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ABSTRACT
This paperdescribesa systemandsetof algorithmsfor automati-
cally inducingstand-alonemonolingualpart-of-speechtaggers,base
noun-phrasebracketers,named-entitytaggersand morphological
analyzersfor an arbitraryforeign language.Casestudiesinclude
French,Chinese,CzechandSpanish.

Existing text analysistools for Englishareappliedto bilingual
text corporaand their outputprojectedonto the secondlanguage
via statisticallyderivedword alignments.Simpledirectannotation
projectionis quite noisy, however, even with optimal alignments.
Thusthispaperpresentsnoise-robusttagger, bracketerandlemma-
tizer trainingprocedurescapableof accuratesystembootstrapping
from noisyandincompleteinitial projections.

Performanceof the inducedstand-alonepart-of-speechtagger
appliedto Frenchachieves96%corepart-of-speech(POS)tagac-
curacy, andthe correspondinginducednoun-phrasebracketerex-
ceeds91%F-measure.Theinducedmorphologicalanalyzerachie-
vesover99%lemmatizationaccuracy on thecompleteFrenchver-
bal system.

This achievementis particularlynoteworthy in that it required
absolutelyno hand-annotatedtrainingdatain the given language,
andvirtually no language-specificknowledgeor resourcesbeyond
raw text. Performancealsosignificantlyexceedsthatobtainedby
directannotationprojection.

Keywords
multilingual,text analysis,part-of-speechtagging,nounphrasebrac-
keting,namedentity, morphology, lemmatization,parallelcorpora

1. TASK OVERVIEW
A fundamentalroadblocktodevelopingstatisticaltaggers,brack-

etersandotheranalyzersfor many of theworld’s 200+major lan-
guagesis theshortageor absenceof annotatedtrainingdatafor the
largemajorityof theselanguages.Ideally, onewould like to lever-

.
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Figure1: Projectingpart-of-speechtags,named-entitytagsand
noun-phrasestructur efr om English to Chineseand French.
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Figure2: Frenchmorphologicalanalysisvia English

agethe large existing investmentsin annotateddataandtools for
resource-richlanguages(suchas English and Japanese)to over-
cometheannotatedresourceshortagein otherlanguages.

To show the broadpotentialof our approachandmethods,this
paperwill investigatefour fundamentallanguageanalysistasks:
POStagging,basenoun phrase(baseNP)bracketing, nameden-
tity tagging,andinflectionalmorphologicalanalysis,asillustrated
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in Figures1 and2. Thesebedrocktoolsareimportantcomponents
of the� languageanalysispipelinesfor many applications,andtheir
low costextensionto new languages,asdescribedhere,canserve
asabroadlyusefulenablingresource.

2. BACKGROUND
Previousresearchon theword alignmentof parallelcorporahas

tendedto focuson their usein translationmodeltraining for MT
ratherthanon monolingualapplications.Oneexceptionis bilin-
gualparsing.Wu (1995,1997)investigatedthe useof concurrent
parsingof parallelcorporain a transductioninversionframework,
helpingto resolve attachmentambiguitiesin onelanguageby the
coupledparsingstatein the secondlanguage.JonesandHavrilla
(1998)utilizedsimilar joint parsingtechniques(twisted-pairgram-
mars)for word reorderingin targetlanguagegeneration.

However, with theseexceptionsin the field of parsing,to our
knowledgeno onehaspreviously usedlinguistic annotationpro-
jection via alignedbilingual corporato inducetraditional stand-
alonemonolingualtext analyzersin other languages.Thus both
our proposedprojectionandinductionmethods,andtheir applica-
tion to multilingual POStagging,named-entityclassificationand
morphologicalanalysisinduction,appearsto behighly novel.

3. DATA RESOURCES
The datasetsusedin theseexperimentsincludedthe English-

FrenchCanadianHansards,theEnglish-ChineseHongKongHan-
sards,and parallelCzech-EnglishReader’s Digest collection. In
addition,multiple versionsof the Bible wereused,including the
FrenchDouay-RheimsBible,SpanishReinaValeraBible,andthree
English Bible Versions(King James,New Internationaland Re-
visedStandard),automaticallyverse-alignedin multiple pairings.
All corporawereautomaticallyword-alignedby thenow publicly
availableEGYPT system(Al-Onaizanetal., 1999),basedon IBM’ s
Model 3 statisticalMT formalism(Brown et al., 1990). The tag-
ging andbracketing tasksutilized approximately2 million words
in eachlanguage,with the samplesizesfor morphologyinduc-
tion given in Table3. All word alignmentsutilized strictly raw-
word-basedmodelvariantsfor English/French/Spanish/Czechand
character-basedmodelvariantsfor Chinese,with no useof mor-
phologicalanalysisor stemming,POS-tagging,bracketingor dic-
tionaryresources.

