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Abstract

Machine Translation (MT) is a task with multiple components, each of which can be very

challenging. This thesis focuses on a difficult language pair – Chinese to English – and

works on several language-specific aspects that make translation more difficult.

The first challenge this thesis focuses on is the differences in the writing systems. In

Chinese there are no explicit boundaries between words, and even the definition of a “word”

is unclear. We build a general purpose Chinese word segmenter with linguistically inspired

features that performs very well on the SIGHAN 2005 bakeoff data. Then we study how

Chinese word segmenter performance is related to MT performance, and provide a way

to tune the “word” unit in Chinese so that it can better match up with the English word

granularity, and therefore improve MT performance.

The second challenge we address is different word order between Chinese and En-

glish. We first perform error analysis on three state-of-the-art MT systems to see what the

most prominent problems are, especially how different word orders cause translation er-

rors. According to our findings, we propose two solutions to improve Chinese-to-English

MT systems.

First, word reordering, especially over longer distances, caused many errors. Even

though Chinese and English are both Subject-Verb-Object (SVO) languages, they usually

use different word orders in noun phrases, prepositional phrases, etc. Many of these dif-

ferent word orders can be long distance reorderings and cause difficulty for MT systems.

There have been many previous studies on this. In this thesis, we introduce a richer set of

Chinese grammatical relations that describes more semantically abstract relations between

words. We are able to integrate these Chinese grammatical relations into the most used,

state-of-the-art phrase-based MT system and to improve its performance.
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Second, we study the behavior of the most common Chinese word “{” (DE), which

does not have a direct mapping to English. DE serves different functions in Chinese, and

therefore can be ambiguous when translating to English. It might also cause longer dis-

tance reordering when translating to English. We propose a classifier to disambiguate DEs

in Chinese text. Using this classifier, we improve the English translation quality because

we can make the Chinese word orders much more similar to English, and we also dis-

ambiguate when a DE should be translated to different constructions (e.g., relative clause,

prepositional phrase, etc.).
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Chapter 1

Introduction

Machine translation (MT) has a long history. Early proposals for translating languages

using computers were based on information theory, which was also used for code breaking

in World War II. The area of machine translation was particularly interesting to the US

government, usually in the direction of translating foreign languages to English. In the

early days, Russian was one of the languages of interest, and currently Arabic and Chinese

are the main source languages.

MT technology makes it possible and easier to collect knowledge in other languages,

as well as to distribute knowledge to other languages. For commercial use, companies are

more interested in translating from English to foreign languages. For example, Microsoft

used MT technology to translate their technical manuals from English to many other lan-

guages. For personal use, there are also several MT systems online, such as Altavista’s

Babelfish (powered by the SYSTRAN system) and Google Translate.

Machine translation is a broad field with many different components in complicated

systems. Some work focuses more on general language-independent techniques that can be

applied to any language pair. For example, different formalisms of modeling the translation

process, such as the commonly used phrase-based system (Moses) (Koehn et al., 2003)

which is an instance of the noisy channel approach (Brown et al., 1993), and Hiero (Chiang,

2005) which is formally a synchronous context-free grammar (Lewis and Stearns, 1968).

Some other work focuses on more language-specific aspects, identifying and tackling

difficulties in different language pairs. There are also many language-specific aspects that

1
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researchers have worked on. For example, translation to morphologically complex lan-

guages can benefit from morphology generation models combined with the base MT sys-

tem (Toutanova et al., 2008; Avramidis and Koehn, 2008). Translation between language

pairs with very different word orders can be improved by reordering words in the source

language to be closer to the target language, which requires understanding of the source

and target language (Collins et al., 2005; Wang et al., 2007; Badr et al., 2009).

However, even the performance of language independent techniques can still be language-

dependent. Birch et al. (2009) reported that synchronous grammar-based models produced

superior results for Chinese-to-English MT, but for Arabic-to-English MT, phrase-based

models are still competitive. This is because the Arabic-English pair has shorter range

reordering where Moses performs better than Hiero, because Moses searches all possi-

ble permutations within a certain window whereas Hiero will only permit reorderings for

which there is lexical evidence in the training corpus. The Chinese-English translation pair

has more mid-range reordering where Hiero is better because its search space allows more

longer distance reordering possibilities.

Therefore, we believe that language-specific knowledge is very critical for MT. Espe-

cially for languages that are more different from each other, we think that better understand-

ing of the source language and the mapping of the source language to the target language

is key for better MT quality. In Section 1.1, we will discuss some key issues in the Chinese

language and why it can be difficult to translate to English. In Section 1.3 we will introduce

phrase-based MT systems, which are the MT framework that we experiment on throughout

the thesis. The main contributions of this thesis are described in Section 1.2. Each chapter

of the thesis has relevant introductory materials and is self-contained.

1.1 Key issues in Chinese to English translation

Chinese and English differ in many ways. An obvious difference between them is their

appearances (writing systems). The English alphabet is a Latin-based alphabet consisting

of 26 letters, whereas the Chinese writing system contains tens of thousands of charac-

ters. According to the work by Chen et al. (1993), the most frequent 2452 characters and

28124 words make up 99% of the corpus they studied. On the word level, English words
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are more well defined because there are spaces between words in a sentence, whereas in

Chinese there are no delimiters between characters to indicate clear word boundaries, and

the definition of a “word” in Chinese is debatable. Theoretical linguists have made some

effort in defining words and have not come to a full agreement. On a more applied level,

it has also been shown that different natural language processing (NLP) applications, such

as information retrieval or speech recognition, would benefit from different segmentation

standards (Peng et al., 2002; Gao et al., 2005). Also, because of the lack of similarity of

characters and writing systems in general, certain techniques of recognizing similar words

like cognates cannot be applied between these two languages.

In addition to the writing system difference, Chinese also uses less morphology and

function words than English. Determiners for nouns are not required, nor plural marking

of nouns. These differences have caused Chinese native speakers who learn English as a

second language to make common mistakes like wrong tense agreement, not using plural

nouns when necessary, incorrect usage of determiners (e.g., not adding determiners when

needed, or inability to choose between definite or indefinite determiners), and they also

have problems choosing among prepositions (Lee and Roukos, 2004; Turner and Charniak,

2007; Chodorow et al., 2007; Lee and Seneff, 2008). Also, Chinese verbs and nouns often

have exactly the same surface form, whereas English words usually have different forms

of nouns and verbs. For example, in English “invest” is the verb form of the noun “in-

vestment”; in Chinese “=ý” is both the verb and noun form. Since this information is

absent or implicit in Chinese, these differences have also become obstacles for computers

translating from Chinese to English.

One other prominent difference is related to discourse and syntax. In Chinese it is very

common to drop the subject of a sentence – the null realization of uncontrolled pronominal

subjects, whereas in English pronominal subjects are usually required to produce a syntac-

tically well-formed English sentence. This prevents current MT systems, which translate

sentence by sentence and do not use discourse information, from recovering what the sub-

ject is, and thus the result is an incomplete English sentence structure.

Chinese and English have many major syntactic differences even though they are both

Subject-Verb-Object (SVO) languages. First, prepositions in English occur before noun

phrases (pre-position), such as “in the yard” and “on the table”. In Chinese, there are also
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postpositions, which occur after noun phrases. For example, “�Þ�¹�” means “there

is a nail on the wall”, where “Þ” is a postposition which means “on” and “�” means

“wall”. In the Chinese Treebank tagging guidelines, the postpositions are called localizers

(LC). Second, in English a prepositional phrase (PP) usually follows the verb phrase (VP)

it modifies while in Chinese the ordering is the opposite. For example,
Chinese: · ó � Ï Üþ

Gloss: I at (preposition; ZAI) home eat watermelon

Translation: I ate a watermelon at home.
This example illustrates the reordering between PP and VP. In Chinese the prepositional

phrase “ó�” (at home) occurs before the verb phrase “ÏÜþ” (ate a watermelon). This

reordering is discussed in a previous paper by Wang et al. (2007). In fact, the prepositions

in Chinese and English have even more differences. In English, prepositions are different

from verbs. But in Chinese, prepositions can be considered verbs. In Chinese grammar

(Yip and Rimmington, 1997),ó (ZAI) in the above example can be considered as a coverb.

The coverbal phrase usually comes after the subject and before the main verb, providing

background information about the place, time, methods, etc., associated with the main verb.

In addition toó (ZAI), common coverbs includet (DAO, ‘to’),� (WANG, ‘towards’),

~ (YONG, ‘with, using’). These words can function as verbs or coverbs (or prepositions)

in different context. For example, in this Chinese sentence:
Chinese: · ~ �	 U 	

Gloss: I with (preposition; YONG) Chinese writing brush write word

Translation: I wrote with a Chinese writing brush.
The word ~ (YONG) is a coverb (or a preposition). However, in a similar but shorter

sentence “·~�	” (I use a Chinese writing brush), the word~ (YONG) is the main

verb.

Another syntactic difference that may cause longer-distance reordering is how mod-

ifiers are ordered with respect to what they modify. The PP and VP ordering above is

one example. For nouns, English usually has shorter modifiers (adjective, possessive) in

front of the noun being modified, but has longer modifiers (relative clauses, prepositional

phrases) following the noun being modified. For example, an example of a short modifier

that pre-modifies:
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Chinese: Æ { �

Gloss: he ’s (DE) flower

Translation: his flower
And here is an example of a longer modifier that is a relative clause in English:

Chinese: Æ ó �¡ o { �

Gloss: he in (preposition; ZAI) flower shop buy (DE) flower

Translation: the flower he bought at the flower shop
Note in both examples that there is the Chinese character{ (DE) that doesn’t always trans-

late directly into English. In fact, the Chinese character{ (DE) is marked with different

POS tags and is translated differently in these two cases. { (DE) is also the most com-

mon Chinese word. This makes it important to disambiguate its role in the sentence and to

understand whether reordering occurs. This is the main topic in Chapter 5.

Moreover, there are many Chinese syntactic constructions that are completely unseen

in English. For example, the ² (BA) and ú (BEI) constructions are different, and also

well discussed in the Chinese linguistics literature. The BA and BEI constructions have

the object before the verb; this makes them an exception to the SVO structure in Chinese.

In addition, although verbs in Chinese do not encode tense or finiteness features, they do

inflect for aspect, including the perfective marker ê (-le), the imperfective marker ø (-

zhe), and the experiential marker, (-guo).

Another phenomenon that can cause syntactic structural differences is topicalization. Li

and Thompson (1976) described a language typology based on the grammatical relations

subject-predicate and topic-comment. Since Chinese is a topic-prominent language, and

English is a subject-prominent language, the word order can be very different when topi-

calization occurs. Topicalization in Chinese can move the topic of the current discourse to

the beginning of a sentence. The topic always depends on an element inside the comment

for its thematic role in the sentence, and it does not have its own syntactic function. There-

fore the syntactic ordering of SVO might not apply here. For example, in the error analysis

in Chapter 3, the first part of Sentence 38:
Chinese: ` { Ü > · Ñ � X D

Gloss: river (DE) two end I both look no see

Translation: I could not see either end of the river
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In this example, the topic “`{Ü>” (either end of the river) is the object of the com-

ment following it. So the Chinese sentence looks like an OSV structure, while the English

translation is still an SVO structure.

In addition to the differences between Chinese and English, one major problem of

Chinese-English MT is the lack of a careful error analysis of the state-of-the-art systems. In

Chapter 3 we analyze three state of the art systems. In our analysis we showed examples of

the above differences causing translation errors. For example, wrong and inconsistent seg-

mentation makes it hard for the MT pipeline to recover from segmentation errors; certain

Chinese constructions that require longer reordering tend to cause errors, etc.

1.2 Contributions

In this thesis, we address several issues that make Chinese to English machine translation

difficult. In Chapter 2, we introduce a Chinese word segmenter that uses several linguis-

tically inspired features to achieve good overall performance as well as high recall rate on

out-of-vocabulary words. Our segmenter performed very well on all segmentation stan-

dards used in the SIGHAN bakeoff 2005. Since Chinese word segmentation is a first step

in a lot of Chinese natural language processing (NLP) tasks, we released the Chinese seg-

menter1 and it has been used by many other researchers. We also study the desirable char-

acteristics for a segmenter to perform well on the Chinese to English MT task. We find that

it is important to have consistent segmentation, and to use word units that are closer to En-

glish ones. We improve our segmenter by adding lexical features to improve consistency,

and by tuning its word granularity to better match English word granularity.

Chapter 3 of the thesis includes error analysis of three state-of-the-art MT systems. It is

important to observe the current systems to identify what are the most salient problems we

are facing going forward. From our analysis, we choose two important directions of using

Chinese linguistic structures to improve Chinese to English translation and study how to

incorporate the linguistic information into a state-of-the-art phrase-based MT system.

In Chapter 4, we introduce a set of Chinese grammatical relations that can represent the

1http://www-nlp.stanford.edu/software/segmenter.shtml
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Chinese / English

parallel text
English text

Translation Model : 

p(f | e)

Language Model : 

p(e)

Decoding Algorithm

)}|()({maxargˆ efpepe
e

 !

Figure 1.1: Architecture of the translation approach based on the noisy channel model.

sentence structure and semantic relations between words. We use these grammatical rela-

tions to design a feature for phrase-based MT systems that can help in reordering decision

and thus improve MT performance. We also hope that this new set of Chinese grammatical

relations can be used in many other Chinese NLP tasks, especially ones related to meaning

extraction. The grammatical relations are also released to the public as part of the Stanford

Parser.2

In Chapter 5, we focus on the most common word “{” (DE) in Chinese that can be

ambiguously translated, which has caused serious issues in word reordering in translation.

More specifically,{ can cause longer range reordering, which is difficult for phrase-based

systems and even hierarchical systems (Birch et al., 2009). Therefore, we propose to build

a DE classifier that disambiguates DEs according to how they are translated to English, and

show that using this DE classifier can improve MT system performance significantly.

1.3 Background: Phrase-based MT Systems

Phrase-based systems are currently the most commonly used statistical MT systems. Moses,

an open source phrase-based system, is specially popular among the MT research commu-

nity. In this work, we use Phrasal, an MT decoder written by Dan Cer, which is similar at

a high level, but allows new features to be added more easily. In this section we will give

2http://www-nlp.stanford.edu/software/lex-parser.shtml
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Figure 1.2: Architecture of the translation approach based on log-linear models.

a overall sketch of what components there are in a phrase-based MT system, and we will

emphasize the components that are more relevant to the thesis. Since the thesis is about

Chinese to English translation, instead of using general terminology like “source” and “tar-

get”, or “foreign” and “English”, we will use Chinese to refer to the source language and

English to refer to the target language. But we will still use the symbol f to refer to Chinese

(foreign) sentences and e for English ones.

The translation task is when we are given a Chinese sentence f and want to translate

it into a English sentence e. The phrase-based framework is based on the noisy channel

model. We can use Bayes rule to reformulate the translation probability:

ê = argmax
e

p(e| f ) = argmax
e

p(e)p( f |e)

Using this decomposition, the system can have a language model p(e) and a translation

model p( f |e), as depicted in Figure 1.1.

This is the basic concept of current statistical machine translation (SMT) systems, in-

cluding phrase-based and hierarchical systems. In real implementation, a more general

log-linear framework (Och and Ney, 2002) is used instead of just a simple p(e)p( f |e) de-

composition. The log-linear framework is illustrated in Figure 1.2. The general log-linear

framework is the idea of having arbitrary feature functions hm(e, f ) used in the decoding

algorithm, weighted by weights λm.

The simple noisy channel model in Figure 1.1 is actually a special case of the general

log-linear framework in Figure 1.2, where M = 2 and the two feature functions and weights
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Figure 1.3: Phrase extraction pipeline.

are:
h1(e, f ) = log p( f |e)
h2(e, f ) = log p(e)

λ1 = 1

λ2 = 1

The advantage of the log-linear framework is that the weights (λi) for feature functions

can be tuned to optimize for performance. The most commonly used technique for tuning

is Minimum Error Rate Training (MERT), introduced by Och (2003), which can directly

optimize weights for translation quality.

A distinctive characteristic of phrase-based MT systems is how the phrases are defined

and extracted from parallel text. The technique of using extracted statistical phrases has

proven very successful in SMT systems, and also helps explain one of the hypotheses

(Hypothesis 1) in Chapter 2. So we will introduce phrase extraction algorithms in Section

1.3.1 in more detail.

1.3.1 Phrase extraction

One important improvement from earlier word-based MT systems (Brown et al., 1993) to

phrase-based systems is the use of phrases (chunks of words) as basic translation units. The
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This is an apple

DT VBZ DT NN

NP VP NP

S

Figure 1.4: Parse tree for the sentence “This is an apple”.

phrases in phrase-based systems are not linguistic phrases as in constituents of parse trees,

but are statistical phrases extracted from symmetrized word alignments in bi-text (Och and

Ney, 2003). For example, the English sentence “This is an apple” has a parse tree shown in

Figure 1.4. A linguistic phrase is like “an apple”, which is a noun phrase in the parse tree.

The fragment “This is” is not a linguistic phrase, since there is not any subtree that spans

only the words “This is”. However in a phrase-based system, it is possible that the system

extract “This is” as a statistical phrase. The use of phrases allows phrase-based systems

to handle one-to-many, many-to-one, or even many-to-many translation. For Chinese to

English translations, the alignments and phrases can even be used to find suitable chunks

of Chinese characters for machine translation (Xu et al., 2004). This is related to how

different Chinese segmentation strategies work with phrase-based MT systems, which is

important to Chapter 2.

To extract phrases, the pipeline is illustrated in Figure 1.3. First, IBM-style word align-

ments (Brown et al., 1993) are run in both directions, which generate many-to-one and

one-to-many word alignments. After bidirectional alignments are generated, there are dif-

ferent heuristics to merge them into one symmetrized alignment (Och and Ney, 2003). The

default heuristic used in Moses is grow-diag-final, which applies grow-diag and final. grow-

diag starts with the intersection of the two IBM-style alignments – only word alignment

points that occur in both alignments are preserved. In the second step of grow-diag, ad-

ditional alignment points are added. Only alignment points that are in either of the two

IBM-style alignments are considered. In this step, potential alignment points that con-

nect currently unaligned words and that neighbor established alignment points are added.

Neighboring are defined as the left, right, top, bottom, or diagonal alignment points. After

this step, the resulting symmetrized alignment is grow-diag. In the final step, alignment
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points in either of the two alignments that do not neighbor established alignment points are

added.

In our experience, we found that using grow-diag gives better Chinese-English MT

performance. Regardless of which merging heuristic is used, phrases can be extracted from

the merged alignments. The words in a legal phrase pair are only aligned to each other, and

not to words outside (Och et al., 1999) This phrase extraction algorithm generates a sparser

word alignment, which allows extraction of more phrases. For example, the sparser word

alignment of grow-diag extracts more phrases than grow-diag-final.

1.3.2 Basic feature functions in MERT

In Moses, there are 9 basic feature functions, including 5 features from the phrase table, one

linear distortion model, one unknown word feature, one N-gram language model feature,

and one word penalty feature. However, in the Moses implementation, the weight for the

unknown word feature is not tuned. In Phrasal, all of the 9 basic feature functions are tuned

in MERT. In addition to these 9 features, lexicalized reordering models3 have also become

a common baseline that people compare to. Moses and Phrasal both have implementations

of lexicalized reordering models. Adding on the lexicalized reordering models increases

the number of MERT features by 6. In this thesis, a common baseline is with 15 features.

In Chapter 4 we also have a baseline without the lexicalized features (9 features).

3http://www.statmt.org/moses/?n=Moses.AdvancedFeatures#ntoc1



Chapter 2

Chinese Word Segmentation and MT

This chapter introduces the Chinese word segmentation problem, which is a fundamental

first step of Chinese NLP tasks. In this chapter we discuss our design of a segmenter that

performs very well on general Chinese word segmentation, using linguistically inspired

features. We also discuss the impact of Chinese word segmentation on a statistical MT

system, and further improve the segmenter specifically for the MT task.

2.1 Chinese Word Segmentation

Word segmentation is considered an important first step for Chinese natural language pro-

cessing tasks, because Chinese words can be composed of multiple characters with no

space appearing between words. Almost all tasks could be expected to benefit by treating

the character sequence “��” together, with the meaning smallpox, rather than dealing

with the individual characters “�” (sky) and “�” (flower). Without a standardized no-

tion of a word, the task of Chinese word segmentation traditionally starts from designing

a segmentation standard based on linguistic and task intuitions, and then aiming to build

segmenters that output words that conform to the standard. An example of multiple seg-

mentation standards is in the SIGHAN bakeoffs for Chinese word segmentation, where

there are several corpora segmented to different standards. For example, SIGHAN bake-

off 2005 provided four different corpora from Academia Sinica, City University of Hong

Kong, Peking University, and Microsoft Research Asia. Other than these, one widely used

12



CHAPTER 2. CHINESE WORD SEGMENTATION AND MT 13

standard is the Penn Chinese Treebank (CTB) Segmentation Standard (Xue et al., 2005).1

In this chapter, we start by formally defining the segmentation task, and introduce a

simple and commonly-used segmentation paradigm, lexicon-based, in Section 2.1.1. Then

in Section 2.2 we describe the feature-based approach. We experiment with different fea-

tures to build a segmenter that performs very well across all the segmentation standards.

The reason why the features we use are robust across segmentation standards is because

most differences among standards result from morphological processes. As observed in

(Wu, 2003), if we compare the various standards, there are more similarities than differ-

ences. The differences usually involve words that are not typically in the dictionary. Wu

(2003) called those words morphologically derived words (MDWs) because they are more

dynamic and usually formed through productive morphological processes. These words

occur where different standards usually have different segmentation decisions. Wu (2003)

discussed several morphological processes such as reduplication, affixation, directional and

resultative compounding, merging and splitting, and named entities and factoids. These

morphological processes inspired the feature design of the segmenter described in Section

2.2, which is feature-based and the weights of each feature can be learned on different cor-

pora to mimic how various standards make different decisions on whether to split a word

or not.

In addition to multiple segmentation standards, another complication of Chinese word

segmentation comes from the fact that different applications require different granularities

of segmentation. In particular, we want to understand how to improve segmentation for

Chinese to English machine translation systems. In Section 2.3, we have more discus-

sion and experiments on how Chinese word segmentation affects MT systems, and also

introduce an improved segmenter that combines the benefits of both the feature-based and

lexicon-based paradigms, and adjusts for optimal MT performance.

2.1.1 Lexicon-based Segmenter

Given a sentence of n Chinese characters S= c1c2...cn, S can be segmented into m non-

overlapping adjacent substrings G = w1,w2, ...,wm, where every substring wi = cp...cq is a

1This chapter includes joint work with many colleagues; mainly from the two papers (Tseng et al., 2005)
and (Chang et al., 2008).
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word and G is called a segmentation. In the example in Figure 2.1, segmentation G0 is the

trivial segmentation, where every character is regarded as an individual word. Later in this

chapter, the trivial segmentation is also referred to as the character-based segmentation. To

formalize the problem, we can associate each character with a label 0 or 1 to indicate if there

is a word boundary before the current character. The example in Figure 2.1 is a sentence

S=“�âtL¦” (Stanford University) The set of all feasible segmentations is G (S)={G0,

..., Gk}. For example, G0 in Figure 2.1 will have the label sequence L0 = 11111, and Gk

will have the label sequence Lk = 10010. With this definition, there are 2n−1 possible label

sequences (because the first character always has the label 1).

With lexicon-based approaches, there exists a lexicon to start with. For the example in

Figure 2.1, if the lexicon is {“�”, “â”, “t”, “L”, “¦”, “�ât”, “L¦”}, the possible

label sequences will be constrained from 24 = 16 to 4 : 11111, 11110, 10010, and 10011. If

the lexicon contains every character as a single-character word, the trivial segmentation is

one of the possible segmentations. Lexicon-based approaches include the simplest forward

maximum matching (Wong and Chan, 1996), that looks for the longest matched lexicon

word in from left to right. A variant is backward maximum matching, which matches

the longest word from right-to-left instead of left-to-right. Both forward and backward

maximum matching are greedy algorithms, Every step they look for the longest matched

word, which makes the segmentation decision fast, but might not be optimal. Among the

lexicon-based approaches, there are also more sophisticated ones, such as using an n-gram

language model to define the objective function. If we have a gold segmented Chinese text,

and train an n-gram language model on it, we can use the language model to score the

log-likelihood of a particular segmentation G:

L(G) = logP(G) =
m

∑
i=1

logP(wi|wi−n+1...wi−1)

And the best segmentation will be the one with the highest log-likelihood:

G∗ = argmax
G

L(G)

Finding the best segmentation can be done efficiently by dynamic programming.
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c5 =c4 =c3 =c2 =c1 =S =

w2={c4 c5} = w1={c1 c2 c3} = 

w5=w4=w3=w2=w1=G0 =

G
k

=
…
…

Figure 2.1: A Chinese sentence S with 5 characters. G (S)={G0, . . . , Gk} is the set of
possible segmentations.

Even with the shortcoming that out-of-vocabulary words cannot be detected, lexicon-

based approaches still remain a very common segmentation technique for many applica-

tions or as a baseline, especially the forward maximum matching technique, because it only

requires a pre-defined lexicon and does not require any extra statistical information.

2.2 Feature-based Chinese Word Segmenter

This section describes the feature-based segmenter inspired by the morphological processes

that generate Chinese words. The segmenter builds on a conditional random field (CRF)

framework which makes it easier to integrate various linguistic features and make a global

segmentation based on what features are present in the context.

Compared to the lexicon-based approaches in Section 2.1.1, the search space of a CRF

segmenter is not constrained by a lexicon, therefore it has the ability to recognize unseen

new words in context, and takes more linguistic features into account.

