
A WeightedFinite StateTransducer Implementation of the Alignment
TemplateModel for Statistical Machine Translation

Shankar Kumar and William Byrne
Center for Language and Speech Processing, Johns Hopkins University,

3400 North Charles Street, Baltimore, MD, 21218, USA�
skumar,byrne � @jhu.edu

Abstract

We presenta derivationof the alignmenttem-
platemodel for statisticalmachinetranslation
and an implementationof the model using
weighted�nite statetransducers.Theapproach
we describeallows us to implementeachcon-
stituentdistributionof themodelasa weighted
�nite statetransduceror acceptor. We show
that bitext word alignmentandtranslationun-
der themodelcanbeperformedwith standard
FSM operationsinvolving thesetransducers.
One of the bene�ts of using this framework
is that it obviatesthe needto developspecial-
izedsearchprocedures,evenfor thegeneration
of latticesor N-Bestlists of bitext word align-
mentsandtranslationhypotheses.We evaluate
theimplementationof themodelontheFrench-
to-EnglishHansardstaskandreportalignment
andtranslationperformance.

1 Introduction

The Alignment Template Translation Model
(ATTM) (Och et al., 1999)hasemergedasa promising
modelingframework for statisticalmachinetranslation.
The ATTM attemptsto overcomethe de�ciencies of
word-to-word translationmodels(Brown et al., 1993)
through the use of phrasal translations. The overall
model is basedon a two-level alignmentbetweenthe
sourceandthe targetsentence:a phrase-level alignment
betweensource and target phrasesand a word-level
alignmentbetweenwordsin thesephrasepairs.

The goal of this paperis to reformulatethe ATTM
so that theoperationswe intendto performundera sta-
tistical translationmodel,namelybitext word alignment
and translation,can be implementationusing standard
weighted�nite statetransducer(WFST)operations.Our
main motivation for a WFST modelingframework lies
in the resultingsimplicity of alignmentand translation
processescomparedto dynamicprogrammingor ��� de-
coders.TheWFSTimplementationallowsusto usestan-
dardoptimizedalgorithmsavailablefrom anoff-the-shelf
FSMtoolkit (Mohri etal.,1997).Thisavoidstheneedto
developspecializedsearchprocedures,evenfor thegen-
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Figure1: ATTM Architecture.

erationof latticesor N-bestlistsof bitext wordalignment
or translationhypotheses.

WeightedFinite StateTransducersfor StatisticalMa-
chine Translation (SMT) have been proposedin the
literature to implementword-to-word translationmod-
els (Knight andAl-Onaizan,1998)or to performtrans-
lation in an applicationdomainsuchasthe call routing
task (Bangaloreand Ricardi, 2001). Oneof the objec-
tivesof theseapproacheshasbeento provide an imple-
mentationfor SMT that usesstandardFSM algorithms
to performmodelcomputationsandthereforemakeSMT
techniquesaccessibleto a widercommunity. Our WFST
implementationof the ATTM hasbeendevelopedwith
similarobjectives.

We startoff by presentinga derivation of the ATTM
that identi�es theconditionalindependenceassumptions
thatunderlythemodel.Thederivationallowsusto spec-
ify eachcomponentdistribution of themodelandimple-
ment it as a weighted�nite statetransducer. We then
show that bitext word alignmentandtranslationcanbe
performedwith standardFSMoperationsinvolving these
transducers. Finally we report bitext word alignment
andtranslationperformanceof theimplementationonthe
CanadianFrench-to-EnglishHansardstask.



2 Alignment Template Translation Models
We presentherea derivation of the alignmenttemplate
translationmodel(ATTM) (Ochet al., 1999;Och,2002)
andgiveanimplementationof themodelusingweighted
�nite statetransducers(WFSTs).The�nite statemodel-
ing is performedusingtheAT&T FSMToolkit (Mohri et
al.,1997).

