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ABSTRACT

This paperpropcsesan interactve approab to spolen interac-
tive open-domain questionanswering ODQA) systemsThegoal
of ODQA systemsis to extract an exact answerto users ques-
tion from unstructurednformationsourcessuchaslargetext cor

pora. When the reliabilities for answerhypothese®btainedby
an ODQA systemarelow, systemsieedmoreinformationto ef-

fectively distinguishthe exact answerrequiredby users. In our
spolen interactve ODQA system,SPIQA, spolen questionsare
recognizedy anautomaticspeechrecognition(ASR) systemand
disambiguas queries(DQs) are automaticallygeneratedo dis-
ambiguateranscribedjuestions.To derive appropiate DQs,am-
biguots informationis detectedbasedon recognitionreliability,

depeneéng structuredbetweerphrasesn theusers'questiors,and
featuresof word occurrenein theretrieved corpus.We confirmed
the appropiatenesof the derived DQs by comparingthem with

manuallypreparednes.We alsoreconstructethequestionsnan-
ually usingadditionalinformationthatwasrequiredby the DQs.
We thentestedthe effect of the additionalinformationon the per

formanceof our ODQA system.

1. INTRODUCTION

Humanandmachinedialog systemaisinga speectinterfacehave
beenintensiely researchedn the field of spolen languagepro-
cessing(SLP). Suchconversationaldialogsto exchangeinforma-
tion throughquestionanswering(QA) are a naturalcommunica
tion modality However, state-of-the-artlialog systemsonly op-
eratefor specific-domairquestionansweringSDQA) dialogs.To
achieve more naturalcommunication betweenhumanbeingsand
machinesspolendialog systemdor opendomainsarenecessary
Specificallyopen-dmnain questionanswering(ODQA) is anim-
portantfunction in naturalcommurication. Our goal is to con-
structa spoleninteractve ODQA systemwhichincludesanASR
systemandanODQA system.To clarify theproblemspresenteih
building suchasystemthe QA systemghathave beenconstructed
sofar have beenclassifiedinto a numter of groupsdepenihg on
their targetdomairs, interfaces andinteractionso drav out addi-
tionalinformationfrom usersto accompish settasksshavn in Ta-
ble 1. In thistable,text andspeectdenoteext inputandspeecthin-
put. Theterm*“additiori’ representadditionalinformationqueried
by QA systems.This additionalinformationis informationother
thanthatderived from theusersinitial questions.

The ODQA systemsthat have beenresearchedn the field
of naturallanguaye processindNLP) [1] returnanactualanswer
ratherthana ranked list of documetsin resporseto the question
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Table 1. Dialog domainanddatastructurefor QA systems

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

+ SPIQA is our system.

written in a naturallanguag@. However, SDQA hasbeenstud-
ied in the areaof Artifici al Intelligence(Al). The differencede-
tweenSDQA and ODQA systemsarein their datastructureand
thedesignof dialogscenariosSinceinformationin a specificdo-
main canbe arrangedn a table, the SDQA systemscanaccom-
plish QA by table lookup techniqus [2]. In interactve SDQA
systemghatrequiresufficient informationto yield the desiredan-
swerthroughqueriesall solutionsto extracttheanswerthave been
desigred through dialog scenariosusing a knowledge database
and IF-THEN rules [3]. However, variousspolken QA systems
incorpaating interactionsthroughspeechhave beeninvestigated
to achieve morenaturalcommunicatiorbetweerhumansandma-
chines[4] [5]. Currently a spolen ODQA systemincluding an
ODQA system[6] using a speechinterfaceinsteadof text input
arebeingconstructed7].

To constructmore preciseand userfriendly ODQA systems,
this papempropcsesaninteractve approactto spolen ODQA sys-
tems. Threemain issuesthat needto be addressé to construct
spoleninteractve ODQA systemsare:

1. The ODQA problems:
Answersarenotin atableandarescatteredhroughoti un-
structuredext.

2. Theinteractve ODQA problems:
Sinceusers questiors arenot restricted systemqueriesfor
additionalinformationto extract answersand effective in-
teractionstrat@ies using suchqueriescanna be prepared
beforethe userinputsthe question.

3. ThespolenQA problems:
Recognitionerrors degrace the performanceof QA sys-
tems. Someindispensale informationto extractanswers
is deletedor substitutedy otherwords.

