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Abstract

This paperdescribesandevaluatesMatador animplementedarge-scaleSpanish-EnglisMT systenbuilt in the Generation-Hegy
Hybrid MachineTranslation(GHMT) approachAn extensie evaluationshavs thatMatadorhasa higherdegreeof robustnesand

superioroutputquality, in termsof grammaticalityandaccurag, whencomparedo a primarily statisticalapproach.

1 Intr oduction

This paperdescribesand evaluatesMatador an imple-
mented large-scaleSpanish-EnglishMT system built
in the Generation-Heay Hybrid Machine Translation
(GHMT) approachntroducedn (Habash2002;Habash
andDorr, 2002). GHMT is anasymmetricahybrid ap-
proachthat addressethe issueof MT resourcepoverty
in source-poor/tayet-richlanguagepairs by exploiting

symbolicandstatisticaltarget-languag€TL) resources.

Expectedsource-languagésL) resourcesncludea syn-
tactic parserand a simple one-to-mawy translationdic-

tionary. No transferrulesor complex interlingual rep-
resentationareused.Rich TL symbolicresourcesuch
asword lexical semanticscategorial variationsandsub-
catgyorizationframesare usedto overgeneratamultiple

structuralvariationsfrom a TL-glossedsyntacticdepen-
deng representatiorof SL sentences. This symbolic
overgenerationaccountsfor possibletranslationdiver-

gencescasesvheretheunderlyingconcepbr “gist” of a
sentencaés distributeddifferentlyin two languagesuch
asto put butter andto butter (Dorr, 1993). The overgen-
erationis constrainedy multiple statisticalTL models
including surfacen-gramsand structuraln-grams. The
source-taget asymmetryof systemsdevelopedin this
approachmakes them more easily retagetableto new

sourcelanguagegprovided a SL parserandtranslation
dictionary).

An evaluationof Matadors translationquality is con-
ductedusingtheIBM Bleumetric(Papinenietal.,2001)
and comparingagainstthree systems—simpleagisting,
primarily statistical(IBM Model4) andpurely symbolic
(Systran)—woer three corpora (UN, FBIS and Bible).
The evaluation shavs that although Matador scores
lower than IBM Model 4 on the corpuswhereall lan-
guagemodelsweretrained(UN), Matadorhasa higher
degreeof robustnessand scoreshigher whentestedon
text with new genre(Bible). Additionally, the evaluation
shaws that Matadors outputquality, in termsof gram-
maticalityandaccurag, is superiorto IBM Model 4.

The next sectionis an overview of Matador This is
followed by three sectionscorrespondingo the three
phase®f GHMT: Analysis, TranslationandGeneration,
respectiely. And nally Section6 present@anextensive
evaluationof Matador

2 Overview of Matador

Figurel describeghedifferentcomponent®f Matador
TherearethreephasesAnalysis, TranslatiorandGener
ation. Thelastphaseas markedasEXERGE— EXpan-
sivE Rich Generatiorfor English— a SL-independent
generationmodule for English. Thesethree phases
are very similar to other paradigmsof MT: Analysis-
TransferGeneratioror Analysis-Interlingua-Generation
(Dorr et al., 1999). However, thesephasesare not
symmetric. Analysis relies only on the Spanishsen-
tenceparsingandis independenof Englishgeneration.
The outputof Analysisis a deepsyntacticdependeng
that normalizesover syntacticphenomenauchas pas-
sivizationandmorphologicalexpression®f tense num-
ber, etc. Translationcorvertsthe Spanishlexemesinto
bags of English lexemes. The dependeng structure
of the Spanishis maintained. The last phase,Gener
ation, is where most of the work is done to manipu-
late the input lexically andstructurallyand produceEn-
glish sequencesThe generatiorresourcesredescribed
next followed by an explanationof the generationsub-
modules.

