Question-Answering Using Semantic Relation Triples

Kenneth C. Litkowski

CL Research

9208 Gue Road

Damascus, MD 20872 ken@clres.com http://www.clres.com

Abstract

This paper describes the development of a pr ot otype system to answer questions byselecting sen t ences from the documents in which the answers occur. After parsin g each sentence in these documents, databases a r e constructed byextracting relat i onal triples from the parse output. The triples c on sist of discourse entities, semantic relations, and the governingwordstowhich theentitiesareboundin t he sentence. Database triples are also generat ed for the questions. Question-answering consists of matching the question database recor ds with the records for the documents.

T h e prototype system was developed specifical l y to respondtotheTREC-8Q&Atrack,withanexisting parser andsomeexistingcapabilityforanalyzingparse output. The system was designed to investigate the viability of using structural information about the sentences in a document toanswer questions. TheCL

Research system achieved an overall score of 0.281

(i.e., on average, providing a sen t ence containing a correct answer as the four t h selection). The score demonstrates the viabilityof the approach. Post-hoc analysis suggests that this score understates the performance oftheprototypeandestimatesthatamore accurate score is approximat ely0.482. This analysis also suggests several further improvements and the potential forinvestigatingotheravenuesthatmakeuse of semantic networks and computational lexicology.

1. Introduction

CL Researchisprimarilyfocusedoninvestigating the manner in which computational lexicons can be used for natural language processing tasks. T h is research primarilyinvolves the development of methods for constructing computational lexicons

(particularly through analysis of machine-readable dictio n a ries) and examining ways that these lexicons

can be used in such tasks as word-sense disambiguation and text summarization.

The CL Research question-answering pr ototype extended functionalityof the DIMAP dictionary creation and m aintenance software, which includes some componentsintendedforuseasalexicographer’s workstation. 1 The TREC-8 Q&A track provided an opportunitynot onlyfor examining use of computational lexicons,butalsofortheirgenerationas well, since manydictionaries(particularlyspecialized one) contain encyclopedic information as well as the usua l genus-differentiae definitions. The techniques devel oped for TREC and described herein are now being used for parsing dictionarydefinitions to h elp construct computational lexicons that contain more in for m ation about semantic relations, which in turn will be useful for natural language processing tasks, including question-answering.

2. Problem Description

Participant s i n the TREC-8 QA track were provided with 200 unseen questions to be a n swered from the TREC CD-ROMs, (about 1 gi gabyte of compressed data), containing documents from t h e

Foreign Broadcast Information Service , Los Angeles

Times , Financial Times , Congressional Record , a n d

Federal Register . These documents were stored with

SGML formatting tags. Participants were given the option ofusingtheirownsearchengineor ofusingthe results of a ^generic~ search engine. CL Research chose thelatter,obtaining200megabytesofdata,with the top200 documents retrieved bythe search engine.

These top documents wereprovideda coupleofweeks before the deadline.

1 Demonstration and experimental versions of

DIMAP are available at http://www.clres.com.

Participants werethen requiredtoanswer the200 questions in either 50-byte answers or byproviding a sentence or 250-byte string in which the answer was embedded. For each question, participant s were to provide 5 answers, with a score attached to each for use in evaluating ties. NIST evaluators then judged whether each answer contained a correct answer.

Scores were assigned as the inverse rank. If question q contained a correct answer in rank r, the score received for that an swer was 1/r. If none of the 5 submissions con tained a correct answer, the score received was0. The final score was then computed as the average score over the entire set of questions.

In the prototype implementation, CL Research submitted sentences, although for some types of questions, answers were also developed for potential

50-byte submission.

3. System Description

The CLResearchprototypesystemconsistsoffour m a jor components: (1) a sentence splitter that separ a t ed the source documents into individual sentences; (2) a parser which took each sentence and parsed it, resulting in a parse tree containing the constituents of the sentence; (3) a parse tree analyzer that identified important elements ofthesentence and created semantic relation triples stored in a database;

and (4) a question-answering program that (a) parsed the questionintothesamestructureforthedocuments, except with an unbound variable, and (b) matchedthe question databaserecordswith the document database to an swer t he question. The matching process first i dentified candidate sentences from the database, developed a score for each sentence, andchosethetop

5 sentences for submission.

