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Abstract

We presenta syntax-basedstatistical
translationmodel. Our model trans-
forms a source-languageparse tree
into a target-languagestring by apply-
ing stochasticoperationsat eachnode.
Theseoperationscapturelinguistic dif-
ferencessuchas word order and case
marking. Model parametersare esti-
matedin polynomialtime usinganEM
algorithm. The model producesword
alignmentsthat are better than those
producedby IBM Model5.

1 Intr oduction

A statisticaltranslationmodel (TM) is a mathe-
matical model in which the processof human-
language translation is statistically modeled.
Modelparametersareautomaticallyestimatedus-
ing a corpusof translationpairs. TMs have been
usedfor statisticalmachinetranslation(Bergeret
al., 1996), word alignmentof a translationcor-
pus(Melamed,2000),multilingual documentre-
trieval (Franzet al., 1999),automaticdictionary
construction(Resnik and Melamed,1997), and
datapreparationfor word sensedisambiguation
programs(Brown etal., 1991).Developingabet-
ter TM is a fundamentalissuefor thoseapplica-
tions.

Researchersat IBM first describedsucha sta-
tistical TM in (Brown et al., 1988). Their mod-
els arebasedon a string-to-stringnoisy channel
model.Thechannelconvertsasequenceof words
in one language(such as English) into another
(such as French). The channeloperationsare
movements,duplications, and translations,ap-
plied to eachword independently. Themovement

is conditionedonly onwordclassesandpositions
in the string, andthe duplicationandtranslation
areconditionedonly on theword identity. Math-
ematicaldetailsarefully describedin (Brown et
al., 1993).

One criticism of the IBM-style TM is that it
doesnot modelstructuralor syntacticaspectsof
thelanguage.TheTM wasonly demonstratedfor
a structurallysimilar languagepair (Englishand
French). It hasbeensuspectedthat a language
pair with very different word order suchas En-
glishandJapanesewouldnotbemodeledwell by
theseTMs.

To incorporatestructural aspectsof the lan-
guage,our channelmodelacceptsa parsetreeas
an input, i.e., the input sentenceis preprocessed
by asyntacticparser. Thechannelperformsoper-
ationson eachnodeof the parsetree. The oper-
ationsarereorderingchild nodes,insertingextra
wordsat eachnode,and translating leaf words.
Figure1 shows theoverview of theoperationsof
our model.Notethattheoutputof our modelis a
string,notaparsetree.Therefore,parsingis only
neededon thechannelinput side.

The reorder operation is intended to model
translationbetweenlanguageswith differentword
orders,suchasSVO-languages(Englishor Chi-
nese)andSOV-languages(Japaneseor Turkish).
The word-insertionoperationis intendedto cap-
ture linguistic differencesin specifyingsyntactic
cases.E.g.,EnglishandFrenchusestructuralpo-
sition to specifycase,while JapaneseandKorean
usecase-marker particles.

Wang(1998)enhancedtheIBM modelsby in-
troducing phrases,and Och et al. (1999) used
templatesto capturephrasalsequencesin a sen-
tence.Bothalsotried to incorporatestructuralas-
pectsof the language,however, neitherhandles
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Figure1: ChannelOperations:Reorder, Insert,andTranslate

nestedstructures.
Wu (1997)andAlshawi et al. (2000)showed

statistical models basedon syntactic structure.
The way we handlesyntacticparsetreesis in-
spired by their work, although their approach
is not to model the translationprocess,but to
formalize a model that generatestwo languages
at the sametime. Our channeloperationsare
also similar to the mechanismin Twisted Pair
Grammar(JonesandHavrilla, 1998)usedin their
knowledge-basedsystem.

Following (Brown et al., 1993) and the other
literaturein TM, this paperonly focusesthe de-
tailsof TM. Applicationsof ourTM, suchasma-
chinetranslationor dictionaryconstruction,will
be describedin a separatepaper. Section2 de-
scribesour modelin detail. Section3 shows 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 assumethatanEnglishparse
treeis fed into anoisychannelandthatit is trans-
latedto aJapanesesentence.1

1Theparsetreeis flattenedto work well with themodel.
SeeSection3.1for details.