In thismodel,thetranslationof asourcelanguagesen-
tenceto atargetlanguagesentenceis describedby a joint
probability distribution over all possiblesegmentations
andalignments.Thisdistributionis presentedin Figure1
andEquations1-7. Thecomponentsof theoverall trans-
lation model are the sourcelanguagemodel (Term 2),
thesourcesegmentationmodel(Term3), thephraseper-
mutationmodel(Term 4), the templatesequencemodel
(Term5), thephrasaltranslationmodel(Term6) andthe
target languagemodel (Term 7). Eachof thesecondi-
tionaldistributionsis modeledindependentlyandwenow
de�ne eachin turn andpresentits implementationasa
weighted�nite stateacceptoror transducer.����������
	���
���������������
�������������������

(1)��� � �� ��!
(2)���"� �� ���$# � �� �%!
(3)����� � � # � �� ������� �� �%!
(4)��������&# ����'�
������������������!
(5)���"	��� # ���� ������ �
���� ���(�)���� �*!
(6)��������+# 	���'������,�������������,���(������*�
(7)

Webegin by distinguishingwordsandphrases.Weas-
sumethat

	
is a phrasein the target languagesentence

that haslength - andconsistsof words
� � ���/.0�2131413���05

.
Similarly, aphrase

�
in thesourcelanguagesentencecon-

tainswords
��60��� � �2131413���07

, where
�86

is theNULL token.
We assumethat eachword in eachlanguagecanbe as-
signedto a uniqueclassso that

	
unambiguouslyspec-

i�es a classsequence9 5�
and

�
speci�es the classse-

quence: 76
. Throughoutthe model,if a sentence

� ��
is

segmentedinto phrases
� ��

, we say
� �� �;� ��

to indi-
catethatthewordsin thephrasesequenceagreewith the
originalsentence.

SourceLanguageModel Themodelassignsprobabil-
ity to any sentence

� ��
in thesourcelanguage;this prob-

ability is not actuallyneededby the translationprocess
when

� ��
is given.As the�rst componentin themodel,a

�nite stateacceptor< is constructedfor
� ��

.
SourceSegmentationModel Weintroducethephrase

countrandomvariable
�

which speci�esthenumberof
phrasesin a particularsegmentationof the sourcelan-
guagesentence.For a sentenceof length = , thereare> ��? ��@? �BA

waysto segmentit into
�

phrases.Motivatedby
this,wechoosethedistribution

�����C# � �� �
as�����$# � �� ��� > ��? ��@? � AD ��? �FE �HG(I�J0� D �2131413� =%K �

(8)

sothat L � �����$# � �� ���MJ
.

We constructa joint distribution over all phraseseg-
mentations

� ��M�N� � ���0.��2131314��� � as���"� �� ���$# � �� �O� ���"� �� # ����� �� �B�����$# � �� �
(9)

where���"� �� # ����� �� �O� P �Q�RTS �U)V ��WYX �"� U �Z� ��M�[� ��\ ]�^`_ �/a8bdc`e/� 1
Thenormalizationconstantf � � LMgh Ri S �U)V ��W X ��j� U �

, is chosen so thatL �lk h Ri ����� �� ���C# � �� ���MJ
.

Here,
WmX ��� U �

is a “unigram” distribution over source
languagephrases;we assumethat we have an inventory
of phrasesfrom which this quantitycanbeestimated.In
this way, the likelihood of a particularsegmentationis
determinedby thelikelihoodof thephrasesthatresult.

We now describethe�nite stateimplementationof the
sourcesegmentationmodelandshow how to computethe
mostlikely segmentationunderthemodel:Ion��p���� n� K �Nq0r�sutvq0w h Ri k � ����� ��F# �(�)� ��%�`��� �C# � ����

.

1. For eachsourcelanguagesentence
� ��

to be trans-
lated, we implementa weighted�nite statetrans-
ducer x thatsegmentsthesentenceinto all possible
phrasesequences

� ��
permissiblegiven the inven-

tory of phrases. The scoreof a segmentation
� ��

underx is givenby S �U)V ��W X �"� U �
. Wethengenerate

a latticeof segmentationsof
� ��

(implementedasan
acceptor< ) by composingit with thetransducerx ,
i.e. y � <(z{x .

2. We then decomposey into = disjoint subsetsy � E �|G}I�Ju� D �2131413� =%K �)~ �� V � y � � y so that y �
containsall segmentationsof the sourcelanguage
sentencewith exactly

�
phrases.To constructy � ,

we createan unweightedacceptor
� � that accepts

any phrasesequenceof length
�

; for ef�ciency, the
phrasevocabulary is restrictedto the phrasesin y .y � is thenobtainedby the�nite statecompositiony � � y�z � � .

