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Abstract

EfÞcientestimationandalignmentproceduresfor word andphrasealignmentHMMs aredeveloped

for the alignmentof parallel text. The development of thesemodelsis motivatedby an analysisof the

desirablefeaturesof IBM Model 4, one of the original and most effective models for word alignment.

Thesemodelsareformulatedto capturethedesirable aspectsof Model4 in anHMM alignmentformalism.

Alignment behavior is analyzedandcomparedto human-generatedreferencealignments,andthe ability

of thesemodelsto capturedifferent typesof alignmentphenomenais evaluated.In analyzingalignment

performance,Chinese-English word alignmentsare shown to be comparableto thoseof IBM Model-4

evenwhenmodelsaretrainedover largeparalleltexts. In translation performance,phrase-basedstatistical

machinetranslationsystemsbased on theseHMM alignments can equal and exceed systemsbased

on Model-4 alignments,and this is shown in Arabic-Englishand Chinese-Englishtranslation.These

alignmentmodelscan also be usedto generateposteriorstatisticsover collections of parallel text, and

this is usedto reÞneand extend phrasetranslationtableswith a resulting improvementin translation

quality.

I . INTRODUCTION

Alignment is one of the central modeling problemsin statisticalmachinetranslation(SMT). Given

a collection of parallel text - text in one languageaccompaniedby its translationin anotherlanguage

- the processof alignmentidentiÞes translationequivalencebetweendocuments,paragraphs,sentences,

and,within sentences,betweenwordsandphrases[1], [2], [3], [4], [5], [6], [7]. This work investigates
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the useandreÞnementof HiddenMarkov Models for the automaticalignmentof wordsandphrasesin

parallel text.

The motivation for improved model-basedalignmentproceduresis due to the role of word-aligned

parallel text in currentphrase-basedSMT systems.Typically, parametersof a statisticalword alignment

model are estimatedfrom parallel text, and the model is usedto generateword alignmentsover the

sametexts usedin parameterestimation.Phrasepairs,which areword sequenceswhosewordsalign to

eachother, areextractedfrom the alignmentsandform the basisfor phrase-basedSMT systems.In this

approachthe quality of the underlying word alignmentshas a strong inßuenceon phrase-basedSMT

systemperformance.The commonpracticethereforeis to extract phrasepairs from the bestattainable

word alignments. Model-4 alignments[2] as producedby the GIZA++ Toolkit [8] are currently among

the bestthat canbe obtained,especiallywith large parallel texts.

Despiteits modelingpower andwidespreaduse,Model-4hasshortcomings.Its formulationis suchthat

maximumlikelihoodparameterestimationandparallel text alignmentare implementedby approximate,

hill-climbing, algorithms.As a consequenceparameterestimationcan be slow, memory intensive, and

difÞcult to parallelize.It is alsodifÞcult to computestatisticsunderModel-4, for instanceasneededby

EM and thesemodelsare of limited usefulnessfor tasksother than the generationof word alignments;

for example,it is computationallydifÞcult to build a translationsystembased directly on Model-4.

Hidden Markov models(HMMs) are potentially an attractive alternative to Model-4 for word align-

ment [9], [10] andphrasealignmentof parallel text. Thesemodels,with their alignmentandestimation

procedures,now deÞnethe mainstreamof automaticspeech recognition(ASR) [11]. Although SMT is

a different task from ASR, therearestrongconnectionsbetweenthem.Both employ the source-channel

model,andboth translationand transcriptioncanbe performedby source-channeldecodingalgorithms.

However, SMT involves more complex alignment problems.Using HMMs in speechrecognition is

now fairly straightforward since the temporalnatureof speechleadsnaturally to a left-to-right model

topology, whereastranslationinvolves the reorderingand the long-rangemovementof words in ways

rarely encounteredin modelingspeech.

In this paperwe describean HMM alignmentframework developedasan alternative to Model-4.Our

approachwas to analyzethe strengthsof Model-4 and attemptto introducethem into HMM alignment

models while still ensuringthat the associatedparameterestimation and word alignment procedures

remainefÞcient.In the word alignmentandphrase-basedtranslationexperimentsthat will be presented,

its performanceis comparableto or betterthanModel-4.As practical beneÞtsof this modelingapproach,

we can train the alignmentmodelsby exact implementationsof the Forward-Backward algorithm; by
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parallelizingestimation,we cancontrol memoryusage,reducethe time neededfor training,andincrease

the amount of parallel text used for training. We can also computestatisticsunder thesemodels in

ways not feasiblewith Model-4, and we show the value of this in the extraction of phrasepairs from

paralleltext undermodel-basedposteriordistributions.Aspectsof this framework have beenpresentedin

preliminary form [12]. We now provide details and derivationsof alignmentmodels and algorithms,as

well as experimentalresultsand comparisonsto other modelingapproachesthat demonstratethat these

techniquesare robust anduseful.

Thepaperproceedsasfollows.Theword-to-phrasealignmentHMM which formsbasisof themodeling

methodologyis formally presentedin Section II. We describethebasicmodelcomponentsandcompareit

to IBM word alignmentmodelsby contrastingthedetailsof their generative formulation.In particular, we

identify their key modelcomponents,analyzetheir weaknessesandstrengths,andexplain what features

from Model 4 we have attemptedto introduceinto our model. In Section III we discussthe embedded

estimationproceduresdevelopedfor word-to-phrasealignmentHMMs andaddresssmoothingissuesfor

robustparameterestimation.Wealsodiscussderiving wordalignmentsunderthemodelandsomepossible

modelreÞnements.In SectionIV we discussword alignmentinducedstatisticalphrasetranslationmodels

with a focuson phrasepair extraction.We presenta model-basedphrasepair distribution, which enables

alternative phrasetranslationextraction.We show a simplestrategy of improving phrasepair extractionby

phrasepair posterior, asanexampleof usingtheword-to-phrasealignmentmodels,not just thealignments

generatedover paralleltext. In SectionV, we investigateword alignmentperformanceandshow machine

translationevaluation resultson Chinese-Englishand Arabic-Englishtranslationsystems. We compare

the word-to-phrasealignmentmodelwith Model-4 in the tasksof word alignmentand translation.

I I . WORD-TO-PHRASE HIDDEN MARKOV MODEL ALIGNMENT

We begin with a detaileddescriptionof the componentdistributions and randomvariablesneededto

describea generative probabilisticmodelof word-to-phrasealignment.

A. ComponentVariablesand Distributions

We start with a sourcesentenceof I words,s = sI
1, and its translationas a J word sentencein the

target language,t = tJ
1 . We assumethat we have a pair of correcttranslationswhoseword alignmentis

unknown; by ÔcorrectÕwe assumethat the sentencesto be alignedare in fact translationsof eachother

andthat spurioussentencepairshave beenÞlteredfrom theparalleltext. We modelthegenerationof the

target languageword sequencevia an intermediatesequenceof target languagephrases.Here,ÔphraseÕ
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refersonly to variablelengthword sequencesin the target language;any subsequencefound in the target

languagesentencecanserve asa phrase.

We introduceonly a minimal structureto describethe segmentationof target sentencesinto phrase

sequences.We deÞnethe PhraseCountvariableK , which speciÞesthat the target languagesentenceis

segmentedinto a sequenceof phrases:t = vK
1 . The centralmodelingassumptionis that eachphrase

in the target phrasesequencevK
1 is generatedas a translationof a single word in the sourcelanguage

sentence.The correspondencebetweensourcewords and target phrasesis determinedby the alignment

sequenceaK
1 . In this way, the kth target phraseis generatedby the word appearing in position ak of

the sourcesentence:sak → vk . The numberof words in eachtarget phraseis speciÞedby the random

processφk . This processis necessarilyconstrainedso that the numberof words in the phrasesequence

agreeswith the target sentencelength:J =
! K

k=1 φk .

It is necessaryas a practical matter in modeling translationalignmentto allow for the insertion of

target phrases.This needarisesbecausethe correspondencebetweensourcesentenceandtarget sentence

is not always exact, despitethe assumptionof correctsentence-level translations.In someinstancesit

may be betterto insertphrasesratherthaninsist that they align to a sourceword. This is typically done

by allowing alignmentsto a non-existentNULL sourceword. An alternative formulation is to introduce

a binary ÔhallucinationÕsequencehK
1 that determineshow eachphraseis generated: if hk = 0, then

NULL → vk ; if hk = 1 thensak → vk. If thehallucinationprocesstakesa valueof 0, thecorresponding

phraseis hallucinatedratherthangeneratedasa translationof oneof the words in the sourcesentence.

Taken together, thesequantitiesdescribea phrasesegmentationof the target languagesentenceandits

alignmentto thesourcesentence:a = (φK
1 , aK

1 , hK
1 , K ). Themodelingobjective is to deÞnea conditional

distribution P(t , a|s) over thesealignments.With the assumptionthat P(t , a|s) = 0 if t "= vK
1 , we write

P(t , a|s) = P(vK
1 , K , aK

1 , hK
1 , φK

1 |s) and

P(vK
1 , K , aK

1 , hK
1 , φK

1 |s) = P(K |J, s)

×P(aK
1 , φK

1 , hK
1 |K , J, s) × P(vK

1 |aK
1 , hK

1 , φK
1 , K , J, s).

