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ABSTRACT

Giray Sercan ÖZCAN

SIGN LANGUAGE RECOGNITION WITH ZERO-SHOT LEARNING
Başkent University Institude of Science and Engineering
Department of Computer Engineering
2024

Sign language holds great importance for a specific segment of society. Automating Sign
Language Recognition (SLR) using machine learning is crucial for facilitating communica-
tion between different segments of society. However, creating the necessary labeled data
for this task is very challenging. Furthermore, the evolution and changing meanings of sign
language words over time make this field even more difficult. This work presents a novel
approach to Zero-Shot Sign Language Recognition (ZSSLR). Using hand and landmark data
extracted from the signer’s body data, the signer’s hand and body have been modeled. To
determine which of the extracted and modeled features are more important for this purpose, a
data grading method was applied. In Zero-Shot Learning (ZSL), datasets containing descrip-
tions of the movements in sign language videos were used. The results were tested on two
benchmarkable ZSL datasets and demonstrated in ZSL and Generalized Zero-Shot Learning
(GZSL) settings.

KEYWORDS: Sign Language Recognition, Zero-Shot Sign Language Recognition, Zero-
Shot Learning
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ÖZET

Giray Sercan ÖZCAN

SIFIR ATIŞ ÖĞRENMESİ İLE İŞARET DİLİ TANIMA
Başkent Üniversitesi Fen Bilimleri Enstitüsü
Bilgisayar Mühendisliği Anabilim Dalı
2024

İşaret dili, toplumun belirli bir kesimi için büyük önem taşımaktadır. İşaret Dili Tanımanın
(SLR) makine öğrenmesi kullanılarak otomatikleştirilmesi, toplum kesimlerinin iletişimini
kolaylaştırmak için çok önemlidir. Ancak, bu görev için gerekli olan etiketlenmiş veri-
lerin oluşturulması oldukça zordur. Dahası, zaman içinde işaret dili kelimelerinin evrim
geçirip anlamlarının değişmesi bu alanı daha da zor hale getirmektedir. Bu çalışma, Sıfır-
Shot İşaret Dili Tanıma (ZSSLR) için yenilikçi bir yaklaşım sunmaktadır. İşaretçinin vücut
verilerinden çıkarılan el ve landmark verileri kullanılarak, işaretçinin el ve vücudu modellen-
miştir. Çıkarılan ve modellenen özniteliklerin bu amaç için hangisinin daha önemli olduğunu
belirlemek amacıyla bir veri derecelendirme yöntemi uygulanmıştır. Sıfır-Shot Öğrenmede
(ZSL), işaret dili videolarında yapılan hareketlerin tanımlarını içeren veri kümeleri kul-
lanılmıştır. Sonuçlar, iki karşılaştırılabilir ZSL veri kümesinde test edilmiş ve ZSL ve Genel
Sıfır-Shot Öğrenme (GZSL) ayarlarında gösterilmiştir.

KEYWORDS: Sign Language Recognition, Zero-Shot Sign Language Recognition, Zero-
Shot Learning
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1. INTRODUCTION

Sign language serves as a communication tool for deaf individuals. In a way, each
person uses their own sign language by making signs, although not necessarily at the level
of a deaf person, but since sign languages are more extensive, they fail to communicate with
deaf people, leading to a deep communication gap between the deaf and the hearing. This
problem is being addressed with sign language recognition systems.

The datasets necessary for training sign language recognition systems are few in num-
ber when considering the number of sign languages and the sign words contained within
them ([11], [12], [13], [14], [15]). This represents a scarcity of data for machine learning.
Therefore, the necessity of a system that can be trained without the need for extensive data
and can yield results is apparent. Hence, this study proposes a Zero-Shot Sign Language
Recognition (ZSSLR) system.

Sign language can be defined as a language that uses hand movements as a means of
conveying meaning in communication. It involves a speaker using hand gestures, fingers,
arm or body movements, direction, and facial expressions simultaneously to convey their
ideas. Each movement represents a different word [16][17]. Additionally, an alphabet has
been established for each letter of the spoken language used in the geography where sign
language has developed, to express proper nouns in sign language.

There is no standardization in Turkish sign language, and regional variations are ob-
served. However, the sign language dictionary and the Turkish Sign Language Grammar
Book [18] published by the Turkish Language Association (TDK) are examples of standard-
ization efforts.

Just as in spoken languages like Turkish, English, Chinese, etc., sign languages such
as American Sign Language (ASL), Indian Sign Language (ISL), Chinese Sign Language
(CSL), etc., have their own word/sign structure, syntax, question formations, semantic struc-
tures, and grammatical rules. Sign languages have a complex and rich structure like spoken
languages and are used to convey poetry, theater, and literary works. There is not just one
sign language in the world; many sign languages exist, and as mentioned earlier, these lan-
guages can vary according to the geography of the region. Taking these points into account,
it is believed that the world hosts over 100 sign languages, each with many distinct dialects
[19], and each language comprising over 3000 words [16][17]. Knowing one sign language
does not mean knowing others.

The movements made to perform sign language are divided into static and dynamic.

1



This presents various challenges from a computer vision perspective. For example, while a
single image may be sufficient for static movements, dynamic movements require consider-
ation of the direction the body is facing.

This thesis aims to recognize previously unseen classes by using textual descriptions
and visual representations of the classes. The visual representation models spatial depen-
dencies, such as where the hand is located, and temporal dependencies such as movements
in sign language videos by using hand and landmark data extracted from the body data
stream, in addition to the body data itself. Residual Networks Next (ResNeXt) [20], Spatial-
Temporal Graph Convolutional Network (ST-GCN) [10], Long Short-Term Memory (LSTM),
and the recently proposed Multiscale Vision Transformers (MViTv2) [21] modules were uti-
lized for achieving this. The ResNeXt architecture, developed for recognizing hand gestures,
uses the HaGRID [1] dataset to model spatial dependencies. Meanwhile, ST-GCN works on
hand landmarks to model hand movements, which are critical for sign language, both spa-
tially and temporally. The MViTv2 model, developed as an action recognition architecture,
is of great importance for modeling advanced spatial and temporal dependencies.

The hand and body regions are critical for SLR as even the smallest movement changes
in these areas can drastically change a sign’s meaning. Therefore, our framework includes
a component dedicated to analyzing the hand and body segments extracted from videos.
MViTv2 and ResNeXt models are used for extracting features from these segments. To in-
tegrate these features into the system, methods like Bidirectional Long Short-Term Memory
(Bi-LSTM), 1-Dimensional Convolutional Neural Network (1D-CNN), and self-attention
were employed. Landmark data is processed using Bi-LSTM and ST-GCN. Given the sub-
stantial data from diverse sources, data grading were implemented to efficiently manage
and prioritize relevant information. Contrastive Language-Image Pretraining (CLIP) [22]
architecture were used for extracting semantic information from textual class definitions,
mapping visual embeddings to their nearest semantic classes. This mapping is intended to
show the closest resemblance of the extracted information to specific classes. This thesis
goal is to align the learned visual representation with its textual counterpart. ZSSLR bench-
mark datasets ASL-Text [2] and MS-ZSSLR-W/C [3] were used for rigorously evaluated this
approach, demonstrating its effectiveness.

1.1. Contribution of The Thesis
Due to the large number of sign languages and the abundance of sign words within

these languages, there has been a lack of data, prompting the development of a zero-shot
learning system for sign language recognition. The key innovations of this study are as
follows: (1) this thesis is the first to apply the advanced feature extraction capabilities of
MViTv2 and ResNeXt to tackle the ZSSLR problem domain, introducing a new method in

2



this field, (2) this study is the first in using the ST-GCN method for ZSSLR, showcasing its
potential to capture complex spatial and temporal relationships, (3) first to utilize the CLIP
architecture for extracting textual vectors essential for effective ZSSLR, (4) this study is the
first to integrate these advanced techniques, combining MViTv2, ResNeXt, ST-GCN, and
CLIP.

1.2. Structure of The Thesis
In the introduction section, the purpose and the summary of the thesis is described.

Section two offers a review of related works in the literature. Section three outlines the
problem definition and presents the baseline study. The approach for tackling the ZSSLR
problem is detailed on section four. Section five discusses the datasets and their characteris-
tics, as well as provides an extensive evaluation and analysis of our models. Lastly, the goal
of this thesis, results and future work are discussed in conclusion section.

3



2. LITERATURE REVIEW

2.1. Sign Language Recognition
SLR can be categorized into two main types: Isolated SLR (ISLR) [23] and Continuous

SLR (CSLR)[24]. ISLR is concerned with identifying individual signs or gestures presented
separately, which simplifies the recognition task by minimizing variability and dependence
on context. Conversely, CSLR focuses on recognizing sign language in natural, continuous
sequences. This requires identifying signs both in isolation and within the context of preced-
ing and succeeding signs, adding complexity due to the variability in sign transitions and the
impact of non-manual features.

