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Abstract

Audiovisual Translation (AVT) is a field where Machine Translation (MT)
has long found limited success mainly due to the multimodal nature of the
source and the formal requirements of the target text. Subtitling is the pre-
dominant AV'T type, quickly and easily providing access to the vast amounts
of audiovisual content becoming available daily. Automation in subtitling
has so far focused on MT systems which translate source language subti-
tles, already transcribed and timed by humans. With recent developments
in speech translation (ST), the time is ripe for extended automation in
subtitling, with end-to-end solutions for obtaining target language subtitles
directly from the source speech. In this thesis, we address the key steps for
accomplishing the new paradigm of automatic subtitling: data, models and
evaluation. First, we address the lack of representative data by compiling
MuST-Cinema, a speech-to-subtitles corpus. Segmenter models trained on
MuST-Cinema accurately split sentences into subtitles, and enable auto-
matic data augmentation techniques. Having representative data at hand,
we move to developing direct ST models for three scenarios: offline subti-
tling, dual subtitling, live subtitling. Lastly, we propose methods for eval-
uating subtitle-specific aspects, such as metrics for subtitle segmentation,
a product- and process-based exploration of the effect of spotting changes
in the subtitle post-editing process, and finally, a comprehensive survey on
subtitlers’ user experience and views on automatic subtitling. Our findings
show the potential of speech technologies for extending automation in sub-

titling to provide multilingual access to information and communication.
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Chapter 1

Introduction

1.1 The audiovisualisation of communication

The history of humankind has always been driven by technology. From the
invention of the wheel to the industrial revolutions which led to our current
Industry 4.0, technology is what marked these historical turning points. In
our lifetime, we have witnessed how the Internet democratised knowledge
and how personal computers were made a commodity for everyone’s use.
Since Internet’s launching in 1995, the number of global Internet users
has been growing at a rate of 2-4% per yeai] As of early 2022, more
than 5 billion people use the Internet, corresponding to 66% of the global
population ] This expansion of the Internet has been facilitated by devices
getting smaller and more portable. Smartphones are giving instant access
to information at the tips of our fingers and completely lift spatial and
temporal barriers by allowing us to reach others at any point any place.
All these technological affordances have changed the way we communi-
cate and share information. A large part of our exchanges takes place in
virtual environments, such as social media, messaging applications, video

platforms. As a result, our communication has become highly digitalised

Thttps://www.internetworldstats.com /emarketing.htm
Zhttps://www.internetworldstats.com /stats.htm



1.1. THE AUDIOVISUALISATION OF COMMUNICATION

and our interactions are more audiovisual and multimedial than ever. This
has led to an increasing audiovisualisation of our communication (Diaz-
Cintas|, |2013). Screens have a primary role in this process. The ubiquity
of screens is seen in all spheres of public and private life. Screens have
largely substituted other communication instruments, such as paper and
telephones, and are now the main tool to entertain, communicate, inform,
educate, do business and shop. The media products appearing on screens
semiotically integrate different modalities, combining written text, images
and sound.

But it is not only the media itself that is becoming more complex, but
also the roles of the agents involved in media creation and consumption.
Today’s culture has been characterised as a culture of media convergence
(Jenkins, 2006), a “melting pot where old and new media intersect, where
grassroots and corporate media collide, where the power of the media pro-
ducer and the power of the consumer interact in unexpected ways”. The
ease by which anyone can become media producer has led to a boom in
user generated content, largely promoted by social media, while more than
500 hours of audiovisual content are uploaded every minute on YouTube[]
The complex mediascape is composed by users, the video game industry,
edutainment producers, social media networks, video-on-demand (VOD)
platforms and over-the-top (OTT) services, among many other agents.

A special mention should be given to the influence of OT'T services and
VOD platforms on the global media distribution. OTT is used to describe
internet-based services that allow users to stream media content over the
internet without the need for cable or satellite subscriptions. Many of the
most popular OTT services are VOD or streaming platforms such as Net-
flix, Amazon Prime, Hulu and Disney Plus, which gained great momentum

over the past decade, sidelining the TV and broadcast industry. From an

3https://www.statista.com /statistics /259477 /hours-of-video-uploaded-to-youtube-every-minute/
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1.1. THE AUDIOVISUALISATION OF COMMUNICATION

economical point of view, OTT services are driving the audiovisual indus-
try. The OTT media revenue generated in 2020 amounted to 106 billion
U.S. dollars and it is expected to double by 2026, reaching over 210 bil-
lion[| In a 2016 Nielsen online survey conducted in 61 countries, nearly
two-thirds of the global respondents (65%) said they watched some form
of VOD programming[’] Another survey on the state of online video con-
ducted in 10 countries found that in 2020 repondents spent almost 8 hours
per week watching some type of online content, an increase of 85% over the
2016 average of 4,28 hours. In 2021, users streamed 452k hours on Netflix
and 694k hours on Youtube per minute[| Video on demand is becoming a

part of daily viewing habits for a large part of the world’s population.

In early 2020, the global pandemic upended the world as we knew it.
The way we work, engage with others, entertain ourselves was completely
transformed, since all activities moved online. This marked a technological
reset (Schwab and Malleret|, [2021)) which accelerated the digital transforma-
tion. The amount of data generated was unprecedented. The mobility re-
strictions did not only have a direct impact on in-home media consumption
but contributed to the establishment of remote work, which was instituted
beyond jobs and tasks that involve screen work. The need to communi-
cate with co-workers and peers gave rise to video conferencing applications,
with the most popular being Zoom, Microsoft Teams, Google Meet, etc.
This trend was not limited to the initial period of confinement since, in
2021, 856 minutes of webinars were hold on Zoom per minute.m Moreover,
online education, conferences and seminars were and are still largely held

online or in hybrid mode, which produces an enormous amount of hours of

4https://www.statista.com /statistics /260179 /over-the-top-revenue-worldwide/

°https://www.nielsen.com/wp-content /uploads/sites/3/2019/04/global-video-on-demand-report-
mar-2016.pdf

Shttps://www.domo.com/learn/infographic/data-never-sleeps-9

"https://www.domo.com/learn/infographic/data-never-sleeps-9
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1.2. ACCESSIBILITY AND AUDIOVISUAL TRANSLATION

recordings. The hybrid mode seems to be here to stay, as workers prefer
the flexibility and easiness provided by some amount of remote working.
All this shows that today’s mediascape is a complex patchwork where
types of media, agents, producers and consumers intermingle. In this zero-
distance world, multilingual communication is more important than ever.
The transition to an open virtual space and the technological advances
have enabled access to any type of information we are looking for. But is

universal access to information and communication a reality or a utopia?

1.2 Accessibility and audiovisual translation

Globalisation, digitisation and the new prospects offered by technologies
seem to be democratising the access to knowledge and information through
the amounts of content available and the increased flexibility to interact
with it. But what happens when we do not understand the language of
an audiovisual product? When we cannot hear the audio? Or when we
cannot see the image? The audiovisual experience is not complete, and
access to information is impeded.

The answer comes from the field of Media Accessibility (MA). Media
accessibility is defined as “access to media and non-media objects, services
and environments through media solutions, for any person who cannot or
would not be able to, either partially or completely, access them in their
original form” (Grecol 2019). Although MA initially focused on particu-
lar groups, especially people with disabilities, e.g. the blind, and the deaf
and hard-of-hearing, it later expanded to consider not only sensorial but
also linguistic barriers (Orero and Matamalal, [2007). Under this perspec-
tive, ensuring access across linguistic and sensorial borders to all types of
audiovisual products means modifying the audiovisual product to increase

access to the aural or visual mode or to transform the verbal mode (Remael

6



1.2. ACCESSIBILITY AND AUDIOVISUAL TRANSLATION

and Reviers, 2019).

The transformation of the verbal mode to overcome linguistic barriers
is the focus of Audiovisual translation (AVT). AVT is a branch of transla-
tion studies which focuses on the translation of audiovisual (AV) texts. An
AV text is defined as “a communication act involving sounds and itmages”
(Zabalbeascoa, 2008, p. 1). AVT hosts under its umbrella several modes,
the most prominent ones being subtitling, dubbing, voice-over and inter-
preting. Each of these modes has its own pros and cons, and is favoured
in different situations and scenarios. AV'T poses challenges for the trans-
lator due to the multimodal nature of the source and the form require-
ments of the target. Regarding multimodality, in audiovisual products the
meaning is constructed not only from the source speech, but also from the
interaction of images, written text, sounds, gestures, special effects etc.
Information flows in through different channels: the visual and the aural,
containing verbal and non-verbal elements (Chaume|, 2000). In addition,
the translation is constrained by synchrony requirements (Mayoral et al.|,
1988). For example, in dubbing the translation needs to be synchronised
with the image and the phonetics; sound signals should correspond to the
visible lip movements on screen. Subtitling requires spatial synchrony in
terms of the space subtitles occupy and synchrony of time, that is subtitles
should correspond to the spoken signal. Lastly, AV content can take many
different forms and cover many different genres with their own specifici-
ties: a sitcom is different from a news broadcast or a political debate. All
this shows that AVT is a complex translation process and requires highly-
qualified professionals, who posses not only translation but also technical

skills (video and audio processing, file format conversion, etc).

So by modifying the audiovisual products through AVT we can provide
multilingual access to information and enable multilingual virtual com-

munication. Let’s estimate how much time it would take to achieve this,

7



1.2. ACCESSIBILITY AND AUDIOVISUAL TRANSLATION

for example, for the content uploaded on Youtube. The ATAA (French
association for audiovisual translation) in their guide for Subtitling and
Dubbing for Film and Television (ATAA| n.d.) provide recommendations
for the time that should be allowed for adaptation. According to these
recommendations, a documentary or hour-long episode of a TV series (52
min.) would take 1 week to be subtitled or dubbed, while a feature-length
film 2-3 weeks. This estimation is for the adaptation step alone, without
including “any preparatory work, like spotting, or post-translation work like
simulations and verifications”. Of course these recommendations refer to
ideal situations which are sadly far from reality. Audiovisual translators
are often asked to deliver the translation in much less timeff| Even with
the most optimistic estimation of a 6:1 rate of production (6 minutes of
work for each minute of video) —under continuous production settings—, it
would take 3000 work minutes to adapt the content uploaded on Youtube
every minute into just one language, let alone in all world’s languages.
Given this disproportionate production-translation rate, providing mul-
tilingual access to audiovisual content is a Sisyphean task. We cannot
expect that multilingual access can be ensured for all audiovisual products
relying simply on human resources in a traditional way. The exploding
demand for localisation has led some to speak of a ‘talent crunch’ in AVT
(Estopacel, 2017)). Despite this claimed shortage of highly-skilled talent,
the working conditions of professionals in the AVT sector are worsening,
with dropping rates and always faster turn-around-times. This paradox is
deteriorating the capacity shortages since few AV'T professionals nowadays
earn a decent wage and are forced to drop the industry (Slator, [2022).
This situation leads us to consider two main impediments in providing
multilingual access to audiovisual content. Firstly, the human resources

are not and will never be sufficient to translate all audiovisual products

8https:/ /www.proz.com/forum /subtitling /227494-how_long_subtitling_may_take.html

8



1.3. AUTOMATISING AUDIOVISUAL TRANSLATION

which need to be adapted in different languages. Second, the precious
human resources are mistreated and misused and the technology is rarely
developed with the aim to support them by reducing effort spent on tedious
tasks and allowing them to focus on the creative parts of their tasks.
Since human resources cannot keep up with the deluge of AV production,

how do we ensure access to the audiovisual products?

1.3 Automatising audiovisual translation

A solution to the problems laid out in the previous section could be given
by technology. Fully or partially automatising AVT could increase access
to audiovisual products. Automatisation in AVT has mainly focused on
approaches applying machine translation (MT) on a transcript of the source
language dialogues. MT has demonstrated mixed results in the AVT field
(Burchardt et al., 2016 and has received strong reproval and resistance by
AVT professionals (Audiovisual Translators Europe, 2021)). Main criticisms
are its inability to deal with spoken, creative texts, and the difficulty to
apply synchrony constraints on the target. However, MT is only one step
in the process of automatisation. Significant human effort is still needed
for transcribing the speech, condensing it to a certain length, synchronising
the transcript to the video, etc., before MT is applied on this prepared text.

Recent developments in speech technologies, such as in automatic speech
recognition (ASR) and speech translation (ST), have set the floor for ex-
tending automation in AVT. Improved ASR achieves more accurate tran-
scription and recognition of speech, even under difficult noise conditions.
ST, besides more robust cascaded architectures, is witnessing the prolifer-
ation of direct models, which translate directly from the audio signal into
the target language. These technologies are in line with the multimodal

nature of AVT and could thus be exploited to reduce the human effort in
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the adaptation process.

For subtitling, the most prominent type of AVT, integration of speech
technologies and machine translation would imply moving from MT for
subtitling to a new paradigm, that of automatic subtitling. In MT for sub-
titling, the source speech is transcribed, timed and segmented into source
language subtitles (or captions) by a subtitler to create a subtitle tem-
plate. This template is then translated automatically with an MT system
into one or multiple languages. In automatic subtitling, these preparatory
steps could be substituted by speech recognition, automatic prediction of
timestamps and automatic segmentation, after which MT can be applied.
Skipping the template creation step would lead to significant time and cost
reductions. Compared to a human template though, a performance drop is
expected both in translation, due to speech recognition errors, and in the
accuracy of the timestamps and segmentation, since both are determined
automatically. Another disadvantage of relying on the source timestamps
and segmentation (regardless of human or automatic) for generating tar-
get subtitles is that they may not be optimal for the target language, e.g.
because of different syntax or an increase in the number of characters per

subtitle after translating.

Direct automatic subtitling solutions, inspired from recent advances in
end-to-end speech translation (ST), could provide target language subtitles
directly from the video, without the need for intermediate representations.
Direct approaches avoid error propagation and allow for end-to-end train-
ing by jointly learning all components, which may lead to better perfor-
mance compared to learning each component separately, as it happened
with neural MT and statistical MT. In addition, speech as input signal
contains richer information than text (prosody, pauses, etc.). This infor-
mation, even though essential for subtitling, is lost in the transcription

process. Lastly, a direct approach would not be restricted by the source
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language and could better model the timestamps and segmentation based
on the needs and norms of the target language. For these reasons, the
focus of this thesis is to take advantage of the promising elements of direct
approaches for promoting automatic subtitling.

This new paradigm of extended automation in subtitling can help tackle
the problem of lack of multilingual access in two ways: First, through full
automation, by providing subtitles in a fully automatic way, e.g. for
gisting purposes. The transition to models generating subtitles from the
audio without any human intervention in a fully automatic way can pro-
vide access to products that would not have been translated otherwise (e.g.
user generated content). Second, through augmentation, by providing
support to human translators in AVT. This consists in the integration of
speech and ST technologies in subtitling tools tailored to their needs, in a
way that reduces the effort from repetitive, tedious tasks and allows them
to focus on creative aspects. On the other side of the coin, the automatisa-
tion of AVT can benefit research in language technologies. Because of the
specific challenges related to the translation of AV texts, AVT can serve
as a new test bed for pushing the limits of MT and ST, leading to novel

methods and architectures.

1.4 Innovative aspects and contributions

This thesis addresses the automatisation of subtitling from a computational
perspective, with the aim of obtaining target language subtitles directly
from the source audio. This marks a transition to a new paradigm of fully
automatic subtitling compared to ‘old style subtitling’. All computational
stages are covered. Since the development of automatic systems requires
high-quality task-specific data, the first contribution is the compilation of

suitable subtitling data containing the source speech. Building on this first

11



1.4. INNOVATIVE ASPECTS AND CONTRIBUTIONS

prerequisite, the second contribution is the development of end-to-end ar-
chitectures for three popular subtitling scenarios: offline subtitling (‘tradi-
tional” subtitling, pre-recorded), dual subtitling (joint generation of source
language captions-target language subtitles) and live subtitling (real-time
creation of subtitles). The progress in a field cannot be marked without
appropriate evaluation metrics and methods. Therefore, the third contribu-
tion of the thesis focuses on specific metrics taking into account the formal
requirements of subtitling and a comprehensive study of post-editing effort
and subtitlers’ views on automatic subtitling. The main contributions of
this thesis can be categorised under three topics: resources, architectures

and evaluation.

Resources: We provided two resources for promoting research in auto-

matic approaches to subtitling.

e The MuST-Cinema corpus (Karakanta et al., 2020b)): The only pub-
licly available speech-to-subtitles corpus, containing 250 hours of speech,

source language captions and target language subtitles in seven language

pairs [

e MuST-Cinema-PE (Karakanta et al.,[2022b)): The first corpus containing
product-, process- and participant-based data collected from post-editing

automatic subtitles for two language pairs of the MuST-Cinema test set.

Systems: We experimented with the application of ST systems in the
domain of subtitling, understanding their potential for subtitling-related

tasks. Specifically, we have investigated:

e Neural models for subtitle segmentation under different data conditions
and their feasibility for synthesising new speech subtitling data (Karakanta
et al., 2020blc; [Papi et al., [2022)

9https://ict.fbk.eu/must-cinema/
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e The first end-to-end speech translation system for subtitling and a com-
parison between machine translation, cascade and end-to-end systems

for the generation of subtitles (Karakanta et al., 2020a))

e The implementation and evaluation of architectures for generating dual
subtitles (Karakanta et al., 2021a))

e Simultaneous ST systems for live subtitling and an exploration of alter-

native output visualisation methods (Karakanta et al., 2021b)

Evaluation: We promoted the evaluation of subtitling-specific aspects as
well as the methodology for conducting user-based evaluations in automatic

subtitling. Our contributions here include:

e A review of methodological issues in the evaluation of machine trans-
lation for subtitling and a reproducibility checklist for experimental re-

search in automatic subtitling (Karakanta) 2022)

e EvalSubtitle: A systematic comparison of metrics for evaluating subtitle

segmentation and a toolkit to compute them (Karakanta et al., [2022c))

e Sigma: A new metric for evaluating subtitle segmentation for end-to-end

subtitling systems (Karakanta et al., 2022c))

e A broad survey of subtitlers’ views and experience with post-editing au-
tomatic subtitles, leading to a guide with recommendations for the im-

provement of future automatic subtitling tools (Karakanta et al., [2022a)

1.5 Structure of the thesis

The thesis is structured in seven chapters. Chapter |l| contains the In-
troduction, which lays out the context, a short description of the prob-

lem and the proposed solution, its innovative aspects, structure and other
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information on publications and activities throughout the three years of
the PhD. Two background chapters follow, which present the necessary
information to guide the reader through the thesis: Chapter [2| discusses
the challenges of AVT with a specific focus on subtitling and Chapter
describes the workings of neural machine translation, speech translation
and their evaluation. Moving to the main contributions of the thesis, the
chapters follow a tripartite structure, describing the ingredients for ap-
proaching subtitling from a computational perspective: data, models and
evaluation. Chapter {4] reviews existing subtitling corpora and their lim-
itations for developing automatic subtitling solutions, the compilation of
the necessary speech subtitling corpora, and automatic subtitle segmenta-
tion, both from an application side and as a method for subtitling data
augmentation. Chapter |5 presents direct automatic subtitling models for
offline subtitling, for the generation of dual subtitles and for live subtitling.
The last contribution chapter, Chapter [0] is dedicated to the evaluation
of subtitle-specific aspects. After proposing new metrics for evaluating
the segmentation, we analyse the effort in post-editing automatic subti-
tles and the subtitlers’ user experience, proposing roadmaps for promoting
reproducibility in research at the crossroads between AVT and MT and
for improving future automatic subtitling tools. Chapter [7| concludes the
thesis, offering a view into the open challenges for the future of automatic
subtitling. Although not the core of this thesis, Appendix [A] contains one
chapter on the exploration of the on/off-screen speech in dubbing and a

study on screen-value-aware MT for dubbing.

A note on the use of personal pronouns for the —possibly— perplexed
reader: Parts of the thesis where ‘we’ appears refer to work conducted
in collaboration with other researchers, while ‘I’ refers to individual work
(such as the writing of this thesis) or opinions not necessarily endorsed by

other collaborators.
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1.6 Activities and dissemination

During the PhD journey, I was lucky enough to have collaborated with re-
searchers from various fields and specialisations in Translation Studies and
Machine Translation. However, not all the research resulting from these
collaborations can form an integral part of this thesis. For this reason, I in-
clude an Appendix with a full list of the publications achieved during these
three years (Appendix , divided by topic. A list of selected publications

appearing in the thesis is presented here:

e Alina Karakanta. 2022. Experimental research in Automatic Subtitling:
At the crossroads between Machine Translation and Audiovisual Trans-
lation. Translation Spaces. DOI: https://doi.org/10.1075/ts.21021 kar

e Alina Karakanta, Luisa Bentivogli, Mauro Cettolo, Matteo Negri, and
Marco Turchi. 2022. Post-editing in automatic subtitling: A subti-
tlers’ perspective. In Proceedings of the 23rd Annual Conference of the
Furopean Association for Machine Translation, pages 259-268, Ghent,

Belgium. European Association for Machine Translation.

e Alina Karakanta, Luisa Bentivogli, Mauro Cettolo, Matteo Negri, and
Marco Turchi. 2022. Towards a methodology for evaluating automatic
subtitling. In Proceedings of the 23rd Annual Conference of the European
Association for Machine Translation, pages 333-334, Ghent, Belgium.

European Association for Machine Translation.

e Alina Karakanta, Francois Buet, Mauro Cettolo, Francois Yvon. 2022.
Evaluating Subtitle Segmentation for End-to-End Generation Systems.
In Proceedings of the 13th Conference on Language Resources and Fval-
uation (LREC 2022). Marseilles, France, pp. 3069-3078.

e Alina Karakanta, Sara Papi, Matteo Negri, Marco Turchi. 2021. Simul-
taneous Speech Translation for Live Subtitling: from Delay to Display. In
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Proceedings of the 1st Workshop on Automatic Spoken Language Trans-
lation in Real-World Settings (ASLTRW), pages 35—48, Virtual. Associ-

ation for Machine Translation in the Americas.

Alina Karakanta, Marco Gaido, Matteo Negri, Marco Turchi. 2021. Be-
tween Flexibility and Consistency: Joint Generation of Captions and
Subtitles. In Proceedings of the 18th International Conference on Spoken
Language Translation (IWSLT 2021), pages 215-225, Bangkok, Thailand

(online). Association for Computational Linguistics.

Luisa Bentivogli, Mauro Cettolo, Marco Gaido, Alina Karakanta, Al-
berto Martinelli, Matteo Negri, Marco Turchi. 2021. Cascade versus
Direct Speech Translation: Do the Differences Still Make a Difference?
In Proceedings of the 59th Annual Meeting of the Association for Compu-
tational Linguistics and the 11th International Joint Conference on Nat-
ural Language Processing (Volume 1: Long Papers), pages 2873-2887,

Online. August 2021. Association for Computational Linguistics.

Alina Karakanta, Matteo Negri, and Marco Turchi. 2020. Is 42 the
Answer to Everything in Subtitling-oriented Speech Translation? In
Proceedings of the 17th International Conference on Spoken Language
Translation, pages 209-219, Online, July.

Alina Karakanta, Matteo Negri and Marco Turchi. 2020. Point Break:
Surfing Heterogeneous Data for Subtitle Segmentation. In Proceedings of
the Seventh Italian Conference on Computational Linguistics, CLiC-It.
Bologna, Italy.

Alina Karakanta and David Orrego-Carmona. In press. Subtitling in
Transition: the case of TED talks. Translation in Transition: Bridg-
ing Human and Machine Intelligence, American Translators Association

series. John Benjamins.
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e Alina Karakanta, Matteo Negri and Marco Turchi. 2020. MuST-Cinema:
a Speech-to-Subtitles Corpus. In Proceedings of the 12th International
Conference on Language Resources and Fvaluation (LREC 2020), Mar-
seille, France, May 13-15 2020.

e Alina Karakanta, Matteo Negri, and Marco Turchi. 2020. Towards Au-
tomatic Subtitling: Assessing the Quality of Old and New Resources.
IJCoL — Italian Journal of Computational Linguistics vol. 6, n. 1.

e Alina Karakanta, Matteo Negri, Marco Turchi. 2019. Are Subtitling
Corpora Really Subtitle-like? In Proceedings of the Sixth Italian Confer-
ence on Computational Linguistics (CLiC-It), Bari, Italy.

I always considered important that researchers are not isolated in front
of their computer but stay in contact with the real-life applications and
uses in the field where their research is applied. Even more so in my
case, because of the blending of the fields of Translation Studies, Audio-
visual Translation and Machine Translation. For this reason, the dialogue
between these disciplines was one of the goals of my thesis work. This
dialogue was promoted through dissemination of the state of the art to po-
tential users and through interdisciplinary publications and collaborations.

Below I list the activities undertaken towards these goals during the PhD.

EAMT Grant 1 was recipient of an European Association for Machine
Translation (EAMT) grant under its programme “2021 Sponsorship of Ac-
tivities - Students’ edition”. The project, titled “Towards a methodol-
ogy for evaluating automatic subtitling”, aimed at collecting subtitle post-
editing data in a real use case scenario where professional subtitlers edit
automatically generated subtitles. Based on the collected data, the overar-
ching goal of the project is to investigate automatic subtitling, the factors

contributing to post-editing effort and their relation to the quality of the
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output. The grant resulted in a special release of MuST-Cinema, with
additional references and productivity data (keystrokes, post-editing time

measurements etc.), and a publication at the EAMT 2022 conference.

Collaborations Despite the limited possibilities for onsite interactions dur-
ing the pandemic, I had the pleasure to secure collaborations with several
researchers. The first collaboration with Prof. Timo Baumann from the
University of Hamburg in late 2019 aimed at exploring differences between
on/off-screen dubbing and the application of synchrony constraints in MT
depending on the degree of synchrony required. This collaboration re-
sulted in two publications at COLING 2020 and ICMI 2020. On the same
topic, Erick Garcia Chévez from the University of Trento conducted a four-
month internship with our group in 2021, laboriously working on discov-
ering prosodic and phonetic patterns distinguishing between on/off-screen
dubbing. He presented this work at UCCTS 2021.

The compilation of our speech subtitling corpus based on TED Talk
subtitles made possible a collaboration with Prof. David Orrego-Carmona
from Warwick University on non-professional subtitling in TED talks. We
conducted a corpus-based investigation of particular characteristics of TED
subtitles and the effect of subtitling tools on the translated subtitles, re-
sulting in a chapter to appear in a book of the American Translators As-
sociation series (John Benjamins).

During the COST LEAD-ME 2021 Summer School “Eye tracking in
media accessibility research - methods, technologies and data analyses” in
July 2021, a group was created to work towards a final project. The partic-
ipants were Anita Kwiatkowska, Vilelmini Sosoni, Rocio Varela, Claudia
Wiesinger and I and the title was “Fully automatic vs. human subtitling:
comprehension, user experience and perception”. We used eye-tracking

and questionnaires to respond to whether fully automatic subtitles require
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more processing effort on the part of viewers than human subtitles and to
test the impact of fully automatic subtitles on perception and comprehen-
sion. Even though the study was just a pilot and therefore the results would
not be suitable for publishing following high-research standards, this work
is the first of its kind and will hopefully set the basis for more reception
studies on automatically generated subtitles.

In autumn 2021, I completed a two-month research stay in Laboratoire
Interdisciplinaire des Sciences du Numérique (LISN) at Université Paris-
Saclay with Prof. Francois Yvon, under a European Commission funded
project “Humane AI: Toward AI Systems That Augment and Empower
Humans by Understanding Us, our Society and the World Around Us”
(grant #820437). The aim of the stay was to study metrics for evaluating
the automatic generation of subtitles for TV programmes, with a particular
focus of evaluating subtitle segmentation. The stay was concluded with
a publication at LREC 2022 and the release of EvalSubtitle, a toolkit

featuring a collection of metrics for evaluating subtitle segmentation.

Invited talks, presentations and lectures As part of the dissemination, I
took part in the following activities, reaching out to various research com-

munities, the users of AVT technologies and students.

o Automatic subtitling: a hands-on session. Workshop for the European
Masters students at Ghent University (EM-TTI visiting scholars grant).
26 October 2022.

e Post-editing of speech translation output. Lecture for the European Mas-
ters students and scholars at Ghent University (EM-TTI visiting scholars
grant). 24 October 2022.

e Post-editing in automatic subtitling: Auto-spotting in the spotlight. Pre-

sentation at Translation in Transition 6. Prague. 23 September 2022.
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Post-editing i automatic subtitling: students’ and subtitlers’ perspec-

tives. Invited lecture for the MA subtitling course at the University of
Warsaw. 30 May 2022.

Automatic subtitling: Post-editing effort and subtitlers’ perspectives: In-
vited talk at Translating Europe Workshop - AVT workflows and the
role of automation. Rome (Online). 24 May 2022.

Automatic subtitling: towards a new paradigm: Invited talk at TransMe-

dia Catalonia International Meeting - Universitat Auténoma de Barcelona.
18 March 2022.

Dubbing through the MT-glass and What We Found There: Invited lec-
ture Setmana de la TAV. TRAMA group, Uni Jaume 1. 18 December
2021.

Automatic subtitling: Towards a new paradigm: Invited talk at the STL
Seminar. LIMSI, Paris-Saclay. 9 November 2021.

Subtitles of tomorrow: More Machine- than Human-translated?: Presen-
tation at the Palermo Translation Symposium Audiovisual Translation
and Computer-Mediated Communication: Fostering Access to Digital

Mediascapes. University of Palermo. 7-8 October 2021

Subtitling and the Machine: The place of subtitlers in automatic subti-
tling workflows: Presentation at IATIS conference. Universitat Pompeu
Fabra Barcelona. 14-17 September 2021.

Alina Karakanta, Anita Kwiatkowska, Vilelmini Sosoni, Rocio Varela,
Claudia Wiesinger. 2021. Fully automatic vs. human subtitling: com-

prehension, user experience and perception. Project presentation LEAD-
ME Summer Training School Warsaw 2021. 5-9 July 2021.
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Chapter 2

Audiovisual Translation

This chapter is an introduction to Audiovisual Translation (AVT) detailing
the background knowledge required for understanding AV'T as a particular
type of translation and the challenges it brings for translators and ma-
chines. It presents main research directions of this rich translation field in
the past 30 years, focusing on subtitling as the core subject of this thesis.
Even though the first conceptions of AVT can be found in some seminal
works in the seventies and eighties, such as the Fodor’s (1976) contribution
to dubbing, it was not until the nineties that research contributions marked
the inception of AVT theory. AVT draws from the disciplines of film and
media studies, translation studies, sociology, cognitive studies, and cultural
studies. All this shows the complexity of studying AVT, which brings under

its pulsing domain of enquiry a variety of neighbouring research fields.

This chapter takes a view of AVT from the perspective of transla-
tion studies and does not refer to technological advances, which are de-
tailed in the next chapter. The first part describes AVT and its field of
study (Sec. , the translation challenges brought about by multimodality
(Sec. and the various types of AVT (Sec.[2.1.2)). Then, the reader can
delve into the specific characteristics of the prominent AVT type explored
in this thesis, subtitling (Sec. [2.2)).
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2.1 Audiovisual translation and its remit

AVT has gone through successive stages of development before being estab-
lished as one of the most vibrant and dynamic fields of translation studies
(Diaz-Cintas and Massidda) 2019). Before reaching a consolidation un-
der the term AV'T, a plethora of terms were used in the past to describe
the translation of audiovisual texts: ‘film translation’ and ‘film and TV
translation’; closely-bound to the channel through which audiovisual (AV)
products were transmitted at the time (Snell-Hornby|, 1988; Delabastita,
1989), or ‘constrained translation’ (Mayoral et al., |1988]) which emphasised
the medial constraints, e.g. maximum length. Later, the proliferation of
different types of digital media was accompanied by other nomenclatures,
such as ‘multimedia translation’ (Gambier and Gottlieb, 2001)), ‘transadap-
tation’ (Gambier, 2003)), or ‘screen translation’ (O’Connell, 2007; ESIST).
Today, AVT is recognised as a mature discipline drawing from practical

and theoretical aspects.

Audiovisual Translation is defined as “a branch of translation studies
concerned with the transfer of multimodal and multimedial texts into an-
other language and/or culture” (Pérez-Gonzalez, 2008)). From this def-
inition we can draw specific elements that make AVT a special type of
translation and the challenges it poses for the translator. First, the con-
tent to be translated is multimodal. This means that it deploys multiple
semiotic modes, such as language, image, music, perspective. Semiotics is
the study of signs, and a sign is anything that conveys meaning. The study
of signs is particularly relevant for AVT. Translation cannot be seen only
as a transfer of words into another language, but as a transfer, and possibly

interpretation, of a compound message built up from multiple signs.

Second, AV content is multimedial, in the sense that it is delivered to

the viewer through several media (Pérez-Gonzalez, 2008, 13). To reach our
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senses, AV content, such as films, educational videos, meeting recordings
etc., travels through speakers and screens at the same time, and appears
on different types of devices, from cinema screens to smartwatches. The
medium and device through which the message is transferred impose par-
ticular constraints and restrictions on the translation. For example, the
size of the screen will determine the length of the translation and the
way it is displayed. The fact that a message is perceived through image
and language simultaneously requires them to be presented in synchrony
and under time restrictions. It is thus left to the ability of the translator
to convey a multimodally-rich message but in a spatially and temporally
constrained context. In this case, the optimal translation solution is not
simply the one that maximises adequacy and fluency, but also conformity

to external constraints posed by each scenario.

Third, the transfer is performed not only across languages but also
across cultures. Priority is therefore given to the pragmatic rather than
the referential level of the language, to the communicative intention rather
than the textual and semantic details. AVT is concerned with linguis-
tic and extra-linguistic elements, and is affected by the cultural norms of
the target community. One critical point is the translation of culture-
specific elements (Newmark, 1988) or, in the context of AVT, extralinguis-
tic culture-bound references (Pedersen), 2005), present in the source text.
The lack of an obvious official equivalent for these references constitutes
a translation problem. The translator needs to actively decide whether to
mirror source text elements or to adapt them to the target preferences,
expectations and culture codes. The strategies vary from completely lit-
eral renditions to utter recreations. This choice towards domestication or
foreignisation is a classic dilemma in translation studies (Venuti, 1995).
Apart from this, the norms of the target culture have an impact on the

viewers’ reception of humour (Zabalbeascoay, 1996; |Antonini and Chiaro,
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2005)), offensive language (Ferndndez Fernandez, 2009)), politeness, dialec-
tal and linguistic variation (Rittmayer, 2009). All in all, multimodality,
multimediality and a strong presence of cultural elements are three ele-
ments that make AV'T a particularly challenging translation area.
Research in AVT is just as industry-oriented as it is academy-oriented.
In a later definition, [Pérez-Gonzalez (2014) mentions that “Audiovisual
translation focuses on the practices, processes and products that are in-
volved in or result from the transfer of multimodal and multimedial content
across languages and/or cultures”. This definition notes the wide remit of
AVT as the study of practices, processes and products, each of them corre-
sponding to a category of audiovisual translation models: causal, process
and comparative (Pérez-Gonzalez, 2014). Causal models attempt to de-
termine the reasons why a translation is the way it is. This includes the
study of norms in the AVT industry, discourse and ideology, and the im-
pact of different systems (Even-Zohar|, 1979). Process models draw from
psycholinguistic, cognitive and neurolinguistic approaches to study how
the translator’s mind works during the translation process. The last cat-
egory is comparative models, which are concerned with the comparison of
features and the correspondence between the source and the target texts.
These models focus on the AVT product through the study of translation
strategies and corpus-based approaches. In this thesis, we study the ap-
plication of speech technologies and machine translation in AVT, drawing

from all three categories of AVT models (see Chapter [f] on evaluation).

2.1.1 Multimodality

In the previous section, I referred to multimodality as one of the factors
posing translation challenges in AVT. This section describes multimodality
in detail and how the transfer of multimodal content is performed in AVT.

Multimodal texts are defined as “texts which combine and integrate the
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meaning-making resources of more than one semiotic modality — for ex-
ample, language, gesture, movement, visual images, sound and so on — in
order to produce a text-specific meaning” (Thibault, 2000, p. 311). Au-
diovisual texts are thus typical instances of multimodal texts. In audio-
visual communication, meaning is carried through several semiotic modes,
which sometimes function complementary or in isolation. For example,
the phrase Let’s go can be complemented by the actor exiting the room.
On the contrary, parts of a video without dialogue still convey meaning
through images or sounds, a notable example being silent films. Today’s
AV products make use of a rich gamut of meaning-making resources.
Meaning in audiovisual communication is conveyed through two signs
and two channels: through verbal and non-verbal signs, and through the
aural and the visual channel. Figure shows how the combination of
signs and channels leads to four semiotic elements, which compose the

message in audiovisual texts (Delabastita), 1989; Zabalbeascoa, [2008):

o
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2 Sound Image
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Aural Visual

Figure 2.1: The combination of signs (verbal, non-verbal) and communication channels

(aural, visual) results in semiotic elements.

e Image (the visual-nonverbal channel): moving or static pictures, colours,

perspective, photography, gestures.

e Writing (the visual-verbal channel): includes text appearing on screen,

regardless of whether it appears in the form of images, e.g. displays,
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road signs, banners, letters, messages on phones and computer screens,
newspaper headlines etc., or as written text inserted in post-production

(captions, credits, subtitles, notices).
e Sound (the aural-nonverbal channel): music, sound effects, noises.

e Speech (the aural-verbal channel): dialogues, narration, monologue,

songs, voice-off (off-camera speech).

The construction of the complete meaning from different modes is what
makes AV'T a particular type of translation. Equivalence is not achieved
through a mere correspondence between written signifiers (text) but be-
tween the interpretation of a semiotically complex sign in the source-target
text. The translator deals with the way words interact with sounds and im-
ages to form cohesion, intertextuality and other features of structure and
meaning. This requires a semiotic approach, where translator can devi-
ate from “the semantic meaning of the ST [source text] by creating a ‘new’
target text which is nevertheless significationally equivalent to the original”
(Kruger, 2001} p. 185).

To fully grasp the semiotic nature of AVT as a translation type, it is nec-
essary to refer to the seminal work of |Jakobson| (1959), who distinguished
three ways of translating a sign. Intralingual translation (or rewording) is
defined as the interpretation of verbal signs through other means in the
same language. For example, intralingual translation is performed when
rewriting a text into easy-to-understand language. This process includes
simplification and visual presentations to make information easy to un-
derstand by everyone. Interlingual translation (or translation proper) is
the interpretation of verbal signs through means in another language. It
confers the classical notion of translation with the linguistic transfer from
one language to another. Intersemiotic translation (or transmutation) is

the third way of translating a signal, and consists in the interpretation of
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verbal signs through non-verbal means (or vice-versa). Intersemiotic trans-
lation requires a transfer from one semiotic mode to another. For example,
sign language interpreting involves interpreting the verbal signs (speech)
into visual signs.

All these ways of translating a message manifest themseves in AV'T.
AVT can be polysemiotic, isosemiotic or diasemiotic, depending on whether
the translation uses the same semiotic channel as the original (Gottlieb),
1998). Subtitling, for instance, is diasemiotic, because the verbal signs are
transformed into written text on screen in the form of subtitles. Dubbing,
on the other hand, is isosemiotic; both the original and the translation are
represented through the aural channel.

The inability of current machine translation systems to take into account
the multimodal and multisemiotic nature of AV texts is one of the main
criticism points against the adoption of machine translation in AVT. In
this thesis, we propose automatic subtitling approaches based on speech
translation. Contrary to previous approaches to automatising AVT which
incorporated only the semiotic element of writing, our methods extend the
semiotic elements considered to writing and speech. In this way, we make

a first step towards automatically addressing multimodality in AVT texts/T]

2.1.2 Types of AVT

For most laypeople, the notion of audiovisual translation brings to mind
subtitling and dubbing. However, there is a plethora of AVT types, accom-
modating different needs and addressing different target audiences. Several
typologies of AVT modes have been proposed during the years. Among the
first typologies was the one proposed by |Gambier| (2003), who identified
ten AVT types and proposed a division by dominant and challenging types.

'We acknowledge the importance of the visual channel, however, due to its relation to the field of

computer vision, incorporating elements from the image is out of the scope of this thesis.
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Since then a lot of research has gone into AVT and the boundaries between
dominant and challenging types have become less distinct. A later cate-
gorisation (Pérez-Gonzalez, 2014) proposed dividing AVT types into three
main groups: subtitling, revoicing, and assistive forms of AVT. Matamala
(2021a)) took an integrated approach between AVT and media accessibility
where assistive forms do not form a category of their own, by proposing a
categorisation into sound modalities and visual modalities. Sound modal-
ities are the ones where the product is delivered in spoken form (dubbing,
voice over, interpreting, audiodescription, audio subtitiling), while visual
modalities include subtitling and sign language interpreting.

This thesis does not focus on assistive forms of AVT, therefore we adopt
here the categorisation of |Pérez-Gonzalez| (2014)), to provide the reader with
a clearer distinction between subtitling and other AVT forms. Table
shows the forms of AVT based on this typology.

Subtitling ‘ Revoicing ‘ Assistive

Interlingual | Dubbing (lip-synchronised) | Audio description
Intralingual | Voice-over SDH

Respeaking | Narration Sign language interpreting

Simultaneous interpreting | Audio subtitling

Free commentary

Table 2.1: Types of AVT, adapted from Pérez-Gonzélez| (2014)).

In terms of its linguistic properties, subtitling can be interlingual or
intralingual. Interlingual subtitling is a written rendition of the source
speech in the target language, therefore it involves translation from the
source to the target language. Intralingual subtitling entails only a shift
from oral to written mode, since the captions are in the same language as
the speech. In contrast to offline subtitling which is produced in advance,

the increase in live events has given rise to another type of subtitling, live
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subtitling, produced through the technique of respeaking (Romero-Fresco,
2011)). Live subtitling was initially intralingual, aimed at providing access
to people with hearing impairments, but recently the growing need for
subtitles in multilingual events has led to interlingual respeaking becoming
established as a new profession to produce interlingual live subtitles. A

broader description of the types of subtitles is given in Section [2.2.1]

Revoicing (Luyken et al., [1991) is a general term to describe a vari-
ety of spoken translation modes, including dubbing, voice-over, narration,
free commentary and interpreting. Dubbing consists in the replacement
of the original soundtrack with a new soundtrack in the target language.
It is mainly limited to film and TV productions where dubbing is used
to create the illusion of original dialogues. For this reason, dubbing re-
quires the translation to have the same duration as the source utterance
and synchronisation with the lip movements of the actors when the face is
clearly visible on screen. On the contrary, in voice-over the original and
translated soundtrack coexist. The volume of the original soundtrack is
faded away a few seconds after its start and the translated soundtrack is
overlapped. The coexistence of original and translated version, together
with the possibility of a fuller translation, makes voice-over suitable for
programmes not requiring a realistic effect, such as interviews and docu-
mentaries. Voice-over is often used to translate films in small markets with
limited budgets. Narration provides a prepared, translated and possibly
condensed version of the original speech, which is then read out, respecting
the synchronisation with the visual information presented. Free commen-
tary is an adaptation of a programme for “a new audience, with additions,
omissions, clarifications and comments” (Gambier, 2003, p. 174). As with
narration, synchronisation follows the image rather than the soundtrack,
but the delivery is more spontaneous and catered to the needs of the target

audience. Narration and free commentary are more common in children’s
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programmes and documentaries. Simultaneous interpreting or sight inter-
preting is used in live events, when time and fund constraints do not allow

for another type of translation.

Assistive forms of AVT include audio description (AD), subtitling for
the deaf and hard-of-hearing (SDH), sign language interpreting and audio
subtitling. In AD, visual elements of the product are orally described and
inserted in the soundtrack in a way that does not overlap with the dialogues
and other sound effects for blind and visually impaired persons (Matamala,
2021b)). Audio subtitles are voiced subtitles and often interwoven with
AD (Matamala) 2022). SDH is a written rendition of the source speech
in the source or target language for persons with auditory impairments
(Szarkowska, 2020). The difference with subtitling is that aural non-verbal
components (sound effects, music) are also rendered in a written form.

Sign language interpreting is another assistive form for DH persons.

A sibling discipline to AVT is video game localisation. The audio assets
in video games can be dubbed (a process called voice-over in the video
game industry) and/or subtitled. Even though video game localisation and
AVT have some language transfer modes in common, the norms applied in
localisation are not the same as in AVT, since the expectations and needs

of gamers differ from those of viewers (O’Hagan) 2019)).

All these modes of AVT have blurred the traditional borders between
translation and interpreting, and between written and oral code. Different
forms of audiovisual translation and other translation modes are converg-
ing, creating new hybrid forms and sometimes catering for very different
and well-defined target audiences. Proposals to automatise AVT should
thus take into consideration the particular characteristics of each AVT
type. In the next sections, we delve deeper into the particular characteris-

tics of subtitling as the scope of enquiry of this thesis.
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2.2 Subtitling

Subtitling could be possibly considered as the most prominent AVT type.
Subtitles are short snippets of timed, written text superimposed on the
video that convey a target language version of the source speech (Pérez-
Gonzalez, [2014)). According to Diaz-Cintas (2020), “subtitling may be de-
scribed as a translation practice that consists of rendering in writing, usu-
ally at the bottom of the screen, the translation into a target language of the
original dialogue exchanges uttered by different speakers, as well as all other
verbal information that appears written on-screen (letters, banners, inserts)
or is transmitted aurally in the soundtrack (song lyrics, voices off )”. This
implies the cohabitation of the original text in spoken form, the original
image, and the target text in written form, the latter adding an extra layer
of information. Subtitling is a constrained type of translation. Subtitlers
need to achieve a balance between the visual and aural dimension and leave

enough time for the viewers to focus on the image while reading the text.

