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Abstract ] \

This paperevaluatesadirectspeechirans- I
lation Method with waveformsusing the ‘ ‘ ‘ ‘
Inductive Learningmethodfor shortcon- ‘ ‘ ‘ ‘
versation. The methodis able to work 1
without corventional speechrecognition ‘
andspeeclsynthesidbecaussyntactioex- ]
pressionarenot neededor translationin ‘
|

the proposedmethod. We focusonly on
acousticcharacteristicof speechwave-
formsof sourceandtargetlanguagesvith-
out obtaining characterstrings from ut-

terances. This speectiranslationmethod Figure 1: Comparisorof corventionaland our ap-
canbe utilized for ary languagebecause proach.

the systemhas no processingdependent

on an individual characterof a specic speechis sufcient to play a fundamentalrole in
language. Therefore,we can utilize the corversation. Thus, it is much betterthat the pro-
speechof a handicappedbersonwho is cessingdealswith speechdirectly. However, con-
not able to be treated by conventional ventional approache®f speechtranslationneeda
speechrecognitionsystems,becausewe text result, obtainedby speechrecognition,for ma-
do not needto segmentthe speechinto chinetranslatioralthoughseveralerrorsor unrecog-
phonemessyllables,or words to realize nizedportionsmay beincludedin theresult.
speechtranslation. Our methodis real- A text is translatecthroughmorphologicalanal-
izedby learningtranslatiorrulesthathave ysis, syntacticanalysis,andparsingof the sentence
acousticcorrespondendaetweertwo lan- of thetamgetlanguage Finally, the speectsynthesis
guagesnductively. In this paper we deal stageproducespeectoutputof thetamgetlanguage.
with a translationbetweenJapanesand Figure 1(A) shavs the whole procedureof a tradi-
English. tional speechranslationapproach.

The procedurehasseveralcomplicatedprocesses
that do not give satisfyingresults. Therefore,the
lack of accuray in eachstageculminatesnto apoor
Speechis the most commonmeansof communi- nal result. For example,charactestringsobtained
cationfor us becausehe information containedin by speechrecognitionmayrepresentifferentinfor-

1 Intr oduction



Figure2: Processingtructure.

mationthantheoriginal speech.

Murakami et al.(1997) attemptedto recognize
several vowels and consonantausing Neural Net-
works that had different structureswith TDNN
(ATR Lab.,, 1995), however, they could not obtain
ahighaccurag of recognition.They con rmed that
distinguishinghe boundarie®f words,syllables,or
phonemess a task of greatdif culty. Then, they
only focusedon speectwaveformitself, notcharac-
ter stringsobtainedby speectrecognitionto realize
speechranslation.Murakamiet.aldecidedon deal-
ing with the correspondencef acousticcharacteris-
tics of speechwaveforminsteadof charactestrings
betweertwo utterances.

Our approachhandlesthe acousticcharacteris-
tics of speechwithout lexical expressionthrough
a much simpler structurethan the reportsof Tak-
izawa et al.(1998), Muller et al.(1999)or Lavie et
al.(1997)becausene believe that simpli cation of
the systemwould preventinaccuraciesn the trans-
lation. Figure 1(B) shows the processingstagesof
our approach.If speechranslationcanbe realized
by analyzingthecorrespondence charactestrings
obtainedby speechrecognition,we can also build
up speechranslatiorby dealingwith thecorrespon-
dencein acousticcharacteristicsln our method,we
extract acousticcommon parts and different parts
by comparingwo examplesof acousticcharacteris-
tics of speechbetweentwo translationpairs within
the samelanguage. Then we generatetranslation
rules and register them in a translationdictionary

The rulesalsohave the locationinformation of ac-
quired partsfor speechsynthesison time-domain.
Thetranslationrulesareacquirednot only by com-
paringspeecthutterancesut alsousingthelnductive
LearningMethod (K. Araki etal., 2001),still keep-
ing acousticinformationwithin therules. Deciding
the correspondencef meaningbetweentwo lan-
guagess a uniqueconditionto realizeour method.
In atranslationphase whenan unknowvn utterance
of a sourcelanguages appliedto be translatedthe
systemcompareghis sentencevith all acousticin-
formation of all rules within the sourcelanguage.
Thenseveralmatchedulesareutilized andreferred
to their correspondingpartsof the tamget language.
Finally, we obtainroughlysynthesizedargetspeech
by simply concatenatingseveral suitable parts of
rulesin the target languageaccordingto the infor-
mationof location. Figure2 shows an overview of
the processingstructureof our method.

