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Abstract
This paperdescribesa method of generating effective lan-
guage models for voice query recognition anda new dia-
loguestrategy for a voice activatedQA system.By using
multipledomainlanguagemodels,betterrecognition accu-
racy is obtainedfor query utterances. In the proposedin-
teractivedialoguestrategy usingmultimodaluserinterface,
usersarerequestedto indicatecorrectkeywordsandincor-
rectkeywordsareautomatically replaced by mostprobable
keywords in the n-bestlist basedon word co-occurrence
probabilities. A preliminary QA systemusingvoice input
andgraphical userinterfacehasbeenimplemented using
theSAIQA open-domainQA system.

1. Introduction

Although various QA systems(Eg. [1][2]) have recently
beeninvestigated,most of them use keyboardsto input
queries to the systems.If voice canbe usedinstead,the
systemsare expectedto become more useful and easier
for many users. In the voice QA systemsthat respond to
the queriesgivenby voice to retrieve articlesfrom a wide
rangeof domains [3][4], how to reducetheeffectof speech
recognition errorsin the query utteranceson the answers
producedby the systemsis oneof the most important re-
searchissuesfrom usabilitypoint of view.

This paperproposesa new methodin which multiple
languagemodelsfor recognizingvoicequeriesaretrained
usingclusterednewspaperarticlescorresponding to multi-
pledomains,suchaseconomy, entertainment,international
affairs,general public andsports.Eachdomain-dependent
languagemodel is interpolatedwith aclasslanguagemodel
constructedusingtranscribed query utterances. The inter-
polatedmultiple language modelsare usedin parallel in
recognizing eachqueryutteranceanda hypothesishaving
thelargestlikelihoodscoreis chosen.Recognition experi-
mentsusingmany queryutterancesareconductedto evalu-
atetheeffectivenessin improving therecognition accuracy.
This paper alsoreports a new dialogue strategy thateffec-
tively dissolves the problem of speechrecognition errors
by a smallnumberof human-computerinteractions. Struc-
tureof a prototype of a multimodal voiceQA systemthat
is now beingbuilt is alsopresentedin thepaper.

Section2 describeshow to make effective language

modelsfor voiceactivatedQA systems.Section3 explains
our dialogue strategy for voiceactivatedQA andits effec-
tiveness.Section4 presentsourmultimodal voiceQA sys-
temwhich is now beingbuilt andthepaperis concludedin
Section5.

2. Language models

Almost all the voice activatedQA systemsthat have re-
cently been investigateduse a domain-independentlan-
guage model for recognizing queryutterances. Although
the domain-independent language model can handleev-
ery kind of queries,its recognition rateis not alwayshigh
enoughfor gettingcorrectanswersandits processingspeed
is relatively low. It is well known that speechrecogni-
tion performance canbesignificantly improvedby usinga
domain/topic-dependent language model that matchesthe
inpututterance.

2.1. Domain-dependent language models

In this paper, five domains are definedas subsetsof the
wholeopendomain: economy(eco),entertainment(ent),in-
ternational affairs(int), generalpublic(soc)andsports(spo).
Mainichi newspapercorpus from 1994 to 2001 is usedfor
generatingadomain-independent languagemodelandeach
domain-dependentlanguagemodelis generatedby asubset
of thecorpus. Clusteringof thedatabaseis performedus-
ing domain indexesgivenin thecorpus. CMU-Cambridge
Toolkit is usedfor generating thelanguagemodels.

Table1: Effectiveness of the domain-dependent language
models

LM Correctness(%)

Domain-independent 67.49

Ecodomain 67.82
Entdomain 68.29
Int domain 68.12
Socdomain 67.91
Spodomain 67.75

MAX 69.35

Table1 shows speechrecognition resultsfor queryut-
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terancesby seven speakers,eachuttering100 utterances,
usingthe domain-independent language model anda spe-
cific language modelcorresponding to thedomain of each
utterance. MAX indicatesthe method in which the lan-
guage model achieving the maximum likelihood is auto-
maticallyselectedfor eachutterance. Juliusspeechrecog-
nition engine andPTM (phonetically-tiedmixture) HMMs
having 3000statesand64 Gaussianmixturesin eachstate
wereused.The insertionpenaltyandthe languagemodel
weightwereoptimizedby a development setof utterances.

