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Abstract

This paper presentsan approachto the
translationof compoundwords without the
need for bilingual training text, by mod-
eling the mapping of literal component
word glosses(e.g. Oiron-pathOnto Ru-

ent English (e.g. OraivayO)acrossmul-

tiple languages. Performancds improved

by addingcomponent-sequeneadlearned-
morphologymodelsalongwith contet sim-

ilarity from monolingualtext and optional
combinationwith traditional bilingual-text-

basedranslationdiscovery.

1 Intr oduction

Compoundwords suchas lighthouseand breplace
arewordsthatarecomposeaf two or morecompo-
nentwords and are often a challengefor machine
translationdue to their potentially complex com-
pounding behaior and ambiguousinterpretations
(Raclow et al., 1992). For mary languagessuch
wordsform a signibPcantportion of the lexicon and
the compoundingorocesss further complicatedoy
diverse morphologicalprocessegLevi, 1978) and
thepropertief differentcompoundsequencesuch
asNoun-Noun,Adj-Adj, Adj-Noun, Verb-\erb, etc.
Compoundslsotendto have a high typefrequeny
but alow tokenfrequeng whichmakestheirtransla-
tion difbcultto learnusingcorpus-basgalgorithms
(TanakaandBaldwin, 2003). Furthermoremostof
the literatureon compoundranslationhasbeenre-
strictedto afew languageslealingwith compound-
ing phenomenapecibdo thelanguagan question.

Compound

| Splitting

| English Gloss | Translation

Input: Distilled glossedr om German-English dictionary

Krankenhaus| Kranken-Haus| sick-house hospital
Regenschirm| Regen-Schirm| rain-guard umbrella
WerterBuch | WerterBuch | words-book dictionary
Eisenbahn Eisen-Bahn iron-path railroad
Input: Distilled glossedrom Swedish-Endish dictionary
Sjukhus Sjhu-Khus sick-house hospital
Jarnvag Jarn-vag iron-path railway
Ordbok Ord-Bok words-book dictionary

Goal: Totranslate new Albanian compounds

Hekurudle | HekurUdhe T iron-path [ 772

Tablel: Examplelexical resourcesisedin this taskandtheir
applicationto translatingcompoundwvordsin new languages.

With thesechallengesn mind, the primary goal of

this work is to improve the coverageof translation
lexicons for compounds,as illustrated in Table 1

andFigurel, in multiple newv languagesWe show

how using cross-languageompoundevidenceob-
tainedfrom bilingual dictionariescan aid in com-
poundtranslation. A primary motivating idea for

this work is that the literal componentglossesfor

compoundwords (suchas OironpathClor railway)

is oftenreplicatedin multiple languagesproviding

insightinto the Buenttranslationof a similar literal

glossin anew (oftenresource-pooranguage.

2 ResourcesUtilized

The only resourceutilized for our compoundrans-
lation lexicon algorithmis a collection of bilingual
dictionaries. We usedbilingual dictionary collec-
tions for 50 languageghat were acquiredin elec-
tronic form over thelnternetor via opticalcharacter
recognition(OCR) on paperdictionaries.Note that
noparallel or evenmonolingualcorporais required,
their usedescribedaterin the paperis optional.
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3 RelatedWork

