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ABSTRACT

This paperdescribes systemand setof algorithmsfor automati-
callyinducingstand-alonenonolinguabart-of-speectaggersbase
noun-phraséracleters,named-entitytaggersand morphological
analyzerdor an arbitraryforeign language.Casestudiesinclude
French ChineseCzechandSpanish.

Existing text analysistools for Englishare appliedto bilingual
text corporaand their output projectedonto the secondanguage
via statisticallyderived word alignments Simpledirectannotation
projectionis quite noisy however, even with optimal alignments.
Thusthis papemresentsioise-rolisttagger bracleterandlemma-
tizer training proceduregsapableof accuratesystembootstrapping
from noisyandincompleteinitial projections.

Performanceof the inducedstand-alonepart-of-speechiagger
appliedto Frenchachieres96% corepart-of-speeclfPOS)tagac-
curag, andthe correspondingnducednoun-phrasédracleter ex-
ceed91%F-measureTheinducedmorphologicabnalyzemachie-
vesover 99%lemmatizatioraccurag on thecompleteFrenchver
bal system.

This achievementis particularly notevorthy in thatit required
absolutelyno hand-annotatettaining datain the given language,
andvirtually no language-specifiknowledgeor resource®eyond
raw text. Performancelsosignificantlyexceedsthat obtainedby
directannotatiorprojection.
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1. TASK OVERVIEW

A fundamentatoadblocko developingstatisticakaggershrack-
etersandotheranalyzerdor mary of the world’s 200+major lan-
guagess theshortageor absencef annotatedrainingdatafor the
large majority of thesdanguagesldeally, onewould like to lever-
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agethe large existing investmentsn annotatecdataandtools for
resource-richanguagegsuchas English and Japanesejo over
cometheannotatedesourceshortagen otherlanguages.

To shav the broadpotentialof our approachand methods this
paperwill investigatefour fundamentalanguageanalysistasks:
POStagging, basenoun phrase(baseNP)oracleting, nameden-
tity tagging,andinflectionalmorphologicalnalysis asillustrated



in Figuresl and2. Thesebedrocktoolsareimportantcomponents
of thelanguageanalysispipelinesfor mary applicationsandtheir
low costextensionto new languagesasdescribechere,cansene
asabroadlyusefulenablingresource.

2. BACKGROUND

Previousresearcton theword alignmentof parallelcorporahas
tendedto focuson their usein translationmodeltraining for MT
ratherthan on monolingualapplications. One exceptionis bilin-
gual parsing. Wu (1995, 1997)investigatedhe useof concurrent
parsingof parallelcorporain a transductiorinversionframework,
helpingto resolhe attachmenambiguitiesin onelanguageby the
coupledparsingstatein the secondanguage.Jonesand Havrilla
(1998)utilized similar joint parsingtechniquegtwisted-pairgram-
mars)for word reorderingn targetlanguagegeneration.

However, with theseexceptionsin the field of parsing,to our
knowledge no one haspreviously usedlinguistic annotationpro-
jection via alignedbilingual corporato inducetraditional stand-
alonemonolingualtext analyzersin otherlanguages.Thus both
our proposedrojectionandinductionmethodsandtheir applica-
tion to multilingual POStagging,named-entityclassificationand
morphologicaknalysisnduction,appearso behighly novel.

3. DATA RESOURCES

The datasetsusedin theseexperimentsincludedthe English-
FrenchCanadiarHansardsthe English-ChinesélongKongHan-
sards,and parallel Czech-EnglistReaders Digestcollection. In
addition, multiple versionsof the Bible were used,including the
FrenchDouay-Rheim®ible, SpanistReinaValeraBible, andthree
English Bible Versions(King James New Internationaland Re-
vised Standard) automaticallyverse-alignedn multiple pairings.
All corporawere automaticallyword-alignedby the now publicly
availableecy pT system(Al-Onaizanetal., 1999),basecn IBM’s
Model 3 statisticalMT formalism (Brown et al., 1990). Thetag-
ging andbracleting tasksutilized approximately2 million words
in eachlanguagewith the samplesizesfor morphologyinduc-
tion givenin Table3. All word alignmentsutilized strictly raw-
word-basednodelvariantsfor English/French/Spanish/Czeahd
charactebasedmodel variantsfor Chinese with no useof mor
phologicalanalysisor stemming POS-taggingbracleting or dic-
tionaryresources.

