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Abstract

We presenta syntax-basedstatistical
translationmodel. Our model trans-
forms a source-languageparse tree
into a tamget-languagestring by apply-
ing stochastimperationsat eachnode.
Theseoperationapturdinguistic dif-

ferencessuchas word order and case
marking. Model parametersare esti-
matedin polynomialtime usingan EM

algorithm. The model producesword

alignmentsthat are better than those
producedby IBM Model 5.

1 Intr oduction

A statisticaltranslationmodel (TM) is a mathe-
matical model in which the processof human-
language translation is statistically modeled.
Model parameterareautomaticallyestimatedis-
ing a corpusof translationpairs. TMs have been
usedfor statisticalmachinetranslation(Berger et
al., 1996), word alignmentof a translationcor
pus(Melamed,2000), multilingual documentre-
trieval (Franzet al., 1999), automaticdictionary
construction(Resnik and Melamed, 1997), and
data preparationfor word sensedisambiguation
programgBrown etal., 1991).Developinga bet-
ter TM is a fundamentaissuefor thoseapplica-
tions.

Researcherat IBM first describedsucha sta-
tistical TM in (Brown et al., 1988). Their mod-
els are basedon a string-to-stringnoisy channel
model. Thechannekonvertsasequencef words
in one language(such as English) into another
(such as French). The channeloperationsare
maovements, duplications, and translations,ap-
pliedto eachwordindependentlyThe movement

is conditionedonly onword classesndpositions
in the string, andthe duplicationandtranslation
areconditionedonly on the word identity Math-
ematicaldetailsarefully describedn (Brown et
al.,1993).

One criticism of the IBM-style TM s that it
doesnot modelstructuralor syntacticaspectof
thelanguageThe TM wasonly demonstratefbr
a structurallysimilar languagepair (Englishand
French). It hasbeensuspectedhat a language
pair with very differentword order suchas En-
glishandJapanese/ould notbe modeledwell by
theseTMs.

To incorporatestructural aspectsof the lan-
guageour channelmodelacceptsa parsetreeas
aninput, i.e., the input sentences preprocessed
by a syntacticparser The channeperformsoper
ationson eachnodeof the parsetree. The oper
ationsarereordering child nodes,insertingextra
words at eachnode, and translatingleaf words.
Figurel shaws the overview of the operationsof
our model. Notethatthe outputof our modelis a
string,not a parsetree. Therefore parsingis only
neededdnthechanneinputside.

The reorder operationis intendedto model
translatiorbetweenanguagesvith differentword
orders,suchas SVO-languagegEnglishor Chi-
nese)and SOV-languagegJapaneser Turkish).
The word-insertionoperationis intendedto cap-
ture linguistic differencedn specifyingsyntactic
casesE.g.,EnglishandFrenchusestructuralpo-
sition to specifycase while JapanesandKorean
usecase-marér particles.

Wang(1998)enhancedhe IBM modelsby in-
troducing phrases,and Och et al. (1999) used
templatego capturephrasalsequencef a sen-
tence.Both alsotried to incorporatestructuralas-
pectsof the language however, neitherhandles
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nestedstructures.

Wu (1997)and Alshawi et al. (2000) shaved
statistical models basedon syntactic structure.
The way we handle syntactic parsetreesis in-
spired by their work, although their approach
is not to model the translationprocess,but to
formalize a modelthat generatedwo languages
at the sametime. Our channeloperationsare
also similar to the mechanismin Twisted Pair
Grammar(JonesandHavrilla, 1998)usedin their
knowledge-basedystem.

Following (Brown et al., 1993) and the other
literaturein TM, this paperonly focusesthe de-
tails of TM. Applicationsof our TM, suchasma-
chinetranslationor dictionary construction will
be describedin a separategpaper Section2 de-
scribesour modelin detail. Section3 shavs ex-
perimentalresults. We concludewith Section4,
followed by an Appendixdescribingthe training
algorithmin moredetail.

2 The Model

2.1 An Example

We first introduceour translationmodelwith an
example. Section2.2 will describethe model
moreformally. We assumdhatan Englishparse
treeis fedinto anoisychannelndthatit is trans-
latedto a Japaneseentencé.

