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Abstract

This pape descriles statisticalmachinetranslationimproved by applying hierardi-
cal phrasealignmen. The hierardical phrasealignmett is a methodto align bilingual
sentencephrase-by-praseemplg/ing the partial parseresults.Basedon the hierachical
phrasealignmen, a translationmockl is trainedon a churked corpis by cornverting hier
archicallyalignedphrasesnto a sequencef churks. The secondmethal transfomsthe
bilingual correspnderte of the phrasealignmetts into thatof translationmocel. Both of
ourapprachesyield betterquality of thetranslaitormodé.

1 Intr oduction

A statidical machire transhtion (SMT), rst introducedby Brown et al. (1993, represens a
transhtion processasa noisychannelmodelthatconsistsof a soure-chamel model,atransla-
tion modelanda prior, languagemodelof target languagetexts. This transformedthe probem
of machire trandation into a maximumposgriori solution to the souce-channelparadigm.

Thetrandation modelis basel on word-for-word trandation andlimited to allow only one
chanrel soure word to be alignedfrom a channel target word. Although phrasal correspon
denceis implicitly implemeried into sometranslation modelsby meansof distottion, carefu
paramegr training is required. In addtion, thetraining procedurerelieson the EM algorithm,
which cancorveme to anoptimal solution but doesnot assuedthe global maximumparameter
assigiment.Furthemore thetrarnslation modelsarerepresentd by thenumbes of parameters,
sothateasly su ered from theover ttin g probdem. In orde to overcanetheseprobems,sim-
pler models suchasword-for-word trandation models(Brown et al. 1993 or HMM modebk
(Och& Ney 2000, have been introducedto deteminetheinitial paranetersandto bootgrap
thetraining.

This paperdescrbestwo methals to overcane the above problans by using hierachicd
phrag alignment(Imamura2001). Hierarchical phrasealignment(HPA) is a methodto align
bilingual texts phrase-byphrasefrom partial parseresuts. Onemethal corvertsthe hieraichi-
cally alignedphrasl texts into a pair of sequence of chunks of words treating the word-for-
word translation modelasa churk-for-chunktranshtion model. The secand methodcompues
the parameersfor the transhtion modelfrom the compued phra® alignmentsand usesthe
parametrsasa startihg point for training iterations.

Theexperimentalresuts on Japaese-b-English transhtionindicatedthatthemodeltrained
from the parameersderived from the hierarchical phrasealignmert coud further improve the
quality of transhtion from 61.3%to 70.0%in suljective evaluation. This resuts suggested



NULLo couldy yow, reconmends anotler, hotek

hoka no hoteru 0] sholaishi teitada masu ka
a= 4, 4; 5; 0; 3; 1; 1 0

Figurel: Exampleof alignment

that the hierarchicd phrag alignment could bood the training paranetersbette than other
stochasticbasel models.

Thenext sectio brie y desribesstatigical machire trandation, mainly concentrding on,
so called IBM 4. Then, after the explanation of hierarchical phra® alignmen, the detdled
procadure of applying the phrasealignedtext to statistcal machinetranslation is preseted.
Section5 givesexperimental resuts on Japaese-teEnglishtranslation followed by a disaus-
siononthe proposedmethals.

2 Statistical Machine Translation

Statisti@al machinetrandation regardsmachire trarslation asa processof trandating a soure
languagetext (f) into atarget languagetext (€) with the following formula:

e= amg meaxP(ejf)
TheBayesRuleis applied to the above to derive:
e= amg mé';le(fje) P(e)

Thetrandation processis treatal asa noisy chanrel model lik e thoseusedin speet recoqi-
tionin whichthereexistsetrarnscribel asf, andatrandationis to infer thebestefromf in terms
of P(fie)P(e). The formerterm, P(fje), is a translation model repregnting somecorrespon
dencebetwea bilingual text. The latter, P(e), is the languagemodeldenotng the likelihood
(or plausbility) of the chanrel soura text. In addition, a word correspordencemodel,called
alignmenta, is introducedto the translation modelto repregnta positional correpondance of

thetamet andsoure words:
X
e=amgmax P(f;aje)P(e)
e
a
An exampk of an alignment is shavn in Figure 1, wherethe English sentece “could you
recommendanoherhotel’ is mappedontothe Japamse*hoka no hoteru o sholaishiteitadake
masuka”, andboth“hoka” and“no” arealignedto “ancther”, etc. The NULL symbolatindex

0 is alsoa lexical entryin which no morphemeis aligned from the chamel target morpreme,
suchas“masu”and“ka” in this Japaeseexample.