2.2.1 Types of subtitling

Subtitles take up multiple roles and serve a variety of purposes in our
society. It is thus no wonder that there are so many different types of
subtitles. Several parameters for their classification have been proposed
(Luyken et al., [1991; |Carroll and Ivarsson, (1998; Bartoll, [2004) but, due to
the velocity of change in AVT, some of these parameters lose their impor-
tance while others come to life. We follow the most recent classification
(Cintas and Remael, 2021)), which groups subtitles according to the follow-
ing criteria: (1) linguistic, (2) time available for preparation, (3) display
mode, (4) technical parameters, (5) methods of projection, and (6) medium
of distribution. Figure shows the classification of subtitles.

Based on their linguistic dimension, subtitles can be intralingual or in-
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Linguistic Time available Display mode Technical Projection Distribution
/\ for preparation '/'[\ A method l

Intra- Inter- Offline Live Block Add-on Scroling Open Closed Mechanical Cinema

lingual lingual & thermal Video, VHS
Photochemical DVD, VCD, Blu-ray
Optical Television
Laser Internet
Electronic
3D

Immersive

Figure 2.2: Subtitles and their categorisation acc. to (Cintas and Remaell, 2021)).

terlingual. A note on terminology: In this thesis I use the term ‘captions’
to refer to the product of intralingual subtitling and ‘subtitles’ for the prod-
uct of interlingual subtitling. Intralingual subtitles (or captions) are in the
same language as the source speech and involve a shift from oral to written
form. They are used when the source speech is difficult to discern, for
example with bad quality recordings, dialects and accents, or for watching
material in silent mode. Interlingual subtitles involve translation from the
source language to one or multiple target languages, along with a shift from
oral to written. Both types of subtitles can have a didactic purpose, mean-
ing that they aid language learners understand the speech. Captions have
been found to increase learners’ L2 vocabulary (Sydorenkoj 2010) and im-
prove listening comprehension (Guichon and McLornan, 2008). Subtitles
in the learners’ native language (L.1) are an indispensable tool for compre-
hension and access to information, especially for beginners. Subtitles and

captions have an inclusive function when they are tailored to the needs of
the deaf and hard-of-hearing (SDH).

Subtitles can further be monolingual, bilingual or, in few cases, even
multilingual. In bilingual subtitles different language versions of subtitles
co-exist, with each version occupying one line of text on the screen (Gam-

bier, 2003). They appear in bilingual communities and countries, such as
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Belgium (French and Flemish Dutch) and Finland (Swedish and Finnish).
Recently, however, captions along with subtitles have been employed in
other countries to attract wider audiences. For instance, in Mainland
China English captions are displayed along with Mandarin subtitles. One
group which undoubtedly benefits from the parallel presence of captions
and subtitles are language learners. In bilingual subtitles, the captions
support learners in understanding the speech and acquiring terminology in
their L2, while subtitles serve as a dictionary, facilitating bilingual map-
ping (Garcia, 2017). Interestingly, despite doubling the amount of text
that appears on the screen and the high redundancy, it has been shown
that bilingual subtitles do not significantly increase users’ cognitive load
(Liao et al. 2020]). In Section [5.3 we propose automatic subtitling models
which produce bilingual subtitles.

Subtitles can be pre-recorded or live. Pre-recorded or offline subtitles
are prepared after the AV content has been shot and before its release,
while live (or online) subtitles as prepared as the content is broadcast. In
offline subtitling, subtitlers have the time to carefully prepare the transcrip-
tion/translation, to synchronise it with the speech and segment it based on
linguistic rules (for more details on subtitling constraints, see Section[2.2.2).
Live subtitling allows for obtaining subtitles in real time and is recently
witnessing an upsurging demand in a range of occasions; from news and
TV programmes, to online meetings, conferences, live events, shows and
university lectures. Live subtitles are a simpler and more customisable
alternative to other ways of translating speech, such as simultaneous inter-
preting (Marsh|, 2004). They were produced initially with standard key-
boards, but the need to reduce latency led to resorting to stenography or
to the invention of a customised syllabic keyboard, called Velotypeﬂ. An-
other method to produce live subtitles is the dual keyboard system, which

Zhttps://www.velotype.com/en/homepage-eng/
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employs a group of subtitlers working in collaboration. With the adoption
of automatic speech recognition (ASR) technologies, respeaking became
the most popular technique for live subtitling (Lambourne, 2006). With
this technique, a respeaker listens to the original sound of a (live) event
and respeaks it to an ASR software, which turns the recognised utterances
into subtitles on the screen (Romero-Fresco|, 2011)). Originally, respeaking
was used to produce intralingual subtitles, especially to enable the deaf or
hard-of-hearing to follow live TV programs (Lambourne, 2006). With the
widening definition of accessibility to include persons without full access to
the audiovisual content, such as new immigrants, older adults and language
learners, respeaking is used to provide interlingual subtitles. One difference
with simultaneous interpreting is that respeakers repeat the speech using a
‘robotic voice’ to increase ASR accuracy and enunciate necessary punctu-
ation (Dawson, 2019). In its interlingual mode, live subtitling is a newly
established practice and thus the industry is experimenting with different
profiles for interlingual live subtitlers (Pochhacker and Remael, [2020). In-
terlingual live subtitling requires skills from three disciplines: respeaking,
subtitling and simultaneous interpreting. Driven by the growing needs in
real-time multilingual communication, in Section [5.4] we experiment with

simultaneous speech translation for automatising live subtitling.

As far as display mode is concerned, display in blocks is the standard
display mode in offline subtitling, where subtitles are prepared beforehand.
A full subtitle block is displayed with the text organised in one or more
lines appearing together. This mode produces subtitles that are easier
to read (Ofcom, 2005). Add-on or cumulative subtitles appear one line
at a time, usually when two speakers are involved in the event. They
produce a dramatic effect by not revealing information before it is spoken
by the speaker, e.g. in the case of a joke. Scrolling, or roll-up subtitles,

are the preferred display mode for live subtitles, where a small delay is a
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desideratum. They can be displayed in blocks, line-per-line or word-for-
word, the latter being used in most automatic simultaneous translation
applications (Ma et al., [2019; Bojar et al., 2021). However, eye-tracking
research has shown that a word-for-word display is not optimal, since the
presence of the word to the right of fixation is vital for fluent reading
(Rayner et al., |2006) and its absence leads to more re-reading (Sharmin
et al., 2016). In a line-per-line display, every time a line is filled, the
previous line moves to the upper row and the new line occupies the lower
row. Because of their high level of instability, this type of subtitles makes
reading more difficult and leads to higher cognitive load and more time
spent looking at the text rather than the image (Ofcom| 2015; Romero-
Fresco, 2010; Rajendran et al., 2013).

As regards the technical parameters, open subtitles are not encoded
into the video signal but burned on the image and as a result, cannot
be turned off. On the contrary, closed subtitles are overlaid on the video
and can thus be turned on and off. The higher personalisation required
when watching AV content today has made closed subtitles the norm (Diaz-
Cintas, 2020, 26-27). Other taxonomies for classifying subtitles include the
technical aspects of methods to project them on the video, as well as the
medium through which they are distributed. These technical and commer-
cial aspects are not analysed here since they do not affect the technology

presented in the thesis.

2.2.2 Subtitling constraints

As we have seen in previous sections, subtitles are written text snippets
representing the source speech and possibly including elements from the
visual image. The coexistence of image, sound and text creates medial
restrictions on two axes; the spatial and the temporal. These medial re-

strictions brought the need for establishing conventions to ensure easy in-

35



2.2. SUBTITLING

formation processing and a pleasant user experience. Conventions mainly
focus on the length of subtitles, their duration and their layout, and aim
at standardising the form of subtitles. Notable early attempts to provide
subtitling guidelines are the Code of good subtitling practice by |Carroll and
[varsson (1998)), also endorsed by the European Association for Studies in
Screen Translation (ESIST), and the subtitling guidelines of Karamitroglou
(2001). Later, language-specific guidelines were progressively proposed by
professional associations in several countriesf| Besides guidelines focusing
on the specificities of each target language, company-specific guidelines
exist. The Netflix guidelines| now serve as reference for a wide range of
projects. TED Talks, a collaborative translation project, has also released
guidelines’| to ensure the quality of the subtitles produced by its volunteers.
The scope of this thesis largely focuses on corpora created from TED
Talk subtitles (Sec.[d)), as among the very few subtitling resources where the
source audio/video are available and published under a Creative Commons
license. Moreover, TED contains a very specific type of AV content (sin-
gle speaker, good audio quality, minimal background noise), which, even
though not representative of the wide range of AV content types, makes it
ideal for a depth-first experimentation of techniques for automatic subti-
tling, before passing to more challenging content types. For this reason,
the TED guidelines are adopted as the main reference, even though other
guidelines are mentioned in the following paragraphs. A summary of the
constraints according to the TED guidelines is shown in Table 2.2

Spatial dimension Spatial restrictions constrain subtitles to a specific length

in two respects: number of characters per line (CPL) and number of lines.

30ne example of such language-specific guidelines can be seen for Norwegian:

www.sprakradet.no/globalassets/aktuelt /retningslinjer-for-god-teksting.pdf.
4https://partnerhelp.netflixstudios.com/hc/en-us/articles /215758617-Timed-Text-Style-Guide-

General-Requirements
Shttps://www.ted.com/participate/translate/guidelines
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Constraint ‘ Realisation

Length Characters per line (CPL) < 42

Lines per subtitle: max. 2

Reading speed ‘ Characters per second (CPS) < 21

Segmentation | Linguistic units

Equal length of lines

Table 2.2: Subtitling constraints acc. to the TED guidelines.

The allowed CPL of a subtitle depends on different factors, such as the
size of screen, the font used, the client, the platform, the age of the audi-
ence and the country. For TV, cinema and DVD, the norm in interlingual
subtitling is between 35-39 characters including spaces and typographical
signs, while Video-On-Demand platforms, such as Netflix, and TED allow
as many as 42 characters per subtitle line. These lengths are valid for
single-byte languages (e.g. languages with Latin, Cyrillic and Semitic al-
phabets), while for double-byte scripts the maximum is lower, with around
14 CPL for Japanese and Korean and 16 for Chinese. There is normally no
clear limit on how short a subtitle can be, but subtitles with less than four
or five characters are rare (Diaz-Cintas, 2020, 98-99). As for the maximum
number of lines per subtitle, the space allowed for a subtitle is about 20%

of screen space. Therefore, a subtitle block should not exceed 2 lines.

Temporal dimension The temporal dimension concerns the display time of
a subtitle. The first temporal constraint is reading speed, most commonly
measured with a display rate in characters per second (CPS) or words per
minute (WPM). Reading speed gives the maximum number of characters
a viewer must read per second in order not to miss any information in the
subtitle. The on-air time of a subtitle should be sufficient for the viewers to

read and comfortably assimilate its content, while at the same time their
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attention should not be monopolised by the subtitles. Recommendations
for a comfortable reading speed depend on the user group (Szarkowska
et al., [2016) and language (Ferriol, 2013). For example, 15 CPS are rec-
ommended for live interlingual English SDH (Ofcom, 2005)), 12-15 CPS
for offline interlingual subtitling in Central Europe (Szarkowska, [2016)),
17-20 CPS in global online streaming services (Netflix, 2021)) and 21 CPS
for TED Talks (TED, n.d.). The duration of the utterance (measured in
seconds or in feet/frames) is directly equivalent to the space a subtitle
should occupy. This means an utterance of 4 seconds can accommodate
the longest subtitle allowed for TED, that is 84 characters (two lines of 42
characters each). With the proliferation of online content, faster reading
speeds are observed. Recent research found that most viewers could read
the subtitles as well as follow the images, coping well even with fast sub-
title speeds (Szarkowska and Gerber-Morén,, [2018). On the other hand, a
subtitle should not remain too long on the screen as this triggers more re-
reading, increasing the cognitive load and reducing enjoyment (Szarkowska
and Gerber-Mordn|, 2018)). According to Carroll and Ivarsson (1998), no
subtitle should appear for less than one second or, with the exception of
songs, stay on the screen for longer than seven seconds. Moreover, at least
four frames should be left between subtitles to allow the viewer’s eye to

register the appearance of a new subtitle.

Another important aspect is synchronisation with the speech. Because
of the co-existence of source audio and target text, there must be a close
correlation between spoken utterance and subtitle content; source language
and target language should be synchronised as much as possible (Carroll
and Ivarsson, [1998)). The synchronisation is performed through spotting
(or timing), which consists in setting the start and end time of a subtitle
in the form of time codes. The start and end times represent the time a

subtitle will appear and disappear from the screen. The subtitle should
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match as much as possible the start and the end of an utterance. In
other words, “the in and out times of subtitles should follow the speech
rhythm of the dialogue and take cuts and sound bridges into consideration”
and “spotting must reflect the rhythm of the film” (Carroll and Ivarsson,
1998). Poor spotting can greatly hurt user experience as it is confusing and
detracts the attention from who is saying what. On the contrary, a good

synchronisation leads to a pleasant user experience and semiotic integrity:.

Segmentation and line breaks Subtitles have a fragmented nature; each
subtitle is disconnected from the preceding and the following one. A long
sentence needs to be split across multiple subtitles. Moreover, subtitle ex-
ceeding the CPL limit should be split in two lines, while often a long sub-
title not exceeding the CPL limit is also segmented in two lines. From this
we can define two types of breaks in subtitling: line breaks across subtitles,
which delimit subtitle blocks, and line breaks within subtitles, delimiting
subtitle lines. But how are segmentation decisions taken? There are two
criteria defining a good segmentation. One focuses on achieving readabil-
ity, meaning that the content should be presented in a way that facilitates
comprehension, and the second one on legibility, referring to how easy it
is for the eyes to read the content. Readability is based on semantic and
syntactic criteria, while legibility on aesthetic criteria.

Readability is achieved through the preservation of ‘linguistic wholes’
(TED|, n.d.). Subtitle segmentation should not rely only on the maxi-
mum length, but subtitle splits should not ‘break’ semantic and syntactic
units, leading to subtitles which are “semantically and syntactically self-
contained” (Carroll and Ivarsson, |1998). In an ideal case, every subtitle
line (or at least subtitle block) should represent a coherent linguistic chunk
i.e. a sentence or a phrase. In cases when this is not possible, subtitles

should be arranged “in sense blocks and/or grammatical units” (Carroll
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and Ivarsson, [1998). For example, a noun should not be separated from
its article. When possible, segmentation should be performed at the high-
est syntactic node (Karamitroglou, |2001). A segmentation which respects
linguistic units has been shown to facilitate comprehension and to lead
to more readable subtitles in recent studies using eye-tracking (Perego),
2008; Rajendran et al., 2013; |Szarkowska, 2016)). Lastly, subtitles should
respect natural pauses and not cross shot changes, even though empirical
evidence has not been found suggesting that viewers re-read subtitles over
shot changes (Krejtz et al., 2013).

The aesthetic criterion for splitting subtitles relates to the length of the
upper and lower line. There is no consensus about whether the upper line
should be longer or shorter. Wherever two lines of unequal length are used,
a pyramidal structure tends to be favoured. The upper line should prefer-
ably be shorter to keep free as much of the image as possible and to reduce
unnecessary eye movement in left-justified subtitles (Carroll and Ivarsson,
1998). However, it has been shown that subtitle lines of equal length are
easier to read, because the viewer’s eyes return to the same point on the
screen when reading the second line (Perego, [2008). For this reason, TED
recommends an equal length of lines. In general, readability is prioritised
over legibility, meaning that a segmentation decision should first be taken
based on syntactic and semantic properties and if these allow multiple
segmentation options, the aesthetic criterion can inform the optimal one.
While subtitle length and reading speed can be controlled directly by the
subtitle software typically used by translators, subtitle segmentation is left
completely to the subtitler’s jurisdiction. Subtitlers often have to either
compromise the aesthetics in favour of the linguistic wholes or resort to
omissions and substitutions. This means that a lot of technical, linguistic
and extra-linguistic expertise goes into the segmentation process. In Sec-

tion [4.3] we train segmentation models on human segmentation decisions
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to automatically segment full sentences into subtitles.

There’s-Archim;ades, Socrates,
There he is, Socrates,
Socrates there going through... There’s
the ball, there’s the ball!

There’s Archimedes, Socrates passing.
There’s the ball!

(a) Original subtitle (b) Subtitle adapted based on the subtitling

constraints.

Figure 2.3: Example of a subtitle not conforming to the subtitling constraints and the

same subtitle as it should be ideally displayed.

Figure [2.3] shows an example of a subtitle that does not conform to the
constraints (left) and the same subtitle as it should be ideally displayed on
the screen (right)ff] As it can be seen, the original subtitle (Figure is
spread across four lines, covering almost 1/3 of the screen. Furthermore,
the last two lines of the original subtitle are not split in a way such that lin-
guistic wholes are preserved: “There’s the ball” should in fact be displayed
in a single line. In the right subtitle (Figure instead, the lines have
been kept at two, by removing redundant information and unnecessary
repetitions ( “Socrates, There’s the ball”). Each subtitle line consists of a
full sentence, therefore logical completion is accomplished in each line and
linguistic wholes are preserved. Lastly, “going through” has been substi-
tuted with a synonym ( “passing”) in order not to exceed the 42-character
limit. This all shows that the task of subtitlers is not limited to simply
translating the speech on the screen, but they are required to creatively

compress and adapt their translation to match the temporal, spatial and

6Screenshot taken from: https://www.youtube.com/watch?v=1210J8SkBMQ
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aesthetic constraints. Translating subtitles can hence be seen as a complex
optimisation process, where one needs to find an optimal translation based

on parameters beyond semantic equivalence.

2.2.3 Quality

Antonini and Chiaro (2009, 99) remark that “media translation is an area
in which quality control becomes extremely difficult due to the complexity
of several semiotic systems functioning simultaneously”. In Section [2.1.1]
I have described how multimodality affects the translation. As a result,
multimodality also affects the perceived quality. For example, in text trans-
lation omissions are normally treated as errors but in subtitling they are
a condition sine qua non. In subtitling, quality does not depend only on
semantic and semiotic parameters. Because of the form of the subtitles,
quality additionally requires respecting the subtitling constraints described
in Section[2.2.2] The initial attempts to ensure quality revolved around pre-
scriptive guidelines, style guides and textbooks which included non-binding
recommendations on linguistic and technical aspects, both formal and tex-
tual, such as punctuation and other conventions (Carroll and Ivarsson)
1998; [Karamitroglou, [2001}; |Ofcom), 2005 Diaz-Cintas, 2020; BBC| 2021)).

Later, classifications of quality criteria were proposed, either based on
the author’s own views (Bogucki, 2013; Klaus, 2015) or based on extensive
surveys on professionals’ opinions (Kuo, 2014; Robert and Remael, 2016))
and professional vs. viewers’ opinions (Szarkowska et al., 2020)). In broad
strokes, quality in subtitling can be grouped into three categories: technical
parameters, factors derived from linguistic transfer, and factors related to

the target culture, norms[] Technical aspects focus on the legibility of sub-

"Other important factors which determine quality are related to the working conditions of subtitlers,
such as remuneration, deadlines, training and available materials (Diaz Cintas, 2001)). In this thesis we

focus on product-based factors and thus do not refer extensively to work-related factors.
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titles and can be subdivided into i) presentation (length, number of lines,
position, colour etc.) and ii) reading speed (subtitle speed, rhythm, pauses
between subtitles) (Klaus, 2015). The second group is about translation-
related aspects, with the emphasis being placed on comprehensibility. For
this, semantic and syntactic accuracy needs to be ensured. The linguis-
tic transfer parameters can be distinguished between a) language (simple
wording and phrasing, correct spelling and punctuation, properly-placed
line breaks); and b) content (condensation and coherence between the pol-
ysemiotic source text and the subtitle). The third category focuses on
stylistic aspects, for example adequate register (Bogucki, [2013)), appropri-
ateness (Robert and Remael, 2016)), and acceptability based on the norms

of the target language and culture.

This tripartite of criteria is used as the basis of theoretical models for
subtitle evaluation. Pedersen (2017) proposed the “FAR model”, which
stands for Functional equivalence, comprising semantic and stylistic as-
pects; Acceptability, which concerns how well subtitles adhere to target-
language norms and which looks at grammar, spelling, and idiomaticity;
and Readability, i.e., technical aspects related to how easily can the sub-
titles be processed, with the sub- categories a) segmentation and spotting,
b) punctuation and graphics, and ¢) reading speed and line length. This
model provides a numerical way of assessing subtitling quality by assign-
ing penalties to the errors, based on their severity and potentially dis-
ruptive impact on viewers’ comprehension. Similarly, Kunzli (2020) con-
ducted a large scale study of quality perceptions of subtitlers in German-
speaking countries, based on which he proposed the CIA model. CIA
stands for Correspondence (denotational, connotational, pragmatic, aes-
thetic), Intelligibility, focusing on legibility and readability, and Authenticity,

focusing on orality and idiomaticity.

For live intralingual subtitling via respeaking, the NER model (Romero-
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Fresco, [2011) has been the most popular model for quality assessment, and
widely applied both in the industry and academia. The NER (Number
of words, Editions, Recognition) model draws from the WER, (Word Error
Rate) calculation, and allows for the calculation of an ‘accuracy rate’. This
rate is not estimated at the level of words, but of ‘idea units’, defined
as a “unit of intonational and semantic closure” (Chafe, 1985, p. 106).
To obtain the score, the number of idea units contained in the original
dialogue is compared to the number of idea units found in the subtitle, and
edition and recognition errors are substracted from the number of words.
The model does not penalise correct editions. Correct editions (CEs) are
deviations from the original that do not involve a loss of information, for
example omissions of redundancies and hesitations, and are not factored
in the accuracy score. The errors are classified as ‘minor’, ‘standard’ or
‘serious’, scoring 0.25, 0.5 and 1. Subtitles need to reach an accuracy rate
of at least 98% to be considered suitable for users.

The NER model was later adapted to interlingual live subtitling, as
the NTR model, drawing from the evaluation of simultaneous interpreting
(Pochhacker] 2001). The formula substitutes edition errors with translation
errors as follows:

N -—-T —

with NV corresponding to the number of words, T' to translation errors, and
R to recognition errors. This model rewards positive solutions by counting
the number of Effective editions (EE) and calculates the accuracy rate to
a more standard 10-point scale.

All these models and criteria have been tailored for evaluating human
subtitling, but can possibly accommodate scenarios of evaluating auto-
matic subtitles. However, they all rely on human annotations for esti-

mating the scores, a costly and long process. In this thesis, we propose
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automatic metrics for evaluating the readability and intelligibility of sub-

titles (Sec. [p.2 and [6.2).

2.2.4 Tools and master templates

Moving into the professional aspects of subtitling, this section presents the
tools subtitlers use in their workflows. Subtitling has always been a techni-
cal profession, in the sense that subtitlers needed to work with specialised
software, from the analogue subtitle workstations during the teletext era
to modern file conversion and video editing programs. With the DVD
and later the streaming era, more and more computer-assisted translation
(CAT) tools appeared for subtitling. These are called subtitling editors
and their goal is to simplify the subtitling process, mainly by aiding in the
technical aspects of the process, e.g. spotting and conforming to the length
constraints. Figure|2.4|shows screenshots from two popular subtitle editors,
Amara] and Matesuhf’, Subtitle editors normally contain a video area, a
timeline of the subtitles and a text editing area. Common features include
spell checkers, quality control on subtitles exceeding the length or reading
speed constraints, a waveform which allows the subtitler to identify video
segments containing speech and shot change detection. With the frag-
mentation of the subtitling process among different agents, the increasing
need of collaboration between multiple agents involved in the subtitle cre-
ation process led to more cloud-based editors (Bolanos-Garcia-Escribano
and Diaz-Cintas|, 2020; Bolanos-Garcia-Escribano et al., 2021b). Recently,
subtitle software has started incorporating MT and speech technologies,
while editors are being tailored for post-editing.

An instance of an automatic subtitling tool customised for post-editing

is Matesub. Matesub is a novel subtitling tool featuring a state-of-the-

8amara.org/

9https://matesub.com/
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art speech translation system, automatic generation of timestamps for the
translated subtitles —a process called automatic spotting (or auto-spotting)

— and automatic segmentation of the translated audio into subtitles.

[elpgleige] Save Draft

HD: Grizzly Bears Catching Salmon - Nature'

1. Translate
Is all the content translated?

Keyboard controls more commands »

Tab Play / Pause Subtitles can't be blank
e — Skip back Yes, start syncing
2. Sync timing

3. Review and complete

Subtitling Guidelines »

English (original) Version 1 Editing Greek... o /‘ Notes
q Eventually they have to go for it; 0:00.60 q |Type a subtitle and press Enter 0:00.60

regardless of the danger. 0:03.72 0:03.72

But numbers are on their side. 0:44.36 0:44.36

R 04 - _

Post New Note

(a) The Amara subtitle editor
@ matesub taskl > ~5minutes-251ps €@ English US > Italian
=] subtitles list (86)

#1 00:05 00:08:

Immagina di svegliarti
con uno sconosciuto,

a volte piu sconosciuti

mettendo in discussione il tuo diritto
alla sua esistenza

per qualcosa che hai scritto online

svegliarsi davanti a un messaggio Immagina di svegliarti
arrabbiato, .
€on uno sconosciuto,

spaventato e preoccupato

—e
00:00:05:14 aa o H TRANSLATED

wsicrs 2300

(b) The Matesub subtitle editor

Figure 2.4: Two typical instances of subtitle editors. Both are cloud-based.
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Figure [2.4b| shows a screenshot of the tool. The subtitlers are presented
with a list of the automatically generated subtitles (upper left box) and the
video on which the subtitles appear (upper right). The boxes correspond-
ing to each subtitle appear at the bottom of the screen, superimposed
on a waveform which allows the subtitler to identify parts of the video
corresponding to the selected speech segments. The position and length
(duration) of the boxes can be adjusted to match the beginning and the
end of the spoken utterance and to accommodate the time the subtitle will
appear on screen. Automatic constraint control, along with other useful
features, such as keyboard shortcuts and positioning or colour settings, are
implemented as well, therefore post-editing subtitles in Matesub is repre-
sentative of subtitlers’ real working settings. The tool is free, tested in

real-life use cases and is already being used by professional subtitlers.

Subtitlers should ideally always have access to the source video when
translating. However, working directly from the video has several draw-
backs. The subtitler needs to make sense of what is said on the screen, deal
with regional accents, noise, unintelligible speech etc. One way to speed
up this labour-intensive process, especially in settings where several target
languages are involved, is creating a subtitle template. A subtitle template
is a source language /FEnglish version of a subtitle file already segmented and
containing timestamps (time codes), which is used to directly translate the
text in target languages while preserving the same structure (Diaz-Cintas,
2020; |Georgakopoulou,, 2019; Netflix, 2021)). In other words, it is an en-
riched transcript of the speech where the text is already compressed, timed
and segmented into proper subtitles. Optimal duration, length and proper
segmentation are ensured, since the change of code between oral and writ-
ten is curated by an expert, teasingly called the ‘templator’. Figure [2.5
shows an instance of a template. The translation needs to fit in the space

allowed in column D. This process reduces the cost, turn-around times and
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A g c E——
BN in-times Out-times Source Target Subtitle ID

2 Immaginate di svegliarvi

00:00:01,122 00:00:03,663 CcOoN UNO SCoNOSCiuto, 1

~ 3 /00:00:03,687 00:00:06,133 a volte piu di uno sconosciuto, 2
4 _che mette i_n dis_cus_sione

~~ ]00:00:06,939 00:00:09,777 il vostro diritto di esistere 3

Figure 2.5: Example of a subtitling template opened in a spreadsheet.

effort needed to create a separate timed version for each language, and
opens up the pool of translators able to perform the task, since it does not
require special skills for spotting and segmentation. Another benefit is that
it facilitates quality assurance since errors can be spotted across the same
blocks (Nikoli¢, 2015). This template can serve as a basis for translation
into other languages, whether the translation is performed by a human or
an MT system. These benefits motivated our work in Section for ex-
ploring architectures for simultaneously generating two language versions
(captions and subtitles) with the maximum consistency, where the caption

file can further serve as a template for multilingual localisation.

However, templates have downsides too. They are often fixed to the
constraints of the template language, meaning that translators are not
allowed to adjust the timing or structure of the subtitles, even if needed
(Nikolic¢, 2015). As a consequence, the translation has to fit to the template
language constraints. Considering potential cross-linguistic differences in
subtitling conventions for different target languages, regions, broadcasters
or streaming platforms etc., templates may sometimes in fact hamper or
prevent optimal solutions for the target language. To accommodate the
needs of the target language, subtitlers should have the flexibility to adjust
subtitling segmentation, timestamps as well as delete, merge and split the
subtitles (Oziemblewska and Szarkowska, 2020)). Moreover, reliance on
(sometimes poor-quality) templates and de-skilling of subtitle translation,

by removing the need for specialised skills such as spotting, may have
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adverse effect on overall subtitling quality in the long term (Kapsaskis,
2011). In this thesis we explore alternative workflows to increase efficiency
in subtitling without relying on templates (Section [5.2)).

2.2.5 Volunteer subtitling at TED

With the recent advances in digital technologies, subtitling is no longer
a task practised exclusively in professional settings, but has become ex-
tremely popular among volunteer and fan communities (Bogucki, 2009;
Diaz-Cintas and Sanchez, | 2006; Sim6 and Rosario, 2005}, |Orrego-Carmona
and Lee, 2017), who take it upon themselves to produce subtitles. Vol-
unteer subtitling communities come together for a wide range of differ-
ent purposes, varying from entertainment to activism or the democrati-
sation of information. This type of subtitling is also described as Non-
Professional Subtitling (NPS), since there is no monetary remuneration
involved. Due to this large variation, NPS initiatives are difficult to cate-
gorise: non-professional subtitles can be produced by individuals through
their own initiative or by structured communities with well-defined hierar-
chies, guidelines and workflows (Orrego-Carmona, 2016)).

The TED Translators programme is one of the most well-established
volunteer subtitling initiatives currently operating. TED is a media or-
ganisation producing freely accessible online talks under the slogan “ideas
worth spreading” ')/ TED was launched in 1984 as a conference covering
topics on technology, entertainment, and design, but has since expanded to
many other areas, including science, humanitarian issues, and politics. The
dissemination of knowledge is at the core TED’s mission to ‘spread ideas’.
TED Talks are brief and feature leading figures from around the planet.
The talks are normally single-speaker, scripted and prepared but rehearsed

to sound natural and spontaneous, with a conversational style. They have

Ohttps://www.ted.com/
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limited disfluencies, hesitations or background noise. Talks are recorded
and uploaded to the TED website, where they become part of an inter-
nationally accessible repository. As of March 2022, the website advertises
more than 3900 TED Talks, as well as other videos, for example TED-Ed
(the TED education initiative) and TEDx (independently organised events
including local speakers under the TED umbrella).

Integrating translation to a project like TED as part of an international
expansion strategy was a natural step for an organisation that promotes
access to knowledge. The TED Open Translation Initiative, which later be-
came TED Translators, was launched in 2009. As part of its crowdsourced
translation project, TED provides a highly controlled environment for the
development of volunteer activities. Over the years, TED Translators has
had three cloud-based technology partners: dotSUB was used until 2012,
when it was replaced by Amara. The Amara subtitle editor allows for
translating, timing and quality check of subtitles, as well as communica-
tion between the volunteers. Currently, the project uses CaptionHub,H
a subtitling platform that integrates automated solutions such as speech
recognition and MT. Each one of these organisational shifts had a direct
effect on the workflows of the agents involved in the production of the sub-
titles and, very likely, the final product (see Sec. . With almost 39,000
registered translators, TED has developed a solid fan base of users who are
willing to support the project by volunteering their time and skills.

To ensure high quality, a staggered system of tasks is implemented,
where responsibilities are clearly defined and controlled. The talks are
first transcribed and synchronised in the source language. The resulting
captions are then translated by volunteers. To become engaged in the
translation of TED talks, volunteers are required to meet three main crite-

ria: they need to be fluently bilingual in the source and target languages,

Uhttps://captionhub.zendesk.com /hc/en-gb
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they need to be ‘fluent in the transcription language’ (source language of
the video) and they should be ‘knowledgeable of subtitling best practices’.
The subtitles are revised by more experienced volunteers who have already
published at least 90 minutes worth of translations into their target lan-
guage.@ Before publication, the reviewed translations need to be approved
by higher-ranking volunteers, for example a language coordinator, or by a
staff member. TED has released transcription and translation guidelines
and subtitling training material for the volunteers. Due to the richness of
the topics and speakers and the high quality of subtitles, TED provides
excellent material for creating corpora for training and testing automatic
subtitling solutions, as we show in Section [4.2]

2.3 Conclusion

In this chapter I have presented the general scope of AVT as a dynamic field
of translation. The challenges related to the translation of AV texts stem
from the multimodal character of the source and the formal requirements
of the target (Sec. 2.1.1)). Different types of AVT exist, with the most
prominent being subtitling and revoicing (Sec. 2.1.2)). Subtitling, whether
intralingual or interlingual, offline or live, is bound by spatial and tempo-
ral constraints, expressed as a desired conformity to length and reading
speed, segmentation based on semantic and syntactic properties, and syn-
chronisation with the utterances (Sec. [2.2). Satisfying these criteria is an
integral part of quality for subtitlers, who are supported by specialised soft-
ware and file formats (templates) in the process of subtitling (Sec. [2.2.4).
The advances in digital technologies are opening up the subtitling practice

to non-professionals, leading to volunteer subtitling projects such as the
TED Translators program (Sec. [2.2.5). These characteristics make AVT

L2TED Get started, https://www.ted.com/participate/translate/get-started
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a challenging translation type, acting as a test bed for probing the limits
of machine translation and other language technologies. The next chap-
ter is dedicated to machine translation, providing the basic background on
neural MT and speech-to-text translation, as well as their application to

subtitling.
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Chapter 3

Neural Machine Translation

The second part of the background is more technology-oriented and focuses
on the state of the art of neural machine translation (NMT). After a more
general introduction to NMT (Sec. and the prevailing deep architec-
ture, the Transformer (Sec. [3.1.2)), in Section [3.2, I move to the workings
of speech-to-text translation (ST). The two dominant approaches, cascade
and direct, are explained in detail and compared. Then, I present specific
ST scenarios relevant to this thesis, namely joint generation of transcription
and translation (Sec. and simultaneous ST (Sec. [3.2.4). Transition-
ing to more subtitle-related aspects, Section outlines previous methods
for the task of subtitle segmentation, that is segmenting a text into a se-
ries of subtitles. The related work on MT for subtitling is also part of this
chapter. A comprehensive review is presented in Section 3.4, showing how
the technological advancements lead up to the establishment of the new
paradigm of automatic subtitling. The last part of this chapter is dedicated
to evaluation (Sec. , both human and automatic, as well as particularly
in the case of MT for subtitling.
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3.1 NMT and sequence-to-sequence learning

In recent years, with the advent of deep learning, NMT has become the
dominant concept in machine translation. NM'T systems are trained on
large amounts of data, up to millions of parallel sentences. A single model
is trained in an end-to-end manner, learning complex characteristics au-
tonomously and directly from the data. From a computational point of
view, translation can be viewed as a statistical problem of predicting the

probability of a target sentence y given a source sentence x.

plyle) = (3.1)

In NMT, the translation model is factorised as a product of word-level

translation probabilities,

J
P(ylz;:0) = | [ Pyslz, y<;;6) (3:2)

j=1
where 0 is a set of model parameters and y-; = y, ..., yj—1 denotes a partial
translation.

Most of the NMT approaches follow the encoder-decoder architecture
(Sutskever et al., 2014; Bahdanau et al., 2015). In this architecture, a
neural network (NN), the ‘encoder’, encodes the sentence in the source
language in a continuous representation. Then, a second neural network,
the ‘decoder’, decodes the continuous representation obtained by the en-
coder into the translation of the source sentence in the target language.
A third component is the attention mechanism, which functions similar to
an alignment model between source and target. In the next paragraphs, I
present the details of these components.

NMT can be framed as a sequence-to-sequence (seq2seq) learning prob-

lem. Seq2seq models generate a sequence of observations given another
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sequence of observations as input (Sutskever et al., 2014)). Contrary to
structured prediction tasks, such as POS-tagging, in sequence-to-sequence
learning the two sequences can have different lengths. This is a funda-
mental property for translation, where the length of the source and target
sequences do not necessarily match. These models are trained by min-
imising the cross-entropy loss as the training objective. Given X as a

2

sequence of source words z', 22, ..., 2" and Y as a sequence of target words

y' y?, ..., yM, then seq2seq learning optimises the cross-entropy loss:

N
Lo(Y,Y) = logP(§i = yil X, y<i; 0) (3:3)
1=0

where 6 is the vector of model’s parameters and y; is the predicted output.
During decoding, the prediction of the new words is conditioned on the
source representation and the previously predicted tokens. During training,
the prediction is conditioned on the source and the correct previous tokens
instead of the predicted tokens.

The encoder is a NN which transforms the input sequence into an input
sequence embedding. The input sequence is a sequence of words which
are encoded as word embeddings through an embedding matrix E(w;).
The embedding matrix can be seen as a lookup table for the vocabulary,
mapping the one-hot vector to a lower-dimensional space. The sequence of
word embeddings X is processed through the encoder to obtain a hidden

representation H.

H = encoder(X) (3.4)

Then, the representation of the input text is passed to the decoder,
which generates the target sequence, one token at a time. It takes the
input representation H, the previous decoder hidden state s;_; and the
embedding of the previous output word Ey;_1 and generates a new output

word prediction Fy; and a new hidden decoder state s;:
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s; = decoder(s;_1, Fy;_1, H) (3.5)
The output word is predicted from this hidden state. The prediction is

in the form of a probability distribution over the output vocabulary. For
example, if the target vocabulary contains 40,000 words, the prediction is a
40,000-dimensional vector, where each element contains the probability of
each word in the vocabulary. The highest value in the vector is the output
word prediction. The raw output vector is transformed into a probability

distribution through the softmax function, as follows:

ti = softmax(W(s;) +b), (3.6)

where W is a weight matrix and b a bias term.

The encoder and the decoder are normally composed of several stacks of
NN layers, hence deep architectures. Researchers have experimented with
different types of NNs for building the encoder-decoder architecture. In the
implementation by Sutskever et al.| (2014)), they were computed through
a long short-term memory (LSTM) network (Hochreiter and Schmidhu-
ber| (1997 |Graves, 2013). LSTMs are a type of recurrent neural networks
(RNN). An RNN is a network which conditions each hidden state not only
on the previous prediction but also on the previous state, in a recurrent
way. RNNs allow for modelling arbitrarily long sequences and a sequential
processing of their input. In this way, each step takes information from
the new input word and the full sentence history. However, RNNs have
several disadvantages. First, the importance of previous words diminishes
as the context becomes longer, with more recent information ‘drowning’
older information. Second, back-propagating all updates to the beginning
of the sequence can lead to the problem of vanishing or exploding gra-
dients, especially for longer sequences (Hochreiter et al., 2001). LSTMs

address these problems by incorporating a memory cell which controls how
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much of the previous history needs to be remembered or forgotten. In
both cases, the encoder can be built by two networks, one processing the
sequence left-to-right and one right-to-left to take into account both sides
of the context. In this case the network is called bidirectional.

The explicit time dependencies over each word in the sequence make
training of deep RNNs computationally expensive (Wu et al.,|[2016; Miceli Barone
et al) 2017). In an attempt to find more efficient architectures, Gated-
Recurrent Units (GRUs) (Cho et al., 2014)) were proposed, which simplified
the LSTM cell by removing one gate and one state vector. Other alter-
natives are non-recurrent approaches, such as the convolutional sequence-
to-sequence model (ConvS2S) (Gehring et al., 2017) which is built from
convolutional neural networks, often used in vision. These take advantage
of the full parallelisation capabilities of GPUs and are computed in parallel
over word sequences, speeding up the training by one order of magnitude.
In fact, deep and non-recurrent architectures soon outperformed LSTM-
based NMT in both translation quality and training time (Gehring et al.,
2017; Vaswani et al., 2017).

3.1.1 Attention

Attention mechanisms in Neural Networks (NN) were first introduced in
the field of computer vision (Larochelle and Hinton| 2010). Attention is
motivated from information processing in humans. Intuitively, the atten-
tion mechanism can be described as a method which focuses on just some
specific information, instead of the entire context. Humans tend to focus
on a certain region (whether it is inside an image or in a sentence during
reading) with “high resolution” while perceiving the surroundings in “low
resolution”, and adjust the focal point over time.

In translation, some words in the source can be particularly important

for translating a specific target word. Between typologically diverse lan-
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guages of different word order and in long sentences, knowing the previous
(or following) n words may not be sufficient. One example is the verb-
subject agreement, where the subject may be several words apart from the
verb. Another bottleneck of the seq2seq models is that the source sentence
is encoded as a single state vector, regardless of its length. This means
that 1) this state vector needs to contain all the information of the source
sequence, without forgetting the first words when reaching the end of the
sentence, and ii) the decoder state is overloaded because it keeps track of
the source sentence as well as of the previously translated words.
Attention creates a ‘bridge’ between the encoder and the decoder. In-
tuitively, it weights each input word based on how important it is for
generating the next target word (at each decoder state). The attention
mechanism proposed by Bahdanau et al. (2015) is informed by the input
word representation h; and the previous hidden state of the decoder s;_1,

and it produces a context vector ¢;, computed as:

N
7=0

The attention a is a feed-forward network which computes the associa-

tion between the input word and the encoder states as:

a(si_1, hj) = vitanh(W,s;_1 + Ushyj), (3.8)

where Wa and Ua are weight matrices, v, is a weight vector and tanh is
the hyperbolic tangent non-linear activation function. The output of this
computation is a scalar value, which is then normalised using softmax, so

that all attention values add up to one:

_ exp(a(s;—1,hj)
> _rexpla(si—1, hy)

o8
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The context vector is different for each decoder time step ¢. With at-

tention, the input representation H is replaced by the context vector ¢; in
Equation [3.5] as follows:

si = f(si—1, Eyi—1,¢) (3.10)

Later, the attention mechanism was refined with alternative alignment
functions and simpler computation paths (Luong et al., 2015 and different
types of attention appeared.ﬂ The attention mechanism was an important
improvement for NMT and led to notable improvements, establishing NMT

as the main paradigm in automatic translation.

Self-attention Self-attention is only one of the many proposed attention
architectures. There is, however, a main difference between self-attention
and other attention types. Attention is a mechanism operating outside the
input (in NMT it is found in the decoder) which attends either to the whole
input state (Global/Soft) or to a part of the input state (Local/Hard).
Self-attention on the other hand, connects several positions of the same
sequence with each other. With attention, when the decoder needs to
output the word y4 of the target sequence it may attend to positions x1
and x4 in the source sequence. With self-attention, however, each word
in the encoder is weighted for its relevance to the rest of the words in the
source sequence. The same occurs in the decoder with the target sequence.

Self-attention-based architectures have achieved state-of-the-art results
in many Natural Language Processing (NLP) tasks and domains. Archi-
tectures such as the Image Transformer (Parmar et al., 2018)), the Trans-
former (Vaswani et al.; 2017) and the BERT (Devlin et al., 2019) language

1Others include Soft vs. Hard Attention, Global vs. Local Attention, Causal Attention in SNAIL and
many others. However, the comparison of all these attention types is outside the scope of this thesis. For
a full comparison of attention mechanisms, see Lilian Weng’s blog post: https://lilianweng.github.io/lil-
log/2018/06/24 /attention-attention.html
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model have pushed the field forward, achieving state-of-the-art results in

computer vision, NMT and several NLP tasks respectively.

3.1.2 Transformer

Definitely one of the most impactful papers of the previous years, ‘Atten-
tion is all you need’ (Vaswani et al., 2017)) acknowledged the importance of
self-attention for NMT. The proposed architecture, the Transformer, en-
abled sequence-to-sequence modelling based entirely on self-attention and
completely eliminated the need for recurrent connections. The encoder and
the decoder of the Transformer are actually feed-forward networks. This
is counter-intuitive, since a feed-forward NN cannot capture information
about the position of the words in a sequence, as it is the case with RNNs.
Therefore, positional encodings are added to the word embeddings, which
contain information about the position of each word in the sentence. The
architecture of the Transformer is shown in Figure [3.1] The architecture

can be summarised in the following components:

Scaled Dot-product Attention The attention mechanism in the Transformer
is based on the notions of keys (K), queries (Q) and values (V). The output

of the attention is computed using scaled dot-product:

k

where dj, is the dimension of the input (keys). Scaled dot-product is
nothing more than a dot product with an added scaling factor 1/+/dy.

The scaling factor is added to facilitate learning, since for long inputs, the

1% (3.11)

softmax function can have extremely small gradients.

The computation of attention can be described in the following steps:

1. Obtain weight matrices ), K and V by multiplying the embedding
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Qutput
Probabilities

Multi-head attention

Add & Norm

' ™\ Add & Norm
SadElo Muli-Head :
Feed Attention
Forward Nx

]
Scaled Dot-Product I h
Attention 2

Add & Norm

Nx
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
t 4 At
Positional 4 Positional
Encoding P Encoding m
Input Output
Embedding Embedding
T I
Inputs Outputs
(shifted right) Q K v

Figure 3.1: The Transformer model architecture. Figure from (Vaswani et al., [2017)).

matrix X (concatenation of input embeddings for each word in the se-
quence) with a different weight matrix W¢, WX and WV,

2. Compute the dot product of QK.
3. Divide by the square root of the input dimension.

4. Normalise the number obtained in Step 3 by softmax to output values

between 0-1.

5. Multiply V' by the softmax output to weigh important words higher and

eliminate non important ones.

