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Abstract

Neural Machine Translation (MT) has long been established as a successful paradigm
to produce high-quality MT across many languages and domains. However, it suffers
from one significant limitation — it is too often formulated as a task of translating isol-
ated sentences in a source language into sentences in the target language. This renders
standard M T models unable to capture any information that is not in the sentence, such
as document context, speaker information, the domain of the text, external constraints
etc. This thesis aims to study this limitation, analyse the shortcomings of sentence-level

MT, and present some approaches to enrich MT models to overcome this limitation.

The first part of this thesis introduces a method to quantify the amount of information
missing from source sentences that is needed to translate them perfectly. This method
is called “cheat codes” and it allows us to establish an upper bound on the amount
of additional information that the model needs to be provided to be able to exactly
reproduce reference translations. We find that a surprisingly small amount of leaked
information about the target in addition to the source is enough to achieve this. We
also use this method to study what parts of translation are difficult for these models to
learn correctly, even in the presence of extra information. This analysis allows us to

signpost some hard problems for neural MT for further research to focus on.

The second part of the thesis presents two examples of how MT can be augmented with
extra information to improve translation quality or overall user experience in specific
applications. The first example is using document context, which is always used by
human translators when translating text, but is rarely present in parallel corpora. We
extract and publish a large-scale dataset of parallel sentences with corresponding con-
texts from existing publicly available resources, and show that this data helps improve
translation performance in terms of overall quality as well as specific document-level
phenomena. The second example is providing timing constraints to an isochronous
MT model for use in automatic dubbing. By incorporating duration information and
keeping track of it while translating, the model can produce translations that better
match the source audio, which eventually results in a better user experience when

viewing the automatically dubbed content.
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On the whole, we find that even though a relatively small amount of information is
missing from sentence-level MT, enriching the models with these small pieces of
information can have a significant positive impact on the quality and usefulness of
MT systems in a wide variety of situations. We provide detailed analyses, datasets, and

methods to build better MT systems and encourage future research in this direction.
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Lay Summary

Machine Translation (MT), the task of automatically translating from one language
to another, is mostly done using models that translate only one sentence at a time.
They cannot use any extra information that is not in the sentence, such as context or
information about the speaker, which are commonly used by human translators. This
thesis analyses this limitation and presents some ways to add extra information to

sentence-level MT models to make them better.

The first part of the thesis introduces a method to measure the amount of additional
information needed to translate sentences perfectly. We show that while sentence-level
models cannot always produce a perfect translation by themselves, only a small amount
of extra information about the target translation is enough to enable them to do so. We
also use this method to identify some difficult problems for MT models, by studying
the aspects of translation that they struggle to solve even when they are given extra

information about the target sentence.

The second part of the thesis presents two examples of how MT can benefit from
additional information. The first example is using document context, which is known
to be necessary for human translation, but is usually absent from datasets used to
train MT models. We automatically extract data with document context from existing
resources, publish these datasets for future research, and show how adding context to
the otherwise sentence-level model improves translation quality. The second example
is to use timing information from videos to produce more suitable translations for
automatic dubbing. We show that enabling the MT model to keep track of the duration

of the source audio while translating improves the quality of dubbed videos.

On the whole, this thesis shows that adding relatively small pieces of extra informa-
tion to sentence-level MT models can have a big positive impact on the quality and

usefulness of MT systems in a wide variety of situations.
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Chapter 1

Introduction

The task of Machine Translation (MT), throughout the modern era of Neural MT and
the previously prevalent paradigm of Phrase-Based Machine Translation (PBMT), has
largely been approached as a sentence-level task. It is formulated as a problem of
translating text from a source language to a target language one sentence at a time.
This approach usually fails to capture any context, other external information, or user
expectations. This effectively assumes that it is in fact possible to faithfully translate
each sentence in isolation into another language. However, in reality, this is rarely an

unambiguous task.

When a human translator performs the task of translation, they are never given a single
isolated source sentence to translate. With access to various other pieces of information
—such as context, domain, expected style, etc. (see Section 1.1 for more examples), the
translator makes numerous choices about how to translate the provided sentence. This
additional information is often necessary for producing a translation that is not only
correct but also appropriate for the context and situation in which it is used, and is

almost always available to a translator.

MT systems, in their standard form, are typically incapable of incorporating these
extra-sentential factors. Historically, this has been due to training corpora being created
almost exclusively at the sentence-level and not providing any extra context, due to
the fact that richer parallel corpora are much more difficult to obtain in the quantities
required to train these models. As a result, MT models were also mostly designed to
operate on such data. Most models before recent architectural developments were also
limited in terms of the amount of information they could encode beyond a short span of

text, and translating larger spans was computationally prohibitive. These limitations led
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to the field of MT focusing narrowly on improving sentence-level translation, causing
the field to remain entrenched in this paradigm for a long time. In recent years, there
has been a significant amount of work on document-level MT (see Chapter 5), but a

large amount of work in MT continues to be purely sentence-level.

Many other tasks in the broader field of Natural Language Processing (NLP) also bene-
fit from being provided information beyond the basic source text. For example, open-
ended language generation models produce more coherent text when they are able
to capture more context (Guan et al., 2021), dialogue models can participate in more
engaging and consistent conversation when they have access to previous conversational
turns or information about the user (Cho et al., 2022; Quan and Xiong, 2020), question
answering models can answer questions more accurately given access to knowledge
bases (Lewis et al., 2020), etc.

Among all these tasks, machine translation is a task that is particularly well-suited
to exploring the effects of incorporating additional information into models. This is
because in addition to the task being of great practical application, it has a long history
of research and a large active research community, leading to the existence of massive
datasets and well-defined and rigorous evaluation metrics and frameworks. This makes
it an ideal testbed for studying the advantages of adding various types of extra informa-
tion to sentence-level models by enriching them with data and mechanisms that enable

them to use this information and ultimately produce more useful translations.

Recent advances in neural networks for NLP have enabled the development of models
with the capacity to encode much larger amounts of information, including longer
context and multimodal input. It has also become standard practice to train language
models to accept input far beyond the sentence-level. Models have been built to handle
extremely long contexts, but they are rarely evaluated on real-world scenarios that
actually require this much information. They are usually not rigorously evaluated on
exactly how they use this long context to produce their output, and their benefits for
MT have not been studied in depth.

This makes it a good time to revisit and reconsider how the field approaches the task of
neural MT — to consider what kinds of information we should be trying to incorporate
into MT models and which of them are more difficult to learn, to question whether
model capacity is a limitation at all, to create datasets and methods to enable models
to use this information, and to evaluate the effects of incorporating this information on

translation quality.
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1.1 What is Missing from Sentence-Level MT?

Consider the following English sentence:
You are beautiful.

While it appears to be a fairly simple sentence in English, let’s consider how it might
be translated into French. If a human were asked to translate this sentence, knowing
that the translation is ambiguous, they would most likely first ask for context, or more
information about the addressee. The translation of each of the three words in the

sentence is ambiguous without additional information.

At the time of writing, Google Translate!, probably the best-known MT system, trans-
lates this sentence as:

Tu es belle.

ChatGPT?, also a powerful translation tool, given the following prompt:

Translate the following sentence from English to French:

You are beautiful.
responds:

The translation of "You are beautiful" into French is:
Tu es belle (if speaking to a female)

Tu es beau (if speaking to a male)

While this conditional response recognises the inherent ambiguity in the translation, it
still does not cover all the possibilities. At the very least, the validity of this translation
depends on the grammatical gender, number, and formality of the addressee, as shown
in Table 1.1.

This is just one example of how different kinds of information that may be required
to produce a certain translation may not be present in the isolated source sentence at
all, or even in the entire input text. In some cases, they may be available explicitly, in
the form of terminology dictionaries, length constraints, etc. Alternatively, they may
be present partially explicitly, such as through translation guidelines or knowledge
about the writer/speaker/domain. They may also be entirely implicit, mostly commonly
inferred from context, or through expected style and lexical/syntactical choice in case
of ambiguity.

1. https://translate.google.com/?sl=en&tl=fr&op=translate. Translation obtained on
30/09/2024.
2. https://chatgpt.com/, using the default GPT-40 model, on 24/10/2024.
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Gender  Number Formality Translation

Feminine Singular Informal Tu es belle
Masculine Singular Informal Tu es beau
Feminine Singular Formal Vous &tes belle
Masculine Singular Formal Vous é&tes beau
Feminine  Plural Vous &tes belles
Masculine  Plural Vous étes beaux

Table 1.1: Some possible translations of the English sentence “You are beautiful”
into French.

Before discussing how this additional information can be obtained or incorporated into
MT models, we first discuss some examples of the types of information that may be
needed by a model to translate a given sentence accurately and satisfactorily. This list is
not meant to be exhaustive, but merely illustrates the variety of additional information

that the translation process requires.

Contextual information

The most common form of extra-sentential information comes from surrounding con-
text. Very often, text is translated as part of a longer document, and the preceding and
following sentences provide hints to narrow down the translation choices for any given
sentence. This is how human translators usually disambiguate cases like the example

above. Consider the same sentence, but with the following preceding context:
You are my mother. You are beautiful.

To a human translator, the correct translation of the second sentence is now relatively
unambiguous, since the preceding sentence informs them that the addressee is feminine
and singular, and the context is informal. However, a sentence-level MT model without
any further modifications, when tasked with translating the latter sentence alone, has no
way of using the context from the previous sentence to capture these pieces of inform-
ation. It may therefore produce an incorrect translation, and a correct translation can
be produced only purely by chance. An MT model that is able to leverage information

from context should however be able to disambiguate the translation correctly:
Tu es belle.

There has been a considerable amount of research into incorporating document context
into MT models (Jean et al., 2017; Junczys-Dowmunt, 2019; Kuang et al., 2018;
Maruf and Haffari, 2018; Miculicich et al., 2018; Post and Junczys-Dowmunt, 2023;
Sun et al., 2022; Tiedemann and Scherrer, 2017; Tu et al., 2018; Voita et al., 2018).
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However, due to reasons including a scarcity of document-level parallel data and the
additional computational cost of processing context, sentence-level models remain
widely used in industry and research despite their obvious shortcomings relative to

their document-level counterparts. This is discussed in greater depth in Chapter 5.

Length or timing constraints

For some specific applications of MT, the choice of translation may be dictated by
external constraints. For example, in an automatic dubbing pipeline, the translation
needs to be isochronous, i.e. when converted into speech, the sentence should be
of a similar duration as the spoken source sentence. Similarly, where the translation
needs to fit into the same space as the source sentence in a fixed layout, such as
for subtitles, the translation may need to be isometric, i.e. of similar length. For our

running example, the translation may need to be:
Tu es magnifique.

since this is closer in length to the source sentence in terms of the number of syllables
and written length. This kind of information cannot be captured from context and needs
to be explicitly provided to the model, and the model needs to be able to adapt its
translations to satisfy these constraints. There has been some work on isometric and
isochronous translation (Federico et al., 2020a,2; Hu et al., 2021; Lakew et al., 2021,2;
Saboo and Baumann, 2019; Tam et al., 2022; Virkar et al., 2021,2; Oktem et al., 2019),
which will be discussed further in Chapter 6.

Number, gender, and formality

When the target language requires information like grammatical gender, number, form-
ality of the relationship between speaker and addressee (honorifics), etc. that is not
present in the source language, it is impossible to produce and inflect the translation
correctly without further clarification. While this information can often be inferred
from context (which is often absent itself), this is not always the case, and in some

translation scenarios, this information may be explicitly required.
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Some previous work has explored controlling these factors through gender/formality
markers (Nadejde et al., 2022; Niu et al., 2017; Sennrich et al., 2016a; Vanmassenhove
et al., 2018). One well-known application of explicitly using gender information to
generate gender-specific translations is in Google Translate® for some languages such
as French and Turkish (Johnson, 2018). However, in most cases, these annotations are
not explicitly available during translation, and this remains a common failure mode of

MT systems.

We do not explore this kind of information directly in this thesis, but it is a common
aspect of translation that is often a limitation of sentence-level MT, and constitutes
an important part of the missing information required to improve the accuracy of
translations in certain language pairs. Some other such factors are briefly described
below, and while we do not directly address these in this thesis, they all illustrate the

variety of information that may be used to enrich sentence-level MT.

Terminology

Some MT applications require certain words and phrases, usually specialised vocabu-
lary, to be translated in specific ways. This can be specified as a terminology dictionary
consisting of terms and their corresponding translations, which should be used by the
MT system to translate the terminology correctly and consistently. While there has
been a considerable amount of research into enforcing terminology constraints in MT
models (Bergmanis and Pinnis, 2021; Dinu et al., 2019; Hasler et al., 2018; Song et al.,
2020; Susanto et al., 2020), it is only used in very specific applications, and is often still
unable to generate satisfactory translations while maintaining consistent terminology

usage.

Lexical/syntactical choice

Sometimes, even if a default translation is fully correct, a user may expect a different
choice of words or sentence structure. While this does not affect the correctness of
a translation, this is nevertheless information that would be useful for a model to be
aware of and potentially be able to incorporate. This kind of information can often be
implicitly provided as a domain specification, since some lexical or syntactical choices

may be more appropriate for certain domains than others.

3. https://translate.google.com/. This feature is only available for single words and short
phrases.
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Style and translation guidelines

In a more abstract way, any translation process can include guidelines for the style
in which the translations should be done, as well as reflect the personal style of the
translator. This information is very difficult to encapsulate in data, but is implicitly
encoded into any translation. There has been some work in personalising MT to reflect
the style of translators (Rabinovich et al., 2017; Wang et al., 2021b). This can also
be implicitly available from context or from the domain; for example, a translation of

parliamentary proceedings should use formal language and appropriate terminology.

Multimodal information

In some cases, an image or audio clip associated with text can provide disambiguating
information during translation. There is some research on multimodal MT (Caglayan
et al., 2016; Lala and Specia, 2018; Yao and Wan, 2020), but this does not correspond
to the most common translation scenarios where MT is usually used, and we do not

explore this in this thesis.

When we model MT solely as a task of translating a sentence of source words to a
sentence of target words, we lose much of this information, resulting in sub-optimal
translations that may range from simply being grammatically wrong to subtly failing

to meet style specifications while possibly appearing entirely correct out of context.

For years, there have been premature claims of MT achieving “human parity” (Hassan
et al., 2018). However, further scrutiny (Ldubli et al., 2018; Toral et al., 2018) has
shown that this is due to sentence-level systems being evaluated at the sentence-level
in restricted domains, and these claims do not hold up in more general settings such as

evaluation on full documents or over a variety of domains.

For MT to attain a level of quality that could fully satisfy requirements and expect-
ations, it is therefore important to enrich these models with additional information.
This information may simply be necessary to produce a correct translation at the
bare minimum, i.e. a sentence-level model would have no way of differentiating the
correct translation from incorrect alternatives with the input that it is given. But in
cases where a sentence-level model generates a translation that is strictly correct, the
information may instead be necessary to translate in a way that better conforms to
style or domain specifications, to satisfy terminology constraints, or to meet length or
timing requirements. This thesis is an exploration of this idea of enriching MT models

to improve translation.
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1.2 Research Questions and Thesis Contributions

In this thesis, we investigate a few different research questions about enriching sentence-
level MT and describe our contributions towards addressing these questions. We divide
these questions into two main categories: analysis of the additional information re-
quired by MT models; and data and methods to enrich sentence-level MT models with

extra information to improve translation.

1.2.1 Analysis of Additional Information Required by MT Models

The first two content chapters in this thesis (Chapter 3 and 4) focus on analysis of the
information required by MT models that is not present in the source sentence, and how
difficult it is for models to learn to translate certain aspects of sentences accurately

despite access to such additional information.

How much information does a model need in addition to the source sentence to

produce a desired translation? How can we quantify this?

In Chapter 3, we devise a method to estimate the amount of information missing from
source sentences that is required by an MT model to generate expected translations.
The method involves leaking a controlled amount of target-side information to the
model and measuring the effect of different amounts of leaked information on transla-
tion quality. We call this method “cheat codes”, since we essentially allow the model
to “cheat” by using target-side information. Using this method, we can estimate the

amount of information required by the model to reproduce reference translations.

Quantifying the amount of additional information required to translate accurately is
important to understand how limited the sentence-level information usually provided to
the models is, how efficiently these models can capture any extra required information,

and whether this is a problem of model capacity, training methods, or of training data.

What parts of translation are difficult for models to learn even with additional

information about the target available to it?

When we leak increasing amounts of information to the model, we expect that the
model should be able to use the additional information to generate more accurate
translations. Therefore, when the model uses large “cheat codes”, meaning it has access

to a large amount of target-side information, if the model still makes certain mistakes,
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we can infer that these are difficult problems for the model to translate. In Chapter 4,
we thus use the cheat codes method to build models that have access to different
amounts of target-side information and analyse their outputs to identify problems that

the models appear to find more difficult to learn to solve.

This analysis can help us understand what kinds of information are difficult for neural
MT models to learn to encode, and which areas research should focus on to improve

the quality of these models.

1.2.2 Enriching MT Models with Additional Information

The final two content chapters in this thesis focus on specific scenarios where models
need to use or can benefit from using additional information to produce more accurate

or suitable translations.

How can we incorporate additional information into models to improve transla-

tion quality and usefulness?

Since intra-document context is the most obvious source of information that is missing
from sentence-level models, we explore in Chapter 5 how context information can
be automatically extracted from existing datasets and incorporated into MT models
to improve translation quality. We first introduce a large-scale parallel corpus with
document context to enable document-level machine translation. We then use multi-
encoder models to incorporate document context into MT models to improve overall
translation quality. The released data and methods can be used to enable further re-
search into document-level MT and hopefully to encourage a shift away from purely

sentence-level MT models.

In Chapter 6, we introduce a method to incorporate timing information into MT mod-
els, which can be used to generate isochronous translations, i.e. translations that have
similar timing to the spoken source sentence, so that the translated output can be used
for automatic dubbing. This is an example of how external non-textual information that

is not provided in text input can be used to adapt translation to specific situations.
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How and how much does adding this information improve translation in specific

applications?

In both Chapter 5 and 6, we evaluate the overall effect of incorporating additional
information into the sentence-level models in different ways that are relevant to the

specific scenarios, and not just in terms of translation quality metrics.

In addition to the standard automatic MT evaluation metrics, Chapter 5 contains de-
tailed evaluations and analyses on targeted discourse phenomena for document-level
translation that cannot be modeled at the sentence level, and on the amount of context

that is captured by the models in order to model these phenomena.

In Chapter 6, we use both automatic metrics and human evaluation results to show
how dubbed videos using isochronous MT models are not just accurately translated,
but qualitatively better perceived by users. This shows that explicitly utilising other
externally available information can enable an overall improved user experience of

automatic dubbing.

1.3 Individual Contributions

Since this thesis is composed of research published in several papers with multiple

authors, this section identifies my individual contributions in each paper.

* Pal and Heafield (2022): The idea was jointly designed by both authors of the paper.
All experiment design, implementation, analysis, and writing was done by me.

* Pal and Heafield (2023): The idea was a follow-up from Pal and Heafield (2022)
devised by both authors of the paper. All implementation, analysis, and writing was
done by me.

e Pal et al. (2024): All implementation, analysis, and writing was done by me. Co-
authors provided guidance on availability of data sources which were used for this
work, and on evaluation datasets.

* Paletal. (2023): Implementation of our method, evaluations, and analysis were done
solely by me. Co-authors provided the idea, implementation of baseline models,
modified Text-to-Speech implementations, and datasets.

» Agarwal et al. (2023): I provided baseline models and code while co-organising the
automatic dubbing shared task, and participated in human evaluation as a judge. The

rest of the work was by co-authors.
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1.4 Thesis Structure

The main content of this thesis is organised into four chapters (3 to 6). Each of these
chapters presents some work either using information missing from source sentences
to analyse MT models or incorporating such information into models to improve some

aspect of translation. The remainder of the thesis is thus structured as follows:

Chapter 2 - Background presents an overview of background knowledge underlying
the content this thesis and a review of some relevant literature.

Chapter 3 - Cheat Codes to Quantify Missing Source Information presents “cheat
codes” as a method to estimate the amount of information missing in a source
sentence that is required to generate a correct translation.

