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Abstract

We presenta derivation of the alignmenttem-
plate modelfor statisticalmachinetranslation
and an implementationof the model using
weightednite statetransducersTheapproach
we describeallows usto implementeachcon-
stituentdistribution of the modelasa weighted
nite statetransducermr acceptor We showv
that bitext word alignmentandtranslationun-
derthe modelcanbe performedwith standard
FSM operationsinvolving thesetransducers.
One of the bene ts of using this framewnork
is thatit obviatesthe needto develop special-
izedsearchproceduresgvenfor thegeneration
of latticesor N-Bestlists of bitext word align-
mentsandtranslatiorhypothesesWe evaluate
theimplementatiorof themodelontheFrench-
to-EnglishHansardgaskandreportalignment
andtranslatiorperformance.

1 Introduction

The Alignment Template Translation Model
(ATTM) (Ochet al., 1999)hasemegedasa promising
modelingframework for statisticalmachinetranslation.
The ATTM attemptsto overcomethe de ciencies of
word-to-word translationmodels (Brown et al., 1993)
through the use of phrasaltranslations. The overall
model is basedon a two-level alignmentbetweenthe
sourceandthetarget sentencea phrase-lgel alignment
betweensource and target phrasesand a word-level
alignmentbetweenwordsin thesephrasepairs.

The goal of this paperis to reformulatethe ATTM
sothatthe operationswve intendto performundera sta-
tistical translationmodel, namelybitext word alignment
and translation,can be implementationusing standard
weighted nite statetransduce({WFST)operationsOur
main motivation for a WFST modeling framework lies
in the resultingsimplicity of alignmentand translation
processesomparedo dynamicprogrammingor A* de-
coders.TheWFSTimplementatiorallows usto usestan-
dardoptimizedalgorithmsavailablefrom anoff-the-shelf
FSMtoolkit (Mohri etal.,1997).This avoidstheneedto
developspecializedsearchproceduresevenfor the gen-
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erationof latticesor N-bestlists of bitext word alignment
or translatiorhypotheses.

WeightedFinite StateTransducergor StatisticalMa-
chine Translation (SMT) have been proposedin the
literatureto implementword-to-word translationmod-
els (Knight and Al-Onaizan,1998) or to performtrans-
lation in an applicationdomainsuchasthe call routing
task (Bangaloreand Ricardi, 2001). One of the objec-
tives of theseapproachesasbeento provide animple-
mentationfor SMT that usesstandard=SM algorithms
to performmodelcomputationsindthereforemalke SMT
techniquesccessibléo a wider community Our WFST
implementationof the ATTM hasbeendevelopedwith
similar objectives.

We startoff by presentinga derivation of the ATTM
thatidenti es the conditionalindependencassumptions
thatunderlythe model. Thederivationallows usto spec-
ify eachcomponentistribution of the modelandimple-
mentit as a weighted nite statetransducer We then
shav that bitext word alignmentand translationcan be
performedwith standard=-SM operationsnvolving these
transducers. Finally we report bitext word alignment
andtranslatiorperformancef theimplementatioronthe
CanadiarFrench-to-EnglisttHansardsask.



2 Alignment Template Trandlation Models

We presentherea derivation of the alignmenttemplate
translatiormodel(ATTM) (Ochetal., 1999;0ch,2002)
andgive animplementatiorof the modelusingweighted
nite statetransducer¢WFSTSs).The nite statemodel-
ing is performedusingthe AT&T FSM Toolkit (Mohri et
al., 1997).

