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ABSTRACT
An Investigation into Multi-Word Expressions in MT
Lifeng Han

Multi-word Expressions (MWESs) present challenges in natural language process-
ing and computational linguistics due to their popular usage, richness in variety,
idiomaticity, and non-decompositionality, which are present in the text content in
which they are used. This is a typical level of expectation in the machine translation
(MT) field where we require algorithms to perform a translation from one human
language to another automatically while requiring high-quality output including
features such as adequacy, fluency, and keeping the same or making creative and
correct style decisions in that output.

In this thesis, we carry out an extensive investigation into MWEs in Neural MT.
Firstly, we carry out a review of relevant literature which includes experimental
work on re-examining state-of-the-art models that combine knowledge of MWHEs
into MT systems, but with new language pairs setting to see what gaps might exist
in the published literature. Secondly, we propose our new models on how to address
MWE translations. This includes a design where we treat MWEs as low-frequency
words and phrases translation issues, by integrating language-specific features such
as strokes and radicals representation of Chinese characters into the learning model,
expecting that this will facilitate improved accuracy. Thirdly, to properly examine
different M'T models’ performances in the context of MWEs, we need to carry out
a new evaluation methodology, and in light of this, we create a multilingual parallel
corpus with MWE annotations (AlphaMWE). During the creation of this corpus,
we classify the MT issues on MWE-related content into several categories with the
expectation that this will help future MT researchers to focus on one or some of
these in order to achieve a new state of the art in MT performance, ultimately
moving towards human parity. Finally, we propose a new methodology for human

in the loop MT evaluation with MWE considerations (HiLMeMe).

xiii



Chapter 1

Introduction and Background

“EVERRIEE S, HIR L NI,

It man man gi xiu yuan x1, wu jiang shang xia ér qiu suo.

R (qu yudn, 340BC - 278BC)

This chapter covers an introduction to the thesis and some of the background knowl-
edge behind the research topic. It contains the following sub-sections: Computer
Powered Al (artificial intelligence), Automatic Processing of Natural Languages,

MT (machine translation) Applications, Summary and Thesis Structure.

1.1 Computer Powered Artificial Intelligence (AI)

Artificial Intelligence (AI) is a very broad topic that relies on many research fields
such as reasoning, computational modelling, automation, cognitive modelling, math-
ematical modelling, engineering, psychology, philosophy, linguistics, and ethics. Al
adopts a strategy of mimicking human intelligence (HI) such as cognitive brain and
learning processes and tries to achieve certain levels of Machine Intelligence (MI)
in corresponding tasks, which are often specified as domain and application specific
Al or in general which are known as general Al and can perform at levels even
beyond human experts.

AT became a research discipline back in the 1950s when scientists were still con-
sidering other alternative names for it, such as Thinking Machines, Cybernetics,
Automata Theory, Complex Information Processing, etc., and the term “Al” was
commonly acknowledged to have been coined by the Brain Storm workshop “Dart-

mouth Summer Research Project on Artificial Intelligence” organised by mathe-

1
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matician and computer scientist John McCarthy in 1956 who was then an assistant
professor in Dartmouth College, New Hampshire, USA. These alternative names
at that time reflect how researchers tried to tackle the problems and create a new
research topic, as well as the different backgrounds and disciplines that they were
from. For instance, Thinking Machines indicates the ideology of “thinking”, “mind”
and “cognitive” ability mimicking the human brain, and this inspires the methodol-
ogy from cognitive science and neural-biology related disciplines; Cybernetics is from
communications and automatic control systems; Automata Theory involves theoret-
ical computer sciences, such as Finite State Machines (FSM, or infinite cases), with
“automata” as a borrowed word from Greek meaning “self-making”; and Complex

Information Processing indicates the perspectives from Mathematics and Informa-

tion Theory.

Al started to draw scientists’ attention in the middle of the last century due to the
newly developed technologies of computing machinery, especially the programmable
ones at that time, their demonstrated capabilities, and their potential on what
human experts could expect them to achieve. These technologies and the later

developments, are what people called computer technologies or computer science.

From the invention of rotor-based cipher machine for Enigma cipher code in 1915,
to the starting concept of Al in the 1950s, to IBM’s Deep Blue computer which won
a chess series against world champion Garry Kasparov under regular time controls
in 1997, to IBM’s Watson computer which won the quiz show Jeopardy against
champions Brad Rutter and Ken Jennings in 2011, to Deep Mind’s AlphaGo which
won the Go game against world champion Ke Jie in 2017, there have been many

exciting points in Al development.

Computer powered Al has very broad research fields and applications which
include reasoning, knowledge representation, planning, learning, natural language
processing, perception, motion and manipulation, social intelligence, general intelli-
gence, Al for gaming, speech recognition, image processing, self driving cars, intel-

ligent robots, human computer interaction (HCI), medical diagnosis, Al generated
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art (e.g. paintings), Al for maps (e.g. street view), search engines, information
retrieval, multi-modal applications, spam filtering, etc.

Different Al tasks also impact and interact with each other. For instance, the
street view function from AI maps will depend on image processing and cloud com-
puting technologies; intelligent robotic control needs speech recognition and pattern
recognition; multimodal IR includes IR, video and image processing, etc. [3, 250].
All theses Al developments have been closely connected, attached to, or rely upon
computer hardware, software, and computational power evaluations, in addition to
the learning and reasoning methodologies themselves.

IBM’s Watson is a question-answering (QA) computer system which belongs to
the category of automatic processing of human languages, also known as natural
language processing (NLP). In the next section, we introduce the topic and research
fields of NLP and from there we elicit our thesis topic on machine translation (MT)

and the research focus of this thesis.

1.2 Automatic Processing of Natural Languages

Natural language processing (NLP) is one of the initial goals of Al as well as one of
the most important applications of it. NLP includes natural language understanding
(NLU), inference (NLI), translation and generation (NLG).

Since the second World War, computers have been used for de-cypherment, com-
munications, and information processing, which all involved pioneering NLP tasks.
Up until the present date known as the big-data era with the popularity of infor-
mation on the internet and the support of computer servers, there have been an

increasing number of research topics in NLP and computational linguistics.

1.2.1 Natural Language Processing (NLP) in General

From a broader viewpoint, natural language understanding (NLU) and inference
(NLI) deals with machine reading comprehension and this involves many sub-tasks

including syntactic sentence parsing (e.g. constituency phrase-structure parsing),

3
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semantic sentence parsing (e.g. dependency parsing), entity recognition (e.g. per-
son, location, organisation), entity linking, phonology, morphology and word seg-
mentation, paraphrasing, text entailment, lemmatisation, semantic role labelling,
grammatical error correction, sentiment analysis, emotion detection, and text clas-
sification. NLU and NLI impact natural language generation (NLG) and NLP ap-
plications, such as the tasks of text summarisation, question answering, machine
translation and multilinguality, poem and story generation, information retrieval
and text mining, information extraction and knowledge acquisition, discourse and

pragmatics, dialogue and interactive systems, and computational social science.

In recent years, the topic of multi-modal NLP research connects image processing
and text processing models, such as image captioning where a summary of text needs
to be generated from a image, multi-modal machine translation where both images
and texts are used as input for learning models, and speech translation where speech

recognition and text translation are included in model components.

Ethics and social issues in NLP is another very recent research topic which is also
linked to trustworthy AI'. This includes the privacy protection and de-identification

of private information on NLP data, such as clinical data and medical records.

Among all mainstream NLP tasks, machine translation (MT) is one of the earliest
AT tasks, which formed into a research topic from the 1950s [283] and was reviewed
in the ALPAC progress report in “Languages and Machines” from the US National
Academy of Sciences describing it as a very difficult and challenging Al task in
1966 [4]. During its development, MT has been a very sophisticated research topic
that involves both NLU and NLG, and has connected many other NLP tasks such
as sentence parsing, word segmentation, entity recognition, paraphrasing and text
summarisation. In this thesis, we will tackle the challenges and issues that exist in

present day MT research.

'Ethics in NLP including workshop series at https://aclweb.org/aclwiki/Ethics_in_NLP
and ISO trust-worthy AI guide https://www.iso.org/news/ref2530.html

4
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1.2.2 Machine Translation (MT)

Machine Translation (MT) is a task to translate a text in one human language
into another [138]. MT researchers try to use computational modelling to address
the conventional linguistic text translation problems. MT is an artificial work with
much human and computer intelligence involved. It is a very challenging task for
MT models to achieve accuracy at the level of a human’s expert performance or
what linguists expect as output. From early 1950s to nowadays, MT has experi-
enced several very different research methods, from hand crafted rules, to example
and translation memories, to statistical and hybrid methods, to machine learning
(ML) and neural network models. This evolution of techniques used in MT re-
flects the evolution of programming languages from imperative to declarative, as
well as that of computer hardware, memories, and computational support. Thanks
to the massive available multilingual corpora on the Internet and the continuously
increasing computational power of computer servers, MT outputs have improved
from nonsense to making sense, to getting correct. However, it is still a long way
to reach real “human parity” and in this thesis we will discuss the current problems
in MT and focus on one of the bottlenecks namely Multiword Expressions (MWESs)

which will be explained at length in future chapters (Section 2.4).

As one simple example, let us examine the Chinese-to-English sentence transla-
tion from “F&&” (bai hud, daily Chinese) in Figure 1.1 [109]. Chinese characters
commonly have two writing systems, i.e. simplified and traditional, with the sim-
plified Chinese characters being deployed in mainland China only in recent history
since the founding of P. R. China in 1949 and the traditional characters still being
used in Hong Kong, Macau, Taiwan, and other areas, in addition to historical doc-
uments. The traditional Chinese characters in this example sentence are annotated
with pronunciation in Pinyin format, i.e., “/NHEZ LR 7 Xido ming qit xué
xiao shang ke le”. Pinyin is a phoneticism system created with alphabets to repre-
sent the pronunciations of Chinese characters, including five different tone patterns,

flat (e.g. a), up-rising (e.g. &), down-up (e.g. ), down (e.g. a), and light (e.g. a).
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ZHsource:  /NEAES EER T
ZH pinyin: Xido ming qu shang ke le
EN reference: Xiao Ming went to to attend classes

EN MT output: Xiao Ming went to school

Figure 1.1: Chinese-English MT example from Baihua (Elgﬁ)

In this example, we give one reference translation in English, and one MT output in
English where the MT model produced a non-perfect translation, i.e., some meaning
loss. This example sentence is in modern Chinese called as “Fa5” (bai hua), also
as “MAL” (plt tong hua) or “BIAEEEE” (xian dai han yi), which is different from
ancient Chinese, or ancient scholarly Chinese, named as “3( 5" (wén yan, Wenyan)
that was used by Chinese scholars both in spoken and writing systems in the his-
torical dynasties of the Chinese empire. In this thesis, we will mostly study MT
examples in Chinese-English, and slowly increase the difficulty level with Chinese
poems and proverbs from Classical Chinese (“X &7 wén yan), since a main part of

the experimental examinations in the thesis will be carried out on Chinese-English

bilingual corpora.

In the example translation in Figure 1.1, we show how important it is to under-
stand Chinese pattern expressions in order to translate the correct tense and overall
information in a sentence. The MT output has lost the aim of Xiao Ming’s action
to go to school, i.e., what is his purpose to go there (to attend classes). This reflects
an overall loss of adequacy in MT. In Chinese, there is no direct past tense in a verb,
so an MT model needs to acquire the knowledge of language expression patterns to
be able to translate the tense information and the purpose of the action here. The
Chinese pattern “Z% (qut) ... [ (le)” is a simple dis-continuous Chinese multi-word
expression indicating to express a past tense action (went to do something, went to

somewhere, or went to somewhere for something).
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1.2.3 NLP & MT Organisations and Events

There have been a remarkable number of large projects and organisations focusing
on NLP and MT research. The “Cracking the Language Barrier” is a federation
of European projects and organisations working on technologies for a multilingual
Europe, aiming at development of cross-lingual and multi-lingual language tech-
nologies via shared scientific tasks, evaluation campaigns, strategy papers, data

2 Tt is joined by many

management, resource and technology repositories, etc.
organisations including the Translation Automation User Society (TAUS, a forum
formed in 2004), World Wide Web Consortium (W3C, founded in 1994), Multilin-
gual Europe Technology Alliance (META-NET, a Network of Excellence), European
language resource association (ELRA), Globalisation and Localisation Association
(GALA), and Conversational Interaction Technology Innovation Alliance (CITIA),
ete.

Other large organisations include CLARIN (Common Language Resources and
Technology Infrastructure) which is a European research infrastructure for humani-
ties and social sciences aiming at improving Europe’s multilingual competence, EC-
SPM (European civil society platform for multilingualism), which advocates prac-
tices of and research into multilingualism, EFNIL (European Federation of National
Institutions for Language), which encourages the study of the official European lan-
guages and a coordinated approach towards mother-tongue and foreign-language
learning, and ELEN (European Language Equality Network), which is dedicated to
the protection and promotion of regional, minority, and endangered languages.

In addition to these organisations, there are specifically Machine Translation
(MT) focused groups, such as the International Association for MT (IAMT) and
its branches including the European Association for MT (EAMT), the Associa-
tion for MT in the Americas (AMTA), and the Asian-Pacific Association for MT
(AAMT). Together with the Association for Computational Linguistics (ACL) and

International Committee on Computational Linguistics (ICCL), these groups and

2Home page: http://www. cracking-the-language-barrier.eu
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professional societies have organised MT-focused workshops and conferences, includ-
ing the International Workshop on MT (WMT, now at conference level), NIST MT
challenges, International Workshop on Spoken Language Translation (IWSLT), and
affiliated shared tasks focusing on MT models, evaluations, and quality estimations,

which usually attract system participation from MT groups all around the world.

1.3 MT Applications

MT has broad applications, especially as its quality is getting much improved and
more reliable. We list some of these from four different aspects, MT for a). social
good, b). for healthcare, for ¢). broad humanities, and d). MT impacts on other Al
research. These four examples sometimes have interactions with each other, e.g. a)
and c).

For social good, MT is one of the widely used technologies for helping people.
People from different language backgrounds have always sought communication with
each other, from the Babel Tower story to the modern era. MT helps the field of
secondary language learning for minorities, immigrants, dis-advantaged people and
in general [162, 126]. It also helps multilingual social network communications, for
instance, the automatic translation option in many social network applications.

MT is also being used in healthcare systems. For instance, MT research has
been applied to medical and clinical data processing to help the doctors understand
more about their patients; MT technology is one important part in chat-bot research
among other NLP tasks, which can help doctors in psychological treatments in a
multilingual setting.

For broader humanities, MT helps international business, economic growth,
tourism, cross-language communication with customers. It supports professional
translators and language service providers, e.g. via computer aided translation
tools, as well as helping international family members who do not speak common
languages.

Finally, MT impacts many other Al topics, such as cross-lingual natural language

8
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processing (NLP), information retrieval (IR) and information extraction (IE), speech
recognition and translation, image captioning and translation, etc. [255, 21]. State
of the art MT models have also been applied to traditional Al tasks such as optical
character recognition (OCR) to help the digitisation process [67].

Notable MT and NLP applications include Grammarly (paraphrasing, text en-
tailment, anti-plagiarism detection, grammar checking), Google, Baidu, Microsoft
Bing, and Yandex (their search engines and MT services).

So far, in this chapter, starting from the concept of Computer-Powered Al, we
have introduced NLP as one of the earliest Al tasks, a major branch being MT,
and introduced many notable NLP-MT organisations and international conferences
and events. In Section 1.3, we listed some examples of the broad application of M'T
technology in our society. In the next section, we will briefly lay out the research

background, hypotheses and corresponding research questions of this thesis.

1.4 Research Background and Thesis Hypotheses

1.4.1 Research Background

From rule based MT to statistical (SMT) and neural MT (NMT) models, some
challenges remain in front of MT researchers, such as how to best integrate linguistic
knowledge, how to tackle low-frequency words and phrases translation, and how to
address idiomatic multi-word expressions (MWEs). One of the bottlenecks in the
development of MT models is the popularity and variety of multi-word expressions
(MWESs) being used in our language, both verbally and in written text [235, 10,
125].

In this thesis we focus on the challenge of MWEs in MT, since it has a broader
connection and influence. For instance, it is connected to linguistic awareness, re-
lated to low-frequency phrases translation from statistical point of view, and as well
as related to idiomaticity in translation.

Various definitions of MWEs have included both syntactic structure and se-

mantic viewpoints from different researchers covering syntactic anomalies, non-
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compositionality, non-substitutability and ambiguity [53]. For instance, [11] define
MWEs as “lexical items that: (i) can be decomposed into multiple lexemes; and
(ii) display lexical, syntactic, semantic, pragmatic and/or statistical idiomaticity”.
MWEs have a broad coverage of linguistic phenomena, both syntax and seman-
tics, such as compound nouns, named entities, verb particle constructions, discourse
markers, collocations, lexical bundles, idioms and metaphors, and more. MWESs can
appear in unexpected syntax and can lead to ambiguity. The syntactic richness
and idiomaticity of MWEs also inspires MT and NLP researchers to design new

methodologies, in addition to the challenges it presents [53].

As examples of MWEs in English, there are verb-noun patterns “jump the
gun” and “kick the bucket”, noun-noun combinations “hit man” and “word salad”,
adjective-noun combinations like “cold shoulder” and “hot dog”, binomial expres-

sions such as “by and large” and “nuts and bolts”, just to list a few?.

MWEs can be continuous where all component words form an n-gram together
without gap words. However, they can also be dis-continuous with some other words
inserted in-between. For instance, in our MT example sentence from Figure 1.1, the
Chinese MWE (underlined) “Z% (qu) ... [ (le)” meaning “went to ...(do some-
thing, or somewhere)” has contextual words inserted into the MWE which carry
the objects of the MWE. In this case, “Z (qu)” is a Chinese word indicating “go
to something, or go to do something”, and “ [ (le)” is a marking character to be
affiliated to other words indicating a past or perfect tense. The combination of these
two Chinese characters form a discontinuous MWE pattern indicating “(someone)

went to somewhere or to do something”.

1.4.2 Thesis Hypotheses and Research Questions (RQs)

Our hypotheses and research questions are set out below:

3Some MWE examples are taken from the work in [252].
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Our research hypothesis can be stated simply as follows “MWFEs set challenges for
MT and investigation into MWEs can help to improve MT from both translation
modelling and translation evaluation perspectives.” Expanding on this we propose
that:

Hypothesis.a - Current methodologies addressing MWFEs in M'T can be improved to
include language-specific characteristics and features.

Hypothesis.b - MWEs have a high presence in general usage; however, due to their
unezxpected syntactic patterns and idiomaticity, exact MWEs do not have high statis-
tical frequency in repeated appearance in the same text segments. Thus they can be
addressed using technologies inspired by tackling rare word and OOV words issues.
Hypothesis.c - Current M'T quality assessment models and test suites have disadvan-
tages and we can tackle these by introducing better test suites from the data sanity
point of view and the design of new evaluation methodologies that deploy MWEs as
important features.

Based on our three research hypotheses, we propose the following research questions

(RQs) to investigate:

RQ-I:

We assume that the proper integration of MWE knowledge into MT models can
help to improve translation quality of MWESs in the source text and further improve
the overall text translation. To investigate this we propose a to do list:

- Validate and re-examine the state-of-the-art of existing models of integrating MWEs
into MT but with different language pairs for experimental work.

- Design new methods for integrating MWEs into MT by addressing weak points of
existing models, focusing on exact language pairs.

- Verify the proposed models with quantitative and qualitative evaluations, having
experts’ validation wherever possible.

RQ-II:

We assume a new test suite with MWE annotations can be created for better assess-
ment of state of the art MT models, and an improved MT evaluation methodology
can be achieved with MWESs in consideration and human-in-the-loop workflow. To
investigate this we propose a to do list:

- Rewvisit the problems and challenges in M'T modellings and their assessment, per-
form a critique review.

- Create a corresponding new test suite with MWE annotations in bilingual and
multilingual settings for better M'T quality assessments towards real human parity.
- Address the issues in conventional MT assessment methods, both human judgement
and automatic metrics, and design new methodologies that incorporate MWEs into
the evaluation system.

Regarding RQ-I on translation modelling for the pilot study, we will re-examine
the integration of MWEs into MT as augmented data (addition of training corpus)

in the form of bilingual aligned MWE terms (BiMWEs). Then, we will propose

11
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our own language specific model focusing on Chinese-English language pair using

character decomposition technology for Chinese towards better MWEs acquisition

and translation accuracy. In the next section, we present the rest of the thesis

structure.

1.5 Thesis Structure

The rest of this thesis consists of the following chapters:

(1)

(i)

(i)

MT Problem Analysis (Chapter 2): We discuss MT and its problems,
provide an MT and MT evaluation (MTE) literature review, and finish by

highlighting MWESs as one of the bottlenecks in MT with examples.

Literature Review (Chapter 3): this chapter presents the literature review
on the state of the art models investigating MWEs in MT, with discussions,
and leading to introduction of our hypothesis and research questions for the

thesis.

Experimental work on MT (Chapter 4): this chapter starts with a pilot
study re-examining the very recent models on integrating bilingual MWHEs
(BIMWES) into MT, but with new language pairs and high-performing sce-
narios, as well as new NMT structure. Then, we propose a new methodology
that addresses MWE translation in a language-specific condition, i.e. Chinese-
to-English, by two-step investigations: looking into Chinese linguistic features
and in-depth decomposition models to tackle MWEs from a low-frequency

phrases point of view, as well as the interaction of decomposition models and

BiMWEs.

Further Developments on Evaluating MT (Chapter 5): this chapter
further investigates the research questions by exploring a human in the loop
methodology in evaluating MT outputs looking at MWESs, with the AlphaMWE

multilingual parallel corpora we created as a first step.

12
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(v) Conclusions (Chapter 6): this final chapter concludes the thesis by sum-
marising the research work carried out, to what degree we addressed the hy-

potheses and research questions, and presenting possible future work.
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Chapter 2

Machine Translation:
Development, Issues and

Challenges

In this chapter, we first present a brief literature review of machine translation
(MT) technology, its evolution from rule-based methods to example-based, statisti-
cal methods, hybrid models, and the state-of-the-art neural network models which
our experimental work will rely upon. Then, we present a survey of work on MT
evaluation methodologies from conventional human judgements and their develop-
ment, to automatic evaluation metrics, and quantity estimation (QE) models that
do not rely on reference translations, as well as meta-evaluation, i.e. evaluating the
evaluation methods. Thirdly, we discuss some of the outstanding issues in MT and
MT evaluation paradigms, and from here, we elicit the topic of handling multi-word
expressions (MWESs) as one of the challenges in MT modelling, as well as how MWEs
can play an important role in MT evaluation, and this thesis focus on MWE investi-
gations in MT including the aspects of both translation model itself and translation
evaluation. Our next chapter will focus on MT modelling aspect while the chapter

after will focus on MT evaluation part both looking into MWEs.
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2.1 MT Paradigms: from Rules to Neural

Machine Translation (MT) is a apparently straightforward, but in practice very
complex application of computing. We will utilise state-of-the-art M'T models in
the work reported here, but we first give a brief review of the development of MT
technologies, and then we outline various assessment methodologies for MT, in order

to set the context for our work.

Machine Translation (MT) has a long history dating from the 1950s [283] as
one of the earliest topics in artificial intelligence (Al) and intelligent machines. It
began with rule-based MT (RBMT) systems that apply human-defined syntactic
and semantic rules of source and target languages to the machine, then moved to
example-based MT (EBMT), statistical MT (SMT), Hybrid MT (e.g. the combi-
nation of RBMT and SMT) and then in recent years to Neural MT (NMT) models
207, 37, 142, 131, 45, 9, 273].

MT gained much more attention from researchers following the publishing of
IBM mathematical models I-to-V proposed in the 1990s [27]. Representative SM'T
work includes the word alignment models [210], introducing of Minimum Error Rate
Training (MERT) [208], phrase-based SMT model [147], hierarchical structure mod-

els [44], and large parallel standard data development, e.g. [141], etc.

The increasing complexity of MT technologies encouraged many research groups
to develop open source tools to promote the advance MT technologies, such as the
Moses system featuring statistical phrase-based MT [144], Joshua featuring parsing-
based translations [168], Phrasal incorporating arbitrary model features [41], CDEC
favouring finite-state and context-free translation Models [68], and NiuTrans featur-
ing syntax-based models [290]. Some advanced information technology companies
also built their own MT systems, such as the MT engines by Google!, Baidu?, Yan-

dex?, and Microsoft Bing®.

Ltranslate.google.com
2translate.baidu.com
3translate.yandex.com
4www.bing.com /translator
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A key development in recent years is the development of Neural MT, primarily
thanks to the work on word-to-vector embedding from [195], NMT was introduced
in [131, 45, 9] which deploys both deep learning (DL) and word representation (WR)
approaches. In addition to the above mentioned IT companies who have moved their
MT systems into neural models, there are also other NMT platforms emerging from
other institutes, such as Nematus from the Edinbrugh NLP group [244], OpenNMT
from Harvard NLP [140], THUMT from the TsingHua University MT group [294]
which is an implementation of Google’s all-attention based Transformer model [273].

In earlier work in the mid-1990s, the NMT structure [203] did not work in terms
of the quality of output, which may be due to the limitations of computational power
of machines and the amount of available corpora for training at that time, though
neural networks were also explored later as sub-components in SMT pipelines, e.g.
to smooth or re-rank system output candidates as language models [242, 17]. One of
the driving forces of NMT research was the launch of the NMT Workshop by Google
® in addition to the traditional WMT workshops ¢ that Incorporated NMT sections
or separate NMT translation tasks. MT systems submitted to WMT shared tasks
now mostly use neural models.

There are some other advanced MT topics and issues which remain as challenges
to MT such as multi-modal [71, 124, 30], multi-lingual [31, 129] and syntactic [15,

1, 165] NMT, but these are outside the scope of this thesis.

2.1.1 Statistical vs. Neural Machine Translation: SMT vs

NMT

In traditional SMT, especially phrase-based SMT (PBSMT), there are very clear
components in the model pipelines, such as parallel corpora cleaning and prepa-
ration, word alignment in the bilingual corpora, phrase table extraction from the

aligned corpora to generate translation pairs, language model generation from mono-

Psites.google.com/site/acll7nmt /home
Swww.statmt.org/wmt17/
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Figure 2.1: Typical phrase-based SMT workflow and components

lingual corpora, word reordering with the trained language model, parameter tuning
e.g. minimum-error-rate-training, and translation quality estimation from the sys-
tem generated candidate translations (see Figure 2.1 “Typical PBSMT workflow
and components”). Extended and more sophisticated work beyond these core ele-
ments included hierarchical SMT structure with linguistic patterns, Tree-to-String,
String-to-Tree, and Tree-to-Tree syntactic MT, and dependency parsing based MT,
etc (see Figure 2.2 “SMT branches”).

NMT models treat the task of MT as an encoder-decoder workflow, which is
very different from the conventional SMT (especially PBSMT) structure [46, 142].
The encoder is applied in the source language side, turning the sentences into vector
representations, while the decoder is applied in the target language side generating
the words from the target side vectors. Recurrent Neural Network (RNN) models are
usually used for both encoder and decoder, though there is some research employing
convolutional neural networks (CNN), e.g. [45, 131]. The hidden layers in the neural
nets are designed to learn and transfer information [204]. Later development of NMT

has seen application of Long-Short-Term-Memory (LSTM), Gated Recurrent Units
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Figure 2.2: SMT branches from string level to the sophisticated

(GRU) [49, 48].

One attraction of these forms of neural modelling is that they can produce higher
fluency target language output compared to traditional methods such as SMT. They
also get high scores in automatic evaluation challenge tasks for metrics such as
BLEU, METEOR, and LEPOR [114, 102], and even with human judgement from
the annual WMT shared task.

There are some drawbacks to NMT models including lack of alignment informa-
tion between source and target side, and less transparency. To address these, an
attention mechanism was introduced into the decoder, first by [9] to pay attention
to parts of the source sentence selectively, instead of the whole sentence always,
when the model is doing translation. This idea is similar to alignment functions
in SMT and what human translators usually do when they undertake a translation
task, and follows the fact that earlier, attention mechanisms were applied to neural
nets for image processing tasks [157, 58]. Recently, attention-based models have
appeared in most NMT projects, such as the investigation of global attention-based
architectures [176] and target information [218] for pure text NMT, and the explo-

ration of Multi-modal NMT [124]. To generalise the attention mechanism in the
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source language side, a coverage model is introduced to balance the weights of dif-
ferent parts of sentences into NMT by [268, 193]. Lately development of NMT saw
the introduction of the all/only attention based model Transformer [273]. In addi-
tion, researchers are discussing how to use a pre-trained model called BERT [59],
the Bidirectional Encoder Representations from Transformers [153]. This is shown
in Figure 2.4 “NMT development and branches” where we list only some sample

sub-topics, with many still left to explore.

Some of the components and strategies from SMT are also very useful in NMT
methodologies. For instance bilingual phrase table utilisation in NMT alignment
which is referred to as attention in NMT (mentioned above), and the syntax tree
structure translation. Some traditional MT research issues are the same or
similar in NMT also, such as the disambiguation task and accurate translation of
certain ambiguous words, phrases and multi-word expressions (including metaphor,
proverb and poetic expression), and the addressing of unseen or rare words trans-

lation.

Decoder, NNs

Encoder, NNs
Encoding

Trainer Learned

Parallel corpora
P Neural networks Model

r

Decoding

Figure 2.3: NMT components
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Figure 2.4: NMT development and branches: MWESs in the semantic sector.

Linguistic Structure within NMT

Similar to SMT, researchers have previously tried to integrate syntax, linguistic
sentence structure and knowledge into NMT systems. There have been explorations
of Tree-to-string [72, 165], String-to-Tree [1, 282], and dependency structure NMT
[287] which applied dependency (Figure 2.5) to the source side. One remaining open
research topic for this is the exploration of the Tree-to-Tree structure NMT
learning model (see Figure 2.4 on NMT development). One closely related study is
[43] that applied a T2T structure Neural attentional translation model for program

(coding language) translation tasks.
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Figure 2.5: Dependency example in a Chinese sentence with English translation
from Wu et al. 2017 (IJCAI).

Comparison among MT paradigms

Some research work was carried out on the comparisons between different MT
paradigms. For instance, [18] argued that on a case study of translation quality
on English-to-German language pair using the data from IWSLP2015, LSTM based
NMT with attention model produces translation output that improves word order
in placement of verbs with a large winning margin in comparison to traditional PB-
SMT model. NMT also produced less morphology and lexical errors than PBSMT
in certain degrees. However, as they discussed, NMT still struggles in the aspects
of handling long sentences, as well as the correct reordering of “particular linguistic
constituents” that needs a deep semantic understanding.

MT and language service provider (LSP) Tilde also made comparative evaluation
of their in-house built SMT vs NMT 7. Using professional translators, their evalu-
ation results carried out on Baltic languages such as EN<+>LV and EN<ET show
that NMT system produces more fluent outputs, and handles better word ordering
and “morphology, syntax and agreements” in comparison to SMT.

Similar findings on the strength of NMT was reported by [39] in an educational
domain (on EL, DE, PT, RU) that NMT produced better results regarding fluency,
error-type markup, and post-editing effort. However, the authors mentioned that
the NMT systems they used did not show much improvement on adequacy level as
well as document-level MT performance, in comparison to PBSMT.

Contrarily to the findings from Tilde, the experimental evaluation carried out on

"https://www.tilde.com/about/news/316 last visit 2021.Nov.30th
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German-to-French by [202], showed that NMT produced outputs with less agreement
on differences to be corrected, in comparison to SMT, using customised MT systems
for Swiss Post’s language service. They indicate that NMT have the ability of
producing correct paraphrases, thus BLEU is not adequate for NMT evaluation due

to its strict n-gram matching mechanism.

Similar findings to [39] on the drawbacks of NMT was reported in [268] and [281]
that while NMT systems made great progress in fluency, they produced inadequate
translations. In this thesis (later chapters) we will make contribution in the adequacy

level performance of NMT systems.

Other research work from controlled language study by Marzouk et al. [190] car-
ried out the effectiveness analysis of pre-editing/controlled language given different
MT paradigms on German-to-English. Controlled (natural) languages (CNL) apply
some limitations on natural languages, such as restrictions on vocabulary, gram-
mar, and semantics. These restrictions are expected to make the language easier for
computational models to analyse the text for applications such as MT, knowledge
representation, user understandability, etc. [163, 267, 26]. ® In the comparison
work by [190], nine individual CNL rules are applied during the examinations, e.g.
avoiding participial constructions (pak), avoiding passives (pas), avoiding light-verb
construction (fvg), and language specific rules on German avoiding the construc-
tion sein 4+ zu + infinitive (comparable to the structure to be++to+base infinitive),
etc. Their experimental work shows that CNL rules positively affect rule-based,
statistical, and hybrid MT systems, but not the NMT architecture, where the NMT
system consistently yields better outputs than when using other models both before
and after applying CNL rules. The authors suggest that NMT offers a promising
solution CNL rules are no longer required from the aspect of improving MT output

[189]. However, this finding may be language specific or data dependent.

For rule-based, example-based and statistical phrase based MT, researchers broke

8There has been a regular workshop series since 2008 with the latest event held in 2021 http:
//wwu.sigenl.org/cnl2020.html located in Amsterdam, the Netherlands, called the 7th CNL
workshop.
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up the sentences, and tried to address the MT output as a comparison to what a hu-
man would do, part-by-part of sentences. This is different to earlier MT evaluation
where NMT treated sentences as a whole and encoded entire sentence information.
Even though, later, when researchers tried to improve NMT, they added linguisti-
cally motivated features, such as attention / phrase alignment mechanism, phrase
table enhanced NMT, dictionary usage, etc. and also tried to perform explainable
NMT e.g. NMT learning representations of middle layer performances. Learning

the most transparent representation is still an ongoing topic of investigation.

2.1.2 Summary

Even though the translation quality of M'T models has improved hugely, from non-
sense to making-sense, and even to “almost correct” in certain situations, domains
and language pairs, M'T models continue to be criticised in relation to various issues,
such as their adequacy level, their fluency level, and stylisation [289, 119, 158]. Ade-
quacy reflects how much of the original sentence meaning has remained or is reflected
in the candidate translation, fluency reflects how fluent and natural the candidate
translation sounds, and stylisation refers to whether the candidate translation is in
a correct style according to the source text and the context, or if it creates its own
styles or features (translationese [149, 233, 92]). Professional translators who use
MT systems and perform post-editing also complain about restrictions of creativity
in MT output, being “trapped by MT”, and provide constant negative feedback [29,
148]. In the next section, we present a systematic review on the evaluation of MT

systems and their output.

2.2 MT Evaluation Methodologies

In this section, we present a survey of work published on various MT evaluation
methodologies. This covers the background knowledge, human evaluation methods,

automatic evaluation methods, quality estimation research, and meta-evaluation of
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the evaluation methods. We will present the usage of MWEs in MT evaluation in
the semantic aspects of automatic methods. We also introduce our own contribution
in automatic evaluations, including LEPOR, nLEPOR, hLEPOR, HPPR, and cush-
LEPOR models in different sub-categories. Deriving from the drawbacks of current
MT evaluation methodologies, we will propose our new evaluation methodology in

the later chapter (Chapter 5).

2.2.1 Background

Machine translation (MT) has been one of the main research topics in computational
linguistics (CL) and natural language processing (NLP), and has influenced and been
influenced by several other language processing tasks such as parsing and language
modelling. Starting from rule-based methods to example-based, and then statistical
methods [27, 209, 44, 142], to the current paradigm of neural network structures [45,
129, 273, 153], MT quality continue to improve. However, as MT and translation
quality assessment (TQA) researchers report, MT outputs are still far from reaching
human parity [159, 158, 108] as measured by MT assessment. Thus we can see that
MT quality assessment is an important part of MT research itself, and also for
ensuring the quality of downstream applications. TQA remains a challenging and
difficult task because of the richness, variety, and ambiguity of natural language
itself, e.g. the same concept can be expressed in different word structures and
patterns in different languages, even inside one language [6].

In this section, we introduce human judgement and evaluation (HJE) criteria
that have been used in standard international shared MT tasks and more broadly.
We then introduce automated TQA methods, including the automatic evaluation
metrics that were proposed inside these shared tasks and beyond.

Regarding Human Assessment (HA), we categorise these into traditional and
advanced sets of methods, with the first set including intelligibility, fidelity, fluency,
adequacy, and comprehension, and the second set including task-oriented, extended

criteria, utilising post-editing, segment ranking, crowd source intelligence (direct as-
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sessment), and revisiting traditional criteria. Regarding automated TQA methods,
we present the traditional metrics paradigm that relies on reference translations and
the more recent quality estimation paradigm that is reference-free. We refer to Fig-
ure 2.1 for a diagram demonstrating this difference. We classify metrics into three
categories: simple n-gram based word surface matching, deeper linguistic feature
integration such as syntax and semantics, and deep learning (DL) models, with the
first two regarded as traditional and the last one regarded as advanced, due to the
recent appearance of DL models for NLP. We further divide each of these three cat-
egories into sub-branches, each with a different focus. Of course, this classification
does not have clear boundaries. For instance some automated metrics involve both

n-gram word surface similarity and linguistic features.

We refer to Figure 1.1 for the interpretation of different evaluation paradigms.
For instances the combination of (source, reference, output) triplet for Human Eval-
uation, the (source, output) set for HE and Quality Estimation, and the (reference,
output) set for HE and Metrics. Finally, at the end, we introduce an evaluation
methodology for evaluation methods, i.e. meta-evaluation, on both human and

automatic evaluations.

Related Machine Translation Evaluation Surveys

A systematic survey of work focusing on MT error classifications up to 2005, from
translation teaching and translation industry background, is reported in [243]. This
is one of the earliest attempts to carry out a systematic review of work on MT evalu-
ation, and offered view points from the translator background. In a research project
report from the EuroMatrix project [74], researchers first gave an introduction into
MT history and then they introduced human evaluation of MT and objective eval-
uation of MT as two main sections of the work. Finally, they introduced a list of
popular evaluation measures at that time including WER, SER, CDER, X-Score,
D-score, NIST, RED, IER and TER etc., up to 2007.