Chapter 4 - Cheating to Identify Hard Problems for Neural MT uses the cheat
codes method to analyse neural MT models and identify problems that they
find difficult to translate accurately.

Chapter 5 - Document-Level MT with Large-Scale Public Parallel Corpora de-
scribes the creation of large parallel corpora with context and explores how
context information can be used to improve translation quality.

Chapter 6 - Improving Isochronous MT for Automatic Dubbing presents a method
to incorporate timing constraints into models to produce translations better
suited for automatic dubbing.

Chapter 7 - Conclusion summarises the contributions and findings of the research

presented in this thesis and discusses some ideas for future work.



Chapter 2

Background

Machine Translation (MT) is the task of automatically translating text or speech from
one language to another. MT is an instance of a category of machine learning problems
known as sequence-to-sequence. Sequence-to-sequence problems take a sequence of
tokens as input and generate another sequence of tokens as output. The input and output
sequences can have different and typically variable lengths. This class of problems
therefore also includes tasks such as automatic summarisation, paraphrasing, code

generation, and many others.

The dominant paradigm for MT over the last many years has been Neural MT, where

we use a neural network to model the conditional probability P(Y |X) of target se-

quences Y = {y1,y2,...,|y|} given a source sequence X = {x|,X2,...,Xx|} as:
Y|
P(Y|X) = []POuly<X) 2.1
t=1

In neural MT, each input sequence X is almost invariably a sentence in the source
language, which we represent as a sequence of tokens', and the output sentence is
a translated sentence in the target language. While some approaches do use longer
sequences, such as paragraphs or documents, the standard approach is still to translate
one sentence at a time to keep the sequence length manageable. We discuss document-

level translation in depth in Chapter 5.

To perform neural MT and many other sequence-to-sequence tasks, the standard neural
network architecture used is the encoder-decoder. In Section 2.1, we describe the

encoder-decoder architecture, which forms the basis of all models used in this thesis.

1. Tokens can be words, subwords, characters, or even bytes. We have used subword tokens throughout
this thesis except where specified otherwise.

12
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The neural network is trained to minimise the negative log likelihood loss over a
training corpus D of text pairs (X,Y):

1
D=~ Y, logP(Y|X) (2.2)
| |(X,Y)€D

and at inference, we use beam search to search for the highest probability translation
Y given an input X:

Y = argmax P(Y |X) (2.3)
Y

After covering the basics of the encoder-decoder neural MT architecture in Section 2.1,
we describe some modifications and mechanisms that are used to model extra inform-
ation in these sequence-to-sequence models in Section 2.2, along with some related

work on modelling extra-sentential information.

2.1 Encoder-Decoder Architectures

The encoder-decoder architecture, as the name implies, is composed of two main
components: an encoder and a decoder. The encoder takes the input sequence and
generates an intermediate representation, which the decoder then transforms into the
output sequence. The encoder-decoder neural network is the underlying architecture
for every model used in this thesis, so we describe its structure and components in

detail here.

The encoder and the decoder can be implemented using different architectures, which
have evolved over time from convolutional networks and Recurrent Neural Networks
(RNNs) (Kalchbrenner and Blunsom, 2013) to the Long Short-Term Memory (LSTM)
(Hochreiter and Schmidhuber, 1997; Sutskever et al., 2014) to the Gated Recurrent
Unit (GRU) (Cho et al., 2014b) to the Transformer (Vaswani et al., 2017).

A limitation of early encoder-decoder architectures such as those used by Kalchbren-
ner and Blunsom (2013), Sutskever et al. (2014), and Cho et al. (2014b) was that
the encoder generated a fixed-length representation of the input sequence, and this

representation would then be decoded to generate the output sequence. This created an
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information bottleneck, as all the information in the source sequence had to be com-
pressed into a fixed-length vector, which degraded model performance especially for
long sequences (Cho et al., 2014a). The solution to this problem was the introduction

of the attention mechanism by Bahdanau et al. (2015) (see Section 2.1.2).

In the following subsections, we describe the GRU, attention, and Transformers, which

form the main components of the encoder-decoder models used in this thesis.

2.1.1 Gated Recurrent Unit (GRU)

The Gated Recurrent Unit (GRU) is a modified and simplified version of the LSTM (Ho-
chreiter and Schmidhuber, 1997). It was introduced in Cho et al. (2014b) and due to

its simple architecture and strong performance, was the most commonly used encoder

and decoder architecture in MT models for several years. While the GRU is no longer

commonly used and has largely been superseded by Transformers (see Section 2.1.3),

we present it here since we have used GRUs as additional encoders in Chapter 3 and

Chapter 4.

A GRU maintains an internal hidden state h, which is updated at each sequence step.

At step ¢, the GRU computes the reset gate r; and the update gate z; as:

r; = 6 (WX, +Wph 1) (2.4)
7z, — G(WZXX[ + thht_] ) (25)

where Wy, Wy, W, W, are learned weight matrices?, X, is the embedded input at time
step ¢, and h,_ is the previous hidden state. The hidden state h; is then updated as:

ﬁl‘ = tanh(thX[ + Whh (I‘t @ hl’—l )) (2.6)
h,=z0h_+(1—z)0h, 2.7)

When used as an encoder in an encoder-decoder model without attention, the final
hidden state hyy| is used as the fixed-length representation of the input sequence. It
is also common practice to have a second GRU encode the sequence in reverse order,
and use the concatenation of the forward and backward encoders as the input encoding.
This is known as a bidirectional encoder, and we use a bidirectional GRU wherever we

use a GRU as an encoder in this thesis.

2. We omit bias terms with the matrix multiplications for simplicity.
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When used as a decoder, the output tokens y; are generated using a linear projection
from the hidden state h; followed by a softmax layer and mapping the output probab-

ilities to the output token vocabulary.

2.1.2 Attention

Bahdanau et al. (2015) added the attention mechanism to the encoder-decoder archi-
tecture, which enabled the decoder to focus selectively on parts of the source sequence
representations instead of relying on a fixed-length source representation. At each
decoder step, the attention mechanism creates a context vector as a weighted sum of the
encoder states, where the weights are a measure of the relevance of each encoder state
to the current decoder state. At sequence step ¢, given encoder states {hj,hy,... hy X|}

and decoder state s,_, the context vector ¢; is computed as:

expilér ;i
= pler) 2.8)
X|
¢ =) o (2.9)
i=1

where o ; is the attention weight computed for encoder state i at decoder step . The
scores e;; between the decoder and encoder states can be computed in different ways
— we use scaled dot-product attention (Vaswani et al., 2017) in all our models (see
Section 2.1.3). The decoder uses the context vector ¢; along with its own current state
s;—1 to update its state s; and generate the next output token y;. The model can therefore
attend to only a small part of the input sequence at a time instead of having to condition

on the entire encoded input.

Luong et al. (2015a) introduced modified attention mechanisms that further improved
performance. Vaswani et al. (2017) then introduced the Transformer architecture,
where attention operations are used as the central mechanism to model the depend-

encies between tokens in both the encoder and decoder as well (see Section 2.1.3).
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2.1.3 Transformer
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Figure 2.1: The encoder-decoder Transformer architecture. Image from Vaswani et al.
(2017).

The Transformer architecture (Vaswani et al., 2017) uses attention as the main building
block for both the encoder and decoder. Both encoder and decoder are composed of a
stack of identical layers, and each layer takes the output of the previous layer as input
(the first layer takes the embedded sequences as input) and transforms it. Figure 2.1
shows the components of the Transformer architecture, and the main individual com-

ponents are described below.
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Scaled Dot-Product Attention
The attention mechanism used in the Transformer and throughout this thesis is known
as scaled dot-product attention. Given queries Q, keys K, and values V, the attention

weights are computed as:

Attention(Q, K, V) = softmax (Q_\/I;) 1% (2.10)

k
When the queries, keys, and values come from the same source, it is called self-
attention, and this is used to transform sequence representations by attending to dif-
ferent parts of the same sequence to capture internal dependencies and relationships.
When the queries come from the decoder and the keys and values come from the
encoder, it is called cross-attention, and this is used to allow the decoder to attend

to the encoded information when generating the output sequence.

The Transformer uses a modification of the scaled dot-product attention called multi-
head attention, where the queries, keys, and values are linearly projected % times (each
called a head) and the attention is computed separately for each head. The outputs of
the heads are concatenated and linearly projected again to get the final output. This
allows the model to attend to different parts of the input simultaneously and capture

more complex interactions.

Encoder

Each encoder layer has two sublayers: a self-attention mechanism and a feed-forward
sublayer. The self-attention sublayer attends over the input x and outputs a new con-
textualised representation. The feed-forward sublayer is then applied position-wise to
the output of the self-attention sublayer. The output of each encoder layer becomes the

input of the next layer.

EncoderLayer(x) = FeedForward(SelfAttention(x)) (2.11)

Decoder

In addition to the self-attention and feed-forward sublayers, the decoder layers have
an additional cross-attention sublayer between the two. This sublayer attends to the
encoder output, allowing the decoder to focus on different parts of the input sequence.

In the decoder, the self-attention is masked so that the model cannot attend to tokens
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in positions to the right of the current token.

DecoderLayer(y,x) = FeedForward(CrossAttention(x, (SelfAttention(y))) (2.12)

We omit some details of the Transformer architecture, such as positional encodings,
layer normalisation (Ba et al., 2016), and residual connections (He et al., 2016), since
they are not explicitly referenced or modified in this thesis. These are shown in Fig-
ure 2.1 and we refer the reader to the original paper (Vaswani et al., 2017) for a full

description of the architecture.

The Transformer architecture has established itself as almost ubiquitous, not just in
MT but in all of NLP, and even in other domains such as computer vision (Doso-
vitskiy et al., 2021). All the models used in this thesis are based on the Transformer
architecture, with some modifications to incorporate extra information, as described in
Section 2.2.

2.2 Modelling Extra Information

In this section, we describe a few mechanisms that are used to inject extra information
into MT models, mostly focusing on the encoder-decoder neural MT architecture. This
is far from an exhaustive list, but covers some of the most common methods used in
the literature, focusing on those used in this thesis. In the process, we also survey some
related work that has used these methods to incorporate specific types of additional

information into sentence-level MT models.

2.2.1 Multi-Encoder Architectures

The encoder-decoder model can be extended to have multiple encoders, each taking
different inputs and encoding different information. The decoder can attend to each

encoder separately and combine the information from all of them.

Zoph and Knight (2016) presented a method to use multiple encoders to provide input
in multiple languages to MT models to improve translation quality. Dual encoder
networks have been used in language generation tasks to inject conversational context

into dialogue models (S. et al., 2017), encode input at different levels of granular-
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ity (Yao et al., 2020), or for context awareness (Jean et al., 2017; Li et al., 2020; Voita
et al., 2018). Junczys-Dowmunt and Grundkiewicz (2017) and Junczys-Dowmunt and
Grundkiewicz (2018) use dual-encoder architectures for automatic post-editing, and

the second input in that case is MT output to be post-edited.

We use the modified multi-encoder Transformer architecture from Junczys-Dowmunt
and Grundkiewicz (2018) in Chapter 3, Chapter 4, and Chapter 5, adding a second
encoder to incorporate additional inputs into the encoder-decoder model. Each decoder
layer in the dual-encoder Transformer has two stacked cross-attention sublayers, each

attending to a different encoder. This architecture is shown in Figure 2.2.
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Figure 2.2: Dual-encoder Transformer architecture. Image from Junczys-Dowmunt
and Grundkiewicz (2018).

There are more complicated architectures used to input context in document-level
MT (Kuang et al., 2018; Maruf and Haffari, 2018; Miculicich et al., 2018; Tu et al.,
2018), for example, but in this thesis, the only architecture we use beyond the standard
encoder-decoder is the dual-encoder variant.
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2.2.2 Pseudo-Tokens

Pseudo-tokens, also referred to as tags, are special tokens that are appended or prepen-
ded to the input sequence to convey some information in addition to the input tokens.
Commonly used to specify the target language in multilingual MT models (Aharoni
et al., 2019; Johnson et al., 2017; Wicks and Duh, 2022), pseudo-tokens are also used

to add various kinds of information to guide the output.

For example, Sennrich et al. (2016a) and Nadejde et al. (2022) used a pseudo-token
<T> or <V> to specify politeness (Brown and Gilman, 1968) when translating English
to German, since German uses honorifics while English does not. As shown in the
example below, the pseudo-token does not form part of the actual sentence being

translated, but provides guidance to the model on how to generate the translation.

Give me the telephone! <V> — Geben Sie mir das Telefon!

Give me the telephone! <T> — Gib mir das Telefon!

Similarly, Vanmassenhove et al. (2018) prepended a FEMALE or MALE tag to sentences
to include gender information. Chu et al. (2017), Kobus et al. (2017), and Stergiadis
et al. (2021) used a pseudo-token to specify the target domain for domain adaptation
in MT.

In Chapter 6, we use pseudo-tokens to provide timing information to the model to

control duration of translated output.

2.2.3 Factored Models

Source Factors

An established method to incorporate linguistic information into phrase-based MT
models (Koehn and Hoang, 2007), source factors have also been used in neural MT
to add extra information to input sequences. These factors are embedded alongside the
source tokens, and all the embeddings are concatenated to form the input embedding to
the encoder. Sennrich and Haddow (2016) used factors to provide additional linguistic
information alongside the source tokens, such as lemmas, Part of Speech (PoS) tags,
morphological features, and dependency labels. Stafanovics et al. (2020) provided
gender annotations as source factors to improve gender translation accuracy. Espaia-
Bonet and van Genabith (2018) used factors to model semantic information in the
form of synsets to improve translation quality in multilingual MT, especially in zero-
shot settings. Dinu et al. (2019) trained models to inject custom terminology by using

factors to demarcate inline terminology annotations.



2.2. Modelling Extra Information 21

Target Factors

Garcia-Martinez et al. (2016) introduced target factors to decompose the translated
output tokens into lemmas and linguistic factors, reducing the target vocabulary size
and alleviating the data sparsity problem in generating inflected forms of words. To use
factors on the target side, similar to source factors, the embeddings of the tokens and
corresponding factors are concatenated before being fed to the decoder. Additionally,
there is one output layer per factor, which allows the model to generate each factor
separately, and the factors are usually shifted by one position to allow the model to

predict the factors conditioned on the corresponding lemma.

Target factors have been used in statistical MT to explicitly model morphology (Bojar,
2007). Apart from decoupling lemmas from linguistic factors (Garcia-Martinez et al.,
2016) as described above, they have also been shown to be effective to predict case
markers (Nadejde et al., 2017), subword separators (Wilken and Matusov, 2019), cap-
italisation, or gender information (Niu et al., 2021) decoupled from output tokens.
In the area of isochronous MT, they have been used to predict pause markers as an

alternative to generating an explicit token (Tam et al., 2022).

While target factors generally do not incorporate any external input information to the
model, we introduce the concept of target factors here since in Chapter 6, we present
a method to use target factors to provide the model timing information and model the

duration of each target token.

2.2.4 Large Language Model Methods

In recent years, decoder-only Large Language Models (LLMs) have rapidly emerged
as the predominant paradigm for most NLP tasks, and this extends to MT as well.
While this style of model was originally designed for language modelling and text
generation (Brown et al., 2020; Radford et al., 2019), LLMs have demonstrated the
emergent ability to perform numerous other tasks using prompting and in-context
learning methods (Brown et al., 2020; Wei et al., 2022).

Some work (Gao et al., 2023; Jiao et al., 2023) has shown that it is possible to simply
provide an instruction, or a prompt, to an LLLM to translate an input sentence or docu-
ment. This method is known as prompting, and the prompt can be adjusted to provide

any kind of information or guidelines to control the output of the model. For example,
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Yamada (2023) showed that integrating some information about the purpose of transla-
tion and the target audience into prompts can modify and improve translations elicited
from ChatGPT. Moslem et al. (2023) provided terminologies as part of the prompt to

control the translation of domain-specific terms by LLMs.

Most efforts to perform MT using LLMs (Hendy et al., 2023; Lin et al., 2022; Vilar
et al., 2023; Zhang et al., 2023; Zhu et al., 2024) involve providing a few examples to
the LLM as part of the prompt, which allows the model to learn the task of translating.
This method is known as few-shot learning, and the few-shot examples can be chosen
or constructed to provide the model with the necessary information to translate as
desired. For example, Garcia et al. (2023) showed that carefully selected examples can

be used to control regional varieties and formality in translations.

Xu et al. (2024a), Xu et al. (2024¢), and Xu et al. (2024b) fine-tune pre-trained LLMs
on parallel data to perform MT. While these works typically fine-tune the model with
a fixed prompt designed to generically elicit translations, these could also be adjusted

to incorporate extra information in the prompt to control the translation.

LLMs’ longer context windows and larger model capacity also bring an inherent ability
to better capture context when provided. While most of the work discussed above
still performs translation at the sentence-level, LLMs have therefore also been used to
perform document-level MT in some related work (Karpinska and lyyer, 2023; Petrick
et al., 2023; Wang et al., 2023; Wu et al., 2024; Zhang et al., 2023). Models have been
developed to encode extremely long contexts (Bulatov et al., 2024; Chen et al., 2023;
Xiong et al., 2024), but are usually not evaluated on MT, since the task arguably does

not need context lengths of thousands or millions of tokens.

In addition to the methods described above, there are many other ways to incorpor-
ate extra information into MT models, such as memory-augmented MT (Feng et al.,
2017) to store and use a translation memory of difficult-to-translate words, retrieval-
augmented MT (Bouthors et al., 2024; Bulte and Tezcan, 2019; Cai et al., 2021; He
et al., 2021; Hoang et al., 2023; Khandelwal et al., 2021; Xu et al., 2020) to retrieve
similar examples to guide translation, etc. Since we do not use these methods in this

thesis, we do not go into further detail.



Chapter 3
Cheat Codes to Quantify

Missing Source Information

We have established in Chapter 1 that the process of translating a source sentence into a
target language accurately requires some supplementary or external information. This
chapter is motivated by the question: how can we quantify the amount of information
that a neural MT model needs in addition to the source sentence? In other words, how

much more information does it need to generate a specific reference translation?

For the purposes of this work, we ignore the linguistic significance of the information
needed by the model, instead approaching the problem in a purely abstract way. Our
goal is not to interpret the content of the required information in any way, but only to

quantify it numerically.

To this end, we describe a method to empirically estimate the amount of information
H(t|s) added by the target sentence ¢ that is not present in the source s in a neural
MT system. We do this by providing the model the target sentence in a highly com-
pressed form (a “cheat code”), which due to its limited size, should encode target-side

information that the model cannot already obtain from the source encoding.

Exploring the effect of the size of the cheat codes, we find that the model is able to
capture some useful extra information from just a single float representation of the
target and nearly reproduces the target with two 32-bit floats per target token. This
shows us that a suprisingly small amount of extra information needs to be provided to

guide a model to a perfect translation.

This method does not intend to present us with a way to actually provide any of this
missing information to the MT model since the target sentence is not available at
inference time in a real translation scenario. It is instead an analysis method that helps
us understand the informational content of the target sentence that is absent from the

source sentence.

23
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The content of this chapter is based on work published at NAACL 2022 (Pal and
Heafield, 2022).

3.1 Motivation

Given a sentence s in the source language, a machine translation system generates
a translation ¢ in the target language. However, as discussed in Chapter 1, for any
sentence of non-trivial complexity being translated between most pairs of natural lan-
guages, the translation ¢ is not unique. Therefore, to reproduce a reference translation,

a model requires some amount of extra information.

While earlier neural models were constrained in terms of model capacity and com-
putational tractability, this is no longer a significant problem with modern hardware
and models for MT. It is therefore unlikely that current neural MT models’ inability to
generate specific translations is due to a lack of representational capacity. It is of course
clear that not all the necessary information is present in the sentence-level input that
is being provided to these models, but it is not clear how much information is missing.
By quantifying this information, we can gain a better understanding of the limitations
of current models, and have a better idea of whether this information can realistically

be provided to the model and whether the models can capture it efficiently.

The aim of this chapter is therefore to establish a method to quantify the amount of
information that is missing in the source s that is required to generate the translation
t. This is analogous, but not formally equivalent to H(t|s) in information theoretic
terms. Our analysis does not account for valid paraphrases or synonyms. Therefore,
what we measure is not just how much information is needed to generate any correct
translation, but how much information is needed to generate a specific translation.
Factors like style and lexical choice that do not directly affect correctness are also an
integral part of the translation, and we want to measure the information required to

capture these aspects as well.