The compound-translatiofiteraturetypically deals
with thesesteps:1) Compoundsplitting, 2) transla-
tion candidategenerationand 3) translationcandi-
datescoring. Compoundsplitting is generallydone
using translationlexicon lookup and allowing for
differentsplitting optionsbasedn corpusfrequeng
(Zhangetal., 2000;KoehnandKnight, 2003).
Translation candidategenerationis an important
phaseand this is where our work differs signib-
cantlyfrom the previousliterature.Most of the pre-
vious work has beenfocusedon generatingcom-
positional translationcandidatesthat is, the trans-
lation candidatef the compoundwords are lexi-
cally composeaf thecomponentvord translations
This hasbeendoneby eitherjust concatenatinghe
translationsof componentwords to form a candi-
date(Grefenstette1999; CaoandLi, 2002),or us-
ing syntactictemplatessuchas Ok in E;0,0F of
E,Oto form translationcandidategrom the transla-
tion of the componentwords E, and E; (Baldwin
and Tanaka,2004), or using synsetsof the compo-
nentword translationsto include synorymsin the
compositionatandidategNavigli etal., 2003).
Theabove classof work in compositional-candida
generationfails to translate compoundssuch as
Krankenhaus (hospital) whose componentword
translationsareKranken (sidk) and Haus(hospital)
andcomposingsick andhousein ary orderwill not
resultin the correcttranslation(hospita). Another
problemwith usingbxed syntactictemplateds that
they arerestrictedto the specibgatternsoccurring
in the taget language. We shav how one canuse
the gloss patternsof compoundsn multiple other
languageso hypothesizdranslationcandidateshat
arenotlexically compositional.

4 Approach

Ourapproacho compoundvordtranslations illus-
tratedin Figurel.

4.1 Splitting compoundwords and gloss
generationwith translation lexiconlookup
We Prstsplit a given sourceword, suchasthe Al-
baniancompoundhekurudie into a setof compo-
nentword partitions,suchashekur(iron) andudhe
(path). Ourinitial approachs to considerall possi-
ble partitionsbasedn contiguousomponentvords
foundin a small dictionary for the languageasin

Goal: To translate this
Albanian compound word:

hekurudhé& zog | bird
Compound splitting udh¢ | path
using lexicon lookup <d--+ | hekur | iron
hekur | udhé,’ vadis | water
L —~J
l f Using small Albanian
English dictionary
iron path

(English gloss)

Lookup words in other
languages that result in

@ "iron path" after splitting

Candic!ate Italian-English dictionary
translations ferrovia  -—-> ferrollll"#$
of h%\lf_ur_ui:lh 0 “(railroad)y <--- (iron) (path)

\ - —/

German-English dictionary
eisenbahn ---> eisen bahn
W {railroad) > < (iron) (path)

Swedish-English dictionary
\ jdmyédg -—->  jérn vig
\\‘ f’(railway)\/\ <--- (iron)  (path)

~

\ | Uighur-English dictionary
1 _tomiiryol ---> tomiir

yol
(path)

~

SNS—_——--

L1l

Algorith tout railroad | 0.19

gorithm outpu .

for hekurudh' railway | 0.14
(iron) (path) rail 0.05

L L

Figure 1: Illustration of using cross-languagevidenceus-
ing bilingual dictionariesof differentlanguagegor compound
translation
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Brown (2002)andKoehnandKnight (2003} For a
givensplit, we generatets Englishglossedy using
all possibleEnglish translationsof the component
wordsgivenin thedictionaryof thatlanguagé.

4.2 Usingcross-languagevidencefrom

differ ent bilingual dictionaries
For mary compoundwords (especiallyfor borrow-
ings), the compoundingprocesss identical across
several languagesand the literal English glossre-
mains the sameacrosstheselanguages. For ex-
ample,the English word railway is translatedas a
compoundvordin mary languagesandthe English
glossof thosecompoundss often Oiron pathOor a
similar literal meaning. Thus knowing the Ruent
English translationof the literal gloss Qiron pathO
in somerelatively resource-richanguagerovidesa
vehiclefor the translationfrom all otherlanguages
sharingthatliteral glos$

4.3 Ranking translation candidates

The conbdencen the correctnes®f a mappingbe-
tweena literal gloss (e.g. OironpathO)and RBuent
translation(e.g. OraitoadO)can be basedon the
numberof distinctlanguagegxhibiting thisassocia-
tion. Thuswe rankthe candidatdranslationgyener

atedvia differentlanguagesasin Figure 1 asfol-

lows: For a given target compoundword, say f ¢

with a setof English glossesG obtainedvia mul-

tiple splitting optionsor multiple componentword

translationsthe translationprobability for a candi-
datetranslationcanbtlacomputeohs:

p(eclfc) p(ec, 9lf c)
?! G

p(alf c) ap(eclg, fc)
?! G

p(alf ) ap(ec|g)
g G

In orderto avoid inRectionsascomponent-wrdswe limit
thecomponent-wrd lengthto atleastthreecharacters.