3.1 Sentence Identification in Documents

The parser (described m ore fullyin the next section) contains a function to recognize sentence breaks. However,thesourcedocumentsdonotcontain cri spl ydrawn paragraphs that could be submitted to t his function. Thus, a sentence could be split acr oss several l i n es in the source document, perhaps with intervening blank lines and SGML formatting codes.

As a result, it was first necessaryto r econ struct the sentences, interleavingtheparsersentencerecognizer.

At this st a ge, we also extracted the document identifier andthedocumentdate.OtherSGML-tagged fields were not used. Thequestion number, document

n umber, and sentence number provided the unique identifier when questionswereansweredtoextractthe appropriate sentence from the document.

For the TREC-8 QA run submitted toNIST, only the top10documents(asrankedbythesearch engine) were analyzed. Overall, this resulted in processing

1977 documents from wh i ch 63,118 sentences were identified and presented to the parser. Thus, we used an average of 31.9 sentences per document or 315.5 sentences in attempting to answer each question.

3.2 Parser

The pa r ser used in TREC-8 (provided by

Pr oximityTechnology) is a prototype for a grammar checker. The parser uses a context-sensitive, augmented transition network grammar of 350 rules, each consisting of a start state, a condition to be satisfied (either a non-terminal or a lexical category), and an end state. Satisfying a condition mayresult in an annotation (such as number and case) being added to the growing parse tree. Nodes (and possiblyfurther annotations, such as potential attachment poi n ts for prepositional phrases)areaddedtotheparsetreewhen reaching some end states. The parser is accompanied by an extensible dictionarycontaining the parts of speech (and frequentlyother infor m a tion) associated with each lexical entry. The dictionaryinformation allows fortherecognitionofphrases(assingleentities) and uses 36 different verb government patterns to create dynamicparsinggoalsandtorecognizeparticles and idioms associated with the verbs (the contextsensitive portion of the parser).

The parseroutputconsistsofbracketedparsetrees, with leaf nodes descr i bi ng the part of speech and lexical entryforeachsentenceword.Annotations,such as number and tense information, maybe included at any node.Theparserdoesnotalwaysproduceacorrect parse, but is veryrobust since the parse tree is constructed bottom-up from the leaf nodes, making it pos si ble to examine the local context of a word even wh en the parse is incorrect. In TREC-8, the parse output was unusable for only526 of t h e 63,118 sentences (0.8 percent). Usa bl e output was available despite the fact that there was a t least one word unknown to the parsing dictionaryin 5,027 sentences

(8.0 percent).

3.3 Document and Question Database

Development

The keystep in the CL Resea r ch questionanswering prototypewastheanalysisoftheparsetrees t o extract semantic relation triples and populate th e databases used to answer the question. A semantic relation tr i pl e consists of a discourse entity, a semantic relation which characterizes the entity’s role in the sentence, and a governing word to which the entitystands in the semantic relation.

In general terms, t h e CL Research system is intended to be part of a larger discourse a n a l ysis processing system (Li tkowski & Harris, 1997). The most significant pa r t of this system is a lexical cohesion module intended to explore the observation that, even within short texts of 2 or 3 sentences, the words induceareducedontology(i.e., acircumscribed po r t i on of a semantic network such as WordNet

(Fel l baum, 1998) or MindNet (Richardson, 1997)).

The objective is to tie together the elemen t s of a discourse (in this case, a document) using l exical chains and coreference to create a hierarchica l characterization of a document. The implementation in TREC-8 does not attain this objective, but does provide insights for further development of a l exical cohesion module.

