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INFORMATION EXTRACTION AND TEXT
SUMMARIZATION USING LINGUISTIC
KNOWLEDGE ACQUISITION*
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(Received 8 June 1988; accepted in final form 21 October 1988)

Abstract — Storing and accessing texts in a conceptual format has a number of advan-
tages over traditional document retrieval methods. A conceptual format facilitates nat-
ural language access to text information. It can support imprecise and inexact queries,
conceptual information summarization, and, ultimately, document translation.

The lack of extensive linguistic coverage is the major barrier to extracting useful
information from large bodies of text. Current natural language processing (NLP) sys-
tems do not have rich enough lexicons to cover all the important words and phrases in
extended texts. Two methods of overcoming this limitation are (1) to apply a text pro-
cessing strategy that is tolerant of unknown words and gaps in linguistics knowledge,
and (2) to acquire lexical information automatically from the texts.

These two methods have been implemented in a prototype intelligent information
retrieval system called SCISOR (System for Conceptual Information Summarization,
Organization and Retrieval). This article describes the text processing, language acqui-
sition, and summarization components of SCISOR.

1. INTRODUCTION

Information obtained from natural language texts, using current technology, is extracted
by human beings. Although relevant texts may be found through a process of document
retrieval, after those relevant documents are retrieved, a person isolates and digests por-
tions of documents that are of interest. This paradigm is appropriate when obtaining the
“source” document is important. However, when conceptual information is desired from
the source document, artificial intelligence (Al) techniques can aid in automating the infor-
mation extraction process.

Within the last decade, there have been some limited successes in the development of
Al systems that partially parse and understand short texts in constrained domains [1-4].
Based on these successes, a prototype intelligent information system, System for Concep-
tual Information Summarization, Organization and Retrieval (SCISOR), is currently under
development at GE’s Research and Development Center. SCISOR is designed to read short
articles from an online source of information and extract information from the articles.
This information is stored in a conceptual form, and users can then ask questions in nat-
ural language. Answers to questions are formulated and passed to a natural language gen-
erator, which produces an English response.

SCISOR currently operates in the domain of stories about corporate mergers and
acquisitions, although it is built with domain-independence in mind.

Figure 1 illustrates the architecture of the SCISOR system. Each of the boxes in Fig. 1
represents a major component of SCISOR. First, newspaper stories, or questions about
the stories, dealing with corporate takeovers are interpreted using the combination of two
parsing systems, one labeled “TRUMP” and the other labeled “TRUMPET.” Input ques-
tions are parsed with the same understanding mechanism as is used for the input stories.
The questions are stored along with the stories for future user modeling and to enable the
system to answer a user’s question when the answer becomes known, if it is not known to

*A shorter version of this article was presented at the Conference “User-oriented Content-based Text and
Image Handling” (RIA088) at MIT, Cambridge, March 1988.
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Fig. 1. SCISOR system architecture.

the system at the time the question is posed. Answers to input questions are retrieved with
a two-pass retrieval mechanism. After answers have been retrieved, they are passed to the
KING (Knowledge INtensive Generator) [5] natural language generator for expression.

Information extracted from the input stories, as well as the meaning of input ques-
tions, are represented in the KODIAK [6] knowledge representation language. KODIAK
has been augmented with some scriptal knowledge [7] of typical sequences of events in the
domain. These domain-dependent scripts must be encoded by hand for each application
area. The following is a typical input to the SCISOR system:

Group Offers to Sweeten Warnaco Bid

April 8 — An investor group said yesterday that it is prepared to raise its cash bid for
Warnaco, Inc. from $40 a share to at least $42.50, or $433.5 million, if it can reach a
merger agreement with the apparel maker.

The California-based group, called W Acquisition Corp., already had sweetened
its hostile tender offer to $40 a share from the $36 a share offered when the group
launched its bid in mid-March.

SCISOR is a complex system with many components. The sections that follow con-
sider three capabilities of the SCISOR system in more detail: the text processing mecha-
nisms, the summarization component, and the strategy for automatic acquisition of
unknown words. A previous article [8] discusses the retrieval mechanism and question-
answering capabilities of SCISOR.

