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Abstract

Thispaperdescribesadecodingalgorithm
for a syntax-basedtranslationmodel(Ya-
mada and Knight, 2001). The model
hasbeenextendedto incorporatephrasal
translationsas presentedhere. In con-
trast to a conventionalword-to-word sta-
tistical model, a decoderfor the syntax-
basedmodel builds up an English parse
tree given a sentencein a foreign lan-
guage.As themodelsizebecomeshugein
apracticalsetting,andthedecoderconsid-
ers multiple syntacticstructuresfor each
word alignment, several pruning tech-
niquesare necessary. We testedour de-
coderin a Chinese-to-Englishtranslation
system,and obtainedbetter results than
IBM Model4. Wealsodiscussissuescon-
cerningthe relationbetweenthis decoder
anda languagemodel.

1 Introduction

A statisticalmachinetranslationsystembasedonthe
noisy channelmodelconsistsof threecomponents:
a languagemodel(LM), a translationmodel(TM),
anda decoder. For a systemwhich translatesfrom
a foreign language� to English � , the LM gives
a prior probability P����� andthe TM givesa chan-
nel translationprobability P���	� �
� . Thesemodels
areautomaticallytrainedusingmonolingual(for the
LM) andbilingual (for theTM) corpora.A decoder
thenfinds thebestEnglishsentencegivena foreign

sentencethatmaximizesP����� �
� , which alsomaxi-
mizesP���	� ��������
� accordingto Bayes’rule.

A differentdecoderis neededfor differentchoices
of LM andTM. SinceP����� andP����� �
� arenotsim-
ple probabilitytablesbut areparameterizedmodels,
a decodermustconducta searchover thespacede-
fined by the models. For the IBM modelsdefined
by a pioneeringpaper(Brown et al., 1993), a de-
codingalgorithmbasedona left-to-rightsearchwas
describedin (Berger et al., 1996). Recently(Ya-
madaandKnight, 2001)introduceda syntax-based
TM which utilized syntacticstructurein the chan-
nel input, andshowed that it could outperformthe
IBM modelin alignmentquality. In contrastto the
IBM models,which areword-to-word models,the
syntax-basedmodelworkson a syntacticparsetree,
so the decoderbuilds up an English parsetree �
given a sentence� in a foreign language.This pa-
per describesan algorithmfor sucha decoder, and
reportsexperimentalresults.

Otherstatisticalmachinetranslationsystemssuch
as(Wu, 1997)and(Alshawi et al., 2000)alsopro-
ducea tree � given a sentence� . Their modelsare
basedon mechanismsthat generatetwo languages
at the sametime, so an English tree � is obtained
asa subproductof parsing� . However, their useof
theLM is not mathematicallymotivated,sincetheir
modelsdo not decomposeinto P���	� �
� and �������
unlike thenoisychannelmodel.

Section2 briefly reviews the syntax-basedTM,
andSection3 describesphrasaltranslationasanex-
tension. Section4 presentsthe basic idea for de-
coding. As in other statisticalmachinetranslation
systems,thedecoderhasto copewith ahugesearch
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space.Section5 describeshow to prunethesearch
spacefor practicaldecoding.Section6 showsexper-
imentalresults.Section7 discussesLM issues,and
is followedby conclusions.

2 Syntax-based TM

The syntax-basedTM defined by (Yamada and
Knight, 2001) assumesan English parsetree � as
a channelinput. Thechannelappliesthreekindsof
stochasticoperationson eachnode ��� : reordering
childrennodes( � ), insertinganoptionalextra word
to the left or right of the node( � ), and translating
leaf words( � ).1 Theseoperationsare independent
of eachother and are conditionedon the features
( � ,� , � ) of thenode. Figure1 shows an example.
The child nodesequenceof the top nodeVB is re-
orderedfrom PRP-VB1-VB2 into PRP-VB2-VB1
as seenin the secondtree (Reordered). An extra
wordha is insertedattheleftmostnodePRP asseen
in thethird tree(Inserted).TheEnglishwordHe un-
der the samenodeis translatedinto a foreign word
kare as seenin the fourth tree (Translated).After
theseoperations,the channelemitsa foreign word
sentence� by takingtheleavesof themodifiedtree.