4. PART-OF-SPEECHTAGGER INDUCTION
Part-of-speechtaggingis thefirst of four applicationscoveredin

thispaper. Thegoalof thiswork is to projectPOSanalysiscapabil-
ities from onelanguageto anothervia word-alignedparallelbilin-
gualcorpora.To do so,we useanexisting POStagger(e.g. Brill,
1995) to annotatethe Englishsideof the parallel corpus. Then,
asillustratedin Figure1 for ChineseandFrench,theraw tagsare
transferredvia the word alignments,yielding an extremelynoisy
initial trainingsetfor the2ndlanguage.Thethird crucialstepis to
generalizefrom thesenoisyprojectedannotationsin a robustway,
yieldingastand-alonePOStaggerfor thenew languagethatis con-
siderablymoreaccuratethantheinitial projectedtags.

Additional detailsof this algorithmaregiven in Yarowsky and
Ngai(2001).Dueto lackof space,thefollowing sectionswill serve
primarily asanoverview of thealgorithmandits salientissues.

4.1 Part-of-speechProjection Issues
First,becauseof considerablecross-languagedifferencesin fine-

grainedtagsetinventories,thiswork focusesonaccuratelyassign-
ing corePOScategories(e.g. noun,verb,adverb,adjective, etc.),

with additionaldistinctionsin verb tense,nounnumberandpro-
noun type as capturedin the English tagsetinventory. Although
impoverishedrelative to somelanguages,andincapableof resolv-
ing detailssuchasgrammaticalgender, this Brown-corpus-based
tagsetgranularityis sufficient for many applications.Furthermore,
many finer-grainedpart-of-speechdistinctionsareresolvedprimar-
ily by morphology, ashandledin Section7. Finally, if onedesires
to inducea finer-grainedtaggingcapabilityfor case,for example,
oneshouldprojectfrom areferencelanguagesuchasCzech,where
caseis lexically marked.

Figure3 illustratessix scenariosencounteredwhen projecting
POStagsfrom English to a languagesuchas French. The first
two show straightforward 1-to-1 projections,which are encoun-
tered in roughly two-thirds of English words. Phrasal(1-to-N)
alignmentsoffer greaterchallenges,as typically only a subsetof
the alignedwords acceptthe English tag. To distinguishthese
cases,we initially assignposition-sensitivephrasalparts-of-speech
via subscripting(e.g.Les/NNS� lois/NNS� ), andsubsequentlylearn
a probablisticmappingto core,non-phrasalpartsof speech(e.g.
P� DT � NNS��� ) thatis usedalongwith tagsequenceandlexical prior
modelsto re-tagthesephrasalPOSprojections.
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Figure3: FrenchPOStag projection scenarios

4.2 Noise-robust POSTaggerTraining
Even at the relatively low tagsetgranularityof English,direct

projectionof core POStagsonto Frenchachieves only 76% ac-
curacy using EGYPT’s automaticword alignments(as shown in
Table1). Part of this deficiency is due to word-alignmenterror;
whenword alignmentsweremanuallycorrected,directprojection
core-tagaccuracy increasedto 85%.Also, standardbigramtaggers
trainedon the automaticallyprojecteddataachieve only modest
successat generalization(86%whenreappliedto the noisy train-
ing data).Morehighly lexicalizedlearningalgorithmsexhibit even
greaterpotentialfor overmodelingthespecificprojectionerrorsof
thisdata.

Thus our researchhas focusedon noise-robust techniquesfor
distilling a conservative but effective taggerfrom this challenging
raw projectiondata.In particular, wemodifystandardn-grammod-
elingto separatethetrainingof thetagsequencemodel ������� from
the lexical prior models������� ��� , andapply differentconfidence
weightingandsignalamplificationtechniquesto both.

4.2.1 Lexical Prior Estimation
Figure4 illustratesthe processof hierarchicallysmoothingthe

lexical prior model ������ � !�� . Onemotivatingempiricalobservation
is thatwordsin French,EnglishandCzechhave a strongtendency
to exhibit only asinglecorePOStag(e.g. " or # ), andveryrarely
have morethan2. In English,with relatively high ��� POS� !�� am-
biguity, only 0.37%of thetokensin theBrown Corpusarenotcov-
eredby a word type’s two mostfrequentcoretags,andin French
the percentageof tokensis only 0.03%. Thuswe employ an ag-
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Evaluateon Evaluateon Unseen
E-FAlignedFrench MonolingualFrench
Core EngEqv Core EngEqv

Model Tagset Tagset Tagset Tagset

(a)Direct transfer(onauto-aligneddata) .76 .69 N/A N/A
(b) Direct transfer(onhand-aligneddata) .85 .78 N/A N/A
(c) Standardbigrammodel(onauto-aligneddata) .86 .82 .82 .68
(d) Noise-robustbigraminduction(onauto-aligneddata) .96 .93 .94 .91
(e)Fully supervisedbigramtraining(ongoldstandard) .97 .96 .98 .97

Table1: Evaluation of 5 POStagger induction modelson 2 Frenchdatasetsand 2 tagsetgranularities

gressive re-estimationin favor of this bias,amplifying the model
probability of the majority POStag, andreducingor zeroingthe
model probability of 2nd or lower ranked core tagsproportional
to their relative frequency with respectto the majority tag. This
processis thenappliedrecursively, similarly amplifyingtheproba-
bility of themajority subtagswithin eachcoretag. Furtherdetails,
includingthehandlingof 1-to-Nphrasalalignmentprojections,are
givenin Yarowsky andNgai (2001).
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prévu 1 11 48 0 0