Figure1 shows how the channelworks. First,
child nodeson eachinternal node are stochas-
tically reordered. A nodewith / children has/10 possiblereorderings.The probability of tak-
ing a specificreorderingis given by the model’s
r-table. Samplemodelparametersareshown in
Table 1. We assumethat only the sequenceof
child node labels influencesthe reordering. In
Figure1, the top VB nodehasa child sequence
PRP-VB1-VB2. Theprobabilityof reorderingit
into PRP-VB2-VB1 is 0.723(the secondrow in
the r-table in Table1). We alsoreorderVB-TO
into TO-VB, andTO-NN into NN-TO, so there-
fore theprobabilityof thesecondtreein Figure1
is 2436587:9<;=24365?>A@<;B243DC:@:9FEG243H>ACI> .

Next, an extra word is stochasticallyinserted
at eachnode. A word can be insertedeither to
the left of the node,to the right of the node,or
nowhere.Brown et al. (1993)assumesthat there
is an invisible NULL word in the input sentence
andit generatesoutputwordsthataredistributed
into randompositions. Here, we insteaddecide
the positionon the basisof the nodesof the in-
put parsetree. The insertionprobability is deter-
minedby then-table. For simplicity, we split the
n-tableinto two: a tablefor insertpositionsand
a table for words to be inserted(Table 1). The
node’s label andits parent’s labelareusedto in-
dex the table for insert positions. For example,
the PRP nodein Figure 1 hasparentVB, thus
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Table1: ModelParameterTables

 
parent=VB ¡ node=PRP ¢ is the conditioningin-

dex. Using this label pair captures,for example,
the regularity of insertingcase-marker particles.
Whenwe decidewhich word to insert,no condi-
tioning variableis used.That is, a functionword
like ga is just aslikely to beinsertedin oneplace
asany other. In Figure1, we insertedfour words
(ha,no,ga anddesu) to createthethird tree.The
top VB node, two TO nodes,and the NN node
insertednothing. Therefore,the probability of
obtainingthe third tree given the secondtree is£ 243D¤:¥:7¦;§243D74¨=@ª©«; £ 243D7:¥:7¦;§243¬2ª@I>­©«; £ 243D7:¥:7¦;®243¬2ª¤:7ª©«;£ 243D7:¥:7F;B243¬2:2:2A5:©¯;B2436589:¥F;B24365I2ª@<;I243D@82:2°;I243DC82:2±E
3.498e-9.

Finally, we apply the translate operationto
eachleaf. Weassumethatthisoperationis depen-
dentonly on the word itself and that no context
is consulted.2 The model’s t-table specifiesthe
probabilityfor all cases.Supposeweobtainedthe
translationsshown in the fourth treeof Figure1.
The probabilityof the translateoperationhereis243D@:¥:7²;B243D@82:2°;=243¬2ª9:C<;=243D9:9:9<;A¨83¬2:2:2³EG243¬2´¨µ2ªC .

Thetotal probabilityof the reorder, insertand
translate operationsin this example is 243H>ACI>1;
3.498e-9;­243¬2´¨µ2ªC1E 1.828e-11. Note that there

2When a TM is usedin machinetranslation,the TM’s
role is to provide a list of possibletranslations,anda lan-
guagemodeladdressesthecontext. See(Bergeretal.,1996).

aremany othercombinationsof suchoperations
thatyield thesameJapanesesentence.Therefore,
theprobabilityof theJapanesesentencegiventhe
Englishparsetreeis thesumof all theseprobabil-
ities.

Weactuallyobtainedtheprobabilitytables(Ta-
ble 1) from a corpusof abouttwo thousandpairs
of English parsetreesand Japanesesentences,
completelyautomatically. Section2.3 and Ap-
pendix4 describethetrainingalgorithm.