2Thealgorithmis allowedto generatenultiple glossegiron
wayO OironroadQetc. basedon multiple translatims of the
componentvords. Multiple glossesonly addto the numberof
translationcandidategenerated.

3For the gloss,OironpathOwe found 10 otherlanguagesn
which somecompoundword hasthe English glossafter split-
ting andcomponent-wrd translation

“We do assumean existing small translationlexicon in the
tamget languageor the individual component-wrds, but these
areoften higherfrequency wordsand presenteitherin a basic
dictionaryor discoverablethroughcorpus-basedechniques.

where, p(glfc) = p(aulfi) ap(glfz). f1,f2 are
the individual component-wrds of compoundand

01,92 are their translationsfrom the existing dic-
tionary For humandictionaries, p(g|f¢) is uni-
form for all g ! G, while variable probabilities
canalsobe acquiredfrom bitext or othertranslation

discovery approaches.Also, p(ec|g) = %

wheref reqg, &) is the numberof timesthe com-

poundword with English gloss g is translatedas

e in the bilingual dictionariesof other languages
andf reqg) is thetotalnumberof timesthe English

glossappearsn thesedictionaries.

5 Evaluation using Exact-match
Translation Accuracy

For evaluation, we assesghe performanceof the
algorithm on the following 10 languages: Alba-
nian, Arabic, Bulgarian, Czech, Farsi, German,
Hungarian, Russian,Slovak and Swedish. We de-
tail both the averageperformanceor theselO lan-
guages(Avgip), aswell as provide individual per
formancedetails on Albanian, Bulgarian, German
and Swedish. For eachof the compoundtrans-
lation models, we report coverage(the # of com-
poundwordsfor which a hypothesisvasgenerated
by the algorithm)and Top1l/Topl0accurag. Topl
and Top 10 accurag are the fraction of words for
which a correcttranslation(listed in the evaluation
dictionary) appearsn the Top 1 and Top 10 trans-
lation candidatesespectiely, asranked by the al-
gorithm. Becausesvaluationdictionariesare often
missingacceptabléranslationge.g. railroadrather
thanrailway), andary deviationfrom exact-matchs
scoredasincorrect,thesemeasuresvill be a lower
bound on acceptabletranslationaccurag. Also,
target languagemodelscan often selecteffectively
amongsuchhypothesidistsin context.

6 Comparison of different compound
translation models

6.1 A simplemodelusingliteral English gloss
concatenationasthe translation

Our baselinemodelis a simpleglossconcatenation
modelfor generatingcompositionatranslationcan-
didateson the lines of Grefenstett¢1999)andCao
andLi (2002). We take the translationsof the in-
dividual component-wrds (e.g. for the compound
word hekurudl®, they would be hekur (iron) and
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udhe (path)) andhypothesizeshreetranslationcan-
didatevariants: OironpathOQiron-path@nd Oiron-
pathO. A testinstanceis scoredas correctif ary
of thesetranslationcandidatesccurin the transla-
tions of hekurudi® in the bilingual dictionary This
baselingperformancaneasuresion well simple lit-
eralglossesene astranslaton candidatesln cases
suchastheGermarcompoundNu8shale(nutshel),
which is a simple concatenatiorof the individual
componentNug(nut)and Stale (shell), theliteral
glossis correct.For this baselinejf thecomponent-
words have multiple translationsthen eachof the
possibleEnglish glossis ranked randomly While
Grefenstett¢1999)andCaoandLi (2002)proposed
re-rankingthesecandidatesisingweb-datathe po-
tentialgainsof thisrankingarelimited, aswe seein
Table?2 thateventhe FoundAcc. is very low®, that
is for mostof the caseghe correcttranslationdoes
notappeamrywherein thesetof Englishglosse8

Language | Cmpnd wrds Topl | Topl0 | 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
Avgio 14228(17.84%) | 0.002 | 0.030 | 0.055

Table2: Baselineperformanceaisingunreorderediteral En-
glish glossesas translations. The percentagein parentheses
indicatewhatfractionof all thewordsin thetest(entire)vocab-
ulary weredetectedandtranslatedcascompounds.

