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Abstract

Tree Adjoining Grammars have well-known advantages but aretypically considered too difficult for
practical systems. We propose that, when done right, adjoining improves translation quality without becom-
ing computationally intractable. Using adjoining to modeloptionality allows general translation patterns to
be learned without the clutter of endless variations of optional material. The appropriate modifiers can later
be spliced in as needed to translate details.

In this proposal, we describe challenges encountered by phrase-based and syntax-based machine trans-
lation (MT) systems today, and present an in-depth, quantitative comparison of both models. Then, we
describe a novel model for statistical MT which addresses these challenges using a Synchronous Tree Ad-
joining Grammar. We introduce a method of converting these grammars to a weakly equivalent tree trans-
ducer for decoding. And we present a method for learning the rules and associated probabilities of this
grammar from aligned tree/string training data.

Finally, our initial results show that adjoining already delivers an end-to-end improvement of +0.8 BLEU

over a baseline statistical syntax-based MT model on a medium-scale Arabic/English MT task. Furthermore,
we demonstrate it is a competitive entry in the Urdu-Englishtrack of the 2009 NIST MT evaluation. We then
propose improvements to the model, decoding, and extraction that promise to allow this new, linguistically-
motivated MT model to surpass its syntax-based and phrase-based cousins in a wide range of scenarios and
language pairs.



Chapter 1

Introduction

In this chapter, we introduce our work using an extended example, then outline our research contributions.

1.1 Motivation by Example

If machine translation (MT) is the task of using computers toautomatically translate documents between one
language and another, then statistical machine translation can be seen as a quest to find a common structure
between languages on which to learn statistics to best facilitate that automatic translation. Propelled by the
introduction of unexpectedly good word-to-word statistical models (Brown et al., 1993), researchers have
progressed through a series of steadily improving models oftranslation, incorporating increasing amounts
of structure, from word-based to phrase-based (Koehn et al., 2003; Och and Ney, 2004), from string-based
to tree-based (Wu and Wong, 1998; Galley et al., 2004; Chiang, 2007), and from non-linguistic to linguistic
(Galley et al., 2004; Lavie et al., 2008).

At the same time, Banko and Brill’s strong evidence (2001) that real world tasks benefit more from larger
training datasets than from better algorithms, along with the availability of large amounts of training data,
have encouraged researchers to keep models simple enough tobe reasonably scalable, able to be trained
from large amounts of data. The result is a research landscape with many models, each with varying degrees
of success in expressibility and trainability. At the forefront are phrase-based MT and syntax-based MT,
represented as 1.1(a) and 1.1(b) in Figure 1.1.

Both phrase-based and syntax-based MT learn translation rules1 from a training corpus, and can use
those rules in translating a new sentence. For phrase-basedMT (PBMT), every variation of a phrase needs
to be explicitly learned. For example, to translate ‘AlflsTynywn AlvlAvp ’ (the-palestinianspl the-
three) to ‘the three palestinians’, we must translate this phrase as a single unit—the phrase that translates
AlflsTynywn to ‘the palestinians’ gives us no option to insert the modifier for ‘three’. In syntax-based MT
(SBMT), the syntactic structure allows us specific points atwhich to generalize. For example, to translate
our running example ‘AlflsTynywn AlvlAvp ’ to ‘the three palestinians’, we can use the rules shown
in 1.1(b), one of which has aCDplaceholder in the number’s position, allowing number variation, and the
other provides a specific number translation. This first rulecould be used for any number of Palestinians,
provided we have a separate rule allowing us to translate theArabic number involved. But the rule does
not generalize to any other kind of modifier, such as an adjective (e.g., ‘the unified palestinians’), or to no
modifier at all (e.g., ‘the palestinians’).

Syntax-based MT is largely motivated by the errors resulting from lack of language structure and gen-
eralization in PBMT. Along with structure, however, SBMT introduces several flaws which vary somewhat

1called ‘phrase pairs’ in a phrase-based MT system
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Type of MT without modifier with modifier

Phrase-based
(a)

AlflsTynywn ↔ the palestinians AlflsTynywn AlvlAvp ↔ the three palestinians

Syntax-based MT
(b)

AlflsTynywn ⇐⇒

NP

DT

the

NNS

palestinians

AlflsTynywn CD0 ⇐⇒

NP

DT

the

CD0 NNS

palestinians

and AlvlAvp ⇐⇒
CD

three

Type of MT with or without modifier

Tree Adjoining MT
(c)

Xa

AlflsTynywn

⇐⇒

NP

DT

the

aNP

NNS

palestinians

and

X

X* X

AlvlAvp

⇐⇒

NP

CD

three

NP*

Figure 1.1: Each kind of machine translation allows more flexibility and expressibility in the phrases translated

according to the specifics of the syntax-based model. In the rules of Galley et al. (2004), we observe prob-
lems related to:

• incomplete phrasal coverage (some phrase pairs cannot be learned due to the constraints of syntactic
structure)

• over-specification of context (the context required for translation is too specific)

• missing contexts (the rule required to translate in a particular context is missing)

• large models (the syntactic structure adds lots of duplication and fragmentation to the model, leading
to an overabundance of parameters to learn), and

• complex rules (multiple unrelated linguistic and translation phenomena are lumped together in a single
rule)

Tree Adjoining MT has the potential to alleviate all these issues. Figure 1.1(c) shows the two relevant
rules learned for our ‘the three palestinians’ example. Theprimary rule is a single, general rule for translating
AlflsTynywn into ‘the palestinians’, along with an adjoining site (marked on the bold non-terminals by
a subscripta) which allows an optional modification to happen to both languages at the same time. With
no further modification, we can translate the unquantified phrase (i.e., ‘the palestinians’). But a second rule
translatingAlvlAvp into ‘three’ can beadjoinedat sitea on both existing trees, inserting the modifiers
in the correct location. With different adjoining rules (orcombinations of them), we can modify the same
phrase with one or more adjectives, or other modifiers. This separation of required structure vs. optional
modifiers allows us to learn rules with the right level of context while reducing the size and complexity of
the model by separating out distinct linguistic and translation phenomena into different rules.

Despite the natural way that adjoining solves current problems in Syntax-based MT, and even though it
has been hailed as a fitting solution to the translation problem (Shieber, 2007), adjoining has not been widely
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adopted in the statistical MT community. The reasons are twofold. First, the computational complexity of
Tree Adjoining Grammar (TAG) parsing—O(n6) in the general case—is seen to be prohibitive for efficient
translation decoding. Second, no clear statistical MT model using TAG has been defined in a way that
facilitates learning from existing large-scale datasets.

1.2 Research Contributions

In this thesis, we propose the following contributions to statistical machine translation:

1. An aesthetically desirable, efficiently decodable, linguistically rich, synchronous tree adjoining
statistical MT model

Our model will allow linguistic expressivity without beingoverly complicated, and fulfill the prag-
matic demands of being as efficient for translation as current state-of-the-art methods. We use the
formalism of synchronous tree adjoining grammars to express this model.

2. An algorithm to learn such a model from large-scale training data and methods to efficiently
decode it

Our model needs to be able to take advantage of the large-scale training data sets available today. And
we need algorithms to translate using the learned models. Wewill provide both.

3. An exploration of translation model variations for different language pairs and data sizes, with
end-to-end results that outperform current state-of-the-art syntax-based MT

We will show translation accuracy gains over existing techniques in multiple scenarios. A thorough
exploration of the strengths and weaknesses of different variations of our model in a range of circum-
stances will make it suitable for broad adoption in the MT community.
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Chapter 2

Prior Frameworks

In this chapter, we place this proposal in the broader context of statistical machine translation. We start
with a quick introduction to phrase-based MT and syntax-based MT, then give an introduction to relevant
topics in Tree Adjoining Grammars, and finally present a short survey of the existing work using adjoining
in machine translation.

2.1 Phrase-based Machine Translation

To introduce phrase-based MT we discuss a typical representative of statistical phrase-based models: the
Alignment Template System (ATS) of Och and Ney (2004). The basic unit of translation is the phrase pair
(Figure 2.1), which consists of a sequence of words in the source language, a sequence of words in the target
language, and a vector of feature values which describe thispair’s likelihood. Decoding produces a string
in the target language in order from beginning to end. Duringdecoding, features from each phrase pair
are combined with other features (e.g., re-ordering, language models) using a log-linear model to compute
the score of the entire translation. In principle the decoding process allows all permutations and thus has
factorial time complexity, but in practice a heuristic beamsearch lowers the complexity to linear time.

The ATS phrase extraction algorithm learns these phrase pairs from an aligned, parallel corpus. This
corpus is conceptually a list of tuples of〈source string, target string, word alignments〉 which serve as
training examples, one of which is shown in Figure 2.2.

For each training example, the algorithm identifies and extracts all pairs of〈source sequence, target
sequence〉 that are consistent with the alignments. It does this by firstenumerating all source-side word
sequences up to a length limitL, and for each source sequence, it identifies all target wordsaligned to those
source words. For example, in Figure 2.2, the source phrase有 责任尽 aligns to the target wordsfelt ,
obliged , anddo . These words, and all those between them, are the proposed target phrase. If no words
in the proposed target phrase align back to words outside of the original source phrase, then this phrase pair
is extracted.

The extraction algorithm can also look to the left and right of the proposed target phrase for neighboring
unaligned words and add these to the target side to generate alternate phrases. For the phrase pair有 责
任 ↔ felt obliged , for example, the wordto is a neighboring unaligned target word. By adding on
consecutive unaligned words in each direction, many new phrase pairs can be generated (e.g.,有 责任 ↔
felt obliged to ). For efficiency reasons, implementations often skip this step.

Figure 2.3 shows the complete set of phrase pairs up to length4 that are extracted from the Figure 2.2
training example. This limit of 4 is chosen for illustration; most real systems are trained with a much larger
phrase length limit, e.g., 10 or 20. Notice that no extractedphrase pair contains the character我. Because
of the alignments, the smallest legal phrase pair,我 有 责任尽↔ i felt obliged to do my , is beyond
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有 责任↔ felt obliged p(e|f) = 0.2, p(f |e) = 0.1, elen = 2, . . .

Figure 2.1: a phrase-pair and associated feature values: the basic unit of translation in phrase-based MT

Figure 2.2: a phrase-based training example

the size limit of 4, so it is not extracted in this example.
Phrase pairs are extracted over the entire training corpus.Due to differing alignments, some phrase

pairs that cannot be learned from one example may be learned from another. These pairs are then counted,
once for each time they are seen in a training example, and these counts are used as the basis for maximum
likelihood probability features, such asP (f |e) andP (e|f).

2.2 Syntax-based Machine Translation

The GHKM syntax-based translation model, presented first byGalley et al. (2004) and expanded on by
Galley et al. (2006), Marcu et al. (2006), and DeNeefe et al. (2007), is similar to phrase-based models in
that it is a statistical model trained from word-aligned parallel data. Two primary differences are the use of
syntax trees on the target side, rather than sequences of words, and the inclusion of variables in the rules.
The basic unit of translation is the translation rule, consisting of a sequence of words and variables in the
source language, a syntax tree in the target language havingwords or variables at the leaves, and again a
vector of feature values which describe this pair’s likelihood.

This system accepts a foreign string (e.g., Chinese or Arabic) as input, and it searches through a mul-
tiplicity of English tree outputs, seeking the one with the highest score (see Figure 2.4). The string-to-tree
framework is motivated by a desire to improve target-language grammaticality. For example, it is common
for phrase-based MT systems to output sentences with no verb. By contrast, the string-to-tree framework
forces the output to respect syntactic requirements—for example, if the output is a syntactic tree whose root
is S (sentence), then theS will generally have a child of typeVP (verb phrase), which will in turn contain a
verb. Another motivation is better treatment of function words. Often, these words are not literally translated
(either by themselves or as part of a phrase), but rather theycontrol what happens in the translation, as with
case-marking particles or passive-voice particles. Finally, much of the re-ordering we find in translation is
syntactically motivated, and this can be captured explicitly with syntax-based translation rules.