Ourmethodhasseveraladvantage®ver otherap-
proachesFirst, the performancef thetranslations
notaffectedby thelack of accuray in speechrecog-
nition becauseve do not needthe segmentationof
speechinto words, syllables,or phonemes.There-
fore, our methodcan be appliedfor all languages
without having to make processingchangesn the
machinetranslationstagebecausehereis no pro-
cessingdependenbn ary speci ¢ language. With
corventionalmethods several processe# the ma-
chine translationstagemust be alteredif the tar
getlanguages to be changedbecausemorpholog-



ical analysisandsyntacticanalysisaredependenon
eachindividual characteof languagecompletely
Any differencein languagehasno affect on the
ability of the proposedmethod,fundamentallybe-
causewe focus on the acousticcharacteristicof

speech,not on the characterstrings of languages.

It is very importantto approachspeechtranslation
with anew methodologythatis independenof indi-
vidual charactersf any language.

We also expect our approachcan be utilized
in speechrecuperationsystemsfor peoplewith a
speechimpedimentbecauseour methodis able to
dealwith varioustypesof speechthatis not ableto
be treatedby corventionalspeechrecognitionsys-
temsfor normalvoice.

Murakami et al.(2002) have successfully ob-
tainedseveralsample®f translatiorby applyingour
methodusinglocal recordedspeechdataand spon-
taneougorversationspeech.

In this paper we adoptspeechdataof travel con-
versationdo the proposednethod.We evaluatethe
performancef themethodthroughexperimentsand
offer discussioron behaiors of the system.

2 Speechprocessing

2.1 Speechdata

It is necessaryo extracttime-varying spectralchar
acteristicsin utterancesandapply themto the sys-
tem. We usedseveral corversationsetsfrom an
English corversationbook (GEOSPublishinginc.,
1999). The Japanesepeectdatawasrecordedwith
a 48kHz samplingrate on DAT, and downsampled
to 8kHz. All speechdatain the sourcelanguage
was spolen by Japanesenale studentsof our lab-
oratory The speechdatawasspolenby 2 peoplein
the sourceandtargetlanguagesiespectrely.

The contentof the datasetsconsistsof corversa-
tions betweena client andthe front deskat a hotel
andcorversationdetweera client andtrain station
staf.

Tablel: Experimentatonditionsof speectprocess-
ing.

Sizeof frame 30msec
Framecycle 10msec
Speechwindow | HammingWindow
AR Order 14

2.2 Spectralcharacteristicsof speech

In our approach,the acoustic characteristicsof
speechare very important becausewe must nd
commonanddifferentacousticpartsby comparing
them. It is assumedhatacousticcharacteristicare
not dependenbn ary language.Table 1 shavs the
conditionsfor speechanalysis.The sameconditions
and the samekind of characteristigparametersof
speechareusedthroughouthe experiments.

In this report,the LPC coefcients areappliedas
spectralparameterdecauseMurakamiet al.(2002)
couldobtainbetterresultsby usingtheseparameters
thanotherrepresentationsf speectcharacteristics.

2.3 Searhing for the start point of parts
betweenutterances

Whenspeeclsamplesverebeingcomparedye had
to considerhow to normalizethe elasticityon time-
domain.Many methodsvereinvestigatedo resohe
this problem. We tried meditatinga methodthat
is able to obtain a result similar to dynamic pro-
gramming(H. Saloe et al., 1978; H. F. Silverman
etal., 1990)to executetime-domainnormalization.
We adopteda methodto investigatethe difference
betweentwo characteristiozectorsof speechsam-
plesfor determiningcommonand differentacous-
tic parts. The Least-SquareBistanceMethod was
adoptedor thecalculationof the similarity between
thesevectors.

Two sequence®f characteristicvectors named
“test vector” and “referencevector” are prepared.
The “test vector” is picked out from the testspeech
by awindow thathasde nite length. At thetime,the
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Figure3: Comparisorof vectorsequences.



Figure 4: Differencebetweenutterances(1):"All
right, Mr. Brown.”

Figure 5: Difference between utterances(2):"All
right, Mr. Brown.” - "Good afternoori.

“referencevector” is also preparedrom the refer
encespeechA distancevalueis calculatecby com-
paringthe presenttest vector” anda portion of the
“referencevector”. Then,we repeatthe calculation
betweenthe current*“test vector” and all portions
of the “referencevector” picked out and shiftedin
eachmomentwith constaninterval ontime-domain.
Whenaportionof the“referencevector’reacheshe
endof thewholereferencevector asequencef dis-
tancevalueds obtainedasaresult. The proceduref
comparingtwo vectorsis shavn asFigure3. Next,
the new “test vector” is picked out by the constant
intenval, thenthe calculationmentionedabore s re-
peateduntil theendof the“test vector”. Finally, we
shouldget several distancecurves asthe resultbe-
tweentwo speectsamples.

