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Abstract

Wepresenamethodfor compositionallytranslating
noun-noun(NN) compounds,using a word-level
bilingualdictionaryandsyntacticemplategor can-
didategenerationandcorpusanddictionary statis-
tics for selection. We proposea supportvector
learning-basednethodemployingtargetlanguage
corpusandbilingual dictionarydata,andevaluateit
over a English—Japanesenachinetranslationtask.
We shaw theproposednethodto besuperiorto pre-
vious methodsand alsorobust over low-frequeng
NN compounds.

1 Intr oduction

Noun-noun(NN) compoundge.g. web server, ¥
f - B11ZR kikai-hoNyaku “machinetranslation™ the
elementsf whichwe will referto asN; andN; in
linear orderof occurrenceprea very real problem
for both machinetranslation(MT) systemsandhu-
mantranslatorsiueto:

constructional variability in the translations:
KM - BIER kikai-hoNyaku “machinetransla-
tion” (N-N) vs. [Rf# - M3 miNkaN-kigyou
“private company” (Adj-N) vs. Bk - o8
kaNkei-kaizeN “improvementin relations” (N

in N);
lexical divergencesn Japaneseand English:
BC A -5HE]  haifu-keikaku  “distribution

schedulg vs. #7F -5HE keizai-keikaku
“economic plan/programme vs. £ % .3t
shuyou-keikaku “major project;;
semanticunderspecification: compounds gener
ally have multiple interpretationsandcanonly
bereliably interpretedn context (Levi, 1978);

the existenceof non-compositionalNN compounds:

FHF i - £k idobata-kaigi “(lit.) well-side
meeting”,which translatesnostnaturallyinto
Englishas“idle gossip”;

high productivity and frequency

In order to quantify the high productvity and
frequencyof NN compounds,we carried out a

lwith all Japanes®N compoundexampleswe segment
thecompoundnto its componennounsthroughthe useof the
“.” symbol.No suchsegmentatioboundaryis indicatedin the
original Japanese.
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BNC Reuters Mainichi

Tokencowerage 2.6% 3.9% 2.9%
Totalno.types 265K 166K 889K
Ave.tokenfreq. 4.2 12.7 111
Singletons  60.3%  44.9% 45.9%

Tablel: Corpusoccurrencef NN compounds

basic study of corpusoccurrencein English and
Japanese. For English, we basedour analysis
over: (1) the written portion of the British Na-
tional Corpus(BNC, 84M words: Burnard(2000)),
and (2) the Reuterscorpus(108M words: Roseet
al. (2002)). For Japaneseye focusedexclusively
on the Mainichi Shimhun Corpus (340M words:
Mainichi NewspaperCo. (2001)). We identified
NN compoundsn eachcorpususingthemethodde-
scribedin § 2.2 belov, and from this, derived the
statisticsof occurrencepresentedn Table1l. The
token coverageof NN compoundsn eachcorpus
refersto the percentageof words which are con-
tainedin NN compoundsbasedon our corporawe
estimatethis figure to be as high as 3-5%. If we
then look at the averagetoken frequencyof each
distinct NN compoundtype, we seethatit is arel-
atively modestfigure given the size of eachof the
corpora,the reasonfor which is seenin the huge
numberof distinct NN compoundtypes. Combin-
ing theseobsenations,we seethat a translatoror
MT systemattemptingto translateoneof thesecor-
porawill runacrossNN compoundswith high fre-
guencybut thateachindividual NN compoundwill
occuronly afew times(with around45-60%o0ccur
ing only once). The upshotof this for MT systems
andtranslatorgs that NN compoundsaretoo var
ied to be ableto pre-compilean exhaustie list of
translatedNN compoundsandmustinsteadbeable
to dealwith novel NN compoundsn thefly. This
claimis supportedy TanakaandBaldwin (2003a),
who found that static bilingual dictionarieshad a
typecoverageof around84%and94%overthetop-
250 mostfrequentEnglishand Japanes&N com-
pounds,respectiely, but only 27% and 60%, re-
spectvely, overarandomsampleof NN compounds
occurringmorethan10timesin thecorpus.

We developandtesta methodfor translatingNN
compoundshasedon JapaneseEnglish MT. The
methodcan act as a standalonenodulein an MT
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systemjranslatingNN compoundsccordingo the

best-scoringranslationcandidateproducedby the

method,andit is primarly in this contextthat we

presentandevaluatethe method. This is congruent
with thefindingsof KoehnandKnight (2003)that,

in the contextof statisticalMT, overall translation
performancemproveswhensourcelanguagenoun

phrasesreprescriptvely translatecasnounphrases
in the targetlanguage.Alternatively, the proposed
methodcan be usedto generatea list of plausible
translationcandidatesor eachNN compound,for

a humantranslatoror MT systento selectbetween
basedonthefull translationcontext.

