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Abstract

One way to extract meaning from a large text
corpus is to interpret documents in terms of
a restricted semantic model. This paper de-
scribes a hybrid approach that integrates the
techniques of information retrieval with ideas
from cognitive linguistics. In contrast to the
standard text processing system, the goal of
which is to discover documents that pertain to
some topic of interest to the user, an approach
is introduced based on the criterion of direc-
tionality (e.g. “Is the agent in favor of, neutral,
or opposed to the event?”). A method is de-
scribed for coercing sentence meanings, based
on their syntax and content, into a metaphoric
model that can be easily interpreted in order
to answer a direction-based query. The as-
sumptions and tradeoffs associated with this
method are discussed.

Introduction

The increasing availability of computer-accessible text
is intensifying the need for innovative ways to process
this special kind of data. To avoid the expense of a full
semantic analysis, one can restrict the type of informa-
tion extracted from the text in the hopes of obtaining a
savings in processing time and complexity. This is fea-
sible if useful criteria for restricting the semantics can
be developed, and if the bulk of the text processing is
done by efficient, but coarse, techniques. This paper
proposes such a hybrid method, integrating the ideas
of information retrieval with those of cognitive linguis-
tics. This description is meant to be more a vision for
future viable systems than something that can be im-
plemented in full today, mainly because it assumes the
existence of successful implementations of components
that are currently still research goals.

The proposed method, called Task-Based Text Inter-
pretation (TTI), interprets isolated portions of larger
texts within the framework of a general, domain inde-
pendent metaphoric model. In fact, TTI uses metaphor
in two ways: (1) as the basis for a simple model into
which the semantics of sentences are mapped, and (2)
as a criterion to determine how to place semantically
related lexical items into groups, or conglomerations.
These conglomerations circumvent the need for the
large, complex knowledge bases that full text under-
standing systems require. Applying this method to the
output of an Information Retrieval (IR) system yields
an incremental improvement in the text classification
task.

The remainder of the paper first motivates TTI with
a description of the task domain, then gives a general
overview of the method. This is followed by an exposi-
tion of the role of general metaphor in the system and an
application of TTI to a sample sentence. Finally, since
any semantic analysis done in the context of an IR sys-
tem must strike a favorable balance between the amount
of processing required and the depth of interpretation
obtained, the paper concludes with a discussion of the
assumptions and tradeoffs found in this approach.

Motivation and Problem Statement

One way of structuring a corpus is to sort the docu-
ments into categories based on their topical content.
Current IR systems accomplish this task with varying
degrees of sophistication. For example, RUBRIC (Mc-
Cume et al. 1985) allows the user to define an elaborate
conceptual hierarchy, bottoming out on keywords, that
classifies documents according to what topics they con-
tain. However, once the topical content of a document
is determined, how can the document be further distin-
guished from others describing the same topic?

What is needed is a classification criterion that ap-
plies to a wide range of corpora; a useful question rel-



atively independent of domain. One such criterion is:
where, according to the text, does a semantic attribute
lie along a continuum between extremes? For example,
given a set of newspaper articles and the topic “Envi-
ronmental Issues Pertaining to the Kesterson Wildlife
Refuge,” one can inquire as to whether public figures
are stated as being opposed to, neutral, or in favor of
a proposed cleanup plan. More generally, articles can
be classified according to how they answer the query
“Is agent A in favor of event E?” Other examples of
queries within this genre are: “Is situation S improving
or worsening?” and “Is agent A1 dominating or being
dominated by agent A2?” This criterion can be thought
of as directionality, in contrast to the topicality criterion
of standard IR systems. Note that directional queries
are domain independent.

How is this kind of classification to be accomplished?
Clearly keyword-based analysis alone is not sufficient.
Consider the classification criterion “Is the agent in fa-
vor of the event?” applied to the following pair of sen-
tences:

(1a) Three congresswomen introduced legislation to lift
the ban on the dumping of wastewater off of the
coast.

(1b) Three congresswomen introduced legislation to
support the ban on the dumping of wastewater off
of the coast.

