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Abstract

We propose a theory that gives formal seman-
tics to word-level alignmentsde ned over par-
allel corpora. We use our theory to introduce a
linear algorithm that can be used to derive from
word-aligned, parallel corporathe minimal set
of syntactically motivated transformation rules
that explain human trandation data.

1 Introduction

Inavery interesting study of syntax in statistical machine
trand ation, Fox (2002) looks at how well proposed trans-
lation models t actua translation data. One such model
embodies a restricted, linguistically-motivated notion of
word re-ordering. Given an English parse tree, children
at any node may be reordered prior to translation. Nodes
are processed independently. Previous to Fox (2002), it
had been observed that this model would prohibit certain
re-orderings in certain language pairs (such as subject-
V P(verb-abject) into verb-subject-object), but Fox car-
ried out the rst careful empirical study, showing that
many other common trandation patterns fall outside the
scope of the child-reordering model. This is true even
for languages as similar as English and French. For
example, English adverbs tend to move outside the lo-
cal parent/children in environment. The English word
not trandates to the discontiguous pair ne ... pas.
English parsing errors also cause trouble, as a normally
well-behaved re-ordering environment can be disrupted
by wrong phrase attachment. For other language pairs,
the divergenceis expected to be greater.

In the face of these problems, we may choose among
severa dternatives. The rg is to abandon syntax in
statistical machine trandlation, on the grounds that syn-
tactic models are a poor t for the data. On this view,
adding syntax yields no improvement over robust phrase-
substitution models, and the only question is how much
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does syntax hurt performance. Along this line, (Koehn
et al., 2003) present convincing evidence that restricting
phrasal trandation to syntactic constituents yields poor
trandation performance the ability to trandate non-
constituent phrases (such as thereare , notethat , and
according to ) turns out to be critical and pervasive.

Another direction is to abandon conventional English
syntax and move to more robust grammars that adapt to
the parallel training corpus. One approach here isthat of
Wu (1997), in which word-movement is modeled by rota-
tions at unlabeled, binary-branching nodes. At each sen-
tence pair, the parse adapts to explain the trandlation pat-
tern. If the same unambiguous English sentence were to
appear twice in the corpus, with different Chinese trans-
lations, then it could have different learned parses.

A third direction is to maintain English syntax and
investigate aternate transformation models. After al,
many conventional trandation systems are indeed based
on syntactic transformations far more expressive than
what has been proposed in syntax-based statistical MT.
We take this approach in our paper. Of course, the broad
dtatistical MT program is aimed at a wider goa than
the conventional rule-based program it seeks to under-
stand and explain human translation data, and automati-
caly learn from it. For this reason, we think it is impor-
tant to learn from the model/data explainability studies of
Fox (2002) and to extend her results. In addition to being
motivated by rule-based systems, we also see advantages
to English syntax within the statistical framework, such
as marrying syntax-based transl ation model swith syntax-
based language models (Charniak et a., 2003) and other
potential bene ts described by Eisner (2003).

Our basic idea is to create transformation rules that
condition on larger fragments of tree structure. It is
certainly possible to build such rules by hand, and we
have done this to formally explain a number of human-
trandation examples. But our main interest is in collect-
ing alarge set of such rules automatically through corpus



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 Rule Acquisition

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 deriation string S, a derivation stepreplaces
a substringSP of S with a targetsubtreeT that hasthe
following properties:

1. Any targetsubtredn SCis a subtreeof T.

2. Any targetsubtredn S but notin S° doesnot share
nodeswith T.

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 astring S of sourcesym-
bolsto thetargettreeT is a sequencef derivationsteps
thatproducesT 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.

LetS beastringof sourcesymbolsandlet T beatarget
tree. First obsere the following factsaboutderivations
fromSto T (thesefollow directly from the de nitions):

1. Eachelementof S is replacedat exactly onestepof
thederivation.



