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Abstract

Efbcientestimationand alignmentproceduregor word and phrasealignmentHMMs are developed
for the alignmentof paralleltext. The development of thesemodelsis motivatedby an analysisof the
desirablefeaturesof IBM Model 4, one of the original and most effective models for word alignment.
Thesemodelsareformulatedto captrethedesiralte aspect®f Model 4 in anHMM alignmentformalism.
Alignment behaior is analyzedand comparedo human-generategeferencealignmentsandthe ability
of thesemodelsto capturedifferenttypesof alignmentphenomenas evaluated.In analyzingalignment
performance Chinese-Engsh word alignmentsare shavn to be comparableto thoseof IBM Model-4
evenwhenmodelsaretrainedover large paralleltexts. In translaton performancephrase-basestatistical
machinetranslationsystemsbas& on theseHMM alignments can equal and exceed systemsbased
on Model-4 alignments,and this is shavn in Arabic-Englishand Chinese-Englishranslation. These
alignmentmodelscan also be usedto generateposteriorstatisticsover collecions of paralleltext, and
this is usedto rebPneand extend phrasetranslationtableswith a reaulting improvementin translation

quality.

I. INTRODUCTION

Alignment is one of the central modeling problemsin statisticalmachinetranslation(SMT). Given
a collection of paralleltext - text in one languageaccompaniedy its translationin anotherlanguage
- the processof alignmentidentipes translationequivalencebetweendocumentsparagraphssentences,

and, within sentenceshetweenwords and phraseqd1], [2], [3], [4], [5], [6], [7]. This work investicates
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the useand rebnemenbf Hidden Markov Models for the automaticalignmentof words and phrasesn
paralleltext.

The motivation for improved modetbasedalignmentprocedureds due to the role of word-aligned
paralleltext in currentphrase-base8MT systemsTypically, parameter®f a statisticalword alignment
model are estimatedfrom parallel text, and the model is usedto generateword alignmentsover the
sametexts usedin parameterestimation.Phrasepairs, which are word sequencesvhosewords align to
eachother are extractedfrom the alignmentsand form the basisfor phrase-base8MT systemslin this
approachthe quality of the underlyingword alignmentshas a strong inBuenceon phrase-base®&MT
systemperformanceThe commonpracticethereforeis to extract phrasepairs from the bestattainable
word alignmens. Model-4 alignments[2] as producedby the GIZA++ Todlkit [8] are currently among
the bestthat can be obtained,especiallywith large parallel texts.

Despiteits modelingpower andwidespreadise,Model-4 hasshortcomingsilts formulationis suchthat
maximumlik elihood parameteestimationand paralleltext alignmentare implementedby approximate,
hill-climbing, algorithms.As a consequenc@arameterestimationcan be slow, memoryintensve, and
difpcultto parallelize.lt is alsodifbcultto computestatisticsunderModel-4, for instanceas neededby
EM andthesemodelsare of limited usefulnesdor tasksotherthanthe generationof word alignments;
for example,it is computationallydifbcult to build a translationsystembasd directly on Model-4.

Hidden Markov models(HMMSs) are potentially an attractie alternatve to Model-4 for word align-
ment[9], [10] and phrasealignmentof paralleltext. Thesemodels,with their alignmentand estimation
proceduresnow debPnethe mainstreamof automaticspeeb recognition(ASR) [11]. Although SMT is
a differenttaskfrom ASR, thereare strongconnectionsetweenthem.Both enmploy the source-channel
model, and both translationand transcriptioncan be performedby sourcechanneldecodingalgorithms.
However, SMT involves more comple alignment problems.Using HMMs in speechrecognition is
now fairly straighforward since the temporalnatureof speechleadsnaturally to a left-to-right model
topology whereastranslationinvolves the reorderingand the long-rangemovementof words in ways
rarely encounteredn modelingspeech.

In this paperwe describean HMM alignmentframewvork developedasan alternatie to Model-4. Our
approachwasto analyzethe strengthsof Model-4 and attemptto introducetheminto HMM alignment
modelswhile still ensuringthat the associatecbarameteregimation and word alignment procedures
remainefbcient.In the word alignmentand phrase-basettanslationexperimentsthat will be presented,
its performanceds comparableo or betterthanModel-4. As pracical benebtf this modelingapproach,

we can train the alignmentmodelsby exact implementationsof the Forward-Backvard algorithm; by

SeptembeR9, 2006 DRAFT



parallelizingestimation,we cancontrol memoryusagereducethe time neededor training,andincrease
the amountof parallel text usedfor training. We can also compute statisticsunder thesemodelsin
ways not feasiblewith Model-4, and we show the value of this in the extraction of phrasepairs from
paralleltext undermodel-basegbosteriordistributions. Aspectsof this framavork have beenpresentedn
preliminary form [12]. We now provide deails and derivationsof alignmentmodels and algorithms,as
well as experimentalresultsand comparisondo other modelingapproacheshat demonstratehat these
techniquesare robust and useful.

Thepapermproceedsasfollows. Theword-to-phrasalignmentHMM which formsbasisof the modeling
methodologyis formally presentedn Secton Il. We describethe basicmodelcomponentandcompareit
to IBM word alignmentmodelsby contrastinghe detailsof their generatre formulation.In particulr, we
identify their key model componentsanalyzetheir weaknesseand strengthsand explain what features
from Model 4 we have attemptedto introduceinto our model.In Secton Il we discussthe embedded
estimationproceduregievelopedfor word-tophrasealignmentHMMs and addresssmoothingissuesfor
robustparameteestimation We alsodiscussderving word alignmentsunderthe modelandsomepossible
modelrePnementdn SectionlV we discusswvord aignmentinducedstatisticalphraseranslationmodels
with a focuson phrasepair extraction.We presenta model-baseghrasepair distribution, which enables
alternatve phrasdranslationextraction.We shawv a simplestratgy of improving phrasepair extractionby
phrasepair posterior asanexampleof usingthe word-tophrasealignmentmodels,not just thealignments
generatedver paralleltext. In SectionV, we investigateword alignmentperformanceandshav machine
translationevaluation resultson Chinese-Englistand Arabic-Englishtranslationsystens. We compare

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

Il. WORD-TO-PHRASE HIDDEN MARKOV MODEL ALIGNMENT

We begin with a detaileddescriptionof the componentistributions and randomvariablesneededto

describea generatie probabilisticmodel of word-to-phrasealignment.

A. Componendariables and Distributions

We stat with a sourcesentenceof | words,s = s}, andits translationasa J word sentencen the
target languaget = t] . We assumehatwe have a pair of correcttranslationsvhoseword alignmentis
unknown; by Ocorrect®e assumethat the sentenceso be alignedarein fact translationsof eachother
andthat spurioussentenceairs have beenblteredfrom the paralleltext. We modelthe generatiorof the

taget languageword sequencevia an intermediatesequencef target languagephrasesHere, OphraseO
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refersonly to variablelengthword sequencem the targetlanguageary subsequenciundin thetamget
languagesentencecan sene asa phrase.

We introduceonly a minimal structureto describethe segmentationof target sentencesnto phrase
sequencesiVe debnethe PhraseCountvariableK , which specibpeghat the tamget languagesentencas
segmentedinto a sequenceof phrasest = vk . The centralmodelingassumptionis that eachphrase
in the target phrasesequence/X is generateds a translationof a single word in the sourcelanguage
sentenceThe correspondenceetweensourcewords andtarget phraseds determinedby the alignment
sequenceaf . In this way, the ki tamget phraseis generatedby the word appeanig in position a, of
the sourcesentences,, — vk . The numberof wordsin eachtarget phraseis specipedy the random
processpi. This processs necessarilyconstrainedso that the numberof wordsin the phrasesequence
agreeswith the target sentencdength:J = ! I|(<:1 Pk

It is necessarnas a practical matte in modeling translationalignmentto allow for the insertion of
target phrasesThis needarisesbecausehe correspondencbetweensourcesentenceindtarget sentence
is not always exact, despitethe assumptionof correctsentence-kel translations.In someinstancesit
may be betterto insert phrasegatherthaninsist that they align to a sourceword. This is typically done
by allowing alignmentsto a non-&istentNULL sourceword. An alternative formulationis to introduce
a binary OhalluoationOsequencenX that determineshow eachphraseis geneated:if hy = 0, then
NULL — vy ;if hy = 1thens,, — vi. If the hallucinationprocesdakesa valueof 0, the corresponding
phraseis hallucinatedratherthan generatedas a translationof one of the wordsin the sourcesentence.

