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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 derivefrom
word-aligned,parallelcorporatheminimal set
of syntacticallymotivatedtransformationrules
thatexplainhumantranslationdata.

1 Introduction

In averyinterestingstudyof syntaxin statisticalmachine
translation,Fox (2002)looksathow well proposedtrans-
lation models�t actualtranslationdata.Onesuchmodel
embodiesa restricted,linguistically-motivatednotion of
word re-ordering.Given an Englishparsetree,children
at any nodemaybereorderedprior to translation.Nodes
areprocessedindependently. Previous to Fox (2002), it
hadbeenobservedthatthis modelwouldprohibit certain
re-orderingsin certain languagepairs (suchas subject-
VP(verb-object)into verb-subject-object),but Fox car-
ried out the �rst careful empirical study, showing that
many othercommontranslationpatternsfall outsidethe
scopeof the child-reorderingmodel. This is true even
for languagesas similar as English and French. For
example,English adverbstend to move outsidethe lo-
cal parent/childrenin environment. The English word
“not” translatesto the discontiguouspair “ne ... pas.”
Englishparsingerrorsalsocausetrouble,asa normally
well-behaved re-orderingenvironmentcan be disrupted
by wrong phraseattachment.For other languagepairs,
thedivergenceis expectedto begreater.

In the faceof theseproblems,we may chooseamong
several alternatives. The �rst is to abandonsyntax in
statisticalmachinetranslation,on the groundsthat syn-
tactic modelsare a poor �t for the data. On this view,
addingsyntaxyieldsno improvementoverrobustphrase-
substitutionmodels,andthe only questionis how much

doessyntaxhurt performance.Along this line, (Koehn
et al., 2003)presentconvincing evidencethat restricting
phrasaltranslationto syntacticconstituentsyields poor
translationperformance– the ability to translatenon-
constituentphrases(suchas“thereare”, “note that”, and
“accordingto”) turnsout to becritical andpervasive.

Anotherdirectionis to abandonconventionalEnglish
syntaxandmove to morerobustgrammarsthatadaptto
theparalleltrainingcorpus.Oneapproachhereis thatof
Wu (1997),in whichword-movementis modeledby rota-
tionsat unlabeled,binary-branchingnodes.At eachsen-
tencepair, theparseadaptsto explain thetranslationpat-
tern. If thesameunambiguousEnglishsentencewereto
appeartwice in thecorpus,with differentChinesetrans-
lations,thenit couldhavedifferentlearnedparses.

A third direction is to maintain English syntax and
investigatealternatetransformationmodels. After all,
many conventionaltranslationsystemsareindeedbased
on syntactic transformationsfar more expressive than
what hasbeenproposedin syntax-basedstatisticalMT.
We take this approachin our paper. Of course,thebroad
statisticalMT programis aimed at a wider goal than
theconventionalrule-basedprogram– it seeksto under-
standandexplain humantranslationdata,andautomati-
cally learnfrom it. For this reason,we think it is impor-
tantto learnfrom themodel/dataexplainabilitystudiesof
Fox (2002)andto extendherresults.In additionto being
motivatedby rule-basedsystems,we alsoseeadvantages
to Englishsyntaxwithin the statisticalframework, such
asmarryingsyntax-basedtranslationmodelswith syntax-
basedlanguagemodels(Charniaket al., 2003)andother
potentialbene�tsdescribedby Eisner(2003).

Our basic idea is 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 a largesetof suchrulesautomaticallythroughcorpus



analysis.The searchfor theserulesis drivenexactly by
the problemsraisedby Fox (2002) – casesof crossing
anddivergencemotivatethealgorithmsto comeup with
betterexplanationsof the dataandbetterrules. Section
2 of this paperdescribesalgorithmsfor the acquisition
of complex rulesfor a transformationmodel. Section3
givesempirical resultson the explanatorypower of the
acquiredrulesversuspreviousmodels.Section4 presents
examplesof learnedrulesandshows thevarioustypesof
transformations(lexical andnonlexical, contiguousand
noncontiguous,simpleandcomplex) that thealgorithms
areforced(by the data)to invent. Section5 concludes.
Dueto spaceconstraints,all proofsareomitted.

