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Abstract

Machine Translation (MT) systems based on Data-Oriented Parsing (DOP: Bod, 1998) and LFG-DOP
(Bod & Kaplan, 1998) may be viewed as instances of Example-Based MT (EBMT). In both approaches,
new translations are processed with respect to previously seen translations residing in the system’s
database. We describe the DOT models of translation (Poutsma 1998; 2000) based on DOP. We demon-
strate that DOT1 is not guaranteed to produce the correct translation, despite provably deriving the
most probable translation. The DOT2 translation model solves most of the problems of DOT1, but
suffers from limited compositionality when confronted with certain data. Notwithstanding the success
of DOT2, any system based purely on trees will ultimately be found wanting as a general solution to
the wide diversity of translation problems, as certain linguistic phenomena require a description at levels
deeper than surface syntax. We then show how LFG-DOP can be extended to serve as a novel hybrid
model for MT, LEG-DOT (Way, 2001), which promises to improve upon DOT and other EBMT systems.

1 Problems for EBMT

One of the major advantages which is often claimed
of EBMT is that the overall quality of translation
increases incrementally as the set of stored transla-
tions increases. For example, Mima et al. (1998) re-
port that in their EBMT system, translation quality
rose in an almost linear fashion, from 30% with 100
examples to 65% with all 774 examples. They also
note that there seems to be a limit beyond which
adding further examples does not improve the over-
all translation quality.

While the chances of finding an exact match be-
come greater as the corpus size increases, there are
two knock-on effects whose impact on the EBMT
system should be minimized. Firstly, adding more
examples has a computational cost, especially if the
examples need to be parsed: some EBMT systems
(e.g. Sato & Nagao, 1990; Watanabe, 1994) store
examples as annotated trees, for instance. Whether

this is the case or not, adding more examples causes
more storage problems, and adds to the complex-
ity of the search and retrieval stages of the EBMT
process. It is, therefore, unclear that one of the pur-
ported advantages of EBMT, namely a lessening in
computational cost, is indeed a real benefit. Sec-
ondly, adding more examples may not be useful in
practice. For example, a newly added translation
pair may be identical to, or overlap other examples.
Where a system involves the computation of a ‘sim-
ilarity metric’ (e.g. Somers et al., 1994), this may
be influenced by the frequency of examples, so that
the score attached to certain matches increases if a
large number of similar examples are found. Alter-
natively, in other systems, identical or similar ex-
amples may just be redundant. Somers (1999:121)
observes that “in such systems, the examples can
be seen as surrogate ‘rules’, so that, just as in a tra-
ditional rule-based MT system, having multiple ex-
amples (rules) covering the same phenomenon leads
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Figure 1: The complete DOT treebank for the linked
sentence pair (John swims, Jan zwemt)

to over-generation”.

The two main problems for EBMT are boundary def-
inition and boundary friction. The first of these de-
scribes the scenario where retrieved fragments may
not be well-formed constituents. This is a partic-
ular problem for pure EBMT systems, where syn-
tactic well-formedness needs to be ensured without
grammatical information actually being employed.
The second, boundary friction, is a problem in the
retrieval process, in that context may not be taken
into account. This may be illustrated by attempt-
ing to translate I have a big dog into German. An
EBMT system might retrieve the close matches in

(1):

(1) a.

A big dog eats a lot of meat —Ein grofler
Hund frisst viel Fleisch.

b. I have two ears —Ich habe zwei Ohren.

From these examples, the useful translation frag-
ments in (2) might be isolated by our EBMT sys-

tem:

(2) a.
b. I have —Ich habe

A big dog —Ein grofler Hund

In this case, these fragments would be combined to
give the translation Ich habe ein grofier Hund, which
is ungrammatical as we have an NP bearing nomi-

native case in object position.

We shall show how DOT and LFG-DOT fare with
these two main problems for EBMT. With strict no-
tions of decomposition of fragments, the problem of
boundary definition is unproblematic. DOT, how-
ever, may suffer from the problem of boundary fric-
tion, while given the additional syntactic informa-
tion available in the Lexical-Functional Grammar
(LFG: Kaplan & Bresnan, 1982) f-structures, this
problem is considerably reduced in LFG-DOT.