Shortly afterwards in another DARPA GALE project report [65], researchers
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first introduced the automatic and semi-automatic MT evaluation measures, and
the task and human in loop measures. They then gave a description of the MT
metrology used in the GALE program, which focuses on the HTER metric as the
standard method used in GALE. Finally, they compared some automatic metrics
and explored some other usages of the metric, such as optimisation in MT parameter
training.

In an extended invited talk, Marquez [185] introduced the Asiya online interface
developed by their institute for MT output error analysis, where they also briefly
mentioned the MT evaluation developments of lexical measures and linguistically
motivated measures, and pointed out the challenges in the quality estimation task.

The work in this thesis differs from existing survey works by introducing recent
developments in MT evaluation measures, the different classifications from manual
to automatic evaluation methodologies, the introduction of more recently developed
quality estimation (QE) tasks, the meta-evaluation methods (evaluating the evalu-

ations), and the concise presentation of these concepts.

2.2.2 Human Evaluation Methods

In this section we introduce human judgement methods for MT evaluation, as re-
flected in Figure 2.6. This categorises human evaluation methods as Traditional
and Advanced. We begin our description with the traditional HE methods, where
we introduce the features of Intelligibility and Fidelity; Fluency, Adequacy and

Comprehension; and further developments.

Intelligibility and Fidelity

The earliest human assessment methods for M'T can be traced back to around 1966.
They include the intelligibility and fidelity used by the automatic language pro-
cessing advisory committee (ALPAC) [38]. The requirement that a translation is
intelligible means that, as far as possible, the translation should read like normal,

well-edited prose, and be readily understandable in the same way that such a trans-
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Figure 2.6: Classification of Human Assessment Methods

lation would be understandable if originally composed in the translation language.
The requirement that a translation is of high fidelity or accuracy includes the require-
ment that the translation should, as little as possible, twist, distort, or controvert

the meaning intended by the original.

Fluency, Adequacy and Comprehension

In the 1990s, the Advanced Research Projects Agency (ARPA) created a method-
ology to evaluate MT systems using adequacy, fluency and comprehension of MT
output [50], which was subsequently adapted for use in MT evaluation campaigns
including [284].

To set up this methodology, a human assessor is asked to look at each fragment,
delimited by syntactic constituents and containing sufficient information, and judge
its adequacy on a scale of 1-to-5. Results are computed by averaging the judgements
over all of the decisions in the translation set.

Fluency evaluation is compiled in the same manner as for adequacy except that
the assessor is asked to make intuitive judgements on a sentence-by-sentence basis for

each translation. Human assessors are asked to determine whether the translation
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is good English without reference to the correct translation. Fluency evaluation

determines whether a sentence is well-formed and fluent in context.

Comprehension relates to “Informativeness”, whose objective is to measure a
system’s ability to produce a translation that conveys sufficient information, such
that people can gain necessary information from it. The reference set of expert
translations is used to create six questions with six possible answers respectively

including, “none of the above” and “cannot be determined”.

Further Development

In work by Bangalore et al. [13] the authors classified accuracy into several cate-
gories, including simple string accuracy, generation string accuracy, and two cor-
responding tree-based accuracy. Other work in [229] found a correlation between
fluency and the number of words it takes to distinguish between human translation

and MT output.

The Linguistics Data Consortium (LDC) designed two five-point scales represent-
ing fluency and adequacy for the annual NIST MT evaluation workshop (referring
to LDC2003T17) °. The developed scales became a widely used methodology when
manually evaluating MT by assigning values. The five point scale for adequacy
indicates how much of the meaning expressed in the reference translation is also
expressed in a translation hypothesis (from None to All); the second five point scale
indicates how fluent the translation is, involving both grammatical correctness and

idiomatic word choices (from Incomprehensible to Flawless English).

We now examine some of the advanced HE methods and introduce: Task-
oriented; Extended Criteria; Utilising Post-editing; Segment-ranking; Crowd-source

Intelligence; and Revisiting Traditional Criteria.

Yarchived document available at https://catalog.ldc.upenn.edu/docs/LDC2003T17 ref.
“TransAssess02.pdf”
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Task-oriented

Work by White and Taylor [285] developed a task-oriented evaluation methodology
for Japanese-to-English translation to measure MT systems in light of the tasks
for which their output might be used. They seek to associate the diagnostic scores
assigned to the output used in the DARPA (Defense Advanced Research Projects
Agency) evaluation with a scale of language-dependent tasks, such as scanning,
sorting, and topic identification. They developed an MT proficiency metric with
a corpus of multiple variants which are usable as a set of controlled samples for
user judgements. The principal steps include identifying the user-performed text-
handling tasks, discovering the order of text-handling task tolerance, analysing the
linguistic and non-linguistic translation problems in the corpus used in determining
task tolerance, and developing a set of source language patterns which correspond
to diagnostic target phenomena. A brief introduction to task-based MT evaluation
work was shown in their later work [66].

Another tasked-based MT output evaluation by the extraction of three types of
elements namely: who, when, and where was, introduced in [278]. They also later
extended their work into event understanding [155].

Our own very recent work on designing a task-oriented M'T evaluation framework
was introduced in [85], which we named as HOPE evaluation metric. HOPE is
based on profession post-editing and annotations using eight pre-defined popular
error types. The initial experiments carried out using English-to-Russian translation
direction on marketing and business domain corpus demonstrate that HOPE is very
effective in reflecting “good enough” translation task evaluation, and in comparing
different MT engines regarding how much percents of their outputs fall into “major

bREN4

error”, “minor error”, and “no need to change” categories.

FExtended Criteria

[139] extended a large range of manual evaluation methods for MT systems which,

in addition to the earlier mentioned accuracy, include: suitability, whether even
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accurate results are suitable in the particular context in which the system is to
be used; interoperability, whether it will operate seamlessly with other software or
hardware platforms; reliability, i.e., does not break down or take a long time to get
running again after breaking down; usability, easy to understand the interfaces, easy
to learn and operate, and looks well; efficiency, when needed, keep up with the flow
of dealt documents; maintainability, being able to modify the system in order to
adapt it to particular users; and portability, one version of a system can be replaced
by a new version, because MT systems are rarely static and tend to improve over

time as resources grow and bugs are fixed.

Utilising Post-editing

One alternative method to assess MT quality is to compare the post-editing correc-
tion to the original M'T output. This type of evaluation is, however, time consuming
and depends on the skills of the human assessor and post-editing performer. One
example of a metric that is designed in such a manner is the human-targeted trans-
lation edit rate (HTER) [251] which is based on the translation edit rate (TER)
metric [212] using the number of editing steps. Here, a human assessor has to find
the minimum number of insertions, deletions, substitutions, and shifts to convert
the system output into an acceptable translation. HTER calculates the minimum

of edits to a new targeted reference, i.e. the post-edited translation.

However, it is not clear how to link the number of insertion, deletion and substi-
tution to exactly how good is the quality of MT output. In our own work that we
mentioned in the task-oriented evaluation section [85], we designed HOPE a human-
centric evaluation framework based on professional post-editing and annotations.
In HOPE evaluation framework, we designed eight commonly occurring error types
including Impact, Required Adaptation Missing, Terminology, Grammar, Mistrans-
lation, Style, Proofreading, and Proper Name error. Each error type can be assigned
with different error severity scores to indicate minor error (from 1 to 4) or major er-

ror (54). Post-editing annotators just need to locate each error that they spot from
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the MT output into the pre-defined error type and assign a corresponding severity
score. HOPE has two variants at the moment, including segment /sentence-level and
word-level, which we calculate how many percent of segments/sentences or words
fall into different error severity levels. The experiments carried out using two dif-
ferent English-to-Russian MT evaluation tasks using Google MT, a customised MT
engine, and DeepLL M'T showed very effective evaluation results using HOPE from

MT output transparency perspective.

Segment Ranking

In the WMT metrics task, human assessment based on segment ranking was often
used. Human assessors were frequently asked to provide a complete ranking over all
the candidate translations of the same source segment [33]. In the WMT13 shared
tasks [20], five systems were randomised for the assessor to give a rank to their
output. Each time the source segment and the reference translation were presented
together with the candidate translations from the five systems. The assessors ranked
the systems from 1 to 5, allowing tied scores. For each ranking, there was the po-
tential to provide as many as 10 pairwise results if there were no ties. The collected
pairwise rankings were then used to assign a corresponding score to each participat-
ing system to reflect the quality of the automatic translations. The assigned scores
could also be used to reflect how frequently a system was judged to be better or
worse than other systems when they were compared on the same source segment,

according to the following formula:

#better pairwise ranking

2.1
#total pairwise comparison — #ties comparisons (2.1)
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Crowd Sourced Intelligence

With the reported very low human inter-agreement scores from the WMT segment
ranking task, researchers started to address this issue by exploring new human
assessment methods, as well as seeking reliable automatic metrics for segment level
ranking [89].

[91] noted that the lower agreements from WMT human assessment might be
caused partially by the interval-level scales set up for the human assessor to make
a quality judgement of each segment. For instance, the human assessor might be
in a situation where neither of the two categories they were forced to choose is
preferred. In light of this rationale, they proposed continuous measurement scales
(CMS) for human TQA using fluency criteria. This was implemented by intro-
ducing the crowd-sourcing platform Amazon Mechanical Turk (MTurk), which has
been popular in both NLP and multimedia research tasks [130], with some quality
control methods such as the insertion of bad-reference and ask-again, and statistical
significance testing. This methodology reportedly improved both intra-annotator
and inter-annotator consistency. Detailed quality control methodologies, including
statistical significance testing were documented in direct assessment (DA) [90, 92].

To achieve better human evaluation, moving from crowd-sourced DA to DA by
professional linguists was implemented in some very recent shared tasks, e.g. WMT-
QE2020 [254], with the expectation that this will produce more reliable reference
scores and rankings, but they only implemented this for a small number of language

pairs due to the high cost of the manual assessment.

Revisiting Traditional Criteria

There has been some criticism of the traditional human TQA methods because they
fail to reflect real problems in translation by assigning scores and ranking several
candidates from the same source [222]. Instead, [222] designed a new methodology
by asking human assessors to mark all problematic parts of candidate translations,

either words, phrases, or sentences. Two questions that were typically asked of the
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assessors related to comprehensibility and adequacy. The first criterion considers
whether the translation is understandable, or understandable but with errors; the
second criterion measures if the candidate translation has different meaning to the
original text, or maintains the meaning but with errors. Both criteria take into
account whether parts of the original text are missing in translation. Under a similar
experimental setup, [223] also summarised the most frequent error types that the

annotators recognised as misleading translations.

2.2.3 Automatic Evaluations of MT

As stated by the Society of Automotive Engineers (SAE) in 2001 when they started
to design an automatic reliable evaluation model (SAE metric) by highlighting error
categories with different weights, “Consistent use of a metric across the industry will
allow tighter control of translation quality. The risks of low-quality translations of
service information include erosion of customer confidence, higher warranty costs,
and (at an extreme) damage to vehicles or injury to people.” 1°

Manual evaluation suffers some disadvantages such as the fact that it is time-
consuming, expensive, not tunable, not reproducible, has subjective characteristics,
and often shows low agreement levels. Due to these aspects, automatic evaluation
metrics have been widely used for MT. Typically, these compare the output of
MT systems against human reference translations, but there are also some metrics
that do not use reference translations. There are usually two ways to offer the
human reference translation, either offering one single reference or offering multiple
references for a single source sentence [171, 102].

Automated metrics often measure the overlap in words and word sequences, as
well as word order and edit distance. We classify these kinds of metrics as “simple n-
gram word surface matching”. Further developed metrics also take linguistic features
into account such as syntax and semantics, including part-of-speech (POS), sentence

structure, textual entailment, paraphrase, synonyms, named entities, multi-word ex-

10 (available archive files https://www.sae.org/standardsdev/j2450p1.htm and http://www.

apex-translations.com/documents/sae_j2450.pdf)
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Figure 2.7: Automatic Quality Assessment Methods for MT

pressions (MWEs), semantic roles and language models. We classify these metrics
that utilise linguistic features as “Deeper Linguistic Features (aware)”. This classifi-
cation is done purely for easier understanding and better organisation of the content.
It is not easy to separate these two categories clearly since sometimes they merge
with each other. For instance, some metrics from the first category might also use
certain linguistic features. Furthermore, we will introduce some recent models that
apply deep learning into the TQA framework, as in Figure 2.7. Due to space lim-
itations, in the appendices we present the MT quality estimation (QE) task which

does not rely on reference translations during the automated computing procedure.

We begin with an n-gram word surface match which includes Levenshtein Dis-

tance, Precision and Recall, and Revisiting Word Order.
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Levenshtein Distance

By calculating the minimum number of editing steps to transform MT output to
reference text, [261] introduced the word error rate (WER) metric into MT evalua-
tion. This metric, inspired by Levenshtein Distance (or edit distance), takes word
order into account, and the operations include insertion (adding word), deletion
(dropping word) and replacement (or substitution, replace one word with another),

the minimum number of editing steps needed to match two sequences.

One of the weak points of the WER metric is the fact that word ordering is not
treated in an effective way. The WER scores are very low when the word order of
system output translation is “wrong” according to the reference text. In the Leven-
shtein distance, the mismatches in word order require the deletion and re-insertion
of the misplaced words. However, due to the diversity of language expressions, some
so-called “wrong” order sentences by WER also prove to be good translations. To
address this problem, the position-independent word error rate (PER) introduced by
[266] is designed to ignore word order when matching output and reference. Without
taking account of the word order, PER counts the number of times that identical
words appear in both sentences. Depending on whether the translated sentence is
longer or shorter than the reference translation, the rest of the words are either

insertions or deletions.

Another way to overcome the unconscionable penalty on word order in the Lev-
enshtein distance is adding a novel editing step that allows the movement of word
sequences from one part of the output to another. This is something a human post-
editor would do with the cut-and-paste function of a word processor. In this light,
[212] designed the translation edit rate (TER) metric that adds block movement
(jumping action) as an editing step. The shift option is performed on a contiguous
sequence of words within the output sentence. Different from HTER we mentioned
in human evaluation section (Section 2.2.2), which generates a post-edited reference
translation, TER is defined as the sum of the number of editing steps divided by

the number of words in a given reference translation.
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For the edits, the cost of the block movement, any number of continuous words
and any distance, is equal to that of the single word operation, such as insertion,

deletion and substitution.

Precision and Recall

The widely used evaluation BLEU metric [213] is based on the degree of n-gram
overlap between the strings of words produced by the MT output and the human
translation references at the corpus level. BLEU calculates precision scores with
n-grams sized from 1-to-4, together multiplied by the coefficient of brevity penalty
(BP). If there are multi-references for each candidate sentence, then the nearest
length as compared to the candidate sentence is selected as the effective one. In the
BLEU metric, the n-gram precision weight A, is usually selected as a uniform weight.
However, the 4-gram precision value can be very low or even zero when the test
corpus is small. To weight more heavily those n-grams that are more informative,
[62] proposes the NIST metric with the information weight added. Furthermore,
[62] replaces the geometric mean of co-occurrences with the arithmetic average of
n-gram counts, extends the n-gram into 5-gram (N = 5), and selects the average
length of reference translations instead of the nearest length.

ROUGE [170] is a recall-oriented evaluation metric, which was initially developed
for summaries, and inspired by BLEU and NIST. ROUGE has also been applied in
automated TQA in later work [171].

The F-measure is the combination of precision (P) and recall (R), which was
firstly employed in information retrieval (IR) and latterly adopted by the information
extraction (IE) community, MT evaluations, and others. [269] carried out experi-
ments to examine how standard measures such as precision, recall and F-measure
can be applied to TQA and showed comparisons of these standard measures with
some alternative evaluation methodologies.

The METEOR measure was designed in [12] as a novel evaluation metric. ME-

TEOR is based on the general concept of flexible unigram matching, whereas preci-
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sion and recall include the match between words that are simple morphological vari-
ants of each other with identical word stems and words that are synonyms of each
other. To measure how well-ordered the matched words in the candidate translation
are in relation to the human reference, METEOR introduces a penalty coefficient,

different to what is done in BLEU, by employing the number of matched chunks.

Revisiting Word Order

The correct word order plays an important role to ensure a high quality translation
output. However, language diversity also allows different appearances or structures
of a sentence. How to successfully achieve a penalty on really incorrect word or-
der, i.e. incorrectly structured sentences, instead of on “correct” different order,
i.e. the candidate sentence that has different word order to the reference, but is
well structured, has attracted a lot of interest from researchers. In fact, the Leven-
shtein distance (Section 2.2.3) and n-gram based measures also contain word order
information.

Featuring the explicit assessment of word order and word choice, [286] developed
the evaluation metric ATEC (assessment of text essential characteristics). This is
also based on precision and recall criteria, but with a position difference penalty
coefficient attached. The word choice is assessed by matching word forms at vari-
ous linguistic levels, including surface form, stem, sound and sense, and further by
weighing the informativeness of each word.

Partially inspired by this, our previous work developed LEPOR [102] (from
Length Penalty, Precision, n-gram Position difference Penalty and Recall). It is
designed as a combination of augmented evaluation factors including n-gram based
word order penalty in addition to precision, recall, and enhanced sentence-length

penalty, as shown in the following formulas.

LEPOR = LP x NPosPenal x Harmonic(aR, fP) (2.2)
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where P and R are for precision and recall, LP for length penalty, and NPosPenal

for n-gram position difference penalty.

Tested on WMT2011 data, LEPOR outperformed AMBER, METEOR-1.3, BLEU,
TER and MP4IBM1 metrics in system-level correlation to human judgements aver-
aged on eight language pairs including Czech/German/Spanish /French<=>English,
achieving 0.77 overall score, including the individually highest scores on Czech=>English

(0.95), and Spanish=>English (0.96) [102].

LEPOR metric has two variants named nLEPOR and hLEPOR representing
n-gram based LEPOR with additional n-gram applied to P and R, and harmonic
mean of LEPOR with the harmonic applied to three major factors of LEPOR. They

are calculated as below [114, 106, 116].

N
nLEPOR = LP x NPosPenal x exp(z wylogH PR) (2.7)

n=1

RLEPOR = Harmonic(wrpL P, Wy pospenaNPosPenal, wgprHPR) (2.8)
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The factor HPR is the harmonic mean of Precision and Recall values.

(v + B) Precisionz Recall

HPR = 2.9
aPrecision + S Recall (2:9)
Aligned,um
Precision = tgne (2.10)
Lengthhypothesis
Aligned,um
Recall = RALS (2.11)
Lengthreference

The n-gram based variant nLEPOR, using only lexical matching [105, 116] was
also verified by MT researchers to be one of the three best performing segment
level automated metrics (together with METEOR and sentBLEU-MOSES) that
correlated with human judgement at a level that was not significantly outperformed
by any other metrics, on Spanish-to-English, in addition to an aggregated set of
overall tested language pairs (en<=>fr/de/es/cs/ru) on WMT2013 data [89].

The weighted harmonic mean variant of LEPOR, i.e. hRLEPOR without using
any external resources, achieved the highest correlations to human judgements on
English-to-Russian language pair tested on the shared task data on WMT2013 (0.77

Pearson score) and Cluster-1 performance on WMT2021 (0.894 Pearson score) at

system level [105, 113].

We now look at methods which integrate linguistic features including Syntactic

Similarity and Semantic Similarity.

Although some of the previously outlined metrics incorporate linguistic infor-
mation, e.g. synonyms and stemming in METEOR and part of speech (POS) in
LEPOR, the simple n-gram word surface matching methods mainly focus on the
exact matches of the surface words in the output translation. The advantages of the
metrics based on the first category (simple n-gram word matching) are that they
perform well in capturing translation fluency, are very fast to compute and have
low cost. On the other hand, there are also some weaknesses, for instance, syn-
tactic information is rarely considered and the underlying assumption that a good

translation is one that shares the same word surface lexical choices as the reference
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translations is not justified semantically. Word surface lexical similarity does not
adequately reflect similarity in meaning. Translation evaluation metrics that re-
flect meaning similarly need to be based on similarity of semantic structure and not

merely flat lexical similarity.

Syntactic Similarity

Syntactic similarity methods usually employ the features of morphological POS in-
formation, phrase categories, phrase decompositionality or sentence structure gen-

erated by linguistic tools such as a language parser or chunker.

In grammar, a POS is a linguistic category of words or lexical items, which is
generally defined by the syntactic or morphological behaviour of the lexical item.
Common linguistic categories of lexical items include noun, verb, adjective, adverb,
and preposition. To reflect the syntactic quality of automatically translated sen-
tences, researchers employ POS information into their evaluations. Using the IBM
model one [27], [220] evaluate translation quality by calculating the similarity scores
of source and target (translated) sentences without using a reference translation,
based on the morphemes, 4-gram POS and lexicon probabilities. [57] developed the
TESLA evaluation metrics, combining the synonyms of bilingual phrase tables and
POS information in the matching task.

In our earlier work [101], we compared the agreement level of POS sequences
from MT output candidate translation and the reference translation. Using the
hLEPOR algorithm from last section, the model with only POS information included
surprisingly achieved the‘ highest correlation score to human judgement on two
language pair translations, en-fr and en-de (bi-direction), in comparison to state of
the art metrics BLEU, METEOR, MPF, AMBER and MP4IMB1. The experimental
testing data was from WMT2011.

The hybrid version of the ALEPOR metric, i.e. ALEPOR (hybrid) combining both
POS as morphology feature and word level similarity, achieved the best performing

metric in the WMT2013 shared task on English-to-other (German, French, Spanish,

40



An Investigation into Multi-word Expressions in Machine Translation

Czech, and Russian) language pairs in system level Pearson correlation (0.86 in
average) to human judgements [114, 106]. This further verified the efficiency of
LEPOR and RLEPOR metric factors that we designed as augmented models. Other
similar work using POS information can be found in [84, 221].

In linguistics, a phrase may refer to any group of words that form a constituent,
and so it functions as a single unit in the syntax of a sentence. To measure an MT
system’s performance in translating new text types, such as in what ways the system
itself could be extended to deal with new text types, [224] carried out work focusing
on the study of an English-to-Danish MT system. The syntactic constructions
are explored with more complex linguistic knowledge, such as the identification
of fronted adverbial subordinate clauses and prepositional phrases. Assuming that
similar grammatical structures should occur in both source and translations, [7]
perform evaluation on source (German) and target (English) sentences employing
the features of sentence length ratio, unknown words, phrase numbers including
noun phrase, verb phrase and prepositional phrase.

In previous work, motivated to facilitate multilingual research and multilingual
NLP tasks, we designed a universal phrase tag-set and the corresponding mapping
across multiple languages and constituency structure tree-banks [104]. This phrase
tagset mapping was then applied into FR-to-EN MT evaluation by comparing the
phrase tagset sequence similarity of parsed candidate translation and source text
with similarity metric HPPR [115]. HPPR is defined as the Harmonic Mean of n-
gram Position penalty, Precision, and Recall. It achieved a strong correlation with
human judgements at a level of 0.63 and 0.59 respectively on development (WMT11)
and testing (WMT12) sets without relying on reference translation. The calculation

algorithms of HPPR is presented as below:

HPPR = Harmonic(wps N1 PosPenal, wp, Ny Pre, wgr.N3Rec) (2.12)

where PosPenal, Pre, and Rec represent position difference penalty (ref. LEPOR
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metric factor), precision and recall respectively, and they are calculated using n-gram
matching where the “n-gram” can set up as different value for each of these factors.
Then, overall, these three main factors are summarised using weighted harmonic

mean.

Other similar work using phrase similarity includes [166], which uses noun phrases
and verb phrases from chunking, and [70], which only uses noun phrase chunking in
automatic evaluation.

Syntax is the study of the principles and processes by which sentences are con-
structed in particular languages. To address the overall goodness of a translated
sentence structure, [172] employ constituent labels and head-modifier dependen-
cies from a language parser as syntactic features for MT evaluation. They compute
the similarity of dependency trees. Their experiments show that adding syntactic in-
formation can improve evaluation performance, especially for predicting the fluency
of translation hypotheses. Other work that uses syntactic information in evaluation
includes [175] which uses an automatic shallow parser and the RED metric [291],

which applies dependency trees.

Semantic Similarity

In contrast to syntactic information, which captures overall grammaticality or sen-
tence structure similarity, the semantic similarity between automatic translations
and the source sentences (or references) can be measured by employing semantic
features.

To capture the semantic equivalence of sentences or text fragments, named en-
tity knowledge is taken from the literature on named-entity recognition, which aims
to identify and classify atomic elements in a text into different entity categories [186,
94]. The most commonly used entity categories include the names of persons, loca-
tions, organisations and time [100, 117]. Named entity features were proved to be
helpful in improving MT outputs from syntactic segmentation and disambiguation

points of view [8]. In the MEDAR2011 evaluation campaign, one baseline system
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based on Moses [144] utilised an Open NLP toolkit to perform named entity detec-
tion, in addition to other packages. The low performances from the perspective of
named entities caused a drop in fluency and adequacy. In the quality estimation of
the MT task in WMT 2012, [28] introduced features including named entities, in ad-
dition to discriminative word lexicon, neural networks, back off behaviour [228] and
edit distance. Experiments on individual features showed that from the perspective
of increasing the correlation score with human judgements, the named entity feature
contributed the greatest impact to the overall performance, in comparison to the

impacts of other features.

Multi-word Expressions (MWEs) set challenges for MT models due to their
complexity in presentation as well as their idiomaticity [235, 109, 108, 110]. To
investigate the effect of MWEs in MT evaluation (MTE), [236] focused on the com-
positionality of noun compounds. They identify the noun compounds first from
among the MT system outputs and reference this with the Stanford parser. The
matching scores of the system outputs and reference sentences are then recalcu-
lated, adding up to the Tesla metric, by considering the predicated compositionality
of identified noun compound phrases. Our own recent work in this area [108] pro-
vides an extensive investigation into various MT errors caused by MWEs which will

be detailed in Chapter 5, especially Sections 5.2.4 and 5.2.5.

Synonyms are pairs or larger groups of words with the same or close meanings.
One of the most widely used synonym databases in the NLP literature is WordNet
[196], which is an English lexical database grouping English words into sets of syn-
onyms. WordNet classifies words mainly into four kinds of part of speech categories;
Noun, Verb, Adjective, and Adverb, without prepositions, determiners, etc. Syn-
onymous words or phrases are organised using units called synsets. Each synset is a
hierarchical structure with words placed at different levels in the hierarchy according

to their semantic relations.

Textual entailment is usually used as a directive relation between text frag-

ments. If the truth of one text fragment TA follows another text fragment TB, then
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there is a directional relation between TA and TB (TB = TA). Instead of pure log-
ical or mathematical entailment, textual entailment in natural language processing
(NLP) is usually performed with a relaxed or loose definition [56]. For instance,
according to text fragment TB, if it can be inferred that the text fragment TA is
most likely to be true then the relationship TB = TA is also established. Since the
relation is directive, it means that the inverse inference (TA = TB) is not ensured
to be true [55]. [40] present a new approach for MT evaluation based on the task of
“Semantic Textual Similarity”. This problem is addressed using a textual entailment

engine based on WordNet semantic features.

Paraphrase means to restate the meaning of a passage of text but utilising
other words, which can be seen as bidirectional textual entailment [5]. Instead of a
literal translation word-by-word and line-by-line used by meta-phrases, a paraphrase
represents a dynamic equivalent. Further knowledge of paraphrases from the aspect
of linguistics is introduced in works by [191, 192, 14]. [251] describes a new evaluation
metric TER-Plus (TERp). Sequences of words in the reference text are considered
to be paraphrases of a sequence of words in the hypothesis text if that phrase pair

occurs in the TERp phrase table.

Semantic roles can be employed by researchers as linguistic features in MT
evaluation. To utilise semantic roles, sentences are usually first shallow parsed and
entity tagged. Then the semantic roles are used to specify the arguments and ad-
juncts that occur in both the candidate translation and reference text. For instance,
the semantic roles introduced by [84, 83] include causative agent, adverbial adjunct,
directional adjunct, negation marker, and predication adjunct, etc. In a further
development, [175] presented the MEANT metric designed to capture predicate-
argument relations as structural relations in semantic frames, which are not reflected
in the flat semantic role label features in [84]. Furthermore, instead of using uniform
weights, the work by [175] weights the different types of semantic roles as empirically
determined by their relative importance to the adequate preservation of meaning.

Generally, semantic roles account for the semantic structure of a segment and have
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proved to be effective in assessing adequacy of translation.

Language models are also utilised by MT evaluation researchers. A statistical
language model usually assigns a probability to a sequence of words by means of
a probability distribution. [80] propose the LM-SVM language model, and support
vector machine methods investigating the possibility of evaluating MT quality and
fluency in the absence of reference translations. They evaluate the performance of
the system when used as a classifier for identifying highly dis-fluent and ill-formed
sentences.

Generally, the linguistic features mentioned above, including both syntactic and
semantic features, are combined in two ways, either by following a machine learning
approach as in [2, 164], or trying to combine a wide variety of metrics in a more

simple and straightforward way, such as [83, 256, 52].

Neural Networks for TQA

We now briefly list some examples of work that have applied deep learning and
neural networks for TQA which are promising for further exploration. One example
approach is [96] which uses neural networks (NNs) for TQA for pair wise modelling
to choose the best hypothetical translation by comparing candidate translations
with a reference, integrating syntactic and semantic information into NNs. In an
alternative strategy,[95] proposed LSTM networks based on dense vectors to conduct
TQA, while [177] designed a new metric based on bi-directional LSTMs, which is
similar to the work of [96] but with less complexity by allowing the evaluation of a
single hypothesis with a reference, instead of a pairwise situation.

Deep NNs based metrics cost a lot of computational powers, in comparison to
traditional lexical based evaluation metrics, for the sake of better performance. To
avoid such cost, but also taking advantage of the pre-trained language models, in our
own work, we proposed to customise the high performing traditional lexical based
metric h(LEPOR towards pre-trained LMs (PLMs), e.g. LaBSE in a distilled manner
[73]. The customised hLEPOR (cushLEPOR) metric using optimised weighting
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parameters trained on German-English and English-Chinese data achieved the first
cluster performance in WMT2021 Metrics Task on both these two language pairs in
News domain competition out of all submissions from different teams [113], scoring
0.763 in average Pairwise accuracy using MQM human annotation methods [| on
en-de, zh-en and en-ru. cushLEPOR(LM) also produced the highest system-level
Pearson correlation score (0.938) to human judgements on en-de in News domain

on WMT2021 metrics task [113].

Furthermore, in addition to the customisation towards PLMs which is cheaper
cost named cushLEPOR(LM), we also offered an alternative cushLEPOR version
that is customised towards human labelled data whenever such data is available on

the deployed language pair named cushLEPOR(pSQM) .

2.2.4 Quality Estimation Methods

In recent years, some MT evaluation methods that do not use manually created
gold reference translations have been proposed. These are referred to as “Quality
Estimation (QE)”. Some of the related work in this area has already been introduced
in previous sections. The most recent quality estimation tasks can be found at the
WMT12 to WMT20 workshops [33, 20, 254] which include our own earlier work [103]
where we investigated statistical learning models including conditional random fields
(CRFs), Support Vector Machines (SVMs), Naive Bayes classifier (NBs) to learn
estimation features such as sentence-length, precision, recall, and part-of-speech
(POS) information. These international workshops defined a novel evaluation metric
that provides some advantages over the traditional ranking metrics. The DeltaAvg
metric assumes that the reference test set has a number associated with each entry
that represents its extrinsic value. Given these values, this metric does not need
an explicit reference ranking, in the way that Spearman ranking correlation does.

The goal of the DeltaAvg metric is to measure how valuable a proposed ranking is

Hsource code and parameters of cushLEPOR is open-source at https://github.com/poethan/

cushLEPOR. WMT2021 shared task data: http://www.statmt.org/wmt21/
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according to the extrinsic values associated with the test entries.

S V(S
DeltaAvg,[n] = kzlnT —V(9) (2.13)
For scoring, two task evaluation metrics are used that have traditionally been used
for measuring performance in regression tasks: Mean Absolute Error (MAE) as a
primary metric, and Root of Mean Squared Error (RMSE) as a secondary metric.
For a given test set S with entries s;,1 < i < |S|, H(s;) is the proposed score for

entry s; (hypothesis), and V(s;) is the reference value for entry s; (gold-standard

value).

MAE = &ty - (2.14)

RMSE =

(2.15)

where N = |S|. Both these metrics are non-parametric, automatic and deterministic
(and therefore consistent), and extrinsically interpretable.

Some further readings on MT QE include the comparison between MT evalu-
ation and QE [257], the QE framework model QuEst [258], the weakly supervised
approaches for quality estimation and the limitations analysis of QE Supervised
Systems [201], and unsupervised QE models [75].

In recent years, the shared tasks have seen attempts to integrate MT quality
estimation and traditional MT evaluation metrics to benefit from knowledge of both
measures. For instance, in the WMT2019 shared task, there were 10 reference-less

evaluation metrics which were used for the QE task, “QE as a Metric”, as well [178].

2.2.5 Meta-evaluation

As shown in Figure 2.8, meta-eval relates to the evaluation methods themselves,

which include some categories that we will introduce below, i.e. statistical sig-
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Apply to: Natural Language Processing eval tasks

Human-in-the-
Loop metrics

Meta-evaluation Metrics as QE

’ Human evaluation ‘ ’ Automatic metrics ‘ ’ Quality estimation ‘

’ Machine Translation ‘

Figure 2.8: Meta-eval of MTE: applying to general NLP tasks

nificance, human judgement agreement levels, correlating manual and automatic
evaluations, and metrics comparisons. Figure 2.8 also contains some recent trends
in MTE fields including “human-in-the-loop metrics” and “metrics as QE” meth-
ods. The concept of upper layer box of Figure 2.8 actually can apply to general

NLP evaluation tasks, not limited to MT evaluation tasks.

Statistical Significance

If different MT systems produce translations with different qualities on a dataset,
how can we ensure that they indeed have different system quality? To explore this
problem, [143] presents an investigation into statistical significance testing for MT
evaluation. The bootstrap re-sampling method is used to compute the statistical
significance intervals for evaluation metrics on small test sets. Statistical significance
usually refers to two separate notions, one of which is the p-value, the probability
that the observed data will occur by chance in a given single null hypothesis; the
other is the “Type I” error rate of a statistical hypothesis test, which is also called
“false positive”, and is measured by the probability of incorrectly rejecting a given

null hypothesis in favour of a second alternative hypothesis [99].
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Evaluating Human Judgement

Since human judgements are usually trusted as gold standards that automatic M'T
evaluation metrics should try to approach, the reliability and coherence of human
judgements is very important. Cohen’s kappa agreement coefficient is one of the
most commonly used evaluation methods [51]. For the problem of nominal scale
agreement between two judges, there are two relevant quantities py and p.. po is the
proportion of units in which the judges agreed and p. is the proportion of units for
which agreement is expected by chance. The coefficient k is simply the proportion
of chance-expected disagreements which do not occur, or alternatively, it is the

proportion of agreement after chance agreement is removed from consideration:

Po — Pe
k= 2.1
- (2.16)

where py — p. represents the proportion of cases in which beyond-chance agreement

occurs and is the numerator of the coefficient [154].

Confidence Sample Size for Evaluation

While automatic machine translation evaluation (MTE) metrics and quality estima-
tion (QE) tools are widely available and easy to access, existing automated tools are
not good enough, and human assessment from professional translators (HAP) are
often chosen as the golden standard [112]. Human evaluations, however, are often
accused of having low reliability and agreement. Is this caused by subjectivity or
statistics is at play? How to avoid the entire text to be checked and be more efficient
with translation QE from cost and efficiency perspectives, and what is the optimal
sample size of the translated text, so as to reliably estimate the translation quality
of the entire material? In our work [86], we carried out such motivated research
to correctly estimate the confidence intervals depending on the sample size of the
translated text, e.g. the amount of words or sentences, that needs to be processed on
translation QE workflow step for confident and reliable evaluation of overall transla-

tion quality. The methodology we applied for this work is from Bernoulli Statistical
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Distribution Modelling (BSDM) and Monte Carlo Sampling Analysis (MCSA). This
work addressed the situation where conventional researchers very often took it for
granted with a random or un-justified number of sample sentences to judge the

overall M'T quality.

Correlating Manual and Automatic Score

In this section, we introduce three correlation coefficient methods that have been
widely used at recent WM'T workshops to measure the closeness between automatic
evaluation and manual judgements. The choice of correlation formula depends on

whether score or rank schemes are utilised.

Pearson Correlation Pearson’s correlation coefficient [216] is commonly rep-
resented by the Greek letter p. The correlation between random variables X and Y

denoted as pxy is measured as follows [197]:
cov(X,Y) oxy

PV IXOVY)  oxoy (2.17)

Because the standard deviations of variable X and Y are higher than 0 (cx > 0 and
oy > 0), if the covariance oxy between X and Y is positive, negative or zero, the
correlation score between X and Y will correspondingly result in positive, negative
or zero, respectively. Based on a sample of paired data (X,Y") as (z;,v;), i=1 to n,

the Pearson correlation coeflficient is calculated as:

PXY

= 2ina (@i — 1) (i — p1y) 2.18
Vi (= )2 (Y — i) (2:18)

where f1, and p, specify the means of discrete random variable X and Y respectively.

Spearman Rank Correlation Spearman rank correlation coefficient, a sim-
plified version of the Pearson correlation coefficient, is another technique to measure
the correlations of automatic evaluation and manual judges, e.g. in the WMT met-

rics task [33]. When there are no ties, the Spearman rank correlation coefficient,
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which is sometimes specified as (rs) is calculated as:

6" 2

=1 ==l 2.19

T'Sp(XY) n(n? —1) ( )

where d; is the difference-value (D-value) between the two corresponding rank vari-

ables (x; — y;) in X = {1, 29, ..., 2, } and Y = {1, Y2, ..., yn} describing the system

@.

Kendall’s T Kendall’s 7 [135] has been used to measure the correlation between

automatic order and reference order [33]. This is defined as:

num concordant pairs — num discordant pairs
T = : (2.20)
total pairs

The latest version of Kendall’s 7 is introduced in [136]. [161] present an overview
of Kendall’s 7 showing its application in calculating how much the system orders dif-
fer from the reference order. More concretely, [156] proposed the use of Kendall’s 7,
a measure of rank correlation, to estimate the distance between a system-generated

and a human-generated gold-standard order.

