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Abstract

Named entity phrasesare some of the
mostdif�cult phrasesto translatebecause
new phrasescan appearfrom nowhere,
andbecausemany aredomainspeci�c, not
to be found in bilingual dictionaries.We
presenta novel algorithm for translating
namedentity phrasesusingeasilyobtain-
ablemonolingualandbilingual resources.
We report on the applicationandevalua-
tion of thisalgorithmin translatingArabic
namedentitiesto English. We alsocom-
pareour resultswith the resultsobtained
from humantranslationsand a commer-
cial systemfor thesametask.

1 Intr oduction

Namedentity phrasesarebeingintroducedin news
stories on a daily basis in the form of personal
names,organizations,locations,temporalphrases,
and monetaryexpressions. While the identi�ca-
tion of named entities in text has received sig-
ni�cant attention (e.g., Mikheev et al. (1999) and
Bikel et al. (1999)), translation of named entities
has not. This translation problem is especially
challengingbecausenew phrasescan appearfrom
nowhere,andbecausemany named-entitiesaredo-
mainspeci�c, not to befoundin bilingualdictionar-
ies.

A systemthatspecializesin translatingnameden-
tities suchastheonewe describeherewould bean
importanttool for many NLP applications.Statisti-

cal machinetranslationsystemscanusesucha sys-
temasa componentto handlephrasetranslationin
orderto improve overall translationquality. Cross-
LingualInformationRetrieval (CLIR) systemscould
identify relevant documentsbasedon translations
of namedentity phrasesprovided by such a sys-
tem. QuestionAnswering(QA) systemscouldben-
e�t substantiallyfrom sucha tool sincethe answer
to many factoid questionsinvolve namedentities
(e.g.,answersto whoquestionsusuallyinvolvePer-
sons/Organizations, wherequestionsinvolveLoca-
tions, and when questionsinvolve Temporal Ex-
pressions).

In this paper, we describea systemfor Arabic-
English namedentity translation,thoughthe tech-
nique is applicableto any languagepair and does
not requireespeciallydif�cult-to-obtain resources.

The restof this paperis organizedasfollows. In
Section2, we give anoverview of our approach.In
Section3, we describehow translationcandidates
aregenerated.In Section4, we show how mono-
lingual cluesareusedto helpre-rankthetranslation
candidateslist. In Section5, we describehow the
candidateslist canbeextendedusingcontextual in-
formation. We concludethis paperwith theevalua-
tion resultsof our translationalgorithmonatestset.
Wealsocompareoursystemwith humantranslators
anda commercialsystem.

2 Our Approach

Thefrequency of named-entityphrasesin news text
re�ects thesigni�canceof theeventsthey areassoci-
atedwith. Whentranslatingnamedentitiesin news
storiesof internationalimportance,the sameevent



will most likely be reportedin many languagesin-
cluding the target language. Insteadof having to
comeup with translationsfor thenamedentitiesof-
ten with many unknown words in one document,
sometimesit is easierfor a humanto �nd a docu-
mentin thetargetlanguagethatis similar to, but not
necessarilya translationof, the original document
andthenextract thetranslations.Let's illustratethis
ideawith thefollowing example:

2.1 Example

We would like to translatethe namedentities that
appearin thefollowing Arabicexcerpt:
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TheArabic newspaperarticlefrom which we ex-
tractedthis excerpt is aboutnegotiationsbetween
the US andNorth Koreanauthoritiesregardingthe
searchfor theremainsof US soldierswho dieddur-
ing theKoreanwar.

We presentedtheArabic documentto a bilingual
speakerand askedthem to translatethe locations
“
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kw�gān�g.” The translationsthey

provided wereChozinReserve, Onsan, andKojanj.
It is obviousthat thehumanattemptedto soundout
namesanddespitecomingclose,they failed to get
themcorrectlyaswe will seelater.

Whentranslatingunknown or unfamiliar names,
one effective approachis to searchfor an English
documentthat discussesthe samesubjectandthen
extractthetranslations.For thisexample,westartby
creatingthe following Web query that we usewith
thesearchengine:

Search Query 1: soldiersremains, search, North
Korea, andUS.

