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Abstract

This paper presentsan approach to the
translationof compoundwordswithout the
need for bilingual training text, by mod-
eling the mapping of literal component
word glosses(e.g. Òiron-pathÓ)into ßu-
ent English (e.g. ÒrailwayÓ)acrossmul-
tiple languages. Performanceis improved
by addingcomponent-sequenceandlearned-
morphologymodelsalongwith context sim-
ilarity from monolingualtext and optional
combinationwith traditionalbilingual-text-
basedtranslationdiscovery.

1 Intr oduction

Compoundwordssuchas lighthouseandÞreplace
arewordsthatarecomposedof two or morecompo-
nent words and are often a challengefor machine
translationdue to their potentially complex com-
pounding behavior and ambiguousinterpretations
(Rackow et al., 1992). For many languages,such
wordsform a signiÞcantportion of the lexicon and
thecompoundingprocessis furthercomplicatedby
diversemorphologicalprocesses(Levi, 1978) and
thepropertiesof differentcompoundsequencessuch
asNoun-Noun,Adj-Adj, Adj-Noun,Verb-Verb,etc.
Compoundsalsotendto have a high typefrequency
but alow tokenfrequency whichmakestheirtransla-
tion difÞcult to learnusingcorpus-based algorithms
(TanakaandBaldwin, 2003). Furthermore,mostof
the literatureon compoundtranslationhasbeenre-
strictedto a few languagesdealingwith compound-
ing phenomenaspeciÞcto thelanguagein question.

Compound Splitting English Gloss Translation
Input: Distilled glossesfr om German-English dictionary
Krankenhaus Kranken-Haus sick-house hospital
Regenschirm Regen-Schirm rain-guard umbrella
W¬orterBuch W¬orter-Buch words-book dictionary
Eisenbahn Eisen-Bahn ir on-path railroad
Input: Distilled glossesfr om Swedish-English dictionary
Sjukhus Sjhu-Khus sick-house hospital
J¬arnv¬ag J¬arn-v¬ag ir on-path railway
Ordbok Ord-Bok words-book dictionary

Goal: To translate newAlbanian compounds
Hekurudh¬e Hekur-Udh¬e ir on-path ???

Table1: Examplelexical resourcesusedin this taskandtheir
applicationto translatingcompoundwordsin new languages.

With thesechallengesin mind, the primary goal of
this work is to improve the coverageof translation
lexicons for compounds,as illustrated in Table 1
andFigure1, in multiple new languages.We show
how using cross-languagecompoundevidenceob-
tainedfrom bilingual dictionariescan aid in com-
pound translation. A primary motivating idea for
this work is that the literal componentglossesfor
compoundwords(suchasÒironpathÓfor railway)
is often replicatedin multiple languages,providing
insight into theßuenttranslationof a similar literal
glossin anew (oftenresource-poor)language.

2 ResourcesUtilized
Theonly resourceutilized for our compoundtrans-
lation lexicon algorithmis a collectionof bilingual
dictionaries. We usedbilingual dictionary collec-
tions for 50 languagesthat were acquiredin elec-
tronic form over theInternetor via opticalcharacter
recognition(OCR)on paperdictionaries.Note that
noparallel or evenmonolingualcorpora is required,
their usedescribedlaterin thepaperis optional.
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3 RelatedWork
The compound-translationliteraturetypically deals
with thesesteps:1) Compoundsplitting, 2) transla-
tion candidategenerationand3) translationcandi-
datescoring.Compoundsplitting is generallydone
using translationlexicon lookup and allowing for
differentsplittingoptionsbasedoncorpusfrequency
(Zhangetal., 2000;KoehnandKnight, 2003).
Translation candidategenerationis an important
phaseand this is where our work differs signiÞ-
cantlyfrom thepreviousliterature.Most of thepre-
vious work has beenfocusedon generatingcom-
positional translationcandidates,that is, the trans-
lation candidatesof the compoundwords are lexi-
cally composedof thecomponentword translations.
This hasbeendoneby eitherjust concatenatingthe
translationsof componentwords to form a candi-
date(Grefenstette,1999;CaoandLi, 2002),or us-
ing syntactictemplatessuchasÒE2 in E1Ó,ÒE1 of
E2Óto form translationcandidatesfrom thetransla-
tion of the componentwords E2 and E1 (Baldwin
andTanaka,2004),or usingsynsetsof the compo-
nent word translationsto include synonyms in the
compositionalcandidates(Navigli et al., 2003).
Theaboveclassof work in compositional-candidate
generationfails to translatecompoundssuch as
Krankenhaus (hospital) whose componentword
translationsareKranken(sick) andHaus(hospital),
andcomposingsick andhousein any orderwill not
result in the correcttranslation(hospital). Another
problemwith usingÞxedsyntactictemplatesis that
they arerestrictedto thespeciÞcpatternsoccurring
in the target language.We show how onecanuse
the glosspatternsof compoundsin multiple other
languagesto hypothesizetranslationcandidatesthat
arenot lexically compositional.
4 Approach
Ourapproachto compoundwordtranslationis illus-
tratedin Figure1.