For example the Spanistsentencélaria pusola man-
tequilla en el pan (Mary put the butter on the bread)is
analyzedo producea dependengtree,arepresentation
describinghesyntacticrelationsamongthewordsin the
sentence:

(1) (puso :subj Maria
:0bj (mantequilla :mod la)
:mod (en :obj (pan :mod el)))

This dependeng tree speci esthat Maria is the sub-
ject of the verb pusoandthat mantequillais the object.
In the translationstep,eachof the Spanishwordsin the
dependengtreearemappednto 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-
pansvely createdisinglexical semantianformationand
other English-speci cheary resources. The following
areonly afew of thesevariants:
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Figurel: Matador:Spanish-EnglisiGeneration-Heay 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 examplesshaow little differencein struc-
turefrom the Spanishstructuran (2), but thelasttwo are
muchdifferent.In thelinearizationstep,the dependeng
treesin (3) arecorvertedinto aword latticecompressing
multiple possiblesentences:

(4) (OR (SEQ Maria (OR puts put) the (OR butter

bilberry) (OR on into)

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

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

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

Thesedifferent sequencesre then ranked using a
statisticallanguagemodel. The overgeneratedrariants
scorehigherthandirectword translationsg.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-shelfcomponentsnamely
the Connexor Spanishparserfor analysis(Tapanainen
andJarvinen,1997)andthe HalogenForestRanler for
surfaceN-gramranking (in Exerge) (Langkilde, 2000).
All othercomponentsvere createdor extractedas part
of thisresearchAn online-demaf Matadoris available
athttp://clipdemos.umiacs.umd.efduataar/.

3 Analysis

Spanishanalysisn Matadorutilizesthe Connexor parser
(TapanainerandJarvinen,1997),a symbolically driven

systembasedon ConstraintGrammar(Karlsson,1990).
Conneor's output is a functional dependeng that is
somavhatincompatiblewith the input expectedby Ex-
erge. On the one hand, the functional dependencies
for Spanishinclude thematicrelationssuchaslocation
and instrument. Theserelationsare speci ed directly
betweena verb and its object regardlessof the exis-
tenceof a preposition. In this aspect,Conneor's out-
put is deeperthan what Exerge expects. On the other
hand,somefeaturescloserto the surfaceform are kept
such as complex verb chainssignifying passvization.
Otherproblemswith parsingwith Connexor includeits
“over-parsing” of complex untranslatablelphanumeric
sequences.g.,documentreferencesn the UN corpus
suchas AA.33.1.C.ii/1991 its failing to parsecertain
wordsaltogetherandits lack of handlingof empty cat-
egories(i.e. *trace* and*pro* ). Moreover, the set
of partsof speectandrelationshipnamesarenot consis-

(OR bread loaf)) tent with what Exerge expects(including the handling

of punctuationand conjunctions). For thesereasons,

loaf)) the outputof Connexor is further processedo make it

Exerge-compatible.

The restof this sectionfocuseson four speci ¢ phe-
nomena:auxiliary verb chains,re exive clitic “se”, de-
passvization and pro drop restoration. First, auxiliary
verb chainsare replacedwith the featuresthey specify
suchasperfect/progresse aspector passve voice. For
example,the auxiliary estarandthe verb past-participle
featureare replacedwith the feature(;voice pas-
sive) . Featureof auxiliariesarepassedo the parent.
A *pro* is addedin subjectpositionif thereis pro-
dropping. Although the auxiliary verb chainlooks like
English,it needsto be processedincethe chainmakes
using subcatgorizationframesimpossible. Moreover,
this is problematicto the later stepof structuralexpan-
sion.

Secondthe Spanistre exive clitic “se” is usedto in-
dicatea variety of phenomenauchas passvization, or
emphasigGarcia, 1975; Maldonado,1988). In some
cases,the meaningis changedin a pragmatic non-
compositionalmanner For exampleacordar is to agree
but acoarse is to remember Caseswhere meaning
changeoccursareindicatedin the translationlexicon as
separatentriesfrom basicverbs. The re exive clitic is
treatedn oneof two waysdependingon whetherthein-

niti ve form of theverbappearsn thetranslationdictio-
narywith there exiveclitic attached.



If there exiveform of theverbappearstheclitic is
attachedo theverh

Otherwise, the clitic is deleted and the feature
(:voice passive) is assignedto the main
verh

Third, in pro-droplanguagesuchasSpanishthesub-
jectpronounof averbcanbedroppedbut is indicatedin
the morphologyof the verh To ensurethat every verb
hasa subject,a placeholderfor the pro-droppedsubject
is added.

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

If the verb hasno subjectandit is not a child of
*root* , thena subject*trace* is addedwith
theverb'sfeaturesfor numberandperson.