Metric Comparison

A number of studies have appeared reporting comparisons between different
types of metrics. For example, [35, 32, 160] note that, through some qualitative
analysis on some standard data set, BLEU cannot reflect MT system performance
well in many situations, i.e. higher BLEU score cannot ensure better translation
outputs. Some recently developed metrics can perform much better than the tra-
ditional ones especially on challenging sentence-level evaluation, although these are
not popular as yet. These include: nLEPOR and SentBLEU-Moses [89]. Such
comparisons will help MT researchers to select the appropriate metrics to use for

specialist tasks.
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2.2.6 Discussion

In this section, we examined several topics that can be considered in further devel-

opment of the MT evaluation field.

The first aspect to be developed should involve both n-gram word surface match-
ing and deeper linguistic features. Because natural languages are expressive and am-
biguous at different levels [84], simple n-gram word surface similarity based metrics
limit their scope to the lexical dimension and are not sufficient to ensure that two
sentences convey the same meaning. For instance, [34] and [146] report that simple
n-gram matching metrics tend to favour automatic statistical MT systems. If the
evaluated systems belong to different types that include rule-based, human aided,
and statistical systems, then simple n-gram matching metrics, such as BLEU, give
a strong disagreement between these ranking results and those of human assessors.

So deeper linguistic features are very important in the MT evaluation procedure.

However, inappropriate utilisation, or abundant or abused utilisation, of lin-
guistic features will result in limited popularity of measures incorporating linguistic
features. In the future, how to use the linguistic features in a more accurate, flexible
and simplified way, will be a challenge in MT evaluation. Furthermore, MT evalu-
ation from the aspects of semantic similarity is more reasonable and reaches closer
to human judgements, so it should receive more attention.

The second major aspect is MT quality estimation (QE) tasks, which are different
to traditional MT evaluation in several ways. These differences include extracting
reference-independent features from input sentences and their translation, obtaining
quality scores based on models produced from training data, predicting the quality
of an unseen translated text at system run-time, filtering out sentences which are
not good enough for post processing, and selecting the best translation from among
multiple systems. This means that with so many challenges, this topic will continue
to attract many researchers.

Thirdly, some advanced or challenging technologies that can be further applied

to MT evaluation include the deep learning models [95, 295], semantic logic form,
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and decipherment model.

Comparisons of HE vs. AE

So far, human judgement scores of MT results are usually considered as the gold
standard against which automatic evaluation metrics should try to match. However,
some improper handling in the process can lead to problems. For instance, in the
ACL WMT 2011 English-Czech task, the multi-annotator agreement kappa value k
is very low and even the exact same string produced by two systems is ranked dif-
ferently each time by the same annotator. The evaluation results are highly affected
by the manual reference translations. How to ensure the quality of reference trans-
lations and the agreement level of human judgements are two important problems.

Automatic evaluation metrics are indirect measures of translation quality, be-
cause they usually use various string distance algorithms to measure the closeness
between the MT system outputs and the manually offered reference translations.
They are based on the calculation of the correlation with manual MT evaluation
[199]. Furthermore, automatic evaluation metrics tend to ignore the relevance of
words [142]. For instance, named entities and core concepts are more important
than punctuation and determiners, but most automatic evaluation metrics put the
same weight of importance on each word of the sentences. Third, automatic eval-
uation metrics usually yield scores whose actual values are meaningless, since they
are test set specific and the absolute values are not informative. For instance, what
is the meaning of -16094 as a score by the MTeRater metric [214] or 1.98 score by
ROSE [253] ? Instead, we find our earlier work LEPOR and hLEPOR series includ-
ing nLEPOR and cushLEPOR [102, 114, 106, 73] can give a somehow meaningful
score for a somehow recognised good translation, e.g. the score can be around 0.60
to 0.80.

Automatic evaluation metrics should try to achieve the goals of low cost, reduce
time and effort spent on carrying out evaluation, they should be tunable, should

automatically optimise system performance towards the metric and generate mean-
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ingful scores which give an intuitive interpretation of translation quality. They
should be consistent allowing repeated use of the metric to give the same results,
and they should be correct in that the metric must rank better systems higher,
as mentioned in [142]; of which the low cost, tunable and consistent characteris-
tics are easily achieved by the metric developers. The other two goals (meaningful
and correct) are generally challenges in front of NLP researchers. One of the fu-
ture research direction to address these issues is to customise the automatic metrics
using human judgement labelled data, especially the annotated data from profes-
sional translators, towards the better performances, such as our recently in-house

developed cushLEPOR (customised hLEPOR) [73].

2.2.7 Summary

In this section we have presented a survey of the state-of-the-art in translation qual-
ity assessment methodologies from the viewpoints of both manual judgements and
automated methods, as well as the meta-evaluation of evaluation methods. The
automated methods covered both traditional metrics and advanced quality estima-
tion models without depending on human prepared references. We believe this work
can help both MT and NLP researchers and practitioners in identifying appropriate
quality assessment methods for their work. We also expect this work could shed
some light on evaluation methodologies in other NLP tasks, due to the similarities,
tasks such as text summarisation [181, 19], natural language understanding [234],
natural language generation [82], as well as programming language (code) generation

[169).

2.3 MT Broad Issues and Challenges

In this section, we present a summary of the most important current issues and
challenges in MT. Some of these have been mentioned in previous sections, but we list

them here in different categories in order to group them. We present MT problems
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and challenges from several perspectives: from MT modelling, to corpus issues, low-
resource MT, and assessing MT models. This then leads to an introduction of our

focus in this thesis.

2.3.1 MT Modelling

If we examine translation models, there are several renowned issues that have not
been overcome yet. For instance, from the learning vocabulary perspective, the
translation of rare words and out-of-vocabulary (OOV) words is always a challenge.
The low frequency of OOV words and phrases that can be learned from a training
set leads a model to not being able to acquire the true meaning of such words.
This leads to low quality translation of these rare words and phrases, and some
MT models just keep these rare words in the source text format without translating
them into the output target text, keeping them as foreign words. One effort that
has been made to address this issue is sub-word technology using beta-pair encoding
(BPE) or similar methods [110, 245, 111].

As mentioned in Section 2.1, the interpretation and transparent representation
of neural network models and information flow and the transfer from layer-to-layer
in NMT are still unclear in most cases. This is an ongoing research topic in all ap-
plications of neural networks that attracts many researchers. For instance, [16] in-
vestigated the extracted features from the middle layers of an NMT model and their
different performances in, for example, POS and semantic tagging tasks. Similarly,
[60] investigated the word alignment interpretation in NMT and [174] introduced a
representation learning of words, sentences and documents in neural networks for
different NLP fields.

MT also faces challenges in document level performance since traditional models
always treat each sentence separately as a segment during learning and translating,
ignoring the coherence between sentences. This will lead to a huge translation
quality drop if the sentences that need to be translated are connected and the correct

translation needs contextual knowledge. Some recent work that tries to tackle this
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challenge uses methods such as topic modelling [151], hierarchical attention networks
[194], and there is a recent survey introducing evaluation methods for document-level
NMT [187].

Another drawback of NMT is that NMT systems usually produce better fluent
output, however the adequacy is lower sometimes compared with conventional SMT,
e.g. some meaning from the source sentences will be lost in the translation when
the sentence is long [268, 268, 145, 204, 45]. One reason for this phenomenon could
be due to the above mentioned rare words problem, except for the unclear learning
procedure of neural nets.

There is also a huge computational cost from the very large learning model
issue. As discussed in Section 2.1, to address the word alignment issue in NMT, an
attention mechanism can be introduced to model source encoder, target decoder,
cross encoder-decoder learning, as well as coverage modelling for overall attention
[268, 193, 273]. However, these lead to very large learning models which cost a large
amount of resources and computational support. Thus this is not ideal for many
language pairs and for carrying out practical research. Model distillations have been
a topic of active research and may be a possible solution for this issue. For instance,
[79] designed a teacher-student model and a filtering method based on the knowledge
of the teacher model to reduce the cost of training time. Knowledge distillation is

also receiving attention in other traditional NLP tasks, such as NER [97].

2.3.2 Linguistic Awareness

Linguistic awareness is another problem in state of the art NMT models when they
mostly focus on data-driven machine learning methodologies. Linguistic guidance
for MT can be traced back to the start of MT as a research topic, from rule-based
models to statistical models. Linguistic knowledge can be incorporated into sentence
structural level, e.g. grammar and syntax, and semantic level, e.g. disambiguation,
idiomatic expression, meaning equivalence, and lexical diversity, as well as language

register, e.g. the elegance, style and localisation of translation. Among these chal-
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lenges, researchers have defined some clear sub-tasks, such as translationese, gender
and multi- Word expressions issues, and the challenge of parsing for MT. We expand
on some of these concepts below.

Translationese and gender issues are not new topics, but have started to draw
attention from NMT researchers in recent years. Machine translated outputs are
featured with some characteristics that are odd or unnatural according to profes-
sional translators. The detection of translationese and addressing this problem is
a relatively new topic [149, 233, 92]. Gender is often mistreated by MT models,
or biased for example to the male gender by many online translation platforms,
including Google Translate. This might be due to the training corpus available for
the MT model, but it can also be due to the learning model itself that is not ca-
pable of correctly treating gender related lexical translations. Linguistic knowledge
integration is one possible solution to addressing this situation [54, 237, 272].

Multi-word expressions will influence both the syntax and the semantic aspects
of a sentence and text. Correct recognition of MWEs has an impact on word bundle
and overall sentence structure analysis where ambiguous MWESs such as metaphors
and idioms present a semantic challenge for MT models [108, 110, 235, 109, 10].

As mentioned in Section 2.1, since the SMT paradigm, researchers have been
seeking to incorporate sentence parsing knowledge into M'T models, including con-
stituency parsing and dependency parsing structures. However, this is still a chal-

lenging research topic [72, 282, 43].

2.3.3 Corpus Issues

There are additional issues regarding the corpora we use for NLP and MT tasks.
Firstly, as discussed in [237], the gender imbalance from training data always reduces
the performance of an MT model especially when the language has rich morphol-
ogy and grammatical gender.One effort to address this issue is the creation of the
WinoMT challenge set which aims at measuring gender translation quality from

MT systems. This was created from English to eight other target languages each of
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which have grammatical gender [260)].

Register imbalance is another issue which can arise in an MT training and testing
corpus. Since the large amount of available corpus data almost always comes from
the internet, there are inconsistencies in the register levels. For instance, low register
sequences like “haha” and “thx” sometimes appear in corpora that have high register
segments [108].

Another issue that presents in many training corpora is the “data sanity” prob-
lem. There is research that discusses the test sets that have been used for MT
quality evaluation and which have identified these as a problem. Whether the test
suite can really reflect MT model differences and model quality is a question that
has drawn attention from MT experts. This involves the diversity of the test set, the
quality, coverage and the domains of operation [159, 158, 108]. Data sanity checking

is also an issue in other NLP tasks such as natural language inference [264].

2.3.4 Language Bias and Low Resources

In view of “valuing diversity & committed to equality”, language resources in the
past have been very uneven. For data-driven SM'T and NMT models, this is a big
issue of how to improve model performances in the situation when a large corpus is
not available [249].

There are also many large research projects which have focused on language bias
and low resources in specific languages. For instance, one EU project, the QT21
consortium, has 5 language pairs as its focus, having English as the source language
with the following pairs: English->German, English->Czech, English->Latvian,
English->Romanian; and one having English as the target: German->English '2.

Low resource MT modelling has been a long-term research topic and involved in a
series of shared tasks and workshops [132]. In WMT2021, there are two shared tasks
focusing on low resource MT namely the Multilingual Low-Resource Translation for

Indo-European Languages and Unsupervised MT and Very Low Resource Supervised

Phttp://www.qt21.eu/

58


http://www.qt21.eu/

An Investigation into Multi-word Expressions in Machine Translation

MT 13,

Different methodologies have been proposed to tackle the issue of low resources,
for instance, back-translation, multilingual modelling, unsupervised monolingual
models, knowledge distillation, and NMT optimisation [246, 93, 206, 298].

As suggested by the QT21 project, multilingual embeddings are expected to sup-
port transfer learning from a well-resourced language to under-resourced languages.
To benefit from multilingual resources for overcoming data shortage, multilingual

and zero-shot models are also applied to relevant NLP fields, such as register analysis

[232].

2.3.5 Evaluating MT

As discussed in Section 2.2, MT quality is still far from reaching human parity, and
MT quality assessment plays an important role in overall research into MT [123,
198, 112, 107]. How to correctly evaluate MT models and assess their translation
quality is a very challenging task. Human assessment of MT output quality has
high cost and low agreement levels among human assessors. MT evaluation metrics
have been used in a feedback loop not just to measure output but also to tune MT
model parameters for better performance. As mentioned before, human assessment
results have long been regarded as the gold standard reference for automatic metrics
to learn from and against which to get higher correlation. However, very recent
research from the Google MT group reflected that crowd-sourced human assessors
gave very different rankings to MT system, compared to the ranking of professional
translators, and get even lower correlation levels to the professional translator than
the high performance automatic metrics [77]. The survey work carried out by [130]
also revealed many challenges and issues in crowd-sourcing platforms and discussed
possible methods on how to improve the quality controls of crowd-sourced workers.

However, since the traditional WMT shared task have regarded crowd-source human

3available at http://www.statmt.org/wmt21/multilingualHeritage-translation-task.
html and http://www.statmt.org/wmt21/unsup_and_very_low_res.html. Multimodal LowRes
MT workshop https://sites.google.com/view/mmtlrl-2021/home
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assessors as the gold standard reference, this raises a new issue of how to correctly
guide MT researchers in pursuing this.

Quality metrics have been a driving force for better MT model development
[182]. However, very recent research work reveals that popular automatic evaluation
metrics cannot make a correct distinction among state of the art NMT models,
especially as they make real progress toward human parity. For instance, the BLEU
metric even produced several points drop to better system outputs that human
experts preferred, compared to alternative systems that human experts assigned as
lower quality [78, 76]. These findings are in consistency with the earlier work by
[34, 146] on the mis-leading of automatic BLEU scores. Automatic metrics have
favoured n-gram matched “boring translations”, instead of really better translations
with improved lexical choices. As we discussed previously in Section 2.2.5, statistical
significance and power testing is yet another issue in MT evaluation, when we want
to know if two system really make a difference to output quality[143, 92].

To evaluate state of the art models in a more efficient way, better test sets and
reference sets are also needed. How to better evaluate state of the art translation
models, more accurately, is an open issue. Later in this thesis we will propose a new

test set and a corresponding new evaluation methodology on this, in Chapter 5.

2.3.6 Summary and Thesis Focus

In this section we have introduced the current challenges with MT from different
aspects across MT models, corpora, language resources, and evaluation methods.
In this thesis, we focus on multi-word expressions in MT with the following
rationale. Firstly, MWEs have been a widely recognised bottleneck in NLP for a
long time [235, 53, 10]. Secondly, regarding the issues we mentioned in the last
section, MWEs have an influence across a broad range of topics. For instance,
MWEs present idiomaticity and unexpected syntactical appearances that have a
big influence among rare words and idiomatic phrase translations, and consequently

also on the adequacy issue in MT modelling and linguistic awareness challenges.
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MWEs are an important indicating factor if the MT models which use them are to
achieve real human parity in terms of performance. However, there are currently
no available bilingual corpora available for MT testing, something which belongs
to the corpus issue. Regarding the issue of evaluating MT, there is still a lack of
translation quality assessment methodology with a focus on MWEs even though
relevant knowledge such as named entities and terminologies have been widely used
as features in MT evaluation.

In the next section, we give two MT examples with MWEs investigation where

we explain how MWESs are a bottleneck in state of the art Neural MT models.

2.4 Multi-word Expressions (MWEs) as a Bottle-

neck in MT

For more examples on how MWZEs play a role in MT, we list two Chinese-to-English
MT sentences, one from a popular Chinese poem, and the other a popular Chinese
proverb from an ancient essay. For more examples on how MWEs play a role in MT,
we list Chinese<»FEnglish MT sentences using several state of the art MT systems
including Deepl., Google, Bing, and Baidu MT. The Chinese-to-English examples
in Section 2.4.1 are from popular Chinese poems and proverbs (Classical Chinese),
and the English-to-Chinese examples in Section 2.4.2 are from literature text. These
examples will show the different challenges that MWEs present to modern MT

systems.

2.4.1 Chinese-to-English Examples of MWEs in MT
ZH-to-EN MT in Poem (Z§# shi ge)

For the first example in Figure 2.9, we will see how correct understanding of Chinese
MWEsS can assist disambiguation in machine learning. Conversely, the failure to un-

derstand these MWESs can lead to an incorrect translation of the ambiguous Chinese
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character even in very well aligned poem sentences. The first example sentence is
R RORAEFEL,  BRBKAEAE AARIA] (phoneticism: nidn nidn sui sui hua xiang
s1, sul sul nidn nidn rén bu téng)” from a poem “< AAEFIAS > (dai bei bai téu
weng, translation: A Song of the Elder)” of Tang Dynasty by Xiyi Liu'*, shown in
Figure 2.9.

The source Chinese sentence contains the MWEs “4E4F5%3%” (nidn nian sui sui)
and “BXEK A (sul sul nidn nidn) with clear boundaries. These two MWEs have
the same meaning “each/every year”, however, the MT model used here translated
them in different ways and led to the incorrect translation of the overall sentence. In
this example, the poem contains two sub-sentences that are well aligned with their
inside words. For instance, the MWEs “4£4E 3% 3" (nidn nian sui sui, each/every
year) and “BpKAEAE” (sul sul nidn nidn, each/every year) are aligned to each other
as adverbial phrases specifying the timing; “4£” (hua, flower) and “ A” (rén, people)
are aligned to each other as the subject of the sub-sentences; and “fHfl” (xiang
si, similar) and “A[A]” (bl téng, different) are aligned to each as the action of
the sentences: flowers (are) similar, while people (are) different. Because of the
incorrect translation of the first MWE, or failing to recognise them, the M'T model
did not translate the subsequent character “4£” (hua, flower) correctly, and also
lost the translation of “ A\” (rén, people), reflecting the adequacy loss. The Chinese
character “4£” (hua) is an ambiguous word which can be “spend (money, time)” or
“Hower”. The successful recognition and translation of the two MWEs “4F4E 5% k”
(nidn nidn sui sui, each/every year) and “pXpKH4E" (sul sul nian nian, each/every
year), and their correct alignment, will help the MT system to translate “f£” (hua)
as “flower” instead of “spend” since it is aligned to “A” (rén, people) as a noun,
instead of a verb. In other situations, such as in this example of Chinese Baihua,
FRAE—1, TRWE? (W0 hua yibai, ni ne?)’, it means ‘I spend one hundred, how
about you?’.

We assume that the correct recognition and translation of surrounding MWEs,

1424 7% in Chinese, 651—679, who died at early age due to this famous poem he wrote.

https://zh.wikipedia.org/wiki/
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ZHsource: FEBmBECAEMN, BEEEA

o Nian nian sui sui xiang si, sul sui nian
ZH pinyin: .y
nian rén

are similar each year, while

EN reference:
people year after year.

One year spent similar, each year is

EN MT output: .
outpu different

=t Al

Figure 2.9: Chinese-English MT example from poem (&fak shi ge)

in general, can help the MT model to understand the sentences better overall and

improve the translation of ambiguous Chinese characters.

ZH-to-EN MT in Proverb (X5 wén yan)

As a second example, similar to example one (Chinese Baihua), we show how the
MT model fails to translate a proverb from Classical Chinese Wényan sentence due
to the lack of Chinese MWE pattern knowledge. Even though it is still a popular
saying, the translation of this Wényan sentence is much worse than the translation
of modern Chinese Baihua. This example also contains the multi-character named
entity information as one kind of MWE.

This example, shown in Figure 2.10, is a translation of the ancient Chinese X &
(Wényan) metaphor expression to English: “Hes2 ZZHII5HS 2k ?  (phoneticism:
yan qué an zhi héng hii zhi zhi zai?)” from the book “ L) (shi ji, archive of
history)” ' by Sima Qian. This Chinese expression is often used in modern language
to express someone’s feelings in both verbal and written format. The MWE pattern
“A A (an zhi) B &% (zai) ? 7 is used to express “how can A know B?” or “A
does not know B”. This metaphor is used to describe that some not serious or very
common folks do not know the ambition or great plan of other very motivated ones.

The MT output is poor due to the model not understanding the meaning of the

5From Han Dynasty, 206 BC-220 AD https://en.wikipedia.org/wiki/Records_of_the_
Grand_Historian
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ZH source: oc 28 ZFE\@ ?

ZH pinyin: Yan que zht zhi zai?
EN reference a finch the ambition of
(literal):

EN MT output: What is the meaning of Yanque Anzhihong?

Common folk do not know the ambitions of

EN reference: the very motivated people.

Figure 2.10: Chinese-English MT example from proverb (35 Wényéan, Classical
Chinese)

entities “ME%E (yan que, meaning finch)” and “#%5 (héng hi, meaning big bird,
swan)”, the fixed /patterned expressions “ZHl (an zhi, meaning ‘how to know’
or ‘do not know’)” and “Zi& (zhi zhi, meaning someone’s ambition)”. In the MT
output, we can see that it keeps ‘Yanque’ in the form of the original Chinese pinyin
pronunciation. This may be due to the MT system not acquiring this meaning
equivalent word from its training data. The MT output also failed by putting
‘Anzhihong’ together the pinyin pronunciation of the three Chinese characters ‘%
M1, which makes no sense at all, since “Z Ml (an zhi)’ is one term (patterned
expression) and ‘¥ (héng)’ should be part of another term (named entity) ‘5 ES

(héng hi). The failure to correctly interpret these kinds of expressions presents an

obstacle to effective MT.

2.4.2 English-to-Chinese MT Issues with MWEs

In this section, we introduce some broader MT issues related to MWESs that still
exist for current state of the art MT models. As a complement to the last section
where we used Chinese-to-English examples, here we use the English-to-Chinese
direction which will be in line with our corpus construction work to be carried out
in Section 5.2. The tested example sentences are from literature domain, e.g. from

novels, instead of poems or Classical Chinese (wén yan, X =) that are used in the
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last section. The four MT engines we used are Bing, Google, Baidu, and DeepL.
Regarding MWE related or caused issues and phenomena, these include the following
situations named entities, Fngli-Chinese, misusing MWEs, document-MT, MT on

Chinese Pinyin, and simplified vs traditional Chinese character sequences in MT.

Named Entities (NEs)

Named entities (NEs) in western languages always match multi-character sequences
(MWES) in the Chinese language, even though it could be a single word in the origi-
nal form. In some documentary stories with famous names, including the Bible, the
messed-up translation of the named entities can lead to very inaccurate history, and
cause arguments, e.g. Absalom was the son of David, King of Israel, while Abraham
was the founding father of the Covenant of the pieces, the special relationship be-
tween the Hebrews and God '¢. In this example sentence, Fig. 2.11, the named entity
“Herodian” was correctly translated by DeepL as “fiyfit F (x1 lii wang)”, however,
wrongly translated as “hero” by Bing; the named entity “Absalom” was kept as an
unknown word by Bing without translation, but was wrongly translated by DeepL
into “MIAA$I% (ya bo la hin)”, which is actually another named entity“Abraham”,
and the correct translation in Chinese is the multi-character /word sequence“ 74 J¢

(ya sha 16ng)”'".

Source The Herodian relics are all that relics should be columns distorted, well worked over by
time, Absalom's tomb with its bulbous roof and odd funnel tapering out of it.

DeeplL  ZF1EFHYRMRFAA MR IMERZ 2 FHEIRY > #WATEN TEAFR » WRRIFENE
EHETRZIRE > FIRMRIMEBEHNHE LK - (10 wang ...,... ya bé Ia han)

Bing HEEMEEXY) - BOZEAE TR - BRI - AbsalomPIIE 5 EECIAE AR
B E R/ SE  (ying xiéng..., ... Absalom)

Ref. HETRETE ST F AR - BEEREAERBEONT - P ERANINEFTHEIRE
IRES B TR 3 1RA0 R Sttt MEBEI 8 3K © (<110 wéng ...,... ya sha l6ng)

Figure 2.11: English-to-Chinese MT: named entity

https: //www.thebiblejourney.org
"https://biblehub.com http://biblehub.net /searchchin.php?q= 4k
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Engli-Chinese

This situation occurs when the MT models face some translation of English phrase
patterns, often involving MWEs. We call this Engli-Chinese or EngliChinese, which
means the Chinese sentence sounds like the English pattern based expression. This
can happen if the syntax of the Chinese sentence is in English, or there are some En-
glish input words (or literally translated words) that apparently make the sentence
sound awkward in Chinese.

For the first example sentence, Fig. 2.12 “will find ourselves (forced to) ---”
is an English patterned MWE that should not be translated just word by word
into Chinese. However, DeepL. and Google both made the same mistake by the
literal translation into Chinese, either dropping “find ourselves” in the translation
or replacing “find” as “realise” which would make more sense in Chinese, such as “I%
(ZIRFIA ) A5, jiang (yi shi dao zi ji) bu dé bi”. For the second sentence,
“see the last of its Christianity” contains one idiom “see the last of (someone)”,
however, DeepL, Bing and Baidu all translated it into an awkward Chinese sequence,

especially Baidu, which literally translated it word by word from English plus a

literal moving of “its” to the front.

Misusing MWEs

The current state-of-the-art (SOTA) MT models apparently tried to incorporate tar-
get side MWESs into the candidate output. However, some MWEs in the target side
were wrongly chosen which resulted in the translation having a different meaning.
The output of Deepls with the example sentence in Fig. 2.13 used a Chinese idiom
“Mg K IChM (xiong da wi ndo, literally “big chest, no brain”) to translate “whose
chest is large” which is wrong by virtue of adding some extra meaning that does not
exist in the source text. This may be caused by the training corpora that DeepL
used which have a higher probability to align “chest ... large ..."to “MKICHK (xiong
da w1 ndo)”. In addition, the Google output is not correct either by using “MgK 1

(xiong da le, chest becomes large)” which is different to the original meaning.
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Source | Otherwise we will find ourselves forced to take more serious decisions as regards our trading relations
with Israel.
At times | suspect that the world would be glad to see the last of its Christianity, and that it is the
persistency of the Jews that prevents it.

DeepL | ZFNI » HAVFAIMFEANVFHBES UBIINRS XA LEHESRIAE ° (iang fa xian wd men jiang

béi po)
ANERE > HASERSHEIERENEER - MELENRIMKANMEARL  (kan dao qi zui hou
de ji di jizo)

Bing B > BALFHRERBINSUEBIINR S X AELERINATE © (iang béi po jiu)

ARNERE - tRSBESMBIHEEHNRE—T ' RMKANERFEHEIETE © (kan dao qi j dd jiao de zui hou yi
ge)

Google  FMI » FHAVLEAIME SHEMRS UBIINR S XA MEES=HRANAE - (iang fa xian zi ji béi pd)
ARETE > NSRS EIEEINRE—% - MMKANTEEELTERNKRRE © (kan dao jTda
jiao de zui hou yr mu)

Baidu | F/M » BATHEEN BN S UBIINE S XAEHETRATRE © (iang béi pd dui)

BB  HtRSRESHEIENEEINRE—R » EMRKANEREHEILEETE ° (kan dao ta de jida
jiao de zui hou yi ci)

Ref.

MEUBIRER B X AEREHRIVRE ° (iang yi shi dao zi ji bu dé

bu jit)
BN - HASRSMREERIRFF - MELEENZRNAARNESR - (9n T dU jiao shud bai bai)

Figure 2.12: English-to-Chinese MT: Engli-Chinese

Source | We step into the street and my friend David Shahar, whose chest is large, takes a deep breath and
advises me to do the same.

Deepl  FATH AfK - HAOBARAD-PIA/REATCH » thRIR—O% > BINFE XM - (xiong da wa nZo)

Google A IEHXEE > IR ATI S (David Shahar) MBIAT > FRT —O5 » BRIV IXER -
(xiong da le)

Ref. TP AEK  HHBARAD-WIREERX - MRR—OS > ZINFHSEM - (xiong tang da)

Figure 2.13: English-to-Chinese MT: misusing MWEs

Document-level MT

There are some phrases and MWEs that usually need context information to be
understood correctly first, before translation. In some cases, this is because of
ambiguity, while-others, it is just out of the blue. We present two examples here, one
verbal MWE (vMWE) as an idiom and another as a noun phrase (adj+adj-+noun)
“out of the blue”, in Fig. 2.14. The examples prove that the current SOTA MT
models can’t handle this well yet.

The idiom “swallow one’s pride” means “to decide to do something although it

will make him/her feel embarrassed or ashamed”, and in this context, it means he
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Source Still, it was painful, and he struggled desperately to swallow his pride.

DeepL  sentMT: (EXZRIE - fiHfenipiLEE T H K - (tUn xia zi ji de jido'ao)
docMT: A , XERRBEN , BRI BEETHSHWBE D, (tUn xia zi ji de zi zTn Xin)

Google sentMT: %4 » BBEFEEM - fIFSIFILES TEH KM - (tun xia zi ji de jido'ao)
docMT: REWLL » XERRBEN > izl BT TECHNTHME - (tan xia Zi ji de jido'ao)

Ref. REXRED » el &2 TECHNBE D (EAMER) - (rén xia zi ji de zi zGn Xin méi you zud hui ying)

Context He was about to tell her who he was, but then he realized that it made no difference. The girl was beyond hope.
For five years he had kept William Wilson's identity a secret, and he wasn't about to give it away now, least of all to
an imbecile stranger. Still, it was painful, and he struggled desperately to swallow his pride. Rather than punch the
girl in the face, he abruptly stood up from his seat and walked away.

Source Shrugging, he gives up and I turn to the twice disagreeable chicken and eat guiltily,
my appetite spoiled.

DeepL  sentMT: £T7H#fE, thiFET, BESGXNEIIMRARMBEING » WRMIZE » BOWIKIET © (na zhi liang ci bu
huan ér san de ji)
docMT: ##F , IHFT , REMEETRRTERNEA , AKitiZE , B AHKIF T, (liang ci bu xi huan de ji
rou)

Google sentMT: 8T #/F » AT » HEEPMRLSAITRAIEH » Neattthlz T » HAEOTILT - (na liang di ling
rén tao yan de ji rou)
docMT removing # text =: B8 » AT » BERIFARL ANRIIBHE » Az T - FWEOTIET - (na
liang ci ling rén tao yan de ji rou)

Ref. tETHE  WET > KESGWEPBIASIERREICHIE » RRUIZE - BOZIRT ° (na zhi yin gi lidng ci zhéng
lun de i)

Context  You must never never eat trephena food again." "I can't promise you that. You're asking too much. And just for
one sandwich." "l have a duty toward you," he tells me. "Will you listen to a proposition?" "Of course | will." "So let
us make a deal. | am prepared to pay you. If you will eat nothing but kosher food, for the rest of your life | will send
you fifteen dollars a week." "That's very generous," | say. "Well, you are a Jew," he says. "l must try to save you."
"How do you earn your living?" "In a Hasidic sweater factory in New Jersey. We are all Hasidim there. The boss is a
Hasid. | came from Israel five years ago to be married in New Jersey. My rabbi is in Jerusalem." "How is it that you
don't know English?" "What do | need English for? So, | am asking, will you take my fifteen dollars?" "Kosher food
is far more expensive than other kinds," | say. "Fifteen dollars isn't nearly enough." "l can go as far as twenty-five."
"l can't accept such a sacrifice from you." Shrugging, he gives up and | turn to the twice disagreeable chicken and
eat guiltily, my appetite spoiled.

Figure 2.14: English-to-Chinese MT: document-level vs sentence-level

“did not say anything”, instead, just walked away. '® Here we can translate it as
“ATFHARBEEL (rén xia ziji de 71 zan xin)” or “BAMIEIN. (méi you zuod hui
ying)”. DeepL document level MT gave a good try by using the word “FH &L (z1 ziin
xin)”, however, “# A CLHYHELL (tin xid ziji de 71 ziin xin)” is not a correct way
to say this in Chinese. All other three M'T models, including sentence level DeepL,
and sentence /document level GoogleMT yielded the same literal translation “#x I
F V5B (tun xia ziji de jiao 40)” which makes no sense in Chinese.

From the context, we understand the point that “the twice disagreeable chicken”
in the second sentence means that “the chicken caused two disagreements”. However,

the document level MT of Deepl. and Google both failed to translate this meaning

Bhttps://dictionary.cambridge.org/dictionary /english /swallow-your-pride
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correctly, even though they did make some difference compared with the sentence

level model.

MT on Chinese Pinyin

Out of the four MT models we used, two of them offer the Chinese pronunciation in
Roman alphabets, i.e., Google and Bing, and this is termed “$f¥% (Pin ym)”. The
character “Pf (pin)” indicates writing, and “# (yin)” indicates sounds/reading. We
discuss the issues when MT models offer Pinyin for Chinese characters, which are
sometimes related to MWEs.

The Bing Translator just kept each Chinese character’s Pinyin separated one by
one, without any morphological segmentation. GoogleMT’s output of Pinyin tries
to perform Chinese word segmentation, i.e., concatenate several characters’ Pinyin
together if they belong to the same word (in Chinese sense). However, there are

several apparent errors in GoogleMT’ Pinyin.

1. the Pinyin is wrong itself (totally wrong, or wrong choice in disambiguation

situation);
2. the tone is wrong;

3. the word segmentation is wrong which misleads the understanding of the sen-

tence.

In Fig. 2.15, we listed these three types of error with examples. The first error
type was presented in two different situations, with one due to wrong choice facing
ambiguous pronunciation, and the other is totally wrong.

The characters “#y fff + (X1 lii wang, Herodian)” in the sample sentence with
the named entity issue was wrongly annotated as “X1 1t wan” by GoogleMT, which
belongs to a totally wrong situation . The second sentence of this error, “Z5 il

2

Ki (qu di jing, de-gnoming)” was wrongly annotated as “qu dejing” which is due

YFurthermore, the entity “#7% J (ya sha léng, Absalom)” was wrongly segmented into two
pieces “ff (ya, bet)” and “¥ ¥ (shaléng, salon)”. This leads to mis-understanding.
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Pinyin  Chiense HEEMRAIEMMIAEEY » MELZHREMMITIR > BENENERLTBONT » O RINETERENER

%rg;g: MZ4EHIRS - (x1 L wéng .. ya sha 16ng ..)

wronz; —HEEMIBNEERT > IR EEWE - (qu di jing)

AmbIgU | Google  xT Il wén shidai de yiwl jishi sudydu de yiwi, dou yinggai nitiqli chéng zhiizhuang, suizhe shijian de tuiyi finggud
OL:zng Pinyin  jingxin jiagong, ya shalong de fénmu dai you qilixing de widing hé gité de Iouddu.

Wi

yT zhidao qu dejing de shi zai jinxing, tdmen jit chdng shangqu guankan.

Ref. x1 Ii wéang shidai de yiwu jiishi sudydu de yiwl, dou yinggai niliqli chéng zhlzhuang, suizhe shijian de tulyi inggud
fingxin jiagong, yashaléng de fénmu dai you qilixing de widing hé gité de loudéu.
yT zhidao gudijing de shi zai jinxing, tamen jiu chong shangqu guankan.

Tone Chiense #FFREFR - BEAMBILM LTk - (wei wai)

Wrong REEAR > OEAARTZX > BEMARSILALERF TE © (€ ud s)

Google yizi hén shifu, pijill yijing wéiwéi rang ta shangle téu.
ranhou ydurén shud, xianzai yong bulido dudjit, eludsi rén jili hui rang a 1a fa té xia tai.
Ref. yizi hén shafd, pijid yijing weiweéi rang ta shangle téu.
ranhou ydurén shud, xianzai yong bulido dudjit, éluési rén jili hui rang a a fa té xia tai.
Segmen | Chiense 7E72#iMIZEHAENIRAL - IBFRET —HEREHNZBHAENRAL - MBFRET —HLBEZE - (maidi

tation xun ... chii zii ché)

Wrong TN BA RIS AL - —§FHARZE o (mai df xUn ... guaijido ... )
Google  zai 72 jieé hé maidi xun da dao de guai jiao chu, ta y1 liang chiizd che.
Ref. zai 72 jié hé maidixun da dao de gudijido chu, ta yT liang chiiziché.

Figure 2.15: English-to-Chinese MT: Pinyin on MWHEs

to the character “}f! (di)” which has different pronunciations 2°. Due to the model

failing to acquire the meaning of this term, it chose an incorrect pronunciation.

As another example, the reference sentence from the “common sense” issue in
Fig. 2.15, the named entity “ZZi#3f} (mai di xtn, Madison)” was wrongly segmented
as “Z2iHl (maidi)” and “ifb (xin)”. These two examples also reflect that the current
MT models have issues in recognising or processing foreign named entities. In addi-
tion, the yYMWE “}3F-/R{5 T (zhao shou shi ting le, waved down)” was incorrectly
segmented as “¥3 | F | /K | 17 1 (zhao shou shi tingle)” which should be “¥3F/~{%
| 1 (zhaoshoushiting le)”. This illustrates the issue in accuracy level of automatic
recognition of YMWE. Furthermore, “¥3ff (guii jifio, corner)” and “tHiFH % (chi zt
che, taxi)” are two concrete concepts and should be presented as “gudijiao” and
“chuzuche” which concatenate their internal characters in word-segmentation for-

mat, instead of “guai jiao” and “chuzu che” by GoogleMT.

2Ohttps://baike.baidu.com /item /1 /34380 and https://en.wiktionary.org/wiki /!
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Simplified vs Traditional Chinese

Traditional Chinese characters have rich linguistic knowledge and have naturally
evolved over thousands of years of civilisation from pictographs, while simplified
Chinese characters are from recent history with less than one hundred years of
usage in mainland China. We think it is valuable to study both the two scripts and
their usage in context, especially as the traditional Chinese characters are still being
used by Taiwan, Hong Kong, Macau, and other regions, such as in Kanji characters

(made up of traditional Chinese) in Japan.