3. For
����J0� D ��141314� =

Thenormalizationfactors
f � areobtainedby sum-

ming the probabilitiesof all segmentationsin y � .
This sumcanbe computedef�ciently usinglattice
forward probabilities (Wesselet al., 1998). For
a �x ed

�
, the most likely segmentationin y � is

foundasn� � �Nq0r�sutvq0w���"�u��R Jf �
��U)V � � X �"���U �)1

(10)

4. Finally weselecttheoptimalsegmentationasn��� q0r�sutvq�w� ��� � k . k�������k �+� ��� n� � # �(�)����%�`��� �C# ����%��1
(11)



A portion of the segmentationtransducerx for the
Frenchsentencenous avons une inflation galopante is
presentedin Figure2. Whencomposedwith < , x gen-
eratesthe following two phrasesegmentations: nous
avons une inflation galopante and nous avons une in-
flation galopante. The “ ” symbol is usedto indicate
phrasesformedby concatenationof consecutive words.
Thephrasesspeci�edby thesourcesegmentationmodel
remainin the order that they appearin the sourcesen-
tence.
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Figure2: A portionof thephrasesegmentationtransducerx for thesentence“nousavonsunein�ation galopante”.

PhrasePermutation Model We now de�ne a model
for the reorderingof phrasesequencesas determined
by the previousmodel. The phrasealignmentsequence� � �

speci�esa reorderingof phrasesinto targetlanguage
phraseorder;thewordswithin thephrasesremainin the
sourcelanguageorder. The phrasesequence

� ��
is re-

orderedinto
� � i �
� ��� ��141313�
� � R . Thephrasealignmentse-

quenceis modeledasa �rst orderMarkov process��� ����,# ����,���(������%�O� ��� ����,# ����'�
(12)� ��� � � � ��U)V . ����� U # � U ? � �
���� ��1

with
� U GCI�J0� D �2131314��� K . Thealignmentsequencedistri-

bution is constructedto assigndecreasinglikelihoodto
phrasere-orderingsthat diverge from the original word
order. Suppose

� ��� � ��� �� and
� ���	� i � ��
 �
 , we setthe

Markov chainprobabilitiesasfollows(Ochetal.,1999)��� � U # � U ? � �
� W�� � ? 
 � ? � �6��� � � ��� �O� J� E �&G�I�Ju� D ��141313��� K 1
(13)

In the above equations,
W 6

is a tuning factor and
we normalize the probabilities

��� � U # � U ? � �
so thatL �� V � k ���V � �	� i ����� U ���o# � U ? � ����J

.

The�nite stateimplementationof this modelinvolves
two acceptors.We �rst build a unweightedpermutation
acceptor� � thatcontainsall permutationsof thephrase
sequence

� ��
in the sourcelanguage(Knight and Al-

Onaizan,1998). We notethata paththrough � � corre-
spondsto analignmentsequence

� � �
. Figure3 showsthe

acceptor� � for thesourcephrasesequencenous avons
une inflation galopante.

A sourcephrasesequence
�

of length
�

words re-
quires a permutationacceptor � � of

D �
states. For

longphrasesequenceswecomputeascore
tvq0w � ��� � U �c # � U ? � �����

for eacharcandthenprunethearcsby this
score,i.e. phrasealignmentscontaining

� U � c
are in-

cludedonly if this scoreis above a threshold. Pruning
canthereforebeappliedwhile � � is constructed.

nous
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avons

une_inflation_galopante

une_inflation_galopante

une_inflation_galopantenous

une_inflation_galopantenous

avons

avons

nous

Figure 3: The permutation acceptor � � for the
source-language phrase sequence nous avons
une inflation galopante.

The secondacceptor� in the implementationof the
phrasepermutationmodel assignsalignmentprobabil-
ities (Equation13) to a given permutation

� � �
of the

sourcephrasesequence
� ��

(Figure4). In this example,
thephrasesin thesourcephrasesequencearespeci�edas
follows:

� � � � �
(nous),

�0.�� ��.
(avons) and

����� ����
(une inflation galopante). We now show the computa-
tion of someof thealignmentprobabilities(Equation13)
in thisexample(

