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Abstract

This study aims to examine the development and effectiveness of the “SignPulse” system,
an intelligent educational system designed to support deaf and hard-of-hearing students in
learning STEM education using Palestinian Sign language(PSL). The research adopts a
mixed-method approach, combining qualitative and quantitative analyses to evaluate the

system's impact on student engagement, comprehension, and interaction.

Data were collected through a structured video dataset for PSL, along with usability
questionnaires completed by experts in sign language, educational technology, and STEM
education. This dataset enabled the training and evaluation of a hybrid Siamese vision
transformer (Siamese-ViT) model for accurate sign recognition learning, while the system's
interactive component, powered by GPT+RAG, provided personalized explanations,

contextual questions, and immediate feedback to enhance the learning experience.

The findings suggest that integrating Al technology significantly enhances learning
accessibility, engagement, and comprehension for students with hearing disabilities.
Moreover, the study highlights the pivotal role of specialized guidance and culturally
appropriate sign language resources in maximizing the system's effectiveness. It also
discusses challenges related to technical limitations, user adaptation, and integration into

classroom practices.

The study concluded that Al-driven sign language systems, such as * SignPulse,” have
significant potential to improve inclusive education for students with hearing disabilities,
support the implementation of adaptive learning strategies, and contribute to providing

equitable educational opportunities in Palestine.
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Chapter One: Introduction
1.1 Introduction

Education is one of the fundamental pillars of societal development and progress.
It plays a crucial role in shaping individuals and enhancing their intellectual and
cognitive abilities, which leads to improved quality of life and enhanced economic and
social stability. Education is not merely about acquiring skills; it also encompasses the
development of critical thinking, the ability to solve problems, and fostering innovation
and creativity. It is also an effective tool for achieving social justice and bridging
economic gaps, as it opens equal opportunities for everyone, regardless of their social
or economic background. With the rapid advancement of technology, education has
become even more essential in preparing individuals for the digital job labor market.
The modern economy requires advanced skills in artificial intelligence (Al), deep
learning (DL), programming, and data science (DS). Therefore, adopting innovative
educational strategies that leverage technology and Al is crucial to creating more

interactive and inclusive learning environments in the future.

The education system in Palestine faces challenges due to political and economic
conditions that have impacted its infrastructure and management, over the decades, the
Palestinian education system has been under the control of various authorities, affecting
its stability and development, despite the transfer of responsibility for education to the
Palestinian Authority following the Oslo according in 1993, obstacles remain such as
restrictions on school construction and the obstruction of students and teachers from
accessing educational institutions, these barriers constitute a violation of the right to
education as guaranteed by international conventions, in addition, preschool education
IS subject to the supervision of the ministry and higher of education, which grants
licenses and oversees necessary for the standards essential for the operation of
kindergartens, which are primarily run by privet sector institutions and non-
governmental organizations, with teachers required to have certifications in early
childhood education and adhere to standardized curricula to ensure quality education.
(Hasan, & Buheji., 2024).

Despite these challenges, the Palestinian education system has remarkable

resilience and adaptability. Educational institutions seek to develop more



comprehensive curricula and improve the quality of their use of technology and
innovation. However, there remains a significant gap in providing an inclusive learning
environment for people with disabilities, particularly the deaf and hard of hearing
(DHH), who face difficulties accessing appropriate educational content. This highlights
the need for Al and DL technology to bridge this gap. Developing systems capable of
automatically recognizing PSL and integrating it into interactive educational tools will
contribute to enhancing learning opportunities for these students and making the

educational process more inclusive and efficient.

Hearing loss is a growing global problem affecting millions of individuals across age
groups and geographic groups. As advances in healthcare and assistive technology
continue, addressing the challenges faced by individuals who are deaf or hard of hearing
remains a pressing priority. The increasing prevalence of hearing loss necessitates the
development of comprehensive communication and education solutions to ensure equal
opportunities for individuals affected by it. The World Health Organization (WHO
(2021) repeated that more than 430 million people worldwide suffer from disabling
hearing loss. It is projected that by 2050, approximately 2.5 billion people may be
affected by this loss to some degree, and around 700 million of them are likely to require

hearing care and rehabilitation services (WHO (2021).

The Arab world has some of the highest rates of deaf and hard-of-hearing
individuals, with some countries exceeding 2% of the population (Unescwa, 2018).
However, due to a lack of awareness, society often overlooks their needs, and to address
this, researchers have started developing new technologies to help the deaf

communicate more easily (Alnahhas et al., 2020).

According to the 2017 census, people with disabilities constitute 5.8% of the
total population of Palestine, equivalent to 255,228 individuals out of 4.78 million
people, of these,1.6% approximately 76,480 individuals suffer from hearing
impairment, with 46,080 of them residing in the West Bank and 30,400 in Gaza, this
percentage has witnessed an increasing increase, highlighting the urgent need to
enhance accessibility and support provided to the deaf and hard of the hearing group,
as deaf individuals in Palestine face significant challenges in various aspects of life,
including education, employment, access to media, social interaction, and

interpretation services, although education is a basic right for all, deaf and hard of



hearing students still face significant obstacles that hinder their academic success and
full participation in the educational process, these challenge absence of comprehensive
educational policies, weak resources, and shortage of qualified teachers in PSL, the
lack of specialized curricula limited access to specialized schools, and the absence of
adequate technological support make it more difficult for deaf students to obtain a high-
Quilty education, addressing these issues is crucial to ensuring that equal educational
opportunities and enable them to integrate more effectively into society (Alawneh,&
Abdel-Fattah., 2021).

Sign language (SL) is a distinctive mode of human communication that holds
an essential role in interaction and expression for many members of society, a language
system that provides an integrated visual gestural means of expression, enabling users
to communicate their thoughts, feelings, and sensations through structured hand shapes,
movements, and facial expressions, rather than relying on spoken words or sounds
(Rastgoo et al., 2021). Language can be expressed and understood through both spoken
words and manual signs, demonstrating its adaptability across different modalities.
While the legitimacy of sign languages has been debated, they are now recognized as
fully developed linguistic systems. This recognition has contributed to a deeper
understanding of language structure and has led to a change in our perception of human
communication (Goldin-Meadow, & Brentari., 2017).

Currently, more than 300 different sign languages are used worldwide, each with its
own unique grammar and syntax that distinguishes it from other languages. Such as
include American Sign Language (ASL), British Sign Language (BSL), Arabic Sign
Language (ArSL), and Chinese Sign Language (CSL) (Miah et al., 2024) . Recently,
sign language recognition (SLR) has emerged as a key tool for improving human-
computer interaction (HCI) and supporting communication available to people with
hearing difficulties (Palanisamy et al., 2024).

Palestine Sign Language (PSL) is a national sign language used in the Levant
region and is the primary means of communication among members of the deaf
community in Palestine, although Arabic is the native language and English is the
second language, PSL occupies an important position as a third language for people
with hearing disabilities. A comprehensive study was conducted on PSL, and four other

Arabic sign language (ASL), Kuwait sign language (KSL), Libyan sign language



(LSL), and AL-Saeed Bedouin sign language (ABSL) analysing key linguistic features
such as hand shape, movement, position, and palm orientation, the result showed that
these languages are not merely dialects, but rather independent linguistic systems,
despite their shared community with spoken Arabic, the study also showed that PSL
shares 58% similarity with indicating strong mutual influence between them, however,
PSL remains largely undocumented, with only a few basic dictionaries available as
references (Abdel-Fattah, 2020).

Deaf and hard-of-hearing (DHH) students face multiple challenges in the digital
learning environment, where limited technical resources and weak digital curricula
hinder effective learning. Studies indicate that the most prominent obstacles for
teachers in this group include a lack of digital content and the weak recruitment of
specialized educational frameworks, which negatively impact the quality of education
(2021 «m 3l Awd)Project-based learning is an effective educational method that
fosters critical thinking and problem-solving among DHH students. However,
resources and a lack of teacher training are significant barriers to its effective
implementation; therefore, Al can help enhance engagement and improve the learning
experience for these students (2022 , sl 3=l ae),

Artificial intelligence (Al) has become one of the most influential technological
advancements across multiple fields, particularly in education, computer vision, and
NLP. Al has emerged as an important tool in digital education, as it customizes
educational content to meet the needs of each learner, especially those with special
needs, including the deaf and hard of hearing(Abulibdeh, 2025) . Al-powered
technologies also provide educational experiences adapted to handle learning subjects
and goals of each student (Lahby et al., 2024), which is of great importance and benefit
to deaf and hard-of-hearing learners (Kamalov et al., 2023). Applying Al tools and
technologies in education makes learning environments more personalized and

adaptive, which meets the needs of people with disabilities (Owoc et al., 2019).

Furthermore, Al education should not be isolated or limited to specific fields
but should be integrated into, linking different curricula and the educational
environment to which students belong (Aliabadi et al., 2023). Despite significant
advances in Al and its role in developing more efficient educational systems, challenges

remain related to providing equal opportunities for all groups. This calls for the



development of educational strategies that ensure the integration of deaf and hard-of-
hearing students into digital educational environments and their full benefits from these
technologies. After reviewing the most important challenges facing the deaf in
Palestine, it is noted that there is a lack of research related to PSL, indicating an urgent
need for in-depth studies in this field. Studies have demonstrated that Al and deep
learning (DL) have made substantial contributions to the advancement of intelligent
systems, particularly in the fields of computer vision and natural language processing.
These technologies can improve communication for deaf and hard-of-hearing people
by developing real-time sign language interpretation systems, enhancing their

integration into society.

Acrtificial intelligence (Al) refers to efforts to develop machines capable of
acting intelligently; intelligence here is defined as the ability to interact appropriately
and thoughtfully with the surrounding environment, taking future expectations into
account when making decisions (Chassignol et al., 2018). Educational institutions have
adopted Al extensively to provide various services to students in different ways. Al has
been effectively integrated into enhancing the efficiency of administrative and
educational processes, and studies show that Al has simplified administrative tasks,
such as assessment marking and providing feedback, through automated systems and
digital platforms (Chen et al., 2020).

Natural language processing (NLP) is one of the most popular Al
methodologies in student opinion mining (Estrada et al., 2020). This technology plays
a crucial role in understanding and interpreting the feedback or opinions expressed by
end-users. Most organizations around the world devote time and effort to analyzing this
feedback to understand the needs and opinions of their users (Shaiket al., 2022).
Computer Vision enhances teaching methods by enabling teachers to adjust their
strategies in real-time, helping improve students' academic outcomes and support
teacher-student relationships, especially for those with learning difficulties
(Sophokleous et al., 2021).

In computer vision, Al improves image and video recognition, object detection,
and gesture analysis, enabling advanced applications such as autonomous systems,
medical imaging, and assistive technologies for people with disabilities. Additionally,

NLP has revolutionized human-machine interaction, enabling Al systems to



understand, interpret, and produce human language. This has led to advancements in
machine translation, sentiment analysis, and interactive language models such as
ChatGPT.

DHH students face significant challenges in communication and understanding
academic content, as traditional educational curricula rely primarily on text and audio
materials. This problem is particularly prominent in STEM science, technology,
engineering, and mathematics. Complex explanations require visual and interactive
support to enhance understanding. Despite advances in sign language recognition
technologies, research has primarily focused on American Sign Language (ASL) and
British Sign Language (BSL), resulting in significant neglect of PSL. This has led to
the study of PSL being largely neglected. In the Palestinian context, Al and deep
learning can contribute to a radical transformation in the field of education and
communication for the hearing-impaired, by providing innovative solutions that

consider the linguistic and cultural specificities of this group.
1.2 Statement of Problem

Despite significant progress in automatic SLR in recent years, PSL remains a
scarce resource in the field. The development of intelligent systems that support DHH
students in specialized science, technology, engineering, and mathematics (STEM)
fields. This scarcity limits the development of intelligent systems that support DHH
students in STEM education. In particular, the lack of complex PSL datasets and
advanced modelling leads to a research gap in capturing the complex hand dynamics

associated with complex PSL gestures.

To address this limitation, the study uses a variational autoencoder (VAE) to
learn an unsupervised latent representation of hand movement dynamics in PSL. Based
on this embedding, a Siamese vision-based transformer (Siamese-ViT) is trained using
a triangulator loss function to enhance the model's discriminative ability and improve
recognition accuracy. This hybrid approach seeks to overcome data scarcity while

ensuring accurate generalization for PSL recognition in real-world educational settings.



1.3 Questions of the Study

e RQ1: How well does the hybrid proposed model (Siamese-ViT and B- VAE)
based PSL gesture recognition device perform in real classroom conditions for
DHH students?

e RQ2: How does combining LLM+RAG with the first five alternatives enhance
formative learning compared to basic feedback?

e RQ3: Is the proposed system stable and appropriate for the Palestinian context?
1.4 Study Aim

This study aims to develop an advanced Al system, Sign Pulse, which uses a hybrid
deep learning framework that combines a Siamese variable Autoencoder (VAE) for
robust latent representation learning (ViT) for accurate recognition of PSL signs related
to STEM concepts.

1.5 Objectives of The Study
The study seeks to achieve the following objectives to reach this goal:

1. Develops a structured dataset for PSL that covers basic mathematical and
scientific concepts, with well-annotated videos to support model training and
evaluation.

2. Design a hybrid recognition framework by combining a variational autoencoder
(VAE) for learning latent representation with a Siamese-Vision Transformer
(Siamese-ViT) trained using triplet loss to increase the accuracy and robustness
of PSL recognition.

3. Train, fine-tune, and evaluate the proposed recognition model using multiple
performance metrics (e.g., accuracy, EER, AUC, and K-accuracy) to ensure
effective generalization across PSL gestures.

4. Integrate the recognition model into an interactive educational application,
combining PSL recognition with RAG (retrieval- Augmented Generation) and
GPT-based models to provide dynamic explanations, personalized feedback, and

intelligent tutoring in STEM subjects.



5. Validate the integration of the Sign Pulse system in a real educational
environment setting, through expert evaluation and usability testing, ensuring its
accessibility, effectiveness, and alignment with the learning needs of DHH

students.

1.6 The Significance of the Study

This study gains its significance from its contribution to bridging the
educational technological gaps faced by DHH students, particularly users of PSL.
Traditional educational systems rely primarily on textual and audio content. This limits
these students' access to educational information, particularly in scientific and technical
subjects that require visual and interactive explanations. From this perspective, the
student believes that developing an advanced Al system capable of automatically
recognizing PSL signs and integrating the system into an interactive educational
platform provides an equal educational opportunity for this group.

The innovative approach offers an interactive teaching method that enables
DHH students to learn more effectively through visual learning, providing immediate
responses that contribute to improved comprehension and understanding. The
integration of Al and interactive learning technologies represents a significant leap in
comprehensive educational tools that cater to the linguistic and cultural needs of deaf
and hard-of-hearing students (Trajkovski & Hayes, 2025). By creating a specialized
dataset for PSL, a significant step can be taken toward documenting this language and

promoting its use in various future applications.

Enhancing Accessibility to STEM Education. The lack of educational resources for
deaf and hard-of-hearing students in STEM education is a significant challenge
hindering their learning. These disciplines rely heavily on abstract symbols and
complex concepts. Communication information becomes more difficult without the use
of visual aids or sign language translation. To bridge the gap, the study aims to improve
access for deaf and hard-of-hearing students to learn science, technology, engineering,

and mathematics (Bonvillian et al., 2020).

Advancing Al Research in Low-Resource Sign Language. The study aims to

enhance the integration of PSL into Al systems by developing deep learning-based



solutions that improve the quality of education for the hearing impaired. To achieve
this, the study focuses on constructing a specialized dataset that encompasses
educational gestures, providing a robust digital foundation for evaluating Al models.
Additionally, it seeks to fine-tune the model to accurately classify PSL gestures,
enabling the development of intelligent educational tools that assist deaf and hard-of-
hearing students in comprehending scientific and mathematical concepts. Furthermore,
the study explores the potential of deep learning in analyzing sign language as a non-
verbal communication system, paving the way for Al-driven applications that can
interpret and respond to PSL gestures in real-world educational settings. By pursuing
these objectives, the study contributes to advancing research in low-resource sign
languages and enhances opportunities for the adoption of Al technologies to facilitate
effective communication for individuals with hearing impairments, achieving greater

integration and inclusivity in education.

Supporting Human-Computer Interaction HCI for Deaf and Hard-of-Hearing
Students. This study extends beyond static PSL recognition by developing an Al-
powered interactive application to enhance human-computer interaction for deaf and
hard-of-hearing students. The application relies on real-time PSL sign recognition.
Students receive feedback on their academic performance, and the system includes
interactive generation by LLMSs, helping deaf and hard-of-hearing students participate
effectively in learning. This provides seamless interaction between students and smart
devices and creates a more dynamic learning experience, making self-learning easier,
more convenient, and more efficient in response to individual needs, thus contributing
to bridging the communication gap and enhancing educational opportunities for

individuals with disabilities, specifically the deaf and hard of hearing.

Potential for Real-World Implementation. The study provides a practical model for
enhancing interactive learning for deaf and hard-of-hearing students, with significant
implications for educational institutions and assistive technology developers, by
developing an Al-based tool that can be integrated into classrooms and special
education programs to recognize PSL gestures, this provides a more efficient learning
environment and contributes to improving students- teacher interaction within
classrooms, specifically in mathematics and science concepts. In addition to the
educational benefits of the study, it lays a broad foundation for Al applications, as the
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scope of PSL recognition can be expanded to include healthcare and communication
across different environments, thereby enhancing opportunities for social integration

for deaf and hard-of-hearing individuals.

Bridging the Digital Gap in Deaf and Hard-of-Hearing Education. The absence of
Al-powered assistive tools specifically designed for deaf and hard-of-hearing students
in PSL exacerbates the learning gap, limiting their ability to engage effectively with
digital learning environments. The study aims to address this challenge by developing
an Al system for recognizing PSL gestures, ensuring that students with hearing
disabilities have equal educational opportunities. By integrating smart technologies into
special education, the study enhances digital accessibility, enabling students to interact
with educational materials in ways that align with their linguistic communication needs.
Furthermore, the study emphasizes the importance of innovation in the field of Al-
inclusive education, highlighting the need for continued research and investment in the
development of assistive learning technologies. By demonstrating the potential of Al
to enhance inclusive education, this study encourages educators, policymakers, and
technology developers to prioritize the development of smart, adaptive educational
tools that respond to the needs of diverse learners. Through these efforts, the study not
only contributes to promoting digital inclusion but also advances a more equitable,
technology-driven educational approach to supporting deaf and hard-of-hearing

students.

1.7 Limitations of the Study

Despite its contributions to the development of Al-based educational tools to

support DHH students, the study faces some limitations, including:

1. The study focused only on signs specific to science and mathematics subjects,
which means that the results may not apply to PSL signs used in everyday
conversation or other domains, such as social communication or specialized
terminology outside of STEM.

2. Data size and diversity: Although the created dataset is comprehensive for
educational signs, it is smaller than the large multilingual dataset used for sign
languages such as ASL and BSL. This may affect the adaptation to new or rare

signs not covered during training.
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3. Real-time camera gesture recognition via camera input: The system relies on
camera-based input for recognizing PSL gestures in real time. This introduces
challenges related to camera quality. This can lead to reduced gesture recognition
accuracy in low-light environments or when visual obstructions affect gesture
clarity.

4. Limited availability of PSL video-based datasets: PSL suffers from a lack of
large-scale, publicly available datasets in video format, which may affect the
model's ability to generalize and recognize gestures that are not present in the
training dataset. Although a custom dataset was created for this study, the limited
diversity of recordings and gestures may impact the model's performance when
encountering new signs or dialectal variations within PSL.

5. Lack of extensive data to training data for all usage scenarios: Some challenges
remain in covering all possible usage scenarios, such as differences in sign
performance speed between users, subtle changes in sign performance, and the
impact of environmental factors on the quality of recordings. Therefore, the
system may require further modification and continuous improvement to ensure

accurate sign recognition in various conditions.

1.8 Structure of Study

This study includes : (a) an introduction outlining the research background, objectives,
and significance, (b) a literature review exploring previous research on sign language
recognition, Al in education, and inclusive learning for DHH students. (c) Methodology
detailing (Model development and dataset construction, focusing on building a
structured dataset for PSL, and designing a hybrid deep learning framework based on a
variational Auto Encoder, (c) the findings, discussion, and conclusion, which present
the experimental results, interpret the model's performance, and offer recommendations

for future work and educational applications.

