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Abstract

Thispaperdescribestheapplicationof discrim-
inative rerankingtechniquesto theproblemof
machinetranslation. For eachsentencein the
sourcelanguage,weobtainfrom abaselinesta-
tisticalmachinetranslationsystem,aranked � -
bestlist of candidatetranslationsin the target
language.We introducetwo novel perceptron-
inspiredrerankingalgorithmsthat improve on
the quality of machine translation over the
baselinesystembasedon evaluationusingthe
BLEU metric.Weprovideexperimentalresults
on the NIST 2003Chinese-Englishlarge data
track evaluation. We also provide theoretical
analysisof ouralgorithmsandexperimentsthat
verify thatour algorithmsprovide state-of-the-
artperformancein machinetranslation.

1 Intr oduction

The noisy-channelmodel(Brown et al., 1990)hasbeen
the foundationfor statisticalmachinetranslation(SMT)
for over ten years. Recentlyso-calledrerankingtech-
niques,suchasmaximumentropy models(OchandNey,
2002)andgradientmethods(Och,2003),have beenap-
plied to machinetranslation(MT), and have provided
significant improvements. In this paper, we introduce
two novel machinelearning algorithmsspecializedfor
theMT task.

Discriminative reranking algorithms have also con-
tributed to improvementsin natural languageparsing
and taggingperformance.Discriminative rerankingal-
gorithmsusedfor theseapplicationsincludePerceptron,
BoostingandSupportVectorMachines(SVMs). In the
machinelearningcommunity, somenovel discriminative
ranking(alsocalledordinal regression)algorithmshave
beenproposedin recentyears. Basedon this work, in
this paper, we will presentsomenovel discriminative
rerankingtechniquesappliedto machinetranslation.The
rerankingproblemfor naturallanguageis neithera clas-
sification problemnor a regressionproblem,andunder
certainconditionsMT rerankingturnsout to bequitedif-
ferentfrom parsereranking.

In this paper, we considerthe specialissuesof apply-
ing rerankingtechniquesto the MT task and introduce
two perceptron-likererankingalgorithmsfor MT rerank-
ing. We provide experimentalresultsthat show that the
proposedalgorithmsachievestart-of-the-artresultsonthe
NIST 2003Chinese-Englishlargedatatrackevaluation.

1.1 GenerativeModels for MT

The seminal IBM models (Brown et al., 1990) were
the first to introducegenerative modelsto the MT task.
TheIBM modelsappliedthesequencelearningparadigm
well-known from Hidden Markov Models in speech
recognitionto the problemof MT. The sourceand tar-
get sentenceswere treatedas the observations,but the
alignmentswere treatedas hidden information learned
from paralleltexts usingtheEM algorithm.This source-
channelmodeltreatedthe taskof finding theprobability�������	��
 , where � is thetranslationin thetarget(English)
languagefor a givensource(foreign)sentence� , astwo
generative probabilitymodels:the languagemodel ������

which is a generative probability over candidatetransla-
tionsandthetranslationmodel�����
����
 which is a gener-
ativeconditionalprobabilityof thesourcesentencegiven
a candidatetranslation� .

Thelexiconof thesingle-wordbasedIBM modelsdoes
not take word context into account.This meansunlikely
alignmentsarebeingconsideredwhile trainingthemodel
and this also resultsin additionaldecodingcomplexity.
Several MT modelswereproposedasextensionsof the
IBM modelswhich usedthis intuition to addadditional
linguistic constraintsto decreasethedecodingperplexity
andincreasethetranslationquality.

Wang and Waibel (1998) proposedan SMT model
basedon phrase-basedalignments. Sincetheir transla-
tion modelreorderedphrasesdirectly, it achievedhigher
accuracy for translationbetweenlanguageswith differ-
ent word orders. In (Och andWeber, 1998; Och et al.,
1999),a two-level alignmentmodelwasemployedto uti-
lize shallow phrasestructures:alignmentbetweentem-
plateswas usedto handlephrasereordering,and word
alignmentswithin a templatewereusedto handlephrase
to phrasetranslation.

