Visions of the Digital Library: Views on using Computational

Linguistics and Semantic Nets in Information Retrieval

Judith L. Klavans

Columbia University

Abstract

Whether there is a role for natural language processing techniques in information science

has always been in question. Walker al. 1977 report that the impact of linguistics, then a

rapidly growing and vibrant field revolving around the study of language as a formal system,

had surprisingly little impact on the field of information science, a field also revolving around

the understanding of documents consisting largely of language. However, optimism and promise

of results arising from collaborative efforts were also reported in Walker et al. 1977. In light

of this optimism, this paper presents proposals for incorporating a semantic net derived semi-

automatically from various machine-readable dictionaries into several aspects of the information

retrieval task, including text indexing in order to cluster related documents, query expansion, and

the the construction of a browser as part of the human interface. 1

1 Natural Language Processing in Information Retrieval

Both skepticism and optimism can be found in viewing the complex relationship between information

science and computational linguistics. In fact, whether there is a role for natural language processing

techniques in information science has always been in question. Walker et al. 1977 report that,

surprisingly, the impact of linguistics, then a rapidly growing and vibrant field revolving around the

study of language as a formal system, had little impact on the field of information science, a field also

revolving around the understanding of documents consisting largely of text.

Earlier, in 1970, the Committee on Linguistics in Documentation of the International Federation for

Documentation, commissioned the preparation of a survey on the linguistic components of document

analysis, description, and retrieval. The results of this survey appear in Sparck Jones and Kay 1973,

and served as the impetus for the workshop organized and reported on by Walker et al. 1977. Issues that

were examined in the survey and which appear in Sparck Jones and Kay 1973 include: the relevance of

linguistic theory and its relationship to the structure of knowledge, including phonology, morphology,

syntax, and semantics; and discussion of how linguistic theory relates to the organization, storage, and

transmission of information. Most importantly, the question of how the new field of computational

linguistics could contribute and be affected by information science was examined. Also considered

were topics which are still actively on current research agendas, such as automatic morphological

and syntactic analysis, machine translation, machine-assisted translation, automatic indexing and

abstracting, and the automatic preparation of indexes and thesauri.

The 1976 Workshop, leading to Walker et al. 1977, was specifically organized to gather together

specialists in relevant sub-fields to develop a research agenda with a comprehensive plan. Although

recognizing the realities and differences in the foci of linguistics, computational linguistics, and

information science, the vision put forth in this volume was decidedly optimistic.

This optimism has persisted among a community of researchers within computational linguistics

and information science who have followed the view that natural language processing and knowledge-

based techniques do play a role in various aspects of the information retrieval (IR) field (Fox 1992).

Research dating from the 60’s (Salton and Lesk 1965, Salton 1966) explored knowledge-based

methods for IR. Other research has focussed on the use of morphological information (Frakes 1992)),

linguistically sensitive collocational information (Smadja 1990), dictionary and thesaural methods

(Krovetz and Croft 1989, Evans 1991, Liddy et al. 1993), syntax-based template and pattern matching

(Fagan 1987), semantic representations, semantic nets (Voorhees 1993) and statistical and syntactic

based phrasal indexing (Croft et al. 1991).

The key drawback in using such techniques are two. First, knowledge based techniques tend to

be time and space intensive, thus slowing down performance. Secondly, semantic techniques tend to

increase the number of overall retrievals, which in turn may degrade precision. However, research

such as Belkin et al. 1993 suggests that multiple query based approaches are potentially highly

promising; thus, such directions should be pursued, with the semantic net approach being part of a

larger system incorporating different query and indexing functions. However, what is still lacking is

a precise understanding of which knowledge based techniques will provide the best results.

With the understanding that some refinements may be necessary, this paper proposes using a

semantic net to both index and query documents. The rationale for using the semantic net (rather

than syntactically derived information) is the belief that most queries request documents organized

around meaning. The definition of meaning in this context is not the more formal notion of logical

form. Instead, we refer to a more utilitarian notion of semantics, including surface and deep aspects

of lexical semantics.

2 Semantic Nets in Information Retrieval:

a Proposal

Semantic nets have long been useful in other domains of artificial intelligence. Their properties

and complexities are well studied although their drawbacks are also well-known (see Woods 1975).

Wide-coverage semantic nets have been constructed both manually, as well as automatically and semi-

automatically. Perhaps the most widely used manually constructed and publicly available general

semantic net is WordNet (Miller 1990a, Miller et al. 1990b). Other manually constructed nets have

either been small, domain specific, or not publicly available. Libraries have developed cataloging

systems (e.g. the Library of Congress system) which can be considered a type of semantic net,

covering subject areas. Other nets have been constructed automatically, using machine readable

dictionaries or large texts.