Thisqueryreturnedmany hits. Thetopdocument
returnedby the searchengine1 we usedcontained
thefollowing paragraph:

The targetedareais nearUnsan, which
saw several battles between the U.S.

1http://www.google.com/

Army's8thCavalry regimentandChinese
troopswho launcheda surpriseoffensive
in late1950.

Thisallowedusto createamoreprecisequeryby
addingUnsanto thesearchterms:

Search Query 2: soldiersremains, search, North
Korea, US, andUnsan.

Thissearchqueryreturnedonly3 documents.The
�rst one is the above document. The third is the
top level pagefor theseconddocument.Thesecond
documentcontainedthefollowing excerpt:

Operationsin 2001 will include areas
of investigationnear Kaechon,approxi-
mately18 milessouthof UnsanandKu-
jang. Kaechon includes an area nick-
named the ”Gauntlet,” where the U.S.
Army's 2nd Infantry Division conducted
its famous �ghting withdrawal along a
narrow roadthroughsix milesof Chinese
ambush positionsduring Novemberand
December1950. More than950 missing
in action soldiersare believed to be lo-
catedin thesethreeareas.

The Chosin Reservoir campaignleft ap-
proximately 750 Marines and soldiers
missingin action from both the eastand
westsidesof thereservoir in northeastern
NorthKorea.

This humantranslationmethodgivesus the cor-
recttranslationfor thenamesweareinterestedin.

2.2 Two-StepApproach

Inspiredby this, our goal is to tacklethenameden-
tity translationproblemusingthesameapproachde-
scribedabove,but fully automaticallyandusingthe
leastamountof hard-to-obtainbilingual resources.

As shown in Figure1, the translationprocessin
our systemis carriedout in two main steps.Given
a namedentity in the sourcelanguage,our transla-
tion algorithm�rst generatesarankedlist of transla-
tion candidatesusingbilingual andmonolingualre-
sources,which we describein theSection3. Then,
the list of candidatesis re-scoredusing different
monolingualclues(Section4).
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Figure1: A sketchof our namedentity translation
system.

3 Producing Translation Candidates

Named entity phrases can be identi�ed fairly
accurately (e.g., Bikel etal. (1999) report an F-
MEASURE of 94.9%). In addition to identify-
ing phraseboundaries,named-entityidenti�ers also
provide the category andsub-category of a phrase
(e.g., ENTITY NAME , and PERSON). Dif ferent
types of namedentities are translateddifferently
andhenceourcandidategeneratorhasa specialized
modulefor eachtype. Numericalandtemporalex-
pressionstypically usea limited set of vocabulary
words (e.g., namesof months,days of the week,
etc.)andcanbetranslatedfairly easilyusingsimple
translationpatterns.Therefore,we will not address
themin this paper. Insteadwe will focuson person
names,locations,andorganizations.But beforewe
presentfurther details,we will discusshow words
canbe transliterated(i.e., “sounded-out”),which is
a crucialcomponentof ournamedentity translation
algorithm.

3.1 Transliteration

Transliterationis the processof replacingwordsin
the sourcelanguagewith their approximatepho-
netic or spellingequivalentsin the target language.
Transliterationbetweenlanguagesthat usesimilar
alphabetsandsoundsystemsis very simple. How-
ever, transliteratingnamesfrom Arabic into English
is a non-trivial task,mainly due to the differences
in their soundandwriting systems.Vowels in Ara-
bic come in two varieties: long vowels and short
vowels. Short vowels are rarely written in Arabic
in newspapertext, which makespronunciationand
meaninghighly ambiguous.Also, thereis no one-
to-onecorrespondencebetweenArabic soundsand
Englishsounds.For example,EnglishP andB are
bothmappedinto Arabic “ �

�

b”; Arabic “ � h. ” and

“ � h-” into EnglishH; andsoon.
StallsandKnight (1998) present an Arabic-to-

English back-transliterationsystem basedon the
source-channelframework. The transliterationpro-
cessis basedon a generative modelof how an En-
glish nameis transliteratedinto Arabic. It consists
of several steps,eachis de�ned as a probabilistic
model representedasa �nite statemachine. First,
an English word is generatedaccordingto its uni-
gramprobabilities������� . Then,theEnglishword is
pronouncedwith probability ����	�
��
� , which is col-
lecteddirectlyfrom anEnglishpronunciationdictio-
nary. Finally, theEnglishphonemesequenceis con-
vertedinto Arabic writing with probability ������
�	�� .
According to this model, the transliterationproba-
bility is givenby thefollowing equation:

