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Abstract

We describeheapplicationof discriminative rerankingtechniquego the
problemof machinetranslation. We reportexperimentalresultson the
NIST 2003Chinese-Englistarge datatrack evaluaton, andprovide the-
oretical analysisof our algorithns and experimentsthat verify that our
algorithmsprovide state-of-the-arperformancen machinetranslation.

In orderto build resourceto be usedin linguistic featureextraction we
proposeEM algorithmsfor LTAG treebankinductian. We illustrate our
approachby shaving how to usericher resourcedor this induction in
particular thePennTreebankPropbankandXTAG English Grammar

1 Intr oduction

In recentlyyears,statisical approach(Brown et al., 1990) hasbeensuccessfully
emploedin the MachineTranslaton (MT). Basedon the statisticalMT systens,
discriminative training(Och,2003)hasshovn theadwantageof globaloptimizaton
andflexibility of featureselection. In this project, we explore the applicationof
discrimirative rerankingto statistcal machinetranslation

The secondpartof this projectis aboutthelinguistc featuresto be usedin MT
reranking. The main effort of our work is to extract an treebankfor Lexicalized
TreeAdjoining GrammaKLTAG) (JoshiandSchabes1997). TheLTAG frameavork
providesa naturalextensionof the phrase-basechodels.

* This materialis basedupon work suppated by the National ScienceFoundationunder Grant No.
012185.
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1.1 Statistical Machine Translation

TheseminallBM models(Brown etal., 1990)werethefirst to introducegeneratre
modelsto the MT task. The IBM modelsappliedthe sequencéearningparadigm
well-known from Hidden Markov Modelsin speechrecognitionto the problem
of MT. The sourceandtarget sentencesvere treatedasthe obsenatiors, but the
alignmentsveretreatedashiddeninformatian learnedrom paralleltexts usingthe
EM algorithm Thissource-channehodeltreatedhetaskof findingtheprobabilty
p(e | f), wheree is thetranslatiorin thetarget(English) languagéor agivensource
(foreign)sentencé, astwo generatie probabilitymodels:thelanguagenodelp(e)
which is a generatre probabilty over candidatetranslatims and the translation
modelp(f | e) whichis a generatie conditioral probability of the sourcesentence
givenacandidateranslatione.

Thelexiconof thesingle-wordbasedBM modelsdoesnottake word context into
account. This meansunlikely alignmentsare being consideredvhile training the
modelandthis alsoresultsin additonaldecodingcompleity. Several MT models
were proposedas extensias of the IBM modelswhich usedthis intuition to add
additionallinguistic constraintso decreasdhe decodingperpleity andincrease
thetranslation quality.

WangandWaibel (1998)proposecan SMT modelbasedon phrase-basedlign-
ments. Sincetheir translationmodelreorderedohraseslirectly, it achieved higher
accurag for translationbetweenlanguageswith differentword orders. In (Och
andWeber 1998; Och et al., 1999), a two-level alignmentmodelwasemplo/ed
to utilize shallov phrasestructuresalignmentbetweerntemplatesvasusedto han-
dle phrasereorderingandword alignmentswithin a templatewere usedto handle
phraseo phraseranslation.

However, phraseevel alignment cannothandlelong distancereorderingeffec-
tively. Parsetreeshave alsobeenusedin alignmentmodels.Wu (1997 introduced
constrainton alignmens usinga probabilstic synchronousontext-free grammar
restrictedto Chomsk/-normalform. (Wu, 1997)wasanimplicit or self-olganizing
syntaxmodelasit did notusea Treebank.YamadaandKnight (2001)useda statis-
tical parsertrainedusinga Treebankin the sourcelanguagdo produceparsetrees
andproposedtreeto stringmodelfor alignment Gildea(2003)proposed treeto
treealignmentmodelusingoutputfrom a statistcal parselin bothsourceandtarget
languagesThetranslation modelinvolvedtreealignmensin which subtreecloning
wasusedto handlecasesf reorderingthatwerenot possitbe in earliertree-based
alignmentmodels.

Experiencewith source-channehodelsin MT hasshavn thatit is difficult to
improve the modelswith locality constraintavhile at the sametime expandingthe
contet requiredto produceaccuratealignmentsduringtraininganddecoding.



1.2 Discriminative Modelsfor MT

OchandNey (2002 proposeda framenork for MT basedn directtranslationus-
ing the conditional modelp(e | f) estimatedusinga maximum entroy model. A
small numberof featurefunctionsdefinedon the sourceandtarget sentencevere
usedto rerankthetranslationggeneratedby a baselineMT system.While thetotal
numberof featurefunctionswassmall,eachfeaturefunctionwasa comple statis-
tical modelby itself, asfor exampk, thealignmenttemplatefeaturefunctionsused
in thisapproach.

Och(2003)describedhe useof minimum errortraining directly optimizing the
error rate on automaticMT evaluation metricssuchas BLEU. The experimens
shaved thatthis approachobtainssignificantly betterresultsthanusingthe maxi-
mummutual informationcriterionon parameteestimatia. Thisapproachusedthe
samesetof featuresasthe alignmenttemplateapproachn (OchandNey, 2002).

SMT Team(2003 alsousedminimum error trainingasin Och(2003),but used
alargenumberof featurefunctions.More than450differentfeaturefunctionswere
usedin orderto improvethesyntactiovell-formednessf MT output.By reranking
a 1000-bestist generatedby the baselineMT systemfrom Och (2003),the BLEU
(Papinenietal.,2001)scoreonthetestdatasetvasimprovedfrom 31.6%to 32.9%.