Multi-Head Self-Attention Instead of having only one ‘round’ of attention,
Transformer applies multiple passes of the scaled dot-product attention.
Each pass is performed by a different head. Since the weight matrices @,
K and V' are initialised randomly, each head will compute a different rep-

resentation of the input. Equation [3.12f shows how Multi-Head Attention
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is computed.
MultiHead(Q, K, V') = Concat(heady, ..., head,,) WO (3.12)

Each head outputs a matrix head;, all of which are then concatenated
and multiplied by a weight matrix W},. The result, which contains informa-

tion from the entire sequence, is then passed to the feed-forward network.

Encoder The encoder is comprised by several encoder stacks. Each en-
coder stack is split in two subcomponents: 1) multi-head attention + layer
normalisation (Add & Norm); and 2) feed-forward network + layer normal-
isation. A residual connection is applied around each sublayer for easier

back-propagation and to avoid gradient vanishing.

Decoder The decoder is also a stack of decoders, similar to the encoder,
with one difference: it contains a third subcomponent, called masked multi-
head attention. During decoding, the decoder should not ‘cheat’ by looking
at future positions, therefore a mask is applied, which hides future positions
(words). The output of the top encoder, in the form of a K,,. and V..
matrix is passed to every decoder to generate the output word x;. After
generating x1, the output is passed again to the decoder, which performs
self-attention on the target sequence in order to continue generating words
up to the end of the sentence.

The Transformer is the main architecture used for building our segmen-
tation models in Section [4.3] and the NMT models in Chapter [5]

3.2 Speech translation

Speech translation (ST) is the translation of a spoken signal and can have

two types of output: speech (speech-to-speech) or text (speech-to-text).
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Speech-to-text translation, its application to AVT being the main focus of
this thesis, is the task of translating a speech signal in a source language
S into text in a target language T'. ST has been traditionally approached
with cascade architectures, combining a pipeline of different subtasks. In
the past few years, direct architectures have been on the rise, translating
the speech signal in an end-to-end fashion. In both cases, the audio sig-
nal, which is stored as a waveform, is split into short-term frames using
overlapping windows and log Mel filterbanks are extracted as features to
be given to the system, whether direct or cascade. In the next sections, I

describe each of these two approaches.

3.2.1 Cascaded speech-to-text translation

Traditionally, the task of Speech-to-Text Translation has been addressed
with cascade systems consisting of two components: an Automatic Speech
Recognition (ASR) system, which transcribes the speech into text, and an
MT system, which translates the transcribed text into the target language
(Stentiford and Steer|, 1988; Waibel et al., 1991} [Eck and Hori, [2005). Fig-
ure [3.2] shows a scheme of a typical ST cascade architecture. Because of its
pipelined architecture, other intermediate modules can be added depending
on the target application, such as text normalisation, punctuation restora-
tion, text condensation etc. In speech-to-speech translation, the pipeline
is complemented by a text-to-speech (TTS) component which synthesises
the text into speech. Even though applicable for revoicing, TTS is out of
the scope of this thesis, therefore I will here focus only on the ASR and
MT components.

By concatenating ASR and MT components, cascade ST architectures
represent an intuitive solution to achieve reasonable performance and high
adaptability across languages and domains. Cascades have the benefit that

they can take advantage of state-of-the-art technology for both individual
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Figure 3.2: Typical ST cascade architecture.

components, each component can be evaluated independently, and they can
leverage the large amounts of data available for both tasks. At the same
time, however, they are susceptible to well-known problems related to the
concatenation of multiple systems. First, they require ad-hoc training and
maintenance procedures for the ASR and MT modules. Second, they suffer
from the propagation of ASR errors to the MT system, and from the loss
of speech information (e.g. prosody, speakers’ vocal traits) which might be
useful to improve the final translations, especially in the case of AV texts.ﬂ
Research has focused on mitigating error propagation by: i) feeding the M'T
system with ASR data structures (e.g. ASR n-best, lattices or confusion
networks) which are more informative than the 1-best output (Lavie et al.,
1996; Matusov et al., 2005b; |Bertoldi and Federico, [2005; Beck et al., 2019
Sperber et al., 2019)), and 4i) making the MT robust to ASR errors, for
instance by training it on parallel data incorporating real or emulated ASR
errors (Peitz et al.| 2012 Ruiz et al., 2015; |Sperber et al., [2017; Cheng et al.,
2019; Di Gangi et al., 2019¢; [Martucci et al.|, 2021)). Although the former
solutions have shown to be effective to some extent, state-of-the-art cascade
architectures (Pham et al.; 2019; Bahar et al., 2020)) prefer the latter, as
they are simpler to implement and maintain.

One further drawback of the cascaded approach, particularly relevant
for the task of subtitling, is that any transcript, no matter how accurate,

is subject to information loss in the semiotic shift from the richer audio

2Tn Section we will show that speech pauses are useful for predicting the correct segmentation of
the text into subtitles.
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representation to the poorer text representation. Attempts to preserve
speech information have been made in speech-to-speech translation cas-
cades mainly for improving the naturalness of the synthesised speech and
for resolving ambiguities. This has been performed through acoustic fea-
ture vectors related to different prosodic elements, such as duration and
power (Kano et al., [2013)), emphasis (Do et al., 2015, |2016)) and intonation
(Aguero et al., [2006; |Anumanchipalli et al., 2012).

3.2.2 Direct speech-to-text translation

Direct ST approaches overcome the limitations of cascade ST models by
training a system that translates directly from the audio, bypassing any
intermediate representations, e.g. transcription. Direct ST can be defined
as a seq2seq task, where a sequence X of audio features in a source language
S is mapped into a sequence of words Y in a target language T, Y being
the translation of the word sequence uttered in the audio signal represented
by X. In this way, a single neural network can be trained to maximize the
probability of P(Y|X).

Bérard et al.| (2016) and [Weiss et al.| (2017) proposed the first direct
ST solutions. These were encoder-decoder architectures based on recur-
rent neural networks. Currently, more effective solutions (Di Gangi et al.|,
2019b; Potapczyk and Przybysz, 2020; [Bahar et al., 2020; |Gaido et al.|
2020b) rely on ST-oriented adaptations of the Transformer (Vaswani et al.,
2017), where the encoder is integrated with: i) convolutional layers which
reduce the input length to make the input computationally manageable,
and i) penalties which bias the model to attend to local context in the en-
coder self-attention layers (Povey et al., [2018; Sperber et al., [2018; Di Gangi
et al., 2019b)).

These architectures are more effective and have shown encouraging re-

sults (Sperber and Paulik, 2020)). However, one arduous problem in direct
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ST is training data paucity, a critical bottleneck for neural solutions in
general. In ST, the problem has been mainly tackled with data augmenta-
tion and knowledge transfer techniques. Data augmentation increases the
amount of training data either by producing artificial training corpora or by
augmenting the existing datasets. In the first case, the generation of new
data — (audio, translation) pairs — can be performed in two ways: 1) the
text side of existing speech corpora (audio, transcription) is automatically
translated into a target language through MT, or 2) existing translation
corpora (source-target text) are speech synthesised through TTS (Bahar
et al., 2019b; Nguyen et al., 2020; Ko et al., 2015; Jia et al., 2019). The
second direction consists in increasing the data size by adding copies of the
original data where the audio has been ‘corrupted’ in various ways (e.g. by
speeding up, slowing down, adding noise). One such technique is SpecAug-
ment (Park et al.| |[2019), an online data augmentation method, which does
not augment the waveform itself but rather the spectrogram by warping it

in the time direction and masking blocks of utterances and frequencies.

Knowledge transfer (Gutstein et al., 2008) consists in leveraging the
knowledge from another trained model. In the case of ST, the knowledge
learnt from a neural network trained on closely related tasks (ASR and
MT) is passed on to the ST model. On one side, existing ASR models
have been used for encoder pre-training (Bérard et al., 2018; Bansal et al.,
2019; Bahar et al., 2019a) and multi-task learning (Weiss et al., |2017;
Anastasopoulos and Chiang, 2018a; [Indurthi et al., 2020). On the other
side, existing neural MT models have been used for decoder pre-training
(Bahar et al., 2019a; Inaguma et al., 2020)), joint learning (Indurthi et al.,
2020; Liu et al.| 2020b)) and knowledge distillation (Liu et al., 2019; Gaido
et al., 2020D)).

As mentioned above, direct ST receives audio as input. The model re-

ceives two types of information from the spectrogram, along its two axes:
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1) information about the temporal dimension of the speech, e.g. dura-
tion, and 2) information related to the frequency, such as pitch, power and
other prosodic elements. While intonation and stress are mostly related
to semantic properties, speech tempo directly affects the compression rate
of subtitles, and pauses often correspond to prosodic chunks which can
determine the subtitle segmentation. Given that, in this thesis I will ex-
plore whether access to this information can lead to better modelling of
the subtitling constraints and subtitle segmentation (Sec. 2.2.2)).

Comparisons Most of the works on direct ST also evaluate the proposed
solutions against a cascade counterpart. The conclusions, however, have
long been discordant. Only to mention a few examples, Pino et al. (2019)
showed similar scores for the two approaches, Indurthi et al.| (2020) re-
ported higher results for their direct model, while Inaguma et al.| (2020)
reported higher results for the cascade. Besides the inconclusiveness, other
problems of these comparisons included: i) not all the architectures were
equally optimised (e.g. hyperparameter search in the cascade), iz) in order
to have a fair comparison in terms of training data, cascade systems were
restricted to unrealistic settings with a limited amount of training dataand
ii1) evaluation relied only on automatic metrics computed on single refer-
ences. The IWSLT campaigns (Niehues et al., 2019; |Ansari et al., 2020;
Anastasopoulos et al., 2021} 2022) have set up a shared evaluation frame-
work where systems built on large training data are optimised to achieve
the best performance, independently of the underlying architecture. In the
2020 edition, direct models approached, and in one case (Potapczyk and
Przybysz, |2020)) even outperformed, the cascade solutions. This tendency
continued in the last two editions, where direct models approached the
traditional cascades. In comprehensive study based on multiple human

references and error annotation of the outputs, Bentivogli et al. (2021)
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showed that the performance gap between the two approaches is closed.
The two approaches make different types of errors, the cascade making
less morphology and word order errors, while the direct being more ro-
bust to audio understanding and taking advantage of prosodic features in
disambiguating the translation. In Section we perform comparisons of

cascade and direct architectures in automatic subtitling.

3.2.3 Joint generation of transcription and translation in ST

The idea of generating both the transcript and the translation of the same
input speech has been previously addressed in (Weiss et al., [2017; |Anasta-
sopoulos and Chiang, 2018b). These papers presented different solutions
(both cascade and direct) with the goal of improving translation perfor-
mance by leveraging both ASR and ST data in direct ST. Later, Sperber,
et al.| (2020) reviewed different cascade, direct and joint architectures with
the focus of jointly producing consistent source and target language texts.
Their underlying intuition is that, since in cascade solutions the translation
is derived from the transcript, cascades should achieve higher consistency
than direct solutions. Their results, however, showed that triangle models
(Anastasopoulos and Chiang, 2018b)), in which the translation decoder at-
tends to the output embeddings of the ASR encoder, achieve the highest
consistency among the architectures tested (considerably better than that
of cascade systems) and have competitive performance in terms of trans-
lation quality. Direct independent models and models sharing only the
audio encoder with two different decoders (Weiss et al., 2017)), instead, do
not achieve the translation quality and consistency of cascades. However,
all these previous efforts have fallen outside the domain of automatic sub-
titling and ignore the inner structure of the subtitles and their relevance
when considering consistency. We are experimenting with joint generation
of captions and subtitles in Section 5.3
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3.2.4 Simultaneous speech translation

Simultaneous Speech Translation (SimulST) is the task in which the gen-
eration of the translation starts before the audio input becomes entirely
available. As with offline ST, cascades have long dominated the simultane-
ous translation landscape. In cascade architectures, a streaming automatic
speech recognition (ASR) module transcribes the input speech into the cor-
responding text (Wang et al., 2020b; Moritz et al., 2020). Then, a simulta-
neous text-to-text translation module translates the partial transcription
into target-language text (Gu et al., 2017; Dalvi et al., 2018; Ma et al.,
2019; Arivazhagan et al., 2019b). Recently however, direct architectures
are gaining momentum, having the benefit of lower latency (translation

delay) over cascaded approaches.

SimulST systems are trained with a Prefix-to-Prefix Framework, mean-
ing that the generation of the target word ; is based on the source prefix
T4 and not on the entire source sequence X as in seq2seq training. g(t)
is a monotonic non-decreasing function of ¢ that denotes the number of

source words processed by the encoder when deciding the target word ;.

In simultaneous settings, a model receives input incrementally, and at
each time step chooses between a read or a write action. A READ ac-
tion corresponds to receiving new information from the input, while the
WRITE action means outputting the translation using the information re-
ceived until that step. Determining the next action is performed through a
decision policy. Decision policies can be divided into fized and adaptive. In
fixed policies, the decision of when to write is taken based on the elapsed
time. Among the most popular fixed policies, the wait-k policy (Ma et al.|,
2019), initially proposed for simultaneous MT, consists in reading k source
words before starting to generate the target sentence. Figure shows an
example of the policy with & = 2. With the wait-£k strategy, the target
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Figure 3.3: An example of the wait-k policy with k=2. Figure from (Ma et al., 2019).

sentence is always k& words behind the input. This gives controllable la-
tency and an implicit anticipation on the target side when decoding. The
output is generated in a greedy manner, since each word is committed
on-the-fly, however some attempts have been made to apply beam search

(Zheng et al., 2019¢; |Zeng et al., 2021; Nguyen et al., 2021)).

While the original wait-k£ implementation is based on textual source

data, (Ma et al., 2020) adapted this strategy to audio input by waiting

for k fixed amount of time (step size) instead of k& words. The best step
size resulting from their experiments was 280ms, corresponding to, ap-
proximately, the length of a word — on average 271ms — motivating the
equivalence between the MT and the ST policies.

With adaptive policies (Cho and Esipova, 2016 Grissom II et al., [2014;
Gu et all [2017; Alinejad et al., 2018}, [Arivazhagan et al., 2019b} [Zhang
et all 2022; Dong et al., 2022), a WRITE decision is taken by consid-

ering also the contextual information extracted from the input. Such a

policy makes sure there is enough source information before generating a
target word. Even if fixed policies are not optimal since they disregard
the input context, they are still more popular than adaptive policies
et al., 2017; Zheng et al., [2019a}, 2020), because they are easier and less
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time-consuming to train (Zheng et al., 2019b; |Arivazhagan et al., 2019b)).
Due to their low latency and reduced maintenance, direct SimulST systems
can be promising for the application scenario of live subtitling, which we

explore in Section [5.4]

3.3 Automatic subtitle segmentation

We have seen in Section that creating readable subtitles comes with
several challenges. The difficulty imposed by the transition to a different
semiotic means, which takes place when transcribing or translating the
original audio into text (Sec. [2.1.1), is further exacerbated by the limi-
tations of the medium (time and space on screen). Moreover, chuncking
or segmentation, i.e. the way a subtitle is split across the screen, has a
great impact on comprehension (Sec. . Where and if to insert a sub-
title break depends on several factors such as speech rhythm, pauses but
also semantic and syntactic properties. This all makes segmenting a full
sentence into subtitles a complex and challenging problem.

Automatically segmenting text into subtitles has long been addressed as
a post-processing step in a translation/transcription pipeline. In the subti-
tling industry, language-specific rules and simple algorithms are employed
for this purpose. Among these are splitting based on simple character
counts, e.g. before a specific length is reached, or splitting the sentence
at the highest syntactic node (Karamitroglou, 2001). Other approaches
on subtitle segmentation use classifiers to predict subtitle breaks. One of
these approaches used Support Vector Machine and Logistic Regression
classifiers on correctly /incorrectly segmented subtitles to determine sub-
title breaks (Alvarez et al,, 2014). Extending this work, Alvarez et al.
(2017) trained a Conditional Random Field classifier for the same task,

but in this case distinguishing between line and subtitle breaks. A more
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recent, neural-based approach (Song et al., 2019) employed an LSTM to
predict the position of the period for improving the readability of automat-
ically generated YouTube captions, but without focusing specifically on the
segmentation of subtitles. Specifically for subtitling, Matusov et al. (2019)
customised an NMT system to subtitling and introduced a segmentation
neural classifier based on human segmentation decisions from OpenSubti-
tles data and established penalties in the subtitling industry. In Section 4.3
we improve over these approaches by proposing a neural seq2seq segmenter
model, while in Section 5.2, we propose an end-to-end ST solution which

translates and predicts subtitle segmentation boundaries in one.

3.4 Machine translation for subtitling

In this section, I present research in the field of MT for subtitling. Com-
pared to other, more popular applications of MT, subtitling has only been
tackled in a handful of academic studies during the past 20 years. These
works can be conveniently subdivided into three periods, for the categori-
sation of which I will use a three-age system according to the dominant
MT paradigm defining each era: rule-based systems, statistical systems
and neural systems.

The rule-based age: Early works employing MT for the multilingual
generation of subtitles were optimistic in the degree of automation that
could be achieved. Pipeline systems were constructed to perform the task
from end to end. The architectures were based on several subcomponents,
designed on the basis of rules. The MUSA project (Piperidis et al., 2005)
automatised multiple steps in the subtitling process, by creating a pipeline
comprising ASR, text condensation and constraint formulation, followed
by rule-based MT. Similarly, the eTITLE project (Melero et al., [2006) cre-

ated a web-based subtitling service and made steps towards automatising
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the full workflow. The architecture was composed of an audio-to-transcript
alignment module, translation with translation memories (TM) and MT,
text compression and subtitle segmentation based on geometric rules (sim-
ilar length of upper and lower line). The main limitation of these projects,
as well as of other rule-based (Popowich et al., |2000) and example-based
(O’Hagan, 2003; |Armstrong et al., 2006) MT approaches to subtitling, was
that MT technology at the time was not ripe enough to be fully deployed

in professional settings.

The statistical age: Statistical methods led the efforts of the scien-
tific community to move away from rule-based subcomponents in favour
of data-driven approaches. As a result, the initial enthusiasm for fully au-
tomatising subtitling was abandoned and more realistic expectations were
set, focusing on improving translation performance. The age of Statistical
Machine Translation (SMT) gave birth to two large projects using SMT to
translate subtitles with moderately encouraging outcomes. The Stockholm
MT System for Film Subtitles (Volk et al., 2010) reported a success story.
Its success can be attributed to a large corpus of proprietary data cover-
ing Scandinavian languages, the similarity of the languages involved and
the collaboration of professional subtitlers. The EU-funded project SUbti-
tling by MAchine Translation (SUMAT) (Etchegoyhen et al., 2014; Bywood
et al.| 2017) trained SMT systems on professional and crowd-sourced data
for eleven translation pairs. They reported productivity gains for some
languages but recognised that the ground was not ready for the establish-
ment of MT in the subtitling world. Unfortunately, the data used to train
the systems in both projects were to a large degree proprietary, so they
were not released to the research community, which impeded further stud-
ies on SMT for subtitling. Similar productivity gains were reported from
smaller scale studies comparing academic SMT systems and commercial
systems available at the time (de Sousa et al., [2011; |Aziz et al., 2012). The
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approach employed in this era can be regarded as automatising the trans-
lation of templates in the subtitling industry (Georgakopoulou, 2019). The
soundtrack is transcribed by a subtitler, with the necessary degree of text
compression, and spotted in order to create the source language subtitles
which are then automatically translated. In this way, there is a one-to-
one correspondence between source and target subtitles. Still, significant
manual effort needs to be invested in the transcription and spotting of the

source text speech.

The neural age: The unprecedented improvements in quality brought
about by NMT resparked the interest in MT for subtitles. Researchers from
AppTek (Matusov et al., 2019)) customised a general purpose NMT system
for the domain of subtitling. Along with the translation of the subtitles, the
system incorporated a segmentation module which predicted line breaks.
Despite the productivity gains reported, this approach also relied on the
existence of a high quality template. The MeMAD project (Koponen et al.,
2020c) employed a similar approach, applying MT at the level of sentence
or document. This approach extended the context received by MT, lead-
ing to improved translation performance, but introduced the problem of
aligning the translated text back to the source timestamps. The expansion
of text in the target language and the segmentation based on punctuation
often caused the alignment heuristics to fail. As a result, some subtitles
were pushed to later frames, leading to the text falling out of sync with
the soundtrack. The project also carried out experiments with ASR-MT
cascades both for fully automatic subtitling and as a tool for subtitlers (cf.
Section H However, the results were rather discouraging, since consid-
erable editing was needed and the subtitlers’ user experience was overall

rather negative. (Cherry et al. (2021)) treated subtitle translation as mark-

3https://memad.eu/wp-content /uploads/D6.9-Evaluation-Report-final-version-version-1.0-
merged.pdf
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up translation, by projecting the subtitle boundaries from the source to
the output, using a projection algorithm based on word alignments from
source to target. In this way, the properties of the source (timestamps,
colours and other metadata) can be directly transferred to the output sub-
titles. It should be noted that all these approaches rely on the existence of
high-quality source language captions.

All these works have provided valuable inspiration for the rising paradigm
of automatic subtitling proposed in this thesis. Chapter [5|is dedicated to
the direct ST models and their application to subtitling.

3.5 Evaluation

An indispensable part of system development is evaluation. Evaluation
has been a thorny issue in MT since its nascence. Recent research has
demonstrated flaws in widely-used MT evaluation methods, bringing about
controversies in the presumably solid preconceptions on MT quality (Toral
et al.l 2018, [Laubli et al., [2018; [Fomicheva and Specia, 2019; Freitag et al.,
2019, 2020)). In this section, I describe MT evaluation methods, focusing

on human (Sec. [3.5.1)) and automatic evaluation (Sec. |3.5.2)).

3.5.1 Human evaluation

Human evaluation is the ‘gold” method for evaluating MT, even though the
high costs and time required for the task make it unfeasible for frequent
use. The natural intuition to judge the goodness of a translation is to ask
humans to rate the quality of the output, comparing it to the input sen-
tence. This requires bilingual evaluators, highly fluent in both the source
and target language. Since the question ‘how good is this translation?’ can
be interpreted in various ways by evaluators, a common practice is to use

two criteria: Fluency, which corresponds to the question ‘Is the output
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good fluent English/Spanish etc?’, and Adequacy, corresponding to ‘Does
the output convey the same meaning as the input sentence?’. Evaluators
judge the output on five or seven-point scales (Callison-Burch et al., 2007
Denkowski and Lavie, 2010). However, research has shown that there is
broad variability in human judgements of fluency and adequacy (Callison-
Burch et al., 2008, 2009). Instead of evaluating a system on an absolute
scale, another evaluation method is to rank two system outputs against
each other (Callison-Burch et al., 2012). This method leads to higher
agreement among evaluators and is useful in evaluation campaigns where
different systems compete with each other. The most recent way of evalu-
ating MT output is Direct assessment (DA) (Graham et al/ 2013)). In
reference-based DA, evaluators are presented with the reference transla-
tion and the system output and evaluate the goodness of the translation
on a continuous scale (0-100). The benefits of DA are that monolingual
evaluators can preform the task, it scales better and considers the variabil-

ity between evaluators. DA is now the established evaluation method in
WMT campaigns (Barrault et al., 2020; |Akhbardeh et al., 2021)).

Another perspective on evaluation is through quality assessment. Hu-
man annotators annotate the errors in an MT output based on an error ty-
pology. Several error annotation frameworks have been proposed with the
most widely-used being Multidimensional Quality Metrics (MQM) (Bur-
chardt, [2013)). This framework provides a list of error types, hierarchically

arranged in groups, with accuracy, verity and fluency as core concepts.

Lastly, task-based evaluation is aimed at whether a translation is good
enough for allowing the user to accomplish a task. Such cases can be
real-world tasks, for example, whether the translation of a form allows one
to successfully submit an application, or content understanding (gisting)
tasks, which consist in asking an evaluator to re-write the output based on

what they have understood of it. Another form of task-based evaluation
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focuses on the use of MT as a tool to increase productivity, through the

task of post-editing, which is described in detail in the following section.

Post-editing Human post-editing (PE) consists in manually correcting the
system output according to the input. In PE-based evaluation, instead of
evaluating how good the output is, the focus is given to how much work is
needed to fix it. The original output is compared against its post-edited
version using an automatic metric, Human translation edit rate (HTER)
(Snover et al., [2006). HTER calculates the minimum number of insertions,
deletions, substitutions and shifts to convert the system output into the
edited translation. This allows for counting only the actual errors made
by a system, without penalising differences due to linguistic variation as it
happens when exploiting independent references.

HTER is a product-based metric, meaning that it cannot measure the
exact effort made by translators. For example, a translator may com-
pletely erase the MT suggestion and re-write the exact text. This would
give a HTER of 0 even though the translator re-typed the entire text. For
this reason, process-based metrics are also useful for evaluating productiv-
ity. Productivity gains are assessed by comparing temporal effort, as the
time spent editing an M'T output compared to translating the input from
scratch. Another indicator of productivity is the technical effort, consisting
in how much typing the translator actually performs, usually by counting
the number of keystrokes with keystroke-logging software (e.g. InputLog
(Leijten and Van Waes, 2013)). Even though more interpretable from a
practical point of view, process-based evaluations are subject to high vari-
ability, because of the subjectivity among the translators. In addition,
time is a sensitive measure and often affected by outliers, e.g. when a
translator gets distracted or due to technical reasons related to the soft-

ware. Still, with a careful experimental setting and proper data cleaning,
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productivity-based evaluation gives a realistic estimation of the usefulness
of MT in translators” workflows. Product- and process-based analyses are

employed in our investigation of PE in automatic subtitling in Section [6.3]

3.5.2 Automatic evaluation

Automatic evaluation is based on automatic metrics, which measure the
goodness of the output. Automatic evaluation is appealing because it is
easier, faster and cheaper compared to human evaluations. It is repro-
ducible, and can be used multiple times during system development to
drive the implementation decisions towards performance gains. The good-
ness of each metric is judged by its correlation with human judgements.
Reference-based evaluation consists in comparing the system output
(hypothesis or candidate translation) against one or several human trans-
lations (reference translations). The automatic metrics measure some de-
gree of similarity with the reference. For years, string-matching algorithms
prevailed, with the most prominent and long-standing being BLEU (Pap-
ineni et al., 2002). BLEU is a precision metric, which computes the ratio
of n-grams in the translation that match the reference, multiplied by a
brevity penalty which penalises too short translations. To address the fact
that BLEU is based only on surface features, other metrics proposed us-
ing deeper linguistic features. METEOR, (Lavie et al., [1996; [Banerjee and
Lavie, 2005)) incorporates stemming and synonyms giving partial credit to
near matches, but requires linguistic resources for each language.
Recently, semantic metrics have been gaining ground, which compute
scores by comparing (contextual) embeddings extracted from pre-trained
models. For example, Yisi (Lo, [2019) and BERTscore (Zhang et al., 2020b))
measure the token similarity between the output and the reference(s).
COMET (Rei et al., 2020) has the additional benefit that it also encodes

the source, along with the MT hypothesis and reference, in the same cross-
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lingual space. PRISM (Thompson and Post|, 2020) casts MT evaluation
as a zero-shot paraphrasing task, producing segment-level scores by force-
decoding between output and reference. Most of these metrics have a high

computational cost, since they rely on large pre-trained models.

Evaluation of MT for subtitling Evaluation for MT for subtitling has fol-
lowed the steps of MT evaluation, since BLEU (Papineni et al., 2002)
is the dominant automatic metric used in all studies on MT for subti-
tling. However, the majority of studies used other string-based metrics
along BLEU, such as TER (Snover et al., 2006), characTER (Wang et al.,
2016) and chrF (Popovid¢, 2015). Moreover, some studies (Volk et al.|
2010; |[Etchegoyhen et al., 2014) used multiple references for calculating the
scores, to account for the variability in translation solutions. It is worth
noting that the tendency of using multiple automatic metrics and refer-
ences suggests that researchers recognise that string-based metrics are not
sufficient for representing the functional equivalence required in creative
and multimodal texts such as subtitles.

Recently, the need for evaluating the technical constraints of subtitling
(e.g. segmentation, spotting) has lead to new automatic metrics. |Aziz et al.
(2012) computed how much the output text increases in length compared
to the reference (in characters), however this does not give any indication
for the degree of conformity to the subtitling constraints. In this thesis we
employ conformity metrics to evaluate these technical aspects (Sec. .
In an attempt to consider segmentation quality, Matusov et al.| (2019) re-
port MT scores in the S-mode, where line breaks in a subtitle are marked
with a separator symbol. However, in their setting there is a one-to-one
correspondence between source-target subtitles, which is not always the
case with end-to-end generation systems. (Cherry et al.| (2021)) propose two

metrics again related to BLEU, to include timing quality: 1) Timed-BLEU,
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where target to reference alignments necessary for the evaluation are cre-
ated by linear temporal alignment, over which BLEU is calculated as usual,
and 2) T-BLEU Headroom, calculated as the difference between an upper
bound of T-BLEU and the actual T-BLEU. At the time of writing this the-
sis, Wilken et al.| (2022)) proposed Subtitle Edit Rate (SubER), a metric
which considers all subtitling aspects, namely subtitle text, segmentation
and timing. SubER is based on TER, which is extended by including break
edit operations and time-alignment constraints. Both metrics can only be
applied on outputs containing timestamps e.g. in an .srt format, which is

not addressed with the models proposed in this thesis.

Evaluation of Subtitle Segmentation Automatic subtitle segmentation has
been previously evaluated in the case of interlingual and intralingual subti-
tles, by comparing the automatically generated output against a reference
(Alvarez et al, [2014). For interlingual subtitles, Alvarez et al. (2016) pro-
posed a segmentation algorithm based on logistic regression and support
vector machine classifiers. The evaluation was performed with precision-
recall-F1 measures, based on the ability of the algorithm to insert a segmen-
tation boundary, without however distinguishing between line and subtitle
breaks. Later, |Alvarez et al. (2017) compared rule-based and machine-
learning segmentation methods with metrics considering either subtitle
breaks only or both line and subtitle breaks. These metrics count the seg-
mentation errors (F1, NIST), the number of incorrectly segmented portions
(DSER) or the edit distance between sequences of reference positions and
hypothesis positions (SegER). In Section except for F1, we evaluate
segmentation accuracy with BLEU as a similarity measure, and characters
per line (CPL), as the percentage of segmented subtitles conforming to the
length constraint. However, most of the segmentation metrics can only be

applied when the output text perfectly matches the reference text, which
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is not the case with end-to-end generation systems. In Section 6.2, we

address this gap by proposing new subtitle segmentation metrics.

3.6 Conclusion

In this chapter I have set out the technical background for this thesis. I
have described NMT (Sec. [3.1)) and the Transformer, as well as the state
of the art in speech translation (Sec. and MT for subtitling (Sec. [3.4).
Last but not least, evaluation metrics and methodologies were explained
in Section [3.5] Having the main ingredients at hand, the reader is now
ready to delve into the main part of this thesis, which addresses automatic

subtitling from a computational perspective.
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Chapter 4

Speech Subtitling Data

In this chapter, we present the first contribution towards the new paradigm
of automatic subtitling, that is the compilation of suitable data for train-
ing automatic subtitling systems. We start with an examination of existing
subtitling corpora and their suitability for training systems under the new
paradigm (Sec. [4.1)). The analysis shows that existing subtitling corpora
lack several elements required for building end-to-end systems. This mo-
tivates the compilation of the MuST-Cinema corpus, a speech-to-subtitles
corpus, based on TED talks. This corpus is an extension of a speech-to-text
corpus (MuST-C) where subtitle boundaries are annotated as special sym-
bols. The corpus, the steps for its compilation and an evaluation based
on formal subtitling criteria is presented in Section [4.2] In Section [4.3]
we demonstrate the applicability of MuST-Cinema for the task of sub-
title segmentation, i.e. the segmentation of long segments of text into
subtitles, compliant to specific guidelines. This technique, apart from the
mentioned application, has the advantage of allowing for annotating exist-
ing (speech) translation corpora to generate synthetic subtitling data, both
for languages seen during training and on unseen languages in a zero-shot
fashion. In this way, we contribute towards alleviating the bottleneck of

the lack of subtitling data for training automatic subtitling systems.
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4.1 Are Subtitling Corpora really subtitle-like?

Building an end-to-end automatic subtitling system is interleaved with
several challenges, the most prominent one being the fact that neural sys-
tems need large amounts of high-quality training data representative of
the target application scenario (subtitling in our case). Automatic sub-
titling systems would require audiovisual data as input and timed text
segmented into subtitles as output]/| There are large amounts of avail-
able parallel data extracted from subtitles (Lison and Tiedemann, 2016;
Pryzant et al [2018; Bozovié¢ et all 2018; [Di Gangi et all 2019a); [Ser-
rat Roozen and Martinez Martinez, [2020). But are subtitling corpora re-
ally subtitle-like? Subtitling corpora are usually obtained by collecting files
in a subtitle specific format (usually SubRip .srt) in several languages and
then parsing and aligning them at sentence level. Sentence-level segmenta-
tion and alignment has advantages and disadvantages. On the one hand,
MT training at sentence level generally achieves good performance as the
system receives longer context, which can be useful, for instance, to dis-
ambiguate words and resolve coreference. On the other hand, this process
compromises the subtitle format by converting the separate subtitle blocks
into full sentences. As shown in Table 4.1, two subtitle blocks with two
subtitle lines each have been merged to form three sentences. With this
‘merging’, information about subtitle segmentation (line breaks) is often
lost. Therefore, restoring the MT output to a proper subtitle format has
to be performed subsequently, either as a post-editing process or by using
hand-crafted rules and boundary predictions.

In this section, we explore whether the large, publicly available parallel
data compiled from subtitles are suitable for training and testing auto-

matic subtitling systems. Specifically, we test whether they conform to the

!The incorporation of visual information in NMT systems, although promising, is outside the scope
of this thesis.
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1
00:00:14,820 —— > 00:00:18,820

Grazie mille, Chris. Grazie mille, Chris.
E un grande onore venire E un grande onore venire su questo palco due volte.
2 Vi sono estremamente grato.

00:00:18,820 —— > 00:00:22,820

su questo palco due volte.

Vi sono estremamente grato.

Table 4.1: Subtitle blocks (left, 1-2) as they appear in an .srt file and the processed output

for obtaining aligned sentences (right).

temporal and spatial constraints necessary for achieving quality subtitles
(see Section 2.2.2). For evaluating length and reading speed, we employ
character counts, while for proper line breaks we inspect sequences of Part-
of-speech (POS) tags. Based on the analysis, we discuss limitations of the
existing data and present a roadmap towards creating resources faithful to

the subtitling format for training automatic subtitling systems.

4.1.1 Existing subtitling data

Several projects have attempted to collect parallel subtitling corpora. The
most well-known one is the OpenSubtitlesﬂ corpus (Lison and Tiedemann,
2016), extracted from 3.9 million subtitle files across 60 languages. Since
subtitle blocks do not always correspond to sentences (see Table , the
blocks are merged and then segmented into sentences using heuristics based
on time codes and punctuation. Then, the extracted sentences are aligned
to create parallel corpora with an algorithm based on overlapping times-
tamps (Tiedemann) 2008) and bilingual dictionaries. Although the 2018
version of OpenSubtitles (Lison et al., |2018) has sentence alignments of

higher quality, it does not resemble the realistic subtitling scenario de-

Zhttp:/ /www.opensubtitles.org/
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scribed above, since time and line break information are lost in the merging
process. The Japanese-English Subtitle Corpus JESC (Pryzant et al., 2018))
is a large parallel subtitling corpus consisting of 2.8 million sentences. It
was created by crawling the internet for film and TV subtitles and aligning
their captions with improved document and caption alignment algorithms.
This corpus is aligned at caption level, therefore its format is closer to our
desired scenario. On the other hand, non-matching alignments are dis-
carded, which might hurt the integrity of the subtitling documents. As we
will show in Section [4.3], this is particularly important for learning proper
line breaks between subtitle blocks.

Deviating from the domain of films and series, TED Talks are a valu-
able resource for compiling ST corpora. MuST-C (Di Gangi et al., 2019a)) is
among the largest multilingual ST corpora, compiled from TED talk sub-
titles. It contains {audio, source language transcription, target language
translation} triplets, aligned at segment level. The process of creation
is as follows; the authors first aligned the transcription with the transla-
tion and force-aligned the audio to the transcribed segments. MuST-C is a
promising corpus for training automatic subtitling systems which translate
the audio directly into subtitles. However, since the subtitles are merged to
create sentences, they are far from the desired subtitle format. Given the
challenges discussed above, we perform a systematic study of the suitability

of the existing corpora for building automatic subtitling systems.

4.1.2 Conformity criteria

To assess the conformity of the existing subtitle corpora to the formal
subtitling constraints, we consider the following criteria. The criteria were
defined on the basis of the TED guidelines. Even though the corpora
come from different domains using different sets of guidelines, the TED
guidelines are in general more ‘relaxed’ (see Sec. and thus represent

36



4.1. ARE SUBTITLING CORPORA REALLY SUBTITLE-LIKE?

the minimum acceptable requirements to assess the ‘subtitle-likeness’ of

the corpora.

1. Characters per line (CPL): As mentioned above, the information
about line breaks inside subtitle blocks is discarded in the process of
creating parallel data. Therefore, we can only assume that a subtitle
conforms to the length constraint by calculating the maximum possible
length for a subtitle block. According to the TED guidelines, this is 2
* 42 = 84 characters for Latin scripts and 2 * 14 = 28 for Japanese. If
CPL > max_length then the subtitle does not conform to the length

constraint.

2. Characters per second (CPS): This criterion relates to reading speed.

For the corpora where time codes and duration are preserved, we cal-
culate CPS as follows: CPS = #ars 1f 0PS > 21 the subtitle is

seconds *

non-conforming.

3. Chink-Chunk (CC): For assessing the preservation of linguistic wholes
we use Chink-Chunk (Liberman and Church| 1992)), a low-level parsing
algorithm, as a simple but efficient way to detect syntactic boundaries.
It uses POS information to detect the end of a unit only at punctua-
tion marks (logical completion) or when an open-class or content word
(chunk) is followed by a closed-class or function word (chink). For ex-
ample, in the sentence of Table [.1], the subtitle break comes between
venire, VERB-a content word, and su, PREP-a function word, and thus
counts as a valid break. Here, we use Chink-Chunk to compute statistics
about the type of block breaks in the data (punctuation break, content-
function break or other). A subtitle is conforming if the block break

before and after fall into the punctuation or content-function break.

For our investigation we consider the corpora which are large enough
to train neural systems; OpenSubtitles, JESC and MuST-C. We focus on
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3 language pairs, Japanese, Italian and German, paired with English at
the source, as languages coming from different families and having a large
portion of sentences in all corpora. We tokenise and then tag the data with
Universal Dependencies (Nivre et al., 2020) using the Stanza toolkit(Qi
et al., 2020)) to obtain POS tags for the Chink-Chunk algorithm.

4.1.3 Results

EN- Corpus Format  Time ‘ CPL(s/t)% CPS(s/t)% CC(s/t)% Total%
IT MuST-C segment v/ 49 / 48 78 ) 72 99 / 99 45
OpenSubtitles segment - 95 /94 - 99 / 99 91
DE MuST-C segment v’ 51 /47 77/ 66 99 / 99 42
OpenSubtitles segment - 95 / 95 - 99 / 99 92
JA OpenSubtitles segment - 96 / 93 - 99 /98 91
JESC subtitle - 97 / 94 - 88 / 87 85

Table 4.2: Percentage of data conforming to each of the quality criteria on the corpora.
Percentages are given on source and target side (s/t), except for the Total where source

and target are combined.

Table shows the percentage of conforming subtitles/segments after
applying each criterion. Both OpenSubtitles and JESC conform to the
quality criterion of length in at least 93% of the cases. Despite the merg-
ing operations to obtain sentence alignments, OpenSubtitles still preserves
a short length of lines, possibly because most subtitles come from the film
domain and therefore contain short and quick dialogues. On the other
hand, since time information is not present in JESC or in the parallel ver-
sion of OpenSubtitles, assessing reading speed conformity is not possible.
For MuST-C, length conformity is poor. The merging operations in MuST-
C create long sentences that do not resemble the subtitling format. As for

reading speed, except for Japanese, where the allowed number of charac-
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ters per line is lower, the CPS for Italian and German is <21 in 66%-78%
of the subtitles. MuST-C and OpenSubtitles conform to the criterion of
linguistic wholes in 99% of the sentences, which does not occur in JESC,
despite its subtitle format. JESC is compiled by removing captions based
on unmatched time codes, therefore the integrity of the documents is pos-
sibly broken. An inspection of the types of breaks based on CC shows that
OpenSubtitles and MuST-C end in a punctuation mark in 99.9% of the
cases. Even though logical completion is preserved, these corpora do not
contain a large amount of examples with line breaks inside the sentences,

a necessary ingredient for generating readable subtitles.

To sum up, in this section we explored whether the existing parallel
subtitling resources conform to subtitling constraints. We found that sub-
titling corpora generally conform to length and proper segmentation, de-
spite the merging operations for aligning parallel sentences. We isolated
some missing elements: the lack of time information (utterance duration,
timestamps), which does not allow for modelling spotting, and the insuffi-
cient representation of line breaks other than at punctuation marks, which

is a bottleneck for proper segmentation.

This raises several open issues for creating automatic subtitling corpora;
i) subtitling constraints: a subtitling corpus, in order to be representa-
tive of the task, should respect the subtitling constraints; ii) duration of
utterance: since the translation of a subtitle depends on the duration of
the utterance, time information is highly relevant; iii) integrity of doc-
uments: a sentence/phrase often occupies several subtitles, therefore the
order of subtitles should be preserved whenever possible; iv) line break
information: while parallel sentence alignments are indispensable, they
should not compromise line break and subtitle block information. Break
information could be preserved by inserting special symbols. Based on this

roadmap, in the next session we address the lack of representative corpora
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for automatic subtitling by creating MuST-Cinema, a speech-to-subtitles

corpus.

4.2 The MuST-Cinema corpus

In the previous section, we found that existing subtitling corpora are insuf-
ficient for developing automatic subtitling solutions for at least two reasons;
first, because they do not provide access to the source language audio or to
information about the duration of a spoken utterance, and second, because
line breaks between subtitles were removed during the corpus compilation
process to create parallel sentences. In this section, we address these lim-
itations by presenting MuST-Cinema, a multilingual speech translation
corpus where subtitle breaks have been annotated with special symbols.
The corpus is unique of its kind, since, compared to other subtitling cor-
pora, it provides the source language audio, which is indispensable for

automatically modelling spatial and temporal subtitling constraints.

4.2.1 Corpus compilation

MuST-Cinema is built on top of MuST-C (Di Gangi et al., 2019a)), by an-
notating the transcription and the translation with special symbols, which
mark the breaks between subtitles. MuST-Cinema is compiled for 7 lan-
guage directions: English—Dutch, French, German, Italian, Portuguese,

Romanian and Spanish. Here we describe the steps for its compilation.

Mapping sentences to subtitles As described in (Di Gangi et al., 2019a)), the
MuST-C corpus contains audio segments, transcriptions and translations
obtained by processing the TED videos and the source and target language
SubRip files (.srt). It was compiled by concatenating the textual parts of

all the .srt files for each language, splitting the resulting text according to
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strong punctuation and then aligning it between the languages. The source
sentences were then aligned to the audio by using the Gentle softwaref]
Although this sequence of steps allowed the authors to release a parallel
corpus aligned at sentence level, the source and target subtitle structure
and time information were not preserved. To overcome this limitation of
MuST-C and create MuST-Cinema, we implemented a procedure to restore
the subtitle structure by projecting the subtitle breaks from the .srt files
on the MuST-C sentences:

e All the subtitles in the original .srt files obtained from the ted2srt web-

sitéﬂ are loaded in an inverted index (text, talk ID and timestamps).

e For each sentence in MuST-C, the index is queried to retrieve all the
subtitles which: i) belong to the same TED talk of the sentence query

and ii) are fully contained in the sentence query.

e An identical version of the query is created by concatenating the
retrieved subtitles, and by adding special symbols to indicate the
breaks )

Inserting breaks When reconstructing the sentences from the .srt files, we
insert special symbols to mark the line and block breaks. As explained
in Section [2.2.2, we distinguish between two types of breaks: 1) subtitle
block breaks, i.e. breaks denoting the end of the subtitle on the current
screen, represented by the tag <eob>, and 2) line breaks, i.e. breaks
between two consecutive lines (only for 2-liners) inside the same subtitle

block, represented by the tag <eol>. In the case of one-liners <eob> is

Shttps://github.com/lowerquality/gentle
4https://ted2srt.org/
5An alternative to this process would be to re-align the subtitles according to the MuST-C sentences

and insert the breaks based on this alignment. However, not all sentences present in the .srt files are
included in MuST-C. This would lead to text which does not correspond to the audio files being inserted
in MuST-Cinema.
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used. Figure [4.5shows an example of a sentence after inserting the breaks

based on the corresponding .srt file.

164
00:08:57,020 — 00:08:58,476 164
I wanted to challenge the idea

165
00:08:58,500 — 00:09:02,060
that design is but a tool

to create function and beauty.

I wanted to challenge the idea <eob> that design is but a tool <eol>

to create function and beauty. <eob>

Figure 4.1: Subtitle file (top) and the full sentence with subtitle breaks (bottom).

Development and test sets For the development and test sets of MuST-
Cinema, our goal was to provide a representative, high-quality dataset to
promote research on automatic subtitling. For this, we aimed at 1) ensuring
the translation quality by manually checking the text/audio data against
the video, 2) avoid having subtitles above the character limit or subtitles
with missing breaks and 3) preserve the integrity of the talks by including
all segments. For these reasons we created new development and test sets
for MuST-Cinema based on talks not included in MuST-C, for which we
obtained the subtitles offered through the Amara repositorylf| We selected
the subtitle files from Amara, because, compared to ted2srt, they contain
the most updated .srt files actually used in the TED videos.

