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Abstract

Exampe-basedmachne translation (EBMT)

is a promising translationmethal for speech-
to-speechtranslation becase of its robust-
ness.lt retrieves examge sentencesimilar to

the input and adjusts their translatiors to ob-

tain the output. However, it hasproblemsin

thatthe perfamancedegraceswheninput sen-
tencesare long and when the style of inputs
and that of the exanmple corpis are differert.

This paper proposesa metha for retrieving

“meanirg-equvalent sentencg”’ to overcome
thesetwo problens. A meaing-equvalent
sentenceshareshe main meaningwith anin-

putdespitdacking someunimpatantinforma-

tion. The translationsof mearing-equvalent
sentencegorrespad to “rough translations.

Theretrieval is basedn contert words,modal-

ity, andtense.

1 Intr oduction

Speechto-speechtranslation (S2ST) techndogies con-
sistof speechrecoqition, machire translation(MT), and
speechsynthesis(Waibel, 199%; Wahlster 2000 Ya-
mamotq 2000). The MT partreceves speechexts rec-
ognizd by a speechrecaynizer The natue of speech
causedifficulty in translationsincethe stylesof speech
aredifferentfrom thoseof written text andaresometimes
ungmammatical(Lazzatr, 20@®). Therfore, rule-based
MT cannda translatespeechaccuratelycomparedwith its
perfamancefor written-styletext .

Exampe-basedMT (EBMT) is one of the corpis-
basednachingranslatiormethas. It retrieves exanples
similar to inputs and adjuststheir translatiors to obtain
theoutpu (Nagap, 1981). EBMT is a promisingmethal
for S2STin thatit perfamsrobusttranslationof ungam-
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maticalsentenceandrequiresfarlessmanu&work than
rule-basedMT.

However, thereare two prodemsin applying EBMT
to S2ST Oneis thatthe translationaccurag drastically
drops asinput sentencgbecone long. As the lengthof
asentencéeconeslong, thenumter of retrievedsimilar
sentencegreatlydecreasesThis oftenresultsin no out-
put whentranslatinglong sentencesThe otherprodem
arisesdueto the differencesin style betweeninput sen-
tencesandthe exanple corpus. It is difficult to acqure
a large volume of naturalspeechdatasinceit requres
muchtime andcost. Therebre, we canna avoid usinga
corpwswith written-styletext, whichis different from that
of naturalspeechThis styledifferencemakesretrieval of
similar sentenceslifficult and degradesthe performance
of EBMT.

This paperproposesa methodof retrieving sentences
whosemeanirg is equvalentto input sentenceso over-
comethetwo problens. A meanimg-equvalentsentence
meansa sentenceéhaving the main meaningof an input
sentencalespitelacking someunimportantinformation.
Suchasentenceanbemoreeasilyretrievedthana simi-
lar sentencgandits translationis usefulenowghin S2ST
We call this translationstrategy examge-based‘rough
translatiort.

Retrieval of meanimg-equvalentsentencess basedon
contert words, modality, andtense.This providesrobust-
nessagainstonginputs andin thedifferercesin stylebe-
tweentheinput andthe examge corpus. This advantage
distinguistesour methal from othertranslatiormethas.

We describehedifficultiesin S2STin Sectior2. Then
we describeour purpose,featuresfor retrieval, and re-
trieval methodfor meaningequialentsentencgin Sec-
tion 3. We repat an expeliment comparing our methal
with two othe methals in Section4. The experiment
demastratesthe robustnessof our methal to length of
inputandthestyle differencesetweerinputs andtheex-
amplecorpus.
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Figurel: Distribution of Untranslatednputs by Length

2 Difficulty in Example-basedS2ST

2.1 Translation Degradation by Input Length

A majorprobdem with machine translation regardlessof
thetranslationrmethal, is thatperfamancedrops rapidy
asinput sentencebecanelonger. For EBMT, thelonger
input sentence®ecome the fewer similar examplesen-
tencesexist in the exanple corpus. Figure 1 shavs
translationdifficulty in long sentences EBMT (Sumita,
2001). The EBMT systemis given 591 test sentences
and returnstranslationresult as translatefuntranslated
Untranslatedneangthat thereexists no similar examge
sentencefor theinput. Although the EBMT is equigped
with a large exanple corpws (abou 170K sentences)it
oftenfailedto translatdong inputs.