1.9 Hypotheses

Based on the research objectives and conceptual framework of this study, a set of
hypotheses was developed to examine the relationship between the proposed variables.
These hypotheses aim to verify the effectiveness of the developed Al-based sign

language recognition system (Sign Pulse) in improving accessibility, educational
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performance, and interaction for DHH students in the STEM education context. Three

main hypotheses have been established and will be analysed and discussed in detail in

the discussion and recommendations section to determine the educational impact and

practical implications of the proposed system.

1.

1.10

Null hypothesis (HO): The hybrid proposed model does not achieve statistically
significant accuracy above the deployment threshold (ACC<90%, AUC<0.90,
EER >8%). Alternative hypothesis (H1): The proposed hybrid model does
achieve statistically significant accuracy above the deployment threshold (ACC>
90%, AUC> 0.90, EER < 8%)).

. Null hypothesis (H0): The LLM+RAG with To-5 alternatives does not improve

formative learning compared to the baseline system. Alternative hypothesis
(H1): The LLM+RAG with To-5 alternatives does improve formative learning

compared to the baseline system.

. Null hypothesis (H0): The system is not suitable for Palestinian classrooms and

fails to achieve acceptable contextual alignment coverage of Palestinian
vocabulary. Alternative hypothesis (H1): The system is suitable for Palestinian
classrooms and achieves an acceptable level of contextual alignment coverage of

Palestinian vocabulary.
Operational Definitions

Palestinian Sign Language (PSL): is a visual means of communication method
developed and used by deaf and hard-of-hearing people in Palestine, which
consists of hand gestures, facial expressions, and body movements to convey
meaning (Al-Fityani,& Padden., 2010). PSL refers to a set of mathematical and

scientific signs, recorded and labeled in a custom dataset for training.

Deaf People: deaf people have a hearing loss of 70 decibels or more, making it
difficult for them to understand speech through hearing alone, with or without
hearing aids (2022 , »=all %3ell ae). In this study, “Deaf” refers to school
children with severe hearing loss of 70 decibels or more, which limits their ability
to understand speech through hearing alone, even when using hearing aids. The
research focuses on students who rely on PSL as their primary means of

communication within the educational environment.
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o Hard of Hearing: these individuals have a hearing loss ranging from 35 to 69
decibels, resulting in difficulty understanding speech through one ear, with or
without hearing aids (2022 , u=all 3 =ll ae). In this study, “hard of hearing”
refers to students with hearing loss ranging from 35 to 69 decibels, which impacts
their ability to understand verbal educational content in traditional classrooms.
These students are identified based on formal hearing assessments and can benefit
from hearing aids and assistive technology to enhance their comprehension of
educational materials.

o Retrieval Augmented Generation (RAG): is a hybrid framework that combines
a retrieval system with a generative language model, allowing the model to access
and leverage external knowledge bases to produce more accurate and contextually
relevant responses (Lewis et al., 2020). RAG was implemented to enrich system
responses by retrieving STEM-relevant explanations and definitions associated
with recognized PSL gestures before generating natural language feedback.

e A Variational Autoencoder (VAE) is a deep learning generation model that
encodes input data into a probabilistic latent space and reconstructs it to capture
the underlying data distribution, often used for unsupervised learning and feature
generalization (Kingma et al., 2014). The VAE is applied to learn representations
of PSL gesture features, improving the generalization of the model and enhancing

classification performance across various gestures.

e Deep learning (DL): a subset of Al that employs artificial neural networks with
multiple layers to learn from large amounts of data, improving classification and
recognition capabilities (LeCun et al., 2015). Operational Definition: This study
applies deep learning techniques to process PSL gesture images, enabling the
model to classify mathematical and scientific signs with high accuracy.

o Interactive Learning: a pedagogical approach that fosters active student
engagement  through  technology-enhanced, interactive  educational
experiences(Antia, 2013) . Operational Definition: The Al system in this study
provides real-time feedback by integrating PSL recognition with ChatGPT,
allowing students to interact with STEM educational content dynamically.
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Dataset: A structured collection of labeled data used for training and evaluating
machine learning models, essential for improving Al model performance
(Goodfellow et al., 2016) .The dataset in this study consists of video frames of
PSL gestures, specifically curated for mathematical and science concepts,

annotated and processed to enhance Al recognition accuracy.

Large Language Models LLMs: advanced Al-driven linguistic models trained
on vast text datasets to generate coherent and contextually relevant
responses(Keloharju & Keloharju,2025), (Brown et al., 2020) integrate LLMs
like ChatGPT to provide context-aware explanations and adaptive responses
after PSL gestures are recognized, enhancing educational engagement.

STEM (Science, Technology, Engineering, and Mathematics) is an
integrated educational framework that combines science, technology,
engineering, and mathematics to develop learners' design thinking(Xie et al.,
2015) . in this study, STEM refers to the educational content related to
mathematics and science that is taught using PSL. The Al model is trained
specifically to recognize PSL gestures corresponding to STEM concepts,
facilitating interactive learning for deaf and hard-of-hearing students.

The Siamese Vision Transformer (Siamese ViT) is a dual-branch architecture
that combines transformer-based visual feature extraction with a siamese
contrastive learning mechanism to measure similarity between image pairs
(Chen et al., 2021) In this study, Siamese ViT is used to compare PSL gesture
embeddings in pairs, enabling accurate recognition and verification of similar

or identical signs, enhancing recognition consistency and robustness.
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Chapter Two: Literature Review and Theoretical Background

This chapter provides a systematic and critical review of previous studies on the
application of Al to support the DHH populations, focusing on ArSL modelling
techniques. Despite significant progress in ArSL recognition, a notable absence remains
in peer-reviewed research focusing on PSL. This gap highlights the novelty and
importance of the study, which seeks to fill this research gap by developing a

specialized framework for recognizing PSL and a new dataset.
2.1 Sign Language in the Educational Context

Previous studies have demonstrated that sign language is an effective means of
enabling deaf students to engage with academic content emotionally. Sign language is
not just a means of communication; it is a cultural and cognitive framework through
which many deaf and hard-of-hearing people experience the world. Its role in education
has been widely studied, particularly in learning outcomes in STEM education. Deaf
students do not learn in a fundamentally different way from their hearing peers, but they
need educational support that is linguistically and visually appropriate (Marschark,
2012). They analyzed the academic performance of deaf and hard-of-hearing students.
They found that classroom accessibility, including sign language interpretation and
visual materials, was a key factor in their success (Antia, 2009). Luckner et al. (2001)
emphasized using visual aids and sign-based explanations when teaching abstract
STEM content. Adopting a bilingual education model, which combines sign language
and written language, enhances the academic achievement and social integration of deaf
students in Arab countries. This model highlights the importance of providing an
educational environment that supports both languages to achieve better educational
outcomes (Kubicek, 2021). There is a strong correlation between sign language skills
and writing skills among deaf students. Enhancing proficiency in sign language can
positively support and enhance literacy skills, supporting the effectiveness of bilingual
education models in improving the academic achievement of these students (Zhang et
al., 2024). Shifting from the spoken language-based teaching approach to bilingual and
bicultural models, their findings are consistent with the studies conducted in Finland
and Japan, where translating scientific textbooks into sign language significantly

improved comprehension and academic engagement (Knoors, 2014). The most
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common strategy teachers use with students with hearing impairments is total
communication, which combines sign language, oral reading, and written
communication by attracting the student's attention before commencing
communication to ensure effective interaction (Sultana et al., 2023). The integration of
sign language into the educational process demonstrates that it is not merely a means
of communication but an essential element for achieving linguistic equality and

educational inclusion for DHH students.

2.2 Automatic Sign Language Recognition

Automatic sign language recognition SLR involves automatically identifying
signs from video input, typically using computer vision and deep learning. This is a
crucial step toward enabling sign language-based interactive systems for educational
and accessibility purposes. Figure 1.2 presents the general workflow of automatic SLR
systems, providing a visual overview of the main stages in building the system.

) ) . . .
1 Input Device . Capturing video or sensor of sign language
Camera or Sensor Data Collection gestures.
—_——
—
@D (- ,’ - .\W‘w\u l
~— (RN /‘I | ( N . . . . P
—_— L i Segmenting video frames, filtering noise, and
Pre-Processing normalizing data.
@@/
e N

Using algorithms such as CNN or pose
Feature Extraction estimation to extract distinguishing features.
~—

l

,——— Iraining a deep learning model such as ViT or

Model-Training ResNet.
~__/
[
:
( b Gest
Model-Evaluation | — H — esture
\_ ) [Model Deploymenq E{ecognition Model

After training, the model is evaluated with unseen data and deployed in a
real-world environment. The sign gesture is captured twice: first during
model training and again after deployment for real-time recognition
through the gesture recognition model.

Figure 1.2: General Workflow of an Automatic Sign Language Recognition System.
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Camgoz et al. (2018) proposed a comprehensive neural architecture using sequential
learning with attention, enabling translation from gesture videos into written sentences.
Studies the real-time requirements of the SLR systems using artificial neural networks,
ANNSs, and hidden Markov models (HMMs), focusing on the Brazilian sign language
LIBRAS, and focusing on the balance between system speed and accuracy (Cooper,
2013). Singha (2013) addressed Indian Sign Language (ISL) recognition in live video
by detecting skin regions, applying histogram matching, and utilizing eigenvalue-based
feature extraction. Classification relied on a weighted Euclidean distance technique.
Mohandes (2014) addressed the lack of research on Arabic sign language, ArSL, using
Gaussian skin tone modelling and hidden Markov models (HMM), and developed the
first Arabic sign language recognition systems for isolated signs, proving a foundation
for Arabic-speaking communities. Pigou et al. (2015) proposed a deep convolutional
neural network model for fingerspelling recognition in American Sign Language ASL,
and this approach achieved real-time classification without the need for manual feature
extraction, representing a shift towards fully automated SLR. Rastgoo (2021)
introduced Multiview skeleton-based recognition using deep learning. Their dataset

featured multiple camera angles to enhance recognition across varied visual conditions.

Camgoz et al. (2020) proposed a transformer-based system for continuous German
sign language DGS recognition and translation, representing a shift towards sequential
modelling with deep learning and contextual learning. Singh (2022) reviewed the
intelligent SLR methods for Indian Sign Language ISL, analyzing rule-based, sensor-
based, and learning-based systems, highlighting gaps and future directions. In this
study, the researchers conducted a comprehensive study focusing on recent
technological developments aimed at improving communication for individuals with
hearing and speech impairments. The researchers reviewed innovations such as smart
gloves, Android applications, and technologies such as convolutional neural networks
CNNs, Gaussian filtering, and models (HMMs), and speech-to-text techniques (Naresh
et al, 2020). (Madhiarasan, 2022) Conducted a systematic review of sign language
recognition SLR systems, categorizing the current literature based on input methods,
dataset types, algorithms, traditional machine learning, deep learning models, and key
performance. Pu et al. (2020) Their method improved model alignment and recognition
accuracy by simulating substation insertion, detection operations, and video-text pairs
to bridge the gap between the CTC training loss and the true performance metric, the
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WER word error rate. Noor et al. (2024) developed a hybrid deep learning model

combining CNN and LSTM to recognize Arabic sign language gestures. Two recent

studies have made significant contributions to the development of Arabic sign

language, using the RGB-based AASL dataset, and their model achieves high accuracy

in ArSL recognition, confirming the effectiveness of deep CNNs in classifying isolated
Arabic letters (ElI Kharoua, 2024). Abu-Jamie et al. (2022) explored and compared the
performance of Mobile Net and VGG16 architectures on a local ArSL dataset.

Table 1.2: Summary table of reviewed sign language system studies

Study Sign language Input type Methodology Key contribution
Camgozetal. | RWTH- Video (RWTH- | End-to-end  Neural | Introducing the
(2018) PHOENIX- PHOENIX- Machine Translation | first NMT-based
Weather Weather) (NMT) for CSL SL translation
system
Cooper British Sign | Video (3D Hand | CNN for 2D/3D hand | Emphasized 3D
(2013) Language (BSL) Trajectory) trajectory hand pose in
continuous SLR
Singha Indian Sign | Skeleton data from Multiview
(2013) video DL on hand skeletons | improvement  for
Language (ISL) gesture recognition
Mohandes Arabic Sign | Hand Shape Image | SVM on extracted | Classical ML for
(2014) Language hand shape features isolated SLR
(ArSL) recognition
Pigou et al. | RWTH-PHOENIX | Video frames | CNN + LSTM Real-time SLR
(2015) (RWTH- using CNNs on
PHOENIX) video frames
Rastgoo Multiple languages, | RGB and Depth | CNN-RNN with | Cross-lingual SL
(2021) American Sign | video transfer learning model using RGB
Language (ASL), and depth
and Chinese Sign
Language (CLS)
Camgozetal. | PHOENIX14T Video Transformer + BERT | Continuous  SLR
(2020) (PHOENIX14T) and sentence-level
translation
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Singh (2022) | ISL Video frames 3D-CNN and LSTM | Indian ISL with
spatial-temporal
features

Naresh et al. | No specialized | General video data | Hybrid deep learning | Improved ISL

(2020) dataset (general (CNN-RNN) gesture

SLR) classification

Madhiarasan | No specialized | General video data | Residual CNN with | Improved real-time

(2022) dataset (general attention ISL recognition

SLR)
Pu et al |CSL Skeleton sequence | ST-GCN (Spatial | Applied GCNs to
(2020) (graph-based) Temporal Graph | sign gesture
ConvNet) dynamics

Noor et al. | ArSL Image and Hybrid CNN-LSTM | Hybrid CNN-

(2024) Video LSTM model for
Arabic SLR.

El Kharoua | ArSL RGB Images CNN-based model using the RGB-

(2024) for recognizing the based AASL

ArSL alphabet signs
dataset

Abu-Jamie et | ArSL Images Mobile Net and explored and

al. (2022) VGGL16 for ArSL compared the
performance of
Mobile Net and
VGG16
architectures

The studies in Error! Reference source not found.2 The above shows a clear
evaluation in sign language recognition SLR research, from traditional machine
learning approaches, e.g., SVM in Mohandes (2014) to deeper learning, such as CNN-
LSTM hybrids (Pigou et al. 2015) and transformer-based models (Camgoz et al., 2020)
Each study contributed uniquely to the advanced technical capabilities of the SLR
system, such as improving gesture recognition accuracy (Singha 2013), and enabling
real-time detection of sign language (Pigou et al., 2015) However, the key observation
in these studies is the limited focus on educational environments. While the
methodologies are promising in controlled settings, most systems have not been
expanded or adapted to support learning contexts, particularly for deaf and hard-of-
hearing students. The lack of attention to curriculum integration, learner interaction,

and real-time tutoring reflects a wide gap in applying SLR research to an inclusive
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pedagogical system. None of the mentioned works address low-resource sign
languages, such as PSL, nor present frameworks specially designed for STEM
education. The comparative analysis highlights the originality of this thesis. Unlike
previous studies, this research bridges the gap between sign language recognition and
intelligent educational support, creating a classroom-ready system that combines ViT-

based self-learning with LLM-supported tutoring.

2.3 Building a Specialized Sign Language Dataset

One of the most significant constraints facing the development of accurate sign
language recognition systems is the availability of high-quality datasets. Despite vast
textual corpora, sign language resources remain significantly limited. Particularly those
representing non-Western sign languages or educational vocabulary. Developing
effective sign language recognition SLR systems requires the construction of high-
quality, diverse datasets that reflect actual linguistic usage. Recent studies have
significantly addressed this need across various sign languages. (Othman, 2024)
proposed a structured framework for creating sign language datasets, emphasizing a
comprehensive process that begins with participant recruitment and obtaining ethical
approval, continues with multimedia video recording, and concludes with accurate
annotation using tools such as ELAN. Provided a valuable resource by compiling the
sign language dataset, which unifies information across over 40 existing datasets.
Detailing aspects such as the sign language used, the number of samples. Illustration
methods and media types (Kopf et al., 2022). Presented the SCOPE dataset for Chinese
Sign Language CSL, which contains over 72 hours of contextual conversational videos
and nearly 60,000 captions (Liu et al. 2025). Alishzade (2025) developed the ArSLD
dataset for Azerbaijani sign language, including fingerspelling recordings, isolated
words, and complete sentences, and the dataset includes over 30,000 video samples,
providing the first open source for Azerbaijani sign language and laying the foundation

for resource-limited languages.

Jiang (2022) introduced SDW-ASL, a large-scale, continuous American Sign
Language ASL dataset containing over 416,000 words and 30,000 sentences, generated
through an automated system. Rodriguez et al. (2025) presented a lightweight and
practical dataset for Mexican Sign Language LSM, covering 29 letters and 10 digits,

using tools such as Media Pipe for feature extraction and evaluation of multiple
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classifiers, KNN, CNN, and RNN. The dataset supports experiments on small-scale
SLR systems. To illustrate the diversity of methodologies and the contribution of
specialized sign language datasets, Table 2.2 provides a comparative summary of key
studies. The table highlights important aspects, such as the target language, the size and

duration of the dataset, the tools and techniques used, and the unique significance of

each study.
Table 2.2: Comparative summary of key studies
Study Language | Size/Duration Key methods Contribution/Significance
(Othman, General Not specified ELAN, Provides comprehensive
2024) framework | (theoretical participant guidance for building SL
(all framework). recruitment, datasets.
languages) ethical design
Kopf (et al., Multiple 40.000 datasets. | Standard Enables comparison and
2022).) (meta- metadata for selection of existing SL
compendiu existing senses resources.
m)
Liu et al. Chinese 72 hours, Contextual Enhances contextual
(2025) Sign 59,231 captions | video modelling in CSL.
Language Conversational
CSL scenes
Alishzade Azerbaijan | 30,000 video Manual First large-scale open-access
(2025) i sign samples. annotation, two | ArSLD resource.
language, camera angles.
ArSLD
Jiang (2022) American | 104 hours Automated Demonstrate the scalability of
Sign 416000 words system, a machine-generated dataset.
Language | 30,000 synthetic
ASL sentences. generation.
Rodriguez et Mexican 29 letters Media pipe, Supports small-scale
al. (2025) Sign 10 digits KNN, CNN, experimental SL systems
Language RNN evaluation
LSM

After reviewing the summarized studies in Table 2.2 and earlier, several
thematic insights emerge that highlight the progress and limitations in the field of sign

language dataset construction. Taken together, these studies represent a fundamental
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effort to diversify low resources across different sign languages, including low-resource
contexts, such as Azerbaijani Sign Language (Alishzade, 2025), and Mexican Sign
Language (Rodriguez et al., 2025) They also reflect increasing methodological
sophistication, such as the use of automated data generation (Jiang,2022) and contextual
video annotation (Liu et al., 2025). However, there are important gaps that directly
enrich this thesis. While previous work provides valuable data resources, most still
focus on gesture recognition in isolation, with limited integration of full-sentence-level
communication or instruction. It is worth noting that few studies address the contextual
richness required for real-world learning environments such as STEM education in deaf

and hard-of-hearing classrooms. Kopf et al., (2022).

Despite presenting a comprehensive set of datasets, the field still lacks uniform
standards for collecting, classifying, and sharing data. This lack of consistency makes
it challenging to develop Al models that can be easily modified or reused across various
sign languages or educational applications. None of the previous datasets includes
Palestinian sign language, reinforcing its status as a low-resource language system in
Al research. The absence of Palestinian sign language limits regional inclusion and
contributes to systematic disparities in educational technologies available to Palestinian
deaf learners. Furthermore, ( Jiang,2022) and (Liu et al., 2025) have only begun to move
towards dynamic and conversational datasets, but these are still limited to American
Sign Language and Chinese Sign Language, respectively. It is not directly related to
curriculum content or classroom application. Therefore, a significant research gap lies
in developing dominant-compatible, culture-informed sign language datasets that can
serve as the backbone of Al-powered educational platforms.

2.4 Artificial Intelligence Application in Education

In recent years, the integration of Al into the educational landscape has brought
about transformative changes in enhancing efficiency and enabling more intelligent,
personalized learning environments. Among the most impactful innovations are large
language models LLMs such as ChatGPT, which have demonstrated remarkable
potential in supporting adaptive learning, producing personalized educational content,
and facilitating natural language-based interaction between students and systems. These
developments are particularly important when applied to support learners with spatial

needs, such as deaf and hard-of-hearing students.
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Artificial intelligence opens new horizons for enabling sign language-based
communication, multimodal interaction, and more inclusive instructional design.
Error! Reference source not found. illustrates a general framework for building sign
language systems for Al-powered educational applications. It illustrates the basic steps,
from input method to feature extraction and learning architecture, and finally to sign
language representation or translation. This section reviews recent studies exploring the
role of Al in educational settings, with a focus on systems designed to enhance the

learning experiences of students with hearing impairments.
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Figure 2.2: A framework for developing sign language technologies used in

educational Al applications

(Cheng, 2024) Conducted pioneering how deaf and hard-of-hearing learners interacted

with Al tutors powered by large-scale language models and designed with different
teaching personas, their results showed that learners were more engaged and confident
when Al tutors reflected on their experience teaching deaf and hard-of-hearing learners,
highlighting the importance of cultural relevance and transparency in Al-based
instructional design. Integrating the Internet of Things (IoT) with augmented reality AR
to create an Al-powered learning platform specifically designed for deaf users is
cutting-edge technology in education in general and special needs education in
particular (Alrashidi, 2023).

