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Abstract

We investigatewhy weightsfrom generative mod-
els underperformheuristic estimatesin phrase-
basedmachinetranslation.We Þrstproposea sim-
ple generative, phrase-basedmodelandverify that
its estimatesareinferior to thosegiven by surface
statistics. The performancegap stemsprimarily
from the addition of a hiddensegmentationvari-
able, which increasesthe capacityfor overÞtting
during maximumlikelihood training with EM. In
particular, while word level modelsbeneÞtgreatly
from re-estimation,phrase-level modelsdonot: the
crucial differenceis that distinct word alignments
cannotall be correct,while distinct segmentations
can. Alternatesegmentationsratherthanalternate
alignmentscompete,resulting in increaseddeter-
minizationof the phrasetable,decreasedgeneral-
ization,anddecreasedÞnalBLEU score.We also
show that interpolationof the two methodscanre-
sult in amodestincreasein BLEU score.

1 Intr oduction

At the core of a phrase-basedstatisticalmachine
translation system is a phrase table containing
pairs of sourceand target languagephrases,each
weighted by a conditional translationprobability.
Koehnet al. (2003a)showed that translationqual-
ity is very sensitive to how this table is extracted
from the training data. Oneparticularlysurprising
resultis thata simple heuristicextractionalgorithm
basedonsurfacestatisticsof aword-alignedtraining
setoutperformedthephrase-basedgenerativemodel
proposedby MarcuandWong(2002).

This resultis surprisingin light of thereversesit-
uationfor word-basedstatisticaltranslation.Specif-
ically, in the taskof word alignment,heuristicap-
proachessuchas the Dice coefÞcient consistently
underperformtheir re-estimatedcounterparts,such
as the IBM word alignmentmodels(Brown et al.,
1993). This well-known result is unsurprising:re-
estimationintroducesanelementof competitioninto

the learningprocess.Thekey virtue of competition
in word alignmentis that, to a Þrstapproximation,
only one sourceword shouldgenerateeachtarget
word. If agoodalignmentfor awordtokenis found,
otherplausiblealignmentsareexplainedaway and
shouldbediscountedasincorrectfor thattoken.

As weshow in thispaper, thiseffectdoesnotpre-
vail for phrase-level alignments.Thecentraldiffer-
enceis that phrase-basedmodels,suchasthe ones
presentedin section2 or Marcu andWong (2002),
containanelementof segmentation. Thatis, they do
not merelylearncorrespondencesbetweenphrases,
but alsosegmentationsof thesourceandtargetsen-
tences. However, while it is reasonableto sup-
posethat if onealignmentis right, othersmustbe
wrong,thesituationis morecomplex for segmenta-
tions. For example,if onesegmentationsubsumes
another, they arenot necessarilyincompatible:both
may be equally valid. While in somecases,such
as idiomatic vs. literal translations,two segmenta-
tions may be in true competition,we show that the
most commonresult is for different segmentations
to berecruitedfor differentexamples,overÞttingthe
training data and overly determinizingthe phrase
translationestimates.

In this work, we ÞrstdeÞnea novel (but not rad-
ical) generative phrase-basedmodel analogousto
IBM Model3. While its exacttrainingis intractable,
we describea training regime which usesword-
level alignmentsto constrainthe spaceof feasible
segmentationsdown to a manageablenumber. We
demonstratethatthephraseanalogueof theDiceco-
efÞcientis superiorto our generative model (a re-
sult also echoingprevious work). In the primary
contribution of thepaper, we presenta seriesof ex-
perimentsdesignedto elucidatewhat re-estimation
learnsin this context. We show that estimatesare
overly determinizedbecausesegmentationsareused
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in unintuitive waysfor the sake of datalikelihood.
WecommentonboththebeneÞcialinstancesof seg-
ment competition(idioms) as well as the harmful
ones(most everything else). Finally, we demon-
strate that interpolation of the two estimatescan
provide a modestincreasein BLEU scoreover the
heuristicbaseline.