Theseare the naturaldependenciesof the componentvariablesin this generative formulation of the

word-to-phrasealignment.We now describethe simplifying assumptionsmadein their realization.The

objective is to not to deÞnethe ideal realization of each component;many of the assumptionsare

admittedlysimplistic. However simplicity is preferredwherever possibleso asto control the complexity

of the overall model.
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the ofmasses people are the creator of history

!"#$ % &'( ) * +

v1 v2 v3 v4

P( 2 | 1 ; 4) P( 4 | 2 ; 4)

P( 3 | 4 ; 4)

P( K = 4  | I = 4 , J = 9 )

P(v1 | sa1 , 1) P(v2 | sa2 , 2) P(v3 | sa3 , 3) P(v4 | sa4 , 4)

Fig. 1. SimpliÞedExampleof Word-to-PhraseHMM Alignment. A Markov network is establishedby treatingsourcewords

asMarkov states,with the statedependent observation distributionsdeÞnedover phrasesof target words.

a) PhraseCountDistribution: P(K |J, s) speciÞesthedistribution over thenumberof phrasesin the

targetsentencegiventhesourcesentenceand thenumberof wordsin thetargetsentence.We usea simple,

singleparameterdistribution P(K |J, s) = P(K |J, I ) ∝ ηK . The scalarη ≥ 1 controlsthe segmentation

of the target sentenceinto phrasesin that larger valuesof η favor target sentencesegmentationswith

many shortphrases.In practice,we useη asa tuningparameterto control the lengthof thehypothesized

target phrases.

b) Word-to-Phrase AlignmentDistribution: Before the words of the target languagephrasesare

generated,the alignment of the target phrasesto the sourcewords is determined.The alignment is

modeledas a Markov processthat speciÞesthe lengthsof phrasesand the alignmentof each to one of

the sourceword positions

P(aK
1 , hK

1 , φK
1 |K , J, s)

=
K"

k=1

P(ak, hk , φk |ak−1, φk−1, hk−1, K , J, s)

=
K"

k=1

p(ak |ak−1, hk ; I ) · d(hk) · n(φk ; sak)

The actualword-to-phrasealignment(ak) is a Markov processover the sourcesentenceword indices,

asin word-to-word HMM alignment[9]. It is formulatedwith a dependency on thehallucinationvariable

so that target phrasescanbe insertedwithout disruptingthe Markov dependenciesof phrasesalignedto
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non-NULL sourcewords

p(aj |aj −1, hj ; I ) =

#
$$$%

$$$&

1 aj = aj −1, hj = 0

0 aj "= aj −1, hj = 0

pa(aj |aj −1; I ) hj = 1

Thetargetphraselengthmodeln(φ; s) is a form of sourceword fertility [2]. It speciÞestheprobability

that a sourceword s generatesa target phraseof φ words. A distribution n(φ; s) over the valuesφ =

1, · · · , N is maintainedas a table for eachsourceword. The model also requiresa table of Markov

transitionprobabilitiespa(i ′|i ; I ) for all sourcesentencelengthsI .

The hallucinationsequenceis a simplei.i.d. process,whered(0) = p0 andd(1) = 1−p0. SpeciÞedin

this way, p0 actsasa tuning parameterthat controlsthe tendency towardsthe insertionof target phrases.

c) Word-to-PhraseTranslation: The translationof words to phrasesis given as

P(vK
1 |aK

1 , hK
1 , φK

1 , K , J, s) =
K"

k=1

p(vk |sak , hk , φk)

so that target phrasesare conditionally independentgiven the individual sourcewords. We deÞnetwo

modelsof word-to-phrasetranslation.

The simplest model of word-to-phrase translation is basedon context-independent,word-to-word

translation:target phrasewords are translatedindependentlyfrom the sourceword via Þxed translation

tables:p(vk |sak , hk , φk) =
' φk

j =1 t1(vk [j ] |hk · sak) wherethe notationhk · sak is shorthandfor

hk · sak =

#
%

&

sak hk = 1

NULL hk = 0
.

In thiswayspecializedtranslationtablescanbemaintainedfor hallucinatedphrasesto allow their statistics

to differ from phrasesthat arisefrom direct translationof speciÞcsourcewords.

A more complex realization of word-to-phrasetranslationcapturesword context within the target

languagephrasevia bigram translationprobabilities

p(vk |sak , hk , φk) = t1(vk [1] |hk · sak) ×
φk"

j =2

t2(vk [j ] | vk[j − 1], hk · sak)

Here, t1(t|s) is the usual context independentword-to-word translationprobability describedinitially.

The bigramtranslationprobability t2(t|t ′, s) speciÞesthe likelihood that target word t is to follow t ′ in

a phrasegeneratedby sourceword s. Note that the conditioning is on words within the target phrase;

this respectsthe conditionalindependenceassumptionsand is computationally tractable.

To summarize,theparametersetθ of this formulationof theword-to-phrasealignmentHMM consistsof

theMarkov transitionmatricespa, thephraselengthtablesn, thehallucinationparameterp0, theunigram
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word-to-word translation table t1, and the bigram translation probabilities t2:

θ = {pa(i |i ′; I ), n(φ; s), p0, t1(t|s), t2(t|t ′, s)}

Thestochasticprocessby which a sourcestrings generatesa targetstring t of J wordsis summarized

as follows (seealsoFig. 1):

1) The numberof phrasesin the target sentenceis chosenunderP(K |I , J ).

2) For eachof the K target phrasesto be produced:

a) The alignmentaK
1 is generatedalongwith the hallucinationprocesshK

1 .

b) With the alignmentof the kth phraseto the ath
k sourceword set,the numberof words in the

kth phraseis thenchosenunderdistribution n(φk ; sak). The φk satisfy
! K

k=1 φk = J .

c) Thewordsin the targetphrasevk arechosenunderP(vk |sak , hk , φk), wherethehallucination

processcontrolsthe insertionof target phrases.

3) The target sentenceis formedfrom the target phrasesequence:t = vK
1 .

Although it incorporatestarget phrases,the word-to-phrasealignmentHMM is very much a model of

word translationin that target phrasesare producedas sequencesof words generatedfrom a single

sourceword. Phrase-level information is usedprimarily to inßuencethe translationof individual words.

The alignmentof sourceand target words can easily be derived from the word-to-phrasealignments:

words in a target phrasearealignedto the sourceword that generatedthe phrase.

B. Modelsof Word and PhraseAlignmentin Translation

There is extensive prior work in alignment and translationthat incorporatesphrases,although, to

our knowledge, the word-to-phraseHMM is the Þrst non-syntacticmodel of alignment that directly

alignswordsto phrases.We now review prior work on word alignmentanddiscussits inßuenceon this

formulationof the word-to-phrasealignmentHMM.

1) HiddenMarkov Modelsof Word Alignment: Theoriginal formulationof theHMM word alignment

model [9] associateseachsourceword si with a statein a Markov process.The target sentencetJ
1 is

the HMM observation sequencein which target wordsareemittedone-by-one,in target languageorder,

with eachstatetransition:

P(t , a|s) = P(a|s) P(t |s, a) =
J"

j =1

P(aj |aj −1; I ) t(t j |saj ) .

The relationshipbetweenthe word-to-phrasealignmentHMM and the original word-to-word HMM

alignmentmodelis straightforward:constrainingthephraselengthcomponentn(φ; s) to permitonly sin-

September29, 2006 DRAFT



8

s1

t1 t2

s2

t3 t4

Fig. 2. An ExampleAlignment with Word-to-Word andWord-to-PhraseLinks

gle word phrasesreducestheword-to-phrasealignmentHMM to a modelof word-to-word alignment.We

notethat the word-to-phrasealignmentHMM is very similar to segmentalHiddenMarkov Models[13],

[14], in which HMM statesemit observationsequencesor trajectoriesratherthanindividual observations.

We notealso that the hallucinationprocessis motivatedby the useof NULL alignmentsin the Markov

alignmentmodels[7], althoughthe formulationhereis different.

2) Phrase Length Distributions: Developing a model of the productionof phrasesequencesrather

thanword sequencesrequiredthe speciÞcationof the phrasecountandphraselengthmodels.The form

of the phraselength model presentedhere was motivated by the use of ÔstayÕprobabilities in HMM

word-to-word alignment [10], which are applied to encouragethe alignment processto remain in a

sourceword statewhile generatingsuccessive target words.By comparison,the Word-to-PhraseHMM

alignmentmodelscontaindetailedmodelsof stateoccupancy that aremorepowerful thana singleÔstayÕ

parameter.

Fig. 2 givesan examplein which a singlesourceword s1 generatesthe target wordst3 andt4. There

aremultiple alignmentsequenceswhich could be associatedwith this setof links, but more importantly,

the target words t3 and t4 could be generatedeither as two one-word phrasesor as a single two-word

phrase.The balancebetweenword-to-word and word-to-phrasealignmentsis set by the phrase count

distribution parameterη. As η increases,alignmentswith shorterphrasesare favored,whereasfor very

largeη themodeleffectively permitsonly word-to-word alignments.As will beshown in SectionV-B, it

is desirableto have a balanceddistribution of word-to-word andword-to-phraselinks to obtain the best

overall word alignmentquality, andη servesasa tuning parameter.

