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Abstract

This master thesis aims to investigate a phrase-based approach of Memory-based Machine
Translation. This is a form of automatic translation powered by lazy-learning classifiers to
translate fragments of the input sentence. A parallel corpus serves as the basis for training
such a classifier. In the phrase-based approach the principal component of these fragments is
a phrase of arbitrary length. This can be contrasted to prior research in the field in which this
component was a single word. A key element in the research is a comparison of three methods
of phrase extraction. A new decoder has been developed to deal with the characteristics
unique to this approach, and re-assemble the translated fragments into one final translation.
This research will show that one of the proposed phrase-extraction methods is capable of
outperforming previous word-based approaches, even though this gain is limited and the impact
of phrases proves to be smaller than anticipated.
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Preface

Ever since my early teens, | have had a keen interest in both language and technology. Initially
these interests were quite separate. The language aspect started with the playful creation of
constructed languages, which as | grew older moved away to make place for more a serious
acquisition of several foreign languages. The technology aspect has for me always been a focus
on software and the development thereof, starting out in the form of a child’s first playful coding
attempts in BASIC, and moving later into more serious development with an increasing focus
on the world wide web. In my late teens, the passion for language and technology converged
and culminated into me co-founding UniLang, a popular on-line language-learning community.

Seeking a further synthesis between my interests in language and technology, | several years
later enrolled in the master track “Human Aspects of Information Technology”, at the Univer-
sity of Tilburg. This thesis is to be the final fulfilment in the completion of this track. With
the subject of the thesis being machine translation, automatic translation by computers, it is
clear that both two interests carried substantial weight in the determination of the subject. |
consider machine translation to be one of the most fascinating studies in the field of Natural
Language Technology.

This thesis would not have been possible without the assistance of several people: First of all
my supervisor Antal van den Bosch, who has been supervising and guiding me throughout my
research, in spite of his busy schedule, and on whose previous research this thesis is founded.
A second word of gratitude goes to my friend Rogier Kraf, who kindly volunteered to read my
thesis and provided valuable comments to improve it. Last but not least, thanks also goes out
to my boyfriend, for his indispensable emotional support and keeping me well-fed during the
writing stage, and to my parents for having made it possible for me to pursue the academic
career that now culminates in this thesis.



Chapter 1

Introduction

“Language is the dress of thought.”
— Samuel Johnson

“Translation is at best an echo.”
— George Borrow

Language is something that sets us humans apart from other species. The importance of
language can be illustrated by the undoubtedly great evolutionary advantage it provided us.
We humans are capable of expressing our thoughts in language and communicating our ideas
in detail to others. Though it can be rightfully argued that communication is not exclusively
verbal, and that almost all animals communicate in one way or another, the sheer richness of
human language in either verbal or written form is unprecedented. It would be hard to imagine
ourselves without this capacity to put our thoughts into words, and the ability to interpret the
words of others.

However we can gain a partial understanding of such an incapacity if we envision ourselves
in some distant foreign hotel, being enthusiastically spoken to by a receptionist who chatters
in a language we neither understand nor recognise, and who in turn does not understand our
language either. Both parties have the same unique human capacity for a rich language in
which almost everything can be expressed, but both languages are too distinct to be mutually
intelligible. If there are no ways to relate the two languages to each other, communication will
have to fall back to more basic forms; pointing, nodding and gesturing.

Language is deeply symbolic. We associate certain symbols with objects in the real world. For
example the symbol “chair”, in either written or pronounced form, relates to objects in the real
world upon which we are meant to sit. In philosophy of language this is called the “extension”
of the symbol. Symbols can also refer to more abstract concepts, such as for example the
symbol “love”. A single symbol can be ambiguous, “capital” for example can refer to financial
assets, or a city. These two concepts are very unrelated, but ambiguity can also be more subtle,
“leg” does not merely refer to a leg of a human or animal, but can also be applied to chairs.
There may also be multiple symbols that can point to similar concepts, instead of “chair” we
could also say “seat”. All of these symbols pertain to a certain language, in the case of the
above examples, that language was English. When we look at other languages, this intricate
network of symbols and their extensions, the concepts to which they point, may be organised
differently. In Dutch a human leg is called “been”, but this is not the word used for the leg of
a chair. The Dutch symbol “been” however is ambiguous and may also refer to what is called
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“bone” in English, whereas the English word “leg” is never used to refer to bones. Moreover,
the Dutch word “been” has no relation to the orthographically identical English word “been”,
participle of the verb “to be”.

What | mean to invoke with the above example, is an appreciation for the complexity of
language and an understanding for the level of ambiguity inherent in the symbols of a language.
Moreover, it should be understood that different languages are organised differently, not just
having a completely different set of symbols, but also yielding them in different ways.

Despite the substantial differences between languages, languages can generally be related to
others through translation. Hiring an interpreter could help clear up the confusion with the
foreign receptionist in the Bablonian situation we sketched earlier: the receptionist would speak
in his own language to the interpreter, the interpreter has knowledge of both languages and
has some kind of mental model which allows him to convey the message of the source in the
language of the recipient. This is nicely reflected in the etymology of the verb “to translate”,
which comes from Latin “translatus”, literally meaning something like “to carry across”. A
translation carries the meaning of a piece of text over to a different language, changing the
written or verbal form but carrying the semantics, the essence of the text, across to the new
language.

If you have knowledge of two or more languages, it is fairly easy to recognise that translation
is not at all a trivial matter. The naive approach of looking up every word in a dictionary, and
noting down the corresponding word in the target language, is doomed to lead to unsatisfactory
results. | already illustrated the fact that a one-on-one correspondence between words in most
cases does not even exist. Translation is an extremely complex endeavour, and it seems highly
unlikely that any two translators will produce the exact same translation for any given page of
text. Translation can with right be said to be an art, a creative endeavour in which human
interpreters are indispensable.

Nevertheless, human interpreters are not always available, their services are costly, time-
consuming, and they do not fit in our suitcase when we go on holiday to a foreign country. In
a society in which automation plays a pivotal role, it makes sense to attempt to delegate the
task of translation to computers where possible. Here we enter the field of machine translation,
which is the focus of my research.

The idea is to automate translation, translation performed by computers instead of human
interpreters. The summit of machine translation might be embodied in the appealing idea of
a “Universal Translator”, as portrayed in the science-fiction series Star Trek. The universal
translator is a fictional piece of technology which is capable of instantly translating from and
to almost any alien language. Both parties can speak to each other in a normal fashion, each
in their own native tongue, and the translation seems to be without delay. They perceive each
other as if the other were speaking in their own language.

Needless to stay, this probably always remains science-fiction. The current state of the art in
machine translation is nowhere near that level of advancement, and it is highly unlikely that
such a translation device can be achieved in the near future, if at all. Such a universal translator
does not deal merely with machine translation, but would also require speech recognition and
speech synthesis, both of these are separate tasks that will not be considered in this study.

We can envision machine translation in more realistic applications; such as applications on
our phones or PDAs, probably in the form of web services, that allow us to submit a text for
automatic translation and which after processing return the translation. There are currently
already plenty of examples of such technologies, even though the resulting translations are



CHAPTER 1. INTRODUCTION Section 1.1

not always satisfactory. Notable machine translation systems on-line are for example Google
Translate and Systran, which is used by Yahoo's Babelfish.

Machine translation is still an area of active research, in which the end-goal is to improve
the quality of automatically produced translations. Ideally this quality would approximate the
quality delivered by human interpreters, but there remains an enormous gap between the two.
This gap will not be bridged by the study laid out in this thesis, but | do aim to make a modest
contribution to further the research on machine translation.

1.1 Research Question

In this thesis, | will be researching a particular new method of machine translation and will try
to assess the effectiveness thereof. The name of this approach, also the title of my research,
is “Phrase-Based Memory-Based Machine Translation”. This rather long title demands some
explanation. | will attempt to summarise the focus of my research without going into too
much detail at this stage. An in-depth discussion of these will be left to subsequent chapters.

Memory-based machine translation, as described in van den Bosch et al! (2007), is considered
a form of Example-Based Machine Translation. A parallel corpus serves as the main knowledge
base, which is a huge body of text available in two languages. All sentences in this parallel
corpus are paired up with their counterparts in the other language. Between the words of each
sentence pair, an alignment is computed; a linkage of words in one language to their translations
in the other language. Now we have a basis from which a machine learning system can learn.
All sentence pairs are cut into small fragment pairs, consisting of phrases of variable length,
also allowing for single words. This is the phrase-based nature of my approach, which can be
contrasted to approaches that are merely word-based. We thus have a mapping of fragments
in the source language to fragments in the target language. Subsequently, machine learning
techniques are used to learn from this data. This process results in a memory-based model, and
this is what constitutes the memory-based character of the proposed approach. This memory-
based model can then be used to classify fragments that were previously unseen: Given a
sentence we want to translate, we again cut this into various phrase-based fragments, and for
each fragment, a translation will be predicted. Last, but certainly not least, all translations of
these fragments will be recombined together to form the translation of the given sentence.

| base my research primarily on prior research by Antal van den Bosch, Sander Canisius, et
al. on "Memory-based Machine Translation’ Canisius & van den Bosch (2009). The “phrase-
based” character of my research is what distinguishes my study from prior research. Previous
approaches of memory-based machine translation were essentially word-based approaches, even
though context information played an important role and provided a somewhat phrase-like
character. But in essence the approach was one in which words in the source text were
translated one by one.

The focus of my research is to develop and test methods for phrase-based memory-based
machine translation, thus operating on the phrase-level instead of word level. Note that
throughout this thesis the word “phrase” is not synonymous with the word “sentence”: A
phrase simply consists of one or more words, and as an entity it is associated with a translation.

Does a phrase-based approach improve memory-based machine translation? This is
the main research question that will be addressed in this thesis. Main questions that will need
to be addressed to eventually answer this are the following:

10
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» What advantages do we expect from a phrase-based approach as opposed to a word-
based approach?

» What problems can we expect when working with phrases instead of words?

» What constitutes a phrase and how can we extract phrases from sentences?

We thus ask whether and to what extent a phrase-based approach is an improvement over the
word-based approach, and | will identify the problems that arise in this approach.

1.2 Thesis Setup

Having provided a short introduction into the subject under investigation, the second chapter
will revisit the issues posited in this introduction and go into the details of the theoretical
background thereof. This will lay a necessary foundation that is indispensable in order to
understand the remainder of the thesis.

After obtaining the necessary theoretical background, the third chapter will go into the heart of
the matter and describe the setup and implementation of my research. | shall explain in detail
the workings of phrase-based memory-based machine translation and the software | wrote for
this purpose.

Then this system will be put to the test in the fourth chapter, various experiments will be
conducted and the results will be thoroughly compared and discussed.

Last but not least, the fifth and final chapter will put forward the conclusions of this research
and suggestions for future research.

11



Chapter 2

Theoretical background

“Whenever a theory appears to you as the only possible one,
take this as a sign that you have neither understood the theory
nor the problem which it was intended to solve”

— Karl Popper

2.1 Introduction

This chapter will provide the necessary theoretical background that will be needed for a proper
understanding of the remainder of the thesis. We will take a look at related work in all the
relevant areas, most notably the related work upon which this study is founded. First we will
go into a deeper investigation of machine translation as such, and compare some of the existing
approaches. Secondly, we will take a closer look at machine learning and a particular method
thereof, which is after all something that distinguishes our technique from more mainstream
methods of machine translation. After having discussed both machine translation and machine
learning, we will see how exactly machine learning has been employed in previous research by
Antal van den Bosch et al.

2.2 Machine Translation

Although this is by no means a philosophical dissertation, it might nevertheless be a good idea
to introduce this section on Machine Translation with some philosophical considerations re-
garding the feasibility of machine translation and the inherent difficulties in machine translation
and translation in general. Nirenburg (1996) writes about the views of philosopher Yehoshua
Bar-Hillel, whom he credits to be known to every student of machine translation and to be
amongst the most widely quoted in the field. In the introduction | already elaborated on the
complex nature of language and translation, and acknowledged that translation can be right-
fully considered a form of art. This leads us to ponder on the feasibility of machine translation.
Here Bar-Hillel comes in, who according to Wilkg (1979), argued that machine translation was
not only practically, but also theoretically, impossible:

“Expert human translators use their background knowledge, mostly subcon-
sciously, in order to resolve syntactical and semantic ambiguities which machines

12
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will either have to leave unresolved, or resolve by some 'mechanical’ rule which
will ever so often result in a wrong translation.” (Bar-Hillel, 1962)

What leads Bar-Hillel to conclude that high-quality machine translation is impossible, is the
following illustrative and famous example. Consider the sentence “The box was in the pen” in
the following context:

“Little John was looking for his toy box. Finally he found it. The box was in
the pen. John was very happy.” (Bar-Hillel, 1964)

The ambiguity here is that “pen” in this sense is clearly not a writing utensil, but rather a
kid's playpen. For a human this interpretation is fairly obvious, but for a machine it may be
impossible to to determine, as he himself explains:

“Why is it that a machine is powerless to determine the meaning of pen in
our sample sentence within the given paragraph? [...] What makes an intelligent
human reader grasp this meaning so unhesitatingly is [...] his knowledge [of]
the relative sizes of pens, in the sense of writing implements, toy boxes, and
pens, in the sense of playpens, are such that when someone writes under ordinary
circumstances and in something like the given context, "The box was in the pen,”
he almost certainly refers to a playpen and most certainly not to a writing pen.”
(Bar-Hillel, 1964)

| will not go into too much depth about his views. Clearly the argument here is that in order
to translate accurately, background knowledge about the world around us is essential. If after
all, symbols refer to objects in the real world, or to abstract concepts derived from the real
world, it is not insensible to posit such knowledge as a prerequisite for translation.

Wilks (1979) also provides an example of semantic ambiguity with an illustrative example. This
example will be used now as illustration to demonstrate some of the difficulties in machine
translation. The sentence he uses is “Time flies like an arrow”, and the semantic ambiguity
arises from the fact that all of the first three words could be interpreted as a verb, thus yielding
three different readings. Only one reading is sensible to us, the other two readings are rather
absurd to all those of us with knowledge of the world around us. In the next example, the verb
is emphasised in bold, and a speculative Dutch translation is added each time to show that
the various readings can not be produced with the same Dutch sentence, but that each has
to be translated with different vocabulary. This reiterates the point made in the introduction
about the difference in organisation of the intricate network of symbols and their extensions
across different languages.

Consider the following three readings:

= "Time flies like an arrow” - Normal reading: time passes quickly, just like an arrow

"De tijd vliegt als een speer voorbij”

= "Time flies like an arrow” - Reading 2: timing the speed of flies, in a similar fashion as
timing an arrow

"Vliegen klokken als een speer”

13
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» "Time flies like an arrow” - Reading 3: A particular type of flies, “time-flies”, are fond
of an arrow

"Tijds-vliegen houden van een speer”

Based on the reading we take, the Dutch translation is different. For us the first reading is
clearly the most sensible, as the other two are absurd, but can a machine come to the same
conclusion? One is inclined to agree with Bar-Hillel's argument that background knowledge is
essential. We will see later that this is in sharp contrast to the actual approach taken in this
study, in which there is no background knowledge, nor even linguistic knowledge of any kind.
This does however not invalidate Bar-Hillel's argument.

Dutch-speakers may have observed something interesting in my translation of the expression
“time flies like an arrow”. The English expression uses the word “arrow”, that which springs
from a bow, whereas the Dutch uses “spear”. If we were to translate the English sentence
literally, “tijd vliegt als een pijl”, we would end up with a rather odd translation. The translation
of such idiomatic expressions is one of the challenges that machine translation faces.