4. PART-OF-SPEECHTAGGERINDUCTION

Part-of-speecltaggingis thefirst of four applicationscoveredin
this paper Thegoalof thiswork is to projectPOSanalysiscapabil-
ities from onelanguageo anothewia word-alignedparallelbilin-
gualcorpora.To do so,we useanexisting POStagger(e.g. Brill,
1995) to annotatethe English side of the parallel corpus. Then,
asillustratedin Figurel for ChineseandFrench theraw tagsare
transferredvia the word alignments yielding an extremely noisy
initial trainingsetfor the 2ndlanguageThethird crucial stepis to
generalizérom thesenoisy projectedannotationsn a robustway;,
yieldingastand-alon®OStaggeffor thenaw languagehatis con-
siderablymoreaccurateghantheinitial projectectags.

Additional detailsof this algorithmaregivenin Yaravsky and
Ngai(2001).Dueto lack of spacethefollowing sectionawill sene
primarily asanoverview of thealgorithmandits salientissues.

4.1 Part-of-speechProjection Issues
First,becausef considerableross-languagéifferencesn fine-

grainedtag setinventoriesthis work focuseson accuratelyassign-

ing corePOScategories(e.g. noun,verb, adwerb, adjectie, etc.),

with additionaldistinctionsin verb tense,noun numberand pro-
nountype as capturedin the English tagsetinventory Although
impoverishedrelative to somelanguagesandincapableof resolv-
ing detailssuchas grammaticalgendey this Brown-corpus-based
tagsetgranularityis sufficient for mary applications Furthermore,
mary finer-grainedpart-of-speechlistinctionsareresohedprimar
ily by morphology ashandledn Section7. Finally, if onedesires
to inducea finer-grainedtaggingcapabilityfor case for example,
oneshouldprojectfrom areferencdanguagesuchasCzechwhere
caseis lexically marked.

Figure 3 illustratessix scenariosencounteredvhen projecting
POStagsfrom Englishto a languagesuchas French. The first
two shaw straightforvard 1-to-1 projections,which are encoun-
teredin roughly two-thirds of English words. Phrasal(1-to-N)
alignmentsoffer greaterchallengesastypically only a subsetof
the aligned words acceptthe Englishtag. To distinguishthese
casesye initially assignposition-sensitie phrasaparts-of-speech
via subscriptinge.g.LegNNS 10iS/NNS ), andsubsequentliearn
a probablisticmappingto core, non-phrasapartsof speech(e.g.
P DT NNS ) thatis usedalongwith tagsequencandlexical prior
modelsto re-tagthesephrasalPOSprojections.

Tagger Output DT NNS VvVBG NN
English The laws ... ... living room ...
French Les lois ... @ ...salon ...
Induced Tags DT NNS NN
Tagger Output NNS NNS NNS NNS
English Laws ... @ Laws... ... potatoes ... ... veterans ...
French Les lois ... Les lois ... ...pommes de terre... ...anciens combattants ...
Induced Tag NNS; NNSp B NNS NNS;  NNSp NNS¢ NNS 5 NNSp,
Correct Tag (OT)  (NNS) (DT) (NNS) (NNS)  (N)  (NN) @) (NNS)

Figure 3: FrenchPOStag projection scenarios

4.2 Noise-obust POSTaggerTraining

Even at the relatively low tagsetgranularityof English, direct
projectionof core POStagsonto Frenchachieves only 76% ac-
curay using EGYPT's automaticword alignments(as shavn in
Table 1). Part of this deficieny is due to word-alignmenterror;
whenword alignmentsveremanuallycorrecteddirect projection
core-tagaccuray increasedo 85%. Also, standardigramtaggers
trained on the automaticallyprojecteddataachie/e only modest
successt generalization(86% whenreappliedto the noisy train-
ing data).More highly lexicalizedlearningalgorithmsexhibit even
greatemotentialfor overmodelingthe specificprojectionerrorsof
this data.

Thus our researchhas focusedon noise-roloist techniquesor
distilling a conserative but effective taggerfrom this challenging
raw projectiondata.ln particular we modify standarch-grammod-
elingto separat¢hetrainingof thetagsequencenodel from
thelexical prior models , andapply differentconfidence
weightingandsignalamplificationtechniqueso both.

4.2.1 Lexical Prior Estimation

Figure4 illustratesthe processof hierarchicallysmoothingthe
lexical prior model . Onemotivatingempiricalobsenation
is thatwordsin French EnglishandCzechhave a strongtendeng
to exhibit only asinglecorePOStag(e.g. or ), andveryrarely
have morethan2. In English,with relatively high POS  am-
biguity, only 0.37%o0f thetokensin the Brown Corpusarenotcov-
eredby a word type’s two mostfrequentcoretags,andin French
the percentagef tokensis only 0.03%. Thuswe emplg an ag-



Evaluateon Evaluateon Unseen
E-F Aligned French|| MonolingualFrench
Core | EngEqv Core EngEqv
Model Tagset| Tagset || Tagset| Tagset
(a) Directtransfer(on auto-alignediata) .76 .69 N/A N/A
(b) Directtransfer(on hand-alignedlata) .85 .78 N/A N/A
(c) Standarigrammodel(on auto-alignediata) .86 .82 .82 .68
(d) Noise-rolustbigraminduction(on auto-alignediata) .96 .93 .94 91
(e) Fully supervisedigramtraining (on goldstandard) .97 .96 .98 .97