Here are some examples of translation rules and the roles that they play in the translation of a sentence:

• phrase pairs with syntax decoration:

小渊惠三首相 ⇐⇒

NPB

NNP

prime

NNP

minister

NNP

keizo

NNP

obuchi

• extra contextual constraints:

说 SBAR-C0 ⇐⇒

VP

VBD

said

SBAR-C0

(this rule translates说 to said , but only if some Chinese sequence following说 is translated into an
SBAR-C)
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有 ↔ felt
有 责任 ↔ felt obliged

有 责任尽 ↔ felt obliged to do
责任 ↔ obliged

责任尽 ↔ obliged to do
尽 ↔ do
一份 ↔ part

一份力 ↔ part
一份力 . ↔ part .

力 . ↔ .
. ↔ .

Figure 2.3: phrases up to length 4 extracted from the examplein Figure 2.2

• non-constituent phrases:

说 S-C0 ⇐⇒

VP

VBD

said

SBAR-C

IN

that

S-C0

指出 SBAR-C0 ⇐⇒

VP

VBD

pointed

PRT

RB

out

SBAR-C0

• non-contiguous phrases, effectively “phrases with holes”:

在 NNP0 问题上 ⇐⇒

PP

IN

on

NP-C

NPB

DT

the

NNP0 NN

issue

在 PP0 问题上 ⇐⇒

PP

IN

on

NP-C

NPB

DT

the

NN

issue

PP0

• purely structural (no words):

NP-C0 VP1⇐⇒
S

NP-C0 VP1

• re-ordering:

NP-C0 的 NN1 ⇐⇒

NP-C

NPB

DT

the

NN1

PP

IN

of

NP-C0

Following previous work in noisy-channel SMT (Brown et al.,1993), the model operates in the English-
to-foreign direction—envision a generative top-down process by which an English tree is gradually trans-
formed (by probabilistic rules) into an observed foreign string. A collection of such rules is represented as
a tree-to-string transducer (Knight and Graehl, 2005). TheGHKM rule extraction algorithm of Galley et
al. (2004) is used to construct this transducer from parsed and word-aligned data. This algorithm computes
the unique set of minimal rules needed to explain any sentence pair in the data. This is, in effect, a non-
overlapping tiling of translation rules over the tree-string pair. If there are no unaligned words in the source
sentence, this is a unique set. Figure 2.5 shows a sample〈tree, string, word alignment〉 triple and Figure 2.6
shows the set of seven minimal rules extracted from the example triple in Figure 2.5 if the unaligned力 is
ignored.
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Figure 2.4: The syntax-based translation system accepts a foreign string and produces a set of candidate translation
trees with confidence weights.

This set, ordered into a tree of rule applications, is calledthe derivation tree of the training example.
Unlike the ATS model described previously, there are no inherent size limits, just the constraint that the
rules be as small as possible for the example.

Notice that rule 6 is rather large and applies to a very specific syntactic context. The first Chinese word
我 is aligned to bothi andmy, and the only node that covers them both is theS. Therefore a large rule
rooted atS is extracted, with variables for every branch below this topconstituent that can be explained by
other rules. Note also thatto becomes a part of this rule naturally. If the alignments werenot as constraining
(e.g., ifmywas unaligned), then instead of this one big rule many smaller rules would be extracted, such as
structural rules, e.g.,

VBD0 VP-C1 ⇐⇒
VP

VBD0 VP-C1

and function word insertion rules, e.g.,

VP-C0 ⇐⇒

VP

TO

to

VP-C0

We have ignored unaligned source words in this example so far. Galley et al. (2004) attach the unaligned
source word to the highest possible location, in our example, theS. Thus it is extracted along with our large
rule 6, changing the source language sequence to “我 VBD0 VBN1 VB2 NN3 力 PERIOD4” . This treatment
results in a unique derivation tree no matter how many unaligned words are present.

In Galley et al. (2006), instead of a unique derivation tree,the extractor computes several derivation
trees, each with the unaligned word added to a different rulesuch that the data is still explained. For the
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Figure 2.5: a syntax-based training example

tree-string pair in Figure 2.5, for example,力 could be added not only to rule 6, but alternatively to rule 4
or 5, to make the new rules:

一份力 ⇐⇒
NN

part
力 . ⇐⇒

PERIOD

.

This results in three different derivations, one with the力 character in rule 4 (with rules 5 and 6 as
originally shown), another with the力 character in rule 5 (with rules 4 and 6 as originally shown), and
lastly the one with highest possible attachment, where the力 character in rule 6 (with rules 4 and 5 as
originally shown) as in the original paper (Galley et al., 2004). In total, ten different rules are extracted from
this training example.

As with PBMT, translation rules are extracted and counted over the entire bilingual training corpus, a
count of one for each time they appear in a training example. These counts are used to estimate several
features, including maximum likelihood rule probability features such asP (rule|eroot), P (ewords|fwords),
andP (fwords|ewords). We smooth the rule counts with Good-Turing smoothing (Good, 1953).

With these models, a new foreign sentence can be decoded by enumerating and scoring all of the English
trees that can be derived from it by applying the rules to the foreign string. The final score of each translation
is a weighted product ofP (e), the rule probabilities, and several other models.

To search efficiently, decoding is done using the CKY dynamic-programming parsing algorithm (Ya-
mada and Knight, 2002; Galley et al., 2006). This algorithm builds English trees on top of foreign spans.
Each cell of the CKY matrix stores the non-terminal symbol atthe root of the English tree being built up and
also the English words that appear at the left and right corners of the tree, as these are needed for computing
theP (e) score when cells are combined. For CKY to work, all transducer rules must be binarized to contain
at most two variables—more efficient search can be gained if this binarization produces rules that can be
incrementally scored by the language model (Melamed et al.,2004; Zhang et al., 2006).

2.3 Tree Adjoining Grammars

Tree Adjoining Grammars (TAG), introduced by Joshi et al. (1975) and Joshi (1985), allow insertion of
unbounded amounts of material into the structure of an existing tree using an adjunction operation. Usually
they also include a substitution operation, which has a ‘fillin the blank’ semantics, replacing a substitution
leaf node with a tree. Figure 2.7 visually demonstrates TAG operations.
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1. 有 ⇐⇒
VBD

felt

2. 责任 ⇐⇒
VBN

obliged
3. 尽 ⇐⇒

VB

do

4.一份 ⇐⇒
NN

part
5. . ⇐⇒

PERIOD

.

6. 我 VBD0 VBN1 VB2 NN3 PERIOD4 ⇐⇒

S

NP-C

NPB

PRP

I

VP

VBD0 VP-C

VBN1 SG-C

VP

TO

to

VP-C

VB2 NP-C

NPB

PRP$

my

NN3

PERIOD4

7. S0 ⇐⇒
TOP

S0

Figure 2.6: rules extracted from the training example in Figure 2.5 (ignoring unaligned Chinese words)

One negative aspect of TAG is the computational complexity:O(n6) time is required for monolingual
parsing (and thus decoding). Tree Insertion Grammars (TIG)are a restricted form of TAG that was intro-
duced (Schabes and Waters, 1995) to keep the same benefits as TAG (adjoining of unbounded material)
without the computational complexity—TIG parsing isO(n3). This reduction is due to a limitation on ad-
joining: auxiliary trees can only introduce tree material to the left or the right of the node adjoined to. Thus
an auxiliary tree can be classified by direction as left or right adjoining.

2.4 Synchronous TAG

Shieber and Schabes (1990) propose a synchronous version ofTAG (STAG), later refined by Shieber (1994),
allowing the construction of a pair of trees in lockstep fashion using the TAG operations of substitution and
adjunction on treepairs. To facilitate this synchronous behavior, links between pairs of nodes in each tree
pair define the possiblesitesfor substitution and adjunction to happen. Given an unweighted synchronous
tree adjoining grammar, probabilities can be trained from unaligned bilingual data using theO(n12) opera-
tion of bilingual parsing.

2.5 Previous Machine Translation Work Using Tree Adjoining

One application of STAG is machine translation (Shieber andSchabes, 1990; Abeille et al., 1990). Several
early machine translation systems and prototypes have beenbuilt using STAG (Egedi et al., 1994; Dras,
1999; Dras and Han, 2002), but none of these are statistical MT.

Nesson et al. (2006) introduce a probabilistic, synchronous variant of TIG and demonstrate its use for
machine translation, showing results that beat both word-based and phrase-based MT models on a limited-
vocabulary, small-scale training and test set. Their STIG grammar consists of rules having one of six normal-
form tree structures, where each rule represents a word-for-word correspondence. Training the statistical
model uses anO(n6) bilingual parsing algorithm, and decoding isO(n3). Though this model uses trees in
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adjunction
NP

DT

the

NP

NN↓

NP

JJ↓ NP*

substitution substitution

NN

minister

JJ

defense

=⇒

NP

DT

the

NP

JJ

defense

NP

NN

minister

Figure 2.7: TAG grammars use substitution and adjunction operations to construct trees. Substitution replaces the
substitution node (marked with↓) with another tree. Adjunction inserts an auxiliary tree—aspecial kind of tree
fragment with a foot node (marked with *)—into an existing tree at a permitted non-terminal node. Note that in TAG,
adjunctions are permitted atanynon-terminal with the same label as the root and foot node of the auxiliary tree, while
in Synchronous TAG adjunctions are restricted to linked sites.

explicit large-scale
target syntax adjoining training/testing

PBMT (Och and Ney, 2004) and Hiero (Chiang, 2007) no no yes
GHKM/xLNTs/STSG (Galley et al., 2004; Galley et al., 2006) yes no yes

word-for-word STIG (Nesson et al., 2006) no yes no
Shen et al. (2008) no yes yes

Carreras and Collins (2009) yes limited no
STIG (this proposal) yes yes yes

Figure 2.8: how this proposal fits in with prior work

the formal sense, it does not create Penn Treebank (Marcus etal., 1993) style linguistic trees, but uses only
one non-terminal label (X) to create those trees using their six pre-defined rule structures.

Shen et al. (2008) introduce a translation model that uses dependency tree adjoining as one of its opera-
tions to build unlabeled dependency trees, but this model does not have the syntactic constraints of labeled
constituent trees.

Carreras and Collins (2009) propose a phrase-based translation system which uses a discriminatively
learned, target-side TAG parsing model to reorder and assemble the English output phrases. Their adjoining
model does not constrain the translation choices, but functions to create more fluent English from the output
options of the phrase-based model. It allows rearranging, but does not allow one phrase to be inserted within
another, so it has the same ‘palestinian problem’ as phrase-based MT shown in Figure 1.1(a). The resulting
translation system slightly outperforms a baseline phrase-based system on a medium-scale German-English
translation task1 when measured with BLEU, and human tests indicate that when a difference in quality was
perceived the discriminative TAG output is “more often better than the standard phrase-based output”. Their
method has not been directly compared to syntax-based methods.

To conclude the review, Figure 2.8 presents of visual summary of this proposal in relation to the prior
work. The subsequent chapters make up our own work, both completed and proposed.

1Their model is trained on 715K sentences, and decodes sentences≤ 30 words.
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Chapter 3

Analysis of Syntax-based MT

Our motivation for proposing a tree-adjoining based MT model finds its genesis in an error analysis of
syntax-based MT models and a comparison with phrase-based MT models. Despite the many advantages
of syntax-based MT, these models have some surprising deficiencies in comparison to phrase-based MT
models. The contribution of this chapter is not in a new algorithm, but in presenting areas of potential im-
provement for syntax-based MT. Through an analysis of strengths and weaknesses and an investigation of
possible solutions within the syntax-based framework, we will lay a groundwork for understanding how a
tree-adjoining MT model can address the deficiencies of the original syntax-based model while still main-
taining the benefits.1

This chapter presents a comparison of phrase pair coverage between phrase-based and syntax-based
rule extraction methods. Additionally, we do a careful study of several syntax-based extraction techniques,
testing whether (and how much) they affect phrase pair coverage, and whether (and how much) they affect
end-to-end MT accuracy. For this comparison, we choose ATS,a previously established statistical phrase-
based model (Och and Ney, 2004), and GHKM, a previously established statistical string-to-tree model
(Galley et al., 2004).