2 Rule Acquisition

Supposethat we have a Frenchsentence,its translation
into English,andaparsetreeovertheEnglishtranslation,
asshown in Figure1. Generallyonede�nesanalignment
asa relationbetweenthe words in the Frenchsentence
and the words in the English sentence.Given suchan
alignmenthowever, what kinds of rulesarewe entitled
to learnfrom this instance?How do we know whenit is
valid to extract a particularrule, especiallyin the pres-
enceof numerouscrossingsin thealignment?In thissec-
tion, we give principledanswersto thesequestions,by
constructingatheorythatgivesformalsemanticsto word
alignments.

2.1 A Theory of Word Alignments

We are going to de�ne a generative processthrough
which a string from a sourcealphabetis mappedto a
rootedtreewhosenodesarelabeledfrom a targetalpha-
bet.Henceforthwewill referto symbolsfrom oursource
alphabetassourcesymbolsandsymbolsfrom our target
alphabetastarget symbols. We de�ne a symboltreeover
an alphabet� as a rooted,directedtree, the nodesof
whichareeachlabeledwith asymbolof � .

Wewantto capturetheprocessby whichasymboltree
overthetargetlanguageis derivedfrom astringof source
symbols.Let usrefer to thesymboltreethatwe want to
derive asthetarget tree. Any subtreeof this treewill be
calleda target subtree. Furthermore,we de�ne a deriva-
tion string asan orderedsequenceof elements,eachof
which is eitherasourcesymbolor a targetsubtree.

Now we are ready to de�ne the derivation process.
Given a derivation string S, a derivation stepreplaces
a substringS′ of S with a target subtreeT that hasthe
following properties:

1. Any targetsubtreein S ′ is asubtreeof T .

2. Any targetsubtreein S but not in S ′ doesnot share
nodeswith T .

S

NP VP

PRP RBAUX VB

he notdoes go

il vane pas

Figure 1: A Frenchsentencealigned with an English
parsetree.
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Figure2: Threealternativederivationsfrom asourcesen-
tenceto a targettree.

Moreover, a derivationfrom a stringS of sourcesym-
bolsto thetarget treeT is a sequenceof derivationsteps
thatproducesT from S.

Moving away from the abstractfor a moment,let us
revisit theexamplefrom Figure1. 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 apparentthat oneof thesederiva-
tionsseemsmuchmore“wrong” thantheother. Specif-
ically, in the secondderivation,“pas” is replacedby the
Englishword“he,” whichmakesnosense.Giventhevast
spaceof possiblederivations(accordingto thede�nition
above), how do we distinguishbetweengood onesand
badones?Hereis wherethenotionof analignmentbe-
comesuseful.

LetS beastringof sourcesymbolsandletT beatarget
tree. First observe the following factsaboutderivations
from S to T (thesefollow directly from thede�nitions):

1. Eachelementof S is replacedat exactlyonestepof
thederivation.
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Figure3: The alignmentsinducedby the derivationsin
Figure2

2. Eachnodeof T is createdat exactly onestepof the
derivation.

Thus for each element s of S, we can de�ne
replaced(s, D) to bethestepof thederivationD during
which s is replaced.For instance,in theleftmostderiva-
tion of Figure2, “va” is replacedby thesecondstepof the
derivation,thusreplaced(va, D) = 2. Similarly, for each
nodet of T , we cande�ne created(t, D) to be thestep
of derivationD during which t is created.For instance,
in thesamederivation,thenodeslabeledby “AUX” and
“VP” arecreatedduring the third stepof the derivation,
thuscreated(AUX, D) = 3 andcreated(VP, D) = 3.

Given a string S of sourcesymbolsanda target tree
T , an alignmentA with respectto S andT is a relation
betweenthe leavesof T andtheelementsof S. Choose
somederivation D from S to T . The alignmentA in-
ducedby D is createdas follows: an elements of S is
alignedwith a leaf node t of T if f replaced(s, D) =
created(t, D). In otherwords,a sourceword is aligned
with a targetword if thetargetword is createdduringthe
samestepin which thesourceword is replaced.Figure3
shows thealignmentsinducedby thederivationsof Fig-
ure2.