In thismodel,thetranslatiorof a sourcdanguagesen-
tenceto atargetlanguagesentencés describedy ajoint
probability distribution over all possiblesegmentations
andalignmentsThisdistributionis presentedéh Figurel
andEquationsl-7. The component®f the overall trans-
lation model are the sourcelanguagemodel (Term 2),
the sourcesggmentatiormodel(Term 3), the phraseper
mutationmodel (Term 4), the templatesequencenodel
(Term5), the phrasalranslationrmodel(Term 6) andthe
target languagemodel (Term 7). Eachof thesecondi-
tionaldistributionsis modeledndependenthandwe now
de ne eachin turn and presentits implementatioras a
weighted nite stateacceptoior transducer

P(e{7u{{’zf{7a{{7vff’K7flJ) = 1)
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P(vf, K|f{) - 3)
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We begin by distinguishingvordsandphrasesWe as-
sumethatu is a phrasein the targetlanguagesentence
that haslength M and consistsof wordsey, es, ..., epr.
Similarly, aphrasey in thesourcdanguageentenceon-
tainswords fq, f1, ..., fn, Where fo is the NULL token.
We assumehat eachword in eachlanguagecanbe as-
signedto a uniqueclassso thatu unambiguouslyspec-
i es aclasssequenceEZM andv speci esthe classse-
quenceFy’. Throughouthe model,if a sentencef; is
segmentedinto phrasewX, we sayvX = f{ to indi-
catethatthewordsin thephrasesequencagreewith the
original sentence.

SourceLanguageModel Themodelassigngrobabil-
ity to ary sentencef{ in the sourcelanguagethis prob-
ability is not actually neededby the translationprocess
whenf; is given.As the rst componentn themodel,a
nite stateacceptoiS is constructedor f;’.

Source SegmentationModel We introducethephrase
countrandomvariable K which speci esthe numberof
phrasesn a particularsggmentationof the sourcelan-
guagesentence. For a sentenceof length J, thereare
(1) waysto segmentit into K phrasesMotivatedby
this, we choosehe distribution P(K|f{) as

J—1
T =

K e{1,2,..,J}, (8)

sothaty", P(K|f{) =
We constructa joint distribution over all phraseseg-
mentation® = vy, va, ..., vk as

P, K|f]) = POIK, f)P(K|f]) 9)
where
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Thenormalizationconstant
Zk = S llic 1pu(ﬁk),
ZK,vf P(vff ,K|f1)

Here, p,(vg) is a umgram” distribution over source
languagephraseswe assumehat we have aninventory
of phrasesrom which this quantitycanbe estimatedIn
this way, the likelihood of a particularsegmentationis
determinedy thelikelihoodof the phraseshatresult.

We now describehe nite stateimplementatiorof the
sourcesegmentatiormodelandshov how to computethe
mostlikely segmentatiorunderthe model:

{08, K} = argmax,x x P(uF|K, f{)P(K|f{).

1. For eachsourcelanguagesentencef; to be trans-
lated, we implementa weighted nite statetrans-
ducerQ thatsggmentsthe sentencénto all possible
phrasesequences¥ permissiblegiven the inven-
tory of phrases. The scoreof a sggmentationv’
underf2 is givenby ]'[kK:1 pu(vg). Wethengenerate
alattice of segmentation®f f; (implementedasan
acceptorS) by composingt with thetransducef? ,
ie.V=Soq.

is chosen so that

2. We then decomposeV into J disjoint subsets
Vi; K € {1,2,...,J},U%_,Vk = V sothat Vg
containsall sggmentationsof the sourcelanguage
sentenceavith exactly K phrases.To constructVy,
we createan unweightedacceptorPx that accepts
ary phrasesequencef length K; for ef ciency, the
phrasevocahuilary is restrictedto the phrasesn V.
Vi isthenobtainedby the nite statecomposition
Vi = Vo Pgk.

3.ForKk=1,2,...,J
ThenormalizatiorfactorsZx areobtainedoy sum-
ming the probabilitiesof all segmentationsn V.
This sumcanbe computedef ciently usinglattice
forward probabilities (Wesselet al., 1998). For
a x ed K, the mostlikely sgmentationin Vg is

foundas
Vk = ar max— P,( 10
K V’gEVK H ( )
4. Finally we selectthe optimalsegmentatioras
V= argmax P(Vx|K,f{)P(K|f{). (11)

Ke{1,2,...,J}



A portion of the segmentationtransducer? for the
Frenchsentencenous avons une inflation galopante is
presentedn Figure2. Whencomposedvith S, Q gen-
eratesthe following two phrasesegmentations: nous
avons une_inflation_galopante and nous_avons_une in-
flation_galopante. The *“_” symbolis usedto indicate
phraseformed by concatenatiorf consecutie words.
The phrasespeci ed by the sourcesggmentatiormodel

remainin the orderthat they appearin the sourcesen-
tence.