2. TEXT PROCESSING

Natural language analysis of free text is an extremely difficult and challenging prob-
lem. However, in constrained domains with sufficient knowledge about the domain, var-
ious techniques have been successfully applied to the problem. Two such techniques are
to perform a “top-down,” expectation-driven conceptual analysis as in [1,9] or analyze the
domain in terms of a sublanguage [3,10], and use that sublanguage to guide understand-
ing. The approach to text processing in SCISOR is to use a variety of knowledge sources
to improve both the quantity and quality of information extracted from texts.

The two primary techniques integrated in SCISOR are top-down conceptual analysis
and bottom-up linguistic analysis. This combination of bottom-up (full parsing) and top-
down (partial parsing) processing allows a text processing system to make use of all sources
of information it may have in the understanding of texts in a domain. It can perform
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in-depth analysis when more complete grammatical and lexical knowledge is present, or
perform more superficial analysis when faced with unknown words and constructs. This
flexibility is necessary to achieve robust text processing. Bottom-up methods tend to pro-
duce more accurate parses and semantic interpretations, account for subtleties in linguis-
tic expression, and detect inconsistencies and lexical gaps. Top-down methods are more
tolerant of unknown words or grammatical lapses, but are also more apt to derive errone-
ous interpretations, fail to detect inconsistencies between what is said and how it is inter-
preted, and often cannot produce any results when the text presents unusual or unexpected
information. Integration of these two approaches can improve the depth and accuracy of
the understanding process.

The bottom-up processing is performed by TRUMP (TRansportable Understanding
Mechanism Package). TRUMP is a suite of natural language processing tools. The system
currently includes a parser, a semantic interpreter, and a set of lexical acquisition tools,
although its theoretical foundation lies in work done on knowledge representation for nat-
ural language generation [5]. Some of the background of TRUMP is described in [11].

The TRUMP parser combines words into phrases and sentences, checks syntactic con-
straints, and instantiates linguistic relations. The system’s acquisition strategy is to fa-
cilitate the addition of domain-specific vocabulary while preserving a core of linguistic
knowledge across domains. Consider a phrase such as “the investor group seeking control
of Warnaco.” TRUMP may be capable of parsing the phrase without much knowledge
about corporate takeovers, but with such knowledge it will produce both a more precise
interpretation and a better choice in the case of ambiguity. “The investor group” describes
a group of investors, not a group that also invests; “seeking control” refers to the takeover
objective, not really a “search”; “of Warnaco” means that Warnaco is to be controlled,
and not that Warnaco is currently in control of something else. These decisions are obvi-
ous, yet they all actually require a great deal of knowledge on the part of the system. This
knowledge is sometimes used to help parsing, but mostly it is used to produce more spe-
cific interpretations from general concepts.

TRUMP is designed to allow a variety of knowledge sources to contribute to the in-
terpretation of the input. TRUMP does not really care where additional information is
coming from, but tries to fit any more specific interpretations with what it has already pro-
duced. Thus, the specific interpretation of “investor group” may be derived from a lexi-
cal entry for that compound nominal, while the interpretation of “seeking control” depends
on domain knowledge about corporate takeovers.

Top-down processing in SCISOR is performed by a partial parser called TRUMPET
(TRUMP Expectation Tool). TRUMPET incorporates a more top-down, or expectation-
driven mode of operation. In this mode, various sources of information are combined to
aid in the extraction of expected pieces of information from text. These pieces of infor-
mation are integrated to derive as complete an interpretation as possible.

TRUMPET uses the following sources of information to perform its top-down inter-
pretation of the input.

1. Role-filler expectations: Constraints on what can fill a conceptual role add to the
confidence of assignments. These are implemented as declarative properties of the
roles.

2. Event expectations: Event expectations created from previous stories are used to
predict values in new events. These are implemented as demons that are activated
upon the instantiation of a typically continuing event.

3. World knowledge expectations: World knowledge expectations can disambiguate
multiple interpretations through domain-specific heuristics. These heuristics are
implemented as special-purpose procedures.