6.2 Usingbilingual dictionaries

This sectiondescribesheresultsfrom themodelex-
plainedin Section4. To recap,this modelattempts
to translae every testword suchthatthereis atleast
oneadditionallanguagewhosebilingual dictionary
supportsanequialentsplit andliteral Englishgloss,
andbasesdts translationhypothese®n the consen-
susBuenttranslation(sorrespondingo the literal
glossedn theseotherlanguages.The performance
is shawvn in Table3. The substantialncreasen ac-
curag over the baselinendicatesthe usefulnes®of

FoundAcc. is the fraction of examplesfor which the cor-
recttranslationrappearanywhee in the n-bestlist

80neexplanationfor this could bethatfor only a smallper
centageof compoundwords, their dictionary translationsare
formedby concatenatingheir English glosses.Also, Grefen-
stette(1999)reportsmuchhigheraccuraciesor Germaronthis
modelbecause¢he 724 Germantestcompoundsverechoserin
suchaway thattheir correcttranslations aconcatenationf the
possiblecomponentvord translations.

such gloss-to-translatioguidancefrom other lan-
guages.The restof the sectionsdetail our investi-
gationof improvementdo this model.

Language | Compoundwords | Topl | Topl0
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
Avgio 9320.9(11.98%) 0.184 | 0.326

Table 3: Coverageandaccurag for the standardmodel us-
ing gloss-to-Buentranslationmappingdearnedfrom bilingual
dictionariesn otherlanguagegin forwardorderonly).
6.3 Usingforward and backward ordering for
English glosssearch
In our standardmodel, the literal Englishglossfor
a sourcecompoundword (for example,iron path)
matcheglossesin otherlanguagelictionariesonly
in theidenticalordet But giventhat modiber/head
word order often differs betweenlanguages,we
test how searchingfor both orderings(e.g. Oion
pathOand OpathironQ canimprove performance,
asshavnin Table4. Thepercentagem parentheses
shaw relative increaserom the performanceof the
standardnodelin Section6.2. We seea substantial
improvementin bothcoverageandaccurag.

Language | Cmpnd wrds Topl Topl0
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%)
Avgio 9603(+3.03%) | .193(+4.89%) | .362(+11.04%)

Table4: Performancdor looking up Englishglossvia both
orderings.Thepercentagems parenthesearerelative improve-
mentsfrom the performancen Table3

6.4 Increasingcoveragjeby automatically
discovering compound morphology

For mary languagesthe compoundingprocessn-
troducesits own morphology (Figure 2). For ex-
ample,in German the word Gesdaftsthrer (man-
ager) consistsof the lexemesGesdhaft (business)
andFuhrer (guide)joined by thelexeme-s. For the
purpose®fthesesxperimentsyewill call suchlex-
emesbllers or middle glue characters. Koehnand
Knight (2003)useda bPxedsetof two known Pllerss
andesfor handlingGermarcompoundsTo broaden
theapplicability of thiswork to new languagesvith-
out linguistic guidance,we shov how suchbllers
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GeschSftsfYhre
(Manager)

Paterfamilias
(Household head)

¢ [N\
GeschSft + s + FYhrer Pater+ Familia+ s

(Business) (Guide) (Father) (Family)
s as Middle Glue s as End Glue
in German in Latin

Figure 2: lllustration of compoundingmorphology using
middleandendglue characters.