Noyg ‘e

avons: e

une: e

The nite stateimplementatiorof this modelinvolves
two acceptorsWe rst build a unweightedpermutation
acceptoilly thatcontainsall permutation®f the phrase
sequencevX in the sourcelanguage(Knight and Al-
Onaizan1998). We notethata paththroughIIy corre-
spondgo analignmentsequenceX . Figure3 shavsthe
acceptorly for the sourcephrasesequence@ous avons
une_inflation_galopante.

A sourcephrasesequencéd/ of length K wordsre-
quires a permutationacceptorIly of 2X states. For
long phrasesequencese computeascoremax; P(ay =
tlax—1 = j) for eacharcandthenprunethearcsby this
score,i.e. phrasealignmentscontaininga, = i arein-
cludedonly if this scoreis above a threshold. Pruning

canthereforebeappliedwhile Iy, is constructed.

e: nous_avons{une/S.SZe—G

aun 22 X

6 uonelul

-8 [auedole

gopmese Figure 3: The permutation acceptor ITy, for the

source-language phrase sequence nous

avons
une_inflation_galopante.

Figure2: A portionof thephrasesegmentatioriransducer
Q for thesentencénousavonsunein ation galopante”.

The secondacceptorH in the implementatiorof the
phrasepermutationmodel assignsalignmentprobabil-

ities (Equation13) to a given permutationaf of the
for the reorderingof phrasesequencess determined sourcephrasesequencef< (Figure4). In this example,

by the previous model. The phrasealignmentsequence thephrasesn thesourcephrasesequencarespeci edas
¥ speci esareorderingof phrasesnto tamgetlanguage follows: v1 = f1 (nous), v2 = f» (avons) andvs = f3

Phrase Permutation Model We now de ne a model

phraseorder;the wordswithin the phrasesemainin the

sourcelanguageorder The phrasesequenceX is re-
orderedinto vg, , Vq,, ---, Vax - 1hephrasealignmentse-

guences modeledasa rst orderMarkov process

P(af o, K, f{) = P(af |vf) (12)
K
= P(a) H P(ag|ar_1,v5).
k=2

with a;, € {1,2,..., K}. Thealignmentsequencelistri-
bution is constructedo assigndecreasindikelihoodto
phrasere-orderingghat diverge from the original word
order Supposa,, = f!' andv,,_, = f™, we setthe
Markov chainprobabilitiesasfollows (Ochetal., 1999)

P(aglar—1)

P(a1 = k)

[l—m'—1|
X Do

1
—; 1,2,..,K}.
ke {1,2,., K} (13)

In the abore equations,py is a tuning factor and
we normalize the probabilities P(ag|ar—1) so that
K .
Zj:l,j;éak_l P(ar = jlag-1) = 1.

(une_inflation_galopante). We now shav the computa-

tion of someof the alignmentprobabilities(Equation13)
in this example(py = 0.9)

Plas =1las =3) o« ph ! = 059
Plag =2las =3) . p2 """ = 0.66.

NormalizingtheseermsgivesP (a3 = 1|az = 3) = 0.47
andP(a3 = 2|a2 = 3) = 0.53.

Template SequenceModel Here we describethe
main componenbf the model. An alignmenttemplate
2z = (EM,F{, A) speci estheallowablealignmentde-
tweenthe classsequenceM and F¥. Aisa M x
(N + 1) binary, 0/1 valuedmatrix which is constructed
asfollows: If E; canbe alignedto Fj, then 4;; = 1;

otherwiseA4;; = 0. This processnay allow E; to align
with the NULL token Fy, i.e. A; = 1, sothatwords

canbefreelyinsertedn translation. Givena pair of class
sequence®&M and F{¥, we specify exactly one matrix
A.

