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Abstract

Thispaperdescribes decodingalgorithm
for a syntax-basedranslationmodel(Ya-

mada and Knight, 2001). The model
hasbeenextendedto incorporatephrasal
translationsas presentedhere. In con-
trastto a corventionalword-to-word sta-
tistical model, a decoderfor the syntax-
basedmodel builds up an English parse
tree given a sentencein a foreign lan-

guage Asthemodelsizebecomesiugein

apracticalsetting,andthedecoderconsid-
ers multiple syntacticstructuresfor each
word alignment, several pruning tech-
niquesare necessary We testedour de-
coderin a Chinese-to-Englistiranslation
system,and obtainedbetter resultsthan
IBM Model4. We alsodiscussssueson-
cerningthe relationbetweenthis decoder
andalanguagenodel.

1 Introduction

A statisticamachindranslatiorsystenbasednthe

noisy channelmodel consistsof threecomponents:

alanguagemodel (LM), a translationmodel (TM),
anda decoder For a systemwhich translategrom
a foreign languageF' to English E, the LM gives
a prior probability P(E) andthe TM givesa chan-
nel translationprobability P(F'|E). Thesemodels
areautomaticallytrainedusingmonolingual(for the
LM) andbilingual (for the TM) corpora.A decoder
thenfindsthe bestEnglishsentenceayiven a foreign

sentencehatmaximizesP(E|F'), which alsomaxi-
mizesP(F|E)P(E) accordingo Bayes'rule.

A differentdecodeis neededor differentchoices
of LM andTM. SinceP(E) andP(F|E) arenotsim-
ple probabilitytablesbut areparameterizednodels,
a decodemustconducta searchover the spacede-
fined by the models. For the IBM modelsdefined
by a pioneeringpaper(Brown et al., 1993), a de-
codingalgorithmbasedn aleft-to-right searchwas
describedin (Bemger et al., 1996). Recently(Ya-
madaand Knight, 2001)introduceda syntax-based
TM which utilized syntacticstructurein the chan-
nel input, and shaved thatit could outperformthe
IBM modelin alignmentquality. In contrastto the
IBM models,which are word-to-word models,the
syntax-basethodelworkson a syntacticparsetree,
so the decoderbuilds up an English parsetree £
given a sentencd in a foreign language.This pa-
per describesan algorithmfor sucha decoderand
reportsexperimentakesults.

Otherstatisticalmachingranslationsystemsuch
as(Wu, 1997)and (Alshawi et al., 2000)also pro-
duceatree& givenasentencef. Their modelsare
basedon mechanismghat generategwo languages
at the sametime, so an Englishtree £ is obtained
asa subproducbf parsingf. However, their useof
theLM is not mathematicallymotivated,sincetheir
modelsdo not decomposento P(F'|E) and P(E)
unlike the noisy channeimodel.

Section2 briefly reviews the syntax-based M,
andSection3 describegphrasatranslationasanex-
tension. Section4 presentghe basicideafor de-
coding. As in other statisticalmachinetranslation
systemsthedecodehasto copewith ahugesearch



space.Section5 describesiow to prunethe search
spacdor practicaldecoding.Sectioné shavs exper
imentalresults. Section7 discusse$M issuesand
is followed by conclusions.

2 Syntax-based TM

The syntax-basedTM defined by (Yamadaand
Knight, 2001) assumesan English parsetree £ as
a channelinput. The channelappliesthreekinds of
stochasticoperationson eachnodee; : reordering
childrennodes(p), insertingan optionalextra word
to the left or right of the node (v), andtranslating
leaf words (7). Theseoperationsare independent
of eachother and are conditionedon the features
(RN, T) of the node. Figure 1 shavs an example.
The child nodesequencef the top nodeVB is re-
orderedfrom PRP-VB1-VB2 into PRP-VB2-VB1
as seenin the secondtree (Reordered). An extra
wordhaisinsertedattheleftmostnodePRP asseen
in thethird tree(Inserted). TheEnglishwordHe un-
derthe samenodeis translatednto a foreignword
kare as seenin the fourth tree (Translated). After
theseoperationsthe channelemits a foreign word
sentence by takingtheleavesof the modifiedtree.
Formally, thechannebrobability P(f|€) is

PeEle) = Y [Pl

0:5(0(&))=f i=1

PO:le;) = t(r|T:) n(vs|N;)  if g; isterminal
Bile:) = r(pi|R:) n(vi|N;)  otherwise

where 0 = 01,92,...,9” = <p1,1/1,7‘1>,
(p2,v2,72), -, (Pn,Vn, ™), aNdS(B(E)) is a se-
guenceof leafwordsof atreetransformedy 6 from
E.

