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Abstract

We presenta hybrid MT architecture combin-
ing state-of-the-artlinguistic processingwith
adwancedstochastictechniques. Groundedin
a theoreticalre ection on the division of labor
betweenrule-basedand probabilistic elements
in the MT task, we summarizepercomponent
approacheso ranking, including empirical re-
sults when evaluatedin isolation. Combining
component-internacoresanda numberof ad-
ditional sourcesof (probabilistic)information,
we explore discriminatve re-rankingof n-best
listsof candidateéranslationghroughaneclectic
combinationof knowledgesourcesandprovide
evaluationresultsfor variouscon gurations.

1 Background—Motivation

Machine Translationis back in fashion, with
data-drven approachesnd speci cally Statisti-
cal MT (SMT) asthe predominantparadigm—
both in terms of scienti ¢ interestand evalu-
ation resultsin MT competitions. But (fully-
automatedjnachingranslationremainsa hard—
if not ultimately impossible—challenge. The
task encompassesot only all strataof linguis-
tic description—phoriogy to discourse—bt in
the generalcaserequires potentially unlimited
knowledge about the actual world and situated
languageuse (Kay, 1980, 1997). Although the
majority of commercialMT systemsstill have
large setsof hand-craftedulesat their core (of-
ten using techniquesrst inventedin the 1960s
and1970s),MT researchn the oncemainstream
linguistic tradition hasbecomethe privilege of a
small,faithful minority.

Like agrowing numberof colleagueswe ques-
tion the long-termvalue of purely statistical(or
data-dnven) approachedyoth practicallyandsci-
enti cally. Large (parallel)training corporare-

main scarcefor mostlanguagesand word- and
phrase-leel alignmentcontinueto be active re-
searchtopics. Assumingsufcient trainingmate-
rial, statisticatranslatiorguality still leavesmuch
to bedesiredandprobabilisticNLP experiencen
generabuggestshatonemustexpect ceiling' ef-
fectsonsystenevolution. StatisticaMT research
hasyet to nd a satishctory role for linguistic
analysis;on its own, it doesnot further our un-
derstandingf language.

Progresson combining rule-basedand data-
driven approachesto MT will depend on
a sustained stream of state-of-the-art, MT-
oriented linguistics research. The Norwe-
gian LOGON initiative capitalizeson linguistic
precision for high-quality translation and, ac-
cordingly puts scalable, general-purposdin-
guisticresources—complementedth advanced
stochasticcomponents—aits core. Despitefre-
guentcyclesof overly highhopesandsubsequent
disillusionment,MT in our view is the type of
applicationthat may demandknowledge-heay,
“deep'approacheso NLP for its ultimate,long-
termsuccessMuchlike Llitj 6s& Vogel(2007)—
being faithful minority membersoursehes—we
approactahybrid MT architecturevith aseman-
tic transferbackboneas our vantagepoint. Plu-
rality of approacheso grammaticaldescription,
reusabilityof componenparts,andtheinterplay
of linguistic and stochastigorocessegre among
thestrongpointsof the LOGON system.

In the following, we provide a brief overvien
of the LOGON architecturgx 2) anda bit of theo-
reticalre ection on therole of probabilitytheory
in nding optimaltranslationgx3). Sectionsx4
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Figure 1: Schematicsystemarchitecturethe centralcon-

troller brokersintermediateepresentationamongthethree

processingomponentsaccumulatingandidateranslations
and,ultimatelyre-rankingthe n-bestlist.

throughx 6 review component-internatnkingin
the LOGON pipeline. Finally, x 7 outlinesour ap-
proachto end-to-ende-rankingjncludingempir
ical resultsfor varioussetups.We concludewith
re ections on accomplishmentso far andongo-
ing work in x8.

2 LOGON—Hybrid DeepMT

The LOGON consortium—theNorwegian uni-

versities of Oslo (coordinator), Bergen, and
Trondheim—hasassembledh "deep' MT proto-
type over the pastfour years,expendingaround
fteen persoryearsonits coretranslatiorsystem.
The LOGON pipeline comprisesgrammasbased
parsing,transferof underspeci edMinimal Re-
cursion Semantic§MRS; Copestak, Flickinger,

Pollard, & Sag, 2005), and full tactical gen-
eration (aka realization). NorGram, the analy-
sis grammay is couchedin the LFG framewvork

andhasbeencontinuouslydevelopedat the Uni-

versity of Bemgen since 1999. Corversely the
generationgrammay ERG (Flickinger 2000),
builds on the HPsSG theory of grammay and
has beenunder developmentat CSLI Stanford
since around 1993. While both analysisand
generationdeplo/ general-purposénguistic re-

sourcesand processingools, LOGON hadto de-
velopits MRs transferformalismandNorwegian—

