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Abstract

Machine translation (MT), as a high level application of natural language pro-
cessing (NLP), is a powerful tool to improve the efficiency and reduce the cost of
translation. Over the last decade or two, statistical machine translation (SMT)
has been the main approach in both the research community and the commercial
sector. In SMT, translation knowledge is automatically acquired from parallel
corpora (sentence-aligned bilingual texts), making the rapid development of MT
systems for different language pairs and domains possible once parallel corpora
are available. Because of the high dependence on parallel corpora, the quality
and quantity of parallel corpora are crucial for SMT. However, except for a few
language pairs and some specialized domains, high quality parallel corpora of
sufficient size remain a scarce resource. This scarceness of parallel corpora has
become the main bottleneck for SMT.

Comparable corpora are a set of monolingual corpora that describe roughly
the same topic in different languages, but are not exact translation equivalents of
each other. Exploiting comparable corpora for SMT is the key to addressing the
scarceness of parallel corpora. The reason for this is that comparable corpora are
far more available than parallel corpora, and there is a large amount of parallel
data contained in the comparable texts. The main focus of this thesis is extracting
the parallel data from comparable corpora to improve SMT. There are three types
of parallel data in comparable corpora: bilingual lexicons, parallel sentences and
parallel fragments. In this thesis, we propose novel approaches to extract these
three types of parallel data from comparable corpora in an integrated frame-
work. In addition, we exploit linguistic knowledge of common Chinese characters

for Chinese-Japanese parallel data extraction as a case study. Bilingual lexicon
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extraction (BLE) is used for parallel sentence extraction and improving SMT ac-
curacy. The extracted parallel sentences and fragments are used as training data
for SMT. Experiments verify the effectiveness of our proposed approaches for the

scarceness of parallel corpora that SMT suffers.

In Chapter 1, we first introduce the mechanism of SMT and the scarceness
of parallel corpora. Next, we review the literature of exploiting comparable cor-
pora for SMT. Finally, we briefly describe our approaches and contributions in

exploiting comparable corpora for SMT.

In Chapter 2, we propose a method for automatically constructing a more
complete resource of common Chinese characters for the Chinese-Japanese lan-
guage pair using freely available resources. In addition, we propose an approach
exploiting common Chinese characters in Chinese word segmentation for SMT.
Common Chinese characters are used for parallel sentence (Chapter 4) and frag-
ment extraction (Chapter 5). The optimized segmenter is used throughout this

thesis work.

In Chapter 3, we present an iterative BLE system that is based on a novel
combination of topic model and context based methods, which are the two main
categories of methods that have been proposed for BLE from comparable corpora
in the literature. Our system does not rely on any prior knowledge and the perfor-
mance can be iteratively improved. Experiments conducted on Chinese-English,
Japanese-English and Chinese-Japanese Wikipedia data verify the effectiveness of

our proposed method.

In Chapter 4, we present a robust parallel sentence extraction system for con-
structing a Chinese-Japanese parallel corpus from Wikipedia. The system mainly
consists of a parallel sentence candidate filter and a classifier for parallel sentence
identification. We improve the system by using common Chinese characters for
filtering and three novel feature sets for classification. Experiments show that
our system performs significantly better than the previous studies for both accu-
racy in parallel sentence extraction and SMT performance. We further apply the

bilingual lexicons extracted in Chapter 3 for parallel sentence extraction.

In Chapter 5, an accurate parallel fragment extraction system is proposed.

In many types of comparable corpora, there are parallel fragments existing in
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comparable sentences that are also helpful for SMT. We propose a system that
uses an alignment model to locate the parallel fragment candidates, and uses an
accurate lexicon-based filter to identify the truly parallel ones. We further use
common Chinese characters for the lexicon-based filter to improve its coverage.
Experiments conducted on Chinese-Japanese comparable corpora indicate that
our system can accurately extract parallel fragments. In addition, we show that
parallel sentences and fragments can be integrally extracted from some types of
comparable corpora.

In Chapter 6, BLE together with paraphrases is proposed for the accuracy
problem of SMT. The translation pairs and their feature scores in the transla-
tion model of SMT can be inaccurate, because of the quality of the unsupervised
methods used for translation model learning. Estimating comparable features
from comparable corpora with BLE has been proposed for the accuracy problem
of SMT. However, BLE suffers from the data sparseness, which makes the compa-
rable features inaccurate. We propose using paraphrases to addressing this. Para-
phrases are used to smooth the vectors used in comparable feature estimation with
BLE. Experiments conducted on Chinese-English SMT verify the effectiveness of
our proposed method.

In Chapter 7, we provide concluding remarks and summaries of this thesis,

and outline the possible directions for future work.
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Chapter 1

Introduction

In this global era, the demand for translation is rapidly growing in various scenes,
and it is impossible to translate everything manually. Machine translation (MT),
as a powerful tool to improve the efficiency and reduce the cost of translation, is
quite important to promote globalization.

MT is a high level application of natural language processing (NLP), and it has
a long history. In the literature, two main approaches have been proposed, namely
rule-based and statistical approaches. In the early days of MT research, rule-based
MT is the main research direction. In rule-based MT, all the translation rules are
written by linguists manually, and then encoded into the MT system. However,
because language is too rich and complex, it is impossible to fully analyze and
distill it into a set of rules.

Motivated by the development of data-driven statistical approaches in many
other NLP problems, MT research turns to a new direction, namely statistical
machine translation (SMT) [17, 100, 71]. In SMT, translation knowledge is auto-
matically learned from parallel corpora, making it possible to rapidly develop MT
systems for different language pairs and domains once parallel corpora are avail-
able. Over the last decade or two, SMT has been the main approach. Nowadays,
most MT research is conducted based on this approach. Moreover, the major

online translation systems such as Google Translate,! Microsoft Bing Translate?

"https://translate.google.com/
http://www.bing.com/translator/
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and Baidu Online Translate,® are primarily using this approach.

In SMT, because translation knowledge is acquired from parallel corpora, the
quality and quantity of parallel corpora are crucial. However, except for a few
language pairs and some specialized domains, high quality parallel corpora of
sufficient size remain a scarce resource. This scarceness of parallel corpora has
become the main bottleneck for SMT.

Comparable corpora are a set of monolingual corpora that describe roughly
the same topic in different languages, but are not exact translation equivalents of
each other. Exploiting comparable corpora for SMT is the key to addressing the
scarceness of parallel corpora. The reason for this is that comparable corpora are
far more available than parallel corpora, and there is a large amount of parallel
data contained in the comparable texts.

In this chapter, firstly we give a brief introduction about the mechanism of
SMT. We then explain the scarceness of parallel corpora that SMT suffers. Next,
we describe comparable corpora, and review the literature of exploiting compa-
rable corpora for SMT. Finally, we present our approaches and contributions in

exploiting comparable corpora for SMT, and give an outline of this thesis.

1.1 Statistical Machine Translation

The mechanism of SMT can be expressed using the noisy channel model [117].
Given a source sentence f, we want to find the best target sentence translation é
that maximizes the conditional probability p(e|f), where e is a target sentence.
As it is hard to build one complete model, we apply the Bayes rule and decompose

it into two sub models:
é = argmax,p(e|f)
p(fle)p(e)
p(f)

= argmax,p(fle)p(e)

= argmax, (1.1)

where p(f|e) is called the translation model, and p(e) is called the language model.

The translation model denotes the probability that the source sentence f is gen-

3http://translate.baidu.com
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erated when the target sentence e is given. In SMT, the translation model is
trained on parallel corpora in an unsupervised way, whose quality correlates to
the quality and quantity of parallel corpora. Different translation models such as
word-based models [17], phrase-based models [74] and syntax-based models [45]
have been proposed in the literature. The language model denotes the fluency
of the target sentence e. It is trained on monolingual corpora, and the n-gram
language model is commonly used in SMT.

Och and Ney [99] generalized the noisy channel model of SMT to a log-linear

model. The log-linear model can be expressed using the following equation:

M
é= argmaxe{exp Z Amhum (e, f)} (1.2)
m=1

where h,,(e,f) denotes a feature function, and \,, is its corresponding weight.
The noisy channel model can be seen as a special case of the log-linear model

when we have the following two feature functions:
hi(e,f) = logp(fle) (1.3)

ha(e, f) = log p(e) (1.4)

and set their weights A\ = Ay = 1. Compared to the noisy channel model, there

are two main advantages of the log-linear model:

o It weights different model components, which may improve MT perfor-

mance.

e [t allows including additional model components in the form of feature func-

tion.

1.2 Scarceness of Parallel Corpora

With the spread of the web, monolingual corpora become easy to obtain. However,
parallel corpora remain a scarce resource. Parallel corpora are sentence-aligned
bilingual texts. Figure 1.1 shows an example of a Chinese-Japanese parallel cor-

pus.
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Zh: | #1: RS H ARG R IPRIFE DHL MR IEE X B ARERRFREE | Ja:

ZHIRIiEE .

#2: KB A& = AES. 69% <«
6. 60% 3 FH 1

#3: AT AR5 R B fhe
AL~ PR ST IR TR A b (A 2

RDRIEETH S,

PH2: BRI INIBEHFEES.

69-6. 60%DEH T,

i3 BRERYET O DODH

HISUMME-BREYRRERSE

s DEFLEE

Figure 1.1: Example of a Chinese-Japanese parallel corpus.

Because of the importance of parallel corpora in SMT, various efforts have
been made for collecting and constructing parallel corpora. Most existing paral-
lel corpora are collected from manually translated multilingual data such as the
United Nation official documents [38], the proceedings of the European Parliament
[70], the European Union (EU) legal documents [121], the EU Bookshop [118], the
patent family [132, 85] and movie subtitles [149], however such data is very limited
and creating such data is very expensive and time-consuming. Parallel corpora
also can be constructed by collecting parallel sentences from the Web [125], how-
ever the Web can be very noisy, which leads to noisy sentence pairs. Recently,
studies have been conducted on constructing parallel corpora via crowdsourcing
[147, 106], however these studies have found that it is very difficult to control the
quality. Moreover, parallel corpora can be constructed in a collaborative manner
such as the Tatoeba project,* however how to motivate people to collaborate is a
difficult issue.

In addition to the limitations of previous studies, there are several other rea-

sons for the scarceness of parallel corpora:

e Richness of languages. There are about 7,000 languages in the world. The
number of possible language pairs equals to the square of the number of
languages. Obviously, it is difficult to construct parallel corpora for every

language pair, especially for the low resource language pairs.

e Domain diversity. To improve SMT performance, the translation systems

“http://tatoeba.org/eng/
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should be specialized on particular domains. Constructing parallel corpora
in every domain is not an easy task, even for the language pairs that have

rich resources.

e Evolution of languages. Languages are evolving over time. Therefore, the
SMT training corpora should be updated on a regular basis. Again, this is

difficult in the case of parallel corpora.

Table 1.1 shows a list of multilingual parallel corpora that are available online.”
This list is collected with the help of [71], the website® of the state-of-the-art
phrase-based SMT toolkit Moses [72] and the open parallel corpus (OPUS) [126]
website.” We can see that currently parallel corpora of sufficient size are only
available for a few language pairs such as languages paired with English, and
several European language pairs. Moreover, even for these language pairs, the
available domains are limited. For the rest, comprising the majority of language
pairs and domains, only few or no parallel corpora are available. Taking Chinese-
Japanese as an example, the only available parallel corpus is a scientific domain
corpus, containing 680k sentences.

The scarceness of parallel corpora can lead to two main problems of SMT:

e The coverage problem. The scarceness of parallel corpora makes the cov-
erage of the translation model low, which leads to high out of vocabulary
(OOV) word rates when conducting translation [18]. Even we have parallel
corpora in sufficient size in one domain, the coverage problem occurs when
the domain shifts. Irvine et al. [62] showed that SMT performance decreases
significantly when using a system trained on one domain to translate texts

in different domains.

e The accuracy problem. As described in Section 1.1 the translation model
in SMT is automatically learned form parallel corpora in an unsupervised

way, and the quality of the unsupervised method used for translation model

5There are also several bilingual parallel corpora for particular language pairs, and we do not
list them up in Table 1.1.

Shttp://www.statmt.org/moses/?n=Moses.LinksToCorpora

"http://opus.lingfil.uu.se
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Corpora Language Domain Size (# sentences)
ASPEC* Ja-En, Zh-Ja science 3M, 680k
LDC? Zh-En, Ar-En news 100M, 100M (words)
IWSLT BTEC® Asian-En travel 700k
NTCIR PatentMT*¢ Zh-En, Ja-En patent 1M, 3M
Multi-UN*® 7 languages politics 11M
OpenOfficef 8 languages office 620k
Microtopia¥ En-5, Zh-9 social media 500k, 1M
WMT news commentary” | 5 European-En news 800k

ECB’ 19 European banking 30M
EMEA’ 22 European medicines 26M
Europarl® 21 European politics 30M
JRC-Acquis’ 22 European laws 1B (words)
EUbookshop™ 48 European book 173M

TED™ 33 languages subtitles 100k
OpenSubtitles® 59 languages subtitles 630M
Tatoeba? 129 languages example 3M

“http://orchid.kuee.kyoto-u.ac.jp/ASPEC/

*https://www.ldc.upenn.edu

“http:/ /iwslt2010.fbk.eu

“http:/ /ntcir.nii.ac.jp/PatentMT/
‘http://www.euromatrixplus.net/multi-un/
http://opus.lingfil.uu.se/OpenOffice3.php/

9http://www.cs.cmu.edu/ " lingwang/microtopia/

Mhttp://www.statmt.org/wmt13/translation-task.html#download
*http://opus.lingfil.uu.se/ECB.php
Thttp://opus.lingfil.uu.se/EMEA .php
Fhttp:/ /www.statmt.org/europarl/
"http://langtech.jrc.it/ JRC-Acquis.html
"http://opus.lingfil.uu.se/EUbookshop.php
"http://www.ted.com/about/programs-initiatives/ted-open-translation-project

°http://www.opensubtitles.org/

Phttp://tatoeba.org/eng/

Table 1.1: List of multilingual parallel corpora that are available online (the sizes

of the LDC and JRC-Acquis corpora are estimated on words, because the numbers

of sentences in these two corpora are not published).
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learning always correlates with the amount of parallel corpora. Therefore,
the scarceness of parallel corpora can lead to inaccurate translation mod-
els [60], naming that the translation pairs and their feature scores in the

translation model can be inaccurate.

1.3 Comparable Corpora

Comparable corpora are a set of monolingual corpora describing roughly the same
topic in different languages, which are not exact translation equivalents of each
other. We believe that exploiting comparable corpora is an effective way to ad-
dressing the scarceness of parallel corpora for SMT. Firstly, when using paral-
lel corpora one bilingual corpus is required for each language pair. In contrast,
when using comparable corpora one monolingual corpus per language suffices,
and monolingual corpora are easy to obtain. Secondly, comparable corpora are
far more available for various domains than parallel corpora, such as Wikipedia,
patent documents, news articles and academic papers. Thirdly, there are a large
amount of parallel data in comparable corpora, such as bilingual lexicons, parallel
sentences and parallel fragments. Comparable corpora have various granularities.
In comparable corpora with high comparability, there are many parallel sentences.
While in comparable corpora with low comparability, there are few parallel sen-
tences. However, there could be bilingual lexicons and parallel fragments. More-
over, there could be bilingual lexicons, parallel sentences and fragments in one
comparable corpus, in which comparable texts with different comparabilities are
contained (e.g., Wikipedia). Figure 1.2 shows an example of aligned Chinese-
Japanese comparable texts describing a French city “Sete” from Wikipedia.® We
can see that there are three types of parallel data: bilingual lexicons, parallel
sentences and parallel fragments in the comparable texts.

Compared to parallel corpora, research on comparable corpora for SMT is still
at an earlier stage. However, the history is not short, which has been ongoing for

almost 20 years. As this is a very challenging and important problem, research

8In Wikipedia, articles in different languages on the same topic are manually aligned via

interlanguage links by the authors.
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Figure 1.2: Example of comparable texts describing the French city “Sete” from

Wikipedia (bilingual lexicons are linked with dashed lines, parallel sentences are

linked with solid lines, and parallel fragments are linked with double lines).

interest has steadily increased. Previous studies on comparable corpora mainly

focus on the following directions.

e Parallel data extraction.

— Bilingual lexicon extraction (BLE). From the early work of [110, 40],

BLE has the longest history in exploiting comparable corpora for SMT.
The main goal of BLE is the construction of bilingual dictionaries,
which are important for both SMT and cross-lingual information re-
trieval (CLIR) [105]. BLE from comparable corpora is based on the
distributional hypothesis [54], stating that words with similar meaning
appear in similar distributions across languages. Contextual similarity

is mostly used in BLE.

Parallel sentence extraction. It identifies parallel sentences from com-
parable corpora, and automatically constructs parallel corpora for SMT.
Parallel sentences can be identified based on classification [93] or using
some translation similarity measures [131]. Similar features such as
word overlap and sentence length based features are used in both of

these two approaches.

— Parallel fragment extraction. Although there are few or no parallel
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sentences in comparable corpora with low comparability, there could
be parallel fragments in comparable sentences. Parallel fragments are
also helpful for SMT. Parallel fragment extraction mainly relies on

bilingual lexicons [94] or alignment models [109].
e Translation model improvement.

— As described in Section 1.2, the scarceness of parallel corpora can lead
to the coverage problem of SMT. BLE can be used to addressing this
problem, which mines translations for the unknown words or phrases in
the translation model from comparable corpora [34]. Parallel fragment
extraction also has been used for this problem, which extracts frag-
ments from comparable corpora to construct a new translation model
[148].

— As described in Section 1.2, the scarceness of parallel corpora also can
lead to the accuracy problem of SMT. BLE can be used to addressing
this problem, which estimates comparable features from comparable

corpora for the translation pairs in the translation model [67].

e Language model adaptation. It retrieves target side comparable sentences
[151] or documents [120] for a source sentence or document from comparable
corpora using CLIR, and trains a specific language model on the retrieved
data. This adapted language model is used when translating the source
sentence or document, which is helpful for generating target resemble trans-

lations and thus improve MT performance.

Besides the increase of research interest on comparable corpora, there are also
a considerable number of research projects (such as ACCURAT? and TTC.1?)
that devote fully or partly using comparable corpora for SMT. Moreover, the
workshop series on “Building and Using Comparable Corpora” (BUCC)!! is now

in its seventh year, and publish a related book.!?

“http://www.accurat-project.eu/

Ohttp: / /www.ttc-project.eu/
"http://comparable.limsi.fr/bucc2014/
2http://www.springer.com/computer/ai/book,/978-3-642-20127-1



10 CHAPTER 1. INTRODUCTION

1.4 Overview of Our Approach

The main focus of this thesis is exploiting comparable corpora to addressing the
scarceness of parallel corpora. We propose an integrated framework for this. The
overview of our approach is presented in Figure 1.3. As initial, we have com-
parable corpora and a small seed parallel corpus. We first generate a bilingual
dictionary from the seed parallel corpus. As the coverage of this dictionary is low,
we further extract bilingual lexicons from comparable corpora ((1) in Figure 1.3)
and combine them with the generated dictionary. Using the combined dictionary,
we can apply CLIR [105] to generate parallel sentence candidates from comparable
corpora.'® Next, we apply parallel sentence extraction that can classify the paral-
lel sentence candidates into parallel and comparable sentences ((2) in Figure 1.3).
We then apply parallel fragment extraction to extract parallel fragments from
the comparable sentences ((3) in Figure 1.3). The combined dictionary can be
used for both parallel sentence and fragment extraction. Moreover, the extracted
parallel sentences can be used to support parallel fragment extraction. The ex-
tracted parallel sentences and fragments are used as training data for SMT, which
are helpful to addressing both the coverage and accuracy problems of SMT caused
by the scarceness of parallel corpora described in Section 1.2. Also, they can be
appended to the seed parallel corpus for bootstrapping. Finally, we apply BLE
to further improve the accuracy of SMT ((4) in Figure 1.3).

The framework is language independent, and can be further improved us-
ing language specific knowledge. In this thesis work, we further exploit linguistic
knowledge for the Chinese-Japanese language pair as a case study. A special char-
acteristic of the Chinese-Japanese languages is that they share common Chinese
characters'? [26]. Because common Chinese characters share the same meaning,
they can be valuable linguistic clues for Chinese-Japanese parallel data extrac-
tion. In this work, we use common Chinese characters for both Chinese-Japanese

parallel sentence and fragment extraction ((5) in Figure 1.3).

3For comparable corpora that article alignment has been manually established such as

Wikipedia, CLIR is not required for parallel sentence candidate generation.
' Common Chinese characters can be seen as cognates (words or languages that have the same

origin).
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The main contributions of this thesis can be summarized as follows:

e We propose an integrated parallel data extraction framework for SMT. Al-
though different approaches have been proposed for extracting bilingual lex-
icons, parallel sentences and parallel fragments, and the accuracy problem of
SMT using BLE as we described in Section 1.3, all the previous studies treat
them as individual tasks. This is the first study that proposes an integrated
framework, in which all the tasks are closely connected and can benefit each

other.

e We propose novel approaches to extract bilingual lexicons, parallel sentences
and parallel fragments from comparable corpora respectively, and a novel

approach for using BLE to addressing the accuracy problem of SMT.

e We show that common Chinese characters are helpful for Chinese-Japanese
parallel data extraction. Although common Chinese characters are specific
for the Chinese-Japanese language pair, however, a similar idea can be ap-

plied to other language pairs that share cognates.

1.5 Outline of This Thesis

The rest of this thesis is structured as follows.

In Chapter 2, we propose a method for automatically creating a Chinese char-
acter mapping table using freely available resources, and construct a more com-
plete resource containing common Chinese characters for the Chinese-Japanese
language pair. In addition, we propose an approach exploiting common Chinese
characters in Chinese word segmentation for SMT. The mapping table is used for
parallel sentence (Chapter 4) and fragment extraction (Chapter 5). The optimized
segmenter is used throughout this thesis work.

In Chapter 3, an iterative BLE system with topical and contextual knowledge
is presented. In the literature, two main categories of methods have been pro-
posed for BLE from comparable corpora, namely topic model and context based

methods. We present a BLE system that is based on a novel combination of these
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two methods in an iterative process. Our system does not rely on any prior knowl-
edge and the performance can be iteratively improved. Experiments conducted
on Chinese-English, Japanese-English and Chinese-Japanese Wikipedia data show

that our proposed method significantly outperforms the previous studies.

In Chapter 4, a robust parallel sentence extraction system is presented. The
system is inspired by previous studies that mainly consist of a parallel sentence
candidate filter and a classifier for parallel sentence identification. We improve
the system by using common Chinese characters for filtering and classification.
Experiments show that our system performs significantly better than the previous
studies for both accuracy in parallel sentence extraction and SMT performance.
Using the system, we construct a Chinese-Japanese parallel corpus with more
than 126k highly accurate parallel sentences from Wikipedia. We further apply

the bilingual lexicons extracted in Chapter 3 for parallel sentence extraction.

In Chapter 5, we propose an accurate parallel fragment extraction system us-
ing alignment model and bilingual lexicon. Previous studies have found it difficult
to accurately extract parallel fragments from comparable sentences. To address-
ing this, we propose an accurate parallel fragment extraction system that uses an
alignment model to locate the parallel fragment candidates, and uses an accurate
lexicon-based filter to identify the truly parallel ones. We further use common
Chinese characters for the lexicon-based filter to improve its coverage. Experi-
mental results on Chinese-Japanese comparable corpora indicate that our system
can accurately extract parallel fragments. In addition, we show that parallel sen-
tences and fragments can be integrally extracted from some types of comparable

corpora.

In Chapter 6, we propose using BLE together with paraphrases to addressing
the accuracy problem of SMT. Previous studies propose estimating comparable
features for the translation pairs in the translation model from comparable cor-
pora, to improve the accuracy of the translation model. Comparable feature
estimation is based on BLE technology. However, BLE suffers from the data
sparseness, which makes the comparable features inaccurate. We propose using
paraphrases to addressing this. Paraphrases are used to smooth the vectors used

in comparable feature estimation with BLE. In this way, we improve the quality
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of comparable features, which can improve the accuracy of the translation model
thus improve SMT performance. Experiments conducted on Chinese-English SMT

verify the effectiveness of our proposed method.

In Chapter 7, we summarize this thesis, and remark on possible future direc-

tions of this work.



Chapter 2

Common Chinese Characters

Differing from other language pairs, Chinese and Japanese share Chinese charac-
ters. In Chinese, Chinese characters are called Hanzi, while in Japanese they are
called Kanji. Hanzi can be divided into two groups, Simplified Chinese (used in
mainland China and Singapore) and Traditional Chinese (used in Taiwan, Hong
Kong, and Macau). The number of strokes needed to write characters has been
largely reduced in Simplified Chinese, and the shapes may be different from those
in Traditional Chinese. Because Kanji characters originated from ancient China,
many common Chinese characters exist in Hanzi and Kanji.