Themodeltables-(p|R), n(v|N'), andt(r|T) are
calledthe r-table, n-table,and t-table, respectiely.
Thesetablescontainthe probabilitiesof thechannel
operationgp, v, 7) conditionedby the featureqR,
N, T). In Figurel, the r-table specifiesthe prob-
ability of having the secondtree (Reorderedpiven
the first tree. The n-table specifiesthe probability
of having the third tree (Inserted)given the second

1The channeloperationsare designedto model the differ-
encein theword order (SVO for Englishvs. VSO for Arabic)
andcase-markingchemegword positionsin Englishvs. case-
marler particlesin Japanese).

tree. The t-table specifiesthe probability of having
thefourth tree(Translatedpiventhethird tree.

Theprobabilitiesin themodeltablesareautomat-
ically obtainedby anEM-algorithmusingpairsof £
(channelinput) andf (channeloutput)asatraining
corpus.Usuallyabilingual corpuscomesaspairsof
translationsentencesso we needto parsethe cor
pus. As we needto parsesentencesn the channel
input sideonly, mary X-to-Englishtranslationsys-
temscanbedevelopedwith anEnglishparseralone.

The conditioningfeatures(R,N,7) canbe ary-
thing that is available on a tree £, however they
should be carefully selectednot to cause data-
sparsenesgroblems. Also, the choice of fea-
tures may affect the decodingalgorithm. In our
experiment, a sequenceof the child node label
was used for R, a pair of the node label and
the parentlabel was usedfor A/, and the identity
of the English word is usedfor 7. For exam-
ple,r(p|R) = P(PRP-VB2-VB1|PRP-VB1-VB2)
for the top nodein Figure 1. Similarly for the
nodePRP, n(v|N) = P(right, ha|VB-PRP) and
t(r|T) = P(karelhe). More detailedexamplesare
foundin (YamadaandKnight, 2001).

3 Phrasal Trandation

In (YamadaandKnight, 2001),thetranslationr is a
1-to-1lexical translatiorfrom anEnglishworde to a
foreignword f, i.e.,t(7|7T) = t(f|e). To allow non
1-to-1translation,suchasfor idiomatic phrasesor
compoundnouns,we extendthe modelasfollows.
First we usefertility p asusedin IBM modelsto
allow 1-to-N mapping.

l
HrT) = t(fifa--- file) = p(lle) [[ t(file)

For N-to-N mapping, we allow direct transla-
tion ¢ of anEnglishphrasee;es . .. e, to aforeign
phrasefifs ... f; athon-terminatreenodesas

ph(¢|‘1>) t(flfg...fl|€162...6m)

1
n(lleres . ..em) Ht(fi|elez ce.em)
i=1

Il

and linearly mix this phrasaltranslationwith the
word-to-word translationj.e.,

P(Biles) = Ao, ph(¢i|®:) + (1 — Xa, )7 (pi|Ri) n(vilN;)
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if €; is non-terminal.In practicethe phrasdengths
({,m) arelimited to reducethemodelsize.In ourex-

periment(Section5), we restrictedthemas1.1m —

4 <1 < 1.7m+7, 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,sothe decodemvorksin thereverse
direction of the channel. Given a supposedhan-
nel output (e.g., a Frenchor Chinesesentence)it
will find the most plausiblechannelinput (an En-
glish parsetree)basedn the modelparameterand
the prior probability of theinput.

In the syntax-basednodel, the decodess taskis
to find themostplausibleEnglishparsetreegivenan
obseredforeignsentenceSincethetaskis to build
atreestructurefrom a string of words,we canusea
mechanisnsimilar to normalparsing,which builds
anEnglishparsdreefrom astringof Englishwords.
Herewe needto build an Englishparsetreefrom a
string of foreign (e.g.,Frenchor Chinese)words.

