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Abstract

This paper describesstatisticalmachinetranslationimproved by applying hierarchi-
cal phrasealignment. The hierarchical phrasealignment is a methodto align bilingual
sentencesphrase-by-phraseemploying thepartialparseresults.Basedon thehierarchical
phrasealignment, a translationmodel is trainedon a chunkedcorpus by convertinghier-
archicallyalignedphrasesinto a sequenceof chunks. Thesecondmethod transformsthe
bilingual correspondenceof thephrasealignments into thatof translationmodel. Both of
ourapproachesyield betterqualityof thetranslaitonmodel.

1 Intr oduction
A statistical machine translation (SMT), �rst introducedby Brown et al. (1993), represents a
translationprocessasanoisychannelmodelthatconsistsof asource-channelmodel,a transla-
tion modelanda prior, languagemodelof target languagetexts. This transformedtheproblem
of machine translation into a maximumposteriori solution to thesource-channelparadigm.

Thetranslation modelis based on word-for-word translation andlimited to allow only one
channel source word to be alignedfrom a channel target word. Although phrasal correspon-
denceis implicit ly implemented into sometranslation modelsby meansof distortion, careful
parameter training is required. In addition, thetraining procedurerelieson theEM algorithm,
whichcanconvergeto anoptimalsolution but doesnotassuredtheglobal maximumparameter
assignment.Furthermore,thetranslation modelsarerepresented by thenumbersof parameters,
sothateasily su� ered from theover�ttin g problem. In order to overcometheseproblems,sim-
pler models, suchasword-for-word translation models(Brown et al. 1993) or HMM models
(Och& Ney 2000), have been introducedto determinethe initial parametersandto bootstrap
thetraining.

This paperdescribestwo methods to overcome the above problems by usinghierarchical
phrase alignment(Imamura2001). Hierarchicalphrasealignment(HPA) is a methodto align
bilingual texts phrase-by-phrasefrom partial parseresults. Onemethod convertsthehierarchi-
cally alignedphrasal texts into a pair of sequences of chunksof words, treating theword-for-
word translation modelasa chunk-for-chunktranslationmodel.Thesecond methodcomputes
the parameters for the translation model from the computed phrase alignmentsandusesthe
parametersasa starting point for training iterations.

Theexperimentalresults onJapanese-to-English translationindicatedthatthemodeltrained
from theparametersderivedfrom thehierarchicalphrasealignment could further improve the
quality of translation from 61.3%to 70.0%in subjective evaluation. This results suggested



NULL 0 could1 you2 recommend3 another4 hotel5

hoka no hoteru o shokaishi teitadake masu ka
a = (4; 4; 5; 0; 3; 1; 1; 0)

Figure1: Exampleof alignment

that the hierarchical phrase alignment could boost the training parametersbetter than other
stochasticbased models.

Thenext section brie�y describesstatistical machine translation, mainly concentrating on,
so called IBM 4. Then,after the explanation of hierarchical phrase alignment, the detailed
procedureof applying the phrasealigned text to statistical machinetranslation is presented.
Section5 givesexperimental results on Japanese-to-Englishtranslation followed by a discus-
sionon theproposedmethods.

2 Statistical Machine Translation
Statistical machinetranslation regardsmachine translation asa processof translating a source
languagetext (f ) into a target languagetext (e) with thefollowing formula:

e = argmax
e

P(ejf )

TheBayesRuleis applied to theabove to derive:

e = argmax
e

P(f je)P(e)

Thetranslation processis treated asa noisychannel model, like thoseusedin speech recogni-
tion in whichthereexistsetranscribed asf , andatranslation is to infer thebestefrom f in terms
of P(f je)P(e). The former term, P(f je), is a translation model representingsomecorrespon-
dencebetween bilingual text. The latter, P(e), is the languagemodeldenoting the likelihood
(or plausibilit y) of thechannel source text. In addition, a word correspondencemodel,called
alignmenta, is introducedto thetranslation modelto representa positionalcorrespondenceof
thetarget andsource words:

e = argmax
e

X

a

P(f ; aje)P(e)

An example of an alignment is shown in Figure 1, wherethe English sentence “could you
recommendanotherhotel” is mappedontotheJapanese“hoka no hoteru o shokaishi teitadake
masuka”, andboth“hoka” and“no” arealignedto “another”, etc.TheNULL symbolat index
0 is alsoa lexical entry in which no morphemeis alignedfrom thechannel target morpheme,
suchas“masu” and“ka” in this Japaneseexample.

