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ABSTRACT

CONTINUOUS SIGN LANGUAGE TRANSLATION ON THE NEW
EDUCATIONAL TURKISH SIGN LANGUAGE DATASET (E-TSL)
USING NEURAL MACHINE TRANSLATION METHODS

Siikrii OZTURK

Master of Science, Computer Engineering
Supervisor: Assoc. Prof. Dr. Hacer YALIM KELES
May 2024, 67 pages

Sign language is a fundamental communication tool for people with hearing and speech
disabilities. However, it is not widely known by others, making communication challenging
for those who rely on it. Additionally, sign language varies by country and evolves over time,
which further complicates communication among sign language users. To address these
challenges, recent technological advances have led to numerous studies on sign language
processing. These studies focus on sign language translation (sign to text) and production
(text to sign). As with most deep learning models, large datasets are essential. Widely used
datasets include Phoenix-2014, Phoenix-2014T, SWISSTXT-NEWS, VRT-NEWS, BSL
Corpus, and How2Sign ASL. Turkish Sign Language (TSL) datasets are also available, but
they are typically isolated. Currently, there is no Turkish Sign Language dataset suitable for

continuous sign language translation.

In this thesis, we created the Educational Turkish Sign Language (E-TSL) dataset, featuring
Turkish secondary school courses, to promote continuous sign language translation methods

for TSL. The dataset includes 1,410 video clips with 11 different signers, totaling nearly 24
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hours of content. Due to the agglutinative nature of Turkish, sign language translation faces
additional challenges. After lemmatizing the words, the E-TSL dataset’s dictionary shows
that 64% of the words are singletons, and 85% are rare words appearing less than five times,

posing significant challenges for translation.

To address these challenges, we developed transformer-based pose-to-text (P2T-T) and graph
neural network-based transformer (GNN-T) models. Despite the dataset’s complexity, our
GNN-T model achieved ROUGE-L, BLEU-1, and BLEU-4 scores of 22.93, 21.01, and
3.49, respectively. These results highlight the difficulty of the E-TSL dataset compared to
others. To validate our models, we used the Phoenix-Weather 2014T dataset as a benchmark,
providing comparative results. Finally, we evaluated the performance of our E-TSL dataset

against other commonly used datasets.

Keywords:  Continuous Sign Language Translation, Graph Neural Networks, Graph

Pooling, Graph Convolution, Transformers, E-TSL Dataset
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OZET

YENI EGITIMSEL TURK ISARET DiLi VERI KUMESI (E-TSL)
KULLANARAK NORAL MAKINE DONUSUMU YONTEMLERI ILE
SUREKLI ISARET DILI CEVIRISI

Siikrii OZTURK

Yiiksek Lisans, Bilgisayar Miihendisligi
Damisman: Assoc. Prof. Dr. Hacer YALIM KELES
Haziran 2024, 67 sayfa

Isaret dili, isitme ve konusma engelli bireyler icin temel bir iletisim aracidir. Ancak,
diger insanlar tarafindan ¢ok iyi bilinmedigi i¢in isaret dili kullanan bireylerin iletisimi
zorlagsmaktadir. Ayrica, isaret dili iilkeden iilkeye farklilik gostermekte ve zamanla degisim

gostermektedir, bu da isaret dili kullanicilari arasinda iletisimi daha da zorlagtirmaktadir.

Bu zorluklart agmak icin, teknolojik gelismelerin de yardimiyla isaret dili igleme {izerine
bircok calisma yapilmistir.  Bu calismalar, isaret dili cevirisi (isaretten metne) ve
tiretimi (metinden isarete) iizerine odaklanmaktadir. Cogu derin 68renme modeli gibi,
biiyiik veri kiimeleri bu alanda da Onemlidir. Yaygin olarak kullanilan veri kiimeleri
arasinda Phoenix-2014, Phoenix-2014T, SWISSTXT-NEWS, VRT-NEWS, BSL Corpus ve
How?2Sign ASL bulunmaktadir. Alanda Tiirk Isaret Dili (TSL) veri kiimeleri de bulunmakla
birlikte, var olan veri kiimeleri ayrik formdadir. Su anda siirekli isaret dili ¢evirisi icin uygun

bir TSL veri kiimesi bulunmamaktadir.

Bu tezde, siirekli isaret dili ¢eviri yontemlerini TSL ile ilgili yayginlastirmak amaciyla,
ortaokul diizeyindeki Tiirkce derslerinden olusan Egitim Tiirk Isaret Dili (E-TSL) veri
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kiimesini olusturduk. Veri kiimesi, 11 farkl isaretciden olusan 1,410 video klibi icermekte
ve toplamda yaklasik 24 saatlik icerik sunmaktadir. Tiirk¢enin sondan eklemeli yapisi
nedeniyle, isaret dili cevirisi ek zorluklar icermektedir. Kelimeleri lemmatize ettikten sonra,
E-TSL veri kiimesinin sozliiglinde kelimelerin %64’ tekil, %851 ise bes kereden az goriinen

nadir kelimelerden olugsmaktadir, bu da ceviri i¢in 6nemli zorluklar yaratmaktadir.

Bu zorluklar1 agmak igin, transformer tabanli pozdan metne (P2T-T) ve grafik sinir agi
tabanli transformer (GNN-T) modeller gelistirdik. E-TSL veri kiimesinin karmasikligina
ragmen, GNN-T modelimiz ROUGE-L, BLEU-1 ve BLEU-4 skorlarinda sirasiyla 22.93,
21.01 ve 3.49 degerlerini elde etmistir. Bu sonuclar, E-TSL veri kiimesinin digerlerine
kiyasla zorlu oldugunu ortaya koymaktadir. Modellerimizi dogrulamak i¢in, karsilastirmali
sonuglar sunarak Phoenix-Weather 2014T veri kiimesini bir kistas olarak kullandik. Son
olarak, E-TSL veri kiimemizin performansini diger yaygin kullanilan veri kiimeleri ile

karsilastirarak degerlendirdik.

Keywords: Siirekli Isaret Dili Cevirisi, Cizge Sinir Aglari, Cizge Ortaklama, Cizge

Doniisiimii, Transformatorler, E-TSL Veriseti
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1. INTRODUCTION

The most fundamental means of communication among people is speaking. Unfortunately,
not everyone possesses this ability. The majority of those unable to speak are born with
hearing impairments. These impairments can result from genetic factors, infections during
pregnancy, or oxygen deficiency at birth. Additionally, some individuals develop hearing
impairments later in life due to various complications during birth. Hearing impairment is
defined as a loss of at least 35 decibels in the better hearing ear [2]. According to the WHO,
approximately 430 million people worldwide are hearing impaired, representing about 5%
of the global population. Experts predict that by 2050, 1 in 10 people will experience hearing

impairment, a truly alarming statistic.

In Tiirkiye, as of 2023, there are 836,000 individuals with hearing impairments and 507,000
with speech impairments [3]. This accounts for nearly 2% of the total population. One
of the most significant challenges for hearing-impaired individuals is their difficulty in
communicating with others. These individuals often rely on sign language to bridge this
communication gap. While sign language is typically associated with the hearing impaired, it
is also a crucial communication tool for those unable to speak due to issues with their mouth,
tongue, or vocal cords. This thesis defines sign language as a communication tool for both
the hearing and speech impaired. Unfortunately, very few speaking individuals are familiar
with sign language, which hampers communication, leads to isolation, and complicates the
daily lives of those with speech disabilities. Contrary to common belief, sign language
is not universal; it varies by region, much like spoken languages. This variation further
complicates communication not only between the speech-impaired and others but also among

sign language users themselves.

Some manufacturers produce various devices to address hearing problems. These devices
generally assist individuals with mild hearing loss, making it easier for them to hear, and are
usually affordable. However, some devices are designed to help those who have lost their

hearing either at birth or later in life to hear and learn to speak. These devices are both



very expensive and hard to access. Considering that approximately 80% of hearing-impaired
individuals have low income, as reported by the WHO [2], most hearing-impaired people
cannot afford these costly devices. Therefore, there is a need for accessible and easy-to-use

solutions for the majority of hearing-impaired individuals.

In recent years, advancements in sign language recognition (SLR), sign language translation
(SLT), and related fields have provided a more affordable and accessible alternative for the
hearing impaired. These technological developments offer promising solutions that can
bridge the communication gap and improve the quality of life for those with hearing and

speech impairments.