When we choose to translate into traditional Chinese, it usually means simply
to replace simplified Chinese characters by traditional ones without changing any
grammatical structure or word choices, but using the same Mandarin Chinese. How-
ever, there are some issues with the mismatching translations, for instance, some
named entities are translated in different ways in simplified or traditional Chinese
by mainland China or Hong Kong / Taiwan.

Different to Mandarin, which is the official language of mainland China, Can-
tonese is another popular dialect of Chinese widely spoken by Hong Kong and
Macau. Cantonese was originally from Guangdong Province, the most southern
part of China, whose capital city “Guangzhou” was also known as “Canton”.

Out of the four MT models, Bing and Baidu offer both traditional Chinese
and Cantonese translation outputs. The difference is that Bing offers Cantonese in
traditional Chinese characters, while Baidu offers it in simplified characters.

In the example sentence in Fig. 2.16, where 2sim/tra/canto means English to
simplified /traditional (Mandarin), and to Cantonese. Regarding the translation of
the title <The Sound and the Fury>, there are at least two issues with the Bing
Translator at this point: firstly, when it translates into simplified Chinese, it actually
uses the named entities from HK/TW translation < 7 % 554X, sheng yin yi fén
nit>, just the simplified character of < ¥ Hl{EZX, sheng yin yu fén ni>, which
is a mess-up. Secondly, when it translates into Cantonese in traditional Chinese,

it does not translate the term < &+ Bl1E %%, sheng yin yii fen nti> correctly by
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Source  Reading The Sound and the Fury last night, | came upon words in Compson's thought that belonged to E E
Cummings and the thirties, not to the year 1910.

DeepL  2sim: FEB%IE (FEAD) » REREHNBEHERTETE-E-BRIRHMN=1TFRNXF » MAR1910FNXF -
(shéng sé quan ma)
2tra/2canto: not available

Google  2sim: FEBEIHEIE (IESound5%Eah) A > HAMEERBEBPAIIIERTRIBHN=1+FK > MAZ1910%F - (xuan
Sound yu sao dong)
2tra: HEBERTRE (IESoundEifEE)) BF - MBMEERBBFFEZBRRBHAN=1+FK > MAL1910%F - (xuan
Sound yu sao dong)
2canto: not available

Bing 2sim: FEERIET (FESIHR) K> BERSHNSKERMTRET EE RIBEN=1T5F/NE » AR 1910 F -
(shéng yin yu fen nl)
2tra: BEEEEE 7 (BEEAER) K REREHRNIEERIE TER E E RPHN=1+5AKME, mMA= 1910 £ - (shéng
yin yu fén nt)
2canto: Z%:EL (BHEIER) B BRGFEEHRTSEERRLERE ERPERE=+FEAEEE, MIEF1910%F © (shéng yin
yu fen nu)

Baidu  2sim: FEBRIE (IBMES D) K> BREREHFNBRERM T —LETE E-RBPHMM=1TFRE » MAZ1910FEAIE -
(xuan hua yu sao dong)
2tra: HERGEE (IEMEEAERE)) K > MEREARNBBEERT —LERE ERPHN=1TERMNEE » MAZ1910FH5 -
(xuan hua yu sao dong)
2canto: SHERS (BWSIERN) IMEHME » HFFEHRMIEELRML—IWARBRE ERIBHR=TFEREF - MIEHR1910
FEREZF - (cdo chao yu sao dong)

Ref. 2sim: FEMEIE (IEMES BER)) » BREREHRNBBFEHNER TR TE-E-RBHN=1TFERHNXTF - MAZ1910FEH -
(xuan hua yu sao dong)
2tra: HERGEE (IEMEEARRE)) > HERSHNBBPEFERTBRE-E-BEBHFMN=+TFERNXF » MAZ19105FH -
(xuan hua yu sao dong)
2canto: Zi%E (BEBER) RMEFRFFEGREEHRESIEE - ZBIRE ERPBHRE=TEREERE - MEBHR1910F -

(shéng yin yu fen nu)

Figure 2.16: English-to-Chinese MT: Mandarin vs Cantonese, Simplified vs Tradi-
tional Chinese.

dropping < #, ym>, in addition to that the overall sentence needs to be improved.
Baidu’s translation of the Cantonese name < MWW 5.0%5)) cdo chio yi sao dong>
is incorrect, although the simplified translation < M&ME 5 5% %)), xuan hud yi sao

dong> gets credit.

Regarding the translation from DeepL, < 75 & K 5, sheng sé quin ma> is a
1974 Chinese movie from HK, which has nothing to do with the tittle <The Sound

and the Fury> in the source sentence.

These mis-translations are partially due to the literal translation issue and am-
biguity. For instances, “F & 50 (sheng yin yii fén ni1)” is literally from “sound
(F51%)” and “fury (192X)”, “BI) (cdo chio) is also connected literally to “loud

(sound)”, and the Chinese movie “F 2K 5 sheng s¢ quian ma” happens to have

“Fi sheng (sound, loud, noise)” as part of its title.

This mis-translation of English named entity issue reflects the difference be-
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tween mainland China and other Chinese speaking regions (Hong Kong, Macau and
Taiwan), also simplified vs. traditional Chinese characters. To train a more pre-
cise MT model for English-to-Chinese, we need to make the corresponding changes
and clarification when we prepare a simplified or traditional Chinese corpus for MT

purpose.

2.5 Summary

In this chapter, we introduced the development of MT from rule-based methods
to statistical and neural models, compared their differences and interaction aspects.
We then presented the evaluation methodology for M'T models covering both human
and automated criteria and metrics, as well as quality estimation (QE) models and
meta-evaluation of evaluating methods. Following that we summarised the broad
issues and challenges remaining in MT research. Finally, we pointed out the focus of
this thesis on an investigation into MWESs in MT by presenting: 1) two Chinese-to-
English translation examples with MWE issues and explained some of the insights
into how the mis-translation of the MWEs causes problems, and 2) detailed MWE
related or caused issues in MT on English-to-Chinese translation direction. In the
next chapter we introduce the literature on how MWEs are handled in current
MT and this leads to the hypotheses and research questions in the thesis on how we
propose to address the challenges in a different way, i.e. using decomposition models
for MT learning towards better MWE translation and designing new evaluation

methodologies incorporating MWEs.
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Chapter 3

Literature Review of Addressing
Multi-Word Expressions in

Machine Translation

In this chapter, we firstly introduce approaches and background about the issue
of MWEs in machine translation, and then present a literature review on existing
investigations into MT modelling. This is followed by a discussion of current issues,
and from there we derive the hypotheses and research questions (RQs) that make

up this thesis.

3.1 Activities and Background Related to MWEs

in MT

There have been some MWE related activities and investigations in the develop-
ment of MT, as well as in the development of other computational linguistics and
NLP research such as lexicon and word-net studies. The international workshop on
MWESs has been organised annually since since 2003 by the SIGLEX-MWE group

(Special Interest Group in Lexicon - MWE section), from the Association for Com-

74



An Investigation into Multi-word Expressions in Machine Translation

putational Linguistics (ACL)'. In 2020 this reached its 16th edition, affiliated to the
COLING conference [183]%. This annual workshop has focused on the analysis, ac-
quisition, identification, discovery, interpretation, disambiguation, annotation and
construction of MWEs from both theoretical and practical aspects. Throughout its
history, it has been co-organised in collaboration with other relevant research topics
including parsing, machine translation, linguistic annotation, and electronic lexi-
cons. A scientific shared task on MWE discovery and identification has been held
for several years starting in 2017 [184, 227, 180], where monolingual corpus with
annotation of verbal MWEs was offered as challenges across different languages,
mainly European ones (the 2020 edition included Chinese, Hindi and other non-
European languages). Our recent work concluded that the shared task test set, like
many other NLP shared task issues, offered an annotated reference set that does not
have good coverage of correct MWEs that system output produced and this in turn
lowered the overall evaluation and system ranking accuracy [200]. In other words,
some well-performing systems were not given sufficient credit for producing correct

MWE annotations.

Another workshop series that has been held every two years is the EUROPHRAS
“Workshop on multi-word Units in Machine Translation and Translation Technolo-
gies” since 2013, and the 4th edition was held in 2019 in Malaga, Spain [215] [118§]
3. EUROPHRAS conferences have been focusing on computational and corpus-

based phraseology, jointly organised by the European Association for Phraseology
(EUROPHRAS) and the Association for Computational Linguistics.

Closely affiliated to the MWE annual workshops there are phraseology and mul-
tiword expression book series that have encouraged research on MWEs and lex-
icography and their interactions and applications with other fields, published by

Language Science Press [200, 238] *.

'https://multiword.org/

2 All proceedings are in the ACL anthologyhttps://www.aclweb.org/anthology/venues/mwe/

3http://www.lexytrad.es/europhras2019/mumttt-2019-2/

‘webpage https://langsci-press.org/catalog/series/pmwe and the 2018 edition at
https://langsci-press.org/catalog/book/204
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A new benchmark task focusing on German verbal idiom disambiguation was
held in 2021 with KONVENS2021°. For verbal idiom examples, let us examine
this sentence “He had a few too many shots of tequila and spent the rest of the
night talking on the big white telephone.” Is the talking on the big white telephone
in this context literally meaning he is talking on phone or is he is vomiting into a
toilet? Sentences like this are a challenge for natural language understanding and
generation tasks, including MT ©.

MWE research also includes named entities (institutions, locations, persons, etc.)
and terminology studies. In the WMT2021 workshop, there was a new shared task
on “Machine Translation using Terminologies” pointing out that in many newly-
developed domains, parallel data are often hard to come by. It is our intuition to
treat word and multi-word level terminologies in terms of consistency and accuracy
for helping to guide professional translators. The shared task aims to develop state
of the art methods incorporating terminology knowledge in training and an inference
process to help MT systems in new domains on the two language pairs English to
French and to Chinese.

From a linguistic background, the MWE phenomenon is related to lexical bun-
dle research as investigated by [299] in a corpus based comparative study covering
English and Chinese journal articles, and [173] in a study of native and Chinese
scholars’ English abstracts taking linguistics and chemistry as an example. Very
recent work by linguists also investigated MWEs as discourse markers where they
use statistical MT to build a parallel corpus to study the corresponding Hebrew
and Lithuanian discourse markers aligned to the pivot English language ones, and
explore their corresponding functional and lexical changes [211]. The English source
text is taken from TED talks. Another very related work is [61] which identifies
structurally fixed discourse marking MWEs in spoken Slovene.

MT is a research task aiming to achieve meaning-preserving transformation from

one human language to another. However, there are many customised terms that

Shttps://competitions.codalab.org/competitions/31715
6Source of idioms https://idioms.thefreedictionary.com/
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native speakers often use in their own language that are not easily captured by
other native language speakers or are not common in other languages. The root of
the customised terms, such as idioms, fixed expressions, and proverbs is generally
connected with the culture and history of the people who speak that language as
native speakers. Due to this fact, the expressions / terms are often not exactly
the same in different languages. This constitutes a significant challenge for MT,
since often literal or surface word translation and such kinds of translations are not
enough to make the meaning fully presented in the target language. As mentioned
in Section 2.4, MWE is a commonly occuring phenomena that can reflect idioms,
fixed expressions (e.g. kick the bucket), customised expression (e.g. once upon a
time), proverbs, and more. In light of this, it is natural to think of the combination
of MT and MWE, e.g., how to correctly translate MWEs in the MT task to make
meaning-equivalent translations. This includes how to combine MWE identification
and MWE prepossessing into M'T models and systems in order to achieve better
translation.

In the next section, we review existing literature that investigates or integrates
MWE knowledge into MT models, including both statistical MT (SMT) and neural
MT (NMT). We discuss state of the art models, their pros and cons, and current
translation quality assessment issues, e.g. lack of indicators on idiomatic expressions

as well as test suit narrative, before leading to our hypotheses and research questions.

3.2 Literature Review of MWE Investigations in

MT

MWEs play a significant role in language understanding and processing tasks, in-
cluding MT. This is due to their very frequent appearances and their concept specific
presentation. How to recognise MWEs correctly and translate them in a meaning-
preserving way, instead of merely surface word translation is a challenging task.

This section introduces existing research work in this area.
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MWEs in MT are related to word sense disambiguation (WSD) [274, 42],
phrase boundary detection, and semantics [271]. Instead of a single word case in
WSD, MWESs are multiple-word expressions, which can be translated in an awkward
way if the translation model cannot translate the actual meaning of an MWE in
the sentence and context, such as metaphorical MWEs (‘apple of someone’s eyes’,
‘kick the bucket’, listed as simple examples). Addressing MWE translation also
addresses the semantic aspects of translation in addition to issues of syntax, e.g.
MWE boundary (detection) and its affects on overall sentence understanding. For
instance, examples in Figure 2.9 and 2.10 show how the MT model produced very
poor output due to not recognising MWE boundaries well. Investigations into WSD
have been carried out in the context of research into NMT. [188] shows that despite
its general effectiveness, NMT does not provide a full solution to the challenges of
WSD. From this result, we have an indication of how challenging it is to find a
solution to the issues of multi-word sense disambiguation in MT. It is highlighted in
[87] that WSD of rare words is especially difficult in NMT. The most recent work

exploring word senses in NMT, e.g. with the transformer model includes [265].

SMT+MWE

We now introduce research work combining SMT and MWEs. The earliest work
that combined MT with MWEs includes [152]. This applied bilingual MWE pairs
to modify the word alignment procedure of MT to improve translation quality on
an English-Spanish corpus. The modification function on alignment was achieved

by grouping the MWESs as one token before training.

Further work includes [230] which integrated bilingual Chinese-English MWEs
into the SMT toolkit Moses, [25] which designed models to extract continuous MWEs
and integrated them into the Moses system for French-English translation, and [248]

which discussed various MWEs in English-Latvian MT. Recent interesting work such

as [69] focused on phrasal verb MWEs in Arabic-English phrase-based SMT.
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NMT+MWE

This section introduces work on the incorporation of MWEs in NMT. MWEs can
appear in different kinds of examples, such as named entities (NEs) [100] when the
entities appear as a chunk of several words. In [167], the author applied a character-
level sequence-to-sequence model to translate named entities and then integrated
this into an overall NMT system on a Chinese-to-English task. This model was
originally designed to solve the unseen word translation issue, but the results show
that NEs in NMT help to improve overall translation effectiveness as measured by
BLEU score. It showed the model can derive higher quality named entity alignment

in the training corpus.

In recent work [270], researchers designed an additional chunk-level (for NE tags)
LSTM layer on the encoder side after the word-level LSTM and embedding layer,
trying to acquire knowledge of the NEs based on tagging. This model is inspired
by the work of [127], who designed a chunk-based decoder, where the word-level
decoder generates target words from the chunk decoder. As a basis for future work,
it would be informative to see what the performance would look like if both chunk-
level LSTM layers are applied to both encoder and decoder, and if it further improves
the performance when integrating a chunk-level layer into the new state of the art
transformer NMT structure. This could be further work to investigate.

Similar to the ideas from [230, 25|, in [231], the authors showed how enhancing
MWE knowledge by adding it into a corpus can improve NMT even with very simple
integration. For example, they extracted bilingual MWEs in their corpus and added
bilingual MWEs pairs and sentence pairs that included the MWEs into a parallel
corpus to train a NMT system in English to Czech and English to Latvian MT.
The authors developed an alignment visualisation tool to view the improvement in
MWE alignment. The neural network platform they used is from Neural Monkey
[120]. 7

TOur first experimental investigation of MWEs in MT for pilot study will take this model’s
pipeline but with new language pairs English-Chinese and English-German, and new NMT struc-
ture.
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3.3 Discussion: Revisiting MT Issues and Thesis

Hypotheses

We know that MWEs form a bottleneck in advancing MT and NLP technologies.
MWESs have been explored for many NLP tasks due to their idiosyncratic nature
[235, 53]. As we noted earlier, MWEs can be presented in many different linguistic
categories such as idioms, metaphor, customised phrases, named entities, (semi-
/) fixed expressions, amongst others. For instance, kick the bucket, apple of my
eye, for idiom and metaphor; Washington, D.C., National Academy of Science, and
Donald Trump for location, institutional or personal names respectively; are all fixed
expressions. Knowledge of MWE boundaries and their meaning acquisition is very

important for many NLP tasks, including MT and information extraction.

Secondly, as we discussed in the MT issues section (Section 2.3), there are many
problems and challenges that still remain. These span from MT modelling (rare
words, adequacy) to corpus (register, data sanity), language bias (resources), lin-
guistic awareness (gender, MWEs), and translation quality evaluations (reliability

and accuracy).

Thirdly, the investigation of MWEs in MT has a long history, although not much

work has been done in this field and there is much scope for further exploration.

From the MT modelling perspective, the fluency level has been improved largely
with Neural MT structures on high resource language pairs. However, how can the
adequacy level of translation be further improved, especially for MWEs with id-
iomatic and metaphorical expressions? Many researchers have re-investigated work
that claims to achieve parity of MT models with human translation and discussed
the limitations of the “human parity” model on its test suite, domain, and evaluation

methodologies, and reveal false claims [159, 108, 198].

From the MT evaluation perspective, firstly, well-established automatic metrics
such as BLEU do not correlate well to professional translators’ judgements, which

has been verified by very recent research work such as [77]. Thus, there is a need
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to create new and more reliable MTE methods that consider the semantic aspect of
evaluations, such as a human in the loop workflow. Secondly, there is a big issue
on the test set that has been widely used in WMT community. There are very
limited domains in the current practice, such as News, or TED talks. However,
as reflected in our earlier MT examples in Section 2.4, MWEs set bottlenecks in
MT in the literature text and this huge challenge cannot be recognised adequately
without making new efforts by introducing proper multilingual test suites that cover
literature domains. Furthermore, better quality test suits also mean that there shall
be as little as possible, or no errors existence; however, the current WMT shared task
test suites have translation errors in their official reference translation text, which
can be mis-leading during evaluation stage, and we will list such examples in our
later section of the thesis. Such errors can be reduced by some strict quality control
measurements. Finally, it will be helpful to have some linguistically annotated test
set, e.g. with highlighted MWEs that we more difficult to translate, and such test
set will be very handy for human-targeted evaluation methods.

Following our critique earlier with the aforementioned literature reviews (Sec-
tion 2.1, 2.2 and 3.2) and discussions (Section 2.3 and 3.3), in this thesis, we aim at
tackling the current challenges from both translation models and their evaluation
(quality assessment) methods perspectives by looking more closely into MWEs.

This leads to our hypotheses and research questions which we investigate in
this thesis as mentioned in Section 1.4.2, where the first part of hypotheses focuses
on the possibility of improving and proposing new research methods of addressing
MWE challenges in MT modelling; and the second part of hypotheses focuses on the
capability of developing a new multilingual test suite that covers literature domain
text and has MWE annotations, and a new human-in-the-loop evaluation method

looking into MWEs based on the newly developed test suite.
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Chapter 4

Experimental Investigations into
Multi-Word Expressions in

Machine Translation Modelling

This Chapter reports a series of experimental investigations into the use of MWEs
in NMT. We re-examine state-of-the-art models that have been introduced in this
field in recent years in the first section, Section 4.1, but using different language
pairs and a new NMT structure which forms a stronger baseline. The section is
designed as a learning section where we learn lessons from peer state-of-the-art work,
leading to a discussion on the disadvantages and on how or where we can make any
improvements. In Section 4.2 we propose our own methodology for tackling MWE
issues in MT with a different approach (decomposition modelling), but with the first
section’s knowledge as a feature set in our own model to examine their interaction.
Both sections include subsections on motivation, model design, experimental setup,

and discussion. Finally, we provide a summary in Section 4.3.

Before moving to the first section, we provide a working definition of MWEs
for our experimental investigation. Conventional researchers have defined MWEs
from the perspectives of decompositionality and idiomaticity, as we mentioned in

Section 1.4. Following this inspiration, from a multilingual setting, we define an
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MWE as a group of lexemes that are formed into a pattern to carry one concept or
expression. This pattern can be semi-fixed or fixed, and it can be in a presentation
of continuous lexemes or discontinuous ones. For instance, the Chinese MWE “Vt4K
1% (x1 y1 j1)” has three character components “¥% (xi)”, “& (y1)”, and “B¥ (j1)”, of
which “¥% (x1)” can be an independent word meaning “wash (something)”, “& (y1)”
is from the word ‘2R (y1 f1)*” meaning “cloth(es)”, and “#% (j1)” is from the word
“B&%% (j1 ql)” meaning “machine(s)”. All together, these three Chinese characters
form a Chinese MWE carrying the concept of a “washing machine” which is a
corresponding noun phrase (verb-ing + noun) terminology in English. In German,
this is translated into one word “Waschmaschine” which belongs to one kind of
MWEs that was listed in Section 1.4 called compound nouns. In Section 4.2, we
propose to address MWE translation using Chinese character decomposition models
from the following motivations: a) the Chinese MWEs in text can appear as low-
frequency words or phrases due to their unique patterns (lexemes combination) being
used, b) character decomposition turns lower frequency Chinese MWEs into higher
frequency sub-characters such that the M'T models can acquire more knowledge from

such words at the learning stage.

4.1 Pilot Study with the State-of-the-Art Models

As discussed in our earlier literature review when investigating the use of MWHEs
in MT, one recent work is from [231] where bilingual MWE terms are automati-
cally extracted and added back into the training corpus to enhance the Neural MT
modelling learning, in language pair settings of English to Czech and English to
Latvian. Due to the simple concept of the methodology and its surprisingly good
performance in their work, we re-investigate this methodology with an automated
MWE pairs extraction and alignment procedure, but with higher-performance lan-
guage pairs of German-English and Chinese-English. We then apply the extracted
bilingual MWEs subsequently in the translation task, with a new state-of-the-art

attention based NMT structure Transformer [273], to examiner whether this method
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helps MT from high-performing language pairs.

4.1.1 Bilingual MWE (BIMWE) Extraction Models

Following the bilingual MWE extraction methodology proposed by [231], where the
authors evaluated their model on English to Czech and English to Latvian languages,
we re-examine this methodology with new language settings of German-to-English

and Chinese-to-English where large amounts of resources are available.

English-to-German

The root parallel corpus that is used here is from the WMT2017 German-English
MT training task!. This contains 5.8 million German-English sentences. To create
a suitable bilingual MWE corpus we adopted the following procedure, shown in

Figure 4.1.

parall copusA  MWEA Biingual

—> —-> MWEs

corpora

-
corpus-8.

Top: corpora-flow; Middle: work-flow; Bottom: tools and techniques

Figure 4.1: MultiMWE corpora extraction workflow.

o Morphological tagging of DE and EN.

o Tagged DE/EN into XML format.

Design MWE-patterns for DE/EN

Extract Monolingual MWEs with MWEtoolkit

¢ Generate DE-EN lexicon translation probability files with Giza++ and Moses

http://data.statmt.org/wmt17/translation-task/preprocessed/
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o Align Bilingual MWEs with MPAligner

Firstly, Treetagger? [240] was used to tag English and German sentences with mor-
phological information, namely PoS and lemma information. The English and Ger-
man morphological tag-sets we used were from the British National Corpus (BNC)?
and STTS* corpora. Secondly, we performed a mapping of the English POS patterns
for MWE extraction from PENN used in [231] to BNC. We designed the German
POS patterns for MWE extraction and then the English and German monolin-
gual candidate MWEs were extracted using MWEtoolkit [226] with the correspond-
ing MWE patterns and the morphological corpus. Thirdly, the MWE-tools® from
[231] were used to convert the extracted two monolingual candidate MWE files into
MPAligner format. Fourthly, we ran word alignment tools Giza++ and SMT plat-
form Moses to get the lexical translation probability files of German-English in both
directions [209, 144]. The bilingual MWEs were aligned using MPAligner® devel-
oped by [219] with the corresponding translation estimation probability. Finally, we
examine the use of extracted bilingual MWEs in NMT experiments. We choose a
new state-of-the-art attention-based Transformer model for MT experiments, with

the open source package THUMT from the Tsinghua University NLP group’.

Chinese-to-English

To the best of our knowledge, there is no openly available bilingual MWE corpus
of Chinese-English (ZH-EN), which means we needed to create our own. For a root
parallel training corpora, we use the publicly available WMT2018 Chinese-English
pre-processed (word segmented) data. However, due to computational limitations in
the follow-up NMT experiment, we chose to use the first 5 million parallel sentences

as a training set.

Zhttps://www.cis.uni-muenchen.de/~schmid/tools/TreeTagger/
3http://www.natcorp.ox.ac.uk/docs/c5spec.html
‘https://www.cis.uni-muenchen.de/~schmid/tools/TreeTagger/data/stts_guide.pdf
Shttps://github.com/M4t1ss/MWE-Tools

bhttps://github.com/pmarcis/mp-aligner

"http://thumt.thunlp.org
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The monolingual MWE extraction and bilingual MWE alignment procedure was
mostly the same with German-English, except for some additional processing that

we list as following.

« POS pattern design.
o Stop-word list preparation.

o Chinese-English translation probability files.

MWEs can appear in Chinese in a range of ways, such as fixed (or semi-fixed)
expressions, metaphor, idiomatic phrases, and institutional, personal or location
names, amongst others. For the part of speech (POS) patterns that MWHEtoolkit
required for MWE extraction, we performed a POS pattern mapping from English to
Chinese and added some other Chinese POS tags that apparently point to MWEs, as
shown in Table 4.1. These include idioms, fixed expressions, personal names, place

names and organisation names. The Chinese tagset is from the Lancaster Corpus

of Mandarin Chinese (LCMC)?.

i | idiom

1 | fixed expressions
nr | personal name
ns | place name

nt | orgnisation name

Table 4.1: Added Chinese Patterns for MWEs from the LCMC Tags

In the bilingual MWE alignment step, MPaligner requires a stop word list for
each language. We used some open-source packages to build a Chinese stop word
file, including the lists from Chinese leading information technology (IT) company
Baidu and NLP institutes in the Harbin Institute of Technology (HIT) and Sichuan

University. These packages are open source and are available on Github °. We

8https://www.lancaster.ac.uk/fass/projects/corpus/LCMC/
https://github.com/stopwords-iso and https://github.com/goto456/stopwords
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removed duplicates when concatenating the word lists together resulting in 2,361

Chinese stop words in the merged file.

Similarly, we ran the Giza++ and Moses toolkits to get the Chinese-English
lexicon translation probability files from both directions. These files were used for

bilingual MWE alignment by MPaligner.

Bilingual MWE Filtering

We manually examined the extracted bilingual MWEs and found that the MPAligner
aligned bilingual MWEs have large amounts of noise, especially for German-English
pairs. The output for German-English bilingual MWEs contains many candidates
that have very low translation probabilities between 0 and 0.5. For example, the
English term ‘European Commission’ is aligned with German ‘Européische Kommis-
sion” with 0.97 translation score, while ‘upcoming events’ is also aligned to German
‘Européaische Kommission” with 0.22 translation probability. This may be due to
their co-occurrence and morphological patterns adj+noun, we refer to Figure 4.2
(the higher the estimation scores, the better extracted bilingual candidates) for ex-
amples. This also reflects one of the MT issues raised earlier in Section 2.3 where
statistical models often fall into a linguistic blind situation. The extracted Chinese-
English bilingual MWESs generally have higher translation probability above 0.5 and

are of better quality as illustrated in Figure 4.3.

To filter out any low-quality bilingual MWE pairs, we chose to experiment
with two thresholds, i.e. 0.70 and 0.85, respectively in our experiments. The ini-
tially extracted and subsequently aligned bilingual MWEs are 27,688,373 pairs and
172,900 pairs for German-English and Chinese-English respectively. The package
we deployed in automatic processing is very focused on Western languages, e.g.
the MPaligner and MWEtoolkit, and this leads to a large proportion of errors in
the Chinese-English corpus processing. Thus the extracted pairs in ZH-EN are far
smaller sized than in DE-EN. After pruning with an alignment threshold of 0.70 as

shown in Figure 4.4 with samples and 0.85, the German-English MWEs moved to
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German English Estimation
europaische european
Kommission commission Yo BTN
upcoming events european

commission 0.071845
upcoming events upcoming events 1
europaische upcoming events
Kommission 0.22279
lokaler Burgerforen hall meetings 0.294691
lokaler Burgerforen local fora 0.526792
anstehende local fora
Entscheidungen YodSdiee
lokaler Burgerforen town hall 0.159491

lokaler Birgerforen town hall meetings 0.229983

anstehende town hall meetings

Entscheidungen 0.149191

Figure 4.2: Samples of MPAligner aligned bilingual MWEs (no filtering).

6,518,550 (23.5% of original size) and 3,159,226 (11.4%) pairs. The Chinese-English
MWEs moved to 143,042 pairs (82.7% of original size) with alignment threshold
0.85.

From the examples in Figure 4.3 (The extracted pair samples here are from the
head of the file, and have good quality.) and in Figure 4.4, we can see that the
extracted MWEs include some non-decomposable ones, for instance, the Chinese
MWE “fiE#” (bo ji) with two characters together meaning “dustpan”, and “FEf&”
(dian ndo) '° meaning “computer”. However, if we split the two characters of any of
them, it can not make the same meaning. The Chinese character “# (dian)” means
“electricity”, while “lk (n&o0)” means “brain”. So the combined character sequence
“#ll& (dian ndo)” is a metaphor to describe “computer”. For decomposable MWEs

that we extracted, there are “european commission” and “european council” as

institutional names in Figure 4.4.

10We use traditional Chinese characters overall in the section for consistency, also to solve the
character encoding issues
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Chinese English Estimation

HE cat ears 0.780979
K BB long tail 0.820427
N BRE small dustpan 0.856796
ZAR 55 artistic works 0.6281
B & group table 0.708438
BN TX computer expert 0.801311
E/RKER {BEFRE golf club 0.976473
B @ acne products 0.695547
A e 0-eera
5 EY evergreen plant 0.610852

note: (E3fX)->(EhS) simplified to traditional
Chinese character, used in paper content

Figure 4.3: Extracted Zh-En MWEs without pruning.

4.1.2 Experimental Examinations of MWEs in NMT

To verify the quality of our extracted bilingual MWEs, as one example, we ap-
ply them to NMT experiments following [231] as additional knowledge to influence
NMT learning, but with these rich training set language settings. This is achieved
by concatenating the extracted bilingual MWEs back to the original bilingual train-
ing corpus as additional “translation pairs”. We call the learning model with the
extracted MWEs added to training corpus ‘MWE+Base’ and call the model with

filtered MWEs “MWEpruned (threshold) + Base”, e.g. MWEpruned0.7+Base.

The baseline NMT model is a state-of-the-art transformer (THUMT-tensorflow)
from [294]. This implements the bidirectional recurrent neural network (RNN) based
NMT structures with attention mechanisms developed by the Google Brain team
[273]. The sub-word unit translation BPE methodology [245] is applied for the

improvement of rare word translation. As a standard setting, the BPE operations
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German English Estimation

europaische Kommission european
commission Yo LTS

upcoming events upcoming 1
events

europaischen Kommission european 0.990844
commission :

praktische practical

Informationen information 0.948533

ostlichen Teils eastern part 0.793047

private Konzession private 0.921197
concession :

franzésische Staat french state 0.853861

europaischen Rat european 0.984224
council

groBeren major

Infrastrukturprojekten infrastructure 0.853873
projects

zwischengeschalteten intermediary

Banken banks 0.754617

Figure 4.4: Samples of DE-EN MWEs after pruning with threshold 0.70.

size is set to 32k for both German-English and Chinese-English training corpora.
The vocabulary-threshold is set to 50, which means any word with frequency less
than this threshold will be treated as an (out-of-vocabulary) OOV word. Training
set shuffling is applied by randomly relocating the order of each sentence and batch
size is set at 6,250. The encoder and decoder are set up with 7+7 layers which can

be regarded as a relatively deeper setting in the field.

DE-EN MT

The training corpus for NMT is the same as used for MWE extraction, 5.8 million
parallel German-English sentences. The development and testing corpora are 3,003
and 2,169 parallel sentences respectively. To examine the external German-English

MWEs that are available, we also set up one experiment where we added the 871
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external MWE pairs into the training corpus and this is the only available DE-EN
MWE resource we found. We call this ExterMWE871+Base.

After the first 20k learning steps are applied, the evaluation scores are displayed
in Table 4.2. This result shows that even though in most n-gram matching the Base-
line achieved better scores, the overall BLEU score is lower than the MWE+NMT
case. This is due to the Brevity-Penalty (BP) parameter and ratio factors, which
give a penalty score if the system output is too short in comparison to the refer-
ence translation so that the systems that only produce shorter output for the sake
of higher precision scores will receive penalty. The higher BP parameter and ratio
value from the MWE+NMT model indicates that it produced more reference-like

output than the Baseline model regarding sentence length.

It is unusual to observe that by adding 871 pairs of external DE-EN MWEs into
the training set, the ExterMWES71+Base performance score is not higher than the
baseline. The reasons could be: 1) due to the added MWEs being too small in size
compared with the 5.8 million training set. 2) the external MWEs are kept as one
(large) token instead of being split by the BPE model. 3) the external MWE pairs
have many metaphor expressions, but such metaphors did not appear often in the
training corpus, and can also mislead the learned model. 4) the integration of these
MWE pairs indeed improves the DE-EN translation quality, but this is not covered

and reflected by reference test suite, and further not reflected by BLEU scores.

n-gram scores Params Combine
models l-gram | 2-gram | 3-gram | 4-gram | BP ratio overall
Baseline 63.3 35.2 214 13.5 | 0.942 | 0.944 26.73

MWEpruned(.7+Base | 63.0 35.1 21.3 13.5 | 0.952 | 0.953 | 26.87
ExterMWEST71+Base 63.3 35.2 21.2 13.3 0.929 | 0.932 26.15

Table 4.2: DE-2-EN NMT BLEU Scores with 20k Transformer Learning Steps
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ZH-EN MT

For Chinese-English baseline NMT training, we also use the same corpora that were
used for MWE extraction, 5 million parallel ZH-EN sentences. The development
(newsdev2017) and testing (newstest2017) corpus for NMT were from WMT2017,

2002 and 2001 parallel sentences respectively.

In the evaluation score shown in Table 4.3, model MW Epruned(0.85+Base means
we pruned the extracted ZH-EN MWEs with a threshold value 0.85, then we used
the original BPE operators to encode the pruned MWE pairs and concatenated
it to the BPE encoded training set. We used the same vocabulary file from the
baseline model. The result shows that the pruned MWE pairs enhanced the model
learning by producing improved 3-gram and 4-gram BLEU scores and yielded an
overall higher score. This automatic score means that the MWE enhanced model
can generally improve the chunk translation, i.e., the MT output sentences include
more chunks of 3-gram and 4-grams words that match the reference sentences. Most

likely, they are improved MWE translations.

When we look more closely into the translation outputs from the baseline model
and the MWE integrated model we found some Chinese MWEs that were not trans-
lated by Baseline and were translated properly by the MW Epruned(.85+Base model.
Furthermore, some idiomatic MWEs that were translated literally by Baseline, were
translated in a meaning-preserved way by MWEpruned0.85+Base. If we look at
Figure 4.5 we see that in the first example, Chinese “I17K#k (kou shui zhan)”
which means “war of words” was translated into “water fighting” by the Baseline,
while it was translated into “oral combat” in a proper way by the MWE enhanced
model. The Baseline translation is due to the fact that this is a metaphor expression
in Chinese using “I17K + #% (kou shui + zhan)” which is a combination of “saliva”
and “war”.

In the second example, “fTag Al (sud wei péng you)” which means “supposed
friend” is translated as “friend” in the Baseline model, and this is lost in the Chinese

MWE “Ffrad (sud wei)” which is used to express “supposed” or “so-called”. The
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n-gram scores Params
models l-gram | 2-gram | 3-gram | 4-gram | BP | Ratio | overall
Baseline 56.3 26.5 14.3 8.2 0.9 | 0.905 | 18.39
MWE-+DBase 55.9 26.1 14.3 8.2 0.884 | 0.89 | 17.99
MWEpruned(0.85+Base | 55.9 26.3 14.5 8.4 0.899 | 0.903 | 18.49

Table 4.3: Zh-2-En NMT BLEU scores with 20k Transformer learning steps.

MT output yielded a correct translation when we integrated the extracted bilingual
MWESs back into the training corpus to enhance the learning.

However, both the two example sentences in Figure 4.5 show that even though
the MWE enhanced model produced better MWE translations, the BLEU scores
of these two sentences do not improve correspondingly. The reason is that “oral
combat” can not match the reference “war of words” in the word surface form as
used by the BLEU metric and “so-called” can not match the reference “supposed”
either. This reflects the possible explanation that we discussed previously in the
DE-EN results (reason 4). This also presents proof of the test suite issues existing
in current practice in MT, as we pointed out in the MT problems and challenges

section (2.3 and 3.3).

4.1.3 Discussion

In this pilot study, we re-examined one of the state-of-the-art MWE integration
models in MT with a different setting of language pairs. We find that even though
this methodology gave a boost to performance in English-Latvian and English-Czech
NMT by [231], it does not produce much higher scores in BLEU metric with a rich
language resource setting, i.e. German-English and Chinese-English.

Furthermore, in the current experiments, the German and Chinese PoS patterns
for extracting MWEs are mapped from the English PoS tagset, via meaning equiva-
lent alignment. It could be more reasonable to design German and Chinese patterns
specifically for these languages and conduct some linguistic knowledge survey for

this.
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Examples of MWE translations in MT outputs

Sre #HEH S5 tEE AISABZ#HT N, W
HEFAEREANEGRKE/N\TBO
IKEL 5 25FHIE

Ref the leaders of Russia and Turkey met on
Tuesday to shake hands and declare a formal
end to an eight - month long war of words and
economic sanctions .

Base Russian and Turkish leaders met Tuesday ,
shaking hands and declaring the official end of
eight months of water fighting and economic
sanctions .

B+MWE Russian and Turkish leaders met on Tuesday
and both shook hands and announced a
formal end of eight months of oral combat and
economic sanctions .

= kB Ay W BiEA EL 1

Ref the offence was even greater , coming from a

Base attacks from a are even harder to
accept .

B+MWE the attack from is harder to
accept .

Src: source; Ref: reference. B+MWE: Baseline+MWE. Simplified
Chinese (1%, 1=) mapping into Traditional (%%, =), used in paper.