Now, say that we have a sourcestring, a target tree,
and an alignmentA. A key observation is that the set
of “good” derivationsaccordingto A is preciselytheset
of derivationsthat inducealignmentsA′ suchthat A is
a subalignmentof A′. By subalignment,we meanthat
A � A′ (recall thatalignmentsaresimplemathematical
relations).In otherwords,A is asubalignmentof A′ if A
alignstwo elementsonly if A′ alsoalignsthem.

Wecanseethis intuitively by examiningFigures2 and
3. Notice that the two derivationsthatseem“right” (the
�rst andthe third) aresuperalignmentsof thealignment
given in Figure 1, while the derivation that is clearly
wrong is not. Hencewe now have a formal de�nition
of thederivationsthatwe areinterestedin. We saythat
a derivationis admittedby analignmentA if it inducesa
superalignmentof A. Thesetof derivationsfrom source
stringS to targettreeT thatareadmittedby alignmentA
canbedenotedδA (S, T ). Giventhis,wearereadyto ob-
tain a formal characterizationof thesetof rulesthatcan

ne pas

he

PRP

NP
VB

go

NP VP

PRP RBAUX VB

he notdoes go

Derivation step: Induced rule:

input: ne VB  pas

output:
VP

RBAUX x2

notdoes

S

NP VP

PRP RBAUX VB

he notdoes go

input: NP  VP

output: S

x1 x2

Figure4: Two derivationstepsandthe rulesthatarein-
ducedfrom them.

be inferredfrom thesourcestring,target tree,andalign-
ment.

2.2 From Derivations to Rules

In essence,aderivationstepcanbeviewedastheapplica-
tion of a rule. Thus,compilingthesetof derivationsteps
usedin any derivation of δA (S, T ) givesus, in a mean-
ingful sense,all relevantrulesthatcanbeextractedfrom
thetriple (S, T, A). In this section,we show in concrete
termshow to converta derivationstepinto ausablerule.

Considerthe second-lastderivation step of the �rst
derivationin Figure2. In it, we begin with a sourcesym-
bol “ne”, followedby a targetsubtreerootedat V B, fol-
lowedby anothersourcesymbol“pas.” Thesethreeele-
mentsof the derivationstring arereplacedwith a target
subtreerootedat V P that discardsthe sourcesymbols
andcontainsthetargetsubtreerootedat V B. In general,
this replacementprocesscanbecapturedby therule de-
picted in Figure 4. The input to the rule are the roots
of theelementsof thederivationstring thatarereplaced
(wherewe de�ne the root of a symbol to be simply the
symbolitself), whereastheoutputof therule is a symbol
tree,exceptthatsomeof theleavesarelabeledwith vari-
ablesinsteadof symbolsfrom thetargetalphabet.These
variablescorrespondto elementsof the input to therule.
For instance,theleaflabeledx2 meansthatwhenthisrule
is applied,x2 is replacedby the targetsubtreerootedat
V B (sinceV B is thesecondelementof the input). Ob-
serve that the secondrule inducedin Figure4 is simply
a CFGrule expressedin theoppositedirection,thusthis
rule formatcan(andshould)beviewedasa strict gener-
alizationof CFGrules.
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Figure5: An alignmentgraph.Thenodesareannotated
with their spans.Nodesin the frontier setareboldfaced
anditalicized.

Every derivation stepcanbe mappedto a rule in this
way. Hencegivena sourcestringS, a target treeT , and
analignmentA, wecande�ne thesetρA (S, T ) astheset
of rulesin any derivationD 2 δA (S, T ). We canregard
this asthe setof rulesthat we areentitledto infer from
thetriple (S, T, A).

2.3 Inferring ComplexRules

Now we have a preciseproblemstatement:learntheset
ρA (S, T ). It is not immediatelyclearhow sucha setcan
belearnedfrom thetriple (S, T, A). Fortunately, we can
infer theserulesdirectly from astructurecalledanalign-
mentgraph. In fact,we have alreadyseennumerousex-
amplesof alignmentgraphs.Graphically, we have been
depictingthetriple (S, T, A) asarooted,directed,acyclic
graph(wheredirectionis top-down in thediagrams).We
refer to sucha graphasan alignmentgraph. Formally,
thealignmentgraphcorrespondingto S, T , andA is just
T , augmentedwith a nodefor eachelementof S, and
edgesfrom leafnodet 2 T to elements 2 S if f A aligns
s with t. Although thereis a differencebetweena node
of thealignmentgraphandits label,we will not make a
distinction,to easethenotationalburden.