The program can operate with any combination of these information sources. When one
or more sources are lacking, the information extracted from the texts is more superficial,
or has a small degree of reliability. This flexibility in depth of processing is an interesting
feature in its own right, in addition to having the practical advantage of allowing the sys-
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tem to “skim” efficiently when a text overlaps with material already processed or not per-
taining to the topic at hand.
As an example, consider the following sample text:

Warnaco received another merger offer, valued at $36 a share, or $360 million.

Role-filler expectations allow SCISOR to make reliable interpretations of the dollar
figures in spite of incomplete lexical knowledge. Event expectations lead to the deeper in-
terpretation that this offer is an increase over a previous offer. World knowledge allows
the system to predict whether the offer was an increase or a competing offer, depending
on what other information is available. A unique feature of SCISOR is that partial lin-
guistic knowledge contributes to all of these interpretations and to the understanding of
“received” in this context. This is noteworthy because general knowledge about “receive”
in this case interacts with domain knowledge in understanding the role of Warnaco in the
offer.

This top-down, or expectation-driven, approach, offers the benefit of being able to
“skim” texts for particular pieces of information, passing gracefully over unknown words
or constructs and ignoring some of the complexities of the language. A typical, although
early, effort at skimming news stories was implemented in FRUMP [1], which accurately
extracted certain conceptual information from texts in preselected topic areas. FRUMP
proved that the expectation-driven strategy was useful for scanning texts in constrained
domains. This strategy includes the banking telex readers TESS [4] and ATRANS [12].

Clearly, a robust parser and semantic interpreter could obtain predefined features
from the texts without the use of expectations. This would make predefining items of in-
terest unnecessary. Robust in-depth analysis of texts, however, is beyond the near-term
capabilities of natural language technology; thus, SCISOR is designed with the understand-
ing that there will always be gaps in the system’s knowledge base that must be dealt with
gracefully. SCISOR’s text processing techniques are more fully described in [13].

After information has been extracted using the text processing system just described,
it is instantiated and stored using processes not described here. This is how graphs such
as in Figs. 2 and 3 are constructed. The rest of this section covers the acquisition compo-
nent of SCISOR’s text processing mechanism, and section 3 explains how the system uses
retrieved information for summarization.

2.1 Acquisition in SCISOR
Although the vast majority of lexical and conceptual knowledge in the SCISOR sys-
tem is still hand-encoded, the system’s lexicon is the result of the combination of online
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Fig. 2. Word analysis chart of merger.
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Fig. 3. Hypothesis chart for received another merger offer.

sources, interactive tools described in [14], and automatic acquisition techniques [15]. The
core (domain-independent) lexicon of the system contains about 10,000 entires. Some hand-
coded terminology supplements this, especially to handle compound nominals and other
specialized constructs.

The long-term acquisition strategy of SCISOR is to augment the core lexicon using
machine learning techniques. In this approach, an addition to the lexicon starts as a set of
assumptions derived from the analysis of each word in a textual context. These assump-
tions, along with justifications and dependencies, are interpreted and refined by a learn-
ing program that ultimately updates the system’s lexicon. The program uses TRUMP to
tolerate lexical gaps and a learning module called RINA [16] to acquire new words. This
method uses the initial structure of the lexicon and generalization of multiple occurrences
to create applicable new lexical entries.

2.1.1 The core lexicon A robust text processing system is of limited usefulness with-
out a large vocabulary of words and their syntactic and semantic properties.

Currently, there are a number of publicly available sources of online dictionaries and
thesauruses. These sources require extensive modification to be accessible to a real language
analyzer [17]. Other efforts are directed at producing large, public domain lexicons suit-
able for language analysis, but these will take years to become a reality.

SCISOR incorporates a 10,000-root lexical analyzer, specifically tailored for use in lan-
guage understanding. Gaps in the lexicon, typically because of technical words and proper
nouns, can be overcome by the periodic manual addition of the unknowns to the lexicon.
This brute-force process will be replaced as automatic techniques become refined. The dis-
cussion that follows describes how lexical gaps are handled in the system and how repeated
occurrences of new words are used to update the SCISOR lexicon.