1The parsetreeis flattenedto work well with the model.
SeeSection3.1for details.

Figure 1 shavs how the channelworks. First,
child nodeson eachinternal node are stochas-
tically reodered A nodewith N children has
N! possiblereorderings.The probability of tak-
ing a specificreorderingis given by the models
r-table Samplemodel parametersre shavn in
Table 1. We assumethat only the sequenceof
child node labelsinfluencesthe reordering. In
Figure 1, the top VB nodehasa child sequence
PRP-VB1-VB2. The probability of reorderingit
into PRP-VB2-VBL1 is 0.723(the secondrow in
the r-tablein Tablel). We alsoreorderVB-TO
into TO-VB, andTO-NN into NN-TO, sothere-
fore the probability of the secondreein Figurel
i50.723 - 0.749 - 0.893 = 0.484.

Next, an extra word is stochasticallyinserted
at eachnode. A word can be insertedeitherto
the left of the node,to the right of the node,or
nowhere. Brown etal. (1993)assumeshatthere
is aninvisible NULL word in the input sentence
andit generatesutputwordsthataredistributed
into randompositions. Here, we insteaddecide
the position on the basisof the nodesof the in-
put parsetree. The insertionprobability is deter
minedby the n-table For simplicity, we split the
n-tableinto two: a tablefor insertpositionsand
a table for wordsto be inserted(Table 1). The
nodes label andits parents label areusedto in-
dex the table for insert positions. For example,
the PRP nodein Figure 1 hasparentVB, thus



original order reordering P(reorder) w P(ins—w)
PRP VB1 VB2 | 0.074 ha 0.219
PRP VB2 VB1 | 0.723 ta |0.131
PRP VB{ VB2 VB1 PRP VB2 | 0.061 parent | TOP| VB| VB | VB | TO| TO |- wo |0.009
VB2 PRP VB1 | 0.083 P(None)| 0.735|0.687| 0.344 |0.709|0.900|0.800 | ... ni 10.080
VB2 VB1 PRP | 0.021 P(Left) |0.004|0.061|0.004 |0.0300.003|0.096 | - te |0.078
VB TO VB TO 0.251 P(Right)] 0.260|0.252| 0.652 |0.261/0.007|0.104 | -- ga 0.062
TO VB 0.749 : :
TO NN 0.107 desu | 0.0007
TO NN NN TO 0.893 n—table : :
r—table
E adores he i listening music to
J | daisuki 1.000 kare  0.952 NULL 0.471 kiku  0.333 ongaku 0.900 | ni 0.216
NULL 0.016 watasi  0.111 Kii 0.333 naru 0.100 | NULL 0.204
nani 0.005 kare 0.055 mi 0.333 to 0.133
da 0.003 shi 0.021 no 0.046
shi 0.003 nani 0.020 wo 0.038
t—table

Tablel: Model ParameteiTables

(parent¥/B, nodePRP) is the conditioningin-
dex. Usingthis label pair capturesfor example,
the regularity of insertingcase-markr particles.
Whenwe decidewhich word to insert,no condi-
tioning variableis used.Thatis, a functionword
like gaisjustaslikely to beinsertedin oneplace
asary other In Figurel, we insertedfour words
(ha, no,gaanddes\ to createthethird tree. The
top VB node,two TO nodes,andthe NN node
insertednothing. Therefore,the probability of
obtainingthe third tree given the secondtree is
(0.652 - 0.219) - (0.252 - 0.094) - (0.252 - 0.062) -
(0.252 - 0.0007) - 0.735 - 0.709 - 0.900 - 0.800 =
3.498e-9

Finally, we apply the translate operationto
eachleaf. We assumehatthis operationis depen-
dentonly on the word itself and that no context
is consulted The models t-table specifiesthe
probabilityfor all casesSupposeave obtainedhe
translationsshowvn in the fourth tree of Figure 1.
The probability of the translateoperationhereis
0.952 - 0.900 - 0.038 - 0.333 - 1.000 = 0.0108 .

