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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 search for these rules is driven exactly by
the problems raised by Fox (2002) cases of crossing
and divergence motivate the algorithms to come up with
better explanations of the data and better rules. Section
2 of this paper describes algorithms for the acquisition
of complex rules for a transformation model. Section 3
gives empirical results on the explanatory power of the
acquired rulesversus previousmodels. Section 4 presents
examples of learned rules and shows the various types of
transformations (lexical and nonlexical, contiguous and
noncontiguous, simple and complex) that the algorithms
are forced (by the data) to invent. Section 5 concludes.
Due to space congtraints, all proofs are omitted.

2 RuleAcquisition

Suppose that we have a French sentence, its trandation
into English, and a parsetree over the English trandation,
asshownin Figure 1. Generally onede nesan alignment
as a relation between the words in the French sentence
and the words in the English sentence. Given such an
alignment however, what kinds of rules are we entitled
to learn from this instance? How do we know when it is
valid to extract a particular rule, especialy in the pres-
ence of numerous crossingsin the alignment? In this sec-
tion, we give principled answers to these questions, by
constructing atheory that givesformal semanticsto word
alignments.

2.1 A Theory of Word Alignments

We are going to de ne a generative process through
which a string from a source aphabet is mapped to a
rooted tree whose nodes are labeled from a target alpha-
bet. Henceforth we will refer to symbolsfrom our source
alphabet as source symbols and symbols from our target
alphabet as target symbols. We de ne a symbol tree over
an aphabet  as arooted, directed tree, the nodes of
which are each labeled with a symbol of

We want to capture the process by which a symbol tree
over thetarget languageis derived from a string of source
symbols. Let us refer to the symbol tree that we want to
derive as the target tree. Any subtree of this tree will be
called atarget subtree. Furthermore, we de ne aderiva-
tion string as an ordered sequence of elements, each of
which is either a source symbol or atarget subtree.

Now we are ready to de ne the derivation process.
Given a derivation string S, a derivation step replaces
a substring S° of S with a target subtree T that has the
following properties:

1. Any target subtreein S” isasubtree of T.

2. Any target subtreein S but not in S° does not share
nodeswith T.
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Figure 1: A French sentence aligned with an English
parse tree.
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Figure 2: Three alternative derivationsfrom a source sen-
tence to atarget tree.

Moreover, aderivation from astring S of source sym-
bolsto the target tree T is a sequence of derivation steps
that produces T from S.

Moving away from the abstract for a moment, let us
revisit the example from Figure 1. Figure 2 shows three
derivations of the target tree from the source string il
ne va pas , which are al consistent with our de ni-
tions. However, it is apparent that one of these deriva-
tions seems much more wrong than the other. Specif-
ically, in the second derivation, pas is replaced by the
Englishword he, which makesno sense. Given thevast
space of possible derivations (according to the de nition
above), how do we distinguish between good ones and
bad ones? Here is where the notion of an alignment be-
comes useful.

Let S beastring of sourcesymbolsand let T be atarget
tree. First observe the following facts about derivations
fromS to T (thesefollow directly from the de nitions):

1. Each element of S isreplaced at exactly one step of
the derivation.
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Figure 3: The alignments induced by the derivationsin
Figure 2

2. Each nodeof T iscreated at exactly one step of the
derivation.

Thus for each element s of S, we can de ne
replaced(s; D) to be the step of the derivation D during
which s is replaced. For instance, in the leftmost deriva-
tionof Figure2, va isreplaced by the second step of the
derivation, thusreplaced(va; D) = 2. Similarly, for each
node t of T, we can de ne created(t; D) to be the step
of derivation D during which t is created. For instance,
in the same derivation, the nodes labeled by AUX and

VP are created during the third step of the derivation,
thus created(AUX; D) = 3 and created(VP; D) = 3.

Given a string S of source symbols and a target tree
T, an alignment A with respectto S and T is arelation
between the leaves of T and the elements of S. Choose
some derivation D from S to T. The alignment A in-
duced by D is created as follows: an element s of S is
aligned with a leaf node t of T iff replaced(s; D) =
created(t; D). In other words, a source word is aligned
with atarget word if the target word is created during the
same step in which the source word is replaced. Figure 3
shows the alignments induced by the derivations of Fig-
ure 2.

Now, say that we have a source string, a target tree,
and an alignment A. A key observation is that the set
of good derivations according to A is precisely the set
of derivations that induce alignments A° such that A is
a subalignment of A’. By subalignment, we mean that
A A’ (recall that alignments are simple mathematical
relations). In other words, A is a subalignment of A" if A
alignstwo elementsonly if A’ also aligns them.

We can see thisintuitively by examining Figures 2 and
3. Notice that the two derivations that seem right (the

rst and the third) are superalignments of the alignment
given in Figure 1, while the derivation that is clearly
wrong is not. Hence we now have a formal de nition
of the derivations that we are interested in. We say that
aderivationis admitted by an alignment A if it inducesa
superalignment of A. The set of derivations from source
string S totarget tree T that are admitted by alignment A
can bedenoted A(S;T). Given this, we are ready to ob-
tain aformal characterization of the set of rules that can
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Figure 4: Two derivation steps and the rules that are in-
duced from them.

be inferred from the source string, target tree, and align-
ment.

2.2 From Derivationsto Rules

In essence, aderivation step can be viewed asthe applica-
tion of arule. Thus, compiling the set of derivation steps
used in any derivation of A(S;T) gives us, in a mean-
ingful sense, al relevant rules that can be extracted from
the triple (S; T; A). In this section, we show in concrete
terms how to convert a derivation step into a usable rule.