For the test set, we manually selected 9 talks with subtitles available in
all 7 languages, published after April 2019 to avoid any overlap with the
training data. We hence obtained a common test set for all the languages.

The talks were translated by different TED translators and reviewers. The

Chttps://amara.org/en/teams/ted/videos/
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srt files were transformed to .txt files annotated with subtitle breaks.
All the subtitles were merged and the text in the source (English) was
sentence-split at strong punctuation. Then, each language text was sep-
arately aligned to the English transcription using InterText (Vondricka,
2014)) to obtain parallel sentences and the alignment was manually cor-
rected. As in MuST-C, the source sentences were aligned to the audio
using Gentle.

The same steps were performed for the development set (10 talks), with
the difference that we manually selected talks for each language without
the requirement that the English talk has translations for all the languages.
Therefore the development sets may differ among languages in a couple of
talks, but the size of the set was kept similar for all languages, except for
Romanian for which only five talks not included the training data were

translated at the time of compilation.

Transcription EN Translation Tgt
Thank you! Grazie mille!

4.2.2 Corpus structure
I
1

YAML l [
Y
N Subtitles EN Subtitles Tgt
( <])) Audio EN Thank you!<eob> ‘ Grazie mille!<eob>

Figure 4.2: Structure of MuST-Cinema.

The structure of MuST-Cinema is shown in Figure 4.2 There are con-
nections at two levels; first, on the horizontal axis, the corpus is composed
of triplets of audio, source language transcription annotated with subtitle

breaks (Subtitles EN ), target language translation annotated with subtitle
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breaks (Subtitles Tgt). Both the transcription and the translation are full
sentences, aligned between English and the target language, as in MuST-
C. On the vertical axis, there is a monolingual mapping between sentences
with and without subtitle breaks: the English transcription is paired to
the English subtitles of the same sentence and the target language (Tgt)
translation is paired to the Tgt subtitles of the same sentence. The utter-
ance duration (start and end time) of each sentence is stored as metadata
in a YAML file. The structure of MuST-Cinema makes it optimal for sev-
eral tasks related to subtitling, from subtitle segmentation (Section to
end-to-end automatic subtitling (Chapter . The statistics of the corpus
(train, development and test sets) are presented in Table 4.3 The corpus

has been officially released under a Creative Commons licence]

‘Train ‘ Dev ‘ Test

Tgt ‘ sents tgt words ‘ sents tgt words ‘ sents tgt words

De | 229K 4.7T™M 1088 19K 042 9.3K
Es 260K 6.1M 1095 21K 536 10K
Fr 275K 6.3M 1079 22K 544 10K
It 253K 5.4M 1049 20K 545 9.6K
N1 248K 4.8M 1023 20K 548 10K
Pt 206K 4.2M 975 18K 042 10K
Ro | 236K 4.7TM 495 9K 543 10K

Table 4.3: Number of sentences and target side words for each language of MuST-Cinema

for the training, development and test set for all 7 languages.

An initial analysis of the corpus showed that almost 70% of the sentences
in MuST-Cinema contained at least one subtitle above the 42-character
limit (first column in Table [4.4). In addition, the subtitle blocks in the
srt files downloaded from ted2srt are only one-liners. When comparing
the subtitles in the .srt files with the video published on the TED website,

"https://ict.fbk.eu/must-cinema/ - License: CC BY-NC-ND 4.0
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Language | Conforming 42 | Conforming 84 ‘ Lines with <eol>

De 28% 91% 2512 (0.01%)
Es 31% 91% 6103 (0.02%)
Fr 27% 90% 7563 (0.02%)
It 29% 93% 1009 (0.004%)
NI 33% 94% 377 (0.002%)
Pt 30% 94% 1218 (0.006%)
Ro 34% 94% 522 (0.002%)

Table 4.4: Percentage of sentences containing only conforming subtitles based on the 42
and 84 CPL criterion, number of sentences containing <eol>symbols and the percentage

of these sentences in the corpus (in parentheses).

we noticed that the line breaks inside subtitle blocks were removed from
the .srt files (for reasons not explained). We observed though, that in
some talks the subtitle blocks contained a double space, which corresponds
to the <eol> in the videos. We replaced the double spaces with the
<eol> symbol. We concluded that the reason for this lack of conformity is
that the subtitle lines inside the blocks were collapsed into one line. In fact,
when we analysed the conformity with a maximum CPL of 84 (2%42), more
than 90% of the sentences were conforming (second column Table [4.4).
The third column in the table shows the number of sentences where the
<eol> symbol is present. This is a small portion of the data, however, in
Section we will show that it can be valuable for learning subtitle line
segmentations. This is an issue present only in the training data, as the
development and test sets were downloaded from the TED Amara website,
where the subtitle lines inside the .srt files are not collapsed. One way to
deal with this limitation would be to attempt to recreate MuST-C from
the Amara website. However, this would require building and testing a
new pipeline from scratch and weeks for downloading and processing the

dumps. Instead, we opted for a more scalable solution, also re-applicable

95



4.2. THE MUST-CINEMA CORPUS

to new data; we re-annotate the existing training data with a model that

learns to insert the <eol> symbol.

4.2.3 Iterative re-annotation of line breaks

We address the lack of <eol>in MuST-Cinema with a self-learning ap-
proach (Blum and Mitchell, |1998; |Zoph et al., |2020; |[Lakew et al.| [2021)),
by applying a segmenter model to iteratively re-annotate the training data
only with the missing <eol> symbols. The segmenter is a seq2seq2 model,
which receives input sentences already containing the <eob> symbols and
outputs the same sentences additionally annotated with <eol>. This is
because we wanted to preserve the existing block segmentation while split-
ting the blocks into lines. More details about the model and training can
be found in Section 4.3} The process is carried out as follows:

1. The segmenter is first trained on all available MuST-Cinema data sep-
arately per language (base) and then fine-tuned on the small portion of
sentences containing <eol> symbols (last column in Table (ft_eol).

2. Using the ft_eol models, we annotate sentences in the training data

which do not respect the 42 CPL constraint with the <eol>symbol.

3. We filter the annotated data with the CPL< 42 criterion and select the
length-conforming sentences containing <eol> symbols. We also make

sure that no sentences contain two or more consecutive <eol> symbols.

4. Finally, we concatenate the selected data from step 3 with the initial
data containing <eol>and fine-tune the base model again. The proce-
dure can be iterated until no more sentences can be successfully anno-
tated. Our intuition is that, even though sub-optimal due to possible
insertion errors done by the system, the new training instances collected

at step ¢ can be used to improve the model at step t+1.
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Figure 4.3: Percentage of subtitles in the MuST-Cinema training data conforming to
CPL< 42 after segmenting with different models.

Figure |4.3] shows the percentage of length-conforming subtitles for the
MuST-Cinema training data at 4 stages; at the initial corpus compilation
(Original), after segmenting the data with the model fine-tuned on small
amounts of data with <eol> (ft_eol), and after 1 and 2 iterations of the
method proposed above (ft_iter). There is a clear increase in the number of
length-conforming subtitles, with all languages reaching a CPL conformity
above 83% after only one iteration. This shows that training data can be

efficiently and automatically annotated with the missing line breaks.

4.2.4 Evaluation and analysis

We perform an analysis of the MuST-Cinema corpus, focusing on the three
formal aspects of subtitling quality: subtitle length, reading speed and
preservation of linguistic wholes. We explore this in breadth, for all the
7 target languages of MuST-Cinema and the English source.ﬁ Table

shows the conformity to these constraints.

8The English side has been taken from the French parallel set, since it is the one with the largest size.
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Language | CPL (%) | CPS (%) | CC (%)

De 89 80 87
Es 94 86 7
Fr 92 79 84
It 89 84 88
NI 84 87 91
Pt 89 92 92
Ro 91 87 91
En 95 89 90

Table 4.5: Subtitling conformity statistics for the 7 target languages of MuST-Cinema
and the source (English).

For length, all languages reach a conformity above 84%, reaching up to
95% for English. This is quite a high percentage given that the <eol>symbols
have been annotated automatically. The percentages are close to the con-
formity of 94% for Italian and 95% for German of OpenSubtitles in Ta-
ble[d.2] A loss in conformity is due to a small number of talks containing a
large percentage of non-conforming subtitles. In (Karakanta and Orrego-
Carmona) in press) we investigated length conformity diachronically for the
subtitles of TED Talks. We found that talks with long subtitles come from
the earlier years of TED translators programme and the non-conformity
is due to the fact that their subtitles are verbatim translations of the
transcription, without any omission or substitution strategies to gener-
ate proper subtitles. The conformity of TED talks to the constraint of
length has grown over the years, possibly because of the introduction of
the subtitling tool Amara and a stricter quality assurance process. In fact,
all talks after 2012 — the year Amara was introduced — have almost 100%
conformity to the length constraint (Figure [4.4).

Conformity to the criterion of reading speed is achieved to a lesser de-

gree, as shown by CPS. Conforming to reading speed seems to be less
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estimating the reading speed is laborious and difficult to be performed
that segmentation is affected by multiple factors which cannot be fully con-

important or more difficult to respect by volunteer subtitlers. Moreover,
outside a subtitling tool. This is a possible explanation for the higher non-
conformity for reading speed compared to length. As for the preservation
of linguistic wholes, MuST-Cinema shows an acceptable segmentation with
above 77% of breaks being in valid positions. It should be kept in mind

Figure 4.4: Percentage of subtitles longer than 84 characters per subtitle block for each

year. Years containing no talks have been removed from the graphs.
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sidered by Chick-Chunk as a low-level algorithm. In addition, this score
could be affected by the performance of the POS-tagger.

other M contfunc M punc

1.0

0.8
0.6
0.4
0.2

OpenSubtitles MuST-Cinema MuST-C JESC

Figure 4.5: Percentages of the positions where breaks occur in the total breaks in each
corpus. punc: the break occurs after a punctuation mark. cont-func: the break occurs

between a content and function word). other: the break occurs in another position.

In Table 4.2] we saw that OpenSubtitles and MuST-C scored above 98%
conformity according to Chink-Chunk. To provide an explanation for this
high score, we analyse the categories of breaks based on the Chink-Chunk
algorithm. The percentages for the German and Italian parts of OpenSub-
titles, MuST-C and MuST-Cinema and Japanese for JESC are shown in
Figure [£.5] As mentioned before, segments in OpenSubtitles and MuST-C
end in a punctuation mark in 99.9% of the cases. A similar tendency is
shown for JESC, where 90% of the sentences end in a punctuation mark,
but the content-function category represents only 3%. In MuST-Cinema,
about half of the subtitle breaks occur between a chunk and a chink, and
therefore inside the sentences. This shows a much larger variation in the
positions of breaks. In a realistic subtitling scenario, an NMT system at
inference time will often receive unfinished sentences, either from an au-

dio stream or a subtitling template. Therefore, line break information is
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valuable for training NMT systems that learn to translate and properly
segment.

To conclude, MuST-Cinema incorporates elements missing from other
subtitling corpora as described in Section .1 by: i) providing the du-
ration of the utterance, both through the alignment to the audio and as
metadata, ii) showing high conformity to the subtitling constraints, iii)
including subtitle breaks as annotations, iv) preserving the integrity of the
documents, since the talks in the dev and test sets were used as a whole
and without shuffling the sentences, and v) offering a reliable gold standard
for evaluation of subtitling-related tasks. MuST-Cinema provides us with
the necessary ingredient to experiment with automatic subtitling systems
for different scenarios (Chapter [5)) and improve evaluation methodologies
(Chapter @ In the next section, we describe how MuST-Cinema can be

used for the task of subtitle segmentation.

4.3 Automatic subtitle segmentation

In the previous section, a segmenter model was used to automatically an-
notate MuST-Cinema with the missing <eol> symbols. In this section,
we develop segmenter models for automatic subtitle segmentation, which
consists in the segmentation of a full sentence into a sequence of subtitles,
by inserting both <eol> and <eob> symbols. These models, apart from
the task of converting sentences into readable subtitles, can be used for
annotating existing translation corpora with subtitle breaks with the goal
to synthesise new subtitling resources.

Previous work has performed subtitling segmentation with rule-based or
statistical machine-learning approaches (see Section for a full descrip-
tion of automatic segmentation approaches). Here, we address this task

as a sequence-to-sequence problem in a monolingual fashion; the input to
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the segmenter is a full sentence and the output is the same sentence an-
notated with <eol> and <eob> symbols. We present three experiments
using segmenter models. The first experiment (Sec. compares the
performance of a segmenter trained on the original MuST-Cinema data
(only human segmentation retrieved from the .srt files) with the same seg-
menter trained on the final MuST-Cinema data (human segmentation plus
automatic <eol> annotation). The second (Sec. explores hetero-
geneous data mixes of MuST-Cinema and OpenSubtitles for identifying
the data mix leading to the highest segmentation performance, also un-
der low-resource conditions. The third experiment (Sec. extends the
textual segmenter to a multimodal and multilingual one, with the aim of
i) improving performance by exploiting audio information and the human
segmentation decisions from all available data, and i) increasing efficiency
by maintaining only one model, able to accurately segment even in zero-

shot conditions.

4.3.1 MuST-Cinema annotation

In Section [4.2.3] we showed that automatically annotating MuST-Cinema
with the missing <eol> symbols led to an increase in length conformity.
However, this increase does not necessarily imply a good segmentation. In
this experiment, we compare the accuracy of a segmenter trained on the
original retrieved MuST-Cinema segmentations compared to the released
version, where <eol> have been automatically annotated. The goal is
to show that the automatic annotation of <eol> can still lead to high

segmentation accuracy when the corpus is used as training data.

Experimental settings We train a sequence-to-sequence model based on
the Transformer architecture (Vaswani et al.,[2017)) using fairseq (Ott et al.|
2019). For the original data, the model is first trained on all the avail-
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able data before automatically annotating the <eol>symbols (All) and
then fine-tuned on the small portion of sentences (third column in Ta-
ble containing the <eol> symbols (ft_eol). This two-step procedure
was applied to force the NMT system to take into consideration also the
<eol> symbols. This was necessary considering the mismatch in the num-
ber between sentences with and without <eol> symbols. For the auto-
matically annotated data, we train the same model only on MuST-Cinema
(MC). For optimisation, we use Adam (Kingma and Ba, |2015) (betas 0.9,
0.98), and dropout (Srivastava et al., 2014) is set to 0.3. We train the
initial model (All) for 12 epochs and fine-tune for 6 epochs, while (MC) is
trained for 18 epochs.

For each of the source and the 7 target languages of MuST-Cinema,
we segment the data into subword units with SentencePiece (Kudo and
Richardson, 2018) with a different model for each language and 8K vocab-
ulary size. The break symbols are kept as a single word-piece. Accuracy

scores are computed on the Must-Cinema test set.

We compare the performance of the Seq2seq segmenter against three
baselines. First, a rule-based method (Count Chars) where a break is
inserted in the first space before a 42-character limit is reached, as per TED
guidelines. If the previous break is an <eob>, it randomly selects between
<eob> and <eol>, while, if the previous break is an <eol>, it inserts an
<eob>. This choice is motivated by the fact that, due to the constraint of
having only two lines per block, we cannot have a segmentation containing

consecutive <eol> symbols. The last break is always an <eob>.

The second baseline is a segmenter based on the Chink-Chunk algo-
rithm, incorporating length and syntactic rules. Given a sequence of POS-
tags, the algorithm finds all possible segmentation positions. These are
positions after a punctuation mark and between a content and a function

word. Then, if the length of two consecutive subtitles separated by these
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Grazie Chris . <eol> E un onore venire <eob>

Figure 4.6: Class labels for the NCRF model. B-SU: beginning of subtitle, I-LI: in-line
word, E-LI: end of line, B-LI: beginning of line, E-SU: end of subtitle.

segmentation positions does not exceed 42 characters, the subtitles are
merged. This process ends when no more subtitles can be merged without
exceeding the 42 limit. The choice between <eol> and <eob> is done as

in the Count Chars baseline.

The third baseline is a multi-class classifier based on the Conditional
Random Field (CRF) segmenter by Alvarez et al.| (2017). Here, subtitle
segmentation is seen as a sequence labelling problem, where each word is
assigned a class label depending on its position in a subtitle: beginning
of subtitle/line, end of subtitle/line, in-line. An example is shown in Fig-
ure [4.6, while see (Alvarez et al., 2017)) for a full description of the eight
class labels. The classifier is a neural CRF (NCRF'), based on the NCRF++
toolkit (Yang and Zhang, 2018). It is composed of a CNN character se-

quence layer and a bi-directional LSTM word sequence layer followed by a

CRF inference layer. During decoding, the label sequence with the high-
est probability is found using the Viterbi algorithm (Viterbi, 1967). The
word embedding size is set to 300 while the character embedding size to
30. The hyperparameters are as follows: 4 CNN 50-dimensional character
layers and 1 bidirectional 200-dimensional LSTM word layer, drop-out of
0.5 and a batch size of 10. For optimisation, Adam is used with an initial
learning rate of 0.0001. The models are trained until performance on the
dev set does not improve for four consecutive epochs. The NCRF model is

trained only on the automatically annotated MuST-Cinema. The data is
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tokenised using the Moses tokeniser and converted to CoNLL 2003 format.
Pre-trained word embeddings were obtained from FastText (Grave et al.|
2018). The output is detokenised and subtitle breaks are added in the

predicted positions for a comparable evaluation with the other models.

Evaluation The evaluation of segmentation accuracy, i.e. how good the
model is at inserting a sufficient number breaks and at the right places, is

performed through precision, recall and F1-score, as follows:

#correct_breaks
H#total _breaks(output)

Precision = (4.1)

#correct_breaks

Recall =
ced #total breaks(reference)

(4.2)

Pl — 94 prec?s?on x recall (4.3)
precision + recall

However, F1 score has the disadvantage that it cannot distinguish be-
tween the two types of breaks. For this reason, <eol>and <eob>are
treated as the same segmentation token in the computation of F1. To ad-
dress this limitation of F1, we additionally report BLEU (Papineni et al.,
2002)) between the human reference and the output of the system. BLEU
is estimated on the raw output containing break symbols (BLEU,,). In
BLEU;,every correctly placed segmentation token contributes to the n-
gram overlap between reference and output. Higher values indicate a higher
similarity between the system segmentation and the desired segmentation.

Finally, we want to test the ability of the system to segment the sen-
tences into properly formed subtitles, that is measuring how well the sys-
tem conforms to the constraint of length and number of lines. We compute

CPL as the percentage of subtitles conforming to a length of < 42.
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Results We first compare the accuracy of the different segmentation meth-
ods (Count Chars, Chink-Chunk, NCRF and Seq2seq) to identify the highest-
performing segmenter architecture. The results are shown in Figure 4.7]
All segmentation metrics (Prec, Rec, F1, BLEU,) agree in that the Count
Chars baseline performs poorly, barely reaching scores of 50. Incorporat-
ing syntactic information with the Chink-Chunk method benefits segmen-
tation accuracy, as demonstrated by an increase of 15 F1 points and 11
BLEU;,points on average across languages. Despite achieving perfectly
length-compliant subtitles as shown by a CPL conformity of 100%, in
terms of segmentation accuracy both rule-based methods are greatly out-
performed by the models learning from data, whose segmentation scores
are above 75. When comparing the NCRF and Seq2seq methods, Seq2seq
achieves higher F1 scores for each of the languages and on average (83.4
versus 80.6 for the NCRF). In terms of BLEU,,., which considers the type
of break, the results are mixed, with Seq2seq scoring higher for four out of
the eight languages (es, nl, pt, ro) and on par for Italian, while the aver-
age score across languages is on par (83.7 versus 84 for the NCRF). The
decisive factor over selecting the Seq2seq method as the best segmentation
strategy is length conformity, where the subtitles generated by the Seq2seq
model conform to the length constraint on average in 92.5% of the cases,
compared to only 84.7% for NCRF, a score which is corroborated by a
lower Recall. Given the comparable accuracy and the fact that length con-
formity is important for user experience, we select the Seq2seq segmenter

as the architecture to experiment with subtitle segmentation.

Having detected the best architecture for subtitle segmentation, we com-
pare the accuracy of the Seq2seq segmenter trained on the original retrieved
MuST-Cinema segmentations compared to the released version containing
the automatic <eol> segmentation. The results are shown in Figure [4.8|.
In terms of F1, the fine-tuned model (ft_eol) is better than All with 6
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B Count Chars B Chink-Chunk NCRF B Seqg2seq B Count Chars B Chink-Chunk NCRF ® Seqg2seq
100 100
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(a) Precision (b) Recall
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(c) F1 score (d) BLEU,score

B Count Chars B Chink-Chunk NCRF ® Seqg2seq
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50
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0 |
de es fr it nl pt ro en

(e) Length conformity CPL<42

Figure 4.7: Accuracy of different segmentation methods based on Precision, Recall and
F1, BLEUy.and length conformity (CPL).

points on average. It is interesting noticing the trade-off between precision
and recall (Figures and [4.7D]); while precision drops by 7 points on
average when fine-tuning compared to the non-fine-tuned model, recall in-

creases by 13 points. In fact, for every fine-tuning epoch, precision drops
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® Orig ®ft_eol = MC B Orig ®ft_eol ®m MC
100 100

de es fr it nl pt ro en de es fr it nl pt ro en

(a) F1 score (b) BLEUy,score

B Orig ®ft_eol = MC

de es fr it nl pt ro en

(c) Length conformity CPL<42

Figure 4.8: Accuracy for different data mixtures of MuST-Cinema based on F1,
BLEU,and length conformity (CPL).

by about 1 point compared to the previous epoch while recall increases
at a double rate. This shows that fine-tuning helps in segmenting the
sentence into smaller pieces by inserting more breaks, even though small
differences in positioning them are highly penalised in terms of precision.
The model trained on MuST-Cinema after annotating it with the miss-
ing <eol> (MC) achieves the highest accuracy for all languages, showing
that the automatic annotation of <eol> not only does not harm perfor-
mance, but allows for synthesising subtitling data which lead to improved

segmentation accuracy.

The picture is similar for BLEU,, shown in Figure[4.8b| with the model

fine-tuned on <eol> achieving an improvement over All (up to 7 points for
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1. La forma del bottone non e variata molto <eol> da quella che era nel Medioevo. <eob>
The design of a button hasn’t changed much since the Middle Ages.
2. Sie lief aus dem Haus des Mannes fort, <eol> den sie nicht heiraten wollte, <eob>
und heiratete schliellich <eol> den Mann ihrer Wahl. <eob>
She ran away from the house of the man she did not want to marry and
ended up marrying the man of her choice.
3. C’est donc toujours plus difficile. <eob>
So it gets to be more and more of a challenge.
4. Je m’enroule en une petite <eol>boule comme un foetus. <eob>
And I curl up into a little fetal ball.

Table 4.6: Examples of sentences output by the segmenter. Text in blue indicates inser-

tions by the segmenter.

de). Still, MC performs better for all languages and on par for de, reaching
scores above 85 for es, pt, nl and ro. BLEU,,, although useful to indicate
segmentation differences of both break types compared to the reference, is
not very informative regarding the type of error (e.g. undersegmentation-

oversegmentation), as we will further show in Section [6.2]

Figure [4.8d shows the percentage of subtitles <42 characters long. The
model trained on all data (All) does not insert sufficient breaks to reduce
the length of the subtitles inside a sentence. Here the fine-tuned model
achieves on average a 21% improvement, reaching up to a 92% length
conformity for French and Spanish. In spite of the limited amount of data,
fine-tuning leads to large improvements. Again, the model trained on all
MuST-Cinema data (MC) achieves the highest conformity, showing that
the corpus is a valuable resource towards achieving outputs conforming to
the subtitle format.

Table contains some examples of the segmenter output. Sentence 1
shows that the segmenter is able to insert breaks in the correct place. In
Sentence 2, the segmenter inserts both <eol> and <eob> symbols, cor-

rectly alternating between the two. Sentence 3 is a sentence shorter than 42
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characters, which was not changed by the segmenter. This shows that the
segmenter does not unnecessarily segment subtitles unless needed. Lastly,
Sentence 4 is already annotated with breaks. In this case, the segmenter
does not insert any breaks because the sentence is already segmented.
These examples together with the high accuracy and conformity scores
obtained by all metrics for the Seq2seq MC' segmenter confirm the high
quality of MuST-Cinema and its suitability for subtitling tasks. Despite the
automatic annotation of <eol> symbols, segmenters trained on MuST-

Cinema successfully segment long sentences into readable subtitles.

4.3.2 Heterogeneous data for subtitle segmentation

In the first experiment (Sec. we demonstrated that segmenters trained
on MuST-Cinema achieve high segmentation accuracy. However, the size
and language coverage of MuST-Cinema is small compared to other subti-
tling corpora, such as OpenSubtitles whose size is at least ten-fold. Since
size matters for training resource-hungry neural systems and data with hu-
man segmentation decisions are hard to obtain, one may wonder whether
using the readily available OpenSubtitles data can lead to higher segmenta-
tion accuracy. In this experiment, we leverage available subtitling resources
in different resource conditions to train models which automatically seg-
ment sentences into readable subtitles. The goal is to exploit the advan-
tages of the available resources, i.e. size for OpenSubtitles and quality for
MuST-Cinema, for maximising segmentation performance, but also taking

into account training efficiency and cost.

Data and settings As training data we use the English portions of MuST-
Cinema (from the En-Fr split) and OpenSubtitles. The monolingual files
for OpenSubtitles come in XML format, where each subtitle block forming

a sentence is wrapped in XML tags. We are therefore able to insert the
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<eob> symbols for determining the end of a subtitle block. However, as
mentioned in Section [4.1], line breaks are not present in OpenSubtitles. We
hence proceed to creating artificial annotations for <eol>. We filter all
sentences for which all subtitles have a maximum length of 42 characters
(OpenSubs-42). Then, for each <eob>, we substitute it with <eol> with
a probability of 0.25, making sure to avoid having two consecutive <eol>,
as this would lead to an invalid display of three lines. Since this length
constraint results in filtering out a lot of data, we also relax the length
constraint by allowing sentences with subtitles with up to 48 characters
(OpenSubs-48). The motivation for this relaxation is that, if a sequence-
to-sequence model is not able to learn the constraint of length from the
data but instead learns segmentation decisions based on patterns of neigh-
bouring words, having more data will increase the amount and variety of
segmentation decisions observed by the model. This may result in more
plausible segmentation, possibly though to the expense of length confor-
mity. We compare the models on OpenSubtitles with the segmenter trained
on all MuST-Cinema data (MC') from Section and on a segmenter
trained on only 100k sentences for testing in low-resource conditions (MC-
100) | Dataset sizes are reported in Table [4.7]

We are interested in the real application scenario where high-quality
data containing human segmentation decisions are not available or scarce.
According to our hypothesis, a relatively limited size of high-quality data
can be compensated by OpenSubtitles. Therefore, we fine-tune each of
the OpenSubtitle models on 10k and 100k English sentences from MuST-
Cinema, which contain high-quality break annotations.

OpenSubtitles and TED Talks have been shown to have large differences
and to constitute a sub-classification of the subtitling genre (Miiller and

Volk|, [2013). For this reason, we experiment with 2 test sets for cross-

9Training a model with 10k data did not bring any good results.
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Data Sentences

MuST-Cinema 275,085
OpenSubs-42 185,758
OpenSubs-48 | 13,713,708

Table 4.7: Dataset sizes in sentences for English.

domain evaluation. The first set is the English test set released with
MuST-Cinema, containing 9 single-speaker TED Talks (545 sentences).
The second test set (Industry) is much more diverse and contains 782 sen-
tences. To create it, we selected a mix of public and proprietary data, more
specifically, excerpts from a TV series, a documentary, two short interviews
and one advertising video. The subtitling was performed by professional
translators and the .srt files were processed to insert the break symbols in
the positions where subtitle and line breaks occur.

The segmenter model is the same model used in Section and we
followed the same subword pre-processing. Models were trained until con-
vergence on 1 Nvidia GeForce GTX1080Ti GPU.

‘ MuST-Cinema ‘ Industry ‘
Model \ BLEU,. Prec Rec F1 CPL \ BLEU,. Prec Rec F1 CPL \ Time
Count-Chars | 63.73 50 47 48 100 | 51.45 46 43 44 100 |-
MC-all 84.00 8 85 85 96 |66.38 72 64 69 97 | 305
MC-100 81.77 84 83 83 94 | 6538 76 64 68 96 | 210

OpenSubs-42 | 72.24 86 66 73 74 61.41 84 56 65 79 270
+MC-10 | 77.99 83 %79 88 63.53 76 60 66 93 +26
+MC-100 | 80.09 87 78 81 88 65.30 77 62 67 94 +250
OpenSubs-48 | 76.00 77 67 68 72 63.37 63 56 59 81 6980
+MC-10 | 82.46 86 80 82 91 65.66 78 61 67 94 +24
+MC-100 | 83.34 87 82 84 91 65.96 79 61 69 94 +260

Table 4.8: Segmentation results on the two test sets. Training time in minutes. Best score
in bold.
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Results Table [4.§ shows the results for the MuST-Cinema and the Indus-
try test set respectively. As in the first experiment, the simple Count-Chars
baseline achieves almost perfect conformity to the length constraint, it is
however not accurate in inserting the breaks at the right positions, as
shown by the very low BLEU, (63.73 and 51.45) and F1 scores (48 and
44). The best performance for all metrics and both test sets is achieved
when using all available MuST-Cinema data (MC-all). For this in-domain
test set, BLEU, and F1 are higher than for the Industry out-of-domain
test set, however the number of subtitles conforming to the length con-
straint is consistently high (96% and 97%). This suggests that the systems
trained on high-quality segmentation are able to produce readable subti-
tles in terms of length in diverse testing conditions even without massive
amounts of data. Even with 100k of training data (MC-100) the perfor-
mance of the model, which is the fastest model to train (210 minutes),
drops only slightly, with —2% for all metrics on the MuST-Cinema test
set and —1% on the second test set. This shows that high efficiency can
be achieved without dramatically sacrificing quality. This is particularly
important for industry applications where tens of languages are involved

and training data for a domain might not be abundant.

The models trained only on OpenSubtitles show a large drop in per-
formance for the MuST-Cinema test, which is to be expected because of
the different nature of the data. However, the drop is present also for the
second test set, which shows that these models are not robust to different
domains. Surprisingly, the larger model (OpenSubs-48) does not perform
much better than the model with less data (OpenSubs-42) even though it
is trained on almost 10 times as much data. This could be an indication
of a trade-off between data quality and data size. OpenSubs-48 with more
noisy data has similar recall to OpenSubs-42, but it is much less accurate

in the position of the breaks, as shown by the drop in precision (86 vs. 77
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and 84 vs. 63). We conjecture that the procedure of artificially inserting
<eol> symbols by changing the existing <eob> does not reflect the dis-
tribution of the type of breaks in real data. Interestingly, the OpenSubs-42
model, despite containing only subtitles of a maximum length of 42, is not
able to generate subtitles which respect the length constraint (74% and
79%). It is therefore possible that the segmenter does not learn to take
into consideration the constraint of length, but the segmentation decisions

are based on lexical patterns in the data, as we will also show in the case
of ST for subtitling in Chapter [3]

Fine-tuning, even on a minimum amount of real data, e.g. 10k of MuST-
Cinema, can significantly boost the performance compared to OpenSub-
titles and is a viable and fast solution towards readable subtitles. This
corroborates the claim in favour of creating datasets which are representa-
tive of the task at hand. Surprisingly though, fine-tuning the OpenSubs-42
model on MC-100 does not improve over training the model from scratch
on MC-100 for neither test set. For the case when only a small amount of
MuST-Cinema data is available (MC-10), having a larger base model on
which to fine-tune (OpenSubs-48) is beneficial, as shown by an improve-
ment for all metrics and in both testing conditions compared to all other
models trained on OpenSubtitles or fine-tuned on them. Therefore, we con-
clude that, in the presence of little data containing human segmentation
decisions, a model trained on more data, even though possibly noisier, is a
more robust base on which to fine-tune using the high-quality data. One
considerable drawback is that the improvement comes at a training time
of x25 over the other base model (OpenSubs-42), which raises significant
considerations for cost and efficiency. Such a model however, once trained,
could be re-used for fine-tuning on several domains and for different client

specifications.

We further perform a manual inspection to identify particular issues. A
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low precision is connected to over-splitting or splitting in wrong positions,
while low recall suggests under-splitting (not inserting a sufficient number
of breaks). Indeed, we observe that the OpenSubtitle models tend to over-

segment short sentences, but under-segment longer ones:

Reference: Let’s turn our attention to the hows. <eob>(37 characters)
OpenSubs-42: Let’s turn our attention <eol>to the hows. <eob>(25 + 12 characters)

Reference:
My family’s traditions <eol>
and expectations for a woman <eob>
wouldn’t allow me to own a mobile <eol>
phone until I was married. <eob>
(22 + 28 + 39 + 20 characters)
OpenSubs-42:
My family’s traditions and expectations <eol>
for a woman wouldn’t allow me to own a mobile phone until I was married. <eob>
(39472 characters)

In the following example, fine-tuning on MC increases length conformity,
splitting the first subtitle in two, while MC-100k succeeds in segmenting

all subtitles exceeding 42 characters, matching the reference segmentation.

Reference:

Meditation is a technique <eol>

of finding well-being <eob>

in the present moment <eol>

before anything happens. <eob>

OpenSubs-42:

Meditation is a technique of finding well-being <eob>
in the present moment before anything happens. <eob>
(47446 characters)

OpenSubs-42 + MC 10K:

Meditation is a technique <eol>
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of finding well-being <eob>

in the present moment before anything happens. <eob>
(25421446 characters)

MC-100K:

Meditation is a technique <eol>

of finding well-being <eob>

in the present moment <eol>

before anything happens. <eob>

The examples above confirm our results which showed that the mod-
els do not explicitly learn the constraint of length, but rather patterns
of segmentation. From a syntactic point of view, the break symbols are
inserted after a noun (e.g. attention, expectations) and before a preposi-
tion/conjunction (to, for, in, before), regardless of the model. The break
symbols, even though do not overlap with the human segmentation de-
cisions, are inserted at plausible positions. This leads to subtitles that
present logical completion, i.e. each subtitle is formed by a phrase or syn-
tactic unit, even though they do not respect the constraint of length. The
conformity to the length constraint seems to be forced only with the high-
quality MuST-Cinema data. It is possible that the artificial break sym-
bols in OpenSubtitles clash with the real break symbols in MuST-Cinema,
which creates confusion for the model. Replacing some <eob> symbols
with <eol> in OpenSubtitles to simulate data where human-annotated
line breaks exist means that the models trained on OpenSubtitles observe
a line break at positions where normally a subtitle break is present. Given
the different functions of the two types of breaks, this is a possible explana-
tion why fine-tuning OpenSubtitle models on MC-100 performs worse than
training on MC-100 from scratch and provides us with insights on future

design of artificial segmentation decisions to augment subtitling data.

In this experiment, we have presented methods to combine heteroge-
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neous subtitling data in order to improve automatic segmentation of sub-
titles. We leveraged large data containing noisy segmentation decisions
from OpenSubtitles and combined them with smaller amounts of high-
quality data from MuST-Cinema to generate readable subtitles from full
sentences. We found that even limited data with reliable segmentation can
improve performance. We conclude that quality matters more than size

for determining the break points between subtitles.

4.3.3 Multimodal and multilingual segmentation

In this experiment, we aim to improve both segmentation performance
and efficiency. As far as performance is concerned, the segmenters pre-
sented in the previous sections were only text-based and did not consider
audio information. Since speech phenomena, such as pauses and silences,
can strongly influence the structure of the subtitles (Carroll and Ivarsson,
1998), we expect that information from the speech modality could improve
segmentation performance. To explore this hypothesis, we extend the tex-
tual segmenter of the previous experiments with a multimodal architecture
(Sulubacak et al., |2020), which receives audio and text input.m As for
efficiency, we experiment with multilingual training to create one model
able to segment multiple languages, drawing from the fact that subtitling
constraints are similar among languages. Multilingual training (Johnson
et al., 2017; Aharoni et al., [2019; [Zhang et al., 2020a) allows for exploiting
the scarce human segmentation decisions from multiple languages with one
segmenter model. Specifically, our segmenter exploits, for the first time in
this scenario, the source language audio (En) and segmented target text

already available in a few languages (here: De, En, Fr, It). Its key strength

OTmages and videos with subtitling material are often protected by copyright and thus not publicly
available. Improving the segmenter with data from the visual modality is thus dependent on the avail-
ability of such resources.
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is the ability to segment not only target languages for which high-quality
segmented data is available but also unseen languages having some de-
gree of similarity with those covered by the original ST resource(s), in a
zero-shot fashion. This opens up the possibility to automatically obtain
synthetic automatic subtitling training data for previously not available

languages.

Segmenter To improve segmentation quality, we extend the textual seg-
menter of the previous sections in two ways. Our first extension is mul-
timodal training, motivated by the multimodal nature of subtitling. The
multimodal segmenter is built using an architecture with two encoders:
one for the text (with the same structure as the textual segmenter) and one
for the audio. We combine the encoder states obtained by the two encoders
using parallel cross-attention (Bawden et al., 2018)), as it proved to be ef-
fective both in speech and machine translation (Kim et al., 2019; |Gaido
et al., 2020a). Parallel attention (Figure is computed by attending
at the same intermediate representation (the decoder self-attention); then,
the audio encoder cross-attention and the text encoder cross-attention are

summed together and fed to the feed-forward layer.

All these restrictions simply address <eol> D;
symptoms of the problem, <eob> // A \
not the causes. <eob> Feed Forward
T Network
Textual Decoder <\"
. N x -—
i Audio Textual
Ea ( ETW . Cross Attention Cross Attention
i
[Audio Encoder Textual Encoderl f ?
. Ea ET
. Decoder
All these restrictions simply Self Attention

I 1 address symptoms of the \ f /
- IIII|III II. problem, not the causes. Dj.1
Figure 4.9: Parallel multimodal segmenter architecture.
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Since subtitling constraints are the same across several languages, our
second extension is to learn segmentation multilingually. To this aim, we
follow the standard approache used in MT and ST; we combine samples
from multiple languages in the same training step and add a prefix language
token to the target text. As in MT, multilingual training in ST has been
shown to enhance performance (Wang et al.,[2020a)) while maintaining only

one model for multiple languages.

Data and evaluation We use three sections of MuST-Cinema, French, Ger-
man, and [talian. For English, we concatenate the source captions of the
French, German and Italian sections (757K sentences). To test the seg-
menters in zero-shot conditions we select two target languages: Dutch (an
SOV — Subject-Verb-Object — language) and Spanish (SVO)[H]

For evaluating the segmentation, in the previous experiments we used
Precision, Recall and F1. Using these metrics was possible because the
segmenters did not introduce significant changes to the textual content.
However, in this experiment, we noticed that the output was often signif-
icantly changed in zero-shot settings. For this reason, except for BLEUy,,
we compute BLEU between the reference and the output text after remov-
ing the break symbols (BLEU,;). BLEU,; ensures that no changes are
performed to the actual text, since the segmentation task consists in only
inserting the break symbols, without changing the textual content. Higher
values indicate less changes between the original text and the text where
the break symbols were inserted. In addition, except for CPL conformity,
to investigate when and if the systems over- or under-generate subtitle

breaks, we report Break coverage computed as follows:

#<break>,,cq

Coverage(%) = <#<break> ;
re

: 100) — 100 (4.4)

1Es and N1 data are only used for testing purposes so as to simulate the zero-shot conditions.
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where <break> corresponds to either <eol>or <eob>. EOL and EOB
coverage obtains negative values when the segmenter inserts less breaks

than the reference or positive values when it inserts more.

Baselines We first evaluate the multilingual and multimodal segmenters
against the textual monolingual segmenter of the first two experiments
(Sec. and on seen languages. For evaluating the performance of
our proposed segmenter on unseen languages, except for the Chink-Chunk
baseline, we additionally compare its performance with two supervised
Seq2Seq segmenters, trained on the data for the respective language (Es,
NI). The first one is the Seq2seq textual segmenter trained on MuST-
Cinema (MC'), which provides the best possible performance that could
be achieved if in-domain data for the respective language was available;
the second is the highest-performing segmenter trained on OpenSubtitles
data in the second experiment (OpenSubs-42), representing the case when
only out-of-domain data is available for the respective language. After
filtering the OpenSubtitles data, we noted that almost 90% of the sentences
obtained contain only one subtitle. This is not very informative for the
segmenter, since the only operation learned is inserting one <eob>at the
end of the sentence. For this reason, we select only sentences with at least
two subtitles (or two subtitle lines). This results in 2,956,207 sentences for
Es and 683,382 sentences for NI. We then add the same number of sentences
containing only one subtitle, finally obtaining 5,912,414 sentences for Es
and 1,366,764 sentences for NI.

Models The Textual segmenter is a Transformer-based (Vaswani et al.|
2017) architecture consisting of 3 encoder layers and 3 decoder layers. We
set the hyper-parameters as in the fairseq (Ott et al., 2019) multilingual

translation task, both for the mono- and multilingual textual segmenters.
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For the multilingual model, a mini-batch for each language direction (here:
4) is built and the model weights are updated after each mini-batch.

The Multimodal segmenter is an extension of the textual segmenter
encoder-decoder structure with an additional speech encoder composed of
12 Transformer encoder layers as in the original speech-to-text task (Wang
et al., 2020a) but with the addition of a CTC (Graves et al., 2006) module
to avoid the speech encoder pre-training (Gaido et al., 2021al). The training
of the multilingual models is performed by pre-pending the language token
(En, De, Fr, It) to the target sentence (Inaguma et al.; 2019). The encoder
and decoder embeddings are shared. We select the hyper-parameters of the
original implementation,@ except for a higher learning rate of 1-1073, since
pre-training was skipped. The vocabulary is generated using SentencePiece
(Kudo and Richardson, 2018), setting the size to 10k unigrams both for

the mono- and multilingual segmenters.

English French German Italian

Segmenter  Training
BLEU,, CPL | BLEU,;. CPL | BLEU,, CPL | BLEU,, CPL

mono 82.6 96 81.4 96 79.5 91 79.2 90
multi 81.8 88 81.8 94 80.0 91 78.5 91

Textual

mono 86.6 95 85.5 94 84.4 91 82.1 90
multi 87.8 95 87.1 94 85.4 90 84.2 90

Multimodal

Table 4.9: Segmentation results on seen languages. Best results in bold.

Results The results for segmentation accuracy on seen languages
are shown in Table [4.9. In this scenario, BLEU,;, always approaches 100
i.e., the system learnt to perfectly copy the input text. Looking at the
BLEU,, values, the Multimodal segmenter outperforms the Tertual one

by at least 5.0 BLEU,, points on all languages, confirming the benefits

2https://github.com/pytorch/fairseq/blob/main/examples/speech_to_text/docs/mustc_
example.md

121


https://github.com/pytorch/fairseq/blob/main/examples/speech_to_text/docs/mustc_example.md
https://github.com/pytorch/fairseq/blob/main/examples/speech_to_text/docs/mustc_example.md

4.3. AUTOMATIC SUBTITLE SEGMENTATION

of multimodal training. In contrast, overall subtitle conformity is higher
for the Textual segmenter in 3 out of 4 languages, where its CPL scores
are 1.2-2.6 percentage points above those obtained by the Multimodal. As
for mono-/multilingual training, multilingual training clearly benefits the
Multimodal segmenter but the results are mixed for the Textual, with min-
imum differences. In addition, except for one case (Italian), higher CPL
values are obtained under the monolingual training regime. However, pre-
liminary experiments revealed a worse transfer learning capability of the
monolingual Tezxtual segmenter on other languages compared to its multi-
lingual version. The results in Table also show that our multilingual
Multimodal segmenter has the highest segmentation quality and confor-
mity. Moreover, it improves over our textual segmenter in Section by
~4 BLEU,, points for English, keeping CPL at the same value.

After testing the segmenters on seen languages, we evaluate their seg-
mentation performance on unseen languages (Dutch, Spanish), un-
der zero-shot conditions. The results in Table [£.10/ show that the zero-shot
Textual segmenter achieves the lowest segmentation quality, as shown by
a BLEU,, score of 52.6 for NI and 54.5 for Es. In this respect, the Chink-
Chunk and the supervised out-of-domain OpenSubs-42 baselines perform
slightly better, but this difference comes from less changes to the actual
text, as demonstrated by the almost perfect BLEU,,; scores. Moreover,
both Textual and OpenSubs-42 generate subtitles conforming to the CPL
constraint in only 70% of the cases, despite having received only length-
conforming subtitles during training. Despite being trained on subtitling
data for the particular language, the low performance of OpenSubs-42
could be attributed to the different domain between OpenSubtitles and
the MuST-Cinema test set, as it was shown in Section [4.3.2, For example,
MuST-Cinema mainly contains long sentences with multiple breaks, while

in OpenSubtitles we rarely come across sentences with more than three
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breaks. The negative values of EOB and especially EOL coverage indicate
that textual methods largely under-generate subtitle breaks. From these
results we can conclude that zero-shot segmentation does not perform sat-

isfactorily with textual input only:.

Dutch
Segmenter ‘BLEUbT BLEU,, CPL EOL EOB

Chink-Chunk| 68.7 100 98.1% -29.9% +20.2%
OpenSubs-42 | 60.4 99.5  71.2% -31.4% -51.3%
MC 86.1 99.6 92.1% -15.1% -1.9%
Textual 52.6 61.3 7T7.8% -23.4% -9.9%
Multimodal 80.1 99.9 91.4% -27.2% +40.4%

Spanish
Segmenter BLEU,;, BLEU,;, CPL EOL EOB
Chink-Chunk| 64.9 100 99.2% -30.3% +41.1%
OpenSubs-42 |  62.1 96.6  71.2% -32.3% -45.4%
MC 85.6 99.6 93.4% -15.8% +4.8%
Textual 54.5 69.6 70.1% -47.6% -19.3%
Multimodal 80.6 99.6 91.8% -22.4% +4.7%

Table 4.10: Segmentation results on unseen languages.

