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Abstract

This work summarizesa comparisonbetweentwo ap-
proachego StatisticalMachineTranslation(SMT), namely
Ngram-base@ndPhrase-base8MT.

In both approachesthe translationprocesss basedon
bilingual units related by word-to-word alignments(pairs
of sourceandtargetwords), while the main differencesare
basedon the extraction processof theseunits andthe sta-
tistical modelingof the translationcontext. The study has
beencarriedoutontwo differenttranslatiortasks(in termsof
translationdif culty andamountof availabletraining data),
andallowing for distortion(reordering)in the decodingpro-
cess.Thusit extendsa previouswork werebothapproaches
werecomparedindermonotoneconditions.

We nally reportcomparatie resultsin termsof trans-
lation accuray, computationtime and memory size. Re-
sults shav how the ngram-base@pproachoutperformsthe
phrase-basedpproactby achieving similar accurag scores
in lesscomputationatime andwith lessmemoryneeds.

1. Intr oduction

Fromtheinitial word-basedranslationmodels[1], research
on statisticalmachinetranslationhasbeenstronglyboosted.
At theendof thelastdecadeheuseof context in thetransla-
tion model(phrase-basedpproachjeadto a clearimprove-
mentin translationquality ( [2], [3], [4]). Nowadaysthein-
troductionof somereorderingabilities is of crucial impor-
tancefor somelanguagepairsandis animportantfocus of
researchn theareaof SMT.

In parallel to the phrase-base@pproach,the ngram-
basedapproach[5] alsointroducesthe word context in the
translationmodel,whatallows to obtaincomparableesults
undermonotoneconditions(as shavn in  [6]). The addi-
tion of reorderingabilities in the phrase-basedpproachis
achieved by enablinga certain level of reorderingin the
sourcesentenceThough thetranslatiorprocessonsistof a
compositionof phraseswherethe sequentiatompositionof
thephrasesourcewordscorrespondso the sourcesentence
reordered This procedureposesadditionaldif culties when
appliedto the ngram-basedpproachbecausé¢he character
istics of the ngram-basedtranslationmodel. Despiteof this,
recentworks( [7], [8]) have shown how applyingareorder
ing scheman thetrainingprocesshengram-basedpproach
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canalsotake advantageof thedistortioncapabilities.

In this paperwe studythe differencesandsimilarities of
both approachegngram-basednd phrase-basedjocusing
onthetranslatiormodel,wherethetranslationcontext is dif-
ferently taken into account. We also investigatethe differ-
encedn thetranslation(bilingual) units (tuplesandphrases)
andshaw ef ciency resultsin termsof computatiortime and
memorysizefor both systems.We have extendedthe com-
parisonin [6] to a Chineseo Englishtask(wherethe useof
distortioncapabilitiesimplies a clearimprovementin trans-
lation quality), andusinga muchlarger Spanishto English
taskcorpus.

In section2 we introducethe modelingunderlyingboth
SMT systems the additionalmodelstaken into accountin
the log-linearcombinationof features(seeequationl), and
the bilingual units extraction methods(hamelytuplesand
phrases).In section3 is discussedhe decodemsedin both
systemgMARIE) [9], giving detailsof pruningandreorder
ing techniques. The comparisonframewnork, experiments
andresultsareshavn in sectiond, while conclusionsarede-
tailedin section5.

2. Modeling

Alternatively to theclassicakourcechannebpproachstatis-
tical machinetranslationmodelsdirectly the posteriorprob-
ability p(e!jf ) asalog-linearcombinationof featuremod-
els [10], basedon the maximum entropy framework, as
shavn in [11]. This simpli es the introductionof several
additionalmodelsexplaining the translationprocessasthe
searchhecomes:

X
arg rrl{:\xf exp(  ihi(e;f))g (1)

1 i
wherethefeaturefunctionsh; arethe systemmodels(trans-
lation model,languagenodel,reorderingnodel,...), andthe
i weightsare typically optimizedto maximize a scoring

functionon adevelopmentset.