Formally, thechannelprobabilityP����� ��� is

P��� � !�"$# %&�' (*),+-)/.10202354 67 8 3:9 P�<; 8 � = 8 "
P�<; 8 � = 8 "$# >@? ��A 8 � B 8 "DCE�<F 8 � G 8 " if = 8 is terminalH �2I 8 � J 8 " CE�<F 8 � G 8 " otherwise

where K L M*NDOPMRQSODTDTDTSOPM�UVL WX�YN OZ�[N\OP�RN^] ,WX� Q OZ� Q OP� Q ]1ODTDTDTSO�WX� U OZ� U OP� U ] , and _`�aKb�X���-� is a se-
quenceof leafwordsof atreetransformedby K from� .

ThemodeltablescE�X�d� �e� , fg�a�h� �i� , andjD���h� ��� are
calledthe r-table,n-table,andt-table, respectively.
Thesetablescontaintheprobabilitiesof thechannel
operations( � , � , � ) conditionedby thefeatures( � ,� , � ). In Figure1, the r-tablespecifiesthe prob-
ability of having thesecondtree(Reordered)given
the first tree. The n-tablespecifiesthe probability
of having the third tree(Inserted)given the second

1The channeloperationsaredesignedto model the differ-
encein theword order(SVO for Englishvs. VSO for Arabic)
andcase-markingschemes(wordpositionsin Englishvs. case-
marker particlesin Japanese).

tree. The t-tablespecifiestheprobability of having
thefourth tree(Translated)giventhethird tree.

Theprobabilitiesin themodeltablesareautomat-
ically obtainedby anEM-algorithmusingpairsof �
(channelinput) and � (channeloutput)asa training
corpus.Usuallyabilingualcorpuscomesaspairsof
translationsentences,so we needto parsethe cor-
pus. As we needto parsesentenceson thechannel
input sideonly, many X-to-Englishtranslationsys-
temscanbedevelopedwith anEnglishparseralone.

The conditioningfeatures( � ,� , � ) canbe any-
thing that is available on a tree � , however they
should be carefully selectednot to causedata-
sparsenessproblems. Also, the choice of fea-
tures may affect the decodingalgorithm. In our
experiment, a sequenceof the child node label
was used for � , a pair of the node label and
the parentlabel was usedfor � , and the identity
of the English word is used for � . For exam-
ple, cE�X�k� �l�`L P� PRP-VB2-VB1 �PRP-VB1-VB2 �
for the top node in Figure 1. Similarly for the
nodePRP, fg�a�h� �i�mL P� right, ha �VB-PRP � andjD���h� ���nL P� kare � he � . More detailedexamplesare
foundin (YamadaandKnight, 2001).

3 Phrasal Translation

In (YamadaandKnight, 2001),thetranslation� is a
1-to-1lexical translationfrom anEnglishword o to a
foreignword p , i.e., jD���h� ���qLrj\�aps� oR� . To allow non
1-to-1 translation,suchas for idiomatic phrasesor
compoundnouns,we extendthe modelasfollows.
First we usefertility t as usedin IBM modelsto
allow 1-to-N mapping.

? ��Au� Bs"$# ? �wv 9 v1x:yzyzy{vP|a� }Z"Y#�~Y�<��� }Z" |7 8 3u9 ? �wv 8 � }Z"
For N-to-N mapping, we allow direct transla-

tion � of anEnglishphraseo�N1o�QbTDTDT1oD� to a foreign
phrasep[NZp�Q�TDTDT1p�� at non-terminaltreenodesas�5� �<�E� �k"$# ? �wv 9 v x yzyzy{v | � } 9 } x yzyzy{}P��"# ~��<�X� } 9 } x yyzy�}P�b" |7 8 3:9�? �wv 8 � } 9 } x yzyzy�}P�b"
and linearly mix this phrasaltranslationwith the
word-to-word translation,i.e.,

P�<; 8 � = 8 "$# �5�S� �5� �<� 8 � � 8 "��e���k���5����" H �2I 8 � J 8 "DCE�<F 8 � G 8 "
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Figure1: ChannelOperations:Reorder, Insert,andTranslate

if ��� is non-terminal.In practice,thephraselengths
( À ,Á ) arelimited to reducethemodelsize.In ourex-
periment(Section5), we restrictedthemas Â�T<Â\ÁÄÃÅÇÆ À Æ Â�TÉÈSÁËÊ�È , to avoid pairsof extremelydiffer-
entlengths.This formulawasobtainedby randomly
samplingthe length of translationpairs. See(Ya-
mada,2002)for details.