Alphabet recognition and production of alphabetical signs were conducted by Hruz et
al. [25]. It was one of the first studies to use a single webcam for data collection. Kindiroglu
et al.[26] improved upon the work of [25]. The dataset from [25] was expanded to create
a richer dataset. An adaptive skin color-based alphabet recognition system was developed.
Two algorithms were used for classification: Hidden Markov Model (HMM) and k-Nearest
Neighbor (kNN).

In their study Rivera et al. [27], a Field Programmable Gate Array (FGA) was used to
develop a sign language alphabet translation system. Data acquisition was performed using
a neuromorphic camera. This camera detects dynamic changes in brightness in the scene
and sends data whenever there is any change. The feature extraction phase was carried out
using digital image processing techniques aimed at eliminating unnecessary information and
reducing the system’s computational cost.

Bhuiyan et al. conduct[28] an alphabet recognition study on ASL for human-robot
interaction. Unlike other studies, the Adaptive Resonance Theory (ART) neural network
method was used for classification. Data were collected with a standard digital camera under
different lighting conditions and complex backgrounds. However, only the hand was visible
in the image frame, and static frames were used.

Kumar et al. [29] developed an ISLR for words using sensors. Leap Motion sensors
and Microsoft Kinect were used to detect finger and palm positions. The Leap Motion sensor
was positioned just below the hands, while the Kinect sensor was placed directly opposite the
signer to capture horizontal and vertical finger positions. They extracted features from the
sensor data and performed recognition using both HMM and Bidirectional Long Short-Term
Memory Neural Network (BLSTM-NN) based sequential classifiers.

Research in ISLR and CSLR can be arranged into two main categories: those that

4



rely on manually extracted features ([30], [31], [32], [33], [34], [35], [9]) and those that
utilize deep learning architectures ([8], [36], [37], [38]). Studies involving manually ex-
tracted features often employed techniques like HMM and Hidden Conditional Random
Fields (HCRF). One of the pioneering real-time studies by Starner et al. [39] implemented an
HMM-based approach for CSLR using a wearable camera. Recent research includes works
that operate under weak supervision ([40], [41], [42]).

More recent works like [43] propose a Skeleton Aware Multi-modal SLR (SAM-SLR)
framework that integrates multi-modal information from RGB, depth, and skeleton data.
They use a Sign Language Graph Convolution Network (SL-GCN) to model dynamic skele-
ton information and a Separable Spatial-Temporal Convolution Network (SSTCN) for de-
tailed skeleton features. They are the first to do the construction of a skeleton graph using
whole-body keypoints, the development of SSTCN and SL-GCN models, and the integration
of these with RGB and depth data.

Lee et al. [44] address the problem of developing an effective and real-time educational
application for learning sign language. It utilizes a Leap Motion Controller to capture hand
gestures and employs a Long-Short Term Memory Recurrent Neural Network (LSTM-RNN)
combined with a kNN method for classifying the sign language alphabet. Their contributions
include a high recognition accuracy on sign language alphabets, the integration of a real-
time sign recognition system into an interactive learning game, and the enhancement of sign
language learning through an engaging game-based approach.

Hu et al. [45] propose a ISLR framework for addressing the challenge of recognizing
sign language using hand gestures, which often have limited overfitting and interpretability
issues due to limited training data. To solve this, the authors introduce a hand-model-aware
framework that integrates a hand prior to enhance the recognition process. This frame-
work includes a visual encoder, a hand-model-aware decoder, and an inference module,
which work together to transform hand sequences into latent semantic features, refine them
with a statistical hand model, and enhance spatio-temporal pose representations for recog-
nition. The contributions of the paper include introducing the hand prior, constructing a
hand-model-aware framework, and achieving state-of-the-art (SOTA) performance on four
benchmark datasets.

Hu et al. [46] propose a Correlation Network (CorrNet) that includes a correlation
module to compute correlation maps between identification module and consecutive frames
to emphasize body trajectories within these maps. They use 2-Dimensional Convolutional
Neural Network (2D-CNN) for capturing frame-wise features from input frames and 2-
Dimensional Convolutional Neural Network (1D-CNN) for temporal modeling. Connec-
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tionist Temporal Classification (CTC) lossis utilized for predicting the probability of target
gloss sequences, aligning target sentences with input frames.

Zhou et al. [47] recommend a Spatial-Temporal Multi-Cue (STMC) method for SLR
by capturing and integrating multiple visual cues, such as hand shapes, facial expressions,
and body posture. Their method includes three modules: Spatial Multi-Cue (SMC), Tempo-
ral Multi-Cue (TMC) and sequence learning module.

Min et al. [15] address the challenge of overfitting in CSLR models, which hampers
the adequate training of the feature extraction component. They use 2D-CNN, 1D-CNN
and Bi-directional Long Short-Term Memory (Bi-LSTM) for temporal modeling and Visual
Alignment Constraint (VAC) by Visual Enhancement (VE) and Visual Alignment (VA) loss.
The VAC aims to improve the generalization capabilities of the visual feature extractor by
providing alignment supervision that guides the organization of the feature space.

Tunga et al. [48] propose an architecture for ISLR by effectively capturing both spatial
and temporal dependencies from pose information in sign language videos. They utilize
pose-based Graph Convolutional Network (GCN), BERT [49] for temporal modeling and
Position-Wise Feed-Forward Network (PFFN).

Vazquez et al. [50] utilize Multi-Scale Spatial-Temporal Graph Convolutional Net-
works (MS-G3D) for capturing the complex and dynamic nature of sign language. Wei et
al. [51] introduce a method for CSLR by utilizing cross-lingual data, thereby addressing the
critical challenge of data scarcity in SLR.

Boháček et al. [52] present a system for word-level SLR using a Transformer model,
focusing on low computational cost to enable usage on hand-held devices. They use 2D
landmark locations for body pose estimation, with a robust pose normalization scheme and
several augmentations, including sequential joint rotation augmentation.

Sreemathy et al. [53] propose an automated SLR system designed to enhance the
cognitive skills of hearing-impaired children through the use of artificial intelligence. They
utilize HSV color space and histogram equalization for preprocessing, Histogram of Oriented
Gradients (HOG) for feature extraction and Back Propagation Network (BPN) and deep
learning models for classification.

Kothadiya et al. [54] introduce a Transformer-based architecture designed for recog-
nizing static sign language. They employ a Vision Transformer (ViT) that divides images
into patches, which are then processed by a Transformer Encoder with four self-attention
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layers and a Multilayer Perceptron (MLP) for classification.

Shin et al. [55] propose a multi-branch network combining Convolutional Neural Net-
works (CNN) and Transformers SLR, addressing the challenges of light illumination and
background complexity. They use an initial grain module to extract features, followed by
parallel feature extraction using CNN and transformers. The extracted features are then
merged and processed through a classification module that incorporates global average pool-
ing, fully connected layers, and softmax activation.

Bora et al. [56] aim to develop a real-time recognition system for SLR using the Me-
diaPipe framework and deep learning. The approach involves creating a dataset of 2094 data
points for nine static sign language gestures using both 2D and 3D images, extracting hand
landmarks with MediaPipe, and training a feedforward neural network with the extracted
landmarks.

2.2. Zero-Shot Learning
Larochelle et al. [57] set the stage for ZSL research, with Palatucci et al. [58] and

Lampert et al. [59] conducting the first key studies. They introduced a method that transfers
knowledge to unseen classes through shared attributes between observed and unobserved
classes. Since these initial works, numerous classification studies in ZSL have emerged,
using methods optimized for various goals ([60], [61], [62], [63], [64]).

Recent studies such as [65] present a Multi-label Zero-Shot Learning (MZSL) model
using GCN to recognize novel categories with no annotated training data. This model con-
structs a label relation graph using label co-occurrences and semantic similarities, and then
applies GCN to learn label semantic embeddings. It also employs an attention network to
capture local and global visual features of objects. The key innovations of this paper are
the integration of GCNs to explore label correlations, an attention mechanism for adaptive
feature learning, and the use of unlabeled data to reduce bias towards seen labels.

Chen et al. [66] introduce TransZero, an attribute-guided Transformer network de-
signed to improve ZSL by refining visual features and localizing object attributes for more
discriminative visual embeddings. This model features a feature augmentation encoder de-
signed to mitigate cross-dataset bias and minimize intertwined region relationships, along-
side a visual-semantic decoder that focuses on developing visual features enhanced by local-
ity and guided by semantic attributes. It incorporates an attribute-based cross-entropy loss,
attribute regression loss, and self-calibration loss to optimize performance. Their contribu-
tions are the use of an attribute-guided Transformer to enhance visual feature transferability
and attribute localization, and the incorporation of feature augmentation and visual-semantic
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interaction to address cross-dataset bias and improve discriminative region features.

Roy et al. [67] explore the use of commonsense knowledge from ConceptNet to en-
hance ZSL by generating Commonsense Embeddings (CSE) to improve the association be-
tween visual and semantic embeddings. They employ a GCN-based autoencoder to encode
commonsense knowledge from ConceptNet, creating CSE of class labels. These embed-
dings are then fused with existing semantic embeddings which is human-defined attributes
and distributed word embeddings.The key contributions of this paper are the introduction of
a GCN-based autoencoder for generating CSE and the effective fusion of these embeddings
with traditional semantic embeddings highlight the potential of commonsense knowledge in
enhancing ZSL tasks.