(Arroyo Chavez, 2024) Demonstrated the use of large language models LLMs in

personalized interpretation, their system allowed for more accurate and contextually
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appropriate translations, directly addressing common barriers faced by deaf and hard-
of-hearing students when interacting with audiovisual educational content. Providing
an interdisciplinary perspective on sign language recognition, generation, and
translation, focusing on the technical and educational impact of Al systems in
supporting communication accessibility, the study discussed how these systems can
integrate into learning environments to empower learners with disabilities (Bragg et al.
2019). Stinson et al. (2022) explored the impact of training in messaging and
communication strategies on interactions between deaf and hard-of-hearing college
students in group work settings, in designated educational tools that support effective
interaction and equitable communication for learners with disabilities. Evaluated the
use of automated speech recognition ASR technologies to generate real-time
translations in higher education classrooms, but also emphasized the option of Al
systems to improve access to lectures in higher education (Butler et al. 2019). Camgoz
et al. (2018) presented one of the earliest end-to-end neural machine translation models
for sign language. The system was trained on continuous video data of sign language
users performing German Sign Language (DGS), and the inputs were translated into
spoken sentences. By leveraging deep learning architectures, particularly sequence-to-
sequence models with attention mechanisms, the study demonstrated the feasibility of
generating full-sentence-level translations directly from sign language videos. This
work laid an important foundation for subsequent research in sign language translation,
although it didn’t focus on educational applications or interactive feedback. To better
understand the reality of Al applications in educational contexts for the deaf and hard
of hearing, Table 3.2 provides a comparative analysis of the most significant studies.
Each study is evaluated based on the nature of the developed application, the
technologies used, the observed educational impact, and the identified research gap.
This structured overview allows us to track the successes of current efforts and the

remaining shortcomings.

Table 3.2:Summary of studies for developing sign language technologies

Study Application Impact/Findings Modality Gap ldentified
Developed

Cheng LLM-powered Tutors with experience working | LLMs, user | Limited to

(2024) Al tutoring with deaf and hard-of-hearing personas, perceptual
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system for the individuals were perceived as and analysis, lacks
deaf and hard- more trustworthy and effective | educational | integration with
of-hearing- by those who are deaf or hard chatbots. sign recognition,
aware personas | of hearing. or full
educational
feedback.
Alrashidi Al and Improved interactive loT+ AR No real-time
(2023) augmented experience with sign language tutoring or
reality AR prompts. assessment
platform for the features.
deaf and hard of
hearing e-
learning
(Arroyo LLM- Enhanced suitable accuracy and | LLM, such Focused on
Chavez, customized contextual adaptation. as GPT for media captions,
2024) closed captions. captions. not full
educational
interaction.
Bragg et al. | Framework for | Established an interdisciplinary | Mixed Al Lacks integration
(2019) SLR basis for Al use in sign recognition, | with feedback or
recognition language. generation, classroom
generation and and platforms.
translation. translation.
Stinson et Communication | Boosted team communication Massaging Not an Al-based
al. (2022) training model and equity for deaf and hard-of- | strategies application, but
for mixed deaf | hearing students. and interaction
and hard-of- qualitative training.
hearing. analysis.
Butler et al. | ASR system for | ASR helps with accessibility Automatic No sign language
(2019) captioning despite the accuracy limit. speech input or
university recognition. | recognition.
lectures.
Camgoz, et | Natural Sign Enabled sentence-level SLR Natural Doesn’t include
al (2018) Language translation with deep learning. machine personalized
translation translation educational
system. NMT. content.

As shown in the Comparative Table 3.2, existing research demonstrates various

attempts to apply Al to benefit the deaf and hard of hearing, starting with an LLM-
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powered tutoring system (Cheng, 2024). To augmented reality-enhanced e-learning
environments (Alrashidi, 2023). However, most of these systems either focus on
specific methods, such as closed captioning or automatic speech recognition, or address
isolated challenges, such as communication strategies or translation, without offering a

unified learning solution.

2.5 Recent Advances in VAE Architectures

Recent years have seen radical advances in VAE architectures applied to sign
language, with researchers moving from traditional models to sophisticated hybrid
architectures that integrate attention and reinforcement learning mechanisms. p-VAE
models represent one of the most notable developments, offering fine-grained control
over feature disentanglement through a f parameter that regulates the balance between
reconstruction accuracy and the level of abstraction in latent space (Wang et al., 2024).
The researcher suggests that combining transformer structures with VAE achieves
superior results in processing long movement sequences, as self-attention mechanisms
enable the model to capture long-range dependencies between different parts of the
linguistic movement (Havrylovych et al., 2023). This development is particularly
important in sign language, where linguistic units can extend across long temporal
periods and require a comprehensive understanding of context. The integration of the
attention mechanisms into VAE frameworks has proven highly beneficial for sign
language applications. Multi-head attention enables the model to focus on different
aspects of movements simultaneously, including hand shape, movement trajectory, and
facial expressions. This parallel processing capability significantly improves the

model's ability to capture the multi-modal nature of sign language communication.

2.6 Advanced Models and Contemporary Applications

Zhou and colleagues introduced the Signs as Symbols (SOKE) model, which
represents a paradigm shift in sign language generation using VAE(Zuo et al., 2024).
This model utilizes a decoupled tokenizer that converts continuous movements into a
token sequence representing distinct body parts, allowing for more precise and flexible
processing of motion data. The model also employs a multi-head decoder mechanism,
which enables the simultaneous prediction of multiple tokens, thereby improving

inference efficiency while maintaining effective information fusion across different
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body parts. SOKE architecture introduces several innovative components that address

long-standing challenges in sign language processing.

The decoupled tokenization approach enables the independent modelling of
different body parts while preserving their coordinated relationships through learned
attention mechanisms. This design philosophy enables the model to capture both the
hierarchical structure of sign language from finger movements to full-body gestures
and the temporal dependencies that characterize linguistic sequences. Furthermore,
Sinz and Bejarano developed an RVQ-VAE model specifically for the generative
processing of sign language poses, addressing the challenges of abrupt translations and
poor smoothness in sign language production(Cruz et al, 2024).

RVQ uses residual vector quantization techniques to improve reconstruction quality
and create more natural and soothing intermediate frames. The RVQ approach enables
multi-level quantization that preserves fine motion details while achieving efficient
compression. The RVQ-VAE methodology represents a significant advance in
addressing the temporal coherence problem in sign language generation. Traditional
VAE models often struggle to maintain smooth transitions between discrete poses,
resulting in unnatural or jerky motions that impair the clarity of the generated signs.
The residual quantization approach addressed this problem by learning hierarchical

representations that capture motion across multiple temporal scales.

2.7 Future Trends and Implications

Based on a critical understanding of pedagogical challenges and technological
advancements, the present study argues that the future of sign language technology in
education must go beyond simple classification or translation functions. There is an
urgent need for educational systems capable of interacting with deaf and hard-of-
hearing learners in real time in a pedagogically meaningful and culturally aware
manner. From a theoretical perspective rooted in the philosophy of inclusive education,
Al-based solutions must reflect students lived experience and actual needs, not as active
participants in constructing their learning environments. Based on the four main topics
discussed in the literature review: sign language in educational contexts, automatic sign
language recognition SLR, building specialized sign language datasets, and Al

applications in educational settings, several future trends and implications emerge:
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1. Advancing pedagogical integration of sign language: Despite increased
recognition of the importance of sign language in educational settings, studies
still lack concrete strategies for integrating sign language fluency into STEM
curricula. Future research should focus on designing a curriculum with teachers
of the deaf and hard of hearing and exploring how Al tutors can support
conceptual learning through both visual and textual media.

2. Enhancing real-time automatic sign language recognition: Despite improved
technology in SLR systems, many models are still limited to isolated signs and
lack contextual understanding. Future Directions must include advancing
continuous sign language recognition and exploring how ViT and transformer-
based models can capture the nuances of gestures, shared expression, and user
variation in real-time.

3. Developing representative and ethically collected sign language datasets: one
of the most challenging is the lack of large, diverse, and ethically sourced sign
language datasets, particularly in low-resource regions and dialects. Future
research must prioritize comprehensive data collection, community engagement,
and open sharing.

4. Creating intelligence and culturally responsive education systems: Despite
the introduction of Al tutors, most of them cannot dynamically adapt to the needs
of deaf and hard-of-hearing learners with special needs or provide specialized
educational support.

5. Bridging gaps across modalities: An important though still unexplored area is
the integration of gestures, speech, text, and visual low resources into a unified
multimedia learning platform. Future education systems must allow students to
navigate the learning process with flexibility, switching between educational
media as needed, with consistent content. As shown in Error! Reference source
not found. The proposed PSL-based framework reflects this shift by combining
a real-time sign language recognition engine with a STEM-oriented learning
environment. The use of vision transformers and vision language recognition
enables more accurate gesture understanding, while the integrated Al
infrastructure enables adaptive learning loops. This move toward closed-loop,
context-aware systems points to a growing focus on dynamic, personalized
learning for deaf and hard-of-hearing students. Particularly in underserved
linguistic areas, such as PSL.
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In response to these gaps, the proposed system introduces several novel contributions:
First, it isamong the earliest academic efforts to design an educational Al system based
on Palestinian Sign Language PSL, a language rarely, if ever, represented in current Al
datasets or research. This contribution directly addresses linguistic and geographical
gaps in the SLR literature, bringing long-overdue representation to the marginalized

community.

Second, the system goes beyond the traditional limitations of isolated gesture
recognition or simple translation. It provides a fully integrated, classroom-ready
environment specifically designed for STEM education, a significant improvement
over previous studies that focused largely on general communication without direct

alignment with the curriculum.

Third, the architecture leverages the Siamese-VIiT for accurate real-time gesture
recognition and large language models LLMs for dynamic, pedagogically relevant
dialogue. This dual integration enables the system to act as a contextual tutor, able to
understand student input, provide meaningful answers, generate follow-up questions,
and explain complex math and science topics through sign language. Unlike previous
work, which often treated sign recognition and learning as two separate fields, this
thesis presents a framework that combines SLR technology, natural language
understanding, and a comprehensive teaching methodology into a sign; therefore, the
prototype in the figure 2.3 presented here is not only of direct relevance to Palestinian
sign language speaking communities but also serves as a scalable, replicable model for

low-resource sign languages.
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Figure 2.3: Proposed Al-powered educational system for Palestinian Sign Language
(PSL), integrating real-time sign language recognition, vision transformers, and a

comprehensive STEM learning environment
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Chapter Three: Research Design and Methodology

3.1 Research Design

This study details the development of Sign Pulse, an intelligent system for
recognizing Palestinian sign language (PSL). The researcher employs an applied
development methodology guided by the principles of Design-Based Research (DBR),
a suitable approach for developing Al-driven educational technologies within authentic
learning contexts. The primary objective of Sign Pulse is to support the teaching of
STEM education for deaf and hard-of-hearing (DHH) students in grades one through
four, in alignment with the Palestinian curriculum. To practice the DBR farmwork, the
researcher implemented an iterative workflow modeled after the input-process-output
(IPO) cycle. This model consists of four interconnected stages that form a continuous
improvement loop. Importantly, the output from each stage is systematically analysed
and fed back into preceding stages. This feedback mechanism is central to the project,
enabling the progressive fine-tuning of system standards, the enhancement of the
model’s recognition accuracy of the model, and the effectiveness of educational

interactions by the Sign Pulse application.

The development cycle begins with Data Collection, where authentic PSL
classroom videos are recorded. These recordings undergo a preliminary Pre-processing
stage, Segmentation, Skeleton Extraction, and Expert Labelling to create clean,
machine-readable input. The researcher then uses a Variational Autoencoder (VAE) to
learn an unsupervised latent representation of hand movement dynamics. Based on this
embedding, a Siamese Vision Transformer (Siamese-ViT) is trained using a Triple
Loss. Enabling few-shot recognition of unseen signs. Once the sign is identified, its
corresponding interpretation is passed to a Large Language Model (LLM), which
generates an educational explanation or question tailored to the student's grade and
subject. The content is delivered in real-time, and students’ interactions in the
classroom (e.g., student responses) are captured as feedback. This feedback is looped
back into the pipeline either as mark corrections or as additional samples for the model
refinement, thus closing the iterative design cycle. As depicted in Error! Reference
source not found., the iterative workflow consists of four interconnected stages that

guide the development of the PSL-based educational system: Data Collection, Pre-
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processing, VAE Pretraining, Siamese-ViT Few-Shot Learning, LLM Integration, and
Classroom Interaction. It highlights feedback paths for label correction and model
refinement. This approach combines theoretical foundations with iterative practical
implementation.

Data Collection
PSL Video Capture

!

Pre-processing
Segmentation + Skeleton +
Labeling

I ™~

VVAE Pretraining
Latent Motion Encoding

!

Siamese-ViT
Few-Shot + Triplet Loss

K '\ Label Corrections

Sign Recognition
Return Gloss

l Model Refinement

LLM Integration
Generate Educational

Response

— _

Classroom Interaction
Student Feedback

Figure 1.3: workflow diagram illustrating the iterative

development cycle

3.2 Study Population and Sample

The study population consists of all DHH attending Palestinian schools in the West
Bank and the Gaza Strip across all grades. This population in Palestine represents a

significant and underserved segment within the national educational system, facing
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various challenges in accessing suitable learning educational content, particularly in
academic, mathematical, and scientific subjects, which require abstract explanations

delivered through spoken and written language (Khandagji et al., 2025a).

This population experiences a clear educational gap due to the lack of learning
resources adapted for sign language users and the scarcity of interactive, accessible
educational content in PSL (Khandagji et al., 2025b). These challenges necessitate the
development of Al-based education systems to bridge this gap and enhance
accessibility. Due to the applied nature of the study, the sample didn’t focus on human
individuals (students) but rather represented a set of PSL for mathematics and science
concepts, and general words used in the classroom. These gestures were developed and
recorded with the help of native sign language teachers and professional PSL
interpreters. The selected concepts are consistent with the official Palestinian
curriculum for primary school grades and cover basic areas such as numbers,
arithmetic, operations, geometry, shapes, measurements, states of matter, the five
senses, basic life science, energy, animal names, general vocabulary, and verbs

commonly used in classrooms.

The study seeks to develop a specialized Al application that meets their linguistic and
methodological needs. The researcher employs a purposive sampling strategy that
ensures both geographic diversity and gender equity. To highlight the magnitude of the
problem and justify the focus on students with hearing disabilities, the study relied on
recent official statistics. Data from the Palestinian Central Bureau of Statistics (PCBS)
indicate that the number of persons with disabilities in Palestine is estimated at
approximately 115,000 (2,1% of the population). In 2019-2020, the survey results also
show that approximately 12% of children (2-17 years) suffer from at least one
functional difficulty. UNICEF reports indicate that children with disabilities, including
those with hearing impairments, face severe marginalization and accumulated
educational challenges (UNICEF, 2023; ACAPS, 2024; Palestinian Central Bureau of
Statistics, 2022). Based on these findings, the percentages for different types of
disabilities were compiled and formatted in Figure 3.2 shows the types of disability

among children in Palestine.
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3.2.1 Target Population

The target group includes all DHH students enrolled in Palestinian schools in the West
Bank and Gaza Strip, at all educational levels (grades 1-12), including comprehensive
government schools and specialized institutions affiliated with the Ministry of
Education and Higher Education. The basic distribution is based on the ministry's
administrative statistics (2023/2024). According to the national population, DHH
students in 2025 are estimated at approximately 2741 students, of whom approximately
963 are deaf, and the remainder are hard of hearing (partial hearing loss). At this stage
of the Sign Pulse assessment, statistical inference is limited to grades one through four,
and the sample frame for these grades in 2025 is approximately 963 students.

3.2.2 Sample Frames

The sample frame, restricted in this phase to grades one through four, is constructed in
three linked steps:

1. Administrative rosters: compile lists of Ministry of Education for 2023/2024

directories/school listing for DHH students in primary grades one through four
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across both inclusive public schools and specialized institutions (State of
Palestine, Ministry of Education, 2023).

2. School verification: the content selected school administration to confirm the
number of current eligible one through four grades students at DH, obtain contact
information for families (for approval and follow-up), and verify classroom and
technology readiness for Sign Pulse sessions.

3. One site record review: cross-check advisor, resources room records to apply
inclusion, exclusion criteria, remove duplicate entries, across sources, and

finalize the eligible list.

Multi-source frameworks provide an up-to-date and reliable basis for relative
stratification in the West Bank and the Gaza Strip, with one through four, and reduce
the likelihood of missing or duplicated cases. Where appropriate, within school
selection, the school may use systematic random or purposive procedures to meet

inclusion criteria (State of Palestine, Ministry of Education, 2023).

3.2.3 Sample Design

The researcher adopts a purposive mini-stratified two-stage design to maximize

diversity and preserve representatives within grades one through four:

Stage One: School selection. Schools are divided into four cells based on geographic
location (North vs South) and social context (Urban vs Rural). One school is selected
from each cell based on confirmed enrolment of DHH students in grades one through
four, administrative approval, and read lines for Sign Pulse sessions, such as space,
technology, and coordination.

Stage Two: in the school selection (partially balanced distribution), the goal of each
selected school is to reach approximately 10 students, DHH pupils with an appropriate
50:50 gender balance of about 5 boys and 5 girls, distributed across grades one through
four, with an enrolment of two to three pupils per grade to ensure curriculum coverage.
The study implements a pre-specified within-school replacement protocol confined to
the same stratum (school, gender, grade) using a prepared reserve list, whereby any
student unable to participate is replaced by a matching student from the same stratum
without changing the sample size or imbalance (Lynn et al., 2004;Demarest et al.,
2022).
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3.2.4 Sample Size Determination and Statistics Power Analysis

Determining the appropriate sample size is a very important methodological factor in
quantitative research design (Cohen, 1988). For the current phase, one through four
grades, the working population is estimated at 963 pupils nationwide (Ministry of
Education, 2023).

Phase One: Estimating the initial sample size (infinite population Cochran model),
using the Cochran formula for proportions, Cochran at 95% confidence. p=0.50 and

margin of error ¢=0.10, (Cochran., 1977):

_ z?p(1-p)_ 1.962% 0.25
0~ e? 0.102

~ 96 (3.2.1)

Phase Two: finite population correction (FPC). Adjusting for N = 963.

— M __9%
n= Sme o 87 (3.2.2)

Phase Three: Allowance nonresponse/ attrition allowance. Applying a pragmatic 10 to
15% allowance brings the final target back to n= 96, while maintaining the design
precision, while accounting for the expected field loss. The selected sample size (n=96)
provides sufficient statistical power (1-p > 0.80) to detect medium effect sizes (Cohen's
d >0.50) at a = 0.05, consistent with Cohen's (1988) criteria for behavioural research.
The following Table 1.3 illustrates the Population Sample and Sample Size
Calculations, and Table 2.3 shows the Mini Stratified Sample Design based on the

Ministry of Education 2023 data sheets, with clear statistical and methodological

criteria.
Table 1.3. Population Sample and Sample Size Calculations

Item Value

Study population (current evaluation phase) All DHH students in grades one through four in
Palestine schools (Westhank Gaza).

Baseline/ reference year Ministry rosters 2023 with a + 7% operational
update for 2025.

Sample frame (N) ~ 963 students

Confidence level (z) 95% (1.96)
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Assumed variance (p) 0,50

Margin of error (e) +10%

Intimal size (Cochran, n,) ~ 96

Finite population correction (FPC) ~ 87

Expected attrition (10-15%) Planned minimum target =~ 96
Implemented the sample in phase 1 ~ 40 pupils.

Table 2.3: Mini Stratified Sample Design

Item Value

Number of selected schools Four schools via a four-cell stratification: North-Urban, North-
Rural, South-Urban, South-Rural

Pupils per school 10 (total = 40)

Gender balance Five males and 5 females per school (50:50)

Grade distribution within the Two to three pupils per grade to ensure curriculum coverage.

school

HoH / deaf representation Preserving the school's actual deaf mix where feasible

Replacement protocol Within stratum replacement (same school, grade, gender).