The TranslationModel is basedon bilingual units (here
calledtuplesandphrases).A bilingual unit consistsof two
monolingualfragments,where eachone is supposedo be
thetranslatiornof its counterpartDuring training,the system
learnsa dictionary of thesebilingual fragments the actual
coreof thetranslationsystems.



2.1. Ngram-basedTranslation Model

The TranslationModel canbe thoughtof a LanguageModel
of bilingual units (herecalledtuples). Thesetuplesde ne
a monotonoussegmentationof the training sentencepairs
(fl;€),intoK units(ty; 5tk ).

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

p(e;f) = Pr(ty) = Pt jtc 2;tk 1) 2

k=1

Figure 1 shavs an exampleof tuplesextractionfrom a
word-to-word alignedsentenceair.

Bilingual units (tuples)are extractedfrom ary word-to-
word alignmentaccordingo thefollowing constraint46]:

amonotonousggmentatiorof eachbilingual sentence
pairsis produced,

nowordinsidethetupleis alignedto wordsoutsidethe
tuple,and

no smallertuplescan be extractedwithout violating
the previousconstraints.

As aconsequencef theseconstraintspnly onesegmen-
tationis possiblefor a givensentenceair.

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 keptasbilingual units.
To usethesetuplesin decodingit should appeara NULL
word in the input sentencegtestto translate). Though,we
assignthe target words of thesetuplesto the next tuple in
the tuplessequenc®f the sentencétraining). In the exam-
ple of gurel, if the NULL word would be containedn the
sourceside, its counterpar{does)would be assignedo the
next tuple (doesthe ight last#dureel vuelo).

A complementarapproacho translationwith reorder
ing canbefollowedif we allow for acertainreorderingn the
training data. This meanghatthe translationunits are mod-
i ed sothatthey arenot forcedto sequentiallyproducethe
sourceandtargetsentencearymore. Thereorderingproce-
durein trainingtendsto monotonizeheword-to-wordalign-
ment through changingthe word order of the sourcesen-
tences.

Therationaleof this approachs double,ontheonehand,
it makes sensewhen appliedinto a decoderwith reorder
ing capabilitiesas the one presentedn the following sec-
tion, andon the otherhand,the unfolding techniquegener
atesshortertuples alleviatingtheproblemof embeddedinits
(tuplesonly appearingwithin long distancealignmentsnot
having ary translationin isolation).A veryrelevantproblem
in a Chineseo Englishtask.

Theunfoldingtechniquds hereoutlined:

It usesthe word-to-word alignmentsobtainedby ary
alignmentprocedurelt is decomposeth two steps:

First aniterative procedurewherewordsin oneside
aregroupedwhenlinkedto the sameword (or group)
in theotherside. The procedurdoopsgroupingwords
in bothsidesuntil no new groupsareobtained.

The secondstep consistsof outputtingthe resulting
groups (unfoldedtuples), keepingthe word order of
target sentecewords. Though, the tuples sequence
modi es the sourcesentencavord order

how long does the flight last

V[

cuanto NULL dura el vuelo

TUPLES:

how long#cuanto
does#NULL

the flight last#dura el vuelo

UNFOLDED TUPLES:
how long#cuéanto
does#NULL
last#dura

the#el

flight#vuelo

Figure 1: Differentbilingual units (tuples)are extractedus-
ing the extract-tuplesand extract-unfold-tuplesnethods As
canbeseen,tproducethesouicesentencgtheextractedun-
foldedtuplesmustbereoretred. It is notthecaseof thetarget
sentenceasit canbeproducedn order usingbothsequence
of units.

Figure 1 shows the bilingual units extractedusing the
extract-tuplesandextract-unfold-tuplesnethodsfor a given
word-to-word alignedsentenceair.