In the remainderof the paper we describethe
translationprocedureandresourcesisedin this re-
search(§ 2), andoutlinethetranslatiorcandidatese-
lection method,a benchmarlkselectionmethodand
pre-processorsur methodrelieson (§ 3). We then
evaluatethe methodusinga variety of datasources
(§ 4), andfinally compareour methodto relatedre-
search(§ 5).

2 Preliminaries

2.1 Translation procedure

WetranslateNN compounddy way of atwo-phase
procedure,incorporatinggenerationand selection
(similarly to CaoandLi (2002)andLangkildeand
Knight (1998)).

Generation consistsof looking up word-level
translationsfor eachword in the NN compound
to be translated,and running them through a set
of constructionakranslationtemplatesto generate
translationcandidates.In orderto translatef % -
o3 kaNkei-kaizeN “improvementin relations” for
example,possibleword-level translationsfor B {%
arerelation, connection andrelationship, andtrans-
lations for t3& are improvement and betterment.
Constructionatemplatesreof theform [N in N¥]
(whereNF indicatesthatthe word is a noun(N) in
English (F) and correspondgo the ith-occurring
nounin the original JapaneseseeTable 3 for fur-
ther exampletemplatesand Kageuraet al. (2004)
for discussiorof template®f thistype). Eachslotin
thetranslatiortemplates indexedfor partof speech
(POS), and derivational morphologyis optionally
usedto corvert a given word-level translationinto
a form appropriatefor a given template. Example
translationcandidatesor 1% - (3, thereforeare
relation improvement, betterment of relationship,
improvement connection andrelational betterment.
Generatiorfails in the instancethat we are unable
to find aword-level translationfor N; and/orNs.

Selection consistsof selectingthe most likely
translationfor the original NN compoundrom the
generatedranslationcandidates.Selectionis per
formedbasedbon a combinationof monolingualtar-
get languageand crosslingualevidence, obtained

from corpusor webdata.

Ignoring the effects of POS constraintsfor the
moment, the number of generatedranslationsis
O(mnt) wherem andn arethefertility of Japanese
nounsN{ andNJ, respectrely, andt is the number
of translationtemplates.As a result,thereis often
a large numberof translationcandidatego select
between andthe selectionmethodcrucially deter
minesthe efficacy of themethod.

Thistranslatiorproceduréasthe obviousadvan-
tagethat it cangeneratea translationfor any NN
compoundnputassuminghatthereareword-level
translationdor eachof the componenhouns;that
is it hashigh coverage.lt is basedon the assump-
tion that NN compoundstranslatecompositional-
ity betweenJapanesand English, which Tanaka
andBaldwin (2003a)foundto bethe case43.1%of
the time for Japanese—EngliddE) MT and48.7%
of the time for English—Japanes@&J) MT. In this
paper we focus primarily on selectingthe cor-
recttranslatiorfor thoseNN compoundsvhich can
be translatedcompositionally but we also inves-
tigate what happenswhen non-compositionaNN
compoundsare translatedusing a compositional
method.

2.2 Translation data

In orderto generaté&nglishandJapanesbIN com-
pound testdata,we first extractedout all NN bi-
gramsfrom the ReutersCorpusandMainichi Shim-
bun Corpus. The ReutersCopuswas first tagged
andchunkedusingfnTBL (NgaiandFlorian,2001),
andlemmatisedisingmorph(Minnenetal., 2001),
while the Mainichi Shimhun was segmentedand
taggedusingChaSenMatsumotoet al., 1999). For
both EnglishandJapaneseye took only thoseNN
bigramsadjoinedby non-noungo ensurethat they
werenotpartof alargercompounchominal. We ad-
ditionally measuredhe entropyof theleft andright
contextsfor eachNN type,andfilteredoutall com-
poundswhereeitherentropyvaluewas< 1.2 This
wasdonein anattemptto, onceagain,excludeNNs
whichwereembeddedh largerMWES, suchasser-
vice department in social service department.

We next calculatedthe frequencyof occurrence
of eachNN compoundypeidentifiedin theEnglish
and Japanese&orpora, and rankedthe NN com-
poundtypesin orderof corpusfrequency Basedon
this ranking, we split the NN compoundypesinto
threepartitionsof equaltokenfrequencyandfrom
each partition, randomly selected250 NN com-
pounds. In doing so, we producedNN compound

2Fortheleft tokenentropy if themost-probabléeft context
wasthe, a or a sentencéoundarythethresholdwasswitched
off. Similarly for theright tokenentropy if the most-probable
right contextwasa punctuatiommarkor sentencéoundarythe
thresholdwasswitchedoff.