2.2.1 Conditional Random Field

Conditional random fields is a statistical sequence modeling framework first introduced by

Lafferty et al. (2001). Work by Peng et al. (2004) first used this framework for Chinese
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word segmentation by treating it as a binary decision task, such that each character is la-

beled either as the beginning of a word or the continuation of one. The probability assigned

to a label sequence for a particular sequence of characters by a first-order CRF is given by

the equation below:

pλ (y|x) =
1

Z(x)
exp

T

∑
t=1

K

∑
k=1

λk fk(x,yt−1,yt , t) (2.1)

x is a sequence of T unsegmented characters, Z(x) is the partition function that ensures that

Equation 2.1 is a probability distribution, { fk}K
k=1 is a set of feature functions, and y is the

sequence of binary predictions for the sentence, where the prediction yt = 1 indicates the

t-th character of the sequence is preceded by a space, and where yt = 0 indicates there is

none. Our Chinese segmenter uses the CRF implementation by Jenny Finkel (Finkel et al.,

2005). We optimized the parameters with a quasi-Newton method, and used Gaussian

priors to prevent overfitting.

2.2.2 Feature Engineering

The linguistic features used in the model fall into three categories:

1. character identity n-grams

2. morphological features

3. character reduplication features

The first category, character identity features, has been used in several Chinese se-

quence modeling papers such as the joint word segmentation and part-of-speech (POS)

tagging work of Ng and Low (2004), and the segmentation work of Xue and Shen (2003).

Character identity features turn out to be a basic feature that people use despite the differ-

ences of their approaches.

Our character identity features are represented using feature functions that key off of

the identity of the characters in the current, preceding, and subsequent positions. Specifi-

cally, we used four types of unigram feature functions, designated as C0 (current character),
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Figure 2.2: An example of a five-character sequence in a Chinese sentence. Label 1 means
there is a boundary in front of the character, and label 0 means the character is a continua-
tion of the previous character.

C1 (next character), C−1 (previous character), C−2 (the character before the previous char-

acter). Other than the single character identity features, five types of bigram features were

used, and are notationally designated here as conjunctions of the previously specified un-

igram features, C0C1, C−1C0, C−1C1, C−2C−1, and C0C2. Figure 2.2 is an example of a

fragment of five Chinese characters in a sentence. If the current position is at ci in the fig-

ure, the features we will be getting are: unigram features: C0-�, C1-g, C−1-», C−2-ó,

and bigram features: C0C1-�g, C−1C0-»�, C−1C1-»g, C−2C−1-ó», and C0C2-�

X. Note that since the label for C0 is deciding the boundary in front of the character C0,

using features from C−2, C−1, C0, C1 is actually taking a symmetric window of 2 from both

sides of the boundary.

Since the difficulty in Chinese word segmentation often results from words that are

not in the dictionary, we also defined several morphologically inspired features to help

recognize those unknown words. Given that unknown words are normally more than one

character long, when representing the morphological features as feature functions, such

feature functions keyed off the morphological information extracted from both the preced-

ing state and the current state. We have three types of morphological features, based upon

the intuition regarding unknown word features given in (Gao et al., 2004). Specifically,

the idea was to use productive affixes and characters that only occurred independently to

predict boundaries of unknown words. Our morphological features include:

1. Prefix and Suffix characters of unknown words

2. Stand-alone single-character words

3. Bi-characters at word boundaries
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For morphological feature 1, in order to comply with the rules in the closed track of

SIGHAN bakeoffs, we construct a table containing affixes of unknown words by extracting

rare words from the corpus, and then collect the first and last characters from them to con-

struct the prefix and suffix character tables of unknown words. When extracting features,

we put in a prefix feature if the character at the previous position (C−1) is present in the

prefix table, and put in a suffix feature if the character at the current position (C0) is present

in the suffix table.

For the table of individual character words (morphological feature 2), we made an

individual character word table for each corpus by collecting characters that always oc-

curred alone as a separate word in the given corpus. This table is used to matched the

current, preceding or next character to extract features. For example, if the current po-

sition (C0) in Figure 2.2 is ci−1, and only the character “ó” is in the table, the feature

“SINGLECHAR-C0-»” and “SINGLECHAR-C1-�” will not be true, and only the fea-

ture “SINGLECHAR-C−1-ó” will be set to true.

We also collected a list of bi-characters from each training corpus to distinguish known

strings from unknown (morphological feature 3.) This table is done by collecting bi-

character sequences that occurred at the boundary of two subsequent words, and never

occurred subsequently within a word. For example, for the two Chinese words “ó(at) /»

�g(Walmart)”, we put in the table a bi-character entry “ó»” because these two char-

acters had a boundary in between, and there are no words that contains the bi-character

pattern “ó»” in them. Once we have the table, the word boundary bi-character feature

fires when the bi-character sequence of previous word and the current word exist in the

table. For example, in Figure 2.2 if the current position (C0) is at ci−1, since C−1C0 is “ó

»” and it is in the table, the feature “UNK-ó»” will be set to true.

Additionally, we also use reduplication features that are active based on the repetition

of a given character. (Wu, 2003) has an extensive discussion and examples of reduplication

in Chinese. The main patterns of reduplication in Chinese are AA, ABAB, AABB, AXA,

AXAY, XAYA, AAB and ABB. For example, “��” (look-look “take a look”) has the

pattern AA, and “ÿXÿX” (discuss-discuss “have a discussion”) has the pattern ABAB.

Since the meaning of AA and ABAB is not compositional, some standards considered

both single words. However, some other standards decided to break “ÿXÿX” because
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Corpus Abbrev. Encoding #Train. Words #Test. Words
Academia Sinica AS Big Five (MS Codepage 950) 5.8M 12K
U. Penn Chinese Treebank CTB EUC-CN (GB2312-80) 250K 40K
Hong Kong CityU HK Big Five (HKSCS) 240K 35K
Beijing University PK GBK (MS Codepage 936) 1.1M 17K

Table 2.1: Corpus Information of SIGHAN Bakeoff 2003

“ÿX” (discussion) itself can be looked up in the dictionary. We designed reduplication

features so that the weights can be learned based on different standards. We have two

reduplication feature functions, one fires if the previous and the current character (C−1 and

C0) are identical, and the other fires if the subsequent and the previous character (C−1 and

C1) are identical.

Adopting all the features together in a model and using the automatically generated

morphological tables prevented our system from manually overfitting the Mandarin vari-

eties we are most familiar with, and therefore enables our segmenter to work well on all of

the segmentation standards we tested with.

Most features appeared in the first-order templates in the CRF framework with a few

character identity features in both the zero-order and first-order templates. We also did

punctuation normalization due to the fact that Mandarin has a huge variety of punctuations.

The punctuations were extracted from the corpora and were all normalized into one single

symbol to represent punctuations.

2.2.3 Experimental Results

We developed our segmenters on data sets from the First SIGHAN Chinese Word Seg-

mentation Bakeoff (Sproat and Emerson, 2003), and tested on data sets from the Second

SIGHAN Chinese Word Segmentation Bakeoff (Emerson, 2005).

The SIGHAN 2003 bakeoff provided different corpora from four different sites, con-

taining different amount of training and testing data, and different encodings of Chinese

characters. The corpora details of SIGHAN 2003 bakeoff are listed in Table 2.1.

Our system’s F-scores on post-hoc testing on the SIGHAN 2003 corpora are reported

in Table 2.2. Table 2.2 also includes numbers from the work by Peng et al. (2004) that also

built a CRF segmenter and reported on SIGHAN 2003 data. From the table we can see that
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SIGHAN Bakeoff 2003 Our F-score Peng et al. (2004) Bakeoff Best
AS 0.970 0.956 0.961

CTB 0.863 0.849 0.881
HK 0.947 0.928 0.940
PK 0.953 0.941 0.951

Table 2.2: Comparisons of (Peng et al., 2004), our F-scores, and the best bakeoff score on
the closed track in SIGHAN bakeoff 2003 (Sproat and Emerson, 2003)

Corpus Abbrev. Encodings
Training Size Test Size

(Words / Types) (Words / Types)
Academia Sinica (Taipei) AS Big Five Plus, Unicode 5.45M / 141K 122K / 19K
Beijing University PK CP936, Unicode 1.1M / 55K 104K / 13K
Hong Kong CityU HK Big Five/HKSCS, Unicode 1.46M / 69K 41K / 9K
Microsoft Research (Beijing) MSR CP936, Unicode 2.37M / 88K 107K / 13K

Table 2.3: Corpus Information of SIGHAN Bakeoff 2005

our segmenter performs better over the strong baselines in (Peng et al., 2004). We attribute

this to the morphologically inspired features we added to our segmenter.

In the SIGHAN 2005 bakeoff, there were also four corpora. But instead of CTB, they

have a corpus from Microsoft Research Asia as the fourth corpus. The corpora statistics

are listed in Table 2.3. Our final system achieved a F-score of 0.947 on AS, 0.943 on HK,

0.950 on PK and 0.964 on MSR, with the detailed breakdown of precision, recall, recall

on out-of-vocabulary (OOV) words and recall on in-vocabulary (IV) words listed in Table

2.4. Our system participated in the closed division of the SIGHAN 2005 bakeoff and was

ranked first in HK, PK, and MSR and tied with the Yahoo system on AS as the first place.

When we compared the detailed performance with other systems, we observed that our

recall rates on OOV words are much higher than other systems, and our recall rates on

IV words are also usually higher than competing systems. This confirms the assumption

that using morphologically inspired features is beneficial and learning weights for those

features enables us to adapt to different segmentation standards.

2.2.4 Error Analysis

Our system performed reasonably well on morphologically complex new words, such as

��" (“cable line” in AS) and À|� (“murder case” in PK), where " (line) and �
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R P F ROOV RIV
AS 0.950 0.943 0.947 0.718 0.960
PK 0.941 0.946 0.943 0.698 0.961
HK 0.946 0.954 0.950 0.787 0.956
MSR 0.962 0.966 0.964 0.717 0.968

Table 2.4: Detailed performances on SIGHAN bakeoff 2005. R: recall, P: precision, F :
F-score, ROOV : recall on out-of-vocabulary words, RIV : recall on in-vocabulary words.

(case) are suffixes. However, it overgeneralized to wrongly propose words with frequent

suffixes such asù| (it should beù /| “to burn someone” in PK) and,> (it should be

Ã, /> “to look backward” in PK). For the corpora that considered 4 character idioms

as a word, our system combined most of the new idioms together. This differs greatly from

the results that one would likely obtain with a more traditional maximum matching based

technique, as such an algorithm would segment novel idioms. The ability to generalize to

recognize OOV words is a strength of our system, however it might lead to some other

problems in applications such as machine translation, as described in Section 2.3.

Another common mistake of our system is that it is not able to distinguish a subtle se-

mantic decision between ordinal numbers and numbers with measure nouns. The CTB seg-

mentation standard makes different segmentation decisions for these two semantic mean-

ings. For example, “the third year” and “three years” are both “®#” in Chinese. But in

the CTB segmentation standard, “the third year” is one word: ®#, and “three years” is

segmented into two words:® /#. Our system is not able to distinguish between these two

cases. In order to avoid this problem, it might require having more syntactic knowledge

than was implicitly given in the training data. Finally, some errors are due to inconsisten-

cies in the gold segmentation of non-hanzi characters. For example, “Pentium4” is a word,

but “PC133” is two words. Sometimes, È8E is a word, but sometimes it is segmented

into two words.

Overall, based on the performance reported on SIGHAN datasets (Table 2.2 and 2.4)

and this error analysis, our segmenter is adaptive when training on different standards, and

does a good job on recognizing OOV words (high recall rate on OOV words as shown

in the tables). The segmenter performs well on the F-score measure commonly used in

segmentation evaluation. In the following sections, we will talk about how it correlates to
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performance in higher level applications such as MT.

2.3 Word Segmentation for Machine Translation

The importance of Chinese word segmentation as a first step for Chinese natural language

processing tasks has been discussed in Section 2.1. The problem gets more complicated

when different applications are considered, because it has been recognized that different

applications have different needs for segmentation. Chinese information retrieval (IR) sys-

tems benefit from a segmentation that breaks compound words into shorter “words” (Peng

et al., 2002), paralleling the IR gains from compound splitting in languages like German

(Hollink et al., 2004), whereas automatic speech recognition (ASR) systems prefer having

longer words in the speech lexicon (Gao et al., 2005).

However, despite a decade of very intense work on Chinese to English machine transla-

tion, the way in which Chinese word segmentation affects MT performance is very poorly

understood. With current statistical phrase-based MT systems, one might hypothesize that

segmenting into small chunks, including perhaps even working with individual characters

would be optimal. This is because the role of a phrase table is to build domain and ap-

plication appropriate larger chunks that are semantically coherent within the translation

process. Hence the word segmentation problem can be circumvented to a certain degree,

because the construction of the phrase table might be able to capture multiple characters

forming a word. For example, even if the word for smallpox is treated as two one-character

words, they can still appear in a phrase like “� �→smallpox”, so that smallpox will still

be a candidate translation when the system translates “�” “�”. Nevertheless, Xu et al.

(2004) show that an MT system with a word segmenter outperforms a system working

with individual characters in an alignment template approach. On different language pairs,

Koehn and Knight (2003) and Habash and Sadat (2006) show that data-driven methods for

splitting and preprocessing can improve Arabic-English and German-English MT.

Beyond this, there has been no finer-grained analysis of what style and size of word

segmentation is optimal for MT. Moreover, most of the discussion of segmentation for

other tasks relates to the size units identified in the segmentation standard: whether to

join or split noun compounds, for instance. People generally assume that improvements
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in a system’s word segmentation accuracy will be monotonically reflected in overall sys-

tem performance. This is the assumption that justifies the recent concerted work on the

independent task of Chinese word segmentation evaluation at SIGHAN and other venues.

However, we show that this assumption is false: aspects of segmenters other than error rate

are more critical to their performance when embedded in an MT system. Unless these is-

sues are attended to, simple baseline segmenters can be more effective inside an MT system

than more complex machine learning based models with much lower word segmentation

error rate.

In this section, we design several experiments to support our points. We will show that

even having a basic word segmenter helps MT performance, and we analyze why building

an MT system over individual characters (i.e., no word segmentation) doesn’t function as

well (Section 2.3.2). We also demonstrate that segmenter performance is not monotonically

related to MT performance, and we analyze what characteristics of word segmenters most

affect MT performance (Section 2.3.3). Based on an analysis of baseline MT results, we pin

down four issues of word segmentation that can be improved to get better MT performance.

1. While a feature-based segmenter, like the one we described in Section 2.2, may have

very good aggregate performance, inconsistent context-specific segmentation deci-

sions can be harmful to MT system performance.

2. A perceived strength of feature-based systems is that they are able to generate out-of-

vocabulary (OOV) words. as OOV words can hurt MT performance in cases when

they could have been split into subparts from which the meaning of the whole can be

roughly compositionally derived.

3. Conversely, splitting OOV words into non-compositional subparts can be very harm-

ful to an MT system: it is better to produce such OOV items than to split them into

unrelated character sequences that are known to the system. One big source of such

OOV words is named entities.

4. Since the optimal granularity of words for phrase-based MT is unknown, we can

benefit from a model which provides a knob for adjusting average word size.
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We build several different models to address these issues and to improve segmentation

for the benefit of MT. First, we extend the features in the segmenter from Section 2.2 to

emphasize lexicon-based features in a feature-based sequence classifier to deal with seg-

mentation inconsistency and over-generating OOV words. Having lexicon-based features

reduced the MT training lexicon by 29.5%, reduced the MT test data OOV rate by 34.1%,

and led to a 0.38 BLEU point gain on the test data (MT05). Second, we extend the CRF

label set of our CRF segmenter to identify proper nouns. This gives 3.3% relative im-

provement on the OOV recall rate, and a 0.32 improvement in BLEU. Finally, in Section

2.3.4 and 2.3.5 we tune the CRF model to generate shorter or longer words to directly opti-

mize the performance of MT. For MT, we found that it is preferred to have words slightly

shorter than the CTB standard. We also incorporate an external lexicon and information

about named entities for better MT performance.

2.3.1 Experimental Setting

Since we want to understand how segmenter performance is related to MT performance, we

need to describe the experimental settings for both the Chinese word segmentation system

and the machine translation system we are using.

Chinese Word Segmentation

For directly evaluating segmentation performance, we train each segmenter with the UPUC

data set (University of Pennsylvania and University of Colorado, Boulder) of the SIGHAN

Bakeoff 2006 training data and then evaluate on the test data. The reason why we chose

this segmentation standard is that it is used in the most commonly used Chinese linguistic

resources, such as the Chinese Treebank. The training data contains 509K words, and the

test data has 155K words. The percentage of words in the test data that are unseen in the

training data is 8.8%. Details of the Bakeoff data sets are in (Levow, 2006). To understand

how each segmenter learns about OOV words, we will report the F-score, the in-vocabulary

(IV) recall rate as well as OOV recall rate of each segmenter.
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Phrase-based Chinese-to-English MT

As introduced in Chapter 1, the MT system we use is a re-implementation of Moses, a

state-of-the-art phrase-based system (Koehn et al., 2003). We build phrase translations by

first acquiring bidirectional GIZA++ (Och and Ney, 2003) alignments, and using Moses’

grow-diag alignment symmetrization heuristic. As explained in Chapter 1, the grow-diag

heuristic generates sparser alignments and therefore more phrases can be extracted. In our

experiments, the grow-diag heuristic consistently performed better than the default (grow-

diag-final) heuristic in Moses. We also extended the maximum phrase length from the

default 7 to a larger value 10. Increasing the maximum phrase length allows better com-

parisons between segmenters, because some segmenters generate shorter words. During

decoding, we incorporated the standard eight feature functions of Moses as well as the lex-

icalized reordering model. We tuned the parameters of these features with Minimum Error

Rate Training (MERT) (Och, 2003) on the NIST MT03 Evaluation data set (919 sentences),

and then tested the MT performance on NIST MT02 and MT05 Evaluation data (878 and

1082 sentences, respectively). We report the MT performance using the original BLEU

metric (Papineni et al., 2001). The BLEU scores reported are uncased.

The MT training data was subsampled from the DARPA GALE program Year 2 training

data using a collection of character 5-grams and smaller n-grams drawn from all segmen-

tations of the test data. Since the MT training data is subsampled with character n-grams,

it is not biased towards any particular word segmentation. The MT training data contains

1,140,693 sentence pairs; on the Chinese side there are 60,573,223 non-whitespace char-

acters, and the English sentences have 40,629,997 words.

Our main source for training our five-gram language model was the English Gigaword

corpus, and we also included close to one million English sentences taken from LDC par-

allel texts: GALE Year 1 training data (excluding FOUO data), Sinorama, Xinhua News,

and Hong Kong News. We restricted the Gigaword corpus to a subsample of 25 million

sentences, because of memory constraints.2

2We experimented with various subsets of the Gigaword corpus, and tested different trade-offs between
using all the data included in our subset (at the cost of restricting 4-grams and 5-grams to the most frequent
ones) and using specific subsets we deemed more effective (with the advantage that we could include all
4-grams and 5-grams that occur at least twice). Overall, we found that the best performing model was one
trained with all the selected data, while restricting the set of 4-grams and 5-grams to those occurring at least
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2.3.2 Understanding Chinese Word Segmentation for Phrase-based
MT

In this section, we experiment with three types of segmenters – character-based, lexicon-

based and feature-based – to explore what kind of characteristics are useful for segmenta-

tion for MT.

Character-based, Lexicon-based and Feature-based Segmenters

The supervised word segmentation training data available for the segmenter is two orders of

magnitude smaller than the parallel data available for the MT system, and they are also not

well matched in terms of genre and variety. Also, when training word alignment between

Chinese and English, the information an MT system learns might be provides a basis of

a more task-appropriate segmentation style for Chinese-English MT. A phrase-based MT

system like Moses can extract “phrases” (sequences of tokens) from a word alignment and

the system can construct the words that are useful. These observations suggest the first

hypothesis.

Hypothesis 1. A phrase table should capture word segmentation. Character-based seg-

mentation for MT should not underperform a lexicon-based segmentation, and might out-

perform it.

Observation In the experiments we conducted, we found that the phrase table cannot

capture everything a Chinese word segmenter can do, and therefore having word segmen-

tation helps phrase-based MT systems.3

To show that having word segmentation helps MT, we compare a lexicon-based maxi-

mum matching segmenter with character-based segmentation (treating each Chinese char-

acter as a word). We choose the most common maximum matching algorithm from Section

2.1.1 as our lexicon-based segmenter. We will later refer to this segmenter as MaxMatch.

five times in the training data.
3Different phrase extraction heuristics might affect the results. In our experiments, grow-diag outperforms

both one-to-many and many-to-one for both MaxMatch and CharBased. We report the results only on grow-
diag.
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Segmentation Performance
Segmenter F-score OOV Recall IV Recall
CharBased 0.334 0.012 0.485
MaxMatch 0.828 0.012 0.951

MT Performance
Segmenter MT03 (dev) MT05 (test)
CharBased 30.81 29.36
MaxMatch 31.95 30.73

Table 2.5: Segmentation and MT performance of the CharBased segmenter versus the Max-
Match segmenter.

The MaxMatch segmenter is a simple and common baseline for the Chinese word segmen-

tation task, and is actually used in many real applications due its efficiency, easy imple-

mentation and easy integration with different lexicons.

The segmentation performance of MaxMatch is not very satisfying because it cannot

generalize to capture words it has never seen before. However, having a basic segmenter

like MaxMatch still gives the phrase-based MT system a win over the character-based seg-

mentation (treating each Chinese character as a word). We will refer to the character-based

segmentation as CharBased.

We first evaluate the two segmenters on the SIGHAN 2006 UPUC data. In Table 2.5,

we can see that on the Chinese word segmentation task, having MaxMatch is obviously

better than not trying to identify Chinese words at all (CharBased). We can see that all the

improvement of MaxMatch over CharBased is on the recall rate of in-vocabulary words,

which makes sense because MaxMatch does not attempt to recognize words that are not in

the lexicon. As for MT performance, in Table 2.5 we see that having a segmenter, even as

simple as MaxMatch, can help a phrase-based MT system by about 1.37 BLEU points on

all 1082 sentences of the test data (MT05). Also, we tested the performance of both Char-

Based and MaxMatch on 828 sentences of MT05 where all elements are in vocabulary.4

MaxMatch achieved 32.09 BLEU and CharBased achieved 30.28 BLEU, which shows that

on the sentences where all elements are in vocabulary, there MaxMatch is still significantly

better than CharBased. Therefore, Hypothesis 1 is refuted.

Analysis We hypothesized in Hypothesis 1 that the phrase table in a phrase-based MT

4Except for dates and numbers.
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system should be able to capture the meaning of non-compositional words by building

“phrases” on top of character sequences. Based on the experimental result in Table 2.5,

we see that using character-based segmentation (CharBased) actually performs reasonably

well, which indicates that the phrase table does capture the meaning of character sequences

to a certain extent. However, the results also show that there is still some benefit in having

word segmentation for MT. We analyzed the decoded output of both systems (CharBased

and MaxMatch) on the development set (MT03). We found that the advantage of Max-

Match over CharBased is two-fold:

1. Lexical: MaxMatch enhances the ability to disambiguate the case when a character

has very different meanings in different contexts.

2. Reordering: It is easier to move one unit around than having to move two consecutive

units at the same time. Having words as the basic units helps the reordering model.

For the first advantage, one example is the character “�”, which can both mean “intel-

ligence”, or an abbreviation for Chile (�¼). Looking at this particular character “�”,

we provide one example to compare between CharBased and MaxMatch in Table 2.6. In

the example, the word ��w (dementia) is unknown for both segmenters. However,

MaxMatch gave a better translation of the character �. The issue here is not that the

“�”→“intelligence” entry never appears in the phrase table of CharBased. The real issue

is, when�means Chile, it is usually followed by the character¼. So by grouping them to-

gether, MaxMatch avoided falsely increasing the probability of translating the stand-alone

� into Chile. Based on our analysis, this ambiguity occurs the most when the character-

based system is dealing with a rare or unseen character sequence in the training data, and

also occurs more often when dealing with transliterations. The reason is that characters

composing a transliterated foreign named entity usually doesn’t preserve their meanings;

they are just used to compose a Chinese word that sounds similar to the original word –

much more like using a character segmentation of English words. Another example of this

kind is “��ÿ0å<w” (Alzheimer’s disease). The MT system using CharBased seg-

mentation tends to translate some characters individually and drop others; while the system

using MaxMatch segmentation is more likely to translate it right.
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Reference translation:
scientists complete sequencing of the chromosome linked to
early dementia
CharBased segmented input:
) ¦ � � � � ð Ï � � w { o º � q Ä ½ �
MaxMatch segmented input:
)¦� � �� ðÏ � � w { oº � qÄ ½ �
Translation with CharBased segmentation:
scientists at the beginning of the stake of chile lost the genome
sequence completed
Translation with MaxMatch segmentation:
scientists at stake for the early loss of intellectual syndrome
chromosome completed sequencing

Table 2.6: An example showing that character-based segmentation provides a weaker abil-
ity to distinguish characters with multiple unrelated meanings.

The second advantage of having a segmenter like the lexicon-based MaxMatch is that it

helps the reordering model. Results in Table 2.5 are with the linear distortion limit defaulted

to 6. Since words in CharBased are inherently shorter than MaxMatch, having the same

distortion limit means CharBased is limited to a smaller context than MaxMatch. To make

a fairer comparison, we set the linear distortion limit in Moses to unlimited, removed the

lexicalized reordering model, and retested both systems. With this setting, MaxMatch is

0.46 BLEU point better than CharBased (29.62 to 29.16) on MT03. This result suggests

that having word segmentation does affect how the reordering model works in a phrase-

based system.