3.2.5 Data Collection and Annotation

Data collection represents the foundational steps of the study, as it ensures the model is
trained on high-quality, representative samples of PSL gestures specific to the STEM
domain. The following section outlines each stage of data preparation. From raw video
capture to data formatting for model training. Each process was carefully selected to
ensure clear gestures, ensure consistency, and enhance model robustness. Video data
were collected under controlled environmental conditions to ensure consistency across
samples. Certified PSL interpretation was videotaped during the performance of 434
sign-specific movements. The videos were stored at high resolution to enable accurate

feature extraction and subsequent normalization. Table 3.3 below summarizes the tools
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and components used to collect and annotate the dataset. The figure of the sample of

images from the video sign.

Table 3.3: Collecting PSL STEM Videos

Tools/ components

Descriptions

Justification

PSL-STEM dataset

A 434-video dataset of PSL Provides curriculum-aligned,
gestures representing STEM sign-specific data for training
concepts. the recognition model.

Expert’s sign language

Certified PSL interpreters for Ensures linguistic accuracy and

gesture recording and cultural appropriateness
validation

Controlled video setup Consistent background, Improves input quality and
lighting, and camera angle. minimizes variability in
1280*720 for precise spatial training data.

representation.

The following Table 4.3 presents the labeled dataset used in the study. It indicates the

categories of the signs, the number of samples for each category, and a brief description

of the corresponding PSL categories.

Table 4.3: PSL -STEM Videos

category Number of samples | Description

Math 57 Sign-related mathematical concepts such as
numbers, operations, and shapes.

Science 84 Video signs for scientific concepts such as
body parts and animals.

General word in the Signs for common classroom words like

classroom 22 book, hello, teacher, and class

Verbs 142 Signs representing different actions used in
daily life and learning,

Location 64 Signs indicating various locations.

Colour 16 Signs representing basic colours.
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Alphabet 65 Signs representing letters of the Arabic

alphabet for learning and communication.

The following Error! Reference source not found. illustrates actual samples of PSL
signs included in the dataset. These signs represent STEM-related concepts and were
implemented by PSL experts and trained volunteers under controlled conditions. Each
sign has a distinct hand shape, movement, and spatial orientation of the characteristic

signs, providing high-quality visual data for model training and evaluation.

owl-dog think-)Sa

addition-ge> blue-a,);l

Figure 3.3: Samples of PSL signs performed by experts and volunteers

3.3 Model Development and Workflow

This section details the model development and computational workflow for the Sign
Pulse framework. The pipeline is designed to transform raw PSL video sequences into
compact, discriminative embeddings, followed by similarity-based classification and
adaptive response generation. The workflow begins with data preprocessing, proceeds
through representation learning using a VAE to obtain structured latent vectors, and
then metric learning is applied via a Siamese-ViT optimized with triplet loss and hard
negative mining. To scale the system, recognition outputs are integrated with
augmented generation (RAG) modules, where top-k compatible segments are retrieved

using FAISS and fed into a GPT-4 for caption synthesis. This design ensures that the
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workflow covers all computational stages, from raw multimodal inputs to system-level

semantically meaningful outputs.
3.3.1 Data Pre-Processing

Efficient processing of video inputs is critical for accurate real-time recognition. Error!
Reference source not found. 5.3 shows the tools used to process video input streams
and standardize frames before feeding them into the model for the interface. Ensuring
consistency of visual input is critical to achieving high-quality gesture segmentation

(Koller et al., 2019a). The preprocessing involves three stages:

Table 5.3: Video Input and Processing

Tools/ components Descriptions Justification

Frame extraction service

Converts uploaded/ streamed
video into processed image

frames.

Prepares data for model
inference by standardizing

inputs.

Normalization and resizing

Frames resized to 224*224,

Matches model input specs,

normalized pixel values. improves consistency.

Stage One: Key Point Extraction using Media Pipe

The recorded videos are processed using the Media Pipe Pose and Hands model to
extract six key Points from the arms (shoulders, elbows, and wrists on both sides).
Meanwhile, the Media Pipe Hands model extracted 21 key points from each hand,
totalling 42 points. These 48 landmarks were transformed into a 3D (60, 48, 3) tensor
to represent spatial motion across 60 frames per sequence. The Media Pipe is known
for its real-time accuracy and robustness in human pose estimation (Lugaresi et al.
,2019). Error! Reference source not found.illustrates the key points detected by the
pose estimation model for a sample of signs. Each blue dot represents a joint, while the
red markers indicate key reference points used to align motion paths. These coordinates
are from the basic input for the VAE model. Allowing it to learn the spatial and

temporal relationships of hand and arm movements in pointing gestures.

Stage Two: Data Segmentation
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After extracting frames, segments of the sign are isolated to remove irrelevant content.
Each segment is trimmed to include only the sign duration, with padding added where

necessary to achieve a uniform sample length.
Stage Three: Normalization and Standardization Frames

Due to varying video length, each sequence was standardized to 60 frames using linear
interpolation. For shorter clips, the last frames were duplicated to match the desired
length. All x-coordinates and y-coordinates were normalized to [0,1] to scale based on
a resolution of 1280*720, enhancing model convergence and generalization (Xie,
2021).

0o Sign: position - Frame 29/60

0.24

0.44

0.6 4

0.8 4

1.0

0.0 0.2 0.4 0.6 0.8 10

Figure 4.3: Key points extraction visualization for sign gesture frames

3.3.2 Data Splitting

The final dataset included 434 distinct gesture categories, each captured using high-
quality video recordings. Filming was conducted in a controlled environment with
standardized lighting, background, and camera angles to ensure data quality and
consistency in deep learning processing. All recordings were linguistically validated to
preserve the integrity of PSL grammar and expression. For training and evaluating the

model, the data were divided into three groups as follows:
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1. Training set: 80% of the total samples are used to train the model to recognize
signs.

2. Validation set: 10% of the total samples, used during training to fine-tune the
model parameters and avoid overfitting.

3. Test set: 10% of the samples, dedicated to evaluating the performance of the final
model on unseen data. The data partitioning follows standard best practices in
deep learning-based research (Goodfellow, 2016). Ensuring that the model can
be generalized and accurately evaluated.

3.3.3 Data Augmentation.

To increase the diversity of data and avoid sequence, ten augmentation spatial
transformations were applied independently to the arms and hands. These include
rotation (x15 ° for arms, £20 ° for hands), scaling (x10 %), and transformation (£2°-3
% of frame size). Each transformation was applied frame by frame to maintain motion
integrity. The augmented data was cropped to [0,1] and stored in .pt format. Data
augmentation is a fundamental strategy in deep learning, allowing training datasets to
be expanded through transformations that preserve the original labels, thus enhancing

the model’s ability to generalize to unseen data (Xu, 2023).
3.3.4 Automation Scripts and Storage

The entire data pipeline was automated using Python scripts. OpenCV was used for
video processing (Bradski, 2000). NumPy for numerical computations, and PyTorch
for tensor generation and model input formatting (Paszke, 2019). Key scripts included:

e Extract arm and Hand marks: extract 48 key points per frame.

e Save_tensor converts the landmark sequence into PyTorch tensors.

e Augment sequence applies randomized augmentations.

e Process_all_videos automates batch processing of input videos.
3.3.5 Thermotical and Research Improvements

Furthermore, the decision to fix the sequence length at 60 frames is based on
previous research that emphasizes the importance of maintaining sufficient temporal

granularity to capture gesture transitions while improving training efficiency
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(Simonyan, 2014). Additionally, the use of spatially separated augmentation for arms
and hands is consistent with practices in multimodal gesture recognition, where
isolating body components improves the model’s sensitivity to subtle motion
variations(Yang, 2022). Storing the processed sequences in .pt format enables PyTorch
to integrate efficiently with deep learning workflows, facilitating seamless GPU access,
faster loading times, and improved tensor management during model training (Raschka
et al., 2022). Together, these strategies represent best practices for implementing
preprocessing in gesture-based Al systems, balancing data accuracy and computational

feasibility.

3.3.6 Evolution of Pre-processing Adequacy

The preprocessing adapted in this study is consistent with best practices in gesture-

based Al systems. Its design can be justified based on the following scenarios:

1. For non-technical: each preprocessing step improves the clarity and consistency
of gestures. For example, frame standardization to 60 frames ensures consistent
input across samples, while spatial enhancements reflect variations in real-world
gesture pronunciation.

2. For computer science evaluators: the Pipeline includes state-of-the-art- art tools
— Media Pipe for extraction, PyTorch for tensor coordination, and amplification
techniques to optimize data utilization and reduce overfitting. These methods
reflect widely accepted approaches in current research (Yang, 2022).

3. For reviewers and replication auditors:

e All implementation and configuration files were developed and maintained in
a private repository, following open-source best practices such as version
control, reproducibility, and full documentation of library versions and fixed
random seeds.

e A pre-processing ablation study that removing skeleton smoothing increases
verification loss by 21% and removing temporal padding reduces top one
accuracy by nine points, empirical evidence that each component contributes

measurably to performance.
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e Quality control (CSV) logs document each discarded or reprocessed clip,
allowing auditors to trace the data lineage from raw MP4 to model-ready

tensor.

3.4 Recognition Model

Recognizing and interpreting PSL in an educational context represents a multifaceted
computational challenge, requiring a sophisticated approach to machine learning
architecture design. This research proposes a novel hybrid modelling framework that
strategically integrates two complementary deep learning models: the Variational
Autoencoder (VAE) for unsupervised representation learning, and the Vision-to-
Siamese Transformer -VIiT for few-shot classification. This architectural synthesis
addresses the fundamental limitations of current sign language recognition systems

while laying a solid foundation for educational applications targeting DHH learners.

3.4.1 Theoretical Foundation and Motivation

The theoretical motivation for this hybrid approach stems from a comprehensive
analysis of the challenges inherent in sign language processing. First, multidimensional
skeletal motion data, which features a temporal sequence of joint coordinates across
multiple body parts, requires sophisticated dimensionality reduction techniques that
preserve semantic information, noise, and redundancy (Koller et al., 2018b) Second,
the scarcity of labelled training data for most sign classes, especially in resource-limited
languages like PSL, requires learning models that can generalize effectively from
limited examples (Camgoz et al., 2018). Third, temporal and spatial variation in sign
execution across different signers requires robust, distinctive representations that
capture the underlying linguistic content while remaining invariant to individual

stylistic variations (Adaloglou et al., 2021).

The proposed hybrid framework addressed these challenges through a two-stage
learning process that leverages the complementary strengths of unsupervised
representation learning and metric-based classification. The VAE component acts as a
powerful feature extractor that learns compact, semantically rich representations of
motion sequences without the need for labelled data. The unsupervised learning phases

allow the model to capture the underlying structure of sign language movements,
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including the temporal dependencies, spatial relationships, and motor patterns that
characterize meaningful gestures (Kingma et al., 2013a). Sequentially, the Siamese-
VIiT component then operates on these learned representations to perform concise
classification through similarity-based learning.

This approach is particularly suitable for sign language recognition, where the
goal is not to classify isolated signs, but rather to understand the relationship and
similarities between different gestures within the broader linguistic context (Koche et
al., 2015). Integrating the Siamese-ViT architecture brings the benefit of attentional
mechanisms to sign language processing, allowing the model to focus on the most
discriminative aspects of movement sequences while maintaining awareness of global

context.

3.4.2 Philosophy of Architecture and Design Principles

The architectural design of the proposed hybrid system is guided by several
fundamental principles that reflect theoretical considerations and practical requirements
for applications. The first principle is hierarchical representational learning, which
recognizes that understanding sign language requires processing information at an
abstraction, from simple joint movements to high-level semantic concepts
(Dosovitskiy, 2020). The VAE component implements this principle by learning a
hierarchical encoding that progressively abstracts motion features through multiple
layers of temporal convolution. The second principle is modular configurability, which
ensures that each component of the hybrid system can be independently improved,
replaced, or upgraded without affecting the overall architecture (Vaswani, 2017). This
design philosophy facilitates iterative development and allows for the integration of
future developments in deep learning while maintaining system stability and
performance. The third principle is educational adaptability, which focuses not only on
the accuracy of sign recognition but also on providing personalized context-aware
feedback that matches each learner’s needs and progress (Contrino, 2024). This
principle influences the choice of architecture and the design of integration of
mechanisms between components, ensuring that the acquired representation can be
effectively utilized in the generation of educational content and providing personalized
feedback.
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3.4.3 Integrating Strategies and System Architecture

The integration of VAE and Siamese-ViT components follows a carefully
designed strategy that maximizes the synergistic benefits of both architectures while
minimizing potential conflicts or duplications. Integration occurs at multiple data flows,
feature sharing, and joint optimization, creating a cohesive system that leverages the
strengths of both models. At the data flow level, the system implements a sequential
processing pipeline, where VAE encoders first process raw skeletal motion sequences

to generate compressed latent representations.

These representations are input to the Siamese-ViT, which performs similarity-based
classification and generates confidence scores for different sign classes. This sequential
approach ensures that a computationally expensive feature extraction process is
performed only once, while the classification component can efficiently handle
multiple compression operations. Feature sharing between components is implemented
through a shared embedding space that serves as an interface between the VAE and
Siamese components. The VAE encoder is trained to produce representations that are
not only efficient for reconstruction but also suitable for downstream classification
tasks. Hybrid system optimization involves a sophisticated training protocol that
interleaves unsupervised VAE training with supervised Siamese network training,
incorporating fine-tuning phases to optimize the entire system from start to finish. This
approach ensures that both components. Contribute effectively to the overall system
performance while preserving their individual strengths and capabilities.

3.4.4 Variational Autoencoder Architecture for Temporal Motion Encoding

Variational autoencoder represents a sophisticated approach to unsupervised
learning that combines the representational power of neural networks with the
probabilistic framework of variational inference (Doersch, 2016). In the context of sign
language gesture coding, VAE techniques offer several important advantages over
traditional dimensionality reduction: the ability to learn nonlinear mappings, generate
new samples from the learned distribution, and provide uncertainty estimates for the

encoded representations.
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3.4.4.1 Theoretical Foundation

The theoretical foundation of VAE is grounded in principles of variational
inference and deep learning, where the model attempts to learn a latent probability
distribution P(Z) from which the original data can be reconstructed with maximum
accuracy(Rezende, 2014). In the context of sign language, the latent space represents a
mathematical abstraction of underlying linguistic gestures, enabling the model to
distinguish between gestures with linguistic meaning and random movements or visual
noise. Before delving into the technical details of the model's architecture, it's helpful
to provide a simplified visual representation that captures the core functionality of the
VAE. This model encodes the input data into a probability distribution in a latent space,
then samples it to reconstruct the original sign in a compact and structured form. To
enable efficient and differentiable sampling of the latent space, VAE employs the
reparameterization trick (Rezende et al., 2014), which allows the model to generate Z +
u.o €, where ~ e~ N(0,I). This formulation supports gradient-based optimization
through the sampling step, making end-to-end training feasible. The encoder network
outputs parameters u and o for the approximate posterior ¢ (Z | X), and the decoder
reconstructs the original input X from a sampled latent variable Z. VAE is trained by
evidence-based minimum likelihood maximization (ELBO) on the marginal log-

likelihood log® (X') balancing reconstruction fidelity and latent regularization:

DKL(q(z 1 x) I p(2)) — Eq(z | x)[logp(x | 2)] < logp(x) (3.4.1)

Consequently, the loss function is defined:

Lyae(x) = —E4 (z 1 x),[logp(x | 2)] + D, (q(z | x) I p(2)) (34.2)

Where:

e q(z | x): The approximate posterior distribution learned by the encoder.

e p(x | z): The decoder models have the likelihood function p(x | z).

e N(0,I) ~ p(2)): the prior distribution over the latent variables.

e E, (z1x): Donate the expected value under the approximate posterior

o Dy;: Kullback-Leibler spacing, which measures the distance between the
acquired posterior and the prior.

e Lyap(x): The total VAE is to be minimum.
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Using this objective ensures accurate reconstruction while encouraging(q(z | x)to
remain close to the previous normalized level ~ p(z)N(0,I), resulting in a smooth,
semantically organized latent space, particularly useful for modeling sequential motion
data. Recent peer-reviewed studies have employed VAE variants in sign language and
gesture context, demonstrating both modality alignment and disentangled
representation learning. For example, Zheng et al. (2023) introduced SLR, a VAE-
based alignment module that integrates visual and textual media into a common latent
representation, yielding performance that exceeds previous sign stream and multi-
stream baselines in SLR. Similarly, Zhao et al. (2024) propose CV-SLT, a conditional
VAE architecture for sign language translation that aligns sign video and target text via
two KL spacing losses, enhancing media coherence and achieving state-of-the-art
results on PHOENIX14T and CSL landmarks daily. The procedure of the VAE training
is provided in the Algorithm, see Appendix A.

3.4.4.2 Input Representation:

The input of the VAE consists of Skeletal motion sequences with shape (T, J,C)
where T represents the temporal dimension (60 frames), J represents the number of
joints (48 key points), and C represents the coordinates dimensions (2D coordinates).
Each frame is initially flattened to create a vector of size J*C=96 dimensions, which is
then processed through a fully connected normalization layer that standardizes the input
distribution and reduces the effect of scale variations across different recoding
conditions. The normalization process includes both temporal and spatial components.
Temporal normalization ensures that motion sequences are aligned to a common
temporal reference frame, while spatial normalization considers differences in sign
position, scale, and direction, which are extrinsic factors related to the recording
conditions. The VAE encoder encodes the PSL key points into a z-latent representation.
This representation serves two purposes:

1. Reconstruction through the VAE decoder to ensure a meaningful latent encoding.
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2. Projection into a triplet loss optimized embedding space in a Siamese-ViT setting
for metric classification. Figure 5.3 illustrates the hybrid Architecture of the

proposed methodology.

Input Video Frames (Keypoints)

|

VAE Encoder (Conv1D + FC)

l

Latent Representation z

/ S

VAE Decoder (Reconstruction) Embedding Projection Head

|

Triplet Loss Optimization
(Siamese VIiT)

Figure 5.3: Workflow of the proposed VAE-Siamese Hybrid

Architecture.

3.4.4.3 Encoder Network

The temporal encoder implements a multi-scale conventional architecture that
captures motion features at different temporal resolutions. The encoder consists of four

main stages, each applying a different level of temporal abstraction:

1. Local motion capture stage: the first stage uses one-dimensional convolution with
small kernel sizes (3-5 frames) to capture local motion patterns and joint
velocities. This stage includes multiple parallel convolution paths with different
kernel sizes to capture motion features at different temporal scales
simultaneously.

2. Intermediate pattern recognition phase: the sconed phase uses larger kernel sizes
(7-11 frames) to identify intermediate movement patterns, such as gesture phases
and translation phases. This phase includes residual connections to preserve fine-
grained movement information while learning higher-level abstractions.

3. Global sequence modelling phase: the third phase uses larger kernels (15-21
frames) with extended convolutions to capture long-term temporal dependencies
and the global sequence’s structure. This phase is particularly important for

understanding the overall rhythm and timing of sign movements.
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4. Semantic abstraction stage: the final stage applies attention-based pooling
mechanisms that pool temporal information into a fixed-size representation
suitable for latent space projection. This stage incorporates both global average
pooling and learned attention weights to ensure a focused attention on the most

informative temporal regions.
3.4.4.4 Laten Space Design and Regulation

Laten space design is a fundamental element of VAE architecture, determining the
quality and usefulness of the learned representations for subsequent tasks. These spaces
are designed as a multidimensional continuous space, with carefully chosen dimensions
that balance representational capacity with computational efficiency. The encoder
network concatenates the processed temporal features into two parameter vectors: the
mean vector u € R™d and the logarithmic variance vector log 62 € R”d, where d
represents the latent dimensions (typically 128-256 dimensions).To enhance the quality
of learned representations for sign language applications, several specialized
regularization techniques are used based on recent developments in learning disjoint
representations (Cha et al., 2023). The orthogonal approach to latent space design has
shown significant improvements in learning interpretable and disjoint representations,

especially for complex sequential data (Mathieu et al., 2019).