2.2 Formal Description

This section formally describesour translation
model.To make thispapercomparableto (Brown
et al., 1993),we useEnglish-Frenchnotationin
this section. We assumethat an English parse
tree ¶ is transformedinto a Frenchsentence· .
Let the English parsetree ¶ consist of nodes¸ª¹ ¡ ¸Bº 3µ3µ3=¡ ¸B» , andlet the outputFrenchsentence
consistof Frenchwords ¼ ¹ ¡½¼ º ¡µ3µ3µ3?¡½¼I¾ .

Threerandomvariables,¿ , À , andÁ arechan-
nel operationsappliedto eachnode. Insertion ¿
is anoperationthatinsertsaFrenchword justbe-
fore or after thenode.Theinsertioncanbenone,
left, or right. Also it decideswhat Frenchword
to insert.Reorder À is anoperationthatchanges
the orderof the childrenof the node. If a node
hasthreechildren, e.g., thereare 9Â0FEÃ¤ ways



to reorderthem. This operationappliesonly to
non-terminalnodesin the tree. Translation Á is
anoperationthattranslatesaterminalEnglishleaf
word into a Frenchword. This operationapplies
only to terminalnodes.NotethatanEnglishword
canbetranslatedinto aFrenchNULL word.

The notation ÄÅE  ÇÆ ¡ÉÈÊ¡ÌËÍ¢ standsfor a set
of valuesof

  ¿Î¡ÌÀÏ¡½ÁÐ¢ . ÄBÑ1E  ÇÆ ÑÒ¡ÉÈAÑÓ¡ÌËÔÑÇ¢ is a
setof valuesof randomvariablesassociatedwith¸ Ñ . And ÕÖE×Ä ¹ ¡ÌÄ º ¡µ3µ3µ3?¡ÌÄ » is the setof all ran-
dom variablesassociatedwith a parsetree ¶ØE¸:¹ ¡ ¸?º ¡µ3µ3µ3B¡ ¸=» .

Theprobabilityof gettinga Frenchsentence·
givenanEnglishparsetree ¶ is

PÙÛÚ=Ü ÝÂÞàß áâ4ã
Strä â ä¬å§æçæçè:é PÙ

â Ü Ý4Þ
whereStr

£ Õ £ ¶ê©É© is thesequenceof leaf words
of a treetransformedby Õ from ¶ .

The probability of having a particular set of
valuesof randomvariablesin aparsetreeis

PÙ â Ü ÝÂÞëß PÙíìÔîÒïðì½ñ½ïÒòÓòÒòÉïóìÌô­Ü õµîÉïÇõ§ñ½ïÒòÓòÉòÒïÇõ½ôIÞ
ß ôö ÷

è î PÙíì ÷ Ü ìÔîÉïóì½ñ§ïÒòÒòÒòÒïÇì ÷ ø îÉïùõ=îÓïÇõ§ñ§ïÒòÒòÒòÒïùõ§ô?Þúò
Thisisanexactequation.Then,weassumethat

a transformoperationis independentfrom other
transformoperations,andtherandomvariablesof
eachnodearedeterminedonly by thenodeitself.
So,we obtain

PÙ â Ü ÝÂÞàß PÙíì î ïóì ñ ïÒòÓòÒòÒïóì ô Ü õ î ïÇõ ñ ïÒòÓòÒòÒïÇõ ô Þ
ß ôö ÷

è î PÙíì ÷ Ü õ ÷ Þúò
The randomvariablesÄ?Ñ<E  ÇÆ ÑÓ¡ÉÈ­Ñú¡ÌËÔÑð¢ areas-

sumedto be independentof eachother. We also
assumethat they aredependenton particularfea-
turesof thenodȩ Ñ . Then,