2.1.2. Coping with lexical gaps. The input to TRUMP is natural language text; the
output from the system is a data structure, or chart, representing the space of possible syn-
tactic and semantic interpretations. When the system encounters unknown words, TRUMP
uses assumptions about the unknown words to construct the chart. If, for example,
TRUMP reads the sentence Warnaco received another merger offer, and does not know
the word merger, the following knowledge sources contribute to these assumptions:

1. Morphology. Merger has several morphological breakdowns, each conveying some
conceptual content. Merger can be either a simple root (like ledger); a compara-
tive adjective with root Merg- or Merge- (like larger); or a noun (like shopper,
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buyer, and seller), where merger describes the actor of some hypothetical action—
the yet unknown merge/merg action in this case.

2. Syntax. The word may be an adjective or noun serving as a modifier, and may be
part of the compound nominal merger offer.

3. Semantics/conceprual. Merger offer may describe a type of offer or something
being offered. It may also describe an offer given by someone who merges.

4. Semantics/lexical. Received . . . merger offer suggests that a merger offer was the
object of an abstract transfer event in which Warnaco was the recipient.

5. Context. The specifier another presupposes the existence of a merger offer in the
context. Thus, either there was an offer before and this offer is merger than that
one, there was another merger offer before, or there was an offer and this is one
of a group of offers that are merger than the first.

2.1.3 Analyzing unknown words. For an unknown word, TRUMP produces an
ordered list of candidate interpretations, including morphological and syntactic character-
istics. These are then used in completing the syntactic/semantic chart in much the same
manner as in the case of known words.

For merger, the result of the initial analysis is a set of candidates, as shown in Fig. 2.
Braces in the figure group together sets of mutually exclusive assumptions. The main as-
sumptions are labeled H1, H2, or H3 in the diagram. Thus, merger is either a compara-
tive adjective meaning more merge (H2), a noun (H1), or a single adjective (H3) in this
linguistic context, If the word derives from a root plus an -er ending, the root can be either
merge- or merg-.

2.1.4 Producing a hypothesis chart The previous section described the analysis of a
single unknown word in a linguistic context. The next step is to build from this analysis
an interpretation of an entire sentence. TRUMP constructs a semantic representation of
its input by mapping linguistic structures into conceptual structures and combining the new
structures. The hypothesis chart includes the possible conceptual interpretations along with
the assumptions on which they depend. For example, the hypothesis chart for part of sen-
tence (1) is shown in Fig. 3.

The Warnaco sentence results in the hypothesis chart shown in Fig. 3. The linguistic
assumptions H1-H3 are identical to those in Fig. 2; thus, the hypothesis chart includes the
word analysis. Conceptual assumptions, such as that merge is a quality and that merger
offer is thus more merge, are dependent on corresponding linguistic assumptions (labeled
H3 in this case). These assumptions in turn depend on the morphological analysis shown
in the previous diagram. When a conceptual assumption proves false, the corresponding
linguistic assumptions can be corrected because they are explicitly related within the chart.
Similarly, support for a conceptual assumption also supports a corresponding linguistic
assumption. The main advantage of this approach is that it allows multiple sources of
linguistic knowledge to contribute to the language acquisition process. This process is
described in the next section.

2.1.5 Learning new lexical entries. From the assumptions introduced by TRUMP,
RINA generates full-fledged lexical hypotheses associating structural forms and their mean-
ings. Initially RINA receives a pair: a chart representing the text and a context, present-
ing the objects referred to in prior discourse. RINA creates an association between the new
words and a conceptual template, and ultimately generalizes this association to form a new
lexical entry.

For example, from the phrase another merger offer and the context of a corporate
takeover offer, RINA can hypothesize the following association:

Template |

pattern: merger offer
congept: X offer Y to acquire company Y

From this initial template and the analysis of the unknown that TRUMP has provided,
RINA makes three assumptions about the new word:
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. Merger is a noun, root merger.

. In the compound merger offer, the noun merger is a modifier, modifying the noun
offer.

