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ABSTRACT
Continuous Sign Language Translation with Pretrained Large Language Models for

Turkish Sign Language (TID)

Sign Language Translation (SLT) is a machine learning task that aims to provide
accessibility systems for the deaf and hard-of-hearing community. With the recent
advances within the area, SLT technologies have shifted towards large-scale training
with pretrained large language models (LLMs). However, most technologies and
datasets are provided for American Sign Language (ASL) and British Sign Language
(ASL). To achieve similar advances for Turkish Sign Language (TID) translation, we
are proposing the first large-scale open-source translation dataset for TID,
comprising over 500 hours of video footage and aligned Turkish translations by
utilizing publicly available YouTube content. In this work, our dataset provides a
scalable and reproducible framework for SLT research. We propose a comprehensive
translation system with various inter-changeable components designed for SLT on an
agglutinative language to compensate for the learning alignment between both low-
resource languages, namely TID and Turkish. This body of work compares feature
extraction strategies (Linear layers, Multi-layer Perceptrons, and Convolutional
encoders), model sizes, and their pretraining approaches (multilingual versus
Turkish-specific) to the effect on sign translation performance. Innovative training
and evaluation techniques, including paraphrasing-based reference generation and
sign language-specific augmentations, are also introduced for developing an SLT

benchmark for TID.



OZET

On-egitimli Dil Modelleri ile Tiirk isaret Dili icin Isaret Dili Cevirisi

Isaret Dili Cevirisi (Sign Language Translation - SLT), isitme engelli ve isitme
giicliigii ceken bireyler i¢in erigilebilirlik sistemleri saglamay1 amaglayan bir yapay
O0grenme gorevidir. Bu alandaki son gelismelerle birlikte, SLT kapsaminda
gelistirilen teknolojiler, biiyiik dil modelleri (Large Language Models - LLMS) ile
biiyiik 6lgekli egitime dogru kaymistir. Ancak, mevcut teknolojiler ve veri setlerinin
biiyiik cogunlugu Amerikan Isaret Dili (ASL) ve Ingiliz Isaret Dili (BSL) igin
mevcuttur. Tiirk isaret Dili (TID) icin bu yeni teknolojilerin uygulanabilmesini
saglamak amaciyla, 500 saatten fazla video igerigi ve bunlara hizalanmig Tiirkge
cevirilerden olusan, kamuya agik YouTube igeriklerini kullanarak olusturulmus ilk
biiyiik 6lgekli acik veri setini Oneriyoruz. Bu veri seti, SLT aragtirmalari i¢in
Olceklenebilir ve tekrarlanabilir bir cergeve sunmaktadir. Bu ¢alisma, isaret dili ¢eviri
performansi tizerindeki etkilerini inceleyerek farkli 6zellik ¢ikarim stratejilerini
(Lineer katman, Cok Katmanli Algilayici (MLP), Evrisim (Conv1D) kodlayicilar),
model boyutlarini ve 6n egitim yaklasimlarini (¢ok dilli veya Tiirkce’ye 6zgii)
karsilastirmaktadir. Ayrica, dil odakli uygulamalara yonelik teorik bir temelden
tiiretilen, referans geviri artimi i¢in yeniden ifade (paraphrasing) ve isaret dili odakli
veri artimi (augmentation) yontemleri ile bu ¢alismada Tiirk Isaret Dili’nden

Tiirkge’ye ¢eviri i¢in denektast sistemi saglamaktadir.



ACKNOWLEDGMENTS

I would like to express my deepest gratitude to my advisors, Prof. Lale Akarun and
Assoc. Prof. Kadir Gokgoz, for their invaluable guidance, support, and patience
throughout this work. | am especially thankful to Prof. Lale Akarun for accepting me
as a master’s student and providing me the opportunity to work on various projects
that ultimately made this thesis possible. | am equally grateful to Assoc. Prof. Kadir
Gokgoz for his unwavering support and insightful guidance, starting from my
undergraduate years, that made this interdisciplinary work on Turkish Sign
Language, forming the core of this thesis. It has been an honor to work with them on
this work, prior projects, and possible future projects.

I would also like to extend my sincere thanks to Prof. Murat Saraglar for his
support, not only as a committee member but also for his invaluable feedback
throughout this work. | am particularly grateful for the opportunities he provided to
work on base systems, which served as an inspiration for the work presented in this
thesis. My heartfelt thanks go to Assoc. Prof. Bahtiyar Makaroglu and Assist. Prof.
Umit Atlamaz for their valuable feedback on both the theoretical and applicational
aspects of this work. Their perspectives and suggestions have been crucial in refining
this work.

I am deeply grateful to the TABILAB group at Bogazici University’s
Computer Science Department for their help in training their model, TURNA, which
played a key role in this work. I would like to specifically thank Prof. Tunga Giingér,
Prof. Suzan Uskiidarli, and Dr. Onur Giingér for their invaluable insights and
guidance on training and evaluating the model. I am also thankful to Gokce

Uludogan and Zeynep Yirmibesoglu for their support and contributions to the

Vi



implementation of the model, which significantly facilitated the progress of this
research.

| extend my sincere thanks to my fellow researchers in our lab, PILAB,
particularly Ogulcan Ozdemir and Mehmet Ozer, for their unwavering support and
insightful brainstorming sessions. Their ideas and collaborative spirit have been
incredibly valuable to the development of this work.

The computations in this thesis are partially performed at TUBITAK
ULAKBIM, High Performance and Grid Computing Center (TRUBA resources), and
EuroHPC LUMI, whose funding and resources were instrumental in completing this
research. We acknowledge EuroHPC Joint Undertaking for awarding project 1D
EHPC-AI-2024A03-075 access to LUMI at CSC, Finland.

Finally, | owe my deepest gratitude to my parents, Elif and Orhan, and my
little brother, Daghan, whose endless support and compassion have been the
foundation of my pursuit of science. Their unwavering belief in my abilities and their

encouragement through every challenge have been my greatest source of strength.

vii



To my parents....
Under the light of my father’s wisdom and the glow of my mother’s heart, each step

finds its purpose.

viii



TABLE OF CONTENTS

CHAPTER 1: INTRODUCTION .....ooiiiiiiiiieiieeiee e 1
1.1 Task definitioN.........ccooviiiiiice e 3
1.2 Task apPliCALION ......ceeviiieiice e 5
1.3 Task SIGNITICANCE........ccueiiiieee e 9
1.4 Task HMITALIONS .......ceiveiiiieeeer s 10
1.5 CONIIDULIONS ... 14
1.6 TRESIS OVEIVIEW......cieieiiiiiiiieiest ettt 15
CHAPTER 2: RELATED WORKS ... ..o 17
2.1 DALASELS ...eoiieiiiiiie i 17
2.2 Sign language reCogNItioN .........ccveiveiiieieeie e 25
2.3 Sign language translation ..............ccceeeiieiesiee i 26
CHAPTER 3: DATASET ... 36
3.1 Dataset STALISICS .......cvevrreriiieiiiterieieie e 37
3.2 Dataset COHBCTION .......ccoouiiiiiiiie e 40
3.3 Dataset Pre-ProCeSSING .....vccveiveiierreiieie e see e e se e sre e, 42
3.4 Dataset POSt-PrOCESSING ......ccueiieiierriiieieeiesee e re e se e sre e e, 47
CHAPTER 4: METHODOLOGY ..ottt 49
4.1 Neural machine translation task ............ccocveiiiiiienneen 49
4.2 Feature transformation ...........ccccooeiiiiiinenieeeee e 51
4.3 Feature NOrmalization..........cccoveiiieniiisisieee e 56
4.4 Pre-trained large language models (LLMS).......cccoceiiiiniiinininicieiene, 57
4.5 SCOMNG weiviiiieiteite ettt bbbttt bbb bbb 60
4.6 Parapirasing ........ccoceiiiiiiiiieiee et 61



4.7 POSE AUGMENTALION. ......eiveiireieiiesieeie e se e e ee e ae e sreesae e sreeaesneenreas 63

CHAPTER 5: EXPERIMENTAL SETUP......ooiiiiieeee e 65
5.1 P0SE ESIMALION. .......eviiiiiiiiieiest e 65
5.2 Dataset CONFIQUIALION .........cceiveiierieiieie e 69
5.3 Training configUration............cccevveiiiiieieeie e 71
5.4 Generation configuration.............ccccvvieieeiesie e 72
5.5 Evaluation protoCol ..........ccceiieiiiiiiiese e 72
5.6 TOONS ...t e 73
CHAPTER 6: EXPERIMENTAL RESULTS ... 74
6.1 Comparison between model SIZES ........coevvivieiiiiiiiieiece e, 75
6.2 Comparison between enCoder tYPES.......ccccvvieeieeireiieieere s 79
6.3 Addition of paraphrasing and pose augmentation in training ................. 84
CHAPTER 7: DISCUSSION ..ot 90
7.1 INPUEMOCAITLY ..o 90
7.2 Paraphrasing and linguistic difference ..........cccoccoveveiiiiie i, 92
CHAPTER 8: FUTURE WORK ... 100
8.1 COrPUS CrEAtION ....ueevieeiicieecie ettt ra e ens 100
8.2 Improvements 0N arChiteCtUre ...........cccevveveeie i 102
CHAPTER 9: CONCLUSION ... ..ottt 104
APPENDIX A: OVERALL EXPERIMENTS......ooiiiii e 106
REFERENGES...... ..ottt ettt e 110



LIST OF TABLES

Table 1. Overview of Sign Language Translation Datasets............c.cccceevivereiieennnn. 24
Table 2. Dataset Composition: Unique Videos, Clips, and Duration ....................... 38
Table 3. Clip Length Analysis Across Dataset SUDSELS ..........ccccevveieiieiieie e, 38
Table 4. Model Parameters for Initializing MediaPipe Holistic Pipeline................. 65
Table 5. Hyperparameters of mT5-small, mT5-large, and TURNA Models............ 69
Table 6. Statistics 0f the SC SPlit..........cccoeieiiiiiie e 70
Table 7. Statistics 0f the LC SPlit .........coviieiieiiie e 70
LIST OF APPENDIX TABLES

Table A1. Experimental Results for SLT on SC Dataset (Development and Test
SCOTES .t 106
Table A2. Experimental Results for SLT on SC Dataset with Augmentations
(Development and TESt SCOTES.......c.ccveieeirieieieeie e 107
Table A3. Experimental Results for SLT on LC Dataset (Development and Test
SCOTES .ttt 108
Table A4. Experimental Results for SLT on LC Dataset with Augmentations

(Development and TSt SCOTES.......cc.eivireriririiieeee e, 109

Xi



LIST OF FIGURES

Figure 1. Overview Of the SLT tasK.........ccccceiiieiiiieiiese e 1
Figure 2. Common architectures proposed in the literature for SLT ...........c..cee.e.... 30
Figure 3. The dataset content of UNIQUE SIGNETS.........cceveeiieieiiere e 36
Figure 4. Distribution of clip durations across SUDSELS ..........ccccevevveierieerecviesienn, 39
Figure 5. The category distribution across clips on both SC and LC datasets.......... 40

Figure 6. Illustration of audio caption and signing span alignment: blue shows the
audio-caption span, green the signing span, red null signing, and yellow the
added offset for full signing COVErage.........ccouevvviieiicieiiece e, 45

Figure 7. The figure shows the overall pipeline of the fine-tuning stage ................. 50

Figure 8. Visualization of normalized vs. unnormalized pose sequences: first column

(red) shows unnormalized skeletal data, while the second (purple) displays

normalized cues—pose, left hand, right hand, and face.............c.ccccoveeeenen. 57
Figure 9. The original Transformer architecture.............cccocoeveveeiiicii s, 59
Figure 10. Components of experimental setup in serial order .............cccecvevveieenenn. 65

Figure 11. BLEU-4 results on test set for all experiments, with a vertical red line-
separating models trained on SC or LC SUDSEL ........ccccoviieiieiiiieciece e, 74
Figure 12. BLEU-1 and BLEU-2 performance comparison by model type across SC
development and tESE SEES ........oii i 76
Figure 13. BLEU-3 and BLEU-4 performance comparison by model type across SC
development and tESE SELS ........cii i 77
Figure 14. BLEU-4 performance comparison by model type across LC development

AN TS GBS .. eeeveeieieeeeeeeeeeeeeeeeeeeee et e e e e eeeeeeeeeeeeeeeeeeeeeeereeeeeeeeeeeeeeeeeeererereeererneeneens 79

Xii



Figure 15. BLEU-4 performance comparison by encoder type across LC
development and teSt SELS........cveiviiieiiee e 80
Figure 16. BLEU-1 and BLEU-2 performance comparison by encoder type across
SC development and teSt SELS .......viveiveiiiiereee e 81
Figure 17. BLEU-3 and BLEU-4 performance comparison by encoder type across
SC development and teSt SELS .......viviiieiiiiese e 83
Figure 18. Comparison of BLEU-1 to BLEU-4 scores between paraphrased and non-
paraphrased SC and LC teSt SELS ......covviviiiei e 84
Figure 19. BLEU-4 performance comparison on effect of augmentation across
model and encoder type configurations for SC subset...........c.cccevviiieiiennenn, 86
Figure 20. BLEU-4 performance comparison on effect of augmentation across
model and encoder type Configurations for LC subset..........c.ccccccvvvveiveennenn, 87

Figure 21. The width distribution of annotated bounding boxes across videos........ 90

Xiii



ABBREVIATIONS

ASL American Sign Language

ASR Automatic Speech Recognition

BERT Bidirectional Encoder Representations from Transformer
BSL British Sign Language

CNN Convolutional Neural Network

ConvlD  1-dimensional Convolutional Neural Network

CRF Conditional Random Field

CSL Chinese Sign Language

CSLR Continuous Sign Language Recognition

Ccv Computer Vision

DGS German Sign Language (Deutsche Gebardensprache)
E-TSL Educational Turkish Sign Language

GCN Graph Convolutional Networks

GELU Gaussian Error Linear Unit

GPT Generative Pretrained Transformer

HMM Hidden Markov Models

HOG Histogram of Oriented Gradients
13D Inflated 3D Convolutional Networks
IDT Improved Dense Trajectory

LLAMA  Large Language Model Meta Al

LLM Large Language Model

MBART  Multilingual Bidirectional and Auto-regressive Transformer
MLP Multi-layer Perceptron

MT Machine Translation

Xiv



NLP Natural Language Processing

NMM Non-manual Marker

NMT Neural Machine Translation
OF Optical Flow

RNN Recurrent Neural Network
SLL Sign Language Linguistics
SLP Sign Language Production
SLR Sign Language Recognition
SLT Sign Language Translation

ST-GCN Spatio-Temporal Graph Convolutional Networks

STMC Spatio-temporal Multi-cue

T5 Text-to-Text Transfer Transformers
TID Turkish Sign Language (Tiirk Isaret Dili)
uL2 Unifying Language Learning Paradigms

VK-G2T Vision and Context Knowledge enhanced Gloss2Text

VLLM  Vision Large Language Model

XV



CHAPTER 1

INTRODUCTION

Sign Language Translation (SLT) is a multi-disciplinary field, spanning various
research domains, including Computer Vision (CV), Natural Language Processing
(NLP), and Sign Language Linguistics (SLL) (Bragg et al., 2019). The core objective
of SLT is to translate sign language input into spoken or written text, converting
linguistic information from visual modality to textual as shown in Figure 1. This task
has been studied for over two decades to develop systems for the deaf and hard-of-
hearing communities, aiming to overcome the communication barrier between sign

language users and those who rely on spoken languages.

GLOSS: YOU GET-USED-TO BE~GOOD
TURKISH TRANSLATION: Sen de buna alissan iyi edersin.
ENGLISH TRANSLATION: You better get used to it too.

Figure 1. Overview of the SLT task

However, this is not an easy challenge since we need to transform a
continuous visual language into another spoken discrete language with limited to no
intermediate information, as shown in Figure 1. One of the challenges stems from the
complexity of the sign language modality. Unlike spoken languages, sign languages

are multi-cue, meaning there are simultaneous articulators, such as hand gestures,



facial expressions, body movements, and other non-manual markers to convey
different linguistic information (Brentari, 1998, 2010; Stokoe, 1980; Wilbur, 2013).
Developing systems for understanding this complex information set requires a large-
scale dataset where the models learn various information, which is shown to be an
effective approach in the recent advancements in artificial intelligence systems such
as ChatGPT (OpenAl et al., 2024), and LLaMa (Touvron et al., 2023). However,
these models are trained on billions of sentences to learn representations for language
(Naveed et al., 2023), while it is not the same case for sign languages, where the data
is scarce. Because of both the complexity and the low-resource nature of sign
languages, they often result in challenges to the development of real-time usable sign
language translation systems. Nevertheless, SLT research has improved significantly
over the past two decades. From earlier approaches, models relied on heuristic
methods and manual labor-intensive annotations to represent sign language
information. These systems often lacked robustness and generalizability regarding
their data and methodology. With advancements in machine learning, current
methodologies employ pre-trained transformer-based architectures (Gueuwou et al.,
2023; Rust et al., 2024; Tanzer & Zhang, 2024; Uthus et al., 2023; Zhao et al.,
2023a) that leverage deep learning models in textual domains to adapt to sign
language modality. The research has demonstrated that these models learn
representations of sign languages about their spatial and temporal information and
semantic information in alignment with their spoken language counterparts.