The first studies on SLR began in the 1970s, with studies such as creating sign language
letters with a robotic hand and recognizing sign language using gloves that can process
motion signals. Later, with the development of computer vision methods, using more
advanced techniques such as Hidden Markov Models [4] or neural networks [5], or
recognition continuous signs and sentences (Continuous Sign Language Recognition -

CSLR) studies have been carried out [6, 7].

Sign language generation is the translation from speech or text to sign language. In the first
studies in this domain, letters or isolated signs were created using avatars or anime characters
[8]. Later, thanks to technological developments in the field, continuous signs and glosses

were created using syntactic analysis or semantic representation methods [9].

SLT, unlike CSLR, involves automatically translating sign language into spoken language or
text. Early studies in this field primarily utilized statistical models and rule-based methods
[10]. Significant advancements have been achieved with the development of NMT methods,
which can learn from large parallel corpora consisting of sign language videos and their
corresponding text or speech transcripts [11]. The transformer architecture proposed by

Vaswani et al. [1] has been a milestone, significantly increasing research in this area.

For SLT, a continuous sign language dataset is required. Although there are large-scale

TSL datasets available for isolated sign recognition [12—14], these are not suitable for



continuous recognition tasks. Currently, there is no continuous TSL dataset suitable for
the SLT task. Therefore, in this thesis, we created a new Educational Turkish Sign Language
(E-TSL) dataset specifically designed for sign language translation. We also proposed two
transformer-based deep models to serve as baselines for future research utilizing the E-TSL

dataset.

1.1. Scope of the Thesis

This thesis involves developing and introducing a new dataset for TSL, specifically designed
for educational purposes. We address the challenges faced by people with hearing and speech
impairments, focusing on their communication difficulties and the role of sign language
as an essential communication tool. Although sign language recognition and translation
technologies have become widespread globally, there remains a significant gap in continuous
TSL datasets. We aim to fill this gap by presenting the E-TSL dataset. Additionally, we
propose two transformer-based models trained on the E-TSL dataset, providing a benchmark

for future research in SL and TSL translation.

1.2. Contributions

The most important contributions of this thesis are:

* The first continuous Turkish Sign Language Translation (SLT) dataset, E-TSL,
containing 1410 video segments and spoken language translations, totaling nearly 24

hours are collected and utilized in this research.

* Two basis models, namely Graph Neural Network-based Transformer (GNN-T) and
Sign Pose2Text Transformer (P2T-T) models, are developed to generate baseline
performances on the new E-TSL benchmark. These works and our early results are

published [15].

» Comparison of the preliminary results obtained with P2T-T and GNN-T models on the
E-TSL dataset with other state-of-the-art benchmark datasets are provided.
3



1.3. Organization of the Thesis

The chapter-by-chapter organization of the thesis is listed below.

» Chapter 1 presents our motivation, contributions and the scope of the thesis.
 Chapter 2 provides background on neural machine translation

» Chapter 3 gives a related works

* Chapter 4 introduces performance and evaluation metrics

* Chapter 5 demonstrates dataset preparation

* Chapter 6 explains the proposed method

* Chapter 7 shows experimental results

» Chapter 8 states the summary of the thesis and possible future directions.



2. NEURAL MACHINE TRANSLATION

NMT is a method used for automatic translation between languages. It is based on deep
learning and artificial neural networks (ANNs). NMT models are trained on large datasets
to capture complex relationships between source and target texts. By leveraging deep
learning techniques, NMT can provide highly accurate translations by understanding context
and nuances in language. Previously, machine translation was usually performed using
canonical-based [16] or statistical methods [17, 18]. However, these methods had some

limitations and had difficulty accurately translating especially long and complex sentences.

Kalchbrenner et al. [19] proposed an encoder-decoder architecture to perform machine
translation using neural networks. They used an approach containing Convolutional n-Gram
Model (CGM) and inverse CGM&RNN as encoder and decoder, respectively. Cho et
al. proposed an architecture in which they use RNNs in both the encoder and decoder
[20]. RNNs are good at capturing short-term dependencies, but they struggle to preserve
information at distant points over time. This causes difficulties in translating long sentences

and texts.

One of the first studies using the NMT definition is Sutskever et al.’s article titled “Sequence
to Sequence Learning with Neural Networks” published in 2014 [21]. In this article, they
use deep neural networks (DNNs) to convert a series of inputs in one language to a series of
outputs in another language. They proposed an LSTM-based model formed an early example
of the “encoder-decoder” architecture. LSTM has achieved successful results by covering
the shortcomings of RNNs because they are very successful in preserving and extracting
short- and long-term correlations. The publication of this article was a milestone for the
development of NMT, leading many researchers and companies to work on improving NMT

models and translation quality.

The requirement that the lengths of NMT’s input vectors be fixed reduces the effectiveness
of the model in translating sentences and texts of variable lengths. To avoid this problem,

Bahdanau et al. proposed the “attention mechanism” [22]. This “attention mechanism”
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allows, at each step, the model to focus on specific parts of the input data while producing
output. Therefore, the length of the input vector does not matter because the model
can dynamically focus on each input component. In the attention mechanism, the model
improves translation quality by paying more attention to certain parts. This can be
very useful, especially when working with long and complex sentences. Thanks to this
mechanism, the problem of fixed length of input vectors is overcome and the model becomes

more flexible. This provides better performance in tasks such as NMT.

The number of studies using attention mechanisms has increased day by day, and the article
“Attention is All You Need” presented by Vaswani et al. in 2017 [1] made revolutionary
contributions to the field of NMT and introduced the Transformer model seen in Figure
2.1, which is the basic algorithm. This paper has extended the attention mechanism to
all interactions between encoder and decoder, rather than examining only the relationship
between input and output. This formed the basis for a more flexible and scalable model that

performs better over many language pairs.
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Figure 2.1 Transformer Model Architecture[1]



Transformer offers significant advantages over traditional RNN and LSTM-based NMT
models. Firstly, thanks to its parallel computing capability, the Transformer model can
handle long-term dependencies more effectively and enables faster training. Additionally,
the attention mechanism seen in Figure 2.2 allows the model to focus on specific parts of
the input data at each translation step, which improves translation quality and allows better

processing of long sentences.

Additionally, Transformer increases parallelization by ensuring that the encoder and decoder
are independent of each other. This increases the scalability of the model and provides
better performance on large datasets. Another important feature is the non-grammar-based
attention mechanism. This mechanism pays balanced attention to all the encoder’s inputs at

each translation step, thus providing more general context information beyond grammar.
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Linear

MatMul
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— T
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g
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Figure 2.2 Attention Mechanisms[1]

In conclusion, the article ”Attention is All You Need” provides a revolutionary advance in
the field of NMT, laying the foundation for a more flexible, scalable and non-grammar-based
model. This article is considered a milestone in NMT research and forms the basis of many

modern translation systems.



3. RELATED WORKS

Researchers have conducted numerous studies in the areas of SLR, SLT and sign language

production (SLP). In this chapter, we describe various studies done in these areas.

Wen et al. [23] presented a system that includes a triboelectric smart glove, deep learning,
and a virtual reality interface that allowed sign language to be recognized and voiced after it
has been translated into text. They chose 50 words and 20 sentences from the American
sign language book, which they believe are the most used in daily life, and translated
the sign language movements into signals with the help of the triboelectric smart glove.
Afterwards, they completed the training process with the deep learning model. They aimed
to facilitate the communication of two people who know sign language and those who do
not by separating sign language sentences into words, first converting them into text with
the help of the model they trained, and then making them into sentences again and making

vocalisations in the virtual environment. With this system, they achieved 86.67% accuracy.

Gokul et al. [24] released a 4.6K hour dataset in isolated form, which they call SignCorpus,
containing 9 different sign languages. They also proposed the graph-based Sign2Vec model,
which they pretrained on this dataset. Third, they created “MultiSign-ISLR”, which consists
of pose keypoint sequences obtained from 11 labeled datasets containing 7 different sign
languages. The “MultiSign-FS” dataset they created includes finger-spelling divided into
training and test sets in 7 different languages. By fine-tuning the Sign2Vec model on these
datasets, they obtained a multilingual isolated sign language recognition model. They tested
this model, which has multilingual support, on datasets used as benchmarks to measure the
effectiveness of transfer learning. They achieved an average accuracy of 74.3% on the 9

datasets used as benchmarks.

Bull et al. [25] studied the problem of subtitles not being aligned in sign language videos. To
solve the alignment problem, they proposed a Transformer architecture trained on a manually
labeled and aligned dataset containing 17.7 hours of video and more than 15K captions. In

this transformer architecture, BERT subtitle embeddings are used as encoder input, and CNN
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signals and frame information containing subtitles are used as decoder input. They obtained
predicted sequence of frame information containing subtitles as output. With the transformer
model they trained, they reported 76% accuracy on the BSL Corpus dataset and 55.62%

accuracy on the BOBSL dataset.