3) Bigram TranslationProbabilities: Modeling the productionof phrasesequencesratherthan word

sequencesalso allows the introduction of the bigram translationdistribution, which are motivated by

statisticaltechniquesdevelopedfor word sensedisambiguationin translation(e.g. [15], [16]). Here, the

likelihood assignedto the words in a target languagephrasedependson the previous target words that

appearwithin thephrase.An exampleshowing theinßuenceof word context in phrasetranslationis given

in Table I, basedon translationprobabilitiestaken from Chinese→English alignmentmodelsdescribed
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TABLE I

BIGRAM PHRASE TRANSLATION. LIKELIHOOD ASSIGNED TO A PHRASE TRANSLATION OF A CHINESE WORD IS INCREASED

WHEN THE TRANSLATION PROBABILITIES ARE CONDITIONED ON THE ENGLISH WORD CONTEXT.

P (World TradeCenter|!! !!) = P (World|!! !!) P (Trade|World,!! !!) P (Center|World, Trade,!! !!)

Unigram Approximation ≈ P (World|!! !!) P (Trade|!! !!) P (Center|!! !!)

= 0.06 × 0.06 × 0.06 = 0.0002

Bigram Approximation ≈ P (World|!! !!) P (Trade|World,!! !!) P (Center|Trade,!! !!)

= 0.06 × 0.99 × 0.99 = 0.0588

later in SectionV-B. ÔWorld TradeCenterÕis oneof the valid translations for the Chineseword Ô!!

!!Õ. The unigram,or context independent,translationof the words ÔWorldÕ, ÔTradeÕ, and ÔCenterÕ

yields a much lower likelihood of translationfor the entire phrasethan when the English word context

is taken into account.More complex translationdependenciesare clearly worth considering,however

any dependencies introducedwill necessarilycomplicatethe model; this formulation supportsefÞcient

HMM-basedestimationandalignmentalgorithms.

4) Word-to-Phrase Alignment: The idea of explicitly aligning sourcewords to target phraseshas

beenexplored for statisticalnaturallanguageunderstanding[17], [18]. [17] proposeda statisticalword-

to-clump generative model with a uniform alignment distribution as is done in IBM Model-1. This

ÒclumpÓcanbe thoughtof asa phrasein the sense usedhere.Alignment distortionsweresuggestedand

studiedby [19], and[18] extendedthe conceptof fertility [2] to the generationof phrases,andproposed

improved word to phrasetranslationprobabilitiesby utilizing context. While our modelsharesthis idea

of generatingmultiple target words from a sourceword, we embedthis translationprobability as an

observation distribution within an HMM alignmentprocess.

5) IBM Modelsof Word Alignmentin Translation: The well-known IBM word alignmentmodels[2]

consistof a seriesof translationalignmentmodelsof increasingcomplexity. The modelsaregenerative,

in that target words are generatedby sourcewords.Model-1 and Model-2 assumethe target words are

generatedindependentlyfrom the words in the sourcestring, as follows: a sourcesentenceposition is

selectedfor eachposition in the target sentence,and a target word is producedas a translationof the

selectedsourceword. In Model-1, the sourcepositionsare selecteduniformly, while in Model-2 they

dependon the target position in questionand the lengthsof the two strings.Although they are useful,
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Model-1 andModel-2 aregenerallyconsideredto be relatively weakmodelsof word translation,mainly

becauseof the extremesimplicity of their alignmentandgenerationprocesses.

IBM Models 3 and 4 are also generative, althoughthey exchangethe sourceand target directions

relative to Models1 and2. Models3 and4 Þrstdecidehow many target wordseachsourceword should

generate;this is speciÞedby thesourceword fertility. For eachsourcesentenceposition,thatmany target

words are then producedas translationsof the sourceword; there is also a mechanismfor generating

target wordsvia NULL alignments.The modelsthenarrangethe hypothesizedtarget words to producea

target string according to thedistortionmodels. In Model-3 targetpositionsarechosenindependentlyfor

the wordsgeneratedby eachsourceword. In Model-4, Fig. 3, thereare two typesof distortionmodels:

one is applied to position the Þrst target word generatedby eachsourceword; the seconddistortion

model then determinesthe relative distanceto the previously chosentarget word position, i.e. multiple

target words might to be insertedinto the sameposition,which would producean invalid target string.

SinceModels3 and4 assignprobability to non-sentencesin the target language,they arecalleddeÞcient.

Despitethis shortcoming,Model-4 word alignmentsasproducedby GIZA++ [7] have beenwidely used

in statisticalmachinetranslationsystemsbecauseof their high quality.

The relationshipbetweenour word-to-phrasealignmentHMM and the IBM modelsof fertility and

distortionis somewhatcomplicated.As reviewed, themain featuresof Model-4areNULL sourcewords,

sourceword fertility, andthedistortionmodel.Theword-to-phrasealignmentmodelalsoincludesNULL

sourcewords.However theword-to-phrasealignmentHMM describessourceword fertility only indirectly.

The phraselength distribution doescontrol the number of target words generatedby eachsourceword

state,but within an alignmenteachsourcestatecanbe visited multiple times.Thusthe expectednumber

of target wordsgeneratedby eachsourceword dependson both the phraselengthdistribution aswell as

the expectedfrequency of a sourceword position in the alignmentsequence.

The IBM-4 distortionmodel, which allows hypothesizedwordsto be distributedthroughoutthe target

sentence,is difÞcult to incorporateinto a modelthat supportsefÞcientdynamicprogrammingsearchand

estimationalgorithms.Sincealgorithmic efÞciency is one of our objectives in developing the word-to-

phrasealignmentmodel,we avoid this problemby insisting that target words form connectedphrases.

This is not as generalas the Model-4 distortion,althoughthis shortcomingis somewhat balancedby a

more powerful (Markov) alignmentprocess.Moreover, the Markov dependenciesunderlyingthe word-

to-phrasealignmentHMM assurethat target word subsequencesaregeneratedin-place,therebyavoiding

deÞciency. In summary, the word-to-phrasealignmentHMM is not deÞcientand also supportsefÞcient

dynamicprogrammingsearchandestimationalgorithms.
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Fig. 3. SimpliÞedExampleof Word-to-PhraseAlignmentsunderIBM Model-4.

Despitethesedifferencesthe word-to-phrasealignmentmodelandModel-4 allow similar word align-

ments.In the alignmentdepictedin Fig. 2, for example,Model-4 would allow s1 to generatet1, t3, and

t4 with a fertility of 3, and they would then be distributed as observed under the distortion model. In

the word-to-phrasealignmentmodel,sincesource word positionscangeneratemorethanonephrase,s1

couldgeneratet1 andt3t4 with phraselengths1 and2, respectively. We notethat if thealignmentprocess

is constrainedso that statesrepresentingsourcewords are not revisited, the phraselength of the target

phrasealignedto the sourceword is indeedequalto its fertility. However the phraselengthcomponent

is in generalnot exactly equivalent to the Model-4 fertility althoughit hassimilar descriptive power. It

is inspiredby featuresof Model-4, but is incorporatedwithin the word-to-phrasealignmentHMM in a

mannerthat allows efÞcientparameterestimationandalignmentprocedures.

To summarizethesemodelingapproaches,HMM-basedwordalignment modelsandIBM fertility-based

modelsarequitedifferent.TheMarkov assumptionunderlyingtheHMM determinesthat targetwordsare

generatedlocally, which enablesefÞcientdynamicprogrammingbasedprocedures.The distortionmodel

and fertility information in Model-4 togetherproduceword alignmentswith betterquality than that of

HMM but make training procedurecomputationallycomplicated.However, both modelsare basedon

word-to-word alignmentand word-to-word translation.The approachto developing HMM-basedword-

to-phrasealignmentis to make the Markov processmorepowerful in generating observation sequences:

phrasesratherthan words are emittedafter eachstate transitionas shown in Fig. 1. We establishlinks

betweensourcewords and target phrasesexplicitly during the generative procedure,and context within

a phraseis also consideredin translation.As we will show experimentallylater, thesefeatureslead to

modelsof comparableperformanceto Model-4.However theapproachremainscomputationallytractable

in both parameterestimationandalignment.
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I I I . EMBEDDED WORD-TO-PHRASE ALIGNMENT MODEL PARAMETER ESTIMATION

We now discussestimationof the word-to-phrasealignmentmodel parametersby the EM algorithm.

The recursionruns forward, word by word, over the target sentenceandgathersstatisticsrelative to the

alignmentof target phrasesto sourcewords.

A. Forward-Backward Procedure

Given a sentencepair (sI
1, tJ

1 ), a statespace{(i, φ, h) : 1≤ i ≤ I , 1≤ φ ≤ N, h = 0 or 1} is created

over which the Forward-Backward algorithm will be carried out. The Forward statistic αj (i , φ, h) is

deÞnedas the probability that the completesourcesentencegeneratesthe Þrst j words in the target

sentence,with the additionalconstraintthat the last φ of the target words form a phrasegeneratedby

sourceword si . Including the inßuenceof the hallucinationprocess,weintroducethe following notation

αj (i , φ, h) =

#
%

&

P(t j
1, t j

j −φ+1 ← si | sI
1) h = 1

P(t j
1, t j

j −φ+1 ← NULL | sI
1) h = 0

.