However, phraselevel alignmentcannothandlelong



distancereorderingeffectively. Parse trees have also
beenusedin alignmentmodels. Wu (1997) introduced
constraintson alignments using a probabilistic syn-
chronouscontext-free grammarrestrictedto Chomsky-
normal form. (Wu, 1997) was an implicit or self-
organizingsyntaxmodelasit did notuseaTreebank.Ya-
madaandKnight (2001)useda statisticalparsertrained
usingaTreebankin thesourcelanguageto produceparse
treesandproposeda treeto string modelfor alignment.
Gildea(2003)proposedatreeto treealignmentmodelus-
ing outputfrom astatisticalparserin bothsourceandtar-
getlanguages.Thetranslationmodelinvolvedtreealign-
mentsin which subtreecloningwasusedto handlecases
of reorderingthatwerenot possiblein earliertree-based
alignmentmodels.

1.2 Discriminati veModels for MT

OchandNey (2002) proposedaframework for MT based
ondirecttranslation,usingtheconditionalmodel����������

estimatedusing a maximum entropy model. A small
numberof featurefunctionsdefinedon the sourceand
targetsentencewereusedto rerankthetranslationsgen-
eratedby a baselineMT system. While the total num-
berof featurefunctionswassmall,eachfeaturefunction
was a complex statisticalmodel by itself, as for exam-
ple, thealignmenttemplatefeaturefunctionsusedin this
approach.

Och(2003) describedtheuseof minimumerror train-
ing directly optimizing the error rate on automaticMT
evaluation metrics such as BLEU. The experiments
showedthat this approachobtainssignificantlybetterre-
sults than using the maximummutual information cri-
terion on parameterestimation.This approachusedthe
samesetof featuresasthe alignmenttemplateapproach
in (OchandNey, 2002).

SMT Team(2003) also usedminimum error training
asin Och(2003), but usedalargenumberof featurefunc-
tions. More than 450 different featurefunctions were
usedin order to improve the syntacticwell-formedness
of MT output.By rerankinga1000-bestlist generatedby
thebaselineMT systemfrom Och(2003), theBLEU (Pa-
pinenietal.,2001)scoreonthetestdatasetwasimproved
from 31.6%to 32.9%.

2 Ranking and Reranking

2.1 Reranking for NLP tasks

Likemachinetranslation,parsingis anotherfield of natu-
ral languageprocessingin which generativemodelshave
beenwidely used.In recentyears,rerankingtechniques,
especiallydiscriminative reranking,have resultedin sig-
nificantimprovementsin parsing.Variousmachinelearn-
ing algorithmshave beenemployed in parsereranking,
suchasBoosting(Collins,2000),Perceptron(Collinsand

Duffy, 2002) and SupportVector Machines(Shenand
Joshi,2003).Thererankingtechniqueshaveresultedin a
13.5%errorreductionin labeledrecall/precisionover the
previousbestgenerative parsingmodels.Discriminative
rerankingmethodsfor parsingtypically usethenotionof
amargin asthedistancebetweenthebestcandidateparse
andthe restof the parses.The rerankingproblemis re-
ducedto a classificationproblemby usingpairwisesam-
ples.

In (ShenandJoshi,2004),we have introduceda new
perceptron-like ordinal regressionalgorithm for parse
reranking. In that algorithm,pairwisesamplesareused
for training andmargins aredefinedas the distancebe-
tweenparsesof differentranks. In addition,the uneven
margin techniquehasbeenusedfor thepurposeof adapt-
ing ordinal regressionto rerankingtasks. In this paper,
we apply this algorithm to MT reranking,and we also
introducea new perceptron-like rerankingalgorithmfor
MT.