Chen et al. [26] proposed TwoStream-SLR for SLR and TwoStream-SLT for SLT tasks. Both
models take both RGB Video and keypoint as input that is why they are called as TwoStream
models. Both models use CNN architecture. Unlike TwoStream-SLR, TwoStream-SLT also
includes a translation network layer. They used PHOENIX14T and CSL Daily datasets
and obtained ROUGE: 51.59, BLEU-4: 26.71 using Sign2Gloss2Text and ROUGE: 53.48,
BLEU-4: 28.95 using Sign2Text on PHOENIX14T and obtained ROUGE: 54.92, BLEU-4:
24.13 using Sign2Gloss2Text and ROUGE: 55.72, BLEU-4: 25.79 using Sign2Text on CSL

Daily dataset.

Saunders et al. [27] proposed the first model of SLP that translates from spoken language text
into a sign language pose sequence. The model they developed using a transformer based
architecture is suitable for both Text2Sign and Text2Gloss2Sign tasks. Surprisingly, the
Text2Sign results of their proposed model are better than the Text2Gloss2Sign results. They
applied data augmentation methods such as “Future Prediction” and “Gaussian Noise” to
enable the model to learn better and increase its performance. They obtained 32.02 ROUGE
and 10.43 BLEU-4 scores for the Text2Sign task on the PHOENIX14T dataset.

Camgoz et al. [11] released the first publicly accessible CSLT dataset.  The
“RWTH-Phoenix-Weather 2014T” dataset they present consists of weather news videos
from the Phoenix TV channel. PHOENIX14T dataset includes spoken language texts and
gloss level annotations. They proposed a model with RNN-based encoder and decoder
architecture to perform the first experiments on this dataset. With this model and dataset,
they obtained a 19.26 BLEU-4 score in the Gloss2Text experiment, a 18.13 BLEU-4 score

in the Sign2Gloss2Text experiment, and a 9.58 BLEU-4 score in the Sign2Text experiment.

Camgoz et al. [7] created improved version of the transformer-based JoeyNMT [28] which

provides an end-to-end solution for Sign2Gloss, Sign2(Gloss+Text) and Sign2Text tasks.
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Moreover, their proposed model is suitable for both CSLR and SLT. They performed
experiments on the Phoenix14T dataset using their proposed model. They reported a Word
Error Rate (WER) of 24.49% and 21.80 BLEU-4 score for Sign2Gloss2Text in CSLR. In
SLT, their model achieved a WER of 26.16% and 21.32 BLEU-4 score for Sign2Gloss2Text
outputs. For Sign2Text task, they reported 20.17 BLEU-4 score.

As with other deep neural networks, large datasets are required for SLT. Unfortunately, the
number of datasets in this domain is low and the size of the existing datasets is a little too
small to train the models. To overcome this bottleneck, Chen et al. [29] proposed the transfer
learning method with pre-trained models in the general domain of action recognition and
machine translation. They used the mBART model based on transformer architecture for
transfer learning. They used PHOENIX14T and CSL Daily datasets to test the efficiency
of their method. They achieved 51.43 ROGUE and 21.46 BLEU-4 on the Sign2Gloss2Text
task on the CSL Daily dataset. In the Sign2Text task, they achieved 53.25 ROGUE and 23.92
BLEU-4. On the PHOENIX14T dataset, they obtained scores of 52.54 ROGUE and 26.70
BLEU-4 in the Gloss2Text task, 49.59 ROGUE and 24.60 BLEU-4 in the Sign2Gloss2Text
task, and 52.65 ROGUE and 28.39 BLEU-4 in the Sign2Text task.

Cheng et al. [30] introduced a fully convolutional network for the online Sign Language
Recognition task. Using their proposed network, they aimed to extract spatial and temporal
features from weakly annotated video sequences with only sentence-level annotations. They
added a “Gloss Feature Enhancement (GFE)” module to the network to improve sequence
alignment learning. With their proposed FCN, they obtained a word error rate (WER) of 3%
in the CSL dataset and 23.9% WER in the RWTH dataset.

Hosain et al. [31] introduced a methodology aimed at word-level SLR in ASL through video
analysis. Their method incorporates both motion and hand shape indicators, maintaining
resilience against variations in execution. It leverages information regarding body posture, as
inferred by a readily available pose estimator. Spatial and temporal feature maps from various
layers of a 3D CNN are aggregated, with the pose serving as a guiding element. Separate

classifiers are trained using pose-guided aggregated features from different resolutions,
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and their prediction scores are combined during testing. The proposed methodology
demonstrates performance improvements of 10% on WLASL100, 12% on WLASL300,
9.5% on WLASL1000, and 6.5% on WLASL2000 subsets.

Hu et al. [32] presented SignBERT, the pioneering self-supervised pre-trainable SLR
framework that incorporates a model-aware hand prior. Their approach incorporates both
hands and treats hand poses as a visual token. Before feeding the visual token into the
framework, they enrich it with information about gesture state, temporal, and hand chirality.
To begin, they engage in self-supervised pre-training using a vast array of hand poses,
employing token masking and reconstruction techniques. During the pre-training phase,
their framework comprises a Transformer encoder and a hand-model-aware decoder. They
meticulously devise multiple masking strategies to better capture hierarchical contextual
information, supplemented by the decoder’s incorporation of hand priors. As a result, their
pre-trained framework is fine-tuned for SLR tasks. They extensively evaluate their method
on NMFs-CSL, SLR500, MSASL and WLASL datasets. They achieved successful results

on all 4 datasets.

Kan et al. [33] inspired by NMT, which is based on sequence-to-sequence learning in
most SLT studies, proposed the “Hierarchical Spatio-Temporal Graph Neural Network
(HST-GNN)” model, which performs SLT using the important visual features of sign
language. HST-GNN processes the features obtained from sign language images as
high-level and fine-level graphs. High-level graph represents the area where the signer’s
hands and face are located on the screen and uses the relationship between each other.
The fine-level graph represents some specific landmarks on the signer’s hands and face,
independently of each other. Hierarchical graph pooling was applied to each graph obtained.
Afterwards, the graphs were combined to obtain a single graph. Graph convolution was
applied to this graph. Finally, hierarchical pooling has been applied to both high-level
and fine-level graphs. The resulting vector was fed to the transformer network and the
Sign2Gloss2Text task was applied. Using this method, they reported 22.3 BLEU-4 score
on the PHOENIX14T dataset and 17.8 BLEU-4 score on the CSL dataset.
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Voskou et al. [34] presented the Elementary23 dataset, which contains various lecture videos
and translations at the elementary school level. The dataset consists of 71 hours of Greek
Sign Language videos. All videos were shot in HD quality in the most suitable environments
using professional equipment. Using a transformer-based model, they obtained 11.5
BLEU-1, 2.85 BLEU-2, 1.05 BLEU-3 and 0 BLEU-4 with the Elementary23 dataset. Then,
by applying some methods to this dataset, they produced a subset called Elementary23-SLT,
which is approximately 11 hours long, as being most suitable for SLT. They reported that
they made a significant improvement by obtaining scores of 19.9 BLEU-1, 11.10 BLEU-2,
7.68 BLEU-3 and 5.69 BLEU-4 with the Elementary23-SLT dataset they produced.
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4. PERFORMANCE AND EVALUATION METRICS

Automatic text evaluation is crucial in fields such as machine translation, summarization, and
NLP. Various metrics are used to measure and evaluate the quality of text translations. The
most commonly used metrics are WER (Word Error Rate) [35], BLEU (BiLingual Evaluation
Understudy) [36], and ROUGE (Recall-Oriented Understudy for Gisting Evaluation) [37].
These metrics are designed to reflect human evaluations and objectively measure the quality
of machine-generated texts. Each metric assesses different aspects of the translation, making
it important to choose the appropriate metric for the specific problem. However, a single
metric often fails to fully capture translation quality, so it is generally recommended to use

multiple evaluation metrics.

In this thesis, we used BLEU and ROUGE metrics to evaluate the translation performance
of our transformer-based models. We utilized all BLEU scores to measure the models’
performance across various n-grams. Additionally, we used the ROUGE-L F-measure to
evaluate the longest common subsequence (LCS) between the text predicted by the models

and the reference text.

