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Abstract

Thetranslatiorof compounchounsis ama-
jor issuein machinetranslationdueto their
frequencyof occurrenceand high produc-
tivity. Variousshallov methodshave been
proposedo translatecompoundhouns,no-
table amongstwhich are memory-based
machindranslatiorandword-to-word com-
positionalmachinetranslation. This paper
describegshe resultsof a feasibility study
on the ability of thesemethodsto trans-
late Japanesand Englishnoun-nouncom-
pounds.

1 Introduction

Multiword expressionsare problematicin machine
translation(MT) dueto theidiomaticity andovergen-
erationproblems(Saget al., 2002). Idiomaticity is
the problemof compositionakemantiainpredictabil-
ity and/or syntacticmarkednessas seenin expres-
sionssuchaskick thebucket (= di e’) andbyandlarge,
respectrely. Overgeneration occursasaresultof a
systemfailing to captureidiosyncraticlexical affini-
tiesbetweerwords,suchastheblockingof seemingly
equivalentword combinationg(e.g. manythanksvs.
*several thankg. In this paperwe targetthe particu-
lar taskof the Japanese-Englishmachinetranslation
of noun-nouncompoundgo outline the varioustech-
niquesthathave beenproposedo tackleidiomaticity
andovemenerationandcarry out detailedanalysisof
theirviability over naturally-occurringlata.
Noun-noun(NN) compoundge.g.webserver car
park) characteristicallypccurwith highfrequeny and
high lexical andsemanticvariability. A summaryex-
aminationof the 90m-wordwritten componenbf the
British National Corpus(BNC, Burnard(2000)) un-
earthedover 400,000NN compoundtypes, with a
combinedtokenfrequencyof 1.3m thatis, over 1%
of words in the BNC are NN compounds. More-
over, if we plot the relative token coverageof the
most frequently-occurringNN compoundtypes, we
find that the low-frequeny typesaccountfor a sig-

'Resultsbasecbn the methoddescribedn § 3.1.
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nificant proportionof the type count(seeFigure 12).
To achieve 50%tokencoverageg.g.,we requirecov-
erageof the top 5% most-frequenNN compounds,
amountingto roughly 70,000typeswith a minimum
tokenfrequeng of 10. NN compoundsreespecially
prevalentin technicaldomains,often with idiosyn-
cratic semantics: TanakaandMatsuo(1999) found
thatNN compoundsaccountedor almost20% of en-
tries in a Japanese-Englisfinancial terminological
dictionary

Variousclaims have beenmadeaboutthe level of
processingompleity requiredto translateNN com-
poundsandproposedranslationrmethodsangeover
a broadspectrumof processingompleity. Thereis
a cleardivision betweerthe proposednethodshased
on whetherthey attemptto interpretthe semanticof
the NN compoundi.e. usedeep processing)or sim-
ply usethe sourcelanguageword formsto carry out
thetranslationtask(i.e. useshallow processing)lt is
nothardto find example®f semantianismatchin NN
compoundgo motivatedeeptranslationmethodsthe
Japanesg}: =i - 27 idobatakaigi “(lit.) well-side
meeting”® e.g.,translatesnostnaturallyinto English
as “idle gossip”, which a shallov methodwould be
hardput to predict. Our interestis in the relative oc-
currenceof suchNN compoundsndtheirimpacton
the performanceof shallon translationmethods. In
particular we seekto determinewhat proportionof
NN compoundsshallown translationtranslationmeth-
odscanreasonablyranslateandanswerthe question:
do shallov methodsperformwell enoughto preclude
the needfor deepprocessing? The answerto this
guestiontakesthe form of anestimationof the upper
boundon translatiorperformancdor shallav transla-
tion methods.

In orderto answerthis question we have selected
the languagepair of English and Japanesedue to
the high linguistic disparity betweenthe two lan-
guages. We considerthe tasksof both English-to-
JapaneséEJ)andJapanese-to-EngligdE) NN com-
pound translation over fixed datasetsof NN com-
pounds,and apply representatie shallov MT meth-
odsto thedata.

2The graph for JapaneseNN compoundsbasedon the
Mainichi Corpusis almostidentical.

Swith all Japanes&N compoundexamples,we explicitly
segmenthecompoundnto its componentounsthroughthe use
of the“-” symbol.
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While statingthat EnglishandJapanesarehighly
linguistically differentiated,we recognisethat there
are strong syntactic parallels betweenthe two lan-
guageswith respecto the compoundnounconstruc-
tion. At thesameime, therearelargevolumesof sub-
tle lexical and expressionatlivergencesbetweenthe
two languagesas evidencedbetweenH #5 5. - #F
jiteNshaseNshu(lit.) bicycleatheleteandits trans-
lation competitivecyclist In this sensewe claim that
Englishand Japanesarerepresentate of theinher
entdifficulty of NN compoundranslation.