2.1 IBM Model 4

Many modelshave beensuggestedto denote theP(f ; aje), including theso-called IBM Models
1 to 5 (Brown etal. 1993) andHMM model(Och& Ney 2000). TheIBM Model4 mainforcus
in this paper, is composedof thefollowing models(refer to Figure2):
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Figure2: Translation Model (IBM Model 4)

� Lexical Model — t( f je) : Word-for-word translation model,representing theprobability
of a sourceword f being translatedinto a target word e.

� Fertility Model — n(� je) : Representingtheprobability of a sourceword e generating�
words.

� Distortion Model — d : Theprobability of distortion. In Model 4, themodelis decom-
posed into two setsof parameters:

– d1( j � kjA (e);B( f )) : Distortion probability for headwords. Thehead word is the
�rst of the target wordsgeneratedfrom a sourceword by thefertility model. The
headwordposition j is determinedby thewordclassesof theprevioussourceword,
A (e), andtarget word,B( f ), relative to thecenter of theprevioussourceword,k.

– d>1( j � j0jB( f )) : Distortion probability for non-headwords. The position of a
non-headword j is determinedby thewordclassandrelative to theprevioustarget
word generatedfrom thesamesourceword ( j0).

� NULL Translation Model — p1 : A �x ed probability of inserting a NULL word after
determining eachtarget word f (p0 = 1 � p1).

For details, referto Brown et al. (1993).

2.2 Problemsin Statistical Machine Translation

In statistical machine translation, thereexists threekey problemsas described below (Ney
2001):

Modeling Problem As this modelsuggests,a target word canbe aligned to only a single
sourceword. Thisrestriction prohibits, for instancein Figure1, “teitadake” from beingmapped
to both “could” and “you”, but allows only “could” to be mapped, and the other remaining
sourceword,“you”, is treated asazerofertili ty word. Ochetal. (1999) introducedtheconcept
of a translation template thatcouldcapture thephrase level correspondence, though themodel
reliedontheHMM basedtranslationmodelandcouldnotbedirectly applied to fertili ty models
suchastheIBM Model 4.



Training Problem Training for the various parameters,t, n, p1, d1, d>1 relieson the EM
algorithm, which optimizesthelog-likelihoodof themodelover a givenbilingualcorpus.The
EM algorithm can�nd anoptimal solution, althoughit cannot assure �nding theglobally best
one.As thenumberof parametersis larger thanthoseof speech it will becomeeasily stuck at
thelocal optimum solution.

To overcomethisproblem,simplermodels,suchastheIBM Model 1 or 2, wereintroduced
to provideword-for-word translation modelswith uniform alignmentprobability (Brown et al.
1993). Thosemodels�rst computeonly thelexical model,or rough alignmentprobability. Och
& Ney (2000) presenteda HMM Model in which alignment wasdependent on the previous
word's alignment. The simpler models,like those brie�y described above, can be usedas
intermediatemodelsto train andimprove theIBM Model 4 or 5 by usinga boosting strategy.
However, even computationally cheaper modelsrely on the EM-algorithm, so it is still not
assuredthatthey candiscover theoptimalmodel.

Search Problem This problemis not handled here,althoughthesearch problem is a critical
issuefor the success of statistical machine translation. The decoder, or the search system,
should inducethesourcestring from asequenceof target wordsby util izing cluesfrom a large
numbersof parameters. Basically, if the vocabulary size is 10,000 and the output sentence
length is 10, then 1000010 possible candidatesmust be enumerated. In addition, since the
sourcesentencelength is unknown to thedecoder, thesearchsystemshould alsoinfer thetotal
length of output at the sametime. For details of the search problem, refer to Germannet al.
(2001); Knight (1999); Ochet al. (2001).

3 Hierar chical PhraseAlignment
Hierarchical phrase alignment, proposedby Imamura(2001), computes the correspondence
of sub-treesbetweensource languageand target languageparsetrees based on partial parse
results. A phrasealignmentis de�ned asan equivalentsequenceof wordsbetweenbilingual
sentences,andit may be a sequenceof wordsrepresenting noun phrasesand/or verb phrases
etc.For instance,thesentencepairs,

E: I have just arrivedin Kyoto .
J: kyoto ni tsui ta bakari desu.

