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Abstract

Language model plays an important role in statistical machine translation systems. It is the key
knowledge source to determine the right word order of the translation. Standard n-gram based
language model predicts the next word based on the n — 1 immediate left context. Increasing the
order of n and the size of the training data improves the performance of the LM as shown by the
suffix array language model and distributed language model systems. However, such improvements
narrow down very fast after n reaches 6. To improve the n-gram language model, we also developed
dynamic n-gram language model adaptation and discriminative language model to tackle issues
with the standard n-gram language models and observed improvements in the translation qualities.

The fact is that human beings do not reuse long n-grams to create new sentences. Rather,
we reuse the structure (grammar) and replace constituents to construct new sentences. Struc-
tured language model tries to model the structural information in natural language, especially the
long-distance dependencies in a probabilistic framework. However, exploring and using structural
information is computationally expensive, as the number of possible structures for a sentence is
very large even with the constraint of a grammar. It is difficult to apply parsers on data that is
different from the training data of the treebank and parsers are usually hard to scale up.

In this thesis, we propose z-gram language model framework to model the structural information
in language and apply this structured language model in statistical machine translation. The x-
gram model is a highly lexicalized structural language model. It is a straight-forward extension of
the n-gram language model. Trained over the dependency trees of very large corpus, z-gram model
captures the structural dependencies among words in a sentence. The probability of a word given
its structural context is smoothed using the well-established smoothing techniques developed for
n-gram models. Because z-gram language model is simple and robust, it can be easily scaled up to
larger data.

This thesis studies both semi-supervised structure and unsupervised structure. In semi-supervised
induction, a parser is first trained over human labeled treebanks. This parser is then applied on
a much larger and unlabeled corpus. Tree transformation is applied on the initial structure to
maximize the likelihood of the tree given the initial structured language model. When the treebank
is not available, as is the case for most of the languages, we propose the “dependency model 1”
to induce the dependency structure from the plain text for language modeling as unsupervised
learning.

The structured language model is applied in the SMT N-best list reranking and evaluated by
the structured BLEU metric. Experiments show that the structured language model is a good
complement to the n-gram language model and it improves the translation quality especially on
the fluency aspect of the translation. This work of modeling the structural information in a statis-
tical framework for large-scale data opens door for future research work on synchronous bilingual
dependency grammar induction.
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Chapter 1

Introduction

Building machines that can translate one human language to another has been a dream for scientists
even before the first electronic computer was invented. Early approaches in machine translation
research tried to mimic the human’s translation process according to linguistic theories where we
first parse the source sentence to understand the structure of the sentence and then apply the rules
to transform the structure of the original sentence and translate the lexicon/phrases to the target
language. Intuitively sound, this approach requires intense human effort to engineer grammar rules
for parsing the source language and transforming from the source language to the target. More
importantly, natural languages are way more complicated than formal languages and linguistic rules
can not explain all phenomena in a consistent method.

Statistical machine translation (SMT) systems [Brown et al., 1993] consider translation as a
stochastic process. Each word f in a source sentence f is translated into the target language. For
almost all language pairs, there are not only one-to-one correspondences between the source and
target words, thus each f can be translated into different target words e with different probabilities.
A decoder in the SMT system searches through all possible translation combinations (e) and select

the one with the highest probability e* as the final translation.

e* = argmax P(f|e) (1.1)
e
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which can be decomposed into:

e = arggnaxP(e)P(ﬂe) (1.2)

where P(e) is the probability estimated by the language model (LM) as how likely e is a “good”
sentence and P(f|e) denotes the probability of f as e’s translation estimated by the translation
model (TM).

The original SMT system as described in [Brown et al., 1993] is based on the word-to-word
translation model. Recent years have seen the introduction of phrase-to-phrase based translation
systems which learn the translation equivalences at the phrasal-level [Och et al., 1999, Marcu and
Wong, 2002, Zhang et al., 2003, Koehn et al., 2003, Venugopal et al.]. The so-called “phrases”
are not necessarily linguistically motivated. A “phrase” could contain words that belong to mul-
tiple linguistic constituents, such as “go to watch the”. In this sense, a “phrase” is actually an
n-gram. Even though “phrases” may not have correct linguistic meanings, the correspondence be-
tween phrases from the source and target languages encapsulates more contextual information than
the word-to-word based models and generates much better translations. When evaluated against
human-generated reference translations using n-gram based metrics such as BLEU [Papineni et al.,
2001], phrase-based SMT systems are close and sometimes even better than human translations.
However when human judges read the translations output from SMT systems, the overall impression
is that MT output is “understandable” but often not “grammatical”. This is a natural outcome
of phrase-based SMT systems because we only consider dependencies in language at n-gram level.
n-grams are the fundamental unit in the modeling process for all parts in the SMT system: n-
gram based translation models, n-gram based language models and even n-gram based evaluation

metrics.

1.1 n-gram Language Model and Its Limitation

A language model is a critical component in an SMT system. Probabilities from the LM help the
decoder to make decisions on how to translate a source sentence into a target sentence. Borrowing

from work done in the Automatic Speech Recognition (ASR) community, most SMT systems use the
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n-gram language model where the choice of the next word depends only on the previous n—1 words.
Introduced more than half a century ago by Shannon [Shannon, 1951], the n-gram language model
turns out to be very robust and effective in ASR despite its simplicity. It is surprisingly hard to beat
n-gram models trained with a proper smoothing (e.g. modified Kneser-Ney [Chen and Goodman,
1996]) on abundant training data [Goodman, 2001]. However, the n-gram LM faces a challenge in
SMT that is not present in ASR: word reordering. In ASR, acoustic signals are transcribed into
words in a monotone order ! whereas the order of words in the source and target language could be
drastically different. For example, in English, the sentence Suzuki uses a computer has the order
subject (Suzuki), verb (uses), and object (a computer). In the corresponding Japanese sentence,
the subject comes first, just as in English, but then the object appears, followed finally by the verb:
Suzuki-ga (Suzuki) konpyuuta-o (computer) tukau (use).

Although n-gram models are simple and effective for many applications, they have several lim-
itations [Okanohara and Tsujii, 2007]. n-gram LM cannot determine correctness of a sentence
independently because the probability depends on the length of the sentence and the global fre-
quencies of each word in it. For example, P(e;) < P(ez), where P(e) is the probability of a
sentence e given by an n-gram LM, does not always mean that e; is more correct, but instead could
occur when e; is shorter than es, or if e; has more common words than e;. Another problem is
that n-gram LMs cannot handle overlapping information or non-local information easily, which is
important for more accurate sentence classification. For example, an n-gram LM could assign a
high probability to a sentence even if it does not have a verb.

On November 13-14, 2006, a workshop entitled “Meeting of the MINDS: Future Directions for
Human Language Technology,” sponsored by the U.S. Government’s Disruptive Technology Office
(DTO), was held in Chantilly, VA. “MINDS” is an acronym for Machine Translation, Information
Retrieval, Natural Language Processing, Data Resources, and Speech Understanding. These 5 areas
were each addressed by a number of experienced researchers. The goal of these working groups was
to identify and discuss especially promising future research directions, especially those which are

un(der)funded.

IThere are a few exceptions in languages such as Thai where the graphemes can be of different orders as their
corresponding phonemes.
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As stated in the Machine Translation Working Group’s final report [Lavie et al., 2006, 2007],

“The knowledge resources utilized in today’s MT systems are insufficient for effectively
discriminating between good translations and bad translations. Consequently, the de-
coders used in these MT systems are not very effective in identifying and selecting good
translations even when these translations are present in the search space. The most
dominant knowledge source in today’s decoders is a target language model (LM). The
language models used by most if not all of today’s state-of-the-art MT systems are
traditional statistical n-gram models. These LMs were originally developed within the
speech recognition research community. MT researchers later adopted these LMs for
their systems, often “as is.” Recent work has shown that statistical trigram LMs are
often too weak to effectively distinguish between more fluent grammatical translations
and their poor alternatives. Numerous studies, involving a variety of different types
of search-based MT systems have demonstrated that the search space explored by the
MT system in fact contains translation hypotheses that are of significantly better qual-
ity than the ones that are selected by current decoders, but the scoring functions used
during decoding are not capable of identifying these good translations. Recently, MT
research groups have been moving to longer n-gram statistical LMs, but estimating the
probabilities with these LMs requires vast computational resources. Google, for exam-
ple, uses an immense distributed computer farm to work with 6-gram LMs. These new
LM approaches have resulted in small improvements in MT quality, but have not fun-
damentally solved the problem. There is a dire need for developing novel approaches
to language modeling, specific to the unique characteristics of MT, and that can pro-
vide significantly improved discrimination between “better” and “worse” translation

b

hypotheses.

An example discussed in [Chiang, 2005] clearly illustrates this problem (Figure 1-1). To address
the word order issue, SMT decoders usually try many different ways to shuffle the target phrases
under a certain constraint (e.g. the Inverted Transduction Grammar - ITG constraints [Wu, 1997])

and depend on the distortion model and language model probabilities to find the best word order.
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(o) (2] [5) [desh) [f] DA [N D8 Bl 2]

vl el !

Australia is with  North has diplomatic  one of the few

l 1 WWS coimtries
Australia is diplomatic  with orth  has one of the few

relations Korea countries

Figure 1-1: An example where n-gram LM favors translation with incorrect order.

As the n-gram LM only sees a very local history and has no structure information about the
sentence, it usually fails to pick up the hypothesis with the correct word order. In this example, the
n-gram LM prefers the translation with the incorrect word order because of the n-grams crossing

the phrase boundaries diplomatic relations with and has one of the few have high probabilities.

1.2 Motivation

It is very unlikely for people to say the same sequence, especially the same long sequence of words
again and again. For example, n-gram Zambian has ordered the British writer Clarke to leave as

occurred in sentence:

Zambian interior minister Chikapwasha said that Zambia has ordered the British writer

Clarke to leave the country within 24 hours.

might never occur again in any newspaper after its first appearance.
In reality, we reuse the structure/grammar from what we have learned and replace the “replace-

able” parts (constituents) with different contents to form a new sentence, such as:

Columbian foreign minister Carolina Barco said that Columbia has ordered the American

reporter John Doe to leave the country within 48 hours.

Structure can be of different generality. A highly generalized grammar could simply state that
an English sentence needs to have a subject, a verb and an object in the order of Subject-Verb-

Object. On the other hand, a highly lexicalized grammar lists the valid sentence templates by
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replacing some parts of the sentence with placeholders while keeping the rest word forms. Such
templates or rules could look like: X; said that Xo has ordered X3 to leave the country with X4
hours.

Inspired by the success of the Hiero system [Chiang, 2005] where a highly lexicalized synchronous
grammar is learned from the bilingual data in an unsupervised manner by replacing the shorter
phrase pairs in a long phrase pair with a generic placeholder to capture the structural mapping be-
tween the source and target language, we propose to learn the structure of the language by inducing
a highly lexicalized grammar using a unsupervised parsing in which constituents in a sentence are
identified hierarchically. With such lexicalized grammar, the language model could capture more
structural information in languages and as a result, improve the quality of the statistical machine

translation systems.

1.3 Thesis Statement

In this thesis, we propose a general statistical framework to model the dependency structure in
natural language. The dependency structure of a corpus comes from a statistical parser and the
parsing model is learned through three types of learning: supervised learning from the treebank,
semi-supervised learning from initial parsed data and unsupervised learning from plain text. The
z-gram structural language model is applied to rerank the N-best list output from a statistical
machine translation system. We thoroughly study the impact of using the structural information

on the quality of the statistical machine translation.

1.4 Outline

The rest of the document is organized as follows. Chapter 2 reviews the literature of related research
on language modeling using the structure information and structure induction. In Chapter 3 we
introduce the suffix array language model and distributed language model which push the n-gram
language model to its limit by using very large training corpus and long histories. Chapter 4

discusses another way to improve over the generative n-gram language model through discriminative
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training. Chapter 5 describes the z-gram language model framework which models the structural
information in language. Semi-supervised and unsupervised structure induction work is presented
in Chapter 6 and we discuss the evaluation methods and the experimental results in Chapter 7. In

the end, we propose several future research directions in Chapter 8.



Chapter 2

Related Work

In this chapter, we review some of the major work that is related to this proposal in the area of
utilizing structure information in language modeling, using structure information in N-best list

reranking and unsupervised structure induction.

