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Abstract

We proposea theorythat givesformal seman-
tics to word-level alignmentsde ned over par

allel corpora.We useour theoryto introducea

linearalgorithmthatcanbeusedto derive from

word-aligned parallelcorporathe minimal set
of syntacticallymotivatedtransformatiorrules
thatexplain humantranslationdata.

1 Introduction

In averyinterestingstudyof syntaxin statisticalmachine
translationFox (2002)looksat how well proposedrans-
lation modelst actualtranslationdata. Onesuchmodel
embodiesa restricted linguistically-motivatednotion of
word re-ordering. Given an English parsetree, children
atarny nodemaybereorderecprior to translation.Nodes
areprocessedndependently Previousto Fox (2002), it
hadbeenobsenedthatthis modelwould prohibit certain
re-orderingsin certainlanguagepairs (suchas subject-
VP (verb-object)into verb-subject-object)but Fox car
ried out the rst careful empirical study shawing that
mary othercommontranslationpatternsfall outsidethe
scopeof the child-reorderingmodel. This is true even
for languagesas similar as English and French. For
example, English adwerbstend to move outsidethe lo-
cal parent/childrenin ervironment. The English word
“not” translatego the discontiguouspair “ne ... pas’
Englishparsingerrorsalsocausetrouble,asa normally
well-behared re-orderingenvironmentcan be disrupted
by wrong phraseattachment.For otherlanguagepairs,
thedivergencds expectedo be greater

In the faceof theseproblems we may chooseamong
several alternatves. The rst is to abandonsyntaxin
statisticalmachinetranslation,on the groundsthat syn-
tactic modelsare a poor t for the data. On this view,
addingsyntaxyieldsnoimprovementboverrobustphrase-
substitutionmodels,andthe only questionis how much
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doessyntaxhurt performance.Along this line, (Koehn
et al., 2003) presentcorvincing evidencethat restricting
phrasaltranslationto syntacticconstituentsyields poor
translationperformance- the ability to translatenon-
constituenphrasegsuchas“thereare”, “note that”, and
“accordingto”) turnsoutto becritical andpenasie.

Anotherdirectionis to abandorcorventionalEnglish
syntaxand move to morerobust grammarghat adaptto
theparalleltraining corpus.Oneapproachhereis that of
Wu (1997),in whichword-movemenis modeledby rota-
tionsat unlabeledpinary-branchinghodes.At eachsen-
tencepair, the parseadaptgo explain thetranslationpat-
tern. If the sameunambiguougnglishsentencavereto
appeaitwice in the corpus,with differentChinesetrans-
lations,thenit couldhave differentlearnedparses.

A third direction is to maintain English syntax and
investigatealternatetransformationmodels. After all,
mary corventionaltranslationsystemsareindeedbased
on syntactic transformationsfar more expressve than
what hasbeenproposedn syntax-basedtatisticalMT.
We take this approachn our paper Of coursethe broad
statistical MT programis aimed at a wider goal than
the corventionalrule-basegrogram- it seekgo under
standandexplain humantranslationdata,and automati-
cally learnfrom it. For this reasonwe think it is impor-
tantto learnfrom themodel/dataxplainability studiesof
Fox (2002)andto extendherresults.In additionto being
motivatedby rule-basedystemsye alsoseeadvantages
to English syntaxwithin the statisticalframework, such
asmarryingsyntax-basettanslatiormodelswith syntax-
basedanguagemodels(Charniaket al., 2003)andother
potentialbene tsdescribedy Eisner(2003).

Our basicideais to createtransformationrules that
condition on larger fragmentsof tree structure. It is
certainly possibleto build suchrules by hand,and we
have donethis to formally explain a numberof human-
translationexamples.But our main interestis in collect-
ing alargesetof suchrulesautomaticallythroughcorpus



analysis. The searchfor theserulesis driven exactly by
the problemsraisedby Fox (2002)— casesof crossing
anddivergencemotivatethe algorithmsto comeup with
betterexplanationsof the dataandbetterrules. Section
2 of this paperdescribesalgorithmsfor the acquisition
of comple rulesfor a transformatiormodel. Section3
gives empirical resultson the explanatorypower of the
acquiredrulesversugreviousmodels.Sectiord presents
examplesof learnedrulesandshaws the varioustypesof
transformationglexical and nonlexical, contiguousand
noncontiguoussimpleandcomple) thatthe algorithms
areforced (by the data)to invent. Section5 concludes.
Dueto spaceconstraintsall proofsareomitted.