consistsof threephrasealignments:

in Kyoto — kyoto ni
arrivedin Kyoto — kyoto ni tsui

have just arrivedin Kyoto — kyoto ni tsui ta bakari desu

The phrasealignmentsare�rst computed by tagging andparsing the bilingual sentences.
After the parse, word level alignment,or word-linkage, is computed and the partial parses
(non-terminals) arepruned out if thereexists no word-linkage. The remaining partial parses
are compared by using the similarity of the syntactic categories. If multiple candidates of
a sentenceor auxiliary verb phrasesareacquired, the partial parsewith maximumcoverage
is selected. For othersyntactic categories,thoseof minimal coverage arechosen for phrase
alignment.Figure3 illustratesanexampleof phrasealignment for theaboveexample, in which
phrase alignmentsNP(1), VMP(2), VP(3), VP(4), AUXVP(5), andS(6)werecomputedwith
theword-linkage“arrived”—”tsui” and“K yoto”—”k yoto”.
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Figure3: Exampleof phrasealignment
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Figure4: Statistical machinetranslation basedon hierarchical phrase alignment

4 Applying PhraseAlignment to Statistical Machine Translation
Figure4 illustratestheproceduresfor transformingthecorrespondencein hierarchical phrase
alignmentinto thatof statistical machine translation.

One is to convert the hierarchical phrase alignmentsinto chunks of words and use the
sequenceof chunks as bilingual texts for training (chunking model). This enlarges the size
of vocabulary, although themultiple target word associationsareimplicit ly implemented into
chunks. This methodis expectedto resolve the�rst problemof statistical machine translation,
thatis themodelproblemwherethemodelrestrictsonly onesourcewordaligned from atarget
word. In addition, improvedquality of thevariousparametersis expected. For instance,the t
parameters,thelexical model,will beimprovedbecauseof thestrongcorrespondenceof phrase
alignmentsandchunks.Thedistortion model,d parameters,will alsobeimprovedasthelength
of thebilingualsentenceis shortened.

Thesecond methodis to compute thetranslation modelparameters from thephrasealign-
ments(HPA model) and use the model parametersin a bootstrapping strategy for training
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Figure5: Exampleof convertingphrasealignmentinto chunks

NULL business class is fully booked

bijinesukurasu wa yoyaku de ippai desu
A = (f1; 2g; f0g; f3; 4; 5g; f3; 4;5g; f3; 4; 5g; f3; 4;5g)

Figure6: Exampleof restrictedalignment

(HPA+train model). From the phrasealignment, since the sequenceof words in a chunk is
already aligned,thesubsetof alignmentscanbeobtained,andthecomputedalignmentscanbe
appliedto derive theparameters for thetranslationmodel.

4.1 PhraseAlignment asChunk of Words

Thehierarchical structureswereconvertedto a sequenceof chunks by insertingNIL symbols
before andafter the phrase alignments.After the insertion, thechunkswereobtainedby sep-
arating the sequenceof wordsby NILs. For example,in Figure5, NIL symbols areinserted
before andafter the phrasealignmentsNP(1), VP(2), andS(3). Then,chunks of “business
class” and “is fully booked” are derived for English, and “biji nesukurasu” and “yoyaku de
ippai desu” areextractedfor Japanese.

Thechunking modelcanbecomputedby �rst transforming theThesequenceof wordsin
a corpora into the corresponding sequenceof chunks. the derived texts areconsumedasthe
inputs for training/decoding by treating eachchunk asa word.

4.2 PhraseAlignment asTranslation Model Parameters

Givenasequenceof chunksof wordsderivedby theaboveprocedure,restrictedalignmentsare
�rst computed. Therestrictedalignmentsaresubsets of all possible alignmentsgivena bilin-
gual sentencebut arelimited by the boundary hypothesized by the aligned chunks of words.
For instance,Figure 6 illustratesan example of restricted alignmentswherethe target word
“bijin esukurasu”is alignedto only “business” or “class”,andsoon.

In computing theHPA model,t, n, d1, d>1 andp0 parameterscanbederivedby simplyenu-
meratingall therestrictedalignmentsandaccumulating countsthatcorrespond to oneiteration



Table1: Corpus
English Japanese

number of sentences 145,432
number of words 835,048 896,302
vocabulary size 13,162 20,348
averagesentencelength 5.74 6.16
trigramperplexity 36.03 32.93

perplexity: evaluatedby trigram languagemodelusingClarkson& Rosenfeld (1997).