2 Approachand Evaluation Methodology

The generative model deÞnedbelow is evaluated
basedon the BLEU scoreit producesin an end-
to-endmachinetranslationsystem from English to
French. The top-performingdiag-and extraction
heuristic(Zensetal.,2002)servesasthebaselinefor
evaluation.1 EachapproachÐthegenerative model
andheuristicbaselineÐproducesanestimatedcon-
ditionaldistributionof EnglishphrasesgivenFrench
phrases. We will refer to the distribution derived
from the baselineheuristicas! H . The distribution
learnedvia the generative model,denoted! E M , is
describedin detailbelow.

2.1 A GenerativePhraseModel

While our model for computing! E M is novel, it
is meant to exemplify a classof models that are
not only clearextensionsto generative word align-
mentmodels,but alsocompatiblewith thestatistical
framework assumedduringphrase-baseddecoding.

The generative processwe modeledproducesa
phrase-alignedEnglishsentencefrom a Frenchsen-
tencewherethe former is a translationof the lat-
ter. Note that this generative processis oppositeto
thetranslationdirectionof thelargersystembecause
of the standardnoisy-channeldecomposition.The
learnedparametersfrom this modelwill be usedto
translatesentencesfromEnglishtoFrench.Thegen-
erativeprocessmodeledhasfour steps:2

1. Begin with aFrenchsentencef.

1Thiswell-known heuristicextractsphrasesfrom asentence
pair by computinga word-level alignmentfor thesentenceand
then enumeratingall phrasescompatiblewith that alignment.
Theword alignmentis computedby Þrstintersectingthedirec-
tional alignmentsproducedby a generative IBM model (e.g.,
model 4 with minor enhancements)in eachtranslationdirec-
tion, thenaddingcertainalignmentsfrom the union of the di-
rectionalalignmentsbasedon localgrowth rules.

2Our notationmatchestheliteraturefor phrase-basedtrans-
lation: e is anEnglishword, øe is anEnglishphrase,andøeI

1 is a
sequenceof I Englishphrases,ande is anEnglishsentence.

2. Segment f into a sequenceof I multi-word
phrasesthatspanthesentence,øf I

1 .

3. For eachphraseøf i ! øf I
1 , choosea correspond-

ing position j in the Englishsentenceandes-
tablishthealignmentaj = i , thengenerateex-
actlyoneEnglishphraseøej from øf i .

4. Thesequenceøej orderedby a describesanEn-
glishsentencee.

Thecorrespondingprobabilisticmodelfor this gen-
erativeprocessis:

P(e|f) =
!

øf I
1 ,øeI

1 ,a

P(e, øf I
1 , øeI

1, a|f)

=
!

øf I
1 ,øeI

1 ,a

" ( øf I
1 |f)

"

øf i ! øf I
1

! (øej | øf i )d(aj = i |f)

whereP(e, øf I
1 , øeI

1, a|f) factorsinto a segmentation
model " , a translationmodel ! and a distortion
modeld. Theparametersfor eachcomponentof this
modelareestimateddifferently:

¥ Thesegmentationmodel" ( øf I
1 |f) is assumedto

beuniform over all possiblesegmentationsfor
asentence.3

¥ The phrasetranslationmodel ! (øej | øf i ) is pa-
rameterizedby a large tableof phrasetransla-
tion probabilities.

¥ Thedistortionmodeld(aj = i |f) is a discount-
ing function basedon absolutesentenceposi-
tion akin to theoneusedin IBM model3.

While similar to thejoint modelin MarcuandWong
(2002), our model takes a conditional form com-
patiblewith the statisticalassumptionsusedby the
Pharaohdecoder. Thus, after training, the param-
etersof the phrasetranslationmodel ! E M can be
useddirectly for decoding.