Taken togetherthesequantitiesdescribea phraseseggmentationof the target languagesentenceandits
alignmentto the sourcesentencea = (¢ ,ak, hK , K). Themodelingobjective is to dePnea conditional
distribution P (t, a|s) over thesealignmentsWith the assumptiorthatP (t,a|s) = 0if t # vk, we write
P(t,als) = P(VK,K,ak hK ¢K|s) and

PV, K, al h, ¢k |s) = P(K|J,s)
xP (@, o, hK K, J,8) x P(vK [l hK oK K, J,9).

Theseare the naturaldependenciesf the componentvariablesin this generatre formulation of the
word-to-phrasealignment.We now describethe simplifying assumptionsnadein their realization.The
objective is to not to debnethe ideal realization of each component;mary of the assumptionsare

admittedlysimplistic. However simplicity is preferredwherever possibleso asto control the compleity

of the overall model.
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P(K=4|1=4,1=9)
P(21154)
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the masses  of pcoplcﬁ are  the creator  of history

P(vi | Sar, §1) P(V2| s, 02)  P(V3|sa, 03) P(V4] Sus, 04)

Fig. 1. SimplipedExampleof Word-to-PhraseHMM Alignment. A Markov network is establishedy treatingsourcewords
asMarkov stateswith the statedependenobsenation distributions debPnedover phrasesof target words.

a) PhraseCountDistribution: P (K

J, s) specibeshedistribution over the numberof phrasesn the
tagetsentencgiventhe sourcesentencard the numberof wordsin thetargetsentenceWe usea simple,
single parametedistribution P (K |J,s) = P(K |J,1) « n¥ . The scalarp > 1 controlsthe segmentation
of the tamget sentencanto phrasesin that larger valuesof n favor taiget sentenceseggmentationswith
mary shortphrasesin practice,we usern asatuning parameteto control the lengthof the hypothesized
tamget phrases.

b) Word-to-Phiase Alignment Distribution: Before the words of the target languagephrasesare
generatedthe alignmentof the target phrasesto the sourcewords is determined.The alignmentis
modeledas a Markov processthat specibeghe lengthsof phrasesand the alignmentof ead to one of
the sourceword positions

Pk, hX, XK, J,9)
K

P (ak, hx, ¢k lak—1, px—1, k-1, K, J, s)
k=1
IIK

p(axk|ak—1, h:; 1) - d(hg) - n(¢x; Sa,)
k=1

The actualword-to-phraselignment(ay) is a Markov processover the sourcesentencevord indices
asin word-to-word HMM alignment[9]. It is formulaed with a dependeng on the hdlucination variable

so that tamget phrasescan be insertedwithout disruptingthe Markov dependenciesf phrasesalignedto
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non-NULL sourcewords

B H

1 a = aj_q, hJ:O
p(ajail’hj;|):§ 0 a #a_1,h =0
Pa(a [a—1;1) hj =1

Thetametphrasdengthmodeln(¢; s) is aform of sourceword fertility [2]. It specibeshe probability
that a sourceword s generates tamget phraseof ¢ words. A distribution n(¢; s) over the values¢ =
1,---,N is maintainedas a table for eachsourceword. The model also requiresa table of Markov
transitionprobabilitiespa(i’|i; 1) for all sourcesentencdengthsl .

The hallucinationsequencés a simplei.i.d. processwhered(0) = p, andd(1) = 1— py. Specibedn
this way, py actsasa tuning parametethat controlsthe tendeng towardsthe insertionof tamget phrases.

c) Word-to-Phrase Translation: The translationof wordsto phraseds given as
nK
P(v[al, b, ¢l K, 3,9 = p(vklsa,, . ¢x)
k=1
so that target phrasesare conditionally independengiven the individual sourcewords. We debnetwo

modelsof word-to-phrasdranslation.
The simplest model of word-to-phase translationis basedon contet-independentword-to-word
translation:target phrasewords are translatedindependentlyfrom the sourceword via bxed translation

tables:p(vk|sa,, hk, #k) = f’;l ti(vk[j 1] hk - sa,) Wherethe notationhy - s, is shorthandfor
#

% Sak hk = l
hk . Sak = .
& NULL he=0
In this way specializedranslationtablescanbe maintainedor hallucinaed phrasedo allow their statistics
to differ from phraseghat arisefrom direct translationof specibcsourcewords
A more comple realization of word-to-phrasetranslationcapturesword context within the tamget

languagephrasevia bigram translation probabilities
'¢k‘

P(Vk[Sa,, hk, #k) = ti(vk[1]|hk - sa,) x  ta(W[ ]| wk[i — 1], hk - sa,)
=2

Here, t;(t|s) is the usual contet independentord-to-word translationprobability describedinitially.
The bigram translationprobability to(t|t’, s) specibPeghe likelihoodthat targetword t is to follow t’ in
a phrasegeneratedoy sourceword s. Note that the conditioningis on words within the tamet phrase;
this respectghe conditionalindependencassumptiongndis computationfly tractable.

To summarizethe parametesetd of this formulationof theword-to-phrasalignmentHMM consistsof

the Markov transitionmatricesp,, the phrasdengthtablesn, the hallucinationparametepy, the unigram
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word-to-word  translation table t;, and the bigram translation probabilities t:

0= {pa(ili’;1),n(¢;s), po, t1(t[s), ta(t|t’, s) }
The stochastigorocessy which a sourcestring s generates targetstring t of J wordsis summarized

asfollows (seealsoFig. 1):

1) The numberof phrasesn the target sentences chosenunderP (K |I,J).

2) For eachof the K tamget phrasedo be produced:

a) The alignmental is generatecalongwith the hallucinationprocesshf .
b) With the alignmentof the k" phraseto the aE‘ sourceword set,the numberof wordsin the
k" phraseis then chosenunderdistribution n(¢x; sa,). The ¢y satisfy! Ezl ok =J.
c) Thewordsin thetamgetphrasevy arechosenunderP (vk|sa,, hk, ¢k), wherethe hallucination
processcontrolsthe insertionof target phrases.
3) The target sentences formed from the target phrasesequencet = vK.
Although it incorporategarget phrasesthe word-to-phrasealignmentHMM is very much a model of
word translationin that tamget phrasesare producedas sequence®f words generatedfrom a single
sourceword. Phrase-leel informationis usedprimarily to inBuencethe translationof individual words.
The alignmentof sourceand target words can easily be derived from the word-to-phrasealignments:

wordsin a tamget phraseare alignedto the sourceword that generatedhe phrase.

B. Modelsof Word and Phrase Alignmentin Translation

There is extensie prior work in alignmentand translationthat incorporatesphrases,although, to
our knowledge, the word-to-phraseHMM is the Pbrst non-syntacticmodel of alignmentthat directly
alignswordsto phrasesWe now review prior work on word alignmentand discussits inBuenceon this
formulation of the word-to-phrasealignmentHMM.

1) HiddenMarkov Modelsof Word Alignment: The original formulationof the HMM word alignment
model [9] associategachsourceword s; with a statein a Markov process.The target sentencey is
the HMM obsenation sequencen which target words are emittedone-by-onejn tamget languageorder,
with eachstatetransition:

nJ

P(t,als) = P(als) P(tls,a) = P(ajlay_1i1) t(tjIsa,) -
j=1

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

alignmentmodelis straightforvard: constrainingthe phrasdengthcomponenn(¢; s) to permitonly sin-
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Fig. 2. An ExampleAlignmentwith Word-to-Wbrd and Word-to-Phrasé.inks

gle word phraseseduceghe word-to-phrasalignmentHMM to a modelof word-to-word alignment.We
note that the word-to-phrasalignmentHMM is very similar to segmentalHidden Markov Models[13],
[14], in which HMM statesemit obsenation sequencesr trajectoriesratherthanindividual obsenations.
We note also that the hallucinationprocesss motivatedby the useof NULL alignmentsin the Markov
alignmentmodels[7], althoughthe formulation hereis different.