The same goes for a literal word-by-word translation, as we already ascertained in the intro-
duction. In Dutch, the word "tijd” ( "time”) is preceded by the definite article "de”, whereas in
English "the time flies like an arrow” would be incorrect, one never speaks of “the time” when
one refers to the concept of time in general. The Dutch sentence also has an extra adverb
"voorbij” to emphasise the passing motion of flying. The inadequacy of literal word-by-word
translation becomes even more apparent when regarding languages that are more distant from
each other than Dutch and English, both part of the Germanic subfamily of Indo-European
languages. The next example in figure ﬂ illustrates a literal translation from Chinese to

English:
£ S S : U] = & HEPN X KR B BT
wd gen wo de gege mingtian m3di da de fangzi
I with my  elder brother tomorrow buy big house

Figure 2.1: A Chinese to English translation

We notice immediately that the English literal translation is not a very natural one. The natural
translation would change the word order, add an article, which do not exist in Chinese, and
possibly an auxiliary verb as well. We would then obtain something like “I will buy a big house
tomorrow with my elder brother”. We can also observe some peculiarities, firstly the Chinese
word F] , which is a so called possessive marker, has no direct equivalent in English. Secondly
the word &} &f, one word in Chinese, translates to two words, a noun and an adjective, as
unlike the Chinese the English language has no single word for “elder brother”. Thirdly, the
reverse is also the case, in Chinese we see two words # (“/”) and f] (possessive marker),
which together translate to a single possessive adjective; "my”. In fact, such a translation of
two words to one already resembles a phrase-based translation.

In the above example we have seen three well-known issues in machine translation, which have
to be dealt with in any implementation:

1. Spurious words, words that have no translation in the other language — (null alignments)

2. Single words in the source language that translate to multiple words in the target lan-
guage — (one-to-many alignments)

14
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3. Multiple words in the source language that translate to a single word in the target
language — (many-to-one alignments)

Note that of the first issue we have only seen an example in one direction, but the opposite
may occur just as well: there may be an extra word in the target sentence for which their
is no real corresponding word in the source sentence. Such words are called fertility words.
In addition to these three, we can add a fourth that illustrates the nature of phrase-based
systems, and provides us with a definition of what constitutes a phrase:

4. Multiple words in the source language that translate to multiple words in the target
language — (many-to-many or phrase alignment)

The fact that machine translation is a difficult problem, should not dissuade us from attempting
to further the research in this field. Though there still is validity to Bar-Hillel's argument and
machine translation remains imperfect, there have been made considerable advances since his
publication. Most successful machine translation solutions rely on huge bodies of text, on which
statistical or machine learning methods are employed. The perspective on machine translation
in this thesis will also take such a modern angle, whilst at the same time acknowledging that
the system proposed is no match for a human translator.

Now that we have seen some of the philosophical and linguistic implications of machine trans-
lation, it is time to look into the actual workings of machine translation systems. | will give a
short overview of methods of machine translation that will ultimately lead to the presentation
of Memory-based Machine Translation, on which this research is founded. For the sections on
Classical- and Statistical Machine Translation, the excellent work of Jurafsky & Martin (2009)
has been my main source. So to their work | gladly direct the reader who desires to gain a
more thorough understanding than can be provided here.

2.2.1 Classical Machine Translation

The strength of current techniques for machine translation based on machine learning and
statistics, may be better understood when we contrast them with classical approaches to the
problem. Classical Machine Translation is not one particular kind of translation method, but
instead groups four main approaches that all have in common that they are generally rule-
based. The classical methods each have an analysis stage, a transfer stage according to a set
of rules, and a generation stage. This is unlike the statistical- and example-based methods
that will be discussed in later sections.

These four methods of machine translation and the three aforementioned stages are depicted
nicely in the famous Vauquois triangle (figure @) an image of which can be found in almost
any introduction to Machine Translation. The triangle shows the four methods which will be
very briefly discussed in this section. The closer to the top of the triangle, the more difficult
and the more level of analysis is required for that method.
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Figure 2.2: The Vauquois triangle (Vauquois, 1968)

The most naive form of translation, which we have already seen, is simply translating every
word, one by one, looking up the word in a bilingual lexicon. This is also the basis of the so-
called direct translation approach, to be found at the very bottom of the Vauquois triangle.
We already determined that such a naive approach is inadequate for almost all purposes. But
fortunately that's not all there's to it, and direct translation, even though being the simplest
of approaches, can be more sophisticated than that.

In direct translation there is generally first a stage of morphological analysis of the source
sentence. After that the word by word translation is performed using a bilingual lexicon. Then
there is a set of rules that reorders the resulting translation, and lastly there is a morphological
generator, capable of producing the correct morphological variant of a word, according to for
example gender, number, case, tense, mood, verbal aspect etc... The power of such a system is
largely dependent on the rules that constitute its parts, and these rules have to be constructed,
either by humans or possibly semi-automatically. This is however certainly not a trivial task.

If we move up one level we encounter the syntactic transfer approach. In this approach, the
syntax of the source sentence is analysed, and the resulting syntactic structure is mapped, by
rules, to a new syntactic structure in the target language. The actual words are translated
in the same fashion as in the direct translation approach, through lookup in a lexicon. The
advantage of this approach is that richer structures can be translated, if those structures are
of courses mapped in the rule-base. A main advantage of such a method of syntactic transfer
is that the syntax and corresponding word-order in the target language is constructed in a
grammatically sound way.

Semantic transfer, is similar to syntactic transfer, but attempts to analyse the semantic
structure of the source sentence, and uses rules to map these to a semantic structure in the
target language. This is achieved using for example semantic roles, in addition to syntactic
analysis.

At the very top of the Vauquois triangle, we find the Interlingua model. The previous three
approaches rely extensively on various sets of rules that map words, syntax, or semantic roles
from the source language to the target language. This is a disadvantage when we consider
settings in which there are not just two, but multiple languages to relate to each other. One
would have to reconstruct the rule sets for each language pair, which is quite an undertaking,
as we already emphasised. The Interlingua idea is coined as a solution to this; instead of
translating from all languages to all others, translation goes from the source languages to one
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Interlingua representation, and from that representation to the target languages, thus in the
end reducing the amount of languages that have to be related to each other.

The European Union is one of those settings in which many languages have to be translated
to many others, a complicated, time-consuming, and costly process. A group of Esperantists,
speakers of the artificial language Esperanto, even participated in European Elections with
a political party (Eliropo Demokratio Esperanto) promoting the use of Esperanto as official
“interlingua” within the European Parliament and Union as a whole. In machine translation
however, an Interlingua can also be a more formal semantic representation, rather than a
representation in natural language. The source sentence is subjected to semantic analysis,
and the interlingua representation is constructed. Subsequently, there is a stage of semantic
generation to the target language, based on the interlingua representation.

This interlingua must know a wide range of concepts to accommodate for all the different
nuances that the source- and target- languages can contain. To illustrate this, Uurafsky &
Martin (2009) mentions the Chinese word &} &} (g€g€), meaning “elder brother” as we already
saw earlier. If Chinese is one of the source- or target- languages, then a good Interlingua
representation should contain an ELDER- BROTHER concept as well, but when translating
from English to German or vice versa, which are both languages which do not place emphasis
on elder or younger siblings and do not have special vocabulary for those, usage of such a
concept in the Interlingua would require spurious disambiguation.

In practise the Interlingua approach, and previously discussed classical approaches, have not
proven successful enough so far. The Interlingua approach does not scale well and is best used
in a very confined domain. All approaches rely on an extensive human-compiled rule-base,
which are cumbersome to construct and which in practise are no match against the multitude
of constructions in natural language.

2.2.2 Statistical Machine Translation

Rather than constructing a complex and vast set of rules like classical machine translation
does, statistical machine translation takes an entirely different approach. Various concepts in
Statistical Machine Translation also have a bearing on the approach | develop in this thesis, so
a certain understanding of Statistical Machine Translational is essential. Statistical machine
translation is a data-driven method, using huge bilingual corpora. It regards translation as
a probabilistic task, and tries to discover what configuration of which words yields the most
probable translation of a given input sentence. We can formalise this as follows:

best-translation 7" = argmaxzy P(T|S)

Here, and all throughout this thesis, 1" stands for a sentence in the target language, and S
stands for a sentence in the source language. In the statistical approach, the above is very
hard to compute as such. Estimating P(T'|.S) for a given pair of source- and target sentences
would require knowledge of the probability distribution for all possible target sentences, and
we do not know all possible target sentences. We need to find a different paradigm that is
computationally attainable. In order to do that we will go into the question of what makes a
translation a good translation.

There are two main characteristics that any good translation should possess; a translation
should be true to the meaning of the original, and a translation should be formulated in fluent,
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natural language. These two factors are often referred to as faithfulness and fluency. Both
factors need to be balanced to produce an optimal translation. This dilemma is nicely worded
in a somewhat politically-incorrect saying attributed to the Russian poet Yevgeny Yevtushenko:
“Translation is like a woman. If it is beautiful, it is not faithful. If it is faithful, it is most
certainly not beautiful.”. Translations that are faithful to the letter are prone to lack in
fluency; it is necessary to find a compromise between both faithfulness and fluency to come to
an acceptable result, aiming to maximally satisfy both aspects. This is exactly what statistical
machine translation aims to do, and this can be formalised in the following equation from
Jurafsky & Martin (2009):

best-translation T = argmazy faithfulness(T, S)- fluency(T)

Note that this equation is equal to the earlier one, as they both express the best-translation T.
The solution to our problem of the non-computability of P(7|S), and the key to converting the
former equation into the latter, lies in Bayes’ theorem. Bayes' theorem is famous in statistics
and explains how a conditional probability (A given B) relates to its inverse (B given A). The

theorem is stated and applied as P(T|S) = %.

The underlying paradigm that makes this transformation comprehensible is the noisy channel
model, a model that plays an_important role all throughout the field of Natural Language
Processing, and conceived by Shannon & Weaver (1963). We imagine a noisy channel that
somehow distorts the information that goes through it. We imagine that we have our target
sentence as source, which passed through a noisy channel and gets distorted in the progress,
ending up as our source sentence. The source sentence is thus treated as a distorted version of
the target sentence. Now the idea is to work backwards, to predict and search for the original
source sentence given the target sentence. The situation thus becomes reversed, which has
the great benefit of making it computationally tractable and which captures the intuition of
the two factors faithfulness and fluency. Since we deal with the same source sentence P(S5)
throughout the computation, we can drop the denominator from the equation and we obtain:

best-translation 7' = argmazrP(T|S) = argmaxpP(S|T)P(T) = argmazy
faithfulness(T', S)-fluency(T")

Here we remark that P(S|T") corresponds to the faithfulness and P(7") corresponds to the
fluency, so we now have something that corresponds nicely to our intuition about what makes
a translation a good one. Statistical machine translation systems use two separate models
for the estimation of the two characteristics, a translation model estimates the faithfulness
(P(S|T)), and a language model estimates the fluency (P(T)). The faithfulness here reflects
the distorting nature of the noisy channel. A decoder then uses these models and searches for
the optimal, most probable, solution in the vast search space of possibilities.

Now the question becomes, how do we estimate P(S|T) and P(T")? In other words, what
constitutes the translation model and what constitutes the language model?

Language Model

Let us start with a review of the language model. The Language Model is not just something
we see in statistical machine translation, but also in many other fields of Natural Language
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Processing as a whole, such as in speech recognition, and spelling checkers. The Phrase-based
Memory-based Translation method proposed in this thesis will also make extensive use of a
language model, therefore it is worth providing the necessary theoretical background in certain
detail.

The purpose of a language model is to predict the likelihood of a particular sentence. Now this
may strike the reader as an odd notion at first, and the reader would be amongst good company
in thinking so: The famous American linguist and philosopher Chomsky (1969) said: “I/t must
be recognised that the notion “probability of a sentence” is an entirely useless one, under any
known interpretation of this term”. Language is so rich that for example this very sentence
you are reading right now, one that is perfectly valid, meaningful, and grammatically correct,
has until now never been uttered before in this exact way in all of the history of mankind. So it
would seem that that the idea of probability is not very meaningful when applied to language.

However, one of the useful implications of a language model is that malformed sentences are
in a certain sense “less likely” to be produced in a language than a well-formed sentence. A
non-sentence such as "/ window red from van see my” is a very unlikely series of words in the
English language and obtains a lower probability than the well-formed sentence "I see a red
van from my window”.

Getting a probability score for a sentence as a whole is impossible, as most sentences have
never been uttered before, but we can get scores for smaller fragments of the sentence, and
take the product thereof. These smaller fragments are n-grams, a sequence of n consecutive
words. The relative frequency of these fragments are looked up in a corpus. Thus in order to
compute the probability for a given input sentence sentence, we extract all possible n-grams,
obtain the score for each of those, and take the product of these. For a sentence S consisting
of a series of words s1...sx, we can formalise a bi-gram model as follows:

N+1

P(S) =[] P(silsi — 1) (2.1)

i=1

Here we define sy to have the special role of holding a starter symbol, and s(N +1) to hold a
finalising symbol. We take for example the sentence ~~ this is an example'' asinput,
then wrap it with a starter symbol and a finalising symbol, producing =~ <s> this is an
example </s>'"'. We can then obtain five the bigrams: ~ ~ <s> this'', "~ this is'",
“Tis an'', " “an example'' and " example </s>'"'. For each bigram we obtain the
score from a corpus, and we take the product of all these scores. The example was conducted
with bi-grams, but this approach can of course be extended to trigrams, quadrigrams, and
further. We will see later that the language model used here is in fact a trigram model. Higher
n values generally produce more reliable predictions, as more context is considered, but of
course the corpus must be substantial enough to support that, because larger n-grams are
sparser than shorter ones.

A problem arises when one of the n-grams can not be found in the corpus, as that would
result in it obtaining a probability of zero, and thus the outcome for the whole sentence would
be zero as well. We have to understand that any corpus is by definition limited and merely
an approximation for modelling a language. Bigger corpora produce more reliable results, but
due to the nature of language, no corpus can be big enough. Special smoothing techniques
are therefore often needed to ensure that fragments which are not known in the corpus, still
receive a minimal score.

It should be clear by now that a language model is capable of assigning a probability score to
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a sentence, a score which corresponds nicely to the factor fluency.

Word Alignment

Before we go into an overview of the Translation Model. We first need to re-address the issue
of word-alignment and how to obtain it in training data. In the introduction to this chapter, |
already provided an example of a word-alignment between a Chinese sentence and its' English
translation, so we only need to recapitulate briefly. We saw three types of word-to-word
alignment:

1. Spurious words or zero-fertility words, words that have no translation in the other lan-
guage — (null alignments)

2. Single words in the source language that translate to multiple words in the target lan-
guage — (one-to-many alignments)

3. Multiple words in the source language that translate to a single word in the target
language — (many-to-one alignments)

To build a word-alignment model which we can later use for machine translation, we first
assume we have available a large parallel corpus with data in both source and target language,
and we assume that this parallel corpus is already tokenised, i.e. punctuation has been sepa-
rated from the words and end-of-sentence markers have been identified. Our aim is to align
the words in all sentences in this corpus to their counterparts. First, we need to align all sen-
tences in this corpus with their translated equivalent, because we will operate on a sentence
level. This is a so-called sentence alignment, not to be confused with phrase-alignment. Only
sentences that have a counterpart in the other language are usable.

Given each sentence pair in this corpus, we can compute word alignments using the Expectation
Maximisation (EM) algorithm (Dempster et al}, 1977)). This is a dynamic programming method
that computes which words are most often associated with which other words, it is able to
compute which connections are more likely, and on the basis of that it links the words. So
whereas we started with a parallel corpus without connections, we now end up with a word-
aligned corpus.

This word-aligned corpus is a necessary basis for statistical machine translation, as well as for
memory-based machine translation and other forms of machine translation.

Translation Model

The translation model is a more complicated matter compared to the language model. Whereas
the language model is a monolingual model, it considers just one language, the translation
model in statistical machine translation models the relation between the words or phrases
of two languages. It predicts the probability of the source sentence given a target sentence
(P(S|T)). Keep well in mind the reversed approach of the noisy channel model. If the source
sentence is a likely translation of a given target sentence, this probability is high, if it is unlikely
to be a translation, it is low.

There are two main kinds of translation-models, word-based models and phrase-based models.
Both either directly or indirectly make use of statistical word-alignment algorithms such as the
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IBM models first proposed by Brown et al) (1993). Usage of these or similar models is an
essential characteristic of statistical machine translation. What the IBM models and similar
models essentially do is generate a “story” about how the target sentence T  that goes into
the noisy channel comes to emerge as the source sentence S. If we translate for example from
Spanish (S) to Tagalog (7), then the translation model generates a “story” about how the
Tagalog sentence becomes a Spanish sentence, rather than vice versa.