Figure 4.5: Zh-En MT Examples: Baseline vs Base+ MWE

Last, when we used MWEtoolkit for Chinese monolingual MWE candidate ex-
traction there were some issues with the toolkit for this language, or ideogram script
in general, which meant we had to drop out some parts of the morphological-tagged
corpus. This reduced the potential MWE numbers that can be produced by this
procedure. We need to further examine this issue and fix the toolkit for the Chinese
language or find alternative packages. This will further extend our MWE corpus

size for the Chinese-English pair.

4.1.4 Summary

There are some contributions from our work that we list below. Firstly, we presented

bilingual MWE corpora for German-English and Chinese-English, two typologically
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different languages, which we call MultiM WE-corpora. As we discussed previously,
the only available bilingual MWE resources available before our work is the DE-EN
one with around 800 parallel sentences, while it is zero for ZH-EN case. MultiMWE
covers 3,159,226 and 143,042 pairs of German-English and Chinese-English bilingual
MWE entries after filtering (with higher quality). These corpora are freely available,
and their size is larger than the currently available bilingual MWE corpus. However,
this current extraction procedure only generates continuous MWEs. In the future,
we will design patterns to extract discontinuous MWEs or develop new extraction

models.

The NMT experiments for German-English and Chinese-English showed one ex-
ample of the use of extracted bilingual MWESs, where they improved the automated
translation evaluation scores slightly by the BLEU metric in quantitative analysis,
and assisted better MWE translations in qualitative analysis. According to the
BLEU metric, the results are different from one language pair to another. In future
work, we will explore more automated metrics and diverse test sets with multi-
ple references that can conduct better meaning-equivalent evaluation such as our
own evaluation methods hLEPOR [102, 106], and further investigate the translation
output in more detail, such as human in the loop evaluations and looking at MWE

translations in general.

We make our extracted bilingual and multilingual MWE corpora openly avail-
able. We believe that the MultiMWE corpora can be helpful for other multilingual
NLP research tasks such as multi-lingual Information Extraction (IE), Question An-
swering (QA), and Information Retrieval (IR). For instance, those multi-lingual /
cross-lingual tasks can take MultiMWE corpora as external dictionaries/knowledge

into their models.

We also plan to extend the MultiMWE corpora to other language pairs, including
similar and distant languages, such as Russian-Japanese, English-French, etc. We

will use the popular corpus Europarl ! for this purpose.

Uhttps://www.statmt.org/europarl/
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Looking back to our hypotheses and research questions in Section 1.4.2, this pilot
study verified the opening part of the hypothesis statement namely “MWEs set chal-
lenges for MT and investigation into MWEs can help improve MT from translation
modelling”. In addition we discovered that the improvement varies from language
to language (DE-EN vs. ZH-EN). This is an exact examination of the first task
in RQ-I. However, this current treatment used a unified MWE extraction pipeline
and integration into MT models, without considering language specific knowledge

except for the POS pattern design section.

In the next stage of our work, we continue to investigate the first two sub-
hypotheses, Hy.a: “current methodology addressing MWEs in MT can be improved
to include language-specific characteristics and features (from linguistic point of
view)” and Hy.b “(in brief) the low frequency of each MWE can be treated as a
rare-words/phrase translation issue (from technical point of view)”. To do these, we
continue to follow up our RQ-I tasks (Task-IT and Task-III), i.e., we focus on the
Chinese-English language pair and design new methods to investigate MWEs in MT
from an in-depth view of the characteristics of the Chinese language and carry out

both quantitative and qualitative validations.

4.2 Chinese Character Decomposition Models Ad-

dressing MWEs

In this section we introduce methodologies for tackling MWEs in NMT in Chinese.
We firstly introduce the motivation for our work where we re-address the issues and
challenges, and introduce some background Chinese character knowledge. Then, we
present a literature review of related work in Chinese character decomposition for
NLP tasks. Subsequently, we propose our own models and split them into two step
experimental investigations. This will be followed by a discussion. This section is

based on our published work [111] and [110]

96



An Investigation into Multi-word Expressions in Machine Translation

4.2.1 Motivation for this Work

We now introduce the motivation for this work from an MWE and MT perspective,
then we introduce relevant background and useful knowledge to help the reader

understand Chinese characters, their construction and evolution.

Critique of MWE and MT Literature

Despite Neural Machine Translation (NMT) having recently replaced Statistical Ma-
chine Translation (SMT) as the state-of-the-art, research questions still remain, such
as how to deal with out-of-vocabulary (OOV) words, how best to integrate linguis-
tic knowledge and how best to correctly translate multi-word expressions (MWEs)
[235]. The integration of MWEs into MT generally falls into two categories, firstly
combining extracted bilingual MWESs into a training corpus to enhance model learn-
ing as additional features, or using MWEs as a linguistically motivated component
to change the machine learning structure itself. Of the two past approaches, the
first category has been more popular. As we discussed earlier in the literature re-
view on MWE investigation in MT (Section 3.2) and in our pilot study, [230, 25,
231, 109] designed a range of methods to extract bilingual MWEs for Chinese <
English, French < English, and English — Czech/Latvian translations respectively
for statistical as well as neural MT. [152], on the other hand, grouped MWEs as one
token prior to SMT training, while [167] added one chunk layer to neural networks
focusing on named entities above the word sequence layers in order to guide the
NMT learning representation.

However, none of the previous work has investigated the possibility of borrowing
methodologies used for tackling OOV words to address MWEs in NMT. Some id-
iomatic and odd-patterned (e.g. POS syntax) MWESs can be treated as low-frequency
word and phrase translation from the technical side due to their low frequency of
occurrence.

For low frequency and OOV word translations for European languages, sub-

stantial improvements have been made in terms of rare and unseen words by in-
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corporating sub-word knowledge using Byte Pair Encoding (BPE) [245]. However,
such methods cannot be directly applied to Chinese, Japanese or other ideographic

languages.

We design a new methodology to tackle MWE translations as a rare words
and phrase translation by decomposing Chinese characters into different degrees
gradually and investigate the performance of Chinese-English Neural MT. To address
this, for the Chinese-English language pair, we firstly extract Chinese radicals as
linguistic features and integrate these into the training set to enhance NMT models
as a first step experiment. Then, we investigate the different decomposition levels
of Chinese characters and their corresponding performance in NMT, and look at
MWE translation quality using quantitative and qualitative analysis. In addition
to this, we apply the bilingual MWE pairs extracted from the training set using the
methods from the pilot study section as a knowledge base feature set in our new

models in the second step.

Chinese Character Knowledge in a Nutshell

Chinese characters often include two pieces of information, with semantics encoded
within radicals and a phonetic part. The phonetic part is related to the pronunci-
ation of the overall character, either the same or similar. Figure 4.6 demonstrates
the meaning-preservation root of Chinese radicals, where the evolution of the Chi-
nese character JJ (Dao), meaning knife, evolved from bronze inscription form to
contemporary character and radical form, || (named as: ti dao pang). For instance,
Chinese characters with this two-stroke radical, | (ti dao pang), ordinarily relate to
knife in meaning, such as the Chinese character @l (jian, sword) and multi-character
expression # 7] (feng 1i, sharp). The radical 1| (t{ dao pang) preserves the meaning
of knife because it is a variation of a drawing of a knife evolving from the original
bronze inscription.

Not only can the radical part of a character be decomposed into smaller frag-

ments of stokes but the phonetic part can also be decomposed. Thus there are
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Chinese radical || (Dao, knife) evolution from Pictogram to Regular script

74/& Western- B Warring
Zhou Dynasty States period

5R7E Eastern

& Han Dynasty Han (from 57AD

& Shang Dynasty

(1600-1046BC) (1045-771BC) ~ (d76-221BC) ~ (@02BC-220) on)
Bronze Oracle bone Bronze . . .
inscriptions script Inscription Silk % (on Seal) Regular script

{ f J 2 7 |

Figure 4.6: Radical | (Dao): (leftmost) pictogram to regular script (rightmost)
containing only two strokes.

@l (jian) 2 (feng)

' ‘v
Level-1: (phonetic, gian) 22 || (semantic, knife) (semantic, metal) £% (phonetic, féng)

<\ N\
Level-2: AMNM AEY &F
< N / N\

Level-3: A—OOAA I A—xV L=
Full-stroke: JN—I77—17—=JNJ\ | ] JN— 1| ~— s 7\——

Figure 4.7: Examples of the decomposition of Chinese characters.

often several levels of decomposition that can be applied to Chinese characters by
combining different levels of decomposition of each part of the Chinese character.
As an example, Figure 4.7 shows the three decomposition levels from our model
and the full stroke form of the above-mentioned characters @l (jian) and # (feng).
To date, little work has been carried out to investigate the full potential of these
alternative levels of decomposition of Chinese characters for the purpose of Machine

Translation (MT) and the specific role of MWEs.

4.2.2 Chinese Character Decomposition for NLP

In this section we introduce some related work on Chinese character decomposition
investigations for MT and more broadly for other NLP applications. We first in-
troduce Chinese NMT with the consideration of different input units for sequence
learning. Then we introduce the Chinese character decomposition work in other

related NLP tasks.
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Character Decomposition for MT

Neural MT for Asian languages has included translation at the level of phrase,
word, and character sequences (see Figure 4.8) where the English reference here
is taken from the corpus used for our experiments and pronunciation is Mandarin
in Pinyin. Radical knowledge embeddings have been applied as features in both
word and character-based neural architectures [205, 111, 297, 296]. using the map-
ping from Vietnamese to Chinese characters, [205] built a character sequence based
NMT system for Vietnamese < Japanese Kanji with a transformer model [273]. It
should be noted that Japanese Kanji is composed of traditional Chinese characters
adopted from ancient China and recalled as Kanji, close to Hanzi in pronunciation,
meaning characters from the Chinese Han dynasty. This work used Vietnamese —
Chinese character alignment knowledge to perform Vietnamese < Japanese transla-
tion. Their models employed character sequences to replace word level information

for which experimental results showed improvement in terms of BLEU scores.

Word Level 28 [ Bk [ FERm O/ W/ BB/ % /R Bl [ K [ B

Character 28 % B AN BB LA E &L — R 5

Pronunciation er shi ba Sui chd shi béi fa xian sV yu jiu jin shan yT jia shang chang
Radical 28 ILEY TRt B & R N ER F B 5 ER OAEY W — K VA £ 5
English Ref. 28-Year-Old Chef Found Dead at San Francisco Mall

Figure 4.8: Chinese word to character level MT.

Going deeper than character level units, [111] and [297], considered radical em-
beddings as additional features for Chinese — English and Japanese < Chinese
NMT.

Furthermore, [296] applied radical embeddings as additional features to char-
acter level LSTM-based NMT on Japanese — Chinese translation. None of the
aforementioned work has however investigated the performance of decomposed char-
acter sequences and the effects of varied decomposition degrees in combination with
MWEs.

Subsequently, [297] developed bi-directional English < Japanese, English < Chi-

100



An Investigation into Multi-word Expressions in Machine Translation

nese and Chinese < Japanese NMT with word, character, ideograph (the phonetics
and semantics parts of character are separated) and stroke levels, with experiments
showing that the ideograph level was best for ZH—EN MT, while the stroke level
was best for JP—EN MT. Although their ideograph and stroke level setting finally
removed the original character and word sequences, there was no investigation of

intermediate decomposition performance.

Character Decomposition for Broader NLP

Chinese character decomposition has been investigated in previous work for other
NLP tasks besides MT. For instance, [247] examined incorporation of radical em-
beddings into short-text categorisation, Chinese word segmentation, and web search
ranking. The authors suggest that radical level decomposition should be the deepest
level of analysis in Chinese NLP, since it is difficult to model semantic preserva-
tion via deeper Chinese strokes. Results of our experiments however suggest that
even deeper Chinese character decomposition to level-3, including strokes, can also
achieve good results with the model still able to acquire the meaning of original
Chinese word sequences, as shown in Section 4.2.3.

Radical knowledge has also been applied to Chinese word similarity, Chinese
named entity recognition, and parsing and semantic role labelling [64, 292, 36, 288].
For instance, [64] concatenated bi-directional LSTM learned radical embeddings
and character embeddings together before learning using conditional random fields
(CRFs). Their model achieved better performance on the same task than previous
CRF models. [292] explored the joint embedding of Chinese words, characters and
sub-character components (radicals) in word similarity prediction and word analogy
reasoning. In the word analogy task, for instance, the nearest vector representation
to vec(FZ K F, Ttaly) — vec(¥ &, Rome) + vec(F1HK, Berlin) is expected to be
vec(f&[H, Germany). Their joint model largely outperformed the baseline word

sequence model on the word analogy task.

[288] added glyph-vectors of Chinese character representations into Neural Net-
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work learning for improved tagging and labelling.

In [217], sentence-level sentiment analysis with radical embeddings were carried
out. One of the four levels of decomposition, full radical embeddings, achieved best
performance with a convolutional neural network (CNN) when compared to other
traditional classification models such as Naive Bayes (NB). The authors carried
out a matching comparison between English and Chinese in composition, in which
they aligned English characters with Chinese radicals. However, we believe a better
matching for English characters might be the Chinese strokes while the English
stems could better match Chinese radicals. The reason for this is that the English
characters and the Chinese strokes do not carry any specific meaning independently
in general unless we group them together but the English stems and the Chinese
radicals carry the meaning of words that they are part of, such as the English
stem “trans” indicating some knowledge (across) from the word “transparent”, and
the Chinese radical “*” (cdo zl téu) indicating some knowledge (grass) from the
character “51” (Cdo, meaning grass). The suggested mapping composition between

English and Chinese is shown in Figure 4.9.

English Chinese
Hierarchy Example Hierarchy Coresponding  Example
Character a, b,c, .. Stroke £ (bihud) A I AR I A N VR I
Stem trans Radical ERE (oushou) YW, ++ (grass), = (lid), 1 (person), I| (knife)
Word transparent Char/Word 3 (zi ci) ¥ (grass), & (home), ftt (he), #£FI| (sharp)
Phrase / Multi- government Multi-character/ #H&:)/EER  BEE[E (herbal medicine shop), R EE
word expression  transparency, word Bt (ztihéci / (family), & ... T (went to somewhere), ...

neural machine  expression

S wmp ae
translation guding dapei) 2B (only look at ...)

Figure 4.9: A mapping between English and Chinese in composition

Similarly, [134] applied radical embeddings with CNNs and recurrent neural
networks (RNNs) for sentiment analysis of Chinese and Japanese languages. Their
radical embeddings model achieved similar performance compared to character and

word embeddings, but with the advantage of a much smaller vocabulary.
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4.2.3 Two-Step Investigations

In the following sections, we introduce the two-step experimental investigations on
Chinese character decomposition for MT, expecting that the decomposed meth-
ods will address the rare words and OOV words issues and improve low frequency
MWE translations. In the first step, we mostly present a quantitative evaluation
on the experimental results using the state-of-the-art automatic evaluation metrics
hLEPOR, BEER, CharacTER, in addition to BLEU, METEOR, and NIST. The
experiments use a sequence-to-sequence Neural MT modelling as a baseline. In the
second step, we deploy another state-of-the-art attention based Neural MT model
as a new baseline. We carry out both quantitative evaluation with automatic met-
rics, and qualitative analysis with crowd-sourced human evaluation. Furthermore,
in light of the very recent work within this field criticising the incorrectness of crowd-
sourced works [77], we validate our model performances with MT experts and native

speakers of Chinese.

4.2.4 Model I: Chinese Radicals as NMT Features

For further Chinese radical interpretations, we examine two more examples to illus-
trate their construction in terms of corresponding characters. One of them can be
used as an independent character while the other can only be part of a character
(like the two stroke radical for knife). Figure 4.10 shows three Chinese characters
(forest, tree, bridge) which contain the same part of the radical (wood) and this
radical can be a character used independently. From history we know that a Chi-
nese bridge was built by wood usually, so apparently these three characters carry
similar meaning in that they all contain something related to wood.

Figure 4.11 shows three Chinese characters (grass, medicine, tea) which contain
the same part of a radical (grass). However, this radical cannot be a character
independently in use like a “bound morpheme”. This radical means grass in the
original development of the Chinese language. In history, Chinese medicine was

mostly developed from naturally occurring things like grass and different plants,
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* 15 18

K : mU (wood)
7 (forest) & (tree) 48 (bridge)

Figure 4.10: Example of a Chinese radical as an independent character

BER

**: cao (grass)

& (grass) Z (medicine) & (tea)

Figure 4.11: Example of a Chinese radical as a non-independent character

and Chinese tea was usually made from the leaves that are related to grass. To the
best of our knowledge, our radical integration into NMT for Chinese language was
one of the earliest works on this topic [111].

In this first step experiment, we applied one of the earliest encoder-decoder
framework NMT models [9, 263] based on recurrent neural networks (RNNs). The
encoder apples a bi-directional RNN to encode a source sentence x = (z1, x, ..., T, )
and repeatedly generates the hidden vectors h = (hy, ho,...,hr,) over the source
sentence, where T}, is the length of the source sentence. Formally, h; = [ﬁ;, E] is
the concatenation of forward RNN hidden state E) and backward RNN hidden state
.

The decoder is also an RNN that predicts the next word y; given the context
vector ¢; representing the vector of the source sentence, the hidden state of the
decoder s, is the state of the decoder RNN at time step t and the previous predicted
word 1;_1 is the target word.

Traditional NMT models usually use the word-level or character-level informa-

tion as the inputs of the encoder, which ignores some knowledge of the source sen-

tence, especially for the Chinese language. As mentioned earlier, Chinese words are
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usually composed of multiple characters, and characters can be further split into
radicals. In this first step experiment, we use the radical, character and word as
multiple inputs of NMT and we expect NMT model can learn more useful features

based on the different levels of input integration.

Figure 4.12: Architecture of NMT with multi-embedding.

Figure 4.12 [111] illustrates our designed model. The input embedding x; consists
of three parts: Chinese word embedding w;, character embedding z; and radical
embedding r;. We use the character ‘z’ to represent character, instead of ‘c’, because

we already used ‘c’ as representation of context vector. The formula is as follows:

rj = [wy; 25575 (4.1)

where ‘;” is concatenate operation.

For the word wj, this can be split into characters z; = (zj1, 2j2, ..., 2jm) and fur-
ther split into radicals r; = (rj1,7j2,...,7j,). In our model, we used simple addition
operations to determine the character representation and radical representation of

the word, i.e. z; and r; can be computed as follows:

k=1

r; = Z Tk (43)
k=1
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Each word can be decomposed into different numbers of characters and radicals,
and, by addition operations, we can generate a fixed length representation. In
principle our model can handle different levels of input from their combinations.
For Chinese character decomposition, i.e. the generation of radicals, we used the
HanziJS open source toolkit 2. For the second step investigation in Section 4.2.6
we will introduce an alternative method for character decomposition. On the usage
of target vocabulary [128], we chose 30,000 as the volume size.

This experiment was carried out by deploying the SuDaNMT system developed
by the Soochow NLP lab [150] which followed the implementation of attention-based
NMT of dl4mt tutorial.'® Some further information used in the SuDaNMT system
settings are listed here. Both the encoder and decoder had 1,000 hidden units. The
encoder consisted of a forward (1,000 hidden units) and backward bi-directional
RNN. The word embedding dimension was set as 620. The system incorporated a
dropout [121] strategy on the output layer. It also used the stochastic descent algo-
rithm with mini-batch and Adadelta [293] to train the model. The parameters p and
e of Adadelta were set to 0.95 and 10~ respectively. Once the NMT model is trained,
beam search was adopted to find possible translations with high probabilities (beam
width: 10). The model parameters were selected according to the maximum BLEU
score points on the development set. More detailed implementation of this NMT

structure can be found in our Appendiz.

4.2.5 Model I: Experimental Investigations
Experimental Setup

We used 1.25 million parallel Chinese-English sentences for training, which contain
80.9 million Chinese words and 86.4 million English words. The data was mainly
from the Linguistic Data Consortium (LDC) parallel corpora, such as LDC2002E18,
LDC2003E07, LDC2003E14, LDC2004T07, LDC2004T08, and LDC2005T06. We

12HanziJS available at github.com/nieldlr/Hanzi
13This is available at github.com/nyu-dl/dl4mt-tutorial/tree/master/session2.
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tuned the models with NIST06 as development data using the BLEU metric [213],
and used the NISTO8 Chinese-English parallel corpus as testing data with four
references.

In order to effectively train the baseline model, we limited the maximum sentence
length on both source and target sides to 50. We also limited both the source and
target vocabularies to the most frequent 30k words and replaced rare words with a
special token “UNK” in Chinese and English. In our second step experiments, we
keep the rare words as a different strategy. The vocabularies covered approximately
97.7% and 99.3% of the two corpora, respectively.

For our proposed model, all the experimental settings are the same as RNNSearch*,
except for the word-embedding dimension and the size of the vocabularies. In our
model, we set the word, character and radical to have the same dimensions, each
being 620. The vocabulary sizes of word, character and radical are set to 30k, 2.5k
and 1k respectively.

To integrate the character radicals into an NMT system, we designed several
different settings as demonstrated in Table 4.4 . Both the baseline and our settings

used the attention-based NMT structure.

Settings Description Abbreviation

Baseline Words W
Settingl | Word+Character+Radical W+C+R

Setting?2 Word+Character W+C
Setting3 Word+Radical W+R
Setting4 Character+Radical C+R

Table 4.4: Model Settings for Radical as MT Features

Automatic Evaluation Metrics

Firstly, there are many works reflecting the insufficiency of the BLEU metric which
we have covered earlier, and in light of such work, we try to validate our work in a

deeper and broader evaluation setting and from more aspects. We use a wide range
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of state-of-the-art MT evaluation metrics, which have been developed in recent years,
to do a more comprehensive evaluation, including hLEPOR [114, 106], CharacTER
[280], BEER [259] in addition to BLEU and NIST [213].

The hLEPOR metric is augmented with multiple factors including sentence
length, precision, recall, positional difference, and word n-grams. CharacTER is
a character level editing distance rate metric. BEER uses permutation trees and
character n-grams integrating many features such as paraphrase and syntax. They
have shown top performances in recent years’” WMT! shared tasks [179, 259, 89,
24]. Furthermore, both CharacTER and BEER metrics achieved the parallel top
performance in correlation scores with human judgements on Chinese-to-English M'T
evaluation in WMT17 shared tasks [23]. The hLEPOR metric series are evaluated
by MT researchers as one of the best-performing metrics that are not significantly

outperformed by others in the metrics comparison work by [89] using WMT data.

Evaluations on the Development Set

On the development set NIST06, we obtained the evaluation scores shown in Ta-
ble 4.5 and Table 4.6. The cumulative N-gram scoring of BLEU and NIST metric,
with bold case as the highlight of the winner in each n-gram column situation, is
shown in the table respectively. Researchers usually report their 4-gram BLEU

while 5-gram NIST metric scores, so we also followed this tradition.

l-gram | 2-gram | 3-gram | 4-gram
Baseline 0.7211 | 0.5663 | .4480 | 0.3556
Settingl: W+C+R | 0.7420 | 0.5783 | 0.4534 | 0.3562
Setting2: W+C 0.7362 | 0.5762 | 0.4524 | 0.3555
Setting3: W+R 0.7346 | 0.5730 | 0.4491 | 0.3529
Settingd: C+R 0.7089 | 0.5415 | 0.4164 | 0.3219

Table 4.5: BLEU Scores on the NIST06 Development Data

Yhttp://www.statmt.org/wmt17/metrics-task.html

108


http://www.statmt.org/wmt17/metrics-task.html

An Investigation into Multi-word Expressions in Machine Translation

l-gram | 2-gram | 3-gram | 4-gram | 5-gram
Baseline 5.8467 | 7.7916 | 8.3381 | 8.4796 | 8.5289
Settingl: W+C+R | 6.0047 | 7.9942 | 8.5473 | 8.6875 | 8.7346
Setting2: W+C 5.9531 | 7.9438 | 8.5127 | 8.6526 | 8.6984
Setting3: W+R 5.9372 | 7.9021 | 8.4573 | 8.5950 | 8.6432
Settingd: C+R 5.6385 | 7.4379 | 7.9401 | 8.0662 | 8.1082

Table 4.6: NIST Scores on the NIST06 Development Data

From the automatic scoring results, we can see that the model setting one, i.e.
W+C+R, was the best of the baseline models in all categories from uni-gram to
4-gram BLEU and to 5-gram NIST scores. Furthermore we can see that by adding
characters and /or radicals to the words, the model settings two and three also out-
performed the baseline models. However, setting 4 that only used character and
radical information in the model lost both BLEU and NIST scores compared with
the word-level baseline. This means that for Chinese NMT the word segmentation
knowledge is important to show some guiding in learning for Chinese translation

models.

For uni-gram BLEU score, our Model one gets 2.1 higher score than the base-
line model which means that by combining W+C+R, the model can yield higher
adequacy level translation, though the fluency score (4-gram) does not show much
difference. This is exactly the point that we want to improve about neural models,

an issue highlighted by many researchers as discussed in Sections 2.1 and 2.3).

The evaluation scores with broader state-of-the-art metrics are shown in Ta-
ble 4.2.5. Since CharacTER is an edit distance based metric, the lower score means

better translation result.

From the broader evaluation metrics, we can see that our designed models also out-
performed the baseline system in all the metrics. Our model setting one, i.e. the
W+C+R model, was better using both BEER and CharacTER scores, while our
model two, i.e. the W+C, was better with the hLEPOR metric score, though setting

four continues to be the poorest performance, which is consistent with the BLEU

109



An Investigation into Multi-word Expressions in Machine Translation

Metrics on Single Reference
Models hLEPOR | BEER | CharacTER
Baseline 0.5890 0.5112 0.9225
Settingl: W+C+R | 0.5972 0.5167 0.9169
Setting2: W+C 0.5988 | 0.5164 0.9779
Setting3: W+R 0.5942 0.5146 0.9568
Settingd: C+R 0.5779 | 0.4998 1.336

Table 4.7: Broader Metric Scores on the NIST06 Development Data

and NIST metrics. Interestingly, we find that the CharacTER score of settings two
and three are both worse than the baseline, which means that by adding character
and radical information separately the output translation needs more editing effort.
However, if we add both the character and radical information into the model, i.e.

setting one, then the editing effort required became less than the baseline.

Evaluation on Test Sets

The evaluation results on the NIST08 Chinese-to-English test data are presented in
this section. Firstly, we show the evaluation scores on BLEU and NIST metrics,
with four reference translations and a case-insensitive setting. The tables show the
cumulative N-gram scores of BLEU and NIST, with bold case as the best-performing

of each n-gram situation in each column.

l-gram | 2-gram | 3-gram | 4-gram
Baseline 0.6451 | 0.4732 | 0.3508 | 0.2630
Settingl: W+C+R | 0.6609 | 0.4839 | 0.3572 | 0.2655
Setting2: W+C 0.6391 | 0.4663 | 0.3412 | 0.2527
Setting3: W+R 0.6474 | 0.4736 | 0.3503 | 0.2607
Setting4: C+R 0.6378 | 0.4573 | 0.3296 | 0.2410

Table 4.8: BLEU Scores on NISTO08 Test Data

The results show that our model setting one was best performing for both BLEU

and NIST scores on each n-gram evaluation scheme, while model setting three,
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l-gram | 2-gram | 3-gram | 4-gram | 5-gram
Baseline 5.1288 | 6.6648 | 7.0387 | 7.1149 | 7.1387
Settingl: W4+C+R | 5.2858 | 6.8689 | 7.2520 | 7.3308 | 7.3535
Setting2: W+C 5.0850 | 6.5977 | 6.9552 | 7.0250 | 7.0467
Setting3: W+R 5.1122 | 6.6509 | 7.0289 | 7.1062 | 7.1291
Setting4: C+R 5.0140 | 6.4731 | 6.8187 | 6.8873 | 6.9063

Table 4.9: NIST Scores on NIST08 Test Data

i.,e. the W4+R model, was best performing for the uni-gram and bi-gram BLEU
scores, and obtained a very close score to the baseline model in the NIST metric.
Furthermore, model setting four, i.e. the C+R one, continued showing the worst
performance, which verifies again that word segmentation information and word

boundaries are indeed helpful to Chinese translation models.

What is worth mentioning here is that the detailed evaluation scores from BLEU
reflect that our Model one yields higher BLEU score (+1.58) on uni-gram, similar
with the results on development data, while a little bit higher performance on 4-
gram (+0.25). These mean that in the fluency level our translation is similar to
the state-of-the-art baseline. However, our model yields much better adequacy level
translation in NMT since uni-gram BLEU reflects the adequacy aspect. This verifies

the value of our model in the original problem we want to address.

The evaluation results on recent years’ advanced metrics are shown below. The
scores are also evaluated on the four references scheme. We calculate the average
score of each metric from 4 references as the final evaluation score. Bold case means

the best performing system, as usual.

From the broader evaluations we can see that our model setting one was best
performing for both the LEPOR and BEER metrics. Though the baseline model was
best performing, the CharacTER metric, the margin between the two scores from
baseline (0.9846) and our model three, i.e. W+R, (0.9882) is very small (around
0.0036). The setting four with C+R performed the worst and is consistent with our

previous findings.
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Metrics Evaluated on 4-references
Models hLEPOR | BEER | CharacTER
Baseline 0.5519 0.4748 0.9846
Settingl: W+C+R | 0.5530 | 0.4778 1.3514
Setting2: W+C 0.5444 0.4712 1.1416
Setting3: W+R 0.5458 0.4717 0.9882
Setting4: C+R 0.5353 0.4634 1.1888

Table 4.10: Broader Metrics Scores on NIST08 Test Data

Discussion

We investigated the performance of the multiple model settings by integrating Chi-
nese characters and especially radicals into what were in 2017, state-of-the-art
attention-based BIRNN NMT systems, which we find can be helpful information
for other researchers to look inside and gain general clues about how the radical
works. This reflected our hypotheses in MT model learning and our RQ-I, as well
as an effort of integrating language-specific linguistic knowledge and features into
MT.

Our models showed that only using character+radical is not sufficient or suitable
for Chinese language translation, which is a different finding to the work on Western
languages such as [48]. Our model results showed that the word segmentation and
word boundaries, which probably also includes the boundary of MWEs, are helpful
knowledge for Chinese translation systems. In light of this, our step-II investigation
in the next section will keep word segmentation i.e. word borders, in our processing
as shown in Section 4.2.6.

Although the combination of words, characters and radicals mostly yielded the
best performance scores, the detailed evaluations also showed that the model setting
W+R, i.e. using both words and radicals, was generally better than the model
setting W+C, i.e. words plus characters without radicals, which verified the value
of this work by exploring radicals in Chinese NMT. Our Models yielded much better

adequacy level translation output according to uni-gram BLEU scores compared to
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the baseline systems, which showed that this work is important in exploring how to
improve the adequacy aspect of neural MT models.

Even though our model settings perform well in both the traditional BLEU
and NIST metrics, in recent years we have seen the development of advanced met-
rics which showed some differences and interesting phenomena, especially at the
character-level translation error rate metric CharacTER. This encourages MT re-
searchers to use state-of-the-art metrics to find potentially useful insights into their
models. We will also include human assessment as a more credible evaluation method
in the next set of experiments.

In this work, we aimed at exploring the effectiveness of Chinese radicals, so we
did not use the BPE technique for English side splitting. However, to achieve a new
state-of-the-art Chinese-English translation, in the next section, we will apply the
splitting on both the Chinese and English sides.

In this experiment, rare words are treated by replacing them with a special token
“UNK?” in Chinese and English, and in our next investigation we will keep these rare
words and OOV words for a different solution.

It will be interesting to see if fully decomposed Chinese characters with original
word boundary information included can represent the original word and character
sequence in meaning preservation, if the different decomposition levels of Chinese
characters (as shown earlier in Figure 4.7 in Section 4.2.1) can have different perfor-
mance regarding the translation of MWEs and context in general, and if bilingual
MWE terms extracted from the pilot study in Section 4.1 can boost the model as
a knowledge based feature. To answer these questions, in the next investigation we

carry out step-II, in the next section.

4.2.6 Model II: Chinese Character Pieces for NMT

In this step-II investigation into decomposed models, instead of using radical se-
quence as enhancing features, we test if each fine-gained decomposition level of

character pieces can directly represent the original word and character sequences in
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meaning representation for NMT.

We firstly investigate translation at increasing levels of decomposition of Chi-
nese characters using underlying radicals, as well as the additional Chinese character
strokes corresponding to ever-smaller units, breaking down characters into compo-
nent parts as this is likely to reduce the number of unknown words, rare words,
and low frequency MWEs. Then, in order to better deal with MWEs which have a
common occurrence in the general context [235], and working in the opposing direc-
tion in terms of meaning representation, we investigate translating larger units of
Chinese text, with the aim of restricting translation of larger groups of Chinese char-
acters that should be translated together as one unit. In addition to investigating
the effects of decomposing characters we simultaneously apply methods of incorpo-
rating bilingual MWEs into translation that were extracted with the methodology

mentioned in the last pilot study section.

Character Decomposition Methods

We now introduce the character decomposition approach and the extraction tools
which we apply in this work. These tools are publicly available at: https://github.
com/poethan/MWE4AMT/tree/master/radicaldmt. We employ the open source IDS
dictionary which was derived from the CHISE (CHaracter Information Service Envi-
ronment) project 1°. Tt is comprised of 88,940 Chinese characters from CJK (Chinese,
Japanese, Korean script), unified ideographs and the corresponding decomposition
sequences of each character. Most characters are decomposed as a single sequence,
but characters can have up to four possible decomposed representations. The rea-
son for this is that the character can come from different resources, such as Chinese
Hanzi (G, H, T for Mainland, Hong Kong, and Taiwan), Japanese Kanji (J), Ko-
rean Hanja (K), and Vietnamese ChuNom (V), etc.' Even though they have the

same root of Hanzi, the historical development of languages and writing systems in

Yhttp://www.chise.org/
16 Universal Coded Character Set (10646:2017) standards.iso.org/ittf/
PubliclyAvailableStandards/
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different territories has resulted in certain degrees of variation in the appearance
and stroke order, for instances, (H vs H) and (1" vs %) from the second and third
examples in Figure 4.13 where the grey parts of decomposition graphs represent the
construction structure of the character.

Figure 4.13 shows example characters that have two different decomposition se-
quences. In our experiments, when there is more than one decomposed representa-
tion of a given character, we choose the Chinese mainland decomposition standard
for the model, since the corpora we use correspond best to simplified Chinese as
used in mainland China. The examples in Figure 4.13 also show the general con-
struction and corresponding decomposition styles of Chinese characters, such as
left-right, up-down, inside-outside, and embedded amongst others. To obtain a de-
composition level L representation of Chinese character a;, we go through the IDS
file L times. Each time, we search the IDS file character list to match the newly-
generated smaller-sized characters in the character pieces and replace them with a

decomposed representation recursively.

Unicode Character Decomposition Decomposition
U+4E3D i ()

U+5177 A (u) 1B—N[GTKV]

U+51FD iR (hén) SN \[GTV]

U+52C7 & (yong) SBAIGTV]

Figure 4.13: Chinese character examples from the IDS dictionary.

4.2.7 Model II: Experimental Settings

We now test the various levels of decomposed Chinese and Chinese MWEs using
publicly available data from the WMT-2018 shared tasks Chinese to English, using

the pre-processed (word segmented) data as training data [22]. The original word
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boundaries were preserved in decomposition sequences, as advised by the step-I
experiment findings shown in Section 4.2.4. To obtain better generalisability of our
decomposition model, we use a large enough size namely the first 5 million parallel
sentences for training across all learning steps which is even larger than our last
experimental setting in Section 4.2.4 where we used 1.25 million sentences. The
corpora “newsdev2017” used for development and “newstest2017” for testing are
from the WMT-2017 MT shared task [23]. These include 2002 and 2001 parallel
Chinese < English respectively. We use the THUMT [294] toolkit developed by the
Tsinghua University NLP group which is an implementation of several attention-
based transformer architectures for NMT and set up the encoder-decoder as 7+7
layers [273], a similar setting to the pilot study experiments in Section 4.1. Batch size
is set as 6,250. For sub-word encoding BPE technology, we use 32K BPE operations
that are learned from the bilingual training set. Experiments are carried out on
Google Colab 7.

In order to assess the performance of each model employing a different meaning
representation in terms of decomposition and MWEs, we carried out both auto-
matic BLEU and human evaluation and direct assessment (DA) using crowd-source

workers [90] of the outputs of the system.

Bilingual MWE Terms as Features

We further prepare bilingual MWEs that are comprised of radical and stroke level
decomposition from the word level, and examine their effect on MT system perfor-
mance as well as adopting the MWE extraction pipeline from our pilot study [231,
109] in Section 4.1). We briefly summarise the procedure there for refreshment in
Figure 4.1.

Treetagger [240] is used to attach Part-of-Speech (POS) tag and lemma infor-
mation to English and Chinese sentences. Subsequently, we designed Chinese POS

patterns to extract MWEs by mapping from the English patterns used by [231,

17colab. google.com
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20k 100k 120k 140k 160k 180k

baseline 18.39 21.56 21.45 21.31 21.29 2142
base+MWE 18.49 21.39 21.67 21.83 21.42 21.86
RXD3 16.48  20.75 20.73 20.93 2098 21.14
RXD3-+MWE 17.82  21.36 21.50 21.31 21.42 21.47
RXD2 11.84  13.26 1288 13.02 13.38 12.86

RXD1 /ideograph ~ 15.52  20.67 20.61 21.26 20.76  21.00

Table 4.11: Chinese — English NMT BLEU scores for increasing learning steps.

109] and manual addition of some new tags for idioms, fixed expressions, personal
names, place names and organisation names by native speakers. We then extract
the English and Chinese monolingual MWEs using MWEtoolkit [226]. Next, MWE
converting tools and MPaligner [231, 219] are deployed to extract bilingual MWE
candidates. Filtering is applied to remove low quality bilingual MWE pairs using
the threshold score which is estimated according to the statistical translation scores
of the phrases. This is set to a threshold of 0.85 in all experiments.

Finally, we decompose the Chinese MWEs (from bilingual pairs) into radical and
stroke sequences to different degrees and add these new bilingual pairs back into the

training corpus.