Finally, verbs are fully depassiized as follows: if

a verb has the feature (:voice passive) , then
:subj is changedto :obj , :0bj to :obj2 and
*pro* is addedas:subj

4 Translation

The Spanish-Englistdictionary was constructedfrom
multiple resources:

1. Thelexiconof a SpanistKimmo-basednorpholog-
ical analyzerthat containedenglishglosseqDorr,
1993).

2. Spanish-English word-lists from freedict.com
spanish.about.comand the web site of the freely
availablemultilingual dictionaryErgane’.

3. A Spanish-Englistword list of abbreviations ex-
tractedfrom a partof the UN 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 translationdictionaryis a three-
column le pairinga single SpanisHexemewith a POS
and a forward-slashseparatedist of English lexemes.
Component®f multi-word wordsareseparatedvith an

Ihttp://davnload.tralang com/Egang

underscorgseeFigure 2). By default, a translationis
assumedo affect the lexical choice but not the POS
of the translatedword. If this is not the case,the new
POSis indicatedby following the glosswith the marker
“:1 7 (e.g. deberin Figure?2). Featuresarespeci ed as
<feature>:<value> pairs with the special“POS”
FEAT. In Figure2, the Spanisiimperfecttensefeatureis
translatedasthe Englishpasttense.

Overall, the dictionary contains24,278 spanishlex-
emeswith 50,606 word-POS-glosgriples (about 1.86
glossperword-POSpair and2.08 glossperword). Al-
most half of the entriesare nouns(48%). Adjectives
make up 20%andverbs18%. PropemounsandAdverbs
are 4% and 3% respectiely. Thereare over 900 words
(3%) with unknawvn partof speech.

Translations accomplishedhroughasimpleword re-
placementlgorithm. Matchingis doneusing the word
andPOS.If theword-POSpairis notavailable,thetrans-
lation algorithmattemptgo backoff to aunionof all the
translationf theword for all availablepartsof speech.

5 Exerge: Expansive Rich Generationfor
English

Exerge is a reusableGHMT generationcomponentor
translatingrom otherlanguagento English.

5.1 ExergeResources

Exergeutilizesthreesymbolicandtwo statisticalEnglish
resources. The symbolic resourcesnclude the word-
classlexicon, the categorial variation databas€Habash
andDorr, 2003)andthe syntacticthematiclinking map.
Statisticalresourcedncludea surfacen-grammodeland
astructuraln-grammodel.

The rst of the symbolic resourcesis the word-
classlexicon, which de nes verbsand prepositionsin
termsof their subcatgorizationframesandlexical con-
ceptual primitives. A single verb or prepositioncan
have multiple entriesfor eachof its senses. For ex-
ample, among other entries, asin (

) is distinguished
from asin ( ). Second,
thecategorial-variationlexiconrelateswordsto their cat-
egorial variants. For example, , and

are clusteredtogether So are and
; and and . Thethird symbolicre-
sourceis the syntactic-thematidinking map, which re-
latessyntacticrelations(suchassubjectandobject)and
prepositiongo the thematicrolesthey canassign. For
example,while a subjectcantake on just aboutary the-
maticrole, anindirect objectis typically a goal, source
or benefactor Prepositionganbemorespeci c. For ex-
ample,toward typically marksa location or a goal, but
neverasouice

In addition to a surface uni- and bi-gram model of
English, a structuraln-gramlanguagemodelis usedin
Exerge. The structuraln-grammodel characterizeshe
relationshipbetweenwordsin a dependengrepresenta-
tion of asentencevithouttakinginto accountheoverall
structureat the phraselevel. This modelis very useful
for makinglexical selectionchoicesdependenbn long
distancerelationsnot capturedby surfacen-grammaodel.



5.2 ExergeSub-modules

Exerge consistsof seven steps(Figure 1). The rst

ve are responsiblefor lexical and structuralselection
andthe last two are responsiblefor linearization. Ini-
tially, the sourcelanguagesyntacticdependeng now
with targetlexemes,s normalizedandrestructurednto
a syntactico-thematidependeng format. The thematic
roles are then determinedn the thematiclinking step.
The syntax-thematidinking is achievedthroughthe use
of thematicgrids associatedvith English (verbal) head
nodestogethemwith the syntactic-thematidinking map.
This stepis alooselinking stepthatdoesnot enforcethe
subcatgorization-frameorderingor prepositionspeci -
cation. This loosenesss importantfor linking from un-
known non-Englishsubcatgorizationframes.

