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Abstract

We investicgatewhy weightsfrom generatie mod-
els underperformheuristic estimatesin phrase-
basedmachinetranslation.We brstproposea sim-
ple generatie, phrase-basethodelandverify that
its estimatesareinferior to thosegiven by surface
statistics. The performancegap stemsprimarily
from the addition of a hidden sgmentationvari-
able, which increasesthe capacityfor overptting
during maximumlik elihood training with EM. In
particular while word level modelsbenebigreatly
from re-estimationphrase-leel modelsdo not: the
crucial differenceis that distinct word alignments
cannotall be correct,while distinct sggmentations
can. Alternatesggmentationgatherthan alternate
alignmentscompete,resultingin increaseddeter
minization of the phrasetable, decreasedeneral-
ization, anddecreasedbnal BLEU score. We also
shawv thatinterpolationof the two methodscanre-
sultin amodestincreaseén BLEU score.

1 Intr oduction

At the core of a phrase-basedtatisticalmachine
translation systemis a phrase table containing
pairs of sourceand target languagephrases,each
weighted by a conditional translation probability

Koehnet al. (2003a)shoved that translationqual-
ity is very sensitve to how this table is extracted
from the training data. One particularly surprising
resultis thata simple heuristicextractionalgorithm
basedn surfacestatisticsoof aword-aignedtraining
setoutperformedhephrase-basegeneratie model
proposedy MarcuandWong(2002).

Thisresultis surprisingin light of thereversesit-
uationfor word-basedtatisticaltranslation.Specif-
ically, in the task of word alignment,heuristicap-
proachessuch as the Dice coebcientconsistently
underperformtheir re-estimatedcounterpartssuch
asthe IBM word alignmentmodels(Brown et al.,
1993). This well-known resultis unsurprising:re-
estimationntroducesinelemenof competitionnto
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the learningprocess.The key virtue of competition
in word alignmentis that, to a brstapproximation,
only one sourceword should generateeachtamget
word. If agoodalignmentfor aword tokenis found,
other plausiblealignmentsare explainedaway and
shouldbediscountedasincorrectfor thattoken.

As we show in this paperthis effectdoesnot pre-
valil for phrase-4vel alignments.The centraldiffer-
enceis that phrase-basethodels,suchasthe ones
presentedn section2 or Marcu and Wong (2002),
containanelemenif sgmentation Thatis, they do
not merelylearncorrespondencdsetweenphrases,
but alsosegmentation®of the sourceandtargetsen-
tences. However, while it is reasonablgo sup-
posethatif onealignmentis right, othersmustbe
wrong, the situationis morecomple for segmenta-
tions. For example,if one seggmentationsubsumes
anotherthey arenot necessarilyncompatible:both
may be equally valid. While in somecases,such
asidiomatic vs. literal translationstwo segmenta-
tions may bein true competition,we shav thatthe
mostcommonresultis for different segmentations
to berecruitedfor differentexamplespverbttingthe
training data and overly determinizingthe phrase
translationestimates.

In this work, we brstdebnea novel (but not rad-
ical) generatie phrase-basednodel analogousto
IBM Model 3. Whileits exacttrainingis intractable,
we describea training regime which usesword-
level alignmentsto constrainthe spaceof feasible
sgmentationgdown to a manageableumber We
demonstratéhatthe phraseanaloguesf the Dice co-
efbcientis superiorto our generatre model (a re-
sult also echoingprevious work). In the primary
contrikution of the paper we presenta seriesof ex-
perimentsdesignedo elucidatewhat re-estimation
learnsin this context. We shov that estimatesare
overly determinizedecaussegmentationsreused
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in unintuitive waysfor the sale of datalikelihood.
We commenbnboththebenebciainstance®f seg-
ment competition (idioms) as well asthe harmful
ones(most everything else). Finally, we demon-
strate that interpolation of the two estimatescan
provide a modestincreasen BLEU scoreover the
heuristicbaseline.