2 RuleAcquisition

Supposehat we have a Frenchsentenceits translation
into English,andaparsetreeoverthe Englishtranslation,
asshavnin Figurel. Generallyonede nesanalignment
asa relation betweenthe wordsin the Frenchsentence
andthe words in the English sentence.Given suchan
alignmenthowever, what kinds of rules are we entitled
to learnfrom this instance”How do we know whenit is
valid to extracta particularrule, especiallyin the pres-
enceof numerougrossingsn thealignment?n thissec-
tion, we give principled answersto thesequestions by
constructingatheorythatgivesformal semanticgéo word
alignments.

2.1 A Theory of Word Alignments

We are going to de ne a generatie processthrough
which a string from a sourcealphabetis mappedto a
rootedtreewhosenodesarelabeledfrom atargetalpha-
bet. Henceforthwe will referto symbolsfrom our source
alphabetassource symbolsand symbolsfrom our target
alphabetstarget symbols We de ne a symboltreeover
an alphabet as a rooted, directedtree, the nodesof

which areeachlabeledwith a symbolof

We wantto captureheprocesdy which asymboltree
overthetargetlanguages derivedfrom astringof source
symbols.Let usreferto the symboltreethatwe wantto
derive asthetargettree Any subtreeof this treewill be
calledatarget subtee Furthermorewe de ne aderiva-
tion string asan orderedsequencef elementsgeachof
whichis eithera sourcesymbolor atargetsubtree.

Now we are readyto de ne the derivation process.
Given a derwation string .S, a derivation stepreplaces
a substringS’ of S with atargetsubtreeT that hasthe
following properties:

1. Any tamgetsubtreen S’ is asubtreeof 7.

2. Any targetsubtrean S but notin S’ doesnot share
nodeswith 7.

S

N

NP VP
VRN
PRP AUX RB VB

T

he does not go

il ne va pas

Figure 1: A Frenchsentencealigned with an English
parsetree.
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Figure2: Threealternatve derivationsfrom asourcesen-
tenceto atargettree.

Moreover, aderivationfrom a string S of sourcesym-
bolsto thetargettreeT is a sequenc®f derivationsteps
thatproduced” from S.

Moving away from the abstractfor a moment,let us
revisit the examplefrom Figure 1. Figure2 shows three
derivationsof the target tree from the sourcestring “il
ne va pas”, which are all consistentwith our de ni-
tions. However, it is apparenthat one of thesederiva-
tions seemanuchmore“wrong” thanthe other Specif-
ically, in the secondderivation, “pas” is replacedby the
Englishword“he,” whichmakesno senseGiventhevast
spaceof possiblederivations(accordingto the de nition
above), how do we distinguishbetweengood onesand
badones?Hereis wherethe notion of analignmentbe-
comesuseful.

Let S beastringof sourcesymbolsandlet T beatarget
tree. First obsere the following factsaboutderivations
from S to T' (thesefollow directly from the de nitions):

1. Eachelemenif S is replacedat exactly onestepof
thederivation.
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Figure 3: The alignmentsinducedby the derivationsin
Figure2

2. Eachnodeof T' is createdat exactly onestepof the
deriation.

Thus for each element s of S, we can de ne
replaced(s, D) to bethe stepof the derivation D during
which s is replaced For instancejn theleftmostderiva-
tion of Figure2, “va” is replacedy thesecondstepof the
derivation,thusreplaced(va, D) = 2. Similarly, for each
nodet of T', we cande ne created(t, D) to bethe step
of derivation D duringwhich ¢ is created.For instance,
in the samederivation, the nodeslabeledby “AUX” and
“VP” arecreatedduring the third stepof the derivation,
thuscreated(AUX, D) = 3andcreated(VP, D) = 3.