Table2: Aligned chunks
English Japanese

numberof chunks 7,604 6,750
vocabularysize(of chunks) 2,166 1,624
average numberof chunks persentence 0.759 0.673
average numberof wordsperchunk 2.21 2.52

of training. For example,thet parameterscanbecomputedby �rst accumulating thecounts:

tc( f je; f ; e;A) =
X

a2A

P(ajf ; e)
X

i; j

� ( f ; f j)� (e; eaj )

Then,t parameters arecomputedas:

t( f je)  
X

s2train

tc( f je; fs; es;As)

whereP(ajf ; e) is considered uniform distribution.

Given the HPA modelas initial parameters,the HPA+train modelcanbe trained further
with theEM-algorithm asdescribedin Brown et al. (1993).

5 Experiments
5.1 Corpus

Thecorpusfor thisexperimentconsistsof 145,432 bilingualsentencesof EnglishandJapanese
extractedfrom a large-scale travel conversation corpus.Thestatisticsof thecorpus areshown
in Table1. The corpus wassplit into threeparts: a training setof 125,537 sentence pairs, a
validation setof 9,872, anda testsetof 10,023.

Fromthetraining set,355,293 hierarchical phrase alignmentswereextracted,and177,242
chunks for Englishand159,884 chunks for Japanesewerecreated. Among thechunks, those
with frequency higher than10 wereselected.The�nal statistics on chunksareshown in Table
2.

5.2 Models

In thisexperiments,four modelswerecreated for Japanese-to-Englishtranslation: Onewasthe
baseline model,trained from theIBM Models1 to 4, including theHMM modelassuggested
by Och & Ney (2000) 1. The next model, the chunking model, wasderived from chunks of

1thetrainingprogramis basedon GIZA++ (Och2001)



Table3: Experimental results of translation
Model WER PER SE

A B C D
baseline 0.702 0.592 12.7% 33.3% 14.7% 38.7%
chunking 0.640 0.531 21.3% 28.0% 16.7% 34.0%
HPA 0.645 0.581 17.3% 32.0% 15.3% 35.3%
HPA+train 0.710 0.593 16.0% 32.0% 22.0% 30.0%

WER: word errorrate
PER: position independent word errorrate
SE: subjective evaluation (A: perfect, B: fair, C: acceptable,D: nonsense)

baseline: baseline model
chunking: chunking model
HPA: IBM Model 4 with parametersderivedfrom HPA
HPA+train: IBM Model 4 boosted from HPA model

wordsby transformingthehierarchical phrasealignmentsinto chunks.Thesequenceof chunks
aretreated asasequenceof words,andtrained asthebaselinemodel.Thethird model,theHPA
model,wasalso computed from the hierarchical phrasealignments,but by converting them
into translation model's parameters.TheHPA modelwasalsoevaluated to seeif the derived
modelweretrainedproperlyonthetrainingcorpus. Thelastmodel,theHPA+trainmodel,was
obtainedby further training the HPA modelonly for IBM Model 4 iterations. The baseline,
chunking andHPA+train modelswereall trainedon the training set,and their training loop
was terminatedwhen the perplexity for the validation set indicatedthe lowest scores(cross
validation).

5.3 Results

The four modelswere tested on 150 bilingual sentences, 50 pairs eachfor Japaneseinput
sentencelengthsof 6, 8 and10. For thisexperiment,adecoderwasdevelopedbasedonastack
decoding algorithm presentedin Berger et al. (1996) with the very weakadmissible heuristic
function described in Och et al. (2001). All of the sentenceswereevaluated by word error
rate(WER) andsubjective evaluation (SE),with criteria ranging from A (best) to D (worst)2

(Sumitaetal. 1999). Theevaluation measure, worderror rate(WER),cannot take into account
the fact that a channel source string canbe re-ordereddi� erently; hencewe also introduced
theposition-independentword error rate(PER),in which thepositional dis�uencieswerenot
considered(Ochet al. 2001).

Table3 summarizes the results of WER,PERandSE.Theresults with varying input sen-
tencelengthsarepresentedin Table4, with WER,PERandSEwith ranksfrom A to C. Some
samplesof translation results areillustratedin Figure7 with thesubjective evaluationrankfor
theBaselineModel andtheHPA+train model.

6 Discussion
FromTable3, the chunking modelgreatly reducedboth of WER andPER, andimproved the
translation quality basedon the subjective evaluation. The chunking seemsto successfully

2the meaningsof the symbolarefollows: A — perfect: no problemin either informationor grammar;B —
fair: easyto understandbut someimportantinformationis missingor it is grammatically�a wed;C — acceptable:
brokenbut understandablewith e� ort; D — nonsense:importantinformationhasbeentranslatedincorrectly.