2 Approachand Evaluation Methodology

The generatre model debPnedbelow is evaluated
basedon the BLEU scoreit producesin an end-
to-endmachinetranslationsygsem from Englishto
French. The top-performingdiag-and extraction
heuristic(Zensetal.,2002)senesasthebaselindor
evaluation! EachapproachDthe generatie model
andheuristicbaselineb producesan estimatedcon-
ditional distribution of EnglishphrasegivenFrench
phrases. We will refer to the distribution derived
from the baselineheuristicas! . Thedistribution
learnedvia the generatre model,denoted! gy , is
describedn detailbelow.

2.1 A Generative PhraseModel

While our model for computing! gy is novel, it
is meantto exemplify a classof modelsthat are
not only clearextensionsto generatre word align-
mentmodels but alsocompatiblewith the statistical
framewvork assumedluring phrase-basedecoding.

The generatre processwe modeledproducesa
phrase-aligne@&nglishsentencérom a Frenchsen-
tencewherethe former is a translationof the lat-
ter. Notethatthis generatie processs oppositeto
thetranslatiordirectionof thelargersystenbecause
of the standardnoisy-channebdlecomposition.The
learnedparameterdrom this modelwill be usedto
translatesentencefom Englishto French.Thegen-
erative processnodeledhasfour steps?

1. Begin with a Frenchsentencé.

1Thiswell-known heuristicextractsphrase$rom a sentence
pair by computinga word-level alignmentfor the sentencend
then enumeratingall phrasescompatiblewith that alignment.
Theword alignmentis computedby Prstintersectinghedirec-
tional alignmentsproducedby a generatie IBM model (e.g.,
model 4 with minor enhancementsh eachtranslationdirec-
tion, thenaddingcertainalignmentsfrom the union of the di-
rectionalalignmentsasedn local growth rules.

20ur notationmatcheshe literaturefor phrase-basettans-
lation: e is an Englishword, gis an Englishphraseande, is a
sequencef | Englishphrasesandeis anEnglishsentence.
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2. Sgmentf into a sequenceof | multi-word
phraseghatspanthe sentencefd .

3. For eachphrase® ! 4, choosea correspond-
ing positionj in the Englishsentenceand es-
tablishthealignmenta; = i, thengeneratex-
actly oneEnglishphraseg from 4.

4. Thesequence orderedby a describesanEn-
glishsentence.

The correspondingprobabilisticmodelfor this gen-
eratve processs:
!

P (elf) P(e.fq.4.alf)

s

" (M) (g |®)d(ay = ilf)

7.2, L

whereP (e, 4, @, a|f) factorsinto a segmentation
model ", a translationmodel ! and a distortion
modeld. Theparameterfor eachcomponentf this
modelareestimatedlifferently:

¥ Theseggmentatiormodel" (# |f) is assumedo
be uniform over all possiblesggmentationgor
asentencé.

¥ The phrasetranslationmodel ! (g |f9) is pa-
rameterizedy a large table of phrasetransla-
tion probabilities.

¥ Thedistortionmodeld(a; = i|f) is adiscount-
ing function basedon absolutesentenceposi-
tion akinto theoneusedin IBM model3.

While similarto thejoint modelin MarcuandWong
(2002), our model takes a conditional form com-
patible with the statisticalassumptionsisedby the
Pharaohdecoder Thus, after training, the param-
etersof the phrasetranslationmodel! gy canbe
useddirectly for decoding.

2.2 Training

Signibcantapproximationand pruning is required
to train a generatie phrasemodelandtableDsuch
as! g Dwith hiddenseggmentationandalignment
variablesusing the expectationmaximizationalgo-
rithm (EM). Computingthe likelihood of the data

3This sggmentationmodel is debcientgiven a maximum
phrasdength: mary sgmentationsredisallovedin practice.



for asetof parametergthee-stepjnvolvessumming
over exponentiallymary possiblesegmentationgor
eachtraining sentenceUnlike previous attemptso
train a similar model (Marcu andWong, 2002),we
allow informationfrom a word-alignmenimodelto
inform our approximation. This approachallowed
usto directly estimatetranslationprobabilitieseven
for rarephrasepairs,which wereestimateceuristi-
cally in previouswork.

