Use of Machine Readable Dictionaries for Word-Sense

Disambiguation in SENSEVAL-2

Kenneth C. Litkowski

CL Research

9208 Gue Road

Damascus, MD 20872 ken@clres.com

Abstract

C L Research’s word-sensedisambiguation

(WSD) system is part of theDIMAP dictionary software, designed to useany full dictionary as the basis for unsupervised disambiguation.

Official SENSEVAL-2 results weregenerated u sing WordNet, and separately using theNew

Oxford Dict ionary of English (NODE). The disambiguation functionality exploits whatever information is madeavailableby thelexical database. Special routines examined multiword units and contextual clues (both collocations, definition and examplecontent words, a nd subject matter analyses); syntactic constraints have not yet beenemployed. Theofficialcoarsegrained precision was 0. 367 for thelexical sample task and 0.460 for theall-words task

(these areactuallyrecall,withactualprecisionof

0.390 and 0.506 for thetwo tasks). NODE definitions wereautomatically mapped int o

WordNet, with precision of 0.405 and 0.418 on

75% and 70% mapping for thelexical sample and all-wordstasks, respectively, comparableto

WordNet. Bug fixes and implementation of incomplete routineshaveincreasedtheprecision for thelexical sampleto 0.429 (wit h many improvements still likely).

Introduction

CL Research’s participation in SENSEVAL-2 was designed to (1) extend WSD techniques from

SENSEVAL-1 (Litkowski, 2000), (2) generalize

WSD mechanisms to rely on a full dictionary rather than a small set of ent ries whereindividual crafting might intrude, and (3) investiga t eWSD using one dictionary mapped into another (WordNet). Results indicate positiveachievements for each of these

goals. Timeconstraints precluded a complete assessment of the upper limits that can beachieved.

In particular, although thegeneral architecturefrom

SENSEVAL-1 wa s retained, several specific WSD routines werenotreimplemented.Incompletetesting, debugging, and implementation of new routines significantly affected theofficial results. Several of theseproblems areinvestigated morefully below.

CL Research’sWSDfunctionalityis implementedin

DIMAP 1 , designed primarily for creation and maintenance of lexicons for natural language processing. In particular, DIMAP is designed to ma ke ma chine-readabledictionaries (MR Ds) tractable andtocreatesemanticnetworks(similar to

W or dNet (F ellba um, 1998) a nd M i ndN et

(Richardson, 1997)) automaticallybyanalyzingand parsing definitions.Section1describesthedictionary preparation techniquesforWordNetandNODE(The

New OxfordDictionaryofEnglish,1998),aswellas the mapping fromNODE to WordNet. Section 2 describes theWSDtechniquesusedinSENSEVAL-

2. Section3describestheSENSEVAL-2resultsand section 4 discusses theseresults..

1 Dictionary Preparation

DIMAP candisambiguateanytext against WordNet or any other dictionaryconvertedtoDIMAP, with a spec ia l emphasis on corpus instances for specific lemmas. Thedictionaries used for disambiguation operate inthebackground(asdistinguishedfromthe foreground development and maint enanceof a dictionary), with rapid btreelookup to access and examine thecharacterist ics of multiplesenses of a word after a sent ence has been parsed. DIMAP allows multiplesenses for eachentry, withfields for

1 DI ctionary MA intenance P rograms, available from

CL Research at http://www.clres.com.

the definitions, usagenotes, hypernyms, hyponyms, arbitrary other semantic relations, and fea t ure structures containing arbitrary information.

WordNet is already integrated in DIMAP in several ways, but for SENSEVAL-2, WordNet was entirely converted to alphabetic format for useas the disambiguation dictionary. In t his conversion, all

WordNet information(e.g.,verbframesandglosses) and relations areretained. Glosses areanalyzedinto definition, examples, usageor subject labels, and usagenotes (e.g., ^used with ’of’~). Verb frames are used t o build collocation patterns, typical subjects and objects,andgrammaticalcharacterizations(e.g., transitivity). WordNet fileand sensenumber s are converted into a uniqueidentifier for each sense.

A separate^phrase~dictionarywasconstructedfrom all noun and verb multiword units (MWUs), using

WordNet’s sense index file. For nouns, anentry was created forthelastword(i.e.,thehead),withthefirst word(s) actingas a ^hynonymic~ indicator; an entry was alsocreatedforthefirstword,withthefollowing word(s) actingasacollocationpattern(e.g.,^workof art~ is a hyponym of art and a collocation pattern under work , written ^ ~ of art ~). For verbs, an entry was created for thefirst word, with a collocation pattern (e.g., ^ keep an eyeon~ is entered as a collocation pattern ^ ~ aneye on ~ under keep ). In disambiguation, this dictionary was examined first for a match, withthefullphrasethenusedtoidentify thesenseinventory rather than a singleword.