Hypothesis 2. Better Segmentation Performance Should Lead to Better MT Performance

Observation We have shown in Hypothesis 1 that it is helpful to segment Chinese texts

into words first. In order to decide which segmenter to use, the most intuitive thing to do

is to find one that gives a high F-score on segmentation. Our experiments show that higher

F-score does not necessarily lead to higher BLEU score. In order to contrast with the

simple maximum matching lexicon-based model (MaxMatch), we built another segmenter

with a CRF model. It is commonly agreed that with a CRF model, the segmenter can

achieve better F-score than the MaxMatch segmenter. We want to show that even though
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Segmentation Performance
Segmenter F-score OOV Recall IV Recall
CRF-basic 0.877 0.502 0.926
MaxMatch 0.828 0.012 0.951
CRF-Lex 0.940 0.729 0.970

MT Performance
Segmenter MT03 (dev) MT05 (test)
CRF-basic 33.01 30.35
MaxMatch 31.95 30.73
CRF-Lex 32.70 30.95

Table 2.7: Segmentation and MT performance of the feature-based CRF-basic segmenter
versus the lexicon-based MaxMatch segmenter

a segmenter has higher F-score on the segmentation evaluation, it can still be worse on

a higher level task like MT. Therefore it is important to understand what the important

characteristics are for an application instead of blindly trusting segmentation F-score.

We trained a CRF model with a set of basic features: character identity features of the

current character, previous character and next character, and the conjunction of previous

and current characters in the zero-order templates. We will refer to this segmenter as CRF-

basic.

We evaluate both the feature-based segmenter CRF-basic and the lexicon-based Max-

Match segmenter on their segmentation F-score. Table 2.7 shows that CRF-basic outper-

forms MaxMatch by 5.9% relative F-score. Comparing the OOV recall rate and the IV

recall rate, the reason is that CRF-basic wins a lot on the OOV recall rate. We see that

a feature-based segmenter like CRF-basic clearly has stronger ability to recognize unseen

words. On MT performance, however, CRF-basic is 0.38 BLEU points worse than Max-

Match on the test set. The reason may be that CRF-basic is overgenerating OOVs that

are not actually OOVs. Since CRF-basic is using over simplified features, we introduce

another CRF segmenter CRF-Lex that uses state-of-the-art features, including the ones in

Section 2.2.2, a few improved features, and lexicon-based features described in Section

2.3.5. For further discussion, in Section 2.3.3, we will look at how the MT training and test

data are segmented by each segmenter, and provide statistics and analysis for why certain

segmenters are better than others.
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Segmenter #MT Training Lexicon Size #MT Test Lexicon Size
CRF-basic 583,147 5443
MaxMatch 39,040 5083
CRF-Lex 411,406 5164

MT Test Lexicon OOV rate Conditional Entropy
CRF-basic 7.40% 0.2306
MaxMatch 0.49% 0.1788
CRF-Lex 4.88% 0.1010

Table 2.8: MT Lexicon Statistics and Conditional Entropy of Segmentation Variations of
three segmenters

2.3.3 Consistency Analysis of Different Segmenters

In Section 2.3.2 we have refuted two hypotheses. Now we know that:

1. Phrase table construction does not fully capture what a word segmenter can do. Thus

it is useful to have word segmentation for MT.

2. A higher F-score segmenter does not necessarily outperform on the MT task.

The table also shows another CRF segmenter, CRF-Lex, that includes lexicon-based

features by using external lexicons. More details of CRF-Lex will be described in Section

2.3.5. To understand what factors other than segmentation F-score can affect MT perfor-

mance, we now compare the three segmenters: CRF-Lex is a feature-based segmenter with

better features and also includes lexicon-based features; CRF-basic is a feature-based seg-

menter with only very basic features, but still outperforming MaxMatch; MaxMatch is a

lexicon-based maximum matching segmenter. We compare the segmentation and MT per-

formance of these three in Table 2.7. In this table, we see that the ranking of segmentation

F-score is:

CRF-Lex > CRF-basic > MaxMatch.

And now we know that the better segmentation F-score does not always lead to better MT

BLEU score, because of in terms of MT performance,

CRF-Lex > MaxMatch > CRF-basic.
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To explain this phenomenon, in Table 2.8, we list some statistics of each segmenter to

help understand what are the desired characteristics of a segmenter for MT. First we look

at the lexicon size of the MT training and test data. That is, the lexicon size is the number

of distinct word tokens that result when we segment the MT training data with the given

segmenter. While segmenting the MT data, CRF-basic generates an MT training lexicon

size of 583K unique word tokens, and MaxMatch has a much smaller lexicon size of 39K.

CRF-Lex performs best on MT, but the MT training lexicon size and test lexicon OOV rate

is still high compared to MaxMatch. Examining only the MT training and test lexicon size

still does not fully explain why CRF-Lex outperforms MaxMatch. MaxMatch generates

a smaller MT lexicon and lower OOV rate, but for MT it was not better than CRF-Lex,

which has a bigger lexicon and higher OOV rate. In order to understand why MaxMatch

performs worse on MT than CRF-Lex but better than CRF-basic, we use conditional entropy

of segmentation variations to measure consistency. This is motivated by the following new

hypothesis.

Hypothesis 3. For MT, word segmentation consistency is important to MT system perfor-

mance.

Observation We use the gold segmentation of the SIGHAN test data as a guideline. To

define the conditional entropy of segmentation variations more clearly, here is a more con-

crete explanation. For every word type wi, we collect all the different pattern variations

vi j in the segmentation we want to examine. For example, for a word “ABC” in the gold

segmentation, we look at how it is segmented with a segmenter. There are many possi-

bilities. If we use cx and cy to indicate other Chinese characters and to indicate white

spaces, “cx ABC cy” is the correct segmentation, because the three characters are properly

segmented from both sides, and they are concatenated with each other. It can also be seg-

mented as “cx A BC cy”, which means although the boundary is correct, the first character

is separated from the other two. Or, it can be segmented as “cxA BCcy”, which means the

first character was actually part of the previous word, while BC are the beginning of the next

word. Every time a particular word type wi appears in the text, we consider a segmenter

more consistent if it can segment wi in the same way every time, but it does not necessarily
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Segmenter cx |Ì cy cx|Ì cy cx |Ìcy cx| Ì cy entropy
CRF-basic 159 1 17 0 0.506
MaxMatch 110 0 0 67 0.957
CRF-Lex 117 0 0 0 0

Table 2.9: Different variations of segmentation pattern and corresponding entropy of each
segmenter for “|Ì”.

have to be the same as the gold standard segmentation. For example, if “ABC” is a Chi-

nese person name which appears 100 times in the gold standard data, and one segmenter

segments it as cx A BC cy 100 times, then this segmenter is still considered to be very

consistent, even if it does not exactly match the gold standard segmentation. Using this

intuition, the conditional entropy of segmentation variations H(V |W ) is defined as follows:

H(V |W ) = −∑
wi

P(wi)∑
vi j

P(vi j|wi) logP(vi j|wi)

= −∑
wi

∑
vi j

P(vi j,wi) logP(vi j|wi)

To illustrate how the conditional entropy of segmentation variations can capture consis-

tency, we give an example of different segmentation variations of the word “|Ì” (people).

In the SIGHAN test data, “|Ì” occurs 177 times. The segmentation variations and fre-

quencies of different segmenters are listed in Table 2.9. In this example, because the first

character “|” is also likely to be a suffix, when doing left-to-right MaxMatch, it can be

frequently confused as a suffix of the previous word. In fact, for the MaxMatch segmenter,

67 out of 177 times the word was wrongly segmented as cx| Ì cy.

Now we can look at the overall conditional entropy H(V |W ) to compare the consis-

tency of each segmenter. In Table 2.8, we can see that even though MaxMatch has a much

smaller MT lexicon size than CRF-Lex, when we examine the consistency of how Max-

Match segments in context, we find the conditional entropy is much higher than CRF-Lex.

We can also see that CRF-basic has a higher conditional entropy than the other two. The

conditional entropy H(V |W ) shows how consistent each segmenter is, and it correlates with

the MT performance in Table 2.8.
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Now we know that consistency is important for MT performance. A stronger hypothesis

is to say better consistency always indicates better MT performance:

Hypothesis 4. Better segmentation consistency always leads to better MT performance.

Observation This hypothesis can be easily refuted by a counter example. For example,

a character-based segmentation will always have the best consistency possible, since every

word ABC will just have one pattern: cx A B C cy. But from Section 2.3.2 we see that

CharBased performs worse than both MaxMatch and CRF-basic on MT, because having

word segmentation can help the granularity of the Chinese lexicon match that of the English

lexicon. So, consistency is only one of the competing factors of how good a segmentation

is for MT performance.

In conclusion, for MT performance, it is helpful to have consistent segmentation, while

still having a word segmentation matching the granularity of the segmented Chinese lexicon

and the English lexicon.

2.3.4 Optimal Average Token Length for MT

In the previous sections, we have analyzed different segmentation techniques with radically

different characteristics. On the one hand, a character-level segmenter can dramatically

reduce test lexicon OOV rate, and almost guarantees all input tokens can be translated. On

the other hand, some word-based segmenters do a better job at identifying minimal units

of meaning (e.g., “��” for smallpox), and yield translation quality superior to character-

based systems.

We have shown earlier that word-level segmentation greatly outperforms character

based segmentation in MT evaluations. Since the word segmentation standard under con-

sideration (Chinese Treebank (Xue et al., 2005)) was neither specifically designed nor op-

timized for MT, it seems reasonable to investigate whether any segmentation granularity in

continuum between character-level and CTB-style segmentation is more effective for MT.

In this section, we present a technique for directly optimizing a segmentation property—

characters per token average—for translation quality, which yields significant improve-

ments in MT performance.
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λ0 −1 0 1 2 4 8 32
len 1.64 1.62 1.61 1.59 1.55 1.37 1

Table 2.10: Effect of the bias parameter λ0 on the average number of character per token
on MT data.

In order to calibrate the average word length produced by our CRF segmenter—i.e., to

adjust the rate of word boundary predictions (yt = +1), we apply a relatively simple tech-

nique (Minkov et al., 2006) originally devised for adjusting the precision/recall trade off of

any sequential classifier. Specifically, the weight vector w and feature vector of a trained

linear sequence classifier are augmented at test time to include new class-conditional fea-

ture functions to bias the classifier towards particular class labels. In our case, since we

wish to increase the frequency of word boundaries, we add a feature function:

f0(x,yt−1,yt , t) =

{
1 if yt = +1

0 otherwise

Its weight λ0 controls the extent to which the classifier will make positive predictions,

with very large positive λ0 values causing only positive predictions (i.e., character-based

segmentation) and large negative values effectively disabling segmentation boundaries. Ta-

ble 2.10 displays how changes of the bias parameter λ0 affect segmentation granularity.5

Since we are interested in analyzing the different regimes of MT performance between CTB

segmentation and character-based, we performed a grid search in the range between λ0 = 0

(maximum-likelihood estimate) and λ0 = 32 (a value that is large enough to produce only

positive predictions). For each λ0 value, we ran an entire MT training and testing cycle,

i.e., we re-segmented the entire training data, ran GIZA++, acquired phrasal translations

that abide with this new segmentation, and ran MERT and evaluations on segmented data

using the same λ0 values.

Segmentation and MT results are displayed in Figure 2.3. First, we observe that ad-

justing the precision and recall trade-off by setting negative bias values (λ0 =−2) slightly

5Note that character-per-token averages provided in the table consider each non-Chinese word (e.g., for-
eign names, numbers) as one character, since our segmentation post-processing prevents these tokens from
being segmented.
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Figure 2.3: A bias towards more segment boundaries (λ0 > 0) yields better MT perfor-
mance and worse segmentation results.

improves segmentation performance. We also notice that raising λ0 yields relatively con-

sistent improvements in MT performance, yet causes segmentation performance (F-score)

to be increasingly worse. While the latter finding is not particularly surprising, it further

confirms that segmentation and MT evaluations can yield rather different outcomes. For

our experiment testing this feature, we chose λ0 = 2 on a second dev set (MT02). On the

test set MT05, λ0 = 2 yields 31.47 BLEU, which represents a quite large improvement

compared to the unbiased segmenter (30.95 BLEU). Further reducing the average number

of characters per token yields gradual drops of performance until it reaches character-level

segmentation (λ0 ≥ 32, 29.36 BLEU).

Here are some examples of how setting λ0 = 2 shortens the words in a way that can

help MT.

• separating adjectives and pre-modifying adverbs:

iL (very big)→i(very)L(big)

• separating nouns and pre-modifying adjectives:

°©¸ (high blood pressure)

→°(high)©¸(blood pressure)

• separating compound nouns:

�u\ (Department of Internal Affairs)

→�u(Internal Affairs)\(Department).
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Lexicon-based Features Linguistic Features
(1.1) LBegin(Cn),n ∈ [−2,1] (2.1) Cn,n ∈ [−2,1]
(1.2) LMid(Cn),n ∈ [−2,1] (2.2) Cn−1Cn,n ∈ [−1,1]
(1.3) LEnd(Cn),n ∈ [−2,1] (2.3) Cn−2Cn,n ∈ [1,2]
(1.4) LEnd(C−1)+LEnd(C0) (2.4) Single(Cn),n ∈ [−2,1]

+LEnd(C1) (2.5) UnknownBigram(C−1C0)
(1.5) LEnd(C−2)+LEnd(C−1) (2.6) ProductiveAffixes(C−1,C0)

+LBegin(C0)+LMid(C0) (2.7) Reduplication(C−1,Cn),n ∈ [0,1]
(1.6) LEnd(C−2)+LEnd(C−1)

+LBegin(C−1)
+LBegin(C0)+LMid(C0)

Table 2.11: The lexicon-based and linguistic features for CRF-Lex

2.3.5 Improving Segmentation Consistency of a Feature-based Sequence
Model for Segmentation

In Section 2.3.2 we showed that a statistical sequence model with rich features can gen-

eralize better than maximum matching segmenters. However, it also inconsistently over-

generates a big MT training lexicon and OOV words in MT test data, and thus causes a

problem for MT. In this section, to improve a feature-based sequence model for MT, we

propose 4 different approaches to deal with named entities, optimal length of word for MT

and joint search for segmentation and MT decoding.

Making Use of External Lexicons

One way to improve the consistency of the CRF model is to make use of external lexicons

(which are not part of the segmentation training data) to add lexicon-based features. All

the features we use are summarized in Table 2.11. Our linguistic features are the ones

already described in Section 2.2.2. Our lexicon-based features are adopted from (Shi and

Wang, 2007), where LBegin(C0), LMid(C0) and LEnd(C0) represent the maximum length of

words found in a lexicon that contain the current character as either the first, middle or last

character, and we group any length equal or longer than 6 together. The linguistic features

help in capturing words that were unseen to the segmenter; while the lexicon-based features

constrain the segmenter with external knowledge of what sequences are likely to be words.
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We built a CRF segmenter with all the features listed in Table 2.11 (CRF-Lex). The ex-

ternal lexicons we used for the lexicon-based features come from various sources including

named entities collected from Wikipedia and the Chinese section of the UN website, named

entities collected by Harbin Institute of Technology, the ADSO dictionary, EMM News

Explorer, Online Chinese Tools, Online Dictionary from Peking University and HowNet.

There are 423,224 distinct entries in all the external lexicons.

The MT lexicon consistency of CRF-Lex in Table 2.8 shows that the MT training lexicon

size has been reduced by 29.5% and the MT test data OOV rate is reduced by 34.1%.

Joint training of Word Segmentation and Proper Noun Tagging

Named entities are an important source for OOV words, and in particular consider espe-

cially words which are bad to break into pieces (particularly for foreign names). Therefore,

we use the proper noun (NR) part-of-speech tag information from CTB to extend the label

set of our CRF model from 2 to 4 ({beginning of a word, continuation of a word} × {NR,

not NR}). This is similar to the “all-at-once, character-based” POS tagging in (Ng and

Low, 2004), except that we are only tagging proper nouns. We call the 4-label extension

CRF-Lex-NR. The segmentation and MT performance of CRF-Lex-NR is listed in Table

2.12. With the 4-label extension, the OOV recall rate improved by 3.29%; while the IV

recall rate stays the same. Similar to (Ng and Low, 2004), we found the overall F-score

only goes up a tiny bit, but we do find a significant OOV recall rate improvement.

On the MT performance, CRF-Lex-NR has a 0.32 BLEU gain on the test set MT05.

In addition to the BLEU improvement, CRF-Lex-NR also provides extra information about

proper nouns, which can be combined with postprocessing named entity translation mod-

ules to further improve MT performance.

2.4 Conclusion

Chinese word segmentation has been a complicated problem because of the intrinsic ambi-

guity of word definition, multiple existing segmentation standards, and the different needs
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Segmentation Performance
Segmenter F-score OOV Recall IV Recall

CRF-Lex-NR 0.943 0.753 0.970
CRF-Lex 0.940 0.729 0.970

MT Performance
Segmenter MT03 (dev) MT05 (test)

CRF-Lex-NR 32.96 31.27
CRF-Lex 32.70 30.95

Table 2.12: Segmentation and MT performance of CRF-Lex-NR versus CRF-Lex. This
table shows the improvement of jointly training a Chinese word segmenter and a proper
noun tagger both on segmentation and MT performance.

of different NLP applications. In this chapter, we introduced several morphologically in-

spired features in a conditional random fields framework. We showed that using morpho-

logical features prevents the segmenter from overfitting to a segmentation standard. This

implementation was ranked highly in the SIGHAN 2005 Chinese word segmentation bake-

off contest.

In order to improved machine translation performance, we investigated which segmen-

tation properties are important. First, we found that neither a character-based nor a standard

word segmentation standard are optimal for MT, and show that an intermediate granular-

ity is much more effective. Using an already competitive CRF segmentation model, we

directly optimize segmentation granularity for translation quality, and obtain an improve-

ment of 0.73 BLEU points on MT05 over our lexicon-based segmentation baseline. Sec-

ond, we augment our CRF model with lexicon and proper noun features in order to improve

segmentation consistency, which provides a 0.32 BLEU point improvement.

So far in this chapter we focused on producing one good segmentation that works best

for MT. There is also value in considering segmentations of multiple granularities at de-

coding time. This will prevent segmentation error from propagating and can also help

translations for compound words. One demonstration of this is recent work that uses seg-

mentation lattices at decoding time to improve the overall MT quality (Dyer et al., 2008;

Dyer, 2009).

Also, investigating different probabilistic models could help on the problem of seg-

mentation for MT. For example, Andrew (2006) proposed a hybrid model of CRFs and
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semi-Markov CRFs that outperformed either individually on the Chinese word segmenta-

tion task. This shows the potential of more sophisticated models to help segmentation for

MT.



Chapter 3

Error Analysis of Chinese-English MT
Systems

In this chapter, we analyze the output of three state-of-the-art machine translation systems.

The systems we look at are the three teams that participated in the 2007 go/no go (GnG) test

of the GALE phase 2 program. The GALE (Global Autonomous Language Exploitation)

program evaluates machine translation technology, and focuses on the source languages

Arabic and Chinese to the target language English. The input for translation can be either

audio or text, and the output is text. In this chapter we only analyze the Chinese-to-English

translation part with text input.

The three teams are Agile, Nightingale, and Rosetta. Each team is composed of several

sites, including universities and company research labs. Stanford is part of the Rosetta

team. All teams are allowed to use a shared set of training data for building the components

in their MT systems. From a bird’s eye view, the three teams all follow a similar pipeline

– several independent MT outputs are generated by the groups within the teams, and then

systems are combined to get a best candidate from all the possible candidates. If we look in

more detail, many different types of MT systems (e.g., phrase-based systems, hierarchical

phrase-based systems, rule-based systems, syntax-based systems, etc) are involved. The

system combination approaches are also different among teams.

In Section 3.1, we first introduce the three systems. The system descriptions are from

the GALE P2.5 system descriptions of each of the three teams. Understanding what are the

41
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components in each team can help understand the MT outputs and why certain mistakes

are common. Detailed analysis of the three systems is in Section 3.2.

3.1 GALE system descriptions

3.1.1 Agile

The Agile team used 9,865,928 segments, including 246,936,935 English tokens for train-

ing. Each site can decide to use a subset of the available training data. The Chinese text

was tokenized and distributed to all sites by BBN. Each individual site returned a tokenized

lower-cased N-best list from their systems. The outputs were combined at BBN using the

approach proposed by Rosti et al. (2007), which is a confusion network based method for

combining outputs from multiple MT systems.

The Agile team has 6 individual Chinese-English MT systems that they used in the

system combination.

1. LW (Language Weaver) phrase-based MT system

2. ISI (Information Sciences Institute) hierarchical MT system (Chiang, 2005)

3. ISI/LW syntax-based MT system (Galley, Hopkins, Knight, and Marcu, Galley et al.;

Marcu et al., 2006): the first three systems were run by ISI. All of the ISI systems

used LEAF (Fraser and Marcu, 2007) word alignment instead of GIZA++.

4. Moses system (Koehn et al., 2007) from University of Edinburgh: for preprocess-

ing, they also applied the reordering method introduced by Wang et al. (2007) to

preprocess the training and test data.

5. Cambridge University system: the Cambridge University system is a weighted fi-

nite state transducer implementation of phrase-based translation. They also used a

different word alignment tool – MTTK (Deng and Byrne, 2005).

6. BBN’s hierarchical MT system HierDec (Shen et al., 2008): it is a hierarchical sys-

tem similar to (Chiang, 2005), but augmented with English dependency treelets.
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3.1.2 Nightingale

The Nightingale team has 7 different MT systems. The other six systems are:

1. NRC system: NRC used two word alignment algorithms: symmetrized HMM-based

word alignment and symmetrized IBM2 word alignment, and extracted two phrase

tables per corpus. They decoded with beam search using the cube pruning algorithm

introduced in (Huang and Chiang, 2007).

2. NRC-Systran hybrid system: first, Systran’s rule-based system input the Chinese

source and outputs an initial “Systran English” translation, then the NRC statistical

system tries to translate the “Systran English” to English. Thus, the NRC component

of this system is trained on parallel corpora consisting of “Systran English” (transla-

tions of Chinese sentence) aligned with the English references. More details of the

setup and the Systran component can be found in (Dugast et al., 2007).

3. RWTH phrase-based translation system: it used standard GIZA++ alignment, and

decoded with a phrase-based dynamic programming beam-search decoder. One spe-

cialized component is a maximum entropy model to predict and preprocess Chinese

verb tense (present, past, future, infinitive). The prediction model uses features of

the source sentence words and syntactic information. The model is trained on word

aligned data, where the “correct” tense is extracted from a parse of the English sen-

tence.

4. RWTH chunk based translation system: the Chinese sentences were parsed and

chunks were extracted from the parses. Then reordering rules are extracted from

the data as well. The system was introduced by Zhang et al. (2007).

5. SRI hierarchical phrases translation system: the hierarchical phrases extraction fol-

lowed (Chiang, 2005), and the decoding is a CKY-like bottom up parsing similar to

(Chiang, 2007).

6. HKUST dynamic phrase sense disambiguation based translation: the HKUST system

augmented the RWTH phrase-based system with their phrase sense disambiguation

approach introduced in (Carpuat and Wu, 2007).
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Figure 3.1: Workflow of the Rosetta MT systems.

7. The last MT system was a serial system combination of a rule-based and a statistical

MT system. We don’t have further information on this system.

The system combination is the confusion-network-based approach in (Matusov et al.,

2006).

3.1.3 Rosetta

The training data processed and distributed team-wide in Rosetta contains 8,838,650 seg-

ments, 256,953,151 English tokens, and 226,001,339 Chinese tokens. The Rosetta team-

wide preprocessing includes Stanford segmenter described in Chapter 2 and other IBM

normalization components. Stanford didn’t contribute an MT system in GALE phase 2,

but began doing so in phase 3.

The Rosetta team has 7 individual MT systems. As illustrated in Figure 3.1, they were

first combined with an IBM system combination module, and then the 7 system outputs as

well as the combined output were sent to the IBM hypothesis selection module to generate
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the final output. They first extract bilingual phrases, word alignments within phrases, and

decoding path information from each system output. They also get the phrase table with

IBM model 1 scores and decoding path cost of a baseline decoder. Based on this informa-

tion, they re-decode the test set and generate the “IBM-SysCombo” output. In the second

step of hypothesis selection, they select the best translation among multiple hypotheses

(including IBM-SysCombo) using difference features, so systems not combined in the first

step still have the opportunity to be selected in step 2. A more detailed description can be

found in (Huang and Papineni, 2007).

The 7 individual MT systems are:

1. IBM-DTM2: For phrase extraction, simple blocks of style 1-M are extracted from

alignments. Additionally non-compositional blocks are extracted only when the sim-

ple extraction fails yielding a very small number of additional blocks. Translation

models used include IBM Model-1 scores in each direction, the unigram phrase prob-

ability, and the MaxEnt model described in “Direct Translation Model 2” (Ittycheriah

and Roukos, 2007).

2. IBM-SMT: For phrase extraction, only contiguously aligned phrases (on both source

and target side) are extracted. Exceptions are function words on both sides which are

allowed to be unaligned but will still be included in the blocks (Tillmann and Xia,

2003). The decoder is a cardinality synchronous, multi-stack, multi-beam decoder,

which was proposed in (Al-Onaizan and Papineni, 2006).

3. IBM-TRL: Phrases are extracted according to the projection and extension algo-

rithms described in (Tillmann, 2003). Then the phrases are expanded to cover target

words with no alignment links, as described in (Lee and Roukos, 2004). The trans-

lation models and scoring functions used in decoding are described in (Lee et al.,

2006).

4. UMD-JHU: The system uses a hierarchical phrase-based translation model (Chiang,

2005), and decodes using a CKY parser and a beam search together with a postpro-

cessor for mapping foreign side derivations to English derivations (Chiang, 2007).