To quantify this information, we modify the standard encoder-decoder model archi-
tecture (Section 2.1) to provide the target sentence to the model as an auxiliary input,
and observe the effect of varying the size of the representation of the target sentence.
We vary the size ranging from the minimum that provides any useful information at

all to the decoder, all the way up to the size that enables a near-perfect reproduction of
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the target. At the lower end, this informs us about what the smallest amount of extra
information is that is still useful to the model. At the other end of the range, this allows
us to estimate an upper bound on the amount of additional information present in a

specific translation that it cannot capture from the source.

Since the target being exposed to the model is generally considered a form of “cheat-
ing” in machine learning, we refer to these compressed representations of the target as

“cheat codes”.

3.2 Related Work

Voita et al. (2021) used a variant of Layerwise Relevance Propagation (LRP) to meas-
ure the relative contribution of the source sentence and the target prefix while gener-
ating a specific target token. This does not reflect on information from outside of the
current sequence being translated. Bugliarello et al. (2020) have previously proposed
an information-theoretic measure of the difficulty of translating sentences from one
language to another called cross-mutual information (XMI). Inspired by this metric,
Fernandes et al. (2021) proposed conditional cross-mutual information (CXMI) to
measure how much document context is used by a document-level MT model. Mo-
hammed and Niculae (2024) also measured context usage by document-level MT
models, but by perturbing the input context and observing the effect on the output,

instead of from an information-theoretic perspective.

To the best of our knowledge, ours is the first work that attempts to quantify the amount
of additional information required by neural MT models — not just from context, but

from any possible source that is not the input sentence.

3.3 Method

3.3.1 Model Architecture

We use a modified dual-encoder Transformer architecture (Zoph and Knight (2016);
see Section 2.1) similar to the one used by Junczys-Dowmunt and Grundkiewicz (2018),

but without the tied encoder parameters.
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The first encoder is a standard Transformer-base encoder (Vaswani et al., 2017) which
takes the source sentence as input, while the second encoder generates a highly com-
pressed representation of the second input. The decoder attends to both encoder con-
texts — each decoder layer has a multi-head attention block for each encoder and
these blocks are stacked (see Section 2.2.1 and Figure 1 in Junczys-Dowmunt and
Grundkiewicz (2018)). Figure 3.1 shows our model architecture along with the separate

inputs and cheat codes.

For the second encoder, we use a GRU'! (Cho et al., 2014b) with hidden size 256,
optionally average its outputs over all the states to get a fixed-length representation, and
apply a linear bottleneck layer. This generates the highly compressed representation of

the second input, or the cheat code, that the decoder attends to.

The model was implemented using the Marian framework (Junczys-Dowmunt et al.,

2018), and all the code including training scripts are publicly available’.

This architecture does not allow the second encoder access to the source; in other
words, the cheat code is encoded with no knowledge of the corresponding source
sentence. This forces the second encoder, given its limited representation capacity, to
guess what information from the target is most likely to not be present in the source and
encode it. An alternative architecture could provide access to both source and target
sentences in the second encoder, which would allow the second encoder to analyse
the source sentence to decide what information is actually missing. However, in this
alternative architecture, it would be impossible to separate the source information from
the target information, and there would be no way of preventing the model from using
the extra capacity of the second encoder to encode aspects of the source as well,
making the cheat codes much less informative. So we choose to use two completely
separate encoders in this work, with the assumption that the models learn to encode
the target sentence in an efficient way that allows it to extract the maximum amount of

information from the cheat code that would not already be available in the source.

1. We note that the choice of GRU as the architecture for the second encoder is not significant. It could
also be a Transformer encoder.
2. https://github.com/Proyag/marian-dev/tree/cheat-codes
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Figure 3.1: Model architecture showing inputs and cheat codes.
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3.3.2 Cheat Codes

At training time, we provide the target sentence as the second input to the model, so
the model essentially cheats by seeing the translation it is supposed to generate. At
inference time, we can provide the reference translation or any other sentence as the

second input, which should guide the generation towards this provided input.

Alternatively, this second encoder can be bypassed to directly provide context vectors
for the decoder to attend to. As an example, we can use this feature to interpolate
between the representation of two different references and provide that as a cheat code,
and thus explore whether we can obtain alternative translations in some semantic space

between the two references (Section 3.4.4).

We vary the size of the cheat codes and observe their effect on the output translations.
The size is varied in three different ways:

Fixed-length cheat codes Using fixed-length representations of n dimensions (essen-
tially floating-point numbers), where we can vary n. Given a target sequence of length
|Y | with d-dimensional output states from the second encoder, we average over all the
|Y| output states of the second encoder, and then apply the bottleneck layer to project

the result down from d to n dimensions.

Variable-length cheat codes Using variable-length representations of n floating-point
numbers per token, which is simply the output of the second encoder with no averaging
over time steps, and the same bottleneck layer applied separately on each output state

to project d dimensions to n, resulting in cheat codes of size n x |Y|.

Quantisation Using representations smaller than one floating-point number by apply-
ing quantisation on a one-dimensional representation. We do this using a simple linear
quantisation scheme similar to Miyashita et al. (2016) and Hubara et al. (2017). To

quantise a scalar x to k bits:

r = round(x * m)
¢ = clip(r, k=l pk=1 1)

Quant(x) = ¢/m
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where m is a multiplier chosen to ensure the quantised scalar covers the full range of
the k-bit number after quantisation. We observe that our single float32 cheat codes are
in [-2, 2], so we use m = 2%=2 so that r is spread over the full range of [—2¢—1, 24=1]

without getting clipped.

One possible concern is that the cheat codes might learn to encode the entire tar-
get sequence and the model could just copy the target and ignore the source en-
tirely. However, it has been observed that even with much larger sentence repres-
entations such as 1024-dimensional LASER (Artetxe and Schwenk, 2019) and 768-
dimensional LaBSE (Feng et al., 2022), it is non-trivial to auto-encode the target
sentence (Duquenne et al., 2022). We therefore expect that our small target repres-
entations will encourage the model to fully use the source information and use the
limited additional capacity of the cheat code to encode the additional information that
it requires. We verified this by testing the models with empty source inputs and a valid
cheat code, and observed that the models are not able to generate the translations just
from the cheat code. In the case of variable-length cheat codes, the capacity might be
large enough to begin to auto-encode the target, and so we follow a two-step training

process designed to avoid the copying behaviour (details in Section 3.4.3).

3.4 Experiments

We train strong models on a high-resource language pair — German—English, and
measure the effects of varying the size of the cheat codes, i.e. the amount of additional
information available to the model, on the quality of the generated translations. We use
Chen et al. (2021)’s cleaned version of the WMT21 German— English dataset (Akh-
bardeh et al., 2021) for all experiments. We do not use back-translated data since we
observed no improvement in quality upon adding it, consistent with Chen et al. (2021)’s

findings.

The WMT21 German—English test sets included multiple references produced by
different translators. We evaluate on two of these references, labelled A and B, since
we represent these references as cheat codes and evaluate their effect on the output
translations, and we do not want our findings to be specific to references from a

particular translator.
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As evaluation metrics, we use BLEU® and ChrF* metrics from SacreBLEU (Post,
2018), and COMET and COMET-QE’ (Rei et al., 2020).

Table 3.1 shows the results for our different models with references A or B provided as
cheat codes and being evaluated on both references. We see that the models can score
higher than the Transformer baseline on a given reference when the same reference
is supplied as a second input, which indicates that the model is able to “cheat” and
capture useful extra information from just a single floating-point representation of the

target sentence.

3.4.1 Increasing bottleneck size

We gradually increase the size of the cheat codes to observe how the translation quality
improves with more additional information from the target, and how much information

the model needs to approximately reproduce the reference translations.

As we increase the size of the bottleneck layer, we see (Table 3.1; Figure 3.2) that the
model captures more information from the larger cheat codes and the outputs approach
the reference translations, as shown by much higher BLEU and ChrF compared to the
baseline. However, this is not always reflected in the COMET and COMET-QE scores
and we suspect this is due to how COMET is trained. This issue is further discussed in
Section 3.4.5.

We also note that even with large variable-length cheat codes, the model struggles to
achieve perfect scores, showing that they are unable to generate the exact references

even with a large amount of additional information. This is further studied in Chapter 4.

3.4.2 Minimising bottleneck size

We also explore the lower bound of the size of cheat codes that the models can mean-
ingfully capture information from. By showing that even very small cheat codes are
informative, we can establish that the information required by the model can be en-
coded very efficiently, and that encoding dimensions or model capacity is unlikely to

be a constraint for MT models to capture this information.

3. BLEU|#:1|c:mixed|e:noltok:13als:exp|v:2.0.0
4. chrF2|#:1|c:mixed|e:yes|nc:6|nw:0|s:nolv:2.0.0
5. wmt20-comet-da and wmt20-comet-qe-da in COMET
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Model/Input Score on Reference A Score on Reference B
BLEU ChrF COMET BLEU ChrF COMET QE
Transformer baseline 322 603  0.5565 363 62.6 0.5640 0.3472
References scored against each other / with COMET-QE:
Reference A 100 100  0.9934 29.5 585 0.5316 0.3265
Reference B 29.5 577  0.5643 100 100 1.0015 0.3829
Reference A as second input, fixed-length cheat codes:
1 x int4 31.1 589  0.4781 31.8 59.0 04610 0.2924
I X int8 31.3 59.1 0.4885 31.0 58.8 04707 0.3067
1 x intl16 320 59.7  0.5320 312 59.2 04913 0.3107
1 x float32 323 59.6 05153 31.6  59.2 04917 0.3092
2 x float32 33,5 603 0.5177 29.6 582 04602 0.2979
4 x float32 36.7 61.6  0.4935 27.0 563 0.3893 0.2558
8 x float32 40.7 63.7  0.5023 25.1 549 03206 0.2235
12 x float32 470 674  0.5202 2377 539  0.2790 0.2245
16 x float32 572 733 0.6553 244 540 03100 0.2404
25 x float32 67.0 80.0 0.7333 246 544 03191 0.2561
Reference A as second input, variable-length cheat codes:
1 x float32 / token 40.1 642  0.5962 287 57.8  0.4587 0.2948
2 x float32 / token 924 96.1 0.9148 284 57.6 04473 0.2778
4 x float32 / token 912 952  0.9017 28,5 57.6 04434 0.2773
8 x float32 / token 89.7 94.1 0.8877 28.6 57.6  0.4438 0.2810
12 x float32 / token 94.1 974 09377 28.6  57.8 04750 0.2971
16 x float32 / token 95.8 98.6 09779 287 579 05107 0.3152
25 x float32 / token 939 96.8 0.9211 28.6 575 0.4526 0.2888
32 x float32 / token 96.6 98.7  0.9593 287 579 04720 0.2920
Reference B as second input, fixed-length cheat codes:
1 X int4 29.8 58.0 04624 345 605 0.4735 0.2981
1 x int8 280 579 04824 349 60.6 05147 0.3121
1 x intl6 29.1 579 04942 36.3 61.7  0.5375 0.3145
1 x float32 293 582  0.4865 364 619 05153 0.3111
2 x float32 275 57.0 0.4706 383 629 05249 0.3056
4 x float32 2577 55.6 04210 41.8 644  0.5344 0.2827
8 x float32 246 543 0.3677 46.6 67.1 0.5500 0.2621
12 x float32 24.1 53.8 0.3354 543 715 0.6147 0.2562
16 x float32 243 53.6 03510 62.8 76.3 0.6995 0.2771
25 x float32 249 539 03657 70.7 81.8  0.7734 0.2899
Reference B as second input, variable-length cheat codes:
1 x float32 / token 269 56.6 04725 46.0 67.0 0.6275 0.3125
2 x float32 / token 284 5677  0.4785 925 955 0.9130 0.3234
4 x float32 / token 2877 57.0 0.4959 920 953 0.9156 0.3303
8 x float32 / token 28.6  56.8 0.4919 90.6 944  0.8997 0.3320
12 x float32 / token 287 57.0 0.5123 940 969 09514 0.3439
16 x float32 / token 287 57.0 0.5349 95.6 98.0 0.9783 0.3599
25 x float32 / token 288 57.0 0.5082 93.8 96.4  0.9331 0.3438
32 x float32 / token 2877 57.0  0.5097 96.1 98.0 0.9576 0.3468

Table 3.1: Evaluation with references A and B as second input.
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Figure 3.2(a): Results with reference A as the second input.
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We observe that the model may be able to capture useful information from a single
32-bit float (Table 3.1, rows with 1xfloat32), as shown by a very slight increase of
the BLEU score over the baseline. The effect is much more visible from cheat codes
of size 2xfloat32. To estimate the lower bound of the cheat code size that might still
be informative to the model, we reduce them even further. To reduce the size below a
single float, we quantise the 32-bit representations from the second encoder to 16, 8, or
4 bits. We see that the 16-bit cheat codes (Table 3.1, rows with 1xint16) work almost
as well as the 32-bit ones. With less than 16 bits, it appears that the model is unable to

capture any measurable information from the target.

We note here that there is no guarantee or even expectation of optimality of representa-
tion in the cheat codes, i.e. there is always the possibility that there exists an alternative
way to encode the required information in a more efficient way. Therefore, while we
observe that cheat codes smaller than a certain size do not appear to convey enough
meaningful information to measurably improve translation accuracy, an optimal cheat
code could well be smaller and still benefit translation. What we are able to measure is
empirically the smallest effective cheat codes for our models, but we do not make any

claims about how small an optimal cheat code could be.

3.4.3 Variable-length cheat codes

Since the amount of information contained in sentences can vary widely, it makes sense
that the size of cheat codes required to encode them can vary. To this end, we also train
models where the size of the cheat code is proportional to sentence length, as described
in Section 3.3.2.

For these models, we observe that due to the increased capacity of the second encoder,
training a model to “cheat” from the start makes it too dependent on the target, i.e.
it begins to learn simply to copy the entire target instead of using the source fully,
effectively resulting in the cheat code estimating H(¢) instead of H(z|s) as intended.
Therefore, we adopt a two-step training process: first, we train the model with a blank
second input (i.e. no leaked target information) for the model to learn to fully use
the source, then we continue training with both inputs to train the second encoder
to capture the additional information. We also validate this process at test time by
providing a blank source input and confirming that the model is unable to copy any

meaningful translations solely from the second encoder.
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As expected, we observe (Table 3.1; Figure 3.2) a similar pattern of more information
being captured as we make the cheat codes larger. At just 2 floats per token (rows
with 2 xfloat32/token), the model scores 92.4 BLEU/96.1 ChrF on reference A with
the same reference as input, and likewise 92.5 BLEU/95.5 ChrF on reference B. At
16 floats per token, it scores more than 98 ChrF, which is very close to perfectly

reproducing the references.

3.4.4 Interpolating between references

We speculate that it could be possible to control the output of these models in other
ways than just to reproduce the references by manipulating the cheat codes. To test
this hypothesis, we can directly feed the decoder a modified cheat code instead of
the representation of an actual target sentence. For models which use fixed-length
representations of the second input, we can interpolate between the encoded forms of
the two references. This is not possible for variable-length cheat codes since different
references do not necessarily have the same length. Given a small enough fixed-length
representation, we can even sweep through the entire range of cheat codes and possibly
produce a large number of different but potentially valid translations. We hypothesised
that we might be able to generate diverse high-quality translations (He et al., 2018;
Roberts et al., 2020).

Figure 3.3 shows the performance of the model with fixed-length cheat codes of size
2 xfloat32, while providing A - enc(refA) + (1 — 1) - enc(refB) as the cheat code. We
can see the emergence of a continuous space of cheat codes such that codes close to
reference A result in outputs similar to reference A and gradually moving the code

towards reference B makes the output increasingly similar to reference B.

Unfortunately, preliminary experiments showed that using the interpolated cheat codes
to generate modified outputs produces fragmented or even nonsensical translations,

instead of any meaningful interpolations between varied references.
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Figure 3.3: Test set results when providing cheat codes that are interpolated between
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plots show how the model scores highest on reference A when the cheat code is close
to the representation of reference A, and similarly for reference B.
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3.4.5 Evaluating with COMET-QE

BLEU and ChrF, along with most commonly used MT metrics, are reference-based
metrics. This automatically makes it more likely that the model will score highest on a
reference when given that exact reference as the cheat code. In Figure 3.3, for example,
we see how the performance on each reference peaks exactly when we provide that
reference as input. Since the two references are quite different from each other — they
only score 29.5 BLEU when they are scored against each other — using one as the cheat

code does not produce good results on the other.

We expected to see COMET-QE scores increase with cheat code size, similar to BLEU
and ChrF scores. However, we see that COMET-QE scores remain below the baseline
even for most models with large cheat codes, which have near-perfect BLEU/ChrF and
high COMET scores. We even observe that COMET-QE scores Reference A lower than
the baseline output. Previous meta-evaluation work has already shown that reference-
free metrics show poor or even negative correlation with translation quality in certain
situations. We conclude that since COMET-QE is a metric trained on usually flawed
MT outputs and their human evaluation scores, it does not work well for near-perfect
translations and is unable to score them higher than the best previously observed MT
output. For the same reason, even though COMET scores (with reference) increase for

large cheat codes, the pattern is less clear than for the string-matching metrics.

3.5 Relation to Cross-entropy

While we do not approach our analysis from an information theoretic point of view,
in this section, we briefly discuss the relationship of our method to the concepts of

cross-entropy and conditional entropy.

Cross-entropy is commonly used in NLP tasks as a measure of the discrepancy between
the predicted probability distribution of a model and the true distribution. Specific-
ally for MT, this is the difference between the translation probability distributions
generated by the model and the reference translations. A lower (better) cross-entropy

indicates that the model predictions are closer to the reference translations.
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Conditional information content is a measure that describes the uncertainty in a target
t given the source s. Conditional entropy, which is the average conditional information
content over all s and ¢, is therefore an indicator of the average amount of information
missing from the source that is required to generate the specific targets. Lower con-
ditional information content indicates that the translation of a source sentence is less

ambiguous and requires less additional information to generate the target.

Our method does not allow the quantification of different amounts of conditional
information content for individual sentence pairs, but rather determines a cheat code
size that is applied across all sentence pairs to measure the overall translation quality
over the entire test set. The cheat code size that enables the model to reproduce target
sentences can therefore be interpreted as an upper bound on the conditional informa-

tion content needed to generate the reference translations.

We note that our work does not strictly measure information content in an information
theoretic sense, since it is confounded by other factors such as the model’s ability to
translate accurately irrespective of missing source information, encoding inefficiencies
of the model encoders, and the model potentially learning to partially copy the target
from the cheat code. However, the method still enables us to establish an approximate

upper bound on the amount of missing source information.

3.6 Conclusions and Future Work

This chapter has shown that by letting machine translation models use a highly com-
pressed representation of the target sentence as an auxiliary input, we can estimate the
amount of information missing from the source that the model needs and can capture
about the target translation. By varying the size of these representations (or cheat
codes), we see that the model can capture useful information from representations
of the target that are as small as a 16- or 32-bit scalar. We also see that the model
approaches perfect reproduction of the target (scoring >92BLEU/95ChrF over a test

set) from as little as 2 floats per target token.
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However, we find that as the cheat code size increases beyond that, the model quality
plateaus and never manages to reach the point where the reference translations are
exactly reproduced. This indicates that there are some aspects of the target that the
model finds difficult to encode and generate, even with a large amount of guidance in
the form of a cheat code. We explore these phenomena in Chapter 4, giving us insight

into some aspects of translation that models find hard to learn.

A limitation of our method is that it can only estimate the amount of missing informa-
tion from the source based on the size of cheat code, but we do not get any qualitative
insight into what this information actually is, or how it enriches the translation process.
In future work, this method can potentially be extended to qualitatively analyse what
the missing information is. One possible direction of future work is to condition the
size of the cheat codes on the source sentence, which would force the model to assess
how much information it actually needs to translate the source sentence, providing an

indicator of the difficulty of an individual input.

The cheat code method provides us an effective analysis tool to measure the amount of
additional information, not only for MT but potentially for any sequence-to-sequence
task where the output is not uniquely determined by the input, such as summarisation

or question answering.