Thetotal probability of the reorer, insertand
translate operationsin this example is 0.484 -
3.498e-9 0.0108 = 1.828e-11 Note thatthere

2Whena TM is usedin machinetranslation,the TM’s
role is to provide alist of possibletranslationsanda lan-
guagemodeladdressethecontet. See(Bergeretal., 1996).

aremary othercombinationsof suchoperations
thatyield the sameJapaneseentenceTherefore,
theprobability of the Japanessentencgiventhe

Englishparsdreeis thesumof all theseprobabil-

ities.

We actuallyobtainedheprobabilitytables(Ta-
ble 1) from a corpusof abouttwo thousandairs
of English parsetreesand Japanesesentences,
completelyautomatically Section2.3 and Ap-
pendix4 describghetrainingalgorithm.

2.2 Formal Description

This sectionformally describesour translation
model. To make this papercomparable¢o (Brown
etal., 1993), we use English-Frencmotationin
this section. We assumethat an English parse
tree £ is transformedinto a Frenchsentencef.
Let the English parsetree £ consistof nodes
€1,€2...,En, andlet the outputFrenchsentence
consistof Frenchwords fy, fo, ..., fm.
ThreerandonwvariablesN, R, andT arechan-
nel operationsappliedto eachnode. InsertionN
is anoperationthatinsertsa Frenchword just be-
fore or afterthenode. Theinsertioncanbenone
left, or right. Also it decideswhat Frenchword
to insert. Reoder R is anoperationthatchanges
the order of the childrenof the node. If a node
hasthreechildren, e.g., thereare 3! = 6 ways



to reorderthem. This operationappliesonly to
non-terminalnodesin the tree. TranslationT is
anoperatiorthattranslatesterminalEnglishleaf
word into a Frenchword. This operationapplies
only to terminalnodes.NotethatanEnglishword
canbetranslatednto a FrenchNULL word.

The notationd = (v,p,r) standsfor a set
of valuesof (N,R,T). 6; = (v, pi,7) iS a
setof valuesof randomvariablesassociatedvith
g;- And @ = 01,0,,...,0, is thesetof all ran-
dom variablesassociatedvith a parsetree£ =
€1,E25.--,En-

The probability of gettinga Frenchsentence
givenanEnglishparsetreef is

>

0.Str@£))=¢

Pfle) = P(6]€)

whereStr(@(€)) is the sequencef leaf words
of atreetransformeddy @ from &.
The probability of having a particular set of
valuesof randomvariablesn a parsetreeis
P@|E) = P(6:1,0,,..

. Onler,E2,. .. ER)

H P(6¢|91,92, e ,92-_1,31,52, e ,En).
i=1

Thisis anexactequation.Then,weassumehat
a transformoperationis independenfrom other
transformoperationsandtherandomvariablesof
eachnodearedeterminednly by the nodeitself.
So,we obtain

POIE) = P(61,0s,..

n

-,9n|€1,52,. .. ,En)

P(6ile:).

i=1

Therandomvariablest; = (v;, p;, 7;) areas-
sumedto beindependenbf eachother We also
assumehatthey aredependentn particularfea-
turesof thenodeg;. Then,

P(Biles) = Pluvs,pi, iles)
= P(vilei) P(piles) P(7ile:)
= P@ilN (&) P(pi|R(e:)) P(7i| T (e4))
= nWi|N(e:)) r(ps|R(e:)) (1] T (e:))

whereN, R, andT aretherelevantfeatureso
N, R, andT, respectiely. For example,we sav
thatthe parentnodelabelandthenodelabelwere
usedfor N, andthe syntacticcateyory sequence

of childrenwasusedfor R. Thelastline in the
above formula introducesa changein notation,
meaninghatthoseprobabilitiesarethemodelpa-
rametersi(v|n), r(p|=), andt(r|7r), wherew, =,
and r arethe possiblevaluesfor A/, R, and T,
respectiely.