2 Data-Oriented Translation

Poutsma (1998; 2000) has developed a model
of translation based on Tree-DOP-—Data-Oriented
Translation (DOT). There are two different versions
of DOT. We shall describe these briefly.

2.1 DOT1

Poutsma’s DOT1 model (1998; 2000) is based on
the methodology of Tree-DOP (cf. Bod, 1998), and
relates POS-fragments between two languages (En-
glish and Dutch here), with an accompanying prob-
ability. DOT1 is parameterized on similar lines to
Tree-DOP. Its representations are linked phrase-
structure trees. Figure 1 shows the complete tree-
bank for the linked sentence pair (John swims, Jan

2wemt).!

1Here, and in future examples, we ‘translate’ proper names
purely in order to differentiate completely source and target
representations and strings.



These trees are augmented to incorporate semantic
information, as a DOT1 treebank links semantically
equivalent trees. It can be seen that the top left
tree pair in Figure 1 represents the full parse trees
for this translation pair. This tree pair is subjected
to the DOT1 decomposition process (based on the
DOP Root and Frontier fragmentation operations—
essentially Root allows new tree fragments to be
built by selecting a node to be the root node of a new
tree, and deleting all other nodes except this new
root and all nodes dominated by it, while Frontier
selects a (possibly empty) set of nodes in the newly
created subtree, excluding the root, and deletes all
subtrees dominated by these selected nodes) so that
the other tree pairs in Figure 1 are derived. Note
also here that all S-rooted linked structures are de-
rived via Frontier, while all others are produced
via Root. It is these operations which delimit the
boundary definitions in the DOT translation mod-
els.

Tree pair fragments are subjected to the recombi-
nation process in DOT using the same composition
operation, namely leftmost substitution (to ensure
the uniqueness of each derivation), as Tree-DOP.
The target derivations are then assembled by re-
placing all subtrees of the source derivation by their
linked target subtrees. Any pair of fragments which
can legitimately combine with others results in a
well formed derivation given the corpus. This causes
a particular problem of boundary friction in DOT
(cf. Figure 3) which is avoided in LFG-DOT (cf.
(12)). Finally, the probability of target trees that
are candidate translations is then calculated using
the Tree-DOP probability model based on their rel-
ative frequencies in a treebank such as Figure 1.
Importantly, therefore, DOT treebanks are bags of
fragments, rather than sets. Accordingly, where du-
plication of ‘similar’ examples may be an impedi-
ment in other example-based systems, in DOT (and
LFG-DOT) they are essential, as an increase in fre-
quency of particular fragments directly contributes
to the weight (in terms of probability) of the deriva-
tions in which they are involved. The probability
of the parse tree of a particular translation is cal-
culated by summing the probability of all possible

If differ-
ent parse trees result for a particular translation,

derivations resulting in that parse tree.

the respective probabilities of each with respect to
the others can be calculated with respect to the cor-
pus. Similarly, if different translations are presented
as candidate target strings, their respective proba-
bilities are given. As will will see with respect to
(13)—(18) below, this is useful as certain MT sys-
tems cannot prevent the output of multiple transla-
tion candidates, even where some of these may be
ungrammatical target strings. In such cases, an ex-
pert user is required to sift through these output
strings to select the ‘best’ translation. This situa-
tion is avoidable where translations are output with
probabilities, as in DOT and LFG-DOT, as trans-
lations may be ranked automatically (or pruned, if
only the highest ranked translation is required).

Given this trivial treebank, only the one translation
pair can be processed. If we assume that the tree-
bank fragments for the translation pair Peter laughs
<= Piet lacht are added to Figure 1 (these new
fragments would be identical except for the different
lexical material on the leaves of the tree fragments),
then the two new translations in (3) can be handled
on the basis of fragments already in the database:

(3) a. John laughs +— Jan lacht

b. Peter swims «<— Piet zwemt

For example, one possible derivation of (3a) is that
in (4):

lacht

laughs

That is, the V nodes in the lower tree pair can be
substituted at the appropriate (source, target) V
nodes in the upper tree pair. The full parse trees
for the two sentences ensue, resulting in a bona fide
translation given this treebank. The two transla-
tions in (3) will have a slightly smaller probabil-
ity than the two original translation pairs given the