$
Smoothed %&�')(+* ,.-

N V NN NNS VBN VBG

.76 .24 .73 .03 .03 .21

.90 .10 .86 .04 .03 .00

.94 .00 .04 .90 .00 .00

.09 .91 .08 .01 .86 .00

Figure4: Hierarchical smoothingof ��/���0� !�� tag probabilities

4.2.2 Tag SequenceModelEstimation
In contrast,thetrainingof thetagsequencemodel �����21+� �2143650798:8;8 �

focuseson confidenceweightingandfiltering of projectedtraining
subsequences.Thecontributionof eachcandidatetrainingsentence
is weightedproportionallywith both its EGYPT/GIZA sentence-
level alignmentscoreandanagreementmeasurebetweenthepro-
jected tagsand the 1st iteration lexical priors, a rough measure
of alignmentreasonableness.Given the observed bursty distri-
bution of alignmenterrors in the corpus,this downweightingof
low-confidencealignmentregionssubstantiallyimprovessequence
modelqualitywith tolerablereductionin trainingvolume.

4.3 Evaluation of POSTaggerInduction
As shown in Table1, performanceis evaluatedon two evalua-

tion datasets,including an independent200K-word hand-tagged
Frenchdatasetprovidedby Universit́e deMontréal,which is used
to gaugestand-alonetaggerperformance.Signalamplificationand
noisereductiontechniquesyield a71%errorreduction,achieving a
coretagsetaccuracy of 96%,closelyapproachingtheupper-bound
97% performanceof an equivalentbigrammodel traineddirectly
on an 80% subsetof the hand-taggedevaluationset(using5-fold
cross-validation). Thus robust training on 500K words of very
noisy but automatically-derived tag projectionscanapproachthe
performanceobtainedby fully supervisedlearningon 80K words
of hand-taggedtrainingdata.

5. NOUN PHRASE BRACKETER
INDUCTION

Our empiricalstudiesshow that thereis a very strongtendency
for nounphrasesto cohereasa unit whentranslatedbetweenlan-
guages,evenwhenundergoingsignificantinternalre-ordering.This
strongnoun-phrasecohesioneven tendsto hold for relatively free
word order languagessuchasCzech,whereboth native speakers
andparallelcorpusdataindicatethatnominalmodifierstendto re-
mainin thesamecontiguouschunkasthenounsthey modify. This
propertyallows collective word alignmentsto serve asa reliable
basisfor bracket projectionaswell.

5.1 BaseNPProjection Methodology
Theprojectionprocessbeginsbyautomaticallytaggingandbrac-

ketingtheEnglishdata,usingBrill (1995)andRamshaw & Marcus
(1994),respectively.

As illustratedin Figure 5, eachword within an English noun
phraseis thensubscriptedwith thenumberof itsNPin thesentence,
andthissubscriptis projectedontothealignedFrench(or Chinese)
words.In themostcommoncase,thecorrespondingFrench/Chinese
nounphraseis simply themaximalspanof theprojectedsubscript.

Figure6 shows someof the projectionchallengesencountered.
Nearlyall suchcasesof interwovenprojectedNPsaredueto align-
menterrors,anda stronginductive biastowardsNP cohesionwas
utilized to resolve theseincompatibleprojections.

J         N                VBD             N           N              IN             N[ ] [][

DT      N       J        VBD           N        de        N            DT          N[

1 1 2 2 3

(3)(2)(2)(1)(1)(1) ]]][

]

O
[[

Figure5: Standard NP projection scenarios.

DT      J        N          VBD          N         N[ ]1 1 1 2 2[ ]

(1)(1)[ (2)} (1){ (2)][DT       N             VBD       N            J        de       N]
O

Figure6: ProblematicNP projection scenarios.

5.2 BaseNPTraining Algorithm
For stand-alonetool development,theRamshaw & MarcusIOB

bracketingframework andafasttransformation-basedlearningsys-
tem (Ngai andFlorian, 2001)wereappliedto the noisy baseNP-
projecteddatadescribedabove.

As with POStaggerinduction,bracketerinductionis improved
by focusingtrainingon the highestquality projecteddataandex-
cluding regionswith the strongestindicationsof word-alignment
error. Thussentenceswith the lowest25% of model-3alignment
scoreswereexcludedfrom training,asweresentenceswherepro-
jectedbracketingsoverlappedandconflicted(alsoan indicatorof
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alignmenterrors). Datawith lower-confidencePOStaggingwere
not filtered,< however, asthis filtering reducesrobustnesswhenthe
stand-alonebracketersareappliedto noisy taggeroutput. Addi-
tionaldetailsareprovidedin Yarowsky andNgai (2001).

Currentefforts to furtherimprove thequalityof thetrainingdata
includeuseof iterativeEM bootstrappingtechniques.Separatepro-
jection of bracketings from alignedparallel datawith a 3rd lan-
guagealsoshows promisefor providing independentsupervision,
whichcanfurtherhelpdistinguishconsensussignalfrom noise.