Despite these advancements, SLT still has several persistent challenges. As
we have discussed, one major limitation is the scarcity of large, diverse datasets
necessary for training machine learning models. However, this challenge has been

tackled, and exponential improvements have been obtained within the last 3-4 years



with the development of open-access data collection from YouTube or by archives of
TV channels (Albanie et al., 2020, 2021; Gueuwou et al., 2023; Uthus et al., 2023).
Yet sign languages vary widely across different regions and communities, and
collecting comprehensive datasets that capture this diversity is resource-intensive,
and researchers working on less-studied sign languages may lack access to large-
scale resources similar to the aforementioned studies.

Moreover, accurately representing the complex features of sign languages—
such as simultaneous gestures and subtle non-manual cues—still remains a
challenging task. This complexity requires sophisticated representation techniques
and architectures that can learn representations from continuous visual information in
sign language data.

Addressing these challenges is imperative not only for technological progress
but also for promoting inclusivity and accessibility systems in general. Improved
SLT systems have the potential to bridge communication gaps, and empower the
deaf and hard-of-hearing communities; however, there are almost no technologies
provided with real-world applications. By advancing research at the intersection of
CV, NLP, and SLL, we can develop more robust translation models that meet the
practical needs of their users. In this section, we will delve into applications

regarding sign language translation and the challenges posed by current literature.

1.1 Task definition

The primary objective of SLT is to enable the automatic translation of spoken
language text from continuous sign language input. This process involves converting
sign language data, such as American Sign Language (ASL) or Turkish Sign

Language (TID), presented in modalities like video recordings, gloss annotations, or



linguistic notations into the written representations of their respective spoken
languages, such as English or Turkish.

Unlike word-level translation, namely Sign Language Recognition (SLR),
which learns a mapping between individual glosses (word-level units in sign
language) from given sign language input, continuous sign language translation
captures the full grammatical structure of both signed phrases and their spoken
language counterparts.

Both end-to-end recognition and translation systems rely on encoding
representations into latent representations derived from visual input, such as
pretrained image or video encoder representations or latent features from video
sequences. Alternatively, they may use intermediate representations, such as glosses
or notation systems, to encode continuous sign language into discrete sequences
(Liang et al., 2023; Rastgoo et al., 2021).

The difference between SLR and SLT systems is that the SLR system does
not require learning information about spoken language. This comes from the nature
of the SLR task, as the model learns a many-to-one mapping between continuous
sequences of sign language and a single gloss. In the case of SLT, models learn a
many-to-many mapping between continuous sequences of sign language and a
discrete sequence of written text.

This latter process can be framed as a sequence-to-sequence task, a term that
can be applied to neural machine translation (NMT) but requires different
formulations due to the multi-modal nature of SLT systems (Liang et al., 2023).
Unlike traditional Machine Translation (MT), SLT involves learning the source
language from visual information but also with temporal changes within the

information, making the task closer to video captioning and video understanding



tasks if the problem is formulated as an end-to-end translation problem. However,
due to the end goal of generating coherent text(s), SLT is also closely aligned with

natural language generation tasks. These problems are defined in Section 1.2.2.

1.2 Task application

The transformation from visual to textual modality requires specialized pipelines and
architectures that can encode linguistic information of a sign language from the
visual input and decode linguistic information of textual output if the task is
formulated as a translation task where the alignment between a sign language and a
spoken language text is at issue. To explain how this problem has been formulated in
the literature, we start defining our problem from SLR systems, which focus on
encoding information about sign language, while SLT systems simultaneously

decode textual information.

1.2.1 Sign language recognition

SLR has emerged as the earlier and foundational component where the sign language
translation systems benefit greatly (Rastgoo et al., 2021). This task focuses on
classifying lexical items, or single discrete units of meaning, such as gloss(es), within
sign language videos in isolated forms, in most cases.

Datasets supporting SLR typically pair video input as well as other notation
forms in earlier forms (Bragg et al., 2019), with corresponding labels or glosses, such
as the sign "come" which is the uninflected form of the verb "to come™ or other
lexical items representing specific concepts in the sign language. In some cases,
these datasets may also include static images, such as representations of the sign

language alphabet or other static signs (Dreuw et al., 2006; Zimmermann & Brox,



2017). These datasets have limited representativeness of the syntactic and semantic
structures or any alternation in the sentence if the collection has isolated signs. Yet
the literature on SLR has provided benchmarks on various methodologies and
insights on training models to learn spatiotemporal representations for sign language
understanding, as we will discuss the importance of the task in detail in Section 2.2

Beyond the detection of isolated lexical items, the usage of SLR systems is
further extended in the alignment of sign language sequences with spoken language
sequences on the creation of automatic datasets (Albanie et al., 2020, 2021), making
automatic gloss annotation an invaluable tool for SLT datasets. Similarly, the usage
of recognition has been extended to translation applications. In Continuous Sign
Language Recognition (CSLR) systems, the translation is done by predicting the
possible gloss sequences in a given sign language video for extracting an
intermediate representation from a given video. However, these methodologies are
dependent on prior gloss-prediction and are bound in the methodologies (Camgoz et
al., 2018; Jing et al., 2024; Orbay & Akarun, 2020). These techniques will be

explained in more detail in Section 2.1.2

1.2.2 Sign language translation
SLT involves converting structured linguistic information in sign language into
corresponding spoken or written language forms. This task requires both the spatial
and temporal dynamics of sign language, including body movements and facial
expressions and aligning them with the syntactic and semantic structures of the target
spoken language.

The task of sign language translation is generally considered a sign-to-text

task, whereby sign language input is translated into spoken or written language



output. Text-to-Sign translation, also known as Sign Language Production (SLP),
involves generating signed language output based on spoken language input.
However, we are solely focused on the sign-to-text applications in this work.

The recent literature on SLT models has a greater emphasis on end-to-end
approaches for direct translation from sign language video input to spoken language
text without intermediate information. Intermediary tasks, such as CLSR, were more
prevalent in the earlier literature (see Liang et al. (2023)).

In addition, recent advancements in large language models (LLMs) have
significantly influenced and utilized SLT research. Models such as BERT (Devlin et
al., 2019), GPT (Radford, 2018), and LLAMA, known for their robust textual
language representations, have been integrated into SLT systems to enhance
translation quality. These models have also been influenced by the training
methodology, where the SLT system has started to adapt self-supervised training on

SLs (Gueuwou et al., 2024; Rust et al., 2024; Wong et al., 2024).

1.2.2.1 Gloss-to-text translation

In this approach, models translate sequences of glosses—written representations of
sign language signs—into spoken language text. Here, the gloss provides a
structured, symbolic representation of sign language, which acts as an intermediary
between visual input and textual output. By transforming the continuous video signal
into a sequence of discrete units, the translation task becomes a text-to-text problem.
However, the task is limited to the discrete representations with limited encoding of
various information, often omitting non-manual markers like eyebrow-raising, mouth
gestures, and mouthing cues, which are utilized for the construction of grammatical

features such as questions or negations as well as the lexical distinction in continuous



context (Moryossef et al., 2021). To improve the symbolic representation quality,
various intermediate representations diverge from gloss-level units, such as
HamNoSys (Prillwitz et al., 2008a), and SignWriting (Sutton, 2000). In Section
1.2.3, we will delve into the specific applications and design choices for these

intermediate representations.

1.2.2.2 Sign-to-text translation

This end-to-end approach translates raw sign language signals directly into spoken
language text without relying on intermediate representations, such as glosses. In this
approach, the sign language information is extracted from the continuous visual
input, from raw pixel information learned within the architecture, or from any latent
representation extracted from visual input (Liang et al., 2023; Rastgoo et al., 2021,
Varol et al., 2017).

Moreover, these architectures not only require encoding sign language input
but also decoding coherent grammatical textual output. This requires a text decoder
with an understanding of the contextual representation of the spoken language. This
can be achieved either via alignment-based architectures trained from scratch or the
usage of a pre-trained text decoder, which is more common in recent literature with
the emergence of large language models (Devlin et al., 2019; Radford, 2018;
Touvron et al., 2023).

Indeed, recent literature indicates that such approaches often leverage pre-
trained LLMs to enhance translation quality (Gong et al., 2024; Li et al., 2020; Uthus
et al., 2023). By utilizing the learned linguistic information embedded in spoken
language, these models provide the advantage of initialization of textual

representation with more advantage in these models.



1.3 Task significance

By advancing real-time translation between signed and spoken languages, SLT aims
to achieve effective communication, empowering Deaf and Hard-of-Hearing
individuals to participate fully in the society as well as promoting the cultural
identity of this community. The work on this task also drives broader inclusion and
representation of signed languages within artificial intelligence research and the
overall scientific community in both studies on language and the inclusion of deaf
and hard-of-hearing members in the research as language experts.

Historically, signed languages have been underrepresented in the NLP
literature, leaving a gap in technological advancements for this linguistic modality.
SLT contributes to rectifying this disparity by developing models and datasets that
capture the linguistic richness of sign languages and improving the representation

and involvement of the deaf community in this area.

1.3.1 Importance to deaf and hard-of-hearing community

The SLT task has been studied for the development of technologies on accessibility
and inclusivity for the Deaf and Hard-of-Hearing communities, who often struggle in
daily communication within a spoken language-dominant world. For over 1.5 billion
individuals globally with hearing impairments (nearly 20% of the population),
communication challenges lead to limited access to essential services, social
interactions, and educational opportunities. Among these, approximately 430 million
people experience disabling hearing loss, where traditional spoken communication
may be insufficient or inaccessible, according to the World Federation of the Deaf
(2024). In Turkey, there were 836,000 registered Deaf and Hard-of-Hearing

individuals in 2023, representing 1.1% of the population (The Ministry of Family



and Social Services, 2023). While not all of these individuals use TID as their
primary mode of communication, TID is the primary language for a majority of this

community.

1.3.2 Importance to multi-modal language modeling

The continuous SLT task is also critical for advancing multi-modal language
modeling, an area that examines diverse sources of natural language input beyond
text, such as audio, images, and videos. Sign language inherently aligns visual
information with linguistic information, offering a unique test case for multi-modal
applications. Developing robust SLT systems further amplifies to multi-modal NLP
advancements by deepening our understanding of how to handle non-textual input,
specifically human action input (Varol et al., 2017). As SLT models evolve, they not
only serve the Deaf and Hard-of-Hearing communities but also contribute to multi-
modal advancements that benefit fields like video understanding, augmented reality,

and cross-linguistic translation.

1.4 Task limitations
Various challenges stem from the complexity of the input modality of sign languages
when compared to the input modality of spoken languages, where spoken language-
based NLP research has been a long-studied area with large amounts of resources
and benchmarking systems. In contrast, computational research on sign language is
not a widely studied area with limited dataset access, where we see at most 50-hour-
long datasets until the late 2010’s (Aung et al., 2020; Rastgoo et al., 2021).

When we look at the data size required to train textual models and sign

language models, we see that recent pretrained text models are trained on billions to

10



trillions of sentences using unsupervised learning approaches, followed by further
training on various generative tasks such as text classification, summarization, and
translation. For sign language, by comparison, we are mostly limited to less than a
million instances per sign language. Yet, this limitation of data does not stem solely
from its size, but as explained in the following sections, SLT literature suffers from
various other limitations related to sign language datasets as well as the technologies

for benchmarking on these datasets.

1.4.1 Limitations of sign language datasets

As we have discussed, the datasets are not only about their respective size when
compared to the data required for training textual models for generalization. These
datasets often discard the natural language variety used within the dataset.

This is particularly evident in earlier datasets, such as the RWTH Phoenix
Weather dataset, where the vocabulary is limited to weather-related terms. Similarly,
the Korean Educational Videos dataset only includes vocabulary from course
lectures, discarding practical language usage. More recent datasets, like the JWSign
dataset, limit their scope to translations of the Bible in different languages, restricting
vocabulary to a single domain and category.

This restriction has been addressed in the creation of later datasets, where the
domain of signing is considered in the curation process. For instance, datasets like
CSL-Daily, How2Sign, and YoutubeASL have included open-domain categories in
their data selection. In this current study, we have ensured careful consideration of
the language used in the final development of our dataset. However, this is not the

only issue found in dataset curation, as the collection environment of the dataset also
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restricts both the language production within the dataset and the maximum amount of
data that can be collected.

Up until the most recent literature, most of the data collected for SLT came
from controlled lab environments, where the signer was asked to sign specific words
or sentences. Only a few datasets record conversations between signers with multiple
camera angles (Duarte et al., 2021; Hanke et al., 2020). Although this approach
provides clean data resources and involves the deaf community actively, these
datasets are often limited in size due to the labor-intensive nature of their collection
processes. This limitation is partially alleviated in more recent works, where open-
source videos from YouTube or television channels have been used for dataset
creation.

The limitation is still a challenge for Turkish Sign Language (TID). For TID,
the first continuous sign language translation dataset was introduced in late 2024,
namely the E-TSL dataset, which consists of 24 hours of sign language videos.
However, the dataset is limited to the domain of language use, being restricted to the
educational domain, similar to datasets like KETI or RWTH. To solve this issue, we

propose the first large-scale open-domain dataset for TID in this work.

1.4.2 Limitations of benchmarking

The literature on SLT offers a range of architectures proposed with unique solutions
to the task, addressing challenges from input representation to translation
architectures. These methodologies primarily focus on handling the complexity of
input representations and aligning spoken language with sign language understanding
through different modalities. Approaches vary from image- or video-based encoders

(Albanie et al., 2021; Camgoz et al., 2018; Koller et al., 2016) to text-aligned
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contrastive training strategies for contextual representation of pose information
(Gong et al., 2024; Wong et al., 2024).

While this variation in methodologies enriches the field, it also creates
challenges in selecting optimal benchmarks for developing baseline methodologies
and comparing results across new datasets. The lack of standardized benchmarking
methods complicates the evaluation and comparison of SLT systems, particularly as
datasets and input modalities become more diverse.

Some efforts, such as those implemented in the JoeyNMT framework, have
contributed to SLT benchmarking, particularly for small-scale datasets (Kreutzer,
Bastings, & Riezler, 2019). More recently, the emergence of large-scale datasets,
such as the YoutubeASL dataset (Uthus et al., 2023), has introduced significant
improvements in baseline methodologies. For instance, the adoption of pretrained T5
(Raffel et al., 2020) models for SLT with a single projection layer have established a
robust baseline for evaluating new representation models in YoutubeASL, and it
serves as a benchmark for new datasets. However, this method provides only a
singular approach and lacks a systematic comparison of key components, such as
optimal encoder layers, model size, or pretraining language.

This work conducts comparative experiments on each component to address
this gap, including input representation strategies, model configurations, and
pretraining approaches. By doing so, we provide a comprehensive benchmarking
framework and establish baseline scores for our proposed TID dataset, ensuring a

robust foundation for future research and dataset evaluation.
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1.5 Contributions

The first contribution of this body of work is the introduction of the largest dataset
ever proposed for SLT in TID after the E-TSL dataset (Oztiirk & Keles, 2024),
which consists of 24 hours of lecture footage focused on 5th to 8th-grade science
education, whereas this newly proposed dataset expands coverage to over 500 hours
of video footage of daily language from open-source content on YouTube. This
increase in size and diversity in TID data enables various research on not only TID-
based applications but any SLT research in the future.

The thesis also provides extensive methodological work on Sign Language
Translation (SLT) using pre-trained large language models (LLMSs) in terms of
dataset availability, model evaluation, and linguistically informed methodologies.
This analysis investigates the impact of key components such as feature encoders,
pretrained model size, and language resources of the pretrained models. The
comparison covers architectures that process various input layers from linear to
convolutional ones.

Additionally, this work evaluates pretrained models of different sizes and
multilingual capabilities, ranging from smaller models like mT5 (Raffel et al., 2020;
Xue et al., 2021) to larger architectures like TURNA (Uludogan et al., 2024), which
is specifically trained on Turkish data. The training and evaluation protocols are
modified to be specific to Turkish and TID, with postprocesses introduced with their
theoretical justification.

Beyond quantitative results, this thesis also undertakes qualitative evaluation
grounded in sign language linguistics, with a focus on the grammatical properties of

the Turkish language and TID. By this approach, we are able to offer a critical
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analysis of current evaluation protocols in SLT research and underline their

limitations.

1.6 Thesis overview

In Chapter 2, we will explain related works, focusing on datasets, SLR, and SLT.
This section provides an extensive comparison between datasets ranging from small,
domain-restricted corpora to open-domain, large-scale resources, as well as a
methodological comparison of the developed translation systems.

In Chapter 3, the proposed large-scale dataset, namely BUTID, is introduced.
This chapter provides detailed statistics, describes the collection process using
YouTube content, and outlines preprocessing and postprocessing steps on both pose
estimation and translation texts.

In Chapter 4, the thesis presents the methodology, including pose
normalization and transformation techniques. It explains the adaptation of pre-trained
LLMs for SLT, explores feature encoder strategies, and describes data augmentation
methods, such as paraphrasing and pose-based augmentations.

In Chapter 5, the experimental setup is detailed, covering the model, dataset,
and training configurations. It compares feature extractors (Linear, MLP, Conv1D),
evaluates pre-trained LLMs (mT5, TURNA), specifies hyperparameters in these
experiments, and finishes with evaluation protocols.

