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Abstract

We describetheapplicationof discriminative rerankingtechniquesto the
problemof machinetranslation. We reportexperimentalresultson the
NIST 2003Chinese-Englishlargedatatrackevaluation,andprovide the-
oreticalanalysisof our algorithms andexperimentsthat verify that our
algorithmsprovidestate-of-the-artperformancein machinetranslation.

In orderto build resourceto be usedin linguistic featureextraction, we
proposeEM algorithmsfor LTAG treebankinduction. We illustrateour
approachby showing how to usericher resourcesfor this induction, in
particular, thePennTreebank,Propbank,andXTAG English Grammar.

1 Intr oduction

In recentlyyears,statistical approach(Brown et al., 1990)hasbeensuccessfully
employed in theMachineTranslation (MT). Basedon thestatisticalMT systems,
discriminativetraining(Och,2003)hasshown theadvantageof globaloptimization
andflexibility of featureselection. In this project,we explore the applicationof
discriminative rerankingto statisticalmachinetranslation.

Thesecondpartof this projectis aboutthe linguistic featuresto beusedin MT
reranking. The main effort of our work is to extract an treebankfor Lexicalized
TreeAdjoiningGrammar(LTAG)(JoshiandSchabes,1997).TheLTAGframework
providesanaturalextensionof thephrase-basedmodels.�
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1.1 Statistical Machine Translation

TheseminalIBM models(Brown etal.,1990)werethefirst to introducegenerative
modelsto theMT task. TheIBM modelsappliedthesequencelearningparadigm
well-known from Hidden Markov Models in speechrecognitionto the problem
of MT. The sourceandtarget sentenceswere treatedasthe observations, but the
alignmentsweretreatedashiddeninformation learnedfrom paralleltextsusingthe
EM algorithm. Thissource-channelmodeltreatedthetaskof findingtheprobability���
	���
�� , where	 is thetranslationin thetarget(English) languagefor agivensource
(foreign)sentence
 , astwo generativeprobabilitymodels:thelanguagemodel����	��
which is a generative probability over candidatetranslations and the translation
model���

���	�� which is a generativeconditional probabilityof thesourcesentence
givenacandidatetranslation	 .

Thelexiconof thesingle-wordbasedIBM modelsdoesnottakewordcontext into
account.This meansunlikely alignmentsarebeingconsideredwhile training the
modelandthis alsoresultsin additionaldecodingcomplexity. SeveralMT models
wereproposedasextensions of the IBM modelswhich usedthis intuition to add
additionallinguistic constraintsto decreasethe decodingperplexity and increase
thetranslation quality.

WangandWaibel(1998)proposedanSMT modelbasedon phrase-basedalign-
ments.Sincetheir translationmodelreorderedphrasesdirectly, it achievedhigher
accuracy for translationbetweenlanguageswith different word orders. In (Och
andWeber, 1998; Och et al., 1999),a two-level alignmentmodelwasemployed
to utilize shallow phrasestructures:alignmentbetweentemplateswasusedto han-
dle phrasereordering,andword alignmentswithin a templatewereusedto handle
phraseto phrasetranslation.

However, phraselevel alignment cannothandlelong distancereorderingeffec-
tively. Parsetreeshavealsobeenusedin alignmentmodels.Wu (1997) introduced
constraintson alignments usinga probabilistic synchronouscontext-freegrammar
restrictedto Chomsky-normalform. (Wu, 1997)wasanimplicit or self-organizing
syntaxmodelasit did notuseaTreebank.YamadaandKnight (2001)usedastatis-
tical parsertrainedusinga Treebankin thesourcelanguageto produceparsetrees
andproposeda treeto stringmodelfor alignment. Gildea(2003)proposeda treeto
treealignmentmodelusingoutputfrom astatisticalparserin bothsourceandtarget
languages.Thetranslation modelinvolvedtreealignmentsin whichsubtreecloning
wasusedto handlecasesof reorderingthatwerenot possible in earliertree-based
alignmentmodels.

Experiencewith source-channelmodelsin MT hasshown that it is difficult to
improve themodelswith locality constraintswhile at thesametime expandingthe
context requiredto produceaccuratealignmentsduringtraininganddecoding.



1.2 Discriminati veModels for MT

OchandNey (2002) proposeda framework for MT basedon directtranslation,us-
ing theconditional model ����	���
�� estimatedusinga maximum entropy model. A
small numberof featurefunctionsdefinedon thesourceandtarget sentencewere
usedto rerankthetranslationsgeneratedby a baselineMT system.While thetotal
numberof featurefunctionswassmall,eachfeaturefunctionwasacomplex statis-
tical modelby itself, asfor example, thealignmenttemplatefeaturefunctionsused
in thisapproach.

Och(2003)describedtheuseof minimum error trainingdirectly optimizing the
error rate on automaticMT evaluation metricssuchas BLEU. The experiments
showedthat this approachobtainssignificantlybetterresultsthanusingthemaxi-
mummutual informationcriteriononparameterestimation. Thisapproachusedthe
samesetof featuresasthealignmenttemplateapproachin (OchandNey, 2002).

SMT Team(2003) alsousedminimum error trainingasin Och(2003),but used
a largenumberof featurefunctions.More than450differentfeaturefunctionswere
usedin orderto improvethesyntacticwell-formednessof MT output.By reranking
a 1000-bestlist generatedby thebaselineMT systemfrom Och(2003),theBLEU
(Papinenietal.,2001)scoreonthetestdatasetwasimprovedfrom 31.6%to 32.9%.

1.3 Reranking Techniques

Likemachinetranslation,parsingis anotherfield of naturallanguageprocessingin
which generative modelshave beenwidely used. In recentyears,rerankingtech-
niques,especiallydiscriminative reranking,have resultedin significantimprove-
mentsin parsing.Variousmachinelearningalgorithmshavebeenemployedin parse
reranking,suchasBoosting(Collins, 2000),Perceptron(Collins andDuffy, 2002)
andSupportVectorMachines(ShenandJoshi,2003). The rerankingtechniques
have resultedin a 13.5%error reductionin labeledrecall/precisionover theprevi-
ousbestgenerative parsingmodels.Discriminative rerankingmethodsfor parsing
typically usethenotionof amargin asthedistancebetweenthebestcandidateparse
andtherestof theparses.Thererankingproblemis reducedto aclassificationprob-
lemby usingpairwisesamples.