4.1 Splitting compoundwords and gloss
generationwith translation lexicon lookup

We Þrstsplit a given sourceword, suchasthe Al-
baniancompoundhekurudh¬e, into a setof compo-
nentword partitions,suchashekur(iron) andudh¬e
(path). Our initial approachis to considerall possi-
blepartitionsbasedoncontiguouscomponentwords
found in a small dictionary for the language,as in

Goal: To translate this 

Albanian compound word:

udhë

(English gloss)

Compound splitting

using lexicon lookup 

Using small Albanian

 English dictionary

Italian-English dictionary

   ferrovia      --->  ferro!!!!"#$
   (railroad)   <--- (iron)  (path)

German-English dictionary

   eisenbahn  --->  eisen     bahn 

  (railroad)   <---  (iron)    (path)

Swedish-English dictionary

   järnväg  --->    järn          väg 

  (railway)    <--- (iron)    (path)

Uighur-English dictionary

  tömüryol   --->   tömür     yol       

 (railroad)    <--- (iron)     (path)

Lookup words in other 

languages that result in

"iron path" after splitting

Candidate 
translations 

of hekurudh‘

Other dictionaries

iron path

hekur

hekurudhë zog bird

udhë path

hekur iron

vadis water

0.19

0.14

0.05

railroad

railway

rail

Algorithm output
for hekurudh‘  

(iron) (path)

Figure 1: Illustration of using cross-languageevidenceus-
ing bilingual dictionariesof differentlanguagesfor compound
translation
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Brown (2002)andKoehnandKnight (2003)1. For a
givensplit, we generateits Englishglossesby using
all possibleEnglish translationsof the component
wordsgivenin thedictionaryof thatlanguage2.

4.2 Usingcross-languageevidencefr om
differ ent bilingual dictionaries

For many compoundwords(especiallyfor borrow-
ings), the compoundingprocessis identical across
several languagesand the literal English glossre-
mains the sameacrosstheselanguages. For ex-
ample,the English word railway is translatedasa
compoundword in many languages,andtheEnglish
glossof thosecompoundsis oftenÒiron pathÓor a
similar literal meaning3. Thus knowing the ßuent
English translationof the literal glossÒiron pathÓ
in somerelatively resource-richlanguageprovidesa
vehiclefor the translationfrom all other languages
sharingthatliteral gloss4

4.3 Ranking translation candidates
TheconÞdencein thecorrectnessof a mappingbe-
tweena literal gloss(e.g. ÒironpathÓ)and ßuent
translation(e.g. ÒrailroadÓ)can be basedon the
numberof distinctlanguagesexhibiting thisassocia-
tion. Thuswe rankthecandidatetranslationsgener-
atedvia different languagesas in Figure 1 as fol-
lows: For a given target compoundword, say f c

with a set of English glossesG obtainedvia mul-
tiple splitting optionsor multiple componentword
translations,the translationprobability for a candi-
datetranslationcanbecomputedas:

p(ec|f c) =
!

g! G

p(ec, g|f c)

=
!

g! G

p(g|f c) áp(ec|g, f c)

=
!

g! G

p(g|f c) áp(ec|g)

1In orderto avoid inßectionsascomponent-wordswe limit
thecomponent-word lengthto at leastthreecharacters.

2Thealgorithmis allowedto generatemultipleglossesÒiron
way,ÓÒironroad,Óetc. basedon multiple translations of the
componentwords. Multiple glossesonly addto thenumberof
translationcandidatesgenerated.