In eachiteration of EM, we re-estimateeach
phrasdranslatiorprobabilityby summingfractional
phrasecounts(soft counts)from the datagiventhe
currentmodelparameters.

2,
(1) = S =
# # #
! fﬂl:fﬂl 1] dlzal d1# aq =i P(e’fglvdba”)

) R IR ) " aP(et,d,alf)

Thistrainingloop necessitateapproximatiorbe-
causesummingover all possiblesggmentationsand
alignmentdor eachsentencés intractabg, requiring
time exponentialin the lengthof the sentencesAd-
ditionally, the setof possiblephrasepairsgrowns too
largeto btin memory Usingword alignmentswe
canaddressboth problems? In particular we can
determinefor ary alignedsegmentation( , &, a)
whetherit is compatiblewith the word-level align-
mentfor the sentencepair. We debnea phrasepair
to be compatiblewith a word-alignmentf no word
in eitherphraseis alignedwith a word outsidethe
other phrase(Zenset al., 2002). Then, (4, &,, a)
is compatiblewith the word-alignmenif eachof its
alignedphrasess acompatiblephrasepair.

Thetrainingprocesss thenconstraineguchthat,
when evaluating the above sum, only compatible
alignedsegmentationsare considered. Thatis, we
allow P(e,4,€,alf) > 0 only for aligned seg-
mentations(f4 , &, a) suchthata provides a one-
to-onemappngfrom 4 to & whereall phrasepairs
(%, , g ) arecompatiblewith theword alignment.

This constrainthastwo importanteffects. First,
we force P (g |f9) = O for all phrasepairsnotcom-
patiblewith the word-level alignmentfor somesen-
tencepair. This restrictionsuccessfullyeducedhe

“The word alignmentsusedin approximatingthe e-step

were the sameas thoseusedto createthe heuristicdiag-and
baseline.

33

totallegal phrasepairtypesfrom approximatel\250
million to 17 million for 100,000trainingsentences.
However, somedesirablephraseswere eliminated
becausef errorsin theword alignments.
Secondthetimeto computethee-stepis reduced.
While in principle it is still intractable,in practice
we cancomputemostsentencepairs@ontritutions
in undera secondeach. However, somespurious
word alignmens candisallov all segmentationgor
a sentencepair, renderingit unusablefor training.
Several factorsincluding errorsin the word-level
alignments sparseword alignmentsand non-literal
translationsauseour constraintto rule out approx-
imately 54% of the training set. Thus,the reduced
size of the usabletraining setaccountsor someof
the degradedperformanceof ! gy relatveto ! .
However, theresultsin bgurel of thefollowing sec-
tion shav that! gy trainedon twice asmuchdata
as! y still underperformshe heuristic,indicatinga
largerissuethandecreasetrainingsetsize.

2.3 Experimental Design

To testthe relative performanceof ! gy and! 4,

we evaluatedeachusing an end-to-endtranslation
systemfrom Englishto French.We chosethis non-
standardtranslationdirection so that the examples
in this paperwould be moreaccessibldo a primar

ily English-speakingudienceAll trainingandtest
dataweredrawn from the French/Englistsectionof

the Europarlsentence-alignedorpus.We testedon

the brst1,000uniquesentencesf length5 to 15in

thecorpusandtrainedon sentencesf lengthl to 60

startingafterthe brst10,000.

The systemfollows the structure proposedin
the documentationfor the Pharaohdecoderand
usesmary publicly available componentgKoehn,
2003b). The languagemodel was generatedrom
theEuroparlcorpususingthe SRILanguageéModel-
ing Toolkit (Stolcke, 2002). Pharaohperformedde-
codingusinga setof default parametersor weight-
ing therelative inBuenceof thelanguagetranslation
anddistortionmodels(Koehn,2003b).A maximum
phrasdengthof threewasusedfor all experiments.