5.3 BaseNPProjection Evaluation
Becauseno bracketedevaluationdatawere available to us for

Frenchor Chinese,a third party fluent in theselanguageshand-
bracketeda small,held-out40-sentenceevaluationsetin both lan-
guages,usinga setof bracketing conventionsthat they felt were
appropriatefor thelanguages.Table2 shows theperformancerela-
tiveto theseevaluationsets,asmeasuredby exact-matchbracketing
precision(Pr),recall(R) andF-measure(F).

ExactMatch AcceptableMatch
Method Pr R F Pr R F
Chinese:
Direct (auto) .26 .58 .36 .48 .58 .51
Direct (hand) .47 .61 .53 .86 .86 .86
French:
Direct (auto) .43 .48 .45 .60 .58 .59
Direct (hand) .56 .51 .53 .74 .70 .72
FTBL (auto) .82 .81 .81 .91 .91 .91

Table2: Performanceof BaseNPinduction models

It is importantto note,however, that many decisionsregarding
BaseNPbracketingconventionsareessentiallyarbitrary, andagree-
ment ratesbetweenadditionalhumanjudgeson thesedatawere
measuredat 64% and 80% for Frenchand Chineserespectively.
Sincethetranslingualprojectionsareessentiallyunsupervisedand
havenodataonwhichto mimic arbitraryconventions,it is alsorea-
sonableto evaluatethedegreeto whichtheinducedbracketingsare
deemedacceptableandconsistentwith the arbitrarygoldstandard
(e.g. no crossingbrackets). To this end,an additionalpool of 3
judgeswereaskedto furtheradjudicatethedifferencesbetweenthe
goldstandardandtheprojectionoutput,annotatingsuchsituations
aseitheracceptable/compatibleor unacceptable/incompatible.

Overall, thesetranslingualprojectionresultsarequiteencourag-
ing. For the Chinese,they aresimilar to Wu’s 78% precisionre-
sult for translingual-grammar-basedNP bracketing,andespecially
promisinggiven that no word segmentation(only raw characters)
wereused.For French,the increasefrom 59%to 91%F-measure
for thestand-aloneinducedbracketershows thatthetrainingalgo-
rithm is ableto generalizesuccessfullyfrom thenoisyraw projec-
tion data,distilling a reasonablyaccurate(andtransferable)model
of baseNPstructurefrom thishighdegreeof noise.

6. NAMED ENTITY TAGGER INDUCTION
Multilingual namedentity taggerinductionis basedon the ex-

tendedcombinationof the part-of-speechand noun-phrasebrac-
keting frameworks. Theentity classtagsusedfor this studywere
FNAME, LNAME, PLACE andOTHER (otherentitiesincludingor-
ganizations). They were derived from an anonymously donated
MUC-6namedentitytaggerappliedto theEnglishsideof theFrench-
EnglishCanadianHansardsdata.

Initial classificationproceedson a per-word basis,usinganag-
gressively smoothedtransitiveprojectionmodelsimilarto thosede-

scribedin Section7. For agivensecond-languagewordFWandall
Englishwords =>�?1 alignedto it:

��� NEclass@A� FW �CBED 1 ��� NEclass@A� EW 1 �F� � � EW 1 � FW �
��� PLACE �Coŕee�GBH��� PLACE �Korea�I�6�J� Korea�Coŕee�LKM8:8;8
Theco-training-basedalgorithmgivenin CucerzanandYarowsky

(1999) was then usedto train a stand-alonenamedentity tagger
from theprojecteddata.Seedwordsfor this algorithmwerethose
FrenchwordsthatwerebothPOS-taggedaspropernounsandhad
anabove-thresholdentity-classconfidencefrom thelexical projec-
tion models.

Performancewasmeasuredin termsof per-wordentity-typeclas-
sificationaccuracy on the FrenchHansardtestdata,usingthe 4-
classinventory listed above. Classificationaccuracy of raw tag
projectionswasonly 64% (basedon automaticword alignment).
In contrast,thestand-aloneco-training-basedtaggertrainedon the
projectionsachieved85%classificationaccuracy, illustratingits ef-
fectivessat generalizationin thefaceof projectionnoise.Notably,
mostof its observederrorscanbetracedto entityclassificationer-
rorsfromtheoriginalEnglishtagger. In fact,whenevaluatedonthe
Englishtranslationof the Frenchtestdataset, the Englishtagger
only achieved86%classificationaccuracy on this directly compa-
rabledataset.It appearsthattheprojection-inducedFrenchtagger
achievesperformancenearlyashighasits original trainingsource.
Thusfurtherimprovementsshouldbeexpectedfrom higherquality
Englishtrainingsources.