Figure4 andFigure5 shav examplesof thediffer-
encebetweertwo utterancesTheseappliedspeech
samplesare spolen by the samespealer. The con-
tentsof thecompareditterancesirethesamen Fig-
ure 4, andarequite differentin Figure5. The hori-
zontalaxis shovs the shift numberof referencevec-
tor on time-domainandthe vertical axis shows the
shift numberof testvector i.e., the portion of test
speech.In the gures, a curne in the lowestloca-
tion hasbeendravn by comparinghetop of thetest
speechand whole referencespeech. If a distance
valuein a distancecunve is obviously lowestthan
otherdistancevalues,it meangthatthe two vectors
have muchacousticsimilarity.

As shavnin Figure5, theobviouslocalminimum
distancepoint is not discoreredevenif thereis the
lowest point in eachdistancecurve. On the other
hand,asshavn in Figure4, whenthetestandrefer
encespeechhave the samecontent,the minimum
distancevaluesare found sequentiallyin distance
curves. Accordingto theseresults,if thereis a po-
sition of the obviously smallestdistancepointin a
distancecurwve, that portion shouldbe regardedasa
“commonpart”. Moreover, if thesepointssequen-
tially appearamongseveral distancecurwes, they
will be considereda commonpart. At the time,
thereis apossibilitythatthepartcorrespond$o sev-
eralsemanticsggmentsongerthana phonemeand
asyllable.

2.4 Evaluation of the obvious minimal distance
value

To determinethat the obviously lowest distance
valuein the distancecurve is a commonpart, we
adopta thresholdcalculatedby statisticalinforma-
tion. We calculatethe varianceof distancevalues
shavn as andthe meanvalue within the curve.
The thresholdis conductedas = 4 2 from the
equationof the Gaussiardistribution andthe stan-
dardizednormaldistribution.

A point of the smallestdistancevalue within a
curve is representethy x anda parametem showvs
the meanvalue of distances A commonpartis de-
tectedif (x m)2 > , becausethe portion of
referencespeechhasmuchsimilarity with the “test
vector” of the distancecurve in a point, and that
commonpartis representedy “0”. Otherwisethe
speectportionfor “test vector”is regardedasa dif-



ferentpartandrepresentedby “1”. If severalcom-
mon parts are decidedcontinuously we deal with

themasonecommonpart,andthe rst pointin that
part will be the startpoint nally. In our method,
the acousticsimilarities evaluatedby several calcu-
lationsareonly thefactorfor judgmentn classifying
commonor differentpartsin thespeectsamples.

3 Generationand application of
translation rule

3.1 Correctionof acquired parts

The two referencespeectsamplesare divided into
several commonanddifferentpartsby comparison.
However, thereis a possibility that thesepartsin-
clude several errorsof elasticity normalizationbe-
causethe distancecalculationis not perfectto re-
solve this problemon time-domain. We attemptto
correctincompletecommonand different partsus-
ing heuristictechniquesvhena commonpartis di-
vided by a discretedifferentpart, or a differentpart
is divided by a discretecommonpart.

3.2 Acquisition of translation rules

Commonanddifferentpartscorrectedn 3.1areap-
plied to determinethe rule elementseededo gen-
eratetranslationrules. Figure6 and 7 shav there-
sults of comparingutterances.In the rst case,a
part containingcontinuousvaluesof “0” represents
acommonpart. In theseconccase a partconsisting
of only “1” is regardedas a differentpart. In Fig-
ure 6, two utterancesre calculatedasa long com-
mon part. On the contrary two utterancesre cal-
culatedasa long differentpartin Figure7. These
resultsarecomparableavith lexical contentdecause
thesyntacticsentencatructuresrethesamen both
cases.

Moreover, when a sentencestructure includes
commonanddifferentpartsatthesametime, we can
treatthis structureasathird case We dealwith these
threecaseof sentencetructureasrule types.in all
theabore-mentionedcasesseveral setsof common
and different partsare acquiredif thoseutterances
werealmostmatchingor did notmatchatall. Com-
bining setsof commonpartsof the sourceandtarget
languagedecomeelementwf the translationrules
for its generation.At this time, the setof common
partsextractedfrom the sourcelanguagethat have

Figure6: Commonanddifferentparts(1):"All right,
Mr. Brown”

v

Figure7: Commonanddifferentparts(2).”All right,
Mr. Brown.” - "Good afternoori.

acorrespondencef meaningwith a setof common
partsin targetlanguagearekept. The setsof differ-

entpartsbecomezlementf thetranslatiorrulesas
well.