In comparison, the Multimodal segmenter performs significantly better.
It reaches an absolute gain of 27.5 BLEU;, for Nl and 26.1 BLEU,, for Es
compared to Textual, confirming the results on seen languages. It shows
a ~20 point increase compared to the supervised OpenSubs-42 baseline,
while it is only 5-6 BLEU, points behind the strong in-domain supervised
segmenter (MC'). Moreover, contrary to Textual and OpenSubs-42, the
Multimodal model has learnt to perfectly copy the text, as shown by the
high BLEU,;, scores (up to 99.9 on NI), close to the maximum score of
a method — Chink Chuck — that by design does not change the original
text, and even above the supervised in-domain system (MC). The CPL
results are in agreement with BLEUj,,; for both languages, the Multimodal
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model respects the length constraint in more than 91% of the subtitles,
with a minimum drop compared to MC. Strikingly, even if the two target
languages were never seen by the model, the CPL results are similar to
those obtained on seen languages (see Table[4.9). Despite under-generating
<eol> symbols as all other systems, the Multimodal has the best scores
for EOB coverage.

Our results indicate the higher effectiveness of Multimodal segmentation
to automatically convert sentences into subtitles. In addition, at least for
the Western European languages considered in our experiments, our ap-
proach can be successfully applied in zero-shot settings involving languages
not present in the training data used to build the segmenter. While proba-
bly unrealistic (and hard to verify due to the lack of suitable benchmarks),
the possibility of porting our approach to scenarios involving different al-
phabets was not verified in this work. This would require, at least, a
vocabulary adaptation which represents a well-known problem in multi-
lingual approaches to MT/ST (Lakew et al., 2018; (Garcia et al., 2021)).
Nevertheless, even in the worst case in which some degree of similarity
across languages is required for zero-shot automatic segmentation, our re-
sults propose a method for achieving enhanced segmentation accuracy for

multiple languages, with the efficiency of maintaining only one model.

4.4 Conclusions

This chapter is dedicated to subtitling data as the first component to-
wards addressing automatic subtitling from a computational perspective.
Automatic subtitling comprises, besides translation, automatic spotting
and automatic segmentation. For this reason, we argued that represen-
tative subtitling data should contain the audio as the source and timed

text as the target. Based on these criteria, in Section we performed
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an analysis of existing subtitling corpora and their suitability for train-
ing automatic subtitling systems. We explored whether audio or timing
information is available and the degree of conformity to the subtitling con-
straints of length, reading speed and preservation of linguistic wholes. Our
analysis showed that, even though subtitling corpora conform to some de-
gree to the constraints, several limitations exist, mainly related to the lack
of audio and time information for modelling spotting and the loss of line

breaks in the target, which are indispensable for proper segmentation.

To address this challenge, in Section we discussed the creation of
MuST-Cinema, the first speech subtitling corpus, in which subtitle breaks
from .srt files are projected onto the MuST-C ST corpus. As with other
corpora, the line breaks inside the .srt files were collapsed, which posed
a challenge to creating a conforming corpus. However, based on a mini-
mum sample of sentences containing line breaks, we proposed a segmenter
which annotates the subtitles with line breaks. We showed that an iterative
self-learning process of training and annotation can successfully insert the
missing <eol>symbols in the corpus. An analysis of the subtitling proper-
ties of MuST-Cinema showed high conformity to all subtitling constraints
for all 7 target languages. When exploring the reasons for the remain-
ing non-conformity, we found linguistic features in some earlier TED talks
suggesting a transition from a plain translation of the transcript to proper
subtitling, with more condensation and omissions. Despite this, MuST-
Cinema addresses the limitations of other subtitling corpora by offering

audio input and high-quality timed-text on the target.

In the last Section 4.3, we explored the approach used to annotate
MuST-Cinema with the missing <eol> symbols to the task of automatic
subtitling segmentation. Our first experiment in this respect showed that a
segmenter model trained on the annotated MuST-Cinema obtained higher

segmentation accuracy compared to one trained and fine-tuned only on
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the original human segmentations in MuST-Cinema, confirming the suit-
ability of MuST-Cinema for subtitling tasks. In the second experiment,
we explored the question whether data quality or size matters most for
automatic subtitle segmentation. Since high-quality human segmentations
are scarce and limited in the domains available, we took advantage of the
sizeable OpenSubtitles corpus to propose data mixes for achieving high
segmentation accuracy under different resource conditions. Our results
demonstrated that even a small portion of high-quality data can lead to
high segmentation performance both in-domain and out-domain. In the
last experiment we improved both performance and efficiency in segmen-
tation, by extending the textual segmenter to a multimodal, multilingual
segmenter. This segmenter is trained on the source audio and text and
multiple target languages. Our results showed an increase in segmentation
performance of 6 BLEU;, points compared to the textual segmenter, with
the added benefit of training and maintaining only one model for multiple
languages. Additionally, the multimodal segmenter has the ability to ac-
curately segment even unseen languages in a zero-shot fashion. This opens
up the possibility to annotate existing translation corpora with subtitle
breaks, in order to increase the availability of training data for automatic
subtitling systems. Having procured the necessary training data and tech-
niques for subtitling data augmentation, in the next chapter we delve into

automatic models for different subtitling scenarios.
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Chapter 5

End-to-end Models for Subtitling

In the previous chapter, we set the ground for transitioning to the paradigm
of automatic subtitling by compiling the necessary speech subtitling cor-
pora to train the systems. Having the first ingredient in hand, we move on
to developing automatic subtitling systems for different subtitling scenar-
ios. In Section [5.1] I argue why simply matching the length of the source,
as proposed in previous approaches to MT for subtitling, is not sufficient
to produce readable subtitles under the new paradigm. Having set the
motivation for a more comprehensive approach to automatic subtitling, I
present our automatic subtitling solutions for offline subtitling, dual subti-
tling and live subtitling. For the scenario of offline subtitling (Section [5.2)),
we explore the feasibility of direct ST models for automatically generating
subtitles. We compare our proposed novel approach to NMT from a human
template and cascade ST (ASR+MT). In Section [5.3] we propose direct
models for dual subtitling, addressing the need to display source language
captions and target language subtitles at the same time. Since the joint
display poses the additional challenge that the source and target version
need to be synchronised with each other, we introduce metrics for evaluat-
ing consistency between captions and subtitles. Lastly, in Section [5.4] we

experiment, for the first time, with direct simultaneous ST models for live
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subtitling. The fact that our systems predict subtitle boundaries allows us
to explore different display modes: showing the translation word-for-word
as it becomes available, or waiting until a segmentation boundary is pre-
dicted. As suggested by the literature and normative recommendations, a
display in scrolling lines is a solution that generates the most readable sub-
titles. We investigate whether alternative modes for displaying the output

of simultaneous ST systems can still keep the delay at acceptable levels.

5.1 1Is 42 the answer to everything in automatising

subtitling?

Subtitles, despite being the fastest and most widespread way of translating
audiovisual content, still rely heavily on human effort. As described in sec-
tion [2.2.4] one way to produce subtitles is when human subtitlers translate
directly the source speech of the video using specialised software and mak-
ing sure the text is properly synchronised with the speech and segmented
in a way that facilitates readability and legibility. However, computational
approaches to subtitling have rarely started from speech.

Previous work in MT for subtitling has approached subtitling as text
translation; the source language speech is transcribed and spotted by a hu-
man, who creates a subtitle template (see Section [2.2.4)), and then passed
through an MT system to be translated, either one subtitle at a time,
or with several subtitles merged into longer pieces of text. These source
language subtitles (captions) are already compressed and segmented to
respect the subtitling constraints of length, reading speed and proper seg-
mentation. In this way, the work of the MT system is already simplified,
since it only needs to translate matching the length of the source text
with length-matching techniques (Matusov et al., 2019; Lakew et al., 2019;
Niehues, 2020; Liu et al., 2020a; (Cherry et al., 2021)). However, the essence
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of a good subtitle goes beyond matching a predetermined length (as, for
instance, 42 CPL for TED talks). Apart from this spatial dimension, sub-
titling relies heavily on the temporal dimension, which is incorporated in
templates as timestamps. This approach to subtitling is partial and limited
in its efficiency, since it automatises only the step of translation and thus
requires considerable human intervention, e.g. for transcription and spot-
ting. Templates, besides often preventing optimal solutions for the target
language, are costly and slow to create and as so, not a viable solution for
short turn-around times and individual content creators. Therefore, skip-
ping the template creation process would lead to cost and time reductions
and make multilingual subtitling more accessible to all types of creators.
Because of the multifarious nature of subtitling, models need to generate
subtitles adhering to different requirements and characteristics depending
on the application scenario. For example, the source language captions
often need to be displayed along target subtitles to aid language learners,
the deaf and hard-of-hearing, or for other tasks in the localisation industry
(indexing, quality assurance, etc). Consistency between captions and sub-
titles is a desideratum in this case, so that both versions are synchronised in
a bilingual display and that possible errors can be spotted across the same
blocks to facilitate quality assurance (Nikoli¢, 2015)). Creating high-quality
multiple language /accessibility subtitle versions with one model is another
step towards maximising automation and efficiency in subtitling. For live
subtitling, generating high quality subtitles should be accompanied with
generating them quickly enough to be displayed with a minimum delay
compared to the speaker, while the way live subtitles are displayed also
impacts viewing experience. Taking all these aspects into consideration,

42 may not be the answer to everything in automatic subtitlingﬂ

!Speaking of subtitles and their optimum length of 42 characters per line, we could not help but
alluding to the book and series The Hitchhiker’s Guide to the Galaxy by Douglas Adams, where the

number 42 is the “Answer to the Ultimate Question of Life, the Universe, and Everything”, calculated
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5.2 Offline automatic subtitling

In this section, we propose Speech Translation as an alternative to the
template creation process. For each audio segment, the task consists in
generating its target translation segmented with subtitle breaks] We ex-
periment with cascade systems, i.e. pipelined ASR+MT architectures,
and direct, end-to-end ST systems. While the MT system in the pipelined
approach receives a raw textual transcription as input, the direct speech
translation receives temporal and prosodic information from the source
language input signal. Given that several decisions about the form of sub-
titles depend on the audio (e.g. subtitle segmentation at natural pauses,
length based on utterance duration), in this work we ask the question
whether end-to-end ST systems can take advantage of this information to
better model the subtitling constraints and subtitle segmentation. In other
words, we investigate whether, in contrast to text translation (where one
mainly focuses on returning subtitles of a maximum length of 42 charac-
ters), in speech translation additional information can help to develop a
more advanced approach that goes beyond merely matching the source text

length. Specifically, our contributions can be summarised as follows:

e We present the first end-to-end ST solution for subtitling, completely
eliminating the need of a source language transcription and any extra

segmentation component.

e We conduct a thorough analysis of cascade vs. end-to-end systems
both in terms of translation quality and conformity to the subtitling
constraints, showing that end-to-end systems have large potential for

subtitling.

by a massive supercomputer named Deep Thought for over 7.5 million years.
20ur direct approach does not address timestamp prediction at this stage.
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5.2.1 Experimental setting

Data For the experiments we use the MuST-Cinema corpus (Karakanta
et al., 2020b)). As described in Section , MuST-Cinema contains (audio,
transcription, translation) triplets where the breaks between subtitles have
been annotated with the special symbols <eol> and <eob>. For the
audio we use the MuST-Cinema gold segmentation. We experiment with 2
language pairs, English—French and English—German, as languages with

different syntax and word order.

MT and ST systems The Cascade system consists of an ASR and an
MT component. The ASR component is a hybrid ASR system based on
the KALDI toolkit (Povey et al.) 2011). It features a time-delay neu-
ral network and lattice-free maximum mutual information discriminative
sequence-training (Povey et al., [2016). The audio data for acoustic mod-
elling include the clean portion of LibriSpeech (Panayotov et al., 2015)
(~460h) and a subset of the MuST-Cinema training set (~450h), from
which 40 MFCCs per time frame were extracted. A Maximum Entropy lan-
guage model with n-gram features (Alumée and Kurimo, [2010)) is estimated
from the corresponding transcripts (~7M words). The MT component is
based on the Transformer architecture (big) (Vaswani et al., [2017) with
similar settings to the original paper. The system is first trained on the
OPUS data (not containing subtitling boundaries), with 120M sentences
for En—Fr and 50M for En—De, and then fine-tuned on MuST-Cinema.
Considering that the ASR output is lower-cased and without punctua-
tion, we lowercase and remove the punctuation from the source side of the
parallel data used in pre-training the MT system. To mitigate the error
propagation between the ASR and the MT, for fine-tuning, we use a ver-
sion of MuST-Cinema where the source audio has been transcribed by the

tuned ASR. The target side is text containing subtitle boundaries.
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For the End-to-End system, we experiment with two data conditions:
one where we only use the MuST-Cinema training data (E2E-small) and
a second one where we pre-train on a larger amount of data and fine-tune
on MuST-Cinema (E2E). This will allow us to detect whether there is
any trade-off between translation quality and conformity to constraints
when increasing the amount of pre-training data not representative of the
target application (subtitling). The architecture used is S-Transformer,
(Di Gangi et al| 2019b), an ST-oriented adaptation of Transformer, which
has been shown to achieve high performance on different speech translation
benchmarks. We remove the 2D self-attention layers and increase the size
of the encoder to 11 layers, while for the decoder we use 4 layers.ﬂ We use
the encoder of the ASR model to initialise the weights of the ST encoder
and achieve faster convergence (Bansal et al.; 2019). The encoder of the
ASR model, instead, has 8 encoder and 6 decoder layers. The additional
3 encoder layers are initialised randomly, similarly to the adaptation layer
proposed by Bahar et al. (2019a). We optimise using Adam (Kingma and
Ba, 2015) (betas 0.9, 0.98), 4000 warm-up steps with initial learning rate of
0.0003, and learning rate decay with the inverse square root of the iteration
number. We apply label smoothing of 0.1, and dropout (Srivastava et al.,
2014) is set to 0.2. We further use SpecAugment (Park et al., 2019), a

technique for online data augmentation, with augment rate of 0.5.

Since the E2E-small system, trained only on MuST-Cinema, is disadvan-
taged in terms of the amount of training data compared to the cascade, we
utilise synthetic data to boost the performance of the ST system (E2E). To
this aim, we automatically translate into German and into French the En-
glish transcriptions of the data available for the IWSLT2020 offline speech

3This choice was motivated by preliminary experiments, where we noted that replacing the 2D self-
attention layers with normal self-attention layers and adding more layers in the encoder increased per-

formance, while removing a few decoder layers did not negatively affect the performance.
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translation task'| (whenever the translation is not available in the respec-
tive target language). We use an MT Transformer model achieving 43.2
BLEU points on the WMT"14 test set (Ott et al., 2018) for EN—FR. Our
EN—DE Transformer model using similar settings achieves 25.3 BLEU
points on the WM'T"14 test set, with state-of-the-art methods ranging be-
tween 27-30 BLEU. The resulting training data (both real and synthetic)
amount to 1.5M sentences on the target side. We use a different pseudo-
token to separate the real from the synthetic data. Finally, we fine-tune
on MuST-Cinema.

For comparison to the new paradigm overcoming the need of a human
transcription, we also report NMT results when starting from a subtitle
template (Template). In this setting, we use the textual source side of
MuST-Cinema, which contains the human-generated captions of the source
language audio. In this way, the input to the MT system is already split
in subtitles using the special symbols, respecting the subtitling constraints
and with proper segmentation. This allows us to have an upper-bound
of the performance that NMT can achieve when provided with input al-
ready in the form of subtitles. We pre-train large models with the OPUS
data (Tiedemann, 2012) used in the cascade but without lowercasing or
removing punctuation and then fine-tune them on the full training set of
MuST-Cinema. It should be noted that only the MuST-Cinema data con-
tain break symbols. We use the same Transformer architecture as in the
cascade system. For all the experiments we use the fairseq toolkit (Gehring
et al 2017). Training is completed when the validation perplexity does
not improve for 3 consecutive epochs. Byte-Pair Encoding (BPE) (Sen-
nrich et al., 2016b) is set to 8K operations for the E2E-small and E2E
systems while to 50K joint operations for the Cascade and the Template

systems.

Yhttp://iwslt.org/doku.php?id=offline_speech_translation
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Evaluation To evaluate translation quality we use the SacreBLEU im-
plementation (Post} 2018) to compute BLEUP| on the MuST-Cinema test
set. As with the segmenters in Section 4.3 we compute two variants
of BLEU: with the break symbols (BLEU,) and after removing them
(BLEU,;;). BLEUy, evaluates both translation quality and segmentation,
while BLEU,,;, only the translation quality without taking into account the
subtitle segmentation. In Section [6.2] we will present an analysis of these

two metrics for quality and segmentation.

For evaluating the conformity to length, we calculate the percentage
of subtitles <42 characters per line (CPL), while for reading speed the
percentage of sentences with maximum 21 characters per second (CPS).
Since our systems do not generate timestamps along with the subtitles, we
compute CPS at the utterance level, by dividing the number of characters
in the utterance by its duration. This approach has been applied in two
of the largest subtitling research projects in the UK (Ofcom| 2014) and
US (Jensemal, (1997 |Linebarger, 2001) to measure reading speed on full
videos. Naturally, the computation of reading speed contains segments of
the utterance which may not be accompanied by subtitles, but in our case,
the utterances in the MuST-Cinema test set mostly contain continuous

subtitles, so we expect this effect to be minimal.

Finally, for judging the goodness of the segmentation, i.e. the position
of the breaks in the translation, we compute two metrics: the first one is
Sigma, a new subtitle segmentation score. Sigma is the ratio of BLEU,, to
the highest BLEU, we could achieve if all subtitle boundaries were placed
in correct positions. It produces a score between 0-100, where 100 stands
for perfect segmentation. In this way, the metric is able to disentangle

the effect of segmentation from that of translation quality (see Section

SBLEU|#:1|c:mixed|e:nol|tok:13als:exp|v:2.0.0
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| BLEUy,? BLEU,t CPLt CPSt TERy) Sigmat

En—Fr Template | 32.15 29.50 91% 68% 19.37 89.22
Cascade 26.347t 25.41% 91%  72%  23.22 83.05
E2E-small | 22.52 21.03 95% 70% 24.48 81.82
E2E 26.357 25.46t 95% 70% 23.51 81.46

En—De Template | 27.47 25.95 88% 56% 17.89 83.39
Cascade 22.447 21.99 8%  56%  22.36 78.47
E2E-small | 15.71 14.25 93% 55% 25.39 75.59
E2E 22.007 20.92 90% 56% 21.25 79.24

Table 5.1: Results for translation quality (BLEU,,, BLEU,,;), for conformity to the subti-
tling constraints (CPL, CPS) and for subtitle segmentation (TERy,) for the four systems.
Differences in the results marked with T are not statistically significant. Best score among
ST outputs in bold.

for more details on the Sigma metric). We additionally report TERbTﬂ
which is computed by masking all words except for the break symbols and
calculating Translation Edit Rate (Snover et al., 2006) only for the breaks
against the reference translation. This will allow us to determine the effort

required by a human subtitler to manually correct the segmentation.

5.2.2 Results

The results are shown Table[5.1] As far as translation quality is concerned,
the best performance is reached, as expected, in the Template setting,
where the MT system is provided with ‘perfect’ source language captions.
On the MuST-Cinema test set, this leads to BLEU;, scores of 32.15 and
27.47 respectively for French and German. The Cascade setting follows
with a BLEU,, score reduction of 6 points for French and 5 points for
German, largely because of error propagation from the ASR to the MT.
The E2E-small model (trained solely on MuST-Cinema) achieves 22.52

OTER|#:1|c:1lc|t:tercom|nr:nolpn:yeslas:nolv:2.0.0
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and 15.71 BLEU,,. points for French and German respectively, which is
a relatively low performance compared to the rest of the systems. This
‘low-resource’ setting is a didactic experiment aimed at exploring how far
the data-hungry neural approach can go with the limited amount of data
typically available in the domain of ST for subtitling (280K and 234K
sentences). It should be noted that MuST-Cinema is the only ST corpus
of the subtitle genre, respecting the subtitling constraints and contain-
ing break symbols. Consequently, the interference of other data may hurt
the conformity to the subtitling constraints, despite improving the trans-
lation performance. On the other hand, pre-training has evolved into a
standard procedure for coping with the data-demanding nature of NMT.
Therefore, pre-training also in the case of end-to-end speech translation
offers a comparable setting with the template and cascade experiments.
Indeed, after fine-tuning the pre-trained model on MuST-Cinema, F2F
reaches 26.35 and 22.00 BLEU,, points for French and German, obtaining
almost the same scores as the Cascade. The Cascade seems to have an edge
only for pure translation quality in the case of German, where it scores 1
BLEU,,;, point above E2FE. This shows that, when increasing the size of the
training data for F2F, the gap between the cascade and the end-to-end
approach is closed and that end-to-end approaches may have finally found

a steady ground for flourishing in different applications.

Conformity to the subtitling constraints and subtitle segmentation When it
comes to the conformity to the subtitling constraints, the results show a
different picture (see CPS and CPL of Table p.1). E2E generates subtitles
having length of maximum 42 characters in 95% and 90% of cases. E2F
achieves higher conformity even compared to Template, for which the seg-
mentation is already provided to the system in the form of break symbols,
while Cascade is behind by 3-4%. A similar tendency is observed with the
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TER,, results measuring the proper placement of the break symbols. While
Template benefits from the source language segmentation and therefore re-
quires less edits to properly segment the subtitles, Cascade is more disad-
vantaged in guessing the correct position of the break symbols, as shown
by a 23.22 and 22.36 TERj.score. For F2E-small TERy.is the highest,
possibly due to the low translation quality. However, F2E achieves similar
performance with Cascade for French and even outperforms the Cascade
by 1 TER;,point for German, showing that less effort would be required to
correct the segmentation. Sigma is in line with TER,in ranking Cascade
as having the best segmentation for French and EF2F for German. However,
for French the segmentation performance between the two E2E models is
of similar quality, contrary to the ranking of TER;.and BLEU;,.. As we
will show in Section [6.2], both these metrics are to some degree affected by
translation quality and cannot fully isolate the segmentation signal. For
this reason, in the next sections we will only report BLEU,,;, as a metric of
translation quality and Sigma for segmentation quality.

While the results on segmentation are not conclusive, the higher con-
formity and segmentation quality for E2F (at least for German) could be
an indication that the direct system receives information compared to the
cascade, which allows for better guessing the positions of the break sym-
bols in the translation. This suggests that subtitle segmentation decisions
are not solely determined by reaching a maximum length of 42 characters,
but a combination of multiple (possibly intersemiotic) factors can offer a

better answer to automatic subtitling.

Analysis The higher scores for CPL and TER;, for German in Table
suggest that the F2F system is better at modelling the subtitling con-
straints of length and proper segmentation. We shed more light into this

aspect by analysing factors which might be determining the system’s be-
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haviour in relation to the insertion of the break symbols.

One question quickly arising is how the system can determine whether to
insert a subtitle break symbol <eob>(which means that the next subtitle
will follow on a new screen) or a line break symbol <eol>(which means
that the next line of the subtitle will appear on the same screen). We
have mentioned in Section 2.2.2] that the in and out times of a subtitle
should follow the rhythm of speech. Therefore, we expect that the end of
a subtitle block should correspond to the end of a speech act, a pause or
a terminal juncture. On the other hand, while line breaks can still overlap
with pauses or signal the change of speaker, their function is to split a long
subtitle into two smaller parts in order to fit the screen. Consequently, the
insertion of <eol> is determined more by the length and the syntactic
properties of the subtitle and less by the natural rhythm of the speech.
If this hypothesis holds, the choice of whether to insert an <eob> or an
<eol> symbol is defined by prosodic properties and not solely by reaching
the maximum length of 42 characters.

To test this hypothesis, we compute the duration of the pause after each
word in the source side of the MuST-Cinema test set. To achieve this, we
perform forced alignment of the transcript against the audio and subtract

the end time of each word from the start time of the next word:
PAUSEY1w2 = Start_timeys — end_time,n (5.1)

Then we separate the pauses in 3 groups: i) pauses corresponding to
positions where <eob>is present, i) pauses corresponding to positions
where <eol>is present and #ii) pauses after which there is no break symbol
(None). In Table[5.2) we report average and standard deviation of the pause
duration for each category.

Pauses corresponding to the positions where <eob> symbols are present

are more than x10 longer than the pauses in positions without any break
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Pause type | Avg Stdev

None 0.039 0.022
<eob> 0.551 0.181
<eol> 0.074 0.027

Table 5.2: Average pause duration and standard deviation (in seconds) for the category

without breaks (None), and for the categories with the two types of break symbols.

symbols (None). Even if we take the most extreme cases (based on standard
deviation), any pause above 0.37 seconds would require the insertion of
<eob>. Pauses corresponding to <eol> symbols are on average x2 longer,
but there is an overlap between the possible durations of the None and the
<eol> category. This confirms our hypothesis about the different roles of
the two subtitle breaks. Therefore, prosodic information is an important
factor which can help the ST system determine the subtitling segmentation
according to the speech rhythm. This finding provides evidence towards a
clear limitation of the cascade setting, where a raw textual transcription
from the ASR does not provide any prosodic information to the MT system.
The MT system in the cascade setting is disadvantaged by the inability to:
i) recover from possible ASR errors, and i) make decisions determined by

factors other than text.

With this knowledge, we analyse the breaks in the results of the two
systems. To control for differences in translation, we select all sentences
with at least 2 breaks and with the same number of break symbols (regard-
less of whether <eob> or <eol>) between the reference, the output of the
Cascade and of the E2E. The resulting sentences are 137 for French and
158 for German. We calculate the accuracy of the type of break symbols for
the two systems. For French the accuracy is 89% for Cascade and 93% for
E2E. For German the accuracy is 85% for Cascade and 88% for F2E. This
difference in accuracy suggests that the direct system may be aided by the
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acoustic information and specifically by the pause duration in determining
the correct break symbol. Given the importance of acoustic information
for subtitling, it would be fair to mention that the limitation of the cascade
in the current setting could be possibly overcome with techniques encoding

pause duration as additional information in the MT system.
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Table presents some examples, evaluated also against the video. In
the first example, the decision of which type of break to insert can only be
determined by the duration of the pause that comes between them. Indeed,
the speaker in the video asks the question and then leaves some time to the
audience before giving the answer. The pause between the two sentences
is about 2 seconds. In this case, the first sentence should be in one subtitle
block, then disappear, and the second sentence should come in the next
subtitle block in order not to reveal the answer before it was spoken by the

speaker. This information is only available to the E2E system.

In the second example, although both systems output the right type
of break, there are differences in the actual break positions. E2F inserts
the first break symbol in the same position as in source and reference (en-
treprise), while Cascade inserts it at a later position (expliquer), resulting
in a subtitle of 46 characters, which is above the 42-character length limit.
Cascade correctly inserts the second break (maitre), as in the reference.
Here, E2F copies the break position from the source sentence, which is in
a different position compared to the reference (after the word be instead of
the word master as in the reference). E2FE is faithful to the segmentation
of the source language when it corresponds to the pauses of the speaker.
The positions chosen by Cascade to insert breaks are before a conjunction
(comment) and a preposition (du). Contrary to E2FE, the segmentation
decisions in Cascade are based more on syntactic patterns, learned from

the existing human segmentation decisions in the training data.

The third example shows that prosody is also important for other factors
related to the translation. Cascade, not receiving any punctuation, did
not reproduce the question in the translation, while the intonation may
have helped F2E to render the sentence as a question despite using the
wrong tense (saviez instead of savez). All in all, these examples confirm

our analysis and once again indicate the importance of the intersemiotic
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nature of subtitling when developing automatic systems for this task.

To conclude, we have presented the first Speech Translation systems
specifically tailored for subtitling. The first system is an ASR-MT cas-
cade, while the second a direct, end-to-end ST system. These systems
allow, for the first time, to create subtitles of high conformity to the sub-
titling constraints in the absence of a human transcription of the source
speech (template). We have shown that while the two systems have similar
translation quality, the E2E seems to be modelling the subtitle constraints
better. We pose that this could be attributed to acoustic features, such as
natural pauses, becoming available to the E2E system through the audio
input. This leads to a segmentation closer to the speech rhythm, which is
key to a pleasant user experience. Our work takes into account the inter-
semiotic nature of subtitling by avoiding conditioning the translation on
the textual source language length, as in previous approaches to NMT for
subtitling, arriving to the conclusion that 42 is not the answer to every-
thing in automatic subtitling. Rather, key elements for good automatic
subtitling are also prosodic elements such as intonation, speech tempo and

natural pauses.

5.3 Joint generation of captions and subtitles

In the previous section, we introduced the first ST models for automatic
subtitling, overcoming the need to manually generate a source language
template as input to the MT system. However, obtaining the intralin-
gual subtitles (hereafter ‘captions’) is necessary for a range of applications,
while in some settings captions need to be displayed along with the target
language subtitles. Such ‘bilingual subtitles’ are useful in multilingual on-
line meetings, in countries with multiple official languages, or for language

learners and audiences with different accessibility needs (see Section [2.2.1]
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for more details on intra-inter- and bi-lingual subtitles). In those cases,
captions and subtitles should not only be consistent with the visual and
acoustic dimension of the audiovisual material but also between each other,
for example in the number of blocks they occupy, their length and segmen-
tation. Consistency is vital for user experience, for instance to elicit the
same reaction among multilingual audiences, and to ensure that no one is
left behind. Moreover, consistency between captions-subtitles is important

in the localisation industry, to facilitate the quality assurance process.

Previous work in MT and ST for subtitling has focused on generat-
ing interlingual subtitles (Matusov et al., 2019; [Karakanta et al., [2020a;
Koponen et al., [2020c), a) without considering the necessity of obtaining
captions consistent with the target subtitles, and b) without examining
whether the joint generation leads to improvements in quality. We hy-
pothesise that knowledge sharing between the tasks of transcription and
translation could lead to such improvements. Moreover, joint generation
with a single system can avoid the maintenance of two different models,
increase efficiency, and in turn speed up the localisation process. Lastly, if
joint generation improves consistency, joint models could increase automa-

tion in subtitling applications where consistency is a desideratum.

In this section, we address these issues for the first time, by jointly gen-
erating both captions and subtitles from the same audio source. We ex-
periment with the following models: 1) Shared Direct (Weiss et al., 2017)),
where the speech encoder is shared between the transcription and the trans-
lation decoder, 2) Two-Stage (Kano et al., 2017)), where the transcript de-
coder states are passed to the translation decoder, and 3) Triangle (Anas-
tasopoulos and Chiang, 2018b)), which extends the two-stage by adding a
second attention mechanism to the translation decoder which attends to
encoded speech inputs. We compare these models with the approaches

for automatic subtitling proposed in the previous section: an independent
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direct ST model and a cascade (ASR+MT) model. Moreover, we extend
the evaluation beyond the usual metrics used to assess transcription and
translation quality (respectively WER and BLEU), by also evaluating the
form and consistency of the generated subtitles.

Sperber et al. (2020) introduced several lexical and surface metrics to
measure consistency between transcription and translation, but they were
only applied to standard, non-subtitle, texts. Subtitles, however, are a
particular type of text structured in blocks which accompany the action
on screen. Therefore, we propose to measure their consistency by taking
advantage of this structure and introduce metrics able to reward subti-
tles that share similar structure and content. Our contributions can be

summarised as follows:

e We employ ST to directly generate both captions and subtitles without

the need for human pre-processing (transcription, segmentation).

e We propose new, task-specific metrics to evaluate subtitling consis-
tency, a challenging and understudied problem in subtitling evalua-

tion.

e We show increased performance and consistency between the gener-
ated captions and subtitles compared to independent decoding, while

preserving adequate conformity to subtitling constraints.

5.3.1 Models

To study the effectiveness of the different existing ST approaches in the

subtitling scenario, we experiment with the following models (also shown

in Figure :
The Multitask Direct (DirMu) model consists of a single audio en-

coder and two separate decoders (Weiss et al., 2017)): one for generating the
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Figure 5.1: Schema of the models used in the experiments. Adapted from (Sperber et al.,
2020).

source language captions, and the other for the target language subtitles.
The weights of the encoder are shared. The model can exploit knowledge
sharing between the two tasks, but allows for some degree of flexibility
since inference for one task is not directly influenced by the other task.

The Two-Stage (2ST) model (Kano et al., 2017) also has two de-
coders. The difference here is that the translation decoder receives the
transcription decoder states, instead of the encoder states. This is the
only source of information for the translation decoder as it does not attend
to the encoder output. Inference is not synchronous for each word posi-
tion; the translation decoder ‘waits’ for the transcription decoder to finish
decoding the transcription.

The Triangle (Tri) model (Anastasopoulos and Chiang, 2018b)) is simi-
lar to the two-stage model, but with the addition of an attention mechanism
to the translation decoder, which attends to the output embeddings of the
encoder. Both 2ST and Tri support coupled inference and joint training.

We compare these models with two popular ST solutions. The first is
a Cascade (Cas) model, a combination of ASR + NMT, presented in
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Section [5.2 The cascade features full dependence between transcription
and translation, which will potentially lead to high consistency.

The Direct Independent (DirInd) system consists of two indepen-
dent direct ST models, one for the transcription (as in the ASR component
of the cascade) and one for the translation. It hence lies on the flexibility

edge of flexibility-consistency spectrum compared to the models above.

5.3.2 Evaluation of subtitling consistency

While some metrics for evaluating transcription-translation consistency
have been proposed in (Sperber et al., 2020)), these do not capture the
peculiarities of subtitling. The goal for consistent captions/subtitles is
having the same structure (same number of subtitle blocks) and same con-
tent (each pair of caption-subtitle blocks has the same lexical content).
Consider the example of a subtitle file with dual subtitles in Figure [5.2]
0:00:50,820, 00:00:53,820

To put the assumptions very clearly:

Enoncons clairement nos hypotheses : le capitalisme,

00:00:53,820, 00:00:57,820
capitalism, after 150 years, has become acceptable,

apres 150 ans, est devenu acceptable, au méme titre

00:00:58,820, 00:01:00,820
and so has democracy.

que la démocratie.

Figure 5.2: Source captions (En) and Target subtitles (Fr) for the same subtitle template.

Three blocks appear sequentially on the screen based on timestamp in-
formation, each of them containing one line of text in English (caption)
and French (subtitle). Since the source utterance is split across the same

number of blocks (3), the captions and subtitles have the same structure.
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However, they do not have the same lexical content. The first block con-
tains the French words le capitalisme, which appear in the second block
for the English captions. Similarly, au méme titre corresponds to the third
block in relation to the captions. This is problematic because terms do not
appear in the same blocks (e.g. capitalism), and also leads to sub-optimal
segmentation, since the French subtitles are not complete semantic units

(logical completion occurs after hypothéses and acceptable).

We hence define the consistency between captions and subtitles based
on two aspects: the structural and the lexical consistency. Structural con-
sistency refers to the way subtitles are distributed on a video. To be struc-
turally consistent, captions and subtitles for each source utterance should
be split across the same number of blocks. This is a prerequisite for bilin-
gual subtitles, since each caption-subtitle pair has the same timestamps.
In other words, the captions and subtitles should appear and disappear
simultaneously. Therefore, we define structural consistency as the per-
centage of utterances having the same number of blocks between captions
and subtitles.

The second aspect of subtitling consistency is lexical consistency. Lexi-
cal consistency means that each caption-subtitle pair has the same lexical
content. It is particularly important for ensuring synchrony between the
content displayed in the captions and subtitles. This facilitates language
learning, when terms appear in similar positions, and quality assurance, as
it is easier to spot errors in parallel text. We define lexical consistency
as the percentage of words in each caption-subtitle pair that are aligned to
words belonging in the same block. In our example, there are six tokens
of the subtitles which are not aligned to captions of the same block: {le
capitalisme , au méme titre}. For obtaining this score, we compute the
number of words in each caption aligned to the corresponding subtitle and

vice versa. For each caption-subtitle pair, this process results in two lexi-
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cal consistency scores: LeXcqption—ssubtitie ald LeXgyptitic—caption, Where, in the
former, the number of aligned words is normalised by the number of words
in the caption, while, in the latter, by the number of words in the subtitle.
These two quantities are then averaged into a single value (Lexpq;). The
corpus-level lexical consistency is obtained by averaging the Lex,, of all
caption-subtitle pairs in the test set.

To illustrate this metric with the example in Figure [5.2], structural con-
sistency is 100% because we have #blocks.,y, = #blocksg,. For lexical
consistency, LexX qption—ssubtitle = 81% (words in captions present in the cor-
responding subtitles are 7/7, 8/10, 3/5) and LeXsuptitie—scaption = 75% (words
in subtitles present in the corresponding captions are 5/8, 8/11, 5/5). The

total lexical consistency is the average of the two, resulting in Lex = 78%.

5.3.3 Experimental setting

Data For our experiments we use MuST-Cinema (Karakanta et al., 2020b)).
For a sound comparison with [Karakanta et al| (2020a) in Section [5.2]
we conduct the experiments on 2 language pairs, English—French and
English—German. We expect the captions and subtitles of TED Talks to
have high consistency, since the captions serve as the basis for translating
the speech in target subtitles.

The text data is segmented into subwords with Sentencepiece (Kudo and
Richardson, 2018) with the unigram setting. In line with recent works in
ST, we found that a small vocabulary size is beneficial for the performance
of ST models. Therefore, we set a shared vocabulary of 1024 for all models
except the MT component of the cascade, where it is set to 24k.

For the audio input, we use 40-dimensional log MFCC speech features.
The ASR encoder was pretrained on the IWSLT 2020 data, i.e. Europarl-
ST (Iranzo-Sanchez et al., |2020), Librispeech (Panayotov et al., 2015),
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How?2 (Sanabria et all, 2018)), Mozilla Common-Voice[| MuST-C (Di Gangi
et al., 2019a)), and the ST TED corpus.ﬁ

Model training The ASR and ST models are trained using the same set-
tings. The architecture used is S-Transformer, (Di Gangi et al., [2019b)),
with the same architecture and training settings as described in Section |5.2]
The MT component is based on Transformer (big) (Vaswani et al., 2017)).
However, in this section, the ASR component is an end-to-end ASR which
also outputs punctuation and segmentation breaks. For this reason, no
other pre-processing (except for BPE) is applied to the training data.
Since the goal of this section is to compare the architectures, to ensure
a fair comparison with the direct and joint models, the MT component
here is trained only on MuST-Cinema data. All experiments are run with
fairseq (Ott et al., 2019). Training is performed on two K80 GPUs with

11 GB memory and models converged in about five days/

Evaluation We evaluate three aspects of the automatically generated cap-
tions and subtitles: 1) quality, 2) conformity, and 3) consistency. For the
quality of transcription we compute WER on unpunctuated, lowercased
output, while for translation we use SacreBLEU (Post, 2018).@ Since in
Section we observed a high correlation between BLEU,, and BLEU,,,
we report scores on the output sentences without subtitle breaks (regu-
lar WER and BLEU,;). For evaluating the conformity, we use CPL for
length conformity, CPS for reading speed and Sigma for the plausibility of
segmentation. Lastly, we evaluate structural and lexical consistency be-

tween the generated captions and corresponding subtitles, as described in

"https://voice.mozilla.org/

Shttp://iwslt.org/doku.php?id=offline_speech_translation

90ur implementation of the DirMu, Tri and 2ST models is publicly available at: https://github.
com/mgaido91/FBK-fairseq-ST/tree/acl_2021.

'UBLEU+c.mixed+#.1+s.exp+tok.13a+v.1.4.3
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Section [5.3.2, Word alignments are obtained using fast_align (Dyer et al.,
2013) on the concatenation of MuST-Cinema training data and the sys-
tem outputs. Text is tokenised using Moses tokeniser and the consistency

percentage is computed on the tokenised text.

5.3.4 Results

En—Fr | WER BLEU | CPL CPS  Sigma | Struc.  Lex.
Cas 19.60 25.99|93/91 85 /70 86.2/82.9 98 .99
Dirlnd | 19.69 22.13|93 /94 85/73 86.2/ 83.3 75 .86
DirMu | 17.73 2383 |95/92 85 /73 87.0/821| .77 .87
2ST 19.05 2379 | 94/94 85 /71 86.1/84.2 83 .84
Tri 18.03 23.61|91/90 85/72 85.8/84.4| .82 .92
En—De

Cas 1852 18.84 |93 /90 62 /58 71.9 /782 95 .96
Dirlnd | 1852 16.79 | 93 /88 62 /59 71.9/ 76.9 73 .86
DirMu | 16.95 17.65 |94 /91 62/59 73.9/760| .75 .82
2ST 18.93 18.22 |94 /90 62 /60 70.9/77.6 82 .81
Tri 19.10  18.24 |92/90 62/60 70.5/78.7| .78 .91

Table 5.4: Results for quality (WER and BLEU), subtitling conformity (CLP for length,
CPS for reading speed and Sigma for segmentation), and subtitling consistency (Struc-
tural and Lexical) for French and German model outputs. Conformity scores are reported
for captions / subtitles. Bold denotes the best score. Results that are not statistically
significant — according to pairwise bootstrap resampling (Koehn| [2004), p<0.05 — than

the best score are reported in italics.

Transcription/Translation quality The first two columns of Table show
the WER and BLEU score for the examined models. In terms of tran-
scription quality, DirMu (Multitask Direct) obtains the lowest WER for
both languages with 17.73 for French and 16.95 for German. As far as the

other models are concerned, there is a different tendency for French and
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German. Tri (Triangle) and 2ST (Two-Stage) perform equally better than
Cas and DirInd for French, while for German Cas and DirInd have higher
transcription quality than Tri and 2ST. An explanation for this incongruity
is that these two models perform coupled inference, therefore the benefit
of the joint decoding for the transcription can be related to similarities in
terms of vocabulary between the two languages. Since French has a higher
vocabulary similarity to English, with many words in TED Talks being
cognates (e.g. specialised terminology), it is possible that joint decoding

favours the transcription for French but not for German.

When it comes to translation quality, Cas outperforms all other mod-
els for French with 26.9 BLEU points, while the differences are not statis-
tically significant among DirMu, 2ST and Tri. For German, however, Cas,
28T and Tri perform on par. The MT component trained only on MuST-
Cinema data may be considered quite a weak model. The performance of
the cascade would certainly increase with a stronger M'T component. How-
ever, the goal of this work is to ensure a fair comparison of the architectures
under equal data conditions. In addition, using additional unsegmented
data (not containing subtitle breaks) may hamper with the performance of
the cascade in terms of conformity and consistency. The model obtaining
the lowest scores is DirInd. This finding confirms our hypothesis that joint
decoding, despite being more complex, improves translation quality thanks

to the knowledge shared between the two tasks at decoding time.

In comparison to previous work, our transcription results are contrary
to Sperber et al. (2020)), who obtained the lowest WER with the cascade
and direct independent models. However, for translation quality our best
models are Cas, 2ST and Tri, as in previous work. Moreover, in line
with |Anastasopoulos and Chiang (2018b), the gains for Tri are higher
for translation than for transcription. Comparing the BLEU score of our
DirInd models to the BLEU ,of the direct models in Section [5.2], we found
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that our models have lower performance with 22.13 BLEU compared to
25.46 for French and 16.79 compared to 20.92 for German. It should be
kept in mind that, to provide a fair comparison among models in this
section, no additional data have been used for pre-training (except for
ASR pre-training). Indeed, if we compare the models in this section with
the E2E-small, which has not received any pre-training, the performance
is higher by ~2 BLEU points.

All in all, we found that coupled-inference, supported by Cas, 2ST and
Tri, improves translation but not transcription quality. On the contrary,
multi-tasking as in DirMu is beneficial for transcription, possibly because
of a reinforcement of the speech encoder. However, could this improvement

come at the expense of conformity to the subtitling constraints?

Subtitling conformity Columns 3-5 of Table show the percentage of
captions/subtitles conforming to the length (CPL), reading speed (CPS)
and segmentation (Sigma) constraints discussed in Section [2.2.2l We ob-
serve that joint decoding does not lead to significant losses in conformity.
Specifically, the captions generated by DirMu have the highest conformity
in terms of length (95% and 94%), reading speed (85% and 62%) and seg-
mentation quality (87 and 74). Moreover, the high conformity score for
DirMu correlates with the low WER, showing that quality goes hand-in-
hand with conformity:.

For the conformity of the target language subtitles, instead, the picture
is different. The differences in conformity seem to be language-specific,
therefore a clear winner among the models cannot be drawn. Even though
the differences are not large, Cas has lower conformity to length (91% and
90%) and reading speed (70% and 58%), while it has a low segmentation
score for French, but not for German. DirMu has by far the worst segmenta-

tion accuracy. The highest segmentation accuracy is consistently achieved
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by Tri, which has however the lowest accuracy in captioning segmenta-
tion. There seems to be a compromise between captioning performance
and subtitling performance. It is possible that the structure of the cap-
tions constrains the models (DirMu in that case) to segment the subtitles in
positions which may not be optimal for the target language norms, and vice
versa (in the case of Tri). We can conclude that the quality improvements
of coupled inference and multi-tasking come with a slight compromise of

subtitling conformity, as a result of loss of flexibility in decoding.

Subtitling consistency The last two columns of Table present the re-
sults for the subtitling consistency. In terms of Structural consistency
(Struc.), the model achieving the highest scores is Cas, with 98% and 95%
of the utterances being distributed along the same number of blocks. As
expected, the lowest structural consistency is achieved by DirInd (75%
and 73%), which determines independently the break positions. Among
the joint models, Tri outputs captions and subtitles with higher consis-
tency than DirMu, but both are outperformed by 2ST (83% and 82%).
Our hypothesis is that by attending only the caption decoder, 2ST behaves
similarly to the cascade, and the translation decoder better replicates the
block structure. We noted that the reference captions and subtitles have
lower consistency (92% both for French and German) than the cascade.
This shows that the cascade copies the same <eob>tokens and achieves
extreme structural consistency, which is a desideratum for our study case
but may be harmful in other scenarios, since it leads to lower conformity
(see results on conformity above). Indeed, in scenarios where consistency
is not a key, subtitlers should have the flexibility to adjust segmentation,
time codes, as well as delete, merge and split the subtitles to suit the needs
of their target languages (Oziemblewska and Szarkowskal, 2020)).