3.1 A Comparison of Phrasal Coverage Between Phrase-based and Syntax-
based MT

Both the ATS model and the GHKM model learn how to translate from parallel corpora, but each has
fundamentally different constraints and assumptions. To compare the models empirically, we extracted
phrase pairs (for the ATS model) and translation rules (for the GHKM model) from the same parallel training
corpora, described in Table 3.1. The ATS model was limited tophrases of length 10 on the source side, and
length 20 on the target side. A superset of the parallel data was word aligned using a combination of GIZA
union (Och and Ney, 2003) and the EMD method (Fraser and Marcu, 2006). The English side of training
data was parsed using an implementation of Collins’ model 2 (Collins, 2003).

The top section of Table 3.2 shows the total number of GHKM rules extracted, and a breakdown of the
different kinds of rules.Non-lexical rulesare those whose source side is composed entirely of variables—
there are no source words in them. Because of this, they potentially apply to any sentence.Lexical rules
(their counterpart) far outnumber non-lexical rules. Of the lexical rules, a rule is considered aphrasal rule
if its source side and the yield of its target side contain exactly one contiguous phrase each, optionally with
one or more variables on either side of the phrase. Non-phrasal rules include structural rules, re-ordering
rules, and non-contiguous phrases. These rules are not easyto directly compare to any phrase pairs from the
ATS model, so we do not focus on them here.

1This chapter is based on the analysis of DeNeefe et al. (2007).
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Chinese Arabic

LDC2003E07 LDC2004T17
Document IDs LDC2003E14 LDC2004T18

LDC2005T06 LDC2005E46
# of segments 329,031 140,511
# of tokens in foreign corpus 7,520,779 3,147,420
# of tokens in English corpus 9,864,294 4,067,454

Table 3.1: parallel corpora used to train both models

Statistic Chinese Arabic

total translation rules 2,487,110 662,037
non-lexical rules 110,066 15,812
lexical rules 2,377,044 646,225
phrasal rules 1,069,233 406,020
distinct GHKM-derived phrase pairs 919,234 352,783
distinct corpus-specific

GHKM-derived phrase pairs 203,809 75,807

Table 3.2: a breakdown of how many rules the GHKM extraction algorithm produces, and how many phrase pairs can
be derived from them

Phrasal rules can be directly compared to ATS phrase pairs, the easiest way being to discard the syntactic
context (i.e., variables) and look at the phrases containedin the rules. The bottom section of Table 3.2
quantifies the phrase pairs that can be derived from the abovephrasal rules. The second to last line of the
table shows the total number of GHKM-derived phrase pairs. The number of phrase pairs is lower than
the number of phrasal rules because some rules represent thesame phrasal translation, but with different
syntactic contexts (i.e., different in variables only). The last line of Table 3.2 shows the subset of phrase
pairs that contain source phrases found in our development corpus.

Table 3.3 compares these corpus-specific GHKM-derived phrase pairs with the corpus-specific ATS
phrase pairs. Note that the number of phrase pairs derived from the GHKM rules is less than the number
of phrase pairs extracted by ATS. Moreover, only slightly over half of the phrase pairs extracted by the
ATS model are common to both models. The limits and constraints of each model are responsible for this
difference in contiguous phrases learned.

GHKM learns some contiguous phrase pairs that the phrase-based extractor does not. Only a small
portion of these are due to the fact that the GHKM model has no inherent size limit, while the phrase based
system has limits. More numerous are cases where unaligned English words are not added to an ATS phrase
pair while GHKM adopts them at a syntactically motivated location, or where a larger rule contains mostly
syntactic structure but happens to have some unaligned words in it. For example, consider Figure 3.1.
Becausebasic andwill are unaligned, ATS will learn no phrase pairs that translateto these words alone,
though they will be learned as a part of larger phrases.

GHKM, however, will learn several phrasal rules that translate tobasic

DT0 一 NN1 ⇐⇒

NPB

DT0 JJ

basic

NN1
DT0 一基本 NN1 ⇐⇒

NPB

DT0 JJ

basic

NN1
DT0 基本 NN1 ⇐⇒

NPB

DT0 JJ

basic

NN1
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Source of phrase pairs Chinese Arabic

GHKM-derived 203,809 75,807
ATS 295,537 133,576
Overlap between models160,901 75,038
GHKM only 42,908 769
ATS only 134,636 58,538
ATS-useful only 1,994 2,199

Table 3.3: comparison of corpus-specific phrase pairs from each model

Figure 3.1: a situation where GHKM is able to learn rules thattranslate intobasic andwill , unlike ATS

and one phrasal rule that translates intowill

RB0 有所 VP-C1 ⇐⇒

VP

MD

will

RB0 VP-C1

based on the syntactic context around the unaligned words. Since we are working with noisy data and
noisy alignments, the quality of such additional phrases will vary. For example, the first translation of一
(literally: “one” or “a”) to basic above is a phrase pair of poor quality, while the other two forbasic and
one forwill are arguably reasonable.

Perhaps more surprising, Table 3.3 also indicates that ATS was able to learn many more phrase pairs
that GHKM was not. Even more significant is the subset of thesemissing phrase pairs that the ATS decoder
used in its best2 translation of the corpus. According to the phrase-based system these are the most “useful”
phrase pairs and GHKM could not learn them.3 Since this is a clear deficiency, we will focus on analyzing
these phrase pairs (which we callATS-useful) and the reasons they were not learned.

Table 3.4 shows a breakdown, categorizing each of these missing ATS-useful phrase pairs and the rea-
sons they were not able to be learned. The most common reason is straightforward: by extracting only the
minimally-sized rules, GHKM is unable to learn many larger phrases that ATS learns. If GHKM can make a
word-level analysis, it will do that, at the expense of a phrase-level analysis. Galley et al. (2006) propose one
solution to this problem and Marcu et al. (2006) propose another, both of which we explore in Section 3.2.

The second reason is that the GHKM model is sometimes forced by its syntactic constraints to include
extra words. Sometimes this is only target language words, and this is often useful—the rules are learning
to insert these words in their proper context. But most of thetime, source language words are also forced to
be part of the rule, and this is harmful—it makes the rules less general. This latter case is often due to poorly

2i.e., highest scoring
3GHKM may ultimately be able to produce the same translation via a different, possibly lower scoring route.
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Category of missing ATS-useful phrase pairsChinese Arabic

Not minimal 1,320 1,366
Extra target words in GHKM rules 220 27
Extra source words in GHKM rules 446 799
Other (e.g., parse failures) 8 7
Total missing useful phrase pairs 1,994 2,199

Table 3.4: reasons that ATS-useful phrase pairs could not beextracted by GHKM as phrasal rules

aligned target language words (such as the我 in our Section 2.2 rule extraction example), or unaligned
words under large, flat constituents.

Another difference between the models is not apparent from this analysis: some of the phrase pairs are
learned by both systems, but GHKM is more specific about the context of use. This can be both a strength
and a weakness. It is a strength when the syntactic context helps the phrase to be used in a syntactically
correct way, as in

说 SBAR-C0 ⇐⇒

VP

VBD

said

SBAR-C0

where the syntax rule requires a constituent of typeSBAR-C. Conversely its weakness is seen when the
context is too constrained. For example, ATS can easily learn the phrase

总理↔ prime minister

and is then free to use it in many contexts. But GHKM learns 45 different rules, each that translate this
phrase pair in a unique context. Figure 3.2 shows a sampling.Notice that though many variations are
present, the decoder is unable to use any of these rules to produce certain noun phrases, such as “current
Japanese Prime Minister Shinzo Abe”, because no rule has theproper number of English modifiers.

3.2 Improvements in Phrasal Coverage

Each of the models presented so far has advantages and disadvantages. In this section, we consider ideas
that make up for deficiencies in the GHKM model, drawing our inspiration from the strong points of the
ATS model. We explore two methods of acquiring rules with larger phrases: composed rules (Galley et al.,
2006) and SPMT Model 1 (Marcu et al., 2006). We also explore a method of acquiring rules with smaller
phrases: restructuring the training parse trees (Wang et al., 2007). We then measure the effects of each idea
empirically, showing both what is gained and the potential limits of each modification.

Composed Rules

Galley et al. (2006) proposed the idea of extracting larger rules by composing together combinations of
neighboring minimal rules. This removes the minimality constraint required earlier: any two or more rules
in a parent-child relationship in a training data derivation tree can be combined to form a larger, composed
rule. This change is similar in spirit to the move from word-based to phrase-based MT models, or parsing
with a DOP model (Bod et al., 2003) rather than a plain PCFG.

Because this results in exponential variations, a size limit is employed: to allow two or more rules to
combine, the size of the resulting rule must be at mostn, wheren is defined as the number of internal4

4i.e., not a leaf variable
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NNP0 总理 ⇐⇒

NPB

NNP

prime

NNP

minister

NNP0 NNP0 总理 NNP1 ⇐⇒

NPB

NNP0 NNP

prime

NNP

minister

NNP1

JJ0 总理 NNP1 ⇐⇒

NPB

JJ0 NNP

prime

NNP

minister

NNP1 总理 NNP0 ⇐⇒

NPB

NNP

prime

NNP

minister

NNP0

总理 ⇐⇒

NPB

NNP

prime

NNP

minister

NNP0 NNP1 总理 ⇐⇒

NPB

NNP

prime

NNP

minister

NNP0 NNP1

DT0 JJ1 总理 ⇐⇒

NPB

DT0 JJ1 NNP

prime

NNP

minister

NNP0 总理 NNP1 NNP2 ⇐⇒

NPB

NNP0 NNP

prime

NNP

minister

NNP1 NNP2

总理 NNP0 NNP1 ⇐⇒

NPB

NNP

prime

NNP

minister

NNP0 NNP1

Figure 3.2: a small sampling of the 45 rules that translate总理 to prime minister

Size limit (n) Chinese Arabic

0 (minimal) 2,487,110 662,037
2 12,351,297 2,742,513
3 26,917,088 4,824,928
4 55,781,061 8,487,656

Table 3.5: increasing the size limit of composed rules
significantly increases the number of rules extracted

Size limit (n) Chinese Arabic

0 (minimal) 1,994 2,199
2 1,478 1,528
3 1,096 1,210
4 900 1,041

Table 3.6: number of ATS-useful phrases still missing
when using GHKM composed rule extraction

non-terminals in a rule’s target tree. For example, rules 1-5 shown in Figure 2.5 have a size of 0, while rule
6 has a size of 10. Composed rules are extracted in addition tominimal rules, which means that a largern
limit always results in a superset of the rules extracted when a smallern value is used. Whenn is set to
0, then only minimal rules are extracted. Table 3.5 shows the growth in the number of rules extracted for
several size limits.

In our previous analysis, the main reason that GHKM did not learn translations for ATS-useful phrase
pairs was due to its minimal-only approach. Table 3.6 shows the effect that composed rule extraction has on
the total number of ATS-useful phrases missing. Note that asthe allowed size of composed rule increases,
we are able to extract an greater percentage of the missing ATS-useful phrase pairs.

Unfortunately, a comparison of Tables 3.5 and 3.6 indicatesthat the number of ATS-useful phrase pairs
gained is growing at a much slower rate than the total number of rules. From a practical standpoint, more
rules means more processing work and longer decoding times,so there are diminishing returns from contin-
uing to explore larger size limits.

SPMT Model 1 Rules

SPMT model 1 (Marcu et al., 2006) is another alternative for extracting larger rules. Though originally pre-
sented as a distinct model, this method of rule extraction can also be understood as combining neighboring
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Method Chinese Arabic

composed alone (size 4) 900 1,041
SPMT model 1 alone 676 854
composed + SPMT model 1 663 835

Table 3.7: ATS-useful phrases still missing after different rules combination methods are applied

Category of ATS-useful phrase pairsChinese Arabic

Too large 12 9
Extra target words in GHKM rules 218 27
Extra source words in GHKM rules 424 792
Other (e.g., parse failures) 9 7
Total missing useful phrase pairs 663 835

Table 3.8: reasons that ATS-useful phrase pairs are still not extracted as phrasal rules, with composed and SPMT
model 1 rules in place

minimal GHKM rules, but according to different limits than composed rules. For each training example,
the method considers all source language phrases up to length L. For each of these phrases, it extracts the
smallest possible syntax rule that does not violate the alignments. Table 3.7 shows that this method is able
to extract rules that recover more useful phrase pairs, and can be combined with size 4 composed rules to
an even better effect. Since there is some overlap in these methods, when combining the two methods we
eliminate any redundant rules.