Theremaindepf thispapelis structurechsfollows.
In § 2, we outline the basicMT stratgies that exist
for translating\NN compoundsandin § 3 we describe
the methodby which we evaluateeachmethod. We
thenpresentheresultsin § 4, andanalysetheresults
andsuggestn extensionto the basicmethodin § 5.
Finally, we concludein § 6

2 Methodsfor trandating NN compounds

Two basic paradigmsexist for translatingNN com-
pounds: memory-basednachinetranslationand dy-
namic machinetranslation. Below, we discussthese
two paradigmsin turn and representate instantia-
tionsof each.

2.1 Memory-based machine translation

Memory-based machine trandation (MBMT) is a
simple and commonly-usedmethod for translating
NN compoundswherebytranslationpairs are stored
in a static trandation database indexed by their
sourcelanguagestrings. MBMT hasthe ability to
produceconsistenthigh-quality translations(condi-
tionedon the quality of the original bilingual dictio-
nary)andis thereforesuitedto translatingcompounds
in closeddomains.lts mostobviousdravbackis that
the methodcantranslateonly thosesourcelanguage
stringscontainedn thetranslationdatabase.
Therearea numberof waysto populatehetransia-
tion databaseisedin MBMT , the easiesbf which is
to taketranslationpairsdirectly from a bilingual dic-
tionary (dictionary-driven MBMT or MBM Tp,c1).
MBMT p,c7r offers an extremistsolution to the id-
iomaticity problem,in treatingall NN compoundsas

beingfully lexicalised.Ovelgeneratioris notanissue,
asall translationsaremanuallydetermined.

As an alternatve to a precompiledbilingual dic-
tionary translation pairs can be extracted from a
parallel corpus (Fung, 1995; Smadjaet al., 1996;
OhmoriandHigashida,1999),thatis a bilingual doc-
umentsetthatis translation-equwialentatthe sentence
or paragraphlevel; we term this MT configuration
alignment-driven MBMT (or MBM T o gn)- While
this methodalleviatesthe problemof limited scalabil-
ity, it relies on the existenceof a parallel corpusin
the desireddomain, which is often an unreasonable
requirement.

Whereasa parallel corpus assumestranslation
equialence, a comparable corpus is simply a
crosslinguapairingof corporafrom thesamedomain
(FungandMcKeown, 1997;Rapp,1999; Tanakaand
Matsuo0,1999; Tanaka2002).It is possibleto extract
translationpairsfrom a comparablecorpusby way of
thefollowing procesgCaoandLi, 2002):

1. extractNN compoundg$rom thesourcdanguage
corpusby searchingor NN bigrams(e.g. ##k -
IR kikai-hoNyaku‘machinetranslation”)

2. compositionallygeneratetranslationcandidates
for eachNN compoundby accessingtransla-
tionsfor eachcomponentvordandslottingthese
into translationtemplates;exampleJE transla-
tion templatesfor source Japanesestring [Ny
Ns]; are[N; No]e and[Ny of N;]g, wherethenu-
meric subscriptandicateword coindexatiorbe-
tween Japanesand English (resultingin, e.g.,
machingranslationandtranslationof madine)

3. useempiricalevidencefrom the targetlanguage
corpusto selectthe most plausible translation
candidate

We term this processword-to-word compositional
MBMT (or MBMTcomp). While the coverageof
MBMT cowmp is potentially higherthan MBMT Ay en
due to the greateraccessibilityof corpusdata,it is
limited to somedegreeby the coverageof the simplex
translationdictionaryusedin Step2 of thetranslation
process. Thatis, only thoseNN compoundsvhose
componenhounsoccurin thebilingualdictionarycan
betranslated.

NotethatbothMBMT s 1cn andMBMT comp lead
to a static translationdatabase MBMT coump iS also
subjectto overgenerationas a result of dynamically
generatingranslationcandidates.

2.2 Dynamic machinetranglation

Dynamic machinetranslation(DMT) is gearedto-

wardstranslatingarbitraryNN compoundsin this pa-

per, we considertwo methodsf dynamictranslation:
word-to-word compositionaDMT andinterpretation-
drivenDMT .



Word-to-word  compositional DMT  (or
DMTcomp) differs from MBMTcomp oOnly in
that the sourceNN compoundsare fed directly into
the systemrather than extracted out of a source
languagecorpus. Thatis, it appliesSteps2 and 3 of
the methodfor MBMT comp to an arbitrary source
languagestring.