In summarythe probabilityof gettingaFrench
sentencd givenanEnglishparsetreef is

PEE) = Y POIE)
0.Str0e))=f

= Y TreiNE) rolR () I T ()
0.:Str@(e))=r i=1

where £ = e1,e2,...,6, and @ = 61,0,,...
(v1,p1,71), (U2, p2,72)s - o o s (Uny Py T}

The model parametersn(v|vr), r(p|z), and
t(r|7), thatis, the probabilitiesP(v|~), P(p|z)
andP(7|r), decidethe behaior of thetranslation
model,andthesearethe probabilitieswe wantto
estimaterom atrainingcorpus.

0 =

2.3 Automatic Parameter Estimation

To estimatgahemodelparametersye usethe EM
algorithm(Dempsteretal., 1977). The algorithm
iteratively updateshe modelparameterso max-
imize thelikelihoodof the training corpus.First,
the model parameterareinitialized. We useda
uniform distribution, but it canbe a distribution
taken from othermodels. For eachiteration,the
numberof eventsarecountecandweightedby the
probabilitiesof the events. The probabilitiesof
eventsare calculatedfrom the currentmodel pa-
rameters.The modelparameterarere-estimated
basedon the counts,and usedfor the next itera-
tion. In our caseaneventis apair of avalueof a
randomvariable(suchasv, p, or ) andafeature
value(suchasw, =, or 7). A separateounteris
usedfor eachevent. Thereforewe needthesame
numberof counterse(v, ~), ¢(p, =), andc(r, 7),
asthe numberof entriesin the probabilitytables,
n(vinx), r(p|r), andt(r|r).
Thetraining procedurds thefollowing:

1. Initialize all probability tables: n(v|~), r(p|r), and
t(r|T).

2. Resetall countersic(v, ~), ¢(p, ®), ande(T, T).

3. Foreachpair (&, f) in thetrainingcorpus,
For all 8, suchthatf = Str(@(&)),
e Letcnt=P(0|E)/ EO:SII’(@(E)):f P(B|E)



e Fori=1...n,
c(vi, N'(e;)) +=cnt
c(pi, R(e:)) +=cnt
c(7, T (e:)) +=cnt
4. Foreach(v,~), (p, R}, and(r, T},

n(v|v) = c(v,8)/ 3, (v )
r(plr) = c(p,®)/ 32, c(p, )
t(rlr) =c(r, 1)/ Y, (7, T)

5. Repeasteps2-4for severaliterations.

A straightforvard implementatiorthattriesall
possiblecombinationsof parametergv, p, 1), is
very expensve, sincethereareO(|v|"|p|™) possi-
ble combinationswhere|v| and|p| arethe num-
berof possiblevaluesfor v andp, respectrely (7
is uniguelydecidedwhenv andp aregivenfor a
particular(€, f)). Appendixdescribesnefficient
implementationthat estimateshe probability in
polynomialtime3 With this efficient implemen-
tation, it took about50 minutesper iterationon
our corpus(abouttwo thousandpairsof English
parsetreesand JapanessentencesSeethe next
section).

3 Experiment

To experiment,we trainedour modelon a small
English-Japaneseorpus. To evaluate perfor
mance we examinedalignmentproducedy the
learnedmodel. For comparisonwe alsotrained
IBM Model 5 onthe samecorpus.

3.1 Training

We extracted2121translatiorsentencgairsfrom
a Japanese-Englistlictionary Thesesentences
were mostly short ones. The averagesentence
lengthwas 6.9 for Englishand9.7 for Japanese.
However, mary rare words were used, which
madethe taskdifficult. The vocahulary sizewas
3463 tokens for English, and 3983 tokens for
Japanesewith 2029tokensfor Englishand2507
tokens for Japanes@ccurringonly oncein the
corpus.

Brill's part-of-speech(POS) tagger (Brill,
1995) and Collins’ parser(Collins, 1999) were
usedto obtainparsetreesfor the Englishside of
the corpus. The output of Collins’ parserwas

3Note that the algorithm performsfull EM counting,

whereaghe IBM modelsonly permit countingover a sub-
setof possiblealignments.

modifiedin the following way. First, to reduce
thenumberof parameters themodel,eachnode
wasre-labelledwith the POSof the nodes head
word, andsomePOSlabelswere collapsed.For
example,labelsfor differentverb endings(such
asVBD for -edandVBG for -ing) werechanged
to the samelabel VB. Therewerethen30 differ-
ent node labels, and 474 unique child label se-
guences.