2.2 Training

SigniÞcantapproximationand pruning is required
to train a generative phrasemodelandtableÐsuch
as! E M Ðwith hiddensegmentationandalignment
variablesusingthe expectationmaximizationalgo-
rithm (EM). Computingthe likelihood of the data

3This segmentationmodel is deÞcientgiven a maximum
phraselength:many segmentationsaredisallowedin practice.
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for asetof parameters(thee-step)involvessumming
overexponentiallymany possiblesegmentationsfor
eachtrainingsentence.Unlike previousattemptsto
train a similar model(Marcu andWong,2002),we
allow informationfrom a word-alignmentmodelto
inform our approximation. This approachallowed
usto directly estimatetranslationprobabilitieseven
for rarephrasepairs,whichwereestimatedheuristi-
cally in previouswork.

In each iteration of EM, we re-estimateeach
phrasetranslationprobabilityby summingfractional
phrasecounts(soft counts)from the datagiven the
currentmodelparameters.

! new(øej | øf i ) =
c( øf i , øej )

c( øf i )
=

!

(f,e)

#
øf I
1 : øf i ! øf I

1

#
øeI

1 :øej ! øeI
1

#
a:aj = i P(e, øf I

1 , øeI
1, a|f)

#
øf I
1 : øf i ! øf I

1

#
øeI

1

#
a P(e, øf I

1 , øeI
1, a|f)

This trainingloop necessitatesapproximationbe-
causesummingover all possiblesegmentationsand
alignmentsfor eachsentenceis intractable,requiring
time exponentialin thelengthof thesentences.Ad-
ditionally, thesetof possiblephrasepairsgrows too
large to Þt in memory. Using word alignments,we
canaddressboth problems.4 In particular, we can
determinefor any alignedsegmentation( øf I

1 , øeI
1, a)

whetherit is compatiblewith the word-level align-
mentfor thesentencepair. We deÞnea phrasepair
to becompatiblewith a word-alignmentif no word
in eitherphraseis alignedwith a word outsidethe
otherphrase(Zenset al., 2002). Then, ( øf I

1 , øeI
1, a)

is compatiblewith theword-alignmentif eachof its
alignedphrasesis acompatiblephrasepair.

Thetrainingprocessis thenconstrainedsuchthat,
when evaluating the above sum, only compatible
alignedsegmentationsareconsidered.That is, we
allow P(e, øf I

1 , øeI
1, a|f) > 0 only for aligned seg-

mentations( øf I
1 , øeI

1, a) suchthat a provides a one-
to-onemappingfrom øf I

1 to øeI
1 whereall phrasepairs

( øf aj , øej ) arecompatiblewith thewordalignment.
This constrainthastwo importanteffects. First,

we forceP(øej | øf i ) = 0 for all phrasepairsnot com-
patiblewith theword-level alignmentfor somesen-
tencepair. This restrictionsuccessfullyreducedthe

4The word alignmentsused in approximatingthe e-step
were the sameas thoseusedto createthe heuristicdiag-and
baseline.

total legal phrasepair typesfrom approximately250
million to 17million for 100,000trainingsentences.
However, somedesirablephraseswere eliminated
becauseof errorsin thewordalignments.

Second,thetimeto computethee-stepis reduced.
While in principle it is still intractable,in practice
we cancomputemostsentencepairsÕcontributions
in undera secondeach. However, somespurious
word alignments candisallow all segmentationsfor
a sentencepair, renderingit unusablefor training.
Several factors including errors in the word-level
alignments,sparseword alignmentsandnon-literal
translationscauseour constraintto rule out approx-
imately 54% of the training set. Thus,the reduced
sizeof the usabletraining setaccountsfor someof
the degradedperformanceof ! E M relative to ! H .
However, theresultsin Þgure1 of thefollowing sec-
tion show that ! E M trainedon twice asmuchdata
as! H still underperformstheheuristic,indicatinga
largerissuethandecreasedtrainingsetsize.

2.3 Experimental Design

To test the relative performanceof ! E M and ! H ,
we evaluatedeachusing an end-to-endtranslation
systemfrom Englishto French.We chosethis non-
standardtranslationdirection so that the examples
in this paperwould bemoreaccessibleto a primar-
ily English-speakingaudience.All trainingandtest
dataweredrawn from theFrench/Englishsectionof
theEuroparlsentence-alignedcorpus.We testedon
theÞrst1,000uniquesentencesof length5 to 15 in
thecorpusandtrainedonsentencesof length1 to 60
startingaftertheÞrst10,000.