Semantic Nets and Knowledge-based approaches to IR: Knowledge-based approaches to IR

are promising (Fox 1992), but the key is acquiring large knowledge bases. Knowledge can be

obtained in many ways, including manual coding and entry, parsing (either rough or detailed),

elicitation from experts, and from machine-readable lexicons and thesauri. The approach outlined

here uses the semantic network schemata, where objects are indicated by nodes, and where links

indicate relationships. We build on earlier work (Klavans et al. 1992) using semantic networks with

hierarchical structures and inheritance. The knowledge bases we will use rely on machine-readable

dictionaries, thesauri, and on structured analysis of large corpora. We expect our research to blend

with other manually constructed hierarchies, when available, for a particular domain.

Semantic Nets from Machine-Readable Dictionaries and Thesauri Machine readable dictionar-

ies have proven useful in the construction of large semantic nets (Amsler 1983, Chodorow, Byrd and

Heidorn 1985, Ahlswede et al. 1988, Wilks et al. 1989, Klavans et al. 1990). Klavans et al. 1990

demonstrated that a linguistically driven analysis of definitions permits the structuring of sophisticated

nets, with some semantic inferencing possible over a large vocabulary. Our work has shown how most

previous research on constructing hierarchies from dictionaries suffers from three problems: (1) only

a limited portion of the dictionary data is accurately covered (fewer than 35% of noun definitions in

Chodorow et al. 1985 are correctly structured); (2) a semantic network requires complex relationships

beyond the simple IS-A link from the dictionary, and (3) the problem of polysemy is not properly

handled.

Klavans et al. 1990 and 1992 demonstrated that more sophisticated techniques are required

for semantic text analysis. We developed a more complex analysis for dictionaries to capture the

richness of the lexicon as expressed implicitly in the dictionary. For example, from Webster’s Seventh

New Collegiate Dictionary, earlier techniques did not sensibly process definitions such as “ballot”

(W71$1b) “a sheet of paper”, and “fascia” (W70$3) “a sheet of connective tissue”. These two defined

nouns are not exactly related via “sheet” in the same way as “car” and “bus” are related via “vehicle”.

Similarly, a “band” (W$0) is “a group of persons, animals, or things”, whereas a “bevy” is “a group

of animals and especially quail together”. It would be strange to directly link “band” and “bevy” with

IS-A links to “group”. Instead, since they are certainly conceptually related via the “group” concept.

What is required is the addition of semantically meaningful labels on links such as GROUP OF, OF,

PART OF, MEASURE OF, MEMBER OF, and so on. In addition, a specification of group type is required,

i.e. “group of animals” must be distinguished from “group of persons.”

Many of these concepts are explicitly and implicitly found in dictionary definitions, although

sometimes identifying the relation requires some clever linguistic analysis prior to automatic extrac-

tion. For example, the GROUP-OF concept is differently expressed in the definition of “brown”

(W2$0) as “any of a group of colors between red and yellow in hue”, than in “band” or “bevy” given

above. Having addressed the problem of dictionary coverage and complex relationships to capture

dictionary definition meanings, the third problem of polysemy still remains.

Polysemy: Polysemy can be defined as several meanings or concepts represented by the same surface

lexical item. To illustrate, a typical example of polysemy is the lexical item “bank”, which in the noun

sense can mean “bank of a river”, or “the place where money is deposited...”. This example, although

accurate, is misleading since there are many more subtle types of polysemy or lexical ambiguity that

can degrade any natural language processing system. In the previous paragraph, the word “band” is

vague as to whether it applies to people, animals, or things, to say nothing of other senses, such as

“wedding band” or “rubber band.” The problem of polysemy can be said to be the most serious and

difficult problem faced by any NLP application.

Why disambiguate polysemous items? The answer is that the semantic representation will have far

less random noise without polysemy. For example, the twenty most frequent English nouns have an

average of 7.3 senses. Similarly, the 20 most frequent verbs have an average of 12.4 senses. Krovetz

and Croft 1992 found that for documents in a collection, each term has 3.7 to 4.6 mean senses, and

for each query, each word has 6.8 to 8.2 mean senses. Since queries tend to be constructed with

more gneral language, they tend to be even more vague than a document. The goal is to determine

the intended sense of a term in order to use it correctly. As an example, a system must accurately

guess whether the word “vehicle” intended to refer to the sense “vehicle for financial investment” or

“vehicle for travelling from place to place.”