To properlycompare! gy to! y, all aspectof
thetranslatiorpipelinewereheldconstantexceptfor
theparametersf thephrasdranslatiortable.In par
ticular, we did not tunethe decodinghyperparame-
tersfor thedifferentphraseables.
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Figurel: Statisticalre-estimatiorusinga generatie
phrasemodel degradesBLEU scorerelative to its
heuristicinitialization.

3 Results

Having generated! | heuristicallyand! gy with
EM, we now comparetheir performanceWhile the
modelandtrainingregimenfor ! gy, differ fromthe
modelfrom Marcu and Wong (2002), we achieved
resultssimilarto Koehnetal. (2003a):! gm slightly
underperformed . Figurel compareshe BLEU
scoresusing eachestimate. Note that the expecta-
tion maximizationalgorithmfor training! gy was
initialized with the heuristicparameters y , sothe
heuristiccurve canbe equialently labeledasitera-
tion 0.

Thus, the brstiteration of EM increaseghe ob-
sened likelihoodof thetraining sentencesvhile si-
multaneouslydegradingtranslationperformanceon
the testset. As training proceedsperformanceon
thetestsetlevelsoff afterthreeiterationsof EM. The
systemever achiezesthe performancef its initial-
izationparametersThe pruningof ourtrainingregi-
menaccountgor partof thisdegradationput notall;
augmentind gyv by addingbackin all phrasepairs
thatweredroppedduringtrainingdoesnot closethe
performancegap between gy and! 4.

3.1 Analysis

Learning! g degradedranslationquality in large
part becauseEM learnsoverly determinizedsey-
mentationsand translation parametersoverptting
the training dataandfailing to generalize.The pri-
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mary increasein richnessfrom generatie word-

level modek to generatie phrase-lgel modelsis

dueto the additionallatent sgmentationvariable.
Although we impose a uniform distribution over

sg@mentations,it nonethelesplays a crucial role

during training. We will characterizethis phe-

nomenonthrough aggr@ate statisticsand transla-
tion examplesshortly, but begin by demonstrating
themodel&capacityto overbtthetrainingdata.

Let us Prstreturn to the motivation behind in-
troducingand learningphrasesn machinetransla-
tion. For ary languagepair, thereare contiguous
strings of words whosecollocationaltranslationis
non-compositionalithat is, they translatetogether
differently than they would in isolation. For in-
stancechat in Frenchgenerallytranslatedo catin
English, but appelerun chat un chat is an idiom
which translatego call a spadea spade Introduc-
ing phrasesllows usto translatechat un chat atom-
ically to spadea spadeandvice versa.

While introdudng phrasesand parameterizing
their translationprobabilitieswith a surfaceheuris-
tic allowsfor this possibility, statisticakre-estimation
would berequiredto learnthatchat shouldnever be
translatedo spadein isolation. Hence translating
havea spadewith ! iy couldyield anerror.

But enforcingcompetitionamongsegmentations
introducesa new problem:true translationambigu-
ity can alsobe spuriouslyexplainedby the segmen-
tation. Considerthe french fragmentcarte sur la
table, which could translateto mapon the table or
noticeon the chart. Usingthesetwo sentencepairs
astraining,onewould hopeto captureheambiguity
in the parametetableas:

French | English | ! (¢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-degeneratesey-
mentationsanddisallov non-monotoni@lignments,
this parametertable yields a mamginal likelihood
P (fle) = 0.25 for both sentencepairs b the intu-
itive result given two independentexical ambigu-



ities. However, the following tableyields a lik eli-
hoodof 0.28for bothsentences:

French English I (¢f)
carte map 1.0
cartesur noticeon 1.0
cartesurla | noticeonthe| 1.0
sur on 1.0
surlatable | onthetable 1.0
la the 1.0
la table thetable 1.0
table chart 1.0

Hence ahigherlikelihoodcanbe achieved by al-
locating somephrasedo certaintranslationswhile
reservingoverlapping phrasesfor others, thereby
failing to modeltherealambiguitythatexistsacross
the languagepair. Also, notice that the phrasesur
la cantake on anarbitrarydistribution over ary en-
glish phraseswithout affecting the lik elihood of ei-
ther sentencepair. Not only doesthis counterintu
itive parameterizatiorgive a high datalikelihood,
butit is alsoa Pxedpoint of the EM algorithm.

