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Abstract
This work summarizesa comparisonbetween two ap-
proachesto StatisticalMachineTranslation(SMT), namely
Ngram-basedandPhrase-basedSMT.

In both approaches,the translationprocessis basedon
bilingual units relatedby word-to-word alignments(pairs
of sourceandtarget words),while the main differencesare
basedon the extraction processof theseunits and the sta-
tistical modelingof the translationcontext. The studyhas
beencarriedoutontwo differenttranslationtasks(in termsof
translationdif�culty andamountof availabletrainingdata),
andallowing for distortion(reordering)in thedecodingpro-
cess.Thusit extendsa previouswork werebothapproaches
werecomparedundermonotoneconditions.

We �nally report comparative resultsin termsof trans-
lation accuracy, computationtime and memory size. Re-
sultsshow how the ngram-basedapproachoutperformsthe
phrase-basedapproachby achieving similar accuracy scores
in lesscomputationaltime andwith lessmemoryneeds.

1. Intr oduction

Fromtheinitial word-basedtranslationmodels[1], research
on statisticalmachinetranslationhasbeenstronglyboosted.
At theendof thelastdecadetheuseof context in thetransla-
tion model(phrase-basedapproach)leadto a clearimprove-
mentin translationquality ( [2], [3], [4]). Nowadaysthe in-
troductionof somereorderingabilities is of crucial impor-
tancefor somelanguagepairsandis an importantfocusof
researchin theareaof SMT.

In parallel to the phrase-basedapproach,the ngram-
basedapproach[5] alsointroducestheword context in the
translationmodel,whatallows to obtaincomparableresults
undermonotoneconditions(as shown in [6]). The addi-
tion of reorderingabilities in the phrase-basedapproachis
achieved by enablinga certain level of reorderingin the
sourcesentence.Though,thetranslationprocessconsistsof a
compositionof phrases,wherethesequentialcompositionof
thephrasessourcewordscorrespondsto thesourcesentence
reordered.This procedureposesadditionaldif�culties when
appliedto thengram-basedapproach,becausethecharacter-
isticsof thengram-basedtranslationmodel. Despiteof this,
recentworks( [7], [8]) haveshown how applyinga reorder-
ing schemain thetrainingprocessthengram-basedapproach

canalsotake advantageof thedistortioncapabilities.
In this paperwe studythedifferencesandsimilaritiesof

both approaches(ngram-basedandphrase-based),focusing
onthetranslationmodel,wherethetranslationcontext is dif-
ferently taken into account. We also investigatethe differ-
encesin thetranslation(bilingual) units(tuplesandphrases)
andshow ef�ciency resultsin termsof computationtimeand
memorysizefor bothsystems.We have extendedthecom-
parisonin [6] to aChineseto Englishtask(wheretheuseof
distortioncapabilitiesimpliesa clearimprovementin trans-
lation quality), andusinga muchlarger Spanishto English
taskcorpus.

In section2 we introducethemodelingunderlyingboth
SMT systems,the additionalmodelstaken into accountin
the log-linearcombinationof features(seeequation1), and
the bilingual units extraction methods(namely tuples and
phrases).In section3 is discussedthedecoderusedin both
systems(MARIE) [9], giving detailsof pruningandreorder-
ing techniques. The comparisonframework, experiments
andresultsareshown in section4, while conclusionsarede-
tailedin section5.

2. Modeling

Alternatively to theclassicalsourcechannelapproach,statis-
tical machinetranslationmodelsdirectly theposteriorprob-
ability p(eI

1 jf J
1 ) asa log-linearcombinationof featuremod-

els [10], basedon the maximum entropy framework, as
shown in [11]. This simpli�es the introductionof several
additionalmodelsexplaining the translationprocess,asthe
searchbecomes:

argmax
eI

1

f exp(
X

i

� i hi (e;f ))g (1)

wherethefeaturefunctionshi arethesystemmodels(trans-
lationmodel,languagemodel,reorderingmodel,...),andthe
� i weightsare typically optimized to maximizea scoring
functionona developmentset.