The system follows the structure proposedin
the documentationfor the Pharaohdecoderand
usesmany publicly available components(Koehn,
2003b). The languagemodel was generatedfrom
theEuroparlcorpususingtheSRILanguageModel-
ing Toolkit (Stolcke, 2002).Pharaohperformedde-
codingusinga setof default parametersfor weight-
ing therelative inßuenceof thelanguage,translation
anddistortionmodels(Koehn,2003b).A maximum
phraselengthof threewasusedfor all experiments.

To properlycompare! E M to ! H , all aspectsof
thetranslationpipelinewereheldconstantexceptfor
theparametersof thephrasetranslationtable.In par-
ticular, we did not tunethedecodinghyperparame-
tersfor thedifferentphrasetables.
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Source 25k 50k 100k
Heuristic 0.3853 0.3883 0.3897
Iter ation 1 0.3724 0.3775 0.3743
Iter ation 2 0.3735 0.3851 0.3814
iter ation 3 0.3705 0.384 0.3827
Iter ation 4 0.3695 0.285 0.3801
iter ation 5 0.3705 0.284 0.3774
interp

Source 25k 50k 100k
Heuristic 0.3853 0.3883 0.3897
Iter ation 1 0.3724 0.3775 0.3743
iter ation 3 0.3705 0.384 0.3827
iter ation 3 0.3705 0.384 0.3827
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Figure1: Statisticalre-estimationusingagenerative
phrasemodel degradesBLEU scorerelative to its
heuristicinitialization.

3 Results

Having generated! H heuristicallyand ! E M with
EM, we now comparetheir performance.While the
modelandtrainingregimenfor ! E M differ from the
model from Marcu andWong (2002),we achieved
resultssimilarto Koehnetal. (2003a):! E M slightly
underperformed! H . Figure1 comparestheBLEU
scoresusingeachestimate.Note that the expecta-
tion maximizationalgorithmfor training ! E M was
initialized with the heuristicparameters! H , so the
heuristiccurve canbeequivalently labeledasitera-
tion 0.

Thus, the Þrst iterationof EM increasesthe ob-
servedlikelihoodof thetrainingsentenceswhile si-
multaneouslydegradingtranslationperformanceon
the testset. As training proceeds,performanceon
thetestsetlevelsoff afterthreeiterationsof EM. The
systemneverachievestheperformanceof its initial-
izationparameters.Thepruningof our trainingregi-
menaccountsfor partof thisdegradation,but notall;
augmenting! E M by addingbackin all phrasepairs
thatweredroppedduringtrainingdoesnotclosethe
performancegapbetween! E M and! H .

3.1 Analysis

Learning! E M degradestranslationquality in large
part becauseEM learnsoverly determinizedseg-
mentationsand translationparameters,overÞtting
the trainingdataandfailing to generalize.Thepri-

mary increasein richnessfrom generative word-
level models to generative phrase-level models is
due to the additional latent segmentationvariable.
Although we impose a uniform distribution over
segmentations,it nonethelessplays a crucial role
during training. We will characterizethis phe-
nomenonthrough aggregate statisticsand transla-
tion examplesshortly, but begin by demonstrating
themodelÕscapacityto overÞtthetrainingdata.

Let us Þrst return to the motivation behind in-
troducingand learningphrasesin machinetransla-
tion. For any languagepair, thereare contiguous
stringsof words whosecollocationaltranslationis
non-compositional;that is, they translatetogether
differently than they would in isolation. For in-
stance,chat in Frenchgenerallytranslatesto cat in
English, but appelerun chat un chat is an idiom
which translatesto call a spadea spade. Introduc-
ing phrasesallowsusto translatechatunchat atom-
ically to spadea spadeandviceversa.