It also includes specialized components for Chinese abbreviation translation, named
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Rosetta Agile Nightingale
avg #toks per sent 28.59 29.30 34.02
avg #non-punct per sent 24.67 25.09 29.55
avg #non-function per sent 13.15 13.54 15.46

Table 3.1: Translation lengths of Rosetta, Agile, and Nightingale.

entities and number translations, and two-stage LM reranking.

5. UMD-Hiero: Also a hierarchical phrase-based system (Chiang, 2005, 2007).

6. CMU phrase-based SMT system (CMU-SMT): A log-linear model with about 13

features was used for phrase-pair (or block) extraction. They built a HM-BiTAM

translation model using part of the training data. The STTK decoder then loads

document-specific rescored phrase tables to decode the unseen test documents.

7. Syntax-Augmented SMT System (CMU-SYN-AUG): Decoding is done by the CKY

algorithm extended to handle rules with multiple non-terminals.

3.2 Analysis

We conducted analysis on some sentences of the Chinese text portion of the 2007 GnG test

set. We analyzed the unsequestered 24 sentences out of the first 50 contiguous sentences

of a split of the data that was designated for error analysis by the IBM Rosetta consortium.

We will present the analysis here.

Table 3.1 has the statistics on the average translation length of each system. We can see

that overall Nightingale tends to generate longer translations than the other two systems,

and Rosetta is slightly shorter than Agile.

We will list the sentences that we analyzed and provide concrete examples for what er-

rors were generated by each system. In each example, we first present the source Chinese

sentence and the reference English sentence. Also, we give the segmentation used in the

Rosetta team so that we can see what errors segmentation might have caused. This segmen-

tation was done by the Chinese word segmenter of Tseng et al. (2005) described in Section

2.2 of this thesis, and motivated the later work that appears in Section 2.3 on improving
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segmentation consistency. In the analysis for each sentence, we discuss the performance of

each system – whether they drop out important content words, capture complicated syntac-

tic constructions, etc. In addition to that, in the analysis we point out interesting Chinese

syntactic structures that are different from English syntax, and also discuss how they can

cause difficulties in MT.

The number of a sentence is its linear order in the 2007 GnG set. Since the first sixteen

sentences are sequestered, the first sentence we present has index 17.

• Sentence 17 (DOC cmn-NG-31-111576-3460873-S1 S1 seg 2)

Source:
P¤yó�ñ|¢/��t{¸«|{�3–§#��b�Éì�ø¥:�{

u�iÇÂi�®ê�Ç�|�{O£–ûÿ�

Reference:
In addition to pointing out the commonly seen advantages of the [Caucasians//white

race]: steel, technologies, weapons, central and unified government, Desmond espe-

cially stressed one little-known factor – bacteria.

Rosetta segmented source:
P¤y ó �ñ |¢ /� �t { ¸«| { �3 - - §# , �b

, Éì , ø¥ :� { u� i , Âi �® ê � Ç �|� {

O£ - - ûÿ �

Rosetta:
The diamond in that people usually see the advantages of white people, steel, technol-

ogy, weapons, and centralized government, particularly highlighted by an unknown

factor, the bacteria.

Nightingale:
Dai Xianglong pointed out that people usually seen in the advantages of the White

- iron and steel, technology, weapons, centralized government, particularly stressed

the importance of a little-known factors - bacteria.

Agile:
In pointed out that people often see the advantage of the white people - iron and steel,

technology, weapons, and unified government, a little-known factors - the bacteria is

particularly.
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Analysis:
(Note that the reference has an error – Desmond should be Diamond.) Rosetta mis-

translated the name “P¤y” (Diamond) into “the diamond”. Nightingale obviously

has special treatment for names, but didn’t get it either. Agile did worst on this

sentence.

All three systems missed the double-embedded DE construction in the first clause

(“commonly seen DE caucasian DE advantages”, i.e. “commonly seen advantages

of caucasians”.) All three also missed the high-level structure of the whole sentence

“In addition to pointing out X, Diamond emphasized Y”. But Nightingale got the

complex structure of that last clause (“particularly stressed...”) spot on.

• Sentence 18 (DOC cmn-NG-31-111576-3460873-S1 S1 seg 3)

Source:
Æ�Çó¸«|nqcL:�ÇÆ¢üÞ{ûÿÀ�{\��|ÏÏ§,Æ

¢{Éì�

Reference:
He said that when the [Caucasians//white race] conquered the new continent, the bac-

teria on their bodies killed far more Indians than their weapons.

Rosetta segmented source:
Æ � , ó ¸«| nq c L: � , Æ¢ ü Þ { ûÿ À� {

\� �| ÏÏ §, Æ¢ { Éì �

Rosetta:
White people, he said the conquest of new China, with Indians killed by far exceed

their weapons.

Nightingale:
He said that in the white people to conquer new continent, they found the bacteria

kill the Indians far exceed their weapons.

Agile:
He said that when the white people to conquer new continent, they found the bacteria

killed are far more than their weapons.

Analysis:
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Rosetta dropped “ûÿ” (bacteria). Also Rosetta did an unnecessary reordering of

“he said” and “when white people...”. Rosetta mistranslated “L:” (continent, main-

land) into “China”. Rosetta did worst on this sentence.

Also, there is a noun phrase with two DE constructions in the sentence:

Æ¢ ü Þ { ûÿ À� { \��|

they body on (localizer; SHANG) (DE) bacteria kill (DE) Indians

(the Indians killed by the bacteria on their bodies)

If the translator tried to keep the Chinese noun phrase as an English noun phrase, the

reference translation could have been: “. . . , the Indians killed by the bacteria on their

bodies far exceeded the ones killed by their weapons.” However, in the reference,

instead of having ‘killed by the bacteria’ as a relative clause, the translator used the

bacteria as the subject, and changed ‘the Indians’ to be the object, which might be a

better translation, since later in the sentence ‘the weapons’ were also used to kill the

Indians. This example shows that Chinese NPs with DE constructions can translate

into complicated non-NP forms in English; it also shows that a Chinese constituent

doesn’t always map to an English constituent during translation.

• Sentence 19 (DOC cmn-NG-31-111576-3460873-S1 S1 seg 4)

Source:
1519#600ÖÜÁ¿|óäÜ¸~:ÇVnq�ºy|={�û�.�)Çð

'bYÆ¢»7®I���

Reference:
In 1519, six hundred Spaniards landed on Mexico to conquer the Aztec Empire with

a population of a few millions. They lost two thirds of their soldiers in the first clash.

Rosetta segmented source:
1519# 600 Ö ÜÁ¿| ó äÜ¸ ~: , V nq �ºy |= {

�û�. �) , ð ' bY Æ¢ »7 ®I�� �

Rosetta:
600 Spaniards and landing in Mexico, to conquer millions of the population of the

Aztec empire, the first time, they have a 2/3.

Nightingale:
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1519 600 Spanish landing in Mexico, to conquer the millions of the population of the

Aztec empire, they drove the initial damage soldiers, two thirds.

Agile:
In 1519 600 Spanish landed in Mexico, to conquer the Aztec empire of millions of

people, the initial damage the two-thirds.

Analysis:
Rosetta dropped 1519 despite it being completely unambiguous (1519#). Rosetta

also dropped the number 1,704 in seg 3 of AFP CMN 20061211.0009-S1. It seems

like Rosetta might have a particular problem with numbers. Rosetta also dropped

“»7” (loss of soldiers), which might be caused by a segmentation error. It might

be better that “»7” is segmented into two words “»” and “7”, where » is the

verb meaning “to lose” and “7” is the nominal object meaning “soldiers”.

The NP with DE in this example, “�ºy (a few millions) |= (population) {

(DE) �û�. (Aztec) �) (empire)”, should be reordered during translation.

It should be “the Aztec Empire with a population of a few millions”. Only Agile

captured this reordering phenomenon, even though the translation wasn’t perfect.

• Sentence 20 (DOC cmn-NG-31-111576-3460873-S1 S1 seg 5)

Source:
&Æ¢Rzû½u�3{4���

Reference:
What gave them the decisive advantage was smallpox.

Rosetta segmented source:
& Æ¢ Rz û½u �3 { 4 � � �

Rosetta:
smallpox to obtain a decisive advantage.

Nightingale:
To enable them to a decisive advantage of smallpox.

Agile:
That they achieved a decisive advantage is smallpox.

Analysis:



CHAPTER 3. ERROR ANALYSIS OF CHINESE-ENGLISH MT SYSTEMS 51

Rosetta did an interesting reordering to move “smallpox” from the end of the sen-

tence to the beginning. However, it doesn’t quite complete the correct syntax of the

sentence. The sentence could be translated as: “What gave them the decisive advan-

tage was smallpox.” Or, “(It was) Smallpox (that) gave them the decisive advantage.”

• Sentence 21 (DOC cmn-NG-31-111576-3460873-S1 S1 seg 6)

Source:
1520#ÜÁ¿|�oÉé0{��>À�ê��){�Ì|ÇÝiÙµ��

Reference:
In 1520 the Spaniard infected the opponent with smallpox, killing half of the people

in the Aztec Empire including its emperor.

Rosetta segmented source:
1520# ÜÁ¿| �o É é0 { � �> À� ê ��) { �Ì

| , Ýi Ù µ� �

Rosetta:
Spaniards transmitted to the other side a half, including its emperor.

Nightingale:
1520 Spain was transmitted to the other side of the smallpox disease killed his em-

pire, half of the people, including the emperor.

Agile:
The Spanish transmitted to the other side’s smallpox disease killed empire in half of

the people, including the emperor.

Analysis:
Rosetta and Agile dropped the year (1520). Sadly, our segmenter mis-segments “�

�>” (smallpox disease) into “� / �>”(sky* / flower disease*), so the Rosetta

system dropped words again. Then, “��)”, which is an abbreviation of “�û

�.�)” (Aztec empire), probably stays untranslated and is dropped again. For

the other 2 systems, it seems like their segmenters decided to separate it into “� /�

)”, so they at least get the “empire” part. The NP with DE construction in the source

sentence “ÜÁ¿|�oÉé0{��>” (smallpox that the Spaniard infected the

opponent with) was translated as a sentence instead of an NP. The reference could
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also be “In 1520, smallpox that the Spaniard infected the opponent with killed half of

the Aztec Empire including its emperor.” This is an alternative translation that let the

English translation of DE construction remain an NP. None of the systems translated

this DE construction correctly.

• Sentence 22 (DOC cmn-NG-31-111576-3460873-S1 S1 seg 7)

Source:
1618#äÜ¸{2000y|O�o>>èt160y�

Reference:
In 1618 Mexico’s twenty million people were reduced to 1.6 million due to the epi-

demic.

Rosetta segmented source:
1618# äÜ¸ { 2000y | O �o > >è t 160y �

Rosetta:
Mexico twenty million people were reduced to 1.6 million from communicable dis-

eases.

Nightingale:
Due to enter Mexico’s 20 million people of infectious diseases were reduced to 1.6

million.

Agile:
Mexico’s 20 million people from communicable diseases reduced to 1.6 million.

Analysis:
All systems dropped the year “1618#”. It is unclear why this happened in all three

systems. Rosetta chose noun compound DE translation strategy here, where a pos-

sessive “’s” as in Nightingale’s translation is actually more appropriate. Otherwise

Rosetta did a pretty good job here; it captures what is the cause and what is the effect.

• Sentence 23 (DOC cmn-NG-31-111576-3460873-S1 S1 seg 8)

Source:
¦$3�Ç\��|b��«ûÿ,1�H�Kâé0�

Reference:
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In the meantime, the Indians lacked a kind of bacteria to effectively attack the oppo-

nent party.

Rosetta segmented source:
¦ $ 3� , \� �| b� � « ûÿ ,1 �H � Kâ é0

�

Rosetta:
In the meantime, the Indians lack of a type of bacteria can effectively crack down on

the other side.

Nightingale:
At the same time, the Indians lack of a type of bacteria can be effective against each

other.

Agile:
At the same time, the Indians lack a bacteria can be effective against each other.

Analysis:
Only Rosetta correctly translated “é0” into “the other side”. The other 2 translate it

into “each other”. Other than that, none of them correctly made “,1�H�Kâé

0” into a relative clause “which can effectively crack down the other side”. All three

systems chose a present tense main verb “lack” even though past tense is appropriate

here in the article context. This is an example of how MT systems, which usually

translate sentence-by-sentence, do not handle tense selection in Chinese-English MT

well. Some of the systems did mention they had modules for predicting Chinese verb

tense, however it wasn’t clear if discourse information was used.

• Sentence 24 (DOC cmn-NG-31-111576-3460873-S1 S1 seg 9)

Source:
P¤y��Rûÿ�O�|«Ç4��Ç¢¦§#��q�3�zÝ-z

�åÍ�@�

Reference:
Desmond did not attribute bacteria to the human species, but believed that they, to-

gether with steel, guns and cannons, directly or indirectly originated from farming.

Rosetta segmented source:
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P¤y �� R ûÿ �O� |« ,  4 �� Ç¢ ¦ §# , �

q �3 �z Ý -z � åÍ � @�

Rosetta:
Dimond did not be attributed to the advancement of the bacteria, is that they are the

steel, and with directly or indirectly, to the origins of Agriculture

Nightingale:
Damon de bacteria will not attributed to the people, but of the race that they, together

with steel guns directly or indirectly, originated in agriculture.

Agile:
Bacteria is not attributed to race, but that the iron and steel, guns were directly or

indirectly originated in the agricultural industry

Analysis:
It’s good that Rosetta translated the name of the author this time, but it didn’t trans-

late “|«” (race). It dropped “�q” (guns) as well. None of the systems got that

the second verb “��” (believes) should also have “P¤y” (Diamond) as its sub-

ject. In general, the output of all these systems is sufficiently poor that it is hard to

know what is going on. Note that again, Desmond is incorrect for Diamond in the

reference translation.

• Sentence 25 (DOC cmn-NG-31-111868-3475012 S1 seg 1)

Source:
¡���,Ç�)��#â�H�Ï�

Reference:
Following right after the Thanksgiving Day, the year-end shopping season kicked off

in the US.

Rosetta segmented source:
¡�� � , , �) �� # â �H �Ï �

Rosetta:
A thanksgiving retail at the end of the year, the United States.

Nightingale:
A Thanksgiving Day, the US has entered a period of retail boom at the end of the
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year.

Agile:
Thanksgiving, the United States entered the retail period at the end of the year.

Analysis:
None of the three systems captured the construction for “following right after A”,

where in Chinese the pattern is “A�,”. Rosetta dropped “��” (enter), and “�

Ï” (peak season). This is a short sentence, and the segmentation seems fine. It might

worth investigating why Rosetta did so badly on this short sentence.

• Sentence 26 (DOC cmn-NG-31-111868-3475012 S1 seg 2)

Source:
óÈ¡q�|>õÄ��ÇÌ�{éÔ[q�5�huêLÞó"�®Zé

Ô{60ÇYJ�5{�âG��ÞZ=H�ÑO$L��

Reference:
While various kinds of stores are [crowded with people//so crowded that one could

only see the heads of people moving], the main shopping and auction websites have

also ushered in a large number of visitors for online inquiries and shopping, with hit

rates, traffic volume, and sales at these websites dramatically increased because of

this.

Rosetta segmented source:
ó È ¡ q� |> õÄ �� , Ì� { éÔ [q �5 � hu

ê LÞ ó " �® Z éÔ { 60 , YJ �5 { �âG , �

Þ Z =H � Ñ O$ L� �

Rosetta:
All such stores of the teeming, the main shopping auction Web site also has ushered

in a large number of visitors, users of these websites, traffic and sales.

Nightingale:
All kinds of stores in the teeming on the occasion, the main shopping online auction

website also ushered in a large number of online shopping inquiries and visitors to

the web sites of the click rate of flow and sales have increased.

Agile:
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The various kinds of tens of thousands of visitors, major shopping auction website

also ushered in a large number of visitors and on-line shopping, the click rate, traffic

and sales of these websites have multiplied.

Analysis:
None of the systems gets the first part of the Chinese sentence right. In the first clause

of the Chinese sentence, we can see two different difficulties:

ó È ¡ q� |> õÄ ��

(preposition;
various kind stores human head

huddle while (localizer;

ZAI) together ZHI-JI)

(while various kinds of stores are crowded with people)

First of all, the localizer phrase (LCP) “ó(P) X��(LC)” should be translated as

“while X”; none of the systems got this right. Second, there is a Chinese idiomatic

expression here – “|> õÄ” literally describes the view when so many people

gather together, you can only see their heads huddle together. It should be translated

as “crowded”. Interestingly, all three systems captured this meaning either by using

the word “teeming” or “tens of thousands of visitors”. But their translations are still

far from understandable.

Rosetta did the worst. It also completely dropped the last part “�ÑO$L�’.

• Sentence 27 (DOC cmn-NG-31-111868-3475012 S1 seg 3)

Source:
\E!L{ó"[q�5eBay.com1ùÙ�a{à�®�¡�5 Shop-

ping.com ÁÇó¡��,�{YÇ±ÊÃ�#411Û24�ÄÇÙ�5Þ!

�C{à¬4�'Ç{LÚ��T.M.X.ElmomS�

Reference:
EBay.com, the world’s largest online auction website, and its subsidiary price com-

parison website Shopping.com said that this Friday (November 24 of this year) after

Thanksgiving, the hottest merchandise on its website was the commemorative big-

eye plush doll T.M.X. Elmo.

Rosetta segmented source:
\E ! L { ó " [q �5 eBay . com 1ù Ù �a { à�
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®�¡ �5 Shopping . com Á , ó ¡�� , � { Y Ç ±Ê (

�# 4 11Û 24� ) , Ù �5 Þ ! �C { à¬ 4 �'Ç {

L Ú ��T.M.X.Elmo mS �

Rosetta:
The world’s largest online auction site eBay, as well as its said that in, in the Friday

after Thanksgiving (November 24th on its web site, most of the editions of the plush

doll.

Nightingale:
The world’s largest online auction website and its subordinate eBay. Com compar-

ison shopping Web site Shopping. Com category, in the wake of the Thanksgiving

Day this Friday (November 24), and its web site this year is the most sought-after

cinematographer of goods is a commemorative edition of the big eyes caterpillars

T.m.x.elmo puppets.

Agile:
The world’s largest online auction site Ebay.com and its three such websites Shop-

ping.com said that after Thanksgiving this Friday (November 24 this year is), the

goods of its Web site most is the version of the eyes t.m.x.elmo puppets.

Analysis:
Before the first comma, “. . .Ù�a{à�®�¡�5Shopping.comÁ”, Rosetta

dropped the underscored part. The segmentation is: “�a / { / à�®�¡ / �

5”. It’s not quite clear if it is correct or not to segment “à�®�¡” all together.

The first 4 characters “à�®�” is a Chinese idiom meaning “it’s better to compare

the price of 3 stores” and the last character means “type”. In this sentence, “à�®�

¡” means “price-comparing”. In terms of segmentation it might be better to segment

it as “à�®� / ¡”. Also, “Shopping.com” is an apposition of the noun phrase

“�a{à�®�¡�5”. Rosetta completely dropped “Shopping.com”; Nightin-

gale incorrectly used “subordinate” to modify eBay instead of Shopping.com; Agile

mis-translatedà�®� (price-comparing) and dropped�a (subordinate).

Rosetta had more problems of dropping words; it also dropped too much of the last

part. The “T.M.X. Elmo” part might be dropped due to an segmentation error “�

�T.M.X.Elmo”.
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• Sentence 28 (DOC cmn-NG-31-111868-3475012 S1 seg 4)

Source:
eBay.comÁ¦,V{YÇ”gº±Ê”Ù�5Þá[qñ2537ÇLÚ��m

SÇþ$70�Ã&��

Reference:
EBay.com said that this past ”Black Friday” a total of 2,537 big-eye plush Elmo dolls

were auctioned at an average price of around 70 US dollars at its website.

Rosetta segmented source:
eBay . com Á ¦ ,V { Y Ç ” gº ±Ê ” Ù �5 Þ á [

qñ 2537 Ç L Ú �� mS , þ$ 70 �Ã &� �

Rosetta:
eBay. That just this past ”Black Friday” on its web site, sold 2537 in the plush toys,

the average is about $70.

Nightingale:
EBay. Com claimed that the ” black Friday ” on its web site a total of 2537 big eyes

plush toys, the average price of about US $70%.

Agile:
Ebay.com just past the ”Black Friday” on its Web site out a total of a big eyes fuzzy

doll, the average price of around US $70.

Analysis:
This Chinese sentence can be quite difficult to translate because of the lack of punc-

tuations. If there were a few more commas in the original Chinese sentence, it might

be easier to figure out the sentence structure. First of all, there could be a comma

after the verbÁ (claim; say). Also, if there were a comma right after “gº±Ê”

(Black Friday), it would be more clear that¦,V{YÇ”gº±Ê” is a temporal

noun phrase this past “Black Friday”. In this example, Rosetta didn’t translate the

first verbÁ (claim; say). Neither did Agile.

• Sentence 29 (DOC cmn-NG-31-111868-3475012 S1 seg 5)

Source:
3ø{mäó»�gXt40�ÃÇbi
�àÇóShopping.com�5ÞÙ
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!°Äb$Â4150�Ã

Reference:
The same toy is sold for less than 40 US dollars at Wal-Mart, but it is seldom in

stock. Yet at the shopping.com website, the highest price it was sold for was 150 US

dollars.

Rosetta segmented source:
3ø { mä ó »� gXt 40 �Ã , b i 
 �à ,  ó

Shopping . com �5 Þ Ù !° Äb $Â 4 150 �Ã

Rosetta:
The same toys at Wal-less than 40 US dollars, but it is very difficult, but in compari-

son, at $Its highest closing price of $150

Nightingale:
The same toys at Wal-Mart is less than US $40, but it is very difficult to have the

goods, while in Shopping. Com web site its highest closing price of $150

Agile:
The same in Wal-Mart at less than US $40, but it is very difficult to goods, Shop-

ping.com Web site its highest sale price is 150

Analysis:
The wrong translation “Wal-less” of Rosetta is due to wrong segmentation. In the

first segment of the Chinese sentence, “»�g” is the transliteration of Walmart,

and “Xt” means less than. But it was incorrectly segmented as “»� / gX

t”. Segmenting “�à”(have the goods) together doesn’t seem a smart decision

either, but might have worked if it were translated as the idiom “in stock”. No sys-

tem captures this part of the sentence correctly. Again, Rosetta dropped the obvious

“shopping.com” part. Overall this sentence is a combination of wrong segmentation

and more word dropping.

• Sentence 33 (DOC cmn-NG-31-112514-3491242-S1 S1 seg 2)

Source:
·{6#iñÕÇO��°��·�Ç/�Ç±�{mÊ�LõÂtÂ°V

ê�
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Reference:
I had a very lonely childhood because I was the only child in the family, and most of

my playmates in the neighborhood had moved to the cities.

Rosetta segmented source:
· { 6# i ñÕ , O� � ° � � · � Ç /� , ±� {

mÊ � Lõ Ât Â ° V ê �

Rosetta:
my childhood was very lonely, because I have a child in the family, most of the

friends around the city.

Nightingale:
My childhood was very lonely, because I am the only one child, around the playmates

also have moved to go to the city.

Agile:
Most of my childhood playmates around very lonely, because I was the only one at

home, also moved to the city.

Analysis:
Agile did a funny thing where they moved the “playmates” part into the first “lonely

childhood” part. This may well show long distance reordering in a syntactic MT

system going haywire. Rosetta seems to be confused about the meaning of “��”.

This is due to the ambiguity of the word “�”, which can mean “there exists” or

“have (possession)”. In this case it should be “there’s only”. Since “�” can often

be translated into “have”, Rosetta gave a rather funny translation: it should be “I was

the only child”, but Rosetta said “I have a child”.

• Sentence 34 (DOC cmn-NG-31-112514-3491242-S1 S1 seg 3)

Source:
	ÙZ� �{��B`�øÇ²·��óÇ�������

Reference:
Life, like that small river in front of my home, flowed quietly without the slightest

ripple.

Rosetta segmented source:
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	Ù Z �  � { � � B` �ø , ²· � �ó , �� � �

�� �

Rosetta:
life and in front of the river, flows calmly, without a trace.

Nightingale:
Life and in front of the door of the river, flows calmly, without a trace spray.

Agile:
Life and in front of the river, flows calmly, without a shred of the spray.

Analysis:
The Chinese “Z” (3rd character in source) often can be translate into “and”. How-

ever, in this case it’s “AZB�ø”, which should be translated into “A is similar to

B”. All 3 systems use the “and” translation, which didn’t get the meaning at all.

• Sentence 35 (DOC cmn-NG-31-112514-3491242-S1 S1 seg 4)

Source:
·²��Ç|ó`��u�{q�ÇÑ4iB{¡�Ç�Ç��Ò4�ÇÔ

�Ç·X�wÆ¢,ý°u�tý°VÇ��,u���,3���²,�

Reference:
I often stayed on the riverbank by myself, watching the boats pass by. They were

all very small fishing boats, and under each canopy was a household. I did not know

where they came from or where they were going. It seemed that I never saw the same

boat [pass by twice//pass by].

Rosetta segmented source:
· ²� � Ç | ó ` � � u� { q� , Ñ 4 i B { ¡

� , � Ç �� Ò 4 � Ç Ô� , · X �w Æ¢ , ý° u

� t ý° V , �� ,u �� � ,3 � � � ², �

Rosetta:
I often a person look at the sea from the river, they are very small fishing boats, a is

a home, I don’t know where they come from and to where it had never seen the same

boat.

Nightingale:
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I often see a person in the river to the ship, is a very small fishing boats, under a

canopy is a home, I do not know where they come from and where to go, it seems to

have never seen in the same boat.

Agile:
I often to on the banks of the river, are very small fishing boats, under a canopy of a

person is a home, I do not know where they come from and where to go, seems to

have never seen the same boat.