W 6 � \ 1��
)��� ��� � J�# ��. � ���!� W"� � ? � ? � �6 � \ 1$#%���� � � � D # � . � ���!� W � . ? � ? � �6 � \ 1�&�& 1

Normalizingthesetermsgives
�����'� �MJ�# ��.d�(�+��� \ 1 )+*

and
������� � D # ��.d� ����� \ 1$#%�

.
Template SequenceModel Here we describethe

main componentof the model. An alignmenttemplate� � � 9 5� � : 76 � � �
speci�estheallowablealignmentsbe-

tweenthe classsequences9 5�
and : 76

. � is a - ,�.-0/[J��
binary, 0/1 valuedmatrix which is constructed

as follows: If 921 canbe alignedto : � , then �31 � � J
;

otherwise�31 � � \
. This processmayallow 931 to align

with the NULL token : 6
, i.e. �21 6 � J

, so that words
canbefreely insertedin translation.Givenapairof class
sequences9 5�

and : 76
, we specifyexactly onematrix

� .
We saythat

� � � 9 5� � : 76 � � �
is consistent with the

target languagephrase
	

andthesourcelanguagephrase
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Figure4: Acceptor � that assignsprobabilitiesto per-
mutationsof the sourcelanguagephrasesequencenous
avons une inflation galopante (

W 6 � \ 1 �
).

�
if 9 5�

is theclasssequencefor
	

and : 76
is theclass

sequencefor
�
.

In Section4.1, we will outline a procedureto build
a library of alignmenttemplatesfrom bitext word-level
alignments.Eachtemplate

� ��� 9 5� � : 76 � � �
usedin our

modelhasan index
c

in this templatelibrary. Therefore
any operationthatinvolvesamappingto (from) template
sequenceswill beimplementedasa mappingto (from) a
sequenceof theseindices.

We have describedthe segmentationandpermutation
processesthattransforma sourcelanguagesentenceinto
phrasesin target languagephraseorder. The next step
is to generatea consistentsequenceof alignmenttem-
plates. We assumethat the templatesareconditionally
independentof eachotheranddependonly on thesource
languagephrasewhichgeneratedeachof them

��������F# ����'�
��������(�)����%�O� ��U)V � ����� U # ����'�
���������������%�
� ��U)V � ����� U # � ��� ��1 (14)

Wewill implementthismodelusingthetransducer
�

that
mapsany permutation

� � i ��� � � ��141314��� � R of thephrasese-
quence

� ��
into a templatesequence

� ��
with probability

asin Equation14. For everyphrase
�
, this transduceral-

lows only thetemplates
�

thatareconsistentwith
�

with
probability

�����o# ���
, i.e.

����� U # � ��� � enforcesthe consis-
tency betweeneachsourcephraseand alignmenttem-
plate.

Phrasal Translation Model We assumethat a tar-
getphraseis generatedindependentlyby eachalignment
templateandsourcephrase���"	 � � # � �� ��� � � ��� �� ������� �� �

� ��U)V � ���"	 U # �����������'�
����,���(�)������
� ��U)V � ���"	 U # � U ��� ��� ��1 (15)

Thisallows usto describethephrase-internal transla-
tion model

���"	 # �Y�����
as follows. We assumethat each

word in the targetphraseis producedindependentlyand
that the consistency is enforcedbetweenthe wordsin

	
and the classsequence9 5�

so that
����� 1 # � ����� � \

if� 1��G 9 1 .
Wenow introducethewordalignmentvariables� 1 ��c��J0� D ��141314� - , which indicatesthat

� 1 is aligned to
�����

within
	

and
�
.���"	 # � � � 9 5� � : 76 � � �)�
���

� 5�
1
V � ����� 1 # � ������� 5�

1
V �

7�
� V 6 ����� 1 � � 1 ���m# � �
���

� 5�
1
V �

7�
� V 6 ��� � 1 # � 1 � �u��� �
���`��� ��1 � �o# � �
���

� 5�
1
V �

7�
� V 6 ��� � 1 # � � �`��� ��1 � �o# � �)J�	
�)��� 1 �)1 (16)

The term
��� � 1 # � � � is a translationdictionary (Och and

Ney, 2000)and
��� � 1 � �0� � �

is obtainedas��� ��1 � �o# � � � �21 �L � � � 1 � � 1
(17)

We have assumedthat
��� ��1 # �Y� � � � ��� � 1 # � �

, i.e. that
giventhetemplate,wordalignmentsdonotdependonthe
sourcelanguagephrase.

For a givenphrase
�

anda consistentalignmenttem-
plate

� � � 9 5� � : 76 � � �
, a weightedacceptor

f
canbe

constructedto assignprobabilityto translatedphrasesac-
cordingto Equations16 and17.

f
is constructedfrom

four componentmachines� , � , 
 and � , constructedas
follows.