The Forward statisticscanbe calculatedrecursively over a trellis of 2× N × I × J nodesas

αj (i, φ, h) = {
(

i ! ,φ! ,h!

αj −φ(i ′, φ′, h′)p(i |i ′, h; I )}n(φ; h · si )

η · t1(t j −φ+1|h · si )
j"

j ! =j −φ+2

t2(t j ! |t j !−1, h · si ) . (1)

The Backward probability βj (i, φ, h) is deÞnedas the probability that the completesourcesentence

generatesthe ÞnalI − j target words,given that the target wordst j
j −φ+1 form a phrase alignedto h · si :

βj (i, φ, h) =

#
%

&

P(tI
j +1 | t j

j −φ+1 ← si , sI
1) h = 1

P(tI
j +1 | t j

j −φ+1 ← NULL , sI
1) h = 0

.

It canbe calculatedrecursively over the sametrellis as

βj (i , φ, h) =
(

i ! ,φ! ,h!

βj +φ! (i ′, φ′, h′)p(i ′|i, h′; I )n(φ′; h′ · si ! )

η · t1(t j +1|h′ · si ! )
j +φ!
"

j ! =j +2

t2(t j ! |t j !−1, h′ · si ! ) . (2)

B. Word-to-PhraseTranslationStatistics

After the Forward recursion,the conditionalprobability of sentencet given s canbe found as

P(t | s) =
(

i ! ,h! ,φ!

P (tJ
1 , tJ

J−φ! +1 ← h′ · si ! | s) . (3)
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The correspondingrelationshipholds for the Backward probability, asusual.

The probability that a phrasetj
j −φ+1 is generatedby any of the words in the sourcesentencecan be

found as

P(t , t j
j −φ+1 ← h · si |s)

= P(tI
j +1|t

j
j −φ+1 ← h · si , sI

1) · P(t j
1, t j

j −φ+1 ← h · si |sI
1)

= αj (i, φ, h) βj (i , φ, h)

With thesequantitiescomputed,we cancalculatethe posteriorof any target phrasegeneratedby any

sourceword. Let γj (i, φ, h) be the posteriorprobability that target words t j
j −φ+1 form a phrasealigned

to the sourceword h · si , it canbe found as

γj (i , φ, h) = P(t j
j −φ+1 ← h · si |s, t ) =

αj (i , φ, h)βj (i , φ, h)
!

i ! ,h! ,φ! αJ (i ′, φ′, h′)
.

Finally, reestimationof the Markov transitionmatrix requiresthe posterior probability of observing

pairs of target phrases.The probability that a phrasetj
j −φ! +1 and its successort j +φ

j +1 are generatedby

h′ · si ! andh · si , respectively, canbe found as

P(t , t j
j −φ! +1 ← h′ · si ! , t j +φ

j +1 ← h · si |s) = αj (i ′, φ′, h′)η

p(i |i ′, h; I )n(φ; h · si )p(t j +φ
j +1 |si , h, φ)βj +φ(i, φ, h). (4)

The posteriorprobability canbe found as the ratio of Equation4 to Equation3 :

γj (i ′, φ′, h′, i, φ, h) = P(t j
j −φ! +1 ← h′ · si ! , t j +φ

j +1 ← h · si |t , s).

C. ParameterUpdateRelationships

The update equationsfor the context independenttranslation table t1 and the Markov transition

probability pa are given here; the remainingmodel parametersare updatedin a similar mannerusing

statisticscollectedduring the Forward-Backward passes.

Let T denotethe parallel text usedasthe training set.Let c(s, t) be the posteriorcountsaccumulated

over all training sentencesof the sourceword s generatingthe target word t

c(s, t) =
(

(s,t)∈T

(

i, j , φ,
si = s

γj (i , φ, h = 1) # j (t, φ) .

Here# j (t, φ) =
! j

j ! =j −φ+1 1t (t j ! ) is the numberof timesword t appearsin the phrasetj
j −φ+1 ; this is

computeddirectly over the target sentence.The updatedestimateof the unigramtranslationprobability
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is then found as öt1(t|s) = c(s,t)P
t! c(s,t ! ) . The estimationof the bigram translationprobability is discussed

in SectionIII-D.2.

The word-to-phrasetranslationpair statisticsaregatheredas

c(i ′, i ; I ) =
(

(s, t) ∈ T,

|s| = I

(

j ,φ! ,h! ,φ

γj (i ′, φ′, h′, i, φ, h = 1),

where|s| is the numberof words in s. The reestimatedtransitionprobability is thencomputedas

öpa(i |i ′; I ) =
c(i ′, i ; I )

!
i !! c(i ′′, i ; I )

. (5)

D. Iterative EstimationProcedures

As with trainingtheIBM fertility-basedmodels[2], [7], theword-to-phrasealignmentmodelparameters

areestimatedincrementallyso that modelcomplexity increasesonly astraining progresses.Any number

of training scenariosfor the word-to-phrasealignmentHMM arepossible,however the experimentsthat

will be reportedlater in this paperwerebasedon the following recipe.

Model parametersare trained from a ßat-startwithout use of any prior alignmentinformation. The

Þnal model complexity is determinedby the maximum phraselength, Nmax , which is decidedupon

beforehandand thenveriÞedsubsequentlythroughtestingof the models.

¥ Translationand transitiontablesare initialized asuniform distributions.

¥ Model-1 parametersareestimatedwith 10 iterationsof EM.

¥ Model-2 parametersareestimatedwith 5 iterationsof EM.

¥ The parametersof a word-to-word HMM alignmentmodelareinitialized by word alignmentcounts

from Model-2 Viterbi alignmentsof the parallel text.

¥ Word-to-word alignmentHMM parametersareestimatedwith 5 iterations of EM.

¥ For N = 2, . . . , Nmax :

– Word-to-phraseHMM parametersareestimatedwith 5 iterationsof EM.

¥ If Bigram translationtablesare to be estimated:

– Bigram translationtablest2 areclonedfrom unigramtablest1 (at N = Nmax ).

– Word-to-phraseHMMs with bigram-translationtablesareestimated with 5 iterationsof EM.

This strategy of graduallyincreasingmodelcomplexity as training progressesis motivatedby experi-

encein estimatingthe parametersof large languageprocessingsystems,notably the ÔincrementalbuildÕ

approachto building mixture of Gaussiandistribution modelsin automaticspeechrecognition[20].

September29, 2006 DRAFT



15

Thecomponentdistributions thatmake up theword-to-phrasealignmentHMM cometogetherform an

extremelycomplex system.Even with large amountsof parallel text usedin training, thereis signiÞcant

risk of overtraining unlesspreventative stepsare taken. We now discusssimple parametersmoothing

techniquesfor robustestimationof theword-to-phrasealignmentHMM transitionmatricesandthebigram

translationprobabilities.

1) Robust Estimation of Markov Transition Probabilities: When estimatedin the usual way (via

Equation5), the transitionprobabilitiesPa(i |i ′; I ) are basedon statisticsof the conditionalexpectation

that consecutive target phrasesaregeneratedby sourcewordsin positionsi ′ to i within sourcesentences

of length I . This level of modeling speciÞcitycan easily suffer from observation sparsitywithin the

availableparalleltext, in that the text is partitionedby thesource languagesentencelengthsin estimating

the length-speciÞctransitionprobabilities.

To addressthis particularproblem,Vogelet al.[9] suggestedtheuseof ÔjumpdependentÕMarkov tran-

sition probabilities,which we adopt herein modiÞedform. Thejump transitionprobabilityp(j ump)
a (i |i ′; I )

is a function only of the ÔjumpÕi − i ′ madein the alignmentsequence.In estimatingp(j ump)
a (i |i ′; I ), all

accumulatorscorrespondingto statetransitionswith a jump of i − i ′ contribute to estimatingthe jump

transitionprobability. The goal is to improve robustnessby sacriÞcingsomeof the descriptive power of

this componentso that thereare few parametersto estimate.

Weemploy asimpleinterpolationschemeto obtaintransitionprobabilities öpa(i |i ′; I ) aftereachiteration

of EM. We perform a linear interpolationof the Maximum Likelihood estimatepa(i |i ′; I ), the ÔjumpÕ

transitionprobabilitiesp(j ump )
a (i |i ′; I ) and the uniform distribution 1/I

÷pa(i |i ′; I ) = λ1 · öpa(i |i ′; I ) + λ2 · p(j ump)
a (i |i ′; I ) + λ3 · 1

I
(6)

with öpa estimatedby the unsmothedEM estimateof Equation5. The interpolationparametersλ1, λ2,

andλ3 arepositive, sumto 1, andare tunedover held-outdevelopmentdata.

Performingparameterinterpolationin this way doesimprove robustness,but it is lesseffective than

estimationstrategiesthat control the overall modelcomplexity relative to the amountof relevant training

data.We next investigatetheuseof suchtechniquesfor estimationof thebigramtranslationprobabilities.

