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Abstract

The thesis presents new quality optimization methods in neural machine translation systems. It is based on
seven scientific papers presented at international conferences.

Chapter 1 introduces the research problem, motivation, structure and scope of the thesis. It provides an
overview of the included papers, together with details on authors, venues, presentation type, and the
contribution of the thesis author. The chapter also contains a short description of each paper included in the
thesis.

Chapters 2 to 5 present research papers on quality optimization methods in neural machine translation
systems. They also include descriptions of methods applied in the solutions of shared tasks held at scientific
conferences. Chapter 2 introduces a new method for integrating hand-crafted lexicons in machine translation
involving morphologically rich languages. Chapter 3 reports on the methods used in the solutions of shared
tasks organized as part of the PolEval 2021 workshop on translation quality estimation and evaluation.
Chapters 4 and 5 describe the methods used in the solutions of shared tasks organized as part of the WMT
2021 and WMT 2022 conferences.

Chapters 6 to 8 present development papers that describe real-world neural machine translation systems
developed as part of participation in the Industrial PhD program. Chapter 6 reports on the machine translation
system created for the Polish Border Guard within the R&D project "Advanced Internet analysis supporting
the detection of criminal groups". Chapter 7 discusses the challenges encountered in implementing and
deploying a machine translation system for the EY corporation. Chapter 8 describes POLENG MT, an adaptive
machine translation platform that can be used as a cloud-based web application or as an on-site solution.

The appendices include a certificate from the WMT 2022 conference organizers and declarations of contribution
from the co-authors of each paper.






Streszczenie

Rozprawa doktorska przedstawia nowe metody optymalizacji jakosci w neuronowych systemach ttumaczenia
maszynowego. Praca sklada sie z siedmiu artykutéw naukowych zaprezentowanych podczas konferencji
o zasiegu miedzynarodowym.

Rozdziat 1 opisuje problem badawczy, motywacje, strukture i zakres rozprawy. Zawiera przeglad oraz krétki
opis zataczonych artykuléw, w tym informacje o autorach, miejscu i typie prezentacji, a takze wktadzie autora
rozprawy.

Rozdzialy od 2 do 5 prezentuja prace badawcze dotyczace metod optymalizacji jako$ci w neuronowych
systemach tlumaczenia maszynowego. Zawieraja réwniez opisy metod zastosowanych w rozwigzaniach
konkurséw organizowanych w ramach konferencji. W rozdziale 2 przedstawiono nowa metode integracji
leksykonéw w tlumaczeniu maszynowym, majacg zastosowanie dla jezykéw fleksyjnych. Rozdzial 3
opisuje metody oceny jakosci ttumaczenia zastosowane w rozwigzaniach konkurséw organizowanych
w ramach warsztatu PolEval 2021. Rozdzialy 4 i 5 opisujg metody zastosowane w rozwigzaniach konkurséw
organizowanych w ramach miedzynarodowych konferencji WMT 2021 i WMT 2022.

W rozdziatach 6 do 8 przedstawiono artykuly opisujgce prace rozwojowe. W ramach artykutéw opisano
neuronowe systemy tlumaczenia maszynowego opracowane w trakcie doktoratu wdrozeniowego. Rozdziat
6 opisuje system tlumaczenia maszynowego stworzony dla Strazy Granicznej w ramach projektu badawczo-
rozwojowego ,,Zaawansowana analiza Internetu wspomagajaca wykrywanie grup przestepczych”. W rozdziale
7 oméwiono wyzwania, jakie napotkano w implementacji i wdrazaniu systemu ttumaczenia maszynowego
dla korporacji EY. Rozdziat 8 opisuje system o nazwie POLENG MT — adaptacyjng platforme tlumaczenia
maszynowego, ktéra moze by¢ wykorzystywana jako aplikacja internetowa w chmurze lub jako rozwigzanie
instalowane w infrastrukturze klienta.

W zalacznikach zamieszczono certyfikat otrzymany od organizatoréw konferencji WMT 2022 oraz deklaracje
o wkladzie wspétautoréow kazdego artykutu.
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Neural Machine Translation (NMT) is a type of machine translation that
utilizes neural networks to translate text from one language to another.
In recent years, there have been significant advancements in NMT, which
have led to improved translation quality and efficiency.

One of the major advancements in NMT is the use of the attention
mechanism and the Transformer (Vaswani et al., 2017) neural network
architecture, which allows the model to focus on specific parts of the input
sentence during translation. This helps the model to better understand
the meaning of the sentence and produce more accurate translations.
Additionally, the use of pre-trained neural language models, which
are trained on a large corpus of text data before being fine-tuned for
specific tasks, has also led to improvements in NMT and its evaluation
processes (Freitag et al., 2022; Liu et al., 2020).

Despite the advancements, there are still shortcomings that need to be
addressed in specific translation scenarios. These include, for example,
incorporating human knowledge into NMT models, taking into account
the context of the entire document, and ensuring accurate translation of
named entities.

Currently, NMT models are considered as black-box solutions that are
trained on large datasets consisting sentence pairs in the source and target
languages. Therefore, it proves difficult to integrate human knowledge,
such as hand-crafted lexicons, into the machine translation process.
The ability to do so is crucial, especially in the case of domain-specific
translations, such as biomedical, legal, criminal, or e-commerce, where it
is required that terminology should be translated in a predefined way:.

The focus in NMT is shifting from standard sentence-level models to
document-level models. Document-level machine translation allows
for the translation of entire documents, such as books, articles, and
reports, rather than just individual sentences or phrases. It enables a
more complete understanding of the content being translated, as the
context provided by the surrounding text can help to disambiguate
meaning, improve fluency and coherence of the translated text, which
is especially important for longer documents. This is a more complex
task than translating individual sentences in isolation, as the model must
take into account the relationships and dependencies between sentences
and the overall meaning of the document. Furthermore, document-level
machine translation models often require large amounts of document-
level training data and computational resources, making them more
difficult and expensive to develop and maintain.

There are various methods for enhancing the quality of machine transla-
tion, which can be determined by factors such as the intended application,
the availability of training data, and the unique characteristics of the
language in question.

Introduction

1.1 Motivation, Structure and

Scope of the Thesis . . . . . 2
1.2 Papers Overview ...... 3
References .......... 11
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1 Introduction

The goal of this thesis is to propose new methods for quality optimization
in NMT, as well as to demonstrate their application in real-world machine
translation systems.

1.1 Motivation, Structure and Scope of the
Thesis

Motivation

The thesis is the outcome of the Industrial PhD (pol. doktorat wdrozeniowy)
program, initiated by the Polish government in 2017. An Industrial
PhD is a type of PhD that is focused on applied research and involves
collaboration between the student, a university, and an industry partner.
The program is designed to provide students with the opportunity to
conduct research that is directly relevant to the needs of industry, and
to develop the skills and knowledge needed to work in industry or
academia.

This thesis is the result of a collaboration with the Poleng company and
Adam Mickiewicz University. Since its establishment in 2004, Poleng has
been involved in the development of machine translation systems, includ-
ing the pioneering Translatica rule-based machine translation system. By
collaborating with Adam Mickiewicz University in the Industrial PhD
program, the company aimed to ensure the highest possible quality of
solutions provided by machine translation systems utilizing state-of-the-
art methods. The results obtained during the PhD have been deployed
in Poleng, as shown in Chapter 7 (nEYron: Implementation and Deploy-
ment of an MT System for a Large Audit & Consulting Corporation)
and Chapter 8 (POLENG MT: An Adaptive MT Platform).

Structure and Scope

Due to the nature of the PhD, the thesis is divided into two sections:
research papers and development papers.

The research papers section comprises four papers that are strictly related
to research and participation in shared tasks. The papers included in this
section describe new approaches to quality optimization methods in NMT.
Each paper presents original ideas for optimizing NMT quality in various
scenarios, such as translation between low-resource language pairs, the
incorporation of domain-specific terminology, the use of translation
quality estimation models to improve NMT, document-level translation,
and proper translation of named entities.

The development papers section concentrates on the application of research
ideas and experiments in real-world MT systems. It comprises three pa-
pers, each of which describes a different real-life use case and translation
scenario. Two of the papers are closely associated with the work at the
Poleng company, and one is related to the MT system developed as a
result of participation in an R&D project.
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A full list of the papers included in the thesis can be found in Table 1.1.

The table also includes information on the venue where the paper was

published and the awarded MEiN points. A brief overview, including

the motivation behind each paper, is provided in Section 1.2.

List of Papers

Table 1.1: List of papers included in the thesis
Title Authors Venue MEiN Points
Neural Machine Translation with In- A. Nowakowski, K. Jassem MT Summit 2021 70
flected Lexicon
Approaching English-Polish Machine A. Nowakowski PolEval 2021 20
Translation Quality Assessment with
Neural-based Methods
Adam Mickiewicz University’s English- ~ A. Nowakowski, T. Dwojak WMT 2021 140
Hausa Submissions to the WMT 2021 (EMNLP 2021)
News Translation Task
Adam Mickiewicz University at WMT A. Nowakowski’, G. Patka’, WMT 2022 140
2022: NER-Assisted and Quality-Aware K. Guttmann', M. Pokrywka® (EMNLP 2022)
Neural Machine Translation
A Neural Translator Designed to Pro- A. Nowakowski, K. Jassem MT Summit 2021 70
tect the Eastern Border of the European
Union
nEYron: Implementation and Deploy- A. Nowakowski, K. Jassem, M. Lison, EAMT 2022 70
ment of an MT System for a Large Audit R Jaworski, T. Dwojak,
& Consulting Corporation K. Wiater, O. Posesor
POLENG MT: An Adaptive MT Platform A. Nowakowski, K. Jassem, M. Lison, EAMT 2022 70

K. Guttmann, M. Pokrywka

1.2 Papers Overview

The papers included in this thesis were prepared and published between
the years 2021-2022. Seven papers were presented as oral presentations
or posters at international venues related to MT and have been included
in the proceedings volumes of these venues.

As the main author of all the papers included in the thesis, I was
responsible for the conceptualization and methodology of the research
work in each of them. Specific contributions to each paper are listed in
the overview and in the declarations of contribution (see Appendix B).



4

1 Introduction

Research Papers

1. Neural Machine Translation with Inflected Lexicon

Authors:
Artur Nowakowski, Krzysztof Jassem

Venue:
Machine Translation Summit 2021 (Virtual)

Presentation type, date (presenters):
Oral presentation, 19.08.2021 (Artur Nowakowski)

Published paper URL (accessed 16.01.2023):
https:/ /aclanthology.org/2021. mtsummit-research.23.pdf

Author contribution:

Conceptualization and methodology of the research work, al-
gorithm for inflected lexical constraints incorporation, imple-
mentation and experimental setup, conduct of the experiments,
human and automatic evaluation analysis, writing of the paper.

The integration of human knowledge with a hand-crafted lexicon
is a common need in NMT. However, it has proven to be a chal-
lenge, particularly for morphologically rich languages like Polish
or Ukrainian. In these cases, it is not only crucial to include the
base form of words or phrases in the translated sentence, but also
to inflect them correctly while taking into account the surrounding
context.

The paper describes experiments in NMT that involve lexical con-
straints for the English-Polish translation direction. A method based
on a constrained decoding algorithm was introduced to address
inflected forms of lexical entries without altering the training data
or the model architecture. The proposed method was evaluated
in both general and domain-specific scenarios and compared to
the baseline translation in terms of quality and efficiency. New
evaluation metrics were proposed to evaluate the method’s ability
to handle constraints, taking into account factors such as the pres-
ence, placement, duplication, and inflectional correctness of lexical
terms in the output sentence.

We demonstrated that our method for enforcing the incorpora-
tion of terminology from a lexicon improves translation quality in
domain-specific scenarios, but it diminishes it in general scenarios
where the translation of specific terms is uncertain. Our method
placed and inflected terminology correctly in almost all of cases,
but at the expense of translation speed, when compared to the
baseline solution.


https://aclanthology.org/2021.mtsummit-research.23.pdf
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2. Approaching English-Polish Machine Translation Quality As-
sessment with Neural-based Methods

Authors:
Artur Nowakowski

Venue:
PolEval 2021 (Virtual)

Presentation type, date (presenters):
Publication without the presentation

Published paper URL (accessed 16.01.2023):
http:/ /poleval.pl/files /poleval2021.pdf

Author contribution:

Conceptualization and methodology of the research work, con-
duct of the experiments with Polish-English neural machine
translation quality assessment models, automatic evaluation
analysis, writing of the paper.

Machine Translation Quality Assessment is the task of assessing
the quality of machine-translated text. This can be accomplished
through the use of a reference translation (machine translation
evaluation) or without one (machine translation quality estimation).

Before the rise of large language models (LLMs), the evaluation of
machine translation relied on lexical metrics that required human
reference translations, such as BLEU (Papineni et al., 2002) or
chrF (Popovi¢, 2015). However, as the quality of machine transla-
tion has improved over the years, these metrics have not kept pace.
The reliance on a single reference translation meant that machine
translation systems that produced good translations which were
different from the reference translations, were penalized by these
metrics.

The current state-of-the-art machine translation metrics, such as
COMET (Rei et al., 2020), are LLMs that have been fine-tuned on
human judgments for the task of evaluating machine translation.
These metrics are more robust and can capture the context of
the sentence, meaning that different equally good translations are
scored accordingly well. They can also be trained in different scenar-
ios, so that they can work with or without human references (Wan
etal., 2022).

Excluding human references in the model training process has
shown that neural-based translation quality estimation models can
estimate translation quality effectively even without access to a
reference translation, and have a stronger correlation with human
judgments than standard lexical metrics that rely on references (Fre-
itag et al., 2022).

The use of decoding algorithms, such as beam search (Sutskever


http://poleval.pl/files/poleval2021.pdf
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et al., 2014) or p-nucleus sampling (Holtzman et al., 2020), allows
an MT system to produce multiple hypotheses. The neural-based
quality estimation models can then be used to select the best hy-
pothesis from a set of multiple hypotheses, in a way that simulates
a human judgment, as shown in Chapter 5 (Adam Mickiewicz
University at WMT 2022: NER-Assisted and Quality-Aware Neural
Machine Translation).

The paper presents experiments for the PolEval 2021 machine
translation quality assessment shared task, including both sub-
tasks: reference-based (nonblind) and reference-less (blind) quality
assessment.