4.2.8 Model II: Automatic Evaluation Using BLEU

The evaluation scores of word sequence baseline NMT, character decomposed NMT
and MWE-NMT according to the BLEU metric are presented in Table 4.11 where
RXD1/2/3 represents the decomposition level of Chinese characters. The RXD1
model, decomposition level 1, is the ideograph model [297] used for their experiments
where the phonetic (7 55 sheng pang) and semantic (J£55 xing pang) parts of
characters are separated initially. Since decomposition level 3 yields generally higher
scores than the other two levels, we also applied decomposition of MWESs to level 3

and concatenated the bilingual glossaries to the training data.
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From the automated evaluation results, we see that decomposition model RXD3
has very close BLEU scores to the baseline word sequence model, even though the
original Chinese word sequences are all removed in learning. This is interesting since
the level 3 Chinese decomposition is typically very difficult for even native language
human speakers to read and understand which is like a cipher code. Furthermore,
by adding the decomposed MWEs back into the learning corpus, “rxd3+MWE”
(RXD3MWE) yields higher BLEU scores in some learning steps than the baseline
word model. To gain further insight, we show the learning curve with the learn-
ing steps and corresponding automated-scores in Figure 4.14. Importantly, our
experiments revealed that decomposition of level-2 (RXD2) is not a good choice of

representation of the original word sequence for the MT in our settings according

to BLEU metric.

We also discovered that the decomposed models generated fewer system parame-
ters for the neural nets to learn, which potentially reduces computational complexity.
This addresses the MT modelling issue on the model sizes issue raised earlier in Sec-
tion 2.3. For instance, the total trainable variable size (as reported by Colab) of the
word-based baseline model is 89,456,896, while this number decreased to 80,288,000
and 80,591,104 respectively for RXD3 and RXD2 models (10.25% from RXD3). As
mentioned by [88], in NLP tasks the total number of possible words is so large that
the word sequence models have to operate on an extremely high-dimensional and
sparse discrete space. The decomposition model reduced the overall size of possible

tokens for the model to learn, which is more space efficient.

The BLEU score increasing ratio in decomposed models (from RXD3 to RXD3MWE)
is larger than the ratio in word sequence models (from BASE to BASEMWE) by
adding MWE pairs in general. Furthermore, the increase in performance is consis-
tent by adding MWEs from the decomposed model, compared to the conventional
word-based model. For instance, the performance has a surprising drop at 100K

learning steps for BASEMWE.
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S 201 BASE h
S —e— RXD1

~ —o— RXD2

a 151 —8—RXD3 |
E RXD3MWE

| | | | | | | | |
20,000 40,000 60,000 80,000 100,000 120,000 140,000 160,000 180,000

Learning Steps

Figure 4.14: Learning curves from different models with BLEU metric

4.2.9 Model II: Crowd-sourced Human Evaluation

Due to the inconsistency in BLEU scores observed in the above experiments, and the
criticism of an automated metric by some MT researchers, we additionally conducted
human evaluation using direct assessment (DA) [90]. We used the models with the
most learning steps, 180K, and ran human evaluation on the Amazon Mechanical
Turk crowd-sourcing platform,'® including the strict quality control measures of [90].

Human evaluations were collected on Mechanical Turk after quality filtering was
applied. Direct Assessment scores for systems were calculated as in [92] by firstly
computing an average score per translation before calculating the overall average
for a system from its average scores for translations. Significance tests in the form
of Wilcoxon Rank-Sum test were then applied to score distributions of the latter to
identify systems that significantly outperform other systems according to the human
evaluation.

Results of the Direct Assessment human evaluation are shown in Table 4.12
where similarly performing systems are clustered together (denoted by horizontal
lines in the table). Systems in a given lower ranked cluster are significantly outper-
formed by all systems in a higher ranked cluster and Avg. raw = the average score
for translations calculated from raw Direct Assessment scores for translations, Avg.
z = the average score for translations after score standardisation per human assessor

mean and standard deviation score, n is the number of distinct translations included

Bhttps://www.mturk.com
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in the human evaluation i.e. the sample size used in significance testing, N is the
number of human assessments including repeat assessment, horizontal lines denote
systems belonging to distinct clusters in which all systems in a lower ranked cluster
are significantly outperformed by all systems in a higher ranked cluster. Amongst
the six models included in the human evaluation, the first five form a cluster with
very similar performance according to crowd-sourced human assessors, including
the baseline, MWE, RXD1, RXDSMWE, and RXD3. RXD2, on the other hand, is
far behind the other models in terms of performance according to human judges,
performing significantly worse than all other runs (at p< 0.05). Furthermore, hu-
man evaluation results in Table 4.12 show that the top five models all achieve high

performance on-par with state-of-the-art in Chinese to English MT.

Avg. raw  Avg. z n N

73.2 0.161 1,232 1,639 BASE
71.6 0.125 1,262 1,659 MWE
71.6 0.113 1,257 1,672 RXD1
71.3 0.109 1,214 1,593 RXD3MWE
70.2 0.073 1,260 1,626 RXD3
53.9  —0.533 1,227 1,620 RXD2

Table 4.12: Human evaluation results for systems using Direct Assessment

4.2.10 Model II: Expert Validation - Phase One

Very recent investigations on evaluation of MT outputs has presented the issues
from crowd-sourced human evaluations [77]. The crowd-sourced human evaluation
achieved lower correlation to expert translator ranking, in comparison to state-of-
the-art automatic metrics. At the same time, BLEU has been criticised for not
reflecting the real improvement of state-of-the-art MT models especially when sin-
gle reference translation is used in practice. BLEU has been favouring “boring

translations” instead of the improved one with higher lexical diversity and more
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natural outputs according to human experts [78]. According to translation post
editing research, BLEU can have an up to 6 point score drop for human preferred

translations [76].

We carried out expert validations of our MT models using ourselves, the MT

experts and Chinese native speakers.

We select typical sentences from the test data (100K learning step models) to
provide insights into the kind of errors made by each model. Even though the
automated BLEU metric gives the baseline model a higher score 21.56 than the
RXD3 model (20.75), the translation of some Chinese MWE terms is better with the
RXD3 model. For instance, in Figure 4.15, RXD3 is the Chinese decomposition with
level 3, BASE is the word sequence model, and src/ref represents source/reference.
The Chinese MWE P47 (shang ching) in the first sentence is correctly translated as
mall by RXD3 model but translated as shop by the baseline word sequence model.
The MWE #£#£ (] (I6u t1 jian) in the second sentence is correctly translated as
stairwell by the RXD3 model while translated as stairs by baseline. Furthermore,
the MWE JZH (jin 11) meaning recently is totally missed out by the word sequence
model, which results in a misleading ambiguous translation of an even larger content,
i.e., did the chief move to San Francisco (SF) recently or this week. We will not get
this clearly from the word base sequence model, however, the MWE 3 H (jin i) is
correctly translated by the RXD3 model and the overall meaning of the sentence is

clear that the chef moved to SF recently and was found dead this week.

We also attach the translations of these two sentences by four other models. With
regard to the first sentence MWESs, all the four models translate San Francisco mall
correctly as REF and RXD3 beating BASE model. In terms of the second sentence
MWESs, BASEMWE and RXD2 drop out the MWE 3L H (jin 11, recently) as BASE
model, and all the four models drop out the translation of MWE ##6[H] (16u t1 jian,

stairwell).

For the automatic and human evaluation results, where the decomposition level

2 achieved a surprisingly lower score than the other levels, error analysis revealed
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i28 % [ W R¥L 5 F IHEW —XK &5

T AMBERSLG 28 S ERAREANET S —wEm s -
:28 @-@ Year @-@ Old Chef Found Dead at San Francisco Mall
ref  ia 28 @-@ year @-@ old chef who had recently moved to San Francisco was found dead in the stairwell of a local

this week .

| he28@@year@@olclchefwasfounddeadataSanFranmscomall ......................................................................
rxd3 Ea 28 @-@ year @-@ old chef who recently moved to San Francisco has been found dead on a stairwell in a local
ithis week .

Ethe 28 @-@ year @-@ old chef was found dead in a shop in San Francisco
Ea 28 @-@ year @-@ old chef who has moved to San Francisco this week was found dead on the stairs of a local

base 528 @-@ year @-@ old chef was found dead at a San Francisco mall
MWE :a 28 @-@ year @-@ old chef who recently moved to San Francisco was found dead this week at a local

rxd3 528 @-@ year @-@ old chef was found dead at a San Francisco mall
MWE :a 28 @-@ year @-@ old chef recently moved to San Francisco was found dead this week at a local

;the 28 @-@ year @-@ old chef was found dead at a San Francisco mall
ia 28 @-@ year @-@ old chef recently moved to San Francisco was found dead in a local shopping this week .

;the 28 @-@ year @-@ old chef was found dead in a San Francisco mall
Ea 28 @-@ year @-@ old San Francisco chef was found dead in a local this week .

Figure 4.15: Samples of the ZH-EN MT output at 100K learning steps.

an important insight. While level-1 decomposition encoded the original character
sequences into radical representations, and this typically contains semantic and pho-
netic parts of the character, level-3 gives a deeper decomposition of the character
such as the stroke level pieces with sequence order. In contrast, however, level-2 de-
composition appears to introduce some intermediate characters that mislead model
learning. These intermediate level characters are usually constructed from fewer
strokes than the original root character, but can be decomposed from it. As in Fig-
ure 4.7, from decomposition level-2, we get new characters M (céng) and + (wéng)
respectively from @] (jian, sword) and #% (feng, edge/sharp point), but they have
no direct meaning from their father characters, instead meaning “from” and “king”

respectively.

In summary, decomposition level-2 tends to generate some intermediate charac-
ters that do not preserve the meaning of the original root character’s radical, nor
those of the strokes, but rather smaller sized independent characters with fewer

strokes that result in other meanings.
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4.2.11 Model II: Expert Validation - Phase Two

In Phase-two expert validation, we extended the sample size of validation sentences,
and report evaluation results from typical sentences that reveal the mutual en-
hancement of BIMWE features and our decomposition models, e.g. via rxd3MWE

(decomposition level-3 with BIMWE features), in Figure 4.16.

Figure 4.16 includes the sample sentences of source, reference, and MT outputs.
We use underline to indicate the best overall translation at sentence level, and use
bold case to indicate the correctly translated terms/MWEs highlighted in colored

font.

The sample sentences for experts’ validation are translation outputs from 180k
learning steps, i.e., the most trained translation models. We use these sample sen-
tences to acquire an in-depth view of the errors made by different models, i.e., word
sequence based models including base and BIMWE enhanced word sequence models
base+BiMWE, and decomposition models including rzd1; rzd2; rxd3; and BIMWE

enhanced decomposition model rxd3+BiMWE.

Findings from expert validation Phase-two verify that the BIMWE enhanced
models and decomposition models generate better translation outputs than word
sequence based strong baseline models despite having very similar BLEU scores,
with the exception of the rxd2 model. This tells us that expert validation can reveal
interesting findings that cannot be revealed by the BLEU score or crowd-sourced

human evaluations. We explain this in detail as bellow.

Sentence 1, “(E AMMA (ruled as a homicide)” is translated as “found dead”
by the baseline model, which overlooks the meaning of the original MWE “fti
A% (homicide)”. The reason is the word “ftfl (him/he)”, which has an ambiguous
meaning in this context. Instead of the commonly used meaning of “him or he”,
in this context, it indicates “killed (7%) by somebody else”. All the models fail to
correctly translate this ambiguous MWE term, except for the rxd3+BiMWE model,
which successfully translates it into a meaning equivalent phrase “convicted of killing

him”, but this cannot be reflected by n-gram matching BLEU scores due to the usage
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. BEIL BRI € BT B WK I IEFE #1T BE -
2ZREAR BN ZEL B G FELTE N —KAN—T/NE - BT RREZ A -

" i3.Sons & Daughters #H(E ) —fil £EA FW - i1 HF Frank B9 56 BE * 35 BIR -

e A BEEANM CCRMBAM AR R BB MET M 0 A ) e
:1. the San Francisco Police Department said the death was and an investigation is
iongoing .
i2. &quot; we are a small team that operates like a close knit family and he will be dearly missed , &quot;
:the spokesperson said .

ref i3.a spokesperson for Sons &amp; Daughters said they were &quot; shocked and devastated &quot; by

:his death .
i3.correction: a spokesperson for Sons &amp; Daughters restaurant said they were &quot; shocked and
idevastated &quot; by Frank’s death .

4 but the victim &apos;s says he can &apos;t think of anyone who would want to hurt him ,
.......;saying , &quot; Things were finally going well for him . &QUOt, e
1. the San Francisco police station says he was and is investigating the death case .

2 &quot; we are a small team that looks like a close @-@ knit family and we will miss him deeply ,
;&quot; the spokesman said .

Base (3.a spokeswoman for Sons &amp; Daughers said they were &quot; shocked &quot; by Frank &apos;s

‘death .

4 but the victim &apos;s said he could not think of anyone who would harm him and said ,
i&quots Bverything (o ol o h . &qUOt, ]

:San Francisco police said the death was to be a for him , and is under investigation .

:&guot; we are a small team that is as intimate as a family . and we will remember him deeply . &quot;

base Ethe spokesman said .
MWE :a Sons &amp; Daughers spokesman said they were &quot; shocked &quot; at Frank &apos;s death .

ibut the victim &apos;s said he couldn &apos;t think of anyone who would want to hurt him and
isaid , &quot; . &quot;
ithe San Francisco police station said the was and was investigating .

:&quot; we are a small team of people who live like a close family , and we will miss him deeply . &quot;
ithe spokesman said .

Rxd1 ia spokesman at the Sons &amp; Daughers restaurant said they were &quot: shocked &quot; by Frank
:&apos:s death .
§but the victim &apos;s said he did not know who would want to harm him and said , &quot;

:the San Francisco police station is investigating the
E&quot we are a small team of families like the one with the same relat|onsh|p and we will miss him
Edeeply , &quot; the spokesman said .

Rxd2 ia spokesman for the Conversation &mp; amp ; Conversation Restaurant said they were &quot; very
ishocked &quot; by the death of Frank .

ibut the said that who would want to have the one who would , &quot; all
e AU e
ithe San Francisco police station said the was and is under investigation .

:&quot; we are a small group of close @-@ knit families and we will miss him deeply , &quot; the
ispokesman said .

Rxdi3 ‘a spokesman for Sons &amp; Dauders said they were &quot; shocked &quot; by Frank &apos;s death .
Ebut the victim &apos;s said he could not imagine anyone trying to hurt him and said , &quot;
i el QU e
:San Francisco police said the death was and was conducting an investigation .

Ethe spokesman said , &quot; We are as close as a family of a small team , we will miss him deeply .
E&guot'

rxd3 Ea spokesman for the Sons &amp: Daughers restaurant said they were &quot; shocked &quot; by Frank
MWE :&apos:s death .

Ebut the victim &apos:s said he could not think of anyone who would want to harm him , and said

E&guot' . &quot;

Figure 4.16: Samples of the ZH-EN MT output at 180K learning steps.

of different words from the reference translation “ruled a homicide”.

Sentence 2, the phrase “FHAMFE L ICIAIIY—ZK N (operates like a close knit

family)” is translated by the baseline as “that looks like a close-knit family”, which
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is not very accurate. The translations by base+BiMWE, rxdl and rxd3+BiMWE
have better meaning equivalent outputs to interpret the MWE “FHAb1F (operates
like, instead of looks like)” using terms “as intimate as”, “live like”, and “as close

7

as’.

For sentence 3, the reference translation in the WMT offered data is actually
plainly wrong, and we corrected it in the figure presentation as “a spokesper-
son for Sons and Daughters restaurant said they were shocked and devastated
by Frank’s death”. The baseline model surprisingly translated the MWE “A& &

2

A (spokesperson)” into a female gender “spokeswoman”, even though other mod-
els produce “spokesman”. The baseline model also drops out the MWE term “%&
TH (restaurant)”, while the decomposition models rxd1, rxd2 and rxd3+BiMWE all

translate this term correctly.

For sentence 4, the MWE “&f &} (elder brother)” is only translated correctly by
rxd2, and all other models translate it into “brother”. The phrase “&F K T
(finally going well (for him))” is translated as “is all right” by the baseline model,
which drops the meaning that “things were not good in the beginning” which is
reflected by MWEs “4& T (finally)” and “#f# K (getting better)”. This phrase
is better translated by base+BiMWE, rxd2, and rxd3+BiMWE by “is all right at

last”, “is well at last”, and “is better at last”.

In summary: we can see the baseline model performs more poorly than other

models in all four sample sentences.

We also discover that the rxd2 model actually can translate some MWE terms
better than the baseline model even though its overall sentence-level translation
quality is lower. For instance, rxd2 translates “&f &f (g& ge)” correctly into “elder
brother” which is the only correct translation from all competitors; and it also

translates “4&1H (can guin)” into “restaurant” correctly unlike word based baseline

and base+BiMWE models.

The rxd3+BiMWE model is the best performing model, with the rxd1 model
being next, and closely followed by base+BiMWE. This indicates that both BIMWEs
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% (gi4o) 2 (liang)
‘ +
Level-1: (semantic, wood)7K B(phonetic, gigo) (semantic, wood) 7RZ2 (phonetic, liang)
N\ SN
Level-2: ¥\ &l VN MBI
' N / N\
Level-3: K *xara K ST ok
Full-stroke: *l}\jﬁj\l—lglgjl—l# — )\ ~x~x~—] ) »>»—1J)\

Figure 4.17: Character decomposition examples of qido and lidng

and character decomposition contribute to translation model learning, and that their
combination contributes to translation accuracy in a larger degree. This verifies the
assumption of our main focus, i.e., the if the decompositionality of Chinese characters
helps the word meaning representation for MT task, and if it affects the BIMWE

integrated NMT learning structure towards more accurate translation of MWHEs.

Our other findings include that the testing corpus needs to be improved, e.g.,
sentence 3 where the offered testing reference has two errors: missing “restaurant”
entity translation; and error translation from “Frank’s” into “his”. The reference
of sentence 4 also has one error of “brother " instead of “elder brother”. This indi-
cates the issues in the testing suit that WMT (the Annual Workshop of MT) and
MT communities have, and the need of higher quality alternative testing-suit cre-
ation, e.g. reducing errors and introducing multiple reference semantic equivalent

translations.

As in Phase-one validation, we have interesting examples regarding level-2 de-
composition, where the mis-leading smaller sized characters can be generated for
model learning, as in Figure 4.17. For instance, 7 (tun) and [7] (jiong) are pro-
duced in Level 2 of character & (qido, bridge), however they have very different
meanings, from bridge, of “swallow” and “the face of a person when he/she does not
know if he/she shall laugh or cry by the situation, e.g. a person open his/her mouth
and becomes numb as indicated by the presentation of this character”. Similarly,
J) (chuang) is produced in Level 2 from character #£ (lidng, beam, a structural el-

ement to resist loads), however, it means “cut, wound, trauma” which is distinct
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from the meaning of its root character. Level 3 decomposition will further split this

smaller sized character /] (chuang) into a partial sequence with strokes.

4.2.12 Discussion

In this section, one step further to step-I in Section 4.2.4, we investigated varying
the level of Chinese character decomposition for MT and also adding MWEs into
NMT, including decomposed MWEs. We conducted experiments for decomposition
levels 1 to 3. We conducted automated evaluation with the BLEU metric, crowd
sourced human evaluation with direct assessment (DA), as well as expert validations.
Our conclusion is that the Chinese character decomposition levels 1 and 3 can be
used to represent or replace the original word sequence in an MT task, and that
this achieves similar performance to the original word sequence model in NMT
according to BLEU and crowd-sourced workers, but the expert validation shows
that decomposed models can improve MWE translations. However, decomposition
level 2 is not suitable to represent the original character sequence in meaning at
least for MT. We leave it to future work to explore the performance of different
decomposition levels in other NLP tasks.

Another finding from our experiments is that while adding bilingual MWE terms
can both increase word and decomposed level MT score according to the automatic
metric BLEU, the crowd-sourced human evaluation shows no statistical significance
between them. This might be due to the high volume of training set we deployed, 5
million sentences, which covers all the test set.

We also report a deep analysis of the learning steps, to provide more informa-
tion about how many learning steps will start to over-fit the model or decrease
performance. We suggest that with 5 million training sentences and 747 layers of
encoder-decoder neural nets, the Transformer model becomes too flat in its learning
rate curve with 100K learning steps, and this applies to both original word sequence
model and decomposition models.

Regarding the difference of each decomposition degree and the full stroke se-
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quence of original characters, we can have a look at one example in Fig. 4.7, the
first character @l (jian), where the level-3 decomposition output sequence is “A\—
A 7 while full stroke is like “ ) \o— | — [ — ) \.J) \{ | | . To reach the
full stroke level, the decomposition number is uncertain for different characters due
to their different level of complexity. The IDS file that we applied in this work from
the CHISE project limited the decomposition to full stroke sequences. However, we

aim to keep developing this aspect, as part of our future research.

In summary, in this section, we investigated: (i) the degree to which Chinese
radical and stroke sequences represent the original word and character sequences
that they are composed of; (ii) the difference in performance achieved by each de-
composition level regarding MWE translations; (iii) the effect of radical and stroke

representations in MWEs for MT.

Looking back to the MT challenges, our hypothesis and research questions, these
sections (from 4.2.3) continued our pilot study in Section 4.1 to address current MT
challenges in Section 2.3 by investigating the first half of our hypothesis “MWEs set
challenges for MT and investigation into MWEs can help improve MT from trans-
lation modelling”. Further to the pilot study, we move on to the investigation of
Hy.a “including language specific features to address some weak points of existing
methods” and Hy.b “MWEs in MT can be tackled as rare words challenges from
the statistical perspective due to their low frequencies” by two step modelling. The
first step used Chinese radicals as the semantic part of the Chinese character to
enhance the MT learning model, thus to boost the translation model performance,
the step two decomposition models treated MWEs as rare words and low frequency
phrases by splitting the Chinese character into character pieces, to see if the charac-
ter piece information can be used to estimate the low frequency MWE translation.
Furthermore, we integrated the bilingual MWE terms extracted in the pilot study
into the decomposition models in various degrees. These investigations on Hy.a and
Hy.b also addressed general MT challenges in the areas of OOV words, model size,

linguistic awareness and adequacy issues as in Section 2.3. We strictly followed our
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research question I (RQ-I) to “do list” continuously by validating state-of-the-art
MWE investigation models in MT (via a pilot study in Section 4.1), design of new
methods focusing on specific languages (via step-I model in Section 4.2.4), and val-
idating the proposed model with quantitative and qualitative analysis (via step-1I

model in Section 4.2.6).

4.3 Summary

In this chapter, we first made one pilot study re-examining one of the recent models
integrating MWEs in MT using alternative language pairs (German-English and
Chinese-English) as well as a new NMT structure, attention based BiRNN, with
a large amount of language recourse. We found that bilingual MWE extraction
and integration (BiMWESs) into the training can improve the automatic translation
evaluation BLEU score, but with lower increasing rate, in this high-resource and
high-performance baseline scenario, compared to the lower performance baseline
used by [231] on English-Latvian and English-Czech. In addition to this finding, we
also contributed a multilingual parallel MWE glossary called MultiMWE, covering
the examined languages, German-English and Chinese-English, with 3,159,226 and
143,042 pairs of entries respectively. This is a relatively large amount of bilingual
MWE resource to date, which is extracted automatically from a bilingual corpus
with quality control by filtering, considering the bilingual MWE we found before:
DE-EN 800 sentences and ZH-EN zero.

An analysis of this kind of method treats MWEs as auxiliary bilingual terms
to improve model learning by enhancing the training corpus. We assume this is
a similar approach to translation of rare words and OOV words. Focusing on the
Chinese language, we propose to decompose Chinese characters into radicals where
the meaning preservation part remains and to integrate the extracted radicals into
the neural network training structure. We expect that this integration will improve
the rare words and phrase translation accuracy, hence improving the adequacy of

MT. The step-I experiments indeed produced positive evaluations using a wide range
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of metrics and multi-reference test suites.

In the step-II investigation, we further decomposed the Chinese characters into
different degrees (fine-gained) and examined their corresponding performances by re-
placing the original character sequences in Neural MT learning and translating with
a new state-of-the-art baseline Transformer. We also use the bilingual MWE terms
extracted in the pilot study as a knowledge feature by integrating them into the
training corpus in Step-II. While the automatic evaluation using single-referenced
BLEU and the crowd-sourced human assessment did not find a significant difference
between the decomposed models (level 1 and 3) and the character sequence models,
the expert validation Phase-one reflected that the decomposed models (level 3 and
rxd3MWE) improved the MWE translations. Moreover, the step-II investigation
using character pieces instead of character sequences produced a smaller number of

parameters for Neural MT learning, which is more space efficient.

Our further expert assessment Phase-two with larger size sample data reveals
that the BIMWE models and our character decomposition models can achieve a
mutual enhancement to each other, e.g. “rxd3MWE” the decomposition level-3 plus
BiMWE features, boosting the translating performances of both MWE terms and

the overall sentence level accuracy, as shown in Figure 4.16.

In summary, in this chapter, our pilot study and proposed Chinese character
decomposition models addressed some MT issues introduced in Section 2.3 on MT
modelling (OOV and low-frequency words, model size), linguistic awareness (MWEs,
Chinese radicals), and MT adequacy, and investigated our hypotheses Hy.a (includ-
ing language specific features to improve current MT models investigating MWESs)
and Hy.b (MWEs in MT can be tackled as a low-frequency or OOV words and
phrases challenge from a statistical perspective), and exactly followed our RQ-I
proposed “to do” list. In the next chapter, we move on to our Hy.c “investigating
translation quality assessment (TQA) looking into MWEs” and the corresponding
RQ-ITI “to do” list, namely a critique on MT issues with current test sets being

used, corpus creation, and new TQA methods with the knowledge and component
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of MWEs.
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Chapter 5

Machine Translation Quality
Assessments: Looking into

Multi-Word Expressions

Following the last chapter summary, in this chapter, we delve more deeply into some
of the machine translation (MT) issues and challenges as discussed in Section 2.3. We
further investigate the second part of hypotheses, i.e. “investigation into MWEs can
help to improve MT from the translation evaluation perspective”, and our Hy.c that
“current MT quality assessment models and test suites have disadvantages and we
can tackle these by introducing better test suites from the data sanity point of view
and the design of new evaluation methodologies that deploy MWEs as important
features”. These will guide our further experiments on multilingual parallel corpus
creation with MWEs annotation, and new TQA methodology design incorporating
the knowledge of MWEs, which follows our RQ-II listed research questions: i)
critique on TQA, ii) better test suite covering literature domain, and iii) human-in-

the-loop M'T evaluation looking into MWEs.

We firstly revisit the MT issues and challenges in translation quality assessment
(TQA) and the findings from our own experimental investigations. Then, based

on these findings, we create a multilingual corpus with MWHEs annotated in the
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corpus which is called AlphaMWE. The corpus is sentence-by-sentence aligned, as
well as MWE term aligned, across different languages. Our methodology of the
creation of AlphaMWE in a multilingual setting is also part of the contribution
of this thesis chapter. We discuss the issues in the current state-of-the art MT
models in handling MWE related translations, revealing that they are far from
achieving human (expert) parity. We then classify the errors into different categories
expecting this to be helpful for future researchers focusing on each or some of them
to tackle as challenges. After this, based on the AlphaMWE corpus created, we then
introduce a new MT evaluation methodology, with the human-in-the-loop design and
we examine MWEs in Section 5.3 called HiLMeMe. We hope this new evaluation
methodology will help the community to achieve better and more reliable evaluation
of MT system outputs. Our methodology is proposed based on an MT evaluation
task, but researchers can integrate this model into their corresponding other NLP

tasks easily, such as text summarization and image captioning evaluation, etc.

5.1 Critique of MT Issues in Assessment Methods

In Chapter 2, Section 2.3, we mentioned that MT is still far from reaching human
parity and that MT evaluation plays one of the crucial roles in advancing its fur-
ther development [63]. MT challenges include idiomatic and multiword expressions,
as reflected in the two Chinese-English translation examples in Section 2.4. MT
evaluation has a long history since the beginning of MT and reached a high level
of popularity in the SMT and NMT eras with automatic metrics. These metrics
are often based on test suites using reference translations, and try to incorporate
syntax or semantic knowledge into the evaluation. On the one hand, the test suites
popularly used in WMT shared tasks often come from the news domain without
much variation, for instance, without including text from the literature domain
[137]. Secondly, the test suites being used often lack linguistic driven annotations,
e.g. metaphorical and idiomatic expressions. Thus the usage of these test suites for

assessment involves a lack of linguistic awareness or guidance.
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For better evaluation of state-of-the-art MT systems, firstly, varied domain data
is needed, including literature text to verify the M'T model quality in the transla-
tion of idiomatic and ambiguous expressions. Secondly, these expressions should
be highlighted or labelled in the test suite so that they can be deployed easily by
the emulators and assessors to pay attention to these components in the test suites,
in addition to the overall sentence and segment translation quality, in scoring and
ranking the systems. Neither of these two aspects are achieved by current research

and practice.

From the experimental investigations that we carried out in our modelling eval-
uations in the last chapter in Sections 4.1 and 4.2.3, we also observe that the current
popular practice in MT model evaluation is that they are only deployed on news
domain test suites and the popular evaluation metrics (BLEU, LEPOR, BEER,
CharacTER) only generate an overall scores for MT systems, based on different fac-
tors, e.g. n-gram matching or trying to capture word order issues, without detailed
error classifications for the evaluated systems. It would help MT researchers to find
out exactly what issues exist in their models, and use the evaluation results as a
guide to determine the next steps. Thus, it is highly plausible to create a corre-
sponding evaluation methodology that produces error categorisations in addition to

quantitative scores.

Another issue as we discussed previously, is that automatic metrics tend to give
higher scores to “seemingly fluent translations” which have more n-gram matching
to reference translations without reflecting whether the idiomatic and ambiguous
expressions are correctly interpreted in meaning equivalence. Thus, a corpus with
ambiguous expression annotation would help assessors look into this situation. For
instance, the n-gram match scores can be very high but have a totally opposite

meaning to the source or reference text.

However, we realise that there is in fact a lack of a corresponding corpus for this,
especially, a test suite that has MWEs annotated in a bilingual setting, not to say

multilingual.
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5.2 AlphaMWE: A Multilingual Corpus with MWEs

Following the critique of last section, in this section, we describe how a multilingual
parallel corpus with MWE annotations was constructed to investigate the perfor-

mance of different NMT models on MWE related content.

5.2.1 Motivations

Multi-word Expressions (MWESs) have long been of interest to both natural lan-
guage processing (NLP) researchers and linguists [235], [53], [225]. The automatic
processing of MWEs has posed significant challenges for some tasks in computa-
tional linguistics (CL), such as word sense disambiguation (WSD), parsing and (au-
tomated) translation [152], [25], [248], [167], [109], which is verified by our own NMT
experiments in the last chapter as well as in Chapter 2 with example sentences that
have MWEs as a challenge (Section 2.4). This is caused by both the variety and
the richness of MWEs as they are used in language. However, as noted by other
NLP researchers for example in [53], there is a lack of bilingual or even multilingual
parallel corpora with MWE annotations available for cross-lingual NLP research and
for downstream applications such as machine translation (MT) and its evaluation
[129, 109].

We have introduced the definition of MWEs in Chapter 1 (Section 1.4) and the
working definition of MWEs for our MT experiments in the beginning of Chapter 4,
and in this section, we introduce a sub-category of MWE research, namely “verbal
MWEs (vMWESs)” for our corpus creation.

The working definition of vMWEs was introduced by PARSEME shared task on
vMWE identification and discovery that has been organised almost each year since
2017 [180, 200]. It is defined as following: a vVMWE has a verb as the head of the
studied MWE term and functions as a verbal phrase, with examples such as “kick
the bucket”. We also have more examples from our corpus creation some of which
will be explained in Section 5.2.4 including “cutting capers” and “(beer) gone to his

head”, etc.
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In the work reported here, to improve our evaluation of MT systems as well as
facilitate multilingual MWE research, we present the construction of a multilingual
corpus with vVMWE annotations as a first step, including English-Chinese, English-
German, English-Polish and English-Italian language pairs. We started with the
same source monolingual corpus in English with its vMWE tags from the shared
task affiliated with the SIGLEX-MWE workshop in 2018 [279, 227]. Several state-
of-the-art (SOTA) MT models were used to perform an automated translation, and
then human post-editing and annotation for the target languages was conducted
with cross-validation to ensure the quality, i.e., with each sentence receiving post-

editing and manual rechecking by at least two people.

In order to get deeper insights into the difficulties of processing MWEs we carried
out a categorisation of the errors made by M'T models when processing MWEs. From
this we conclude that current state-of-the-art MT models are far from reaching parity
with human experts in terms of translation performance, especially on idiomatic
MWESs, and even for sentence level translation, although some researchers sometimes

claim otherwise [289, 119].

A brief guide to the sections that follow is below. In the next section (5.2.2)
we present related work and then detail the corpus preparation stages including
selection of MT models and the resulting AlphaMWE in Section 5.2.3. We then
look at various issues that MT has with regard to MWESs in Section 5.2.4, followed

by a broader discussion section (5.2.5).

The error analysis and discussion of M'T models on MWEs once again reflects and
verifies one of our hypothesis that “MWESs set challenges for M'T and investigation
into MWEs can help improve MT from both translation modelling and translation
evaluation perspectives”. Furthermore, the AlphaMWE multilingual parallel corpora
will serve as a test bed for our new MT evaluation method that we will propose to
address the Hy.c “(in brief) current MT quality test suites have disadvantages and
we can tackle these by introducing better test suites and deploying a new evaluation

method taking MWEs into account”. And these strictly follow the 2nd and 3rd task
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lists in our RQ-II.

5.2.2 Related Work on Corpus Construction

There are a number of published studies which focus on the creation of monolingual
corpora with vMWE annotations, such as the PARSEME shared task corpora [239,
227, 238]. The 2017 edition of this task included 18 European languages, and the
2020 edition of the task covers 14 languages including Chinese, Hindi, and Turkish
as non-European languages. [276] prepared a manual annotation of a Hungarian
corpus with Light Verb Constructions (LVCs) and indicated its usability for ma-
chine translation and information extraction. Some work from monolingual English
corpora includes the MWE aware “English Dependency Corpus” from the Linguis-
tic Data Consortium (LDC2017T01), which covers compound words used to train
parsing models, and Wiki50 by [277], which consists of 50 Wikipedia articles (4,350
sentences) with the annotation of MWEs (compound, verb-particle constructions,
idiom, Light verb construction, multi-word verbs) and named entities (PER, LOC,
ORG and MISC). Also related to this are English MWEs from “web review data” by
[241] that covers noun, verb and preposition super-senses and English verbal MWEs
from [279] and [133] that covers PARSEME shared task defined vVMWE categories.
However, all these works were performed in monolingual settings, independently
by different language speakers without any bilingual alignment. These corpora are
helpful for monolingual MWE research and tasks such as discovery or identifica-
tion, however it would be difficult to use these corpora for bilingual or multilingual
research such as MT or cross-lingual information extraction.

The work most related to that presented in this thesis is from [275], who created
an English-Hungarian parallel corpus with annotations for light verb constructions
(LVCs). A total of 703 LVCs for Hungarian and 727 for English were annotated
in this work, and a comparison between English and Hungarian data was carried
out. However, the work did not cover other types of vMWEs, for instance inher-

ently adpositional verbs, verbal idioms, or verb-particle constructions, and it was
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not extended to any other language pairs. In our work, we annotate in a multi-
lingual setting including far distance languages such as English, German, Polish,
[talian and Chinese, in addition to the extension of vVMWE categories. In our pi-
lot study presented in Section 4.1 [109], we performed an automatic construction
of bilingual MWE terms based on a parallel corpus, in this case English-Chinese
and English-German referred to as MultiMWE. We first conducted automated ex-
traction of monolingual MWEs based on part-of-speech (POS) patterns and then
aligned the two side monolingual MWEs into bilingual terms based on statistical
lexical translation probability. However, due to the automated procedure, the ex-
tracted bilingual “MWE terms” contain not only MWEs but also normal phrases.
Part of the reason for this is due to the POS pattern design which is a challenging

task for each language and needs to be further refined [248], [231], [109].

Similarly on the use of POS patterns, [81] carried out an experimental investi-
gation into multilingual collocation extraction based on English to Spanish and to
Portuguese. Both bilingual word embedding and bilingual translation dictionaries
(handcrafted and statistical) were applied as well to some comparable corpora. The
extraction was based on five different syntactic patterns: adjective-noun, noun-noun,

verb-object, verb-subject, and verb-adverb.

Another restriction from both our pilot study work in Section 4.1 [109] and [81]
is that the POS patterns we used as well as by [81] can only extract continuous
MWESs leaving discontinuous MWEs as a topic for future possible exploration. Our

AlphaMWE corpus, however, includes both continuous and discontinuous MWEs.

5.2.3 AlphaMWE Corpus Construction

We now describe our corpus preparation method, selection of the MT models used

in our investigation, and the open-source corpus AlphaMWE.
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Preparations and Workflow

To construct a well aligned multilingual parallel corpus, our approach is to take a
monolingual corpus from the PARSEME vMWE discovery and identification shared
task as our root corpus. Our rationale is that this shared task is well established and
its process of tagging and categorisation is clear. Furthermore, as we plan to extend
the MWE categories in future, we enrich the PARSEME shared task corpus with
potential for other downstream research and applications, including bilingual and
multilingual NLP models. The English corpus [279] we used from the PARSEME
shared task (V1.1) follows the annotation guidelines having a broad range of yYMWE
categories tagged. These include inherently adpositional verbs (IAV), light verb con-
structions (LVC.cause and LVC.full), multi-verb constructions (MVC), verbal idioms
(VID), and verb-particle constructions (VPC.semi and VPC.full). The PARSEME
English corpus is from the Universal Dependencies English treebanks * including En-
glish Web Treebank, LinES Parallel Treebank, and Parallel Universal Dependencies
treebanks.

The English corpus contains sentences from several different topics, such as news,
literature, and I'T documents. For the IT document domain, vMWEs are usually
easier or more straightforward to translate, with a high chance of repetition, e.g.
“apply filter” and “based on”. For the literature annotations, the vMWEs include
richer samples with many idiomatic or metaphor expressions, such as “cutting ca-
pers” and “gone slightly to someone’s head” that cause MT challenges.