The TranslationModel is basedon bilingual units (here
calledtuplesandphrases).A bilingual unit consistsof two
monolingualfragments,whereeachone is supposedto be
thetranslationof its counterpart.During training,thesystem
learnsa dictionaryof thesebilingual fragments,the actual
coreof thetranslationsystems.



2.1. Ngram-basedTranslation Model

TheTranslationModel canbethoughtof a LanguageModel
of bilingual units (herecalled tuples). Thesetuplesde�ne
a monotonoussegmentationof the training sentencepairs
(f J

1 ; eI
1), into K units(t1; :::; tK ).

The TranslationModel is implementedusingan Ngram
languagemodel,(for N = 3):

p(e;f ) = Pr (tK
1 ) =

KY

k=1

p(tk j tk � 2; tk � 1) (2)

Figure1 shows an exampleof tuplesextraction from a
word-to-wordalignedsentencepair.

Bilingual units (tuples)areextractedfrom any word-to-
wordalignmentaccordingto thefollowing constraints[6]:

� amonotonoussegmentationof eachbilingualsentence
pairsis produced,

� nowordinsidethetupleis alignedto wordsoutsidethe
tuple,and

� no smaller tuplescan be extractedwithout violating
thepreviousconstraints.

As aconsequenceof theseconstraints,only onesegmen-
tationis possiblefor a givensentencepair.

Resulting from this procedure, some tuples consist
of a monolingual fragment linked to the NULL word
(words#NULL and NULL#words). Those tuples with a
NULL word in its sourcesidearenot keptasbilingualunits.
To usethesetuples in decodingit shouldappeara NULL
word in the input sentence(test to translate). Though,we
assignthe target wordsof thesetuplesto the next tuple in
the tuplessequenceof thesentence(training). In theexam-
ple of �gure1, if theNULL word would becontainedin the
sourceside,its counterpart(does)would be assignedto the
next tuple(doesthe�ight last#durael vuelo).

A complementaryapproachto translationwith reorder-
ing canbefollowedif weallow for acertainreorderingin the
trainingdata.This meansthat thetranslationunitsaremod-
i�ed so that they arenot forcedto sequentiallyproducethe
sourceandtargetsentencesanymore.Thereorderingproce-
durein trainingtendsto monotonizetheword-to-wordalign-
ment throughchangingthe word order of the sourcesen-
tences.

Therationaleof thisapproachis double,ontheonehand,
it makes sensewhen applied into a decoderwith reorder-
ing capabilitiesas the one presentedin the following sec-
tion, andon the otherhand,the unfolding techniquegener-
atesshortertuples,alleviatingtheproblemof embeddedunits
(tuplesonly appearingwithin long distancealignments,not
having any translationin isolation).A very relevantproblem
in a Chineseto Englishtask.

Theunfoldingtechniqueis hereoutlined:
It usesthe word-to-word alignmentsobtainedby any

alignmentprocedure.It is decomposedin two steps:

� First an iterative procedure,wherewords in oneside
aregroupedwhenlinkedto thesameword (or group)
in theotherside.Theprocedureloopsgroupingwords
in bothsidesuntil nonew groupsareobtained.

� The secondstepconsistsof outputting the resulting
groups(unfoldedtuples),keepingthe word order of
target sentecewords. Though, the tuples sequence
modi�es thesourcesentenceword order.

Figure1: Differentbilingual units (tuples)are extractedus-
ing theextract-tuplesandextract-unfold-tuplesmethods.As
canbeseen,toproducethesourcesentence, theextractedun-
foldedtuplesmustbereordered.It is notthecaseof thetarget
sentence, asit canbeproducedin orderusingbothsequence
of units.

Figure 1 shows the bilingual units extractedusing the
extract-tuplesandextract-unfold-tuplesmethods,for a given
word-to-wordalignedsentencepair.

2.2. Phrase-basedTranslation Model

Thebasicideaof phrase-basedtranslationis to segmentthe
givensourcesentenceintophrases,thentranslateeachphrase
and �nally composethe target sentencefrom thesephrase
translations[12].