2) Robust Estimationof Bigram TranslationProbabilities: The bigramtranslationprobability assigns

likelihoodto a target word t which follows anothertarget word t ′ in a phrasegeneratedasa translation

of a given sourceword s. This probability hasthe form of a predictive bigramlanguage,t2(t|t ′, s), and

we borrow techniquesfrom statistical languagemodeling for its robust estimation.Any of the many

backoff schemesfor n-gram languagemodeling could be used,and here we investigate Witten-Bell
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smoothing[21].

Let k(t ′, t , s) be the expectednumberof occurrencesof t given that t follows t ′ in a phrasetranslated

from sourceword s. Following the notation in SectionIII-C, the expectednumberof occurrencesare

accumulatedover all possiblerelevant word to phrasealignmentsweightedby their posteriors:

k(t ′, t , s) =
(

(s,t)∈T

(

i, j , φ,
si = s

γj (i, φ, h = 1) # t ! ,t (t
j
j −φ+1) ,

where# t ! ,t (t
j
j −φ+1) is thenumberof occurrencesof bigramt ′t in the targetphrasetj

j −φ+1. We choosea

thresholdL suchthat theconditionalbigramis treatedasanunseenevent if k(t ′, t , s) < L . For thoseless

frequentevents,webackoff to theword-to-word translationprobabilities,t1. Thetotalcountof seenevents

is deÞnedasN (t ′, s) =
!

t :k(t ! ,t,s )≥L k(t ′, t , s) andthetotal seeneventtypesasT(t ′, s) =
!

t :k(t ! ,t,s )≥L 1.

Using thesequantitieswe deÞne

λt ! ,s =
T(t ′, s)

T(t ′, s) + N (t ′, s)

as the total probability massto be assignedto all unseen events.This probability massis distributed

accordingto the ÒunigramÓdistribution, which is a word-to-word translationprobability .

t2(t|t ′, s) =

#
%

&

(1− λt ! ,s) k(t ! ,t,s )
N (t ! ,s) k(t ′, t , s) ≥ L

λt ! ,s
t1(t |s)
r t! ,s

otherwise
(7)

wherer t ! ,s =
!

t :k(t ! ,t,s )<L t1(t|s) is introducedfor normalization.

IV. PHRASE PAIR EXTRACTION FROM PARALLEL TEXT

Many currentapproachesto phrase-basedmachinetranslationrely on a phrasetranslationtable, also

known asa phrasepair inventory(PPI),which canbeextractedfrom word-alignedparallel text [22]. The

PPI is the phrase-level analogueof the word-to-word translationtablesthat appearin the word-to-phrase

alignmentHMM, and it forms the basisof phrase-basedstatisticaltranslationsystems.

There have been a variety of schemesproposedto obtain the phrasepairs neededin translation.

Bilingual phrasepairs can be inducedfrom word alignedparallel text [23] [22], or indirectly obtained

from phrasealignmentmodelsestimatedover translations[4] [5], and they also can be found by data

mining algorithmsfrom parallel stringsthroughco-occurrenceanalyses[24].

In the widely-usedphrase-extract algorithm[25], phrasepairsareextractedfrom word-alignedtrans-

lation using alignmentsgeneratedusing IBM Model-4 as implementedin the GIZA++ toolkit [7]; the

procedureis generalandcanbeappliedto setsof alignmentsgeneratedusingotheralignmentprocedures.
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military training and combat exercise   , security control in the preparedness against the war
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Fig. 4. Incorrectword-to-word links preventingcorrectphrasepairs from being found in sentencetranslations.

For eachpair of sentencess and t , it is assumedthat thereis a set of alignmentlinks A = {(i, j )}

that specify how their words are aligned: if (i, j ) ∈ A then si ↔ t j . As a practicalmatter, this set of

alignmentshasno translation direction.What is usuallydone,for instancewhenusingIBM Model-4 as

implementedin the GIZA++ toolkit [7], is to generatetwo setsof alignmentsusing one set of models

trainedin the source-to-target (s→ t ) directionandanothersetof modelstrainedin the target-to-source

(s← t ) direction.The alignmentlinks generatedin eachtranslationdirection are thenmerged,and the

alignmentdirection is not retainedin forming the mergedsetof alignmentsA.

The phrase-extract algorithmÞndsphrasepairsby imposingthe following constraint:wordswithin a

phrasepair must not align to words outsidethe phrasepair. Every sourcephraseand target phrasethat

satisfy this constraintwith respectto the alignmentset form a phrasepair.

More formally, let A = {(i , j )} be the word alignment link set for the pair of sentencess and

t . Considera sourcephrasesi 2
i 1 = si 1 . . . si 2 deÞnedby the indices i 1 and i 2, and a target phrase

tj 2
j 1 = tj 1 . . . t j 2 . The two phrasesform a phrasepair (si 2

i 1 , t j 2
j 1) if for every link (i, j ) ∈ A, i 1 ≤ i ≤

i 2 iif j 1 ≤ j ≤ j 2 . Intuitively, phrasepairsare formedwhenever links to words in the phrasesrespect

the phraseboundaries.

We refer to the PPI constructedin this way as the ÔViterbi Phrase-ExtractÕPPI (VPE PPI) sinceit is

derived from Viterbi alignmentsgeneratedin eachtranslationdirection.Oncethe PPI is determined,the

phrasetranslationprobabilitiesarecalculatedbasedon the numberof timeseachphrasepair is extracted

from a sentencepair.

The VPE PPI is limited to phrasepairs which can be found in the word alignmentset.This can be

limiting, as shown in the exampleof Fig. 4, wherethe 5th word in the Chinesesentenceis incorrectly

alignedto the 4th Englishword. As a consequencethe correctphrasepair, depictedby the dottedline, is

not identiÞedby thephrase-extract algorithm.Variousprocedureshave beenproposedto avoid problems

suchasthis (e.g.[6]). We now describean approachbasedon posteriordistributionsdeÞnedover phrase

pairsascomputedunderthe word-to-phrasealignmentHMM.
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A. PhrasePair Inductionvia Model-BasedPosteriors

In consideringwhetherthe target phrasetj 2
j 1 might form a phrasepair with the sourcephrasesi 2

i 1 under

the phrase-extract criterion, we Þrst restatethe problem.Given the phraseboundariesi 1, i 2, j 1, j 2, we

candeÞnethe following setof alignments

A(i 1, i 2; j 1, j 2) =
)

a = aJ
1 : aj ∈ [i 1, i 2] iif j ∈ [j 1, j 2]

*
. (8)

For a setof alignmentsA, the phrase-extract criterion canthenbe statedequivalently as: (si 2
i 1 , t j 2

j 1) form

a phrasepair if and only if A ∈ A(i 1, i 2; j 1, j 2) . DeÞnedin this way, there are many possiblevalid

alignmentsunderwhich (si 2
i 1 , t j 2

j 1) might form a phrasepair, and it is thereforenatural to considerthe

probability of all the alignmentsin which which this event occurs.The likelihood of the target phrase

alignedto the sourcephraseis obtainedby consideringall ÒvalidÓalignments:

P(t , A(i 1, i 2; j 1, j 2)|s; θ) =
(

a∈A (i 1,i 2;j 1,j 2)

P(t , a|s; θ) (9)

Applying Bayesrule, we obtainP(A(i 1, i 2; j 1, j 2)|s, t ; θ) = P(t , A(i 1, i 2; j 1, j 2)|s; θ)/P (t |s; θ) which is

theposteriorprobabilitythat(si 2
i 1 , t j 2

j 1) form a phrasepair givens andt . With this quantitywe canconsider

alternative extractionstrategies,suchasgenerating a sortedlist of themostlikely phrasespairsthatcanbe

extractedfrom a sentencetranslationpair. This phrasepair posteriordistribution (EquationIV-A) applies

to any statisticalword alignmentmodel. Whetherthe computationinvolved is feasible dependson the

underlyingmodel.We notethatÞndingthephrasepair posteriordistribution undertheIBM fertility-based

modelssuchas Model-4 facesthe samechallengesas arise in parameterestimation.For thosemodels

thereis no efÞcientway to calculatethe likelihoodasdeÞnedin Equation9.

B. PhrasePair Posterior CalculationUnder the Word-to-PhraseAlignmentHMM

Equation9 can be computedefÞciently under the word-to-phrasealignmentHidden Markov Model

using a modiÞedForward algorithm in which the recursionrespectsthe word alignmentconstraintof

Equation8. For the given boundariesi 1, i 2, j 1, j 2, the permissiblecombinationsof (i , j , φ) are

i < i 1 : j < j 1 or j 2 < j − φ + 1

i 1 ≤ i ≤ i 2 : j 1 ≤ j − φ + 1 and j ≤ j 2

i 2 < i : j < j 1 or j 2 < j − φ + 1
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Over thesevaluesρj (i, φ, h) is computedrecursively as
+ (

i ! ,φ! ,h!

ρj −φ(i ′, φ′, h′)p(i |i ′, h; I )
,
η n(φ; h · si ) ×

t1(t j −φ+1|h · si )
j"

j ! =j −φ+2

t2(t j ! |t j !−1, h · si )

For all othercombinationsof indicesρj (i , φ, h) = 0 . We thenÞnd the desiredposteriordistribution as

P(A(i 1, i 2; j 1, j 2)|t , s; θ) =

!
i, φ,h ρJ (i, φ, h)

!
i, φ,h αJ (i, φ, h)

.