Wang et al. [68] introduce a domain-aware multi-modality fusion network to address
the challenges of Generalized Zero-Shot Learning (GZSL), specifically focusing on over-
coming the bias problem where unseen samples are misclassified into seen classes. They
develop a two step model: initially, a local neighborhood-based gating model identifies
and segregates seen and unseen samples, effectively simplifying the GZSL challenge into
a straightforward ZSL and supervised classification problem. Subsequently, a GCN-based
model is employed to fuse multiple semantic modalities to enhance the ZSL task. Their in-
novation includes the introduction of a local neighborhood-based domain-aware mechanism
for efficient domain detection and a GCN-based multi-modality fusion network to merge
different semantic representations for creating effective discriminative classifiers.

Gupta et al. [69] address the challenge of classifying images into multiple unseen cate-
gories in a ZSL setting using a generative approach. They introduce three fusion approaches
for synthesizing multi-label features: Feature-Level Fusion (FLF), Attribute-Level Fusion
(ALF), and Cross-Level feature Fusion (CLF). The ALF method generates a global image-
level embedding, FLF synthesizes features from class-specific embeddings and integrates
them, and CLF combines both ALF and FLF to enhance label dependency and class-specific
discriminability.

Cheng et al. [70] introduce the Hybrid Routing Transformer (HRT) to address ZSL
by establishing a stronger semantic alignment between attribute vectors and visual features
through a transformer-based architecture. HRT combines dynamic top-down and bottom-up
routing pathways in its encoder to produce attribute-aligned visual features and uses static
routing in its decoder to translate these features into class predictions. The model includes
an active attention mechanism that integrates dynamic routing for both visual and semantic
information.
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Gowda et al. [71] propose an approach for selecting synthetic features that enhance
classification performance, rather than just generating real-looking samples. Their approach,
named Selection using Proximal Policy Optimization (SPOT), employs a transformer-based
selector that is trained via reinforcement learning to identify the most informative synthetic
features. This selection is based on the validation classification accuracy of the observed
classes.

Guo et al. [72] present a novel approach to ZSL by redefining it as a sample-level graph
recognition task, which enhances the accuracy and robustness in identifying unseen classes.
Their method involves breaking down each input sample into fine-grained components and
creating a graph structure for each to illustrate the relationships among these elements. Graph
Neural Networks (GNN) are subsequently employed to align these sample-level graphs with
semantic space, utilizing correlations between elements and semantics as well as local sub-
structural data.

Liu et al. [73] introduce the Progressive Semantic-Visual Mutual Adaptation (PSVMA)
network, designed to progressively align semantic attributes with visual features to dimin-
ish semantic ambiguity and improve knowledge transferability. The PSVMA network uti-
lizes a Dual Semantic-Visual Transformer Module (DSVTM), which includes an Instance-
Motivated Semantic Encoder (IMSE) and a Semantic-Motivated Instance Decoder (SMID).
The IMSE adapts shared attributes across different visual features, converting mismatched
semantic-visual pairs into aligned ones. Meanwhile, the SMID facilitates cross-domain in-
teractions and refines visual representations by embedding significant semantic features into
visual patches.

2.3. Zero-Shot Sign Language Recognition
Bilge et al. [2] were the first to define the ZSSLR problem and proposed a solution

by comparing various methods. Their architecture can be seen on Figure 2.1. They created
the ASL-Text dataset by combining sign language videos with descriptions of the move-
ments from sign language dictionaries. The proposed model leverages a bi-linear compati-
bility function to associate video and class representations by embedding videos and textual
descriptions of sign classes into respective feature spaces using a 3-Dimensional Convo-
lutional Neural Network (3D-CNN) and BERT [49] model, and then learns a compatibil-
ity matrix through Logistic Label Embedding (LLE) optimized with cross-entropy loss and
L2-regularization. In their subsequent study [3], the same authors expanded the ASL-Text
dataset to include binary attribute matrices and created two datasets, MS-ZSSLR-W and
MS-ZSSLR-C. Their model is illustrated in Figure 2.2. In addition to the methods from their
previous work, they experimented with shift-based CNN [74], 3D-CNN, and LSTM methods
on these datasets.
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Figure 2.1: Bilge et al. [2] architecture

Figure 2.2: Bilge et al. [3] architecture

Nihal et al. [4] propose two approaches for the automatic recognition of Bangla Sign
Language (BdSL) alphabets: a traditional transfer learning approach and a contemporary
ZSL approach to recognize both seen and unseen signs. Their architecture which consists
of four components can be seen in Figure 2.3. The transfer learning method utilizes the
pre-trained DenseNet201 for extracting features and Linear Discriminant Analysis (LDA)
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for classification and ZSL approach employs a set of semantic descriptors specific to BdSL.
These attributes include details about finger Degrees of Freedom (DoF), position, view, and
orientation. Direct Attribute Prediction (DAP) method is used in training, where each se-
mantic attribute is learned via a classifier. DenseNet201 features are used as input, and the
model is trained to predict the semantic attributes corresponding to each class.

Figure 2.3: Nihal et al. [4] model

Wu et al. [5] propose a framework that includes two primary elements: a Prototype-
Based Detector (PBD) and a zero-shot label predictor. Their architecture can be seen in
Figure 2.4. This approach aims to recognize both observed and unobserved hand gesture
classes by integrating prototype learning and semantic feature mapping. PBD utilizes a
multi-layer Bi-LSTM network to extract features from hand gesture sequences. This branch
determines if a sample belongs to a seen or unseen category by comparing the distance of
the sample’s feature representation to learned class prototypes. Zero-shot label predictor
uses a Semantic Auto-Encoder (SAE) to map feature representations to a semantic space. It
predicts labels for samples classified as unseen by mapping the extracted features to semantic
attributes. Input sequences are recorded using a Leap Motion Controller, which tracks the
palm center, hand direction, and positions of skeletal joints.

Yin et al. [6] address the problem of building efficient and scalable Multilingual Sign
Language Translation (MSLT) systems. Their model is illustrated in Figure 2.5. They use
a transformer-based model, which is well suited for sequence-to-sequence tasks. For video
embeddings, they employ a CNN to extract features from individual frames, subsequently
mapping these features to a denser space using a linear layer. A multilingual sub-word seg-
mentation model is used for text embedding. Sub-word embeddings are initialized using pre-
trained embeddings and adjusted through a linear layer. They introduce two dynamic routing
mechanisms: Intra-layer Language-Specific Routing (IntraLSR) and Inter-layer Language-
Specific Routing (InterLSR). IntraLSR manages the data flow between shared and language-
specific parameters within a transformer layer, while InterLSR regulates the extent of param-
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Figure 2.4: Wu et al. [5] model

Figure 2.5: Yin et al. [6] model

eter sharing across different languages between transformer layers.
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3. BACKGROUND

3.1. Sign Language Recognition
SLR spans across the fields of machine learning, computer vision, and natural lan-

guage processing. It is dedicated to the automated interpretation of sign languages, which
are complete, structured natural languages with their own syntax and grammar. These lan-
guages typically utilize hand shapes, orientations, movements, facial expressions, and body
postures for conveying messages. An example of sign language is depicted in Figure 3.1. The
primary objective of SLR is to enhance communication between deaf or hard-of-hearing in-
dividuals and those who are not proficient in sign language, thereby increasing accessibility
and inclusivity in various social, educational, and professional environments.

Figure 3.1: Sign language example

SLR systems begin by capturing visual data using cameras or sensors, which is then
processed to identify and isolate key features such as movements, hand shapes, facial expres-
sions, and body postures. Advanced computer vision technologies, such as deep learning
methods including CNNs and RNNs [9], are employed to examine these features and rec-
ognize patterns associated with specific signs. These patterns are then converted into their
corresponding meanings or equivalents in spoken language.

The field of SLR faces several challenges, including the variability of signing styles
across individuals, the complexity of simultaneous hand and body movements, and the need
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to incorporate contextual information. Another significant challenge is the creation of large,
annotated datasets that reflect the diversity of sign languages, which is both crucial and
difficult. Despite these obstacles, advancements in deep learning and the availability of
enhanced computational resources have led to notable progress in the field, resulting in more
precise and reliable SLR systems.

The potential applications of SLR are vast, ranging from automated sign language in-
terpreters [75] and educational resources for learning sign language [76] to improved human-
computer interactions for the deaf community. Ongoing advancements in SLR technology
continue to promote greater inclusion and accessibility, contributing significantly to a more
equitable society.

3.2. Sign Language Recognition Datasets
Studies in the field of SLR are divided into three types based on the variety of datasets

they focus on: letter recognition [77], word recognition [78], and continuous sign language
recognition [9]. Alphabet recognition attempts to recognize a single letter in sign language,
word recognition attempts to recognize a single word, and continuous sign language recog-
nition aims to recognize one or more sentences expressed in sign language as used in real
life. Examples of these datasets will be given in the following paragraphs.