2.2 Style Differ encesbetweenConciseand
Conversational

The performarce of examge-basedS2ST greatly de-
pends on the exanple corpus. It is advantayeousfor an
examge corpus to have a large volume and the same
style asthe input sentences A corpus of texts dictated
from conversatioml speechis favorable for S2ST Un-

fortunately it is very difficult to prepae suchan exam

ple corpussincethistaskrequreslaborious work suchas
speechrecoding andspeechranscrigion.

Therebre, we canrot avoid using a written-style cor-
pus,suchasphrasebook, to prepae a sufficiently large
volume of examges. Containedtexts are almostgram
matical and rarely containunneessarywords. We call
the style usedin sucha corpws “concise” andthe style
seenin corversatioml speecHconversatioml”

Table 1 shaws the average nunbersof wordsin con-
cise (Takezava et al., 2002 and corversatioml corpaa
(Takezava, 199). Sentencei corversationastyle are
abou 2.5words longerthanthosein concisestylein both

Langlage
Endish | Japaneseg
Concise 5.4 6.2
Corversational 7.9 8.9

Tablel: Number of Wordsby Sentence

LanguageModel

Concise| Corversational
Test Concise 16.4 58.3
Corwversational| 72.3 16.3

Table2: CrossPerpleity

English and Japanse. This is becausecorversational
stylesentencecontainunrecessaryordsor subadinate
clauseswhich have the effectsof assistinghe listeners
compehensiorandavoiding the possibility of giving the
listenera curtimpression.

Table 2 shaws crossperpleity betweenconciseand
conversationaktorpaa (Takezava etal., 20R2). Perple-
ity is usedas a metric for how well a language model
derived from a training setmatchesa test set (Jurafsly
and Martin, 2000). Crosspergexities betweenconcise
andcorversationatorpaaaremuchhigherthantheself-
perplity of either of the two styles. This resultalso
illustratesthe greatdifferencebetweerthetwo styles.

3 Meaning-equivalent Senterce

Exampe-basedS2ST has the difficulties describedin
Section2 when it attemptsto translateinputs exactly.
Here,we setour translationgoalto translatingnput sen-
tencesnot exactly but rougHy. We assumehata rouch
translationis usefulenoudn for S2ST sinceunimportant
information rarely disturbsthe progressof dialogsand
canbe recoveredin the following dialog if neead. We
call this translationstrateyy “rough translatior.

We propose “mearing-equivalent sentenceto carry
out rough translation Meaningequivalentsentencesre
definedasfollows:

meaning-equialent sentence
(to aninput sentence)

A sentencehat shareshe main meanirg with
theinput sentencealespitelacking someunim-
portart information. It doesnot containinfor-
mationadditiona to thatin theinput sentence.

Important information is subjectiely recogized
mainly dueto oneof two reasons(1) It canbe surmised
fromthegeneal situation,or (2) It doesnotplaceastrong
restrictionon the maininformation.



Input Sentence

Unimportant?

1 | Would youtake a pictureof me? Yes
2 | Would you take a pictureof this painting? No
3 | Couldyoutell mea Chineseestauraharound here? Yes
4 | Couldyoutell meaChineserestauraharourd here? No
5 | My bagg@ewasstolenfrom my roomwhile | wasout. Yes
6 | Pleasechang my room becausethe room next door is noisy. Yes
Figure2: Exampesof Unimpatantinformation
Figure2 shaws exanrplesof unimpatant/importantin- | Modality | Clues |
formation. Inf_orr‘rjationtio_beexamirlej is written i"n_bold. R tekudasa(auxiliary verb)
Themforma.tlon of me in (1) anq arqund hgre in (3) equest teitadaleru (auxiliary vert)
canbe surmisedrom the gereral situation,while thein- — .
o . L9 . shi-tai (expression)
formation “ of this painting” in (2) and" Chinesé would Desi hoshii :
notbesurmisedsinceit denotes speciabbjed. Thesub- esire | te-hoshii(expression)
ordinatesentencei (4) and(5) areregadedasunimpor- negau (verb) _
tantsincethey have smallsignificanceandareomittable. Question ka (final particle)
. _ ne (final particle)
3.1 Basicldeaof Retrieval Negati nai (auxiliaty verbor adjectie)
Theretrieval of meaningequialentsentencelepend on egatin masen(auxiliary verb)
contert words and basically doesnot deperl on func-
tionalwords. Independencelﬁrom functionalwordsbrings | Tense | Clues |
robustressto the differencein styles. —
However, functional wordsinclude importantinforma- | Past | ta(awiliary verb) |