Band English Japanese
HiGH Freg.range 346-24,025 336-64,835
Types 791 4,009
Mep red.range 44-345 37-336
Types 6,576 32,283
Low Freg.range 1-44 1-37
Types 158,215 852,328

Table2: Frequeng bands

datarepresentate of threedisjointfrequencybands
of equaltokensize,asdetailedin Table2. This al-

lowsusto analyseherobustnes®f ourmethodover

dataof differentfrequencies.

Our motivation in testingthe proposedmethod
over NN compoundsaccordingto the three fre-
guency bandsis to empirically determine: (a)
whether there is any difference in translation-
compositionalityfor NN compoundsof different
frequency and (b) whetherour methodis robust
over NN compoundof differentfrequeng. We re-
turnto thesequestionsn § 4.1.

In order to evaluate basic translationaccurag
over the test data, we generateda unique gold-
standard translation for eachNN compoundto
representits optimally-generaldefault translation.
This was done with referenceto two bilingual
Japanese-Englistlictionaries:the ALTDIC dictio-
nary andthe on-line EDICT dictionary The ALT-
DIC dictionary was compiled from the ALT-J/E
MT system(lkeharaet al., 1991),and hasapproxi-
mately400,000entriesincludingmorethan200,000
propernouns;EDICT (Breen,1995) hasapproxi-
mately 150,000entries. The existenceof a trans-
lation for a given NN compoundin one of the
dictionariesdoesnot guaranteehat we usedit as
our gold-standardand 35% of JE translationsand
25% of EJ translationswere rejectedin favour of
amanually-generatettanslation.In generatinghe
gold-standardranslationdata, we checkecdthe va-
lidity of eachof the randomly-extractedNN com-
pounds,andrejecteda total of 0.5% of the initial
randomsampleof Japanesstrings,and6.6%of the
English strings, on the groundsof: (1) not being
NN compounds(2) beingpropernouns,or (3) be-
ing partof alargerMWE. In eachcasetherejected
string was replacedwith an alternaterandomly-
selectedNN compound.

2.3 Translation templates

The generatiorphaseof translationrelieson trans-
lation templatesto recastthe sourcelanguageNN

compoundinto the tamget language. The transla-
tion templatesvereobtainedby way of word align-

mentover the JE and EJ gold-standardranslation
datasetsgeneratinga total of 28 templatedfor the
JE taskand 4 templatesfor the EJ task. The rea-
sonfor thelargenumberof templatesn the JEtask

is that they are usedto introduceprepositionsand
possessie markersaswell asindicatingwordclass
cornversiongseeTable3).

3 Selectionmethodology

In this section,we describea benchmarkselection
method basedon monoligual corpusdata, and a
nowel selectiormethodcombiningmonolingualcor-

pus dataand crosslingualdataderived from bilin-

gualdictionaries Eachmethodtakesthelist of gen-
eratedtranslationcandidatesand scoreseach, re-
turning the highest-scoringranslationcandidateas
ourfinal translation.

3.1 Benchmark monolingual method

The monolingualselectionmethodwe benchmark
ourselvesagainstis the corpus-based transla-

tion quality (cTQ) methodof Tanakaand Bald-

win (2003b). It ratesa given translationcandidate
accordingto corpus evidencefor both the fully-

specifiedtranslationandits partsin the contextof

the translationtemplatein question. This is calcu-
latedas?

L2 , L2
ctq(wy?, wy

o) = ap(w? wl? t) + 8 p(wl?, t)p(wi?,t)

wherew!? andwl? aretheword-level translations
of the sourcelanguageNX! andNZ!, respectiely,
andt is the translationtemplatet Each probabil-
ity is calculatedaccordingo amaximumlikelihood
estimatebasedon relative corpusoccurrence.The
formulationof cTQ is basedon linearinterpolation
overa andg, whered < o, < landa+ g = 1.
Wesseta t0 0.9 andg to 0.1 throughoutevaluation.