2) Phrase Length Distributions: Developing a model of the productionof phrasesequencesather
thanword sequencesequiredthe specibcatiorof the phrasecountand phraselength models.The form
of the phraselength model presentechere was motivated by the use of OstayProbabilitiesin HMM
word-to-word alignment[10], which are appied to encouragethe alignmentprocessto remainin a
sourceword statewhile generatingsuccessie target words. By comparisonthe Word-to-PhraséHMM
alignmentmodelscontaindetailedmodelsof stateoccupany that are more powerful thana single OstayO
parameter

Fig. 2 givesan examplein which a single sourceword s; generateshe targetwordsts andt,. There
are multiple alignmentsequencesvhich could be associatedvith this setof links, but more importantly
the target words t3 andt, could be generateckither astwo one-word phrasesor as a single two-word
phrase.The balancebetweenword-to-word and word-to-phrasealignmentsis set by the phrase count
distribution parametem. As n increasesalignmentswith shorterphrasesare favored, whereasfor very
large n the model effectively permitsonly word-to-word alignments As will be shavn in SectionV-B, it
is desirableto have a balanceddistribution of word-to-word and word-to-phrasdinks to obtainthe best
overall word alignmentquality, andn senesasa tuning parameter

3) Bigram Translation Probabilities: Modeling the productionof phrasesequencesatherthanword
sequenceslso allows the introduction of the bigram translationdistribution, which are motivated by
statisticaltechniquesdevelopedfor word sensedisambiguatiorin translation(e.g.[15], [16]). Here,the
likelihood assignedo the wordsin a target languagephrasedependson the previous tarmget words that
appeamvithin the phrase An exampleshaving theinBuenceof word cortext in phraseranslationis given

in Table I, basedon translationprobabilitiestaken from Chinese~English alignmentmodelsdescribed
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TABLE |
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 TradeCenteftt:! H3) = P(World[t! H.0)) P(TradeéWorld, ! H.0) P(CentefWorld, Trade, ! HL»)
Unigram Approximation =~ P(World|t! H.0)) P(Tradgtft! Al P(Centeft:! H.0)
= 0.06 x  0.06 x  0.06 = 0.0002
Bigram Approximation ~ P(World|ttf! #.) P(TradgWorld, tH! H») P(CentefTrade, i1 H.L)
= 0.06 x 0.99 x 0.99 = 0.0588

later in SectionV-B. OWrld Trade Center@s one of the valid transldions for the Chineseword Gt:!

/.00, The unigram,or context independenttranslationof the words OVerldO, OTaded and OCenterO

yields a much lower likelihood of translationfor the entire phrasethan whenthe English word context
is taken into account.More comple translationdependenciesre clearly worth considering,however
ary dependenciintroducedwill necessarilycomplicatethe model; this formulation supportsefbcient
HMM-basedestimationand alignmentalgorithms.

4) Word-to-Phrase Alignment: The idea of explicitly aligning sourcewords to target phraseshas
beenexploredfor statisticalnaturallanguageunderstanding17], [18]. [17] proposeda statisticalword-
to-clump generatie model with a uniform alignmentdistribution as is done in IBM Model-1. This
Oclump®@an be thoughtof asa phrasein the seng usedhere.Alignment distortionswere suggestednd
studiedby [19], and[18] extendedthe conceptof fertility [2] to the generatiorof phrasesand proposed
improved word to phrasetranslationprobabilitiesby utilizing coniext. While our model shareshis idea
of generatingmultiple target words from a sourceword, we embedthis translationprobability as an
obsenation distribution within an HMM alignmentprocess.

5) IBM Modelsof Word Alignmentin Translation: The well-known IBM word alignmentmodels[2]
consistof a seriesof translationalignmentmodelsof increasingcompleity. The modelsare generatre,
in that tamget words are generatedy sourcewords. Model-1 and Model-2 assumethe target words are
generatedndependentlyfrom the words in the sourcestring, as follows: a sourcesentenceposition is
selectedfor eachpositionin the target sentenceand a target word is producedas a translationof the
selectedsourceword. In Model-1, the sourcepositionsare selecteduniformly, while in Model-2 they

dependon the tamget positionin questionand the lengthsof the two strings. Although they are useful,
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Model-1 and Model-2 are generallyconsideredo be relatively weak modelsof word translation,mainly
becausef the extremesimplicity of their alignmentand generationprocesss.

IBM Models 3 and 4 are also generatre, althoughthey exchangethe sourceand tamget directions
relative to Models1 and2. Models 3 and4 prstdecidehov mary tagetwordseachsourceword should
generatethis is specibedy the sourceword fertility. For eachsourcesentenceposition,that mary tamget
words are then producedas translationsof the sourceword; thereis also a mechanisnfor generating
tagetwordsvia NULL alignments.The modelsthenarrangethe hypothesizedarget wordsto producea
tamget string accading to the distortion models In Model-3 target positionsare chosenndependentlyfor
the words generatedy eachsourceword. In Model-4, Fig. 3, thereare two typesof distortion models:
one is appliedto position the prst taget word generatedby each sourceword; the seconddistortion
model then determineghe relative distanceto the previously chosentarget word position, i.e. multiple
taget words might to be insertedinto the sameposition, which would producean invalid target string.
SinceModels3 and4 assignprobability to non-sentenceis thetargetlanguagethey arecalleddebcient
Despitethis shortcomingModel-4 word alignmentsas producedby GIZA++ [7] have beenwidely used
in statisticalmachinetranslationsystemsbecauseof their high qualty.

The relationshipbetweenour word-to-phrasealignmentHMM and the IBM modelsof fertility and
distortionis somevhat complicated As reviewed, the main featuresof Model-4 areNULL sourcewords,
sourceword fertility, andthe distortionmodel. The word-to-phrasealignmentmodelalsoincludesNULL
sourcewords.However theword-to-phraselignmentHMM describesourceword fertility only indirectly.
The phraselength distribution doescontrol the number of tamget words generatedy eachsourceword
state,but within analignmenteachsourcestatecanbe visited multiple times. Thusthe expectednumber
of taiget words generatedy eachsourceword dependson both the phraseengthdistribution aswell as
the expectedfrequeng of a sourceword positionin the alignmentsequence.

The IBM-4 distortion model| which allows hypothesizedvordsto be distributed throughoutthe target
sentenceis difbPault to incorporateinto a modelthat supportsefbcientdynamicprogrammingsearchand
estimationalgorithms. Since algorithmic efbcieny is one of our objectivesin developing the word-to-
phrasealignmentmodel, we avoid this problemby insisting that target words form connectedphrases.
This is not as generalas the Model4 distortion, althoughthis shortcomingis somevhat balancedby a
more powerful (Markov) alignmentprocessMoreover, the Markov dependaciesunderlyingthe word-
to-phrasealignmentHMM assurethat target word subsequenceare generatedn-place,therebyavoiding
debcieng. In summary the word-to-phraselignmentHMM is not debcientand also supportsefbcient

dynamicprogrammingsearchand estimationalgorithms.
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Fig. 3. SimplibedExampleof Word-to-PhraseéAlignmentsunderIiBM Model-4.

Despitethesedifferenceghe word-to-phrasealignmentmodel and Model-4 allow similar word align-
ments.In the alignmentdepictedin Fig. 2, for example,Model-4 would allow s; to generatd, t3, and
t4 with a fertility of 3, andthey would then be distributed as obsened underthe distortion model. In
the word-to-phrasealignmentmodel, sincesource word positionscan generatanorethanone phrase s;
couldgenerate; andtst, with phrasdengthsl and2, respectiely. We notethatif the alignmentprocess
is constrainedso that statesrepresentingsourcewords are not revisited, the phraselength of the tamget
phrasealignedto the sourceword is indeedequalto its fertility. However the phraselength component
is in generalnot exactly equivalentto the Model-4 fertility althoughit hassimilar descriptie power. It
is inspiredby featuresof Model-4, but is incorporatedwithin the word-to-phrasealignmentHMM in a
mannerthat allows efbcientparameteestimationand alignmentprocealures.