In classical machine translation systems, we also saw a similar story, made up from a set of rules
that explicitly describe possible transformations. But the generative story in word-alignment
models such as the IBM Models Brown et al| (1993) is statistical in nature. To facilitate
understanding, we shall use an example of translating Spanish (.S) to Tagalog (T"), where we
assume a given sentence in Tagalog and we construct a generative story of how it comes to
be a Spanish sentence:

1. Choose an arbitrary length for the Spanish sentence.

2. Choose an alignment from Tagalog to Spanish (this may include one-to-many align-
ments).

3. Choose Spanish words by translating the aligned Tagalog words.

The key part of these models is a particular alignment configuration (A). This relates to the
translation model as follows (Jurafsky & Martin, 2009):

P(S|IT) =) _P(S, A|T) (2.2)
A

This, as we expect from a translation model, defines the character of the noisy channel.
Having constructed this model of probabilities, the task is to select the actual best alignment
A = argmaz 4 P(S, A|T) between sentences S and T. Note well that word-alignment models
such as the IBM models thus define a large search space, and it is the task of the decoder to
efficiently search in this.

The inner workings of the actual algorithms in question are fairly complicated and it would go
beyond the scope and relevance of this thesis to provide an adequate enough overview. The
memory-based approach that is the focus of this research makes use of an entirely different
translation model.

| will however elaborate on the phrase-based model of statistical machine translation, as | will
be using part of it later.

Phrase-based translation

A phrase-based approach groups words together into phrases, and translates these phrases as
an entity. The phrase-based translation model can be formulated as follows (adapted from
Jurafsky & Martin (2009)):

N

P(SIT) = [ ] é(silti)d(si, ) (2.3)

i=1
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For each source-target phrase-pair s; € S and t; € T the translation probability ¢(s;|t;) is
computed. In addition to the translation probability, there is usually also a distortion probability
d(s;,t;) which measures the distance between the positions of the word or phrase between the
target and source. The distortion probability can of course also be one of the parameters in
a merely word-based approach. What it does is determine the extent to which re-ordering of
the words or phrases is allowed.

The probabilities ¢(s;|t;) can be inferred from a so-called phrase-translation table. A phrase-
translation table lists the phrases in both languages and assigns a probability. This phrase-
translation-table approach is one approach that | too will use later on in memory based machine
translation. One of the questions that needs to be answered in order to answer the research
question of this thesis, is the question: “what exactly constitutes a phrase and how can
we extract phrases?”. The definition of a phrase we have already more or less seen in the
introduction to machine translation, but it is time to make it a bit more precise. We can
define a phrase simply as any group of consecutive words, and it is in this sense that this
concept is used throughout this thesis. Note that a phrase need not even have to make sense
as an actual linguistic unit. What gives a phrase its sense in this thesis, is the fact that it can
be paired up with another phrase in the other language.

Of course these phrase-translation tables do not appear out of thin air, but they have to be
generated somehow. That is where again the statistical word-alignment models come in. For
the word-based translation model, these were used directly, but for the phrase-based translation
model, these are only used to extract the phrases for the phrase translation table.

Once we have found a word alignment for a given sentence pair, we can use that to extract
phrases. The procedure is as follows: We use the methods discussed in previous sections
to create a word alignment from source to target, and an alignment from target to source.
This produces for example the two alignments shown in figure P.3, for a Spanish and English
sentence.

english to spanish spanish to english
bofatada bryja bofetada briuja
2 A T VR a la T varde

Maria no daba una ] Maria no daba una

Mary

not

slap slap

a
2L the

grea
Jrest. graen

witch

witch

Figure 2.3: Two alignments for a Spanish and English sentence, one in
each direction (Koehn, 2004)

The next step is to combine these two alignments into one. This is often done by starting to
take the intersection of both. We then get the alignments that are present in both, and are
thus of high quality. As shown in the following example from (Koehn, 2004):
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intersection

bofetada bryja
Maria no daba una a 1la T vards

Mary

did

not

slap

tha

graan

witch

Figure 2.4: The intersection of the two alignments (Koehn, 2004)

This is however often not sufficient, as it contains too few points to extract meaningful phrases.
Och & Ney (R003) developed an algorithm that incrementally adds points from the union of
the two alignments. The full union would produce less accuracy, but the algorithm selects
words by first taking the intersection, and then incrementally adding certain points of the full
union. Once this combining process has completed, we end up with an alignment from which
phrases can be extracted, as shown in figures and , depicted below:

bofetada bruja
Maria no daba una ‘ a la T

Figure 2.5: Incrementally adding points of the union alignment to produce
the final alignment (Och & Ney, 2003; Koehn, 2004)

bofetada bruja
Maria no daba una la T

Figure 2.6: Phrases that can be extracted on various levels (Koehn, 2004)

In figure @ we see that phrases can be extracted on various levels of granularity, for example,
by following the green squares we can extract the following sentence-pairs for our phrase-
translation table: (“Maria no”, “Mary did not”), (“no daba una bofetada”, “did not slap”) ,
(“daba una bofetada a la”, “slap the”), (“bruja verde”, “green which”)
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Decoder

A brief last word is dedicated to the role of the decoder. It is the task of the decoder to
find the optimal balance between the language model and the translation model. It takes the
source sentence as input, searches through the vast search-space described by the language-
model and translation-model, and produces and eventually returns the actual final translation
that maximises the product of the language model and the translation model. This is thus in
essence a search problem. We will not go into the inner workings of this particular decoder,
but instead we will later on see in detail how a decoder works when applied to memory-based
machine translation.

2.3 Machine Learning

In the previous section | presented an overview of various machine translation approaches.
Before going into a discussion of memory-based machine translation, it is first essential that |
introduce machine learning, as this forms a vital component of memory-based machine trans-
lation. As we already saw in the introduction, the memory-based character of the machine
translation under investigation here, is a reference to the usage of machine learning.

Machine learning can be defined (after Witten & Frank (2002)) as the (semi)-automatic
discovery of common patterns in a substantial amount of data, which results in the emergence
of meaningful new information that was previously not apparent. It is a field that can be
subdivided into more specific tasks such as classification and clustering.

The common denominator in all of Machine Learning is thus that machines “learn” in a sense
from the available data, by detecting commonalities. From this learning emerges new useful
knowledge. Of course this notion of “learning” has the pitfall that it can once again lead us
to certain philosophical deliberations: What is learning? Can a computer learn? The provided
definition, by omitting the word “learn”, cleverly attempts to avoid these philosophical issues.
Machine learning is after all a very practical discipline with real-life practical applications. The
question what exactly learning is, is not an easy one to answer. Learning might be defined as
the acquisition of knowledge or a skill. One gains certain information or an ability that one
did not have prior to the learning. In the machine learning sense, patterns are extracted and
used, and what emerges from this could be considered a form of knowledge. A clear definition
of what constitutes as knowledge, and what is knowable in the first place, is again a difficult
philosophical matter.

A prerequisite of any form of learning is that there has to be a memory, which crudely put
could be seen a kind of storage space for both knowledge and skill. Learning can not take
place if knowledge or skill can not be retained at least temporarily. The patterns a machine
learning algorithm extracts from the data, are embodied in a model that is stored or kept in
memory. The model thus is the product of the learning process, and embodies the knowledge
or skill which can be used to make certain predictions.

This leads us to “classification”, which is a particular kind of machine learning task that is of
direct relevance to this research, and which will further clarify the idea of machine learning.
Classification, according to [Tan et al| (2005), is the task of assigning instances to one of several
predefined categories. It predicts to what class a certain instance belongs, based on the model
it has constructed from from the data.
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To make the concept more insightful, | will provide a small general example inspired on an
example by Tan et al| (2005). Imagine we want to classify to what class of species certain
animals belong. Our instances are thus animals, and the predefined categories are mammal,
reptile and bird. The objects (animals) are described according to a number of meaningful
features. These features are the basis upon which patterns of similarity and dissimilarity can
be sought and a model can be constructed. Take a look at the dataset in table P.1:

Species body temperature | skin type | lays eggs? | has wings? | legs class
dog warm-blooded hair no no 4 mammal
cat warm-blooded hair no no 4 mammal
crocodile cold-blooded scales yes no 4 reptile
chicken warm-blooded feathers yes yes 2 bird
sparrow warm-blooded feathers yes yes 2 bird

Table 2.1: A sample training-set

Now a classifier can train on this dataset and construct a model in memory. This_ model is
subsequently used by a classifier to classify previously unseen instances. Take table to be
a sample test-set:

Species | body temperature | skin type | lays eggs? | has wings? | legs || class

human warm-blooded hair no no 4 ?
duck warm-blooded feathers yes no 2 ?

Table 2.2: A sample test-set

The classifier will be able to predict the class with a certain degree of accuracy that depends
on the nature and relation of the various features, and the amount of instances. Although
somewhat simplified, the general principle is that the more objects are available for training,
the better results can be expected. We can formalise the notion of a classifier as a function
mapping a feature vector onto a class label, where each feature, as well as the class label, is
within a certain finite domain of its own that is known beforehand.

Classifiers come in many varieties, there are various different algorithms: Decision Tree Induc-
tion, Rule Induction, Naive Bayes, k-Nearest Neighbours, Neural Networks, Support Vector
Machines, just to name a few. A discussion and comparison of all these methods is beyond
the scope of this thesis. The interested reader | glady refer to the works of [Tan et al| (2005),
Witten & Frank (2002) and Mitchell (1997). We will instead be focussing now on only one
particular method.

Memory-based learning

Classifiers can be applied in a wide range of Natural Language Processing tasks, including
machine translation. In order to understand Memory-based translation as laid out in the next
section, we will first have to discuss its underlying principle: Memory-based learning.

We can contrast two kinds of classification methods, eager learning methods versus /azy learn-
ing methods. Memory-based learning, as described by Daelemans & van den Bosch (2005),
is one of the latter. Eager methods are defined as methods which seek to create an ab-
stract, generalised, model of the data. In these methods, exceptional, and infrequent cases
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are effectively filtered out. But Daelemans & van den Bosch (2005) observe that in Natural
Language Processing, exceptional and infrequent cases constitute an important part of the
required knowledge, and as such should not be dismisses as noise. Therefore the lazy methods
takes another approach and leave all data available for processing.

The difference is thus that lazy methods keep a huge model in memory that reflects all of
the data, whereas the models of eager methods are smaller and more abstract. Lazy models
such as the k-Nearest Neighbour algorithm, work on the basis of computing the similarity of
a test instance to the training instances in memory. The k training instances that are found
to be most similar to the test instance, determine the class label that will be assigned to the
test instance. The likelihood comparison is performed on the basis of the features, for which
various metrics exist. One notable advantage of such an approach, is the ability to work with a
substantially sizeable domain of different classes. This is the case in many NLP tasks, including
Machine Translation.

In this thesis we use two lazy-learner algorithms, or rather a hybrid approach that incorporates
these two. The first algorithms is I B1, originally proposed by Aha et al. (1991), an implemen-
tation of the k-Nearest Neighbours algorithm. The second algorithm is IGTree (Daelemans,
van den Bosch, & Weijters, 1997), a decision tree classifier that approximates the function-
ality of the k-Nearest Neighbours algorithm. The objective of the algorithm is to reduce the
computational costs of working with large datasets. This gives it a notable advantage over
classic IB1, which can be too slow and too memory-intensive for NLP applications.

IGTree compresses the entire instance base into an ordered decision tree structure at training
time, and is subsequently able to issue look-ups in this tree structure at test time. To clarify
the notion of such a decision tree, take a look at the training instances in figure @ below
and the IGTree derived from those. The instances describe a few objects according to several
characteristics about their appearance.

l'_ feat*ures—l cITss

size shape # holes

small compact | 1 nut
small long none screw # holes
— ong p ey | e
small compact | 1 nut
large long 1 key
small | compact | none screw i shape
small compact | 1 nut
large long none pen
large long 5 S s RIS FSSENSS SR
i size
|arge |ong i pen R e K Ly, P SR ke
large other 2 scissors [ ] )
pen Iscissors pen
small other 2 key

Figure 2.7: On the basis of size, shape and number of holes, an instance
is to be classified as nut, screw, key, pen or scissors. On the left hand side
the training instances, and on the right hand side the /GTree produced by
training. (Daelemans, van den Bosch, & Weijters, 1997)

The distinctive feature of /GTree in comparison to other top-down induced decision tree meth-
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ods such as C4.5, is that features in IGTree are tested in a fixed order. This is computed only
once and in advance for all features. This order is determined using metrics from information
theory, such as information gain or gain ratio. These metrics determine the relative informa-
tiveness or disambiguating power of the feature and provide a ranking of all features. The
notion of entropy plays an important role in these metrics. Entropy is a measure of uncer-
tainty, chaos, or or informativeness. If the expected value of a process is more predictable, then
it is less informative and it has a smaller entropy than a more chaotic and more informative
process. In information gain, entropy plays an important role. Information gain of a feature
can be defined as the reduction in entropy of the classification when knowing the value of that
feature. A closely related metric, gain ratio, is what we use throughout this research. It goes
beyond the scope of this thesis to fully explain the information theory behind these metrics,
so we shall instead return to the application of these metrics in IGTree.

The implication of the fixed ordering based on gain ratio is that at each depth in the tree
the same feature is tested throughout that level for all nodes. With each node in the tree,
a class label is associated that classifies the set of instances following the path up until that
point, this class label thus represents the most probable outcome for the path in the tree thus
far. Only at leaf nodes shown as non-rounded squares in figure @ above, this outcome is
exact and non-ambiguous. The further down the tree, the more precise the classification will
become. Paths followed during classification of a new instance may finish before reaching an
end-node if any of the feature tests along the way fail, in which case a homogeneous class
prediction cannot be found, and the most likely class represented at the last visited node is
returned. This makes it possible for leaf nodes that have the same class label as their parent
to be pruned, achieving extra compression without loss of precision.

It must be stressed again that the idea of /G Tree is to achieve a compressed model of all training
instances in such a way that all classifications can be precisely reconstructed. It attempts to
stay closer to actual lazy learning algorithms such as /IB1. 1GTree can thus be contrasted with
more eager decision tree induction algorithms like C4.5, which recompute information gain at
each node, test for multiple feature values, and through pruning form a more abstracted model
from the training data. The idea behind the tree organisation, as explained in (Daelemans, van
den Bosch, & Weijters, 1997), is to restrict the search for a given test instance to those training
instances that have the same feature value at that feature. This can be done for all features.
An instance is thus essentially stored as a path in the tree, in which each subsequent child
node stores a smaller amount of instances that its parent. Overall this leads to a considerable
compression, as multiple instances share similar paths.

Due to this compression IGTree's memory footprint is O(n), far lower than that of IB1, O(fn),
where f is the number of features and n the number of instances. Regarding CPU time, 1GTree
takes O( flog(v)) (where v is the average branching factor), IB1 again takes O(nf) here (van
den Bosch et al, 2007).

IGTree's performance relies on the differences_in information gain. If these are small then
IGTree may perform significantly below IB1 (Daelemans et all, 2007). A hybrid approach
called TRIBL2 (Daelemans et al), 2007) starts out with IGTree and switches to a IB1 variant
when a value mismatch occurs in the tree. It is mainly this hybrid approach that we will use
in this research.

The IGTree, IB1 and TRIBL2 algorithms are all implemented in the software TiMBLE]
(Daelemans, Zavrel, van der Sloot, & van den Bosch, 2007). This is the software which is
used throughout this thesis, as well as by all of the memory-based machine translation research
upon which this study is founded.

Tilburg Memory-based Learner
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2.4 Memory-based Machine Translation

Memory-based machine translation can be considered as a form of Example-Based Machine
Translation. In characterising Example-Based Machine Translation, Somers (1999) refers to
the common use of a corpus or database of already translated examples, and the process of
matching new input against instances in this database. This matching is followed by extraction
of fragments which are then again recombined to form the final translation.

In his work Somers (1999) also emphasises the “obvious affinity” between Example-Based
Machine Translation and Machine Learning techniques, and he in fact stresses the fact that
example-based machine translation has gone under alternative names by those wanting to
bring out some key difference distinguishing their approach from others. In this context he
also mentioned the label “memory-based”. The clear role that examples play in Example-Based
Machine translation and memory-based learning, indeed affirms the above-mentioned obvious
affinity.

