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guage processing and knowledge representation with a new technique for relevance estimation and pas-
sage retrieval. Unlike many attempts to combine natural language processing with information retrieval,
these results show significant benefit from using linguistic knowledge. Subsumption technology is used to
automatically integrate syntactic, semantic, and morphological relationships among concepts that occur in
the material, and to organize them into a structured conceptual taxonomy that is efficiently usable by
retrieval algorithms and also effective for browsing.
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1 Introduction technology with successful applications well-
. . : . suited for fine-grained, specific searches.
Increasingly, information retrieval systems are The question of whether linguistic
being called upon to suppqrt an 'r.'format'onknowledge can make a useful contribution to
seeki_r Y,[Vho r;eedl_s tq quck:_y find q Stﬁmeinformation retrieval has been a debated topic
spec_![ :CC 'tem ot onfine |nTohr_ma 'Oré .and.ff €N in the information retrieval community, due to
use it for some purpose. This need s diflerent, o ang often negative results of previous
from that OT a scholar/analyst Iopklng fo_r attempts to use such knowledge (Fagan 89;
comprehenswe references on a topic. Que”eEewis & Sparck Jones 96: Sparck Jones 88:;
?‘ffe typtllcally Onl?:t a fef\gv wordf .ané:i .the Varile & Zampolli 97). In particular, the use
information sought 15 often comtained [in_a ¢ o, tiworg phrases has typically yielded no
small passage of only a sentence or two. Th'%ignificant improvement

need s not well served .by traditional This project began with the hypothesis that
document retrieval systems, since the standarlq]ultiworOI phrases could be useful if the

v?fctotr-ba}sedha?proat_:h IS antt pa_lrtlcula;_r Iysystem knew enough about the meanings of
effective for short queries, and returning en 'rezuch phrases to do more with them than

doc(;J_mentts c?nd ret(aluire a Ig})c_t Of. ?ubse?uen imply look for exact matches. Specifically,
reading fo Mind the Specric information .. hypothesis was that by organizing
sought. Often the information seeker fails torecognized phrases by the relationship of
find what is wanted because the words used i enerality, using subsumption technology

the request are different from the words use erived from knowledge representation

by the author of the needed material. research (Woods 91), one could automatically

. 'de?‘”y’ one would like to find useful relate more general words and phrases to more
information in response to spontaneously.

worded requests that do not require a lot ofS pecific words and phrases that they subsume

. ) . . —and that this would be useful for dealing with
f[hought_ In order to be effgctwe. T_he ObJF':'Ct'veparaphras.e relationships between query terms
is to find the needed information with a :

-~ o and index terms.

minimum of effort spent thinking about how

to express the request and a minimum of tim .
spent reading through returned materiale.‘2 Conceptual Indexing