However, the method does not lead us to a way to provide this information to an MT in
arealistic scenario where the target is not already available. In Chapter 5 and Chapter 6,
we look at ways to provide specific types of information to the model that directly

benefit the translations.



Chapter 4

Cheating to Identify
Hard Problems for Neural MT

In Chapter 3, we introduced “cheat codes” as a method of leaking varying amounts of
target information to a model, thus allowing the model to capture this information and
attempt to reproduce a target translation. However, we found — somewhat surprisingly
— that despite using cheat codes of large dimensions, the models are usually unable
to perfectly reproduce all translations. As seen in Table 3.1, the scores on the test set
do not reach perfect automatic metric scores even for the models with the largest cheat
codes in our experiments. This leads us to believe that, even with significant amounts of
additional information provided to these MT models, some phenomena are inherently
difficult for them to learn, and we can use cheating as a tool to identify and analyse

these phenomena.

In this chapter, we identify hard problems for neural machine translation models by
analysing progressively higher-scoring translations generated by letting models cheat
to various degrees. If a system cheats by looking at part of the output and still gets
something wrong, that suggests it is a hard problem. Using this method, we are able
to identify fine-grained categories of words and phrases that remain challenging for
neural MT models, laying the groundwork for future research to address these specific

challenges to further improve translation quality.

We use multiple models at varying degrees of cheating (Section 4.4), ranging from
a baseline Transformer model to those almost able to reproduce the target, to output
translations. We then analyse the accuracy of these outputs in relation to word frequen-
cies (Section 4.5.1), parts of speech (Section 4.5.2), and named entities (Section 4.5.3),
to find the types of words and sentences that are more difficult for these models to learn

to translate accurately.

40
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Contrary to popular belief, we find that the most frequent tokens are not necessarily
the most accurately translated due to these often being function words and punctuation
that can be used more flexibly in translation, or content words which can easily be
paraphrased. We systematically analyse system outputs to identify categories of tokens
which are particularly hard for the model to translate, and find that this includes certain
types of named entities, subordinating conjunctions, and unknown and foreign words
(Section 4.5).

We also encounter a phenomenon where words, often names, which were not infre-
quent in the training data are still repeatedly mistranslated by the models — we dub
this the “Fleetwood Mac problem” (Section 4.5.4).

The content of this chapter is based on work published in the Findings of EACL
2023 (Pal and Heafield, 2023).

4.1 Motivation

While neural MT generally works well given enough high-quality data to train on, the
prevalence of automatic evaluation metrics and human evaluation frameworks which
produce a single number as a measure of quality causes research to gloss over more
fine-grained problems. While the field is generally aware of some high-level hard
problems for neural MT (Koehn and Knowles, 2017; Wan et al., 2022), our goal here is
to analyse MT output to identify the types of words and phrases that are more difficult

for neural MT to translate accurately.

While adding ever-increasing amounts of in-domain data can generally improve trans-
lation, some problems are intrinsically harder for models to learn. This chapter aims
to identify some of these hard problems for MT that are likely to remain challenging

even with larger in-domain datasets.

The way we approach this is to allow the models to cheat. In Pal and Heafield (2022)
(see Chapter 3), we introduced a method to provide a highly compressed representation
of the desired translation (a “cheat code”) as an auxiliary input to the model so that the
generated output is encouraged to be closer to the target output. While that work was
motivated as a method to estimate the amount of information present in the target that
is missing in the source, we adopt the same method to produce unrealistically accurate
models, and contend that if the models get particular things wrong even with hints from

cheat codes, those are the relatively difficult things to translate.
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We also use a second method of cheating — fine-tuning a standard MT model on
the test set — with the motivation that if we observe models with different methods
of cheating showing similar errors in translation, it is reasonable to conclude that
those errors are genuinely difficult things to translate and not just quirks of how the
cheating method affects the translation. While large amounts of in-domain data can
improve overall quality significantly (Edunov et al., 2018), this fine-tuning method lets
us expose the model to the most relevant data possible: the test set itself. The longer
we fine-tune, the more it learns to cheat and becomes more accurate on the test set.
Translations that cannot be learned correctly from the test set itself are very unlikely
to be learned from adding arbitrarily large amounts of in-domain data, and can be

identified as difficult problems to be targeted in future research.

Using these two methods of cheating (described in more detail in Section 4.3), we
can vary how much the models cheat and observe what parts of sentences and types
of words are easier to translate with increasingly accurate models. This tells us about
which parts of translation take the most cheating to learn, and thus signpost some hard

problems for neural machine translation.

4.2 Related Work

Automatic MT evaluation metrics such as BLEU (Papineni et al., 2002), chrF (Pop-
ovi¢, 2015), METEOR (Banerjee and Lavie, 2005), COMET (Rei et al., 2020), and
BLEURT (Sellam et al., 2020) exist in abundance, but a more fine-grained view of
the errors made by translation systems is often required to determine weaknesses of
models. Vilar et al. (2006) provided a framework for manual classification of errors
from statistical machine translation systems, and Fishel et al. (2011), Zeman et al.
(2011), and Popovi¢ and Ney (2011) presented automated alternatives to such time-
and effort-consuming human analysis. Burchardt (2013) introduced the Multidimen-
sional Quality Metrics (MQM) framework for systematic error analysis of translation

outputs.
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Koehn and Knowles (2017) presented a high-level analysis of challenges for neural
MT. There are also methods to evaluate specific aspects of machine translation, such
as contrastive translations to evaluate pronoun translation (Miiller et al., 2018), trans-
literation or morphosyntactic agreement (Sennrich, 2017), and challenge sets (Isabelle
et al., 2017; King and Falkedal, 1990). However, we are not aware of any systematic
study breaking down the performance of neural machine translation by frequencies and

categories of word types and estimating their relative difficulties.

Phenomena such as rare words and named entities being inaccurately translated are
considered common knowledge and numerous works (Jean et al., 2015; Koehn and
Knowles, 2017; Luong et al., 2015b; Sennrich et al., 2016¢) have offered various
solutions to the problem. Subword segmentation (Kudo, 2018; Sennrich et al., 2016c)
is the most commonly used method to improve the translation of rare words, but
Sennrich et al. (2016¢)’s analysis also showed that while it significantly improves the
translation of conjugated and compound words, the models still struggle with names
due to inconsistent segmentation and ambiguous transliteration. Other methods such
as using source-target token alignments to translate out-of-vocabulary words using a
dictionary (Jean et al., 2015) depend upon the presence of suitable dictionaries and can

usually be used only in specific use cases.

Tools such as compare-mt (Neubig et al., 2019) and MT-Telescope (Rei et al., 2021)
aggregate different kinds of analyses based on token frequencies, types of words, and
linguistic labels (such as parts of speech or named entities) together into reports to

provide a detailed view of the errors in MT output, which we use for our purposes.

4.3 Cheating Methods

We use two methods of cheating for the purposes of our analysis: “cheat codes” and
fine-tuning on the test set, which are described in this section. The idea is to use two
different methods of cheating as a way to separate the analysis of which problems are

actually difficult for neural MT from that of the cheating methods themselves.
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4.3.1 Cheat Codes

The first method of cheating is the use of “cheat codes” (Pal and Heafield (2022);

Chapter 3), which are bottlenecked representations of the target sentence provided as

an additional input to the model. As shown in Figure 3.1 (page 27), a dual-encoder
architecture (Junczys-Dowmunt and Grundkiewicz, 2018) is used, i.e. the Transformer
architecture (Vaswani et al., 2017) is augmented with a second GRU encoder (Cho
et al., 2014b), which takes the target sentence as its input, followed by a linear layer
which bottlenecks the generated target representation to a much smaller size, of the or-
der of a few floats. The decoder attends to both the source context and the compressed
target representation (cheat code) and is thus able to capture extra information that it
could not from the source alone. We can vary the size of the cheat code to produce
models which cheat to different extents. The larger the cheat code, the more the model

approaches a reproduction of the target sentence.

4.3.2 Fine-tuning on the Test Set

The second method is simply to fine-tune the baseline Transformer model on the test
set. We validate and save checkpoints every 10 updates where each update is performed
on a single batch consisting of the entire 1000-line test set. We use the outputs obtained

from these checkpoints to analyse the gradual change in performance.

4.4 Models

4.4.1 Baseline

Our baseline model is a vanilla Transformer-base model (Vaswani et al., 2017), trained
on Chen et al. (2021)’s cleaned version of the WMT21 German—English dataset
(Akhbardeh et al., 2021). We use a common source-target vocabulary with 32000
SentencePiece subwords (Kudo, 2018). As observed by Chen et al. (2021), adding
back-translated data yields no improvement in quality, so we use only the filtered

parallel data.
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We evaluate on reference A of the WMT21 test set using BLEU! and ChrF” metrics
from SacreBLEU (Post, 2018), and COMET” (Rei et al., 2020). Since our analyses
are based on exact word matches and paraphrases or synonyms are not considered
matching translations, we focus mainly on the string-matching metrics, especially
BLEU. However, in general we find that the trends observed are consistent across all

metrics.

4.4.2 Models using Cheat Codes

We use models with cheat codes of varying sizes from Chapter 3 — larger representa-
tions of the target as the auxiliary input mean the model produces translations closer
to the desired target. We have two groups of models using cheat codes: those with
fixed-length cheat codes of n floats, where n € {1,2,4,8,12,16,25}, and those with
variable-length cheat codes of n floats per target token, where n € {1,2,4,8,12,16}.
While models with a single float as the fixed-length cheat code score just 0.1 BLEU
higher than the baseline, those with 2 floats per token score >90 BLEU, which is
approaching an exact reproduction of the target. Table 4.1 shows all the models with

different cheat code sizes along with their overall quality.

4.4.3 Models Fine-tuned on the Test Set

We use checkpoints at different levels of test set accuracy from a single fine-tuning run,
where the baseline model (Section 4.4.1) is fine-tuned on the test set, with reference A
on the target side. We have 94 such checkpoints, one for every 10 updates. Figure 4.1
shows the evolution of the scores on the test set over the fine-tuned checkpoints. For
analysis and fair comparison with the cheat code models, we usually choose check-

points with similar test set BLEU scores as some of the cheat code models.

1. BLEU|#:1|c:mixed|e:noltok:13al|s:exp|v:2.0.0
2. chrF2|#:1|c:mixed|e:yes|nc:6|nw:0[s:nol|v:2.0.0
3. wmt20-comet-da in COMET


https://github.com/Unbabel/COMET

4.4. Models

Model/input BLEU ChrF COMET

Baseline 322 603  0.5565

Fixed-length cheat codes:
1 float 323 59.6  0.5153
2 floats 33,5 603  0.5177
4 floats 36.7 61.6  0.4935
8 floats 40.7 63.7  0.5023
12 floats 470 674  0.5202
16 floats 572 733  0.6553
25 floats 67.0 80.0 0.7333

Variable-length cheat codes:
1 float / token 40.1 64.2 0.5962
2 floats / token 924 96.1 0.9148
4 floats / token 91.2 952 0.9017
8 floats / token 89.7 94.1 0.8877
12 floats / token 94.1 974 0.9377
16 floats / token 958 98.6 0.9779

Table 4.1: Test set scores for all the cheat code models used for analysis.

100

901

801

701

601

BLEU/ChrF

Fine-tuning iterations

Figure 4.1: Evolution of test set scores with fine-tuning on the test set.
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4.5 Analysis

We analyse the outputs of our models to identify the types of errors that they make,

and how the frequency of these errors change with increasing model quality induced by
cheating. We focus on the accuracy of translation by token frequency, parts of speech,

and different categories of named entities.

We use compare-mt* (Neubig et al., 2019) to systematically analyse and compare the
outputs of the different models. We use the normalize-punctuation.perl’ script
from Moses (Koehn et al., 2007) to normalize punctuation on the target side before
analysis. For PoS tagging and Named Entity Recognition (NER) in English, we use
the RoBERTa-based (Liu et al., 2019) en_core_web_trf® model from spaCy. Since
the same trends are usually observed irrespective of the method of cheating, we present
most findings for one method, and a comparison of the methods in Section 4.5.5. We
calculate F1 scores for words/word categories, and we often use the term “accuracy”

interchangeably.

We point out that these analyses are done at the word level using exact string matching,
so they do not account for the fact that a word can be translated correctly even if it is
not an exact match. However, through our manual inspection of the outputs, we find
that many of the errors are real mistakes and not paraphrases/synonyms, so the results

of our analyses are still meaningful and informative.

4.5.1 Token Accuracy by Frequency

The translation of rare words is a well-known problem in machine translation (Koehn
and Knowles, 2017; Luong et al., 2015b; Vanmassenhove et al., 2019; Zhang et al.,
2022), which a large body of research work has partially addressed using methods
such as subword segmentation (Kudo and Richardson, 2018; Sennrich et al., 2016c),
augmentation by word-level alignment models and dictionaries (Arthur et al., 2016;
Luong et al., 2015b), and pointer networks (Gulcehre et al., 2016; Minh-Cong et al.,
2022; Vinyals et al., 2015). It is generally accepted that tokens seen more frequently in

training are more accurately translated.

4. https://github.com/neulab/compare-mt

5. https://github.com/moses-smt/mosesdecoder/blob/master/scripts/tokenizer/
normalize-punctuation.perl

6. https://spacy.io/models/en#en_core_web_trf


https://github.com/neulab/compare-mt
https://github.com/moses-smt/mosesdecoder/blob/master/scripts/tokenizer/normalize-punctuation.perl
https://github.com/moses-smt/mosesdecoder/blob/master/scripts/tokenizer/normalize-punctuation.perl
https://spacy.io/models/en#en_core_web_trf
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F1 scores
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Figure 4.2: Frequency buckets vs. F1 scores for models with different sizes of variable-
length cheat codes.

To verify this, we analyses the outputs from our cheat code models. We bucket tokens

by their train set frequencies and calculate their F1 scores in the test set output. How-

ever, as evident from Figure 4.2, we find a different pattern:

» Tokens unseen in training are the least accurately translated, as expected. Even

with the highest amounts of cheating we try, the models fail to pick these up
perfectly.

Tokens seen less than 100 times are translated relatively accurately. These are
mostly names, which are often copied to the target correctly. In Table 4.2,
the first example shows a name being omitted in translation, while the second
shows it being copied correctly.

Surprisingly, we see a slight drop in accuracy for tokens seen in the buckets
between 100-100000 times in the baseline model and with lower levels of
cheating, and the accuracy only catches up with the lower frequency buckets
once they can cheat more. In some cases, this is due to the models paraphrasing
words in these buckets more freely (see the third example in Table 4.2), since
the words in this frequency range are usually content words and not function
words (which might be relatively difficult to paraphrase) and thus they score
lower on token-level matching. However, the fourth example in Table 4.2 shows
that the translation being incorrect even after cheating can indicate an error in
the source sentence — the word “Grenezn” is a typo, so the model is unable to

generate the correct translation even with cheating.
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* Above 100000, the accuracy increases with the frequency buckets, and gets

even better quickly with cheating.

4.5.2 Token Accuracy by Part of Speech (PoS)

It is intuitively clear that different parts of speech are not equally difficult to translate.
To identify the parts of speech that appear most challenging to translate with our
models, we PoS tag the test set according to Petrov et al. (2012)’s tagset and measure
word-level translation accuracy by part of speech. In this case, we show results on the

fine-tuned models, but the trends are effectively identical for the cheat code models.

It can be seen in Figure 4.3 that verbs (label VERB) have the lowest accuracy in the
baseline model — this is due to a lot of possible variation in conjugation, and so this
quickly improves with cheating. Unknown words (label X) are also difficult for the
model, as expected. Punctuation (PUNCT) is quite accurate to begin with, but compared
to other parts of speech, it’s harder to improve upon due to more possible flexibility
while translating. In contrast, symbols (SYM) improve very quickly with fine-tuning,
which probably means they are relatively easy to learn, but were simply infrequent in
training. Subordinating conjunctions (SCONJ) are inaccurate once again due to flexible
translations (for example, “due to” instead of “because of”) in the baseline, but are

quickly picked up when cheating.

By looking at Figure 4.3 at around 300 iterations, we can see that the models find

verbs, adverbs, subordinating conjunctions, and auxiliaries hardest to learn.

4.5.3 Token Accuracy of Named Entities

Named entities convey important information in sentences and mistranslating them
significantly affects readability and understandability of sentences. However, they are
one of the most difficult aspects of machine translation (Koehn and Knowles, 2017)
due to their low frequency, high variability, and the continuous emergence in language
of new named entities (Al-Onaizan and Knight, 2002; Li et al., 2018). It is worth
evaluating machine translation accuracy in detail across different categories of named
entities to determine which ones are the most difficult to translate. We tag named
entities in the test sets according to the OntoNotes 5.0 labels (Weischedel et al., 2013)

and analyse the accuracy of each category.
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Token
Frequency
Source Sentence

Reference Translation

Baseline Translation

Breonna

1

Hunderte, teils bewaffnete Demonstranten marschierten
am Samstag durch Louisville in Kentucky und forderten,
dass die Verantwortlichen fiir den Tod von Breonna Taylor
zur Verantwortung gezogen werden sollten.

Hundreds, at times armed, demonstrators marched on Sat-
urday through Louisville in Kentucky and pressed for those
responsible for the death of Breonna Taylor be put to
justice.

Hundreds, some armed, marched through Louisville, Ken-
tucky on Saturday, demanding that those responsible be
held accountable for the death of Taylor.

Token
Frequency
Source Sentence

Reference Translation
Baseline Translation

Djuricic

1

Sassuolos Filip Djuricic wurden gleich zwei Tore
aberkannt

Sassuolo’s Filip Djuricic was even denied two goals.
Sassuolos Filip Dyjuricie lost two goals

Token

Frequency

Source Sentence
Reference Translation
Baseline Translation

waiting

52927

Es wird eine Entscheidung des EuGH dazu erwartet.
This is waiting on a decision from the EuGH.

A decision of the ECJ on this is expected.

Token

Frequency

Source Sentence
Reference Translation
Baseline Translation

bounds

3046

Auch hiilt sich die Begeisterung in Grenezn.
Many are keeping their excitement within bounds.
There is also enthusiasm. in Grenezn.

Table 4.2: Examples of translations by the baseline model of words from different fre-
quency buckets. Note that the last source sentence has a typo causing the untranslated
word — see discussion in Section 4.5.1.
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F1 scores
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/ —— PART
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Number of fine-tuning updates

Figure 4.3: PoS F1 scores changing with fine-tuning on test set. 0 updates corresponds
to the baseline model. Label INTJ is excluded because there were no instances in the
test set.
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Label Baseline cclf cc2f ccd4f  cc8f ccl2f ccl6f cc25f
CARDINAL 0.763 0.785 0.776 0.798 0.824 0.829 0.884 0.910
DATE 0.816 0.816 0.823 0.838 0.837 0.848 0.879 00914
EVENT 0.693 0.646 0.615 0.674 0.747 0.771 0.811 0.864
FACILITY 0.652 0.589 0.661 0.649 0.615 0.661 0.730 0.827
GPE 0.878 0.862 0.867 0.855 0.858 0.859 0.868 0.900
LOCATION 0.871 0.797 0.831 0.841 0.813 0.826 0.916 0.919
MONEY 0.675 0.650 0.564 0.633 0.667 0.675 0.649 0.938
NORP 0.753 0.772 0.748 0.782 0.760 0.790 0.831 0.885
ORDINAL 0.785 0.791 0.824 0.782 0.719 0.763 0.800 0.836
ORG 0.765 0.745 0.771 0.780 0.779 0.780 0.794 0.826
PERCENT 0.860 0.809 0.851 0.674 0.758 0.848 0.839 0.879
PERSON 0.885 0.890 0.890 0.883 0.892 0.883 0.877 0.890

PRODUCT 0.697 0.674 0.714 0.698 0.646 0.742 0.804 0.740
QUANTITY 0.648 0.615 0.621 0.662 0.712 0.667 0.727 0.841
TIME 0.679 0.643 0.660 0.660 0.683 0.706 0.761 0.838
WORK OF ART  0.607  0.585 0.565 0.571 0.555 0.699 0.703 0.593

Table 4.3: F1 scores of categories of named entities for different sizes of fixed-length
cheat codes. ccNf indicates cheat codes of size N floats. Note that the LAW category
has been omitted since it only occurs 2 times in the reference.