Table 1: Evaluation of 5 POStaggerinduction modelson 2 Frenchdatasetsand 2 tagsetgranularities

gressie re-estimatiorin favor of this bias, amplifying the model
probability of the majority POStag, and reducingor zeroingthe
model probability of 2nd or lower ranked core tags proportional
to their relative frequeng with respectto the majority tag. This
processs thenappliedrecursvely, similarly amplifying the proba-
bility of the majority subtagswithin eachcoretag. Furtherdetails,
includingthe handlingof 1-to-Nphrasaklignmentprojectionsare
givenin Yaravsky andNgai(2001).
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Figure 4: Hierar chical smoothingof tag probabilities

4.2.2 Tag Sequenc&lodel Estimation

In contrastthetrainingof thetagsequencenodel

focuseson confidencaveightingandfiltering of projectedraining
subsequence¥hecontrikution of eachcandidaterainingsentence
is weighted proportionally with both its EGYPT/GIzA sentence-
level alignmentscoreandan agreemenimeasurdéetweerthe pro-
jectedtagsand the 1st iteration lexical priors, a rough measure
of alignmentreasonablenessGiven the obsered bursty distri-
bution of alignmenterrorsin the corpus,this dovnweighting of
low-confidenceaalignmentregionssubstantiallymprovessequence
modelquality with tolerablereductionin trainingvolume.

4.3 Evaluation of POSTaggerInduction

As shavn in Table 1, performances evaluatedon two evalua-
tion datasets,including anindependen200K-word hand-tagged
Frenchdataseprovided by Universi€é de Montréal, which is used
to gaugestand-alonéaggermperformanceSignalamplificationand
noisereductiontechniqueyield a71%errorreduction achiering a
coretagsetaccurag of 96%, closelyapproachindghe upperbound
97% performanceof an equivalentbigram modeltraineddirectly
on an 80% subsebf the hand-taggea@valuationset (using 5-fold
cross-alidation). Thus robust training on 500K words of very
noisy but automatically-devied tag projectionscan approachthe
performanceobtainedby fully supervisedearningon 80K words
of hand-taggedtrainingdata.

5. NOUN PHRASE BRACKETER
INDUCTION

Our empiricalstudiesshaw thatthereis a very strongtendeng
for nounphrasego cohereasa unit whentranslatecbetweenan-
guagesevenwhenundegoingsignificantinternalre-ordering.This
strongnoun-phraseohesioneven tendsto hold for relatively free
word orderlanguagesuchas Czech,whereboth native speakrs
andparallelcorpusdataindicatethatnominalmodifierstendto re-
mainin the samecontiguouschunkasthe nounsthey modify. This
propertyallows collective word alignmentsto sene asa reliable
basisfor braclet projectionaswell.

5.1 BaseNPProjection Methodology

Theprojectionprocesdeginsby automaticallytaggingandbrac-
ketingthe Englishdata,usingBrill (1995)andRamsh& & Marcus
(1994),respectiely.

As illustratedin Figure 5, eachword within an English noun
phrasas thensubscripteavith thenumberof its NPin thesentence,
andthis subscripfs projectedontothealignedFrench(or Chinese)
words.In themostcommonrcasethecorrespondingrench/Chinese
nounphrasds simply the maximalspanof the projectedsubscript.

Figure6 shavs someof the projectionchallengesncountered.
Nearlyall suchcase®f interwovenprojectedNPsaredueto align-
menterrors,anda stronginductive biastowardsNP cohesionvas
utilized to resohe theseincompatibleprojections.
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Figure5: Standard NP projection scenarios.
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Figure 6: Problematic NP projection scenarios.

5.2 BaseNPTraining Algorithm

For stand-alonéool developmentthe Ramshw & MarcuslOB
bracletingframevork andafasttransformation-basddarningsys-
tem (Ngai and Florian, 2001) were appliedto the noisy baseNP-
projecteddatadescribedabove.

As with POStaggerinduction,bracleterinductionis improved
by focusingtraining on the highestquality projecteddataandex-
cluding regionswith the strongestindicationsof word-alignment
error. Thussentencesvith the lowest25% of model-3alignment
scoreswereexcludedfrom training, asweresentencesvherepro-
jectedbracletingsoverlappedand conflicted(also an indicator of




alignmenterrors). Datawith lower-confidencd?OStaggingwere
notfiltered, however, asthis filtering reducesobustnessvhenthe
stand-alonébracletersare appliedto noisy taggeroutput. Addi-
tional detailsareprovidedin Yaravsky andNgai(2001).
Currentefforts to furtherimprove the quality of thetrainingdata
includeuseof iterative EM bootstrappingechniquesSeparat@ro-
jection of bracletingsfrom aligned parallel datawith a 3rd lan-
guagealsoshavs promisefor providing independensupervision,
which canfurtherhelpdistinguishconsensusignalfrom noise.

