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Abstract

ThispaperdescribesandevaluatesMatador, animplementedlarge-scaleSpanish-EnglishMT systembuilt in theGeneration-Heavy
Hybrid MachineTranslation(GHMT) approach.An extensiveevaluationshows thatMatadorhasahigherdegreeof robustnessand
superioroutputquality, in termsof grammaticalityandaccuracy, whencomparedto a primarily statisticalapproach.

1 Intr oduction

This paperdescribesand evaluatesMatador, an imple-
mented large-scaleSpanish-EnglishMT system built
in the Generation-Heavy Hybrid Machine Translation
(GHMT) approachintroducedin (Habash,2002;Habash
andDorr, 2002). GHMT is an asymmetricalhybrid ap-
proachthat addressesthe issueof MT resourcepoverty
in source-poor/target-rich languagepairs by exploiting
symbolicandstatisticaltarget-language(TL) resources.
Expectedsource-language(SL) resourcesincludea syn-
tactic parseranda simple one-to-many translationdic-
tionary. No transferrules or complex interlingual rep-
resentationsareused.Rich TL symbolicresourcessuch
asword lexical semantics,categorial variationsandsub-
categorizationframesareusedto overgeneratemultiple
structuralvariationsfrom a TL-glossedsyntacticdepen-
dency representationof SL sentences.This symbolic
overgenerationaccountsfor possibletranslationdiver-
gences,caseswheretheunderlyingconceptor “gist” of a
sentenceis distributeddifferentlyin two languagessuch
asto putbutter andto butter (Dorr, 1993).Theovergen-
erationis constrainedby multiple statisticalTL models
including surfacen-gramsandstructuraln-grams. The
source-target asymmetryof systemsdevelopedin this
approachmakes them more easily retargetableto new
sourcelanguages(provided a SL parserandtranslation
dictionary).

An evaluationof Matador's translationquality is con-
ductedusingtheIBM Bleumetric(Papinenietal.,2001)
and comparingagainstthree systems—simplegisting,
primarily statistical(IBM Model 4) andpurelysymbolic
(Systran)—over three corpora (UN, FBIS and Bible).
The evaluation shows that although Matador scores
lower than IBM Model 4 on the corpuswhereall lan-
guagemodelsweretrained(UN), Matadorhasa higher
degreeof robustnessandscoreshigherwhen testedon
text with new genre(Bible). Additionally, theevaluation
shows that Matador's outputquality, in termsof gram-
maticalityandaccuracy, is superiorto IBM Model 4.

The next sectionis an overview of Matador. This is
followed by three sectionscorrespondingto the three
phasesof GHMT: Analysis,TranslationandGeneration,
respectively. And �nally Section6 presentsanextensive
evaluationof Matador.

2 Overview of Matador
Figure1 describesthedifferentcomponentsof Matador.
Therearethreephases:Analysis,TranslationandGener-
ation. Thelastphaseis markedasEXERGE— EXpan-
sivE Rich Generationfor English— a SL-independent
generationmodule for English. These three phases
are very similar to other paradigmsof MT: Analysis-
Transfer-Generationor Analysis-Interlingua-Generation
(Dorr et al., 1999). However, thesephasesare not
symmetric. Analysis relies only on the Spanishsen-
tenceparsingandis independentof Englishgeneration.
The outputof Analysis is a deepsyntacticdependency
that normalizesover syntacticphenomenasuchaspas-
sivizationandmorphologicalexpressionsof tense,num-
ber, etc. Translationconvertsthe Spanishlexemesinto
bags of English lexemes. The dependency structure
of the Spanishis maintained. The last phase,Gener-
ation, is where most of the work is done to manipu-
late the input lexically andstructurallyandproduceEn-
glish sequences.Thegenerationresourcesaredescribed
next followed by an explanationof the generationsub-
modules.