The basic intuition behind decomposingthe
translationcandidateinto its two partswithin the
contextof the translationtemplate(p(w!?,t) and
p(wl?, 1)) is to capturethe subcategorisatioprop-
ertiesof w2 andwi? relative to t. For example,
if wl? andwl? were Bandersnatch and relation,
respectiely, and p(wi?, wl? t) = 0 for all ¢, we
would hopeto scorerelation to (the) Bandersnatch
asbeingmorelikely thanrelation on (the) Bander-
snatch. We could hopeto achiese this by virtue of
the fact thatrelation occursin the form relation to

. muchmorefrequentlythanrelation on ..., mak-
ing the value of p(wi?,t) greaterfor the template
[NZ to N¥] than[N% on N£7.

In evaluation,TanakaandBaldwin (2003b)found
the principal failing of this methodto be its treat-
ment of all translationscontainedin the transfer
dictionary as being equally likely, where in fact

%N the original formulation, the  product
p(wi?)p(ws?)p(t) was included as a third term, but
TanakaandBaldwin (2003b)foundit to hawe negligible impact
ontranslationaccuracysowe omit it here.

4wF? andwl? areassumedo be POS-compatiblevith ¢.



Template (JE) Example

[N1 N2J3=[N1 N2]E
[N1 Na2J3=>[N2 Ni]g
[N; N2J3=[N; of (the) N;]g

il - 7% shijou-keizal “marketeconomy”
BhK - 280 saNsai -tasuu “majority agreement”
IBUHE - 22k seikeN-koutai “changeof government”

Template (EJ) Example

[N1 NoJg=[Ny N21J
[N1 NoJg=>[N; teki N2];
[N1 NoJg=>[N2 no N;],

exchangerate %% - L' — | “kawase-reeto”
world leader 5 - #J - U — & — “sekai-teki-leader”
baby girl %2 - @ - 7&5 % A “0Nna-no-akachaN”

Table3: ExampletranslationtemplatedN = nounandAdj = adjective)

thereis considerablevariability in their applicatil-
ity. One exampleof this is the simplex sC.5F kiji
which is translatedas eitherarticle or item (in the
sensef anewspaper)n ALTDIC, of whichthefor-
mer is clearly the more generaltranslation. Lack-
ing knowledge of this conditional probability, the
methodconsiderghetwo translationgo be equally
probable giving rise to the preferredtranslationof
related item for B8 - SC5 kaNreN-kiji “relatedar-
ticle” dueto themarkedlygreatetcorpusoccurrence
of related item over related article. It is this as-
pectof selectionthatwe focusonin our proposed
method.

3.2 Proposedselectionmethod

The proposednethodusesthe corpus-basedono-
lingual probability terms of cTQ above, but also
mono- and crosslingualterms derived from bilin-
gualdictionarydata.In doingso, it attemptgo pre-
servethe ability of cTQ to modeltarget language
expressionagpreferenceswhile incorporatingmore
direct translationpreferencesat various levels of
lexicalspecification For easeof featureexpandabil-
ity, andto avoid interpolationoverexcessiely many
terms,the backboneof the methodis the TinySVM
supportvectormaching(SVM) learner

The way we useTinySVM is to takeall source
languagenputswherethegold-standardranslation
is includedamongthe generatedranslationcandi-
datesandconstructa singlefeaturevectorfor each
translationcandidate. We treat thosefeaturevec-
torswhich correspondo the (unique)gold-standard
translationaspositive exemplars,andall otherfea-
ture vectorsas negtive exemplars. We thenrun
TinySVM over the training exemplarsusing the
ANOVA kernel(theonly kernelwhichwasfoundto
cornverge). Strictly speaking,SVMs producea bi-
nary classificationpy returninga continuousvalue
anddeterminingvhetherit is closesto +1 (thepos-
itive class)or —1 (the negatve class). We treat
this value as a translationquality rating, and rank
thetranslationcandidatesiccordingly To selectthe
besttranslationcandidatewe simply takethe best-
scoringexemplar breakingtiesthroughrandomse-
lection.

5http://chasen.aist—
software/TinySVM/

nara.ac.jp/ taku/

The selectionmethodmakesuse of three basic
featuretypesin generatinga featurevectorfor each
sourcdanguage—translatiocandidatepair: corpus-
basedfeatures,bilingual dictionary-basedeatures
andtemplate-basefiatures.