While introducing phrasesand parameterizing
their translationprobabilitieswith a surfaceheuris-
tic allowsfor thispossibility, statisticalre-estimation
wouldberequiredto learnthatchat shouldneverbe
translatedto spadein isolation.Hence,translatingI
havea spadewith ! H couldyield anerror.

But enforcingcompetitionamongsegmentations
introducesa new problem:true translationambigu-
ity can alsobespuriouslyexplainedby thesegmen-
tation. Considerthe french fragmentcarte sur la
table, which could translateto mapon the table or
noticeon thechart. Using thesetwo sentencepairs
astraining,onewouldhopeto capturetheambiguity
in theparametertableas:

French English ! (e|f )
carte map 0.5
carte notice 0.5
cartesur mapon 0.5
cartesur noticeon 0.5
sur on 1.0
... ... ...
table table 0.5
table chart 0.5

Assuming we only allow non-degenerateseg-
mentationsanddisallow non-monotonicalignments,
this parametertable yields a marginal likelihood
P(f|e) = 0.25 for both sentencepairs Ð the intu-
itive result given two independentlexical ambigu-
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ities. However, the following tableyields a likeli-
hoodof 0.28for bothsentences:5

French English ! (e|f )
carte map 1.0
cartesur noticeon 1.0
cartesur la noticeon the 1.0
sur on 1.0
sur la table on thetable 1.0
la the 1.0
la table thetable 1.0
table chart 1.0

Hence,a higherlikelihoodcanbeachievedby al-
locatingsomephrasesto certaintranslationswhile
reservingoverlapping phrasesfor others, thereby
failing to modeltherealambiguitythatexistsacross
the languagepair. Also, notice that the phrasesur
la cantake on anarbitrarydistribution over any en-
glish phraseswithout affecting the likelihoodof ei-
ther sentencepair. Not only doesthis counterintu-
itive parameterizationgive a high data likelihood,
but it is alsoaÞxedpointof theEM algorithm.

The phenomenondemonstratedabove posesa
problem for generative phrasemodels in general.
The ambiguousprocessof translationcanbe mod-
eledeitherby thelatentsegmentationvariableor the
phrasetranslationprobabilities.In somecases,opti-
mizing the likelihoodof the trainingcorpusadjusts
for theformerwhenwe would preferthe latter. We
next investigatehow thisproblemmanifestsin ! E M

andits effecton translationquality.

3.2 Learnedparameters

Theparametersof ! E M differ from theheuristically
extractedparameters! H in that theconditionaldis-
tributionsover Englishtranslationsfor someFrench
wordsaresharplypeakedfor ! E M comparedto ßat-
terdistributionsgeneratedby ! H . Thisdeterminism
Ðpredictedby the previous sectionÕs exampleÐ is
notatypicalof EM trainingfor othertasks.

To quantify the notion of peaked distributions
over phrasetranslations,we computetheentropy of
thedistribution for eachFrenchphraseaccordingto

5For example, summing over the Þrst translation ex-
pandsto 1

7 (! (map | carte)! (on the table | sur la table)
+ ! (map | carte)! (on | sur )! (the table | la table)) .
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Figure2: Many moreFrenchphraseshave very low
entropy underthelearnedparameterization.

thestandarddeÞnition.

H (! (øe| øf )) =
!

øe
! (øe| øf ) log2 ! (øe| øf )

Theaverageentropy, weightedby frequency, for the
most common10,000phrasesin the learnedtable
was1.55,comparableto 3.76for theheuristictable.
The differencebetweenthe tablesbecomesmuch
more striking when we considerthe histogramof
entropiesfor phrasesin Þgure2. In particular, the
learnedtablehasmany morephraseswith entropy
nearzero.Themostpronouncedentropy differences
often appearfor commonphrases.Ten of the most
commonphrasesin theFrenchcorpusareshown in
Þgure3.