In thefield of machinelearning,aclassof tasks(calledrankingor ordinal regres-
sion) aresimilar to thererankingtasksin NLP. Oneof themotivationsof thispaper
is to apply rankingor ordinal regressionalgorithms to MT reranking. In the pre-
viousworkson rankingor ordinalregression,themargin is definedasthedistance
betweentwo consecutiveranks.Two largemargin approacheshavebeenused.One
is the PRankalgorithm,a variantof the perceptronalgorithm, that usesmultiple
biasesto representtheboundariesbetweenevery two consecutive ranks(Crammer
andSinger, 2001;Harrington,2003).However, aswe will show in section2.7,the



PRankalgorithmdoesnot work on the rerankingtasksdueto the introduction of
global ranks.Theotherapproachis to reducetherankingproblemto a classifica-
tion problemby usingthemethodof pairwisesamples(Herbrichet al., 2000).The
underlyingassumption is thatthesamplesof consecutive ranksareseparable.This
maybecomea problemin thecasethatranksareunreliablewhenrankingdoesnot
stronglydistinguishbetweencandidates.This is justwhathappensin rerankingfor
machinetranslation.

1.4 Linguistic Feature and ResourceBuilding

In (SMT Team,2003), 450 featureson variouslinguistic levels have beenused
in MT reranking. However, the resultsshow that the major improvementcomes
from theIBM Model 1 feature,a featuredefinedon theword level, while all other
linguistic featuresonly result in 0.1% improvementin BLEU score. So it is an
interestingtopiconwhatkind of linguistic featuresareusefulin MT Reranking.

Takingintoaccountof thesuccessaswell asthepotential problemsof thephrase-
basedapproachin statisticalmachinetranslation,we plan to use linguistic fea-
turesdefinedonLexicalizedTreeAdjoining Grammar(LTAG) (JoshiandSchabes,
1997).

Firstly, underthe LTAG framework, we caneasilyhandlethe the long distance
relationthanksto theadjunctionoperation.This couldbeviewedasa naturalex-
tensionof thephrase-basedapproachin machinetranslation.

Onetheotherhand,wewill simplify theinternalstructureof thelow level struc-
tures,i.e. of baseNP, by introducing sisteradjunction, soasto simulate the treat-
mentof phrasebasedapproachon templates,which hasbeenprovedsuccessfulin
a lot of previousworks(Och,2003).

However, thereis onething thatpreventsusfrom usingtheLTAG basedlinguis-
tic features,abi-lingual treebankfor LTAG styleEnglishgrammar. A feasibleway
to get an LTAG treebankis to extract it from othertreebanks,i.e. PennTreebank
(Marcuset al., 1994). Therehasbe a few researcheson extractingLTAG Tree-
bankfrom PennTreebank(Xia, 2001;Chen,2001).However, theextractedLTAG
grammaris not noisy. With theintroductionof PennPropositionBank(Propbank)
(Kingsbury andPalmer, 2002),it will be interestingto extract an LTAG treebank
from thePropbank,whichcontainsmoreinformationthanthePennTreebank.

1.5 Summary of Research

We proposedtwo novel perceptron-like rerankingalgorithms that improve on the
quality of machinetranslationover thebaselinesystembasedon evaluation using
the BLEU metric. We appliedthesetwo algorithms on the NIST 2003Chinese-
Englishlargedatatrackevaluation,whichwaspreviously CLSPSummerworkshop
2004. We alsoprovided theoreticalanalysisof our algorithms, and experiments



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

As to linguistic featureextraction,ourmainwork is aboutbuilding anLTAG tree-
bank,which canbeusedin traininganLTAG-basedfeatureextractionsystem.We
proposednovel EM algorithms for LTAG treebankinduction,andpresentinside-
outsidealgorithmsonLTAGderivationsharedforest.Weemployedricherresources
for this induction, in particular, thePennTreebank,Propbank,andXTAG English
Grammar. WehopethattheLTAG treebankwill beusefulin theso-calledsemantic
parsing,whichwill beusedtherich featureextractionfor MT reranking.

2 Discriminati veReranking for Machine Translation

Thererankingapproachfor MT is definedasfollows: First,abaselinesystemgen-
erates� -bestcandidates.Featuresthat canpotentially discriminatebetweengood
vs. bad translations are extractedfrom these � -bestcandidates.Thesefeatures
arethenusedto determinea new rankingfor the � -bestlist. The new top ranked
candidatein this � -bestlist is ournew bestcandidatetranslation.

2.1 Advantagesof Discriminati veReranking

Discriminative rerankingallows usto useglobalfeatureswhichareunavailablefor
the baselinesystem. Second,we canusefeaturesof variouskinds andneednot
worry aboutfine-grainedsmoothing issues.Finally, thestatistical machinelearning
approachhasbeenshown to be effective in many NLP tasks. Rerankingenables
rapidexperimentationwith complex featurefunctions, becausethecomplex decod-
ing stepsin SMT aredoneonceto generatetheN-bestlist of translations.

2.2 Problemsapplying reranking to MT

First, we considerhow to apply discriminative rerankingto machinetranslation.
We may directly usethosealgorithms that have beensuccessfullyusedin parse
reranking.However, we immediatelyfind that thosealgorithmsarenot asappro-
priate for machinetranslation. Let 	�� be the candidateranked at the � th position
for thesourcesentence,whererankingis definedon thequality of thecandidates.
In parsereranking,we look for parallelhyperplanessuccessfullyseparating	�� and	�� �!�!� " for all thesourcesentences,but in MT, for eachsourcesentence,we have a
setof referencetranslations insteadof a single gold standard.For this reason,it is
hardto definewhich candidatetranslationis thebest.Supposewe have two trans-
lations,oneof which is closeto referencetranslationref# while theotheris closeto
referencetranslationref$ . It is difficult to saythatonecandidateis betterthanthe
other.

Althoughwe might inventmetricsto definethequalityof a translation, standard
rerankingalgorithms cannotbe directly appliedto MT. In parsereranking,each
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Figure1: Splitting for MT Reranking

trainingsentencehasa rankedlist of 27 candidateson average(Collins,2000),but
for machinetranslation, the number of candidatetranslations in the � -bestlist is
muchhigher. (SMT Team,2003)show thatto geta reasonableimprovementin the
BLEU scoreat least1000candidatesneedto beconsideredin the � -bestlist.

In addition,theparallelhyperplanesseparating	�� and 	�� �!�!� " actuallyareunable
to distinguishgoodtranslationsfrom badtranslations, sincethey arenot trainedto
distinguishany translationsin 	%� �!�!� " . Furthermore,many goodtranslations in 	�� �!�!� "
maydiffer greatlyfrom 	�� , sincetherearemultiple references.Thesefactscause
problemsfor theapplicabilityof rerankingalgorithms.

2.3 Splitting

Ourfirst attemptto handlethisproblemis to redefinethenotionof goodtranslations
versusbadtranslations.Insteadof separating	�� and 	�� �!�!� " , we saythetop & of the
� -besttranslationsaregoodtranslations,andthebottom ' of the � -besttranslations
are bad translations, where &)(*',+-� . Then we look for parallel hyperplanes
splitting thetop & translationsandbottom ' translationsfor eachsentence.Figure
1 illustratesthissituation, where�/.1032�45&6.87 and '9.:7 .