Theword correctnessis usedin the evaluation instead
of word accuracy, since insertion error causesrelatively
smallproblemsdueto thedialoguestrategy for theQA de-
scribedin Section3.

The experimental results show that every domain-
dependentlanguagemodelachievesbetterrecognition per-
formancethan the domain-independentmodel. Even if
the domain that eachquery belongs to is unknown, the
bestperformancecanbeobtainedby choosingthedomain-
dependent languagemodel that maximizesthe likelihood
(MAX). The correctnesswas improved by approximately
2% in absolute valueby this methodin comparison with
thedomain-independentmethod.

2.2. Interpolation of language models

Sincethe domain-dependent languagemodels are gener-
atedusingthe newspaper corpus, the models do not fit to
thespontaneousqueryutterances. Themodelsaretherefore
improved by interpolating with the languagemodelmade
by a corpus of 2000 query utterances. Since the cover-
ageof keywords,especiallynamedentitiesin thecollected
queries, is very low, a classlanguage model is built be-
fore interpolating with thedomain-dependentmodels. The
model interpolation is performedusingtheSRI toolkit.

Figure 1 showsvariationof thewordcorrectnessof the
queryutterancesaccording to theinterpolation ratio of the
domain-dependentlanguagemodelandthequerylanguage
model.

Figure 1: Word correctness of the query utterances with
different interpolation ratios.

The largest improvement of the correctnesswas ob-
tainedwhenthe interpolation ratio wassetat 30(domain-
dependent):70(query). At this interpolation condition, 5%
improvement was obtained compared with the domain-
independentmodel.

3. Dialogue Strategy

Speechrecognition errorsin query utterancescauseerrors
in QA. Therefore,it is importantto designanefficientstrat-
egy of making a dialogue with the computer systemto
avoid the effect of recognition errors on the QA. This pa-
perproposesa new strategy usingGUI (graphical userin-
terface)in which speechrecognition errors areeffectively
corrected in the dialogueprocess.After recognizing each
query, keywordsareautomatically extractedanddisplayed
on a screen. The user is then requestedto indicate cor-
rect keywords, and the incorrect keywords are automat-
ically replacedby other candidate keywords by using a
proposedmethoddescribed below. A set of correct key-
wordsaretransmittedto SAIQA QA systemmadeby NTT
Lab[1]. TheSAIQA systemwasoriginally built for accept-
ing keyed-in queries.

3.1. Keyword extraction

SinceJapanesewordshaveinflectionsandthereis nospac-
ing betweenwords in the written form of Japanesesen-
tences,morphemesareusuallyusedasunits for Japanese
speechrecognition. In our system,CHASEN morpho-
logical analysis tool was usedfor segmenting sentences
into morphemesin building languagemodels. Therefore,
speechrecognition resultsaregivenasa sequenceof mor-
phemes.

Table2 showsanexampleof asequenceof morphemes.
Thesentenceis ”

����������	�

�������
” which means

”Who is theprimeministerof Japan?”.

Table2: Morphological analysis and keyword selection

Word Word class Selection���
”Japan” Noun Selected�

”of” Postpositional particle Discarded���
”minister” Noun Selected	

”is” Postpositional particle Discarded

”who” Noun Selected���

”is” Auxiliary verb Discarded�
”?” Postpositional particle Discarded

TheSAIQA QA systemusesonly threekindsof word
classes:noun, adjectiveandverb. In theexample shown in
thetable,selectedkeywordsare”

���
”, ”

���
” and”



”.