Forexample,theSpanishsentenceMaria pusola man-
tequilla en el pan (Mary put thebutter on the bread)is
analyzedto producea dependency tree,a representation
describingthesyntacticrelationsamongthewordsin the
sentence:

(1) (puso :subj Maria
:obj (mantequilla :mod la)
:mod (en :obj (pan :mod el)))

This dependency treespeci�es thatMaria is thesub-
ject of theverb pusoandthat mantequillais theobject.
In the translationstep,eachof theSpanishwordsin the
dependency treearemappedinto setsof Englishwords:

(2) ((lay locate place put render set stand)
:subj Maria
:obj ((butter bilberry) :mod the)
:mod ((on in into at) :obj ((bread loaf)

:mod the)))

During generation,different variantsof (2) are ex-
pansively createdusinglexical semanticinformationand
other English-speci�cheavy resources.The following
areonly a few of thesevariants:
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Figure1: Matador:Spanish-EnglishGeneration-Heavy MachineTranslation

(3) (put :subj Maria
:obj ((butter bilberry) :mod the)
:mod (on :obj ((bread loaf) :mod the)))

(lay :subj Maria
:obj ((butter bilberry) :mod the)
:mod (at :ob-

ject ((bread loaf) :mod the)))
(butter

:subj Maria
:obj ((bread loaf) :mod the))

(bread
:subj Maria
:obj ((butter bilberry) :mod the))

The�rst two examplesshow little differencein struc-
turefrom theSpanishstructurein (2), but thelasttwo are
muchdifferent.In thelinearizationstep,thedependency
treesin (3) areconvertedinto aword latticecompressing
multiple possiblesentences:

(4) (OR (SEQ Maria (OR puts put) the (OR butter
bilberry) (OR on into) (OR bread loaf))

(SEQ Maria (OR lays laid) the (OR butter
bilberry) (OR at into) (OR bread loaf))

(SEQ Maria (OR butters buttered) the
(OR bread loaf))

(SEQ Maria (OR breads breaded) the (OR butter
bilberry)))

Thesedifferent sequencesare then ranked using a
statisticallanguagemodel. The overgeneratedvariants
scorehigherthandirectword translations,e.g.,the top-
ranked output in this example is Maria buttered the
bread.

(5) Maria buttered the bread -47.0841
Maria butters the bread -47.2994
Maria breaded the butter -48.7334
Maria breads the butter -48.835
Maria buttered the loaf -51.3784
Maria butters the loaf -51.5937
Maria put the butter on bread -54.128

Matadorusessomeoff-the-shelfcomponents,namely
the Connexor Spanishparserfor analysis(Tapanainen
andJarvinen,1997)andthe HalogenForestRanker for
surfaceN-gramranking(in Exerge) (Langkilde,2000).
All othercomponentswerecreatedor extractedaspart
of this research.An online-demoof Matadoris available
at http://clipdemos.umiacs.umd.edu/matador/.

3 Analysis
Spanishanalysisin MatadorutilizestheConnexorparser
(TapanainenandJarvinen,1997),a symbolicallydriven

systembasedon ConstraintGrammar(Karlsson,1990).
Connexor's output is a functional dependency that is
somewhat incompatiblewith the input expectedby Ex-
erge. On the one hand, the functional dependencies
for Spanishinclude thematicrelationssuchas location
and instrument. Theserelationsare speci�ed directly
betweena verb and its object regardlessof the exis-
tenceof a preposition. In this aspect,Connexor's out-
put is deeperthan what Exerge expects. On the other
hand,somefeaturescloserto the surfaceform arekept
such as complex verb chainssignifying passivization.
Otherproblemswith parsingwith Connexor includeits
“over-parsing”of complex untranslatablealphanumeric
sequences,e.g.,documentreferencesin the UN corpus
such as AA.33.1.C.ii/1991, its failing to parsecertain
wordsaltogetherandits lack of handlingof emptycat-
egories(i.e. *trace* and*pro* ). Moreover, theset
of partsof speechandrelationshipnamesarenot consis-
tent with what Exerge expects(including the handling
of punctuationand conjunctions). For thesereasons,
the outputof Connexor is further processedto make it
Exerge-compatible.

The restof this sectionfocuseson four speci�c phe-
nomena:auxiliary verbchains,re�exive clitic “se”, de-
passivization and pro drop restoration. First, auxiliary
verb chainsare replacedwith the featuresthey specify
suchasperfect/progressive aspector passive voice. For
example,theauxiliary estarandtheverbpast-participle
featureare replacedwith the feature(:voice pas-
sive) . Featuresof auxiliariesarepassedto theparent.
A *pro* is addedin subjectposition if there is pro-
dropping. Although the auxiliary verb chain looks like
English,it needsto be processedsincethechainmakes
using subcategorizationframesimpossible. Moreover,
this is problematicto the later stepof structuralexpan-
sion.