The Lexical consistency (Lex.) results show that Cas is the model
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with the highest content overlap in parallel caption-subtitle blocks with
99% and 96% of the words being aligned to the same block. As with
the structural consistency, the lexical consistency of the cascade is higher
than the references (95% for French, 86% for German). The direct model
with the highest lexical consistency is Tri (92% and 91%). Interestingly,
despite its high structural consistency, 2ST does not distribute the con-
tent consistently in the parallel blocks, achieving the lowest conformity
(81%). The DirMu also achieves lower consistency than DirInd for Ger-
man (82% compared to 86%) but not for French (87% compared to 86%). It
is worth noting that lexical consistency is generally lower for German than
for French. Indeed, a 100% lexical consistency between subtitles in lan-
guages with different word order is not always feasible or even appropriate.
For example, the main verb in an English subordinate clause appears in
the second position while in German at the end of the sentence. In order to
adhere to grammatical rules, words in subtitles of different languages often
have inter-block reordering. Therefore, the balance between flexibility and
consistency is manifested here as a compromise between grammaticallity

and preservation of the same lexical content in each pair of subtitles.

To sum up, the results of structural consistency show that the models
are able to preserve the block structure between captions and subtitles in
more than 75% of the utterances. In addition, the high lexical consistency
shows that the block symbols are not inserted randomly, but placed in a

way that preserves the same lexical content in the parallel blocks.

All in all, our results show that the evaluation of captions and sub-
titles is a multifaceted process that needs to be addressed from multiple
aspects: quality, conformity and consistency. Missing one of the three
can lead to wrong conclusions. For instance, only considering quality and
consistency could lead one to disregard the importance of conformity and

consider independent solutions an obsolete technology. Secondly, among
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the Direct architectures, the use of techniques that allow linking the gen-
eration process of captions and subtitles helps to achieve overall better
quality and consistency than independent decoding, with a slight discount
in conformity. Between the DirMu, 2ST and Tri, there is not a model that
outperforms all the others in all the metrics, so the choice mainly depends
on the application scenario. Lastly, comparing the Cascade and the Di-
rect, the Cascade seems to be the best choice for generating high-quality
captions and subtitles with maximum consistency, also given the (to date)
limitation of the direct systems of not generating timestamps. Still, the
recent advancements in Direct approaches result in competitive solutions

with increased efficiency of maintaining one model for both tasks.

5.4 Live subtitling

The last application scenario to which we attempt to bring the new paradigm
of automatic subtitling is live subtitling. Live subtitling, whether intralin-
gual or interlingual, allows for obtaining subtitles in real time for achieving
barrierless interaction between audiences with diverse linguistic and acces-
sibility needs. As mentioned in Section [2.2.1] live subtitles were initially
obtained by means of keyboards or stenotyping, but Automatic Speech
Recognition (ASR) gave rise to respeaking, a technique where the sub-
titler respeaks the original sound into an ASR system, which produces
the subtitles on the screen (Romero-Fresco, 2011). Although originally
employed for intralingual subtitles, respeaking is gradually extending to
produce interlingual subtitles, a task bearing close resemblance to simul-
taneous interpreting. Still, the tediousness of the task and the scarcity of
highly-skilled professionals for live subtitling call for a more pronounced
role of technology for providing real-time access to information.

The growing needs for access to multilingual spoken content have moti-
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vated researchers to develop fully automatic solutions for real-time spoken
language translation (Grissom II et al., 2014; (Gu et al., 2017; Alinejad
et al.| 2018; |Arivazhagan et al., 2019b; Ma et al., [2019). The new possibil-
ities opened up by neural machine translation have led to improvements in
automatic simultaneous speech-to-text translation (SimulST). In SimulST
(Niehues et al., [2018; Ma et al., [2020; Ren et al., 2020), the generation of
the translation starts before the entire audio input is received, which is an
indispensable characteristic for achieving low latency (translation delay)
between speech and text in live events. As mentioned in Section [3.2.4]
the translation becomes available at consecutive steps, usually one word
at a time. However, a display mode based on the word-for-word rate of
generation of SimulST systems may not be optimal for displaying readable
subtitles. Studies in intralingual subtitling have shown that a word-for-
word display increases the number of saccadic crossovers between text and
scene (Rajendran et al. 2013) and leaves viewers less time to look at the
images (Romero-Fresco, 2010). For this reason, regulators, such as the
UK Office of Communications, recommended displaying subtitles in blocks
(Ofcom), 2015). Although leading to more readable subtitles, this display
mode is not ideal for live events since waiting until the block is filled before
displaying the subtitle would extremely increase latency at the risk of com-
pletely losing synchronisation with the speaker. Despite the existence of
some applications of SimulST, so far no work has explored its potential for

live subtitling and how the delay in generation impacts subtitle readability.

Given the burgeoning demand in live subtitles and previous studies on
the readability of live subtitles, in this section we pose the following re-
search questions: 1) Can automatic simultaneous translation be a viable
method for producing live interlingual subtitles? 2) What are the chal-
lenges of the generation mode of SimulST systems for the readability of

the subtitles? Our contributions can be summarised as follows:
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e We explore the performance of a direct SimulST system on three lan-
guage pairs (En—It, De, Fr) in terms of translation quality, and its

ability to generate readable subtitles in terms of subtitling constraints.

e We investigate two methods for displaying live subtitles, i.e. i) word-
for-word and ii) blocks, and how the display mode affects their read-
ability (reading speed and delay).

e We propose scrolling lines, a mixed display method which takes ad-
vantage of the ability of our system to define proper line breaks and
show that it leads to a more comfortable reading speed at an accept-
able delay. Lastly, we discuss challenges and recommendations for

applying simultaneous translation for live subtitling.

5.4.1 SimulST for live subtitling

Simultaneous ST models The SimulST systems we used are based on di-
rect ST models (Bérard et al., 2016; Weiss et al., 2017). These systems
have been shown to have lower latency (Ren et al.|, 2020) — an important
factor in simultaneous systems — compared to cascade systems, which per-
form two generation steps. Moreover, in Section [5.2] we suggested that
direct ST systems, having access to the audio source, make better subtitle
segmentation decisions by taking advantage of the pauses in the audio.

To adapt SimulST systems for the task of live interlingual subtitling,
we force the system to learn from human subtitle segmentation decisions
in the training data of MuST-Cinema. These break symbols, if positioned
properly, are the key element which allows us to experiment with different
display modes for live subtitles.

Our direct SimulST models combine the efficiency of the wait-k strategy
(Ma et al., 2019)), and our findings in Section for obtaining readable

subtitles with direct ST systems. This decision policy was also chosen
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step Word-for-word Blocks Scrolling lines
In In
alcuni In alcuni
casi In alcuni casi
e In alcuni casi &
perché In alcuni casi € perché
non In alcuni casi ¢ perché non
sono In alcuni casi € perché non sono
adatti In alcuni casi ¢ perché non sono adatti
<eob> In alcuni casi € perché non sono adatti In alcuni casi ¢ perché non sono adatti  In alcuni casi € perché non sono adatti
o In alcuni casi ¢ perché non sono adatti o In alcuni casi ¢ perché non sono adatti In alcuni casi ¢ perché non sono adatti
non In alcuni casi ¢ perché non sono adatti o non In alcuni casi ¢ perché non sono adatti  In alcuni casi ¢ perché non sono adatti
hanno In alcuni casi & perché non sono adatti o non hanno In alcuni casi € perché non sono adatti  In alcuni casi ¢ perché non sono adatti
etica, In alcuni casi € perché non sono adatti o non hanno etica, In alcuni casi ¢ perché non sono adatti  In alcuni casi & perché non sono adatti

In alcuni casi ¢ perché non sono adatti
<eob> In alcuni casi ¢ perché non sono adatti o non hanno etica, o non hanno etica, o non hanno etica,

In alcuni casi ¢ perché non sono adatti
ma In alcuni casi & perché non sono adatti o non hanno etica, ma o non hanno etica, o non hanno etica,

In alcuni casi ¢ perché non sono adatti
spesso, In alcuni casi ¢ perché non sono adatti o non hanno etica, ma spesso o non hanno etica, o non hanno etica,

In alcuni casi € perché non sono adatti
ci In alcuni casi € perché non sono adatti o non hanno etica, ma spesso ci o non hanno ectica, o non hanno etica,

In alcuni casi € perché non sono adatti
hanno In alcuni casi & perché non sono adatti o non hanno etica, ma spesso ci hanno o non hanno etica, o non hanno etica,

In alcuni casi ¢ perché non sono adatti
condotto condotto o non hanno etica, o non hanno etica,

o non hanno etica,
<eol> condotto o non hanno etica, ma spesso, c¢i hanno condotto

o non hanno etica,
a condotto a o non hanno etica, ma spesso, ci hanno condotto

o non hanno etica,
obiettivi condotto a obiettivi o non hanno etica, ma spesso, ci hanno condotto

o non hanno etica,
sbagliati. |condotto a obiettivi sbagliati. o non hanno etica, ma spesso, c¢i hanno condotto

ma spesso, ci hanno condotto ma spesso, ci hanno condotto

<eob> condotto a obiettivi sbagliati. a obiettivi sbagliati. a obiettivi sbagliati.

Figure 5.3: Example sentence displayed in the three different modes. Words on the left

column correspond to the time steps.

because it allows us to control the latency of our systems. In this way, we
can study the effect of latency both on the conformity of the subtitles and
on the subtitle display modes.

Display modes We experiment with the following three display modes:
1) word-for-word, 2) blocks, and 3) scrolling lines. Figure shows an
example of a subtitle displayed in the different modes.

Word-for-word: In the word-for-word display, words appear sequen-
tially on the screen as soon as they are generated by the system. One line
at the bottom of the screen is filled from left to right until no more space
is available on the right. Then, the line disappears and a new line is filled
again. As already mentioned, this display mode is used in most simultane-

ous applications and follows the generation process of the SimulST system.
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Naturally, the length of the subtitle depends on the size of the screen. In
our case, we selected a maximum of 84 characters, which matches the max.
length of a full subtitle block of the block method (see below) and approx-
imates the length observed in the STACL demo/[M]

Blocks: In this mode, the subtitles are displayed only when a full sub-
title block is completed. This means that the system continues generating
words which are only displayed when the block delimiter <eob> is gener-
ated. The subtitle block remains on screen until the next <eob> symbol
is generated. In this way, the first subtitle is substituted by the next one
and so on. Display in blocks is used primarily in offline subtitling, where

subtitles are prepared beforehand.

Scrolling lines: Instead of waiting for the full block, we propose a
mode in which each line is displayed as soon as a break is predicted (either
<eob> or <eol>). Whenever a new break is predicted, the previous line
moves to the upper row of the block and the new line occupies the lower
row. Since the allowed number of lines in a block is two, each line moves
from the lower to the upper row before disappearing. This mode combines
the benefits of the two previous methods. It reduces the dynamicity of
the text compared to the word-for-word display, it makes content available
earlier than the block display, it allows for access to extended context and it
reduces long-distance eye movements since the previous line appears above.
This mode is similar to the most popular mode employed for broadcasting,

with the difference that there is no word-for-word display inside the lines.

The last two display modes are possible because of the ability of our
SimulST system to predict subtitle breaks, which was not considered before
in SimulST.

Uhttps://simultrans-demo.github.io/
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5.4.2 Evaluation of display modes

Our evaluation of the generated subtitles follows the Ofcom recommenda-
tions (Ofcoml, 2015) and focuses on three key dimensions: quality, reading
speed and delay between utterance and subtitle. For the display modes
the quality is fixed, since they are applied to the same output. We thus
focus on the speed and delay. In general, the reading speed is computed
in characters per second (CPS), as the number of characters over the total
time of display. A low but also constant reading speed is pivotal for user
experience, considering that it represents how fast or slow a user has to
read. Since each of the display methods described in Section has a
different granularity, the computation of the reading speed has to take into
account these visualisation differences. The computations of reading speed

and delay are described in detail for each visualisation mode below[?]

Reading Speed. In the Word-for-word mode (see Figure a word
appears on screen as soon as it is generated and remains on screen until
the block changes, i.e. when the 84-character limit is reached. Thus, the
amount of time available for a user to read this word and all the following
words of the block — hereinafter display time — is the interval elapsed from
the generation of the word to the generation of the first word of the suc-
cessive block. Consequently, the reading speed can be computed at each
generation step as the length (in characters) of the generated word and of
the successive words of the block divided by the display time. After com-
puting the reading speed for each word of a block, the block-level reading
speed is obtained by taking the maximum value since this represents the
speed required for a user to avoid losing any part of the text.

Formally, each block corresponds to a group of words of maximum 84

characters or to the last group of words before the end of sentence symbol

12The code is available at: https://github.com/sarapapi/reading_speed
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(<eos>) is emitted, i.e. the end of the audio segment. Thus, a block is
composed of a set of W words wy, ..., wy emitted at times ty,...,ty (in
seconds). At time ty 41, the successive block starts or <eos> is emitted.
With this notation, we can compute the reading speed as the ratio of
the number of characters of the generated text and the time elapsed until

its generation, as follows:

len(text;
rs= mayx lotert) (52)
i=1,...W elapsed,;
where: )
DELAY K, w; = <eos>
elapsed; = § t; 1 —t;, 1=W (5.3)

\ti—&—l — t; + elapsed; 1, otherwise

(wi 1=W
text; = < (5.4)
Lwi + SPACE + text; 1 otherwise

and SPACE represents a blank space added between the two texts. Prac-
tically, the time elapsed for each word is the time interval between its
emission and the emission of the next word. The total time elapsed is the
sum of the single time intervals. If the block is the last block of the audio
segment, we do not know the emission time of the next word. For this

reason, we use a fictitious delay:
DELAY K = 0.280s - k

where k corresponds to the k of the wait-k policy. This amount of time is a
lower bound for the generation time of the first token of the next segment.
As the wait-k policy reads for k steps (each of them lasting 280ms) and
then generates the first word, the actual elapsed time will always be higher

since it includes the time required for generating the word. Thus, DELAY K
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represents a conservative estimation of the time available to read the last
word.

In the Blocks mode, a block stays on screen until the next block is
filled. The reading speed is computed at block level, dividing its length by
the time elapsed between the display time of the current block and that
of the successive one. In an audio segment with B blocks, each block b is
composed by W;, words wy, .., wy,, where wyy, is the <eob>. Each word w;

is emitted at time ¢;, thus each block b is emitted at time ty,, hereinafter
tp. Using this notation, Equations [5.3 and [5.4] become:

DELAYK, b= B
elapsed, = (5.5)
tyr1 — tp, otherwise

)
W1 BLANK, w; = <eol>
=1
Z & + SPACE, otherwise

where BLANK corresponds to the empty string and, as before, DELAY K con-
servatively accounts for the last unknown block time. text, is the sum
of the characters of the individual words w;. The symbols <eol> and
<eob> (the Wj-th word) are not counted as characters in the reading
speed computation since they are only used for formatting the subtitles
and are not read by the user. Consequently, the reading speed of a block
. len(texty)

o= elapsed,, (5:7)

Our proposed display mode, Scrolling Lines, also exploits the subtitle
structure considering both <eob> and <eol> as a unique <eol> delim-
iter. Since each line scrolls up when another is generated and two lines
stay together on the screen, each line is displayed until the next two lines

are generated. As a consequence, the reading speed is computed at line
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level, dividing the length of a line by the time needed to generate the two
successive lines.

If we denote L as the number of lines present in an audio segment, then
each line [ is composed by W; words wy, .., wy, emitted at times 4, ..., ty,,
where wyy, is the <eol> and ty, = ¢; is its emission time. In this case, the
reading speed is calculated at line-level instead of block-level, considering

that each line is displayed until the next two lines (since a block can be

composed by two lines) are produced. Thus, Equations|5.5| [5.6| and [5.7] are

modified as follows:

_ len(text))
e elapsed; (58)

DELAY K, =1L
elapsed; = (5.9)

(tiro — tiy1) + (tip1 — 1), otherwise

W;—1 .
w;, 1=W;—1
text; = g : (5.10)

i—1 | w; + SPACE, otherwise

where, in this case, DELAY K conservatively accounts for the last unknown

line time.

Delay. The delay is estimated as the time between speech and subti-
tling. While in intralingual subtitling the correspondence between audio
and subtitle is easier to establish, the interlingual setting poses the chal-
lenge of finding the correspondences between source audio and target text.
Since a word-aligner would capture semantic correspondences, we opt for a
temporal-based correspondence, based on system lagging. Therefore delay
is calculated as:

delay = Z(t,dz’splayw — t_received,, — DELAY K) (5.11)
i=1
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where t_display, is the time the word was displayed on screen and
t_recetved,, the utterance time corresponding to the displayed token, mi-
nus the k-wait delay. For word-for-word, the time of display corresponds
to the system elapsed time, therefore the delay equals the system lagging.
For block and scrolling lines, the display time is the time elapsed for the

generation of the break (<eob> for blocks or any break for scrolling lines).

5.4.3 Experimental setting

Data For our experiments we use MuST-Cinema (Karakanta et al., 2020b)).
This corpus is ideal for exploring display modes other than word-for-word
because it contains subtitle breaks as special symbols. We conduct ex-
periments on three language pairs, English—Italian,German,French. The
text data were tokenised using SentencePiece (Kudo and Richardson, 2018))
with the unigram setting (Kudo, 2018)), trained on the training data with
a 10k-token vocabulary size. The source audio was pre-processed with
SpecAugment (Park et al.,2019), then the speech features (80 log Mel-filter
banks) were extracted and Cepstral Mean and Variance Normalization was
applied at global level. The configuration parameters are the default ones
set by (Ma et al., [2020)).

Training settings Our SimulST systems are Transformer-based models
(Vaswani et al., 2017), composed of 12 encoder layers, 6 decoder layers,
256 features for the attention layers and 2,048 hidden units in the feed-
forward layers. All models are based on a custom version of (Wang et al.,
2021)), having two initial 1D convolutional layers with gelu activation func-
tions (Hendrycks and Gimpel, 2020), but adapted to the simultaneous
scenario as per (Ma et al., 2020). Moreover, the encoder self-attentions
are biased using a logarithmic distance penalty (Di Gangi et al., 2019b),

leveraging the local context. Training was performed with cross entropy
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loss, Adam optimizer (Kingma and Ba, 2015) with a learning rate of le-4
with an inverse square-root scheduler and 4,000 warm-up updates. We
set mini-batches of 5,000 max tokens and update the gradients every 16
mini-batches. The best checkpoint was selected based on the lowest cross
entropy value on the MuST-Cinema dev set. READ/WRITE actions of
the wait-k policy are decided by means of a pre-decision module at BPE
(token) level (Ma et al., 2020)). The adopted pre-decision module is fixed,
which triggers the decision process at every pre-defined number of frames.
Since a frame covers 10ms of the audio, an encoder state covers 40ms due
to a 4x subsampling by the initial convolutional layers. Since the average
length of a word in MuST-Cinema is 270ms, we consider 7 encoder states
for a READ/WRITE action, which is the default parameter used by (Ma
et al., [2020)), leading to a window size of 280ms. To explore the quality vs
latency compromise and to study the effect of the system latency on the
delay of the subtitles, we experimented with two values of k, resulting in
wait-3 and wait-5 models. For comparison, we also trained one offline ST

system per language.

Evaluation The evaluation focuses on two different aspects: 1) system
performance and 2) display modes. For performance, quality is evaluated
with BLEU,using SacreBLEU ([Post, 2018). The latency of the system
is evaluated with Average Lagging (AL) (Ma et al., 2019)) adapted to the
ST scenario by (Ma et all 2020). To test the ability of the systems to
generate length-compliant subtitles, we report CPL. The display modes are
evaluated in terms of reading speed and delay, as described in Section [5.4.2]

5.4.4 Results

Quality, Latency and Conformity ~As far as quality is concerned (Tablel5.5)),

the wait-3 strategy achieves low BLEU scores but there is significant im-
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en-it en-de en-fr
Model

BLEU | AL |[CPL| S | BLEU | AL |CPL | S | BLEU | AL |CPL | S

offline | 17.57 - 95% | 81 | 13.97 - 96% | 76 | 16.70 - 97% | 80
wait-3 | 10.90 | 1755 | 93% | 77 | 6.60 | 1422 | 96% | 76 | 12.49 | 1570 | 94% | 78
wait-5b | 13.52 | 1936 | 92% | 80 | 9.75 | 2050 | 94% | 72| 16.40 | 2035 | 95% | 79

Table 5.5: BLEU, Average Lagging (AL) in ms, conformity to the length constraint (CPL)

and segmentation (Sigma) on three language pairs of MuST-Cinema.

provement for wait-5, even reaching the performance of the offline system
for French. These scores are in line with those reported in SimulST set-
tings, while in our setting the difficulty is exacerbated by the requirement
to correctly place the subtitling breaks. In fact, the offline system, de-
spite not being optimised with the best settings and hyper-parameters
specifically for the offline mode, still performs comparatively to our offline
systems in Section for quality (21.03 BLEU for French and 14.25 for
German) and segmentation accuracy (83 for French and 79 for German),
while their length conformity is higher by ~2%. Segmentation is higher
for the offline models, while for the simultaneous there is no clear winner.
As for latency (AL), we observe an increase between 0.2-0.6 seconds from
wait-3 to wait-5, which lags behind by 2 seconds. Still, these spans are
lower than the average Ear-to-Voice Span (EVS) threshold reported for in-
tralingual respeaking (2.1 seconds) and way below the EVS for interlingual
respeaking (4.1 secs) (Chmiel et al., 2017). This shows that, despite the
poor quality, SimulST could have the potential of reducing the delay in
interlingual live subtitling. In terms of conformity, our systems properly
insert the break symbols, despite receiving partial input, since more than
90% of the generated subtitles conform to the length constraint. This abil-
ity of our SimulST systems is indispensable for taking advantage of the
predicted subtitle structure to experiment with display modes in blocks

and lines.
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Display mode and reading speed When comparing the reading speed (rs)
of the three modes (Table[5.6)), the word-for-word and block mode have the
highest rs for the wait-5 and wait-3 strategy respectively. The standard
deviation is much higher for the word-for-word mode, which indicates a
large variation in rs. This could be attributed to the generation rate of
SimulST systems. Because of the k-wait policy, these systems wait at the
start of the utterance but, when the end of the input is reached, they
perform greedy search and emit all remaining words at once. This rate
leads to a jerky display, where some words remain on screen for a long
time and others flush before the viewer manages to read them. However,
the block mode has the lowest percentage of subtitles achieving a reading
speed of max 21 CPS. The problem of this mode is that each block remains
on screen until the next <eob> is generated, which corresponds to the
duration of the following block. For example, if a block of two lines with
40 characters each is followed by a block of one line of 25 characters, the first
block has a short time to be displayed, resulting in a high rs, and vice versa.
One future direction would be to adjust the time of each block to better
accommodate its reading speed, but, in initial experiments we found that
this approach led to excessively high delay. Scrolling lines, our proposed
method, achieves by far the lowest mean rs, with all models scoring below
the 21 CPS threshold. The same tendency is shown for the percentage of
conforming subtitles, where conformity to reading speed reaches ~80%. It
is worth noting that rs increases from wait-3 to wait-5 for the block and
line modes in en—de, contrary to the other languages. This correlates with
the lower length conformity (94% for wait-3 to 91% for wait-5) and shows
the importance of correctly predicting the break positions for the success

of the display methods relying on these breaks.

As for delay, the word-for-word mode has the lowest delay, which cor-

responds to the system lagging. The block mode has the highest delay,
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while our proposed method reduces the delay by 0.6 seconds on average
compared to the block display, remaining close to a 4-second EVS. Our
results are validated by the inversely proportional relationship between rs
and delay. Scrolling lines seems to achieve a fair compromise between a
comfortable reading speed and an acceptable delay, while combining the
benefits of the presence of the word on the right, less dynamic text and the

preservation of the block structure which is familiar to most viewers.

display wait-3 wait-5

mode IS < 21 CPS | delay IS <21 CPS | delay
® | word 53.5 £ 9.9 61% 1755 | 40.1 £ 8.0 70% 1936
§ | block |53.4+9.1 38% 4690 | 36.5 £ 7.0 62% 5004

line 17.6 £ 5.2 79% 4092 | 144 £ 4.1 85% 4461

display wait-3 wait-5

mode IS < 21 CPS | delay IS <21 CPS | delay
3 | word 29.1 + 7.2 70% 1422 | 58.4 + 10.5 63% 2050
| block |333+62| 37% | 4772 | 526 +92 | 56% | 4503

line 12.4 + 3.7 85% 4090 | 199 £ 5.4 78% 3894

display wait-3 wait-5

mode rs < 21 CPS | delay rs < 21 CPS | delay
& | word 39.7+£ 79 55% 1570 | 53.4 £ 9.0 57% 2035
S| block |438 +£76 37% 4872 | 46.1 + 8.0 56% 5273

line 15.4 + 4.2 78% 4217 | 184 + 4.8 78% 4708

Table 5.6: Reading speed (rs) mean and standard deviation in characters per second
(CPS), percentage of subtitles with a 7s of max. 21 CPS and display delay (in ms) on

three language pairs of MuST-Cinema.

To sum up, in this section we adapted SimulST systems for the task
of live subtitling, by forcing the systems to generate subtitle breaks. We
showed that SimulST systems are able to generate properly-formed sub-
titles. Given this finding, we moved on to explore display strategies al-
ternative to the word-for-word display, the established display mode in
SimulST. Word-for-word display is sub-optimal for readability and com-

169



5.4. LIVE SUBTITLING

prehension (Romero-Fresco, 2010). For automatically generated live sub-
titles, we found that it leads to an extremely variable reading speed, with
some words lagging on the screen while the words towards the end of the
utterance flushing through the screen. On the other hand, the display in
blocks, which is the traditional mode for displaying offline subtitles, leads
to a large delay and improves the reading speed only for SimulST systems
with a higher latency. Our proposed display method, scrolling lines, is
the only one achieving a comfortable mean reading speed below 21 CPS,
with around 80% of the subtitles having acceptable reading speed, while
the delay remains around the 4-second threshold. Our findings are only
suggestive and are based on the existing literature on subtitle reading.
They should be complemented with actual user studies, possibly using be-
havioural techniques, to determine which display mode leads to a more
pleasant user experience. Unfortunately, the low translation quality of
current systems will very likely hamper the possibility of observing a real

effect of the display mode.

As for the feasibility of SimulST for live subtitling, there is still a long
way to go in several directions. From a technical point of view, the prin-
cipal issue is still the poor translation quality, which could benefit from
advancements in tailored architectures. Improvements in the evaluation of
reading speed and delay are also required, with metrics correlating with
viewers’ reading patterns. Lastly, scholarly work is needed around user
perception studies in automatic subtitling and live interlingual subtitling.
Technology is moving faster than research and user studies are key to en-
sure our implementational efforts are moving in the right direction. We
hope the work presented in this section will set the ball rolling for further

research in automatising live interlingual subtitling.
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5.5 Conclusions

In this chapter we have presented direct ST models for three different sub-
titling scenarios. For offline subtitling (Section [5.2), our results showed
that ST could be used as an alternative to template creation, compromis-
ing translation quality by ~6 BLEU points in exchange for independence
from a human-created template. Between cascade and direct subtitling
approaches, there seems to be no clear winner since translation quality is
on par for both ST systems. Direct systems generate subtitles with higher
length conformity but the quality of segmentation seems to depend on the
target language. Still, direct systems seem to have an edge on selecting
the correct type of subtitle break, possibly because of access to the source
audio. In Section [5.3] we explored the feasibility of jointly generating cap-
tions and subtitles for the same audio input. We tested the models in terms
of quality, conformity and consistency. We found that models linking the
caption and subtitle generation process, either by receiving the captions or
the decoder states of the captioning decoder, have higher translation per-
formance and enhanced consistency compared to independent models. On
the contrary, direct models, including the ones using multi-tasking tech-
niques, have the highest captioning performance and conformity but to
the expense of subtitling quality and consistency. Lastly, in Section [5.4],
we experimented with simultaneous ST for producing live subtitles. We
showed that simultaneous models produce readable subtitles in terms of
length and segmentation, with a considerably lower delay compared to
human respeakers and interpreters. This allowed us to experiment with
display modes other than the default word-for-word display used in simul-
taneous translation applications. This display mode has been found to be
sub-optimal for comfortable reading and comprehension. When displaying

the generated subtitles in a scrolling lines fashion, we obtained a lower
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and more uniform reading speed, with a reasonable increase in delay. De-
spite these encouraging results, the low translation quality is the major
impediment to applying direct simultaneous ST systems for obtaining live
subtitles and for evaluating the display modes through user studies. The

focus of the next chapter is the evaluation of subtitling-specific aspects.
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Chapter 6

Evaluation of Subtitle-specific

Aspects

Progress in a field can be guaranteed only when this progress can be mea-
sured in reliable and robust ways. The third, but not less crucial, com-
ponent of addressing subtitling from a computational perspective is eval-
uation. We have argued that quality in subtitling depends on multiple
variables, both related to the multimodal nature of the source and the for-
mal aspects of the target. For this reason, MT evaluation paradigms may
be inadequate for capturing all aspects of quality in subtitling. In this
chapter, we address the need for metrics and methodologies to evaluate
subtitling-specific aspects. In Section we present a short review of pre-
vious experimental designs in evaluating MT for subtitling and outline the
additional challenges for evaluation under the new paradigm of automatic
subtitling. Section is dedicated to the evaluation of subtitle segmen-
tation. We present Sigma, a subtitle segmentation score derived from
an upper bound of BLEU, which allows for evaluating the segmentation
for end-to-end subtitling systems. We then move to an analysis of auto-
spotting and its effect on the subtitle post-editing process (Section [6.3)).
To this aim, we collect high-quality post-edits from professional subtitlers

and release a corpus containing product-, process- and participant-based
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subtitling data. Finally, in Section [6.4] we conduct a survey of subtitlers’
perspectives when post-editing automatically-generated subtitles. Based
on the collected feedback, we draft a series of recommendations for im-

proving automatic subtitling tools in the future.

6.1 Is BLEU all you need?

In the previous chapter, we showed the feasibility of producing quality sub-
titles for a variety of subtitling scenarios with direct ST models, which do
not rely on a human template. In addition, several tools are being deployed
featuring fully automatic generation of subtitles, either for gisting purposes
(e.g. Youtube automatic captioning) or for supporting subtitlers and con-
tent creators (e.g. Matesub, OOONA[D. This transition from partial to
extended automation in subtitling leads to the question: Are experimental
designs and evaluation metrics developed for the MT paradigm adequate
for evaluating and investigating automatic subtitling as an extrinsic task?

To answer this question, we reviewed the experimental designs from
previous work in MT for subtitling (see Section [3.4). Experimental de-
signs for the evaluation of MT for subtitling have focused on translation
quality and productivity gains. Quality has been evaluated automatically
using string-matching metrics against reference translations, with BLEU
(Papineni et al., 2002) being the most prominent. Several studies used mul-
tiple metrics and reference translations (when available) (Volk et al., 2010;
Etchegoyhen et al., 2014; Matusov et all 2019; Koponen et al., 2020c),
recognising that string-based metrics are not sufficient for representing the
functional equivalence required by creative and multimodal texts such as
subtitles. However, no metrics have been proposed for evaluating subtitle-

specific aspects such as spotting and the placement of line breaks in interlin-

Thttps://ooona.net/
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gual subtitling. Productivity gains have been assessed through post-editing
(PE), following the paradigm of PE-based evaluation in MT research. PE-
based evaluations of translated subtitles (Popowich et al., 2000} |de Sousa
et al., 2011; |Aziz et al. 2012) have been performed in a text-oriented
fashion, often outside the interfaces used by subtitlers, without access to
the video, ignoring the effort of correcting the timestamps or segmentation.
These choices suggest that previous designs have considered a narrow range
of subtitling scenarios (template translation) and have mainly ignored the
dimensions of time and form, which impact on both the viewers’ perception
of quality and the subtitlers’ effort to edit the output to its final accept-
able format (Szarkowska et al., [2020). Moreover, user feedback, despite
being indicative of the usefulness of a technology, has been collected in few
studies and only in unstructured ways. From these elements, we concluded
that current evaluation metrics and methodologies capture only partially

the aspects of quality and effort related to the complex nature of subtitling.

The rising paradigm of automatic subtitling poses extra challenges for
experimental designs and evaluation. The first one is the variable num-
ber of segments. MT quality metrics are computed based on a one-to-
one correspondence between reference-output sentences. Moreover, in MT
Post-Editing (MTPE), rarely do translators merge or split sentences. For
subtitling, however, adding, deleting, splitting and merging subtitles is the
norm, since target subtitles may be segmented in different, but equally
plausible ways. This leads to a variable number of segments both in rela-
tion to the source and the reference. As a result, the subtitles cannot be
evaluated directly with automatic metrics without any previous alignment.
Second, autospotting and segmentation come into play. Even though they
are important quality parameters (Section and contribute to the
temporal, technical and cognitive effort, evaluating their quality and ef-

fort required to bring them to optimal quality is still an open question.
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Lastly, disentangling the variables contributing to quality and effort is te-
dious. The technical requirements determine the degree of text condensa-
tion required and thus have a direct impact on the translation. Vice versa,
changes in the wording may require adjustments of the automatically pre-
dicted timestamps or line breaks. As a result, assessing quality becomes a
problem composed of multiple variables, some of which may be weighted
more than others. For example, is a perfect translation with implausible
line breaks and a fast reading speed better than an erroneous translation
with proper breaks and comfortable reading speed?” Determining proper
weights for each of these variables requires insights from MT evaluation
and experimental studies in AVT perception and production. For PE, es-
timating how translation, spotting and segmentation edits contribute to
the effort is equally intricate. Time is a sensitive measure difficult to inter-
pret, since it is affected by many factors. The total time spent post-editing
a subtitle contains both the time to change the wording and the time of
adjusting auto-spotting, among other cognitive processes. Understanding

the impact of each element on the PE process is therefore cumbersome.

From the above it becomes clear that evaluation of automatic subtitling
systems is still at an embryonic but burgeoning phase. To promote auto-
matic subtitling, evaluation should move beyond BLEU and comprise all
dimensions of subtitling. Other steps towards reproducible and reliable ex-
perimental research in automatic subtitling include improved, task-tailored
interfaces for PE, more detailed reporting standardﬂ and high-quality,
public test data and benchmarks. In the following sections, we address
several of the challenges in evaluating automatic subtitling, by proposing
a new metric for segmentation, exploring the effect of auto-spotting on the

PE process and conducting a comprehensive survey of subtitlers’ experi-

2Tn an attempt to promote better reporting in research in automatic subtitling, we publish a repro-
ducibility checklist, which can be found in Appendix I]_?}
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ence when post-editing automatic subtitles.

6.2 Evaluating subtitle segmentation

In this section, we study ways to evaluate the quality of the output segmen-
tations delivered by end-to-end subtitling systems. Automatising the gen-
eration of subtitles has been a long-standing issue, and is nowadays more
and more often performed with neural models trained end-to-end (Lakew
et al., 2019; Liu et al., 2020a)). Contrary to cascaded systems, which typi-
cally contain an independent segmentation module that can be evaluated
as a standalone component by simply measuring its ability to reproduce
a reference segmentation of a reference text (perfect text), end-to-end sys-
tems directly output a segmented text, which may not correspond to the
reference subtitles (imperfect text). Separating text from segmentation
errors thus becomes an issue. The textual changes do not allow for com-
puting standard segmentation metrics (e.g. precision, recall, F1 (Alvarez
et al., 2016), WindowDiff (Pevzner and Hearst, 2002), Boundary Similar-
ity (Fournier| 2013)) for judging the quality of segmentation| Figure
shows an example of a perfect text which can be evaluated with standard
metrics because the textual content is identical to the reference text, and
of an imperfect text, where computing them would be impeded by the
differences in the textual content compared to the reference. In Chapter [
we attempted to address this problem with metrics such as BLEU, and
TER,, which include segmentation tags in the computation of the overall
output quality. However, their ability to single out segmentation errors was
not empirically demonstrated. For this reason, in this section we perform

a systematic assessment of subtitle segmentation metrics, with the aim to

3A comprehensive analysis of the robustness/sensitivity of standard and subtitle segmentation metrics
for perfect texts can be found in (Karakanta et al., [2022c)
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Per: He said, <Keob>["lIt almost [<keob> doesn't matter \what you know.”

Ref: He said, <keob> ['lt almost [doesn'tf matter [<eol> what you know.”

Imp: He told me, <eob> "What you know <eol> is not important.”

Perfect: Precision="2 Recall=2 Imperfect: Precision? Recall?

Figure 6.1: Reference-based evaluation for perfect/imperfect texts

better understand their behaviour in relation to textual errors.

Our contributions can be summarised as follows:

e An exploration of the relationship between BLEU,, and BLEU,,; and
the usefulness of BLEU,, for evaluating segmentation for perfect and

imperfect texts.

e A new score Sigma, derived from an estimation of an upper bound of

BLEU,,, which isolates the segmentation signal for imperfect texts.

e EvalSub: A tool for computing reference-based segmentation scores

for automatic subtitles ]

6.2.1 BLEU, vs. BLEU,,

In spite of its flaws, BLEU remains the go-to metric for MT research
and studies on automatic subtitling. BLEU without (BLEU,;) and with
(BLEU,,) boundaries have sometimes been reported together in studies of
automatic subtitling (e.g. in our offline subtitling experiment in Section
and in (Buet and Yvon, 2021)), the motivation being that BLEU,,; should
evaluate the content, and BLEU, the segmentation. Yet, the relationship

between these two scores suggests that this interpretation may be oversim-

plistic, motivating deeper analyses.

4The toolkit and code to replicate the experiments is available at https://github.com/fyvo/
EvalSubtitle.
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REF the car has just left Paris <eol> for its destination London <eob> where it will
arrive next Sunday <eol> if all goes well . <eob>

HYP the car has just left Paris <eol> for his destination : London <eob> where
he arrive <eol> next Sunday , if <eol> all goes well . <eob>

Figure 6.2: Comparing n-grams counted by BLEU,,. and/or BLEU,,,.

Because of considering break symbols, BLEU,, is in general computed
on longer sequences than BLEU,;, which means more n-grams to match.
Since predicting the right number and type of subtitle break is generally
easier than predicting the actual words, BLEU;, usually has a higher un-
igram precision. For example, for the imperfect text on Figure [6.1 uni-
gram precision for BLEU,; is 61% (8/13), while for BLEU,, 66% (10/15).
The higher-order precision scores are in turn also impacted. This sug-
gests that the absolute or relative difference between the two scores cannot
be a proper signal of segmentation quality alone: interpreting BLEU;, >
BLEU,,; as a sign of good segmentation may be correct, but the intensity of
this signal cannot be realistically assessed from these two measures alone.

Differences between BLEU,;, and BLEU,,;, result from matches obtained
for the n-grams containing a segmentation tag (henceforth n-tagrams).
An example is shown in Figure [6.2l The bigram ‘left Paris’ and tri-
gram ‘all goes well” are counted both by BLEU,;, and BLEU,; the bi-
gram ‘ London <eob>’ and the trigram ‘ Paris <eol> for’ are counted
by BLEU;, but not by BLEU,;; conversely the bigram ‘if all” and trigram
‘arrive next Sunday’ are counted by BLEU,,;, but not by BLEU,,.

A first possible way to disentangle the effects of the segmentation would
thus be to separately compute two scores: BLEU,; and BLEUemE where
BLEU,, only measures precision scores with respect to n-tagrams. Un-

igram precision only counts segmentation tags, bigram precision counts

5This approach is investigated by Elise Michon (thus em), personal communication with the authors.
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2-tagrams such as ‘w <tag>’ or ‘<tag> w’ etc. However, BLEU.,, re-
mains highly correlated with BLEU,,;,. This is because n-tagram matches
for BLEU,, directly depend on the precision of (n—1)-grams for BLEU .
For instance, ‘left Paris <eol>’ is correct only because ‘left Paris’ is also
a match. This implies that the n-gram scores define an upper bound on
the possible n + 1-tagram matches. We therefore discard BLEU,,, and use
the upper bound of the n-gram scores for computing Sigma, our proposed

subtitle segmentation score.

6.2.2 Sigma: a new Subtitle Segmentation Score

In the previous section we set out the reasons why BLEU,. cannot dis-
entangle the effect of translation quality from the segmentation signal for
imperfect texts. To address this limitation, we propose Sigma, a new
subtitle segmentation score, which signals the segmentation accuracy, ir-
respective of the textual changes of the output compared to the reference.
We define Sigma (S) as the ratio of BLEU,, to its upper bound, denoted
BLEU,,":
BLEU,

§ = =P 100 6.1
BLEU, T (6.1)

Values close to 100 should signal a good segmentation, while values close
to 0 a bad segmentation, irrespective of the value of BLEU .

BLEU,, ", the upper bound of BLEU,,, can be understood as the best
BLEU,, we would obtain for a given imperfect text if all subtitle boundaries
were correctly placed. In other words, BLEU,, " is a proxy to the best
achievable BLEUy, score for a given BLEU,;. It can be computed from
BLEU,;, by approximating how much the n-gram precisions would increase
from the presence of correctly placed segmentation tags. More specifically,

we denote:

® D1, D2, D3, P4 Tespectively as the unigram, bigram, trigram and fourgram-
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modified precisions computed from BLEU ,;,

e « the ratio of the number of segmentation boundaries to the number of

word tokens [, and
e pl,...,p) the corresponding n-gram precisions for BLEUj,

Under the assumption that boundaries are correct, the expected number
of correct unigrams in a text of [ words augmented with boundaries is just

p1 X |+ a x [, yielding:
p1+«

- 6.2
P 1+ a ( )

For higher order n-grams, the exact computation is more involved, but a

simple upper bound is the following:

(1 —(n—1a) X pp+na X pp1
1+« '

P < (6.3)

This holds because we assume that: (a) each boundary is part of n n-
tagrams, within which it is surrounded by regular tokens{j and (b) the text
is sufficiently long so that we can make the approximation 14%1 ~ 1. When
Sigma is computed at corpus level, the second assumption should always

hold.

6.2.3 Experimental setting

To explore the behaviour of BLEU, for evaluating segmentation and the
added value of Sigma in case of imperfect texts, we perform changes to
the reference text and/or segmentation by controlling the degree of noise
inserted. This artificial setting allows us to control the quality of the text

and segmentation in a given output. We conduct three experiments:

6In theory there might be several breaks in one n-tagram, but this would imply very short lines and

rarely appears in our references.
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Ref | He said, <eob> “It almost doesn’t matter <eol> what you know.”

Ex1 | He said, <eob> “It almost doesn’t matter what you <eol> know.” | shift.2.50
Ex2 | He X, <eob>“It _ doesn’t matter <eol> what X you know.” mixed.20
Ex3 | He X, <eob>“It _ doesn’t matter what X you <eol> know.” mixed.20.50

Table 6.1: Examples of the noise inserted in each of the three experiments.

In Experiment 1, we focus on evaluating the segmentation for perfect
texts with BLEU,. To investigate the sensitivity /robustness of BLEUj, to
segmentation errors, we perform changes in the reference segmentation in
a controlled way. Specifically, we apply the following operations randomly
on the reference segmentation: 1) shift, where a boundary is shifted 1,
2 or 3 positions to its left/right, 2) addition, where a new boundary is
added to the segment, 3) deletion, where a boundary is deleted from the
segment, and 4) replacement, where a boundary is substituted with the
other boundary type, e.g. <eol> substituted with <eob>. For each
operation type, we gradually increase the percentage of boundaries affected
by the operation (20%, 40%, 60% 80% and 100%). For example, shift.1.20
corresponds to 20% of the reference boundaries shifted by one position,
while delete.80 means that 80% of the reference boundaries are deleted.
Additions are made with respect to the number of boundaries and not
to the number of possible insertion positions (spaces); that is, add.100
doubles the number of boundaries. Finally, BLEU, is computed between

the modified test set and the true reference.

In Experiment 2, we move to BLEU,, for evaluating segmentation
for imperfect texrts. We first explore the relation between BLEU,, and
BLEU,; for imperfect system outputs when the segmentation tags remain
untouched. To simulate these outputs, we insert noise in the reference
text, without affecting the type or position of boundaries. The noising

process consists of applying a mix of edit operations (insertions, deletions,
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substitutions, in equal shares) corresponding to a certain percentage of the
number of tokens (from 0 to 90, with a step of 10).

In Experiment 3, we move to the case when textual errors in imper-
fect texts are combined with segmentation errors. We apply segmentation
changes to the references generated in Experiment 2, where the text was
changed. We perform a mix of operations on the boundaries, following the
same procedure as for the words above. We then compare the behaviour
of Stgma compared to BLEU,, for different values of BLEU,,,.

Lastly, to overcome the fact that standard metrics cannot be computed
on imperfect texts, we apply a boundary projection method based on
reference-hypothesis alignment. The reference subtitles are aligned to the
hypothesis subtitles using the MWER, algorithm (Matusov et al., 2005a)
and the boundaries of the hypothesis are copied in the aligned reference.
Projecting the boundaries from the hypothesis to the reference allows us to
compute standard segmentation metrics between the aligned reference and
the true reference, as in Experiment 1. We apply the boundary projection
on the outputs of the four En—Fr offline subtitling systems (Sec. [p.2).