Note that having more phrasal rules is not the only advantageof composed rules. When combining
both composed and SPMT model 1 rules, the gain in useful phrase pairs is not very large, but we do gain
additional, larger syntax rules. As discussed by Galley et al. (2006), composed rules also allow the learning
of more context, such as

远远 JJ0 ⇐⇒

ADJP

ADVP

RB

far

CC

and

RB

away

JJ0

This rule is not learned by SPMT model 1 because it is not the smallest rule that can explain the phrase pair,
but it is still valuable for its syntactic context.

Restructuring Training Trees

Table 3.8 updates the causes of missing ATS-useful phrase pairs after also extracting larger rules. Most
missing phrase pairs are now caused by syntactic constraints, thus we need to address these in some way.

GHKM translation rules are affected by large, flat constituents in syntax trees, as in theprime minister
example earlier. One way to soften this constraint is to binarize the trees, so that wide constituents are bro-
ken down into multiple levels of tree structure. The approach we take here is head-out binarization (Wang et
al., 2007), where any constituent with more than two children is split into partial constituents. The children
to the left of the head word are binarized one direction, while the children to the right are binarized the other
direction. The top node retains its original label (e.g., NPB), while the new partial constituents are labeled
with a bar (e.g.,NPB' ). Figure 3.3 shows an example.
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Figure 3.3: head-out binarization in the target language: S, NPB, and VP are binarized according to the head word

Category of missing ATS-useful
phrase pairs Chinese Arabic

Too large 16 12
Extra target words in GHKM rules 123 12
Extra source words in GHKM rules 307 591
Other (e.g., parse failures) 12 7
Total missing useful phrase pairs 458 622

Table 3.9: reasons that ATS-useful phrase pairs still couldnot be extracted as phrasal rules after binarization

After binarization, we extract rules containing partial constituents, such as the following:

总理 NP'0 ⇐⇒

NP'

NNP

prime

NNP

minister

NP'0 and 不有所 ⇐⇒

VP'

MD

will

RB

not

By eliminating some of the syntactic constraints we allow more freedom, which allows increased phrasal
coverage and generates more rules. However, these rules maybe combined together in unexpected and
undesirable ways that the original, more constrained ruleswould not permit. Table 3.9 shows the effect of
binarization on phrasal coverage, using both composed and SPMT rules.

3.3 Evaluation of Translations

To evaluate translation quality of each of these models and methods, we ran the ATS decoder using its
extracted phrase pairs and the syntax-based decoder using all the rule sets mentioned above. Table 3.10
describes the development and test datasets used, along with four references for measuring BLEU.

Table 3.11 shows the case-insensitive NIST BLEU4 scores forboth our development and test decod-
ings. The BLEU scores indicate, first of all, that the syntax-based system is much stronger at translating
Chinese than Arabic, in comparison to the phrase-based system. We believe this is due to the difference
in re-ordering models. While the phrase-based system’s re-ordering comes primarily through the monolin-
gual language model, the syntax rules themselves contain structural re-ordering decisions learned from the
bilingual corpus. Thus syntax-based translation is betterable to model the large amount of long-distance
re-ordering required to translate between Chinese and English. The smaller improvements on Arabic-to-
English translation reflect the fact that less large scale re-ordering is necessary.
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# of lines
Dataset Chinese Arabic

Development set NIST 2002 MT eval 925 696
(sentences< 47 tokens)

Test set NIST 2003 MT eval 919 663

Table 3.10: development and test corpora

Chinese Arabic
Experiment Dev Test Dev Test

Baseline ATS 34.94 32.83 50.46 50.52
Baseline GHKM (minimal only) 38.02 37.67 49.34 49.99
GHKM composed size 2 40.24 39.75 50.76 50.94
GHKM composed size 3 40.95 40.44 51.56 51.48
GHKM composed size 4 41.36 40.69 51.60 51.71
GHKM minimal + SPMT model 1 39.78 39.16 50.17 51.27
GHKM composed + SPMT model 142.04 41.07 51.73 51.53
With binarization 42.17 41.26 52.50 51.79

Table 3.11: evaluation results (reported in case-insensitive NIST BLEU4)

The BLEU scores also show that syntax-based translation quality benefits from improved phrasal cov-
erage, but not always proportionally. In addition, rule composition is not only helpful in comparison to
minimal rules, but even in addition to SPMT model 1. This indicates that the size 4 composed rules of
Galley et al. (2006) bring more than just improved phrasal coverage, but the additional larger structure must
also aide translation.

3.4 Conclusions and Remaining Problems

Both the ATS model for phrase-based machine translation andthe GHKM model for syntax-based machine
translation are state-of-the-art methods. Each extraction method has strengths and weaknesses as compared
to the other, and there are surprising differences in phrasal coverage—neither is merely a superset of the
other. We have shown that it is possible to gain insights fromthe strengths of the phrase-based extraction
model to increase both the phrasal coverage and translationaccuracy of the syntax-based model.

But we have also seen there is still room for improvement in syntax-based models. There are still over
400 missing ATS-useful phrase pairs, though their usefulness is now arguable as they represent a weaker MT
model. But the problem they represent is still present: syntax rules often over-specify the required context
(recall the 45 prime minister rules). Rare and unseen contexts will lead to sparsity in the models. Trying
to fix this with head-out binarization leads to undesirable over-generalization. The fundamental problem is
that the model conflates multiple unrelated phenomenon within a single translation rule.

Tree-adjoining machine translation models have the potential to solve these problems. The rest of the
thesis is organized as follows. Chapter 4 presents a tree-adjoining MT model and decoding algorithm.
Chapter 5 discusses extraction of these rules from parallel, word-aligned tree-string data. Chapter 6 presents
our encouraging initial results. And Chapter 7 concludes with a plan of proposed work and a timeline to
completion.
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Chapter 4

Modeling Context Variation in
Syntax-based MT with Adjoining

In this chapter, we describe a tree-adjoining machine translation model introduced in Chapter 1 and moti-
vated by the analysis in Chapter 3.1 Formally, given a foreign stringf , the problem is to find:

argmax
etree,

ftree ∈ yield−1(f)

λ1 log P (yield(etree)) + λ2 log P (etree, ftree) + . . . (4.1)

whereP (yield(etree)) is just an n-gram LM of English,P (etree, ftree) is our novel translation model, and
the ellipsis represents any additional models. This chapter covers three topics:

1. a description of tree-adjoining MT rules,

2. a model that assignsP (etree, ftree) to any pair of trees using these rules, and

3. a decoding method to compute the argmax above, building uptrees synchronously on both the English
and foreign side.

4.1 Overview of Tree-Adjoining MT Rules

Here we give some examples of translation rules with interpretations of how they work. These rules are
automatically extracted using the techniques we will describe in Chapter 5.

1. simple lexical rules for translating words or phrases:

X

AlA

⇐⇒
IN

without

interpretation: translate the Arabic word “AlA” as the preposition “without”

2. rules with substitution for translating phrases with holes (substitution sites are designated by an arrow
and numeric subscript, e.g.,NP↓1):

1This chapter and the following two are based on the tree-adjoining MT model of DeNeefe and Knight (2009).
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X

X↓1
⇐⇒

PP

PP

IN

of

NP↓1

interpretation: insert “of” to turn a noun phrase into a prepositional phrase on the English side,
leaving the foreign side unchanged

3. simple adjoining rules for inserting optional modifiers (adjoining sites are designated by an alphabetic
subscript beforeor after a non-terminal to indicate direction of adjoining, e.g., aNP):

X

X* Xa

X↓1

⇐⇒
aNP

JJ↓1 NP*

interpretation: adjoin an adjective before a noun in English but place its translation after the
Arabic equivalent, then allow subsequent adjunction in those same directions via sitea

4. rules with multiple adjunction and substitution sites:

X

aX

X↓2

X

X↓1

e,bXd,c

X↓3

⇐⇒

aS

NP↓1 bSc

VPd

VPe

VBD↓2

NP↓3

interpretation: translate an Arabic sentence in VSO order (i.e., verb-subject-object) into an En-
glish sentence in SVO order, with multiple adjoining options at sitesa–e

Rules such as these make up a probabilistic, synchronous tree-insertion grammar suitable for translation. At
a high level, there are a few similarities with the grammar ofNesson et al. (2006): all adjunction sites come
in linked pairs, each adjunction site on the source side corresponding to one adjunction site on the target
side and vice versa, and each site is restricted to one direction, i.e., the source and target side each specify
one allowed direction of adjoining, either left or right.

There are several important differences between our grammars and the ones of Nesson et al. (2006).
Their grammar consists of lexical, word-for-word translation rules that include no linguistic structure and
only one non-terminal label on either side. All rules are oneof two basic structures—with variations only in
direction—and adjunction is allowed at any one of three predefined points. Our grammars differ on each of
these points in the following ways:

Richer, Linguistic Trees: Our grammars have a Penn Treebank-style linguistic tree on the English (target)
side. The source side is a purely structural tree using a single non-terminal symbol (X), and does
not originate from a parser. This pairing provides the rich information needed in the target language
without over-constraining the model.
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Substitution Sites/Non-lexical trees:While Nesson et al. (2006) only used adjunction, we use both sub-
stitution and adjunction and do not require all trees to contain lexical items as is commonly done in
TIG (Schabes and Waters, 1995). Trees on either side may be completely non-lexical or may contain
one or more words.

Single Adjunction/Multiple Sites: Each non-terminal node in a tree may allow multiple adjunction sites,
but every site only allows at most one adjunction, a common assumption for TAG as specified in the
Vijay-Shanker (1987) definition. An adjoined rule may itself have adjoining sites allowing further
adjunction.

In our grammars, we use the pair of direction restrictions toclassify the adjunction sites and their cor-
responding applicable adjoining rules into one of fourdirection classes: LL (left adjoining on both sides),
LR (left adjoining on the source side, right adjoining on thetarget), RL (the opposite directions of LR),
and RR (right adjoining on both sides). This direction classis used in our generative model as a factor for
conditioning the probabilities.

4.2 A Generative Model of Tree Adjoining MT

When we use these rules to translate from a foreign sentencef into an English sentencee, several models
are combined together in a log-linear fashion, but our primary model is a joint model ofP (etree, ftree). We
calculate this probability on a particular sequence of ruleapplications—aderivation treeof rules that makes
up etree andftree—which we calldetree,ftree . Here is a step-by-step process for building up the probability
of generatingdetree,ftree :

1. Choose initial rule. Choose a substitution ruler1 having the special starting root node label TOP
on the both source and target sides, and add it todetree,ftree . Make this choice with probability
Psub(r1|〈TOP, TOP〉).

2. Choose substitution rules.For each substitution site2 si in the current ruler1:

(a) Choose a substitution ruler2 having root node labels labelL(si) and labelR(si) that match
the left and right labels atsi, and add it todetree,ftree . Make this choice with probability
Psub(r2|〈labelL(si), labelR(si)〉).

3. Handle adjunction. For each adjunction sitesi,r1 in the current ruler1:

(a) Decide to adjoin or not. Choose whether or not to adjoin at the current sitesi,r1, i.e. choose
decisionadjoin ∈ {adjoin,¬adjoin}.Make this choice with rule-specific probability

Pifadj(decisionadjoin|si,r1, r1).

(b) Choose adjoining rule. If we are adjoining at sitesi,r1, i.e.,decisionadjoin = adjoin, choose
an adjoining ruler2 of direction classdir(si,r1) having root node labels labelL(si,r1) and labelR(si,r1)
that match the left and right labels atsi,r1, and add it todetree,ftree . Make this choice with prob-
ability Padj(r2|dir(si,r1), 〈labelL(si,r1), labelR(si,r1)〉).

4. Recurse. Considerr1 to be processed. Stop if all rules have been processed, otherwise select an
unprocessed ruler1 from detree,ftree and jump to step 2.