tion for sentenceneanimy: the caserelation of cortent
words, modality andtense. Lack of caserelationinfor-
mationis compensatedy the natue of therestricteddo-
main. A restricteddoman, asa domain of S2ST hasa
relatively smalllexicon andmeanirg variety. Therebre,
if contentwordsincludedin aninput aregiven their re-
lation is almostdeternined in the domain Information
of modality andtenseis extractedfrom functional words
andutilized in classifyingthe meanim of asentencéde-
scribedin Section3.22).

This retrieval methal is similar to information re-
trievalin thatcontentwordsareusedascluesfor retrieval
(FrakesandBaeza-¥ates,199). However, our taskhas
two difficulties: (1) Retrieval is carriedout not by docu
mentsbut by singlesentencs. Thisredu@stheeffective-
nesof wordfrequerties. (2) Thedifferencesn modality
andtensein sentencesiave to be consideed sincethey
play animportantrole in determirnng a sentences com-
municaive meaning

3.2 Featresfor Retrieval
3.2.1 Content Words

Words categorized aseithernourt, adjectve, adwerb,
or verb arerecoquized as conten words. Interogaives

*Numberandpronounareincluded

Table3: Cluesfor Discriminatirg Modalitiesin Japanese

are also included Words such as particles, auxiliary
verbs, conjunctions,and interjectins arerecogrized as
functionalwords.

We utilize a thesaurugo expard the coverageof the
examge corpts. We call the relation of two wordsthat
arethe same“identical” andwordsthataresynorymous
in the given thesaurussynonymous®

3.2.2 Modality and Tense

The mearing of a sentenceis discriminated by its
moddity andtense,sincethesefactorsobviously deter
mine meaning We definedtwo modality groups and
onetensegrow by examining our corpus. The modal-
ity groupsare (“request”, “desire”, “questiori, “confir-
mation”, “others”,)and(“negation”, “others”.) Thetense
grow is (“past”, “others”.) Thesemodhlities andtense
are distingushed by surface clues, mainly by particles
and auxiliary verbs. Table 3 shavs a part of the clues
usedfor discriminatingmodadities in Japanesesentences

having no cluesareclassifiedasothes. Figure3 2 shovs

2 Japaesecontentwordsarewrittenin sans serif styleand
Japanest&unctionalwordsin italic style.



Modality &
Sentencé
Tensé

hoteru wo yoyaku shitekudasai request
(Will youresenre this hotel?)
hoteru wo yoyaku shitai desire
(I wantto resenre this hotel.)
hoteru wo yoyaku shimashitaka? | question
(Did youresere this hotel?) past
hoteru wo yoyaku shitei masen negation
(I donotresere this hotel.)

Figure3: Sentenesandtheir Modality andTense

samplesentenceandtheir modality andtense Cluesare
undelined.

A speectlactis a concet similarto modality in which
spealers’ intentilns arerepreseted. The two studiesin-
troducedinformationof the speechactin their S2STsys-
tems(Wahlster200Q TanakaandYokoo, 199). Thetwo
studiesand our methoddiffer in the effect of speechact
information. Their effect of speechactinformationis so
smallthatit is limited to generatig the translationtext.
Translationtexts arerefinedby selectingproper expres-
sionsaccordirg to thedetectedspealers’ intention

3.3 Retrieval and Ranking

Sentenceghat satisfy the corditions below are recog
nizedasmeaningequivalentsentencs.

1. It isrequired to have thesamemodalityandtenseas
theinput sentence.

2. All contentwordsareincluded(identicalor synory-
mous)in theinput sentenceThis meanghatthe set
of contert wordsof a meanimg-equvalentsentence
is asubsebf theinput.