��������
 �����������������
������	�
��
��������
 	�� (1)

The transliterationsproposedby this model are
generallyaccurate. However, one seriouslimita-
tion of this methodis thatonly Englishwordswith
known pronunciationscanbe produced.Also, hu-
man translatorsoften transliteratewords basedon
how they are spelledin the sourcelanguage. For
example, Graham is transliteratedinto Arabic as
“ ���

�

��




� �grāhām” andnot as“ �

��




� �grām”. To ad-
dresstheselimitations, we extendthis approachby
usinga new spelling-basedmodelin additionto the
phonetic-basedmodel.

Thespelling-basedmodelwe propose(described
in detail in (Al-OnaizanandKnight, 2002))directly



mapsEnglishlettersequencesinto Arabic letterse-
quenceswith probability ������
��
� , which aretrained
onasmallEnglish/Arabicnamelist withouttheneed
for Englishpronunciations.Sincenopronunciations
areneeded,thislist iseasilyobtainablefor many lan-
guagepairs. We alsoextendthemodel �����
� to in-
cludea letter trigrammodelin additionto theword
unigrammodel. This makesit possibleto generate
wordsthatarenot alreadyde�ned in the word uni-
grammodel. The transliterationscoreaccordingto
thismodelis givenby:

������� 
 ��� �������
��������
 �
� (2)
The phonetic-basedand spelling-basedmodels

are combinedinto a single transliterationmodel.
The transliterationscore for an English word �

given an Arabic word � is a linear combinationof
thephonetic-basedandthespelling-basedtransliter-
ationscoresasfollows:

��� ��
������

�

������� 
 ����� ���
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����� ��� 
 ��� (3)
3.2 Producing Candidatesfor PersonNames

Personnamesarealmostalwaystransliterated.The
translationcandidatesfor typical personnamesare
generatedusingthetransliterationmoduledescribed
above. Finite-statedevices producea lattice con-
tainingall possibletransliterationsfor agivenname.
Thecandidatelist is createdby extractingthen-best
transliterationsfor a givenname.Thescoreof each
candidatein the list is the transliterationprobabil-
ity asgivenby Equation3. For example,the name
“
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byl” is transliteratedinto: Bell
Clinton, Bill Clinton, Bill Klington, etc.

3.3 Producing Candidatesfor Location and
Organization Names

Words in organizationand location names,on the
otherhand,areeither translated(e.g., “
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t�swzyn” asChosin), andit is not clearwhena word
must be translatedand when it must be transliter-
ated. So to generatetranslationcandidatesfor a
given phrase� , wordsin the phraseare�rst trans-
latedusinga bilingual dictionaryandthey arealso
transliterated. Our candidategeneratorcombines
the dictionaryentriesandn-besttransliterationsfor
eachword in thegivenphraseinto a regularexpres-
sion that acceptsall possiblepermutationsof word
translation/transliteration combinations.In addition

to the word transliterationsand translations,En-
glish zero-fertility words(i.e., wordsthatmight not
have Arabic equivalentsin the namedentity phrase
such as of and the) are considered. This regular
expressionis thenmatchedagainsta large English
news corpus.All matchesarethenscoredaccording
to their individual word translation/transliteration
scores. The scorefor a given candidate	 is given
by a modi�ed IBM Model 1 probability (Brown et
al., 1993)asfollows:

����	�

����� � � ��� ����	�� ��
 � � (4)
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where ( is the length of 	 , ) is the length of
� , � is a scaling factor basedon the numberof
matchesof 	 found, and �

! is the index of the En-
glish word alignedwith �

! accordingto alignment
� . Theprobability $

��	

��'
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� is a linearcombination
of thetransliterationandtranslationscore,wherethe
translationscoreis a uniform probability over all
dictionaryentriesfor �

! .
The scoredmatchesform the list of translation

candidates. For example, the candidatelist for
“
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ly�g” includesBayof Pigs

andGulf of Pigs.