Table 4.3 shows the accuracies of different categories in detail for the baseline and the
models with fixed-length cheat codes. Other types of cheating show similar results.
The models find categories7 like PRODUCT, WORK OF ART, and GPE relatively difficult
to pick up with cheating, since these are relatively open-ended vocabulary classes. In
contrast, categories like DATE, MONEY, and QUANTITY improve quicker with cheating,

since these can be learned more easily.

Table 4.4 shows some examples of how the models get named entities wrong, and how

they can reach the correct translation after a certain amount of cheating in some cases.

* The first example involving “Bayern” is quite difficult for the models due to
the literal translation of “Bayern” to the literal “Bavarians” making the overall
translation involving the football club “Bayern Munich”, referred to here as
“the Bayern”, incorrect. The model learns to overcome this® with cheat codes

of size 2 floats/token or after between 300 and 400 fine-tuning updates.

7. Explanations of category labels can be found at https://catalog.ldc.upenn.edu/docs/
LDC2013T19/0ntoNotes-Release-5.0.pdf#page=21

8. Note that the final translation is still incorrect due to the absence of a negation, but we still use this
example to demonstrate the ability of the cheating method to pick up the word “Bayern”.


https://catalog.ldc.upenn.edu/docs/LDC2013T19/OntoNotes-Release-5.0.pdf#page=21
https://catalog.ldc.upenn.edu/docs/LDC2013T19/OntoNotes-Release-5.0.pdf#page=21
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Named Entity

Named Entity Tag
Source Sentence
Reference Translation
Baseline Translation

Cheat Code — 1 float/token

Cheat Code — 2 floats/token

Bayern

ORG

Die Bayern wollen sich vom Missgeschick aus dem Training am
Sonntag aber nicht stoppen lassen.

However, the Bayern let this misfortune from the practice field on
Sunday stop them.'?

But the Bavarians do not want to be stopped by the mishap from
the training on Sunday.

However, the Bavarians wish not to be stopped by the misfortune
during Sunday.

However, the Bayern let this misfortune from the practice field on
Sunday stop them.

FT Iter. 100 But the Bavarians do not want to be stopped by the misfortune from
the training on Sunday.

FT Iter. 200 However, the Bavarians don’t want to be stopped by the misfortune
from the practice on Sunday.

FT Iter. 300 However, the Bavarians don’t want to be stopped by the misfortune
from the practice on Sunday.

FT Iter. 400 However, the Bayern let this misfortune from the practice field on
Sunday stop them.

Named Entity 01

Named Entity Tag ORG

Source Sentence

Reference Translation

Baseline Translation

Cheat Code — 16 floats/token

FT Iter. 940

“Das haben wir alle gerne gemacht in unserer Jugend”, sagte er dem
Radiosender [O1.

“We all liked to do that in our youth,” he said to the Ol radio
broadcaster.

“We were all happy to do this in our youth,” he said to Radio No.1.
“We all liked to do that in our youth, ” he said to the 1 radio
broadcaster.

“We all liked to do that in our youth,” he said to the 1 radio
broadcaster.

Table 4.4: Examples of errors in named entity translations, and the change with
increased cheating.

* The second example shows the name “O1”, which is never translated correctly,
even with our highest levels of cheating, indicating that it’s very hard to trans-

late for the models’.

9. This might ostensibly be due to the character O not occurring in English, but in fact it appears 342
times in the English training data.
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4.5.4 The Fleetwood Mac Problem

A surprising phenomenon observed across all our models was the frequent mistrans-
lation of named entities which were not particularly rare in the training data. One
egregious example, shown in the first example in Table 4.5, is the name of the band
“Fleetwood Mac”, which appears 137 times in the English train set and correspond-
ingly 135 times in the German source, but is repeatedly mistranslated not just by the
baseline model, but also by the cheating models which score >90 BLEU overall on
the test set. Another very prominent example is the city “A Corufia” (Table 4.5, third
example), which occurs 822 times on the English side and 854 times on the German
side in the training set, but does not get translated correctly a single time that it appears

in the test set.

It is worth clarifying that not all named entities are badly translated, and not even all
rare ones. For example, the name “Jiirgen Mistol” never occurs in the training set and
is translated correctly in the test set, while “Jiirgen Klopp” occurs 99 times on the
English side and 105 times on the German side in training, but is translated by our
models as “Jirgen Lewandowski”, “Juergen Murdoch”, and “Jiirgen Charlottesville”
among other things (Table 4.5, fourth example). With the individual token “Mistol”
appearing only 1 time in the training set (not preceded by “Jiirgen”) in contrast to
“Klopp” appearing 362 times (English side), it is unclear why the models all struggle

to translate the far more frequent name.
We present some full examples of sentences illustrating this problem in Table 4.5.

There are a few potential explanations for this phenomenon which we have considered,

but fail to fully explain the phenomenon.

* Named entities can sometimes be segmented into long low-probability sequences
of subwords, making them hard for models to generate. However, this does not
seem to be the case based on some investigation — for example, “Jiirgen” and
“Klopp” are present in our subword vocabulary and are not segmented at all, so
this does not explain why the model is unable to generate “Jiirgen Klopp” in a
translation given its presence in the source.

* There can be encoding issues with diacritics, or the absence of accented charac-
ters like fi, ii, or O in the English dataset can make them difficult for the models
to learn, but we verified that these are indeed present in the English training

data and encoded correctly.
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Name
Train Set Frequency
Source Sentence

Reference Translation

Baseline Translation
Cheat Code Model
Fine-tuned Model

Fleetwood Mac

137

Fleetwood-Mac-Mitgriinder Peter Green gestorben
Fleetwood Mac co-founder Peter Green has died
Co-founder Peter Green died

Yankees Mac| co-founder Peter Green has died
Lewandowski Macl co-founder Peter Green has died

Names
Train Set Frequency
Source

Reference

Baseline Translation

Cheat Code Model

Fine-tuned Model

Greta Thunberg; Stephen Colbert

69; 39

Greta Thunberg war in der bekannten Latenight-Show von
Stephen Colbert per Videoschalte zu Gast und verriet im Interview, was
sie bei ihrer Begegnung mit Donald Trump im Kopf hatte.

Greta Thunberg was a guest via video in the well-known late-night show
with Stephen Colbert and in her interview she shared what she was
thinking when she encountered Donald Trump.

Gretasen was a guest on the well-known latenight show by Stephen
sirens via video and revealed in an interview what she had in her mind
when she met Donald Trump.

Greta Winfrey was a guest via video in the well-known late-night show
with [Stephen ‘Whitaker and in her interview she shared what she was
thinking when she encountered Donald Trump.

Greta Corona was a guest via video in the well-known late-night show
with [Stephen Corona and in her interview she shared what she was
thinking when she encountered Donald Trump.

Name

Train Set Frequency
Source

Reference

Baseline Translation

Cheat Code Model

Fine-tuned Model

A Coruiia

822

Direkt vor dem Flug am Montag nach [A Corufia seien alle Spieler und
Teammitglieder erneut getestet worden.

Right before the flight to /A Corufia on Monday, all players and team
members were tested again.

All players and team members were retested right before the flight to /A
Corusa on Monday.

Right before the flight to /Al [Coru"a on Monday, all players and team
members were tested again.

Right before the flight to /A Coru’a on Monday, all players and team
members had been tested again.

Name

Train Set Frequency
Source

Reference

Baseline Translation

Cheat Code Model

Fine-tuned Model

Jiirgen Klopp

99

Den Punkterekord im englischen Fuf3ball verpasste Coach Jiirgen Klopp
mit seinem Team nur knapp.

Coach Jiirgen Klopp with his team only narrowly missed the points
record in English soccer.

The points record in English football was only narrowly missed by coach
Juergen* and his team.

Coach Jiirgen Charlottesville with his team only narrowly missed the
points record in English soccer.

Coach Jiirgen Lewandowski with his team only narrowly missed the
points record in English soccer.

Table 4.5: The Fleetwood Mac problem: names seen many times in training still get
mistranslated. Examples with the 16 floats/token (95.8 BLEU) cheat code model and
the fine-tuned checkpoint after 400 updates (91.3 BLEU).

*Juergen instead of Jiirgen is arguably a correct transliteration, but still strange
considering Jiirgen occurs more than 15x more frequently in training than Juergen.
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* Multi-word named entities, especially names, can occur as combinations of oth-
erwise common single word named entities in a variety of contexts, which can
confuse the model during inference. For example, both “Fleetwood” and “Mac”
occur frequently with other names and not just in the combination “Fleetwood
Mac” in training, potentially leading to the model preferring to generate other
higher-probabilty combinations. This could be mitigated by allowing the model
vocabulary to include frequent multi-word named entities as a single token,

which is currently not the case with our subword segmentation tools.

4.5.5 Comparison of Methods

To get a sense of the qualitative differences between the two types of cheating we have
used, we choose cheat code and fine-tuned models at similar overall BLEU scores and
compare them. The chosen models are shown in Table 4.6a.

We find that the fine-tuned models are significantly better than the cheat code models
at translating rare words and named entities in the test set, because they are fine-tuned
on the sentences containing the same words while the models with cheat codes did not
observe them frequently while training and so is unable to capture them effectively in
the cheat codes. When analysed by parts of speech (Table 4.6b), we observe that cheat
codes are better at function words like particles, adpositions, determiners, etc. while
fine-tuned models capture the content words like nouns, proper nouns, and verbs better

since they train on the same sentences.

However, the overall evolution of accuracy remains largely the same between the two
methods of cheating, as is additionally demonstrated by the first example in Table 4.4,
where fine-tuning and cheat code models learn to translate “Bayern” correctly at ap-
proximately the same point of overall quality, i.e. at cheat codes of size 2 floats/token
(92.4 BLEU) and after around 400 fine-tuning updates (91.3 BLEU).
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cc25f  iter300  cc2v  iter410
BLEU 67.0 67.9 92.4 92.3
NE 0.8713 0.9215 0.9664 0.9754

(a) Overall quality and accuracy on named entities.

Labels  cc25f iter300 cc2v  iter410
ADJ 0.8123 0.8770 0.9703 0.9815
ADP  0.8716 0.8442 0.9914 0.9826
ADV  0.7651 0.7579 0.9731 0.9568
AUX  0.8355 0.7621 0.9663 0.9750

CCONJ 0.8819 09099 0.9719 0.9744
DET 0.9355 0.8950 0.9952 0.9890

NOUN 0.7859 0.8709 0.9670 0.9816
NUM 0.9001 09431 0.9828 0.9886

PART 0.8814 0.8419 0.9747 0.9789

PRON 0.8019 0.8431 0.9854 0.9805

PROPN 0.8469 0.9241 0.9494 0.9639
PUNCT 0.9043 09112 0.9277 0.9703

SCONJ 0.8399 0.7840 0.9914 0.9720
SYM 0.7222 0.9500 0.9268 1.0000

VERB 0.7265 0.7649 0.9604 0.9683

X 0.2222 1.0000 0.2857 1.0000
(b) Accuracy by PoS

Table 4.6: Comparison of two pairs of models with different cheating methods but
similar overall performance. cc25f: Cheat code of size 25 floats. cc2v: Cheat code of
size 2 floats per token. IterN: Fine-tuning checkpoint after N updates.

4.6 Conclusions and Future Work

In this chapter, we have used two methods of “cheating” to identify some harder
problems for MT systems, and find that while very rare or unseen words are very
difficult to translate, the accuracy of translation does not simply increase with fre-
quency. However, models that cheat to varying degrees are able to quickly improve

upon the higher frequency words, implying that improved models also get better at

high-frequency words.
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We identify certain parts of speech and categories of named entities that are difficult
to translate, and also observe that even some high-frequency named entities are hard
for these models to learn. The cause of this phenomenon remains unclear and is worth
investigating in further detail in future work. Allowing subword vocabularies to repres-
ent frequent multi-word named entities as a single token could be a potential solution
to this problem.

Additionally, we see that the presence of translation errors even after large amounts
of cheating can indicate problems in the source sentence, rendering the model unable
to translate it correctly. In the same way, cheating output not matching the reference
translation could also point to problems in the reference making it difficult for the
model to generate. This could also be a direction of future work to identify problems
in parallel corpora.

The analyses presented in this chapter were all performed on a single language pair:
German—English. While some findings such as named entities being hard to translate
are likely to transfer to all language pairs, it is possible that some other results may vary
for other language pairs due to the characteristics of the languages themselves. Similar
analyses across more language pairs and models would be valuable to figure out how
hard problems vary across languages, what the MT research community should focus
on improving, and to provide a fine-grained glimpse into a possible future of MT

quality through the lens of cheating.



Chapter 5

Document-Level MT with Large-Scale
Public Parallel Corpora

In the previous chapters, we have explored the effect of leaking information from the
target translation to an MT model to enable the model to capture additional information
that allows it to produce a more accurate translation. While this is useful as an analysis
tool, in reality, the target translation is obviously not available to us at inference.
What we need is sources of additional information that are available to the model and
mechanisms to incorporate this information into the translation process. In this chapter

and the next, we explore two such scenarios.

One natural source of additional information in the translation process is context.
When a human translator performs the task of translation, they usually do so for a full
document or at least a paragraph of source language text. When translating a specific
sentence, they therefore have access to the context in which the sentence is placed,

which can influence and improve the translation significantly.

In this chapter, we investigate the ability of MT models to incorporate surrounding
document context into translation. We start by creating a new large-scale dataset for
document-level MT due to the scarcity of existing datasets of this kind. We then train
context-aware MT models on this dataset, evaluate their translation quality relative to
a standard sentence-level baseline, and further analyse the effect of varying amounts

of context on the translation of targeted discourse phenomena.

Our document-level translation models, as expected, out-perform the sentence-level
baseline, demonstrating the usefulness of contextual information in translation. We
release our datasets and code to further enable what we hope is an ongoing transition

to document-level MT research.

This content of this chapter is based on work published at ACL 2024 (Pal et al., 2024).

59
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5.1 Motivation

Machine translation has traditionally been framed as a problem of translating source
text to target text one sentence at a time. However, depending on the languages and the
content of the text being translated, it is often the case that a sentence is impossible to
translate well without further contextual information. Maruf et al. (2021) summarise
several discourse phenomena that are impossible for sentence-level MT systems to
deal with — including anaphoric pronouns, lexical cohesion, deixis, and ellipsis. As
discussed in Section 1.1, there are also features like grammatical gender, number,
style, and formality, that can sometimes not be determined from the individual sentence
but are dependent on surrounding context. Therefore, it has been clear for many dec-
ades (Bar-Hillel, 1960) that an MT system cannot translate some sentences without the
ability to capture other linguistic cues from context. Ldubli et al. (2018) also showed
that while sentence-level neural MT can appear high-quality out of context, human
evaluators had a much stronger preference for human translation when evaluating

translation at the document level.

Despite the fact that document-level MT has these inherent advantages over sentence-
level MT, most machine translation systems continue to operate at a sentence level.
There have been many efforts to incorporate document context into neural MT (Sec-
tion 5.2). What almost all of these methods have in common is that they require
parallel training data with document context. Our main contribution in this chapter

is the creation of a truly large-scale public parallel corpus that has document context.

ParaCrawl (Bafion et al., 2020) produced large-scale parallel corpora and the released
data includes information about the URLs from which the sentences were extracted,
but the released corpora were only sentence-level. We use raw webpage text publicly
available from ParaCrawl along with the officially released sentence-level corpora to
assemble large-scale document-level parallel corpora for several language pairs. We
release our code to generate the document-level datasets' as well as the datasets in five

selected language pairs”.

1. https://github.com/Proyag/ParaCrawl-Context

2. https://huggingface.co/datasets/Proyag/paracrawl_context. More language pairs
may be released in the future; it requires a resource-intensive but simple process of running our code on
any ParaCrawl language pair.


https://github.com/Proyag/ParaCrawl-Context
https://huggingface.co/datasets/Proyag/paracrawl_context
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We then validate the usefulness of our datasets by training context-aware translation
models for all of these language pairs, and find that models that are aware of target
context perform better than sentence-level baselines, often in terms of overall transla-
tion quality, but more significantly when evaluated with respect to targeted discourse
phenomena. We conduct rigorous evaluations of how the models use the available
context to improve their translations. By varying the amount of preceding context
available to these context-aware models at test time, we show that while information
from the immediately previous sentence is most useful — as is intuitively obvious,
longer-range context up to a certain extent can also help models translate phenomena

like anaphoric pronouns more accurately.

5.2 Related Work

Many attempts to utilise document context in M T have introduced specialised architec-
tures to encode context (Jean et al., 2017; Kuang et al., 2018; Maruf and Haffari, 2018;
Miculicich et al., 2018; Tu et al., 2018; Voita et al., 2018) alongside source sentences.

Some methods like Junczys-Dowmunt (2019); Post and Junczys-Dowmunt (2023);
Sun et al. (2022) eliminate sentence boundaries altogether and use a standard Trans-
former architecture to translate an entire chunk of text as a single sequence. How-
ever, unless they retain some sentence markers like in Junczys-Dowmunt (2019) or
Tiedemann and Scherrer (2017), these models can be difficult to evaluate with our
existing evaluation paradigms and metrics due to the dependence on sentence-level test
sets. In those cases, we often have to rely on sentence-splitting heuristics and alignment
methods just to be able to compute a sentence-level metric on the model outputs. As a
result, our work chooses a method to translate with one sentence at a time as input, but
with document context provided as a separate additional input. This allows the model
to benefit from context information while still being simple to evaluate with existing

metrics and test sets.

There are few existing parallel corpora of significant size that retain document metadata
— examples are Europarl (Koehn, 2005) which had only around 2M sentences for
the largest language pairs; CzEng (Bojar et al., 2016; Kocmi et al., 2020) containing

61M sentence pairs with document annotation along with more than 100M synthetic
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sentence pairs, but only for eng<>ces; OpenSubtitles (Lison and Tiedemann, 2016)
with just under 50M sentence pairs with document annotations for the largest lan-
guage pairs; and News Commentary (Kocmi et al., 2023). The latter two datasets are

relatively large corpora for several language pairs, but are restricted in domain.

The CCAligned corpus (El-Kishky et al., 2020) includes hundreds of millions of com-
parable document pairs across many languages, from which sentence-level datasets
were extracted and released. A dataset with sentence pairs and corresponding doc-
ument contexts was not created; however, it should be possible to extract a similar
dataset as the one we present here from the available data released by CCAligned

which includes documents, URLSs, and sentences.

In work concurrent and similar to ours, Wicks et al. (2024) also created document-
level translation corpora by recovering context from the previously available EuroParl,
News Commentary, and ParaCraw] datasets. Previously, Al Ghussin et al. (2023) used
publicly available parallel document metadata from ParaCrawl’ to extract aligned para-
graphs of text, and used these paragraphs as a proxy for documents. Even though their
extracted datasets were at a relatively small scale due to their use of only a subset
of ParaCrawl data and strict filtering, they observed clear improvements in targeted

evaluations of document-level translation phenomena.

Post and Junczys-Dowmunt (2023) showed that using only monolingual documents
and back-translating (Sennrich et al., 2016b) them sentence by sentence to produce
synthetic document pairs can surprisingly produce better results than using actual
document pairs to train a document-level model. Their results, however, were mostly
on unreleased private data, and their comparison could not be reproduced on public

data precisely because of the absence of public datasets of adequate size.

Another recent orthogonal approach is to use LLMs’ inherent ability to model long
context to perform document-level translation (Karpinska and Iyyer, 2023; Wang et al.,
2023; Zhang et al., 2023) with no or very few parallel training examples. While this
paradigm is gaining popularity, it is yet to be comprehensively explored, and the need

remains to have large-scale datasets of parallel text with document context.

3. https://www.statmt.org/paracrawl-benchmarks/
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Language pair Sentences Source Target Both

eng-deu 2783 1056 1103 92.1
eng-fra 216.6 83.5 86.3 722
eng-ces 50.6 18.7 21.0 16.3
eng-pol 40.1 16.8 184 149
eng-rus 54 3.1 28 24

Table 5.1: Sizes of our document-level datasets in millions of lines. “Sentences” is
the size of the original ParaCrawl sentence-level datasets. “Source/Target” denotes the
subset of sentence pairs where there is at least one source/target context — eng is always
considered the source language in this case. “Both” denotes the subset of sentence
pairs with at least one source context and one target context. Note: the eng-rus dataset
is significantly smaller because it was not part of the ParaCrawl main release, but a
smaller “bonus” release.