2.2 Ranking and Ordinal Regression

In the field of machinelearning,a classof tasks(called
rankingor ordinal regression) aresimilar to the rerank-
ing tasksin NLP. One of the motivationsof this paper
is to apply ranking or ordinal regressionalgorithmsto
MT reranking. In the previous works on rankingor or-
dinal regression,the margin is definedas the distance
betweentwo consecutive ranks. Two large margin ap-
proacheshave beenused. One is the PRankalgorithm,
a variant of the perceptronalgorithm, that usesmulti-
ple biasesto representtheboundariesbetweenevery two
consecutive ranks(CrammerandSinger, 2001;Harring-
ton,2003).However, aswe will show in section3.7, the
PRankalgorithm doesnot work on the rerankingtasks
due to the introductionof global ranks. The other ap-
proachis to reducetherankingproblemto aclassification
problemby usingthe methodof pairwisesamples(Her-
brich et al., 2000).Theunderlyingassumptionis thatthe
samplesof consecutive ranksare separable.This may
becomea problemin the casethat ranksare unreliable
whenrankingdoesnotstronglydistinguishbetweencan-
didates. This is just what happensin rerankingfor ma-
chinetranslation.

3 Discriminati veReranking for MT

The rerankingapproachfor MT is definedas follows:
First,abaselinesystemgenerates� -bestcandidates.Fea-
turesthat canpotentiallydiscriminatebetweengoodvs.
bad translationsare extractedfrom these � -bestcandi-
dates. Thesefeaturesarethenusedto determinea new
rankingfor the � -bestlist. Thenew toprankedcandidate
in this � -bestlist is our new bestcandidatetranslation.



3.1 Advantagesof Discriminati veReranking

Discriminativererankingallowsusto useglobalfeatures
which areunavailablefor the baselinesystem. Second,
we canusefeaturesof variouskindsandneednot worry
aboutfine-grainedsmoothingissues.Finally, the statis-
tical machinelearningapproachhasbeenshown to be
effective in many NLP tasks. Rerankingenablesrapid
experimentationwith complex featurefunctions,because
thecomplex decodingstepsin SMT aredoneonceto gen-
eratetheN-bestlist of translations.

3.2 Problemsapplying reranking to MT

First, we considerhow to applydiscriminative reranking
to machinetranslation.We maydirectly usethosealgo-
rithms thathave beensuccessfullyusedin parsererank-
ing. However, we immediatelyfind thatthosealgorithms
are not as appropriatefor machinetranslation. Let ���
bethecandidaterankedat the � th positionfor thesource
sentence,whererankingis definedon the quality of the
candidates.In parsereranking,we look for parallelhy-
perplanessuccessfullyseparating��� and ��������� � for all the
sourcesentences,but in MT, for eachsourcesentence,
we havea setof referencetranslationsinsteadof a single
gold standard.For this reason,it is hardto definewhich
candidatetranslationis the best. Supposewe have two
translations,one of which is closeto referencetransla-
tion ref� while theotheris closeto referencetranslation
ref� . It is difficult to saythatonecandidateis betterthan
theother.

Although we might invent metricsto definethe qual-
ity of a translation,standardrerankingalgorithmscan-
not be directly appliedto MT. In parsereranking,each
training sentencehasa ranked list of 27 candidateson
average(Collins, 2000),but for machinetranslation,the
numberof candidatetranslationsin the � -bestlist is much
higher. (SMT Team,2003)show that to geta reasonable
improvementin theBLEU scoreat least1000candidates
needto beconsideredin the � -bestlist.

In addition,theparallelhyperplanesseparating��� and��������� � actuallyareunableto distinguishgoodtranslations
from badtranslations,sincethey arenot trainedto distin-
guishany translationsin ��������� � . Furthermore,many good
translationsin � ������� � may differ greatly from � � , since
therearemultiple references.Thesefactscauseproblems
for theapplicabilityof rerankingalgorithms.