4 Re-ScoringCandidates

Oncea rankedlist of translationcandidatesis gen-
eratedfor a given phrase,several monolingualEn-
glish resourcesareusedto helpre-rankthelist. The
candidatesarere-rankedaccordingto thefollowing
equation: +-,

��.

��/ �0�

+#1

�32

�&/ �547698��&/ � (6)

where 698��&/ � is there-scoringfactorused.
Straight Web Counts: (Grefenstette,1999)used

phraseWebfrequency to disambiguatepossibleEn-
glish translationsfor German and Spanishcom-
poundnouns. We use normalizedWeb countsof
namedentity phrasesas the �rst re-scoring fac-
tor usedto rescoretranslationcandidates.For the
“
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byl” example,the top two
translationcandidatesareBell Clinton with translit-
erationscore��:;��4<��=?>

�A@

andBill Clintonwith score
B

:DC54E��=
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. TheWebfrequency countsof thesetwo
namesare: ��G

B

and HIGJ=K�LHIG�G respectively. Thisgives



usrevisedscoresof ��:�� 4 � = >
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and
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,
respectively, which leadsto the correcttranslation
beingrankedhighest.

It is importantto considercountsfor thefull name
ratherthanthe individual wordsin the nameto get
accuratecounts.To illustratethis point considerthe
personname“
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kyl
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02.

�

�gwn.” The translit-
erationmoduleproposesJon and John as possible
transliterationsfor the�rst name,andKeeleandKyl
amongothersfor the last name. The normalized
countsfor theindividualwordsare: (John, 0.9269),
(Jon, 0.0688),(Keele, 0.0032),and (Kyl, 0.0011).
To usethesenormalizedcountsto scoreand rank
the�rst name/lastnamecombinationsin a waysim-
ilar to a unigramlanguagemodel,we would getthe
following name/scorepairs: (John Keele, 0.003),
(JohnKyl, 0.001),(JonKeele, 0.0002),and(JonKyl,

CK:�� 4 ��=
>�� ). However, thenormalizedphrasecounts

for the possiblefull namesare: (Jon Kyl, 0.8976),
(John Kyl, 0.0936),(John Keele, 0.0087),and(Jon
Keele, 0.0001),which is moredesirableasJon Kyl
is anoften-mentionedUSSenator.

Co-reference: Whena namedentity is �rst men-
tionedin anewsarticle,typically thefull form of the
phrase(e.g.,thefull nameof aperson)is used.Later
referencesto thenameoftenuseashortenedversion
of thename(e.g,thelastnameof theperson).Short-
enedversionsare more ambiguousby naturethan
thefull versionof a phraseandhencemoredif�cult
to translate.Also, longerphrasestendto have more
accurateWeb countsthanshorteronesas we have
shown above. For example,thephrase“ �
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� � m�gls” is translatedastheHouseof Rep-

resentatives. The word “ �

�!'(�

[ 	

�

al-m�gls”2 might
be usedfor later referencesto this phrase. In that
case,we areconfrontedwith the taskof translating
“ �

�!'(�

[ 	

�

al-m�gls” which is ambiguousand could
refer to a numberof things including: the Council

whenreferringto “
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andastheAssemblywhenreferringto “ �
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� m�gls” (NationalAssembly).

2“ ��������� ��� al-m�gls” is the sameword as“ �����

� �

m�gls” but

with thede�nite article ��� a- attached.

If we areableto determinethat in fact it wasre-
ferringto theHouseof Representatives, then,wecan
translateit accuratelyastheHouse. Thiscanbedone
by comparingthe shortenedphrasewith the restof
the namedentity phrasesof the sametype. If the
shortenedphraseis foundto beasub-phraseof only
oneotherphrase,then,we concludethat the short-
enedphraseis anotherreferenceto thesamenamed
entity. In that casewe usethe countsof the longer
phraseto re-rankthecandidatesof theshorterone.