Finally, thesetranslationrules are generatedy
completingall elementsas below. It is very im-
portantthe rules are acquiredif the typesof sen-
tencesin both languagesare the same. Whenthe
typesof sentencestructuresare different, it is im-
possiblethattranslationrulesare obtainedandreg-
isteredin the rule dictionary becausewe can not
decidethe correspondencbetweentwo languages
samplesuniquely Acquiredrulesarecateyorizedin
thefollowing types:

Rule type 1: thosewith a very high sentencesimi-
larity

Rule type 2: thosewith sentencesncluding com-
monanddifferentparts

Rule type 3. thosewith very low sentencesimilar
ity

Whena new rule containingtheinformationof sev-
eral common parts is generated,the rule should
keepthe sentencdorm sothatdifferentpartsin the
speechsampleare replacedas variables. Informa-
tion thata translatiorrule hasareasfollows:

rule typesasmentionedabove
index numberof a sourcdanguages utterance

setsof startandendpointsof eachcommonand
differentpart
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Figure8: Ruleaquisitionusingthe Inductive LearningMethod

index numberof an utterancen thetametlan-
guage

3.3 Translation and speechsynthesis

Whenanunknown speectutteranceof asourcelan-
guageis adaptedto get the result of translation,
acousticinformation of acquiredpartsin the trans-
lation rulesarecomparedn turn with the unknovn
speechandsereralmatchedulesbecomehecandi-
datesto translate.The inputtedutteranceshouldbe
reproduceddy a combinationof several candidates
of rules. Then,the correspondingpartsof the tar
getlanguagen candidateulesarereferredto obtain
translatedspeech. Although the nal synthesized
targetspeechmay be producedroughly speecttan
directly be concatenatebly several suitablepartsof
rulesin thetargetlanguageusingthelocationinfor-
mationon time-domainin rules.

4 The Inductive Learning Method

The Inductive Learningthat Araki et al.(2001)pro-
posedacquiresulesby extractingcommonanddif-
ferent parts through the comparisonbetweentwo
samples.This methodis designedrom anassump-
tion thata humanbeingis ableto nd outcommon
and different parts betweentwo samplesalthough
theseareunknovn. The methodis alsoableto ob-
tain rules by repetitionof the acquiredrulesregis-
teredin therule dictionary

Figure8 shavs anoverview of recursve rule ac-
quisition by this learning method. Two rules ac-
quiredasrule(i) andrule(j) are preparedand com-
paredto extractcommonanddifferentacoustigarts
as well as comparisonshetweenspeechsamples.

Then,theseobtainedoartsaredesignedsnew rules.
If the comparedrules consistof sereral common
or differentparts,the calculationis repeatedvithin
eachpart. It is assumedhat thesenew rules are
muchmorereliablefor translation.

If severalrulesarenotusefulfor translationthey
will be eliminatedby generalizingthe rule dictio-
nary optimally to keepa designedsize of memory
The ability of optimal generalizatiorin the Induc-
tive LearningMethodis anadvantageaslessexam-
pleshave to be preparedeforehand Much sample
datais neededio acquiremary suitableruleswith
corventionalapproaches.

5 Evaluation Experiments

5.1 Experimentsof rule acquisition

All datain experimentsareachiezedthroughseveral
speechprocessegxplainedin 2.1. Table 2 showvs
theconditionsfor experiments.Theparameterson-
cerningframe settingshave beendecidedfrom the
resultsof several preliminary experimentsfor rule
acquisition.

Table2: Conditionsfor experiments.

Framelengthof testvector | 400msec
Framerateof bothvectors | 50msec
Therateof agreement 95%

for adoptingrules

Table3: Translatiorrules.

Setof data| Utterances Registedrules
Hotel 50 8,500
Station 32 22,846




Table4: Appropriatelyacquiredpartswith correspondence.

| SentencéD | RuleType | Corresponde®art/Length|

Speech

jall0g common (22-40)/41 SOREDEW, BRAUN-SAMA.
jallot common (106-124)/128 KOCHIRANIGOKICYOWO
ONEGAIITASHIMASY BRAUN-SAMA.
enll0g common (17-32)/33 All right, Mr. Brown.
enll0t common (57-69)/71 Pleasell outthisform, Mr.Brown.

