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ABSTRACT

Recently Open-Donain QuestionAnswering (ODQA) systems
that canextractan exactanswerfrom largetext corporabasedon
text inputareintensiely beinginvestigatedHowever, information
in thefirst questioninput by a useris not usuallyenoud to yield
theanswerdesired.Interactionsfor collectingadditionalinforma-
tion to accompish QA is neededIn orderto construcimoreexact
andcornvenientODQA systemsthis papermproposesninteraction
approachor spolen interactve ODQA systems.With low relia-
bilities of answerhypothese®btainedby an ODQA system the
systemautomaticallyderives Disambiguais Queries(DQs) that
draw outadditionalinformation. Theadditionalinformationbased
on the DQs shouldcontribute to distinguishingeffectively an ex-
actanswerandsupplementingackinginformationby recognition
errors. In our spolen interactve ODQA system SPIQA, spolen
questionsirerecognizedy anASR systemandDQsareautomat-
ically generatedo disambiguatehe transcribedquestions The
appropriateassof the derved DQs hasbeenconfirmedby com-
parisonwith manuallydeterminecnes.

1. INTRODUCTION

In the Spolen LanguageProcessindSLP) field, humah andma-
chine dialogle systemsusing speechinterface have beeninten-
sively researchedsomeof which aremarketedin phore systems,
i.e. air ticket resenations,informationretrieval for shopsor stock
prices. Suchconversdional dialoguesthat excharge information
throughQuestionAnswering (QA) are a naturalcommunication
modality However, state-of-the-artlialoguesystemsonly operate
for Specific-DomairQuestionAnswering(SDQA). In orderto re-
alize more naturalcommunication betweenhumanand machine,
spolen dialoguesystemdor opendomainsare necessary Espe-
cially Open-DomainQuestionAnswering (ODQA) is an impor-
tantfunctionin naturalcommuncation. Our goalis to construct
a spolen interactve ODQA system,which includesan ASR sys-
temandan ODQA system.In orderto clarify the problemsin ac-
complishingthe spolen interactve ODQA systemsQA systems
are classifiedinto a numberof groupsdepenling on their target
domains,interfacesandinteractionsthat bring out additionalin-
formationfrom usersto accomplishtasksin Tablel. In thistable,
text and speechdenotedext input andspeechnput, respectiely.
Theterm*“addition’ representsdditiond informationqueriedby
the QA systems.This additiond informationis otherthanthe in-
formationin theusersfirst questions.

Recently ODQA thatextractanswerdrom largetext corpora,
suchas newspape texts, hasbeenintensiely investigatedn the
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Table 1. Dialoguedomainanddatastructurefor QA systems

tamget domain specfic open
datastructure knowledgeDB | unstructiredtext
text withoutaddition CHAT-80[2] FALCON [3]
with addition MYCIN [4] (SPIQA%)
speeb withoutaddition Harpy [5] VAQA 7]
with addition JUPITER[6] (SPIQA¥)

+ SPIQA is our proposedsystem.

naturallanguageprocessindNLP) field. The Text REtrieval Con-
ference(TREC), co-spamsoredby NIST and DARPA, hashadan
ODQA tracksincel999(TREC-8)[1]. Althoughthe ODQA task
is one of Information Retrieval (IR) issues,the ODQA systems
returnan actualanswerratherthana ranked list of documentsin
respoiseto a questionwritten in naturallanguag. On the other
handSDQA hasbeenresearcheth the Artificial Intelligence(Al)
field. ThedifferencebetweernSDQA systemsandODQA systems
is in their datastructure. Sinceinformationin a specificdomain
canbe arrangedn atable,the SDQA systemssuchas CHAT-80
[2] canbe accomplishedA by tablelookup techniques.On the
contrary sinceinformationin anopendomainis scatteredn large
unstructued text corpora,the table-look-uptechniquecannotbe
applied.

Hypothetically ODQA systemscould be built from combin-
ing SDQA systemswhich include information tablesfor all dif-
ferenttopics. This quasi-ODQAsystemmight be ableto answer
users questionby switchingto SDQA systemslependig on top-
ics of users questions.However, it is very difficult to represent
all informationin unstructuredext corporausingtables.The cur-
rent ODQA systemfor large newspajer text andbroadcat news
transcriptionsuchas FALCON [3] extract answersby matching
users intentionin questiongo the answerclasses.In thesesys-
tems, supposig that the users intentionis a persons name,the
ODQA systemextracts someof personnamesin the retrieved
paragraps/documatswhich correspadto keywordsin theusers
guestion

In orderto obtainmoreexactanswerdo questiors, someQA
systemsave interactionswith userghatcancaptureadditionalin-
formationto accomplisttasks.The QA systemswith suchinterac-
tionsaredenotednteractve QA systemsFor instancetheexpert
systemMYCIN [4] is aninteractve SDQA systenthatdiagnses
certaininfectiousdiseaseshrouch a text dialogue In this system,
all solutionsfor the diagnosishave beendesignedn dialoguesce-
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Fig. 1. Componatsanddataflow in SPIQA

nariosusinga knowledge databasandIF-THEN rules. However,
designingqueriesfor additionalinformationin anopendomainfor
constructingnteractive ODQA systemss not straightforvard.