PÙíì ÷ Ü õ ÷ Þûß PÙíü ÷ ïùý ÷ ïÇþ ÷ Ü õ ÷ Þß PÙíü ÷ Ü õ ÷ Þ PÙçý ÷ Ü õ ÷ Þ PÙÛþ ÷ Ü õ ÷ Þß PÙíü ÷ Ü ÿ ÙÛõ ÷ ÞÇÞ PÙçý ÷ Ü � ÙÛõ ÷ ÞÇÞ PÙÛþ ÷ Ü � ÙÛõ ÷ ÞÇÞß � Ùíü ÷ Ü ÿ ÙÛõ ÷ ÞÇÞ��BÙçý ÷ Ü � ÙÛõ ÷ ÞÇÞ��ÒÙÛþ ÷ Ü � ÙÛõ ÷ ÞÇÞ
where� , 	 , and 
 aretherelevantfeaturesto¿ , À , and Á , respectively. For example,we saw

thattheparentnodelabelandthenodelabelwere
usedfor � , andthe syntacticcategory sequence

of childrenwasusedfor 	 . The last line in the
above formula introducesa changein notation,
meaningthatthoseprobabilitiesarethemodelpa-
rameters� £ÇÆ
� � © , � £ È � � © , and � £ Ë � � © , where

�
,
�
,

and
�

are the possiblevaluesfor � , 	 , and 
 ,
respectively.

In summary, theprobabilityof gettingaFrench
sentence· givenanEnglishparsetree ¶ is

PÙÛÚ=Ü ÝÂÞàß áâ4ã
Strä â ä¬å§æçæçè:é PÙ â Ü Ý4Þ

ß áâ4ã
Strä â äHå®æçæ èªé

ôö ÷
è î � Ùíü

÷ Ü ÿ ÙÛõ ÷ ÞÇÞ��BÙçý ÷ Ü � ÙÛõ ÷ ÞÇÞ��ÒÙÛþ ÷ Ü � ÙÛõ ÷ ÞÇÞ
where ÝØßëõ î ïÇõ ñ ïÒòÒòÒòÒïùõ ô and

â ß ì î ïÇì ñ ïÒòÒòÉòÒïóì ô ß� üBîÒï ý:îÉïÇþ®î��úï � ü®ñ½ïÇý?ñ½ïÇþÉñ��úïÒòÒòÒòÉï � ü®ô:ïùýBôªïùþÉô�� .

The model parameters� £ÇÆ
� � © , � £ È � � © , and� £ Ë � � © , that is, the probabilitiesP
£ÇÆ�� � © , P

£ È � � ©
andP

£ Ë � � © , decidethebehavior of thetranslation
model,andthesearetheprobabilitieswe wantto
estimatefrom a trainingcorpus.

2.3 Automatic Parameter Estimation

To estimatethemodelparameters,weusetheEM
algorithm(Dempsteret al., 1977).Thealgorithm
iteratively updatesthemodelparametersto max-
imize the likelihoodof thetrainingcorpus.First,
the modelparametersareinitialized. We useda
uniform distribution, but it canbe a distribution
taken from othermodels. For eachiteration,the
numberof eventsarecountedandweightedby the
probabilitiesof the events. The probabilitiesof
eventsarecalculatedfrom the currentmodelpa-
rameters.Themodelparametersarere-estimated
basedon the counts,andusedfor the next itera-
tion. In our case,aneventis apair of avalueof a
randomvariable(suchas

Æ
, È , or Ë ) anda feature

value(suchas
�

,
�

, or
�
). A separatecounteris

usedfor eachevent.Therefore,weneedthesame
numberof counters,� £ÇÆ ¡ � © , � £ ÈÍ¡ � © , and � £ Ë4¡ � © ,
asthenumberof entriesin theprobabilitytables,� £ÇÆ
� � © , � £ È � � © , and � £ Ë � � © .