In Chapter 6, experimental results are analyzed quantitatively and
qualitatively. The chapter evaluates model performance using BLEU (Papineni et al.,
2002) scores and examines linguistic accuracy and contextual appropriateness in the

translations.
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In Chapter 7, we discuss challenges in SLT, including input modality,
contextual understanding, and linguistic representation. We evaluate the impact of
paraphrasing and identify areas with cross-linguistic comparisons between Turkish
and TID, providing insights into the development of future models and datasets.

In Chapter 8, future work is proposed, including various improvements
ranging from increasing dataset quality to architectural enhancements for the
ultimate development of a high-quality, multi-disciplinary research domain on TID
combining efforts of both computer science and linguistic research.

In Chapter 9, the thesis concludes by summarizing its contributions, including
the introduction of the first large-scale open-source dataset for TID and a detailed
evaluation of SLT models developed using this dataset, concluding with the possible

directions of future research following this body of work.
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CHAPTER 2

RELATED WORKS

Developing Sign Language Translation (SLT) datasets is crucial for creating models
that translate sign languages into spoken languages. These datasets are necessary for
training and testing models to recognize and translate the unique features of sign
languages, making them a key part of any SLR and SLT system.

However, as outlined in Chapter 1.4, the development of sign language
recognition and translation systems presents significant challenges. One of the
primary obstacles lies in the low-resource nature of sign languages, which makes it
difficult to curate large, diverse, and representative datasets necessary for
representing sign languages and training robust models (Bragg et al., 2019).

In this section, we will extensively examine the production of these systems,
beginning with the challenges and methodologies involved in dataset curation. We
will discuss how the scarcity of labeled data, variations in signing styles, and limited
access to high-quality annotated resources have been overcome in the literature.

Following this, we will delve into the design of computational models that
leverage these curated datasets to effectively process and translate sign language,

addressing both visual and linguistic complexities.

2.1 Datasets

Starting as early as the late 1900s, a large body of datasets have been introduced for
various sign languages, such as American Sign Language (ASL), British Sign
Language (BSL), German Sign Language (DGS), and Chinese Sign Language

(CSL). These resources are used in training and evaluating SLR/SLT systems.
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Early sign language recognition datasets were primarily developed to classify
individual lexical items or specific signs within images or video sequences, namely
for SLR systems. These datasets were typically collected in controlled environments,
such as laboratories or indoor settings, where open-source data acquisition was not
available at the time. Recording methods included the use of RGB cameras (Camgoz
et al., 2016; von Agris & Kraiss, 2010), Kinect cameras (Zhang, 2012), and, in
earlier applications, motion sensors or sensor-equipped gloves attached to the signers
for data collection (Starner et al., 1998). While sensor gloves provided detailed
motion data, they often restricted the natural movement of signers, potentially
affecting the authenticity of sign production (Bragg et al., 2019; Rastgoo et al.,

2021).

2.1.1 Recognition datasets

One of the first works on SLR datasets dates back to the 1990s when datasets were
collected in a controlled laboratory environment using a combination of webcams
and wearable sensors (Fang & Gao, 2002; Starner et al., 1998). As camera
technology advanced, datasets moved beyond sensor-based systems to improved
video capture methods with high-resolution video cameras, enabling the collection of
quality datasets.

For German Sign Language, datasets such as the DGS Corpus (Prillwitz et al.,
2008b), which comprises 560 hours of recorded material with 657,000 annotated
tokens collected from 330 signers across Germany, are the first large-scale datasets
seen in the SLR literature.

In the case of American Sign Language (ASL), datasets like ASLLVD

(Athitsos et al., 2008) include over 3,300 ASL signs, each produced by 1-6 native
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signers, totaling nearly 9,800 tokens. Later on, with their increasing scale, MS-ASL
(Joze & Koller, 2018) offered more than 25,000 annotated videos, covering 1,000
signs performed by over 200 signers. WLASL (Li et al., 2020) provided 68,129
videos of 20,863 ASL glosses. Both of these datasets are the earliest examples of
large-scale open-source datasets in SLR literature.

In Turkish Sign Language (TID), Kinect sensors have been utilized to capture
depth information and body joint landmarks, resulting in datasets such as
BosphorusSign and BosphorusSign22k (Camgoz et al., 2016; Ozdemir et al., 2020).
These datasets include 735 sign and phrase samples from the health, finance, and
everyday life domains, collected using the Microsoft Kinect v2 depth sensor. The
AUTSL dataset (Sincan & Keles, 2020) contains 226 signs performed by 43 different
signers, totaling 38,336 isolated sign video samples. These samples were recorded in
RGB and in depth via improved cameras, providing the first datasets for TID on the
SLR domain.

Similarly, BSLDict (Fenlon, 2010) offers a comprehensive collection of
signing data for British Sign Language (BSL). Even multilingual datasets have
emerged, such as Dicta-Sign (Matthes et al., 2012) in the early literature on SLR
datasets. Each of these datasets focuses on mostly isolated signs, but some include
continuous signing, providing earlier resources for SLR development.

Each dataset proposed demonstrates the importance of increasing the quality
of the data collection technologies, starting from sensory gloves to Kinect cameras,
yielding comprehensive datasets for SLT methods reflecting on the quality of

translation datasets.
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2.1.2 Translation datasets

One of the foundational datasets in Sign Language Translation (SLT) is the RWTH-
Phoenix Weather Dataset for German Sign Language (DGS) (Camgoz et al., 2018;
Forster et al., 2012). Initially developed from low-resolution video footage of
German weather forecasts, this dataset established an early benchmark for SLT
research. The original version included only 3.25 hours of video footage with 1,980
sentence pairs, later expanding to 11 hours of footage and approximately 9,000 sign-
sentence pairs. Another DGS dataset is the SIGNUM dataset (von Agris & Kraiss,
2010), which increased the data size to 55 hours of footage and 33,000 translation
pairs.

These datasets also include gloss annotations for sentence-level
representations. These annotations are done for the different task formulations, such
as gloss-to-text-based SLT or Continuous Sign Language Recognition (CSLR).
nother early contribution to SLT datasets is the BSL Corpus (Schembri et al., 2013),
a resource focused on continuous British Sign Language (BSL) production. This
corpus diverges from the BSL SignBank (Fenlon, 2010), which is a lexical resource
that includes isolated sign annotations. The BSL Corpus focuses on sentence-level
annotations for continuous signing, making it one of the earliest resources for gloss-
to-text SLT application and for supporting phonological and linguistic research. Both
the RWTH-Phoenix Weather Dataset and the BSL Corpus employed extensive
manual annotations, which are both resource- and labor-intensive.

As the field progressed, newer datasets began to emerge in terms of both size
and scope. For example, SLT datasets for Chinese Sign Language (CSL) introduced
greater variability in content and domains. The CSL-Daily dataset (Zhou et al.,

2021b) contains 21,000 sequences, which equates to 23 hours of footage, while the
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CSL100 dataset (Han et al., 2021) features 25,000 sentences with a total duration of
100 hours.

In ASL, How2Sign (Duarte et al., 2021) has 79 hours of footage and
approximately 40,000 translation pairs with extensive data collection that was
obtained with multiple cameras and panoptic studio data included. Another example
is the OpenASL dataset (Shi et al., 2022) provides 288 hours of ASL videos across
multiple domains from over 200 signers.

Most early sign language datasets were collected in controlled environments
where signers were instructed to produce specific signs or sentences. Similarly, most
of them are instruction-based production, meaning that the signing does not occur
naturally but is selected by the curators, which limits the lengths of collecting data,
where the largest collected dataset in the lab environment is limited to 100 hours.

The recent introduction of transformer-based architectures has significantly
influenced the collection and utilization of sign language data, forcing SLT systems
to develop large-scale data training with the curation of this data. Pretrained large
language models, such as BERT (Devlin et al., 2019) GPT (Radford, 2018), LLaMa
(Touvron et al., 2023) have demonstrated the ability to perform complex tasks when
trained on extensive datasets. This trend has motivated the development of newer
datasets with substantially increased sizes when compared to earlier resources.

One of the first datasets produced on this scale for BSL, the BSL-1K dataset
(Albanie et al., 2020) represents a major leap forward, containing 1 million sentence
pairs and covering 1,060 hours of footage. The BOBSL (Albanie et al., 2021) dataset
further extended over the BSL-1K dataset, featuring 1.2 million sentence pairs and
1,467 hours of video content sourced from BBC broadcasts. In this dataset, automatic

sentence alignment was employed to map spoken language content to sign language
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videos, which significantly reduced manual annotation efforts while maintaining
large-scale coverage (Bull et al., 2021).

For ASL, the YouTubeASL dataset (Uthus et al., 2023) stands out as a
notable resource. This open-source dataset initially provided 900 hours of footage
translated into English. Recent expansions of the dataset, namely Youtube-SL-25
(Tanzer & Zhang, 2024) has increased the dataset size to 2,800 hours, covering more
than 25 sign languages. The other similar large-scale datasets, including multilingual
SLT, are the AfriSign dataset (Gueuwou et al., 2023) which has 160 hours of footage
of different sign languages in Africa, and JWSign (Gueuwou et al., 2023) which has
2530 hours of Bible translations of 98 sign languages to demonstrate further the
importance of the scale of pretraining data in SLT.

In the context of TID, the development of SLT datasets has been more limited
compared to other languages such as ASL, BSL, or DGS. The Educational Turkish
Sign Language (E-TSL) dataset (Oztiirk & Keles, 2024) presents the first continuous
dataset for TID. Although not matching the scale of larger ASL datasets, E-TSL
comprises approximately 24 hours of TID footage, totaling 1,418 video clips
featuring 11 different signers. This dataset focuses on educational content,
specifically Turkish language lessons for 5th, 6th, and 8th grades. Additionally, the
YouTube-SL-25 dataset includes 18 hours of TID videos, contributing to the
available resources for Turkish Sign Language. While it is not employed for SLT
purposes, we also have a corpus that can be utilized for the development of SLT
systems for TID, specifically the TID Dictionary (Makaroglu & Dikyuva, 2017),
which contains approximately 11,000 sequences accompanied by gloss annotations

and translations. While these datasets are smaller in scale compared to extensive
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ASL datasets, they represent significant steps toward advancing SLT research for

TID.

As shown in Table 1, SLT datasets have shown an exponential increase in the

recent literature. The figure also includes ranking our proposed dataset in terms of

the number of hours.
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Table 1. Overview of Sign Language Translation Datasets

Dataset Name Sign Language | Spoken Language | # Instances # Hours # Signers # Words Vocab.
Youtube-SL-25 | 25 SL Multi-lingual 2.16M 3207 >3000 N/A N/A
JWSign 98 SL Multi-lingual N/A 2530 >1500 N/A 729K
BOBSL BSL English 1.2M 1467 39 11.4M 78K
BSL-1K BSL English M 1060 40 oM 59K
YoutubeASL ASL English 610K 984 >2519 N/A N/A
BUTID TID Turkish 234K 529 27 3.3M 125K
OpenASL ASL English 288 280 200 N/A 33K
AfriSign 6 SL English N/A 152 160 N/A 20K
BSL Corpus BSL English N/A 125 N/A N/A N/A
CSL100 CSL Chinese 25K 100 10 N/A 2K
How2Sign ASL English 35K 79 11 598K 16K
SIGNUM DGS German 33K 55 25 N/A 450
KETI KRSL Korean N/A 28 14 N/A N/A
E-TSL TID Turkish N/A 24 N/A N/A 6K
CSL-Daily CSL Chinese 21K 23 10 10K 2K
ISL ISL English 9K 18 5 44K N/A
Phoenix2014T DGS German 8257 10 9 99K 2K
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2.2 Sign language recognition

The field of Sign Language Recognition (SLR) has seen significant evolution over
the past two decades, beginning with its early developments in the late 1990s (Bauer
etal., 1999; Starner et al., 1998).

In the initial stages, SLR systems were constrained by limited computational
and technological resources, leading researchers to rely heavily on handcrafted
features and intermediate representations such as HamNoSys (Fenlon, 2010) and
SignWriting (Sutton, 2000). These notational systems provided discrete sequences of
representations for the recognition of isolated signs or phrases. However, the lack of
detailed motion and spatial information limited the effectiveness of these approaches
for SLR technologies and their real-life applications.

With advancements in computer vision and camera technology, the SLR
dmain experienced a shift towards utilizing RGB and Kinect cameras. These
technologies enabled the capture of fine-grained motion data, including depth maps,
which provided richer spatial and temporal features for sign language input. During
this phase, computer vision techniques such as Histogram of Oriented Gradients
(HOG) (Dalal & Triggs, 2005), Improved Dense Trajectory (IDT) (Wang & Schmid,
2013), and Object Flow (OF) (Laptev et al., 2008) are utilized in the feature
representation of sign language input. Pre-trained architectures such as ImageNet
(Krizhevsky et al., 2012), 2D and 3D ResNet (Camgoz et al., 2018), or (I3D)
network (Carreira & Zisserman, 2017) embeddings were employed in SLR systems
with the advancements in image and video representation models.

These representations are further utilized by the various proposed sequential
models, including Hidden Markov Models (HMMs) (Vogler & Metaxas, 1999),

Conditional Random Fields (CRFs) (Yang et al., 2008). Convolutional Neural

25



Networks (CNNSs) (LeCun, Bottou, Bengio, & Haffner, 1998) and Recurrent Neural
Networks (RNNSs) (Giles et al.,1994) are used with the emergence of Deep Learning-
based applications in the literature (LeCun et al., 2015). More recent architectures
have emerged with the adoption of attention mechanisms through encoder-decoder
architectures using transformer architecture as its backbone (Bahdanau et al., 2016;
Luong, 2015; Vaswani et al., 2017).

The development of pose-estimation technologies has broadly impacted SLR
research. These advancements enable extracting skeletal information from video
frames, providing a structured representation of a signer’s body, hands, and facial
movements. Pose-based recognition systems became dominant due to their ability to
abstract raw video data into meaningful skeletal features with dense and interpretable
information for continuous representation of human action. A graph representation of
skeletal information leverages the inherent structural properties of pose estimation
since the motion is restricted and interactive within the selected skeletal positions.

These models treat pose landmarks as nodes and their relationships as edges,
which makes it possible to represent spatial information in frame-level connections
while representing temporal dependencies in inter-frame edges for sign language. By
utilizing graph convolutional networks (GCN) (Kipf & Welling, 2016) and their
derivatives, such as spatio-temporal graph neural networks (ST-GCN) (Yan et al.,
2018), researchers have achieved state-of-the-art performance in recognizing both

isolated and continuous sign language sequences.

2.3 Sign language translation

Sign Language Translation (SLT) presents significant challenges due to the limited

size and quality of available datasets and the intricate nature of sign language, which
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conveys complex linguistic information in a continuous, multi-modal manner. As
discussed in earlier sections, SLT combines the complexities of several research
domains, including CV, NLP, automatic speech recognition (ASR), and action
recognition.

Researchers began to explore this task in detail in the early 2000s, initially
focusing on SLR and its extension to Continuous Sign Language Recognition
(CSLR). These early studies relied on manually crafted features and template-based
generation techniques, laying the groundwork for the development of more
sophisticated SLT systems (Bauer et al., 1999; Fang & Gao, 2002; Huenerfauth,
2004).

Early SLT research was limited in scope and primarily utilized manually
annotated features to create linguistic representations. Template-based translation
systems were among the earliest approaches, constrained by the availability of small,
carefully curated datasets. These systems generated translations by matching input
data to predefined linguistic templates, which were effective for highly controlled
environments but lacked the generalizability needed for real-world applications
(Bragg et al., 2019). Over time, the field transitioned to data-driven approaches,
leveraging advancements in statistical machine translation, encoder-decoder
architectures, and transformer-based models, which have since become the

foundation of modern SLT research.

2.3.1 Template-based translation
In the early stages of SLT research, rule-based systems were relatively limited and
primarily focused on the translation of spoken languages into sign languages rather

than the reverse direction.
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One notable example of rule-based systems is the work of Marshall and Safar
(2002), which developed a system for translating English into British Sign Language
(BSL). This system utilized the Head-Driven Phrase Structure Grammar (HPSG)
formalism to model grammar rules, allowing the translation of simple English
sentences into corresponding BSL structures. Similarly, Huenerfauth (2004)
introduced a rule-based framework for translating English text into ASL. The system
utilizes linguistic rules and concepts to map English sentences into ASL structures.
Another example can be from Van Zijl and Barker (2003) works which proposes
another rule-based concept for translating English text to South African Sign

Language (SASL).

2.3.2 Statistical machine translation

The advent of statistical models in machine translation marked a significant turning
point for Sign Language Translation (SLT), enabling more flexible and data-driven
approaches to the task. Unlike rule-based systems, which relied heavily on
predefined linguistic rules and handcrafted templates, statistical models allowed for
learning patterns directly from data.

One of the earliest statistical approaches in SLT was introduced by Bauer et
al. (1999) proposing a statistical machine translation system by focusing on CSLR
for DGS. Their system utilized handcrafted feature representations in HMM-based
models to perform gloss-to-text translation, which is the earliest work on translation
systems in the literature.