1.3 Reranking Techniques

Like machinetranslation parsingis anothetfield of naturallanguageprocessingn
which generatre modelshave beenwidely used. In recentyears,rerankingtech-
niques,especiallydiscrimirative reranking,have resultedin significantimprove-
mentgn parsing.Variousmachindearningalgorithmshave beenremployedin parse
reranking,suchasBoosting(Collins, 2000),Perceptror{Collins and Duffy, 2002)
and SupportVector Machines(Shenand Joshi,2003). The rerankingtechniques
have resultedin a 13.5%error reductionin labeledrecall/precisiorover the previ-
oushestgeneratre parsingmodels. Discriminative rerankingmethoddor parsing
typically usethenotionof amagin asthedistanceébetweerthebestcandidatgarse
andtherestof theparsesThererankingproblemis reducedo a classificatiorprob-
lem by usingpairwisesamples.

In thefield of machindearning,a classof tasks(calledrankingor ordinal regres-
sion) aresimilar to thererankingtasksin NLP. Oneof the motivatiors of this paper
is to apply rankingor ordinal regressiomalgorithns to MT reranking. In the pre-
viousworkson rankingor ordinalregressionthe magin is definedasthe distance
betweertwo consecutie ranks.Two large maigin approachebave beenused.One
is the PRankalgorithm, a variantof the perceptromalgorithm, that usesmultiple
biasedo representhe boundariebetweerevery two consecutre ranks(Crammer
andSinger 2001;Harrington,2003). However, aswe will shav in section2.7,the



PRankalgorithmdoesnot work on the rerankingtasksdueto the introducton of

global ranks. The otherapproachs to reducethe ranking problemto a classifica-
tion problemby usingthe methodof pairwisesamplegHerbrichetal., 2000). The
underlyingassumptia is thatthe samplef consecutie ranksareseparableThis

may becomea problemin the casethatranksareunreliablewhenrankingdoesnot
stronglydistinquishbetweercandidatesThisis justwhathappensn rerankingfor

machinetranslation.

1.4 Linguistic Feature and Resource Building

In (SMT Team,2003), 450 featureson variouslinguistic levels have beenused
in MT reranking. However, the resultsshowv that the major improvementcomes
from theIBM Model 1 feature a featuredefinedon the word level, while all other
linguistic featuresonly resultin 0.1% improvementin BLEU score. Soit is an
interestingopic onwhatkind of linguistic featuresareusefulin MT Reranking.

Takinginto accounbf thesuccesaswell asthepotental problemsof thephrase-
basedapproachin statisticalmachinetranslation,we plan to uselinguistic fea-
turesdefinedon LexicalizedTreeAdjoining GrammarLTAG) (JoshiandSchabes,
1997).

Firstly, underthe LTAG framenork, we caneasily handlethe the long distance
relationthanksto the adjunctionoperation.This could be viewed asa naturalex-
tensionof the phrase-basedpproachn machinetranslation.

Onetheotherhand,we will simgdify theinternalstructureof thelow level struc-
tures,i.e. of baseNP, by introduchg sisteradjunction soasto simulak thetreat-
mentof phrasebasedapproachon templateswhich hasbeenproved successfuin
alot of previousworks(Och,2003).

However, thereis onething thatpreventsusfrom usingthe LTAG basedinguis-
tic featuresa bi-lingualtreebankfor LTAG style Englishgrammar A feasibleway
to getanLTAG treebankis to extractit from othertreebanksi.e. PennTreebank
(Marcuset al., 1994). Therehasbe a few researchesn extracting LTAG Tree-
bankfrom PennTreebankXia, 2001;Chen,2001). However, the extractedLTAG
grammaris not noisy. With theintroductionof PennPropositionBank (Propbank)
(Kingshury and Palmer 2002),it will be interestingto extractan LTAG treebank
from the Propbankwhich containamoreinformationthanthe PennTreebank.

1.5 Summary of Reseach

We proposedwo novel perceptron-lile rerankingalgorithns thatimprove on the
guality of machinetranslationover the baselinesystembasedon evaluaton using
the BLEU metric. We appliedthesetwo algorithns on the NIST 2003 Chinese-
Englishlargedatatrackevaluation,whichwaspreviously CLSPSummemorkshop
2004. We also provided theoreticalanalysisof our algorithms and experimensg



that verified that our algorithmsprovide state-of-the-arperformancan machine
translation.

Asto linguistc featureextraction,our mainwork is aboutbuilding anLTAG tree-
bank,which canbe usedin trainingan LTAG-basedeatureextractionsystem.We
proposedhovel EM algorithirs for LTAG treebankinduction,and presentinside-
outsidealgorithms onLTAG derivaton sharedorest. We employedricherresources
for this inductian, in particular the PennTreebankPropbankand XTAG English
Grammar We hopethatthe LTAG treebankwill be usefulin theso-calledsemantic
parsingwhichwill beusedtherich featureextractionfor MT reranking.

2 Discriminati ve Reranking for Machine Translation

Thererankingapproachor MT is definedasfollows: First, a baselinesystemgen-

eratesn-bestcandidates Featureghat canpotentally discrimnate betweengood

vs. badtranslatios are extractedfrom thesen-bestcandidates. Thesefeatures
arethenusedto determinea new rankingfor the n-bestlist. The new top ranked

candidaten thisn-bestlist is our new bestcandidatdranslation.