Thetrainingprocedureis thefollowing:

1. Initialize all probability tables: � ÙíüÂÜ � Þ , �?ÙçýAÜ � Þ , and�ÓÙÛþ4Ü � Þ .
2. Resetall counters:�§Ùíü?ï � Þ , �§Ùçý:ï � Þ , and �®ÙÛþ?ï � Þ .
3. For eachpair

� ÝÍï Ú�� in thetrainingcorpus,

For all
â

, suchthat Úêß StrÙ â ÙíÝÂÞÇÞ ,� Let cnt= PÙ â Ü ÝÂÞ�� � â4ã
Strä â ä¬å§æçæçè:é PÙ â Ü ÝÂÞ



� For !´ß#" òÒòÒò$� ,�®Ùíü ÷ ïÛÿ ÙÛõ ÷ ÞÇÞ += cnt�®Ùçý ÷ ï � ÙÛõ ÷ ÞÇÞ += cnt�®ÙÛþ ÷ ï$� ÙÛõ ÷ ÞÇÞ += cnt

4. For each
� üBï � � , � ý:ï � � , and

� þ?ï � � ,
�ÍÙíü­Ü � Þ ß%�®Ùíü?ï � Þ�� �'& �®Ùíü?ï � Þ�?ÙçýAÜ � Þ ß%�®Ùçý:ï � Þ��(�*)+�®Ùçý:ï � Þ�ÒÙÛþ4Ü � ÞÊß%�®ÙÛþBï � Þ�� �-, �§ÙÛþ?ï � Þ

5. Repeatsteps2-4 for severaliterations.

A straightforward implementationthat triesall
possiblecombinationsof parameters

 ÇÆ ¡ÉÈÍ¡ÌËÍ¢ , is
veryexpensive,sincethereare . £/� Æ
� » � È � » © possi-
ble combinations,where

� Æ��
and

� È � arethenum-
berof possiblevaluesfor

Æ
and È , respectively ( Ë

is uniquelydecidedwhen
Æ

and È aregivenfor a
particular

  ¶¯¡Ì·I¢ ). Appendixdescribesanefficient
implementationthat estimatesthe probability in
polynomialtime.3 With this efficient implemen-
tation, it took about50 minutesper iterationon
our corpus(abouttwo thousandpairsof English
parsetreesandJapanesesentences.Seethenext
section).

3 Experiment

To experiment,we trainedour modelon a small
English-Japanesecorpus. To evaluate perfor-
mance,we examinedalignmentsproducedby the
learnedmodel. For comparison,we alsotrained
IBM Model5 on thesamecorpus.

3.1 Training

Weextracted2121translationsentencepairsfrom
a Japanese-Englishdictionary. Thesesentences
were mostly short ones. The averagesentence
lengthwas6.9 for Englishand9.7 for Japanese.
However, many rare words were used, which
madethe taskdifficult. Thevocabulary sizewas
3463 tokens for English, and 3983 tokens for
Japanese,with 2029tokensfor Englishand2507
tokens for Japaneseoccurringonly once in the
corpus.

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

3Note that the algorithm performs full EM counting,
whereasthe IBM modelsonly permit countingover a sub-
setof possiblealignments.

modified in the following way. First, to reduce
thenumberof parametersin themodel,eachnode
wasre-labelledwith the POSof the node’s head
word, andsomePOSlabelswerecollapsed.For
example,labelsfor different verb endings(such
asVBD for -edandVBG for -ing) werechanged
to thesamelabelVB. Therewerethen30 differ-
ent node labels,and 474 uniquechild label se-
quences.

Second,a subtreewas flattenedif the node’s
head-word was the sameas the parent’s head-
word. For example,(NN1 (VB NN2)) wasflat-
tenedto (NN1 VB NN2) if the VB was a head
wordfor bothNN1 andNN2. Thisflatteningwas
motivatedby variouswordordersin differentlan-
guages.An EnglishSVO structureis translated
into SOV in Japanese,or into VSO in Arabic.
Thesedifferencesareeasilymodeledby theflat-
tenedsubtree(NN1 VB NN2), ratherthan(NN1
(VB NN2)).