can be estimateddirectly from corporain different
languages. In additionalto Pllers, compoundcan
alsointroducemorphologyat the sufox or prebxof
compoundsfor example,in the Latin languagethe
lexemepaterfamiliascontainsthe genitive form fa-
milias of the lexemefamilia (family), thuss in this
caseis referredto asthe OendglueOcharacter To

Language | Cmpnd wrds Topl Topl0
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%)
Avgio 10273(+6.98%) | .194(+0.52%)| .363(+0.28%)

Albanian ][ Bulgarian German | Swedish
Top 5 Middle Glue Character(s)

i 0.059 1 O 0.129 s | 0.133] s | 0.132
s | 0048 L 0.046 n 0.090 || I | 0.051
t | 0.042|| H 0.036 k | 0.066 || n | 0.049
r 0.042 1| 3 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| 0146 | 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(bllers)andendgluesdiscovered
for eachlanguagealongwith their probalility scores.

augmentthe splitting stepoutlinedin Section4.1,
we allow deletionof up to two middle characters
andtwo endcharacters.Then,for eachglue candi-
date(for examplees, we estimatets probability as
therelatve frequeng of uniquehypothe&zed com-
poundwordssuccessfullyusingthatparticularglue.
We rankthesetof gluesby their probabilityandtake
the top 10 middle andendgluesfor eachlanguage.
A sampleof gluesdiscoreredfor someof the lan-
guagesareshawn in Table5. The performanceor
the morphologystepis shavn in Table6. Therela-
tive percentag@mprovementsarewith respecto the
previous Section6.3. We obsenre signiPcangainin
coverageastheRexibility of glueprocesallowsdis-
covery of morecompounds.

6.5 Re-ranking using contextvector projection
We may furtherimprove performancey re-ranking
candidatdranslationsasedon the goodnes®f se-
mantic Obthetweentwo words, as measuredoy

Table 6: Performancdor increasingcoverageby including
compoundingnorphology The percentagei parentheseare
relative improvementdrom the performancen Table4

their contet similarity. Thiscanbeaccomplishecs
in Rapp(1999)andSchafelandYarownsky (2002)by
creatingbag-of-words context vectorsaroundboth
the sourceandtargetlanguagenvordsandthenpro-
jecting the sourcevectorsinto the (English) target
spacevia the current small translationdictionary
Oncein the sameanguagespacesourcewordsand
their translationhypothesesare comparedvia co-
sinesimilarity usingtheir surroundingcontect vec-
tors. We performedthis experimentfor German
andSwedishandreportaverageaccuraciesvith and
without this additionin Table 7. For monolingual
corpora,we usedthe Germanand Swedishside of
the Europarlcorpus(Koehn,2005)consistingof ap-
proximatelyl5million and21million wordsrespec-
tively. We were ableto projectcontet vectorsfor
an averageof 4224.5words in the two languages
amongall the possiblecompoundwvordsdetectedn
Section6.4. The poor Eurpoarlcoveragecould be
dueto the fact that compoundwords are generally
technicalwordswith low Europaricorpusfrequeny,
especiallyin parliamentaryproceedingsWe believe
that the small performancegains here are due to
thesdimitations of themonolingualcorpora.

Method Toplavg | ToplQwg
Original ranking 0.196 0.388
Comb with Context Sim | 0.201 0.391

Table7: Averageperformanceon Germanand Swedishwith
andwithout using context vector similarity from monolingual
corpora.

6.6 Usingphrase-tablesif a parallel corpusis
available

All previousresultsin this papethave beerfor trans-
lation lexicon discovery withoutthe needfor paral-
lel bilingual text (bitext), which is oftenin limited
supply for lower-resourcelanguages. However, it
is usefulto asses$ow this translationlexicon dis-