4 Decoding

Our statisticalMT systemis basedon the noisy-
channelmodel,so thedecoderworks in the reverse
direction of the channel. Given a supposedchan-
nel output (e.g., a Frenchor Chinesesentence),it
will find the most plausiblechannelinput (an En-
glish parsetree)basedon themodelparametersand
theprior probabilityof theinput.

In the syntax-basedmodel, the decoder’s task is
to find themostplausibleEnglishparsetreegivenan
observedforeignsentence.Sincethetaskis to build
a treestructurefrom a stringof words,we canusea
mechanismsimilar to normalparsing,which builds
anEnglishparsetreefrom astringof Englishwords.
Herewe needto build anEnglishparsetreefrom a
stringof foreign(e.g.,Frenchor Chinese)words.

To parsein such an exotic way, we start from
anEnglishcontext-freegrammarobtainedfrom the
training corpus,2 and extend the grammarto in-

2Thetrainingcorpusfor thesyntax-basedmodelconsistsof

corporatethe channeloperationsin the translation
model.For eachnon-lexical rule in theoriginal En-
glish grammar(suchas “VP Ì VB NP PP”), we
supplementit with reorderedrules (e.g. “VP Ì
NP PPVB”, “VP Ì NP VB PP”, etc.) andasso-
ciate them with the original English order and the
reorderingprobability from the r-table. Similarly,
rulessuchas“VP Ì VP X” and“X Ì word” are
addedfor extra word insertion,andthey areassoci-
atedwith a probability from the n-table. For each
lexical rule in the English grammar, we add rules
suchas“englishWord Ì foreignWord” with a prob-
ability from thet-table.

Now we canparsea string of foreign wordsand
build up a tree,which we call a decoded tree. An
exampleis shown in Figure2. The decodedtreeis
built up in the foreign languageword order. To ob-
taina treein theEnglishorder, weapplythereverse
of thereorderoperation(back-reordering)usingthe
informationassociatedto the rule expandedby the
r-table. In Figure2, thenumbersin thedashedoval
nearthe top nodeshows the original englishorder.
Then, we obtain an English parsetree by remov-
ing the leaf nodes(foreign words) from the back-
reorderedtree. Among the possibledecodedtrees,
wepick thebesttreein whichtheproductof theLM
probability(theprior probabilityof theEnglishtree)
andtheTM probability(theprobabilitiesassociated

pairsof Englishparsetreesandforeignsentences.
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Figure2: DecodedTree

with therulesin thedecodedtree)is thehighest.
Theuseof anLM needsconsideration.Theoret-

ically we needan LM which gives the prior prob-
ability of an Englishparsetree. However, we can
approximateit with an n-gramLM, which is well-
studiedand widely implemented.We will discuss
thispoint laterin Section7.

If we use a trigram model for the LM, a con-
venientimplementationis to first build a decoded-
treeforestandthento pick out thebesttreeusinga
trigram-basedforest-rankingalgorithmasdescribed
in (Langkilde,2000). Theranker usestwo leftmost
andrightmostleaf wordsto efficiently calculatethe
trigram probabilityof a subtree,andfinds themost
plausibletreeaccordingto the trigram andthe rule
probabilities. This algorithmfinds the optimal tree
in termsof the model probability — but it is not
practicalwhenthevocabulary sizeandtherule size
grow. The next sectiondescribeshow to make it
practical.