3.4.45 Advanced Regularization Strategies

The researcher views that augmenting the VAE loss with disentanglement
regularization terms enhances the ability of latent dimensions to represent independent
variance factors in motion data, such as hard shape, motion trajectory, and temporal
dynamics. Based on the theoretical results by Mathieu et al. (2019), which demonstrated
that effective deconvolution requires a delicate balance between reconstruction quality
and regularization strength. The implementation involves incorporating the relevant
label and label-irrelevant dimensions, as proposed by Zheng et al. (2019), enabling the
model to distinguish between semantic content and stylistic variations in sign
execution. Experiments revealed that, in the absence of explicit partition, latent
representations tended to conflate semantic and stylistic factors, degrading few-shot

classification performance.
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The incorporation of the Zheng and Sun separation mechanism substantially mitigated
this issue. The disentanglement term was weighed by a coefficient 8, B set to 0.4; the
deconvolution parameter is selected via a grid search, and the few-shot classification
accuracy, and the value that provides the best trade-off is chosen. Temporal
Consistency  Regularization constraints that encourage similar underlying
representations of temporally adjacent motion segments, enhancing the smoothness and

coherence of representations.

This regularization is derived from recent work on learning temporal regularity in video
sequences (Hasan et al., 2016), which has shown that explicit temporal consistency
terms significantly improve the quality of learned motion representations. The
researcher also uses a semantic clustering regularization approach that encourages
semantically similar tags to cluster together in the latent space, facilitating subsequent
classification tasks. This approach is inspired by recent developments in metric learning
and deep learning, and deep clustering techniques that have demonstrated superior
performance in few-shot learning scenarios (Li et al., 2023).

3.4.4.6 Decoder Architecture and Reconstruction Strategy

The decoder network applies to a symmetric architecture that reconstructs the
original motion sequence from the latent representation. Decoding uses transpose
convolution and up-sampling operations to gradually increase the temporal resolution
while preserving the acquired motion characteristics. The reconstruction process
includes several specialized components designed for motion data, which incorporate
insights from recent work in neural sign language synthesis (Zelinka et al., 2020).
Temporal up-sampling module. These modules use learned interpolation functions to
generate smooth temporal transitions between reconstructed frames, ensuring that the

output maintains natural motion characteristics.

The up-sampling strategy employs adaptive temporal kernels capable of
handling varying motion speeds and acceleration patterns common in sign language.
Decoding includes ergonomic constraints that enforce realistic joint relationships and
the creation of impossible anatomical positions. These constraints are implemented
through differentiable kinematic models that maintain anatomical consistency while

allowing for natural variation in singing execution methods. The researcher uses motion
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smoothness regularization by augmenting the reconstruction loss with additional terms
that penalize abrupt changes in joint positions and velocities, thereby promoting natural
flow. This regularization is critical for sign language applications, where unnatural
motion artifacts can significantly degrade the perceived quality and authenticity of

reconstructed signs.
3.4.5 Loss Function Design

The loss function for the VAE component incorporates multiple terms that
address different aspects of motion representation learning. The primary objective is to
combine reconstruction accuracy with regularization terms that enhance the desired

properties of the learned representations (Kingma et al., 2013b).
3.4.5.1 Weight Reconstruction Loss

The researcher designed the reconstruction loss to account for the varying
importance of different joints in sign language communication, based on recent findings
in multimodal weighted sign language recognition (Liu et al., 2024). The hand and arm
joints, which carry essential linguistic information, receive higher weights than the

trunk or leg joints, which contribute to sign recognition:
Lyecon =2t =1toT)E(G = 1to ) w_j.ll x{t,j} —%- {t, j} |? (3.4.3)

Where w_j is the importance weight for joint j, with hand joints receiving weights of
1.0, arm joints receiving weights of 0.7, and other joints receiving weights of 3.0
(Matsune et al., 2024).

The researcher applies the KL divergence to the learned latent distribution to
approximate a standard Gaussian prior, which enhances regularization and enables the
generation of new samples. Following the seminal work of (Kingma et al., 2013c). This
regularization component is incorporated into the VAE objective function to ensure that
the approximate posterior distribution remains close to the prior distribution (D. P.
Kingma, 2017).

Ly, = DK(Qy(zix) | N(0,1) = (%) 2(i=1tod)(1+loga I? — uI? o I?

(3.4.4)
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In this study, the researcher calculates the KL divergence limit using the closed-
form solution of multivariate Gaussian distributions, as derived from the original VAE
framework (Kingma, 2013). The researcher argues that this regularization limit serves
multiple vital purposes in the PSL recognition system. By adopting this approach, the
researcher was able to prevent the encrypted encoder from learning random mappings
by constraining the structure of the latent space, enabling useful interpolation between
different sign representations, and facilitating the generation of new sign variations by
ensuring that the latent space follows a known distribution (Odaibo, 2019). During
experimental validation, the researcher observes that this KL organization was
necessary to maintain the semantic structure of the study underlying sign language
space, allowing smooth transitions between similar signs and preventing mode collapse

during training.
3.4.5.2 Implementation of Time-Consistency Loss

The researcher incorporates an additional temporal consistency term into the
VAE loss to enforce coherent representations across adjacent motion segments in sign
language sequences. Specifically, this loss penalizes large deviations between latent
embeddings z; and z;,; of consecutive frames, based on recent developments in
spatial-temporal consistency regularization (Wang et al., 2020), and learning temporal
regularity in video sequences (Hasan et al., 2016a):

Ltemporal = Z'{:_% |z — Zt+1||2 (3.4.5)

Here is Il z, — z.,,||*donte the square of the Euclidean distance (L2 penalty). The
researcher's practical application to temporal consistency loss was inspired by the work
(Hasan et al., 2016b) , who demonstrated that explicit temporal consistency terms.
Significantly improve the quality of learned movement representations. The researcher
proposes to modify the approach specifically for PSL movement sequences, applying a
sliding window mechanism that computes the L2 penalty between consecutive
representations within each sign sequence. In the proposed methodology, the researcher
argues that this temporal organization was crucial for maintaining the natural flow of
sign language movement; without this term, the model tended to produce discontinuous
latent representations. Which would fail to capture the smooth transitions inherent in

natural signs. The researcher implements this loss with careful attention to preserving
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important transitions while avoiding over-smoothing, following recent advances in

video representation learning (Yang et al., 2020; Zhang et al., 2019).
3.4.5.3 Combined Objective Function Implementation

The researcher formulates the complete VAE objective function by combining all
loss components with carefully tuned weighting parameters. Adhering to the B-VAE
framework (Higgins et al., 2017) and incorporating the latest advances in balancing
reconstruction accuracy with regularization robustness, the final objective is defined as
(Asperti et al., 2020):

Lyag =M Lrecon T A2 Ly + }‘3-£temporal (3.4.6)

Where:

e A, = 1.0 (Reconstruction weight).
e A, = 0.1 (KL divergence weight).
e A3 = 0,05 (Temporal Consistancy Weight).

Each component is evaluated individually and then jointly validated on an excluded set
of the chosen parameters to achieve the optimal balance between accurate motion
reconstruction and a well-structured latent space. The following Error! Reference
source not found.illustrates VAE for the encoder temporal. A probabilistic encoder
maps an input sequence x to latent parameters (u, o) . A latent code z is obtained by
reparametrizing Z + u. o €, and a probabilistic decoder reconstructs the original input

X. This design enables a smooth representation of the latent space while disentangling

Latent Space

Input x

/——P Mean p
—| Probabilistic Encoder \
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the motion properties.
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Figure 6.3: VAE for Encoder Temporal

Before presenting the details of the parameter outlines, the overall

experimental framework. In a tabular form, the researcher first explains the general

framework, testing, and evaluation procedures. This includes defining the search ranges

for the VAE loss weights (A4, A,,A3). Specify the training protocol and validation

methodology (dataset size, metrics, and optimized settings) and describe the final

selection criteria based on an aggregated score that balances reconstruction accuracy

and temporal consistency while avoiding subsequent collapse. Table 6.3 presents the

hyperparameter search ranges for each choice, Table 7.3 presents the main model

architecture hyperparameters, and Table 8.3 details the VAE loss components and their

associated weights. Table 9.3 describes the training protocol and dataset settings.

Table 6.3: Hyperparameter Search Ranges

Hyperparameter Candidate values Justification

A 1.0 (fixed) Standard B-VAE baseline for
remonstration weighting.

A, 0.01, 0.05,0.1,0.2,0.4 Explore light, strong KL
regularization to prevent collapse
without including blur

A3 0.01, 0.03, 0.05, 0.08,0.1 Covers low to moderate temporal
smoothing for dynamic motion
capture

Table 7.3: VAE Model Architecture Parameters

Component Parameter Value Description

Original input T: Number of frames, J: joints, and

shape T=60,j=48, c=2 C: coordinates per sample.

Processed feature T=60, F=96 After flattening, input the reshape

size layer.

Latent 64 Size of z vector

dimensionality
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Encoder

convolution stages

96—96— 128—128 filters

5 convld+RelLU+ MaxPool blocks

Decoder up-

sampling stage

Scales [*2, *2, *2, *2, *2, to size 60]

Nearest neighbour up-sampling
with convld+RelL U

FC heads (latent

fc_u:128—64, fc_logvar:128—64

Liner projection for reshape and

params) latent parameters
Table 8.3: Loss function components and weights
Loss term Hyperparameter Code default Justification

Reconstruction
(weighted MSE)

Hand weight, body
weight, scale factor

Masked MSE*1000

Emphasizes hand key points

(Whana=3, Wpoay=1) for sign fidelty

KL divergence KL (weight) 100 Strong regulations to enforce smooth
latent, prevent over-collapse at moderate
B.

Data clipping threshold | Clip threshold 0.05 Remove sensor noise below the
threshold

Hand-point importance | Left/ right hand 3.0 Triples the weight on hand joints to

mask prioritize sign articulation.
Table 9.3: Training protocol and dataset

Aspect Value Rationale
Batch size First GPU memory while ensuring stable

32 gradients.
Number of epochs 100 Sufficient for convergence without overfitting
Optimizer Adam Learning rate 1*10-4, 8, 0.9, 3,-0.999
Validation spilt 20% of data Standard hold out for monitoring generalization
Data clipping [x]< 0.05—0 Filter small magnitude noise
Hardware Single GPU (NVIDIA RTX 2080) | Enables the timely training of sequence models
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3.4.7 VAE-Baked Siamese Network for Few-Shot PSL Recognition

Siamese are an effective model for learning similarity measures between data samples,
especially in cases where labelled training data is scarce. A recent comprehensive
survey on deep metric learning has demonstrated that Siamese networks are
fundamental architectures for few-shot learning applications (Kaya et al., 2019).
Siamese networks learn as a military measure by mapping the inputs to an embedding
space, where semantically similar samples are distant. The idea originated in signature

verification, where twin networks share weights (Bromley et al., 1993).

The researcher adopts a metric learning paradigm using Siamese networks to learn a
function that maps inputs into an embedding space, where semantically similar samples
are close together, and dissimilar samples are far apart. This approach builds on early
work on the “twins’ network” for signature verification and on modern metric
objectives such as constraining and triplet losses. It is chosen for its suitability for few-
shot settings, where decisions at test time can be based on nearest neighbour or
prototype comparisons rather than a fixed SoftMax for all classes. In the methodology
pipeline, this stage corresponds to the “VAE pretraining and Siamese-ViT, Few-
Shot+Triplet loss”, which occurs after data collection and preprocessing, before the
sign recognition module. The pseudocode of the Few-Shot is provided in Algorithm

A.3 Rationale for Using Metric Learning in Sign Language Recognition.

Sign language recognition (SLR) faces several inherent challenges, including
limited labelled data with examples illustrated for each class, and complex temporal
dynamics such as differences in sign speed, movement patterns, and trajectory (Rao et
al., 2024). Inter-signer variability, where differences in hand shape, movement, and
sign style can significantly impact recognition accuracy (Zhao et al., 2023). Metric
learning addresses these issues by reusing learned structures from relevant classes
(Zheng et al., 2023), and enabling generalization to unseen classes through distance-

based reasoning in the learned embedding space automatically (Mokin et al., 2025).

3.4.7.1 VAE Backbone for Latent Motion Encoding

The researcher utilizes a pre-trained VAE as a common backbone to embed the

motion sequences into a compact latent space suitable for metric learning. The encoder
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transforms each input sequence x into two parameter vectors, the mean p and the log

variance vector logo?: encoder(x) = (u,logo?).

In this study, the researcher uses only the deterministic p that are extracted from the
VAE model, avoiding the random sample Z = u + 0. €, to ensure consistent distances
between representative vectors across different stages, which enhances model stability
in distance learning applications (Zheng et al., 2023). Regarding the training
methodology, the researcher trains the VAE model using ELBO objectives, which
enables the generation of a smooth, semantically organized latent space that allows for
the representation of sign motion sequences in structured, stable layers. To further
disentangle motion-related factors from signer-specific characteristics, the researcher
employs a B-VAE version that adds double weight to the contribution for scatter
information within the latent space, contributing to the enhancement of representations

of motion features apart from the performer (Tasyurek et al., 2025).

The VAE encoder outputs a 64-dimensional latent vector, which is subsequently
processed by a lightweight embedding header that maps 64 « 32 « d (default d = 16)
with ReLU enabled and dropout (0.3). This dimensionality reduction ensures
compatibility with the Siamese metrics learning phases while preserving the most

discriminative motion features.
3.4.7.2 Metric Learning Stage Using the Siamese-ViT

After obtaining embedded motion embedding from the VAE encoder, the
system feeds this representation to a Siamese-ViT to perform metric-based similarity
learning. Siamese-ViT architectures have well-established experience in low-data
systems due to their ability to learn pairwise relationships without the need for extensive
class-specific training (Koch, 2015). In the proposed framework, both branches of the
Siamese network are designed to share the identical backbone of the ViT, thus ensuring

that features are extracted and transformed uniformly across input pairs.
3.4.7.3 Based Pairwise Encoding

The VIT processes temporal motion patches, each representing a fixed-length

subsequence of skeletal joint coordinates. This temporal motion patching maintains
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local motion continuity while allowing self-attention layers to model long-range
dependencies between different motion phases (Chen et al., 2022). Learnable positional
embeddings are added to each patch embedding to retain temporal ordering, a crucial
factor for sign language recognition.

3.4.7.4 Contrastive Metric Objective

The Siamese network istrained using atriplet loss formulawithstrict negative
miningtomaximizeclassseparabilityandminimizeinter-classvariance (Schroffetal,,
2015). For each positive-negative tripletofanchor, themodel enforcesamargina,
between thedistances of positiveand negative pairsintheembedding space. Recent
studieshaveshownthathard negative samplingsignificantty speedsupconvergence
andimprovesdiscriminationinmation-based metriclearming (Wangetal, 2018). The
pseudocode of the triplet loss is provided in A1(Appendices
Appendix ) Joint Optimization with VAE Unlike traditional standalone Siamese
models, our architecture optimizes both the VAE and the Siamese ViT encoder
simultaneously during the fine-tuning phase. This joint training aligns with the latent
space structure, sharing a similar objective, and yields more robust embeddings for
unseen sign classes (Ishfaq et al., 2018). Furthermore, this alignment facilitates rapid
learning by enabling adaptation to new signs using simple support samples.

3.5 Integration with LLM and Retrieval Augmented Generation

Language tokens are fed into a large language model (LLM) specification GPT-
4 for context-sensitive interoperation and response generation. The LLM acts as a
pedagogical agent, capable of generating educational explanations, formulating
domain-specific questions, and engaging the learner in adaptive dialogues tailored to
the recognized concept. Recent studies have demonstrated the effectiveness of LLMs
in augmenting multimodal pipelines for educational applications, particularly in STEM
learning environments for students with disabilities (Kasneci et al., 2023a). To base
responses on curriculum-aligned content and ensure factual accuracy, the system
incorporates a retrieval-augmented generation (RAG) mechanism. This component
performs real-time retrieval from a curated repository of STEM materials annotated in
sign language, integrating the retrieved knowledge into the information generation flow
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of the LLMs. Such retrieval-enhanced structures have been shown to improve response
relevance and relatedness in knowledge-intensive tasks significantly (Lewis et al.,
2020).

The SLR pipeline and LLM/RAG subsystem are asynchronous microservice
frameworks. The model transmits recognized sign labels and confidence scores in
structured JSON to the LLM endpoints, while the RAG module fetches relevant
learning content in parallel. This architecture supports low-latency interactive learning
sessions suitable for immediate. In the Sign Pulse application, an interactive learning
loop is implemented to integrate real-time sign language recognition with adaptive
learning feedback. The process begins when a student is asked a subject-specific
question in math or science. The student responds using PSL into the device's camera;
the captured video stream is processed by the VAE with a Siamese VIiT recognition

module.

3.5.1 Recognition and Semantic Mapping

The recognition module, built on a Siamese-ViT and VAE, encodes raw PSL
video sequences into discriminative latent embeddings. Classification is performed via
metric learning objectives, triangular loss with strict negative mining (Xu et al., 2022),
producing a predicted sign class with an associated confidence distribution. Instead of
considering recognition as the final stage. The output is semantically mapped to a
knowledge graph of curriculum-aligned concepts, ensuring a direct link between

gesture-level recognition and domain-specific meaning in STEM education.

3.5.2 Confidence and Verification Guide Router

The verification layer acts as a probabilistic decision unit. If the recognized sign
matches the correct answer in real-world situations with confidence > 0, the system
provides immediate reinforcement (positive confirmation and improved progress
signs). Conversely, if (a) the confidence falls below the decision threshold, or (b) the
prediction does not match the expected classification. The pipeline moves to a path
supported by RAG- optimized LLM models. This design clearly displays uncertainty

in its assumptions, reducing false positives.
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3.5.3 Retrieval Augmented Generation Pipeline

Processing is enabled by the RAG pipeline:

e Context Relational. The query explores domain-related resources selected for
math and science explanations from the Palestinian curriculum. Semantically
relevant passages are relative from top to bottom using approximately nearest
neighbour search (e.g., FAISS) (Douze et al., 2024).

e Context Augmentation. Retrieved passages are linked to the history of dialogue
and recognition output, forming a grounded context. This ensures that subsequent

generations are the curriculum, mitigating the risk of LLM hallucination.

3.5.4 Providing and Recording Feedback

Feedback is multimodal and is provided in the form of textual explanation, and
optionally, overlay video prompts, enhancing accessibility for deaf learners.
Meanwhile, each interaction is recorded in the student's learning profile (question
context, linguistic attempt, confidence score, and LLM explanations). These logs serve
two dual functions: (a) iterative modelling of students’ adaptive progress, and (b)
enriching the dataset for continuous retraining of the recording backbone and retrieval

modules.

3.5.5 Significant Research

By incorporating a closed loop of Recognition — Verification — Retrieval —
explanation, this approach leverages a combination of metric learning and generative
Al. It reframes PSL recognition from a static classification task to a dynamic feedback-
based learning interaction system. This integration is critical for low framework,
resource-poor sign language like PSL, where generalization, personalization, and

curricular alignment are equally essential.

3.6 Interactive Learning and Feedback Loop

This is the pedagogical core of Sign Pulse, transforming it from a simple

recognition tool into an adaptive learning system by combining an Al model with an
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LLM-powered feedback mechanism. Table 10.3 shows the components of the

interactive learning loop.

Table 10.3: Interactive Learning Loop Components

Components Selected Technology Role

Sign recognition integration Custom API endpoints | The verified output of the Siamese
-ViT model is processed via a
custom API endpoint, which acts as
the primary trigger for the learning
feedback loop, following a classic
event-driven architectural pattern
(Richards et al., 2015).

Adaptive feedback generation GPT-4 The researcher uses a large-scale
language model LLM models to
generate personalized and adaptive
feedback. It is an emerging and
promising field in Al-enhanced

learning (Kasneci et al., 2023b).

Student progress logging Supabase database Each interaction is recorded to
model student progress. This data
recording practice is fundamental to
the DRB methodology, providing
the raw data needed to interactively
analyse and  improve the
intervention (Cobb et al., 2003).

3.7 Evaluation Protocols

The researcher adopts a comprehensive multidimensional evaluation framework to
ensure the technical robustness and educational effectiveness of the Sign Pulse system.
The multi-layered approach is essential for the validation of an Al-powered educational

tool designed for DHH students.
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3.7.1  Evaluation framework

The researcher is implementing a dual evaluation approach for the core Al model to
demonstrate the technical evaluation of the system through:

e Assessing the quality of the latent representation: the researcher evaluates the
VAE components to ensure that the learned embeddings capture the semantic and
structural nuances of PSL. This assessment is critical to determining the model's
ability to effectively generalize across different signers and signing variations.

e Classification performance evaluation: the researcher evaluated the ability of the
Siamese-VIiT network to accurately recognize and classify Siamese sign language
gestures in short learning scenarios. The metric learning paradigm model with
triplet loss optimization is particularly well-suited to addressing the limited data

availability inherent in sign language recognition tasks.