SinceQA systemswith speectinteractioncanbe expectedto
exchang information more naturally somespolen QA systems
have beeninvestigated.For instance Harpy [5] is an SDQA sys-
temfor academigournal paperretrieval which doesnot queryad-
ditional information. Recently an interactve SDQA systemfor
worldwide weatherforecastinformation retrieval over the tele-
phoneusingspolen dialogue, JUPITER][6], wasconstructed.In
suchspolen QA systemsrecognitionerrorsshoud be animpor-
tantconsideationin systemdesign.Recently the spolen ODQA
system Voice-ActivatedQuestionAnswering(VAQA) system[7]
hasbeenconstruted. This systemincludesthe ODQA system,
FALCON [3] using speechinterface insteadof text input. The
transcribedquestionis confirmedby the user However, VAQA
doesnt queryfor additionalinformationotherthanthefirst ques-
tions.

In orderto constructspolen interactve ODQA systemswe
have to addressomeissues:

1. ODQAsproblem:
Answersarenotin atableandscatteredn unstructuredext.

2. Interactive ODQA's problem:
Sinceusers questionsarenotrestricted systemqueriesfor
additionalinformationto extract answersandeffective in-
teractionstratgies using suchqueriescannotbe prepared
beforeusers questioninput.

3. SpolenQA's problem:
Recognitionerrors degradethe performanceof QA sys-
tems. Someindispensableinformationfor answerextrac-
tion aredeletedor substitutedy otherwords.

In this paper we'd like to propcse an interactionapproach
basedon disambigation of users’questiors for spolen interac-
tive ODQA systems.In addition, our Spolen Interactve ODQA
system,SPIQA, which includesan ASR systemand an ODQA
systemis introduced.

2. SPOKEN INTERACTIVE QA SYSTEM: SPIQA

Figurel1 shavs the comporentsof our spoleninteractive QA sys-
tem, SPIQA andthe flow of datathroughthe system. This sys-
temincludesan ASR system[8], a screenindfilter usinga sum-
marization method[9], an ODQA engine (SAIQA) [10] for a
Japaesenenspayer text corpus,and a DDQ (Deriving Disam-
biguausQueries)module.

ASR system

Our ASR systenis basednthe WFST appro&hthatoffersauni-

fied frameawork representingariousknowledgesourcesand pro-

ducingthefull searcmetwork optimizedupto theHMM states[8].
We combinedcross-vord triphonesand trigrams into a single
WEFST, and applied a one-passsearchalgorithm to the WFST.

The confidencemeasurefor eachword was calculatedby post-
processg.

Screeningfilter

The transcribedguestionby an ASR systemsometimesdncludes
not only redundat information causedby the spontaeity of hu-

manspeechout alsoirrelevantinformationcausecdoy recognition
errors.In orderto extractmeanindul information,recogtition er-

rors, fillers, word fragmentsandso on areremaoved from the tran-
scribedquestionby a screenindilter. The summarizatiormethod
[9] is appliedto the screeningprocess In this approacha setof

wordsmaximizinga summarizatiorscoreindicatingthe appropri-
atenes®f summarizatioris extractedfrom automaticallya tran-
scribedquestionandthesewords arethenconcatenatetbgether
The extraction processis performedusing a Dynamic Program-
ming (DP) technique.

Since recogiition errorsin recognition results degrade the
QA performane directly, the screenindilter shouldremove such
recogrition errors. In this study the screeningprocessis per
formedwith 2 steps. Thefirst stepis to remaove acousticallyand
linguistically unreliablewordsbasedn the thresholdof the confi-
dencemeasureThe secom stepis to constructa meaningfli sen-



tencefrom theresultsafterremaving the unreliablewordsusinga
speectsummarizatiortechnique[9]. Hencethe screenedesults
excludesthe largerecognitionerrorsandbecomes understadable
sentenceFinally, the screenedesultis input into the ODQA en-
gine.