We ran 20 iterationsof the EM algorithm as
describedin Section2.2. IBM Model 5 wasse-
quentiallybootstrappedwith 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

Thetrainingprocedureresultedin thetablesof es-
timatedmodelparameters.Table1 in Section2.1
shows part of thoseparametersobtainedby the
trainingabove.

To evaluateperformance,we let the models
generatethemostprobablealignmentof thetrain-
ing corpus(called the Viterbi alignment). The
alignmentshows how the learnedmodelinduces
theinternalstructureof thetrainingdata.

Figure 2 shows alignmentsproducedby our
modelandIBM Model 5. Darker lines indicates
thattheparticularalignmentlink wasjudgedcor-
rectby humans.Threehumanswereaskedto rate
eachalignmentasokay(1.0 point), not sure (0.5
point), or wrong (0 point). The darknessof the
lines in the figure reflectsthe humanscore. We
obtainedtheaveragescoreof thefirst 50sentence
pairsin thecorpus.We alsocountedthenumber
of perfectlyalignedsentencepairsin the50pairs.
Perfectmeansthat all alignmentsin a sentence
pair were judgedokayby all the humanjudges.



he adores listening to music

hypocrisy is abhorrent to them

he has unusual ability in english

he was ablaze with anger

he adores listening to music

hypocrisy is abhorrent to them

he has unusual ability in english

he was ablaze with anger

Figure2: Viterbi Alignments:ourmodel(left) andIBM Model5 (right). Darker linesarejudgedmore
correctby humans.

Theresultwasthefollowing;

Alignment Perfect
ave. score sents

OurModel 0.582 10
IBM Model5 0.431 0

Ourmodelgotabetterresultcomparedto IBM
Model 5. Note that therewereno perfectalign-
mentsfrom the IBM Model. Errorsby the IBM
Model werespreadout over thewholeset,while
our errorswerelocalizedto somesentences.We
expectthat our modelwill thereforebe easierto
improve. Also, localizederrorsare good if the
TM is usedfor corpuspreparationor filtering.

We also measuredtraining perplexity of the
models.Theperplexity of our modelwas15.79,
andthatof IBM Model5 was9.84.For reference,
the perplexity after 5 iterationsof Model 1 was
24.01.Perplexity valuesroughlyindicatethepre-
dictive powerof themodel.Generally, lower per-
plexity meansa bettermodel,but it might cause
over-fitting to a training data. Since the IBM
Model usually requiresmillions of training sen-
tences,the lower perplexity value for the IBM
Model is likely dueto over-fitting.

4 Conclusion

We have presenteda syntax-basedtranslation
modelthatstatisticallymodelsthetranslationpro-
cessfrom an English parsetree into a foreign-

languagesentence.The modelcanmake useof
syntacticinformationandperformsbetterfor lan-
guagepairswith different word ordersandcase
markingschema.Weconductedasmall-scaleex-
perimentto comparethe performancewith IBM
Model5, andgotbetteralignmentresults.

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

  ¶ ¡Ì·I¢ . A graphnodeis either a
major-nodeor a subnode. A major-nodeshows a
pairingof a subtreeof ¶ anda substringof · . A
subnodeshows a selectionof a value

 ÇÆ ¡ÉÈÍ¡ÌËÍ¢ for
thesubtree-substringpair (Figure3).

Let ·102 E ¼ 2 3µ3µ3Ô¼ 2�3�4 065 ¹87 be a substringof ·
from theword ¼ 2 with length 9 . Notethisnotation
is differentfrom (Brown et al., 1993). A subtree¸ Ñ is asubtreeof ¶ below thenodȩ Ñ . Weassume
thatasubtreȩ:¹ is ¶ .