Interpretation-driven DMT (or DM T, nTerp) Of-
fers the meansto deal with NN compoundswhere
strict word-to-word alignmentdoesnot hold. It gen-
erally doesthis in two stages:

1. use semanticsand/or pragmaticsto carry out
deep analysis of the source NN compound,
and map it into someintermediate(i.e. inter
lingual) semantiaepresentatioiCopestakeand
Lascarides1997;BarkerandSzpakaevicz, 1998;
RosarioandHearst,2001)

2. generatehetranslationdirectly from the seman-
tic representation

DMT nTerp removes ary direct source/taget lan-
guageinterdependenceand hencesolves the prob-
lem of overgeneratiordueto crosslinguabias. At the
sametime, it is forcedinto tacklingidiomaticity head-
on, by way of interpretingeachindividual NN com-
pound. As for DMT comp, DMT nTerP SUffErs from
undepgeneration.

With DMT nTeERP, CONtext must often be called
upon in interpreting NN compounds(e.g. apple
juice seat(Levi, 1978; Bauer 1979)), and minimal
pairs with sharply-diferentiatedsemanticssuch as
colour/group photogiaph illustrate the fine-grained
distinctionsthatmustbemade.lt is interestingo note
that, while theseexamplesaredifficult to interpret,in
an MT context, they can all be translatedword-to-
word compositionallyinto Japanese.Thatis, apple
juice seattranslatesnostnaturallyas 7 v 7" /v ¥ = —
2 - @ - Ji appurujuustno-seki“apple-juice seat™?
which retainsthe samescopefor interpretationas
its Englishcounterpartsimilarly, colour photogiaph
translatestrivially as % 7 — - 5 & karaashashiN
“colour photograph”and group photogaph as {4
- B & daNtaishashiN“group photograph”.In these
casestherefore DMT nterp Offersnoadvantageover
DMT comp, While incurringa sizeablecostin produc-
ing afull semantidnterpretation.

3 Methodology

We selectedthe tasks of Japanese-to-Englisand
English-to-JapanesN compoundMT for evalua-
tion, andtestedMBMT pjct and DMT comp ON each
task. Note that we do not evaluateMBMT A 1cn @S
resultswould have beentoo heavily conditionedon
the makeupof the parallel corpusandthe particular
alignmentmethodadopted. Below, we describethe
dataandmethodusedin evaluation.

“Here,nois the genitive marker

3.1 Testdata

In orderto generateEnglishand Japanes&N com-
poundtestdataye first extractedout all NN bigrams
from the BNC (90m word tokens, Burnard(2000))
and 1996 Mainichi ShimbunCorpus(32m word to-
kens, Mainichi NewspaperCo. (1996)), respectiely.
The BNC hadbeentaggedandchunkedusingfnTBL
(Ngai and Florian, 2001), and lemmatisedusing
morph (Minnen et al., 2001), while the Mainichi
Shimlun hadbeensegmentedndtaggedusingALT-
JAWS? For both EnglishandJapanesaye took only
thoseNN bigramsadjoinedby non-nounsto ensure
that they were not part of a larger compoundnomi-
nal. In the caseof English,we additionallymeasured
the entropyof the left andright contexts for eachNN
type, andfiltered out all compoundsvhereeitheren-
tropy valuewas < 1.8 This wasdonein an attempt
to, onceagain, excludeNNs which were embedded
in largerMWESs, suchasservicedepartmentn social
servicedepartment

We next extractedout the 250 mostcommonNN
compounddrom the Englishand Japanesédata,and
from the remainingdata,randomlyselecteda further
250 NN compoundsof frequencyl0 or greater(out
of 20,748 English and 169,899Japanesé&N com-
pounds). In this way, we generated total of 500
NN compoundsgor eachof EnglishandJapaneseror
theJapanesbdIN compoundsanyerrorsin sggmenta-
tion were post-corrected.Note that the top-250NN
compoundsaccountedor about 7.0% and 3.3% of
the total tokenoccurrence®f English and Japanese
NN compoundsrespectiely; for the randomsample
of 250NN compoundstherelative occurrenceof the
Englishand Japaneseompoundsout of the total to-
kensamplewas0.5%and0.1%,respectiely.