2Here and in the following, we usesiteas shorthand for synchronous site pair.
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In the above process, each substitution rule has a probability distribution from which it was chosen
(Psub). Each adjoining rule has a probability distribution from which it was chosen (Padj ). For both kinds of
rules, all adjoining sites had a decision made about them using a probability distribution (Pifadj). Therefore,
for all substitution rulesrs, adjoining rulesra, and adjoining sitessi,r, we define the probability of the
derivation tree of these rules to be the product of all the probabilities used in the building process:

P (detree,ftree) =
∏

rs

(
Psub(rs|〈rootL(rs), rootR(rs)〉) ·

∏

si,rs

Pifadj(decisionadjoin|si,rs , rs)
)
·

∏

ra

(
Padj(ra|dir(ra), 〈rootL(ra), rootR(ra)〉) ·

∏

si,ra

Pifadj(decisionadjoin|si,ra, ra)
)

Since there often is more than one derivationd that will produce the sameetree andftree given anf , we
approximate the actual probability (a sum) with the Viterbi(maximum probability) derivation:

P (etree, ftree) =
∑

d producesetree,ftree

P (d) ≈ max
d producesetree,ftree

P (d) (4.2)

Every new substitution site requires an additional rule to be added, but adjunction sites may or may not
introduce an additional rule, depending on the rule-specific Pifadj choice. This allows adjunction to represent
linguistic optionality. Figure 4.1 illustrates the probabilities used to generate a small sentence pair.

As an alternative generative story, we can replace step 3 above with the following step 3´:

3´. Handle adjunction. For the current ruler1:

(a) Decide adjoining pattern. Choose an adjoining pattern for the entire rule. Make this choice
with rule-specific probabilityPifadj(patternadjoin|r1). This pattern is the entire set of adjoining
decisions for the rule chosen all at once. For example, if a rule has two adjoining sites,a andb,
the possible patterns to be chosen from are{a ∧ b,¬a ∧ b, a ∧ ¬b,¬a ∧ ¬b}.

(b) Choose adjoining rules.For each adjoining sitesi,r1 selected for adjoining inpatternadjoin,
choose an adjoining ruler2. . . (the rest of 3´(b) is the same as 3(b) above)

The first story represents an independent decision model of adjoining where we assume each adjoining
decision has little effect on the others in the same rule. This assumption is simple and compelling, but not
necessarily an accurate reflection of what we see in actual data. The alternative story is a joint decision
model, where all adjoining sites are treated as related. However, this joint model is very difficult to directly
estimate from data, and does not easily generalize to unseenpatterns of adjoining. See Figure 4.2 for a
empirical comparison of the predictions of these two modelson actual data (using the extraction algorithm
in Chapter 5), and the resulting problems.

In our initial results (Section 6.1), we compare the performance of these two models (directly estimated
from observed data) as well as a linear combination of the two, and in our proposed work (Section 7.2) we
suggest investigation of richer models.

4.3 Decoding

Given a foreign stringf , the decoding problem is to find:

argmax
etree,

ftree ∈ yield−1(f)

λ1 log P (yield(etree)) + λ2 log P (etree, ftree) + . . . (4.3)
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STIG rule probability model

rule id source side target side

r0
TOP

X↓1

TOP

NP↓1
Psub(r0|〈TOP, TOP〉)

r1
Xa,b

X↓1

aNPb

NN↓1
Psub(r1|〈X, NP〉)

r2
X

AldfAE

NN

defense

Psub(r2|〈X, NN〉)

(independent) (joint)
Pifadj(adjoin|sitea, r1) Pifadj(a ∧ ¬b|r1)

Pifadj(¬adjoin|siteb, r1)

r3

X

X* X

X↓1

NP

JJ↓1 NP*
Padj(r3|dirRL, 〈X, NP〉)

r4
X

AlwTnY

JJ

national

Psub(r4|〈X, JJ〉)

derivation tree resulting tree pair

r0

r1

r2 r3

r4

⇐⇒

〈

TOP

X

X

X

AldfAe

X

X

AlwTnY

,

TOP

NP

JJ

national

NP

NN

defense

〉

Figure 4.1: Derivation process for a small training example. The probabilities listed in the right column of the table are
used to build up the trees synchronously using the rules shown in the left columns of the table. Below the derivation
tree and resulting tree pair are shown.
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X

aX

X↓2

X

X↓1

dXc,b

X↓3

⇐⇒

aS

NP↓1 Sb

VPc

VPd

VBD↓2

NP↓3

adjunction pattern data frequency model prediction
a b c d independent joint pattern independent joint pattern

25 15.2% 20.7%
X 20 2 3.0% 1.7%

X 79 26 28.5% 21.5%
X 52 13 11.4% 10.7%

X 10 1 1.4% 0.8%
X X 7 5.6% 5.8%
X X 1 2.3% 0.8%
X X 0 0.3% 0.0%

X X 31 21.5% 25.6%
X X 5 2.6% 4.1%

X X 0 1.0% 0.0%
X X X 6 4.3% 5.0%
X X X 3 0.5% 2.5%
X X X 0 0.2% 0.0%

X X X 0 1.9% 0.0%
X X X X 1 0.4% 0.8%

totals n/a 121 100% 100%

Figure 4.2: Frequencies of adjunction in real Arabic data compared to predictions from independent and joint models.
Unseen patterns are shown as frequency 0; predictions are listed as percentage chance such a pattern would be chosen
(no smoothing done). The independent model estimates its predictions using the data frequency of each independent
adjunction (or non-adjunction), while the joint pattern model is proportional to the frequencies of the joint pattern.
Note that in high frequency cases the joint and independent predictions are similar, but they differ in lower frequency
and unseen cases. The joint model will never predict unseen patterns. And the independent model sometimes predicts
less frequent combinations as more likely than those more frequent, e.g., it gives more weight toa alone (seen twice)
than to¬a ∧ b ∧ ¬c ∧ d (seen five times). Also, several unseen patterns are given more weight than those seen.

This is conceptually a monolingual parse using the foreign side of the translation rules, constraining the
search using non-terminal labels from both sides, while keeping track of the English side string and structure
for language modeling purposes. This produces all valid derivations of rules whose foreign side yield is the
input string, from which we simply choose the one with the highest log-linear model score. However, there
are reasons why a standard TIG parsing algorithm cannot directly be used. First, the rules are not binary, and
many current TIG parsers assume binary structured trees (Nesson et al., 2006). Secondly, even those that
handle general-form TIG (Schabes and Waters, 1995) are not set up for progressive language model scoring:
we want to score an n-gram language model as early as possibleduring the parsing search process to avoid
search errors, which adds extra constraints (and an additional polynomial computational complexity factor)
to the parsing algorithm. CFG-based MT decoders, on the other hand, are not appropriate because they do
not allow adjoining at all.

Though parsing could be done using a specialized parsing algorithm, and we plan to explore this (pro-
posed work Section 7.1), we note that the STIG rules have weakly equivalent counterparts in the Syn-
chronous Tree Substitution Grammar (STSG) and Tree-to-string transducer worlds, such that each STIG
rule can be translated into one equivalent rule, plus some helper rules to model the adjoin/no-adjoin deci-
sion. Conversion to a better known and explored formalism allows us to take advantage of existing code and
algorithms. Here we describe the conversion process to extended linear non-deleting top-down tree-to-string
transducer (xLNTs) rules, though conversion to STSG is similar.

Figure 4.3 shows the results of conversion for rulesr1 andr3 from Figure 4.1. Note that ruler1 becomes
five xLNTs rules: one main rule (top) and four helper rules, a pair for adjunction sitea and a pair for site
b. The main rule’s left hand side corresponds to the English tree, with the children in English yield order:
x0 representing the location of any trees adjoined at sitea, x1 representing the NN substitution site, and
x2 representing the location of any trees adjoined at siteb. The right hand side has three variables in the
foreign tree’s yield order: firstx1 (the NN substitution site) thenx0 andx2 for the adjunction sitesa andb.
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r1:
Xa,b

X↓1
⇐⇒

aNPb

NN↓1

Psub(r1|NP ) = 10−3

Pifadj(a|r1) = 0.6
Pifadj(b|r1) = 0.2

→






qX.NP .NP

x0 x1 x2

10−3

⇐⇒ qX.NN .x1 qr1.a.x0 qr1.b.x2

qr1.a.X-NP-RL

x0

0.6
⇐⇒ qX.NP.RL.x0

qr1.a.X-NP-RL

ǫ

0.4
⇐⇒ ǫ

qr1.b.X-NP-RR

x0

0.2
⇐⇒ qX.NP.RR.x0

qr1.b.X-NP-RR

ǫ

0.8
⇐⇒ ǫ






r3:

X

X* X

X↓1

⇐⇒
NP

JJ↓1 NP*

Padj(r3|NP ) = 10−2

→




qX.NP.RL.NP

x0

10−2

⇐⇒ qX.JJ .x0






Figure 4.3: STIG to xLNTs conversion of rulesr1 andr3 from Figure 4.1 according to Algorithm 1.

The probability of this main rule is the same asPsub. The helper rules for sitea both have the same start
state,qr1.a, as thex0 variable in the main rule, which ties these helper rules to that particular site on that
particular rule. The first helper rule has a right hand side looking for a rule with start stateqX.NP.RL, an NP
adjoining rule that attaches to the right on the foreign sideand the left in English—note thatr3 is such a
rule, and its converted rule has that start state. The secondhelper rule has an epsilon on the right hand side,
which corresponds to no adjoining. The probabilities of thehelper rules correspond exactly to thePifadj

probabilities and their complements.

Continuing with Figure 4.3, adjoining ruler3 has a relatively simple conversion because there are no
adjoining sites. It converts to one rule, which is looking for a place to adjoin on the left hand side, and
looking for a JJ substitution rule on the right hand side. Notice all foot nodes have been eliminated, as the
direction information has been encoded in the start state ofthe rule. The probability of the converted rule is
equal toPadj for that rule.

Algorithm 1 describes the process of converting one of our automatically learned STIG rules. On each
side of the rule, we traverse the tree in a top-down, left-to-right order, recording words, substitution sites,
and adjoining sites in the order encountered (left adjoinings before the node’s children and right adjoinings
after). We make these words and sites into children under a single root node. Adjoining sites become leaves
with states made up of a combination of the rule id and a site id. To allow for the adjoining/no-adjoining
decision, two helper rules are created for each adjoining state combination of rule and site id. One of
these rules has only epsilon leaf nodes (representing no adjoining), while the other has a leaf node and a
state constructed of the site’s source and target labels andthe direction class. Adjoining rule roots are then
given states that match this same combination of the source and target root labels and the direction class.
Substitution rule roots are given states made up of a combination of their source and target labels so that
they match with the correct substitution sites, which are also given states constructed of that combination.