2.1 IBM Model 4

Many modek have beensuggestedo dende the P(f; aje), including the so-cdled IBM Models
1to5(Brown etal. 1993 andHMM model(Och& Ney 2000. ThelBM Model 4 mainforcus
in this paper, is compasedof the following models(refer to Figure2):
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Figure2: Translaton Model (IBM Model 4)

Lexical Model— t(fje) : Word-for-word translation model,representing the probability
of asourceword f being trandatedinto atargetword e.

Fertility Model — n( je) : Repregntingthe probability of a souceword e geneating
words.

Distortion Model — d : The probability of distartion. In Model 4, the modelis decan-
posel into two setsof paramegrs:

— di(j KkjA(e);B(f)) : Distortion probability for headwords The heal word is the
rst of thetamet wordsgereratedfrom a sourceword by thefertility model. The
headword postion j is deteminedby theword clas®sof the previoussoureword,
A (e), andtargetword, B(f), relative to the certer of the previoussouiceword, k.

— d-1(j  j9B(f)) : Distortion probability for non-headwords. The position of a
non-headword | is deteminedby theword class andrelative to the previoustamet
word geneatedfrom the samesourceword ().

NULL Translaton Model — p; : A x ed probability of insetting a NULL word after
detemining eachtargetword f (=1 p1).

For detdls, referto Brown etal. (1993).

2.2 Problemsin Statistical Machine Translation

In statistical machire transhtion, there exists three key problemsas descibed below (Ney
2001):

Modeling Problem As this model suggests,a target word can be aligned to only a single

soureword. Thisrestridion prohihbits, for instancein Figurel, “teitadale” from beingmapped
to both “could” and“you”, but allows only “could” to be mappeal, and the otherremairing

sour@word, “you”, is treatal asa zerofertility word. Ochetal. (199) introducedthe conapt
of atrandation templak thatcould captue the phras level correspomence though the model
reliedontheHMM basedranshtionmodelandcouldnotbedirecty apdied to fertility modebk

suchasthelBM Model 4.



Training Problem Training for the various parameters,t, n, py, di, d>1 relieson the EM
algorithm, which optimizesthelog-likelihoodof the modelover a givenbilingual corpus. The
EM algarithm can nd anoptimal solution, althoughit canrot assue nding the globally beg
one. As the numberof paramegrsis larger thanthoseof speet it will becane easily stud at
thelocal optimum solution.

To overcamethis probdem, simplermodels,suchasthelBM Modd 1 or 2, wereintroduced
to provide word-for-word trandation modelswith uniform alignmentprobability (Brown etal.
1993. Thosemodek rst compue only thelexical model,or rough alignmentprobability. Och
& Ney (2000) preseiteda HMM Model in which alignmen wasdependen on the previous
word's alignment. The simple models,like those briey descibed aborve, can be usedas
intermedate modelsto train andimprove the IBM Model 4 or 5 by usinga booding stratey.
However, even compuationally cheagr modelsrely on the EM-algoiithm, so it is still not
assuedthatthey candiscover the optimalmodel

Search Problem This problemis not handed here,althoughthe sear® prodem s acritical

issuefor the succes of statistcal machire transhtion. The decockr, or the seach system,
shout inducethe source string from a seqenceof target wordsby utilizing cluesfrom alarge
numbersof parameeérs. Basically if the vocabulary sizeis 10,00 andthe outpu sentece
length is 10, then 10000'° possble canddatesmust be enumerged. In addtion, since the

sour@ senencelength is unknown to the decaler, the searchsysemshoud alsoinfer thetotd

length of output at the sametime. For detaik of the seart problem, referto Germannet al.

(200D); Knight (1999); Ochetal. (2001).