Similarly, Bungeroth and Ney (2004) proposed a system for translating DGS

glosses into spoken German using a similar HMM-based classifier system. Another
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text-to-sign system proposed by Morrissey et al. (2010) employs additional linguistic
information for English-to-ISL translation for sign language production purposes.
Further advancements in machine translation for SLT included the use of
visual features. For example, Dalal and Triggs (2005) combined HOG features with
n-gram language modeling for SMT, while Buehler et al. (2009) applied machine
learning methods for weakly aligned visual information by using a feature extractor
from visual information. Yang et al. (2008) have proposed a spotting-based CLSR

system with a CRF algorithm for SLT.

2.3.3 Neural machine translation (NMT)

With the progress in neural machine translation (NMT), encoder-decoder-based
architectures with attention mechanisms introduced by Bahdanau et al. (2016) and
Luong (2015) significantly advanced SLT methodologies. We have assembled the

main methodologies of NMT-based SLT as in Figure 2.
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Figure 2. Common architectures proposed in the literature for SLT
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2.3.3.1 Gloss-to-text

Gloss-to-Text (Gloss2Text) translation is one of the main methodologies in SLT that
utilizes an intermediary step that converts sign language gloss annotations into
coherent spoken language sentences.

A notable example is Ko et al. (2019), who worked on Korean Sign Language
by estimating human key points to extract glosses. They then employed sequence-to-
sequence (seg2seq) models for translating these glosses into spoken language,
demonstrating the potential of keypoint-based gloss extraction in translation tasks.
Similarly, Arvanitis et al. (2019) applied seq2seq models to the ASLG-PC12 dataset
(Othman & Jemni, 2012), translating ASL glosses into spoken English.

Data scarcity has long been a critical limitation in Gloss2Text models, as
gloss annotations are labor-intensive and not widely available for all sign languages.
Moryossef et al. (2021) and Zhang and Duh (2021) identified this challenge and
proposed solutions such as backtranslation. Inspired by Sennrich and Haddow
(2016), back-translation involves translating spoken language texts into glosses to
create synthetic parallel data.

The latest advancements in Gloss2Text research have focused on leveraging
pre-trained LLMs, such as BERT and T5, for sign language translation. Chen et al.
(2022) explored fine-tuning LLMs specifically for the Gloss2Text task. With the
latest models like LLaMa (Touvron et al., 2023) or GPT (Radford, 2018),
Fayyazsanavi et al. (2024) has investigated the zero-shot performance of these
models as well as the latest fine-tuning techniques like Low-Rank Adapters (LoRA)

(Hu et al., 2021).
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2.3.3.2 Sign2(Gloss2) Text

In SLT, glosses—written representations of sign language movements—serve
various roles. hey are utilized as intermediate outputs in a sequential pipeline, as
joint training targets to enhance shared learning between recognition and translation,
or as supplementary inputs alongside video data to improve contextual accuracy.

Chen et al. (2022) introduced a method that enhances this pipeline through in-
domain pretraining with synthetic data. There are two models: a visual encoder to
encode human action in alignment with gloss and the translation model adopting
Multilingual Bidirectional and Auto-regressive Transformers (MBART).

Zhou et al. (2021a) introduced a method that enhances this pipeline through a
sign back-translation (SignBT) approach, which incorporates massive spoken
language texts into SLT training. Their approach involves back-translating
monolingual text to its gloss sequence using a text-to-gloss translation model.

Additional innovations included leveraging gloss information as supervision;
for example, Orbay and Akarun (2020) demonstrated improved translation
performance using gloss annotations while Camgoz et al. (2020b) introduced the
Sign2Gloss2Text framework, jointly training SLR and SLT tasks to enhance the
performance of these models.

Jing et al. (2024) recently presented Vision and Context Knowledge-
Enhanced Gloss2Text (VK-G2T), emphasizing optimizing the Gloss2Text stage.
VK-G2T leverages visual content from sign language videos to learn the properties
of the target sentence and exploits contextual knowledge to facilitate adaptive

translation of gloss words.
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2.3.3.3 Sign2Text

This method is the end-to-end SLT methodology, which does not rely on any
intermediate representation to align sign language with spoken language. These
methodologies utilize various encoders to embed sign language information to
decode textual information.

Camgoz et al. (2018) have shown NMT-based end-to-end SLT systems with
the first public dataset, Phoenix2014T, using a 2D-CNN + RNN-based approach.

Subsequent advancements in end-to-end translation systems, also known as
sign-to-text models, introduced various novel methodologies. In appearance-based or
visual feature-based models, Koller, et al., (2016) proposed a hybrid CNN-HMM
approach, while Camgoz et al., (2017) introduced SubUnets for SLT. Li et al. (2020)
developed a temporal semantic pyramid for SLT tasks.

Video-level networks have also been employed to capture movement
dynamics comprehensively. Guo et al. (2019) proposed Dense Temporal
Convolutional Networks (DenseTCN) to capture detailed sign language movements
across short-term and long-term contexts. They utilized a 3D-CNN framework for
extracting visual representations and designed temporal convolutional networks to
capture local context information.

With advancements in human pose estimation technologies such as OpenPose
(Cao et al., 2019) and MediaPipe (Lugaresi et al., 2019), pose-based representation
models have gained prominence. For instance, Zhou et al. (2021b) proposed the
spatiotemporal multi-cue model (STMC) to uncover hidden information in sign
language videos, while Kan et al. (2022) developed a novel approach using graph
neural networks (GNNS) to transform sign language features into hierarchical

spatiotemporal graphs. Building upon Camgoz et al. (2018), Kim et al. (2020)
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proposed a similar end-to-end system but employed body key-point coordinates as
input for their translation networks, evaluating their methods on a Korean Sign
Language dataset. Recent literature on SLT with LLM-based heavily relies on the
pose information in their sign language modality.
The performance of transformer architectures and pretrained models has highlighted
the importance of large-scale data usage in SLT tasks. This is further supported by
the emergence of the vision large language models (VLLMs) incorporating the image
understanding task into the language model pretraining strategies (Liu et al., 2023;
Radford et al., 2021).

To utilize these latest pre-trained architectures, Zhou et al. (2021a) augment
SLT datasets by introducing monolingual text data for large-scale training. Moe et
al., (2020) investigated unsupervised neural machine translation for low-resource
languages like Myanmar Sign Language while De Coster et al. (2021) proposing a
frozen pretrained transformer model by initializing a transformer translation model
with pretrained BERT-based (Devlin et al., 2019) and mBART-50 (Chipman et al.,
2022) models. Their subsequent work confirmed that performance improvements
were primarily driven by the written language corpora used for pretraining rather
than architectural changes. To address the low-resource problem, Zhou et al. (2023)
introduced a contrastive learning model for SLT and Chen et al. (2023) proposed a
progressive pretraining approach that utilized large quantities of external data to
improve model performance incrementally.

As large language models (LLMs) have advanced, the importance of
pretraining has become increasingly evident, especially when paired with large-scale
resources such as BOBSL (Albanie et al., 2021), YASL (Tanzer & Zhang, 2024;

Uthus et al., 2023), and JWSign (Gueuwou et al., 2023). Transformer-based
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pretraining strategies have become standard practice for SLT tasks. Uthus et al.
(2023) demonstrated the potential of using the YouTube-ASL dataset for large-scale
ASL translation model training. They fine-tuned a T5 model (Raffel et al., 2020) on
YouTube-ASL and subsequently fine-tuned it on smaller benchmark datasets like
How2Sign (Duarte et al., 2021). Rust, et al., (2024) further improved performance on
How2Sign by pretraining a video encoder on YouTube-ASL, initialized from a self-
supervised video model (HieraBase) Ryali et al. (2023) trained with a masked
autoencoding objective. Similarly, SignMusketeers architecture developed by
Gueuwou et al. (2024) employed a multi-stream model trained with the DINOv2
model (Oquab et al., 2024) on the YouTube-ASL dataset, leveraging distinct streams
for hands, face, and body inputs.

Even in isolated sign language recognition, self-supervised pretraining
approaches have shown promise. SignBERT and SignBERT+ (Hu et al., 2021, 2023)
treat hand poses as visual tokens and use masked prediction of hand joints as a
pretraining objective. An extension of this approach, BEST (Zhao et al., 2023b),
employs quantization techniques for improved performance during pretraining,
further enhancing the robustness of isolated sign recognition systems.

The most recent approaches employ pretraining strategies for SLT that go
beyond translation-based objectives. Zhang et al. (2024) proposed multiple training
objectives, such as alignment, while Wong et al. (2024) suggested a pseudo-gloss
pretraining strategy that automatically extracts pseudo-glosses from sentences to
pretrain the sign encoder. Similarly, Gong et al. (2024) demonstrated the
effectiveness of a vector quantization-based pretraining strategy with representation
alignment pretraining with pretrained LLMs, introducing various methodologies in

SLT research with the recent capabilities of large language models.
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CHAPTER 3

DATASET

Figure 3. The dataset content of unique signers

In this chapter, we present a novel dataset for Turkish Sign Language (TID)
translation, the largest dataset for Turkish-to-TID, and the sixth-largest dataset in
overall SLT literature in terms of both duration and sentence count. This dataset
includes 501 hours of sign language video, automatically aligned with corresponding
Turkish text, providing a large corpus for both linguistic and computer science
research.

The dataset comprises 235,251 video clips from 1700 videos on YouTube
with manually added text captions alongside signed translations dedicated to
accessible content for individuals with disabilities. The content is coming from a
single channel, namely the "Engelsiz TRT" channel, where the sign language
translations are from CODA (Children of Deaf Adults) signers, and manually

captioned content is owned by the Turkish Radio and Television Corporation.
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The content within videos is accompanied by sign language interpretation
embedded within the video. The dataset includes 15 main categories of television
series, consisting of various genres from science fiction to historical dramas,
resulting in large lexical variation suitable for comprehensive SLT model training. A
total of 27 unique signers are featured throughout the dataset, with diversity in terms
of signing styles and individuals with age and gender variations. We provide 2 main
subsets for our dataset to address different challenges stemming from the duration of
sign language and translation content subsets. We obtained these subsets after prior
filtering based on the lexical usage of the video domain and available annotations.
These two subsets are defined below:

e Short Context (SC): The subset includes short context sentences from video

content classified as a generic category, meaning categories belonging to a

TV series such as Romantic Comedy, Drama, etc.

e Long Context (LC): The subset is the long context correspondent of the SC
subset. The average clip length is 3 times longer than the main category. This
subset is provided for learning contextual representations from longer

contexts in a sign language video.

3.1 Dataset statistics

As it can be in Table 2, the Short Context (SC) and Long Context (LC) subsets
contain a comparable number of training instances; however, the Long Context (LC)
subset offers a significantly greater total duration—approximately three times that of

the Short Context (SC) subset.
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Table 2. Dataset Composition: Unique Videos, Clips, and Duration

Subset | Num Videos | Num Clips | Duration (h) | Num Token | Num Vocab
SC 1732 116,004 143 674K 52K

LC 1729 118,498 385 2.6M 112K

Total | 1732 234,502 529 3.3M 125K

We suggest that these subsets should be evaluated separately due to the

grammatical structure of Turkish. We argue that evaluation metrics that are used in

SLT systems, namely the BLEU metric, are not robust enough to capture the

translation quality in the shorter sequences. Although we see length variation in other

datasets, in the case of Turkish, an agglutinative language with word-order variation,

the outcome of the metrics should be investigated separately to demonstrate the

effect of each architectural component of the proposed SLT system in Chapter 4.

3.1.1 Clip length analysis

Table 3. Clip Length Analysis Across Dataset Subsets

Info Short Context Long Context
Mean 4.43 11.84

Std. Dev. 1.94 5.9

Min. 3 3

Median 4 10

Max 25 25

The clip-length distribution of the dataset across the four subsets is given in

Table 3. On average, the clips in the SC subset have a duration of 4.43 seconds. The

Long Context (LC), designed for capturing longer contexts, show significantly larger

average clip durations, at 11.84 seconds, respectively.
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Figure 4. Distribution of clip durations across subsets

The distribution of clip durations across subsets reveals some overlap, particularly
between the SC and the LC subsets. While the SC subsets share a concentration of
short-duration clips ranging from 3 to 6 seconds, the LC subsets exhibit overlap in
the mid-range of durations, particularly between 10 and 20 seconds.

This overlap is intentional and stems from the design of the dataset, where the
SC subsets were curated to focus on short context sentences in both lengths of signed
sequence as well as the lengths of translations, demonstrating that the long-term
dependency is not affected by the duration of sign but by spoken language
correspondent in signing content, such as dialogue-heavy scenes or explanatory

narratives.
3.1.2 Category distribution

Based on the conversational content of these videos, we have manually annotated

them into generic categories, as illustrated in Figure 5.
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Figure 5. The category distribution across clips on both SC and LC datasets

We will be going into detail about the curation of these subsets in terms of
both signed content and spoken language translations, as well as solutions for general

alignment problems.

3.2 Dataset collection

The dataset was collected using the YouTube Data API, adhering strictly to
YouTube’s terms of service and regulations for data access. The collection is done in
compliance with all legal and ethical guidelines for the usage and distribution of

public data.

3.2.1 Captions

The spoken language translations are provided by the content creators to make

content accessible for Deaf and Hard-of-Hearing audiences. These translations are
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aligned with the audio and formatted in standard subtitle files, such as .srt, which
contain time-stamped captions corresponding to the spoken dialogue.

The absence of exact alignment between the signed content and captions is
the most challenging aspect in the development of sign language translation datasets.
This misalignment is due to the inherent differences in the structure and timing of
signed versus spoken languages. However, given the conversational nature of the
video content in the dataset, there are frequent pauses or gaps in dialogue. These
gaps provide natural breaks that can be utilized in the semi-automated alignment of
short- and long-signed video segments with the corresponding captions.

For the selection of captions, we utilize a series of preprocessing operations
on translation text to reduce the noisy captions. These operations include the removal
of descriptive captions such as "[Music]", and speaker references such as the names
of the subjects in parentheses, as well as the filtering of multi-speaker captions,
which are the translations of multiple speakers talking with each other. The latter
operation is required to remove the turn-based translation, which requires the use of
space and referential pointing in the translation process. For our data, the translator’s
limited space duration of the recording restricts translators from performing such
translations. In addition, we applied prior filtering to the content, excluding videos
that have historical language from Ottoman-based translations, as these exhibit

significant lexical variation compared to Modern Standard Turkish.

3.2.2 Signed video content
The signed content is embedded within the video and appears as an overlay in the
bottom-right corner. One challenge of the collection of precise visual information is

that there is no predefined bounding box that consistently isolates the signed content
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across the videos. To address this, we employed a semi-automated object detection
approach to annotate bounding boxes. A preliminary automated detection process
was applied, followed by manual approval and refinement for accuracy. For cases
where the automated approach was insufficient, manual bounding box annotations
were completed to provide precise localization of the signer within the video.

In the next section, we will be explaining in detail the processing operations
to maximize the alignment between spoken language and signed language, as well as
extracting the appropriate areas in the video content to reduce the noise that can

occur while extracting the latent information about signed content.

3.3 Dataset pre-processing

We employed three main preprocessing methods: caption and sign translation
alignment, signer bounding box detection, and subtitle merging. These processes are
applied for exact temporal alignment between captions and signed content, detecting
signers within videos, and creating subsets with longer context translations,

respectively.

3.3.1 Signer bounding box selection

Given that the video content has various visual distractors, which can be considered
noise to the pose estimation model, and co-occurring behavior in videos where the
signers appear in the bottom-right corner of the videos, the bounding box detection
must be done for isolating signing activity. Since manually annotating bounding
boxes for all frames is labor-intensive, we adopted a semi-automatic annotation

approach, which proceeds as follows:
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e Caption-Based Sampling: Extract caption sequences identified in the
alignment process for one video.

e Object Detection Sampling: Randomly sample 10 time-intervals from each
video and apply an object detection model to each frame.

e Bounding Box Aggregation: Detect the human figure whose bounding box
center falls within the bottom-right region of the frame (one-third of the y-
axis and two-thirds of the x-axis). Aggregate these detections and compute
the mean bounding box dimensions, adding 10% padding to each side.

e Bounding Box Refinement: Adjust the bounding box dimensions to form a
square shape, ensuring consistency and ease of use in subsequent
applications.

This method reduced the need for exhaustive manual annotation while providing
reliable bounding box information on signer localization. Yet, each annotation is
manually controlled, and if classified as invalid crops, the manual annotation is
performed using a custom annotation application implemented using the OpenCV

(Itseez, 2015) library.

3.3.2 Caption and sign translation alignment
Aligning captions with the corresponding sign sequences was one of the most
challenging issues of dataset creation. The exact boundaries of signed sequences
often do not overlap with caption start and end points, resulting in the extraction of
mismatched and noisy content pairs, which would reduce the performance of the
trained models on this data.

To address this, we designed an alignment algorithm that uses gaps in the text

captions and pose estimation while detecting exact boundaries as the signer initial
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transformer to a null position (hands down and not moving for multiple frames), also
known as the active frames or selection process of temporal pruning (Ozdemir, et al.,
2023), which is utilized in SLR training. The alignment process is carried out as
follows:

e Caption Gap Detection: Identify captions with gaps of more than two seconds
before the next caption sequence and captions themselves with durations
exceeding two seconds.

e Sequence Extraction: Extract the video sequence starting from the caption’s
timestamp and extend it by 1500 ms beyond the caption’s end to account for
potential interpretation length without overlapping with the next sequence.

e Active Signing Detection: Apply pose estimation within the signer’s
bounding box to identify active frames where the signer’s hands are
positioned above the chest, indicating signing activity.

e Subsequence Refinement: Use the leftmost and rightmost active frames to

determine the signing subsequence.
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Figure 6. Illustration of audio caption and signing span alignment: blue shows the
audio-caption span, green the signing span, red null signing, and yellow the added
offset for full signing coverage.