We saythatz = (EM, FN, A) is consistent with the
targetlanguagephraseu andthe sourcelanguagephrase



nous/0.4

avons/0.53

une_inflation_galopante/0.55

Figure4: Acceptor H thatassigngprobabilitiesto per
mutationsof the sourcelanguagephrasesequenceous
avons une_inflation_galopante (po = 0.9).

v if EM is theclasssequencéor u and F{Y is the class
sequencéor v.

In Section4.1, we will outline a procedureto build
a library of alignmenttemplatesfrom bitext word-level
alignmentsEachtemplate: = (EM, F¥, A) usedn our
modelhasanindex i in this templatelibrary. Therefore
ary operatiorthatinvolvesa mappingto (from) template
sequencewill beimplementedasa mappingto (from) a
sequencef thesendices.

We have describedhe segmentationand permutation
processethattransforma sourcelanguagesentencénto
phrasedn tamget languagephraseorder The next step
is to generatea consistentsequencef alignmenttem-
plates. We assumehat the templatesare conditionally
independentf eachotheranddependnly onthesource
languagephrasewvhich generate@achof them

K
P(zf<|af,vf,K,fi]) = HP(zHa{{,vf(,K,fl‘])
k=1
K
= I P(zxlvas)- (14)
k=1

Wewill implementhismodelusingthetransducel” that
mapsary permutationv,, , Va,, ---, Ve, Of the phrasese-
quencevX into atemplatesequence with probability
asin Equationl4. For every phrasev, this transduceal-
lows only thetemplates: thatareconsistentvith v with
probability P(z|v), i.e. P(zx|ve,) enforcesthe consis-
tengy betweeneachsourcephraseand alignmenttem-
plate.

Phrasal Translation Model We assumethat a tar
getphrasds generatedndependentlyy eachalignment
templateandsourcephrase

P(uf’ 2", af 01", K, f])

K
H P(uk"z{{aa’{{aU{{aKa flJ)
k=1

K
H P(ug |2k, vay)-
k=1

This allows usto describehe phrase-internal transla-
tion model P(ulv, z) asfollows. We assumehat each
word in thetargetphrasds producedndependentlyand
thatthe consisteng is enforcedbetweenthe wordsin «
andthe classsequenceEZM so that P(e;|z,v) = 0 if
€; ¢ E,'.

We now introducethewordalignmentvariablesp;, i =
1,2,...,, M, which indicatesthat e; is alignedto fy,
within » andv.

P(u|z = (Efw7F(§V’A)a'U)

(15)

M M N

= HP(e,-|z,v) = HZP(ei,cﬁi = j|z,v)
i=1 i=1 j=0
M N ’

= T[> Peil¢i = 5,2,0)P(¢: = j|4,v)
i=1 j=0
M JN

= [ID_ Pelf))P(¢i = il A)1g,(e:). (16)
i=1 j=0

The term P(e;| f;) is a translationdictionary (Och and
Ney, 2000)andP(¢; = j, A) is obtainedas

A
P(¢; = jlA) = =—2—.

(¢ .7| ) Ej’ Aij’
We have assumedhat P(¢;|v, A) = P(¢;|A4), i.e. that
giventhetemplatewordalignmentslonotdependnthe
sourcdanguagephrase.

For a given phrasev anda consistenalignmenttem-
platez = (EM,F{¥, A), aweightedacceptorZ canbe
constructedo assigrprobabilityto translateghrasesc-
cordingto Equationsl6 and17. Z is constructedrom
four componenmachine), I, D andC, constructeds
follows.

The rst acceptorO implementghe alignmentmatrix
A. It hasM +1 statesandbetweerary pair of stateg — 1
ands, eacharc j corresponds$o a word alignmentvari-
ableg; = j. Thereforehenumberof transitiondbetween
stateg andi + 1 is equalto the numberof non-zeroval-
uesof ¢;. The;t* arcfrom statei — 1 to i hasprobability
P(¢; = j|A) (Equationl?).

Thesecondnachinel is anunweightedransducethat
mapstheindexi € {0, 1, ..., N} in thephrasev = f& to
thecorrespondingvord f;.