As more probability massis reserved for fewer
translations,many of thealternative translationsun-
der ! H are assignedprohibitively small probabili-
ties. In translating1,000testsentences,for example,
nophrasetranslationwith ! (øe| øf ) lessthan10" 5 was
usedby thedecoder. Giventhisempiricalthreshold,
nearly 60% of entriesin ! E M are unusable,com-
paredwith 1% in ! H .

3.3 Effectson Translation

While this determinismof ! E M may be desirable
in some circumstances,we found that the ambi-
guity in ! H is often preferableat decodingtime.
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Figure 3: Entropy of 10 commonFrenchphrases.
Severallearneddistributionshavevery low entropy.

In particular, the patternof translation-ambiguous
phrasesreceivingspuriouslypeakeddistributions(as
describedin section3.1) introducesnew translation
errorsrelative to the baseline.We now investigate
both positive and negative effects of the learning
process.

The issue that motivated training a generative
model is sometimesresolved correctly: for a word
that translatesdifferently alonethan in the context
of an idiom, the translationprobabilitiescanmore
accuratelyreßectthis. Returningto thepreviousex-
ample,the phrasetablefor chat hasbeencorrected
throughthe learningprocess.Theheuristicprocess
givestheincorrecttranslationspadewith 61%prob-
ability, while thestatisticallearningapproachgives
cat with 95%probability.

While such examplesof improvement are en-
couraging,the trendof spuriousdeterminismover-
whelmsthis beneÞtby introducing errorsin four re-
latedways,eachof whichwill beexploredin turn.

1. Useful phrasepairs can be assignedvery low
probabilitiesandthereforebecomeunusable.

2. A propertranslationfor a phrasecanbe over-
ridden by anothertranslationwith spuriously
highprobability.

3. Error-prone,common,ambiguousphrasesbe-
comeactiveduringdecoding.

4. The languagemodel cannot distinguish be-
tween different translation options as effec-
tively due to deterministictranslationmodel
distributions.

The Þrst effect follows from our observation in
section3.2 that many phrasepairsareunusabledue
to vanishinglysmall probabilities.Someof the en-
tries that are madeunusableby re-estimationare
helpful at decoding time, evidenced by the fact
that pruning the set of ! E M Õs low-scoringlearned
phrasesfrom the original heuristic table reduces
BLEU scoreby 0.02for 25k trainingsentences(be-
low thescorefor ! E M ).

The secondeffect is more subtle. Considerthe
sentencein Þgure4, which to a Þrst approxima-
tion can be translatedas a seriesof cognates,as
demonstratedby thedecodingthatfollows from the
heuristicparameterization! H .6 Noticealsothatthe
translationprobabilitiesfrom heuristicextractionare
non-deterministic.Ontheotherhand,thetranslation
systemmakesa signiÞcantlexical erroron this sim-
ple sentencewhenparameterizedby ! E M : the use
of caract«erisein this context is incorrect.This error
arisesfrom a sharplypeaked distribution over En-
glishphrasesfor caract«erise.

This exampleillustratesa recurringproblem: er-
rorsdonotnecessarilyarisebecauseacorrecttrans-
lationis notavailable.Noticethatapreferabletrans-
lation of degreeasdegr«e is availableunderbothpa-
rameterizations.Degr«e is not used,however, be-
causeof the peaked distribution of a competing
translationcandidate.In this way, very high prob-
ability translationscaneffectively block the useof
moreappropriatetranslationsatdecodingtime.

Whatis furthermoresurprisingandnoteworthy in
this exampleis that the learned,near-deterministic
translationfor caract«erise is not a common trans-
lation for the word. Not only doesthe statistical
learningprocessyield low-entropy translationdis-
tributions,but occasionallythe translationwith un-
desirablyhighconditionalprobability doesnothave
a strongsurfacecorrelationwith the sourcephrase.
This exampleis not unique;duringdifferentinitial-
izationsof the EM algorithm,we noticedsuchpat-