The alignment process illustrated in Figure 6 includes three examples to showcase
the key steps:

The audio-caption span (blue) initially covers a broader timeframe than the
actual signing activity. Using pose estimation, the null positions (red) are identified,
indicating frames where the hands are inactive and at rest (null position). The signing
span (green) is determined by detecting active frames, where hand positions deviate
significantly, indicating signing motion. A caption end offset (yellow) is applied to
ensure the signing sequence is fully captured, even if it exceeds the audio-caption
span. As we have discussed, the translation might require a longer duration before
the start of the next caption sequence; the end offset enables the algorithm to detect
accurate boundaries with the additional padding.

The second case illustrates a scenario where the signer temporarily disappears

and reappears due to video editing, such as the insertion of signing segments during
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longer gaps. After pose estimation, the null positions are observed before and after
the signing activity. Our algorithm would not only drop initial undetected motion but
also empty frames as well.

The third example demonstrates two distinct issues at the same time. First, it
shows a sequence that begins with direct signing, which is identified as the initial
start of the signing activity, with prior padding applied to ensure context is preserved.
The second and more significant case demonstrates the algorithm’s effectiveness as a
noise reduction mechanism. In scenarios involving noisy inputs, such as overlapping
background figures or the temporary absence of the signer, the algorithm accurately
identifies unsigned sequences. By analyzing both the signer’s movements and
background detections, it effectively excludes irrelevant or noisy frames from the
signing span.

For instance, the last two frames are from the physical activity of a character
from the relevant show that is translated. The algorithm excludes those since they

differ from the resting position of the signer.

3.3.3 Subtitle merging
The creation of the LC subset required merging multiple caption sequences to
provide longer contexts for the translation task. This merging process leveraged the
conversational dynamics of the overall video duration, where extended dialogues
with minimal gaps between turns are seen. Here are the steps that we followed for
subtitle merging:

e Gap Detection: Identify caption sequences with more than a two-second gap

before the current sequence. Begin merging sequences with less than 400 ms

gaps between consecutive captions.
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e Merged Sequence Creation: Continue merging until the final sequence has a
gap exceeding two seconds after it.

e Alignment and Duration Check: Apply the same alignment method as in the
first preprocessing step. Retain sequences with durations less than or equal to

20 seconds to reduce extensive-sized inputs

3.4 Dataset post-processing
To prepare the dataset for model training, we implemented several post-processing

techniques to enhance data quality and variability.

3.4.1 Initialization normalization in TID

In sign languages, introducing a new proper name is typically done by fingerspelling
each letter of the name. However, repeatedly fingerspelling the full name can be
cumbersome in both daily communication and extended translations. To address this
Issue, a grammatical strategy known as initialization is employed, where only the
initial letter of the name is used after the first full spelling (Makaroglu, 2021). This
process involves using the handshape corresponding to the first letter of the name as
the handshape for the sign, a practice observed in various sign languages (Kelepir,
2020; Wilbur, 2013).

For example, in our dataset, the sentence "Ben de Zehra’y1 ¢ok 1yi
tantyorum." ("I also know Zehra very well.") would be transformed into "Ben de
Z’yi ¢ok 1yi tantyorum." ("I also know Z very well.") after the initial introduction of
the name. This post-processing operation is sign language-aware and aligns with the
grammatical conventions of Turkish Sign Language (TID) as well as the fairer

ground sentence for BLEU score calculation.
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3.4.2 Paraphrasing

As part of our post-processing operations, we employ paraphrasing to generate
additional references for the target translations. This process utilizes a pretrained
large language model fine-tuned on a paraphrasing dataset, enabling it to produce
idiosyncratic translations. Further details on the paraphrasing model are provided in
Chapter 4.6. The primary motivation for this operation stems from the evaluation
metric used for translation scoring, which relies on n-gram matching. While this
approach works effectively for isolating and strict word-order languages like English,
it imposes heavy penalties on languages such as Turkish, which are agglutinative and
exhibit free-word order. By introducing paraphrased references, we aim to mitigate
these penalties and achieve a more accurate evaluation. The challenges and

implications of these evaluation issues are discussed in detail in Chapter 7.2.
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CHAPTER 4

METHODOLOGY

In this section, we present our methodology for sign language translation using
transformer-based pre-trained large language models (LLMSs) as shown in Figure 7.
We will be dissecting each component of the proposed architecture in detail, starting
from how we define our machine translation task to further understand sign language
translation and its components.

To establish a clear foundation, we first define the task as an encoder-decoder
neural machine translation (NMT) problem and outline its key components. Each
component is then examined in the context of its adaptation for SLT, highlighting the
specific novelties introduced in this work. These innovations include modifications
to handle the unique challenges of sign language input, such as continuous multi-
channel data and pose-based representations, as well as enhancements to the

encoder- decoder framework to improve translation performance.

4.1 Neural Machine Translation task
Originally, Neural Machine Translation (NMT) was the task of automatically
translating text from one language to another using computational models. In its
simplest form, the task involves encoding an input sequence in the source language
and decoding the target sequence in the target language for given source-target
language pairs such as Turkish to English or English to French, etc.

Let X = {x;, x,, ..., x,, } be the input sentence in the source language,
where x; denotes the i-th token. The model predicts the target sentence Y =

{1, ¥2» -, Ym}, Where y; represents the j-th token in the target language.
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The goal is to maximize the conditional probability P(Y | X) , which can be

factorized as:

P(Y|X) = H;‘n=1p(yi | Y1 Y20 e ym) (4.1)
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Figure 7. The figure shows the overall pipeline of the fine-tuning stage

Here P(yj | Vi, Vo, eens ym) represents the probability of generating the j-th token in

the target sentence, given all the previously generated tokens and the input sentence
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X. This is modeled using encoder-decoder architectures with attention mechanisms,
such as those in transformer-based models.

The SLT application modifies the machine translation task by changing the
input modality, where the input is not text but a sequence of visual features extracted
from sign language videos. These features ideally encode extensive linguistic
information about sign language from visual input to maximize the output of an
unseen sequence in the target spoken language from this information.

InSLT, letV = {v;, vy, ..., v} be the input sequence of visual features,
where v, denotes the feature vector extracted at time t.

The task is then to predict the target sentence Y = { vy, v,, ..., Y}

maximizing the conditional probability P(Y | V):

PY|V) = M P(y; 1 ye ¥ar s Ve V) (4.2)

Deriving from the base implementation of the neural machine, we can

formulate our end-to-end SLT task via four main components:

4.2 Feature transformation

In Uthus et al.’s (2023) paper, the feature transformation consists of mapping visual
features extracted from sign language videos into the token space of the pre-trained
language model using a linear layer before feeding into the encoder layer. This
extraction layer inputs a matrix of visual features, defined as V € RT *Pv, extracted
from a sign language video, where T denotes the number of time steps (frames) and

D,, is the dimensionality of the visual feature vectors.
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To further improve the capacity of this transformation layer, we are proposing two
different layer types on top of the baseline methodology for maximizing the encoded
representations of the visual inputs. These encoders are the Multi-layer Perceptron
(MLP) encoder, which is applied for learning non-linear transformations from the
input, and the One-dimensional Convolutional (Conv1D) encoder for extracting the
temporal information via convolutional filters across multiple frames for embedding

motion information from the shared matrix across the overall sequence.

4.2.1 Linear encoder (Uthus et al., 2023)

In the original methodology, the author uses a learnable weight matrix W € R Pv* De,
where D, corresponds to the dimensionality of the language model’s input
embeddings defined in Equation 4.3 to match the dimensionality with the sign
language sequence and the input embedding layer. Equation 4.3, where V' €

RT *Dejs the resulting matrix of embedded visual features, and b € RPe is a bias

vector added to each transformed feature vector.

V' = VW +b (4.3)

This linear mapping enables each visual feature vector vt at a time step t to be

projected into the embedding space compatible with the pre-trained language model,

thereby encoding sign language inputs within the model’s architecture.
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4.2.2 Multi-Layer Perceptron (MLP) encoder

The MLP encoder comprises a linear layer followed by a Gaussian Error Linear Unit
(GELU) activation function (Hendrycks & Gimpel, 2016) and a dropout layer. The
GELU activation function is defined in Equation 4.4, where ®(x) is the cumulative

distribution function of the standard normal distribution.

GELU(x) = x - ®(x) (4.4)

The final formulation of MLP Encoder is defined in Equation 4.5

V' = Dropout(GELU(VW + b)) (4.5)

This feature extractor would provide a non-linear transformation to sign language
compared to the linear encoder layer, where we expect better performance on the

translation task.

4.2.3 Convolutional (Conv1D) encoder

The Convolutional Encoder consists of three sequential blocks comprising an one-
dimensional convolutional layer (Conv1D), batch normalization, and a GeLU
activation function. A one-dimensional convolutional layer applies a convolution
operation over a single spatial or temporal dimension. The output y at position t is
computed in Equation 4.6, where X is the input sequence, w is the convolutional

kernel of size k, and b is the bias term.

Conv1D(x) = Xy Xepiqg-w; +b (4.6)
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The final formulation of Conv1D Encoder is defined in Equation 4.7

V' = Dropout (GELU(ConVId(x))) 4.7)

As we utilize learned information from a pretrained encoder, our new representation

V’ can now be defined as V' = RT *Pe,

4.2.4 Encoder

The encoder processes the projected visual representation V ’, often using pose-based
feature extraction or learned representations from a pre-trained model, and maps it to
a high-dimensional latent space using the linear or convolutional layer, as in Figure

4.8, where H = {h,, h,, ..., hy } represents the encoded representations.

H = fone(V') (4.8)

4.2.5 Decoder
The decoder generates the target sentence Y based on the latent representations H and

previously generated tokens.

PY |V) =17 P(yj | ¥1, Y2r - Yjo1s H) (4.9)
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4.2.5.1 Beam search decoding

Beam search decoding (Tillmann & Ney, 2003) is an algorithm often used for
generating sequences in sequence-to-sequence models. Unlike greedy decoding,
which selects the highest probability token at each time step, beam search explores
multiple potential sequences simultaneously, maintaining a set of top-k candidate
sequences (the beam) based on their cumulative probabilities to output a sequence
with maximum probability.

At each decoding step t, beam search maintains k candidate sequences and
their corresponding cumulative log probabilities. For each sequence in the beam, the
model generates a probability distribution over the vocabulary V for the next token.
The k x |V| possible continuations are scored, and the top-k candidates are selected
to form the updated beam.

At the initial decoding step, where t = 1, the beam consists of the start token
<so0s> with a log probability of log(1) = 0 where the initial beam set can be shown
as B, = {(<sos>, 0)}.

For each candidate sequence y;., in the beam at step t, the model predicts a
probability distribution P(J’t| Vi:t—1, X) where X is the input sequence (e.g., pose or
video embeddings).

The cumulative log probability for a sequence y1:t is computed as:

SCOTQ(yl:t) = Zf:l IOgP (yl | Vi:ts X) (410)

The top-k sequences with the highest cumulative scores are retained:

B; = argmax(Score(y;.t): Vit € Be—q X V) (4.11)
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The process continues until the end-of-sequence token (<eos>) is generated
for all sequences in the beam or a predefined maximum sequence length is reached.
The final sequence is selected based on the highest cumulative log probability.

To further decode diversity and avoid overly short or repetitive sequences,
beam search decoding also incorporates the “Length Penalty” parameter, adjusting
the score to favor longer sequences, and the “Repetition Penalty”, which penalizes

sequences with repeated n-grams by reducing their scores.

4.3 Feature normalization
For the pose estimation step, we apply min-max normalization to the x and y
coordinates of each landmark cue (hands, pose, and face) independently, rather than

normalizing the entire set of landmarks across all cues diverging from the

4.3.1 Cue-based normalization

Our dataset categorizes the landmarks into three distinct groups: hands, pose (upper
body), and face. Each cue is normalized separately to retain its specific spatial
distribution. For each cue, we apply frame-level normalization as shown in Equation
4.12, where the minimum and maximum x and y coordinates limit the maximum

span of each axis between [0, 1]. The results of normalization are shown in Figure 8.

3 cue
L%€ — min(LE%S

maX(LfC’j‘ye) - min(Lfo‘f

cue
Lnorm -

(4.12)
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Figure 8. Visualization of normalized vs. unnormalized pose sequences: first column
(red) shows unnormalized skeletal data, while the second (purple) displays
normalized cues—pose, left hand, right hand, and face

4.4 Pre-trained Large Language Models (LLMs)

In our sign language translation framework, we adopt pre-trained LLMs as the
foundational components of our encoder-decoder NMT architecture for SLT. As
discussed in the previous section, establishing a robust baseline architecture is
essential. Training a large architecture from scratch is both computationally
expensive and prone to overfitting due to the high number of parameters, as observed
in various studies employing different architectural bases. The findings of Uthus et

al. (2023) demonstrate that utilizing a model initialized from a pre-trained checkpoint
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rather than a newly initialized model significantly improves SLT performance. This
behavior can be attributed to the decoder’s pre-trained contextual representations of
the target language, which are learned during pre-training on extensive datasets.
However, before we continue with the rest of our methodology, we should
first tackle what the pre-training strategy is in the T5 architecture to understand how

this pre-trained model operates.

4.4.1 T5 model architecture and training

The T5 model, or Text-to-Text Transfer Transformer (Raffel et al., 2020), utilizes a
Transformer-based encoder-decoder architecture to process and generate text
sequences. This architecture comprises an encoder that processes the input text and a
decoder that generates the corresponding output text, which aligns with our
methodology of encoder-decoder-based NMT architecture. In this architecture, both
encoder and decoder components utilize self-attention mechanisms and feed-forward

neural networks.

4.4.1.1 TS5 architecture

The T5 model utilizes the foundational architecture of the Transformer model
proposed by Vaswani et al. (2017) as shown in Figure 9, with variations in parameter
configurations for different components, such as the number of encoder and decoder
layers, the number of self-attention heads, and hidden dimensions. While the core
structure of the architecture remains consistent with the original Transformer design,
the T5 model differentiates itself primarily through its innovative training strategies

and objectives, which we will explain in the next section.
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Multi-head attention

Scaled dot-product attention

Figure 9. The original Transformer architecture

Notably, each architecture employed in this work, including mT5-small, mT5-large
and TURNA adhere to the original Transformer-based architecture during training.
These models leverage the same encoder-decoder structure, incorporating
modifications in parameter settings and additional hyperparameters tailored for
specific tasks. Detailed descriptions of these hyperparameters and their

configurations are provided in Chapter 5.

4.4.1.2 T5 pretraining

During pre-training, T5 employs a denoising objective that involves corrupting input
text sequences and training the model to reconstruct the original content. The
denoising objective is implemented by randomly selecting spans of tokens within the
input sequence, replacing them with unique sentinel tokens (e.g. <extra-id-
0>,<extra-id-1>) and tasking the model with generating the missing spans. Consider
the original sentence as “I love looking at the mountains”. A possible masked input

could be: “I love <extra-id-0> the mountains”
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Here, the span "looking at™ is replaced with the sentinel token <extra-id-0>.
The target output for the model to generate would be: “<extra-id-0> looking at” The
model’s task is to predict the missing span "looking at" corresponding to the sentinel
token <extra-id-0>. The loss is computed using cross-entropy loss between the
decoder’s output and the target sequence. By training on such corrupted sequences
on a large set of corpora, T5 learns contextual representations in correlation to auto-

regressive generation capabilities.

4.5 Scoring
In this research, we use the BLEU (Bilingual Evaluation Understudy) for the
evaluation of model performance.

The BLEU score is a widely used metric for evaluating the quality of
machine-translated text by comparing it to one or more reference translations. It is
designed to assess both fluency and adequacy by measuring how well the candidate
translation matches the references. BLEU relies on n-gram precision, the brevity
penalty, and a geometric mean to combine results.

The precision for n-grams, which are contiguous sequences of n words, is

computed as Equation 4.14:

# of overlaps between candidate and reference
P, = P (4.14)

# of n-grams in the candidate

To prevent inflating scores through repeated words, BLEU uses clipped precision,
which limits the count of each n-gram in the candidate to its maximum count in the

references. This is mathematically expressed as:
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lipped Yn ccandidate min(c(candidate), c(reference))
P = (4.15)
norm :

Total n-grams in candidate
The n-gram precisions up to N are then combined using the geometric mean,

defined as:

P = exp (% ﬁzllog(PnC”pped)) (4.16)

To address cases where the candidate translation is shorter than the
references, a brevity penalty (BP) is applied. The brevity penalty is defined in
Equation 4.17, where c is the length of the candidate translation, and r is the effective

reference length for the cases where c is smaller than or equal to r.
T
BP = exp (1 — Z) (4.17)

If the candidate sequence is longer than the value the penalty is assigned BP =
1. Finally, the BLEU score is computed by combining the geometric mean of n-

gram precisions and the brevity penalty:
BLEU = BP -exp (%Zﬁzl log(Pndipped)) (4.18)

4.6 Paraphrasing
Paraphrasing presents significant improvements in both the evaluation of translation
quality and the diversity of training data. Sign languages exhibit structural

differences from spoken languages, leading to multiple valid translations for the
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same sign sequence. These variations depend on the translator’s interpretation and
the contextual nuances of the content. We have grouped the possible reasons that
spoken language’s grammatical structures are where this valid translation stems
from. In detail, we will discuss the linguistic motivation behind the paraphrasing in

Chapter 7.2.