Second,theSpanishre�exiveclitic “se” is usedto in-
dicatea variety of phenomenasuchaspassivization, or
emphasis(Garcia,1975; Maldonado,1988). In some
cases,the meaning is changedin a pragmatic non-
compositionalmanner. For exampleacordar is to agree
but acordarse is to remember. Caseswhere meaning
changeoccursareindicatedin thetranslationlexicon as
separateentriesfrom basicverbs. The re�exive clitic is
treatedin oneof two waysdependingon whetherthein-
�niti ve form of theverbappearsin thetranslationdictio-
narywith there�exiveclitic attached.



� If there�exiveform of theverbappears,theclitic is
attachedto theverb.

� Otherwise, the clitic is deleted and the feature
(:voice passive) is assignedto the main
verb.

Third, in pro-droplanguagessuchasSpanish,thesub-
ject pronounof a verbcanbedroppedbut is indicatedin
the morphologyof the verb. To ensurethat every verb
hasa subject,a placeholderfor thepro-droppedsubject
is added.

� If the verb has no subject and it is a child of
*root* , thena subject*pro* is addedwith the
verb's featuresfor numberandperson.

� If the verb hasno subjectand it is not a child of
*root* , then a subject*trace* is addedwith
theverb's featuresfor numberandperson.

Finally, verbs are fully depassivized as follows: if
a verb has the feature (:voice passive) , then
:subj is changedto :obj , :obj to :obj2 and
*pro* is addedas:subj .

4 Translation
The Spanish-Englishdictionary was constructedfrom
multiple resources:

1. Thelexiconof aSpanishKimmo-basedmorpholog-
ical analyzerthat containedEnglishglosses(Dorr,
1993).

2. Spanish-English word-lists from freedict.com,
spanish.about.comand the web site of the freely
availablemultilingualdictionaryErgane.1.

3. A Spanish-Englishword list of abbreviations ex-
tractedfrom a partof theUN parallelcorpus(none
of thetestingsetusedlaterwasincluded).

abandonar V abandon/desert/forsake/leave/quit
abandonar V cede/give_in/give_up/give_way/relinquish/yield
cesin N abandonment
abandonado AJ forlorn/abandoned/abandonee
abandonamiento N indulgence
abandono N renunciation/dereliction/failing
abdicacin N abandonment/job/task
deber V owe/should::AUX/must::AUX/have_to::AUX
desamparado AJ abandonee/helpless
desamparar V forsake/abandon
descontar V depreciate/reduce/abandon_ship/cash_up/derate
descuidar V abandon/neglect

tense:impf FEAT tense:past
tense:pret FEAT tense:past

Figure2: A Samplefrom the MatadorSpanish-English
Dictionary

The structureof the translationdictionary is a three-
column�le pairinga singleSpanishlexemewith a POS
and a forward-slashseparatedlist of English lexemes.
Componentsof multi-word wordsareseparatedwith an

1http://download.travlang.com/Ergane/

underscore(seeFigure 2). By default, a translationis
assumedto affect the lexical choice but not the POS
of the translatedword. If this is not the case,the new
POSis indicatedby following theglosswith themarker
“ :: ” (e.g. deberin Figure2). Featuresarespeci�ed as
<feature>:<value> pairs with the special“POS”
FEAT. In Figure2, theSpanishimperfecttensefeatureis
translatedastheEnglishpasttense.

Overall, the dictionary contains24,278spanishlex-
emeswith 50,606word-POS-glosstriples (about 1.86
glossper word-POSpair and2.08glossper word). Al-
most half of the entriesare nouns(48%). Adjectives
makeup20%andverbs18%.PropernounsandAdverbs
are4% and3% respectively. Thereareover 900 words
(3%) with unknown partof speech.

Translationis accomplishedthroughasimplewordre-
placementalgorithm. Matchingis doneusingthe word
andPOS.If theword-POSpair is notavailable,thetrans-
lationalgorithmattemptsto backoff to aunionof all the
translationsof theword for all availablepartsof speech.

5 Exerge: Expansive Rich Generation for
English

Exerge is a reusableGHMT generationcomponentfor
translatingfrom otherlanguagesinto English.

5.1 ExergeResources

Exergeutilizesthreesymbolicandtwo statisticalEnglish
resources. The symbolic resourcesinclude the word-
classlexicon, the categorial variationdatabase(Habash
andDorr, 2003)andthesyntacticthematiclinking map.
Statisticalresourcesincludea surfacen-grammodeland
a structuraln-grammodel.