The third transduceis the lexicon transducetD that
mapsthesourceword f € Vg tothetargetworde € Vg
with probability P(e| f).

ThefourthacceptolC is unweightedandallowsall tar
get word sequenceg which can be speci ed by the

17)



E = run away inflation
F = une inflation galopante

2 :inflation
3: galopante

NULL : away / 0.01

inflation: inflation / 0.85 O

galopante : inflation / 0.04
galopante : run / 0.50

c run away inflation

U

‘ run away

inflation
/0.5 /0.01 10.44

Figure5: Componentransducerso constructheaccep-
tor Z for analignmentemplatez.

classsequenceEM. C hasM + 1 states.The number
of transitionsbetweenstates; — 1 and¢ is equalto the
numberof targetlanguagenvordswith classspeci ed by
E;.

Figure5 shavs all thefour componenESTsfor build-
ing thetransduce correspondingo analignmenttem-
platefrom our library. Having built thesefour machines,
we obtainZ asfollows. We rst composehefour trans-
ducersprojecttheresultingtransduceontotheoutputla-
bels,anddeterminizat underthe (+, x) semiring. This
isimplementedisingAT&T FSMtoolsasfollows

fsmcompose O | D C | fsmproject -0 |\
fsmrmepsilon | fsmdeterminize > Z.

Given an alignmenttemplatez and a consistentsource
phrasev, we notethatthe compositionanddeterminiza-
tion operationsassignthe probability P(u|z,v) (Equa-
tion 16) to eachconsistentargetphraseu. This summa-
rizesthe constructionof a transducefor a singlealign-
menttemplate.

We now implementa transducerW that maps se-
guence®f alignmenttemplatego targetlanguagewvord
sequencesWe identify all templatesconsistentvith the
phrasesn the sourcdanguagephrasesequence . The
transduceW is constructedia theFSMunionoperation
of thetransducerthatimplementthesetemplates.

For the source phrase sequencev? (nous avons
une_inflation_galopante), we shav the transduce in
Figure 6. Our examplelibrary consistsof three tem-
platesz;, z2 and z3. z; mapsthe sourceword nous
to the target word we via the word alignmentmatrix
A specied as¢; = 1. 22 mapsthe sourceword
avons to the tamet phrasehave a via the word align-
mentmatrix A speciedas¢, = 1,02 = 0. 23 maps

e: away me :inflation

/0.01 /0.44

Figure6: TransduceW that mapsthe sourcetemplate
sequence; into targetphrasesequences?.

the sourcephraseune_inflation_galopante to the target
phraserun_away _inflation via theword alignmentmatrix
A speciedas¢; = 3,42 =0,¢3 = {2,3}.

W is built out of the threecomponeniacceptorsZy,
Z», and Z3. The acceptorZ; correspondgo the map-
ping from thetemplatez; andthe sourcephrasey; to alll
consistentargetphrases;.

Target LanguageModel We specifythis modelas

(e{|u{{,z1}<,a{{,vf{,K fl) PE(el)l{el =Uu; }

wherel{e! = uX?} enforcesherequirementhatwords
in thetranslatioragreewith thosein thephrasesequence.
We notethat Pg(e!) is modeledas a standardbacloff
trigramlanguagenodel(Stolcke,2002). Suchalanguage
modelcanbe easily compiledas a weighted nite state
accepto(Mohri etal., 2002).

3 Alignment and Trandation ViaWFSTs

We will now describehow the alignmenttemplatetrans-
lationmodelcanbeusedo performword-level alignment
of bitexts andtranslationof sourcdlanguagesentences.
Givenasourcdanguagesentence; andatargetsen-
tencee!, the word-to-word alignmentbetweenthe sen-
tencecanbefoundas
{ﬁ{{,éf{,&{{,ﬁ{{,f(} =
a‘rgma‘x P('U;]_K’Z]I_{,a{{,’l){(,K|e{, fi])'
ul 2K of oK K
The variables{aX, 4K, 9K, K} specify the alignment
betweersourcephrasesindtargetphrasesvhile 2K gives
theword-to-wordalignmentwithin thephrasesequences.
Given a sourcelanguagesentencefy, the translation
canbefound as

{elaﬁ'l 721 ’al 7Ul aK}_

argmax P(e{,uf{,zf{,af{,vf{,K|f1‘I),

I ,K K K K
e1,uy 21,07 ,v7 K



whereé! is thetranslationof f;.