7. MORPHOLOGICAL ANALYSIS
INDUCTION

Bilingual corporacanalsoserve asa very successfulbridgefor
aligningcomplex inflectedwordformsin anew languagewith their
root forms,evenwhentheir surfacesimilarity is quitedifferentor
highly irregular.

croyaient croissant croire croître

believe growing growbelievingbelieved

French RootsFrench Inflections

croyant

Potential English Bridge Words

Figure7: Dir ect-bridgeFrenchinflection/root alignment

As illustratedin Figure7, theassociationbetweena Frenchver-
bal inflection (croyant) andits correctroot (croire), ratherthana
similarcompetitor(crôıtre), canbeidentifiedby asingle-steptran-
sitiveassociationvia anEnglishbridgeword(believing). However,
in the caseof morphologyinduction,suchdirect associationsare
relatively raregiventhatinflectionsin asecondlanguagetendto as-
sociatewith similar tensesin Englishwhile the singular/infinitive
forms tend to associatewith analogoussingular/infinitive forms,
andthuscroyaient(believed) andits root croire have no directEn-
glish link in ouralignedcorpus.

However, Figure2 (first page)illustratesthatanexisting invest-
mentin alemmatizerfor Englishcanhelpbridgethisgapby joining
a multi-steptransitive associationcroyaient$ believed$ believe$
croire. Figure8 illustrateshow this transitive linkagevia English
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Figure8: Multi-bridge Frenchinflection/root alignment

lemmatizationcanbepotentiallyutilizedfor all otherEnglishlem-
mas(suchas THINK) with which croyaientandcroire alsoasso-
ciate,offering greaterpotentialcoverageandrobustnessvia multi-
plebridges.

Formally, thesemultiple transitive linkagescanbe modeledas
shown below, by summingover all Englishlemmas( =badcfehg ) with
whicheithera candidateforeigninflection( i infl) or its root ( i root)
exhibit analignmentin theparallelcorpus:

�6eCjk�Ui6l+m+mon+� i 1)p�q a �CBHD 1 � � �Uirl2m+mono� = adcfe go�F� � �U= adcfe g0� i 1:psq a �
For example:

�reCjJ� croire� croyaient�GB�6�J� croire� BELIEVE �I�6�F� BELIEVE � croyaient�2K� � � croire� THINK �F� � � THINK � croyaient�tKM8;8;8
Thisprojection/bridge-basedsimilaritymeasure� mp �Ui root � i infl �

canbequiteeffectiveonitsown,asshown in theMProj onlyentries
in Table3 (for multiple parallelcorporain 3 differentlanguages),
especiallywhenrestrictedto the highest-confidencesubsetof the
vocabulary (5.2%to 77.9%in thesedata)for which theassociation
exceedssimplefixed probabilityandfrequency thresholds.When
estimatedusinga 1.2million word subsetof theFrenchHansards,
for example, the MProj measurealoneachives 98.5% precision
on 32.7%of the inflectedFrenchverbs in the corpus(constitut-
ing 97.6%of the tokensin the corpus). Unlike traditionalstring-
transduction-basedmorphologyinductionmethodswhereirregular
verbsposethe greatestchallenges,thesetypically high-frequency
wordsareoften the bestmodelleddatain the vocabulary making
thesemultilingual projectiontechniquesa naturalcomplementto
existingmodels.

7.1 Trie-basedMor phologyModels
ThehighprecisionontheMProj-coveredsubsetalsomakethese

partial pairingseffective training datafor robust supervisedalgo-
rithmsthatcangeneralizethestringtransformationbehavior to the
remaininguncoveredvocabulary. While any supervisedmorpho-
logical analysistechniqueis possiblehere,we employ a trie-based
modelingtechniquewheretheprobabilityof a given stem-change
(from the inventoryobserved in theMProj-pairedtrainingdata)is
modeledhierarchicallyusingvariablesuffix context, asdescribed
in Yarowsky andWicentowski (2000):

��� root� inflection�CBu���4vxwh� vzyG�CBH���4y $ wh� vzyG�CB{
1}| 1U���4y $ w~� �k1�� for �k16B suffix �4�272v�y��

For example:

��� commencer� commenc¸a�GBu��� ça $ cer� commenc¸a�GB
|k� ��� ça $ cer��K | 5+��� ça $ cer� a�tK |�� ��� ça $ cer� ça�2KK |k� ��� ça $ cer� nça�tK |k� ��� ça $ cer� ença��KM8;8;8

��� ployer� ploie�GBH��� ie $ yer� ploie�}B
|k� ��� ie $ yer��K | 5+��� ie $ yer� e��K |�� ��� ie $ yer� ie�2KK |k� ��� ie $ yer� oie�LK |k� ��� ie $ yer� loie�tKu8;8;8

An importantpropertyof thetrie-basedmodelsis theireffective-
nessat clusteringwordsthatexhibit similar morphologicalbehav-
ior, bothreducingmodelsizeandfacilitatinggeneralizationto pre-
viously unseenexamples.This propertyis illustratedin Figure9,
showing asample(inflection $ root) trie branchfor Frenchverbal
inflections,with suffix histories � =’oie’, � =’noie’, � =’roie’, etc.
At eachhistorynode,thehierarchicallysmoothedprobabilitiesof
several y $ w (inflection$ root) changesaregiven. Notethatthe
relative probabilitiesof thecompetinganalysesie$ ir andie$ yer
differ substantiallyfor diffent suffix histories,and that thereare
subexceptionsthat tendto clusterby affix history. This allows for
the successfulanalysisof 8 of the 9 italicized testwordsthat had
not beenseenin thebilingual projectiondataor wherethe MProj
modelyieldedno rootcandidateabove threshold.
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Figure 9: Example of a FrenchMTrie branch, showing inflec-
tion $ root probabilities ( ���4y $ wh� �k1�� ) for variable length
suffix histories ( � 1 ). MTrie analyseson test data are given in
italics.