Because Chinese characters contain a significant amount of semantic infor-
mation, and common Chinese characters share the same meaning, they can be
valuable linguistic clues in many Chinese-Japanese natural language processing
(NLP) tasks. Many studies have exploited common Chinese characters. For
example, Tan et al. [124] used the occurrence of identical common Chinese char-
acters in Chinese and Japanese in an automatic sentence alignment task. Goh
et al. [50] detected common Chinese characters where Kanji are identical to Tra-
ditional Chinese, but differ from Simplified Chinese. Using a Chinese encoding
converter! that can convert Traditional Chinese into Simplified Chinese, they
built a Japanese-Simplified Chinese dictionary partly using direct conversion of
Japanese into Chinese for Japanese Kanji words. Huang et al. [59] examined and

analyzed the semantic relations between Chinese and Japanese at a word level

"http://www.mandarintools.com/zhcode.html

15
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C1 C2 C3 C4 Ch C6
Meaning snow | love | country | begin | octopus | included
Kanji Et 5 I fig ik
Traditional Chinese | & = 2% firt N/A
Simplified Chinese Ef % b2 N/A N/A

Table 2.1: Examples of Chinese characters (“C” denotes Category, which is de-
scribed in Section 2.1.4).

based on a common Chinese character mapping. They used a small list of 125
visual variational pairs of manually matched common Chinese characters.

However, the resources for common Chinese characters used in these previous
studies are not complete. In this chapter, we propose a method for automatically
creating a Chinese character mapping table for Japanese, Traditional Chinese, and
Simplified Chinese using freely available resources, with the aim of constructing
a more complete resource containing common Chinese characters.

In addition, we point out two main problems in Chinese word segmentation for
Chinese-Japanese SMT, namely, unknown words and word segmentation granu-
larity. In Chinese-Japanese SMT, parallel sentences contain equivalent meanings
in each language, and we assume that common Chinese characters appear in the
sentences. Therefore, we propose an approach exploiting common Chinese char-
acters to solve these problems. Experimental results show that our proposed

approaches improve SMT performance significantly.

2.1 Chinese Character Mapping Table

Table 2.1 gives some examples of Chinese characters in Japanese, Traditional
Chinese, and Simplified Chinese, from which we can see that the relation between
Kanji and Hanzi is quite complicated.

Because Kanji characters originated from ancient China, most Kanji have fully
corresponding Chinese characters in Hanzi. In fact, despite Japanese having con-

tinued to evolve and change because its adoption of Chinese characters, the visual
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forms of the Chinese characters have retained a certain level of similarity; many
Kanji are identical to Hanzi (e.g., “Z (snow)” in Table 2.1), some Kanji are iden-
tical to Traditional Chinese characters but differ from Simplified Chinese ones
(e.g., “Z (love)” in Table 2.1), while others are identical to Simplified Chinese
characters but differ from Traditional Chinese ones (e.g., “[E (country)” in Ta-
ble 2.1). There are also some visual variations in Kanji that have corresponding
Chinese characters in Hanzi although the shapes differ from those in Hanzi (e.g.,
“¥& (begin)” in Table 2.1). However, there are some Kanji that do not have fully
corresponding Chinese characters in Hanzi. Some Kanji only have corresponding
Traditional Chinese characters (e.g., “ffff (octopus)” in Table 2.1), because they
were not simplified into Simplified Chinese. Moreover, there are some Chinese
characters that originated in Japan namely, Kokuji, which means that these na-
tional characters may have no corresponding Chinese characters in Hanzi (e.g., “
A (included)” in Table 2.1).

What makes the relation even more complicated is that a single Kanji form
may correspond to multiple Hanzi forms. Also, a single Simplified Chinese form
may correspond to multiple Traditional Chinese forms, and vice versa.

Focusing on the relation between Kanji and Hanzi, we present a method for au-
tomatically creating a Chinese character mapping table for Japanese, Traditional
Chinese, and Simplified Chinese using freely available resources [27]. Common
Chinese characters shared in Chinese and Japanese can be found in the mapping
table. Because Chinese characters contain significant semantic information, this

mapping table could be very useful in Chinese-Japanese MT.

2.1.1 Related Work

Hantology [23] is a character-based Chinese language resource, which has adopted
the Suggested Upper Merged Ontology (SUMO) [97] for a systematic and theo-
retical study of Chinese characters. Hantology represents orthographic forms, the
evolution of script, pronunciation, senses, lexicalization, as well as variants for
different Chinese characters. However, the variants in Hantology are limited to
Chinese Hanzi.

Chou et al. [24] extended the architecture of Hantology to Japanese Kanji, and
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included links between Chinese Hanzi and Japanese Kanji, thereby providing a
platform for systematically analyzing variations in Kanji. However, a detailed
analysis of variants of Kanji has not been presented. Moreover, because the
current version of Hantology only contains 2,100 Chinese characters, whereas our
mapping table includes all 6,355 JIS Kanji, it is difficult to create a mapping table
between Kanji and Hanzi, based on Hantology, and which is as complete as our

proposed method.

2.1.2 Kanji and Hanzi Character Sets

The character set in use for Kanji is JIS Kanji code, whereas for Hanzi, there are
several, of which we have selected Bigh for Traditional Chinese and GB2312 for
Simplified Chinese, both of which are widely used.

e For JIS Kanji code, JIS X 0208 is a widely used character set specified
as the Japanese Industrial Standard, containing 6,879 graphic characters,
including 6,355 Kanji and 524 non-Kanji. The mapping table is for the
6,355 Kanji characters, that is, JIS Kanji, in JIS X 0208.

e Bigh is the most commonly used character set for Traditional Chinese in
Taiwan, Hong Kong, and Macau, and was defined by the “Institute for
Information Industry” in Taiwan. There are 13,060 Traditional Chinese

characters in Big5.

e (GB2312 is the main official character set of the People’s Republic of China
for Simplified Chinese characters, and is widely used in mainland China and

Singapore. GB2312 contains 6,763 Simplified Chinese characters.

2.1.3 Related Freely Available Resources

e Unihan database? is the repository for the Unicode Consortium’s collective

knowledge regarding the CJK (Chinese-Japanese-Korean) Unified Ideographs

http://unicode.org/charts/unihan.html
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Traditional Chinese | # | 2R | 88 | ¥, & | T, &, ¥
Simplified Chinese | # | # | &% | +

Table 2.2: Hanzi converter standard conversion table.

19

contained in the Unicode Standard®. The database consists of a number of

fields containing data for each Chinese character in the Unicode Standard.

These fields are grouped into categories according to their purpose, including

9w

“mappings,

readings,” “dictionary indices,

9w«

radical stroke counts,” and

“variants.” The “mappings” and “variants” categories contain information

regarding the relation between Kanji and Hanzi.

e The Chinese encoding converter® is a open source system that converts Tra-

ditional Chinese into Simplified Chinese.

The Hanzi converter standard

conversion table, a resource used by the converter, contains 6,740 corre-

sponding Traditional Chinese and Simplified Chinese character pairs.

It

can be downloaded from the website. Table 2.2 depicts a portion of the

table.

e Kanconvit® is a publicly available tool for Kanji-Simplified Chinese con-

version. It uses 1,159 visual variational Kanji-Simplified Chinese character

pairs extracted from a Kanji, Traditional Chinese, and Simplified Chinese

mapping table, containing 3,506 one-to-one mappings. Table 2.3 depicts a

portion of this table.

2.1.4 Construction Method

Based on the relation between Kanji and Hanzi, we define the following seven

categories for Kanji.

3The Unicode Standard is a character coding system for the consistent encoding, representa-

tion and handling of text expressed in most of the world’s writing systems. The latest version of

the Unicode Standard is 6.1.0.

“http://www.mandarintools.com /zhcode.html

Shttp://kanconvit.ta2o.net /
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Kanji ZFE | 28| E | B
Traditional Chinese | & | & | & | & | = | 18
Simplified Chinese | % | H | & | | = | 5

Table 2.3: Kanconvit mapping table.

e Category 1: identical to Hanzi

e Category 2: identical to Traditional Chinese, but different from Simplified

Chinese

e Category 3: identical to Simplified Chinese, but different from Traditional

Chinese
e Category 4: visual variations
e Category 5: with a corresponding Traditional Chinese character only
e Category 6: no corresponding Hanzi
e Others: does not belong to the above categories

We create a Chinese character mapping table for Japanese, Traditional Chi-
nese, and Simplified Chinese by classifying JIS Kanji into these seven categories
and automatically finding the corresponding Traditional Chinese and Simplified
Chinese characters using the resources introduced in Section 2.1.3. The method

involves two steps:
e Step 1: extraction
e Step 2: categorization and construction

In Step 1, we extract the JIS Kanji, Bigh Traditional Chinese, and GB2312
Simplified Chinese from the Unihan database. These Chinese characters are col-
lected in the “mappings” category, which contains mappings between Unicode
and other encoded character sets for Chinese characters. JIS Kanji are obtained
from the “kIRG_JSource JO” field, Bigh Traditional Chinese from the “kBigFive”
field, and GB2312 Simplified Chinese from the “kIRG_GSource GO0” field.
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In Step 2, we categorize the JIS Kanji and construct a mapping table. We
automatically check every character in the JIS Kanji as follows. If the Kanji
exists in both Bigb and GB2312, it belongs to Category 1. If the Kanji exists
only in Bigh, we check whether a corresponding Simplified Chinese character can
be found; if so, it belongs to Category 2, otherwise, it belongs to Category 5. If
the Kanji exists only in GB2312, we check whether a corresponding Traditional
Chinese character can be found; if so, it belongs to Category 3. If the Kanji exists
in neither Bigd nor GB2312, we check whether corresponding Hanzi can be found;
if a fully corresponding Chinese character exists in Hanzi, it belongs to Category
4, else if only a corresponding Traditional Chinese character exists, it belongs to
Category 5, else if no corresponding Chinese character exists in Hanzi, it belongs
to Category 6, otherwise, it belongs to Others.

To find the corresponding Hanzi, we search Traditional Chinese and Simplified
Chinese variants, as well as other variants for all Kanji. This search is carried
out using the “variants” category in the Unihan database, in which there are
five fields: “kTraditionalVariant” corresponding to Traditional Chinese variants,
“kSimplified Variant” corresponding to Simplified Chinese variants, and “kZVari-
ant,” “kSemanticVariant,” and “kSpecializedSemanticVariants” corresponding to
the other variants. In addition, we also use the Hanzi converter standard conver-
sion table and Kanconvit mapping table. Note that the resources in the Hanzi
converter standard conversion table can only be used for the Traditional Chinese
and Simplified Chinese variants search, whereas the Kanconvit mapping table can

also be used for the other variants search.
2.1.5 Details of the Mapping Table
The format for Kanji in Categories 1, 2, 3, and 4 in the mapping table is as follows:

e Kanji|TAB|Traditional Chinese[TAB]Simplified Chinese[RET]

If multiple Hanzi forms exist for a single Kanji, we separate them with “.” Ta-
ble 2.4 shows some examples of multiple Hanzi forms. The formats for Kanji in

Categories 5 and 6 are as follows:

e Category 5: Kanji|TAB]Traditional Chinese[TAB|N/A[RET]
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Kanji i 1= fiz )
Traditional Chinese | 7%, fit, ot Kb, & ¢ | . {2 | fiz | B, 0
Simplified Chinese 5, k5 e, PE (i3 i k| Bh, 0

Table 2.4: Examples of multiple Hanzi forms.

C1 C2 | C3 | C4 | C5 | C6 | Others
Unihan | 3141 | 1815 | 177 | 533 | 384 | 289 16
+Han | 3141 | 1843 | 177 | 542 | 347 | 289 16
+Kan | 3141 | 1847 | 177 | 550 | 342 | 282 16

Table 2.5: Resource statistics (“Han” denotes the Hanzi converter standard con-

version table, while “Kan” denotes the Kanconvit mapping table).

e Category 6: Kanji|[TAB|N/A[TAB|N/A[RET]

Table 2.5 gives some statistics of the Chinese character mapping table we
created for Japanese, Traditional Chinese, and Simplified Chinese. Here, “Others”
are the Kanji that have a corresponding Simplified Chinese character only. There
are corresponding Traditional Chinese characters for these Kanji, but they were
not collected in Bigh Traditional Chinese. Kanji “ff (bastard halibut)” is one of
such examples. Compared with using only the Unihan database, incorporating the
Hanzi converter standard conversion and Kanconvit mapping tables can improve
the completeness of the mapping table. Tables 2.6 and 2.7 give some examples of
additional Chinese character mappings found using the Hanzi converter standard

conversion table and Kanconvit mapping table, respectively.

2.1.6 Completeness Evaluation

To show the completeness of the mapping table we created, we used a resource
from Wiktionary®, which is a wiki project aimed at producing a free-content multi-
lingual dictionary. In the Japanese version of Wiktionary, there is a Kanji category

that provides a great deal of information about Kanji, such as variants, origins,

Shttp://www.wiktionary.org/
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Kanji itk 7t L 3
Traditional Chinese | i, W, ¢, &, ik | 56,0€, € | 8,58 | &
Simplified Chinese ik, H e & | B

Table 2.6: Examples of additional mappings found using the Hanzi converter

standard conversion table.

Kanji 75 g XL R |
Traditional Chinese | %, 55 | 4, 9 | % | 8% | 45
Simplified Chinese A E20 S| Bo|

Table 2.7: Examples of additional mappings found using the Kanconvit mapping

table.

meanings, pronunciation, idioms, Kanji in Chinese and Korean, and codes. We
are interested in the variants part. Figure 2.1 gives an example of Kanji “/&” from
the Japanese Wiktionary, in which the variants part, containing the Traditional
Chinese variant “f&,” Simplified Chinese variant “/",” and other variant “B#” of
Kanji “Ii,” is enclosed by a rectangle.

We downloaded the Japanese Wiktionary database dump data’ (2012-Jan-31)
and extracted the variants for JIS Kanji. We then constructed a mapping table
based on the Wiktionary using the method described in Section 2.1.4, the only
difference being that for the Traditional Chinese, Simplified Chinese, and other
variants search, we used the variants extracted from the Japanese Wiktionary.

To evaluate the completeness of the mapping table created using the pro-
posed method, we compared the statistics thereof with those of Wiktionary. Ta-
ble 2.8 shows the completeness comparison between the proposed method and
Wiktionary. We can see that the proposed method creates a more complete map-
ping table than Wiktionary. Table 2.9 gives some examples of Chinese character
mappings found by the proposed method, but which do not exist in the current
version of Wiktionary.

Furthermore, we carried out an experiment by combining the mapping table

"http://dumps.wikimedia.org/jawiktionary/
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7N

BiR EEET]
187
11 7R
1288
2 BAEE
21 BT
22 P8
3 PEEE
4 BRBYET
50—
51 5F

-%JIIE,}—A-%? "L'}"“)'Z)'z:

Figure 2.1: Example of Kanji “/JA” from Japanese Wiktionary.

C1 C2 | C3 | C4 | C5 | C6 | Others
Proposed 3141 | 1847 | 177 | 550 | 342 | 282 16
Wiktionary | 3141 | 1781 | 172 | 503 | 412 | 316 30
Combination | 3141 | 1867 | 178 | 579 | 325 | 249 16

Table 2.8: Completeness comparison between proposed method and Wiktionary.

we created with Wiktionary. The results in Table 2.8 show that Wiktionary can
be used as a supplementary resource to further improve the completeness of the
mapping table. Table 2.10 gives some examples of Chinese character mappings

contained in Wiktionary, but which were not found by the proposed method.

2.1.7 Coverage of Common Chinese Characters

We investigated the coverage of common Chinese characters on a Simplified Chinese-

Japanese corpus, namely, the Chinese-Japanese section of the Asian Scientific
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Kanji A % | fE | & mE
Traditional Chinese | &, 8 | 75 | & | & | &
Simplified Chinese b, 7| B E

Table 2.9: Examples of mappings that do not exist in Wiktionary.

Kanji % W | & || &
Traditional Chinese | 7,70 | ¥, X | & | # | =
Simplified Chinese H. X Z | k| E

Table 2.10: Examples of mappings not found by the proposed method.

Paper Excerpt Corpus (ASPEC).® This corpus is a scientific domain corpus pro-
vided by the Japan Science and Technology Agency (JST)? and the National In-
stitute of Information and Communications Technology (NICT).!0 It was created
by the Japanese project “Development and Research of Chinese-Japanese Natu-
ral Language Processing Technology.” Some statistics of this corpus are given in
Table 2.11.

We measured the coverage in terms of both characters and words under two

different experimental conditions:
e Identical: only exactly the same Chinese characters.

e +Common: perform Kanji to Hanzi conversion for common Chinese char-
acters using the Chinese character mapping table constructed as described

in Section 2.1.

Table 2.12 presents the coverage results for common Chinese characters. If
we use all the resources available, we can find corresponding Hanzi characters for

over 76% of the Kanji characters.

8http:/ /lotus.kuee.kyoto-u.ac.jp/ ASPEC
http://www.jst.go.jp
Yhttp://www.nict.go.jp
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Ja Zh
# of sentences 680k

# of words 21.8M 18.2M
# of Chinese characters | 14.0M 24.2M
average sentence length 32.9 22.7

Table 2.11: Statistics of Chinese-Japanese corpus.

character word
Ja Zh Ja Zh
Identical 52.41% 30.48% | 26.27% 32.09%
+Common | 76.66% 44.58% | 32.84% 39.46%

Table 2.12: Coverage of common Chinese characters.

2.2 Exploiting in Chinese Word Segmentation Opti-

mization

As there are no explicit word boundary markers in Chinese, word segmentation
is considered an important first step in MT. Studies have shown that an MT
system with Chinese word segmentation outperforms those treating each Chinese
character as a single word, while the quality of Chinese word segmentation affects
MT performance [145, 21]. It has been found that besides segmentation accuracy,
segmentation consistency and granularity of Chinese words are also important for
MT [21]. Moreover, optimal Chinese word segmentation for MT is dependent on
the other language, and therefore, a bilingual approach is necessary [86].

Most studies have focused on language pairs containing Chinese and another
language with white spaces between words (e.g., English). Our focus is on Chinese-
Japanese MT, where segmentation is needed on both sides. Segmentation for
Japanese successfully achieves an F-score of nearly 99% [76], while that for Chinese
is still about 95% [141]. Therefore, we only do word segmentation optimization
in Chinese, and use the Japanese segmentation results directly.

Similar to previous works, we also consider the following two Chinese word
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Figure 2.2: Example of Chinese word segmentation problems in Chinese-Japanese
MT.

segmentation problems to be important for Chinese-Japanese MT. The first prob-
lem relates to unknown words, which cause major difficulties for Chinese seg-
menters and affect segmentation accuracy and consistency. Consider, for exam-
ple, “Kosaka” shown in Figure 2.2, which is a proper noun in Japanese. Because
“Kosaka” is a unknown word for a Chinese segmenter, it is mistakenly segmented
into two tokens, whereas the Japanese word segmentation result is correct.

The second problem is word segmentation granularity. Most Chinese seg-
menters adopt the famous Penn Chinese Treebank (CTB) standard [144], while
most Japanese segmenters adopt a shorter unit standard. Therefore, the segmen-
tation unit in Chinese may be longer than that in Japanese even for the same
concept. This can increase the number of 1-to-n alignments making the word
alignment task more difficult. Taking “founder” in Figure 2.2 as an example, the
Chinese segmenter recognizes it as one token, while the Japanese segmenter splits
it into two tokens because of the different word segmentation standards.

To solve the above problems, we proposed an approach based on a bilingual
perspective that exploits common Chinese characters shared between Chinese
and Japanese in Chinese word segmentation optimization for MT [25]. In this
approach, Chinese entries are extracted from a parallel training corpus based on
common Chinese characters to augment the system dictionary of a Chinese seg-
menter. In addition, the granularity of the training data for the Chinese segmenter

is adjusted to that of the Japanese one by means of extracted Chinese entries.

2.2.1 Related Work

Exploiting lexicons from external resources [104, 21] is one way of dealing with the

unknown word problem. However, the external lexicons may not be very efficient
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for a specific domain. Some studies [145, 86] have used the method of learning a
domain specific dictionary from the character-based alignment results of a parallel
training corpus, which separate each Chinese character, and consider consecutive
Chinese characters as a lexicon in n-to-1 alignment results. Our proposed method
differs from these studies in that we obtain a domain specific dictionary by extract-
ing Chinese lexicons directly from a segmented parallel training corpus, making
word alignment unnecessary.

The goal of our proposed short unit transformation method is to form the
segmentation results of Chinese and Japanese into a 1-to-1 mapping, which can
improve alignment accuracy and MT performance. Bai et al. [10] proposed a
method for learning affix rules from an aligned Chinese-English bilingual termi-
nology bank to adjust Chinese word segmentation in the parallel corpus directly
with the aim of achieving the same goal. Our proposed method does not adjust
Chinese word segmentation directly. Instead, we utilize the extracted Chinese lex-
icons to transform the annotated training data of a Chinese segmenter into a short
unit standard, and perform segmentation using the retrained Chinese segmenter.

Wang et al. [142] also proposed a short unit transformation method. The pro-
posed method is based on transfer rules and a transfer database. The transfer
rules are extracted from alignment results of annotated Chinese and segmented
Japanese training data, while the transfer database is constructed using external
lexicons and is manually modified. Our proposed method learns transfer knowl-
edge based on common Chinese characters. Moreover, no external lexicons or

manual work is required.

2.2.2 Chinese Entry Extraction

Chinese entries are extracted from a parallel training corpus through the following

steps.

e Step 1: Segment Japanese sentences in the parallel training corpus.

e Step 2: Convert Japanese tokens consisting only of Kanji ! into Simplified

Chinese using the Chinese character mapping table created in Section 2.1.

1 Japanese has several other kinds of character types apart from Kanji.
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e Step 3: Extract the converted tokens as Chinese entries if they exist in the

corresponding Chinese sentence.

For example, “/Ni (Kosaka),” “JeE (Mr.),” “HA (Japan),” “If/K (clinical),”
“JBKIE (anesthesia),” “#4% (society),” “fill#f (found),” and “# (person)” in Fig-
ure 2.2 would be extracted. Note that although “If/K <> /K (clinical),” “FRE#
< BRI (anesthesia),” and “fl|# <> Al4A (found)” are not identical, because “[[f<>
i (arrive),” “Bf <> B} (drunk),” and “fil]<> ] (create)” are common Chinese char-
acters, “EfifK (clinical)” is converted into “Iff/K (clinical),” “WRE¢ (anesthesia)” is
converted into “MEF (anesthesia),” and “Bl#A (found)” is converted into “fill4A
(found)” in Step 2.

2.2.3 Chinese Entry Incorporation

Several studies have shown that using a system dictionary is helpful for Chinese
word segmentation [84, 141]. Therefore, we used a corpus-based Chinese word
segmentation and POS tagging tool with a system dictionary and incorporated
the extracted entries into the system dictionary. The extracted entries are not
only effective for the unknown word problem, but also useful in solving the word
segmentation granularity problem.

However, setting POS tags for the extracted entries is problematic. To solve
this problem, we created a POS tag mapping table between Chinese and Japanese
by hand. For Chinese, we used the POS tagset used in CTB, which is also used
in our Chinese segmenter. For Japanese, we used the POS tagset defined in the
morphological analyzer JUMAN [77]. JUMAN uses a POS tagset containing sub
POS tags. For example, the POS tag “#7d (noun)” contains sub POS tags such
as “Hi@44 5] (common noun),” “[EH#5F (proper noun),” “HfH445H (temporal
noun),” and so on. Table 2.13 shows a part of the Chinese-Japanese POS tag
mapping table we created, with the sub POS tags of JUMAN given within square
brackets.

POS tags for the extracted Chinese entries are assigned by converting the POS
tags of Japanese tokens assigned by JUMAN into POS tags of CTB. Note that not
all POS tags of JUMAN can be converted into POS tags of CTB, and vice versa.

Those that cannot be converted are not incorporated into the system dictionary.
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JUMAN CTB
&5 (adverb) AD
F#ia (conjunction) CC
#5 (noun) [#G (numeral noun)] CD
KEFFE (undefined word) [7 V7 7 X I (alphabet)] FW
J&EEA (interjection) 1J
BERERE (suffix) [#eaMEA G BIEEE (measure word suffix)] M

#7 (noun) [i#44# (common noun) / ¥ Z £ (sahen noun) / | NN
A&7 (formal noun) / EIFAM44E (adverbial noun)] /
PREE (suffix) [#aME4 G EE (noun suffix) /

HaA MR A BEEEE (special noun suffix)]

#45 (noun) [[EE 445 (proper noun) / #i# (place name) / NR
A# (person name) / #fHli#i#4 (organization name)]

#5 (noun) [IRifHA A (temporal noun)] NT
¥§%% (special word) PU
255 (adjective) VA
i (verb) / %5 (noun) [V 45 (sahen noun)] VvV

Table 2.13: Chinese-Japanese POS tag mapping table.

2.2.4 Short Unit Transformation

Bai et al. [10] showed that adjusting Chinese word segmentation to create a token
1-to-1 mapping as far as possible between parallel sentences can improve alignment
accuracy, which is crucial for corpus-based MT. Wang et al. [142] proposed a
short unit standard for Chinese word segmentation that is more similar to the
Japanese word segmentation standard, and which can reduce the number of 1-to-

n alignments and improve MT performance.

We previously proposed a method for transforming the annotated training
data of the Chinese segmenter into the Japanese word segmentation standard us-
ing the extracted Chinese entries, and then used the transformed data to train the

Chinese segmenter [25]. Because the extracted entries are derived from Japanese
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Figure 2.3: Example of previous short unit transformation.

word segmentation results, they follow the Japanese word segmentation standard.
Therefore, we utilize these entries in short unit transformation. We use the Chi-
nese entries extracted in Section 2.2.2 and modify every token in the training
data for the Chinese segmenter. If the token is longer than a extracted entry, it is
simply split. Figure 2.3 gives an example of this process, where “H%Y (effective)”
and “ZE3& (element)” are both extracted entries. Because “A2UM: (effectiveness)”
is longer than “H%X (effective),” it is split into “HRX (effective)” and “M: (a noun
suffix),” and because “t&% 3 (case element)” is longer than “Z3Z (element),”
it is split into “#& (case)” and “ZL3& (element).” For POS tags, the originally
annotated one is retained for the split tokens.

