences can offer a global
understanding of what is said. It seems that summarizing at very high com-
pression rate is a different task implying advanced semantic knowledge or
understanding [Mani, 2001a]. We are less concerned about this kind of issue
though, since we are primarily working on single news articles for which we
know that several acceptable summaries can be obtained by sentence ex-
traction®.

Many sentence extraction systems make use of machine learning techniques
and therefore need to be trained on a corpus. The expectations of this
training phase are that some patterns will emerge from the data and will
thus help to predict the right parameters or rules to apply on an unseen
text. Obviously, this operation takes advantage of regularities found in the
training data, which may not all be valid for any new document. This kind
of over-fitting?* is likely to be impossible to avoid since every genre has its
own characteristics and, therefore, various rules for summarization®. This
justifies the concept of training the system on a corpus, presenting specific
learnable features: it seems impossible to construct sentence extractors ap-
plicable to any kind of document®.

Now, we will have a closer look at two articles which pioneered Automatic
Summarization:

e [Edmundson, 1969] presented basic principles to guide sentence selec-

3And even, quite often, extraction of the first sentences of the text leads to a good
summary, as we will see in the section “Baseline” of chapter 4.

*The meaning of over-fitting here is close to the usual Machine Learning sense. When
a learner focuses too much on too few data and identifies properties only valid for this
trainin