This paperproposesan interactive approah thatis basedon the
disambigation of users’questionsn interactve ODQA systems.
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In addition, we introduceour spolen interactve ODQA system,
i.e., SPIQA. Sincequestiors input throughtext are more formal
thantranscribedpeechtheinteractive approactappliedto SPIQA

canalsodealwith text interaction.

2. SPOKEN INTERACTIVE QA SYSTEM: SPIQA

Figure 1 shavs the compmentsof our system,andthe datathat
flows throughit. This systemis comprisedbf an ASR system[8],
ascreenindilter thatusesa summarizatioimethod[9], anODQA
engine(SAIQA) [10] for aJapanesaenspayer text corpus.anda
Deriving Disambiguais Queries(DDQ) modue.

ASR system

Our ASR systemis basedon the WFST approab , which offers
a unified framework representingariousknowledgesourcesand
it produe@san optimizedsearchnetwork of HMM stateq8]. We
combinedcross-vord triphonesandtrigramsinto a single WFST
andapplieda one-passearchalgorithmto it. A confidene mea-
surefor eachword s calculatedby post-processing

Screeningfilter

The questiontranscribedoy an ASR systemsometimesncorpo
ratesnot only redurdantinformation causedby the spontaniy
of humanspeechbut alsoirrelevant information due to recogri-
tion errors. Recogiition errors fillers, word fragmentsandother
distractorsareremovedfrom thetranscribedjuestionby a screen-
ing filter thatextractsmeaningfliinformation. the summarization
method[9] is appliedto the screeningprocess.

Sincerecogiition errorsin therecognitionresultsdirectly de-
gradeQA performancethe screenindfilter shouldremove them.
In this study the screeningorocesswas donein two steps. The
first stepwasto remove acousticallyandlinguistically unreliable
wordsbasednthethresholdor theconfidertemeasureThesec-
ond stepwasto constructa meaningfli sentencdrom the results
afterremoving unreliablewords usingthe speecrsummarization
techniquehroughword extraction[9]. Hence thescreenedesults
excludedlarge recognitionerrorsand madethe sentenceunder
standableFinally, the screenedesultswereinputinto the ODQA
engine.

. 1. Componatsanddataflow in SPIQA

ODQA engine

The ODQA enginehasfour compaents: questionanalysis,text
retrieval, answer hypothesisextraction, and answer selection.
Noungnoun-phrase are classifiedinto cateyory classessuchas
ORGANIZATION or PERSQN. A given questionsentenceés an-
alyzedto determinethe type of expectedanswerand keywords
using the questionanalysismodule. Paragraphs/docuentsthat
matchthe keywords arethenextractedby the text retrieval mod-
ule. The nouns/noin-phrasesn the retrieved relevant documaets
thatbelongto the expeded cateyory classare extractedandused
to outputanswers.

DDQ module

Whenthe ODQA enginecannotextract an appropiate answerto
a users question the questionis consideredambiguous’ There
are two situationswherethe questionis consideredambiguais.
Thefirstis whentheuserdoesnot supplysuficientinformationin
his/herquestion. The otheris whensomenecessarynformation
to extract the answeris lost through ASR. Sinceall information
in a users’questionis not always usefulto extractanswerspnly
indispersableinformationto dothis shouldbecompersatedoy ad-
ditional informationthatis inputsby users.The DDQ modulede-
rivesdisambigwusqueries(DQs) thatrequiresuchindispenshle
information.

The DQs are generatedisingtemplatesof interrogatve sen-
tencesgachof which containsaninterrogatve anda phrasetaken
from the users questionafter speechrecognitionand screening.
TheDDQ moduleselectgdhebestDQ basednits linguisticappro-
priatenesandtheambiguityof the phrase Hence themodulecan
generge a sentencehatis linguistically appropiate and asksthe
userto disambigate the mostambiguows phrasein his/herques-
tion.

Supposeghe DDQ modue is posedwith this question:

Which countryin SouthAmericawontheWorld Cup?

If the phrase‘the World Cup” is considerecambiguwus, it is nec-
essaryto asktheuserto supplemeninformationcorrespadingto
“the World Cup” suchasthe nameof the sport(i.e. soccervolley-
ball), thevenue theseasonandothercharacteristicskor example,
thefollowing DQscanbehypottesizedy insertinganambiguos



Q/N/hich couﬁt:r in South Americ’v/\/aﬁ

Fig. 2. Exampleof depemleng structure.

phrasento thetemplates.