3.3 Splitting

Our first attemptto handlethis problemis to redefinethe
notion of good translationsversusbad translations.In-
steadof separating� � and � ������� � , we saythetop � of the� -besttranslationsaregoodtranslations,andthebottom�

of the � -besttranslationsare bad translations,where
�! �#" � . Thenwe look for parallelhyperplanessplit-
ting the top � translationsandbottom

�
translationsfor

X2

X1

score−metric
W

margin

bad translations

good translations

others

Figure1: Splitting for MT Reranking

eachsentence.Figure1 illustratesthis situation,where�%$'&�(�) � $+* and
� $,* .

3.4 Ordinal Regression

Furthermore,if weonly look for thehyperplanesto sepa-
ratethegoodandthebadtranslations,we,in fact,discard
the order information of translationsof the sameclass.
Maybeknowing that ���.-/- is betterthan ���0-1� maybeuse-
lessfor trainingto someextent,but knowing ��� is better
than ��2 -/- is useful,if � $3*4(	( . Althoughwe cannotgive
anaffirmativeanswerat this time, it is at leastreasonable
to usethe orderinginformation. The problemis how to
usethe orderinginformation. In addition,we only want
to maintaintheorderof two candidatesif their ranksare
far away from eachother. On theotherhand,we do not
carethe orderof two translationswhoseranksarevery
close,e.g. 100and101. Thusinsensitive ordinal regres-
sion is moredesirableandis the approachwe follow in
this paper.

3.5 UnevenMar gins

However, rerankingis not an ordinal regressionprob-
lem. In rerankingevaluation,weareonly interestedin the
quality of the translationwith the highestscore,andwe
do not carethe orderof badtranslations.Thereforewe
cannotsimply regarda rerankingproblemasan ordinal
regressionproblem,sincethey have differentdefinitions
for thelossfunction.

As far as linear classifiersareconcerned,we want to
maintaina largermargin in translationsof highranksand
a smallermargin in translationsof low ranks.For exam-
ple,

margin ��� � )5��2 - 
76 margin ��� � )/� �.- 
76 margin ��� �8� )5��2 - 

Thereasonis that thescoringfunctionwill bepenalized



if it cannot separate��� from ���.- , but not for thecaseof���8� versus� 2 - .
3.6 Lar geMar gin Classifiers

Thereare quite a few linear classifiers1 that can sepa-
ratesampleswith large margin, suchasSVMs (Vapnik,
1998),Boosting(Schapireetal.,1997),Winnow (Zhang,
2000)andPerceptron(Krauth andMezard,1987). The
performanceof SVMs is superiorto other linear classi-
fiersbecauseof their ability to margin maximization.

However, SVMs areextremelyslow in training since
they needto solve a quadraticprogrammingsearch.For
example,SVMsevencannotbeusedto trainonthewhole
PennTreebankin parsereranking(ShenandJoshi,2003).
Taking this into account,we use perceptron-like algo-
rithms,sincethe perceptronalgorithmis fastin training
which allow usto do experimentson real-world data.Its
largemargin versionis ableto providerelatively goodre-
sultsin general.

3.7 Pairwise Samples

In previouswork on the PRankalgorithm,ranksarede-
fined on the entire training and testdata. Thuswe can
defineboundariesbetweenconsecutive rankson the en-
tire data.But in MT reranking,ranksaredefinedoverev-
ery singlesourcesentence.For example,in our dataset,
the rank of a translationis only the rank amongall the
translationsfor thesamesentence.The trainingdatain-
cludesabout1000sentences,eachof whichnormallyhas
1000 candidatetranslationswith the exceptionof short
sentencesthathave a smallernumberof candidatetrans-
lations. As a result,we cannotusethe PRankalgorithm
in the rerankingtask,sincethereareno global ranksor
boundariesfor all thesamples.