4.1. Word Error Rate (WER)

WER is a widely used metric to measure the performance of systems such as NMT,
automatic speech recognition (ASR), and optical character recognition (OCR). It measures
the difference between the original or reference text and the recognized, or translated text
in terms of word-level errors. To calculate the Word Error Rate, we compare two texts and

count the number of errors. These errors can be of three types:

Substitutions: This refers to the number of incorrectly predicted words that are different

from the corresponding words in the reference text.

Additions: This shows the extra words count found in the translated text but not in the

reference text.
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Deletions: This indicates the words count missing from the translated text but found in the

reference text.

Once these errors are counted, the Word Error Rate can be calculated using the following

formula:

WER — Substitutions + Additions + Deletions 0

Total number of words inthereferencetext

Usually, a percentage represents the result. A lower WER means the model performs better.

In most languages, in addition to the correctness of the word, the place of the word in the
sentence is also important in terms of the meaning of the sentence. In the translation process,
a synonymous word may have been guessed, and the meaning of the sentence may not have
changed. WER, on the other hand, is not concerned with where the word is in the sentence
or whether the words are synonyms. Therefore, while WER is a useful metric, it is often not

sufficient by itself to measure the performance of the model.

4.2. BiLingual Evaluation Understudy (BLEU)

The BLEU score is a metric used to evaluate the quality of the output of machine translation
systems. Introduced in a study published by IBM researchers in 2002 [36], BLEU measures
how well a translation system’s predictions match reference texts (usually created by human
translators). It is a popular method for evaluating the performance of machine translation

systems. Here’s how to calculate the BLEU score:

N-gram Precision: BLEU calculates precision scores using n-grams, which are contiguous
sequences of words in the predicted and reference translations. It takes into account n-grams
of different lengths (unigrams, bigrams, trigrams, etc.). The n-gram typically takes values
from 1 to 4. To calculate precision, we divide the total n-grams’ count in the predicted

translation by the n-grams’ count in the reference translation.
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Brevity Penalty: We apply a brevity penalty to account for length differences between
predicted and reference translations. The brevity penalty encourages the system to create

translations of similar length as references.

BLEU Score Calculation: We calculate the BLEU score by combining n-gram precisions.
Each n-gram precision is weighted equally, i.e., the score equally considers the precision of
n-grams of different lengths. We then multiply the combined precision scores by the brevity

penalty to obtain the final BLEU score.

The BLEU score is a numerical value between O and 1, and 1 is a perfect match with
reference translations. Typically, the literature expresses it as a percentage. For this reason,
for example, if the BLEU score is calculated as 70.2442”, it is mentioned as 724.42” in the

results. The machine translation improves with a higher BLEU score.

N
BLEU = BP - exp()_ wlogpy) )

n=1
In this formula:
p stands for n-gram precision

w is the weight for each precision, and it is usually set to 1/N, where N is the total n-grams’

count considered.

We calculate the Brevity Penalty (BP) as follows:

ifc>r=>BP =-exp(l —r/c) 3)

ifc<r=>BP=1 4)

In this formula:
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c: total n-grams’ count in the predicted translation
r: total n-grams’ count in the reference translations

BLEU determines whether the words and their sequence are correct; it is not concerned
with the placement of the word or word groups in the sentence. Consequently, BLEU may
incorrectly calculate a correctly predicted and inverted sentence. We need to consider such

situations when making an evaluation.

4.3. Recall-Oriented Understudy for Gisting Evaluation (ROUGE)

As the name implies, automatic text summarization systems often use ROUGE as a
measurement metric to evaluate their performance. However, besides its widespread use
in evaluating automatic text summarization systems, ROUGE also serves as a tool for
evaluating machine translation. This metric measures how similar the system-generated
summary or translation is to the reference summary or translation (usually written by

humans)[37].

The ROUGE metric works with a combination of important metrics: Recall and Precision.
Recall refers to the proportion of text fragments that are correctly predicted by the system,
while Precision refers to how much of the text fragments predicted by the system are actually

correct.

ROUGE is generally used in three main versions, ROUGE-N, ROUGE-L, and ROUGE-W.
ROUGE-N calculates n-gram similarity and is usually expressed as ROUGE-1, ROUGE-2,
and ROUGE-3 (using 1, 2 and 3 as the n value). ROUGE-L measures the LCS similarity.

ROUGE-W, on the other hand, takes into account the sequential matching length of words.

For instance, the system calculates the ROUGE-1 metric by dividing single words count
predicted by the model by the total words count in the actual reference text. For binary
words, ROUGE-2 does the same. ROUGE-L measures LCS similarity; that is, it finds the
LCS between the text predicted by the model and the reference text and calculates the length
of this string.
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In conclusion, people frequently compare the quality of systems for natural language
processing tasks like machine translation, summarization, and more using the ROUGE

metric.
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5. PROPOSED E-TSL DATASET

First of all, one of the primary purposes of this thesis is to intensify research on Turkish
Sign Language. This is due to several factors, including the laborious nature of producing
a dataset for sign language translation, the low number of produced datasets, the need for
more data for translation models to learn effectively, and our belief that the current number
of datasets related to Turkish Sign Language is insufficient. Additionally, since there is no

TSL dataset suitable for Continuous SLT in the literature, we created the E-TSL dataset.

This chapter provides a detailed, step-by-step explanation of the preparation process for the
E-TSL dataset. We believe this study will serve as a good guide and encourage those who
will prepare new data sets in the future, given the laborious and time-consuming nature of
dataset preparation. At the end of this chapter, we compare the E-TSL dataset we created

with other datasets frequently used for sign language translation.

5.1. Topic Selection

At present, the majority of TSL datasets are in an isolated form, containing gloss-based
examples. In our study, we are performing CSLT, which necessitates that the dataset consist
of continuous videos. Creating continuous video recordings requires expert signers, intensive
labor, time, and money. Therefore, we have directed our focus towards public areas that are

easily accessible and available.

Broadcasts and productions such as main news bulletins, some series, and films, which
involve SLT and typically display a signer in a corner of the screen, are available. However,
in these broadcasts and productions, the signers’ movements have long pauses and halts
proportional to the broadcast’s flow. Frequent interruptions of signer movements both reduce
the clean broadcast rate obtained from the unit-length broadcast and significantly extend
video editing processes. Furthermore, because the signer’s location is typically small in
these broadcasts and productions, cropping the signer portion from the video results in a
low-resolution video. This has a negative impact on image processing.
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TRT EBA TV, which broadcasts lectures for elementary, secondary, and high school students,
influenced our decision to use their videos for reasons such as broadcast quality and
resolution, easy accessibility and the signer’s significantly fewer pauses compared to other

broadcasts.

In elementary school-level lecture videos, teachers speak slowly and repeat certain words
frequently. In high school-level lecture videos, teachers’ speeches are faster; hence, the
movements of the signers are also faster. This complicates the pose estimation process in the
videos. For these reasons, we decided that secondary school is the most suitable level for our
dataset. For the subject, we chose Turkish lectures, as we thought they would contain less
foreign language. We made this choice to enhance the model’s understanding of the Turkish
language and its structure. Some of the lecture videos contain lectures over slides, while
others contain the teacher’s lecture on the smart board. For a more reliable pose extraction
process, we preferred videos where the signer and the teacher are on opposite sides of the
screen as much as possible. This helps to minimize any potential interference between the

signer and the teacher in the video.

In line with these criteria, we have created a dataset that includes Turkish lecture videos for

5th, 6th, and 8th grades.

5.2. Video Editing

In the video editing phase, we first remove the introduction and closing parts of the video
because they do not contain the signer. To clean up other people and materials on the screen
and to focus only on the signer, we cropped a 190x230 pixel (width x height) section from
the bottom right of the screen where the signer is located, ensuring that the signer’s hands

stay within the screen as much as possible.
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5.3. Video and Audio Labeling

The attention mechanism in Transformer networks, matrix multiplication operations, and
connections of the layers necessitate that the data we send as input to the model be of the
same size. Furthermore, having data of the same size contributes to improving training
and generalization performance, as well as optimizing memory usage. Therefore, in the
Transformer model, we need to bring the input and output data to the same size by applying
padding or truncation, as in most artificial intelligence models. Input data that is too short
and padded and input data that is too long and truncated can make it difficult for the model
to learn and may cause some features in the data to be lost. To minimize these problems,
we decided to divide all videos into average 1-minute segments. In this way, we aimed to

minimize padding and truncation operations and enable the model to learn better.

For video and audio labeling processes, we utilized the open-source VGG Image Annotator
(VIA) tool [38] developed by Oxford University. Since VIA tool is an open source software,
it offers a structure that can be customized according to the user’s purpose. We used this
tool in its original form without any customization, as it met our requirements. Using this
tool shown in Figure 5.1, we performed the following operations sequentially in each lecture

video:

* Parts where the signer stopped and there was no sound for at least 1.5 - 2 seconds were

marked and discarded.
* Parts where there was sound but the signer did not translate were marked and discarded.