This is followed by structuralexpansionwhich ex-
plorescon ated andin ated variationsof the thematic
dependeng Con ation is handledby examining all
verb-agumentpairs ( , ) for con atability. For
example, in John put salt on the butter, to put salt on
canbecon ated asto salt but to put on butter cannotbe
con ated into to butter. The thematicrelationbetween
theargumentandits headtogethemwith otherlexical se-
manticfeaturesconstrairthis structuralexpansionHead
Swappingis restrictedthrougha similar procesghatex-
amineshead-modi erpairsfor swappability Thefourth
stepmapsthe thematicdependengto a target syntactic
dependeng Syntactigpositionsareassignedo thematic
rolesusingthe verb classsubcatgorizationframesand
argumentcategyory speci cations.The rst four stepsare
all symbolicallydriven.

The fth stepis the rst statisticalcomponentwvhere
dependeng bigram statisticsare usedfor lexical selec-
tion. The input to this stepis an ambiguoussyntac-
tic dependeng andthe outputis non-ambiguous.This
stepprunesambiguousodesusingdependeng bigram
statistics. The purposeof this stepis to constrainthe
overgenerationof the previous stepsusing a language
modelthatis basedon structuralrelationsbetweenex-
emes. This is different from the last step (Statistical
Ranking)in threeways: (1) it is structuralnot word-
orderbased(?) it is basedon lexemesnot nal surface
forms,and(3) its effectis only seenon lexical selection
whereasthe n-gram statisticalranking determinesoth
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(Habash2000).Finally, theword latticeis con-
verted into a Halogen-compatibldorest to be ranked
with Halogens Statistical Forest Ranker (Langkilde,
2000). Furtherdetailson generationin GHMT are pro-
videdin (Habash2002)and(HabashandDorr, 2002).

6 Evaluation

Thissectionpresent&nevaluationof theperformancef
Matadorasa completesysten? Thegoalof this evalua-
tion is to determinethe outputquality androbustnesof

2Thedescriptionandresultsof severalintrinsic evaluationsof spe-
ci ¢ Matadorcomponentsvill be presentedn separateublication.

Matador For purposef comparisonfour systemsare
evaluatedusingtestsetsfrom threecorporawith differ-
entgenre.

The evaluationmetric usedis Bleu (BiLingual Eval-
uation Understudy)(Papineniet al., 2001). Bleu is a
methodof automaticdranslationevaluationthatis quick,
inexpensveandlanguagendependentTheBleuscoreis
basicallyanN-gramprecisionvariationcalculatedasthe
ratio of thenumberof N-gramsequenceis thegenerated
stringthatappeaiin the referencggold standard)string
to thetotal numberof N-gramsequencei thegenerated
string. Bleu is usedwith 1 to 4-gramsandwithout case
sensitvity.3

Four systemsareevaluated:

Gisting (GIST): This simple approachis basically
word-to-word translation(Resnik,1997). A dictio-
nary of 391,026Spanishsurfaceto Englishlexeme
pairsis usedwith a unigramlanguagenodelto re-
solve ary ambiguity This systemis consideredhe
baseline.

Systran(SYST): This is a commercial Transfer
based(purely symbolic) MT system. The ver
sion usedis SystranSpanish-EnglisiProfessional
edition with four translation glossaries (Politi-
cal Science, Military Science, Legal and Busi-
ness/Economics). Systrans Spanish-Englisthas
beendevelopedover several hundredperson-years
and is consideredhere the industry standardof
Spanish-EnglisiMT.