We nextgenerated uniquegold-standardransla-
tion for eachof the Englishand Japanes&N com-
pounds. In orderto reducethe manualtranslation
overheadandmaintainconsistencyvith the outputof
MBMT pc7 in evaluation,we first tried to translate
eachEnglishand Japanes®&N compoundautomati-
cally by MBMT p,c7. In this,we usedtheunionof two
Japanese-Englistictionaries: the ALTDIC dictio-
naryandtheon-lineEDICT dictionary(Breen,1995).
TheALTDIC dictionarywascompiledfrom the ALT-
JIEMT system(lkeharaetal., 1991),andhasapprox-
imately 400,000entriesincluding morethan200,000
propernouns;EDICT hasapproximatelyl50,000en-
tries. In the casethat multiple translationcandidates
werefoundfor a given NN compoundthe mostap-
propriate of thesewas selectedmanually or in the
casethat the dictionary translationswere considered

5http://vwwv. kecl.ntt.co.jp/icl/ntg/resources/altjaws.
ht m

8For the left tokenentropy if the most-probabldeft context
wasthe a or a sentenceboundary the thresholdwas switched
off. Similarly for the right token entropy if the most-probable
right contextwasa punctuationmark or sentencéooundary the
thresholdwasswitchedoff.



TemplateqJE) Examples #
[N: N2J3=[Ni NoJe 5 - &% shijoukeizai*marketeconomy” 83
[N: N2]y=[Adj; N2l =% - #%BE iryou-kikaN “medicalinstitution” 71
[N1 N213=[N: Np,]1e A - A5 chousakekka“survey results” 14
[N; No];=>[N: of (the)N;]g  Bui - 2%k seikeNkoutai“changeof government” 11
[N1 N2];=>[N: of (the)Np,]Jg & - &#2 ikeN koukaN“exchangeof ideas” 8
[N: N2]y=[Adj; Np,]e R - Hi# keizaiseisai“economicsanctions” 8
TemplateqEJ) Examples #
[N1 N2]Jg=[N; N21; exdhangrate A% - L — | “kawasereetd 192
[N1 N2]Jg=>[N1 noNs]; hotelroom7&7 /L - @ - #/2 “hoteruno-heya’ 20
[N1 N2]Jg=[N2 N;1]13 carbondioxide —fi#{t, - jk3% “nisaNkataNsd 1

Tablel: ExampletranslationtemplategN = noun(base) Np = noun(plural), andAdj = adjectie)

to besub-optimalbr inappropriatethe NN compound
was put aside for manualtranslation. Finally, all
dictionary-basedranslationsvere manuallychecked
for accuracy

The residueof NN compounddor which a trans-
lation wasnot found weretranslatednanually Note
thataswe manuallycheckall translationsthe accu-
racy of MBMT p,ct is lessthan100%. At the same
time, we give MBMT p, 7 full creditin evaluationfor
containingan optimal translation,by virtue of using
thedictionariesasour primary sourceof translations.

3.2 Upper bound accuracy-based evaluation

We use the testdatato evaluate MBMT p,ct and
DMTcomp. Both methodspotentially producemul-
tiple translationscandidatedor a given input, from
which a uniquetranslationoutputmustbe selectedn
someway. Soasto establishan upperboundon the
feasibility of eachmethod,we focus on the transla-
tion candidategeneratiorstepin this paperandleawe
the secondstepof translationselectionasanitem for
furtherresearch.

With MBMT p,c1, We calculatethe upper bound
by simply checkingfor the gold-standardranslation
within the translation candidates. In the case of
DMT cowmp, ratherthangeneratingall translationcan-
didatesand checkingamongthem, we take a pre-
determinedset of translationtemplatesand a sim-
plex translationdictionary to test for word align-
ment. Word alignmentis consideredio hawe been
achieved if there exists a translationtemplate and
set of word translationswhich lead to an isomor-
phic mappingontothe gold-standardranslation.For
#8+ - B8 ryoudomoNdai“territorial dispute”, for
example, alignmentis achieved through the word-
level translationsid = ryoudo “territory” and [
moNdai“dispute”, andthe mappingconformsto the
[N; No];=[Adj; Ng]e translationtemplate.lt is thus
possibleto translateif +- - [ by way of DMT comp.
Noteherethatderivationalmorphologyis usedto con-
vertthenominaltranslatiorof territory into theadjec-
tiveterritorial .

On the first word-alignmentpassfor DMT comp,
the translationpairs in eachdatasetwere automati-
cally alignedusing only ALTDIC. We then manual
inspectedthe unalignedtranslationpairs for transla-

tion pairswhich werenot alignedsimply becausef

patchycoveragen ALTDIC. In suchcasesywe manu-
ally supplemented\LTDIC with simplex translation
pairs taken from the Genius Japanese-EnglisHic-

tionary (Konishi, 1997)/ resultingin an additional
178 simplex entries. We then performeda second
passof alignmentusing the supplementedALTDIC

(ALTDICH+). Below, we presenthe resultsfor both

theoriginal ALTDIC andALTDIC+.