2.2. Phrase-basedlranslation Model

The basicideaof phrase-basettanslationis to sgmentthe
givensourcesentencénto phrasesthentranslateeachphrase
and nally composethe target sentencerom thesephrase
translationg§12].

Given a sentencepair and a correspondingvord align-
ment, phrasesare extractedfollowing the criterionin [13]
andthe modi cation in phrasdengthin [14]. A phrase(or
bilingual phrase)s ary pair of m sourcewordsandn tamget
wordsthatsatis estwo basicconstraints:

1. Wordsareconsecutie alongbothsidesof thebilingual
phrase,

2. No word on either side of the phraseis alignedto a
word out of the phrase.



It is infesibleto build a dictionarywith all the phrases
(recentpapersshaw relatedwork to tacklethis problem,see
[15]). Thatis why we limit the maximumsizeof ary given
phrase.Also, the hugeincreasein computationabnd stor
agecostof including longerphrasesioesnot provide a sig-
ni cant improve in quality [16] asthe probability of reap-
pearencef largerphraseglecreases.

In our systemwe consideredwo lengthlimits. We rst
extractall the phrase®f lengthX or less(usuallyX equalto
3or4). Then,wealsoaddphrasesipto lengthY (Y greater
thanX) if they cannotbe generatedy smallerphrasesBa-
sically, we selectadditionalphraseswvith sourcewordsthat
otherwisewould be missedbecauseof crossor long align-
ments[14].

Giventhe collectedphrasepairs,we estimatethe phrase
translationprobability distribution by relative frecueng.

N(f;e)
whereN(f,e) meanghenumberof timesthephrasd is trans-

latedby e. If aphraseehasN > 1 possibleranslationsthen
eachonecontributesas1/N [12].

P(fje) =

2.3. Additional features

Both systemsharethe additionalfeatureswvhich follows.

Firstly, we considerthe targetlanguagemodel. It ac-
tually consistof ann-grammodel,in which the prob-
ability of a translationhypothesids approximatedy
the productof word 3-gramprobabilities:

K
P(Tk) P(WnjWn 2;Wn 1) (4)
n=1
where Ty refersto the partial translationhypothesis
andw, tothen™ wordin it.

As default languagenodelfeature we usea standard
word-basedtrigram languagemodel generatedwith
smoothingKneserNey andinterpolationof higherand
lower orderngrams(by usingSRILM [17]).

The following two featurefunctionscorrespondo a
forward and backwardslexicon models. Thesemod-
els provideslexicon translationprobabilitiesfor each
tuple basedon theword-to-word IBM model1 proba-
bilities [18]. Theselexicon modelsare computedac-
cordingto thefollowing equation:

1 ¥ X

0+ 17 pem(thish) (5)

p((t; S)n) =

j=1 i=0

wheres, andt!, arethej " andi™ wordsin thesource
andtargetsidesof tuple(t; s)n, beingd andl thecor-
respondingotal numberwordsin eachsideof it.

For computingtheforwardlexicon model,IBM model
1 probabilities from GIZA++ [19] source-to-taget
alignmentsareused.In the caseof the backwardslex-
icon model, GIZA++ tamet-to-sourcelignmentsare
usedinstead.

Thelastfeaturein commorwe considercorrespondo
aword penaltymodel. This functionintroducesa sen-
tencelength penalizationin orderto compensat¢he
systempreferencdor shortoutputsentencesThis pe-
nalizationdependsn the total numberof wordscon-
tainedin the partial translationhypothesisandit is
computedasfollows:

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

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

2.4. Phrasefeatures

In additionto thefeaturedrom thesectionabove, we usetwo
more functionswhich get betterscoresin the phrase-based
translation.