English (NoEnN) transfergrammarfrom scratch.
Thetransferengine—uni cation-bask resource-
sensitve rewriting of MRS terms—constitutes
new generictool (thatis alreadyusedfor other
languagepairsandevennon-MT tasks) but most
of the NoEn transfergrammaris speci c to the
LOGON languagepair and application. Figure 1

shavs a schematicview of the LOGON architec-

set | # | words | coverage | strings

2146 64.8 ‘ 266

JHg
JH;

12.6

182 | 11.7 63.2 114.6

Table 1: LOGON developmentand held-outcorpora(for
the Jotunheimersegment). Averagestring lengthand end-
to-endcoverageon the two setsarecomparablebut the av-
eragenumberof candidateranslationds higheron the de-
velopmentata.

ture; Oepenet al. (2004) provide a moredetailed
overviev of the LOGON approach.

In anutshell therole of therule-baseadompo-
nentsin LOGON is to delineatehe spaceof gram-
matically and semanticallycoherentranslations,
while the ranking of competinghypothesesand
ultimatelythe selectionof the bestcandidate(s)s
viewed as a probabilistictask. Parsing,transfey
andrealizationeachproduce,on average,a few
hundredcandidateoutputsfor oneinput. Hence,
exhaustingthe complete fan-out combinatorics
canbe prohibitively expensve, andtypically we
limit the number of hypothesespasseddownn-
streamto a relatively small n-bestlist. For all
resultsreportedpresently the fan-outbranching
factorwaslimited to a maximumof ve output
candidate$rom parsingand(within eachbranch)
transfer;becausédhereis no further downstream
processingafter generationwe canafford more
candidateealizationsper input MRs—for atotal
ofupto5 5 50= 1250distinctfan-outout-
comes.However, it is quite commonfor distinct
fan-outpathsto arrive at equivalentoutputs,for
examplewherethesamemodi er attachmenam-
biguity may be presentin the sourceand target
language.

Both our linguistic resources,searchalgo-
rithms, andstatisticalmodelsdrav from contem-
porary state-of-tharttechniquesndongoingre-
searchn larger, non-MT communitiesIn thisre-
gard, the LOGON demonstratoprovides a novel
blendingof approachesyherethe majority of its
componenpartsandlinguisticresourcesiave in-
dependentalue(andoftenareusedin parallelin
otherresearclefforts andapplications).

The consortiumcircumscribedts domainand
ambitions by virtue of a referencecorpus of
around50,000words of running text, six pub-
lishedtourismbookletson back-countnactvities
in Norway. In additionto one original transla-
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Figure2: Evolution of end-to-endcoverageover time: per
centageof Jotunheimennputswith atleastonetranslation.

tion, we contractedip to two additionalreference
translationsabouttenpercentof theparallelcor
pus was held out for evaluation. Table 1 sum-
marizescore metricsof the trainingandtestsec-
tionsof theJotunheimerooklets thelargestseay-
mentandthe onefor which threereferencerans-
lationsareavailable.For modeltrainingandeval-
uation,about6700f the Norwegianinputsandall
( 6,000)Englishreferencesveremanuallytree-
banled (seebelow).

Aiming primarily to gaugethe utility of its
“pure’ setup(ratherthanfor acompleteMT solu-
tion) at the currentstage the consortiumdid not
“diffuse’ its linguistic backbonewith additional
robustnessneasuresAccordingly theoverall er-
ror rate is the productof percomponenterrors,
andgraduallybuilding up end-to-endcoverage—
speci cally harmonizingsemantic$or awide va-
riety of constructiongross-linguisticdy—was a
major partof systemdevelopment. Figure2 de-
picts the evolution of end-to-endcoveragein the
pastyear and a half. Upon completionof ac-
tive development,systemperformanceon held-
out data was determinedretroactvely (for ear
lier versions). In termsof end-to-endcoverage
at least, it is reassuringo obsere thatthereare
few differencesbetweensystembehaior on de-
velopmentvs. held-outdata: for this domainand
genre,the nal LOGON demonstratotranslates
abouttwo thirdsof its inputs.

3 SomeTheoretical Re ections

Givenourtransfersystemwhereeachof thethree
stepsfan-out, there are several possibilitiesfor
addinga stochasticcomponent.What shouldbe
maximized andhow?

The rst possibilityis to rankthedifferentcom-
ponentssequentiallyoneatatime. Firstrankthe
resultsof parsingand choosethe topmostcan-
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Figure 3: Abstractfan-outtree: eachprocessingcompo-
nentoperatesion-deterministicallyanddistinctinputscan,
in principle, give riseto equivalentoutputs.

didate,call it F;. Thenconsiderall the results
of invoking transferon F;, and choosethe one
ranked highest,E;. And nally choosehe high-
estranked realizatione; of E;. We will referto
this outputasthe r sttranslation corresponding
to thetop branchin Figure3.