A difference of one word manages to reverse the at-
titude of the agents toward the situation, even though
lift and support are not contradictory when out of con-
text. To correctly distinguish these sentences, some sort
of semantic component must come into play. However,
the semantics need not be comprehensive – the interpre-
tation mechanism can take advantage of the restricted
nature of the query in order to minimize the degree of
inference needed.

Task-based Text Interpretation

A mechanism that can classify an article based on the
directionality criterion provides a precise interpretation
of a narrow slice of the semantic content of the docu-
ment. TTI, the method proposed to accomplish this, is
founded on three observations:

1. IR can be used to isolate the documents that corre-
spond to a topic, and keywords can be used to help
pinpoint likely relevant sentences (Withgott et al.
1989).

2. A simple conceptual model can be used to de-
scribe some general semantic characteristics of a

wide range of linguistic phenomena (Talmy 1985;
Reddy 1979).

3. Ignoring semantic subtleties and interpreting lexi-
cal components in terms of general metaphoric de-
scriptions can greatly simplify the mapping from
syntax to the conceptual model.

TTI involves interpreting text in terms of a simple
semantic model, only to the amount of detail necessary
to accomplish the target task (to answer the query of
interest). In effect, the process recasts a portion of the
document into a predefined semantic model.

In brief, the method proceeds as follows: Relevant
documents are selected by the system’s Information Re-
trieval component, which makes use of domain depen-
dent keywords and phrases (assumed to already be sup-
plied) that identify the target concepts (e.g. the system
knows about lexical items involved in expressing a topic
such as “wastewater dumping”). This information is
used to isolate sentences that are likely to contain the
answer to the target query (e.g. a sentence that refers
both to “congresswomen” and “wastewater dumping” is
a good candidate). Once a candidate sentence is found,
a partial parse is performed. As the analysis proceeds,
pieces of the model are instantiated and linked together
corresponding to elements of the parse. The resulting
structure is interpreted in terms of the model, and the
query is answered. This procedure is described in more
detail below.

The Use of General Metaphor

Cognitive linguists such as Reddy (1979) and Lakoff
& Johnson (1980) observe that the use of general
metaphors is surprisingly widespread and consistent in
“everyday” utterances. An example of a general English
metaphor is one in which negative, undesirable things
are described in terms of “downness.” This is evident in
phrases such as “take a dip,” “the quality is declining,”
“it’s going downhill,” and so on. The central meaning
of metaphors such as these can be considered to be do-
main independent, as evidenced by the fact that they
are used in many diverse contexts.

A mechanism which makes inferences based solely on
the central meanings of this kind of metaphor can ex-
ploit this property of domain independence. This is the
main idea behind the semantic analysis component of
TTI. If the task of interest can be described in terms
that can be inferred from the central meaning of a
metaphor, then the semantic analysis can be domain
independent. As mentioned in the introduction, TTI
uses this notion of metaphor in two distinct ways: both
as a simple model into which the semantics of sentences



are coerced, and as a criterion to determine how to place
words and phrases into lexical conglomerations, which
are used by the coercion process.

The Semantic Model

The first idea, that of mapping sentence semantics into
one basic metaphor, has been exemplified in the work of
Talmy (1985) and Reddy (1979). Talmy, in his theory
of force dynamics, uses an intuitive model to describe
a multitude of linguistic phenomena in terms of a more
general conceptual framework. Reddy describes how
the conduit metaphor underlies many English expres-
sions about communication. The main theme of this
metaphor is that thoughts are objects which are placed
by the speaker into containers that are sent along a
conduit, and are removed from the containers at the
other end by the listener. Inferences that can be made
about conduits (e.g. they can be blocked up, become
full, etc.) are applied to notions of communication as
well (e.g. “Your meaning did not come through.”).