As translationmodelin the phrase-basedystemwe

usethe conditionalprobability. Note thatno smooth-
ing is performedwhich may causean overestimation
of the probability of rare phrases. This is specially
harmfulgivenabilingual phrasenvherethe sourcepart

hasa big frecueng of appearencéut the target part
appearsarely. Thatis why we usetheposteriomphrase
probability, we computeagainthe relative frequeng

but replacingthe count of the target phraseby the

countof the sourcephrase18].

NYf;e)

PEN = 6

(7)

whereN'(f,e) meanghe numberof timesthe phrasee
is translatecby f. If aphrasef hasN > 1 possible
translationstheneachonecontributesas1/N.

Adding this featurefunction we reducethe numberof
casesn whichtheoverallprobabilityis overestimated.

Finally, the last featureis 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

addingphrasesAlternatively, by usinga positive scal-
ing factors the systemwill favor lessphrases.

3. Decoding

In SMT decoding,translatedsentencesre built incremen-
tally from left to right in form of hypothesesallowing for
discontinuitiedn the sourcesentence.



A Beamsearchalgorithmwith pruningis usedto nd the
optimal path. The searchis performedby building partial
translations(hypotheses)which are storedin several lists.
Thesdistsareprunedoutaccordingo theaccumulategrob-
abilities of their hypotheses.

Worsthypothesesvith minor probabilitiesarediscarded
to make the searchfeasible.

3.1. Search Graph Structure

Hypothesesare storedin different lists dependingon the
numberof sourceandtargetwordsalreadycovered.

Figure2 shovs anexampleof thesearchgraphstructure.
It canbedecomposeihto threelevels:

Hypothesesln gure 2, representedsing™'.

Lists. In gure 2,theboxeswith atagcorrespondingo
its covering vector Every list containsan orderedset
of hypothesegall the hypotheseén alist have trans-
latedthe samewordsof the sourcesentence).

Groups(of lists). In gure 2, delimited using dotted
lines. Every groupcontainsanorderedsetof lists, cor

respondindo thelists of hypothesesoveringthesame
numberof sourcewords(to orderthelistsin onegroup
the cost of their besthypothesiss used). Whenthe
searchis restrictedto monotonoudranslations,only

onelist is allowed on eachgroupof lists.

|1wrdl IZwrdI I3wrdl 4wrd

]1000[%

=t

1111

*

Figure2: Seach graph correspondingo a source sentence
with four words. Detailsof constaintsare givenin following
sections.

The searchloops expandingavailable hypotheses.The
expansionproceedsncrementallystartingin the group of
lists covering 1 sourceword, endingwith the group of lists
coveringd 1 sourcewords(J is thesizein wordsof the
sourcesentence).

See [9] for furtherdetails.

3.2. Pruning Hypotheses

The searchgraphstructureis thoughtto performvery accu-
ratecomparisongonly hypothesesoveringthe samesource
wordsarecompared)n orderto allow for very high pruning
levels. Despiteof this, the numberof lists whenallowing for
reorderinggrows exponentially(anupperboundis 27 , where
J is the numberof wordsof the sourcesentencepandforces
thesearchto befurtherprunedout for ef ciency reasons.

Only the bestN hypothesesre kept on eachlist (his-
togrampruning, b), with bestscoreswithin a mamin, given
the bestscorein thelist (thresholdpruning,t). Not justthe
lists, but the groupsareprunedout, following the sameprun-
ing stratgies(B andT). To scorealist, the costof its best
scorechypothesiss used.

3.3. Reordering capabilities

Whenallowing for reorderingthe pruningstratgyiesarenot
enoughto reducethe combinatoryexplosionwithout anim-

portantlost in translationperformance.With this purpose,
two reorderingstratgiesareused:

A distortionlimit (m). A sourceword (phraseor tuple)
is only allowedto bereorderedf it doesnot exceeda
distortionlimit, measuredn words.

A reorderingdimit (j). Any translationpathis only
allowedto performj reorderingumps.

The useof thereorderingstrat@iessupposea necessary
trade-of betweerguality andef ciency.