Thesecondossibilityis to try to nd themost
likely path throughthe fan-outtree, i.e. try to
maximize:

arg‘rlpaxP(ekjEj )P (EjjFi)P(Fijf)
i

The two approachesio not always yield the
sameresult. Take as an example a sentencef
with two different analyses,F; and F», where
themaindifferencebetweerthetwo is thata par
ticular word is ambiguousbetweena hounread-
ing in F1, andaverbreadingin F,. If thenoun
hasmary alternatve realizationsn thetametlan-
guagewhile theverbhasfew, themostlikely path
might be one that chooseghe verb, i.e. passes
throughF,.

Thethird possibilityfor theend-to-endanking
istotry to nd themostlikely translation i.e.

argmax P (e]E;j)P (E;jFi)P(Fijf)
Fi Ej

This might resultin a differenttop-ranked can-
didatethan the mostlikely pathin caseswhere
several different pathsresultin the sameoutput.
ConsideringPP attachmentambiguities,for ex-
ample distinctintermediatesemantiaepresenta-
tions (pairs of Ejs andF;s) canyield the same
talgetstring.

Which conceptshouldwe try to model? From
a theoreticalpoint of view, thereare good argu-
mentsfor choosingwhat we have calledthe rst
translation. It makes senseto try to selectthe
mostlikely interpretatiorof whatthe producerof
the sourcesentencehasintendedindependently



of how it getstranslated. If oneinsteadselects
the mostlikely path, or the mostlikely transla-
tion, one might selecta lesslikely interpretation
of whatthe spealker hadintended.

Our agumentfor the r st translationcan be
illustratedwithin our earlierexampleof a word-
level nounvs. verb ambiguity in analysis. The
mary differentrealizationsof thenounin thetar
get languagemay fall into classesof nearsyn-
onyms, in which caseit doesnot matterfor the
quality of the result which synorym is chosen.
Even thougheachof the individual realizations
hasa low probability it may be a goodtransla-
tion.

Obsere herealsothatanautomaticevaluation
measure—measurintipe similaritiesto a set of
referencetranslationsjike the BLEU metric (Pa-
pineni, Roukos, Ward, & Zhu, 2002)—wiill favor
the view of mostlikely translation We conjec-
ture,however, thata humanevaluationwill corre-
spondbetterto the rst translation.

Fromatheoreticapoint of view, it seemsnost
correctto go for the rst translation.But it pre-
supposeghat we choosethe correctinterpreta-
tion of the sourcesentence which we cannot
expectto always do. In caseswherewe have
chosenan incorrect analysis, this might be re-
vealedby trying to translatédt into thetamgetlan-
guageand considerthe result. If all the candi-
datetranslationssoundbad—orhave a very low
probability—in the tamget language that can be
evidencefor dispreferringthis analysis. Hence
information about probabilitiesfrom later com-
ponentsin the pipeline may be relevant, not for
overwriting analysisprobabilities but for helping
in selectinghem.

We will in the following rst review how LO-
GON emplog/s componentranking for choosing
the rst translation,andthenconsideran end-to-
end re-rankingwhich attemptsto nd the most
probabletranslation, by directly estimatingthe
posteriortranslatiorprobability P (gjf ).

4 ParseSelection

In a sisterprojectto LOGON, the TREPIL project,
a toolkit for building parsebank®f LFG analy-
sesis beingdeveloped(Ro$n,Smedt& Meurer
2006). This toolkit, calledthe LFG Parsebandr,
was usedto build a treebankfor the LOGON de-

ambiguity | # | exactmatch |

ve-best

50 100 | 16 | 34.4(17.2) | 56.2(55.0)
25 49 | 28 | 30.4(21.4) | 62.5(54.3)
10 24 | 43 | 58.1(25.3) | 89.5(73.9)
2 9 | 53] 70.8(35.1) | 96.2(91.0)
total | 140| 53.8(27.3) | 84.3(74.3)
50 100 | 16 | 43.7(17.2) | 81.2(55.0)
25 49 | 28 | 50.0(21.4) | 78.6(54.3)
10 24 | 43 | 67.4(25.3) | 90.7(73.9)
2 9 | 53| 72.6(35.1) | 100.(91.0)
total | 140| 63.2(27.3) | 90.7(74.3)

Table2: Evaluationof parseselectionwith a modeltrained
with standardeaturefunctiontemplatesof the XLE (upper
part, asusedin LOGON,) andwith a discriminantmodel
(lower part, notyet used).Figuresaregivenfor the percent-
ageof exactmatchesandmatchesamongthe vetop-ranked
analysesFiguresin parentheseshav arandomchoicebase-
line. Both modelsweretrainedon seven of ninetreebankd
texts andevaluatedon thetwo remainingtexts.

velopmentcorpus. Parse selectionin LOGON
usestraining data from this treebank;all sen-
tenceswith full parseswith low ambiguity(fewer
than 100 readingswere at leastpartially disam-
biguated.