2.1 Language Model with Structural Information

It has long been realized that n-gram language models cannot capture the long-distance dependen-
cies in the data. Various alternative language model approaches have been proposed, mainly by the
speech recognition community, to incorporate the structural information in language modeling. In
speech recognition, the objective is to predict the correct word sequence given the acoustic signals.
Structural information could improve the LM so that the prediction becomes more accurate. In
SMT, produce correct structure itself is an objective. Translating a source sentence into some tar-
get words/phrases and put them together randomly could yield meaningless sentences to a human

reader.
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2.1.1 Language Model With Long-distance Dependencies
Trigger Models

The trigger language model as described in [Lau et al., 1993] and [Rosenfeld, 1994] considers a trigger
pair as the basic information bearing element. If a word sequence A is significantly correlated
with another word sequence B, then (A — B) is considered a “trigger pair”, with A being the
trigger and B the triggered sequence. When A occurs in the document, it triggers B, causing its
probability estimate to change. The trigger model is combined with the n-gram language model in
a maximum entropy framework and the feature weights are trained using the generalized iterative

scaling algorithm (GIS) [Darroch and Ratcliff, 1972].

Skipped n-gram Language Model

As one moves to larger and larger n-grams, there is less and less chance of having seen the exact
context before; but the chance of having seen a similar context, one with most of the words in it,
increases. Skipping models [Rosenfeld, 1994, Huang et al., 1993, Ney et al., 1994, Martin et al.,
1999, Manhung Siu; Ostendorf, 2000] make use of this observation. In skipping n-gram models,
a word conditions on a different context than the previous n-1 words. For instance, instead of
computing P(w;|w;_sw;_1), skipped models compute P(w;|w;_sw;—2). For w;, there are Cinjll
different skipped n — 1 gram context. To make the computation feasible, skipped n-gram models
only consider those skipped n-grams in a short history context, such as skipped 2-gram, 3-grams
occur in the previous 4 words. Because of this limitation, skipped n-gram models do not really
address the long distance dependencies in language. Skipping models require both a more complex

search and more space and lead to marginal improvements [Goodman, 2001].

LM By Syntactic Parsing

With the recent progress in statistical parsing [Charniak, 1997, Collins, 1997, Klein and Manning,
2003], a straightforward way to use syntactic information in language modeling would be the use of
the parser probability for a sentence as the LM probability [Charniak, 2001, Roark, 2001, Lafferty

et al., 1992]. Parsers usually require the presence of complete sentences. Most of the LM by parsing
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work is applied on the N-best list reranking tasks. The left-to-right parser [Chelba and Jelinek,
1998, Chelba, 2000, Xu et al., 2002, 2003] makes it possible to be integrated in the ASR decoder
because the syntactic structure is built incrementally while traversing the sentence from left to
right. Syntactic structure can also be incorporated with the standard n-gram model and other
topic/semantic dependencies in a maximum entropy model [Wu and Khudanpur, 1999].

Here we go over some details of the head-driven parser [Charniak, 2001] to illustrate how typical

parsers assign probabilities to a sentence. The probability of a parse is estimated to be:

P(r) = HP(t|l,m,u,i)

cem

-P(h|t,1,m,u,1)

-P(ell,t,h,m,u) (2.1)

which is the product of probabilities of all the constituents ¢ in the parse m. For each constituent
¢, the parser first predicts the pre-terminal (POS tag) ¢ tag for the head-word of ¢, conditioned on
the non-terminal label [ (e.g., ¢ is NP), the non-terminal label m of ¢’s parent ¢, head word m of
¢ and the POS tag i of the head word of ¢. Then the parser estimates the probability of the head
word of ¢ given ¢, [, m, v and 4. In the last step, the parser expand c into further constituents e and
estimates this expansion conditioned on [, ¢, h, m and u. The equation 2.1 is rather complicated.

For example, the probability of the prepositional phrase PP in Figure 2-1 is estimated as:

P(PP) = P(prep|PP,VP,put,verb)
-P(in|prep, PP, VP, put, verb)
-P(prep NP|in, prep, PP, VP, put)

(2.2)

[Charniak, 2001] reported significant reduction in perplexity compared with the trigram LM
when evaluated on the standard Penn Treebank data which are all grammatical sentences [Marcus

et al., 1993]. Unfortunately, the improvement in perplexity reduction has not shown consistent
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VP/put
verb/put NP /ball PP/in
put
det/the mnoun/ball prep/in NP /box
the ball

in det/the mnoun/box
the box

Figure 2-1: A parse tree of put the ball in the box with head words.

improvements in machine translation [Charniak et al., 2003]. [Och et al., 2004] even show that the
statistical parser (Collins parser) assigns a higher probability to the ungrammatical MT output and

lower probabilities to presumably grammatical human reference translations (table 2.1).

Translation \model—best oracle-best  reference
logProb(parse) |  -147.2 -148.5 -154.9

Table 2.1: Average log probabilities assigned by the Collins parser to the model-best, oracle-best
and the human generated reference translations.

This counter-intuitive result is due to the fact that the parser is trained to parse the gram-
matical sentences only and the parsing probabilities are optimized to generate parse trees close to
the human parses (treebank) rather than to discriminate grammatical sentences from the ungram-
matical ones. In other words, there is a mismatch between the objective of the statistical parser
and the structured language model. A parser assigns a high probability to a parse tree that best
“explains” a grammatical sentence amongst all possible parses whereas the language model needs
to assign a high probability to a hypothesis that is most likely to be grammatical compared with
other hypotheses. We therefore consider using the parser probability directly as the LM probability

to be ill-motivated.
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2.1.2 Factored Language Model

Factored LM approaches in general treat each word in the sentence as a bag of lexical factors such as
the surface form, part-of-speech, semantic role, etc. When estimating the probability of a sentence,
the LM predicts the next word and its other factors given the factorized history. In factored LM,

the structure is flat. The hierarchical syntactic structure is not considered in these approaches.

POS LM

A very simple factored LM is the class-based LM where words and its word-class are used as the
factors. The word-class can be learned from the data via various clustering methods, or it can
simply be part-of-speech tag of the word.

[Jelinek, 1990] used POS tags as word classes and introduced the POS LM in a conditional

probabilistic model where,

P(e) ~ ZHP(ei|ti)P(ti|t’fl). (2.3)

The conditional POS LM is less effective than the trigram word-based LM because the word
prediction solely depends on its tag and the lexical dependency with the previous words are deleted.

The joint probabilistic POS LM presented in [Heeman, 1998] estimates the joint probability of
both words and tags:

Ple,t) =[] Plei tile™", 6571). (2.4)

It has been shown that the joint model is superior to the conditional model for POS LM [Johnson,
2001].

SuperTagging LM

Supertags are the elementary structures of Lexicalized Tree Adjoining Grammars (LTAGS) [Joshi
et al., 1975]. Supertagging [Bangalore and Joshi, 1999] is similar to part-of-speech (POS) tagging.
Besides POS tags, supertags contain richer linguistic information that impose complex constraints
in a local context. Each supertag is lexicalized, i.e., associated with at least one lexical item. Usually

a lexical item has many supertags, each represents one of its linguistic functionalities given a certain
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context. Assigning the proper supertag for each word which satisfies the constraints between these
supertags is a process of supertagging which is also called “almost parsing” [Bangalore, 1996]. With
the training data and testing data all tagged by the supertags, the probability of the testing sentence
can be calculated as the standard class-based LM (equation 2.3). The SuperARV Language Model
[Wang and Harper, 2002] is based on the same idea except that its grammar formalism is different!.
The SuperARV LM works similar to other joint-probability class-based LMs by estimating the joint
probability of words and tags:

Pe,t) = H P(eit;|wi it

[[ PGl 871 - Plwilwi~'t)

~ P(ti|lwiZ3t3) - Plwi|wi"yti_,) (2.5)

It is clear from this equation that the Super ARV LM does not consider the structure of the sentence,

it is a class-based LM where the class is fine-grained and linguistic driven.

2.1.3 Bilingual Syntax Features in SMT Reranking

[Och et al., 2004] experimented with hundreds of syntactic feature functions in a log-linear model to
discriminative rerank the N-best list computed with a then state-of-the-art SMT system. Most of
the features used in this work are syntactically motivated and consider the alignment information
between the source sentence and the target translation. Only the non-syntactic IBM model 1 feature
P(f|e) improves the BLEU score from the baseline 31.6 to 32.5 and all other bilingual syntactic
features such as the tree-to-string Markov fragments, TAG conditional bigrams, tree-to-tree and

tree-to-string alignment features give almost no improvement.

2.1.4 Monolingual Syntax Features in Reranking

Similar to [Och et al., 2004], [Hasan et al., 2006] reported experiments using syntactically motivated

features to a statistical machine translation system in a reranking framework for three language

IThe SuperARV LM is based on the Constraint Dependency Grammar (CDG) [Harper and Helzerman, 1995]
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pairs (Chinese-English, Japanese-English and Arabic-English).

Three types of syntactic features are used in addition to the original features from the SMT
system: supertagging [Bangalore and Joshi, 1999] with lightweight dependency analysis (LDA)
[Bangalore, 2000], link grammar [Sleator and Temperley, 1993], and a maximum entropy based
chunk parser [Bender et al., 2003]. Using the log-likelihood from the supertagger directly does not
have a significant improvement. Link grammar is used as a binary feature for each sentence, 1 for
a sentence that could be parsed by the link grammar and 0 if the parsing fails. The link grammar
feature alone does not improve the performance, while combined with the supertagging/LDA result
in about 0.4~1.3 improvement of BLEU score. The MaxEnt chunker determines the corresponding
chunk tag for each word of an input sequence. An n-gram model is trained on the WSJ corpus
where chunks are replaced by chunk tags (total 11 chunk types). This chunk tag n-gram model is
then used to rescore the chunked N-best list. The chunking model gives comparable improvement
as the combination of supertagging/LDA+Link grammar. Combining three models together, the
reranking achieves an overall improvement of 0.7, 0.5 and 0.3 in BLEU score for Chinese-English,
Japanese-English and Arabic-English testing data.

In [Collins et al., 2005] the reranking model makes use of syntactic features in a discriminative
training framework. Each hypothesis from ASR is parsed by the Collins parser and information
from the parse tree is incorporated in the discriminative model as a feature vector ®. These
features are much more fine-grained than the binary feature (parsable or not parsable) used in
[Hasan et al., 2006]. For example, one feature function in 3 might be the count of CFG rules used
during parsing and another feature be the bigram lexical dependencies within the parse tree. Each
feature function is associated with a weight. The perceptron learning [Collins, 2002] is used to train
the weight vector. Tested on the Switchboard data, the discriminatively trained n-gram model
reduced the WER by 0.9% absolute. With additional syntactic features, the discriminative model

give another 0.3% reduction.
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2.2 Unsupervised Structure Induction

Most of the grammar induction research are supervised, i.e., learning the grammar from an an-
notated corpus, namely treebanks using either generative models [Collins, 1997] or discriminative
models [Charniak, 1997, Turian and Melamed, 2005, 2006a,b, Turian et al., 2006].

Treebanks exist for only a small number of languages and usually cover very limited domains.
To statistically induce hierarchical structure over plain text has received a great deal of attention
lately [Clark, 2001, Klein and Manning, 2002, 2001, Klein, 2005, Magerman and Marcus, 1990,
Paskin, 2001, Pereira and Schabes, 1992, Redington et al., 1998, Stolcke and Omohundro, 1994,
Wolff, 1988, Dréabek and Zhou, 2000]. It is appealing even for high-density languages such as English

and Chinese. There are four major motivations in the unsupervised structure induction:

e To show that patterns of langauge can be learned through positive evidence. In linguistic
theory, linguistic nativism claims that there are patterns in all natural languages that cannot
be learned by children using positive evidence alone. This so-called porterty of the stilulus
(POTS) leads to the conclusion that human beings must have some kind of innate linguistic
capability [Chomsky, 1980]. [Clark, 2001] presented various unsupervised statistical learning
algorithms for language acquisition and provided evidence to show that the argument from

the POTS is unsupported;
e To bootstrap the structure in the corpus for large treebank construction [Zaanen, 2000];

e To build parsers from cheap data [Klein and Manning, 2004, Yuret, 1998, Carroll and Char-
niak, 1992, Paskin, 2001, Smith and Eisner, 2005].

e To use structure information for better language modeling [Baker, 1979, Chen, 1995, Ries

et al., 1995].

e To classify data (e.g. enzymes in bioinformatics research) based on the structural information

discovered from the raw data [Solan, 2006].