Although this method works well in most cases, it suffers from the problem
of transformation ambiguity. For example, for a long token like “#4%#4 (student
studying abroad)” in the annotated training data, entries “f4% (study abroad)”
and “F‘E (student)” are extracted from the parallel training corpus. In this case,
our previous method randomly chose one entry for transformation. Therefore,
A (student studying abroad)” could be split into “f4 (stay)”and “#4 (stu-
dent),” which is incorrect. To solve this problem, we improved the transformation
method by utilizing both short unit information and extracted entries. Short unit
information is short unit transformation information extracted from the parallel

training corpus. Short unit information extraction is similar to the Chinese entry

extraction described in Section 2.2.2, and includes the following steps.

e Step 1: Segment both Chinese and Japanese sentences in the parallel train-

ing corpus.

e Step 2: Convert Japanese tokens consisting of only Kanji into Simplified
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Chinese using the Chinese character mapping table we created in Section 2.1.

e Step 3: Extract the converted tokens composed of consecutive tokens in the

segmented Chinese sentence and the corresponding Chinese tokens.

For example, “fJ#f# (founder)—fl#5 (found) / % (person)” in Figure 2.2 is
extracted as short unit information.
In the improved transformation method, we modify the tokens in the training

data using the following processes in order.

1. If the token itself exists in the extracted entries, keep it.

2. If the token can be transferred using short unit information, transfer it

according to the short unit information.

3. If the token can be split using extracted entries, transfer it according to the

extracted entries.

4. Otherwise, keep it.

Following [25], we do not use extracted entries that are composed of only one
Chinese character, because these entries may lead to undesirable transformation
results. Taking the Chinese character “#X (song)” as an example, “#X (song)”
can be used as a single word, but we can also use “#X (song)” to construct other
words by combining it with other Chinese characters, such as “#KuJi(praise),”

9

“FA (poem),” and so on. Obviously, splitting “#Xi(praise)” into “#k (song)”

)

and “ii(eulogy),” or splitting “3%&X (poem)” into “iF(poem)” and “#X (song)” is
undesirable. We do not use extracted number entries either, as these can also lead
to undesirable transformation. For example, using “/\ (18)” to split “=HJL. 1
J\ (298)” into “—HJL (290)” and “1/\ (18)” is obviously incorrect. Moreover,
there are a few consecutive tokens in the training data that can be combined into
a single extracted entry; however, we do not consider these patterns.

Figure 2.4 gives an example of our improved transformation method. In this
example, because “HiHfiff (Mediterranean)” also exists in the extracted entries, it

is not changed, even though there is an extracted entry “Miff (in earth).” The
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Long tokens Short unit transformation Short unit tokens

Figure 2.4: Example of improved short unit transformation.

long token “FE#4: (student studying abroad)” can be transferred using short unit
information, so it is transferred into “f8% (study abroad)” and “/£ (student).”
Meanwhile, the long token “#4E{(students)” can be split into “#4 (student)”
and “f7(plural for student)” using the extracted entry “#‘£ (student).”

We record the extracted entries and short unit information used for transfor-
mation with the corresponding Japanese tokens, and store them as transforming
word dictionary. This dictionary contains 16k entries, and will be helpful for word

alignment.

2.2.5 Experiments

We conducted Chinese-Japanese translation experiments to show the effectiveness
of exploiting common Chinese characters in Chinese word segmentation optimiza-
tion.

The parallel training corpus we used was the same as that used in Section 2.1.7.
We further used CTB 7 (LDC2010T07)!2 to train the Chinese segmenter. Training
data, containing 31,131 sentences, was created from CTB 7 using the same method
described in [141]. The segmenter used for Chinese was an in-house corpus-based
word segmentation and POS tagging tool with a system dictionary. Weights for
the entries in the system dictionary were automatically learned from the training

data using an averaged structured perceptron [31]. For Japanese, we used JU-

2http://www.ldc.upenn.edu/
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Set 1 | Set 2 | Set 3 | Set 4 | Set 5 | Total
# sentences 255 336 391 395 393 1770
# words 6.6K | 8.7K | 10.0K | 11.7K | 16.6K | 53.6K
# Chinese characters 8.6K | 10.7K | 12.9K | 15.8K | 22.1K | 70.1K
average sentence length | 44.9 | 47.0 45.4 52.2 74.1 | 53.58

Table 2.14: Statistics of test sets containing Chinese sentences (“Total” denotes

the combined statistics for the five test sets).

Set 1 | Set 2 | Set 3 | Set 4 | Set 5 | Total
# sentences 255 336 391 395 393 1770
# words 8.0K | 11.0K | 12.7K | 144K | 20.1K | 66.2K
# Chinese characters 51K | 6.3K | 7.7K | 9.0K | 13.0K | 41.1K
average sentence length | 55.6 57.6 56.6 66.2 90.4 66.3

Table 2.15: Statistics of test sets containing Japanese sentences.

MAN [77]. For decoding, we used the state-of-the-art phrase-based SMT toolkit
Moses [72] with the default options, except for the distortion limit (6 — 20).
Tuning was performed by minimum error rate training [98] using a further 500
development sentence pairs and it was re-run for every experiment. We trained
word-based 5 gram language model on the target side of the training data using
SRILM toolkit [122]'® with interpolated Kneser-Ney discounting. We translated
5 test sets from the same domain as the parallel training corpus. The statistics of
the test sets of Chinese and Japanese sentences are given in Tables 2.14 and 2.15,
respectively. Note that none of the sentences in the test sets are included in the
parallel training corpus.

We carried out Chinese-Japanese translation experiments, comparing the fol-

lowing three experimental settings:

e Baseline: Using only entries extracted from the Chinese annotated corpus

as the system dictionary for the Chinese segmenter.

Bhttp://www.speech.sri.com/projects/srilm
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BLEU Set 1 | Set2 | Set3 | Set4 | Set 5 | Total
Baseline 51.03 | 48.98 | 40.52 | 29.20 | 26.08 | 36.64
Chu+ 2012 | 52.83 | 51.13 | 41.57 | 31.01 | 28.82 | 38.59*
Optimized 52.55 | 51.88 | 41.62 | 30.69 | 28.43 | 38.52*
+Dictionary | 52.73 | 52.21 | 42.02 | 31.19 | 28.72 | 38.86"

Table 2.16: Results of Chinese-to-Japanese translation experiments (“*” denotes

the “Total” result is better than “Baseline” significantly at p < 0.01).

BLEU Set 1 | Set2 | Set 3 | Set4 | Set b Total
Baseline 42.26 | 42.47 | 35.60 | 26.70 | 27.92 33.31
Chu+ 2012 | 42.89 | 43.27 | 34.95 | 27.80 | 28.82 | 33.90*
Optimized 43.06 | 44.04 | 35.53 | 28.00 | 29.04 | 34.30*
+Dictionary | 43.17 | 44.78 | 36.34 | 28.10 | 28.89 34.53*

Table 2.17: Results of Japanese-to-Chinese translation experiments (“*” denotes
the “Total” result is better than “Baseline” significantly at p < 0.01, “” and “}”
denotes the “Total” result is better than “Chu+ 2012” significantly at p < 0.05
and p < 0.01 respectively).

e Optimized: Incorporating the Chinese entries extracted in Section 2.2.2 into
the system dictionary and training the Chinese segmenter on the short unit

training data transformed in Section 2.2.4.

e +Dictionary: Appending the transforming word dictionary stored in Sec-

tion 2.2.4 to the parallel training corpus.

The translations were evaluated using BLEU-4 [102] calculated on words. For
Japanese-to-Chinese translation, we re-segmented the translations using the opti-
mized Chinese segmenter. Tables 2.16 and 2.17 give the BLEU scores for Chinese-
to-Japanese and Japanese-to-Chinese translation, respectively. For comparison,
we also list the optimized results of [25], which are denoted as “Chu+ 2012.” The
results show that our proposed approach can improve MT performance. We no-

tice that compared with [25], the improvement in the current short unit transfor-
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gputi AV, R FEBLAF ST SR D BEAd 1 i o 5 H BRI R A Ui
P
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ffunctionalvi of the existing implementation method for determining

countermeasures target.)

Figure 2.5: Example of translation improvement.

mation method further improved the Japanese-to-Chinese translation. However,
it had no effect on the Chinese-to-Japanese translation. Appending the trans-
forming word dictionary further improved the translation performance. Similar
to [25], the improvement in Japanese-to-Chinese translation compared with that
in Chinese-to-Japanese translation is not that significant. We believe the reason
for this is the input sentence. For Chinese-to-Japanese translation, the segmen-
tation of input Chinese sentences is optimized, whereas for Japanese-to-Chinese
translation, our proposed approach does not change the segmentation results of

the input Japanese sentences.

2.2.6 Discussion
Short Unit Effectiveness

Experimental results indicate that our proposed approach can improve MT per-
formance significantly. We present an example to show the effectiveness of opti-
mized short unit segmentation results. Figure 2.5 gives an example of Chinese-to-

Japanese translation improvement using optimized short unit segmentation results
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compared with the baseline. The difference between the short unit and baseline
is whether “i& W (suitability)” is split in Chinese, whereas the Japanese seg-
menter always splits it. By splitting it, the short unit improves word alignment
and phrase extraction, which eventually affects the decoding process. In decoding,
the short unit treats “UJAEiE WM (functional suitability)” as one phrase, while

the baseline separates it, leading to a undesirable translation result.

Short Unit Transformation Problems

Although we have improved the short unit transformation method, there are still
some transformation problems. One problem is incorrect transformation. For
example, there is a long token “f#ZHE (sorry)” and an extracted entry “#f

7

7= (favor),” and therefore, the long token is transferred into “A (not),” “#f 7k
(favor),” and “f& (think),” which is obviously undesirable. Our current method
cannot deal with such cases, making this one of the future works in this study.
Another problem is POS tag assignment for the transformed short unit tokens.
Our proposed method simply keeps the original annotated POS tag of the long
token for the transformed short unit tokens, which works well in most cases.
However, there are also some exceptions. For example, there is a long token “f%
SLO6# (test subject)” in the annotated training data, and an entry “325%(test)”
extracted from the parallel training corpus, so the long token is split into “#% (be),”
“szig (test),” and “F (person).” As the POS tag for the original long token is
NN, the POS tags for the transformed short unit tokens are all set to NN, which
is undesirable for “#% (be).” The correct POS tag for “# (be)” should be LB.
An external dictionary would be helpful in solving this problem. Furthermore,
the transformed short unit tokens may have more than one possible POS tag. All

these problems will be dealt with in future work.

2.3 Summary of This Chapter

Common Chinese characters can be very helpful in Chinese-Japanese MT. In this
article, we proposed a method for creating a Chinese character mapping table au-

tomatically for Japanese, Traditional Chinese, and Simplified Chinese using freely
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available resources, and constructed a more complete resource of common Chi-
nese characters than the existing ones. We exploited common Chinese characters
in Chinese word segmentation optimization. Experimental results show that our
proposed approaches can improve MT performance significantly, thus verifying
the effectiveness of using common Chinese characters in Chinese-Japanese MT.
In the remainder of this thesis, we further exploit common Chinese characters
in two aspects. The mapping table is exploited in parallel sentence (Chapter
4) and fragment extraction (Chapter 5). As shown in our previous work, the
optimized segmenter can also improve Chinese-English MT [28]. Therefore, we

use it for Chinese segmentation in all the tasks in this thesis.



Chapter 3
Bilingual Lexicon Extraction

Bilingual lexicons are important for many bilingual natural language processing
(NLP) tasks, such as statistical machine translation (SMT) [17, 100, 71] and dic-
tionary based cross-language information retrieval (CLIR) [105]. Because manual
construction of bilingual lexicons is expensive and time-consuming, automatic
construction is desirable. Mining bilingual lexicons from parallel corpora is a pos-
sible method. However, it is only feasible for a few language pairs and domains,
because parallel corpora remain a scarce resource. As comparable corpora are
far more widely available than parallel corpora, extracting bilingual lexicons from
comparable corpora is an attractive research field.

In the literature, two main categories of methods have been proposed for
bilingual lexicon extraction (BLE) from comparable corpora, namely topic model
based method (TMBM) [135] and context based method (CBM) [111]. Both
methods are based on the distributional hypothesis [54], stating that words with
similar meaning have similar distributions across languages. TMBM measures the
similarity of two words on cross-lingual topical distributions, while CBM measures
the similarity on contextual distributions across languages.

In this chapter, we present a BLE system that is based on a novel combination
of TMBM and CBM. The motivation is that a combination of these two methods
can exploit both topical and contextual knowledge to measure the distributional
similarity of two words, making bilingual lexicon extraction more reliable and ac-

curate than only using one knowledge source. The key points for the combination

39



40 CHAPTER 3. BILINGUAL LEXICON EXTRACTION

are as follows:

e TMBM can extract bilingual lexicons from comparable corpora without any
prior knowledge. The extracted lexicons are semantically related and pro-
vide comprehensible and useful contextual information in the target lan-
guage for the source word [135]. Therefore, it is effective to use the lexicons

extracted by TMBM as a seed dictionary, which is required for CBM.

e The lexicons extracted by CBM can be combined with the lexicons extracted

by TMBM to further improve the accuracy.

e The combined lexicons again can be used as the seed dictionary for CBM.

Therefore the accuracy of the lexicons can be iteratively improved.

Our system not only maintains the advantage of TMBM that does not re-
quire any prior knowledge, but also can iteratively improve the accuracy of BLE
through combination CBM. To the best of our knowledge, this is the first study
that iteratively exploits both topical and contextual knowledge for bilingual lex-
icon extraction. Experimental results on Chinese-English, Japanese-English and
Japanese-Chinese Wikipedia data show that our proposed method performs sig-

nificantly better than the method only using topical knowledge [135].

3.1 Related Work

3.1.1 Topic Model Based Methods

TMBM uses the distributional hypothesis on topics, stating that two words are
potential translation candidates if they are often present in the same cross-lingual
topics and not observed in other cross-lingual topics [135]. It trains a Bilingual La-
tent Dirichlet Allocation (BiLDA) topic model on document-aligned comparable
corpora, and identifies word translations relying on word-topic distributions from
the trained topic model. This method is attractive because it does not require
any prior knowledge.

Vulié¢ et al. [135] first proposed this method. Later, Vuli¢ and Moens [136]
extended this method to detect highly confident word translations by a sym-

metrization process and the one-to-one constraints, and demonstrated a way to
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build a high quality seed dictionary using both BiLDA and cognates. Liu et al.
[83] developed this method by converting document-aligned comparable corpora
into a parallel topic-aligned corpus using BiLDA topic models, and identify word
translations with the help of word alignment. Richardson et al. [115] exploited
this method in the task of transliteration. Vuli¢ and Moens [138] improved this
method by using BiLDA to learn the semantic word responses of words, and
identify word translations using the semantic word response vectors.

Our study differs from previous studies in using a novel combination of TMBM
and CBM. Vuli¢ and Moens [139] also proposed a combination method that ob-
tains an initial seed dictionary with a variant of TMBM, and iteratively increases
the size of the seed dictionary using only CBM. Our study differs from [139] in
producing an initial seed dictionary for all the source words in the vocabulary with
TMBM, and iteratively improving the quality using a combination of TMBM and
CBM. We show that the combination outperforms both TMBM and CBM. In
addition, Vuli¢ and Moens [139] compared the effect of the size of the initial seed
dictionary and showed that using all bilingual lexicons obtained by the TMBM
showed the best or comparable to the best performing method, which is similar

to our method that iterates using a seed dictionary for all the source words.

3.1.2 Context Based Methods

From the pioneering work of [110, 40], various studies have been conducted on
CBM for extracting bilingual lexicons from comparable corpora. CBM is based on
the distributional hypothesis on context, stating that words with similar meaning
appear in similar contexts across languages. It usually consists of three steps:
context vector modeling, vector similarity calculation and translation identifi-
cation that treats a candidate with higher similarity score as a more confident
translation. Gaussier et al. [49] presented a geometric view of this process. Pre-
vious studies use different definitions of context, such as window-based context
[40, 111, 73, 52, 107, 123], sentence-based context [43] and syntax-based con-
text [48, 146, 108]. To quantify the strength of the association between a word
and its context word, different association measures have been used, such as log-

likelihood-ratio (LLR) [111], term frequency - inverse document frequency (TF-
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IDF) [43] and pointwise mutual information (PMI) [7]. Previous studies also use
different measures to compute the similarity between the vectors, such as cosine
similarity [43, 48, 107, 123], Euclidean distance [40, 146], city-block metric [111]
and Spearman rank order [73]. Laroche and Langlais [78] conducted a systematic
study of using different association and similarity measures for CBM.

To further improve the performance of CBM, various efforts have been made.
These efforts include enhancing the corpus comparability of comparable corpora
[79, 80], re-ranking the translation candidates acquired by CBM [53], and using
large-scale background knowledge from Wikipedia [15]. Also, CBM suffers from
the data sparseness problem especially for the low frequency words, smoothing
[103, 9, 55] and prediction [56] technologies have been proposed for this problem.

Basically, CBM requires a seed dictionary to project the source vector onto the
vector space of the target language, which is one of the main concerns of this study.
In previous studies, a seed dictionary is usually manually created [111, 48], and
sometimes complemented by bilingual lexicons extracted from a parallel corpus
[43, 123] or the Web [107]. In addition, some studies try to create a seed dictionary
using cognates [73, 52], however this cannot be applied to distant language pairs
that do not share cognates, such as Chinese-English and Japanese-English. In
the case that a word in the seed dictionary has several polysemous translations,
word sense disambiguation is necessary [16]. There are also some studies that do
not require a seed dictionary [110, 40, 146]. However, these studies show lower
accuracy compared to the conventional methods using a seed dictionary.

Our study differs from previous studies in using a seed dictionary automatically
acquired without any prior knowledge, which is learned from comparable corpora

in an unsupervised way.

3.1.3 Other Methods

Besides TMBM and CBM, other methods also have been proposed for BLE re-
cently. One method is decipherment [112, 36]. They treat the source text as a
cipher for the target text, and treat BLE as a decipherment task for a word substi-
tution cipher. Decipherment is solved using Bayesian technologies. This method

does not require a seed dictionary. Another method is using deep learning for
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BLE [90]. They first learn monolingual word representations using a neural net-
work architecture [89]. Then they learn a linear projection between the source
and target word representations using a small bilingual dictionary. Finally, they
identify the translations of source words by computing the similarity between the

projected source and target word representations.

3.2 Proposed Method

The overview of our proposed BLE system is presented in Figure 3.1. We first
apply TMBM to obtain bilingual lexicons from comparable corpora, which we call
topical bilingual lexicons. The topical bilingual lexicons contain a list of transla-

tion candidates for a source word wls , where a target word ij in the list has a
topical similarity score SimTopic(wZS ,w]T)

icons as an initial seed dictionary, we apply CBM to obtain bilingual lexicons,

. Then using the topical bilingual lex-

which we call contextual bilingual lexicons. The contextual bilingual lexicons also
contain a list of translation candidates for a source word, where each candidate
has a contextual similarity score Simcontewt(wf , wJT) We then combine the top-
ical bilingual lexicons with the contextual bilingual lexicons to obtain combined
bilingual lexicons. The combination is done by calculating a combined similar-
ity score Simcomy(w? ,ij) using the SimTOpiC(wiS ,ij) and Simcomem(wf , ij)
scores. After combination, the quality of the lexicons can be higher, namely the
correct translation in the candidate list is assigned a high score and ranked higher.
Therefore, we iteratively use the combined bilingual lexicons as the seed dictionary
for CBM and conduct combination, to improve the contextual bilingual lexicons
and further improve the combined bilingual lexicons.

Our system not only maintains the advantage of TMBM that does not require
any prior knowledge, but also can iteratively improve the accuracy by a novel
combination with CBM. Details of TMBM, CBM and combination method will

be described in Section 3.2.1, 3.2.2 and 3.2.3 respectively.

3.2.1 Topic Model Based Method

In this section, we describe TMBM to calculate the topical similarity score Simropic

(wy, w]T) We first train a BiLDA topic model presented in [91], which is an ex-
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Figure 3.2: BiLDA topic model.

tension of the standard LDA model [14]. Figure 3.2 shows the plate model for
BiLDA, with D document pairs, K topics and hyper-parameters «, 3. Topics for
each document are sampled from a single variable 6, which contains the topic dis-
tribution and is language-independent. Words of the two languages are sampled
from 6 in conjugation with the word-topic distributions ¢ (for source language S)
and v (for target language T).

Once the BiLDA topic model is trained and the associated word-topic dis-
tributions are obtained for both source and target corpora, we can calculate the
similarity of word-topic distributions to identify word translations. For similarity
calculation, we use the TI+Cue measure presented in [135], which shows the best
performance for identifying word translations in their study. T+ Cue measure is

a linear combination of the TT and Cue measures, defined as follows:

Simprscue(w?, wf) = \Simpr(w?, ij) + (1 = N)Simeye(w?, w]T) (3.1)

TIand Cue measures interpret and exploit the word-topic distributions in different
ways, thus combining the two leads to better results.

The TT measure is the similarity calculated from source and target word vec-
tors constructed over a shared space of cross-lingual topics. Each dimension of
the vectors is a term frequency - inverse topic frequency score (TF-ITF). TF-ITF
score is computed in a word-topic space, which is similar to TF-IDF score that is
computed in a word-document space. TF measures the importance of a word w;
within a particular topic zj, while ITF of a word w; measures the importance of

w; across all topics. Let n,(cwi) be the number of times the word w; is associated
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with the topic 2z, W denotes the vocabulary and K denotes the number of topics,

then (w)
n '
(wj)
w;eW ny ’
K
ITF; =log (3.3)
14+ |{k: n ) > 0}

TF-ITF score is the product of T'F; ;, and ITF;. Then, the T1 measure is obtained

by calculating the cosine similarity of the K dimensional source and target vectors.

TF;), = (32)

Let S° be the source vector for a source word w , TV be the target vector for a

target word w]T, then cosine similarity is defined as follows:
> ket Si X T]
VIS i)

The Cue measure is the probability P(ij|wZ$ ), where w]T and w? are linked via

Cos(w?, wT (3.4)

the shared topic space, defined as:

T ¢k 7
T lw?) Zw 5 Normy (3.5)
where ()
n Y+ B
Ori = E— (3.6)

2w, ew "kwj) + W5
Yy ; is defined in the similar way, and Normg denotes the normalization factor

given by Normg = Zszl ¢k, for a word w;.

3.2.2 Context Based Method

In this section, we describe CBM to calculate the contextual similarity score
Sz’mcontem(ws w; ) We use window-based context, and leave the comparison of
using different definitions of context as future work. Given a word, we count all
its immediate context words, with a window size of 4 (2 preceding words and 2
following words). We build a context by collecting the counts in a bag of words
fashion, namely we do not distinguish the positions that the context words appear

in. The number of dimensions of the constructed vector is equal to the vocabulary
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size. We further reweight each component in the vector by multiplying by the IDF
score following [48], which is defined as follows:

D]
1+ |{de D:ted}

IDF(t,D) = log (3.7)

where |D| is the total number of documents in the corpus, and |{d € D : t € d}|
denotes number of documents where the term ¢ appears. We model the source and
target vectors using the method described above, and project the source vector
onto the vector space of the target language using a seed dictionary. The similarity
of the vectors is computed using cosine similarity (Equation 3.4).

As initial, we use the topical bilingual lexicons extracted in Section 3.2.1 as
seed dictionary. Note that the topical bilingual lexicons are noisy especially for
the rare words [136]. However, because they provide comprehensible and useful
contextual information in the target language for the source word [135], it is
effective to use the lexicons as a seed dictionary for CBM.

Once contextual bilingual lexicons are extracted, we combine them with the
topical bilingual lexicons. After combination, the quality of the lexicons will be
improved. Therefore, we further use the combined lexicons as seed dictionary
for CBM, which will produce better contextual bilingual lexicons. Again, we
combine the better contextual bilingual lexicons to the topical bilingual lexicons.
By repeating these steps, both the contextual bilingual lexicons and the combined
bilingual lexicons will be iteratively improved.

Applying CBM and combination one time is defined as one iteration. At
iteration 1, the topical bilingual lexicons are used as seed dictionary for CBM.
From the second iteration, the combined lexicons are used as seed dictionary.
In all iterations, we produce a seed dictionary for all the source words in the
vocabulary, and use the top 1 candidate to project the source context vector
to the target language. We stop the iteration when the predefined number of

iterations have been done.

3.2.3 Combination

TMBM measures the distributional similarity of two words on cross-lingual topics,

while CBM measures the distributional similarity on contexts across languages. A
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combination of these two methods can exploit both topical and contextual knowl-
edge to measure the distributional similarity, making bilingual lexicon extraction
more reliable and accurate. Here we use a linear combination for the two methods

to calculate a combined similarity score, defined as follows:

SimC’omb(wfa w;r) = ’VSimTopic(wfa w]T) + (1 - W)SimCantea:t(wfzga w]T) (38)

To reduce computational complexity, we only keep the Top-N translation can-
didates for a source word during all the steps in our system. We first produce
a Top-N candidate list for a source word using TMBM. Then we apply CBM
to calculate the similarity only for the candidates in the list. Finally, we con-
duct combination. Therefore, the combination process is a kind of re-ranking

of the candidates produced by TMBM. Note that both SimTopic(wiS ,ij) and
Sz’mcontem(wzs , wJT) are normalized before combination, where the normalization
is given by:

) (3.9)
Zgzl Sim(w, wl)

7

Sim(w

SIMNorm (w;g, w;f) =

where N is the number of translation candidates for a source word.