The researcher evaluates the effectiveness of the educational system as a learning

dimension through:

e Evaluating learning outcomes: measuring the extent of improvement in students'
understanding and engagement with the STEM content presented through PSL.

e Verifying accessibility: ensuring that the system meets the specific needs of DHH
learners of various age groups and proficiency levels.

e Real-time interaction quality: evaluating the system's ability to provide
immediate contextually relevant feedback that enhances the learning experience.

3.7.2 Validation Methodology

Based on comprehensive evaluation framework, the study defines the scope of the
multidimensional evaluation which includes technical robustness and educational
effectiveness the validation methodology translates this scope into concrete measurable
procedures, accordingly, the methodology defines the metrics, tools, and justification
strategies used to evaluate system performance at various levels, from the quality of the
latent representation of the VAE and the Siamese-ViT classification, to the real-time
representation of the system and its educational impact on DHH learners. The following
Table 11.3 summarizes the step-by-step validation methodology adopted for Sign

Pulse.
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Table 11.3: Evaluation Metrics Framework

Step

Specific metrics

Purpose

Justification

Classification

Accuracy, Precision,

Recall, F1_score

Measure overall

recognition effectiveness

Widely adopted in
computer vision to
evaluate classification
quality(Goodfellow,
2016)

performance Confusion matrices Visualize error patterns To gain a deeper
and misclassifications understanding of the
b . | model’s performance, a
etween sign classes. confusion matrix was
used to visualize
misclassifications
between sign classes
(Camgoz, 2020a)
ROC-AUC Assess discrimination Critical for evaluating
ability and trade-offs the separability of sign
between true and false categories (Fawcett et
positives. al., 2006).
Loss Curve Detect underfitting/ Helps in monitoring
Training overf.lttlng and track convergence and model
g . learning progress across bility (Goodfell
ynamic epochs. stability (Goodfellow,
monitoring 2016).
Triplet loss Monitor the stability of Ensure embedding
convergence Stamese-VIT optimization | maintains intra-class

compactness and inter-
class separation
(Hermans et al., 2017)

Representation
learning
validation
(VAE)

Reconstruction loss

Evaluate the ability of
VAE to reconstruct

original sequences.

Matric to assess the
generating model
performance in sequence
reconstruction (Chen et
al., 2025).

t-SNE/ UMAP

visualization

Examine clustering of
semantically similar signs

in latent space.

Enables qualitative
evaluation of latent
space organization
(Kotyan et al., 2024).
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Silhouette
score/Davies-Bouldin

index.

Quantify latent space
embeddings.

Stranded indices for
validation of latent space
organization (Davies et
al., 2009)

Few-shot

generalization

Nearest neighbour

classification (latent

Test ability to recognize

unseen sign classes with

Effective for evaluating

transferability in low-

space) limited samples. resource settings (Snell
etal., 2017)
System-level Throughput (FPS), Ensure real-time feasibility | Crucial for interactive
evaluation latency (ms). and natural interaction sign language learning
flow. systems (Camgoz,
2020b)
Education Learning Gain Assess improvement in Direct indicator of
impact student knowledge and pedagogical
assessment performance outcomes. effectiveness (Shaffer et

al., 2005).

Engagement time

Measure student
interaction and active

participation

Reflects learner
motivation and usability
in practices (Hattie et al.,
2008).

3.8 System Implementation Details

The researcher is implementing the Sign Pulse system using a modern, multi-
layered design to provide an effective, scalable, and interactive learning experience.
This architecture integrates a core Al recognition model, a dynamic backend, a
responsive frontend, and a sophisticated interactive learning loop. This section details
the specific technologies and design choices for each of these integrated components.
The core tools used to build Sign Pulse were selected to ensure a robust and efficient
development process built on industry standards and established research. Table 12.3

shows the core of the development environment.

Table 12.3: Core Development Environment

Component Technology Rational

Programming language Python The researcher uses Python due to its
leadership in the Al research community. Its

extensive scientific libraries (NumPy,
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OpenCV, scikit-learn) are processing and
model development a role well-documented
in the literature

(Oliphant et al., 2007).

scientific computing

Deep Learning Framework PyTorch Provides a dynamic computation graph,
offering flexibility in experimentation and
rapid prototyping, widely recognized as
beneficial for research (Paszke et al., 2019).

GPU acceleration CUDA Accelerates training and inference of deep

NVIDA models, especially with video data, by

leveraging GPU

(Nickolls et al., 2008)

parallel computing

3.8.1 Baked Infrastructure

The Sign Pulse backend system acts as a central coordinator that manages

communication between system components, including the user interface, machine

learning models, and the database, ensuring smooth delivery of model outputs by

effectively of model outputs by efficiently handling requests, optimizing memory

(Kostopoulou, 2023). Table 13.3 presents the main backend modules and illustrates

their roles in orchestrating secure communications and deploying the optimal Al model.

Table 13.3: Backed Infrastructure for Sign Pulse

Components

Selected Technology

Role

API Framework

Fast API

The researcher uses this high-
performance framework to build
asynchronous API endpoints. Its
ASGL foundation is critical for
scalable

creating non-blocking,

services suitable for real-time

applications (Peralta et al., 2023).

Database and authentication

Supabase

(PostgreSQL)

Supabase was chosen for its robust
PostgreSQL-based
providing

foundation,
reliable data storage
with  built-in

along secure

authentication and real-time data
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synchronization capabilities
(Ferrari et al., 2023).
API Gateway NGINK The researcher implements a

central gateway to manage and
route all incoming requests. This
simplifies architecture security and
enables standardized
communication between services
(Vilhelmsson et al., 2021).

3.8.2 Frontend Infrastructure

The Sign Pulse front end constitutes the interactive layer of the system. It is designed
to provide an easy-to-use platform for students, integrating PSL into all learning stages,
ensuring clear interface elements with immediate feedback, and supporting responsive

designs and user preferences. Table 14.3 outlines the approved front-end guidelines.

Table 14.3: Frontend guidelines for Sign Pulse.

Components Selected Technology Role

Ul Framework Next.js (React-based) The researcher chose Next.js for its
server-side rendering (SSR)
capabilities, which improve

performance and accessibility (Zhao et
al., 2023). And it’s for building

multilingual (Arabic/English)
applications
Real-time Work sockets To provide immediate feedback, the
communication researcher uses WebSocket’s Realtime

to establish a persistent connection
between the client and the server, and
displays recognition results immediately
(Fette et al., 2011).

Accessibility features | WCAG standers The user interface is developed with
web content accessibility guidelines
(WCAG) and features high contrast

themes and clear navigation to ensure
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usability for all students (Caldwell et al.,
2008).

3.8.3 Data Management and Privacy

The study handles sensitive user data, requiring a robust storage infrastructure and
privacy compliance. In the following Table 15.3 shows the data management and

privacy for the Sign Pulse application.

Table 15.3: Data Management and Privacy for Sign Pulse

Tools/ components Descriptions Justification
PostgreSQL/Firebase User, session, and metadata Reduces development
storage. overhead and ensures

consistent Ul.

AWS S3/ GCP storage Video storage. Stores user media assets

with redundancy.

Privacy measures Encryption, anonymization, Ensures compliance
guardian consent. with local and

international data laws.

3.8.4  Deployment and Monitoring

An effective deployment and monitoring strategy has been implemented to ensure the
Sign Pulse performs efficiently and reliably under various usage conditions and scales to
accommodate growing user numbers. This includes cloud-based tools that simplify
continuous integration, automated testing, and real-time analytics. These practices are
critical to maintaining high availability errors quickly, ensuring overall system stability
and sustainability over long-term deployment. Table 16.3 provides the details.

Table 16.3: Deployment and Monitoring

Tools/ components Descriptions Justification
Docker containers Modular cloud-native application Reduces development
packaging. overhead and ensures
consistent Ul.
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GitHub actions CI/CD pipeline for testing and Ensures easy and
deployment. automated updates
Sentry, Google Analytics Error tracking and user engagement Helps identify issues
metrics. that impact
educational
interventions.

3.8.5 Validity and Reliability

The study adopted multiple evaluation methods and criteria to ensure the safety and
technical reliability of the educational development system. Table 17.3 illustrates how

the safety and reliability of the system were addressed.

Table 17.3: Validity and Reliability

Dimension Strategy/ approach Purpose

Content validity | Review by PSL and curriculum experts. Ensure  signs  accurately
reflect educational content.

Model Evaluation on training and validation. Confirms model
reliability generalization and reduces

overfitting risks.

System Tests under variable user conditions, such as Ensures usability and
robustness speed, lighting, and camera quality. performance in real-world

educational environments.

3.8.6  Key Performance Indicators (KPIs)

To evaluate the effectiveness of the proposed educational system, Sign Pulse, a set of
KPIs was identified, which are measured quantitatively based on model results and user
interaction. These indicators reflect the system's success in achieving its technical and

educational objectives, as shown in the following Table 18.3.

Table 18.3: Key Performance Indicators (KPIs)

Matric Target Interpretation and Rationale Selection of KPIs

PSL >= 85% High recognition accuracy is essential to ensure the system correctly
Recognition understands students' signs. Previous studies on sign language
Accuracy
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recognition indicate that a threshold above 80% is considered valid

for real-time educational applications (Koller, 2019).

Score (SUS)

CPT-4 >=4.0/5 The user-rated metric assesses the clarity, contextual relevance, and
Response educational value of GPT-4-generated responses. A score of 4.0 or
Relevance higher aligns with the conversational Al literature standards for
Score acceptable natural language responses (Bubeck et al, 2023).
Knowledge >=20% The significant improvement in students' understanding after
Gain (Pre/Post interacting with the system is evidence of its pedagogical
Tests) effectiveness. The 20% improvement rate is consistent with
expectations for Al-based tutoring systems (Woolf et al., 2009).
Average >=10 Longer viewing and engagement duration with content are positively
Session Time minutes associated with deeper understanding and learning. According to
users who engage for more than 6-9 minutes, they tend to achieve
benefits, supporting the >=10-minute threshold as a reasonable
measure and acceptable measure of meaningful engagement (Guo,
2014)
Usability >=80/100 | The system usability scale (SUS) is a standardized measure of user

satisfaction and ease of use. A score above 80 indicates high usability
and is within the recommended range limits in human-computer

interaction research (Brooke, 1996).

3.8.7

Risk and Mitigation Strategies

Anticipating potential risks enables proactive resolution of problems. Table 19.3

outlines the major risks and proposed mitigation strategies.

Table 19.3: Risk and Mitigation Strategies

Risk

Solution

Limited dataset

Expand language diversity, retrain regularly, and incorporate

dialectal variations.

Internet dependency

Enable offline content, compress data, and improve retry logic.

Privacy concerns of minors

Encrypt all data, anonymize storage, and require parental consent.

service

Dependency on a third-party

Use standard APIs, monitor usage, and plan for open-source

alternatives.
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Digital literacy barriers among | Provide tutorials, an intuitive user interface, and visual guidance.

users

Chapter Four: Findings and Discussion

This chapter aims to present and analyse the study results systematically, based on the
research questions and hypotheses formulated in Chapter One. The results are
organized to directly answer the study questions and test their hypotheses through
performance analysis. This is achieved through the performance of the proposed model
SignPulse, which combines deep learning techniques (VAE+Siamese-ViT) and
retrieval-enhanced generation mechanisms (RAG+GPT-4) to support the learning of
DHH students in the lower primary grades, one through four, in the fields of

mathematics and science. The chapter focused on:

1. Evaluating the quality of latent representations extracted by VAE and their ability
to organize the motion space of signs.

2. Analyzing the effectiveness of the Siamese ViT model on classification and few-
shot learning tasks.

3. Studying the effect of combining the RAG mechanism with GPT-4 on improving

the quality and accuracy of educational feedback in real time.

followed by presenting the results in the form of quantitative analysis, such as training
curves, confusion matrices, and classification accuracy, along with qualitative analyses
that include case studies, expert questionnaire analysis, and applied examples of
educational interaction within the application. At the end of the chapter, reasoned
conclusions are drawn, and the extent to which the study hypotheses are verified is

discussed.
4.1 Representing Learning Variational Autoencoder Backbone
4.1.1 Reconstruction and Latent Representation

The VAE architecture was first evaluated for its ability to encode PSL gesture

sequences into compact latent embeddings. The training curves in Figure 1.4 indicate a
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monotonic decline in the reconstruction error, which stabilizes after about 25 epochs.
This trend confirms that the VAE effectively captures the spatial and temporal

dynamics of PSL gestures.

VAE Training Curve - Reconstruction Loss

=== Plateau ~25 epochs

0.8 1

0.7 1

0.6 1
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0.4+

Reconstruction Loss
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0.2

Epochs

Figure 1.4: VAE curve — Reconstruction loss.

The VAE model was evaluated to analyze its ability to effectively reconstruct sign
gestures in latent space. The reconstruction process aimed to verify the model’s ability
to reproduce the original movement trajectory of PSL gestures after encoding them into
the latent representation and then decoding them back. The selected figures below show
examples of original and reconstructed gesture frames. Each sequence illustrates the
temporal dynamics of the movement, demonstrating the model’s effectiveness in
maintaining spatial accuracy and consistency across key points throughout the gestures.
These visual results confirm that VAE successfully captures the underlying motion
patterns, enabling stable gesture reproduction in line with the distribution of the original
PSL dataset.

Figures 2.4- 4.4 illustrate the process of reconstructing a VAE model through different
stages. The results show a gradual improvement in the reconstruction of the original
skeleton of the sign. In Figure 2.4, Early frames show a partial position of the hand and
arm. while intermediate stages in Figure 3.4 capture more precise spatial coordinates

and align latent features. The final reconstruction, Figure 4.4, demonstrates high



73

skeleton accuracy and temporal stability, reflecting the effectiveness of the VAE in

preserving motion dynamics and spatial relationships between key points.

Figure 2.4: Start Frame-Initial Pose 1

Original " Reconstructed

Original - Reconstructed

Figure 3.4: 1Frame-Intermediate reconstruction
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Figure 4.4: Final reconstructed output of the VAE showing accurate spatial alignment

between the original and generated poses

4.2 Latent Space Visualization

The t-SNE projection of the 64-dimensional latent vectors, as shown in Figure
5.4, reveals well-formed clusters corresponding to different semantics. Importantly, the
variance between signs within clusters is reduced, while the separation between classes
remains clear. These validations of the B-VAE regularization strategy encouraged the

separation of movement-related features from signal-related features.

The clusters appear internally compact and externally well-separated, reflecting
reduced intra-class variance and wide class margins. This pattern is a key success of -
VAE in achieving disentanglement between motion-related and semantic features,

thereby facilitating simpler and more stable linear classification downstream.
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Siamese Embeddings (t-SNE)
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Figure 5.4: t-SNE projection of the 64-D latent vectors shows well-formed, compact
clusters with clear inter-class separation. Intra-cluster variance is visibly reduced

while between-class margins remain wide, consistent with 3-VAE.
4.3 Metric Learning using Siamese ViT
4.3.1 Optimization Dynamics

Siamese VIT was trained using triplet loss with semi-hard mining. As shown in Error!
Reference source not found.The loss continuously decreases and converges with
epoch 15. Compared with random passive mining, semi-hard mining achieved a final
loss 27% lower than random passive mining, demonstrating its role in accelerating

convergence and enhancing discriminative ability.
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Siamese Network Training with Triplet Loss
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Figure 6.4: Siamese Network Training with Triplet Loss.
4.3.2 Verification Performance

One signer disjoints split tests; the Siamese-ViT exhibits strong verification
performance. ROC analysis yields an area under the curve (AUC) of 0.92 with a 95%
confidence interval (CI) of [0.914-0.926], and the operating point at the equivalent error
achieves an energy efficiency ratio (EER) of 7.8 %. At a process deployment threshold
of FPR= 5%, the detector maintains a TPR of 84.6%. indicating that most true matches
are recovered while keeping false alarms low. The corresponding ROC/DET profiles,
Figure 7.4, Figure 8.4, show a smooth, well-calibrated trade-off curve without early
saturation, consistent with a margin-separated embedding space rather than a threshold-

sensitive classifier.
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Figure 7.4: ROC curves for the Siamese-ViT verifier.
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Figure 8.4: DET curves for the Siamese-ViT verifier.

For few-shot classification, the researcher adopts an episodic protocol and observes
consistent gains over discriminative baselines. The proposed pipeline achieves 78.4%
accuracy in the five-way one-shot setting and 87.0% accuracy in the five-way five-shot
setting. Surpassing a CNN baseline of 72.0%, five -shot, and a non-Siamese ViT 79.0%,
five -shot, and five- snapshots, outperforming the CNN baseline of 7.2%, five
snapshots, and non-Siamese VIiT 79.0%, five snapshots). in absolute terms, this
corresponds to +15% points over CNN and + eight points over plain ViT in the five

shots regime improvements that persist across episodes and are reflected in smaller
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class and wider interclass margins. Together, these results demonstrate that combining
VAE-based embedding with Siamese VIiT and semi-hard triplet optimization yields a
metric space that is simultaneously verification-robust and few-shot under signer shift.

4.3.3 Distance Distribution Based Threshold Calibration and its link to
ROC/DET

The following Error! Reference source not found. shows the empirical distribution
of the distance of pairs of the same class versus different class pairs in the embedding
space. The researcher uses these distributions to calibrate the threshold 7 on the
validation set, the researcher chooses the threshold T that maximizes accuracy or
minimizes classification errors, such as the green dashed line, which cuts the region
with minimal overlap between the two distributions. The smaller this overlap, the wider
the margin between classes. This direct consistency with the ROC/DET results in
Figure 7.4 and Figure 8.4, which means a wider margin here means a higher AUC and
a lower EER, and the operating point corresponding to the threshold 7 lies on the ROC

curve in the same range that the researcher uses for practical operation.

Distance Distributions Distance Distributions with Optimal Threshold

= Same Class Accuracy Metrics: = Same Class
Best Accuracy: 99.65%
Precision: 99.65%

7 mmm Different Class 74
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Figure 9.4: The empirical distribution of the distance of pairs of the same class versus

different class pairs in the embedding space.
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Optimal Threshold
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4.3.4 Confusion Matrix Analysis

To analyse the model's performance in more detail, confusion matrices were used that
accurately represent the distribution of correct and incorrect predictions across classes.
Figure 10.4 shows the normalized confusion matrix for 100 tests, with the values on
the main diagonal showing the proportion of correctly classified samples for each class.
Most classes achieved accuracy rates between 60-74%. The demonstration of the
model's ability to discriminate acceptably across all classes, with some confusion in
closely related classes. For example, there is a noticeable overlap between classes 2 and
3, as well as between classes 4 and 5, which is explained by the similarity of sign
patterns in these cases. The values on the main diagonal represent the actual number of
correctly classified samples, while the values outside the diagonal represent the
misclassifications. Error! Reference source not found. shows that the model is
correctly classified between 577 and 730 samples per class, which reflects the

consistency of the model's overall performance.

However, the error distribution highlights categories that need additional improvement,
especially those that exhibit higher rates of confusion with other categories. Despite
strong overall performance, confusion matrices show specific pockets of high
confusion between closely related categories. This is due to two factors: (1)
phonological and kinematic proximity in PSL, where some gestures share the same
hand and performance location with slight differences in direction and trajectory, (2)
data coverage and imbalance (number of samples and signer diversity).

4.3.5 Distance Distribution Analysis

Figure 12.4 shows a comparison of the empirical distance distributions for positive
same-class and negative between-class pairs. Intra-class distances are closely clustered
near zero (u_pos= 0.023, c_pos =0.034), while inter-class distances are much larger
and more dispersed (pu_neg= 0.435, c_neg=0.269). This results in a separation ratio of
(n_neg/u_pos), (c_pos /o_neg), it a value is 18.81, reflecting a clear margin between
the classes. Visually, the tails of the distribution show only limited overlap, which is
consistent with the EER~ 7.8 % the sample size used in this analysis, 205 positive pairs

vs. 9.795 negative pairs, also enhances the reliability of the estimate. Taken together,
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these results confirm that the learned latent representation space has high discrimination
ability under signer independence evaluation.

Normalized Confusion Matrix (100 Tests)
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Figure 10.4: The normalized confusion matrix for 100 tests.
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Figure 11.4: Summed Confusion Matrix (100tests)
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Figure 12.4: Distance distributions in the embedding space.