Empirical analysis reveals that the inferences that can
be generated based on a path metaphor suffice to an-
swer the target query defined in an earlier section (“Is
the agent in favor of the event?”). More specifically,
this metaphor can be stated as “events are vehicles that
travel along a path toward a destination.” This can be
thought of as the conduit metaphor augmented with a
goal (the destination); the goal provides the necessary
directional component. In this model, an entity is seen
as progressing along a path from a starting point to-
ward a destination. The entity may encounter barriers
in its path, indicating that its tendency is being blocked.
Agents independent of the entity have the power to in-
troduce barriers, remove barriers, reinforce or weaken
barriers, initiate the entity’s journey, speed up or slow
down the journey, or bring the entity to its destination.

In determining the answer to the target query, the di-
rectionality of two separate components must be deter-
mined – both the attitude of the agent and the progress
of the event. This is necessary in order to determine
whether or not an opinion has been expressed. In sen-
tences such as “The congresswomen said that wastewa-
ter dumping is continuing,” the system must realize that
no agent is expressing an attitude. Furthermore, there
is a class of expressions which indicates the direction
of the agent’s attitude relatively directly (e.g. “favors,”
“denounced”), and it is reasonable to take advantage
of this. The attitude of the agent can be expressed
indirectly, however, as in the phrase “introduced legis-
lation,” the interpretation of which is described in the
next section.

Part of the power of this approach is that the set

of valid heuristic inferences is limited and is explic-
itly specified with respect to the model. Some example
heuristics for the model outlined above are:

• If an agent initiates an entity’s journey along a
path, the agent favors the entity’s progress, and
therefore is in favor of what the entity symbolizes.

• If one agent favors a measure that strengthens an-
other agent’s capability to remove a barrier from
the path of an entity, the first agent favors the
progress of the entity.

Preliminary work reveals that this semantic model,
with some minor modifications, can be applied to an-
swer another general query, namely “Does the event E
improve the situation S?” This includes subquestions
such as “Does the drug cure the disease?” and “Is
the financial situation improving?” These queries all
have a directional component. To be investigated still
are queries that are best based on some other semantic
model.

Both Talmy and Reddy consider the base metaphors
that they investigate to be at least part of the under-
lying meaning of some subset of linguistic utterances.
However, in TTI the base metaphor is used as a lin-
gua franca into which the meanings of all candidate
sentences are coerced. This is useful for two reasons:
first, once the system has a representation of the sen-
tence based on this metaphor, it need perform only a
restricted set of inferences. Second, since the model be-
ing mapped into is small (compared with mapping into
a network of “real-world” knowledge), the syntax-to-
semantics conversion is simplified considerably.

Lexical Conglomerations
The second way in which TTI makes use of general
metaphor is in the assignment of lexical items to con-
glomerations. Words such as “ban” and “roadblock”
are easily assigned to the “barrier” conglomeration.
However, assignment to conglomerations is not limited
to grouping of what might usually be considered syn-
onyms. For example, in the political arena, “limits” and
“ceilings” are often proposed as compromises – alterna-
tives to outright bans. If the system were to produce a
detailed semantic interpretation, it would have to know
how to reason about partially restricted movement. Al-
though this is a valid approach, it is much simpler to
coerce the notion of a limit into that of a barrier. This
is justified by the heuristic that if A proposes a putting
a limit on the amount of E, then A in reality is opposed
to E but is suggesting a limit as a compromise. Thus
“limit” would be placed in the conglomeration called
“create-barrier.”



As another example, consider the war metaphor.
This may be manifested in sentences such as “The
congresswoman attacked the bill on wastewater dump-
ing,” and “The president favors shielding the elephants
against attacks by poachers.” The verb “attack” is
placed in the “create-barrier” conglomeration, since an
attack on an entity can be viewed as an attempt to
block its progress on a path. Similarly, “shielding” is
placed in the “remove-barrier” conglomeration because
shields are used to counteract the effects of attacks.1

All lexical items that can affect the direction of the
outcome of the query must be classified. Once the ba-
sic conglomerations are defined, the relevant members
of a lexicon must be annotated with the ID’s of the
conglomerations to which they belong. Many words are
“opaque” with respect to the model – they do not re-
quire annotation and can be treated as “black boxes”
without affecting the outcome of the analysis. Some
others are “transparent” – they are used to link pieces
of the model together but do not instantiate any part
of the model.