Given a sentencepair anda correspondingword align-
ment,phrasesareextractedfollowing the criterion in [13]
andthemodi�cation in phraselengthin [14]. A phrase(or
bilingual phrase)is any pair of m sourcewordsandn target
wordsthatsatis�estwo basicconstraints:

1. Wordsareconsecutivealongbothsidesof thebilingual
phrase,

2. No word on either side of the phraseis alignedto a
word outof thephrase.



It is infesible to build a dictionarywith all the phrases
(recentpapersshow relatedwork to tacklethis problem,see
[15]). That is why we limit themaximumsizeof any given
phrase.Also, the hugeincreasein computationalandstor-
agecostof including longerphrasesdoesnot provide a sig-
ni�cant improve in quality [16] as the probability of reap-
pearenceof largerphrasesdecreases.

In our systemwe consideredtwo lengthlimits. We �rst
extractall thephrasesof lengthX or less(usuallyX equalto
3 or 4). Then,we alsoaddphrasesup to lengthY (Y greater
thanX) if they cannotbegeneratedby smallerphrases.Ba-
sically, we selectadditionalphraseswith sourcewordsthat
otherwisewould be missedbecauseof crossor long align-
ments[14].

Giventhecollectedphrasepairs,we estimatethephrase
translationprobabilitydistributionby relative frecuency.

P(f je) =
N (f ; e)
N (e)

(3)

whereN(f,e)meansthenumberof timesthephrasef is trans-
latedby e. If aphraseehasN > 1 possibletranslations,then
eachonecontributesas1/N [12].

2.3. Additional features

Bothsystemssharetheadditionalfeatureswhich follows.

� Firstly, we considerthe target languagemodel. It ac-
tually consistsof ann-grammodel,in which theprob-
ability of a translationhypothesisis approximatedby
theproductof word3-gramprobabilities:

p(Tk ) �
kY

n =1

p(wn jwn � 2; wn � 1) (4)

whereTk refers to the partial translationhypothesis
andwn to thenth word in it.

As default languagemodelfeature,we usea standard
word-basedtrigram languagemodel generatedwith
smoothingKneser-Ney andinterpolationof higherand
lowerorderngrams(by usingSRILM [17]).

� The following two featurefunctionscorrespondto a
forward andbackwardslexicon models. Thesemod-
els provideslexicon translationprobabilitiesfor each
tuplebasedon theword-to-word IBM model1 proba-
bilities [18]. Theselexicon modelsarecomputedac-
cordingto thefollowing equation:

p(( t; s)n ) =
1

(I + 1)J

JY

j =1

IX

i =0

pI B M 1(t i
n jsj

n ) (5)

wheresj
n andt i

n arethej th andi th wordsin thesource
andtargetsidesof tuple(t; s)n , beingJ andI thecor-
respondingtotalnumberwordsin eachsideof it.

For computingtheforwardlexiconmodel,IBM model
1 probabilities from GIZA++ [19] source-to-target
alignmentsareused.In thecaseof thebackwardslex-
icon model,GIZA++ target-to-sourcealignmentsare
usedinstead.

� Thelastfeaturein commonweconsidercorrespondsto
a word penaltymodel.This functionintroducesa sen-
tencelength penalizationin order to compensatethe
systempreferencefor shortoutputsentences.This pe-
nalizationdependson the total numberof wordscon-
tained in the partial translationhypothesis,and it is
computedasfollows:

wp(Tk ) = exp(numberof wordsin Tk ) (6)

where,again,Tk refersto the partial translationhy-
pothesis.

2.4. Phrasefeatures

In additionto thefeaturesfrom thesectionabove,weusetwo
morefunctionswhich get betterscoresin the phrase-based
translation.

� As translationmodel in the phrase-basedsystemwe
usetheconditionalprobability. Note thatno smooth-
ing is performed,which maycauseanoverestimation
of the probability of rare phrases. This is specially
harmfulgivenabilingualphrasewherethesourcepart
hasa big frecuency of appearencebut the target part
appearsrarely. Thatis why weusetheposteriorphrase
probability, we computeagainthe relative frequency
but replacing the count of the target phraseby the
countof thesourcephrase[18].