Meeting this objective requires rethinking the As suggested above, we attempt to go beyond
entire information retrieval process. Thisstandard word and phrase matching
paper describes a project that has tackled thiapproaches by making use of knowledge of
problem from first principles, evolving from a the conceptual structure and meanings of
theoretical hypothesis, through subsequentvords and phrases and using formal
experimentation and discovery, to a usefulsubsumption techniques to relate more general
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concepts to more specific ones. More generalo ConceptStore. In other implementations of
concepts are said to "subsume" more specifithis technology, the Lisp-based linguistic
concepts, and algorithms are able tocomponent has been replaced by a different
automatically organize words and phrases int@hrase extraction component written in C and
conceptual taxonomies in which each concepC++.
is linked to its most-specific subsumers (the  The utility of a conceptual index can be
most specific concepts that are more generdllustrated by an example (shown in Figure 1)
than the concept in question). Thesefrom the conceptual index of a collection of
algorithms use the conceptual structures oéncyclopedia articles about animals. An
phrases to align corresponding constitueninitial request for "brown fur" retrieved the
elements and use semantic subsumptiophrase (BROWN FUR) and the subsumed
"axioms" drawn from a predefined lexicon to phrases (GRAY BROWN FUR), (RICH
relate constituents to each other. For examplSROWN FUR), and (WHITE-SPOTTED
"automobile  cleaning” subsumes “"carBROWN FUR). However, a display of more
washing" because of the way correspondinggeneral concepts showed that the query was
elements of these phrases are aligned and tsabsumed by (BROWN COAT), revealing
facts (expressed as axioms) that a car is a kinthat the request was inadvertently more
of automobile and washing is a kind of specific than intended. Generalizing the
cleaning. request to (BROWN COAT) produced the
As part of this project, a conceptual substantially more useful collection of
indexing engine known as ConceptStore wagoncepts shown in Figure 1. By displaying
developed, which can automatically organizethe more general concepts in the taxonomy
words and phrases into a conceptual taxonomthat subsume the stated request, the system
on the basis of the subsumption relationshipsinobtrusively suggested an exceedingly useful
between their conceptual structures. Thegeneralization of the request.
resulting taxonomy is stored in a persistent Note that morphological relationships are
knowledge base that remembers all of thancorporated into the subsumption framework
words and phrases found in a body ofby treating derived and inflected forms of
material, together with their conceptualwords as subsumed by their base forms. For
structures, the positions where they occur irexample, "brownish" is subsumed by "brown."
the material, and their subsumptionA lexicon of syntactic and semantic
relationships to other words and phrases. Wénformation about known words and an
refer to this as a conceptual index of theaggressive  morphological analysis of
material. ConceptStore is an efficient C++unknown words are used to support this
program that has been used to organiz@rocessing. Morphological variations and
collections of more than three million terminology variations are thus automatically
concepts. ConceptStore also containgelated in the conceptual taxonomy, and
algorithms for efficiently locating passages ofsyntactic relationships are incorporated into
material where concepts occur near eachhe structures of the parsed phrases. Different
other. senses of words can be represented by
In the experiments described here,concepts that have different places in the
ConceptStore was driven by a Lisp-basedaxonomy but are subsumed by a concept
linguistic component that is part of a Pilot corresponding to an abstract meaning of the
indexer that scans text, extracts words andindisambiguated word. When presented with
basic noun and verb phrases, analyzes thea query, a retrieval algorithm in ConceptStore
structure and meanings, and passes the resw@éarches through the conceptual taxonomy for
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(BROWN COAT)
|-k- (BRIGHT REDDISH BROWN COAT)
|-k- (BROWN BLACK COAT)
|-k- (BROWN COATS)

|-k- (FAWN COATS)

| |-v- (FAWN) COATS)

I

|-

-k- (REDDISH BROWN UPPER COATYS)

-k- (BROWN FUR)
|-k- (GRAY BROWN FUR)
|-k- (RICH BROWN FUR)
|-k- (WHITE-SPOTTED BROWN FUR)

-k- (BROWN HAIR)
-k- (BROWN HAIRS)
|-k- (REDDISH BROWN GUARD HAIRS)

|-k- (REDDISH BROWN WOOL)

- (BROWNISH HAIR)

- (REDDISH BROWN HAIR)

|-k- (REDDISH BROWN GUARD HAIRS)
|-k- (REDDISH BROWN WOOL)

|-
I
|-k- (BROWN WOOL)
I
I
|-k
|-k

- (BROWN-GRAY COAT)

- (BROWNISH COAT)

|-k- (BROWNISH HAIR)

|-k- (BROWNISH SUMMER COAT)
|-k- (COARSER BROWNISH COAT)
|-k- (DARK BROWNISH COAT)

I
I
I
I
I
|-
I
I
I
I
|-
|
I
I
I
I
I
|
I
I
I
I
|-k
|-k
I
I
I
|
|-k- (COAT OF BROWN)
| |-k- (WOOLLY COAT OF REDDISH BROWN)
|-k- (TAWNY COAT)
Figure 1: A fragment of a conceptual taxonomy, illustrating the utility of navigating
in conceptual space.