To parsein suchan exotic way, we start from
an English contet-free grammarobtainedfrom the
training corpus? and extend the grammarto in-

Thetrainingcorpusfor the syntax-basethodelconsistsof

corporatethe channeloperationsin the translation
model. For eachnon-lexical rule in the original En-

glish grammar(suchas“VvP — VB NP PP”), we

supplementit with reorderedrules (e.g. “VP —

NP PPVB”, “VP — NP VB PP”, etc.) andasso-
ciate themwith the original English orderandthe
reorderingprobability from the r-table. Similarly,

rulessuchas“vP — VP X” and“X — word” are
addedfor extra word insertion,andthey areassoci-
atedwith a probability from the n-table. For each
lexical rule in the English grammar we addrules
suchas*“englishWord — foreignWbrd” 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 shavn in Figure2. The decodedreeis
built up in the foreignlanguagewnord order To ob-
tainatreein the Englishorder we applythereverse
of thereorderoperation(back-reorderingusingthe
information associatedo the rule expandedby the
r-table. In Figure2, thenumbersn the dashecdval
nearthe top nodeshaws the original englishorder
Then, we obtain an English parsetree by remov-
ing the leaf nodes(foreign words) from the back-
reorderedree. Among the possibledecodedrees,
we pick thebesttreein whichtheproductof the LM
probability (the prior probability of the Englishtree)
andthe TM probability (the probabilitiesassociated

pairsof Englishparsetreesandforeignsentences.
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with therulesin thedecodedree)is the highest.

The useof anLM needsconsideration.Theoret-
ically we needan LM which givesthe prior prob-
ability of an English parsetree. However, we can
approximatet with an n-gramLM, which is well-
studiedand widely implemented. We will discuss
this pointlaterin Section?.

If we use a trigram model for the LM, a con-
venientimplementationis to first build a decoded-
treeforestandthento pick out the besttreeusinga
trigram-basedorest-rankingalgorithmasdescribed
in (Langkilde,2000). Theranker usestwo leftmost
andrightmostleaf wordsto efficiently calculatethe
trigram probability of a subtree andfinds the most
plausibletree accordingto the trigram andthe rule
probabilities. This algorithmfinds the optimal tree
in terms of the model probability — but it is not
practicalwhenthe vocalulary sizeandtherule size
gron. The next sectiondescribeshowv to male it
practical.

5 Pruning

We useour decoderfor Chinese-Englistiranslation
in a generalnews domain. The TM becomesvery
hugefor suchadomain.In ourexperiment(seeSec-
tion 6 for details),thereareabout4M non-zeroen-
triesin the trainedt(f|e) table. About 10K CFG
rulesareusedin theparsedcorpusof English,which
resultsin about120K non-lexical rulesfor the de-
codinggrammar(afterwe expandthe CFG rulesas

describedn Section4). We appliedthe simple al-
gorithm from Section4, but this experimentfailed
— no completetranslationswere produced. Even
four-word sentencesould not be decoded.This is
notonly becauséhemodelsizeis huge,but alsobe-
causdéhedecoderconsidersnultiple syntacticstruc-
turesfor the sameword alignment,i.e., thereare
several differentdecodedreesevenwhenthetrans-
lation of the sentencas the same.We thenapplied
the following measureso achieare practicaldecod-
ing. Thebasicideaisto useadditionalstatistic§rom
thetrainingcorpus.

beam search: We give up optimal decoding
by using a standarddynamic-programmingparser
with beam search,which is similar to the parser
usedin (Collins, 1999). A standarddynamic-
programmingparserbuilds up <nonterminaljnput-
substring> tuplesfrom bottom-upaccordingto the
grammarrules. Whenthe parsingcost comesonly
from the featureswithin a subtreg(TM cost,in our
case)the parserwill find the optimaltreeby keep-
ing the singlebestsubtreefor eachtuple. Whenthe
cost dependson the featuresoutsideof a subtree,
we needto keepall the subtreegor possiblediffer-
entoutsidefeaturegboundarywordsfor thetrigram
LM cost)to obtainthe optimaltree. Insteadof keep-
ing all the subtreeswe only retainsubtreesvithin a
beamwidth for eachinput-substring Sincethe out-
sidefeaturesare not consideredor the beamprun-
ing, theoptimality of theparsds notguaranteedyut
therequiredmemorysizeis reduced.

t-table pruning: Givena foreign (Chinese)sen-
tence to the decoder we only consider English
wordse for eachforeignword f suchthatP(e|f) is
high. In addition,only limited part-of-speectabels
£ are consideredo reducethe numberof possible
decoded-trestructuresThuswe only usethetop-5
(e,¢) pairsranked by

Ple, £|£) P(£)P(elO)P(fle, £)/P(f)

P(£)P(e6)P(fle).