Our proposed work is most related to the fourth category.
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2.2.1 Probabilistic Approach

[Klein and Manning, 2001] developed a generative constituent context model (CCM) for the unsu-
pervised constituency structure induction. Based on the assumption that constituents appear in
constituent contexts, CCM transfers the constituency of a sequence to its containing context and
pressure new sequences that occur in the same context into being parsed as constituents in the next
round. [Gao and Suzuki, 2003] and [Klein and Manning, 2004] show that dependency structure can
also be learnt in an unsupervised manner. Model estimation is crucial to the probabilistic approach,
[Smith and Eisner, 2005] proposed the contrastive estimation (CE) to maximize the probability of
the training data given an artificial “neighborhood”. CE is more efficient and accurate than the
EM algorithm and yields the state-of-the-art parsing accuracy on the standard test set.
Discriminative methods are also used in structure induction. Constituent parsing by classifica-
tion [Turian and Melamed, 2005, 2006a, Turian et al., 2006] uses variety types of features to classify

a span in the sentence into one of the 26 Penn Treebank constituent classes.

2.2.2 Non-model-based Structure Induction

Several approaches attempt to learn the structure of the natural language without explicit generative
models.

One of the earliest methods for unsupervised grammar learning is that of [Solomonoff, 1959].
Solomonoff proposed an algorithm to find repeating patterns in strings. Though extremely ineffi-
cient, the idea of considering patterns in strings as nonterminals in a grammar has influenced many
papers in grammar induction [Knobe and Yuval, 1976, Tanatsugu, 1987].

[Chen, 1995] followed the Solomonoff’s Bayesian induction framework [Solomonoff, 1964a,b] to
find a grammar G* with the maximum a posterior probability given the training data £. The
grammar is initialized with a trivial grammar to cover the training data £. At each step, the
induction algorithm tries to find a modification to the current grammar (adding additional grammar
rules) such that the posterior probability of the grammar given £ increases.

[Magerman and Marcus, 1990] introduced an information-theoretic measure called generalized

mutual information (GMI) and used the GMI to parse the sentence. The assumption is that
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constituent boundaries can be detected by analyzing the mutual information values of the POS
n-grams within the sentence. [Drédbek and Zhou, 2000] uses a learned classifier to parse Chinese
sentences bottom-up. The classifier uses information from POS sequence and measures of word
association derived from co-occurrence statistics.

[Yuret, 1998] proposes lexical attraction model to represent long distance relations between
words. This model links word pairs with high mutual information greedily and imposes the struc-
ture on the input sentence. Reminiscent of this work is [Paskin, 2001]’s grammatical bigrams where
the syntactic relationships between pairs of words are modeled and trained using the EM algorithm.

[Zaanen, 2000] presented Alignment-Based Learning (ABL) inspired by the string edit distance
to learn the grammar from the data. ABL takes unlabeled data as input and compares sentence
pairs in the data that have some words in common. The algorithm finds the common and different

parts between the two sentences and use this information to find interchangeable constituents.



Chapter 3

Very Large LM

The goal of a language model is to determine the probability, or in general the “nativeness” of a
word sequence e given some training data.

Standard m-gram language models collect information from the training corpus and calculate
n-gram statistics offline. As the corpus size increases, the total number of n-gram types increases
very fast (Table 3.1 and Table 3.2). Building a high order n-gram language model offline becomes
very expensive in both time and space [Goodman, 2001].

In this chapter, we describe techniques to build language model using very large training corpus
and utilizing higher order n-grams. Suffix array language model (SALM) allows one to use arbi-
trarily long history to estimate the language model probability of a word. Distributed language
model makes it possible to use arbitrarily large training corpus. Database language model (DBLM)
is used when we are provided with n-gram frequencies from the training corpus and the original

corpus is not available.

18
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Table 3.1: Number of n-gram types in FBIS data (4.6M words).

Table 3.2: Number of n-gram types in a corpus of 600M words.

Types

Tokens

S UL W N =B

33,554

806,201
2,277,682
3,119,107
3,447,066
3,546,095

Type

4,646,656
4,518,690
4,390,724
4,262,867
4,135,067
4,008,201

Token

[y

O © 00~ Uk W B

1,607,516

23,449,845
105,752,368
221,359,119
324,990,454
387,342,304
422,068,382
442,459,893
455,861,099
465,694,116

612,028,815
595,550,700
579,072,585
562,595,837
562,598,343
562,604,106
562,612,205
562,632,078
562,664,071
562,718,797

3.1 Suffix Array Language Model

3.1.1 Suffix Array Indexing

19

Suffix array was introduced as an efficient method to find instances of a string in a large text corpus.

It has been successfully applied in many natural language processing areas [Yamamoto and Church,

2001, Ando and Lee, 2003].

For a monolingual text A with N words, represent it as a stream of words: ajas ..

the suffix of A that starts at position i as A; = a;a;41...an . A has N suffixes: {47, As, ...

.apn. Denote

,AN}

Sort these suffixes according to their lexicographical order and we will have a sorted list, such as

[A4s2, Ao, A1, Atsias - - s

Az,

Create a new array X with N elements to record the sorted order,

for example, X = [452,30,1,1511,...,7]. We call X the suffiz array of corpus A.

Formally, suffix array is a sorted array X of the N suffixes of A, where Xk] is the starting
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position of the k-th smallest suffix in A. In other words, Axp;) < Ax[g < ... < Ax[n), Where “<”
denotes the lexicographical order. Figure 3-1 illustrates the procedure of building the suffix array

from a simple corpus.

Corpus A: ay,ag,...,an

Word Position 1 2 3 4 5 6 7 8 9 10

Word a0s | how | do | you | say | how | do | you [ do | in | chinese |
Suffixes:

Ay: how do you say how do you do in chinese

As: do you say how do you do in chinese

As: you say how do you do in chinese

Ay say how do you do in chinese

As: how do you do in chinese

Ag:  do you do in chinese

A7: you do in chinese

Ag: do in chinese

Ag: in chinese

Aqg:  chinese

Sorting all the suffixes:
Aq1g:  chinese

Ag: do in chinese

Ag:  do you do in chinese

As: do you say how do you do in chinese

As: how do you do in chinese

Ay: how do you say how do you do in chinese

Ag: in chinese

Ay say how do you do in chinese

Az you do in chinese

Az you say how do you do in chinese

Index: & 1 2 3 4 5 6 7 8 9 10

Suffix Array X: - i (08 [6 2[5 19473 |

Figure 3-1: Indexing the corpus using the Suffix Array

The sorting of set {41, Aa,..., An} can be done in log,(N + 1) stages and requires O(N log N)

time in the worse case [Manber and Myers, 1993]. The fast sorting algorithm requires additional
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data structure to keep track of the partially sorted suffixes and thus requires additional memory in
indexing. In most of our applications, suffix array only needs to be built once and speed is not a
major concern. We would rather use a O(N log N) algorithm which is relatively slower but could
index a much larger corpus given the limited amount of memory.

In our implementation, each word a; is represented by a 4-byte vocld and each suffix is a 4-byte
pointer pointing to the starting position in A. Thus 8 N bytes memory are needed in order to index

the corpus A.

3.1.2 Estimating n-gram Frequency

With the suffix array built, we can access the corpus and estimate the frequency of any n-gram’s
occurrence in the data. For an n-gram e, we run two binary search on the sorted suffix array
to locate the range of [L, R] where this n-gram occurs. Formally, L = argmin; Ax;; > € and
R = argmax; Ax[;) < €. The frequency of €’s occurrence in the corpus is then R— L+1. The binary
search requires O(logN) steps of string comparisons and each string comparison contains O(n)
word /character comparisons. Overall, the time complexity of estimating one n-gram’s frequency is
O(nlogN).

In the case when the complete sentence is available, estimating frequencies of all embedded

n-grams in a sentence of m words takes:

- 5+ 3m?+2
(m —n+1).nlogN = Wlog]\f7 (3.1)

n=1

which is O(m3logN) in time. [Zhang and Vogel, 2005] introduced a search algorithm which locates
all the m(m +1)/2 embedded n-grams in O(m - logN') time. The key idea behind this algorithm is
that the occurrence range of a long n-gram has to be a subset of the occurrence range of its shorter
prefix. If we start with locating shorter n-grams in the corpus first, then resulting range [L, R] can
be used as the starting point to search for longer n-grams.

Figure 3-2 shows the frequencies of all the embedded n-grams in sentence “since 2001 after the
incident of the terrorist attacks on the united states” matched against a 26 million words corpus.

For example, unigram “after” occurs 4.43 x 10* times, trigram “after the incident’ occurs 106
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[n ][ since [ 2001 [ after [ the [ incident | of [ the terrorist | attacks | on [ the united | states
1 2.19x107 7559 4.43%x107 1.67x109 2989 6.9x10° [ 1.67x109 6160 9278 2.7x10° | 1.67x109 5.1x107 [ 3.78x10%
2 [ 165 105 1.19x 109 1892 34 2.07x 109 807 1398 1656 5.64x109 3.72x10% 3.29x107
3 6 56 106 6 3 162 181 216 545 605 2.58 % 107
1 0 0 0 T 0 35 67 111 239 124
5 0 0 0 0 0 15 34 i 232
5 0 0 0 0 0 10 23 76
7 0 0 0 0 0 7 23
B 0 0 0 0 0 7

Figure 3-2: Frequencies of all the embedded n-grams in sentence “since 2001 after the incident of
the terrorist attacks on the united states.”

times. The longest n-gram that can be matched is 8-gram “of the terrorist attacks on the united
states” which occurs 7 times in the corpus. Given the n-gram frequencies, we can estimate different

language model statistics of this sentence.

3.1.3 Nativeness of Complete Sentences

We introduce the concept of nativeness @ to quantify how likely a sentence e is generated by a
native speaker. A correct sentence should have higher nativeness score than an ill-formatted one.
Unlike the sentence likelihood, which is defined as the probability of this sentence generated by a
language model, nativeness is only a score of real value and does not need to be probability. Since
we can not ask a native speaker to assign scores to a sentence for its nativeness, we need to estimate
this value based on statistics calculated from a collection of sentences £ which resembles what a
native speaker would generate.

Before we describe how nativeness is estimated, we first introduce the related notation used in the

following discussions. An English! sentence e of length .J is a sequence of .J words: e, ..., ¢€;,. .., €y ...

or e‘{ for short. e{ denotes an n-gram e;e;41 . ..e; embedded in the sentence. We use € to represent
a generic n-gram when n is unspecified. C(é|€) is the frequency of € in corpus £ and Q(e|€) denotes
the nativeness of e estimated based on £. When there is only one corpus, or the identity of £ is
clear from the context, we simply use C(€) and @(e) instead of their full form.

We propose 4 methods to estimate Q(e) from the data.

e ().: Number of n-grams matched.

1English is used here for the convenience of description. Most techniques developed in this proposal are intended
to be language-independent.

y €T,
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The simplest metric for sentence nativeness is to count how many n-grams in this sentence

can be found in the corpus.

J J _
=33 5(e) (3.2)

5(el) = 1 C’(e%)>0 (33
0 : Ce])=0

For example, Q. for sentence in Figure 3-2 is 52 because 52 n-grams have non-zero counts.

® Qn): Average interpolated n-gram conditional probability.

Ql(n) 61 <HZ)\I€P ez|€l k+1)) (34)

1=1 k=1

Peile;Zji) ~ (3.5)

P(ei|e§:,1C +1) is the maximum-likelihood estimation based on the frequency of n-grams. A is
the weight for the k-gram conditional probability, > A = 1. A can be optimized by using

the held-out data or simply use some heuristics to favor long n-grams.

Qi(n) is similar to the standard n-gram LM except that the probability is averaged over the

length of the sentence. This is to prevent shorter sentences being unfairly favored.

® (Qpe: Sum of n-grams’ non-compositionality. Unlike @), where all the matched n-grams are
equally weighted, Q. weights the n-gram by their non-compositionality [Zhang et al., 2006].

Non-compositionality tries to measure how likely

a sequence of two or more consecutive words, that has characteristics of a syntactic
and semantic unit, and whose exact and unambiguous meaning or connotation
cannot be derived directly from the meaning or connotation of its components

[Choueka, 1988].
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For each n-gram é€, the null hypothesis states that € is composed from two unrelated units

and non-compositionality measures how likely this hypothesis is not true.

We test the null hypothesis by considering all the possibilities to cut/decompose it into two
short n-grams and measure the collocations between them. For example é “the terrorist
attacks on the united states” could be decomposed into (“the”, “terrorist attacks on the united
states”) or (“the terrorist’, “attacks on the united states”), ..., or (“the terrorist attacks on
the united’, “states”), in all n-1 different ways. For each decomposition, we calculate the
point-wise mutual information (PMI) [Fano, 1961] between the two short n-grams. The one

with the minimal PMI is the most “natural cut” for this n-gram.