The�rst acceptor� implementsthealignmentmatrix
� . It has- /(J

statesandbetweenany pairof states
c��&J

and
c
, eacharc

�
correspondsto a word alignmentvari-

able ��1 ��� . Thereforethenumberof transitionsbetween
states

c
and

c / J
is equalto thenumberof non-zeroval-

uesof � 1 . The
�����

arcfrom state
c�� J

to
c
hasprobability��� � 1 ���o# � �

(Equation17).
Thesecondmachine� is anunweightedtransducerthat

mapstheindex
c G�I \ �/J0�2131314�	- K in thephrase

���[� 76
to

thecorrespondingword
� 1 .

The third transduceris the lexicon transducer
 that
mapsthesourceword

�TG ���
to thetargetword

�,G � 	
with probability

��� ��# ���
.

Thefourthacceptor� is unweightedandallowsall tar-
get word sequences

� 5�
which can be speci�ed by the
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Figure5: Componenttransducersto constructtheaccep-
tor

f
for analignmenttemplate

�
.

classsequence9 5�
. � has - /MJ

states.The number
of transitionsbetweenstates

c � J
and

c
is equalto the

numberof target languagewordswith classspeci�edby9 1 .
Figure5 showsall thefour componentFSTsfor build-

ing thetransducer
f

correspondingto analignmenttem-
platefrom our library. Having built thesefour machines,
we obtain

f
asfollows. We �rst composethefour trans-

ducers,projecttheresultingtransducerontotheoutputla-
bels,anddeterminizeit underthe

� / � , �
semiring.This

is implementedusingAT&T FSMtoolsasfollows

fsmcompose O I D C
#
fsmproject -o

# �
fsmrmepsilon

#
fsmdeterminize � f

.

Given an alignmenttemplate
�

and a consistentsource
phrase

�
, we notethat thecompositionanddeterminiza-

tion operationsassignthe probability
���"	 # � �����

(Equa-
tion 16) to eachconsistenttargetphrase

	
. This summa-

rizesthe constructionof a transducerfor a singlealign-
menttemplate.

We now implement a transducer� that maps se-
quencesof alignmenttemplatesto target languageword
sequences.We identify all templatesconsistentwith the
phrasesin thesourcelanguagephrasesequence

� ��
. The

transducer� is constructedvia theFSMunionoperation
of thetransducersthatimplementthesetemplates.

For the source phrase sequence
� ��

(nous avons
une inflation galopante), we show the transducer� in
Figure 6. Our example library consistsof three tem-
plates

� �
,

�8.
and

���
.

� �
mapsthe sourceword nous

to the target word we via the word alignmentmatrix
� speci�ed as � � � J

.
�8.

maps the sourceword
avons to the target phrasehave a via the word align-
mentmatrix � speci�ed as � � �;Ju� � . � \

.
���

maps

: have  e  e : a

/0.42 /0.07

: run e : away e

 e:  e

 e:  e

 e2z :

 ez3 :

 e:  e

 e :we

Z1

z1 :  e

/0.72

/0.44

: e inflation

/0.5 /0.01

Z3

Z2

Figure6: Transducer� that mapsthe sourcetemplate
sequence

� ��
into targetphrasesequences

	 � �
.

the sourcephraseune inflation galopante to the target
phraserun away inflation via thewordalignmentmatrix
� speci�edas � � � � � � . � \ � � � � I D �	� K .

� is built out of the threecomponentacceptors
f �

,f .
, and

f!�
. The acceptor

f 1 correspondsto the map-
ping from thetemplate

� 1 andthesourcephrase
� 1 to all

consistenttargetphrases
	 1 .

TargetLanguageModel We specifythismodelas��������+# 	�����������������
����������(������*���[� 	d��������)J�I����� � 	��� K �
where

J8I0� �� ��	 �� K enforcestherequirementthatwords
in thetranslationagreewith thosein thephrasesequence.
We note that

� 	 ��� � ���
is modeledas a standardbackoff

trigramlanguagemodel(Stolcke,2002).Suchalanguage
modelcanbe easilycompiledasa weighted�nite state
acceptor(Mohri etal.,2002).

3 Alignment and Translation Via WFSTs

We will now describehow thealignmenttemplatetrans-
lationmodelcanbeusedtoperformword-levelalignment
of bitextsandtranslationof sourcelanguagesentences.