3. Merger offer is an instance of a general lexical entry transaction offer, which

denotes an offer to perform a fransaction.

[\ I

Through these assumptions, RINA interprets Template 1 above as a productive com-
position of its constituents:

Template 2

pattern: (:modifier merger :head-noun offer)
concept: offer to perform a merger-transaction

RINA employs structure matching with the productive pattern of Template 2, to break
down Template 1 into its constituents. Accordingly, merger is associated with company
acquisition, leading to the following lexical hypothesis:

Template 3:

Pattern: merger
concept: company-acquisition

The templates above play two important roles. Template 1 helps to construct a mean-
ing for the original sentence. Template 3 represents a long-term hypothesis to be used in
future examples. Later examples may refute or refine this hypothesis, as illustrated by the
following sentences:

1. The merger was completed last week.
2. Bendix finally merged with United Technologies.
3. Midcon will be merged into a subsidiary of Occidental.

Sentence (1) provides a confirmation of the hypothesis above (and rules out other spu-
rious hypotheses that are not described here). Sentences (2) and (3) initiate a new assump-
tion: the morphological relation between merger the noun, and merge/merg the verb, is
used for transfering semantic properties of the already known noun to the yet unknown
verb. Accordingly, to merge means perform company acquisition. RWA requires specific
combinations of examples to refine the meaning further, but this mechanism allows for the
graceful handling of new words in a text processing context.

It is critical that the mechanism for dealing with lexical gaps be integrated with the
method for acquiring new lexical entries. Even if RINA never progressed beyond Tem-
plate 1 above, SCISOR would benefit from having this template as a placeholder for later
occurrences of the word merger. The following are several advantages of this method:

e The system can use assumptions from coping with a lexical gap to respond to
requests. For example, if the phrase Hyperactive Technologies is used in a text, and
SCISOR assumes it is a name without knowing what it describes, the name itself
becomes part of the structure that is used to index the text. Placing the unknowns
into a partial interpretation of the text is thus much more effective than ignoring
the unknowns completely.

e Assumptions about the behavior of a new word can avoid excessive processing the
next time the word appears, and help in forming a hypothesis about the next occur-
rence. For example, if SCISOR reads the merger was completed before it encoun-
ters another merger offer, it can avoid considering the possibility that merger is a
comparative at all.

e The contextual clues in each occurrence of a word contribute to the final lexical
structure of the word; thus, even if this structure is incomplete or abstract, it reflects

IPM 25:4-F
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the texts themselves. An assumption, for example, that crude is a type of oil, is cer-
tainly not a good representation of the meaning of the word crude, but it is very
effective in responding to inquires about financial texts.

This section has described SCISOR’s approach to the acquisition and application of
lexical knowledge. The next section will present how SCISOR uses its conceptual represen-
tation of events to generate summaries of events that take place over time.

3. TEXT SUMMARIZATION

In application areas dealing with events that take place over time, the ability to sum-
marize information is especially important. In accessing information about corporate
mergers, for example, a user is often interested in a concise summary. A large set of doc-
uments, each describing a minor event with a rehash of all events up to that point, would
overload that user. Summarization also turns some of the limitations of top-down
approaches into an advantage: since the system is unable to understand many of the details
of the stories, it tends to rely on common, “expected” structures as the basis of a summary.
The material that is understood is often most relevant to a summary.

Summaries do not replace source texts. In many cases, a document or section of a
document is an appropriate response to a user query. In other cases, however, a summary
is much more relevant than the documents.

For the purposes of summarization, the distinction between narrative texts and exposi-
tory texts is important. In narrative texts where a story is being told, there is a plot. Events
central to the plot are described in the same way as superfluous events. Thus, the task of
summarization becomes one of determining what the plot is and gathering together descrip-
tions of events central to that plot. Some examples of approaches to narrative text sum-
marization may be found in [18-20].

Expository texts do not have “plots” per se. As a result of this, the events described
in an expository text may all be relevant. For example, it can be assumed that the facts
present in a newspaper story are all somehow relevant to that story. The task in exposi-
tory text summarization then becomes one of determining the appropriate level of detail
for the summary.