The PMI over the natural cut quantifies the non-compositionality I,. of an n-gram é. The
higher the value of I,,.(€), the less likely € is composed from two short n-grams just by chance.

In other words, € is more likely to be a meaningful constituent [Yamamoto and Church, 2001].

Define Q. formally as:

J J
Qne(el) =3~ D~ Inele]) (3.6)

1 7=1+
Lne(el) = k ' (3.7)

P(e))

3

P(ef)P(e],)

i

I(ef; ei_H) =log (3.8)

The n-gram probabilities in equation 3.8 are estimated by the maximum-likelihood estimation.

e (J;: Sum of pointwise mutual information of the distant n-gram pairs

@Qne calculates the PMI of two adjacent m-grams and uses the sum to measure the non-
compositionality of the sentence. @Q; calculates the PMI of any non-adjacent n-gram pairs and
uses the sum to measure the coherence inside a sentence. This is inspired by the single-word

trigger model developed in [Rosenfeld, 1994]. We extend the concept from word-triggers to
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phrase-triggers in this thesis. Instead of considering each trigger as a feature and combining

all the features in a log-linear model, we sum up PMI values of all triggers.

Define Q; as:
J J o
Yoo IR (3.9)

g is the minimum “gap” length between two n-grams.

w-¥ s

3.1.4 Smoothing

Smoothing is one of the most important issue in language modeling. The key idea of smoothing is
to discount some probability mass of observed events so that there is a little bit of probability mass
left for unseen events. There are many smoothing techniques in the language modeling literature,
and so far the modified Kneser-Ney smoothing has been shown to be most effective [Chen and
Goodman, 1996, Goodman, 2001, James, 2000].

Three nativeness metrics proposed in section 3.1.3 (Qy(n), @ne, and Q;) are based on the maxi-
mum likelihood estimation of n-gram probabilities. @, interpolates the conditional probabilities
using different history length and thus has some smoothing. Other metrics do not have explicit
smoothing built in.

We suspect that smoothing may not be so important for the N-best list reranking task as
compared to the LM used in the ASR and SMT decoder. If an n-gram is unseen in the training
data, assigning 0 as its probability is not acceptable. In a generative probabilistic LM all n-grams
have some positive probabilities, no matter how bizarre the n-gram is. For us, assigning 0 as the
nativeness score to an n-gram is fine because the score is only used to discriminate two sentences. To
test the impact of smoothing on N-best list reranking, we implemented the Good-Turing smoothing
[Good, 1953] in the Q) metric. Good-Turing (GT) smoothing is easy to implement and the
count-of-count information can be obtained on-the-fly by scanning the suffix-array indexed corpus
[Zhang, 2006], which fits our online model set up well. The implementation was validated on a SMT
decoder and showed some small improvements over the MLE estimation. However, when applied

on the N-best list re-ranking task, GT-smoothing performed slightly worse than using MLE only.
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Model-best | 31.44 9.00

Qi(4), equally weighted interpolation | 32.16 9.15
Qi(6), equally weighted interpolation | 32.41 9.17
Qu(6), favor long n-grams, \x = k/21 | 32.40 9.18
Qi(6), equally weighted + GT | 32.35 9.16

Table 3.3: Comparing different smoothing approaches in N-best list reranking.

Table 3.3 shows the reranking results using different smoothing methods. The N-best list is a
10K-list generated by Hiero on the Chinese MTO03 data. Here we used only a 270M-word corpus
for the re-ranking experiment.

The numbers in Table 3.3 are all quite close to each other. We can not conclude that smoothing is
not useful in LM for N-best list reranking. We will investigate more in this direction and implement

more advanced smoothing methods for better understanding of this issue.

3.2 Distributed LM

We use 4 bytes to represent the voclD of a word in £ and 4 bytes for each suffix array pointer.
For a corpus with A/ words, the corpus and its suffix array index need 8N bytes? to be loaded into
the memory. For example, if the corpus has 50 million words, 400MB memory is required. For the
English® GigaWord* corpus which has about 4 billion words, the total memory required is 32GB.
It is currently impossible to fit such data into the memory of a single machine in our computing
environment®. To make use of the large amount of data, we developed a distributed client/server
architecture for language modeling. Facilitated with the distributed suffix array indexing of arbi-
trarily large corpus, the nativeness of a sentence given a corpus is calculated on the fly without the

pre-calculated n-gram statistics.

29N bytes if we also index the offset position of a word in the sentence.

3Though we used English data for our experiments in this proposal, the approach described here is language
independent because all the words in the corpus are mapped into an integer vocID no matter what their surface form
and encodings are.

4http://www.ldc.upenn.edu/Catalog/CatalogEntry.jsp? catalogld=L.DC2005T12

50ur largest machine has only 24GB RAM so far.
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3.2.1 Client/Server Paradigm

Client/server is a common paradigm of distributed computing [Leopold, 2001]. The paradigm
describes an asymmetric relationship between two types of processes, of which one is the client,
and the other is the server. The server process manages some resources (e.g. database, webpages,
printers) and offers a service (e.g. database query, returning web page, printing) which can be used
the client processes. The client is a process that needs the service in order to accomplish its task.
It sends a request (e.g. a query) to the server and asks for the execution of a task (e.g. return all
the records that satisfy the query) that is covered by the service.

We split the large corpus £ into d non-overlapping chunks, &1,...,Eq, ..., Eq4. One can easily
verify that for any n-gram € the count of its occurrences in £ is the sum of its occurrences in all

the chunks, i.e.,
d

C(ele) = > C(elEa) (3.10)

d=1
where C'(€|€,) is the frequency of n-gram € in corpus chunk &;.

Each server ¢ loads one chunk of the corpus with its suffix array index. The memory overhead
for a server to communicate with the client is very small. Depending on the configuration, each
server uses about 1 to 4MB to buffer the communication. The client sends an English sentence
ey ...en to each of the servers and requests for the count information of all the n-grams in the
sentence. The client collects the count information from all the servers, sums up the counts for each
n-gram and then calculates the likelihood of the sentence.

The client communicates with the servers via TCP /TP sockets. In one experiment, we used 150
servers running on 26 computers to serve one client. Multiple clients can be served at the same time
if needed. The process of collecting counts and calculating the sentence probabilities takes about
1 to 2 ms for each English sentence (average length 23.5 words). With this architecture, we can
easily make use of larger corpora by adding additional data servers. In this experiment, we used
all the 2.7 billion word data in the English Gigaword corpus without any technical difficulties. In

another configuration, we used a larger corpus of 4 billion words (including LDC Gigaword corpus

SHere, a server is a special program that provides services to client processes. It runs on a physical computer but
the concept of server should not be confused with the actual machine that runs it.
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£: BN 2001 ¢ RE ExZ i Bl 09 FF 25

Ref: Since the terrorist attacks on the United States in 2001

eW: since 200 year , the united states after the terrorist attacks in the incident
e@: since 2001 after the incident of the terrorist attacks on the united states
e®: since the united states 2001 threats of terrorist attacks after the incident

e since 2001 the terrorist attacks after the incident

e®: since 200 year , the united states after the terrorist attacks in the incident

Figure 3-3: An example of N-best list.

and BBN web collection”) and split it into 89 chunks. Each chunk has about 50M words. We will

describe experiments using these two configurations.

3.2.2 N-best list re-ranking

When translating a source language sentence f into English, the SMT decoder first builds a trans-
lation lattice over the source words by applying the translation model and then explores the lattice
and searches for an optimal path as the best translation. The decoder uses different models, such as
the translation model, n-gram language model, fertility model, and combines multiple model scores
to calculate the objective function value which favors one translation hypothesis over the other Och
et al. [2004].

Instead of outputting the top hypothesis e(!) based on the decoder model, the decoder can
output N (usually N = 1000) alternative hypotheses {e(™)|r = 1,..., N} for one source sentence
and rank them according to their model scores.

Figure 3-3 shows an example of the output from a SMT system. In this example, alternative
hypothesis e(?) is a better translations than e!) according to the reference (Ref) although its model
score is lower.

SMT models are not perfect, it is unavoidable to output a sub-optimal translation as the model-
best by the decoder. The objective of N-best list re-ranking is to re-rank the translation hypotheses

using features which are not used during decoding so that better translations can emerge as “op-

"News stories downloaded by BBN from multiple news websites.
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| BLEU NIST
Model-best 31.92 8.22
Oracle-best 45.04 9.31

Random re-rank | 27.91 [27.02, 28.81] 7.89 [7.81, 7.98]

Table 3.4: Randomly re-rank the N-best list.

timal” translations. Empirical experiments have shown that the oracle-best translation from a
typical N-best list could be 6 to 10 BLEU points better than the model-best translation. We have
to use meaningful features to re-rank the N-best list to improve over the model-best translations.
Table 3.4 shows an example of randomly rerank the N-best list. The model-best translation has
BLEU score 31.92. The oracle-best translation from this 1000-best list has BLEU score 45.04, 14
BLEU points better than the model-best translation. However, if we just randomly select a hypoth-
esis for each of the testing sentences, the resulting translations are much worse than the model-best.
From 5,000 trials, the mean BLEU score is 27.91 with 95% confidence interval at [27.02, 28.81].
This experiment indicates that there are better translations in the N-best list compared to the
model-best, but we need to use meaningful features to re-rank them. Through out this thesis, we

present different language model features and use them to re-rank the N-best list.

3.2.3 “More data is better data” or “Relevant data is better data”?

Although statistical systems usually improve with more data, performance can decrease if additional
data does not resemble the test data. The former claim stats that throwing more data into the
training, in this case, language model training should always improves, or at least not hurt the
system performances, whereas the latter claims that using only portion of the data which is most
relevant to the testing data should outperform using all data together. For N-best list re-ranking,
the question becomes: “should we use all data to re-rank the hypotheses for one source sentence, or
select some corpus chunks that are believed to be relevant to this sentence?” As the whole data set
is chunked into multiple pieces in the distributed LM system and we can either combine statistics
from all data chunks (and thus “more data”) or choose only a few corpus chunks which we believe

are more relevant to the testing data to calculate LM probabilities.
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Oracle Study

To answer this question, we designed the following oracle experiment. The English data of 4 billion
words is split into 89 chunks. The original data is organized by news source and time. The split
keeps this natural order such that all the documents in one chunk come from the same news source
and around the same period of time. This is a natural way of clustering the documents without
looking into the content. It is a reasonable assumption that “Yemen News” has more middle-
east related data than “Seattle Times” and “BBC2005-2006” has more up-to-date coverage than
“BBC1999-2000”.

We use each individual corpus chunk &; to re-rank the N-best list and for each source sentence

f; we have a new “best” translation egr*‘gd) where:
ri|€q = arg max Q(egr)|5d) (3.11)
-

With the reference translations, we can calculate the gain in BLEU score when we use eﬁ“'gd)

to replace egl), or in other words, the benefit of using corpus chunk &£; to rerank sentence f; as:

G(t,d) = BLEU(...,e\" ¥ .y —BLEU(...,e",..)) (3.12)

The higher the value G(t,d), the more suited £y is to re-ranking the N-best translation list of
f;. In other words, corpus chunk &; is more relevant to sentence f;.

As an oracle study, we could calculate the gains over the whole testing set if we use the oracle
most relevant corpus chunk to re-rank the N-best list. Table 3.5 shows the BLEU/NIST scores
of the re-ranked best translation. The re-ranked system improved over the baseline model-best
translation by about 10 BLEU points and was close to the oracle-best translation from the N-best
list.

To answer the question whether “relevant” data is better than using all the data, the corpus
chunks are incrementally added to build larger language models for re-ranking. Corpus chunks are
added in the way that their relevance to a testing sentence are decreasing according to the oracle.

In other words, we increase the data size but the data is becoming less and less relevant to the
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No postprocessing | With postprocessing

BLEU NIST BLEU NIST
Model-best | 31.92 8.22 33.25 8.33
95% Interval of random rerank
Oracle-best | 45.04 9.31 47.16 9.49
Re-ranked with the oracle corpus chunk | 41.67 8.98 43.27 9.13

Table 3.5: Re-rank the N-best list using the most relevant corpus chunk known from the oracle

BLEU score
&
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Figure 3-4: Oracle study: relevant data is better than more data.

testing data.