ODQA engine

The ODQA engineconsistsof four componats: questionanaly-
sis, text retrieval, answerypottesesxtraction,andanswerselec-
tion. Nouns/nom-phrasesireclassifiednto cateory classesuch
as ORGANIZATION or PERSN. A given questionsentenceds
analyzedo determineits expectedanswertype andkeywords by
the questionanalysismodule. And then paragrapk/documets
that matchthe keywords are extractedby the text retrieval mod-
ule. The nours/noun-phrassin the retrieved relevant documets
that belongto the expectedcatayory classare extractedandused
to outputanswers.

DDQ module

WhentheODQA enginecannd extractanappropiateansweffor a
usersquestionthequestions considerd “ambiguais’ Thereare
two casesn whichaquestiorbeconesambiguais. Oneis thecase
wherethe userdoesnot presentenoughinformationin the ques-
tion. The otheris the casewheresomeinformationis lost through
the ASR. In suchcasesthe DDQ modulederives disambigwus
queries(DQs) that requireadditionalinformation to be given so
thatlacking informationcanbe supplematedandthe correctan-
swercanbedistinguishel.

The DQs are generged by using templatesof interrogatve
sentenceseachof which containsan interrogatve and a phrase
taken from a users questionafter speectrecognitionandscreen-
ing. The DDQ moduleselectshe bestDQ basedon its linguistic
appropriateassand ambiguity of the phrase. Hence,the mod-
ule cangenerate sentencevhichis linguistically appropiate and
asktheuserto disambigatethemostambiguaisphrasean his/her
question.

Supposehe DDQ modulerecevesthe questionsentence:

Which courtry in SouthAfrica wontheworld cup?

If the phrase“the world cup” is consideredo be ambiguaus, it
is effective to askthe userto supplementnformationabou “the
world cup” suchasthe event (i.e. soccervolley ball), thevente,
the seasonetc. For example thefollowing DQsarehypothesized
by insertingthe ambiguougphraseinto thetemplates.

Whatkind of world cup?
Whatyearwastheworld cupheld?
Wheke is SouthAfrica?

Thelinguistic appropiatenes®f DQscanbemeasuredy usinga
langua@ modelsuchasatrigram. The ambiguityof eachphrase
is measuredy usinga structuralambiguty anda generalityscore
for thephrase.

Thestructuralambiguityis basednthedepemeny structure
of asentenceA phrasethatis not modifiedby the otherphrases
is consideedto have a high ambiguity Figure2 shovs anexam-
ple of adepen@ng structure,in which the sentences separated
into phrases.Eacharrav representa depenéng/ betweentwo
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Fig. 2. An exampleof depen@ng structure.

phrasesn this caseno phrasesnodify “the world cup” We as-
sumethatambiguityfor sucha phraseés higherthanfor theothers.
The structuralambiguityof n-th phrasds definedas

ZN: D(P’iﬂpn)}z

i=liis#n

Ap(Pr) = log {1 —

where, the questionsentencds separatednto N phrases,and
D(P;, P,) is a probability thatthe phraseP, is modified by the
phraseP;, which canbecalculatedusinga Stochasti®ependeng
Context FreeGrammarnSDCFG)[11].

In addition, the geneality score of a phraseis also in-
corpaated to measurethe ambiguity of noun/nom-phrases.
Noungnoun-phrasgethat occurfrequentlyin a corpusrarely help
answerextraction. We assumehat sucha phraseis ambiguos
andshoud be modifiedby additiona information. The generality
scoreis definedas

Ac(Pa) = Y

we P :w=C0Nt

log P(w),

where P(w) is a unigramprobability of w basedon a corpusto
beretrieved. “w = cont” meanshatw is a contert word suchas
noun verb,adjectve, andsoon.

Let Sy.» beaDQ generatedy insertingthe n-th phrasento
them-th template. The DDQ moduleselectshe DQ which maxi-
mizestheDQ score:

whereL(-) is alinguistic scoresuchasthelogarithmof thetrigram
probaility. A, Ap, and g areweightingfactorsfor balancirg
of thescores.

Our systemis actually built for Japanesspeech. Japanse
sentenes can be divided into phrase-lile units (bunsetsi The
phrase-lile unit bunsetsuis denotedby ‘phrase’. Sincea new
phrasestartsalwaysfrom a contentword, a sentences split into
a phrasesequene basedon the first contentword. Eachphrase
is madeup of a contert word followed by zero or more func-
tion words,and eachword modifiessucceedig wordswithin the
phrase. In addition, since Japanesaentence$ave only “right-
heade” depenéngy, the depenéng/ probability D(Px, P;) is 0
if k>1.