With expository texts, the conciseness of a summary can be roughly approximated by
a linear function of the distance of the concepts to be expressed from the containing cat-
egory that represents what is to be summarized. In narrative texts, a program must have
a more complicated method of determining the relative importance of the events described
in the story. Although the “linear function of the distance” heuristic does not always pro-
duce an optimal summary, it is a starting point for more complex heuristics.

In SCISOR, summaries are currently being generated in a conceptual form, and are
to be converted into English output when the KING generator is connected. At the time
of this publication the generator can produce simple answers but not complete summaries.
The program uses several heuristics to guide the selection of nodes that are passed to the
generator. One simple heuristic is to limit the number of concepts included in the summary.
Another heuristic is to cluster concepts that are members of the same category. For exam-
ple, in Fig. 4, three components of the representation of the corporate takeover scenario
are members of the LEGAL-COMPLICATION category. This would cause the sentence “. . .
involving some potential conflict of interest matters . . .” to be generated in place of the
details of those legal complications.

Figure 4 also illustrates a portion of a corporate takeover scenario. The encircled con-
cepts are the concepts that are to be expressed in the summary. This figure corresponds
to one summary that might be given below.

Summary: Rumors that ACME was to be taken over started May 13, 1985. The stock
rose $5 a share to $65. On May 16, the ACE company announced that it had made an
offer to ACME valued at $66 a share. The offer was a cash offer to purchase all 2 mil-
lion outstanding shares of ACME. After a month of deliberation involving some poten-
tial conflict of interest matters, the ACE-ACME deal was completed last Friday.
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Fig. 4. Story to be summarized.

The natural language generator of SCISOR has not yet been connected so that out-
put such as this is currently “canned.”

SCISOR also uses the “linear function of distance” heuristic to produce appropriate
summaries. For example, a very long article about a takeover may have many extraneous,
historical details and surrounding context that might not be appropriate for a summary of
that takeover. Although these details are included in the representation of the article, they
are not used in summarization because of their conceptual distance from the corporate
takeover script.

To guide the summary of an event, the user must refer to the event at an appropri-
ate conceptual level. For example, to elicit the summary above, the user might request
“Please give me a summary of the events in the ACE-ACME takeover.” The program out-
puts the contents of any conceptual category that is inquired about by the user. If that cat-
egory is a high-level one, a summary will be produced. If it is very specific, something very
specific such as an answer to a specific question will be produced. If the user asks for a
“short” summary or an “extended” summary, SCISOR uses heuristics to compute a rela-
tive measure of length, based on the longest paths existing in the particular representations.

4. IMPLEMENTATION AND STATUS

SCISOR is an implemented system written in Common Lisp. It is capable of process-
ing stories at the rate of a few seconds per sentence. It currently has available to it a core
lexicon of over 10,000 words.

In recent tests, SCISOR has constructed partial interpretations of a few days’ worth
of stories taken directly from an online news service, and answered simple questions about
them.

In the immediate future, we plan to begin collecting large amounts of conceptually
analyzed material and extensively testing the system. In the longer term, we hope to con-
tinue to increase the size of the lexicon and system grammar and improve the capabilities
of the bottom-up TRUMP parser. The most important extension, however, will be to test
SCISOR in real-life information gathering tasks.

As the system has been engineered to be portable across domains, we will eventually
choose another application and tailor the system for this new domain. This should pro-
vide valuable insight into issues of system extensibility and portability and the prospects
for potential “generic” text processing packages.

5. SUMMARY

SCISOR represents a unique combination of technologies aimed at the robust and reli-
able extraction of information from naturally occurring texts in constrained domains. The
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system processes texts using a substantial grammar and lexicon as well as expectations
about the conceptual content of the texts. Machine learning techniques augment the lexi-
con with domain-specific terms. A set of heuristics for summarization helps to provide
cooperative responses to user queries where retrieval of the original texts is unhelpful. This
integration of extensive text processing capabilities with automated language acquisition
and a summarization algorithm forms a practical strategy for providing conceptual infor-
mation retrieval in limited domains.

19.

20.
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