We describe experiments in which we fine-tuned LLMs using
state-of-the-art neural network architectures for the English-Polish
translation direction. Our results indicate that fine-tuning LLMs
for a specific language pair can further increase the correlation
(measured by Pearson’s r) with human judgments. Additionally, we
found that utilizing LLMs that have been pre-trained specifically
for the Polish language, such as HerBERT (Mroczkowski et al.,
2021), can give better results for language pairs involving Polish
than using multilingual LLMs.

. Adam Mickiewicz University’s English-Hausa Submissions to

the WMT 2021 News Translation Task

Authors:
Artur Nowakowski, Tomasz Dwojak

Venue:
Sixth Conference on Machine Translation (Virtual / Punta Cana,
Dominican Republic)

Presentation type, date (presenters):
Poster presentation, 10.11.2021 (Artur Nowakowski, Tomasz
Dwojak)

Published paper URL (accessed 16.01.2023):
https:/ /aclanthology.org/2021.wmt-1.14.pdf

Author contribution:

Conceptualization and methodology of the research work, im-
plementation of the data filtering steps, conduct of the ex-
periments with iterative back-translation, PB-SMT and model
ensembling, writing of the paper.

There are a number of reasons why machine translation can be
challenging for low-resource languages. One major challenge is
the lack of training data. Most machine translation models rely
on large amounts of parallel text data in order to learn how to
translate between languages. However, for low-resource languages,
there may not be a sufficient amount of parallel text data available,
making it difficult for the model to learn how to translate accurately.


https://aclanthology.org/2021.wmt-1.14.pdf

Moreover, low-resource languages may have a smaller number
of speakers, which can make it difficult to gather enough native
speakers to evaluate and improve the machine translation systems.

The paper presents the submissions of Adam Mickiewicz Univer-
sity to the WMT 2021 News Translation Task in the English-Hausa
and Hausa-English translation directions, which is a low-resource
translation scenario between distant languages. We experimented
with multiple methods to optimize the quality of the translation for
low-resource languages. These methods include transfer learning
from a high-resource language pair, iterative back-translation to
systematically expand the training data, and thorough data filter-
ing. It is particularly important to thoroughly filter the data when
working with low-resource languages, as the model is more likely
to produce inaccurate translations if most of the training dataset is
noisy.

We experimented with both NMT and PB-SMT (Phrase-based Sta-
tistical Machine Translation) and found that the translation quality
was comparable when the training dataset was not synthetically ex-
panded. Our approach significantly improved the translation qual-
ity compared to the baseline solution. The gains were particularly
noticeable in the English-Hausa translation direction, as our system
ranked fourth among the constrained submissions (Akhbardeh
et al., 2021).

. Adam Mickiewicz University at WMT 2022: NER-Assisted and
Quality-Aware Neural Machine Translation

Authors:
Artur Nowakowski’, Gabriela Patka’, Kamil Guttmann', Mikotaj
Pokrywka®

Venue:
Seventh Conference on Machine Translation (Abu Dhabi, United
Arab Emirates)

Presentation type, date (presenters):
Poster presentation, 07.12.2022 (Artur Nowakowski, Gabriela
Patka, Kamil Guttmann, Mikotaj Pokrywka)

Published paper URL (accessed 16.01.2023):
https:/ /aclanthology.org/2022.wmt-1.26.pdf

Author contribution:

Conceptualization and methodology of the research work, idea
behind the system as a whole, integration of the separate compo-
nents into a single system, implementation of the data filtering
process, conduct of the experiments with transfer learning,
back-translation, quality-aware decoding and model ensem-
bling, writing of the paper.
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*and t denote equal contribution groups


https://aclanthology.org/2022.wmt-1.26.pdf

8

1 Introduction

Creating an MT system for languages that use different alpha-
bets (e.g. Latin and Cyrillic), can present a number of difficulties.
For example, rare words and named entities, such as names, sur-
names, places, organizations, are often mistranslated between such
languages. Named entities are often culturally specific and may
not have direct equivalents in the target language. For example,
a street name or a famous historical figure may not exist in the
target language and would require special handling by the MT
system. Another difficulty with named entities is that they often
have proper noun capitalization, which can be lost when translat-
ing to languages with different capitalization rules. Furthermore,
some named entities may be ambiguous, meaning they can refer to
multiple entities. For example, "R6za" can be a proper name of a
person or a common noun referring to a flower.

Finally, due to the complexity and variability of named entities,
the model would need to be trained with a large and diverse set of
named entity examples in order to generalize well to unseen exam-
ples. However, this can prove difficult in the case of low-resource
languages, where training data is scarce. As such, knowledge about
named entities needs to be incorporated into the model in alterna-
tive ways that are not dependent on the size of the dataset.

The paper describes Adam Mickiewicz University’s submissions to
the constrained track of the WMT 2022 General MT Task. We par-
ticipated in the Ukrainian-Czech and Czech-Ukrainian translation
directions, which is a translation scenario between low-resource lan-
guages using different alphabets. Our experiments include multiple
novel quality optimization methods for NMT, such as transfer learn-
ing, back-translation, NER-assisted translation, document-level
translation, quality-aware decoding, model ensembling, on-the-
fly domain adaptation, advanced data filtering and post-processing.

We were able to successfully incorporate all of these methods, except
for on-the-fly domain adaptation, into a single MT system. Each
method contributed into the final result, some more significantly
than others. Our greatest advancements in quality, as measured by
automatic evaluation metrics, came from NER-assisted translation
and quality-aware decoding.

Our solution ranked first among all shared task participants in
both translation directions, according to the automatic and human
evaluation (Kocmi et al., 2022). The system was only outperformed
by human translations, which were anonymously evaluated, the
same way as all other submissions. The WMT 2022 organizing com-
mittee’s certificate, attached as Appendix A, attests to the team’s
achievement and the results we accomplished.
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Development Papers
1. A Neural Translator Designed to Protect the Eastern Border of

the European Union

Authors:
Artur Nowakowski, Krzysztof Jassem

Venue:
Machine Translation Summit 2021 (Virtual)

Presentation type, date (presenters):
Oral presentation, 18.08.2021 (Artur Nowakowski)

Published paper URL (accessed 16.01.2023):
https:/ /aclanthology.org/2021. mtsummit-up.5.pdf

Author contribution:

Conceptualization and methodology of the research work, im-
plementation of the MT system, conduct of the experiments,
integration of lexicons into the MT system, analysis of the
automatic evaluation results, writing of the paper.

The paper presents the MT system developed for the Polish State
Border Guard. The system is a module of the "Advanced Internet
analysis supporting the detection of criminal groups" R&D project
(short name: AI Searcher; project no. DOB-BIO9/19/01/2018),
which was financed by the Polish National Center for Research and
Development. The project took place from 2018 to 2021 and was
designed to assist Border Guard officials in searching the Internet
for potential criminal activity.

The Border Guard officials use search engines to find potentially
criminal content on the Internet. As they also need to find content
in foreign languages, including Russian, Ukrainian, and Belarusian,
they required an MT system to assist them in this task. The system’s
task is to translate the input query, which is in Polish, into all of
the aforementioned foreign languages. The results found on the
Internet are then translated back to Polish for further processing
by other modules.

What sets this system apart from other standard MT systems is
the use of hand-crafted lexicons. Specific terminology, such as the
names of drugs, alcohols and places must be translated accordingly.
Another requirement of the Border Guard was that names and
surnames of individuals should be transliterated according to their
lexicons, rather than translated. Such terminology is difficult to
translate using standard MT systems as it does not appear fre-
quently in the training data. To address these issues, we used a
method that allows for the incorporation of lexicons into morpho-
logically rich languages, as described in Chapter 2 (Neural Machine
Translation with Inflected Lexicon).

The Al Searcher project was successfully deployed at the headquar-
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ters of the Polish Border Guard by the end of 2021.

2. nEYron: Implementation and Deployment of an MT System for
a Large Audit & Consulting Corporation

Authors:
Artur Nowakowski, Krzysztof Jassem, Maciej Lison, Rafat Ja-
worski, Tomasz Dwojak, Karolina Wiater, Olga Posesor

Venue:
The 23rd Annual Conference of the European Association for
Machine Translation (Ghent, Belgium)

Presentation type, date (presenters):
Poster presentation, 03.06.2022 (Artur Nowakowski)

Published paper URL (accessed 16.01.2023):
https:/ /aclanthology.org/2022.eamt-1.21.pdf

Author contribution:

Provision of the MT capabilities of the system, machine transla-
tion models training, development of the machine translation
service, development of the front-end application, deployment
of the final version of the system, writing of the paper.

The paper reports on the implementation and deployment of an
MT system at the Polish branch of EY Global Limited. The work on
the system was conducted as part of an Industrial PhD program at
Poleng.

The system supports CAT (computer-assisted translation) and MT
functionalities, such as translation memory fuzzy search, docu-
ment translation, and post-editing. It also meets less common,
customer-specific expectations, such as the preservation of format-
ting between input and output documents and the calculation
of approximate costs of human translation. The system supports
translation in two directions: English-Polish and Polish-English.

The paper discusses the challenges encountered during system
development and deployment, particularly in relation to the MT
model training process, security checks, and installation in the
production environment. Development of the system began with
a proof-of-concept in 2018 and ended with the deployment of the
final version in October 2021.


https://aclanthology.org/2022.eamt-1.21.pdf

References | 11

3. POLENG MT: An Adaptive MT Platform

Authors:
Artur Nowakowski, Krzysztof Jassem, Maciej Lison, Kamil
Guttmann, Mikotaj Pokrywka

Venue:
The 23rd Annual Conference of the European Association for
Machine Translation (Ghent, Belgium)

Presentation type, date (presenters):
Poster presentation, 02.06.2022 (Artur Nowakowski, Kamil
Guttmann, Mikotaj Pokrywka)

Published paper URL (accessed 16.01.2023):
https:/ /aclanthology.org/2022.eamt-1.48.pdf

Author contribution:

Training of the MT models, development of the machine trans-
lation service, development of the front-end application, de-
ployment of the final version of the system, writing of the

paper.

The paper introduces POLENG MT, an MT platform that can be
used as a cloud web application or an on-site solution. The devel-
opment of the platform was conducted as part of an Industrial PhD
program at Poleng.

The platform is capable of providing accurate document translation,
including the transfer of formatting between input and output doc-
uments. It currently supports translation in the following language
pairs: Polish-English, Polish-Ukrainian, and Polish-Russian, in both
directions.

The main feature of the on-site version is dedicated customer
adaptation, which includes training on specialized texts and the
application of forced terminology translation to meet the user’s
needs. It allows for the extraction and incorporation of specialized
inflected lexicons in the translation. The method for incorporating
inflected lexicons has been described in Chapter 2 (Neural Machine
Translation with Inflected Lexicon).
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Neural Machine Translation with Inflected

Abstract

The paper presents experiments in Neural Machine Translation with
lexical constraints into a morphologically rich language. In particular,
we introduce a method, based on constrained decoding, which
handles the inflected forms of lexical entries and does not require
any modification to the training data or model architecture. To
evaluate its effectiveness, we carry out experiments in two different
scenarios: general and domain-specific. We compare our method
with baseline translation, i.e. translation without lexical constraints,
in terms of translation speed and translation quality. To evaluate
how well the method handles the constraints, we propose new
evaluation metrics which take into account the presence, placement,
duplication and inflectional correctness of lexical terms in the output
sentence.

2.1 Introduction

The incorporation of an inflected lexicon into Neural Machine Translation
(NMT) enables system developers to adapt the translation to specific
domains, and users to adjust translations of phrases generated by the
translation system.

Phrase-Based Statistical Machine Translation (PB-SMT, Setiawan et al.,
2005) provided control over system output, e.g. by using a domain-specific
lexicon. The shift from phrase tables in PB-SMT to a continuous-valued
representation of text in NMT has made it more difficult to incorporate
lexical constraints into the translation process. The task of integrating
the lexicon and a neural translator is even more challenging for highly
morphological languages, when the lexical items should be correctly
inflected in the output text.

We carry out experiments for translation with inflected lexical constraints.
As the target language of the translation we choose Polish, whose inflec-
tion is typical of the Slavic languages. The number of declination cases is
six, and the verbal groups are inflected by tense, number, and person.
In terms of correct inflection of the output, translation from English to
Polish seems to be a more challenging task than translation in the other
direction.

Unlike in some preceding experiments, we require that the lexicon may
be modified after the model training has been completed. We believe that
in post-editing mode users expect the translation engine to immediately
mirror their adjustments to the lexicon.

2.2 Related Work

One of the first papers that addressed the incorporation of a lexicon into
an NMT system was Arthur et al., 2016. The authors noticed that NMT
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systems tend to produce unexpected output for low-frequency words
(such as names of countries). The solution proposed there consisted in
designing probability lexicons and combining them with probabilities
calculated by an NMT model. Let us note that the motivation for that
research was the avoidance of major translation errors, rather than
domain adaptation.

Anderson et al., 2017 introduced the concept of a Constrained Beam
Search (CBS) in the task of picture captioning. The proposed algorithm
forces the inclusion of selected tag words in the output. The solution
makes it possible to apply, in the caption, words that were never present
in the training data. The method yields the desired results provided that
these out-of-vocabulary tags are based on “ground truth”, such as labels
obtained by reliable object detectors.

The application of CBS for lexical interference in the process of neural text
generation was investigated in Hokamp and Liu, 2017. In the decoding
phase, the beam is limited only to hypotheses, which include predefined
phrases or words. The algorithm called the Grid Beam Search (GBS) may
be used for various text-generation tasks where auxiliary knowledge is
expected to be incorporated into the text output. If applied to translation,
the solution searches for lexical items in the source text and, in positive
cases, imposes the presence of their equivalents on the beam.

Hasler et al., 2018 pointed out a danger in the CBS method resulting
from the lack of correspondence between constraints and the source
words they cover — the placement of the constraint translation in the
output may not be correct. To avoid this undesirable effect, the authors
“employ alignment information between target-side constraints and their
corresponding source words.”

The downside of the above algorithms is their complexity: exponential
(CBS) or linear (GBS) in the number of constraints. Post and Vilar,
2018 introduce an improvement of the GBS algorithm, called Dynamic
Beam Allocation (DBA), which divides the fixed-size beam into “banks”:
sets of hypotheses that satisfy the same number of constraints. The
algorithm depends only on the sentence length and the beam size, being
independent of the number of constraints.