The �rst of the symbolic resourcesis the word-
classlexicon, which de�nes verbsand prepositionsin
termsof their subcategorizationframesandlexical con-
ceptualprimitives. A single verb or prepositioncan
have multiple entries for eachof its senses. For ex-
ample, among other entries, ������� as in (

�
	��

��
��������

�������

������ �!��"$#&%�')(+*,#,-.#&/)0�*,#&12(30$46537

	

�98
�;:9��<=� ) is distinguished

from �9�!��> as in (
�
	��

� �;:9��<=�
�9��� ��" 4?12/)0�*,#&12(30$4 ). Second,

thecategorial-variationlexiconrelateswordsto theircat-
egorial variants.For example,

�

���A@B8���C ,
�

���A@D83��E and
�

�!�A@B�9FHG
I are clusteredtogether. So are J��

	

595�C and
�BJ��

	

5953K ; and 5+7
�DL

C and 537
�DL

E . Thethird symbolicre-
sourceis the syntactic-thematiclinking map,which re-
latessyntacticrelations(suchassubjectandobject)and
prepositionsto the thematicroles they canassign. For
example,while a subjectcantake on just aboutany the-
matic role, an indirect objectis typically a goal, source
or benefactor. Prepositionscanbemorespeci�c. For ex-
ample,toward typically marksa location or a goal, but
neverasource.

In addition to a surfaceuni- and bi-gram model of
English,a structuraln-gramlanguagemodel is usedin
Exerge. The structuraln-grammodelcharacterizesthe
relationshipbetweenwordsin a dependency representa-
tion of asentencewithout takinginto accounttheoverall
structureat the phraselevel. This model is very useful
for makinglexical selectionchoicesdependenton long
distancerelationsnotcapturedby surfacen-grammodel.



5.2 ExergeSub-modules
Exerge consistsof seven steps(Figure 1). The �rst
� ve are responsiblefor lexical and structuralselection
and the last two are responsiblefor linearization. Ini-
tially, the sourcelanguagesyntacticdependency, now
with target lexemes,is normalizedandrestructuredinto
a syntactico-thematicdependency format. The thematic
roles are then determinedin the thematiclinking step.
Thesyntax-thematiclinking is achievedthroughtheuse
of thematicgrids associatedwith English(verbal)head
nodestogetherwith thesyntactic-thematiclinking map.
Thisstepis a looselinking stepthatdoesnotenforcethe
subcategorization-frameorderingor prepositionspeci�-
cation. This loosenessis importantfor linking from un-
known non-Englishsubcategorizationframes.

This is followed by structuralexpansionwhich ex-
plorescon�ated and in�ated variationsof the thematic
dependency. Con�ation is handledby examining all
verb-argumentpairs( �A:9��
�� , � �3@ ) for con�atability. For
example, in John put salt on the butter, to put salt on
canbecon�atedasto salt but to put on butter cannotbe
con�ated into to butter. The thematicrelationbetween
theargumentandits headtogetherwith otherlexical se-
manticfeaturesconstrainthisstructuralexpansion.Head
Swappingis restrictedthrougha similar processthatex-
amineshead-modi�erpairsfor swappability. Thefourth
stepmapsthe thematicdependency to a targetsyntactic
dependency. Syntacticpositionsareassignedto thematic
rolesusingthe verb classsubcategorizationframesand
argumentcategoryspeci�cations.The�rst four stepsare
all symbolicallydriven.

The �fth stepis the �rst statisticalcomponentwhere
dependency bigramstatisticsareusedfor lexical selec-
tion. The input to this step is an ambiguoussyntac-
tic dependency andthe output is non-ambiguous.This
stepprunesambiguousnodesusingdependency bigram
statistics. The purposeof this step is to constrainthe
overgenerationof the previous stepsusing a language
modelthat is basedon structuralrelationsbetweenlex-
emes. This is different from the last step (Statistical
Ranking) in threeways: (1) it is structuralnot word-
order-based,(2) it is basedon lexemesnot �nal surface
forms,and(3) its effect is only seenon lexical selection
whereasthe n-gramstatisticalrankingdeterminesboth
lexical selectionandlinearization.