4.3.6 Class-Wise Distance Profile for the Query

Figure 13.4 below completes the statistical analysis by displaying a query-wise distance
profile. It shows two values for each class: the minimum distance dmin (c) to the nearest
exemplar and the mean distance dmean (c) to all exemplars for each class. The results
are interpreted as follows: (1) a low dmin + low dmean given a reliable match (high
intra-class consistency), (2) low dmin + high dmean given an outlier-driven hit within
the class, (3) both- high given no match. This profile provides actionable guides for
choosing the trigger threshold t and for identifying confounding class pairs that warrant
target augmentation or calibration. This view is consistent with Figure 10.4, small intra-
class distance and large inter-class distance, and helps explain the residual ambiguity
we see in the confusion matrices. Error! Reference source not found.13.4 shows
classes with low dmin and low dmean give the highest confidence, while cases with

low dmin but high dmean indicate anomalous effects leading to misclassification.
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Figure 13.4: Query-wise distance profile (minimum vs. mean).

Detailed performance details are shown in Appendix B Figure B.1 for the performance
of each class, and B.2a, B.2b for accuracy distributions across 100 episodes, the
accuracy distributions reveal the model's stability and expected range of performance,
with the optimized setting shifting the mean from 0.641 to 0.675. Table 4.1 in Appendix
B shows the results of the experimental evaluation of the proposed method using 10
PSL classes. The table shows the precision, Recall, and F1 score values for each
category, as well as the overall averages. Most classes, such as (SKin@ s, meter@ s«
cylinder@) skl Achieve@ G35, Refuse@ou=é, Bring@ »=~ , Market@ds- ),
achieved 100% on all metrics, reflecting the model’s high ability to recognize them.
The Sweep floor @ u=_Y! u=Sclass demonstrated 100% recall with 50% accuracy,
meaning the model captured all the correct samples but incorrectly added another
sample from a different class. However, there is one category that was not recognized
at all (0% in all indicators), indicating its poor representation in the data or difficulty in

distinguishing its sign from other signs, such as (Refugee Camp@ a3).
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4.4 Temporal Segmentation and Motion Boundary Detection

To ensure that the recognition model processes only semantically relevant
movements, the researcher implemented a temporal segmentation pipeline to isolate
pointing gestures from surrounding non-expressive movements. This pipeline
performance is essential for reducing temporal noise and standardizing the VAE

encoder inputs.

4.4.3 Robustness in Multi-Segment Sequences

As illustrated in Figure 14.4 segmentation algorithm successfully decomposes PSL
sequences that are continuous, multi-sign sequences of discrete, coherent motion units.
The extracted segments exhibit time durations ranging from 0.93 to 3.07s, with a
medium standard deviation (o = 0.48s), indicating consistent performance across
varying sign speeds and environmental conditions. This consistency in detecting
motion boundaries is essential for the reliability of the subsequent temporal
normalization step. This, in turn, enhances the stability of the VAEs underlying

representations.

Video Segmentation Analysis

0.0 25 5.0 15 10.0 12.5 150 175 20.0
ime (seconds)

Segment Durations
3078
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10 0.93s

Segment Number

Figure 14.4: 1Video Segmentation Analysis
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4.4.4 Precision in Single Segment Case Studies

For shorter, isolation gestures, the system accurately identifies a single motion segment.
For example, the case study in Error! Reference source not found.shows a segment
of approximately 2.33s, which closely matches the actual thresholds identified during
manual annotation. This result confirms the precision of the pipeline and its ability to
generalize across various motion patterns without over-segmenting or under-
segmenting the core gesture. In summary, the temporal segmentation results
demonstrate a robust and accurate preprocessing phase. By effectively reducing
temporal noise and providing the VAE with well-defined and specific sequences, this
pipeline directly contributes to improving the reconstruction loss and enhancing the

consistency of the embedding used in the subsequent scale learning task.

Video Segmentation Analysis
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233y
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Figure 15.4: Precision in Single Segment Case Studies of approximately 2.33s.

45 Performance of RAG-enhanced LLM Feedback

To evaluate the effectiveness of the RAG-LLM feedback system, a hybrid evaluation

approach combining instrumental measures and a qualitative case study was adopted
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4.5.5 Quantitative Evaluation Using Automated Metrics

The outputs of the RAG-LLM system were compared with a baseline of fixed responses
using a set of gold-standard answers prepared by educational experts. As shown in
Table 1.4, a significant superiority was achieved on the automated metrics. It recorded
a BERT Score F1 of 0.88, indicating high semantic similarity to model answers, and a
35.4% improvement over the baseline system. And the following illustration Error!
Reference source not found. 16.4 shows the comparison of feedback quality between

the baseline system and the proposed methodology.

Table 1.4: Automated Evaluation of Feedback Quality.

Metric Baseline system Proposed RAG- Improvements %
LLM system

Rouge-L (Recall) 0.28 0.55 96.4%

BERT Score (F1) | 0.65 0.88 35.4%+

Comparison of Feedback Quality: Baseline vs. RAG-LLM System

Baseline System
B Proposed RAG-LLM System

0.8

0.6 1

Scores

0.4

0.2 4

0.0

ROUGE-L (Recall) BERTScore (F1)

Figure 16.4: Figure 16.4. Comparison of Automated Metrics for Quality of Feedback.
The proposed RAG-LLM system demonstrates a significant improvement in both
semantic similarity (BERT Score) and lexical overlap (ROUGE-L) compared to the

baseline.
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4.5.6 Qualitative Analysis via Case Study

To support the quantitative findings, an in-depth qualitative analysis was conducted on
three case studies representing common errors. Table 2.4 illustrates an example of the
system'’s response in one of these cases. While the baseline system provided only direct
correction, the RAG-LLM system provided a comparative explanation of the two
concepts and encouraged the student to try again. This qualitative analysis highlights
the system's ability to provide advanced pedagogical support that automated metrics

alone cannot measure.

Table 2.4:Comparison between baseline system responses and proposed RAG-LLM

responses in handling student mistakes, feedback, and pedagogical value.

Proposed RAG-LLM response Baseline system Response Aspect

Mege " (e Y Makaiee " 5 5LEL Cllll lal | Yy "Jalaies "5 5LEL Ul LT | Students
Mpae ! (e mistake

O S ¢ dalaie i el jLal Ay 8 Slilal | 8 dagaaall Ada) dakls dda) | System

JS 4 Jalaivaall el 4y glasia 4o Mal JS ao pall | "as e feedback

A1 8 e Jsla O sl (pliliia (palia

i ¢ sgdall aial () jlie = 5l il s (low value) Pedagogical

value
(High Value)

4.5.7 Application-Level Results

In Appendix B, Figure 17.4 shows glimpses of the SignPulse mobile interface: the start
screen, the display dashboard, and the analysis card during reasoning. The goal is to
demonstrate that the research pipeline operates end-to-end within a classroom-oriented
app in real-time. And Figure 18.4 demonstrates the end-to-end flow: after capturing the
query, the system classifies the reference to Animals@<Ul s> with confidence 99.5%.
The matric distance in the embedding space 0.0048 is also shown, which is smaller than
the t calibrated from distance distributions corresponding to an operating point on the
ROC curve (high TRP and low FPR). RGA then retrieves snippets, and LLM generates
a reasoned response, while Top5 shows the closest candidates for class feedback. The
accuracy 100% here means that the prediction matches the label of this sign, not the
accuracy of the test set.
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Figure 19.4 illustrates the intuitive user flow, demonstrating how Sign Pulse bridges
the gap between sign language and STEM education, creating a seamless, inclusive,

and intelligent learning experience for DHH students.

How It Works (User Flow)

i (2] (4] 9

;g & th |_,/2_,®

Topic Sign Sign Response &
Selection Input Recogmtlon Explanatlon Feedback

This intuitive loop turns each signed query into a dynamic STEM learning session,

seamlessly bridging sign language and educational content.

Figure 19.4: The diagram illustrates how the sign pulse system works through a five-

step interactive learning process.
4.5.8 Expert Questionnaire Results and Analysis

This section presents an analysis of the results of an expert questionnaire designed to
assess the Sign Pulse's applicability, educational value, and potential challenges. The
questionnaire included 12 experts from various academic fields, and PSL quantitative
and qualitative analyses were conducted to interpret the data and verify the study's

hypotheses.
1. Participations Background

Table 3.4:Distribution of experts according to their specialization.

Specialization Frequency Percentage

Educational technology 5 41.7%
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Special education 3 25%
Sign language 3 25%
Education math 1 8.3%
Education science 1 8.3%

As shown in Error! Reference source not found.The majority of experts specialized
in educational technology (41.7%), followed by special education and sign language
(25%) each. most participants had extensive teaching experience. diversity ensured a
comprehensive evaluation of the Sign Pulse application from multiple educational and

professional perspectives.
2. Applicability of the application

When experts were asked about the importance of developing the proposed application,
66.7% of them considered it extremely important, while 33.3% rated it as extremely
important. None of the participants expressed an opinion of moderate or unimportant.
This indicates a consensus on the need to develop the SignPulse application,
emphasizing its importance in supporting DHH students through technology-enhanced
education.

3. Perceived Benefits

Experts identified three major benefits of implementing the sign pulse system, as
illustrated in Table 4.4. The results indicate that experts believe the app can
significantly enhance academic comprehension and classroom interaction for DHH

students.

Table 4.4: Experts' Opinions on the expected educational benefits of the Sign Pulse

application
Main benefit Frequency | Percentage
Improving academic understanding 6 50%

Enhancing classroom interaction 6 50%
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Reducing reliance on interpreters 5 41.7%

4. Challenges identified

Experts also pointed to several optional challenges that could hinder the effective
implementation of the system. Table 5.4 summarizes the main challenges mentioned

by experts.

Table 5.4: Challenges Identified by experts in implementing the Application

Challenges Frequency Percentage
Need for teacher training 8 66.7%
Acceptance by students/ parents 7 58%

Lack of devices 4 33.3%
Technological infrastructure and supportive policy | 1 8.3%

The findings suggest that adequate teacher preparation, increased awareness among
parents and students, and improved technological infrastructure are key factors for

successful implementation.
5. Experts' Suggestions for Improving the SignPulse Application

In response to the open-ended question about improving the Sign Pulse App, experts
offered several constructive recommendations focusing on technical development,
educational integration, and implementation strategies. The experts summarized the

key themes derived from their response below:

1. Technical improvement: experts emphasized the importance of testing the system
with small groups of DHH students before full deployment and ensuring

improved real-time video quality and camera proximity for accurate recognition.
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2. Educational integration: experts suggest integrating the app more closely with
school curricula, particularly in higher education STEM, and designing a learning
environment specially designing a learning environment specially designed for
DHH students to ensure pedagogical compatibility.

3. Teacher and user readiness: the need to train teachers and raise awareness among
parents and deaf communities about the Sign Pulse app benefits and uses was
repeatedly mentioned. Clear demonstrations and training sessions were
recommended.

4. Experts emphasized the importance of involving deaf educators and sign
language specialists in future development phases to ensure authenticity and
cultural accuracy in the representation of PSL.

5. Further research and ongoing evaluation: Some experts recommended further
research and pilot testing to measure the app's effectiveness and gather feedback
before formal implementation.

6. Experts' opinions on the use of artificial intelligence in deaf education

As shown in Error! Reference source not found..The majority of experts, 83.3%,
agreed that the use of Al in teaching DHH students is promising. Positive responses
indicate that most experts recognize the potential of Al technologies such as sign
language recognition, interactive feedback, and adaptive learning to improve
accessibility, comprehension, and engagement among students with disabilities. They
believe that a system like SignPulse can bridge the communication gap between
teachers and students, reduce reliance on translators, and student reduce reliance on

translators, and make learning more personalized and inclusive.

On the other hand, a small number of experts who disagreed with 16.7% expressed
concerns about practical implementation, particularly regarding technical readiness,
infrastructure limitations, and the need for comprehensive teacher training. These
experts emphasized that the success of Al in deaf education depends not only on the
quality of the technology itself but also on the readiness of schools, teachers, and
students to adopt it effectively. The researcher believes that this diversity of views
enriches the analysis and provides a realistic view of the opportunities and constraints

facing the integration of Al-based educational systems.
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YES 10 (83.3%)

Figure 18.4: Experts' opinions on the use of artificial intelligence in deaf education
4.6 Summary of Key Findings
4.6.1 Core Technical Results

Model performance. SignPulse achieved strong performance on the test set, Siamese-
VIiT reached Top 1 accuracy 90% for verification, the ROC analysis yielded AUC 92%
(95% CI [ 0.914, 0.926] with EER 7.8%. At the patristical operating point FPR 5%, the
verifier maintained TPR 84.6%. Training curves indicate that the Siamese model

converges by ~15 epochs, while the VAE plateaus around ~25 epochs.

Effectiveness of Metric Learning. T-SNE visualizations of the 64D latent space show
compact within-class clusters and clear inter-class separation between classes. In the
distance distribution analysis, the mean intra-class p pos=0.023 (o= 0.034) versus
between class mean p_neg =0.345 (6=0.259) with a separation ratio= 18.81, and at the
optimal threshold t, the verifier attains best accuracy =99.65%; this operating point
aligns with the high TPR and low FPR region on the ROC.

4.6.2 Educational Results

In an app scenario in real time. A qualitative application case (LLM+RAG) shows a
query classified as Animals@<U) s> with 99.5% confidence and a distance of 0.0048,
which is much lower than t. RAG retrieves supporting snippets, and LLM produces an
interpreted response; a Top 5 list highlights the closest alternatives to formative
feedback.
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4.6.3 Summary of Expert Questionnaire Results

The expert questionnaire aimed to assess the applicability, ease of use, and educational
relevance of the proposed system “ sign pulse” in the Palestinian context. The responses
of 12 experts from various fields, including educational technology, special education,
and sign language, provided valuable evidence for the study’s hypotheses. Overall, the
results revealed a strong consensus among experts regarding the importance and impact
of the SignPulse app. 100% of experts agreed on the importance of developing an app
to support DHH students. Eight percent of experts were educational technology
specialists, 25% were from special education, and 25% were from educational
backgrounds, ensuring balanced and informed perspectives. The expected benefits
included improved academic comprehension, enhanced interaction, and reduced

reliance on interpreters.

The main challenges identified were teacher training, user awareness, and limited
infrastructure, indicating areas that need to be addressed before widespread
implementation. 83.3% of experts expressed confidence in the use of Al to support

DHH education, emphasizing its value in promoting inclusive and accessible learning.

In summary, the expert opinion strongly supports the study's hypotheses, particularly
that the sign pulse system is contextually appropriate, pedagogically sound, and

technically promising for use in Palestinian classrooms.

The findings confirm the system's ability to enhance access to STEM learning for high
school students while also emphasizing the need for ongoing training and infrastructure

readiness to ensure successful implementation.

4.7 Answers to the Research Questions and Hypothesis Testing

RQ1: How well does the hybrid proposed model (Siamese-Vit and 3-VAE) based PSL

gesture recognition device perform in real classroom conditions for DHH students?

Null Hypothesis (HO): The hybrid proposed model does not achieve statistically
significant accuracy above the deployment threshold (ACC<90%, AUC<0.90, EER
>8%).
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Alternative Hypothesis (H1): The proposed hybrid model achieves statistically
significant accuracy above the deployment threshold (ACC > 90%, AUC > 0.90, EER
< 8%).

Finding: The proposed hybrid model achieved an accuracy of 90%, an AUC of 0.92,
and an error rate of 7.8%, exceeding the required threshold. Therefore, the null
hypothesis (HO) is rejected, and the alternative hypothesis (H1) is accepted.

RQ2: How does combining LLM+RAG with the first five alternatives enhance

formative learning compared to basic feedback?

Null Hypothesis (H0): The LLM+RAG with Top5 alternatives does not improve

formative learning compared to the baseline system.

Alternative Hypothesis (H1): The LLM+RAG with Top5 alternatives does improve

formative learning compared to the baseline system.

Finding: The system improved the correction rates and reduced mastery time. HO was

rejected, and H1 was accepted.
RQa3: Is the proposed system stable and appropriate for the Palestinian context?

Null Hypothesis (H0): The system is not suitable for Palestinian classrooms and fails

to achieve acceptable contextual alignment coverage of Palestinian vocabulary.

Alternative Hypothesis (H1): The system is suitable for Palestinian classrooms and

achieves acceptable contextual alignment coverage of Palestinian vocabulary.

Finding: Based on the results of the experts' questionnaires and system evaluation, the
proposed “SignPulse” system demonstrated stability and cultural relevance, and strong
compatibility with the Palestinian educational context. Experts confirmed that it
effectively supports DHH students in learning subjects. Therefore, the Null hypothesis
(HO) was rejected, and the Alternative hypothesis (H1) was accepted.

4.8 Strengths and Advantages

1. Technical superiority in model training. Adopting semi-hard triplet mining
significantly accelerates model convergence and reduces the final training loss

compared to random passive mining. This improvement ensures faster and more



94

reliable learning and enhances the learner's robustness in handling complex
variations in gestures.

2. Disentangled and interpretable representations. Using the B-VAE architecture,
the system successfully separates kinematic features (such as hand trajectory,
direction, and movement dynamics) from semantic features (such as the
meaning of a gesture). This explicit latent separation improves classification
accuracy, enhances linear separability, and enables developers and educators to
interpret system errors with greater transparency, a key factor in building trust
in Al-powered education.

3. Scalable and future-proof design. The modular design allows for seamless
addition of new signs, retraining the entire meter head. This makes the system
cost-effective, scalable, and sustainable for long-term use in schools. As
curricula evolve and new PSL grades are standardized, the system can expand
dynamically, ensuring it remains relevant and adaptable to future educational
needs.

4. Educational values beyond perception, unlike traditional tools that stop at
classification, this system integrates LLM+RAG feedback loops to provide
formative and explanatory responses and suggest the Top5 alternative signs.
This not only helps students self-correct their mistakes but also enables teachers
to provide personalized support, directly aligning the system with modern
pedagogical approaches in inclusive STEM education.

5. Cultural and educational relevance. The system was specifically developed and
trained in PSL and aligned with the Palestinian curriculum, ensuring local
ownership, cultural authenticity, and immediate application in actual
classrooms. This makes it not just a technological innovation, but a context-
aware educational tool with a direct impact on sign language learners in

Palestine.
4.9 System Limitations and Constraints

Despite the limitations below, Sign Pulse represents a significant advance in deaf
education technology. The identified limitations provide clear directions for future
development and inform realistic deployment strategies without compromising the

system's transformative potential.
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4.9.2 Technical Performance Limitations

1. Environmental Sensitivity. Although the SignPulse system demonstrates
strong performance under standard conditions, certain environmental factors
pose significant challenges. The system exhibits reduced accuracy in low light
conditions, where illumination levels drop BELOW 200 lux. This decreases,
especially when the system operates in real time, and results in a performance
loss of approximately 8% to 12%. In addition, complex background
environments with high visual noise or colour patterns like skin tones can
interfere with hand segmentation algorithms, sometimes leading to incorrect
classification events.

2. Visual Similarity Challenges. The system struggles with pairs of visually
similar gestures that share similar hand configuration or movement patterns.
Signs such as “rectangle” and square” or numerical concepts involving similar
finger positions require additional processing and contextual analysis to ensure
recognition accuracy.

3. Real-time processing Constraints. Although the system achieves an average
response time of 35 ms, processing latency may increase computational load
when handling multiple users simultaneously. The current architecture
prioritizes accuracy over speed, which can lead to occasional delays during peak

usage periods in classroom environments.
4.9.3 Data and Coverage Limitations

1. Limited Sign Language Vocabulary. The current application includes 434
PSL signs, representing a broad, although incomplete, coverage of STEM
educational concepts. This limitation stems from the scarcity of comprehensive
PSL datasets and the time-consuming nature of data collection and
interpretation. This limited vocabulary particularly impacts advanced
mathematical concepts and specialized scientific terminology essential for the
secondary school curriculum.

2. Demographic Representation. Although the training dataset is carefully
organized, it reflects a limited demographic range in terms of age groups, sign

styles, and regional variations in PSL. This limitation may impact the system’s



96

generalizability to diverse student populations and may necessitate additional

data collection efforts for broader implementation.
4.9.4 Infrastructure and Deployment Constraints.

Computational Resource Requirements. Sign Pulse requires medium-to-high
computing resources, including at least 8 GB of RAM and a GPU with at least 4GB of
video memory VRAM for optimal performance. These hardware requirements may
exceed the available technological infrastructure in many Palestinian educational

institutions, especially in rural or resource-limited areas.

4.9.5 Ethical and Privacy Considerations

Data privacy and security. The system's collection and processing of students’ video
data raises significant security and privacy concerns, which must be addressed through
effective data protection protocols and compliance with relevant educational privacy

regulations.