3.3 Experiments

We evaluated our proposed method on Chinese-English, Japanese-English and
Japanese-Chinese Wikipedia data. For people who want to reproduce the results
reported in this chapter, we released a software that contains all the required
codes and data at http://lotus.kuee.kyoto-u.ac.jp/~chu/code/iBiLexExtr
actor.tgz.

Note that Wikipedia is a special type of comparable corpora, because article
alignment is manually established. In Wikipedia, articles describing the same
topic in different languages are manually linked by the authors. These links are
usually called interlanguage links. Figure 3.3 shows an example of interlanguage
links in Wikipedia. For many other types of comparable corpora, it is necessary to
perform article alignment as an initial step. Many methods have been proposed for

article alignment in the literature, such as IR-based [131, 93], feature-based [134]
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The history of NLP generally starts in the 1950s, although
proposed what is now called the Turing test as a criterion |

The Georgetown experiment in 1954 involved fully automs
would be a solved problem.[2] However, real progress was
for machine translation was dramatically reduced. Little fui
developed.

Some notably successful NLP systems developed in the 1
simulation of a Rogerian psychotherapist, written by Joseg
startlingly human-like interaction. When the "patient" exce:
you say your head hurts?".

During the 1970s many programmers began to write 'conc
SAM (Cullingford, 1978), PAM (Wilensky, 1978), TaleSpin
were written including PARRY, Racter, and Jabberwacky.

Up to the 1980s, most NLP systems were based on compl
algorithms for language processing. This was due both to
theories of linguistics (e.g. transformational grammar), wh
processing.[] Some of the earliest-used machine learning
research has focused on statistical models, which make si
upon which many speech recognition systems now rely ar
errors (as is very common for real-world data), and produc

Many of the notable early successes occurred in the field |
These systems were able to take advantage of existing mi
translation of all governmental proceedings into all official
the tasks implemented by these systems, which was (and
more effectively learning from limited amounts of data.

Recent research has increasingly focused on unsupervise
desired answers. or usina a combination of annotated and

Figure 3.3: Interlanguage links (in rectangles) in Wikipedia.

49



50 CHAPTER 3. BILINGUAL LEXICON EXTRACTION

and topic-based [153] methods. After article alignment, our proposed method can

be applied to any type of comparable corpora.

3.3.1 Data

We created the experimental data according to the following steps. We down-
loaded Chinese! (2012/09/21), Japanese? (2012/09/16) and English? (2012/10/01)
Wikipedia database dumps. We used an open-source Python script? to extract
and clean the text from the dumps. Because the Chinese dump is a mixture of
Traditional and Simplified Chinese, we converted all Traditional Chinese to Sim-
plified Chinese using a conversion table published by Wikipedia.? We aligned the
articles on the same topic in Chinese-English, Japanese-English and Japanese-
Chinese Wikipedia via the interlanguage links. From the aligned articles, we se-
lected 10k Chinese-English, Japanese-English and Japanese-Chinese pairs as our
training corpora. For Japanese-Chinese, we also conducted experiments using all
the aligned articles, containing 162k pairs. There are two reasons for further using
all the aligned articles for Japanese-Chinese. Firstly, it is helpful to investigate
the effect of the size of the training data for our proposed method. Secondly, we
use the extracted bilingual lexicons to assist parallel sentence extraction that is
conducted on all the aligned articles, which will be described in Chapter 4.

We preprocessed the Chinese and Japanese corpora using a tool proposed by
Chu et al. [25] and JUMAN [77] respectively for segmentation and Part-of-Speech
(POS) tagging. The English corpora were POS tagged using Lookahead POS
Tagger [129]. To reduce data sparsity, we kept only lemmatized noun forms. The
vocabularies of the Chinese-English data contain 112,682 Chinese and 179,058
English nouns. The vocabularies of the Japanese-English data contain 47,911
Japanese and 188,480 English nouns. The vocabularies of the Japanese-Chinese

data contain 51,823 Japanese and 114,256 Chinese nouns for the 10k article pairs,

"http://dumps.wikimedia.org/zhwiki
http://dumps.wikimedia.org/jawiki
3http://dumps.wikimedia.org/enwiki
“http://code.google.com/p/recommend-2011/source/browse/Ass4/WikiExtractor.py
Shttp:/ /svn.wikimedia.org/svnroot /mediawiki/branches/REL1_12/phase3/includes/

ZhConversion.php
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104,461 Japanese and 772,433 Chinese nouns for all the article pairs. The vo-
cabulary size of Japanese is smaller than that of Chinese and English, because
we kept only common, sahen and proper nouns; place, person and organization

names among all sub POS tags of noun in JUMAN.

3.3.2 Experimental Settings

For BiLDA topic model training, we used the implementation PolyLDA-++ by
Richardson et al. [115].5 We set the hyper-parameters a = 50/K,3 = 0.01
following Vulié¢ et al. [135], where K denotes the number of topics. We trained
the BiLDA topic model using Gibbs sampling with 1,000 iterations. For the
combined TI1+Cue method, we used the toolkit BLETM obtained from Vuli¢ et
al. [135],” where we set the linear interpolation parameter A = 0.1 following
their study. For our proposed method, we empirically set the linear interpolation

parameter v = 0.8,% and conducted 20 iterations.’

3.3.3 Evaluation Criterion

We manually created Chinese-English, Japanese-English and Japanese-Chinese

10'in the experimental data with

test sets for the most 1,000 frequent source nouns
the help of Google Translate.!! For each source noun, if the correct translations
are given by Google Translate we used them, otherwise we manually translated

it. Note that some source nouns could have multiple translations, and we tried

Shttps://bitbucket.org/trickytoforget /polylda
"http://people.cs.kuleuven.be/ “ivan.vulic/software/ BLETMv1.0wExamples.zip
8Because we did not have a held-out data set, we determined - based on the Chinese-English

test set, we compared the effects of different « from 0.1 to 0.9 in intervals of 0.1, and 0.8 showed
the best performance. We applied the same parameter for the Japanese-English and Japanese-
Chinese tasks. For sure, it is better to determine all the parameters using held-out data, however,

we leave it as future work.
9This iteration number was also empirically determined on the Chinese-English test set. Based

on the experimental results (see Figure 3.4), the accuracy of our proposed method greatly im-

proves in the first few iterations, and after that the performance becomes stable. We believe that

the accuracy would not be improved in further iterations, therefore we stopped at iteration 20.
10For Japanese-Chinese, the test sets were created for the most frequent 1,000 Japanese nouns

that are limited to the sub POS tags listed in Section 3.3.1 in all the article pairs.
llhttp://tra]rlslate.google.com
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to give all the translations based on the best of our knowledge. However, the test
sets could be still incomplete, namely some translations of the source words might
be not registered. Following [135], we evaluated the accuracy using the following

two metrics:

e Precision@1: Percentage of words where the top 1 word from the list of

translation candidates is the correct one.

e Mean Reciprocal Rank (MRR) [133]: Let w be a source word, rank,, denotes
the rank of its correct translation within the list of translation candidates,

V denotes the set of words used for evaluation. Then MRR is defined as:

1 1
MRR = — _ 3.10
V| z;/ ranky, ( )

We only used the top 20 candidates from the ranked list for calculating
MRR. Note that for some source words, the correct translation might be

not included in the top 20 candidate list. In this case, we assume rank,,
1

rankqy

to be infinity, and thus is 0. We did not discard these source words
for calculating MRR, namely V' is always 1,000. Moreover, if a source word
has multiple translations in the test set and more than two of them are
included in the candidate list, we used the most highly ranked translation

for calculating MRR.

3.3.4 Results

The results for the Chinese-English, Japanese-English and Japanese-Chinese test
sets are shown in Figure 3.4, where “Topic” denotes the lexicons extracted only
using TMBM described in Section 3.2.1, “Context” denotes the lexicons extracted
only using CBM method described in Section 3.2.2, “Combination” denotes the
lexicons after applying the combination method described in Section 3.2.3, “K”
denotes the number of topics, “N” denotes the number of translation candidates
for a word we compared in our experiments, “10k” and “all” denote using 10k
and all the article pairs as training data respectively. For Chinese-English and

Japanese-English and the 10k Japanese-Chinese data, we tried K = 200, K =
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Figure 3.4: Results for Chinese-English, Japanese-English and Japanese-Chinese

on the test sets.
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20002 and N = 20, N = 50,'3 while for the Japanese-Chinese setting that uses
all the articles, we only tried K = 200 and N = 20.

In general, we can see that our proposed method can significantly improve
the accuracy in both Precision@1 and MRR metrics compared to “Topic.” “Con-
text” outperforms “Topic,” which verifies the effectiveness of using the lexicons
extracted by TMBM as seed dictionary for CBM. “Combination” performs better
than both “Topic” and “Context,” which verifies the effectiveness of using both
topical and contextual knowledge for BLE. Moreover, iteration can further im-
prove the accuracy, especially in the first few iterations. Detailed analysis for the

results will be given in Section 3.4.

3.4 Discussion

Why are Our “Topic” Scores Lower Than Vuli¢ et al. [135]7

The “Topic” scores are lower than the ones reported in [135], which are over
0.6 when K = 2000. The main reason is that the experimental data we used is
much more sparse. OQur vocabulary size is from tens of thousands to hundreds of
thousands (see Section 3.3.1), while in [135] it is only several thousands (7,160
Italian and 9,166 English nouns). Moreover, the number of article pairs we used
for training is less than [135] except for Japanese-Chinese.

Another reason is the evaluation method. It may underestimate simply be-
cause of the incompleteness of our test set (e.g. our system successfully finds
the correct translation “vehicle” for the Chinese word “Z£,” but our test set only
contains “car” as the correct translation). We investigated the words with their

top 1 translation incorrect according to our evaluation method. Based on our in-

12Vulié et al. [135] empirically studied the effect of the number of topics K on the performance
of TMBM. In our experiments, we compared 2,000 topics that showed the best performance in

[135], to a small number of topics 200.
13Because 20 is the number of candidates that we used to calculate MRR, we did not try a

number smaller than 20. On the other hand, because increasing it to 50 showed worse perfor-
mance in our experiments, we believe that further increasing N to a number larger than 20 is

not helpful.
The reason for this is that 2,000 is not scalable for this large data set.
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vestigation, nearly 30% of them were undervalued because the correct translation

given by our system is not included in our test set.

How Does the Proposed Method Perform on Different Language Pairs?

Our proposed method is language-independent, which is also indicated by the ex-
perimental results on three different language pairs of Chinese-English, Japanese-
English and Japanese-Chinese. In Figure 3.4, we can see that although the
“Topic” scores and the absolute values of improvement by our proposed method
on Chinese-English, Japanese-English and Japanese-Chinese are different because

of the different characteristics of the data, the improvement curves are similar.

How Many Iterations are Required?

In our experiments, we conducted 20 iterations. The accuracy improves signifi-
cantly in the first few iterations, and after that the performance becomes stable
(see Figure 3.4). We suspect the reason is that there is an upper bound for our
proposed method. After several iterations, the performance nearly reaches that
upper bound, making it difficult to be further improved, thus the performance
becomes stable. The iteration number at which the performance becomes stable
depends on the particular experimental settings. Therefore, we may conclude that
several iterations are enough to achieve a significant improvement, and the perfor-

mance at each respective iteration depends heavily on the experimental settings.

How Does the Number of Topics Affect the Performance?

According to [135], the number of topics can significantly affect the performance
of the “Topic” system. In our experiments, we compared 2,000 topics that show
the best performance in [135], to a small number of topics 200 for Chinese-English
and Japanese-English. Similar to [135], using 2,000 topics is significantly better
than 200 topics for the “Topic” lexicons.

For the affect on the improvement by our proposed method, the improve-
ments over “Topic” are smaller on 2,000 topics than the ones on 200 topics for

both “Context” and “Combination.” We suspect the reason is that the absolute
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values of improvement on the seed dictionary cannot lead to the same level of im-
provement for CBM. At iteration 1, the improvement of the “Topic” scores cannot
fully reflect on the “Context” scores. Thus, the “Context” scores are lower than
the “Topic” scores for 2,000 topics, while they are similar to or higher than the
“Topic” scores for 200 topics (see Figure 3.4). The performance at iteration 1

impacts the overall improvement performance for the future iterations.

How Does the Number of Candidates Affect the Performance?

In the Chinese-English and Japanese-English experiments, we measured the dif-
ference in using 20 and 50 translation candidates for each word. The results show
that using more candidates slightly decreases the performance (see Figure 3.4).
Although using more candidates may increase the percentage of words where the
correct translation is contained within the top N word list of translation candidates
(Precision@N), it also leads to more noisy pairs. According to our investigation
on Precision@N of the two settings, the difference is quite small. For Chinese-
English: Precision@20=0.5620, Precision@50=0.5780, while for Japanese-English:
Precision@20=0.4930, Precision@50=0.5030. Therefore, we suspect the decrease
is because the negative effect outweighs the positive. Furthermore, using more
candidates will increase the computational complexity. Therefore, we believe a

small number of candidates such as 20 is appropriate for our proposed method.

How Does the Size of the Training Data Affect the Performance?

In our experiments, we compared two different sizes of Japanese-Chinese training
data, i.e., using 10k and all the article pairs. In Figure 3.4, we can see that the
“Topic” scores of using all the article pairs is much higher than that of using the
10k pairs regardless of the number of topics used, which indicates that using more
training data can improve the accuracy of TMBM. As for our proposed method,
the improvements over “Topic” for “Context” are larger when using all the article
pairs than the ones on the 10k pairs, indicating that using more training data also

can improve the effectiveness of our proposed method.
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Candidate | Simropic | SiMcontest | STMcomp
research 0.0530 0.2176 0.0859
scientist 0.0525 0.1163 0.0653
science 0.0558 0.0761 0.0599
theory 0.0509 0.0879 0.0583
journal 0.0501 0.0793 0.0559

Table 3.1: Improved example of “Wff%% (research),” where Simpgpi. scores are

similar, while Simcontest Scores are distinguishable.

What Kind of Lexicons are Improved?

Although TMBM has the advantage of finding topic related translations, it lacks
of the ability to distinguish candidates that have highly similar word-topic distri-
butions to the source word. This weakness can be solved with CBM.

Table 3.1 shows an improved example of the Chinese word “#f%% (research).”
All the candidates identified by “Topic” are strongly related to the topic of
academia. The differences among the Simqep. scores are quite small, because of
the high similarities of the word-topic distributions between these candidates and
the source word, and “Topic” fails to find the correct translation. However, the
differences in contextual similarities between the candidates and the source word
are quite explicit. With the help of Simcontest scores, our proposed method finds
the correct translation. Based on our investigation on the improved lexicons, most
improvements belong to this type, where the Simqgp. scores are similar, while
the Simoontest SCOTes are easy to distinguish.

Table 3.2 shows an improved example of the Japanese word “Mfii% (facility).”
The Simrepic scores are similar to the ones in the example of Table 3.1 that
are not quite distinguishable, and “Topic” fails to find the correct translation.
The difference is that CBM also fails to find the correct translation, and the
top 2 Simcontext Scores are quite similar. The combination of the two methods
successfully finds the correct translation, although this could be by chance. Based
on our investigation, a small number of improvements belong to this type, where

both Simropic and Simcontest scores are not distinguishable.
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Candidate | Simropic | SitMmcontest | STMComp
facility 0.0561 0.1127 0.0674
center 0.0525 0.1135 0.0647
building 0.0568 0.0933 0.0641
landmark | 0.0571 0.0578 0.0572
plan 0.0460 0.1007 0.0570

Table 3.2: Improved example of “[fiiz% (facility),” where both Simpep,. and

Stmcontest SCOres are not distinguishable.
What Kind of Errors are Made?

As described above, for nearly half of the words in the test sets, the correct
translation is not included in the top N candidate list produced by TMBM. We
investigated these words and found several types of errors. The majority of errors
are caused by unsuccessful identification despite topic alignment being correct
(e.g. Japanese word “3EEF (player)” is translated as “team”). Some errors are
caused by unsuccessful topic alignment between the source and target words (e.g.
Japanese word “G%i& (establishment)” is translated as “kumagaya” which is a
Japanese city name). There are also errors caused by words that do not clearly fit
into one topic (e.g. Chinese word “E4#1: (jazz/sir)” may belong to either a musical
or social topic). The remaining errors are due to English compound nouns. There
are several pairs that contain English compound nouns in our test sets (e.g.
#¥& (Hong Kong)” in Chinese-English, and “V3# (Soviet Union)” in Japanese-
English). Currently, our system cannot deal with compound nouns, and we leave

it as future work for this study.

There are still some errors for words with their correct translation included
in the top N candidate list produced by TMBM, although our proposed method
significantly improves the accuracy. Based on our investigation, most errors hap-
pen in the case that either the “Topic” or “Context” gives a significantly lower
score to the correct translation than the scores given to the incorrect translations,
while the other gives the highest or almost highest score to the correct translation.

In this case, a simple linear combination of the two scores is not discriminative
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enough, and incorporating both scores as features in a machine learning way may

be more effective.

3.5 Summary of This Chapter

In this chapter, we presented a BLE system exploiting both topical and contextual
knowledge. Our system is based on a novel combination of TMBM and CBM,
which does not rely on any prior knowledge and can be iteratively improved. Ex-
periments conducted on Chinese-English, Japanese-English and Japanese-Chinese
Wikipedia data verified the effectiveness of our system for BLE from comparable
corpora.

Our system can be improved in several aspects. Firstly, the scalability of
TMBM is one drawback of our system, which may be solved by the method
presented in [83]. Secondly, different definitions of context should be compared
for CBM. Thirdly, currently our system cannot deal with compound words, for
which compositional [92] and classification approaches have been proposed [5].
Fourthly, our system does not pay special attention to rare words, and smoothing
and [103, 55, 56] classification approaches may be considered for this. Fifthly,
polysemy should be handled by our system, an aspect often neglected in related
studies. Finally, additional experiments should be conducted on other comparable

corpora rather than Wikipedia, where article alignment is required beforehand.



Chapter 4

Parallel Sentence Extraction

In statistical machine translation (SMT) [17, 100, 71], because translation knowl-
edge is acquired from parallel corpora, the quality and quantity of parallel corpora
are crucial. However, as described in Section 1.2, parallel corpora remain a scarce
resource. As comparable corpora are far more available, automatic construction
of parallel corpora from comparable corpora is an attractive research field.

Many studies have been conducted on constructing parallel corpora from com-
parable corpora, such as bilingual news articles [152, 131, 93, 127, 35, 1], patent
data [132, 85] and social media [82]. The Web also can be seen as large compa-
rable corpora, and many studies have been conducted for constructing parallel
corpora from it [114, 65, 58]. Recently, some researchers try to construct parallel
corpora from Wikipedia [2, 119, 32].

While most previous studies are interested in language pairs between English
and other languages, we focus on Chinese-Japanese, where parallel corpora are
very scarce. In this chapter, we describe our efforts to improve a parallel sen-
tence extraction system for constructing a Chinese-Japanese parallel corpus from
Wikipedia. The system is inspired by [93], which mainly consists of a parallel
sentence candidate filter and a classifier for parallel sentence identification. The

main contributions of this chapter are in two aspects:

e Using common Chinese characters described in Chapter 2 for the filter to
addressing the domain dependent problem caused by the lack of an open

domain dictionary.

60
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e Improving the classifier by introducing Chinese character features together

with two other novel feature sets.

Experiments show that our system performs significantly better than the previous
studies for both accuracy in sentence extraction and SMT performance. Using
the system, we construct a Chinese-Japanese parallel corpus with more than 126k
highly accurate parallel sentences from Wikipedia. In addition, we apply boot-
strapping and the bilingual lexicons extracted in Chapter 3 for parallel sentence

extraction, which further improve the performances.

4.1 Related Work

As parallel sentences tend to appear in similar article pairs, many studies first
conduct article alignment from comparable corpora and then identify the parallel
sentences from the aligned article pairs. Cross-lingual information retrieval tech-
nology is commonly used for article alignment [131, 41, 93, 44]. Large-scale article
alignment from the Web also has been studied [96, 114, 150, 42, 130]. This study
extracts parallel sentences from Wikipedia. Wikipedia is a special type of com-
parable corpora because article alignment is established via interlanguage links.
Approaches without article alignment have also been proposed [127, 1, 33, 82, 29].
These studies directly retrieve candidate sentence pairs and select the parallel sen-
tences using various filtering methods.

Parallel sentence identification methods can be classified into two different
approaches: classification [93, 127, 119, 13, 33] and translation similarity measures
[131, 41, 42, 1]. Similar features such as word overlap and sentence length based
features are used in both of these approaches. We believe that a machine learning
approach can be more discriminative with respect to the features, thus we adopt
a classification approach with novel features sets.

Most previous studies use supervised or semi-supervised methods that require
external resources in addition to the comparable corpora. These studies differ in
their use of a manually created seed dictionary [131, 41, 2, 85] or a seed parallel
corpus [152, 93, 127, 119, 44, 1, 33, 32, 82|, or link structure and meta data in
Wikipedia [13]. This study uses a seed parallel corpus. An unsupervised method
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has also been proposed [35], however their method suffers from high computational
complexity.

Bootstrapping has been proven effective in some related works [88, 41, 93].
These studies update the bilingual dictionary required for the parallel sentence
extraction system, by generating new bilingual lexicons from the extracted parallel
sentences. The updated dictionary has a higher coverage that can improve the
performance of the parallel sentence extraction system. Bootstrapping can be
applied to our system in a similar way.

Bilingual lexicon extraction (BLE) has been used for parallel sentence extrac-
tion [119]. They extract bilingual lexicons from aligned Wikipedia articles based
on a supervised method. Then they use the extracted lexicons for parallel sen-
tence extraction. One drawback of their method is that manually created language
specific training data is required to achieve satisfactory results, which is difficult
to obtain. This study differs from [119] in using an unsupervised BLE method
described in Chapter 3, which does not require manual efforts.

Previous studies extract parallel sentences from various types of comparable
corpora, such as bilingual news articles [152, 131, 93, 127, 35, 44, 1], patent data
[132, 85], social media [82], and the Web [96, 114, 150, 64, 65, 42, 58]. However,
few studies have been conducted to extract parallel sentences from Wikipedia
[2, 119, 13, 32]. Previous studies are interested in language pairs between English
and other languages such as German or Spanish. We focus on Chinese-Japanese,

where parallel corpora are very scarce.

4.2 Chinese-Japanese Wikipedia

Wikipedia! is a free, collaborative and multilingual encyclopedia. Chinese and
Japanese Wikipedia are in the top 20 language editions of Wikipedia, with more
than 740k and 887k articles respectively (24th December 2013).

As parallel sentences tend to appear in similar article pairs, article alignment
is the first step for extracting parallel sentences from comparable corpora in many

previous studies. A special characteristic of Wikipedia is that article alignment is

"http://en.wikipedia.org/wiki/Wikipedia
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Figure 4.1: Example of aligned Chinese and Japanese article pairs via interlan-
guage links from Wikipedia, both describe the topic of “statistical natural lan-

guage processing” (parallel sentences are linked with dashed lines).

established via interlanguage links. Because parallel sentences tend to appear in
these linked article pairs, Wikipedia can be a valuable resource for constructing
parallel corpora. Figure 4.1 shows an example of aligned article pairs via inter-
language links from Chinese and Japanese Wikipedia, where there are parallel
sentences. Our task is to identify the parallel sentences from the aligned article

pairs.

4.3 Parallel Sentence Extraction System

The overview of our parallel sentence extraction system is presented in Figure 4.2.
We first align articles on the same topic in the Chinese and Japanese Wikipedia
via the interlanguage links ((1) in Figure 4.2). Next, we generate all possible
sentence pairs using the Cartesian product from the aligned articles, and discard
the pairs that do not pass a filter that reduces the candidate pairs by keeping

more reliable sentences ((2) in Figure 4.2).2 Finally, we use a classifier trained

2In Wikipedia, because article alignment has been established, the Cartesian product with a
filter works just well. However, for comparable corpora where article alignment is not available,
it is necessary to use cross-lingual information retrieval to retrieve candidate sentence pairs
[127, 1, 33, 82] or perform article alignment beforehand [131, 41, 93].
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Figure 4.2: Parallel sentence extraction system.

on a small number of parallel sentences from a seed parallel corpus to classify
the parallel sentence candidates into parallel and comparable sentences ((3) in
Figure 4.2). Once the parallel sentences are extracted, they can be appended
to the seed parallel corpus for bootstrapping ((4) in Figure 4.2). Moreover, our
system applies BLE described in Chapter 3 for parallel sentence extraction ((5)
in Figure 4.2).

Our system differs from previous studies in the strategy of the filter and the
features used for the classifier, which will be described in Section 4.3.1 and Sec-

tion 4.3.2 in detail.

4.3.1 Parallel Sentence Candidate Filtering

A parallel sentence candidate filter is necessary because it can remove most of
the noise introduced by the simple Cartesian product sentence generator and
reduce the computational cost of parallel sentence and fragment identification.
Previous studies use a filter with sentence length ratio and dictionary-based word

overlap conditions [93]. Although the sentence length ratio condition is domain
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independent, the word overlap condition is not.> Wikipedia is an open domain
database, thus using a domain dependent condition for filtering may decrease the
performance of our system. In the scenario where an open domain dictionary
is unavailable, we must search for alternatives that are robust against domain
diversity and can effectively filter noise.