Next is the linearization step, where a rule-based
grammaris usedto createa word lattice that encodes
the differentpossiblerealizationsof the sentence.The
grammaris implementedusingthe linearizationengine
oxyGen(Habash,2000).Finally, theword latticeis con-
verted into a Halogen-compatibleforest to be ranked
with Halogen's Statistical Forest Ranker (Langkilde,
2000). Furtherdetailson generationin GHMT arepro-
videdin (Habash,2002)and(HabashandDorr, 2002).

6 Evaluation
Thissectionpresentsanevaluationof theperformanceof
Matadorasa completesystem.2 Thegoalof this evalua-
tion is to determinetheoutputquality androbustnessof

2Thedescriptionandresultsof several intrinsic evaluationsof spe-
ci�c Matadorcomponentswill bepresentedin separatepublication.

Matador. For purposesof comparison,four systemsare
evaluatedusingtestsetsfrom threecorporawith differ-
entgenre.

The evaluationmetric usedis Bleu (BiLingual Eval-
uation Understudy)(Papineniet al., 2001). Bleu is a
methodof automatictranslationevaluationthat is quick,
inexpensiveandlanguageindependent.TheBleuscoreis
basicallyanN-gramprecisionvariationcalculatedasthe
ratioof thenumberof N-gramsequencesin thegenerated
string thatappearin the reference(gold standard)string
to thetotalnumberof N-gramsequencesin thegenerated
string. Bleu is usedwith 1 to 4-gramsandwithout case
sensitivity.3

Foursystemsareevaluated:

� Gisting (GIST): This simpleapproachis basically
word-to-word translation(Resnik,1997). A dictio-
naryof 391,026Spanishsurfaceto Englishlexeme
pairsis usedwith a unigramlanguagemodelto re-
solve any ambiguity. This systemis consideredthe
baseline.

� Systran(SYST): This is a commercialTransfer-
based(purely symbolic) MT system. The ver-
sion usedis SystranSpanish-EnglishProfessional
edition with four translation glossaries(Politi-
cal Science, Military Science, Legal and Busi-
ness/Economics).4 Systran's Spanish-Englishhas
beendevelopedover several hundredperson-years
and is consideredhere the industry standardof
Spanish-EnglishMT.

� IBM Model 4 (IBM4): This is a primarily statis-
tical MT system(Brown et al., 1993). The trans-
lation model was trainedusing Giza (Al-Onaizan
et al., 1999) on 50,000Spanish-Englishsentence
pairs from the UN Spanish-Englishcorpus(Graff,
1994).Simpletokenizationwasusedandconsisted
of down-casingall wordsandseparatingall punc-
tuation marks. The languagemodel is built from
the English side of the training data in addition
to 450,000sentencesfrom the Englishsideof the
Arabic-EnglishUN corpus(Jinxi, 2002).Decoding
is doneusingISI ReWriteDecoder(Germannand
Marcu,2000).5

� Matador(MTDR): All of thesystem's modulesde-
scribedearlierareused.TheStructuraln-gramlan-
guagemodelwascreatedusing127,000parsedsen-
tencesfrom the EnglishUN corpuscovering over
3 million words. The modelis limited to bigrams.
The parsingwas done using Connexor's English
parser. SN-grampruning is usedonly for lexical
selectionwithin dependencies.The parametersfor
con�ation and in�ation are set to allow a maxi-
mum of 10 variantsper dependency. The surface
N-gramlanguagemodelusedin rankingis thesame
as that usedin the IBM4 systemdescribedabove.

3Throughoutthis paper, Bleu scoresare presentedmultiplied by
100.

4http://www.systransoft.com/
5Usingfastgreedydecoding,Model 4 translationandbigramslan-

guagemodeling.



TheHalogenrankingschemeusedis bigramswith
lengthnormalization.

Threeblind testsetsareevaluated:(1) 2,000sentences
from theUN Spanish-Englishcorpus(Graff, 1994); (2)
2,000sentencesfrom theFBISSpanish-Englishcorpus;6
and (3) 1,000sentencesfrom the Bible. EachSpanish
sentencehadoneEnglish(goldstandard)translationthat
wasusedasthe Bleu reference.The one-referencebe-
havior of Bleu is not optimal, but, unfortunately, there
arenoSpanish-to-multiple-Englishparallelcorporasim-
ilar to the Chinese-Englishmultiple translationcorpus
(LDC, 2002).