Recent research in solving the polysemy problem has relied on several sources, including MRDs

and on statistical extraction of phrasal elements. What has been discovered is that, with accurate

phrasal identification, ambiguity is sharply reduced. For example, “a band of oreoles” is unlikely to

be confused with “a band of electrons”. Smadja and McKeown 1991 demonstrated that the use of the

statistical analysis tool Xtract permitted the analysis of the lexical characteristics of documents in the

financial domain for unambiguous term identification.

Synonymy: Opposite to the problem of polysemy is the problem of synonymy. Synonymy can be

defined as several words referring to the same concept, for example “attorney” and “lawyer”. MRDs

and linguistically sensitive statistical processing of texts using tools such as Xtract can be used to

expand a query by finding all synonymous equivalents of query terms. The danger of both, however, is

the overexpansion of term sets leading to loosely related insufficiently similar terms. In order to control

overexpansion, the polysemy problem must be solved. Thus, synonymy and polysemy interact to

contribute to accurate sense-labelled representation of document meaning, and to sense-distinguished

query formation.

Tools and Resources: Voorhees 1993 reports on the effect of using a portion of the IS-A hierarchy

from WordNet to disambiguate queries and to index documents. Although her results were negative,

she comments that this may in part be due to the notion of synonym set (synset) in WordNet.

Furthermore, although the IS-A relation is by far the predominant one, using just this relation gives

an inaccurate picture of lexical relations over documents. The Longman Dictonary of Contemporary

English (40,000 headwords), Webster’s Seventh (70,000 headwords), and the COBUILD dictionary

are available on-line; Longman and Cobuild are enhanced with semantic and syntactic markings. In

addition, other resources would enhance such research, such as a thesaurus (Collins and Roget are

on-line), as well as corpus-based semantic nets (Smadja and McKeown 1991, Hatzivassiloglou and

McKeown 1993) . Other manually constructed hierarchies, when available, for a particular domain

(Molholt and Goldbogen 1990), and other domain independent hierarchies could also be used.

2.1 Implementation and Approach

The input consists of documents and texts in any given domain. The first step is to preprocess text in

fairly standard ways, such as sentence and word delimitation. These steps all involve research issues,

such as the handling of hyphenation, abbreviations, and case. Next, text must be morphologically

normalized, which also involves research questions such as inflectional and derivational affixation.

Text is then ready to be tagged for part of speech. This permits noun recognition, verb-object

recognition, and other part-of-speech dependent collocations to be extracted. For example, significant

noun occurrences and noun sequences can be identified using statistical techniques such as discussed

in Smadja and McKeown 1991, who demonstrated that documents in the financial domain can be

lexically analyzed for unambiguous term identification. Such nouns and other significant single and

multi-word terms can then be indexed with pointers into the semantic net. Consider a short excerpt

of text from the legal domain:

“The issue arose in the context of a copyright dispute. RSO Records Inc. (RSO) owns a

number of copyrights in sound recordings by the well-known pop artists the Bee Gees.

Polydor Ltd. (Polydor) is the exclusive licensee of RSO under the copyrights in the United

Kingdom, and pursuant to its exclusive license manufactures and markets records and

cassettes reproducing those recordings in the United Kingdom.” [document #638762]

Nouns such as “copyright” and “license”, and phrases such as “copyright dispute”, among others,

emerge as significant within the larger document. Other concepts (such as “recording”) are also

important but not discussed here. Such nouns can be indexed according to: (1) the source document,

[doc#] (2) location within the document [doc location], and (3) links in the net [node number(s)].

For example, the noun “copyright” (from “copyrights”) , existing in given specific locations in a text

and in the net, can be indexed to look like this: copyright [#638762;84;node num.1,node num.2],

where the node numbers link to entry points in the semantic net. In this way, meaningful words and

phrases can be processed and indexed. This serves two purposes: one is to organize text according

to semantic criteria; the second is to provide a way to link texts with the semantic nets, and therefore

allow a wider and richer search. Conversely, if the user or system specifies, such techniques can be

used to narrow a search according to a generality measure for word meaning, explained below.