The first step of this discourse processing is the identification ofsuitablediscourseentities.ForTREC-

8, this involved analyzing the parse t r ee node to extract numbers, adjective sequences, possessives, leading noun sequences, ordinals, time phrases, predicative adjective phrases, conjuncts, an d n oun con st ituents as discourse entities . To a large extent, these entities include, as subsets, named entities and time expressions as single entities (alth ough not specificallyidentified as such in the databases).

The semantic r el a tions in which entities participate are intended to capture the semantic roles of the entities, a s generallyunderstood in linguistics.

This includes such roles as agent, theme, l ocation, manner, modifier,purpose,andtime.ForTREC-8,we did not fullycharacterize the entities in these t er m s, but generallyused surrogate place holders. These i n cl uded ^SUBJ,~ ^OBJ~, ^TIME,~ ^NUM,~

^ADJMO D , ~ a n d t h e pr eposi t i on s h ea di n g prepositional phrases.

The governingwordwasgenerallythewordinthe sentence that the discourse entitystood in relation to.

For ^SUBJ,~ ^OBJ,~ and ^TIME,~ this was generally the main verb of t h e sentence. For prepositions, the governing word was generallythe noun or ver b that

the prepositional phrase modified. (Because of the context-sensitive dynamic pa r sing goals that were added when a verb or a gover n i ng noun was recognized, it was possible to identifywhat was modified.) For the adjectives and numbers, the governin g word was generallythe noun that was modified.

The semantic relation a nd the governing word were not identified for all discourse entities, but a record for each entitywas still added to the database for the sentence. Overall, 467,889 semantic relation triples werecreatedinparsingthe63,118sentences,an average of 7.4 triples per sentence.

The samefunctionalitywasusedtocreatedatabase records for the 200 questions. The same pa r se t ree analysis was performed to create a set of records for each question. The onlydifference is that one semantic relation triple for the question contained an unbound variable as a discourse entity. The question database contained 891 triples (for 196 questions), an average of 4.5 triples per question.

3.4 Question Answering Routines

For TREC-8,adatabaseofdocumentswascreated for each question, as provided bythe NIST generic search engine. A single database was created for the questions themselves. The question-answering consisted of ma t ch i ng the database records for an individual question against thedatabaseofdocuments for that question.

The question-answering phase consists of t h r ee m ain steps: (1) coarse filtering of the records i n t h e database toselectpotentialsentences,(2)morerefined filtering of the sentences accor di n g to the type of question, and (3) scoring the remaining sentences ba sed on matches between the question and sentence database records. The sentence were then ordered by decre a sing score for creation of the answer file submitted to NIST.

3.4.1 Coarse Filtering of Sentences

The firststepinthequestion-answeringphasewas th e devel opment of an initial set of sentences. The discourse entities in the question records were used to filter the records in the docum ent database. Since a discourse entityin a record could be a multiword unit

(MWU), the initial filtering used all the indivi dual wor ds in the MWU. The question and senten ce discourse entities were generally reduced to their root form, so that issues of tense and number were eliminated. In addition, all words were reduced to lowercase, sothatissuesofcasedidnot comeintoplay during thisfilteringstep.Finally,it wasnot necessary for the di scourse entityin the sentence database to have awholewordmatchingastringfromthequestion database. Thus, in this step, all records were selected from the document database having a discourse entity that contained a substring that was a word in the question discourse entities.

The join between the quest ion and document databases produced an initial set ofunique (document number, sentence number) pairs that were pa ssed to the next step.

3.4.2 Refinement of Viable Sentences

The secondstepofthequestion-answeringprocess applied moredetailedscreeningofthesentences.This screening involvedtheapplication ofcriteria basedon the type of question.

As indicat ed above, one record associated with each question contained an unbound variable as a disco ur se entity. The type of variable was identified wh en the question was parsed and this variable was used to determine which type of processing was to be performed during the sentence refinement step.