3 Hierarchical PhraseAlignment

Hierarchical phrase alignment, proposedby Imamura(2001), compues the corresporlen@

of subtreesbetweensouce language and target languageparsetrees basel on partid parse
resuls. A phrasealignmentis de ned asan equivalentsequenceof words betweenbilingual

senteices,andit may be a sequ@éce of wordsrepresenting noun phrasesandor verb phrases
etc. For instance the sertencepairs,

E: | havejust arrivedin Kyoto.
J.  kyoto ni tsuitabakar desu.

consktsof threephrasealignments:

in Kyoto — kyotoni
arrivedin Kyoto —  kyoto ni tsui
have justarrivedin Kyoto — kyoto ni tsuita bakar desu

The phrasealignmentsare rst computel by tagging and parsing the bilingual senteces.
After the parse word level alignment, or word-linkage, is computd and the partid parse
(nonterminak) are prunal out if thereexists no word-linkage. The remairing parial parse
are comparel by using the similarity of the syntactic cateyories. If multiple cardidates of
a sentece or auxiliary verb phrasesare acquired, the partial parsewith maximumcoverage
is sele¢ed. For othersyntactic categories,thoseof minimal coverage are chosn for phrag
alignment.Figure3 illustratesanexampleof phrasealignment for theabove exampleg in which
phrag alignmentsNP(1), VMP(2), VP(3), VP(4), AUXVP(5), and S(6) werecompuedwith
theword-linkage“arrived”—"tsui” and“K yoto’—"k yoto”.
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Figure3: Exampleof phrasealignment
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Figure4: Statistcal machnetrarslation basedon hierachical phrag alignment

4 Applying PhraseAlignment to Statistical Machine Translation

Figure4 illu stratesthe proceduresfor transformingthe correpondencein hierarchical phrag
alignmentinto thatof statidical machire transhtion

Oneis to corvert the hierachical phrase alignmentsinto chunks of words and usethe
sequace of churks asbilingual texts for training (chunking model). This enlagesthe size
of vocabulary although the multiple target word asseiations areimplicitly implementel into
chunls. This methodis expecedto resole the rst problem of statigical machire translation,
thatis themodelprobdemwherethe modelrestrictsonly onesoure word aligned from a target
word. In addtion, improved quality of the various paraméersis expeced. For instance thet
paramegrs,thelexical model,will beimprovedbecaiseof thestrong correspomenceof phrage
alignmentsandchunks. Thedistottion model,d paraméers,will alsobeimprovedasthelength
of thebilingual senteceis shotened

The secand methodis to comput thetranslation modelparametes from the phrasealign-
ments(HPA model) and use the model parametersin a bootstrappng stratgy for training
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Figure6: Exampleof restridedalignment

(HPA+train model) From the phrase alignment, since the seqwenceof wordsin a churk is
already aligned,the subst of alignmentscanbe obtained,andthe compuedalignmentscanbe
appliedto derive the parametes for the transhtion model

4.1 PhraseAlignment asChunk of Words

Thehierarchical strudureswere corvertedto a sequace of churks by inserting NIL symbobk
before andafterthe phra® alignments.After the insetion, the chunks were obtaned by sep
aratirg the sequenceof wordsby NILs. For example,in Figure5, NIL symbok areinserted
before and after the phrase alignmentsNP(1), VP(2), and S(3). Then, churks of “busines
class”and"is fully booked” are derived for English, and “biji nesukirasd and “yoyaku de
ippaidesu areextractedfor Japaese.

The churking modelcanbe compuedby rst trarsforming the The sequaéceof wordsin
a corporainto the corresporling sequace of churks. the derived texts are consumedasthe
inputs for training/decodirg by treatng eachchunk asa word.

4.2 PhraseAlignment asTranslation Model Parameters

Givenaseqlenceof chunksof wordsderivedby theabove procedue, restictedalignmentsare

rst compued. Theresticted alignmentsare subsés of all possble alignmentsgiven a bilin-
gual sentece but arelimited by the bourdary hypothesizal by the aligned chunks of words.
For instance,Figure 6 illustratesan exampke of resticted alignmentswherethe target word
“bijin esukuasu”is alignedto only “business or “class”,andsoon.

In computngtheHPA model,t, n, di, d-; and pp parame¢rscanbederivedby simply enu
meratingall therestridedalignmens andaccumiating countsthatcorrespoml to oneiteraion



Tablel: Corpus

English Japanese
numtler of sentences 145,82
numter of words 835048 896302
vocahilary size 13,1@ 20,38
averagesentencéength 5.74 6.16
trigramperpleity 36.8 3293

perplity:  evaluatedby trigram languagemodelusingClarkson& Rosenféd (1997).

Table2: Aligned churks

English Japanese
nunberof chunks 7,604 6,79
vocahulary size(of chunks) 2,166 1,624
average nunberof chunks persentence| 0.759 0.673
average nunberof wordsperchurk 2.21 2.52

of training. For example thet paraneterscanbe compuedby rst accunulating the couns:

X X
te(fije f; e A) = P(ajf; e) (f; 1) (eey)
a2A i
Then,t parametes arecomputdas:
X
t(fje) te(fje fs; es;Ag)
s2train

whereP(ajf; €) is corsideral uniform distribution.