To make thepresentationeasierto follow, we assume
throughoutthis sectionthat the alignmentgraphis con-
nected,i.e. thereareno unalignedelements.All of the
resultsthat follow have generalizationsto dealwith un-
alignedelements,but unalignedelementsincur certain
proceduralcomplicationsthat would cloud the exposi-
tion.

It turns out that it is possibleto systematicallycon-
vert certainfragmentsof the alignmentgraphinto rules
of ρA (S, T ). We de�ne a fragmentof a directed,acyclic
graphG to beanontrivial (i.e. notjustasinglenode)sub-
graphG′ of G suchthatif a noden is in G′ theneithern
is a sink nodeof G′ (i.e. it hasno children)or all of its
childrenarein G′ (andit is connectedto all of them). In

VP

RBAUX VB

notdoes

ne pas

S

NP VP

input: ne VB  pas

output:
VP

RBAUX x2

notdoes

input: NP  VP

output: S

x1 x2

{ ne } { pas }

{ va }

{ ne, va, pas }

{ il } { ne, va, pas }

{ il, ne, va, pas }

Figure6: Two frontier graphfragmentsandtherulesin-
ducedfrom them. Observe that the spansof the sink
nodesform apartitionof thespanof theroot.

Figure6, we show two examplesof graphfragmentsof
thealignmentgraphof Figure5.

The spanof a noden of the alignmentgraphis the
subsetof nodesfrom S thatarereachablefrom 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
say that a spanis contiguousif it containsall elements
of a contiguoussubstringof S. Theclosure of span(n)
is the shortestcontiguousspanwhich is a supersetof
span(n). For instance,the closureof f s2, s3, s5, s7g
would be f s2, s3, s4, s5, s6, s7g The alignmentgraphin
Figure5 is annotatedwith thespanof eachnode.

Take a look at thegraphfragmentsin Figure6. These
fragmentsare special: they are examplesof frontier
graph fragments. We �rst de�ne the frontier set of an
alignmentgraphto be thesetof nodesn that satisfythe
following property: for every noden′ of the alignment
graphthatis connectedto n but is neitheranancestornor
a descendantof n, span(n′) \ closure(span(n)) = ; .

We thende�ne a frontier graph fragmentof analign-
mentgraphto bea graphfragmentsuchthattheroot and
all sinksarein thefrontier set. Frontiergraphfragments
have thepropertythat thespansof thesinksof the frag-
mentareeachcontiguousandform apartitionof thespan
of theroot,which is alsocontiguous.Thisallows thefol-
lowing transformationprocess:

1. Placethesinksin theorderde�ned by thepartition
(i.e. thesink whosespanis the�rst partof thespan
of therootgoes�rst, thesinkwhosespanis thesec-
ond part of the spanof the root goessecond,etc.).
This formstheinput of therule.

2. Replacesink nodesof the fragmentwith a variable
correspondingto their position in the input, then
take the tree part of the fragment(i.e. project the
fragmentonT ). This formstheoutputof therule.



Figure6 shows therulesderivedfrom thegivengraph
fragments.We havethefollowing result.

Theorem1 Rules constructedaccording to the above
procedureare in ρA (S, T ).

Rule extraction: Algorithm 1. Thuswe now have a
simplemethodfor extractingrulesof ρA (S, T ) from the
alignmentgraph:searchthespaceof graphfragmentsfor
frontiergraphfragments.

Unfortunately, the searchspaceof all fragmentsof a
graphis exponentialin the size of the graph, thus this
procedurecan also take a long time to execute. To ar-
riveata muchfasterprocedure,we takeadvantageof the
following provablefacts:

1. Thefrontiersetof analignmentgraphcanbeidenti-
�ed in time linearin thesizeof thegraph.

2. For eachnoden of thefrontier set,thereis a unique
minimal frontier graph fragmentrooted at n (ob-
serve that for any noden′ not in the frontier set,
thereis no frontier graphfragmentrootedat n′, by
de�nition).