» After the first two items, the cleaned videos were marked to be divided into average
I-minute segments, taking into account the completion of movements of the signer and

the completion of the sentence.

As a result, we’ve got about one-minute video clips and audio files.
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Figure 5.1 VIA Tool

5.4. Signer Alignment

In each of the videos, signers do not appear in exactly the same pixel range. So in crop
videos, signers don’t always appear right in the middle of the screen. This could make it
difficult for transformers and other deep learning models to learn from coordinate and pixel
data. To overcome this problem, we shifted the image so that the signer was in the middle of

the screen. We filled the empty part on the right or left of the video with gray color.

5.5. Text Editing

We converted audio files corresponding to about 1 minute of video resulting from video and
audio tagging to text with the help of the Google Speech to Text API. Then we manually

checked each text file, listened to the audio file it was associated with, and fixed the
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errors. Finally, to improve our Transformer models’ performance, we removed all existing

punctuations except the ”periods”.

5.6. Video Segmentation

Videos often contain elements like a smart board screen, a slide display, or a library in the
background of the signer, and rarely videos where the cursor and the teacher are on the same
side. We implemented the segmentation process using SOLO V2 because the images in the
signer’s background would be unnecessary. This way, we made sure that only the signer was

on the screen.

5.7. Final Dataset

As a result of all the processes we have done, we have produced 1410 video clips, each with
an average length of 1 minute, and 23.89 hours of data from 18 5th grade, 27 6th grade, and
15 8th grade videos. Videos are 25 frames per second and 190x230 pixels in size. Unlike the
datasets in the literature that contain a video for each sentence, our video clips provide text
with an average of 120 words each, corresponding to an average of 1 minute. Thus, as seen
in Figure 5.2, we obtained a balanced word distribution with the number of words varying

between 80 and 160.

To make the dataset ready for training, we randomly divided it into train, development, and

test sets using the numbers and proportions shown in Table 5.1.

Table 5.1 Dataset Partitions

Number of Videos | Percentile
Train 1.057 75
Development 141 10
Test 212 15

We compare our E-TSL dataset with commonly used datasets in the sign language translation
domain. We chose the PHOENIX14T, SWISSTXT-NEWS, and VRT-NEWS datasets for
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Figure 5.2 Word Distribution of E-TSL Dataset

comparison. We also include the Elementary23-SLT dataset in this comparison because it
is both up-to-date and similar in content to the E-TSL dataset. Visual statistics for all of
these datasets are included in Table 5.2. Unfortunately, the paper by Camgoz et al. does
not contain details about the count of signers in the SWISSTXT-NEWS and VRT-NEWS
datasets. Apart from these, there are 9 signers in the PHOENIX14T and Elementary23-SLT
datasets. The E-TSL dataset offers slightly more diversity, with 11 signers. “Total hours”
and “frames” information for the Elementary23-SLT dataset is not available, but Voskou et
al.[34] stated that it is similar in size to the PHOENIX14T dataset. Therefore, we assumed
that the Elementary23-SLT and PHOENIX14T datasets have similar properties. Comparing
the dataset durations reveals that the E-TSL dataset, with a duration of nearly 24 hours,
has more than twice the content of the others. In terms of video resolution, it is clearly
seen that E-TSL has the worst resolution. It is obvious that the PHOENIX14T dataset also
has poor resolution. With their HD resolutions, the SWISSTXT-NEWS, VRT-NEWS, and
Elementary23-SLT datasets offer much better image quality. Therefore, our E-TSL dataset

is more challenging compared to these datasets.
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Table 5.2 Visual Statistics of Datasets

Signers | Total Hours (h:m:s) | Frames | Pixel Resolution
PHOENIX14T][11] 9 10:31:50 947.756 210x260
SWISSTXT-NEWS[39] - 09:24:28 1.693.391 1280x720
VRT-NEWS[39] - 09:00:30 810.738 1280x720
Elementary23-SLT[34] 9 - - 1280x720
E-TSL (Ours) 11 23:53:06 2.149.650 190x230
Table 5.3 Word Base Statistics of Datasets
Total Vocabulary| Singletons | Rare
Words Size Words
<5
PHOENIX14T[11] 99.081 2.287 1.077 1.758
(47%) (77%)
SWISSTXT-NEWS[39] | 72.892 10.561 5.969 8.779
(57%) (83%)
VRT-NEWS[39] 79.833 6.875 3.405 5.334
(50%) (78%)
Elementary23-SLT[34] | 83.327 8.202 3.327 6.155
(41%) (75%)
E-TSL (Ours) 169.356 | 6.980 4.466 5.936
(64%) (85%)

In order to further compare the E-TSL dataset with other datasets, we present the data on
vocabulary-based metrics in Table 5.3. Because the PHOENIX14T dataset only includes
weather news, it contains much less vocabulary, singletons, and rare words than other
datasets. It is not surprising that E-TSL is the dataset with the most total words, as it has
the longest video content. A large vocabulary size, singletons ratio, and rare words ratio is
a factor that reduces SLT performance. SWISSTXT-NEWS stands out as the dataset with
the largest vocabulary size, with 10,561 words. Elementary23-SLT dataset has the second
largest vocabulary size with 8,202 words. The vocabulary size of the E-TSL and VRT-NEWS
datasets is almost the same, with 6,980 and 6,875 words, respectively. The dataset with the
highest rate of both singletons and rare words is the E-TSL dataset. The high rates are one
of the most important factors that make it difficult for our models to learn. Models will have
difficulty learning words they encounter less frequently. Additionally, the rate of words that

are in the test set but not in the train set is close to 10%. This shows the ratio of the words
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that the model encountered in the test set for the first time. Therefore, these rates show us

that the E-TSL dataset can be challenging.
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6. PROPOSED METHODS

In this research, we formulated two baseline models. The first one is a Graph Neural Network
based Transformer (GNN-T) model, an extension of the approach introduced by Kan et al.
[33], which integrates body pose data to recognize the role of arm, hand, and facial gestures
in sign language. Our GNN-T model incorporates techniques such as graph pooling and

graph convolution, as depicted in Figure 6.3.

The second model, referred to as Pose to Text Transformer (P2T-T), draws inspiration from
the framework proposed by Camgoz et al. [7]. We customized this model to accommodate
pose modality and implemented landmark normalization to enhance its efficacy. Notably,
our model lacks gloss annotation, thus it undergoes end-to-end training for translation
purposes. To enable Sign2Text functionality, we adapted the model by directly connecting

the transformer encoder’s output to the transformer decoder.

Below, we provide a exhaustive overview of the important components of our models,

underlining the technical details and functionalities essential to their performance.

6.1. Pose Extraction

Current state-of-the-art SLT is performed using computer vision and machine learning
techniques. One of these techniques, pose extraction, is crucial in sign language translation.
The technique of pose extraction determines a person’s posture and movements. This
technique analyzes a person’s hand movements, facial expressions, and body posture. Deep
learning models typically perform pose extraction. These models are trained on large
amounts of labeled data, and these data allow the model to accurately determine a person’s
body posture and movements. People usually use these models to identify specific points in

a person’s body, like his hands, body, and face.
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In sign language, body and face movements are very important, including a person’s hand

movements. In sign language translation, pose extraction is used to capture the signer’s hand,

face, and body movements to determine what the signer says in sign language.

A A

A A A
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Figure 6.1 Sample Sign Sequence and Corresponding Pose Data from E-TSL Dataset.