1

NoticethatP(f|e) is amodelparameterandthat
P(¢) andP(e|¢) areobtainedrom theparsedraining
corpus.

phrase pruning: We only considedimited pairs
(ere2...em,f1f2... f1) for phrasaltranslation(see

3rule-cost= —log(rule-probability)



Section2). The pair mustappeamorethanoncein
the Viterbi alignment$ of thetrainingcorpus.Then
we usethe top-10 pairs ranked similarly to t-table
pruning above, exceptwe replaceP(£)P(e|¢) with
P(e) andusetrigramsto estimateP(e). By thisprun-
ing, we effectively remove junk phrasepairs,mostof
which comefrom misalignedsentencesr untrans-
latedphrasesn 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) > 0.95, where P(rule) is
a prior probability of the rule (in the original En-
glishorder)foundin the parsedEnglishcorpus,and
P(reord) is thereorderingorobabilityin the TM. The
productis a rough estimateof how likely a rule is
usedin decoding. Becauseonly a limited number
of reorderingsareusedin actualtranslationasmall
numberof rulesarehighly probable.In fact,among
atotal of 138,662reorderexpandedrules,the most
likely 875 rules contribute 95% of the probability
mass,so discardingthe rules which contrikute the
lower 5% of the probability massefficiently elimi-
natesmorethan99% of thetotalrules.

zero-fertility words: An Englishword may be
translatedinto a null (zero-length)foreign word.
Thishappensvhenthefertility 1(0|e) > 0, andsuch
Englishword e (calleda zero-fertility word) mustbe
insertedduring the decoding. The decodingparser
is modified to allow inserting zero-fertility words,
but unlimitedinsertioneasilyblows up the memory
space. Thereforeonly limited insertionis allowed.
ObservingheViterbi alignmentof thetrainingcor
pus, the top-20frequentzero-fertility words cover
over 70% of the casesthusonly thoseareallowed
to beinserted. Also we usesyntacticcontext to limit
the insertion. For example,a zero-fertility word in
is insertedas IN when “PP — IN NP-A’ rule is
applied. Again, observingthe Viterbi alignments,
the top-20frequentcontets cover over 60% of the
casessowe allow insertionsonly in thesecontexts.
This kind of contet sensitve insertionis possible
becaus¢hedecodebuilds asyntacticiree. Suchse-
lective insertionby syntacticcontext is not easyfor

4Viterbi alignmentis the mostprobableword 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

Tablel: Decodingperformance

aword-forword basedBM modeldecoder

The pruning techniquesshavn above use extra
statisticsfrom the training corpus, such as P(#),
P(e|£), andP(rule). Thesestatisticsmay be consid-
eredasa partof the LM P(E), and suchsyntactic
probabilitiesare essentiawhenwe mainly usetri-
gramsfor theLM. In thisrespectthepruningis use-
ful not only for reducingthe searchspace but also
improving the quality of translation. We also use
statisticsfrom the Viterbi alignments,suchas the
phrasetranslationfrequeng and the zero-fertility
contet frequeng. Thesearestatisticsvhich arenot
modeledin the TM. The frequeng countis essen-
tially ajoint probability P(f, e), while the TM uses
a conditionalprobability P(f|e). Utilizing statistics
outsideof a modelis an importantideafor statis-
tical machinetranslationin general. For example,
a decoderin (Och and Ney, 2000) usesalignment
templatestatisticsfoundin the Viterbi alignments.

6 Experimental Results: Chinese/English

This sectiondescribegesultsfrom our experiment
usingthe decoderasdescribedn the previous sec-
tion. We useda Chinese-Englisliranslationcorpus
for the experiment. After discardinglong sentences
(morethan20wordsin English),the Englishsideof
the corpusconsistedf about3M words,andit was
parsedwith Collins’ parser(Collins, 1999). Train-
ing the TM took about8 hoursusinga 54-nodeunix
cluster We selected347 shortsentenceglessthan
14 wordsin the referenceEnglishtranslation)from
the held-outportion of the corpus,and they were
usedfor evaluation.

Table 1 shaws the decodingperformanceor the
testsentencesThefirst systemibm4 is areference
systemwhichis basednIBM Model4. Thesecond
andthethird (syn andsyn-nozf) areour decoders.
Both usedthe samedecodingalgorithm and prun-
ing asdescribedn the previoussectionsgxceptthat
syn-nozf allowed no zero-fertility insertions. The



averagedecodingspeedvasabout100seconds per
sentencdor bothsyn andsyn-nozf.