IBM Model 4 (IBM4): This is a primarily statis-
tical MT system(Brown et al., 1993). The trans-
lation model was trained using Giza (Al-Onaizan
et al., 1999) on 50,000 Spanish-Englistsentence
pairsfrom the UN Spanish-Engliskcorpus(Graff,
1994). Simpletokenizationwasusedandconsisted
of down-casingall words and separatingall punc-
tuation marks. The languagemodelis built from
the English side of the training datain addition
to 450,000sentencedrom the Englishside of the
Arabic-EnglishUN corpus(Jinxi, 2002).Decoding
is doneusing S| ReWrite Decoder(Germannand

Marcu,2000)°

Matador(MTDR): All of the systems modulesde-
scribedearlierareused.The Structuraln-gramlan-
guagemodelwascreatedising127,000parsedsen-
tencesfrom the English UN corpuscovering over
3 million words. The modelis limited to bigrams.
The parsingwas done using Conneor's English
parser SN-grampruningis usedonly for lexical
selectionwithin dependenciesThe parametergor
con ation and in ation are setto allow a maxi-
mum of 10 variantsper dependeng The surface
N-gramlanguagemodelusedin rankingis thesame
asthat usedin the IBM4 systemdescribedabove.

3Throughoutthis paper Bleu scoresare presentedmultiplied by
100.

“http://wwwsystransoft.com/

SUsingfastgreedydecoding Model 4 translationandbigramslan-
guagemodeling.



The Halogenrankingschemeusedis bigramswith
lengthnormalization.

Threeblind testsetsareevaluated:(1) 2,000sentences
from the UN Spanish-Englisitorpus(Graff, 1994);(2)
2,000sentenceffom the FBIS Spanish-Engliskorpus®
and (3) 1,000sentence$rom the Bible. EachSpanish
sentencéadoneEnglish(gold standardjranslatiorthat
was usedasthe Bleu reference. The one-referencde-
havior of Bleu is not optimal, but, unfortunately there
areno Spanish-to-multiple-Englisparallelcorporasim-
ilar to the Chinese-Englishmultiple translationcorpus
(LDC, 2002).

ThethreecorporaUN, FBIS andBible, wereselected
to cover a wide rangeof genreto examinethe behaior
of theevaluatedsystemaunderdifferentconditions.This
is importantsincepoverty of resource$orcessystemso
betrainedor built usingwhateverresourcesreavailable,
which may not necessariljpethe sameaswhatneedgo
be translated. The resultsof the overall evaluationare
shavn in Table1 andFigure3.

The evaluation shavs that although MTDR scores
lowerthanIBM4 onthe corpuswhereall languagemod-
elsweretrained(UN), MTDR hasa higherdegreeof ro-
bustnessandscoreshigherwhentestedon text with new
genre(Bible). SYST and GIST are the bestand worst
respectiely for all corpora’

As for runtime, GIST was the fastest, nishing all
2,000 sentencedn the UN corpusin lessthan 16 sec-
onds. This is followed by SYST (90 second®), IBM4
(8,495secondsand nally MTDR (14,155seconds?.

The rest of this section comparesthe behaior of
MTDR againstIBM4 since SYST and GIST's perfor
mancemake them excellentupperand lower bounds—
score-wiseand also by the amountof work neededto
createthem. The resultcomparisorwill focuson four
aspectf the output: lexical choice,informationloss,
grammaticalityandtranslation-diergencenandling.

6.1 Lexical Choice

Oneproblemwith Bleu scoringwhenonly asinglerefer
enceis usedis thatlexical choicebecomesnoreimpor-
tantfor evaluationthanothercriteriathataredependent
onthecorrectexical choice.For example thegeneration
of asynorym of awordin thecorrectrelative word order
to anothemword scoredessthanthecorrectlexical choice
for thetwo wordsin thewrongrelative ordet Moreover,
all “incorrect” lexical choicesaretreatedequallyregard-
lessof how closeor differentthechoserwordsareto the
correctwords. Even morphologicallyrelatedwords are
notconsidereatorrect.

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

6TheU.S.ForeignBroadcastnformationService(FBIS).

7All Systemgran successfullyon all sentencesxceptthat MTDR
failedon atotal of 21 sentencesut of all 5,000(0.42%). Failure hap-
penedexclusively atthelaststagejn Halogenstatisticalranking.

8This runwasdoneon a Pentium4 PCwith 1.7Ghzand512MB of
memory

9Exceptfor SYST, all othersystemsanonaSparclll,with 750Mhz
and1GB of memory

(6) SP:Seinstalarontresnuevosmercadosurales.
EN: Threenew rural marketswereestablished
IBM4: mine elds threenew rural markets.
MTDR: Threenew rural marketswereinstalled.

In example(6), theverbinstalar (establishwastrans-
latedin IBM4 asmine eld. The MTDR translation,in-
stall receve apenaltyequalto thatrecevedby mine eld.