5 Pruning

We useour decoderfor Chinese-Englishtranslation
in a generalnews domain. The TM becomesvery
hugefor suchadomain.In ourexperiment(seeSec-
tion 6 for details),thereareabout4M non-zeroen-
tries in the trained jD�aps� oS� table. About 10K CFG
rulesareusedin theparsedcorpusof English,which
resultsin about120K non-lexical rules for the de-
codinggrammar(afterwe expandtheCFGrulesas

describedin Section4). We appliedthe simpleal-
gorithm from Section4, but this experimentfailed
— no completetranslationswere produced. Even
four-word sentencescould not be decoded.This is
notonly becausethemodelsizeis huge,but alsobe-
causethedecoderconsidersmultiplesyntacticstruc-
tures for the sameword alignment, i.e., there are
severaldifferentdecodedtreesevenwhenthetrans-
lation of thesentenceis thesame.We thenapplied
the following measuresto achieve practicaldecod-
ing. Thebasicideais touseadditionalstatisticsfrom
thetrainingcorpus.

beam search: We give up optimal decoding
by using a standarddynamic-programmingparser
with beamsearch,which is similar to the parser
used in (Collins, 1999). A standarddynamic-
programmingparserbuildsup õ nonterminal,input-
substringö tuplesfrom bottom-upaccordingto the
grammarrules. Whentheparsingcost3 comesonly
from the featureswithin a subtree(TM cost,in our
case),theparserwill find theoptimal treeby keep-
ing thesinglebestsubtreefor eachtuple. Whenthe
cost dependson the featuresoutsideof a subtree,
we needto keepall thesubtreesfor possiblediffer-
entoutsidefeatures(boundarywordsfor thetrigram
LM cost)to obtaintheoptimaltree.Insteadof keep-
ing all thesubtrees,we only retainsubtreeswithin a
beamwidth for eachinput-substring.Sincetheout-
sidefeaturesarenot consideredfor thebeamprun-
ing, theoptimalityof theparseis notguaranteed,but
therequiredmemorysizeis reduced.

t-table pruning: Given a foreign (Chinese)sen-
tence to the decoder, we only consider English
words o for eachforeignword p suchthatP�ao�� p÷� is
high. In addition,only limited part-of-speechlabelsø

are consideredto reducethe numberof possible
decoded-treestructures.Thuswe only usethetop-5
( o ,ø ) pairsrankedby

P�<}\ù�ú^� v5"û# P�2úz" P�<} � úz" P�wvu� }\ùaúz"aü P�wv5"ý P�2úz" P�<} � úz" P�wvu� }Z"þy
NoticethatP�aps� oS� is a modelparameter, andthat

P� ø � andP�ao�� ø � areobtainedfrom theparsedtraining
corpus.

phrase pruning: We only considerlimited pairs
( o�N1o�QbTDTDT1oD� , p[NZp�Q�TDTDT1p�� ) for phrasaltranslation(see

3rule-cost= �h� ÿ � (rule-probability)



Section2). Thepair mustappearmorethanoncein
theViterbi alignments4 of thetrainingcorpus.Then
we usethe top-10pairs ranked similarly to t-table
pruning above, except we replaceP� ø � P�ao�� ø � with
P�aoR� andusetrigramsto estimateP�aoR� . By thisprun-
ing,weeffectively removejunkphrasepairs,mostof
which comefrom misalignedsentencesor untrans-
latedphrasesin thetrainingcorpus.

r-table pruning: To reduce the number of
rules for the decoding grammar, we use the
top-N rules ranked by P� rule� P� reord� so that������ N P� rule� � P� reord� �@ö��uT
	�� , where P� rule� is
a prior probability of the rule (in the original En-
glish order)foundin theparsedEnglishcorpus,and
P� reord� is thereorderingprobabilityin theTM. The
productis a roughestimateof how likely a rule is
usedin decoding. Becauseonly a limited number
of reorderingsareusedin actualtranslation,a small
numberof rulesarehighly probable.In fact,among
a total of 138,662reorder-expandedrules,themost
likely 875 rules contribute 95% of the probability
mass,so discardingthe rules which contribute the
lower 5% of the probability massefficiently elimi-
natesmorethan99%of thetotal rules.