NODE was prepared in a similar manner, with several additions.Aconversionprogramtransformed the MRD files into various fields in DIMAP, the notable differencebeing themuch richer and more formal structure (e.g., lexical preferences, grammar fields, andsubsensing).Conversionalsoconsiderably expanded thenumberofentriesbymakingheadwords of all variant forms (fully duplicating theother lexical informationoftheroot form)andphrasesrun on to singlelemma entries. E.g., ^ (as) happy as a sandboy ( or Larry or a clam ~ under happy was co nverted into six headwords (based on the alternatives indicatedbytheparentheses), as well as a collocationpatternforasenseunder happy , written

^(as|?) ~ a s (a sandboy | Larry | a clam)~, with the tildemarking thetarget word.

NODE was then subjected t o definition processing and parsing.Definitionprocessingconsistsoffurther expansion of theprint dictionary: (1) grabbing the definitions ofcross-referencesand(2)assigningparts of speech to phrases based on analysis of their definitions. Definitionparsingputsthedefinitioninto a sentenceframeappropriateto thepart of speech, making useof typical subjects, objects, and modificands. Thesentencepa r se treewas then analyzed to extract various semantic r elations, including thesuperordinateor hypernym, holonyms, meronyms, satellites,telicroles, andframeelements.

After parsingwascompleted,aphrasedictionarywas also created for NODE. 2

T he SENSEVAL tasks wererun separately against theWordNet and NODE senseinventories, with the

WordNet results submitted. T o investigatethe viability of mappingfor WSD, subdictionaries were created for each of thelexical samplewords and for ea ch of theall-words texts. For thelexical sample words, thesubdictionariesconsistedofthemainword and allentriesidentifiablefromthephrasedictionary for that word. (For bar , in NODE, therewere13 entries where bar wasthefirst wordinanMWUand

50 entries whereit was thehead noun; for begin , there was only one entry.) For theall-words texts, a list was madeof all theta sk words to be disambiguated (including somephrases) and a su bdictionary constructed fromthis list. For both tasks, thecreation of thesesubdictionaries was fully automatic; no hand manipulation was involved.

The NODE dictionaries werethen mapped into the

WordNet dictionaries (seeLitkowski, 1999), using overlap amongwordsandsemanticrelations.The73 dictionaries for thelexical samplewordsgaveriseto

1372 WordNet entries and 1722 NODE entries. 3

Only 491 entries werecommon (i.e., no mappings were availablefor ther emaining 1231 NODE ent r ies); 881 entries in WordNet weretherefore

2 WordNet definitions were not parsed. In an experiment, the semantic relations identifiable through parsing were frequentlyinconsistent with those already given in WordNet, so it was decided not to confound the disambiguation.

3 Entries included all parts of speech; disambiguation was required to identifythe part of speech as well.

inaccessible thr ough NODE. For the entries in common, therewas an averageof 5.6 senses, of which only 64% weremappableinto WordNet. The a priori probability of successful mapping int o t he appropriate WordNet senseis0.064,thebaselinefor assessing WSD via another dictionary mapped into theWordNet sense-tagged keys. 4

2 Disambiguation Techniques

The lexicalsampleandall-wordstextsweremodified slightly. Satellitetags wereremoved and ent it y references wereconverted to anASCII character. In the all-words texts, contraction and quotation mark discontinuities wereundone.Thesechangesmadethe texts morelikenormal text processing conditions.

The text s werenext reduced to sentences. For the lexical sample, a sentencewas assumedtoconsist of a singleline. For theall-words text s, a sentence splitter identified thesentences, which werenext submitted totheparser.TheDIMAPparserproduced a parsetreefor each sent ence, with constituent phrases whenthesentencewas not parsablewiththe grammar, allowing theWSD phaseto continue.

Thefirst step intheWSD usedthepart of speech of the tagged word to select theappropriatesense inventory. Nouns, verbs, andadjectives werelooked up in thephrasedictionary; if thetagged word was part ofanMWU,thewordwaschangedtotheMWU and theMWU’s senseinventory was used instead.

The dictionaryentryfor thewordwasthenaccessed.

Before evaluating thesenses, thetopic area of the context provided by thesentencewas ^established~

(only for NODE). Subject labels for all senses of all content words in thecontext weretallied.

Each senseof thetarget was then evaluated. Senses in a different part of speech weredropped from consideration. Thedifferent pieces of informationin the sensewereassessed: collocation patterns, contextual clue words, contextual overlap with definitions and examples, and topical area matches.

Points weregiven t o each senseand thesensewith

the highest scor e was selected; in caseof a tie, the first sensein thedictionary was selected. 5

Collocation patterntesting(requiringanexactmatch with surroundingtext) was giventhelargest number of points(10), sufficientingeneraltodominatesense selection. Contextual cluewords (a particleor preposition) wasgivenasmallscore(2points). Each content word of thecontext a dded two points if present in thesense’s definition or examples, so that considerable overlapcouldbecomequitesignificant.

For topic testing, a sensehaving a subject label matching oneofthecontexttopicareaswasawarded one point for each word in thecontext that had a similar subjectlabel(e.g.,iffourwordsinthecontext had a medical subject label, four points would be awarded iftheinstantsensealsohadamedicallabel).

