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ABSTRACT

This paperproposesan interactive approach to spoken interac-
tive open-domainquestionanswering(ODQA) systems.Thegoal
of ODQA systemsis to extract an exact answerto user’s ques-
tion from unstructuredinformationsourcessuchaslargetext cor-
pora. When the reliabilities for answerhypothesesobtainedby
an ODQA systemarelow, systemsneedmoreinformationto ef-
fectively distinguishthe exact answerrequiredby users. In our
spoken interactive ODQA system,SPIQA, spoken questionsare
recognizedby anautomaticspeechrecognition(ASR) systemand
disambiguous queries(DQs) are automaticallygeneratedto dis-
ambiguatetranscribedquestions.To derive appropriateDQs,am-
biguous information is detectedbasedon recognitionreliability,
dependency structuresbetweenphrasesin theusers’questions,and
featuresof wordoccurrencein theretrievedcorpus.Weconfirmed
the appropriatenessof the derived DQs by comparingthemwith
manuallypreparedones.Wealsoreconstructedthequestionsman-
ually usingadditionalinformationthatwasrequiredby the DQs.
We thentestedtheeffect of theadditionalinformationon theper-
formanceof ourODQA system.

1. INTR ODUCTION

Humanandmachinedialogsystemsusinga speechinterfacehave
beenintensively researchedin the field of spoken languagepro-
cessing(SLP). Suchconversationaldialogsto exchangeinforma-
tion throughquestionanswering(QA) area naturalcommunica-
tion modality. However, state-of-the-artdialog systemsonly op-
eratefor specific-domainquestionanswering(SDQA) dialogs.To
achieve morenaturalcommunicationbetweenhumanbeingsand
machines,spokendialogsystemsfor opendomainsarenecessary.
Specificallyopen-domain questionanswering(ODQA) is an im-
portantfunction in naturalcommunication. Our goal is to con-
structaspokeninteractiveODQA system,which includesanASR
systemandanODQA system.To clarify theproblemspresentedin
building suchasystem,theQA systemsthathavebeenconstructed
so far have beenclassifiedinto a number of groupsdepending on
their targetdomains, interfaces,andinteractionsto draw out addi-
tional informationfrom usersto accomplish settasksshown in Ta-
ble1. In thistable,text andspeechdenotetext inputandspeechin-
put. Theterm“addition” representsadditionalinformationqueried
by QA systems.This additionalinformationis informationother
thanthatderivedfrom theuser’s initial questions.

The ODQA systemsthat have beenresearchedin the field
of naturallanguageprocessing(NLP) [1] returnanactualanswer
ratherthana ranked list of documents in responseto thequestion

Table1. Dialogdomainanddatastructurefor QA systems

target domain specific open
datastructure knowledgeDB unstructuredtext

withoutaddition CHAT-80[2] FALCON [6]text
with addition MYCIN [3] (SPIQA� )

withoutaddition Harpy [4] VAQA [7]speech
with addition JUPITER[5] (SPIQA� )� SPIQA is oursystem.

written in a natural language. However, SDQA hasbeenstud-
ied in theareaof Artifici al Intelligence(AI). Thedifferencesbe-
tweenSDQA andODQA systemsarein their datastructureand
thedesignof dialogscenarios.Sinceinformationin a specificdo-
main canbe arrangedin a table, the SDQA systemscanaccom-
plish QA by table lookup techniques [2]. In interactive SDQA
systemsthatrequiresufficient informationto yield thedesiredan-
swerthroughqueries,all solutionsto extracttheanswerhavebeen
designed through dialog scenariosusing a knowledge database
and IF-THEN rules [3]. However, variousspoken QA systems
incorporating interactionsthroughspeechhave beeninvestigated
to achieve morenaturalcommunicationbetweenhumansandma-
chines[4] [5]. Currently, a spoken ODQA systemincluding an
ODQA system[6] usinga speechinterfaceinsteadof text input
arebeingconstructed[7].

