Syntactic Clues and Lexical Resources in Question-Answering

Kenneth C. Litkowski

CL Research

9208 Gue Road

Damascus, MD 20872 ken@clres.com

Abstract

CL Research’s question-answering system

(DIMAP-QA) for TREC-9 significantlyexten ds its semantic relation triple (logical form) t ech n ologyin which documents are fullyparsed and databases built around discourse entities. This extension further exploits parsing output, most notablyappositives and relative clauses, which are quite useful for question-answering. Further, DIMAP-QA integrated machine-readable lexical resources: a full-sized dictionary and a thesaurus with entries linked to specific dict ionarydefinitions. The dictionary’s

270,000 defin i tions were fullyparsed and semantic relations extractedtoprovideaMindNet-likesemantic network; the thesa ur us was reorganized into a

WordNet filestructure.DIMAP-QAusestheselexical re sour ces, along with other methods, to support a just-in-time design that eliminates preprocessing for named-entity extraction, statistical subcategorization p a t t e r n i n g , a n a p h or a r e s o l u t i o n , o n t o l o g y development, and unguided queryexpansion. (All of these techniques are implicit in DIMAP-QA.)

The best official scores for TREC-9 are 0.296 for sentences and 0.135 for short answers, based on processing 20 of the top 50 documents provided by

NIST, 0.054 and 0.083 belowthe TREC-9 averages.

The initial post-hoc analysis suggests a moreaccurate a ssessm en t of DIMAP-QA’s per for m a n ce i n identifying answers is 0.485 and0.196. This analysis also suggests that manyfailures can be dealt with relatively straightforwardly,aswasdonein improving performance for TREC-8 answers to 0.803 and 0.597 for sentences and short answers, respectively.

1. Introduction

TREC-9 DIMAP-QA proceeded from last year’s version byfirst removing manyshortcomings noted there (whereitwassuggestedthattheofficial250-byte, or sentence, score of 0.281 could be raised to an estimated 0.482) byincluding documents not processed, resolving parsing problems affecting both

questions and documents, and resolving triple extraction problems. Dealing with these problem s i m proved the score to 0.550. DIMAP-QA was th en extended to extract 50-byte answers, with feedback to the sentence extraction (i.e., when a viable short answer was recognized, its sentence was given a higher scor e). This extension focused on developing question-specific routinesfor extractingshortanswers based on the discourse entities and the types of sem a n t i c relations in which theyparticipated. This i m proved scores to 0.740 for sentences and 0.493 for short answers, suggesting that a substantial portion of que stion-answering can be achieved without special pre -pr ocessing. At this point in development, the lex i ca l resources were integrated. Although these resources could have been used directlyto answer questions, thejust-in-timemodelusedtheminsteadfor substantiation. For example, in "where" quest i ons, def i n i t i ons provided a background set of discourse entities used in evaluating document sentences. For

"what" questions (e.g., "what country"), di ctionary definitions were examined to determine whether a document discourse entitywas defined as or h a d the hypernym "country". If no match, the th esaurus was examined todetermineifthehypernymforadocument discourse entitywas in the same thesa ur us category

(e.g., as "country" where "Belgium" i s defined as a

"king dom"). Incorporation of these lexical resources improved the TREC-8 scores t o 0.803 for sentences and 0.597 for short answers.

DIMAP-Q A is a part of the DIMAP dictionary creation andmaintenancesoftware,whichisprimarily designed for making machine-rea dable dictionaries mac h ine-tractable and suitable for NLP tasks, with some componentsintendedforuseasalexicographer’s workstation. 1 The TREC-9 QA track provided a n opportunity for exper i m enting with the limits of

1 DIMAP, including the question-answering component, is available from CL Research.

Demonstration and experimental versions are available at http://www.clres.com.

question-answering basedonlyonsyntacticalcluesand for examining use of computational lexical resources

(dictionary and thesaurus). T h e development of the system for T RE C-9 and the analysis of failures provides a good delineation of t h e limits of different types of evidence and the role of lexical resources.

2. Problem Description

Participants in the T REC-9 QA track were provided with 693 unseen questions to be answered from the TREC CD-ROMs, (about 1 gigabyt e of compressed data), containing documents from the

Foreign Broadcast Information Service , Los Angeles

Times , Financial Times , Wall St re et Journal ,

Associated Press Newswire , and San Jose Mercury

News . These documents were stored with SGML formatting tags. Participantsweregiven theoption of using theirownsearchengineorofusingtheresultsof a ^generic~ search engine. CL Research chose the latter, relyingonthetop50documentsretrievedbythe search engine. These top document s were provided simultaneouslywith the questions.

Participants werethen requiredtoanswer the693 questions in either 50-byte answers or byproviding a sentence or 250-byte string in which the answer was embedded. For each question, participants were to provide 5 answers, wit h a score attached to each for use in evaluating ties. 2 NIST eva l ua t ors then judged whether each answer contained a cor rect answer.