5.3 BaseNPProjection Evaluation

Becauseno bracleted evaluationdatawere available to us for
Frenchor Chinese,a third party fluentin theselanguagesand-
bracleteda small, held-out40-sentencevaluationsetin bothlan-
guagesusing a setof bracleting corventionsthat they felt were
appropriatdor thelanguagesTable2 shavs theperformanceela-
tiveto thesesvaluationsets asmeasurethy exact-matctbracleting
precision(Pr), recall (R) andF-measurdF).

ExactMatch
PrIRJ]F

AcceptabléMatch
PrIR] F

Method

Chinese:
Direct(auto) || .26 | .58 | .36 || .48 | .58 | .51
Direct(hand) || .47 | .61 | .53 || .86 | .86 | .86
Frend:
Direct(auto) || .43 | .48 | .45 .60 | .58 | .59
Direct(hand) || .56 | .51 | .53 || .74 | .70 | .72
FTBL (auto) || .82 | .81| .81 .91| .91 | .91

Table 2: Performanceof BaseNPinduction models

It is importantto note, however, that mary decisionsregarding
BaseNPbracletingcorventionsareessentiallyarbitrary andagree-
mentratesbetweenadditionalhumanjudgeson thesedatawere
measurecat 64% and 80% for Frenchand Chineserespectiely.
Sincethetranslinguabprojectionsareessentiallyunsuperviseand
have nodataonwhichto mimic arbitrarycorventionsit is alsorea-
sonableo evaluatethedegreeto whichtheinducedbracletingsare
deemedacceptablend consistentvith the arbitrary goldstandard
(e.g. no crossingbraclets). To this end, an additionalpool of 3
judgeswereasledto furtheradjudicatehedifferencedetweerthe
goldstandar@ndthe projectionoutput,annotatingsuchsituations
aseitheracceptable/compatibler unacceptable/incompatible

Overall, thesetranslinguabrojectionresultsarequite encourag-
ing. For the Chinesethey aresimilar to Wu's 78% precisionre-
sultfor translingual-grammabased\P bracleting, andespecially
promisinggiven that no word segmentation(only raw characters)
wereused. For French,the increasérom 59%to 91% F-measure
for the stand-alonénducedbracletershavs thatthetrainingalgo-
rithm is ableto generalizesuccessfullyfrom the noisy raw projec-
tion data,distilling a reasonablyaccuratgandtransferablejnodel
of baseNPRstructurefrom this high degreeof noise.

6. NAMED ENTITY TAGGER INDUCTION

Multilingual namedentity taggerinductionis basedon the ex-
tendedcombinationof the part-of-speectand noun-phrasérac-
keting frameworks. The entity classtagsusedfor this studywere
FNAME, LNAME, PLACE andOTHER (otherentitiesincludingor-
ganizations). They were derived from an anorymously donated
MUC-6 nameckntitytaggerappliedto theEnglishsideof theFrench-
EnglishCanadiarHansardslata.

Initial classificationproceedn a perword basis,usinganag-
gressiely smoothedransitive projectionmodelsimilarto thosede-

scribedin Section?. For agivensecond-languageord FW andall

Englishwords alignedtoiit:
NEclass Fw NEclass Ew EW FW
PLACE Corée PLACE Korea KoreaCoree

Theco-training-basedlgorithmgivenin CucerzarmndYaronsky
(1999) was then usedto train a stand-alonenamedentity tagger
from the projecteddata. Seedwordsfor this algorithmwerethose
Frenchwordsthatwereboth POS-taggedspropernounsandhad
anabove-thresholdentity-classconfidencdrom thelexical projec-
tion models.

Performancevasmeasureth termsof perword entity-typeclas-
sificationaccurag on the FrenchHansardtest data, usingthe 4-
classinventory listed abore. Classificationaccurag of raw tag
projectionswas only 64% (basedon automaticword alignment).
In contrastthe stand-aloneo-training-basethggertrainedon the
projectionsachiered85%classificatioraccuray, illustratingits ef-
fectivessat generalizatiornin thefaceof projectionnoise.Notably
mostof its obsered errorscanbetracedto entity classificatiorer
rorsfromtheoriginal Englishtagger In fact,whenevaluatedonthe
Englishtranslationof the Frenchtestdataset, the Englishtagger
only achiered 86% classificatioraccurag on this directly compa-
rabledataset. It appearshatthe projection-inducedrrenchtagger
achivesperformancenearlyashigh asits original trainingsource.
Thusfurtherimprovementsshouldbe expectedrom higherquality
Englishtrainingsources.