To constructmorepreciseanduser-friendly ODQA systems,
this paperproposesaninteractive approachto spokenODQA sys-
tems. Threemain issuesthat needto be addressed to construct
spokeninteractive ODQA systemsare:

1. TheODQA problems:
Answersarenot in a tableandarescatteredthroughout un-
structuredtext.

2. Theinteractive ODQA problems:
Sinceuser’squestionsarenot restricted,systemqueriesfor
additionalinformationto extract answersandeffective in-
teractionstrategiesusingsuchqueriescannot be prepared
beforetheuserinputsthequestion.

3. ThespokenQA problems:
Recognitionerrors degrade the performanceof QA sys-
tems. Someindispensable information to extract answers
is deletedor substitutedby otherwords.

This paperproposesan interactive approach that is basedon the
disambiguationof users’questionsin interactive ODQA systems.
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Fig. 1. Componentsanddataflow in SPIQA.

In addition,we introduceour spoken interactive ODQA system,
i.e., SPIQA. Sincequestions input throughtext aremoreformal
thantranscribedspeech,theinteractiveapproachappliedto SPIQA
canalsodealwith text interaction.

2. SPOKEN INTERA CTIVE QA SYSTEM: SPIQA

Figure1 shows the componentsof our system,andthe datathat
flows throughit. This systemis comprisedof anASR system[8],
ascreeningfilter thatusesasummarizationmethod[9], anODQA
engine(SAIQA ) [10] for a Japanesenewspaper text corpus,anda
Deriving DisambiguousQueries(DDQ) module.

ASR system

Our ASR systemis basedon the WFST approach , which offers
a unified framework representingvariousknowledgesourcesand
it producesan optimizedsearchnetwork of HMM states[8]. We
combinedcross-word triphonesandtrigramsinto a singleWFST
andapplieda one-passsearchalgorithmto it. A confidence mea-
surefor eachword is calculatedby post-processing.

Screeningfilter

The questiontranscribedby an ASR systemsometimesincorpo-
ratesnot only redundant information causedby the spontaneity
of humanspeechbut also irrelevant informationdue to recogni-
tion errors.Recognition errors,fillers, word fragments,andother
distractorsareremovedfrom thetranscribedquestionby a screen-
ing filter thatextractsmeaningful information. thesummarization
method[9] is appliedto thescreeningprocess.

Sincerecognition errorsin therecognitionresultsdirectly de-
gradeQA performance, the screeningfilter shouldremove them.
In this study, the screeningprocesswasdonein two steps. The
first stepwasto remove acousticallyandlinguistically unreliable
wordsbasedonthethresholdfor theconfidencemeasure.Thesec-
ondstepwasto constructa meaningful sentencefrom the results
after removing unreliablewordsusingthe speechsummarization
techniquethroughwordextraction[9]. Hence,thescreenedresults
excludedlarge recognitionerrorsand madethe sentenceunder-
standable.Finally, thescreenedresultswereinput into theODQA
engine.

ODQA engine

The ODQA enginehasfour components: questionanalysis,text
retrieval, answer hypothesisextraction, and answer selection.
Nouns/noun-phrases are classifiedinto category classessuchas
ORGANIZATION or PERSON. A givenquestionsentenceis an-
alyzedto determinethe type of expectedanswerand keywords
using the questionanalysismodule. Paragraphs/documentsthat
matchthe keywords arethenextractedby the text retrieval mod-
ule. The nouns/noun-phrasesin the retrieved relevant documents
that belongto theexpectedcategory classareextractedandused
to outputanswers.