T he prototype system recognized six question types (usuallywithtypicalquestionelements):(1) time questions (^when~), (2) location questions (^where~),

(3) wh o questions (^who~ or ^whose~), (4) what questions (^wh at~ or ^which,~ used alone or as quest i on determiners), (5) size questions (^how~ follo wed byan adjective), and (6) number questions

(^how many~). Question phraseologynot envisioned during the prototype development (princi pally questions beginning wit h ^why~ or non-questions b egi n n i ng with ^name the ...~) were assigned to the what category, so that question elements would be present for each question.

Some adjustmentstothequestion typeweremade just prior to the refined filtering. Specifically, it wa s recognized that questions like ^what was the year~ or

^what was the date~ and^what was the number~ were n ot what questions, but rather time or number questions. Otherphraseologicalvariationsofquestions are likelyand could be made at this stage.

In general, thefunctionalityforthescreeningstep involved elimination of sentences from further processing (based on criteria described below) and initialization ofthedatastructureforholdinga50-byte answer. An initial score (of 1000) was assigned for each sentenceduringthisprocess.And,thenumberof viable sentences was limited.

1. Time Questions - The first criterion applied to a sentence was whether it contained a record that has a TIME semantic relation. The parser has specific mechanisms for recognizing prepositional phrases of time or other temporal expressions (e.g., ^last

Thursday~). During the analysis ofthe parser output, the databaserecordscreatedfortheseexpressionswere given a TIME semantic relation. After screening the database for such records, the discourse entityof such a record was then examined further. If the discourse entity contained an integer or anyof its wor ds were marked in the parser’s dictionaryas repr esen ting a time period, measurement time, month, or weekday, the discourseentitywasselectedasapotentialanswer.

2. WhereQuestions -Eachsentencewasexamined for the presence of ^in~ as a sem a n t i c relation. The discourse entityfor that record was selected as a potential answer.

3. Who Questions - There was no elimination of sentences for these questions. All senten ces were continued to the next step. A potential answer was developed bysearching for a record that had the same governing word as that of the unbound variable. (For example, ^whocreated...~ wouldshow^create~ asthe governing word; a m a tch would be sought for a sentence record with ^create~ as the governing word.)

The head noun of the discourse entitywoul d be the potential answer.

4. What Questions - There was no elimination of sentences for these questions. All senten ces were continued to the n ext step. A potential answer was developed bysearching for a record that had the same governing word as that of the unbound variable. The discourse entitywould be the potential answer.

5. Size Questions -Thefirst criterion applied toa sentence was whether it contained a record that has a

N UM semantic relation. The parser has specific mechanisms for recognizing numbers. During the analysis of t h e parser output, the database records created for these expressions were given a NUM semantic relation. If these expressions were followed by a noun, the noun would be captured as the gov er n i n g word. After screening the database for

NUM records, the gover n i ng word of such a record was then examined further. Ifanyofthe words ofthe discourse entityweremarkedintheparser’sdictionary as representing a measure, a unit, or a measurement size, the discourse entity, a space, and the governing word were constructed as a potential answer.

6. NumberQuestions -Thesamecriterion asused in size questions was applied to a senten ce t o see wh ether it contained a record that has a NUM semantic relation. In th ese cases, the number itself

(the discourse entity) was selected as the pot ential answer.

3.4.3 Sentence Scoring

Each sentencethatpassedthescreeningprocessof the previous step wa s a ssi gned a base score of 1000 and was then evaluatedfor further correspondencesto t h e question database records. Each record of the question database was examined in relation to each record for the sentence in the docum ent database.

Poi n t s were added or deduct ed ba sed on correspondences.

If the discourse entityin the sentence record is a proper or complete substring ofthe discourse entityin the question record, 5 points are added when the semantic relationorgoverningwordmatchcompletely.

Five points are deducted if the match is not complete.

If the question discourse entityis an MWU, each wor d of the MWUis examined against the discour se entity in thesentencerecord. Ifa wordintheMWUis a substring of the senten ce discourse entity, 5 points are added tothe score. Ifthelast wordofthe MWUis a substring of the sentence discourse entity(generally corresponding to the head noun of the MWU), 20 points are added. When we have a substring match, we a l so test the semantic relation and the governi n g word of t h e two records, adding 5 points for each match.