3For thegloss,ÒironpathÓ,we found10 otherlanguagesin
which somecompoundword hasthe Englishglossafter split-
ting andcomponent-word translation

4We do assumean existing small translationlexicon in the
target languagefor the individual component-words,but these
areoften higherfrequency wordsandpresenteitherin a basic
dictionaryor discoverablethroughcorpus-basedtechniques.

where, p(g|f c) = p(g1|f 1) áp(g2|f 2). f 1, f 2 are
the individual component-words of compoundand
g1, g2 are their translationsfrom the existing dic-
tionary. For human dictionaries,p(g|f c) is uni-
form for all g ! G, while variable probabilities
canalsobeacquiredfrom bitext or othertranslation
discovery approaches.Also, p(ec|g) = f r eq(g,ec)

f r eq(g) ,
wheref r eq(g, ec) is the numberof timesthe com-
pound word with English gloss g is translatedas
ec in the bilingual dictionariesof other languages
andf r eq(g) is thetotalnumberof timestheEnglish
glossappearsin thesedictionaries.

5 Evaluation usingExact-match
Translation Accuracy

For evaluation, we assessthe performanceof the
algorithm on the following 10 languages: Alba-
nian, Arabic, Bulgarian, Czech, Farsi, German,
Hungarian,Russian,Slovak andSwedish. We de-
tail both the averageperformancefor these10 lan-
guages(Avg10), as well as provide individual per-
formancedetailson Albanian, Bulgarian, German
and Swedish. For each of the compoundtrans-
lation models,we report coverage(the # of com-
poundwordsfor which a hypothesiswasgenerated
by the algorithm)andTop1/Top10accuracy. Top1
and Top 10 accuracy are the fraction of words for
which a correcttranslation(listed in the evaluation
dictionary)appearsin the Top 1 andTop 10 trans-
lation candidatesrespectively, as ranked by the al-
gorithm. Becauseevaluationdictionariesareoften
missingacceptabletranslations(e.g. railroadrather
thanrailway), andany deviationfrom exact-matchis
scoredasincorrect,thesemeasureswill be a lower
bound on acceptabletranslationaccuracy. Also,
target languagemodelscanoften selecteffectively
amongsuchhypothesislists in context.

6 Comparisonof differ ent compound
translation models

6.1 A simple modelusing literal English gloss
concatenationasthe translation

Our baselinemodelis a simpleglossconcatenation
modelfor generatingcompositionaltranslationcan-
didateson the linesof Grefenstette(1999)andCao
and Li (2002). We take the translationsof the in-
dividual component-words(e.g. for the compound
word hekurudh¬e, they would be hekur (iron) and
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udh¬e (path)) andhypothesizesthreetranslationcan-
didatevariants:ÒironpathÓ,Òiron-pathÓandÒiron-
pathÓ. A test instanceis scoredas correct if any
of thesetranslationcandidatesoccurin the transla-
tionsof hekurudh¬e in thebilingual dictionary. This
baselineperformancemeasureshow well simple lit-
eralglossesserve astranslation candidates.In cases
suchastheGermancompoundNu§schale(nutshell),
which is a simple concatenationof the individual
componentsNu§(nut)andSchale (shell), the literal
glossis correct.For this baseline,if thecomponent-
words have multiple translations,then eachof the
possibleEnglish glossis ranked randomly. While
Grefenstette(1999)andCaoandLi (2002)proposed
re-rankingthesecandidatesusingweb-data,thepo-
tentialgainsof this rankingarelimited, asweseein
Table2 thateven theFoundAcc. is very low5, that
is for mostof the casesthe correcttranslationdoes
notappearanywherein thesetof Englishglosses6

Language Cmpnd wrds Top1 Top10 Found
translated Acc. Acc. Acc.

Albanian 4472(10.11%) 0.001 0.010 0.020
Bulgarian 9093(12.50%) 0.001 0.015 0.031
German 15731(29.11%) 0.004 0.079 0.134
Swedish 18316(31.57%) 0.005 0.068 0.111
Avg10 14228(17.84%) 0.002 0.030 0.055

Table2: Baselineperformanceusingunreorderedliteral En-
glish glossesas translations. The percentagesin parentheses
indicatewhatfractionof all thewordsin thetest(entire)vocab-
ularyweredetectedandtranslatedascompounds.