By minimal,we meanthatthefrontier graphfragment
is a subgraphof everyotherfrontiergraphfragmentwith
the sameroot. Clearly, for an alignmentgraphwith k

nodes,thereareat mostk minimal frontier graphfrag-
ments. In Figure7, we show thesevenminimal frontier
graphfragmentsof thealignmentgraphof Figure5. Fur-
thermore,all otherfrontier graphfragmentscanbe cre-
atedby composing2 or moreminimal graphfragments,
asshown in Figure8. Thus,theentiresetof frontiergraph
fragments(andall rulesderivablefrom thesefragments)
canbecomputedsystematicallyasfollows: computethe
setof minimal frontier graphfragments,computetheset
of graphfragmentsresultingfrom composing2 minimal
frontier graphfragments,computethesetof graphfrag-
mentsresultingfrom composing3 minimal graphfrag-
ments,etc. In this way, the rulesderived from the min-
imal frontier graphfragmentscan be regardedas a ba-
sis for all otherrulesderivablefrom frontier graphfrag-
ments. Furthermore,we conjecturethat the setof rules
derivablefrom frontiergraphfragmentsis in factequiva-
lent to ρA (S, T ).

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

Thealgorithmis a two-stepprocess,asshown below.

Rule extraction: Algorithm 2

1. Computethefrontier setof thealignmentgraph.

2. For eachnodeof thefrontier set,computethemini-
mal frontiergraphfragmentrootedat thatnode.

VP

RBAUX VB

notdoes

ne pas

S

NP VP

NP

PRP

PRP

he

VB

go

go

va
he

il

Figure7: Thesevenminimal frontier graphfragmentsof
thealignmentgraphin Figure5
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Figure 8: Example compositionsof minimal frontier
graphfragmentsinto largerfrontiergraphfragments.

Step1 can be computedin a single traversalof the
alignmentgraph.This traversalannotateseachnodewith
its spanandits complementspan. Thecomplementspan
is computedasthe union of the complementspanof its
parentandthespanof all its siblings(siblingsarenodes
that sharethe sameparent). A noden is in the frontier
setif f complement span(n) \ closure(span(n)) = ; .
Noticethatthecomplementspanmerelysummarizesthe
spansof all nodesthatareneitherancestorsnor descen-
dentsof n. Sincethis steprequiresonly a singlegraph
traversal,it runsin lineartime.

Step2 can also be computedstraightforwardly. For
eachnoden of thefrontier set,do thefollowing: expand
n, thenaslongasthereis somesinknoden′ of theresult-
ing graphfragmentthat is not in thefrontier set,expand
n′. Note that after computingthe minimal graphfrag-
mentrootedat eachnodeof the frontier set,every node
of thealignmentgraphhasbeenexpandedat mostonce.
Thusthis stepalsorunsin lineartime.

For clarity of expositionandlack of space,a coupleof
issueshavebeenglossedover. Brie�y:

� As previously stated,we have ignoredherethe is-
sueof unalignedelements,but the procedurescan
be easily generalizedto accommodatethese. The



resultsof thenext two sectionsareall basedon im-
plementationsthathandleunalignedelements.

� This theorycanbe generalizedquite cleanly to in-
cludederivationsfor which substringsarereplaced
by setsof trees,ratherthan one single tree. This
correspondsto allowing rulesthatdonot requirethe
output to be a single,rootedtree. Sucha general-
izationgivessomenicepower to effectively explain
certainlinguisticphenomena.For instance,it allows
us to immediatelytranslate“va” as “does go” in-
steadof delayingthecreationof theauxiliary 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 understandandmodelsyntac-
tic transformationsamongpairs: while thereis arguably
a fair level of cohesionbetweenEnglish and French,
EnglishandChinesearesyntacticallymoredistantlan-
guages.We alsochoseFrenchto compareourstudywith
thatof Fox (2002).Theadditionallanguagepairprovides
a goodmeansof evaluatinghow our transformationrule
extractionmethodscalesto more problematiclanguage
pairsfor whichchild-reorderingmodelsareshown not to
explain thedatawell.