Disregarding some fluctuations in Table 3.6, it is clear that by adding more corpus chunks that

are less relevant, both the BLEU and NIST scores of re-ranked translations decrease (Figure 3-4).

This supports our argument that “relevant data is better than more data.”

3.2.4 Selecting Relevant Data

We studied several simple statistics to select relevant corpus chunks to build LM for each testing

sentence. These relevance statistics are based on the n-gram coverage of the corpus chunk on the

N-best list.
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Number of corpus chunks Size (M words) | BLEU NIST
1 50 | 41.67  8.98
2 100 | 39.34  8.78
3 150 | 39.35  8.79
4 200 | 38.87  8.75
5 250 | 38.66  8.71
6 300 | 38.72 8.71
7 350 | 38.33  8.70
8 400 | 37.78  8.65
9 450 | 37.71 8.63

10 500 | 37.66  8.62
11 550 | 37.51  8.62
12 600 | 37.47  8.65
13 650 | 37.26  8.63
14 700 | 37.12 8.61
15 750 | 37.17  8.60
16 800 | 36.70  8.58
17 850 | 36.93  8.58
18 900 | 36.87  8.59
19 950 | 36.92  8.58
20 1000 | 36.84  8.56

Table 3.6: Oracle study: relevant data is better than more data. Each corpus chunk has about 50M
words.

n-gram Coverage Rate

Define the n-gram coverage rate of corpora £; to sentence f; as:
R(Esify) = ZQ el |€) (3.13)

For each one of the N hypotheses, Qc(e,(f) |€4) is the number of n-gram tokens in the hypothesis
which can be found in &; (see Eqn. 3.2). Informally, R(E4; ;) estimates how well £; covers n-grams
(tokens) in the N-best list of f;. The higher the coverage, the more relevant &y is to f;).

In the distributed LM architecture, the client first sends N translations of f; to all the servers.
From the returned n-gram matching information, the client calculates R(Ey; f;) for each server, and

chooses the most relevant (e.g., 20) servers for f;. The n-gram counts returned from these relevant
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servers are summed up for calculating the likelihood of f;. As suggested by the oracle study in
Table 3.6, one could also assign weights to the n-gram counts returned from different servers during
the summation so that the relevant data has more impact than the less-relevant ones.

Figure 3-5 shows the results of N-best list reranking using different metrics. The corpus chunks
used to build the LM are added incrementally according to their relevance to the testing data
calculated by equation 3.13. The selected data chunks may differ for different sentences. For
example, the 2 most relevant corpora for sentence 1 are Xinhua2002 and Xinhua2003 while for
sentence 2 APW2003A and NYT2002D are more relevant. When we use the most relevant data
chunk (about 20 million words) to re-rank the N-best list, 36 chunks of data will be used at least
once for 919 different sentences, which accounts for about 720 million words in total. Thus the
z-axis in Figure 3-5 should not be interpreted as the total amount of the whole test set but the
amount of corpora used for each sentence.

All three metrics in Figure 3-5 show that using all data together (150 chunks, 2.97 billion words)
does not give better discriminative powers than using only some relevant chunks. This supports
our argument that relevance selection is helpful in N-best list re-ranking. In some cases the re-
ranked NN-best list has a higher BLEU score after adding a supposedly “less-relevant” corpus chunk
and a lower BLEU score after adding a “more-relevant” chunk. This indicates that the relevance
measurement (Eq. 3.13) does not fully reflect the real “relevance” of a data chunk for a sentence.
With a better relevance measurement one would expect to see the curves in Figure 3-5 to be much

smoother.

3.2.5 Weighted n-gram Coverage Rate

Unlike the unweighted n-gram coverage rate where n-grams of different orders are considered equally,
weighted n-gram coverage rate applies different weights on n-gram coverage rates of different orders.
Intuitively, we should predict one a corpus chunk to be more relevant than another one if has a

higher high-order n-gram coverage rate. Define M(&,f), the weighted n-gram coverage rate of
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corpus & for a sentence f as:

M f) = Z Ak Coverage, (€, f) (3.14)
k=1

where Coveragey, (€, f) is the k-th order n-grams coverage rate of the corpus on f’s N-best list:

Zei“‘*le{eil)meﬁN)} (.j(e;""k—l)q)(ei—i-k—l7 5)

Coverage, (€,f) = - ) (3.15)
Zeﬁk*le{eﬁl)“.eim} C(ei+k 1)
C’(e?‘k_l) is the frequency of n-gram e?‘k_l’s occurrence in the N-best list and
) . if eiTFlexists in €
D(efTht ) = ' (3.16)

0, otherwise.

Informally, we predict a corpus chunk &; to be mostly “relevant” to a testing sentence f if
n-grams in f’s N-best translations can be mostly covered by &;.

The weights A\ are optimized over the dev-test set. The experiment is set up as follows: The
LDC Gigaword corpus (both version 2 and version 3) of 4,916,610,128 words are split into 104
chunks based on their natural order (news source and time released). The N-best list used in this
experiment is a list of 1000-best translations of 191 testing sentences extracted from the Chinese
MTO6 test set by the Hiero system. For each one of the 191 testing sentence, we use each individual
corpus chunk to rerank its N-best list using the @, feature. The difference of the reranked-best
hypothesis and the model-best hypothesis in BLEU score is the gain of the corpus chunk denoted
as G(t,d) (definition 3.12). G(t, d) can be negative if the reranked-best hypothesis has lower BLEU
score than the model-best baseline translation. We also estimate the relevance feature of each
corpus for each of the testing sentence, such as the 1-gram coverage rate, 2-gram coverage rate, etc.
Relevance predicting then becomes a typical linear prediction problem where we want to optimize
the linear weights A such that the linear combination of various relevance features (k-gram coverage
rate) could best predict the gain of a corpus chunk for a testing sentence. Given the training data

of 191 x 104 = 19864 data points, we use the Nelder-Mead method (also known as the downhill
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simplex method) [Nelder and Mead, 1964] to find the optimal A.

Nelder-Mead method stops at a local maximum for each starting point. To understand the
usefulness of each relevance feature, we ran the downhill simplex optimization several thousand
times, each with a random starting point. We estimate the percentage of local maximum that have
positive gains from all random starts. Since we could only use one set of weights to predict the
relevance of a corpus chunk for unseen sentences, this estimation has no practical meaning. However,
given the nature of the rugged search space, it is interesting to see which relevance feature is useful
in identifying relevant corpus chunks if we could explore the search space “thoroughly”.

Table 3.7 shows the effectiveness of using different relevance features and their combinations to
choose the most relevant corpus for reranking. For each testing sentence, there are 104 pairs of
<features (vectors), predicted gain>. With the tuned feature weights, we select the corpus chunk
with the highest combined feature value and use the associated gain value as the predicted reranking
gain. The sum of the predicted gain over all 191 sentences is the predicted gain for reranking the
whole test set. For each of the 5000 random starts, we use downhill simplex optimization to find
a locally maximum gain. Report in table 3.7 are the maximum gains of all random starts (Max
Bleu), the percentage of random starts that end up in a local maximum with a positive gain, the
average gain value of the positive gains, the percentage of random starts that end up in a local
maximum with a negative gain (reranked translations have lower BLEU scores than the baseline)
and the average gain value of those cases end up in negative.

Features used in the experiment include single features such as the unweighted n-gram coverage
rate (percentage of n-grams of all orders in the N-best list that can be found in the corpus chunk),
unigram, bigram, trigram, 4-gram, 5-gram and 6-gram coverage rate, the averaged 6-gram condi-
tional probabilities of the N-best list @), sum of the non-compositionalities and the averaged
non-compositionalities (Qnc). Features are also combined to estimate M (€, f). Shown in the table
are results of combining n-gram coverage rate of 1,2,3-gram; 1,2,3,4-gram;1,2,3,4,5-gram; 2,3,4,5-
gram and 3, 4, 5, 6-grams. As table 3.7 shows, in general higher order n-gram coverage is more
powerful in selecting relevant corpus chunks than lower-order n-grams. The unweighted n-gram
coverage R(&; f) disregard the order of the n-gram is not as discriminative as the weighted n-gram

coverage rate. Combining n-gram coverage of different order, especially with higher orders best
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Relevance Max Random starts Average Random starts Average
Feature | BLEU end up with positive end up with negative
(Combination) Gain positive gains BLEU gain  negative gains BLEU gain
RE D) =N, Qu(e)) 0.97 71.82% 0.97 28.16% -1.22
Coverage, (&; 1) 0.20 72.85% 0.01 27.12% -1.51
Coverage, (&; f) 1.40 74.99% 0.72 24.99% -1.36
Coverage;(&; f) 1.52 76.84% 0.48 23.14% -1.20
Coverage, (€; ) 1.33 74.55% 1.33 25.43% -1.87
Coveragey (&; f) 2.07 74.40% 2.06 25.58% -1.71
Coverageg(&; f) 1.97 75.71% 1.86 24.27% -0.76
LS Quey (™€) 1.06 73.37% 1.06 27.61% -1.21
SN Que(e™E) | 0.00 0% 0.00 99.98% -0.37
LN Quele™]) 0.00 0% 0.00 99.98% -0.24
Coverage, (&; f)
k=1,2,3| 213 59.44% 1.23 40.52% -1.15
k=1,2,3,4 2.44 55.92% 1.51 44.04% -1.20
k=1,2,3,4,5 2.79 54.49% 1.73 45.47% -1.14
k=1,2,3,4,5,6 2.79 59.72% 1.61 40.24% -1.03
k=2,3,4,5 2.62 53.25% 1.69 46.71% -1.10
k=3,4,5,6 2.71 67.20% 1.71 32.75% -0.98

Table 3.7: Effectiveness of different relevance features (and their combinations).

predicts the corpus’ relevance.

Table 3.8 shows the optimized weights for each relevance feature combinations. The feature
space seems to be quite bumpy and the optimized feature weights lack generalization. For example,
if the feature weights are reasonably generalized, one may draw the conclusion that the 1-gram
coverage rate correlates with the corpus relevance in a negative way since its optimized weights in
the first three feature combinations are all negative. However in the case with 1, 2, 3, 4, 5, and
6-gram coverage rate, the optimized weight for 1-gram is positive (53.91).

Table 3.9 shows the gain in BLEU score after reranking the N-best list using the most relevant
corpus chunk selected based on manually set feature weights. Feature weights are set according
to the heuristic that higher order k-gram coverage rates should be given more weights since they
have more discriminative power in selecting relevant data than lower k-grams. Even though the
BLEU gains in table 3.9 are lower than those based on optimized feature weights, they are more

meaningful and interpretable.
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Optimized Weights of k-gram Coverage Rate
Feature Combinations 1 2 3 4 5 6 | BLEU Gain
1, 2, 3-gram coverage rate | -93.61 59.06 -2.06 2.13
1, 2, 3, 4-gram coverage rate | -39.61 17.01 -3.55 4.95 2.44
1, 2, 3, 4, 5-gram coverage rate | -51.77  5.98 -14.99 -6.68  86.13 2.79
1, 2, 3, 4, 5, 6-gram coverage rate | 53.91 96.83 -54.46 10.97 137.23 -54.15 2.79
2, 3, 4, 5, 6-gram coverage rate 4.64 -838 -7.43  66.29 2.62
3, 4, 5, 6-gram coverage rate 7.61 -9.71 -4.42  40.00 2.71

Table 3.8: Optimized weights in k-gram coverage rate combination.

Weights of k-gram Coverage Rate

Feature Combinations 1 2 3 4 5 6 | BLEU Gain

1, 2-gram coverage rate | 1.0 2.0 0.73

1, 2-gram coverage rate | -1.0 2.0 0.77

1, 2-gram coverage rate | -2.0 1.0 1.12

1, 2, 3-gram coverage rate | -2.0 1.0 2.0 0.74

1, 2, 3, 4-gram coverage rate | -2.0 1.0 2.0 3.0 1.27

1, 2, 3, 4, 5-gram coverage rate | -2.0 1.0 2.0 3.0 4.0 1.30
2, 3, 4, 5-gram coverage rate 2.0 3.0 4.0 5.0 1.11

2, 3, 4, 5-gram coverage rate 4.0 9.0 16.0 25.0 1.54

2, 3, 4, 5, 6-gram coverage rate 2.0 3.0 4.0 5.0 6.0 1.07
2, 3, 4, 5, 6-gram coverage rate 40 9.0 16.0 25.0 36.0 1.14

1, 2, 3, 4, 5, 6-gram coverage rate | -2.0 2.0 3.0 4.0 50 6.0 1.09
1, 2, 3, 4, 5, 6-gram coverage rate | 1.0 4.0 9.0 16.0 25.0 36.0 1.14

Table 3.9: Feature weights set following the heuristic that higher order k-gram coverage rates have
more discriminative power in choosing relevant corpus chunks.