7. MORPHOLOGICAL ANALYSIS
INDUCTION

Bilingual corporacanalsosere asa very successfubridgefor
aligningcomple inflectedword formsin anew languagewith their
root forms, evenwhentheir surfacesimilarity is quite differentor
highly irregular

3 Potential English Bridge Words i
[believed  [believing| believe

[croyaieny [croyant] |croissant

French Inflections French Roots

Figure7: Direct-bridge Frenchinflection/root alignment

As illustratedin Figure7, theassociatiorbetweera Frenchver-
bal inflection (croyan) andits correctroot (croire), ratherthana
similar competitor(croitre), canbeidentifiedby a single-stefran-
sitive associatiovia anEnglishbridgeword (believing). However,
in the caseof morphologyinduction, suchdirectassociationsre
relatively raregiventhatinflectionsin asecondanguageendto as-
sociatewith similar tensesn Englishwhile the singular/infinitve
forms tend to associatewith analogoussingular/infinitve forms,
andthuscroyaient(believed andits root croire have no directEn-
glishlink in ouralignedcorpus.

However, Figure? (first page)illustratesthatan existing invest-
mentin alemmatizefor Englishcanhelpbridgethisgapby joining
amulti-steptransitive associatiorcroyaient believed believe
croire. Figure8 illustrateshow this transitive linkagevia English
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Figure 8: Multi-bridge Frenchinflection/rootalignment

lemmatizatiorcanbe potentiallyutilized for all otherEnglishlem-

mas(suchas THINK) with which croyaientand croire also asso-
ciate,offering greatempotentialcoverageandrobustnesia multi-

plebridges.

Formally, thesemultiple transitive linkagescan be modeledas
shawvn below, by summingover all Englishlemmas( ) with
which eithera candidatdoreigninflection( jn) orits root( root)
exhibit analignmentin the parallelcorpus:

For example:

croire croyaient
Croire BELIEVE
Croire THINK

BELIEVE Croyaient
THINK Croyaient

This projection/bridge-basesimilarity measure mp root infl
canbequiteeffective onits own, asshavn in theMProj only entries
in Table 3 (for multiple parallelcorporain 3 differentlanguages),
especiallywhenrestrictedto the highest-confidenceubsetof the
vocahulary (5.2%to 77.9%in thesedata)for which theassociation
exceedssimplefixed probability andfrequeng thresholds.When
estimatedisinga 1.2 million word subsebf the FrenchHansards,
for example, the MProj measurealone achives 98.5% precision
on 32.7% of the inflectedFrenchverbsin the corpus(constitut-
ing 97.6%o0f the tokensin the corpus). Unlike traditional string-
transduction-basemorphologyinductionmethodsvhereirregular
verbsposethe greatesthallengesthesetypically high-frequeng
words are often the bestmodelleddatain the vocatlulary making
thesemultilingual projectiontechniquesa naturalcomplemento
existing models.

7.1 Trie-basedMor phology Models

Thehigh precisiononthe MProj-coveredsubsetlsomake these
partial pairingseffective training datafor robust supervisedalgo-
rithmsthatcangeneralizehe stringtransformatiorbehaior to the
remaininguncoveredvocahulary. While ary supervisednorpho-
logical analysistechniqués possiblehere,we emplg atrie-based
modelingtechniquewherethe probability of a given stem-change
(from the inventoryobseredin the MProj-pairedtraining data)is
modeledhierarchicallyusing variablesufiix contet, asdescribed
in Yarowsky andWicentavski (2000):

rootinflection
for suffix

For example:
commencecommena ca cercommena
ca cer ca cera ca cerca
ca cernga ca ceren@
ployer ploie ie  yerploie
ie vyer ie yere ie yerie
ie yeroie ie  yerloie

An importantpropertyof thetrie-basednodelsis their effective-
nessat clusteringwordsthatexhibit similar morphologicabeha-
ior, bothreducingmodelsizeandfacilitatinggeneralizatioro pre-
viously unseerexamples. This propertyis illustratedin Figure9,
shaving asample(inflection  root) trie branchfor Frenchverbal
inflections, with sufiix histories ='oie’, ='noie’, ='roie’, etc.
At eachhistory node,the hierarchicallysmoothedprobabilitiesof
several (inflection root) changesregiven. Notethatthe
relative probabilitiesof the competinganalysese ir andie yer
differ substantiallyfor diffent sufiix histories,and that thereare
subexceptionsthattendto clusterby affix history This allows for
the successfulnalysisof 8 of the 9 italicized testwordsthathad
not beenseenin the bilingual projectiondataor wherethe MProj
modelyieldedno root candidateabore threshold.