Scores were assigned as the inverse rank. If question q contained a correct answer in rank r, the scor e rece i ved for that answer was 1/r. If none of the 5 submissions contained a correct answer, the scor e received was0. The final score was then computedas the average score over the entire set of questions.

CL Research submitted4runs,2eachforthe250- and 50-byterestrictions, oneanalyzingonlythetop10 documents andtheotheronlythetop20documents,to examine whether performance was degraded in going from 10 to 20 documents.

3. System Description

The CLResearchprototypesystemconsistsoffour major components: (1) a sentence splitter that separated the source documents into individual

sentences; (2) a parser whi ch 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 ofthe sentenceand 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) matched the question database recordswith thedocument database t o a n swer the question. The matching process first identified candidate sentences from t h e database, extracted shortanswersfromeachsentence,developed a score for each sentence, and chose t h e t op 5 sentences (and their short answers) for submission.

3.1 Sentence Identification in Documents

T h e parser (described more fullyin the next section) contains a function to recognize sentence breaks. However,thesourcedocumentsdonotcontain crisply drawn paragraphs that could be submitted t o this function. Thus, a sentence could be split acr oss sever al lines 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 stage, we also extracted th e document identifier andthedocumentdate.OtherSGML-tagged fields werenot used. Thequestion number, document num ber, and sentence number provided the unique identifier when questions were answered.

TREC-9 added 3 document collect i ons ( Wall

Street Journal , Associated Press Newswire , and Sa n

Jose Mercury News ). Although we had tested processing ofthesedocumenttypesbeforethetestsuite was made available, we had not captured nuances not described in the DTDs. As a result, there were many

^bombs~ that occurred in processing th e top documents; manyof the problems ha d t o be fixed during thefinalprocessing.Althoughthisviolatesthe strict rule against making changes after the questions are made available, these ch a nges did not go to the heart ofthequestion-answering, but onlytotheability of the system to process the documents. Aft er subm i ssion, further nuances affecting syst em performance were i dentified, most notablyin the omis si on of important textual material (^lead paragraphs~) in the Wall Street Journal and the San

Jose Mercury News a n d the combining of multiple sentences from Associated Press documents (because of the wayquoted mater i a l was handled). These

2 Although this statement appears in one of the problem specifications, the score is not used and only the position of the answer is considered.

problems had an effect on performance, as described below.

For the TREC-9 QA runs submitted to NIST, the top 20 docum ents (as ranked bythe search engine) were analyzed (30 were processed for 250 of the questions). Overall, thisresultedin processing 14605 docum ents (up from 1977 in TREC-8) from which

422,562 (up from 63,118) sentences were i den t ified and presentedtotheparser. Thus, weusedan average of 28.9 (down from 31.9) sentences per document or

290 sentencesforthe10-document set, 580for the20- document set, an d 870 for the 30-document set for each question.

3.2 Parser

The parser in DIMAP (provided by Proximity

T ech nology, Inc.) is a grammar checker that uses a c on text-sensitive, augmented transition network grammar of 350 rules, each consisting ofa start state, a condition to be satisfied (either a non-terminal or a lexical category), and an end state. Sa t isfying a condition mayresultinanannotation (such asnumber and case)beingaddedtothegrowingparsetree.Nodes

(and possiblyfurther annota t i ons, such as potential attachment pointsforprepositionalphrases)areadded to the parse tree when reaching some end states. The parser is accompanied byan extensible di ctionary containing the parts of speech (and frequentlyother information) associ a t ed with each lexical entry. The dictionary infor mation allows for the recognition of phrases (as single entities) and uses 36 different verb gove r n ment patterns to create dynamic parsing goals and to recognize particles and idioms associated with the verbs (the context-sensitive portion ofthe parser).

The parseroutputconsistsofbracketedparsetrees, w i t h leaf nodes describing 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 possible to examine the local context of a word even when the parse is in cor rect. In TREC-9, parsing exceptions occurred for on l y69 sentences out of

422562 (0.0002, down from 0.008), with another 131

^sentences~ (usuallytabular data)not submittedtothe parser. Usable output was a va ilable despite the fact t h a t there was at least one word unknown to the parsing dictionaryin 33,467 sentences (7.9 percent).

3.3 Document and Question Database

Development

A keystep of DIMAP-QA is analysis ofthe parse tree to extract semantic relation triples and populate the databasesusedtoanswerthequestion.A semantic r e l ati on triple consists of a discourse entity, a semantic relation which characterizes the entity’s role in the sentence, and a governing word to which the entity stands in the semantic r elation. A triple is gener a llyequivalent to a logical form (where the operator is t h e semantic relation) or a conceptual graph, except that a semantic relation is n ot strictly required, with the driving force being the discourse entity.