Thethreecorpora,UN, FBISandBible, wereselected
to cover a wide rangeof genreto examinethebehavior
of theevaluatedsystemsunderdifferentconditions.This
is importantsincepovertyof resourcesforcessystemsto
betrainedor built usingwhateverresourcesareavailable,
which maynot necessarilybethesameaswhatneedsto
be translated.The resultsof the overall evaluationare
shown in Table1 andFigure3.

The evaluation shows that although MTDR scores
lower thanIBM4 onthecorpuswhereall languagemod-
elsweretrained(UN), MTDR hasa higherdegreeof ro-
bustnessandscoreshigherwhentestedon text with new
genre(Bible). SYST andGIST are the bestandworst
respectively for all corpora.7

As for runtime, GIST was the fastest,�nishing all
2,000sentencesin the UN corpusin lessthan 16 sec-
onds. This is followed by SYST (90 seconds8), IBM4
(8,495seconds)and�nally MTDR (14,155seconds).9

The rest of this section comparesthe behavior of
MTDR againstIBM4 sinceSYST and GIST's perfor-
mancemake themexcellentupperandlower bounds—
score-wiseand also by the amountof work neededto
createthem. The result comparisonwill focuson four
aspectsof the output: lexical choice, information loss,
grammaticalityandtranslation-divergencehandling.

6.1 Lexical Choice

Oneproblemwith Bleuscoringwhenonly asinglerefer-
enceis usedis that lexical choicebecomesmoreimpor-
tant for evaluationthanothercriteria thataredependent
onthecorrectlexical choice.Forexample,thegeneration
of asynonym of aword in thecorrectrelativewordorder
to anotherwordscoreslessthanthecorrectlexical choice
for thetwo wordsin thewrongrelativeorder. Moreover,
all “incorrect” lexical choicesaretreatedequallyregard-
lessof how closeor differentthechosenwordsareto the
correctwords. Even morphologicallyrelatedwordsare
not consideredcorrect.

In the following example, the lexical choiceis dan-
gerouslymisleadingyet the samebasicword-mismatch
penaltyis applied:

6TheU.S.ForeignBroadcastInformationService(FBIS).
7All Systemsran successfullyon all sentencesexcept thatMTDR

failedon a total of 21 sentencesout of all 5,000(0.42%).Failurehap-
penedexclusively at thelaststage,in Halogenstatisticalranking.

8This runwasdoneon aPentium4 PCwith 1.7Ghzand512MB of
memory

9Exceptfor SYST, all othersystemsranonaSparcIII,with 750Mhz
and1GBof memory.

(6) SP:Seinstalaron tresnuevosmercadosrurales.
EN: Threenew ruralmarketswereestablished.
IBM4: mine�elds threenew rural markets.
MTDR: Threenew rural marketswereinstalled.

In example(6), theverbinstalar (establish)wastrans-
latedin IBM4 asmine�eld. The MTDR translation,in-
stall receiveapenaltyequalto thatreceivedby mine�eld.

This example, from the UN test data where IBM4
scoredhigh,exempli�es aninterestingpatternof behav-
ior in statisticalMT systems.IBM4 did eitherextremely
well or extremelypoorlyat lexical choice.In somecases
in the UN corpus,it generatedalmostperfectphrases,
which it most likely saw in the training data. Its per-
formancedeterioratedsigni�cantly in theothertwo test
sets.WhenIBM4 hadto dealwith a previously unseen
word or sequence,it randomlypickedwordsfor transla-
tion and,in somecases,dangerouslychangedthemean-
ing.

6.2 Inf ormation Loss
IBM4 consistentlylost partsof the translatedsentences.
Other systemsexperiencedoccasionalloss of informa-
tion, too, but not at the samerate. IBM4' s sentence
lengthis on average6% shorterthanthe gold standard.
SYSTandGIST bothare9% longerandMTDR is only
4% longer. The following is an exampleof typical loss
of informationin IBM4:

(7) SP:El dañocausadoal pueblodeSud́africa jamás
debesubestimarse.
EN: Thedamagecausedto thepeopleof his coun-
try shouldneverbeunderestimated.
IBM4: thedamagethepeopleof southmustnever
underestimated.
MTDR: Neverthecausadodamageto thepeopleof
SouthAfrica shouldbeunderestimated.