3.3 Learningtrandation templates

DMT comp relieson translationtemplateso mapthe
sourcelanguageNN compoundonto different con-
structionsin the tamget languageand generaterans-
lation candidates. For the JE task, the questionof
whattemplatesare usedbecomegarticularly salient
dueto thesyntacticdiversity of the gold standarden-
glish translationgseebelav). Ratherthanassuming
a manually-specifiedemplateset for the EJ and JE
NN compoundtranslationtasks, we learn the tem-
platesfrom NN compoundranslatiordata.Giventhat
the EJ and JE testdatas partitionedequallyinto the
top-250andrandom-250NN compoundswe cross-
validatethetranslationtemplatesThatis, we perform
two iterationsover eachof the JEandEJdatasetstak-
ing onedatasebf 250 NN compoundsasthe testset
andthe remainingdatasetasthe training setin each
case. We first performword-alignmenton the train-
ing datasetandin the casethatboth sourcelanguage
nounsalign leaving only closed-clas$unctionwords
in thetargetanguageextractoutthemappingschema
asa translationtemplate(with word coindices). We
thenusethis extractedsetof translationtemplatesas
afilter in analysingword alignmentin thetestset.

A total of 23 JEand3 EJtranslatiortemplatesvere
learnedfrom the training datain eachcase,a sample
of which areshawn in Table18 Here,the countfor
eachtemplateis the combinednumberof activations
over eachcombineddatasebf 500 compounds.

"The reasonthat we usedGeniushereis that, as an edited
dictionary Geniushasa more completecoverageof translations
for simplexwords.

8Forthe3 EJ templatedearnedon eachiteration,therewasan
intersectiorof 2, andfor the 23 JEtemplatestheintersectiorwas
only 10.



TOP 250 RAND 250 TOTAL
Cov Acc F | Cov Acc F } Cov Acc F
JE | 83.6 93.8 88.4| 27.2 82.4 40.9 | 55.4 91.0 68.9
EJ | 94.4 945 945 ‘ 60.0 91.3 72.4 | 77.2 93.3 845

Table2: Resultsfor MBMT p,ct (F = F-score)

3.4 Evaluation measures

The principal evaluatoryaxeswe considelin compar
ing the differentmethodsare coverageandaccuray:
coverage is the relative proportionof a given set of
NN compoundghat the methodcan generatesome
translationfor, and accuracy describesthe propor
tion of translatedNN compoundgor which the gold-
standardranslatioris reproducedirrespectve of how
mary other translationsare generated). Thesetwo
tendto bein directcompetition,in thatmoreaccurate
methodgendto have lower coverage andcorversely
highercoveragemethoddendto have loweraccurag.
So asto make cross-systentomparisonsimple, we
additionally combinethesetwo measuresnto an F-
scor e, thatis theirharmonicmean.

4 Results

We first presentheindividual resultsfor MBMT pct
and DMT comp, andthendiscussa cascadedystem
combiningthetwo.

4.1 Dictionary-driven MBMT

The source of NN compound translations for
MBMT p;ct wasthe combinedALTDIC andEDICT
dictionaries. Recall that this is the samedictionary
as was usedin the first passof generationof gold
standardtranslations(see§ 3.1), but that the gold-
standardtranslationswere manually selectedin the
caseof multiple dictionary entries,and an alternate
translatiormanuallygeneratedh thecasethatamore
appropriatdranslatiorwasconsideredo exist.

The resultsfor MBMT p,c1 are givenin Table 2,
for bothtranslationdirections.In eachcasewe carry
outevaluationoverthe250most-commonlhoccurring
NN compound$TOP 250), therandomsampleof 250
NN compoundgRAND 250 andthe combined500-
elementdatase{ALL).

Theaccuracie$Acc) arepredictablyhigh,although
slightly lower for the random-25Qthan the top-250.
The fact thatthey are belov 100%indicatesthat the
translationdictionary is not infallible and contains
a numberof sub-optimalor misleadingtranslations.
Onesuchexamplés R - 24 kyuusaikikiN “relief
fund” for which the dictionary provides the unique,
highly-specialisedranslationifeboat

Coverage(CoV) is significantly lower than accu-
racgy, but still respectableyarticularlyfor therandom-
250 datasets. This is a reflection of the inevitable
emphasidy lexicographer®n morefrequentexpres-
sions, and underlinesthe brittlenessof MBMT pct.
An additional reasonfor coveragebeing generally

lower than accuracyis that dictionariestend not to
contain transparentlycompositionalcompounds.an
obsenationwhich appliesparticularlyto ALTDIC as
it wasdevelopedfor usewith afull MT system.Cov-
erageis markedlylower for the JE task, largely be-
causeALTIAWS—which usesALTDIC asits sys-
tem dictionary—tendgo treat the compoundnouns
in ALTDIC assinglewords. As we usedALTJAWS
to pre-processhe corpuswe extractedthe Japanese
NN compounddgrom, alargecomponenbf the com-
poundsin the translationdictionary was excluded
from the JE data. Onecauseof a highercoveragefor
the EJtaskis thatmanyEnglishcompoundsretrans-
latedinto singleJapaneswords(e.g.interestrate vs.
FJZ riritsu) and thus reliably recordedin bilingual
dictionaries.Thereare127singlewordtranslationsn
theEJdatasetbutonly 31in the JEdataset.