Contextual Web Counts: In somecasesstraight
Webcountingdoesnot help the re-scoring.For ex-
ample,thetop two translationcandidatesfor “
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+�� dwnāld” areDonaldMartin andDon-
ald Marron. TheirstraightWebcountsare2992and
2509,respectively. Thesecountsdo not changethe
rankingof thecandidateslist. We next seeka more
accuratecountingmethodby countingphrasesonly
if they appearwithin acertaincontext. Usingsearch
engines,thiscanbedoneusingthebooleanoperator
AND. For thepreviousexample,we useWall Street
asthecontextual informationIn this casewe getthe
counts15 and113 for Donald Martin andDonald
Marron, respectively. This is enoughto get thecor-
recttranslationasthetopcandidate.

The challengeis to �nd the contextual informa-
tion thatprovide themostaccuratecounts.We have
experimentedwith severaltechniquesto identify the
contextualinformationautomatically. Someof these
techniquesusedocument-widecontextual informa-
tion suchasthe title of the documentor selectkey
termsmentionedin thedocument.Onewayto iden-
tify thosekey termsis to usethetf.idf measure.Oth-
ers usecontextual information that is local to the
namedentity in questionsuchas the  words that
precedeand/orsucceedthe namedentity or other
namedentitiesmentionedcloselyto theonein ques-
tion.

5 Extending the CandidatesList

There-scoringmethodsdescribedaboveassumethat
thecorrecttranslationis in thecandidateslist. When
it is not in the list, the re-scoringwill fail. To ad-
dressthis situation,we needto extrapolatefrom the
candidatelist. We do this by searchingfor the cor-
rect translationrather than generatingit. We do
that by using sub-phrasesfrom the candidateslist



or by searchingfor documentsin the target lan-
guagesimilar to the onebeing translated.For ex-
ample,for a personname,insteadof searchingfor
the full name,we searchfor the �rst nameandthe
lastnameseparately. Then,we usetheIdentiFinder
namedentity identi�er (Bikel et al., 1999)to iden-
tify all namedentitiesin the top  retrieved docu-
mentsfor eachsub-phrase.All namedentitiesof
thetypeof thenamedentity in question(e.g.,PER-
SON)foundin theretrieveddocumentsandthatcon-
tain thesub-phraseusedin thesearcharescoredus-
ing our transliterationmoduleandaddedto the list
of translationcandidates,and the re-scoringis re-
peated.

To illustratethismethod,considerthename“
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kwfy.” Our translationmoduleproposes:

CoffeeAnnan, CoffeeEngen, CoffeeAnton, Coffee
Anyone, andCovey Annanbut not thecorrecttrans-
lation Ko� Annan. We would like to �nd themost
commonpersonnamesthathaveeitheroneof Coffee
or Covey asa�rst name;or Annan, Engen, Anton, or
Anyoneas a last name. One way to do this is to
searchusingwild cards.Sincewe arenot awareof
any searchenginethatallowswild-cardWebsearch,
we canperforma wild-cardsearchinsteadover our
news corpus. The problemis that our news corpus
is datedmaterial,andit might not containtheinfor-
mationwe areinterestedin. In this case,our news
corpus,for example,might predatetheappointment
of Ko� Annan astheSecretaryGeneralof theUN.
Alternatively, usinga searchengine,we retrieve the
top  matchingdocumentsfor eachof the names
Coffee, Covey, Annan, Engen, Anton, andAnyone.
All personnamesfound in the retrieveddocuments
thatcontainany of the�rst or lastnamesweusedin
thesearchareaddedto the list of translationcandi-
dates.We hopethatthecorrecttranslationis among
thenamesfoundin theretrieveddocuments.There-
scoringprocedureis appliedoncemore on the ex-
pandedcandidateslist. In thisexample,weaddKo�
Annanto the candidatelist, and it is subsequently
rankedat thetop.