An example of a dataset [7] used for letter recognition is given in Figure 3.2. Here,
samples from the 5 instances for each letter are provided. Sign language letter datasets
typically include attributes such as images or videos of hand gestures representing letters of
the alphabet. These datasets capture variations in hand shapes, orientations, and movements,
often under different lighting conditions and backgrounds. Key attributes include the position
of the hand relative to the body, finger configurations, and sometimes the use of both static
and dynamic gestures.

Figure 3.2: Sign language letter recognition dataset example [7]

Sign language word datasets are essential for building effective SLR systems. An
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illustration of such a dataset [8] used for word recognition is presented in Figure 3.3, featur-
ing signers in varying backgrounds, lighting conditions, and appearances. These datasets are
typically composed of video recordings or image sequences that depict individuals executing
sign language gestures. Each dataset entry is labeled with the corresponding sign language
words or phrases, serving as a ground truth for training and testing machine learning models.
Key attributes of these datasets include a wide variety of signers to accommodate differ-
ences in signing styles and speeds, high-definition video to capture clear hand and finger
movements, and an extensive vocabulary that encompasses a broad range of sign language
words.

Figure 3.3: Example of sign language word recognition dataset [8]

Figure 3.4: Example of continuous SLR dataset [9]

Datasets for continuous SLR are vital for progressing the automated interpretation
of seamless sign language interactions. An example of a dataset [9] used for this, taken
from real-life scenarios, is shown in Figure 3.4. This dataset is derived from sign language
videos featured on German television. These datasets usually consist of video recordings
showing signers executing long sequences of signs in a manner that reflects natural, fluid
communication. Important features of these datasets include high temporal resolution to
capture the smooth transitions between signs and precise annotations that mark the beginning
and end of each sign in the ongoing sequence. Such annotations are critical for training
models to accurately segment and identify individual signs. The datasets typically include
several signers to incorporate variation in signing styles, speeds, and personal nuances, which
helps improve the generalizability of recognition systems. High-definition video quality
is crucial for clearly depicting complex hand, facial, and body movements. Additionally,
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extensive metadata, including details about the signers, recording conditions, and contextual
background, aids in developing robust models suited for various real-world environments.
The presence of multiple sign languages and dialects in these datasets also enhances their
applicability across different linguistic and cultural settings.

3.3. Zero-Shot Sign Language Recognition
Unlike traditional SLR systems that rely on a large amount of training data to make

predictions, ZSSLR attempts to define unseen classes during the training phase. The overall
ZSSLR approach is illustrated in Figure 3.5. In this approach, visual data and sign language
class descriptions are taken as input, and features are extracted from these inputs using var-
ious methods. Extracted features presents two feature spaces: a visual feature space and
a semantic feature space. The visual feature space is transformed into the semantic feature
space by calculating the compatibility matrix with various ZSL recognition methods found in
the literature and performing matrix multiplication with the visual feature matrix. The clos-
est class within the semantic feature space, pre-positioned by semantic feature extraction, is
predicted as our class. Thus, the system can identify classes that were not seen during the
training phase.

Visual
Data

Sign Language
Class Descriptions

Visual Feature 
Extractor

Semantic 
Feature Extractor

Visual
Feature
Space

Semantic
Feature
Space

𝐶1𝑎 ⋯ 𝐶𝑛𝑎
⋮ ⋱ ⋮
𝐶1𝑧 ⋯ 𝐶𝑛𝑧

Compatibility
Matrix

Sample 2 Sample 3

Sample 4

Sample 1

Class 1
Class 2

Class 3

Class 4

Sample 1

Best
Matching

ZSL
Recognition

Matrix
Multiplication

Figure 3.5: General ZSSLR approach

3.4. Difference Between ZSL and GZSL Settings
The thesis results are analyzed in two different frameworks: ZSL and GZSL, mak-

ing it essential to comprehend the distinctions between them. ZSL focuses on classifying
items from classes not present during the training period, utilizing supplementary data such
as attributes or textual descriptions to extrapolate knowledge about these unseen classes.
For example, a model trained with images of cats, dogs, and birds, but not horses, can still
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recognize a horse given sufficient semantic details about horses. On the other hand, GZSL
enhances ZSL’s capabilities by identifying both unseen and seen classes in the same test
set. Using the previous example, a GZSL model would correctly classify images of known
classes like cats, dogs, and birds, and also categorize an unseen class like horses, thus distin-
guishing between all classes regardless of their exposure during training. Essentially, ZSL is
designed to identify classes unseen during training, whereas GZSL is developed to recognize
both seen and unseen classes using the same training data and semantic input.
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4. METHODS

In this section, the ZSSLR methods, for which better results were achieved by devel-
oping visual and textual representations, will be explained. As seen in Figure 4.1, the applied
ZSSLR method encompasses three distinct stages. Initially, the visual embedding stage in-
volves obtaining the visual representation through various techniques. Following this, the
auxiliary embedding stage is concerned with acquiring the textual representation using a
specific architecture. The final stage, known as the ZSL recognition method, employs trans-
fer learning. Once both the visual and auxiliary embeddings are obtained, classification is
conducted utilizing the ZSL recognition method. Details of the methods performed in these
stages can be found in the following paragraphs.
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Figure 4.1: General workflow

4.1. Hand and Pose Based Feature Representation
The aim here is to achieve a feature representation that will ensure the distinction

between classes. For this purpose, a method has been developed that uses body stream,
individual streams for the right and left hands, stream that includes both hands, as well as
pose and hand landmarks. This thorough approach ensures a detailed understanding of the
data, leading to better feature representation.

Due to its state-of-the-art (SOTA) success in recent benchmarks, MviTv2 [21] has
been used for feature extraction from body and combined hand streams. It is believed that

18



using such an architecture for feature extraction will improve performance. After extracting
these features, Bi-LSTM is applied to capture temporal dependencies. For the separate right
and left hand streams, the ResNeXt [20] architecture, pre-trained on the HaGRID[1] dataset,
is applied to extract different features of individual single hands. The ResNeXt architecture
trained on the HaGRID dataset is chosen because it was pre-trained on hand images and can
model hand positions well. Features are extracted from each frame of the video and stacked.
To extract the features that best match the overall model derived from these stacked images,
1D-CNN and self-attention mechanisms are applied.

MediaPipe [79] was used for the extraction of right, left and both hand streams and
landmark data. It is an advanced open-source framework designed for the creation of mul-
timodal applied machine learning pipelines, encompassing audio, video, and sensor data
processing. It is particularly renowned for its effectiveness in media processing and com-
puter vision applications. The framework is distinguished by its modular and graph-based
architecture, enabling the efficient flow and transformation of data through various process-
ing nodes. This architectural design ensures a high degree of customizability and scalability,
catering to a wide spectrum of applications. Moreover, it offers extensive cross-platform
support, including desktop, mobile, and edge devices, facilitated by its platform-agnostic
APIs and optimized utilization of hardware acceleration, such as GPU processing. Addi-
tionally, it is equipped with a variety of pre-built solutions and machine learning models for
standard tasks like face detection, hand tracking, and pose estimation, which are optimized
for performance and ease of integration. For extraction processes, MediaPipe’s hand and
pose landmarks extraction capabilities were used, as shown in Figure 4.2 and Figure 4.3, and
a modified extraction process for stream and landmark data.

Figure 4.2: Extracted hand landmarks and their indices

For single hand streams such as the right or left hand, a bounding box was determined
for each frame of the video by taking the largest and smallest values of the landmarks on the
x or y axes. The same algorithm was also used when extracting streams involving two hands.
For pose landmarks, those corresponding to the shoulder, arm, and hand landmarks seen in
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Figure 4.3: Extracted pose landmarks and their indices

Figure 4.3, specifically numbers 11-22, were used. For hand landmarks, all landmarks of
both hands seen in Figure 4.2 were combined.

HaGRID [1], is a specialized dataset designed explicitly for the task of hand gesture
recognition. It comprises a large collection of annotated images that capture a diverse range
of hand gestures, making it a valuable resource for training and evaluating hand gesture
recognition models. The dataset is characterized by its variety both in terms of the gestures
it includes and the conditions under which the images were captured. This includes variations
in background, lighting conditions, and hand positions, as well as differences in hand shapes
and sizes among individuals. Such diversity ensures that models trained on HaGRID can
generalize well across a wide range of real-world scenarios. The dataset includes annotations
that not only label the type of gesture but also provide bounding box information for the
location of the hands in each image. This level of detail is crucial for training accurate and
efficient hand gesture recognition models, particularly in applications where precise hand
position and movement are critical.