2.1 Advantagesof Discriminati ve Reranking

Discriminative rerankingallows usto useglobalfeaturesvhich areunavailablefor
the baselinesystem. Second,we canusefeaturesof variouskinds and neednot
worry aboutfine-grainedsmoothingissuesFinally, the statisical machindearning
approachhasbeenshawn to be effective in mary NLP tasks. Rerankingenables
rapidexperimentaton with comple featurefunctions because¢he complex decod-
ing stepsin SMT aredoneonceto generateéhe N-bestlist of translations.

2.2 Problemsapplying reranking to MT

First, we considerhow to apply discriminative rerankingto machinetranslation.
We may directly usethosealgorithns that have beensuccessfullyjusedin parse
reranking. However, we immediatelyfind that thosealgorithmsare not asappro-
priate for machinetranslation. Let e; be the candidateranked at the ith position
for the sourcesentencewhererankingis definedon the quality of the candidates.
In parsererankingwe look for parallelhyperplanesuccessfullyseparating; and
e, ,, for all the sourcesentencedhut in MT, for eachsourcesentencewe have a
setof referencetranslatims insteadof a single gold standard For this reasonit is
hardto definewhich candidatdranslationis the best. Supposeave have two trans-
lations,oneof whichis closeto referencdranslatiorref, while the otheris closeto
referenceranslationref . It is difficult to saythatonecandidates betterthanthe
other

Althoughwe mightinventmetricsto definethe quality of a translation standard
rerankingalgorithns cannotbe directly appliedto MT. In parsereranking,each
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Figurel: Splittingfor MT Reranking

training sentencdiasa rankedlist of 27 candidate®n average(Collins, 2000),but
for machinetranslation the numkber of candidatetranslatiors in the n-bestlist is
muchhigher (SMT Team,2003)show thatto getareasonablénprovementin the
BLEU scoreatleast1000candidatesieedto be consideredn the n-bestlist.

In addition,the parallelhyperplanesseparating:; ande,_,, actuallyareunable
to distinguishgoodtranslatims from badtranslationssincethey arenottrainedto
distinguishary translationsn e,_,,. Furthermoremary goodtranslatimsin e,_,,
may differ greatlyfrom e, sincethereare multiple references. Thesefactscause
problemsfor theapplicabilityof rerankingalgorithns.

2.3 Splitting

Ourfirst attemptto handlethis problemis to redefinghenotionof goodtranslatims
versusbadtranslations.Insteadof separating; ande,_,,, we saythetop of the
n-besttranslationgaregoodtranslationsandthebottom of then-besttranslatims

are bad translatims, where n. Thenwe look for parallel hyperplanes
spliting thetop translationsaandbottom translationdor eachsentenceFigure
1illustratesthis situatian, wheren and

2.4 Ordinal Regression

Furthermorejf we only look for the hyperplaneso separatéhe goodandthe bad
translationswe, in fact, discardthe orderinformation of translationsof the same
class. Maybeknowing thate; is betterthane; ; may be uselesdor trainingto
someextent, but knowing e, is betterthane is useful, if . Although
we cannotgive an affirmative answerat this time, it is at leastreasonabléo use



the orderinginformation. The problemis how to usethe orderinginformatian. In
addition,we only wantto maintainthe orderof two candidatesf their ranksare
far away from eachother On the other hand, we do not carethe order of two
translationsvhoseranksarevery close,e.g. 100and101. Thusinsensdiive ordinal
regressioris moredesirableandis theapproactwe follow in this paper

2.5 UnevenMargins

However, rerankingis not an ordinal regressiorproblem. In rerankingevaluaton,
we areonly interestedn the quality of the translationwith the highestscore,and
we do not carethe orderof badtranslations Thereforewe cannotsimply regard
a rerankingproblemas an ordinal regressionproblem, sincethey have different
definitionsfor thelossfunction.

As far aslinear classifiersare concernedywe wantto maintan a larger magin
in translationf high ranksanda smallermagin in translatims of low ranks. For
example,

mamgin(e; e ) mamgin(e; e; ) mamgin(ey; e )

The reasonis thatthe scoringfunctionwill be penalizedf it cannot separates;
from e, , but notfor thecaseof e,; versuse

2.6 LargeMargin Classfiers

Therearequiteafew linearclassifier$ thatcanseparatsamplesvith largemagin,
suchasSVMs (Vapnik, 1998),Boosting(Schapireet al., 1997), Winnow (Zhang,
2000) and PerceptronKrauth and Mezard, 1987). The performanceof SVMs is
superiorto otherlinearclassifierdoecausef their ability to margin maximization.

However, SVMs are extremely slow in training since they needto solvwe a
guadraticprogrammingsearch.For example,SVMs even cannotbe usedto train
onthewholePennTreebankn parsereranking(ShenandJoshi,2003). Takingthis
into accountwe useperceptron-like algorithms,sincethe perceptroralgorithmis
fastin trainingwhich allow usto do experimens on real-world data.lts large mar
gin versionis ableto providerelatively goodresultsin general.

2.7 Pairwise Samples

In previous work on the PRankalgorithm,ranksare definedon the entiretraining
andtestdata.Thuswe candefineboundariebetweerconsecutie rankson theen-
tire data.But in MT reranking ranksaredefinedover every singlesourcesentence.
For example,in our dataset, the rank of a translationis only the rank amongall
thetranslatonsfor the samesentenceThe training dataincludesabout1000sen-
tencesgachof which normally has1000candidateranslationswvith the exception

*Herewe only considetinearkernds suchaspolynomialkernels.



of shortsentencethathave a smallernumberof candidatdranslatioms. As aresult,
we cannotusethe PRankalgorithmin thererankingtask,sincethereareno global
ranksor boundariegor all thesamples.