3.2.6 Related Work

Selecting corpus to train the language model for a particular testing sentence or document is known

as the language model adaptation. [Bellegarda, 2004] provides a very good review of the major

language model adaptation approaches in speech recognition research. A typical approach, such as

the one described in [Iyer and Ostendorf, 1999], selects training data based on its relevance for a

topic or the similarity to data known to be in the same domain as the test data. Each additional

document is classified to be in-domain or out-of-domain according to cosine distance with T F —IDF'

term weights, POS-tag LM and a 3-gram word LM. n-gram counts from the in-domain and the
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additionally selected out-of-domain data are then combined with an weighting factor. The combined
counts are used to estimate a LM with standard smoothing. LM adaptation has also been applied in
SMT. For example, the work presented in [Zhao et al., 2004] uses structured query composed from
the N-best list to retrieve documents that are relevant to the testing data and builds an adapted
LM for another round of translation.

Most of the LM adaptation work requires to train an adapted LM offline which can not be done
in real time. In the distributed LM system, we can dynamically select the relevant corpus chunks

for each sentence on the fly.

3.2.7 Experiments

Table 3.10 lists results of the re-ranking experiments under different conditions. The re-ranked
translation improved the BLEU score from 31.44 to 32.64, significantly better than the model-best
translation.

Different metrics are used under the same data situation for comparison. @Q., though extremely
simple, gives quite nice results on N-best list re-ranking. With only one corpus chunk (the most
relevant one) for each source sentence, ). improved the BLEU score to 32.27. We suspect that
Q. works well because it is inline with the nature of BLEU score. BLEU measures the similarity
between the translation hypothesis and human reference by counting how many n-grams in MT
can be found in the references.

Instead of assigning weights 1 to all the matched n-grams in Q., Q.. weights each n-gram by
its mon-compositionality. For all data conditions, Q. consistently gives the best results.

Metric family Q) is close to the standard n-gram LM probability estimation. Because no
smoothing is used, @3y performance (32.00) is slightly worse than the standard 3-gram LM result
(32.22). On the other hand, increasing the length of the history in @, generally improves the

performance.



CHAPTER 3. VERY LARGE LM 39

# of Relevant Chunks per. Sent 1 2 5 10 20 150
offline 3-gram KN | 32.22 32.08
offline 4-gram KN | 32.22 32.53

Q. | 32.27 3238 3240 3247 3251 32.48
Qi3 | 32.00 3214 3214 3215 32.16
Qi | 3218 3236 3228 3244 3241
Qus) | 3221 3233 3235 3241 32.37
Quey | 3219 3222 3237 3245 3240 3241
Qur | 3222 3229 3237 3244 3240
Qne | 3229 3252 32.61 3255 32.64 32.56

Table 3.10: BLEU scores of the re-ranked translations. Baseline score = 31.44

System LM Size LM Type Bleu NIST
Baseline 200 M 3-gram 31.44 9.01
3-gram 32.08 9.14

2 M
900 4-gram 32.53 9.19
4-gram 32.22 9.14

20M for each Sent @, PMI Adjacent n-grams | 32.34 9.20
Q@:: PMI Phrasal Triggers 32.46 9.21

Re-ranked Qne + Q¢ 32.60 9.24
Qne 32.60 9.23

200M for each Sent. Q: 32.79 9.25

Que) + Qs 32.90 9.28

Table 3.11: Reranking N-best list using distributed language model.

3.3 DB Language Model

During the GALE project, Google and Yahoo! released n-gram statistics collected from very large
web corpus to the research community for language model training. The Google LM was based on
5-grams extracted from 1 terawords of web documents covering a wide range of sources. To limit the
size of the distribution, only N-grams occurring 40 times or more were included; still it contained
0.31G bigrams, 0.98G trigrams, 1.3G 4-grams and 1.2G 5-grams, over a vocabulary of 11M words,
and occupied about 25G on disk even after file compression. The Yahoo n-gram data is extracted
from about 3.4G words of news sources during a 1-year period prior to the epoch of the GALE

2007MT evaluation data. Although containing all n-grams occurring more than once, this collection
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n Num. of Types DB Size

1-gram 13,588,391 446 MB
2-gram 314,843,401 12.0 GB
3-gram 977,069,902 41.94 GB

4-gram | 1,313,818,354 64.41 GB
5-gram | 1,176,470,663 65.20 GB

Table 3.12: Google n-gram data and the size of indexed database on disk.

was much smaller, but also more recent and directly focused on the target domain broadcast news)
than the Google corpus. It comprised about 54M bigrams, 187M trigrams, 288M 4-grams, and
296M 5-grams. The Yahoo n-gram contains information which is needed to calculate probabilities
using the modified KN smoothing [Kneser and Ney, 1995]. However, due to the problem with
corrupted data in the released DVD, we could not train the LM using the Yahoo n-grams.

Both Google and Yahoo data come with only n-gram statistics rather the original corpus. Thus
we can not use the Suffix Array Language Model to index the corpus and calculate the LM prob-
ability in the distributed framework. To build an LM that avoids memory issues we implemented
a Data-base Language Model (DBLM). Berkeley-DB (BDB) [Olson et al., 1999] is an Open Source
embedded database system. It provides functionalities to store and access (key,value) pairs effi-
ciently. Large databases can only be stored on disk, smart caching is implemented internally in
BDB to speed up the database access. The n-gram statistics are stored as (n — gram, frequency)
pair in BDB.

With n-gram frequencies provided by the DB, we use the Jelinek-Mercer deleted interpolation
smoothing approach [Jelinek and Mercer, 1980] to calculate the language probability of a word
given its n — 1 word history. Interpolation weights were estimated on the held-out tuning set.

We used the DBLM to calculate the probability for each of the hypothesis in the N-best list.

The speed of DBLM on N-best is acceptable. However, it is too slow to be used in the statistical
machine translation decoder to make use of such large n-gram data. The decoder needs to query
the LM for millions of times when translating a testing sentence. Even with the DB’s internal cache
and an additional cache in the decoder, DBLM still needs huge number of disk I/O to access the

n-gram frequencies to calculate the probability.
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3.4 Related Work

Similar distributed language models are developed independently by [Emami et al., 2007] and
[Brants et al., 2007] around the same time.

To make use of large training data, [Soricut et al., 2002] build a Finite State Acceptor (FSA) to
compactly represent all possible English translations of a source sentence according to the transla-
tion model. All sentences in a big monolingual English corpus are then scanned by this FSA and
those accepted by the FSA are considered as possible translations for the source sentence. The
corpus is split into hundreds of chunks for parallel processing. All the sentences in one chunk are
scanned by the FSA on one processor. Matched sentences from all chunks are then used together as
possible translations. The assumption of this work that possible translations of a source sentence
can be found as exact match in a big monolingual corpus is weak even for very large corpus. This

method can easily fail to find any possible translation and return zero proposed translations.
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Figure 3-5: BLEU score of the re-ranked best hypothesis vs. size of the relevant corpus (in million
words) for each sentences. Three reranking features are shown here: (. (number of n-grams
matched), Q) (interpolated 6-gram conditional probability averaged on length) and Q. (sum of
n-grams’ non-compositionality)



Chapter 4

Discriminative Language Modeling

n-gram language models are generative models. An n-gram language model tries to model the
generative process of a sentence given the training data of correct sentences. The parameters in
the n-gram models are optimized to maximize the likelihood of generating the training data. One
assumption in the generative language models is that any word sequence is possible, i.e. with a
probability greater than 0, or in other words, generative language models do not explicitly modeling
the incorrect outcome. However, there are certain phenomena in natural languages which we know
should never happen. For example, “the” should never occur at the end of an English sentence; in
Japanese, particles “wa” and “ga” should never be placed at the beginning of a sentence !.

In the case of the generative n-gram LM, it has never seen such events in the training data since
it is trained only from those “correct” examples. n-gram LM uses various smoothing techniques
to estimate the probability for such unseen events and hopefully it will assign low probabilities to
them. But assigning a low probability to “the </s>" or “<s> ga” can not prevent them from being

generated by the SMT decoder.

In this chapter, we describe the discriminative language modeling approach to explicitly model

L According to the Japanese grammar (http://www.timwerx.net/language/particles.htm), wa and ga indicate
subjects by coming after them. wa is the “standard” subject indicator. It indicates the general topic and, if
anything, emphasizes what comes after it, such as Nihon no natsu wa atsui desu. (Summers in Japan are hot.) Ga
is used with simple question subjects in many cases, such as Dare ga kono gyuunyuu o koboshita? (Who spilled this
milk? and Nani ga tabetai no? (What do you want to eat?).

43
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and penalize incorrect n-grams that could be generated by a SMT decoder.

4.1 Discriminative Language Model

The process of discriminative language model training starts with using the current SMT models
to translate the source side of the training data. Unlike the EBMT system which would generate
the exact target side of the bilingual training data, the phrase-based SMT systems usually output
different sentences (we refer them as hypotheses) compared with the target side of the training data
(references). The key idea of the discriminative language model is thus to train a model that could
correct the difference between the hypotheses and the references. By applying the discriminative
language model, we try to push the n-gram distribution in the hypotheses closer to the distribution

in the references.

4.2 Perceptron Learning

The concept of the original perceptron method [Rosenblatt, 1958] is a linear classifier:

1 ifw-z+b>0
f(x) = (4.1)
0 else.

Learning is modeled as the update of the weight vector after each iteration on data points where

the output y is different from the desired output ¢:
w(i) = w() + a6 - y)ali) (1.2)

[Collins, 2002] uses the perceptron algorithm to train a discriminative part-of-speech (POS)
tagger. The training algorithm starts by tagging the labeled training corpus using a model with
randomly initialized parameters. The best tagged sequences for each sentence using the current
model (hyp) are then compared with their corresponding true labels in the training data (ref). For

every tag trigram type seen c; times in hyp and cy times in ref, update the weight of this trigram
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to w < w + ¢; — ¢g. For every tag/word type seen c3 times in hyp and ¢4 times in ref, update the
weight of this pair to w «— w + c3 — ¢4.

Following the same procedure, we use the perceptron learning algorithm to train a discriminative
language model for the translation system. Given the current translation model and a generative
language model, we translate the source side of the bilingual training corpus f into e’. We enumerate
all n-grams from the union of e and e’. For each n-gram types, we increase the n-gram’s weight if its
frequency in €’ is less than its frequency in e and decrease its weight if it has been over generated.
The adjusted weights for n-grams are then used as additional feature functions in the decoder.
Combining with other decoder features in a log-linear model, we apply the discriminative language
model to translate the training corpus and repeat the above procedure to update the discriminative
langauge model.

In other words, we iteratively adjust the weight of each n-gram in the discriminative language

model to push the generated translation results towards the reference translation.

4.3 Implementation and Experiments

The most time-consuming part of the discriminative language model training process is to translate
the whole training corpus with the current/updated models. The discriminative language model is
an error-correction model for a running translation system and the learned DLM is specific to errors
made by the baseline translation system. In other words, a discriminative language model trained
for a small-scale baseline system may not help another baseline system which uses larger models.
By using multiple large generative LMs and large phrase translation lists in the decoder, we usually
get better translation results. As we want to apply the discriminative language model to improve
the best MT system, we need to use the best MT system as the baseline to train the discriminative
language model. This means that we need to use the full-scale MT system to translate the whole
training corpus. The translation process requires enormous amount of time for news wire type

2

of training data . To test the discriminative language model in the real system, we trained and

tested the DLM on the Basic Travel Expression Conversation (BTEC) data [Takezawa et al., 2002].

2 Assuming that the decoder translates one sentence per second using the full-scale system, translating a 200M
word training corpus requires 2700 hours for one iteration.
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n-gram | Freq. in Hyp. Freq in Ref.

it 's _4F 11 0

<s> A 23 0

when is the same 24 0
this ten one dollar 11 0
twenty minute < /s> 27 0
when will be 10 0

can I have not 13 0
TamlI 31 0

Table 4.1: Example of n-gram types in MT output but never occur in the reference (target side of
the training data).

BTEC contains 162K sentence pairs and on average each sentence has about 7 words. Translating
the whole corpus on one CPU takes about 10 hours for one iteration. Split the corpus and translate
each chunk on a computer cluster with N nodes cuts down the time to 1/N.