We implementthe alignmentand translationproce-
duresin two steps.We rst segmentthe sourcesentence
into phrasesasdescribeckarlier

{of K} = argmaxP(vf{IK, f)PE|f).

Ul K

(18)

After sgmentinghesourcesentencethealignmentof
asentenceair (e, /') is obtainedas
{ul ’2{{’ &{{} =

argmax P(u1 ,le,al Ul ,K f1 ael)

ul ,21 ,a1

(19)

Thetranslationis thesameway as

{éfa afa 21Ka a’f} =
K

argmax P(el,u{{,zl 70’1 Ul e i)

I,k K K
e1,us 21 ,a]

(20)

We have describechow to computethe optimal sey-
mentationl/ = o (Equation18)in Section2. The sey-
mentationprocessdecomposeshe sourcesentencef;’
into a phrasesequencéX . This processalsotagseach
sourcephrased; with its position & in the phrasese-
guence.We will now describethe alignmentandtrans-
lation processessing nite stateoperations.

3.1 Bitext Word Alignment

Givena collectionof alignmenttemplatesit is notguar
anteedthat every sentencepair in a bitext canbe sey-
mentedinto phrasedor which thereexist the consistent
alignmenttemplatesneededto createan alignmentbe-
tweenthe sentencesWe nd in practicethat this prob-
lem arisesfrequently enoughthat most sentencepairs
are assigneda probability of zero underthe template
model. To overcomethislimitation, we addseveraltypes
of “dummy” templatedo the library that sene to align
phrasesvhen consistentemplatescould not otherwise
befound.

The rst type of dummy templatewe introduceal-
lows ary sourcephrasepy, to align with ary singleword
target phraseu;. This templateis de ned as a triple
zie = {ui, 0k, A} wherek € {1,2,..,K} andi €
{1,2,...,I}. All the entriesof the matrix A are speci-
ed to beones.The secondype of dummytemplateal-
lows sourcephrasedo be deletedduring the alignment
process. For a sourcephrased;, we specify this tem-
plateasz; = (Op,€),k = 1,2,..., K. Thethird type
of templateallows for insertionsof single word target
phrasesFor atargetphrase:; we specifythistemplateas
z; = (e,ui),i = 1,2, ..., I. TheprobabilitiesP(z|v) for
theseaddedemplatesarenot estimatedthey are x edas
aglobalconstantvhichis setsoasto discouragé¢heiruse
exceptwhenno othersuitabletemplatesareavailable.

A lattice of possiblealignmentsoetweere! and f{ is
thenobtainedby the nite statecomposition

B=MyoHoYoWoT. (21)

whereT is anacceptofor thetargetsentence!. Wethen
computethe ML alignmentB (Equation19) by obtain-
ing the pathwith the highestprobability, in B. The path
B determineghreetypesof alignments:phrasalalign-

mentbetweerthe sourcephrased;, andthetargetphrase
uy; deletionsof sourcephrased;; andinsertionsof tar

getwordse;. To determingheword-level alignmentbe-
tweenthesentences! andf; ,weareprimarily interested
in the rst of thesetypesof alignments.Given thatthe

sourcephrased;, hasalignedto the targetphraseiy,, we

look up the hiddentemplatevariableZ, thatyieldedthis

alignment. 2;, containsthe the word-to-word alignment
betweerthesephrases.

3.2 Translation and Translation Lattices

Thelatticeof possibleranslationf f; is obtainecusing
theweighted nite statecomposition:

T=IlyoHoYoWog. (22)

The translationwith the highest probability (Equa-
tion 20) cannow be computeddy obtainingthe pathwith
thehighestscorein 7.