To summarizeéhesemodelingapproacheHMM-basedword alignment modelsandIBM fertility-based
modelsarequite different. The Markov assumptiorunderlyingthe HMM determineghattamgetwordsare
generatedocally, which enablesefbcientdynamicprogrammingbasedproceduresThe distortion model
and fertility informationin 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 procesanore powerful in generatig obsenation sequences:
phrasegatherthan words are emitted after eachstate transitionas shavn in Fig. 1. We establishlinks
betweensourcewords and target phrasesexplicitly during the generatre procedureand contect within
a phraseis also consideredn translation.As we will shav experimentallylater, thesefeatureslead to
modelsof comparablgerformancdo Model-4. However the approachremainscomputationallytractable

in both parameteestimationand alignment.
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[11. EMBEDDED WORD-TO-PHRASE ALIGNMENT MODEL PARAMETER ESTIMATION

We now discussestimationof the word-to-plrasealignmentmodel parameterdy the EM algorithm.
The recursionruns forward, word by word, over the tamget sentenceand gathersstatisticsrelative to the

alignmentof tamget phrasego sourcewords.

A. Forward-Badward Procedue

Given a sentencepair (s}, t7), a statespace{(i, ,h) : 1 <i <1,1< ¢ <N,h= 0or 1} is created
over which the Forward-Backward algorithm will be carried out. The Forward statistic ¢ (i, ¢, h) is
debnedas the probability that the completesourcesentencegenerateshe brstj words in the target
sentencewith the additional constraintthat the last ¢ of the taget words form a phrasegeneratecy
sourceword s; . Including theinBuegceof the hallucinationprocess,wentroducethe following notation
PP,
& P, d

—si|s)) h=1
«—NULL |s})) h=0

aj (i, ¢, h) = —otH

—¢+1
The Forward statisticscan be calculatedrecursvely over a trellis of 2 x N x | x J nodesas

(
o (i, ¢, h) = { aj (', ¢, N)p(ii’, hi 1) In(g; h - si)
i",¢',h!

n-tl(tj_¢+1|h~8i) tg(th|tj1,1,h~Si) . (1)
j'=j—o+2
The Backward probability g; (i, ¢, h) is debPnedas the probability that the completesourcesentence

generateshe pnall —|j targetwords,giventhatthetargetwordst} i1 form a phra® alignedto h-s; :
#
% pqt! K —s,sh h=1
Gl ony= g T 1

Pyt 4 < NULL,s;) h=0

It canbe calculatedrecursvely over the sametrellis as

i, h;1)n(¢’;h’ - sp)

. ( S W
Gi(i,¢,h) = Bio (7,0, N)R(
it,éh!
jr+-o
n~t1(tj+1|h/~5iz) tg(tjz|tjz,1,h/~5i!) . 2)
j'=j+2

B. Word-to-Phrase Translation Statistics

After the Forward recursion,the conditionalprobability of sentence givens canbe found as

— ( J J h,' .
P(t]s) P}, t3 g —h -si|9). ©)
i',h!,¢'
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The correspondingelationshipholds for the Backward probability, asusual.
The probability that a phraset} g1 is generatecdby ary of the wordsin the sourcesentencecan be

found as

P(t,t] _, ., < h-sils)

P(tj alt] sy = hsivsy) PO sy < h-sifs)

aj (i, ¢, h) G (i, ¢, h)

With thesequantitiescomputedwe can calculatethe posteriorof ary target phrasegeneratedy ary

sourceword. Let «; (i, ¢, h) be the posteriorprobability that tamget wordst} form a phrasealigned

—¢+1

to the sourceword h - s;, it canbe found as

@i (i, 0, h)5 (i, ¢, h)
i a3 (i’ ¢, 0

Finally, reestimationof the Markov transition matrix requiresthe posteror probability of observing

%G gh)y =P _, . —h-sist)=

pairs of target phrases.The probability that a phraset} e andits successo[} i‘f are generatedoy

h’-sp andh - sj, respectiely, canbe found as

P(t.tl N s, 810 —h sis)= o (i, ¢',h)n
p(ifi’,h; )n(g; h - s)p(tlT9Isi, h, 0) 6 1.4(i, 6, h). (4)

The posteriorprobability can be found as the ratio of Equation4 to Equation3 :

(00 ey = P s 00— hsit,s).

C. ParameterUpdate Relationships

The update equationsfor the contet independentiranslationtable t; and the Markov transition
probability p, are given here;the remainingmodel parametersare updatedin a similar mannerusing
statisticscollectedduring the Forward-Backvard passes.

Let T denotethe paralleltext usedasthe training set.Let c(s, t) be the posteriorcountsaccumulated
over all training sentence®f the sourceword s generatinghe target word t

( ( _
c(s,t) = (6, h=1)#i(t, ) .

(s,t)eT i),

S; =S

- )
Here# (1, ¢) = }!:j ot 1;(t;:) is the numberof timesword t appearsn the phraset} i1 this is

computeddirectly over the target sentenceThe updatedestimateof the unigramtranslationprobability
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is then found as 6,(t|s) = PC(E% . The estimationof the bigram translationprobability is discussed
in Sectionlll-D.2.

The word-to-phrasdranslationpair statisticsare gatheredas

c(i’,isl) = ( ( (' i, ¢, h = 1),

(styeT, 1PN

Is| =1

where|s| is the numberof wordsin s. The reestimatedransitionprobability is then computedas

sy (i’ i)
Ba(ifi’s1) = ——"—— AT ®)

D. lterative EstimationProcedues

As with trainingthe IBM fertility-basedmodels[2], [7], theword-to-phrasalignmentmodelparameters
are estimatedncrementallyso that model compleity increase®nly astraining progressesAny number
of training scenariogor the word-to-phrasealignmentHMM are possible howvever the experimentsthat
will be reportedlaterin this paperwere basedon the following recipe.

Model parametersare trained from a Rat-startwithout use of ary prior alignmentinformation. The
Pnal model complity is determinedby the maximum phraselength, Nmax , Which is decidedupon

beforehandandthen veribedsubsequentlyhroughtestingof the models.

¥ Translationandtransitiontablesare initialized as uniform distributions.
¥ Model-1 parametersre estimatedwith 10 iterationsof EM.
¥ Model-2 parameterare estimatedwith 5 iterationsof EM.
¥ The parameter®f a word-to-word HMM alignmentmodelareinitialized by word alignmentcounts
from Model-2 Viterbi alignmentsof the parallel text.
¥ Word-to-word alignmentHMM parametersre estimatedwith 5 iteraions of EM.
¥ ForN = 2,...,Nmax .
— Word-to-phraseHMM parameterare estimatedwith 5 iterationsof EM.

¥ |f Bigram translationtablesareto be estimated:
— Bigram translationtablests are clonedfrom unigramtablest; (at N = Npmax).
— Word-to-phraseHMMs with bigram-translatioriablesare estimaed with 5 iterationsof EM.
This stratgy of graduallyincreasingmodel compleity astraining progressess motivatedby experi-
encein estimatingthe parameter®f large languageprocessingystemsnotably the OincrementdiuildO

approachto building mixture of Gaussiardistribution modelsin automaticspeechrecognition[20].
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The componendistributions that make up the word-to-phrasealignmentHMM cometogetherform an
extremely comple system.Even with large amountsof paralleltext usedin training, thereis signibcant
risk of overtraining unlesspreventatve stepsare taken. We now discusssimple parametersmoothing
techniquedor robustestimationof the word-to-phrasalignmentHMM transitionmatricesandthe bigram
translationprobabilities.

1) Rolust Estimation of Markov Transition Probabilities: When estimatedin the usual way (via
Equation5), the transition probabilitiesP,(i]i’; 1) are basedon statisticsof the conditional expectation
that consecutie target phrasesare generatedy sourcewordsin positionsi’ to i within sourcesentences
of length I. This level of modeling specibcitycan easily suffer from obsenation sparsitywithin the
availableparalleltext, in thatthetext is partitionedby the souce languagesentencdengthsin estimating
the length-specibdransition probabilities.