However, the approactof usingpairwisesamplesioeswork. By pairingup two
samplesywe computeherelative distancebetweerthesewo samplesn thescoring
metric. In thetrainingphasewe areonly interestedn whethertherelative distance
is positive or negaive.

However, the sizeof generatedraining sampleswill be very large. For n sam-
ples,thetotal numberof pairwisesamplesn (Herbrichetal., 2000)is roughlyn?.
In the next section,we will introducetwo perceptron-like algorithis that utilize
pairwisesamplesvhile keepingthe compleity of dataspaceunchanged.

3 Reranking Algorithms and Experiments

Consideringhedesiderataliscusedin thelastsectionwe presentwo perceptron-
like algorithns for MT reranking. Thefirst oneis a splitting algorithmwhich has
similaritiesto aclassificatioralgorithm.Theotheris ordinalregressiorwith uneven

maigins.

3.1 Splitting

In this section,we will proposea splitting algorithmwhich separatesranslatims
of eachsentencénto two parts,thetop translationsandthebottom translatioss.
All the separatindhyperplanesare parallelby sharingthe sameweight vector
The mamgin is definedon the distancebetweenthetop itemsandthe bottom
itemsin eachcluster asshovn in Figurel.

Let ; bethefeaturevectorofthe translationof the: sentenceand ; be
therankfor thistranslatioramongall thetranslationdor the; sentenceThenthe
setof trainingsampless:

(i ) n

where isthenumber of clustersandn is thelengthof ranksfor eachcluster

Let () bealinearfunction,where is thefeaturevectorof atrans-
lation,and  is aweightvector We constructa hypottesisfunction
with asfollows.

(v w) n(C1) (4

where n is afunctionthattakesa list of scoresfor the candidatetranslatims
computedaccordingto the evaluaton metricandreturnsthe rankin thatlist. For
example n ( )| ).



Algorithm 1 splitting

Require: , anda positive learningmargin .

1: ,initialize

2: repeat

3 for (i ) do

4: compue i forall ;

5: for ( n) do

6: if ( and n and i ; ) then
7 ; ;

8: elseif ( ; n and ; and i i ) then
9: ; ;

10: end if

11: end for

12: ! i ;

13:  endfor

14: until noupdatesnadein theouterfor loop

Thesplitting algorithmsearcheslinearfunction ( ) thatsuccessfully
splitsthetop -ranked andbottom -ranked translationdor eachsentencewhere
n. Formally, let (4 ) (1 n)forary linearfunction

. We look for thefunction suchthat

i if (1)
;i n if ; n (2)
which meansthat can successfullyseparatehe good translationsand the bad

translations
Supposehereexistsalinearfunction satisfying(1) and(2),wesay ( ; ;)

is pi by givenn and . Furthermorewe candefinethesplitting margin
for thetranslatimsof thei sentencesfollows.
n 1

Theminimalsplittingmargin, *,for givenn and isdefinedasfollows.
() o (9)
( () (i)

7 n 1
Algorithm 1 is a perceptron-like algorithmthat looks for a function that splits
thetrainingdata.Theideaof thealgorithmis asfollows. For every two translatioms
;, and ; | if



therankof ; ishigherthanorequalto , ; :
therankof ; islowerthan , ; n :

theweightvector cannotsuccessfullyseparat¢ ; and ; ) with alearning
mamgin i i

thenwe needto update with theadditionof ; ; . However, theupdatingis
not executeduntil all theinconsstentpairsin a sentencarefoundfor the purpose
of speedingup the algorithm. Whensentence is selectedwe first compue and
store ; forall . Thuswe do not needto recompute ; againin the
innerloop. Now the compleity of arepeatiterationis ( n? n ), where

is the averagenumberof active featuresin vector ; . If we updatedthe weight
vectorwheneer aninconsiséntpair wasfound,the compleity of aloopwould be

( ).

Thefollowing theoremwill shav thatAlgorithm 1 will stopin finite steps,out-
putting a function that splits the training datawith a large mamgin, if the training
datais splittable. Dueto lack of spacewe omit the proof for Theoreml in this
paper

Theorem 1 Supposehetrainingsamples ( ; ;) are pi by a linear
functiondefinedon theweightvector ~ with a spliting mamgin , whee || ||
. Let i || + |- ThenAlgorithm1 malkesat most™—2- mistekesonthe

pairwisesamplegiuring thetraining.

3.2 Ordinal Regression

Thesecondalgorithmthatwe will usefor MT rerankingis the -insensitve ordinal
regressiorwith unevenmaugin, asshown in Algorithm 2.

In Algorithm 2, thefunction 7 is usedto controlthelevel of insensitvity, and
thefunction is usedto controlthe learningmargin betweenpairsof translatims
with differentranksasdescribedn Section2.5. Therearemary candidategor
Thefollowing definitionfor is oneof thesimplestsoluions.

) - -

p

We will usethisfunctionin our experimentson MT reranking.