4.6.1 Neural paraphrasing tool

To solve the challenges from the language variation, we implemented an automated
solution utilizing the TURNA model, (Uludogan et al., 2024) which we will explain
in detail in Section 5.1.4. The fine-tuned model, which is trained on the Turkish
subset of the OpenSubtitles2018 dataset (Lison, et al., 2018) comprises translated
movie subtitles across multiple languages, including Turkish, aligning closely with
the language used in our dataset.

By utilizing TURNA, we generated five unique paraphrases for each sentence
in our dataset, thereby providing multiple reference translations for evaluation. This
approach mitigates the limitations of evaluation metrics like BLEU, which may not
fully capture semantic equivalence due to surface-level differences.

For example, the original sentence "Bedava versen giymeyece8im", which is
an actual training instance found in our dataset, was paraphrased into:

e "Bedava versen giymem."

e "Bedavaya giymem."

e "Bedava versen bile giymem."
e "Bedavaya giymeyecegim."

e "Bedava versen bile giymeyecegim."
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Moreover, incorporating these paraphrases is not only considered for creation
in the evaluation reference set for a fair BLEU score calculation but also serves as a
data augmentation technique. While mapping of the encoder input remains the same,
output representations from decoder attention would result in word-order

indifference in encoder-decoder attention, focusing on semantic content.

4.7 Pose augmentation

Pose augmentation introduces variability into the input data to improve the model’s
ability to handle diverse scenarios. Three main augmentation methods are applied in
our pipeline: random drop, skip frames, and cue masking. Each method addresses
specific challenges observed in sign language datasets, particularly those involving

low-resolution videos and incomplete data.

4.7.1 Random drop

Random drop reduces the length of input sequences by removing a percentage of
frames. This operation mimics scenarios where frames are missing or skipped during
video recording or preprocessing. A random percentage of frames, between 10% and
30%, is selected for removal. Frames are dropped uniformly across the sequence to
maintain the temporal structure of the remaining data. This augmentation pushes the
model to learn contextual relationships in the sequence, even when parts of the input

are missing.
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4.7.2 Skip frames

Skip frame augmentation reduces the frame rate by selecting every other frame in the
input sequence, effectively halving the original frame rate. This method is
particularly useful for handling YouTube-based datasets, where videos often have
low resolution and inconsistent frame rates. Starting from the first frame, every
second frame is sampled, an artificial replication of the undetected pose from the
frames with blur or high-velocity movement. This augmentation is done for a more

robust system on low-resolution data instances.

4.7.2 Cue masking

Cue masking applies artificial occlusion to specific cues, such as hand, pose, or face
landmarks. A random percentage of cues, ranging from 10% to 30%, is selected for
masking. This operation is applied independently to different landmark groups, such
as hands or facial features, simulating scenarios where parts of the signer’s body are
obscured by motion blur, poor lighting, or camera angles. By introducing partial
occlusions, cue masking prepares the model to infer gestures from incomplete

information.

4.7.4 Controlled augmentation strategy

To apply augmentations consistently across training iterations, random seeds are set
based on dataset indices. Each augmentation uses an independent seed, allowing
multiple augmentations to create diverse outputs without compromising replication.
This semi-random approach ensures that the augmentations are applied in a
systematic and controlled manner, providing a diverse yet predictable set of

augmented data.
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CHAPTER 5

EXPERIMENTAL SETUP

Feature Extraction _— S50 Emdedding — Language Modelng —_— Evaluation
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1.1.1. Pose Estirnation 2.1.1. Unear Encoder 3.1.1, meS-small 4.1.1. Generation Protocol
" Ve v 3.1.2 ol -
1.1.2. Pose Normalization 1.2. Conv1D Encoder 3.1.2. mtS-base 4.1.2. Evaluation Protocol
2.1.3. MLP Encoder 3.1.3. TURNA

Figure 10. Components of experimental setup in serial order

In our experimental setup, we designed a comprehensive pipeline as shown in Figure

10.

5.1 Pose estimation

To extract pose information, we utilized Google’s MediaPipe library (Lugaresi et al.,
2019) using the BlazePose GHUM 3D model (Bazarevsky et al., 2020) for 3D pose
estimation. This library is used for both the performance and accuracy of the
landmark selection and its inclining usage in the recent literature for a fair

comparison (Bohacek & Hruaz, 2022; Gueuwou et al., 2023; Uthus, et al., 2023).

5.1.1 Implementation details

We employed the parameters for initializing the Holistic pipeline as in Table 4.

Table 4. Model Parameters for Initializing MediaPipe Holistic Pipeline

Model Parameters Value
Model Complexity 2
Min. Detection Confidence 0.3
Min. Tracking Confidence 0.3
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5.1.2 Landmark selection
Following the methodology of the YouTube-ASL dataset (Uthus et al., 2023), we
selected specific landmarks pertinent to sign language analysis:

e 21 Left-hand + 21 Right-hand landmarks

e 25 Body Pose Landmarks

e 35 Facial Landmarks

25 upper-body landmarks, focusing on areas actively involved in signing

while lower-body landmarks were excluded due to their limited relevance in sign
language and visibility in the video content. While MediaPipe provides 468 facial
landmarks, we selected those most relevant to sign language expressions. 35
landmarks were selected to represent facial areas that are important for extracting
information about non-manual markers (NMMs) or mouthing information required
for the construction of grammatical sequences. Our selection is carried out on Uthus
et al.’s (2023) paper for comparative purposes. All of this processing, including data
collection, pose estimation, and sentence alignment, has been done on 8 x (Intel(R)
Xeon(R) Platinum 8480+ 2.0GHz with 56 cores) on a TRUBA cluster served by

TUBIITAK ULAKBIM High Performance and Grid Computing Center.

5.1.3 Sign embedding configurations
Three configurations are employed to explore the impact of different encoding
strategies on translation performance: a Linear Layer, a Multi-Layer Perceptron

(MLP) layer, and a Convolutional (Conv1D) Layer.

66



5.1.3.1 Linear layer
The Linear layer configuration consists of a fully connected layer that maps the 255-
dimensional pose input into a model-specific embedding space, or input dimension,

followed by a dropout layer with a probability of 0.1 to prevent overfitting.

5.1.3.2 MLP layer

MLP configuration includes two sequential layers. The first layer maps the 255-
dimensional input to the model-specific embedding space, while the second layer
performs a transformation within the embedding space. Both layers utilize the GELU
activation function and incorporate dropout with a 0.1 probability, and a batch

normalization layer is applied during training for regularization purposes.

5.1.3.3 Convl1D layer
The Conv1D Encoder configuration leverages three 1D convolutional layers with
kernel sizes of [5, 3, 3] and strides of [2, 1, 1], in respective layers. The first layer
transforms the 255-dimensional input to model vocab dimensionality, while the
subsequent layers maintain the input dimensionality. Each convolutional layer is
followed by GeLU activation, and a feed-forward layer is added at the end of the
convolutional stack.

We will utilize the model setting to compare the pre-trained model’s size with

the pre-trained data language.
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5.1.4 Language model configuration
Our SLT model employs transformer-based architectures for comparison in terms of
their parameter sizes and pretraining datasets. We have provided parametric

differences in comparison in Table 5.

5.1.4.1 mT5-small

The mT5-small model, a multilingual version of T5 (Xue, 2020), is trained on the
mC4 corpus, which spans 101 languages, including Turkish. Its architecture matches
that of the T5-Small model, consisting of approximately 300 million parameters.
This model is designed to evaluate how smaller-scale models perform in the domain
of Turkish sign language translation and methodological comparison with Uthus et

al. (2023).

5.1.4 mT5-large

The mT5-large model builds upon the mT5 architecture, expanding its parameter
count to approximately 580 million. This larger model is also trained on the mC4
corpus, providing enhanced language modeling capabilities. We include mT5-large
to explore the impact of increased model capacity on Turkish sign language
translation. The addition of mT5-large allows for a direct comparison between model

parameter size with the same training strategies.

5.1.4.3 TURNA (Uludogan et al., 2024)
TURNA is a monolingual Turkish language model based on the Unified Language
Learning (UL2) framework (Tay et al., 2023), designed with 1.1 billion parameters

to specialize in Turkish text understanding and generation. Its architecture includes
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36 encoder and decoder layers, 16 attention heads, 1024-dimensional token

embeddings, and Multi-Layer Perceptron (MLP) layers with 2816 hidden dimensions

using Gated GeLU activations. However, it should be noted that there is no reported

performance on the translation capabilities of the model. The reason behind the

addition of this model to experiments is to provide a comparison between the

performance of language-specific and multilingual model selection on sign language

translation.

Table 5. Hyperparameters of mT5-small, mT5-large, and TURNA Models

Hyperparameter mT5-small mT5-large | TURNA
Vocabulary Size 250,112 250,112 32,128
Hidden Size 512 1024 1,024
# Encoder Layers 8 24 36
# Decoder Layers 8 24 36
# Attention Heads 6 16 16
Feed-Forward Layer Size 2,048 3,072 2,816
Activation Function ReLU ReLU Gated
GeLU
Dropout Rate 0.1 0.1 N/A
Attention Dropout Rate 0.1 0.1 N/A
# Training Steps 1,000,000 1,000,000 N/A
Warmup Steps 10,000 10,000 N/A
# Parameters 300M 1.2B 1.1B

5.2 Dataset configuration

The dataset is divided into two splits: SC and LC. The SC split comprises shorter

clips, while the LC split includes extended sequences This approach maintains

consistent lexical distributions across the training, development, and test sets, as

stratified sampling divides a population into distinct categories. The following tables

provide detailed statistics for each split:

69




5.2.1 SC dataset distribution

Table 6. Statistics of the SC Split

Metric Train Dev Test
# clips 108,530 6,029 6,030
# hours 138.47 7.72 7.70
Avg. duration (sc) 2.59 2.61 2.60
Avg. text length (ch) 29.93 30.38 30.02
Avg. text length (token) 6.04 6.09 6.04
Avg. sentences 1.13 1.12 1.13

5.2.2 LC dataset distribution

Table 7. Statistics of the LC Split

Metric Train Dev Test
# clips 106,665 5,926 5,926
# hours 346.96 19.38 19.41
Avg. duration (sc) 9.71 9.77 9.79
Avg. text length (ch) 114.23 114.53 115.2
Avg. text length (token) 22.28 22.37 22.5
Avg. sentences 3.99 4.02 4.04

Despite variations in clip duration, character length, and token length between the
subsets, we achieved an even distribution of translation density within each split. The
primary distinctions between the SC and LC subsets lie in the Avg. clip duration,
character length and token length. The SC subset comprises shorter clips with fewer
tokens, while the LC subset contains longer clips with more extensive textual

content.
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In our training process, we are using the training and development sets to
control the loss and evaluation metrics for early stopping purposes, and we are

running inference on the test set for final scoring.

5.3 Training configuration

The model was trained using the Adafactor optimizer (Shazeer & Stern, 2018),
configured with a learning rate of 1le-5 for the TURNA model and 1e-4 for other
models. The optimizer’s epsilon parameters were set to (1e-30, 0.001) for
regularization constants for the square gradient and parameter scale, respectively. A
clip threshold of 1.0 was applied to the root mean square of the final gradient update,
and a decay rate of -0.8 was used to compute running averages of squared gradients.
The betal parameter was not utilized, indicating that first-moment estimation was
not employed. No weight decay was applied, while the relative step was applied,
with step-based scaling rather than epoch-based one to the learning rate to be scaled
by the root mean square of the parameters and computed in a time-dependent
manner, respectively. Warmup initialization was not used. A linear learning rate
scheduler was employed to adjust the learning rate progressively during training.
Experiments were conducted on the LUMI supercomputer, utilizing nodes equipped
with four AMD MI250X GPUs and a 64-core AMD EPYC "Trento" CPU. To
maintain an effective batch size of 512, gradient accumulation steps were adjusted
based on model size: for mT5-small, a per-GPU batch size of 32 with 2 gradient
accumulation steps; for mT5-large, a per-GPU batch size of 16 with 4 gradient
accumulation steps; and for TURNA, a per-GPU batch size of 4 with 16 gradient

accumulation steps. Mixed precision training with FP16 was also utilized.
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5.4 Generation Configuration

During inference on both development and test sets, beam search with 4 beams was
employed, applying a length penalty of 1.0 and preventing the repetition of any 3-
gram sequences in the output. The decoder was allowed to generate up to 128 new
tokens, with early stopping enabled to terminate generation upon reaching the end-
of-sequence token. This generation protocol was adopted from the Uthus et al.

(2023) paper.

5.5 Evaluation protocol

In this study, we evaluate the performance of our models using the BLEU (Papineni
et al., 2002) score, which is widely used in natural language translation tasks to
measure the n-gram overlap between machine-generated translations and human
references. BLEU provides a straightforward and interpretable metric for assessing
the quality of sign language translation models, particularly in terms of lexical and
syntactic similarity.

However, it is important to note that BLEU has limitations, especially when
evaluating translations involving languages with significant morphological and
syntactic differences. More recently, metrics like BLEURT (Sellam et al., 2020) have
been introduced to address these limitations by incorporating semantic
representations on sentence similarity, while BLEU score is limited to n-gram
overlap. Unfortunately, as of now, there is no available BLEURT model specifically
fine-tuned for Turkish. This restricts our ability to replicate evaluation approaches
such as those used by Uthus et al. (2023), which incorporate BLEURT for more

comprehensive assessments of translation quality.
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To solve this issue, we have performed the BERTScore metric (Zhang et al.,
2020) using the BERTurk model, which is a pretrained encoder model for the
Turkish language. Since the metric provides similar performance as the BLEU

metric, we will not be reporting the output of this metric.

5.6 Tools

This research employed the Transformers (Wolf et al., 2020) and PyTorch (Paszke et
al., 2019) for model and training implementations, accelerate (Gugger et al., 2022)
for multi-GPU training, and SacreBLEU (Post, 2018) for standardized BLEU score

evaluation.
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CHAPTER 6

EXPERIMENTAL RESULTS

Our experiments were designed to evaluate the impact of various factors on model
performance, including model size, the variation of sign embedding layers, and the
effect of data augmentation. By testing multiple setups, we aimed to analyze how
these components influence translation quality and the representation of sign
language content.

Since we have multiple components, we are required to have a large
experimental setup. As you can see in Figure 11, we have overall done 36

experiments in this work.

Test BLEU-4 Scores for SC and LC Subset Experiments
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Figure 11. BLEU-4 results on test set for all experiments, with a vertical red line-
separating models trained on SC or LC subset

At an initial glance, the first noticeable difference is the BLEU-4 value difference
between the SC and LC datasets. While the BLEU-4 value margin is around a 10-16
period in the SC subset, this value decreases to 0.05-2.5 for the LC subset. The

reason behind this is the probability of mismatch in longer contexts. As the context
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length increases, the BLEU-3 and BLEU-4 match rates decrease, as seen in the
overall figure, while the BLEU-1 and BLEU-2 values are closer and less prone to
change across subsets (see Table 9 and Table 8).

Before we start our analysis with each component, we first need to clarify the
interpretation of the BLEU metric. Our analysis distinguishes the BLEU score
interpretation for each subset based on the divergence observed in SLT systems. For
the SC dataset, we separate BLEU-1 and BLEU-2 scores from BLEU-3 and BLEU-
4, defining two categories: "single-word SC," referring to sequences consisting
mainly of 1-2 words, and "multi-word SC," which includes short sequences with
more than 3 words. This categorization aligns with the grammatical structure of
Turkish, where the agglutinative nature leads to a significant number of sentences
comprising only 1-2 words, as discussed further in Chapter 7.

For these sequences, our analysis focuses on changes in model performance
across SC subset training, while for the LC subset, the dataset predominantly
includes sequences of more than 3 words. Hence we limit our analysis strictly to the

BLEU-4 metric in the LC subset.

6.1 Comparison between model sizes

The effects of SC and LC datasets on model performance are distinct and align with
the dataset characteristics. In the SC case, we have two findings. While the TURNA
model emerges as the best-performing architecture in BLEU-3 and BLEU-4, the
mT5-small model performs better in BLEU-1 and BLEU-2 metrics. These results
highlight two key points about the SC subset. For sequences classified as "single-
word SC" sequences, model performance decreases as parameter size increases. We

argue that this is due to underfitting caused by the limited number of "single-word
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SC" sequences in the training set. Smaller models, which require less data to
generalize effectively, perform better on these shorter sequences. Another
contributing factor could be the semantic density of these sequences. The
agglutinative nature of Turkish allows for complex meanings to be condensed into
single words. Predicting such sequences with larger models may demand more
training data to capture this semantic richness, leading to better performance with

smaller models in these cases.