Givena string S of sourcesymbolsand a target tree
T, analignmentA with respecto S andT is arelation
betweerthe leavesof T' andthe elementf S. Choose
somederivation D from S to 7. The alignmentA in-
ducedby D is createdasfollows: anelements of S is
alignedwith a leaf nodet of T iff replaced(s, D) =
created(t, D). In otherwords,a sourceword is aligned
with atargetword if thetargetwordis createdduringthe
samestepin which the sourcewordis replaced Figure3
shaws the alignmentsnducedby the derivationsof Fig-
ure2.

Now, saythatwe have a sourcestring, a target tree,
and an alignmentA. A key obsenationis that the set
of “good” derivationsaccordingto A is preciselythe set
of derivationsthatinducealignmentsA’ suchthat A is
a subalignmenbf A’. By subalignmentwe meanthat
A A’ (recallthatalignmentsare simple mathematical
relations).In otherwords, A is asubalignmenof A’ if A
alignstwo elementnly if A’ alsoalignsthem.

We canseethis intuitively by examiningFigures2 and
3. Notice thatthetwo derivationsthatseem‘right” (the
rst andthe third) are superalignmentsf the alignment
given in Figure 1, while the derivation that is clearly
wrong is not. Hencewe now have a formal de nition
of the derivationsthatwe areinterestedn. We saythat
aderivationis admittedby analignmentA if it inducesa
superalignmenof A. Thesetof derivationsfrom source
string S to targettreeT thatareadmittedby alignmentA
canbedenotedi (S, T'). Giventhis, we arereadyto ob-
tain a formal characterizatiof the setof rulesthatcan

Derivation step: Induced rule:
NP
! ne vB as
PRP VP
| go input. ne VB pas
he | VP
output:
AUX RB x2
NP VP / ‘
‘ — T does not
PRP AUX RB VB
| / \ \
he does not go
l input: NP VP
/S\ output: /s\
NP VP 1 %
S XX

PRP AUX RB VB
| /A B
he does not go

Figure4: Two derivation stepsandthe rulesthatarein-
ducedfrom them.

be inferredfrom the sourcestring, targettree,andalign-
ment.

2.2 From Derivationsto Rules

In essenceaderivationstepcanbeviewedastheapplica-
tion of arule. Thus,compilingthe setof derivationsteps
usedin ary derivation of da (S, T) givesus,in a mean-
ingful senseall relevantrulesthatcanbe extractedfrom
thetriple (S, T, A). In this section,we shav in concrete
termshow to corvertaderivationstepinto ausablerule.

Considerthe second-lasderivation step of the rst
derivationin Figure2. In it, we begin with a sourcesym-
bol “ne”, followedby atargetsubtreerootedat V' B, fol-
lowed by anothersourcesymbol“pas” Thesethreeele-
mentsof the derivation string are replacedwith a target
subtreerootedat V P that discardsthe sourcesymbols
andcontainsthetargetsubtreerootedat V B. In general,
this replacemenprocesscanbe capturedby the rule de-
pictedin Figure4. The input to the rule are the roots
of the elementwf the derivation string that arereplaced
(wherewe de ne the root of a symbolto be simply the
symbolitself), whereaghe outputof therule is a symbol
tree,exceptthatsomeof the leavesarelabeledwith vari-
ablesinsteadof symbolsfrom the targetalphabet.These
variablescorrespondo elementsf the inputto therule.
Forinstancetheleaflabeled:2 meanghatwhenthisrule
is applied,z2 is replacedby the target subtreerootedat
V B (sinceV B is the secondelementof the input). Ob-
sene thatthe secondrule inducedin Figure4 is simply
a CFGrule expressedn the oppositedirection, thusthis
rule formatcan(andshould)beviewed asa strict gener
alizationof CFGrules.
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Figure5: An alignmentgraph. The nodesareannotated
with their spans.Nodesin the frontier setareboldfaced
anditalicized.