Because common Chinese characters are domain independent and an effec-
tive way to filter the noise introduced by the simple Cartesian product sentence
generator, here we propose using them for the filter. We compared four different
filtering strategies: dictionary-based word overlap (Word), common Chinese char-

acter overlap (CCO), and their logical combinations. We define them as follows:
e Word filter: uses a dictionary-based word overlap.
e CCO filter: uses a common Chinese character overlap.

e Word and CCO filter: uses the logical conjunction of the word and common

Chinese character overlaps.

e Word or CCO filter: uses the logical disjunction of the word and common

Chinese character overlaps.

The common Chinese character overlap is calculated based on the Chinese charac-
ter mapping table in [27]. In our experiments, we used a 1-gram common Chinese
character overlap with a threshold of 0.1 for Chinese and 0.3 for Japanese. Note
that a same sentence length ratio threshold is used as an additional filtering con-
dition for all four filters. In our experiments, we set the sentence length ratio
threshold to two. We compare the performance of the different filtering strategies

in Section 4.4.3.

4.3.2 Parallel Sentence Identification by Classification

Because the parallel and comparable sentences are determined by the classifier, it

is the core component of the extraction system. In this section, we first describe

3The dictionary is automatically generated using a word alignment tool from a seed parallel

corpus, which is domain specific.
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Figure 4.3: Parallel sentence classifier.

the training and testing process, and then introduce the features we use for the

classifier.

Training and Testing

We use a support vector machine classifier [20]. Training and testing instances for
the classifier are created following the method of [93]. We use a small number of
parallel sentences from a seed parallel corpus as positive instances. Negative in-
stances are generated by the Cartesian product of the positive instances excluding
the original positive instances, and they are filtered by the same filtering method
used in Section 4.3.1. Moreover, we randomly discard some negative instances for
training when necessary® to guarantee that the ratio of negative to positive in-
stances is less than five for the performance of the classifier. Figure 4.3 illustrates

this process.

Features

In this study, we reuse the features proposed in previous studies (we call these the

basic features), and propose three novel feature sets, namely Chinese character

4Note that we keep all negative instances for testing.
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(CC) features, Non-CC word features, and content word features.
Basic Features. The basic features were proposed in [93]:

e Sentence length, length difference, and length ratio.’?

e Word overlap: the percentage of words on each side that have a translation

on the other side (according to the dictionary).
e Alignment features:

— Percentage and number of words that have no connection on each side.

Top three largest fertilities.
— Length of the longest contiguous connected span.

— Length of the longest unconnected substring.

The alignment features® are extracted from the alignment results of the parallel
and non-parallel sentences used as instances for the classifier. Note that align-
ment features may be unreliable when the quantity of non-parallel sentences is
significantly larger than the parallel sentences.

CC Features. We use the example of a Chinese-Japanese parallel sentence pre-
sented in Figure 4.4 to explain the CC features in detail using the following fea-

tures:
e Number of Chinese characters on each side (Zh: 18, Ja: 14).

e Percentage of characters that are Chinese characters on each side (Zh:
18/20 = 90%, Ja: 14/32 = 43%)).

e Ratio of Chinese characters on both sides (18/14 = 128%).

e Number of n-gram common Chinese characters (l-gram: 12, 2-gram: 6,

3-gram: 2, 4-gram: 1).

5In our experiments, sentence length was calculated based on the number of words in a

sentence.
5We do not give the detailed information of the alignment features such as the definitions of

fertility, connected span and unconnected substring etc. in this article, as they are proposed in

[93], we recommend the interested readers to refer to the original paper.
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1 Lﬁufﬁ PH%7W@‘ET:H3%

Zh: LH’E@iFﬂﬁuKﬁhf
T LR KT makimvwxﬁlﬁmu_o

Ref: Wash ether phase with saturated saline, and dry it with anhydrous magnesium.

Figure 4.4: Example of common Chinese characters (in bold and linked with

dotted lines) in a Chinese-Japanese parallel sentence pair.

e Percentage of n-gram Chinese characters that are n-gram common Chinese
characters on each side (Zh: 1-gram: 12/18 = 66%, 2-gram: 6/16 = 37%, 3-
gram: 2/14 = 14%, 4-gram: 1/12 = 8%; Ja: 1-gram: 12/14 = 85%, 2-gram:
6/9 = 66%, 3-gram=: 2/5 = 40%, 4-gram: 1/3 = 33%).

The n-gram common Chinese characters are detected using the Chinese character
mapping table in [27]. Note that Chinese character features are only applicable
to Chinese-Japanese. However, because common Chinese characters can be seen
as cognates, the similar idea can be applied to other language pairs sharing cog-
nates. Cognates among European languages have been shown effective in word
alignments [75] and parallel fragment extraction [4]. We also can use cognates for
parallel sentence extraction, however we leave it as future work.

Non-CC Word Features. Chinese-Japanese parallel sentences often contain
alignable words that do not consist of Chinese characters, such as foreign words
and numbers, which we call Non-Chinese character (Non-CC) words. Note that
we do not count Japanese kana as Non-CC words. Non-CC words can be helpful

clues to identify parallel sentences. We use the following features:

e Number of Non-CC words on each side.

Percentage of words that are Non-CC words on each side.

Ratio of Non-CC words on both sides.

Number of the same Non-CC words.

Percentage of the Non-CC words that are the same on each side.
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Content Word Features. The word overlap feature proposed in [93] has the
problem that function words and content words are handled in the same way.
Function words often have a translation on the other side, thus erroneous parallel
sentence pairs with a few content word translations are often produced by the

classifier. Therefore, we add the following content word features:
e Percentage of words that are content words on each side.

e Percentage of content words on each side that have a translation on the

other side (according to the dictionary).

We determine a word as a content or function word using predefined part-of-speech

(POS) tag sets of function words for Chinese and Japanese accordingly.”

4.4 Experiments

We evaluated classification accuracy, and conducted extraction, translation, boot-
strapping and BLE based experiments to verify the effectiveness of our proposed
parallel sentence extraction system. In all our experiments, we preprocessed the
data by segmenting and POS tagging Chinese and Japanese sentences using a tool
proposed by Chu et al. [25] and JUMAN [77], respectively.

4.4.1 Data

The seed parallel corpus we used is the Chinese-Japanese section of the Asian
Scientific Paper Excerpt Corpus (ASPEC).® This corpus is a scientific domain
corpus provided by the Japan Science and Technology Agency (JST)Y and the
National Institute of Information and Communications Technology (NICT).!0 Tt

"For Chinese, they are AS, BA, CC, CS, DEC, DEG, DER, DEV, DT, 1J, LB, LC, MSP, P, PN,
PU, SB, SP, VC and VE in Penn Chinese Treebank (CTB) standard [144]. For Japanese, they are
PEUETE (conjunction), BEREEE (suffix), BIF (particle), BIEIGA (auxiliary verb), ¥IRE G (cop-
ula), T8/R7 (demonstrative), JF5k: A1) 5 (special:period), $3i5k: @t (special:comma), JF5k: 22
H (special:blank), £ ail:JZ 2445 (noun:formal noun) and %4 &) Bl A4 5 (noun:adverbial
noun) in JUMAN [77].

8http:/ /lotus.kuee.kyoto-u.ac.jp/ ASPEC
http://www.jst.go.jp

Yhttp://www.nict.go.jp
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was created by the Japanese project “Development and Research of Chinese-
Japanese Natural Language Processing Technology,” and contains 680k sentences
(18.2M Chinese and 21.8M Japanese tokens, respectively).

In addition, we downloaded the Chinese!! (2012/09/21) and Japanese!? (2012/
09/16) Wikipedia database dumps. We used an open-source Python script!3 to
extract and clean the text from the dumps. Because the Chinese dump is a mixture
of Traditional and Simplified Chinese, we converted all Traditional Chinese to
Simplified Chinese using a conversion table published by Wikipedia.'* We aligned
the articles on the same topics in Chinese and Japanese via the interlanguage
links, obtaining 162k article pairs (2.1M Chinese and 3.5M Japanese sentences,

respectively).

4.4.2 Classification Accuracy Evaluation

We evaluated classification accuracy using two distinct sets of 5k parallel sentences
from the seed parallel corpus for training and testing, respectively. For the support
vector machine classifier, we used the LIBSVM toolkit [20]'® with 5-fold cross-
validation and a radial basis function kernel. In this section and Section 4.4.3,
we report the results for a classification probability threshold of 0.9, namely, we
treat the sentence pairs with classification probability > 0.9 as parallel sentences.
We address the effect of different thresholds in Section 4.4.4. We used the word
alignment tool GIZA-++16 to generate a dictionary from the seed parallel corpus,
and calculate the alignment features. For the dictionary, we kept the top five
translations with translation probabilities larger than 0.1 for each source word
following [93].17 Word overlap was calculated based on that dictionary. We report

the results using word overlap filtering, for easier comparison to previous studies.

"http://dumps.wikimedia.org/zhwiki

2http://dumps.wikimedia.org/jawiki

3http://code.google.com/p/recommend-2011/source/browse/ Ass4/WikiExtractor.py

Mhttp://svn.wikimedia.org/svnroot /mediawiki/branches/REL1_12/phase3/includes/
ZhConversion.php

Bhttp://www.csie.ntu.edu.tw/ cjlin/libsvm

http://code.google.com/p/giza-pp

"Note that the dictionary might contain noisy translation pairs and further cleaning them

might be helpful for our task [6], however, we leave it as future work.



4.4. EXPERIMENTS 71
The word overlap threshold was set to 0.25. We compared the following feature
settings:

e Munteanu+, 2005: the basic features proposed in [93] only

e +CC: adding the CC features

e +Non-CC: adding the Non-CC word features

e +Content: adding the content word features

We evaluated the performance of classification by computing the precision, recall,

and F-measure, defined as:

classified_well

iston = 100 4.1
precision % classified_parallel’ (4.1)
lassi fied_well

recall = 100 x < assificd we , (4.2)
true_parallel
F — measure — 9 x Precision x recall (4.3)

preciston + recall

where classi fied_well is the number of pairs that the classifier correctly identified
as parallel, classt fied_parallel is the number of pairs that the classifier identified
as parallel, and true_parallel is the number of actual parallel pairs in the test set.
Note that we only used the top result identified as parallel by the classifier for
evaluation.

Classification results are shown in Table 4.1. We can see that the Chinese char-
acter features can significantly improve the accuracy compared to “Munteanu+
2005.” Our proposed Non-CC word and content word overlap features further

improve the accuracy.

4.4.3 Extraction and Translation Experiments

We extracted parallel sentences from Wikipedia and evaluated the Chinese-to-
Japanese SMT performance using the extracted sentences as training data. For
decoding, we used the state-of-the-art phrase-based SMT toolkit Moses [72] with
the default options, except for the distortion limit (6 — 20). We trained a 5-
gram language model on the Japanese Wikipedia (10.7M sentences) using the
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Features Precision | Recall | F-measure

Munteanu+ 2005 96.65 83.56 89.63

+CC 97.05 93.52 95.25
+Non-CC 97.38 93.64 95.47
+Content 98.34 95.94 97.12

Table 4.1: Classification results.

SRILM toolkit [122]'® with interpolated Kneser-Ney discounting.!® For tuning
and testing, we used two distinct sets of 198 parallel sentences with 1 reference.
These sentences were randomly selected from the sentence pairs extracted from
Wikipedia by our system with different methods, and the erroneous parallel sen-
tences were manually discarded?? because the tuning and testing sets for SMT
require truly parallel sentences. Note that for training, we kept all the sentences
extracted by different methods except for the sentences duplicated in the tuning
and testing sets. Tuning was performed by minimum error rate training [98], and
it was re-run for every experiment. The other settings were the same as the ones
used in the classification experiments described in Section 4.4.2.

Parallel sentence extraction and translation results using different methods
are shown in Table 4.2. We report the Chinese-to-Japanese translation results on
the test set using the BLEU-4 score [102]. “Munteanu+, 2005,” “+CC,” “+Non-
CC,” and “4+Content” denote the different features described in Section 4.4.2.
“Word,” “CCO,” “Word and CCO,” and “Word or CCO” denote the four different
filtering strategies described in Section 4.3.1. “# Sentences” denotes hereafter the
number of sentences extracted by different methods after discarding the sentences
duplicated in the tuning and testing sets, which were used as training data for
SMT. For comparison, we also conducted translation experiments using the seed
parallel corpus as training data, denoted as “Seed.” The significance test was

performed using the bootstrap resampling method proposed by Koehn [69].

Bhttp://www.speech.sri.com/projects/srilm

9Note that the Japanese sentences in the tuning and testing sets were not discarded from the
data used for training the language model.

20To get the 396 sentences for tuning and testing, 404 sentences were manually discarded.
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Features Filter # Sentences | BLEU-4 | OOV

Seed 2542 | 9.11
Munteanu+, 2005 | Word 122,569 35.18 4.56
+CC Word 146,797 | 36.277 | 3.82
+Non-CC Word 161,046 | 36.79T | 3.68
+Content Word 164,993 | 37.39% | 3.80
+Content CCo 126,811 | 37.821 | 3.71
+Content Word and CCO 80,598 36.14 4.72
+Content Word or CCO 184,103 | 36.417 | 3.56

Table 4.2: Parallel sentence extraction and translation results (“f” and “” de-
note that the result is significantly better than “Munteanu+ 2005” and “4CC”
respectively at p < 0.05).

We can see that the Seed system does not perform well. The reason for this is
that the Seed system is trained on a seed parallel corpus that is a scientific domain
corpus. This differs from the tuning and testing sets that are open domain data
extracted from Wikipedia, leading to a high out of vocabulary (OOV) word rate.
The systems trained on the parallel sentences extracted from Wikipedia perform
better than Seed. This is because they consist of the same domain data as the
tuning and testing sets, and the OOV word rate is significantly lower than Seed.

Compared to Munteanu-+, 2005, our proposed CC, Non-CC word, and content
word features improve SMT performance significantly. One reason for this is
that our proposed features can improve the recall of the classifier, which extracts
more parallel sentences and hence causes the OOV word rate to be lower than
Munteanu+, 2005. The other reason is that our proposed features improve the
quality of the extracted sentences.

The CCO filter shows better performance than the Word filter, indicating
that for open domain data such as Wikipedia, using common Chinese characters
for filtering is more effective than a domain specific dictionary. The Word and
CCO filter decreases the performance because the number of extracted sentences

decreases significantly, leading to a higher OOV word rate. The Word or CCO
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filter also shows poor performance, and we suspect the reason is the increase of
erroneous parallel sentence pairs.

For the best performing method, +Content with CCO filter, we manually
estimated 100 sentence pairs that were randomly selected from the extracted
sentences. We found that 64% of them are actual translation equivalents, while
the other erroneous parallel sentences only contain a small amount of noise. Based
on our analysis, the majority of errors occur when one sentence in a sentence pair
contains a small amount of extra information that does not exist in the other
sentence. These sentence pairs are extracted because most parts are parallel and
the classifier gives them relatively high scores. Figure 4.5 shows some examples
of the extracted parallel sentences including some noisy sentence pairs. Because
SMT models are robust to this kind of noise, the noisy sentence pairs can also be
used to improve SMT performance.

The parallel sentences extracted by the best performing method, +Content
with CCO filter, and the tuning and testing sets used in the translation experi-
ments are available at http://lotus.kuee.kyoto-u.ac. jp/~chu/resource/wiki

_zh_ja.tgz.

4.4.4 Effect on Classification Probability Threshold

The classifier is used to identify the parallel sentences from comparable sentences
in our system, and the classification probability threshold is the criterion. In this
section, we investigate the effect of using different thresholds for parallel sentence
identification.

In our experiments, we compared the effects of different thresholds from 0.1
to 0.9 in intervals of 0.1, and treated the sentences pairs with classification prob-
ability greater than or equal to the threshold as parallel sentences. Sentence
extraction was performed using the best performing method +Content with CCO
filter, described in Section 4.4.3. We conducted Chinese-to-Japanese translation
experiments using the parallel sentences extracted using different thresholds as
training data. The other settings were the same as the ones used in the transla-
tion experiments described in Section 4.4.3.

Table 4.3 shows the translation results for different thresholds. We can see
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Example 1
zh: b4, MU ABAE 7 5> 72 KHRE k7T, Ao AR R A 7 ]
BRI R X e

Jao FEBEZLBHMTIISUIKFIEFTOBRA. Wik ZIXIEREDH S ]
EWVSREEHTELT=,

Ref: In addition, Shinji Maki also disclosed these things in the comic chat of
“Frank Nagai charm of bass, Shinji Maki charm of morons”.

Example 2
Zh: X fELRAR B ST IA AN RS E) .
Jai ZRMITES>TREFIDH T DICREINFEELT -,

Ref:  This made Jupiter slightly move inward.

Example 3

Zh:  ALHGEIKEAMN [P AN KE.

(The album is simultaneously released with the debut single "boy of glass”.
a0 TEaA—YUTIWTHEFOLEIEDORFHESE.

(Simultaneous release with the debut single "boy of glass".)

)

Example 4

zh: WEZMREREAN AT IREE, 0 HARBUNBIZES ] B AT A
A R A N RALFIE AT 0% -
(Hometown wind is a radio station in Japan, it is the shortwave broadcast
managed by abduction issue headquarters of the Japanese government
broadcasting to the Democratic People's Republic of Korea.)

Ja:  ABEEMAIT. BABROUBBEEM KRNI AHETIRARK
FE (L&) RIFIZIT > TV EFERETH S,
(Hometown wind is the shortwave broadcast managed by abduction issue
headquarters of the Japanese government broadcasting to the Democratic
People's Republic of Korea.)

75

Figure 4.5: Examples of some extracted parallel sentences (noisy parts are under-

lined).
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Threshold | 0.1 | 02 | 03 | 04 [ 05 | 06 | 07 [ 08 | 09

# Sentences296,204247,469220,71220,2038/187,957/173,827160,980(146,562(126,811
BLEU-4 36.92 | 36.42 | 36.98 | 37.19 | 37.29 | 37.27 | 37.15 | 37.27 | 37.82

Table 4.3: Translation results for different thresholds.

that threshold 0.9 shows the best performance. When the threshold is lowered,
although more sentence pairs are extracted, the SMT performance decreases. The
reason for this is that the additional sentences extracted by lowering the thresh-
old are comparable sentences that contain noise, negatively affecting the SMT.
Chapter 5 describes our proposed method to extract the parallel fragments from

these comparable sentences to further improve SMT.

4.4.5 Bootstrapping Experiments

We further conducted bootstrapping experiments following [88, 41, 93]. We first
appended the extracted parallel sentences to the seed parallel corpus. Then we
generated a new bilingual dictionary from the combined corpus. Finally, we used
the new bilingual dictionary for parallel sentence extraction. Bootstrapping ex-
periments were conducted based on the best performing method, +Content with
CCO filter, described in Section 4.4.3. Experimental settings were the same as
the ones used in the extraction and translation experiments described in Section
4.4.3. We iterated until there were no further improvements in MT performance
on the tuning set.

Bootstrapping sentence extraction and translation results using different meth-
ods are shown in Table 4.4. “Seed” is the same one described in Section 4.4.3 that
uses the seed parallel corpus as training data. “4+Content with CCO filter” de-
notes the best performing method described in Section 4.4.3. “Iteration” denotes
different iterations using our bootstrapping method. The number after “Iteration”
denotes iteration number. “# dictionary entries” denotes hereafter the number
of dictionary entries for different methods.

We can see that the number of entries of the generated bilingual dictionary

increases by bootstrapping. The increased entries are newly generated from the
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Method # dictionary entries | # sentences | BLEU-4 | OOV

Seed 25.42 9.11
+Content with CCO filter 204,254 126,811 | 37.82 3.71
Iteration 1 274,496 164,403 | 37.99 3.40
Iteration 2 292,186 167,310 | 38.71 3.38

Table 4.4: Bootstrapping sentence extraction and translation results.

parallel sentences extracted from Wikipedia in the earlier iteration, which are
helpful for extracting more parallel sentences. More parallel sentences lead to

lower OOV word rates, and improve MT performance.

4.4.6 Bilingual Lexicon Extraction Based Experiments

We further conducted BLE based experiments. In the BLE based experiments, we
directly extracted bilingual lexicons from the aligned Chinese-Japanese Wikipedia
articles, and used the extracted lexicons for parallel sentence extraction. The
details of BLE were described in Section 3.3. We compared two different settings
for seed parallel corpus based lexicon generation to investigate the affect of the

initial dictionary size on the BLE based experiments:

e Baseline (10k): used the 10k parallel sentences from the seed parallel corpus,
which were used as the training and testing data for the classifier in Section
4.4.2.

e Baseline (680k): used all the parallel sentences (680k) in the seed parallel

corpus.

For the generated lexicons, we kept the top five translations with translation prob-
ability larger than 0.1 for each source word. For the bilingual lexicon extraction
based experiments, we used the Japanese-Chinese bilingual lexicons extracted at
iteration 2 of our proposed method (i.e., combination at iteration 2) shown in
Figure 3.4, which show significant improvement over the previous iteration and

the Topic method. We empirically kept the bilingual lexicon extraction results for
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Method # dictionary entries | # sentences | BLEU-4 | OOV

Seed (10k) 16.59 | 23.18
Baseline (10k) 32,607 57,681 | 33.621 5.83
Baseline (10k) + lexicon 87,523 94,931 | 35.30™ | 4.93

Seed (680k) 25.42 9.11
Baseline (680k) 204,254 126,811 | 37.82f 3.71
Baseline (680k) + lexicon 258,124 152,511 | 37.977 | 3.38

Table 4.5: Bilingual lexicon extraction based parallel sentence extraction and
translation results (“f” and “” denote the result is significantly better than

“Seed” and “Baseline” respectively at p < 0.01).

the source (Japanese) words whose frequencies are not smaller than 100 and the
top three candidates for each source word, containing about 56k lexicons. The
reason for only using the highly frequent lexicons is that the extraction results
are noisy for the words with low frequencies. We combined the lexicons generated
from the parallel sentences in the seed parallel corpus with the extracted bilingual

lexicons, further obtaining following two dictionary settings:

e Baseline (10k) + lexicon: combined the Baseline (10k) dictionary with the

extracted bilingual lexicons.

e Baseline (680k) + lexicon: combined the Baseline (680k) dictionary with

the extracted bilingual lexicons.

The word overlap features were calculated based on the above four different dic-
tionary settings, obtaining four classifiers that estimate the word overlap features
using different dictionaries while the other settings are the same. BLE based ex-
periments were also conducted based on the best performing method, +Content
with CCO filter, described in Section 4.4.3. Other experimental settings were the
same as the ones used in the extraction and translation experiments described in
Section 4.4.3.

Parallel sentence extraction and translation results using different methods are

shown in Table 4.5. For comparison, we also conducted translation experiments
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using the parallel sentences from the seed parallel corpus that were used for lexicon

generation, as SMT training data (labeled “Seed (10k)” and “Seed (680k)”).

Naturally, using more parallel sentences from the seed parallel corpus can
improve the performances of both the Seed and Baseline systems. The Baseline
+ lexicon systems outperform the Baseline systems. The reason for this is that
combining the extracted bilingual lexicons to the Baseline dictionaries can help
to extract more parallel sentences, leading to lower OOV word rates and thus
higher SMT performances. The improvement on Baseline (10k) is larger than
that of Baseline (680k), indicating that the extracted bilingual lexicons are more
helpful in the case that we only have a small seed parallel corpus for lexicon
generation. Baseline (680k) + lexicon does not show significant difference over
Baseline (680k). We suspect the reason for this is the ratio of the number of the
extracted lexicons to the number of lexicons in the Baseline dictionary is much
smaller than that of Baseline (10k) + lexicon to Baseline (10k), which also leads
to a smaller ratio of newly extracted sentences that does not lead to a significant
difference on MT.

Focusing on the difference of the number of dictionary entries between the
Baseline and Baseline + lexicon systems, in the case of Baseline (10k) the dif-
ference is 87,523 — 32,607 = 54,916, and it is 258,124 — 204,254 = 53,870 in
the case of Baseline (680k). Because the number of extracted lexicons that we
combined to the Baseline system is 56k, we can know that there are only a few
overlaps between the extracted lexicons and Baseline dictionary, even we use all
the parallel sentences (680k) in the seed parallel corpus for lexicon generation.
The reason for this is the domain difference between the seed parallel corpus and
Wikipedia. Because our proposed method can extract in-domain lexicons from
comparable corpora, it does not require any in-domain seed parallel corpus, which

is another advantage of our proposed method.

Figure 4.6 shows some examples of sentences additionally extracted by combin-
ing the extracted bilingual lexicons to Baseline (10k). The Baseline system cannot
extract these sentence pairs, because of the low word overlap between them based
on the Baseline generated dictionary. Combining the extracted bilingual lexicons

increases the word overlap, making these sentences been extracted. Based on our
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Example 1

Zh: £ 165 4 %8 @it &b K F5 EN AN BE . JF T ZF £ P
WE A WAT PR I ARG R A AN 2 ORI, X 3 R g ¥
BN T 8 & M s L R H ED s oM R 2 .

Ja: 165 F M /\ILT47 =1L —YXEDEMNTHEED DO DL A—7
FE N THRITLE & WD WARE . CAITE T RRE THD L EX
BATHY .. IhIT &Y 0—7 X FAG EH FRIZHE-T . BAET O RKE
D VEDELDE,

Ref: The infectious disease that broke out among the Roman army of Parthian expedition in
165, and was popular in the Roman Empire after this, is thought to be smallpox today,
this disease caused Rome further fall into the serious shortage of troops, and was one of
the reasons for the decline of its national power.