By using a GUI, the user is requested to indicate
whether the keywords automatically selectedfrom the
recognition resultsby thesystemarecorrector not. If there
exist incorrect wordsindicated by the user, they areauto-
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maticallyreplacedby otherkeywordsin theN-bestlist ob-
tainedasaresultof queryutterancerecognition.

3.2. Co-occurrence probability

In orderto achievegood performancein replacing incorrect
keywordswith othercandidate keywordsin theN-bestlist,
it is necessaryto usesomelinguistic knowledgethatcould
be extracted from information sources in the QA system.
Thispaperproposesto usedomain-dependentprobabilities
of keyword co-occurrencesin eachparagraphfor this pur-
pose.

Theco-occurrence probabilitiesarecalculatedfor each
of the five domains using the sameclustereddatabases
usedin generatingthedomain-dependent languagemodels.
Only the words occurring more than one thousand times
in eachdomain areusedfor calculatingtheco-occurrence
probabilitiesto savethecostof bothprobability calculation
andexecutiontime in usingtheprobabilities.

Thenumberof wordsobservedmorethanonethousand
times in eachdomain is 8071(eco), 7717(ent), 7939(int),
9245(soc)and8463(spo). Theco-occurrenceprobabilities
are calculatedby equation (1), in which � indicatesthe
numberof appearancesof wordpair(� , � ) in thesamepara-
graphand ��� indicatesthetotal numberof paragraphs.

��� � �"!#�%$'& � �(� �"!#�%$
�)� � (1)

After calculatingtheco-occurrenceprobabilities for all
thepairsof keywordsby equation (1), theprobabilitiesare
normalizedby equation (2).

���(� �"!#�%$+*,&
�'� � �-!.�%$��/ �'0 � (2)

where
��/ �'0 �

is themaximum valueof
���(� �"!#�%$ over

everycombinationof � and� .

3.3. Replacement

In order to obtainacandidatekeywordsetto replaceincor-
rect keywords, N-bestsentencehypothesesare generated
for eachqueryutterance, andnouns, adjectivesandverbs
areselectedfrom all thehypotheses.

The following score is calculatedfor eachkeyword1 extractedfrom the hypothesesusing the co-occurrence
probabilities,anda keyword having themaximum valueis
selectedto replacetheincorrectkeyword.

2 1"35476 � 1 $�&
8
9;:=<

>@?BA ��� �#C 9 ! 1 $ (3)

where
C 9 denoteseachkeyword in thequery that is in-

dicatedasa correct keyword by theuser.
In theevaluation experiment,thenumberof N-besthy-

potheseswas controlled by the beam-width usedin the

recognition decoder undertheconstraintthatthemaximum
number of hypotheseswas 100. Table 3 shows the im-
provementof the correctness(%)of keyword recognition
by the keyword replacement procedure as a function of
the beam-width. In the table, ”baseline” indicates the re-
sultsbefore the keyword replacing process,”upper limit”
indicatesideal resultsthat could be obtainedwhenall the
correct keywords in the hypothesesarecorrectly selected,
and”replaced” indicatesthe resultsafter replacingincor-
rect keywordsusing the proposedmethod. Theseresults
indicatethat 14 to 19 % of correctkeywords can be se-
lectedfrom thehypothesesby theproposedmethod.

Table 3: Improvement of the correctness (%) of keyword
recognition by the keyword replacement procedure at each
beam-width condition

Beam-width Default 1000 10000

Baseline(B) 67.12 68.79 70.61
Upperlimit(U) 70.97 72.73 74.50
After replace(R) 67.84 69.34 71.26D'EGFH�EGFJILK-MNM 18.70 13.96 16.71

4. Structure of the QA system

Structureof our voiceQA systemthatis now beingbuilt is
shown in Fig. 2. Thesystemconsistsof threecomponents:
GUI, a setof multiple speechrecognition engines, andthe
SAIQA QA system.

OQPSR
TVU

Figure2: Structure of our QA system.