This example, from the UN test data where IBM4
scoredhigh, exempli es aninterestingpatternof beha-
ior in statisticalMT systemslBM4 did eitherextremely
well or extremelypoorly atlexical choice.ln somecases
in the UN corpus,it generatedcalmostperfectphrases,
which it mostlikely sav in the training data. Its per
formancedeterioratedsigni cantly in the othertwo test
sets.WhenIBM4 hadto dealwith a previously unseen
word or sequenceit randomlypickedwordsfor transla-
tion and,in somecasesdangerouslhangedhe mean-

ing.
6.2 Information Loss

IBM4 consistentlylost partsof the translatedsentences.
Other systemsexperiencedoccasionaloss 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 daio causadoal pueblode Sudafrica jamas
debesubestimarse.
EN: Thedamagecausedto the peopleof his coun-
try shouldnever beunderestimated.
IBM4: the damagethe peopleof southmustnever
underestimated
MTDR: Neverthecausadodamageo the peopleof
SouthAfrica shouldbe underestimated.

In this example, the words causado(caused)and
africa (Africa) do not appearat all in IBM4. MTDR
fails to translatecausadocorrectly but it is generated
nonetheless.The missing prepositionto in IBM4 (the
damaye the peopl§ can causean erroneousreading
wherethe peoplearethe agentof undeestimating

6.3 Grammaticality

MTDR handleghetranslationof linguistic featuressuch
astenseandpro-droprestoratiormuchbetterthan|BM4
does. The following examplewas obsened in the UN
testset:

(8) SP: Sin embago, no se suministré informacion
concretaespectale esoscasos.
EN: However, no speci c informationon the cases
involvedwas provided.
IBM4: however, notbe provided speci ¢ informa-
tion onthosecases
MTDR: Speci ¢ information was not provided
withoutembago proportionof cases.

In example(8), two mistakesappeain IBM4: theaux-
iliary beis not conjugatectorrectlyandthe subjectspe-
ci ¢ information appearsafter the verb ratherthan be-



Tablel: Overall EvaluationResults
N

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: Overall EvaluationResults

foreit. In this caselBM4 wasableto translatehe com-
plex Spanishpassie verb into a passie English verb,
but not moving the subjectcan causea misunderstand-
ing of whetherspeci c informationis really the subject
or objectof theverbprovide

AlthoughIBM4 producedetterexical choice theun-
grammaticahatureof thesentencastructurecanmislead
readersaboutits content.

Bleu cannotcapturesyntacticlong rangephenomena
that are spreadover more than a 4-gram. To measure
the “grammaticality” of the different systems'output,
samplef 100sentencefrom eachthethreetestedcor-
poraandtheirgold standardeferencesvereparsedising
Conneor's Englishparser The Spanishinput wasalso
parsedusingConneor's Spanistparser Thegoalof this
experimentis to determinethe correctnes®f the tested
systemoutputusing parserdecisions Differentoutputs
can be correcttranslationsyet have radically different
parses. Therefore,two speci ¢ phenomendhat canbe
easilyevaluatedandthatre ect comple longrangepars-
ing choicesarefocusedon: verbdeterminatiorandpro-
droprestoration.

6.3.1 Verb Determination

Determiningthat a word is a verb dependson satisfy-
ing subcatgorizationspeci cationsof thatverb,suchas
presencef subjectandobject,etc. Thenumberof words
persentenc@bsenedasverbsis calculatedor all sam-
ple sentenceéseeTable?2).

Table 2 highlightsthe fact that the numberof words
obsenedasverbsin IBM4 sentences 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 othersystemsandthegold standardlt is anout-
lier for all threetestsetsbeingon average77% smaller
thanthe next closestvalue. Thisis eventruefor the UN
and FBIS test setswhere IBM4 scoreda higher Bleu
scorethan MTDR. This implies that sentencestructure
in IBM4 is consistentiyungrammaticalo a high degree.