How is conglomeration membership determined?
Currently this is done by examining the contexts in
which the lexeme occurs, considering the metaphors it
appears in, its etymology, and how it interacts with
the path model. It would be interesting to explore the
possibility of automatic conglomeration assignment, as
perhaps a simplified version of the word sense discovery
task (Zernik 1989).

Differences from Other Metaphor-Based
Approaches
Approaches such as (Carbonell 1982, Martin 1988)
have incorporated the use of general, or conventional,
metaphor in the context of general purpose text un-
derstanding. Not surprisingly, these approaches differ
significantly from TTI’s, since their goals are differ-
ent (full interpretation versus classification along one
dimension). Martin’s system takes advantage of the
structure underlying conventional metaphor to deter-
mine correspondences between source and target con-
cepts, where “[t]he target concept is the concept that is
actually under consideration. The source specifies the
concepts in terms of which the target is being viewed”
(pg. 30). For example, given the sentence “How do

1It may seem counterintuitive that the verb “shield” is
used to indicate the removal of a barrier, since the noun
shield often is thought of as a barrier of sorts. Actually,
in this framework, the verb “shield” sometimes acts as the
introduction of a barrier, and sometimes as the removal of
one, depending, among other things, on the amount of in-
formation obtained from the prepositional phrase associated
with it.

I kill a process?” the source domain is “killing,” the
target is “terminating,” and the two are linked through
an intermediate “terminate-as-killing” metaphor. This
approach allows the system to make complex inferences
that take into account detailed domain knowledge from
both the source and the target. For example, the sys-
tem must know enough about processes to know that it
makes sense to discuss terminating one.

In TTI, by contrast, the notion of target and source
are not used. Rather, every relevant lexical item is con-
verted via the conglomerations into an element of the
path domain. Inferences are performed only within the
path domain (i.e., there is no equivalent to needing to
represent the fact that processes are things that can
be terminated). More fundamentally, TTI differs from
these other approaches in that the latter attempt to in-
terpret the metaphorical mappings in roughly the same
way a reader would, whereas TTI exploits the regulari-
ties underlying the metaphors to coerce their meanings.

An Example

This section presents the exposition of a simple exam-
ple, a modified version of sentence (1a):

(1c) Congresswomen introduced legislation to lift the
ban on wastewater dumping.

The first step involves some simple syntactic analysis.
For sentence (1c) this consists of: labelling of the part-
of-speech categories, identification of target lexical units
based on the keywords used in the original IR lookup
(e.g. “congresswomen” and “wastewater dumping” are
identified as target lexical units), and recognition of the
predicates and what constitutes their complements. In
the current system sentences are hand-parsed into a
simple feature-structure representation.

The next step involves building an instance of the
model from the parse. The main predicate, “intro-
duced,” is examined first; it indexes into an “initiate-
event” conglomeration. Associated with each conglom-
eration is a template that represents the fragment of
the model to which members of the conglomeration
correspond. For example, associated with lexemes
that can indicate the initiation of an event (e.g. “in-
troduced,” “began,” “gave birth to”) is a template:
initiate-event($Agent, $Event, $Purpose). The predi-
cate’s complements are examined, and since “congress-
man” is recognized as a target agent unit with the syn-
tactic structure of a simple NP, it is instantiated into
the $Agent slot.

At this point, an advantage of the TTI methodology
becomes apparent: the system need not have a special
interpretation for every lexical item it encounters. Due



to the constraints imposed by the syntax of the sentence
and the characteristics of this conglomeration, the ana-
lyzer need not have knowledge of how to interpret the
simple NP “legislation,” since no matter what its mean-
ing, it cannot affect the directionality of the sentence.
So, “legislation” is simply placed in the $Event slot.
The remainder of the sentence builds up a fragment to
fill in the (optional) $Purpose slot.