Corpus-basedfeatures

Each sourcelanguage—translatiopair is mapped
ontoatotal of 8 corpus-basetkaturetypes,in line
with the cTQ formulationabove:

o ctq(wi®,w;’,1)

° freq(w%27 w%27 t)

o freq(wi®,t) and freq(wi?,t)

o freq(wi?), freq(wi?) and freq(t)

o mwe(wi? wi? t)
mwe(wl?,wk? t) is a normalisation parameter
usedo estimateahefrequeng of occurrencef mul-
tiword expressiofMWE) translationgrom that of
the head. E.g., in generatingranslationsfor /&
PE . 24t fudousaN-gaisha “real estatecompany”,
we gettwo word-level translationsor N&/J7E: real
estate andreal property. In eachcase we identify
the final word asthe head,and calculatethe num-
ber of times the MWES (i.e. real estate and real
property) occurin the overall corpusas compared
to the head(i.e. estate and property, respectiely).
In calculatingthe valuesof eachof the frequeng-
basedfeaturesinvolving thesetranslationswe de-
terminethe frequeny of the headin the givencon-
text, andmultiply this by the normalisationparam-
eter The reasonfor doing this is for easeof cal-
culationand, whererer possible to avoid zeroval-
uesfor frequenciesnvolving MWEs. The feature
mwe(wl?, wl?, t) is generatedby multiplying the
MWE parametergor eachof w2 andw? (which
aresetto 1.0in the casethatthe translationis sim-
plex) and intendedto model the tendeng to pre-
fer simplex translationsover MWEs whengiven a
choice.

We constructan additionalfeaturefrom eachof
thesevalues,by normalising(by simpledivision to
generatea valuein the range[0, 1]) relative to the
maximum value for that featureamongthe trans-
lation candidategieneratedor a given sourcelan-
guageinput. For eachcorpus,therefore,the total
numberof corpus-baseteatureds 8 x 2 = 16.



In EJtranslationthe corpus-basetkaturevalues
were derived from the Mainichi Shimtun Corpus,
whereasin JE translation,we usedthe BNC and
ReutersCorpus,and concatenatedhe featureval-
uesfrom each.

Bilingual dictionary-basedfeatures

Bilingual dictionarydatais usedto generateb fea-
tures:

b freQch,COMB (w£27 U)Qi?: t|w%1 ) w%l)
b frquIC,COMB (wl 27 Wy 2 ’ t)
b fre‘Ich (’LU{’Q, tlw%l) andfreQch (w%&a tlszl)

o frequ (wi?lwi") andfreqy,. (w3?[wy*)

fregoie cons (WE2, wh? tlw!, whl) is the total
numberof timesthe giventranslationcandidateoc-
curs as a translationfor the sourcelanguageNN
compoundacross all dictionaries. While this fea-
ture may seemto give our methodan unfair ad-
vantageover CTQ, it is importantto realisethat
only limited numbersof NN compoundsarelisted
in the dictionaries (12% for English and 28%
for Japanese)ndthat the gold-standardaccurag
whenthe dictionarytranslationis selecteds not as
highasonewould expect(65%for Englishand75%
for Japanese)freq, . cous (w2, wi?, t) describes
the total occurrencesof the translationcandidate
acrossall dictionaries(irrespectve of the source
languageexpressiorit translates)andis considered
to beanindicationof corventionalisatiorof thecan-
didate.

The remainingfeaturesare intendedto capture
word-level translationprobabilities, optionally in
the contextof the templateusedin the translation
candidate Returningto our B - 3¢5 kaNreN-kiji
“relatedarticle” examplefrom abowe, of thetransla-
tionsarticle anditem for L5, article occursasthe
translatiorof L5 for 42%of NN entrieswith 305
asthe Ny, andwithin 18% of translationdor com-
plex entriesinvolving i (irrespectve of theform
or alignmentbetweenarticle and iC5). For item,
the respectie statisticsare 9% and4%. Fromthis,
we canconcludethat article is the more appropri-
atetranslation particularlyfor the giventranslation
template.

As with the corpus-basefeatureswe addition-
ally constructa normalisedvariant of each fea-
ture value, suchthat the total numberof bilingual
dictionary-basedeaturess 4 x 2 = 8.

In both JE and EJ translation,we derived bilin-
gualdictionary-basedeaturefrom the EDICT and
ALTDIC dictionariesindependentlyand concate-
natedthefeaturederivedfrom each.

Template-basedeatures

We usea total of two template-baseéeatures:the
templatetype andthe tamget languagehead(N1 or
N2). Fortemplate[N; No];=[N2 N;]e (see§ 2.3),

e.g., the templatetype is N-N and the targetlan-
guageheadis N1.

3.3 Corpusdata

The corpus frequencieswere extractedfrom the
samethree corporaas were describedin § 1: the
BNC andReutersCorpusfor English,andMainichi
Shimhun Corpusfor JapaneséNe choseto usethe
BNC andReutersCorpusbecausaf their comple-
mentarynature:the BNC is a balancedcorpusand
hencehasa roundedcowerageof NN compounds
(seeTablel), whereaghe ReutersCorpuscontains
newswire datawhich alignsrelatively well in con-
tent with the newspaperarticlesin the Mainichi
Shimkun Corpus.