4. Comparison
4.1. Evaluation Framework

Experimentshave been carried out using two databases:
the EPPSdatabasgSpanish-Englishiand the BTEC [20]
databas€Chinese-English).

The BTEC is a smallcorpustranslationtask,usedin the
IWSLT'04 spolkenlanguagecampaign. Table1 shawvs the
mainstatisticeof theuseddata,namelynumberof sentences,
words,vocahulary, and meansentencéengthsfor eachlan-
guage.

The EPPS data set correspondsto the parliamen-
tary sessiontranscriptions of the European Parliament
and is currently available at the Parliaments website
(http://Awww.euro parl.eu.int/ ). In the caseof the
resultspresentedhere we have usedtheversionof the EPPS
data that was made available by RWTH Aachen Univer
sity throughthe TC-STAR consortiund. The training data
usedincluded sessiontranscriptionsfrom April 1996 until

Twww.slt.attjp/IWSLT2004

2TC-STAR (Technologyand Corporafor Speechto SpeechTransla-
tion) is an EuropeanCommunity project fundedby the Sixth Framevork
Programme More information can be found at the consortiumwebsite:
http: Ilwww.tc-star.org/



| BTEC | Chinese| English |
Training Sentences 20k 20k
Words 182.9k | 188.9k
Vocahulary 8.1k 7.6k
DevelopmentSentencesg 506 506
Words 3.5k 3.7k
Vocahulary 870 874
TestSentences 500 500
Words 3.7k 3.8k
Vocahulary 893 906

Table 1: BTEC Corpus: Training, Developmentand Test
data sets. The Developmentata setand the Testdata set
havel6 refeences(k standgor thousands)

| EPPS | Spanish| English |

Training Sentences 1.2M 1.2M
Words 34.8M | 33.4M
Vocahulary 169k 105k
DevelopmentSentenceg 504 504
Words 15.4k 15.3k
Vocahulary 2.8k 2.3k
TestSentences 840 840
Words 22.7k 20.3k
Vocahulary 4k 4.3k

Table2: EuroParl Corpus:Basicstatisticsfor theconsideed
training, TheDevelopmentdatasetandthe Testdatasethave
2 refeences,(M and k standsfor millions and thousands,
respectively)

Septembe2004,the developmentdatausedincludedparlia-
mentarysessiortranscriptiongrom October21stuntil Octo-
ber 28th, 2004, andthe testdatafrom Novemberl5th until
Novemberl8th,2004.

Table2, presentsomebasicstatisticsof training, devel-
opmentandtestdatasetsfor eachconsideredanguage En-
glish (en) and Spanish(es). More speci cally, the statistics
presentedh table2 are thetotalnumberof sentencegheto-
tal numberof wordsandthevocahulary size(or total number
of distinctwords).

4.2. Units

We used GIZA++ to perform the word alignmentof the
wholetraining corpus,andre ned thelinks by the union of
bothalignmentdirections.

In the phrase-basednodel, we extract phrasesup to
length4 and,in addition,thosephrasesip to length7 which
could not be generatedy smallerphrases.This lengthsare
appliedto the BTEC corpus. In the caseof the EPPStask,
we extractphrasesip to length3, without any extension.

The regular tuples extraction methodwas usedin the
monotonecon guration of the ngram-modelwhile the un-

| | vocahilary | total | intersection]

phrases| 124.4k 281.8k -
tuples 31.2k 110.6k 22.8k
tuples' 298.6k - 62.3k

Table 3: For ead set(rows), vocalulary, numberof units
extractedfrom the corpusand intersectionwith the phrases
vocahilary setare shown(for the Chineseto Englishtrans-
lation task). Theunfoldedtuplesare usedto build the tuple
sets.

folded extractionmethodwasusedin the reorderingcon g-
uration.