The first st ep of discourse processing is identification ofsuitablediscourseentities.ForTREC-

8, this involved a n a l yzing the parse tree node to extract numbers, adjective sequences, possessives, leading noun sequences, ordinals, time phrases, predicative a djective phrases, conjuncts, and noun consti t uen t s as discourse entities. To a large extent, named entities, as traditionallyviewed in information extraction, are identified as di scourse entities

(although not specificallyidentified as such in t he databases). For TREC-9, theparseoutput was further mined, more fullyexploiting the syntactic rel ations bet ween sentence constituents. The most notable of these was the characterization of various forms of appositives (parenthesized expressions, rela t ive clauses, and true appositives), which frequently provide the answers to questions.

The semantic r elations in which entities participate are intended to capture the semantic roles of the entities, as generallyunderstood in linguistics.

This includes such roles as agent, theme, l ocation, manner, modifier,purpose,andtime.ForTREC-9,we did not fullycharacterize the en t i t i es in these terms, but generall y used surrogate place holders. These i n cl uded ^SUBJ, ~ ^OBJ~, ^TIME,~ ^NUM,~

^ADJMOD, ~ a n d t h e p r e p osi t i on s h ea di n g preposi t i onal phrases. Appositive phrases were characterized byidentifying the sen t ence word they modified and t h e beginning and ending words of the phrase; their use i s described particularlyfor answering Who and What questions.

The governingwordwasgenerallythewordinthe sentence that the discourse entitystood in relation to.

For ^SUBJ,~ ^OBJ,~ and ^TIME,~ this was generally the main verb of th e sen tence. For prepositions, the governing word was generallythe noun or verb that the prepositional phrase modified. (Because of the conte xt -sensitive dynamic parsing goals that were added when a verb or a governing noun was recognized, it was possible to identifywhat was m odified.) For the adjectives and numbers, t h e governing word was gen er allythe noun that was modified.

The semantic relation and the gover ning word were not identified for all discourse entities, but a record for each entitywas still added to the database for thesentence.Overall,4,149,106semanticrelation triples were created (up from 467,889) in parsing the

422,562 sentences, an average of 9.8 triples per sentence (up from 7.4 in TREC-8).

The samefunctionalitywasusedtocreatedatabase records for t h e 693 questions. The same parse tree 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, corresponding to the type of question. The question database contained 2272triples (for 693 questions), an average of 3.3 triples per question. This is down from 4.5 triples per question in TREC-8. This is indicative of the fact that the questions were ^simpler ~ , making them more difficult to answer, since there was less information on which to match.

3.4 Lexical Resources

A major addition to the question -a n swering system for T RE C-9 QA was the integration of a m a chine-tractable dictionaryand thesaurus. These were provided in mach ine-readable form byThe

Macquarie LibraryPtyLtd of Australia. The dictionary, known as Big Mac, was converted into a format suitableforuploadingintoDIMAPdictionaries, during which most of t he rawdata were put into specific fieldsofa DIMAPdictionary(e.g., headword, part ofspeech, definitions, example usages, andmany f̂eatures~characterizingsyntacticpropertiesandother information, particularlya li n k to Macquarie’s thesaurus andidentificationofa^derivational~linkfor undefined words to their root form).

After conversionandupload,theentiredictionary of 270,000 definitions was parsed topopulate the raw dictionary databyaddingsemanticrelationslinkswith oth er words. The most important result was the identification of the hypernyms of each sense. Other

relations include synonyms (discern i bl e in the definitions), typical subjectsandobjectsfor verbs, and various semantic components (such as manner, pur pose, location, class membership, and class inclusion). This dictionary, a ccessed during the question-answering process,isthussimilarinstructure to MindNet (Richardson, 1997).

The Macquarie thesaurus was provided in the form ofalistofthewordsbelongingto812categories, which are broken down into paragraphs (3 or 4 for each part of speech) and subparagraphs, ea ch co n t aining about 10 words that are generally synonymous. We were also provided (Gr een , 2000) with a set of perl scripts for inverting the thesaurus data into alphabetical order, where each wor d or phrase was listed along with the number ofentries for each part of speech, and an entryfor each distinct sense identifyi ng the category, paragraph, and subparagraph to which the word or phrase belongs.

The resultant thesaurus is t hus in the precise format of the combined WordNet index and data files

( (Fellbaum, 1998)), facilitating thesaurus lookup.

3.5 Question Answering Routines

For TREC-9,adatabaseofdocumentswascreated for each question, as provided bythe NIST generic search engine. A single database was created for the ques t i ons themselves. The question-answering consisted of mat ch i n g the database records for an individual question against thedatabase ofdocuments for that question.