To addresscaseswhereneitherthecorrecttrans-
lation nor any of its sub-phrasescanbefoundin the
list of translationcandidates,we attemptto search
for, insteadof generating,translationcandidates.
This can be doneby searchingfor a documentin

the target languagethat is similar to the onebeing
translatedfrom the sourcelanguage. This is es-
pecially useful when translatingnamedentities in
news storiesof internationalimportancewherethe
sameeventwill mostlikely bereportedin many lan-
guagesincluding the target language.We currently
do thisby repeatingtheextrapolationprocedurede-
scribedabove but this time using contextual infor-
mationsuchasthe title of theoriginal documentto
�nd similar documentsin the target language.Ide-
ally, one would usea Cross-LingualIR systemto
�nd relevantdocumentsmoresuccessfully.

6 Evaluation and Discussion

6.1 TestSet

This sectionpresentsour evaluationresultson the
namedentitytranslationtask.Wecomparethetrans-
lation resultsobtainedfrom humantranslations,a
commercialMT system,andournamedentity trans-
lation system. The evaluation corpusconsistsof
two different testsets,a development test set and
a blind test set. The �rst setconsistsof 21 Arabic
newspaperarticles taken from the political affairs
sectionof the daily newspaperAl-Riyadh. Named
entityphrasesin thesearticleswerehand-taggedac-
cording to the MUC (Chinchor, 1997) guidelines.
They werethentranslatedto Englishby a bilingual
speaker(a native speakerof Arabic) given the text
they appearin. TheArabicphraseswerethenpaired
with their Englishtranslations.

Theblind testsetconsistsof 20Arabicnewspaper
articlesthatwereselectedfrom thepolitical section
of the Arabic daily Al-Hayat. The articleshave al-
readybeentranslatedinto English by professional
translators.3 Namedentity phrasesin thesearticles
were hand-tagged,extracted,andpairedwith their
Englishtranslationsto createtheblind testset.

Table1 showsthedistributionof thenamedentity
phrasesinto thethreecategoriesPERSON, ORGA-
NIZA TION , andLOCATION in thetwo datasets.

TheEnglishtranslationsin thetwo datasetswere
reviewed thoroughlyto correctany wrong transla-
tionsmadeby theoriginal translators.For example,
to �nd thecorrecttranslationof a politician'sname,
of�cial governmentwebpageswereusedto �nd the

3The Arabic articlesalong with their English translations
werepartof theFBIS2001Multilingual corpus.



TestSet PERSON ORG LOC
Development 33.57 25.62 40.81
Blind 28.38 21.96 49.66

Table 1: The distribution of namedentities in the
test setsinto the categoriesPERSON, ORGANI-
ZATION , andLOCATION . The numbersshown
aretheratioof eachcategory to thetotal.

correctspelling.In caseswherethetranslationcould
not be veri�ed, the original translationprovided by
the humantranslatorwas consideredthe “correct“
translation. The Arabic phrasesand their correct
translationsconstitutethe gold-standardtranslation
for thetwo testsets.

Accordingto ourevaluationcriteria,only transla-
tionsthatmatchthegold-standardareconsideredas
correct. In somecases,this criterion is too rigid, as
it will considerperfectlyacceptabletranslationsas
incorrect.However, sincewe useit mainly to com-
pareour resultswith thoseobtainedfrom thehuman
translationsand the commercialsystem,this crite-
rion is suf�cient. Theactualaccuracy �gures might
beslightly higherthanwhatwereporthere.

6.2 Evaluation Results

In orderto evaluatehumanperformanceat this task,
we comparedthetranslationsby theoriginal human
translatorswith thecorrecttranslationson thegold-
standard. The errorsmadeby the original human
translatorsturnedout to benumerous,rangingfrom
simple spelling errors(e.g., CustaRica vs. Costa
Rica) to moreseriouserrorssuchas transliteration
errors(e.g.,JohnKeelevs. Jon Kyl) andothertrans-
lation errors(e.g.,Union ReserveCouncil vs. Fed-
eral ReserveBoard).