2.4 Ordinal Regression

Furthermore,if we only look for thehyperplanesto separatethegoodandthebad
translations, we, in fact, discardthe orderinformation of translationsof the same
class. Maybeknowing that 	;��<=< is betterthan 	���< � may be uselessfor training to
someextent, but knowing 	>� is betterthan 	�?=<=< is useful, if &@.A7B2B2 . Although
we cannotgive an affirmative answerat this time, it is at leastreasonableto use



theorderinginformation. Theproblemis how to usetheorderinginformation. In
addition,we only want to maintainthe orderof two candidatesif their ranksare
far away from eachother. On the other hand,we do not carethe order of two
translationswhoseranksarevery close,e.g.100and101.Thusinsensitiveordinal
regressionis moredesirableandis theapproachwe follow in thispaper.

2.5 Uneven Mar gins

However, rerankingis not anordinal regressionproblem.In rerankingevaluation,
we areonly interestedin thequality of the translationwith thehighestscore,and
we do not carethe orderof badtranslations. Thereforewe cannotsimply regard
a rerankingproblemas an ordinal regressionproblem,sincethey have different
definitionsfor thelossfunction.

As far as linear classifiersareconcerned,we want to maintain a larger margin
in translationsof high ranksanda smallermargin in translationsof low ranks.For
example,

margin �
	%� 4 	�?=<C�ED margin �
	%� 4 	>��<C�ED margin ��	F� � 4 	�?=<C�
The reasonis that the scoringfunction will be penalizedif it cannot separate	G�
from 	���< , but not for thecaseof 	�� � versus	F?=< .
2.6 Lar geMar gin Classifiers

Therearequiteafew linearclassifiers1 thatcanseparatesampleswith largemargin,
suchasSVMs (Vapnik,1998),Boosting(Schapireet al., 1997),Winnow (Zhang,
2000)andPerceptron(Krauth andMezard,1987). The performanceof SVMs is
superiorto otherlinearclassifiersbecauseof their ability to margin maximization.

However, SVMs are extremely slow in training since they need to solve a
quadraticprogrammingsearch.For example,SVMs evencannotbe usedto train
onthewholePennTreebankin parsereranking(ShenandJoshi,2003).Takingthis
into account,we useperceptron-like algorithms,sincetheperceptronalgorithmis
fastin trainingwhichallow usto do experiments on real-world data.Its largemar-
gin versionis ableto providerelatively goodresultsin general.

2.7 Pairwise Samples

In previouswork on thePRankalgorithm,ranksaredefinedon theentiretraining
andtestdata.Thuswecandefineboundariesbetweenconsecutive rankson theen-
tire data.But in MT reranking,ranksaredefinedovereverysinglesourcesentence.
For example,in our dataset,the rank of a translationis only the rank amongall
the translationsfor thesamesentence.Thetrainingdataincludesabout1000sen-
tences,eachof which normallyhas1000candidatetranslationswith theexception

1Herewe only considerlinearkernels suchaspolynomialkernels.



of shortsentencesthathaveasmallernumberof candidatetranslations.As aresult,
we cannotusethePRankalgorithmin thererankingtask,sincethereareno global
ranksor boundariesfor all thesamples.

However, theapproachof usingpairwisesamplesdoeswork. By pairingup two
samples,wecomputetherelativedistancebetweenthesetwo samplesin thescoring
metric. In thetrainingphase,weareonly interestedin whethertherelativedistance
is positiveor negative.

However, thesizeof generatedtrainingsampleswill bevery large. For � sam-
ples,thetotal numberof pairwisesamplesin (Herbrichet al., 2000)is roughly � �

.
In the next section,we will introducetwo perceptron-like algorithms that utilize
pairwisesampleswhile keepingthecomplexity of dataspaceunchanged.

3 Reranking Algorithms and Experiments

Consideringthedesideratadiscussedin thelastsection,wepresenttwo perceptron-
like algorithms for MT reranking.Thefirst oneis a splitting algorithmwhich has
similaritiesto aclassificationalgorithm.Theotherisordinalregressionwith uneven
margins.

3.1 Splitting

In this section,we will proposea splitting algorithmwhich separatestranslations
of eachsentenceinto two parts,thetop & translationsandthebottom ' translations.
All the separatinghyperplanesareparallelby sharingthe sameweight vector H .
The margin is definedon the distancebetweenthe top & itemsandthe bottom '
itemsin eachcluster, asshown in Figure1.

Let I �KJ L bethefeaturevectorof the MBNPO translationof the �QNPO sentence,and R �KJ L be
therankfor this translationamongall thetranslationsfor the � NPO sentence.Thenthe
setof trainingsamplesis:

S .*T � I �KJ L 45R �UJ LC�6� 0V+W�X+WYZ4[0\+�M�+W��]�4
whereY is thenumber of clustersand � is thelengthof ranksfor eachcluster.

Let ^ � I � ._H�`[abI bea linearfunction,where I is thefeaturevectorof a trans-
lation,and Hc` is a weightvector. We constructa hypothesisfunction dG`fe�gih j
with ^ asfollows.

d�` � I � 4lkmkUknI "B� .o&qpr�G' � ^ � I � � 4skUkmkU4t^ � I "q�u� 4
where &�pr�v' is a function that takesa list of scoresfor the candidatetranslations
computedaccordingto the evaluation metricandreturnsthe rank in that list. For
example&�pr�v' ��w 2�45xB2�4tyB2 � . � 0q4t7�4Cz � .



Algorithm 1 splitting
Require: &b4t' , andapositive learningmargin { .

1: |X} 2 , initialize H <
;

2: repeat
3: for ( �~.*0B4skUkmkU4 Y ) do
4: compute H N alI �KJ L , � L } 2 for all M ;
5: for ( 0V+�M����~+W� ) do
6: if � R �KJ L +�& and R �KJ ��� ����'\(o0 and H N alI �UJ L ��H N alI �KJ � (@{ ) then
7: � L }�� L (o0 ; � � }�� � ��0 ;
8: elseif � R �KJ L�� ����'�(�0 and R �UJ � +o& and H N auI �KJ L[D H N auI �KJ � ��{ ) then
9: � L }�� L �W0 ; � � } � � (�0 ;

10: end if
11: end for
12: H Nm� � }�H N (�� L � L I �KJ L ; |X}�|v(o0 ;
13: end for
14: until noupdatesmadein theouterfor loop

Thesplittingalgorithmsearchesa linearfunction ^ � I � .oH�`va�I thatsuccessfully
splits the top & -ranked andbottom ' -ranked translationsfor eachsentence,where
&[(o'�+�� . Formally, let � ` . � R `� 4lkUkmkm45R `" � .,d�` � I � 4lkmkUknI "B� for any linear function
^ . We look for thefunction ^ suchthat

R `� +W& if R � +W& (1)

R `� � ����'V(�0 if R ��� ����'\(�0q4 (2)

which meansthat ^ can successfullyseparatethe good translationsand the bad
translations.