In general, then , points are added because of matches in the semantic relation and governing word fields, but onlywhen there is at l ea st a partial match bet ween the discourse entities of the two records.

Thus, the focus of the matching is on the structural similarity between the question records and t h e sentence records,i.e.,onwhetherthediscourseentities participate in thesametype ofsemantic relationswith the sam e governing word. Manyof the sentences

passed tothis step will have minimal changes totheir scores, while those that match on structural similarity will tend to separate out relative to other sentences in the documents.

After scoreshavebeen computedfor all sentences s ubm itted to this step, the sentences are sorted on decreasing score. Finally, the output is constructed in the desired format (for both 50-byt e a nd 250-byte answers), with the original sentences retrieved from the documents.

4. TREC-8 Q&A Results

Th e official score for the CL Research 250-byte sentence submissionwas0.281.Thismeansthat,over all questions, the CL Research prototype provided a sentence withthecorrectanswerasits4 th choice. This com pares to an average score of 0.332 among the 25 submissions fortheTREC-8Q&Atrack(i.e.,acorrect a nswer in the 3 rd position). In examining all the answers submitted bythe various tea m s, the CL

Resear ch pr ot otype was one of onlytwo teams that submitted full sentences, as opposed to a 250-byte windowaround an answer.

The CL Research prototype submitted sentences containing correctanswersfor83ofthe198questions.

Compared tothe median scores for the 198 questions, the CLResearch prototypewas better than themedian for 40 questions, equal for 109 questions, and less for

49 questions. Since CL Research did not provide a correct sentence for 115questions, thismeans that for

66 questions, the median score among th e 25 participating systems was unable to provide a correct answer. Finally, the CL Research prototype equaled the best score for 46 questions and the worst score for

115 questions (i.e., the questions where CL Research did not provide a correct answer).

The CLResearch prototypeperformedbetterthan the average score of 0.332 for 56 questions. On these quest ions, the average score was 0.447 (that is, a correct answerwasgivenasthe2 nd rankedanswerover a l l participating systems). Thus, the questions for which the CL Research prototype provided correct answers were in general easier than the remaining questions. However, among these questions, 39 were easier thantheaverageand17weremoredifficultthan the averageof0.332. In other words, theCLResearch prototype did not just answer the easier questions, but was abletoanswersomeofthemoredifficultquestions as well.

5. Analysis

The resultsachievedbytheCLResearchprototype seem toindicatethatthegeneralapproachofmatching relational structures between the questions and the documents is viable. The prototype sel ected 937 sentences and at least 83 correct sentences out ofover

63,000 sentences in the source documents, so the approach clearlyperformedmuch better thanrandom.

Since the prototype was an initial implementation, focused primarilyon just providing a set of answers, wit h out anyevaluation of alternative approaches and w i t h out inclusion of several generallyavailable research findings(e.g.,named-entityrecognition,time phrase computations, and coreference resolution), the approach seems to have much promise.

Even with the claimed level of perform a n ce, however, it seemsthat theofficial results significantly understate the viabilityof the general approach in the prototype. This statement is based pr i m a r i l yon the fact that onlyth e top 10 documents were used in an attempt to answer the questions, when frequentlyan answer did not appear in a nyof these documents.

There are several other simple changes (such as resolution of relative time ph r a ses to a specific date, wh er e the appropriate phrase was identified in the prototype as one of the submitted a n swers) which would result in a higher score.

Overall, based on post-hoc analysis of t h e cases where the CL Research prototype did not provide the correct answer , it is estimated that a more accurate overall scoreisapproximately0.482.(Thisestimateis based on post-hoc analysis of 25 percent of the questions wherenocorrectanswerwasprovided.)The reasons justifying this estimate are detailed below.

1. Cutting offsentences - For three questions, the limitation to 250-byte strings cut off the portion that would have recognized byNIST evaluators as correct.