Figure 3 shavs how tuplesand phrases/ocahulary sets
arerelated. In addition, an extendedtuplesvocahulary set
(tuples) is shawvn, which is built by concatenatiorof tu-
ples. Consecutie tuplesof eachtraining sentenceare con-
catenatedbuilding a new setof bilingualunits. Pruneduples
in the sentencesequencarenot takeninto accountto build
theextendedset.

This extendedsetapproachethetuplessetto thephrases
set.Also it allows usto shov how mary phrasesinitscanbe
reachedvith thetuplesunits. In table3 aregiventhevocatu-
lary sizesof thesesetsfor theBTEC corpususingtheunfold-
ing methodto extracttuples. In principle, all tuplesshould
beincludedasphrasesHowever, therearelongertuplesthat
have beenprunedout asphrasesTherearealsosometuples
extractedfrom word-to-nullalignmentq39 word-to-nulltu-

ples).

TUPLES

TUPLES ™.,

PHRASES

_—

Figure3: Phrasesandtuplesvocahulary sets.

Table 4 shavs the numberof Ngramsusedby the de-
coderto translatethetest le. For the phrase-basesystem,
only 1grams(phrasesre used. The differencein number
of loadedunitsimplies a substantiaimpactin ef ciency (in
termsof computingtime andmemorysize).

4.3. Experiments

In this sectionwe introducethe experimentghat have been
carriedoutin orderto evaluatebothapproaches.

All thecomputatiortime andmemorysizeresultsareap-
proximated.The experimentswvere performedon a Pentium



[System | 1gr [ 2g9r | 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-basednd ngram-basedthe r st two rows cor-

respondto the Chineseto Englishtask, while the last two

rowsare relatedto the Spanishto 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 gramsusedbythedecodemwhentrans-
lating thetest le. PB and NB standsfor phrase-baseénd
ngram-based,the sttworowscorrespondo the Chineseto
Englishtask,while thelasttwo rowsare relatedto the Span-
ishto Englishtask.

IV (Xeon3.06GHz) with 4Gbof RAM memory

All theexperimentseportedn this paperhave beenper
formed setting the order of the target languagemodel to
N = 3. Theorderof the bilingual languagemodelusedfor
the BTEC taskwasN = 4, for the EPPStaskwasN = 3.
Whenapplyingnon-monotone&lecodingthereorderingcon-
straintsweresetto m = 5andj = 3 (in bothNgram-based
and phrase-basedpproaches).Regardingthe pruning ad-
justmentsp andt aresetto 10 unitsfor the BTEC taskand
to 50for the EPPSask,whenapplyingreorderingheB and
T pruningvaluesarealsosetto 10.

The evaluationin the BTEC task hasbeencarried out
using referencesaind translationsin lowercaseand without
punctuationmarks. We appliedthe SIMPLEX algorithmto
optimize the modelweights(on the developmentset) [21].
Resultsn thetestsetwith 16 referencesrereported.

Table5 showvs the numberof 1-grams2-grams 3-grams
and4-gramsusedwhentranslatinghetest le usingthebest
con gurationof eachsystem(allowing for reordering).

The experimentsin table6 correspondo the Chineseto
Englishtranslatiortaskunderthephrase-basefMT system.
Resultscorrespondingo the sametranslatiortask,underthe
ngram-base&MT systemareshownn in table?.

The Spanishto Englishtranslationtaskresultsunderthe
phrase-base8MT systemareshavnin table8. Resultscor-
respondingto the sametranslationtask, underthe ngram-
basedSMT systemareshavn in table9. Theregulartuples
extractionmethodwasusedn all casessthetranslationwvas
alwaysperformedundermonotoneconditions.