Table 4.1 lists some n-gram types in the MT output which do not exist in the reference at
all. m-grams containing untranslated source words such as “ it s —4F ” obviously do not exist
in the reference. Penalizing these n-grams by the discriminative language model may have limited
or no impact since the translation model does not have other translations for these words. In
this particular experiment, those words are not translated due to mistakes in the number tagger.
In other cases, penalizing n-gram types like this ten one dollar and can I have not through the
discriminative language model can effectively reduce their occurrences in the translation. Similar
cases are n-gram types which are over generated (Table 4.3), not generated by the MT system at
all (Table 4.2) and under-generated (Table 4.4).

Table 4.5 shows the discrepancy between the reference translation and the MT output during
the process of discriminative language model training. The discrepancy is measured by the sum
of frequency difference for all n-gram types (up to order 3). BLEU scores of 1000 sentences from
the training data improve over iterations. BLEU scores of the dev-set initially improve with the
updated DLM, but decrease after the fourth iteration due to the overfitting on the training set.

Table 4.6 shows the performance of using the discriminative language model for both Japanese

to English and English to Japanese translation directions on the dev-set and unseen testing data.
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n-gram | Freq. in Hyp. Freq in Ref.

like three 0 16

get to @QPLACE.landmark < /s> 0 25
name ’'s @QPERSON.firstname 0 16

in @DATE.month < /s> 0 107

the phone < /s> 0 10

back at QTIME < /s> 0 17

cents < /s> 0 7

right now < /s> 0 13

Table 4.2: Example of n-gram types in the reference translation but are not generated in the MT
output.

n-gram | Freq. in Hyp. Freq in Ref.

you concentrate 207 1
few few 109 1

<s> do not know 96 1
a few few 95 1

and . 165 3

the . < /s> 108 2
and . < /s> 156 3
my . < /s> 49 1
<s> and also 86 2

a few < /s> 43 1

Table 4.3: Example of n-gram types that are over-generated by the MT system.

n-gram | Freq. in Hyp. Freq in Ref.

QPLACE.country < /s> 1 1667
@QNUMBER.sequence < /s> 1 659
@QNUMBER < /s> 2 636
@QPERSON lastname < /s> 2 484
@DATE < /s> 2 426

years ago < /s> 1 159

dollars < /s> 5 526

United States . < /s> 1 64
Japan 7 < /s> 1 62

Canada 2 115

Table 4.4: Example of n-gram types that are under-generated by the MT system.
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Update Iteration | > |C’hyp(é) — CLof(€)] BLEU on Training BLEU on Dev-test
57.61 95.87
1 849,138 58.90 55.46
2 826,716 59.06 56.03
3 799,574 59.14 56.35
4 771,872 59.46 56.11
9 702,564 99.98 56.01

Table 4.5: 9 iterations of discriminative language model training. The discrepancy between the
reference translation and the MT hypothesis on the training data becomes smaller with the updated
discriminative language model.

Training Testing
w/o DLM with DLM | w/o DLM with DLM
J—-E 58.90 60.01 58.64 58.13
E—1J 59.40 60.51 46.40 47.01

Table 4.6: Impact of a discriminative language model on the Japanese/English translation system.

On the training data set DLM pushes the generated translation towards the reference translation
(the target side of the bilingual corpus) and the BLEU scores are improved. However, DLM slightly
over-fits the training and does not show the same improvement over the testing data. On the other
hand, when we subjectively evaluate the translations generated with/without the DLM, human
subjects prefer the translation generated using the DLM. One explanation to this is that BLEU
score is not so sensitive to phenomena such as Japanese particles occur at the beginning of the

sentence, but correcting such errors make the sentence much more readable to humans.

4.4 Limitation of the Discriminative Language Model

The training of the discriminative language model relies on the availability of bilingual data. The
decoder uses the current model to translate the source side of the bilingual data and compares
the translation with the target side to train the discriminative language model. Compared to the

size of the available monolingual data, the bilingual data is much smaller. Available bilingual data
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is in the range of several hundred million words even for very high density language pairs like
Chinese/English and Arabic/English. The coverage of the discriminative language model is thus
much smaller compared to the generative language model trained from tens or hundreds of billions

of words. The issue of over-fitting also arises due to limited training data.

4.5 Related Work

[Stolcke and Weintraub, 1998] experimented with various discriminative LM training approaches
based on maximum mutual information estimation and gradient descent in the LM parameter space.
These approaches were largely unsuccessful because of data sparseness and overfitting problems. In
[Stolcke et al., 2000], a more robust approach of using a separate “anti-language model” was tried.
The idea is to construct a separate “anti-LM” to penalize likely mis-recognitions. n-grams from the
recognition hypothesis were weighted by the posterior probabilities of the hypotheses in which they
occurred. n-grams with a total expected count of at least 1 were used in estimating a backoff trigram
anti-LM. In other words, if an n-gram always occur in hypotheses with low posterior probabilities,
it is likely that this n-gram is “bad” and contributes to the incorrectness of the recognition and
thus needs to have a lower probability. The “anti-LM” is later combined with the standard acoustic
and language models in a log-linear model. [Stolcke et al., 2000] reported marginal gain on word
error rate after applying the anti-language model. [Chen et al., 2000] presented a method based on
changing the trigram counts discriminatively, together with changing the lexicon to add new words.
[Roark et al., 2004] compared two parameter estimation methods for discriminative language model
training: the perceptron algorithm, and a method based on conditional random fields (CRF's). The
perceptron algorithm automatically select a relatively small feature set after a couple of passes over
the training data. Using the feature set CRF output from the perceptron algorithm, CRF training
provides an addition 0.5% reduction in word error rate and in total achieved 1.8% absolute reduction
in WER by applying the discriminative language model. End-to-end discriminative training has

been shown to improve the translation quality in [Liang et al., 2006].
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r-gram Language Models

The binding of words and phrases to form hierarchically organized constituent structures is a prop-
erty shared by a wide variety of linguistic models that differ in many other respects and it plays
a crucial role in explanations of many linguistic phenomena. Long-distance dependencies found in
wh-questions, topicalization, relativization, passivization, raising, and scrambling structures consis-
tently involve the appearance of a constituent in a non-canonical position. It is difficult to capture
such rules without constituents.

Interpreted from the constituent parsing perspective, the dependency parsing is a repeating
process of segmenting the sentence into constituents and selecting one word as the head word for
each constituent to form a more abstract sentence.

Given the dependency parse of sentence Russia’s proposal to Iran to establish a joint uranium
enrichment enterprise within Russia ’s borders was still effective (Figure 5-1), word was can be
better predicted by its constituent context proposal than its immediate n-gram context ’s borders.
In a 128M words corpus, the 3-gram log probability of was given ’s borders is —2.15 where as
logP(was|proposal) = —0.699. There are only two occurrences of the 3-gram ’s borders was in the
data (Figure 5-2).

It is clear that word was in these sentences are not triggered by its immediate context ’s borders

as would be the case in the n-gram model.
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16:was/VBD

T

2:proposal /NN 17:still/RB  18:effective/JJ
/\
1:s/POS 4:iran/VB
O:russia/NN  3:to/TO 6:establish/VB
5:t0/TO 11:enterprise/NN 12:within/IN

T:a/DT  8:joint/JJ  9:uranium/NN  10:enrichment/NN  15:borders/NNS

14:'s/POS

13:russia/NN

Figure 5-1: Dependency parse tree of sentence russia ’s proposal to iran to establish a joint uranium
enrichment enterprise within russia ’s borders was still effective

SARS deputy director Tripmaker said last week that illegal goods across
South Africa ’s borders was estimated at 30 billion dollars a year .

Second level of alertness concerning illegal infringement of
Bulgaria ’s borders was imposed in the country , local media reported Monday .

Figure 5-2: Two occurrences of 3-gram ’s borders was in a 128M words corpus.

5.1 Dependency Structure

5.1.1 Dependency Grammar

Dependency grammars [Hudson, 1984, Mel’¢uk, 1988] are rooted on the concept of dependency. The
fundamental notion of dependency is based on the idea that the syntactic structure of a sentence
consists of binary asymmetrical relations between the words of the sentence [Nivre, 2005]. According
to [Mel’¢uk, 1988], the word forms of a sentence can be linked by three types of dependencies:
morphological, syntactic and semantic.

Various dependency grammars have been proposed in recent years. They share common de-
pendency assumptions for natural language and differ in specific features each grammar aims to

capture.
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5.1.2 Dependency Graph

The dependency structure of a sentence can be described as a graph [McDonald and Nivre, 2007]:
Let L =11,...,lj| be a set of permissible arc labels. Let x = wo, w1, ...,w, be an input sentence
where wy = root and wy,...,w, are proper words. Formally, a dependency graph for an input
sentence z is a labeled directed graph G = (V, A) consisting of a set of nodes V' and a set of labeled
directed arcs A CV x V x L, i.e., if (i,4,1) € V and | € L, then there is an arc from head word
node i to child word node j with label [ in the graph. A dependency graph G for sentence x must

satisfy the following properties:
1. V=0,1,...,n

2. If (i,7,1) € A, then j # 0.

w

IE(4,5,0) € A, then for all ¢/ € V —iand I € L, (', 5,I') ¢ A.

=

. For all j € V — 0, there is a (possibly empty) sequence of nodes i,,...,i, € V and labels
l1y...,lm, | € L such that (07i1,l1)7 (il,ig,lg),. cu (im,j, lm) € A.

The constraints state that the dependency graph spans the entire input (1); that the node 0 is a
root (2); that each node has at most one incoming arc in the graph (single-head constraint) (3);
and that the graph is connected through directed paths from the node 0 to every other node in the
graph (connectedness) (4). Also, by default, we pose the constraint on the graph that the graph
should not contain cycles (acyclicity). A dependency graph satisfying these constraints is a directed
tree originating out of the root node 0. We say that an arc (7, j, 1) is non-projective if not all words k
occurring between ¢ and j in the linear order are dominated by ¢ (where dominance is the transitive
closure of the arc relation).

For a given dependency graph G = (V, A), introducing a mapping function h such that h(j) =i

iff. (i,4,1) € A. In other words, h(j) returns the parent node of j. This parent node is the head word
d

—
of the constituent where j is in. Denote the d-th dependency ancestor of node j as h(h(---h(j)-- ),
or h?(5) in short.
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5.2 Dependency Parsing

5.2.1 Global, Exhaustive, Graph-based Parsing

For an input sentence, = wg, wy, ..., Wy, consider the dense graph G, = (V,,, A,) where:
1. V,=0,1,...,n
2. Ay = (4,5,)|Vi,jeV,and l € L

Let D(G,) represent the subgraphs of graph G, that are valid dependency graphs for the sentence
x. Since G, contains all possible labeled arcs, the set D(G,) must necessarily contain all valid
dependency graphs for x.

Assume that there exists a dependency arc scoring function, s : V x V x L — R. Furthermore,

define the score of a graph as the sum of its arc scores,

s(G=(V,A) = Y s(i,41) (5.1)

(i,4,l)eA
The score of a dependency arc, s(i, j,1), represents the likelihood of creating a dependency from
word w; to w; with the label [. If the arc score function is known a priori, then the parsing problem

can be stated as,

G = arg max s(G) = arg max Z s(i,7,1) (5.2)
GeD(G,) GED(Ga) (; Spea

The problem is equivalent to finding the highest scoring directed spanning tree in the graph G,
originating out of the root node 0, which can be solved for both the labeled and unlabeled case in
O(n?) time. A typical parser of this type is the MSTParser [McDonald et al., 2005b]. MSTParser
use large-margin structured learning algorithms [McDonald et al., 2005a] to optimize the parameters
of the models such that the score margin between the correct dependency graph and all incorrect
dependency graphs are maximized.

The learning procedure is global since model parameters are set relative to the classification

of the entire dependency graph, and not just over single arc attachment decisions. The main
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disadvantage of these models is that the feature representation is restricted to a limited number of

graph arcs. This restriction is required so that both inference and learning are tractable.

5.2.2 Generic CYK Dependency Parsing

A projective dependency grammar can be thought of as a special case of the context-free syntax
grammar where all terminal and non-terminals are in the word form. In other words, dependency
grammar is equivalent to a fully lexicalized CFG where head-words are used to represent the
syntactic category of their dominant constituents. Finding the optimal dependency parse of a

sentence includes two related objectives:
1. Hierarchically segment the sentences into nesting constistuents, and
2. For each constituent, select one word as the head word.