Based on its syntax and the kind of complements its
predicate “introduce” is known to take, the infinitival
“to lift” clause is interpreted as expressing the “pur-
pose” of the action. The lexeme “lift” can index into
a “remove-barrier” conglomeration, but in some cases
this interpretation does not apply. The choice is delayed
temporarily as the analyzer looks ahead to the next
phrase, “the ban on wastewater dumping.” The syn-
tactic structure of two simple NP’s linked by a prepo-
sition occurs often and is analyzed all at once. If the
second NP is a target (as it is in this case), and the first
NP is a nominalized form of a verb that indexes into a
conglomeration (as is “ban”), then the system can use
“ban’s” conglomeration. Other phrases that have this
structural pattern are “the creation of a new fund,” “an
all-out purge of selenium,” and “other restrictions on
gun ownership.” In some cases the directionality of the
first NP is partially or fully determined by the preposi-
tion that follows it. For example, “protest against” and
“protest for” indicate opposing directions. As this ex-
ample shows, some syntactic details must be preserved
in the parse in order to ensure correct interpretation.

The analysis now has generated the fragment initiate-
barrier(A1, target( [wastewater dumping] ), P1) (the
agent slot remains uninstantiated; how this can be in-
ferred is not discussed here). This fragment choice
helps determine that the proper conglomeration for
“lift” is indeed “remove-barrier.” So the final tem-
plate is: initiate-event(target([congresswomen]), [legis-
lation], remove-barrier( A0, initiate-barrier(A1, target(
[wastewater dumping] ), P1), P0))

This structure is now interpreted according to heuris-
tics as described above, generating the inferences:

• the congresswomen favor legislation

• the congresswomen favor removing a ban

• the congresswomen favor wastewater dumping

Although the first two may not be salient, they are in-
ferable from the model. The third inference answers the
target query.

If sentence (1b) had been processed instead, “sup-
port” would have indexed into a conglomeration whose
template indicates that its argument is “strengthened,”
rather than one indicating the removal of a barrier, as

“lift” does. The interpretation heuristics would then
encounter an instance of an agent (the congresswomen)
initiating an event that strengthens a barrier-placing ac-
tion, and would conclude that the congresswomen op-
pose the wastewater dumping.

The method is in the early stages of development:
a prototype program that analyzes hand-chosen and
hand-parsed sentences has been written in Common
LISP. The most important next steps are showing that
the method succeeds over a large set of documents and
applying the method to a variety of direction-based
queries.

Discussion

TTI is constrained by the goal of making semantic dis-
cernments while eschewing the complexity required by
NLP systems that attempt to generate “all plausible”
inferences. As mentioned in the introduction, this kind
of approach is profitable only if the effort involved in
building and executing the system does not outweigh
the depth and quality of the results. If the effort does
get too large, one could argue that a general text un-
derstanding system would be more appropriate (since
it can produce more detailed interpretations), or that
the semantic component should be scrapped altogether
(because its results do not justify its cost).

In analyzing the “cost-benefit ratio” of an approach
like TTI, several points of contention should be raised:

How valid is the assumption that the target queries are
general and useful enough to justify the effort required
to answer them? Note that this depends to some ex-
tent on how well the conglomeration information for one
query applies to others.

How often does the text contain the answer to the query
in a form discernible to the method? With newspa-
per articles this assumption is more plausible than it
would be in some other discourse domains, but even so,
the system will generate a partially complete classifica-
tion. This is tolerable provided that the system does
not make incorrect classifications and provided that the
potential for errors of omission is known.

How much syntactic information must be incorporated
into the conglomerations, i.e., to what extent do con-
glomerations have to be distinguished based on the syn-
tactic context in which they appear? If this information
becomes too detailed, the conglomerations may become
numerous enough to counteract the motivation behind
them.

The outcome of the tradeoffs can only be determined
through empirical studies. If this approach and oth-
ers like it can tip the balance in their favor, restricted



semantic analysis will occupy a dominant role in the
construction of efficient, intelligent text interpretation
systems.
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