root aop P(a0 Blh)
ie O ir 0.003
el re 0.002
ied yer |0.0008
oie [ eoir |0.0001
ie O ir 0.021

el re 0.016
ield yer 0. 005
oie O eoir |0.0005

ie O ir 0.313
ied yer 0. 083

el re 0.030
oie O eoir |0.007

atermoien atermoyer]

apitoien  apitoyerd ieD yer |0.424
nettoieo  nettoyer] ie O ir 0.309
cOtoies  cotoyerld eDre 0072
aboien  aboyer( | oie O eoir |0.070
voie [ noiel] @ctroiem octroyerED f rassoie’]
ouvoien louvoir 0 edn?p:gzgg __h=roie’ assoie’
h="voie’ _P 777777 iel yer |0.50 asseoir]
p|0ie O eO re |[0.46 .
loyerO
py
h="noie’
DElole | (i) (croieD)
iedyer
[ h=broie’ | [ h="croie’ |
[ ieOyer | [ eOre
revoie] i — -
Training data from MProj analysis
h="évoie’ renvoiel]
h="evoie’ e~ Test data correctly analyzéd
ie Oir [ ieOyer | Test data incorrectly analyzétl

Figure 9: Example of a FrenchMTrie branch, showing inflec-
tion root probabilities ( ) for variable length
suffix histories ( ). MTrie analyseson test data are given in
italics.

Table 3 illustratesthe performanceof a variety of morphology
induction models. When using the projection-basedvProj and
trie-basedTrie modelstogether(with the latter extendingcover-
ageto wordsthatmay not even appeaiin the parallelcorpus),full



verblemmatizatiorprecisiononthe 1.2M word Hansardsubseex-
ceed99.5%(by type)and99.9%(by token)with 95.8%coverage
by type and99.8%caoverageby token. A bacloff modelbasedon
Levenshtein-distancanddistributional context similarity handles
the relatively small percentagef caseswhere MProj and MTrie
togetherare not suficiently confident,bringing the systemcov-
erageto 100% coveragewith a small dropin precisionto 97.9%
(by type) and 99.8% (by token) on the unrestrictedspaceof in-
flectedverbsobsered in the full FrenchHansards.As shawvn in
Section7.3,performances stronglycorrelatedwith sizeof theini-
tial alignedbilingual corpus,with a larger Hansardsubsebf 12M
wordsyielding 99.4%precision(by type)and99.9%precision(by
token). Performancen Czechis discussedh Section7.3.

Precision
Typ | Tok

Coverage
Typ | Tok

Model

FRENCH Verbal Mor phology Induction
FrenchHansard$12M words):
MProj only .992 | .999 || .779 | .994
MProj+MTrie 1998 | .999 || .988 | .999
MProj+MTrie+BKM || .994 | .999 || 1.00 | 1.00
FrenchHansard¢1.2M words):
MProj only .985 | .998 || .327 | .976
MProj+MTrie 995 | .999 || .958 | .998
MProj+MTrie+BKM || .979| .998 || 1.00 | 1.00
FrenchHansard¢120K words):
MProj only .962 | .931 || .095 | .901
MProj+MTrie .984 | .993 || .916 | .994
MProj+MTrie+BKM || .932| .989 | 1.00 | 1.00
FrenchBible (300K words)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 (300K words)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
CzechReaders Digest(500K words):
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
SpanistBible (300K words)via 1 EnglishBible:
MProj only .973| .935 || .264 | .351
MProj+MTrie .988 | .998 || .971 | .967
MProj+MTrie+BKM || .966 | .985 || 1.00 | 1.00
SpanistBible (300K words)via FrenchBible:
MProj only .980 | .935 (| .722 | .765
MProj+MTrie .983 | .974 | .986 | .993
MProj+MTrie+BKM || .974 | .968 || 1.00 | 1.00
SpanistBible (300K words)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/coerageby type/token

7.2 MorphologyInduction via Aligned Bibles

Performanceisingevensmallparallelcorpora(e.g.a 120K sub-
setof the FrenchHansards¥till yieldsa respectabl®3.2%(type)
and98.9%(token) precisionon the verb-lemmatizatiotestsetfor
thefull HansardsGiventhatthe Bible is actuallylarger (approxi-
mately300Kwords,dependingn versionandlanguageandavail-
ableon-line or via OCR for virtually all languagegResniketal.,
2000),we alsoconductedseveral experimentson Bible-basednor
phologyinduction,furtherdetailedin Table3.