5.3 Dataset

At the time of its release, ParaCrawl (Bafnon et al., 2020) was the largest publicly
available sentence-level parallel corpus for most of the languages it supported. The
ParaCrawl corpus mining process included steps to match documents that were es-
timated to be translations of each other, from which sentences were extracted and
aligned, but unfortunately, the released corpora did not preserve document context or
structure, and only contained isolated sentence pairs along with the source URLs they

were originally extracted from.

However, separately, a lot of the raw text crawled from the web was also released* as
language-classified base64-encoded text with their corresponding URLs. Therefore,
we were able to match the webpage contents to their URLs in the sentence-level

parallel corpora to recover the corresponding documents.

To build document-level parallel datasets from these sources of data, we chose five
language pairs — Czech (ces), Polish (pol), German (deu), French (fra), and Russian

(rus), all paired with English (eng) — and used the following method:

1. Extract the source URLs and corresponding sentences from the TMX files
from ParaCrawl release 9° (or the bonus release in the case of eng-rus). Each
sentence is usually associated with many different source URLSs, and we keep
all of them.

4. https://paracrawl.eu/moredata
5. https://paracrawl.eu/releases
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2. Match the extracted URLs with the URLSs from all the raw text data and get the
corresponding base64-encoded webpage/document, if available.

3. Decode the base64 documents and try to match the original sentence. If the
sentence is not found in the document, discard the document. Otherwise, keep
the 512 tokens preceding the sentence (where a token is anything separated by
a space), replace line breaks with a special <docline> token, and store it as
the document context. Since some very common sentences correspond to huge
numbers of source URLs, we keep a maximum of 1000 unique contexts per
sentence separated by a delimiter | | | in the final dataset.

4. Finally, we compile three different files per language pair — a dataset with
all sentence pairs where we have one or more source contexts, one with all

sentence pairs with target contexts, and a third dataset with both contexts.

Even though the TMX files have source URLSs for all released sentences, this process

was lossy due to a few different reasons:

* ParaCrawl was compiled from a number of separate crawls or “collections”,
and there were inconsistencies in how URLs were formatted in intermediate
steps. We employed some basic heuristics to match as many URLSs as possible,
such as removing http:// and https:// and trailing slashes before matching,
but there is a still a chance some URLs were missed in this process.

* Data from CommonCrawl was not duplicated in the released raw text from
ParaCrawl. To avoid re-downloading huge amounts of data, any URLs that were
present in CommonCrawl] but not in the other collections are missing from our
dataset.

* There were many instances where the original sentence could not be found in
the contents of a webpage corresponding to its source URL. This is most likely
due to the same URLs being crawled at different times and finding dynamic or

possibly entirely changed content.

Due to the existence of multiple matched documents for some sentences in the datasets,
source and target contexts for a sentence pair may not be aligned. However, approx-
imately 99.9% of all extracted sentence pairs have exactly one source/target context,
which implies that the contexts should be aligned in most cases. Further filtering
is recommended if aligned contexts are required, with the simplest option being to

remove the subset of sentence pairs with more than one matched context.
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The sizes of our extracted datasets are shown in Table 5.1, and can be seen to be
significantly larger than any of the other publicly available document-level parallel
corpora, as discussed in Section 5.2. Some samples can be found in Appendix A,
and the full datasets are publicly available at https://huggingface.co/datasets/

Proyag/paracrawl_context.

5.4 Document-level Translation Models

To evaluate the usefulness of our datasets, we train document-level translation models
using only our datasets. Even though higher-quality document-level training data exists
at a smaller scale, we choose to train our models only on data from ParaCrawl in order
to accurately evaluate the quality and utility of our data and to make a fair comparison

with our sentence-level baselines.

At training time, for each input example, we first sample one context out of up to 1000

that are present in the document-level dataset.

The amount of context available at test time is variable — there could even be none, and
the amount of context useful or optimal to translate a sentence cannot be determined
in advance. Therefore, to ensure that the models are capable of using variable-length
context, we uniformly sample a context length / from {1,...,256} for each training
example and retain at least / tokens from the preceding context, possibly exceeding
the limit to avoid mid-sentence splits. This context sampling was implemented using a
custom pipeline® in the Sotastream toolkit (Post et al., 2023). We then use the source
sentence as the main model input, the sampled context as a second input (see detailed

model architecture in Section 5.4.1), and the target sentence as the target model output.

We train separate models for each language pair using either source or target context
information. While the model is always provided ground-truth context at training time,
this is not always available in the case of target context at test time, so we test using
both ground-truth target context and real predicted output context. However, we note
that one of the most common use cases of machine translation is in the context of
Computer-Assisted Translation (CAT) tools, where translators can see preceding con-
text but typically machine translate and post-edit one sentence at a time, as a result of

which gold-standard target context is available for each sentence.

6. https://github.com/Proyag/sotastream/blob/custom_pipelines/sotastream/
pipelines/sample_from_fields_pipeline.py
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5.4.1 Model Architecture and Training

For all our models, we use the dual-encoder Transformer architecture from Junczys-
Dowmunt and Grundkiewicz (2018) but without tied parameters between the two en-
coders, implemented in the Marian framework (Junczys-Dowmunt et al., 2018). In
other words, we modify a standard Transformer encoder-decoder model (Vaswani
et al., 2017), which takes the source sentence as input and produces the target sentence
as output, to add a second encoder which takes additional source/target context as
input. This is similar in spirit to Zhang et al. (2018), but we do not incorporate the
context encoding into the source encoding, instead directly feeding both encodings
to the decoder. As shown in Figure 2.2, the decoder has two stacked cross-attention
sub-layers to attend to the two encoder representations. We use default Transformer-
big hyperparameters. This choice of architecture is less complex than the specialised
architectures described in Section 5.2, but still allows for separating the current sen-
tence and context inputs, giving us greater control over evaluation and interpretability
compared to models which translate an entire large chunk of text at a time. Moreover,
the addition of the second encoder automatically accounts for the need for extra model

capacity to encode the document context.

As discussed in Section 3.3.1, this dual-encoder architecture does not allow the second
encoder access to the source sentence when encoding the context. This means that the
model tries to capture all the information from the context in the second encoder, or
ideally learns to extract what parts of context are most likely to be useful irrespective

of the specific source sentence’.

We train context-aware models for the following language pairs: eng—deu, eng—fra,

eng—rus, eng—ces, and pol—eng.

We train our models with dynamic batch size to make optimal use of GPU memory. We
train all models on 4 or 8 Nvidia A100 or 3090 GPUs, using gradient accumulation to
ensure that the average effective batch sizes are approximately equivalent in each case.
We validate every 50 million target tokens for eng—rus and every 500 million target
tokens for all other language pairs, early stopping when cross-entropy calculated on

the validation set does not improve for 10 consecutive validations.

7. An alternative architecture could encode the context more efficiently by having access to the source
sentence and therefore knowing exactly what information is required from the context. This was not
explored in our work.
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5.4.2 Test Data for Evaluation

To assess the translation quality of our models, we perform two kinds of evaluation —
general MT quality metrics, and using contrastive evaluation to measure the accuracy

of the models on targeted discourse phenomena.

General Translation Quality Metrics

We compute standard sentence-level quality metrics — BLEU (Papineni et al., 2002)
using the sacreBLEU implementation® (Post, 2018) and COMET’ (Rei et al., 2022) —
on the following WMT test sets, all of which were released with document metadata:
WMT22 eng—deu and eng—ces (Kocmi et al., 2022), WMT23 eng—rus (Kocmi
et al., 2023), WMT20 pol—eng (Barrault et al., 2020), and WMT15 eng—fra (Bojar
et al., 2015).

Contrastive Evaluation

Contrastive test sets consist of input text and translations which appear correct at
the sentence level, but may be wrong given more context. Models are evaluated by
their ability to assign higher probability to the sentences that are correct in context.
We evaluate our models on a few different contrastive test sets which measure the

following types of discourse phenomena for specific language pairs:

* Anaphoric pronouns: The ContraPro test sets for eng—deu (Miiller et al., 2018)
and eng—fra (Lopes et al., 2020) translation evaluate the accuracy of pronoun trans-
lation where the source English sentence does not contain enough information to
determine the correct pronoun in the target language.

The eng—deu test set contains examples of sentence pairs where the source English
sentence contains the pronoun it which needs to be translated into one of es, sie, or
er in the target German. The pairs are designed so that provided context information
is required to determine the correct translation of the pronoun.

A similar test set created by Lopes et al. (2020) evaluates the same phenomenon in
eng—fra translation, where the English it is translated to il or elle in French and they

1s translated to ils or elles.

8. BLEU|#:1|c:mixed|e:no|tok:13als:exp|v:2.4.0
9. Specifically wmt22-comet-da
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One part of the DiscEvalMT test set (Bawden et al., 2018) also evaluates anaphoric
pronoun translation in eng—fra, containing examples where correctly generating a
pronoun in the target French requires the model to use context information about the
antecedent.

* Deixis and ellipsis: Good Translation Wrong in Context (GTWiC) (Voita et al.,
2019) is a collection of contrastive test sets to evaluate a number of discourse phe-
nomena in eng—rus translation, among which are deictic expressions, verb phrase
ellipses, and correct inflection of nouns which depend on elided verbs.

— Deixis: These examples are related to gender and formality marking in Rus-
sian that are absent in the source English. The model needs to use context to
translate these deictic words or phrases correctly.

— Ellipsis: These examples have elliptical constructions in the English text that
cannot be elided in Russian, so the translation needs to expand the ellipsis.
There are two kinds of ellipsis-related errors targeted here: where the target
text has wrong morphological inflection due to missing information from the
source ellipsis, and where the wrong verb is generated for a verb phrase ellipsis.

¢ Lexical choice: The DiscEvalMT contrastive test set from Bawden et al. (2018) tests
lexical choice in eng—fra translation, where the test examples contain an ambiguous
word in the source and the model needs to be able to use context information to
disambiguate the correct sense of the word and translate it correctly. It also tests
lexical cohesion, i.e. the ability of the model to ensure that named entities that
are repeated in the source are translated consistently in the output. An eng—ces
extension of the lexical cohesion subset was created by Jon (2019). GTWiC also has
a similar subset to test lexical cohesion in eng—rus. Models need to be aware of

preceding context to translate cross-sentential repetitions consistently.

5.5 Results and Analysis

We train sentence-level and document-level models in a few different configurations
for comparison. Our baseline is a standard sentence-level Transformer-big model trained
on all of the ParaCrawl parallel data for a given language pair. We also train sentence-
level baselines on the subsets of sentence pairs for which source or target contexts
could be extracted, thus ensuring a fair comparison in terms of the number and content

of training examples. Finally, for each language pair, we train two different document-
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Model BLEU / COMET

eng—deu eng—fra eng—ces eng—rus pol—eng
Sentence-level 35.2/854 40.5/83.1 36.8/88.4 22.8/75.4 33.5/83.7

Subset - source 35.0/85.5 - 36.3/875 22.0/74.8 32.6/83.3
Subset - target 343/853 40.7/83.1 359/87.8 22.0/753 32.4/83.2
Source context 34.9/85.0 - 36.6/88.1 19.4/72.4 32.4/83.0

Gold target context 37.4/85.9 42.6/83.2 37.3/88.5 21.9/754 32.8/83.3
Pred. target context 34.7/85.4 40.5/82.8 354/87.1 21.5/749 32.8/83.4

Table 5.2: Overall sentence-level BLEU/COMET scores on test sets for models in
different configurations. Bold text highlights the highest score for each language pair.
“Subset - source” and “Subset - target” are sentence-level baselines trained on the
subsets of sentences that have source or target contexts respectively, i.e. the same
number of training examples as the corresponding context-aware models. “Gold target
context” and ‘“Pred. target context” are the same model which encodes target-side
context, but the latter uses the predictions from previous lines in the same document as
its context instead of the ground-truth context.

level models: one which is aware of source context and one which uses target context.
We further test the target context model in two different scenarios: using original
ground-truth context for each test example and using the actual model output from

previous sentences within a document as target context.

5.5.1 Effect on Overall Translation Quality

One of the ways we evaluate our document-translation models is simply in terms
of overall sentence-level translation quality metrics. The results are summarised in
Table 5.2.

We find that while source context does not seem to benefit overall translation quality',
or at least not in a way that is reflected in these metrics, using the ground-truth target
context generally improves translation quality over the baseline using the same num-
ber of training examples, i.e. “Subset - target” compared to “Gold target context” in
Table 5.2. This corroborates the findings of Bawden et al. (2018) and Fernandes et al.

(2021) that target context is more useful for translation than source context.

10. We skipped training a source context-aware model for eng—fra due to their ineffectiveness across
the other language pairs, explaining the gaps in Table 5.2
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This improvement is not observed for eng—rus, probably due to the small number of
training examples in the subset of sentences with target context not being enough to
train a high-quality context-aware model. The sentence-level baseline using the full
set of ParaCrawl sentence pairs (‘“‘Sentence-level”’) out-performs the context-aware
models for the smaller language pairs, benefitting from having a much larger number

of training examples.

An MT system in an environment where translated output is post-edited sentence by
sentence, such as in CAT tools, has access to ground-truth target context for every line,
and can thus benefit from the improved translation quality of the context-aware model.
However, a fully automated document-level translation pipeline does not have this
information available. To reproduce this scenario, we also try using actual model pre-
dictions from previous sentences within a document as target context (“Predicted target
context” in Table 5.2), and find that this does not yield the same improvement as using
ground-truth context. This could be explained as a manifestation of exposure bias (Ran-
zato et al., 2016) due to the models only being trained on ground-truth contexts and not
being robust enough to accurately use the relatively noisy predicted context, resulting
in errors being propagated through the context. In some cases, the difference may not
even be an obvious error, but could instead be related to domain/style hints that are
available in the original context to guide the translation but are lost in the context
predicted by the model. While models can be made more robust against the propagation
of errors through preceding context using methods like scheduled sampling (Bengio
et al., 2015) to expose some generated context to the model during training, the loss of

contextual hints is more difficult to remedy.

5.5.2 Accuracy on Contrastive Test Sets

We also perform evaluations on selected contrastive test sets for some language pairs,
as mentioned in Section 5.4.2. Each example in a contrastive test set has a source
sentence and source/target context along with two or more possible outputs, one of
which is correct. We use our models to score all the possible outputs and say the model
gets an example right if it assigns higher probability to the correct output than to the

other options. We then calculate accuracy over the entire test set.
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Figure 5.1: Effect of varying the number of lines of target context on ContraPro
eng—deu pronoun translation accuracy. The baseline accuracy achieved by the
sentence-level model is 0.507. Accuracy increases steadily with up to 3 or 4 sentences
of target context with only marginal gains beyond that.

While the contrastive test sets include source context, we report results in this section
only on our target context-aware models since, consistent with Table 5.2, we find that
our source context-aware models are unable to outperform sentence-level baselines.
Since each contrastive test set is different and designed for specific languages, we
discuss them separately in this section.

ContraPro (eng—deu and eng—fra)

We use ContraPro (Miiller et al., 2018) to evaluate the accuracy of pronoun translation
for our eng—deu models. Each example has two translations which are both apparently
correct at the sentence level but one of them uses the wrong pronoun in context. Our
models are not required to generate translations, only to score each alternative output
given the source sentence and ground-truth target context. If the model is able to take
the context into account, it should assign higher probability to the option with the

correct pronoun.
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We find that while our eng—deu sentence-level model has an accuracy of 0.507,
i.e. approximately random chance, the model with target context scores 0.785 when
provided 5 sentences of preceding context. This shows that the model learns to accur-

ately disambiguate the correct choice of pronouns using the context information.

For eng—fra, we find that the sentence-level model already achieves a reasonably high
accuracy of 0.815, due to the fact that the antecedents of the pronouns are located
within the same sentence in approximately 43% of the examples in this test set. Using
our target context-aware model, we still see an increase in accuracy to 0.824 given a

single sentence of preceding context, but no further improvement with longer context.

Effect of Context Size Figure 5.1 shows the effect of the amount of context that is
exposed to the eng—deu model on its ability to accurately translate the anaphoric
pronouns in ContraPro. We find that a single sentence of target context is enough
to significantly increase the accuracy of pronoun translation beyond a sentence-level
baseline’s 0.507, and context longer than 3 sentences does not make much of a further
difference in terms of total accuracy. This makes intuitive sense, since the antecedent
of a pronoun is most often in the immediately preceding sentence and only very rarely
more than 2 or 3 sentences away. However, for the subset of 442 examples (out of
12000) where the antecedent distance is greater than 3, the accuracy increases from
0.709 for the baseline to 0.908 for the context-aware model, which indicates that our

model is in fact able to use long-range information to disambiguate pronouns.

Good Translation Wrong in Context (eng—rus)

We use the GTWIC test sets (see Section 5.4.2 for details) to evaluate our models’

performance on deixis, ellipsis, and lexical cohesion in eng—rus.

Unlike ContraPro, contrastive examples in GTWiC have several incorrect translations
and one correct translation for each given source sentence and context. A test example
is considered correct if our translation model scores the correct translation higher than
all of the incorrect translations. We report accuracies separately for each GTWiC test

set evaluating different phenomena.

The performance of our target context-aware model on the GTWiC test sets is reported
in Table 5.3. We observe that the context-aware model is significantly more capable
of translating deictic expressions accurately. However, we find that it does not perform
well on the ellipsis test sets, with verb phrase ellipsis accuracy surprisingly being worse

than chance, and improvements on lexical cohesion are also marginal. This is possibly
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Model / GTWiC Accuracy
Context Length . . Ellipsis LC
Infl. VP

Sentence-level 0.5 0.5 0.058 0.458
Trg context/1 0.586 0.5 0.07 0.468
Trg context/2 0.654 0.494 0.07 0.472
Trg context/3 0.692 0.5 0.074 0.472

Table 5.3: Accuracy of our target context-aware model on the GTWIiC test sets
with varying number of sentences of target context. “LC” denotes lexical cohesion.
While performance on deictic expressions improves steadily with more context, lexical
cohesion only improves very marginally, and verb phrase (VP) ellipsis accuracy
remains very low.

Model eng—fra eng—ces

Lexical Choice:
Sentence-level 0.5 0.5
Target context 0.525 0.533

Anaphora:
Sentence-level 0.5 -
Target context 0.545 -

Table 5.4: Accuracy of target context-aware models compared to sentence-level
models on the DiscEvalMT test sets in eng—{ra and eng—ces. Context-aware models
achieve higher accuracy in each case.

because the models need both source and target context to be able to model these
phenomena accurately. For example, it is difficult for the model to be aware that an
entity should be repeated if is not aware that both the preceding source and target

contexts had occurrences of the same entity.

A maximum of 3 context sentences is available per example in GTWiC, and we once
again find that having more target context can be useful for the model to translate
deictic expressions correctly, but the benefits diminish as the model usually gets ad-

equate context from the last one or two sentences.
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DiscEvalMT (eng—fra and eng—ces)

The DiscEvalMT eng—fra contrastive test sets (Bawden et al., 2018) evaluate two
document-level translation phenomena: anaphora and lexical choice (see Section 5.4.2
for more details). The eng—ces extension of DiscEvalMT (Jon, 2019) only includes

the lexical choice test set.

These test sets also have two alternative translations for each input sentence and con-
text, and our models are expected to score the correct option in context higher than the

other option.

We can see in Table 5.4 that while our document-level models do not score very
highly on this benchmark, they still out-perform the sentence-level baseline. Similar
to GTWIiC, for the lexical cohesion test sets, we believe that the models would per-
form better if they were able to access both source and target contexts, since they are

otherwise unaware of the repeated word or phrase.

5.6 Conclusions

In this chapter, we have described the construction and release of large-scale document-
level parallel corpora in five language pairs extracted from the ParaCrawl datasets in
an effort to mitigate the dearth of publicly available MT training data with document
context. We also open-source code to enable the community to compile such data-
sets in more language pairs. Due to both the ParaCrawl pipeline and our code being
open-source, it is possible for the community to create document-level datasets for
any supported language by crawling the web, and not just those already released by

ParaCrawl.