DDQ module

WhentheODQA enginecannotextractanappropriateanswerto
a user’s question,thequestionis considered“ambiguous.” There
are two situationswherethe questionis consideredambiguous.
Thefirst is whentheuserdoesnotsupplysufficient informationin
his/herquestion.The other is whensomenecessaryinformation
to extract the answeris lost throughASR. Sinceall information
in a users’questionis not alwaysuseful to extract answers,only
indispensableinformationto dothisshouldbecompensatedby ad-
ditional informationthatis inputsby users.TheDDQ modulede-
rivesdisambiguousqueries(DQs)that requiresuchindispensable
information.

The DQs aregeneratedusingtemplatesof interrogative sen-
tences,eachof which containsaninterrogative anda phrasetaken
from the user’s questionafter speechrecognitionandscreening.
TheDDQ moduleselectsthebestDQ basedonits linguisticappro-
priatenessandtheambiguityof thephrase.Hence,themodulecan
generate a sentencethat is linguistically appropriate andasksthe
userto disambiguatethemostambiguous phrasein his/herques-
tion.

SupposetheDDQ module is posedwith this question:

Which countryin SouthAmericawontheWorld Cup?

If thephrase“the World Cup” is consideredambiguous,it is nec-
essaryto asktheuserto supplement informationcorrespondingto
“the World Cup” suchasthenameof thesport(i.e. soccer, volley-
ball), thevenue,theseason,andothercharacteristics.Forexample,
thefollowing DQscanbehypothesizedby insertinganambiguous



Which  country won the  World  Cupin South America ?

Fig. 2. Exampleof dependency structure.

phraseinto thetemplates.

Whatkind of World Cup?
WhatyearwastheWorld Cupheld?
Where is SouthAmerica?

Thelinguisticappropriatenessof DQscanbemeasuredby us-
ing a languagemodelsuchasa trigram. The ambiguity of each
phraseis measuredby usingthestructuralambiguityandgeneral-
ity scorefor thephrase.

Thestructuralambiguityis basedonthedependency structure
of thesentence.A phrasethat is not modifiedby otherphrasesis
consideredto behighly ambiguous. Figure2 hasanexampleof a
dependency structure,wherethequestionis separatedinto phrases.
Eacharrow representsthedependency betweentwo phrases.Here,
no phrasesmodify “the World Cup.” We assumethat ambiguity
for sucha phrasewould behigherthanfor others.Thestructural
ambiguityof the � -th phraseis definedas
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is the probability that phrase
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will be modifiedby
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 � , which canbecalculatedusingStochasticDependency

Context FreeGrammar(SDCFG) [11].
In addition, the generality score of a phrase is also in-

corporatedinto measuringthe ambiguity of noun/noun-phrases.
Nouns/noun-phrasesthat frequentlyoccurin a corpus rarelyhelp
to extract answers.We assumethat sucha phraseis ambiguous
andshouldbemodifiedby additionalinformation.Thegenerality
scoreis definedas�*)+��
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to beretrieved. “
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bea DQ generatedby insertingthe � -th phraseinto
the 9 -th template. The DDQ module selectsthe DQ that maxi-
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scores.

Our systemis actually built for Japanese speech. Japanese
sentencescan be divided into phrase-like units (bunsetsu). The
phrase-like unit bunsetsuis denotedby ‘phrase’. Since a new
phrasealwaysstartsfrom a contentword, a sentenceis split into

a phrasesequence basedon the first contentword. Eachphrase
is madeup of a content word followed by zero or more func-
tion words,andeachword modifiessucceeding wordswithin the
phrase. In addition, sinceJapanesesentenceshave only “right-
headed” dependency, the dependency probability # ��
�K % 
ML�
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Questionreconstructor

Additional information drawn out by DQs is incorporatedinto
screenedquestions to reconstructoriginal questions.Supposethe
answerfor the DQ, “In what yearwasthe World Cup held?”, is
“2002”, the reconstructed questionis “Which country in South
Americawon theWorld Cupin 2002?”.