Example 2
zh: R 2 DL M SR N e 1 RE R B

Jao WE X . BH EICE ZE DD ELE VAL FE AT

/{n

Ref: The story is a magical school comedy with a focus on Ayu and Nina.

Example 3
(Most of the territory of Orleans became the 18th state Louisiana of the United States.)

(The west territory of Oregon became the 33th state Oregon of the United States.)

Figure 4.6: Examples of sentences additionally extracted by combining the ex-
tracted bilingual lexicons to the Baseline (example 1 and 2 are truly parallel
sentences, while example 3 is an erroneous parallel sentence pair). The lexicon
pairs that do not exist in the Baseline generated dictionary but extracted by our
bilingual lexicon extraction method are linked (correct lexicon pairs are linked

with solid lines, incorrect lexicon pairs are linked with dashed lines).
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investigation, about 2/3 of the additionally extracted sentences are truly parallel
sentences. The rest erroneous parallel sentences are extracted because of the noise
contained in the extracted bilingual lexicons. Example 3 in Figure 4.6 shows an
erroneous parallel sentence pair, it is extracted because of the noise lexicons “JH
(state), PEB (west)” and “B& B ZHBM (Louisiana), & L > (Oregon).” One
possible solution to address this problem is further discarding these noisy lexicon
pairs by setting a more strict filtering threshold, however, it might decrease the

coverage of the lexicon.

4.5 Summary of This Chapter

In this chapter, we improved a parallel sentence extraction system by using the
common Chinese characters for filtering, and three novel feature sets for classifica-
tion. The Experimental results on Wikipedia showed that our proposed methods
are more effective than the previous studies. In addition, we conducted bootstrap-
ping and BLE based experiments, which can further improve the performance of
our system.

Our study showed that Chinese characters are significantly helpful for Chinese-
Japanese parallel sentence extraction. As future work, we plan to apply the similar
idea to other language pairs by using cognates. Moreover, in this chapter we only
conducted experiments on Wikipedia. Our proposed system is expected to work
well on other comparable corpora, such as bilingual news articles, patent data
and social media. We plan to do experiments on these comparable corpora to

construct a large parallel corpus for various domains.



Chapter 5
Parallel Fragment Extraction

In statistical machine translation (SMT) [17, 100, 71], because translation knowl-
edge is acquired from parallel data, the quality and quantity of parallel data are
crucial. However, as described in Section 1.2, parallel data remains a scarce re-
source. As non-parallel corpora are far more available, extracting parallel data

from non-parallel corpora is an attractive research field.

Non-parallel corpora include various levels of comparability: noisy parallel,
comparable and quasi-comparable. Noisy parallel corpora contain non-aligned
sentences that are nevertheless mostly bilingual translations of the same docu-
ment, comparable corpora contain non-sentence-aligned, non-translated bilingual
documents that are topic-aligned, while quasi-comparable corpora contain far
more disparate very-non-parallel bilingual documents that could either be on the
same topic (in-topic) or not (out-topic) [41]. Many studies focus on extracting
parallel sentences from noisy parallel corpora or comparable corpora, such as bilin-
gual news articles [152, 131, 93, 127, 1], patent data [132, 85] and social media
[82]. Studies have also been conducted on quasi-comparable corpora [94, 109]. Al-
though quasi-comparable corpora are available in far larger quantities than noisy
parallel or comparable corpora, there are few or no parallel sentences. However,
there could be parallel fragments in comparable sentences that are also helpful for
SMT.

One important fact that most previous studies ignore is that there could be

82
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both parallel sentences and fragments in many comparable corpora. ' Wikipedia
is one typical example of such comparable corpora. In Wikipedia, articles in dif-
ferent languages on the same topic are manually aligned via interlanguage links
by the authors, making it a valuable multilingual comparable corpus. However,
these aligned articles have various degrees of comparability. Some Wikipedia au-
thors translate the article from one language to another, which produces parallel
sentences in these article pairs. Other authors write the aligned articles by them-
selves, thus causing the article pairs to contain few or no parallel sentences but
many parallel fragments in comparable sentences. Moreover, even the translated
article pairs may later diverge because of independent edits in either language,
and both parallel sentences and fragments can exist in these article pairs. Figure
1.2 in Chapter 1 shows an example of comparable texts from Wikipedia, in which
both parallel sentences and fragments are contained. Because both parallel sen-
tences and fragments are helpful for SMT, we believe that it is better to extract

both of them instead of only focusing on one for this type of comparable corpora.

The fragments in quasi-comparable corpora and Wikipedia have one common
point that they both exist in comparable sentences. Previous studies have found it
difficult to accurately extract parallel fragments from comparable sentences. Some
studies extract parallel fragments relying on a probabilistic bilingual lexicon es-
timated on a seed parallel corpus. They locate the source and target fragments
independently, making the extracted fragments unreliable [94]. Some studies de-
velop alignment models for comparable sentences to extract parallel fragments
[109]. Because the comparable sentences are quite noisy, the extracted fragments

are not accurate.

In this chapter, we propose an accurate parallel fragment extraction system.
We locate parallel fragment candidates using an alignment model, and use an
accurate lexicon-based filter to identify the truly parallel ones. We further use
common Chinese characters for the lexicon-based filter to improve its coverage.
Experiments are conducted on both Chinese-Japanese quasi-comparable corpora

and Wikipedia. The experimental results show that our proposed method signif-

! Although [93, 94, 51] were aware of this possibility, none of them provided an integrated

framework that addresses both problems.
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icantly outperforms a state-of-the-art approach, which indicate the effectiveness
of our parallel fragment extraction system. Moreover, we investigate the factors

that may affect the performance of our system in detail.

5.1 Related Work

[94] was the first attempt to extract parallel fragments from comparable sen-
tences. They extracted sub-sentential parallel fragments using a Log-Likelihood-
Ratio (LLR) lexicon estimated on a seed parallel corpus and a smoothing filter.
They showed the effectiveness of fragment extraction for SMT. Their method has
a drawback in that they do not locate the source and target fragments simulta-
neously, which cannot guarantee that the extracted fragments are translations of
each other. We address this problem by using an alignment model to locate the
source and target fragments simultaneously.

Quirk et al. [109] introduced two generative alignment models to extract
parallel fragments from comparable sentences. However, the extracted fragments
slightly decrease SMT performance when they are appended to in-domain training
data. We believe that this is because the comparable sentences are quite noisy,
and hence the alignment models cannot accurately extract parallel fragments.
To addressing this problem, we only use alignment models for parallel fragment
candidate detection, and use an accurate lexicon-based filter to guarantee the
accuracy of the extracted parallel fragments.

In addition to the above studies, there are some other efforts. Hewavitharana
and Vogel [57] proposed a method that calculates both the inside and outside
probabilities for fragments in a comparable sentence pair, and show that the con-
text of the sentence helps fragment extraction. Riesa and Marcu [116] used a
syntax-based alignment model to extract parallel fragments from noisy parallel
data. Gupta et al. [51] translated a source fragment with an existing SMT sys-
tem, and identified the target fragment by calculating the similarity between the
translated source and target fragments. Fu et al. [39] proposed a method that
is based on hierarchical phrase-based force decoding. Afli et al. [3] attempted

to extract parallel fragments from multimodal comparable corpora. Supervised
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Figure 5.1: Parallel fragment extraction system.

methods have also been proposed for parallel fragment extraction [4]. Zhang and
Zong [148] went a step further in that they not only extracted parallel fragments,
but also estimated translation probabilities for the extracted fragments to con-
struct a translation model. Our study differs from these in that it focuses on
the task of accurately extracting parallel fragments and the best approach for
achieving it.

There are also some studies that try to extract parallel sentences from quasi-
comparable corpora. Fung and Cheung [41] proposed a multi-level bootstrapping
approach for parallel sentence extraction from quasi-comparable corpora. Wu and
Fung [143] exploited generic bracketing inversion transduction grammars (ITG)
for this task. Chu et al. [29] used a classification approach. As there are few or
no parallel sentences in quasi-comparable corpora, these studies only can extract

comparable sentences that contain parallel fragments.

5.2 Proposed Method

5.2.1 System Overview

Figure 5.1 shows an overview of our parallel fragment extraction system. Simi-

lar to parallel sentence extraction, we first generate parallel sentence candidates,
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and apply a classifier trained on a small number of parallel sentences from a seed
parallel corpus to classify the parallel sentence candidates into parallel and com-
parable sentences ((1) in Figure 5.1) (Refer to Chapter 4 for the details of parallel
sentence candidate generation and classification).?

As the noise in comparable sentences will decrease the SMT performance, we
further apply parallel fragment extraction. We use two steps to accurately extract
parallel fragments. We first detect parallel fragment candidates using alignment
models ((2) in Figure 5.1). We then filter the candidates using probabilistic bilin-
gual lexicons to produce accurate results ((3) in Figure 5.1). Similar to parallel
sentence extraction, the extracted parallel fragments can be appended to the seed

parallel corpus for bootstrapping ((4) in Figure 5.1). We will present the details

of our proposed method in the following sections.

5.2.2 A Brief Example

Figure 5.2 shows an example of comparable sentences extracted by our system
from a Chinese-Japanese quasi-comparable corpus. The alignment results are
computed by IBM models [17]. We notice that the truly parallel fragments “lead
ion selective electrode” and “potentiometric titration method” are aligned, al-
though there are some incorrectly aligned word pairs. We believe that this kind of
alignment information can be helpful for fragment extraction. However, we need
to develop a method to separate the truly parallel fragments from the aligned

fragments.

5.2.3 Parallel Fragment Candidate Detection

In our experiments, we tried the bidirectional IBM models [17] with symmetriza-
tion heuristics [72], and a Bayesian subtree alignment model [95] for parallel frag-
ment candidate detection. The generative alignment models proposed by Quirk

et al. [109] that are designed for comparable sentences may be more efficient,

2Note that in comparable corpora where article alignment has not been established, the
process of candidate generation might rely on cross-lingual information retrieval (CLIR) [29].
Moreover, in the case of quasi-comparable corpora where there are few parallel sentences, we

might get comparable sentences only after classification.
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Figure 5.2: Example of comparable sentences with alignment results computed
by IBM models (parallel fragment candidates are in dashed rectangles, parallel

fragments are in solid-border rectangles).
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however we leave this for future work. For alignment, we use both the extracted
parallel and comparable sentences, which can help improve the alignment accuracy
for the comparable sentences.?

We treat the longest spans that have monotonic and non-null alignment as
parallel fragment candidates. The reason we only consider monotonic ones is
that, based on our observation, the ordering of alignment models on comparable
sentences is unreliable. Quirk et al. [109] also produced monotonic alignments in
their generative model. Monotonic alignments are not sufficient for many language
pairs. In the future, we plan to develop a method to deal with this problem. The
non-null constraint can limit us from extracting incorrect fragments. Similar to
previous studies, we are interested in fragment pairs with size > 3. Taking the
comparable sentences in Figure 5.2 as an example, we extract the fragments in

dashed rectangles as parallel fragment candidates.

5.2.4 Lexicon-Based Filter

The parallel fragment candidates cannot be used directly, because many of them
are still noisy as shown in Figure 5.2. To produce accurate results, we use a
lexicon-based filter. We filter a candidate parallel fragment pair with probabilis-
tic bilingual lexicons. The lexicon-pair may be extracted from a seed parallel
corpus, or from comparable corpora using some state-of-the-art bilingual lexicon
extraction (BLE) approaches such as our proposed BLE approach described in
Chapter 3. Furthermore, the parallel sentences extracted by our system can also
be used for lexicon generation. In this study, we append the extracted parallel
sentences to a seed parallel corpus to generate the lexicons (called hereafter the
combined parallel corpus).? Different lexicons may have different filtering effects.

Here, we compare three types of lexicon.

e IBM Model 1: The first lexicon we use is the IBM Model 1 lexicon, obtained
by running GIZA++° that implements the sequential word-based statistical

3Note that in the case of quasi-comparable corpora, parallel sentences might not be available.

4Note that in quasi-comparable corpora, because parallel sentences might not be available,
we generate the lexicons only from a seed parallel corpus in this case.

Shttp://code.google.com /p/giza-pp
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alignment model of the IBM models on the combined parallel corpus.

e LLR: The second lexicon we use is the LLR lexicon. Munteanu and Marcu
[94] showed that the LLR lexicon performs better than the IBM Model 1
lexicon for parallel fragment extraction. One advantage of the LLR lexicon
is that it can produce both positive and negative associations. Munteanu
and Marcu [94] developed a smoothing filter that applies this advantage. We
extracted the LLR lexicon from the automatically word-aligned combined

parallel corpus using the same method as [94].

e SampLEX: The last lexicon we use is the SampLEX lexicon. Vuli¢ and
Moens [137] proposed an associative approach for lexicon extraction from
parallel corpora that relies on the paradigm of data reduction. They ex-
tract translation pairs from many smaller sub-corpora that are randomly
sampled from the original corpus, based on some frequency-based criteria of
similarity. They showed that their method outperforms IBM Model 1 and
other associative methods such as LLR in terms of precision. We extracted
the SampLEX lexicon from the combined parallel corpus using the same
method as [137].

To gain new knowledge that does not exist in the lexicon, we apply a smoothing
filter similar to [94]. For each aligned word pair in the fragment candidates, we
score the words in both directions according to the extracted lexicon. If the aligned
word pair exists in the lexicon, we use the corresponding translation probabilities
as the scores. For the LLR lexicon, we use both positive and negative association
values. If the aligned word pair does not exist in the lexicon, we set the scores
in both directions to —1. There is the one exception when the aligned words are
the same, which can happen for numbers, punctuation, abbreviations, etc. In this
case, we set the scores to 1 without considering the existence of the word pair in
the lexicon. Note that in Chinese-Japanese, aligned words can consist of the same
common Chinese characters. We make use of our Chinese character mapping table
[27] to detect these word pairs. For these word pairs, we also set the scores to 1,
and we discuss the effect of this in Section 5.3.1. After this process, we obtain

initial scores for the words in the fragment candidates in both directions.
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We then apply an averaging filter to the initial scores to obtain filtered scores
in both directions. The averaging filter sets the score of one word to the average
score of several words around it. We believe that the words with initial posi-
tive scores are reliable because they satisfy two strong constraints, namely their
alignment according to the alignment models and existence in the lexicon. There-
fore, unlike [94], we only apply the averaging filter to the words with negative
scores. Moreover, we add the constraint that we only filter a word when both
its immediately preceding and following words have positive scores, which further
guarantees accuracy. For the number of words used for averaging, we used five
(two preceding words and two following words). The heuristics presented here

produced good results on a development set.

Finally, we extract parallel fragments according to the filtered scores. We
extract word aligned fragment pairs with continuous positive scores in both di-
rections. Fragments with less than three words may be produced in this process

and we discard them, as done in previous studies.

5.3 Experiments

In our experiments, we compared our proposed fragment extraction method with
[94]. We manually evaluated the accuracy of the extracted fragments. We used
the extracted fragments as additional SMT training data, and evaluated the effec-
tiveness of the fragments for SMT. For people who want to reproduce the results
reported in this chapter, we released a software that contains all the required codes

at http://lotus.kuee.kyoto-u.ac.jp/~chu/code/FragExtractor.tar.gz.

We conducted experiments on two types of comparable corpora. One is quasi-
comparable corpora, where only parallel fragments exist. The other is Wikipedia,
where both parallel sentences and fragments exist, thus integrated extraction is
desirable. Our experiments were conducted on Chinese-Japanese data. In all
our experiments, we preprocessed the data by segmenting Chinese and Japanese
sentences using a segmenter proposed by Chu et al. [25] and JUMAN [77] respec-
tively.
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5.3.1 Experiments on Quasi-comparable corpora

In this section, we describe the experiments conducted on a Chinese-Japanese
quasi-comparable corpus. We investigated the effect of different settings for our

proposed method. Moreover, we conducted bootstrapping experiments.

Data

Seed Parallel Corpus. The seed parallel corpus we used is the Chinese-Japanese
part of Asian Scientific Paper Excerpt Corpus (ASPEC),% which was also used
in Chapter 4. This corpus was provided by JST7 and NICT.® It was created
by the Japanese project “Development and Research of Chinese-Japanese Natu-
ral Language Processing Technology,” containing 680k sentences (18.2M Chinese
and 21.8M Japanese tokens respectively). This corpus contains various scientific
domains such as chemistry, physics, biology and agriculture.

Quasi-Comparable Corpus. The quasi-comparable corpus we used is scientific
paper abstracts collected from academic websites. The Chinese side of the cor-
pus was collected from CNKIL? containing 420k sentences and 90k articles. The
Japanese side of corpus was collected from CiNii'® web portal, containing 5M
sentences and 880k articles. Most articles in the Chinese side of the corpus belong
to the domain of chemistry, while the Japanese side of the corpus contains various
domains such as chemistry, physics and biology. Note that because the articles in
these two websites were written by Chinese and Japanese researchers respectively,
the collected corpus is very-non-parallel. In addition, article alignment has not

been established for this corpus.

Extraction Experiments

We first applied comparable sentence extraction from the quasi-comparable corpus
using a system proposed by Chu et al. [29]. This system is originally proposed for

extracting parallel sentences from quasi-comparable corpora. Because there are

Shttp://orchid.kuee.kyoto-u.ac.jp/ ASPEC
Thttp://www.jst.go.jp
Shttp://www.nict.go.jp
http://www.cnki.net

Yhttp://ci.nii.ac.jp
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few or no parallel sentences in quasi-comparable corpora, this system only can ex-
tract comparable sentences that contain parallel fragments. In general, the system
of [29] is similar to the parallel sentence extraction system proposed in Chapter
4, with an additional component that uses CLIR for candidate sentence genera-
tion. In detail, we first translated the Chinese sentences in the quasi-comparable
corpus to Japanese with a SMT system trained on the seed parallel corpus. Then
we used the translated Japanese sentences as queries for information retrieval.
We retrieved the top 10 Japanese documents for each Chinese sentence using In-
dri,"* and used all sentences in the Japanese documents as sentence candidates.
Next, we identified the comparable sentences from the candidates using a clas-
sifier trained on 5k parallel sentences from the seed parallel corpus. We treated
the sentence pairs with classification probability > 0.5 as comparable sentences,
obtaining 30k chemistry domain sentences.

We then applied fragment extraction on the extracted comparable sentences.
For our proposed method, different alignment models may have different effects
for parallel fragment candidate detection. Therefore, we compared the following

two alignment models:

o GIZA++: Tt implements the sequential word-based statistical alignment
model of IBM models.

e Nakazawa+: It is a Bayesian subtree alignment model [95]. Nakazawa and
Kurohashi [95] showed that it performs better than IBM models especially
for distant language pairs such as Japanese-English. Because this alignment
model is dependency tree-based, we used the Chinese dependency analyzer
CNP [22], while the Japanese dependency analyzer was KNP [66]. After
alignment, we converted the subtree alignment results to word sequences

for our proposed method.

Moreover, external parallel data might be helpful for the alignment models to
detect parallel fragment candidates from comparable sentences. Therefore, we
compared two different settings to investigate the influence of external parallel

data for alignment to our proposed method:

"http://www.lemurproject.org/indri
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Method # fragments | Average size (zh/ja) | Accuracy
Munteanu-+, 2006 28.4k 20.36/21.39 (1%)
Only (IBM) 18.9k 4.03/4.14 80%
Only (LLR) 18.3k 4.00/4.14 89%
Only (SampLEX) 18.4k 3.96/4.05 87%
External (IBM) 28.7k 4.18/4.33 81%
External (LLR) 26.9k 4.17/4.33 85%
External (SampLEX) 28.0k 4.11/4.23 82%

Table 5.1: Fragment extraction results on quasi-comparable corpora using
“GIZA++" for parallel fragment candidate detection (accuracy was manually
evaluated on 100 fragments randomly selected from the fragments extracted by

different methods, based on the number of exact matches).

e Only: Only use the extracted comparable sentences.

e External: Use a small number of external parallel sentences together with
the comparable sentences (In our experiment, we used chemistry domain

data of the seed parallel corpus, containing 11k sentences).

We also compared IBM Model 1 (labeled “IBM”), LLR and SampLEX lexicon for
the lexicon-based filter. All lexicons were extracted from the seed parallel corpus.

Table 5.1 and 5.2 show the results for fragment extraction using “GIZA++"
and “Nakazawa+" for parallel fragment candidate detection respectively. We
can see that the average size of the fragments (i.e., the number of words in the
fragments) extracted by “Munteanu+, 2006” [94] is unusually long, which is also
reported in [109]. Our proposed method extracts shorter fragments. The number
of extracted fragments and the average size are similar among the three lexicons
when using the same alignment setting. Using the external parallel data for
alignment extracts more fragments than only using the comparable sentences, and
the average size is slightly larger. We think the reason is that the external parallel
data is helpful to improve the recall of alignment for the parallel fragments in the

comparable sentences, thus more parallel fragments will be detected. Compared
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Method # fragments | Average size (zh/ja)
Munteanu+-, 2006 28.4k 20.36,/21.39
Ounly (IBM) 13.8k 3.85/4.13
Only (LLR) 13.3k 3.87/4.12
Only (SampLEX) 13.5k 3.81/4.06
External (IBM) 16.8k 3.87/4.13
External (LLR) 16.0k 3.88/4.13
External (SampLEX) 16.4k 3.84/4.09

Table 5.2: Fragment extraction results on quasi-comparable corpora using

“Nakazawa+" for parallel fragment candidate detection.

to “GIZA++,” “Nakazawa+” produces shorter and less fragments. We think the
reason for this is that the monotonic and non-null constraints used for parallel
fragment candidate detection are much harder for a subtree alignment model to
satisfy, thus shorter and less fragment candidates are detected.

To evaluate accuracy, we randomly selected 100 fragments extracted by dif-
ferent methods using “GIZA++" for parallel fragment candidate detection.'?> We
manually evaluated the accuracy based on the number of exact matches. Note
that the exact match criterion has a bias against “Munteanu+, 2006” [94], be-
cause their method extracts sub-sentential fragments that are quite long. We
found that only one of the fragments extracted by “Munteanu+, 2006” was exact
match, while for the remainder only partial matches are contained in long frag-
ments. The accuracy of our proposed method is over 80%, while the remainder
are partial matches. As to the effects of different lexicons, LLR and SampLEX
outperform the IBM Model 1 lexicon. We think the reason is the same as the
one reported in previous studies that the LLR and SampLEX lexicons are more
accurate than the IBM Model 1 lexicon. Also, the LLR lexicon performs slightly
better than the SampLEX lexicon in this experiment. The accuracy of only using

the comparable sentences for alignment are better than using the external par-

2 A more reliable way to evaluate the accuracy might be creating a test set, and evaluating

the precision, recall and F-measure like [57], however, we leave it as future work.
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allel data, except for the IBM Model 1 lexicon. We think the reason is that the
external parallel data may have a bad effect on the precision of alignment for the

parallel fragments in the comparable sentences.

We also analyzed the noisy fragment pairs extracted by our proposed method.
We found that these noisy pairs are extracted because the lexicon-based filter
fails to filter the incorrectly aligned word pairs in the parallel fragment candi-
dates. Most filtering failures are caused by the noisy bilingual lexicon, and score
smoothing also can lead to some failures. Moreover, some filtering failures occur
because of both reasons. Table 5.3 shows examples of some fragment pairs ex-
tracted by our proposed method of “Only (LLR)” using “GIZA++" for parallel
fragment candidate detection. In example 5 and 6, the noisy parts “1 (a past
tense marker)” and “% (a case particle),” and “}3ffi (scanning)” and “#! (type)”
are extracted because they are incorrect aligned by the alignment model and they
exist in the bilingual lexicon. In example 7, “¥K (powder)” and “X#f (x-ray)”
is incorrectly aligned, but they do not exist in the bilingual lexicon thus the initial
score of this word pair is —1. However after smoothing the score becomes posi-
tive, and thus this noisy pair is extracted. In example 8, “iFHH (prove)” and “»»
5 (from)” is a noisy bilingual lexicon pair and incorrectly aligned. Furthermore,
“T (past tense marker)” and “A (this)” are also incorrectly aligned, but they do
not exist in the bilingual lexicon. However, after smoothing the score becomes

positive, causing this noisy fragment pair.

Based on this analysis, we think that to further improve the accuracy, first,
a more efficient alignment model should be used for parallel fragment candidate
detection to decrease the number of incorrectly aligned word pairs. Second, the
effectiveness of the lexicon-based filter should be further improved. Using a more
accurate bilingual lexicon is the key to improving the lexicon-based filter because
the effectiveness of smoothing also highly depends on the accuracy of the bilingual
lexicon. Further cleaning the noisy translation pairs is a possible way to achieve

this [6], however, we leave it as future work.