In implementing the ResNeXt [20] architecture for processing the HaGRID [1] dataset,
specific adaptations are typically made to cater to the nuances of hand gesture recognition.
ResNeXt, known for its modularized architecture that extends the ResNet [80] model by inte-
grating parallel convolutional pathways within its layers, offers enhanced feature extraction
capabilities. This architecture, characterized by its ’cardinality’ or the number of parallel
paths, allows for more complex and varied feature representations, which is beneficial for
the intricate task of hand gesture recognition. By leveraging these parallel pathways, the
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Table 4.1: F1-scores of the evaluated models on HaGRID [1]

Model F1-score

MobileNetV3_small 86.4
MobileNetV3_large 91.9
VitB16 91.1
ResNet18 97.5
ResNet152 95.5
ResNeXt50 98.3
ResNeXt101 97.5

ResNeXt model can effectively capture the subtleties and variations in hand gestures pre-
sented in the HaGRID dataset. Each pathway can learn different aspects of the gestures,
such as the orientation of fingers, the shape of the hand, and the contextual information from
the surrounding environment. This leads to a more robust and nuanced understanding of
hand gestures, enabling the development of highly accurate recognition systems. When ap-
plied to HaGRID, a ResNeXt-based model can exploit its deep and complex architecture to
effectively handle the variability and complexity inherent in human hand gestures, making it
an ideal choice for advanced gesture recognition tasks. The models tested on the HaGRID
dataset by Alexander et al.[1] are shown in Table 4.1.The reason for choosing the ResNeXt50
model among these models is that it has the highest F1-score. The 18 classes in the HaGRID
dataset can be seen in Figure 4.4.

Figure 4.4: HaGRID [1] classes

MViTv2 [21] is an advanced neural network architecture that builds upon its predeces-
sor, MViT (Multiscale Vision Transformers) [81], which was designed for visual recognition
tasks. This architecture is specifically engineered to address the computational inefficiencies
and scalability limitations of the original MViT model. MViTv2 introduces key modifica-
tions such as a more efficient tokenization process, refined multiscale feature extraction, and
enhanced attention mechanisms. The fundamental principle of MViTv2 lies in processing
visual inputs at multiple scales, enabling the model to capture both fine-grained details and
global contextual information effectively. This multiscale strategy is vital for handling com-
plex visual challenges such as object detection, image classification, and segmentation.
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In terms of operational mechanics, MViTv2 [21] starts by partitioning the input image
into a sequence of non-overlapping patches. These patches are then linearly embedded into
tokens. Unlike its predecessor, MViTv2 employs a hierarchical structure where the number
of tokens is progressively reduced while increasing their feature dimensions at deeper layers
of the network. This hierarchical tokenization allows for efficient computation and reduces
the memory footprint, addressing a significant challenge in the original MViT design. The
core of MViTv2 is its enhanced transformer block, which incorporates an improved atten-
tion mechanism. This mechanism dynamically adjusts the attention span at different layers,
allowing the model to focus on more relevant features at various scales. The network also
integrates a novel pooling strategy to fuse multiscale features effectively. This combination
of hierarchical tokenization, dynamic attention, and multiscale pooling results in a powerful
and computationally efficient architecture, making MViTv2 particularly adept at handling a
wide range of visual recognition tasks with high accuracy and speed.

Pose landmarks have been processed with ST-GCN [10] to better extract spatial and
temporal relationships. Hand landmarks, on the other hand, have been further processed
with Bi-LSTM to improve the model’s understanding of temporal information. ST-GCN
uses skeleton sequences to create a spatio-temporal graph and applies graph convolutional
operations on this graph to capture dynamic human movements. This method teaches the
model the temporal dependencies of hand and pose joints more effectively and better deter-
mines their positional changes.

ST-GCN [10] is a pioneering approach in the domain of graph-based neural networks,
specifically tailored for analyzing spatial-temporal data, such as human actions captured
through skeletal landmarks. The fundamental architecture of ST-GCN is designed to process
data that is inherently graph-structured and evolves over time. As can be seen on Figure
4.5, blue dots represent the body joints, the edges within the body, connecting these joints,
are determined by the inherent linkages in the human anatomy. Additionally, edges between
frames link identical joints across successive frames. This graph structure encapsulates the
spatial configuration of the body joints, while the sequence of movements over time forms the
temporal dimension. The innovation of ST-GCN lies in its ability to simultaneously process
and learn from both these spatial and temporal dimensions, which is crucial for accurately
recognizing and interpreting human actions.

The operation of ST-GCN [10] on landmark data involves a series of spatial and tem-
poral graph convolutional layers. In the spatial domain, ST-GCN applies graph convolution
to the skeletal graph at each time frame. This convolutional process involves aggregating
features from neighboring nodes based on the graph structure, allowing the network to learn
spatial features representative of the body’s pose and configuration at each moment. In ad-
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Figure 4.5: ST-GCN [10] nodes and joints

dition to spatial convolutions, the model also includes temporal convolutions that aggregate
features across consecutive time frames. This temporal aspect enables ST-GCN to capture
the dynamics of human motion over time. The interplay between spatial and temporal con-
volutions allows ST-GCN to construct a comprehensive feature representation of human ac-
tions, accounting for both the position and connectivity of joints at each moment and their
evolution throughout the action sequence. This dual convolution approach makes ST-GCN
particularly effective for tasks like action recognition, gait analysis, and any other applica-
tions where understanding the complex interplay between spatial configurations and tempo-
ral dynamics of human movements is critical. The working logic of ST-GCN on landmark
data can be seen on Figure 4.6. Several layers of ST-GCN will be utilized, progressively
creating more advanced feature maps on the graph.

Figure 4.6: ST-GCN [10] working logic

4.2. Hand and Pose Based Feature Selection
The purpose of the applied hand and pose-based feature selection is to enable the model

to select the best hand and pose features that can improve the overall model performance. To
process the ResNeXt [20] features, combination of 1D-CNN and self-attention are utilized.
Given S is the size of the kernel and cin is the input channel id, 1D-CNN output Y at the
output channel j for a given position t, yj[t] can be calculated as:

yj[t] = g(bj +

cin−1∑
i=0

S−1∑
h=0

Wj,i,m · Ei[t+ h]) (4.1)
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where bj is the bias term for output channel j, g stands for the activation function, Wj,i,m is
the weights of the kernel at output channel j, input channel i and kernel positionm. Ei[t+h]
is the ResNeXt feature matrix at channel i and position t+ h.

Self-attention query Q, key K and value V from 1D-CNN output Y are calculated as:

Q = YWQ, K = YWK , V = YWV (4.2)

where WQ, WK and WV is the learnable projection matrices for query, key and value, re-
spectively. The self-attention output O are calculated as follows:

O = softmax

(
QKT

√
dK

)
V (4.3)

where KT is the transpose of K weight matrice and dK is the dimension of key vectors. The
softmax function is applied to convert scores into probabilities, ensuring that the sum of the
probabilities equals 1. Or and Ol output matrices were extracted from Er right hand, and El
left hand ResNeXt [20] features, respectively.

Bi-LSTM method enables the network to capture context from both past and future
states, enhancing its capability to learn spatial and temporal sequence dependencies. It is
applied to MViTv2 [21] body and hand features, resulting in Bb and Bh, respectively, which
were extracted with stride 4 and stacked. Moreover, Bi-LSTM is utilized to extract essential
information from hand landmarks, producing BHl.

ST-GCN [10] is employed to capture spatial and temporal dependencies from landmark
data. Initially, the graph G = (V,E) were constructed, where V represents a set of vertices
and E represents a set of edges. This process is repeated for each time frame to incorporate
temporal data. In ST-GCN, three methods are employed to determine the order of vertex
multiplications, involving subsets of vertices known as layers. For calculating the spatial-
temporal graph convolution µ(l+1) at label (l + 1):

µ(l+1) =
N∑
n=1

Θ(l)
n

(
D

− 1
2

n AnD
− 1

2
n

)
µ(l) (4.4)

Here, An is the adjacency matrix between vertices representing different types of relation-
ships in layer l, µ(l) denotes the feature matrix at layer l, Dn is the diagonal degree matrix
corresponding to An, Θ(l)

n represents the weights at layer l for the n-th type of connection,
and N is the total number of subgraphs considered.
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4.3. Data Grading Methodology
Data grading has been employed due to the extraction of features using various meth-

ods from a wide array of data types, including landmark and video data. This process allows
the model to identify and select the most effective features for recognition task. Similar to
Equation 4.3, self-attention were applied with a slight modification. Initially, the features
derived from different methods are concatenated to form Z:

Z = Join(Or, Ol, Bb, Bh, BHl, µ) (4.5)

where Or and Ol represent the 1D-CNN and self-attention output from the right and left
hand ResNeXt [20] features, respectively. Bb and Bh denote the Bi-LSTM output from the
body and hand MViTv2 [21] features, while BHl and µ signify the Bi-LSTM and ST-GCN
[10] output from the hand and pose landmarks, respectively. Therefore, Z ∈ Rp×d, where p
indicates the number of methods and d represents the number of features.