3. At leastoneconten word is included(identical)in
theinput sentence.

If morethanone sentencas retrieved, we mustrank
themto selectthe mostsimilar one.We introduce “focus
area’in the ranking processo selectsentenceshat are
meanimy-equvalentto themainsentencén comgex sen-
tencesWe setthefocus areaasthelastN words from the
word list of aninput sentenceN dendesthe number of
contert words in meanimg-equvalentsentenes. This is
becausenain sentencet complex sentencegendto be
placedattheendin Japanese.

3Space charactersare insertedinto word bourdaries in
Japaneseexts.
4Thevalue“others”in all modality/tenseyroupsis omitted.

Input
gaishutsu shiteiru aida ni,
(While | wasout),
kaban wo nusuma re mashita
(my bagggewasstolen.)

Meanirg-equvalentSentence
baggu wo nusuma reta
(My bagwasstolen).

C1 | nusumu® 1
C2 | (kaban=baggu) | 1
C3| - 0
C4 | - 0
C5 | wo,re ta 3
C6 | suru,teiru,ni, masu| 4

Figure4: Examge of Conditionsfor Rankirg

Retrieved sentencesire ranked by the corditions de-
scribedbelow. Conditiors aredescribedn orderof prior-
ity. If thereis morethanonesentencéiaving the highest
scoreundertheseconditions,themostsimilar sentencés
selectedandanly.

C1: #ofidenticalwordsin focusarea.

C2: #of synorymouswordsin focus area.

C3: #ofidenticalwordsin nonfocusarea.
C4: #of synorymouswordsin nonfocus area.
C5: #of commam functionalwords.

C6: # of different functionalwords.

(thefewer, the higherpriority)

Figure 4 shovs an exanple of conditiors for ranking.
Contentword in a focus areaof input areuncerlinedand
functional wordsarewrittenin italic.

4 Experiment

4.1 TestData

We useda bilingual corpus of travel corversationwhich
has Japanse sentence and their Endish translations
(Takezawva et al., 2002. This corpws was sentene-
aligned anda morphologcal analysis wasdoneon both
languageshy our morplologicd analysigools. Thebilin-
gualcorpuswasdividedinto exanmple data(Exanple) and
testdata(Concise)oy extracting testdatarancomly from
thewhole setof data.

In addition to this, we useda corversationalspeech
corpusfor anothersetof testdata(Takezava, 1999. This
corpus containsdialogs betweena traveler and a hotel

SWordsareconvertedto baseform.
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Figure5: Results
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Input Length (Words)
# of Averal
Corpus &
Sentenceg Length
Exanple 92,97 7.4
Concise 1,588 6.6
Corversational 800 101

Table4: Statisticsof the Corpora

receptimist. It teststherobustnessin styles.We call this
testcorpuws “Conversational

We use sentencesncluding more than one cortent
word amongthethreecorpom. The statisticsof thethree
corpaaareshownn in Table4.

Thethesaurusisedin theexperimentwas“Kadokawa-
Ruigo-Jishd (OhnoandHamanishi,1984. Eachword
hassemanticcodeconsistingof threedigits, thatis, this
thesaurs has three hierardies. We defina “synory-
mous”words assharingexactsemantiacodes.

4.2 Compared Retrieval Methods

We usetwo exampe-basedetrieval methodgo show the

characteistic of the propasedmethal. The first methal

(Methad-1) uses“strict” retrieval, which doesnot al-

low missingwords in input. The methodtakes func-

tional wordsinto accoun on retrieval. This methal cor-

respomsto the conventioral EBMT method Thesecond
method(Methad-2) uses“rough” retrieval, which does
allow missingwords in input, but still takes functioral

wordsinto account.

4.3 Evaluation Methodology

Evaluaion wascarriedout by judging whetherretrieved
sentencesire meaningequialentto inputs. It mustbe
noted that inputs and retrieved sentencesare both in
JapaneseéWe did not compareinputsandtranslationsof

retrieved sentencessincetranslationaccurag is a matter
of theexampe corpusanddoesnot concernour method

The sentencewith the highestscoreamongretrieved
sentencewvas taken and evaluated. The sentencesre
marked manuwally as mearing-equvalent or not by a
Japanesmative. A meaningequialentsentencéncludes
all importantinformationin theinputbut maylack some
unimportantinformation.