Table4: Experimental results of translation by sentencelength
Model WER PER SE(A+B+C)
length 6 8 10 6 8 10 6 8 10
baseline 0.666 0.675 0.766 0.568 0.607 0.600 66.0% 64.0% 52.0%
chunking 0.545 0.570 0.806 0.484 0.489 0.620 78.0% 72.0% 48.0%
HPA 0.595 0.657 0.684 0.553 0.607 0.584 72.0% 66.0% 56.0%
HPA+train 0.643 0.726 0.762 0.558 0.625 0.597 78.0% 72.0% 60.0%

SE(A+B+C): subjective evaluation with therankof A, B or C

input: stekinoyaki guaiwa dousaremasuka
output: baseline: (D) canyousteak

HPA+train: (A) how doyou like your steak
input: gorufujo noyoyakudekimasuka
output: baseline: (C) cani make a reservation

HPA+train: (A) couldyoumakea reservationfor thegolf course
input: shikagokarashiatorumadedonokurai jikan gakakari masuka
output: baseline: (A) how longdoesit take to seattlefrom chicago

HPA+train: (B) doyouhow longwill it take to seattlefrom chicago
input: sekinokakuho dewakureguremosaiko no tokoroo onegaishimasu

(pleasebesureto securethebestavailableseatsfor us)
output: baseline: (B) i would likea seatin a greatplaceplease

HPA+train: (D) my bestregardsto your seat�nd aplaceplease
input: shoshinshananodakedosankashitemoii desuka

(i amabeginnermayi join)
output: baseline: (D) doyouhavemaybut take beginner

HPA+train: (D) it is but i ama beginner

Figure7: Samplesof translation

model the multiple source wordsalignedto onetarget word. However, this modelwasonly
goodfor shorter sentences,andthequality degradedfor longer input sentences(refer to Table
4). This is partly dueto thedata sparsenessproblemfor thevocabulary sizewasincreasedby
the chunked wordsandalsoincreasesis the number of possible translations. Accordingly, it
becamemoredi� cult for thedecoderto discover thebesttranslation.

As with the chunking model, the HPA model reduced WER andPERand improved the
subjective evaluation rating. This indicatesthat the parametersderived from the hierarchical
phrasealignmentcould correctly assign parametersbetter thanthosederivedfrom thebaseline
model.

Thelastmodel,theHPA+trainmodel,could notdecreasethevaluesfor WERandPER,but
still greatly increasedthescore of the subjective evaluation. This showedthat the HPA+train
model, trained further from the HPA modelcould achieved better parameterassignment. In
comparing thismodelto thechunking model,theresultsof thesubjective evaluation werevery
close, though theHPA+train modelis better for longer input length.

The results above demonstratethat the translation modelparametersderived from the hi-
erarchical phrasealignmentwerebetter than thoseacquired only by EM-training on a given
corpus.

Oneof theadvantagesof using hierarchical phrasealignmentis that it is neutral to language



pairs:They cansharethesameparsing systemwith a simplealgorithm for aligning texts. The
next advantageis the robustness to the input, since the phrase alignmentsareextracted from
partial parseresults. Theseadvantages werenot availablein alignmentmethodsof Yamamoto
& Matsumoto (2000); Kaji et al. (1992). In addition, hierarchical phrase alignment is dif-
ferent from otherchunking methodsbacauseit canpreserve the correspondencein bilingual
texts. Although the proposedmethodheredid not usethe higher level structuresin the hier-
archically alignedphrases,it will bechallenging to incorporate thosealignmentsrestrictedby
non-terminalcorrespondences.

Thequality of translationis expectedto beimprovedby includingtherestrictedalignments
into training steps. This idea is basedon pegging (Brown et al. 1993) or from the work of
Och& Ney (2000), in which a subset of all thealignments wereusedfor training basedon the
viterbi alignment,thebestscoredalignment,andneighboring alignments.Insteadof limiting
the alignmentsto those from trained parameters,the alignmentsobtained from hierarchical
phrase alignmentswill beableto guidethetraining to a better model.

It will alsobe interesting to testa combination of the chunking modeland the restricted
alignments.Fromtheresults, thechunking couldhelpimprove quality by translating language
into A-rankedsentences,while theHPA+train modelcould serve to improveoverall quality by
suppressing thetranslationinto D-rankedsentences.
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