Supposethereexistsalinearfunction ^ satisfying(1) and(2),wesay T � I �KJ L 45R �UJ LC� ]
is � � ����|=|�p��C��� by ^ given � 45& and ' . Furthermore,wecandefinethesplittingmargin¡ for thetranslationsof the � NPO sentenceasfollows.

¡ � ^;4 � � . ¢¤£K¥LC¦ §©¨«ª ¬ ­�® ^ � I �KJ L¯� � ¢�°�±LC¦ §©¨«ª ¬5²�"�³F´ � � ^
� I �KJ L¯�

Theminimalsplittingmargin, ¡ µm¶ �·� N , for ^ given � 4 & and ' is definedasfollows.
¡ µm¶ �n� N � ^ � . ¢¤£K¥� ¡ � ^;45� �

. ¢¤£K¥� � ¢9£U¥§©¨«ª ¬t­�® ^ � I �KJ L¯� � ¢9°b±§©¨«ª ¬5²�"�³F´ � � ^
� I �KJ L¯� �

Algorithm 1 is a perceptron-like algorithmthat looks for a function that splits
thetrainingdata.Theideaof thealgorithmis asfollows. For everytwo translations
I �KJ L and I �KJ � , if



¸ therankof I �KJ L is higherthanor equalto & , R �KJ L +W& ,

¸ therankof I �KJ � is lower than & , R �KJ ��� ����'\(�0 ,
¸ theweightvectorH cannotsuccessfullyseparate� I �UJ L and I �UJ �K� with alearning

margin { , H,alI �KJ L ��H,alI �KJ � (@{ ,

thenweneedto updateH with theadditionof I �KJ L ��I �KJ � . However, theupdatingis
not executeduntil all theinconsistentpairsin a sentencearefoundfor thepurpose
of speedingup the algorithm. Whensentence� is selected,we first compute and
store H N aBI �KJ L for all M . Thuswe do not needto recomputeH N arI �UJ L againin the
inner loop. Now thecomplexity of a repeat iterationis ¹ � Y�� � (�Y��Gº � , where º
is the averagenumberof active featuresin vector I �KJ L . If we updatedthe weight
vectorwheneveraninconsistentpairwasfound,thecomplexity of a loopwouldbe
¹ � Y�� � º � .

Thefollowing theoremwill show thatAlgorithm 1 will stopin finite steps,out-
putting a function that splits the training datawith a large margin, if the training
datais splittable. Due to lack of space,we omit the proof for Theorem1 in this
paper.

Theorem 1 Supposethe training samplesT � I �KJ L 45R �KJ LC� ] are � � ����|=|�p��C��� by a linear
functiondefinedon theweightvector H/» with a splitting margin ¡ , where �K� H�» �U� .
0 . Let ¼8.:Y�pB½ �UJ L��U� I �KJ LB�U� . ThenAlgorithm1 makesat most

"3¾�¿�¾ � �QÀÁ ¾ mistakesonthe
pairwisesamplesduring thetraining.

3.2 Ordinal Regression

Thesecondalgorithmthatwewill usefor MT rerankingis the Â -insensitiveordinal
regressionwith unevenmargin, asshown in Algorithm 2.

In Algorithm 2, thefunction ºr�=� is usedto control the level of insensitivity, and
the function Ã is usedto control the learningmargin betweenpairsof translations
with differentranksasdescribedin Section2.5. Therearemany candidatesfor Ã .
Thefollowing definitionfor Ã is oneof thesimplestsolutions.

Ã �P� 45Ä �ÆÅ 0� � 0
Ä

Wewill usethis functionin ourexperimentsonMT reranking.

3.3 Experiments and Analysis

WeprovideexperimentalresultsontheNIST 2003Chinese-English largedatatrack
evaluation. We usethe dataset usedin (SMT Team,2003). The training data
consistsof about170MEnglish words,on which thebaselinetranslationsystemis



Algorithm 2 ordinalregressionwith unevenmargin
Require: apositive learningmargin { .

1: |X} 2 , initialize H <
;

2: repeat
3: for (sentence�~.�0B4lkmkUkm45Y ) do
4: compute H N alI �KJ L and � L } 2 for all M ;
5: for ( 0V+�M����~+W� ) do
6: if � R �KJ L ��R �KJ � and ºr�=� � R �UJ L 45R �KJ �m�ED Â and H N amI �KJ L �ÇH N amI �UJ � ��Ã � R �KJ L 45R �KJ �m� { �

then
7: � L }�� L (@Ã � R �KJ L 4 R �KJ �m�CÈ
8: � � } � � ��Ã � R �KJ L 45R �KJ �P�CÈ
9: elseif � R �UJ L�D R �KJ � and ºr�=� � R �UJ L 4 R �KJ �m�ÉD Â and H N a�I �KJ � �ÊH N a>I �UJ L �

Ã � R �KJ � 45R �KJ LC� { � then
10: � L }�� L ��Ã � R �KJ � 45R �KJ L¯�¯È
11: � � } � � (@Ã � R �UJ � 45R �UJ LË�CÈ
12: end if
13: end for
14: H Nm� � }�H N ( � L � L I �KJ L ; |X}�|v(o0 ;
15: end for
16: until noupdatesmadein theouterfor loop

trained.Thetrainingdatais alsousedto build languagemodelswhich areusedto
definefeaturefunctionsonvarioussyntacticlevels.Thedevelopmentdataconsists
of 993 Chinesesentences.EachChinesesentenceis associatedwith 1000-best
Englishtranslationsgeneratedby thebaselineMT system. Thedevelopmentdata
set is usedto estimatethe parametersfor the featurefunctionsfor the purposeof
reranking.Thetestdataconsistsof 878Chinesesentences.EachChinesesentence
is associatedwith 1000-bestEnglish translationstoo. Thetestsetis usedto assess
thequalityof thererankingoutput.

In (SMT Team,2003), 450 featureswere generated.Six featuresfrom (Och,
2003)wereusedasbaselinefeatures.Eachof the 450 featureswasevaluatedin-
dependentlyby combiningit with 6 baselinefeaturesandassessingon thetestdata
with theminimumerrortraining. ThebaselineBLEU scoreonthetestsetis 31.6%.
Table1 shows someof thebestperformingfeatures.

In (SMT Team,2003),aggressive searchwasusedto combinefeatures.After
combining abouta dozenfeatures,theBLEU scoredid not improve any more,and
thescorewas32.9%.It wasalsonoticedthatthemajorimprovementcamefrom the
Model 1 feature.By combiningthe four features,Model 1, matchedparentheses,
matchedquotationmarksandPOSlanguagemodel,thesystemachieveda BLEU



Table1: BLEU scoresreportedin (SMT Team,2003). Every singlefeaturewas
combinedwith the6 baselinefeaturesfor thetrainingandtest.Theminimum error
training(Och,2003)wasusedon thedevelopmentdatafor parameterestimation.