To addresshis particularproblem,Vogel et al.[9] suggestedhe useof Ojummlependent®@arkov tran-
sition probabilities which we adog herein modibedform. ThejumptransitionprobzstbiIitypglj ump)(i li";1)
is a function only of the Ojump®-— i’ madein the alignmentsequenceln estimatingpgj ump)(i li";1), all
accumulatorsorrespondingo statetransitionswith a jump of i — i’ contritute to estimatingthe jump
transitionprobability. The goalis to improve robustnesdy sacribcingsomeof the descripive power of
this componentso that thereare few parameterso estimate.

i’; 1) aftereachiteration
i”;:1), the OjumpO

We employ asimpleinterpolationschemeo obtaintransitionprobabilities B, (i

of EM. We perform a linear interpolationof the Maximum Lik elihood estimatep,(i

transition probabilitiespd “™(i|i”; 1) andthe uniform distribution 1/1

1)+ o PG+ ©

Ba(ili’;1) = A1 - Pa(i
with p, estimatedby the unsmothedEM estimateof Equation5. The interpolationparametersi\, Ao,
and \3 are positive, sumto 1, and are tunedover held-outdevelopmentdata.

Performingparameteiinterpolationin this way doesimprove robustnesshut it is lesseffective than
estimationstratgjiesthat control the overall modelcompleity relative to the amountof relevanttraining
data.We next investicatethe useof suchtechniquedor estimationof the bigramtranshtion probabilities.

2) Rolust Estimationof Bigram TranslationProbabilities: The bigramtranslationprobability assigns
likelihoodto a tamget word t which follows anothertargetword t’ in a phrasegeneratedas a translation
of a given sourceword s. This probability hasthe form of a predictve bigramlanguaget.(t|t’, s), and
we borrow techniquesfrom statisticallanguagemodeling for its robust estimation.Any of the mary

bacloff schemesfor n-gram languagemodeling could be used, and here we investigate Witten-Bell
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smoothing[21].
Let k(t',t,s) bethe expectednumberof occurrence®f t giventhatt followst’ in a phrasetranslated
from sourceword s. Following the notationin Sectionlll-C, the expectednumberof occurrencesre

accumulatedbver all possiblerelevant word to phrasealignmentsweightedby ther posteriors:

( ( . i
k(t',t,s) = % (@, ,h=1) #t!,t(t} 1)
(s,t)eT R
S; =S
where# ¢ (t} _¢+1) is the numberof occurrence®f bigramt’t in thetargetphraset} _py1- We choosea

thresholdL suchthatthe conditionalbigramis treatedasanunseereventif k(t’,t,s) < L. For thoseless

frequentevents,we backoff to theword-to-word translatiorprobabilities t ;. Thetotal countof seenevents
! !
isdePnedasN (t',s) = 1 1)>0 K(U', 1, 5) andthetotal seereventtypesasT (', s) = = ¢ 1s)>L 1-

Using thesequantitieswe debne
_ T(t,s)
© T(t,s)+ N(t,s)

Att,s

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

accordingto the Ounigram@istribution, which is a word-to-word translationprobatility .

#
t t t/ _ % (1 - At!,S) I?\](t(t’vt::)) k(t/,t, S) Z L 7
2(tit,s) = & , s herwi (7)
ST otherwise
! ¥
wherere s = 1y qis)< ti(t]s) is introducedfor normalization.

IV. PHRASE PAIR EXTRACTION FROM PARALLEL TEXT

Many currentapproacheso phrase-basethachinetranslationrely on a phrasetranslationtable, also
known asa phrasepair inventory (PPI), which canbe extractedfrom word-alignedparalel text [22]. The
PPlis the phrase4vel analogueof the word-to-word translationtablesthat appeairin the word-to-phrase
alignmentHMM, andit forms the basisof phrase-basedtatisticaltrarslation systems.

There have beena variety of schemesproposedto obtain the phrasepairs neededin translation.
Bilingual phrasepairs can be inducedfrom word aligned parallel text [23] [22], or indirectly obtained
from phrasealignmentmodelsestimatedover translations[4] [5], and they also can be found by data
mining algorithmsfrom parallel stringsthroughco-occurrencenalyseq24].

In the widely-usedphrase-atract algorithm[25], phrasepairs are extractedfrom word-alignedtrans-
lation using alignmentsgeneratedusing IBM Model-4 as implementedin the GIZA++ toolkit [7]; the

procedurds generalandcanbe appliedto setsof alignmentggeneratedisingotheralignmentprocedures.
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Fig. 4. Incorrectword-to-word links preventing correctphrasepairs from beingfound in sentencdranslations.

For eachpair of sentences andt, it is assumedhat thereis a setof alignmentlinks A = {(i,j)}
that specify how their words are aligned: if (i, j) € A thens; < tj. As a practicalmatter this set of
alignmentshasno transhtion direction. What is usually done,for instancewhenusing IBM Model-4 as
implementedin the GIZA++ toolkit [7], is to generatewo setsof alignmentsusing one setof models
trainedin the source-to-taget (s — t) directionandanothersetof modelstrainedin the target-to-source
(s < t) direction. The alignmentlinks generatedn eachtranslationdirecion are then meged, and the
alignmentdirectionis not retainedin forming the meiged setof alignmentsA.

The phrase-a&tract algorithm Pndsphrasepairs by imposingthe following constraint:words within a
phrasepair mustnot align to words outsidethe phrasepair. Every sourcephraseand target phrasethat
satisfy this constraintwith respectto the alignmentsetform a phrasepar.

More formally, let A = {(i,j)} be the word alignmentlink set for the pair of sentences and
t. Considera source phrases:f = s, ...Si, debPnedby the indicesi; andi,, and a tamet phrase

...tj,. The two phrasesform a phrasepair (s tJ:Q) if for every link (i,j) € A, i; <i <

[ Bt

j2 =
=1

ioiif j1 <j <jo . Intuitively, phrasepairsare formedwheneer links to wordsin the phrasesespect

1

the phraseboundaries.

We refer to the PPI constructedn this way asthe OVterbi PhraseExtract(PPI (VPE PPI) sinceit is
derived from Viterbi alignmentsgeneratedn eachtranslationdirection.Oncethe PPl is determinedthe
phrasetranslationprobabilitiesare calculatedbasedon the numberof timeseachphrasepair is extracted
from a sentencepair.

The VPE PPl is limited to phrasepairs which can be found in the word alignmentset. This can be
limiting, as shawvn in the exampleof Fig. 4, wherethe 5" word in the Chinesesentencéds incorrectly
alignedto the 4" Englishword. As a consequencthe correctphrasepair, depictedby the dottedline, is
not identibedby the phrase-atract algorithm. Variousproceduredave beenproposedo avoid problems
suchasthis (e.g.[6]). We now describean approachbasedon posteriordistributionsdebPnedover phrase

pairs as computedunderthe word-to-phraselignmentHMM.
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A. PhrasePair Inductionvia Model-BasedPosteriors

In consideringwhetherthetargetphraset}f might form a phrasepair with thesourcephrases:j under
the phrase-atract criterion, we brst restatethe problem. Given the phraseboundaries{,is,j1,j2, we

candebnethe following setof alignments

A(ir,ioj1j2) = a=aj tq €liy,ioiif j €[i1,j2] - (8
For a setof alignmentsA, the phrase-atract criterion canthen be statedequialently as: (s} 2 t} ?) form
a phrasepair if and only if A € A(i1,i2;j1,j2) . Debnedin this way, there are mary possiblevalid
alignmentsunderwhich (s}f,t}f) might form a phrasepair, and it is thereforenaturalto considerthe
probability of all the alignmentsin which which this event occurs.The likelihood of the target phrase
alignedto the sourcephraseis obtainedby consideringall OwalidOalignments:

S (
P(t,A(i1,i2j1,j2)[s:0) = P(t.als;0) ©)
acA(iizj1.2)

Applying Bayesrule, we obtainP (A(i1,i2;j1,j2)|s,t;0) = P(t,A(i1,i2;j1,j2)[s;0)/P (t

s; 0) whichis
the posteriorprobabilitythat(si 2, t} ?) form a phrasepair givens andt. With this quantitywe canconsider
alternatie extractionstratgjies,suchasgeneréing a sortedlist of the mostlikely phrasegairsthatcanbe
extractedfrom a sentenceranslationpar. This phrasepair posteriordistribution (EquationlVV-A) applies
to ary statisticalword alignmentmodel. Whetherthe computationinvolved is feasble dependson the
underlyingmodel.We notethat Pndingthe phrasepair posteriordistribution underthe IBM fertility-based
modelssuch as Model-4 facesthe samechallengesas arisein parameterestimation.For thosemodels

thereis no efbcientway to calculatethe likelihood as debPnedn Equation9.