We here define Memory-based machine translation as referring to a machine translation ap-
proach using memory-based learning, as laid out in the previous section. The task of mapping
one language to the other is delegated to the classification algorithms we discussed. This
approach was presented in van den Bosch & Berck (2009), and as such is one of the primary
references for my own study. The method can be described as one in which the sentence to
be translated is decomposed into smaller fragments, each of which is passed to a classifier for
classification. The memory-based classifier is trained on the basis of a parallel corpus in which
the sentence pairs have been reduced to smaller fragment pairs. The assigned classes thus
correspond to the translation of the fragments. In the final step, these translated fragments
are re-assembled to derive the final translation of the input sentence.

This will undoubtedly require further explanation. | will now go into elaborating in more detail
the workings of word-based memory-based machine translation as proposed by van den Bosch
& Berck (2009). In their method we can distinguish two phases: a local phase, in which small
fragments are translated using memory-based learning, and a global phase, in which these
translated fragments are again assembled into one solution.

2.4.1 Local phase - Memory-based learning

For the local phase, we need to have a training set which we can hold into memory and on the
basis of which we can translate. First of all we remark that like in all methods of example-based
machine translation, we rely on a parallel corpus as our main source. On the basis of this,
we compute a word-alignment between all sentence pairs (S, T) in the corpus, as explained in
the discussion_on statistical machine translation. To make things clearer, the aligned sentence
pair in figure will serve as an example throughout this section:

De stemming vindt vanavond plaats .

[T TR

The vote will take place this evening

Figure 2.8: An alignment between a Dutch and English sentence (van den
Bosch & Berck, 2009)
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On the basis of this, we can generate training instances. The instances are constituted as
follows: The feature vector consists of a word of the source sentence, with one context word
on the left hand, one focus words, and one context word on the right hand. The class consists
of the aligned word, and also takes left- and right context words. Note at this point that
the feature vector in this case consists of three features, and although the output class is
composed out of three words as well, it is from the perspective of machine learning a single
non-decomposable entity. The instance for the word “stemming” and its aligned equivalent
“vote"” is illustrated in figure P.9:

[ De |stemming| vindt l—bl The | vote | will |

Figure 2.9: A training instance for the word “stemming” and its aligned
equivalent “vote" (adapted from van den Bosch & Berck (2009)). The focus
word in the middle is highlighted and the context words are left white. The
left hand side illustrates the feature vector, and the right hand side is the
output class.

We can create such instances for all words, except those that are part of a null alignment, by
generating trigrams for the entire input sentence, resulting in the instances shown in figure
P 1(1

[ | De |stemming}l—>{ [ The | vore |
[ De [stemming| vinde F—»{ The [ vore | wil |
| stemming | vindt | vanavond f— vote | will | ke |
[ vinde | vanavord | plas |—{ chis [ evening | |
[ vanavond | plass | . || ke [ place | this |
l |

[ plaats I : l _ I—bi evening I

Figure 2.10: Training instances for all trigrams of the example sentence
(adapted from van den Bosch & Berck (2009))

Previously unseen sentences that we want to translate are decomposed into trigrams in the
same way. Based on the memory-based model of the training data, the classifier can predict
a translation for each particular fragment. It thus predicts a class on the basis of one context
word on the left hand side, a focus word, and a context word on the right hand side. Moreover,
the predicted class itself can be seen to consist also of one context word to the left, a focus
word, and one context word to the right. Of course the number of context words in either
feature vector or output class, is not restricted to one, nor are they theoretically bound to be
symmetric.

Note that this approach is referred to as a word-based approach because the focus part of
the trigram, both in the feature vector as well as in the output class, is always a single word,
and only the focus words are by definition translations of each other, the context words need
not be aligned to each other. However, due to the role of the context information in both
input and output, the word-based character described here is not a word-based character in
the sense a naive word-by word translation would be: the usage of trigrams in both input
and output already counts as a certain approximation of phrases. However, this is a far more
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limited notion of phrases than the one that shall be presented in this thesis.

So also in the word-based approach, words are translated in context. This usage of context
can be contrasted to statistical machine translation. Stroppa, van den Bosch, & Way (2007)
explain that the statistical machine translation models express dependencies between source
and target phrases, but not between the source phrases themselves, i.e. the context in which
those phrases occur is never taken into account during translation. They remark that language
models can be used to take into account target similarity, but statistical machine translation
generally does not take into account source similarity, dependency between the source phrases
themselves. Memory-based machine translation however, explicitly takes into account source-
similarity, by using left and right context words as features. This is one important characteristic
that sets it apart from approaches that do not do so, and where the aim is to improve upon
them.

Let us now take a somewhat closer look at the way the /GTree memory-based learning al-
gorithm actually predicts translations. In the previous section we briefly discussed this lazy-
learning algorithm, which is an algorithm that compresses the instance-base into a decision
tree structure and functionally approximates k-Nearest Neighbours. Applied to memory-based
machine translation, we can trace the workings of IGTree as aptly explained by van den Bosch
& Berck (2009):

“During translation, |GTree’s classification algorithm traverses the decision
tree, matching the middle, left, and right words of each new trigram to a path
in the tree. Two outcomes are possible: (1) IGTree finds a complete matching
path, upon which it returns the most probable output trigram; (2) IGTree fails
to match a value along the way, upon which it returns the most probable output
trigram given the matching path so far. Instead of the most probable path, it is
also possible for IGTree to return the full distribution of possible trigrams at the
end of a matching path.”

This again emphasises the fact that instances are represented as a path in the tree, a path
which need not be a complete path. van den Bosch & Berck (2009) in this also referred to
another important issue: Instead of just predicting one translation, one class, the algorithm can
thus return a distribution of possible translations, each associated with a certain probability
P(tz\sz)

2.4.2 Global phase - Decoding

The next task, having classified all possible trigrams from S, is to again form one coherent
sentence T using the predicted target fragments. This is a task for the decoder. Decoding
is essentially a huge search problem, in which the task is to find the optimal, most probable
translation. This translation consists of a composition of the predicted target trigrams. This
search problem can often be stated as a task of optimising a certain objective function. Each
hypothesis translation is assigned a certain score that is an expression of the quality of solution,
and the task is to find the one with the highest score.

The size of the solution space can be illustrated by taking a source sentence S of nine words.
If we assume all the words have an alignment, then nine test instances will be generated. In
the classification stage these will each receive a probability distribution of class labels. If we
were to only consider the best translation from this distribution, or if there were only one a
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single output class per trigram, then our only task would be to find the correct order of these
predicted classes, which would be a search-space consisting of 9! = 362880 possible solutions.
If we not only consider the best-predicted translation, but also take other options into account,
then the search space increases significantly. In a configuration in which the class contains
context words, we can exploit the overlap in context to aid in tying fragments together. This
is exactly what is done by the MBMT decoder proposed in van den Bosch & Berck (2009).
Figure below shows this for the example sentence we used throughout this section, assume
that these are the predicted trigrams from the local phase:

Figure 2.11: Re-assembling the target sentence through the usage of con-
text overlap (adapted from van den Bosch & Berck (2009))

Generally only the focus words are used in the resulting translation, but the notable exception
to this is when the right context of one class overlaps with the left context of another, in
such a case the context can become a meaningful component of the final product. This is
emphasised in the above figure for the words “take”, and “this”, which play a pivotal role in
the overall assembly process. The sentence T that emerges from this can be found by following
all the highlighted words, i.e. focus words and context overlap, in proper order, producing the
sentence: “The vote will take place this evening”.

Note that the example case shown above is an ideal case. In practise, memory-based learning
will not always predict trigrams that can be perfectly re-assembled. Situations will occur in
which a trigram either has no overlap at all, or in which it can overlap with multiple trigrams.
In the former case, a strategy that can be applied is for example simply generating the focus
word of the next fragment. Moreover, we already stated that there can be a distribution of
predicted trigrams, rather than a single one. All of this complicates the decode process. A
language model, as discussed in section , is therefore used to select the most probable
solution in the vast solution space.

2.4.3 Decoding by Constraint Satisfaction Inference

A new approach to decoding in memory-based translation was introduced by Canisius & van
den Bosch (2009). Here the task of decoding is viewed as a constraint satisfaction problem.
This is a search problem in which each state consists of an assignment to certain variables
that are required to meet certain constraints. The goal is to find a set of values that satisfies
the constraints or optimises a certain objective function; the latter applies to the application
illustrated in this section. There thus is a constraint model, which specifies which combinations
of values are allowed over the various variables, and assigns a weighted to each. This in effect
makes it a “weighted constrained satisfaction approach”, where the weights correspond to the
importance of the constraints (Canisius & van den Bosch, 2009). The candidate solutions to
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such a problem are scored according to the sum of the weight of the constraints that they
satisfy. In the end, the solution with the highest score is selected as the translation.

When comparing this approach to statistical machine translation systems, the constraint model
can be seen as replacing the translation model. In addition to this, three other components
are used in computing the final score of a translation hypothesis:

1. Constraint Model — Optimises translation quality in context.
2. Language Model — Optimises fluency

3. Null Model — A probabilistic model that deals with null-alignments and allows for the
deletion of those words from the hypothesis that are often null-alignments.

4. Length Penalty — Compensates for the tendency of the language model to favour
shorter sentence by adding a length penalty for shorter sentence, or length bonus for
longer sentences.

The constraint model, at the heart of this decoding method, introduces one variable for each
trigram of the source sentence, and each trigram as we know corresponds to a word in the
source sentence. The domain of these constraint variables is the set of classes predicted by
the classifier for the trigram in question. Note that spurious words in the source sentence did
not generate test-instances; they are instead covered by the null model and are translated to a
null symbol. This null symbol is part of the domains of all variables, allowing for the deletion
of words deemed spurious.

In solving the constraint satisfaction problem, Canisius & van den Bosch (2009) base their
approach on a greedy decoding algorithm by Germann (2003). This algorithm first generates
an initial hypothesis in which all fragments are selected in the order in which they occur in
the source sentence, and each is translated with the translation that came out best in classi-
fication. Next, a hill-climbing search applies simple transformations to this initial hypothesis
and continues this until no further improvement can be attained. The following operators are
implemented to transform hypotheses. The descriptions are adapted from Canisius & van den
Bosch (2009).

1. Change (Substitute) — Substitute the translation of a source-language word. If the
target word is aligned from multiple source words, a new target word is inserted in
the translation at the position maximising the translation score; otherwise, the current
translation is changed, while its position is left unchanged. Among the translation
candidates, the null symbol is also tried, resulting in the deletion of a word from the
translation hypothesis.

2. Insert - Insert a spurious word in the translation. A spurious word can be inserted
when there is overlap between the right context of one predicted translation and the left
context of the subsequent one. An example of this was seen in figure , with the
words “take” and "this”. Due to the context size being one, only one spurious word can
be inserted.

3. Erase — Erase a spurious word

4. Join — Join two target-language words, i.e., removing one of the words from the trans-
lation and aligning with the remaining word all words previously aligned with the word
that was removed. (Canisius & van den Bosch, 2009)
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5. Swap — Swap two non-overlapping segments of the target sentence. This allows for
reordering the fragments in the translation hypothesis.

A constraint satisfaction problem can be visualised as a constraint graph, in which the nodes
of the graph correspond to variables of the problems and the arcs correspond to constraints
Russell & Norvig (2003). A constraint graph for the search space of one test phrase and its
predicted classes, is shown in figure @' from Canisius & van den Bosch (2009).

Alignment

Dat kan niet

/ \I

That is impossible

Trigram predictions

- | [ tha is |
| L% [ @ |
- | is “ impossible || |
T =
_ is impossible | |
niet
can 't | |
Search space
D,, = { is, can, FOLLOWS, NONE } D,, = { is, FOLLOWS, NONE }
D,, = { FOLLOWS, NONE } D,, = { FOLLOWS, NONE }

Dat
D, = { That, It, NULL }

niet kan
D, = { impossible, 't, NULL } D, = { impossible, can, NULL }

N

D,, = { OVERLAPS, FOLLOWS, NONE }
D, = { OVERLAPS, FOLLOWS, NONE }

Figure 2.12: Constraint graph for one sentence composed of three test
fragments (Canisius & van den Bosch, 2009). The top part shows the
correct alignment, the middle part shows the trigram predictions for each
of the word, and the bottom part shows the actual constraint graph. Any
valid translation is a directed cycle in this graph that starts and ends in the

BEGIN/END node

Figure shows a classification that is ambiguous. For each source fragment, two classes
have been predicted, resulting in a larger search space. On the basis of the predicted fragments,
the domains of the variables are populated and constraints are added to the inference. Each
domain thus has two words, and an additional NULL symbol that is part of all domains, allowing
for a word to be dropped from the target translation hypothesis.

The edges of the graph each come with an associated domain as well, here the keyword
FOLLOWS appears if the one pointed to may follow the other, which is always part of the
domain as we can reorder every fragment in such a way that it follows another. NONE is
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always included as well, and indicates no constraint between the two. The words that appear
in these domains indicate spurious words that may be inserted, i.e. words that are found in
the right respective left context of the fragments. The symbol OVERLAPS indicates that the
two words overlap.
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Chapter 3

Setup & Implementation

Many critics, no defenders,
translators have but two regrets:
when we hit, no one remembers,

when we miss, no one forgets.
— Anonymous

In this chapter | will present my own research. In the previous chapter, | laid out the theoretical
background that is essential for a proper understanding of this chapter. We discussed machine
translation in general, memory-based learning, and lastly we saw memory-based learning applied
to machine translation, leading to word-based memory-based machine translation. The focus
of my research, as has already been emphasised on previous occasions, is to incorporate phrase-
based support in memory-based machine translation and to investigate how such a method
relates to a mere word based approach. The actual results of this approach will be discussed
and compared in the fourth chapter, in this chapter we will focus only on the theoretical setup
and the implementation of phrase-based memory-based machine translation.

3.1 Phrase-based Memory Based Machine Translation

In word-based memory-based machine translation we worked with fixed trigrams consisting of
a left context word, focus word, and right context word, both in the feature vector as well as in
the corresponding output class. Of course the number of context words in both feature vector
and class can be chosen differently, and need not even be symmetric. The actual focus word
however always consisted out of one single word. We thus dealt with a configuration that was
always fixed.

The idea that underlies this thesis is: what if we take here a phrase instead of a word? Instead
of one focus word, we can take a phrase consisting of multiple words. So again it should be
noted that a phrase is defined as a sequence of consecutive words, a subset of a sentence.
Phrases in the source language would be mapped to phrases in the target language, again
taking into consideration the context in which these phrases occur.

To illustrate this, we take first the following word alignment between a French source sentence
and its English translation:
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Je sais que I' homme inconnu est condamné a tort .

| know that the unknown man is wrongly convicted .

Figure 3.1: A word alignment between a French and English sentence

Now suppose we can extract “I’homme inconnu” as a phrase in the source language, aligned to
the phrase “the unknown man” in the target language. The actual means of extracting these
paired phrases will be clarified later in this chapter, for now we will just presuppose we can
extract this pair. An example for this phrase-based instance for training can then be visualised
as in figure @

[ que | I' |homme| inconnul est |—>'I that | the |unknown| man | is |

Figure 3.2: Visualisation of a phrase-based training instance in context.
From French to English

We thus see that whereas we previously had a single focus word, we now have a phrase
consisting of multiple words. If we take a look at yet another phrase-pair we presuppose to
be extractable from the example sentence pair (figure B.3), then we see clearly that the span
of the source phrase need not be equal to the span of the target phrase. Moreover, there will
be source phrases and target phrases of different lengths. We thus have a far more dynamic
approach than in word-based memory-based machine translation:

[ is |wrongfu||y| convicted | ; |—>I est |condamné| a | tort | : |

Figure 3.3: Visualisation of another phrase-based training instance.