BLEU-1 and BLEU-2 Scores of SC Subset
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Figure 12. BLEU-1 and BLEU-2 performance comparison by model type across SC
development and test sets

This result is expected, as TURNA is a language-specific model designed for
Turkish, and the SC dataset provides many shorter-context instances that align well
with the model’s training objectives. For BLEU-3 and BLEU-4 metrics, the TURNA

model, with its Conv1ld encoder, demonstrates the best performance. This indicates
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that for shorter sequences with sufficient training data, a language-specific encoder is
more effective in capturing the nuances of Turkish.

When compared to other models, such as mT5-small and mT5-large, the
results further highlight the impact of parameter size and pretraining language on
translation performance. Notably, the mT5-large model underperforms compared to
both mT5-small and TURNA, suggesting that the increased parameter size of mT5-
large does not necessarily translate to better performance without sufficient
alignment with the training data. These findings emphasize that both model
architecture and pretraining on the target language significantly influence the quality
of translation in SC datasets. However, the effect of parameter size has more
influence on the changes when comparing the mT5-small and mT5-large models in

the LC subset, as shown in Figure 14.
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Figure 13. BLEU-3 and BLEU-4 performance comparison by model type across SC
development and test sets
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As Zhang et al. (2024) observed, larger models tend to overfit on smaller datasets,
leading to lower BLEU scores. This pattern is reflected in the LC dataset, where
mT5-small outperforms mT5-large and TURNA models across all configurations.
For instance, mT5-small with a Linear encoder achieves a BLEU-4 score of 2.19 on
the SC test set without augmentation, compared to 0.16 for mT5-large. The smaller
parameter count of mT5-small helps it generalize better in this case, avoiding
overfitting to the limited data.

The long context and fewer instances in the LC dataset pose a challenge for
all models, particularly larger and more complex ones like mT5-large. These models
struggle to learn the long-context dependencies effectively due to the limited training
instances. For example, mT5-large consistently underperforms relative to mT5-small
in BLEU-4 scores across LC configurations. This pattern highlights the difficulty of
aligning model complexity with dataset constraints, particularly for longer sequences

requiring a broader context.
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BLEU-3 and BLEU-4 Scores for LC Subset
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Figure 14. BLEU-4 performance comparison by model type across LC development
and test sets

Overall, these findings underscore the importance of balancing model size and
architecture with dataset characteristics. TURNA excels in SC due to its language-
specific design and the availability of numerous short-context instances, while mT5-
small demonstrates robustness in both SC and LC datasets, benefiting from its
smaller parameter count. Conversely, mT5-large’s performance reflects the
challenges of overfitting in SC and underfitting in LC. This shows the need for
training strategies in diverse dataset contexts. That’s why we have added our

augmentation strategies to our experimental methodologies.

6.2 Comparison between encoder types
Initially, it is important to note that the SC and LC datasets require distinct analyses
for encoder comparisons. The LC dataset is not an ideal ground for encoder-type

comparisons due to an underfitting pattern, as discussed in the model comparison
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section. However, the performance increase observed in frame-level encoders, such
as MLP and Linear, indicates that frame-level information plays a crucial role in
extracting meaningful features. Unlike the Conv1D encoder, which incorporates
temporal pooling and limits information extraction from larger sequences, frame-
level encoders are better suited for datasets requiring fine-grained temporal details.
As observed in Figure 15, the LC dataset generally produces lower BLEU
scores compared to the SC dataset due to differences in word distribution. The LC
dataset’s longer average token distribution results in a descending BLEU score order,
as higher n-gram matches become less likely. This phenomenon aligns with the
dataset’s average sentence length being greater than 4 tokens, as reflected in the

Table 7 and Table 8.
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Figure 15. BLEU-4 performance comparison by encoder type across LC
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This underfitting pattern is further supported by the effect of augmentation on
the LC dataset. Unlike SC, where augmentation introduces noise, it significantly
improves performance on LC, indicating that the dataset benefits from the added
diversity. For example, mT5-small with a Linear encoder achieves a BLEU-4 score
of 2.64 on the test set with augmentation, compared to 2.19 without it. This
improvement underscores how augmentation mitigates underfitting in long-context

scenarios by providing richer training examples.

BLEU-1 and BLEU-2 Scores on SC Subset for Encoder Comparison
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Figure 16. BLEU-1 and BLEU-2 performance comparison by encoder type across
SC development and test sets

The analysis of the SC subset reveals notable differences in model

performance between "single-word SC" and "multi-word SC" sequences,
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highlighting the interplay between sequence length, encoder architecture, and dataset
characteristics.

For "single-word SC" sequences, frame-level encoders, such as Linear and
MLP, perform comparably or better than Conv1D encoders as shown in Figure 16.
For instance, on the SC development set, the mT5-small model with an MLP encoder
achieves a BLEU-1 score of 16.33 and a BLEU-2 score of 14.97, outperforming the
Convl1D encoder, which achieves 14.69 and 14.13 for the same metrics. This trend
can be attributed to the pooling mechanism in Conv1D encoders. While effective for
temporal representation, the encoder limits the ability to capture such dense
information in very short sequences. Another finding shows that the For "single-
word SC" sequences, frame-level encoders, such as Linear and MLP, perform
comparably or better than Conv1D encoders as shown in Figure 16. For instance, on
the SC development set, the mT5-small model with an MLP encoder achieves a
BLEU-1 score of 16.33 and a BLEU-2 score of 14.97, outperforming the Conv1D
encoder, which achieves 14.69 and 14.13 for the same metrics. This trend can be
attributed to the pooling mechanism in Conv1D encoders. While effective for
temporal representation, the encoder limits the ability to capture such dense
information in very short sequences. Another finding shows that the more complex.
encoder MLP too surpasses the performance of the Linear encoder, which further
highlights that the extraction of frame-level information is required in low-resource

settings.

82



BLEU-3 and BLEU-4 Scores on SC Subset for Encoder Comparison
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Figure 17. BLEU-3 and BLEU-4 performance comparison by encoder type across
SC development and test sets

In contrast, for "multi-word SC" sequences, Conv1D encoders demonstrate
superior performance, as they better represent the temporal dependencies inherent in
longer sequences, as demonstrated in Figure 17. For example, the TURNA model
with a Conv1D encoder achieves a BLEU-4 score of 16.95 on the SC development
set, surpassing both the Linear (14.09) and MLP (15.50) setups. This suggests that
when sufficient training data is available, Conv1D encoders can more effectively
model sequential information, which is crucial for processing multi-word sequences.

These findings underscore the importance of the encoder architecture to the
characteristics of the dataset. Frame-level encoders are well-suited for capturing the
dense semantic content of shorter sequences with fewer resources, while Conv1D
encoders excel at leveraging temporal relationships in longer sequences when

provided with enough training data.
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6.3 Addition of paraphrasing and pose augmentation in training

6.3.1 Paraphrasing

Paraphrasing introduces variability into the dataset by aligning a single sign with
multiple paraphrased sequences, which can introduce noise into the training process
and result in lower BLEU scores during evaluation; thus, we will not report the
results of these experiments. This phenomenon reflects the inherent complexity of
representing a one-to-many relationship between sign language input and its textual
translations. Yet, paraphrasing is a necessary component in our translation system for
calculating BLEU scores. The paraphrasing tool gives us better reference sequences
that are more robust to the language variation seen in Turkish, where the change in
model performance is given in Figure 18. By providing the idiosyncratic variations
of possible sequences, our BLEU-3 and BLEU-4 metrics are more reliable for a
language like Turkish. The discussions on paraphrasing will be provided in Section

7.2.

Effect of Paraphrasing on Evaluation Scores by Subset

Main Subset

———— O - O

Score Type
BN test bleu_1
[ test_bleu 2
BN test bleu 3
I test_bleu_4
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Evaluation Score
N w
S

Paraphrasing Status
Long Subset

Paraphrased d Not Paraphrased
Paraphrasing Status

Figure 18. Comparison of BLEU-1 to BLEU-4 scores between paraphrased and non-
paraphrased SC and LC test sets
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In the SC subset, the differences in BLEU-1 and BLEU-2 scores are minimal,
indicating that paraphrasing has a limited impact on unigram and bigram precision.
However, as we move to higher n-grams (BLEU-3 and BLEU-4), the difference
becomes more pronounced. This trend suggests that paraphrasing introduces
variations in word order, which enhances n-gram matches and improves the model’s
ability to handle syntactic flexibility and diversity. We will discuss this in detail in
Section 7.2.

In contrast, the LC subset offers a less descriptive view of the impact of
paraphrasing. The BLEU-4 scores remain very low, typically ranging between 2 and
0.5, regardless of the paraphrasing status. This is likely due to the LC subset’s
inherent challenges, such as underfitting and the inability to effectively model long
contexts, which paraphrasing alone cannot address.

Overall, while paraphrasing demonstrates benefits for both subsets by
improving higher-order n-gram matching, its influence is limited in the LC subset,

where low scores reflect broader challenges unrelated to paraphrasing.

6.3.2 Augmentation

Augmentation has markedly different effects on the SC and LC subsets, as reflected
in the scores presented in Figures 19 and 20. In the SC subset, augmentation shows
lower BLEU scores in all configurations. For example, mT5-small with a Linear
encoder shows a BLEU-4 score of 2.16 on the development set without
augmentation, which decreases to 2.53 when augmentation is applied. We argue that
this drop can be attributed to the limited number of temporal sequences in the SC

dataset. With an average of 3 seconds per video, the augmented data likely
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introduces noise rather than improving performance, disrupting the sparse spatio-
temporal information.

In contrast, augmentation improves performance on the LC dataset, reducing
underfitting phenomena by its data distribution and modeling challenges. The

consistent increase across all encoder and model variations suggests two key factors.

Test BLEU-4 Scores Grouped by Model Type with Encoder for Augmentation Comparison
16

X
14 & 8
X
12 @
wn
10
o
(9]
%3]
-]
w 8
—
[an]
6
4 <> Conv Augmented <>
Conv Non-Augmented
MLP Augmented
> MLP Non-Augmented
Linear Augmented
2 <> Linear Non-Augmented <>
= < )
© = 9
€ e ©
@ > o
1 = N
+ +—
S S

Model Type

Figure 19. BLEU-4 performance comparison on effect of augmentation across
model and encoder type configurations for SC subset

First, the improvement addresses an underfitting pattern in the LC data, which arises
because the dataset is provided with a similar number of instances as SC, despite
requiring alignment across longer contexts. For example, in the Linear encoder setup,
mT5-small achieves a BLEU-4 score of 2.64 on the test set with augmentation

compared to 2.19 without it. This consistent improvement underscores how
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augmentation is required for long-context alignment with controlled variation for

pose information.

Test BLEU-4 Scores on LC Subset for Augmentation Comparison
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Figure 20. BLEU-4 performance comparison on effect of augmentation across
model and encoder type configurations for LC subset

6.3.3 Overall experimental findings
The results of our experiments; summarized in Tables Al, A2, A3 and A4; show the
overall relationship between dataset characteristics, model architectures, and
augmentation strategies. Across both SC and LC subsets, several key findings
emerge.

In the SC subset, TURNA consistently outperforms other models, leveraging
its language-specific pretraining and its ability to handle the high frequency of

shorter-context instances. This underscores the importance of language-specific
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encoders for tasks requiring precise linguistic alignment. The mT5-small model also
demonstrates competitive performance, often surpassing mT5-large, suggesting that
smaller models are better suited for datasets with limited complexity. This aligns
with prior findings, such as those by Zhang et al. (2024), reinforcing the suitability of
compact models in scenarios where overfitting poses a risk. Additionally, the effect
of paraphrasing in the SC subset is notable; while BLEU-1 and BLEU-2 scores show
minimal change, higher n-gram scores, such as BLEU-3 and BLEU-4, benefit
significantly. This improvement is likely due to paraphrasing, introducing word order
variations, enhancing group matching, and model adaptability.

The LC subset, in contrast, presents unique challenges due to its longer
average sequence lengths and smaller dataset size. Augmentation plays a crucial role
in this context, consistently improving performance by diversifying the training data.

Despite these improvements, smaller models like mT5-small continue to
outperform larger ones, with mT5-large and TURNA struggling to effectively
capture long-context dependencies, a clear indication of underfitting. Furthermore,
paraphrasing has a limited impact on BLEU-4 scores in the LC subset, which
remains low, suggesting that data scaling is more critical for handling long-context
tasks effectively.

Encoders also play a significant role in performance outcomes. Frame-level
encoders, such as Linear and MLP, are better suited for shorter sequences,
particularly in the "single-word SC" subset, where they excel in capturing dense
semantic content. In contrast, Conv1D encoders demonstrate superior performance in
the "multi-word SC" subset, as they effectively model temporal dependencies when

sufficient training data is available. However, in the LC subset, where sequences are
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significantly longer and instances fewer, all encoder types struggle due to
underfitting and the inherent challenges of capturing long-context dependencies.
Overall, the experiments highlight the necessity of aligning model architectures,
dataset characteristics, and preprocessing strategies for optimal performance.
Language-specific models like TURNA excel in handling short-context tasks in the
SC subset, while smaller, more generalizable models like mT5-small perform
robustly across both SC and LC subsets. The results also emphasize the importance
of augmentation and translation length constraints, particularly for low-resource and
long-context scenarios, where data diversity and architectural adaptability are key to

addressing inherent challenges.
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CHAPTER 7

DISCUSSION

7.1 Input modality

Our input modality for the representation of sign language sequences is the skeletal
information extracted from sign language video input using the MediaPipe pose
estimation model, specifically the BlazePose GNUM 3D model. This model
performs 2D landmark detection with automatic 3D projection, leveraging learned
representations from its training without relying on heuristic processes (Bazarevsky
et al., 2020). While this approach provides a computationally efficient and structured
representation of the signer’s movements, several challenges arise from the

variability and quality of the input data.

Distribution of bbox width
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Figure 21. The width distribution of annotated bounding boxes across videos

The first challenge stems from the variability in dataset quality and visual resolution.

As discussed in Chapter 3.3.1, the bounding box corresponding to the signer’s

90



location differs significantly across videos. This variation occurs due to the differing
height and width pixel values, which depend on both the overall quality of the videos
(ranging from 360p to 1080p) as seen in Figure 21 and the maximum size of the
embedded sign video content. These inconsistencies affect the accuracy of pose
estimation, making it difficult to maintain uniform performance across clips.
Additionally, even in high-resolution contexts, the pose estimation model shows
error propagation under challenging conditions, such as occlusion caused by camera
angles or hand-face interactions, resulting in noisy or missing skeletal outputs
(Gueuwou et al., 2024; Moryossef et al., 2021).

While it is difficult to directly determine the effect of noisy pose information
on model performance, the implementation of our data augmentation techniques
mitigates some of these issues by improving the robustness of the models. These
augmentations, such as random frame drops and cue masking, simulate real-world
noise and enhance the model’s ability to generalize under suboptimal conditions.

The possibility of noisy landmarks is a well-documented issue in the SLT
literature, with various solutions proposed. One common approach is to use image-
based models (Albanie et al., 2021; Gueuwou et al., 2024; Rust et al., 2024) that
encode spatial and contextual information or to employ multiple representation
models with feature fusion (Camgoz et al., 2020a; Chen et al., 2022) to integrate
skeletal information with visual features. These approaches aim to compensate for
the limitations of skeletal data alone.

Finally, it is important to note that the challenges associated with skeletal
information extend beyond noisy outputs from low-quality video inputs. Skeletal
representations inherently lack certain critical aspects of sign language, such as non-

manual markers, hand shapes, and subtle finger movements, which are essential for
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accurate linguistic representation. These limitations underscore the need for further
advancements in input modalities to capture the full complexity of sign language for

SLT systems.

7.2 Paraphrasing and linguistic difference

In this work, we employed a paraphrasing tool to evaluate the performance of our
models on paraphrased translations of the given sign sequences. This approach was
motivated by the need to address discourse-level variations in Turkish, a language
with significant typological differences and idiosyncratic characteristics in its
utterances.

Instead of relying on a paraphrasing tool, an alternative approach, such as
translating the target text into English, could be considered. This method addresses
not only the challenges posed by grammatical variation in Turkish but also leverages
language-specific models in English, which we argue deliver superior translation
performance. However, due to the large dataset size, these translations must be
performed automatically, limiting our ability to control for potential mistranslations.

A further limitation of this approach lies in handling language-specific
expressions, including idiomatic phrases and sociolinguistic variations common in
everyday language. While this method might improve translation quality for datasets
with controlled vocabulary and domain-specific language, we hypothesize that, in
our case, applying it to the target translations would still affect overall translation
quality.

Therefore, we argue that paraphrasing serves as a better tool for mitigating

these variations, enabling a more nuanced and comprehensive evaluation of the
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model’s performance. However, the usage of the Turkish language as the target
language results in a challenge in BLEU metric evaluation.

The limitations of BLEU, which relies on exact word matches, are
particularly evident in Turkish due to its morpho-syntactic characteristics and
agglutinative properties. This often leads to low BLEU scores, even when
translations are semantically accurate. Incorporating paraphrasing into our evaluation
shifts the focus from surface-level matches to assessing the model’s ability to capture
the semantic content of Turkish Sign Language (TID) inputs.