Hu et al., 2019 notice that the use of positive (specific tokens must be
present in the output) or negative (specific tokens must not be generated)
constraints may be useful in rewriting tasks other than translation.
Rewriting (see e.g. Napoles et al., 2016) consists in generating an output
sentence in the same language and similar in meaning to the input.
Examples of such tasks are paraphrasing, question answering and natural
language inference. Hu et al., 2019 regard it as crucial to focus on
complexity issues to speed up the process of constrained text generation.
They develop a “vectorized DBA algorithm with trie representation”,
which speeds up the computations fivefold compared with the standard
DBA algorithm.

Further complexity improvements to constrained NMT are suggested
in Song et al., 2019. They apply the idea of so-called “code-switching”,
which consists in injecting the target terms to the source side of the
training data. The idea is similar to that of using placeholder tags to
stand for rare names (Luong et al., 2015) or named entities (Deng et al.,
2017). The difference is that the direct translations of terms are placed



in the source text instead of tags. The output text is then left untouched.
The authors claim that the idea improves translation because it “does not
hurt unconstrained words.” We believe, however, that in some (not rare)
cases the replacement of the constrained word(s) should have an impact
on the choice of unconstrained words.

Dinu et al., 2019 apply the idea of “code-switching” in two different
scenarios. Depending on the experimental setup the target terms are
placed either beside or in place of their source equivalents.

The code-switching method is faster than the previous implementations
based on constrained decoding (the presence of constraints need not be
verified in the beam). The downside is that it requires interference with
the training data.

Exel et al., 2020 verify the efficiency of the code-switching method in
an industrial scenario. They inject the terminology of the SAP company
into two translation pairs, English-German and English-Russian, and
provide both automatic and human evaluation.

From our point of view, the English-Russian case is more interesting
because it addresses the problem of inflected forms of lexical constraints.
There are two questions of interest to us:

1. How to ensure that the terms are inserted into the target sentence
in the correct inflected form?
2. How to evaluate the correctness of term inflection in the translation?

We could not find answers to the above questions in the paper. Therefore,
we investigated other solutions, such as the Levenshtein Transformer,
introduced in Gu et al., 2019. The method uses “dual policy learning”,
which consists in using two adversary policies during learning: when
training one policy, the output from its adversary at the previous iteration
is used as input. In the Levenshtein Transformer the two policies are
deletion and insertion of a token in the generated text. The idea is
supposed to resemble human intelligence, which sometimes chooses to
delete an item from the text intended as output.

In Susanto et al., 2020 the Levenshtein Transformer was used to incor-
porate lexical constraints in NMT. The idea seemed more appealing to
us than code-switching because it does not interfere with the training
procedure. However, our initial experiments with the methodology did
not succeed — the inflected forms of lexicon entries were not generated
correctly. Finally, we decided to carry out our experiments with the base
Transformer model, as introduced by Vaswani et al., 2017, and design an
algorithm that handles inflected forms of lexical constraints based on the
GBS algorithm.

2.3 Experiments

The purpose of our experiments was to find an efficient solution that
applies lexical constraints in interactive-mode translation into a mor-
phologically rich language. To be more specific, we aimed to develop a
method that would satisfy the following conditions:

» The translation takes into account inflection of lexical items;

2.3 Experiments
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» The training data need not be modified.

2.3.1 Evaluation Metrics

We used the standard BLEU metric for translation quality evaluation on
the untokenized reference sentences. We also wanted to verify whether
the following conditions are satisfied:

1. The target term is present in the output sentence;
2. The target term is properly placed;

3. The target term is not duplicated;

4. The target term is correctly inflected.

Following Exel et al., 2020, we used the Term Rate (TR) to evaluate
condition 1. We define Placement Rate (PR) to evaluate condition 2,
Duplication Rate (DR) to evaluate condition 3, and Inflection Rate (IR) to
evaluate condition 4.

TR = count(terms generated in output)
~ count(terms that appeared in input)

PR = count(terms placed properly in output)
- count(terms generated in output)

count(terms not duplicated in output)
DR = :
count(terms generated in output)

IR = count(terms inflected properly)
~ count(terms generated in output)

2.3.2 Lexical Constraints

The lexical constraints were extracted from Paterson, 2015, a compendium
of Polish and English accounting forms, available under a Creative
Commons license. The number of extracted term pairs was 1197.

We used the Google search engine to obtain inflected forms of Polish
terms. Specifically, we queried the search engine with the base forms
of terms and scraped snippets from the first 20 pages of query results.
We then limited the number of inflected variants to those that covered
95% of cases (we found out that 5% rare cases were more often than not
erroneous). The most frequent number of inflected forms for one term
was between two and five.

This language-agnostic approach allowed us to obtain the most widely
used inflected forms of multi-word phrases, which are not present in
Polish vocabularies such as SGJP,! which only include inflected forms of
single words.



2.3.3 Data Preparation

The direction of translation was from English into Polish. The training
corpus consisted of the Europarl v8, EUBookshop v2, JRC-Acquis v3.0,
TildeMODEL v2018 and Wikipedia v1.0 corpora and most of DGT v2019.
All corpora were downloaded from the OPUS? collection (Tiedemann,
2012) and filtered using the Bicleaner® and Bifixer* (Ramirez-Sanchez et al.,
2020) tools. The size of the training corpus after filtering was 3,103,819
segments.

For the validation set, we used 2000 sentences from the DGT corpus,
removing them from the training set.

For the test sets, for two experiments, we extracted respectively 1000 and
1104 segment pairs from the DGT corpus, making sure that they did not
overlap with either the training set or the validation set. The first test
set contained randomly selected segments in which at least one lexical
term appeared in the source-side segment, regardless of the presence
of target lexical equivalents. We further refer to this experiment as the
general scenario. The second test set contained all segments from the
corpus in which, for each lexical term in the source-side segment, one of
the inflected forms of its lexical equivalent appeared in the target-side
segment. We refer to this as the domain-specific scenario.

All of the sets were processed by the BPE algorithm (Sennrich et al., 2016)
with the SentencePiece tool® (Kudo & Richardson, 2018).

2.3.4 Experimental Setup

We carried out our experiments using fairseq® (Ott et al., 2019), a PyTorch-
based open-source sequence modeling toolkit.

We designed a lexicon where for each entry in the source language we
provided multiple inflected forms of the corresponding entry in the target
language, as described in 2.3.2. In order to use constrained decoding, we
trained the Transformer model with a base configuration of six encoding
and decoding layers, as introduced by Vaswani et al., 2017.

To obtain translations with correct inflected forms of lexical constraints,
we introduced the following algorithm, which applies constrained de-
coding:

1. Translate the input sentence without any lexical constraints; calcu-
late its average log-likelihood score.

2. Use the fuzzy search (see below) to check whether all lexical
constraints are satisfied in the translation; end if the answer is
positive.

3. For each unsatisfied lexical constraint:

a) Take all inflected forms of its lexical equivalent from the
lexicon.

b) For each inflected form:
Use lexically constrained decoding to translate the input
sentence with the inflected form required to be present in the
output.
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¢) Select the inflected form for which the translation has the
highest average log-likelihood score.

4. Use lexically constrained decoding to generate the translation with
the list of constraints selected in step 3.

5. Mark the translation as “ok” if the score of the selected translation
is not worse than half of the score of the unconstrained translation;
otherwise mark it as “warning”.

Marking translation output as “warning” allowed us to detect potential
errors in the constrained translation (mismatched context, a missing mor-
phological form), thus making it possible to revert to the unconstrained
translation if an error was detected.

In the fuzzy search (step 2 of the algorithm) we applied the Token Sort
Ratio method, as implemented in the spaczz’ library. The Token Sort
Ratio algorithm splits the compared strings into tokens, sorts each list
of tokens alphabetically and compares the corresponding elements of
the lists using the Levenshtein distance on the level of characters. We
considered the found term to match the search term if the similarity ratio,
calculated by the algorithm, was not lower than 90%.

We used a beam size of 5 for decoding in step 3(b) of the above algorithm.
We used a beam size of 12 in steps 1 and 4.

2.3.5 Evaluation

The baseline for our solution is the translation without lexical constraints.
To assess the effectiveness of our method, we compared it with the
baseline in the general and domain-specific scenarios and verified the
following aspects of its performance:

translation quality (BLEU score);
translation speed (measured in seconds);
Term Rate;

Placement Rate;

Duplication Rate;

Inflection Rate.

S

We performed a manual check to calculate the Term Rate, Placement Rate,
Duplication Rate and Inflection Rate. The BLEU scores were calculated
using the SacreBLEU® tool (Post, 2018).

We calculated separate BLEU scores for the entire test sets and for the
set of sentences for which the constrained decoding was actually used
(i-e. sentences for which the result of unconstrained translation did not
satisfy all of the lexical constraints). Additionally, we calculated the BLEU
score for the scenario where “warning” translations are reverted to the
unconstrained translations. Manual evaluation metrics were calculated
for the entire test sets.

The speed tests were performed on a single NVIDIA RTX 2070 GPU and
the AMD Ryzen 7 3700X 8-core processor, using the entire test sets. When
translating with the lexicon, the first (unconstrained) and last (with all
selected inflected forms) translations were performed with a batch size
of 1, while the search for the correct inflected forms was performed as a
single batch with the size depending on the number of constraints and



their inflected forms. The time spent on the search for the appearance of
lexicon entries was also included. When translating without a lexicon,
we used a batch size of 1.

In the tables of results, we refer to the unconstrained translation as
base, the translation using the lexicon as lexicon, and the translation
using the lexicon with reversion to the original in case of “warning” as
lexicon-revert.

Experiment 1: General Scenario

In this scenario the test set consisted of sentences which contained
lexical terms in the source text, independently of the presence of their
equivalents in the target text.

Constrained decoding was used in the translation of 622 out of 1000
sentences, which corresponds to 62.20% of the entire test set. In these
622 translated sentences, 404 were marked as “ok” and 218 as “warning”.
In the 378 sentences where constrained decoding was not used, the
unconstrained translation satisfied all lexical constraints.

The BLEU results for the experiment are presented in Table 2.1, the
manual evaluation results for the lexicon translation type are presented
in Table 2.2, and translation speed results are presented in Table 2.3.

Translation type  Entire set Constrained sentences

base 42.21 41.67

lexicon 39.91 37.59

lexicon-revert 40.97 39.68
Metric Result
Term Rate 98.90

Placement Rate 90.79
Duplication Rate ~ 97.00
Inflection Rate 76.48

Translation type Time result (s)
base 273.88
lexicon 1200.26

Unsurprisingly, the BLEU results are higher for translation without using
the lexicon. This is consistent with the intuition that in the general scenario
using the lexicon to correct the neural translation leads to a decrease in the
BLEU score. The reversion to the unconstrained translation in situations
where the output was marked “warning” may mitigate this effect to some
extent. The reversion was particularly helpful in situations where the
output from translation with the lexicon was corrupted; for instance,
when constraints were placed at the end of the generated sentence or in
the wrong inflected form, due to mismatched context or absence of the
correct inflected form of the term in the lexicon.

The manual evaluation results indicate that the constraint accuracy in
the general scenario is high for three metrics: Term Rate, Placement Rate
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Table 2.1: BLEU scores obtained in the
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Table 2.2: Results of manual evaluation
of lexicon translation type in the general
scenario

Table 2.3: Translation speed in the gen-
eral scenario



22 | 2 Neural Machine Translation with Inflected Lexicon

Table 2.4: BLEU scores obtained in the
domain-specific scenario

Table 2.5: Results of manual evaluation
of lexicon translation type in the domain-
specific scenario

Table 2.6: Translation speed in the
domain-specific scenario

and Duplicate Rate. Inflection Rate, however, is rather low because of the
missing relevant inflected forms of the terms in the lexicon.

Term Rate is lower than 100% because in a few cases the lexical equivalent
was generated in a different inflected form than any of the forms present
in the lexicon. This is due to the fact that constraints are also divided
into subwords (by the BPE algorithm) before the constrained decoding.
In some rare cases this may lead to the proper generation of constraint
subword units in the output sentence, but to a different constraint form
than is required after the sentence is “de-BPEed”.

Translation speed results show that constrained decoding significantly
slows down the translation process. The decrease in speed is dependent
on the number of constraints and the number of inflected forms of target
lexical terms.

Experiment 2: Domain-specific Scenario

In Scenario 2 we evaluated the effectiveness of lexically constrained
translation for the sentences where all lexical constraints were satisfied
in the reference translation.

Constrained decoding was used in the translation of 150 out of 1104
sentences, which corresponds to 13.59% of the entire test set. In these 150
translated sentences, 143 were marked as “ok” and 7 as “warning”. In
the 954 sentences where constrained decoding was not used, all lexical
constraints were satisfied in the unconstrained translation.

The BLEU results for the experiment are presented in Table 2.4, the
manual evaluation results for the lexicon translation type are presented
in Table 2.5, and translation speed results are presented in Table 2.6.

Translation type  Entire set Constrained sentences

base 42.30 36.17

lexicon 42.76 39.80

lexicon-revert 4273 39.54
Metric Result
Term Rate 99.37

Placement Rate 98.37
Duplication Rate ~ 99.09
Inflection Rate 97.28

Translation type  Time result (s)
base 316.79
lexicon 540.56

The BLEU metric results show that translation with the lexicon leads to
an increase in translation quality when the context of the input sentences
matches the context of the lexicon and when the relevant inflected forms
are present in the lexicon. Reverting to the translation without constraints
in situations where the output was marked as “warning” resulted in a



very slight decrease in the BLEU score. This is probably due to the fact
that such cases were too rare for the results to be reliable.

The manual evaluation results indicate that our method is very effective in
selecting a correct inflected form of the constraint in the domain-specific
scenario. All of the metrics returned high scores, including the Inflection
Rate.

In this scenario, lexical constraints were not satisfied in the unconstrained
translation only in 13.59% of cases. This shows that the neural translation
model itself is capable of generating translations with the correct termi-
nology given adequate context. It is concluded that the use of lexical
constraints in NMT improves translation quality only in scenarios where
the lexicon is highly specific for the translation context.

2.3.6 Examples of Translation with Inflected Lexicon

Table 2.7 shows two examples of sentences translated with and without
the use of inflected lexicon. The lexicon entries consist of a term in
English language with the equivalent in Polish language along with its
comma-separated list of inflectional forms.

Table 2.7: Examples of translation with inflected lexicon

2.4 Conclusions

Lexicon entry
Source sentence

Translation without lexicon

Translation with lexicon

audit committee -> komisja rewizyjna, komisji rewizyjnej,
komisja rewizyjng, komisje rewizyjna

The audit committee should be composed exclusively of
non-executive or supervisory directors.