3.3 Experiments and Analysis

We provide experimentalesultsontheNIST 2003Chinese-Englislargedatatrack
evaluaton. We usethe datasetusedin (SMT Team,2003). The training data
consistf aboutl70M English words,on which the baselingranslationsystemis



Algorithm 2 ordinalregressiorwith unevenmaigin
Require: apositive learningmamgin

1: ,initialize

2: repeat

3. for (sentence ) do

4: compue ;, and forall ;

5: for ( n) do

6: If(z Zandz(z Z) and i i (z z))
then

7 (i &)

8: (i &)

9: elseif ( i i and ¢ ( i i ) and i i

(i i) )then

10: ( i i )

11: ( i i )

12: endif

13: endfor

14: ! i ;

15.  endfor

16: until noupdatesnadein theouterfor loop

trained. Thetraining datais alsousedto build languagenodelswhich areusedto
definefeaturefunctionson varioussyntacticlevels. The developmentdataconsists
of 993 Chinesesentences.Each Chinesesentencas associatedvith 1000-best
Englishtranslatios generatedy the baselineMT system The developnentdata
setis usedto estimatethe parametergor the featurefunctionsfor the purposeof
reranking.Thetestdataconsistof 878 ChinesesentencesEachChinesesentence
is associateavith 1000-besEnglish translationgoo. Thetestsetis usedto assess
the quality of thererankingoutpu.

In (SMT Team, 2003), 450 featureswere generated.Six featuresfrom (Och,
2003)were usedasbaselinefeatures.Eachof the 450 featureswas evaluatedin-
dependentlypy combiningit with 6 baselindeaturesandassessingnthetestdata
with theminimumerrortraining ThebaselineBLEU scoreonthetestsetis 31.6%.
Table1 shavs someof the bestperformingfeatures.

In (SMT Team,2003), aggressie searchwas usedto combinefeatures. After
combinirg abouta dozenfeaturesthe BLEU scoredid notimprove any more,and
thescorewas32.9%.1t wasalsonoticedthatthemajorimprovementcamefrom the
Model 1 feature. By combiningthe four featuresModel 1, matchedparentheses,
matchedquotationmarksand POSlanguagemodel,the systemachiezeda BLEU



Table1: BLEU scoresreportedin (SMT Team,2003). Every singlefeaturewas
combinedwith the 6 baselindeaturedor thetrainingandtest. The minimum error
training (Och,2003)wasusedon the developmentdatafor parameteestimation.

| Feature | BLEU% |
Baseline 31.6
POSLanguageModel 31.7
Supertag-anguageModel 31.7
WrongNN Positin 31.7
Word Popularity 31.8
Aligned TemplateModels 31.9
Countof Missing Word 31.9
TemplateRight Continuity 32.0
IBM Model 1 32.5

scoreof 32.6%.
In our experimentsye will use4 differentkindsof featurecombinations

Baseline The 6 baselinefeaturesusedin (Och, 2003),suchascostof word
penalty costof alignedtemplatepenalty

Best Feature: Baseline+ IBM Model 1 + matchedparentheses matched
quotationmarks+ POSlanguaganodel.
Top Twenty: Baselinet+ 14 featureswith individualBLEU scoreno lessthan
31.9%with the minimum errortraining.

Large Set Baseline+ 50 featureswith individual BLEU scoreno lessthan
31.7%with the minimum error training. Sincethe baselineas 31.6%andthe
95%confidencaangeis 0.9%, mostof the featuredn this setarenotindi-
vidually discrimnative with respecto the BLEU metric.

We applyAlgorithm 1 and2 to thefour featuresets.For algorithm1, thesplitting

algorithm we set in the 1000-bestranslationgyiven by the baselineMT
system. For algorithm 2, the ordinal regressionalgorithm, we set the updating
conditionas ; ; and ; » which meansone’s rank number

is at mosthalf of the others andthereare at least20 ranksin between. Figures
2-9 show the resultsof using Algorithm 1 and 2 with the four featuresets. The

-axisrepresentshe numker of iterationsin thetraining. Theleft -axisstandgor
the BLEU% scoreon the testdata,andthe right -axis standsfor log of the loss
functiononthedevelopnentdata.



Table 2: Comparisonbetweenthe minimum error training with discrimirative
rerankingon thetestdata(BLEU%)

| Algorithm | Baseline| BestFeat| FeatComb |

Minimum Error | 31.6 32.6 32.9
Splitting 31.7 32.8 32.6
Regression 31.4 32.7 32.9

Algorithm 1, the splitting algorithm corvergeson the first three featuresets.
The smallerthe featuresetis, the fasterthe algorithm corverges. It achieresa
BLEU scoreof 31.7%ontheBaseline 32.8%o0n the BestFeature put only 32.6%
on the Top Twenty features. However it is within the rangeof 95% confidence.
Unfortunatelyonthe Large Set,Algorithm 1 corvergesvery slowly.

In theTop Twentysetthereareafewernumberof individually non-discrimnative
featuremaking the pool of features‘better”. In addition, generalizatiorperfor
mancein the Top Twenty setis betterthanthe Large Setdueto the smallersetof
“better” features.If the numberof the non-discrininative featuress large enough,
the datasetbecomesunsplitable. We have tried usingthe trick asin (Li etal.,
2002)to make dataseparablartificially, buttheperformanceouldnotbeimproved
with suchfeatures.

We achieve similar resultswith Algorithm 2, the ordinalregressiorwith uneven
maigin. It corvergeson thefirst 3 featuresetstoo. On the Baseline,it achieves
31.4%.We noticethatthemodelis over-trainedonthedevelopnentdataaccording
to thelearningcurve. In the BestFeaturecatayory, it achieres32.7%,andon the
Top Twenty features;t achiaves32.9%. This algorithmdoesnot cornverge on the
Large Setin 10000iterations.