However, automatic paraphrasing is not enough to cover the typological
differences between Turkish and TID. Thus, we need to address what possible
typological differences result in these mismatches. By analyzing discrepancies
between machine-generated translations and human-authored references, we identify
recurring phenomena that highlight challenges and inform potential improvements in
translation quality. This analysis points out the need for evaluation metrics that
prioritize semantic fidelity over exact lexical correspondence, especially for
morphologically complex languages like Turkish, as well as the possible limitations

of the sign language translation systems

7.2.1 Difference in Word-Order between TID and Turkish

An example of this is the effect of "word order" variation, which has a functional
usage and makes the various usages possible in Turkish (Erguvanl & Taylan, 1984).
Also, TID enables word order variation in some cases depending on the argument
structure (Arik, 2020; Gokgoz & Arik, 2011). However, there is no literature on the

translation strategies reflecting variation from both languages.
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(1) a. Gel benimle
Come with.me
“Come with me”

a. Benimle gel
Come with.me

“Come with me”

This example of "Gel benimle” and "Benimle gel," in (1) shows the effect of
scrambling where metrics like BLEU yield zero matching since it relies on exact n-
gram matching. Although both sentences convey the same meaning, their word order

differs due to Turkish’s free word order characteristics.

(2) a. Attim iceri
Throw.PAST.1Sg inside
‘I threw (it) inside’
b. Onu attim iceri
It Throw.PAST.1Sg  inside

‘| threw it inside’

The examples "Attim iceri" (I threw [it] inside) and "Onu igeri attim" (I threw it

inside) in (2) illustrate the linguistic phenomena of both scrambling and object drop
in Turkish and their impact on translation evaluation. In "Attim igeri," scrambling is
evident as the adverbial "iceri" (inside) follows the verb "Attim" (I threw), deviating

from the more neutral order seen in "Onu igeri attim." Additionally, "Attim igeri"
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demonstrates pro-drop (Oztiirk, 2006), a common phenomenon in Turkish. Here, the
third-person object pronoun "Onu” (it) is omitted but understood from the context.
These word-order-based variations and dropped items pose significant
challenges for translation evaluation, particularly when using metrics like BLEU,
which rely heavily on exact n-gram matching. Scrambling alters word order, and
object drop results in differing token counts, leading to low BLEU scores despite

being semantically accurate translations.

7.2.2 Difference in morphological markers between TID and Turkish

(3) a. Duydum
Hear.PAST.1Sg
‘I heard’
b. Dinliyorum
Listen.PRES.CONT.1Sg

‘I am listening’

The distinction between "duydum” (I heard) and "dinliyorum” (I am listening)
highlights the linguistic intricacies of Turkish Sign Language (TID) and the
challenges it presents for sign language translation (SLT). (Kubus, 2008) notes that
TID marks plural forms on nouns and adjectives, albeit infrequently. Moreover, TID
employs a complex system of verbs and distinguishes between two primary aspects:
completive and progressive/continuative. These distinctions are particularly relevant
when analyzing verbs like "duymak™ and "dinlemek," which are homophonous in

TID.
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(4) a. Ne yapiyorsun?
What do.PRES.CONT.2Sg
‘What are you doing?’
b. Ne yaptin?
What do.PAST.CONT.2Sg

‘What are you doing?’

The progressive/continuative aspect in TID is often indicated through the
repetition of a sign, which implies an ongoing or habitual action. For instance,
"dinliyorum” (1 am listening) could involve a repeated gesture to signify the act of
continuous listening, whereas "duydum™ (I heard) might be expressed as a single,
abrupt sign to denote a completed hearing event. However, this repetition varies
significantly among signers, introducing variability in how the aspect is conveyed.
This signer-dependent variation can lead to challenges in both comprehension and
translation, as the absence of consistent repetition may cause ambiguities in
determining whether the intended meaning is progressive/continuative or completive.
The mismatch between the model prediction and actual translation occurs due to the
morpho-syntactic difference arising from TID and Turkish, resulting in a 0 BLEU

score for this example.
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7.2.3 Referentiality in TID

(5) a. Oziir dilerim
What do.PRES.CONT.2Sg
‘I am sorry’
b. Oziir dilerim Esat
What do.PAST.CONT.2Sg Esat

‘I am sorry, Esat’

This error is caused by the unnecessary usage of a referentiality prominent form
discussed in Keles et al.’s (2023) work. When a new referent is introduced in the
context, a signer first introduces a referent with a prominent form, for instance, a
proper name or a full noun phrase, which usually also has, e.g., longer duration and
an increase in signing space (Keles, 2024). When the referent becomes old
information, less prominent tools such as pronouns or zero arguments (like the
dropped object discussed above) are used. Since “Esat” was used in the context
before, a more referentially economical sentence should exclude it, and this will
reduce the translation to "I am sorry" instead of "I am sorry, Esat". This example
shows the alignment problem with the target translation and the actual articulated
sentence. Since the dataset consists of interpretations of the spoken language
sequence, translators’ production of the sentence and caption do not match due to the

nature of this dataset, affecting the BLEU score in word-level matching.

97



7.2.4 Idiosyncratic expressions

Below, we have provided a few idiosyncratic expressions that are semantically close
but yield zero matches when evaluated with a BLEU score. This limitation arises
from the inherent variability in language and translation, particularly in contexts
involving complex idiosyncratic expressions. Several factors contribute to this issue,
including the translator’s style of translation and the discourse context of the

translation.

(6) a. Gel bakalim
Come let’s-see.ASP.1Sg
‘Come, let’s see.’
b. Hadi bakayim
Come-on see.1Sg

‘Come, let’s see.’

(7) a. Babam igin
Father.POSS.1Sg for
‘For my father’
b. Babama

Father.POSS.1Sg-DAT

‘To my father’
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(8) a. Anne.
Mother
‘Mother’

b. Anacagim

Mother.DIM.Poss.1Sg

‘My dear mother’
(9) a. Eyvallah Elif
Thank-you Elif

‘Thank you, Elif’
b. Sagolasin Elif
Live-be.3Sg Elif

‘Be well, Elif (Intended: Thank you, Elif)’

In these cases, the BLEU score, commonly used for evaluating machine
translations, may not fully capture this idiosyncrasy between expressions, as it
primarily measures n-gram overlap without considering context or meaning.
Therefore, a comprehensive error analysis, as demonstrated above, is crucial for

understanding and improving translation quality.
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CHAPTER 8

FUTURE WORK

This research has culminated in the development of the first open-source, large-scale
dataset for TID-to-Turkish translation, marking it as the sixth substantial contribution
to SLT datasets globally. Additionally, we have devised methodologies tailored to
the unique linguistic properties of both Turkish and TID. The data collection and
annotation processes, while incorporating manual efforts, have predominantly
depended on automatic annotation techniques. Consequently, to output representative
data of the linguistic integrity of both Turkish and TID, it is imperative to integrate
comprehensive manual verification and annotation. Our primary objective moving

forward is to establish a meticulously curated, manually annotated corpus.

8.1 Corpus creation

The creation of a high-quality corpus necessitates active involvement from the Deaf
and hard-of-hearing communities. Translations should receive validation from Deaf
translators and be annotated by multiple experts to achieve a high inter-annotator
agreement, ensuring reliability and consistency. Currently, the dataset comprises
direct translations without intermediary linguistic information such as gloss
annotations, fingerspelling, or detailed phonological and morphological markers.
Incorporating these elements is essential for broadening the dataset’s applicability

across various linguistic and computational tasks.
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8.1.1 Sign language recognition

Existing TID datasets primarily focus on isolated sign instances. However, lexical
items exhibit variations in continuous signing contexts. To advance SLR
technologies, it is crucial to annotate gloss-level information, capturing signs in
diverse contexts. This approach will facilitate the development of applications that

translate glosses into text, thereby enhancing the benchmarking of SLR systems.

8.1.2 Adding linguistic information

To create a multidisciplinary dataset, we aim to include multiple layers of linguistic
annotation, enabling linguists to build extensive corpora for statistical analysis while
also supporting researchers in exploring the relationship between linguistic

information and the performance of computational systems in SLR/SLT.

8.1.2.1 Phonological annotation

Documenting features such as handshape, location, movement, and orientation will
be an important task (Brentari, 1998). This process will be supported by our
Automatic Sign Feature Extraction (AS-FE) tool (Sahin & Gokgoz, 2024),
facilitating semi-automatic annotation that is subsequently refined through manual
review. This methodology aims to produce a large-scale dataset within a reduced

timeframe.

8.1.2.2 Morphological annotation
Integrating gloss annotations with morphological details is vital, as glossing often
overlooks inflectional nuances. TID exhibits various morphological markers,

including verb agreement for number and person, noun pluralization, possessive and
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case markings, and classifier constructions based on semantic properties. Detailed
morphological annotation will provide insights into these complex structures. In
addition to refining our dataset, we aim to enhance our models by addressing key

components that influence translation performance.

8.2 Improvements on architecture

8.2.1 Sign language representation

Currently, we utilize normalized pose information to represent sign language videos.
However, the literature offers various alternative representations that are used in the
SLT, such as CNN-based Pretrained 2D, 3D ResNet, or 13D embeddings, or more
recent transformer-based pre-trained vision encoders such as Vision Transformers
(ViT) and DINO. We are planning to explore our experiments further with these

representations.

8.2.2 Feature encoders

Our current approach employs linear layers, multi-layer perceptrons, and 1D
convolutional networks to encode pose information into token space. We plan to test
the combinations of the encoders, such as the MLP layer, followed by Conv1D to
further maximize the performance of sign encoders.

Another encoder we plan to use comes from the utilization of a popular
architecture in SLR and SLT systems, namely graph neural networks (GNNSs), which
can effectively model the intricate relationships between different body parts in sign
language. For instance, hierarchical spatiotemporal graph neural networks have been

proposed to capture both local and global dependencies in sign language data. We
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plan to experiment with GNN-based architectures to potentially enhance our feature

encoding process.

8.2.3 LLM architecture

Our current framework utilizes encoder-decoder architectures, namely T5. However,
decoder-only architectures that provide generation capabilities in both an auto-
regressive and causal manner, such as those employed in models like LLaMA, have
achieved state-of-the-art results in various natural language processing tasks. By
integrating training techniques like low-rank adaptation (LoRA) and instruction

tuning, we aim to improve our models’ performance in sign language translation.
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CHAPTER 9

CONCLUSION

This thesis presents a comprehensive study on Turkish Sign Language (TID)
translation, contributing to both the creation of a novel dataset and the exploration of
advanced methodologies in sign language translation (SLT). The proposed dataset is
the first large-scale, open-source dataset for TID, comprising over 500 hours of video
footage aligned with Turkish translations. This dataset aims to provide a resource
that supports the development of models specific to the Turkish language and sign
language while also being scalable and reproducible using publicly available
YouTube content.

The work evaluates the performance of several pre-trained language models,
including mT5-small, mT5-large, and TURNA, in the context of SLT. The TURNA
model demonstrates superior performance due to its Turkish-specific pretraining,
effectively capturing the information in the Turkish language for SLT. The results
highlight that, for SLT tasks, the alignment between the model’s pretraining data and
the target language is more critical than the size of the model. Notably, mT5-small
outperforms its larger counterpart, mT5-large, reflecting that smaller models may
generalize better under constrained datasets, supported by findings of Zhang et al.
(2024).

Our work further investigates various architectural choices in the sign
embedding layer and its possible configurations for representing skeletal information
extracted via pose estimation. The study highlights the challenges posed by input
modalities, such as noisy pose information, variable video quality, and the limitations

of skeletal representations in capturing the optimal projection layer for sign
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language. Augmentation strategies, such as random frame skipping and cue masking,
are introduced to improve robustness, though the results indicate the need for further
refinements.

Paraphrasing-based evaluation is carried out due to the lack of BLEURT for
Turkish, which underscores the limitations in current evaluation protocols for low-
resource languages, emphasizing the necessity for future advancements in this area.

This thesis also contextualizes its contributions within the broader SLT
literature, tracing the evolution from early statistical machine translation techniques
to the use of modern transformer-based architectures and pretraining strategies. The
work validates findings in recent literature, such as the importance of large-scale data
and pretraining, while offering a comparative analysis of models and encoders
specific to SLT tasks.

In summary, this research represents a significant step forward for TID
translation, introducing the largest dataset for Turkish SLT and the sixth largest
dataset proposed in SLT literature and providing detailed analyses of model
architectures, pretraining strategies, and linguistic challenges. Future directions
include the creation of manually annotated corpora, the incorporation of linguistic
annotations for phonological and morphological properties, and the exploration of
different architecture types for improved translation performance. This work lays a
robust foundation for advancing SLT technologies for Turkish Sign Language and

beyond.
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APPENDIX A
OVERALL EXPERIMENTAL RESULTS

Table Al. Experimental Results for Sign Language Translation on SC Dataset (Development and Test Scores)

Model Type Sign Encoder | Augment Dev Test
BLEU-1 BLEU-2 BLEU-3 BLEU-4 BLEU-1 BLEU-2 BLEU-3 BLEU-4

mT5-small Linear False 35.62 14.95 13.88 14.39 35.43 14.40 13.27 13.57
mT5-large Linear False 30.78 12.36 12.84 14.10 30.56 11.56 11.89 12.80
TURNA Linear False 31.53 13.17 13.24 14.09 31.20 12.50 12.62 13.28
mT5-small ConvlD False 34.72 14.69 14.13 14.96 34.10 13.85 13.34 14.02
mT5-large ConvlD False 32.11 13.53 13.80 15.04 31.55 12.72 12.99 14.01
TURNA ConvlD False 30.86 13.92 15.13 16.95 29.97 12.85 13.98 15.57
mT5-small MLP False 36.78 16.33 14.97 15.50 36.03 15.50 14.10 14.36
mT5-large MLP False 31.84 12.99 13.47 14.81 31.27 12.09 12.38 13.33
TURNA MLP False 30.96 13.17 13.87 15.13 30.60 12.31 12.99 14.07

106



Table A2. Experimental Results for Sign Language Translation on SC Dataset with Augmentation (Development and Test Scores)

Model Type Sign Encoder | Augment Dev Test
BLEU-1 | BLEU-2 BLEU-3 BLEU-4 BLEU-1 BLEU-2 BLEU-3 | BLEU-4

mT5-small Linear True 33.89 13.34 11.86 11.92 33.33 12.60 11.12 11.01
mT5-large Linear True 31.84 12.62 12.80 13.81 31.35 11.53 11.75 12.73
TURNA Linear True 31.25 13.11 13.54 14.68 30.90 12.43 12.86 13.74
mT5-small ConvlD True 32.30 13.44 13.48 14.50 32.39 13.28 13.20 13.99
mT5-large ConvlD True 20.08 03.04 2.61 2.53 19.76 2.69 2.18 2.00
TURNA Convl1D True 25.42 5.79 5.20 5.30 25.01 4.88 4.16 4.05
mT5-small MLP True 35.95 15.08 13.62 13.95 35.82 14.73 12.99 12.85
mT5-large MLP True 32.03 12.62 12.50 13.23 31.35 11.69 11.55 12.21
TURNA MLP True 32.42 13.84 13.94 14.97 31.62 13.09 13.20 14.03
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Table A3. Experimental Results for SLT on LC Dataset (Development and Test Scores)

Model Type Sign Encoder | Augment Dev Test
BLEU-1 | BLEU-2 |BLEU-3 |BLEU-4 |BLEU-1 |BLEU-2 |BLEU-3 |BLEU-4

mT5-small Linear False 38.42 11.32 4.73 2.16 38.62 11.36 4.89 2.19
mT5-large Linear False 24.41 1.82 0.43 0.14 24.29 1.98 0.51 0.16
TURNA Linear False 22.39 1.10 0.17 0.06 22.46 01.06 0.16 0.04
mT5-small ConvlD False 31.70 8.63 3.57 1.63 32.24 8.91 3.85 1.85
mT5-large ConvlD False 30.49 2.23 0.48 0.13 30.72 2.24 0.43 0.07
TURNA Convl1D False 22.55 1.12 0.12 0.02 22.58 1.16 0.14 0.02
mT5-small MLP False 37.61 10.83 4.41 191 37.76 10.99 4.73 2.17
mT5-large MLP False 26.89 0.99 0.19 0.05 27.54 1.13 0.23 0.06
TURNA MLP False 22.45 0.95 0.13 0.03 22.39 0.89 0.08 0.01
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Table A4. Experimental Results for SLT on LC Dataset with Augmentation (Development and Test Scores)

Model Type Sign Encoder | Augment Dev Test
BLEU-1 | BLEU-2 |BLEU-3 |BLEU-4 |BLEU-1 |BLEU-2 |BLEU-3 |BLEU-4

mT5-small Linear True 40.08 12.60 5.48 2.53 40.12 12.74 5.68 2.64
mT5-large Linear True 35.10 9.19 3.88 1.80 35.23 9.29 411 2.04
TURNA Linear True 31.58 6.56 2.80 1.52 31.94 6.93 3.10 1.74
mT5-small ConvlD True 36.40 9.89 04.01 1.66 36.89 10.13 4.31 1.95
mT5-large ConvlD True 31.94 6.87 2.66 1.22 32.33 07.03 2.85 1.31
TURNA Convl1D True 22.76 01.07 0.18 0.05 23.03 1.12 0.19 0.04
mT5-small MLP True 29.10 3.18 0.84 0.29 29.51 3.40 0.90 0.29
mT5-large MLP True 24.36 2.34 0.70 0.31 24.64 2.30 0.60 0.23
TURNA MLP True 23.89 1.78 0.64 0.43 23.99 1.65 0.54 0.37
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