3.2 Data

We performedexperimentswith two corpora,the FBIS
English-ChineseParallel Text and the HansardFrench-
English corpus.We parsedthe English sentenceswith
a state-of-the-artstatisticalparser(Collins, 1999). For
the FBIS corpus (representingeight million English
words),we automaticallygeneratedword-alignmentsus-
ing GIZA++ (OchandNey, 2003),which we trainedon
a muchlargerdataset(150 million words). Casesother
thanone-to-onesentencemappingswereeliminated.For
the Hansardcorpus,we took the humanannotationof
word alignmentdescribedin (Och andNey, 2000). The
corpuscontainstwo kinds of alignments: S (sure) for
unambiguouscasesand P (possible)for unclearcases,
e.g. idiomatic expressionsand missingfunction words
(S � P ). In order to be able to make legitimatecom-
parisonsbetweenthe two languagepairs, we also used
GIZA++ to obtain machine-generatedword alignments
for Hansard: we trainedit with the 500 sentencesand
additionaldatarepresenting13.7million Englishwords
(taken from the Hansardand Europeanparliamentcor-
pora).

3.3 Results

Fromatheoreticalpointof view, we haveshown thatour
modelcanfully explain the transformationof any parse
treeof thesourcelanguageinto a stringof thetargetlan-
guage. The purposeof this sectionis twofold: to pro-
vide quantitative resultscon�rming the full coverageof
our model and to analyzesomepropertiesof the trans-
formationrulesthat supportthesederivations(linguistic
analysesof theserulesarepresentedin thenext section).

Figure9 summarizesthe coverageof our modelwith
respectto the Hansardand FBIS corpora. For the for-
mer, we presentresultsfor thethreealignments:S align-
ments,P alignments,and the alignmentscomputedby
GIZA++. Eachplottedvaluerepresentsa percentageof
parsetreesin a corpusthatcanbetransformedinto a tar-
getsentenceusingtransformationrules. Thex-axis rep-
resentsdifferentrestrictionson thesizeof theserules: if
we usea model that restrict rules to a singleexpansion
of a non-terminalinto a sequenceof symbols,we arein
thescopeof thechild-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 respective corpora). Allowing moreex-
pansionslogically expandsthe coverageof the model,
until the point whereit is total: transformationrulesno
larger than17, 18, 23, and43 (in numberof rule expan-
sions)respectively provide enoughcoverageto explain
thedataat 100%for eachof thefour cases.

It appearsfrom theplot that thequality of alignments
playsanimportantrole. If wecomparethethreekindsof
alignmentsavailablefor theHansardcorpus,we seethat
much more complex transformationrules are extracted
from noisyGIZA++ alignments.It alsoappearsthat the
languagedifferenceproducesquite contrastingresults.
Rulesacquiredfor theEnglish-Chinesepair have,on av-
erage,many morenodes.Note that the languagediffer-
encein termsof syntaxmightbewider thanwhattheplot
seemsto indicate,sinceword alignmentscomputedfor
theHansardcorpusarelikely to bemoreerrorful thanthe
onesfor FBISbecausethetrainingdatausedto inducethe
latteris morethantentimeslargerthanfor theformer.

In Figure10, we show the explanatorypower of our
model at the node level. At eachnodeof the frontier
set,we determinewhetherit is possibleto extracta rule
thatdoesn't exceeda given limit k on its size. Theplot-
ted valuesrepresentthe percentageof frontier set inter-
nalnodesthatsatisfythiscondition.Theseresultsappear
morepromisingfor thechild-reorderingmodel,with cov-
eragerangingfrom 72.3%to 85.1%of thenodes,but we
shouldkeepin mind thatmany of thesenodesarelow in
the tree (e.g. baseNPs); extractionof 1-level transfor-
mationrulesgenerallypresentno dif�culties whenchild
nodesare pre-terminals,sinceany crossingscan be re-
solvedby lexicalizing theelementsinvolvedin it. How-
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ever, higher level syntacticconstituentsare more prob-
lematic for child-reorderingmodels,and the main rea-
sonsthey fail to provide explanationof theparsesat the
sentencelevel.

Table1 shows that the extractionof rulescanbe per-
formedquiteef�ciently . Our�rst algorithm,whichhasan
exponentialrunning time, cannotscaleto processlarge
corporaand extract a suf�cient numberof rules that a
syntax-basedstatisticalMT systemwould require. The
secondalgorithm, which runs in linear time, is on the
otherhandbarelyaffectedby thesizeof rulesit extracts.

k=1 3 5 7 10 20 50
I 4.1 10.2 57.9 304.2 - - -
II 4.3 5.4 5.9 6.4 7.33 9.6 11.8

Table1: Runningtime in secondsof the two algorithms
on1000sentences.k representthemaximumsizeof rules
to extract.
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Figure11: Adverb-verbreordering.