7.2.1 BoostingPerformancevia Multiple
Parallel Translations

Even though at most one translationof the Bible is typically
availablein a givenforeignlanguagenumerousnglishBible ver-
sionsarefreely availableanda performancéncreasecanbeachie-
vedby simultaneouslytilizing alignmentso eachEnglishversion.
Asillustratedin Figurel0, differentalignedBible pairsmayexhibit
(or bemissing)differentfull or partialbridgelinks for agivenword
(duebothto differentlexical usageandpoortextual parallelismin
sometext-regions or versionpairs). However,
and infl neednot be estimatedfrom the sameBible
pair. Evenif onehasonly oneBible in a given sourcelanguage,
eachalignmentwith a distinctEnglishversiongivesnew bridging
opportunitieswith no additionalresourcesneededon the source
languageside. Thebaselineapproachevaluatedhere)is simply to
concatenatehe differentalignedversionstogether While word-
pair instancegranslatedhe sameway in eachversionwill bere-
peatedthis ratherreasonablyeflectsthe increasedconfidencen
this particularalignment.An alternatenodelwould weightversion
pairsdifferentlybasedntheotherwise-measurddanslatiorfaith-
fulnessandalignmentquality betweerthe versionpairs. Doing so
would helpdecreas@oise.Increasingrom 1 to 3 Englishversions
reducegshetypeerrorrate(atfull coveragelpy 22%on Frenchand
28%on Spanishwith noincreasen the sourcdanguageaesources.

BELIEVE nglish Bridge Lemma !

| [believing (e.g- KIV) |
(e.g.NIV)

(e.g. RSV) ‘

Lcore] |

Frrench Roots

Figure 10: Useof multiple parallel Bible translations

7.2.2 BoostingPerformancevia Multiple
Bridge Languages

Oncelemmatizatiorcapabilitieshave beersuccessfullyprojected
to anew languagd€suchasFrench) thislanguageanthensene as
an additionalbridging sourcefor morphologyinductionin athird
languagegsuchas Spanish) asillustratedin Figure11. This can
be particularly effective if the two languagesre very similar (as
in Spanish-French)r if their available Bible versionsare a close
translationof acommonsource(e.g. the Latin VulgateBible). As
shavn in Table3, usingthe previously analyzed~renchBible asa
bridgefor Spanishachieves performancg97.4% precision)com-



parableto the useof 3 parallelEnglishBible versions.

BELIEVE __ ..
[believed  [believing| believe

-

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Spanish Roots

Figure 11: Useof bridgesin multiple languages.

7.3 MorphologyInduction: Obsewations

This sectionincludesadditional detail regardingthe morphol-

ogy inductionexperimentssupplementinghe previousdetailsand
analysegjivenin Section7 andTable3.

Performancenductionusingthe FrenchBible asthe bridge
sourceis evaluatedusingthefull testverbsetextractedfrom
the FrenchHansardsThe strongperformanceavhentrained
only usingthe Bible illustratesthat even a small singletext
in a very different genrecan provide effective transferto
modern(corversational)French. While the obsered genre
andtopic-sensitre vocalulary differs substantiallybetween
the Bible and Hansards the obsered inventoriesof stem
changesndsufixation actuallyhave largeoverlap,asdothe
setof obsered high-frequeng irregularverbs. Thusthein-
ventoryof morphologicaphenomenaeento translatebetter
acrosgyenrethando lexical choiceandcollocationmodels.

Over 60%of errorsaredueto gapsin the candidateootlists.

Currentlythecandidateootlistsarederivedautomaticallyby

applyingthe projectedPOSmodelsandselectingary word

with the probabilityof beinganuninflectedverbgreatetthan

ageneroushresholdandalsoendingin acanonicalverbsuf-

fix. Falsepositvesareeasilytoleratedlessthan5% of errors
aredueto spuriousnon-rootcompetitors) put with missing
rootsthe algorithmsareforcedeitherto proposepreviously

unseerrootsor align to the closestpreviously obseredroot

candidate.Thuswhile no non-Englishdictionarywasused
in the computationof theseresults,it would substantially
improve performanceo have a dictionary-basednventory
of potentialroots,increasingcoverageanddecreasingnoise
from competingnon-rootsandspellingerrors.

Performancén all language$fiasbeensignificnatlyhindered
by low-accurag parallel-corpusvord-alignmentsisingthe
original Model-3 GizA tools. Use of Och and Ney’s re-
centlyreleasedindenhancedsi zA++ word-alignmenmod-
els(OchandNey, 2000)shouldimprove performancedor all

of theapplicationsstudiedn this paperaswoulditerativere-

alignmentasingricheralignmentfeaturegincludinglemma
andpart-of-speechilerived from this research.