Consider the second-last derivation step of the rst
derivation in Figure 2. In it, we begin with a source sym-
bol ne , followed by atarget subtree rooted at V B, fol-
lowed by another source symbol pas. These three ele-
ments of the derivation string are replaced with a target
subtree rooted at V P that discards the source symbols
and contains the target subtree rooted at V B. In general,
this replacement process can be captured by the rule de-
picted in Figure 4. The input to the rule are the roots
of the elements of the derivation string that are replaced
(where we de ne the root of a symbol to be simply the
symbol itself), whereas the output of the rule is a symbol
tree, except that some of the leaves are labeled with vari-
ables instead of symbols from the target alphabet. These
variables correspond to elements of the input to the rule.
For instance, theleaf |abeled x2 meansthat when thisrule
is applied, X2 is replaced by the target subtree rooted at
V B (since V B is the second element of the input). Ob-
serve that the second rule induced in Figure 4 is simply
a CFG rule expressed in the opposite direction, thus this
rule format can (and should) be viewed as a strict gener-
alization of CFG rules.



S {il, ne, va, pas }

N

{i} NP VP {ne,va, pas}

[T

{1} PRP AUXine.pas}RBfne,pas} VB{va}

[ | \

(il he  doesepas} e pas} gofva)

{il} il ne{ ne) va {va) pas{ Pas}

Figure 5: An alignment graph. The nodes are annotated
with their spans. Nodes in the frontier set are boldfaced
and italicized.

Every derivation step can be mapped to a rule in this
way. Hence given a source string S, atarget tree T, and
an alignment A, wecande netheset A(S;T) astheset
of rulesin any derivation D 2 A(S;T). We can regard
this as the set of rules that we are entitled to infer from
thetriple (S;T; A).

2.3 Inferring Complex Rules

Now we have a precise problem statement: learn the set

A(S; T). Itisnot immediately clear how such a set can
be learned from the triple (S; T; A). Fortunately, we can
infer these rules directly from a structure called an align-
ment graph. In fact, we have aready seen numerous ex-
amples of alignment graphs. Graphically, we have been
depictingthetriple (S; T; A) asarooted, directed, acyclic
graph (where direction is top-down in the diagrams). We
refer to such a graph as an alignment graph. Formally,
the alignment graph correspondingto S, T, and A isjust
T, augmented with a node for each element of S, and
edgesfrom leaf nodet 2 T toelement s 2 S iff A aligns
s with t. Although there is a difference between a node
of the alignment graph and its label, we will not make a
distinction, to ease the notational burden.

To make the presentation easier to follow, we assume
throughout this section that the alignment graph is con-
nected, i.e. there are no unaligned elements. All of the
results that follow have generalizations to deal with un-
aligned elements, but unaligned elements incur certain
procedural complications that would cloud the exposi-
tion.

It turns out that it is possible to systematically con-
vert certain fragments of the alignment graph into rules
of A(S;T). Wede neafragment of adirected, acyclic
graph G to beanontrivial (i.e. not just asingle node) sub-
graph G of G such that if anoden isin G then either n
isasink node of G’ (i.e. it has no children) or all of its
children arein G (and it is connected to all of them). In
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Figure 6: Two frontier graph fragments and the rules in-
duced from them. Observe that the spans of the sink
nodes form a partition of the span of the root.

Figure 6, we show two examples of graph fragments of
the alignment graph of Figure 5.

The span of a node n of the alignment graph is the
subset of nodes from S that are reachable from n. Note
that this de nition is similar to, but not quite the same
as, the de nition of a span given by Fox (2002). We
say that a span is contiguous if it contains all elements
of a contiguous substring of S. The closure of span(n)
is the shortest contiguous span which is a superset of
span(n). For instance, the closure of fsy;s3;ss;S70
would be fs;; s3;S4; Ss; Se; S7g The alignment graph in
Figure 5 is annotated with the span of each node.

Take alook at the graph fragmentsin Figure 6. These
fragments are specia: they are examples of frontier
graph fragments. We rst de ne the frontier set of an
alignment graph to be the set of nodes n that satisfy the
following property: for every node n’ of the alignment
graph that is connected to n but is neither an ancestor nor
adescendant of n, span(n®) \ closure(span(n)) = ;.

We then de ne a frontier graph fragment of an align-
ment graph to be a graph fragment such that the root and
all sinks are in the frontier set. Frontier graph fragments
have the property that the spans of the sinks of the frag-
ment are each contiguousand form a partition of the span
of theroot, which is also contiguous. Thisallowsthefol-
lowing transformation process:

1. Place the sinks in the order de ned by the partition
(i.e. the sink whose span isthe rst part of the span
of theroot goes rst, the sink whose span is the sec-
ond part of the span of the root goes second, etc.).
Thisformsthe input of the rule.

2. Replace sink nodes of the fragment with a variable
corresponding to their position in the input, then
take the tree part of the fragment (i.e. project the
fragment on T). Thisformsthe output of the rule.



Figure6 shavstherulesderivedfrom thegivengraph
fragments We have thefollowing result.

Theorem1 Rules constructedaccoing to the above
proceduearein A(S;T).

Rule extraction: Algorithm 1. Thuswe now have a
simplemethodfor extractingrulesof A (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 any 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 k
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 A(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