The parseselectionmethodemplo/ed in the
LOGON demonstratousesthe stochasticdisam-
biguation schemeand training software devel-
opedat PARC (Riezler& Vasserman2004). The
XLE systemprovidesa setof parameterizedea-
ture functiontemplateghat mustbe expandedn
accordancevith the grammaror the training set
at hand. Application of thesefeaturefunctions
to thetraining datayieldsfeatureforestsfor both
thelabeleddata(thepartiallydisambiguategarse
forests) and the unlabeleddata (the full parse
forests).Thesefeatureforestsaretheinputto the
statisticalestimationalgorithm, which generates
a propertyweights le thatis usedto rank solu-
tions.

Oneof thechallengesn applyingthe probabil-
ity modelto a given grammarandtraining setis
the choiceof appropriatefeaturefunctions. We
have pursuedtwo approachegor choosingfea-
ture functions. In the rst approachwe started
with a signi cant subsebf the prede nedfeature
function templatesand expandedeachof them
in all possibleways that would resultin a non-
zero value on at least one parsein the train-
ing set; this could be done automatically The



prpstn_-m[MARG _recommend_v]
_recommend_v[ARGL1 pron, ARG2 _hike_n]
_a_q[ARGO _hike_n]

_around_p[ARG1 _hike_n, ARG2 _source_n]
implicit_g[ARGO _source_n]

poss[ARG1 _waterway_n, ARG2 _source_n]
def_q[ARGO _waterway_n]

g

Figure4: Variable-freereductionof the MRS for the utter
ance Werecommend hike aroundthewatervway's sources'.

secondapproachis motivated by the hypothe-
sis that discriminants,as usedin manualanno-
tation (Carter 1997), represenipromisingalter

native featurefunctionsto the prede ned tem-
plates.Initial tests(seetable2) shav thatthe dis-

criminantapproach(which is not yet usedin the
LOGON system)scoresbetterthan the template-
basedapproach.

5 Ranking Transfer Outputs

While MRs formulaearehighly structuredyraphs,
Oepens& Lanning(2006)suggesareductioninto
a variable-freeform that resembleselementary
dependengcstructuresFor therankingof transfer
outputs,MRss arebroken down into basicdepen-
deng triples, whoseprobabilitiesare estimated
by adaptatiorof standarch-gramsequencenod-
eling techniques.The actualtrainingis doneus-
ing thefreely availablecMu sLM Toolkit (Clark-
son& Rosenfeld,1997).

Basedon a training set of some 8,500 in-
domain MRss, viz. the treebankd version of
the Englishtranslationsof the (full) LOGON de-
velopmentcorpus, our tamget language seman-
tic model' is de ned as a smoothedtri-gram
model over the reductionof MRSs into depen-
deng triples. Figure4 shawvs an examplestruc-
ture, correspondingo a total of seventriples,in-
cluding haround_p; ARG1; _hike_ni. The “vocalu-
lary' of the modelcomprisessome4,400distinct
semanticpredicatesand role labels, for a total
numberof around51,000distinct triples. Simi-
larly, post-transfeEnglishmRss arebrokendown
into sggmentsof dependeng triples and ranked
accordingo theperpleity scoresassignedy the
semantianodel.

We lack a transfeflevel “treebank'to evaluate
MRS rankingin isolation,but in lieu of suchdata,

we can contrastend-to-endsystemperformance
on the JH; testset. When passingan unranked,
randomselectionof ve transferoutputsdown-
stream,the succesgate in generationdropsto
82.7percent(down from 86.5percentin ranked,

ve-bestmode). Restrictingthe comparisonto
the109itemsthattranslaten bothcon gurations,
our BLEU scoreover the r st translationdrops
from 37.41t0 30.29!

6 Realization Ranking

Realizationranking is the term we usefor the
task of discriminatingbetweenmultiple surface
forms generatedor a given input semantics By
adaptingmethodgreviously usedfor parseselec-
tion, we areableto usetreebankdatafor training
a discriminatve log-linear model for the condi-
tional probability of a surface realizationgiven
an input MRs. Traditionally however, the stan-
dard approachto tackling this problemof inde-
terminay in generatioris to useann-gramlan-
guage model(Langkilde& Knight, 1998; White,
2004; inter alios). Candidatestrings are then
ranked accordingto their * uency', indicatedby
the probabilitiesassignedy the LM. As a base-
line for ourdiscriminatve model,we trainedatri-
gramlanguagemodelon an unannotatedersion
of the British National Corpus(BNC), contain-
ing roughly 100 million words. As in the caseof
the MRS ranker, we usedthe CMU SLM Toolkit
for training,resultingin a Witten-Bell discounted
back-of model.