Figure 5.1 shows our workflow. This first uses M'T models to perform automated
translation for the target language direction, then human post editing of the output
hypotheses with annotation of the corresponding target side vMWEs which are
aligned with the source English ones. Finally, to avoid human introduced errors,
we apply a cross validation strategy, where each sentence receives at least a second
person’s quality checking after the first post-editing. Tagging errors are more likely

to occur if only one human has seen each sentence and we discuss some error samples

http://universaldependencies.org/
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from English source corpora in later sections.

Parseme target post-edited Annotated —> Validated
English =P —> —> MWEs Targets
languages zh/pl/de/es...
We selected DeepL as Ensure fluency and The source and target To reduce human
our final MT output adequacy, also paying MWEs are bilingual well introduced / ignored
engine attention to MWEs aligned and annotated translation errors
Top: corpora-flow; Middle: work-flow; Bottom: tools and techniques

Figure 5.1: Workflow to prepare the AlphaMWE corpus.

MT Model Selection

We tested a number of example sentences from the English test set to compare
state-of-the-art MT from Microsoft Bing [47], GoogleMT [273], Baidu Fanyi [262],
and DeepL?, as in Figure 5.2. We illustrate the comparative performances with
two worked example translations. As a first example sentence, GoogleMT and Bing
Translator have very similar outputs, where the MT output sentences try to capture
and produce as much information as possible, but make the sentences redundant or
awkward to read, such as the phrase “321iF... 2@ 44 0E 1 (yan zhéng ... Shi fou yan
zhéng le)” where they use a repeated word “3&UE” (yan zheng, verify). Although the
DeepLL Translator does not produce a perfect translation since it drops the source
word “validated” which should be translated as “H 2% (you xido xing)” (as one
candidate translation), the overall output is fluent and the source sentence meaning
is mostly preserved. Baidu translator yields the worst output in this example. It
produces some words that were not in the source sentence (Bk#, huo zhé, or),
loses some important terms’ translation from the source sentence (“SQL Server”,
the subject of the sentence), and the reordering of the sentence fails resulting in an

incorrect meaning (“TEAA#HMHAYIEIL T, zai méi you mi ma de qing kuang xia” is

2https://www.deepl.com/en/translator (All testing was performed in July 2020)
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moved from the end of the sentence to the front and made as a condition). So, for
this case, DeepL: performed best.

As a second example sentence, GoogleMT confused the original term TSQL as
SQL. Bing MT had a similar issue with the last example, i.e. it produced redun-
dant information “f5 % (you guan)” (about/on). In addition it concatenated the
website address and the normal phrase “ [ fit 5 2% (lido ji¢ you guan)” together
with a hyperlink. GoogleMT and Bing both translate half of the source term/MWE
“Microsoft Developer Network Web” as “Microsoft H%& A G &5 %" (kai fa rén
yuan wang lud wang zhan) where they kept “Microsoft” but translated “Developer
Network Web”. Although this is one reasonable output since Microsoft is a general
popular named entity while “Developer Network Web” consists of common words,
we interpret “Microsoft Developer Network Web” as a named entity/MWE in the
source sentence that consists of all capitalised words which would be better trans-
lated overall as “PAKH A& A G INZE IRSE (wei rusin kai fa rén yudn wing lud wing
zhan)” or be kept as the original capitalised words as a foreign term in the output,
which is how DeepL outputs this expression. However, Baidu totally drops out this
MWE translation and another word translation is not accurate, “more” into 1H#H
(xidng x1). These samples illustrate why we chose to use DeepL as the provider of

our MT translations.

AlphaMWE: a Glimpse of the Corpus

Regarding the size of the corpus, we extracted all 750 English sentences which
have vVMWE tags included. The target languages include Chinese, German, Polish
and Italian with sample sentences in Figure 5.3. There are several situations and

decisions that are worth noting:

e when the original English vMWEs are translated into a general phrase in
the target language but not choosing sequence of MWEs, we tried to offer
two different references, with one of them being revised in a vYMWE/MWE

presentation in the target;
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Source

DeepL

Google

Bing

Baidu

Ref.

Source
DeepL
Google
Bing
Baidu
Ref.

Two sample sentences’ MT outputs comparison from head of test file

# text = SQL Server verifies that the account name and password were validated when the user logged on to the
system and grants access to the database, without requiring a separate logon name or password.

# text = SQL Server RTEAFE R RLIIRIEWF BFED - HIEFHEIRENIHENE > MAEKEIMNEZEHEG -
#text = SQL Server’t i A & E R FRS P BB » FHRPXEIREISRNER » MEATHERBNE R BHEBE -
(yan zhéng ... shi fou yan zheng le)

[text] SQL Server RAPERIASN TP BIRFNZEES » HISFITEURERTARIANR » MTH RN E R2MEEH

fi5 ° (yan zhéng ... shi féu yan zhéng le)

# ) WItAFZNAF R ERERIBIEET > HERARTRFEZIR © (huo zhé, zai méi you mi
ma de ging kuang xia)

# 30K = SQL Server RERAP ERALNIDIKF AMBBRIARIE » HIRFHEIEENTARINIR - MAZREMNERANE
-

# text = See the http://officeupdate.microsoft.com/, Microsoft Developer Network Web site for more information on TSQL.
#text = HX TSQL WEZEE » 155 N http://officeupdate.microsoft.com/ » Microsoft Developer Network Web ik ©

# text = %Microsoft MEZ(ER » 52 M http://officeupdate.microsoft.com/ » MicrosoftFF & A R R Wik

[XA] TSQL TSQL KIHEXRIEE » 1§21 Microsoft FF & A B MM -
#text= » DIRERA XTSQLAYIFAER ©

#text = BX TSQL EZ{E R » 1§23 I http:/officeupdate.microsoft.com/ » {HERFFEAR ML EEBEMIE S ©

: redundancy; : adding error; : reordering error; : dropping error.

Figure 5.2: Sample comparison of outputs from four MT models.

when the original English sentence terms were translated into the correct tar-
get language but in a different register, e.g. the source language has low
register (thx, for instance), we offer two reference sentences, with one of them

using the same low register and the other with (formal) full word spelling;

for the situations where a single English word or normal phrase is translated
into a typical vVMWE in the target language, or both source and target sen-
tences include vMWESs, but the source vYMWE was not annotated in the orig-

inal English corpus, we made some additions to include such vyYMWE (pairs)

into AlphaMWE;

for some wrong/incorrect annotation in the source English corpus, or some

mis-spelling of words, we corrected them in AlphaMWE;

we chose English as root/source corpus, since the post-editing and annotation
of target languages requires the human annotators to be fluent /native in both-

side languages, and all editors were fluent in English as well as being native
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speakers in the specific target languages respectively.

We examined the development and test data sets from the annual Workshop of
MT (WMT) [21] and also from the NIST MT challenges where they offered ap-
proximately 2,000 sentences for development /testing over several years. This means
that our bilingual/multilingual corpora with 750 sentences is comparable to such
standard shared task usage. Our confidence estimation work in [86] on translation
quality assessment of testing sample size also verifies that the AlphaMWE corpus is
large enough to be deployed to validate and test the MT system output quality.

As shown in the examples in Figure 5.3 from Chinese, German, Polish and
[talian, the alignment across languages is at sentence-level. In addition, the MWEs
in the sentences are annotated in the end of each sentence, and are concatenated
by semi-colon in the order of their occurrences. AlphaMWE also includes statistics
of the annotated vMWESs, and a multilingual vMWEs glossary. The extracted 750
sentences from both training and testing files of EN corpus have a total number
of vyMWEs 832 (331+501), IAV 60 (16+44), LVC.cause 43 (7+36), LVC.full 244
(784+166), MVC 4 (0+4), VID 139 (60+79), VPC.full 297 (1514146), VPC.semi
45 (19+26) 3. The AlphaMWE corpora are divided evenly into five portions which
were designed in the post-editing and annotation stage. As a result, it is convenient
for researchers to use them for testing NLP models, choosing any subset portion or

combination, or cross validation usage.

5.2.4 MT Issues with MWEs during AlphaMWE Construc-
tion

We performed an analysis of the behaviour of various MT systems when required
to translate MWEs or MWE-related content. In this analysis we focus on the En-
glish — Chinese language pair. We also highlight some issues on English — German

and English — Polish in different sections, but leave the detailed analysis of other

3This indicated that the training file size is smaller than the testing file size, also the training
file has fewer number of annotations of PARSEME EN v1.1.
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iThe chair was comfortable, and the beer had gone slightly to his head.
Plain | was smoking my pipe quietly by my dismantled steamer, and saw them all cutting capers in the light, with
English ;their arms lifted high, when the stout man with mustaches came tearing down to the river, a tin pail in his
Corpus hand, assured me that everybody was 'behaving splendidly, splendidly, dipped about a quart of water and
Etore back again. (the italic was not annotated in source English)

igone (slightly) to his head, cutting capers, tearing down, tore back

HEFREFAR > MBS LML LE T3 - [sourceVMWE: gone (slightly) to his head][targetVMWE: (f#i#)iLAtl £
Target 75‘?]
Chiense ;ﬁﬁ?ﬁﬁﬂ‘]ﬁﬂﬁ%ﬁ?ﬁ?iﬁlﬂﬂ%@ﬂ s BEIMAIBET A TRIELE - BENE - X0 » B PIBEHPHFHOARRL
Corpus | FBEHE—MKEN - RERETY > BRBEARE RIMESREY  RIEL" > ST KLO—SHAK » R

(REZET © [sourceVMWE: cutting capers; tearing down; tore back][targetVMWE: SRIFEEX; [RiRZ; RiEEI ]
;Der Stuhl war bequem, und das Bier war ihm leicht zu Kopf gestiegen. [sourceVMWE: gone (slightly) to his
‘head][targetVMWE: (leicht) zu Kopf gestiegen]

Target Elch rauchte leise meine Pfeife an meinem zerlegten Dampfer und sah, wie sie alle im Licht mit hoch

German :erhobenen Armen Luftspriinge machten, als der stdmmige Mann mit Schnurrbart mit einem Blecheimer in der

Corpus ;Hand zum Fluss hinunterkam und mir versicherte, dass sich alle "prachtig, préchtig benahmen, etwa einen
;Liter Wasser eintauchte und wieder zuriickwankte”. [sourceVMWE: cutting capers; tearing down; tore back]
i[targetVMWE: Luftspriinge machten; hinunterkam; zurlickwankte]

;Krzes’fo byto wygodne, a piwo lekko uderzyto mu do gtowy. [ sourceVMWE: gone (slightly) to his head]
{[targetVMWE: (lekko) uderzyto mu do gtowy]
Target :Cicho palitem swojg fajke przy zdemontowanym parowcu i widziatem, jak wszyscy plasajg w $wietle, z

Polish ;podniesionymi wysoko ramionami, gdy twardziel z wasami przyszedt szybkim krokiem do rzeki, blaszany
Corpus : wiaderko w dioni, zapewnit mnie, ze wszyscy "zachowuja sie wspaniale, wspaniale, nabrat okoto ¢wiartke wody
ii zawrdcit szybkim krokiem”. [sourceVMWE: cutting capers; tearing down; tore back][targetVMWE: plasaja;

i przyszedt szybkim krokiem; zawrécit szybkim krokiem]

;La sedia era comoda, e la birra gli aveva leggermente dato alla testa. [ sourceVMWE: gone (slightly) to his
‘head][targetVMWE: aveva (leggermente) dato alla testa ]

EStavo fumando tranquillamente la pipa vicino al mio piroscafo smontato, e li ho visti tutti giocare

Target : . . . ] . - -
" |_9 :gioiosamente alla luce, con le braccia alzate, quando |'uomo robusto con i baffi & venuto git al fiume
allan . . . . . - .

Corpus ialacremente, un secchio di latta in mano, mi ha assicurato che tutti si stavano "comportando splendidamente,

isplendidamente, ha preso circa un litro d'acqua ed & tornato indietro velocemente." [ sourceVMWE: cutting
icapers; tearing down; tore back] [targetVMWE: giocare gioiosamente; venuto giu alacremente; tornato
lindietro velocemente]

AlphaMWE corpora examples from multilingual parallel files. “cutting capers” was annotated as VID type of MWEs,
while “tearing down” and “tore back” were not annotated in the source English corpus. We added them into
AlphaMWE multilingual corpora since they do cause translation errors for most state-of-the-art MT models. The
bilingual MWEs are aligned with their appearance order from sentence inside the afterwards attached bracket-pairs.

Figure 5.3: AlphaMWE corpora samples with two sentences

language pairs for future work.

English to Chinese

When MT produces incorrect or awkward translations this can fall into different cat-
egories, and from our analysis we classify them as: common sense, super sense, ab-
stract phrase, idiom, metaphor, and ambiguity with ambiguity further sub-divided.
These classifications are to be further refined in future, e.g. the differences between

metaphor and idiom are sometimes unclear. We now list each of these with exam-
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ples to support future MT research on improving the quality of MT when handling
MWEsS.

Category-I: Common Sense (CS)

Source At the corner of 72nd Street and Madison Avenue, he waved down a cab.
DeepL  ZE72EHIZ@AAENIZAL » thE—HHBEERF -

Zai 72 jié hé mai di xn da dao de guai jido chu, ta xiang yT liang chi zt ché zhao shou.
Bing E72HEMZEDRENIZAR > thiEFRE—WMLHEE -

zai 72 jie hé mai di xun da dao de guadi jiao chu , ta hul shéu shi yi yi liang chi zi ché.
Google  TESET2HMZEHBALIIZAL » tIEFELHEE -

Zai di 72 jie hé mai di xun da jié de guai jido chu, ta hut wi zhe cha zi ché.
Baidu aErENZERAENEAY - MEFIT —WMEHEE -

zai 72 jie hé mai di xun da jie de guai jiao chu, ta hut shéu jiao le yi liang chi zi cheé.

Ref. FETHNZENAENRZEL - thEFRET —MHEE -

Zai 72 jié hé mai di xin da dao de guai jido chu, ta zhdo shdu shi ting le yT liang cha zG ché.

Figure 5.4: MT issues with MWEs: common sense. Pinyin offered by GoogleMT
with post-editing.

The first error category is called common sense. As an example, the sentence
in Figure 5.4 includes the vVMWE “waved down” which in general understanding
indicates that “he succeeded in getting the cab” and not only “waved his hand”.
However, in the translation by DeepL: and Bing this vMWE was incorrectly trans-
lated as “he waved his hand to the cab” missing part of the original meaning. The
MT output by GoogleMT is also incorrect, saying “he waves with the cab in hand”.
The Baidu translation of this sentence is semantically correct that “he waved and
got one cab” though it does not use a corresponding Chinese side vYMWE “f3F/R
{5 (zhao shou shi ting)”*

Category-I11: Super Sense (SS)
This category of translation issue is related to a form of state of mind and we need

to make a logical prediction to guess the positiveness or negativeness of some words,

in the choice of Chinese characters. As in Figure 5.5, the MT systems each have

4We give full sentence pronunciation (in Pinyin) of Chinese characters in this figure, for the
following examples, we only present the Chinese Pinyin for MWEs and studied words of the
sentences to save space.
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Source | Each time he took a walk, he felt as though he were leaving himself behind, and by giving himself up to
the movement of the streets, by reducing himself to a seeing eye, he was able to escape the obligation to
think, and this, more than anything else, brought him a measure of peace, a salutatory emptiness within.

DeepL S—REY > HARSESHRIEECHETHE - IEECRE THENEH - IEECERER T —RER AR - #h
FEAEBRBENNS » XIEHABEE » RAMTRT —ERENTE - WONZEEILARR - (ido géi; néi xin de
kdng xU rang rén jing pei)

Bing BRBLH > thElRESECHFERECAECHERS - BERENESH AR  BTIEACHR - MABRERENNS
LA AHEE > AfttFRT —ERENTT » —MERNZEE - (21 zai; you yi de kdng x0)

Google | BRHEDSH - MM ESIFHEENFTES - BRETFAHNE > BATHRE - XEMERTEENNS X &
BEEMR » FAMM—FIITEARS - —FR7ERIFRIFZERE - (t6u shén ya; néi zai de chéng hu kdng x)

Baidu | SRMhED - ERSECHBREESHEC - IBECRAHENRR - IEESTR—TERANA - thela A EE
FWNE > MXLEEAERISIEHEEL T REMEENTEN » —MRENHENZERE © (néi zai de zhi yi de kong x0)

Ref. 8BRS tBREECHRICACHET G - RETAENE > EBCERK T —RERFNAIRE > thilseRm
BENNS - XAMERT EMZENTRENAORMNET » mMFHEA - (néi Xn yué na de kdng w)

Figure 5.5: MT issues with MWEs: super sense.

advantages for different parts of this long sentence. However, none of them is perfect.
For instance, for the translation of vMWE “giving (himself) up (to)”, the DeepL and
Baidu outputs give very literal translations by saying “he gives himself to”, while
the Bing translator drops the vMWE, and GoogleMT preserves the correct meaning
in the translation “¥£ T (t6u shen y)” from the reference indicating “he devoted
himself”. However, GoogleMT s output for the phrase “salutatory emptiness within”
is very poor and makes no sense; the reference is “the emptiness that he welcomes”
for which Baidu has a closer translation “PNTERYEUEIYZERE (nei zai de zhi yi de
kong xii)”. All four MT outputs also use the same Chinese words “Z%k# (kong xii)”
which is a term with negative meaning, however, the sentence indicates that he is
welcoming this emptiness, which should be the corresponding Chinese words “%%
7t (kong w11)”, an unbiased or positive meaning.

Category-I11: Abstract Phrases (APs)

Abstract phrases can have different exact meanings and we usually need some
background information from the sentence or paragraph to select the correct word
choices in the target language. This sometimes belongs to the context-unaware
ambiguity (CUA) that we will mention later. However, CUA does not necessarily
mean “abstract phrase”, and usually needs paragraph information, not only at the

sentence level. Furthermore, in some situations, we just do not know how to interpret
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Source | Quinn had his doubts, but this was all he had to go on, his only bridge to the present.

Deepl.  ZREABMMEIE - EXZMME—AVKE > RHBETIIEARIM R - (Wéi yT de yTkao)

Bing ERAMAINEE - BEXMEMBDAER - ME—AVFREIITE o (bl xT qu de)

Google | ERAMhAVEE - (EXFEMATEME - BLBEIEMIMB—FR - (sud yao zuo de)

Baidu ERAMIIEE  BEXEMtAEME B ETIENME—FR o (sud yao zud de)

Ref. ERDAMNRE > EXEMTARIMENMARE  StETIMENE—FZR - (kai zhdn gong zuo de

sud you yi ju)

Figure 5.6: MT issues with MWEs: abstract phrases

“abstract phrase”, i.e. the candidate interpretations are unknown without context,
and this is different from ambiguity. With the example sentence in Figure 5.6, from
the context, we know that “go on” in this sentence means “to work from” using
all the information he had. The phrase “this was all he had to go on” is then to
be interpreted as “this is all the information he had to work from”. At the end
of the sentence, “the present” is the “present person” he needs to look for (with
the picture of this person’s younger age portrait). However, Bing translated it as
“this is (where) he had to go” which is an incorrect interpretation of “had to go”;
furthermore, Bing’s translation of the second half of the sentence kept the English

order, without any reordering between the words, which is grammatically incorrect

in Chinese, i.e. “fthMt—pYMFRENBTE (ta wéi y1 de gido lidng dao xian zai)”.
GoogleMT and Baidu translated it as “what he needs to do” which is also far from
correct, while DeepLL successfully translated the part “his only thing to rely on” but
dropped the phrase “go on”, i.e., to do what. Abstract Phrase can include Super

Sense as a sub-category, however, it does not necessarily relate to a state of mind.
Category-1V: Idioms

The use of idioms often causes wrongly translated sentences, mostly resulting
in humorous output due to literal translation. For example, in the sentence in Fig-
ure 5.7, the vMWEs “cutting capers” and “tore back” are never translated correctly
at the same time by any of the four MT models we used. The idiom “cutting capers”
indicates to frolic or romp, to “act in the manner of a young goat clumsily frolicking

about” and here it means “they are in a happy mood, playful and lively movement”
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Source I was smoking my pipe quietly by my dismantled steamer, and saw them all cutting capers
in the light, with their arms 1lifted high, when the stout man with mustaches came tearing
down to the river, a tin pail in his hand, assured me that everybody was 'behaving
splendidly, splendidly, dipped about a quart of water and tore back again.

DeepL | EIERFRNAMEEFEHTME IR » BEMNBETATESERBIERH - XN » BPBEH TR UHHEERET
B FEZEEEER > BEFRIDR 0 ARE RIBRIBFE - RIFX - BT AKN—SHAIK > IEHLERT ° (qi€ zhe ji
cai; st ché hui lai)

Bing HIH AR ZE MR » FRIMIIFFBENTEIRBENRS - IINFBRERS » SR AREFRENT
o — NEREMFF > AR 8DAZRIIEE > 121 - BAOSHIK » HEREE - (qie gé prjian; zai ci sThui)

Google  FIEMRERFRRZEFMMEIRN - FRMMMIMETATETRILM > NESSHE - SNBBE/BFIVEILE A
BLET > FEZE-TER > BRFELESTIASRNGEZLE - RNGESHE > BT —SHHK > AR TEX -
(g€ xia ci shan gan; sT le hui lai)

Baidu  IRIFFFFSHI7EERIFIEAVSMZHBIRN - ERMNIMSHERE - T TIE LN  ZNBTKEHFHORBSAFERZ
E 5 BRIk > aRFRLEIETABRINGRE » RIFSR » BT —SHK > AEXEEH - (96 zhe shan gan;
wang hui pao)

Ref. RIS SRS - BRMONETCTRIFER » SERE > 2> BIBEHTFHIARL  FEEE
—PEREAR - RERETY - AREBRARBRNGRER  RIER > ST AN—SHEIK » XIREEET ° (huan ho

que yue; kuai su hui qu)

Figure 5.7: MT issues with MWEs: idioms

which should properly be translated as the corresponding Chinese idiom “X -4

Y

#X (huan hu qué yue, happily jumping around like sparrows)”. However, all four
MT models translated it literally into “cutting” actions just with different subjects,
i.e., what they cut. The idiom (slang) “tore back” means the stout man walked
back rapidly, which the Baidu translation gives the closest translation as “{F [A]
(wang hui pdo, run back)” but the other three models translated into an action “tear
something (to be broken)” which is incorrect.
Category-V: Metaphors

The first sentence vVMWE “blown to bits” in Figure 5.8 is a metaphor to indicate
“everything is gone”, instead of the physical “blowing action”. However, the three
MT models Deepls, GoogleMT and Baidu translate it as “exploded into pieces (by
bombs)”, while BingMT translates it even more literally into “blown to (computer)
bits”. There is a corresponding Chinese YMWE “/t 454 (hua wéi wa you, vanish
into nothing)” which would be a proper choice for this source VYMWE translation.

The second sentence vYMWE “gone (slightly) to his head” is a metaphor to in-
dicate “got slightly drunk”. However, all four MT models translate it as physically
“beer moved to his head” but by slightly different means such as flow or flutter. The

corresponding translation as a MWE should be “fffsibAth I 7=k (wéi wéi rang ta
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Source The what? Auster laughed, and in that laugh everything was suddenly blown to bits.
The chair was comfortable, and the beer had gone slightly to his head.

DeeplL | BBMT4 ? BEERT » FEXKE A » —TIRARNESIHIE  (béi zha dé fén sui)
BFREFER - IBEEEMME T A9k E - (wéi wéi dao le ta de téu shang)

Bing  fta? BEMFKT o 25K 0 —IDEBSEAEMARAL © (béi chu chéng wei)
BFREFAR - EBHEMEIMAKET - (shao wéi do ta de téu qu le)

Google {+4lf Auster5€ T #E3R » TEIRKFE T » —LIRABIERET » (béi zha sui le)
BFRETAR - EBEBMENRIMAYSK E - (wei wei piao dao ta de téu shang)

Baidu  f+4 ? BEFRRT » AR » —IIEBSRAMNERMEE R - (béi zha chéng sui pian)
BFREFR - [BELEERRMAYL LT - (shao shao lit dao ta de téu shang le)

Ref. BMTA? BERRT » EXXKFF  —IRALHEE © (hua wéi wi you)
BFREFER - MBS ALt £ T3k o (wéi wéi rang ta shang le tou)

Figure 5.8: MT issues with MWEs: metaphor

shang le téu)”, using the same characters, but the character order here makes so

much difference, meaning “slightly drunk”.
Category-VI: Ambiguities
We encountered different kinds of situation that cause ambiguity in the resulting

translation when it meets MWEs or named entities, so we further divide ambiguity

into three sub-classes.
Category-VI: Context-Unaware Ambiguity (CUA)

In this case, the context, i.e. the background information, is needed for correct
translation of the sentence. For instance, see Figure 5.9. DeepL gives the translation
“it did not give me time though”, while Bing and GoogleMT give the same transla-
tion “it/this did not give me one day’s time” and Baidu outputs a grammatically
incorrect sentence. From the pre-context, we understand that it means the speaker
“did not feel that is special to him” or “did not have affection of that” after all the
Mormon missionary’ s effort towards him. Interestingly, there is a popular Chinese
idiom (slang) that matches this meaning very well “A@FKAY3Z (bu shi wo de cai, lit-
erally not my dish)”. From this point of view, the context based MT model deserves
some more attention, instead of only focusing on the sentence level. When we tried
to put all background context information as shown in Figure 5.9 into the four MT

models, they produce as the same output for this studied sentence, as for sentence
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level MT. This indicates that current MT models still focus on sentence-by-sentence

translation when meeting paragraphs, instead of using context inference.

Source
DeepL
Bing
Google
Baidu
Ref.

Context

But it did not give me the time of day.

BEHSHLHLINIE o (98 wo shi jian)

=]

=

BERHLFH—RAEE - (géi wo yi tian de shi jian)

BIXRELRIE—RAIATE - (g8 wo yitian de shi jian)

BERBHLIE—KDRIRIE - (& wo yitian zhong de shi jian)

BERA RN FEHAFH / BXREHAE - (gan dao zheé ge dui yi wd té shi / ... wd de cai)

An old Mormon missionary in Nauvoo once gripped my knee hard as we sat side by side, and he put his arm about
me and called me "Brother." We'd only met ten minutes before. He took me to his good bosom. His eyes began to
mist. | was a prospect, an exotic prospect in old tennis shoes and a sweatshirt. His heart opened to me. It opened
like a cuckoo clock. But it did not ...

Figure 5.9: MT issues with MWEs: context-unaware ambiguity

Category-VI: Social/Literature-Unaware Ambiguity (SLUA)

In this case, social knowledge of current affairs from news, or literature knowl-

edge about some newly invented entities / phrases is required in order to get correct

translation output. For instance, Figure 5.10 includes two sentences, one from pol-

itics and another from literature.

Source

DeepL

Bing

Google

Baidu

Ref.

The moment they know the de-gnoming's going on they storm up to have a look.
Then someone says that it can't be long now before the Russians write Arafat off.

T —HNEEZNE > i EEE—F - (qu hé)

REBAR  MEAART 2R » BT HWAMSIERADESEH - (ba a 1a fa té zhu xiao)
LB LR EEIAREALSE - AR TERES © (QU nud gé ming)

AREBEANGR  IEHZIWMAZARAKT » MIERKDEFESE T - (ba alafa te zhl xiao le)
S IEE EEERH KRNI —Z > i 1EHR EEEE - (zhéng zai zh jian xiao shi)
REBAR » AR ZEHS R ABRAGATEER - (iang 4 1a f4 té zhu xiao)

A1 —ENEEAR IR IETERAT > Bl EEE—F © (dé gé nud ming)

REBANR - HBEARRMSIEMALEF—E DT - (ba ala fa té yibi géu xiao le)

—HEEMEHISBERT - AP EEWE - (U dijing)
AREBANGR  MERARTZX - BT HAMSIERMALES TaR /L. T8 - (ba ala fa té xia keé; rang...xia tai)

Figure 5.10: MT issues with MWEs: social/literature-unaware ambiguity

In the first sentence, “de-gnoming” is a word from Harry Potter, invented by

its author, to refer to the process of ridding a garden of gnomes, a small magical

beast.

Without this literary knowledge it is not possible to translate the sentence
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correctly. For instance, even though this sentence is from a very popular novel that
has been translated into many languages, DeepL translated it as “Z4% (qu hé, de-
nuclear)”, Bing translated it as “ZXIERHA (qu nuo gé ming, de-nudogéming” where
“nuogéming” is a simulation of the pronunciation of “gnoming” in a Chinese way,
Baidu translated it as “fE#%1%HA (dé gé nuo ming)” which is the simulation of the
pronunciation of the overall term “de-gnoming”.

In the second sentence, “write Arafat off” is to dismiss “Yasser Arafat”, former
Chairman of the Palestine Liberation Organisation, who is a person of historical
significance. However, all three models Deepl,, Bing, and GoogleMT translated
it into “H/4F P 7k KEE4H (ba/jiang a la fa te zhu xiao, deregister Arafat)”
which treated “Arafat” as the title of a certain policy/proceeding, not being able
to recognise it as a personal named entity, while Baidu made the effort to use
the Chinese idiom “—Z28/4)84 (y1 bi gou xiao, cancel everything, or never mention
historical conflicts)” for “write off”, but it is not a correct translation. Interestingly,
if we put these two sentences into a web search engine it retrieves the correct web
pages as context in the top rank position of the search result. This may indicate
that future MT models could consider including web search results as part of their
knowledge of the background or for disambiguation, for translation purposes.

Category-VI: Coherence-unaware Ambiguity (CohUA)

Source | Two months ago I had to have an operation for a serious complaint.
DeepL @ HAT > BERN—RTERIRIFREREFEAR © (téu su ... zuo shou shu)

Bing AT BAEl > HARFAM—PERIRIFFA » (zuo ... téu sl shou shl)

Google  #HAI » ARG RES—RFARANISEHIIRIF ° (jié shou yT ci shou shu ... téu si)
Baidu @ AR > HERNTERRIFAEAEFA o (téu su ... dong shou shi)

Ref. B Al BEA—R=ENERTBAEER - (zhéng zhuang ... zud shdu shu)

Figure 5.11: MT issues with MWEs: coherence-unaware ambiguity

This kind of MWE ambiguity can be solved by the coherence of the sentence
itself, for instance, the example in Figure 5.11. The four MT models all translated

the vMWE itself “have an operation” correctly in meaning preservation by “fi{ /%
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2 /5T (zuo/jie shou/dong shou shir)” just with different Chinese word choices.
However, none of the MT models translated the “reason of the operation”, i.e.,
“complaint” correctly. The word complaint has two most commonly used meanings
“a statement that something is unsatisfactory or unacceptable” or “an illness or
medical condition” and all four models chose the first one. According to simple
logic of social life, people do not need to “have an operation” due to “a statement”,
instead their “medical condition” should have been chosen to translate the word
“complaint”. Because of the incorrectly chosen candidate translation of the word
“complaint”, Bing’s output even invented a new term in Chinese “ K (t6u

su shou shu, a surgery of complaint statement kind)” which makes no sense.

English to German

In the case of English-to-German MWZEs, there are some cases where the corre-
sponding German translation of English MWEs can be one word. This is partially
because German has compound verbs. For instance, the vVMWE “woke up” in the
sentence “An old woman with crinkly grey hair woke up at her post outside the
lavatory and opened the door, smiling and grasping a filthy cleaning rag.” has cor-
responding German aligned word “erwachte” with a suitable translation “Eine alte
Frau mit krausem, grauem Haar erwachte auf ihrem Posten vor der Toilette und

offnete die Tiir, lachelte und griff nach einem schmutzigen Putzlappen.”.

This also occurs in the English-to-Chinese translation, such as an English verb+particle
MWE being aligned to one single Chinese character/word. For example, in this sen-
tence “The fact that my name has been mixed up in this.”, the vVMWE (VPC) mized
up gets aligned to a single character word “J& (htn)” in a suitable translation “%

S E, BT EEHEREX I 1o (shi shi shang, wo de ming zi yi jing bei hain
zai zhe i mian le)”.

A second issue is that the automatic translation to German can be biased towards
choosing the polite or formal form, see the examples such as “Sie”instead of the

W

. [3 » . . .
second form singular “du for “you”, “auf Basis von” instead of “basierend auf” for
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“based on”. Achieving a higher accuracy level of MT will depend on the context of

usage to decide which form is more suitable.

A third issue is that for the English verbal multi-word expressions that are often
not translated as verbal multi-word expressions to German, this indicates some
further work to explore by MT researchers to develop better models to have the

machine produce corresponding German MWEs.

English to Polish

The MT output issues in English-to-Polish mostly fall into the categories of coherence-
unaware error, literal translation, and context unaware issue.

Regarding the MT output, issues in English-to-Polish that fall into coherence-
unaware error, for instance, the vMWE “write off” in the sentence “Then someone
says that it can’t be long now before the Russians write Arafat off.” was translated
as “Wypisza” (Potem kto$ moéwi, ze juz niedtugo Rosjanie wypisza Arafata.) which
means “prescribe”; instead of the correct “spisza na straty (Arafata)”. This error can

be avoided by the coherence of the sentence itself in meaning preservation models.

For a literal translation, we can see the example vVMWE “gave (him) a look”
in the sentence “She ruffled her feathers and gave him a look of deep disgust.”
which was literally translated as “data mu spojrzenie”, however, in Polish, people

¢

use “throw a look” as “rzucita (mu) spojrzenie” instead of “gave (dala, a female
form)” and a proper translation would be Nastroszyla sobie piora i rzucita mu spo-
jrzenie glebokiego obrzydzenia. Also the MT output word for “Nastroszyta” was
“Zdruzgotata” which has an incorrect meaning. . Another example of literal trans-
lation leading to errors is the vMWE “turn the tables” from the sentence “Now Iran
wants to turn the tables and is inviting cartoonists to do their best by depicting
the Holocaust.” which is translated as “odwrdcié¢ stoliki (turn tables)”, however, it
should be “odwrocié sytuacje (turn the situation)” or “odwrécié role (turn role)”

with a proper translation “Teraz Iran chce odwrocié¢ sytuacje © zacheca rysownikow,

by zrobili wszystko, co w ich mocy, przedstawiajgc Holocaust” These two examples
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illustrate the localisation issue in the target language.

For the context unaware issue, we can look back to the example sentence “But it
did not give me the time of day.” from Figure 5.9. This was literally translated word
by word into “Ale nie dalo mi to pory dnia.” which is in the sense of hour/time.
However, it should be “Nie sadze aby to byto co$ wyjatkowo /szczegdlnie dla mnie.
(I do not think this is special to me.)” based on the context, or “Ale to nie moja
bajka” as an idiomatic expression which means “not my fairy tale” (indicating not

my cup of tea).

5.2.5 Discussion

In this section, we discuss some issues discovered during the corpus construction

process, which are related to MWEs in MT.

MWE Issues: Source Corpus

Some problems occurred in the source English corpus which impact the sentences
we extracted from the monolingual training and test data with vMWE annotation
tags.

Firstly, there is an accuracy issue with the tagging, which may have been un-
avoidably introduced as a result of the tagging task being carried out by one single
person for each case, i.e. without a cross-validation quality checking stage °.

Some error annotations of vVMWEs in the source monolingual corpus will thus
have some impact on the accuracy level of the vVMWE discovery and identification
shared task, but also affect the bilingual usage of AlphaMWE. We tried to address
all these cases. For instance, for the example sentence in Figure 5.6, the English
corpus annotated wrongly the sequence “had to go on” as a verbal idiom (VIDs)
which is not accurate. The verb “had” here is affiliated with “all he had” instead of
“to go on”. So either we annotate “go on” as vVMWE in the sentence or the overall

clause “all he had to go on” as a studied term.

Shttps://gitlab.com/parseme/sharedtask-data/-/tree/master/1.1/EN
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Another example with a different type of vMWE is the sentence “He put them
on in a kind of trance.” where the source English corpus tagged “put” and “trance”
as Light-verb construction (LVC.cause). However, the phrase is with “put...on”
instead of “put...trance”. “put someone into a trance” is a phrase to express “make
someone into a half-conscious state”. However, for this sentence, if we check back a

bit further of the context, it means “he put on his cloth in a kind of trance”. The

word “trance” is affiliated with the phrase “in a kind of trance” instead of “put”.

Source | The pressure had been building up in him since Stillman's disappearance that
morning, and it came out of him now as a torrent of words.

Deepl | EMIPKRE LI /REBKRG @ thE LNENF—EERE - NEANEE; j o (Tju, ... qué
ru tao tao jiang shui ban yong le chii lai)

Bing BMEBREESRE LRIRGE » tEDM—EEEN - BEMEAKXERE © (zéng jia, ... ta td ran da yan bu
chi)

Google BEME&E/RE (Stilman) BRARE LKRERIAE > thE FHELH—EEEN - 7 - HASIFMBIKACES © (z6ng jia,

... ta de yan yu rt chao shui ban yong ch)
Baidu BMETERENRE LKRE » tEHIM—EEEN - TEMS FRIE
shang de ya li jil xiang tao tao bu jué de hua)

Ref. BMBPRE LETEREKIRG » 5 ENENIM—EERE - MERXEENTHEEFERIFIRTH -

(Tju, ... zhe xié ya Ii bian chéng tao tao bu jué de hua ging su ér chi)

HEE IR TR

° (zéngjia, ... ta shen

Figure 5.12: Additional vYMWEs or MWEs

A second issue we discovered with the English language corpus is that there
are some interesting sentences in the corpus that include non-decomposable MWEs,
but these MWEs are not annotated. Future work could include adding further
annotation on this aspect and extend this kind of bilingual pairs.

For instance, in Figure 5.12, the vVMWE category verb-particle constructions
(VPC.semi) is tagged to the phrase “building up”, which may be an interesting case
for vMWE discovery and identification. However, for cross-lingual research, as the
initial aim of our corpus construction, such as MT, the ending part of this sentence
“came out of him now as a torrent of words” poses more challenges, and would draw
more attention from researchers.