Marny setsof commonand different partswere
extractedby comparingacousticcharacteristicof
speechn eachlanguageandtranslationruleswere
registeredin the translationrule dictionary Table3
shavs the numberof speechutterancesand regis-
teredtranslationrulesbetweertwo languages.

5.2 Experimental resultsof translation

If anunknavn speechutteranceof asourcdanguage
canbereplacedvith acoustidnformationfromrules
in the dictionary the speechwill be translatedand
synthesizedroughly without losing it's meaning.
Eachmatchedrule includescertainequivalentcor
respondenceartsof the tamget language.The sys-
temneeddo decidethe mostsuitablecandidate®f
rulesfrom the rule dictionary for eachtranslation.
If thelevel of similarity betweenthe whole applied
unknavn speechandall partsof therulesis higher
thanarateof agreemenasin Table2, therulesthat
includeappropriatgpartscanbecomecandidatesgor
currenttranslation.

82 utterancesof limited domain have beenap-
plied to the systemfor translation. Regretfully, we
couldnotobtainarny completetranslateditterances,
although several sampleshave beenincompletely
translatedy adaptingtranslatiorrules.

5.3 Discussion

We have to investigateseveral sourcef the exper
imentalresults. The rst causeof thefailurein the
translationcan be found in speechdatautilized in
theseexperiments.The contentsof theseutterances
do not exactly includethe sameexpressiorbecause

Table5: Failuresof rule acquisition.

wholerule | thecaseof the
acquisition| samecontent
Thenumber
of failure 527 22

Figure9: Differencebetweerutterances’Good af-

ternoor.

Figure10: A failedresultof partsextraction:”"Good
afternooni.

v

contentsof speechsamplesare preparedwith vari-
ouswaysof speakingevenif the semantidnforma-
tion is thesameamongthem.

Moreover, a smallamountof speechdataalsois
anotherfactorbecausenoretranslatiorrulesshould
beacquiredandadaptedor translation.

Thesystemhasperformedthetaskbecausenary
suitablerulesareregisteredn therule dictionary A
sampleof partsacquiredproperlyis shavn as Ta-
ble 4. In this table, Japanesevords are expressed
with anitalic font. Thesepartsare successfullyac-
quiredthroughthelearningstage sothatmary suit-
ablerulescanbe appliedto otherunknonvn speech
utterances.

Therefore,we needto increasethe number of
speeclsamplego obtainmoretranslatiorrules,and
it is alsonecessaryo considerthe contentsof utter



ancesfor more effective rule acquisitionand appli-
cation.

In addition, we have paid attentionto the parts
themseles acquiredas translationrules. We have
to considerseveral causesvherethe sametype of
sentences notdeterminectorrectlyevenwhenthe
contentsaarethe same.Table5 shavs the numberof
failuresin wholerule acquisitionandin the caseof
comparisonf the sameutterances.The typesof
sentencesredeterminedoy the resultsof the parts
extraction stage. In this stage,thresholdshave a
muchimportantrole for decidingcommonanddif-
ferentparts. Figure 9 shows the distancecurves of
the sameutterancedhat were not determinedas a
commonpartby athreshold.And Figure 10 shovs
theresultof the extractionof commonanddifferent
parts. Several minimum points of distancecurves
have beendeterminedas different partsby thresh-
old althoughtwo portionsof utterancesisohave the
highestsimilarity in thesepoints. This kind of fail-
ure meansthat the de nition of the thresholdhasa
problem. Therefore,the de nition of the threshold
needgo bereconsideredbr extractingcommonand
differentpartsmuchmorecorrectly

6 Conclusionand futur e works

In this paper we have describedthe proposed
methodand have evaluatedthe translationperfor
mancefor corversationson travel English. We have
con rmed that much appropriateacousticinforma-
tion is extractedby comparingspeech,and rules
have beengeneratedeven if no tamet speechwas
obtainedthroughthe system.

Mary rules have beendecidedas candidategor
eachtranslationby calculatingall registeredrules
with a high calculationcost. Therefore,we will
needto apply a methodfor selectingmostsuitable
rulesfrom candidatesinda clusteringalgorithmto
decreasehe numberof registeredrulesandthe cal-
culationcost.

We will consideradoptinga new approacHor re-
alizing a moreeffective thresholdwithout statistical
information.

We will also considera possibility of the direct
speechranslationsystemfrom speechby a person
with a handicapin the speechproductionorganto
normal speechbecausecornventionalspeechrecog-

nition methodsare not able to assistthosewith a
speechimpediment.
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