For each rule, the algorithm generates one main rule and a pair of helper rules per adjunction site
to facilitate adjoining/non-adjoining. For computational efficiency reasons, our decoder does not support
epsilon rules. So we remove epsilons using an exponential expansion of the main rules: combine each main
rule with either the adjoining or non-adjoining helper ruleat each adjunction site, then remove epsilon-only
branches. Figure 4.4 shows the result of this process for theset of rules resulting fromr1 in Figure 4.3. For
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Input : Synchronous TIG ruler with j adjoining sites,S ↔ T , whereS andT are the source and
target language trees, respectively

Output : a weakly equivalent main xLNTs ruleT ′ ↔ s1 . . . sn and2j helper rules for adjoining,
whereT ′ is a one-level target language tree ands1 . . . sn is a source language string

Run time: O(|S|+ |T |)
begin

rules← {}, lhs-state← concat(‘q’, get-root(S), get-root(T ))
site-and-word-list-s← get-sites-and-words-in-order(S)
site-and-word-list-t← get-sites-and-words-in-order(T )
if r is adjoiningthen lhs-state← concat(lhs-state, get-adjoin-dir(S), get-adjoin-dir(T ))
lhs← construct-LHS(lhs-state, get-root(T ), site-and-word-list-t)
rhs← construct-RHS(add-states(id(r), site-and-word-list-s))
add(rules, ‘lhs↔ rhs’) / * main rule * /
foreach adjoining sitei ∈ 1 . . . k do

lhs-root← concat(source-label(i), target-label(i), source-dir(i), target-dir(i))
lhs-state← concat(‘q’, id(r), i), rhs-state← concat(‘q’, lhs-root)
lhs← construct-LHS(lhs-state, lhs-root,x0), rhs← construct-RHS({(rhs-state,x0)})
lhs-eps← construct-LHS(lhs-state, lhs-root,ǫ), rhs-eps← construct-RHS({ǫ})
add(rules,{‘lhs↔ rhs’, ‘lhs-eps↔ rhs-eps’}) / * helper rules for site i * /

return rules
end
function get-sites-and-words-in-order(node)

y ← {}
if node is substitution site or wordthen append site or word toy else

append left adjoining sites toy in outside-to-inside order
foreach child c of nodedo append result ofget-sites-and-words-in-order(c) to y
append right adjoining sites toy in inside-to-outside order

returny
end
function add-states(ruld-id, node-list)

foreach substitution or adjunction sitei in node-listdo
if i is substitution sitethen state = concat(‘q’, source-site-label(i), target-site-label(i))
elsestate = concat(‘q’, rule-id,i)
replacei with (state,i) in node-list

return modified node-list
end

Algorithm 1 : Conversion from synchronous TIG rules to weakly equivalent xLNTs rules
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adj. pattern expanded xLNTs rule probability

a ∧ b:

qX.NP .NP

X-NP-RL

x0

x1 X-NP-RR

x2

⇐⇒ qX.NN .x1 qX.NP.RL.x0 qX.NP.RR.x2 10−3 · 0.6 · 0.2 = 1.2 · 10−4

¬a ∧ b:

qX.NP .NP

x1 X-NP-RR

x2

⇐⇒ qX.NN .x1 qX.NP.RR.x2 10−3 · 0.4 · 0.2 = 0.8 · 10−4

a ∧ ¬b:

qX.NP .NP

X-NP-RL

x0

x1 ⇐⇒ qX.NN .x1 qX.NP.RL.x0 10−3 · 0.6 · 0.8 = 4.8 · 10−4

¬a ∧ ¬b:
qX.NP .NP

x1

⇐⇒ qX.NN .x1 10−3 · 0.4 · 0.8 = 3.2 · 10−4

Figure 4.4: Expansion of converted rules forr1 (see Figure 4.1 and 4.3) to remove epsilons. Fork = 2 adjunction
sites, we have2k = 22 = 4 resulting rules.

k adjunction sites this could possibly results in2k expanded rules. But as we will discuss in Section 5.3, we
currently only allow subsets of adjoining combinations seen in training data, so this number is substantially
lower for large values ofk.

These expanded rules can now be decoded directly using a transducer-based decoder. The resulting
derivation trees are isomorphic to the derivation trees which would have been produced by direct decoding,
the target side yields are identical, and the model scores are also the same. Thus we now have a method
of decoding with this tree-adjoining model and will next turn our attention to extraction of these rules from
training data.

27



Chapter 5

Automatic Extraction from Large-scale
Data

In Chapter 4, we described the tree-adjoining MT rules, a statistical model for these rules, and a method of
translating foreign sentences with these rules, but we deferred discussion of where we obtained these rules,
only claiming that they would be extracted from parallel data. But there are many possible ways to explain
parallel data with these translation rules, using rules of varying form and size.

If the complete grammar were known and our only problem was the assigning of probabilities, as in
ITG (Wu, 1997) or the STIG rules of Nesson et al. (2006), we could bilingually parse our training data
and use a machine learning technique such as EM (Dempster et al., 1977) to find the maximum likelihood
probabilities. But, as with most statistical MT models (including phrase-based and syntax based models),
we want to automatically learn the form and size of our rules from the data as well as the probabilities.

The fact that our rules are similar to the syntax-based GHKM rules of Galley et al. (2004) gives us our
inspiration. The GHKM algorithm extracts a unique derivation tree of minimally-sized rules that explain
the data given the constraints of word-alignment and a parsetree on the English side. We cannot directly
use the GHKM method, because the kind of rules we are extracting are more sophisticated—we allow both
adjunction and substitution, moreover, adjunction is optional. Instead, we propose a three-step process to
extract STIG rules from a word-aligned, parallel corpus, with a GHKM-like step at its core:

1. Transform the English string into a TIG derivation tree.

2. Extract minimally-sized rules from this derivation treeand the foreign string, constrained by the align-
ments (analogous to Galley et al. (2004)).

3. Learn the probability modelsPsub, Padj , andPifadj by collecting counts over these extracted rules and
normalizing appropriately. To allow for optional adjoining, we generalize the rules with respect to the
adjoining links.

This method is quick enough to allow us to scale our learning process to large-scale data sets. In the
following sections, we describe each of these steps in detail.

5.1 Building the English TIG Derivation

By using a tree adjoining grammar, we hope to infuse information into our grammar about the makeup of a
good English sentence. For example, consider phrases involving the word give:
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S

ADVP , NP VP .
(a)
=⇒

S

ADVPO ,O NPR VPH .O
(b)
=⇒

S

ADVP , NP VP .

Figure 5.1: Parse tree to TIG transformation: (a) mark constituent children with (H)ead, (R)equired, and (O)ptional,
then (b) restructure the tree so that head and required elements are substitutions, while optional elements are adjoined
(shown with dotted lines).

give X to Y yesterday (grammatical)
give X to Y (grammatical→ ‘yesterday’ is optional)
give X (ungrammatical→ ‘to Y’ is required)

The phrase ‘give X to Y yesterday’ is grammatical, as is ‘giveX to Y’, but not ‘give X’. Thus we conclude
that yesterday is an optional modifier expressing a detail, while the prepositional phrase ‘to Y’ is required
for grammaticality. We want to encode this optional vs. required distinction into our training data.

Starting with a constituent parse of each English sentence,we mark the head constituent and all gram-
matically required constituents, then mark all other constituents as optional modifiers. The head and required
constituents become substitutions in the grammar, while the optional constituents are split off into separate
adjoined trees (see Figure 5.1 for an illustration).1 Notice that this process operates only on the English side
of the grammar. Later, when extracting, we will infer structure on the foreign side from both the English
structure and the reordering implied by the alignments.

The decision of which constituents are optional and which are required has a large impact on the resulting
tree insertion grammar and thus on the bilingual STIG. As Chen and Vijay-Shanker (2000) report, this
decision affects both the generality of the grammar—how well the resulting grammar is able to parse unseen
data—and the size of the grammar in number of rules. As a baseline we use the head and complement
rules developed by Collins (2003), marking all heads, marking all complements as required, and marking
everything else as optional. Improving on this baseline is an area rich for exploration, and we consider
several enhancements to this baseline in our proposed work (Section 7.2).

Once the constituents are marked, we introduce the substitution and adjunction relations that make up
a TIG derivation. We first restructure the tree using head-out binarization as discussed in Section 3.2. We
also add an extra node above the head constituent,2 even when the tree structure is already binary. This
is followed by excising3 any binarized branches where the children were marked as optional and replacing
them with an adjunction site, as shown in Figure 5.2. Then allof the original children in the tree—those not
created by the binarization process—are split into two nodes linked by substitution: a substitution site and
a root node of a new initial tree. Figure 5.3 shows an example binarized parse tree and the resulting TIG
derivation.

As Figure 5.2(b) depicts, we excise a sequence of binarized optional children as one initial adjunction
site with each subsequent optional child adjoined to the previous child in a chain. The implication of
these chains of adjunction is that much optional material isadjoined directly to previous optional material,
analogous to the Markovization commonly found in many state-of-the-art parsers. While this serial kind
of adjunction is reasonable in cases where the siblings are related, e.g., a chain of adjectives, sometimes
multiple adjunctions are clearly independent of each other. In our proposed work (Section 7.2), we will

1A similar transformation has been investigated by Xia (1999), Chen and Vijay-Shanker (2000), and Chiang (2003), all of
whom were automatically extracting a monolingual Tree Adjoining Grammar from an existing constituency treebank. Though all
the methods differ in the details, the method presented hereis inspired by this earlier work.

2e.g., an NP' above the head of an NP
3Excising is the opposite of adjoining: extracting out an auxiliary rule from a tree to form two smaller trees.
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NT1

NT1'

ABC

NT2

XYZ

=⇒

NT1

ABC NT1

NT1* NT2

XYZ

NT1

NT3

XYZ

NT1'

NT2

DEF

NT1'

ABC

=⇒

NT1

NT1

NT1

NT3

XYZ

NT1*

NT2

DEF

NT1*

ABC

(a) excising one optional child (XYZ) (b) excising a series of optional children (DEF, then XYZ)

Figure 5.2: Two examples of excising auxiliary trees from a head-out binarized parse tree (head children marked in
bold, all other children optional, binarized nodes marked with abar '): (a) excising one optional right branch, (b)
excising a chain of optional branches in the same direction (left) into a series of adjunctions.

consider several models allowing adjunction in parallel, i.e., independent adjunctions at the same location on
the base tree. We also model cases where an adjoining requires a sibling to be grammatical, e.g., conjunction:
‘X’ or ‘X and Y’ are okay, but not ‘X and’.

5.2 Extraction of Adjoining-annotated rules and derivation forests

At this point we now have a TIG derivation tree such as the one at the bottom of Figure 5.3, where each
elementary tree is attached to its parent by a substitution or adjunction link. We now extract the synchronous
rules allowed by the alignments and syntactic tree structure using a method inspired by the rule extraction
approach of Galley et al. (2004), but processing the EnglishTIG derivation tree instead of the parse tree.
In bottom-up fashion, we visit each elementary tree in the derivation, allowing a rule rooted at this tree
to be extracted if the alignments permit it. In particular, if the words in the elementary tree and those of
its descendants are aligned such that they are the English side of a self-contained parallel phrase (i.e., the
foreign text of this phrase is only aligned to English leavesin the tree and its descendants and vice versa)
then we consider this tree as extractable. Otherwise, the elementary tree is re-joined with its parent to form
a larger elementary tree and the derivation tree is suitablymodified. Figure 5.4(a) shows a training pair with
circles around the root nodes of extractable trees (before merging the unextractable trees).

There is one other case where a node might not be extractable:it is possible to have a substitution tree
on the English side with no aligned words, and having only adjoined children. This may lead to rules with
no foreign non-terminal from which to anchor the adjunctions, so in this case, we attach adjoined child
elementary trees starting from the head and moving out untilwe attach some child with an aligned word or
substitution site. If none are found, this node is marked as not extractable.

We now have marked each derivation tree node (i.e., elementary tree) as extractable or merged it with its
parent. Each of these extractable nodes becomes the Englishside of a rule in the new synchronous grammar.
Each substitution or adjunction link becomes a substitution or adjunction site at the same position in the
rule’s English side tree. We will now construct the foreign side of each rule in such a way that our derivation
tree will work bilingually: it will not only reconstruct theEnglish tree, but will also synchronously build a
foreign tree whose yield is the original foreign sentence.

To create the foreign side of a rule, we start with the foreigntext of the self-contained parallel phrase and
replace any parts of this phrase already covered by substituted rules with substitution sites and those covered
by adjoined rules with adjunction site markers. From this, we produce a tree with a simple, regular form
by placing all items under a root node labeled X. To allow for adjunction between the anchoring items, i.e.,
the substitution sites and words, we introduce an intermediate level of X-labeled non-terminals as parents
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S

CC

but

S'

ADVP

RB

here

S'

ADVP

RB

too

S'

NP

DT

the

NP'

NN

world

S'

S'

VP

VP'

VP'

VBZ

is

RB

not

NP

DT

the

NP'

JJ

same

.

.

↓

S

CC↓

CC

but

S*

S

ADVP↓

ADVP

RB↓

RB

here

S*

S

ADVP↓

ADVP

RB↓

RB

too

S* NP

DT↓

DT

the

NP*

S

NP↓

NP

NN↓

NN

world

S

VP↓

VP

VP

VBZ↓

VBZ

is

VP

VP* RB↓

RB

not

NP

DT↓

DT

the

NP*

NP↓

NP

JJ↓

JJ

same

S

S* .↓

.