T h e question-answering phase consists of three main steps: (1) coarse filtering of the recor ds i n the database to sel ect potential sentences, (2) detailed analysis of the question to set the st a ge for detailed a n a l ysis of the sentences according to the type of question, establishing an initial scoreof1000for each sentence, (3) extracting possible short answers from t h e sentences, with some adjustments to the score, ba sed on matches between the question and sentence database records and theshort answersthat have been ext r a cted and (4) making a final evaluation of the match between the question’s keyelements and the short answerstoarriveatafinalscoreforthesentence.

The sentencesandshortanswerswerethen orderedby decreasing score for creation of t h e a n swer files submitted to NIST.

3.5.1 Coarse Filtering of Sentences

The firststepinthequestion-answeringphasewas the development of a n i n i t ial set of sentences. The discourse entities in the question records were used to fi l t er the records in the document database. Since a discourse entityin a record could be a multiword unit

(MWU), the i n i t ial filtering used all the individual words in the MWU. Question and sentence discourse entities were reduced to their root form , eliminating issues oftenseandnumber.Allwordswerereducedto lowercase, sothatissuesofcasedidnot comeintoplay during thisfilteringstep. Finally, it wasnotnecessary for t he discourse 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 tha t wa s a word in the question discourse entities.

MWUs wereanalyzedin somedetailtodetermine their typeandtoseparatethemintomeaningfulnamed entities. We examined the capitalization pattern of a phrase andwhetherparticularsubphraseswerepresent in the Macquar i e dictionary. We identified phrases such as ^Charles Lindbergh~ as a person (and hence possibly referred to as ^Lindbergh~), ^President

McKinley~ as a person with a title (since ^president~ is anuncapitalizedwordin theMacquariedictionary),

^Triangle Shirtwaistfire~asapropernounfollowedby a common noun (hence looking for either ^Tr i a n gle

Shirtwaist~ or ^fire~ as discourse entities).

The join between the question an d document databases produced an initial set ofunique (document n um ber, sentence number) pairs that were passed to the next step.

3 . 5.2 Identification of Key Question

Elements

As i ndicated above, one record associated with each question contained an unbound variable as a discourse en t ity. The type of variable was identified when the question wa s parsed and this variable was used to determine which type of processing was to be performed.

The question-answering system categorized questions into six types (usuallywith typical question elements): (1) time questions (^when~), (2) loca ti on que stions (^where~), (3) who questions (^who~ or

^whose~), (4) what questions(^what~or^which,~used

alone or as question determiners), (5) size quest ions

(^how~ followed byan adjective), and (6) number questions (^howmany~). Other question types not includ ed a bove (principally^why~ questions or nonquest i ons beginning with verbs ^name the ...~) were assigned to the what category, so that question elements would be present for each question.

Some adjustments to the quest ions were made.

There was a phase of consolidating triples so that contiguous named entities were made in t o a single triple. T h en , it was recognized that questions like

^what was the year~ or ^what wasthedate~ and^what was the number~ were not what questions, but rather time or number questions. Questions containing the phrase ^whowastheauthor~wereconvertedinto^who wrote~; in those with ^what is the name of~, the triple for ^name~ was removed so that the words in the ^of~ ph r a se would be identified as the principal noun .

Other phraseological variationsofquestionsarelikely and could be made at this stage.

Once the question type had been determined and the initial set ofsentences selected, further processing took placebasedonthequestiontype.Keyelementsof the question were determined for ea ch question type, with some specific processing based on the particular questio n t ype. In general, we determined the key noun, the keyverb, an d anyadjective modifier of the key noun for each question type. For who questions, we looked for a year restriction. For where questions, we lookedupthekeynounintheMacquariedictionary and i den t ified all proper nouns in all its definitions

(hence availablefor comparison with short answersor other propernounsinasentence).For what questions, we looked for a year restriction , noted whether the answer couldbetheobject ofthekeyverb, andformed a basesetofthesauruscategoriesforthekeynoun.For size question s, we identified the ^size~ word (e.g.,

^far~ in ^howfar~). For num be r questions, we also looked for a year restriction.

3.5.3 Extraction of Short Answers

After thedetailedquestionanalysis,processingfor each question then examined each selected sentence, attempting to find a viable shor t a nswer and giving scores for various characteristics ofthe sentence. For time , loca ti on , size , and number questions, it was possible that a given sentence con t a ined no information ofthe relevant type. In such cases, it was possible th a t a given sentence could be completely eliminated. In general, however, a data structurefora pos si bl e answer was initialized to hold a 50-byte answer and the sentence was assigned an initial score of 1000. An initial adjustment to the score was given for eachsentencebycomparingthequestiondiscourse entities (including subph r a ses of MWUs) with the senten ce discourse entities, giving points for their presence a n d a dditional points when the discourse en t ities stood in the same semantic relation and had the same governing word as in the question.