Every derivation stepcanbe mappedto a rule in this
way. Hencegivena sourcestring S, atargettreeT’, and
analignmentA4, we cande ne thesetpa (S, 7)) astheset
of rulesin ary derivation D 2 4 (S, T). We canregard
this asthe setof rulesthat we are entitledto infer from
thetriple (S, T, A).

2.3

Now we have a preciseproblemstatementiearnthe set
pa (S, T). It is notimmediatelyclearhow sucha setcan
be learnedfrom thetriple (S, T, A). Fortunately we can
infer theserulesdirectly from a structurecalledanalign-
mentgraph. In fact, we have alreadyseennumerousex-
amplesof alignmentgraphs. Graphically we have been
depictingthetriple (S, T', A) asarooted directed agyclic
graph(wheredirectionis top-davn in thediagrams) We
referto sucha graphasan alignmentgraph Formally,
thealignmentgraphcorrespondingo S, ', and A is just
T, augmentedvith a nodefor eachelementof S, and
edgedrom leafnodet 2 T to elements 2 S iff A aligns
s with t. Althoughthereis a differencebetweena node
of the alignmentgraphandits label, we will not make a
distinction,to easethe notationalburden.

To malke the presentatioreasierto follow, we assume
throughoutthis sectionthat the alignmentgraphis con-
nected,.e. thereareno unalignedelements.All of the
resultsthat follow have generalizationgo dealwith un-
aligned elements,but unalignedelementsincur certain
proceduralcomplicationsthat would cloud the exposi-
tion.

It turnsout that it is possibleto systematicallycon-
vert certainfragmentsof the alignmentgraphinto rules
of pa (S, T). We de ne afragmentof a directed,agyclic
graphG to beanontrivial (i.e. notjustasinglenode)sub-
graphG’ of G suchthatif anoden isin G’ theneithern
is asink nodeof G’ (i.e. it hasno children)or all of its
childrenarein G’ (andit is connectedo all of them).In

Inferring Complex Rules

VP {ne, va, pas}

TN

input: ne VB pas

AUX RB VB{va} ] VP
/ ‘ output: P .
does  not AUX RB x2
[t / |
2 does not
N€{ne} pas{pas}
input: NP VP
S {il, ne, va, pas }
PN output:
{il} NP VP {ne,va, pas} PN
x1 x2

Figure6: Two frontier graphfragmentsandtherulesin-
ducedfrom them. Obsenre that the spansof the sink
nodesform a partitionof the spanof theroot.

Figure 6, we shav two examplesof graphfragmentsof
thealignmentgraphof Figure5.

The spanof a noden of the alignmentgraphis the
subsetf nodesfrom S thatarereachabldrom n. Note
that this de nition is similar to, but not quite the same
as, the de nition of a spangiven by Fox (2002). We
saythat a spanis contiguousif it containsall elements
of a contiguoussubstringof S. The closuie of span(n)
is the shortestcontiguousspanwhich is a supersetof
span(n). For instance,the closureof f s;, s3, s5, $70
would bef s,, s3, s4, S5, s6, s7g The alignmentgraphin
Figure5 is annotatedvith the spanof eachnode.

Take alook atthe graphfragmentsn Figure6. These
fragmentsare special: they are examplesof frontier
graph fragments. We rst de ne the frontier setof an
alignmentgraphto be the setof nodesn that satisfythe
following property: for every noden’ of the alignment
graphthatis connectedo n butis neitheranancestonor
adescendantf n, span(n’)\ closure(span(n)) = ;.

We thende ne a frontier graph fragmentof an align-
mentgraphto bea graphfragmentsuchthatthe rootand
all sinksarein thefrontier set. Frontiergraphfragments
have the propertythatthe spansof the sinksof the frag-
mentareeachcontiguousandform a partitionof the span
of theroot, whichis alsocontiguous This allows thefol-
lowing transformatiorprocess:

1. Placethe sinksin the orderde ned by the partition
(i.e. thesink whosespanis the rst partof thespan
of therootgoesrst, thesinkwhosespanis thesec-
ond part of the spanof the root goessecondgtc.).
Thisformstheinput of therule.