P(ejf ) =
N 0(f ; e)

N (f )
(7)

whereN'(f,e) meansthenumberof timesthephrasee
is translatedby f. If a phrasef hasN > 1 possible
translations,theneachonecontributesas1/N.

Adding this featurefunctionwe reducethenumberof
casesin whichtheoverallprobabilityis overestimated.

� Finally, the last feature is the widely used phrase
penalty [12] which is a constantcost per produced
phrase.Here,a negative weight,which meansreduc-
ing the costsper phrase,resultsin a preferencefor
addingphrases.Alternatively, by usingapositivescal-
ing factors,thesystemwill favor lessphrases.

3. Decoding

In SMT decoding,translatedsentencesarebuilt incremen-
tally from left to right in form of hypotheses,allowing for
discontinuitiesin thesourcesentence.



A Beamsearchalgorithmwith pruningis usedto �nd the
optimal path. The searchis performedby building partial
translations(hypotheses),which are storedin several lists.
Theselistsareprunedoutaccordingto theaccumulatedprob-
abilitiesof their hypotheses.

Worsthypotheseswith minor probabilitiesarediscarded
to make thesearchfeasible.

3.1. Search Graph Structur e

Hypothesesare storedin different lists dependingon the
numberof sourceandtargetwordsalreadycovered.

Figure2 showsanexampleof thesearchgraphstructure.
It canbedecomposedinto threelevels:

� Hypotheses.In �gure 2, representedusing'*'.

� Lists. In �gure 2, theboxeswith atagcorrespondingto
its coveringvector. Every list containsanorderedset
of hypotheses(all the hypothesesin a list have trans-
latedthesamewordsof thesourcesentence).

� Groups(of lists). In �gure 2, delimitedusingdotted
lines.Everygroupcontainsanorderedsetof lists,cor-
respondingto thelistsof hypothesescoveringthesame
numberof sourcewords(to orderthelists in onegroup
the cost of their besthypothesisis used). When the
searchis restrictedto monotonoustranslations,only
onelist is allowedoneachgroupof lists.

Figure2: Search graphcorrespondingto a sourcesentence
with four words.Detailsof constraintsaregivenin following
sections.

The searchloopsexpandingavailablehypotheses.The
expansionproceedsincrementallystarting in the group of
lists covering1 sourceword, endingwith the groupof lists
coveringJ � 1 sourcewords(J is the sizein wordsof the
sourcesentence).

See [9] for furtherdetails.

3.2. Pruning Hypotheses

Thesearchgraphstructureis thoughtto performvery accu-
ratecomparisons(only hypothesescoveringthesamesource
wordsarecompared)in orderto allow for veryhigh pruning
levels.Despiteof this, thenumberof lists whenallowing for
reorderinggrowsexponentially(anupperboundis 2J , where
J is thenumberof wordsof thesourcesentence)andforces
thesearchto befurtherprunedout for ef�ciency reasons.

Only the bestN hypothesesare kept on eachlist (his-
togrampruning,b), with bestscoreswithin a margin, given
thebestscorein the list (thresholdpruning,t). Not just the
lists,but thegroupsareprunedout,following thesameprun-
ing strategies(B andT). To scorea list, thecostof its best
scoredhypothesisis used.

3.3. Reordering capabilities

Whenallowing for reordering,thepruningstrategiesarenot
enoughto reducethecombinatoryexplosionwithout anim-
portantlost in translationperformance.With this purpose,
two reorderingstrategiesareused:

� A distortionlimit (m). A sourceword(phraseor tuple)
is only allowedto bereorderedif it doesnot exceeda
distortionlimit, measuredin words.

� A reorderingslimit (j ). Any translationpath is only
allowedto performj reorderingjumps.

Theuseof thereorderingstrategiessupposea necessary
trade-off betweenquality andef�ciency.

4. Comparison

4.1. Evaluation Framework

Experimentshave been carried out using two databases:
the EPPSdatabase(Spanish-English)and the BTEC [20]
database(Chinese-English).