However, theapproachof usingpairwisesamplesdoes
work. By pairing up two samples,we computethe rel-
ative distancebetweenthesetwo samplesin the scoring
metric. In the training phase,we areonly interestedin
whethertherelativedistanceis positiveor negative.

However, the size of generatedtraining sampleswill
be very large. For � samples,the total numberof pair-
wisesamplesin (Herbrichet al., 2000)is roughly � � . In
thenext section,wewill introducetwo perceptron-likeal-
gorithmsthatutilize pairwisesampleswhile keepingthe
complexity of dataspaceunchanged.

4 Reranking Algorithms

Consideringthe desideratadiscussedin the last sec-
tion, we presenttwo perceptron-like algorithmsfor MT
reranking.Thefirst oneis a splitting algorithmspecially
designedfor MT reranking,which hassimilarities to a

1Herewe only considerlinear kernelssuchaspolynomial
kernels.

classificationalgorithm. We alsoexperimentedwith an
ordinalregressionalgorithmproposedin (ShenandJoshi,
2004). For thesake of completeness,we will briefly de-
scribethealgorithmhere.

4.1 Splitting

In this section, we will proposea splitting algorithm
which separatestranslationsof eachsentenceinto two
parts,thetop � translationsandthebottom

�
translations.

All theseparatinghyperplanesareparallelby sharingthe
sameweightvector 9 . Themargin is definedon thedis-
tancebetweenthetop � itemsandthebottom

�
itemsin

eachcluster, asshown in Figure1.
Let : �<; = be the featurevectorof the >	?�@ translationof

the �A?�@ sentence,and B ��; = be the rank for this translation
amongall the translationsfor the �C?�@ sentence.Thenthe
setof trainingsamplesis:D $'EF� : ��; =	) B �<; =�
G��& " � "IH )J& " > " �LK4)
where

H
is thenumberof clustersand � is thelengthof

ranksfor eachcluster.
Let M � : 
N$ 9PORQ�: bea linearfunction,where: is the

featurevectorof a translation,and 9PO is aweightvector.
We constructa hypothesisfunction S OUTWVYX[Z with M
asfollows.

S O � : � )]\^\_\ : � 
`$ ��a � � � M � : � 
1)�\_\_\^) M � : � 
5
1)
where��a � � is a functionthattakesa list of scoresfor the
candidatetranslationscomputedaccordingto theevalua-
tion metricandreturnstherank in that list. For example
��a � � ��b4(�)dcF(�)/e	(4
L$'�d&	)/*�)/f4
 .

The splitting algorithm searchesa linear function
M � : 

$ 9POgQh: that successfullysplits the top � -ranked
and bottom

�
-ranked translationsfor each sentence,

where �
 �'" � . Formally, let i O $j� B O� )�\_\^\_) B O� 
k$
SlO � : ��)]\^\_\ : ��
 for any linear function M . We look for the
function M suchthat

B O� " � if B � " � (1)

B O�km �kn �  & if B � m ��n �  &	) (2)

which meansthat M can successfullyseparatethe good
translationsandthebadtranslations.

Supposethereexistsa linear function M satisfying(1)
and (2), we say E�� : ��; =	) B ��; =�
8K is o �Wp �Aq.q0a�r p�s by M given�t) � and

�
. Furthermore,we candefinethesplittingmar-

gin u for thetranslationsof the �A?�@ sentenceasfollows.

u � M ) � 
t$ vxw^y=8z {/|<} ~1�l� M � : ��; =�
Ln v����=8z { |�} ~1� ��������� M � : �<; =�

The minimal splitting margin, u������ � ? , for M given�t) � and

�
is definedasfollows.

u ����� � ? � M 
�$ vxw_y� u � M ) � 

$ vxw_y� ��vxw^y{8|<} ~��l� M � : �<; =�
tn v����{8|�} ~ � ��������� M � : �<; =�
5