We compareourperceptron-like algorithmswith theminimum errortrainingused
in (SMT Team,2003)asshavn in Table2. Thesplitting algorithm achiesesslighty
betterresultson the Baselineandthe Best Featureset, while the minimum error
training and the regressionalgorithmtie for first place on featurecombinatioss.
However, the differencesarenot significant.

We noticein thoseseparabldeaturesetsthe performanceon the developnent
dataandthetestdataaretightly consisént. Wheneer thelog-loss on the develop-
mentsetis decreasechndBLEU scoreonthetestsetgoesup,andvice versa.This
tellsusthe merit of thesetwo algorithns; By optimizing onthelossfunctionfor the
developmentdata,we canimprove performanceon the testdata. This propertyis
guaranteedby thetheoreticalanalysisandis borneoutin the experimenal results.



4 LTAG Treebark

The framavork of Lexicalized Tree Adjoining Grammar(LTAG) (Joshiand Sch-
abes, 1997) provides representation$or deeperlinguistic information such as
predicate-agumentinformation, selectionalinformation, and scopeinformation
(multi-componentLTAG). In LTAG, eachword in a sentencds associatedvith
an elementarytree Elementarytreesare put togetherby substitdion or adjunc-
tion. Thetreecorrespondindo the compositon of the elementarytreesis called
the derivation tree of the sentenceand the tree resultingfrom carrying out the
compositon is calledthe derivedtreeof thesentence.

TheXTAG project(XTAG-Group,2001)hasimplementedh handcraftednglish
grammar The XTAG EnglishGrammarcontainsabout1094elementantrees,di-
videdinto 52 treefamiliesandabout218individual trees. Treefamiliesrepresent
subcatgorization frames. The lexicon contains30,000uninflectedforms of word,
eachof which is associateavith a setof elementarytreesor tree-amiliesaswell
asthefeatureequationslts morphdatabaseonsistsof approximately317,000in-
flecteditems. Sarkar(1996)reporteda rule basedparserusingthe XTAG English
Grammar Unfortunately we cannotusethe XTAG grammairin a statistcal parser
dueto thelack of alarge LTAG treebankor thegrammar

In orderto overcomethis problem,JoshiandSrinivas(1994) firstimplemeneda
superta@ (elementarytreeor treesassociateavith alexical item) corpusby extract-
ing it from the PennTreebank(PTB) (Marcuset al., 1994),usingheuristicrules.
Dueto variouslimitations of this systemgextractedsupertag®f thewordsin asen-
tencecannotalwaysbe successfullyput together Xia (2001)andChen(2001)de-
scribeddeterministt systemghatextractLTAG-stylegrammargrom PTB. In their
systemsthe headtable (Magerman,1995)andthe PTB functionaltagswereused
to solve disambguationin extraction. Chiang(2000) reporteda similar method
to extract an LTAG like treebankfrom PTB, and usedit in a statisticalparser
Shenetal. (2003 employed a similar techniqueto inducean LTAG treebank to
beusedin aparsererankingsystem.

In thesd_. TAG grammarandtreebanknduction systemsgeterminsticruleswere
usedto solvetheambiguty in theelementaryreeextractionprocessHowever, it is
clearthatdeterminisic rulesarenotenoughto solve ambiguily in extraction,espe-
cially in thecaseof theargument-adjunatistinction. In this paperwe will propose
a statistcal approachand treebankinduction systemsbhasedon the Expectation-
Maximization (EM) algorithm (Dempsteret al., 1977). Sincethe EM algorithm
is usedto provide the maximumilik elihoodestimateof the hiddendata,the LTAG
derivationtreesin thisapplication|t is naturalfor usto usethisalgorithmto induce
theLTAG dermationtreesfrom the PTB treeswhichis theobseneddatain our EM
algorithm In (ChiangandBikel, 2002),the EM algorithmwasemployedto obtain



thepreprocessingtructurego beusedin Treebankbasedoarsing.

In the previousextractionwork, only thePennTreebankvasusedasinput. There
exist otherlinguistic resourcesvhich we believe areusefulin LTAG grammarand
treebankinduction In particular we will focus on the PennPropositionBank
(Propbank)Kingshkury andPalmer 2002),which providesarich setof predicate-
argumentannotationon the PTB. In this paper we will shov how to useall these
linguistic resourcen our statistcal LTAG extractionsystem.

4.1 A Statistical Approach

In thissectionwe will proposean Expectation-Maxnizationframenork for LTAG
treebankinduction. The EM Algorithm is a generalmethodof searchingthe
maximunilik elihood estimateof the parameter®f the hiddendatafrom the ob-
seneddata.

As far as LTAG grammarand treebankextractionis concernedthe obsened
datais a setof sentencesvith structureconstraintsassociatedo eachsentence.
For example, partially bracletedsentencessin (Pereiraand Schabes1992)can
be usedasthe obsered data. In this paperwe will mainly usefully bracleted
PTB sentenceastheobseneddatain EM. FurthermorePTB treeswith Propbank
annotatiorwill beemplo/edastheobsereddata.