Whenevaluatedin termsof exact matchaccu-
ragy onthe JHy developmentset? theLM ranler
achieves 53:2%, which is well abore the ran-
dom choice baselineof 28:7%. However there
aremary well-known limitations inherentto the
n-gram approach,such as its inability to cap-
ture long-rangedependencieand dependencies
betweermon-contiguousvords. More generally
the simplen-grammodelsarepurely surfaceori-

1gLEU measurein all our experimentsarecalculatedus-
ing thefreely availablenisT toolkit (in its version11b).

2Note that, whenevaluatingrealizationrankersin isola-
tion, we use a differentversion of the JHy dataset. The
MRSs in thegeneratiortreebankareherealwaysunderspeci-
ed with respecto informationstructure suchaspassviza-
tion andtopicalization.This meanghatthelevel of indeter
minag is somavhat higherthanwhatis typically the case
within theLocoN MT setting.



model

BNC LM
Log-Linear

‘ exactmatch ‘ ve—best‘ WA

53.24 78.81
72.28 84.59

0.882
0.927

Table 3: Performancef the realizationrankers. BNC LM
is the n-gramranler trainedon the raw text versionof the
BNC. Log-Linear shaws 10-fold cross-alidatedresultsfor
the discriminatve modeltrainedon a generatiortreebank,
includingthe LM scoresasa separatdeature.

entedand therebyfail to capturedependencies
thatshav a structuralratherthansequentiategu-
larity. All in all, therearegoodreasongo expect
to devisebetterrealizationrankersby usingmod-
els with accesgo grammaticalstructure. Vell-
dal, Oepen,& Flickinger (2004) introducedthe
notion of a geneation treebank which facilities
the training of discriminatve log-linear models
for realizationrankingin a similar fashionasfor
parsedisambiguationFor furtherbackgroundn
log-linearmodels,seex 7.

Our discriminati’e realizationranker usesa
rangeof featuresde ned overthedervationtrees
of theHPsGlinguistic sign,recordinginformation
aboutlocal sub-treecon gurations,verticaldom-
inancerelations, n-gramsof lexical types, and
more(Velldal& Oepen2006).Whentrainedand
testedby ten-fold cross-alidation on a genera-
tion treebankcreatedfor the JHy dataset, this
model achieves 70:28% exact match accuray,
clearlyoutperforminghen-gram-basedM by a
goodmamin (again therandomchoicebaselings
28.7%). However, by includingthe scoresof the
LM asanadditionalfeature we areableto further
boostaccurag upto 72.28% Table3 summarizes
the resultsof the two differenttypesof realiza-
tion rankers. The evaluationalsoincludesexact
matchaccurag within the ve top-ranked candi-
datesaswell asaveragesentence-kel word ac-
curacy (WA), whichis astringsimilarity measure
basedn editdistance.

7 End-to-End Re-Ranking

Sectionx3 already suggestsone consideration
in favor of re-rankingthe completelist of can-
didate translations once fan-out is complete:
component-interngrobabilisticmodelsarefalli-
ble. Furthermorebesidesnalysis-transfef, and
realization-internalinformation, there are addi-
tional propertiesof eachhypothesizegair Hf ; ei

thatcanbe broughtto bearin choosingthe “best'
translationfor examplea measureof how much
reorderinghasoccurredamongcorrespondingl-
ementsin the sourceandtamget languagepr the
degreeof harmoty betweerthe string lengthsof
the sourceandtamet.

Log-linear models provide a very exible
framawork for discriminatve modeling that al-
lows us to combine disparateand overlapping
sourcef informationin a singlemodelwithout
runningtherisk of makingunwarrantedndepen-
denceassumptionsin this sectionwe describea
modelthat directly estimategshe posteriortrans-
lation probabilityP (gjf ), for agivensourcesen-
tencef andtranslatione. Althoughthere-ranler
we describenereis built ontop of a hybrid base-
line systemtheoverallapproachs similarto that
describedy Och& Ney (2002)in the context of
SMT.