Analysis:
This Chinese sentence is composed of several sentences when translated into English.

The first part “·²��Ç|ó`��u�{q�” is one sentence. One thing

to notice is the pattern “�Ç|” means “by oneself” (in this case, “by myself”).

It is a relatively common pattern, but maybe not in newswire. None of the systems

translate this correctly. The second part of the Chinese sentence omitted the subject,

which refers back to the boats in the first part. Considering these two pieces, Rosetta

did a decent job, even though it translated “by myself” to “a person”. But after that,

Rosetta dropped “��” (under a canopy). This is probably due to the fact that the

segmentation did not separate the noun “�” and the preposition “�”.

• Sentence 36 (DOC cmn-NG-31-112514-3491242-S1 S1 seg 5)

Source:
·ñ*���¯Õ”��Ç�V`��lÚ”

Reference:
My mother sometimes asked: ”Huazi, why do you go to the riverbank?”

Rosetta segmented source:
· ñ* � �� ¯ : ” �� , � V ` � �l ? ”

Rosetta:
My mother when asked: ”What, you go to the river?”

Nightingale:
My mother asked: ” Sometimes Hua Zi, you go to the river, why? ”

Agile:
My mother sometimes asked: ”Son, you go to the riverside, why?”



CHAPTER 3. ERROR ANALYSIS OF CHINESE-ENGLISH MT SYSTEMS 63

Analysis:
Rosetta mistranslated “���” to “when” because the segmentation was “� / �

�”, where the first word means “exist” or “have” and the second word means “time”

or “when”. If it was segmented as one word “���” (sometimes), it would be

easier to translate it as sometimes.

The Chinese question ”�V`��l” is a statement with a question marker at the

end. Translating it directly will be “you go to the riverside do what”. Nightingale

and Agile are both just translating it directly and put a “why” at the end, which is

acceptable but not the most fluent English translation.

• Sentence 37 (DOC cmn-NG-31-112514-3491242-S1 S1 seg 6)

Source:
·�Õ”���”

Reference:
I said: ”To watch the boats.”

Rosetta segmented source:
· � : ” � � � ”

Rosetta:
I said: ”,” he said.

Nightingale:
I said: ” look at the boat. ”

Agile:
I said: ”Look at the boat.”

Analysis:
Rosetta is doing really bad in this case, which is hard to understand since the sentence

is short and the segmentation is correct. One possible guess is the language model

weight is too strong and not picking a translation with the right word “boat” in it.

Although Nightingale and Agile translate the verb, they have problems choosing the

right verb form: a “to” infinitive is required in English. They choose to use the bare

verb, which has an imperative reading.

• Sentence 38 (DOC cmn-NG-31-112514-3491242-S1 S1 seg 7)
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Source:
`{Ü>·Ñ�XDÇ·).ÇYÇ-�a�4iL{ÇbÇXa�·Ç

·�45ó����

Reference:
I could not see either end of the river. I started to think that this world must be very

large, but that it does not belong to me. I just stood on the riverbank watching.

Rosetta segmented source:
` { Ü > · Ñ � X D , · ) . , Y Ç -� a� 4

i L { , b Ç X a� · , · �4 5 ó � �� �

Rosetta:
River two in the first, I would not be able to see, I began to think that the world should

be very big, but it does not belong to me, I just stood at the.

Nightingale:
I do not see at both ends of the river, I began to think that the world should be a very

big, but it does not belong to me, I just stood on the shore watching.

Agile:
Both ends of the river I see, I began to think that the world should be very big, but it

does not belong to me, I just stand on the dock.

Analysis:
The first part of the sentence is an OSV structure (topicalization). Only Nightingale

got it right.

Rosetta dropped the last part because of wrong segmentation “� /��”. (should be

“�� (riverbank) /� (watch)”) Other than those, this sentence seems to be easy.

• Sentence 39 (DOC cmn-NG-31-112514-3491242-S1 S1 seg 8)

Source:
¬µ�#·¢�Â�êÇÔtêBi¥e{��}Þ�

Reference:
The year when I was eight, we also moved to live on a street in the center of a small

town.

Rosetta segmented source:
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¬ µ � # ·¢ � Â� ê , Ô t ê B i ¥e { � � }

Þ �

Rosetta:
Eight years old, we have also moved to live in a small town on a street in the centre.

Nightingale:
Eight years old, we have also moved to live in the town centre of a street.

Agile:
Eight-year-old that year we also, in a street in the town centre.

Analysis:
There’s a zero in front of “¬µ�#” (eight-year old that year). It should be “the

year when I was eight years old”. Nightingale mishandles the NP DE modification

“Bi¥e{��}”, which should be reordered as “a street in the town centre”.

• Sentence 40 (DOC cmn-NG-31-112514-3491242-S1 S1 seg 9)

Source:
åÄK�Î�Ç|ñ\�Ôó`�Ç·¤4ÌV�ÆÇ]#,��ñÌ>Æ

uÏ,�

Reference:
Uncle Baocheng still lived a lone life by the river by himself. I would still go visit

him. On New Year’s Day and other holidays, my parents would invite him over for

meals.

Rosetta segmented source:
åÄ K �Î � Ç | ñ\ �Ô ó ` � , · ¤ 4 Ì V �

Æ , ]# ,� �ñ Ì > Æ u Ï, �

Rosetta:
Pou Chen Bo as a person alone accommodated in the river, I will go to see him,

holiday parents would ask him to dinner.

Nightingale:
The Baoji-Chengdu Hebron remains a lonely people to live in the river, I still go to

see him on holidays, the parents would ask him to eat.

Agile:
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Baocheng, a single people live along the banks of the river, I still went to see him,

parents and asked him to eat.

Analysis:
Rosetta did a good job translating the structure and meaning, but did not translate the

first part very fluently. Nightingale wrongly put the time adverb clause to modify the

first verb.

• Sentence 41 (DOC cmn-NG-31-112514-3491242-S1 S1 seg 10)

Source:
�¹Ç·��µêÇ�êh��ÄÖ�X�{¥¦�

Reference:
In a flash, I was twelve and attending a local middle school that had a bad reputation.

Rosetta segmented source: �¹ , · �� µ ê , � ê h� � Ä

Ö� X � { ¥¦ �

Rosetta:
soon, I was 12 years old, fell into a local stigma secondary schools.

Nightingale:
In a flash, I am twelve years old, had a bad reputation of the local secondary school.

Agile:
In a flash, I was 12 years old, into the local a bad reputation secondary school.

Analysis:
In the Chinese sentence, there is an NP with DE construction: “�ÄÖ�X�{¥

¦”:

� Ä Ö� X � { ¥¦

one (measure word) reputation not good (DE) middle school

(middle school that had a bad reputation)

The NP needs to be reordered when translated into English. It should either be a

prepositional phrase “with a bad reputation” or a relative clause “that had a bad rep-

utation”. None of the systems got the reordering right. Even though Nightingale

seemed to capture the prepositional phrase structure, they actually did not reorder

correctly, and besides, they translated the verb “enter” as “had”, which totally lost
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the meaning.

• Sentence 42 (DOC cmn-NG-31-112514-3491242-S1 S1 seg 11)

Source:
"�Þ·B¦���AÄñiPÇbO��ñ�� 4Çú!P{�¥á�

 iÇ·��>¼�

Reference:
Actually I graduated from elementary school with very good grades, but because my

parents were not well connected, I was rejected by the best one, No.1 Middle School.

I was somewhat despondent.

Rosetta segmented source: "� Þ · B¦ �� �A Äñ i P , b

O� �ñ ��  4 , ú ! P { � ¥ á �   i , · ��

>¼ �

Rosetta:
In fact, I graduated from elementary school examination results are very good, but

because the parents do, to the best in the door, I was a bit depressed.

Nightingale:
In fact, my primary school leaving examination results are very good, but because

their parents do not have access, was one of the best in the door, I am a bit depressed.

Agile:
In fact, my primary leaving examination results are very good, but because their

parents do not have connections, was the best in the door, I am a little bit depressed.

Analysis:
There are many zeros in the sentence. This is a case of topic-continuous zeros, where

every verb after the second clause has a zero whose subject refers to “I”. For example,

right before “ú!P{�¥á� i” there’s a zero whose subject refers to “I”.

None of the systems got it. This shows a zero anaphora component would be useful

for Chinese-English MT.

Also, “�¥” are two very common characters (meaning “one” and “center”). How-

ever, the word that consists of these two characters means “first high school” (lexical

issue).
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• Sentence 43 (DOC cmn-NG-31-112514-3491242-S1 S1 seg 12)

Source:
Bt/�V��ñ{e<i�Ç·�Ç|ñê Ç�ø�øÇ�gêÇ��

utêB`�Ç~"VåÄK���ª

Reference:
After [they//I] received the notice, my parents were very down. I went out by myself

and kept walking until dark. I found I had come to the riverbank, and thought I might

go and drop a visit to Uncle Baocheng.

Rosetta segmented source:
Bt /�V � �ñ { e< i � , · � Ç |ñ ê   , �ø

�ø , �g ê , �� ut ê B ` � , ~" V åÄ K� �

� ª

Rosetta:
After the receipt of of parents feel very bad, I was one of door walked into the night

and found that a small river, Chen look.

Nightingale:
After the receipt of the notification by parents, I am a person’s mood is very poor,

walk out the door and walked on, the dark, it was discovered that came to the river,

by the way to go to the home to take a look.

Agile:
After receiving the parents, I feel very bad out the door, walked on,, found that came

to the side, and opportunity to at a look.

Analysis:
There are many zeros in the sentence. It might be fixed with good conjunctions

(which are not present in the Chinese sentence either).

3.2.1 Summary of Error Analysis

According to our error analysis, we have observed the following:

• Both Agile and Rosetta frequently drop things in translations, but Rosetta does it

worse, especially dropping names, numbers, other content words, and whole stretches



CHAPTER 3. ERROR ANALYSIS OF CHINESE-ENGLISH MT SYSTEMS 69

towards the end of the sentence.

• Rosetta isn’t doing well at reordering NP internal modification syntax. In Chapter 5

we studied DE classification that can help with this issue.

• Rosetta performs a number of inappropriate reorderings of words in translation (rather

than good syntactically motivated ones).

• Systems have trouble with topicalized constituents in Chinese.

• There are places where filling in pronoun referents for Chinese zero anaphora would

improve systems.

• There are Chinese word segmentation errors which negatively affected translations

and might be fixable. In Chapter 2 we discussed what the important characteristics

for a good segmentation for MT. Many of the observations were from the analysis in

this chapter.

• Agile has a distinctive ability to produce good bits of syntax on the English side

(correctly inserting function words, pleonastic subjects, etc.), but in other respects

can produce quite bad translations that can mess up whole phrases.

• All systems often had problems figuring out “global structure” or in general how the

clauses connect in the long Chinese sentences.

• The quality of the reference sentences is not very good. One obvious example is

the wrong translation of the name ‘P¤y’ to ‘Desmond’. Many of the sentences

we presented are from a discussion of the book Guns, Germs, and Steel: The Fates

of Human Societies by Jared Diamond. Therefore the right translation should be

‘Diamond’, not ‘Desmond’.

Another example is in the reference translation for the last sentence: “drop a visit to”

is non-fluent translation for what should be “drop in on” or just “visit”.

In order to provide a quantitative view of our analysis, I also made a table of how

often each type of error occurs (Table 3.2). Note the number of “dropping content words”
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Error Type Rosetta Nightingale Agile
dropping content words 27 4 11
DE constructions 8 8 6
other Chinese grammatical structures

7 8 7
that cause reordering
zero 5 7 7
non-literal expressions

7 7 7
or confusing lexical items
unnecessary reordering 2 3 1

Table 3.2: Counts of different error types in the translations of Rosetta, Nightingale, and
Agile on the analyzed 24 sentences.

is underestimated for Rosetta. Rosetta tends to drop whole phrases, and when the whole

phrase is dropped it only gets counted once. Since we have the segmentation for the Rosetta

system, I also checked how many content word drops are due to mis-segmentation. Among

the 27 content words dropped, 8 of them are likely due to mis-segmentation. This motivated

me to work on improving the segmentation quality.

In Table 3.2, there are two broad categories “other Chinese grammatical structures that

cause reordering” and “non-literal expressions or confusing lexical items”. Many issues in

the first category are addressed in Chapter 4. In my thesis, I did not attempt to address the

issues of non-literal expressions and confusing lexical items. Work on using word sense

disambiguation techniques to choose better phrases in context (Chan, Ng, and Chiang,

Chan et al.; Carpuat and Wu, 2007) can potentially address this category of errors. The

category “zero” encompasses when the original Chinese sentences lack the information of

a pronoun. This usually occurs in sentences that have several clauses, or when the zero in

Chinese refers to an entity in the previous sentence. Therefore, a zero anaphora component

that uses sentential and discourse information can help this category of errors. In this

thesis I did not address this topic either. The category “unnecessary reordering” shows that

sometimes the correct word order to translate is simply the right order, and sometimes the

MT systems can perform unnecessary reordering that would mess up the correct translation.

Also note that topicalization is not in the table, because it does not occur frequently in

our examples. Even so, whenever topicalization occurs, it is hard for MT systems to get

the word order right. There is one case in Sentence 38 where both Rosetta and Agile failed
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to translate the topicalization structure correctly.

As a result of this error analysis, I decided to first concentrate on improving the word

segmentation quality of the Rosetta system (which is already described in Section 2.3),

and then on two of the other problems prominently impacting MT quality: the translation

of complex noun phrases involving modifications with DE, and the correct grammatical

ordering of phrases when translating from Chinese to English.



Chapter 4

Discriminative Reordering with Chinese
Grammatical Relations Features

4.1 Introduction

We can view the machine translation task as consisting of two subtasks: predicting the col-

lection of words in a translation, and deciding the order of the predicted words. These two

aspects are usually intertwined during the decoding process. Most systems, phrased-based

or syntax-based, score translation hypotheses in their search space with a combination of

reordering scores (like distortion penalty or grammar constraints) and lexical scores (like

language models). There is also work that focuses on one of the subtasks. For example,

Chang and Toutanova (2007) built a discriminative classifier to choose a hypothesis with

the best word ordering under an n-best reranking framework; Zens and Ney (2006), on the

other hand, built a discriminative classifier to classify the orientation of phrases and use it

as a component in a phrase-based system.

Based on the analysis in Chapter 3, we know that structural differences between Chi-

nese and English are a major factor in the difficulty of machine translation from Chinese

to English. The wide variety of such Chinese-English differences include the ordering of

head nouns and relative clauses, and the ordering of prepositional phrases and the heads

they modify. Also, in Chinese the character “{” (DE) occurs very often and has ambigu-

ities when mapping into English, which is why we look further into how to classify DE in

72
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(a) 
(ROOT

  (IP 

    (LCP 

      (QP (CD )

        (CLP (M )))

      (LC ))

    (PU )

    (NP 

      (DP (DT ))

      (NP (NN )))

    (VP 

      (ADVP (AD ))

      (VP (VV )

        (NP 

          (NP 

            (ADJP (JJ ))

            (NP (NN )))

          (NP (NN )))

        (QP (CD )

          (CLP (M )))))

    (PU )))

(b) 
(ROOT

  (IP 

    (NP 

      (DP (DT ))

      (NP (NN )))

    (VP 

      (LCP 

        (QP (CD )

          (CLP (M )))

        (LC ))

      (ADVP (AD ))

      (VP (VV )

        (NP 

          (NP 

            (ADJP (JJ ))

            (NP (NN )))

          (NP (NN )))

        (QP (CD )

          (CLP (M )))))

    (PU )))

 (three) 

 (year) 

 (over; in)  (city)

(complete)

(collectively) (invest) (yuan)

 (these)

(asset)

(fixed)

(12 billion)

loc nsubj advmod dobj range

lobj det nn

nummod
amod

nummod

Figure 4.1: Sentences (a) and (b) have the same meaning, but different phrase structure
parses. Both sentences, however, have the same typed dependencies shown at the bottom
of the figure.

Chapter 5. The error analysis points in the direction that better understanding of the source

language can benefit machine translation.

The machine translation community has spent a considerable amount of effort on using

syntax in machine translation. There has been effort on using syntax on the target language

side such as Galley et al. (2006); the claim being if the system understands the target

language more, it can produce better and more readable output. Previous studies have

also shown that using syntactic structures from the source side can help MT performance

on these constructions. Most of the previous syntactic MT work has used phrase structure

parses in various ways, either by doing syntax directed translation to directly translate parse
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trees into strings in the target language (Huang et al., 2006) , or by using source-side CFG

or dependency parses to preprocess the source sentences (Wang et al., 2007; Xu et al.,

2009).

One intuition for using syntax is to capture different Chinese structures that might have

the same meaning and hence the same translation in English. But it turns out that phrase

structure (and linear order) are not sufficient to capture this meaning relation. Two sen-

tences with the same meaning can have different phrase structures and linear orders. In the

example in Figure 4.1, sentences (a) and (b) have the same meaning, but different linear

orders and different phrase structure parses. The translation of sentence (a) is: “In the past

three years these municipalities have collectively put together investments in fixed assets

in the amount of 12 billion yuan.” In sentence (b), “in the past three years” has moved

its position. The temporal adverbial “®#u” (in the past three years) has different lin-

ear positions in the sentences. The phrase structures are different too: in (a) the LCP is

immediately under IP while in (b) it is under VP.

We propose to use typed dependency parses instead of phrase structure parses. Typed

dependency parses give information about grammatical relations between words, instead of

constituency information. They capture syntactic relations, such as nsubj (nominal subject)

and dobj (direct object) , but can also encode semantic information such as in the loc

(localizer) relation. For the example in Figure 4.1, if we look at the sentence structure from

the typed dependency parse (bottom of Figure 4.1), “® # u” is connected to the main

verbqÄ (finish) by a loc (localizer) relation, and the structure is the same for sentences

(a) and (b). This suggests that this kind of semantic and syntactic representation could have

more benefit than phrase structure parses for MT.

Our Chinese typed dependencies are automatically extracted from phrase structure

parses. In English, this kind of typed dependencies has been introduced by de Marneffe

et al. (2006) and de Marneffe and Manning (2008). Using typed dependencies, it is easier

to read out relations between words, and thus the typed dependencies have been used in

meaning extraction tasks.

In this chapter, I use typed dependency parses on the source (Chinese) side to help find

better word orders in Chinese-English machine translation. The approach is quite similar

to work done at the same time as our work at Google and published as Xu et al. (2009).
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Our work differs in using a much richer set of dependencies, such as differentiating dif-

ferent kinds of nominal modification. I hope that this extra detail is helpful in MT, but

I have not had a chance to compare the performance of the two dependency representa-

tions. This work is also quite similar to the work at Microsoft Research (Quirk et al., 2005)

because we are also using dependency parses instead of constituency parses. We are dif-

ferent from (Quirk et al., 2005) because they used unnamed dependencies, but we focus

on Chinese typed dependencies (Section 4.3), which are designed to represent the gram-

matical relations between words in Chinese sentences. Also, our decoding framework is

different. Instead of building a different decoding framework like the treelet decoder in

Quirk et al. (2005), we design features over the Chinese typed dependencies and use them

in a phrase-based MT system when deciding whether one chunk of Chinese words (MT

system statistical phrase) should appear before or after another. To achieve this, we train

a discriminative phrase orientation classifier following the work by Zens and Ney (2006),

and we use the grammatical relations between words as extra features to build the classifier.

We then apply the phrase orientation classifier as a feature in a phrase-based MT system

to help reordering. We get significant BLEU point gains on three test sets: MT02 (+0.59),

MT03 (+1.00) and MT05 (+0.77).1.

4.2 Discriminative Reordering Model

Basic reordering models in phrase-based systems use linear distance as the cost for phrase

movements (Koehn et al., 2003). The disadvantage of these models is their insensitivity

to the content and grammatical role of the words or phrases. More recent work (Tillman,

2004; Och et al., 2004; Koehn et al., 2007) has introduced lexicalized reordering models

which estimate reordering probabilities conditioned on the actual phrases. Lexicalized

reordering models have brought significant gains over the baseline reordering models, but

one concern is that data sparseness can make estimation less reliable. Zens and Ney (2006)

proposed a discriminatively trained phrase orientation model and evaluated its performance

as a classifier and when plugged into a phrase-based MT system. Their framework allows

us to easily add in extra features. Therefore, we use it as a testbed to see if we can effectively

1This work was first published in (Chang et al., 2009)



CHAPTER 4. DISCRIMINATIVE REORDERING WITH CHINESE GR FEATURES76

use features from Chinese typed dependency structures to help reordering in MT.

4.2.1 Phrase Orientation Classifier

We build up the target language (English) translation from left to right. The phrase ori-

entation classifier predicts the start position of the next phrase in the source sentence. In

our work, we use the simplest class definition where we group the start positions into two

classes: one class for a position to the left of the previous phrase (reversed) and one for a

position to the right (ordered).

Let c j, j′ be the class denoting the movement from source position j to source position

j′ of the next phrase. The definition is:

c j, j′ =

{
reversed if j′ < j

ordered if j′ > j

The phrase orientation classifier model is in the log-linear form:

p
λ N

1
(c j, j′| f J

1 ,eI
1, i, j) =

exp
(

∑
N
n=1 λnhn( f J

1 ,eI
1, i, j,c j, j′)

)
∑c′ exp

(
∑

N
n=1 λnhn( f J

1 ,eI
1, i, j,c′)

)
i is the target position of the current phrase, and f J

1 and eI
1 denote the source and target

sentences respectively. c′ represents the two possible categories of c j, j′ .

We can train this log-linear model on lots of labeled examples extracted from all of the

aligned MT training data. Figure 4.2 is an example of an aligned sentence pair and the

labeled examples that can be extracted from it. Also, unlike conventional MERT training,

we can extract a large number of binary features for the discriminative phrase orientation

classifier. The experimental setting will be described in Section 4.4.1.

The basic feature functions we use are similar to what Zens and Ney (2006) used in

their MT experiments. The basic binary features are source words within a window of size

3 (d ∈ −1,0,1) around the current source position j, and target words within a window of

size 3 around the current target position i. In the classifier experiments in Zens and Ney

(2006), they also use word classes to introduce generalization capabilities. However, in

the MT setting it’s harder to incorporate part-of-speech information on the target language.
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(21) </s>

(20) .

(19) world

(18) outside

(17) the

(16) to

(15) up

(14) opening

(13) of

(12) policy

(11) 's

(10) China

(9) from

(8) arising

(7) star

(6) bright

(5) a

(4) become

(3) already

(2) has

(1) Beihai

(0) <s>

(15)

</s>

(14)(13)(12)(11)(10)(9)(8)(7)(6)(5)(4)(3)(2)(1)(0)

<s>

ordered151420

ordered14618

ordered6516

reversed5715

reversed7810

reversed8109

ordered1098

reversed9137

ordered13126

ordered12115

ordered1134

ordered323

ordered211

ordered100

classj'ji

i
j

Figure 4.2: An illustration of an alignment grid between a Chinese sentence and its English
translation along with the labeled examples for the phrase orientation classifier. Note that
the alignment grid in this example is automatically generated.

Zens and Ney (2006) therefore exclude word class information in the MT experiments.

In our work we will simply use the word features as basic features for the classification

experiments as well. As a concrete example, we look at the labeled example (i = 4, j =

3, j′ = 11) in Figure 4.2. We include the word features in a window of size 3 around j and

i as in (Zens and Ney, 2006). However, we also include words around j′ as features. So we

will have nine word features for (i = 4, j = 3, j′ = 11):

Src−1:. Src0:Ä� Src1:¥)

Src2−1:{ Src20:� Src21:(

Tgt−1:already Tgt0:become Tgt1:a
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4.2.2 Path Features Using Typed Dependencies

After parsing a Chinese sentence and extracting its grammatical relations, we design fea-

tures using the grammatical relations. To predict the ordering of two words, we use the

path between the two words annotated by the grammatical relations. Using this feature

helps the model learn about what the relation is between the two chunks of Chinese words.

The feature is defined as follows: for two words at positions p and q in the Chinese sen-

tence (p < q), we find the shortest (undirected) path in the typed dependency parse from p

to q, concatenate all the relations on the path and use that as a feature.

A concrete example is the sentence in Figure 4.3, where the alignment grid and labeled

examples are shown in Figure 4.2. The glosses of the Chinese words in the sentence are in

Figure 4.3, and the English translation is “Beihai has already become a bright star arising

from China’s policy of opening up to the outside world.” which is also listed in Figure 4.2.

For the labeled example (i = 4, j = 3, j′ = 11), we look at the typed dependency parse

to find the path feature between Ä� and �. The relevant dependencies are: dobj(Ä

�,Òh), clf (Òh,() and nummod((,�). Therefore the path feature is PATH:dobjR-

clfR-nummodR. We also use the directionality: we add an R to the dependency name if it’s

going against the direction of the arrow. We also found that if we include features of both

directions like dobj and dobjR, these features got incorrectly over-trained, because these

features implicitly encode the information of the order of Chinese words. Therefore, we

normalized features by only picking one direction. For example, both features prep-dobjR

and prepR-dobj are normalized into the same feature prep-dobjR. In other words, if the first

relation was reversed, we flip the direction of every relation in the path to normalize the

feature. By doing this, the features no longer leak information of the correct class in the

training phase, and should be more accurate when used to predict the ordering in the testing

phase. So in the case above, the feature will be normalized as PATH:dobj-clf-nummod.
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nsubj nsubj
pobj lccomp loc rcmod

dobj

clfnummod
advmod

Beihai already become China to outside open during rising (DE) one measure

word

bright

star

.

prep cpm

punct

Figure 4.3: A Chinese example sentence labeled with typed dependencies

4.3 Chinese Grammatical Relations

The Chinese typed dependencies are automatically extracted from phrase structure parses.