Komitet ds. audytu powinien sktada¢ sie¢ wylgcznie z
dyrektoréw niewykonawczych lub bedacych cztonkami
rady nadzorczej.

W skfad komisji rewizyjnej powinni wchodzi¢ wytacznie
dyrektorzy niewykonawczy lub bedacy cztonkami rady
nadzorczej.

Lexicon entry
Source sentence

Translation without lexicon

Translation with lexicon

outlay -> naklad, naktadu, naktady, naktadéw

The statement of the beneficiary’s outlay shall be produced
in support of any request for a new payment.

Deklaracje wydatkéw beneficjenta przedstawia sie na
poparcie kazdego wniosku o nowg platnosé.

Deklaracje nakladéw beneficjenta przedstawia sie na
poparcie kazdego wniosku o nowg platnos¢.

2.4 Conclusions

We have examined a new approach to terminology translation into a
morphologically rich language with the use of lexicons. We verified that
our method, based on constrained decoding, enables the selection of
accurate inflected forms of lexical constraints. The method yields an
increase in the BLEU metric score provided that appropriate lexical
variants of terms are present in the lexicon and the input sentence context
is consistent with the lexicon entries. The cost of the algorithm is a
decrease in the translation speed. We proposed new metrics for the
evaluation of terminology translations: Placement Rate, Duplication Rate
and Inflection Rate. The manual evaluation results show that our method
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ensures terminological adequacy and consistency when translating into
a morphologically rich language in domain-specific scenarios.

2.5 Future Work

We believe that there is still much to explore in the field of terminology
translation. In future experiments, we plan to compare our solution with
the code-switching approach (Dinu et al., 2019; Song et al., 2019) and
to investigate methods which do not have such a negative impact on
translation speed as constrained decoding. Another potential direction
for improvement is to design a method that does not require the presence
of multiple inflected forms in the lexicon before translation.
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Approaching English-Polish Machine
Translation Quality Assessment with
Neural-based Methods

Abstract

This paper presents our contribution to the PolEval 2021 Task
2: Evaluation of translation quality assessment metrics. We describe
experiments with pre-trained language models and state-of-the-art
frameworks for translation quality assessment in both nonblind
and blind versions of the task. Our solutions ranked second in the
nonblind version and third in the blind version.

3.1 Introduction

Machine translation quality evaluation is the task of assessing translation
quality based on a reference translation. In the past, traditional machine
translation evaluation metrics such as BLeu (Papineni et al., 2002), METEOR
(Banerjee & Lavie, 2005), or cHRF (Popovi¢, 2015) relied on lexical-level
features between the machine translation hypothesis and the reference
translation. They remain popular to this day due to their computational
speed and the fact that they can be applied to any translation direction.

The rise of Neural Machine Translation (NMT) in recent years has shown
that high-quality NMT systems are often mistreated by lexical-level
evaluation metrics, as such systems can generate correct translation that
is lexically distant from a reference translation.

Recent advances in the field of neural language modeling (Conneau et al.,
2020; Devlin et al., 2019) led to the creation of BERT cosine similarity-
based metrics, such as BERTScore (Zhang* et al., 2020), as well as metrics
trained on human judgments, such as Comet (Rei et al., 2020) and BLEURT
(Sellam et al., 2020). Human judgments include manually assigned
quality scores, such as Direct Assessment (DA) (Graham et al., 2013), but
may also be derived from post-edited translation to calculate post-editing
effort in the form of Human-mediated Translation Edit Rate (HTER) (Snover
et al., 2006).

Machine translation quality estimation (QE) is a different task than
evaluation, as the goal is to predict machine translation quality without
access to a reference translation. Research on QE in recent years has
shown that it is possible to achieve high levels of correlation with human
judgments based only on a source segment and a machine translation
hypothesis (Specia et al., 2020). Existing state-of-the-art frameworks
for QE include Comer (Rei et al., 2020), which allows QE models to be
trained in a reference-free mode and TransQuest (Ranasinghe et al.,
2020), which proposes two new architectures for QE: MoNOTRANSQUEST
and S1AMESETRANSQUEST.

3.1 Introduction ........ 27
3.2 Task Description . . ... 28
3.3 Solutions . ......... 28
3.3.1 Nonblind Task Version
Solution........... 28
3.3.2 Blind Task Version Solu-
tion.............. 29
3.4 Conclusions ........ 30
References ......... 30
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3.2 Task Description

The goal of Task 2 is to investigate metrics for automatic evaluation of
machine translation in the English-Polish translation direction.

The organizers prepared distinct datasets for nonblind and blind versions
of the task. The nonblind dataset consists of the following data: source
segment, machine translation hypothesis, reference translation, and
quality score. The blind dataset consists only of machine translation
hypothesis and its quality score. The segment quality scores were created
by averaging the scores assigned by six human annotators. Unlike most of
the current human judgment-based QE tasks, where scores are assigned
on a continuous scale (Graham et al., 2013), the task utilizes a standard
Likert scale allowing ratings from 1 to 5. The evaluation metric used in
both versions of the task is Pearson’s r correlation score.

The datasets were split into a development set ("dev-0") and two test sets
("test-A" and "test-B"). The first of the test sets ("test-A") was the main test
set during the initial testing phase of the competition and was converted
to the development set with the release of the final test set ("test-B").

Table 3.1 presents statistics of the provided datasets: the number of
segments, the average number of source tokens, the average number
of MT hypothesis tokens, the minimum segment quality score, and the
average segment quality score.

Table 3.1: Statistics of datasets provided by organizers.

Nonblind Blind
Dev-0 Test-A Test-B Dev-0 Test-A Test-B
Segments 485 500 1000 485 500 1000
Avg. tokens (source) 18.22 17.36 17.73 - - -
Avg. tokens (MT hypothesis)  16.23 1549 1578 1755 1649  16.57
Min. score 3.0 2.58 2.92 3.08 2.67 2.0
Avg. score 4.30 4.37 4.38 4.33 4.31 4.40

3.3 Solutions

3.3.1 Nonblind Task Version Solution

Our final solution to the nonblind version of the task is based on Comer.
We used the "test-A" dataset as the training data and the "dev-0" dataset
as the development data.

CoMeET uses pre-trained language model as the encoder for the source
segment, the machine translation hypothesis, and the reference transla-
tion, which are independently encoded. Therefore, we decided to use
HerBERTpArce (Mroczkowski et al., 2021) as the pre-trained encoder
model. We also experimented with XLM-RoBERTa (Conneau et al., 2020)
(XLM-R) as the pre-trained encoder model, but the results were subpar.
It is because HerBERT1 ARG model was trained specifically for the Polish
language and initialized with XLM-RoBERTa weights.

We applied gradual unfreezing and discriminative learning rates (Howard
& Ruder, 2018), meaning that we kept the encoder model frozen for 8



epochs while the feed-forward regressor was optimized with the learning
rate of 3e—5. After 8 epochs, the entire model is fine-tuned but the
learning rate is reduced to le-5 to avoid catastrophic forgetting. All
hyperparameters used for training Comer models are presented in Table
3.4.

We experimented with other state-of-the-art methods for machine transla-
tion evaluation as well. We used BERTScore with contextual embeddings
from the HerBERTy orce model and found that it generates promising
results given that it is based on cosine similarity and is not fine-tuned on
the task data in any way.

Out of the trained metrics, we also experimented with BLeurT and
TransQuEest with MoNoTraNsQuEsT architecture. The BLeurt model was
fine-tuned on the open-source bleurt-base-128 model' with default hyper-
parameters. The TRansQuEest model was fine-tuned on the open-source
English-to-Any model pre-trained on DA? with default hyperparameters.
TransQuEsT is trained only on the source segment and the machine trans-
lation hypothesis and does not take into account the reference translation.
The final results of all methods used in the nonblind version of the task
are presented in Table 3.2.

3.3.2 Blind Task Version Solution

Our final solution to the blind version of the task is based on CoMeT as
well.

The provided dataset contains only machine translation hypotheses in
this scenario. Therefore, we decided to create synthetic source segments
by back-translating the provided machine translation hypotheses into
English by using the open-source OPUS-MT (Tiedemann & Thottingal,
2020) NMT model?, which is based on the Marian (Junczys-Dowmunt
et al., 2018) framework.

We combined all the data from the nonblind dataset with the back-
translated data from the blind dataset. Then, we randomly selected 100
segment pairs as the development set.

The model training procedure is the same as in the nonblind solution. The
only difference is that the Comer model was trained in the reference-free
mode in this scenario. Hyperparameters used for the blind model training
are presented in Table 3.4.

In this version of the task, we also conducted experiments using TRAN-
sQuest. TrRaNsQuEstT model architecture, hyperparameters, and used
pre-trained model were the same as in the solution to the nonblind version
of the task. The final results of all methods used in the blind version of
the task are presented in Table 3.3.

3.3 Solutions 29

1: https://github.com/google-
research/bleurt/blob/master/checkpoints.md

2: https://tharindu.co.uk/TransQuest/models/
sentence_level_pretrained

Table 3.2: Results of the nonblind version
of the task on the "test-B" dataset.

Method Pearson’s r
Cowmer (HerBERT) 57.28
Cowmer (XLM-R) 53.84
BLEURT 57.25
TrRaNSQUEST 55.70
BERTScORE 48.74

3: https:/ /huggingface.co/Helsinki-
NLP/opus-mt-pl-en

Table 3.3: Results of the blind version of
the task on the "test-B" dataset.

Method Pearson’s r
Cowmer (HerBERT) 47.93
Cowmer (XLM-R) 43.52

TraNSQUEST 41.71
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Table 3.4: Hyperparameters used for training Comer models.

Hyperparameter Nonblind model Blind model
Pre-trained encoder model HerBERT} ArGE HerBERT} aArGE
Optimizer Adam (default parameters) AdamW (default parameters)
Learning rate 3e-5and le-5 3.1e-5and le-5
Layer-wise decay - 0.95
Num. of frozen epochs 8 0.3

Batch size 4 2
Accumulated gradient batches 2 4

Loss function MSE MSE
Dropout 0.15 0.15
Feed-forward hidden units 4096, 2048 2048, 1024
Feed-forward activation function Tanh Tanh

4: https:/ /github.com/arturnn/
poleval2021-qe

3.4 Conclusions

We presented our contribution to the PolEval 2021 Task 2: Evaluation of
translation quality assessment metrics.

The experiments consisted in comparing state-of-the-art methods for
translation quality assessment in the English-Polish translation direction.
The final solutions are based on the Comer framework. The solutions
achieved second and third place in the nonblind and blind versions of the
task, respectively. In the blind version of the task, we presented a procedure
for creating a synthetic source segment input by back-translating machine
translation hypothesis. All of the described methods are also worth
further investigation in future experiments, as they generate competitive
results.

The code and models used for creating the solutions are open-source
and available on GitHub*.
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Adam Mickiewicz University’s English-Hausa
Submissions to the WMT 2021 News Translation

Abstract

This paper presents the Adam Mickiewicz University’s (AMU) sub-
missions to the WMT 2021 News Translation Task. The submissions
focus on the English«>Hausa translation directions, which is a
low-resource translation scenario between distant languages. Our
approach involves thorough data cleaning, transfer learning using
a high-resource language pair, iterative training, and utilization of
monolingual data via back-translation. We experiment with NMT
and PB-SMT approaches alike, using the base Transformer architec-
ture for all of the NMT models while utilizing PB-SMT systems as
comparable baseline solutions.

4.1 Introduction

We describe the Adam Mickiewicz University’s submissions to the
WMT 2021 News Translation Task. We focused on translation between
Hausa and English — a low-resource translation scenario between distant
languages. Our methods combine data cleaning with OpusFilter (Aulamo
et al., 2020) and fastText (Joulin et al., 2016), transfer learning (Aji et al.,
2020; Zoph et al., 2016), iterative training, and back-translation (Sennrich
et al., 2016a).

All NMT models were trained with rairseq (Ott et al., 2019), while the
first iteration of the back-translation was generated with Moses (Koehn
et al., 2007).

The results presented in the paper are based on the first released develop-
ment set ("Dev-1"), which consists of 1000 sentences, the final development
set ("Dev-full"), which adds additional 1000 sentences to the first develop-
ment set, and the released test set without additional test suites ("Test").
The test set consists of 1000 sentences in English—Hausa direction and
997 sentences in Hausa—English direction.

The final submissions significantly outperform the vanilla NMT baselines
in terms of BLEU (Papineni et al., 2002) metric results, as implemented
in SacreBLEU (Post, 2018) with default settings.

All systems were trained in a constrained scenario i.e., using the data
provided by the organizers of WMT 2021 only.

4.2 Data Preparation

The quality of the training data has a great impact on the final performance
of the NMT models (Rikters, 2018). The data preparation consisted of
data cleaning and filtering performed by using OpuskFilter (Aulamo et al.,
2020) pipelines. We specified separate pipelines for monolingual and
parallel data. Data cleaning phase consisted of normalizing punctuation,

Task
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removing non-printable characters, and decoding HTML entities by
using Moses (Koehn et al., 2007) pre-processing scripts.

We applied subword segmentation on filtered data by using SentencePiece
(Kudo & Richardson, 2018) tool with byte-pair-encoding (BPE) (Sennrich
et al., 2016b) algorithm. The corpora we used for model training, along
with the number of sentences before filtering, are specified in Table 4.1.
Number of sentences after filtering is presented in Table 4.2.

Table 4.1: Corpora statistics before filtering.

Data type Sentences Corpora
Parallel en-ha 751,560 Khamenei, Opus, ParaCrawl
Monolingual en 41,428,626 News crawl (only 2020)

Monolingual ha 2,311,959

News crawl, CommonCrawl

Parallel de-en 8,600,361

Tilde Rapid, CommonCrawl, Europarl, News commentary, ParaCrawl

Data type Sentences

Monolingual en 39,812,834
Monolingual ha 1,227,921
Parallel ha-en 494,246

Table 4.2: Monolingual corpora statistics
after filtering.

Monolingual data filtering For the monolingual data filtering, we
defined an OpusFilter pipeline that consists of the following filters:

» deduplication filter,

» sentence length filter,

» word length filter,

» Latin character score filter,

» language identification filter.