Log-Linear Models A log-linear model is
givenin termsof (a) asetof speci edfeatuesthat
describepropertiesof the data,and(b) anassoci-
atedsetof learnedweightsthatdeterminghecon-
tribution of eachfeature.Oneadwantageof work-
ing with a discriminatve re-rankingsetupis that
themodelcanuseglobalfeatureghatthebaseline
systemwould not be ableto incorporate.Thein-
formationthatthefeaturefunctionsrecordcanbe
arbitrarily compl&, anda givenfeaturecaneven
itself be a separatestatisticalmodel. In the fol-
lowing we rst give a brief high-level presenta-
tion of conditionallog-linearmodeling,andthen
we goonto presentheactualfeaturefunctionsin
our setup.

Givenasetof m real-\aluedfeatureseachpair
of sourcesentencé andtamgetsentence arerep-
resentedsafeaturevector ( f;e) 2 <™. A vec-
tor of weights 2 <™ is then tted to optimize
someobjective function of the training data. For
theexperimentgeportedn this papertheweights
are tted to maximizethe conditional(or pseudd
likelihood(JohnsonGeman,Canon,Chi, & Rie-
zler, 1999)° In otherwords,for eachinputsource
sentencén thetrainingdatawe seekto maximize

3For estimationwe use the TabM open-sourceoolkit
(Malouf, 2002),usingits limited-memoryariable metricas
the optimizationmethod.As is standardpractise the model
is regularizedby including a zero-meanGaussiarprior on
thefeatureweightsto reducetherisk of over tting.



the probability of its annotatedreferencetrans-
lation relative to the othercompetingcandidates.
However, for futurework we planto alsoexperi-
mentwith optimizing the scoresof a given eval-
uation metric (e.g.BLEU) directly, following the
Minimum Error Rateapproactof Och(2003).

The three most fundamentalffeaturesthat are
suppliedin ourlog-linearre-ranler correspondo
thethreerankingmodulesof the baselinesystem,
asdescribedn Sectionsx4, x5, andx6 above.
In otherwords,thesefeaturegecordthe scoreof
the parseranker, the MRS ranker, andtherealiza-
tion ranker, respectiely. But our re-ranler also
includesseveralotherfeatureghatarenot partof
thebaselinemodel.

Other Features Our experimentsso far have
takeninto accountanothereightpropertiesof the
translationprocessjn somecasesobservingin-
ternalfeaturesof individual componentsin oth-
ersaimingto captureglobalinformation. Thefol-
lowing paragraphgrovide aninformal overview
of theseadditionalfeaturesin our log-linear re-
rankingmodel.

LEXICAL PROBABILITIES One additional
featuretype in the log-linearmodel corresponds
to lexical translation probabilities Theseare
estimatedon the basis of a small corpus of
Norwegian—English parallel texts, comprising
22,356pairsof alignedsentence$.First, GIzA*™*
is usedfor producingword alignmentsin both
directionsj.e. usingbothlanguagesssourceand
taigetin turn. Onthebasisof thesealignmentsve
then estimatea maximumlikelihood translation
table,againin bothdirections> Finally, for each
bi-directionalsentencepair he;f i andHf ;ei, the
correspondindeaturein the end-to-endanler is
computedasthelength-normalizeghroductof all
pairwiseword-to-word probabilities.

STRING PROBABILITY Althoughapartof the
(conditional) realization ranker already we in-
cludethe string probability (accordingto the tri-

40Of these, 9,410 sentencesre taken from the LoGoN
developmentdata, while an additional 12,946 sentences
arefrom the English-Norwgjian Parallel Corpus(Oksefjell,
1999).

5The ML estimationof the lexical probabilities,aswell
asthe nal word alignmentsproducedfrom the output of
GIzA*™ , arecarriedout usingthe training scriptsprovided
by Phillip Koehn,and asdistributed with the phrase-based
SMT modulePharaoi{Koehn,2004).

gramlanguageanodeltrainedontheBNC) of can-
didatetranslationsgy, asanindependenindicator
of output uency.

DISTORTION Elementarypredications(EPS)
in ourMRs arelinkedto correspondingurfaceel-
ementsj.e. sub-stringpointers.Surfacelinks are
presered in transfey suchthat post-generation,
for eachEP—or group of EPs,astransferneed
not not be a one-to-onemapping—theres infor-
mationaboultits original vs. its outputsub-string
span. To gaugereorderingamongconstituents,
for boththegeneratomputandoutput,eachEPis
compareairwiseto otherEPsin thesamevRs,
andeachpair classi ed with regardto their rela-
tive surfacepositions. Comparingthe input and
output MRS, we considercorrespondingpairs of
EPpairs;thedistortionmetricfor apairof aligned
EPsmeasuretheir classdifference wherefor ex-
amplea changefrom overlappingto adjacentis
penalizednildly, while invertingaprecedencee-
lation comesat a highercost. Finally, the distor
tion metricfor a pair of MRSs is the sumof their
perEP distortionmetrics,normalizedby thetotal
numberof EP pairs.