Learnable weight matrices Wϕ, Wκ, and Wψ are incorporated to transform input fea-
tures into query ϕ, key κ, and value ψ components, which are essential for self-attention.
These matrices are designed to dynamically capture and model the relationships between
different elements within the data. The query matrix Wϕ identifies the elements to focus on,
the key matrix Wκ determines the compatibility or relevance of the elements, and the value
matrixWψ adjusts the output based on the identified relationships. By learning these matrices
during the training process, the model can adaptively weigh the importance of various data
features, allowing for a more nuanced and accurate representation of complex data types.
This dynamic weighting is particularly beneficial in handling heterogeneous data sources, as
it enables the model to prioritize relevant information, improving the overall performance
of feature extraction and subsequent tasks in ZSSLR. These matrices project d-dimensional
feature vectors into d′-dimensional vectors as specified in Equation 4.2, substituting Y with
the concatenated feature matrix Z, such that ϕ = ZWϕ, κ = ZWκ, and ψ = ZWψ. Here,
ϕ, κ, and ψ belong to Rp×d′ . The attention weights are computed by normalizing the dot
products of ϕ and κ using the softmax function, which highlights the significance of each
feature:

A = softmax

(
ϕκT√
d′

)
(4.6)

where A ∈ Rp×p represents the attention matrix, with each element aij indicating the in-
fluence of feature j on feature i. Subsequently, the value matrices are combined with the
attention weights:

ν = Aψ (4.7)

where ν ∈ Rp×d′ is the matrix of weighted features post-attention, forming visual embedding
matrix. This encapsulates thesis approach for visual embedding learning.
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4.4. Sign Description Modelling
The language embedding vector matrix for all classes, which stand for as L, is derived

from the written descriptions of visual signs using the advanced language model CLIP [22],
as illustrated in Figure 4.7. CLIP is a powerful model designed for ZSL, utilizing natural
language to associate with visual concepts it has either learned in the past or can describe
new ones. This functionality enables CLIP to be applied to a wide range of tasks without
needing specific prior training, representing a notable improvement over traditional models
such as word2vec [82], GloVe [83], and BERT [49]. Unlike these earlier models, CLIP’s key
strengths are its context-aware embeddings and versatility. Moreover, it is important to note
that the training of these embeddings, alongside the compatibility function, is executed in a
seamless end-to-end process.

CLIP [22], developed by OpenAI, is an advanced neural network architecture that
marks a significant progression in zero-shot learning technologies. It is engineered to inte-
grate and understand both textual and visual data seamlessly. The architecture includes two
main components: a text encoder and an image encoder. The text encoder, usually based on
Transformer technology, transforms input text into vectors within a high-dimensional space.
The image encoder, which may be either a Vision Transformer (ViT) [84] or a ResNet-based
[80] model, processes images to map them into the same vector space. The fundamen-
tal concept of CLIP involves training these encoders together using a contrastive learning
approach. This method trains the model to link images with relevant textual descriptions
effectively. The training process uses a large, varied dataset of image-text pairs, teaching the
model to increase similarity between vectors of matching pairs and decrease similarity for
non-matching pairs.

The capability of feature extraction in CLIP [22] significantly enhances the accuracy of
zero-shot learning models. CLIP achieves this by leveraging its generalized representations
of images and text. Since both encoders map inputs into a shared embedding space, CLIP
can compare and relate any given text to any image, even if the specific content was not
part of its training data. For instance, when presented with a new category described in text,
CLIP can effectively identify and relate this description to relevant images, despite never
having seen labeled examples of this category. This flexible and robust feature extraction
enables CLIP to perform remarkably well in zero-shot scenarios, where traditional models
would struggle without explicit training data. This approach also allows for a wide range of
applications, from content-based image retrieval to novel object recognition, making CLIP a
versatile tool in bridging the gap between visual and linguistic understanding.

The respective encoders generate the feature embeddings for both the image and the
possible texts. These embeddings’ cosine similarity is computed, adjusted by a temperature
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Figure 4.7: CLIP architecture workflow

parameter, and converted into a probability distribution using a softmax function. This setup
functions as a multinomial logistic regression classifier that employs L2-normalized inputs
and weights, without a bias, and incorporates temperature scaling. This method is known as
the contrastive approach.

4.5. Zero-shot Sign Recognition
Label embedding-based approach [85], [86] was adopted as a component for ZSL, as

depicted in Figure 4.1. Specifically, LLE [3] focuses on determining a compatibility ma-
trix that adjusts video feature embeddings with semantic class embeddings, such as textual
descriptions. This method employs a logistic model to predict the likelihood of a video
belonging to a particular class, utilizing a cross-entropy loss function for optimization. Reg-
ularization is applied to prevent overfitting, thereby promoting the acquisition of generalized
representations that bridge the inconsistency between observed and unobserved sign classes.

First, the compatibility score s was computed between the visual embedding matrix ν
and the learned language embedding of label l:

s(ν, l) = α(Wν + ρ)Tyl (4.8)

whereW represents the learnable compatibility matrix, α represents the non-linear activation
function, ρ is the bias term, and yl is the label embedding at layer l. Next, the probability of
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each label was calculated by:

P (l|ν) = exp(s(ν, l))∑
l′∈L exp(s(ν, l

′))
(4.9)

where L comprises both seen and unseen labels. The sample is then classified into the class
that has the highest probability.
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5. EXPERIMENTS

5.1. Implementation Details
In the latest experiment, the proposed architecture, which is the applied method, is

shown in Figure 4.1. In this section, the details of the experiments conducted will be pro-
vided.

First, input data were extracted from the MS-ZSSLR-W/C [3] and ASL-Text [2] datasets.
Using MediaPipe [79], separate streams were extracted from the body stream, including left
and right hands, a combined stream of both hands, and pose and hand landmark data. Fea-
tures were extracted and stacked for each frame from the different streams of the left and
right hands using the ResNeXt [20] architecture pre-trained on the HaGRID [1] dataset, with
the frame count kept at 32 and a stride of 4. Similarly, features were extracted from the body
and combined hand streams using the MViTv2 [21] architecture. Pre-trained ResNeXt50
model were employed, which achieved a 98.3 F1 score on the HaGRID dataset [1]. Addi-
tionally, MViTv2-S pre-trained model were used, sized at 16x4, which attained an 81.0%
accuracy on the Kinetics-400 dataset [87].

To optimally select the features that could best impact overall model performance, 1D-
CNN and self-attention were applied to the ResNeXt [20] features. Bi-LSTM was applied
to the body and combined hand streams to extract spatial and temporal features and ensure
better model alignment. Additionally, while Bi-LSTM was applied to the hand landmarks,
ST-GCN [10] was applied to the pose landmarks. Only shoulder and hand landmarks were
taken from MediaPipe for the pose landmarks. The adjacency matrices for the landmark
nodes required for ST-GCN were manually extracted from the MediaPipe documentation
and integrated into the model. Finally, due to the large amount of data and methods used,
data grading was performed with self-attention.

To extract textual features, CLIP [22] architecture was used, which focuses on sentence-
based features with a length of 768. Given the CLIP implementation’s restriction of 77 words
per class without fine-tuning, maximum number of words in sign class descriptions were lim-
ited to 77. CLIP-ViT-L/14-336px model were utilized, known for its superior performance
across various datasets [22]. Due to the variations in the results obtained from ZSL, five
experiments were conducted with the same parameters, and the average was taken.

GZSL experiments were conducted on all datasets using the architecture shown in Fig-
ure 4.1. For this purpose, the datasets were partitioned separately, which will be detailed
in the dataset section. Additionally, ZSL experiments were conducted using the binary at-
tributes [3] of the datasets. In these experiments, the CLIP [22] architecture’s contrastive
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approach was tested, but promising results were not obtained.

The model’s performance was assessed using the top-n accuracy metric, which consid-
ers a prediction correct if the actual label is within the top-n predictions sorted by confidence.
Specifically, Top-1 accuracy were used to determine if the model’s highest-confidence pre-
diction matches the correct answer exactly. Additionally, Top-2 and Top-5 accuracy metrics
were utilized to check if the true label is within the model’s top two or five predictions, re-
spectively. This approach is necessary due to the large number of classes, totaling 50, in the
test split of our datasets. To further evaluate performance, the Area Under the Curve (AUC)
metric was utilized to differentiate between positive and negative classes. For this multi-class
classification task, One-vs-Rest (OvR) approach was adopted for calculating the AUC score.
In this method, the class of interest is treated as the positive class while all other classes are
considered negative. Average AUC score was reported across all classes. Additionally, to
provide a clearer understanding of our method’s effectiveness, changes in classifier loss and
performance over epochs were graphically depicted.

5.2. Datasets
In this study, three datasets were used: ASL-Text [2], MS-ZSSLR-W, and MS-ZSSLR-

C [3]. The ASL-Text dataset was derived from the ASLLVD [88] dataset. From ASLLVD,
250 classes with the highest number of signers and samples were selected. These classes
were split into training, validation, and test sets, and the necessary textual descriptions for
Zero-Shot Learning (ZSL) were extracted for each class. In Figure 5.1, visual examples
of the ASL-Text dataset and class definitions can be seen. The class definitions include
expressions like “S Hand” and “O Hand,” which are terms found in the American Sign
Language Hand Shape [89] Dictionary.