The sentence length filter requires that the sentence contain a minimum
of 3 and a maximum of 100 words. A maximum of 40 characters is
required for the word length. The required Latin character score for
a sentence is set to 100%. Language identification filter is based on a
fastText (Joulin et al., 2016) language identifier. The open-source fastText
language identification models do not identify Hausa, so we used the
JW300 corpus from the English-Hausa Opus collection to train our
custom language identifier. A sentence must pass all filters to be included
in the training data.

Parallel data filtering The filters used in the parallel data filtering
pipeline are nearly identical to those used in the monolingual data filtering
pipeline. Filters are applied to both the source and target sentences in
this scenario. We also included a length ratio filter with a threshold of 2,
indicating that a sentence on the source side can be up to twice as long
as a sentence on the target side and vice versa.

A similar pipeline was applied to the German-English data that was
used for transfer learning. We downsampled 3M sentence pairs from
ParaCrawl due to the imbalance in the German-English data.

4.3 Approach

Our models combine transfer learning from a high-resource language
pair (German-English), iterative training, and back-translation. We used
FAIRSEQ (Ott et al., 2019) toolkit in our experiments with NMT models,



while we used Moses (Koehn et al., 2007) toolkit for our experiments
with PB-SMT models.

All of our NMT models follow the base Transformer architecture (Vaswani
et al.,, 2017), using ReLU as the activation function and Adam (Kingma &
Ba, 2015) as the optimizer with the following parameters: 51 = 0.9, 5 =
0.98, € = 1e—8. We set the inverse square root learning rate scheduling
with a peak value of 1e—3. We used learning rate warmup stage for 4000
updates with initial learning rate of 1e—7. Dropout probability was set to
0.2, while the attention dropout probability was set to 0.1. We also used
label smoothing with a value of 0.1. In the case of baseline English-Hausa
models, the joint vocabulary was based on both English and Hausa data.
In all cases, the vocabulary size was set to 32,000.

The PB-SMT models were trained with default settings with Moses (Koehn
et al., 2007) toolkit. In addition, we trained a 5-gram Operation Sequence
Model (Durrani et al., 2013). All language models are 5-gram models
and were binarized with KenLM (Heafield et al., 2013). The models were
trained on tokenized, word-level, lowercased sentences. Re-casing was
applied to the model outputs. After training the base models, we also
applied MERT (Minimum Error Rate Training) (Bertoldi et al., 2009; Och,
2003) tuning on the development set.

4.3.1 Baseline Systems

We decided to train baseline models of two types: vanilla Transformer
(base) and PB-SMT. The experiments conducted on the first release of
the development set showed that PB-SMT performs significantly better
than NMT: we achieved +1.8 BLEU score on Hausa—English and +0.7
on English—Hausa. Based on these results, we decided to use PB-SMT
models to generate data for the first iteration of iterative training.

When the test set was published, we computed the scores for the baselines.
To our surprise, the scores obtained by NMT are much higher than PB-
SMT, especially in the Hausa—English direction.

System HA — EN EN — HA
Dev-1 Test Dev-1 Test

NMT baseline 12.21 1144 10.28 11.05

PB-SMT baseline  14.00 6.59 11.02 9.36

4.3.2 Transfer Learning

According to recent studies, transfer learning (TL) enhances translation
quality in low-resource scenarios (Aji et al., 2020; Zoph et al., 2016). We
chose the German— English translation direction as a base. In general, we
followed (Nguyen & Chiang, 2017) and trained a shared Hausa-German-
English vocabulary (BPE). Then, we trained a German—English model
using parallel data from the WMT 2021 Translation Task, which was
filtered similarly to Hausa-English data. Finally, we used the Hausa-
English data to fine-tune the pre-trained German—English model. We
obtained a BLEU score of 13.31 on the "Dev-1" development set (+1.1

4.3 Approach | 35

Table 4.3: Baseline results according to
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ric.
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Table 4.4: Iterative back-translation re-
sults of the NMT systems on the "Dev-1"
development set according to the auto-
matic evaluation with BLEU metric.

Table 4.5: Final results according to the
automatic evaluation with BLEU metric.

BLEU compared to the NMT baseline), which was lower than the PB-SMT
baseline.

4.3.3 Iterative Back-Translation

Monolingual data has been widely employed in MT to enrich parallel
corpora with synthetic data to improve the quality of MT systems,
particularly in low-resource scenarios (Bertoldi & Federico, 2009; Bojar
& Tamchyna, 2011). We applied the back-translation technique (Edunov
et al., 2018) iteratively (Hoang et al., 2018) to translate Hausa and English
monolingual data into the other language, using intermediate models to
generate incrementally better translations.

1. First, we used the best baseline model (PB-SMT based on Moses) in
English—Hausa direction to translate 5M English sentences into
Hausa.

2. We used this additional data to train the Hausa—English model
by applying transfer learning from the German—English model.
We upsampled the original parallel data 10 times to match the size
of the back-translated data. We used the resulting NMT model to
translate all Hausa monolingual data into English via sampling.

3. We combined the obtained back-translated data with the original
parallel corpora to train the English—Hausa model in a manner
similar to step 2, with the exception that we did not upsample the
parallel data in this scenario due to the fact that back-translated
data was generated through sampling.

4. This technique was applied iteratively, resulting in the systems
shown in Table 4.4. In all Hausa—English systems except the
last, we utilized 5M English monolingual sentences in the model
training; in the last system, we used 25M sentences. We used all
accessible Hausa monolingual data in all English—Hausa systems.

System HA — EN EN — HA

1 16.22 -
2 - 13.04
3 20.05 -
4 - 14.38
5 22.85 -
6 - 14.77

4.4 Final Results

Table 4.5 presents the final results for both the English—Hausa and
Hausa—English translation directions for both the development and test
sets. These results were produced by the final models from the iterative
back-translation step described in section 4.3.3.

Direction Dev-1 Dev-full Test
EN — HA 1477 21.21 16.15
HA — EN 22.85 25.23 14.13




We notice a severe decrease in BLEU metric results on the test set as
compared to the development set, particularly in the Hausa—English
direction. This could suggest a domain shift between the two sets. Be-
cause our models are heavily based on the back-translated data, some
vocabulary, especially proper names, may be missing from the training
data.

4.5 Post-submission Work

Due to a lack of computing power and time, our experiments and
submissions were based on single model training. After the submission
deadline, we retrained the final models three times with different seeds.
Table 4.6 presents the results for the ensemble of four models in both
directions. We obtained slight improvements on both test sets, but the
differences are insignificant. On the other hand, the ensemble performed
worse on the development set, especially on the first version.

Direction Dev-1 Dev-full Test
EN — HA 14.68 21.00 16.34
HA —- EN 21.24 26.25 14.87
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Adam Mickiewicz University at WMT 2022:
NER-Assisted and Quality-Aware Neural
Machine Translation

Abstract

This paper presents Adam Mickiewicz University’s (AMU) submis-
sions to the constrained track of the WMT 2022 General MT Task.
We participated in the Ukrainian <> Czech translation directions.
The systems are a weighted ensemble of four models based on the
Transformer (big) architecture. The models use source factors to
utilize the information about named entities present in the input.
Each of the models in the ensemble was trained using only the data
provided by the shared task organizers. A noisy back-translation
technique was used to augment the training corpora. One of the
models in the ensemble is a document-level model, trained on
parallel and synthetic longer sequences. During the sentence-level
decoding process, the ensemble generated the n-best list. The n-best
list was merged with the n-best list generated by a single document-
level model which translated multiple sentences at a time. Finally,
existing quality estimation models and minimum Bayes risk decod-
ing were used to rerank the n-best list so that the best hypothesis
was chosen according to the COMET evaluation metric. According
to the automatic evaluation results, our systems rank first in both
translation directions.

5.1 Introduction

We describe Adam Mickiewicz University’s submissions to the con-
strained track of the WMT 2022 General MT Task. We participated in the
Ukrainian <> Czech translation directions — a low-resource translation
scenario between closely related languages.

The data provided by the shared task organizers was thoroughly cleaned
and filtered, as described in section 5.2.

The approach described in section 5.3 is based on combining various
MT enhancement methods, including transfer learning from a high-
resource language pair (Aji et al., 2020; Zoph et al., 2016), noisy back-
translation (Edunov et al., 2018), NER-assisted translation (Modrzejewski
etal., 2020), document-level translation, model ensembling, quality-aware
decoding (Fernandes et al., 2022), and on-the-fly domain adaptation (Fara-
jian et al., 2017).

The results leading to the final submissions are presented in section 5.4.
Additionally, we performed a statistical significance test with paired
bootstrap resampling (Koehn, 2004), comparing the baseline solution
with the final submission on the test set reference translations released
by the shared task organizers. According to the automatic evaluation
results based on COMET (Rei et al., 2020) scores, our systems rank first
in both translation directions.

51 Introduction ........ 41
52 Data ............. 42
53 Approach.......... 42
5.3.1 Transfer Learning . . . . . 42

5.3.2 Noisy Back-Translation . 43
5.3.3 NER-Assisted Translation 43
5.3.4 Document-Level Transla-

tion.............. 44
5.3.5 Weighted Ensemble . .. 45
5.3.6 Quality-Aware Decoding 45
5.3.7 Post-Processing . . . . .. 46
5.3.8 On-The-Fly Domain

Adaptation . ........ 47
54 Results ........... 47
5.5 Conclusions ........ 48

References . ........ 49



42 | 5 Adam Mickiewicz University at WMT 2022: NER-Assisted and Quality-Aware Neural Machine Translation

Table 5.1: Statistics of the total available corpora and the corpora used for system training after filtering.

Data type Sentences Corpora
Monolineual available 448,528,116 News crawl, Europarl v10, News Commentary, Common
OHNEUALES  1sed 59,999,553 Crawl, Extended Common Crawl, Leipzig Corpora
. available 70,526,415 News crawl, UberText Corpus, Leipzig Corpora, Legal
Monolingual uk (4 59,152,329  Ukrainian
Parallel cs-uk ~ 2Vallable 12630806 510 wirin oy ELRC - BU acts in Ukrainian
used 8,623,440
5.2 Data

In the initial stage of system preparation, the sentence-level data was
cleaned and filtered using the OpusFilter (Aulamo et al., 2020) toolkit.
With the use of the toolkit, language detection filtering based on fast-
Text (Joulin et al., 2016) was performed, duplicates were removed, and
heuristics based on sentence length were applied. In particular, we re-
moved sentence pairs with a length ratio over 3 and long sentences
(> 200 words). Then, using Moses (Koehn et al., 2007) pre-processing
scripts, punctuation was normalized and non-printing characters re-
moved. Finally, the text was tokenized into subword units using Senten-
cePiece (Kudo & Richardson, 2018) with the unigram language model
algorithm (Kudo, 2018). For Ukrainian—Czech and Czech— Ukrainian
models trained from scratch, we used separate vocabularies for the source
and the target language. Each vocabulary consisted of 32,000 units.

We used concatenated data from the Flores-101 (Goyal et al., 2022)
benchmark (flores101-dev, flores101-devtest) for our development set, as
provided by the task organizers.

Table 5.1 shows statistics for the total available corpora in the constrained
track and the corpora used for system training after filtering.

5.3 Approach

We used the Marian (Junczys-Dowmunt et al., 2018) toolkit for all of our ex-
periments. Our model architecture follows the Transformer (big) (Vaswani
et al., 2017) settings. For all model training, we used 4x NVIDIA A100
80GB GPUs.

5.3.1 Transfer Learning

For our initial experiments, we used transfer learning (Aji et al., 2020;
Zoph et al., 2016) from the high-resource Czech—English language pair.
We used only the parallel data provided by the organizers to train the
model in this direction. In this case, we created a single joint vocabulary
for three languages (Czech, English, Ukrainian), consisting of 32,000 units.
The Czech—English model was fine-tuned for the Ukrainian—Czech and
Czech— Ukrainian language directions. Our later experiments showed
that there were no gains in translation quality compared with models
trained from scratch using separate vocabularies for source and target



languages — the upside was that the models took less time to converge
during training.

5.3.2 Noisy Back-Translation

We used models created by the transfer learning approach to produce
synthetic training data through noisy back-translation (Edunov et al.,
2018). Specifically, we applied Gumbel noise to the output layer and
sampled from the full model distribution. We used monolingual data
available in the constrained track, which included all ~59M Ukrainian
sentences after filtering and ~60M randomly selected Czech sentences.

After training the model with concatenated parallel and back-translated
corpora, we replaced the training data with filtered parallel data and
further fine-tuned the model. We kept the same settings as in the first
training pass, training the model until it converged on the development
set.

5.3.3 NER-Assisted Translation

Translation in domains such as news, social or conversational texts,
and e-commerce is a specialized task, involving such challenges as
localization, product names, and mentions of people or events in the
content of documents. In such a case, it proved helpful to use off-the-shelf
solutions for recognizing named entities. For Czech, the Slavic BERT
model (Arkhipov et al., 2019) was used, with which entities such as
persons (PER), locations (LOC), organizations (ORG), products (PRO),
and events (EVT) were tagged. Due to the lack of support for the Ukrainian
language in the Slavic BERT model, the Stanza Named Entity Recognition
module (Qi et al., 2020) was used to detect entities in the Ukrainian
text, recognizing persons (PER), locations (LOC), organizations (ORG),
and miscellaneous items (MISC). With these ready-made solutions, the
parallel and back-translated corpora were tagged. The named entity
categories were then numbered to assign appropriate source factors to
words in the text, supporting the translation process. The source factors
were later transferred to subwords in a trivial way.

Source factors (Sennrich & Haddow, 2016) have previously been used to
take into account various characteristics of words during the translation
process. For example, morphological information, part-of-speech tags,
and syntactic dependencies have been added as input to neural machine
translation systems to improve the translation quality.

In the same way, it is possible to add information about named entities
found in the text (Modrzejewski et al., 2020), making it easier for the
model to translate them correctly. However, the AMU machine translation
system does not distinguish between inside-outside-beginning (IOB)
tags (Ramshaw & Marcus, 1995), treating the named entity tag names as
a whole. Specifically, we introduce the following source factors:

» pO: source factor denoting a normal token,

» pl: source factor denoting the PER category,
» p2: source factor denoting the LOC category,
» p3: source factor denoting the ORG category,

5.3 Approach
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» p4: source factor denoting the MISC category,
» p5: source factor denoting the PRO category,
» p6: source factor denoting the EVT category.

An example of a tagged sentence is shown in Figure 5.1.

Models were trained in two settings: concatenation and sum. In the first
setting, the factor embedding had a size of 16 and was concatenated with
the token embedding. In the second setting, the factor embedding was
equal to the size of the token embedding (1024) and was summed with
it.