3.1.1 Hypothesis

One of the questions posited in the first chapter, was what advantages we can expect from
a phrase-based approach as opposed to a word-based approach. After all, the phrase-based
method is only worth pursuing if we can expect a gain from it. We already established the
inadequacy of a very naive word-by-word translation. Words simply do not map one on one, and
expressions differ greatly across languages. The word-based memory-based machine translation
approach greatly makes up for this by incorporating context information, both source-side and
target-side. But with the focus consisting out of merely one word, this approach still has some
disadvantages that might be solved in a phrase-based approach. Let us look at some of the
advantages of phrase-based over word-based:

1. Local reorderings - When using phrases instead of single words, local differences in
word-order can be captured in the phrases themselves, whereas they would have otherwise
been left to be resolved by the decoder, usually relying on the language model. This is
apparent in both figure @ as well as figure @ In both cases the French and English
phrases use a reversed word-order. Treating the phrases as an entity prevents us from
having to deal with reordering these words later. We can thus predict to be less affected
by word-ordering problems.
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2. Spurious words - A phrase can contain spurious or null-aligned words, words that are
not aligned with any word in the target sentence. Taking the phrase and its translation
as an entity, solves the problem of having to deal with a word that has no counterpart in
the other language. An example of this is the word “3” in figure B.3. In the word-based
approach described by Canisius & van den Bosch (2009), the decoder uses a special null
model to try to compensate for this, from the null model one can infer which words are
good candidates for deletion. | predict a phrase-based approach to be less sensitive to
this, if only enough spurious words are within the span of a phrase.

3. One-to-many alignments - A phrase in a sense is a many-to-many alignment. It aligns
two word-sequences which may have a different span. The word-based memory-based
approach has difficulty resolving the one-to-many alignments that may be inherent in a
phrase. The system is inclined to translate each word with one translation. The only
way in which the system attempts to resolve this is through making use of the context
overlap as shown in figure . However, here we are limited by the amount of context
words in the output class, one word in this configuration. Of course it is possible to
increase the amount of context, but as we will see later this brings quite some problems.
The usage of phrases is predicted to solve a lot of the problems in situations where one
word in the source language translates to multiple words in the target language, or vice
versa for that matter.

One other argument in favour of a phrase-based method, is simply the observation of past
results. In statistical machine translation, phrase-based methods have been shown to produce
a significant improvement over word-based methods. Therefore the latest research in the field
is mainly focussed on phrase-based methods, see for example Koehn (2004).

What we thus hope and expect to find, is that translations produced by a phrase-based
memory-based machine translator show an improvement in translation quality compared to
those produced by a word-based memory-based machine translator.

3.1.2 Setup

The task of phrase-based memory-based machine translation can be divided into several sub-
tasks. Different software components are used to perform each task. New software components
have been written for each of the tasks that are specific to phrase-based memory-based machine
translation. We can distinguish two main phases, a training phase and a testing phase. The
training phrase takes as input a parallel corpus and produces a memory-based model that is
later used in the testing phase for classification. The testing phase takes as input a collection
of input sentences in the source language, and eventually produces the translation of that
input. The whole setup of the phrase-based memory-based machine translation system that
will be proposed in this chapter, is illustrated in figure B.4.
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TRAINING:

Parallel Corpus
Sentence Alignment J
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Word Alignment J
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Instance Generation
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Memory-based learning
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Figure 3.4: A scheme showing the overall setup of the proposed phrase-
based memory-based machine translation system. The left-hand side cor-
responds to the training phase, and the right-hand side corresponds to the
testing phase. Green round nodes denote data, and blue square nodes de-
note processes that manipulate the data

Memory-based
Instance-base

In the next sections of this chapter, we will discuss in detail all of the elements shown in figure
. First however we will present a more general overview of this setup.

We start with the training phase. The input thereof is a tokenised parallel corpus. The next
step is to establish which source sentences are paired up with which target sentences, and
discard all those that can not be matched. This produces a collection of sentence pairs in
source- and target- language. Next, we compute a word-alignment between all sentence pairs.
We have seen how this is done in section . We use the software GIZA++ (Och & Ney,
2003) for this task.

Up until this point, the procedure for word-based and phrase-based memory-based machine
translation has been the same and no custom-written software has been needed yet. The
divergence starts at the level of extracting phrases, which is of course only an issue in the
phrase-based approach. We will see in the next section a discussion of various ways of extracting
phrases. The extracted phrase-pairs or phrases will be stored in a data file and these in turn
are read by the instance generator and form the basis for the generation of training instances.
The instance generator is specific to the phrase-based approach, so custom software has been
developed for this purpose.
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After the training instances have been generated, the actual training can begin. As mentioned
in_section 2.3, we use the software TIMBL® (Daelemans, Zavrel, van der Sloot, & van den
Bosch, 2007) to this end. The result of the training is a memory-based instance-base, more
precisely, a losslessly compressed decision tree model of all instances. This model will be used
by the testing phase, of which we will now sketch an overview.

The testing phase starts with a collection of input sentences in the source language. These
are the sentences to be translated. The instance generator decomposes the sentences into test
instances. It does so on the basis of the phrases extracted during the training stage, so this
data serves as extra input to the instance generator, as shown in figure 3.4.

Once the test instances have been produced, it is the task of TiMBL to perform the actual
classification using the memory-based model constructed during the training phase. For each
test instance, a translation will be predicted. Last but not least, the decoder comes into
play. The task of the decoder is as always to combine all translated fragments together into
a coherent translation. For each input sentence it searches for the best configuration of the
predicted translation fragments. Once complete, we end up with the final translation for
each sentence and we are technically done. For research purposes, such as this thesis, we of
course want to judge the quality of our translation and compare it to existing approaches. For
that reason there is an extra evaluation stage, which assigns several scores to the produced
translations. Chapter four will go into detail on this matter. We first limit ourselves to an
extensive overview of the workings of the system we just sketched.

3.1.3 Implementation Setup

The phrase-based memory-based machine translation system proposed in this thesis has been
implemented as chain of various technologies. This reflects the setup shown in figure B.4. The
implemented chain presupposes that the sentence-alignment and GIZA++ word-alignment
have been performed already. If a phrase-translation table is used, it is also presupposed that
this has been generated prior to running the processing chain. The subsection on that method
will provide details on the software used for that purpose. Once all input requirements are
met, the following custom scripts, written specifically for this thesis, can be called. They are
listed chronologically in order of invocation:

1. pbmbmt- make- phraselist - A python program for the creation of a phrase list,
necessary only for the phrase-list approach to phrase extraction.

2. pbmbmt- make- instances - A python program for the generation of training and
test instances.

3. pbmbmt- train - A shell script wrapping the invocation of TiMBL for training.
4. pbmbmt- test - A shell script wrapping the invocation of TiMBL for testing.

5. pbmbmt- decode - The phrase-based memory-based decoder, a python program.

All custom software for this thesis has been implemented in Python 2.5 (van Rossum, 2006)
and is targeted at Linux and other Unix-based operating systems. Small portions of the code
have been designed originally in the context of the Constraint Satisfaction Inference Machine
Translator by Canisius & van den Bosch (2009), and have been reused.

1 Tilburg Memory-based Learner
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The developed software is freely obtainable from the supplementary website for this master
thesis, to be found at http: //proylt. anaproy. nl/projects/pbmbmt. Furthermore,
a practical "how-to”, describing how to use the software, can be found on the webpage as well.

All code is available as open-source under the GNU General Public License V3E.

3.2 Phrase extraction & Instance generator

One of the key questions in this research is the question on how to extract phrases. In
our discussion on Statistical Machine Translation in section , we already saw a detailed
answer to this question. We saw how two counter-directional word-alignments were combined
into a phrase-alignment, which allowed for the construction of a phrase-translation table. It
makes sense to use exactly this phrase-translation table as a source for extracting phrases for
instance generation, so this is precisely what we shall do. But in addition to this, we will also
try two other approaches of phrase extraction, yielding a total of three methods subject to
investigation:

1. Phrase-translation table
2. Phrase list

3. Marker-based chunking

The second method of phrase extraction is the phrase-list approach, which is a simple method
that extracts common n-grams in a corpus. The last approach is marker-based chunking, which
segments a sentence into phrases, splitting whenever so-called marker words occur. One of the
questions to be answered later in this thesis is how these three methods compare and which
scores best.

Once we know what the phrases in a given sentence are, the procedure for generating instances
is fairly simple. The algorithm for the generation of training instances can be formalised as
shown in algorithm [1f:

Algorithm 1 Training-Instance-Generator

Require: A set consisting of (S, T, A) tuples of source-sentence, target-sentence and a word-
alignment between two. An integer n to specify the context-size.

Ensure: Set of training instances I, containing each a tuple consisting of a feature vector and
a class label.

LI<=0
2: for all (S,T, A) € SentencePairs do

3. for all (P, P;) € ExtractPhases(S,T,A) do

4 Features < LeftContext(S, Ps,n) U Ps U RightContext(S, Ps,n)
5 Class <= Le ftContext(T, P;,n) U P; U RightContext(T, P;,n)

6: I < I U(Features,Class)

7:  end for

8: end for

9: return [

2The license can be obtained from http://www.gnu.org/copyleft/gpl.html
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Here we delegate the hard work of extracting the phrases, to an abstract function that re-
turns aligned phrase pairs, making use of one of the three aforementioned methods of phrase
extraction. We will shortly see precisely how these methods work. We also make use of the
functions Le ftContext and RightContext to extract n extra context features. For simplicity,
the formalisation above uses a single value of n, but in practise these are implemented as two
or four different variables that can be set independently.

For the generation of test instances, the procedure is simpler, we after all need to consider only
the source sentences, as the target sentences are completely unknown and are precisely the
data we seek to obtain through classification. Note that for the generation of test instances we
require the phrase list or phrase-translation table that has been generated using the training
data, depending on the method chosen. In generating test instances using the phrase-list or
phrase-table method, we can thus only extract phrases that we also detected during training.
Only marker-based chunking operates in a different fashion. We will explain this somewhat
more deviating method last.

The instance generation algorithm for testing can be formalised as in algorithm E below:

Algorithm 2 Test-Instance-Generator
Require: A set of input sentences. An integer n to specify the context-size.
Ensure: Set of test instances I, containing a feature vector each.

1 <=@
: for all S € InputSentences do
for all (P,) € ExtractPhrases(S,T) do
Features <= LeftContext(S, Ps,n) U Ps U RightContext(S, Ps,n)
I < I U (Features)
end for
end for
return [

e B o

Phrase overlap

Thus far we have not yet mentioned one of the problems inherent in a phrase-based approach.
An important issue is the fact that often, a sentence can simply not be decomposed entirely
into phrases using the extraction methods we will discuss in the next section. In most cases
there will be gaps between phrases, or in the worst case no phrase at all can be found in a

sentence. If we return to the French-English sample alignment of figure B.1, and we assume
that the only two phrases we managed to extract are the two we used in subsequent examples,
then we obtain a coverage as shown in figure below:

Je sais que I' homme inconnu est condamné a tort .

|

| know that the unknown man is wrongly convicted .

Figure 3.5: Word-alignment with coverage of extractable phrases, high-
lighted in green

In this case we see that four words in the source language are not covered. If we were to

employ a method of instance generation that purely relies on extracted phrases, then we would
miss out on a lot of data, depending on the quality of our phrase-translation table or phrase
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list. However no phrase list or phrase-translation table will be good enough to prevent the
occurrence of gaps. Gaps occur precisely in those places where the probability of the transition
between words is lower, and/or the probability of a reoccuring alignment is lower. Phrase
lists and phrase-translation tables on the contrary try to capture common patterns with higher
probability.

The solution to this problem is straightforward. We already defined a phrase as consisting
out of one or more words. So in addition to generating instances using one of the various
phrase-extraction methods presented in the next section, we generate word-based instances as
well. It is important to realise that this makes the phrase-based approach an extension of the
word-based approach in a close sense: Given the same parallel corpus and input sentences, the
training instances and test instances in phrase-based memory-based machine translation are a
superset of those in word-based memory-based machine translation.

In our approach, the word-based instances are generated in the same fashion as explained in
section P.4, by moving a sliding window of length n over the source sentence. In addition to
that we thus also have the extracted phrases. This leads to a certain overlap in instances. A
word in the source sentence can be part of the focus of a feature vector multiple times. There
is the word-based instance, but there may also be one or more extracted phrases that the word
is a part of. We may thus generate multiple instances that all contain the same word or words
as part of their focus.

| will elaborate on this by stressing the possibility of overlap in phrases. Figure @ shows four
phrase-pairs that can be hypothetically extracted, and there is overlap between two of them:

Je sais que|l'lhomme inconnu estf|condamné a tortl.

| know that thefunkndwh man is':|'w_r0_ngly convicted].

Figure 3.6: Overlap in coverage of extractable phrases

Here “homme”, “inconnu” and “tort” would each be part of the focus of a training instance
three timesd. The possibility of phrase overlap was also shown in figure @ of the previous
chapter, in the discussion on phrase-extraction in statistical machine translation. Since this is
the source of the phrase-translation table we use, the likelihood of overlap becomes apparent.

Phrase overlap occurs in both training instances and test instances. The latter has an important
side-effect that will have an impact on the decode process we describe later on. If there are
multiple instances covering the same words, then there will be multiple possible fragmentations
of the input sense. If we take the French input sentence in figure @ as example, then we can
decompose the source sentence into the following fragmentations using just the four highlighted
phrases, as shown in figure :

343" would occur only two times since it will not generate a word-based instance as it is a null-aligned word
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Je ‘ sais ‘ que ‘ I’'homme inconnu ‘ est ‘ condamné a tort

Je \ sais \ que \ I'homme inconnu \ est \ condamné \ a tort

Je ‘ sais ‘ que ‘ ['"homme inconnu ‘ est ‘ condamné ‘ a ‘ tort

Je ‘ sais ‘ que ‘ I ‘ homme inconnu est ‘ condamné 3 tort
Je ‘ sais ‘ que ‘ I ‘ homme inconnu est ‘ condamné ‘ a tort
Je | sais | que | I' | homme inconnu est \ condamné \ a \ tort
Je | sais | que | I' | homme ‘ inconnu ‘ est ‘ condamné 3 tort

Je ‘ sais ‘ que ‘ I ‘ homme ‘ inconnu ‘ est ‘ condamné ‘ a tort

Je ‘ sais ‘ que ‘ I | homme ‘ inconnu ‘ est ‘ condamné ‘ a ‘ tort

Figure 3.7: Possible fragmentations of a sentence

3.2.1 Instance format

We have seen in the beginning of this section what exactly constitutes an instance. Training
instances consist of a feature vector and a class, and test instances consist merely of a feature
vector, as the class is what needs to be predicted. The feature vector consist out of a focus
part, which can be either a phrase of arbitrary length or a single word, and left- and right-
context features of fixed length. We will have to narrow in on this from the perspective of
machine learning, because we have a certain issue to resolve. The careful reader might have
already noticed that we if we take all features to be words, we end up with feature vectors of
different sizes. If we leave it at that we have a problem, because many classification algorithms
demand a fixed set of features in order to be able to relate the same feature across different
instances to each other using some distance function.

There are at least three possible ways to resolve this problem:

1. Consider the phrase as one single feature: Instead of using multiple features for the
focus part, we can put the phrase as an entity in one single feature rather than letting
it span over multiple features. This thus leads to having once again a fixed number of
features.

2. Reserve a fixed number of features: Reserve a fixed number (n) of features for the
focus part and fill those with the phrase or word, assigning a dummy value to any slots
that are unused. This solution restricts the maximum length of phrases to n.

3. Output to multiple instance files: Write instances with a particular focus-span to
multiple training- and test files. Instances with a focus-span of n will be written to a file
that contains all instances and only instances of length n. All files will be trained and
tested separately.

The first solution appears to be the most straightforward one. It is therefore also the first
approach implemented and tested. Using the training instance shown in figure 3.2, the instance
would be generated as follows in a format that can be understood by TiMBL for training:

que 1' homme inconnu est that”the unknown man”is

Figure 3.8: Output of one training instance, considering the phrase as a
single feature
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And figure @ shows a test instance, which would contain a dummy question mark instead of
a class:

que 1' homme inconnu est ?