1. Time Questions - The first criterion applied to a sentence was whether it contained a record that has a TIME sem a ntic relation. The parser labels prepositional phrases of t ime or other temporal expressions (e.g., ^last Thursday~); database records for these expressions were given a TIME semantic relation. We alsoexamined triples containing ^in~ or

^on~ as the governing word (looking for phrases like

^on the 21st~, which maynot havebeen characterized as a TIME phrase) or numbers that could conceivably be years. After screening the database for such records, the discourse entityofsuch a recordwasthen examined further. Ifthediscourseentitycontainedan integer or anyofitswordsweremarkedin the parser’s dictionary asrepresentingatimeperiod,measurement time, month, or weekday, the discourse entitywas selected as a potential answer.

2. WhereQuestions -Eachsentencewasexamined for the presence of^in~, ^at~, ^on~, ^of~, or ^from~ as a semantic relation, or the presence of a capitalized word (n ot present in the question) modifying the key noun. Thediscourseentityforthatrecordwasselected as a potential answer. Discourse entities from ^of~ triples were slightlydisfavored and given a sl i ght decrease in score. If the answer also occurred in a triple as a governing word with a HAS relati on , the discourse entityfrom that triple was inserted into the answer as a genitive determiner of the answer.

3. Who Questions - T h e first step in examining each sentence looked for the presence of a ppositives, relative clauses, and parentheticals. If a sentence contained anyof these, an arraywas i n i t i a lized to record itsmodificandandspan. Theshortanswerwas initialized to the keynoun. Next, all triples of the sentence were examined. First , the discourse entity

(possibly an MWU) was examined t o determine the overlap between it andthe question discourse entities.

The number of hits was t hen added to all appositives which includethewordpositionofthediscourseentity within its span. (A sentence could have n est ed apposit i ves, so the number of hits can be recorded in multiple appositives.)

T h e next set steps involved looking for triples whose governing wor d m atched the keyverb, particularly thecopular^be~andtheverb^write~. For copular verbs, ifthe keynoun appeared as the subject, the answer was the object, and vice ver sa . For other ve r bs, we looked for objects matching the keynoun, then taking the subject of the verb as the answer. A test was included here for examining whether the key n oun is in the definition, a hypernym, or thesaurus category ofthediscourseentity, but thiswasnot tested and was removed when the system was frozen.

Another major test of each discourse en titythat contained a substring matching the key n oun was whether it was modified byan appositive. If this was the case, t h e a ppositive was taken as a possible short a n swer; the discourse entities of the appositive were then concatenatedintoa shortanswer.Numericaland time discourseentitieswerealsoexaminedwhen there was a date restriction specified in the quest ion to ascertain iftheycouldbeyears,andifso, whether they matched theyear restriction. In the absence ofa clear sentence year specification, the document date was used.

4. What Questions - The fir st step in examining t h e sen t ences was identical to that of the who que st i ons, namely, looking for appositives in the sentence and determining whether a discourse entity had overla ps wi t h question discourse entities. If the key noun was a part of a discourse entity, we would note the pr esence of the keynoun; if this occurrence was in a discour se entityidentified as an adjective modifier, the modificand was taken as a short answer and if this short answer was itself a subst r i ng of another sentencediscourseentity,thefullerphrasewas taken as the answer. Similarly, when the keynoun was a proper part of a discourse entityand began the phrase (i.e., a noun-noun compound), the r em a ining part was taken as the short answer.

As wi t h who questions, if the keynoun was identified as the modificand of an appositi ve, t he appositive wastakenasthepossibleanswer.Similarly to who questions, we also looked for the copular ^be~ with thekeynounaseitherthesubjectorobject,taking the otherasapossibleanswer. When thekeyverbwas

^have~ and the keynoun was equal to the object, the subject of ^have~ was taken as the short answer. In cases like these, we would also inser t anyadjective modifiers of t h e noun discourse entities at the beginning of the short answer.

If the keynoun was not equal to the discourse entityof the triple being examined, we tested whether the keynounagainsttheDIMAP-enhancedMacquarie dictionary, lookingforitspresence(1)inthedefinition of the di scourse entity, (2) as a hypernym of the discourse entity, or (3) in the same Macquarie t h esaurus category. (For example, in examining

^Belgium~ inresponsetothequestion^whatcountry~, where countryis not in definition and is not a hypernym, since it is defined as a ^ki n gdom~, we would find that ^country~ and ^kingdom~ a re in the same thesaurus ca t egor y.) Finally, as with who questions, we examined TIME and number discourse entities forthepossiblesatisfactionofyearrestrictions.

5. SizeQuestions -Forthesequestions,eachtriple of a selected sentence was examined for the presence of a NUM semantic relation or a discourse entity containing a digit. If a sentence contained no such triples, itwasdiscardedfromfurtherprocessing.Each numerical discourse entitywas taken as a possible short answer in the absence of further information.