3 Results

As shown in Table1, using WordNet as the disambiguation dictiona ry resulted in an overall precision (and recall) of 0.293 at thefine-grained level and0.367at thecoarse-grainedlevel. SinceCL

Research did not uset he t r a ining data in any way, running thetrainingdataalsoprovidedanothertestof the system. Theresults arerema r ka bly consistent, both overall and for each part of speech. Using

NODE asthedisambiguationdictionaryandmapping its sensesintoWordNet senses achievedcomparable levels of precision, although recall was somewhat lower, asindicatedbythedifferenceinthenumberof items onwhichtheprecisionwascalculated.Overall, about 75%ofthesensesweremappedintoWordNet.

Table 2. All-Words

Run Items Fine Coarse

WordNet 2473 0.451 0.460

NODE 1727 0.416 0.418

For theall-words task, thedisambiguation results

4 Note that a mapping from WordNet to NODE is likely to generate similar mismatch statistics.

5 Several other functions were implemented onlyin stub form at the time of the test runs, to evaluate: type restrictions (e.g., transitivity), presence of accompanying grammatical constituents (e.g., infinitive phrase or complements), form restrictions

(such as number and participial), grammatical role

(e.g., as a modifier), and selectional restrictions (such as subject, object, modificand, and internal arguments).

Table 1. Lexical Sample Precision

Run

Adjectives Nouns Verbs Total

Items Fine Coarse Items Fine Coarse Items Fine Coarse Items Fine Coarse

WordNet Test 768 0.354 0.354 1726 0.338 0.439 1834 0.225 0.305 4328 0.293 0.367

NODE Test 420 0.288 0.288 1403 0.402 0.539 1394 0.219 0.305 3217 0.308 0.405

WordNet Training 1533 0.365 0.365 3455 0.334 0.444 3623 0.219 0.299 8611 0.291 0.369

NODE Training 864 0.116 0.116 2848 0.366 0.483 2567 0.227 0.315 6249 0.276 0.365 were significantlyhigher thanfor thelexical sample, with a precision (and recall) of 0.460 for the

WordNet coarse-gr ained level. For NODE, about

70% weremapped into WordNet (indicated by the reduced number of items), wit h precision on the mapped items only slightly less. 6

4 Discussion

Because of theusual bugs and incomplete implementation, theofficialresultsdonotadequately indicate thepotent ial of our approach. Theofficial results areactuallyrecallratherthanprecision,since an answer was submitted when it shouldn’t have been, as distinguished fromcases wherethepa r ser picked thewrong part of speech or was unableto select a sense. Theactual precision for thelexical sample taskis 0.311 for thefinegrain and 0.390 for the coarsegrain, and for t heall-words task, 0.496 and 0.506 for fineand coarsegrains, respectively.

Minimal debugging and ina bility to implement several routines significantly affected the scores.

Examining thereasons for failures in thetest r uns and making programfixes has thus far result ed in increasing precision (and recall) to 0.340 and 0.429 for the lexical sample. Further improvements are l ikely, although it is not clear whether the

SENSEVAL-1 precisionof 0.67 is achievableusing only theinformation availablein WordNet.

It ismorelikelythat usingNODEwillachievebetter results. Improvements in automatic mapping have now reached90% mapping; it is also relativelyeasy to makemanual adjustments to themaps to achieve even higher performancefromthelexicographicallybased lexicalresource. Sincetheautomaticmapping is ina ccurateto an unknown degree(perhaps 25-

30%), improvingthemapswillachievebetterresults

using NODE via WordNet, rather than WordNet alone. Using NODE also provides a much richer set of data upon which to makeimprovements inWSD.

Finally, since NODE is lexicographically-based and with an arguably better senseinventory, weare confident that our WSD would havescored much higher if thetaggers had used this inventory.

Conclusion

Given thevery preliminary implementation of t he d isa mbiguation routines and lack of adequate debugging, theresultsindicatethatusingMRDs(and even mapping fromoneinto another) shows c onsiderablepotential for unsupervised and general word-sensedisambiguation.

Acknowledgements

I wish to thank Oxford University Press for making

NOD E a vailable(Patrick Hanks and Rob Scriven) and for many useful discussions (Glynnis Chantrell and Judy Pearsall).

References

Fellbaum, C. (1998). WordNet: An electronic lexical database. Cambridge, Massachusetts: MIT Press.

Litkowski, K. C. (1999, 21-22 June). Towards a

Meaning- Ful l Comparison of Lexical Resources.

Association for Computational L inguistics Special

Interest Group on the Lexicon Workshop. College

Park, MD.

Litkowski, K.C.(2000).SENSEVAL:TheCLResearch

Experience. Computers and the Humanities, 34 (1-2),

153-158.

The NewOxfordDictionary of English (J.Pearsall,Ed.).

(1998). Oxford: Clarendon Press.

Richardson, S. D. (1997). Determining similarity a nd inferring relations in a lexical knowledge base [Diss],

New York, NY: The City University of New York. 6 For both tasks, NODE senses were identified for all words, but could be mapped onlyfor the percentages given.