B. PhrasePair Posterior Calculation Under the Word-to-Phrase AlignmentHMM

Equation9 can be computedefbciently under the word-to-phrasealignmentHidden Markov Model
using a modibPedForward algorithm in which the recursionrespectsthe word alignmentconstraintof

Equation8. For the given boundaries ,i2,]j1,]2, the permissiblecombinationsof (i, j, ¢) are

i<ip @ j<ji oorja<j-o¢+1
i1<i<io : j1<j—90¢+1 and j <jo
ip<i  j<j1 oOr ja<j-—9+1
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Over thesevaluesp; (i, ¢, h) is computedrecursvely as
+ 1
pi—o(i's ¢, ARG’ hil) mn(s;h - si) x
i!,(b!,h!

tl(tj _¢+1|h~5i) tg(tj!|tjz,1,h~5i)
jt=j -2

For all othercombinationsof indicesp; (i, ¢, h) = 0 . We thenPndthe desiredposteriordistribution as
|

i, 6,h PI (|1 ¢! h)

PGl IS ) = T

C. Finding PhrasePairs Under HMM Posterior Distributions

The brststepin building an inventory of phrasepairsto be usedin translationis to extract all the
foreign languagephrasesfrom the foreign languagetext that is to be translated. We needonly worry
aboutbndingtranslationsfor theseforeign languagephrasesWe proposea procedurethat builds upon
the Viterbi Phrase-ExtracPPI as a baselinesystem.We brstidentify all the test set phrasesor which
the Viterbi Phrase-Extractlgorithm failed to bnd translations,and if theseoccurin the training set,
we then use the model-basedbosteriordistribution to bnd translationsfor them. The procedureuses
word-to-phraselignmentHMMs trainedin both translationdirections,as follows.

For eachforeign phrasev not in the VPE PPI, bndall sentencepairsin which v appearsi.e. bndall

pairs(tJ ,s'l) andjq,j9 suchthatt}f = v. For eachpair andfor iq,is: 1 <i; <i9 <1, compute
(i1, i2) = Pios(A(i1,ioj1,j2) s, t])

f(i1,i2) = Psme(A(i,izj1i2) s, t])

gliniz) = T(isi2) By, i2)

pnd ©;,9,) = argmax, <, i< 9(i1,i2) , andsetu = s:f Add (u, v) to the PPIif ary of the following
three conditionshold: b(®;,9) > Ty andf (¥,%,) > Ty, or b(®,¥,) < Tg andf ($,&) > T, , or
f(®,6) < Tg andb®,H) > T, .

ThePbrstconditionextractsphrasepairsbasednthegeometrioneanof thes — t andt — s posteriors.
The thresholdT, selectsadditionalphrasepairs undera moreforgiving criterion: as T, decreasesnore
phrasepairsareaddedandthe PPl coverageincreasesA balancebetweercoverageandphrasetranslation
quality canbe achieved by varying the thresholdsNote that this algorithmis congructedspecibcallyto
improve a Viterbi PPI; it is certainly not the only way to extract phrasepairsunderthe phrase-to-phrase

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

Automatic word alignmenttechnguesdevelopedfor phrase-basesdtatisticalmachinetranslationmust
ultimately be assessedn terms of translationquality. However word alignment quality can also be
measuredlirectly by comparisorto paralleltext which hasbeenalignedby bilingual humanannotators.
Suchintermediatemeasure®of alignmentquality have beenfound to be predictie, if not determinant,
of translationquality and can also provide insight into the behaior of the modeling proceduresvhich
generatedhe alignments.

We reportresultsof Chinese-Englislivord alignmentexperimentausingAlignmentError Rate(AER) [7]
as the measuwe of alignmentquality. AER measuregerformancerelative to a set of referenceword
alignmentsproducedover a testsetby bilingual humanannotatorsandis debPnedas

B NB’
AER(B;B")=1-2x |I’3’|+B|
whereB is the setof referenceword links, andB’ are the automaticallygeneratedvord links; we note
thatwe useonly the simplestform of AER debnedy [7]. Our experimentswill be basedon analignment
test setconsistingof 124 sentence$rom the NIST 2001 dry-run [26] which have beenmanuallyword
aligned.We alsodeme variationsof AER over word-to-word andword-to-phraseinks. Theseadditional
AER measuregnale it possibleto measurealignmentquality over thesedifferent catejories of links
aswell asthe relationsip of both to the overall AER. We patrtition the referencealignmentsinto two
sets:the setB;_; containsword-to-word referencelinks (e.g.s; — t; in Fig. 2), andthe setB;_y

containsword-to-phrasereferencelinks (e.g.s; — tsty in Fig. 2). The automaticallygeneratedvord
alignmentsB’ are partitionedsimilarly. With thesepartitionedlink sets,we debPnetwo variantsof AER:
AER;_; = AER(B;_1;B{_;) andAER;_n = AER(B;_n;B]_y), which measureword-to-word
and word-to-phrasalignmentquality, respectiely. We note that thesemeasuresre somevhat harshas
debnedFor example,hypothesizedwvord-to-word links without a correspondingdink in B;_; arecounted

asspuriousevenif the neededink is presentwithin word-to-phrasdinks in B;_y .

A. Words and Phrasesin the RefeenceAlignments

In the manuallygeneratedeferencealignments,of the Chinesewordswhich are alignedto morethan
one English words, 82% of thesewords align with consecutie English words (phrases)In the other
direction,amongall Englishwordswhich are alignedto multiple Chinesewords, 88% of thesealign to

Chinesephrasesin this collection, at least,obserationsof word-to-phraseslignmentsare plentiful.
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B. AlignmentModel EstimationOver Parallel Corpora of IntermediateSize

We presentword alignmentexperimentson an FBIS Chinese/Englistparallel corpuswhich consists
of 11,537 parallel documentswith approximatelylOM Englishand 7.5M Chinesewords. The Chinese
documentsare Prstsegmentedinto words by the LDC word segmenter[27]. The paralleldocumentsare
thenalignedvia an iterative, unsupervisegrocedure28] which yields alignedtranslationsegmentsof
approximatelysentencdength, mary of which are sub-sentencé&ragments.This leadsto a reductionin
the estimationtime for statisticalword alignmentmodels,and an increasein the amountof paralleltext
which canbe usedin training, sincesomepairswith overly long sentencesvould otherwisebe discarded
asa practicalmatter [28].

The AER, AER;_1, and AER;_N measuresof alignmentquality are presentedin Table Il for
word-to-phraseHMM alignmentsgeneratedoy the proceduredescribedin Sectionlll. Measurements
of Model 4 alignmentsgeneratedby GIZA++ are also included for comparison.We brst note that,
as has beenpreviously reported[7], word-to-word alignmentHMMs do not match IBM Model 4 in
Alignment Error Rake. However we bnd that AER can be improved in HMM-based alignment by
introducingword-to-phrasdranslation dependencied-or the word-to-phrasealignmentHMM estimated
in the Chinese~English direction, we seereducedAER for phraselengthsup to four words (N = 4).
AER is alsoreducedn the English—Chinesedirectionfor phrasdengthsof two words(N = 2), athough
alignmentperformancehen degradesfor phrasesof length greaterthantwo (not preentedhere).

We now analyzethe effect of including the bigram phrasetranslationprobability The intendedrole
of this components to increasethe likelihood of specibcword-to-phrasalignmentswithin the overall
model. When this componentis addedto the best word-to-phrasealignmentmodel, we Pnd that the
word-to-phraseAlignment Error Rate (AER;_n ) doesdecreaséboth in the Chinese~English and the
English—Chinesedirection. However this reductionis associted with an increasein word-to-word
Alignment Error Rate (AER;_1) which is dueto a dropin recall asfewer word-to-word alignmentsare
produced.For Chinese~English alignment,AER is still reducedoverall; however, in English—Chinese
alignment,overall AER increases.