Algorithm 1 splitting
Require: � ) � , andapositive learningmargin � .
1: q`� ( , initialize 9 - ;
2: repeat
3: for ( � $'&4)�\_\^\_) H ) do
4: compute9�?�Q�: �<; = , � = � ( for all > ;
5: for ( & " >P� p " � ) do
6: if � B �<; = " � and B ��; � m ��n �  & and 9�?7Q

: ��; = �I9�?�Q]: �<; �  �� ) then
7: � = ��� =  & ; � � ��� � nI& ;
8: elseif � B ��; = m ��n �  & and B ��; �

" � and 9�?hQ
: ��; =�6 9�?�Q]: �<; � n � ) then

9: � = ��� =�n�& ; � � ��� �  & ;
10: end if
11: end for
12: 9�? ��� ��9�?� I� = � = : ��; = ; q`��q� & ;
13: end for
14: until no updatesmadein theouterfor loop

Algorithm 1 is a perceptron-like algorithmthat looks
for a functionthatsplitsthetrainingdata.Theideaof the
algorithmis as follows. For every two translations: ��; =
and : ��; � , if

� therankof : �<; = is higherthanor equalto � , B ��; = " � ,
� therankof : ��; � is lower than � , B ��; � m ��n

�  & ,
� the weight vector 9 can not successfullyseparate� : �<; = and : ��; � 
 with a learningmargin � , 9�Q�: ��; = �
9�Q�: ��; �  �� ,

thenweneedto update9 with theadditionof : �<; =tn : ��; � .
However, the updatingis not executeduntil all the in-
consistentpairs in a sentenceare found for the purpose
of speedingup the algorithm. When sentence� is se-
lected,wefirst computeandstore9 ? Q.: �<; = for all > . Thus
we do not needto recompute9�?�Q4: ��; = againin the in-
ner loop. Now the complexity of a repeat iteration is  � H � �  H ��¡F
 , where¡ is theaveragenumberof active
featuresin vector : �<; = . If we updatedthe weight vector
wheneveraninconsistentpair wasfound,thecomplexity
of a loopwouldbe

  � H � � ¡�
 .
Thefollowing theoremwill show thatAlgorithm 1 will

stop in finite steps,outputtinga 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.

Theorem1 Supposethe training samplesEF� : ��; =	) B �<; =�
1K
are o �Wp �Aq.q0a�r p�s by a linear functiondefinedon theweight
vector 9k¢ with a splitting margin u , where �^� 9k¢ �^�L$£& .
Let ¤ $ H aF¥ ��; = �_� : ��; = �^� . ThenAlgorithm1 makesat most�h¦5§¨¦5���/©ª ¦ mistakes on the pairwise samplesduring the
training.

Algorithm 2 ordinalregressionwith unevenmargin
Require: apositive learningmargin � .
1: q`� ( , initialize 9 - ;
2: repeat
3: for (sentence� $«&4)�\_\^\_) H ) do
4: compute9�?�Q�: �<; = and � = � ( for all > ;
5: for ( & " >P� p " � ) do
6: if � B ��; = �¬B �<; � and ¡ �0o � B ��; =4) B �<; � 
G6,­ and 9�?�Q

: ��; =Jn 9 ? Q�: ��; � �¯® � B ��; =	) B ��; � 
 � 
 then
7: � = ��� =  �® � B ��; =	) B ��; � 
1°
8: � � ��� � n ® � B ��; =	) B ��; � 
1°
9: else if � B �<; =±6 B �<; � and ¡ �0o � B �<; =	) B �<; � 
£6

­ and 9�?JQ�: �<; � n 9�?JQ4: ��; = �²® � B ��; � ) B ��; =�
 � 

then

10: � = ��� = n ® � B ��; � ) B ��; = 
1°
11: � � ��� �  �® � B ��; � ) B ��; = 
1°
12: end if
13: end for
14: 9�? ��� ��9�?� I� = � = : ��; = ; q`��q� & ;
15: end for
16: until no updatesmadein theouterfor loop

4.2 Ordinal Regression

Thesecondalgorithmthatwe will usefor MT reranking
is the ­ -insensitive ordinal regressionwith uneven mar-
gin, which wasproposedin (ShenandJoshi,2004), as
shown in Algorithm 2.