We test this with four MT models and found the following outputs: DeepL

literally translated it into “a strong and fast-moving stream of water” and dropped
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“words”; Bing gave a translation with opposite meaning “does not say a word”;
Google and Baidu produced much better translation covering “torrent of words”
even though the sentence level translation contains errors and can be improved,
i.e., “it” meaning the “pressure’in the source sentence was dropped out by Google;

“came out of him” was dropped out by Baidu.

5.2.6 Summary of AlphaMWE

In this section, we presented the construction of a multilingual parallel corpus, Al-
phaMWE, with vMWEs as pioneer annotations by native speakers of the corre-
sponding languages. This is inspired by a need for better MT evaluation test suites
in assessing whether M'T models reach human parity. We described the procedure
of MT model selection, human post editing and annotation, and compared differ-
ent state-of-the-art MT models and classified the MT errors from vMWEs related
sentence/context translations. We characterised the errors into different categories
to help MT research to focus on one or more of them to improve the performance
of MT. The vast majority of error categories verified our assumption that MT is far

from human parity, and that MWEs are a bottleneck.

We performed the same process as described here for English — Chinese, En-
glish — German and English — Polish and similarly categorised the MT issues when

handling MWEs. We also included a section on corpus development.

We will use AlphaMWE for our new evaluation methodology that we will present
in the next section. This is inspired by the fact that current translation quality
estimation (TQA) does not reflect differences in state-of-the-art MT models. We

offer a new gold standard in evaluation.
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5.3 HiLMeMe: Human-in-the-Loop MT Evaluation

with MW Es

As discussed previously on MT challenges and MT evaluation issues (Sections 2.3
and 2.2), current evaluation methods using automatic metrics fail to correctly re-
flect the differences among state-of-the-art MT models, and to distinguish them
from the real human parity. Meanwhile crowd-sourced human evaluations suffer
from a lack of clear guidance on linguistic inputs and of well-trained workers, lead-
ing to low correlation to experts’ judgements [77, 112]. Following the creation
of the AlphaMWE multilingual parallel corpora with MWEs annotation (Section
5.2), we design a human-in-the-loop MT evaluation method looking into multi-word
expressions (HiLMeMe). This methodology takes MWESs as one important factor in
the assessment procedure, in addition to judging the overall contextual sentence or
segment level translation performances. HiLMeMe is designed for experts or well-
trained native speakers with guidelines to carry out translation evaluations. It asks
assessors to do certain level classification of the error types regarding MWE transla-
tions, e.g. if it is translated correctly or not, using reference MWEs or alternatives
or common phrases, etc. These classification behaviours are saved in our toolkit and
can be exported for researchers to carry out further analysis of their system outputs.
With this in mind, we explore whether HiLMeMe can have a positive influence for

MT modelling research.

5.3.1 HiLMeMe Model Design

If we look back at Section 2.2, our survey of MT evaluation, HiILMeMe can be placed
into the area of semantic features integrated human assessment, with MWEs as the
lexical terms featured, in addition to fluency and adequacy criteria being used. It is
also connected to task-oriented evaluations. There is a three-step assessment task
designed in HiLMeMe, including general text (sentences, segments) level fluency and

adequacy score General( fluency, adequacy), highlighted MWEs translation quality
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score MW E(a, B,7,0), and a weighting parameter for MWEs on overall text ®.
We describe these separately below before we get to the computation of the overall
HiLMeMe score.

I. How good is the MT output text in general?

Look at the two factors when scoring.
e Fluency: Is the candidate translation fluent, e.g. grammatically correct

o Adequacy: Does the candidate translation cover all the meaning in the source

/ reference text?
e Give a score 0 to 10 — General( fluency, adequacy).

In this interface, we give a scoring range 0 to 10.
IT. Look into the highlighted MWEs and classify if they are translated, and if so

then how?
 Correctly translated using reference MWEs (« + 4+, score:10)
 Correctly translated using alternative MWEs (5 + +, score:10)
 Translated using other words, non-MWEs (v + +, score:0 to 10)
« Not translated, lost, NULL (6, score:0)
e Score - MW E(«a, 8,7,0)

In this interface, we give four choices ret-MWE, alt-MWE, non-MWE, and
NULL, in addition to a scoring range 0 to 10. The triple set («, [, v ) stores
how often the MWEs are translated using the reference MWE, alternative MWE,
or other words, and 6 stores how often the source MWEs are left in a loss in the
translation or kept as foreign words without any translation.

III. From which aspects do the MWESs present difficulty, affect the translation, and

to what degrees?

e Semantics: word meanings and relations between them
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o Grammar: syntax and morphology

o Idiomaticity: a group of words established by usage as having a meaning not

deducible from those of the individual words
o Ambiguity: the quality of being open to more than one interpretation
» Degrees (¢, score:0 to 1)

o Output — ®(Sem, Gra, I[di, Amb, ¢)

where the parameters Sem, Gra, Idi, Amb represent semantics, grammar, idiomatic-
ity and ambiguity respectively. The classification of different situations in step III
is to facilitate further analysis on the MWEs appearing in our test set (corpus), as
well as the possible extension in future to cover more labelled data with broader
aspects. This is a multiple choice classification where the assessors can tick more
than one of the categories.

Finally, the overall score of HiLMeMe, i.e. HiLMeMe(General, MW E, ®), is
the weighted sum of the general text score General( fluency, adequacy) and MWE
score MW E(«, B,7,0) with the weighting parameter from the third step ¢ on the
influence of MWEs on overall text.

The scoring function is as below and is based on the three step judgements where

we use HiLMeMe(e) to indicate HiLMeMe(General, MW E, ®).

HiLMeMe(e) = General(fluency, adequacy) + ¢ x MW E(«, 3,7, 0) (5.1)

HiLMeMeyorm = HiLMeMe/Point g, (5.2)

where Pointy., is the maximum point that step-I and step-II can generate, and
HiLMeM ey is the normalised score propagating the HiLMeMe score into the

interval (0, 1).
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The overall score is the combination of step-I and step-II with a weighting pa-
rameter attached to the second point. The normalised score of HiLMeMe is the
raw score divided by the highest potential score they can get, such that the nor-
malised score ranges from 0 to 1. The normalisation is to give the user a more
straightforward instinct on how much the assessors judge the translation text qual-
ity in a 0-to-1 (0 to 100) range. Another benefit of the normalisation is that it can
be used for automatic evaluation metrics tuning by calculating their correlation to
HiLMeMe, e.g. Spearman, Pearson, or Kendall Tau correlation methods at system
level or segment level [112].

This platform can also be used to create new resources. For example, the step-11
MWE question where we ask if the translation uses alternative MWESs and if so then
which, here we can set a further storing option to save the alternative MWEs that are
correct translations of the source MWEs. We can also store plain phrases that are
correct translations of source MWEs. In this way, we generate more bilingual parallel
MWE terms, including paraphrasing at single side at MWE level. These resources
can be important linguistic driven knowledge base features for popular automatic
evaluation metrics such as METEOR, which depends on high quality paraphrase
data to achieve better evaluations. From the translation modelling perspective, the
extracted and stored multilingual paraphrased MWEs can be integrated into MT
modelling learning and translating to generate alternative high quality translation
outputs with lexical diversity. Furthermore, paraphrase databases are widely used
in NLP communities in different tasks such as natural language inference, natural

language understanding, text entailment, searching, etc.

5.3.2 HiLMeMe Implementation and Platform

HilLMeMe is implemented via the PsychoPy3 platform, relying on Python3 packages.
PsychoPy® has been a popular platform for researchers to carry out experiments, es-

pecially in the situations where human interactive or assessments are needed. These

Shttps://www.psychopy.org
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1 HiLMeMe: Algorithms

3 Input: src(i) as source sentence(i), tar(i) as candidate MT ouput for target
sentence, ref(i) as reference translation of src(i), MWE_src(i.n) as MWEs 1in
src(i), tran_MWE(i.m) as translations of MWE_src(i.n), MWE_ref(i.p) as MWEs 1in
ref(i), alt_MWEs(i.q) as alternative correct target MWEs not included 1in
MWE_ref(i.p), non_MWEs(i) as common words and correct translation but not using
MWEs in tar(i), NULL indecating MWE_src(i.n) not transalted or lost in tar(i).

5 1if tar(i) matches ref(i) in any degrees

6 Point(i.I) = General(fluency, adequacy)

7 Point(i.II) = MWE(a, B, y, 0) where

8 a++ if tran_MWE(i.m) = MWE_ref(i.p)
B++ if tran_MWE(i.m) alt_MWEs(i.q)

10 y++ if tran_MWE(i.m) = non_MWEs (i)

11 0++ if tran_MWE(i.m) = NULL

12 Weight(i) = ®(Sem,Gra,Idi,Amb,$) where

13 Sem++ if (MWE_src(i.n), MWE_ref(i.p)) meet semantics factor

14 Gra++ if (MWE_src(i.n), MWE_ref(i.p)) meet grammar factor

15 Idi++ if (MWE_src(i.n), MWE_ref(i.p)) meet idiomaticity factor
16 Amb++ if (MWE_src(i.n), MWE_ref(i.p)) meet ambiguity factor

17 ¢ = the value of MWE_src(i.n) weighting for src(i)

19 HiLMeME(i) = Point(i.I) + Weight(i) x Point(i.II)

Figure 5.13: HiLMeMe Algorithms

behavioural sciences include neuroscience, psychology, psychophysics, and linguis-
tics. It can easily accommodate our human-in-the-loop evaluation methodology by
offering a straightforward interface and storing all the classification data during the
assessments. The HiLMeMe initial PsychoPy3 platform is available and will be open
source and publicly available at git.HiLMeMe.

In the implemented platform, we designed the following HiLMeMe workflow as
shown in Figure 5.14: with the following sequence of steps ... consent form ->
task introduction -> sample practice with three questions -> real assessment of MT

results -> stored assessment data.

5.3.3 Summary of HiLMeMe Evaluation Methodology

To achieve more reliable MT quality assessment and advance the state-of-the-art
in MT modelling, we designed a new evaluation methodology, having a human-in-
the-loop and looking specifically into MWEs. We introduced three-step assessment

models with corresponding questions and error classifications. We presented the
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Consent
form

Assess
—-> - >

Figure 5.14: HiLMeMe Platform Workflow

scoring functions based on the three main questions and the implemented platform.
We discussed the potential impact of HiLMeMe and its output data.

HiLLMeMe is based on our multilingual parallel corpus AlphaMWE. We expect
this new TQA method to reflect the differences of SOTA MT models in performance
towards human parity, e.g. translation in idiomatic and ambiguous situations. We
will open source our platform to MT researchers and the MT evaluation community
for better evaluating their MT models, and for better correlating their evaluation

metrics with expert evaluations.

5.4 Chapter Summary

In this chapter we first presented a brief critique on the issues in MT quality as-
sessment and especially the corpus issues (e.g. corpus sanity), as we had discussed
earlier in the MT evaluation and MT challenges Sections 2.2 and 2.3.
Subsequently, we carried out the corpus construction work of AlphaMWE, a
multilingual parallel corpus with MWE annotations, where we introduced the moti-
vation, related corpus work, and corpus construction workflow, as well as extensive
error categorisations we observed on translating MWEs and MWEs related context

from state of the art MT models.

Finally, we proposed a new evaluation methodology, human-in-the-loop MT eval-
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uation looking into MWEs, which we call as HiILMeMe. We described the three-step
evaluations with corresponding questions designed, and the overall scoring formula.
We also discussed the value of HiILMeMe outputs, such as new multilingual MWE
corpus construction, high quality paraphrase database, as well as the detailed error
classification of M'T models which can be used to advise MT researchers to further
improve the MT models.

This chapter further addressed our research hypotheses (Hy.c) on the improve-
ment of current MT evaluation models and corresponding MT test suites in practice
by looking into MWEs and using MWEs as an important factor. We also fully inves-
tigated our RQ-II to-do-list, by revisiting the M'T assessment issues, creating a new
corpus with MWE annotations, and developing a human-in-the-loop new evaluation

method and open source platforms looking into MWEs.
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Chapter 6

Conclusions

“What can be said at all can be said clearly, and what we cannot
talk about we must pass over in silence.”

—L. Wittgenstein (1918, Vienna)

We first (in Section 6.1) revisit the Hypotheses and RQ-s that we proposed for this
thesis, having a review of how we addressed them with our experimental investiga-
tions, to what levels, and what are our findings. Then, in Section 6.2, we conclude

our thesis with discussions and future work.

6.1 Revisiting Hypotheses and Research Questions
(RQs)

In each chapter we revisited how our Hypotheses and R(Q)-s were proposed and ad-
dressed in the thesis.

In Chapter 1, we firstly introduced the background of computer development
and its application in various Al fields, such as robots, speech recognition, computer
vision, gaming, as well as automatic processing of human languages (c.f. NLP). Sub-
sequently, we introduced the first topic of the thesis focus, i.e. machine translation

(MT), as one of the main tasks in NLP, and the broad applications of MT.
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In Chapter 2, we introduced the history of the development of MT from rule-
based methods since the 1950s to neural models in the mid-2010s and afterwards.
We presented various MT evaluation methods from human manual work and au-
tomatic categories, and the strategies for evaluation methods (meta-eval). Then,
we discussed the broad issues and challenges existing in current state-of-the-art MT
models and in MT evaluation. Finally, we derived another research focus for the the-
sis, i.e. multi-word expressions (MWEs), as one of the bottlenecks in MT and given
their broader influence on MT problems and challenges, where we listed illustrative

examples.

In Chapter 3, we presented another literature review on MWE investigations in
MT, from both statistical MT and neural MT paradigms. We revisited the MT
challenges and problems in Chapter 2, gave a critical analysis on current MWE
investigations in MT, and proposed our hypotheses and research questions for this
thesis, i.e., the investigation into MWEs in MT from both MT modelling and MT

evaluation perspectives.

In Chapter 4, we firstly carried out a pilot study investigating one of the very
recent published models on MWE integration into neural MT, where we examined
different language pairs and extended the training set into a rich-resourced and high-
performance scenario. We carried out a critical analysis on the deployed model, and
proposed a very different method to address MWE problems in MT as a rare words
issue from the technical point of view. We then carried out two-step investigations,
with the first one incorporating partial Chinese characters (semantic radicals) as
a linguistic feature in an attention based BiRNN neural model expecting this can
enrich the model learning to tackle rare words and MWE translations. In the sec-
ond step investigations we replaced the neural MT input from words and characters
into decomposed character sequences in various degrees in a new state-of-the-art
Transformer structure NMT model. Furthermore we used the bilingual MWE terms
(BIMWES) extracted in the pilot study as a knowledge feature for our second step

experiments to examine their interactive functions, and the two-phases expert vali-
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dations demonstrated the positive engagement of these two models in a combination
setting.

Both the pilot study and the two-step character decomposition experiments are
an investigation into our hypotheses from the MWE for MT model learning point
of view, i.e., Hy.a and Hy.b, which followed the task list we designed for RQ-
I. Our experimental results verify the first half of our hypotheses that addressing
MWE issues can improve MT quality from the adequacy and semantic representation
aspects, thus to improve overall MT performance.

In chapter 5, we further investigated our hypotheses, Hy.c, on the aspect of
improving MT evaluation (or quality assessment) using MWEs. We followed the in-
vestigation list in RQ-II, by critique analysis on current TQA methods and corpus
issues, followed by the creation of a new multilingual parallel corpus with MWE an-
notations where we made an extensive error classification when MT meets MWEs.
Subsequently, based on our new corpus, we proposed a human-in-the-loop MT eval-
uation model HiLMeMe looking into MWEs, and we analysed the potential impact
of the developed toolkit in a broader view. The creation of AlphaMWE and the
HiLMeMe evaluation methodology addressed the second half of our hypotheses and
research questions, i.e. the introduction of MWESs as semantic knowledge or feature

set can be used to improve current MT evaluation methods in practice.

6.2 Conclusions and Future Work

In conclusion, among all the fields in AI and NLP, this thesis made one investigation
into MWEs in MT. This was motivated by the survey of state-of-the-art MT research
and its evaluations and critique analysis on current problems and challenges as
presented in Chapter 2, Section 2.3. MWEs are one of the bottlenecks in MT (and
NLP) due to their very common usage, low frequency, ambiguity and idiomaticity.
We addressed our hypotheses on investigating MWEs from both the M'T modelling
and MT evaluation points of view in Chapter 4 and Chapter 5 following RQ-I and

RQ-IT respectively.
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On the one hand, we re-examined one of the very recent MWE integration mod-
els into neural MT as a pilot study with larger sizes of training corpus and different
language pairs. We carried out a critical analysis based on our findings and proposed
to tackle MWE translations from a new angle as a low-frequency words challenge and
corresponding solutions focusing on the Chinese language, by decomposing Chinese
characters into character-pieces as neural MT sequential inputs. The first decompo-
sition model extracted Chinese radicals as feature set to enhance character-sequence
NMT learning, while the second step investigation decomposed the Chinese char-
acters into different degrees gradually and replaced the character-sequence input.
The bilingual MWESs extracted in the pilot study were used as a new feature set to

enhance the step two decomposition models.

On the other hand, based on the critique of MT evaluation as used in current
practice, we created a new resource i.e. a multilingual parallel test suite with MWE
annotations, and designed a new evaluation methodology with a human in the loop
and looking into MWESs as an important assessment factor. This plays a role in M'T

error analysis and assessing MT development towards human parity.

All the tool-kits and resources we developed along with the thesis investigation
are open-source and publicly available to the NLP community, including the Chi-
nese character decomposition tools (radicaldmt), automatically extracted bilingual
MWE terms from WMT data (MultiMWE, German-English and Chinese-English)
in our pilot study and decomposed Chinese-English bilingual MWE terms from de-
composition models, created multilingual parallel corpus with manual post-editing
and annotation of MWEs (AlphaMWE;, covering English, Chinese, German, Polish,
and Italian), and the new MT evaluation models and platform using human-in-the-
loop looking into MWEs (HiLLMeMe, language independent). These open source
resources can be used by both MT researchers, to further investigate MWE trans-

lations, and other NLP task practitioners, to use as a knowledge base.

In the future work, we have interests in further investigation of our proposed

decomposition models as well as the usage of Chinese character decomposition for
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MT evaluations. We plan to carry out human assessment on our step-I decompo-
sition model where we applied Chinese radicals as a feature set to enhance NMT
learning. We also plan to further analyse the step-II decomposition model output
using multi-referenced test suites for automatic evaluation and sampling part of the

test suites for carrying out expert validations in scale.

The training corpus we used for decomposition model investigations is very large
using 5 million sentence pairs (compared to 1.25 million in step-I), which could have
a 100% coverage of the total vocabularies in the development and test set (compared
to 97.7 and 99.3 coverage in step-I). In future work we plan to further investigate the
model performance in lower resource settings to address rare words and phrases, as
well as alternative test set usage (currently 2,000 test sentences). The 1.25 million

corpus of the step-I setting covered most of the testing words.

Chinese radicals preserve the meaning part of Chinese characters, and from this
point of view we expect they can be applied in MT evaluation (e.g. metrics, Sec-

tion 2.2.3) as a semantic feature set to improve automated evaluation accuracy.

In the event that automatic metrics can have an improved correlation to ex-
perts’ assessment by using multiple high quality and lexically diverse references, we
plan to create such resources and test suite based on AlphaMWE using paraphrase

technology.

Regarding the HiLMeMe MT evaluation model, we plan to further empower this
methodology and open-source platform by extensive experimental exploration and
testing, such as its usage for our own model evaluations from the pilot study and

proposed decomposition methods.

We also have interests in investigating other MT problems and challenges that
we discussed in Section 2.3 that are not addressed in this thesis. In connection to the
second and third examples on Chinese-English MT in Section 2.4 Figures 2.9 and
2.10 on poems and Wenyan (classic) Chinese, we are interested in working on these
two challenging domains, which is more difficult than the translation of commonly

spoken Mandarin (Baihua, Putonghua), modern Chinese.
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Another topic we want to carry out experimental investigation into is the com-
bined neural model on MWE identification and MT. As the neural network leanings
have been successfully applied to both these two fields, it is highly possible to ex-
plore the possibility of integrating these two tasks together into one neural model,

with further references [98, 109].

169



Appendices

170



Appendix A

Further Details on NN and NMT
Models

Some further details on Neural Networks (NNs) and Neural MT (NMT) background
models are introduced in Appendix A.1. We also introduce some helpful knowledge
on the Soochow University NMT (or SuDaNMT) systems in 2017 that we used for

the Step-I investigation for decomposition model in Appendix A.2.

A.1 NMT structures

First, let us see the encoder-decoder NMT models in a mathematical way as follows.
The first NMT architecture used convolutional neural networks (CNNs) for the
encoder and Recurrent NNs (RNNs) for the decoder [131]. Let P(f|e) be the proba-
bility of a source sentence e = e¢;, ...¢; translating to a target sentence f = fi, ..., fin,

then, P(fl|e) is calculated as:

P(f | e) =L, P(filfri-1,¢€) (A.1)

where f; means the ith word in the target sentence and fi.;_; means the the preceding
words. Here we can see that the generation probability of each target word f; is

conditioned on both the source sentence e and the already generated preceding words
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fl:i—l-
The language model (decoding part) is displayed in Figure A.1, where I is an
input vocabulary transformation, R as a recurrent transformation, and O as an

output vocabulary transformation. The equations are displayed as:

hy = o(l-v(f1)) (A.2)
hi+1 = O'(R : hz + I- U(fi+1>) (A3)
01 = O - hy (A.4)

where ¢ is a nonlinear function, and v is the fixed-dimensional representation of an

input sequence.

R
h Ry h; Risi
[ L L ] L ] L]
L & R L ] L J
v L 4 ® ® 4 L]
) | O I (0]
L J L J L ]
q q A )
fi—l P(f, ) fi P(fi+1 ) fi+1 P(fi+2)

Figure A.1: Recurrent Continuous Translation Models (RCTM) and RLM model
from [131].

The encoding was a convolutional NNs shown in Figure A.2 where K and L are
denoted as weight matrices, and M as a generic matrix.

Because the CNNs encoding can not keep the ordering information of the source
words, RNNs (especially LSTM and LSTM-like Gated Recurrent Units) were ap-
plied to replace the CNNs [263, 45], as shown in Figure A.3 which was a fully

RNN encoder-decoder, although it still used fixed-dimensional vectors for sentence

representations.

172



An Investigation into Multi-word Expressions in Machine Translation

3 .
L (I([*ﬁbl)l
e e o
XN
e o o o o I(ll 1(12 I(li
K2 ©
e © © o o o E€ Bd 02 3

the cat sat on the mat
Figure A.2: Convolutional sentence embedding example from [131].
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Figure A.3: Fully RNNs encoder-decoder NMT from [263].

he =us G ht + (1= u) ® he—y hy = oy © tanh(c;)
h= tanh(W (2] + U(ry @ hy—y) +b) 4= fiOe-1+i0¢
ue = (W [21] + Ushi-1 + bu) ¢ = tanh(We [#;] + Uche-1 + be)
re = a(W, (2] + Uphy—y +b;) op = a(W, [¢] + Usht—1 + bo)
= o(W; [x¢] + Uih¢—1 + b;)
fe=0(Wy[ze] + Ushy—y + by)

Figure A.4: GRU (left) [45] vs LSTM (right) [122].

Compared with general RNNs, Gated Recurrent Unit (GRU) and LSTM have
an advantage to address the long-sentence poor translation issue, because the gated
parameter settings can selectively remember or forget some previous hidden state
information (see Figure A.4)'. Hidden state h; in GRU is like the cell ¢; in LSTM.
Both of these have forgetting gates u; and f; respectively. Then 7, and #; are reset
gates to decide how much previous information to keep and input gate respectively.
LSTM has an additional output gate O; compared with GRU.

Alignment information is introduced to the NMT structures in order to put more

Himage credit: Prof Chis Manning, from Stanford NLP course
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attention on the surrounding words of the source and target translation token. This
is also designed to address long sentence translation, together changing the fixed-
length (dimensions) vector to various lengths by [9], as illustrated in Figure A.5
where a as the alignment weights to reflect the importance of surrounding words.
The encoder is updated as bi-directional RNNs (BiRNN), i.e., the annotation h;
contains the summary information of both the preceding words and the following

words [h_;, E]

Figure A.5: BiRNN for encoder and RNN for decoding with attention (soft-
alignment) from [9].

The alignment formula is described below with ¢; as the context vector depending
on a sequence of annotations (hy, ..., hy,), a;; as weights and e;; as alignment model,

s;—1 as hidden state before emitting y;.

Ty
C;, — Zaijhj (A5)
j=1

2t exp(ein)
€ij = a(si_l,hj) (A?)

The decoder generates y; with the probability formula (o is a nonlinear function):

p(yt | Y1y oo Ye—1, C) = U(yt—17 Sty C) (A8)
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The later important change includes the introduction of pre-processing models
BPE and Word-piece for OOV word translation on Western alphabet languages, the
full-attention NMT without RNNs to reduce computational complexity and cost,
and pre-trained language model BERT to pre-tune the model parameters for follow-
up downstream sub-tasks. Here we recall one of our contributions in this thesis
is a novel pre-processing model focusing on Chinese character decomposition and
integrating this pre-processing model to an attention based NMT model to handle
MWE translation.

For the attention based Transformer model, it includes three forms of atten-
tion: Encoder-Decoder Attention, Encoder Self-attention, and Masked Decoder
Self-attention. Encoder-Decoder attention connects the encoder-decoder, Encoder
self-attention connects all input information, and Masked decoder self-attention only
attends some information just before current (a single matrix multiply with mask).
In Transformer, every encoded word information is transferred in parallel with feed-

forward nets so it reduced the computational perplexity compared with RNN models.

A.2 SuDaNMT structure applied in decomposi-
tion models

In Soochow University’s NMT (SuDaNMT) model in 2017 [150, 111] the encoder
apples a bidirectional RNN to encode a source sentence z = (1, xs, ..., 1, ) and re-
peatedly generates the hidden vectors h = (hy, he, ..., hr,) over the source sentence,
where T, is the length of the source sentence. Formally, h; = [E), E] is the concate-
nation of forward RNN hidden state E; and backward RNN hidden state E, and E)

can be computed as follows:

By = f(h1.a)) (A.9)

where function f is defined as a Gated Recurrent Unit (GRU) [49].

The decoder is also an RNN that predicts the next word y; given the context
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vector ¢;, the hidden state of the decoder s; and the previous predicted word ;1.

P(Ye|y<t, ©) = softmax(g(se, yr—1,ct)) (A.10)

where ¢ is a non-linear function. and s; is the state of decoder RNN at time step t,

which is calculated by:

St = f(St—la Yi—1, Ct) (A-H)

where ¢; is the context represent vector of source sentence.

Usually ¢; can be obtained by attention model and calculated as follows:

Ty
Cy = Zatjh] (A12)
j=1
exp(ey;
= # (A.13)
k=1 Ctk
erj = vl tanh(si_1, hj) (A.14)

SuDaNMT also followed the implementation of attention-based NMT of the “dl4mt”
tutorial 2, which enhances the attention model by feeding the previous word w;_; to

it, therefore the e;; is calculated by:

erj = vl tanh(3;_y1, ;) (A.15)

where 5,1 = f(s;_1,y:-1), and f is a GRU function. The hidden state of the decoder

is updated as following;:

St — f(gt—la Ct) (A16)

2available on github.com/nyu-dl/dl4mt-tutorial/tree/master/ session2
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Appendix B

Publications on Work from this

Thesis

All the publications listed below have been peer-reviewed excepted for pre-prints in

Section B.6, and wherever clearly stated “under-review”.

B.1 Journal Article Publications/Submissions

1. “Towards a resource for multilingual lexicons: a multilingual parallel corpus
with MWE annotation”. 27 pages. Extended work on AlphaMWE. Submit-
ted to Journal of Language Resource and Evaluation. Publisher: Springer.
Received first round review, conditional acceptance.

2. “Chinese Character Decomposition for Multiword Expressions Aware Neural
Machine Translation: an empirical investigation”. Frontiers in Artificial In-
telligence: Language and Computation. In Special issue: Word Senses and
Multiword Expressions in the Lexicon. 22 pages. Under-review.

3. “Meta-Evaluation of Machine Translation Evaluation Methods” To be submit-
ted. 20 pages. Invited submission, to Journal of Data Science and Informetrics
(DSI). Extended work from Metrics2021 Workshop presentation, organised by
SIG-MET: The ASIS&T Special Interest Group for Metrics.

B.2 Book Chapters Published

4. Moreau, Erwan, Alsulaimani, Ashjan, Maldonado, Alfredo , Han, Lifeng,
Vogel, Carl and Dutta Chowdhury, Koel (2018) Semantic reranking of CRF
label sequences for verbal multiword expression identification. In: Markanto-
natou, Stella, Ramisch, Carlos , Savary, Agata and Vincze, Veronika , (eds.)
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Multiword expressions at length and in depth: Extended papers from the
MWE 2017 workshop. Language Science Press, Berlin, pp. 177-207. ISBN
978-3-96110-124-5 https://hal.archives-ouvertes.fr/hal-01930987

B.3 Conference Paper Publications

5.

10.

Maldonado, Alfredo , Han, Lifeng, Moreau, Erwan , Alsulaimani, Ash-
jan, Chowdhury, Koel, Vogel, Carl and Liu, Qun (2017) Detection of verbal
multi-word expressions via conditional random fields with syntactic depen-
dency features and semantic re-ranking. In: 13th Workshop on Multiword
Expressions (MWE 2017)QEACL, pages 114-120, Apr 2017, Valencia, Spain.
Publisher: Association for Computational Linguistics. (three-main con-
tributors) https://aclanthology.org/W17-1715.pdf

Han, Lifeng and Kuang, Shaohui (2018) Incorporating Chinese radicals into
neural machine translation: deeper than character level. In: Proceedings of the
ESSLLI 2018 Student Session (Language and Computation), pp 54-65. 30th
European Summer School in Logic, Language & Information. 6-17 Aug 2018,
Sofia, Bulgaria. Publisher: Association for Logic, Language and Information
(FoLLI). http://doras.dcu.ie/24732/

Han, Lifeng, Jones, Gareth J.F., and Smeaton, Alan F. (2020) MultiMWE:
building a multi-lingual multi-word expression (MWE) parallel corpora. In:
12th International Conference on Language Resources and Evaluation (LREC),
pages 2970-2979, 11-16 May, 2020, Marseille, France. (Virtual). Publisher:
Association for Computational Linguistics & European Language Resource As-
sociation (ELRA). https://www.aclweb.org/anthology/2020.1rec-1.363

Han, Lifeng, Jones, Gareth J.F., and Smeaton, Alan F. (2020) AlphaMWE:
construction of multilingual parallel corpora with MWE annotations. In:
Joint Workshop on Multiword Expressions and Electronic Lexicons (MWE-
LEX 2020)@QCOLING, Pages 44-57, 13 Dec 2020, Barcelona, Spain (Online).
Publisher: Association for Computational Linguistics. https://www.aclweb.
org/anthology/2020.mwe-1.6

Han, Lifeng , Jones, Gareth J.F., Smeaton, Alan F., and Bolzoni, Paolo
(2021) Chinese Character Decomposition for Neural MT with Multi-Word
Expressions. In NoDaliiDa2021: The 23rd Nordic Conference on Computa-
tional Linguistics, pages 336—-344. Publisher: Association for Computational
Linguistics. https://aclanthology.org/2021.nodalida-main.35

Han, Lifeng , Jones, Gareth J.F., and Smeaton, Alan F. (2021) Translation
Quality Assessment: A Brief Survey on Manual and Automatic Methods. In
Proceedings of MoTra21: Workshop on Modelling Translation: Translatology
in the Digital Age @NoDaLiDa2021 - The 23rd Nordic Conference on Compu-
tational Linguistics. Pages 15-33. Publisher: Association for Computational
Linguistics. https://www.aclweb.org/anthology/2021 .motra-1.3.pdf
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11.

12.

Erofeev, Gleb, Sorokina, Irina, Han, Lifeng, and Gladkoff, Serge (2021)
cushLEPOR uses LABSE distilled knowledge to improve correlation with hu-
man translation evaluations. In Proceedings of Machine Translation Sum-
mit XVIII: Users and Providers Track. pages 421-439. August 16-20, On-
line. Publisher: Association for Computational Linguistics & AMTA. https:
//aclanthology.org/2021 . mtsummit-up.28/

Han, Lifeng, Sorokina, Irina, Erofeev, Gleb, and Gladkoff, Serge (2021) cush-
LEPOR: Customised hLEPOR, Using LABSE Distilled Knowledge Model to
Improve Agreement with Human Judgements. In Proceedings of EMNLP
2021 Sixth Conference on Machine Translation - WMT2021 (Forthcoming).
November 10-11, Online. Publisher: Association for Computational Linguis-
tics. https://arxiv.org/abs/2108.09484

B.4 Conference Tutorials Presented/Accepted

13.

14.

Han, Lifeng (2021) Meta-Evaluation of Machine Translation Evaluation
Methods. Tutorial Research Presentation in Metrics 2021: Workshop on Infor-
metric and Scientometric Research (SIG-MET), Affiliated with 84th ASIS&T
Annual Meeting. Association for Information Science and Technology. Octo-
ber 23-24. http://doras.dcu.ie/26280/

Han, Lifeng (2021) Meta-Evaluation of Translation Evaluation Methods:
a systematic up-to-date overview. Tutorial Proposal accepted to LREC2022:
The International Conference on Language Resources and Evaluation. (A
half-day Main conference tutorial) https://1lrec2022.1lrec-conf.org/

B.5 Conference Abstract Presentations

15.

16.

17.

Han, Lifeng (2018) Apply Chinese Radicals Into Neural Machine Trans-
lation: Deeper Than Character Level. Research Presentation In: LPRC
- Limerick Postgraduate Research Conference, May 24, Limerick, Ireland.
http://doras.dcu.ie/26279/

Han, Lifeng (2018) Machine translation evaluation resources and methods:
a survey. Research Presentation In: IPRC - Irish Postgraduate Research Con-
ference, 8-9 Nov 2018, Dublin, Ireland. http://doras.dcu.ie/24493/

Alekseeva, Alexandra, Gladkoff, Serge, Sorokina, Irina , and Han, Lifeng
(2021) Monte Carlo Modelling of Confidence Intervals in Translation Quality
Evaluation (TQE) and Post-Editing Distance (PED) Measurement. Research
Presentation in Metrics 2021: Workshop on Informetric and Scientometric
Research (SIG-MET). Affiliated with 84th ASIS&T Annual Meeting. Asso-
ciation for Information Science and Technology (corresponding author).
October 23-24. http://doras.dcu.ie/26281/
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B.6

18.

19.

20.

e-Preprints

Han, Lifeng (2016) Machine Translation Evaluation: A Survey.
arXiv:1605.04515v6 [cs.CL] https://arxiv.org/abs/1605.04515v6

Gladkoff, Serge, Sorokina, Irina , Han, Lifeng, and Alekseeva, Alexandra
(2021) Measuring Uncertainty in Translation Quality Evaluation (TQE).
arXiv:2111.07699 [cs.CL] (corresponding author) https://arxiv.org/abs/
2111.07699

Gladkoff, Serge, and Han, Lifeng (2021) HOPE: A Task-Oriented and Human-
Centric Evaluation Framework Using Professional Post-Editing Towards More
Effective MT Evaluation. arXiv:2112.13833 [cs.CL] https://arxiv.org/
abs/2112.13833.
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Appendix C

Created Open-sourced Resources
and Toolkits

C.1 Corpus Resources

C.1.1 MultiMWE

MultiMWE is a multilingual MWE corpus including automatically extracted parallel
MWE glossaries from 5 millions parallel sentences in German-English and Chinese-
English. The number of MWE pairs is 3,159,226 and 143,042 respectively for DE-
EN and ZH-EN after filtering. The open-source website: https://github.com/
poethan/MWE4MT.

C.1.2 AlphaMWE

AlphaMWE is a multilingual parallel corpus including 750 sentences each language
with annotations on MWEs. The source English corpus was from PARSEME shared
task on MWEs, and the other languages we offered covering Chinese, Polish, Ger-
man, and Italian. We carried out automated translation plus manual post-editing
and annotation by native speakers. AlphaMWE is maintained under the page:
https://github.com/poethan/AlphaMWE.

C.2 Data-Processing Toolkits/Platforms

C.2.1 Chinese Character Decomposition Tools

The “radicaldmt” toolkit can be used to decompose Chinese characters into different
degrees from shallow to deeper, currently using the IDS dictionary files from CHISE
(CHaracter Information Service Environment) project. This toolkit is available at:
https://github.com/poethan/MWE4MT/tree/master/radicaldmt.

C.2.2 HiLMeMe: Human-in-the-Loop MT Evaluation with
MWEs

HiLMeMe initial platform is an open source toolkit for researchers carrying out
human-in-the-loop MT evaluations which takes Multi-word Expressions as an impor-
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tant assessment feature. It involves segment /sentence level translation fluency, ad-
equacy, and the translation qualities of highlighted MWE terms. It is implemented
via PsyChoPy3.0 and will be available at https://github.com/poethan/HilMeMe.

C.2.3 cushLEPOR: Customised hLEPOR Metric for MT
Evaluation

Co-developed with LSP company Logrus Global, cushLEPOR takes advantage of
huge language models, but uses them as a light weight fashion; also uses human
evaluation labelled scores whenever they are available, tuning the automatic met-
ric. Overall: towards high quality human level eval via auto-metric using opti-
mised and distilled knowledge models! Two variants: cushLEPOR(LM): tuned on
language model LaBSE (Language-agnostic BERT Sentence Embedding); cushLE-
POR(pSQM): tuned on human professional annotated score labels (Scalar Quality
Metric ) using WMT20 data. cushLEPOR(LM) ranked Cluster 1 in WMT2021
Metrics shared task on En-De, Zh-En and En-Ru in News domain data https:
//github.com/1Han87/cushLEPOR.

C.2.4 HOPE: Human-Centric Evaluation Framework Based
on Professional Post-editing Annotations

HOPE is a human-centric and task-oriented MT evaluation framework, co-developed
with LSP company Logrus Global. The experimental evaluation on Russian-English
MT data demonstrated that HOPE is more efficient and effective on MT engine
quality evaluation with transparent feedback. https://github.com/1Han87/HOPE.
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