In eachcase,theappropriatesentencewasrankedfirst, adding 0.015 to the overall score.

2. Inclusion of document containin g a n swer -

Post-hoc analysis revealed that for one-t h i r d of the questions, theanswer wasnot in thetop10documents i n cl uded in the database for the question. When a document containing the answer was added t o the database, correctanswerswereidentifiedintwo-thirds of the cases, with an average i n ver se rank of 0.320, adding 0.153 to the overall score.

3. Relative time resolution - One-fi fth of the questions answered incorrectlyrequired resol ution of relative time phrases (^last Thursday,~ ^t oday,~ ^two years ago~). Thefunctionalityfor this time resolution is essentiallyalreadypresen t i n the CL Research prototype and the document date necessary for this c om putation is contained in the document databases.

The averageinverserankforthesentencesprovidedin t h e pr ototype results is 0.292, adding 0.033 to the overall score.

There are some considerations in a ddition to the above that also would portraythe CL Research prototype more favorably, but for which noimmediate estimate of improvement in the overall scor e is claimed. For 6 percent of the incorrect answers, a sentence containing the correct answer was generated an d was tied with an answer that was submitted.

However, because the sentence was not generatedin a timelyorder, it was not submitted.

The correctanswerwasalsogeneratedforanother

20 percent of the cases where no corr ect answer was provided, but the appropriate senten ces were ranked lower than those submitted. In another 17 percent of the caseswith nocorrectanswers,theanswer required coreference resol ution from one of the sentences submitted. About 10 percent of the cases involved incomplete creation ofdocument database entries due to bugs in th e pa r ser or in the mechanisms for extracting da t abase records; it is not yet clear what effect correctingthesedifficultieswouldhave. (These difficulties resultedinnosentencesbeingsubmittedfor

6 questions.)

Further examination of the results is necessaryto understand the factors contributing to success and failure. Afirstanalysisinvestigatedtherelationofthe question parsinganddatabaseconstructiontowhether a question was answered correctly. About 65 percent of the correct answers had no problems with parsing and database construction for the question, compared to 51 percent of questions with incorrect answers.

Only 20 percent ofthe questions with correct answers ha d parsing problems, compared to 25 percent for those with incorrect answers. About 8 percent of the questions with correct answers involved questions not overtly recognized bythe prototype (where a default what question typewasused), comparedto11percent of thequestionswithincorrectanswers.Finally,7.5of the questionswithcorrectanswershadwordsunknown to the parsing dictionary, compared to 4.5 percent for questions with incorrect answers.

There were no obvious correlates for the scores.

For questions with correct answers, the scores were tabulated bythenumber ofdatabaserecordsgenerated by the questions (which ranged from 2 to 10, with an average of 4.4 records). Higher scores woul d have been expected for those questions with a high er number ofrecords, but insteadtheaveragescoreswere about the same across the range. Similarly, the average scores for the top 5 rank answers were nearly identical for questions answered correctlyand questions answeredincorrectly.Theaveragescoresfor the submittedanswerswereweaklycorrelatedwiththe difficulty of the questions (0.18) reported byNIST.

However, the correlation was lower (0.11) for questions answered correctly and much higher (0.25) for the questions answered incorrectly. This result is somewhat paradoxical.

Further detailed analysis is necessarytoget at the most significant contributors tothe scores. Heuristics were used in developing the scoring mechanisms. At this time, these heuristics h ave not been evaluated, either for identifyingthevalidorinvalidcontributions to the scores or for evaluating the weighting scheme.

6. Anticipated Improvements

The immediatepossibilitiesfor improvementsare many and the possibili t i es for exploration are quite diverse. In addition , there are opportunities to be explored for integrating the prototype within more generalized searchengines.Finally,theprototypecan be examined for suitabilityfor use with specialized textual databases.