The phenomenondemonstratedabove posesa
problemfor generatie phrasemodelsin general.
The ambiguousprocessof translationcan be mod-
eledeitherby thelatentsegmentatiorvariableor the
phrasdranslationprobabilities.In somecasesppti-
mizing the likelihood of the training corpusadijusts
for the formerwhenwe would preferthe latter. We
next investigatehow this problemmanifestan ! gy
andits effect on translationquality.

3.2 Learnedparameters

Theparameterof ! g\ differ from theheuristically
extractedparameters$ .y in thatthe conditionaldis-
tributionsover Englishtranslationdor someFrench
wordsaresharplypealedfor! gy comparedo Rat-
terdistributionsgeneratedby ! . Thisdeterminism
P predictedby the previous section®exampleDis
notatypicalof EM trainingfor othertasks.

To quantify the notion of pealed distributions
over phrasdranslationsye computethe entrofy of
the distribution for eachFrenchphraseaccordingto

For example, summing over the brst translation ex-
pandsto %(! (map | carte)! (on the table | sur la table)
+! (map| carte)! (on | sur)! (the table| latable)).
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Figure2: Many moreFrenchphraseave very low
entropy underthelearnedparameterization.

the standarddebnition.
|

H(!(elf9) = ! (elfFlog,! (el
(-]

Theaverageentroyy, weightedby frequeng, for the

mostcommon10,000phrasesn the learnedtable
was1.55,comparabldo 3.76for the heuristictable.
The differencebetweenthe tablesbecomesmuch
more striking when we considerthe histogramof

entropiesfor phrasesn bgure2. In particular the
learnedtable hasmary more phraseswith entrogy

nearzero. Themostpronounceentropy differences
often appearfor commonphrases.Ten of the most
commonphrasesn the Frenchcorpusareshowvn in

Pgure3.

As more probability massis resenred for fewer
translationsmary of the alternatie translationsun-
der! y areassignedprohibitively small probabili-
ties. In translatingl,000testsentencedpr example,
nophrasedranslatiorwith ! (g9 lessthan10' ® was
usedby thedecoderGiventhis empiricalthreshold,
nearly 60% of entriesin ! gy are unusable com-
paredwith 1%in! .

3.3 Effectson Translation

While this determinismof ! gy may be desirable
in some circumstanceswe found that the ambi-
guity in ! y is often preferableat decodingtime.
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Figure 3: Entropy of 10 commonFrenchphrases.
Severallearneddistributionshave very low entropy.

In particular the patternof translation-ambiguous
phraseseceving spuriouslypealeddistributions(as
describedn section3.1) introducesnew translation
errorsrelative to the baseline. We now investicate
both positve and negative effects of the learning
process.

The issue that motivated training a generatie
modelis sometimegesolhed correctly: for a word
that translatedifferently alonethanin the context
of anidiom, the translationprobabilitiescan more
accuratelyreRectthis. Returningto the previous ex-
ample,the phrasetablefor chat hasbeencorrected
throughthe learningprocess.The heuristicprocess
givestheincorrecttranslationspadewith 61% prob-
ability, while the statisticallearningapproachgives
catwith 95% probability

While such examplesof improvementare en-
couraging.the trend of spuriousdeterminismover-
whelmsthis benebby introdudng errorsin four re-
latedways,eachof whichwill be exploredin turn.

1. Useful phrasepairs can be assignedvery low
probabilitiesandthereforebecomeunusable.

2. A propertranslationfor a phrasecanbe over
ridden by anothertranslationwith spuriously
high probability.

3. Error-prone,common,ambiguousphrasese-
comeactive duringdecoding.
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4. The languagemodel cannot distinguish be-
tween different translation options as effec-
tively due to deterministictranslationmodel
distributions.