The currentsomevhat lower performanceon Czechis due
to several factors. They include (a) very low accurag ini-
tial word-alignmentsdue to often non-paralleltranslations
of the Readers Digestsampleand the failure of the initial
word-alignmentmodelsto handlethe highly inflectedCzech

Error Rate

10¢
05]
I S
Fre(rg)(;ht%tél)e French Hansards
.02} (Error rate by TYPE) |
01-®%- ° French Bible E
[ “-.g (bytoken)
.005¢ T
_ French Hansards |
e (Error rate by TOKEN)
.002} |
Il L ‘.
001450k 300K 12M 12M

morphology (b) the small size of the Czechparallel cor
pus (lessthantwice the length of the Bible). (c) the com-
monoccurrencen Czechof two very similar perfectve and
non-perfectie root variants(e.g. odolavat andodolat both
of which meanto resis). A simplemonolingualdictionary-
derived list of canonicalrootswould resohe ambiguity re-
gardingwhich s theappropriatdarget.

Mary of theerrorsaredueto all (or most)inflectionsof asin-
gle verb mappingto the sameincorrectroot. But for mary
applicationsvherethefunctionof lemmatizationis to cluster
equialentwords (e.g. stemmingfor informationretrieval),
the choiceof labelfor the lemmais lessimportantthancor-
rectly linking themembersf thelemma.

Size of Aligned Corpus (words)

Figure 12: Learning Curvesfor FrenchMor phology

Thelearningcurvesin Figure12 shawv the strongcorrelation
betweerperformancendsizeof the alignedcorpus.Given
thatlarge quantitiesof paralleltext currentlyexist in trans-
lation bureauarchivesand OCR-ablebooks,not to mention
the increasingonline availability of bitext on the web, the
naturalgrowth of availablebitext quantitiesshouldcontinue
to supportperformancémprovement.

The systemanalysisexamplesshavn in Table 4 arerepre-
sentatve of modelperformancendareselectedo illustrate
therangeof encounteregghenomenaAll systemevaluation
is basedon the taskof selectingthe correctroot for a given
inflection (which hasa long lexicography-basedonsensus
regardingthe“truth”). In contrastthedescriptve analysisof
ary suchpairingis very theorydependentithout standard
consensus.The “TopBridge” column shavs the strongest
Englishbridgelemmautilized in mapping(typically oneof
mary potentialbridgelemmas).

Theseaesultsarequiteimpressiein thatthey arebasednessen-

tially nolanguage-specifiecnovledgeof French Spanistor Czech.
In addition, the multilingual bridge algorithmis surface-formin-

dependentand canjust asreadily handleobscureinfixational or

reduplicatve morphologicaprocesses.

8. CONCLUSION

This papehaspresentea detailedsurey of originalalgorithms

for cross-languagannotationprojectionand noise-rolist tagger
induction, evaluatedon four diverseapplications. It shavs how
previous major investmentsn Englishannotatectorporaandtool
developmentanbeeffectively leveragedhcrosdanguagesachier-
ing accuratestand-alonéool developmenin otherlanguagesvith-
outcomparabldiumanannotatiorefforts. Collectiely thiswork is



the mostcomprehense existing explorationof a very promising
new paradigmfor cross-languageesourceprojection.
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Induced Mor phological Analysesfor CZECH

Inflection | RootOut | Analysis TopBridge
bral brat al at marry
brala brat ala at accept
brali brat ali at marry
byl byt yl vt be
byli byt yli gt be
bylo byt ylo yt be
chovala chovat la t behae
chova chovat a at behae
chovame chovat ame at behae
chodila chodit la t walk
chod chodit T it walk
chadte chodit dte dit swim
chranila chranit la t protect
chran chranit it protect
counal couat |t back
chce chiit ce tit want
chcete chiit cete tit want
chees chiit ces it want
chci chiit ci fit want
chtgji chtit eji it want
chtéli chiit éli it want
chtélo chiit élo it want

Induced Mor phological Analysesfor SPANISH

Inflection | RootOut | Analysis TopBridge
aborrecd aborrecer| i6 er hate
aborreta aborrecer| ia 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
andaan andar aran ar wander
andaas andar aras ar wander
andemos | andar emos ar walk
anden andar en ar walk
anduw andar uvo ar walk
busais buscar ais ar seek
busd buscar 60 ar seek
busque buscar que car seek
busqe buscar qué car seek

Induced Mor phological Analysesfor FRENCH

Inflection | RootOut | Analysis TopBridge
abrege abieger | ege éger shorten
abregent abieger | egent éger | shorten
abiegerai | abieger | erai er curtail
actete acheter | ete eter buy
acletent acheter | éetent eter buy
achetera acheter | etera eter buy
adwenait adwenir ait ir happen
adwenu adwenir u ir happen
adviendrait| adwenir iendrait enir | happen
advient adwenir ient enir happen
aliene aliéner ene éner alienate
alienent aliener enent éner | alienate
congal conceoir | cu cevoir conceve
crois croire s re believe
croyaient | croire yaient ire believe

Table 4: Sampleof induced morphological analyses