TheBTEC is a smallcorpustranslationtask,usedin the
IWSLT'04 spoken languagecampaign1. Table1 shows the
mainstatisticsof theuseddata,namelynumberof sentences,
words,vocabulary, andmeansentencelengthsfor eachlan-
guage.

The EPPS data set correspondsto the parliamen-
tary session transcriptions of the European Parliament
and is currently available at the Parliament's website
(http://www.euro parl.eu.int/ ). In the caseof the
resultspresentedhere,wehaveusedtheversionof theEPPS
data that was madeavailable by RWTH AachenUniver-
sity throughthe TC-STAR consortium2. The training data
usedincludedsessiontranscriptionsfrom April 1996 until

1www.slt.atr.jp/IWSLT2004
2TC-STAR (Technologyand Corporafor Speechto SpeechTransla-

tion) is an EuropeanCommunityproject fundedby the Sixth Framework
Programme. More information can be found at the consortiumwebsite:
http: //www.tc-star.org/



BTEC Chinese English
TrainingSentences 20k 20k
Words 182.9k 188.9k
Vocabulary 8.1k 7.6k
DevelopmentSentences 506 506
Words 3.5k 3.7k
Vocabulary 870 874
TestSentences 500 500
Words 3.7k 3.8k
Vocabulary 893 906

Table 1: BTEC Corpus: Training, Developmentand Test
data sets. TheDevelopmentdata setand the Testdata set
have16 references,(k standsfor thousands)

EPPS Spanish English
TrainingSentences 1.2M 1.2M
Words 34.8M 33.4M
Vocabulary 169k 105k
DevelopmentSentences 504 504
Words 15.4k 15.3k
Vocabulary 2.8k 2.3k
TestSentences 840 840
Words 22.7k 20.3k
Vocabulary 4 k 4.3k

Table2: EuroParl Corpus:Basicstatisticsfor theconsidered
training, TheDevelopmentdatasetandtheTestdatasethave
2 references,(M and k standsfor millions and thousands,
respectively)

September2004,thedevelopmentdatausedincludedparlia-
mentarysessiontranscriptionsfrom October21stuntil Octo-
ber 28th,2004,andthe testdatafrom November15thuntil
November18th,2004.

Table2, presentssomebasicstatisticsof training,devel-
opmentandtestdatasetsfor eachconsideredlanguage:En-
glish (en) andSpanish(es). More speci�cally, the statistics
presentedin table2 are,thetotalnumberof sentences,theto-
tal numberof wordsandthevocabularysize(or totalnumber
of distinctwords).

4.2. Units

We usedGIZA++ to perform the word alignmentof the
whole trainingcorpus,andre�ned the links by theunionof
bothalignmentdirections.

In the phrase-basedmodel, we extract phrasesup to
length4 and,in addition,thosephrasesup to length7 which
couldnot begeneratedby smallerphrases.This lengthsare
appliedto the BTEC corpus. In the caseof the EPPStask,
weextractphrasesup to length3, withoutany extension.

The regular tuples extraction methodwas usedin the
monotonecon�guration of the ngram-model,while the un-

vocabulary total intersection
phrases 124.4k 281.8k -
tuples 31.2k 110.6k 22.8k
tuples' 298.6k - 62.3k

Table 3: For each set (rows), vocabulary, numberof units
extractedfrom thecorpusand intersectionwith thephrases
vocabulary setare shown(for theChineseto Englishtrans-
lation task). Theunfoldedtuplesare usedto build the tuple
sets.

foldedextractionmethodwasusedin thereorderingcon�g-
uration.

Figure3 shows how tuplesandphrasesvocabulary sets
are related. In addition,an extendedtuplesvocabulary set
(tuples') is shown, which is built by concatenationof tu-
ples. Consecutive tuplesof eachtraining sentencearecon-
catenatedbuilding anew setof bilingualunits.Prunedtuples
in thesentencesequencearenot taken into accountto build
theextendedset.