96 CHAPTER 5. PARALLEL FRAGMENT EXTRACTION
ID Zh fragment Ja fragment
1 TR PR EAR) el vt EfEA R ) — VIR ET

(Direct methanol fuel cell)

(Direct methanol fuel cell)

2 | X it (XPS) Xray | X#OEEFHHE (XPS) (Xray
photoelectron spectroscopy (XPS)) | photoelectron spectroscopy (XPS))
(OH) 24 (H20) 1 2] (OH) 24 (H20) 1 2]
4 I iRl & D7V LTI A NG
(protoplast fusion of) (protoplast fusion of)
5 [pFehhE (MD) 4 7 (molecularyd FE# % (MD) ¥YIalb—Yyarv %
dynamics (MD) simulated) (molecular dynamics (MD) simulation)
6 A T 2ME (SEM) B EFEMEE (SEM),
B BT EMEE (TEM) SR T EME (T EM)
(scanning electron microscopy (SEM), (type electron microscopy (SEM),
transmission electron microscopy transmission electron microscopy
(TEM)) (TEM))
7 XS A5 XHREN T 5007
(X-ray powder diffraction) (X-ray diffraction analysis)
8 I 7 ARIRR MO ATV TY XALD

(proved the algorithm)

(from the algorithm)

Table 5.3: Examples of some fragment pairs extracted by our proposed method

of “Only (LLR)” from quasi-comparable corpora using “GIZA++" for parallel

fragment candidate detection (noisy parts are underlined).
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System GIZA++ | Nakazawa+
Baseline 38.64
+Sentences 39.16
+Munteanu+, 2006 38.87

+Only (IBM) 38.86 38.96
+Only (LLR) 39.277 39.17
+Only (SampLEX) 39.28T 39.28
+External (IBM) 39.63 39.88%+
+External (LLR) 39.22 39.357
+External (SampLEX) | 39.407 39.42f

Table 5.4: BLEU-4 scores for Chinese-to-Japanese translation experiments (“”
and “I” denote the result is better than “Baseline” significantly at p < 0.05 and

p < 0.01 respectively, “«” and “+” denotes the result is significantly better than
“+Munteanu+, 2006” and “+Sentences” respectively at p < 0.05).

Translation Experiments

We conducted Chinese-to-Japanese translation experiments by appending the ex-
tracted fragments to a baseline system. For comparison, we also conducted trans-
lation experiments by appending the extracted comparable sentences (labeled
“+Sentences”). For decoding, we used the state-of-the-art phrase-based SMT
toolkit Moses [72] with default options, except for the distortion limit (6—20).
The baseline system used the seed parallel corpus (680k sentences). We used an-
other 368 and 367 sentences from the chemistry domain for tuning and testing
respectively. We trained a 5-gram language model on the Japanese side of the
parallel seed corpus using the SRILM toolkit [122]'? with interpolated Kneser-Ney
discounting. Tuning was performed by minimum error rate training (MERT) [98],
and it was re-run for every experiment.

We report the translation results on the test set using BLEU-4 [102]. Table
5.4 shows the results of the Chinese-to-Japanese translation experiments. The

significance test was performed using the bootstrap resampling method proposed

Yhttp://www.speech.sri.com/projects/srilm
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by Koehn [69]. We can see that appending the extracted comparable sentences
have a positive effect on translation quality. Adding the fragments extracted
by “Munteanu+, 2006” [94] has a negative impact, compared to appending the
sentences. Our proposed method outperforms both the Baseline, +Sentences, and
Munteanu+, 2006 methods, indicating the effectiveness of our proposed method

for extracting useful parallel fragments for SMT.

We compared the phrase tables produced by different methods to investigate
the reason for different the SMT performances. We found that all methods in-
creased the size of the phrase table, meaning that new phrases are acquired from
the extracted data. However, the noise contained in the data extracted by the
+Sentences and Munteanu+, 2006 methods produce many noisy phrase pairs,
which may decrease MT performance. Our proposed method extracts accurate
parallel fragments, which lead to correct new phrases. Among all the settings
of our proposed method, the +External (IBM) method shows the best perfor-
mance, no matter which alignment model is used. The reason for this is that it
extracts more correct parallel fragments than the other settings, thus more new
phrase pairs are produced. Although the GIZA++ method extracts more parallel
fragments than the Nakazawa+ method, they show similar MT performance. We
think the reason for this is that the fragments extracted by the Nakazawa+ are
more accurate than the GIZA++, because the Nakazawa+ performs better than
the GIZA++ for word alignment [95].

Surprisingly, the translation performance after appending the fragments ex-
tracted by our proposed method only using the comparable sentences for align-
ment shows comparable results when using LLR and SampLEX lexicon for filter-
ing, compared to the ones using the external parallel data for alignment. We think
the reason is that the extracted fragments not only can produce new phrases, but
also can improve the quality of phrase pairs extracted from the original parallel
corpus. Because the fragments extracted only using the comparable sentences
are more accurate than the ones using the external parallel data, they are more
helpful to extract good phrase pairs from the original parallel corpus. This result
indicates that external parallel data is not indispensable for the alignment model

of our proposed method.
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Method # fragments | Average size (zh/ja) | BLEU-4
Baseline 38.64
Only (LLR) 18.3k 4.00/4.14 39.27
Ounly (LLR) Iteration 1 18.5k 4.03/4.16 39.68
Only (LLR) Iteration 2 18.5k 4.03/4.16 39.13
External (IBM) 28.7k 4.18/4.33 30.63
External (IBM) Iteration 1 29.3k 4.21/4.38 39.58
External (IBM) Iteration 2 29.5k 4.22/4.38 39.39

Table 5.5: Bootstrapping fragment extraction and translation results.
Bootstrapping Experiments

We further conducted bootstrapping experiments. We first appended the ex-
tracted parallel fragments to the seed parallel corpus. Then we generated new
bilingual lexicons from the combined corpus. Finally, we used the new bilingual
lexicons for the lexicon-based filter to extract parallel fragments. Bootstrapping
experiments were conducted based on the most accurate method Only (LLR) and
the method +FExternal (IBM) that shows the best MT performance. We only
conducted bootstrapping experiments for the methods that use the GIZA++ for
parallel fragment candidate detection. Experimental settings were the same as
the ones used in the extraction and translation experiments. We iterated until

there were no further improvements in MT performance on the tuning set.

Bootstrapping fragment extraction and translation results using different meth-
ods are shown in Table 5.5. “Baseline” is the same one described in Section 5.3.1
that uses the seed parallel corpus as training data. “Iteration” denotes different
iterations using our bootstrapping method. The number after “Iteration” denotes

iteration number.

We can see that by bootstrapping, both the number of the extracted fragments
and their average size slightly increase for both of the two methods. We think
the main reason for this is the quality improvement of the generated bilingual
lexicons by bootstrapping. The extracted fragments not only can produce new

bilingual lexicons, but also can improve the quality of bilingual lexicons generated
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from the seed parallel corpus. Because the amount of the extracted fragments
are relatively small compared to the seed parallel corpus, the extracted fragments
only can lead to a small increase of the number of the bilingual lexicons. However,
the quality of the generated bilingual lexicons can be improved to some extent,
which leads to more and longer fragments being extracted. For the Only (LLR)
method, the MT performance is slightly improved by bootstrapping. However, no
MT improvement is shown for the External (IBM) method. We think the reason
is that the fragments extracted by the Only (LLR) method are more accurate
the ones extracted by the External (IBM) method. Therefore, they are more
helpful to improve the quality of the bilingual lexicons, which leads better parallel

fragments that can improve the MT performance.

5.3.2 Experiments on Wikipedia
In this section, we describe the parallel sentence and fragment integrated extrac-
tion and translation experiments conducted on the Chinese-Japanese Wikipedia

data. Experiments were conducted based on the results described in Section 4.4.4.

Data

We treated the sentence pairs with “0.1 < classification probability < 0.9” de-
scribed in Section 4.4.4 as comparable sentences,' obtaining 169k sentences. We
performed parallel fragment extraction from these comparable sentences. We also
used the parallel sentences that were extracted with threshold 0.9 to assist the par-
allel fragment extraction, obtaining 126k sentences.'> The SMT system trained

on these parallel sentences is treated as the baseline system in Section 5.3.1.

Extraction Experiments

Based on the investigation of different settings for our proposed method in Section

5.3.1, we chose the following settings for the extraction experiments:

e Parallel fragment candidate detection: We applied word alignment using

MYWe did not extract parallel fragments from the sentences pairs with a classification probability

of less than 0.1, because these sentences pairs are too noisy and rarely contain parallel fragments.
5Note that the sentences duplicated in the tuning and testing sets have been discarded.
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Method # fragments | # fragments | Avg size (zh/ja) | Accuracy
w/o CCC

Munteanu-+, 2006 153,919 16.76,/17.70 (6%)

IBM 140,077 137,053 4.20/4.66 2%

LLR 131,509 129,477 4.18/4.63 82%

SampLEX 100,727 95,537 3.85/4.12 82%

Table 5.6: Parallel fragment extraction results on Wikipedia (the accuracy was
manually evaluated on 100 fragments randomly selected from the fragments ex-
tracted using different lexicons based on the number of exact matches. Further-
more, “w/o CCC” denotes the results that did not use common Chinese characters

for the lexicon-based filter described in Section 5.2.4).

GIZA++ on the comparable sentences together with the parallel sentences
described in Section 5.3.2.

e Lexicon-based filter: We compared the IBM Model 1, LLR, and SampLEX
lexicons, which were all generated from a combined parallel corpus that
appends the parallel sentences described in Section 5.3.2 to the seed parallel

corpus described in Section 5.3.1.

In this experiment, we also investigated the effectiveness of using common Chinese
characters for the lexicon-based filter.

The fragment extraction results are shown in Table 5.6. We can see that
in general the results are similar to the ones reported in Section 5.3.1. Our pro-
posed method extracts shorter fragments than [94]. The accuracy of our proposed
method is significantly better than that of [94], and LLR and SampLEX outper-
form the IBM Model 1 lexicon. One difference is that the IBM model 1 and LLR
lexicons extract significantly more fragments than SampLEX on the Wikipedia
data, and the average size is slightly larger. We suspect the reason for this might
be that the SampLEX algorithm [137] does not perform well on the combined
corpus, and thus the generated lexicon is much smaller compared to IBM model 1
and LLR. Common Chinese characters help to extract more fragments, especially

when we use a smaller lexicon (i.e., SampLEX).
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1D Zh fragment Ja fragment
1 5 73 2 HI P 5t S A BT 3 % R e
(73rd Armored Grenadier Regiment)|(73rd Armored Grenadier Regiment)
2 R R AT ) =Y AT A
(screen projection system) (screen projection system)
3 AN ZLE =S UNGIIYE S
(are adult magazines) (are adult magazines)

4| 199 7THEMFLZFFRERETEA | 199 THEMAZFNY RE-IL
(Women’s World Handball EFHEIL (Women’s World Handball

Championship 1997 is) Championship 1997 is)
5 IR ANY LD
(Helium begins fusion) (Helium is Nucleus)
6 HAR &5 25 NECI-TEb
(Japan Fukushima Prefecture Iwase)| (, Fukushima Prefecture Iwase)
7 N »oEE
(and academic reference books) (and reference books)
8 R A R IZHUE
(general rank .) (general inauguration .)

Table 5.7: Examples of some fragment pairs extracted by our proposed method
from Wikipedia using LLR lexicon for the lexicon-based filter (noisy parts are

underlined).

We also analyzed the noisy fragment pairs extracted by our proposed method
on the Wikipedia data, and found that these noisy pairs are extracted because
of the same reasons as we discussed in Section 5.3.1. Table 5.7 shows examples
of fragment pairs extracted by our proposed method using LLR lexicon for the

lexicon-based filter on the Wikipedia data.

Translation Experiments

We conducted Chinese-to-Japanese parallel sentence and fragment integrated trans-

lation experiments by appending the extracted fragments to a baseline system.
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Method BLEU-4 | OOV
Baseline 37.82 | 3.711%
+Sentences 36.92 2.55%
+Munteanu+, 2006 37.16 3.16%
+IBM 38.48™ | 3.68%
+LLR 38.981 | 3.68%
+SampLEX 38.06' | 3.68%

Table 5.8: Parallel sentence and fragment integrated translation results (“”,
“t” and “*” denote the result is significantly better than “+Munteanu+, 2006”,
“+Sentences” and “Baseline” respectively at p < 0.05).

The baseline system used the parallel sentences described in Section 5.3.2 as SMT
training data. The other settings were the same as the ones used in the translation

experiments described in Section 4.4.3.

We report the translation results on the test set using BLEU-4 [102]. The
results of the Chinese-to-Japanese translation experiments are shown in Table
5.8. For comparison, we also show the translation results of the baseline system
(labeled “Baseline”) and the system that appends the extracted comparable sen-
tences to the baseline system (labeled “+Sentences”). The significance test was
performed using the bootstrap resampling method proposed by Koehn [69]. The
translation results are similar to the ones reported in Section 5.3.1. Appending the
extracted comparable sentences and fragments extracted by [94] has a negative
impact on translation quality. Our proposed method outperforms the Baseline,
+Sentences, and Munteanu+, 2006 methods, indicating the effectiveness of our
proposed integrated extraction method and our proposed method for extracting
useful parallel fragments for SMT. Different from the results in Section 5.3.1, the
LLR lexicon shows the best performance on the Wikipedia data. We suspect the
reason for this is that it extracts significantly more accurate fragments than IBM

model 1 and extracts both more and larger parallel fragments than SampLEX.
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5.4 Summary of This Chapter

In this chapter, we proposed an accurate parallel fragment extraction system
using alignment model together with bilingual lexicon. Experiments conducted
on both Chinese-Japanese quasi-comparable corpora and Wikipedia showed that
our proposed method significantly outperforms a state-of-the-art approach and
improves MT performance.

Our system can be improved in several aspects. Firstly, we only used align-
ment models designed for parallel sentences to detect parallel fragment candidates,
alignment models such as the ones proposed by Quirk et al. [109] that are de-
signed for comparable sentences could be more effective. Secondly, although we
used some state-of-the-art bilingual lexicons for the lexicon-based filter, there is
still some noise and we plan to develop a more accurate bilingual lexicon extrac-
tion method. Thirdly, currently our proposed method cannot deal with ordering,
an alignment model that is effective for ordering even on comparable sentences
should be developed. Fourthly, currently our system only can extract fragments
consisting of word sequences, we plan to extend the system to extract fragments
including syntax subtrees, which are also very useful for SMT. Finally, although
our proposed method is designed to be language and domain independent, the

effectiveness for other language pairs and domains needs to be verified.



Chapter 6

Improving SMT Accuracy
Using Bilingual Lexicon

Extraction with Paraphrases

In statistical machine translation (SMT) [17, 100, 71], the translation model is
automatically learned form parallel corpora in an unsupervised way. The trans-
lation model contains translation pairs with their features scores. SMT suffers
from the accuracy problem that the translation model may be inaccurate, mean-
ing that the translation pairs and their features scores may be inaccurate. The
accuracy problem is caused by the quality of the unsupervised method used for
translation model learning, which always correlates with the amount of parallel
corpora. Increasing the amount of parallel corpora is a possible way to improve
the accuracy, however parallel corpora remain a scarce resource for most lan-
guage pairs and domains.! Accuracy also can be improved by filtering out the
noisy translation pairs from the translation model, however meanwhile we may
lose some good translation pairs, thus the coverage of the translation model may
decrease. A good solution to improve the accuracy while keeping the coverage is

estimating new features for the translation pairs from comparable corpora (which

!Scarceness of parallel corpora also leads to the low coverage of the translation model (which

we call the coverage problem of SMT), however we do not tackle this in this chapter.
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we call comparable features), to make the translation model more discriminative

thus more accurate.

Previous studies use bilingual lexicon extraction (BLE) technology to esti-
mate comparable features [67, 60]. They extend traditional BLE that estimates
similarity for bilingual word pairs on comparable corpora, to translation pairs in
the translation model of SMT. The similarity scores of the translation pairs are
used as comparable features. These comparable features are combined with the
original features used in SMT, which can provide additional information to dis-
tinguish good and bad translation pairs. A major problem of previous studies is
that they do not deal with the data sparseness problem that BLE suffers from.
BLE uses vector representations for word pairs to compare the similarity between
them. Data sparseness makes the vector representations sparse (e.g., the vector
of a low frequent word tends to have many zero entries), thus they do not always
reliably represent the meanings of words. Therefore, the similarity of word pairs
can be inaccurate. Smoothing technology has been proposed to address the data
sparseness problem for BLE. Pekar et al. [103] smoothed the vectors of words
with their distributional nearest neighbors, however distributional nearest neigh-
bors can have different meanings and thus introduce noise. Andrade et al. [9]
used synonym sets in WordNet to smooth the vectors of words, however Word-
Net is not available for every language. More importantly, both studies work for
words, which are not suitable for comparable feature estimation. The reason is
that translation pairs can also be phrases [74] or syntactic rules [45], depending

on what kind of SMT models we use.

In this chapter, we propose using paraphrases to address the data sparseness
problem of BLE for comparable feature estimation. A paraphrase is a restate-
ment of the meaning of a word, phrase or syntactic rule, therefore it is suitable
for the data sparseness problem. We generate paraphrases from the parallel cor-
pus used for translation model learning. Then, we use the paraphrases to smooth
the vectors of the translation pairs in the translation model for comparable feature
estimation. Smoothing is done by learning vectors that combine the vectors of
the original translation pairs with the vectors of their paraphrases. The smoothed

vectors can overcome the data sparseness problem, making the vectors more accu-
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rately represent the meanings of the translation pairs. In this way, we improve the
quality of comparable features, which can improve the accuracy of the translation
model thus improve SMT performance.

We conduct experiments on Chinese-English Phrase-based SMT (PBSMT)
[74].2 Experimental results show that our proposed method can improve SMT
performance, compared to the previous studies that estimate comparable features
without dealing with the data sparseness problem of BLE [67, 60]. The results
verify the effectiveness of using BLE together with paraphrases for the accuracy
problem of SMT.

6.1 Related Work

6.1.1 Bilingual Lexicon Extraction for SMT

From the pioneering work of [110], BLE from comparable corpora has been stud-
ied for a long time. BLE is based on the distributional hypothesis [54], stating
that words with similar meaning have similar distributions across languages. Con-
textual similarity [110], topical similarity [135] and temporal similarity [68] can
be important clues for BLE. Orthographic similarity may also be used for BLE
for some similar language pairs [73]. Moreover, some studies try to use the com-
binations of different similarities for BLE [61, 30]. To address the data sparseness
problem of BLE, smoothing technology has been proposed [103, 9].

BLE can be used to address the accuracy problem of SMT, which estimates
comparable features for the translation pairs in the translation model [67]. BLE
also can be used to address the coverage problem of SMT, which mines transla-
tions for the unknown words or phrases in the translation model from comparable
corpora [34, 63]. Moreover, studies have been conducted to address the accuracy
and coverage problems of SMT simultaneously with BLE [60].

Our study focuses on addressing the accuracy problem of SMT with BLE. We
use paraphrases to address the data sparseness problem of BLE for comparable

feature estimation, which makes the comparable features more accurate.

20ur proposed method can also be applied to other language pairs and SMT models.
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6.1.2 Paraphrases for SMT

Many methods have been proposed to use paraphrases for SMT, mainly for the
coverage problem. One method is paraphrasing unknown words or phrases in the
translation model [18, 113, 87]. Another method is constructing a paraphrase
lattice for the tuning and testing data, and performing lattice decoding [37, 12].
Paraphrases also can be incorporated as additional training data, which may
improve both coverage and accuracy of SMT [101].

Previous studies require external data in addition to the parallel corpus used
for SMT for paraphrase generation to make their methods effective. These para-
phrases can be generated from external parallel corpora [18, 37], or monolingual
corpora based on distributional similarity [87, 113, 101, 12].

Our study differs from previous studies in using paraphrases for smoothing
the vectors of BLE, which is used for comparable feature estimation that can
improve the accuracy of SMT. Another difference is that our proposed method is
effective when only using the paraphrases generated from the parallel corpus used

for SMT, while previous studies require external data for paraphrase generation.

6.2 Accuracy Problem of Phrase-based SMT

In this study, we conduct experiments on PBSMT [74]. Here, we give a brief
overview of PBSMT, and explain the accuracy problem of PBSMT.

In PBSMT, the translation model is represented as a phrase table, containing
phrase pairs together with their feature scores.?> The phrase pairs are extracted
based on unsupervised word alignments, whose quality always correlates with the
amount of the parallel corpus. Inverse and direct phrase translation probabilities
o(fle) and ¢(e|f), inverse and direct lexical weighting lex(f|e) and lex(e|f) are
used as features for the phrase table. Phrase translation probabilities are calcu-
lated via maximum likelihood estimation, which counts how often a source phrase
f is aligned to target phrase e in the parallel corpus, and vise versa. Lexical
weighting is the average word translation probability calculated using internal

word alignments of a phrase pair, which is used to smooth the overestimation of

3Note that in PBSMT, the definition of a phrase also includes a single word.
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f e o(fle)lex(fle)o(e|flex(e|f) Alignment
k. A% unemployment figures | 0.3 |0.0037 [0.0769 0.0018 0-0 1-1
Jalr A% number of unemployed [0.1333] 0.0188 [0.1025/ 0.0041 | 1-0 1-1 0-2
Fl NEK . unemployment was 0.3333] 0.0015 |0.0256]6.8e-06| 0-1 1-1 1-2
Jlk A#unemployment and bringing 1 | 0.0029 [0.0256|5.4e-07|  0-0 1-0

Table 6.1: Example of the accuracy problem in PBSMT (The correct translations
are in bold).

the phrase translation probabilities. Other typical features such as the reordering
model features and the n-gram language model features are also used in PBSMT.
These features are combined in a log linear model, and their weights are tuned
using a small size of parallel sentences. During decoding, these features together
with their tuned weights are used to produce new translations.

One problem of PBSMT is that the phrase pairs and their feature scores in
the phrase table may be inaccurate. One reason for this is the quality of the word
alignment. Another reason is that the translation probabilities of rare word and
phrase pairs tend to be grossly overestimated. Sparseness of the parallel corpus
leads to word alignment errors and overestimations, which result in inaccurate
phrase pairs and feature scores. Table 6.1 shows an example of phrase pairs and
feature scores taken from the phrase table constructed in our experiments (See
Section 6.4 for the details of the experiments), which contains inaccurate phrase
pairs. The correct translations of “Z&\k (unemployment) AZ{ (number of people)”
are in bold. The incorrect phrase pairs are extracted because “AZ{ (number of
people)” is incorrectly aligned to “unemployment,” and their feature scores are
incorrect. We cannot simply filter out these incorrect phrase pairs, because we
may lose some good phrase pairs, thus the coverage of the phrase table may

decrease.

6.3 Proposed Method

Figure 6.1 shows an overview of our proposed method. We construct a phrase

table from a parallel corpus following [74]. Because this phrase table may be
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Phrase table

folll ey 111 &(f;ley) lex(fyle;) ... 1 Fi(f,e;) F2(f,e,) ..
B 111 e, [ d(fle;) lex(f,le,) ... 1 Fl(f,e,) F2(f,e,) ..
f3 111 es 11 d(fy]e;) lex(f;le) ... i F1(fye;) F2(fye;) ...
— o : o Comparable
i — corpora
E— L
[ — £ 111 L] p(fylf,)
L HTHE T p(f 1) BLE-based comparable —
Parallel corpus . . . 2
_______________________ feature estimation L
e, 111e, 111 plele,) (Vector smoothing —
e |1le;s |l ple;les) with paraphrases) ) ||
' J-
Paraphrase

Figure 6.1: Overview of our proposed method.

inaccurate, we estimate comparable features from comparable corpora following
[67, 60]. These comparable features are appended to the original phrase table,
to address the accuracy problem of PBSMT. Comparable feature estimation is
based on BLE, which suffers from the data sparseness problem. We propose
using paraphrases to address this problem. We generate phrasal level paraphrases
for both the source and target language from the parallel corpus. Then we use
the paraphrases to smooth the vectors of the source and target phrases used
for comparable feature estimation respectively. Smoothing is done by learning
a vector that combines the original vector of a phrase with the vectors of its
paraphrases. The smoothed vectors can represent the meanings of phrase pairs
more accurately. Finally, we compute the similarity of phrase pairs based on
the smoothed source and target vectors. In this way, we improve the quality of
comparable features, which can improve the accuracy of the phrase table thus

improve SMT performance.

Details of paraphrase generation, comparable feature estimation and vector
smoothing with paraphrases will be described in Section 6.3.1, 6.3.2 and 6.3.3

respectively.
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6.3.1 Paraphrase Generation

In this study, we generate both source and target phrasal level paraphrases from
the parallel corpus used for SMT? through bilingual pivoting [11]. The idea of
this method is that if two source phrases f; and fo are translated to the same
target phrase e, we can assume that f; and fs are a paraphrase pair. Probability
of this paraphrase pair can be assigned by marginalizing over all shared target

translations e in the parallel corpus, defined as follows:
p(filf2) Zﬁf) file)e(el f2) (6.1)

where, ¢(fi1|e) and ¢(e|f2) are phrase translation probability. Target paraphrases
can be generated in a similar way.

Note that word alignment errors can also lead to incorrect paraphrase gener-
ation. For example, “unemployment figures” and “unemployment and bringing”
in Table 6.1 might be generated as a paraphrase pair. However, this kind of noisy

pairs can be easily pruned according to their low probabilities.

6.3.2 Comparable Feature Estimation

Following [67, 60], we estimate contextual, topical and temporal similarities as
comparable features. However, we do not use orthographic similarity as compa-
rable feature, because we experiment on Chinese-English, which is not an ortho-
graphically similar language pair.

Besides phrasal features, we also estimate lexical features following [67, 60].
The lexical features are the average similarity scores of word pairs over all possible
word alignments across two phrases. They are used to smooth the phrasal features,
like the lexical weighting in PBSMT. However, they only can slightly alleviate the
sparseness of phrasal features, because individual words also suffer from the data
sparseness problem.

In the following sections, we describe the methods to estimate contextual,

topical and temporal features in detail.