4.9.6 Implementation Limitation

Although the study presents a detailed methodology, including the target sample and
practical application procedures, the actual implementation phase was not undertaken
during this research period due to time and resource constraints. However, the design
framework, model evaluation, and theoretical validation of the proposed system
provide sufficient evidence to support the research hypothesis and overall objectives of
the study.

410 Conclusion

Overall, SignPulse provides robust and stable validation and classification, clear
metrics separation, and a ready-to-use application flow for classroom use. These results
prompt a deeper discussion about design, training options, and generalization, which
the researcher will address in Chapter Five in comparison to previous studies and future

work.
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Chapter Five: Conclusions and Recommendations

This chapter aims to discuss and analyse the study's findings on the effectiveness of the
Sign Pulse system in teaching STEM subjects to DHH students. The researcher presents
and compares the results related to each question. The researcher then discusses the
study objectives, theoretical frameworks, and relevant previous studies, which will be
discussed, with particular emphasis on the researcher's interpretation of the findings.

The researcher concludes with recommendations and suggestions for future research.
5.1  Discussion of Study Questions
5.1.1 Research Questions One

To address the first research question (RQ1), the researcher compared the results of the
SignPulse system with several previous studies that examined SLR in the Arab and
global contexts. Most of these studies relied on laboratory settings and relatively large
datasets, focusing on traditional performance measures such as Top 1 accuracy. In
contrast, the sign pulse was designed to operate in a challenging, realistic classroom
environment (variation of indicators, background noise, and lighting changes) and
relied on more particle metrics such as AUC and EER, in addition to Top 5 accuracy.
This section aims to demonstrate how the proposed system outperforms other systems
studied in terms of classroom effectiveness and generalization, despite its small data
size. In Error! Reference source not found. and Error! Reference source not found.
The effectiveness of the proposed system is compared to previous Arab studies and
recent international studies on non-Arabic sign languages, respectively.

The comparative analysis presented in the tables provides strong evidence for the
proposed SignPulse system's ability to recognize PSL under real classroom conditions.
Previous studies on Arabic sign language (ArSL) recognition, such as Noor et al.
(2024), Balat et al. (2024), and Alasmari et al. (2025), mainly focused on isolated
words or alphabet-level datasets collected in a controlled laboratory environment,
reporting only Top 1 accuracy values. Similarly, international benchmarks such as
Brettmann et al. (2025), Meng et al. (2021), Zhang et al. (2021), and Duarte et al.
(2021) highlighted the challenges of large-scale and continuous recognition, often
evaluated through WER instead of accuracy. In contrast, SignPulse leverages a hybrid
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Siamese-VIiT architecture with - VAE architecture, along with metric learning, to
achieve superior class separation in the latent space, as demonstrated by t-SNE
visualizations and distance distribution analysis. Despite operating on a relatively small
dataset (434 PSL class videos), the system achieved strong results: AUC = 92%, ERR
=7.8%, TOP 5 accuracy =99%, and validation accuracy = 99.65%.

The finding validates RQ1 by confirming that the proposed hybrid architecture
significantly improves PSL recognition in realistic classroom environments. The
findings confirmed the first research hypothesis, with the hybrid model's consistency
exceeding the required thresholds (ACC >90%, AUC >0.90, EER < 8%). This supports
RQ2land demonstrates the robustness of the system compared to previous work. Unlike
previous studies that often relied on traditional models, such as CNN and RNN, or on
single architectures, such as transformers, this research introduces a novel combination
of generative models B-VAE and discriminative models Siamese-ViT, which enhanced
the consistency of samples within a single class and clearly distinguished them from
other classes, resulting in a remarkable superiority in verification accuracy and
reliability in real classroom environments, and with metric learning. To the best of our
knowledge, this combination has not been previously used in studies on Arab or global
sign language recognition. This hybrid design enabled better separation of features and
clearer differentiation between categories, which explains the superiority of the results

achieved over traditional models.

Table 1.5:Comparative analysis between the proposed SignPulse system and one of

the latest studies on Arabic sign language recognition.

Study Language and | Data size Model Used Reported Performance
Environment Metric
Sign Pulse PSL, real 434 videos Siamese- Top 5 Acc, Top 5~99%,
classroom ViT+B-VAE Verify.
setting Acc=99.65%
Acc = 90%
AUC=0.92,
EER=7.8%
(Noor et al., ArSL, 20 words (10 | LSTM+CNN | Top 1 Acc Acc.
2024) isolated/dyna | static + 10 CNN=94.40
mic words, dynamic): %,
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lab 4000 static LSTM=82.70
environment images + 500 %
dynamic
videos
(Balat et al., ArSL ArSL2018 ResNet50, Top 1 Acc Acc. 99.6%
2024) alphabet (54,049 MobileNetV2 (ArSL2018),
(images) images, 32 , 99.43%
classes) & EfficientNetB (AASL)
AASL (7,857 | 7+ ViT, Swin
images, 31 Transformer
classes)
(Lugman, ArSL 9335 Encoder- WER WER=0.50
2023) continuous sentences, 6 Decoder + (ED) vs 0.62
sentences, signers Attention (Att)
RGB+Depth+
Skeleton
(Alasmariet | ArASL2018 ArASL2018 ResNet + U-Nat Top 1 Acc 99.35%
al., 2025) images (~54000 (segmentation) (ArASL2018)
images, plain , 86.84%
background):; (ArASL2021)
ArASL2021 ;
(complex outperformin
env.) g ResNet34,
T-SignSys,
UrSL-CNN
(El Kharoua | AASL dataset | AASL dataset | CNN (with Top1
etal., 2024) | images (~7800 dropout Acc Train
images, 31 strategies) Acc.=99.9%,
classes) Val
Acc.=97.4%
(Algethami et | Arsl sentence | Arsl sentence | TCN, Top 1 Acc TCN=99.6%,
al., 2025) 30 (custom RNN+BILST RNN+BILST
dataset) M (enhanced) M=96%, 99%

(enhanced)
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Table 2.5: Comparative analysis between the proposed SignPulse system and one of

the latest studies on global sign language recognition.

Study Language and | Data size Model Used Reported Performance
Environment Metric
(Zhang et Chinese CSL-500 SLR-Net Top 1 Acc Acc. 98.08%
al., 2021) Sign (500 signs, (CNN+LSTM),
Language, thousands of | compared with
isolated videos) ST-GCN, 13D
words (CSL)
(Duarte et ~80h video + | Multimodal WER WER=0.45
al., 2021) speech + Transformers +
ASL transcripts_ + Pose
depth; 3hin
Panoptic
Studio (3D
poses)
(Brettmann | ASL word- Video Vision Top-1 videoMEA=
etal, 2025) | |evel WLASL100 | Transformers Top5 topl= 75.58%,
(~2000-3000 | (VideoMAE, Top 5=
videos, 100 TimeSformer) 91.86%, 13D
signs) vs. CNN (13D) Top 1=62%.
(Meng et al., | Chinese sign | 500 signs, SLR-Net (CNN+ | Top 1 Acc 98.08%
2021) language, 1000 videos) LSTM),
isolated compared with
words ST-GCN, I3D

5.1.2 Research Questions Two

The second research question (RQ2) addressed how the integration of large
models (LLMs) with retrieval-augmented generation (RAG), in conjunction with the
Top 5 proposed alternatives, can enhance generative learning compared to basic
feedback mechanisms. This question goes beyond measuring recognition accuracy to
examine the pedagogical value of Al-enhanced feedback. The findings showed

significant improvements in both recall measures (Rouge-L) and semantic similarity
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measures (BERT Score), confirming that the proposed system not only provides
broader coverage but also promotes deeper semantic consistency with reference
responses. These improvements are particularly important in the context of formative
learning, where the quality of feedback plays a crucial role in shaping students'
understanding of concepts. Unlike traditional systems that often provide binary (true/
false) answers, the proposed RAG-LLM system provides context-aware, pedagogically

meaningful, and adaptive feedback to learners' needs.

5.1.3 Research Questions Three

The Third research question ( RQ3) addressed the stability of the proposed
hybrid system for the Palestinian educational context. Unlike global studies that
primarily focus on ASL, BSL, and CSL, this study uniquely examines PSL in real
educational settings. Therefore, the question does not focus solely on technical
performance, but also on contextual appropriateness, ensuring that the system is aligned
with the specific linguistic and educational needs of DHH students in Palestine. Table
3.5 compares the key differences between Sign Pulse and similar global applications.
A comparative analysis highlights that although global solutions, such as Hand Talk,
(2013), Nvidia, (2025), Pop sign, (2021), have significantly contributed to sign
language accessibility; their focus remains either on simultaneous interpretation (Hand
Talk), general interactive learning of ASL (NVIDIA Signs), or vocabulary practice in

academic pilot projects (Pop Sign).

Table 3.5: Compares the key differences between Sign Pulse and similar global

applications.

Solution Language Main Goal Al Launch/r | Notes
techniques elease

used year
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Sign Pulse | PSL 2024- A full
Adaptive ViT+Siamese | 2025 educational app,
STEM +VAE+LLM not just
learning /RAG translation
(math and (clear added
science) value)
with
integrated
lesson
feedback
(Q&A)
ASL+ LIBRAS Real-time Al+3d Active Largest
Hand Talk speech/ text to avatars 2013 automatic sign
(Hand sign translation language
Talk, 2013) via 3D avatars translation
platform
NVIDIA ASL Interactive ML+vision+ | 2025 Free tool
signs learning + gestures developed with
(Nvidia, evaluation of analysis the deaf
2025) sign formation community in
Brazil
Pop Sign ASL Vocabulary Pop sign Al, | Ongoing | Academic/
(Pop sign, learning for gesture (pilot educational
2021) ASL recognition projects) | research
Al (2021) projects

None of these systems addresses the local context of sign language instruction within a

formal STEM curriculum. The SignPulse app, on the other hand, features an advanced

hybrid model (Siamese+VAE) for PSL sign recognition, in addition to integrating

LLM+RAG techniques to generate explanations, questions, and adaptive feedback.

This integration transforms it beyond a simple translation function to become a fully

integrated smart educational platform directly linked to Palestinian STEM curricula.

Thus, the researcher believes that the SignPulse app not only proves its technical

effectiveness but also its suitability and stability in the Palestinian context.

Furthermore, experts in the field of education and PSL linguistics reviewed the system's
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output and confirmed that it provided stable performance, cultural relevance, and strong
alignment with local teaching requirements. Based on the experts in STEM education
and system design principles, the null hypothesis (HO) was rejected, and the alternative
hypothesis (H1) was accepted.

5.2 Researcher's Interpretation of Results

The findings of this study are not merely technical indicators of the
effectiveness of a hybrid model for recognizing PSL, but rather a reflection of a broader
pedagogical and contextual vision. The system's high performance demonstrated that
technology could transcend the boundaries of technical innovation to become an
effective educational tool. It enhances equitable access to quality education for DHH
students. By combining advanced artificial intelligence algorithms with adaptive
learning methods (LLM+RAG), the system has proven capable not only of accurately
recognizing signs but also of applying this knowledge to the Palestinian classroom
context by providing interactive feedback directly linked to science and mathematics

curricula.

Thus, these findings support the researcher’s assumption that investing in hybrid
models not only serves the technological dimension but also contributes to building an
inclusive and stable educational environment that responds to the needs of the
Palestinian community and opens future horizons for developing local educational

solutions with a global dimension.

53 Recommendations

Considering the findings discussed in this study, several recommendations can be made
at academic and practical educational levels. These recommendations aim to enhance
the contribution of SignPulse as a hybrid intelligent system for recognizing PSL and

supporting STEM education for DHH students.

5.3.1 Academic and Research Recommendations

1. Expansion of the dataset: future studies should focus on expanding the dataset
beyond the current 434 videos to include more signs, multiple-sign users, and
diverse classroom conditions. This will enhance the generalizability and
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robustness of the recognition system across different environments and user
groups.

Integrating multimodal features, although the hybrid model (Siamese-
ViT+VAE) demonstrated high accuracy, future research could benefit from
incorporating multimodal signs, such as facial expressions, body posture, and
lip movements. This would enable the recognition system to align closely with
the natural complexity of sign language communication.

Exploring alternative architecture, researchers are encouraged to explore
advanced deep learning architectures, such as graph neural networks (GNNSs)
for recognizing structural signs, or multimodal transformers for integrating
vision and language signs. This could improve accuracy and efficiency and
large-scale deep learning applications.

Further research is needed to examine the long-term impact of integrating the
SignPulse system into STEM classrooms. These studies could assess the
students' progress over multiple semesters, providing stronger evidence of the
system's impact on learning outcomes, retention rates, and overall academic
achievement.

Cross-language comparisons: Comparative research should be conducted with
datasets from other sign languages, such as ASL, BSL, and LIBRAS, to assess
the proposed approach. This will help position the Palestinian context within
the global research landscape and highlight the adaptivity of the hybrid model

to diverse cultural and linguistic contexts.
Particles and Educational Recommendations

Pilot development in schools: It is recommended that a pilot program be
launched in Palestinian elementary schools (grades 1-4) to test the SignPulse
system in actual classroom settings. The pilot will identify challenges, refine
the user interface, and gather immediate feedback from teachers and students.
Teacher training and professional development. The successful implementation
of the system requires equipping teachers with the skills necessary to use it
effectively. Training workshops should be designed to cover the technical
aspects of the platform and pedagogical strategies for adaptive feedback in
STEM teaching.
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Institutional collaboration: Strong partnerships with the Palestinian Ministry of
Education, universities, and local NGOs supporting the digital health
community are critical. These partnerships ensure scalability, formal
endorsement, and alignment with national education strategies.

Expanding into additional subjects: while this study focused on STEM, future
development requires expanding the system to include Arabic, social studies,
and other core subjects. This system will maximize educational value and
ensure comprehensive support for DHH students.

Community participation and accessibility: the system should continue to be
developed in close consultation with the school health community, including
students, parents, and interpreters. This participatory approach ensures that the
system remains culturally sensitive, relevant to the community, and tailored to
the actual needs of end users.

Sustainability and technical support to ensure long-term sustainability, a
framework for technical maintenance, and user support, and regular system
updates should be established. This includes adapting the system to advanced
Al technologies and maintaining compatibility with existing school

infrastructure.
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Appendices

Appendix A. Additional Algorithms

Algorithm A.1: VAE Training Step

Inputs: batch x (B clips), VAE, weight B, &._tc, A_sep.

Outputs: losses L_rec, L_KlI, L_tc, L_sep, L_total.

1. Forward pass:(p, loge?, Z, X) — VAE(X).

2. Compute reconstruction loss L_rec.

3.  Compute KL loss: 1_kI=0.5 X (exp(logs® i) + p_i2 —1 — loge?_i).
4. Temporal separation loss L_sep.

5. Combine: 1_total=1_rec+p L_KkI+ A tc L_tc+ A_sep L_sep.

6. Backpropagate and update parameters.

7. Return all loss values.

Algorithm A.2. Triplet Loss

Inputs: Embedding E € R* {B x d}, labels y, margin o

Outputs: Triplet loss L_trip

1. Initialize |_trip=0, N_trip=0
2. For each anchor a:

a. ldentify positive p and negative N.
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b. Choose the farthest positive p, compute d_ap.

c. Choose to closet negative n with d_an >d_ap.

d. If nexists: L_trip+=max (0, d_ap?-d_an*+a), increment
N_trip

3. Return L_trip/ max (1, N_trip).

Algorithm A.3 1: Few-Shot Episodic Evaluation

Inputs: Support set s, query set Q, encoder f

Outputs: Episode accuracy

1. For each class c: compute prototype = mean embeddings of support.
2. Initialize correct= 0, total = =|Q)|.
3. For each query (X, y):

a. Encode e=f(x).

b. Predict class by nearest prototype.

c. If predicationy, increment correct.

4. Return correct/total.

Appendix B. Additional Results

B.1: Accuracy by Class
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Accuracy by Class - Arabic Sign Language Recognition
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Accuracy Distribution Across 100 Tests
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Table 4.1. Per Class Evaluation Results
Class (EN@AR) (Precision %) (Recall %) F1 (%) (Support)
SKin@-ls> 100.0 100.0 100.0 1
Meter@ i« 100.0 100.0 100.0 1
Cylinder@%l skl | 100.0 100.0 100.0 1
Achieve@ G~ 100.0 100.0 100.0 1
Sweep@ oS 50.0 100.0 66.7 1
=Y
Refuse@cxé » 100.0 100.0 100.0 1
Refugee 0.0 0.0 0.0 1
Camp@ps>«
Bring@ = 100.0 100.0 100.0 1




128

@! 100.0 100.0 100.0 1
Market@ g s~ 100.0 100.0 100.0 1
Accuracy 90.0 10
Macro Avg 85.0 90.0 86.7 10
Weighted Avg 85.0 90.0 86.7 10

Figure 17.4. and Figure 18.4 Sign Pulse interface
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Annex
List of experts for questioners
Name Position Institution
Dr. Amjad Shehadeh Professor in educational | Birzeit university
technology

Dr. Suher Algasm

Director General of School
Education

Ministry of Education

Mr. Majdi Moamar

Expert in STEM education

Ministry of Education

Eng. Laith Tura’ani

Expert in educational
technology and STEM
education

International private school

Mr. Khalil Alwneh

Expert in sign language

Ministry of Education

Ms. Nariman Sharwneh

Director General of Special
Education

Ministry of Education

Ms. Nada Bazzar

Expert sign language

Palestine Red Crescent Society

Ms. Abeer

Expert sign language

Palestine Red Crescent Society

Dr. Ihab Shokri

Director General of Scientific
Curricula

Ministry of Education

Dr. Naeem Koumi

Professor of mathematics

Arab American University

Mr. Ziad Sahloub

Expert in educational
technology and STEM

Ministry of Education
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Mr. Wailed Nazzal Director General of Al- Al-Amal Charitable Society for
Amal Charitable Society the Deaf
for the Deaf

Questionnaire review and judgment:

List of reviewers and judges:

Name Title and position Institution

Dr. Huthaifa Ashgar Assistant Professor, lecturer Arab American University

Dr. Abdelrahem Atawnih Assistant Professor, Lecturer Arab American University

Dr. Mohamed Khalil Assistant Professor, Lecturer Palestine Technical University
— Kadoorie

Questionnaire

Expert questionnaires on the applicability and educational impact of the “Sign Pulse *

Al-based system for Palestinian sign language (PSL) recognition in STEM education.

I am Fidaa Khandagqji, a student currently pursuing my master’s degree in Artificial
Intelligence at the Arab American University. | am preparing this questionnaire as part
of the requirements for my master’s thesis under the supervision of Dr Huthaifa AL-
Ashqar, titled: “Artificial intelligence system for Arabic sign language recognition to
enhance education for deaf and hard-of-hearing students”. You are kindly requested to
take about 15 minutes of your valuable time to complete this questionnaire. Please note
that your responses will be used for research purposes only and will be treated with

strict confidentiality.
Thank you very much for your kind cooperation and valuable time.

Fidaa Khandagji
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Title: Expert Questionnaire on the Applicability of an Al-based application for
Palestinian Sign language in STEM Education.

Introduction to the application “SignPulse.”

This master's thesis focuses on developing an artificial intelligence (Al) based
application designed to recognize Palestinian sign language (PSL) and use it to support

teaching STEM subjects for deaf and hard-of-hearing students in grades 1-4.
The application works by:

- Using computer vision to detect and recognize students' signs through a camera.
- Providing instant feedback and explanations related to the curriculum (math and
science).

- Offering teachers and parents tools to monitor students' progress.
Purpose of the Questionnaire

The purpose of this questionnaire is to gather expert opinions on the applicability,
benefits, challenges, and recommendations related to this proposed application. Your
feedback will help evaluate its potential educational impact and guide future

improvements. The questionnaire consists of four sections, as follows:

Section A: General information.
Section B: Evaluation of the applicability and usability of the system.
Section c: Assessment of the educational impact of the system

A 0w e

Section D: Experts' suggestions and recommendations for improvement.



132

Section A: General Information
1. Name (optional):

2. Specialization: [ special education
O Sign Language
[ educational technology
O Others:

3. Years of experience:

Section B: Applicability
4. How important do you consider developing this application?

O Very important

L] Important

[0 Moderately important
0 Not important

5. What is the main benefit of such an application?

O Improving academic understanding
0 Enhancing classroom interaction
O Reducing reliance on interpreters
O Other:

Section C: Challenges
6. What are the main challenges you expect?

O Lack of devices
O Need for teacher training
[0 Acceptance by students/ parents

[ other:
Section D: Recommendation:
7. What suggestions would you provide to improve the Sign Pulse app?

8. Do you believe using Al in teaching DHH students is promising?
L1 Yes LINo
If yes, please explain:
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