Second,a subtreewas flattenedif the nodes
head-vord was the sameas the parents head-
word. For example,(NN1 (VB NN2)) wasflat-
tenedto (NN1 VB NN2) if the VB wasa head
word for bothNN1 andNN2. Thisflatteningwas
motivatedby variousword ordersin differentlan-
guages.An English SVO structureis translated
into SOV in Japaneseor into VSO in Arabic.
Thesedifferencesare easilymodeledby the flat-
tenedsubtree(NN1 VB NN2), ratherthan(NN1
(VB NN2)).

We ran 20 iterationsof the EM algorithm as
describedn Section2.2. IBM Model 5 was se-
guentially bootstrappedvith Model 1, an HMM
Model, andModel 3 (OchandNey, 2000). Each
precedingmodel and the final Model 5 were
trainedwith five iterations(total 20 iterations).

3.2 Evaluation

Thetrainingprocedureesultedn thetablesof es-
timatedmodelparametersTablel in Section2.1
shaws part of thoseparametersbtainedby the
trainingabove.

To evaluate performance,we let the models
generatéghemostprobablealignmentof thetrain-
ing corpus(called the Viterbi alignment). The
alignmentshavs how the learnedmodelinduces
theinternalstructureof thetrainingdata.

Figure 2 shavs alignmentsproducedby our
modelandIBM Model 5. Darker lines indicates
thatthe particularalignmentlink wasjudgedcor-
rectby humans Threehumansvereasledto rate
eachalignmentasokay (1.0 point), not sure (0.5
point), or wrong (0 point). The darknessof the
linesin the figure reflectsthe humanscore. We
obtainedheaveragescoreof thefirst 50 sentence
pairsin the corpus. We alsocountedthe number
of perfectlyalignedsentenceairsin the 50 pairs.
Perfectmeansthat all alignmentsin a sentence
pair were judgedokay by all the humanjudges.



he adores listening to nusic

o3 F F ES o A KEE Ty

hypocrisy is abhorrent to them

Mo AF BE S Kb 7S
he has unusual ability in english
WolE BEE T W

iz FEealr o FEE 2 o

he was abl/aze W th anier

Bl £ I I Lo T BI-» T w7«

he adores listening to nusic

[ =
A

o3 B O EK o A KFE Ty

hypocrisy is abhorrent to them

e 1% &% A KR 72 n
: ] | bi | i ty 1 e g| 1S
| a a ’/
e as - /’, = 2
P13 EEE O FIERT 2 FEE 2 o T "

he was abl aze wi th anger

i o F IS Lo T BZI-» T W 7&

Figure2: Viterbi Alignments:our model(left) andIBM Model 5 (right). Darker linesarejudgedmore

correctby humans.

Theresultwasthe following;

Alignment | Perfect
ave.score| sents
OurModel 0.582 10
IBM Model5 0.431 0

Ourmodelgotabetterresultcomparedo IBM
Model 5. Note thattherewere no perfectalign-
mentsfrom the IBM Model. Errorsby the IBM
Model were spreadout over the whole set,while
our errorswerelocalizedto somesentencesWe
expectthat our modelwill thereforebe easierto
improve. Also, localizederrorsare goodif the
TM is usedfor corpuspreparatioror filtering.

We also measuredraining perpleity of the
models. The perplity of our modelwas15.79,
andthatof IBM Model5was9.84. For reference,
the perplity after 5 iterationsof Model 1 was
24.01.Perpleity valuesroughlyindicatethe pre-
dictive power of themodel. Generally lower per
plexity meansa bettermodel, but it might cause
overfitting to a training data. Since the IBM
Model usually requiresmillions of training sen-
tences,the lower perpleity value for the IBM
Modelis likely dueto overfitting.