2. Replacesink nodesof the fragmentwith a variable
correspondingo their position in the input, then
take the tree part of the fragment(i.e. projectthe
fragmenton T'). This formstheoutputof therule.



Figure6 shavstherulesderivedfrom thegivengraph
fragments We have thefollowing result.

Theorem1 Rules constructedaccoing to the above
proceduearein pa (S, 7).

Rule extraction: Algorithm 1. Thuswe now have a
simplemethodfor extractingrulesof pa (S, T) from the
alignmentgraph:searchthe spaceof graphfragmentgor
frontier graphfragments.

Unfortunately the searchspaceof all fragmentsof a
graphis exponentialin the size of the graph, thus this
procedurecan alsotake a long time to execute. To ar
rive ata muchfasterprocedurewe take advantageof the
following provablefacts:

1. Thefrontiersetof analignmentgraphcanbeidenti-
ed in timelinearin thesizeof thegraph.

2. For eachnoden of thefrontier set,thereis aunique
minimal frontier graph fragmentrootedat n (ob-
sene that for ary noden’ not in the frontier set,
thereis no frontier graphfragmentrootedat »n’, by
de nition).

By minimal, we meanthatthe frontier graphfragment
is a subgraplof every otherfrontier graphfragmentwith
the sameroot. Clearly, for an alignmentgraphwith &
nodes,thereare at mostk minimal frontier graphfrag-
ments.In Figure7, we shav the seven minimal frontier
graphfragmentsof the alignmentgraphof Figure5. Fur
thermore,all otherfrontier graphfragmentscanbe cre-
atedby composing2 or more minimal graphfragments,
asshavnin Figure8. Thus,theentiresetof frontiergraph
fragmentgandall rulesderivablefrom thesefragments)
canbe computedsystematicallyasfollows: computethe
setof minimal frontier graphfragmentscomputethe set
of graphfragmentsresultingfrom composing2 minimal
frontier graphfragmentscomputethe setof graphfrag-
mentsresultingfrom composing3 minimal graphfrag-
ments,etc. In this way, the rulesderived from the min-
imal frontier graphfragmentscan be regardedas a ba-
sisfor all otherrulesderivablefrom frontier graphfrag-
ments. Furthermorewe conjecturethat the setof rules
derivablefrom frontier graphfragmentss in factequiva-
lentto pa (S, T).

Thuswe have boiled down the problemof extracting
comple rulesto thefollowing simpleproblem: nd the
setof minimal frontier graphfragmentsof a givenalign-
mentgraph.

Thealgorithmis atwo-stepprocessasshonn below.

Rule extraction:; Algorithm 2
1. Computethefrontier setof thealignmentgraph.

2. For eachnodeof thefrontier set,computethe mini-
mal frontier graphfragmentrootedat thatnode.

S NP
/\ / VB
NP VP PRP \
VP %
O N
AUX RB VB hle

[ b

does not

he -
. va

ne pas !
il

Figure7: Thesevenminimal frontier graphfragmentsof
thealignmentgraphin Figure5

VP VP

PRP

he

Figure 8: Example compositionsof minimal frontier
graphfragmentdnto largerfrontier graphfragments.

Step1 can be computedin a single traversal of the
alignmentgraph.Thistraversalannotategachnodewith
its spanandits complemengpan The complemenspan
is computedasthe union of the complementspanof its
parentandthe spanof all its siblings(siblingsarenodes
that sharethe sameparent). A noden is in the frontier
setiff complement_span(n) \ closure(span(n)) = ;.
Noticethatthe complemenspanmerelysummarizeshe
spansof all nodesthat are neitherancestorsor descen-
dentsof n. Sincethis steprequiresonly a single graph
traversal,it runsin lineartime.