The subtitling data used in the experiments is the English side of the
English-French test set of MuST-Cinema (Karakanta et al., 2020b). BLEU
is computed with SacreBLEU[| (Post], 2018)).

6.2.4 Results

In Section 4.3| we extensively used BLEU,, for evaluating the segmentation
accuracy of segmenter models. Our first question here is whether BLEU,,
is a good metric for evaluating segmentation in the case of perfect texts, as
the ones output by our segmenters. The behaviour of BLEU,, to segmenta-
tion degradations (Experiment 1) is shown in Figure[6.3] BLEU,, globally

remains within the 45-100 range, since it considers textual content. When

"BLEU|#:1|c:mixed|e:no|tok:13al|s:exp|v:2.0.0

183



6.2. EVALUATING SUBTITLE SEGMENTATION

100
75
50
25
0
0000000000000 00000000000O0O00 OO O
N OO ANTOVWOONTYVWOONTORRONTOWOONT OO
—FrrrrTANNNNT OO M T T TOTTTOT U WUUU OO W T
ey Y
EEEE CEEEENEEEERTR 002288300003
cecccktccccktccccE © s aoaaooal
I R = I R I = I I I A TTTTOFFTETETa
7] % 5 gy
e

Figure 6.3: Behaviour of BLEU,, when gradually transforming the reference segmentation

with shift.1, shift.2, shift.3, add, delete, and replace operations applied on the boundaries.

looking at the first three series from the left of the graph, we observe that
BLEU,, is hardly sensitive to shift size; shifting 1, 2 or 3 positions yields al-
most the same scores. This shows that BLEU, penalises equally near and
complete misses, contrary to metrics such as WindowDiff or Segmentation
Similarity, which would penalise a shift of 1 position less that a shift of 3
positions. This property may be useful for other segmentation tasks (e.g.
sentence segmentation), but for subtitle segmentation a shift of 1 is likely
to break the semantic/syntactic unit, due to the frequent alternation be-
tween function/content words in the languages we explore. In this respect,
BLEU,, behaves similarly to F1, for which a missed position is a clear er-
ror, and justifies the high correlation between these two metrics observed
in Section 4.3, However, when comparing shifts to additions, deletions and
replacements (three series from the right), shifts are more penalised than
the other types of noise. Despite being a precision-based metric, BLEU,,

here is actually robust to error type, since it equally penalises deletions,
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additions, as well as replacements. It is worth considering that one wrongly
omitted boundary will affect the n-gram precision (for n > 1), although not
as much as one wrongly added boundary. Therefore, this balance between
deletion and addition penalisation is the effect of brevity penalty, which
decreases the score of segments with missing boundaries. Our findings in
this experiment show that, for perfect output text (BLEU,;,=100), BLEU,,
indeed ranks segmentation from good to bad. BLEU,, has the added ben-
efit of equally penalising over-segmentation and under-segmentation (due
to the balance between additions and deletions), as well as the prediction
of the wrong type of break (as shown by the replacements), which is the
main limitation of metrics not considering multiple boundaries (e.g. F1,
pK, WindowDiff).

® mixed. XX.0 - 0,933*x + 8,21 R?=0,998

100 -
°
75
o
'_cSI °
- 50 ®
w °
[
@ 25 °
°
°
0
20 40 60 80 100
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Figure 6.4: Linearity of BLEU,, wrt BLEU,,, for instances where only text was submitted
to noise (Experiment 2). Linear regression gives a coefficient of determination of 0.998,

and a standard error of 1.2.

The question we now turn to is the usefulness of BLEUy, for imperfect
texts. We would like to independently evaluate quality in content prediction
(with BLEU,;) and accuracy in segmentation prediction. Can BLEU,, as
used in previous work, or Sigma (equation [6.1]), play that role? Firstly, for
‘perfect’ segmentation but imperfect text (Experiment 2), Figure shows
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(a) BLEUy, (b) Sigma

Figure 6.5: Values of BLEU,, (a) and Sigma (b) after applying segmentation noise at
different values of BLEU,,;.

that the relationship between BLEU;, and BLEU,,, is linear. This indeed
confirms our hypothesis that the two metrics are so correlated that their
difference cannot be a strong signal of segmentation quality. It also shows
that BLEU;, cannot exceed an upper bound which is strongly related to
BLEU,,;, since in this setting the segmentation has not been affected by
noise. Given this dependency between BLEU,;. and BLEU,;, reporting
both scores is uninformative and the segmentation signal should be sought
in a different relationship.

Finally, we move to the scenario of imperfect text and imperfect seg-
mentation (Experiment 3). Adding noise to the textual content of the
references, we first obtain 10 BLEU,;, values from 100 down to 8.5, cor-
responding to mixed.0-mixed.90 in Figure [6.5, Then, for each BLEU,,
value obtained, we subject the text to 10 levels of segmentation noise, cor-
responding to mixed.X.0-mixed.X.90. Figure shows the behaviour
of BLEU, (blue bars) to the controlled noising process in relation to
the translation quality of BLEU,; (red line). We observe that BLEU,,
decreases as translation quality drops. This does not allow comparing
the segmentation accuracy of systems with a different translation quality,

e.g. a system scoring 40 BLEU,,;, (mixed.40) with that of a system with a
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BLEU,; of 30 (mixed.50), since BLEU,, will always be higher for the first
system. In addition, the more BLEU,,;, drops, the more often BLEU, ex-
ceeds BLEU,,;. For the same level of segmentation noise (e.g. mixed.X.50),
the difference BLEU,,—BLEU,,;, would be positive for mixed.40.50, while
0 for mixed.50.50. This empirically confirms our hypothesis that the mere

difference between the two cannot be a clear segmentation signal.

On the contrary, Stgma demonstrates a different behaviour, as shown
in Figure |6.5b| where we plot Sigma for various values of BLEU,;. Sigma
remains stable irrespective of the value of BLEU,,;, in a similar range, and
responds linearly to the amount of segmentation noise. Because of these
properties, Sigma allows for evaluating the segmentation between systems
of different translation quality. We observe a minor drift of the range of
values when BLEU,,;, decreases (from [74.3-100] for mixed.0 to [63.2-95.8]
for mixed.90). However, in a realistic scenario, BLEU,;, would typically be
constrained to an interval between 25 and 55 (corresponding to the 4 cen-
tral series on Figure [6.5D]). As a result, when comparing the segmentation
accuracy of two systems close in BLEU,; value, the impact of that drift
would be all the more limited. For example, for the same level of segmenta-
tion noise, the difference in Sigma between two systems 10 BLEU,,;, points
apart, (mixed.40.50 and mixed.50.50) is about 0.4 points. This shows that
Sigma is a good approximate value for capturing segmentation quality,

irrespective of the quality of the generated content.

Table shows the scores for the segmentation metrics previously used
in this thesis. Firstly, all metrics agree that the NMT system has the high-
est segmentation quality. When comparing the scores for the three Speech
Translation systems (Cas, e2ep,se and e2ey), Sigma agrees with most
metrics on a better segmentation for the cascade. It is worth noticing that
BLEU, computed between the system output and the original reference

(Column 7) does not agree with the rest of the metrics, confirming that it

187



6.2. EVALUATING SUBTITLE SEGMENTATION

After boundary projection No projection
System | Prec Rec F1 BLEU,. TERs. | BLEU. TERg. | S

NMT 711 735 723 83.18 6.87 32.16 19.38 | 89.2
Cas 639 .667 .653  76.14 8.91 26.34 23.23 | 83.1
e2epgse | 601 667 .632  75.00 9.29 22.53 24.48 | 81.8
e2ept .610 .702 .653  74.89 9.24 26.36 23.52 | 81.5

Table 6.2: Segmentation scores of Stgma and the examined metrics for the output of four
systems after projecting their boundaries to the reference. The two columns to the left
of Sigma are BLEU,, and TERy, scores between the output and the reference without

projection. Best score among the ST outputs is underlined.

cannot disentangle the effect of translation from segmentation. However,
BLEU,, computed between the aligned reference and the original reference
(Column 5) shows again that BLEU}, can be used as a segmentation metric
which considers both break types in the case of perfect texts. Sigma has
a good agreement with the standard segmentation metrics computed after

alignment but does not require the additional alignment step.

To sum up, our analysis using artificial noise in segmentation has shown
that for perfect texts, BLEU,, satisfies our criteria for a good subtitle
segmentation metric. However, when moving to imperfect texts, BLEUy,
correlates highly with regular BLEU, therefore the segmentation signal
cannot be extracted from a simple difference between BLEU,. and BLEU ;.
We thus introduce a new subtitle segmentation score Sigma, as the ratio of
BLEU,, to its approximated upper bound. Sigma does not suffer from the
confound of text quality as BLEU;, and TER,, do. Another benefit is that
Sigma does not require any alignment between reference and hypothesis
(e.g. as with SubER (Wilken et al. 2022)), which may introduce errors,
especially for low quality texts. We believe that the final response on
the most accurate method to evaluate subtitle segmentation can be given

only after obtaining correlations with human judgements. The analysis
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presented in this section has shed light into the critical aspects of evaluating
subtitle segmentation, in order to better design user studies to collect these
human judgements and to refine the approximation of the upper bound

BLEU,,." for computing Sigma in subtitling tasks.

6.3 Auto-spotting in the spotlight

With the increasing technologisation of subtitling to respond to the rising
demand for multilingual subtitles, subtitling tools are being tailored to
post-editing. These solutions include not only automatic transcription and
translation, but also automatic prediction of timestamps (auto-spotting).
However, previous research in PE for subtitling has mainly focused on
assessing quality and productivity when post-editing machine translated
subtitles for which the timestamps are already provided (Volk et al., 2010;
Etchegoyhen et al., [2014; Matusov et al., [2019). Therefore, the effect of
auto-spotting on the process of post-editing automatic subtitles (PEAS)
has remained unexplored. In this section, we explore auto-spotting through
a product- and process-based analysis of post-editing automatic subtitles
(PEAS). Our research questions are as follows: What is the relationship
between translation quality, auto-spotting accuracy and the time spent
editing a subtitle? What is the contribution of editing the auto-spotting
on the temporal and technical effort in PEAS?

6.3.1 Post-editing corpus

To study the questions mentioned above, we collected subtitling post-
editing data in a real use-case scenario where professional subtitlers edit au-
tomatically generated subtitles. The data collection was supported through
an EAMT grant under the programme “2021 Sponsorship of Activities -

Students’ edition”. Three professional subtitlers, two for English—Italian,

189



6.3. AUTO-SPOTTING IN THE SPOTLIGHT

one for English—German, with experience in subtitling and MTPE post-
edited the 9 TED talks from the MuST-Cinema test set. The PE task
was performed in MateSub, a novel subtitling tool for post-editing fully
automatic subtitles (see Section [2.2.4). The subtitlers were advanced users
of the tool. We prepared ad hoc guidelines where we highlighted all the
specific characteristics of the taskf| The post-editing task was split in 4
sessions of a total duration of 3 hours, each one containing 3 sub-tasks. The
average duration of each video for a sub-task is 4 minutes. In order to avoid
fatigue effects, the subtitlers took a break of at least 15 minutes between
each sub-task. Furthermore, to balance learning effects, the order of the
talks was reversed for the second Italian subtitler. Original and post-edited
subtitles and productivity data (time-to-edit) were collected in process logs
implemented in MateSub. Keystrokes were logged with InputLog (Leijten
and Van Waes|, 2013)). At the end of the task the subtitlers completed a
questionnaire to collect 1) data related to their experience with MT and
subtitling, 2) feedback on their user experience with automatic subtitling
using the User Experience Questionnaire of (Koponen et al.,2020a), and 3)
particular problems faced and general impressions on automatic subtitling.

The structure of the collected data is shown in Figure [6.6 For each
of the language pairs (en—it/de), we provide the presegmented .wav files
of the MuST-Cinema release. The srt directory contains the subtitle files
(.srt) per talk for the system output (sys) and each post-editor (pel, pe2).
The tzt directory contains aligned .txt files consisting of the source tran-
scription (src), the target translation (ref) and the .yaml files from MuST-
Cinema, the subtitling system output (sys) and the PE versions by each
subtitler (subl, sub2). The sentence alignment of the system subtitles and
the PE versions with the MuST-Cinema reference was performed manu-

ally to ensure maximum quality. The project logs (log directory) and the

8The complete guidelines given to subtitlers are available at: https://bit.1y/34XvHFi
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Figure 6.6: Structure of the collected data.

keystrokes are released as .csv files. For En—It, we collected 1,199 subti-
tles from subtitlerl and 1,208 subtitles from subtitler2, while for En—De
1,198 subtitles were obtained. The data will be publicly released along

with MuST-Cinema v.2 to promote research in automatic subtitling.

6.3.2 Experimental setting

Methodology In the first research question, we explore relationships be-
tween auto-spotting accuracy, translation quality and time spent on each

subtitle. Based on the process logs, we compute the correlation between:

e Auto-spotting accuracy (dSpot): Total difference between the
original timing of an automatic subtitle and the final timing of the

post-edited subtitle (in seconds), computed as:

dSpot = abs(startyig — start fina) + abs(endorigina — €ndfina) (6.4)

e Edit distance (ED): Changes in the translation of a subtitle are

191



6.3. AUTO-SPOTTING IN THE SPOTLIGHT

computed in terms of mean edit distance (Levenshtein) between the
original and the post-edited subtitle text. Even though HTER (Snover
et al|, 2006)) correlates better with human judgements at corpus level
(Fischer and L&aubli, 2020)), our analysis requires edit estimation at
subtitle level. HTER values are computed by dividing with the ref-
erence length, which in our subtitles can be very short or even zero

when an automatic subtitle is deleted. For this reason we select ED.

e Post-editing speed (PES): Speed in words per minute. Minutes
are obtained from the Time-To-Edit (TTE) variable, defined as the
cumulative time spent on each subtitle. TTE counts the total time
a subtitler remains “active” on a subtitle regardless of whether they

perform an operation (type, drag, play) or not.

un'impostazione organizzativa,
questgirichiede nuovi comportamenti.

Figure 6.7: Areas of interest for selecting the number of mouse clicks performed in each.

To compute the correlation we remove subtitles with a TTE>400,000

milliseconds (6.6 minutes). We noticed in the screen recordings that these
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cases are mostly subtitles at the beginning and end of the task, when
the Matesub window was left unintentionally open. Moreover, we had to
leave out new subtitles (subtitles inserted by the subtitlers) since they do
not have an original timing to compute dSpot. This process removed 176
subtitles for subtitlerl, 217 for subtitler2 and 289 for the German subtitler.

Since dSpot and ED are product-based metrics, we further conduct a
process-based analysis of the keystrokes of auto-spotting/text edits. The
subtitlers adjust the auto-spotting by clicking and dragging subtitle boxes
in the spotting area at the bottom of the Matesub screen. To isolate
the spotting edits from other operations, we select mouse clicks inside the
spotting area, based on x,y coordinates. We consider as text edits all
keyboard operations, and mouse clicks inside the subtitle area. Figure
shows the two areas. We then compare the total number of interaction

events and total event duration between the spotting and text groups.

6.3.3 Results

For our first research question, which aims at investigating the relationship
between translation quality, auto-spotting accuracy and temporal effort, we
plot the scatterplots for the selected variables (Figures [6.8)). Figure
shows the relationship between PES and edit distance. As expected, PES
decreases as the amount of translation editing increases. However, the
amount of text editing is not (inversely) proportional to the speed. For
“perfect” subtitles (ED=0) there is a large variability in PES, after which
there is an exponential drop in speed. This is in line with the findings
of Krings| (2001)) for MTPE, who found that the relationship between MT
output quality and the temporal and cognitive PE effort is non-linear. Even
more so, in PEAS, it is possible that PES is influenced by the multimodality
of the source. The source text does not lie on the screen in front of the

post-editor’s eyes as in MTPE, but is “disguised” in the video; the subtitler
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(c) Edit Distance and dSpot.

Figure 6.8: Scatterplots for the selected variables.

has to play the video for the duration of the utterance in order to access
the source. This adds up to the TTE, affecting in turn the speed. For
PES and dSpot (Figure , we observe a similar exponential drop. The
more the spotting changes compared to the predicted timestamps, the more
time is needed to edit the subtitle. However, the effect of auto-spotting
changes seems to flatten between 0.5 — 2 seconds. For text vs spotting
changes (Figure [6.8¢]), the relationship is more linear: the more the text
changes compared to the system output, the more the spotting changes too.

We expect that this is due to the change in length between the original
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and the PE subtitle text; when the text expands, the duration of the
subtitle needs to be increased accordingly to accommodate reading speed
constraints, and vice versa. We also observe a solid horizontal line for
ED when dSpot=0. This means that text edits can be performed without
adjusting the spotting, for example when the translation is edited but its

length remains equal.

Figure shows the Pearson correlation matrix for Levenshtein ED,
dSpot and PES. We observe a moderate negative correlation between PES-
ED (-0.45) and a weak negative correlation between PES-dSpot (-0.26). As
seen in the scatterplots, the weak correlation suggests that auto-spotting
inaccuracies are less related to increased temporal effort, while translation
quality seems to be a more decisive factor, at least for the product-based
analysis. dSpot is a product metric which may be useful for evaluating the
auto-spotting (in)accuracy but does not necessarily reflect the actual spot-
ting effort. A strong positive correlation is found between ED-dSpot (0.64),
confirming that changes in the translation will likely require adjustments

of spotting, and vice versa.

We then move to the second research question to explore the contri-
bution of spotting edits on the PE effort. We compare the technical and
temporal effort of post-editing the text vs. the auto-spotting in terms of
keystrokes for the three subtitlers (Table[6.3). Looking at the total number
of interactions between spotting and text, interactions are between 4 to 10
times more for text edits for all subtitlers. However, when looking at the
duration of interactions between spotting and text, the difference between
spotting and text decreases. For itl, 134 minutes were spent on spotting
edits and 199 on text edits, while the difference is minimal for it2 (5 minutes
more for text edits). On the contrary, the German subtitler spent twice the
time on text edits compared to spotting edits (177 vs 85 minutes). Despite

this variability among subtitlers and language pairs, spotting edits take
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Pearson Correlation Matrix

Levens

to.s

-0.0

dSpot

Levens dSpot PES

Figure 6.9: Correlation between HTER, TTE and dSpot.

up a significant time of the total PE process. Even though the number
of interactions is smaller, spotting edits take on average longer, since they
require holding the mouse clicks to adjust the timestamps. This effect of
spotting edits on time is not reflected in the correlation analysis of PES-
dSpot. Observing the PE process with the aid of the screen recordings,
we noticed that subtitlers often expand the subtitle box to fit the text
but then re-adjust the spotting closer to the initial start-end times after
they have made additional changes to the translation. This will not lead
to large changes in the final timestamps and thus to dSpot, but requires
more mouse clicks. Moreover, adjusting the timing by a few milliseconds
requires high precision and longer clicks, while larger, coarse adjustments
could be performed with one short click. dSpot, as a product metric, does
not capture the multiple attempts to adjust the timing in the way that

the process-based keystroke analysis does. Therefore, the relation between
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Subtitler | area Total interactions | Duration
Spotting | 10459 134.77
1 Text 44029 199.08
i
subtitle 15855 153.21
keyboard 28174 45.87
Spotting | 8516 116.93
- Text 54329 121.26
i
subtitle 7269 57.13
keyboard 47060 64.13
Spotting | 5391 85.01
d Text 55595 177.55
e
subtitle 11552 128.91
keyboard 44043 48.64

Table 6.3: Total number of interaction events and total event duration in minutes for text

and spotting edits. Text edits is the sum of subtitle and keyboard.

the system spotting accuracy and the actual effort in adjusting spotting

should be further investigated.

We acknowledge the limitations of this analysis considering that the
data has been collected from two post-editors in one language pair and
one post-editor in another. Considerable variation between different in-
dividuals’ process data has been observed in many studies. With such a
low number of participants, care must therefore be taken when drawing
conclusions from the results. Still, our analysis suggests that editing the
auto-spotting contributes to the technical and temporal effort in PEAS
and it is an important factor which should be considered both in evalua-
tion of automatic subtitling and in subtitling process research. In addition,
product-based analysis may be useful for system diagnostics, but the pic-
ture is incomplete without exploring the correlation of automatic metrics

also through a process-based analysis.
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6.4 User experience and subtitlers’ views

In the last part of this chapter, we focus on participant-based methods
for evaluating automatic subtitling. These methods are rarely employed in
MT research since they are time-consuming and harder to design and anal-
yse (Karakanta) 2022)). However, they are an important tool for obtaining
insights directly from experts and end users on aspects which cannot be
captured by product- and process-based studies. Even though translators
are fundamental for the advance of new technologies, their views are often
not sufficiently considered (Guerberof-Arenas, 2013). The study of sub-
titlers’ perceptions of the technology they interact with can be beneficial
for all stakeholders in the AVT industry. The inclusion of subtitlers in the
process of technological change can alleviate their resistance to adopting
technologies (Cadwell et al., 2018). Developers can direct their imple-
mentation efforts in the right direction to provide user-friendly tools and
interfaces (Moorkens and O’Brien|, 2017)), and AVT trainers can identify
necessary skills for teaching and training (Bolanos-Garcia-Escribano et al.)
2021a)). A better understanding of subtitlers’ interaction with technology
can help define the rising profession of the subtitler post-editor (Bywood
et al., [2017), and establish metrics and standards to protect subtitlers

against dropping rates and ensure fairness (Nikolic and Bywood, 2021]).

In response to the challenges brought about by increasing technologi-
sation, in this section we conduct a survey of subtitlers’ perspectives on
the developing paradigm of automatic subtitling. This survey is a timely
and relevant contribution to take stock of this nascent technology and its
implementation in the subtitling profession from the very beginning, while
setting the stage for further developments. The survey focuses on the subti-
tlers’ user experience when post-editing automatically-generated subtitles

from and into different Western European languages (en—fr,es,pl,nl; it—fr;
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es—en,it,de). It also aims at collecting feedback on the main issues and
benefits of the technology, as well as on the impact of automatic subtitling
on the subtitler’s profession. Based on qualitative and quantitative anal-
ysis of a survey questionnaire, we provide a participant-based evaluation
of automatic subtitling and a comprehensive view of subtitlers’ attitudes
towards this new paradigm. Our findings indicate that despite its current
limitations mainly related to challenges in audio and speech processing,
automatic subtitling has potential and its benefits are already recognised
by the users. Based on the received criticisms, we provide a list of recom-
mendations for future improvements in automatic subtitling tools, which
we hope will serve as a guide for technology developers. We further release
the questionnaire and responses to foster replication and reproducibility in

automatic subtitling[]

6.4.1 Methodology

The survey described in this paper was conducted in December 2021 and
consisted in respondents filling in a questionnaire after having taken part

in testing sessions of an automatic subtitling tool.

The task In the PE task, subtitlers were required to post-edit the auto-
matic subtitles of 8 video clips. The clips were self-contained excerpts from
different TV series (drama), each around 3 minutes long, amounting to a
total duration of 30 minutes. TV series were selected as the material to
post-edit since they are representative examples of real subtitling tasks. In
addition, series contain elements which are particularly challenging both
for human subtitlers and automatic systems compared to TED talks, such
as background noise, slang, overlapping speech and multi-speaker events.

The change of subtitling material from TED talks to series in this section

9https://github.com /fatalinha/subtitlers-have-a-say

199



6.4. USER EXPERIENCE AND SUBTITLERS’ VIEWS

was determined by the fact that the task was part of an evaluation session
for a commercial tool. The company kindly shared the questionnaire with
the subtitlers, however we do not have any access to the output or post-
edits. The original language of the series was English. Since all subtitlers
edited the same clips but not all of them worked with English as source
language, we used the dubbed version for subtitlers working from Spanish
and Italian.

The task was performed over two consecutive days and the subtitlers
took sufficient breaks between each video to avoid fatigue effects. The sub-
titlers worked from their personal office without any explicit time limit.
The automatic subtitling tool selected for the task is Matesub (see more
details in Section . The subtitles to be post-edited were created
through the automatic subtitling system integrated in Matesub. Before
starting the task, all participants, regardless of their previous experience
with the subtitling tool, were asked to familiarise themselves with it by
watching a video tutorial, in which the functionalities of the tool were ex-
plained. They were also asked to revise the Netflix timed-text guidelines[]
This setting resulted in a homogeneous task for all participants, with a
sufficient duration to develop reliable judgements and a clear view on their

user experience.

Respondents The respondents were professional subtitlers who were re-
cruited through a language service provider (Translated.com). Participa-
tion to the survey was voluntary and the responses were collected anony-
mously. Before starting the survey, participants were informed about the
objective of the research, the purposes of the data collection and gave their

consent. In total, 22 out of 24 subtitlers responded to the questionnaire

Ohttps://partnerhelp.netflixstudios.com/hc/en-us/articles/360051554394-Timed-Text-
Style-Guide-Subtitle-Timing-Guidelines
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Language pair Subtitlers

Spanish — English
Spanish — Italian
Spanish — German
Italian — French
English — French
English — Spanish
English — Polish
English — Dutch

W W W N W W wN

Table 6.4: Respondents per language pair.

(91% response rate). The subtitlers worked in different language pairs.
Table shows the number of subtitlers for each language pair. Subtitlers
worked in from-English, into-English, but also non-English language pairs,
which are often disregarded in MT research (Fan et al., 2021). The focus
of the survey is to obtain a broad overview of subtitlers’ opinions on au-
tomatic subtitling, regardless of the language-specific performance of the
technology. Therefore we opted for selecting respondents so as to cover a

wide range of language pairs.

Survey and questionnaire The questionnaire was set up as an online form
containing open and closed questions. It was delivered in English for all
respondents and contained three parts. The first part collected factual in-
formation about the subtitlers, such as years of experience in subtitling,
years of experience in MTPE and how often they use Matesub. Three ques-
tions focused on the working settings and the diffusion of MT in subtitling
jobs. These questions asked how often their subtitling jobs involved using
master templates, working directly from the video, and editing machine

translated subtitles.

The second part of the questionnaire focused on the respondents’ user
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experience with the task of PE automatically generated subtitles. We used
the User Experience Questionnaire (UEQ) by Koponen et al.| (2020a)), a
version of the UEQ of Laugwitz et al| (2008) for end-user evaluation of
software products, which has been adapted to post-editing experience.
This selection of questionnaire facilitates comparison of PE in automatic
subtitling with the PE experience based on a different system. By using
an existing questionnaire, we respond to the need for standardisation in
experimental research in AVT and MT. The questionnaire contained 13
pairs of adjectives related to the post editing experience, in the form Post-
editing was... (difficult/easy, unpleasant/pleasant, stressful/relazed, labou-
rious/effortless, slow/fast, inefficient /efficient, boring/exciting, tedious/fun,
complicated/simple, annoying/enjoyable, limiting/creative, demotivating/
motivating, impractical/practical). Since the tool features auto-spotting
and automatic segmentation, we included evaluations on the quality of
spotting and segmentation and the perceived effort of editing them. The
responses are provided on a scale of -3 to +3, with 0 representing a neutral
mid-point. As in the UEQ), average scores between -0.8 and +0.8 are con-
sidered neutral evaluations, while scores below -0.8 correspond to negative
evaluations and scores above 0.8 to positive evaluations.

The last part of the questionnaire contained open questions on the qual-
ity of MT, auto-spotting and automatic segmentation, as well as the subti-
tlers” opinion on the benefits of automatic subtitling, whether it helps the
work of subtitlers and whether they see any dangers for the profession of
subtitlers from using automatic subtitling. The answers to the open ques-
tions were analysed based on thematic analysis (Braun and Clarke, 2006)),
a method for analysing qualitative data using codes, with the Taguettd']
software. This analysis aimed at identifying main issues with the tech-

nologies implemented in the tool (automatic translation, auto-spotting,

Uhttps://www.taguette.org/
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How often do you work from templates?

Never
22.7%

Sometimes

Rarely

How often do you work directly from the video?

Rarely
22.7%

Sometimes

Often

18.2%

18.2%

How often do you edit MT'ed subtitles?

Sometimes

Figure 6.10: Respondents’ answers to their working settings.

segmentation), as well as the main benefits from using automatic subti-
tling. The general opinion on usability is coded as positive, neutral /mixed

or negative.

6.4.2 Results

Subtitlers’ profiles and working settings 'The respondents had on average
2.3 years of experience as subtitlers (SD=1.5, range 1-5 years) and 2.6 years
of experience with MTPE (SD=2.4, range 0-10 years). In terms of work-
ing settings, there is large variability in the way subtitling is performed.
Figures [6.10] show the responses to the questions How often do your sub-
titling jobs involve master templates?, How often do your subtitling jobs
involve working directly from the video? and How often do your jobs in-
volve editing machine-translated subtitles?. Despite the variability in the
professional conditions in subtitling when it comes to the use of tools, set-

tings and requirements, the fact that 17/22 subtitlers edit automatically
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Post-editing was... difficult/easy

unpleasant/pleasant
stressful/relaxed
laborious/effortless
slow/fast
inefficient/efficient
boring/exciting
tedious/fun
complicated/simple
annoying/enjoyable
limiting/creative
demotivating/motivating

impractical/practical
Automatic spotting was poor/good

Fixing the spotting took a lot of effort/was easy F
Automatic segmentation was poor/good

Fixing the segmentation took a lot of effort/was easy h

-3.0 -15 00 1.5 3.0

Figure 6.11: User experience (UX) scores. Interrupted vertical lines mark the -0.8/+0.8

threshold for neutral evaluations. Horizontal lines mark standard deviation.

translated subtitles shows that MT is a reality for subtitling. In addition,
the responses confirm that our respondent sample covers different levels of

expertise and a broad skill range.

User experience The mean scores for the user experience across subtitlers
and language pairs are shown in Figure [6.11] Overall, the post-editing ex-
perience can be considered as neutral to positive, with all except one mean
scores leaning on the positive side of the scale. The subtitlers found the
post-editing process simple and practical. Even though still in the neutral
range, the lowest scores were observed for the quality of autospotting and
automatic segmentation, where mean scores are close to 0.

When comparing the UX scores with the ones obtained from the sub-
titlers post-editing the TED talks in Section [6.3] similar tendencies are
observed (Figure 6.12)). However, the scores are higher, with 10/17 judge-
ments leaning towards the positive side. This indeed confirms that the

choice of drama series is more challenging for the automatic subtitling sys-
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Neutral
Negative Positive

Post-editing was...

difficult/easy
unpleasant/pleasant
stressful/relaxed
laborious/effortless
slow/fast
inefficient/efficient [ ]
boring/exciting
tedious/fun
complicated/simple
annoying/enjoyable
limiting/creative
demotivating/motivating
impractical/practical
Automatic spotting was poor/good
Fixing the spotting took a lot of effort/was easy
Automatic segmentation was poor/good
Fixing the segmentation took a lot of effort/was easy

-3.0 -1.5 0.0 1.5 3.0

Figure 6.12: User experience scores for the subtitlers in Section (TED talks).

tem compared to TED talks. It should however be kept in mind that the
two groups have a different number of subtitlers and that the subtitlers in

the previous section were much more acquainted with the tool. When com-

paring the scores with the study of Koponen et al.| (2020a)), our scores are

more distributed towards the positive side, even though a direct quantita-
tive comparison of the user experience between the two subtitling systems
cannot be performed due to the differences in settings (e.g. language pairs,
tool etc). It should also be noted that our sample is larger (22 respondents

instead of 12) and with a larger variety in language pairs (8 compared to

4). In (Koponen et al., 20204)), the lowest average scores were found for the

adjectives laborious/effortless and limiting/creative. This adjective pairs
received low scores in our study too, however with slow/fast having the
lowest score and a very large deviation. Similarly, the quality of autospot-
ting and segmentation had lower scores than the effort to fix them. All
in all, the user experience scores show that PE in automatic subtitling is

found acceptable by the subtitlers and pointed out particular limitations,
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Automatic translation Autospotting Segmentation
Speech/audio 10 Inaccurate 10 Oversegmentation
recognition errors (starting to early, too late) (too may short subtitles)
Lexical, punctuation, False negatives 5 No respect of 5
case (no subtitle when speech) syntactic/semantic units
Missing context, 5 False positives 5 No respect of constraints
inconsistencies (subtitle when no speech) and guidelines

Not respecting visual 5 Undersegmentation 5
elements (shot changes) (too long subtitles)
Worked well 3 | Worked well 6 | Worked well 5

Table 6.5: Main issues related to automatic translation, autospotting and segmentation,

and number of statements.

mainly related to the technical aspects of spotting and segmentation.

Subtitlers’ feedback

Main issues with automatic subtitling Table |6.5] shows the main issues
for automatic translation, auto-spotting and segmentation, as identified
based on the thematic analysis of the subtitlers’ responses to the open
questions. For automatic translation, speech recognition errors seem to
be the most common reason for errors in the translation (10 statements).
Subtitlers mentioned that translation quality was highly influenced by the
speaker’s accent, audio quality and the speed of speech. For example, they
mentioned that muffled or fast speech, music and background noises can
often confuse the Al Speech recognition errors have indeed been identified
as the main issue for speech translation systems, regardless of whether they
are direct or cascaded architectures (Bentivogli et al.,; 2021). The second
group contained lexical errors, such as the translation of slang, idioms,
colloquial expressions, figurative language and named entities, and in some

cases, casing and punctuation (7 statements), with subtitlers reporting that
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automatic translation still tends to be a bit too literal. Translations out of
context or words translated individually or inconsistently across the video
were also mentioned as common issues (5 statements). A subtitler noted
that inconsistent translation suggestions by the system may lead the human
translator to lose consistency as well. Three subtitlers thought translation
worked well.

For autospotting, lack of accuracy was the main reported issue (10 state-
ments), since subtitlers thought that subtitles often started too early or too
late and were not properly synchronised with the speaker. False negatives
(no subtitle created when there is speech) and false positives (subtitles
created when there is no speech) were also reported in 5 and 3 statements
respectively. All these factors are related to common speech recognition
issues, for example when speech is not recognised due to bad audio qual-
ity or when background noise is recognised as speech. Some subtitlers
(2 statements) mentioned that automatically-spotted subtitles did not re-
spect shot changes and other visual elements. Six subtitlers reported that
autospotting worked pretty well or did not report any issues.

For automatic segmentation, oversegmentation (unnecessarily segment-
ing subtitles into small pieces) and undersegmentation (failing to segment
too long subtitles) were mentioned in 6 and 3 statements respectively.
Other issues were that the segmentation did not respect the norms of
the target language because of splitting semantic/syntactic units (5 state-
ments), and that segmentation resulted in subtitles not respecting the
guidelines and length /reading speed constraints. Five subtitlers affirmed

that automatic segmentation worked well.

Main benefits of automatic subtitling When asked about the main benefits
of automatic subtitling, speed was considered the main benefit by almost

all subtitlers (18/22). Surprisingly, this is in contrast with the low mean
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score for slow/fast in the UX questionnaire. When looking into the bene-
fits reported by subtitlers who rated the PE experience as slow (negative
values for slow/fast), all of them mentioned that it saves time, but only
on the creation of subtitle boxes and setting the timestamps. This shows
the importance of not relying only on quantitative scores in participant-
based studies, but complementing the judgements with qualitative expla-
nations. Additionally, effictency was noted as a benefit in 10 statements
and reduction of effort related to technical aspects in 6 statements. Specif-
ically, subtitlers reported that automatic subtitling saves a lot of tedious
work, creates a guideline of what needs to be translated instead of watch-
ing the whole video and serves as a starting template, which, as a result,
allows focusing more on the translation rather than having to spend time
on technical aspects. The provision of useful suggestions was mentioned
in 2 statements, related to subtitling solutions that the subtitler had not

considered or to terminology and vocabulary.

General impressions for the subtitling profession To the question whether
they think that automatic subtitling helps the work of subtitlers, 14 subti-
tlers responded positively, 5 gave neutral /mixed statements and 3 claimed
that in most cases automatic subtitling does not help. The subtitlers who
responded neutrally mentioned as concerns that the quality depends on
the language, audio quality, and that it may be useful only for some appli-
cations (e.g. template creation, other audiovisual products, such as online
conferences or courses, documentaries).

When asked whether they see any possible danger to the profession
because of automatic subtitling, 5 subtitlers mentioned they see no dangers
at all, 8 subtitlers saw no dangers for the time being, given the current
state of the technology and its low diffusion, while 9 subtitlers identified

some type of danger. Possible dangers were the loss in the quality of the
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final subtitles (4), dropping rates (2) and having less or no work if clients
select cheaper, automatic options (5). Another danger identified was the
improper application of the technology (3 statements), where subtitlers
considered that the profession is not at risk only as long as a human is

involved in the final phase.

6.4.3 Discussion

This study focused on subtitlers’ user experience and perspectives on the
task of post-editing automatically generated subtitles. Our findings sug-
gest a neutral to positive experience. Even though there are those who
still see no benefits from this new technology, automatic subtitling was
welcomed with enthusiasm by many subtitlers, as an aid to save time and
effort. As with studies on MTPE experience (Guerberof-Arenas, 2013;
Bundgaard, 2017)), subtitlers have expressed disfavour towards automatic
subtitling with respect to technological flaws, but also acknowledged its
positive aspects and expected technology to shape their profession in the
near future. As for the dangers to the profession, most criticisms were not
rooted in the fear of being outperformed by automatic systems, but rather
in the effect of technology on the final product and market consequences
(Vieira, 2020)). The positive aspects of technology can only be appreci-
ated when combined with respectful and ethical professional and market
practices.

Previous work reporting feedback of subtitlers focused on a setting
where M'T was applied to human-generated subtitles. The views of the
subtitlers involved did not lead to auspicious conclusions in favour of the
use of MT in subtitling. In spite of encouraging automatic evaluation
scores, subtitlers were cautious in reporting productivity gains in (Volk
et al., 2010)), while in (Etchegoyhen et al., 2014)) PE experience was rated

as rather negative (2.37 on a 1-5 scale), with MT being useful only for sim-
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ple and short sentences. An increase in productivity for simple sentences
was reported in (Matusov et al.) 2019), where the two subtitlers rated
their experience as fair. In (Koponen et al.| |2020a) the participants did
not find PE particularly difficult but characterised it as negative or limiting
and did not think MTPE increased productivity. Similar criticisms were
reported for MT quality in our study, with MT described as too literal, un-
able to properly translate spoken and figurative language. However, most
subtitlers acknowledged that automatic subtitling makes their work faster
and more efficient, especially when compared to old-style subtitling. The
difference of our study compared to studies of MT for subtitling is the au-
tomatisation not only of the translation, but also of the technical aspects
of spotting and segmentation. Integrating and evaluating these aspects is
vital for the establishment of the new paradigm of automatic subtitling, as
we showed in Section [6.3] Subtitlers recognised the importance of automa-
tising these aspects, which are often characterised as tiresome and dull. By
not focusing only on the translation but the automation of the technical
aspects, automatic subtitling allows subtitlers to spare time and effort on
the tedious part of the work (spotting and segmentation) and unleash their

creativity in adjusting the final text.

Our study aimed to provide a broad view of subtitlers’ perspectives,
by complementing quantitative scores with open questions, attempting to
cover several language pairs and a range of subtitler profiles. However, we
acknowledge that the findings should be interpreted with some caution.
Questionnaire-based studies have a context-bound nature and may be af-
fected by factors such as the system (quality, language), the participants
(age, familiarity with technology) and the setting (Tuominen, 2018)). Some

limitations should thus be considered when drawing conclusions.

Firstly, responses and user experience scores may have been affected

by the language pair, due to differences in the subtitling quality depend-
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ing on the ASR and MT performance, despite keeping all other settings
(videos, instructions) equal. Still, we opted for not reporting results sepa-
rately for each language pair, since the sample size per pair (2-3) would be
too small to draw robust and generalizable conclusions on a per-language
basis. Second, even though we attempted to include a broad range of pro-
fessional subtitler profiles, the group is not necessarily representative of
the subtitlers’ general population. For example, the respondents’ age, a
variable not collected in our survey, may affect their technological accep-
tance. Moreover, their experience in subtitling, template translation and
MTPE varies. We found in statistical tests that the only variable affecting
the user experience is MTPE experience. Subtitlers with less experience
(<= 2 years) had significantly higher user experience scores than the more
experienced ones.H It is possible that experts, already being used to a cer-
tain level of MT output quality and to their preferred interfaces, are less
willing to change tasks and tools, while novices, having less consolidated
working practices, are more open and less critical against new interfaces
and workflows. Accepting to take part in a task involving automatic sub-
titling already means the subtitlers were willing, curious or even familiar
with the technology, and therefore may have been positively inclined to-
wards automatisation in subtitling, contrary to many AVT professionals

(Audiovisual Translators Europe, 2021)).

Lastly, the interface used in PE has a great influence on user experience.
We selected Matesub as a typical instance of an automatic subtitling tool.
However, the generalisability to other tools is not guaranteed. In an at-
tempt to test whether previous experience with Matesub had an effect on
user experience, we separated the respondents in two groups based on their

responses to the question How often do you use Matesub in your subtitling

2Novices (N=14, M=1.0, SD=0.7) vs Experts (N=8, M=—0.4, SD=1.1). Based on an equal-variance
independent samples t-test: (¢(20) = 3.82,p = .001)
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jobs: regular users (often, sometimes) and occasional (never, rarely). We
found that familiarity with the tool did not have an effect on the average
user experience scores[”| This shows that the tool is user-friendly, with a
steep learning curve, and does not require extensive training. Less user-
friendly tools may negatively affect the post-editing experience. Despite
these limitations, this study presents a screenshot of the current state of
the quickly evolving technology, necessary to drive implementation efforts

in the right direction.

6.4.4 Recommendations for improvement

Our findings have identified some limitations of current automatic sub-
titling systems. Based on the subtitlers’ feedback, we present a list of
suggestions for improving automatic subtitling tools in a direction that
benefits the user experience. The suggestions are listed in order of priority.

e Improving autospotting and segmentation. The main benefit
of automatic subtitling according to the subtitlers was eliminating tedious
work and leaving more space for creativity. Given that many criticisms
were addressed to the quality of autospotting and segmentation, improve-
ments in the automation of technical aspects are a priority. Except for
improving the accuracy of auto-spotting through enhanced audio process-
ing and a more syntactically-informed segmentation, interaction with these
elements could become more user-friendly. For example, it could be useful
to implement interactive features such as automatic adjustment of subti-
tle boxes to match length and reading speed constraints after subtitlers
translate or finish editing one subtitle.

e Improved audio pre-processing. Most problems in the transla-
tion, autospotting and segmentation stemmed from the segmentation of

the audio. This is an open problem in speech processing (Gaido et al.|,

13Regular (N=14, M=0.6, SD=1.2) vs Occasional (N=8, M=0.4, SD=0.9). (¢£(20) = 0.42,p = .679)
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2021b; [Tsiamas et al., 2022); audio segmentation is typically approached
by breaking the audio on speaker silences, considered as a proxy of clause
boundaries, and not on syntactic information. A syntax-unaware segmen-
tation is responsible for translations out of context and the issues in seg-
mentation (over-undersegmentation, no respect of syntactic units). In ad-
dition, the reported cases of false positives/false negatives in autospotting
(see Table indicate that voice activity detection technologies should

be improved to properly distinguish speech from noise.

e Improving in-video consistency. Consistency of MT suggestions
is important for easily spotting errors and for avoiding repetitive correc-
tions. Consistency can be improved through adaptive MT (Bigici and
Yuret|, 2011, Denkowski et al., 2014; [Turchi et al., [2017) or document-level
MT (Lopes et al. [2020) ] Another direction could be the integration of
external resources, such as termbases and translation memories. These aids
have passed the test of time and are the first requirement of users before

overshooting with MT solutions (Audiovisual Translators Europe, 2021)).

e User experience vs. automatic metrics. Punctuation and cas-
ing was reported as an issue for automatic translation. However, WER,
the metric used to evaluate ASR systems, is normally computed in a
case/punctuation insensitive way. Casing and punctuation cannot be de-
rived directly from the audio and therefore these errors are traditionally
considered as less relevant by the scientific community. On the contrary,
in the context of automatic subtitling they must be weighed appropriately.
This points out the need for task-specific evaluation metrics, which take

into account elements that shape user experience.

e Incorporation of elements from the visual modality. Since sub-

titling is multimodal and intersemiotic, ignoring elements from the visual

“However, it should be noted that (Koponen et al. 2020b)) found no preference for document-level

MT compared to sentence-level MT in subtitling.
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modality can result in errors. Some features from the visual modality are
already integrated in many (non-MT) tools, e.g. marking of shot changes.
Another useful feature could be the recognition of on-screen text.

In this section we presented findings on subtitlers’ user experience and
perspectives when post-editing automatically generated subtitles, based
on a survey questionnaire. Subtitlers’ experience was marked as neutral to
positive. Thematic analysis of the open questions showed that the main
issues of automatic subtitling stem from failures in speech recognition and
pre-processing, which result in error propagation, translations out of con-
text, inaccuracies in auto-spotting and suboptimal segmentation. However,
subtitlers acknowledge the positive sides of the technology, which are speed
and effort reduction, especially related to the technical aspects, as well as
the provision of useful suggestions. We conclude that, despite current lim-
itations, automatic subtitling tools can be beneficial for subtitlers, as long
as improvements consider subtitlers’ opinions, and ethical and professional
standards are respected. We expect that as automatic subtitling tools
mushroom, larger studies will be needed to explore different variables and

monitor the progress in automatic subtitling.