TheLTAG derivationtreefor eachobsenredsentencés treatedasthehiddendata
in the EM model. EachPTB treeis decomposethto a setlexicalizedelementary
trees.Theseelementaryreesarecombinedogethelby subsitution andadjunction,
constituing the PTB tree or the LTAG derived tree. The LTAG derivation tree
representsvhatthelexicalizedelementaryreesareandhow they areputtogether

4.2 BasicEM
Weuse  torepresenasinglesampleuse torepresena setof samplesand
use to represenarandomvariablefor asinglesampleLet betheparameter

variable,and thegivenparametefor thelaststep,whichis constant.
In the E step,the EM algorithm first compuesthe expectedvalue of complete

datalog-likelihood ( | ) with respectto the obsened dataand currentpa-
rameterestimates , whichis

C ) C 1)

In the M step,the EM algorithmsearchedor the next parameteestimatesy
maximizing the expectation



4.3 EM for Derivation TreeExtraction

Throughouthis paper standgor the obseneddatawhichisthe PTB tree,and
standdor the hiddendatawhichis the LTAG derivation tree.
Let the obsered data be , and the hidden data be
respectrely, where s the size of the dataset. Thusthe func-
tionin EM is definedas

() c C ) Cch ) 3)

Since
C 1) ) 1)

and ( | )isirrelevantto in maximizationwecanredefine () asfollows
for the sale of simdicity.

¢ ) c C ) 1) (4)

c C 1 Cc 1) (5)

where ; isthenumberof possibledistincthiddenstructuregor theobseredsam-
ple

4.4 UsingLinguistic Resources

A fundamentaproblemof usingEM in naturallanguages thatthe EM algorithm
doesnotguarante¢o corvergeto aglobalmaximum of thelik elihood,andthelocal
maximumthat EM finds dependson the initial parametersetting For example,
PereiraandSchabe$1992)shovedthatthe context free grammaidearnedfrom an
EM algorithmis usuallynotlinguistically motivated.

Oneof the soluionsto this problemis to applylinguistic knowledgeto treebank
induction By usinglinguisic knowledgederivedfrom richerresourcesuchasthe
XTAG EnglishGrammarandthe Propbankjn our case,we will be ableto select
the initial parametersloseto a corvergencepoint at which the resultingLTAG
grammarandtreebankarelinguistically soundandto limit the searchspace.

As far asour EM algorithmis concernedlinguigtic knowledge is employed to
decreasehe spaceof hiddenstructures.In this way, we cangreatly decreasehe
numberof the possilte hiddenstructuressoasto limit the searchspaceaswell as
theinitial setting.



Sincewe usePennTreebankastheinput of the induction,we only needto con-
siderthe derivaton treeswhosecorrespondinglerivedtreeis compatiblewith the
PTB tree. Our methodof extractingderivation treesfrom PTB treesis similar to
thealgorithns usedin (Xia, 2001)and(Chen,2001). Thedifferences thatherewe
maintaintheambiguityin extraction,i.e. agument-adjuctiomlistinction,insteadof
usedeterministt rulesbasedon PTB annotationwhich is not enoughto solve the
ambiguit.

We useshakedforestrepresentll the possilbe derivation treesfor a givenPTB
tree. PTB tags,Propbankdagsandthe XTAG formalismwere usedto constrain
the spaceof all possibé derivation trees.For exampk, the predicate-agumenttags
in Propbankareusedto recognizepredicateauxiliary structuressuchas“Johnis
supposedb take 5 courseghis semester"wherethepredicatestructurdas supposed
modifiestake, andJohnis anagumentof take. However, the useof Propbankags
cannotsolve all the ambiguites. In the Propbankamgumentsandadjunctsare not
distinguished For exampk, anPropBankargumentwith thematicrole locationcan
be eitheran argumentor an adjunctin LTAG, dependingon the individual lexical
item. In this case,we maintainboth choicesin our sharedforest. Anyway, the
Propbankagshelpusto find all theargumentsandadjunctsfor eachpredicate.

45 Modell

Basedon how we compute ( | ), we will proposetwo modelsfor LTAG
treebanknduction.Model 1 is anunlexicalizedmodelandmodel2, which we will
describen thenext section,is alexicalizedmodel.

In modell, eachhiddenstructure canbedecomposedsa setof 3-tuples.

ni | , and

where ; isthenumberof nodesn thederivation treerepresentetty
Eachnoden in thederivationtreeis representewith a3-tuple( p ), where

is theelementaryreeof n extractedfrom PTB,
p is the parentelementarytreeof n,
isthelo ationonp andthetypethat is attached,

Thenwe compute ( | )as

( |) (z|pz z) (6)



For the sale of simpicity, we define

where
p (7)
We have
( 1) (8)
1
Now we combine(8) with (5). Since ( | ) is constantvhich canbecom-
putedwith (8), weuse , torepresenit. Thus
()
; ( ) 9)
i 1 1
i (20)

Thenwe searchfor nev by solving

()

with constraint{7). We solve  asfollows. For eachpairof (p ) in (7), we add
alLagranganultiplier . Accordingto (10),for ary fixed p

( ) (11)

where
@ )l pi P o
Havingp fixed,summing over , solvingfor , weget

(12)



Solvingfor with (11) and(12), we get

i i

(13)is theupdateequationof the EM algorithmfor LTAG derivation treeextrac-
tion. Although theinferenceis complicatedtherule of parameteupdatingis very
simple. The new parametersrreachiezed by maximunmlik elihoad estimatia with
respectre to thedistribution givenin thelaststep.

In (13), we sumup over all the possble deepstructuresn set . A naveimple-
mentationsto enumeratall theelementsn , whichis of exponenial compleity.
The methodthe avoid this is to usea dynamicprogrammingalgorithmsimilar to
thelnside-Outsieé algorithmin (PereiraeandSchabes] 992). However, thesituaton
hereis morecomplicated.