6.3.2 Pro-drop Restoration

The restorationof dropped subjectswhen translating
from languagedike Spanishto Englishis very impor-
tant to translationcorrectness.To determinehow well
thedifferentsystemsaccomplishedhis task,theratio of
“realized subjects”to all verbsis calculated.A subject
is anargumentwith a:subj relationto a parentwith a
partof speechV. A realizedsubjectis asubjecthatis not
*pro* or*trace* . Theresultsareshovnin Table3.
The rst two rowsin Table3 highlightthe starkdiffer-
encein subjectrealizationbetweerEnglishandSpanish.
Lessthan30% of Englishsubjectsarenot realized. Ex-
amplesncludesubjectsappearingn subordinatelauses



Table3: Percentagef 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 TranslationDivergencesn MTDR

and|BM4
Incorr ect Possible Correct
IBMZ 13(32.5%) | 14 (35%) 13 (32.5%)
MTDR 11(27.5%) | 16(40%) 13(32.5%)
as*trace* : | wantto (*trace*=I graduate) The per

centageof realizedsubjectdn the outputof 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
the spectrumwhich suggestsomeamountof pro-drop
restoratiorbut only 50%of thetime. Thislastpercentage
is calculatedastheratio of the differencebetweeriBM4
andSpanishoverthedifferencebetweernthe Englishgold
standarcandSpanish.

6.4 Translation Divergences

A sampleof size 100 sentencesvasextractedrandomly
from the UN Corpusto determinenow differentsystems
handleddivergences. In this sampleset, 40 casesof
divergenceswereidenti ed. Forty percentof thesedi-
vergencesneededpragmaticknowledge. For example,
ofercer posibilidadesde comercializacion (offer possi-
bilities for commecialization) is translatedas be mar
ketable andtratar de estableceta paz(try to establish
peace)s translatedsto seekpeace Therestarein prin-
cipleresoleablein Matador but Bleugave MTDR credit
for four casesandit gave IBM4 creditfor 7 cases.In
mary casesMatadorwasunableto producethe correct
outputor a variantof it dueto failuresin differentcom-
ponents.

If problemswith syntaxor semantically-relatetxical
choiceareignored,it is possibleto classifythe handling
of translationdivergencesinto three broad categories:
correct,possibleandincorrect. Correctlyhandledcases
arethosein which a perfectmatchor a slightly different
matchis found. For example,the generatiorof should
wherethereferencegold standardchoosesnustis essen-
tially correctalthoughno Bleu creditis given. Possible
casesarethoseperfectly understoodccasesn which no
divergencehandlingtakesplaceor a differentkind of di-
vergencehandlingtakesplace.For example,onesystem
generatedo be objectof attentioninsteadof the refer
ences to receiveattention Finally, incorrectcasesare
totally wrong caseghatarenot understandabler-or ex-
ample,the outputthis is not dable containsan untrans-
lated Spanishword (dablemeaningpossiblg. Therefer
encetranslationis this is impossible

Table 4 displaysthe numberof divergencecaseghat
fall in eachof thesethreecategoriesfor bothIBM4 and
MTDR. The classi cation was done by one bilingual
spealer of Englishand Spanish. The resultsshowv that
in termsof divergencehandling, MTDR andIBM4 have
acomparableverall performance.

Thereareinstancesvhere Matador producedodd or
incorrectoutputdueto inappropriatever-expansionsin
thefollowing example,destoytotally is incorrectlycon-
ated intototal :

(9) SP:Ademas,destruyo totalmente suscultivos de
subsistencia.
EN: It hadtotally destroyed Samoas staplecrops

IBM4: furthermore, destroyed completely their
cropssubsistence.

MTDR: Furthermore|t totalled their cultivations
of subsistence.

This error resultedfrom a wrong entry in the Catvar
databaséinking the adwerbtotally to theverbtotal.

7 Conclusionsand Future Work

This paperhas presentedMatador a Spanish-English
Generation-Heay Hybrid Machine Translationsystem.
An extensie evaluationof Matadorshows it to have a
higherdegreeof robustnessand superioroutputquality,
in termsof grammaticalityandaccurag, whencompared
to a primarily statisticalapproachhatrequiresa parallel
corpus.

Futurework includesimproving the quality of differ-
entcomponentsuchasthecateorial variationdatabase.
Additionally, a Chinese-EnglishGHMT that reuses
the Exerge componentof Matadoris currently under
developmentand an Arabic-English version is being
planned.Finally, a humantranslation-qualityevaluation
is plannedto addressomeof theissuesassociatedvith
automaticevaluationtechniques.
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