As anoverall decodingperformanceneasurewe
usedthe BLEU metric (Papinenietal., 2002). This
measureis a geometricaverage of n-gram accu-
ragy, adjustedby a length penaltyfactor LP.” The
n-gramaccuray (in percentagels shavn in Tablel
asP1/P2/P3/P4or unigram/bigram/trigram/4gm.
Overall, our decodemperformedbetterthanthe IBM
systemasindicatedby the higherBLEU score.We
obtainedbettern-gramaccurag, but the lower LP
scorepenalizedthe overall score. Interestingly the
systemwith no explicit zero-fertility word insertion
(syn-nozf) performedbetterthanthe onewith zero-
fertility insertion(syn). It seemsthat most zero-
fertility wordswerealreadyincludedin the phrasal
translationsandthe explicit zero-fertility word in-
sertionproducednoregarbagehanexpectedvords.

system| Coverage system| Coverage
ras 92/92 w5 92/92
ro8 47/92 w10 89/92
r100 20/92 w20 69/92

Table2: Effectof pruning

To verify that the pruning was effective, we re-
laxed the pruningthresholdandchecled the decod-
ing coveragefor the first 92 sentence®f the test
data. Table 2 shaws the result. On the left, the
r-table pruningwas relaxed from the 95% level to
98% or 100%. Ontheright, thet-tablepruningwas
relaxed from the top-5 (e,£) pairsto the top-10or
top-20pairs. The systemr95 andw5 areidentical
to syn-nozf in Tablel.

When r-table pruning was relaxed from 95% to
98%, only abouthalf (47/92) of the testsentences
were decoded,otherswere aborteddue to lack of
memory Whenit wasfurtherrelaxedto 100%(i.e.,
no pruningwasdone),only 20 sentencesvere de-
coded.Similarly, whenthet-tablepruningthreshold
wasrelaed, fewer sentencesould be decodeddue
to the memorylimitations.

Although our decodemerformedbetterthanthe

®Usingasingle-CPUS00MhzPentiumlll unix systemwith
1GB memory

"BLEU = exp(}__, wnlogps) x LP. LP = exp(1 —
r/c)if ¢ <r,andLP =11if ¢ > r, wherew, = 1/N, N =4,
¢ is thesystemoutputlength,andr is thereferencdength.

IBM systemin the BLEU score,the obtainedgain
was lessthanwhat we expected. We have thought
thefollowing threereasonskFirst, the syntaxof Chi-
neseis not extremely differentfrom English,com-
paredwith otherlanguagesuchasJapaneser Ara-
bic. Therefore,the TM could not take advantage
of syntacticreorderingoperations.Secondpur de-
coderlooks for a decodedtree, not just for a de-
codedsentenceThus,thesearctspacas largerthan
IBM modelswhichmightleadto moresearcterrors
causedy pruning. Third, the LM usedfor our sys-
temwasexactlythesameastheLM usedbythelBM
system.Decodingperformanceanight be heavily in-
fluencedby LM performanceln addition,sincethe
TM assumesanEnglishparsereeasinput, atrigram
LM might not be appropriate.We will discussthis
pointin the next section.
Phrasalranslationworked pretty well. Figure3
shaws the top-20 frequent phrasetranslationsob-
sened in the Viterbi alignment. The leftmost col-
umnshavs how mary timesthey appearedMost of
themarecorrect.It evendetectedrequentsentence-
to-sentencdranslations,since we only imposeda
relative length limit for phrasaltranslations(Sec-
tion 3). However, someof them,suchastheonewith
(in cantonese), arewrong. We expectedthat these
junk phrasesouldbe eliminatedby phrasepruning
(Sectionb), however the junk phrasegpresenimary
timesin the corpuswerenot effectively filtered out.

7 Decoded Trees

TheBLEU scoremeasurethequality of thedecoder
outputsentencesWe werealsointerestedn thesyn-
tactic structureof the decodedrees. The leftmost
treein Figure4 is adecodedreefrom thesyn-nozf
system.Surprisingly eventhoughthe decodedsen-
tenceis passablé&nglish,thetreestructures totally
unnatural.We assumedhata goodparsetreegives
high trigram probabilities.But it seemsa badparse
tree may give good trigram probabilitiestoo. We
alsonoticedthattoo mary unaryrules(e.g. “NPB
— PRN”) wereused.Thisis becaus¢hereordering
probabilityis always1.