Figure 3.9: Output of one test instance, considering the phrase as a single
feature

Three characters have special meaning in this output format. A space character demarcates
columns of features, with the very last column representing the class label. This implies that
it is not possible to use spaces to separate words in a phrase if we want the phrase to be
considered a single feature, therefore underscores are used instead. Likewise, underscores are
also used in the class label as a delimiter between the words of the target phrase. Lastly, we
use carets to separate the context from the focus in the class label. The class by definition is
a single entity so it cannot contain spaces. We will later see tests in which the context is left
out on the target side, as shown in figure B.10:

que 1' homme inconnu est the unknown man

Figure 3.10: Output of the same training instance, but without context
information in the class label

On the source side, we always maintain at least one context feature. There is a fourth special
symbol not shown in the example, this is a double underscore, representing the beginning or
the end of sentence. This double underscore may only occur in the context features or the
context portion of the class.

During research and development it quickly became apparent that there were notable disad-
vantages to taking the phrase to be one single feature. In chapter 4 we will zoom in on the
actual results. As explained in section , machine learning searches for common patterns
amongst the same features of all instances. If phrases are taken as entities, then they can
only be related to other phrases as a whole, either matching or not matching. If each word of
a phrase has its own feature, then we have more variation and more grounds for comparison
and pattern detection. Moreover, in machine learning it is generally a good idea to have a set
of informative features that each contribute some amount of information not available from
other features. So better results may be attained if we take the features separately.

Because of the poor results produced by the first method, | worked out and implemented the
other methods as well. In chapter four the results of these different formats will be compared
and discussed. The second solution takes a fixed amount of features (f) for the focus part,
this implies that phrases are restricted to a maximum length. When a phrase P is generated,
f — | Ps| features will be unused; these receive a null value, symbolised by a single caret in
this format. One additional and important feature that | introduced here is a feature that
specifies the length of the phrase (| Ps|). | did this so the machine learning algorithm has a
way of disambiguating on the phrase-length, and hopefully making it better at coping with the
many null values which might otherwise have a negative impact on the accuracy. Let us take
a look at figure , illustrating how the example training instance would look in this format
(assuming f = 6):
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AN AN N

n=3 que 1' homme inconnu est that~the unknown man”is

Figure 3.11: Output of a training instance with six fixed focus-features

The focus phrase consists of three words, and we reserved six slots for the focus, so three slots
receive a null value. Note that the number of reserved features applies only to the focus part,
in addition to this there are the context features, one left and one right.

The third solution deals with a fixed set of features as well. But as it outputs phrases of
different length into different files, we receive a less complex file format, but it results in
multiple files.

que 1' homme inconnu est that”the unknown man”is

Figure 3.12: Output of a training instance into the training file for n = 3

There again is a certain maximum phrase-length f, as beyond a certain limit the probability of
phrases gets so low that the data becomes extremely sparse and contains only a few instances.
Each of the generated files is trained and tested independently of the others, Timbl is thus
invoked f times for training and f times for testing, which could be reduced to f times in
total if training and testing were combined.

As already mentioned, in chapter four we will return to this discussion and see in more detail
the results of these different formats of instance generation.

3.2.2 Phrases from a phrase-translation table

In section we saw the theory underlying the extraction of phrases in statistical machine
translation. We can delegate the task of extracting phrases to tools provided by a statis-
tical machine translation system. Given a parallel corpus, we use the train- factored-
phrase-model script in the software toolkit Moses (Koehn et alJ, 2007) to generate a phrase
table. We treat the phrase-translation table as a simple lookup table in which we can issue
a lookup for a phrase in the source language, and obtain as a result its translation in the
target language. If there are multiple translations for a given source phrase, then all possible
translations will be returned and tried.

The script provided by Moses is actually a processing chain which will first invoke GIZA++
(Och & Ney, 2003) to compute the word-alignments, and subsequently derive phrase-alignments
and extract phrases in the fashion already demonstrated. We thus essentially use a substan-
tial portion of what is also used in statistical machine translation. It is therefore interesting
to later on compare the performance of this phrase-translation table approach to statistical
machine translation systems that also use this very same phrase-translation table, albeit in a
very different fashion.

A simplified high-level description of phrase-extraction using a phrase table is provided in
algorithm 3 below:
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Algorithm 3 Extract-Phrases-Using-Phrasetable (for training)
Require: A source sentence S, target sentence T, word-alignment A between the two, a

phrasetable, and a maximum phrase length m
Ensure: A set X of phrase-pairs (Ps, P;) X < ()

1. for all P; € set of all n-grams in .S where n < m < |S| do

2. if P, € phrasetable then

3: P, <= QueryPhrasetable(Ps)

4: if P, € set of all n-grams in T" where n < |T'| then

5: if Alignment between P, and P; does not violate A then
6: X <=XU(Ps, P)

7 end if

8: end if

9: endif

10: end for

11: return X

The algorithm decomposes a source sentence into all possible n-grams for all values of n up
until a predefined maximum. Then the phrase-translation table is used to check if the n-gram
is an actually defined phrase. The vast majority of n-grams can be discarded immediately.
For the few that are found in the phrase-translation table, the matching translation is queried.
Since the memory-based machine translation takes into consideration context, it is necessary
to verify that the translation of this phrase is in fact the one that is used in the aligned target
sentence and that it is consistent with the word-alignment. A good phrase-pair is only found
and returned if all of these constraints are met.

Algorithm E is to be _used in the generation of training instances. The algorithm for testing,
shown in algorithm #|, is simpler and generates instances for all phrases that are found in
the phrase table. This implies that a prerequisite for good test instances is that the phrase-
translation table is generated from the very same dataset as used later in training. If the
phrase-translation table were larger we might end up with a lot of test instances for phrases
that were not seen in the training stage, and thus will perform poorly in classification.

Algorithm 4 Extract-Phrases-Using-Phrasetable (for testing)
Require: An input sentence S, a phrasetable, and a maximum phrase length m
Ensure: A set X of phrases X < ()

1. for all P; € set of all n-grams in .S where n < m < |S| do
2: if P; € phrasetable then

3 X <X U(Ps)

4. endif

5. end for

6: return X

3.2.3 Phrases from a phrase list

Extracting phrases using a phrase list is a rather simple method of phrase extraction. This
simplicity is the principal advantage it has to offer over the phrase-translation table method of
extraction. The generation of phrase lists does not rely on the extraction of phrase-pairs using
relatively complicated algorithms such as those used for the generation of a phrase-translation
table. A phrase list is a monolingual list of phrases. More specifically; | define a phrase list
as a list of common n-grams, extracted from a corpus. Here all n-grams up until a certain
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maximum length m are extracted (2 < n < m), and the occurrence of these n-grams are
counted. All n-grams having a frequency count of over a predefined threshold, are included in
the list.

The algorithm for the creation of phrase lists can be formalised and seen in algorithm E below.
In this algorithm M is the memory store that contains phrases associated with their frequency.

Algorithm 5 Make-Phrase-list
Require: A corpus consisting of sentences, and a maximum phrase length m
Ensure: Outputs a list of common phrases

- M <= @

. for all S € Corpus do
for all P € set of all n-grams in .S where n < m < |S| do

M < IncrementCount(M, P)

end for

end for

for all (P, Count) € M where Count >t do
OUTPUT(P)

end for

return X

© 0N TR whH
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The above algorithm is a simplified version. The actual implementation is functionally equiva-
lent but has been optimised to conserve memory-usage as otherwise the implementation would
reach memory limits when processing huge corpora. It first counts bigrams, then trigrams,
quadgrams, etc... At each each stage of n-gram counting, it uses the data from the (n — 1)-
grams to dismiss n-grams that do not pass the threshold. After all, if an n-gram occurs =
times, then the two (n — 1)-grams contained in it also need to occur at least = times. If this
is not the case, we can dismiss the n-gram and save precious memory.

Once we have generated a phrase list. We can use it for the generation of training and test
instances. The phrase extraction process proceeds in a similar manner as seen in the phrase-
translation table algorithm. With the main distinction that the aligned phrase does not come
from a predefined table, but is extracted directly from the word-alignment. Take a look at the
algorithm (B) for the extraction of training instances:

Algorithm 6 Extract-Phrases-Using-Phraselist (for training)

Require: A source sentence S, target sentence T, word-alignment A between the two, a
phrase list, and a maximum phrase length m

Ensure: A set X of phrase-pairs (Ps, P;)

LX<

2: for all P, € set of all n-grams in .S where n < m < |S| do

3: if P € phraselist then

H < GetAlignedWords(Ps, T, A)

if H forms a consecutive series of words in T without null alignments then
P<H
X< XU(P, P)

end if

9: endif

10: end for

11: return X

N g R

First this again iterates over all n-grams in .S, for all values n. Then there is a test to see if
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the n-gram occurs in the phraselist. If so, we follow the word-alignments and if the words they
lead to form a consecutive entity without gaps, we take that to be the aligned phrase.

For the generation of test instances, we do exactly the same as phrase-translation table, only
using a phrase list instead of a phrase table, as shown in algorithm [ below:

Algorithm 7 Extract-Phrases-Using-Phraselist (for testing)
Require: An input sentence S, a phraselist, and a maximum phrase length m
Ensure: A set X of phrases

LX<

2: for all P, € set of all n-grams in S where n < m < |S| do
3: if Ps € phraselist then

4. X<=XU (PS)
5
6
7

end if
. end for
: return X

3.2.4 Marker-based chunking

Marker-based chunking is a phrase extraction strategy that differs considerably from the previ-
ous two. Moreover, it has already been employed in a previous study of memory-based machine
translation (van den Bosch, Stroppa, & Way, 2007). In this thesis | want to continue on the
foundation laid in that research and assess the performance of memory-based chunking as a
method of phrase extraction in comparison to the previous two methods.

The architecture overview in figure @ does not reflect well the inclusion of this particular
method. Unlike the phrase-translation table and phrase-list approach, marker-based chunking
does not rely on a large pre-generated data store of phrase-pairs or phrases. Instead the
phrases can be directly extracted on-the-fly by the instance generator, without a big assault on
system resources. The other two generation methods on the other hand are computationally
expensive, consuming a considerable amount of memory and taking a fair amount of CPU
time.

The idea behind memory-based chunking is based on the Marker Hypothesis (Green, 1979)
from psycho-linguistics:

“The marker hypothesis posits that all languages are marked for surface syntax
by a specific closed set of lexemes or morphemes which signify context.” (van den
Bosch, Stroppa, & Way, 2007)

In other words, a language contains a set of closed-class words, so-called markers, which
reveal a surface-syntax structure in a sentence. Markers are function words such as pronouns,
determiners, particles, prepositions/postpositions and conjunctions, in section @ of the
next chapter we will see from what data these markers have been extracted. A superficial
phrase-segmentation can be achieved by using the occurrence of marker words as boundaries.
These segments are referred to as chunks. Chunking can be defined here as the process
segmenting the entire sentence into a series of consecutive chunks. Chunks are thus phrases
that do not overlap, which contrasts them with the phrases extracted using a phrase list or
phrase-translation table.
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The example in figure shows an English sentence segmented into marker-based chunks,
the markers are highlighted:

[The rapporteur | has also quite rightly stated | that parliament was not heard [ in time | regarding the guidelines]
t T T 1 T

Figure 3.13: Example of marker-based chunking. (Adapted from van den
Bosch, Stroppa, & Way (2007))

The chunks are generated whenever a new marker-word occurs, under the constraint that
each chunk contains at least one content (non-marker) word (van den Bosch et al), 2007). In
generation of training instances, both the source sentence as well as the target sentence are
chunked independently. The English sentence in the above figure has a Dutch counterpart
that can be chunked as follows:

IDe rapporteur | heeft ook zeer terecht gezegd | dat het parlement | niet tijdig | over de voarschriften | is gehoord|
T T T T T T

Figure 3.14: Marker-based chunking on a Dutch sentence. (Adapted from
van den Bosch, Stroppa, & Way (2007))

The next step is to re-align the chunks of source- and target-language, using the word-alignment
already at our disposition. This procedured is described in van den Bosch et al| (2007). What
we essentially try to do is find the target chunk that has the highest probability of being aligned
to the source chunk. We effectively estimate P(C}|C;) for each source chunk , where C5 € S
and C; € T, and align the source chunk with the most probable target chunk. For accurate
results it is also necessary to perform the alignment in the other direction, estimating P(Cs|C})
and aligning each target chunk with the most probable source chunk. Then the intersection
of both alignments can be taken to produce the final high-quality alignment.

The probability P(Cs|Ct) and the reverse probability P(Cy|C;) are estimated directly using the
word-alignment. A high-level description of the algorithm is provided as shown in algorithm {.

In this algorithm, a matrix M is used to store the alignment. The algorithm consist of three
phases, represented by the three loops:

1. For each source-chunk, find the best target chunk, the one that is aligned with most
words in the source-chunk

2. For each target-chunk, find the best source chunk, the one that is aligned with most
words in the target

3. Select and return the best matches from the intersection

Note that the product on line @ in the second phase, effectively computes the intersection
right-away.

3.3 Training & Testing

The previous section explained how training instances are generated from a parallel corpus
and word-alignment, and how test-instances are generated from a test corpus. Three different
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Algorithm 8 Chunk-Alignment
Require: A source-sentence S, and target-sentence 7', both segmented into chunks.
Ensure: A set X of aligned chunks

1: for all C; € S do

2. forall Cy €T do

3: Count < count number of alignments that go from C; to C;
4: P(Cy|Cs) <« Clcgwlzt

5: M(CS, Ct) <~ P(Ct|CS)

6: end for

7: end for

8: for all C; € T do

9. forall Cs; € Sdo

10: Count < count number of alignments that go from C; to C;
11: P(Cs|Ct) ~= Cloc?l’bt

12: M(Cs,Cy) <= M(Cs, Cy) - P(Cy|Cy)

13:  end for

14: end for

15: X <« @

16: for all Cs € S do
17:  for all Cy € T do

18: if Vo(M(Cs,Cy) > M(Cs,x)) then
19: X <X U(Cs,Cy)

20: end if

21:  end for

22: end for

23: return X

methods of phrase extraction have been introduced, and three different instance formats were
presented. After all necessary instances have been created, the work of classifying, predicting
translations for the various fragments is delegated to TiMBL (Daelemans et alJ, 2007). Section

explained the theory behind machine learning and memory-based learning, and laid out the
algorithms used. The training stage will produce an instance base, and this instance based will
subsequently be loaded and used by the testing stage for classification.

In all cases TIMBL is configured with k& = 1, referring to the number of nearest neighbours to
consider. We consistently configure TIMBL in such a way that it always outputs a full distri-
bution of predicted classes, rather than resorting to a tie breaking mechanism and returning
merely one class. The reason for doing this is due the fact that the classifier may assign the
same probability, or a very similar probability to a number of classes. Disambiguation at this
level might thus not always be possible or preferable, and it will be the task of the decoder to
select the most suitable of the predictions, using the global context of the translation of the
sentence as a whole.

The following real example in figure illustrates the output of the classifier. Note that the
instance displayed is a test instance generated using the split-file methodology, and that this
particular fragment comes from the file containing phrases of three words. Moreover, there is
no context in the class labels, unlike in the feature vector where the configuration is one left,
one right:
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Raw TiMBL output:
__ Stel dat je controle ? Assuming { Assuming 2. 00000, lmag-
ine that he would 1. 00000, Or say you 1.00000 }

Fragment (5 features):
left-context focus right-context
Stel dat je | controle

Distribution of predicted classes:

Assuming 0.5
imagine that he would | 0.25
Or say you 0.25

Figure 3.15: Example of classification with probability distribution. (split-
file methodology, n = 3)

3.4 Decoder

One of the key components in any statistical or example-based machine translation system is
the decoder. It is the task of the decoder to compose the final translation of a given input
sentence. We recall that a decoder is needed because we can not translate the sentence as a
whole, instead we translate fragments of the source sentence. The translation to each fragment
is produced using classification, as shown in previous sections. This is what constitutes the
local phase. The global phase, the decoder, seeks to find an optimal arrangement of these
predicted translations, resulting in the translation of the whole sentence.

In sections and , we discussed two memory-based machine translation decoders, the
latter of which was based on constraint satisfaction inference. Decoding for phrase-based data
introduces a new sets of challenges, therefore the existing decoders can not be used out of the
box. For phrase-based machine translation we therefore propose a new decoder, inspired on
the aforementioned memory-based decoders, but able to deal with phrases instead of words.

In the word-based approaches, test instances could be generated by moving a sliding window
of length n over the source sentence and generating all n-grams it consists of (see section R.4).
In the phrase-based approach there is phrase overlap and such a straightforward approach is
not possible. We do however still employ this approach to generate word-based instances in
addition to the phrase-based instances, to prevent the occurrence of gaps.