3. EVALUATION EXPERIME NTS

Questionsconsistingof 69 sentences readaloud by seven male
speakerswere transcribedby our ASR system[8]. Theseques-
tionswerepreparedto testtheperformance of our ODQA engine
[10]. Eachquestionconsistedof about19 morphemeson aver-
age. The sentences were grammaticallycorrect, formally struc-
tured,andhadenough informationfor theODQA engineto extract
the correctanswers. Therefore,transcriptionresultswith 100%
word accuracy couldextractanswersaccurately. In contrast,tran-
scriptionresultswith recognitionerrorsfailedto extractcorrectan-
swers.Themeanword recognitionaccuracy of 69 questionswas
76%.Thequestiontranscriptionswereprocessedwith a screening
filter andinput into theODQA engine. TheDDQ modulegener-
atedDQs basedon thescreenedresults.Thequestionswerealso
manually reconstructedby combiningadditionalinformation re-
quiredby theDQswith thescreenedquestions. To testtheeffectof
theadditionalinformationhad,answersto thereconstructedques-
tionswereextractedthroughtheODQA system.

3.1. ASR system

The speechsignalwassampledat 16 kHz with 16 bit quantiza-
tion. Featurevectorshad 25 elementsconsistingof 12 MFCC,
theirdelta,anddeltalog energies.Tied-statetriphoneHMMs with
3000 statesand 16 Gaussiansper statewere preparedby using
338spontaneouspresentations utteredby malespeakers(approx-
imately 59 hours). Decoding was donewith a one-passViterbi
searchusingWFST, integratingcross-word triphoneHMMs and
trigrams[8].

3.2. Screeningfilter

Screeningwasdone by removing recognitionerrorsusinga con-
fidencemeasureasa thresholdandthensummarizingit within an
80% to 100%compactionratio. In this summarizationtechnique
[9], the word significanceandlinguistic scorefor summarization
werecalculatedusingtext from theMainichi newspaperpublished
from 1994 to 2001, comprisedof 13.6M sentenceswith 232M
words.TheSDCFGfor thewordconcatenationscorewasthesame
asthat usedin [9]. The posteriorprobability of eachtranscribed
word in awordgraphobtainedby ASRwasusedastheconfidence
score.



3.3. DDQ module

The word generality score
� )

was computedusing the same
Mainichi newspaper text that was usedfor screening. Eighty-
two kinds of interrogative sentences werecreatedasdisambigu-
ousqueriesfor eachnoun/noun-phrasein eachquestionandeval-
uatedin the DDQ module. The linguistic score

>
indicatingthe

appropriatenessof interrogative sentenceswas calculatedusing
1000questionsandnewspaper text extractedfor threeyears.The
structuralambiguity score

�*�
wascalculatedbasedontheSDCFG

whichwasusedfor thescreeningfilter.

3.4. Evaluation method

Thequestionsreadby thesevenspeakershadenough information
to supplyexact answers.Thesereadquestionsincludedenough
informationto extractanswersbut they alsoincludedredundancy.
Not all recognition errorsresultedin lossof informationthatwas
indispensable to obtainthecorrectanswers.Therefore,we tested
theperformanceof theDDQ modulebasedon thedegreerecogni-
tion errorswerecompensatedandto whatextentthecompensated
informationwasindispensablefor QA.

To testcompensationfor recognitionerrors,the DQs gener-
atedby theDDQ modulewereevaluatedby comparingthemwith
manualdisambiguation queries.Thesemanualquerieswerepre-
sentedby five humansubjectsbasedon a comparisonof theorig-
inal written questionsand the transcriptionresultsprovided by
the ASR system. The automaticDQs werecategorizedinto two
classes:APPROPRIATE whenthey hadthe samemeaningasat
least one of the five manualDQs and InAPPROPRIATE when
therewasno match.