zero-fertility words: An English word may be
translatedinto a null (zero-length)foreign word.
Thishappenswhenthefertility tg��Y� oS� ö�� , andsuch
Englishword o (calleda zero-fertility word) mustbe
insertedduring the decoding.The decodingparser
is modified to allow insertingzero-fertility words,
but unlimitedinsertioneasilyblows up thememory
space.Thereforeonly limited insertionis allowed.
ObservingtheViterbi alignmentsof thetrainingcor-
pus,the top-20frequentzero-fertility words5 cover
over 70% of the cases,thusonly thoseareallowed
to beinserted.Also weusesyntacticcontext to limit
the insertion. For example,a zero-fertility word in
is insertedas IN when “PP Ì IN NP-A” rule is
applied. Again, observingthe Viterbi alignments,
the top-20frequentcontexts cover over 60% of the
cases,sowe allow insertionsonly in thesecontexts.
This kind of context sensitive insertionis possible
becausethedecoderbuildsasyntactictree.Suchse-
lective insertionby syntacticcontext is not easyfor

4Viterbi alignmentis themostprobableword alignmentac-
cordingto thetrainedTM tables.

5They arethe, to, of, a, in, is, be, that, on, and, are, for, will,
with, have, it, ’s, has, i, andby.

system P1/P2/P3/P4 LP BLEU
ibm4 36.6/11.7/4.6/1.6 0.959 0.072
syn 39.8/15.8/8.3/4.9 0.781 0.099
syn-nozf 40.6/15.3/8.1/5.3 0.797 0.102

Table1: Decodingperformance

aword-for-word basedIBM modeldecoder.
The pruning techniquesshown above use extra

statisticsfrom the training corpus, such as P� ø � ,
P�ao�� ø � , andP� rule� . Thesestatisticsmaybeconsid-
eredasa part of the LM P����� , andsuchsyntactic
probabilitiesareessentialwhenwe mainly usetri-
gramsfor theLM. In thisrespect,thepruningis use-
ful not only for reducingthesearchspace,but also
improving the quality of translation. We also use
statisticsfrom the Viterbi alignments,suchas the
phrasetranslationfrequency and the zero-fertility
context frequency. Thesearestatisticswhicharenot
modeledin the TM. The frequency count is essen-
tially a joint probabilityP�ap OZoR� , while theTM uses
a conditionalprobabilityP�aps� oR� . Utilizing statistics
outsideof a model is an important idea for statis-
tical machinetranslationin general. For example,
a decoderin (Och and Ney, 2000) usesalignment
templatestatisticsfoundin theViterbi alignments.

6 Experimental Results: Chinese/English

This sectiondescribesresultsfrom our experiment
usingthe decoderasdescribedin the previous sec-
tion. We useda Chinese-Englishtranslationcorpus
for theexperiment.After discardinglong sentences
(morethan20wordsin English),theEnglishsideof
thecorpusconsistedof about3M words,andit was
parsedwith Collins’ parser(Collins, 1999). Train-
ing theTM tookabout8 hoursusinga54-nodeunix
cluster. We selected347 shortsentences(lessthan
14 wordsin the referenceEnglishtranslation)from
the held-outportion of the corpus,and they were
usedfor evaluation.

Table1 shows the decodingperformancefor the
testsentences.Thefirst systemibm4 is a reference
system,whichis basedonIBM Model4.Thesecond
andthe third (syn andsyn-nozf) areour decoders.
Both usedthe samedecodingalgorithmand prun-
ing asdescribedin theprevioussections,exceptthat
syn-nozf allowed no zero-fertility insertions. The



averagedecodingspeedwasabout100seconds6 per
sentencefor bothsyn andsyn-nozf.

As anoverall decodingperformancemeasure,we
usedtheBLEU metric (Papineniet al., 2002). This
measureis a geometricaverageof n-gram accu-
racy, adjustedby a length penaltyfactor LP.7 The
n-gramaccuracy (in percentage)is shown in Table1
asP1/P2/P3/P4for unigram/bigram/trigram/4-gram.
Overall,our decoderperformedbetterthantheIBM
system,asindicatedby thehigherBLEU score.We
obtainedbettern-gramaccuracy, but the lower LP
scorepenalizedtheoverall score. Interestingly, the
systemwith no explicit zero-fertility word insertion
(syn-nozf) performedbetterthantheonewith zero-
fertility insertion (syn). It seemsthat most zero-
fertility wordswerealreadyincludedin thephrasal
translations,andthe explicit zero-fertility word in-
sertionproducedmoregarbagethanexpectedwords.