We calculatedthe corpusfrequenciesbasedon
the tag and dependencyutput of RASP (Briscoe
andCarroll, 2002)for English,andCaboChgKudo
andMatsumoto2002)for JapaneseRASPis atag
sequencegrammasbasedstochasticparserwhich
attemptsto exhaustvely resolveinterword depen-
denciesin the input. CaboChapn the otherhand,
chunkstheinputinto head-annotatetbunsetsu’or
basephrasesandresohesonly inter-phrasedepen-
dencies. We thus independentlydeterminedthe
intra-phrasalstructure from the CaboChaoutput
basedon POS-conditionedemplates.

4 Evaluation

We evaluatethe methodover both JEandEJtrans-
lation selectionusingthetwo setsof 750NN com-
poundsdescribedin § 2.2. In eachcase,we first
evaluate system performanceaccordingto gold-
standardaccurag, i.e. the proportion of inputs
for which the (unique)gold-standardranslationis
rankedtop amongsthe translationcandidates For
the methodto have a chanceat selectingthe gold-
standardtranslation, we clearly must be able to
generateit. The first stepis thusto identify in-
puts which have translation-compositional gold-
standardtranslations,and generatethe translation
candidatedor each. The translation-compositional
datahasthedistributiongivenin Table4. Theover
all proportion of translation-compositionaiputs
is somavhat lower than suggestedy Tanakaand
Baldwin (2003a) althoughthisis conditionalonthe
cowerageof the particulardictionarieswe use. The
degreef translation-compositionalitgppearso be
relatively constanticrosghethreefrequencybands,
a somevhat surprisingfinding aswe had expected
thelowerfrequeng NN compoundgo belesscon-
ventionalisedand thereforehawe more straightfor
wardly compositionatranslations.

We usethe translation-compositiondéstdatato
evaluatethe proposedmethod (svM,,x) against
cTQ andasimplebaselinaderivedfrom cTQ, which
takesthe most probablefully-specified translation



JE EJ

ALL 297/750 272/750
HIGH 99/250 108/250
MED 98/250 81/250
Low 100/250 83/250

Table4: Analysisof translationcompaositionality

Baseline CTQ SVMp, SVMx SVMp,,x
JE .317 .367 .390 .382 434
EJ .400 416 441 .296 .514

Table5: Gold-standardranslationaccuracies

candidate(i.e. is equivalentto settinga = 1 and
B = 0). Weadditionallytestedheproposednethod
usingjust corpus-basefeatureqsvm,) andbilin-
gualdictionary-basedeaturegsvmy) to geta bet-
ter sensdor the relative impactof eachon overall
performance.In the caseof the proposedmethod
andits derivants,evaluationis accordingto 10-fold
stratifiedcross-walidation, with stratificationtaking
placeacrosghethreefrequeng bands.Theaverage
numberof translationgyeneratedor the JE dataset
was 205.6, and that for the EJ datasetwas 847.5.
We wereunableto generateary translationdor 17
(2.3%)and57 (7.6%) of the NN compoundsn the
JE andEJdatasetstespectiely, dueto therebeing
no word-level translationsfor N; and/orNs in the
combinedALTDIC/EDICT dictionaries.

Thegold-standar@ccuraciearepresentedh Ta-
ble 5, with figuresin boldface indicating a statis-
tically significantimprovementover both cTQ and
the baseliné Exceptfor svMy in the EJ task, all
evaluatednethodssurpasshebaselineandall vari-
antsof svM surpassedtTQ. SVMp,,.x appearso
successfullyconsolidateon svm, and svMy, in-
dicatingthat our modellingof targetlanguagecor-
pusandcrosslingualdatais complementaryOver
all, theresultsfor the EJtaskarehigherthanthose
for the JE task. Partof the reasonfor this is that
Japanesbaslesstranslationvariability for a given
pair of word translationsasdiscussedbelow.