As shown in Table 5.4, we observe an increase in the string-based
evaluation metrics (chrF and BLEU) while COMET scores remain about
the same. This is in accordance with Amrhein and Sennrich (2022), who
show that COMET models are not sufficiently sensitive to discrepancies
in named entities.

Table 5.2 presents the numbers of recognized named entity categories in
the training, development and test data.

Hlavni|p@ inspektor|p® organizace|pO® RSPCA|p3 pro|p® Novy|p2 Jizni|p2 Wales|p2
David|pl 0’Shannessy|pl televizi|pO ABC|p5 sdélil|p@ ,|p@ Ze|p0® dohled|p® nad|p®
jatky|pO a|p® jejich|pO® kontroly|pO by|p@® mély|p@ byt|pO v|pO Austrdlii|p2
samoziejmosti|pO .|p@

_Hlavni|p® _inspektor|p® _organizace|p® _R|p3 SP|p3 CA|p3 _pro|p0® _Novy|p2 _Jizni|p2
_Wales|p2 _David|pl _0|pl ’'|pl S|pl han|pl ness|pl y|pl _televizi|p® _A|p5 BC|p5
_sdélil|p0 ,|p0 _Ze|pO® _dohled|p® _nad|pO® _ja|pd tky|pO _a|pO® _jejich|p® _kontroly|p®
_by|p0 _mély|p0 _byt|p0 _v|pO _Austrdlii|p2 _samoziejmost|p0® i|p® .|pO

Figure 5.1: An example of a sentence tagged with NER source factors before and after subword encoding.

Table 5.2: The number of recognized named entity categories in the training, development and test data. The training data statistics are
split into train-bt, which was created by noisy back-translation, and train-parallel, which is the filtered parallel training data.

cs uk
Category train-bt train-parallel dev test train-bt train-parallel dev test
PER 33,633,602 1,545,658 747 306 | 30,778,893 1,623,370 827 478
LOC 24,552,404 1,954,319 1,191 454 | 18,178,736 1,912,604 1197 771
ORG 29,380,436 1,997,685 566 314 | 24,117,485 2,221,371 544 606
MISC - - - - | 4,140,394 893,867 168 76
PRO 5,452,326 1,104,860 172 59 - - - -
EVT 1,150,301 111,563 83 10 - - - -

5.3.4 Document-Level Translation

Our work on document-level translation is based on a simple data
concatenation method, similar to Junczys-Dowmunt (2019) and Scherrer
et al. (2019).

As our training data, we use parallel document-level datasets (GNOME,
KDE4, TED2020, QED), as well as synthetically created data, concatenat-
ing random sentences to match the desired input length. Specifically, we
merge datasets created in the following ways as a single, large dataset:

» Curr — Curr: sentence-level parallel data,



Prev + Curr — Prev + Curr: previous sentence given as a context,
50T — 50T: a fixed window of 50 tokens after subword encoding,
100T — 100T: a fixed window of 100 tokens after subword encoding,
250T — 250T: a fixed window of 250 tokens after subword encoding,
500T — 500T: a fixed window of 500 tokens after subword encoding.

vVvyYvyyvyy

By concatenating such datasets, we allow the model to gradually learn
how to translate longer input sequences. It is also capable of sentence-
level translation. To separate sentences from each other, we introduced a
<SEP> tag. An example of a document-level input sequence is shown in
Figure 5.2. All data used to train the document-level model were tagged
with NER source factors, including the back-translated data.

5.3 Approach

Netvrdim, Ze bakteridlni celuléza jednou nahradi bavlnu, kdzi, nebo jiné 1l&atky.
<SEP> Ale myslim, Ze by to mohl byt chytry a udrzitelny prirlstek k nasim stale
vzacnéjsim prirodnim zdrojim. <SEP> MoZna Ze se nakonec tyto bakterie neuplatni
v médé, ale jinde. <SEP> Zkuste si tfeba predstavit, ze si vypéstujeme lampu,
7idli, auto, nebo tFeba dim. <SEP> M& otédzka tedy zni: Co byste si v budoucnu

nejradéji vypéstovali vy?

Figure 5.2: An example document consisting of five sentences separated with <SEP> tags.

5.3.5 Weighted Ensemble

We created a weighted ensemble of four best-performing models. It
consisted of the following model types:

» (A) sentence-level models trained with NER source factors (concat
16),

» (B) sentence-level model trained with NER source factors (sum),

» (C) document-level model trained with NER source factors (concat
16).

In this case, the document-level model was used only for the sentence-
level translation. The optimal weights for each model were selected
using a grid search method. For the specific language pairs, we used the
following model and weight combinations:

» Czech — Ukrainian: 1.0 - (2XA) + 0.8 - (B) + 0.6 - (C),
» Ukrainian — Czech: 1.0 - (2xXA) + 0.8 - (B) + 0.4 - (O).

5.3.6 Quality-Aware Decoding

Having the final model ensemble, we created an n-best list containing 200
translations for each sentence with beam search. Then we merged it with
a second n-best list containing 50 translations for each sentence, created
by a single document-level model with document-level decoding. The
idea behind it was that the hypotheses produced by the document-level
decoding take into account the context of surrounding sentences, which
is not the case with the ensemble. This enabled the use of quality-aware
decoding (Fernandes et al., 2022).

We applied a two-stage quality-aware decoding mechanism: pruning
hypotheses using a tuned reranker (T-RR) and minimum Bayes risk
(MBR) decoding (Kumar & Byrne, 2002, 2004), as shown in Figure 5.3.
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200 PY

. ensemble {.
Figure 5.3: A two-stage (T-RR — MBR) h :
quality-aware decoding process. 200 hy- yps L]
potheses generated by the ensemble are + T-RR o MBR
merged with 50 hypotheses generated 50 ° —> 50 : — e
by the document-level model. A tuned ° [ ]
reranker is used to prune the total num- document
ber of hypotheses to 50, and these are level hyps (e
then used as input for minimum Bayes
risk decoding.

First, we tuned a reranker on the development set, using as features NMT
model scores, as well as existing QE models based on TransQuest (Ranas-
inghe et al., 2020) and COMET (Rei et al., 2020), which are based on
Direct Assessment (DA) (Graham et al., 2013) scores or MQM (Lommel
et al., 2014) scores. Specifically, we used:

» model ensemble log-likelihood log pg(y|x) scores,

» TransQuest QE model trained on DA scores (monotransquest-da-
multilingual),

» COMET QE model trained on MQM scores (wmt21-comet-qge-mgm),

» COMET QE model trained on DA scores (wmt21-comet-qge-da).

We tuned the feature weights to maximize the COMET reference-based
evaluation metric value using MERT (Och, 2003).

After tuning the reranker, we used it to prune the n-best list from 250
to 50 hypotheses per input sentence. The resulting n-best list was used
for minimum Bayes risk decoding, using the COMET reference-based
metric as the utility function. Minimum Bayes risk decoding seeks, from
the set of hypotheses, the hypothesis with the highest expected utility.

:QMBR = arg n}ax [EY~pg(y|x)[u(Y/ ]/)] (5.1)
yeY

Equation 5.1 shows that the expectation can be approximated as a Monte
Carlo sum using model samples y @, ..., y™) ~ py(y|x). In practice, the
translation with the highest expected utility can be chosen by comparing
each hypothesis y € % with all other hypotheses in the set.

The described two-stage quality-aware decoding process allowed us to
further optimize our system for the COMET evaluation metric, which has
been shown to have a high correlation with human judgements (Kocmi
etal., 2021).

5.3.7 Post-Processing

The final step involved post-processing. We applied the following post-
processing steps for each best obtained translation:

» transfer of emojis from the source to the translation using word
alignment based on SimAlign (Jalili Sabet et al., 2020),
» restoration of quotation marks appropriate for a given language,



» restoration of capitalization (e.g. if the source sentence was fully
uppercased),

» restoration of punctuation, exclamation and question marks (if a
source sentence ends with such a mark, we make the translation
do likewise),

» replacement of three consecutive dots with an ellipsis,

» restoration of bullet points and enumeration (e.g. if the source
sentence starts with a number or a bullet point),

» deletion of consecutively repeated words.

Approach Sim.score COMET chrF

Baseline - 0.8322 0.5263
Default 0.4 0.8316 0.5260
Best-334 0.19 0.8322  0.5259
Best-133 0.25 0.8323  0.5262

5.3.8 On-The-Fly Domain Adaptation

The General MT Task tests the MT system’s performance on multiple
domains. Therefore, we investigated the possibility of improving our
translation system with the on-the-fly domain adaptation method.

This experiment was based on Farajian et al. (2017). Our idea was to
retrieve similar sentences from the training data for each input sentence
and to fine-tune the model on their translations. After the translation of a
single sentence is complete, the model is reset to the original parameters.
We used Apache Lucene (McCandless et al., 2010) as our translation
memory to search for similar sentences. We indexed all of the training
data and used the Marian dynamic adaptation feature. We compared
the translation quality with and without the retrieved context. The
experiments were carried out with a different similarity score used to
choose similar sentence pairs for the fine-tuning process. We empirically
modified the learning rate and the number of epochs to find optimal
values that improved the translation quality.

Table 5.3 shows the results of the aforementioned experiments on the
full development set. We found that only a small number of sentences in
the training data were similar to those present in the development set.
The results showed that tuning the model on similar sentences from the
training data did not significantly improve translation quality. In the end,
we decided not to use this method in our WMT 2022 submission.

5.4 Results

The results of our experiments are presented in Table 5.4. We evaluated
our models with the COMET! (Rei et al., 2020), chrF (Popovié, 2015) and
BLEU (Papineni et al., 2002) automatic evaluation metrics. ChrF and
BLEU scores were computed with the sacreBLEU?2 (Post, 2018) tool. We
also include scores for the document-level model. In this case, the scores

5.4 Results 47

Table 5.3: Results of the on-the-fly adap-
tation method on the development set.
The default approach is based on Fara-
jian et al. (2017). However, only 11 sen-
tence pairs were found in this scenario.
The experiments denoted as best-334 and
best-133 used the learning rate values of
0.002 and 10 epochs. In our development
set containing 2009 sentence pairs, 334
matching sentences were found in best-
334 and 133 in best-133.

1: COMET scores were computed with
the wmt20- comet -da model.

2: BLEU signature:

nrefs:1| case:mixed | eff:no | tok:13a

| smooth:exp | version:2.0.0

3: chrF signature:
nrefs:1| case:mixed | eff:yes | nc:6 | nw:0
| space:mno | version:2.0.0
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include improvements added by back-translation, NER source factors
and fine-tuning. The document-level evaluation was split into sentence-
level decoding and document-level decoding. In the first scenario, the
model translates a single sentence at a time, which is not different from
a sentence-level model. In the second scenario, the model translates
concatenated chunks of at most 250 subword tokens at a time.

We found that the largest gain in the COMET value was achieved due
to the quality-aware decoding method, at the cost of BLEU value. The
chrF value remained the same in the Ukrainian—Czech translation
direction, while it increased slightly in the Czech— Ukrainian direction.
As discussed in section 5.3.3, the inclusion of NER source factors helped
the model with the translation of named entities, which is not well
reflected in the COMET value, as this metric is not sufficiently sensitive
to discrepancies in named entities (Amrhein & Sennrich, 2022).

Table 5.5 shows results for our final submissions compared with the
baseline. We performed a statistical significance test with paired bootstrap
resampling (Koehn, 2004), running 1000 resampling trials to confirm that
our submissions are statistically significant (p < 0.05).

Table 5.4: Results of COMET, chrF and BLEU automatic evaluation metrics on the concatenated datasets floresl01-dev and flores-101-
devtest. ChrF and BLEU metrics were computed with sacreBLEU. Document-level model evaluation includes added back-translation,
NER source factors (concat 16) and fine-tuning.

System uk—cs cs—uk
COMET chrF BLEU | COMET chrF BLEU
Baseline (transformer-big) 0.8622 0.5229  24.29 0.7818 0.5175 22.64
+back-translation 0.9053 0.5309 25.41 0.8356 0.5280 23.14
+ner concat 16 0.9003 0.5314 25.62 0.8362 0.5309 24.28
sum 0.8991 0.5323  25.87 0.8421 0.5302 2391
fine-tune concat 16 0.9021 0.5344 2594 0.8387 0.5330 24.51
sum 0.8990 0.5357  25.99 0.8456 0.5321 24.24
+ensemble 0.9066 0.5376  26.36 0.8522 0.5373  24.85
+quality-aware 0.9874 0.5376  25.42 0.9238 0.5384 24.50
+post-processing 0.9883 0.5392  25.89 0.9240 0.5388  24.63
Document-level sent-level dec. 0.8942 0.5326  25.47 0.8350 0.5289 23.92
doc-level dec. 0.8920 0.5324 25.44 0.8356 0.5297  23.78

Table 5.5: Results of COMET, chrF and BLEU automatic evaluation metrics on the test set. ChrF and BLEU metrics were computed with
sacreBLEU. The final submission results are statistically significant (p < 0.05).

uk—cs cs—uk
COMET chrF BLEU | COMET <chrF BLEU
Baseline (transformer-big) 0.8315 0.5627  31.79 0.8008 0.5849 3143
Final submission 1.0488 0.6066 37.03 0.9944 0.6153 34.74

System

5.5 Conclusions

We describe Adam Mickiewicz University’s (AMU) submissions to the
WMT 2022 General MT Task in the Ukrainian <> Czech translation
directions. Our experiments cover a range of MT enhancement methods,
including transfer learning, back-translation, NER-assisted translation,
document-level translation, weighted ensembling, quality-aware decod-
ing, and on-the-fly domain adaptation. We found that using a combination



of these methods on the test set leads to a +0.22 (26.13%) increase in
COMET scores in the Ukrainian—Czech translation direction and a +0.19
(24.18%) increase in the Czech—Ukrainian direction, compared with the
baseline model. According to the COMET automatic evaluation results,
our systems rank first in both translation directions.
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A Neural Translator Designed to Protect the
Eastern Border of the European Union

Abstract

This paper reports on a translation engine designed for the needs
of the Polish State Border Guard. The engine is a component of
the Al Searcher system, whose aim is to search for Internet texts,
written in Polish, Russian, Ukrainian or Belarusian, which may
lead to criminal acts at the eastern border of the European Union.
The system is intended for Polish users, and the translation engine
should serve to assist understanding of non-Polish documents. The
engine was trained on general-domain texts. The adaptation for
the criminal domain consisted in the appropriate translation of
criminal terms and proper names, such as forenames, surnames
and geographical objects. The translation process needs to take
into account the rich inflection found in all of the languages of
interest. To this end, a method based on constrained decoding that
incorporates an inflected lexicon into a neural translation process
was applied in the engine.

