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ABSTRACT

With the explosion in the quantity of on-line text and multimedia
information in recent years, demand for text summarization
technology is growing. Increased pressure for technology
advances is coming from users of the web, on-line information
sources, and new mobile devices, as well as from the need for
corporate knowledge management. Commercial companies are
increasingly starting to offer text summarization capabilities,
often bundled with information retrieval tools. In this paper, I will
discuss the significance of some recent developments in
summarization technology.

Categories and Subject Descriptors
H.3.1. [Content Analysis and Indexing]: Abstracting Methods.
1.2.7. [Natural Language Processing]: Text Analysis.

General Terms
Algorithms, Management, Experimentation.

Keywords
Text summarization, information reduction, evaluation, extracts,
abstracts, information and knowledge management.

1. INTRODUCTION

The explosion of the World Wide Web has brought with it a vast
hoard of information, most of it relatively unstructured. This has
created a demand for new ways of managing this rather unwieldy
body of dynamically changing information. Some form of
automatic  summarization seems indispensable in  this
environment. Increased pressure for technology advances in
summarization is coming from users of the web, on-line
information sources, and new mobile devices, as well as from the
need for corporate knowledge management. Commercial
companies are increasingly starting to offer text summarization
capabilities, often bundled with information retrieval tools. In this
paper, I will discuss recent developments in summarization.

The goal of text summarization is 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 sensitive to the
user's or application's needs [11]. There are a variety of different
kinds of summaries. Summaries can be user-focused (or topic-
focused, or query-focused), i.e., tailored to the requirements of a
particular user or group of users, or else, they can be "generic',
i.e., aimed at a particular - usually broad - readership community.
Traditionally, generic summaries written by authors or
professional abstractors served as surrogates for full-text in
information access environments. However, as our computing
environments have continued to accommodate full-text searching,
browsing, and personalized information filtering, user-focused
summaries have assumed increasing importance. A summary can
take the form of an extract, i.e., a summary consisting entirely of
material copied from the input, or an abstract, i.e., a summary at
least some of whose material is not present in the input (see [8]
[9] [11] for a detailed introduction to the field).

Automatic summarization in some form has been in existence
since the 1950's. Two main influences have dominated research in
this area. Work in library science, office automation, and
information retrieval has resulted in a focus on methods for
producing extracts from scientific papers, including the use of
“shallow” linguistic analysis and the use of term statistics. The
other influence has been research in artificial intelligence, which
has explored “deeper” knowledge-based methods for condensing
information. While there are a number of problems remaining to
be solved, the field has seen quite a lot of progress, especially in
the last decade, on extraction-based methods. This progress has
been greatly accelerated by the rather spectacular advances in
shallow natural language processing, and the use of machine
learning methods which train summarization systems from text
corpora consisting of source documents and their summaries.
Research systems are now able to summarize meetings [16], TV
broadcast news [12], and the medical literature [4], and also
generate biographies [15]. A number of commercial vendors such
as InXight, IBM, SRA, etc., now offer summarization products.

In this paper, 1 will focus on three recent developments. The
deluge of on-line data has given rise to an interest in
characterizing content in collections of documents rather than just
single-documents, thus paving the way for multi-document
summarization. The ability to deliver information anytime,
anywhere has created an interest in summarization for hand-held
devices. Last, but not least, there has been increasing activity in
summarization evaluation, with several large-scale evaluations
being carried out.



2. MULTI-DOCUMENT
SUMMARIZATION

Multi-Document Summarization (MDS) is, by definition, the
extension of single-document summarization to collections of
related documents. It is primarily concerned with summarizing
collections of related documents so as to remove redundancy
while taking into account similarities and differences in
information content. Most MDS systems involve a degree of pre-
filtering using clustering methods to allow the system to focus on
subsets of closely-related documents, as well as presentation
methods which allow a multi-document summary to be displayed
along with supporting information from the source documents.

While identifying differences requires deeper, domain-specific
methods, the shallow approaches work quite well in finding
similar passages across documents. One particular shallow
approach [6] explores the relationship between relevance and
redundancy. Consider a search engine scenario where the top 100
hits returned by a search engine are such that the first 20 are about
the same event, but hits 36, 41, and 68 are very different, although
marginally less relevant. A user who scans through the first 10 or
20 hits may get tired and miss the different, marginally less-
relevant information lurking further down the hit list. The topic-
focused MDS system of [6] addresses this problem by offering a
ranking parameter that trades off relevance of a passage (or
document) to a query against diversity from (and non-redundancy
with) the passages (or hits) seen so far.