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

Thelinguistic appropiatenes®f DQscanbe measuredy us-
ing a languagemodelsuchasa trigram. The ambigtity of each
phrases measuredby usingthe structuralambiguityandgeneral-
ity scorefor the phrase.

Thestructuralambiguityis baseconthedepenleng structure
of the sentenceA phrasethatis not modified by otherphrasess
consideredo be highly ambiguos. Figure2 hasanexampleof a
depeneéng structurewherethequestions separatethto phrases.
Eacharrow representthedepenéng betweertwo phrasesHere,
no phrasesnodify “the World Cup?” We assumehat ambigtity
for sucha phrasewould be higherthanfor others. The structural
ambiguityof then-th phrasds definedas

> pr)

i=lii#n

Ap(P,) =log {1 —

where the completequestionis separatednto N phrases,and
D(P;, P,) is the probability that phraseP,, will be modified by
phraseP;, which canbe calculatedusing StochastidDependeacy
Context FreeGrammanSDCFG) [11].

In addition, the generality score of a phraseis also in-
corporatedinto measuringthe ambiguty of nounnoun-phrass.
Nouns/nain-phraseshat frequentlyoccurin a corpus rarely help
to extract answers. We assumehat sucha phraseis ambigwous
andshouldbe modifiedby additionalinformation. The generality
scoreis definedas

Ac(Pa) = Y

we Pp:w=C0Nt

log P(w),

where P(w) is the unigramprobability of w basedon the corpus
to beretrieved. “w = cont” meanghatw is a contentword such
asanoun,verbor adjectve.

Let S bea DQ generatedby insertingthe n-th phrasento
the m-th template. The DDQ modue selectsthe DQ that maxi-
mizestheDQ score:

where L(-) is alinguistic scoresuchasthe logarithmfor trigram
probability A\, Ap, and\g areweightingfactorsto balancethe
scores.

Our systemis actually built for Japanee speech Japanese
sentencesan be divided into phrase-lile units (bunsetsi The
phrase-lile unit bunsetsuis denotedby ‘phrase’. Sincea new
phrasealways startsfrom 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 Japanesasentencesave only “right-

heade” depenéngy, the depen@ng/ probability D(Py, P;) is 0

if k>1.

Questionreconstructor

Additional information dravn out by DQs is incorporatedinto
screenedjuestiors to reconstrucoriginal questions.Supposehe
answerfor the DQ, “In whatyearwasthe World Cup held?”,is
“2002”, the reconstruted questionis “Which country in South
Americawon theWorld Cupin 20027?".

3. EVALUATION EXPERIME NTS

Questionsconsistingof 69 sentencs read aloud by seven male
speakrsweretranscribedby our ASR system[8]. Theseques-
tionswerepreparedo testthe performane of our ODQA engine
[10]. Eachquestionconsistedof about19 morphemeson aver
age. The sentence were grammaticallycorrect,formally struc-
tured,andhadenoudn informationfor the ODQA engineto extract
the correctanswers. Therefore,transcriptionresultswith 100%
word accurag could extractanswersaccurately In contrasttran-
scriptionresultswith recognitionerrorsfailedto extractcorrectan-
swers. The meanword recognitionaccurag of 69 questionsvas
76%. Thequestiontranscriptionsvereprocesseavith a screening
filter andinput into the ODQA engine The DDQ modulegener
atedDQs basedon the screenedesults. The questionaverealso
manudly reconstructedy combiningadditionalinformation re-
quiredby theDQswith thescreenedjuestiors. To testtheeffect of
theadditionalinformationhad,answergo thereconstructedues-
tionswereextractedthroughthe ODQA system.

3.1. ASRsystem

The speechsignalwas sampledat 16 kHz with 16 bit quantiza-
tion. Featurevectorshad 25 elementsconsistingof 12 MFCC,

theirdelta,anddeltalog enegies. Tied-stateriphoneHMMs with

3000 statesand 16 Gaussianger statewere preparedby using
338 spontaneos presentatios utteredby male spealers (approx-
imately 59 hours). Decodirg was donewith a one-passViterbi

searchusing WFST, integrating cross-vord triphoneHMMs and
trigrams|[8].