subsumed concepts and uses the positions @ihd specific locations in the indexed material
those concepts in the indexed material to findvhere concepts subsumed by a query concept
specific passages that are likely to address theccur. However, the elements of a concept

information needs of the request. being sought are often not explicitly related in
the indexed material in a single phrase that is
3 Specific Passage Retrieval formally subsumed by the query. For example,

in the above "brown coat" example, the quer
Conceptual subsumption by itself is able O4id not subsume any phrase irI)the pagsagye,
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"The coat is reddish brown." In this case wewhose size may range from a single word or
might imagine a rule that would derive aphrase to several sentences or paragraphs,
phrase "x y" from any assertion of the form depending on how much context is required to
"The y is x," but this is just a special case of acapture the various elements of the request.
general problem in which some of theThis penalty-based relaxation ranking
relationships between elements of a concepdapproach turns out to produce exceptionally
are left implicit in a text and need to be useful rankings of specific passages,
inferred. supporting efficient location of relevant
Since mastering the subtleties of implicitinformation in response to fine-grained
inference is well beyond the current state ofspecific requests.
the art of natural language processing, we In a user interface to such a system,
developed a technique called "relaxationretrieved passages will be reported to the user
ranking” in which an algorithm looks for in increasing order of penalty, together with
places where as many as possible of théhe penalty score, information about which
different elements of a query occur near eacharget terms match the corresponding query
other, preferably in the same form and wordterms (since they may be different), and the
order and preferably closer together. Suclkcontent of the identified passage with some
passages are ranked by a penalty score thatrrounding context. In a typical application,
measures the degree of deviation from amesults are presented in a hypertext interface
exact match of the requested phrase, witlhat allows the user to click on any of the
smaller penalties being preferred. Differencegpresented items to see that passage in the
in  morphological form and formal context of its source document. For example,
subsumption of index terms by query termsin one application of this technology to a data
introduce small penalties, while interveningbase of transcripts of TV news broadcasts, the
words and sentence boundaries introducéest match found in response to a request for
more significant penalties. Elements of a“"recent arson" is displayed as follows:
guery that cannot be found nearby introduce a
substantial penalty that depends on the
syntactic categories of the missing words. 1. -0.61 RECENT (MARIN ARSONIST)
We call the resulting approach "precision Morn.25.0ct@0-Caption.data
content retrieval." It consists of two parts:
conceptual indexing builds  structured 39 THE HUNT FOR THE MARIN
conceptual taxonomies of words and phrases 32 ATTﬂ?S:\\IAg;N NG.. THE SEARCH IS
extra.c.ted from the .'”de‘)?ed T‘?ate”a" land 42 FOCUSING ON NOVATO.. WHERE THE
specific passage retrleva_l identifies candidate ,3 \i0ST RECENT FIRES WERE SET.
passages in the material and ranks them
according to their relaxation-ranking penalties.
Like other passage retrieval approaches
(Callan 94; Kaszkiel & Zobel 97; Salton etal.  The format of this display is:
93), this identifies relevant passages rathelcank number> <penalty score> <term matches>
than simply identifying whole documents or <document reference name>
Web pages, but unlike approaches that involve  <empty line>
initially segmenting the material into <passage excerpt of information content>
paragraphs or other small passages, this
approach dynamically constructs passages in
response to requests, identifying passage]s

This says that the passage is ranked number
and has a penalty of 0.61. The rest of the

Page 4



first line shows that the first term "recent” in the query terms. More details describing this
the request is matched exactly by the terntechnology can be found in (Woods 97).
"recent" in the text, and that the second term

"arson" in the request is matched by the4 Experimental Evaluation

phrase "Marin arsonist” in the text. .
(Individual word matches are displayed hereIn order to evaluate the effectiveness of the

as single words, while phrases are displaye&‘boye t?chnlques,. we CO"e?tEdNa SE?AE 0; 90
as sequences of words enclosed jflUeres from a naive user o X °

parentheses.) A standard reference to th hich could be answered from the online

news broadcast in which the passage wa NIX do"cumentatlon known" as then"an (for
found is then given [Morn.25.0ct@0- manual”) pages. A set of "correct" answers
for each of these 84 queries was manually

tion.dat hich i I ti : .
Caption.data], which is also active as adetermlned by an independent UNIX expert,

Hypertext link to take you to the
corresponding passage in the indicated'elnd a snapshot of the UNIX man pages

transcript. In addition, the actual content Ofcollectlon was captured and indexed for

the passage in which the terms were found iéetrleyal. Smce the relaxatllor.w ranking
displayed in order to provide more algorithm retrieves passages within the man

information about the match to help you to pages, rather than whole man pages, in order

decide whether you want to actually go see th%0 compaére tth.'s nlwettho;]quogy with clasglcal
passage in context. ocument retrieval techniques, we assign a