covery work compareswith traditionalbitext-based
lexicon induction(andhow well the approachesan
be combined).For this purposewe usedphraseta-
bleslearnedby the standardstatisticalMT Toolkit
Moses(Koehnet al., 2007). We testedthe phrase-
tableaccurag on two languagespnefor which we
hadalot of paralleldataavailable (German-English
Europarlcorpuswith approx.15 million words)and
onefor which we hadrelatively little parallel data
(Czech-Englismews-commentarycorpuswith ap-
prox. 1 million words). This wasdoneto seehow
the amountof paralleldataavailable affectsthe ac-
curag andcoverageof compoundranslation.Table
8 shaws the performancefor this experiment. For
German,we seea signiPcanimprovementin accu-
ragy andfor Czechasmallimprovementin Top1but
a declinein Topl0accurag. Note that theseac-
curaciesare still quite low ascomparedo general
performanceof phrasetablesin an end-to-endvT
systembecauseave are measuringexact-matchac-
curag on a generallymore challengingand often-
lowerfrequeng lexicon subset. The third row in
Table 8 for eachof the languageshaows thatif one
hada parallelcorpusavailable,its n-bestlist canbe
combinedwith the n-bestlist of Bilingual Dictio-
nariesalgorithmto provide muchhigherconsensus
accurag gainsusingweightedvoting.

Method # of words | Topl | ToplO
translated | Acc. | Acc.

German

BiDict 13372 0.200 | 0.391
Parallel CorpusSMT | 3281 0.423 | 0.576
Parallel+ BiDict 3281 0.452| 0.579
Czech

BiDicti, resh =1 3455 0.276 | 0.514
ParallelCorpusSMT | 309 0.285| 0.404
Parallel+ BiDict 309 0.359 | 0.599

Table 8: Performanceof this paper€BiDict apgroachcom-
paredwith andaugmenteavith traditional statisticalMT learn-
ing from bitext.

7 Quantifying the Role of Cross-languages

7.1 Coverage/AccuracyTrade off

The numberof language®ffering a translationhy-
pothesisfor a given literal English glossis a use-
ful parametefor measuringconbdencén the algo-
rithm@ selection. The more distinct languagesx-
hibiting a translationfor the gloss,the higherlik e-
lihood that the majority translationwill be correct

Coverage/Accuracy Tradeoff

o
©

—— Avg Top 1 Acc.
= =& = Avg Top 10 Acc.

o
®

>= x: threshold for
# of languages

o o I
o o ~

Exact match accuracy

o
=

0.3

T T T T T T T
400 600 800 1000 1200 1400 1600

# of words translated as compounds

Figure3: Coverage/Accuragtradeoff curve by incrementing
theminimumnumberof languagesxhibiting a candidatdrans-
lation for thesource-vord®literal Englishgloss.Accurag here
is theToplaccurag averagedver all 10 testlanguages.

ratherthannoise. Varying this parametegieldsthe
coverage/accuractradeoff asshovn in Figure3.

7.2 Varying sizeof bilingual dictionaries

Figure 4 illustrateshow the size of the bilingual
dictionariesusedfor providing cross-languagevi-
denceaffects translationperformance. In orderto
take both coverageandaccuray into account,per
formancemeasureusedwas the F-scorewhich is
a harmonicaverageof Precision(the accurag on
the subsetof words that could be translated)and
Psuedo-recallwhichis thecorrectlytranslatedrac-
tion out of total wordsthatcouldbetranslatediusing
100%o0f thedictionarysize).We canseein Figure4
thatincreasinghe percentagef dictionarysize’ al-
ways helpswithout plateauing suggestingsubstan-
tial extrapolationpotentialfrom large dictionaries.

7.3 Greedyvs Random Selectionof Utilized
Languages

A naturalquestionfor our compoundranslational-
gorithm is how doesthe choice of additionallan-
guagesaffect performance.We reporttwo experi-
mentson this question. A simple experimentis to
usebilingual dictionariesof randomlyselectedan-
guagesandtestthe performanceof K-randomlyse-
lectedlanguage® incrementingk until it is thefull
setof 50 languages.The dashedinesin Figures5