Step2 can also be computedstraightforvardly. For
eachnoden of thefrontier set,do thefollowing: expand
n, thenaslong asthereis somesink noden’ of theresult-
ing graphfragmentthatis notin the frontier set,expand
n/. Note that after computingthe minimal graphfrag-
mentrootedat eachnodeof the frontier set,every node
of the alignmentgraphhasbeenexpandedat mostonce.
Thusthis stepalsorunsin lineartime.

For clarity of expositionandlack of spacea coupleof
issueshave beenglossedver. Brie y:

As previously stated,we have ignoredherethe is-
sueof unalignedelements put the proceduresan
be easily generalizedo accommodate¢hese. The



resultsof the next two sectionsareall basedon im-
plementationshathandleunalignedelements.

This theory canbe generalizedquite cleanlyto in-
clude derivationsfor which substringsarereplaced
by setsof trees,ratherthan one single tree. This
correspond$o allowing rulesthatdo notrequirethe
outputto be a single, rootedtree. Sucha general-
izationgivessomenice power to effectively explain
certainlinguistic phenomenak-or instanceijt allows
us to immediatelytranslate“va” as “does go” in-
steadof delayingthe creationof the auxiliary word
“does” until laterin thederivation.

3 Experiments

3.1 LanguageChoice

We evaluatedthe coverageof our modelof transforma-
tion ruleswith two languagepairs: English-Frenchand
English-Chinese. Thesetwo pairs clearly contrastby
theunderlyingdif culty to understand@ndmodelsyntac-
tic transformation@mongpairs: while thereis arguably
a fair level of cohesionbetweenEnglish and French,
Englishand Chineseare syntacticallymore distantlan-
guagesWe alsochoseFrenchto compareour studywith
thatof Fox (2002). Theadditionallanguagepair provides
a goodmeansof evaluatinghow our transformatiorrule
extraction methodscalesto more problematiclanguage
pairsfor which child-reorderingmodelsareshovn notto
explainthedatawell.

3.2 Data

We performedexperimentswith two corpora,the FBIS

English-Chinesdarallel Text and the HansardFrench-
English corpus.V¢ parsedthe English sentenceswith

a state-of-the-arstatisticalparser(Collins, 1999). For

the FBIS corpus (representingeight million English
words),we automaticallygeneratedvord-alignmentsis-
ing GIZA++ (OchandNey, 2003),which we trainedon

amuchlarger dataset(150 million words). Casesther
thanone-to-onesentencenappingsvereeliminated.For

the Hansardcorpus,we took the humanannotationof

word alignmentdescribedn (OchandNey, 2000). The
corpuscontainstwo kinds of alignments: S (sure) for

unambiguouscasesand P (possible)for unclearcases,
e.g. idiomatic expressionsand missing function words
(S  P). In orderto be ableto make legitimate com-
parisonsbetweenthe two languagepairs, we also used
GIZA++ to obtain machine-generatedord alignments
for Hansard: we trainedit with the 500 sentencesnd
additionaldatarepresentindl3.7 million Englishwords
(taken from the Hansardand Europeanparliamentcor-

pora).

3.3 Results

Fromatheoreticalpoint of view, we have shavn thatour
modelcanfully explain the transformatiorof ary parse
treeof thesourcelanguagento a stringof thetargetlan-
guage. The purposeof this sectionis twofold: to pro-
vide quantitatie resultscon rming the full coverageof
our modelandto analyzesomepropertiesof the trans-
formationrulesthat supportthesederivations(linguistic
analyse®f theserulesarepresentedn thenext section).

Figure 9 summarizesghe coverageof our modelwith
respectto the Hansardand FBIS corpora. For the for-
mer, we presentesultsfor thethreealignments:S align-
ments, P alignments,and the alignmentscomputedby
GlZA++. Eachplottedvaluerepresents percentagef
parsetreesin a corpusthatcanbetransformednto atar-
getsentencaisingtransformatiorrules. The x-axisrep-
resentdifferentrestrictionson the sizeof theserules: if
we usea modelthat restrictrulesto a single expansion
of a non-terminalinto a sequenc®f symbols,we arein
the scopeof the child-reorderingmodelof (Yamadaand
Knight, 2001; Fox, 2002). We seethat its explanatory
poweris quitepoor, with only 19.4%,14.3%,16.5%,and
12.1% (for the respectie corpora). Allowing more ex-
pansionslogically expandsthe coverageof the model,
until the point whereit is total: transformatiorrulesno
largerthan17,18, 23, and43 (in numberof rule expan-
sions) respectrely provide enoughcoverageto explain
the dataat 100%for eachof thefour cases.