C. Finding PhrasePairs Under HMM Posterior Distributions

The Þrst step in building an inventory of phrasepairs to be usedin translationis to extract all the

foreign languagephrasesfrom the foreign languagetext that is to be translated.We needonly worry

aboutÞndingtranslationsfor theseforeign languagephrases.We proposea procedurethat builds upon

the Viterbi Phrase-ExtractPPI as a baselinesystem.We Þrst identify all the test set phrasesfor which

the Viterbi Phrase-Extractalgorithm failed to Þnd translations,and if theseoccur in the training set,

we then use the model-basedposteriordistribution to Þnd translationsfor them. The procedureuses

word-to-phrasealignmentHMMs trainedin both translationdirections,as follows.

For eachforeign phrasev not in the VPE PPI , Þndall sentencepairs in which v appears,i.e. Þndall

pairs (tJ
1 , sI

1) and j 1, j 2 suchthat t j 2
j 1 = v. For eachpair and for i 1, i 2 : 1≤ i 1 ≤ i 2 ≤ I , compute

b(i 1, i 2) = Pt→s( A(i 1, i 2; j 1, j 2) | sI
1, tJ

1 )

f (i 1, i 2) = Ps→t( A(i 1, i 2; j 1, j 2) | sI
1, tJ

1 )

g(i 1, i 2) =
-

f (i 1, i 2) b(i 1, i 2)

Þnd (öi 1,öi 2) = argmax1≤i 1,i 2≤l g(i 1, i 2) , andsetu = sî 2
î 1

. Add (u, v) to the PPI if any of the following

three conditionshold: b(öi 1,öi 2) ≥ Tg and f (öi 1,öi 2) ≥ Tg , or b(öi 1,öi 2) < Tg and f (öi 1,öi 2) > Tp , or

f (öi 1,öi 2) < Tg andb(öi 1,öi 2) > Tp .

TheÞrstconditionextractsphrasepairsbasedon thegeometricmeanof thes→ t andt → s posteriors.

The thresholdTp selectsadditionalphrasepairsundera moreforgiving criterion: asTp decreases,more

phrasepairsareaddedandthePPIcoverageincreases.A balancebetweencoverageandphrasetranslation

quality canbe achieved by varying the thresholds.Note that this algorithmis constructedspeciÞcallyto

improve a Viterbi PPI; it is certainlynot the only way to extract phrasepairsunderthe phrase-to-phrase

posteriordistribution. An alternative approachwould omit the Viterbi Phrase-Extractprocedureentirely.
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V. EXPERIMENTS IN CHINESE-ENGLISH WORD ALIGNMENT

Automaticword alignmenttechniquesdevelopedfor phrase-basedstatisticalmachinetranslationmust

ultimately be assessedin terms of translationquality. However word alignment quality can also be

measureddirectly by comparisonto parallel text which hasbeenalignedby bilingual humanannotators.

Suchintermediatemeasuresof alignmentquality have beenfound to be predictive, if not determinant,

of translationquality and can also provide insight into the behavior of the modelingprocedureswhich

generatedthe alignments.

Wereportresultsof Chinese-EnglishwordalignmentexperimentsusingAlignmentErrorRate(AER) [7]

as the measure of alignmentquality. AER measuresperformancerelative to a set of referenceword

alignmentsproducedover a testsetby bilingual humanannotators,and is deÞnedas

AE R(B ; B ′) = 1− 2× |B ∩ B ′|
|B ′| + |B |

whereB is the setof referenceword links, andB ′ are the automaticallygeneratedword links; we note

thatwe useonly thesimplestform of AER deÞnedby [7]. Our experimentswill bebasedon analignment

test set consistingof 124 sentencesfrom the NIST 2001 dry-run [26] which have beenmanuallyword

aligned.We alsodeÞnevariationsof AER over word-to-word andword-to-phraselinks. Theseadditional

AER measuresmake it possibleto measurealignmentquality over thesedifferent categories of links

as well as the relationship of both to the overall AER. We partition the referencealignmentsinto two

sets:the set B1−1 containsword-to-word referencelinks (e.g. s1 → t1 in Fig. 2), and the set B1−N

containsword-to-phrasereferencelinks (e.g. s1 → t3t4 in Fig. 2). The automaticallygeneratedword

alignmentsB ′ arepartitionedsimilarly. With thesepartitionedlink sets,we deÞnetwo variantsof AER:

AE R1−1 = AE R(B1−1; B ′
1−1) and AE R1−N = AE R(B1−N ; B ′

1−N ), which measureword-to-word

andword-to-phrasealignmentquality, respectively. We note that thesemeasuresaresomewhat harshas

deÞned.For example,hypothesizedword-to-word links without a correspondinglink in B1−1 arecounted

asspuriouseven if the neededlink is presentwithin word-to-phraselinks in B1−N .

A. Words and Phrasesin the ReferenceAlignments

In the manuallygeneratedreferencealignments,of the Chinesewordswhich arealignedto morethan

one English words, 82% of thesewords align with consecutive English words (phrases).In the other

direction,amongall Englishwordswhich arealignedto multiple Chinesewords,88% of thesealign to

Chinesephrases.In this collection,at least,observationsof word-to-phrasealignmentsareplentiful.
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B. AlignmentModel EstimationOver Parallel Corpora of IntermediateSize

We presentword alignmentexperimentson an FBIS Chinese/Englishparallel corpuswhich consists

of 11,537parallel documentswith approximately10M English and 7.5M Chinesewords.The Chinese

documentsareÞrstsegmentedinto wordsby the LDC word segmenter[27]. The paralleldocumentsare

then alignedvia an iterative, unsupervisedprocedure[28] which yields alignedtranslationsegmentsof

approximatelysentencelength,many of which aresub-sentencefragments.This leadsto a reductionin

the estimationtime for statisticalword alignmentmodels,andan increasein the amountof parallel text

which canbeusedin training,sincesomepairswith overly long sentenceswould otherwisebediscarded

asa practicalmatter [28].

The AE R, AE R1−1, and AE R1−N measuresof alignment quality are presentedin Table II for

word-to-phraseHMM alignmentsgeneratedby the proceduredescribedin SectionIII. Measurements

of Model 4 alignmentsgeneratedby GIZA++ are also included for comparison.We Þrst note that,

as has beenpreviously reported[7], word-to-word alignmentHMMs do not match IBM Model 4 in

Alignment Error Rate. However we Þnd that AER can be improved in HMM-based alignment by

introducingword-to-phrasetranslation dependencies.For the word-to-phrasealignmentHMM estimated

in the Chinese→English direction,we seereducedAER for phraselengthsup to four words (N = 4).

AER is alsoreducedin theEnglish→Chinesedirectionfor phraselengthsof two words(N = 2), although

alignmentperformancethendegradesfor phrasesof lengthgreaterthan two (not presentedhere).

We now analyzethe effect of including the bigram phrasetranslationprobability. The intendedrole

of this componentis to increasethe likelihood of speciÞcword-to-phrasealignmentswithin the overall

model. When this componentis addedto the best word-to-phrasealignmentmodel, we Þnd that the

word-to-phraseAlignment Error Rate (AER1−N ) doesdecreaseboth in the Chinese→English and the

English→Chinesedirection. However this reduction is associated with an increasein word-to-word

Alignment Error Rate(AER1−1) which is due to a drop in recall as fewer word-to-word alignmentsare

produced.For Chinese→Englishalignment,AER is still reducedoverall; however, in English→Chinese

alignment,overall AER increases.

This behavior canbe explainedby looking at the distribution of the word-to-word andword-to-phrase

links that are producedunder the model. The balancebetweenthe numberof eachcan be controlled

by the phrasecountparameterη : asη increases,the model favors alignmentswith moreword-to-word

links and fewer word-to-phraselinks. This behavior is exhibited in Table III which tabulatesthe links

generatedin the C→E direction underthe word-to-phrasealignmentHMM of maximumphraselength
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TABLE II

CHINESE-ENGLISH WORD ALIGNMENT ERROR RATES. MODELS ARE ESTIMATED OVER THE FBIS COLLECTION.

ALIGNMENTS ARE COMPARED TO REFERENCE WORD ALIGNMENTS PRODUCED BY BILINGUAL HUMAN ANNOTATORS.

Model AER1! 1 AER1! N AER

Chinese→English Model-4 37.9 68.3 37.3

Word-to-Word HMM 42.8 72.9 42.0

Word-to-PhraseHMM, N=2 38.3 71.2 38.1

Word-to-PhraseHMM, N=3 37.4 69.5 37.8

Word-to-PhraseHMM, N=4 37.1 69.1 37.8

+ bigramphrasetranslation 37.5 65.8 37.1

English→Chinese Model-4 42.3 87.2 45.0

Word-to-Word HMM 45.0 90.6 47.2

Word-to-PhraseHMM, N=2 42.7 87.5 44.5

+ bigramphrasetranslation 44.2 85.5 45.1

N = 4 with bigramphrasetranslation.The proportionof word-to-phraselinks increaseswith η, andthe

overall Alignment Error Ratesuggestsa goodbalanceat η = 8.0.