Givena sourcelanguagesentence
� ��

anda targetsen-
tence

� � �
, the word-to-word alignmentbetweenthe sen-

tencescanbefoundasI n	 p� � ��n� p�� �0n� p� � �+n� p�� � n� K �q0r�sutvq0wX R i k � Ri k � R i k h Ri k � ���"	 � � ��� �� ��� � � �
� �� ���$# � �� �)� �� ��1
The variables

I n	 p� � �0n� p� � �+n� p�� � n� K specify the alignment
betweensourcephrasesandtargetphraseswhile

n� ��
gives

theword-to-wordalignmentwithin thephrasesequences.
Given a sourcelanguagesentence

� ��
, the translation

canbefoundasIon� p� � ��n	 p� � ��n� p�� ��n� p� � �+n� p�� � n� K �qur
s+tvq�w
��� i k X R i k � Ri k � R i k h Ri k � ����� � � ��	 � � ��� �� ��� � � �
� �� ���C# � �� ���



where
n� � �

is thetranslationof
� ��

.
We implement the alignmentand translationproce-

duresin two steps.We �rst segmentthesourcesentence
into phrases,asdescribedearlierIon� p�� � n� K �Nq0r�sutvq0wh Ri k � ���"���� # �������� �`��� �C# ���� ��1

(18)

After segmentingthesourcesentence,thealignmentof
a sentencepair

��� � ����� ��%�
is obtainedasI n	 p� � ��n� p�� �0n� p� � K �

(19)q0r�sutvq0wX �R i k � �Ri k � �R i ���"	 p� � ��� p�� ��� p� � #"n� p�� � n�������� ������ �)1
Thetranslationis thesamewayasIon� p� �8��n	 p� ����n� p��,�0n� p� � K �

(20)qur
s+tvq�w
��� i k X �R i k � �Ri k � �R i ����� � � �
	 p� � ��� p�� ��� p� � #"n� p�� � n� ��� �� �)1

We have describedhow to computethe optimal seg-
mentation

n�}� n��p��
(Equation18) in Section2. Theseg-

mentationprocessdecomposesthe sourcesentence
� ��

into a phrasesequence
n� p��

. This processalsotagseach
sourcephrase

n� U
with its position

�
in the phrasese-

quence.We will now describethe alignmentandtrans-
lationprocessesusing�nite stateoperations.

3.1 Bitext Word Alignment

Givena collectionof alignmenttemplates,it is not guar-
anteedthat every sentencepair in a bitext can be seg-
mentedinto phrasesfor which thereexist the consistent
alignmenttemplatesneededto createan alignmentbe-
tweenthe sentences.We �nd in practicethat this prob-
lem arisesfrequentlyenoughthat most sentencepairs
are assigneda probability of zero under the template
model.To overcomethis limitation,weaddseveraltypes
of “dummy” templatesto the library that serve to align
phraseswhen consistenttemplatescould not otherwise
befound.

The �rst type of dummy templatewe introduceal-
lows any sourcephrase

n� U
to align with any singleword

target phrase
	 1 . This templateis de�ned as a triple� 1 U � I8	 1 �+n� U � �
K where

� G I�Ju� D ��141313� n� K and
c GI�Ju� D �2131413� ��K . All the entriesof the matrix � arespeci-

�ed to beones.Thesecondtypeof dummytemplateal-
lows sourcephrasesto be deletedduring the alignment
process. For a sourcephrase

n� U
we specify this tem-

plate as
� U � � n� U � � �)�	�M� J0� D �2131413� n�

. The third type
of templateallows for insertionsof single word target
phrases.For atargetphrase

	 1 wespecifythistemplateas� 1 � � � ��	 1 ����cl� Ju� D �2131413� � . Theprobabilities
�����o# ���

for
theseaddedtemplatesarenotestimated;they are�x edas
aglobalconstantwhichis setsoastodiscouragetheiruse
exceptwhennoothersuitabletemplatesareavailable.