However, sincea bare number wasnot a validanswer, we looked particularlyfor the pr esence of a measurement term associated with the number. This could be either a modificand of the number or part of the discourse entityitself, joined by a h yphen. If the discourse entitywas a t i gh t l yjoined number and m ea surement word or abbreviation (e.g., ^6ft~), the measurement portion was separated out for lookup.

The parsing dictionarycharacterizes measurement words ashavinga^measures~,^unit~,^MEASIZE~,or

^abbr~ partofspeech,sothemodificandofthenumber wa s tested against these. If not so present in t h e parsing dictionary, the Macquarie defi n i tion was examined for the presence of the word ^unit~. When a measurement word was identified, it was concatenated with the number to provide th e short answer.

6. NumberQuestions -Thesamecriterion asused in size questions was applied to a sentence t o see whether it con t a i n ed a record that has a NUM semantic relation. If a selected sentence had no such triples, it was effectivelydiscarded from further analysis. In sentences with NUM triples, the number itself (thediscourseentity)wasselectedasthepotential answer. Scores were differentiallyapplied to these sentences so that those triples where the number modified a discourseentityequal tothekeynoun were given the highest number of points. TIME and NUM t r i ples potentiallysatisfying year specifications were also examined to see whether a year restriction was

met. In the absence of a cl ea r sentence year specification, the document date was used.

3.5.4 Evaluation of Sentence and Short

Answer Quality

After all triples of a sentence were examined, the quality ofthesentencesandshort answers was further a ssessed. In general, for each question type, we assessed thesentencefor thepresenceofthekeynoun, the keyverb, and anyadjective qual i fi er s of the key noun. Thescoreswereincreasedsignificantlyifthese key items were present and decr ea sed significantlyif not. In the absence of a clear sentence year specifica t i on (for who , what , and number questions containing a year restriction), the document date was used. Forcertainquestiontypes,therewereadditional checks and possible changes to the short answers.

For location questions, where we accumul a t ed a set of proper nouns found in the definition of the key noun, thescorefor a sentencewasincrementedfor the presence ofthosewordsinthesentence. Proper nouns were also favored, and if two answers were found, a proper noun would replace a common noun; proper no un s also present as proper nouns in the Macquarie dictionary were given additional points. Similarly, if a sentence contained several prepositional phrases, answers from ^in~ phrasesreplacedthosefrom^of~or

^from~ phrases. For questions in which the keyverb was not ^be~, we tested the discourse entities of the sentence against the DIMAP-enhanced Macquarie dictionary to see whether theywere der ived from the key verb (e.g., ^a ssassination~ derived from

^assassinate~).

For who and what questions, wh en a sentence contained a ppositives and in which satisfactoryshort answers were not constructed, we examined the number of hits for all appositives. In gen er a l, we would constructashortanswerfromthemodificandof the appositive wit h the greatest number of hits.

However, if one appositive was nested inside another, and had the same number of hits, we would take the nested appositive. For these questions, we also gave preference toshort answers that were capitalized; this distinguished short answers that were mixed in case.

For these two question t ypes, we also performed an anaphora resolution if the shor t answer was a pronoun. In these cases, we worked backward fr om the current sentence until we found a possible proper noun referen t . As we proceeded backwards, we also worked from thelast tripleoftheeach sentence. Ifwe found a plausible referent, we used that di scourse entity astheshort answer and the sentence in which it occurred as the long answer, giving it the same score as the sentence in which we found the pronoun.

For size questions, we deprecated sentences in which we were unable to find a m ea sur ement word.

We also l ooked for cases in which the discourse entities in several contiguous triples has not been properly combined (such as number containing commas andfractions),modifyingtheshortanswersin such cases.

After scoreshavebeen computedfor all sentences submitted to th i s step, the sentences are sorted on decreasing score. Finally, the output is constructed in the desired format (for bot h 50-byte and 250-byte answers), with the original sentences retrieved from the documents. Ifa sentence is longer than 250 bytes, the string is reduced based on where the short answer appears in the sentence.

4. TREC-9 Q&A Results

CL Research submitted 4 runs, 2 each for the 50- and 250-bytelengths; the official scores for theseruns are shown in Table 1. The score is the mean reciprocal rank of the best an swer over all 682 questions that were i n cl uded in the final judgments.

The scoreof0.287for run clr00s1meansthat, over all questions, theCLResearchsystemprovidedasentence wi t h a correct answer as slightlybetter than 4 th position. This compares to an average score of 0.350 a m on g all submissions for the TREC-9 QA 250-byt e answers (i.e., a correct answer slightlybetter than the

3 rd position).

Table 1. CL Research Run Scores

Run

Doc.

Num. Type Score

TREC

Ave.

clr00s1 10 250-byte 0.287 0.350 clr00b1 10 50-byte 0.119 0.218 clr00s2 20 250-byte 0.296 0.350 clr00b2 20 50-byte 0.135 0.218

Th e CL Research runs differ in the number of documents of t h e t op 50 documents provided bythe generic search engine that were processed. As will be discussed below, the number of documents processed r efl ects a point of diminishing returns in finding a n swer s from the top documents. Table 2 shows the

number of questions for which answers were found at anyrank for the 682 questions.