In this example, the words causado(caused)and
áfrica (Africa) do not appearat all in IBM4. MTDR
fails to translatecausadocorrectly, but it is generated
nonetheless.The missingprepositionto in IBM4 (the
damage the people) can causean erroneousreading
wherethepeoplearetheagentof underestimating.

6.3 Grammaticality
MTDR handlesthetranslationof linguistic featuressuch
astenseandpro-droprestorationmuchbetterthanIBM4
does. The following examplewasobserved in the UN
testset:

(8) SP: Sin embargo, no se suministró informacíon
concretarespectodeesoscasos.
EN: However, no speci�c informationon thecases
involvedwasprovided.
IBM4: however, notbeprovided speci�c informa-
tion on thosecases.
MTDR: Speci�c information was not provided
without embargoproportionof cases.

In example(8), two mistakesappearin IBM4: theaux-
iliary beis not conjugatedcorrectlyandthesubjectspe-
ci�c information appearsafter the verb ratherthan be-



Table1: OverallEvaluationResults
UN FBIS Bible

SYST 24.66+/- 1.09 20.39+/- 0.70 13.52+/- 0.8
IBM4 24.78+/- 1.21 11.76+/- 0.55 4.71+/- 0.66
MTDR 18.01+/- 1.00 10.42+/- 0.57 7.29+/- 0.83
GIST 8.17+/- 0.81 3.40+/- 0.61 2.40+/- 0.50

Figure3: OverallEvaluationResults

fore it. In this caseIBM4 wasableto translatethecom-
plex Spanishpassive verb into a passive English verb,
but not moving the subjectcancausea misunderstand-
ing of whetherspeci�c informationis really the subject
or objectof theverbprovide.

AlthoughIBM4 producedbetterlexical choice,theun-
grammaticalnatureof thesentencestructurecanmislead
readersaboutits content.

Bleu cannotcapturesyntacticlong rangephenomena
that are spreadover more than a 4-gram. To measure
the “grammaticality” of the different systems'output,
samplesof 100sentencesfrom eachthethreetestedcor-
poraandtheirgoldstandardreferenceswereparsedusing
Connexor's Englishparser. The Spanishinput wasalso
parsedusingConnexor'sSpanishparser. Thegoalof this
experimentis to determinethe correctnessof the tested
systemsoutputusingparserdecisions.Differentoutputs
can be correct translationsyet have radically different
parses.Therefore,two speci�c phenomenathat canbe
easilyevaluatedandthatre�ect complex longrangepars-
ing choicesarefocusedon: verbdeterminationandpro-
droprestoration.

6.3.1 Verb Determination
Determiningthat a word is a verb dependson satisfy-
ing subcategorizationspeci�cationsof thatverb,suchas
presenceof subjectandobject,etc.Thenumberof words
persentenceobservedasverbsis calculatedfor all sam-
plesentences(seeTable2).

Table2 highlights the fact that the numberof words
observedasverbsin IBM4 sentencesis radicallysmaller

Table2: VerbsPerSentence
UN FBIS Bible

English 1.37 2.07 2.14
Spanish 1.49 2.10 2.23
GIST 1.72 2.25 2.08
IBM4 1.31 1.61 1.33
SYST 1.56 2.11 2.05
MTDR 1.46 2.08 2.20

thanall othersystemsandthegoldstandard.It is anout-
lier for all threetestsetsbeingon average77% smaller
thanthenext closestvalue.This is eventruefor theUN
and FBIS test setswhere IBM4 scoreda higher Bleu
scorethanMTDR. This implies that sentencestructure
in IBM4 is consistentlyungrammaticalto a highdegree.

6.3.2 Pro-drop Restoration
The restorationof droppedsubjectswhen translating
from languageslike Spanishto English is very impor-
tant to translationcorrectness.To determinehow well
thedifferentsystemsaccomplishedthis task,theratio of
“realizedsubjects”to all verbsis calculated.A subject
is anargumentwith a :subj relationto a parentwith a
partof speechV. A realizedsubjectis asubjectthatis not
*pro* or *trace* . Theresultsareshown in Table3.