A latticeof possiblealignmentsbetween
� � �

and
� ��

is
thenobtainedby the�nite statecomposition

� � ��p� z � z � z � z�� 1
(21)

where� is anacceptorfor thetargetsentence
� � �

. Wethen
computethe ML alignment

n�
(Equation19) by obtain-

ing thepathwith thehighestprobability, in
�

. Thepathn�
determinesthreetypesof alignments:phrasalalign-

mentbetweenthesourcephrase
n� U

andthetargetphrasen	 U
; deletionsof sourcephrases

n� U
; andinsertionsof tar-

getwords
� 1 . To determinetheword-level alignmentbe-

tweenthesentences
� � �

and
� ��

,weareprimarily interested
in the �rst of thesetypesof alignments.Given that the
sourcephrase

n� U
hasalignedto the targetphrase

n	 U
, we

look up thehiddentemplatevariable
n� U

thatyieldedthis
alignment.

n� U
containsthe the word-to-word alignment

betweenthesephrases.

3.2 Translation and Translation Lattices

Thelatticeof possibletranslationsof
� ��

is obtainedusing
theweighted�nite statecomposition:

� � ��p� z � z � z � z�� 1
(22)

The translationwith the highest probability (Equa-
tion 20)cannow becomputedby obtainingthepathwith
thehighestscorein

�
.

In termsof AT&T FSM tools,this canbedoneasfol-
lows

fsmbestpath
� #

fsmproject
� ] # �

fsmrmepsilon �
n
�

A translationlattice (Uef�ng et al., 2002) can be gen-
eratedby pruning

�
basedon likelihoodsor numberof

states.Similarly, an alignmentlattice canbe generated
by pruning

�
.

4 Translation and Alignment Experiments

We now evaluatethis implementationof the alignment
templatetranslationmodel.

4.1 Building the Alignment TemplateLibrary

To createthe templatelibrary, we follow the procedure
reportedin Och(2002). We �rst obtainword alignments
of bitext usingIBM-4 translationmodelstrainedin each
translationdirection(IBM-4 F andIBM-4 E), andthen
forming the union of thesealignments(IBM-4 : ~ 9 ).
We extract the library of alignmenttemplatesfrom the
bitext alignmentusing the phrase-extract algorithm re-
portedin Och(2002). This procedureidenti�es several
alignmenttemplates

��� � 9 5� � : 76 � � �
that areconsis-

tentwith a sourcephrase
�
. We do not useword classes

in theexperimentsreportedhere;thereforetemplatesare
speci�edby phrasesratherthanby classsequences.For
a givenpair of sourceandtargetphrases,we retainonly



the matrix of alignmentsthat occursmost frequentlyin
the trainingcorpus.This is consistentwith the intended
applicationof thesetemplatesfor translationandalign-
mentunderthemaximumlikelihoodcriterion;in thecur-
rent formulation,only onealignmentwill survive in any
applicationof themodelsandthereis no reasonto retain
any of the lessfrequentlyoccuringalignments.We esti-
matetheprobability

�����o# ���
by therelative frequency of

phrasaltranslationsfoundin bitext alignments.Torestrict
the memoryrequirementsof the model,we extractonly
the templateswhich have at most

#
wordsin the source

phrase. Furthermore,we restrict ourselves to the tem-
plateswhich have a probability

��� �m# ��� � \ 1 \ J
for some

sourcephrase
�
.

4.2 Bitext Word Alignment

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

Our trainingsetis a subsetof theCanadianHansards
which consists of

# \ � \+\u\
French-English sentence

pairs(OchandNey, 2000).TheEnglishsideof thebitext
hadatotalof

*�) ��� & ���
words(

J � � ) � \
uniquetokens)and

theFrenchsidecontained
� J�&�� # )�#

words(
D ) � \ ��&

unique
tokens). Our templatelibrary consistedof

Ju� \ *�J0�/J D��
templates.

Our testsetconsistsof 500 unseenFrenchsentences
from Hansardsfor which bothreferencetranslationsand
wordalignmentsareavailable (OchandNey, 2000).We
presenttheresultsundertheATTM in Table1, wherewe
distinguishword alignmentsproducedby the templates
from the templatelibrary againstthoseproducedby the
templatesintroducedfor alignmentin Section3.1. For
comparison,we alsoalign thebitext usingIBM-4 trans-
lationmodels.

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 ����� 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-
EnglishHansardsAlignmentTask.

