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Abstract

A text understanding system with learning capabilities
is presented. New concepts are acquired by incorporat-
ing two kinds of evidence — knowledge about linguistic
constructions in which unknown lexical items occur and
knowledge about structural pattemns in ontologies such
that new concept descriptions can be compared with prior
knowledge. Cn the basis of the quality of evidence gath-
ered this way concept hypotheses are generated, ranked
according to plausibility, and the most credible ones are
selected for assimilation into the domain knowledge base.

Introduction

We propose a text understanding approach in which con-
tinuous enhancements of domain knowledge bases are per-
formed given a core ontology (such as WordNet (Fellbaum,
1998)). New concepts are acquired taking two sources of
evidence into account: the prior knowledge of the domain
the texts are about, and linguistic constructions in which
unknown lexical items occur. Domain knowledge serves as
a comparison scale for judging the plausibility of newly de-
rived concept descriptions in the light of prior knowledge.
Linguistic knowledge helps to assess the strength of the in-
terpretative force that can be attributed to the grammatical
construction in which a new lexical item occurs. Our model
makes explicit the kind of quality-based reasoning that lies
behind such a process.

We advocate a knowledge-intensive model of concept
learning from sparse data that is tightly integrated with the
non-learning mode of text understanding. Both learning
and understanding build on a given core ontology in the
format of terminological assertions, and hence make abun-
dant use of terminological reasoning facilities. The “plain”
text understanding mode can be considered as the instanti-
ation and continuous filling of roles with respect to single
concepts already available in the knowledge base. Under
learning conditions, a set of alternative concept hypotheses
are managed for each unknown item, with each hypothesis
denoting a newly created conceptual interpretation tenta-
tively associated with the unknown item.

A Model of Quality-Based Learning

Fig. 1 depicts how linguistic and conceptual evidence are
generated and combined for continuously discriminating
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Figure 1: Architecture for Quality-Based Learning

and refining the set of concept hypotheses (the unknown
itemn yet to be learncd is characterized by the black square).
The language processor yields structural dependency infor-
mation from the grammatical constructions in which an un-
known lexical item occurs in terms of the corresponding
parse tree. The conceptual interpretation of parse trees in-
volving unknown lexical items is used to derive concept
hypotheses, which are further enriched by conceptual an-
notations reflecting structural patterns of consistency, mu-
tual justification, analogy, etc. in the continuously updated
terminological knowledge base. These kinds of initial ev-
idence, in particular their predictive “goodness™ for the
learning task, are represented by corresponding sets of lin-
guistic and conceptual quality labels. Multiple concept hy-
potheses for each unknown lexical item are organized in
terms of a corresponding hypothesis space, cach subspace
holding different or further specialized concept hypotheses.

The quality inachine estimates the overall credibility of
single concept hypotheses by taking the available set of
quality labels for each hypothesis into account. The final
computation of a preference order for the entire set of com-
peting hypotheses takes place in the qualifier, a terminolog-
ical classifier extended by an evaluation metric for quality-
based selection criteria. The output of the quality machine
is a ranked list of concept hypotheses. The ranking yields,
in decreasing order of significance, either the most plausi-
ble concept classes which classify the considered instance
or more general concept classes subsuming the considered
concept class.

Linguistic Quality Labels

Linguistic quality labels reflect structural properties of
phrasal patterns or discourse contexts in which unknown
lexical items occur — we assume here that the type of
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Figure 4: Learning Accuracy (LA) for the Entire Data Set
Related Work

Our approach bears a close relationship to the work of
Mooney (1987), Gomez & Segami (1989), Rau et al.
(1989), Hastings (1996), and Moorman & Ram (1996), who
all aim at the automated learning of word meanings from
context using a knowledge-intensive approach. Our work
differs from theirs in that the need to cope with several
competing concept hypotheses and to aim at a reason-based
selection is not an issue in those studies.

The work closest to ours has been carried out by Rau
et al. (1989) and Hastings (1996). Concept hypotheses are
also generated from linguistic and conceptual data. Unlike
our approach, the sclection of hypotheses depends only on
an ongoing discrimination process based on the availabil-
ity of these data but does not incorporate an inferencing
scheme for reasoned hypothesis selection. The difference in
learning performance — in the light of our evaluation study
— amounts to 8%, considering the difference between LA -
(plain terminological rcasoning) and LA CB values (termi-
nological metareasoning based on the qualification calcu-
lus). Hence, our claim that we produce competitive results.

Note that the requirement to provide learning facilities
for large-scale text understanders also distinguishes our ap-
proach from the currently active field of information ex-
traction (IE) (Appelt et al., 1993). The IE task is defined in
terms of a pre-fixed set of templates which have to be in-
stantiated (i.e., filled with factual knowledge items) in the
course of text analysis. Unlike the procedure we propose,
no new templates have to be created.

Conclusion

In this paper, we have introduced a methodology for gener-
ating new knowledge items from texts and integrating them
into an existing domain knowledge base. This is based on
the incremental assignment and evaluation of the quality
of linguistic and conceptual evidence for emerging concept
hypotheses. The concept acquisition mechanism we pro-
pose is fully integrated in the text understanding mode. No
specialized learning algorithm is needed, since learning is a
(meta)reasoning task carried out by the classifier of a termi-
nological reasoning system. However, heuristic guidance
for selecting between plausible hypotheses comes from the
different quality criteria. Our experimental data indicate
that given these heuristics we achieve a high degree of prun-
ing of the search space for hypotheses in very early phases

of the learning cycle.

Our experiments are still restricted to the case of a sin-
gle unknown concept in the entire text. Generalizing to
n unknown concepts can be considered from two perspec-
tives. When hypotheses of another target item are generated
and incrementally assessed relative to an already given base
item, no effect occurs. When, however, two targets (i.e.,
two unknown items) have to be related, then the number of
hypotheses that have to be taken into account is equal to the
product of the number of hypothesis spaces currently asso-
ciated with each of them. In the future, we intend to study
such scenarios. Fortunately, our evaluation results also indi-
cate that the number of hypothesis spaces decreases rapidly
as does the learning rate, i.e., the number of concepts in-
cluded in the remaining concept hypotheses. So, the learn-
ing system should remain within feasible bounds, even un-
der these less favorable conditions.
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