Given the HPA modelasinitial parametersthe HPA+train model can be trained further
with the EM-algorithm asdescibedin Brown etal. (1993).

5 Experiments
5.1 Corpus

Thecorpuwsfor thisexpelimentconsktsof 145,42 bilingualsenencesof EnglishandJapaese
extracted from a large-scaé travel corversatian compus. The staistics of the corpus areshavn
in Tablel. The corpus wassplit into threeparts: a training setof 125,53 sentee pairs a
validation setof 9,872 andatestsetof 10,02.

Fromthetraining set,355,2% hierarchial phrag alignmentswereextraded,and177,242
chunks for Englishand 159,881 chunks for Japaesewerecreded. Amongthe chunis, those
with frequeng higherthan10wereseleded. The nal statigics on chunksareshowvn in Table
2.

5.2 Models

In this experiments,four modelswerecreata for Japaneseto-Englishtranshtion: Onewasthe
baseine model,trained from the IBM Models1 to 4, includingthe HMM modelassuggested
by Och & Ney (2000 . The next model,the chunking model wasderived from churks of

lthetraining programis basedon GIZA++ (Och2001)



Table3: Experimenél resuts of transhtion
Model WER | PER SE
A B C D
baseline 0.7® | 0.592| 12 33.3% 1470 38. %
churking 0.64 | 0531 |21.3% 28.006 16.P0 34.0%0
HPA 0.646 | 0581|17.3% 3206 153 35.M
HPA+train | 0.710 | 0.593 | 16.06 32.06 22.060 30.00

WER: worderrorrate
PER: positionindependemnword errorrate

SE: subjecive evaluation (A: perfect, B: fair, C: aceptale, D: nonsense)
baselire: baseine model
chunkirg: chunking model
HPA: IBM Model 4 with parameg¢rsderived from HPA

HPA+train:  IBM Model 4 boostel from HPA model

wordsby transformingthehierarchical phrasealignmentsinto chunks. Thesequenceof chunks
aretreatal asa sequenceof words,andtrained asthe baseine model. Thethird model,the HPA
model, was also compued from the hierarchical phrase alignments,but by corverting them
into translation models parameters.The HPA modelwasalsoevaluatdto seeif the derived
modelweretrainedproperly onthetraining corpus. Thelastmodel,the HPA+train model,was
obtaned by further training the HPA modelonly for IBM Model 4 iterations The baséine,
chunkng and HPA+train modelswereall trained on the training set, and their training loop
was terminatedwhen the pemplexity for the validation setindicatedthe lowest scores(cross
validation).

5.3 Results

The four modelswere tesked on 150 bilingual sertences 50 pairs eachfor Japamseinput
sentecelengthsof 6, 8 and10. For this expeliment,a deaoderwasdevelopedbasedn astack
decodng algoiithm presentedin Berger et al. (1996) with the very weakadmissble heuristic
function descibed in Och et al. (2001). All of the sentereswere evaluaed by word errar
rate (WER) and subjective evaluation (SE), with criteria ranging from A (bes) to D (worsf)?
(Sumitaetal. 1999. Theevaluaion measureword error rate(WER), cannd take into accaint
the fact that a chamel source string canbe re-orcereddi erenty; hencewe alsointroduced
the positon-indepandentword error rate (PER),in which the postional dis uencieswerenot
constered(Ochetal. 2001).

Table 3 summarizs theresuts of WER, PERandSE. Theresuts with varyinginput sen
tencelengthsarepresentedin Table4, with WER, PERandSEwith ranksfrom A to C. Some
sampleof trarslation resuts areillustratedin Figure7 with the subjctive evaluation rank for
the BaselineModel andthe HPA+train model.