In summary MBMT p,cr oOffers high accuracybut
mid-range coveragein translatingNN compounds,
with coverage dropping off appreciably for less-
frequentcompounds.

4.2 Word-to-word composional DMT

In orderto establishan upperboundon the perfor
mance of DMTcomp, We word-alignedthe source
languageNN compoundswith their translationsus-
ing the extractedranslationtemplatesasdescribedn
§ 3.3. Theresultsof alignmentareclassifiednto four
mutually-exclusie classesasdetailedbelow:

(A) Completely aligned All component words
align accordingto one of the extractedtranslation
templates.

(B) No template The translationdoesnot corre-
spondto a known translationtemplate(irrespectve of
whethercomponentwords align in the sourcecom-
pound).

(C) Partially aligned Somebut not all component
words align. We subclassifyinstancesof this class
into: C1 compoundswherethereareunalignedvords
in both the sourceand targetlanguages;C2 com-
pounds, where there is an unalignedword in the
sourcdanguagenly; andC3 compoundsvherethere
areunalignedwordsin thetargetlanguageonly.

(D) No alignment No componentords align be-
tweenthe sourceNN compoundandtranslation.We
subclassifyD instancednto: D1 compoundswhere
the translationis a singleword; andD2 compounds,
whereno word pair aligns.

The resultsof alignmentareshawn in Table3, for
eachof the top-250,random-250and combined500-
elementdatasets.The alignmentwas carriedout us-
ing boththe basicALTDIC andALTDIC+ (ALTDIC
with 178 manually-addedimplex entries). Around
40% of the dataalign completelyusingALTDIC+ in
both translationdirections. Importantly DMT comp
is slightly more robust over the random-250dataset



JAPANESE-TO-ENGLISH ENGLISH-TO-JAPANESE
ALTDIC ALTDIC+ ALTDIC ALTDIC +
Top Rand All | Top Rand All Top Rand All | Top Rand All
Completelyaligned(A) Total | 264 260 262 | 39.6 436 416 | 29.6 344 320 | 39.2 456 424
No template(B) Total | 52 52 52| 52 60 56| 04 04 04| 04 08 06
Partiallyaligned(C) Total || 440 488 464 | 384 364 374 || 292 392 342 | 248 308 278
Cl| 40.8 46.4 436 356 33.6 34.6| 252 36.8 31.0| 20.8 284 246
C2| 32 24 28| 28 24 26| 40 24 32| 40 24 32
Cc3| 00 00 00| 00 04 02| 00 00 00| 00 00 00
No alignment(D) Total || 244 200 222 | 168 140 154 || 408 260 334 | 356 228 292
D1| 52 24 38| 52 24 38| 312 132 222 31.2 132 222
D2 | 19.2 176 18.4| 11.6 11.6 11.6| 9.6 128 11.2| 44 96 7.0
Table3: Alignment-basedesultsfor DMT comp
‘ JE EJ listing eachmisalignmentype,we indicatethe corre-
Cov Acc F-score’ Cov Acc F-score : : N
MBMTocr | 55.4 910 680 | 772933 B45 spondingalignmentclassesn § 4.2.
DMTcomp | 96.4 43.1 59.6 ’ 87.0 48.7 625 (a) Missing template (B) An exampleof misalig-
Cascaded | 96.4 71.6 82.2 | 95.6 87.0 91.1

Table4: Cascadedranslatiorresults

than top-250, in terms of both completely aligned
and partially alignedinstances. This contrastswith
MBMT p,ct which was found to be brittle over the
less-frequentandom-25Q@iataset.

4.3 Combination of MBMTp,ct and DM T comp

We have demonstratedMBMT p,c1 to have high ac-
curag but relatively low coverage(particularly over
lowerfrequeng NN compounds)and DMT comp tO
have mediumaccurag but high coverage. To com-
binetherelative strengthof thetwo methodswe test
a cascadedrchitecturewherebywe first attemptto
translateeachNN compoundusingMBMT p,ct, and
failing this, resortto DMT comp.