.

Figure 5.3: A binarized tree converted to a TIG derivation tree. Heads are marked inbold and required nodes are
italicized. Notice the adjoining chains in the baseline method: ‘but’ is adjoined to ‘here’, which is adjoined to ‘too’,
and so on. Grammatically, ‘too’ seems to require ‘here’ as a sibling, but that isn’t modeled by this method.
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X

a,cX

X↓2

X

X↓1

Xb

X↓3

⇐⇒

aS

NP↓1 Sb

VP

VPc

VBZ↓2

NP↓3

X

aX

X↓1

X* ⇐⇒
aS

ADVP↓1 S*
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X

X

X↓1

X* ⇐⇒
S

CC↓1 S*

X

lkn

⇐⇒
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X

X↓1
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ADVP

RB↓1
2×

X

hnA

⇐⇒
RB

here

X

AyDA

⇐⇒
RB

too

X

X* X

X↓1

⇐⇒
S

S* .↓1

X

.

⇐⇒
.

.

X

X

X↓1

X* ⇐⇒
VP

VP* RB↓1

X

lm

⇐⇒
RB

not

X

AlEAlm

⇐⇒

NP

DT

the

NP

NN

world

X

yEd

⇐⇒
VBZ

is

X

* Ath

⇐⇒

NP

DT

the

NP

JJ

same

Figure 5.4: (a) the extractable nodes for a particular training sentence (those with the root circled), and (b) the resulting
rules.
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of each item, to which we attach the adjoining site markers.4 Adjunction sites to the left of an anchoring
item attach to its parent on the left side, likewise those to the right attach on the right side of the parent. In
cases where attachment could go either direction, we use thefollowing heuristic: all foreign-side adjoining
sites are left adjoining, except on the right side of the right-hand child.5 As a last step, for adjoining rules
only, we add a foot node as the very left or right child, depending on the direction of foreign adjunction.
See Figure 5.5 for a diagram of this process for a single rule in the middle of a derivation tree. Figure 5.4(b)
shows the set of rules extracted from the training sentence in 5.4(a).

This procedure has the result that all foreign words within the parallel phrase—whether originally
aligned to English parts of the phrase or not—will end up in the extracted rule unless they were already
included in a previously extracted child rule. As a baselinepolicy, we attach unaligned words at the highest
possible rule, rather than allowing them to attach to the left or right of a child’s foreign side. For example,
consider unaligned wordf6 from Figure 5.5. It ends up as a part of the foreign side for ourVP substitution
rule, but it could also arguably attach as the last word of thechild V rule or as the first word of the VP
adjoining rule. We consider policies allowing these other attachments in the proposed work (Section 7.3).

5.3 Learning Probability Models and Generalizing Rules with Respect to
Adjoining

The extraction process results in both a set of rules for eachtraining example and a single derivation tree
of how those rules work together to form the original training example. If instead our extraction process
allowed for multiple options—producing a derivationforest rather than a tree—to explain the training ex-
ample, we could use a machine learning approach such as inside-outside (Baker, 1979; Lari and Young,
1990) to assign probabilities. With a single derivation, however, the maximum likelihood probability model
is straightforward to compute using relative frequency estimation. By counting rules over the entire corpus,
then normalizing appropriately on the conditioning factors, we can estimate thePsub and Padj distribu-
tions. However, recall that the probabilityPifadj , used to decide whether to adjoin or not, is a rule-specific
probability, which makes it more difficult to estimate accurately. We will focus most of this section on the
estimation ofPifadj .

When extracting rules, we observe the same rule with different patterns of adjoining. For example, recall
“the palestinians” rule from the introduction—we observe it both with and without an adjoining modifier
(e.g., “three” or “unified”). To build a rule with all appropriate adjunction sites and to capture the optional
nature of adjunction accurately, we keep track of the position and frequency of all observed patterns of
adjoining. Then we can use relative frequency to estimate both the joint and independent models forPifadj .
See Figure 4.2 for an example of this estimation.

There are two related problems with this method of estimation: low-frequency rules and unseen combi-
nations of adjoining. Consider the low frequency situationdepicted in Figure 5.6, cases (d)-(f). Suppose we
have seen this rule four times, once with adjoining sitesa andb, twice with adjoining sitea alone, and once
with a third adjoining sitec. The joint model will give a zero probability to unseen patterns of adjoining, e.g.,
no adjoining at any site or adjoining at siteb alone. Even if we use a discounting method to give a non-zero
probability to unseen cases, the joint model has no way to distinguish one unseen case from another.

On the other hand, the independent model will suggest that site a is present 75% of the time, while sites
b andc are present 25% of the time. This will distinguish between some of the unseen cases, but it gives the
seen combination ofa andb the same probability as the unseena andc. Because both models have strengths
and weaknesses, we use a linear combination of the models. Two binary features control the relative weight
between them, one indicating adjoining patterns seen in data and one indicating previously unseen patterns.

4We remove the unnecessary root-level X on substitution rules with only one anchoring item.
5Instead of left and right, technically we mean before and after, independent of script direction.
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There is another problem with the unseen combination of sitesa andc. Based on the data, we don’t know
if sites a andc should ever be used at the same time or not. Moreover, if used together, should sitea be
adjoined before or after sitec on the English side?6 Even when frequent rules have multiple adjoining sites
(10 or 20 in some cases), some combinations will never be seentogether. To reduce the number of invalid
combinations and orderings produced, we only allow adjoining sites to be used at the same time if they have
occurred together in the training data. This restriction makes it possible for a rule to allow less adjoining
than observed, but not more. For the example rule in Figure 5.6, we would allow adjoining according to
the observed patterns, in addition we would the unobserved patterns of siteb alone and no adjoining, but
we would not allow combinations of sitec with eithera or b. As discussed at the end of Chapter 4, this
restriction also makes the decoding process more efficient.In our proposed work (Section 7.3), we will
investigate lifting this restriction. We also propose to learn adjoining patterns for low-frequency rules from
higher-frequency ones (e.g., “the rastafarians” can learnabout adjoining from “the palestinians”).

To properly learn non-zero probabilities for unseen cases7 we use addk smoothing (k = 1
2 ) on the

independent model. We believe the relative weight featuresare sufficient for smoothing the joint model, so
we use no additional smoothing.

Figure 5.7 shows the 10 rules we learn to translate总理 to prime minister , as compared to 45
learned GHKM on the same data (see Figure 3.2). The top two rows are adjoining rules, while the next
two rows are substitution rules expecting other adjoinings. Note that those on the right and left are largely
the same rule except for the part-of-speech tags. The bottomtwo rules are larger, less desirable rules likely
resulting from alignment errors. Figures 5.8 and 5.9 show some other interesting rules extracted.

6Sitesb andc present the same problem on the foreign side.
7For example, low frequency rules may have always been observed with a single adjoining pattern, and never without adjoining.
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Figure 5.5: The foreign side of the English VP tree is constructed for the span covered by (1) any aligned foreign
words (here none) and (2) the rule’s extracted children (here the V and NP substitution trees and the VP adjoining
tree). In this case, the span isf5–f10. Each of those covered elements (here two substitution sites and an adjunction
site, and any unaligned words in that span (in this case,f6), become part of the foreign side tree in foreign side order.
Note the English right adjoining child at sitea becomes left adjoining on the foreign side.
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Figure 5.6: For a low frequency rule, we may see only a few different adjoining patterns, but we want to infer more.
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Figure 5.7: A list of rules that translate总理 to prime minister with their frequencies. We only learn 10 STIG
rules as compared to 45 for GHKM on the same data (see Figure 3.2). The top two rows are adjoining rules, while
the next two rows are substitution rules expecting other adjoinings. Note that those on the right and left are largely the
same rule except for the part-of-speech tags. The bottom tworules are larger, less desirable rules likely resulting from
alignment errors. 36
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Figure 5.8: Rules that translate to “take part” with frequency > 1 (15 in all). Note the similarity of the English trees.
For the remaining 27 count 1 rules, the English tree displaysmore variation, possibly due to data errors. The foreign
side differences are mostly due to morphological variation.
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Figure 5.9: The ten most frequent rules (with their frequencies) extracted from the training data given in Section 6.1.
Note that most are non-lexical, except for the very common period and “and” rules.
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Chapter 6

Initial Results

Using the techniques from Chapters 4 and 5, we build an end-to-end statistical MT system for a medium-
scale Arabic-English task and a medium-scale Urdu-Englishtask. For the Arabic-English task, we also build
a fair baseline system with no adjoining (using the GHKM rules of Galley et al. (2004)), as well as a few
variations on our adjoining models. The Urdu-English system is externally evaluated in the NIST 2009 MT
evaluation. We describe each of these tasks briefly, with quantitative results.

6.1 Arabic-English Task

All experiments for the Arabic-English task are trained with a subset (171,000 sentences or 4 million words)
of the Arabic-English training data from the constrained data track of the NIST 2008 MT Evaluation, leaving
out LDC2004T18, LDC2007E07, and the UN data. The training data is aligned using the LEAF technique
(Fraser and Marcu, 2007). The English side of the training data is parsed with an implementation of Collins
Model 2 (Collins, 2003) then head-out binarized. The tuningdata (1,178 sentences) and devtest data (1,298
sentences) are made up of newswire documents drawn from the NIST MT evaluation data from 2004, 2005,
and 2006 (GALE part). We use the newswire documents from the NIST part of the 2006 evaluation data
(765 sentences) as a held-out test set.

We train our feature weights using max-BLEU (Och, 2003) and decode with a CKY-based decoder that
supports language model scoring directly integrated into the search.

In addition toPsub, Padj , andPifadj , we use several other features in our log-linear model during decod-
ing, including: lexical and phrase-based translation probabilities, a model similar to conditional probability
on the trees (P (ftree(rule)|etree(rule))), a probability model for generating the top tree non-terminal, a
5-gram language model1, and a target length bonus. We also have several binary features—lexical rule,
rule with missing or spurious content words—and several binary indicator features for specialized rules:
unknown word rules; name, number, and date translation rules; and fail-safe monotone translation rules in
case of parse failures and extremely long sentences.

Table 6.1 shows the comparison between our baseline model and different models of adjoining, mea-
sured with case-insensitive, NIST-tokenized BLEU (IBM definition). Line 1 is our baseline: minimal GHKM
rules extracted from head-out binarized parse trees, trained on all above features except for the adjoining-
related ones. The rest of the top section (lines 2–4) compares the joint and independent adjoining probability
models and seen vs. unseen adjoining combinations. While the joint model results in a BLEU score at the
same level as our baseline (line 2), the independent model (line 4) improves BLEU by +0.5/+0.6, which
are significant differences at the 95% confidence level. Since with the independent model we can assign a

1The 5-gram LM was trained on 2 billion words of automaticallyselected collections taken from the NIST 08 allowable data.
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BLEU

description DevTest NIST06

(1) baseline: no adjoining (GHKM minimal, head-out binarized parse trees) 48.0 47.0
(2) joint adjoining prob model alone (only observed adjoining patterns) 48.0 46.6
(3) independent adjoining prob model alone (only observed adjoining patterns) 48.1 46.7
(4) independent adjoining prob model alone (with new adjoining patterns) 48.5 47.6
(5) independent model alone + features (adjoining pattern,direction) 48.4 47.7
(6) log-linear combination of joint & independent models + features 48.7 47.8

Table 6.1: End-to-end MT results for the Arabic-English translation task show that the best adjoining model using a
log-linear combination of joint and independent models (line 6) outperforms the baseline (line 1) by +0.7/+0.8 BLEU,
a statistically significant difference at the 95% confidencelevel.

meaningful probability to unseen adjoining patterns2 we want to separate the contribution of the model from
the contribution of the new patterns. So we use the independent model with only previously seen adjoining
patterns (line 3) as a fair comparison to the joint model. Theinsignificant difference in BLEU between lines
2 and 3 leads us to think that the new adjoining patterns are where the improvement comes from, rather than
the independent probability model alone.