Table 2. Answers Found (682)

Run

Doc.

Num. Type Num Pct.

clr00s1 10 250-byte 289 0.424 clr00b1 10 50-byte 113 0.166 clr00s2 20 250-byte 296 0.434 clr00b2 20 50-byte 132 0.194

5. Analysis

DIMAP-QA added many components to the syst em used in TREC-8. The analysis that follows examines thefailures ofthis year’s system, along with a description ofthe incremental steps implemented in dealing with last year’s failures. In this way, we hope to capturethecharacteristicsofthequestion-answering process and the significance of specific components.

As mentionedabove,weonlyprocessedthetop20 documents provided byNIST. T able 3 clearly indicates that,afterthefirst10documents,theamount of incremental improvement from processing more documents isquitesmall. Thistableindicatesthat the

CL Research results might better be interpreted in terms of the questions that could possiblyhave been answered. Table 4 makes these adjustments.

Table 3. Highest ranked top document containing strict answer string

Document Number

Number of

Q uestions

1-10 474

11-20 38

21-30 21

31-40 18

41-50 12

None 130

Table 4. Adjusted scores for documents attempted

Run

Doc.

Num. Type Score

Adj.

Score clr00s1 10 250-byte 0.287 0.412 clr00b1 10 50-byte 0.119 0.170 clr00s2 20 250-byte 0.296 0.394 clr00b2 20 50-byte 0.135 0.179

The significantdifferencebetween theunadjusted and adjustedscoresraisesanimportantquestion:isthe quest i on -a n swer i n g t r a ck measuri n g r et r i eva l performance or question-answering ability? It was noted earlier that the number of semantic r el a tion triples for the questions had declined fr om 4.5 in

TREC-8 to 3.3 in TREC-9. One of these triples contains a question element, so the decline in information content is about one-third. As a r esult, this year’s questions, while being simpler to state, are actually moredifficult toanswer. This has meant that the likelihood of the retrieval system retrieving a relevant document much less.

While this makes it more difficult for syst em s relying on the NIST top documents, it also raises the question of what might be an appropriate r et rieval strategy. CL Research experimented with the

Macquarie dictionaryinsupportofanswersto location questions (the only^simple~ questions in TREC-8, so this strategywas onlyimplemented for that question type in TREC-9). While this strategymayhelp CL

Research performance on other question types, it does not help the retrieval perform a nce shown in Table 3.

What it does suggest is that dictionarylookup can usefully be employed in reph r a sing a question for retrieving relevant documents. Thus, for example, instead ofretrievingbirth announcementsfor ^Whois

Maria Theresa?~, the r etrieval engine can search for

^archd uch ess of Austria, queen of Hungaryand

Bohemia~ in addition to ^Maria Theresa~.

I n m aking improvements to DIMAP-QA for

TREC-9, we began byremovi n g manyshortcomings noted there (Litkowski, 2000). First, we i n cl uded documents not processed. Next, we resolved sever a l

^bugs~, parsingproblemsaffectingboth questionsand documents andproblems in theextraction ofsemantic relation triples.Dealingwiththeseproblemsimproved the score to 0.550, better than anticipated, but seemingly the best that coul d be achieved by considering onlydiscourseentitiesandtheir relations.

T h e n ext stage of development focused on the extraction of short answers. The final result of t h i s process is the set of heuristics described above for the individual question types. We proceeded to this task by categorizing the problems and the likelysolutions.

In extending DIMAP-QA t o extract 50-byte answers, we found that we could successfullyidentify appropriate phrases bygreater attention to detailed syntactic and semantic structures within the sentence.

We lookedforopportunitiesforbettercharacterization of syntactic and semantic roles played by constituents of thesentence;theappositiveandgenitivedeterminer

constituen t s l ed to a significant improvement in performance, particularlyfor who and what questions.

We were able toexploit this extraction with feedback to the sentence extraction (i.e., when a viable short answer was r ecognized, its sentence was given a higher score). This extension consisted of question-specific routinesforextractingshort answers based on the types of semantic relations in which the discourse entities participated. This improved scores to 0.740 for sentences and 0.493 for short answers.

At thispoint in development, it became clear that the model we were implementing could be characterized as just-in-time: improvements could be attained byimplementing slight refinemen t s taken from techniques like named-entityextracti on and query expa n sion. It was onlyat this point in development thatthelexicalresourceswereintegrated.