In theseexperiments,the following conÞgurationachievescomparableAlignment Error Rateto IBM

Model 4 alignment:for s→ t , we set N = 4, η = 8.0, and include the bigram translationcomponent;

for t → s, we set N = 2, η = 8.0, and leave out the bigram translationcomponent.The parameters

λ1, λ2, λ3 areset to 0.36,0.4, and0.24, in both translationdirections.We will usethesesettingsfor all

subsequentexperiments.

TABLE III

WORD-TO-WORD AND WORD-TO-PHRASE LINKS AS A FUNCTION OF THE PHRASE COUNT PARAMETER η.

η Word-to-Word Links Word-to-PhraseLinks Total Links AER

2 1677 1948 3625 40.7

4 1966 1550 3516 38.4

6 2140 1310 3450 38.6

8 2252 1146 3398 38.1

10 2368 1010 3378 39.2

12 2448 921 3369 39.4

September29, 2006 DRAFT



23

C. AlignmentModel EstimationOver Large Parallel Corpora

The resultsreportedin the previous sectionare not the Þrst publishedexperimentsin which novel

alignmenttechniqueshave proven to be competitive with Model 4. However many of theseresultswere

obtainedon small to medium sized collectionsof parallel text. On larger collectionsof parallel text,

Model 4 consistentlyproducesalignmentsof higher quality than thoseof novel alternatives (e.g. [7],

[10]).

Theword-to-phrasealignmentHMMs have beendevelopedwith thespeciÞcintentof applyingthemto

thelargeparalleltext collectionsusedin statisticalmachinetranslation.Wethereforewish to verify thatthe

performanceof thesemodelsremainscomparableto thatof Model 4 astheparalleltext increasesin size.

We investigatealignmentperformancewith modelstrainedover theseveralcollectionsof Chinese-English

parallel text available from LDC as of June2005. The ÒNEWSÓcollection refers to the LDC parallel

Chinese/Englishnews corpora(mainly FBIS, Xinhua,HongKongNews, HongKongHansard,Sinorama,

andtheChineseTreebank).TheÒNEWS+UN01-02Ócollectionconsistsof theÒNEWSÓcollectionsalong

with the United NationsChinese-Englishparalleldocumentsfrom the years2001and2002.Finally, the

ÒALL C-EÓcollection consistsof all the C-E parallel text available from LDC as of June2005. This

consistsof the NEWS corporawith the UN translationsfrom 1993 through2002.

In the experimentsreportedin Table IV, we Þnd that word-to-phrasealignmentHMM performance

is comparableto that of Model-4 over all thesecollections.We do note a small degradationin the

English→Chinesealignmentsundertheword-to-phrasealignmentHMM. It is quitepossiblethatthis one-

to-many modelsuffers slightly with Englishas the sourcelanguageandChineseas the target language,

sinceEnglish sentencestend to be longer. Notably, simply increasingthe amount of parallel text used

in training neednot improve AER. However, larger alignedcollectionscan give improved phrasepair

coverageof the testsetandcan lead to improved translationperformance.

1) EfÞcientParameterEstimationOver Large Parallel Text Collections: Oneof the desirableaspects

of estimationof HMM parametersis that the Forward-Backward stepscan be run in parallel. In this

application,theparalleltext is partitionedinto subsetsof sentencepairs;theForward-Backwardalgorithm

is run over the subsetson different CPUs; and statisticsare merged to re-estimatemodel parameters.

Partitioning the parallel text can also reducethe memory usageof individual Forward-Backward steps,

since different co-occurrencetablescan be kept for eachpartition. With the ÒALL C-EÓparallel text

collection,a singlesetof word-to-phrasealignmentHMMs canbe trainedover 200M wordsof Chinese-

Englishparallel text by splitting the parallel text into 40 subsets:eachForward-Backward processtakes
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TABLE IV

CHINESE-ENGLISH WORD ALIGNMENT PERFORMANCE OVER LARGE PARALLEL TEXT COLLECTIONS. ALIGNMENTS ARE

GENERATED IN THE CHINESE→ENGLISH AND ENGLISH→CHINESE DIRECTIONS. ALIGNMENT ERROR RATE (AER) IS

MEASURED OVER A WORD-ALIGNED 124 SENTENCE SUBSET OF THE CHINESE-ENGLISH FBIS PARALLEL TEXT CORPUS.

Parallel Text EnglishWords Model AERC" E AERE" C

Model 4 37.1 45.3
NEWS 71M

Word-to-PhraseHMM 36.1 44.8

NEWS+ Model 4 36.1 43.4

UN01-02
96M

Word-to-PhraseHMM 36.4 44.2

ALL C-E 200M Word-to-PhraseHMM 36.8 44.7

lessthan2GB of memoryandthe training procedureÞnishedin Þve days.By contrast,the 96M English

word ÒNEWS+UN01-02Óis about the largestC-E parallel text over which we can train Model-4 with

our GIZA++ conÞgurationandcomputinginfrastructure.

VI . ARABIC-ENGLISH AND CHINESE-ENGLISH STATISTICAL MACHINE TRANSLATION

We now reportautomatictranslationperformancein Arabic to EnglishandChineseto English trans-

lation. The statisticalmachinetranslationsystemsarebasedon statisticsextractedfrom parallel text by

word-to-phraseHMM alignmentandby the GIZA++ implementationof IBM Model-4, for comparison.

Automatic translationis performedusing the TransducerTranslationModel (TTM) [29], [30].

The model generatesa sourcelanguagesentenceundera sourcelanguagemodel, which in practice

is a standardback-off n-gramlanguagemodel. The sourcesentenceis then segmentedinto sequences

of sourcephrases,producinga lattice of sourcelanguagephrasesequences.Thesesourcephrasesare

translatedinto phrasesin the target language.A phrasereorderingcomponent[30] is appliedto map the

targetphrasesfrom sourcephraseorderinto targetphraseorder. Targetphrasesareallowedto be inserted

with a phrase-lengthdependentprobability; when the generative model is usedin translationand the

target languagesequenceis Þxed, this step permitsforeign phrasesto be deletedratherthan translated.

The target phrasesequencesareÞnally mappedto target sentences.The phrase reorderingcomponentis

a Þnitestatesystemsthat allows adjacentphrasesto be reversedwith a phrase-pairdependentreordering

probability. The model reportedhereallows for a maximumjump of 1, i.e. phrasesare reorderedonly

with their immediateneighbors,and the probability or reorderingis found by an embeddedparameter

reestimationover theparalleltext. Thereestimationprocedureis carriedout asa form of Viterbi training,
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hencethe reorderingcomponent is referredto as MJ-1 VT. Sometranslationresultsare reportedwith

the reorderingstepomitted,a conÞgurationreferredto as monotonephraseorder translation.Although

this conÞgurationis suboptimal,it is fastand the resultsproducedareuseful in systemdevelopment.

We will report translationperformanceof two Chinese→English translationsystems.The smaller

systemis basedon statisticsextractedfrom the FBIS C-E parallel text collection.The languagemodel

used for this systemis a word trigram languagemodel estimatedusing 21M words taken from the

English side of the parallel text; all languagemodelsin this article are built with the SRILM toolkit

using modiÞedKneser-Ney smoothing[31]. The larger systemis basedon alignmentsgeneratedover

all available C-E parallel text (the ÒALL C-EÓcollection of SectionV-C). The languagemodel is an

equal-weightinterpolatedtrigram model trainedover 373M English words taken from the English side

of the parallel text and the LDC EnglishGigaword corpus.

Wemakeuseof a largeandasmallArabic→Englishtranslationsystem.In thesmallsystemthetraining

materialis from theA-E News parallelcorpus,with ∼3.5M wordson theEnglishsideandtheArabic text

tokenizedby the Buckwalter analyzer[32]. The languagemodel is an equal-weightinterpolatedtrigram

built over ∼400M words from the Englishsideof the collection, including the UN collections,and the

LDC EnglishGigaword collection.The large Arabic/Englishsystememploys the samelanguagemodel,

but is basedon statisticsextractedfrom all Arabic-Englishparallel text available from the LDC as of

June2005; this consistsof approximately130M wordson the Englishside.

A. Word-to-PhraseHMM Alignmentand IBM Model-4Alignment

We reportperformance on theNIST Chinese/English 2002,2003,and2004(News only) MT evaluation

sets,andthe NIST Arabic/English2002,2003,and2004(News only) MT evaluationsets.Theseconsist

of 878,919,and901Chinesesentencesand1043,663,and707Arabic sentences,respectively, alongwith

four Englishreferencetranslationsfor each.Translationperformanceis measuredthroughtheBLEU [33]

metric relative to the four referencetranslations.

We Þrstlook at translationperformanceof A→E andC→E systemsbasedon alignmentmodelstrained

over the small collectionsof parallel text. In estimatingthe word-to-phrasealignmentHMMs, we follow

thealignmentprocedureandmodelconÞgurationspeciÞedin SectionV-B. Thebaselinesystems(TableVI

and V, line 1) arebasedon Model-4 Viterbi Phrase-ExtractPPIs,alsodescribedin SectionV-B.