In this thesis, we employed the MediaPipe library[40] for capturing sign language gestures
and depicting the instantaneous positions of the hands, face, and specific body components as
graphical representations. The MediaPipe framework, developed by researchers at Google,
is designed to identify various anatomical features from both videos and images, presenting
them to users in graphical format. This framework comprises a graph structure encompassing
468 points for facial features, 33 points for body components, and 21 points for each hand.
It provides x and y coordinate information for each point. In our work, all 21 points
for both the right and left hands, 6 points for body parts, and 5 points for facial features
were utilized, as illustrated in Figure 6.1. Since facial expressions are important in sign
language, using all the facial landmarks that MediaPipe offers us can have a positive effect
on the model’s performance. However, due to lack of GPU memory, we had to use a very
small portion of the facial landmarks. We only used 4 landmarks for lip movements and 1
landmark on the nose for head movements. Additionally, for the body, only 6 poses involving
shoulders and arms were considered. Given the paramount significance of hands in sign
language communication, all 21 poses for hand gestures were incorporated. Consequently,
we employed total of 53 poses in this study.
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6.2. Data Preprocessing

With regard to the signer’s rapid movement in sign language videos and image quality,
MediaPipe is unable to detect pose landmarks for some frames. In addition to this technical
challenge, it unfortunately increases the number of landmarks that could not be detected with
natural difficulties, such as the signer moving his hands out of the screen, holding his hands
together while he is not moving, joining his hands downward in a way that is invisible to
the screen, or preventing one hand from passing in front of the other. In sign language, the
movements of the hands are of particular importance. In our analysis, we found that the
ratio of frames that MediaPipe can’t detect from the video in our data is about 25%. When
we looked at the statistics in more detail, we found that the average number of frames that
MediaPipe could not detect landmarks in a row was 18. This indicates that the data loss was
less than one second on average. Looking at the frames before and after these empty frames,
we decided to apply the linear interpolation procedure. This works perfectly if the signer’s
hand moves linearly from point A to point B. However, in nonlinear movements, the empty
frames are filled with misleading coordinate data. This makes it difficult for our model to
learn. We set a time of half a second to minimize this negative situation. If the number of
frames that MediaPipe could not detect landmarks in succession was less than 13, we filled
the empty landmarks applying linear interpolation. We left the ones that were more than
13 as they were. Following these operations, the empty landmark rate has been reduced to

approximately 9%.

6.3. Graph Pooling

Graph pooling is a technique that facilitates the analysis of larger and complex graph
structures by reducing or summarizing the size of graph data. This method is frequently
used in deep learning and graph-based learning algorithms, making operations on graph data

more efficient.

Graph pooling is often employed when processing graph data within a layered neural
network. Graph data is typically represented as nodes and edges, creating a structure
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that illustrates the relationships between nodes of a graph. However, while deep learning
algorithms generally operate with fixed-size data, graphs can vary in size, posing a challenge

in processing graph data. This is where graph pooling comes into play.

In graph pooling, subgraphs of a graph are usually created, and the properties of these subsets
are summarized into a smaller size. This summarized information is then integrated into a
larger chart structure or utilized in a separate analysis phase. This process allows the graphic

to be reduced to a smaller size while preserving its essence.

Graph pooling can enhance the deep learning algorithms’ performance on graph data and
render the analysis of larger-scale graph structures more manageable. However, it is
important to choose appropriate pooling strategies and carry out the pooling process in a
way that preserves the graph structure. To best address the problem studied in this thesis,
we applied average graph pooling to the landmarks obtained as a result of pose extraction,
averaging over every three frames. We applied average pooling separately for both hands,

face, and body graphs and applied it after all of them were combined into a single graph.

6.4. Graph Convolution

Graph neural networks (GNNs) employ graph convolution as a methodology for conducting
operations and extracting features from data structured in graphs. Graphs, comprised of
nodes interconnected by edges, serve as mathematical constructs to depict relationships and
associations among entities. Within this dissertation, we utilized graphs to symbolize various
anatomical features, including hands, facial components, and specific body parts. Before the
application of graph convolution, we connected distinct graphs representing the face, body,
and hands into a unified graph. Thus, we established a connection between the lips, body

and each hands.

Contrary to traditional CNNs that execute convolutional operations on uniform grid-like data,
such as images, graph-structured data lacks a fixed grid structure, and nodes can possess
varying connection counts. Graph convolution extends the notion of convolution to graphs
by generalizing it to operate on both nodes and edges of the graph. Fundamentally, it involves
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aggregating information from neighboring nodes to update a node’s representation iteratively,
thereby facilitating the dissemination of information across the entire graph. This iterative
process, akin to message passing, entails an aggregation step wherein neighboring nodes’
attributes are amalgamated in a meaningful manner. Various techniques, including feature
addition, averaging, or more intricate operations like weighted summations, can be employed

for this purpose. In this investigation, we adopted the averaging technique.

Graph convolutional architectures frequently incorporate multiple layers of graph
convolution to capture information from successive hops within the graph. Each layer
accumulates information from the local neighborhood of a node, and as information
propagates through successive layers, it captures increasingly global relationships inherent
in the graph. Notably, in this thesis, we restricted our focus to a singular graph convolutional

process, foregoing the stacking of multiple layers.

6.5. Landmark Normalization

As a result of the pose extraction process, MediaPipe gives us the coordinates of the
landmarks we have identified as values between 0 and 1, normalized according to the image
width and height. These data can, of course, be used directly to feed the transformer model.
However, it will work if the signer is always the same person, the screen is always in the same
place, and the camera is always at the same distance. Each person’s body size is different.
The data obtained from different people performing the same movement and normalized
according to the width and height of the image will be different. A large number of signers
means that we will get different landmarks for the same sign for different people. This
complex data structure poses a challenge for the transformer model to learn. Various methods
of normalization are being applied to overcome this challenge. In this thesis, in order to
overcome this difficulty, we identified the distances of each landmark to the signer’s neck.
We also determined the neck point using the signer’s right-and-left shoulder coordinates,
since MediaPipe does not give a landmark for its neck. Then we normalized the data by

dividing every value we found by the shoulder width of the signer. We’ve done this for each
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frame separately. So we’ve minimized situations such as changing the signer, moving in a
different area of the screen, or getting closer or farther away from the camera, as shown in

Figure 6.2
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Figure 6.2 Landmark Normalization

6.6. Transformer Model

Transformer architecture, which emerged with the article “Attention Is All You Need”

published by Vaswani et al. in 2017[1], has become a milestone in the field of NLP.

The transformer model replaces traditional methods such as CNNs and RNNs, which are
often used in sequence modeling, to process sequential data such as sentences or words.
Core to the Transformer model lies the self-attention mechanism, alternatively termed scaled
dot product attention, or simply attention. When analyzing a string, self-attention allows the
model to evaluate the importance of different words or tokens. It extracts the correlation
between each word and all other words, thereby preserving context not solely within a single
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sentence but across the entire text. Through the stacking of multiple layers comprising
self-attention and feedforward NNs, the Transformer model adeptly captures long-term
dependencies and intricate patterns within sequential data, rendering it a potent architecture

for a diverse array of NLP tasks.

Figure 6.3 Architecture of the GNN-T Model

In this thesis, we used transformers for the translation process in both our P2T-T and GNN-T

models. Our final proposed model for GNN-T is shown in Figure 6.3.

6.7. Training

For all of our experiments, we consistently established the dropout ratio as 0.1 in order to
mitigate the risk of overfitting the model. We employed the Adam [41] optimizer to train our
networks, utilizing a learning rate of 5x107° (8; = 0.9, 32 = 0.98). We employed plateau
learning rate (LR) scheduling, which monitors the performance of the development set. If
there was no enhancement in the development score after 7 epochs, we decreased the LR by
a factor of 0.7. We proceeded with this procedure until the LR reached 1076, We used the
batch size as 16 for the GNN-T model and 4 for the P2T-T model.
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7. EXPERIMENTAL RESULTS

In this chapter, we present the quantitative and qualitative results of the experiments we
conducted with our P2T-T and GNN-T baseline models on the E-TSL dataset we created
within the scope of this study. We explain in the ablation study section how we reached
the best parameters of our GNN-T model, which yielded the best results. To verify the
performance of our P2T-T and GNN-T baseline models, we compare them with the baseline
results of the PHOENIX14T dataset. Then, we compare the preliminary results we obtained
with the E-TSL dataset with other datasets.

In all experimental results in this chapter,

ROUGE-L and BLEU metrics are presented as percentage (%).

7.1. Quantitative Results on E-TSL Dataset

Table 7.1 displays the preliminary results of our training process employing two models,
namely P2T-T and GNN-T, on the E-TSL dataset. GNN-T model had superior performance
in capturing longer matching sequences, as evidenced by its higher ROUGE-L score.
Moreover, the GNN-T model exhibited superior performance in terms of BLEU scores,
which can be attributed to the efficient message passing provided by the graph convolution
method employed in this model. In addition, we used graph pooling to decrease the sequence
length by a factor of three, which resulted in shorter training time and a simpler model. In
general, the GNN-T model not only achieved a better score compared to the P2T-T model,

but also offered more convenience due to its shorter sequence length.