Table 4 shows the results for MBMT p,c7 and
DMTcomp in isolation, and when cascadedCas-
cadg. Forbothtranslationdirections,cascadinge-
sultsin a sharpincreasein F-score,with coverage
constantlyabowe 95% and accurag dropping only
maminally to just under90% for the EJ task. The
cascadethethodrepresentthebest-achieedshallov
translationupperboundachiesedin thisresearch.

5 Analysisand extensions

In this sectionwe offer qualitative analysisof theun-
alignedtranslationpairs (i.e. membersof classesB,
C and D in Table 3) with an eye to improving the
coverageof DMT comp. We makea tentative stepin
thisdirectionby suggestingneextensionto the basic
DMT comp paradigmbasedon synorym substition.

5.1 Analysisof unaligned trandation pairs

We considetthereto be 6 basictypesof misalignment
in the translationpairs, eachof which we illustrate
with examplegin whichunderlinedwordsarealigned
andboldface words arethe focusof discussion).In

mentdueto a missingtemplate(but whereall compo-
nentwordsalign)is:

(al) Y5 tEH kesshowshiNshutsuadvancemento
finals’

Simply extendingthe coverageof translationtem-
plateswould allow DMT comp to captureexamples
suchasthis.

(b) Single-word trangdation (C2,D1) DMTcomp
fails when the gold-standardranslationis a single
word:

(b1) 1&%R- BA-= jouhoukaiji “(lit.) informationdisclo-
sure”= disclosue

(b2) &M - £7% shunoukaidaN “(lit.) leadermeet-
ing” = summit

(b3) interestrate = FI|= riritsu

In (b1),themisalignments causedy theEnglishdis-
closure default-encodingnformation a similar case
canbe madefor (b2), althoughheresummitdoesnot
align with &7 kaidaN DMT comp could potentially
copewith thesegivenalexicalinferencemoduleinter-
facing with a semantically-richlexicon (particularly
in the caseof (b1) wheretranslationselectionat least
partially succeeds)but DMT nterp S€EEMSthe More
naturalmodelfor copingwith thistype of translation.
(b3)is slightly differentagain,in that |38 riritsu can
be analysedas a two-charactembbreviation derived
from F1 B, risoku*“interest” and =% ritsu “rate”, which
alignsfully with interestrate. Explicit abbreviation
expansiorcouldunearththe full wordformandfacili-
tatealignment.

(c) Synonym and association pairs(C1) Thisclass
containstranslationpairswhereoneor more pairsof
componennounsdoesnot align underexact transla-
tion, but areconceptuallysimilar:

(c1) budgetdeficit= BAiE-7R7- zaiseiakaji “finance
deficit”




(c2) hn%E-[E kameikoku“affiliation state”= mem-
ber state

In (c1), althoughf# B zaisei“finance” is not an ex-
acttranslationof budget, they areboth generalffinan-
cial terms.It maybe possibleto align suchwordsus-
ing wordsimilarity, whichwouldenableDMT ¢oump to
translatesomecomponenof the C1 data. In (c2), on
the otherhand, N3 kamei“affiliation” is lexically-
associatedwith the English membership although
herethelink becomesnoretenuous.

(d) Mismatch in semantic explicitness (C1) This

translationclassis essentiallythe sameas class(b)

above, in that semanticcontentexplicitly described
in the sourceNN compoundis madeimplicit in the

translation.The only differences thatthetranslation
is notasinglewordsothereis atleastthe potentialfor

word-to-word compositionalityto hold:

(d1) M %0 ZE-¥2  shuudiji-seNko “(lit.)
governorelection” = stateelection

state-

(e) Concept focusmismatch (C1-2,D2) Thesource
NN compoundandtranslationexpresshe samecon-
ceptdifferentlydueto a shiftin semantidocus:

(el) mthEk - ;EED shuushokikatsudou‘(lit.) activity
for gettingnew employment™=- job hunting.

Here, the mismatchis betweenthe level of directed
participationin the processof finding a job. In
Japanesegf &) katsudou“activity” describessimple
involvement,whereashunting signifiesa more goal-
orientedprocess.

(f) Lexical gaps (C3,D2) Membersof this class
cannotetranslateccompositionallyastheyareeither
non-compositionakxpressionor, more commonly
thereis no corventionalisedvay of expressinghede-
notedconceptin thetargetlanguage:

(f1) 1% - # & zokugiiN “legistors championingthe
cause®f selectedndustries”

Thesetranslationpairsposeaninsurmountabl®bsta-
clefor DMT comp.