Feature BLEU%

Baseline 31.6
POSLanguageModel 31.7
SupertagLanguageModel 31.7
WrongNN Position 31.7
WordPopularity 31.8
AlignedTemplateModels 31.9
Countof Missing Word 31.9
TemplateRight Continuity 32.0
IBM Model1 32.5

scoreof 32.6%.
In ourexperiments,we will use4 differentkindsof featurecombinations:

¸ Baseline: The 6 baselinefeaturesusedin (Och,2003),suchascostof word
penalty, costof alignedtemplatepenalty.¸ Best Feature: Baseline+ IBM Model 1 + matchedparentheses+ matched
quotationmarks+ POSlanguagemodel.¸ Top Twenty: Baseline+ 14 featureswith individualBLEU scoreno lessthan
31.9%with theminimumerrortraining.¸ Lar ge Set: Baseline+ 50 featureswith individual BLEU scoreno lessthan
31.7%with theminimum error training. Sincethebaselineis 31.6%andthe
95%confidencerangeis Ì 0.9%,mostof thefeaturesin this setarenot indi-
vidually discriminativewith respectto theBLEU metric.

WeapplyAlgorithm 1 and2 to thefour featuresets.For algorithm1, thesplitting
algorithm, we set 'Í.,7B2B2 in the1000-besttranslationsgivenby thebaselineMT
system. For algorithm 2, the ordinal regressionalgorithm, we set the updating
conditionas R �KJ LÏÎ zÐ�ÑR �KJ � and R �UJ L (Êzq2��ÒR �UJ � , which meansone’s rank number
is at mosthalf of the other’s andthereareat least20 ranksin between.Figures
2-9 show the resultsof usingAlgorithm 1 and2 with the four featuresets. The
½ -axisrepresentsthenumber of iterationsin thetraining.Theleft R -axisstandsfor
the BLEU% scoreon the testdata,andthe right R -axis standsfor log of the loss
functionon thedevelopmentdata.



Table 2: Comparisonbetweenthe minimum error training with discriminative
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, convergeson the first threefeaturesets.
The smaller the featureset is, the fasterthe algorithmconverges. It achieves a
BLEU scoreof 31.7%on theBaseline,32.8%on theBestFeature,but only 32.6%
on the Top Twenty features. However it is within the rangeof 95% confidence.
Unfortunatelyon theLargeSet,Algorithm 1 convergesveryslowly.

In theTopTwentysetthereareafewernumberof individuallynon-discriminative
featuremaking the pool of features“better”. In addition, generalizationperfor-
mancein theTop Twentysetis betterthantheLarge Setdueto thesmallersetof
“better” features.If thenumberof thenon-discriminative featuresis largeenough,
the datasetbecomesunsplittable. We have tried usingthe Ó trick asin (Li et al.,
2002)tomakedataseparableartificially, but theperformancecouldnotbeimproved
with suchfeatures.

We achieve similar resultswith Algorithm 2, theordinalregressionwith uneven
margin. It convergeson the first 3 featuresetstoo. On the Baseline,it achieves
31.4%.Wenoticethatthemodelis over-trainedonthedevelopmentdataaccording
to the learningcurve. In theBestFeaturecategory, it achieves32.7%,andon the
Top Twenty features,it achieves32.9%. This algorithmdoesnot convergeon the
LargeSetin 10000iterations.

Wecompareourperceptron-likealgorithmswith theminimumerrortrainingused
in (SMT Team,2003)asshown in Table2. Thesplittingalgorithm achievesslightly
betterresultson the Baselineandthe BestFeatureset,while the minimum error
training and the regressionalgorithmtie for first placeon featurecombinations.
However, thedifferencesarenotsignificant.

We notice in thoseseparablefeaturesetsthe performanceon the development
dataandthetestdataaretightly consistent. Whenever thelog-loss on thedevelop-
mentsetis decreased,andBLEU scoreonthetestsetgoesup,andviceversa.This
tellsusthemeritof thesetwo algorithms;By optimizing onthelossfunctionfor the
developmentdata,we canimprove performanceon the testdata. This propertyis
guaranteedby thetheoreticalanalysisandis borneout in theexperimental results.



4 LTAG Treebank

The framework of LexicalizedTreeAdjoining Grammar(LTAG) (JoshiandSch-
abes,1997) provides representationsfor deeperlinguistic information such as
predicate-argumentinformation, selectionalinformation, and scopeinformation
(multi-componentLTAG). In LTAG, eachword in a sentenceis associatedwith
an elementarytree. Elementarytreesareput togetherby substitution or adjunc-
tion. The treecorrespondingto the composition of the elementarytreesis called
the derivation tree of the sentence,and the tree resultingfrom carrying out the
composition is calledthederivedtreeof thesentence.

TheXTAG project(XTAG-Group,2001)hasimplementedahandcraftedEnglish
grammar. TheXTAG EnglishGrammarcontainsabout1094elementarytrees,di-
vided into 52 treefamiliesandabout218individual trees.Treefamiliesrepresent
subcategorization frames.Thelexicon contains30,000uninflectedformsof word,
eachof which is associatedwith a setof elementarytreesor tree-familiesaswell
asthefeatureequations.Its morphdatabaseconsistsof approximately317,000in-
flecteditems. Sarkar(1996)reporteda rule basedparserusingtheXTAG English
Grammar. Unfortunately, we cannotusetheXTAG grammarin a statistical parser
dueto thelackof a largeLTAG treebankfor thegrammar.

In orderto overcomethisproblem,JoshiandSrinivas(1994) first implementeda
supertag (elementarytreeor treesassociatedwith a lexical item)corpusby extract-
ing it from the PennTreebank(PTB) (Marcuset al., 1994),usingheuristicrules.
Dueto variouslimitationsof thissystem,extractedsupertagsof thewordsin asen-
tencecannotalwaysbesuccessfullyput together. Xia (2001)andChen(2001)de-
scribeddeterministic systemsthatextractLTAG-stylegrammarsfrom PTB.In their
systems,theheadtable (Magerman,1995)andthePTB functionaltagswereused
to solve disambiguation in extraction. Chiang(2000) reporteda similar method
to extract an LTAG like treebankfrom PTB, and usedit in a statisticalparser.
Shenet al. (2003) employed a similar techniqueto inducean LTAG treebank,to
beusedin aparsererankingsystem.