STRING HARMONY Seeingtypological simi-
larity betweerNorwegianandEnglish,muchlike
for thedistortionmetric,we assumehatthereare
systematicorrespondencext the stringlevel be-
tweenthe sourceand its translation. To enable
the re-ranler to take into accountlength effects,
we includetheratio of word counts,jej5f j, asa
featurein themodel.

TRANSFER METRICS Two additional fea-
turescaptureinformationaboutthe transferstep:
the total numberof transferrules that were in-
voked (as a measureof transfergranularity e.g.
where idiomatic transfer of a larger cluster of
EPs contrastswith stepwisetransferof compo-
nent EPs), as well as the ratio of EP counts,
JEjF].

SEMANTIC DISTANCE Generationproceeds
in two phases:a chart-basedottom-upsearch
enumeratesandidatarealizationsof which a -
nal semanticcompatiblity test selectsthe one(s)
whoseMRs is subsumedby the original generator
inputMRs (Carroll& Oepen2005).Givenanim-
perfectinput(or errorin thegeneratiorgrammar),
it is possiblefor none of the candidateoutputs
to ful | the semanticcompatiblity test. In this



casethegeneratowill graduallyrelaxMRS com-
parison, going through sesen pre-de nedlevels
of semanticmismatch,which we encodeas one
integervaluedfeaturein there-rankingmodel.

Training the Model While batch translating,
the LOGON controllerrecordsall candidatdrans-
lations, intermediate semantic representations,
and a large numberof processingand resource
consumptiorpropertiesin a databasewhich we
callapro le (in analogyto softwareengineering;
Oepenetal., 2005). Giventhe systemcon gura-
tion summarizedn Sectionsx2 throughx6, we
usethe JHy batchpro le to train andoptimizea
log-linearre-ranler. The experimentatiorinfras-
tructure, here, is essentiallythe sameasin our
discriminative realizationranker—the combina-
tion of the [incr tsdb()] pro ler, the TADM Maxi-
mumEntrogy toolkit, andtoolsfor ef cient cross-
valiation experimentswith large dataandfeature
sets(Velldal,2007).

For training purposes,we mechanically an-
notated' candidatetranslationsby meansof the
sentence-lel NEVA string similarity measure,
appliedto actualLoGON outputscomparedo JHy
referencdranslationsNEVA is areformulationof
BLEU thatavoidsmary of theproblemsassociated
with applyingBLEU at the sentencdevel, andis
computedas the arithmeticmeanof the raw n-
gramprecisionscoreqForsbom,2003).For each
sourcesentencewe mark the translation(sywith
maximumNEVA score(amongall candidateout-
putsfor this input) as preferred,thus construct-
ing anempiricaldistribution whereestimationof
log-linear model parametersamountsto adjust-
ing conditionalprobabilitiestowardshigherNneva
scores.

Seeingthat the model includes diverse fea-
ture types—probabilities perplity values,
un-normalized log-linear scores, and non-
probabilistic quantities—feature values are
normalized into a comparable range, using
min-max scaling. The hyperparameterof the
model—the TADM corvergence threshold and
varianceof the Gaussiarprio—were optimized
by ten-fold cross-alidation on the training
corpus.

Empirical Results Table 4 summarizesend-
to-end systemperformance measuredn BLEU

set| # |chance rst |[MMI | top |judge
JHy 1391 34.18|40.95/44.10/49.89
JH; | 115 30.84 |35.67,38.92/45.74

46.32

Table4: BLEU scoredor variousre-rankingcon gurations,
computedover only thosecasesactuallytranslatedby LO-
GON (seconacolumn).Forall con gurations,BLEU results
onthetrainingcorpusarehigherby aboutfour points.

scoresfor variousstratgies of selectingamong
then-bestlistsobtainedrom5 5 50fan-out.
In all cases,scoring hasbeenreducedto those
inputs actually translatedby the LOGON system,
i.e. 64:8% and 63:2% of the development(JHy)

and held-out (JH;) corpora,respectiiely. As a
baselinemeasureywe usedrandomchoiceof one
outputin eachcontet (averagedover twenty it-

erations) resultingin (estimableBLEU scoresof

34:18 and30:84, respeciiely.

As anupperboundon re-rankingef cacy, Ta-
ble 4 providestwo “oracle' scores:the rst, la-
beledtop, is obtainedfrom selectingtranslations
with maximal NEVA scores,i.e. using sentence-
level NEVA asa proxy for corpus-lgel BLEU. The
second]abeledjudge, re ects the annotationof
a humanjudge on the JH; held-outdata: con-
sideringall availablecandidatesa native spealer
of (American) English and nearnative spealer
of Norwegian, in eachcase,picked the transla-
tion judgedmostappropriatgor, in somecases,
leastawful). OracleBLEU scoregeach49:89 and
46:32, for JHy andJH;, respectiely.