It appeardgrom the plot thatthe quality of alignments
playsanimportantrole. If we comparehethreekindsof
alignmentsavailablefor the Hansardcorpus,we seethat
much more complex transformationrules are extracted
from noisy GIZA++ alignments.It alsoappearghatthe
languagedifferenceproducesquite contrastingresults.
Rulesacquiredfor the English-Chinesgair have, on av-
erage,mary morenodes. Note thatthe languagediffer-
encein termsof syntaxmight bewiderthanwhattheplot
seemsto indicate, sinceword alignmentscomputedfor
theHansarccorpusarelik ely to bemoreerrorfulthanthe
onesfor FBIS becausé¢hetrainingdatausedtoinducethe
latteris morethantentimeslargerthanfor theformer.

In Figure 10, we shav the explanatorypower of our
model at the nodelevel. At eachnode of the frontier
set,we determinewhetherit is possibleto extracta rule
thatdoesnt exceeda givenlimit % onits size. The plot-
ted valuesrepresenthe percentagef frontier setinter-
nal nodeghatsatisfythis condition. Theseresultsappear
morepromisingfor thechild-reorderingnodel,with cov-
eragerangingfrom 72.3%to 85.1%of the nodesput we
shouldkeepin mind thatmary of thesenodesarelow in
the tree (e.g. baseNPs); extraction of 1-level transfor
mationrulesgenerallypresenno dif culties whenchild
nodesare pre-terminalssinceary crossingscan be re-
solved by lexicalizing the elementsnvolvedin it. How-
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ever, higherlevel syntacticconstituentsare more prob-
lematic for child-reorderingmodels,and the main rea-
sonsthey fail to provide explanationof the parsesat the
sentencdevel.

Table 1 shaws that the extractionof rulescanbe per
formedquiteef ciently. Our rst algorithm,whichhasan
exponentialrunningtime, cannotscaleto procesdarge
corporaand extract a sufcient numberof rules that a
syntax-basedtatisticalMT systemwould require. The
secondalgorithm, which runsin linear time, is on the
otherhandbarelyaffectedby the sizeof rulesit extracts.

k=1 3 5 7 10 | 20 | 50
I | 41 1] 102|579 304.2| - -
| 43| 54 | 59 6.4 | 7.33| 9.6

11.8

Table1: Runningtime in secondf the two algorithms
on1000sentence representhemaximumsizeof rules
to extract.

input:
VP
VBZ ADVP aNPB SBAR -S

SBAR-A

output: S

— SG-A

X2 VP |

T~ VP

x1 x3 x4

ADJP
NPB ADVP NPB VHPN /E’B

DT NN RB VBZ DT NNS WP VBZ B IN PRP

that Government simply tells the people what is good for them

SO NN NN

le gouvernement dit tout simplement a les gens ce qui est bon pour eux

Figure11: Adverb-verbreordering.

4 Discussions

In this sectionwe presensomesyntactictransformation
rulesthatour systemlearns. Fox (2002)identi ed three
major causef crossingsbetweenEnglishand French:
the“ne ... pas” constructmodalsandadwerbs,which a
child-reorderingmodeldoesnt accounffor. In section2,
we have alreadyexplainedhow we learnsyntacticrules
involving “ne ... pas”. Herewe describethe othertwo
problematiccases.