The�rst two rowsin Table3 highlight thestarkdiffer-
encein subjectrealizationbetweenEnglishandSpanish.
Lessthan30%of Englishsubjectsarenot realized.Ex-
amplesincludesubjectsappearingin subordinateclauses



Table3: Percentageof RealizedSubjects
UN FBIS Bible

English 70.07% 75.84% 76.17%
Spanish 31.54% 36.19% 34.53%
GIST 41.86% 41.78% 41.83%
IBM4 55.73% 54.04% 51.13%
SYST 69.23% 72.99% 77.56%
MTDR 70.55% 68.75% 75.91%

Table4: Handlingof TranslationDivergencesin MTDR
andIBM4

Incorr ect Possible Corr ect
IBM4 13(32.5%) 14 (35%) 13 (32.5%)
MTDR 11(27.5%) 16 (40%) 13 (32.5%)

as*trace* : I want to (*tr ace*=I graduate). Theper-
centageof realizedsubjectsin theoutputof MTDR and
SYST is consistentwith that of the English gold stan-
dard. GIST's output,aswould be expected,is closerto
Spanish.The outputof IBM4 is quite in the middle of
thespectrum,which suggestssomeamountof pro-drop
restorationbut only50%of thetime. Thislastpercentage
is calculatedastheratioof thedifferencebetweenIBM4
andSpanishoverthedifferencebetweentheEnglishgold
standardandSpanish.

6.4 Translation Divergences

A sampleof size100sentenceswasextractedrandomly
from theUN Corpusto determinehow differentsystems
handleddivergences. In this sampleset, 40 casesof
divergenceswere identi�ed. Forty percentof thesedi-
vergencesneededpragmaticknowledge. For example,
ofercer posibilidadesde comercializacion (offer possi-
bilities for commercialization) is translatedas be mar-
ketable; andtratar deestablecerla paz(try to establish
peace)is translatedasto seekpeace. Therestarein prin-
cipleresolveablein Matador, but BleugaveMTDR credit
for four casesand it gave IBM4 credit for 7 cases. In
many cases,Matadorwasunableto producethecorrect
outputor a variantof it dueto failuresin differentcom-
ponents.

If problemswith syntaxor semantically-relatedlexical
choiceareignored,it is possibleto classifythehandling
of translationdivergencesinto three broad categories:
correct,possibleandincorrect. Correctlyhandledcases
arethosein which a perfectmatchor a slightly different
matchis found. For example,the generationof should
wherethereferencegoldstandardchoosesmustis essen-
tially correctalthoughno Bleu credit is given. Possible
casesare thoseperfectlyunderstoodcasesin which no
divergencehandlingtakesplaceor adifferentkind of di-
vergencehandlingtakesplace.For example,onesystem
generatedto be objectof attentioninsteadof the refer-
ence's to receiveattention. Finally, incorrectcasesare
totally wrongcasesthatarenot understandable.For ex-
ample,the outputthis is not dablecontainsan untrans-
latedSpanishword (dablemeaningpossible). Therefer-
encetranslationis this is impossible.

Table4 displaysthe numberof divergencecasesthat
fall in eachof thesethreecategoriesfor both IBM4 and
MTDR. The classi�cation was done by one bilingual
speaker of EnglishandSpanish.The resultsshow that
in termsof divergencehandling,MTDR andIBM4 have
a comparableoverallperformance.

Thereare instanceswhereMatadorproducedodd or
incorrectoutputdueto inappropriateover-expansions.In
thefollowing example,destroy totally is incorrectlycon-
�ated into total C :

(9) SP:Además,destruyó totalmente suscultivos de
subsistencia...
EN: It hadtotally destroyed Samoa's staplecrops
...
IBM4: furthermore, destroyed completely their
cropssubsistence...
MTDR: Furthermore,it totalled their cultivations
of subsistence...

This error resultedfrom a wrong entry in the Catvar
databaselinking theadverbtotally to theverbtotal.

7 Conclusionsand Future Work
This paperhas presentedMatador, a Spanish-English
Generation-Heavy Hybrid MachineTranslationsystem.
An extensive evaluationof Matadorshows it to have a
higherdegreeof robustnessandsuperioroutputquality,
in termsof grammaticalityandaccuracy, whencompared
to a primarily statisticalapproachthatrequiresa parallel
corpus.

Futurework includesimproving thequality of differ-
entcomponentssuchasthecategorialvariationdatabase.
Additionally, a Chinese-EnglishGHMT that reuses
the Exerge componentof Matador is currently under-
developmentand an Arabic-English version is being
planned.Finally, a humantranslation-qualityevaluation
is plannedto addresssomeof the issuesassociatedwith
automaticevaluationtechniques.
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