Dependencies and phrase structures (constituency parses) are two different ways of rep-

resenting sentence structures. A phrase structure is a tree representation of multi-word

constituents, where the words are the leaves, and all the other nodes in the tree are either

part-of-speech tags or phrasal tags. A dependency parse represents dependency between

individual words, and therefore every node in the dependency tree or graph is a word in the

sentence. A typed dependency parse has additional labels on each dependency between two

words that indicate the grammatical relations, such as subject or direct object. Our Chinese

typed grammatical relations closely follow the design principles of the English Stanford

typed dependencies (SD) representation (de Marneffe et al., 2006; de Marneffe and Man-

ning, 2008). The goals in designing the Stanford typed dependencies are mostly practical.

The hope is to make it easier to apply syntactic structure to all kinds of meaning extraction

applications. It is easier to understand because all relationships in a sentence are uniformly

described as typed dependencies between pairs of words. We follow the practically oriented

design principles of the SD representation to design the Stanford Chinese dependencies. In

addition, the Stanford Chinese dependencies try to map the existing English grammatical

relations to corresponding Chinese relations as much as possible. The motivation is that

multiple languages should be able to convey the same meaning, therefore the meaning rep-

resentation should be as similar as possible. This also could help cross-lingual applications

such as machine translation. There are also some Chinese specific grammatical relations

that could not be directly mapped, but could also be useful for applications such as trans-

lation. Figure 4.3 is an example Chinese sentence with the typed dependencies between
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words. It is straightforward even for a non-linguist to read out relations such as “the nomi-

nal subject of become is Beihai” from the representation.

I will provide descriptions for all 44 Chinese grammatical relations we designed, com-

pare them to the English counterparts, and also give empirical numbers of how often each

grammatical relation occurs in Chinese sentences.

4.3.1 Description

There are 44 named grammatical relations, and a default 45th relation dep (dependent). If

a dependency matches no patterns, it will have the most generic relation dep. The depen-

dencies are bi-lexical relations, where a grammatical relation holds between two words:

a governor and a dependent. The descriptions of the 44 grammatical relations are listed

in alphabetical order. We also get the frequencies of the grammatical relations from files

1–325 in CTB6, and we list the grammatical relations ordered by their frequencies in Table

4.1. The total number of dependencies is 85748, and other than the ones that fall into the

44 grammatical relations, there are also 7470 dependencies (8.71% of all dependencies)

that do not match any patterns, and therefore keep the generic name dep.

1. advmod: adverbial modifier
An adverbial modifier of a word is an ADVP that serves to modify the meaning of

the word.

Chinese: �� \  � �Þ YJ ��u ©G

Gloss: relevant department first send these regulatory document

Translation: first the appropriate bureau delivers these regulatory documents

Example dep: advmod(�Þ,�)

2. amod: adjectival modifier
An adjectival modifier of an NP is any adjectival phrase that serves to modify the

meaning of an NP, CLP or QP.

Chinese: J-� ÓÇ

Gloss: trans-century engineering

Translation: a century-spanning undertaking

Example dep: amod(ÓÇ,J-�)
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3. asp: aspect marker
An aspect marker indicates aspect of a verb. The aspect markers have the part-of-

speech tag AS, which includes onlyê,ø,,, and{.

Chinese: �¾ ê �Í *~

Gloss: develop (LE) significant role

Translation: have played a prominent role

Example dep: asp(�¾,ê)

ê (pronounced: LE) is an aspect marker to indicate past tense.

4. assm: associative marker
The part-of-speech tag DEG in Chinese Treebank is a genitive marker or an associa-

tive marker. The word with the POS tag DEG ({ or�) is the associative marker.

Chinese: ËÀ � { �� �q

Gloss: Pudong development DE orderly process

Translation: the orderly advancement of Pudong’s development

Example dep: assm(�,{)

5. assmod: associative modifier
The part-of-speech tag DEG in Chinese Treebank is a genitive marker or an associa-

tive marker. The noun in the phrase with DEG that is used to modify the following

phrase, is called the associative modifier.

Chinese: è� { Û¬

Gloss: enterprise DE commodities

Translation: the commodities of the enterprise

Example dep: assmod(Û¬,è�)

6. attr: attributive
The words4 (be) and� (be) are tagged as VC, which means copula verbs. When

it’s used to link two NPs, the second noun and the VC has an attributive relation.
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Chinese: Ü � �4� � �º7 �Ã

Gloss: two shore volume of trade be twenty billion USD

Translation: the volume of trade between mainland and Taiwan was

20 billion dollars

Example dep: attr(�,�Ã)

7. ba: “ba” construction
The ba-construction is one of the most widely discussed topics in Chinese linguistics;

it does not have a real equivalent in English. In the literature, the word “²/BA” in

the ba-construction has been argued to be a case marker, a secondary topic marker,

a preposition, a verb, and so on (Bender, 2000). In the Penn Chinese Treebank, a

unique POS tag BA is used.

Chinese: ² Õ?Å Ý5 ÙÆ cl =�

Gloss: BA attention shift other emerging market

Translation: turn their attention to other, newly rising markets

Example dep: ba(Ý5,²)

8. cc: coordinating conjunction
A coordinating conjunction is the relation between an element and a conjunction.

Chinese: åV ÷÷ Z Ó� Æaî

Gloss: machine equipment and industry raw materials

Translation: machine equipment and industrial raw materials

Example dep: cc(Æaî,Z)

9. ccomp: clausal complement
In Chinese, clause linkage is not as clear as in English. Therefore the clausal com-

plement is harder to identify. There are more typical cases like:

Chinese: Uq û½ � ó �ý Rz f~ µÿ

Gloss: bank decide first in Japan obtain credit rating

Translation: the bank decided to obtain a credit rating in Japan first

Example dep: ccomp(û½,Rz)

10. clf : classifier modifier
A classifier modifier is a relation between the classifier (measure word) and the noun
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phrase that it modifies.

Chinese: Ô�� G ��u ©G

Gloss: 71 pieces (measure word) regulatory documents

Translation: 71 regulatory documents

Example dep: clf(©G,G)

11. comod: coordinated verb compound modifier
A coordinate verb compound modifier is the relation between verbs under the phrasal

tag VCD, which means coordinated verb compound.

Chinese (bracketed): (VCD (VVÅY) (VV"q))

Gloss: promulgate implement

Example dep: comod(ÅY,"q)

12. conj: conjunct (links two conjuncts)
Conjunct is a relation that links two conjuncts in a coordination structure.

Chinese: åV ÷÷ Z Ó� Æaî

Gloss: machine equipment and industry raw materials

Translation: machine equipment and industrial raw materials

Example dep: conj(Æaî,÷÷)

13. cop: copular
A copular (with a POS tag VC) has a cop relation with the main verb it’s modifying.

Chinese: Æ 4 �É�� { ²�

Gloss: originally is self-sufficient (DE) economy

Translation: the economy originally was self-sufficient

Example dep: cop(�É��,4)

14. cpm: complementizer
Words with the POS tag DEC, usually{ (DE), has a complementizer relation with

the head word in the phrase in the CP.

Chinese: � ËÀ { ²� ÙÄ

Gloss: develop Pudong (DE) economy activity

Translation: an economic activity in developing Pudong

Example dep: cpm(�,{)
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15. det: determiner
A determiner (POS tag DT) has a determiner relation with the word it modifies.

Chinese: YJ ²� ÙÄ

Gloss: these economy activity

Translation: these economic activities

Example dep: det(ÙÄ,YJ)

16. dobj: direct object
The direct object of a transitive verb is its accusative object.

Chinese: ËÀ ÅY ê Ô�� G ©G

Gloss: Pudong promulgate (LE) 71 piece documents

Translation: Pudong has promulgated 71 documents

Example dep: dobj(ÅY,©G)

G can be translated as “piece”, but it is a measure word in Chinese to count docu-

ments.

17. dvpm: manner DE(���) modifier
According to Xia (2000), the part-of-speech tag DEV is a manner DE. This only

includes� when it occurs in “XP� VP”, where XP modifies the VP. In some old

literature, { is also used in this pattern so will also be tagged as DEV. The dvpm

relation is between the�/DEV or{/DEV and the word in XP it modifies.

Chinese: �H � 3� ê iÎ ��

Gloss: effective (DEV) prevent (LE) foreign exchange loss

Translation: effectively preventing the outflow and loss of foreign exchange

Example dep: dvpm(�H,�)

18. dvpmod: a “XP+DEV(���)” phrase that modifies VP
The dvpmod relation is between a DVP2 and the phrase it modifies.

In the same example as in dvpm, there is a dvpmod relation:

Example dep: dvpmod(3�,�H)

2phrase formed by “XP + DEV”
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19. etc: etc modifier
The part-of-speech tag ETC in Chinese is used for the word� and��.

Chinese: )� � ©s � �

Gloss: science and technology , culture and education etc area

Translation: areas such as science and technology, culture and education, etc

Example dep: etc(©s,�)

20. lccomp: clausal complement of a localizer
In a localizer phrase (LCP), the localizer has a clausal complement. The relation

between the localizer and the clausal complement is lccomp.

Chinese: ¥) é i 8 ¥ �å { Òh

Gloss: China towards outside open amidst rising DE
bright

star

Translation: a bright star arising from China’s policy of opening up to

the outside world

Example dep: lccomp(¥,8)

21. loc: localizer
The localizer relation is between the localizer and the VP or IP it modifies.

(VP (VV 3)

(LCP

(QP (CD ÊÄ))

(LC 1Þ)))

Example dep: loc(3,1Þ)

Here is another example where the LCP comes before the VP:
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(VP

(LCP

(NP (NN ²�) (NN \*K))

(LC �))

(ADVP (AD .))

(VP

(VP (VV �)

(QP (CD �����)

(CLP (M ²0Ú°))))))

Example dep: loc(�,�)

22. lobj: localizer object
Localizer object of a localizer is the main noun in the LCP before LC.

(LCP

(NP (NT £#))

(LC u))

Example dep: lobj(u,£#)

23. mmod: modal verb modifier
A modal verb modifier is when a VP contains a VV followed by a VP. We call the

first VV a modal verb modifier of the second VP.

(IP

(NP (NN ¼C))

(VP (VV �)

(VP (VV zt)

(NP (NN âF)))))

Example dep: mmod(zt,�)

24. neg: negative modifier
When a verb has a negative modifier, its meaning is negated. The negative modifier

is the characterX/AD in Chinese, which means “no” in English.
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Chinese: 1� X � ±t ,

Gloss: past no already encounter (aspect marker for the past)

Translation: have not been encountered before

Example dep: neg(±t,X)

25. nn: noun compound modifier
In a NP with multiple nouns, the head is the last noun and every previous noun is a

noun compound modifier of it.

Chinese: �¬ fé qÖ ¥e

Gloss: drug procurement service center

Translation: drug purchase service center

Example dep: nn(¥e,�¬), nn(¥e,fé), nn(¥e,qÖ)

26. nsubjpass: nominal passive subject
The nominal passive subject is a subject of a passive clause. The passive marker in

Chinese isú/SB.

Chinese: 1 ú Á* �S Ó� { �	£

Gloss: Nickel (SB) called modern industry (DE) vitamin

Translation: Nickel is called the vitamin of modern industry

Example dep: nsubjpass(Á*,1)

27. nsubj: nominal subject
A nominal subject is a noun phrase which is the syntactic subject of a clause.

Chinese: �� �

Gloss: plum flowers bloom

Translation: The plum flowers bloom.

Example dep: nsubj(�,��)

28. nummod: number modifier
A number modifier is a relation between a number and the noun it modifies.

Chinese: ËÀ ÅY ê Ô�� G ©G

Gloss: Pudong promulgate (LE) 71 piece documents

Translation: Pudong has promulgated 71 documents

Example dep: nummod(G,Ô��)
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29. ordmod: ordinal number modifier
An ordinal number modifier is a relation between an ordinal number and the noun it

modifies.

Chinese: �Ô Ç 0� åè

Gloss: 7th (measure word) customs organization

Translation: the seventh customs organization

Example dep: ordmod(Ç,�Ô)

30. pass: passive marker
When the verb has a passive marker (ú, part-of-speech tags SB or LB) modifying it,

there is a passive marker relation between them.

Chinese: ú �½ � ° �b ��

Gloss: (SB) consider as high technology industry

Translation: have been identified as high level technology enterprises

Example dep: pass(�½,ú)

31. pccomp: clausal complement of a preposition
A clausal complement of a preposition is a relation between a clausal complement

and the preposition that introduces it. For example,

(PP (P O�)

(IP

(VP

(VP

(ADVP (AD �))

(VP (VV ))))

(VP

(ADVP (AD Ò))

(ADVP (AD �v))

(VP (VA �))))))))

Example dep: pccomp(O�,))

32. plmod: localizer modifier of a preposition
When a preposition comes in front of an LCP, there exists a relation of the localizer
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modifying the preposition.

(PP (P ó)

(LCP

(NP

(DP (DT Y)

(CLP (M ¡)))

(NP (NN yH)))

(LC Þ)))

Example dep: plmod(ó,Þ)

33. pobj: prepositional object
The prepositional object of a preposition is the noun that is its object.

(PP (P Êâ)

(NP

(DNP

(NP

(NP (NN )�))

(CC Z)

(NP (NR Þ0=)))

(DEG {))

(ADJP (JJ ��))

(NP (NN �½))))

Example dep: pobj(Êâ,�½)

34. prep: prepositional modifier
A prepositional modifier of an NP or a VP is any prepositional phrase that modifies

the meaning of it.
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(IP

(VP

(PP (P ó)

(LCP

(NP (NN "B))

(LC ¥)))

(ADVP (AD ÅZ))

(VP (VV qÕ))))

Translation: awaiting step-by-step completion as they are put into practice

Example dep: prep(qÕ,ó)

35. prnmod: parenthetical modifier
When parentheses appear, the phrase inside the parentheses is a parenthetical modi-

fier of the noun phrase it modifies.

Chinese: ¬Ê Ï- Ã �ÊÊË# – �ÊÊÊ# Ä

Gloss:
eighty five-

period ( 1990 – 1995 )
year plan

Translation: “eighty five-year plan” period (1990 – 1995))

Example dep: prnmod(Ï-,�ÊÊÊ#)

36. prtmod: particles such asÄÄÄ,111,uuu,
The particle verb relation is between a particle (part-of-speech tag MSP) and the verb

it modifies.

Chinese: ó ��� Ä Rz { ÄÒ

Gloss: at industrialization (MSP) obtain (DE) achievement

Translation: the achievements we have made in industrialization

Example dep: prtmod(Rz,Ä)

37. punct: punctuation
This is used for any piece of punctuation in a clause, if punctuation is being retained

in the typed dependencies.
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Chinese: :� ,Ò Ç �ñ= Å Þ� � 3

Gloss: statistics show , import show rising trend
and export

Translation: The statistics showed that the import and export is on the rise.

Example dep: punct(,Ò,Ç)

38. range: dative object that is a quantifier phrase
Range is the indirect object of a VP that is the quantifier phrase which is the (dative)

object of the verb.

Chinese: Äb �¬ �7õ Ã

Gloss: conclude a transaction drugs more than 100 million yuan

Translation: concluded translations for drugs of over 100 million yuan

Example dep: range(Äb,Ã)

39. rcmod: relative clause modifier
The relative modifier is the CP that modifies an NP.

(NP

(CP

(IP

(VP

(ADVP (AD X))

(ADVP (AD �))

(VP (VV ±t) (AS ,))))

(DEC {))

(NP

(NP (NN <Y))))

Translation: situations that have not been encountered

Example dep: rcmod(<Y,±t)

40. rcomp: resultative complement
In the Penn Chinese Treebank, the phrasal category VRD is the verb-resultative and

verb-directional compounds, where there are two distinctive constituents with the
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second constituent indicating the direction result of the first constituent. The second

verb is a resultative complement of the first one.

(VP

(VRD (VV ÏÄ) (VA ÄÕ)))

Example dep: rcomp(ÏÄ,ÄÕ)

41. tmod: temporal modifier
Temporal modifier is a temporal noun and the VP it modifies.

(IP

(VP

(NP (NT 1�))

(ADVP (AD X))

(ADVP (AD �))

(VP (VV ±t) (AS ,))))

Example dep: tmod(±t,1�)

42. top: topic
When the verb is a VC (copula) or a VE (�, similar to “there is” in English) the

subject is the “topic” of the verb.
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(IP

(NP (NN OÓ))

(VP (VC 4)

(NP

(CP

(IP

(VP (VV �)

(NP (NR ËÀ))))

(DEC {))

(QP (CD �)

(CLP (M 1)))

(ADJP (JJ Ì�))

(NP (NN ²�) (NN ÙÄ)))))

Example dep: top(4,OÓ)

43. vmod: verb modifier
When a NP has an embedded IP modifier, the main verb of the IP is a verb modifier

of the NP.

(NP

(NP (PN Ù))

(DNP

(PP (P ó)

(NP

(IP

(VP (VV |Ñ)

(NP (NN iÛ) (NN =ý) (NN è�))))

(NP (NN 0Á))))

(DEG {))

(NP (NN ÌQw) (NN *~)))

Example dep: vmod(0Á,|Ñ)

44. xsubj: controlling subject



CHAPTER 4. DISCRIMINATIVE REORDERING WITH CHINESE GR FEATURES94

The controlling subject of a verb is the external subject.

Chinese: Uq û½ � ó �ý Rz f~ µÿ

Gloss: bank decide first in Japan obtain credit rating

Translation: the bank decided to obtain a credit rating in Japan first

Example dep: xsubj(Rz,Uq)

4.3.2 Chinese Specific Structures

Although we designed the typed dependencies to show structures that exist both in Chinese

and English, there are many other syntactic structures that only exist in Chinese. The

typed dependencies we designed also cover those Chinese specific structures. For example,

the usage of “{” (DE) is one thing that could lead to different English translations. In

the Chinese typed dependencies, there are relations such as cpm (DE as complementizer)

or assm (DE as associative marker) that are used to mark these different structures. The

Chinese-specific “²” (BA) construction also has a relation ba dedicated to it.

The typed dependencies annotate these Chinese specific relations, but do not directly

provide a mapping onto how they are translated into English. Applying the typed depen-

dencies as features in the phrase orientation classifier makes the effect of the reordering

from Chinese to English more obvious. This will be further discussed in Section 4.4.4.

4.3.3 Comparison with English Typed Dependencies

To compare the distribution of Chinese typed dependencies with English, we extracted

the English typed dependencies from the translation of files 1–325 in the English Chinese

Translation Treebank 1.0 (LDC2007T02), which correspond to files 1–325 in CTB6. The

English typed dependencies are extracted using the Stanford Parser.

There are 116,799 total English dependencies, and 85,748 Chinese ones. On the corpus

we use, there are 44 distinct dependency types (not including dep) in Chinese, and 50 in

English. The coverage of named relations is 91.29% in Chinese and 90.48% in English;

the remainder are the unnamed relation dep. We looked at the 18 shared relations between

Chinese and English in Table 4.2. Chinese has more nn, punct, nsubj, rcmod, dobj, advmod,

conj, nummod, attr, tmod, and ccomp while English uses more pobj, det, prep, amod, cc,
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cop, and xsubj, due mainly to grammatical differences between Chinese and English. For

example, some determiners in English (e.g., “the” in (1b)) are not mandatory in Chinese:

(1a)�ñ=/import and export��/total value

(1b) The total value of imports and exports

In another difference, English uses adjectives (amod) to modify a noun (“financial” in (2b))

where Chinese can use noun compounds (“��/finance” in (2a)).

(2a)Üu/Tibet��/finance��/system�À/reform

(2b) the reform in Tibet ’s financial system

We also noticed some larger differences between the English and Chinese typed depen-

dency distributions. We looked at specific examples and provide the following explana-

tions.

prep and pobj English has many more uses of prep and pobj. We examined the data and

found three major reasons:

1. Chinese uses both prepositions and postpositions while English only has preposi-

tions. “After” is used as a postposition in Chinese example (3a), but a preposition in

English (3b):

(3a)ÊÔ/1997�À/after

(3b) after 1997

2. Chinese uses noun phrases in some cases where English uses prepositions. For exam-

ple, “�-” (period, or during) is used as a noun phrase in (4a), but it’s a preposition

in English.

(4a)ÊÔ/1997t/toÊ¬/1998�- /period

(4b) during 1997-1998

3. Chinese can use noun phrase modification in situations where English uses preposi-

tions. In example (5a), Chinese does not use any prepositions between “apple com-

pany” and “new product”, but English requires use of either “of” or “from”.

(5a)°*Ú�/apple companyc�¬/new product

(5b) the new product of (or from) Apple

The Chinese DE constructions are also often translated into prepositions in English.
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cc and punct The Chinese sentences contain more punctuation (punct) while the English

translation has more conjunctions (cc), because English uses conjunctions to link clauses

(“and” in (6b)) while Chinese tends to use only punctuation (“,” in (6a)).

(6a) YJ/theseÂ=/cityöÌ/social²�/economic�0/development·¤/rapidÇ

�0/local²�/economic"Å/strengthÒ�/clearly��/enhance

(6b) In these municipalities the social and economic development has been rapid,

and the local economic strength has clearly been enhanced

rcmod and ccomp There are more rcmod and ccomp in the Chinese sentences and fewer

in the English translation, because of the following reasons:

1. Some English adjectives act as verbs in Chinese. For example, c (new) is an ad-

jectival predicate in Chinese and the relation betweenc (new) and�Ý (system) is

rcmod. But “new” is an adjective in English and the English relation between “new”

and “system” is amod. This difference contributes to more rcmod in Chinese.

(7a)c/new{/(DE)X=/verify and write off

(7b) a new sales verification system

2. Chinese has two special verbs (VC):4 (SHI) and� (WEI) which English doesn’t

use. For example, there is an additional relation, ccomp, between the verb4/(SHI)

and\�/reduce in (8a). The relation is not necessary in English, since4/SHI is not

translated.

(8a) �/second4/(SHI)�ÊÊ�#/1996

¥)/ChinaLlÝ/substantially

\�/reduce�{/tariff

(8b) Second, China reduced tax substantially in 1996.

conj There are more conj in Chinese than in English for three major reasons. First, some-

times one complete Chinese sentence is translated into several English sentences. Our conj

is defined for two grammatical roles occurring in the same sentence, and therefore, when a

sentence breaks into multiple ones, the original relation does not apply. Second, we define
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the two grammatical roles linked by the conj relation to be in the same word class. How-

ever, words which are in the same word class in Chinese may not be in the same word class

in English. For example, adjective predicates act as verbs in Chinese, but as adjectives in

English. Third, certain constructions with two verbs are described differently between the

two languages: verb pairs are described as coordinations in a serial verb construction in

Chinese, but as the second verb being the complement of the first verb in English.

4.4 Experimental Results

4.4.1 Experimental Setting

We use various Chinese-English parallel corpora, including LDC2002E18, LDC2003E07,

LDC2003E14, LDC2005E83, LDC2005T06, LDC2006E26, LDC2006E85, LDC2002L27

and LDC2005T34, for both training the phrase orientation classifier and for extracting sta-

tistical phrases for the phrase-based MT system. The parallel data contain 1,560,071 sen-

tence pairs from various parallel corpora. There are 12,259,997 words on the English

side. Chinese word segmentation is done by the Stanford Chinese segmenter (Chang et al.,

2008). After segmentation, there are 11,061,792 words on the Chinese side. The word

alignment is done by the Berkeley word aligner (Liang et al., 2006) and then symmetrized

using the grow-diag heuristic.

For the phrase orientation classifier experiments, we extracted labeled examples using

the parallel data and the alignment as in Figure 4.2. We extracted 9,194,193 total valid

examples: 86.09% of them are ordered and the other 13.91% are reversed. To evaluate

the classifier performance, we split these examples into training, dev and test set (8 : 1 : 1).

The phrase orientation classifier used in MT experiments is trained with all of the available

labeled examples. In order to train dependency features, we parsed all Chinese side of the

parallel data with the Chinese version of the Stanford parser (Levy and Manning, 2003)

and automatically converted the result to dependencies.

Our MT experiments use a re-implementation of Moses (Koehn et al., 2003) called

Phrasal, which provides an easier API for adding features. We use a 5-gram language

model trained on the Xinhua and AFP sections of the Gigaword corpus (LDC2007T40)
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and also the English side of all the LDC parallel data permissible under the NIST08 rules.

Documents of Gigaword released during the epochs of MT02, MT03, MT05, and MT06

were removed. For features in MT experiments, we incorporate Moses’s standard eight fea-

tures as well as the lexicalized reordering features. To have a more comparable setting with

(Zens and Ney, 2006), we also have a baseline experiment with only the standard eight fea-

tures. Parameter tuning is done with Minimum Error Rate Training (MERT) (Och, 2003).

The tuning set for MERT is the NIST MT06 data set, which includes 1664 sentences. We

evaluate the result with MT02 (878 sentences), MT03 (919 sentences), and MT05 (1082

sentences).

4.4.2 Phrase Orientation Classification Experiments

The basic source word features described in Section 4.2 are referred to as Src and the target

word features as Tgt. The feature set that Zens and Ney (2006) used in their MT experi-

ments is Src+Tgt. In addition to that, we also experimented with source word features Src2

which are similar to Src, but take a window of 3 around j′ instead of j. In Table 4.3 we

can see that adding the Src2 features increased the total number of features by almost 50%,

but also improved the performance. The PATH features add fewer total number of features

than the lexical features, but still provide a 10% error reduction and 1.63 on the macro-F1

on the dev set. We use the best feature set from the feature engineering in Table 4.3 and test

it on the test set. We get 96.38% accuracy and 92.10 macro-F1. The overall improvement

of accuracy over the baseline is 10.09 absolute points.