This behaior canbe explainedby looking at the distribution of the word-to-word andword-to-phrase
links that are producedunderthe model The balancebetweenthe numberof eachcan be controlled
by the phrasecountparametem : asn increasesthe modelfavors alignmentswith more word-to-word
links and fewer word-to-phrasdinks. This behaior is exhibited in Table Ill which takulatesthe links

generatedn the C—E direction underthe word-to-phrasealignmentHMM of maximumphraselength
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TABLE I

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 | AERu N | AER

Chinese~English Modd-4 37.9 68.3 37.3
Word-to-Word HMM 42.8 72.9 42.0
Word-to-PhraséHMM, N=2 38.3 71.2 38.1
Word-to-PhraséHMM, N=3 374 69.5 37.8
Word-to-PhrasdHMM, N=4 37.1 69.1 37.8

+ bigram phrasetranslation 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 87.5 445

+ bigram phrasetranslation 442 85.5 451

N = 4 with bigram phrasetranslation.The proportionof word-to-phrasdinks increasewith », andthe
overall Alignment Error Rate suggestsa good balanceat n = 8.0.

In theseexperimentsthe following conbguratiorachieves comparableAlignment Error Rateto IBM
Model 4 alignment:for s — t, we setN = 4, n = 8.0, andinclude the bigram translationcomponent;
fort — s, wesetN = 2, n = 8.0, and leave out the bigram translationcomponent.The parameters
A1, A2, A3 aresetto 0.36,0.4,and0.24,in both translationdirections.We will usethesesettingsfor all

subsequenéxperiments.

TABLE Il

WORD-TO-WORD AND WORD-TO-PHRASE LINKS AS A FUNCTION OF THE PHRASE COUNT PARAMETER 7.

Word-to-Word Links | Word-to-Phrasé.inks | Total Links | AER

U

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
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C. AlignmentModel EstimationOver Large Parallel Corpora

The resultsreportedin the previous sectionare not the brst publishedexperimentsin which novel
alignmenttechniqueshave provento be competitve with Model 4. However mary of theseresultswere
obtainedon small to medium sized collectionsof parallel text. On larger collectionsof parallel text,
Model 4 consistentlyproducesalignmentsof higher quality than thoseof novel alternatves (e.g. [7],
[10]).

Theword-to-phrasalignmentHMMs have beendevelopedwith the specibdntentof applyingthemto
thelarge paralleltext collectionsusedin statisticalmachinetranslation We thereforewish to verify thatthe
performanceof thesemodelsremainscomparableo that of Model 4 asthe paralleltext increasesn size.
We investicatealignmentperformancevith modelstrainedover the seseral collectionsof Chinese-English
parallel text available from LDC as of June2005. The ONEWS@ollection refersto the LDC parallel
Chinese/Englisimens corpora(mainly FBIS, Xinhua, Hong Kong News, Hong Kong Hansard Sinorama,
andthe ChineseTreebank) The ONEWS+UNO01-026bllectionconsistsof the ONEW®collectionsalong
with the United NationsChinese-Englistparalleldocumentdrom the years2001 and 2002. Finally, the
Q\LL C-EOcollection 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 Pnd that word-to-phrasealignmentHMM performance
is comparableto that of Model-4 over all thesecollections.We do note a small degradationin the
English—Chinesealignmentsunderthe word-to-phrasalignmentHMM. It is quite possiblethatthis one-
to-mary modelsuffers slightly with English as the sourcelanguageand Chineseasthe tamget language,
since English sentencegend to be longer Notably simply increasingthe amount of parallel text used
in training neednot improve AER. However, larger aligned collectionscan give improved phrasepair
coverageof the testsetand canleadto improved translationperformance.

1) EfbcientParameterEstimationOver Large Parallel Text Collections: One of the desirableaspects
of estimationof HMM parameterds that the Forward-Backvard stepscan be run in parallel. In this
application the paralleltext is partitionedinto subset®f sentenceairs;the Forward-Backvard algorithm
is run over the subsetson different CPUs; and statisticsare meiged to re-estimatemodel parameters.
Partitioning the parallel text can also reducethe memory usageof individual Forward-Backvard steps,
since different co-occurrencedables can be kept for eachpartition. With the G\LL C-EOparallel text
collection,a single setof word-to-phraselignmentHMMs canbe trainedover 200M words of Chinese-

Englishparalleltext by splitting the paralleltext into 40 subsetseachForward-Backvard 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 English Words Model AERc g AERE ¢
Model 4 37.1 453
NEWS [ Word-to-PhraseHMM 36.1 44.8
NEWS+ Model 4 36.1 43.4
UNO01-02 %M Word-to-Phras¢HMM 36.4 442
ALL C-E 200M Word-to-Phras¢HMM 36.8 447

lessthan2GB of memoryandthe training procedurebnishedn bve days.By contrastthe 96M English
word ONEWS+UNO01-02@ aboutthe largest C-E parallel text over which we can train Model-4 with

our GIZA++ conbguratiorand computinginfrastructure.

V1. ARABIC-ENGLISH AND CHINESE-ENGLISH STATISTICAL MACHINE TRANSLATION

We now reportautomatictranslationpeformancein Arabic to English and Chineseto Englishtrans-
lation. The statisticalmachinetranslationsystemsare basedon statisticsextractedfrom paralleltext by
word-to-phraseHMM alignmentand by the GIZA++ implementationof IBM Model-4, for comparison.
Automatictranslationis performedusing the TransducefranslationModd (TTM) [29], [30].

The model generatesa sourcelanguagesentenceunder a sourcelanguagemodel, which in practice
is a standardback-of n-gramlanguagemodel. The sourcesentenceis then segmentedinto sequences
of sourcephrasesproducinga lattice of sourcelanguagephrasesequencesThesesourcephrasesare
translatednto phrasesn thetamgetlanguageA phrasereorderingcomponen{30] is appliedto mgp the
tamget phrasesrom sourcephraseorderinto tamget phraseorder Target phrasesareallowedto beinserted
with a phrase-lengthdependenfprobability; when the generatre model is usedin translationand the
tamget languagesequences bxed, this step permitsforeign phrasedo be deletedratherthantranslated.
The target phrasesequencesare Pnally mappedto tarmget sentencesT he phra® reorderingcomponents
a bnite statesystemghat allows adjacenfphraseso be reversedwith a phrase-paidependenteordering
probability The modelreportedhereallows for a maximumjump of 1, i.e. phrasesare reorderedonly
with their immediateneighbors,and the probability or reorderingis found by an embeddecparameter

reestimatiorover the paralleltext. The reestimatiomprocedures carried out asa form of Viterbi training,
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hencethe reorderingcomponet is referredto as MJ-1 VT. Sometranslationresultsare reportedwith
the reorderingstep omitted, a conbguratiorreferredto as monotonephraseorder translation.Although
this conbguratioris suboptimali,it is fastandthe resultsproducedare usefulin systemdevelopment.

We will report translation performanceof two Chinese~English translationsystems.The smaller
systemis basedon statisticsextractedfrom the FBIS C-E paralleltext collection. The languagemodel
usedfor this systemis a word trigram languagemodel estimatedusing 21IM words taken from the
English side of the parallel text; all languagemodelsin this article are built with the SRILM toolkit
using modiPedKneserNey smoothing[31]. The larger systemis basedon alignmentsgeneratedover
all available C-E parallel text (the GALL C-EOcollection of SectionV-C). The languagemodel is an
equal-weightinterpolatedtrigram model trained over 373M English words taken from the English side
of the paralleltext andthe LDC English Gigaword corpus.

We make useof alarge anda small Arabic—Englishtranslationsystemln the small systenthetraining
materialis from the A-E News parallelcorpus,with ~3.5M wordson the Englishsideandthe Arabic text
tokenizedby the Buckwalter analyzer[32]. The languagemodelis an equal-weightinterpolatedtrigram
built over ~400M words from the English side of the collection, including the UN collections,and the
LDC English Gigaword collection. The large Arabic/Englishsystememplgys the samelanguagemodel,
but is basedon statisticsextractedfrom all Arabic-Englishparallel text available from the LDC as of

June2005; this consistsof approximatelyl30M words on the English side.