In Algorithm 2, thefunction ¡ �.o is usedto control the
level of insensitivity, andthe function ® is usedto con-
trol thelearningmarginbetweenpairsof translationswith
different ranksas describedin Section3.5. Thereare
many candidatesfor ® . The following definition for ®
is oneof thesimplestsolutions.

® �³��)/´h
`µ &
� n

&
´

We will use this function in our experimentson MT
reranking.

5 Experiments and Analysis

We provide experimental results on the NIST 2003
Chinese-Englishlargedatatrackevaluation. We usethe
datasetusedin (SMT Team,2003). The training data
consistsof about 170M English words, on which the
baselinetranslationsystemis trained.Thetrainingdatais
alsousedto build languagemodelswhich areusedto de-
fine featurefunctionsonvarioussyntacticlevels.Thede-
velopmentdataconsistsof 993Chinesesentences.Each
Chinesesentenceis associatedwith 1000-bestEnglish
translationsgeneratedby the baselineMT system. The
developmentdataset is usedto estimatethe parameters
for thefeaturefunctionsfor thepurposeof reranking.The



Table 1: BLEU scoresreportedin (SMT Team,2003).
Every single featurewas combinedwith the 6 baseline
featuresfor the training and test. The minimum error
training (Och, 2003)wasusedon the developmentdata
for parameterestimation.

Feature BLEU%

Baseline 31.6
POSLanguageModel 31.7
SupertagLanguageModel 31.7
WrongNN Position 31.7
Word Popularity 31.8
AlignedTemplateModels 31.9
Countof MissingWord 31.9
TemplateRight Continuity 32.0
IBM Model 1 32.5

testdataconsistsof 878Chinesesentences.EachChinese
sentenceisassociatedwith 1000-bestEnglishtranslations
too. Thetestsetis usedto assessthequalityof thererank-
ing output.

In (SMT Team,2003), 450 featureswere generated.
Six featuresfrom (Och,2003)wereusedasbaselinefea-
tures. Eachof the 450 featureswasevaluatedindepen-
dently by combiningit with 6 baselinefeaturesandas-
sessingon thetestdatawith theminimumerror training.
ThebaselineBLEU scoreon thetestsetis 31.6%.Table
1 showssomeof thebestperformingfeatures.

In (SMT Team,2003),aggressive searchwasusedto
combinefeatures. After combiningabouta dozenfea-
tures, the BLEU scoredid not improve any more, and
the scorewas32.9%. It wasalsonoticedthat the major
improvementcamefrom the Model 1 feature. By com-
bining the four features,Model 1, matchedparentheses,
matchedquotationmarksandPOSlanguagemodel, the
systemachievedaBLEU scoreof 32.6%.

In our experiments,we will use4 different kinds of
featurecombinations:

� Baseline: The 6 baselinefeaturesused in (Och,
2003),suchascostof word penalty, costof aligned
templatepenalty.� BestFeature: Baseline+ IBM Model 1 + matched
parentheses+ matchedquotationmarks+ POSlan-
guagemodel.� Top Twenty: Baseline+ 14 featureswith individual
BLEU scoreno lessthan31.9%with theminimum
errortraining.� Lar ge Set: Baseline+ 50 featureswith individual
BLEU scoreno lessthan31.7%with theminimum
error training. Sincethe baselineis 31.6%andthe
95% confidencerangeis ¶ 0.9%,mostof the fea-

turesin this setarenot individually discriminative
with respectto theBLEU metric.