6.2 Usingbilingual dictionaries
Thissectiondescribestheresultsfrom themodelex-
plainedin Section4. To recap,this modelattempts
to translateevery testwordsuchthatthereis at least
oneadditionallanguagewhosebilingual dictionary
supportsanequivalentsplit andliteral Englishgloss,
andbasesits translationhypotheseson the consen-
susßuenttranslation(s)correspondingto the literal
glossesin theseother languages.The performance
is shown in Table3. Thesubstantialincreasein ac-
curacy over thebaselineindicatestheusefulnessof

5FoundAcc. is the fractionof examplesfor which thecor-
recttranslationappearsanywhere in then-bestlist

6Oneexplanationfor this couldbethatfor only asmallper-
centageof compoundwords, their dictionary translationsare
formedby concatenatingtheir Englishglosses.Also, Grefen-
stette(1999)reportsmuchhigheraccuraciesfor Germanonthis
modelbecausethe724Germantestcompoundswerechosenin
suchawaythattheir correcttranslationis aconcatenationof the
possiblecomponentword translations.

suchgloss-to-translationguidancefrom other lan-
guages.The restof the sectionsdetail our investi-
gationof improvementsto this model.

Language Compoundwords Top1 Top10
translated Acc. Acc.

Albanian 3085(6.97%) 0.185 0.332
Bulgarian 6719(9.24%) 0.247 0.416
German 11103(20.55%) 0.195 0.362
Swedish 12681(21.86%) 0.188 0.346
Avg10 9320.9(11.98%) 0.184 0.326

Table3: Coverageandaccuracy for the standardmodelus-
ing gloss-to-ßuenttranslationmappingslearnedfrom bilingual
dictionariesin otherlanguages(in forwardorderonly).

6.3 Using forward and backward ordering for
English glosssearch

In our standardmodel, the literal Englishglossfor
a sourcecompoundword (for example, iron path)
matchesglossesin otherlanguagedictionariesonly
in the identicalorder. But given that modiÞer/head
word order often differs betweenlanguages,we
test how searchingfor both orderings(e.g. Òiron
pathÓand ÒpathironÓ) can improve performance,
asshown in Table4. Thepercentagesin parentheses
show relative increasefrom the performanceof the
standardmodelin Section6.2. We seea substantial
improvementin bothcoverageandaccuracy.

Language Cmpnd wrds Top1 Top10
translated Acc. Acc.

Albanian 3229(+4.67%) .217(+17.30%) .409(+23.19%)
Bulgarian 6806(+1.29%) .255(+3.24%) .442(+6.25%)
German 11346(+2.19%) .199(+2.05%) .388(+7.18%)
Swedish 12970(+2.28%) .189(+0.53%) .361(+4.34%)
Avg10 9603(+3.03%) .193(+4.89%) .362(+11.04%)

Table4: Performancefor looking up Englishglossvia both
orderings.Thepercentagesin parenthesesarerelative improve-
mentsfrom theperformancein Table3

.
6.4 Incr easingcoverageby automatically

discovering compoundmorphology
For many languages,the compoundingprocessin-
troducesits own morphology(Figure 2). For ex-
ample,in German,theword Gesch¬aftsf¬uhrer (man-
ager) consistsof the lexemesGesch¬aft (business)
andF¬uhrer (guide)joinedby thelexeme-s. For the
purposesof theseexperiments,wewill call suchlex-
emesÞllers or middleglue characters. Koehnand
Knight (2003)usedaÞxedsetof two known Þllerss
andesfor handlingGermancompounds.Tobroaden
theapplicability of thiswork to new languageswith-
out linguistic guidance,we show how suchÞllers
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GeschŠft s FŸhrer

Paterfamilias

Pater Familia s+ + + +

s as Middle Glue
     in German

s as End Glue
      in Latin

GeschŠftsfŸhrer

(Business) (Guide) (Father) (Family)

(Manager) (Household head)

Figure 2: Illustration of compoundingmorphologyusing
middleandendgluecharacters.

canbe estimateddirectly from corporain different
languages. In additional to Þllers, compoundcan
alsointroducemorphologyat thesufÞx or preÞxof
compounds,for example,in theLatin language,the
lexemepaterfamiliascontainsthegenitive form fa-
milias of the lexemefamilia (family), thuss in this
caseis referredto astheÒendglueÓcharacter. To