In looking throughthe exampleswvherea gold-
standardtranslationwas not returnedby the dif-
ferent methods, we often find that the unique-
nessof gold-standardtranslationhas meantthat
equally good translations(e.g. dollar note vs. the
gold-standardranslationdollar bill for KL - #{
M% doru-shihei) or marginallylowerquality but per
fectly acceptabldranslationge.g.territorial issue
vs. the gold-standardranslationof territorial dis-
pute for $f1 - FER ryoudo-moNdai) areadjudged
incorrect. To rate the utility of thesenear-miss
translationswe ratedeachnon-gold-standarirst-
rankingtranslationaccordingto source language-
recoverability (L1-recoverability). L1-recoverable

®Basedon the pairedt test,p < 0.05

Baseline CTQ SVMy, SVMx SVMyaux
JE .616 721 764 .693 .839
EJ .621 .654 721 419 .783

Table6: Silverstandardranslationaccuracies

Band Trg:’;;]g BGaselge GCTQS SéMWéX
HIGH Lﬁgal 425789 445 .806 -jg‘z" :ggg
MED Lﬁgal 315.665 .368.797 :j;g :ggg
Low Lﬁgal 210.393 .280.569 :2,2(2) :;‘2‘5

Table 7: JE translationaccuraciesacrossdifferent
frequencybands

translationsare defined to be syntactically un-
marked,capturethe basicsemanticof the source
language=xpressiorandallow the sourcelanguage
expressiorto be recoeredwith reasonableconfi-
dence.While evaluationof L1-recowerability is in-
evitably subjectve, we minimise biastowardsany
given systemby performingthe L1-recoerability
annotatiorfor all methodsn asinglebatch,without
giving theannotatorry indicationof whichmethod
selectedwhich translation. The averagenumber
of EnglishandJapaneskl-recoerabletranslations
were 1.9 and0.94, respectiely. The principle rea-
sonfor the Englishdatabeingmoreforgiving is the
existenceof possessie- and PP-basegbaraphrases
of NN gold-standardranslationge.g.ammendment
of rule(s) asan L1-recowerableparaphrasef rule
ammendment).

We combine the gold-standarddata and L1-
recoerable translation data togetherinto a sin-
gle silver standard translationdatasetbasedupon
whichwe calculatesilver-standardranslationaccu-
racy. The resultsfor the translation-compositional
dataare given in Table 6. Once again, we find
that the proposedmethodis superiorto the base-
line andcTQ, andthatthe combinationof crosslin-
gual and target languagecorpus datais superior
to the individual data sources. svmy fares par
ticularly badly under silver-standardevaluationas
it is unableto capturethe tamget languagelexi-
cal andconstructionapreferencessareneededo
generatesyntactically-unmarkednpatural-sounding
translationsUnsurprisingly theincrementetween
gold-standardaccuracyand silver-standardaccu-
racyis greaterfor EnglishthanJapanese.

4.1 Accuracy over eachfrequencyband

We next analysethe breakdevn in gold- andsilver-

standard accuraciesacross the three frequency
bands. In doing this, we test the hypothesisthat
training over only translationdatafrom the same
frequency band will produce better results than



Training Baseline CTQ SVMypayx
Band a6 S G S G S

All .630.842
HIGH Local 451 .641 .463.657 657 850
All .532.762
MED Local 420 .655 .452 .674 546 776
All .396 .755
Low Local .314 .561 .341.633 374 708

Table 8: EJtranslationaccuraciesacrossdifferent
frequencybands

Baseline CTQ SVMp, SVMyx SVMp,,x
JE .358 515 .490 .308 .549
EJ .208 .285 .350 162 277

Table9: Silver-standardranslationaccuraciesver
non-translation-compositiondhta

training over all the translationdata. The results
for the JE and EJ translationtasksare presented
in Tables7 and 8, respectiely. The resultsbased
on training over datafrom all frequencybandsare
labelled All andthosebasedon training over data
from only thesamerequencybandarelabelledLo-
cal; G is the gold-standarchccuracyand S is the
silver-standardaccurag.

For eachof the methodstested,we find that the
gold- andsilver-standardaccuracieslrop aswe go
down through the frequencybands, althoughthe
drop off is markedlygreaterfor gold-standardac-
curacy Indeed, silver-standardaccurag is con-
stantbetweenthe high and mediumbandsfor the
JE task,andthe mediumandlow frequeng bands
for the EJtask. svM,,x appearso berobustover
low-frequeng datafor both tasks,with the abso-
lute differencein silver-standardaccurag between
thehighandlow frequencybandsaroundonly 0.10,
andnever droppingbelow 0.70for eitherthe EJ or
JE task. Therewasvery little differencebetween
trainingover datafrom all frequencybandsascom-
paredto only the local frequeng band,suggesting
that thereis little to be gainedfrom conditioning
training dataon the relative frequencyof the NN
compoundwve areseekingto translate.