In (Peraéra and Schabes1992),only CFGsof Chomsk normal-form(CNF) is
underconsideration The bottom-upinside computatio andthe top-dovn outside
computatiom canbedefinedrecursvely with respecto thewordindicesneatly For
us,thesearclspacas theLTAG derivation treeshatgeneratehe LTAG derivedtree
in PTB style,asdescribedn thesectiord.4. Herewe will introduceinside-out&le
algorithns over the sharedorestof derivation trees.

The sharedforestfor a given PTB treeis a directedagyclic graph(DAG). Each
noden; representan elementarytree anchoredon word ;. Eachnoden; hasp;
slots,numteredfrom 1 to p;. Eachslot ; is associatedvith ; childrennodes,
whichare ;1 ;2 i , Where p; and ; . Eachslot ;
represents substittion or adjunctionat someposition of n;, Furthermoregach
noden; is alsoassociatedavith asetof parentnodes ;1 2  ; Obvioudy n;
is oneof the parentnodesfor ary child node ;

Thetheinside-outsile probabiliiesaredefinedasfollows. First, theinside prob-
ability

(n:) (i) (i lmi i) (14)

if n; isnotaleafnode.Otherwise (n;)
Let i in  p beanindex function,
suchthat (n;) . Then,theoutsideprobability

(1) (n) (niln )



where meanghatn; isinthe  slotof n 's,if n; is nottherootnode. Otherwise

(n;) . Then,for ary elementarytreep and
()

() (T ) (15)
where

(1)

(o) () (i Ini 4)
n ()
(i) Cilmi o) (16)

and isthesetof all derivationforestsfor thetreesin the PTB.

In orderto computeinside-outsideprobability andreestimatedistribution recur
sive, we first run atopologicalsortingover the DAG. The resultof thetopolagical
sortingis an array of nodesthat respectdependenceelation betweenthe nodes.
Thuswe canreadnodedrom left to right or from right to left to implementbottom-
up or top-down visiting respectiely.

4.6 Model 2
In model2, eachhiddenstructure canbedecomposedsa setof 4-tuples.

n | ; and
where ; is the numberof nodesin the derivaion treerepresentedy . Each

noden in thederivation treeis representedvith a4-tuple( p ), where
is theelementaryreeof n extractedfrom the PTB,
p is the parentelementarytreeof n,
isthelo ationonp andthetypethat is attached,

is thelexical item or surface ord of

2\We put a uniqueartificial root nodeover all the rootsin the sharedforestthatrepresenall the derivation
treesfor agiven PTB sentence.



Thenwe compute ( | )as

1

For the sale of simpicity, we define

(lp )
(1)
where
p (17)
(18)
Thuswe decompose into ( ).
We have
( )
1
(19)
Similarly, solving and ,weget
where
(G )l pi D o
@ )l i

Theinside-ousidealgorithmfor model2 is similar to thatfor modell. Thereis
aslight difference.Now we needto take ( | ) into account.For exampk, now
theinside probabilty

(n:) (ilni) (i) (i fm a)

if n; is notaleafnode.Otherwise (n;) ( 4lng).



4.7 Experiments and Analysis

In this sectionwe reportthe experimentson the PennTreebank.

Figure 10 and 11 show statigics of the grammarsextractedfrom all the WSJ
sectionsof PTB with model1l andmodel2. The X axis representshe roundsof
EM algorithm.TheY axisin Figure10representthe entropy estimate

() () (22)

thatsumsover all thesentencesn . TheY axisin Figurell standgor the num-
ber of elementarytreesobtainedby selectingthe derivation tree with the highest
probability for eachPTB tree.

The uniform distribution is usedin theinitial setting. For both models,the en-
tropy dropssignificantlyin thefirst roundof EM, but doesnot changemuchafter
words.

The numberof all the possble elementarytreesis 11918. With model 1, the
numberis decreasetb 10062,andwith model2, thenumberis decreasetb 10156.
Model 2 obtainsmore elementarjtreesthanmodell. Thereasons thatthe lexi-
calizedmodelpreferselementarytreesof low frequeng dueto the introductian of
theemit probabilty onlexical items.

Figure 12 showv the corvergencecurves. The X axis representshe numberof
sectionsusedin grammarextraction. TheY axisstandgor the numberof elemen-
tary treesobtainedby selectingthe derivation treewith the highestprobability for
eachPTB tree. The performanceof modell andmodel 2 roughly the same.The
numberof elementaryreedoesnot cornvergewith respecto thesizeof thedataset,
which wasthe sameasthe previousworksin (Xia, 2001;Chen,2001).

5 Conclusions

We have successfullyappliedthe discriminative rerankingto machinetranslation.
We applieda new perceptron-lile spliting algorithm andordinal regressionalgo-
rithm with unevenmaigin to rerankingin MT. We provide atheoreticajustification
for the performanceof the splitting algorithms Experimentakesultsprovidedin
this papershow thatthe proposedalgorithns provide state-of-the-arperformance
in theNIST 2003Chinese-Englistarge datatrack evaluatian.

As an effort of building linguistic resourcehatwill be usefulin featureextrac-
tion in MT reranking,we have proposeda methodfor LTAG treebankinduction
for extractingdeepetinformation from richerresourceandwe have given inside-
outsidealgorithmsover LTAG derivation sharedforests. In our approachwe use
variouslinguistic resourcesn LTAG treebankinduction,which includesthe Penn
Treebank Propbankand XTAG English Grammar The experimentalresultswith
Model 1 and2 arepromisng.
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