We apply Algorithm 1 and2 to the four featuresets.
For algorithm1, thesplitting algorithm,we set

� $·*	(4(
in the 1000-besttranslationsgiven by the baselineMT
system. For algorithm 2, the ordinal regressionalgo-
rithm, we set the updatingcondition as B ��; =R¸ f �YB ��; �
and B �<; =  fh( �3B �<; � , which meansone’s ranknumberis
at mosthalf of theother’s andthereareat least20 ranks
in between. Figures2-9 show the resultsof using Al-
gorithm 1 and2 with the four featuresets. The ¥ -axis
representsthe numberof iterationsin the training. The
left B -axisstandsfor the BLEU% scoreon the testdata,
andtheright B -axisstandsfor log of thelossfunctionon
thedevelopmentdata.

Algorithm 1, thesplitting algorithm,convergeson the
first threefeaturesets.Thesmallerthefeaturesetis, the
fasterthealgorithmconverges.It achievesa BLEU score
of 31.7%ontheBaseline,32.8%ontheBestFeature,but
only 32.6%on the Top Twenty features. However it is
within the rangeof 95% confidence.Unfortunatelyon
theLargeSet,Algorithm 1 convergesveryslowly.

In theTop Twentysettherearea fewer numberof in-
dividually non-discriminativefeaturemakingthepool of
features“better”. In addition,generalizationperformance
in theTop Twentysetis betterthantheLargeSetdueto
the smallersetof “better” features,cf. (ShenandJoshi,
2004). If the numberof the non-discriminative features
is large enough,the datasetbecomesunsplittable. We
havetriedusingthe ¹ trick asin (Li etal., 2002)to make
dataseparableartificially, but theperformancecouldnot
beimprovedwith suchfeatures.

We achieve similar resultswith Algorithm 2, the or-
dinal regressionwith uneven margin. It convergeson
the first 3 featuresetstoo. On the Baseline,it achieves
31.4%. We noticethat the model is over-trainedon the
developmentdataaccordingto thelearningcurve. In the
BestFeaturecategory, it achieves32.7%,andon theTop
Twentyfeatures,it achieves32.9%.This algorithmdoes
not convergeon theLargeSetin 10000iterations.

We compareour perceptron-like algorithmswith the
minimum error training usedin (SMT Team,2003) as
shown in Table 2. The splitting algorithm achieves
slightly betterresultson the Baselineandthe BestFea-
tureset,while theminimumerrortrainingandtheregres-
sionalgorithmtie for first placeon featurecombinations.
However, thedifferencesarenot significant.

We notice in thoseseparablefeaturesetsthe perfor-
manceon the developmentdata and the test data are
tightly consistent.Whenever the log-losson the devel-
opmentsetis decreased,andBLEU scoreon thetestset
goesup, andvice versa.This tells us the merit of these
two algorithms;By optimizing on the loss function for



Table 2: Comparison between the minimum error
training with discriminative rerankingon the test data
(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

the developmentdata,we can improve performanceon
thetestdata.This propertyis guaranteedby thetheoreti-
cal analysisandis borneout in theexperimentalresults.

6 Conclusionsand Future Work

In this paper, we have successfullyappliedthe discrim-
inative rerankingto machinetranslation. We applieda
new perceptron-like splitting algorithm and ordinal re-
gressionalgorithm with uneven margin to rerankingin
MT. We provide a theoreticaljustificationfor theperfor-
manceof the splitting algorithms. Experimentalresults
providedin this papershow thattheproposedalgorithms
provide state-of-the-artperformancein the NIST 2003
Chinese-Englishlargedatatrackevaluation.
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Figure2: Splitting on Baseline
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Figure3: Splitting on BestFeature
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Figure4: Splitting on Top Twenty
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Figure5: Splitting on LargeSet
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Figure6: OrdinalRegressionon Baseline
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Figure7: OrdinalRegressionon BestFeature
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Figure8: OrdinalRegressionon Top Twenty
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Figure9: OrdinalRegressiononLargeSet