Albanian Bulgarian German Swedish
Top 5 Middle Glue Character(s)
j 0.059 O 0.129 s 0.133 s 0.132
s 0.048 N 0.046 n 0.090 l 0.051
t 0.042 H 0.036 k 0.066 n 0.049
r 0.042 E 0.025 h 0.042 t 0.045
i 0.038 A 0.025 f 0.037 r 0.035
Top 5 End Glue Character(s)
m 0.146 T 0.124 n 0.188 a 0.074
t 0.079 EH 0.092 t 0.167 g 0.073
s 0.059 H 0.063 en 0.130 t 0.059
k 0.048 M 0.049 e 0.069 e 0.057
r 0.037 AM 0.047 d 0.043 d 0.057

Table5: Top5 middleglues(Þllers)andendgluesdiscovered
for eachlanguagealongwith their probability scores.

augmentthe splitting stepoutlined in Section4.1,
we allow deletionof up to two middle characters
andtwo endcharacters.Then,for eachgluecandi-
date(for examplees), we estimateits probabilityas
therelative frequency of uniquehypothesizedcom-
poundwordssuccessfullyusingthatparticularglue.
Werankthesetof gluesby theirprobabilityandtake
the top 10 middleandendgluesfor eachlanguage.
A sampleof gluesdiscoveredfor someof the lan-
guagesareshown in Table5. The performancefor
themorphologystepis shown in Table6. Therela-
tivepercentageimprovementsarewith respectto the
previousSection6.3. WeobservesigniÞcantgain in
coverageastheßexibility of glueprocessallowsdis-
coveryof morecompounds.
6.5 Re-ranking usingcontext vector projection
We mayfurtherimprove performanceby re-ranking
candidatetranslationsbasedon thegoodnessof se-
mantic ÒÞtÓbetweentwo words, as measuredby

Language Cmpnd wrds Top1 Top10
translated Acc. Acc.

Albanian 3272(+1.33%) .214(-1.38%) .407(-0.49%)
Bulgarian 7211(+5.95%) .258(+1.18%) .443(+0.23%)
German 13372(+17.86%) .200(+0.50%) .391(+0.77%)
Swedish 15094(+16.38%) .190(+0.53%) .363(+0.55%)
Avg10 10273(+6.98%) .194(+0.52%) .363(+0.28%)

Table 6: Performancefor increasingcoverageby including
compoundingmorphology. Thepercentagesin parenthesesare
relative improvementsfrom theperformancein Table4

.
theircontext similarity. Thiscanbeaccomplishedas
in Rapp(1999)andSchaferandYarowsky (2002)by
creatingbag-of-words context vectorsaroundboth
thesourceandtarget languagewordsandthenpro-
jecting the sourcevectorsinto the (English) target
spacevia the current small translationdictionary.
Oncein thesamelanguagespace,sourcewordsand
their translationhypothesesare comparedvia co-
sinesimilarity usingtheir surroundingcontext vec-
tors. We performedthis experiment for German
andSwedishandreportaverageaccuracieswith and
without this addition in Table 7. For monolingual
corpora,we usedthe GermanandSwedishsideof
theEuroparlcorpus(Koehn,2005)consistingof ap-
proximately15million and21million wordsrespec-
tively. We wereableto projectcontext vectorsfor
an averageof 4224.5words in the two languages
amongall thepossiblecompoundwordsdetectedin
Section6.4. The poor Eurpoarlcoveragecould be
dueto the fact that compoundwordsaregenerally
technicalwordswith low Europarlcorpusfrequency,
especiallyin parliamentaryproceedings.Webelieve
that the small performancegains here are due to
theselimitationsof themonolingualcorpora.

Method Top1av g Top10av g

Original ranking 0.196 0.388
Comb. with Context Sim 0.201 0.391

Table7: Averageperformanceon GermanandSwedishwith
andwithout usingcontext vectorsimilarity from monolingual
corpora.