Table3 illustratesthe performanceof a variety of morphology
induction models. When using the projection-basedMProj and
trie-basedMTrie modelstogether(with thelatterextendingcover-
ageto wordsthatmaynot evenappearin theparallelcorpus),full
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verblemmatizationprecisiononthe1.2MwordHansardsubsetex-
ceeds� 99.5%(by type)and99.9%(by token)with 95.8%coverage
by typeand99.8%coverageby token. A backoff modelbasedon
Levenshtein-distanceanddistributional context similarity handles
the relatively small percentageof caseswhereMProj and MTrie
togetherare not sufficiently confident,bringing the systemcov-
erageto 100%coveragewith a small drop in precisionto 97.9%
(by type) and 99.8%(by token) on the unrestrictedspaceof in-
flectedverbsobserved in the full FrenchHansards.As shown in
Section7.3,performanceis stronglycorrelatedwith sizeof theini-
tial alignedbilingual corpus,with a largerHansardsubsetof 12M
wordsyielding99.4%precision(by type)and99.9%precision(by
token).PerformanceonCzechis discussedin Section7.3.

Precision Coverage
Model Typ Tok Typ Tok

FRENCH Verbal Mor phology Induction
FrenchHansards(12M words):
MProj only .992 .999 .779 .994
MProj+MTrie .998 .999 .988 .999
MProj+MTrie+BKM .994 .999 1.00 1.00

FrenchHansards(1.2M words):
MProj only .985 .998 .327 .976
MProj+MTrie .995 .999 .958 .998
MProj+MTrie+BKM .979 .998 1.00 1.00

FrenchHansards(120Kwords):
MProj only .962 .931 .095 .901
MProj+MTrie .984 .993 .916 .994
MProj+MTrie+BKM .932 .989 1.00 1.00

FrenchBible (300Kwords)via 1 EnglishBible:
MProj only 1.00 1.00 .052 .747
MProj+MTrie .991 .998 .918 .992
MProj+MTrie+BKM .954 .994 1.00 1.00

FrenchBible (300Kwords)via 3 EnglishBibles:
MProj only .928 .975 .100 .820
MProj+MTrie .981 .991 .931 .990
MProj+MTrie+BKM .964 .991 1.00 1.00

CZECH Verbal Mor phology Induction
CzechReader’s Digest(500Kwords):
MProj only .915 .993 .152 .805
MProj+MTrie .916 .917 .893 .975
MProj+MTrie+BKM .878 .913 1.00 1.00

SPANISH Verbal Mor phology Induction
SpanishBible (300Kwords)via 1 EnglishBible:
MProj only .973 .935 .264 .351
MProj+MTrie .988 .998 .971 .967
MProj+MTrie+BKM .966 .985 1.00 1.00

SpanishBible (300Kwords)via FrenchBible:
MProj only .980 .935 .722 .765
MProj+MTrie .983 .974 .986 .993
MProj+MTrie+BKM .974 .968 1.00 1.00

SpanishBible (300Kwords)via 3 EnglishBibles:
MProj only .964 .948 .468 .551
MProj+MTrie .990 .998 .978 .987
MProj+MTrie .976 .987 1.00 1.00

Table 3: Performance of full verbal morphological analysis,
including precision/coverageby type/token

7.2 Mor phology Induction via Aligned Bibles
Performanceusingevensmallparallelcorpora(e.g.a120Ksub-

setof theFrenchHansards)still yieldsa respectable93.2%(type)
and98.9%(token)precisionon theverb-lemmatizationtestsetfor
thefull Hansards.Giventhat theBible is actuallylarger(approxi-
mately300Kwords,dependingonversionandlanguage)andavail-
ableon-lineor via OCR for virtually all languages(Resniket al.,
2000),wealsoconductedseveralexperimentsonBible-basedmor-
phologyinduction,furtherdetailedin Table3.