The Arabic documentswere also translatedus-
ing a commercialArabic-to-Englishtranslationsys-
tem.4 The translationof the namedentity phrases
arethenmanuallyextractedfrom thetranslatedtext.
Whencomparedwith thegold-standard,nearlyhalf
of thephrasesin thedevelopmenttestsetandmore
thana third of the blind testweretranslatedincor-
rectly by the commercialsystem. The errorscan
beclassi�ed into severalcategoriesincluding: poor

4We usedSakhr'sWeb-basedtranslationsystemavailableat
http://tarjim.ajeeb.com/.

transliterations (e.g., Koln Baol vs. Colin Pow-
ell), translating a name instead of sounding it
out (e.g.,O'Neill' s urine vs. Paul O'Neill ), wrong
translation (e.g., Joint Corners Organizationvs.
Joint Chiefsof Staff) or wrongword order (e.g.,the
Church of theOrthodoxRoman).

Table2 showsadetailedcomparisonof thetrans-
lationaccuracy betweenoursystem,thecommercial
system,andthehumantranslators.Thetranslations
obtainedby our systemshow signi�cant improve-
mentover thecommercialsystem.In fact, in some
casesit outperformsthehumantranslator. Whenwe
considerthetop-20translations,oursystem'soverall
accuracy (84%) is higherthanthehuman's (75.3%)
ontheblind testset.Thismeansthatthereis a lot of
roomfor improvementonceweconsidermoreeffec-
tivere-scoringmethods.Also, thetop-20list in itself
is often usefulin providing phrasaltranslationcan-
didatesfor generalpurposestatisticalmachinetrans-
lation systemsor otherNLP systems.

Thestrengthof our translationsystemis in trans-
lating personnames,which indicatesthe strength
of our transliterationmodule. This might also be
attributedto the low namedentity coverageof our
bilingual dictionary. In somecases,somewords
that needto be translated(asopposedto transliter-
ated)arenot foundin ourbilingualdictionarywhich
mayleadto incorrectlocationor organizationtrans-
lationsbut doesnot affect personnames.The rea-
sonwordtranslationsaresometimesnotfoundin the
dictionary is not necessarilybecauseof the spotty
coverageof the dictionary but becauseof the way
we accessde�nitions in the dictionary. Only shal-
low morphologicalanalysis(e.g.,removing pre�xes
andsuf�x es)is donebeforeaccessingthedictionary,
whereasa full morphologicalanalysisis necessary,
especiallyfor morphologicallyrich languagessuch
asArabic. Anotherreasonfor doing poorly on or-
ganizationsis that acronyms and abbreviations in
the Arabic text (e.g., “ �

�

+ wās,” the SaudiPress
Agency) arecurrentlynot handledby oursystem.

The blind test set was selectedfrom the FBIS
2001 Multilingual Corpus. The FBIS datais col-
lectedby theForeignBroadcastInformationService
for the bene�t of the US government. We suspect
that thehumantranslatorswho translatedthedocu-
mentsinto Englisharesomewhat familiar with the
genreof the articlesand hencethe namedentities



System
Accuracy (%)

PERSON ORG LOC Overall
Human
Sakhr
Top-1Results
Top-20Results

60.00 71.70 86.10 73.70
29.47 51.72 72.73 52.80
77.20 43.30 69.00 65.20
84.80 55.00 70.50 71.33

(a) Resultson theDevelopmentTestSet

System
Accuracy (%)

PERSON ORG LOC Overall
Human
Sakhr
Top-1Results
Top-20Results

67.89 42.20 94.68 75.30
47.71 36.05 80.80 61.30
64.24 51.00 86.68 72.57
78.84 70.80 92.86 84.00

(b) Resultson theBlind TestSet

Table2: A comparisonof translationaccuracy for thehumantranslator, commercialsystem,andoursystem
on thedevelopmentandblind testsets.Only a matchwith thetranslationin thegold-standardis considered
a correcttranslation.The human translator resultsareobtainedby comparingthe translationsprovided
by the original humantranslatorwith the translationsin the gold-standard.The Sakhr resultsarefor the
Webversionof Sakhr's commercialsystem.TheTop-1 resultsof our systemconsiderswhetherthecorrect
answeris thetop candidateor not,while theTop-20resultsconsiderswhetherthecorrectansweris among
thetop-20candidates.Overall is a weightedaverageof thethreenamedentity categories.