Of thesetypes, (a), (b) and(c) arethe mostreal-
istically achievable for DMT comp, Which combined
accountfor about20% of cowerage,suggestinghat
it would be worthwhileinvestingeffort into resolving
them.

5.2 Performancevs. trandation fan-out

As mentionedn § 5.1, therearea numberof avenues
for enhancinghe performanceof DMT cowp. Here,
we proposesynonym-basedubstitutionas a means
of dealingwith synorym pairsfrom class(c).

The basic model of word substitutioncan be ex-
tendingsimply by insertingsynonymtranslationsas
well as direct word translationsinto the translation

Configuration Cov Acc F-score Fan-out
MBMT pcT (0rig) 554 91.0 68.9 2
DMTCOM =] (Ol'lg) 96.4 43.1 59.6 74
DMTcomp (6 TTs—sim) 95.6 414 57.8 20
DMTcomp (6 TTs+sim) 95.6 47.1 63.1 6,577
DMTcomp (13TTs—sim) 96.6 43.2 59.7 43
DMTcomp (13 TTs+sim) 96.6  48.1 64.1 13,911

Table5: Performanceys. translatiorfan-out(JE)

templates.We test-runthis extendedmethodfor the

JE translationtask,usingthe NihongoGoi-taikeithe-

saurus(lkeharaet al., 1997) asthe sourceof source
languagesynoryms,andALTDIC+ asourtranslation
dictionary The Nihongo Goi-taikei thesaurusclas-
sifies the contentsof ALTDIC into 2,700 semantic
classes. We considerwords occurringin the same
classto be synoryms, andaddin the translationgor

each. Note that we testthis configurationover only

C1-typecompoundsiueto thehugefan-outin transla-
tion candidategeneratedby the extendednethod(al-

thoughperformances evaluatedover thefull dataset,
with resultsfor non-C1compoundsremainingcon-

stantthroughout).

One significant disadwantage of synonym-based
substitutionis thatit leadsto an exponentialincrease
in the numberof translationcandidates.If we anal-
ysethe compleity of simpleword-basedubstitution
to be O(n?) wheren is the averagenumberof trans-
lations per word, the complexity of synonymbased
substitutionbecomeg) ((m? + 1)n?) wherem is the
averagenumberof synonymsperclass.

Table 5 shows the translation performanceand
alsotranslatiorfan-out(averagenumberof translation
candidatesfor DMT ¢omp With andwithoutsynonym-
basedsubstitution(+sim) overthetop 6 and13trans-
lationtemplategTTs). As baselinesye alsopresent
the resultsfor MBMT p;ct (MBMT p 1 (0rig)) and
DMTcomp (DMTcomp (0rig)) in their original con-
figurations (over the full 23 templatesand without
synonym-substitutiorfor DMT comp). From this,
theexponentiatranslatiorfan-outfor synonym-based
substitutionis immediatelyevident, but accuracycan
alsobe seento increaseby over 4 percentaggoints
throughthe adventof synonymsubstitution. Indeed,
the accuracywhen using synorym-substitutionover
only thetop 6 translatiortemplatess greatetthanthat
for thebasicDMT comp method althoughthe number
of translationcandidatess clearly greater Note the
markeddifferencein fan-outfor MBMT pict VS. the
variousincarnationof DMT comp, andthatconsider
ablefaith is placedin the ability of translationselec-
tion with DMT comp.

While the large numberof translationcandidates
producedby synonym-substitutioomake translation
selection appear intractable, most candidatesare
meaninglesswvord sequenceswhich can easily be
filtered out basedon tamget languagecorpus evi-
dence.Indeed,Tanaka2002) successfullycombines
synonym-substitutiorwith translationselectionand



achievesappreciableyainsin accuracy

6 Conclusion and futurework

This paperhas usedthe NN compoundtranslation
taskto establishperformanceaupperboundson shal-
low translatiormethodsandin theprocesempirically
determingherelative needfor deeptranslationrmeth-
ods. We focusedparticularly on dictionary-driven
MBMT andword-to-word compositionaDMT, and
demonstratedhe relative strengthsof each. When
cascadedhesetwo methodswere shovn to achiere
95%+ coverageandpotentiallyhightranslatioraccu-
racy. As such,shallov translationmethodsare able
to translatehebulk of NN compoundnputssuccess
fully.

Onequestionwhich we have tactfully awidedan-
sweringis how deeptranslatiormethodgperformover
the samedata, and howv successfullythey can han-
dle the datathat shallav translationfails to produce
atranslatiorfor. We leave theseasitemsfor futurere-
searchAlso, we have deferredheissueof translation
selectiorfor themethodglescribedhere,andin future
work hopeto comparea rangeof translatiorselection
methodausingthe datadevelopedin this research.
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