6.1 Introduction

The Internet, even in its legal form, may be a source of criminal infor-
mation. Government bodies all over the world search through Internet
sites for potentially criminal texts, to prevent certain acts to which such
texts may give rise. For example, the Polish State Border Guard, whose
function is to protect the eastern border of the European Union, tracks
texts that may concern criminal activities such as general smuggling,
trafficking of drugs, medicines, alcohol and cigarettes, people trafficking,
human organs trafficking, weapons and explosives, sex crime, document
fraud, and trafficking of stolen cars and machines. Two factors make
this task difficult for employees of the State Border Guard. Firstly, the
texts of interest are sparse and not easy to detect. The problem of the
detection of such texts is tackled in Nowakowski and Jassem, 2021a.
Secondly, criminal texts may appear in foreign languages, not known to
a particular employee. In such cases a machine translation engine may
be of significant help to the user.

This paper describes a neural translator designed for the needs of the
Polish State Border Guard. The translator is a component of a system
designed to search for and store criminal content. The system is being
developed within a research project entitled “Advanced Internet analysis
supporting the detection of criminal groups”! (the project’s short name
is Al Searcher). The architecture of the Al Searcher system is described in
section 6.2. Section 6.3 reports on the data that was used for the training
of language pairs applied in the system. Section 6.4 describes how the
translation engine was adapted to the domain of criminal texts. Details
on the lexicalized translation methods applied in the adaptation are
presented in section 6.5. Section 6.6 gives a few examples that show the
difference between adapted and unadapted translation. We conclude the
paper with some insights relevant to future work.
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6.2 The AI Searcher Project

The Al Searcher project was launched in December 2018. This three-year
program has the aim of developing a system to support the protection
of the eastern border of the European Union by searching the Internet
for criminal texts that may be of interest to employees of the Polish
State Border Guard. The user scenario is the following: The employee
of the State Border Guard types an inquiry into an edit window. The
Query Expansion Module expands the inquiry to a set of queries that are
semantically related to the inquiry. The Translation Module translates
the set of queries into Russian, Ukrainian, and Belarusian. The Crawler
searches the Internet to find texts in Polish, Russian, Ukrainian, and
Belarusian related to the queries. The Translation Module translates the
foreign texts back to Polish. Finally, the Classifier analyzes the texts to
return those with potentially criminal content.

6.3 Training Data

2: https://opus.nlpl.eu/

3: https:/ /github.com/Helsinki-

The translator engines designed for the system are trained on the OPUS
NLP/Tatoeba-Challenge

resources.” The sets for training, validation and testing are based on the
Tatoeba Challenge® (Tiedemann 2020). Statistics on the bilingual corpora
used in the project are given in Table 6.1.

Table 6.1: Bilingual corpora statistics

Corpus set Polish-Russian | Polish-Ukrainian | Polish-Belarusian
training set ca.19.17m ca. 1.68m 72,276
validation set 1,000 6,900 287
test set 3,543 2,500 287

The number of sentences for the Polish—Belarusian pair was too low
to generate comprehensive translation. A multilingual (Polish-Russian—
Ukrainian-Belarusian) model was designed to improve the Polish-Belarusian

translation. Its statistics are given in Table 6.2.

Table 6.2: Multilingual corpus statistics

Corpus set Russian-Belarusian | Russian—-Ukrainian | Ukrainian-Belarusian
training set 72,870 ca.1.52m 66,687
validation set 2,743 6,815 1,000
test set 2,500 10,000 2,355

Table 6.3 shows the BLEU scores of the Al Searcher Translator compared

with Google Translate, calculated on the Tatoeba test set.

Table 6.3: Comparison of BLEU scores

Corpus set pl->ru | ru->pl | pl->uk | uk->pl | pl->be | be->pl
Al Searcher 47.69 43.06 41.25 43.67 2475 37.92
Google Translate 42.95 43.05 34.84 38.42 35.39 4419
difference +4.74 +0.01 +6.41 +5.25 -10.64 -6.27
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6.4 Translation of Terminology and Personal
Names

The State Border Guard expects that the translation engine should cor-
rectly translate proper names, such as surnames, forenames, geographical
locations and objects, brands of cigarettes and alcohol, etc. The lists of
such names were created semi-automatically: the names underwent
automatic transliteration between the Cyrillic and Latin alphabets, and
the most frequent names were carefully verified by native speakers. It is
worth noting that all verified forenames and surnames were listed and
checked together with their inflected forms (there exist 6-7 grammatical
cases in all of these languages).

Forenames and surnames in their base Latin form were provided to
us by employees of the State Border Guard, names of geographical
objects were collected from the available OpenStreetMap resources, and
criminal terminology, including brands of cigarettes, cars and alcohol,
was gathered from various websites and forums.

Table 6.4 shows the numbers of base forms for verified proper names.

Table 6.4: Statistics of proper names

Proper Names Polish-Russian | Polish-Ukrainian | Polish-Belarusian
male forenames 1,882 1,902 3,477
male surnames 16,142 29,628 17,421
female forenames 2,117 1,962 3,302
female surnames 19,898 26,114 20,170
geographical objects 5,092 7,613 9,460

The adaptation of the translation engine also took into account a lexicon
of criminal terms, which consisted of 1203 entries in each of the language
pairs.

6.5 Lexical Constraints

The incorporation of lexicon in neural machine translation has been
studied thoroughly in recent years (Arthur et al. 2016, Anderson et al.
2017, Hokamp and Liu 2017, Dinu et al. 2019, Song et al. 2019, Exel et al.
2020). The methodology used in the described experiments was based on
a constrained decoding and “code-switching” approach. Our approach
was focused on constrained decoding, which uses the Grid Beam Search
algorithm introduced by Hokamp and Liu, 2017 and extended by Post
and Vilar, 2018 and Hu et al., 2019. We designed an algorithm based on
constrained decoding in order to take into account inflected forms of
proper names. To evaluate the performance of the algorithm, we carried
out experiments in two different scenarios: general and domain-specific.
We compared our method with baseline translation, i.e. translation
without lexical constraints, in terms of translation speed and translation
quality. The lexicalized method resulted in a decrease in translation
quality in the general scenario, which shows that augmenting general-
domain texts with a specialized lexicon may impair the performance
of a neural translator. In the domain-specific scenario the translation
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showed significant progress, with an increase of over 3 BLEU points.
The cost of the algorithm is a decrease in the translation speed. The
details of the experiment are reported in Nowakowski and Jassem,
2021b. There, several manual metrics for the evaluation of terminology
translation were introduced: Placement Rate, Duplication Rate and
Inflection Rate. The metrics evaluated the proportions of output sentences
in which the target lexicon terms were, respectively, properly placed, not
duplicated unnecessarily and correctly inflected. The manual evaluation
results showed that our method ensures terminological adequacy and
consistency as well as linguistic correctness when translating into a
morphologically rich language in domain-specific scenarios.

6.6 Examples of Lexicalized Translation

Tables 6.5 and 6.6 show examples of sentences translated with the un-
adapted and adapted translation engine into Russian and Ukrainian,
respectively. The lexicon entries consist of a term in the source language
with the equivalent in the target language along with a comma-separated
list of its inflectional forms. For each sentence, a manual English transla-
tion is given for clarity.

Table 6.5: Examples of lexicalized translation into Russian

Lexicon entry
Source sentence
English translation
Unadapted MT

Adapted MT

Georgy -> I'eopruit, I'eoprus, I'eopruro, I'eopruem, I'eoprun
Georgy Kuzmin przewozi fajki przez wschodnig granice.

Georgy Kuzmin transports cigarettes across the eastern border.
Jexopmku Ky3pMuH 1epeBO3UT CHrapeTsl depe3 BOCTOUHYIO Ipa-
HUILY.

I'eopruit KyspMuH 11epeBo3uT cUrapeTsl Uepe3 BOCTOUHYIO MPAHMUILY.

Lexicon entry
Source sentence
English translation
Unadapted MT
Adapted MT

szwarcowacé -> mepebpachIBaTh, epedpachBaio, mepedpachBaeIb
Zaczynamy szwarcowac zioto klientom.

We are beginning to smuggle the weed to our customers.

MbI HauMHAEM HOPTHTH TPaBBI JIJIs KJIHEHTOB.

Mpb1 HaunHAEM IepedPaChIBATH TPaBY KJIHMEHTAM.

Table 6.6: Examples of lexicalized translation into Ukrainian

Lexicon entries

Source sentence
English translation
Unadapted MT
Adapted MT

Karpiuk -> Kapnrok, Kapmoka, Kapriokosi, Kapmrokom
hordenina -> ropaenia ropaeHuH ropaein

Przyniesiemy hordenine do Karpiuka.

We'll bring hordenine to Karpiuk.

Mu npusezemo ropmou jio Kaprmioxka.

Mu npunecemo ropjenin no Kaproka.

Lexicon entry
Source sentence
English translation
Unadapted MT
Adapted MT

przeépaé -> HaKa4aTUCh, HAKAIATHUCS, HAKaIaTH, HaKadaTbCs
Chcesz okazyjnie przeépaé w promocyjnej cenie?

Do you want to get high at a discounted price?

Bu xouere nobyTu B mpomoriitaiit mini?

Bu xouere HaKauaTUCA HA IPOMOLIAHINA 1iHi?

6.7 Conclusions

In this case study, a translation engine is part of a system that searches
for criminal content in Internet documents written in the Polish, Russian,



Ukrainian and Belarusian languages. The adaptation of the translation
to the domain of criminal texts consists in the incorporation of lexicon
into the neural machine translation engine. The criminal terminology is
expected to be translated according to lexical constraints, and the lexical
entries should be correctly inflected. An algorithm based on constrained
decoding was designed to achieve this goal.

The project described here is ending in December 2021. Work in the near
future will focus on further improving Belarusian translation and on
increasing efficiency.
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nEYron: Implementation and Deployment of an
MT System for a Large Audit & Consulting

Abstract

This paper reports on the implementation and deployment of
an MT system in the Polish branch of EY Global Limited. The
system supports standard CAT and MT functionalities such as
translation memory fuzzy search, document translation and post-
editing, and meets less common, customer-specific expectations.
The deployment began in August 2018 with a Proof-of-Concept, and
ended with the signing of the Final Version acceptance certificate
in October 2021. We present the challenges that were faced during
the deployment, particularly in relation to the security check and
installation processes in the production environment.

7.1 Business Need

On March 6, 2018, the Polish parliament adopted a law that laid down
rules for the Polish Agency of Audit Surveillance regarding the control
of auditing companies. The law states that “Documents presented by
the audited company for the needs of the surveillance are drawn up in
Polish or the audit company provides their translation into Polish.” The
law forced auditing companies to provide Polish translations for large
volumes of English texts. That triggered the idea, at the Polish branch
of EY Global Limited (EY Poland), that the cost of the task might be
reduced if it were assisted by a translation engine. EY Poland contacted
the company Poleng Ltd. (Poleng) to verify the possibility of using their
product, TranslAide Workspace, for the task. During initial discussions,
EY Poland came to the conclusion that it might be beneficial for the
company to have the software installed and running on site.

7.2 The Story of the Deployment

7.2.1 TranslAide Workspace

The first phase of the deployment began in August 2018. The deployed
system was based on TranslAide Workspace, which combined computer-
aided translation (translation memory with fuzzy search and segment-by-
segment editing) with a generic machine translation engine, not trained
specifically on the in-domain data. The task consisted in replacing the
existing translation engine with a new one, dedicated to the customer.

The deployment was divided into the Proof-of-Concept (POC) and
Final Version stages. The POC machine was to be installed in the Linux
environment to make the initial deployment easier for the Poleng team.
There were no explicit expectations regarding the quality of the translation
imposed on the POC version. However, moving forward to the Final
Version stage was conditional on acceptance of the POC by the customer
— including translation quality, which would be checked by human
specialists from the EY corporation. The Final Version — all of the system
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components, including model training — was expected to run on the
Windows operating system to meet EY’s security standards and internal
regulations.

The expectations for the system were the following: The TranslAide
Workspace system would consist of three modules — Web Application,
Translation Memory, and Machine Translation Service:

» Web Application would be the part of the system with which the
user interacts;

» Translation Memory would provide translation of segments that
were found in its database;

» Machine Translation Service would provide translation of all re-
maining sentences at a speed not slower than a second per segment.

(Details on current expectations for the three modules are given in
section 7.4.)

All system components, as well as the training of the models, should
be run on a PC machine with the following specification: NVIDIA GTX
1080Ti GPU, 32 GB RAM and an 8-core processor.

The POC phase ended on schedule (within three months), but the
translation quality was not fully satisfactory, as the system sporadically
produced incorrect translations of some acronyms and rare words;
the issue resulted from certain flaws in subword handling by Marian
NMT (Junczys-Dowmunt et al., 2018). On rare occasions, the system
would also crash when importing a PowerPoint presentation, because
of improper handling of some XML tags specific to the PowerPoint
document’s internal structure. After the major issues had been identified
and fixed, the Final Version was developed for the Windows operating
system. It was accepted with a three-month delay in March 2019.

7.2.2 Stand-alone nEYron

Once the POC deployment had been stabilized, the system was given a
new name: nEYron. For two years, it was used by several EY employees
on a single PC machine that hosted all system components. Meanwhile,
nEYron acquired a new look, consistent with the style of other applications
dedicated to the same customer. New functional features were developed
to satisfy needs arising during the use of the application. An up-to-date
list of functionalities is given in section 7.3.

7.2.3 Multi-user Solution

The final phase of deployment took place in 2021. The agreement stated
that the application must adhere to EY security standards. The customer
expected to receive the following items:

» system installation package;

» system installation instructions;
» system backup policy;

» user’s guide;

» disaster recovery procedures.
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The creation of the documentation was painless. However, adhering to
the security standards was not (see 7.5.2). The process began in April
2021, and the certificate of final acceptance was signed in October 2021.