We testedthequestionsthatweremanuallyreconstructedus-
ing screenedquestionsandadditional informationrequiredby the
DQs and the effect this additional information had on the per-
formanceof the ODQA. QA performanceusing recognition re-
sults was evaluatedthrough the MRR (Mean ReciprocalRank)
[12].Whenthecorrectanswerfor eachquestionwasincludedwith
the top five answersgivenby theODQA system,theanswerwas
judged to be correct, and its reciprocalrank was accumulated.
WhenQA systemsoutputtedperfectanswers,theMRRswas1.0.
ThehigherMRRsindicatedthatQA performancewashigher.

3.5. Evaluation results

Table2 shows the evaluation resultsin termsof the appropriate-
nessof DQs andthe QA-systemMRR. The resultsindicatethat
49% of the DQs generatedby the DDQ modulebasedon recog-
nition resultswereAPPROPRIATE. ThemeanMRRsfor manual
transcription(TRS),recognition questions (REC),screenedques-
tions (SCRN),and reconstructed questionsusing supplementary
informationdeterminedby DQs (DQ) were0.43,0.25,0.25 and
0.28,respectively. TheseMRRsdemonstratethepotential of gen-
eratedDQs in requiringindispensableinformationthat is lacking
to extractanswers.

4. CONCLUSION

This paperproposeda new strategy for spoken interactive ODQA
(open-domainquestionanswering)systems.In thisstrategy, when
a user’s questionis ambiguous,additionalinformationindispens-
able to extract the exact answeris automaticallyqueriedby the
DDQ (deriving disambiguousqueries)module.TheDDQ module

Table 2. Evaluationresultsof disambiguousqueriesgeneratedby
theDDQ module.

Word MRR w/o In-SPK
acc. REC SCRN DQ errors

APP
APP

A 70% 0.19 0.20 0.23 4 32 33
B 76% 0.31 0.28 0.31 8 36 25
C 79% 0.25 0.26 0.30 10 34 25
D 73% 0.28 0.27 0.30 4 35 30
E 78% 0.26 0.24 0.27 7 31 31
F 80% 0.30 0.29 0.33 8 34 27
G 74% 0.19 0.19 0.22 3 35 31

AVG 76% 0.25 0.25 0.28 9% 49% 42%

An integer without a % other than MRRs indicates number of sen-
tences. Word acc.:word accuracy, SPK:speaker, REC: transcribedques-
tions, SCRN:screenedquestions, DQ: compensationby the DQs, AVG:
averagedvalues,w/o errors: transcribedsentenceswithout recognition er-
rors,APP:appropriateDQsandInAPP:inappropriateDQs

generatesa DQ (disambiguousquery)usinganambiguousphrase
in the user’s questionthat was extractedbasedon the structural
ambiguity of thequestionandthegeneralityof thephrase.Exper-
imentalresultsrevealedthepotentialof thegeneratedDQs in not
requiringindispensableinformationthatwaslackingto extractan-
swers.Futureresearchwill includeanevaluationof theproposed
strategy in a total spokeninteractive ODQA systemto assesshow
muchtotal performanceis improvedby usingrepeatedDQs.

5. REFERENCES

[1] http://trec.nist.gov

[2] F. Pereira et. al., “Definite ClauseGrammarsfor LanguageAnaly-
sis–aSurvey of theFormalismanda Comparisonwith Augmented
TransitionNetworks,” Artificial Intelligence, 13:231-278,1980.

[3] E. H. Shortliffe, “Computer-Based MedicalConsultations:
MYCIN,” Elsevier/North Holland, New York NY, 1976.

[4] T. Lowerreet.al., “The Harpy speechunderstandingsystem,” W. A.
Lea(Ed.),Trendsin Speech recognition, pp.340,PrenticeHall.

[5] V. Zue,et al., “JUPITER:A Telephone-BasedConversationalInter-
face for WeatherInformation,” IEEE Transactions on Speech and
AudioProcessing, Vol. 8 , No. 1, 2000.

[6] S.Harabagiu et.al., “Experimentswith Open-Domain Textual Ques-
tion Answering,” COLING-2000, pp. 292-298, Saarbrüken Ger-
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