TheGUI is madeby VisualC++with TVML (TV Mak-
ingLanguage)1 whichis atool thatcanshow andmovesev-
eral 3D characters andobjectson a screen.By usingthis
tool, thesystemcanmake theuserfeel asif he/sheis talk-
ing to humans. This makesthe systemmorecomfortable
thantext-basedsystemsfor theuser. Actionsof thecharac-
tershelptheconversationbetweenusersandthesystem.

1http://www.strl.nhk.or.jp/TVML
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Figure 3 shows theGUI having five 3D characterscor-
respondingto thefivedomainsdescribedabove. Eachchar-
acterspeaksandmakesactionswhenits corresponding do-
main is selectedby the systemto be the most relevant to
thequeryaccording to thelikelihood value.

When the systemhasrecognizedthe input queryand
extractedkeywords from the recognition result, the key-
wordsareshown asbuttons in a window usedin the user
interface. The user is requestedto selectincorrect key-
wordsby clicking thebuttons,andif at leastonebutton is
pushed, the incorrectkeywordsareautomatically replaced
usingco-occurrence probabilities. Resultsof the replace-
mentarealsoshown in the samewindow assoonasit is
donesothat theuserdoesnot feel interruption of thecon-
versation.

Thewholeprocessof thehuman-computer interaction
usingthisstructureis asfollows.

1. Voicequery input
A userinputsa voicequery to thesystem.

2. Voicequery recognition
The input voice query is transmittedto the multi-
ple recognition enginesby TCP/IPprotocols. Five
recognition engineshaving domain-dependent lan-
guagemodelsrecognizetheinputvoicequeryin par-
allel andoneresulthaving themaximum likelihood
is chosen.

3. Keywordsextraction
Keywordsto beusedin theQA systemareextracted
from therecognition result.

4. Showing keywordsandrequestingtheuserto select
incorrectkeywords
The selectedincorrect keywords are automatically
replacedby keywordsselectedfrom N-besthypothe-
ses basedon co-occurrence probabilities and dis-
played to theuser.

5. Receiving andshowingalist of answersfrom theQA
systemSAIQA
Rankedmultipleanswersgivenby theQA systemare

Figure3: GUI of the prototype QA system.

presentedon thescreen,sincethetop-rankedanswer
is not alwaysthebestfor thequery.

6. Askingcorrectnessof theanswersto theuser
If the useris not satisfiedwith the answer, the pro-
cessreturnsto step4 andtheusercanreplaceor add
keywordsuntil satisfactoryanswersareobtained.

7. Synthesizing the answer by a commercial TTS
(speechsynthesizer)andshowing evidencesandrea-
sonswhy theansweris obtainedfrom thedatabase

5. Conclusions

This paperhas proposeda methodfor generating effec-
tive languagemodelsandausefulandconvenient dialogue
strategy for voice activatedQA systems.By usingmulti-
pledomain-dependent languagemodelsinterpolatedwith a
querylanguagemodel, betterrecognition resultsfor query
utteranceshavebeenobtained. Theproposedsystemstruc-
ture hasan advantagein that new domains can be easily
addedby simply addingnew domain-dependent language
modelswithout requiring any modification to the existing
models.

Incorrect keywords in the speechrecognition results
indicated by the user using GUI are automatically re-
placedby keyword candidatesextracted from N-besthy-
pothesesbasedon domain-dependent probabilities of co-
occurrenceswith correctkeywords.

Our future work includes evaluating our methods in
obtaining correct answersto voice queries. It is ex-
pected that speechrecognition method using multiple
domain-dependent language models and the GUI-based
user-interfaceincluding theefficient errorcorrection strat-
egy will play important rolesin making efficient,practical
and useful voice QA systems. Our future work also in-
cludesa new recognition enginethat directly recognizes
keywords insteadof recognizing all words in the query
utterances using various linguistic information extracted
from knowledgeresources.
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