Table 7.1 Model Comparison on E-TSL Dataset

P2T-T GNN-T
DEV TEST | DEV TEST
ROUGE-L | 22.42 22.09 | 23.42 22.93
BLEU-1 18.26 18.09 | 21.26 21.01
BLEU-2 827 820 | 9.51 9.13
BLEU-3 482 478 | 548 5.20
BLEU-4 328 323 | 3.65 349
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7.2. Qualitative Results on E-TSL Dataset

In this section, we present a comparison of the sentences predicted by our GNN-T model,
which achieved the best results on the E-TSL dataset, with the reference sentences in Table
7.2. In the table, we have presented the predicted sentences in order from best to worst.
In reality, we train our model with sentence groups (texts) rather than individual sentences.
However, since each text would be too long, we have chosen to present these examples in the

form of sentences.

As can be seen from the examples in the table, sentences and words that are repeated
frequently are predicted much better by the model. Considering the BLEU-4 score (3.49) of
our GNN-T model, it is undeniable that there is a significant number of incorrectly predicted
words and sentences. Moreover, most of the errors arise from the incorrect prediction of
suffixes, which highlights the additional challenge posed by the agglutinative structure of the

Turkish language for sign language translation tasks.

Considering all these results, we observe that the high proportion of singletons (64%) and
rare words (85%) in our dataset makes it challenging for our models to learn effectively. We
believe that adding new data with similar content to our dataset will improve the performance

of our models.

7.3. Ablation Study

We conducted various experiments to determine the parameters of our best GNN-T model,
the results of which we present in Table 7.1. In the upcoming sections, we present the results
of different experiments that we have conducted for parameters such as the embedding size,
the number of heads, the number of encoder and decoder layers, the number of neurons
in the feed forward network, the dropout rate and the learning rate. When evaluating the

experimental results, we based on the BLEU-4 scores we obtained on the test set.

While performing these experiments, we used the parameters in the 7.3 Table that we
determined empirically. With the parameters we used as the basis, our GNN-T model reached
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Table 7.2 Predicted and Reference Text Comparisons

Reference: kendinize iyi bakin saglikla kalin hogca kalin.
(Take care of yourself, stay healthy and goodbye.)

Predicted:  kendinize iyi bakin saglikla kalin hos¢a kalin.

Reference: konularimizi tekrar edelim konularla ilgili testler ¢6zelim ve kitap okumay1
ithmal etmeyelim.

(Let’s review our topics, solve related tests, and make sure we don’t forget
to read books.)

Predicted:  konularimiz1 tekrar edelim konulari ilgili testler ¢ozelim ve kitap okumay1
ithmal etmeyelim.

Reference: bir dahaki dersimize kadar eba tvden dersleri takip edelim.

(Follow the lessons on eba tv until our next lesson.)

Predicted:  beni dahaki dersimize kadar eba tvden dersleri takip edelim

Reference: merhaba cocuklar ben tiirkce 68retmeniniz fatih badak.
(Hello children, I am your Turkish teacher Fatih Badak.)

Predicted:  bu sevgili ben tiirkce 6gretmeniniz fatih badak.

Reference: verilenlere gore asagidakilerden hangisi kesinlikle yanlistir hemen
bilgilerimizi okuyalim.

(According to the information given, which of the following is absolutely
wrong? Let’s read our information immediately.)

Predicted: asagidaki ciimleler gore asagidaki hangisi kesinlikle yanlistir hemen
bakalimmizi okuyalim.

Reference: bu metinde vurgulanmak istenen diisiince agsagidakilerden hangisidir
(Which of the following is the idea that is wanted to be emphasized in this
text?)

Predicted: = merhaba metinde asagidakilanmak istenen diislince agagidakilerden hangisi
getiril

Reference: a secene8imiz gezi yazisi b haber yazisi ¢ hikaye d ani.

(a option is a travel article b a news article ¢ a story d a memoir.)

Predicted:  a secene8indezde yazisi b secenegdin ¢ secenegi unsurlariye d sevgili

Reference: asafidaki climleler ile yay ayrac icinde verilen sozciikleri eslestiriniz
denilmis.

(You are asked to match the following sentences with the words in brackets.)

Predicted:  asagidakilerinden ilgili ayrag i¢inde verilen bilgilerler ve gorevlielim.ilmis.
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Table 7.3 Base Model Parameters

Embedding | Heads | Layers | FF Dimension | Dropout | LR
1024 | 2 | 6 | 2048 | 01 |[0.00005

a BLEU-4 score of 3.49. We left all other parameters the same except the corresponding
parameter in each experimental step below. Thus, we aimed to measure the effect of each
parameter on the learning of the model. We also verified that the parameters we set were the

best ones.

7.3.1. Embedding Size

Embedding size specifies the vector’s size used to represent a word or input element.
Embedding size determines the model’s learning capacity. A larger embedding size can
increase the capacity of the model to learn more complex relationships. However, this also

means that the model will need more parameters and computational resources.

Embedding size can affect how the model generalizes to data. A larger embedding size
generally provides a more general and generalizing representation. However, too large
an embedding size may increase the risk of overfitting. Larger embedding sizes can be
more sensitive to finer details because they carry more information in more dimensions.
However, this can make it more susceptible to data noise and variances in the training
data. When choosing the embedding size, the model’s learning ability, generalization ability,
computational resources, and the specific tasks for which the model will be used should be

considered.

Table 7.4 Embedding Size Comparison
Embedding Size ‘ BLEU-4 Score

256 2.69
512 2.76
1024 3.49
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In this experiment, we tested sizes 256, 512 and 1024 as embedding size. As seen in Table
7.4, we achieved the best result with 1024 embedding size. Our hardware was not sufficient

to test more than 1024 embedding size.

7.3.2. Number of Heads

The number of heads affects how deeply the model can learn information. The heads’ count
makes the attention mechanism included in the model more complex. More heads can help
capture a broader context by considering more features. However, this increase may cause
the model to need more parameters and longer training times. Increasing the number of
heads can often provide better performance on more complex and diverse text data, but this

may increase the risk of overfitting on smaller and simpler datasets.

Table 7.5 Number of Heads Comparison

Number of Heads ‘ BLEU-4 Score

2 3.49
1 3.37
8 3.28

We conducted our experiments for 2, 4 and 8 heads. As seen in the Table 7.5, we achieved
the best result with 2 heads. We observed that the performance decreases as the number of

heads increases.

7.3.3. Number of Layers

The number of encoder-decoder layers significantly affects the learning ability and overall
performance of the Transformer model. Increasing the encoder-decoder layers’ count allows
the model to have more learning capacity. A deeper model can learn more complex
relationships and understand a more general and broader context. However, this requires

more parameters and computational resources. More layers may increase the risk of
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overfitting. More layers may cause the model to overfit, especially if the training data is
limited or noisy. More layers can increase training time because a deeper model requires

more calculations.

Table 7.6 Number of Layers Comparison

Number of Layers | BLEU-4 Score
2 2.71
3 2.73
4 3.09
6 3.49

It is common to use 2 or 3 layers in transformer models. We carried out our experiments
for 2, 3, 4 and 6 layers. As shown in Table 7.6, the model with 6 layers provided the best
performance with a BLEU-4 score of 3.49.

7.3.4. Feed-Forward Dimension

The feed-forward layer processes the outputs from the attention layer in a non-linear manner.
This layer transforms the context vectors from the attention layer into higher-level features.
The feed-forward layer increases the learning capacity of the model. By processing context
vectors from attention layers in a more complex way, it allows the model to better learn more

complex relationships and structures.

Table 7.7 Feed Forward Dimension Comparison

Dimension \ BLEU-4 Score

512 2.94
1024 3.05
2048 3.49

In this experiment, we trained our model for 512, 1024 and 2048 dimentions, as presented in
the Table 7.7. We achieved the best result with 2048. We could not experiment beyond 2048
due to lack of hardware.
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7.3.5. Dropout Ratio

Dropout is a technique of regularization used to reduce overfitting in neural network models.
The basic idea is that randomly selected units (usually neurons) are “removed” or “dropped”
during training. This allows the model to be trained on a different network subset for each
training example. Dropout prevents the network from overfitting and helps it learn a more

general representation.

Table 7.8 Dropout Ratio Comparison

Dropout Ratio ‘ BLEU-4 Score

0.1 3.49
0.2 2.88
0.3 3.40

In these experiments, we tested 0.1, 0.2 and 0.3 dropout values and obtained the best result

with a ratio of 0.1, as seen in the Table 7.8.

7.3.6. Learning Rate

Learning rate (LR) is the parameter that determines the speed of weight updates of neural
networks during the training process. A high learning rate may make it difficult for the model
to converge to the global minimum, as weight updates will be made in large steps. Besides,

a high LR helps prevent the model from overfitting.