6While thereis someagreementerrorandawkwardness,the
heuristictranslationis comprehensibleto native speakers. The
learnedtranslationincorrectly translatesdegree, degradingthe
translationquality.
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the situation varies to an

la situation varie d ' une

Heuristically Extracted Phrase Table

Learned Phrase Table

enormous

immense

degree

degrŽ

situation varies to

la varie d '

an enormous

une immense

degree

caractŽrise

the

situation

caract«erise
English ! (e|f )
degree 0.998
characterises 0.001
characterised 0.001

caract«erise
English ! (e|f )
characterises 0.49
characterised 0.21
permeate 0.05
features 0.05
typiÞes 0.05

degr«e
English ! (e|f )
degree 0.49
level 0.38
extent 0.02
amount 0.02
how 0.01

degr«e
English φ(e|f )
degree 0.64
level 0.26
extent 0.10

Figure4: Spuriousdeterminismin thelearnedphraseparametersdegradestranslationquality.

ternseven for commonFrenchphrasessuchas de
andne.

Thethird sourceof errorsis closelyrelated:com-
monphrasesthat translatein many waysdepending
on the context can introduceerrors if they have a
spuriouslypeaked distribution. For instance,con-
siderthe loneapostrophe,which is treatedasa sin-
gle token in our dataset (Þgure5). The shapeof
theheuristictranslationdistribution for thephraseis
intuitively appealing,showing a relatively ßat dis-
tribution amongmany possibletranslations. Such
a distribution hasvery high entropy. On the other
hand,the learnedtabletranslatesthe apostropheto
thewith probabilityverynear1.

Heuristic
English ! H (e|f )
our 0.10
that 0.09
is 0.06
we 0.05
next 0.05

Learned
English ! E M (e|f )
the 0.99
, 4.1 á10" 3

is 6.5 á10" 4

to 6.3 á10" 4

in 5.3 á10" 4

Figure 5: Translationprobabilitiesfor an apostro-
phe,the mostcommonfrenchphrase.The learned
tablecontainsahighly peakeddistribution.

Suchcommonphraseswhosetranslationdepends
highly on thecontext areripe for producingtransla-
tion errors.Theßatnessof thedistribution of ! H en-
suresthat the singleapostrophewill rarely be used
during decodingbecauseno onephrasetableentry
hashigh enoughprobability to promote its use.On
the otherhand,usingthe peaked entry ! E M (the|#)
incursvirtually nocostto thescoreof a translation.

The Þnal kind of errorsstemsfrom interactions
betweenthe languageandtranslationmodels. The
selectionamongtranslationchoicesvia a language
model Ð a key virtue of the noisy channelframe-
work Ðis hinderedby thedeterminismof thetransla-
tion model.Thiseffectappearsto belesssigniÞcant
thanthe previous three. We shouldnote,however,
that adjusting the languageand translationmodel
weightsduring decodingdoesnot closethe perfor-
mancegapbetween! H and! E M .

3.4 Impr ovements

In light of thelow entropy of ! E M , wecouldhopeto
improve translationsby retainingentropy. Thereare
severalstrategieswehaveconsideredto achievethis.
Broadly, we have tried two approaches:combin-
ing ! E M and! H via heuristicinterpolationmethods
andmodifying the training loop to limit determin-
ism.

The simpleststrategy to increaseentropy is to
interpolatethe heuristicand learnedphrasetables.
Varying the weight of interpolationshowed an im-
provementover theheuristicof up to 0.01for 100k
sentences.A moremodestimprovementof 0.003for
25k trainingsentencesappearsin table1.

In anotherexperiment,we interpolatedthe out-
put of eachiterationof EM with its input, thereby
maintainingsomeentropy from theinitializationpa-
rameters.BLEU scoreincreasedto a maximumof
0.394using this techniquewith 100k training sen-
tences,outperformingtheheuristicby aslim margin
of 0.005.

We might addressthe determinizationin ! E M

without resortingto interpolation by modifying the
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trainingprocedureto retainentropy. By imposinga
non-uniformsegmentationmodelthatfavorsshorter
phrasesover longer ones,we hope to prevent the
error-causingeffectsof EM trainingoutlinedabove.
In principle, this changewill encourageEM to ex-
plain training sentenceswith shortersentences.In
practice,however, this approachhasnot led to an
improvementin BLEU.