4 Discussions

In this section,we presentsomesyntactictransformation
rulesthatour systemlearns.Fox (2002)identi�ed three
major causesof crossingsbetweenEnglishandFrench:
the “ne ... pas” construct,modalsandadverbs,which a
child-reorderingmodeldoesn't accountfor. In section2,
we have alreadyexplainedhow we learnsyntacticrules
involving “ne ... pas”. Herewe describethe other two
problematiccases.

Figure 11 presentsa frequentcauseof crossingsbe-
tweenEnglishandFrench:adverbsin Frenchoften ap-
pearafter the verb, which is lesscommonin English.
Parsersgenerallycreatenestedverb phraseswhen ad-
verbsare present,thus no child reorderingcan allow a
verbandanadverbto bepermuted.Multi-level reodering
astherule in the�gure canpreventcrossings.Fox'ssolu-
tion to theproblemof crossingsis to �atten verbphrases.
This is a solution for this sentencepair, since this ac-
countsfor adverb-verbreorderings,but �attening thetree
structureis notageneralsolution.Indeed,it canonly ap-
ply to a very limited numberof syntacticcategories,for
which theadvantageof having a deepsyntacticstructure
is lost.

Figure12 (dottedlinesareP alignments)showsanin-
terestingexamplewhere�attening thetreestructurecan-
not resolve all crossingsin node-reorderingmodels. In
thesemodels,a crossingremainsbetweenMD andAUX
nomatterhow VPsare�attened.Our transformationrule
modelcreatesa lexicalizedrule asshown in the �gure,
wherethe transformationof “will be” into “sera” is the
only way to resolve thecrossing.

In theChinese-Englishdomain,the rulesextractedby
our algorithmoften have the attractive quality that they
arethekind of common-senseconstructionsthatareused
in Chineselanguagetextbooksto teachstudents.For in-
stance,thereare several that illustrate the complex re-
orderingsthat occur aroundthe Chinesemarker word
“de.”
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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 transformations(primarily child-nodere-orderings)
of one-levelparent-childrensubstructuresareanadequate
modelfor parallelcorpora.Ourempiricalresultssuggest
that this maybetoo strongof anassumption.To explain
thedatain two parallelcorpora,oneEnglish-French,and
oneEnglish-Chinese,we areoften forcedto learn rules
involving muchlarger treefragments.The theory, algo-
rithms, and transformationruleswe learnautomatically
from datahaveseveralinterestingaspects.

1. Our rulesprovide a good,realistic indicatorof the
complexities inherentin translation.Webelievethat
theserulescaninspiresubsequentdevelopmentsof
generative statisticalmodelsthat are better at ex-
plainingparalleldatathancurrentones.

2. Our rules put at the �ngertips of linguists a very
rich sourceof information.They encodetranslation
transformationsthat areboth syntacticallyandlex-
ically motivated(someof our rulesarepurely syn-
tactic;othersarelexically grounded).A simplesort
on thecountsof our rulesmakesexplicit the trans-
formationsthatoccurmostoften. A comparisonof
thenumberof rulesextractedfrom parallelcorpora
speci�c to multiple languagepairsprovidea quanti-
tativeestimatorof thesyntactic“closeness”between
variouslanguagepairs.

3. Thetheoryweproposedin thispaperis independent
of the methodthat oneusesto computethe word-
level alignmentsin a parallelcorpus.

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

about the transformationsthat one is permittedto
learn. If a parser, for example,makesa systematic
error, we expect to learn a rule that can neverthe-
lessbesystematicallyusedto producecorrecttrans-
lations.

In this paper, we focusedon providing a well-founded
mathematicaltheory and ef�cient, linear algorithms
for learningsyntacticallymotivatedtransformationrules
from parallel corpora. One can easily imaginea range
of techniquesfor de�ning probability distributionsover
the rulesthatwe learn. We suspectthatsuchprobabilis-
tic rulescouldbealsousedin conjunctionwith statistical
decoders,to increasetheaccuracy of statisticalmachine
translationsystems.
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