Finally, thecolumnlabeledr stin Table4 cor
respondsto the r st translation conceptintro-
ducedin x3 abore, andthe MMI columnto our
log-linearre-ranler. Both clearly improve over
therandomchoicebaselinebut there-ranler out-
performsthe rst translationapproachby a large
magin—thusreturningon the investmentof ex-
tra fan-outand end-to-ende-ranking. However,
at BLEU scoresof 44:10 and 38:92, respeciiely,
our currentre-ranking setup also leaves ample
room for further improvementstowardsthe “or-
acle' upperbound.We anticipatethat ne-tuning
the log-linearmodel,inclusionof additionalfea-
tures,andexperimentatiorwith differentestima-
tion techniqueqseebelown) will allow usto nar
row this differentialfurther



8 Conclusions—Outlook

Thefuture of MT hasbeen(mis-)diagnosedjust
aroundthe corner' sincethe beginning of time,
and thereis no basisto expecta break-through
in fully-automatedMT in the foreseeablduture.
But yet we seeprogressalongthe way, speci -
cally in the sustainedlevelopmentof large-scale,
general-purposknguagdechnologyandits ever
tighter integration with re ned stochastictech-
niques.

Among the main results of the Norwegian
LOGON initiative is its proof-of-conceptdemon-
stratorfor quality-orientedhybrid MT grounded
in independenthdevelopedcomputationafgram-
mars. The tight couplingof hand-luilt linguistic
resourcesesultesn an MT pipelinewhere,to a
very highdegree all candidatdranslationsare(a)
relatedto the sourceutterancean a systematic—
albeit at times unlikely—way and (b) grammat-
ically well-formed. Combiningan n-bestbeam
searchthroughthespaceof fan-outcombinatorics
with stochasticrankers at eachstep, as well as
with discriminatve end-to-endre-rankingyields
a exible solution, offering a clear precisionvs.
ef ciency trade-of. For its boundeddomain(and
limited vocalulary of around5,000lexemes)the
LOGON systemsucceed translatingabouttwo
thirds of unseerrunningtext, whereBLEU scores
andproject-internainspectiorof resultssuggesa
high degreeof outputquality. This con guration
could,in principle,beaninterestingvaluepropo-
sition by itself—asa tool to professionakrans-
lators, for example. A more systematichuman
judgmentstudyof systemoutputs(for variousse-
lection stratgies)is currentlyundervay, andwe
expect resultsto becomeavailable in Junethis
year

In ongoingwork, we aim to further improve
re-rankingperformancefor example by assess-
ing the relatve contritution of individual fea-
tures, ne-tuning parameterestimation,and in-
cluding additionalproperties.Our currentmaxi-
mumlik elihoodtrainingof thelog-linearmodelis
basednabinarizedempiricaldistribution, where
for eachinput we considerthe candidatetrans-
lation(s) with maximum NEVA score(s)as pre-
ferred,andall othersasdis-preferred Obviously,
however, the degradationin quality amongalter

nate candidatess continuous(ratherthan abso-
lute), and we have startedexperimentationwith

a gradedempirical distribution, adaptingthe ap-
proachof Osborng(2000)to the re-rankingtask.
Finally, in a parallelre nementcycle, we aim to

contrasourcurrent(MMI) re-rankingmodelwith

Minimum Error Rate (MER) training, a method
thataimsto estimatenodelparameterto directly
optimizeBLEU scoregor anotherguality metric)
asits objectie function.

Trading coveragefor increasedutput quality
may be economicfor a rangeof tasks—sayas
a complementto other tools in the workbench
of a professionakranslator Our re-rankingap-
proachwith accesso rich intermediateepresen-
tations, probabilities, and con dence measures,
provides a fertile ervironmentfor experimenta-
tion on con dence-centridMT. Applying thresh-
olding techniqueson the probability distribution
of the re-rankingmodel, for example, we plan
to experimentallydeterminehow much transla-
tion quality can be gainedby making the can-
didate selectionmore restrictive. Alternatively,
one canimagineapplying yet anothermodel to
thistask,aclassi er decidingonwhich candidate
translationconstituteworthy outputs,andwhich
arebestsuppressed.

Theavailability of off-the-shelfSMT toolshas
greatly contributed to re-enegized interestand
progressin MT in the recentpast. We believe
thatadvancesn hybrid MT would equallybene t
from arepositoryof general-purpos&asy-to-use
linguistic resources. Exceptfor the proprietary
XLE, all LOGON results—treebanksgrammars,
andsoftware—areavailablefor public dovnload.
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