system Coverage
r95 92/92
r98 47/92
r100 20/92

system Coverage
w5 92/92
w10 89/92
w20 69/92

Table2: Effectof pruning

To verify that the pruning was effective, we re-
laxedthepruningthresholdandchecked thedecod-
ing coveragefor the first 92 sentencesof the test
data. Table 2 shows the result. On the left, the
r-table pruning was relaxed from the 95% level to
98%or 100%.On theright, thet-tablepruningwas
relaxed from the top-5 ( o ,ø ) pairs to the top-10 or
top-20pairs. The systemr95 andw5 areidentical
to syn-nozf in Table1.

When r-table pruning was relaxed from 95% to
98%, only abouthalf (47/92) of the test sentences
were decoded,otherswere aborteddue to lack of
memory. Whenit wasfurtherrelaxedto 100%(i.e.,
no pruningwasdone),only 20 sentenceswerede-
coded.Similarly, whenthet-tablepruningthreshold
wasrelaxed, fewer sentencescouldbedecodeddue
to thememorylimitations.

Although our decoderperformedbetterthan the
6Usingasingle-CPU800MhzPentiumIII unix systemwith

1GB memory.
7BLEU #�������� ���6 3u9�� 6������ � 6 " � LP. LP #��!�"����� �H ü$#-" if #&% H , andLP # � if #(' H , where� 6 # �Pü�) , ) #+* ,

# is thesystemoutputlength,and H is thereferencelength.

IBM systemin the BLEU score,the obtainedgain
waslessthanwhat we expected. We have thought
thefollowing threereasons.First, thesyntaxof Chi-
neseis not extremelydifferent from English,com-
paredwith otherlanguagessuchasJapaneseor Ara-
bic. Therefore,the TM could not take advantage
of syntacticreorderingoperations.Second,our de-
coder looks for a decodedtree, not just for a de-
codedsentence.Thus,thesearchspaceis largerthan
IBM models,whichmight leadto moresearcherrors
causedby pruning.Third, theLM usedfor our sys-
temwasexactlythesameastheLM usedby theIBM
system.Decodingperformancemightbeheavily in-
fluencedby LM performance.In addition,sincethe
TM assumesanEnglishparsetreeasinput,atrigram
LM might not be appropriate.We will discussthis
point in thenext section.

Phrasaltranslationworked pretty well. Figure3
shows the top-20 frequentphrasetranslationsob-
served in the Viterbi alignment. The leftmost col-
umnshows how many timesthey appeared.Mostof
themarecorrect.It evendetectedfrequentsentence-
to-sentencetranslations,since we only imposeda
relative length limit for phrasaltranslations(Sec-
tion3). However, someof them,suchastheonewith
(in cantonese), arewrong. We expectedthat these
junk phrasescouldbeeliminatedby phrasepruning
(Section5), however thejunk phrasespresentmany
timesin thecorpuswerenoteffectively filteredout.

7 Decoded Trees

TheBLEU scoremeasuresthequalityof thedecoder
outputsentences.Wewerealsointerestedin thesyn-
tactic structureof the decodedtrees. The leftmost
treein Figure4 is adecodedtreefrom thesyn-nozf
system.Surprisingly, eventhoughthedecodedsen-
tenceis passableEnglish,thetreestructureis totally
unnatural.We assumedthata goodparsetreegives
high trigramprobabilities.But it seemsa badparse
tree may give good trigram probabilitiestoo. We
alsonoticedthat too many unaryrules(e.g. “NPBÌ PRN”) wereused.This is becausethereordering
probabilityis always1.

To remedy this, we added CFG probabilities
(PCFG)in thedecodersearch,i.e., it now looksfor a
treewhichmaximizesP� trigram� P� cfg� P� TM � . The
CFG probability wasobtainedby countingthe rule
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Figure3: Top-20frequentphrasetranslationsin theViterbi alignment

frequency in the parsedEnglish side of the train-
ing corpus. The middle of Figure 4 is the output
for thesamesentence.Thesyntacticstructurenow
looksbetter, but we foundthreeproblems.First, the
BLEU scoreis worse(0.078).Second,thedecoded
treesseemto prefernounphrases.In many trees,an
entiresentencewasdecodedasa largenounphrase.
Third, it usesmorefrequentnodereorderingthanit
should.