7.2.1 BoostingPerformancevia Multiple
Parallel Translations

Even thoughat most one translationof the Bible is typically
availablein agivenforeignlanguage,numerousEnglishBible ver-
sionsarefreelyavailableandaperformanceincreasecanbeachie-
vedby simultaneouslyutilizing alignmentsto eachEnglishversion.
As illustratedin Figure10,differentalignedBiblepairsmayexhibit
(or bemissing)differentfull or partialbridgelinks for agivenword
(duebothto differentlexical usageandpoortextual parallelismin
sometext-regions or versionpairs). However, � � �Uirl2momono� = adcfe g��
and �6�J�U= adcfe gx� i infl � neednot be estimatedfrom the sameBible
pair. Even if onehasonly oneBible in a given sourcelanguage,
eachalignmentwith a distinctEnglishversiongivesnew bridging
opportunitieswith no additionalresourcesneededon the source
languageside.Thebaselineapproach(evaluatedhere)is simply to
concatenatethe differentalignedversionstogether. While word-
pair instancestranslatedthesameway in eachversionwill be re-
peated,this ratherreasonablyreflectsthe increasedconfidencein
thisparticularalignment.An alternatemodelwouldweightversion
pairsdifferentlybasedontheotherwise-measuredtranslationfaith-
fulnessandalignmentquality betweentheversionpairs.Doing so
wouldhelpdecreasenoise.Increasingfrom 1 to 3 Englishversions
reducesthetypeerrorrate(at full coverage)by 22%onFrenchand
28%onSpanishwith no increasein thesourcelanguageresources.

NPO�Q R S4SUT V Q W X4Y Z [

V QNPO�\AZ ]4^_W X4Y Z [ [Z ]4^NPO�Q�R SUS4T`V \
croyaient

French Inflections

croitre

V

French Roots

croire

believingbelieved

believed

believe

BELIEVE
SOURCE 1

SOURCE 2

SOURCE 3

(e.g. KJV)

(e.g. NIV)

(e.g. RSV)

English Bridge Lemma

croyant

Figure10: Useof multiple parallel Bible translations

7.2.2 BoostingPerformancevia Multiple
BridgeLanguages

Oncelemmatizationcapabilitieshavebeensuccessfullyprojected
to anew language(suchasFrench),this languagecanthenserveas
an additionalbridgingsourcefor morphologyinductionin a third
language(suchasSpanish),asillustratedin Figure11. This can
be particularlyeffective if the two languagesarevery similar (as
in Spanish-French)or if their availableBible versionsarea close
translationof a commonsource(e.g. theLatin VulgateBible). As
shown in Table3, usingthepreviously analyzedFrenchBible asa
bridgefor Spanishachievesperformance(97.4%precision)com-
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parableto theuseof 3 parallelEnglishBible versions.

�����:� �4�4� � �;� �4� � �

� ��P�`� � �U��� �U� � �
believebelievingbelieved

BELIEVE

English Bridge Lemmas

�� �4�� �4�4� � �

French Bridge Lemmas

Spanish Inflections Spanish Roots

croirecroyaient
CROIRE

creyeron creia creer crear

�����

Figure11: Useof bridges in multiple languages.

7.3 Mor phology Induction: Observations
This sectionincludesadditionaldetail regardingthe morphol-

ogy inductionexperiments,supplementingthepreviousdetailsand
analysesgivenin Section7 andTable3.

� PerformanceinductionusingtheFrenchBible asthebridge
sourceis evaluatedusingthefull testverbsetextractedfrom
theFrenchHansards.Thestrongperformancewhentrained
only usingthe Bible illustratesthateven a small singletext
in a very different genrecan provide effective transferto
modern(conversational)French. While the observed genre
andtopic-sensitive vocabulary differssubstantiallybetween
the Bible and Hansards,the observed inventoriesof stem
changesandsuffixationactuallyhavelargeoverlap,asdothe
setof observedhigh-frequency irregularverbs.Thusthein-
ventoryof morphologicalphenomenaseemto translatebetter
acrossgenrethando lexical choiceandcollocationmodels.� Over60%of errorsaredueto gapsin thecandidaterootlists.
Currentlythecandidaterootlistsarederivedautomaticallyby
applyingthe projectedPOSmodelsandselectingany word
with theprobabilityof beinganuninflectedverbgreaterthan
agenerousthresholdandalsoendingin acanonicalverbsuf-
fix. Falsepositivesareeasilytolerated(lessthan5%of errors
aredueto spuriousnon-rootcompetitors),but with missing
rootsthealgorithmsareforcedeitherto proposepreviously
unseenrootsor align to theclosestpreviously observedroot
candidate.Thuswhile no non-Englishdictionarywasused
in the computationof theseresults,it would substantially
improve performanceto have a dictionary-basedinventory
of potentialroots,increasingcoverageanddecreasingnoise
from competingnon-rootsandspellingerrors.� Performancein all languageshasbeensignificnatlyhindered
by low-accuracy parallel-corpusword-alignmentsusingthe
original Model-3 GIZA tools. Use of Och and Ney’s re-
centlyreleasedandenhancedGIZA++ word-alignmentmod-
els(OchandNey, 2000)shouldimprove performancefor all
of theapplicationsstudiedin thispaper, aswoulditerativere-
alignmentsusingricheralignmentfeatures(includinglemma
andpart-of-speech)derivedfrom this research.� The currentsomewhat lower performanceon Czechis due
to several factors. They include(a) very low accuracy ini-
tial word-alignmentsdue to often non-paralleltranslations
of the Reader’s Digestsampleandthe failure of the initial
word-alignmentmodelsto handlethehighly inflectedCzech

morphology. (b) the small size of the Czechparallel cor-
pus(lessthantwice the lengthof the Bible). (c) the com-
monoccurrencein Czechof two very similar perfective and
non-perfective root variants(e.g. odoĺavat andodolat, both
of which meanto resist). A simplemonolingualdictionary-
derived list of canonicalrootswould resolve ambiguityre-
gardingwhich is theappropriatetarget.� Many of theerrorsaredueto all (ormost)inflectionsof asin-
gle verb mappingto the sameincorrectroot. But for many
applicationswherethefunctionof lemmatizationis to cluster
equivalentwords(e.g. stemmingfor informationretrieval),
thechoiceof label for the lemmais lessimportantthancor-
rectly linking themembersof thelemma.
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Figure12: Learning Curvesfor FrenchMor phology