3.4.1 Fragmentations, Fragments, and Hypothesis Fragments

Due to the overlapping nature of extractable phrases, the fact that we may end up with
multiple instances covering the same words in the source sentence, we can speak of various
possible fragmentations of the source sentence S. This was illustrated in figure . We
define a fragmentation to be a chain of non-overlapping fragments, in which each fragment
covers a certain range of consecutive words of arbitrary length n in source sentence S, where
1 <n < |S|. In addition each fragment is associated with a left-context and right-context of a
length predetermined during instance generation. The current implementation of the decoder
does not allow for asymmetry in left- and right-context, the size of both should be equal and
is defaulted at one. To indicate the beginning or end of a sentence, a special marker symbol
(__) is used in the left or right context respectively. The idea now is to decode separately for
each possible fragmentation, and then select the best result.
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The decoder starts by reading the test corpus and the output files produced by the classifier
TiMBL and containing the classified test instances. The test-corpus is read in a line-by-line
fashion, in which each line is required to correspond to one sentence. Recall that depending
on the method chosen, we may have instances split over multiple independent files. For
each sentence S in the test-corpus, the output files are scanned for matching fragments.
All matching fragments from the classifier output are associated with the sentence S. Note
that this scanning procedure is implemented in a computationally inexpensive way, so it does
not iterate over all instances in each file for each sentence. Instead, for each file it reads
until an instance is found that no longer matches, also taking into account the fact that two
consecutive sentences may be partially or wholly consisting of the same words and thus take
the same subset of fragments.

Each instance in the classifier output is classified in the form of a distribution of classes, which
are the various translations for the fragment and an associated probability score. These from
the perspective of the decoder are referred to as hypothesis fragments. So each fragment will
be associated with a collection of one or more hypothesis fragments, the associated scores
denote the translation probability for the particular fragment being translated to the particular
hypothesis fragment. It is important to understand the difference between fragments and
hypothesis fragments, despite the possibly confusing nomenclature. The former are in the
source-language, the latter are in the target language. The hypothesis fragments are eventually
used to form hypotheses, which are translation candidates. Figure 3.1 illustrates the relation
between the fragmentation, fragments and hypothesis fragments:

F=[ Het boek oo ligtop . oode | o tafel J
2
F3= [ Het boek . boek ligt o, . op de tafel
The book ©.75||is 0.50 | lon the table 1.E}J
This book ©.25]||lies 0.25

is laying 0.25

Figure 3.16: Schematic illustration of a fictitious input sentence “Het
boek ligt op de tafel”, three fragmentations are shown, the third of which
has been worked out to list the hypothesis fragments associated with each
of the three fragments the fragmentation is composed of. In the fragments,
context information is shown in small red text. Context has been set to
zero for the hypothesis fragments.

Having gathered all matching fragments for a given source sentence, the task is to search
for fragmentations, arrangements of fragments. We already demonstrated in figure that
the number of fragmentations can be huge, especially the longer sentences get. Therefore it
proved to be an infeasible approach to generate all fragmentations in exhaustive fashion, and
decoding for each fragmentation is not an option. Instead, we attempt to select a number of
good fragmentations, and decode only for each of these.

Selecting a good fragmentation is a search problem with a large solution space. In order to
solve this problem we resort to local beam search. This is a low-memory but non-optimal
search algorithm often employed in Natural Language Processing tasks. Local beam search
is a variant of the hill-climbing algorithm. If we apply hill-climbing to our problem, we start
with an empty fragmentation. Then at each point in time we add the best next fragment,
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until we eventually span the whole sentence. Now this solution need not be optimal, because
the algorithm could be stuck in a local maximum in the search landscape. To increase the
chances of finding good fragmentations, we keep k separate beams, instead of just one as in
hill-climbing. The number of beams has been arbitrarily set to twenty. This implies we get
at most twenty or k best fragmentations for each sentence. The formalisation can be seen in
algorithm 9:

Algorithm 9 Search-Fragmentations

Require: A set X yrrent cOntaining fragmentations, initially containing only one element, an
empty fragmentation. And a beam size k.

Ensure: The list containing the k best fragmentations found

Xnea:t <~ @
. for all Feurrent € Xcurrent do
for all F,c,y € Expand(Feyrrent) do
if Score(Freqzt) > Score(Feyrrent) then
Xnext <~ Xnemt U {Fcurrent})
end if
end for
end for
if X,,c0t == 0 then
return Xcurrent
. else
Xnest < Best k fragmentations in X,eqt
return SearchFragmentations(Xpezt, k)
. end if

© 0N TR N

el el e
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Hill-climbing and local-beam search maximise a certain objective function that indicates the
quality of a fragment. On the basis of this it is possible to decide which is the best next
fragment, and express a level of quality for the fragmentation F' as a whole. This to-be-
maximised function is the product of the scores of each fragment, in which the score of each
fragment (€ F') equals the translation probability of the highest scoring hypothesis fragment:

score( fragment; € F) = max Ptranslation(hfragments) (3.1)
|F|

score(F) = H score( fragment;) (3.2)
i=1

For each of the fragmentations returned by the local beam search, the core decode procedure
is started. It should be noted that this makes the phrase-based approach computationally
more expensive compared to the word-based approach, as the latter by definition only has one
fragmentation of the source sentence. The core decoder will return a list of the highest scoring
translation hypotheses for each fragmentation. The length of this list can get as long as the
beam size for the core decoder. The workings of the core decoder will be explained in the next
section. However, before we go into that, we will take a look at how the lists returned by the
core decoder are combined and used in the selection of one final translation.

One straightforward manner in which to select the final translation that is generated, would be
to simply select the hypothesis that has the highest score, amongst all those returned by the
possible fragmentations. This is one method that is indeed implemented, but it is somewhat
naive and in addition to this, a more sophisticated method has been implemented as well.
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First of all, it is the case that amongst the solution lists returned by different fragmenta-
tions, there may hypotheses that describe the very same output sentence. Thus two or more
possible fragmentations may both predict the same output sequence of words, even though
the underlying hypotheses may be composed differently (analagous to @) What we thus
do in the final solution search algorithm, is taking the sum of the scores of all hypothe-
ses that produce exactly the same output sequence of words in the target language, accross
all of the returned hypotheses for the various fragmentations. For example, the sentence T
could be generated by any of the hypotheses Hy, Hs or Hj, these are hypotheses returned
by the core-decoder, possibly accross multiple fragementations. We have a disjunction and
thus take the score of the sentence T itself to be the sum of the scores of these hypotheses:
score(T) = score(Hy)+ score(Ha)+ score(Hs). Then the only task that remains is selecting
the sentence T' for which the sum of the scores of the hypotheses that describe this sentence
is maximised. This is the final translation generated by the system. Section @ of the next
chapter will show that this method indeed outperforms the simpler method.

3.4.2 Decoding

The core decode procedure takes a sentence S with a certain fragmentation F. It returns a list
of the highest scoring translation hypotheses. A translation hypothesis is defined as a chain
of hypothesis fragments, in which each hypothesis fragment pertains to a different fragment,
and each fragment is a member of the fragmentation F.

The procedure starts by generating an initial hypothesis. This is a translation hypothesis in
which we simply select for each fragment in the fragmentation, the highest scoring hypothesis-
fragment, thus the hypothesis fragment with the highest translation probability. We simply
order the hypothesis fragments for the initial hypothesis in the order we find the fragments in
source fragmentation. The initial hypothesis in figure B.16 thus is “The book is on the table”.
In this example, the initial hypothesis happens to already be the best translation, but in most
cases this is not the case.

Starting with an initial hypothesis, a global solution, has in this research proven to work
considerably better than incrementally adding hypothesis fragments in a Viterbi-like fashiont.
Any hypothesis can be modified in two main ways: the order in which the hypothesis fragments
are assembled can be changed, and the choice of hypothesis fragments can be changed, i.e.
other hypothesis fragments with an equal or lower translation probability could be tried. To
this end, the decoder applies the following two operations to a hypothesis:

1. Substitute - Generate new hypotheses in which a hypothesis fragment of a particular
fragment is substituted by another hypothesis fragment from the list. This is done in
an exhaustive fashion. For each fragment, substitutions are made using all possible
hypothesis fragments, each yielding a new hypothesis, each hypothesis fragment is used
once to generate a new hypothesis. The only exception is that no substitutions are
tried for a particular fragment if that very same fragment has already undergone a
substitution operation in the previous decode round. This operation thus modifies the
choice of hypothesis fragments.

*The first versions of the decoder were based on a different strategy than the current one. They did not
start out with an initial hypothesis. Instead, there was more extensive transition model and decoding proceeded
in a Viterbi like fashion. An empty hypothesis was the basis, and the decoder incrementally added hypothesis
fragments, each time seeking the most probable next hypothesis fragment, which can be expressed as the
conditional probability P(hfragment;|hfragment;_1). At the increment of ¢ for each round of the decoder,
this probability was estimated for all hypothesis fragments given the last hypothesis fragment in the partial
chain.
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2. Swap - Swap the location of two hypothesis fragments. This again is done in an exhaus-
tive fashion such that all possible swaps are made. Each fragment swaps places with all
neighbouring fragments within a certain range, each swap yielding a new hypothesis. An
extra parameter specifies the maximum range over which a swap can occur. This thus
modifies the ordering of hypothesis fragments.

Like the fragmentation search, the core decode process is also implemented as a local beam
search. The decoder is called with the initial hypothesis, and then computes all possible
substitutions and all possible swaps, this results in a high number of new hypotheses. The
k best hypotheses are selected, with the restriction that they must also be better than the
current hypothesis. For each of these k hypotheses the procedure is again repeated, calculating
all possible substitutions and swaps, until the point that no better hypotheses can be found.
The algorithm can be formalised as in algorithm below and is very similar to algorithm
for searching fragmentations:

Algorithm 10 Core-Decoder

Require: A set Xy rent containing hypotheses, initially called with only the initial hypothesis
as element. And a beam size k.

Ensure: The list containing the k best hypotheses found

1: Xne:ct = @
2: fOI" all chrrent S Xcurrent do

3:  for all Hyey € Substitutions(Heyrrent) U Swaps(Heyrrent) do
4 if Score(Hpeqt) > Score(Heyrrent) then

5: Xnezt ~ Xnext U {chrrent})

6: end if

7. end for

8: end for

9: if Xyezxt == 0 then

10:  return X .y rrent

11: else

12:  Xjeat < Best k hypotheses in X et
13:  return CoreDecoder(Xpeqt, k)

14: end if

It is to be noted that unlike the constraint satisfaction inference decoder discussed in chapter 2,
we do not define a delete operation alongside substitution and swap, and do not make use of a
null model. All fragments from the fragmentation must be used, each one issues a hypothesis
fragment that will be used in the final solution. As we describe a phrase-based approach,
dealing with null-aligned words becomes of less importance. The intuition is that null-aligned
words can be captured in the extracted phrases themselves. For instance, a source phrase of
five words may be translated to a target phrase of just two. Forcing the decoder to use all
fragments simplifies the score function as we need not introduce length penalties/bonuses.
The validity of this intuition also relies of course on the quality and quantity of the extracted
phrases during instance generation.

The success of the decode algorithm depends on the score function it maximises. For each
hypothesis, a score is computed that is an expression of the quality of the hypothesis. Recall
that a good translation can be said to maximise the product of faithfulness and fluency. These
two components are also present in this decoder. The notion of fluency is expressed by the
language model, and faithfulness by the translation model. The score function for a hypothesis
H and fragmentation F' is thus:
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Score(H) = TranslationModel(H) - Language M odel(H ) (3.3)

Note that here the hypothesis produces the eventual translation T, and the fragmentation F'
covers the source sentence. We will investigate now these two components in more detail.

3.4.3 Language Model

Even though the language model is an important component, we need not devote much
attention to it here. It was already thoroughly presented in section P.2.2, on Statistical Machine
Translation. The language model employed in phrase-based memory based machine translation
is not different.

The language model produces a likelihood score for the whole target sentence derived from the
hypothesis. The language model employed is based on trigram counts. Assume a hypothesis
H, and derived target sentence Ty, consisting of words W1 W) Ty |- Any w; < 1 or w; > |Ty]
will hold the dummy element to indicate respectively the beginning or end of the sentence.
The unsmoothed language model can then be formalised as:

[Ty |+2
LanguageModel(H) = P(Ty) = [[ Plwilwi—1)- P(w; — 1|w;—2) (3.4)
=1

We use the SRILM toolkit Stolcke (2002) to compute a language model on the training data,
and we use this same software to query this from the decoder. A limited python binding to
the SRILM has been developed by Canisius & van den Bosch (2009) to facilitate this. Initially
WOPR was used, which is a language model based on memory-based learning van den Bosch
& Berck (2009), but this proved to be far too slow for our purposes.

It should be noted that in the current implementation each hypothesis is scored separately
and independently. For each hypothesis all trigrams are generated and looked up. Further
conservation of CPU time may be achieved by instead limiting lookups to only those parts that
changed in respect to the hypothesis it is derived from.

A limitation of the language model implemented is that it can not deal with unseen words.
Therefore it has to be created from the same training data as used in instance generation, or
possibly a superset thereof. This guarantees that all target-language words that can possibly
be predicted by the classifier, also exist in the language model. Of course the language model
can be larger than the training set, which is to be recommended to prevent overfitting on the
training-data.

3.4.4 Translation Model

The translation model is at the heart of the phrase-based decoder. It consists in part of a
translation probability for the hypothesis as a whole. This is defined as the product of the
translation probabilities for all of the selected hypothesis fragments. Recall that the translation
probabilities are extracted from the classifier output. For each fragment in the fragmentation,
one of its hypothesis fragments is selected with the associated probability that is the translation
probability. If we take the product of all of these we obtain the translation probability.
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|H|
Ptranslation(H) = H Ptranslation; (3.5)
i=1

Two special parameters have been implemented, the first is a translation weight which is
a constant that simply provides extra weight to the translation probability, allowing for the
balance between language model and translation model to be tweaked:

|H|
Ptranslation(H) = H(Ptmnslationi)weight (3.6)
i=1

The second is a translation threshold value which determines which of the hypothesis fragments
from the full class distribution returned by TiMBL are considered. Hypothesis fragments with
a translation probability below a certain threshold will not be tried. Note that this parameter is
in direct relation to the beam-size value of TiMBL itself, so either one could be used to achieve
the same effect, but they should better not both be configured. The translation threshold is
expressed as a number between 0 and 1, where a low value would have a similar effect as a
high beam size in TIMBL.

The translation probability is not all that makes up the translation model though, there is also
a distortion score. This distortion score assigns a score of one to hypothesis fragments that
are chained in the same consecutive order as the fragments they are derived from in the source
fragmentation. It is a function of the distance between fragments. A lower score is assigned
to sequences of hypothesis fragments that are distorted in respect to the original order in the
source fragmentation. To calculate a distortion score, a small constant is raised to the power
of the distance two consecutive hypothesis fragments have in the source fragmentation. This
constant is the distortion constant, and is set to any number between zero and one. A high
distortion constant provides more liberty in reordering fragments, whilst a smaller distortion
constant prefers to adhere more to the order dictated by the source fragmentation. Note from
the conditions in the following equation that there is an assymetry implemented, hypothesis
fragments in inverse order are considered to be more distorted.