Thisextendedsetapproachesthetuplessetto thephrases
set.Also it allowsusto show how many phrasesunitscanbe
reachedwith thetuplesunits.In table3 aregiventhevocabu-
lary sizesof thesesetsfor theBTECcorpususingtheunfold-
ing methodto extract tuples. In principle,all tuplesshould
beincludedasphrases.However, therearelongertuplesthat
havebeenprunedoutasphrases.Therearealsosometuples
extractedfrom word-to-nullalignments(39 word-to-null tu-
ples).

Figure3: Phrasesandtuplesvocabulary sets.

Table 4 shows the numberof Ngramsusedby the de-
coderto translatethe test�le. For thephrase-basedsystem,
only 1grams(phrases)areused. The differencein number
of loadedunits impliesa substantialimpactin ef�ciency (in
termsof computingtimeandmemorysize).

4.3. Experiments

In this sectionwe introducetheexperimentsthathave been
carriedout in orderto evaluatebothapproaches.

All thecomputationtimeandmemorysizeresultsareap-
proximated.Theexperimentswereperformedon a Pentium



System 1gr 2gr 3gr 4gr
PBzh2en 59,610 - - -
NB zh2en 8,999 23,335 3,429 1,999

PBes2en 7,017,894 - - -
NB es2en 335,299 1,426,582 767,827 -

Table4: Numberof N grams(translationmodel)loadedby
the decoderto translatethe test �le . PB and NB stands
for phrase-basedand ngram-based,the �r st two rowscor-
respondto the Chineseto English task, while the last two
rowsare relatedto theSpanishto Englishtask.

System 1gr 2gr 3gr 4gr

PBzh2en 2,518 - - -
NB zh2en 1,653 1,241 284 89
PBes2en 15,619 - - -
NB es2en 2,988 8,490 9,333 -

Table5: Numberof N gramsusedbythedecoderwhentrans-
lating the test�le . PB andNB standsfor phrase-basedand
ngram-based,the�r st two rowscorrespondto theChineseto
Englishtask,while thelast tworowsare relatedto theSpan-
ish to Englishtask.

IV (Xeon3.06GHz),with 4Gbof RAM memory.
All theexperimentsreportedin this paperhavebeenper-

formed setting the order of the target languagemodel to
N = 3. Theorderof thebilingual languagemodelusedfor
theBTEC taskwasN = 4, for theEPPStaskwasN = 3.
Whenapplyingnon-monotonedecoding,thereorderingcon-
straintsweresetto m = 5 andj = 3 (in bothNgram-based
and phrase-basedapproaches).Regardingthe pruning ad-
justments,b andt aresetto 10 units for theBTEC taskand
to 50for theEPPStask,whenapplyingreorderingtheB and
T pruningvaluesarealsosetto 10.

The evaluationin the BTEC task hasbeencarriedout
using referencesand translationsin lowercaseand without
punctuationmarks. We appliedthe SIMPLEX algorithmto
optimize the modelweights(on the developmentset) [21].
Resultsin thetestsetwith 16 referencesarereported.

Table5 shows thenumberof 1-grams,2-grams,3-grams
and4-gramsusedwhentranslatingthetest�le usingthebest
con�gurationof eachsystem(allowing for reordering).

Theexperimentsin table6 correspondto theChineseto
Englishtranslationtaskunderthephrase-basedSMT system.
Resultscorrespondingto thesametranslationtask,underthe
ngram-basedSMT system,areshown in table7.

TheSpanishto Englishtranslationtaskresultsunderthe
phrase-basedSMT system,areshown in table8. Resultscor-
respondingto the sametranslationtask, under the ngram-
basedSMT system,areshown in table9. Theregulartuples
extractionmethodwasusedin all casesasthetranslationwas
alwaysperformedundermonotoneconditions.

As can be seen,very similar resultsare achieved by
both systems,when translatingwith the baselineand ex-
tendedcon�gurations. Thresholdsfor con�dence margins
are� 1:6 and� 0:6 (respectively for the Chinese-to-English
andSpanish-to-Englishtasksgiven the numberof wordsin
the testsetsfor themWERmeasure).In bothcasesthead-
ditionalmodels(eithertheIBM1 lexiconmodelor theposte-
rior probabilitymodel)seemto beusedby thecorresponding
systemsasa way to re�ne the translationprobabilities.Ex-
amplesof thesesituationsaretheoverestimationproblemin-
troducedin previoussectionsfor thephrase-basedapproach,
andtheapparitionof badtuplesfollowing incorrectword-to-
wordalignments.