In termsof AT&T FSMtools,this canbe doneasfol-
lows

fsmbestpath 7~ | fsmproject
fsmrmepsilon > T'

—o|\

A translationlattice (Uefng et al., 2002) can be gen-
eratedby pruning7 basedon likelihoodsor numberof
states. Similarly, an alignmentlattice can be generated
by pruningB.

4 Trandation and Alignment Experiments

We now evaluatethis implementationof the alignment
templatetranslatiormodel.

4.1 Building the Alignment TemplateLibrary

To createthe templatelibrary, we follow the procedure
reportedn Och(2002. We rst obtainword alignments
of bitext usingIBM-4 translationmodelstrainedin each
translationdirection (IBM-4 F andIBM-4 E), andthen
forming the union of thesealignmenty(IBM-4 F U E).
We extract the library of alignmenttemplatesfrom the
bitext alignmentusing the phrase-extract algorithmre-
portedin Och(2002. This proceduredenti es several
alignmenttemplates: = (EM, F{', A) thatareconsis-
tentwith a sourcephrasey. We do not useword classes
in the experimentgeportechere;thereforetemplatesare
speci ed by phrasesatherthanby classsequenceskor
a given pair of sourceandtargetphrasesye retainonly



the matrix of alignmentsthat occursmostfrequentlyin

thetraining corpus. This is consistentith theintended
applicationof thesetemplatedor translationandalign-
mentunderthe maximumlik elihoodcriterion;in thecur

rentformulation,only onealignmentwill survive in ary

applicationof the modelsandthereis noreasorto retain
ary of thelessfrequentlyoccuringalignments.We esti-
matethe probability P(z|v) by therelative frequeng of

phrasatranslationgoundin bitext alignmentsTo restrict
the memoryrequirement®f the model,we extractonly

the templatesvhich have at most5 wordsin the source
phrase. Furthermore we restrict oursehesto the tem-
plateswhich have a probability P(z|v) > 0.01 for some
sourcephrasev.

4.2 Bitext Word Alignment

We presentresultson the French-to-EnglisiHansards
translationtask (Och and Ney, 2000). We measured
the alignmentperformanceusing precision,recall, and
Alignment Error Rate (AER) metrics (Och and Ney,
2000).

Our training setis a subsetwf the CanadiarHansards
which consists of 50,000 French-English sentence
pairs(OchandNey, 2000).TheEnglishsideof thebitext
hadatotal of 743, 633 words(18, 430 uniquetokens)and
theFrenchsidecontained16, 545 words(24, 096 unique
tokens). Our templatelibrary consistedof 1,071,128
templates.

Our test setconsistsof 500 unseenFrenchsentences
from Hansardgor which bothreferencdranslationsand
word alignmentsareavailable (OchandNey, 2000).We
presentheresultsunderthe ATTM in Tablel1, wherewe
distinguishword alignmentsproducedby the templates
from the templatelibrary againstthoseproducedby the
templatesintroducedfor alignmentin Section3.1. For
comparisonye alsoalign the bitext usingIBM-4 trans-
lation models.

Model AlignmentMetrics (%)
Precision| Recall | AER
IBM-4 F 88.9 89.8 | 10.8
IBM-4 E 89.2 89.4 | 10.7
IBM-4 FUE 84.3 93.8 | 12.3
ATTM-C 64.2 63.8 | 36.2
ATTM-A 94.5 55.8 | 27.3

Table 1. Alignment Performanceon the French-to-
EnglishHansard#\lignmentTask.

We rst obsene that the completeset of word align-
mentsgeneratedy the ATTM (ATTM-C) is relatively
poor. However, whenwe consideonly thoseword align-
mentsgeneratedy actualalignmenttemplateqATTM-
A) (anddiscardthe alignmentggeneratedy the dummy
templatesintroducedas describedin Section3.1), we
obtainvery high alignmentprecision. This implies that

word alignmentswithin the templatesarevery accurate.
However, the poorperformancaindertherecallmeasure
suggestshatthealignmentemplatdibrary hasrelatively
poorcoverageof the phrasesn thealignmenttestset.