Notice that individual terms in the request ranking score to each man page equal to the

can be matched by phrases in the text that argenalty score of the best ranked passage that it

judged more specific than the requested temqontalns. _In this fasf_non, we are able_to
and that the query term “arson” is compare different versions of the relaxation

automatically matched against a different formranklng algor!thm with different classmall
of the word (“arsonist”) in the text phrase document retrieval methods, at least as far is

without the user having to specify "wild card" the reltrlev?_l of vtvhhole d?cuments |sfconcerned
or "truncation” or "stemming" operators. n-raling the performance of a given

Notice also that the query term "recent" doeé'nethod, in addition to the traditional average
not directly modify the word "arson” in the recall and precision values, we also compute a

passage, but that the relative proximity of thelheasure we call the "success rate, Wh'ch IS
two terms in the passage does reflect ar?'mply. the percentage of queries for which
inferable relationship between the two. (Theg.'tere |ﬁ_han Iaf[:tcepf[abtlﬁ answer |r|1 ;hettop ten
deictic interpretation of "recent” relative to the Ihs'hh eb atter 1S el ptrllnmpa. ac ]?r ?r?

date of the request is beyond the current stat@ e We base our evaluations, since for this

on the system, but is planned for futureapplication, the user is not interested in
versions.) ’ subsequent answers once an acceptable

In addition to the retrieved passages, thenswer has been found (indeed for most of the

user can be presented with a display 0184 requests there is only one correct answer),

. and it has been observed in applications such
ortions of the conceptual taxonomy related to .
b P y Sun's AnswerBoak that users will

the terms in the request. As illustrated earlier®>

this frequently reveals generalizations of the?ene(;qllytﬁto? lto?k'na.t'f ag answer Its not
request that will find additional relevant ound in the nrst ten nits. - success rate 1S a

information, and it also conveys an more relevant measure than recall for this kind

understanding of what concepts have beer‘?f ahpplllcs,\tllon, smcet f|_nd|ng %nte atr_lsl\lfveg ftc;r
found in the material that will be matched by €3¢ Of WO requests Is a substantially better
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result than finding two answers to one requestlgorithm, a state-of-the-art commercial
and none for another, and for this applicationsearch engine and a Bayesian probabilistic
it doesn't matter how many additional relevantretrieval algorithm. In this table, tf.idf refers
answers there might be after an acceptable orte an implementation of a term weighted
is found. inverse document frequency algorithm taken

It is important to keep in mind that the directly from Salton's textbook (Salton 89).
major benefit of retrieving specific relevant Searchlt] refers to a search engine developed
passages is not being tested by thisat Sun Microsystems, Inc. that combines a
experimental methodology. Moreover, thesimple morphological query expansion with a
objective of comparing the method to classicalstate-of-the-art commercial search engine, and
document retrieval methods cuts at crossTWITF is an implementation of a simple
purposes with the objective of evaluating theBayesian probabilistic retrieval algorithm
quality of the retrieved passages. For(named for "term weighted inverse term
example, for one query, "print a file,” the frequency"”). Recall Il is the full system
relaxation ranking algorithm found a passagelescribed above, using all of its knowledge
in the man page for the file manager that issources and morphological analysis rules,
undeniably a correct answer to the query, evemhile -morph refers to this system with its
though the file-manager man page is notdynamic morphological analysis rules turned
primarily about printing files and had not beenoff, and -knowledge refers to this system with
judged by the human evaluator to be a correcall of its knowledge sources and rules turned
document to retrieve in response to this queryoff. The table presents the success rate and
Evaluating the quality of the retrieved the measured recall and precision values at the
passages themselves requires a differerutoff point for 10 retrieved documents.
methodology that is not presented here.