A portion of the net including “copyright” and “license” is given in the following figure, built

from data in Webster’s Seventh Dictionary. The definitions for “copyright” and “license” from

Merriam Webster’s Seventh Dictionary are first shown. The net represents some of the links between

“copyright”, “license” and related concepts.

copyright

the exclusive legal right to reproduce, publish,

and sell the matter and form of a literary, musical,

or artistic work -- copyright adj

license or licence

1a permission to act

1b freedom of action

2a a permission granted by competent authority

to engage in a business, occupation,

or activity otherwise unlawful

2b a document, plate, or tag, evidencing

a license granted

3a freedom that allows or is used with irresponsibility

Figure 1: Simplified Semantic Net for “copyright” and “license”

Notice that “license” is a type of “ permission” (W7:sense1a,sense 2a) and a type of “freedom”

(W7: sense 1b). A user will be able to see this relationship in the browser, and pick other concepts

related to “permission” and “freedom” for searching, such as “franchise” or “access”. A “license” is

also a “document” (W7:sense 2b), and thus is related via the “document” concept to other words such

as “passport”, “bill”, “patent”, “petition”, “registration”, and so on. In automatic searching, words

higher in the net, those with more general meaning such as “action” or “thing” will be weighted lower,

since they tend to carry less specific content. This is the concept of a generality measure, derived

from the net itself, based on frequency and net location. The impact of using such an approach over

a key word search is that related concepts can be scanned for possible inclusion or exclusion from a

query.

As demonstrated in Klavans et al. 1992, other complex relationships can be extracted from

dictionaries, such as MEMBER OF, TYPE OF, GROUP OF, QUALITY OF, CONSISTS OF, and so on. As seen

in the Figure, “copyright” and “license” are closely connected, via the “freedom” and “right” nodes.

Thus, links can be drawn between highly abstract concepts, such as “freedom”, as well as concrete

items, such as “document”. Within the structure of the net, the hyponyms of “document” include

“patent”, “bill”, “certificate”, “petition”, and or course “license.”

Our method combines statistical and symbolic approaches to the problem of text analysis. The

purely statistical approach functions by converting words into numerical objects and processing them

as any statistical data. This method is useful for handling large volumes of text, and has been utilized

successfully in most IR systems. However, it fails to capture the fact that the lexicon has properties

peculiar to language, and particular to the nature of linguistic objects. The purely symbolic approach tends to require time-consuming manual input and, even more seriously, has exhibited limitations

in scaling up to the level of efficiency and coverage required of broad-coverage IR systems. This

research overcomes some of the limitations of the purely symbolic approach by using a large data

set of lexical items, automatically extracted from large machine-readable dictionaries (MRDs) and

corpora, and organized in a semantic network. Similarly, this approach overcomes some problems

inherent in purely statistical methods by incorporating some of the uniquely linguistic properties of

the lexical item. Statistical techniques and dictionary data can be used to deal with problems of

word ambiguity (polysemy) and problems due to multiple words with the same or similar meaning

(synonymy).

3 Conclusion

This paper has presented some ideas, inspired and motivated by earlier work on the role of linguistics

in information retrieval as reported in Walker et al. 1977. The use of semantic nets may provide results

in the indexing and querying of large texts, which will enable the development of more successful

information retrieval systems which utilize linguistic and world knoweldge. Since linguistics is the

study of language, and since information retrieval depends on language, it is only natural that the two

fields should interact, as observed in Walker et al. 1977 .

1 Portions of this paper arose from the Digital Library effort at Columbia University. In particular, I thank Kathleen

McKeown, research director, for fruitful discussion of some of the ideas presented here. All inconsistencies or potential

errors are, however, my own.

References

[1] Ahlswede, T., Anderson, J., Evens, M., Neises, J., Pin-Ngern, S., and Markowitz, J. “Automatic

construction of a phrasal thesaurus for an information retrieval system from a machine readable

dictionary”, Proceedings of RIAO, (1988), 597-608.

[2] Amsler, R., “Machine-Readable Dictionaries”, Annual Review of Information Science and Tech-

nology, (1984) 19, 161-209.

[3] Belkin N., “The Effect of Multiple Query Representations on Information Regtrieval System

Performance”, in R. Korfhage, E. Rasmussen and P. Willer (eds.), Proceedings of the Sixteenth

Annual International ACM SIGIR Conference on Research and Development in Information

Retrieval, (1993), 338-346.

[4] Chodorow, M., R. Byrd and G. Heidorn, “Extracting semantic Hierarchies from a large on-line

dictionary”, in Proceedings of the 23rd Annual Meeting of the Association for Computational

Linguistics, (1985), 299-304.

[5] Croft, W.B., H.R. Turtle and D. D. Lewis. “The Use of Phrases and Structured Queries in

Information Retrieval”, in Proceedings of the Fourteenth Annual International ACM SIGIR

Conference on Research and Development in Information Retrieval, 1991, 32-45.

[6] Evans, D. E., K. Ginther-Webster, M. Hart, et al. “Automatic Indexing using selective NLP and

first-order thesauri” Proceedings of RIAO: Intelligent Text and Image Handling, 1991, 624-643.