Anotherapproachto maintainingentropy during
the training processis to smooththe probabilities
generatedby EM. In particular, we canusethe fol-
lowing smoothedupdateequationduring the train-
ing loop, which reserves a portion of probability
massfor unseentranslations.

! new(øej | øf i ) =
c( øf i , øej )

c( øf i ) + kl" 1

In the equationabove, l is the lengthof the French
phraseandk is a tuning parameter. This formula-
tion notonly servesto reduceveryspikedprobabili-
ties in ! E M , but alsobooststheprobabilityof short
phrasesto encouragetheir use. With k = 2.5, this
smoothingapproachimprovesBLEU by .007using
25k trainingsentences,nearlyequalingtheheuristic
(table1).

4 Conclusion

Re-estimatingphrasetranslationprobabilitiesusing
a generative modelholdsthepromiseof improving
uponheuristictechniques.However, the combina-
torial propertiesof a phrase-basedgenerative model
have unfortunatesideeffects.In casesof trueambi-
guity in thelanguagepair to betranslated,parameter
estimatesthatexplain theambiguityusingsegmen-
tationvariablescanin somecasesyield higherdata
likelihoodsby determinizingphrasetranslationesti-
mates.However, thisbehavior in turn leadsto errors
atdecodingtime.

Wehavealsoshown thatsomemodestbeneÞtcan
beobtainedfrom re-estimationthroughtheblunt in-
strumentof interpolation.A remainingchallengeis
to designmoreappropriatestatisticalmodelswhich
tie segmentationstogetherunlesssufÞcientevidence
of true non-compositionalityis present; perhaps
suchmodelscouldproperlycombinethebeneÞtsof
bothcurrentapproaches.

Estimate BLEU
! H 0.385
! H phrasepairsthatalsoappearin ! E M 0.365
! E M 0.374
! E M with anon-uniformsegmentationmodel 0.374
! E M with smoothing 0.381
! E M with gapsÞlledin by ! H 0.374
! E M interpolatedwith ! H 0.388

Table1: BLEU resultsfor 25k trainingsentences.

5 Acknowledgments

Wewouldliketo thanktheanonymousreviewersfor
their valuablefeedbackon thispaper.

References

PeterF. Brown, StephenA. DellaPietra,VincentJ.Della
Pietra, and Robert L. Mercer. The mathematicsof
statisticalmachinetranslation:Parameterestimation.
ComputationalLinguistics, 19(2),1993.

Philipp Koehn. Europarl: A Multilingual Corpus for
Evaluationof MachineTranslation. USCInformation
SciencesInstitute,2002.

Philipp Koehn,FranzJosefOch,andDaniel Marcu. Sta-
tistical phrase-basedtranslation.HLT-NAACL, 2003.

Philipp Koehn. Pharaoh: A BeamSearch Decoderfor
Phrase-BasedStatisicalMachineTranslationModels.
USCInformationSciencesInstitute,2003.

DanielMarcuandWilli amWong. A phrase-based,joint
probability model for statisticalmachinetranslation.
ConferenceonEmpiricalMethodsin NatualLanguage
Processing, 2002.

FranzJosefOch andHermannNey. A systematiccom-
parisonof variousstatisticalalignmentmodels.Com-
putationalLinguistics, 29(1):19Ð51,2003.

FranzJosefOch,ChristophTillmann,andHermannNey.
Improved alignment models for statistical machine
translation.ACL Workshops, 1999.

AndreasStolcke. Srilm Ðanextensiblelanguagemodel-
ing toolkit. Proceedingsof the InternationalConfer-
enceonStatisticalLanguageProcessing, 2002.

Richard Zens, Franz Josef Och and Hermann Ney.
Phrase-BasedStatisticalMachineTranslation.Annual
GermanConferenceonAI, 2002.

38