Given this equivalence, we can modify the CYK parsing algorithm for the dependency grammar.
Algorithm 1 shows the pseudo code for the parser. The key data structure in the algorithm is the
parsing chart C. A cell C[i, j] in the parsing chart corresponds to the span e;, ..., e; of the input
sentence. The chart is built bottom-up. The parser fills in cells of longer spans by combining
partial hypotheses from shorter-spans. Each chart cell stores the best partial hypotheses for their
corresponding span. For each cell the only factor that matters to the rest of the sentence is the
choice of the headword. There is no need to keep those partial hypotheses with lower scores than
the best one with the same head word. In other words, for each cell, the parser stores the best
partial hypothesis for each possible head words for this span.

This generic CYK dependency parser parsing algorithm is based on the concept of constituency.
For a sentence with n words, there are O(n?) substrings, each of which could be a constituent.
The parser needs to find the optimal parse for each substring by considering O(n) ways to combine
hypotheses from two shorter substrings. For a substring of m words, there are m different parsing
hypotheses each corresponds to an optimal parse with a distinct head word. m is of O(n) and thus
there are O(n?) ways shorter substring hypotheses can combine. In all, algorithm 1)is of O(n%) in

time complexity.
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Data: Edge factor model s
Input: Input: Sentence ejes ... ¢
1 forn«— 2 tol do
2 fori—1tol—n+1do
3 for j«—itoi+n—2do
4 foreach partial hyp1 with head word hy in cell [i,j] do
5 foreach partial hyp2 with head word hy in cell [j +1,i+n — 1] do
6 Create new hyp,, with h; as the new head word;
score(hypiy) = hypy + hypy + s(hi, ho)
7 Create new hyp,; with hy as the new head word;
score(hyp,y) = hyp; + hyp, + s(ho, h1)
8 Add hyp;, and hypy; to cell [i,i +n — 1]
9 end
10 end
11 end
12 Prune (if needed) partial hyps such that only the hyp with the highest score remains
for each head word.
13 end
14 end

Algorithm 1: Edge-factored dependency parsing algorithm based on CYK.

5.2.3 Local, Greedy, Transition-based Parsing
A transition system for dependency parsing defines

1. a set C of parser configurations, each of which defines a (partially built) dependency graph
G, and

2. a set T of transitions, each of which is a function ¢t : C' — C, and
3. for every sentence x = wq, w1, ..., Wn,

(a) a unique initial configuration ¢,
(b) a set Cy of terminal configurations
A transition sequence Cyp = (Cg,C1,...,Cm) for a sentence x is a sequence of configurations

such that ¢,, € C, and, for every ¢;(¢; # ¢,), there is a transition ¢ € T such that ¢; = t(¢;—1). The

dependency-graph assigned to x by C ,, is the graph G, defined by the terminal configuration c,,.
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/\\ - 4 . . . . KARKK .
to establlsh\éjomt uranium enrichment enterprise] ROOT

Figure 5-3: Span and constituents in dependency structure.

5.2.4 Cubic Time Dependency Parser

[Eisner, 2000] introduced a much faster parsing algorithm which is only O(n?®) in time complexity.
The key idea behind this cubic time dependency parsing algorithm is parsing by span. The generic
dependency parser is based on the concept of constituent. A constituent is any substring consisting
of a word and all its dependants. In other words, if ¢/ is a constituent and e, is the root of this
subtree, then for any ey k2p, @ < h(ey) < j.

The concept of span is different from constituent. For span [i, j], words e; and e; are called end
words and e;41,...,ej_1 are the interior words of the span. A span must satisfy two conditions: 1)
the head words of all interior words are inside the span; and 2) the only dependency links outside
the span are through the end words. Formally, [7,j] is a span if ¢ < k < j, and e is a child or
parent of ejs, then ¢ < k/ < j. A span usually consists of two partial constituents. It can be a
constituent when the root word of the subtree happens to be one of the end word of the span. In
Figure 5-3, to establish is a valid span, but it is not a complete constituent since not all decedents
of word establish are included. On the other hand, the span a joint uranium enrichment enterprise
is both a valid span and a complete constituent.

When a dependency structure is projective, i.e. no crossing links exist, the structure can always
be decomposed into nesting spans. A long span [i, j] can be decomposed into two overlapping spans
[i,k] and [k, j] (i < k < j) in a deterministic procedure by identifying the rightmost word e, that
links to or from word e;; if there is no such word, set k = i + 1. Because of projectivity, [i, k] and
[k, 7] must also be spans. Observing these properties, the dependency parsing can be viewed as
combining overlapping spans to build longer spans till the complete sentence is covered. Since for

each span, all interior words have already chosen their dependency parents inside the span and only
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the two end words matter to the rest of the sentence, the parser only needs to keep the optimal
partial hypothesis for each end-word-status. In our implementation, there are only 3 valid end-
word-status combination for each span. Combining two overlapping spans requires only 3 x 3 = 9,
which is O(1) time compared to O(n?) time in the generic CYK parser. This is the fundamental
reason that we can reduce the time complexity from O(n®) to O(n?).

To implement the cubic-time dependency parser, we introduce a dummy word ROOT as the
last word for each input sentence. To make sure that only one word in the actual sentence is linked
to ROOT we use a flag variable rootHasBeenChosen to keep track of the root word selection.

Figure 5-4 shows the information for a partial hypothesis in the parse chart. b; is a boolean flag
indicating whether e; has chosen a parent inside the span. by is the flat for e;. There are 4 different

combinations of by, by, namely,
o by=false, by=false: both e; and e;’s parents are not inside the span.
o by=false, by=true: e; does not have parent inside the span whereas e; has a parent inside.
o by=true, by=false: e; has a parent inside the span and e; does not have parent inside.
e by=true, bo=true: this should not happen, because it introduces circles inside the span.

Thus for each span, we only need to keep the best partial hypotheses for each of the three by, by
signatures. This also means that the parser only needs to consider at most 3 x 3 = 9 cases
of combining two shorter spans into the longer span. Starting from initial partial hypotheses of
two adjacent words (Figure 5-5), parser fills the parse chart bottom-up by applying the following

operations on cell [, j] (Figure 5-6):

e Combine shorter spans: for all k,i < k < j, combine hypotheses in left span [i, k] and

hypotheses in right span [k, j] if bo of left span is different from b; of the right span;
o Adding additional link from e; to e; on combined hypothesis if b; is false;
o Adding additional link from e; to e; on combined hypothesis if by is false;

e Only keep the best hypothesis for each by, b combination in each span.
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by [{*, ej } by

Figure 5-4: Span specification and its signatures in the parsing chart.

Interior words

flag: rootHasBeenChosen
score: current parsing score

/ \

€ €it1 € €it1

€ €it1

by=false by=false by =false by=true by =true by=false
rootHasBeenChosen=false rootHasBeenChosen=false rootHasBeenChosen=true, if e;,; is ROOT
else = false

Figure 5-5: Seed hypotheses in the parsing chart.

The pseudo code of the cubic-time dependency parsing algorithm is described in Figure 5-7.

We compared the generic CYK dependency parser and the cubic-time parser on the same corpus
of 1.6 M sentences. The dependency model contains probabilities of 330 million head/child word
pairs. Table 5.1 shows the parsing time of the two parsers using the same model. Overall, the

cubic-time parser is about 13 times faster than the generic CYK parser.

5.3 Modeling Sentence Structure With z-grams

The n-gram model is simple and robust. One of the reasons behind the success of the n-gram

models is the Markov assumption. The Markov assumption states that each word in the sentence

‘ Generic CYK Cubic-time
Parsing time 44,940 seconds 3,300 seconds
Avg. parsing time per sent. 0.02 second 0.002 second

Table 5.1: Comparing the generic CYK dependency parser and the cubic time parser on the same
corpus of 1,619,943 sentences. Average sentence length is 23.2 words.
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e; Interior Words ek [ Interior Words €;

right.by right.by

left.rootHasBeenChose right.rootHasBeenChosen

f

If left.by #right.b;

i.e. left.by=true and right.b;=false
or left.bo=false and right.b;=true

New Hyp (Combine)

€; ’ Interior Words €;

left.b, i right. b

If left.b;=false and right.b,=false

If (right.rootHasBeenChosen==false if(e; is not ROOT)

New Hyp (Add link to right) New Hyp (Add link to left)

TN //\

\

€ ’ Interior Words ‘ €; € ’ Interior Words ‘ €;
true right.b, left.b; true
If e; is ROOT rootHasBeenChosen = right.rootHasBeenChosen
set rootHasBeenChosen = true
else

set rootHasBeenChosen = right.rootHasBeenChosen

Figure 5-6: Combine hypotheses from shorter spans.
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Data: Edge factor model s

Input: Input: Sentence ejes ... e

Append Root to the end of input sentence;
fori«—1toldo

end

end

end

forn<—3tol+1do

fori—1tol—n+2do
je—i+n-—-1;
fork«—i+1toi+n—2do

INSERT hypothesis [false, false] into span [i,7 + 1];
INSERT hypothesis [true, false] into span [i,i + 1];
INSERT hypothesis [false, true] into span [i,i + 1];

foreach LeftHyp in span [i,k] do

end

end
end

end

foreach RightHyp in span [k, j] do

if LeftHyp.bo # RightHyp.b, then

Combine LeftHyp and RightHyp to NewHyp1;
NewHypl.rootHasBeenChosen « RightHyp.rootHasBeenChosen;
INSERT NewHypl into span [i, j];

if NewHyp1.b1=false and NewHyp1.bo=false then

if NewHyp1.rootHasBeenChosen=false then
ADD-LINK from e; to e; in NewHypl, make it NewHyp2;
if ¢;=ROO0OT then
‘ NewHyp2.rootHasBeenChosen = true;
end
INSERT NewHyp2 into span [i, j]
end
if e; # ROOT then
ADD-LINK from e; to e; in NewHypl, make it NewHyp3;
INSERT NewHyp3 into span [i, j];
end

end

Figure 5-7: Cubic-time dependency parsing algorithm based on span.
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is conditionally independent of all earlier words given the immediate previous n — 1 words.

P(wilwi™") = P(wilw; ;1) (5.3)

3

This independence assumption makes it possible to estimate the probability of a sentence e over

its ”parts”, the n-grams.
le|
P(e) = [T Pleslei=ia) (5.4)
i=1

Following this reasoning, we extend the idea of the n-gram model to the z-gram model. Assum-
ing the structure of a sentence is given as a dependency tree, we can break the tree structure into
structural “parts”, the z-grams, which reflect the structure of the sentence.

Given the dependency parsing tree, we can break the tree in different ways.

5.3.1 d-gram Model

The d-gram model is based on the head-word chain structure. d words along the dependency path
form a d-gram where each word is a modifier of its previous word. A d2-gram is a d-gram of order 2
which is a (head word, child word) pair. A d3-gram is a d-gram of order 3, formed by (head word of
head word, head word, child word). In general, a dk-gram (k = 2,3,4,... is a sequence of k words
along the dependency head-word chain, or in other words, d-gram of order k.

Table 5.2 shows all the d-grams of order 4 in the sentence. The first-order dependency parsing

model is essentially a d2-gram model.

5.3.2 g-gram Model

The g-gram model is based on the hierarchical constituent structure. Each non-leaf node and all of
its children ordered according to their positions in the sentence form a g-gram.

A g-gram corresponds to the skeleton of a constituent where the detailed information of all
sub-constituents are shadowed by the head words. For each internal node i in a dependency tree we
sort nodes ¢ and its immediate children according to their positions in the sentence. Each resulting

clause is the highest-level skeleton for the constituent rooted in node i. We call this clause the
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2:proposal/NN

17:still/RB  18:effective /1]

4iran/VB
3:to/TO 6:establish/VB
5ito/TO 11:enterprise/NN 12:within/IN

T:a/DT  8joint/JJ  Duranium/NN  10:enrichment/NN  15:borders/NNS

14:’s/POS

13:russia/NN

Figure 5-8: A d-gram:was proposal ’s russia in sentence russia’s proposal to iran to establish a joint
uranium enrichment enterprise within russia’s borders was still effective

was proposal s russia

was proposal iran to

was proposal iran establish
proposal iran establish to
proposal iran establish enterprise
proposal iran establish within
iran establish enterprise a

iran establish enterprise joint
iran establish enterprise uranium
iran establish enterprise enrichment
establish with borders ’s

within borders ’s russia

Table 5.2: All d4-grams in sentence russia’s proposal to iran to establish a joint uranium enrichment
enterprise within russia’s borders was still effective










































































































































































































