Figure 5.1: Examples of ASL-Text [2] dataset visual samples and class descriptions

The MS-ZSSLR-W/C datasets originated from the MS-ASL [90] dataset. Similarly to
the ASL-Text dataset creation, 200 classes with the most signers and examples were chosen
from the MS-ASL dataset. Textual descriptions for each class were extracted while dividing
the dataset into training, validation, and test sets. The MS-ZSSLR-W dataset includes lin-
guistic variations, making it more effective for modeling real-life scenarios. In contrast, the
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MS-ZSSLR-C dataset lacks these variations, providing a benchmark in a more controlled and
pristine environment. As can be seen in Figure 5.2, the visual examples in MS-ZSSLR-W/C
were taken in an uncontrolled environment.

Figure 5.2: Examples of MS-ZSSLR-W/C [3] visual samples and class descriptions

The ASL-Text dataset contains 250 classes for ZSL experiments, which are divided
into 170, 30, and 50 classes for training, validation, and testing, respectively. The MS-
ZSSLR-W/C datasets contain 200 classes for ZSL experiments, divided into 120, 30, and 50
classes for training, validation, and testing, respectively. For GZSL experiments, the valida-
tion and test splits from the ZSL experiments were retained, with additional classes added.
For the ASL-Text dataset, 170, 200, and 220 classes were used for training, validation, and
testing, respectively, in GZSL experiments. For the MS-ZSSLR-W/C datasets, 120, 150,
and 170 classes were used for training, validation, and testing, respectively, in GZSL exper-
iments. In the MS-ZSSLR-W/C experiments conducted using binary attributes, the binary
attributes were extracted from the American Sign Language Hand Shape [89] Dictionary.

In ZSL setting the ASL-Text dataset is composed of 1188 videos for training, 151 for
validation, and 259 for testing. In contrast, the MS-ZSSLR-W/C datasets are substantially
larger. The MS-ZSSLR-W dataset consists of 5862 videos for training, 1153 for validation,
and 1846 for testing. Similarly, the MS-ZSSLR-C dataset includes 7303 training videos,
1368 validation videos, and 1779 test videos. Overall, the ASL-Text dataset comprises 1598
samples, the MS-ZSSLR-W dataset contains 8861 samples, and the MS-ZSSLR-C dataset
includes 10450 samples. The training set for all these datasets was divided in the ratio of
6:2:2 for the train, validation, and test sets in the GZSL setting.

Unlike regular learning datasets, in datasets created for ZSL, the validation and test
classes are different. While creating these datasets, classes containing similar actions were
chosen for the selection of validation and test classes.

Providing text descriptions during the testing phase might be seen as a limitation for
real-world applications. However, these descriptions are extracted beforehand, so they can
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be considered somewhat like class labels, even if not exactly so. Moreover, extracting de-
scriptions is easier than labeling dozens of videos because they are extracted for classes, not
for individual samples. Although providing text descriptions during the testing phase is in-
deed a limitation, it can be considered a smaller restriction compared to labeling dozens of
videos.

5.3. Results
Various experiments were conducted using different data sources to assess the effec-

tiveness of the proposed model for ZSL setting. These sources are detailed in Table 5.1.
In the first experiment, only MViTv2 [21] hand features were utilized. The second exper-
iment focused solely on MViTv2 body features. The third experiment combined MViTv2
hand and body features. The fourth experiment incorporated MViTv2 features along with
pose and hand landmark data. In the fifth experiment, the landmark data were excluded, and
ResNeXt [20] features for the right and left hands were added. The sixth experiment rein-
troduced pose landmark data in addition to the features used in the fifth experiment. Finally,
the seventh experiment employed all available data sources.

Table 5.1: Landmarks and features used in experiments

Experiment #
MViTv2 Body

Stream Features
MViTv2 Hand

Stream Features
Pose

Landmarks
Hand

Landmarks
Right Hand

ResNeXt Features
Left Hand

ResNeXt Features

#1 ✓
#2 ✓
#3 ✓ ✓
#4 ✓ ✓ ✓ ✓
#5 ✓ ✓ ✓
#6 ✓ ✓ ✓ ✓
#7 ✓ ✓ ✓ ✓ ✓ ✓

The results from the ASL-Text dataset in the ZSL setting are shown in Table 5.2. In
Experiment#1, where only MViTv2 hand features were used, the results on the validation
set for Top-1, Top-2, and Top-5 were 17.62, 26.78, and 54.67, respectively. On the test set,
the results for Top-1, Top-2, and Top-5 were 22.46, 30.77, and 47.18, respectively with an
average AUC score of 0.68. The higher test results compared to the validation results suggest
that the discrepancy may be due to the test set results being randomly assigned. This outcome
could indicate that the model’s performance on the test set is not necessarily reflective of its
true ability to generalize to unseen classes but rather a consequence of the specific data points
included in the test set.

In Experiment#2, where only MViTv2 body features were used, the results on the vali-
dation set for Top-1, Top-2, and Top-5 were 23.87, 31.2, and 50.84, respectively. On the test
set, the results for Top-1, Top-2, and Top-5 were 18.12, 26.8, and 45.33, respectively with an
average AUC score of 0.68. In this experiment, the test results did not exceed the validation
results, indicating that the anomaly observed in Experiment#1, where the test results were
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Table 5.2: Results obtained from ASL-Text dataset

Experiment #
Val (30 classes) Test (50 classes) Average

AUC ScoreTop-1 Top-2 Top-5 Top-1 Top-2 Top-5

#1 17.62 26.78 54.67 22.46 30.77 47.18 0.68
#2 23.87 31.2 50.84 18.12 26.8 45.33 0.68
#3 23.58 34.96 60.91 21.89 30.53 50.71 0.74
#4 26.09 35.51 57.95 21.22 30.38 45.48 0.72
#5 21.98 32.36 56.49 17.89 27.55 43.11 0.73
#6 23.98 34.18 56.11 18.52 29.56 48.15 0.71
#7 24.31 34.8 59.64 22.76 32.83 50.15 0.71

unexpectedly high, is not present here. Therefore, the previous concerns about the random
assignment of test results do not apply to this experiment. However, despite the more con-
sistent performance between the validation and test sets, it is important to note that the test
results still did not surpass the performance of the current SOTA methods. This suggests that
while the model’s generalization capability may be more reliable in this experiment, there is
still room for improvement in achieving or exceeding the performance levels set by existing
approaches.

In Experiment#3, where MViTv2 hand and body features were used, the results on the
validation set for Top-1, Top-2, and Top-5 were 23.58, 34.96, and 60.91, respectively. On the
test set, the results for Top-1, Top-2, and Top-5 were 21.89, 30.53, and 50.71, respectively
with an average AUC score of 0.74. The incorporation of hand features alongside body fea-
tures produced validation results that were comparable to those observed in Experiment#2,
indicating a consistent performance during the validation phase. However, the inclusion
of hand features significantly enhanced the model’s performance on the test set, leading to
better outcomes than those achieved in the previous experiment. This improvement in the
test set results suggests that the combined use of hand and body features enables the model
to capture more nuanced and discriminative information, which is particularly effective in
handling unseen data during testing.

In Experiment#4, which included hand and body features along with hand and pose
landmarks, the results on the validation set for Top-1, Top-2, and Top-5 were 26.09, 35.51,
and 57.95, respectively. On the test set, the results for Top-1, Top-2, and Top-5 were 21.22,
30.38, and 45.48, respectively with an average AUC score of 0.72. The inclusion of landmark
data resulted in the highest success rates observed in the validation set across all experiments.
This indicates that the model was able to leverage the additional spatial information provided
by the landmarks to improve its accuracy during validation. However, despite this notable
improvement in the validation phase, the addition of landmark data did not lead to a sig-
nificant change in the test set results. This suggests that while landmark data can enhance
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performance during model tuning and validation, its impact may be limited when applied
to unseen test data. The lack of substantial improvement in the test set indicates that other
factors, such as overfitting to the validation set or insufficient diversity in the training data,
may be influencing the model’s ability to generalize effectively.

In Experiment#5, where only MViTv2 body features and ResNeXt hand features were
used, the results on the validation set for Top-1, Top-2, and Top-5 were 21.98, 32.36, and
56.49, respectively. On the test set, the results for Top-1, Top-2, and Top-5 were 17.89,
27.55, and 43.11, respectively with an average AUC score of 0.73. The model was enhanced
by incorporating the ResNeXt architecture in addition to the MViTv2 body features that
were exclusively used in Experiment-2. Despite this combination of ResNeXt with MViTv2,
the results on the test set remained similar to those obtained in Experiment#2, where only
MViTv2 body features were employed. This outcome suggests that the addition of ResNeXt
did not lead to a significant improvement in the model’s ability to generalize to unseen data,
at least in the context of this specific experiment. While the ResNeXt architecture is known
for its robustness and ability to capture complex patterns, its integration with MViTv2 body
features did not translate into a noticeable enhancement in test performance. This indicates
that, for this task, the features extracted by MViTv2 may already be capturing most of the
critical information needed for recognition, and the ResNeXt architecture did not substan-
tially augment this capability.