Although theseresourcescouldhavebeenuseddirectly to answer questions, thejust-in-timemodel used them instead for substantiation. For example, in "where" questions, definitions provided a backgr oun d set of discourse entities used in evaluating document sentences. For"what"questions(e.g.,"whatcountry"), dictionary definitions were examined to determine whether a document discourseentitywasdefinedasor had the hypernym "coun try". If no match, the thesaurus was examined todetermineifthehypernym for a document discourse entitywas i n t he same thesaurus category(e.g.,as"country"where"Belgium" is defined as a "kingdom").

The final set of improvements to DIMAP-QA came from a m ore detailed evaluation of the short answers . T h ese changes can be characterized as reflecting a more global viewof the questions, i d e n t i fyi n g t h e i r c r i t i c a l c om p on e n t s a n d implementing procedures for decreasing the scores of sentences that weregiveninappropriatelyhigh scores.

Incorporati on of the lexical resources and the further evaluationoftheshortandsentenceanswersin light of the keywords in the questions improved t h e

TREC-8 scores to 0.803 for sentences and 0. 597 for short answers. It was at this point that the system was frozen for the participation in TREC-9.

In examining the TREC-9 results, we have taken a similar approach to categorizing t h e failures. In gener a l, we have found that there is nothing qualitatively different from our performance with the

TREC-8 quest i on s. We have, for the most part, extracted appropriate sentences for detailed analysi s

(96.5%). Availabilityof the appropriate document is the m ost prevalent problem (34% of the failures).

About 12%ofthefailurescan beattributedtotheneed to degrade the scores of too highlyscored senten ces.

Another 10% require improved characterization and extraction ofconstituentsfromtheparseoutput.About

10% of the questions can be a n swer ed byimproved routines for interacting with the lexical resources.

About 6% can be characterized as difficult problems.

The remaini n g problems seem to require better examination of the question compon en t s or modification of t he algorithms for the individual questions. Theroutinesthatwereimplementedforthe specific question types need to be evaluated for how well theywork together (i.e., as some routines were implemented, theymayhavedegradedotherroutines).

As mentioned earlier, we experienced significant problems with processing Associated Press , Wall

Street Journal , and San Jose Merc ury News documents. Wereran theentire10- and 20-document sets after our formal submission and esti m a t e that these problems reduced our overall performance by about 0.028.

In Table4,theadjustedscoreforthe20-document run was0.394,comparedto0.412forthe10-document r un . This indicates that we actuallyexperienced a degradation in performance in goi n g fr om 10 to 20 documents. Overall, in examining the official scores, looking for caseswhereweperformed better on the10 document set than the20 document set, we found that this amounted to 0.042 loss of points.

6. Anticipated Improvements

The immediatepossibilitiesfor improvementsare man y a n d the possibilities for exploration are quite d i verse. In addition, there are opportunities to be explored for integrating DIMAP-QA wi thin more generalized search engines.

The clearest avenue of i mprovement is indicated by thequestionvariationsinquestions701to893. For

16 variants we were unable to answer in the base 500 questions becausetheappropriatedocumentswerenot in thetop10;theproblempersistedfor8questions.Of the remainder, wewereabletoobtainananswerunder

2 variations. Oftheother 38variation sets, wedidnot obtain answers for 18 of t h e base questions, but were able to find answers in on e or more of the variations for 11 sets. This suggests that improvements maybe obtained byfinding the ^best~ canoni cal form for a

question. (For most of the variants, the reformulated q uest ions gave rise to quite different document positions of appropriate documents, underscoring again the significance of the retrieval problem.)

The use of the dictionaryand thesaurus in this y ea r ’ s system was quite rudimentary. Analyzing the questions, wefoundthat35%wereeither definitional, answerable bydictionarylookup,orsupportablebythe dictionary. Implementing procedures similar tothose used in answering where questi on s will lead to substantial improvements.

7. Summary

The CL Research system was reasonably successful in answering questions byselecting se n t en ces from the documents 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 govern i ng words to which the entitie s a r e bound in the sentence) for questionanswering. Post-hoc analysis of the resul ts suggests several further improvements and the potential for investigating other avenues that makeuseofsemantic networks and computational lexicology.

Acknowledgements

We wanttothankRichardTardifofMacquariefor making Big Mac and the Macqua rie thesaurus available, Steve Green for his perl scripts for converting the Macquari e thesaurus into WordNet format, andThomasPötter for directingustoMetaKit and making us think hard about our approach.

References

Fell ba um, C. (1998). WordNet: An electronic lexical database. Cambridge, Massachusetts: MIT

Press.

Green, S. J. (Stephen.Green@East.Sun.COM).

(2000, 27 January). (Macquarie thesaurus).

Litkowski, K. C. (2000). Question-Answer ing

Using Semantic Relation Triples. In: Voorhees, E. M.

& Harman, D. K. (eds) The Eighth Text Retrieval

Conference (TREC-8) , NIST Special Publication 500-

246, 349-356.

Richardson, S. D. (1997). Determiningsimilarity and inferring relations in a l exical knowledge base

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

York.