These experiments were conducted using anTable 1. A comparison of different retrieval

experimental retrieval system that we named techniques
Recall Il. The linguistic knowledge sources
used in these experiments included a cor&ystem Success Rate Recall/Precision
lexicon of approximately 18,000 words, a

substantial set of morphological rules andtf.idf 28.6% 14.8% 2.9%
specialized morphological algorithms Searchlt 44.0% 285% 7.4%
covering inflections, prefixes, suffixes, lexical TWITF 47.6% 28.4% 7.4%
compounding, and a variety of special formsRecall Il 60.7% 38.6% 7.3%
such as numbers, ordinals, roman numeralsmorph 50.0% (not measured)

dates, phone numbers, acronyms, etc. Inknowledge 42.9% (not measured)
addition, we made use of a lexical

subsumption taxonomy of approximately 3000

lexical subsumption relations, and a small seb Discussion

of semantic entailment axioms. The databasq.he table shows that for this task, the

\évc?rfsi;insgagfhgép(r);xmztéf;\l|>1(8(r)r(])anﬁ|§:g§?’re_laxatiqn ranking passage retrieval algorithm
varying lengths and constituting a total olethOUt Its supplementgry knowledge sources

approximately 10 megabytes of text (Recall Il -knowledge) is roughly comparable
Table 1 shows the results of c;omparingln performance (42.9% versus 44.0% success
rate) to a state-of-the-art commercial search

three versions of this technology with a /
textbook implementation of the standard tf.igfe"9Ne (Searchlt) at the pure document
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retrieval task (neglecting the added benefit of6 Conclusion

locating the specific passages). Adding th . . . .
knowledge in the core lexicon (which includesewe have_ desc_rlbed an_l_nformatlon retrl_ev_al
method in which specific passages within

morphological relationships, semantict ¢ q callv found i ¢
subsumption  axioms, and entailment exis are dynamically found In response 1o a

relationships), but  without  dynamic guery, and these passages are ranked based on

morphological analysis of unknown Worolsapenalty-based score that measures the degree
(Recall Il -morph), significantly improves of relaxation from an ideal standard required

these results (from 42.9% to 50.0%). Furthetfor a match. This is a different approach from

adding the dynamic morphological analysis'orevi.Ous methods of passage retrieval.. This
capability that automatically analyzes algorithm has been implemented, an initial

unknown  words (deriving  additional Enowlgdgel bas(;efof _Itlngwstlc |(rj1f;)hrmtat|(?1n hlas
morphological relationships and someheenb cve opel. gr 1S use, anl ellect. no og¥
semantic subsumption relationships) as been appiied In several applications a

significantly improves that result (from 50.0% f“”-. Experli(mentls dhave shown th_at t_?e uile of
to 60.7%). In contrast, we found that adding.InglJIS Ic nowledge ~can — sighincantly
prove performance in finding appropriate

the same semantic subsumption relationshipgn N i . hen i ted
to the commercial search engine, SearchILarlswers O SpEcIlic queries when Incorporate

using its provided thesaurus capability'nto this relaxation ranking algorithm. The

degraded its results, and results were St”pifferences in performance supporting  this

degraded when we added only those facts th aim are statistically significant at a better

0,
we knew would help find relevant documents.!an '.005/0 Igvel. I.t appears that‘ the
relaxation ranking algorithm figures crucially

It turned out that the additional relevant. thi . h aditi ¢ h
documents found were more than offset b))n IS success, since he addition ot suc

additional irrelevant documents that were aIst'ng.UIStIC knowledge_to standard mforma}tlon
ranked more highly. retrieval models typically degrades retrieval

It is worth noting that these results are notperformance rather than improving it. The

monotonic. That is, when we compare one“ngu's.t'c knowlledge used i thgse
Xperiments includes morphological

method versus another and obtain a highe?

success rate, it is not correct to assumethatthrglat'onSh'ps between words,  taxonomic

higher performing method retrieved all of the relationships between concepts, and general

results of the lower one plus more. Rather 6[semantic entailment relationships between

change in method tends to give up someWorOIS and concepts.

results and gain others. The key issue is
whether the change nets out positive orACkn0W|edgmentS
negative. Generally, using more knowledgeMany people have been involved in creating
with the relaxation ranking algorithm picks up the conceptual indexing and retrieval system
better passages and pushes lesser qualiflescribed here. These include: Gary Adams,
passages down in the rankings, resulting in_awrence Bookman, Cookie Callahan, Chris
lower penalty scores for the document as aolby, Jim Flowers, Ellen Hays, Robert
whole. Kuhns, Patrick Martin, Peter Norvig, Tony
Passera, Philip Resnik, Robert Sproull, and
Mark Torrance.
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