4.4.3 MT Experiments

In the MT setting, we use the log probability from the phrase orientation classifier as

an extra feature. For phrases that are in “ordered” orientation, we used the score from

logP(ordered|phrases), and for those in “reversed” orientation, we used the score from

logP(reversed|phrases). The weight of this discriminative reordering feature is also tuned

by MERT, along with other Moses features. In order to understand how much the PATH

features add value to the MT experiments, we trained two phrase orientation classifiers

with different features: one with the Src+Src2+Tgt feature set, and the other one with
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det

every level product

nn

products of all level

whole city this year industry total output value

det nn

gross industrial output value of the whole city this year

Figure 4.4: Two examples for the feature PATH:det-nn and how the reordering occurs.

Src+Src2+Tgt+PATH. The results are listed in Table 4.4. We compared to two different

baselines: one is Moses9Feats which has a distance-based reordering model, the other is

Baseline, which also includes lexicalized reordering features. From the table we can see

that using the discriminative reordering model with PATH features gives significant im-

provement over both baselines. If we use the discriminative reordering model without

PATH features and only with word features, we still get improvement over the Moses9Feats

baseline, but the MT performance is not significantly different from Baseline, which uses

lexicalized reordering features. We think the reason is that the discriminative reordering

model with only the lexical features is not getting much more information than the lexical-

ized models in Baseline, since they are both only using lexical information. Once that PATH

features were added in, the discriminative model became more powerful and was able to

outperform Baseline. From Table 4.4 we see that using the Src+Src2+Tgt+PATH features

significantly outperforms both baselines. Also, if we compare between Src+Src2+Tgt and

Src+Src2+Tgt+PATH, the differences are also statistically significant, which shows the ef-

fectiveness of the path features.
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4.4.4 Analysis: Highly-weighted Features in the Phrase Orientation
Model

There are many features in the log-linear phrase orientation model. We looked at some

highly-weighted PATH features to understand what kinds of grammatical constructions

were informative for phrase orientation. We found that many path features corresponded

to our intuitions. For example, the feature PATH:prep-dobjR has a high weight for being

reversed. This feature informs the model that in Chinese a PP usually appears before VP,

but in English they should be reversed. Other features with high weights include features

related to the DE construction that is more likely to translate to a relative clause, such as

PATH:advmod-rcmod and PATH:rcmod. They also indicate that the phrases are more likely

to be chosen in reversed order. Another frequent pattern that has not been emphasized in

the previous literature is PATH:det-nn, meaning that a [DT NP1NP2] in Chinese is trans-

lated into English as [NP2 DT NP1]. Examples with this feature are in Figure 4.4. We can

see that the important features decided by the phrase orientation model are also important

from a linguistic perspective.

4.4.5 Analysis: MT Output Sentences

In addition to the examples in Section 4.4.4 that showed how specific PATH features helped

the MT quality, we also took some examples from one of our test sets (MT02) to show ex-

amples of full sentences that were improved or worsened by the discriminative reordering

models with PATH features. In the following examples, “Baseline system output” refers

to the “Baseline (Moses with lexicalized reordering)” column in Table 4.4, and “Improved

system output” refers to the “Baseline+DiscrimRereorderWithPATH” column. The ref-

erence sentence is one of the four references provided by NIST evaluation. All the MT

system outputs and the reference here are uncased.

The first example is the following sentence:

Source:
¿á�s|Ü¤#)3��� ,�){q�4é¿�u{/è�õ ,

4é¿)�ÕÁ{�S�



CHAPTER 4. DISCRIMINATIVE REORDERING WITH CHINESE GR FEATURES101

Reference:
leader of the ukrainian communist party symonenko said on the same day that the

us act was brazen interference in ukraine ’s internal affairs and a threat to ukraine ’s

independence .

Baseline system output:
the ukrainian leader petr simonenko said on the same day , ukraine , the united states

is a brutal interference in the internal affairs of an independent state is a threat .

Improved system output:
the ukrainian leader petr simonenko said on the same day , the united states is a

brutal interference in the internal affairs of ukraine is a threat to the independence of

ukraine .

In this example, the two DE constructions “é¿�u{/è�õ” (a brutal interference

in the internal affairs of ukraine) and “é ¿ ) � ÕÁ { �S” (a threat to the inde-

pendence of ukraine) were both is captured in the improved system, but not in the baseline

system. However, none of the systems captured how the last clause linked to the other part

of the sentence. In this example, the last clause linkage should be a coordination.

The second example is as follows:

Source:
Æ¢u��Ç�, ,Ù¥ÜÇE/���ñ�

Reference:
they come from 6 families and 2 are orphaned girls .

Baseline system output:
they were from a family of six , including two girls without parents .

Improved system output:
they were from a family of six , including the parents of the two girls who did not .

This examples shows the improved system decided to reorder the last noun “�ñ” (parents)

to before “ÜÇE/” (two girls), which resulted in a worse translation than the original

baseline output.
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4.5 Conclusion

We introduced a set of Chinese typed dependencies that gives information about grammat-

ical relations between words, and which may be useful in other NLP applications as well

as MT. We used the typed dependencies to build path features and used them to improve a

phrase orientation classifier. The path features gave a 10% error reduction on the accuracy

of the classifier and 1.63 points on the macro-F1 score. We applied the log probability as

an additional feature in a phrase-based MT system, which improved the BLEU score of the

three test sets significantly (0.59 on MT02, 1.00 on MT03 and 0.77 on MT05). This shows

that typed dependencies on the source side are informative for the reordering component

in a phrase-based system. Whether typed dependencies can lead to improvements in other

syntax-based MT systems remains a question for future research. The Chinese typed de-

pendencies might be appropriate to integrate in systems that already make use of source

side dependencies. The formulation would have to change to take into account the type

information.
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abbreviation short description counts percentage
nn noun compound modifier 13278 15.48%

punct punctuation 10896 12.71%
nsubj nominal subject 5893 6.87%
conj conjunct (links two conjuncts) 5438 6.34%
dobj direct object 5221 6.09%

advmod adverbial modifier 4231 4.93%
prep prepositional modifier 3138 3.66%

nummod number modifier 2885 3.36%
amod adjectival modifier 2691 3.14%
pobj prepositional object 2417 2.82%

rcmod relative clause modifier 2348 2.74%
cpm complementizer 2013 2.35%

assm associative marker 1969 2.30%
assmod associative modifier 1941 2.26%

cc coordinating conjunction 1763 2.06%
clf classifier modifier 1558 1.82%

ccomp clausal complement 1113 1.30%
det determiner 1113 1.30%

lobj localizer object 1010 1.18%
range dative object that is a quantifier phrase 891 1.04%

asp aspect marker 857 1.00%
tmod temporal modifier 679 0.79%

plmod localizer modifier of a preposition 630 0.73%
attr attributive 534 0.62%

mmod modal verb modifier 497 0.58%
loc localizer 428 0.50%
top topic 380 0.44%

pccomp clausal complement of a preposition 374 0.44%
etc etc modifier 295 0.34%

lccomp clausal complement of a localizer 207 0.24%
ordmod ordinal number modifier 199 0.23%

xsubj controlling subject 192 0.22%
neg negative modifier 186 0.22%

rcomp resultative complement 176 0.21%
comod coordinated verb compound modifier 150 0.17%
vmod verb modifier 133 0.16%

prtmod particles such asÄ,1,u, 124 0.14%
ba “ba” construction 95 0.11%

dvpm manner DE(�) modifier 73 0.09%
dvpmod a “XP+DEV(�)” phrase that modifies VP 69 0.08%
prnmod parenthetical modifier 67 0.08%

cop copular 59 0.07%
pass passive marker 53 0.06%

nsubjpass nominal passive subject 14 0.02%

Table 4.1: Chinese grammatical relations and distributions. The counts are from files 1–325
in CTB6.
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Shared relations Chinese English
nn 15.48% 6.81%

punct 12.71% 9.64%
nsubj 6.87% 4.46%
rcmod 2.74% 0.44%
dobj 6.09% 3.89%

advmod 4.93% 2.73%
conj 6.34% 4.50%

num/nummod 3.36% 1.65%
attr 0.62% 0.01%

tmod 0.79% 0.25%
ccomp 1.30% 0.84%
xsubj 0.22% 0.34%
cop 0.07% 0.85%
cc 2.06% 3.73%

amod 3.14% 7.83%
prep 3.66% 10.73%
det 1.30% 8.57%

pobj 2.82% 10.49%

Table 4.2: The percentage of typed dependencies in files 1–325 in Chinese (CTB6) and
English (English-Chinese Translation Treebank)

Feature Sets #features Train. Acc. Train. Dev Dev Test Test
Acc. (%) Macro-F Acc. (%) Macro-F Acc. (%) Macro-F

Majority class - 86.09 - 86.09 - - -
Src 1483696 89.02 71.33 88.14 69.03 - -
Src+Tgt 2976108 92.47 82.52 91.29 79.80 - -
Src+Src2+Tgt 4440492 95.03 88.76 93.64 85.58 - -
Src+Src2+Tgt+PATH 4674291 97.74 95.13 96.35 92.09 96.38 92.10

Table 4.3: Feature engineering of the phrase orientation classifier. Accuracy is defined as
(#correctly labeled examples) divided by (#all examples). The macro-F is an average of
the accuracies of the two classes. We only used the best set of features on the test set. The
overall improvement of accuracy over the baseline is 10.09 absolute points.

Setting
#MERT

MT06(tune) MT02 MT03 MT05
features

Moses9Feats 9 31.49 31.63 31.26 30.26
Moses9Feats+DiscrimRereorderNoPATH 10 31.76(+0.27) 31.86(+0.23) 32.09(+0.83) 31.14(+0.88)
Moses9Feats+DiscrimRereorderWithPATH 10 32.34(+0.85) 32.59(+0.96) 32.70(+1.44) 31.84(+1.58)
Baseline (Moses with lexicalized reordering) 16 32.55 32.56 32.65 31.89
Baseline+DiscrimRereorderNoPATH 17 32.73(+0.18) 32.58(+0.02) 32.99(+0.34) 31.80(−0.09)
Baseline+DiscrimRereorderWithPATH 17 32.97(+0.42) 33.15(+0.59) 33.65(+1.00) 32.66(+0.77)

Table 4.4: MT experiments of different settings on various NIST MT evaluation datasets.
All differences marked in bold are significant at the level of 0.05 with the approximate
randomization test in Riezler and Maxwell (2005).



Chapter 5

Disambiguating “DE”s in Chinese

5.1 Introduction

Structural differences between Chinese and English, such as the different orderings of head

nouns and relative clauses, cause a great difficulty in Chinese-English MT reflected in

the consistently lower BLEU scores than those seen in other difficult language pairs like

Arabic-English. Many of these structural differences are related to the ubiquitous Chinese

{ (DE) construction, used for a wide range of noun modification constructions (both single

word and clausal) and other uses. Part of the solution to dealing with these ordering issues

is hierarchical decoding, such as the Hiero system (Chiang, 2005), a method motivated by

{ (DE) examples like the one in Figure 5.1. In this case, the translation goal is to rotate

¥³ 4 ¦ ð8 � Ïb { èj )� �� �

Aozhou shi yu Beihan you bangjiao DE shaoshu guojia zhiyi .
Australia is with North Korea have diplomatic relations that few countries one of .
Australia is one of the few countries that have diplomatic relations with North Korea.�

Figure 5.1: An example of the DE construction from (Chiang, 2005)

the noun head and the preceding relative clause around{ (DE), so that we can translate to

“[one of few countries]{ [have diplomatic relations with North Korea]”. Hiero can learn

this kind of lexicalized synchronous grammar rule.

However, use of hierarchical decoders has not solved the DE construction translation

problem. In Chapter 3, we analyzed the errors of three state-of-the-art systems (the 3

105
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DARPA GALE phase 2 teams’ systems), and even though all three use some kind of hi-

erarchical system, we found many remaining errors related to reordering. One is shown

again here:

h� �Ä Ö�X� { ¥¦

local a bad reputation DE middle school

Reference: ‘a local middle school with a bad reputation’

Team 1: ‘a bad reputation of the local secondary school’

Team 2: ‘the local a bad reputation secondary school’

Team 3: ‘a local stigma secondary schools’

None of the teams reordered “bad reputation” and “middle school” around the{ (DE).

We argue that this is because it is not sufficient to have a formalism which supports phrasal

reordering, it is also necessary to have sufficient linguistic modeling that the system knows

when and how much to rearrange.

An alternative way of dealing with structural differences is to reorder source language

sentences to minimize structural divergence with the target language (Xia and McCord,

2004; Collins et al., 2005; Wang et al., 2007). For example Wang et al. (2007) introduced a

set of rules to decide if a{ (DE) construction should be reordered or not before translating

to English:

• For DNPs (consisting of“XP+DEG”):

– Reorder if XP is PP or LCP;

– Reorder if XP is a non-pronominal NP

• For CPs (typically formed by “IP+DEC”):

– Reorder to align with the “that+clause” structure of English.

Although this and previous reordering work has led to significant improvements, errors still

remain. Indeed, Wang et al. (2007) found that the precision of their NP rules is only about

54.6% on a small human-judged set.

One possible reason the{ (DE) construction remains unsolved is that previous work

has paid insufficient attention to the many ways the{ (DE) construction can be translated,
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and the rich structural cues to the translation. Wang et al. (2007), for example, characterized

{ (DE) into only two classes. But our investigation shows that there are many strategies

for translating Chinese [A { B] phrases into English, including the patterns in Table 5.1,

only some involving reversal.

Notice that the presence of reordering is only one part of the rich structure of these ex-

amples. Some reorderings are relative clauses, while others involve prepositional phrases,

but not all prepositional phrase uses involve reorderings. These examples suggest that

capturing finer-grained translation patterns could help achieve higher accuracy both in re-

ordering and in lexical choice.

In this chapter, we propose to use a statistical classifier trained on various features to

predict for a given Chinese{ (DE) construction both whether it will reorder in English and

which construction it will translate to in English. We suggest that the necessary classifica-

tory features can be extracted from Chinese, rather than English. The{ (DE) in Chinese

has a unified meaning of ‘noun modification’, and the choice of reordering and construction

realization are mainly a consequence of facts in English noun modification. Nevertheless,

most of the features that determine the choice of a felicitous translation are available in the

Chinese source. Noun modification realization has been widely studied in English (e.g.,

(Rosenbach, 2003)), and many of the important determinative properties (e.g., topicality,

animacy, prototypicality) can be detected working in the source language.

We first present some corpus analysis characterizing different DE constructions based

on how they get translated into English (Section 5.2). We then train a classifier to label DEs

into the 5 different categories that we define (Section 5.3). The fine-grained DEs, together

with reordering, are then used as input to a statistical MT system (Section 5.5). We find

that classifying DEs into finer-grained tokens helps MT performance, usually at least twice

as much as just doing phrasal reordering1

5.2 DE classification

The Chinese character DE serves many different purposes. According to the Chinese Tree-

bank tagging guidelines (Xia, 2000), the character can be tagged as DEC, DEG, DEV, SP,

1This work was first published in Chang et al. (2009).



CHAPTER 5. DISAMBIGUATING “DE”S IN CHINESE 108

DER, or AS. Similarly to (Wang et al., 2007), we only consider the majority case when the

phrase with{ (DE) is a noun phrase modifier. The DEs in NPs have a part-of-speech tag

of DEC (a complementizer or a nominalizer) or DEG (a genitive marker or an associative

marker).

5.2.1 Class Definition

The way we categorize the DEs is based on their behavior when translated into English.

This is implicitly done in the work of Wang et al. (2007) where they use rules to decide if

a certain DE and the words next to it will need to be reordered. In this work, we categorize

DEs into finer-grained categories. For a Chinese noun phrase [A { B], we categorize it

into one of these five classes:

1. A B

In this category, A in the Chinese side is translated as a pre-modifier of B. In most of

the cases, A is an adjective form, like Example 1.1 in Table 5.1 or the possessive ad-

jective example in Example 1.2. Compound nouns where A becomes a pre-modifier

of B also fit in this category (Example 1.3).

2. B preposition A

There are several cases that get translated into the form B preposition A. For example,

the of-genitive in Example 2.1 in Table 5.1.

Example 2.2 shows cases where the Chinese A gets translated into a prepositional

phrase that expresses location.

When A becomes a gerund phrase and an object of a preposition, it is also categorized

in the B preposition A category (Example 2.3).

3. A ’s B

In this class, the English translation is an explicit s-genitive case, as in Example 3.1.

This class occurs much less often, but is still interesting because of the difference

from the of-genitive.
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4. relative clause

We include the obvious relative clause cases like Example 4.1 where a relative clause

is introduced by a relative pronoun. We also include reduced relative clauses like

Example 4.2 in this class.

5. A preposition B

This class is another small one. The English translations that fall into this class

usually have some number, percentage or level word in the Chinese A.

Some NPs are translated into a hybrid of these categories, or don’t fit into one of the five

categories, for instance, involving an adjectival pre-modifier and a relative clause. In those

cases, they are put into an “other” category.2

5.2.2 Data annotation of DE classes

In order to train a classifier and test its performance, we use the Chinese Treebank 6.0

(LDC2007T36) and the English Chinese Translation Treebank 1.0 (LDC2007T02). The

word alignment data (LDC2006E93) is also used to align the English and Chinese words

between LDC2007T36 and LDC2007T02. The overlapping part of the three datasets are

a subset of CTB6 files 1 to 325. After preprocessing those three sets of data, we have

3253 pairs of Chinese sentences and their translations. In those sentences, we use the gold-

standard Chinese tree structure to get 3412 Chinese DEs in noun phrases that we want to

annotate. Among the 3412 DEs, 530 of them are in the “other” category and are not used

in the classifier training and evaluation. The statistics of the five classes are:

1. A B: 693 (24.05%)

2. B preposition A: 1381 (47.92%)

3. A ’s B: 91 (3.16%)

4. relative clause: 669 (23.21%)
2The “other” category contains many mixed cases that could be difficult Chinese patterns to translate. We

will leave this for future work.
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1. A B

1.1. �Ö(excellent)/{(DE)/�®(geographical)/�G(qualification)
→ “excellent geographical qualifications”

1.2. ·¢(our)/{(DE)/��(financial)/Z�(risks)→ “our financial risks”
1.3. �4(trade)/{(DE)/�Vu(complement)→ “trade complement”

2. B preposition A

2.1. =ý(investment)/¢¸(environment)/{(DE)/�Õ(improvement)
→ “the improvement of the investment environment”

2.2. âÒ�(Chongming county)/�(inside)/{(DE)/\ (organization)
→ “organizations inside Chongming county”

2.3. �(one)/Ç(measure word)/
�(observe)/¥)(China)/=�(market)/{(DE)/
BB(small)/	=(window)
→ “a small window for watching over Chinese markets”

3. A ’s B
3.1. )�(nation)/{(DE)/w
(macro)/�®(management)

→ “the nation ’s macro management”
4. relative clause

4.1. ¥)(China)/X�(cannot)/	�(produce)/(and)/�(but)/i(very)/��(need)/
{(DE)/�¬(medicine)
→ “medicine that cannot be produced by China but is urgently needed”

4.2. iÛ(foreign business)/=ý(invest)/è�(enterprise)/Üz(acquire)/{(DE)/
|Ì�(RMB)/TQ(loan)
→ “the loans in RMB acquired by foreign-invested enterprises”

5. A preposition B

5.1. �úõy(more than 40 million)/�Ã(US dollar)/{(DE)/�¬(product)
→ more than 40 million US dollars in products

Table 5.1: Examples for the 5 DE classes

5. A preposition B: 48 (1.66%)

The way we annotated the 3412 Chinese DEs in noun phrases is semi-automatic. Since

we have the word alignment data (LDC2006E93) and the Chinese parse trees, we wrote

programs to check the Chinese NP boundary, and find the corresponding English translation

from the word alignment. Then the program checks where the character { is aligned

to, and checks whether the Chinese words around { are reordered or kept in the same

order. In some cases it’s very clear. For example, if { is aligned to a preposition (e.g.,

“with”), all the Chinese words in front of { are aligned to English words after “with”,

and all the Chinese words behind { are aligned to English in front of “with”, then the

program automatically annotate this case as B preposition A. About half of the examples we
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annotated were covered by the rules, so we only had to manually annotated the rest.

It is possible to do annotations without the parse trees and/or the word alignment data.

But then an annotator will have to check for every {, (i) whether it’s part of an NP, (ii)

mark the range of the Chinese NP, (iii) identify the corresponding translation in English,

(iv) determine which of the 5 class (or other) this{ in NP belongs to.

5.2.3 Discussion on the “other” class

In addition to the five classes, some DEs in NPs fall into the “other” class. The “other” class

contains more complicated examples like when the NP gets translated into discontinuous

fragments, or when the B part in “A{B” gets translated to a verb phrase, etc. For example,

the NP with DE “¥) ²� { Xä �0” was translated into “China ’s economy has

continued to develop” in one sentence. Another example of the “other” class is apposition.

We see examples like “ý � �) E� Ç| \� U] zÌ [j�Æ { ²

bÂ�Û” translates into “Romanian Mirosoviki , silver medal winner for the overall

championships”. The part before{ was translated into an apposition in English, and the

word orders were reversed around {. This could potentially be separated out as another

class, but in our experiments we decided it’s a small class and marked it as “other”.

5.3 Log-linear DE classifier

In order to see how well we can categorize DEs in noun phrases into one of the five classes,

we train a log-linear classifier to classify each DE according to features extracted from its

surrounding context. Since we want the training and testing conditions to match, when

we extract features for the classifier, we don’t use gold-standard parses. Instead, we use a

parser trained on CTB6 excluding files 1-325. We then use this parser to parse the 3253

Chinese sentences with the DE annotation and extract parse-related features from there.

5.3.1 Experimental setting

For the classification experiment, we exclude the “other” class and only use the 2882 ex-

amples that fall into the five pre-defined classes. To evaluate the classification performance
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5-class Acc. (%) 2-class Acc. (%)
majority 47.9 71.1
baseline - 76.0
DEPOS 54.8 71.0
+A-pattern 67.9 83.7
+POS-ngram 72.1 84.9
+Lexical 74.9 86.5
+SemClass 75.1 86.7
+Topicality 75.4 86.9

Table 5.2: 5-class and 2-class classification accuracy. “baseline” is the heuristic rules in
(Wang et al., 2007). “majority” is labeling everything as the largest class. Others are
various features added to the log-linear classifier.

and understand what features are useful, we compute the accuracy by averaging five 10-fold

cross-validations.3

As a baseline, we use the rules introduced in Wang et al. (2007) to decide if the DEs

require reordering or not. However, since their rules only decide if there is reordering in

an NP with DE, their classification result only has two classes. In order to compare our

classifier’s performance with the rules in Wang et al. (2007), we have to map our five-class

results into two classes. So we mapped B preposition A and relative clause into the class

“reordered”, and the other three classes into “not-reordered”.

5.3.2 Feature Engineering

To understand which features are useful for DE classification, we list our feature engineer-

ing steps and results in Table 5.2. In Table 5.2, the 5-class accuracy is defined by:

(number of correctly labeled DEs)
(number of all DEs)

×100

The 2-class accuracy is defined similarly, but it is evaluated on the 2-class “reordered” and

“not-reordered” after mapping from the 5 classes.

The DEs we are classifying are within an NP. We refer to them as [A { B]NP. A

3We evaluate the classifier performance using cross-validations to get the best setting for the classifier.
The proof of efficacy of the DE classifier is MT performance on independent data in Section 5.5.
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includes all the words in the NP before{; B includes all the words in the NP after{. To

illustrate, we will use the following NP:
[[8) ! L]A { [=ý é6)]B]NP

Korea most big DE investment target country

Translation: Korea’s largest target country for investment
to show examples of each feature. The parse structure of the NP is listed in Figure 5.2.

(NP

(NP (NR 8)))

(CP

(IP

(VP

(ADVP (AD !))

(VP (VA L))))

(DEC {))

(NP (NN =ý) (NN é6)))))))

Figure 5.2: The parse tree of the Chinese NP.

DEPOS: part-of-speech tag of DE

Since the part-of-speech tag of DE indicates its syntactic function, it is the first obvious

feature to add. The NP in Figure 5.2 will have the feature “DEC”. This basic feature will

be referred to as DEPOS. Note that since we are only classifying DEs in NPs, ideally the

part-of-speech tag of DE will either be DEC or DEG as described in Section 5.2. However,

since we are using automatic parses instead of gold-standard ones, the DEPOS feature might

have other values than just DEC and DEG. From Table 5.2, we can see that with this simple

feature, the 5-class accuracy is low, but is at least better than simply guessing the majority

class (47.92%). The 2-class accuracy is still lower than using the heuristic rules in (Wang

et al., 2007), which is reasonable because their rules encode more information than just the

POS tags of DEs.
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A-pattern: Chinese syntactic patterns appearing before{{{

Secondly, we want to incorporate the rules in (Wang et al., 2007) as features in the log-

linear classifier. We added features for certain indicative patterns in the parse tree (listed in

Table 5.3).

1. A is ADJP:
true if A+DE is a DNP, which is in the form of “ADJP+DEG”.
2. A is QP:
true if A+DE is a DNP, which is in the form of “QP+DEG”.
3. A is pronoun:
true if A+DE is a DNP, which is in the form of “NP+DEG”, and the NP is a pronoun.
4. A ends with VA:
true if A+DE is a CP, which is in the form of “IP+DEC”, and the IP ends with a VP
that’s either just a VA or a VP preceded by a ADVP.

Table 5.3: A-pattern features

Features 1–3 are inspired by the rules in (Wang et al., 2007), and the fourth rule is

based on the observation that even though the predicative adjective VA acts as a verb, it

actually corresponds to adjectives in English as described in (Xia, 2000).4 We call these

four features A-pattern. Our example NP in Figure 5.2 will have the fourth feature “A

ends with VA” in Table 5.3, but not the other three features. In Table 5.2 we can see that

after adding A-pattern, the 2-class accuracy is already much higher than the baseline. We

attribute this to the fourth rule and also to the fact that the classifier can learn weights

for each feature.5 Indeed, not having a special case for VA stative verbs is a significant

oversight in the rules of (Wang et al., 2007).