The BLEU score may go down becausewe
weighedtheLM (trigramandPCFG)morethanthe
TM. For theproblemof too many nounphrases,we
thoughtit wasaproblemwith thecorpus.Our train-
ing corpuscontainedmany dictionary entries,and
theparliamenttranscriptsalsoincludeda list of par-
ticipants’ names.This maycausethe LM to prefer
noun phrasestoo much. Also our corpuscontains
noise.Therearetwo typesof noise.Oneis sentence
alignmenterror, andtheotheris Englishparseerror.
Thecorpuswassentencealignedby automaticsoft-
ware,so it hassomebadalignments.Whena sen-
tencewasmisaligned,or the parsewaswrong, the
Viterbi alignmentbecomesanover-reorderedtreeas
it picksup plausibletranslationword pairsfirst and
reorderstreesto fit them.

To seeif it wasreally a corpusproblem,we se-
lecteda good portion of the corpusand re-trained
the r-table. To find good pairs of sentencesin the
corpus,we usedthefollowing: 1) Both Englishand
Chinesesentencesend with a period. 2) The En-

glish word is capitalizedat the beginning. 3) The
sentencesdo not containsymbolcharacters,suchas
colon,dashetc,which tendto causeparseerrors.4)
The Viterbi-ratio8 is more than the averageof the
pairswhichsatisfiedthefirst threeconditions.

Using the selectedsentencepairs, we retrained
only the r-tableand the PCFG.The rightmosttree
in Figure4 is the decodedtreeusingthe re-trained
TM. The BLEU scorewas improved (0.085), and
the treestructurelooks better, thoughtherearestill
problems.An obviousproblemis that thegoodness
of syntacticstructuredependsonthelexical choices.
For example,thebestsyntacticstructureis different
if a verb requiresa nounphraseasobjectthanit is
if it doesnot. ThePCFG-basedLM doesnothandle
this.

At this point, we gave up using the PCFGas a
componentof theLM. Usingonly trigramsobtains
the bestresult for the BLEU score. However, the
BLEU metric may not be affected by the syntac-
tic aspectof translationquality, and as we saw in
Figure 4, we can improve the syntacticquality by
introducingthe PCFGusingsomecorpusselection
techniques.Also, thepruningmethodsdescribedin
Section5 usesyntacticstatisticsfrom the training
corpus. Therefore,we arenow investigatingmore
sophisticatedLMs suchas(Charniak,2001)which

8Viterbi-ratiois theratioof theprobabilityof themostplau-
siblealignmentwith thesumof theprobabilitiesof all thealign-
ments.Low Viterbi-ratiois agoodindicatorof misalignmentor
parseerror.
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Figure4: Effectof PCFGandre-training:No CFGprobability(PCFG)wasused(left). PCFGwasusedfor
thesearch(middle). Ther-tablewasre-trainedandPCFGwasused(right). Eachtreewasbackreordered
andis shown in theEnglishorder.

incorporatesyntacticfeaturesand lexical informa-
tion.

8 Conclusion

We have presenteda decoding algorithm for a
syntax-basedstatisticalmachinetranslation. The
translation model was extended to incorporate
phrasaltranslations.Becausethe input of thechan-
nel modelis anEnglishparsetree,thedecodingal-
gorithm is basedon conventionalsyntacticparsing,
andthe grammaris expandedby the channeloper-
ationsof theTM. As themodelsizebecomeshuge
in apracticalsetting,andthedecoderconsidersmul-
tiple syntacticstructuresfor a word alignment,effi-
cientpruningis necessary. Weappliedseveralprun-
ing techniquesandobtainedgooddecodingquality
andcoverage. The choiceof the LM is an impor-
tantissuein implementingadecoderfor thesyntax-
basedTM. At present,thebestresultis obtainedby
usingtrigrams,but a moresophisticatedLM seems
promising.
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