5. Conclusions

In this paperwe have performeda comparisonof two state-
of-the-artstatisticalmachinetranslationapproaches,which
only differ in the modelingof the translationcontext. The
comparisonwasmadeasfair aspossible,in termsof using
the sametraining/development/testcorpora,word-to-word
alignment, decoderand additional sharedmodels (ibm1,
wordpenalty, targetLM andreorderingmodel).

The comparisonhas beenperformedon two different
translationtasks(in termsof reorderingneedsand related
to the corpussize). Similar accuracy resultsin all tasksare
reachedfor thebaselinecon�gurations.Whenupgradingthe
systemswith additional features,slight differencesappear.
Although improvementsaddedby eachfeaturedependson
the task and system,similar performancesare reachedin
the bestsystem's con�gurations. Under reorderingcondi-
tions, the ngram-basedsystemseemsto take advantageof
theunfoldingmethodappliedin training,outperformingthe
phrase-basedsystem.However, last resultsobtainedfor the
IWSLT'05 show anoppositebehaviour of bothsystems,see
[22] and [23].

Wecanconcludethatbothapproacheshaveasimilarper-
formancein termsof translationquality. The slight differ-
encesseenin theexperimentsarerelatedto how thesystems
take advantageof eachfeaturemodelandto thecurrentsys-
tem'simplementation.In termsof thememorysizeandcom-
putationtime, thengram-basedsystemhasobtainedconsis-
tently betterresults. This indicateshow even thoughusing
a smallervocabulary of bilingual units, it hasbeenmoreef-
�ciently built andmanaged.Thelastcharacteristicbecomes
of greatimportancewhenworking with largedatabases.
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Phrase-based mWER BLEU TIME (sec) SIZE(Mb)

Baseline 50.02 36.32 23 2.4
Baseline+ P(ejf) 49.57 37.02 28 2.8
Baseline+ P(ejf) + IBM1 + Reord. 48.60 39.65 438 3.2

Table6: Resultsfor theChineseto Englishtranslationtaskusingthephrase-basedtranslationmodelanddifferentfeatures.The
baselineusestranslationmodel,language model,word penaltyandphrasepenalty. TheIBM1 is usedin bothdirections.The
last row showsthebestsystemandit includesreordering.

Ngram-based mWER BLEU TIME (sec) SIZE(Mb)

Baseline 49.68 35,41 17 1.2
Baseline+ IBM1 48.42 35.75 21 1.4
Baseline+ IBM1 + Reord. 45.30 41.66 225 1.6

Table7: Resultsfor theChineseto Englishtranslationtaskusingthengram-basedtranslationmodelanddifferentfeatures.The
baselinecon�gurationusestranslationmodel,languagemodelandword penalty. TheIBM1 is usedin bothdirections.Thelast
row showsthebestsystemandit includesreordering

Phrase-based mWER BLEU TIME (sec) SIZE(Mb)
Baseline 39.35 48.84 900 1,180
Baseline+ P(ejf) + IBM1 35.10 54.19 1084 1,640

Table 8: Resultsfor the Spanishto English translationtask using the phrasetranslationmodeland different features. The
baselineusestranslationmodel,languagemodel,word penaltyandphrasepenalty. TheIBM1 modelis usedin bothdirections.

Ngram-based mWER BLEU TIME (sec) SIZE(Mb)
Baseline 39.61 48.49 641 580
Baseline+ IBM1 34.86 54.38 801 600

Table9: Resultsfor theSpanishto Englishtranslationtaskusingthephrasetranslationmodelanddifferentfeatures.TheIBM1
is usedin bothdirections.Thebaselineusestranslationmodel,language modelandword penalty. TheIBM1 modelis usedin
bothdirections.
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