In theseLTAGgrammarandtreebankinduction systems,deterministicruleswere
usedto solvetheambiguity in theelementarytreeextractionprocess.However, it is
clearthatdeterministic rulesarenotenoughto solveambiguity in extraction,espe-
cially in thecaseof theargument-adjunctdistinction. In thispaper, wewill propose
a statistical approachand treebankinduction systemsbasedon the Expectation-
Maximization (EM) algorithm(Dempsteret al., 1977). Sincethe EM algorithm
is usedto provide themaximum-likelihoodestimateof thehiddendata,theLTAG
derivationtreesin thisapplication,it is naturalfor usto usethisalgorithmto induce
theLTAG derivation treesfrom thePTBtreeswhichis theobserveddatain ourEM
algorithm. In (ChiangandBikel, 2002),theEM algorithmwasemployedto obtain



thepreprocessingstructuresto beusedin Treebankbasedparsing.
In thepreviousextractionwork,only thePennTreebankwasusedasinput. There

exist otherlinguistic resourceswhich we believe areusefulin LTAG grammarand
treebankinduction. In particular, we will focus on the PennPropositionBank
(Propbank)(Kingsbury andPalmer, 2002),which providesa rich setof predicate-
argumentannotationon thePTB. In this paper, we will show how to useall these
linguistic resourcesin ourstatistical LTAG extractionsystem.

4.1 A Statistical Approach

In thissection,wewill proposeanExpectation-Maximizationframework for LTAG
treebankinduction. The EM Algorithm is a generalmethodof searchingthe
maximum-likelihoodestimateof the parametersof the hiddendatafrom the ob-
serveddata.

As far as LTAG grammarand treebankextraction is concerned,the observed
datais a set of sentenceswith structureconstraintsassociatedto eachsentence.
For example,partially bracketedsentencesasin (PereiraandSchabes,1992)can
be usedas the observed data. In this paperwe will mainly usefully bracketed
PTB sentencesastheobserveddatain EM. Furthermore,PTB treeswith Propbank
annotationwill beemployedastheobserveddata.

TheLTAGderivationtreefor eachobservedsentenceis treatedasthehiddendata
in theEM model. EachPTB treeis decomposedinto a setlexicalizedelementary
trees.Theseelementarytreesarecombinedtogetherby substitution andadjunction,
constituting the PTB tree or the LTAG derived tree. The LTAG derivation tree
representswhatthelexicalizedelementarytreesareandhow they areput together.

4.2 BasicEM

WeuseIÆ4 � to representasinglesample,useÔZ4 Õ to representasetof samples,and
usegÍ45j to representarandomvariablefor asinglesample.Let Ö betheparameter
variable,and Öb× thegivenparameterfor thelaststep,which is constant.

In the E step,the EM algorithm first computesthe expectedvalueof complete
datalog-likelihood Ø � gZ4 j � Ö � with respectto the observed dataandcurrentpa-
rameterestimatesÖ × , which is

Ù � Ö�4tÖ × � .8ÚcÛ!ÜKÝqÞßØ � gÍ45j � Ö �~� gÍ4tÖ ×nà
In the M step,the EM algorithmsearchesfor the next parameterestimatesby

maximizing theexpectation.

Ö » .8pr&�ÃFY�pr½%á Ù � Ö�45Ö × �



4.3 EM for Derivation TreeExtraction

Throughoutthis paper, ½ standsfor theobserveddatawhich is thePTB tree,and R
standsfor thehiddendatawhich is theLTAG derivation tree.

Let the observed data be Ô . T3IÆâ�4lkmkmkU4 IGã[] , and the hidden data be Õ .
T3� âb4lkmkmkU4 �Gã�] respectively, where ä is the sizeof the dataset. Thusthe

Ù
func-

tion in EM is definedas

Ù � ÖF4tÖ × �XÅ-åæqçsè � ÜUÝBÞéØ � gZ4u� � Ö �u� Ø � � � gÍ4tÖ × � (3)

Since
Ø � gÍ4 � � Ö × � .:Ø � � � gZ45Ö × � Ø � g � Ö × �

and Ø � g � Öb× � is irrelevantto Ö in maximization, wecanredefine
Ù � ÖF4tÖB× � asfollows

for thesakeof simplicity.

Ù � ÖF4tÖ × � . åæqçËè � ÜUÝBÞXØ � gÍ4 � � Ö �u� Ø � gÍ4 � � Ö × � (4)

.
êå�Pë��

ì ¨
åL ë�� � ÜKÝBÞXØ � Iví�4 �ví î � Ö �u� Ø � I�í�4 ��í î � Ö × � 4 (5)

whereï � is thenumberof possibledistincthiddenstructuresfor theobservedsam-
ple I�í .
4.4 Using Linguistic Resources

A fundamentalproblemof usingEM in naturallanguageis that theEM algorithm
doesnotguaranteeto convergeto aglobalmaximumof thelikelihood,andthelocal
maximumthat EM finds dependson the initial parametersetting. For example,
PereiraandSchabes(1992)showedthatthecontext freegrammarlearnedfrom an
EM algorithmis usuallynot linguistically motivated.

Oneof thesolutionsto thisproblemis to applylinguistic knowledgeto treebank
induction. By usinglinguistic knowledgederivedfrom richerresourcessuchasthe
XTAG EnglishGrammarandthe Propbank,in our case,we will be ableto select
the initial parameterscloseto a convergencepoint at which the resultingLTAG
grammarandtreebankarelinguisticallysound,andto limit thesearchspace.

As far asour EM algorithmis concerned,linguistic knowledge is employed to
decreasethe spaceof hiddenstructures.In this way, we cangreatlydecreasethe
numberof thepossible hiddenstructuressoasto limit thesearchspaceaswell as
theinitial setting.



Sincewe usePennTreebankastheinput of theinduction,we only needto con-
siderthederivation treeswhosecorrespondingderivedtreeis compatiblewith the
PTB tree. Our methodof extractingderivation treesfrom PTB treesis similar to
thealgorithmsusedin (Xia, 2001)and(Chen,2001).Thedifferenceis thatherewe
maintaintheambiguityin extraction,i.e. argument-adjuctiondistinction,insteadof
usedeterministic rulesbasedon PTB annotation, which is not enoughto solve the
ambiguity.

We useshared forestrepresentall thepossible derivation treesfor a givenPTB
tree. PTB tags,Propbankstagsandthe XTAG formalismwereusedto constrain
thespaceof all possible derivation trees.For example, thepredicate-argumenttags
in Propbankareusedto recognizepredicateauxiliary structures,suchas“John is
supposedto take5 coursesthissemester”,wherethepredicatestructureis supposed
modifiestake, andJohn is anargumentof take. However, theuseof Propbanktags
cannotsolve all theambiguities. In thePropbank,argumentsandadjunctsarenot
distinguished.For example,anPropBankargumentwith thematicrole locationcan
beeitheran argumentor an adjunctin LTAG, dependingon the individual lexical
item. In this case,we maintainboth choicesin our sharedforest. Anyway, the
Propbanktagshelpusto find all theargumentsandadjunctsfor eachpredicate.