A major-node : £ ¸ Ñ ¡Ì·;02 © is a pair of a subtree¸ Ñ and a substring · 02 . The root of the graphis: £ ¸:¹ ¡Ì·1<¹ © , where= is thelengthof · . Eachmajor-
nodeconnectsto several

Æ
-subnodes: £ÇÆ?> ¸ ÑÒ¡Ì· 02 © ,

showing which value of
Æ

is selected. The
arc between: £ ¸ ÑÒ¡Ì· 02 © and : £ÇÆ?> ¸ ÑÒ¡Ì· 02 © hasweight
P
£ÇÆ
� ¸ Ñð© .
A
Æ
-subnode: £ÇÆ?> ¸ Ñ ¡Ì·102 © connectsto a final-

nodewith weightP
£ Ë � ¸ Ñó© if ¸ Ñ is a terminalnode



in ¶ . If ¸ Ñ is a non-terminalnode,a
Æ
-subnode

connects to several È -subnodes : £ È >½Æ ¡ ¸ ÑÉ¡Ì·;02 © ,
showing a selectionof a value È . The weight of
thearcis P

£ È � ¸ Ñú© .
A È -subnodeis thenconnectedto @ -subnodes: £ @ > ÈÊ¡ Æ ¡ ¸ ÑÉ¡Ì·;02 © . Thepartition variable,@ , shows

aparticularwayof partitioning · 02 .
A @ -subnode: £ @ > ÈÍ¡ Æ ¡ ¸ ÑÉ¡Ì· 02 © is thenconnected

to major-nodeswhich correspondto thechildren
of ¸ Ñ andthesubstringof ·102 , decidedby

 ÇÆ ¡ÉÈÍ¡/@ ¢ .
A major-nodecanbeconnectedfrom different @ -
subnodes.The arc weightsbetweenÈ -subnodes
andmajor-nodesarealways1.0.

ν

P

ρ

P

π

A B C D E F G D H I

F J K L G D H I
F J K L G D H I

(ρ|ε)

(ν|ε)

F J K L G D H I

A B C D E F G D H I

Figure3: Graphstructurefor efficient EM train-
ing.

This graph structure makes it easy
to obtain P

£ Õ � ¶ © for a particular Õ and� Õ
MStr4 Õ 4ON 7P7PQSR P
£ Õ � ¶ê© . A trace starting from

the graph root, selectingone of the arcs from
major-nodes,

Æ
-subnodes,and È -subnodes,and

all the arcs from @ -subnodes,correspondsto a
particular Õ , andtheproductof theweighton the
tracecorrespondsto P

£ Õ � ¶ê© . Note that a trace
formsa tree,makingbranchesat the @ -subnodes.

Wedefineanalphaprobabilityandabetaprob-
ability for eachmajor-node,in analogywith the
measuresused in the inside-outsidealgorithm
for probabilistic context free grammars(Baker,
1979).

Thealphaprobability(outsideprobability) is a
pathprobability from the graphroot to the node
andthesidebranchesof thenode.Thebetaproba-
bility (insideprobability)is apathprobabilitybe-
low thenode.

Figure 4 shows formulae for alpha-
beta probabilities. From these definitions,

� Õ
MStr4 Õ 4ON 7P7TQSR P
£ Õ � ¶ © EVU £ ¸ª¹ ¡Ì· <¹ © .

Thecounts� £ÇÆ ¡ � © , � £ ÈÊ¡ � © , and � £ Ë4¡ � © for each
pair

  ¶ ¡Ì·I¢ arealsoin thefigure. Thoseformulae
replacethestep3 (in Section2.3)for eachtraining
pair, andthesecountsareusedin thestep4.

Thegraphstructureis generatedby expanding
the root node : £ ¸:¹ ¡Ì·;<¹ © . Thebetaprobability for
eachnodeis first calculatedbottom-up,thenthe
alphaprobability for eachnodeis calculatedtop-
down. Oncethe alphaandbetaprobabilitiesfor
eachnodeareobtained,thecountsarecalculated
asabove andusedfor updatingtheparameters.

The complexity of this training algorithm is. £ �XW � Æ��6� È �6� @ � © . Thecubecomesfrom thenumber
of parsetreenodes( � ) andthenumberof possible
Frenchsubstrings( � º ).
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