While we treat any preceding text at the same URL as “context”, it is often the case that
these are completely unrelated to a given sentence, such as Ul elements, boilerplate
text, or entirely unrelated content on the same webpage. Future work should also
explore filtering these datasets to retain only genuine contextual information, which
is likely to be much more useful to the model, although even content that is not strictly

document context may help guide translation through indirect domain or style cues.
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Our document-level translation experiments show that sentence-level models enhanced
with target context improve in terms of overall translation quality as well as in terms of
some targeted discourse phenomena compared to a purely sentence-level baseline. We
show that MT can benefit from multiple sentences of preceding context to accurately
translate discourse phenomena like anaphoric pronouns, although very long-range con-

text is rarely useful.

This is consistent with our finding from Chapter 3 that the amount of information
that needs to be added to sentence-level models is not very large, but adding the right

information enhances the quality of translation.

To quantify the amount of information that context-aware models need from document
context, future work could also use the cheat codes method from Chapter 3 to bot-
tleneck the context representations and observe the effect on translation quality. This
would enable us to analyse how much context'! is really necessary and optimise the
representation of context to ultimately make more efficient document-level translation

models.

5.7 Limitations

While we hope that our released datasets are a valuable resource for the community
to explore document-level MT, there are some limitations that should be considered

when using these datasets that we briefly discuss below.

Relevance of context

Our work assumes that any extracted text preceding a given sentence on a webpage
is relevant “document context” for that sentence. However, it is likely in many cases
that the extracted context is unrelated to the sentence, since most webpages are not
formatted as a coherent “document”. As a result, the dataset often includes irrelevant
context like lists of products, UI elements, or video titles extracted from webpages

which will not be directly helpful to document-level translation models.

Unaligned contexts

For sentences with multiple matching contexts, the source and target contexts may not
always be aligned. However, as mentioned in Section 5.3, the vast majority of sen-
tence pairs have exactly one source/target context, and should therefore have aligned

contexts. We recommend filtering on this basis if aligned contexts are required.

11. In terms of encoded size, not number of tokens.
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Availability of both contexts

Our models are all trained with either source or target context being available to the
models, but for some document-level phenomena like lexical consistency of repeated
named entities, it is probably necessary for the model to be aware of both source and
target context. Our datasets make it possible for future work to extract training data

with both contexts and train such models.

Model quality

Our models are trained only on noisy ParaCrawl data and tested on high-quality WMT
data. While there are much smaller but relatively high-quality document-level training
datasets available, all our experiments were conducted only on ParaCrawl data to test
the quality of the datasets without being influenced by other data. As a result, these
models are not necessarily the strongest possible translation models, but they are useful

to fairly and clearly compare document-level MT against sentence-level models.

Language coverage

ParaCrawl was focused on European Union languages with only a few “bonus” releases
for other languages. Moreover, most of the corpora were for English-centric language
pairs. Due to the high computational requirements to extract these corpora, our work
further chose only a subset of these languages, resulting in corpora for only a few
European languages, some of them closely related. Given the availability of raw data
and tools to extract such corpora for many more languages from all over the world, we
hope the community is encouraged to build such resources for a much larger variety
of language pairs. Document-level translation phenomena also vary widely by source

and target language, so such experiments for more languages is left for future work.

5.8 Harmful Content

The main released corpora from ParaCrawl were filtered to remove sensitive con-
tent, particularly pornography. Due to pornographic websites typically containing large
amounts of machine translated text, this filtering also improved the quality of the
resulting corpora. However, when we match sentences with their source URLs, it
often happens that an innocuous sentence was extracted from a webpage with harmful
content, and this content is present in our document contexts. This is a safety concern
and we may release filtered versions of these corpora in the future, pending further

work to filter harmful content at the document level.



Chapter 6

Improving Isochronous MT

for Automatic Dubbing

In this final chapter, we explore an application of MT where external constraints are
imposed on the translation, and the MT model needs to be aware of and obey these
constraints alongside the input text in order to produce appropriate translations. We
look at automatic dubbing, where the task is to translate the audio from video content
into another language while attempting to maintain synchronisation between the target

language audio and the original video so that the dubbed video looks natural.

So far we have studied MT in settings where the only factor affecting translation is
the content of the source and target text and their surrounding textual context. The
automatic dubbing scenario introduces us to a new kind of external constraint: the
timing of the spoken content. This brings additional challenges to these MT systems,

since the translations need to not only be correct, but also fit these timing restrictions.

In this chapter, we use target factors in a Transformer model to inject timing inform-
ation into the model, and enable it to predict durations jointly with target language
phoneme sequences. We also introduce auxiliary counters to help the decoder to keep
track of the additional timing information while generating target phonemes. We show
that our model, when provided segment duration information alongside source text,
improves isochrony and the overall quality of the final dubbed output compared to
isochrony-unaware models. It also improves upon previous work where the translation
model is instead trained to predict interleaved sequences of phonemes and durations.
Our work thus shows the benefit of modelling timing constraints jointly with the

sentence-level translation task in this scenario.

7
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The content of this chapter is mainly based on work published at Interspeech 2023 (Pal
et al., 2023). The models built through this work were used as a strong baseline in the
automatic dubbing shared task at IWSLT 2023' (Agarwal et al., 2023) and IWSLT
20242 (Ahmad et al., 2024), through which we obtained human evaluation results,

which are also presented in this chapter.

6.1 Motivation

Automatic dubbing (Federico et al., 2020a) aims to translate speech from video content
(such as movies and TV shows) into a target language while maintaining isochrony, i.e.
matching the speech and pause structure of the source speech in order to preserve time
synchronisation in the dubbed video. In the standard automatic dubbing pipeline, an
Automatic Speech Recognition (ASR) system transcribes the source audio into source
language text, the text is translated into the target language by a Machine Translation
(MT) system, after which a Prosodic Alignment (PA) module inserts pauses to segment
the translated text, before a Text-to-Speech (TTS) system generates target language

speech (see Section 6.2 for a more detailed description of the pipeline).

A major drawback of this pipeline is the fact that since the MT system is unaware
of isochrony constraints, it can generate translations which do not fit the timing of
the source audio. After segmenting target text through the PA module, to ensure the
segments fit the speech timing, the speaking rate has to be adjusted for the TTS system,

often resulting in unnatural output speech.

To translate speech for the purpose of automatic dubbing, translation thus needs to be
isochronous, i.e. translated speech segments need to be aligned with the source in terms
of speech durations. Simply generating a translation based on the transcribed source
text is unlikely to be sufficient, as it highly probable that the translated audio will then
be unsynchronised with the video, or appear/sound unnatural if forcibly aligned with
video. The MT system therefore needs to take timing information as additional input

alongside the source text and incorporate this information into the translation process.

1. https://iwslt.org/2023/dubbing
2. https://iwslt.org/2024/dubbing
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Our goal is to make the MT model aware of timing constraints and jointly optimise
translation quality and isochrony, i.e. predict translations and target-side timing in-
formation using the same model to generate translations of high quality while matching
the source’s speech timing. We achieve this using target factors (Garcia-Martinez et al.,
2016), where alongside predicting phoneme sequences as the target, we also predict
durations for each phoneme as a target factor. Additionally, we design auxiliary coun-
ters, which are modified target factors providing additional information to the decoder
to help the model keep track of timing but whose outputs we do not use (these are
described in detail in Section 6.3.1). Our main contributions in this chapter are thus the

following:

* We show that target factors can be adapted to predict durations alongside phon-
eme sequences to jointly optimise translation quality and speech overlap for
automatic dubbing.

* We design auxiliary counters to provide extra information to the model to keep
track of timing information that further improves the speech overlap.

* We evaluate our models through automatic metrics and human evaluation, both
of which show that our approach improves upon previous work which instead
proposed a model generating interleaved sequences of phonemes and corres-
ponding durations.

» We release our implementation® and scripts* sufficient for replication, to enable

future research in this area.

6.2 Automatic Dubbing

Standard automatic dubbing methods (Federico et al., 2020a) usually use a complex

pipeline (Figure 6.1(a)) involving several steps:

1. ASR: The source speech is transcribed into text using an ASR system.

2. MT: The transcribed text is machine translated into the target language.

3. PA: The translated text is segmented into phrases and pauses matching the
source speech timing using a Prosodic Alignment (PA) module (Federico et al.,
2020b; Virkar et al., 2021,2; Oktem et al., 2019).

3. https://github.com/awslabs/sockeye/pull/1082
4. https://github.com/amazon-science/iwslt-autodub-task
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Figure 6.1(a): Standard automatic dubbing pipeline, with separate MT, PA, grapheme-to-
phoneme, and duration prediction components.
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timing
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Figure 6.1(b): Modified automatic dubbing pipeline, with an isochronous MT model.
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4. Grapheme-to-phoneme conversion & duration prediction: The translated
and segmented text is converted into phonemes and the durations of the phon-
emes are predicted.

5. TTS: The phonemes and durations are fed to a TTS system to synthesise speech
in the target language.

Since the MT module in the pipeline is unaware of any timing information, the pro-
duced translation, after the insertion of pauses, needs to be stretched by the TTS
module to fit the source audio timing. This can result in the output speech sounding
unnatural, with drastic changes in speaking rate within a sequence to satisfy the timing
constraints of each segment. Some prior works have tried to avoid the separate PA step
by training models to predict pauses within translations (Tam et al., 2022), integrating
isochrony constraints in MT decoding (Saboo and Baumann, 2019) or by optimising
prosody jointly with the TTS (Hu et al., 2021). An isochronous MT module that jointly
models translation and duration enables the generation of translations more suited to

the audio timing while simultaneously simplifying the pipeline (Figure 6.1(b)).

As a proxy for isochrony, some prior works have proposed optimising isometry, i.e.
generating translations which match the number of characters in the source text (Lakew
et al., 2021,2), but this has been shown to be weakly correlated to isochrony (Brannon
et al., 2023).

Work concurrent to ours (Wu et al., 2023) predicted word durations along with words
and presented a novel loss function for decoding. Chronopoulou et al. (2023) presented
a simple sequence-to-sequence approach to generate interleaved sequences of phon-
emes and corresponding durations. We follow this data and model setup and use their

approach as our baseline.

6.3 Method

We propose predicting phoneme durations as target factors (Garcia-Martinez et al.,
2016) (see Section 2.2.3), instead of generating interleaved sequences of phonemes
and phoneme durations (Chronopoulou et al., 2023), and providing timing information
to the model through a combination of duration pseudo-tokens and auxiliary counters
(Section 6.3.1).



6.3. Method 82

Target factors are additional output layers to produce multiple outputs at each decoder
step. There are separate embedding layers for each target factor, and all the factor
embeddings are concatenated to the main target embedding and provided as input to
the decoder. To condition the factor outputs upon the main output, factors are shifted
such that the factors corresponding to output token y, are generated at step r + 1. We

use the Sockeye’ target factor implementation.

In contrast to the interleaved baseline (Chronopoulou et al., 2023), target factors allow
us to model the phonemes and durations separately while still ensuring that they are
conditioned on each other. It also significantly decreases the sequence length and
eliminates the possibility of producing invalid interleaved output (for example, two

duration tokens in a row).

6.3.1 Auxiliary Counters

In addition to the main output f™" and corresponding durations being generated as
a target factor (f9'7), we propose additional input embeddings in the decoder to help
the model keep track of the isochrony constraints, which we denote auxiliary counters.
The counters are implemented identically to target factors (i.e. each counter has an
embedding layer whose embeddings are concatenated to the target embedding), except
that the counters are not predicted at inference. Instead, the values of the counters are
calculated at each time step based on the prior durations predicted by the model and

used as input in the next step. These counters are:

+ Total frames remaining (f°?): Keeps track of the total number of frames
remaining in the sentence. This is initialised by the total desired duration of the

sentence and is decremented by the phoneme duration at each output step.

ttotal — ttgtiﬂ o ftdur 6.1)

» Pauses remaining (f7""*°): Keeps track of the number of pauses remaining in

the sentence.
pause . in __
pane _ [T < [pause .

ause .
tp_l , otherwise

5. https://github.com/awslabs/sockeye
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Target text you know [pause] it

fmain NULL | Y UWI1 (eow) | N OWI (eow) | [pause] |IHO T (eow)
fdur NULL|3 7 0 |5 41 0 0 5 7 0
ot 68 |65 58 58 |53 12 12 12 7 0 0
Jrause 1 1 1 1 1 1 1 0 0O 0 O
fscgment 56 |53 46 46 |41 O 0 12 7 0 0

Table 6.1: An example target phoneme sequence along with its target factors. The
corresponding word sequence is shown in the first row but not used in the actual
model. The factors are time-shifted internally to condition factor outputs on the main

output, which is not shown here. NULL is a padding token used to align the tokens

correctly after the internal shift, so that the model sees fé"tal, g A% and fgegmem before

generating the first phoneme and duration.

o e S t
+ Segment frames remaining (f;°¢""

): Keeps track of the number of frames
remaining in a segment, i.e. until a pause is generated, or the sentence ends.
This is initialised by the segment durations from the source sentence, and is

decremented by the phoneme duration at each step until a [pause] is generated.

segment  ,dur

ftsegment _ t—1 t > if ftmain 7é [pause] ( 6.3)

next segment duration, otherwise
All of these auxiliary counters are calculated from the phonemes and durations in pre-
processing for training, and calculated at each time step at inference time. While the
model can generate predictions for counters as target factors, we only use the counters

to help the model keep track of its state and discard their outputs.® An example of a

target sequence along with its target factor and counters is shown in Table 6.1.

The implemented behaviour of target factored models in Sockeye at inference time
is to predict target factors and then feed those predictions back into the model at the
next inference step. For counters (where we are trying to help the model keep track
of timing), we found it critical to correctly calculate counter values according to the
equations in Section 6.3.1 before feeding them back to the decoder at the next time step.
Compared to the default Sockeye behaviour for target factors, this improved speech
overlap significantly (from 0.9181 to 0.9972) without affecting translation quality.

6. Additionally, our best models are trained without any gradient coming from the auxiliary counter
predictions, effectively removing the part of the network predicting auxiliary counter outputs.
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6.3.2 Noising Segment Durations

We show in Section 6.5 that our method is able to satisfy the duration constraints al-
most perfectly while maintaining reasonable translation accuracy. However, in practice
we do not want to achieve perfect speech overlap because it can result in poor transla-
tions or speech that is shortened/lengthened to the point where it sounds unnatural. In
fact, analysis of human dubbing (Brannon et al., 2023) has shown that human dubbers
prioritise naturalness and translation quality over speech overlap, and median overlap

1s just 0.731 in a large corpus of human dubs.

For this reason, to relax the timing constraints in a controllable manner, we add Gaus-
sian noise to the segment durations in our training data. This creates training examples
where part or all of the translation ends slightly before or after the counters reach zero,
and the model learns to be flexible with the timing information. We control the amount

of noise by varying the standard deviation ¢ of the Gaussian noise.

An alternative approach would be to modify the loss function during training to reduce
the effect of mismatched duration outputs relative to the main phoneme outputs. In fact,
it should be possible to derive a modified loss function’ that would be equivalent to
adding noise to the segment durations. However, we choose to use the Gaussian noise
method since prior work in isometric MT (Wilken and Matusov, 2022) and automatic
dubbing (Chronopoulou et al., 2023) has shown it to be effective, and additionally,
implementation is reduced to a simple pre-processing step as opposed to modifying

the loss function.

6.4 Experiments

6.4.1 Dataset

We use the English-German subset of CoVoST-28 (Wang et al., 2021a) as our dataset,
consisting of English audio clips and transcripts along with German text translations.
Each clip roughly corresponds to a sentence. We run the Montreal Forced Aligner
(MFA) (McAuliffe et al., 2017) on the English audio and transcripts to get sequences
of phonemes with corresponding durations. This sequence becomes our target and the

German transcripts are used as the source. The translations in the original CoVoST-2

7. 'We do not attempt to derive this since we have not used such a modified loss in this thesis.
8. https://github.com/facebookresearch/covost
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corpus were done directly from the English transcripts and not with isochrony in
mind, so our source (German) sentences do not necessarily fit the speech timing. This
may result in sentence pairs where the two sides are significantly different in spoken
duration, which is not the same scenario as real dubbing data. However, this setup still
enables us to evaluate the ability of our models to generate translations that fit a given
timing pattern, even if that pattern does not originate from the actual source sentence,

which is the essential challenge in automatic dubbing.

We mark silence of more than 0.3 seconds with [pause] tokens in the target phoneme
sequence in order to be able to reinsert these periods of silence in final dubs. We also

mark the end of words with <eow> tags.

We calculate the duration of each segment (speech without pauses) by adding the phon-
eme durations between pauses. Since using the raw durations in seconds/frames would
result in sparsity in training data, we bin the durations into 100 bins of approximately
equal frequency. To add this speech duration information to each source sentence, we
then concatenate tags of the form <binN> (where bin N represents the N of 100 bins)
containing the binned duration of each corresponding speech segment. We apply Byte
Pair Encoding (BPE) (Sennrich et al., 2016c) on the German text with 10k merges.

Our final dataset consists of 289,074 training examples, with 15,499 examples in the
validation set and 15,413 in the test set.

6.4.2 Model Architecture

For all models, we use a standard Transformer-base architecture (Vaswani et al., 2017),
augmented with target factors and counters where applicable, trained with a maximum
batch size of 32768 tokens for 600 epochs, with a dropout probability of 0.3 and label
smoothing 0.1. We save checkpoints every 2000 updates and pick the best checkpoint
according to COMET scores on the validation set.

6.4.3 Baselines

Our main isochronous baseline follows the approach described by Chronopoulou et al.
(2023), which is a simple Transformer sequence-to-sequence model. The input is the
subword-level source text, with binned segment durations appended as tags to the end
of the sequence and the output sequence is an interleaved sequence of phonemes and

corresponding durations, with <eow> tags to mark the end of each word and [pause]
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tokens to mark the end of a segment.

For example, a source sentence with its corresponding target sequence is formatted as:
Source: Das weifit du nich@@ t@Q@ 7 <||> <bin4> <binl>

Target: D 2 OW1 5 N6 T 8 <eow> Y 3 UWl 7 <eow> N 5 OWl 41 <eow>
[pause] IHO 5 T 7 <eow>

Additionally, we train a German—English MT model using the same datasets at the
subword level (instead of phoneme outputs), and a model to translate German text
to English phoneme sequences without durations. These two models act as baselines
to measure how much the translation quality deteriorates for models with duration

constraints.

6.4.4 Evaluation

Since our models output sequences of phonemes, we train a Transformer sequence-to-
sequence model on the same dataset to transform English phoneme sequences into se-
quences of English words. Translation quality is then evaluated using BLEU” (Papineni
et al., 2002; Post, 2018), Prism (Thompson and Post, 2020a,2), and COMET!? (Rei
et al., 2020). We find the metrics to be highly correlated in our results, and thus report
only BLEU scores.

To quantify speech overlap between the reference (ref.) and the hypothesis (hyp.),
we use the relative difference of duration between reference segments and predicted
translated segments, averaged over all segments in the dataset:

Speech Overlap 1 — |ref. duration — hyp. duration|

6.4
ref. duration 6.4)

As an additional automatic metric, we also count the number of sentences in the
validation and test sets where the wrong number of pauses is generated, since matching
the timing of pauses in speech is particularly important to preserve lip synchronisation

with the original videos.

9. SacreBLEU: BLEU|#1|c:1c|le:no|tok:nonel|s:exp|v:2.3.1
10. wmt20-comet-da
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Model Configuration BLEU 1 Speech Overlap 1
Text to text (MT) 38.0 -
Text to phonemes 35.8 -
Interleaved, no noise 32.0 0.8702
Interleaved, noised 6=0.2 354 0.7105
Single target factor, no noise 33.8 0.8931

+ all counters, no noise 34.0 0.9887

+ all counters, noised 0=0.1 35.6 0.8649

Table 6.2: Summary of key results for some representative models on the test set. The
models with all the target counters use the optimal configuration from Section 6.5.

6.5 Results and Analysis

We train models to predict phoneme durations as a target factor and use all the auxiliary
counters described in Section 6.3.1. Table 6.2 shows the results of some representative

models.