4.2 Accuracy over non-translation-
compositionaldata

Finally, we evaluatethe performanceof the meth-
odsoverthenon-translatiorompositionatiata.\We
are unableto give gold-standardaccuracieshere
as, by definition, the gold-standardranslationis
not amongstthe translationcandidatesgenerated
for any of the inputs. We are, however, able
to evaluateaccordingto silverstandardaccuracy
constructingL1-recoerabletranslationdataas for
thetranslation-compositionalasedescribedabove.
The classifieris learnedfrom all the translation-
compositionatata treatingthegold-standardrans-

lationsaspositive exemplarsasbefore.

The resultsare presentedn Table 9. A large
disparity is obserable here betweenthe JE and
EJ accuracieswhich is, once again, a direct re-
sultof Japaneskeinglessforgiving whenit comes
to L1-recowerabletranslations.For the translation-
compositionaldata, the EJ task displayeda simi-
larly diminishedaccuracyincrementwhenthe L1-
recowerabletranslationdatawas incorporated but
this was maskedby the higher gold-standardac-
curacy for the task. The relative resultsfor the
JE task largely mirror those for the translation-
compositonaldata. In contrast,SVM,,x actually
performsmarginally worse than cTQ over the EJ
task, despitesvM,, performingabowe cTQ. That
is, theadditionof dictionarydatadiminishesoverall
accuracyaslightly surprisingresultgiventhe com-
plementaryof corpusanddictionarydatain all other
aspectof evaluation. It is possiblethat we could
get betterresultsby treating both L1-recoserable
and gold-standardranslationsin the training data
as positive exemplars,which we leave as an item
for futureresearch.

Combiningthe resultsfrom Table 9 with those
from Table 6, the overall silver-standardaccuray
overtheJEdatais 0.671for svM, x (comparedo
0.602for cTQ), andthat over the EJ datais 0.461
(comparedo 0.419for CTQ).

In summarywe have shovn our methodto be su-
periorto boththe baselineandcTQ over EJandJE
translationtasksin termsof both gold- andsilver
standardaccuracy We also demonstratedhat the
methodsuccessfull}combinescrosslinguabndtar-
get languagecorpusdata, and is relatively robust
overlow frequencyinputs.

5 Relatedwork

One pieceof researclrelatively closely relatedto
our methodis that of CaoandLi (2002),who use
bilingual bootstrappingover Chineseand English
web datain variousformsto translateChineseNN
compoundsnto English. While we rely on bilin-
gual dictionariesto determinecrosslinguakimilar
ity, their methodis basedon contectual similarity
in thetwo languageswithout assumingparallelism
or comparabilityin the corpusdata. Theyreportan
impressve F-scoreof 0.73 over a datasetof 1000
instancesalthoughthey also cite a prior-basedF-
score(equivalentto our Baseline)of 0.70 for the
task,suchthatthe particulardatasetthey aredeal-
ing with would appearto belesscomple thanthat
which we have targeted.Having saidthis, contex-
tual similarity is an orthogonaldatasourceto those
usedin thisresearchandhasthepotentialto further
improve theaccurag of ourmethod.

Nagataetal. (2001)use“partially bilingual” web



pagesthatis web pageswhich are predominantly
Japanesesay butinterspersedavith Englishwords,
to extracttranslationpairs. Theydo this by access-
ing web pagescontaininga given Japanesexpres-
sion, andlooking for the Englishexpressionwhich
occursmostreliably in its immediatevicinity. The
methodachievesanimpressve gold-standaréccu-
racyof 0.62,atarecallof 0.68,0veracombination
of simplex nounsandcompounchominals.
Grefenstettg1999) usesweb datato selectEn-
glish translationsfor compositionalGermanand
Spanisthouncompoundsandachieszesanimpres-
sive accuracyof 0.86-0.87. The translationtask
Grefenstetteéargetsis intrinsically simplerthanthat
describedn this paper however, in thathe consid-
ersonly thosecompoundsvhich translateinto NN
compoundsn English. It is alsopossiblethat the
historicalrelatednessf language$asan effect on
the difficulty of the translationtask, althoughfur-
therresearctwould berequiredto confirmthis pre-
diction. Having saidthis, the successfuliseof web
databy a variety of researchersuggestan avenue
for future researchin comparingour resultswith
thoseobtainedusingwebdata.

6 Conclusionand future work

We hawe proposeda methodfor translatingNN
compoundsvhich compositionallygeneratesrans-
lation candidatesand selectsamongthem using a
tamgetlanguagenodelbasedn corpusstatisticsand
atranslationmodelbasedon bilingual dictionaries.
Our SVM-basedmplementatiorwasshavn to out-
performprevious methodsandbe robust over low-
frequencyNN compoundgor JEandEJtranslation
tasks.
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