"Eachrun of choosinga percetiageof dictionary sizewas
averagedover 10runs

8Eachrun of randomlyselectingk languagesvasaveraged
over10runs.
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Figure4: F-measurgerfamancegiven varying sizesof the
bilingual dictionariesusedfor cross-languagevidence(as a
percentagef wordsrandomlyutilized from eachdictionary).
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Figure5: Top-1matchF-scoreperformancautilizing K lan-
guagedor cross-languagevidence,for both a randomK lan-
guagesandgreedyselectionof the mosteffective K languages
(typically theclosestor largestdictionaries)
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= == K-Random

o
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a

—— K-Greedy
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# of languages utilized (K)

o

Figure 6: The performanceelationshipdetailed in Figure5
captionfor Top-10matchF-score.

and6 show thistrend. The performances measured
by F-scoreasin section7.1, where Pseudo-Recall
hereis the fraction of correctcandidate®ut of the
totalcandidateshatcouldbetranslatechadwe used
bilingual dictionariesof all the languages.We can
seethat addingrandombilingual dictionarieshelps
improve theperformancen acloseto linearfashion.
Furthermore,we obsene that certain contributing
languagesre muchmoreeffective thanothers(e.qg.
Arabic/Farsivs. Arabic/Czech). We usea greedy
heuristicfor ranking an additional cross-language,
thatis thenumberof testwordsfor whichthecorrect
Englishtranslationcanbe provided by the bilingual
dictionaryof therespectie cross-languagerigures
5 and 6 shav that greedyselecton of the mostef-
fective K utilized languagesisingthis heuristicsub-
stantially accelerateperformance.In fact, beyond
thebestl0languagesperformancelateausandac-
tually decreaseslightly, indicating that increased
noiseis outweighingincreaseaoverage.

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: lllustrating 3-bestcross-languagesbtainedfor each
testlanguage(shavn in bold). Eachrow shows the effect of
addingthe respectre cross-languagt the setof languagesn
the rows above it and the corresponthg F-scoreg(Top 1 and
Top 10) achieved.

7.4 Languagesfound using Greedyselection

Table 9 shows the setsof the most effective three
cross-languaggsertestlanguageselectedisingthe
greedyheuristicexplainedin previous section.Un-
surprisingly relatedlanguagesend to help more
thandistantlanguages. For example,Dutchis most



effective for thetestlanguagesermanandSlovakis
mosteffective for Czech. We canalsoseeinterest-
ing symmetriesbetweenrelatedlanguagesfor ex-
ample: Farsiis the top languageusedfor testlan-
guageArabic andvice-versa. Suchsymmetriescan
alsobeseerfor otherpairsof relatedanguagesuch
as(Czech,Slovak) and (RussianBulgarian). Thus,
relatedlanguagesre mosthelpful andthey canbe
relatedin severalwayssuchasetymologically cul-
turally and physically (such as Hungarian contact
with the Germaniclanguages). The secondpoint
to note is that languageshaving large dictionaries
alsotend to be especiallyhelpful, even when un-
related. This canbe seenby the presenceof Hun-
garianin top threecross-languagef®r mostof the
testlanguagesThisis likely becaus¢lungarianwas
oneof thelargestdictionariesandhencecanprovide
good coveragefor obtainingtranslationcandidates
of rarer or technicalcompoundswhich may have
morelanguageuniversalliteral glosses.

8 Conclusion

This paper has shovn that successfultranslation
of compoundscan be achiered without the need
for bilingual training text, by modeling the map-
ping of literal component-wrd glossege.g. Oiron-
pathO)into BuentEnglish (e.g. OrailvayO)across
multiple languages.An interestingproperty of us-
ing suchcross-languagevidenceis that one does
needto restrictthe candidateranslationgo compo-
sitional (or OglossyQjanslationsasour modelal-

lows the successfubenerationof more Buentnon-
compositionaltranslations. We further shov im-

provedperformancédy addingcomponent-sequence

andlearned-morphologynodelsalongwith context
similarity from monolingualtext and optionalcom-
binationwith traditionalbilingual-text-basedtrans-
lation discovery. Thesemodelsshav consistenper
formancegainsacrosslO diversetestlanguages.
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