In between the two extremes of shallow and deep approaches, one
finds MDS systems which can fuse together similar phrasal
descriptions into a single sentence. As an example, [15] describes
a biographical summarizer that provides short summaries of the
salient attributes and activities of people in news collections.
Syntactic processing using cascaded finite-state transducers and
semantic processing using WordNet [13] are used to merge
together hundreds of descriptions of a person into just a few
sentences. For example, in a collection of 1300 wire service news
documents on the Clinton impeachment proceedings, there are
607 sentences mentioning Vernon Jordan by name, from which
the system extracted 82 descriptions expressed as 78 appositives
phrases (e.g., “presidential friend”) and relative clauses (“who
helped Lewinsky find a job”). The relative clauses are duplicates
of one another, while the 78 appositives are merged using
WordNet into just 2 groups: “friend” (or equivalent descriptions,
such as “confidant”), and “adviser” (or equivalent such as
“lawyer”).

These MDS capabilities, in condensing information content, allow
for the restructuring of information derived from multiple
documents, as well as, in some cases, a fusion of information
from document collections and on-line databases. MDS
summarizers rely on components which construct structured or
semi-structured representations derived from the source data.
When used to characterize the content of large information
spaces, they are able to provide potentially useful collection (or
web-site) meta-data which can help in cataloging and accessing
content.

3. SUMMARIZATION FOR HAND-HELD
DEVICES

Hand-held devices such as personal digital assistants (PDAs) and
cell-phones provide an interesting niche application for
summarization technologies. There are many opportunities for
offering tailored summaries for these mobile environments, for
example, based on location-sensitive profiles. Summarization in
these environments can take advantage of hierarchical displays,
document keyword extraction, and short summaries with sentence
truncation. In certain display environments, word compaction [3]
has also been used. However, more powerful sentence compaction
strategies based on syntactic and semantic information can also be
leveraged [1] [7]. Recent work [2] shows that methods based on a
combination of keywords and single-sentence summaries can
provide significant improvements in access times in web
browsing and number of pen actions, as compared to other
schemes.

These efforts represent only the early stages of what promises to
become an important area for summarization. However, many
challenging problems remain. Spoken summaries are somewhat
hampered by the lack of natural prosody in speech synthesis.
When speech is the output modality, the summarizer also needs to
be especially cognizant of its subject matter, including awareness
of terms such as proper names or other fields which are hard to
pronounce naturally.

4. SUMMARIZATION EVALUATION

In recent years, there has been a vigorous examination of the
issues behind summarization evaluation, motivated by a desire for
more cost-effective, user-centered, repeatable evaluations that
would offer feedback to developers at any point in their
developmental cycle. Two broad varieties of evaluation have been
explored. Summaries can be evaluated in and of themselves (an
intrinsic evaluation), or in relation to some task (an extrinsic
evaluation).

In 1997, the US government conducted a large-scale extrinsic
evaluation of summarization systems as part of its Tipster
program [10]. In one typical task in this evaluation, each user saw
either a source document or a user-focused summary and had to
decide if it was relevant to a topic. The results from relevance
assessment by 51 subjects of the output of 16 summarization
systems showed that subjects could assess relevance from
summaries which discarded 77 to 90 percent of the source text, as
from full text in almost half the time, with no statistically
significant degradation in accuracy. In 2000, the Japanese Text
Summarization Challenge evaluation [5] found similar results,
finding that subjects could carry out relevance assessment using
summaries which discarded 77% of the source in about two-thirds
of the time compared to the full-text, without loss of accuracy.
They also carried out an intrinsic evaluation that had subjects
compare and evaluate single-document summaries produced by
systems against reference summaries produced by humans. Here
they found that abstracts produced by humans were preferred to
human-produced extracts, which in turn were preferred to system-
produced summaries.

A more recent intrinsic evaluation has been conducted by the U.S.
government under the aegis of the Document Understanding



Conference (DUC)'. Here, subjects evaluated and compared both
single- and multi-document system summaries against human-
produced reference summaries. The results are not available at the
time of writing, and the evaluation will continue for the next few
years. Finally, the National Science Foundation recently
sponsored a six-week workshop at Johns Hopkins University [14],
where a variety of different evaluation measures were studied in a
cross-lingual information retrieval setting. Among the interesting
results was the discovery that summaries preserve relevance, so
that using a search engine against summaries results in a
relevance ranking that is strongly correlated with the ranking
obtained by searching against the corresponding full-text
documents. Both these evaluations have made available annotated
corpora that can be used for training and testing other
summarizers.

5. CONCLUSION

These recent developments present many new challenges and
opportunities for summarization. Further progress will depend on
additional research in the natural language understanding and
generation, and the availability of corpora for training
summarizers, as well as more precise methods of evaluating
progress in summarization on different types of tasks.

As we move into the 21% century, with very rapid, mobile
communication and access to vast stores of information, we seem
to be surrounded by more and more information, with less and
less time or ability to digest it. Summarization offers the promise
of helping humans harness the vast information resources of the
future in a more efficient manner. Before this promise fully
materializes, however, there is more research, in terms of both
theory and practice, that must be carried out.
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