We also test several other features and combinations. First, we add two additional binary features:
one indicating adjoining patterns seen in data and one indicating previously unseen patterns. We also add
features to indicate the direction class of adjoining to test if there is a systematic bias toward particular
directions. These features cause no significant differencein score when used with the independent model
alone (line 5). As a final experiment, we add the joint-adjoining probability as a feature, allowing it to be
combined in a log-linear fashion with the independent probability (line 6). This results in our best BLEU

gain on Arabic-English: +0.7/+0.8 over our non-adjoining baseline.

6.2 Urdu-English Task

The tree-adjoining MT system for the Urdu-English task is created using the same techniques as the best
STIG system for the above Arabic-English task, i.e.,Pifadj is a linear combination of the joint and indepen-
dent models, binary indicator features are used to assign relative weight, all features are trained with MERT.
Comparable systems are trained for three other models in thecourse of preparing for the evaluation: GHKM,
a syntax-based MT system (Galley et al., 2004); Hiero, a hierarchical phrase-based system (Chiang, 2007);
and ATS, a standard phrase-based system (Och and Ney, 2004).

All Urdu-English systems are trained on the Urdu-English constrained data of the NIST 2009 MT Eval-
uation (166,000 sentences, 1.6 million words). The training data alignments are generated using IBM Model
4 (Brown et al., 1993) after truncating words to the first fourcharacters only (in both languages). The En-
glish side of the training data is parsed in the same way as theprevious task. We split the NIST 08 official
test set in half to create our tuning data (923 sentences) andour devtest data (938 sentences). The NIST 09
official test set (1,842 sentences) functions as our held-out test set.

The results in Table 6.2 show that our STIG system comes in second place behind the syntax system, but
ahead of Hiero and the PBMT system. In fact, our system was in second place out of all eleven single-system
submissions to NIST 2009. The syntax system in this evaluation represents the best possible competitor,
and has several advantages over our STIG system, including composed rules (see Chapter 3) and EM-
binarization (Wang et al., 2007). Analogues to each of theseadvantages are proposed work (see Sections 7.3
and 7.2).

2only subsets of previously seen combinations
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BLEU

system DevTest NIST09

GHKM 28.0 31.2
STIG 26.0 29.9
Hiero 25.2 28.1
ATS 22.0 24.2

Table 6.2: Internal devtest and external NIST 09 comparisonbetween different Statistical MT methods. Note that
the STIG system is close (within 1-2 BLEU points) to the performance of the first place syntax-based system, even
thought that system has several advantages not yet implemented for STIG. Scores calculated for the NIST 09 data are
computed by NIST and are currently designated as ‘unofficial’.
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Chapter 7

Proposed Work

This research centers around three proposed contributions:

1. An aesthetically desirable, efficiently decodable, linguistically rich, synchronous tree adjoining sta-
tistical MT model

2. An algorithm to learn such a model from large-scale training data and methods to efficiently decode it

3. An exploration of translation model variations for different language pairs and data sizes, with end-
to-end results that outperform current state-of-the-art syntax-based MT

So far we have presented a new statistical, linguistically-informed, syntax-based MT model using tree
adjoining. We have described a method to translate using this model. We have given a novel method for
learning the rules and probabilities for these rules. And wehave demonstrated that linguistically-motivated
adjoining improves end-to-end MT results.

Of the many potential directions for research to proceed, there are three that naturally follow the lines
of our investigations so far. We propose to investigate two promising methods to increase the efficiency
of decoding using these rules while decreasing search errors. We also propose to examine alternatives for
extracting these rules, particularly focused on the questions of what to adjoin and how adjunctions are related
to each other. And we propose to investigate some model improvements suggested by our current analysis
as well as experience in improving other syntax-based models. All of these investigations will be explored
both qualitatively—using visualization and analysis tools—and quantitatively—measuring end-to-end MT
results with BLEU. In the following sections, we describe each of these directions in more detail, then
conclude with a schedule of work.

7.1 Proposed Efficient Decoding Methods

As discussed in Sections 4.3 and 5.3, our current decoding method requires us not only to convert out of our
native grammar, but also to remove all the epsilons added to the grammar by this conversion process for each
decision to not adjoin. This results in a potentially exponential blow-up in the number of rules the decoder
actually receives. As an alternative to this, we could adaptthe extended CKY parsing algorithm to directly
decode the tree-adjoining rules without conversion. Extended CKY is a variation of the standard CKY
algorithm (Cocke and Schwartz, 1970; Kasami, 1965; Younger, 1967) that uses Earley-style dot parsing
(Earley, 1970) to lift the binarized rule requirement normally associated with CKY. This algorithm will
allow us to do a formal analysis of the complexity of translation under our framework without dealing with
the complexity of conversion. Even if this does not lead to higher efficiency, it is instructive to have a direct
decoding algorithm for theoretical and quantitative comparison.
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Figure 7.1: The current algorithm does not extract the desired rules to translate ‘AlflsTynywn AlvlAvp ’ into “the
three palestinians”. On the left is the training data and on the right are the resulting rules. Root nodes with solid circles
are extractable, but those with dotted circles are unextractable due to the 2-to-1 alignment. The fact that node B is
unextractable is particularly vexing.

Binarization of rules has an advantage besides usability with CKY. When binarization is done syn-
chronously using the ITG constraint (Wu, 1997), it can allowthe language model to be evaluated at a
fine-grained level during the search process, leading to reduced search errors in a beam-search style parser
(Zhang et al., 2006). So we propose to investigate a method ofdirectly binarizing our adjoining rules with
the ITG constraint, but with consideration of adjoining’s optionality, so that the total number of binary rules
produced from a single full rule is linear or at worst polynomial, but not exponential. The idea is to build
up a rule as a sequence of single decisions to adjoin or not, introducing a linear factor in the number of
adjunctions, while also paying attention to word alignments and ITG constraints.1

7.2 Proposed Methods to Extract Grammar from Parallel Data

One contribution of this proposal is a novel method for extracting tree-adjoining MT rules from large-scale
training data. In our initial results, this method has not reached its full potential for extracting the ideal
rules an adjoining model allows. In fact, our running example of “the palestinians” is a victim of our
extraction algorithm. Recall Figure 1.1(c), where we show the adjoining rule looking for a modifier, and a
numeric modifier rule. In fact, the rules currently extracted by our algorithm are not as desirable. Figure 7.1
shows that the numeric modifier is unfortunately represented as a substitution site, no better than GHKM’s
treatment. This is due to a bad interaction between our adjunction attachment policy and the alignment.
Both ‘the’ and ‘palestinians’ are aligned to the Arabic word‘AlflsTynywn ’, so the DT modifier cannot
be extracted as a rule. Since the DT modifier (node A) is an adjoining child of the CD modifier (node B),
the extraction algorithm attaches it to the CD modifier, and then decides it, too, is not extractable. Thus only
the parent NP (node C) and CD-rooted node are extractable.

There are a number of ways to investigate alternative extraction methods. We propose to focus our
exploration around two key questions:

1DeNero et al. (2009) argue that asynchronous binarization can be nearly as effective as synchronous binarization, which gives
us another possible avenue of exploration.
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this resulted *
this resulted in 22
this resulted in 22 dead
this resulted in 22 dead and *
this resulted in 22 dead and than *
this resulted in 22 dead and more than *
this resulted in 22 dead and more than 30 *
this resulted in 22 dead and more than 30 wounded
this resulted in 22 dead and more than 30 wounded .

Figure 7.2: One visualization we use for data-driven development of required vs. optional rules. The monolingual
English TIG derivation is traversed, and the yield is printed without any optional modifiers. Then as each optional
modifier is added the sentence is printed again. This gives usa lot of insight into our model. For example, problematic
sentences (marked with* ) indicate a place where our model considers something to be optional when it is actually
required in the context.

• what should be adjoined?

• how are those adjoinings related to each other?

We will discuss our plans related to each of those questions in turn.

What should be adjoined?

Our adjoining model produces ungrammatical output becauseoptionality allows too much freedom in some
cases while restricting it too much in other cases. We plan toinvestigate three methods to make a better
optional vs. required decision:

• hand-developed rules using data-driven analysis (see Figure 7.2 for an example analysis)

• the use of linguistic resources, e.g., COMLEX or PropBank annotated corpora

• machine learning of required/optional structure (similar to EM-binarization)

We will also consider excising other natural structures from the tree (e.g., auxiliary verbs, structured NPs),
as done by Chen and Vijay-Shanker (2000) for parsing, investigating the impact of this on MT quality.

How are those adjoinings related to each other?

Some adjoinings are relatively independent of each other (e.g., determiner vs. adjective), while others are
strongly tied (e.g., conjunctions and lists, auxiliary verb structure, internal adjective structure of nouns).
Currently we convert each English parse tree to a TIG using a simple structural model of adjunction, where
each adjoined modifier attaches to the previous one. While decoding, adjunction is locally controlled via the
simple independent and joint models forPifadj .

More sophisticated models may better model real language. These models may be structural, where we
adjust our monolingual TIG derivation to choose which adjunctions build on other adjunctions and which
attach independently. Or these models may be probabilistic, such as a sequence model of adjoining defined
per rule or for rules with similar characteristics. In both cases, we will explore those ideas suggested to us
by systems output analysis as well as using machine learningmethods to automatically discern the hidden
structure of adjoining dependence.

44



7.3 Proposed Modeling Improvements

In both phrase-based and syntax-based MT, learning larger phrase pairs helps translation significantly (see
Section 3.2 for more details). We believe that tree-adjoining MT can similarly benefit. We propose com-
position of the existing minimal rules using several techniques. A simple technique to explore first is the
composing of each observed parent-child rule combination in each training sentence. These new rules would
compete with the minimal rules, so we will add a binary feature to control use. We will also explore ana-
logues to the techniques discussed in Section 3.2: composing adjacent rules up to a specified e-tree size
(Galley et al., 2006) or continuous f-phrase size (Marcu et al., 2006).

We also have a linguistically-inspired direction based on the observation that most TAG grammars are
lexicalized. We can compose each rule with its lexical head child, which will result in all our rules containing
at least one English word. This will undoubtedly introduce increase the number of low frequency rules, so
smoothing techniques will be especially important.

We also propose to attach unaligned foreign words in other locations besides the highest possible po-
sition. We will investigate the idea proposed by Galley et al. (2006) of extracting rules for each possible
attachment location, and we also plan to use machine learning to determine the best attachment.2

As mentioned in Section 5.3, low frequency rules often don’thave enough data points to learn an ad-
joining model well. However, it seems plausible that adjoining patterns could be generalized from similar
rules, for example, “the rastafarians” can learn to adjoin from “the palestinians”. Instead of basing adjoining
probabilities only on the single rule, we can estimate them over classes of rules. The model used by Chiang
(2003) for monolingual TIG parsing suggests two classes of rules: rules identical except for the words them-
selves, and rules that are the same when ignoring the words and part-of-speech tags. This may be especially
important for the lexical head composition discussed above.

Lastly, we currently do not allow unseen adjoining combinations, for both practical (exponential blowup)
and modeling (structural zero) reasons. However, this limits the generalization ability of our model, and we
believe this limitation should be overcome. A crucial problem with allowing unseen combinations is that
the order of adjunction was not observed in data. To allow anycombination of adjoining, we have two
possible solutions: either we can heuristically choose a deterministic order for the adjoining, leading to an
exponential number of adjoining combinations, or or we can allow all possible orderings, which increases
the number of combinations to a factorial. For either of these ideas, the efficient decoding techniques of
Section 7.1 will be crucial.

7.4 Schedule to Completion

Date Task length
Nov 2 Proposal Date (tentative)

Nov 3–30 Larger Rules 4 wks
Dec 1–Jan 15 Opt vs. Required: Data-driven 5 wks + Christmas break
Jan 18–Feb 5 Direct Decoding 3 wks
Feb 8–Mar 5 Adjoining ITG Binarization 4 wks
Mar 8–Apr 9 Generalizing Rules 5 wks

Apr 12–May 21 Adj. Relations: Structure 6 wks
May 24–Jul 16 Opt vs. Required and Adj. Relation: Machine Learning 8 wks
Jul 19–Sep 10 Writing 8 wks
Sept or Oct Defense (tentative)

2New tree node alignment techniques may reduce the number of unaligned foreign words in the near future, so this problem
may become less pressing.
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