4.3 Translation and Lattice Quality

We next measuredhetranslationperformancef ATTM
on the sametestset. The translationperformancevas
measuredisingthe BLEU (Papinenietal., 2001)andthe
NIST MT-eval metrics(Doddington2002),andWord Er-
ror Rate(WER). Thetargetlanguagenodelwasatrigram
languagemodel with modi ed KneserNey smoothing
trainedonthe Englishsideof thebitext usingthe SRILM
tookit (Stolcke, 2002). The performanceof the modelis
reportedin Table2. For comparisonye alsoreportper
formanceof the IBM-4 translationmodeltrainedon the
samecorpus. The IBM Model-4 translationswere ob-
tainedusingthe ReWritedecoder(MarcuandGermann,
2002). The resultsin Table 2 shawv that the alignment

Model | BLEU | NIST | WER (%)
[BM-4 | 0.1711| 5.0823| 675
ATTM | 0.1941]| 5.3337| 64.7

Table 2: Translation Performanceon the French-to-
EnglishHansardSranslationTask.

templatemodeloutperformghe IBM Model 4 underall
threemetrics.Thisveri es thatWFSTimplementatiorof
the ATTM canobtaina performancehatcompare$avor-
ably to otherwell known researchools.

We generateN-bestlists from eachtranslationlattice,
andshaow the variationof their oracle-besBLEU scores
in Table3. We obsene thatthe oracle-besBLEU score

Sizeof N-bestlist
1 10 100 400
0.1941 0.2264| 0.2550( 0.2657

1000
0.2735

BLEU

Table3: Variationof oracle-BesBLEU scoreson N-Best
lists generatedby the ATTM.

increasesvith thesizeof the N-BestList. We canthere-
fore expectto rescoretheselatticeswith more sophis-
ticatedmodelsand achieze improvementsin translation
quality.

5 Discussion

Themainmotivationfor ourinvestigatiorinto thisWFST
modeling framawork for statisticalmachinetranslation
liesin thesimplicity of thealignmentandtranslatiorpro-
cesseselative to otherdynamicprogrammingor A* de-
coders (Och, 2002). Oncethe component®f the align-
menttemplatdranslatiormodelareimplementecsWF-
STs, alignmentand translationcan be performedusing



standard=SM operationghat have alreadybeenimple-
mentedandoptimized.It is notnecessaryo developspe-
cializedsearctproceduresgvenfor thegeneratiorof lat-

ticesand N-bestlists of alignmentandtranslationalter

natives.

Thederivationof the ATTM waspresentedavith thein-
tent of clearly identifying the conditionalindependence
assumptionsthat underly the WFST implementation.
This approacheadsto modularimplementation®f the
componentistributionsof the translationmodel. These
componentsanbere ned andimprovedby changinghe
correspondingransducersvithout requiring changedo
theoverall searchprocedureHowever someof themod-
eling assumptiongreextremelystrong. We notein par
ticular that segmentationand translationare carried out
independentlyn thatphrasesggmentatioris followedby
phrasatranslationperformingthesestepsindependently
caneasilyleadto searcterrors.

It is a strengthof the ATTM that it can be directly
constructedrom availablebitext word alignments How-
ever this constructionshouldonly be consideredan ini-
tialization of the ATTM model parameters.Alignment
andtranslationcanbe expectedto improve asthe model
is re ned andin futurework we will investigatdteratve
parameteestimatiorprocedures.

We have presente@ novel approacho generatalign-
mentsandalignmentatticesunderthe ATTM. Thesdat-
ticeswill likely bevery helpfulin developingATTM pa-
rameterestimationproceduresin thatthey canbe used
to provide conditionaldistributionsover the latentmodel
variables. We have obsered that that poor coverageof
thetestsetby thetemplatelibrary maybe why the over-
all wordalignmentgproducedy the ATTM arerelatively
poor; we will thereforealso explore new stratgies for
templateselection.

The alignmenttemplatemodelis a powerful model-
ing framework for statisticalmachinetranslation. It is
ourgoalto improveits performancehroughnew training
proceduresvhile re ning thebasicWFSTarchitecture.
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