6.6 Using phrase-tablesif a parallel corpus is
available

All previousresultsin thispaperhavebeenfor trans-
lation lexicon discovery without theneedfor paral-
lel bilingual text (bitext), which is often in limited
supply for lower-resourcelanguages.However, it
is useful to assesshow this translationlexicon dis-
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covery work compareswith traditionalbitext-based
lexicon induction(andhow well theapproachescan
becombined).For this purpose,we usedphraseta-
bles learnedby the standardstatisticalMT Toolkit
Moses(Koehnet al., 2007). We testedthe phrase-
tableaccuracy on two languages,onefor which we
hada lot of paralleldataavailable(German-English
Europarlcorpuswith approx.15million words)and
one for which we had relatively little parallel data
(Czech-Englishnews-commentarycorpuswith ap-
prox. 1 million words). This wasdoneto seehow
theamountof paralleldataavailableaffectstheac-
curacy andcoverageof compoundtranslation.Table
8 shows the performancefor this experiment. For
German,we seea signiÞcantimprovementin accu-
racy andfor Czechasmallimprovementin Top1but
a decline in Top10 accuracy. Note that theseac-
curaciesarestill quite low ascomparedto general
performanceof phrasetablesin an end-to-endMT
systembecausewe are measuringexact-matchac-
curacy on a generallymorechallengingandoften-
lower-frequency lexicon subset. The third row in
Table8 for eachof the languagesshows that if one
hada parallelcorpusavailable,its n-bestlist canbe
combinedwith the n-bestlist of Bilingual Dictio-
nariesalgorithmto provide muchhigherconsensus
accuracy gainsusingweightedvoting.

Method # of words Top1 Top10
translated Acc. Acc.

German
BiDict 13372 0.200 0.391
ParallelCorpusSMT 3281 0.423 0.576
Parallel+ BiDict 3281 0.452 0.579
Czech
BiDictth r esh =1 3455 0.276 0.514
ParallelCorpusSMT 309 0.285 0.404
Parallel+ BiDict 309 0.359 0.599

Table8: Performanceof this paperÕs BiDict approachcom-
paredwith andaugmentedwith traditional statisticalMT learn-
ing from bitext.

7 Quantifying the Roleof Cross-languages

7.1 Coverage/AccuracyTrade off

The numberof languagesoffering a translationhy-
pothesisfor a given literal English gloss is a use-
ful parameterfor measuringconÞdencein thealgo-
rithmÕs selection. The moredistinct languagesex-
hibiting a translationfor the gloss,the higher like-
lihood that the majority translationwill be correct

Coverage/Accuracy Tradeoff
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Figure3: Coverage/Accuracy tradeoff curveby incrementing
theminimumnumberof languagesexhibiting acandidatetrans-
lationfor thesource-wordÕsliteral Englishgloss.Accuracy here
is theTop1accuracy averagedoverall 10 testlanguages.

ratherthannoise.Varying this parameteryields the
coverage/accuracy tradeoff asshown in Figure3.

7.2 Varying sizeof bilingual dictionaries

Figure 4 illustrateshow the size of the bilingual
dictionariesusedfor providing cross-languageevi-
denceaffects translationperformance.In order to
take both coverageandaccuracy into account,per-
formancemeasureusedwas the F-scorewhich is
a harmonicaverageof Precision(the accuracy on
the subsetof words that could be translated)and
Psuedo-recall(which is thecorrectlytranslatedfrac-
tion outof totalwordsthatcouldbetranslatedusing
100%of thedictionarysize).Wecanseein Figure4
thatincreasingthepercentageof dictionarysize7 al-
wayshelpswithout plateauing,suggestingsubstan-
tial extrapolationpotentialfrom largedictionaries.

7.3 GreedyvsRandomSelectionof Utilized
Languages

A naturalquestionfor our compoundtranslational-
gorithm is how doesthe choiceof additional lan-
guagesaffect performance.We report two experi-
mentson this question. A simpleexperimentis to
usebilingual dictionariesof randomlyselectedlan-
guagesandtesttheperformanceof K-randomlyse-
lectedlanguages8, incrementingK until it is thefull
setof 50 languages.The dashedlines in Figures5

7Eachrun of choosinga percentageof dictionary sizewas
averagedover10 runs

8Eachrun of randomlyselectingK languageswasaveraged
over10 runs.
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Figure6: The performancerelationshipdetailed in Figure5
captionfor Top-10matchF-score.