We compareword-to-phraseHMM alignmentsdirectly to Model-4 alignmentsby using the Viterbi

Phrase-Extract(V-PE) procedureto extract phrasetranslation tables from the word-to-phraseHMM

alignments.In C→E translation(TableVI, line 3), performanceis comparableto thatof Model-4,whereas
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TABLE V

ARABIC→ENGLISH MONOTONE TRANSLATION AND PPI EXTRACTION PROCEDURES

Parallel V-PE eval02 eval03 eval04

Text Model Tp cvg BLEU cvg BLEU cvg BLEU

A-E News 1 Model 4 - 19.5 36.9 21.5 39.1 18.5 40.0

2 0.7 23.8 37.6 26.6 40.2 22.4 40.3

3 Word-to-PhraseHMM - 18.4 36.2 20.6 38.6 17.4 39.2

4 1.0 21.8 36.7 24.3 39.3 20.4 39.7

5 0.9 23.2 37.2 25.8 39.7 21.8 40.1

6 0.7 23.7 37.2 26.5 39.7 22.4 39.9

7 0.5 24.0 37.2 26.9 39.7 22.7 39.8

All A-E 8 Model 4 - 26.4 38.1 28.1 40.1 28.2 39.9

9 Word-to-PhraseHMM - 24.8 38.1 26.6 40.1 26.7 40.6

10 0.7 30.7 39.3 32.9 41.6 32.5 41.9

in A→E translation(TableV, line 3), performancelagsslightly.

We next investigate the Phrase-PosteriorAugmentationprocedure(Table VI, Table V, lines 4-7). We

begin with the PPI basedon phrasepairs extractedfrom the word-to-phraseHMM alignmentsby the

Viterbi Phrase-Extractprocedure.This inventory is increasedby adding phrasepairs basedon their

phrase-posteriorprobability; as the cut-off thresholdTp decreases,morephrasepairswill be added.By

augmentingthe PPI in this way we obtain a ∼1% improvementin BLEU score;the value of Tp = 0.7

givesimprovementsin both translation systemsacrossall evaluationsets.In C→E translation,this yields

goodgains relative to Model-4, while in A→E we matchor improve the Model-4 performance.

The performancegains throughPPI augmentationare consistentwith increasedPPI coverageof the

test set (the ÔcvgÕvaluesin Table VI and Table V), wherecoverage is measuredas the percentageof

test set phrasesthat appearin eachof the PPIs.Roughly speaking,if the coveragewas 100%, the PPI

would containat leastonetranslationfor every target phraseto be translated.The augmentationscheme

is designedspeciÞcallyto increasecoverageandwe ÞndthatBLEU scoreimprovementsdo indeedtrack

the phrasecoverageof the testset.This is further conÞrmedby the experimentof TableVI andTableV,

line 2 in which we take the PPI extractedfrom Model-4 Viterbi alignmentsand add phrasepairs to it

using the Phrase-Posterioraugmentation schemewith Tp = 0.7. We Þnd that the augmentationscheme

underthe word-to-phrasealignmentHMMs canbe usedto improve the Model-4 PPI itself.

We also investigate C→E and A→E translationperformancewith PPIsextractedfrom large parallel
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TABLE VI

CHINESE→ENGLISH MONOTONE PHRASE TRANSLATION AND PPI EXTRACTION PROCEDURES

Parallel V-PE eval02 eval03 eval04

Text Model Tp cvg BLEU cvg BLEU cvg BLEU

FBIS 1 Model 4 - 20.1 23.8 17.7 22.8 20.2 23.0

2 0.7 24.6 24.6 21.4 23.7 24.6 23.7

3 Word-to-PhraseHMM - 19.7 23.9 17.4 23.3 19.8 23.3

4 1.0 23.1 24.0 20.0 23.7 23.2 23.5

5 0.9 24.0 24.8 20.9 23.9 24.0 23.8

6 0.7 24.6 24.9 21.3 24.0 24.7 23.9

7 0.5 24.9 24.9 21.6 24.1 24.8 23.9

All C-E 8 Model 4 - 32.5 27.7 29.3 27.1 32.5 26.6

9 Word-to-PhraseHMM - 30.6 27.9 27.5 27.0 30.6 26.4

10 0.7 38.2 28.2 32.3 27.3 37.1 26.8

text collections.Performanceof systemsbasedon Model-4 Viterbi Phrase-ExtractPPIs is shown in

TableVI andTable V, line 8; theseparametervalueswereÞxed basedon the valuesdeterminedin the

experimentsover the smallerparallel texts. To train Model-4 using GIZA++, we split the parallel text

into two (A-E) or three (C-E) partitions,and train modelsfor eachdivision separately, and Þnd word

alignmentsfor eachdivision separatelywith their models;we Þnd that memoryusageis otherwisetoo

great.Theseserve asa singlesetof alignmentsfor theparalleltext, asif they hadbeengeneratedundera

singlealignmentmodel.Whenwe translatewith Viterbi Phrase-ExtractPPIstaken from Word-to-Phrase

HMM alignments createdover all availableparalleltext, we Þndcomparableperformanceto theModel-4

baseline(Table VI, Table V, line 9). Using the Phrase-Posterioraugmentationschemewith Tp = 0.7

yields further improvement(TableVI, TableV, line 10).

TABLE VII

MONOTONE TRANSLATION ON MERGED ARABIC→ENGLISH AND CHINESE→ENGLISH TEST SETS.

Model PPI BLEUC! E BLEUA! E

Model-4 baseline 27.29±0.5 39.39±0.6

Word-to-PhraseHMM augmented 27.47±0.5 40.48±0.6

We also perform teststo seeif the improvementsunderthe BLEU metric are statisticallysigniÞcant
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[34]. Poolingall threetestsetsof eval02,eval03,andeval04,we form large testsetsfor C→E andA→E

translations.We comparetranslation performanceof two setups:one is the Model-4 word alignments

with the baselinePPI (asin TableVI andV, line 8), theotheris theword-to-phraseword alignmentswith

the augmentedPPI (as in Table VI and V, line 10). We show their BLEU scoresas well as their 95%

conÞdenceintervals in TableVII. We Þnd that the Word-to-Phrasealignment model leadsto equivalent

C→E systemperformanceasthatof Model-4,while A→E systemimprovementsaresigniÞcantat a 95%

level [34].

The Þnalseriesof resultsarereportedin TableVIII in which we show that the word-to-phraseHMM

alignmentsand the phrasepair augmentationprocedurecan be used with more complex translation

systemsbasedon phrasereorderingmodelsandhigherorderngramEnglish languagemodels.

TABLE VIII

ARABIC→ENGLISH AND CHINESE→ENGLISH TRANSLATION PERFORMANCE WITH 3GRAM AND 4GRAM ENGLISH

LANGUAGE MODELS AND MJ-1 VT LOCAL PHRASE REORDERING MODELS.

Parallel V-PE Phrase NGram eval02 eval03 eval04

Text Model Tp Order Order BLEU BLEU BLEU

All A-E Model 4 - monotone 3 38.2 40.1

Word-to-PhraseHMM 0.7 monotone 3 39.3 41.6 41.9

- MJ-1 VT 3 41.5 43.4

0.7 MJ-1 VT 3 42.3 43.9 45.1

0.7 MJ-1 VT 4 43.1 45.0 45.6

All C-E Model 4 - monotone 4 28.5 27.4

Word-to-PhraseHMM 0.7 monotone 4 28.9 27.4 27.3

0.7 MJ-1 VT 4 30.2 28.2 28.9

VI I . CONCLUSION AND FUTURE WORK

We have describedan alignment methodology for statistical machinetranslationthat is motivated

by featuresof IBM Model-4 but basedon computationallyefÞcient hidden Markov models.We have

developedalternative formulationsof fertility and distortion and combinedthem with reÞnementssuch

as bigram translationprobabilitiesand have done so while maintainingcomputationaltractability and

avoiding modeldeÞciency. Thesecomponentshave beenanalyzedthroughvariousalignmentexperiments

and their role in capturing various alignment phenomenahas been discussed.Effective training and

alignmentprocedureshave beendeveloped,and in Arabic-Englishand Chinese-Englishtranslationthe
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word-to-phrasealignmentHMM can be usedto generatealignmentsof comparablequality to thoseof

IBM Model-4 even over large collectionsof parallel text.

We have also shown that exact computationof posteriorstatisticsunder thesemodelscan be used

to augmentphrase-pairsextractedfrom word aligned parallel text. This leadsto improved translation

performance,but it also demonstratesthe power of the modelingapproach.Although the model topol-

ogy explicitly describesonly word-to-phrasealignments,throughmarginalizationwe candescribemore

complex phenomena,such as phrase-to-phrasealignment.This is done by introducing the quantity of

interest- the set of alignmentsconsistentwith phrase-to-phrasealignments- and computingposterior

distributions over such sets.The key is to formulate the desiredsetsso that the computationcan be

carriedout efÞcientlywith respectto the model topology. In closingwe note that thesemodelsarestill

relatively simple and we expect further improvementsin alignmentand translationquality as we reÞne

them.
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