3.2. Screeningfilter

Screeningvasdore by removing recognitionerrorsusinga con-
fidencemeasurasathresholdandthensummarizingt within an
80%to 100% compactiorratio. In this summarizatiortechnique
[9], theword significanceandlinguistic scorefor summarization
werecalculatedusingtext from the Mainichi newspapepublished
from 1994 to 2001, comprisedof 13.6M sentencesvith 232M
words. The SDCFGfor theword concatenatioscorewasthesame
asthatusedin [9]. The posteriorprobability of eachtranscribed
wordin aword graphobtainedoy ASR wasusedasthe confiderce
score.



3.3. DDQ module

The word generality score Az was computedusing the same
Mainichi newspaer text that was usedfor screening Eighty-
two kinds of interrogatve sentence were createdas disambigu

ousqueriesfor eachnoun/roun-phraseén eachquestionandeval-

uatedin the DDQ modde. The linguistic scoreL indicatingthe
appropriateassof interrogatve sentencewas calculatedusing
1000questionsandnewspape text extractedfor threeyears.The
structuralambiglity scoreA pwascalculatechasednthe SDCFG

which wasusedfor the screenindilter.

3.4. Evaluation method

The questiongeadby the seven speakrshadenoud information
to supply exact answers. Thesereadquestionsncludedenowgh
informationto extractanswersout they alsoincludedredundngy.
Not all recogrition errorsresultedin lossof informationthatwas
indispensale to obtainthe correctanswers.Therefore we tested
theperformarce of the DDQ modulebasedon thedegreerecogri-
tion errorswerecompesatedandto whatextentthe compensated
informationwasindispensabléor QA.

To testcompensationfor recognitionerrors,the DQs gener
atedby the DDQ modulewereevaluatedoy comparingthemwith
manualdisambigation queries. Thesemanualquerieswere pre-
sentedby five humansubjectshasedon a comparisorof the orig-
inal written questionsand the transcriptionresults provided by
the ASR system. The automaticDQs were cateyorizedinto two
classes: APPROPRIATE whenthey hadthe samemeaningas at
leastone of the five manualDQs and INAPPROPRIATE when
therewasno match.

We testedthe questionghatweremanuallyreconstructedis-
ing screenedjuestionsandadditiona informationrequiredby the
DQs and the effect this additionalinformation had on the per
formanceof the ODQA. QA performanceusing recogrition re-
sults was evaluatedthrough the MRR (Mean ReciprocalRank)
[12].Whenthe correctanswerfor eachquestiorwasincludedwith
the top five answergiven by the ODQA system the answemwas
judgedto be correct, and its reciprocalrank was accumiated.
WhenQA systemsutputtedperfectanswersthe MRRswas1.0.
ThehigherMRRsindicatedthat QA performane washigher

3.5. Evaluation results

Table 2 shavs the evaluation resultsin termsof the appropiate-
nessof DQs andthe QA-systemMRR. The resultsindicatethat
49% of the DQs geneatedby the DDQ modulebasedon recog-
nition resultswere APPROPRIATE. The meanMRRs for manua
transcription(TRS), recogrition questiors (REC), screeneajues-
tions (SCRN), and reconstruted questionsusing supgementary
informationdeterminecby DQs (DQ) were 0.43,0.25,0.25and
0.28,respectiely. TheseMRRsdemonstratéhe potertial of gen-
eratedDQs in requiringindispenableinformationthatis lacking
to extractanswers.

4. CONCLUSION

This paperpropcseda new strateyy for spoleninteractve ODQA
(open-danainquestionansweringpystemsin this strateyy, when
a users questionis ambigwus, additionalinformationindispens
able to extract the exact answeris automaticallyqueriedby the
DDQ (deriing disambiguaisqueries)module. The DDQ module

Table 2. Evaluationresultsof disambigwusqueriesgeneratedby
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 % othe than MRRs indicates number of sen-
terces. Word acc:word acairag/, SPK:speatr, REC: transcrbed ques-
tions, SCRN: scremed questiors, DQ: compersationby the DQs, AVG:
averggedvalues,w/o errors: trarscribedsenteceswithout recogrition er
rors,APP:approprateDQsandInAPP:inappopriaie DQs

genergéesa DQ (disambiguas query)usinganambiguas phrase
in the users questionthat was extractedbasedon the structural
ambiglity of thequestionandthe generalityof the phrase Exper
imentalresultsrevealedthe potentialof the generateddQsin not
requiringindispersableinformationthatwaslackingto extractan-
swers.Futureresearctwill includean evaluationof the proposed
stratgy in atotal spoleninteractve ODQA systemto assesfiov
muchtotal performances improved by usingrepeatedQs.
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