Module
Accuracy (%)

PERSON ORG LOC Overall
CandidateGenerator
StraightWebCounts
ContextualWebCounts
Co-reference

59.85 31.67 54.00 49.96
75.76 37.97 63.37 61.02
75.76 39.17 67.50 63.01
77.20 43.30 69.00 65.20

(a) Resultson theDevelopmenttest set

Module
Accuracy (%)

PERSON ORG LOC Overall
CandidateGenerator
StraightWebCounts
ContextualWebCounts
Co-reference

54.33 51.55 85.75 69.44
61.00 46.60 86.68 70.66
62.50 45.34 85.75 70.40
64.24 51.00 86.68 72.57

(b) Resultson theBlind TestSet

Table3: This tableshows theaccuracy aftereachtranslationmodule.Themodulesareappliedincremen-
tally. Straight Web Counts re-scorecandidatesbasedon their Webcounts.Contextual Web Counts uses
Web countswithin a givencontext (we usedheretitle of the documentasthecontextual information). In
Co-reference, if the phraseto be translatedis part of a longerphrasethenwe usethe the rankingof the
candidatesfor thelongerphraseto re-rankthecandidatesof theshortone,otherwisewe leave thelist asis.



thatappearin thetext. Ontheotherhand,thedevel-
opmenttestset wasrandomlyselectedby us from
ourpoolof Arabicarticlesandthensubmittedto the
humantranslator. Therefore,thehumantranslations
in theblind setaregenerallymoreaccuratethanthe
humantranslationsin thedevelopmenttest.Another
reasonmight be the fact that the humantranslator
who translatedthedevelopmenttestis not a profes-
sionaltranslator.

Theonly exceptionto this trendis organizations.
After reviewing thetranslations,we discoveredthat
many of the organizationtranslationsprovided by
the humantranslatorin the blind testset that were
judgedincorrectwereacronymsor abbreviationsfor
the full nameof the organization(e.g., the INC in-
steadof theIraqi NationalCongress).

6.3 Effectsof Re-Scoring

As we describedearlier in this paper, our transla-
tion system�rst generatesa list of translationcan-
didates,thenre-scoresthemusingseveralre-scoring
methods.Thelist of translationcandidateswe used
for theseexperimentsareof size20. There-scoring
methodsare applied incrementallywhere the re-
rankedlist of one module is the input to the next
module. Table3 shows the translationaccuracy af-
tereachof themethodswe evaluated.

The most effective re-scoringmethod was the
simplest,the straightWeb counts. This is because
re-scoringmethodsare applied incrementallyand
straightWeb countswasthe �rst to beapplied,and
so it helps to resolve the “easy” cases,whereas
the othermethodsareleft with themore“dif �cult”
cases.It would be interestingto seehow rearrang-
ing theorderin whichthemodulesareappliedmight
affect theoverall accuracy of thesystem.

There-scoringmethodsweusedsofar arein gen-
eral most effective when applied to personname
translationbecausecorpusphrasecountsarealready
being usedby the candidategeneratorfor produc-
ing candidatesfor locationsandorganizations,but
not for persons. Also, the re-scoringmethodswe
usedwere initially developedand applied to per-
sonnames.More effective re-scoringmethodsare
clearly neededespeciallyfor organizationnames.
One method is to count phrasesonly if they are
taggedby a namedentity identi�er with the same
tag we are interestedin. This way we can elimi-

natecountingwrongtranslationssuchasenthusiasm
whentranslating“ �

�

 

W h. mās” (Hamas).

7 Conclusionand Futur eWork

We have presenteda namedentity translationalgo-
rithm that performsat nearhumantranslationac-
curacy when translatingArabic namedentities to
English. The algorithm usesvery limited amount
of hard-to-obtainbilingual resourcesandshouldbe
easilyadaptableto otherlanguages.We would like
to apply to other languagessuch as Chineseand
Japaneseandto investigatewhetherthe currental-
gorithm would performaswell or whethernew al-
gorithmsmightbeneeded.

Currently, our translationalgorithmdoesnot use
any dictionaryof namedentitiesandthey aretrans-
latedon the �y . Translatinga commonnameincor-
rectly hasa signi�cant effect on the translationac-
curacy. We would like to experimentwith addinga
small namedentity translationdictionary for com-
monnamesandseeif thismight improvetheoverall
translationaccuracy.
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