The prst effect follows from our obsenation in
section3.2tha mary phrasepairsareunusabledue
to vanishinglysmall probabilities. Someof the en-
tries that are made unusableby re-estimationare
helpful at decodingtime, evidencedby the fact
that pruning the setof ! gy ® low-scoringlearned
phrasesfrom the original heuristic table reduces
BLEU scoreby 0.02for 25k training sentencegbe-
low thescorefor ! gy ).

The secondeffect is more subtle. Considerthe
sentencein bgure4, which to a brst approxima-
tion can be translatedas a seriesof cognates,as
demonstratedy the decodingthatfollows from the
heuristicparameterizatioh .6 Noticealsothatthe
translatiorprobabilitiesfrom heuristicextractionare
non-deterministicOntheotherhand thetranslation
systemmalesasignibcantexical erroron this sim-
ple sentencavhenparaneterizedby ! gy : theuse
of caracterisein this contet is incorrect. This error
arisesfrom a sharply pealed distribution over En-
glish phrasedor caracterise

This exampleillustratesa recurringproblem: er
rorsdo notnecessariharisebecause correcttrans-
lationis notavailable.Noticethata preferabldrans-
lation of degreeasdegreis availableunderbothpa-
rameterizations. Degre is not used, however, be-
causeof the pealed distribution of a competing
translationcandidate.In this way, very high prob-
ability translationscan effectively block the useof
moreappropriatdranslationsat decodingtime.

Whatis furthermoresurprisingandnotevorthy in
this exampleis that the learned,neardeterministic
translationfor caracterise is not a common trans-
lation for the word. Not only doesthe statistical
learning processyield low-entropy translationdis-
tributions, but occasionallythe translationwith un-
desirablyhigh conditionalprobaility doesnothave
a strongsurfacecorrelationwith the sourcephrase.
This exampleis not unique;during differentinitial-
izationsof the EM algorithm,we noticedsuchpat-

5While thereis someagreemeneérrorandawkwardnessthe
heuristictranslationis comprehensibléo native spealers. The

learnedtranslationincorrecty translatesdlegreg degradingthe
translationquality.



caracterise degre

Heuristically Extracted PhraseTable English T (elf) English | 1 (e]f)
[the situation| varies||to an|[enormoug{degred characterises | 0.49 degree | 0.49
characterised | 0.21 level 0.38
permeate 0.05 extent 0.02
[la situatior|varie][d ' und|[immense|degrd features 0.05 amount | 0.02
typibes 0.05 how 0.01
Learned PhraseTable caracterise degre
lsituationHvariesllan enormouldegred English ''(elf) | || English | ¢(elf)
/ / degree 0.998 degree | 0.64
characterises | 0.001 level 0.26
[situation|[varie|[d '|][une immensgcaractZris¢ | characterised | 0.001 extent | 0.10

Figure4: Spuriousdeterminisnin thelearnedohraseparametersiegradedranslationquality.

ternseven for commonFrenchphrasessuchasde
andne

Thethird sourceof errorsis closelyrelated:com-
mon phraseghattranslatein mary waysdepending
on the context canintroduceerrorsif they have a
spuriouslypealed distribution. For instance,con-
siderthe lone apostrophewhich is treatedasa sin-
gle tokenin our datase (Pgure5). The shapeof
the heuristictranslationdistribution for the phrases
intuitively appealing,shaving a relatively 3at dis-
tribution amongmary possibletranslations. Such
a distribution hasvery high entropy. On the other
hand,the learnedtable translateghe apostrophdo
thewith probabilityvery nearl.

Heuristic Learned

English | 'y (e|f) || English| ! gwm (elf)
our 0.10 the 0.99

that 0.09 , 41410 8
is 0.06 is 6.5410 4
we 0.05 to 6.3410 4
next 0.05 in 53410 4

Figure 5: Translationprobabilitiesfor an apostro-
phe,the mostcommonfrenchphrase.The learned
tablecontainsa highly pealeddistribution.