Th eimmediateimprovementsareevidentfromthe a n a l ysis indicated above: (1) dealing with problem cas es where answers weren’t generated because of p r oblems with parsing the questions or extracting a ppropriate database triples from the questions; (2) addition oftimephraseanalysisroutines;(3)extension of the question types handled bythe system; and (4) problems in extracting the document database t r iples arising from the parser or extraction routines.

L ess immediate, but straightforward extensions can be gained byincorporating (1) coreference resolution techniquesand(2)namedentitytechniques.

The databaseextractionroutinesconstitutedaminimal implementation. These can easilybe extended by further analysis of the parse output.

At the next level of compl exi t y, the database extraction techniques require further refinement and extension. The semantic relations used in the prototype canbeenhanced,particularlybeyondtheuse of specific prepositions as the characterizing element.

The reliance on specific prepositions is likelyto have reduced matches;generalizingspecificprepositionsto more general semantic relations would yiel d better matches that would not be dependent on specific ph r a seology. The next step along these lines woul d involve incorporation of better discourse a nalysis techniques (suchastextsummarizationresearch(Mani

& Bl oedorn, 1999)) for tying together records in the document databases.

Along the same lines, t h e prototype could be improved byincorporating techniques from l exical cohesion and lexical chain research to tie database records together (Green, 1997). This would specifically involveuseofsemanticnetworkdata(such as is present in WordNet or MindNet), particularlyto link synonymic and hypernymic phraseology. Larger dictionaries would also be of some use.

Finally, the mechanisms i n the prototype can be improved. Furtherpost-hocanalysiswilllikelyleadto better analysis and selection of sentences. The mechanisms for examining the select ed sentences

(during the analysi s of specific question types) were also somewhat minimal in the prototype; fur ther analysis islikelytoyieldimprovements.Evaluationof t h e scor i n g m echanisms (understanding why appropriate sentences received lower scores than higher ranked sentences and understanding the contributi on of the individual mechanisms) will also likelylead to improvements.

Since the prototype did not incl ude a general search engine, the best interface with such systems is unknown. In addition, there are manyapplications that attempt to answer questions from specialized databases (such asFAQdatabases, automaticmessage responders, and hel p files). There are also many specialized textual databases (historical recor ds or genealogical databases). It seems that the prototype can work immediatelywith more or less st atic text databases, butinalltheseinstancesshouldalsobeable to take advantage of sea r ch functionalityalready included in such systems.

Some ca vea ts are necessaryin considering the results of the CL Research prototype and the possible improvements. Manyofthe questions in the TREC-8

Q&A track can possiblybe better answered bysimple lookup in diction a r i es (including those that contain small amounts of encyclopedic information). Also, it appeared as if the phraseologyof th e questions frequently was veryclose to the answers in the t ext .

The extent towhich theseconsiderationsaffect results needs to be determined.

7. Summary

The CLResearchprototypesystemwasreasonably successful in answering questions byselecting sentences from the docum en t s in which the answers occur. The system generallyindicates the viabilityof using relational triples (i.e., structural information in a sentence, consisting of discourse entities, semantic relations, and the governing words to which the entities are bound in the sen t en ce) for questionanswering. Post -hoc analysis of the results suggests several further improvements and the potential for investigating other avenues that makeuseofsemantic networks and computational lexicology.

References

Fellbaum, C. (1998). WordNe t : An electronic l exical database. Cambridge, Massachusetts: MIT

Press.

G r een, S. J. (1997). Automaticallygenerating hypertext bycomputing sema n t ic similarity[Diss],

Toronto, Canada: Universityof Toronto.

Lit kowski, K. C., & Harris, M. D. (1997).

Category development using c omplete semantic networks. TechnicalReport, vol. 97-01. Gaithersburg,

MD: CL Research.

Ma n i , I., & Bloedorn, E. (1999). Summarizing similarities anddifferencesamongrelateddocuments.

Information Retrieval, 1 (1), 35-68.

Richardson, S. D. (1997). Determining similarity and inferring relations in a lexical knowledge base

[Diss], NewYork, NY: The CityUniver si t y of New

York.