As can be seen,very similar results are achieved by
both systems,when translatingwith the baselineand ex-
tendedcon gurations. Thresholdsfor con dence mamins
are 1.6 and 0:6 (respectiely for the Chinese-to-English
and Spanish-to-Englistiasksgiven the numberof wordsin
the testsetsfor the mMWER measure).In both caseghe ad-
ditional models(eithertheIBM1 lexicon modelor the poste-
rior probabilitymodel)seento beusedby thecorresponding
systemsasa way to re ne thetranslationprobabilities. Ex-
ampleof thesesituationsarethe overestimatiorproblemin-
troducedn previoussectiondor the phrase-basedpproach,
andtheapparitionof badtuplesfollowing incorrectword-to-
word alignments.

5. Conclusions

In this paperwe have performeda comparisorof two state-
of-the-artstatisticalmachinetranslationapproacheswhich
only differ in the modelingof the translationcontet. The
comparisorwas madeasfair aspossible,in termsof using
the sametraining/development/testorpora, word-to-word
alignment, decoderand additional sharedmodels (ibm1,
word penalty targetLM andreorderingmodel).

The comparisonhas been performedon two different
translationtasks(in termsof reorderingneedsand related
to the corpussize). Similar accurag resultsin all tasksare
reachedor thebaselinecon gurations.Whenupgradinghe
systemswith additionalfeatures,slight differencesappear
Although improvementsaddedby eachfeaturedependson
the task and system, similar performancesare reachedin
the bestsystems con gurations. Under reorderingcondi-
tions, the ngram-basedystemseemsto take advantageof
the unfolding methodappliedin training, outperformingthe
phrase-basesystem.However, lastresultsobtainedfor the
IWSLT'05 shav anoppositebehaiour of both systemssee
[22] and [23].

We canconcludethatbothapproachebave asimilarper
formancein termsof translationquality. The slight differ-
encesseenn theexperimentsarerelatedto how the systems
take advantageof eachfeaturemodelandto the currentsys-
tem'simplementationln termsof thememorysizeandcom-
putationtime, the ngram-basedystemhasobtainedconsis-
tently betterresults. This indicateshow even thoughusing
a smallervocahulary of bilingual units, it hasbeenmoreef-
ciently built andmanagedThelastcharacteristibecomes
of greatimportancevhenworking with large databases.
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| Phrase-based

[ MWER [ BLEU | TIME (sec) [ SIZE (Mb) |

Baseline 50.02 | 36.32 23 24
Baseline+ P(gf) 49.57 | 37.02 28 2.8
Baselinet+ P(gf) + IBM1 + Reord.| 48.60 | 39.65 438 3.2

Table6: Resultdor the Chineseo Englishtranslationtaskusingthe phrase-basedranslationmodelanddifferentfeatures. The

baselineusestranslationmodel,language model,word penaltyand phrasepenalty ThelBM1 is usedin bothdirections. The
lastrow showsthe bestsystermrandit includesreordering

| Ngram-based | MWER | BLEU | TIME (sec)| SIZE (Mb) |

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

Table7: Resultsor the Chineseo Englishtranslationtaskusingthe ngram-basedranslationmodeland differentfeatures. The

baselinecon guration usestranslationmodel,language modelandword penalty ThelBM1 is usedin bothdirections.Thelast
row showsthe bestsystemandit includesreordering

| Phrase-based
Baseline
Baselinet+ P(gf) + IBM1

[ MWER [ BLEU | TIME (sec) [ SIZE (Mb) |
39.35 | 4884 900 1,180
35.10 | 54.19 | 1084 1,640

Table 8: Resultsfor the Spanishto English translationtask using the phrasetranslationmodeland different features. The
baselineusedranslationmodel,Janguage model,word penaltyand phrasepenalty ThelBM1 modelis usedin bothdirections.

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

Baseline

39.61

48.49

641

580

Baselinet+ IBM1

34.86

54.38

801

600

Table9: Resultfor the Spanisho Englishtranslationtaskusingthe phrasetranslationmodeland differentfeatures. TheIBM1

is usedin bothdirections. Thebaselineusestranslationmodel,language modeland word penalty ThelBM1 modelis usedin
bothdirections.
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