DistScore(hfragment;, hfragment;_1)

distortionconstantli—li-1l=1 §f I, — [, 1 >0
distortionconstant!li—ti-1l i I, — I,_1 <0

|H|
DistScore(H) = H DistScore(hfragment;, hfragment;_1) (3.7)

=1

In the above equation, I; refers to the index of the hypothesis fragment’s parent fragment in
the fragmentation. Ij is always 0. If we take the example hypothesis “the book is on the
table” we have indices (1,2,3) and the distortion score for the whole hypothesis is 1. If we
swap the first and last fragments, we obtain “on the table is the book", with indices (3,2, 1).
The distortion score would then be, assuming a high distortion factor of 0.9:

DistScore({ on the table, is, the book}) = 0.9% - 0.9' - 0.9' = 0.59049 (3.8)
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The complete translation model is made up of the product of the translation probability and
distortion score of the given hypothesis:

TranslationModel(H) = Ptranslation(H) - DistScore(H) (3.9)

3.4.5 Transitions and overlap

A hypothesis is a chain of hypothesis fragments and we can speak of a transition between each
hypothesis fragment and the next. Whenever a swap or substitution is made, these transitions
change. One special property that each transition holds, is an overlap value. This value
indicates how many words to the left of the current hypothesis fragment in the chain, overlap
with the right word of the previous one. Note that we are here considering only the focus and
are not talking about context words yet. If we have a hypothesis fragment A B C and another
B C D, then there are two possible transitions:

1. ABCBCD
2.ABCD

In swaps and substitutions, it is always the case that all these possibilities are generated. There
is a deliberate bias for shorter fragments as the language model is naturally inclined to assign
a better score to fewer fragments. In the latter of the two possible transitions, the second
hypothesis fragment will be assigned an overlap value of 2, in the first case the overlap value
is simply 0, as will be the case for most transitions.

An extra transition model can be activated in the decoder. This is a small extra language
model that is a relic of one of the earlier versions of the decoder. As it has been proved to
result in poorer scores, it by default has been disabled. We will come back to an actual review
of these results in section @

What the transition model does is look up a trigram using the language model, of this trigram
the last word is the first focus word of the hypothesis fragment, and the first two words of the
trigram are the two words preceding the hypothesis fragment, and thus pertaining to one or
two previous hypotheses fragments. The transition model thus essentially gives extra weight
to the transitions between hypotheses fragments. The intuition behind this was that stressing
these might contribute to better transitions and better results.

If context information in the hypothesis fragments is enabled, then we could make use of
overlap between context words in a similar fashion as we have seen in the other two memory-
based machine translation decoders and as illustrated by the two overlapping and words word
pairs in figure . We could use these overlapping words as fertility words on the target-side.
When applying swaps or substitutions and such overlap in context is found, then a hypothesis
will be generated with fertility words, and one without, leaving it up to the decoder to select
the one with the highest score.
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Chapter 4

Experiments & Results

Translation quality assessment proceeds according to the lordly, completely unexplained,
whimsy of “It doesn’t sound right”.
— Peter Fawcett

The previous chapter presented the theoretical setup and the implementation of phrase-based
memory-based machine translation. In this chapter this theory and the developed implemen-
tation will be put to the test. We will now turn to the practical setup of the thesis. A series of
experiments has been conducted to investigate different aspects of phrase-based memory-based
machine translation. All will be presented and discussed in this chapter. This will eventually
enable us to answer the research question: “Does a phrase-based approach improve memory-
based machine translation?”, and moreover show how the various phrase-extraction methods
and instance formats perform.

4.1 Data

Memory-based learning relies heavily on the use of corpora, as do all forms of example-based
learning. Thus far we have not yet mentioned the actual corpora used in this and prior research.
This is what will be addressed in this section.

All research in this thesis focusses on Dutch to English translation. The choice for this language
pair is practical in nature; a sizeable amount of data (including word alignments, phrase tables)
was available for this language pair from prior research (van den Bosch & Berck, 2009; van
den Bosch et al), 2007; Canisius & van den Bosch, 2009). And the fact that prior research
in memory-based machine translation focusses on the same language pair, offers an excellent
ground for comparison of the various approaches. Having said that, it remains interesting
to try other language combinations in future research. Dutch and English are after all both
member of the Germanic branch of Indo-European languages, and as such share quite some
common characteristics. The selection of a much more distantly related language pair may
likely result in poorer performance.

Four corpora have been at our disposition, and we have mainly restricted research to two of
them=:

!Both two corpora are public domain and can be freely obtained from http: //urd. let. rug. nl/
tiedeman/0PUS/
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CHAPTER 4. EXPERIMENTS & RESULTS Section 4.2

1. OpenSubtitles - This is a corpus of aligned subtitles for movies, and is one of the
corpora included in the OPUS parallel corpus ([Tiedemann & Nygaard, 2004). It consists
mostly of relatively short sentences in informal language. The used training set consists
of 286, 160 sentence pairs.

2. EMEA - This corpus consists of texts made available by the European Medicines Agency,
and is also distributed as part of the OPUS parallel corpus [Tiedemann & Nygaard (2004).
It is medical and formal in nature and contains also long sentences. The training set
consists of 871,180 sentence pairs.

Both corpora consist out of one sentence per line, which have been tokenised. Note that no
de-capitalisation has taken place, and all software developed also keeps capitalisation intact.

In any machine learning setting, it is vital to split data in at least two different sets, one for
training and one for testing. If testing occurs on the set the models are trained on, the results
do not reflect the generalization abilities of the system in classifying new previously unseen
data. Both corpora thus have been split in a part for training, and a part for testing. For
testing, one thousand sentences have been reserved. An extra thousand sentences have been
reserved for development purposes such as parameter optimisation. Anything that is left over
is used for training, as it is important to train on as much data as possible.

In addition to different sets for training and testing, we use also a portion of the development
data of the OpenSubtitles corpus. This is a set of a mere 150 sentence pairs. This set will be
used for testing the decoder and seeking optimal parameters.

4.1.1 Language Model

The Language Model used in all experiments is computed over various corpora, using the soft-
ware SRILM Stolcke (2002). In addition to the training portions of the two aforementioned
corpora, two extra corpora have also been included: the EuroParl corpus (Koehn, 2005),
extracted from the proceedings of the European Parliament, and the JRC-Acquis corpus
(Steinberger et al., 2006), legislative texts of European Union Law. Both corpora are sub-
stantially larger than the OpenSubtitles and EMEA. Including these in the Language Model
reduces the possibility of over-fitting the language model on the training data.

4.1.2 Marker-based Chunking

Marker-based chunking has been presented in section . However, an extra source of data is
necessary from which we can extract the markers to use in chunking. A list of markers is needed
in_both languages, Dutch and English. For English several frequency lists from Leech et al.
(2001) were used, which are based on the British National Corpus. The markers were extracted
from the frequency lists for various closed-class words: interjections, pronouns, determiners,
prepositions and conjunctions. In addition to this, punctuation was also considered as a marker.

For Dutch, the “Referentiebestand Nederlands”, part of the Cornetto Database (Vossen, 2006),
was used as the source for extracting markers. Extraction of set of closed-class function words
of types similar to above-mentioned types was performed. In total 366 Dutch markers were
extracted, and 313 English markers.
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4.2 Output

In order to get a first impression of the translation quality, table Ell lists the first twenty-five
sentences of the OpenSubtitles corpus, along with the predicted translation by the Phrase-
Based Memory-based Machine Translator in the middle column. The last column shows the
original reference translation, which is in not available to the translator and only serves as a
reference in judging the translation quality. The table furthermore nicely depicts the nature
of the OpenSubtitles corpus, containing a lot of informal language and lack of strictness in
translations. The latter in particular makes it a difficult corpus to work with in machine
translation. On the other hand, an advantage of this corpus is the relatively short sentence

length.
Dutch Source Sentence Automatic English Translation Original Reference Translation
1 | Het is een simpele ontvoering . Simple- minded kidnapping . It' s a straight- up snatch .
2 | We hebben één of twee kerels nodig | That' s one or two guys need the car | We got one , two guys take down the
die de wagen onder handen nemen . looks very take . car .
3 | Waar hebben we het dan over ? What are we talking ? Then what are we talking about ?
4 | Een Conex container ? A a container . A Conex container ?
5 | Eén kerel voor een dag ? One guy for a day ? One guy for a day ?
6 | Wie zoekt er een hoer ? who looking a ? Who' s looking for a whore ?
7 | Dit karwei is een weggevertje . This squad s a you . This job’ s a gimme .
8 | Het stelt niets voor . It' s nothing . This job' s nothing .
9 | Waarom halen jullie haar dan niet ? Why do you her t ? Then why don’ t your people go and
get her ?7
10 | |k zou iedereen kunnen huren . | , everyone can rent . - | could hire anybody .
11 | - Doe het dan . - Good . - So go hire them .
12 | Jij kwam naar mij . You came to me . You talked to me .
13 | Dat is mijn prijs . That' s my price . That' s my price .
14 | Er is een alternatief . There' s an alternative . - There' s another alternative .
15 | - Wat ? - What ? - What ?
16 | Zoals ik zei , we kennen dit huis . Like | said , know this house . As | said , we know this house .
17 | Er zijn bepaalde mensen in dit huis ... | There are certain people in this house | - There are some people in this house
18 | - Avi die, als je daar toch bent kunt | - And that , when you get there re | - Avi. ... that if you were to go while
bezoeken ... en hallo van mij kunt | can visit and say hello mine me can | you were there ... ... if you said hello
zeggen , dan zou ik wat aan de prijs | say , | got some the prize could do . | tothem for me, | could cut your price
kunnen doen . .
19 | Wat denk je wel niet dat ik ben ? Where do you come think | am ? - What do you think | am ?
20 | - Ik weet niet wat je bent . - I don’ t know what you are . - I don’ t know what you are .
21 | Je bent geen planner . You' re not worry . You ain’ t a planner .
22 | Je bent een schutter . You' re a shot . You' re a shooter .
23 | |k weet niet wat je hier doet . | don’ t know what here doing . I don’ t know what you are doing here
24 | Je hoort hier niet thuis . You don’t belong here . | think you' re off the reservation .
25 | Er zijn mensen naar je op zoek . There are people looking for you . And | think there are people looking
for you .

Table 4.1: Translation output for the first 25 sentences in the OpenSubti-
tles test set. (phrase-table extraction, split-file format, beam size 5, details
on these become clear later in this chapter)

It is obvious that it is not feasible to study the output of a thousand sentences in such a
manual way, let alone compare them to the thousands of sentences generated by the system
in a different configuration. We therefore require an objective measure to give an indication
of the quality, and to use this to compare results. Several metrics that have been proposed as
approximate objective quality measurements will be presented in the next section.
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4.3 Evaluation Metrics

To what extent a translation is a good translation of the original input is a very hard question
to answer. In the introduction we already stressed that no two translations of a text are likely
to be the same. Arguably the best way of evaluating the performance of machine translation
systems would be to use human judges, who can make an assessment of the translation quality
on one or more predefined scales, or who select which of the translations produced by different
systems they regard as best. This remains inherently subjective, and it is a time-consuming
and costly task. We therefore seek to evaluate translation quality through automatic means,
which has the main advantage of being quick and consistent. It may not prove as reliable an
evaluation as human judges would, but these all of these metrics try to obtain an as high as
possible correlation with human judges. This correlation however is limited and the metrics
are subject to criticism, which is why we shall rely on a set of metrics rather than on any single
one of them. In this fashion, they prove an adequate solution considering practical constraints.

There are various metrics which aim to assess translation quality by assigning a certain score.
The idea underlying these metrics is that they relate the translations of the machine translator
to a reference set. For each corpus we have a test set of one thousand sentences in the
source language, and we have a corresponding reference set of the translations thereof. These
translations are in no way used by the system itself, but are only used in the evaluation
stage. All metrics are based on a computation of similarity to the reference sentence, the
more similar, the higher the score. We will use the following metrics in the evaluation of
phrase-based memory-based machine translation:

1. BLEU - The BLEU metric Papineni et al| (2001) computes a weighted average of the
number of n-gram overlaps between translation and reference. Simply put, the more
n-grams in the translation also occur in the reference, the higher the score. A modified
n-gram precision metric is used to prevent the algorithm from simply favouring repeated
words. The higher the score, the more similar the translation is to the reference. BLEU
is however regularly subject to criticism, and other metrics have been devised to improve
upon this.

2. NIST - NIST is based on BLEU, but it takes into account how informative a particular
n-gram is. Rare n-grams will receive more weight and common n-grams will receive less.
The higher the score, the more similar the translation is to the reference.

3. METEOR - The METEOR metric Banerjee & Lavie (2005) attempts to outperform
BLEU and obtain a higher correlation with the predictions by human judges. As in all
metrics, METEOR generates a word-alignment between the translation and the reference.
We use the "exact” module which maps two words when they are exactly the same. It
then computes a harmonic mean of the precision and recall of unigrams. The higher the
score, the more similar the translation is to the reference.

4. Word-Error Rate (WER) - This is a very simple metric derived from the minimum
edit-distance algorithm, counting the number of substitutions, insertions and deletions
necessary to transform the translation into the reference sentence. Here words are used
as the basic unit. The lower the score, the more similar the translation is to the reference.

5. Position Independent Word Error Rate (PER) - This is the same metric as the above,
but here the order of the words is not taken into account. Any ordering of the same
words will have the same score. The lower the score, the more similar the translation is
to the reference.
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A more in-depth discussion on the actual computation of each of these metrics, and a compar-
ison thereof, is beyond the scope of this thesis. We will only be interested in the comparison
of the scores that come out of the experiments laid out in this chapter.

A special note has to be made regarding the relative nature of these metrics. The scores
can generally only be meaningfully compared when applied to the same test test or the same
system. That is also why the choice of corpora for this research depends mainly on the corpora
used in prior research.

4.4 Compounding errors

A memory-based machine translation system consists of a chain of various components, as
has been in illustrated in the setup scheme of figure B.4. Each of these may introduce errors
or inaccuracies, as none of the stages guarantee a 100% accuracy and none of the underlying
models is a perfect solution. Machine translation is a hard problem in which we deal with
models that attempt to divide this huge task into subtasks that we hope may get the job done
to a certain extent. Since the outcome of one stage acts as the input of the next, we can
speak of a compounding of errors from various levels. If we at the end of this chain receive a
poor result, it is not apparent which component is to blame for the inaccuracy.

For example, in the word-alignment phase, there may be awkward alignments. Since the
instance generation and phrase extraction are based on this, such “errors” will be carried over
to these phases. The phrase-extraction itself may introduce new problems as well, so we can
and eventually will end up with some incorrect instances that are used in training. Machine
learning in turn also performs only with a certain accuracy, and there will always be wrong
classifications. Finally, the decoder seeks to tie all hypothesis fragments together, but it relies
on the quality of these fragments, and it is not at all guaranteed to find the composition and
order that a human would judge best.

This compounding of errors thus stems from the enormous difficulty in translation, apparent
in the fact that all devised solutions for the sub-tasks are models and limited approximations.

4.5 Parameter optimisation

Both TiMBL as well as the decoder developed in this thesis may take quite a variety of
parameters that tweaks their behaviour. Finding an optimal combination of parameters is
a hard search problem, as parameters are often highly interdependent. It is not possible to
a-priori compute the best values for the parameters; they have to be found in an incremental
search process that continually examines the outcome of the experiments.

For memory-based learning, we have consistently used the TRIBL2 algorithm with £k =1, a
beam size of 1, and with distribution output enabled. No further parameter optimisation has
been performed for TiMBL, because this would increase the search space considerably and
take substantially more time for processing and analysis. Possible future research might find
potential for improving the results here, but for the comparison of approaches in this thesis
such further optimisation is less relevant.

Since the decoder is new and specifically developed for this thesis, some parameter tests have
been conducted using a small development set of the OpenSubtitles corpus, consisting of 150
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phrase-pairs. The small size of this development set is due to wanting to limit CPU time
necessary in this experiment and quickly obtain estimations, at the expense of being possibly
somewhat less representative. Different value combinations have been testedd and compared
for several parameters that have been introduced in section :

= The beam size of the core decoder - A larger beam size searches through more of the
search space and is less likely to get caught in local maxima.

= The distortion constant - Determines the flexibility or rigidity in changing word order
= The translation weight - An exponential weight applied to the translation probabilities.

= The maximum swap distance - Defines the maximum distance over which a swap
operation may be applied.

More variables could have been included, but an attempt was made to select the ones expected
to have most impact on the end-result. Searching through more would increase the magnitude
of the search problem. The decoder implementation technically allows more tweaking, but
other less significant variables in the implementation were left at fixed arbitrary values. One
notable fixed value that should be mentioned is the value for the translation threshold, as
discussed briefly in section . We let TiMBL return the full distribution of classed and
set the translation threshold of the decoder to 1.0, this is functionally equivalent to setting a
TiMBL beam size of 1 and translation threshold of 0. The advantage of having the translation
threshold set in the decoder rather than having a beam size configured in TiIMBL is that in
this way multiple experiments with di