4.5 Model 1

Basedon how we compute Ø � I�í�4 �ví î � Ö � , we will proposetwo modelsfor LTAG
treebankinduction.Model1 is anunlexicalizedmodelandmodel2, whichwewill
describein thenext section,is a lexicalizedmodel.

In model1, eachhiddenstructure�~í î canbedecomposedasasetof 3-tuples.

��í îA. T�� �nLu´F� 'f.*0B4skUkmkU4 S �nL ]�4 and

� �!Lu´ . � | �nLu´ 4 �>�nL�´ 45ð �nL�´l� 4
where

S �!L is thenumberof nodesin thederivation treerepresentedby �Æí î .
Eachnode� in thederivationtreeis representedwith a3-tuple � |C4 � 4tð � , where

¸ | is theelementary| reeof � extractedfrom PTB,

¸�� is the � arentelementarytreeof � ,

¸ ð is thelo ð ationon � andthetypethat | is attached,

ThenwecomputeØ � I�í î54 ��í î � Ö � as

Ø � Iví
4u��í î � Ö � .
ñ ¨ ¬ò
´5ë�� Ø á � | �!Lu´�� �>�nL�´ 45ð �nL�´l� (6)



For thesakeof simplicity, wedefine

ó á ô
N J ¶ J õQö . Ø á � | � � 4tð �

where

å
N

ó á ô
N J ¶ J õQö .10�÷ � 4tð (7)

Wehave

Ø � Iví
4u��í î � Ö � .
ñ ¨ ¬ò
´5ë�� ó á ô

N ¨ ¬�ø J ¶ ¨ ¬�ø J õ ¨ ¬�ø ö (8)

Now wecombine(8) with (5). Since Ø � I�í�4 ��í î � Ö × � is constantwhichcanbecom-
putedwith (8), weuse ^ áQù�nL to representit. Thus

Ù � ÖF4tÖ × �
.

êå�Pë��
ì ¨
åL ë�� ^ áQù�!L ÜKÝBÞXØ � I�í
4 ��í î � Ö � (9)

.
êå�Pë��

ì ¨
åL ë�� ^ á ù�!L

ñ ¨ ¬
å´të�� ÜKÝBÞ ó á ô

N ¨ ¬�ø J ¶ ¨ ¬�ø J õ ¨ ¬�ø ö (10)

Thenwesearchfor new Ö by solving

pr&bÃFY�pB½%úlû Ù � Ö�4tÖ × � 4
with constraints(7). We solve ó á

asfollows. For eachpair of �«� 4tð � in (7), we add
aLagrangemultiplier Ó ¶ J õ . Accordingto (10), for any fixed |C4 � 45ð

ü
ü ó á ô N J ¶ J õQö

Û åý �KJ L�J ´5þ çsÿ���� ª � ª ��� ^ á ù�nL ÜUÝBÞ ó á ô
N J ¶ J õQö

( å
¶ J õ Ó ¶ J õC��å

N �
ó á ô

N � J ¶ J õQö ��0 � à .82�4 (11)

where 	 ô
N J ¶ J õQö .*T � �u4=MB4C' �~� | �!Lu´ .W|C4 �>�nL�´ . � 4tð �nL�´ .:ð3]�k

Having � 4tð fixed,summing over | , solving for Ó ¶ J õ , weget

Ó ¶ J õ .1� å
N �

åý �KJ L�J ´tþ çlÿ
��� � ª � ª ��� ^ á ù�nL (12)



Solvingfor ó á ô
N J ¶ J õ=ö with (11)and(12),weget

ó á ô
N J ¶ J õQö . � ý �UJ L�J ´tþ çlÿ ��� ª � ª ��� ^ á ù�nL

� N � � ý �KJ L�J ´5þ çsÿ ��� � ª � ª ��� ^ á ù�nL (13)

(13) is theupdateequationof theEM algorithmfor LTAG derivation treeextrac-
tion. Although theinferenceis complicated,therule of parameterupdatingis very
simple. Thenew parametersareachievedby maximum-likelihood estimation with
respective to thedistribution givenin thelaststep.

In (13),we sumupoverall thepossible deepstructuresin set
	

. A naive imple-
mentationis to enumerateall theelementsin

	
, whichis of exponential complexity.

The methodthe avoid this is to usea dynamicprogrammingalgorithmsimilar to
theInside-Outsidealgorithmin (PereiraandSchabes,1992).However, thesituation
hereis morecomplicated.

In (Pereira andSchabes,1992),only CFGsof Chomsky normal-form(CNF) is
underconsideration. Thebottom-upinsidecomputation andthetop-down outside
computation canbedefinedrecursively with respectto theword indicesneatly. For
us,thesearchspaceis theLTAGderivation treesthatgeneratetheLTAGderivedtree
in PTB style,asdescribedin thesection4.4. Herewewill introduceinside-outside
algorithms over thesharedforestof derivation trees.

Thesharedforestfor a givenPTB treeis a directedacyclic graph(DAG). Each
node � � representan elementarytreeanchoredon word 
 � . Eachnode � � has �>�
slots,numberedfrom 1 to ��� . Eachslot ð �nL is associatedwith Ä �nL childrennodes,
which are d �!LC� 4Cd �nL�� 4lkmkUk d �nLu´ 4lkmkUk , where 0/+1M�+ ��� and 0�+ '�+ÒÄ �nL . Eachslot ð �nL
representsa substitution or adjunctionat someposition of � � , Furthermore,each
node� � is alsoassociatedwith a setof parentnodesÃ �K� 4 Ã � � 4lkmkUknÃ ��� 4skUkmk Obviously � �
is oneof theparentnodesfor any child node d �!Lu´ .

Thetheinside-outsideprobabilitiesaredefinedasfollows. First, theinsideprob-
ability

� � � ��� . ò
L å ´ � � d �nL�´l� Ø � d �nLu´r� � � 4tð �nLË� (14)

if � � is nota leafnode.Otherwise
� � � �
� .�0 .

Let
� º�eX�lYc|Ckn|��s½�4��%0Bk yBzq2B2qx��F032���0B0q0 w e 0��@e z��B���Q�t����ÚV½ � be an index function,

suchthat
� º � � �
� .�� . Then,theoutsideprobability

¹ � � �
� . å�«¦ � ë���� ý�� ¨���þ ¹ � � �m� Ø � � � � � � 4tð �PJ  3�
! ò #"ërL å ´ � � d � Lu´s� Ø � d � Lu´r� � � 45ð � L¯� 4



where½ meansthat � � is in the ½%NPO slotof � � ’s, if � � is nottherootnode2. Otherwise
¹ � � ��� .10 . Then,for any elementarytree� and Ä

$Ø �P�Æ� Ä�4tð � . � ñ ï �P� � ÄF4tð �
� ñ �  ï � ½ � Ä�4tð � (15)

where

ï � � � �%4tð � .
å"l¨më&%tJ õ�¨ ¬ ë>õQJ O ¨ ¬�ø ë&'

� � d �nL�´l� ¹ � � ��� Ø � d �nLu´�� � � 4tð �nL¯�� � &�()(�| �! ò
§�"ërL å+* � � d � § * � Ø � d � §

* � � � 4tð � §s� 4 (16)

and
S

is thesetof all derivationforestsfor thetreesin thePTB.
In orderto computeinside-outsideprobability andreestimatedistribution recur-

sive,we first run a topologicalsortingover theDAG. Theresultof thetopological
sorting is an arrayof nodesthat respectdependencerelationbetweenthe nodes.
Thuswecanreadnodesfrom left to right or from right to left to implementbottom-
upor top-down visiting respectively.