7.3 System Requirements for the Final Version

7.3.1 EY User Feedback

During the POC stage, EY employees developed a list of requirements that
should be added to the system in the Final Version stage. The following
three requirements were added after the POC stage: automatic deletion
of documents from the user translation history after a specified time (for
confidentiality reasons), document sharing between multiple users, and
calculation of the approximate cost of translation of a document by a
human translator before it is translated by a machine. Cost assessment
was intended to help determine to what extent machine translation
reduced translation costs over time, compared to human translation. It is
based on the number of words included in the document. In addition
to the updated list of requirements, EY employees in collaboration with
the Poleng team created a mockup of the user interface that would
correspond to the look and feel of the other internal EY systems. The user
interface was further modified according to the EY guidelines during the
development of the Final Version.

7.3.2 Final List of Requirements

The complete and up-to-date list of requirements consists of the follow-
ing:

» user registration and login, including SSO (single sign-on) login,

universal for all services accessible by EY employees;

document import in . txt, .docx, .pptx and .x1sx formats;

document editing in sentence-by-sentence mode;

machine translation in an editing window;

machine translation of entire documents;

export of the translated document in a format compatible with the

imported document;

» pre-translation of documents using translation memory fuzzy
search matches;

» ability to proofread and approve translations of sentences;

» expanding translation memory with approved translations;

» transfer of document formatting (fonts, styling, text placement)
between input and output document;

» archiving of translated documents per user;

» automatic deletion of documents from user translation history after
a specified time;

» document sharing between multiple users;

» calculation of approximate cost of document translation by a human
translator.
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1: https://tika.apache.org

2: https://github.com/emjotde/eserix

7.4 System Components

The architecture of the system consists of the following components:

» Machine Translation Service;
» Translation Memory;
» Web Application.

7.4.1 Machine Translation Service

Machine Translation Service provides translations of sentences in the
English-Polish and Polish-English directions without human interven-
tion. It is designed as a web service that is invoked by the web application
to produce document translations. It is based on the Marian NMT frame-
work (Junczys-Dowmunt et al., 2018). Internally, the web service forwards
source sentences from HTTP requests to the Marian websocket server
and returns the translations to the web application.

Customer Training Data

In-domain business documents translated by humans were delivered to
Poleng in pairs: each document in Polish had its equivalent in English.
The document format was either PDF or Microsoft Office (.docx, .doc,
.pptx, xlsx). We applied the following procedure to extract bilingual
corpora from business documents:

1. Text extraction from business documents using the Apache Tika!
toolkit.

2. Text segmentation into sentences using eserix” — an SRX rule-based
sentence segmenter.

3. Text normalization, including punctuation, quoting and commas,
using Moses (Koehn et al., 2007) scripts.

4. Alignment of a source text to a target text at the sentence level
using the hunalign (Varga et al., 2007) sentence aligner.

This procedure initially allowed us to obtain nearly 70,000 in-domain
sentence pairs.

Model Training

Model training consisted of two steps: training of general models on 10
million sentences derived from the OPUS corpora (Tiedemann, 2012), and
use of the transfer learning paradigm to fine-tune the general models on
the in-domain data. In this way, the system transfers the knowledge from
the general model, significantly increasing the translation quality on the
in-domain data (such a process has been described, for example, in Aji
et al., 2020). As the general model can be reused for future fine-tunings,
this technique reduces the total time to solution by a significant margin.

Data preprocessing, in addition to using the Moses (Koehn et al., 2007)
normalization scripts, included subword segmentation. We applied
subword segmentation to the data using the SentencePiece (Kudo &



Richardson, 2018) tool with the byte-pair encoding (BPE) (Sennrich et al.,
2016) algorithm. The vocabulary consisted of 32,000 entries.

ANl NMT models were trained using the Marian NMT (Junczys-Dowmunt
et al., 2018) framework on a single NVIDIA GTX 1080Ti GPU.

For the Proof-of-Concept stage, we trained models based on an RNN-
based encoder—decoder architecture with the attention mechanism (Sen-
nrich et al., 2017). We manually assessed translation quality, comparing
the model trained only on openly available data with the model fine-tuned
on in-domain data as described in section 7.4.1. The annotators evaluated
the translations of a test set consisting of 488 sentences, and provided
scores for accuracy and fluency by absolute grading on a scale from 0 to
5. The average scores obtained in all of these experiments are presented
in Table 7.1. The most significant improvement in the fine-tuned version
was achieved for translation accuracy in the Polish—-English direction.

Direction Data  Accuracy Fluency

PL-EN  Open 3.47 3.61
EN-PL  Open 3.48 3.62
PL-EN EY 4.23 3.94
EN-PL EY 3.90 3.74

The results of this manual assessment of the POC version were considered
good enough to proceed to the next stage of deployment.

In the final deployment, the NMT model architecture was replaced
by the base Transformer (Vaswani et al., 2017), which improved the
quality of translation while reducing the time required to train the
model. In addition, another 10,000 sentence pairs were derived from new
documents provided by the customer. These additional sentences were
used for training of the Transformer models.

The results of automatic evaluation based on the BLEU (Papineni et al.,
2002) metric, calculated by the SacreBLEU (Post, 2018) tool with default
settings, are presented in Table 7.2.

Direction Data  Architecture BLEU

PL-EN Open RNN 29.72
EN-PL Open RNN 26.36
PL-EN EY RNN 36.91
EN-PL EY RNN 32.99

PL-EN Open Transformer 3113
EN-PL Open Transformer 28.34
PL-EN EY Transformer  39.92
EN-PL EY' Transformer  35.55

7.4.2 Translation Memory

Translation Memory is a database of corresponding segments in both
languages. The translation of a sentence is added to the memory upon
approval by the system user. Search is carried out by an in-house solution:
the Anubis system (Jaworski, 2013), which uses a suffix-array-based
index for fuzzy matching. Anubis also features a unique algorithm for
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Table 7.1: Results of manual evaluation
of preliminary experiments

Table 7.2: Results of automatic evalua-
tion
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the detection and recombination of all sub-segment matches between a
candidate sentence and an example from the Translation Memory.

Translation Memory serves two functions in the system: it is used during
the translation process, and it also serves as a collection of training data
for future fine-tuning of NMT models. During translation of a document,
each sentence is first checked in the Translation Memory. If a match is
found, the translation is returned as the result and the sentence is not
translated by the NMT model.

7.4.3 Web Application

Web Application is the part of the system with which the user interacts.
It consists of the following components:

» aserver application, following the REST API design, written in the
CakePHP framework;

» a user interface, written in the Vue.js framework;

» an SQL database.

All features included in the web application are listed in section 7.3.

Document translation process The main feature of the web application
is the document translation process. It consists of the following steps:

User imports the document into System;

System extracts text from the document;

System segments text into sentences using SRX-based rules;

System checks the Translation Memory for the existence of each

sentence;

5. System sets up batches of sentences whose translations have not
been found in the Translation Memory;

6. Batches are sent to the Machine Translation Service;

7. System saves the translations in the database;

8. System prepares the document to be exported at user’s request.

=W

Translations found in the Translation Memory and translations produced
by the Machine Translation Service are presented to the user in a single
window. Once the document has been translated by the machine, the user
can post-edit the text segment-by-segment. Each translated segment may
be manually approved by the user for it to be stored in the Translation
Memory.

Document reconstruction process The system is expected to transfer
the document’s styling and formatting from the source document to the
translated document.

To this end, we make use of the Microsoft Office document structure: the
document is unzipped into a set of XML files and the files are iterated in
a search for text content. Each found text item is stored in a database and
replaced in the XML file with a placeholder tag containing its identifier.
When the translation of text items has been completed, the XML files are
iterated again, and the placeholder tags are replaced by the translations.



Finally, the XML files are zipped back into the Microsoft Office document
package.

7.5 Deployment Challenges

7.5.1 Proof-of-Concept Deployment Challenges

During the POC stage, the entire system was installed on a single PC
machine. The initial configuration of the machine and the installation of
the system was carried out at Poleng’s headquarters in Poznar, Poland.
After the system had been installed, the machine was transported to
EY’s headquarters in Warsaw, Poland. For confidentiality reasons, the
machine could not be connected to the Internet and any system updates
had to be provided locally. Poleng prepared Docker® containers for each
of the system components and transported them on a flash drive to the
PC machine, when necessary. The use of Docker containers significantly
simplified the process, as each deployment of a system update consisted
of replacing the Docker container.

The only part of the system that could not be updated in this way was the
NMT models. For security reasons, training of the model on customer
data had to be performed on a PC machine at the EY headquarters.
Therefore, the models were not part of the Machine Translation Services
container. Instead, they were mounted as a volume in the container so
that they could be easily replaced.

7.5.2 Security Check

For the deployment of the multi-user version in the EY infrastructure,
each component of the system had to meet a list of security require-
ments. The necessary modifications to the Translation Memory and
Machine Translation Service components were minor, as they involved
only changes to the security of the Docker container (the main process
running in the container could not run as a root user). The changes to Web
Application were more significant, as this component is exposed to the
user. The total number of security requirements that the web application
had to meet was close to 70. Most of the security requirements (such as
the setting of special headers in HTTP responses) were easy to satisfy.
However, some security standards proved to be challenging. Among
them were:

» replacement of the entire application logging module;

» implementation of the single sign-on (SSO) authentication proce-
dure specific to the EY corporation;

» implementation of database encryption.

A thorough security review was performed by the EY Global technical
team after the system had been deployed.

7.5 Deployment Challenges

3: https://www.docker.com
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7.5.3 Installation in the Production Environment

Installation of the final version of the system in the production environ-
ment included the creation of the installation package and its deployment
to the EY infrastructure. The installation package consisted of Docker
containers with the system components. Each of the system components
was deployed in Docker containers to enable system scalability in the
future. The deployment process was executed through screen sharing.
Poleng delivered the installation package to the EY technical team and
guided them through the installation process.

7.6 Future Plans

Plans for the future include technical improvements to the existing
solution, as well as the introduction of new features.

Small improvements may include replacing hunalign (Varga et al., 2007)
with vecalign (Thompson & Koehn, 2019) in the bilingual corpus extrac-
tion process described in section 7.4.1. We expect that the translation
quality of NMT models will improve as a result of better corpus align-
ment.

To further improve the quality of the NMT models, we intend to use
existing monolingual customer documents. We plan to apply the back-
translation (Edunov et al., 2018) technique iteratively (Hoang et al., 2018)
to increase the quality of our models.

As new terminology emerges, the user expects MT systems to quickly
adapt to them. In most cases, data that would cover the new terminology
do not yet exist. To solve this problem, we intend to use techniques for
forced terminology translation (Bergmanis & Pinnis, 2021; Nowakowski
& Jassem, 2021) to ensure that specific terminology is translated according
to the needs of the user. Additionally, providing a glossary with specific
in-domain terminology would ensure the consistent translation of such
terminology when different sentences are translated.

To date, we have relied on the BLEU (Papineni et al., 2002) metric for
the evaluation of trained NMT models. To follow current state-of-the-art
solutions in MT evaluation, we plan to use the MT Telescope (Rei et al.,
2021) to evaluate our models with the COMET (Rei et al., 2020) metric
and perform a fine-grained error analysis.

Business documents often have a complex layout structure, whereas
current NMT models operate only on sentence-level textual semantics.
We want to explore the idea of integrating NMT with Computer Vision
to create an end-to-end model which would learn visual features, layout
information and textual semantics to produce document-level translations
better than the current state-of-the-art methods. Such a model would be
able to simplify the process of text extraction, sentence segmentation and
document reconstruction, as it would take all document information as
an input. To this end, we plan to base our model on the TILT (Powalski
et al., 2021) architecture. This was created for the Question Answering
task, but we believe that it could be modified for NMT.



7.7 Conclusions

This paper has presented the deployment of an English—Polish translation
system at the Polish branch of EY Global Limited. The system supports
standard CAT and MT functionalities such as translation memory fuzzy
search, document translation and post-editing, and meets less frequent
expectations such as single sign-on login and calculation of the cost of
human translation for a given document. The paper has presented the
challenges that were faced during the deployment, particularly adherence
to security expectations and installation in the production environment.
Ultimately, the deployment took over three years. Meanwhile, new
technologies have been developed in the field of Machine Translation.
Once the security issues have been overcome, we hope to be able to
update the system with emerging technologies, constantly improving its
performance.
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POLENG MT: An Adaptive MT Platform

Abstract

We introduce POLENG MT, an MT platform that may be used as
a cloud web application or as an on-site solution. The platform is
capable of providing accurate document translation, including the
transfer of document formatting between the input document and
the output document. The main feature of the on-site version is dedi-
cated customer adaptation, which consists of training on specialized
texts and applying forced terminology translation according to the
user’s needs.

8.1 General Description

POLENG MT is an MT translation platform available in two versions.
Using PaaS (Platform as a Service), the translations are delivered via a
cloud web application. In the on-site scenario, the customer organization
receives an installation package to be used in the customer’s infrastructure.
In this case, access to the service is specifically limited to the customer’s
employees. The following features are shared by both versions of the
platform:

user registration and login;

document import in . txt, .docx, .pptx and .x1sx formats;

document editing in sentence-by-sentence mode;

machine translation in an editing window;

machine translation of entire documents;

export of the translated document in a format compatible with the

imported document;

» pre-translation of documents using translation memory fuzzy
search matches;

» ability to proofread and approve translations of sentences;

» expanding translation memory with approved translations;

» transfer of document formatting (fonts, styling, text placement)
between input and output document;

» archiving of translated documents per user.

vyVvyYvYyVvYyYYyvyy

POLENG MT translation models are based on the Marian (Junczys-
Dowmunt et al., 2018) and fairseq (Ott et al., 2019) NMT frameworks.

8.2 Customer Adaptation

Adaptation for specific users is carried out in the on-site versions. The
task includes the following processes:

» SSO (single sign-on) login integration, if applicable;

» delivery of a translation engine specialized in the customer’s do-
main, fine-tuned on documents provided by the customer;

» incorporation of a customized lexicon into the NMT engine;

» automatic generation of a lexicon from the customer’s documents.
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The latter two processes take into account the recognition and genera-
tion of inflected forms of lexicon entries. This problem is addressed in
Nowakowski and Jassem, 2021 and Bergmanis and Pinnis, 2021.

8.3 Supported Languages

Currently, POLENG MT supports the following language pairs, in both
directions:

» Polish-English;
» Polish—Ukrainian;
» Polish—Russian.

In the near future, we plan to add support for language pairs with other
Eastern European languages, including Czech, Romanian, Bulgarian and
Belarusian.

Upon the customer’s request, the POLENG MT platform can support any
translation direction, on condition that the customer provides suitable
parallel data (for example, in the form of business documents and their
translations).
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