Figure 11 presentsa frequentcauseof crossingsbe-
tweenEnglishand French: adwerbsin Frenchoften ap-
pear after the verb, which is lesscommonin English.
Parsersgenerally createnestedverb phraseswhen ad-
verbsare present,thus no child reorderingcan allow a
verbandanadwerbto bepermuted Multi-level reodering
astherulein the gure canpreventcrossingsFox's solu-
tion to the problemof crossingss to atten verbphrases.
This is a solution for this sentencepair, sincethis ac-
countsfor adwverb-verbreorderingsbut attening thetree
structureis notagenerakolution.Indeed;t canonly ap-
ply to a very limited numberof syntacticcategories,for
which the advantageof having a deepsyntacticstructure
is lost.

Figure12 (dottedlinesareP alignmentsshowvs anin-
terestingexamplewhere attening thetreestructurecan-
not resole all crossingsin node-reorderingnodels. In
thesemodels,a crossingremainsbetweenMD andAUX
no matterhow VPsare attened. Our transformatiorrule
model createsa lexicalizedrule as shown in the gure,
wherethe transformatiorof “will be” into “sera” is the
only way to resole the crossing.

In the Chinese-Englisldomain,the rulesextractedby
our algorithm often have the attractve quality that they
arethekind of common-senseonstructionshatareused
in Chinesdanguageextbooksto teachstudentsFor in-
stance,there are several that illustrate the comple re-
orderingsthat occur aroundthe Chinesemarker word
“de”



input: sera VP-A S
output: VP
VP
— VP-A
wil/MD  VP-A
PN VP-A

be/ AUX  x2
PP
NPB ADVP /N\PB
T | AN

DT J NN MD AUX VB RB IN DT NN

the full report  will be coming in before the fall

le rapport complet sera déposé d-e ici

le autorne  prochain

Figure12: Crossingdueto amodal.

5 Conclusion

The fundamentalassumptionunderlying much recent
work in statistical machine translation (Yamadaand
Knight, 2001; Eisner 2003; Gildea, 2003) is that lo-
cal transformationgprimarily child-nodere-orderings)
of one-level parent-childrersubstructureareanadequate
modelfor parallelcorpora.Our empiricalresultssuggest
thatthis maybetoo strongof anassumptionTo explain
thedatain two parallelcorpora,oneEnglish-Frenchand
one English-Chineseye are often forcedto learnrules
involving muchlargertreefragments.The theory algo-
rithms, and transformatiorruleswe learn automatically
from datahave severalinterestingaspects.

1. Our rulesprovide a good, realisticindicator of the
compleitiesinherentin translation We believe that
theserules caninspire subsequentievelopmentof
generatie statisticalmodelsthat are better at ex-
plaining paralleldatathancurrentones.

2. Our rules put at the ngertips of linguists a very
rich sourceof information. They encoderanslation
transformationghat are both syntacticallyand lex-
ically motivated(someof our rulesare purely syn-
tactic; othersarelexically grounded).A simplesort
on the countsof our rulesmakesexplicit the trans-
formationsthat occurmostoften. A comparisorof
the numberof rulesextractedfrom parallelcorpora
speci c to multiple languagepairsprovide a quanti-
tative estimatoiof thesyntactic‘closenessbetween
variouslanguagepairs.

3. Thetheorywe proposedn this papetis independent
of the methodthat one usesto computethe word-
level alignmentdn a parallelcorpus.

4. The theory and rule-extraction algorithm are also
well-suited to deal with the errors introducedby
the word-level alignmentandparsingprogramsone
uses. Our theory makes no a priori assumptions

aboutthe transformationghat one is permittedto
learn. If a parserfor example,makesa systematic
error, we expectto learn a rule that can neverthe-
lessbe systematicallyusedto producecorrecttrans-
lations.

In this paper we focusedon providing a well-founded
mathematicaltheory and efcient, linear algorithms
for learningsyntacticallymotivatedtransformatiorrules
from parallel corpora. One can easilyimaginea range
of techniquedor de ning probability distributions over
therulesthatwe learn. We suspecthat suchprobabilis-
tic rulescouldbealsousedin conjunctionwith statistical
decodersto increasehe accurag of statisticalmachine
translationsystems.
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