and6 show this trend.Theperformanceis measured
by F-scoreas in section7.1, wherePseudo-Recall
hereis the fraction of correctcandidatesout of the
totalcandidatesthatcouldbetranslatedhadweused
bilingual dictionariesof all the languages.We can
seethat addingrandombilingual dictionarieshelps
improvetheperformancein acloseto linearfashion.
Furthermore,we observe that certain contributing
languagesaremuchmoreeffective thanothers(e.g.
Arabic/Farsi vs. Arabic/Czech). We usea greedy
heuristic for ranking an additionalcross-language,
thatis thenumberof testwordsfor whichthecorrect
Englishtranslationcanbeprovidedby thebilingual
dictionaryof therespective cross-language.Figures
5 and6 show that greedyselection of the mostef-
fectiveK utilized languagesusingthisheuristicsub-
stantiallyacceleratesperformance.In fact, beyond
thebest10 languages,performanceplateausandac-
tually decreasesslightly, indicating that increased
noiseis outweighingincreasedcoverage.

Albanian Arabic
Russian 0.067 0.116 Farsi 0.051 0.090
+Spanish 0.100 0.169 +Spanish 0.059 0.111
+Bulgarian 0.119 0.201 +French 0.077 0.138

Bulgarian Czech
Russian 0.186 0.294 Slovak 0.177 0.289
+Hungarian 0.190 0.319 +Russian 0.222 0.368
+Swedish 0.203 0.339 +Hungarian 0.235 0.407

Farsi German
Arabic 0.031 0.047 Dutch 0.130 0.228
+Dutch 0.038 0.070 +Swedish 0.191 0.316
+Spanish 0.044 0.079 +Hungarian 0.204 0.355

Hungarian Russian
Swedish 0.073 0.108 Bulgarian 0.185 0.250
+Dutch 0.103 0.158 +Hungarian 0.199 0.292
+German 0.117 0.182 +Swedish 0.216 0.319

Slovak Swedish
Czech 0.145 0.218 German 0.120 0.188
+Russian 0.168 0.280 +Hungarian 0.152 0.264
+Hungarian 0.176 0.300 +Dutch 0.182 0.309

Table9: Illustrating3-bestcross-languagesobtainedfor each
test language(shown in bold). Eachrow shows the effect of
addingtherespective cross-languageto thesetof languagesin
the rows above it and the corresponding F-scores(Top 1 and
Top10)achieved.

7.4 Languagesfound using Greedyselection

Table 9 shows the setsof the most effective three
cross-languagespertestlanguageselectedusingthe
greedyheuristicexplainedin previoussection.Un-
surprisingly, related languagestend to help more
thandistantlanguages. For example,Dutch is most
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effectivefor thetestlanguageGerman,andSlovakis
mosteffective for Czech.We canalsoseeinterest-
ing symmetriesbetweenrelatedlanguages,for ex-
ample: Farsi is the top languageusedfor test lan-
guageArabic andvice-versa.Suchsymmetriescan
alsobeseenfor otherpairsof relatedlanguagessuch
as(Czech,Slovak) and(Russian,Bulgarian). Thus,
relatedlanguagesaremosthelpful andthey canbe
relatedin severalwayssuchasetymologically, cul-
turally and physically (such as Hungarian contact
with the Germaniclanguages). The secondpoint
to note is that languageshaving large dictionaries
also tend to be especiallyhelpful, even when un-
related. This canbe seenby the presenceof Hun-
garian in top threecross-languagesfor mostof the
testlanguages.Thisis likely becauseHungarianwas
oneof thelargestdictionariesandhencecanprovide
good coveragefor obtainingtranslationcandidates
of rarer or technicalcompounds,which may have
morelanguageuniversalliteral glosses.

8 Conclusion

This paper has shown that successfultranslation
of compoundscan be achieved without the need
for bilingual training text, by modeling the map-
ping of literal component-word glosses(e.g. Òiron-
pathÓ)into ßuent English (e.g. ÒrailwayÓ)across
multiple languages.An interestingpropertyof us-
ing suchcross-languageevidenceis that one does
needto restrictthecandidatetranslationsto compo-
sitional (or ÒglossyÓ)translations,asour modelal-
lows the successfulgenerationof moreßuentnon-
compositionaltranslations. We further show im-
provedperformanceby addingcomponent-sequence
andlearned-morphologymodelsalongwith context
similarity from monolingualtext andoptionalcom-
binationwith traditionalbilingual-text-basedtrans-
lationdiscovery. Thesemodelsshow consistentper-
formancegainsacross10diversetestlanguages.
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