4.4 Results

Figure 5 shaws the accurag of the three methals with
the corcise and corversationalstyle data. Accuracy is
definedastheratio of the numter of correctly equivaent
sentencefo thatof total inputs. Inputsareclassifiednto
four typesby theirword length.

The perfamanceof Method- reflectsthenarron cov-
erageandstyle-depadeng of corventioral EBMT. The
longe input sentencebecong, the moresteeplyits per
formancedegradesin both styles. The methodcan re-
trieve no similar sentencdor inputs longerthan eleven
wordsin corversationaktyle.

Method2 admts a “rough” stratey in retrieval. It
attainshigher accurag than Method1, especiallywith
longe inputs. This indicates the robustnesof therough
retrieval stratey to longerinputs. However, the methal
still hasanaccurayg differerce of about15%betweerthe
two styles.

The accurag of the proposedmethodis betterthan
thatof Method2, especiallyin corversatioml style. The
accurag differencein longer inputs becones smaller
(abou 4%) thanthat of Method2. This indicatesthero-
bustnessf the proppsedmethodto the differercesbe-
tweenthetwo styles.
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51 EBMT

Theroudh translationproposedin this pape is a type of
EBMT (Sumita,200L; VealeandWay, 1997, Carl, 199;
Brown, 2000). Thebasicideaof EBMT is thatsentences
similarto theinputs areretrievedfrom anexamge corpus
andtheirtranslatios becone the basisof outpus.

Here, let us consider the difference between our
methodand other EBMT method by dividing similar
ity into a conten-word part and a functional-word part.
In the contert-word part, our methodand other EBMT
method are almostthe same. Contentwords are im-
portart informationin a similarity measureprocessand
thesauriare utilized to exterd lexical coverage. In the
functional-word part,our methodis charaterizedby dis-
regading funcional words, while other EBMT meth-
odsstill rely onthemfor the similarity measure.ln our
method thelack of functional word informationis com-
pensatedby the semanticallynariow varietyin S2STdo-
mainsandthe useof informationon modality andtense.
Consequetly, our methodgairs robustressto lengthand
thestyledifferencesbetweerinputs andtheexamge cor-
pus.

5.2 Translation Memory

Translationmemory (TM) is aimed at retrieving infor-
mative translationexample from examge corpws. TM
andour methal sharethe retrieval strateyy of rough and
wide coverage.However, recallis more highly weighted
than precisionin TM, while recall and precisionshoud
be equally consideed in our method To carry out
wide coverageretrieval, TM relaxed various condtions
on inputs: Preservig only moro-gram and bi-gram on
words/chaacters(Baldwin, 2001, Sato, 1992, remov-
ing funcdionalwords(Kumaro etal., 20@; Wakitaetal.,
2000, andremoving contentwords (Sumitaand Tsut-
sumi, 1983). In our method information on functioral
wordsis removed and that on modality andtenseis in-
troducedinstead. Informationon word orderis alsore-
movedwhile insteadwe presere informationon whetter
eachwordis locatedin thefocus area.

6 Conclusions

In this paper we introduced the idea of meaning

equialent sentencedor rohust exanple-basedS2ST
Meaningequialentsentencebavethesamemainmean

ing astheinput despitelacking someunimpatantinfor-

mation. Trarslationof meaningequivalentsentencesor-

respomls to rough translatiors, which aim not at exact
translationwith narrav coveragebut at rough translation
with wide coverage For S2ST we assumeéhatthistrans-
lation stratey is sufficiently usefu.

Then,we descrited a methal for retrieving meaning
equialentsentence$rom an exanple corpus. Retrieval
is basedon contert words, modality, and tense. This
stratgyy is feasibleowing to the restricteddonmains, of-
tenadogedin S2ST which have relatively small variety
in lexicon andmeanimg. An experimentdemorstratecthe
robustressof ourmethodto inputlengthandthestyledif-
ferenesbetweennputs andthe examge corpts.

MostMT systemsimto achieve exacttranslation put
unfortunatelythey often outpu bador no translationfor
long corversationakpeechesTherough translationpro-
posedin this paperachiesesrobustnessin translationfor
suchinputs. This methodcompensategor the shortcom
ings of corventioral MT and makes S2ST techndogy
morepractical.
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