� Thelearningcurvesin Figure12show thestrongcorrelation
betweenperformanceandsizeof thealignedcorpus.Given
that large quantitiesof parallel text currentlyexist in trans-
lation bureauarchivesandOCR-ablebooks,not to mention
the increasingonline availability of bitext on the web, the
naturalgrowth of availablebitext quantitiesshouldcontinue
to supportperformanceimprovement.� The systemanalysisexamplesshown in Table4 arerepre-
sentative of modelperformanceandareselectedto illustrate
therangeof encounteredphenomena.All systemevaluation
is basedon the taskof selectingthecorrectroot for a given
inflection (which hasa long lexicography-basedconsensus
regardingthe“truth”). In contrast,thedescriptiveanalysisof
any suchpairing is very theorydependentwithout standard
consensus.The “TopBridge” column shows the strongest
Englishbridgelemmautilized in mapping(typically oneof
many potentialbridgelemmas).

Theseresultsarequiteimpressivein thatthey arebasedonessen-
tially nolanguage-specificknowledgeof French,SpanishorCzech.
In addition, the multilingual bridgealgorithmis surface-formin-
dependent,andcan just as readily handleobscureinfixational or
reduplicative morphologicalprocesses.

8. CONCLUSION
Thispaperhaspresentedadetailedsurvey of originalalgorithms

for cross-languageannotationprojectionand noise-robust tagger
induction, evaluatedon four diverseapplications. It shows how
previousmajor investmentsin Englishannotatedcorporaandtool
developmentcanbeeffectively leveragedacrosslanguages,achiev-
ing accuratestand-alonetool developmentin otherlanguageswith-
outcomparablehumanannotationefforts. Collectively thiswork is

7



the mostcomprehensive existing explorationof a very promising
new paradigm� for cross-languageresourceprojection.
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Induced Mor phologicalAnalysesfor CZECH
Inflection RootOut Analysis TopBridge
bral brát al$ át marry
brala brát ala$ át accept
brali brát ali $ át marry
byl být yl $ ýt be
byli být yli $ ýt be
bylo být ylo $ ýt be
chovala chovat la$ t behave
chová chovat á$ at behave
chováme chovat áme$ at behave
chodila chodit la$ t walk
chod́ı chodit ı́ $ it walk
chǒdte chodit ďte$ dit swim
chŕanila chŕanit la$ t protect
chŕańı chŕanit ı́ $ it protect
couval couvat l $ t back
chce cht́ıt ce$ tı́t want
chcete cht́ıt cete$ tı́t want
chcěs cht́ıt cěs$ tı́t want
chci cht́ıt ci $ tı́t want
chťej́ı cht́ıt ěj́ı $ ı́t want
chťeli cht́ıt ěli $ ı́t want
chťelo cht́ıt ělo$ ı́t want

Induced Mor phologicalAnalysesfor SPANISH
Inflection RootOut Analysis TopBridge
aborrecío aborrecer ió$ er hate
aborrećıa aborrecer ı́a$ er hate
aborrezco aborrecer zco$ cer hate
abrace abrazar ce$ zar embrace
abrazado abrazar ado$ ar embrace
adquiere adquirir ere$ rir get
andamos andar amos$ ar walk
andando andar ando$ ar walk
andaŕan andar aŕan$ ar wander
andaŕas andar aŕas$ ar wander
andemos andar emos$ ar walk
anden andar en$ ar walk
anduvo andar uvo$ ar walk
busćais buscar áis$ ar seek
busćo buscar ó$ ar seek
busque buscar que$ car seek
busqúe buscar qué$ car seek

Induced Mor phologicalAnalysesfor FRENCH
Inflection RootOut Analysis TopBridge
abr̀ege abŕeger ège$ éger shorten
abr̀egent abŕeger ègent$ éger shorten
abŕegerai abŕeger erai$ er curtail
ach̀ete acheter ète$ eter buy
ach̀etent acheter ètent$ eter buy
ach̀etera acheter ètera$ eter buy
advenait advenir ait$ ir happen
advenu advenir u$ ir happen
adviendrait advenir iendrait$ enir happen
advient advenir ient$ enir happen
aliène aliéner ène$ éner alienate
aliènent aliéner ènent$ éner alienate
conçu concevoir çu$ cevoir conceive
crois croire s$ re believe
croyaient croire yaient$ ire believe

Table4: Sampleof inducedmorphologicalanalyses
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