Suchcommonphrasesvhosetranslationdepends
highly onthe context areripe for producingtransla-
tion errors.TheRatnes®f thedistribution of !  en-
suresthat the single apostophewill rarely be used
during decodingbecauseno one phrasetable entry
hashigh enoughprobabilty to promote its use. On
the otherhand,usingthe pealed entry ! gy (thel”
incursvirtually no costto the scoreof atranslation.
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The bnalkind of errorsstemsfrom interactions
betweenthe languageandtranslationmodels. The
selectionamongtranslationchoicesvia a language
model b a key virtue of the noisy channelframe-
work Bis hinderedby thedeterminisnof thetransla-
tion model. This effectappearso belesssignibcant
thanthe previous three. We shouldnote, however,
that adjuging the languageand translationmodel
weightsduring decodingdoesnot closethe perfor
mancegapbetweerl  and! gy .

3.4

In light of thelow entrogy of ! gy , we couldhopeto
improve translationdy retainingentrogy. Thereare
severalstratgyieswe have consideredo achievethis.
Broadly, we have tried two approaches:.combin-
ing! gm and! y viaheuristicinterpolationmethods
and modifying the training loop to limit determin-
ism.

The simpleststratgy to increaseentropy is to
interpolatethe heuristicand learnedphrasetables.
Varying the weight of interpolationshaved anim-
provementover the heuristicof up to 0.01for 100k
sentencesA moremodesimprovementof 0.003for
25k trainingsentenceappearsn tablel.

In anotherexperiment,we interpolatedthe out-
put of eachiteration of EM with its input, thereby
maintainingsomeentropy from theinitialization pa-
rameters.BLEU scoreincreasedo a maximumof
0.394 using this techniquewith 100k training sen-
tencesputperformingheheuristicby aslim magin
of 0.005.

We might addressthe determinizationin ! gy
without resortingto interpoltion by modifying the

Impr ovements



training procedureo retainentropy. By imposinga
non-uniformsegmentatiormodelthatfavorsshorter
phrasesover longer ones,we hopeto prevent the
errorcausingeffectsof EM trainingoutlinedabove.
In principle, this changewill encourageeEM to ex-
plain training sentencesvith shortersentences.in
practice,however, this approachhasnot led to an
improvementin BLEU.

Anotherapproacho maintainingentropy during
the training processis to smooththe probabilities
generatedy EM. In particular we canusethe fol-
lowing smoothedupdateequationduring the train-
ing loop, which resenes a portion of probability
massfor unseertranslations.

(4,

! new(q |fQ) = C(fa?()-l'qi(l)l

In the equationaborve, | is the lengthof the French
phraseandk is a tuning parameter This formula-
tion notonly senesto reducevery spiked probabili-
tiesin ! gy, but alsobooststhe probability of short
phrasedo encouragéeheir use. With k = 2.5, this
smoothingapproachmprovesBLEU by .007 using
25k training sentencegjearlyequalingthe heuristic
(tablel).

4 Conclusion

Re-estimatingphrasetranslationprobabilitiesusing
a generatre modelholdsthe promiseof improving
upon heuristictechniques.However, the combina-
torial propertiesof a phrase-basegdeneratre model
have unfortunatesideeffects. In casesf trueambi-
guity in thelanguagepairto betranslatedparameter
estimateghat explain the ambiguity usingsegmen-
tationvariablescanin somecasegyield higherdata
likelihoodsby determinizingphraseranslationesti-
mates.However, this behaior in turnleadsto errors
atdecodingtime.

We have alsoshavn thatsomemodestbenebtan
be obtainedrom re-estimatiorthroughthebluntin-
strumentof interpolation.A remainingchallengeis
to designmoreappropriatestatisticalmodelswhich
tie segmentationsogetheunlesssufbcientevidence
of true non-compositionalityis present; perhaps
suchmodelscould properlycombinethe benebtof
bothcurrentapproaches.
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Estimate BLEU
I'y 0.385
Iy phrasepairsthatalsoappeain ! gy 0.365
lEMm 0.374
I em with anon-uniformsegmentatiormodel | 0.374
I em with smoothing 0.381
I em with gapspPlledin by ! 0.374
I em interpolatedwith ! 0.388

Tablel: BLEU resultsfor 25k trainingsentences.
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