6.5 Conclusions

This chapter has dealt with one of the most challenging issue in automatic
subtitling: evaluation. I have argued that the main challenges coming from
the new paradigm of automatic subtitling are the variability in the num-
ber of segments, the need to evaluate the additional requirements of spot-
ting and segmentation and the complexity of the subtitling process. For
segmentation, standard segmentation metrics (e.g. precision, recall, F1)
cannot be applied in the case of imperfect texts, when the textual content

does not match that of the reference. To address this lacuna, we proposed
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Sigma, a new subtitle segmentation score, which evaluates segmentation
irrespective of text quality. We have shown that Sigma is not affected by
text quality, as in the case of BLEU,, and TERy,, but is also not suscep-
tible to alignment errors (Section [6.2]). Then, we turned our attention to
auto-spotting and its effect on the post-editing process (Section . We
collected product and process-based subtitle post-editing data from pro-
fessional subtitlers, which allowed us to analyse the relationship between
translation quality, auto-spotting accuracy and time spent to edit a subti-
tle. We found that PE speed decreases more for translation edits than for
auto-spotting edits. Still, spotting edits are bound to the text edits, espe-
cially when the text expands or shrinks. Our analysis of keystrokes showed
that, even though most edits are related to text, spotting edits take up a
significant part of the total PE process. We recommend complementing
product-based analyses of PE output with process-based explorations of ef-
fort when devising new metrics for automatic subtitling. Finally, we gave
voice to the subtitlers, the actual users of automatic subtitling, as a tool
to improve productivity (Section . Our questionnaire survey involving
22 subtitlers in 8 language pairs aimed at exploring their user experience
and at collecting detailed feedback on the technology and market-related
aspects. A quantitative and qualitative analysis of the responses showed
that automatic subtitling is perceived in a neutral to positive way by subti-
tlers, who found speed and effort reduction, especially when it comes to the
technical aspects to be the main benefit of the technology. The main issues
identified stemmed from audio (pre-)processing errors which had repercus-
sions on the quality of translation, spotting and segmentation. Based on
the analysis of the feedback, we drafted a list of recommendations for im-
proving future automatic subtitling tools. We recognise that the solutions
proposed in this chapter may not have led to the ultimate automatic met-

ric or experimental design for evaluating automatic subtitling, but we hope
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that they have shed some light in the darkness of evaluation uncertainty
and will set the ball rolling for future developments in evaluating automatic

subtitling as an extrinsic task.
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Chapter 7

Conclusion

This chapter concludes the thesis, by placing it in the context of the current
audiovisual translation, machine translation and especially speech transla-
tion research. After summarising the results, I discuss the new directions
and challenges opened by the thesis, before closing with my view on the

future of automation in AVT.

7.1 A new paradigm

When I started my PhD research in early 2019, a lot of the technological
and societal developments occurred until the time of writing this thesis
could not have been foreseen. Audiovisual Translation was already a vi-
brant and rapidly expanding field, dealing with the challenges posed by the
boom in audiovisual production. Machine translation had well transitioned
from statistical to neural, with NMT being enthroned both in academia
and industry. NMT approaches overcame the initial instabilities and had
by then become robust and more efficient. Speech translation had seen
equally significant improvements, even though still dominated by cascades.
Only in 2019 did direct systems start to catch up with cascades (Niehues
et al., [2019), with the difference between the two approaches reduced to a
couple of BLEU points.
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When it comes to subtitling, research in MT for subtitling had been
stagnant. With the exception of a few small-scale studies, the only projects
attempting to automatise subtitling in the 10’s were the Stockholm MT
System for Film Subtitles (Volk et al., 2010)) and the EU-funded SUbtitling
by MAchine Translation (SUMAT) (Etchegoyhen et al., 2014) projects,
stemming from the SMT era. They both reported productivity gains for
some languages but recognised that the ground was not ready for the es-
tablishment of MT in the subtitling world. Unfortunately, the data used
to train the systems in both projects were to a large degree proprietary, so
they were not released to the research community, which impeded further
studies on MT for subtitling.

Except for the notably behemothian OpenSubtitles project, there ex-
isted only few subtitling corpora. Still, even the existing, publicly available
parallel corpora of subtitles were compiled with text translation in mind.
For this reason, audio (let alone video) was not contained in any of these
corpora. In addition, timestamps and line breaks were lost in the compila-
tion process. As for evaluation, studies on MT for subtitling had focused
only on coarse productivity (time) gains, while quality was measured with
the usual MT evaluation metrics: BLEU and TER. There was not one

single metric for evaluating subtitle-specific aspects.

Inspired by the breakthroughs in ST and the increased performance
and efficiency of NMT, I envisioned a new paradigm, that of automatic
subtitling. This paradigm would move away from MT for subtitling to in-
tegrated approaches which decrease the human labour involved in creating
a timed transcript of the source speech, while at the same time respect-
ing the form and specific constraints of subtitling. Intuitively, automatic
subtitling, incorporating the speech modality through ST, is in line with
the multimodal nature of subtitling. End-to-end modelling of the formal

requirements of the target medium is an attractive prospect both for ex-
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perimenting with new NM'T methods and for offering integrated solutions.
This thesis is a collection of my contribution towards the establishment of
this new paradigm in three main areas: data, models and evaluation. The

results can be summarised as follows:

e Existing subtitling corpora suffered from two main limitations for build-
ing automatic subtitling systems: the lack of the source audio and the
loss of line breaks in the target. The MuST-Cinema corpus we have re-
leased is the first speech-to-subtitles corpus overcoming the limitations
of previous subtitling corpora. MuST-Cinema allowed for experimenting
with various subtitling tasks, from audio-informed segmentation to ST
for subtitling. Future attempts to create corpora for automatic subtitling

should follow a similar path to promote further advances.

e Quality is more important than quantity in automatic subtitle segmen-
tation. We have shown that even a small amount of high-quality human
segmentation decisions can lead to systems which successfully segment
sentences into readable subtitles. Confirming our intuition on the signif-
icance of multimodality, audio-informed segmentation approaches led to
further gains in segmentation accuracy even for languages unseen during

training, in a zero-shot fashion.

e Speech translation is a viable alternative to the subtitling template. We
found that the two dominant approaches, cascade and direct, perform
relatively on par when it comes to quality. As we have seen in the case of
segmentation, multimodality through direct ST models seems to benefit
the modelling of subtitling constraints also in translation. In addition,
models that allow linking the caption-subtitle generation process lead to
quality gains without compromising significantly the conformity to the
subtitling constraints. For live subtitling, Simultaneous ST systems may

still perform poorly in terms of translation quality, but have the benefit
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of shorter delay compared to human subtitlers. This can be exploited
for experimenting with alternative visualisation modes, leading to a more

comfortable reading speed for the users.

The evaluation of subtitling is a complex process comprising multiple ele-
ments, one of them being form-related parameters. We introduced simple
metrics for formal aspects such as length and reading speed conformity
and a new score for evaluating the quality of segmentation, applicable
to end-to-end subtitling systems. Even though their success needs to be
verified against human judgements, these scores have revealed that there
are multiple layers of quality in subtitling which should be considered in

system evaluation along with translation quality.

As argued in the background section on AV'T, automatic subtitling com-
prises practices, processes and products and thus its study requires em-
ploying all categories of AVT models. To this aim, we collected product
and process data from subtitlers post-editing automatic subtitles. We
provided a rich corpus for exploring and testing automatic subtitling
metrics, additionally extending the MuST-Cinema test set with multi-
ple references. From the study of the post-editing data, we found that
spotting has an effect both on quality and productivity and it is closely
bound to the quality and edits of the textual subtitle content. As for the
study of practices, we have given voice to the users of automatic subti-
tling tools. Our survey showed that subtitlers have a relatively positive
attitude towards automatic subtitling as long as professional and ethi-
cal matters are respected. Future improvements of automatic subtitling
tools should focus on improving speech (pre-)processing and on automa-
tising the technical aspects of subtitling as well as on the interaction of
subtitlers with the technical features, leaving them the freedom to focus

on the most creative part of their work.
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e Our review of previous approaches to automatising subtitling highlighted
that the complexity of subtitling can lead to a methodological labyrinth
when it comes to experimental research. From participants’ profiles to
training settings and the granularity of the translation unit (subtitle, sen-
tence, document), reproducibility and replicability are not guaranteed.
We have drafted a reproducibility checklist for research in automatic
subtitling, which we hope will help the community design and reproduce
experiments. We strongly encourage participant-based evaluations and

their publication, through releasing the data, surveys and responses.

We are now witnessing the dawn of this new paradigm. At the moment
of concluding this thesis, research in automatic subtitling is burgeoning,
in AVT as well in ST. On the one hand, more researchers in AVT are
realising that automation is a reality and are conducting user studies to test
its applicability. On the other hand, the MT-ST community is becoming
more aware of the particularities of subtitling compared to a verbatim
translation of a speech transcript. This year, IWSLT hosted a new shared
task on isometric translation, relevant for subtitling and dubbing, and is
considering a shared task on subtitling for its 2023 edition. I am glad that
our contributions presented in this thesis have helped raise this bilateral
awareness and hope that these findings have set the stone rolling for future

developments.

7.2 Open challenges

The contributions mentioned in this thesis have set the floor for the rising
paradigm of automatic subtitling. Now that the ‘salad days’ of automatic
subtitling have passed, it is time to consider how our research efforts can
lead to a mature field. As with every new research direction, automatic sub-

titling has unleashed a hydra of new possibilities and challenges. Although
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not exhaustive, I here outline a number of research directions opened up

to further improve this paradigm.

How can we tmprove data collection? As discussed previously, repre-
sentative data for the task of automatic subtitling can be scarce, since
subtitling data often come from proprietary sources and are protected by
copyright. Even though the compilation of training data is of equal im-
portance, a realistic priority when it comes to subtitling data is obtaining
reliable tests and benchmarks. While MuST-Cinema is a significant con-
tribution towards data for automatic subtitling, the test set is small, it
covers only the domain of TED talks and does not contain multi-speaker
events. Similar to ASR and NMT where the current tendency is to move
from controlled environments “into the wild” (Arivazhagan et al., 2019a;
Rio et al., [2021)), there is more often the need to test automatic subti-
tling systems in different domains, transitioning from subtitling lectures
to meetings, entertainment productions etc. A publicly available, mul-
timodal, diverse test set covering a range of subtitling phenomena could
be a starting point for more reproducible research in automatic subtitling
both from the point of view of MT and AVT studies. Its creation, vali-
dation and management would create collaboration opportunities among

MT researchers, professional subtitlers and AVT scholars.

How do the findings generalise to other AV genres and domains? Fol-
lowing directly from the question on subtitling data collection, another
question arising from this thesis is the generalisability of the findings to
other AV genres and types of content. Limiting the scope of this thesis
to TED material and guidelines was a one-way street because of the li-
cense, availability and readiness of TED data. However, it should be noted
that audiovisual content is not a single uniform genre and can in fact take
many different forms and genres, each their own specificities (Burchardt

et al., 2016). Other genres e.g. series, news broadcasts, political debates,
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instructional videos will likely have different requirements both in terms
of translation, style and formal constraints, and may pose different chal-
lenges for the automatic subtitling systems. For example, automatically
subtitling multi-speaker videos will require speaker diarisation while text
condensation is relevant for some subtitling genres. This does not dimin-
ish the value of the methods and findings presented in this thesis, however
they should serve as a starting point for experimenting with automatic

subtitling techniques under several AV content types and domains.

How can we get to fully end-to-end approaches? The models proposed
in this thesis generated text segmented in subtitles directly from the au-
dio. In this way, they tackled the segmentation requirement but not the
spotting. This is already implemented in some cascade solutions, where
timestamps are retrieved from the ASR component. Automatically pre-
dicting the timestamps using direct approaches is still an open issue. In
addition, the extension of multimodality to include information from the
visual mode could be another breakthrough in automatic subtitling, lead-
ing to fully comprehensive multimodal approaches that take the most from
the video. Hopefully, drawing from this thesis, these research directions

will be actively explored in future work on automatic subtitling.

How can we increase customisation? There is not one correct format
for subtitles. Rather, subtitling guidelines differ based on the type of AV
content, user group and preferences. This requires systems to adapt their
output based on particular variables, such as maximum length, genre, de-
gree of condensation, simplification (Buet and Yvon 2021} [Liu et al., 2020a;
Lakew et al., 2019; Varis and Bojar], 2021; Lakew et al., [2022). Incorporat-
ing such constraints in an efficient way, possibly within the same model, is

a research direction that will definitely flourish in the future.

How do we best evaluate automatic subtitling systems? Given the com-

plexity of quality in subtitling, there could be two directions to evaluate
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automatic subtitling: one is to separately evaluate how well each con-
straint /aspect is matched, then possibly derive an aggregate score; the
other is to try to reproduce human references. In this thesis we followed
the first approach, by separately evaluating each aspect, which also allowed
for a more in-depth analysis of the characteristics of the proposed mod-
els. However, this approach is not a desideratum in practical applications
were system goodness should be judged with one score. Recently, SubER
(Wilken et al., 2022) was proposed, which considers translation quality
and (indirectly) timing and segmentation with a single score. This metric
showed relatively higher correlations with human judgements compared to
other proposed subtitle metrics. Except for working on metrics which ob-
tain higher correlations, another line of research is improving the design
of protocols for collecting human judgements. PE-based evaluation can be
used to consider productivity gains but perception judgements from non-
translators may show a different picture (Szarkowska et al., [2020). Even
the design of evaluations to collect human judgements is an involved pro-
cess, given the plethora of variables present. For this reason, studies in
automatic subtitling can shed light into the critical aspects, in order to

better design user studies to collect these human judgements.

7.3 The future of AVT

The needs for AVT are exploding day by day. To keep up with the booming
needs for accessibility, (partially) automatising AVT is inevitable. Sub-
titling is the leading AVT type in the process of automatisation, with
projects ranging from platforms providing fully automatic subtitles to tools
to support users and professionals in creating better subtitles, faster. With
these technological advancements, machines are steadily entering among

the agents creating subtitles, along with professionals, amateurs, volun-
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teers and fansubbers. This inevitably leads to the question: Will the future
of AVT be more human- or machine-translated? And if automatically-
translated content prevails in AVT, how do we ensure that the repercus-
sions for viewers, researchers, developers and subtitlers will be positive?
There is a number of steps that can be undertaken to accompany au-
tomation with responsible and fair application. Firstly, to ensure that
automation really benefits viewers, it is important to increase MT literacy
and to inform them about the quality they can expect and the risks related
to automatic subtitling. User-centred approaches can help understand the
effect of the disruptive technology on their perceptions and needs. This
understanding can then drive developers towards solutions really tailored
to the users’ needs and not only towards ‘fancy’ solutions. For the re-
searchers involved in automatic subtitling, creating bridges between the
AVT, MT and ST communities can greatly help steer research questions
in the right direction. As for subtitlers, automatic subtitling should not
substitute but complement. For example, automatic subtitles could be
aimed to different products (e.g. user-generated content) and different au-
diences. ‘Augmented’ subtitling with the support of user-friendly tools
can empower subtitlers and increase quality along with productivity. All
these steps can ensure that the benefits of automatic subtitling can reach
all involved agents. Communication and access to information is already
audiovisual. Let our technological approaches make communication and
information more inclusive, fair and accessible, no matter the linguistic or

sensory needs.
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Appendix A

Machine Translation for Dubbing

The focus of this thesis is the automatisation of subtitling. Still, I could
not completely ignore a topic I spent significant time of my PhD on. This is
dubbing, the AVT sibling of subtitling. Even though this chapter is short
and inconclusive, it deserves a special part in this thesis, as a reminder
that patience and perseverance are needed to make beautiful ideas flourish

when the preconditions for them will be in place.

In the previous chapters we approached subtitling from a computational
perspective, from subtitling data compilation, direct ST architectures, to
tailored evaluation methods. The time was ripe for such a contribution,
which was built upon the existence of publicly available subtitling data
and a growing interest from the ST community and industry in subtitling.
Dubbing, another dominant AVT type, has not benefited from Machine
Translation to the same extent, mainly because the prerequisites for de-
veloping and testing automatic dubbing systems are not yet in place. MT
for dubbing still largely suffers from data scarcity, which has long impeded
the deployment of NMT (let alone ST) solutions. However, the synchro-
nisation in dubbing and its strong relationship with timing, prosody and
phonetics would make dubbing an excellent test bed for experimenting with
the limits of constrained NMT and direct ST.

281



A.1. DOES DUBBING HAVE TWO SHADES?

This chapter takes inspiration from the particularities of the dubbing
genre and the synchronisation constraints in dubbing and makes the first
steps towards exploring automatic approaches to dubbing. The goal is to
understand the language of dubbing based on computational methods and
to prepare the ground for customised solutions to automatic dubbing. We
first ask the question whether dubbing has two ‘shades’, determined by
different synchronisation requirements between on-screen and off-screen
dubbing (Section [A.I)). We investigate this dichotomy by performing a
corpus-based analysis of the only publicly available dubbing corpus at dif-
ferent linguistic levels (Section [A.2]). Then, in Section we move to the
application of Neural Machine Translation to the two shades of dubbing. In
particular, we are interested in performance differences between on-screen
and off-screen dubbing and on the effect of applying synchronisation con-
straints on each of the shades. This investigation is important to guide
future decisions on constraining/relaxing the generation process depend-

ing on the degree of synchronisation required for a successful dubbing.

A.1 Does dubbing have two shades?

Dubbing is a form of audiovisual translation (AVT) which consists in re-
placing the original audio track of a film dialogue with another track con-
taining the dialogue translated in a different language, which follows the
timing and phrasing of the original (Luyken et al., [1991)). The goal is to
make it appear as if the film had been recorded in the target language all
along. It is the preferred type of AVT in countries with large film and
streaming markets, e.g. Germany, Italy, Spain and parts of Latin America
(Bogucki and Diaz-Cintas, 2020). Dubbing is among the few translation
areas where Machine Translation has found no steady ground yet. The

first reason is the dearth of dubbing corpora, not only for training NMT
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systems, but even for testing purposes. Lip-synchronised dubbing is em-
ployed for high-budget productions on proprietary material protected by
copyright, such as films. Given the scarcity of public material containing
dubbing, large-scale data collection is impracticable.

The second reason is the particularity of dubbing as a genre. Transla-
tion for dubbing is a text written to be spoken, therefore it should bear a
close approximation to orality and reflect oral unlaboured dialog (Chaume-
Varela, 2006). However, dubbing is not spontaneous, impromptu speech
but rather a carefully-prepared imitation of spoken language. This prefab-
ricated orality (Banos-Pinero and Chaume, 2009)) is what confers dubbing
particular linguistic characteristics. In addition, the most distinctive char-
acteristic of dubbing is the need for synchronisation when an actor’s mouth
appears on screen. Isochrony requires that the duration of the source and
target utterance is equal, in order for the translated dialogue to exactly fit
the time during which the actor speaks. At a second level, lip-sync consists
in adapting the translation to match the articulatory mouth movements
of the actor, mainly matching open vowels and bilabials. In practice, this
means matching an open mouth to an open vowel and a closed mouth to
a bilabial[] Although isochrony is required whenever the face of the ac-
tor appears on screen, lip-sync is required only for close-ups and extreme
close-ups.

The following example illustrates the importance of isochrony and lip-
sync in translations for dubbing. The sentence “I get strong off other
people’s fear” could be translated as “Me fortalezco con el miedo de otras
personas”. However, this translation is too long (15 syllables) to match the
duration of the source (8 syllables). Instead of this literal translation, the

source phrase is translated as “FEl miedo de los demds me da fuerzas” (11

LA third type of synchronisation is kinesic isochrony (synchronisation with body movements) which
would require a multimodal analysis of the actions of the characters on screen and is therefore outside
the scope of this paper.
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e Similar duration, lip-sync

| get strong off other people’s fear

El miedo de los demas me da fuerzas

e Too long, no lip-sync

| get strong off other people’s fear

Me fortalezco con el miedo de otras personas

Figure A.1: Example of a translation done with lip sync and one not.

syllables), in order to better match the duration of the source utterance
and the overlap of round vowels, e.g. o in strong-miedo and f between fear-

fuerzas. See Figure on an alignment between source-target phonemes.

From the above, it becomes evident that there is a clear dichotomy in
dubbing strategies when an actor’s mouth is visible on screen or not (off
screen). While on-screen dubbing is bound by synchronisation constraints
in order to create the illusion of authenticity (Whitman-Linsen, 1992)), off-
screen dubbing should simply be representative of orality.

Previous work on automatic machine dubbing has focused mostly on
matching the length between source and target utterances and has shown
that, while translation quality degrades only moderately, introducing such
matching constraints improves ‘dubbability’ (i. e., how well the transla-
tions can be spoken synchronously to the original speech). Among the
first such approaches, Saboo and Baumann (2019) attempt to integrate
the constraint of isochrony by selecting the translation which has a sim-
ilar number of syllables to the source. |[Federico et al. (2020) adapt an
NMT system using length-control mechanisms to generate translations of
the same length as the source, although in terms of characters, which does
not necessarily reflect duration of utterance. Later, |[Lakew et al.| (2022)
proposed self-learning to for the task of Isometric NMT, that is generating
outputs £10% longer or shorter than the input text, without significant
degradation in the translation quality.

Another line of research focuses on improving the prosodic alignment
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between the source and target segment. A good prosodic alignment means
that the translation can optimally match the sequence of phrases and
pauses of the source. Oktem et al|(2019) use the NMT attention mecha-
nism to segment the translation into prosodic phrases in order to improve
a Text-to-Speech system for dubbing. [Tam et al.|(2021)) attempt to project
the pauses from the source to the target with implicit and explicit prosody
control methods. [Virkar et al.| (2021)) improve the alignment by incorporat-
ing various features (language model, semantic matches, isochrony scores
and speaking rate). However, they find that this approach often leads
to unnatural speaking rates. These deficiencies can however be tamed
with duration modelling (Effendi et al., 2022)) and controlling the speaking
rate (Sharma et al., 2021)) in the Text-to-Speech component. Taking in-
spiration from the work on the on/off-screen dichotomy presented in this
chapter, a subsequent study adapts the prosodic alignment to off-screen
dubbing which requires less stringent synchronisation constraints (Virkar
et al., [2021). However, none of these works has addressed or studied syn-

chronisation constraint of lip sync.

In this chapter, we present work that addressed, for the first time, the
dichotomy between on-screen and off-screen dubbing in NMT. As a first
contribution, we manually annotate the only publicly available dubbing
corpus (Oktem et al. [2018) by explicitly marking whether the actor’s
mouth appears on screen or not. This annotation is the first of its kind
and provides an invaluable resource for the study of dubbing and further
applications (see (Nayak et al., 2020)). Second, we look into distinctive
features between on-screen and off-screen dubbing at the textual, prosodic
and phonetic level, in an attempt to understand the effect of synchro-
nisation constraints (if present) at different linguistic levels. Lastly, we
tune a general NMT system to the dubbing domain and test its perfor-

mance on on-screen and off-screen speech, investigating different tagging
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strategies. We additionally apply isochrony constraints to the output and
discuss the compromise between synchronisation and translation quality
for the two modes. Our findings suggest that using a single NMT sys-
tem for all “shades” of dubbing is not optimal, but viable solutions for

dubbing-customised NMT should take into account the on/off dichotomy.

A.2 On/Off-screen dubbing

In this section, we present the on/off-screen annotation process and an

analysis of the textual, prosodic and phonetic features between the classes.

A.2.1 Data and annotation

The Heroes corpus (Oktem et al., [2018) is the only freely available dub-
bing corpus and is based on the drama television series Heroes (seasons 2
and 3). It contains 7,000 single-speaker English utterance segments and
their translations into Spanish, as well as time-alignments that allow for
re-aligning the text with the video. Before starting the annotation, we
verified that synchronisation is actually present in Heroes by watching the
dubbed videos. We found that dubbing is convincing and that some de-
gree of synchronisation is present, with a stronger emphasis on isochrony
than lip sync. Despite this initial indication of a lack of perfect lip sync,
Heroes is the only available dubbing corpus, and contains audio segments
on the source and target side, which makes it promising for testing speech
translation solutions for dubbing]

A first annotator watched all videos and annotated the source side of the
corpus on the word-level, specifying whether speech is on-screen (mouth
visible on screen) or off. Consequently, each utterance can be fully on-

screen, fully off-screen, or mixed (if the actor’s mouth is visible only for

2The annotation is publicly available at https://ict.fbk.eu/heroes-on-off/
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Class Utt.s Tokens-en Tokens-es
ON 4,163 29,338 25,159
OFF 1,200 8,238 7,293
MIXED 1,614 18,792 16,086
MIXED-on 10,976 -
MIxXED-off 7,816 -
All 6,977 56,368 48,538

Table A.1: Corpus statistics in utterances and source/target tokens for the three classes.

problem (off) robot (on)

Figure A.2: An example: “No problem, robot”, of the classification task along with the
annotations (s2-1.250).

some words). An example of a mixed segment and it’s annotation can
be seen in Figure [A.2] To validate the reliability of the annotation, a
second annotator worked on 700 randomly selected utterances (10 % of the
corpus). This yielded an inter-annotator agreement (Cohen’s Kappa) of
k = .73 on the word level and .73 on the utterance level § We conclude
that annotation as on/off/mixed is possible with a substantial agreement
across annotators. During annotation, we fixed several transcription errors
and identified non-English source utterances, resulting in a total of 6,977
segments. Table presents the annotation statistics[| As can be seen,

the majority of tokens appears on-screen (71 %; for utterances: 60 %). This

3Some deviation is expected, given that words can be short and audio-video alignment is never perfect.
4Since annotation is performed only on the source, it is not possible to report Spanish tokens for the

mixed category.
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imbalance is to be expected given the nature of drama television series,

where the action focuses on dialogues among characters.

A.2.2 Analysis of textual, prosodic and phonetic features

We investigate characteristics that may differentiate on-screen from off-
screen dubbing, focusing at the textual, prosodic and phonetic level. We
first consider textual differences. We looked at relative length of transla-
tions, expressed by character and syllable ratios between source and target.
The ratios are shown in Table[A.2] We found very little differences between
the mean of these ratios among the ON/OFF/MIXED classes. The same
holds for the ratio between consonants and vowels, as well as for the dura-
tion of the utterances. However, a larger standard deviation of ratios for
OFF suggests that there is more freedom both in terms of length and word
choice when no synchronisation is needed. The lack of differences indicates
that textual features are probably not sufficient to distinguish between the
ON and OFF category.

In order to identify possible latent characteristics (such as character se-
quence patterns), we also built a character-based neural sequence classifier
that determines the screen class based on English, Spanish, or both texts.
The classifier is a bidirectional LSTM, trained using the Dynet frame-
work (Neubig et al) 2017). It is trained using 80% of the Heroes data
per class, while 10% are left for development and testing respectively. We
perform 10 cross-validation rounds. [| Given that classes are unbalanced,
we choose Area Under ROC curve as performance metric: an ideal classi-
fier would cover an area of 1.0, random classification yields .5. Although
we find some limited success in identifying mixed utterances, our overall
classification results are rather poor, as shown in Table [A.3] We there-

SImplementation details as well as the code can be found at https://github.com/timobaumann/

visualHeroesAnnotations/tree/master/text-classifier
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fore conclude that, in this data set, there are no clear distinctive text-level
features (neither direct, nor latent features that could be used by a neural
network classifier) that differentiate on-screen from off-screen dubbing, i.e.,
that possible traces of synchronisation are hardly discernible in the textual

form.

Ratio \ ON OFF MIXED

Character | 1.10 (0.27) 1.10 (0.38) 1.13 (0.29)
Syllable 0.90 (0.26) 0.90 (0.36) 0.93 (0.27)
Vowel 0.92 (0.28) 0.93 (0.38) 0.94 (0.29)
Consonant | 1.27 (0.41) 1.28 (0.56) 1.27 (0.39)

(0.31) (0.36) (0.24)

Duration 1.04 (0.31) 1.07 (0.36) 1.04 (0.24

Table A.2: Mean and standard deviation on the source/target ratio of different units

(characters, syllables, vowels vs. consonants and utterance duration in seconds).

classifier input words utt.s
English only 549 640
Spanish only .641
English+Spanish 634

Table A.3: Area under ROC curve results for classifying words as on/off (only for English

input), or utterances as on/off/mixed (for all inputs).

Moving to the analysis of prosodic features, we focused on fundamen-
tal frequency (f0), intensity, and prosodic phrase length between the tar-
get and source language. Our hypothesis is that on-screen dialogue lines
will present a higher similarity of prosodic features between source and
target segments compared to off-screen dialogue lines. Since normalis-
ing frequency and intensity per segment level would flatten any particular
prosodic characteristics, we directed the analysis at concurrent frequency
and intonation peaks in paired source-target segments. Peaks were de-

fined as values of 2 standard deviations above or below the absolute mean
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f0/intensity values, computed by taking all the values in the data set. Peaks
can thus be maximum or minimum points; a peak in intensity implies the
actor speaks at a loud voice or whispers. To account for speaker differ-
ences, we used the normalised values contained in the corpus (expressed
in a logarithmic semitone scale relative to the speaker normalised value).
We selected the segments where both the source and target contain fO or
intensity peaks. The second analysis looked at differences in the length of
prosodic phrases in terms of the number of words and duration. Again, the
expectation was to find a smaller difference in on-screen dubbing compared

to the off and mixed categories.

Frequency Intensity
ON / OFF / MIXED | ON / OFF / MIXED

Concurrent peaks 294 125 201 259 56 154
Percentage of total | 7,06% 10.4% 12.44% | 6,22% 4,67% 3,46%

Table A.4: Concurrent peaks between source and target segments for frequency (f0) and

intensity.

When it comes to concurrent peaks, the results in Table show that
most concurrent peaks appear in the on-screen category (294 for f0 and
159 for intensity). However, it should be noted that ON is the class with
by far the most segments. Indeed, when looking at the percentage of
concurrent peaks out of the total number of source peaks, ON has the
lowest percentage of concurrent peaks for f0. The opposite is true for
intensity, where ON has the highest Value.lﬂ This suggests that intonation
may be a characteristic more often imitated in on-screen speech by dubbing
actors than frequency which depends on the each actor’s voice and acting
style. Still, frequency /intensity peaks are replicated in less than 12% of

sentences regardless of screen mode.

SDifferences in both cases are statistically significant at p=0.05 based on a chi-square test.
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ON OFF MIXED
En vs. Es En vs. Es En vs. Es

Mean number of phrases | 1.41 1.39 | 1.38 1.4 | 2.03 1.96
Mean duration 14s 1.38s|1.48s 1.37s|1.93s 1.77s
SD duration 0.84s 0.78s | 0.99s 0.86s | 1.1s 1.04s

Table A.5: Prosodic phrase length in mean number of phrases per segment and mean

duration.

As for prosodic phrase length, Table shows that the difference both
in terms of length in words and duration in on- and off-screen speech is
negligible, while mixed dialogue shows a relatively larger albeit still in-
significant difference. We can thus conclude that screen category does not
affect voice modulation, at least in the Heroes dubbing corpus; the differ-
ences between languages are possibly due to differences in the prosody of
English compared to Spanish and among individual speakers. Our findings
are in line with (Sanchez Mompean, 2020), who argues that despite some
patterns introduced by source text assimilation, dubbing actors resort to
the Spanish prosodic repertoire. Finally, voice modulation may not be pos-
sible when translation/synchronisation strategies do not vary depending on

screen category, as corroborated by the analysis of textual features above.

Lastly, we investigate phonetic features between the source and tar-
get segment as an indication of lip sync. As in the previous analyses, we
expect that on-screen dubbing will have a greater articulatory similarity
between source and target. This can be translated into a higher percent-
age of phoneme matches, especially bilabials (p, b, m), labiodentals (f,
v), open vowels (a, E, @, 6, etc) and lip-rounded vowels (U, w, o, etc)
(Miggiani, [2019). These features are the most visually noticeable, and thus
are taken into consideration for lip-sync dubbing. Segments were synchron-

ically aligned such that the onset of the speech in both languages matches.
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This allowed us to look at the degree of phonetic overlap depending on the
screen-value category. The phonetic overlap does not necessarily require
a phoneme-to-phoneme correspondence, but a phonetic class-to-phonetic
class correspondence would be sufficient to create the effect of lip sync.
For example, matching the phoneme p to a phoneme of the bilabial class,

e.g. b, in the target creates the same effect as matching it to the same

phoneme.
phonetic class ‘ ON OFF MIXED
dento-alveolo-postalveolar-c | 17.2 17.4 17.2
pause 16.2  15.0 12.0
back-round-v 8.0 8.3 7.8
mid-open-v 7.8 8.0 7.5
velar-c 7.1 6.8 6.9
bilabial-c 6.0 5.9 5.4
close-v 4.7 4.5 4.5
labiodental-c 1.2 1.0 0.7

Table A.6: Percentage of phonetic class correspondence between source and target for the

three classes. ’¢’ stands for consonant and v’ for vowel.

Results for the three classes are presented in Table[A.6] We found no sta-
tistically significant differences between the ON and OFF groups for most
phonetic classes. However, the match percentage for pauses is higher for
ON-screen segments. Respecting the pauses is important in on-screen dub-
bing, since they correspond to a closed mouth or separate prosodic phrases
and thus the existence of a voice would be noticed as a discrepancy by the
viewers. The lowest overlap is found for the mixed class, confirming that it
is the odd one out. Yet, the percentages of phonetic overlap are in general
low. One explanation is that the dubbing in Heroes does not give emphasis
to lip sync as in classical dubbing. It is possible that Heroes, being a series
and not a featured film, has more flexible synchronisation requirements,

what has been called Simil sync. Simil sync is halfway between dubbing
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and voice over: like dubbing but unlike voice over, it respects isochrony;
unlike dubbing but like voice over, it does not respect lip sync (Sileo|, [2020)).
These findings corroborate our observations during the annotation phase,
which observed the presence of isochrony but no perfect lip sync.

Our analysis based on textual, prosodic and phonetic characteristics
did not reveal any differences between on- and off-screen dubbing. Our
findings are rather disappointing and contrary to the literature in AVT,
which suggests that translation for dubbing has particular characteristics
imposed by the synchronisation requirements. However, due to the limited
nature of the study, the findings cannot be generalised to on-/off-screen
dubbing. Our data consists in 20 episodes of Heroes, dubbed in only one
target language. The degree of synchronisation applied to a dubbing trans-
lation depends on several factors, such as the translation instructions, the
time given to translators to complete the task and the working conditions.
For example, series have less synchronisation requirements and even inside
the series genre, the degree of synchronisation depends on the target au-
dience, the language (variety) and the cost of production (Luyken et al.,
1991). Due to copyright issues, dubbing translators may often translate
without access to the video, therefore without knowing when they have to
apply synchronisation. All these external factors influence the translation
strategies and, as a result, the characteristics of on-/off-screen dubbing at

all linguistic levels.

A.3 The two shades of dubbing in NMT

We now work on the hypothesis that, if there is no difference between
on/off-screen dubbing in Heroes, as suggested from the corpus analysis
above, an MT system should achieve comparable performance across the
different classes. If this is not the case, there should be different dubbing
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strategies mirrored in the translation, possibly due to synchronisation con-
straints. To validate this hypothesis, we test the performance of an NMT

model for on/off-screen dubbing.

A.3.1 Experimental setting

Data: We create a test set by randomly selecting 400 sentences from each
class, paying attention to avoid data leakage to the training set. From the
remaining sentences, 10% from each class are sampled to form the develop-
ment set. Since the number of sentences among the classes is unbalanced,
we over-sample the two smaller classes (OFF and MIXED) until they reach
the size of the ON class, resulting in a training corpus of 9,500 sentences. In
order to obtain reliable results, we perform three rounds of cross-validation
and report the mean and standard deviation of BLEU scores.

Base model: We pretrain an NMT model on a total of 67TM paral-
lel sentences from the OPUS project,ﬂ containing OpenSubtitles ([Lison
and Tiedemann|, 2016)), Europarl (Koehn, 2005), GlobalVoicedy, MuST-C
(Di Gangi et al., 2019a)), WIT? (Cettolo et al| [2012)). All data are seg-
mented into subword units using SentencePiece (Kudo and Richardson,
2018) with a 40K joint vocabulary. The model is based on the Trans-
former (big) architecture (Vaswani et al., 2017)) of the fairseq toolkit (Ott
et al., [2019). It is trained with label smoothed cross-entropy and 0.1 label
smoothing. For optimisation, we use Adam (Kingma and Ba, 2015) with
an initial learning rate of 1x10~7, which increases linearly up to 0.005 for
4000 warm-up steps, and then decreases with the inverse square root of the
training step. Dropout is set to 0.3 for all layers except for the attention
layer, where dropout is set to 0.1. The base model achieves a BLEU score
of 31.47 on the WMT’13 English—Spanish test set (Bojar et al., 2013).

Thttp://opus.nlpl.eu/
8http://opus.nlpl.eu/Global Voices-v2017q3.php
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Proposed models: We customise the base NMT model to the dubbing
domain by fine-tuning on the Heroes data. Given the scarcity of training
material, we concatenate data from all classes and follow two different
strategies: 1) simply fine-tuning on all the dubbing data (ft-heroes) and
2) fine-tuning with target forcing, as in multilingual translation (Johnson
et al., [2017). This technique has been shown to be beneficial not only for
mixing data from different languages, but also to achieve style transfer (Niu
et al., 2017) and to control attributes of the target text, such as politeness
(Sennrich et al., [2016a)). Since the third class (MIXED) is essentially a
mix of ON and OFF, we experiment with two tagging strategies for target
forcing: a) we distinguish the 3 classes with the tags <ON>, <OFF> and
<MIX> (ft-3tags), and b) we use only the <ON> and <OFF> tags, by
annotating the ranges for on/off-screen text in the MIXED class (ft-2tags).
For example, based on the second strategy, the sentence “No problem,
robot”, would be annotated as <OFF> No problem, <ON> robot. The
second strategy is inspired by the use of dubbing symbols in the actual
dialogue lists (Chaume, 2012)), therefore it explores the possibility of a
direct application in the dubbing industry.

Additionally, we apply the previous work attempting to integrate dub-
bing constraints in NMT (Saboo and Baumann, 2019) to our ft-2tags model
(syll-rescore). We use a beam search of 20 and select the hypothesis with
the closest source/target syllable ratioﬂ to the target syllable ratio observed
in our data (0.9). Compared to previous work, we use a smaller beam (20
instead of 50) because we found that, in 90% of the sentences, at least one

candidate matching the target ratio was found among the hypotheses.

A.3.2 Results

The BLEU scores for the models described above are shown in Table [A Tl

9Computed with the Pyphen package: https://pyphen.org/
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Model Total ON OFF MIXED

base 21.32 061y  21.30 (0.5 24.04 044y  20.07 (1.22)
ft-heroes 26.54 (3.09) 25.89 (2.6 30.40 (4.2 24.95 (3.09)
ft—3tags 27.45 (3.1) 25.82 (2.23) 31.11 (4.01) 27.01 (3.01)
ft-2tags 27.50 3.09) 26.63 247y 30.84 43y  26.33 (3.76)
syll-rescore | 22.80 23.31 23.71 24.11

Table A.7: BLEU scores for different systems for the entire test set (Total) and the three

classes. Mean and StDev (in parentheses) of 3 cross-validation rounds.

On/Off-screen dubbing: Fine-tuning on the Heroes data (ft-heroes)
gives an increase from 21.30 to 25.89 BLEU for ON (+19%), from 20.07 to
24.95 for MIXED (+19%) and from 24.04 to 30.40 for OFF (+24%). The
score for the OFF class is higher under all conditions, showing that off-
screen dubbing is less challenging for NMT. Fine-tuning on in-domain data
is in general expected to bring performance gains. Based on the evidence
shown, we cannot establish whether the model is simply fine-tuned to the
style and vocabulary of the Heroes TV series, or to the dubbing task.
Hypothetically, if we could fine-tune on another dubbing dataset, we would
still likely see performance gains. This would be an indication that, even
though the base model is trained on corpora of the spoken domain, dubbing
is a particular sub-domain with its own particularities in terms of style and
orality.

Tagging: Target forcing gives a ~1 BLEU point increase, showing that
it helps the NMT system adapt to different styles and particularities even
inside this sub-domain. For the ON class, the increase comes only when
the MIXED data are separated in ON and OFF (ft-2tags), since this is the
only condition when NMT receives more ON data. In this condition, there
is a slight drop in BLEU for the MIXED class, possibly because the mix of

tags increases the complexity of the source sentence.

Syllablic rescoring: When applying isochrony constraints to select the
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translation candidate with the most similar number of syllables to the
source, the translation performance is compromised. This drop is in line
with [Saboo and Baumann (2019) who attempted to balance the trade-
off between isochrony and translation quality, but without making any
on/off-screen distinction. Our results show an interesting tendency; while
the drop for ON and MIXED when applying synchronisation constraints
is 3 BLEU points, for OFF the score drops by 7 points. As a result, the
translation performance for all the classes flattens to ~23-24 BLEU points.
This finding suggests that for off-screen dubbing, applying synchronisation
constraints is not required but rather detrimental. On the other hand, the
compromise for the classes containing on-screen dubbing is smaller, which
advocates for the presence of some isochrony constraint for ON and MIXED.
Still, the drop in translation performance indicates that isochrony is not
the only constraint affecting the translation, but the need for adaptation to
the target language norms and the language of ‘dubbese’ should be further
explored in NMT for dubbing.

A.3.3 Analysis

The BLEU scores and the improvements from fine-tuning are higher for the
OFF class. Our first hypothesis was that this difference is due to different
contents/styles in the on/off test sets; for example, off-screen contains more
narratives that are easier to translate, whereas on-screen more informal
language. However, the majority of segments come from dialogues between
characters, and narratives account only for around 10 segments in the whole
corpus. Since the styles of the source segments are comparable, the lower
BLEU scores for the ON and MIXED class suggest that (partially and
fully) on-screen dubbing is highly constrained translation, which depends
not only on semantics, but on factors to which the NMT model does not

have access, such as phonetics and visemics. Therefore, this difference

297



A.3. THE TWO SHADES OF DUBBING IN NMT

should be investigated in the interplay between the source and target in

terms of translation solutions.

Model ‘ON OFF MIXED

Human 347 363 398
ft-2tags 304 339 348
syll-rescore | 335 370 374

Table A.8: Perplexity on a general Spanish language model for human dubbing and two
MT outputs.

To account for the difference in BLEU, we compute perplexity of the
human dubbing and NMT outputs on a 5-gram language model (Heafield
et al., 2013) trained on a corpus of general Spanish language (Cardellino,
2019) (Table[A.§). A lower perplexity and lower BLEU score for ON sug-
gests that there is increased naturalness for on-screen human dubbing,
imposed by the need to create realistic dialogues, in line with the factors
above. This results in creative translations that rely less on the lexical
choice, structure and word order of the source text; NMT systems nor-
mally lack this creativity. Indeed, for human dubbing the conformity to
the target language norms has been claimed to be more important than fol-
lowing the source text structure or generating a perfect lip-sync (Chaume,
2012 Pavesi, 2008). On the other hand, a higher BLEU and higher per-
plexity for OFF indicate less creative solutions, closer to the source, and
therefore more predictable for the NMT system. With a low BLEU and
high perplexity, MIXED is once again the most particular class, where the
mix of dubbing strategies creates a linguistic hybrid['Y] This tendency is
copied in the NMT outputs, which however are less surprising under all
conditions, suggesting that they are more plausible as general language,
but they do not reflect the orality of dubbed texts. The high perplexity

00n a language model of English, no difference in perplexity was found between ON and OFF, (0.1
points) while perplexity was higher for MIxED (10 points).
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for OFF under syll-rescore is another indication that syllabic rescoring is
harmful, since it leads to translations that are erroneous or not plausible

in the target language.

A.4 Conclusions

We have explored for the first time the characteristics of on/off-screen
dubbing from a computational perspective. To this end, we annotated the
Heroes corpus, distinguishing between the two shades of dubbing. Our an-
notation is an important starting point towards fulfilling the multimodal re-
quirements necessary for fully functional dubbing engines which will incor-
porate detection of visuals for identifying the shade and deciding whether
to apply synchronisation (Nayak et al., [2020). Our corpus-based analysis
showed that synchronisation is hardly discernible at the textual level, since
distinctive text features to tell apart on/off-screen dubbing are particularly
hard to find. A further analysis of the prosodic and phonetic features in the
corpus did not reveal any differences in dubbing actors’ voice modulation or
lip sync strategies between on/off-screen dubbing, at least in the examined
corpus. Despite the lack of distinctive features at the textual, prosodic and
phonetic level in our dataset, NMT seems to suffer from a (still) elusive dif-
ference between on/off-screen dubbing, as witnessed by lower BLEU scores
for ON and MiXED. We have further shown that isochrony constraints
significantly detriment NMT performance for off-screen dubbing. Under-
standing the language of dubbing is still an open problem. We hope that
our findings will set a first cornerstone towards the successful integration
of NMT, and potentially ST, in dubbing.
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System

Task MT, ST, fully automatic subtitling etc.
video, audio, text;

System Input/Output and granularity subtitles, sentences, documents, timestamps;

pre-/post-processing

Evaluation criteria
Type Quality, conformity, accuracy, productivity, etc.

Content (translation), form (length, segmentation),

Aspect i } )
time (reading speed, spotting)
Data
Language(s) Language (variety)
Size Clips, minutes, sentences, tokens, etc.
Format Video, audio, plain text, xml, srt, etc.
Content Genre, scripted /unscripted, single/multi-speaker
Participants
Number Per language pair/total
Type Expert, how related to the authors,
paid/offered course credit/voluntary, etc.
) Language skills, subtitling skills, PE skills,
Expertise ) _ _
expertise with the tool/interface
How recruited Agency, online, etc.
Remuneration

Experimental setting
Type PE-based, rating, error annotation etc

. Description and functionalities,
Tool /user interface ) ) , )
video display, audio available

. Timestamps considered /ignored,
Requirements .
format aspects and constraints

L Size, list or range of possible response values,
Scale or other rating instrument
how presented to evaluators

. . Training, warm-up sessions, guidelines,
Information given to evaluators ] i ] ]
instructions, verbatim question/prompt /etc.

. . in the lab, remotely,
Experimental conditions ]
on crowdsourcing platform, etc
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