4Paraphrases also can be generated from external parallel corpora and monolingual corpora,

however we leave it as future work.
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Contextual feature

Contextual feature is the contextual similarity of a phrase pair. Contextual sim-
ilarity is based on the distributional hypothesis on context, stating that phrases
with similar meaning appear in similar contexts across languages. From the pi-
oneering work of [110], contextual similarity has been used for BLE for a long
time.

In the literature, different definitions of context have been proposed for BLE,
such as window-based context, sentence-based context and syntax-based context.
In this study, we use window-based context, and leave the comparison of using
different definitions of context as future work. Given a phrase, we count all its
immediate context words, with a window size of 4 (2 preceding words and 2
following words). We build a context by collecting the counts in a bag of words
fashion, namely we do not distinguish the positions that the context words appear
in. The number of dimensions of the constructed vector is equal to the vocabulary
size. We further reweight each component in the vector by multiplying by the IDF
score following [48, 30], which is defined as follows:

D]

IDF(t,D) = 1
(t.D) =log s rie Dt e

(6.2)

where |D| is the total number of documents in the corpus, and [{d € D : t € d}|
denotes number of documents where the term ¢ appears.® We model the source
and target vectors using the method described above, and project the source
vector onto the vector space of the target language using a seed dictionary. The
contextual similarity of the phrase pair is the similarity of the vectors, which is

computed using cosine similarity defined as follows:

Ek | Fi X Ey
\/Zk 1 (Fr)? \/Zk 1 (ER)?

where f and e are the source and target phrases, F' and E are the projected source

Cos(f,e) (6.3)

vector and target vector, K is the number of dimensions of the vectors.

5Because there are no document bounds in the corpus we used to estimate contextual feature,

we treated every 100 sentences as one document.
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Topical feature

Topical feature is the topical similarity of a phrase pair. Topical similarity uses
the distributional hypothesis on topics, stating that two phrases are potential
translation candidates if they are often present in the same cross-lingual topics
and not observed in other cross-lingual topics [135]. Vuli¢ et al. [135] proposed
using bilingual topic model based method to estimate topical similarity. However,

this method is not scalable for large data sets.

In this study, we estimate topical feature in a scalable way following [67].
We treat an article pair aligned by interlanguage links in Wikipedia as a topic
aligned pair. For a phrase pair, we build source and target topical occurrence
vectors by counting their occurrences in its corresponding language articles. The
number of dimensions of the constructed vector is equal to the number of aligned
article pairs, and each dimension is the number of times that the phrase appears
in the corresponding article. The similarity of the phrase pair is computed as the

similarity of the source and target vectors using cosine similarity (Equation 6.3).

Temporal feature

Temporal feature is the temporal similarity of a phrase pair. The intuition of
temporal similarity is that news stories across languages tend to discuss the same
world events on the same day, and the occurrences of a translated phrase pair

over time tend to spike on the same dates [68, 67].

We estimate temporal feature following [68, 67]. For a phrase pair, we build
source and target temporal occurrence vectors by counting their occurrences in
equally sized temporal bins, which are sorted from the set of time-stamped doc-
uments in the comparable corpus. We set the window size of a bin to 1 day.
Therefore the number of dimensions of the constructed vector is equal to the
number of days spanned by the corpus, and each dimension is the number of
times that the phrase appears in the corresponding bin. The similarity of the
phrase pair is computed as the similarity of the source and target vectors using

cosine similarity (Equation 6.3).
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Phrase Paraphrase

tampered being tampered

an appropriation | appropriation

11th 11th .
SO many years many years
first thing first thing that
mass media , media ,

Table 6.2: Examples of overlaps between a phrase and its paraphrase.

6.3.3 Vector Smoothing with Paraphrases

Data sparseness results in sparse representations of the vectors, therefore the
similarity of the phrase pair can be inaccurate. We propose using paraphrases
to smooth both the source and target vectors, to deal with the data sparseness
problem. After smoothing, the vectors can more accurately represent the phrases.
We compute the similarity of the phrase pair based on the smoothed source and

target vectors, and use it as comparable features for PBSMT.

One problem of using paraphrases for smoothing is that a phrase and its
paraphrase may overlap. Table 6.2 shows some examples of overlaps between a
phrase and its paraphrase generated from the parallel corpus we use. The vector
of the overlapped paraphrase contains overlapped information of the vector of
the original phrase. Therefore, it is necessary to consider overlap when using

paraphrases for vector smoothing.

There are three types of vectors (context, topical and temporal occurrence vec-
tors) need to be smoothed. The method for smoothing context vector is different
from topical and temporal occurrence vectors, because the components in context
vector are different. Topical and temporal occurrence vectors can be smoothed
using the same method, because the components of both vectors are occurrence
information. The following sections describe the methods to smooth the context

vector, and topical and temporal occurrence vectors respectively.
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Context Vector Smoothing
We smooth the context vector of a phrase x with the following equation:

= /(@) : ; I (x1) -o(x;|x) - ) )
= Fl@)+ X0 fl;) X+; f@ + 5 () plilr) -4 Xi = X (z D)
X; (otherwise)
(6.4)

where X’ is the smoothed context vector, X is the context vector of x, n is the
number of paraphrases that x has, X; is the context vector of paraphrase x;,
p(zi|z) is the probability that x; is a paraphrase of x. f(x) is the frequency of
x in the corpus, and % is the frequency weight for z. Frequency
weight is also used for the paraphrases in a similar way. The frequency weight
is proposed by Andrade et al. [9] when using synonyms to smooth the context
vector of a word. They show that using the frequency information of words as
weights performs better than simple summation of the vectors. For the overlap

problem between x and x;, we do the following:

o If x C x; namely «x is contained in z;, we use the context words that exist

in X; but do not exist in X for smoothing, which is X;\X;

e If x D z; namely = contains x;, we remove the overlapped contextual infor-

mation between X; and X for smoothing, which is X; — X;

e Otherwise, we use X; for smoothing.

Topical and Temporal Occurrence Vectors Smoothing

We smooth the topical and temporal occurrence vectors of a phrase x with the

following equation:

. 0 (x C ;)
— .
X' =X+ pailr) X, - X (2D x) (6.5)
i=1
X; (otherwise)

where X’ is the smoothed occurrence vector, X is the occurrence vector of x, n is

the number of paraphrases that = has, X; is the occurrence vector of paraphrase
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Context (before smoothing) | <rising: 2.37, economic: 0, recession: 3.94 +*+ >

Context (after smoothing) |<rising: 0.03, economic: 0.06, recession: 0.04 -+ >

Topical (before smoothing) <Topicl: 0, Topic2: 1, Topic3: 0 ==+ >
Topical (after smoothing) <Topicl: 0.12, Topic2: 1.27, Topic3: 0.05 =+ >
Temporal (before smoothing) <Datel: 1, Date2: 0, Date3: 6 -+ >

Temporal (after smoothing) <Datel: 1.25, Date2: 0.08, Date3: 6.38 =+ >

Table 6.3: Examples of the three types of vectors for the phrase “unemployment

figures” before and after smoothing.

x;, p(x;|x) is the probability that x; is a paraphrase of z. For the overlap problem

between z and x;, we do the following:

o If x C x;, we do not use X; for smoothing, because X already contains the

occurrence information in Xj;

o If x D x;, we remove the overlapped occurrence information between X; and

X for smoothing, which is X; — X;
e Otherwise, we use X; for smoothing.

Examples of the three types of vectors before and after smoothing are shown

in Table 6.3.

6.4 Experiments

In our experiments, we compared our proposed method with [67]. We esti-
mated comparable features from comparable corpora using the method of [67]
and our proposed method respectively. We appended the comparable features
to the phrase table, and evaluated the two methods in the perspective of SMT
performance. We conducted experiments on Chinese-English data. In all our
experiments, we preprocessed the data by segmenting Chinese sentences using a

segmenter proposed by Chu et al. [25], and tokenizing English sentences.
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NIST | Gigaword | Wikipedia
# Zh articles N/A 3.6M 248k
# En articles N/A 4.3M 248k
# Zh sentences | 991k 42.6M 2.8M
# En sentences | 991k 56.9M 10.1M
# 7Zh tokens 26.1M 1.1B 70.5M
# En tokens 27.2M 1.3B 240.5M

Table 6.4: Statistics of the comparable data used for comparable feature estima-

tion.

6.4.1 Experimental Settings
SMT Settings

We conducted Chinese-to-English translation experiments. The parallel corpus
we used is from Chinese-English NIST open MT.% The “NIST” column of Table
6.4 shows the statistics of this parallel corpus. For decoding, we used the state-
of-the-art PBSMT toolkit Moses [72] with default options, except for the phrase
length limit (7—3) following [67]. We trained a 5-gram language model on the
English side of the parallel corpus using the SRILM toolkit [122]7 with interpolated
Kneser-Ney discounting, and used it for all the experiments. We used NIST open
MT 2002 and 2003 data sets for tuning and testing, containing 878 and 919
sentence pairs respectively. Note that both MT 2002 and 2003 data sets contain
4 references for each Chinese sentence. Tuning was performed by minimum error

rate training (MERT) [98], and it was re-run for every experiment.

Comparable Feature Estimation Settings

Table 6.4 shows the statistics of the comparable data used for comparable feature

estimation. The contextual feature was estimated on the parallel corpus. We

SLDC2007T02, LDC2002T01, LDC2003T17, LDC2004T07, HK News part of LDC2004T08,

LDC2005T10 and LDC2006T04
"http://www.speech.sri.com/projects/srilm



118 CHAPTER 5. IMPROVING SMT ACCURACY USING BLE

# Phrase pairs 4,886,067
# 7Zh phrases 45,905
# En phrases 2,078,230
# 7Zh unigrams 6,719
Avg # translations 509.1
# 7Zh bigrams 23,029
Avg # translations 56.7
# 7Zh trigrams 16,157
Avg # translations 9.8

Table 6.5: Statistics of the filtered phrase table.

treated the two sides of the parallel corpus as independent monolingual corpora,
following [52, 67]. Contextual feature estimation requires a seed dictionary. The
seed dictionary we used is NIST Chinese-English translation lexicon Version 3.0,
containing 82k entries. The temporal feature was estimated on Chinese? and
English!® Gigaword version 5.0. We used the afp, cna and xin sections with
date range 1994/05-2010/12 of the corpora. The topical feature was estimated
on Chinese and English Wikipedia data. We downloaded Chinese!! (2012/09/21)
and English!? (2012/10/01) Wikipedia database dumps. We used an open-source
Python script!® to extract and clean the text from the dumps. We aligned the
articles on the same topic in Chinese-English Wikipedia via the interlanguage
links.

We estimated comparable features for the unique phrase pairs used for tuning
and testing. These phrase pairs were extracted from the entire phrase table con-
structed from the parallel corpus, by checking all the source phrases in the tuning

and testing data sets. We call these phrase pairs the filtered phrase table. Table

SLDC2002L27
LDC2011T13
1YLDC2011T07
"http://dumps.wikimedia.org/zhwiki
2http://dumps.wikimedia.org/enwiki
3http://code.google.com/p/recommend-2011/source/browse/Ass4/WikiExtractor.py
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Zh En
# Phrases&words 46,112 | 2,090,345
# Phrases&words w/ paraphrases | 26,718 455,099
# Unigrams w/ paraphrases 6,273 46,191
Avg # paraphrases 39.8 21.6
# Bigrams w/ paraphrases 15,026 223,299
Avg # paraphrases 34.6 17.7
# Trigrams w/ paraphrases 5,419 185,609
Avg # paraphrases 20.0 14.9

Table 6.6: Statistics the generated paraphrases for the phrases and individual
words inside the phrases in the filtered phrase table.

6.5 shows the statistics of the filtered phrase table. We can see that each Chinese
phrase has a large number of translations on average especially for the lower order
n-gram phrases, which can indicate the inaccuracy of the filtered phrase table.

Our proposed method requires paraphrases for vector smoothing. We used
Joshua [47] to generate both Chinese and English paraphrases from the paral-
lel corpus. We kept the paraphrase pairs that satisfy logp(z1|ze) > —7 and
log p(xa|xy) > —7 ' for smoothing, where p(x1|x2) is the probability that x; is
a paraphrase of za, and p(z2|z1) is the probability that x5 is a paraphrase of ;.
Table 6.6 shows the statistics of the paraphrase generation results for the Chinese
and English phrases, and individual words inside the phrases in the filtered phrase
table.

Note that, for some phrase pairs, their comparable feature scores may be 0,
because of data sparseness. In that case, we set their comparable features to a

small positive number of 1le — 07.

6.4.2 Results

We report results on the test set using case-insensitive BLEU-4 score and four

references. Table 6.7 shows the results of Chinese-to-English translation exper-

1YWe also tried other pruning thresholds, and this threshold showed the best performance in

the preliminary experiments.
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System +Contextual | +Topical | +Temporal | +All
Baseline 45.45

Klementiev+ 43.69 45.72 45.05 45.92
Proposed 45.56% 46.10M 46.00" | 46.267

Table 6.7: BLEU-4 scores for Chinese-to-English translation experiments (“1” and
“1” denote that the result is significantly better than “Baseline” at p < 0.01 and
“Klementiev+" at p < 0.05 respectively)

iments. “Baseline” denotes the baseline system that does not use comparable
features. “Klementiev+” denotes the system that appends the comparable fea-
tures estimated following [67] to the phrase table. “Proposed” denotes the system
that uses the comparable features estimated by our proposed method. “+Contex-
tual,” “+Topical” and “+Temporal” denote the systems that append contextual,
topical and temporal features respectively. “+All” denotes the system that ap-
pends all the three types of features. The significance test was performed using
the bootstrap resampling method proposed by Koehn [69].

We can see that “Klementiev+” does not always outperform “Baseline.” The
reason for this is that the comparable features estimated by [67] are inaccurate.
“Proposed” performs significantly better than both “Baseline” and “Klemen-
tiev+.” The reason for this is that “Proposed” deals with the data sparseness
problem of BLE for comparable feature estimation, making the features more ac-
curate thus improve the SMT performance. As for different comparable features
of “Proposed,” “+Contextual,” “4+Topical” and “+Temporal” are all helpful, and
combining them can be more effective. The results verify the effectiveness of our
proposed method for the accuracy problem of PBSMT.

We also investigated the comparable features estimated by the method of [67]
and our proposed method. Based on our investigation, most comparable features
estimated by our proposed method are more accurate than the ones estimated by
the method of [67]. Here, we give an example of the comparable feature scores
estimated for the phrase pairs shown in Table 6.1. Table 6.8 shows the comparable
feature scores estimated by the method of [67] (above the bold line) and our
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f e con |con_lex| top [top_lex| tem tem_lex

k. A% unemployment figures [1.4e-06/0.0408|1e-07[0.2061(0.1942 0.6832
Jlk A% number of unemployed |0.0144(0.0299 | 1e-07 |0.1675(0.0236| 0.6277
Tl A . unemployment was  |0.0107[0.0701 | 1e-07[0.1908(0.0709| 0.6981
Jlk A#unemployment and bringing 1e-07 [0.0603 | 1e-07[0.1730| 1e-07 | 0.6898
4k A% unemployment figures |0.0749(0.0806 [0.5434{0.2629(0.4307| 0.7033
4k A number of unemployed |0.0522|0.1053(0.1907]0.2235(0.5983( 0.7240
Jalk A% . unemployment was  |0.0050(0.1206(0.0117/0.2336(0.0967| 0.7094
Jlk A#unemployment and bringings.1e-050.0904 | 1e-07 |0.2034(0.0073( 0.7003

Table 6.8: Examples of comparable feature scores estimated by the method of
[67] (above the bold line) and our proposed method (below the bold line) for
the phrase pairs shown in Table 6.1 (“con,” “top” and “tem” denote phrasal

)

contextual, topical and temporal features respectively, “con_lex,” “top_lex” and

“tem_lex” denote lexical contextual, topical and temporal features respectively).

proposed method (below the bold line). We can see that the method of [67] suffers
from the data sparseness problem. Many of the feature scores are le — 07, and
many of the feature scores for the correct translations (“unemployment figures”
and “number of unemployed”) are lower than the incorrect ones (“. unemployment
was” and “unemployment and bringing”). Our proposed method addresses the
data sparseness problem by using paraphrases for vector smoothing. We can see
that, after smoothing the feature scores can more accurately distinguish the good

translations from the bad ones.

6.5 Summary of This Chapter

In this chapter, we proposed using BLE together with paraphrases to address the
accuracy problem of SMT. The translation pairs and their feature scores in the
translation model of SMT can be inaccurate, because of the quality of the un-
supervised methods used for translation model learning. Estimating comparable

features from comparable corpora with BLE has been proposed for the accuracy
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problem of SMT. However, BLE suffers from the data sparseness problem, which
makes the comparable features inaccurate. We proposed using paraphrases to
address this problem. Paraphrases were used to smooth the vectors used in com-
parable feature estimation with BLE. Experiments conducted on Chinese-English
PBSMT verified the effectiveness of our proposed method.

As future work, firstly we plan to generate paraphrases from external parallel
corpora and monolingual corpora, where as in this study we used the paraphrases
generated from the parallel corpus used for SMT. Secondly, in this study we
estimated contextual features from the parallel corpus, however in the future
we plan to estimate it from comparable corpora. Finally, because our proposed
method should be language independent and can be applied to other SM'T models,
we plan to conduct experiments on other language pairs and SMT models to verify

this.
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Conclusion

The scarceness of parallel corpora is the main bottleneck of SMT. In this thesis, we
exploited comparable corpora to addressing this. We proposed novel approaches
to extract bilingual lexicons, parallel sentences and parallel fragments from com-
parable corpora in an integrated framework. In addition, we exploited linguistic
knowledge of common Chinese characters for Chinese-Japanese parallel data ex-
traction as a case study. Bilingual lexicon extraction (BLE) was used for parallel
sentence extraction and addressing the accuracy problem of SMT. The extracted
parallel sentences and fragments were used as additional training data for SMT.
Experiments showed that our proposed approaches are effective for the scarceness

of parallel corpora that SMT suffers.

7.1 Summary

In Chapter 2, we proposed a method for constructing a more complete resource
of common Chinese characters using freely available resources. In addition, we
exploited common Chinese characters in Chinese word segmentation for SMT.
Common Chinese characters were used for parallel sentence (Chapter 4) and frag-
ment extraction (Chapter 5). The optimized segmenter was used throughout this
thesis work.

In Chapter 3, we presented a BLE system exploiting both topical and con-

textual knowledge. Our system is based on a novel combination of topic model
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and context based methods, which is fully unsupervised and can be iteratively
improved. Experiments conducted on Chinese-English, Japanese-English and
Chinese-Japanese Wikipedia data verified the effectiveness of our system for BLE

from comparable corpora.

In Chapter 4, we presented a robust parallel sentence extraction system con-
sisting of a parallel sentence candidate filter and a binary classifier for parallel
sentence identification. We improved the system by using the common Chinese
characters for the filter, and three novel feature sets for the classifier. Experiments
conducted on Chinese-Japanese Wikipedia showed that our proposed methods are
more effective than the previous studies. We further applied the bilingual lexicons

extracted in Chapter 3 for parallel sentence extraction.

In Chapter 5, we proposed an accurate parallel fragment extraction system us-
ing alignment model together with bilingual lexicon. Common Chinese characters
were also used to improve the coverage of the system. Experiments conducted
on Chinese-Japanese quasi-comparable corpora and Wikipedia showed that our
proposed our system can accurately extract parallel fragments, and the extracted

parallel fragments can improve SMT performance.

In Chapter 6, we proposed using BLE together with paraphrases for the accu-
racy problem of SMT. Estimating comparable features from comparable corpora
with BLE has been proposed for the accuracy problem of SMT. However, BLE
suffers from the data sparseness, which makes the comparable features inaccu-
rate. We proposed using paraphrases to addressing this. Experiments conducted

on Chinese-English SMT verified the effectiveness of our proposed method.

The main problem of exploiting comparable corpora is that they are noisy,
making the extracted parallel data noisy. In this thesis, we proposed many ap-
proaches to addressing this problem, and verified the effectiveness of them. In our
integrated framework, BLE is the key to addressing the noisy problem, because it
is the fundamental part to accurately extract the parallel data of larger unit. How
to improve the robustness on noisy data is a common problem in many artificial
intelligence research fields. We believe that this thesis work can benefit the re-
search in other fields that also conducts on noisy data such as speech recognition

and computer vision.
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Figure 7.1: Bilingual lexicon extraction from monolingual corpora.

7.2 Future Work

Our proposed approaches have improved the state-of-the-art performance for par-
allel data extraction from comparable corpora. However, the sizes of the extracted
bilingual lexicons, parallel sentences and fragments in this thesis are relatively
small, and the language pairs and domains of them are limited. Aiming to ex-
tract large-scale parallel data for various language pairs and domains, following

directions can be considered.

7.2.1 Bilingual Lexicon Extraction from Monolingual Corpora

Because parallel sentence and fragment extraction systems usually highly rely on
bilingual dictionaries, constructing large-scale dictionaries for various language
pairs and domains automatically is crucial for making large-scale parallel data
extraction available. In Chapter 4, we have already shown the effectiveness of
using the bilingual lexicons extracted from comparable corpora for parallel sen-

tence extraction, however the bilingual lexicons used in the experiments are not
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large-scale. To automatically construct large-scale dictionaries form comparable
corpora, our proposed BLE system described in Chapter 3 needs to be further
improved following Section 3.5.

BLE from comparable corpora may have its limitation in domain diversity
and coverage. As monolingual corpora are more available than comparable cor-
pora, we consider extracting bilingual lexicons from monolingual corpora. For
languages paired with English, we may directly extract bilingual lexicons from
monolingual corpora. Taking Chinese-English and Japanese-English as an ex-
ample. In both Chinese and Japanese corpora, there are many expressions that
have English translations in special formats (e.g. parenthetical translation). Us-
ing these clues and efficient word boundary determination algorithms such as the
ones proposed in [19, 81|, both Chinese-English and Japanese-English lexicons
can be extracted. For the languages pairs without English, we may use English as
a pivot to construct bilingual lexicons. Taking Chinese-Japanese as an example.
Once Chinese-English and Japanese-English lexicons are extracted by the above
method, we can construct Chinese-Japanese lexicons via English. However, many
ambiguous pairs may be produced by pivoting. These ambiguous pairs can be
removed using the context of the lexicons [128]. Figure 7.1 shows an example of
this process.

We plan to construct large bilingual dictionaries for various domains by com-
bining the bilingual lexicons extracted from comparable and monolingual corpora.
By combination, we can further filter out some noisy pairs, and thus improve the

precision of the lexicons.

7.2.2 Unsupervised Parallel Data Extraction

The motivation of exploiting comparable corpora for SMT is to addressing the
scarceness of parallel corpora. However, most previous studies of parallel data
extraction from comparable corpora are supervised or semi-supervised that rely on
existing parallel data. BLE from comparable corpora usually relies on a manually
created seed dictionary, and parallel sentence and fragment extraction relies on
either a manually created seed dictionary or a seed parallel corpus. Obviously,

this kind of parallel data is not available for many language pairs and domains.
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Unsupervised methods are the key for large-scale parallel data extraction for these
language pairs and domains.

Unsupervised parallel data extraction is still a challenging research area. Re-
cently, some unsupervised BLE methods have been proposed, such as the topical
model based method [135], the decipherment based method [112, 36] and our pro-
posed method described in Chapter 3. However, challenges for unsupervised BLE
still remain such as scalability, compound words, rare words and polysemy. Some
of the challenges are in common with the supervised and semi-supervised BLE. For
parallel sentence and fragment extraction, few studies have been conducted on un-
supervised methods. The only unsupervised parallel sentence extraction method
that we are aware is [35]. However their method suffers from high computational
complexity. The only unsupervised parallel fragment extraction method that we
are aware is [109]. However their method cannot accurately extract parallel frag-
ments. Therefore, we plan to develop more efficient unsupervised methods for

parallel data extraction from comparable corpora.

7.2.3 Paraphrases Based Extraction

Parallel data is the equivalent of a word, phrase or sentence in two languages.
A paraphrase is a restatement of the meaning of a word, phrase or sentence.
Parallel data extraction compares the similarity of a word, phrase or sentence
pair bilingually, while paraphrase extraction compares the similarity of a word,
phrase or sentence pair monolingually. The tasks of parallel data extraction and
paraphrase extraction are highly comparable, and many methods are in common
between these two tasks. For example, Wang and Callison-Burch [140] directly
applied the method for parallel fragment extraction from comparable corpora
proposed in [94], to paraphrase fragment extraction from monolingual comparable
corpora. Therefore, it is natural to consider using paraphrases for parallel data
extraction.

As described in Section 6.1.2, paraphrases have been used to addressing the
coverage problem of SMT in many previous studies. In Chapter 6, we also have
proposed a method of using paraphrases to addressing the accuracy problem of

SMT. However, few studies have been conducted on using paraphrases for parallel
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data extraction from comparable corpora. The only study that we are aware is [9].
They use lexical level paraphrases namely synonyms to improve the accuracy of
BLE from comparable corpora. We believe that the accuracy of parallel sentence
and fragment extraction also could be further improved by paraphrases. Moreover,
not only the accuracy but also the coverage of parallel data extraction could be
improved by paraphrases. Naive ideas such as improving the coverage of the
bilingual dictionaries by paraphrasing could be a possible approach for large-
scale parallel data extraction. Recently, large paraphrase databases for many
languages such as the multilingual paraphrase database [46] have become available
to acquire, making it much easier to try paraphrases based large-scale parallel data
extraction for various language pairs.

On the other hand, parallel data also can be used for paraphrase extraction.
For example, Andrade et al. [8] improved the accuracy of synonym extraction

with bilingual lexicons. This direction can be a possible extension for this work.
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