4 Conclusion

We have presenteda syntax-basedranslation
modelthatstatisticallymodelsthetranslatiorpro-
cessfrom an English parsetree into a foreign-

languagesentence.The model can make useof
syntacticinformationandperformsbetterfor lan-
guagepairs with differentword ordersand case
markingschemaWe conducteda small-scaleex-
perimentto comparethe performancewith IBM
Model 5, andgot betteralignmentresults.

Appendix: An Efficient EM algorithm

This appendixdescribesan efficient implemen-
tation of the EM algorithm for our translation
model. This implementationusesa graphstruc-
ture for a pair (£,f). A graphnodeis eithera
major-nodeor a subnode A majornodeshavs a
pairing of a subtreeof £ anda substringof f. A
subnodeshaws a selectionof avalue(v, p, T) for
the subtree-substringair (Figure3).

Let ff = fi...fitq—1) be a substringof £
fromtheword f; with lengthl. Notethis notation
is differentfrom (Brown et al., 1993). A subtree
¢; isasubtreeof £ below thenodeg;. We assume
thatasubtrees; is €.

A major-nodev(ei,f}c) is a pair of a subtree
g; and a substringf!. The root of the graphis
v(e1, f), whereL is thelengthof f. Eachmajor
nodeconnectgo several v-subnodes(v; g;, f1),
shaving which value of v is selected. The
arc betweerw(e;, fl) andv(v;e;, f1) hasweight
P(U|€i).

A v-subnodev(v;e;, fl) connectsto a final-
nodewith weightP(7|e;) if ¢; is aterminalnode



in £. If g is anon-terminalnode,a v-subnode
connectsto several p-subnodeswv(p;v,e;, f}C),
shaving a selectionof a value p. The weight of
thearcis P(ple;).

A p-subnodes thenconnectedo w-subnodes
v(m; p, v, €, £}). Thepartition variable,r, shavs
aparticularway of partitioningf,é.

A m-subnode(m; p, v, €;, f}c) isthenconnected
to majornodeswhich correspondo the children
of £; andthe substringof f!, decidedby (v, p, ).
A majornodecanbe connectedrom differents-
subnodes.The arc weightsbetweenp-subnodes
andmajornodesarealways1.0.

major-node

V-subnode

p-subnode

T=subnode

major-node

Figure 3: Graphstructurefor efficient EM train-
ing.

This graph structure makes it easy
to obtain P(#|€) for a particular 8 and
220.Stnf )~ P(@|€). A trace starting from
the graphroot, selectingone of the arcs from
majornodes, v-subnodes and p-subnodesand
all the arcsfrom w-subnodesgcorrespondgo a
particular@, andthe productof the weighton the
trace correspondgo P(#|£). Note that a trace
formsatree,makingbranchestthe r-subnodes.

We defineanalphaprobabilityandabetaprob-
ability for eachmajornode,in analogywith the
measuresused in the inside-outsidealgorithm
for probabilistic context free grammars(Baker,
1979).

Thealphaprobability (outsideprobability)is a
path probability from the graphroot to the node
andthesidebranche®f thenode.Thebetaproba-
bility (insideprobability)is a pathprobability be-
low thenode.

Figure 4 shaws
beta probabilities.

formulae for alpha-
From these definitions,

Y05ty POIE) = Bler, ) .

Thecountsc(v, ~), ¢(p, =), ande(r, ) for each
pair (£, f) arealsoin thefigure. Thoseformulae
replacethestep3 (in Section2.3)for eachtraining
pair, andthesecountsareusedin the step4.

The graphstructureis generatedy expanding
the root nodew(ey, f¥). The betaprobability for
eachnodeis first calculatedbottom-up,thenthe
alphaprobability for eachnodeis calculatedop-
down. Oncethe alphaandbetaprobabilitiesfor
eachnodeareobtained the countsarecalculated
asabove andusedfor updatingthe parameters.

The complity of this training algorithm is
O(n®|v||p||=|). Thecubecomesrom thenumber
of parsereenodegn) andthenumberof possible
Frenchsubstringgn?).
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