We �rst observe that the completesetof word align-
mentsgeneratedby the ATTM (ATTM-C) is relatively
poor. However, whenweconsideronly thosewordalign-
mentsgeneratedby actualalignmenttemplates(ATTM-
A) (anddiscardthealignmentsgeneratedby thedummy
templatesintroducedas describedin Section3.1), we
obtainvery high alignmentprecision. This implies that

word alignmentswithin the templatesarevery accurate.
However, thepoorperformanceundertherecallmeasure
suggeststhatthealignmenttemplatelibrary hasrelatively
poorcoverageof thephrasesin thealignmenttestset.

4.3 Translation and Lattice Quality

We next measuredthetranslationperformanceof ATTM
on the sametest set. The translationperformancewas
measuredusingtheBLEU (Papinenietal.,2001)andthe
NISTMT-evalmetrics(Doddington,2002),andWordEr-
rorRate(WER).Thetargetlanguagemodelwasatrigram
languagemodel with modi�ed Kneser-Ney smoothing
trainedontheEnglishsideof thebitext usingtheSRILM
tookit (Stolcke,2002). Theperformanceof themodelis
reportedin Table2. For comparison,we alsoreportper-
formanceof the IBM-4 translationmodeltrainedon the
samecorpus. The IBM Model-4 translationswere ob-
tainedusingtheReWritedecoder(MarcuandGermann,
2002). The resultsin Table 2 show that the alignment

Model BLEU NIST WER(%)
IBM-4 0.1711 5.0823 67.5
ATTM 0.1941 5.3337 64.7

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

templatemodeloutperformsthe IBM Model 4 underall
threemetrics.Thisveri�es thatWFSTimplementationof
theATTM canobtainaperformancethatcomparesfavor-
ably to otherwell known researchtools.

We generateN-bestlists from eachtranslationlattice,
andshow thevariationof their oracle-bestBLEU scores
in Table3. We observe that theoracle-bestBLEU score

Sizeof N-bestlist
1 10 100 400 1000

BLEU 0.1941 0.2264 0.2550 0.2657 0.2735

Table3: Variationof oracle-BestBLEU scoresonN-Best
listsgeneratedby theATTM.

increaseswith thesizeof theN-BestList. We canthere-
fore expect to rescoretheselatticeswith more sophis-
ticatedmodelsandachieve improvementsin translation
quality.

5 Discussion

Themainmotivationfor ourinvestigationinto thisWFST
modelingframework for statisticalmachinetranslation
lies in thesimplicity of thealignmentandtranslationpro-
cessesrelative to otherdynamicprogrammingor ��� de-
coders (Och,2002). Oncethecomponentsof thealign-
menttemplatetranslationmodelareimplementedasWF-
STs,alignmentand translationcanbe performedusing



standardFSM operationsthat have alreadybeenimple-
mentedandoptimized.It is notnecessaryto developspe-
cializedsearchprocedures,evenfor thegenerationof lat-
ticesandN-bestlists of alignmentandtranslationalter-
natives.

Thederivationof theATTM waspresentedwith thein-
tent of clearly identifying the conditionalindependence
assumptionsthat underly the WFST implementation.
This approachleadsto modularimplementationsof the
componentdistributionsof the translationmodel. These
componentscanbere�ned andimprovedby changingthe
correspondingtransducerswithout requiringchangesto
theoverallsearchprocedure.Howeversomeof themod-
eling assumptionsareextremelystrong.We notein par-
ticular that segmentationandtranslationarecarriedout
independentlyin thatphrasesegmentationis followedby
phrasaltranslation;performingthesestepsindependently
caneasilyleadto searcherrors.

It is a strengthof the ATTM that it can be directly
constructedfrom availablebitext wordalignments.How-
ever this constructionshouldonly be consideredan ini-
tialization of the ATTM model parameters.Alignment
andtranslationcanbeexpectedto improve asthemodel
is re�ned andin futurework we will investigateiterative
parameterestimationprocedures.

We havepresentedanovel approachto generatealign-
mentsandalignmentlatticesundertheATTM. Theselat-
ticeswill likely beveryhelpful in developingATTM pa-
rameterestimationprocedures,in that they canbe used
to provideconditionaldistributionsover thelatentmodel
variables.We have observed that that poor coverageof
thetestsetby thetemplatelibrary maybewhy theover-
all wordalignmentsproducedby theATTM arerelatively
poor; we will thereforealso explore new strategies for
templateselection.

The alignmenttemplatemodel is a powerful model-
ing framework for statisticalmachinetranslation. It is
ourgoalto improveits performancethroughnew training
procedureswhile re�ning thebasicWFSTarchitecture.
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