If the learning rate is too low, it causes the model to take longer to reach the global minimum,

thus prolonging the training process. Additionally, a low LR may cause the model to overfit.

We used LRs of 0.001, 0.0001, 0.00005 and 0.00001 in our experiments. As seen in the
Table 7.9, we achieved the best result with a LR of 0.00005. We found that the model could
not learn with a LR of 0.001.
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Table 7.9 Learning Rate Comparison

Learning Rate | BLEU-4 Score
0.001 0.0
0.0001 3.48
0.00005 3.49
0.00001 2.76

7.3.7. Best Model Parameters

As a result of the experiments we conducted on the E-TSL dataset with our GNN-T model,
we present the model parameters with which we achieved the best performance in the Table

7.10.

Table 7.10 Best Model Parameters

Embedding ‘ Heads ‘ Layers ‘ FF Dimension ‘ Dropout ‘ LR
1024 | 2 | 6 | 2048 | 01 |[0.00005

7.4. Model Validation with PHOENIX14T Dataset

We employed the PHOENIX14T dataset, widely recognized as a benchmark in the domain
of SLT, to validate our P2T-T and GNN-T models, which we propose for use on the newly
established E-TSL dataset. We present initial results on the PHOENIX14T dataset without

extensively fine-tuning the parameters of our P2T-T and GNN-T models in Table 7.11.

In parallel with the results obtained on the E-TSL dataset, our GNN-T model outperformed
our P2T-T model on the PHOENIX14 dataset. Notably, this time, in addition to BLEU
scores, our GNN-T model yielded superior results compared to our P2T-T model in terms of

ROUGE-L score.

There have been studies that conducted comprehensive research on the PHOENIX14T
dataset and attained relatively high scores. Given that we utilize baseline models in this

thesis, we deem it appropriate to compare the performances of the models with the baseline
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Table 7.11 Model Comparison on PHOENIX14T Dataset

TwoStream| JEE-SLT[7] | SMM - | NSLT[11]}| Our Our
- SLT[26] TLB[29] P2T-T GNN-T
DEV SET
ROUGE-L | 54.08 - 53.10 31.80 34.16 34.98
BLEU-1 54.32 45.54 53.95 31.87 30.72 31.76
BLEU-2 41.99 32.60 41.12 19.11 17.65 18.62
BLEU-3 34.15 25.30 33.14 13.16 11.22 12.38
BLEU-4 28.66 20.69 27.61 9.94 7.85 9.02
TEST SET
ROUGE-L | 53.48 - 52.65 31.80 33.79 35.46
BLEU-1 54.90 45.34 53.97 32.24 27.97 32.34
BLEU-2 42.43 32.31 41.75 19.03 16.47 19.28
BLEU-3 34.46 24.83 33.84 12.83 10.63 12.81
BLEU-4 28.95 20.17 28.39 9.58 7.31 8.93

model results of PHOENIX14T. Our GNN-T and P2T-T models achieved ROUGE-L scores
of 35.46 and 33.79, respectively, on the test set. Both models exhibited superior performance
compared to the NSLT baseline model, which attained a ROUGE-L score of 31.80.
Additionally, the 32.34 BLEU-1 score and 19.28 BLEU-2 score obtained with our GNN-T
model surpassed NSLT’s 32.24 BLEU-1 score and 19.03 BLEU-2 score. While 12.81
BLEU-3 score and 8.93 BLEU-4 score achieved with our GNN-T model are competitive,
they slightly lag behind 12.83 BLEU-3 score and 9.58 BLEU-4 score of the NSLT model.

These results collectively indicate the effectiveness of both our GNN-T and P2T-T models.

7.5. Datasets Comparison

Table 7.12 presents our highest BLEU-4 scores, providing a comparative analysis between
the E-TSL dataset and other datasets commonly employed SLT researchs. Additionally, we
include the Elementary23-SLT dataset, which consists of lesson videos at the elementary

school level, in our evaluation due to its thematic similarities with our dataset.

In the statistics presented in Table 5.3, it is noteworthy that despite having a vocabulary
size similar to that of our E-TSL dataset, the SWISSTXT-NEWS and VRT-NEWS

datasets exhibit a lower singletons ratio and rare words ratio. Furthermore, there is a
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Table 7.12 Benchmarking BLEU-4 Scores

DEV | TEST
PHOENIX14T|[11] 994 | 9.58
Elementary23-SLT[34] 6.67 | 5.69
Elementary23-RAW[34] | 0.36 | 0.00
SWISSTXT-NEWS[39] | 046 | 0.41
VRT-NEWS[39] 045 | 0.36
Our E-TSL (P2T-T) 328 | 3.23
Our E-TSL (GNN-T) 3.65 | 3.49

distinction between the datasets in terms of image quality, with the SWISSTXT-NEWS
and VRT-NEWS datasets offering HD resolution as shown in Table 5.2. Despite all this,
upon initial examination of the outcomes, it becomes evident that the BLEU-4 scores for
the SWISSTXT-NEWS and VRT-NEWS datasets notably lag behind those of other datasets,
including ours. This observation suggests that these benchmarks, being more generalized
and possibly lacking sufficient data, may not effectively train state-of-the-art models, thereby

potentially compromising their reliability for future SLT researches.

As shown in Table 5.2, the 210x260 resolution of the PHOENIX14T dataset promises
slightly better quality than the 190x230 resolution of our E-TSL dataset. The PHOENIX14T
dataset exhibits considerably narrower thematic content, exclusively comprising weather
news videos, consequently resulting in a more limited vocabulary as shown in Table 5.3.
Consequently, the baseline model’s BLEU-4 score for the PHOENIX14T dataset slightly
surpasses the BLEU-4 score attained in our dataset. It is pertinent to note that the data

modalities employed in our model and the baseline model described in [11] differ.

Comparatively, the baseline model outcomes of the Elementary23-SLT dataset appear
superior to those of our dataset’s baseline model. The Elementary23-SLT dataset is a
tailored subset derived from the larger Elementary23 dataset [34] comprising approximately
71 hours of data. The creation of the Elementary23-SLT dataset involved various
preprocessing techniques applied to the Elementary23 RAW dataset, such as singleton
reduction, augmentation of frequently used words, retention of diverse course content,

and selection of the most relevant content for SLT purposes. Under these conditions,
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employing the Elementary23 RAW dataset yielded 0.36 and 0.00 BLEU-4 scores for the
development and test sets, respectively. However, with the curated SLT subset, notably
higher BLEU-4 scores of 6.67/5.69 were reported for the development and test sets,
respectively. As shown in Table 5.3, although the Elementary23-SLT dataset possesses
a marginally larger vocabulary size compared to the E-TSL dataset (8.202/6.980), its
singleton rates (41%/64%) and rare word rates (75%/85%) are lower than those of the
E-TSL dataset. Moreover, it can be seen at Table 5.2 that the resolution (1280x720) of
videos in the Elementary23-SLT dataset significantly exceeds that of videos in our dataset
(190x230). Additionally, videos in the Elementary23-SLT dataset were captured under
optimal conditions with a single-color background, facilitating clearer perception of signer
movements. These divergences elucidate the performance disparity observed between the

baseline models of both datasets.
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8. CONCLUSION

This thesis contributes to the field of Continuous SLT, particularly for TSL. We introduce
the E-TSL dataset, which is designed to meet the specific needs of this area. This dataset
provides researchers with important resources for training and evaluating their models,

helping to advance the field.

Our work goes beyond just creating a dataset; we have also developed and trained two new
models, P2T-T and GNN-T, using the E-TSL dataset. These models are specifically designed
for the Sign Pose2Text task, an important part of sign language translation. The results we

have achieved show promising performance, suggesting that our approach is effective.

To confirm the robustness and generalizability of our models, we evaluated them using
the PHOENIX14T dataset, a widely recognized benchmark in the field. This comparative
analysis validates the performance of our models and offers insights into their adaptability

across different datasets.

We have identified several areas for future research and improvement based on our findings.
One important focus is improving how videos are segmented within our dataset, aiming to
divide them into coherent sentences. By achieving this finer granularity, we can perform
more detailed analyses and set benchmarks using 1-minute segments, which would allow for

more precise evaluation metrics.

Moreover, we plan to explore the utilization of various pose extraction tools other than
MediaPipe, aiming to optimize model performance further. By investigating different
approaches, we seek to uncover potential enhancements that could be integrated into our

framework.

Additionally, we plan to explore how combining our models with other state-of-the-art
techniques can enhance the overall performance of SLT systems. This effort aims to push

the boundaries of what’s currently possible in Continuous Sign Language Translation.
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