4.6 Model 2

In model2, eachhiddenstructure�~í î canbedecomposedasasetof 4-tuples.

��í îA. T�� �nLu´F� 'f.*0B4skUkmkU4 S �nL ]�4 and

� �!Lu´ . � | �nLu´ 4 �>�nL�´ 45ð �nL�´ 4,
 �nLu´s� 4
where

S �nL is the numberof nodesin the derivation treerepresentedby � í î . Each
node� in thederivation treeis representedwith a 4-tuple � |C4 � 45ðb4�
 � , where

¸ | is theelementary| reeof � extractedfrom thePTB,

¸�� is the � arentelementarytreeof � ,

¸ ð is thelo ð ationon � andthetypethat | is attached,

¸ 
 is thelexical itemor surface 
 ordof |
2We put a uniqueartificial root nodeover all the rootsin thesharedforestthat representall thederivation

treesfor agivenPTBsentence.



ThenwecomputeØ � I�í î54 ��í î � Ö � as

Ø � I�í�4 ��í î � Ö � .
ñ ¨ ¬ò
´të�� Ø á � | �nLu´�� ���nLu´ 4tð �nLu´s� Ø á � 
 �nL�´�� | �nLu´s�

For thesakeof simplicity, wedefine

ó á ô
N J ¶ J õQö . Ø á � | � � 4tð �- áô
N J .;ö . Ø á � 
 � | �

where

å
N

ó á ô
N J ¶ J õQö .10�÷ � 4tð (17)

å . - áô
N J .�ö .10�÷;| (18)

ThuswedecomposeÖ into ��ó á 4 - á � .
Wehave

Ø � Iví
4u��í î � Ö � .
ñ ¨ ¬ò
´të�� ó á ô

N ¨ ¬�ø J ¶ ¨ ¬�ø J õ ¨ ¬�ø ö! - áô
N ¨ ¬�ø J . ¨ ¬�ø ö (19)

Similarly, solving
- á

and ¡ á , weget

ó á ô
N J ¶ J õQö . � ý �UJ L�J ´tþ çlÿ ��� ª � ª ��� ^ áQù�nL

� N � � ý �KJ L�J ´5þ çsÿ���� � ª � ª ��� ^ á ù�nL (20)

- áô
N J .;ö . � ý �KJ L©J ´tþ ç�/
��� ª 0 � ^ á ù�nL

� . � � ý �KJ L©J ´tþ ç�/ ��� ª 0 � � ^ á ù�nL (21)

where 	 ô
N J ¶ J õQö .*T � �u4=MB4C' �~� | �!Lu´ .W|C4 �>�nL�´ . � 4tð �nL�´ .:ð3]�41 ô

N J .;ö .*T � �u4=MB4C' �~� | �nL�´ .�|C4,
 �nLu´ .2
 ]�k
Theinside-outsidealgorithmfor model2 is similar to thatfor model1. Thereis

a slight difference.Now we needto take Ø � 
 � | � into account.For example, now
theinside probability� � � �
� .:Ø � 
 ��� � ��� ò L å ´ � � d �nL�´l� Ø � d �nLu´�� � � 4tð �nL¯�

if � � is nota leafnode.Otherwise
� � � �
� .�Ø � 
 � � � �
� .



4.7 Experiments and Analysis

In thissection,we reporttheexperimentson thePennTreebank.
Figure10 and 11 show statistics of the grammarsextractedfrom all the WSJ

sectionsof PTB with model1 andmodel2. The X axis representsthe roundsof
EM algorithm.TheY axisin Figure10 representstheentropy estimate3 ��4 � .1� å®6575 N ç ñ ÜKÝBÞ � � &#()(�| � (22)

thatsumsover all thesentencesin
S

. TheY axis in Figure11 standsfor thenum-
ber of elementarytreesobtainedby selectingthe derivation treewith the highest
probability for eachPTB tree.

Theuniform distribution is usedin the initial setting. For bothmodels,the en-
tropy dropssignificantlyin thefirst roundof EM, but doesnot changemuchafter-
words.

The numberof all the possible elementarytreesis 11918. With model1, the
numberis decreasedto 10062,andwith model2, thenumberis decreasedto 10156.
Model 2 obtainsmoreelementarytreesthanmodel1. The reasonis that the lexi-
calizedmodelpreferselementarytreesof low frequency dueto theintroduction of
theemitprobability on lexical items.

Figure12 show the convergencecurves. The X axis representsthe numberof
sectionsusedin grammarextraction.TheY axisstandsfor thenumberof elemen-
tary treesobtainedby selectingthederivation treewith thehighestprobability for
eachPTB tree. The performanceof model1 andmodel2 roughly thesame.The
numberof elementarytreedoesnotconvergewith respectto thesizeof thedataset,
whichwasthesameasthepreviousworksin (Xia, 2001;Chen,2001).

5 Conclusions

We have successfullyappliedthe discriminative rerankingto machinetranslation.
We applieda new perceptron-like splitting algorithm andordinal regressionalgo-
rithm with unevenmargin to rerankingin MT. Weprovideatheoreticaljustification
for the performanceof the splitting algorithms. Experimentalresultsprovided in
this papershow that theproposedalgorithms providestate-of-the-artperformance
in theNIST 2003Chinese-Englishlargedatatrackevaluation.

As aneffort of building linguistic resourcethatwill beusefulin featureextrac-
tion in MT reranking,we have proposeda methodfor LTAG treebankinduction
for extractingdeeperinformation from richer resourcesandwe have given inside-
outsidealgorithmsover LTAG derivationsharedforests. In our approach,we use
variouslinguistic resourcesin LTAG treebankinduction,which includesthePenn
Treebank,PropbankandXTAG English Grammar. Theexperimentalresultswith
Model1 and2 arepromising.
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Figure2: SplittingonBaseline
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Figure3: Splitting onBestFeature
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Figure4: SplittingonTopTwenty
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Figure5: Splitting onLargeSet
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Figure6: OrdinalRegressiononBaseline
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Figure7: OrdinalRegressiononBestFeature
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Figure8: OrdinalRegressiononTopTwenty
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Figure9: OrdinalRegressiononLargeSet
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