POS-ngram: unigrams and bigrams of POS tags

The POS-ngram feature adds all unigrams and bigrams in A and B. Since A and B have

different influences on the choice of DE class, we distinguish their ngrams into two sets

of features. We also include the bigram pair across DE which gets another feature name
4Quote from (Xia, 2000): “VA roughly corresponds to adjectives in English and stative verbs in the

literature on Chinese grammar.”
5We also tried extending a rule-based 2-class classifier with the fourth rule. The accuracy is 83.48%, only

slightly lower than using the same features in a log-linear classifier.
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for itself. The example NP in Figure 5.2 will have these features (we use b to indicate

boundaries):

• POS unigrams in A: “NR”, “AD”, “VA”

• POS bigrams in A: “b-NR”, “NR-AD”, “AD-VA”, “VA-b”

• cross-DE POS bigram: “VA-NN”

• POS unigram in B: “NN”

• POS bigrams in B: “b-NN”, “NN-NN”, “NN-b”

The part-of-speech ngram features add 4.24% accuracy to the 5-class classifier.

Lexical: lexical features

In addition to part-of-speech features, we also tried to use features from the words them-

selves. But since using full word identity resulted in a sparsity issue,6 we take the one-

character suffix of each word and extract suffix unigram and bigram features from them.

The argument for using suffixes is that it often captures the larger category of the word

(Tseng et al., 2005). For example, ¥) (China) and 8) (Korea) share the same suffix

), which means “country”. These suffix ngram features will result in these features for

the NP in Figure 5.2:

• suffix unigrams: “)”, “!”, “L”, “{”, “ý”, “)”

• suffix bigrams: “b-)”, “)-!”, “!-L”, “L-{”, “{-ý”, “ý-)”, “)-b”

Other than the suffix ngram, we also add three other lexical features: first, if the word

before DE is a noun, we add a feature that is the conjunction of POS and suffix unigram.

Secondly, an “NR only” feature will fire when A only consists of one or more NRs (that

is, proper nouns). Thirdly, we normalize different forms of “percentage” representation,

and add a feature if they exist. This includes words that start with “ºI�” or end with

the percentage sign “%”. The first two features are inspired by the fact that a noun and its

6The accuracy is worse when we tried using the word identity instead of the suffix.
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type can help decide “B prep A” versus “A B”. Here we use the suffix of the noun and the

NR tag to help capture its animacy, which is useful in choosing between the s-genitive (the

boy’s mother) and the of-genitive (the mother of the boy) in English (Rosenbach, 2003).

The third feature is added because many of the cases in the “A preposition B” class have

a percentage number in A. We call these sets of features Lexical. Together they provide a

2.73% accuracy improvement over the previous setting.

SemClass: semantic class of words

We also use a Chinese thesaurus, CiLin, to look up the semantic classes of the words in

[A { B] and use them as features. CiLin is a Chinese thesaurus published in 1984 (Mei

et al., 1984). CiLin is organized in a conceptual hierarchy with five levels. We use the

level-1 tags, which include 12 categories.7 This feature fires when a word we look up has

one level-1 tag in CiLin. This kind of feature is referred to as SemClass in Table 5.2. For

the example in Figure 5.2, two words have a single level-1 tag: “!”(most) has a level-1

tag K8 and “=ý”(investment) has a level-1 tag H9. “8)” and “é6)” are not listed in

CiLin, and “L” has multiple entries. Therefore, the SemClass features are: (i) before DE:

“K”; (ii) after DE: “H”

Topicality: re-occurrence of nouns

The last feature we add is a Topicality feature, which is also useful for disambiguating s-

genitive and of-genitive. We approximate the feature by caching the nouns in the previous

two sentences, and fire a topicality feature when the noun appears in the cache. Take this

NP in MT06 as an example:

“�8¦ð8{£äS,è”

For this NP, all words before DE and after DE appeared in the previous sentence. Therefore

the topicality features “cache-before-DE” and “cache-after-DE” both fire.

7We also tried adding more levels but it did not help.
8K is the categoryÏª (auxiliary) in CiLin.
9H is the categoryÙÄ (activities) in CiLin.
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After all the feature engineering above, the best accuracy on the 5-class classifier we

have is 75.4%, which maps into a 2-class accuracy of 86.9%. Comparing the 2-class ac-

curacy to the (Wang et al., 2007) baseline, we have a 10.9% absolute improvement. The

5-class accuracy and confusion matrix is listed in Table 5.4.

real→ A ’s B AB A prep. B B prep. A rel. clause
A ’s B 168 36 0 110 0

AB 48 2473 73 227 216
A prep. B 0 18 46 23 11
B prep. A 239 691 95 5915 852

rel. clause 0 247 26 630 2266
Total 455 3465 240 6905 3345

Accuracy(%) 36.92 71.37 19.17 85.66 67.74

Table 5.4: The confusion matrix for 5-class DE classification

“A preposition B” is a small category and is the most confusing. “A ’s B” also has lower

accuracy, and is mostly confused with “B preposition A”. This could be due to the fact that

there are some cases where the translation is correct both ways, but also could be because

the features we added have not captured the difference well enough.

5.4 Labeling and Reordering “DE” Constructions

The DE classifier uses Chinese CFG parses generated from the Stanford Chinese Parser

(Levy and Manning, 2003). The parses are used to design features for the DE classifier,

as well as performing reordering on the Chinese trees so the word orders can match better

with English. In this section we will look at the DE constructions in the automatically

parsed MT training data (which contain errors) and explain which DEs get labeled with the

five classes. We will also explain in more detail how we perform reordering once the DEs

are labeled.

There are 476,007{s as individual words in the MT training data (described in Section

5.5.1. The distribution of their POS tags is in Table 5.5. In this distribution, we see that

{s get tags other than the ones mentioned in the guidelines (DEC, DEG, DEV, SP, DER,

or AS). We do not mark all the {s, but only mark the {s under NPs with the POS tags
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POS of{ counts
DEG 250458
DEC 219969
DEV 3039
SP 1677

DER 263
CD 162
X 156

PU 79
NN 65
AS 64
ON 45
FW 11
AD 6
M 3
NR 3
P 3

NT 2
CC 1
VV 1

Table 5.5: The distribution of the part-of-speech tags of DEs in the MT training data.

DEC or DEG, as shown in Figure 5.3. There are 461,951{s that are processed in the MT

training data; the remaining 14,056 are unlabeled. More details are in Table 5.7.

DEC/DEG

phrasal tag

NP

……

Figure 5.3: The NP with DEs.

After we label the{s with one of the five classes, we also reorder the ones with the two

classes{relc and{BprepA. The way we reorder is similar to (Wang et al., 2007). For each

NP with DEs, we move the pre-modifying modifiers with{relc or{BprepA to the position

behind the NP. As an example, we choose an NP with DE from the MT training data. In
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Figure 5.4 there is a CP (�/Russia�/US�:/president�#/this yearÞq/hold{/DE)

and a QP (®/three '/times) that pre-modifies the NP (ÌÓ/meeting). The { (DE) is

labeled as {relc; therefore it needs to be reordered. The right tree in Figure 5.4 shows

that the CP gets reordered to post-modify the NP, and the {relc also get reordered to be

at the front of the CP. The other modifier, QP, remains pre-modifying the noun phraseÌ

Ó/meeting.

relc

NR NR NN NT VV

NP NN NP VP

M

DEC CD NNIP CLP

NP VP

CP QP NP

NP

M

CD NNCLP

CPQP NP

NP

NR NR NN NT VV

NP NN NP VP

IP

NP VP
relc

DEC

Figure 5.4: Reorder an NP with DE. Only the pre-modifier with DE (a CP in this example)
is reordered. The other modifiers (a QP in this example) stay in the same place.

5.5 Machine Translation Experiments

5.5.1 Experimental Setting

For our MT experiments, we used Phrasal, a re-implementation of Moses (Koehn et al.,

2003), a state-of-the-art phrase-based system. The alignment is done by the Berkeley word

aligner (Liang et al., 2006) and then we symmetrized the word alignment using the grow-

diag heuristic. For features, we incorporate Moses’ standard eight features as well as the

lexicalized reordering model. Parameter tuning is done with Minimum Error Rate Training

(MERT) (Och, 2003). The tuning set for MERT is the NIST MT06 data set, which includes

1664 sentences. We evaluate the result with MT02 (878 sentences), MT03 (919 sentences),

and MT05 (1082 sentences).

Our MT training corpus contains 1,560,071 sentence pairs from various parallel corpora
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from LDC.10 There are 12,259,997 words on the English side. Chinese word segmentation

is done by the Stanford Chinese segmenter (Chang et al., 2008). After segmentation, there

are 11,061,792 words on the Chinese side. We use a 5-gram language model trained on the

Xinhua and AFP sections of the Gigaword corpus (LDC2007T40) and also the English side

of all the LDC parallel data permissible under the NIST08 rules. Documents of Gigaword

released during the epochs of MT02, MT03, MT05, and MT06 were removed.

To run the DE classifier, we also need to parse the Chinese texts. We use the Stanford

Chinese parser (Levy and Manning, 2003) to parse the Chinese side of the MT training data

and the tuning and test sets.

5.5.2 Baseline Experiments

We have two different settings as baseline experiments. The first is without reordering or

DE annotation on the Chinese side; we simply align the parallel texts, extract phrases and

tune parameters. This experiment is referred to as BASELINE. Also, we reorder the training

data, the tuning, and the test sets with the NP rules in (Wang et al., 2007) and compare our

results with this second baseline (WANG-NP).

The NP reordering preprocessing (WANG-NP) showed consistent improvement in Table

5.6 on all test sets, with BLEU point gains ranging from 0.15 to 0.40. This confirms that

having reordering around DEs in NP helps Chinese-English MT.

5.5.3 Experiments with 5-class DE annotation

We use the best setting of the DE classifier described in Section 5.3 to annotate DEs in NPs

in the MT training data as well as the NIST tuning and test sets.11 If a DE is in an NP,

we use the annotation of{AB,{AsB,{BprepA,{relc, or{AprepB to replace the original

DE character. Once we have the DEs labeled, we preprocess the Chinese sentences by

10LDC2002E18, LDC2003E07, LDC2003E14, LDC2005E83, LDC2005T06, LDC2006E26,
LDC2006E85, LDC2002L27, and LDC2005T34.

11The DE classifier used to annotate the MT experiment was trained on all the available data described in
Section 5.2.2.
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BLEU
MT06(tune) MT02 MT03 MT05

BASELINE 32.39 32.51 32.75 31.42
WANG-NP 32.75(+0.36) 32.66(+0.15) 33.15(+0.40) 31.68(+0.26)
DE-Annotated 33.39(+1.00) 33.75(+1.24) 33.63(+0.88) 32.91(+1.49)
BASELINE+Hier 32.96 33.10 32.93 32.23
DE-Annotated+Hier 33.96(+1.00) 34.33(+1.23) 33.88(+0.95) 33.01(+0.77)

Translation Error Rate (TER)
MT06(tune) MT02 MT03 MT05

BASELINE 61.10 63.11 62.09 64.06
WANG-NP 59.78(−1.32) 62.58(−0.53) 61.36(−0.73) 62.35(−1.71)
DE-Annotated 58.21(−2.89) 61.17(−1.94) 60.27(−1.82) 60.78(−3.28)

Table 5.6: MT experiments with different settings on various NIST MT evaluation datasets.
We used both the BLEU and TER metrics for evaluation. All differences between DE-

Annotated and BASELINE are significant at the level of 0.05 with the approximate random-
ization test in (Riezler and Maxwell, 2005).

reordering them.12 Note that not all DEs in the Chinese data are in NPs, therefore not all

DEs are annotated with the extra labels. Table 5.7 lists the statistics of the DE classes in

the MT training data.

class of{ (DE) counts percentage
{AB 112,099 23.55%
{AprepB 2,426 0.51%
{AsB 3,430 0.72%
{BprepA 248,862 52.28%
{relc 95,134 19.99%
{ (unlabeled) 14,056 2.95%
total number of{ 476,007 100%

Table 5.7: The number of different DE classes labeled for the MT training data.

After this preprocessing, we restart the whole MT pipeline – align the preprocessed

data, extract phrases, run MERT and evaluate. This setting is referred to as DE-Annotated

in Table 5.6.
12Reordering is applied on DNP and CP for reasons described in Wang et al. (2007). We reorder only when

the{ is labeled as{BprepA or{relc.
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class MT02 MT03 MT05
{AB 178 201 261
{AprepB 9 8 5
{AsB 9 11 13
{BprepA 544 517 671
{relc 271 296 331
{ (unlabeled) 29 44 63
Reordered DE(%) 80.6 78.6 78.2

Table 5.8: Counts of each{ and its labeled class in the three test sets.

5.5.4 Hierarchical Phrase Reordering Model

To demonstrate that the technique presented here is effective even with a hierarchical de-

coder, we conducted additional experiments with a hierarchical phrase reordering model

introduced by Galley and Manning (2008). The hierarchical phrase reordering model can

handle the key examples often used to motivate syntax-based systems; therefore we think it

is valuable to see if the DE annotation can still improve on top of that. In Table 5.6, BASE-

LINE+Hier gives consistent BLEU improvement over BASELINE. Using DE annotation on

top of the hierarchical phrase reordering models (DE-Annotated+Hier) provides extra gain

over BASELINE+Hier. This shows the DE annotation can help a hierarchical system. We

think similar improvements are likely to occur with other hierarchical systems.

5.6 Analysis

5.6.1 Statistics on the Preprocessed Data

Since our approach DE-Annotated and one of the baselines (WANG-NP) are both prepro-

cessing Chinese sentences, knowing what percentage of the sentences are altered will be

one useful indicator of how different the systems are from the baseline. In our test sets,

MT02 has 591 out of 878 sentences (67.3%) that have DEs under NPs; for MT03 it is 619

out of 919 sentences (67.4%); for MT05 it is 746 out of 1082 sentences (68.9%). This

shows that our preprocessing affects the majority of the sentences and thus it is not surpris-

ing that preprocessing based on the DE construction can make a significant difference. We

provide more detailed counts for each class in all the test sets in Table 5.8.



CHAPTER 5. DISAMBIGUATING “DE”S IN CHINESE 123

5.6.2 Example: how DE annotation affects translation

Our approach DE-Annotated reorders the Chinese sentence, which is similar to the approach

proposed by Wang et al. (2007) (WANG-NP). However, our focus is on the annotation on

DEs and how this can improve translation quality. Table 5.9 shows an example that con-

tains a DE construction that translates into a relative clause in English.13 The automatic

parse tree of the sentence is listed in Figure 5.5. The reordered sentences of WANG-NP and

DE-Annotated appear on the top and bottom in Figure 5.6. For this example, both systems

decide to reorder, but DE-Annotated had the extra information that this{ is a{relc. In Fig-

ure 5.6 we can see that in WANG-NP, “{” is being translated as “for”, and the translation

afterwards is not grammatically correct. On the other hand, the bottom of Figure 5.6 shows

that with the DE-Annotated preprocessing, “{relc” is now translated into “which was” and

well connected with the later translation. This shows that disambiguating{ (DE) helps in

choosing a better English translation.

Chinese �Æó � NÏ z� [� P û ÓÌ Z &J I� �ñ '

é]A { [Ò� �À 0�]B�

Ref 1 biagi had assisted in drafting [an employment reform plan]B [that was
strongly opposed by the labor union and the leftists]A .

Ref 2 biagi had helped in drafting [a labor reform proposal]B [that provoked
strong protests from labor unions and the leftists]A .

Ref 3 biagi once helped drafting [an employment reform scheme]B [that was
been strongly opposed by the trade unions and the left - wing]A .

Ref 4 biagi used to assisted to draft [an employment reform plan]B [which is
violently opposed by the trade union and leftest]A .

Table 5.9: A Chinese example from MT02 that contains a DE construction that translates
into a relative clause in English. The []A []B is hand-labeled to indicate the approximate
translation alignment between the Chinese sentence and English references.

13In this example, all four references agreed on the relative clause translation. Sometimes DE constructions
have multiple appropriate translations, which is one of the reasons why certain classes are more confusable
in Table 5.4.
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(IP

(NP (NN �Æó))

(VP

(ADVP (AD �))

(VP (VV NÏ)

(IP

(VP (VV z�)

(NP

(QP (CD �)

(CLP (M P)))

(CP

(IP

(VP (VV û)

(NP

(NP (NN ÓÌ)

(CC Z)

(NN &J) (NN I�))

(ADJP (JJ �ñ))

(NP (NN 'é)))))

(DEC {))

(NP (NN Ò�) (NN �À) (NN 0�)))))))

(PU �))

Figure 5.5: The parse tree of the Chinese sentence in Table 5.9.

5.7 Conclusion

In this chapter, we presented a classification of Chinese{ (DE) constructions in NPs ac-

cording to how they are translated into English. We applied this DE classifier to the Chinese

sentences of MT data, and we also reordered the constructions that required reordering to

better match their English translations. The MT experiments showed our preprocessing

gave significant BLEU and TER score gains over the baselines. Based on our classification

and MT experiments, we found that not only do we have better rules for deciding what to

reorder, but the syntactic, semantic, and discourse information that we capture in the Chi-

nese sentence allows us to give hints to the MT system, which allows better translations to

be chosen.
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biagi had helped draft employmenta reform plan for is strongly opposed by trade unions and left - wing activists .

relc

biagi had helped draft a reform plan for employment , which was strongly opposed by trade unions and left - wing activists

Figure 5.6: The top translation is from WANG-NP of the Chinese sentence in Table 5.9.
The bottom one is from DE-Annotated. In this example, both systems reordered the NP, but
DE-Annotated has an annotation on the{ (DE).

The DE classifier preprocessing approach can also be used for other syntax-based sys-

tems directly. For systems that need only the sentences from the source language, the

reordered and labeled sentence can be the input, which could provide further help in longer-

distance reordering cases. For systems that use the parse tress from the source language, the

DE preprocessing approach can provide an reordered parsed tree (e.g., Figure 5.4). Also,

since our log-linear model can generate probability distributions of each classes, another

possibility is not to preprocess and generate one reordered sentence, but to generate a lattice

with possible reordering and labeling choices, and run the decoder on the lattice instead of

on one preprocessed sentence.

Also, there are more function words in Chinese that can cause reordering. For example,

prepositions and localizers (postpositions), or ²(BA) and ú(BEI) constructions are all

likely to be reordered when translating into English. The technique of disambiguating and

reordering beforehand in this chapter can be extended for more cases.
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Conclusions and Future Work

The focus of this dissertation is the investigation of important differences between the Chi-

nese and English languages, and how they have made machine translation from Chinese to

English more difficult.

We carefully studied state-of-the-art MT system outputs, and identified linguistic issues

that currently pose obstacles for Chinese-English MT. We found that the Chinese language

is difficult from bottom up – starting from its writing system, morphology, up to the syn-

tactic structures, and all the way to discourse structures.

The Chinese writing system does not have explicit word boundaries in between words,

therefore word segmentation is an essential first step for Chinese NLP tasks. We found that

a general definition of “word” is not necessarily the best fit for MT systems, but instead,

we found that tuning the Chinese (source) word length for a granularity better matched

with English (target) words works well. We also found that increasing the consistency

of the segmentation is very important for MT, which we achieved by integrating lexicon-

based features to a feature-rich conditional random field segmenter. We also found that

jointly identifying proper nouns with segmentation improved segmentation quality for MT

as well. We think integrating more source-side word information, such as named entities,

and using this information more tightly inside the MT system will further improve the

system performance and understandability of the output.

One level up from word-level ambiguity, we studied sentence-level source-side infor-

mation. Chinese and English are both SVO (subject-verb-object) languages, so there are

126
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some similar syntactic constructions between them. But there also exist distinctive word or-

dering differences, for example different phrasal ordering of prepositional phrases and verb

phrases, or constructions that are specific to Chinese. To fully describe the Chinese syntac-

tic structures and utilize them in a MT system, we designed a set of Chinese grammatical

relations following the design principles of the Stanford English typed dependencies. Our

Chinese grammatical relation representation has the advantages of high coverage, good

readability and being descriptive of relations that are similar to English as well as relations

that are specific to Chinese. By using the grammatical relations, we showed improve-

ment in discriminative word reordering models that can be easily applied to a phrase-based

MT system. In terms of MT, we think our grammatical relations can provide even more

source-side syntactic information if they can be directly integrated into a dependency-based

decoding framework. We also think this set of grammatical relations should be useful for

other Chinese NLP tasks, especially meaning extraction related tasks.

Since there are several ambiguous Chinese constructions, we also explored the possi-

bility of disambiguating them earlier in the MT process. We focused on the most common

function word “{”, which does not have a direct translation into English and can often-

times lead to ambiguous translations with longer-distance word reordering. According to

our data analysis, we categorized the usage of DE into five most prominent classes, and

labeled some data for training and developing a good DE classifier. In our experiments, we

showed that we can build a classifier with good performance by using features with lexical,

semantic, syntactic and discourse contexts. We use the DE classifier to explicitly mark the

DE usages in the source data and reorder the cases where Chinese word orders differ from

English. By doing this, we were able to show significant improvement on our MT experi-

ments. This proved that analyzing and disambiguating function words in Chinese can lead

to a big improvement that the built-in reordering models could not capture in the baseline

systems. We think for future directions, it will be worthwhile to identify more Chinese

specific constructions or function words that are likely to cause ambiguous translations or

translations with longer distance word reordering, and then to build classifiers to further

disambiguate them on the source side.

In addition to the issues we addressed in the dissertation, we also observed much higher

level linguistic issues that were causing errors in the current state-of-the-art MT systems.
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The current framework of this thesis is sentence-based translation, where all the processing

and translation steps are done based on the assumption that each sentence can be translated

independent of the surrounding context. According to our analysis, we found that Chinese

sentences are likely to drop pronouns that have been mentioned in previous sentences,

leaving a zero anaphora that refers to a noun that does not appear in the sentence to be

translated. Since in English the pronouns are usually necessary for translation, it is not

enough to just use the current sentence. Other problematic higher-level issues which require

discourse context include choosing the right tense and aspect in the English translation

and working out the correct way to link clauses in the translation so that they properly

convey the intended discourse relations. Therefore we believe even higher level source-side

information, such as discourse structures on the source side, will be essential for making

Chinese-English MT better. Currently there hasn’t been much work addressing the issue of

discourse structures or even the within-sentence clause linkage problem, we think this will

be an important area for future research on Chinese-English MT.
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Bender, E. (2000). The syntax of Mandarin bǎ: Reconsidering the verbal analysis. Journal

of East Asian Linguistics 9, 105–145.

Birch, A., P. Blunsom, and M. Osborne (2009, March). A quantitative analysis of re-

ordering phenomena. In Proceedings of the Fourth Workshop on Statistical Machine

Translation, Athens, Greece, pp. 197–205. Association for Computational Linguistics.

129



BIBLIOGRAPHY 130

Brown, P. F., V. J. Della Pietra, S. A. Della Pietra, and R. L. Mercer (1993). The mathe-

matics of statistical machine translation: parameter estimation. Computational Linguis-

tics 19(2), 263–311.

Carpuat, M. and D. Wu (2007, June). Improving statistical machine translation using word

sense disambiguation. In Proceedings of the 2007 Joint Conference on Empirical Meth-

ods in Natural Language Processing and Computational Natural Language Learning

(EMNLP-CoNLL), Prague, Czech Republic, pp. 61–72. Association for Computational

Linguistics.

Chan, Y. S., H. T. Ng, and D. Chiang.

Chang, P.-C., M. Galley, and C. D. Manning (2008, June). Optimizing Chinese word seg-

mentation for machine translation performance. In Proceedings of the Third Workshop

on Statistical Machine Translation, Columbus, Ohio, pp. 224–232. Association for Com-

putational Linguistics.

Chang, P.-C., D. Jurafsky, and C. D. Manning (2009, March). Disambiguating ”DE” for

Chinese-English machine translation. In Proceedings of the Fourth Workshop on Statis-

tical Machine Translation, Athens, Greece, pp. 215–223. Association for Computational

Linguistics.

Chang, P.-C. and K. Toutanova (2007, June). A discriminative syntactic word order model

for machine translation. In Proceedings of the 45th Annual Meeting of the Association

of Computational Linguistics, Prague, Czech Republic, pp. 9–16. Association for Com-

putational Linguistics.

Chang, P.-C., H. Tseng, D. Jurafsky, and C. D. Manning (2009, June). Discriminative

reordering with Chinese grammatical relations features. In Proceedings of the Third

Workshop on Syntax and Structure in Statistical Translation, Boulder, Colorado.

Chen, C.-Y., S.-F. Tseng, C.-R. Huang, and K.-J. Chen (1993). Some distributional prop-

erties of Mandarin Chinese–a study based on the Academia Sinica corpus.



BIBLIOGRAPHY 131

Chiang, D. (2005, June). A hierarchical phrase-based model for statistical machine trans-

lation. In Proceedings of the 43rd Annual Meeting of the Association for Computational

Linguistics (ACL’05), Ann Arbor, Michigan, pp. 263–270. Association for Computa-

tional Linguistics.

Chiang, D. (2007). Hierarchical phrase-based translation. Computational Linguistics 33(2),

201–228.

Chodorow, M., J. Tetreault, and N.-R. Han (2007, June). Detection of grammatical errors

involving prepositions. In Proceedings of the Fourth ACL-SIGSEM Workshop on Prepo-

sitions, Prague, Czech Republic, pp. 25–30. Association for Computational Linguistics.
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