The translation quality of the text-to-phones baseline is 2.2 BLEU lower than the text-
to-text (i.e. standard MT) model (see Table 6.2). This is likely due to the following

reasons:

1. To evaluate the text-to-phoneme model, we are mapping phonemes to words
using a sequence-to-sequence model and then scoring with word-level metrics.
The phonemes-to-words model is not perfect and is likely to be introducing
some errors, making the text-to-phoneme model appear to be worse than it
actually is.

2. We did not attempt to optimise the Transformer hyperparameters for phonemes,

instead simply using the same hyperparameters as the standard MT baseline.

We find that modelling phoneme durations using target factors improves both trans-
lation quality (+1.8 BLEU) and speech overlap (+0.023) relative to the interleaved
baseline (see Table 6.2, no noise settings). We note that due to the additional factor em-
bedding and output layers, the factored models have a larger total number of parameters
than the interleaved baseline. Since the rest of the model architecture is identical, we

consider this a fair comparison for the sake of evaluating our modified model.
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Figure 6.2: Results on the validation set varying the factor and counter embedding
sizes. fPa¢ embedding size is always half of the other counters. Models trained with
equal loss weights on factors and counters, on data with clean segment durations.

Adding auxiliary counters provides nearly perfect speech overlap (0.9887, perfect
score is 1.0) in the no noise setting. It provides substantial improvement in speech
overlap (+0.0956) compared to the target factor model without auxiliary counters,
while marginally improving translation quality (+0.2 BLEU) (see Table 6.2, no noise
settings).

By adding noise to the speech segment durations, we are able to obtain nearly the same
translation quality as the text-to-phoneme model (35.6 vs 35.8) while still achieving

very high speech overlap (0.8649, higher than observed in human dubs).

Embedding Size

Since the factored architecture adds a large number of parameters in the form of
embedding matrices and output layers to the model, we want to optimise the factor
embedding size so that it is large enough to adequately represent all the possible
factor/counter values while not being too large to train in our limited data scenario. We
sweep through a range of embedding sizes (Figure 6.2) and find that 64 dimensions is
an optimal size. We set the embedding size for the fP?“5¢ counter to half of the other

counter embeddings since it has much fewer possible values than the other counters.

Counter Loss Weights
At training time, counters are predicted at each step just like target factors since they
are implemented identically, and all the factors/counters are assigned an equal weight

for loss computation by default, i.e. the cross-entropy losses for the output and all
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Figure 6.3: Variation of translation quality (BLEU) and speech overlap with different
amounts of noise added to the segment durations. Results shown on the test set. Each
point annotation indicates the standard deviation o of the added noise.

target factors are simply summed. However, it is possible to generalise the loss by
assigning different weights to the outputs. Since we do not use the outputs for the
counters, we can set the loss weights of the counters to 0, thus letting the model focus
on the phoneme and duration outputs that we actually need. We find that zeroing the
loss weights of the counters helps improve translation quality by 4.2 BLEU at the cost
of a very small drop (0.003) of speech overlap.

Adding Noise

We find that as we add more noise by increasing the standard deviation of the Gaussian
noise (Section 6.3.2), for both the interleaved as well as factored models, the transla-
tion quality increases at the cost of speech overlap, ultimately matching the text-to-
phonemes baseline (Figure 6.3). The amount of noise allows us to control the trade-off

between translation quality and speech overlap.

However, the primary motivation of adding noise was to avoid the output speech
sounding unnatural, which the outputs with perfect overlap often do (Section 6.6).
Human evaluation results in Section 6.6 also support the hypothesis that adding some

noise to the timing results in more natural dubbed output.
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Model configuration BLEU 1 Overlap T #Pause Mismatch |
All counters + source durations 34.0 0.9887 29
Without:

Source durations 334 0.9900 25

ol 34.0 0.9914 8

fscgment 34.0 0.9258 109

fscement 4 gpause 33.9 0.9294 176

Source durations + fSegment 34.1 0.6214 103

flotal 4 psegment 33.9 0.9191 20

Table 6.3: Counter ablation results on the test set. We remove the auxiliary counters
and/or source segment durations and measure the effect. #Pause Mismatch represents
the number of sentences in the test set for which the wrong number of pauses is
generated.

Counter Ablations

To evaluate the effectiveness of the counters and source duration tags, we start with the
highest-quality factored model — embedding sizes 64, 64, 64, 32 with zeroed counter
loss weights — and measure the change in translation accuracy and speech overlap
for models with one or more of the counters removed. From Table 6.3, we can see
that removing either the source segment tags or f°@ has very little impact on the
speech overlap, since the model is able to track the timing information from fscgment,
Removing both the source segment tags and f5°8M causes a large drop in speech
overlap since the model then has no information about segment durations. We also see
that removing f5¢8MeNt and fPAUSE causes a large number of outputs to have the wrong
number of pauses.'! These results are consistent with our intuition about the purpose

of each of these counters.

Lip-sync

Lip synchronisation, or lip-sync, is an important feature of dubbing. It is important that
the final generated audio is in sync with the lip movements of the on-screen speaker
in the original video. As an analysis, we looked at Lip-Sync Error — Distance (LSE-
D) (Chung and Zisserman, 2017) following the evaluation methodology in Hu et al.
(2021). LSE-D is not a perfect metric but it is an indication of the amount of lip-sync
errors in the video. As we see in Table 6.4, Subset 1 ( a random subset of videos without

pauses) consistently has a lower lip-sync error than Subset 2 (a sample of longer videos

11. We cannot remove only fPaU¢ gsince f5°8MeNt ygeg fPAUSE 1o fetch the correct segment durations.
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Model Human MOS 1 LSE-D |
Subset 1  Subset 2
Original (source) 7.39 7.67
Text to phonemes  3.16 + 0.19 11.64 13.31
Interleaved 3.33+0.18 11.71 12.35
Factored 3.43+0.19 11.73 12.48

Table 6.4: Human evaluation results and lip-sync scores. Subset 1 is a random sample
of 91 videos without pauses, while Subset 2 is a sample of 101 videos from the longest
10% of videos, all containing one or more pauses.

containing pauses) in all cases, showing that it is more difficult to generate lip-synced
dubs for Subset 2. This result is also in line with human judgements we obtained for
the two subsets where the annotators preferred dubs for Subset 1 (see Section 6.7).
Secondly, original videos show significantly lower LSE-D (12.x vs 7.x) than dubbed
videos, showing that automatic dubbing research still has a long way to go to reach

lip-sync quality in original videos.

6.6 Qualitative Perception

Our initial intention was to perform human evaluation of dubbed videos using crowd
source workers but a pilot showed very noisy results, with annotators often appearing
to ignore annotation guidelines. We believe this is due at least in part to the large
number of factors that affect perception of a dubbed video, including (but not limited
to) translation quality, speech quality/naturalness, isochrony, and lip sync. In this sec-
tion, we present instead some qualitative conclusions drawn after watching/listening to

many samples.

* The baseline tends to be the most natural sounding, but the lack of isochrony is
disconcerting. It is probable that the lack of isochrony would be even more jarring
when viewing dubbed content with multiple speakers.

* The proposed models with little or no noise added have much better isochrony, as
expected, but often sound a little more robotic than the baseline, and it is not unusual
to have a word at the end of a segment repeated — presumably this happens when the
translation model finishes a translation but the counters tell the model it should keep

producing output.
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* The proposed models with large amounts of noise also sound a bit unnatural, but for
a very different reason. The speech in the test set appears to be fairly slow compared
to the training data, while the model produces speech with speaking rates similar
to the training data, resulting in speech segments which are often short, resulting in
long, often unnatural pauses between speech segments.

* The proposed models with noise of around 0.1 seem to be the best compromise
between isochrony and naturalness/translation quality, consistent with the automatic

evaluation (see Figure 6.3).

6.7 Human Evaluation

The IWSLT 2023 shared task on automatic dubbing'? (Agarwal et al., 2023) evaluated
the quality of automatic dubbing systems through human evaluation. Since the models
from this chapter were used as a baseline for the shared task, we obtained some human

judgements of our dubbed outputs, which are presented here.

The dubbed English videos produced by the different models were judged by the
authors of Pal et al. (2023), all of whom were researchers in automatic dubbing, and
included both native and non-native English speakers. The judges were shown system
outputs for each video in the test set in random order and asked to rate them from 1
to 6. There was no defined rubric or evaluation guidelines to follow but there was an
effort to be consistent across examples and systems. We report Mean Opinion Score
(MOS) in Table 6.4, where the scores for a system as judged by humans are averaged

in one score.

We also looked at MOS for two different subsets of the data — Subset 1, a random
sample of 91 videos with no pauses in the speech, and Subset 2, consisting of 101
videos sampled from the longest 10% of videos, where there are always one or more
pauses — to analyse the relative difficulty of dubbing these different kinds of videos.
We find that Subset 1 has a higher MOS of 3.54 (= 0.11) compared to Subset 2 with a
MOS of 3.31 (& 0.11). This shows that it is significantly more difficult for all systems
to dub Subset 2 than Subset 1, i.e. it is harder to maintain isochrony for longer videos

with pauses.

12. https://iwslt.org/2023/dubbing
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6.8 Conclusions

In this chapter, we have shown that we can train models with target factors for duration
prediction as well as other auxiliary counters to further guide the model and provide
timing information to the model to enable isochronous translation. We have shown that
target factors can be used to predict phoneme durations alongside translated phoneme
sequences to jointly optimise translation and timing for automatic dubbing. Automatic
evaluation shows that our models out-perform a baseline of training a model to gen-
erate interleaved phoneme and duration sequences. Although we find that all evalu-
ated systems produce lower-scoring translations based on automatic quality metrics
compared to the non-isochronous baseline, and have worse lip-sync than the original
videos, human evaluation shows that our model outputs are perceived more favourably
by human judges than baselines. Adding the extra timing constraints and enabling the
MT model to incorporate this additional information thus results in an overall improved

user experience of automatically dubbed video.



Chapter 7

Conclusions and Future Work

In this thesis, we have investigated the limitations of sentence-level MT and explored
some ways in which they can be improved by enriching them with additional inform-

ation.

The first part of the thesis focused on analysis of information that is missing from
sentence-level MT models. In Chapter 3, we introduced the “cheat codes” method as
an analysis tool. By allowing the model access to a controllable amount of information
from the target, we were able to estimate the amount of information that a neural MT
model needs in addition to the source sentence to reproduce reference translations.
This showed us that only 2 floats worth of information per target token was enough
to achieve near-perfect translation. This indicated that models augmented with only
a small amount of information alongside source sentences could potentially achieve
better translation quality, and that this is unlikely to be a limitation of model capacity,

but instead of the data provided to the model.

In Chapter 4, we turned to the fact that even though the cheat code models were able
to achieve almost perfect translations, they were unable to exactly reproduce every
reference translation, even with a large amount of added target-side information to
help them. Taking this as an indication that the models were unable to learn certain
aspects of the languages or the translation task itself, we analysed the outputs of these
models to identify the types of errors they made. We identified several weaknesses
of these models, including specific parts of speech and categories of named entities
that are more commonly mistranslated. We also found that multi-word named entities
are often mistranslated, even when seen frequently in training data. These findings

signpost a set of hard problems for neural MT for future research to focus on.
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In the second part of the thesis, we moved on to specific cases of sentence-level MT
models being enriched with other information. Chapter 5 looked at context-aware
MT, where the model captures information from document context. We described the
creation of large-scale datasets for document-level MT in several language pairs, which
has typically been a bottleneck for research in this area. We then built models that use
context information to improve translation quality. We performed detailed evaluations
and analyses showing that the models are also able to improve their accuracy on
several types of discourse phenomena that are difficult or impossible for sentence-
level models, such as anaphora resolution and pronoun translation. This confirms that
if we have access to enough parallel data with context, we can build models that are
better and more similar to human translators who would always use context to guide

their translation.

The second and final example of incorporating additional information in MT models
that we explored was the use of timing information for isochronous MT. In Chapter 6,
we showed that we can use target factors and auxiliary counters to provide the model
with information about the durations of speech segments and keep track of the tim-
ing. By doing so, we can produce translations that are better suited for automatic
dubbing and result in dubbed videos that are more favourably perceived by human
evaluators. This shows a scenario where the sentence-level model can be augmented
to obey external constraints and produce translations that are more useful for a specific

application.

Through this work, we emphasise the fact that purely sentence-level MT is a severely
limited formulation of the task, and it only became the standard formulation of MT
because of the lack of large-scale datasets with context or other types of information,
and due to computation tractability concerns with older models and hardware. We
emphasise the fact that translation cannot be done one isolated sentence at a time, and
is instead a function of many other factors. We have shown that we can enrich these
models with many kinds of additional information to build MT systems that are more
accurate and more useful across a wide range of applications, and hope that research

in the field moves beyond the sentence-level paradigm rapidly.
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7.1 Future Work

The work in this thesis identifies and opens up several directions for future research.

We outline some interesting and promising directions below.

Conditional Cheat Codes

The cheat codes method introduced in Chapter 3 provided us a way to estimate an upper
bound on the amount of information that a model would need in addition to source
sentences to achieve perfect translation. However, this method is not able to vary the
amount of information provided to the model based on the input sentence. It is clear
that some sentences can be translated without any additional information while some
sentences are difficult or impossible to translate perfectly on their own. Conditioning
the amount of target-side information accessed by the decoder, i.e. the size of the cheat
code, on the content of the source sentence would enable us to measure the amount
of missing information from individual sentences required for translation, and thus
provide a measure of difficulty for a given sentence to be translated. This would be an

interesting avenue for future research.

Addressing and Evaluating Hard Problems

In Chapter 4, we identified several aspects of translation that are difficult to learn for
neural MT models. Considering the high quality of modern MT in general, it is worth
dedicating research efforts to granular issues such as these and attempt to overcome
these limitations. Test sets to evaluate model performance on specific phenomena that

have been identified as weaknesses would also help track progress with better models.

Investigating the Fleetwood Mac Problem

Particularly concerning among the findings of Chapter 4 was the mistranslation of
relatively frequent named entities — that we termed the “Fleetwood Mac Problem”.
It is usually assumed that badly translated named entities are due to them being out-
of-vocabulary or rare, but our initial analysis showed that the problem is not due to
very low frequency, or subword segmentation issues. We suggest a possible solution
in Chapter 4: allowing frequent named entities to be represented as a single token.
Since named entity errors affect the perception of translation significantly, it should be
investigated why this happens and how it can be addressed, and this could be an area

for future research.
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Modelling More Voice Information for Automatic Dubbing

In Chapter 6, we showed how phoneme durations can be predicted jointly with trans-
lation to produce isochronous translations. This could be extended to other aspects of
speech, such as pitch, energy, etc., which is currently predicted by the TTS module
only from the translated phonemes. While this is likely to have a smaller impact on the
translations themselves, the joint modelling of these aspects could improve the overall

quality of automatic dubbing.

More Document-Level MT

While document-level MT is a well-established field of research, it is still not as
widely used as sentence-level MT. The creation of large-scale datasets like the ones we
introduced in Chapter 5 and by Wicks et al. (2024) should push the field to concentrate

on this paradigm and move away from sentence-level MT.

LLM Methods

LLMs have been shown to be effective for MT (see Section 2.2.4), especially for high-
resource language pairs (Robinson et al., 2023), and look likely to take over as the
dominant paradigm for the task. However, despite their inherent ability to model longer
context, they are still used for MT at the sentence level, with only a few exceptions
(Karpinska and Iyyer, 2023; Petrick et al., 2023; Wang et al., 2023; Wu et al., 2024;
Zhang et al., 2023). Sentence-level MT using LLMs is an unnecessary constraint that
should be removed. The ability of LLMs to model context should be exploited further
to build better MT systems. Given their capacity to capture various kinds of inform-
ation, LLMs could also be used to model many other kinds of additional information

that we have discussed in this thesis.

As the field of NLP moves towards larger models, multimodal input, and huge context
windows (Bulatov et al., 2024; Chen et al., 2023; Xiong et al., 2024), it is worth
thinking about how much information is actually necessary to perform the real-world
tasks we are interested in, and find ways to provide this information to the models in
targeted ways instead of arbitrarily limiting them to sentence-level inputs or computing

massive but potentially irrelevant contexts.



Appendix A

Samples from Document-Level

Parallel Corpora

In this appendix, we present some examples from the datasets presented in Chapter 5
to demonstrate the format and content of the extracted data. The contexts have been
truncated here due to space constraints, but they still illustrate the usefulness of the
context to the translation of the sentence. Note that while these examples have been
hand-picked and generally show useful context, we still see some noise in the contexts
like text fragments in the wrong language or the presence of many short uninformative

lines.

eng—fra with target context

Source sentence: Its entwined cobbled pathways and network of tunnels under-
ground are interesting to look round.

Target context: EXCURSIONS A PARTIR DE PRAGUE <docline> | Croisiére
sur lariviere Vltava avec diner | Shuttle d’aéroport | <docline>...... <docline> Il s’ agit
d’une mine d’or exposée en Boheéme, avec des chiteaux magiques et des petites villes
éparpillées dans la campagne, et touchée par les foréts denses de la chaine de montagne
Sumava le long de la frontiére avec 1’ Autriche. La petite ville de T4bor est charmante,
et elle a été habitée par les taborites au quinzieme siecle.

Target sentence: Seschemins pavés entrelacés et son réseau de tunnels souterrains

sont intéressants a observer.

pol—eng with target context
In this example, we see some noise in the form of Polish text fragments appearing in

the English context.
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Source sentence: Stypendium mozna przeznaczy¢ na dowolny cel.

Target context: START 2020 recruitment launched - Fundacja na rzecz Nauki
PolskiejFundacja na rzecz Nauki Polskiej <docline> ...... <docline> The principal
criteria in the competition are the quality and originality of the candidate’s scientific
accomplishments to date, as well as his or her single most important research achieve-
ment. In recent years the amount of the one-year stipend has been PLN 28,000.

Target sentence: The stipend may be used by the laureate for any purpose.

eng—deu with source context

Source sentence: The evening will bring clouds with rain or sleet.

Source context: °C <docline>2 °C <docline> 2 °C <docline> 2 °C <docline> 2 °C
<docline> 1 °C <docline> Air pressure <docline> 1014 hPa <docline>....... <docline>
Tomorrow <docline> In the early morning it will be mainly cloudy, but mostly dry.
Before noon clouds with rain or sleet will dominate.

Target sentence: Die Mittagszeit bringt wechselhaftes Wetter mit ab und zu etwas

Regen.

eng—fra with both contexts

This example contains broken sentence fragments, but is a good example of the context
being required to disambiguate a pronoun in the target French — the translation of “it”
to “la” requires context about the grammatical gender of the antecedent.

Source sentence: Previously, it appeared only below 1,600 metres.

Source context: aside to give to my sister.” <docline> The family used coffee
revenues to pay his sister’s schooling, and his brother’s. Mr. Zikusoka followed in
his father’s footsteps so that he too could provide for his family. When he got married
in 2005, he received a half-hectare of farmland and decided to grow coffee. <docline>
...... <docline> He notes that coffee leaf rust disease, which usually affects coffee at
altitudes lower than 1,400 metres, has now surfaced at 1,800 metres above sea level.
<docline> Coffee berry disease has also shifted to higher altitudes, and is attacking
crops at 1,800 metres above sea level.

Target context: saproduction de café n’a cessé de baisser en raison de maladies et
d’insectes nuisibles. Une maladie fongique appelée flétrissement du café a envahi son
exploitation, et les perceurs de la tige de café ont attaqué ses caféiers. De nombreux
autres agriculteurs ont subi la crise du flétrissement dans le district de Mukono, 1’une

des principales régions productrices de café en Ouganda. <docline> ...... <docline>
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Il note que la rouille orangée du caféier qui touchait généralement le café cultivé a des
altitudes inférieures a 1 400 metres est maintenant apparue dans les localités situées
a 1 800 metres au-dessus de la mer. <docline> La maladie du fruit du caféier s’est
également déportée vers les altitudes plus hautes, et est en train d’attaquer les cultures
situées a 1 800 metres au-dessus du niveau de la mer.

Target sentence: Autrefois, on ne la trouvait qu’aux endroits situés en dessous de
1 600 metres.
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