[7] Fagan, Joel L. Experiments in Automatic Phrase Indexing for Document Retrieval: A comparison

of Syntactic and Non-Syntactic Methods. PhD thesis. Department of Computer Science. Cornell

University. 1987

[8] Fox, E. A. Tutorial on Knowledge-Based Information Retrieval. Fifteenth International Confer-

ence on Research and Development in Information Retrieval. Sponsored by the ACM SIGIR,

1992.

[9] Frakes, William B. “Stemming Algorithms”, in W. B. Frakes and R. Baeza-Yates (eds.) Infor-

mation Retrieval: Data Structures and Algorithms Prentice-Hall, New Jersey. 1992, 131-160.

[10] Klavans, Judith L., Martin S. Chodorow and Nina Wacholder. “From Dictionary to Knowledge

Base via Taxonomy” in Proceedings of the Sixth Conference of the University of Waterloo

Centre for the New Oxford English Dictionary and Text Research: Electronic Text Research.

University of Waterloo, Canada. 1990.

[11] Klavans, Judith L., Martin S. Chodorow and Nina Wacholder “Building a Knowledge Base from

Parsed Definitions” in Natural Language Processing: The PLNLP Approach. George Heidorn,

Karen Jensen, and Steve Richardson, eds. Kluwer: New York. 1992.

[12] Krovetz, R. and B. Croft. “Word sense disambiguation using Machine-Readable Dictionaries”

in Proceedings of the Eleventh Annual International ACM SIGIR Conference on Research and

Development in Information Retrieval, 1989 127-136

[13] Krovetz, R. and B. Croft. “Lexical ambiguity and information retrieval” Transactions of the ACL

on Information Systems. 10(2):115-141. 1992.

[14] Liddy, E. D., W. Paik, and E. S. Yu. “Document Filtering using semantic information from a

machine readable dictionary”, in Proceedings of the ACL Workshop on Very Large Corpora.

1993.

[15] McKeown, K.M. and V. Hatzivassiloglou. “Towards the Automatic Identification of Adjectival

Scales: Clustering Adjectives According to Meaning, in Proceedings of the 31st Annual Meeting

of the Association for Computational Linguistics. 1993.

[16] Miller, G. Special Issue, WordNet: An on-line lexical database. International Journal of Lexi-

cography (1990a) 3:4.

[17] Miller, G. A., R. Beckwith, C. Fellbaum, D. Gross, K. J. Miller. Introduction to WordNet: An

on-line lexical database. Journal of Lexicogrphy 3(4): 235-244. 1990b.

[18] Molholt, P., G. Goldbogen. “The Use of Inter-Concept Relationships for the Enhancement of

Semantic networks and Hierarchically Structured Vocabularies”, in Proceedings of the Sixth

nnual Conference of the University of Waterloo Centre for the New Oxford English Dictionary

and Text Research: Electronic Text Research. 1990.

[19] Salton, G. “Automatic Phrase Matching”, in David G. Hayes, (ed.), Readings in Automatic

Language Processing. Elsevier: New York. 1966. 169-188.

[20] Salton, Gerald and Michael E. Lesk “The SMART automatic document retrieval system– an

illustration”, in Communications of the ACM. 1965. 8(6):391-398.

[21] Smadja, F. Retrieving Collocational Knowledge from Textual Corpora. An Applications: Lan-

guage Generation. PhD Thesis, Computer Science Department, Columbia University. 1991.

[22] Smadja, F. and McKeown, K.M. “Automatically Extracting and Representing Collocations

for Language Generation”, in Proceedings of the 28th Annual Meeting of the Association for

Computational Linguistics. 1990. 252-259.

[23] Sparck Jones K. and Kay M. Linguistics and Information Science Academic Press: New York,

1973.

[24] Voorhees, E. “Using Wordnet to Disambiguate Word Senses for Text Retrieval”, in R. Korfhage,

E. Rasmussen and P. Willer (eds.), Proceedings of the Sixteenth Annual International ACM

SIGIR Conference on Research and Development in Information Retrieval, 1993, 171-180.

[25] Walker, D. , H. Karlgren, M. Kay, (eds.) Natural Language in Information Science: Perspectives

and Directions for Research, Skriptor, Stockholm, Sweden. 1977.

[26] Wilks, Y., D. Fass, C.-M. Guo, J. McDonald, T. Plate, and B. Slator. “A Tractable Machine

Dictionary as a Resource for Computational Semantics” in B. Boguraev and T. Briscoe, (eds.),

Computational Lexicography for Natural Language Processing. Longman, London. 1989.

[27] Woods, W. A. “What’s in a Link: Foundations for Semantic Networks,” in D.G. Bobrow, A.

Collins (eds.), Representation and Understanding, Academic Press, New York, 1975, 35-82.