6 Discussion

From Table 3, the chunkng modelgreaty redued both of WER and PER andimprovedthe
transhtion qudity basedon the subjective evaluaion. The chunkng seemsto succesfully

2the meaningsof the symbolarefollows: A — perfect: no problemin eitherinformationor grammar;B —
fair: easyto understandut someimportantinformationis missingor it is grammatically a wed; C — acceptable:
brokenbut understandblewith e ort; D — nonsese:importantinformationhasbeentranslatedncorrectly



Tabled: Experimettal resuts of trandation by senencelength
Model WER PER SE(A+B+C)
length 6 8 10 6 8 10 6 8 10
baseline 0.666 0.6/5 0.76 | 0.568 0.60/ 0.600 | 66.00 64.06 52.0%
chunkng 0.545 0570 0.8 | 0.484 048 0.620 |78.060 72.006 48.0
HPA 0.595 0.667 0.68 | 0.563 0.60/ 0.584 | 72.060 66.06 56.00
HPA+train | 0.643 0.726 0.7& | 0.5%58 0.65 0.597 |78.006 72.006 60.0%
SE(A+B+C):  subjedive evaluation with therankof A, B orC

input:  stekinoyaki guaiwadousare masuka
outpu: baseline: (D) canyousteak
HPA+train: (A) how doyoulike your steak
input:  goruujo noyoyakudekimasuka
outpu: baseline: (C) cani male aresenetion
HPA+train: (A) couldyoumale areserationfor thegolf course
input:  shikagokarashiatorumadedorokurai jikan gakakari masuka
outpu: baseline: (A) how longdoesit take to seattlefrom chicago
HPA+train: (B) doyouhow longwill it take to seattlefrom chicago
input:  sekinokakuho dewa kureguremo saiko no tokoro o onegaishimasu
(pleasebesureto securghebestavailableseatdor us)
outpu: baseline: (B) iwouldlike aseatin agreatplaceplease
HPA+train: (D) my bestregadsto you seatnd aplaceplease
input:  shoshinshaano dakedosankashtemoii desuka
(i amabeginrer mayi join)
outpu: baseline: (D) doyouhave maybuttake beginner
HPA+train: (D) itisbuti amabeginner

Figure7: Samplef transhtion

modelthe multiple soure wordsalignedto onetarget word. However, this modelwasonly
goodfor shater senteices,andthe quality degradedfor longerinput senencegreferto Table
4). Thisis partly dueto the data spargnesgroblemfor the vocalulary sizewasincreasedby
the chunked wordsand alsoincreasesis the numbe of possble trandations. Accordngly, it
becamemoredi cult for thedecalerto disocover the besttrandation.

As with the chunking model, the HPA modelredued WER and PER and improved the
subjective evaluaion rating. This indicatesthatthe paranetersderived from the hierarchicd
phra® alignmentcoud correctly assgn parametes better thanthosederivedfrom the basdine
model.

Thelastmodel,theHPA+train model,could not decreasethevaluesfor WER andPER ,but
still greaty increasedthe scae of the subjective evaluation This showedthatthe HPA+train
model, trained further from the HPA model could achieved bette paraneterassgnment. In
comparig this modelto the chunkng model,theresuts of the suljective evaluaion werevery
close thoughthe HPA+train modelis bette for longe inputlengh.

Theresuts abore demorstratethat the trandation model paranetersderived from the hi-
erarchical phrase alignmentwere better thanthoseacqured only by EM-training on a given
COrpLs.

Oneof theadvantagesof using hierarchial phrasealignmentis that it is neutral to language



pairs: They cansharethe sameparsng sysemwith a simplealgarithm for aligning texts. The
next advartageis the robustnes to the input, since the phrae alignmentsare extracted from
partid parseresuts. Theseadvantagewerenot availablein alignmentmethodsof Yamamoto
& Matsumob (2000); Kaji et al. (1992). In addtion, hierarchical phrag alignment is dif-
ferentfrom otherchunking methodsbacuseit canpres&ve the corresponancein bilingual
texts. Although the propasedmethodheredid not usethe higher level struduresin the hier
archially aligned phreases,it will be challengingto incorporat thosealignmentsresticted by
non-terminalcorrespordencss.

Thequalty of transhtionis expectedto beimprovedby includingtherestictedalignments
into training steps This ideais basedon pegging (Brown et al. 1993 or from the work of
Och& Ney (2000), in which a subsé of all thealignmens wereusedfor training basedon the
viterbi alignment,the bestscaed alignment,andneighboring alignments.Insteadof limiting
the alignmentsto those from trained parameters the alignmentsobtaned from hierarchicd
phrag alignmentswill beableto guidethetraining to a beter model.

It will alsobe interesting to testa combimation of the chunking modeland the restrided
alignments.Fromtheresuts, the chunking could helpimprove qualty by trandating language
into A-rankedsenteces while the HPA+train modelcoud seneto improve overdl qudity by
suppessimg thetranshtioninto D-ranked sertences
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