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

We reportperformane onthe NIST Chinese/Engsh 2002,2003,and2004(News only) MT evaluation
sets,andthe NIST Arabic/English2002,2003,and 2004 (News only) MT evaluationsets.Theseconsist
of 878,919,and901 Chinesesentenceand1043,663,and707 Arabic sentenceggespectiely, alongwith
four Englishreferenceranslationdor each.Translationperformanceis measuredhroughthe BLEU [33]
metric relative to the four referenceranslations.

We brstlook at translationperformancef A—E andC—E systemdasedon alignmentmodelstrained
over the small collectionsof paralleltext. In estimatingthe word-to-phrasealignmentHMMs, we follow
thealignmentprocedureandmodelconbguratiorspecibedn Sectbn V-B. ThebaselinesystemgTableVI
and V, line 1) are basedon Model-4 Viterbi Phrase-ExtracPPIs,also describedn SectionV-B.

We compareword-to-phraseHMM alignmentsdirectly to Model-4 alignmentsby using the Viterbi
Phrase-Extrac(V-PE) procedureto extract phrasetranslationtables from the word-to-phraseHMM

alignmentsin C—E translation(Table VI, line 3), performances comparabldo thatof Model-4,whereas
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TABLE V

ARABIC—ENGLISH MONOTONE TRANSLATION AND PPl EXTRACTION PROCEDURES

Parallel V-PE eval02 eval03 evalo4

Text Model T, «c¢cvg BLEU c¢cvg BLEU cvg BLEU
A-ENews 1 Model 4 - 195 369 215 391 185 400
2 0.7 238 376 26.6 402 224 403

3 Word-to-PhrassHMM - 184 36.2 206 386 174 392

4 1.0 218 36.7 243 393 204 397

5 09 232 372 258 397 218 401

6 0.7 237 372 265 397 224 399

7 05 240 372 269 397 227 398

All A-E 8 Model 4 - 264 381 28.1 401 282 399
9 Word-to-PhrassHMM - 248 381 26,6 401 26.7 406

10 0.7 30.7 393 329 416 325 419

in A—E translation(Table V, line 3), performancdags slightly.

We next investigate the Phrase-Posteriohugmentationprocedure(Table VI, TableV, lines 4-7). We
begin with the PPI basedon phrasepairs extractedfrom the word-to-phraseHMM alignmentsby the
Viterbi Phrase-Extracprocedure.This inventory is increasedby adding phrasepairs basedon their
phrase-posterioprobability; asthe cut-off thresholdT, decreasesnore phrasepairswill be added.By
augmentingthe PP1 in this way we obtaina ~1% improvementin BLEU score;the value of T, = 0.7
givesimprovementsin bothtranslaion systemsacrossall evaluationsets.In C—E translation this yields
good gains relative to Model-4, while in A—E we matchor improve the Model-4 performance.

The performancegains through PPl augmentatiorare consistentwith increasedPPI coverageof the
test set (the Ocvg@aluesin Table VI and Table V), where coverageis measuredas the percatage of
test setphraseghat appearin eachof the PPIs.Roughly speaking,if the coveragewas 100%, the PPI
would containat leastone translationfor every target phraseto be translated.The augmentatiorscheme
is designedspecibcallyto increasecoverageandwe bndthatBLEU scoreimprovementsdo indeedtrack
the phrasecoverageof thetestset. This is further conbrmedby the experimentof TableVI andTableV,
line 2 in which we take the PPI extractedfrom Model-4 Viterbi alignmentsand add phrasepairs to it
using the Phrase-Postericrugmentabn schemewith T, = 0.7. We bnd that the augmentationscheme
underthe word-to-phrasealignmentHMMSs can be usedto improve the Model-4 PPI itsdf.

We also investicate C—E and A—E translationperformancewith PPIsextractedfrom large parallel
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TABLE VI

CHINESE—ENGLISH MONOTONE PHRASE TRANSLATION AND PPl EXTRACTION PROCEDURES

Parallel V-PE eval02 evalo3 evalOo4
Text Model T, cvg BLEU c¢cvg BLEU cvg BLEU
FBIS 1 Model 4 - 20.1 238 17.7 228 20.2 230

2 0.7 246 246 214 237 246 237

3 Word-to-PhraseHMM - 197 239 174 233 198 233

4 1.0 231 240 200 237 23.2 235

5 09 240 248 209 239 240 238

6 0.7 246 249 213 240 247 239

7 05 249 249 216 241 248 239

All C-E 8 Model 4 - 325 277 293 271 325 26.6
9 Word-to-PhraseHMM - 306 279 275 270 306 264

10 0.7 382 282 323 273 371 26.8

text collections. Performanceof systemsbasedon Model-4 Viterbi Phrase-ExtracPPlsis shovn in
Table VI and Table V, line 8; theseparameteralueswere bxed basedon the valuesdeterminedn the
experimentsover the smallerparallel texts. To train Modd-4 using GIZA++, we split the parallel text
into two (A-E) or three (C-E) partitions,and train modelsfor eachdivision separatelyand bnd word
alignmentsfor eachdivision separatelywith their models;we bndthat memoryusageis otherwisetoo
great.Thesesene asa singlesetof alignmentsfor the paralleltext, asif they hadbeengeneratedindera
single alignmentmodel. Whenwe translatewith Viterbi Phrase-ExtradPPIstaken from Word-to-Phrase
HMM alignmens createdover all available paralleltext, we Pndcomparableerformancedo the Model-4
baseling(Table VI, TableV, line 9). Using the Phrase-Postericaugmentatiorschemewith T, = 0.7

yields further improvement(Table VI, TableV, line 10).

TABLE VI

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

Model PPI BLEUx g BLEUa E
Model-4 baseline ~ 27.29%°° 39.39%0-6
Word-to-PhraséHMM  augmented ~ 27.47%0-° 40.48+0-6

We also performteststo seeif the improvementsunderthe BLEU metric are statistically signibpcant
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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 baselinePR (asin TableVI andV, line 8), the otheris the word-to-phrasevord alignmentswith
the augmentedPI (asin Table VI andV, line 10). We show their BLEU scoresas well astheir 95%
conbdencentervals in Table VII. We bndthat the Word-to-Fhrasealignment modelleadsto equivalent
C—E systemperformancesthatof Model-4,while A—E systemimprovementsaresignibcantat a 95%
level [34].

The bnal seriesof resultsarereportedin Table VIII in which we shav that the word-to-phraseHMM
alignmentsand the phrasepair augmentationprocedurecan be used with more complec translation

systemsbasedon phrasereorderingmodelsand higher order ngramEnglish languagemodels.

TABLE VIl
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 T 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-1vT 3 415 43.4
0.7 MJ-1VT 3 42.3 43.9 451
0.7 MJ-1VT 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-1VT 4 30.2 28.2 28.9

VIlI. CONCLUSION AND FUTURE WORK

We have describedan alignmentmethodobgy for statistical machinetranslationthat is motivated
by featuresof IBM Model-4 but basedon computationallyefecient hidden Markov models.We have
developedalternaive formulationsof fertility and distortion and combinedthem with rePnementsuch
as bigram translationprobabilitiesand have done so while maintainingcomputationaltractability and
avoiding modeldebcieng. Thesecomponenthave beenanalyzedhroughvariousalignmentexperiments
and their role in capturing various alignment phenomenahas been discussed Effective training and

alignmentprocedureshave beendeveloped,and in Arabic-Englishand Chinese-Englishranslationthe
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word-to-phrasealignmentHMM can be usedto generatealignmentsof comparablequality to thoseof
IBM Model-4 even over large collectionsof paralleltext.

We have also shavn that exact computationof posterior statisticsunder thesemodelscan be used
to augmentphrase-pairextractedfrom word aligned parallel text. This leadsto improved translation
performancebut it also demonstrateshe power of the modelingapproach Although the model topol-
ogy explicitly describesonly word-to-phrasealignments throughmarginalizationwe can describemore
complex phenomenasuch as phrase-to-phrasalignment. This is done by introducing the quantity of
interest- the set of alignmentsconsistentwith phrase-to-phrasalignments- and computing posterior
distributions over such sets. The key is to formulate the desiredsetsso that the computationcan be
carriedout efbciently with respectto the modeltopology In closingwe note that thesemodelsare still
relatively simple and we expect furtherimprovementsin alignmentand translationquality aswe rebne
them.
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