3. EVALUATION EXPERIME NTS

Questionsconsistingof 69 sentence readaloud by seven male
spealers were transcribedby our ASR system([8]. Theseques-
tionswere preparedo testthe performane of our ODQA engine
[10]. Eachquestionconsistsof about19 morphems on average.
The sentencearegrammaticallycorrect,formally structuredand



have enoudn informationfor the ODQA engineto obtainthe exact
answers. Therefore transcriptionresultswith 100% word accu-
ragy can accomplishanswerextraction accurately On the con-
trary, transcriptionresultsincluding recognitionerrorsfail to ex-
tract correctanswers. Mean word recognitionaccura@es of 69
questionswvere 76%. The questiontranscriptionswvere processed
by the screenindilter andinputinto the ODQA engine.TheDDQ
modulegeneratedQsbasen the screenedesults.

3.1. ASR system

Thespeectsignalwassamplecat 16kHzwith 16 bit quartization.
Featurevectorshad 25 elementsconsistingof 12 MFCC, their
delta,anddeltalog enegies. Tied-stateriphoneHMMs with 3000
statesand 16 Gaussianper statewere madeby using 338 spont
taneoupresentationstteredby malespealkrs (approximatelys9
hours). Decodingwas doneby a one-pas¥/iterbi searchusinga
WEFST, integratingcross-vord triphoneHMMs andtrigrams[8].

3.2. Screeningfilter

Thescreeningrocessvasperformedoy remaving recogrition er-

rors usinga confiderce measureasthresholdandthensummariz-
ing it within 80%to 100%compactiorratio. In thissummarization
techniqug9], the word significancescoreandthelinguistic score
for summarizatiomwerecalculatedisingtext from Mainichi news-

paperpublishedfrom 199 to 2001, comprisingof 13.6M sen-
tenceswith 232M words. SDCFGfor word conatenationscore
wasthe sameasthatusedin [9]. The posteriomprobabllity of each
transcribedvordin aword graphobtainedby the ASR systemwas
usedasthe confidencescore.

3.3. DDQ module

The word generalityscore A¢ wascomputedusingthe sameset
of text from Mainichi newspajer thatwas usedfor the screening
filter. Eighty-two kinds of interrogatve sentencewerecreatedas
disambiguas queriesfor eachnoun’noun-phrasén eachquestion
andevaluatedin the DDQ module.Thelinguistic scoreL indicat-

ing appropriateassof interrogatve sentencewascalculatedising

1000questionsandnewnspaper text for threeyears. The structural
ambiguity score A pwas calculatedbasedon the SDCFG which

wasusedfor the screenindilter.

3.4. Evaluation method

The DQs generatedy the DDQ modulewere evaluatedin com-
parisonwith manualdisambiguatiorqueries.Sincethe questions
readby the seven spealkrs hadno redundany for obtainingexact
answersevery recognitionerrorresultedn lossof informationin-
dispensale for obtainingthe correctanswers. The manualDQs
weremadeby five humansubjectsasedon thecomparisorof the
original written questionsand the transcriptionresultsgiven by
the ASR system.The automaticDQs were cateyorizedinto three
classes: APPROPRIATE whenthey hadthe samemeaningas at
leastone of the five manué DQs, INAPPROPRIATE whenthey
hadno match,andHELPRUL whenthe meaning were partially
matched.

3.5. Evaluation results

Table 2 shaws the evaluationresultsin termsof the three cate-
gories. Theseresultsindicatethat rougHy 50% of the DQs gen-
eratedby the DDQ modulebasedon the recognitionresultswere
APPROPRIATE, which meansthat the DDQ module effectively
generatedjueriesto disambigatethe users’questions.

Table 2. Evaluationresultsof disambigwusqueriesgeneratedby
theDDQ module.

Word Sent.w/o
Spe&er accuagy errors APP | Helpfu | InAPP
A 70% 4 32 5 28
B 76% 8 36 3 22
C 79% 10 34 1 24
D 73% 4 35 2 28
E 78% 7 31 2 29
F 80% 8 34 2 25
G 74% 3 35 3 28
[ Mean [ 76% 9% [49% [ 4% [ 38% |

A numberwithout a % indicaesnumberof sentenes.

4. CONCLUSION

This paperhas propcsed a new stratgy for spolen interactve
ODQA (open-danain questionanswering)systems.In this strat-
egy, when a users questionis ambiguais, additional informa-
tion indispensale for extractingan exactansweris automatically
queriedby theDDQ (deriving disambiguasqueries)module.The
DDQ modulegeneratesa DQ (disambigwusquery)usinganam-
biguausphrasen the users questionextractedbasecdn the struc-
tural ambiguty of the questionand the generalityof the phrase.
Experimentalresultsshav that generatedQs were effective in
requiringlackinginformationcausedy speechrecognitionerrors.
Futureresearchincludesevaluationof the propo®d stratgy
by the performare of the total QA systemfrom the viewpoint of
howv muchthetotal performancés improved by usingthe DQs.
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