To remedy this, we added CFG probabilities
(PCFG)in thedecodesearchij.e.,it now looksfor a
treewhich maximizesP(trigram)P(cfg)P(TM). The
CFG probability was obtainedby countingthe rule
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Figure3: Top-20frequentphraseranslationsn the Viterbi alignment

frequeny in the parsedEnglish side of the train-

ing corpus. The middle of Figure 4 is the output
for the samesentence.The syntacticstructurenow

looksbetter but we foundthreeproblems First, the
BLEU scoreis worse(0.078). Secondthe decoded
treesseemto prefernounphrasesin mary treesan

entiresentencavasdecodedasa large nounphrase.
Third, it usesmorefrequentnodereorderingthanit

should.

The BLEU score may go down becausewe
weighedthe LM (trigramandPCFG)morethanthe
TM. For the problemof too mary nounphrasesye
thoughtit wasa problemwith the corpus.Ourtrain-
ing corpuscontainedmary dictionary entries,and
the parliamentranscriptsalsoincludedalist of par
ticipants’ names.This may causethe LM to prefer
noun phrasegoo much. Also our corpuscontains
noise.Therearetwo typesof noise.Oneis sentence
alignmenterror, andthe otheris Englishparseerror.
The corpuswassentencalignedby automaticsoft-
ware,so it hassomebadalignments.Whena sen-
tencewas misaligned,or the parsewaswrong, the
Viterbi alignmentbecomesnoverreorderedreeas
it picks up plausibletranslationword pairsfirst and
reorderdreesto fit them.

To seeif it wasreally a corpusproblem,we se-
lecteda good portion of the corpusandre-trained
the r-table. To find good pairs of sentencen the
corpus,we usedthe following: 1) Both Englishand
Chinesesentencegnd with a period. 2) The En-

glish word is capitalizedat the beginning. 3) The
sentencedo not containsymbolcharacterssuchas
colon,dashetc,which tendto causeparseerrors.4)
The Viterbi-ratid is more than the averageof the
pairswhich satisfiedthefirst threeconditions.

Using the selectedsentencepairs, we retrained
only the r-table and the PCFG. The rightmosttree
in Figure 4 is the decodedree usingthe re-trained
TM. The BLEU scorewas improved (0.085), and
the treestructurelooks better thoughtherearestill
problems.An obvious problemis thatthe goodness
of syntacticstructuredepend®nthelexical choices.
For example,the bestsyntacticstructureis different
if averbrequiresa nounphraseasobjectthanit is
if it doesnot. The PCFG-basetiM doesnothandle
this.

At this point, we gave up usingthe PCFGasa
componenbf the LM. Usingonly trigramsobtains
the bestresultfor the BLEU score. However, the
BLEU metric may not be affected by the syntac-
tic aspectof translationquality, and aswe saw in
Figure 4, we canimprove the syntacticquality by
introducingthe PCFGusingsomecorpusselection
techniquesAlso, the pruningmethodsdescribedn
Section5 use syntacticstatisticsfrom the training
corpus. Therefore,we are now investigatingmore
sophisticated_Ms suchas (Charniak,2001) which

8viterbi-ratiois theratio of the probability of the mostplau-
siblealignmentwith the sumof theprobabilitiesof all thealign-

ments.Low Viterbi-ratiois agoodindicatorof misalignmenbr
parseerror.
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Figure4: Effectof PCFGandre-training:No CFG probability (PCFG)wasused(left). PCFGwasusedfor
the search(middle). The r-tablewasre-trainedand PCFGwasused(right). Eachtreewasbackreordered

andis shavn in the Englishorder

incorporatesyntacticfeaturesand lexical informa-
tion.

8 Conclusion

We have presenteda decoding algorithm for a
syntax-basedstatistical machinetranslation. The
translation model was extended to incorporate
phrasalranslations.Becausedhe input of the chan-
nel modelis an Englishparsetree,the decodingal-
gorithmis basedon corventionalsyntacticparsing,
andthe grammaris expandedby the channeloper
ationsof the TM. As the modelsizebecomesuge
in apracticalsetting,andthedecoderconsidersnul-
tiple syntacticstructuredor a word alignment,effi-
cientpruningis necessaryWe appliedsereral prun-
ing techniquesand obtainedgood decodingquality
and coverage. The choiceof the LM is animpor
tantissuein implementinga decodeffor the syntax-
basedI'M. At presentthe bestresultis obtainedby
usingtrigrams,but a moresophisticated M seems
promising.
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