In Experiment#6, where pose landmarks were added to the resources used in Experi-
ment#5, the results on the validation set for Top-1, Top-2, and Top-5 were 23.98, 34.18, and
59.64, respectively. On the test set, the results for Top-1, Top-2, and Top-5 were 18.52, 29.56,
and 48.15, respectively with an average AUC score of 0.71. The model was evaluated using
a combination of ResNeXt features, MViTv2 body features, and pose landmarks. However,
the results obtained were similar to those from Experiment#2, where only MViTv2 body
features were utilized. This similarity in outcomes suggests that the additional ResNeXt
features and pose landmarks did not contribute significantly to improving the model’s per-
formance on the test set. The lack of substantial improvement indicates that the information
captured by ResNeXt and pose landmarks may be redundant or less relevant in the context of
this particular task. Additionally, due to the small size of the dataset, the spatial and temporal
dependencies captured by the ResNeXt and pose landmark data are minimal.

Experiment-7, which integrated all available data and features, emerged as the most
successful approach in the series of experiments, achieving the highest performance on the
test dataset. The model’s comprehensive use of diverse data sources and feature types al-
lowed it to capture a wide range of discriminative information, leading to superior results.
For the validation dataset, it achieved Top-1, Top-2, and Top-5 accuracies of 24.31, 34.8, and
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59.64, respectively. On the test dataset, the corresponding accuracies were 22.76, 32.83, and
50.15. Additionally, the average AUC score for the test dataset was 0.71.

The results on the MS-ZSSLR-W dataset are shown in Table 5.3. In Experiment#1,
where only MViTv2 hand features were used, the results on the validation set for Top-1,
Top-2, and Top-5 were 21.01, 32.31, and 58.09, respectively. On the test set, the results for
Top-1, Top-2, and Top-5 were 10.71, 18.4, and 35.37, respectively with an average AUC
score of 0.71. This outcome suggests that relying solely on hand features may not provide
sufficient discriminative power for the task of ZSSLR. The limited performance indicates that
while hand movements are crucial for understanding sign language, they may not capture
the full range of necessary information on their own, leading to suboptimal results. The
findings from this experiment highlight the importance of considering additional features or
data modalities to improve the model’s accuracy and robustness, as the hand features alone
do not seem to offer a comprehensive solution for effective ZSSLR on the MS-ZSSLR-W
dataset.

Table 5.3: Outcomes derived from MS-ZSSLR-W dataset

Experiment #
Val (30 classes) Test (50 classes) Average

AUC ScoreTop-1 Top-2 Top-5 Top-1 Top-2 Top-5

#1 21.01 32.31 58.09 10.71 18.4 35.37 0.71
#2 24.13 34.81 59.02 13.02 21.26 38.21 0.72
#3 25.09 37.44 63.69 14.11 23.74 42.6 0.74
#4 28.15 42.83 67.89 14.37 23.26 41.3 0.74
#5 26.68 39.03 62.65 14.43 22.56 40.33 0.71
#6 25.39 38.57 65.96 14.37 22.38 39.15 0.72
#7 28.7 42.63 67.67 14.86 24.6 43.07 0.74

In Experiment#2, where only MViTv2 body features were used, the results on the val-
idation set for Top-1, Top-2, and Top-5 were 24.13, 34.81, and 59.02, respectively. On the
test set, the results for Top-1, Top-2, and Top-5 were 13.02, 21.26, and 38.21, respectively
with an average AUC score of 0.72. The exclusive use of MViTv2 body features led to a no-
ticeable improvement in results compared to Experiment#1, where only hand features were
utilized. This enhancement underscores the critical role that body features play in ZSSLR.
Body features capture a wider range of motion and spatial relationships, which appear to be
more informative and relevant for distinguishing between different signs in a ZSL frame-
work. The improved performance suggests that the body’s overall movement, posture, and
dynamics provide a more comprehensive representation of sign language gestures than hand
movements alone.

In Experiment#3, where MViTv2 hand and body features were used, the results on the
validation set for Top-1, Top-2, and Top-5 were 25.09, 37.44, and 63.69, respectively. On
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the test set, the results for Top-1, Top-2, and Top-5 were 14.11, 23.74, and 42.6, respectively
with an average AUC score of 0.74. Using hand features alongside body features dramati-
cally improved the test set results. The integration of hand features alongside body features
led to a dramatic improvement in test set results. This significant enhancement highlights
the complementary nature of hand and body features in ZSSLR. While body features alone
capture the general structure and movement of signs, the addition of hand features provides
critical fine-grained details that are essential for accurately distinguishing between similar
gestures. The synergy between hand and body features allows the model to build a more
comprehensive and nuanced understanding of each sign, leading to more precise predictions
on the test set. This experiment underscores the importance of multi-modal feature inte-
gration in ZSSLR, demonstrating that the combination of detailed hand movements with
broader body dynamics can substantially boost the model’s generalization capabilities and
overall performance.

In Experiment#4, which included hand and body features along with hand and pose
landmarks, the results on the validation set for Top-1, Top-2, and Top-5 were 28.15, 42.83,
and 67.89, respectively. On the test set, the results for Top-1, Top-2, and Top-5 were 14.37,
23.26, and 41.3, respectively with an average AUC score of 0.74. The inclusion of hand
and pose landmark data alongside MViTv2 hand and body features resulted in a significant
increase in performance on the validation set compared to Experiment#3. This improve-
ment suggests that the landmark data, which provides precise information about key points
of the hand and body, enhances the model’s ability to accurately interpret and classify signs
during the validation phase. Landmarks offer a detailed understanding of the spatial rela-
tionships and movement patterns that are crucial for distinguishing between similar gestures.
However, despite the notable improvement in the validation set, the test set results remained
approximately the same as those observed in Experiment#3. This indicates that while the
landmark data helps the model perform better on known data, it does not translate into better
generalization to unseen data in the test set. The findings suggest that the model may be
benefiting from the landmark information during training and validation, but this advantage
does not carry over to the test set, possibly due to overfitting or the limited variability in the
test data.

In Experiment#5, where only MViTv2 body features and ResNeXt hand features were
used, the results on the validation set for Top-1, Top-2, and Top-5 were 26.68, 39.03, and
62.65, respectively. On the test set, the results for Top-1, Top-2, and Top-5 were 14.43,
22.56, and 40.33, respectively with an average AUC score of 0.71. The combination of
MViTv2 body features with ResNeXt hand features resulted in improved performance com-
pared to Experiment#2, where only MViTv2 body features were utilized. This improvement
highlights the added value that the ResNeXt hand features bring to the model, likely due to
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their ability to capture fine-grained details of hand movements, which are crucial for accu-
rate SLR. However, despite this enhancement over Experiment#2, the results were similar to
those obtained in Experiments #3 and #4, where hand features and landmark data were also
incorporated. This suggests that while the addition of ResNeXt hand features contributes
positively to the model’s performance, it does not provide a significant advantage over the
previously explored combinations of hand and body features.

In Experiment#6, which added pose landmarks to the resources used in Experiment-5,
the results on the validation set for Top-1, Top-2, and Top-5 were 25.39, 38.57, and 65.96,
respectively. On the test set, the results for Top-1, Top-2, and Top-5 were 14.37, 22.38,
and 39.15, respectively with an average AUC score of 0.72. Similar results were obtained
compared to Experiment#5, indicating that the use of pose features provided similar results.
Despite the inclusion of pose landmarks data source, the results were similar to those ob-
tained in Experiment#5, indicating that the pose landmarks did not significantly impact the
model’s performance. This outcome suggests that while pose landmarks offer detailed infor-
mation about the body’s key points, in this particular setup, they did not contribute additional
discriminative power beyond what was already captured by the existing body and hand fea-
tures. The similarity in results across these experiments implies that the pose landmarks,
although potentially valuable, may overlap with the information provided by the MViTv2
body features, leading to diminishing returns in terms of performance gains. Furthermore,
this decrease in performance may be due to MediaPipe, used for extracting landmark data,
not being able to detect the hand or pose movements of the sign language performer in each
frame resulting in an empty array.

Experiment#7, which utilized all available data and features, produced the best out-
comes on the test dataset. For the validation dataset, it achieved Top-1, Top-2, and Top-5
accuracies of 28.75, 42.63, and 67.67, respectively. On the test dataset, the performances
were 14.86, 24.6, and 43.07 for Top-1, Top-2, and Top-5 accuracies, respectively, with an
average AUC score of 0.74. This comprehensive approach enabled the model to capture a
wide array of discriminative information, leading to superior performance compared to the
previous experiments. The success of this experiment underscores the value of integrating
diverse data modalities, as each contributes unique insights that enhance the model’s ability
to generalize to unseen data.

Table 5.4 illustrates the results on the MS-ZSSLR-C dataset. In Experiment#1, where
only MViTv2 hand features were used, the results on the validation set for Top-1, Top-2,
and Top-5 were 22.84, 35.68, and 60.77, respectively. On the test set, the results for Top-1,
Top-2, and Top-5 were 14.27, 23.95, and 43.74, respectively with an average AUC score of
0.73. The lowest performance among the experiments was in Experiment#1. This suggests
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that hand features alone do not capture enough of the essential information required for
accurate sign language recognition in this particular dataset. The model’s limited ability to
distinguish between different signs indicates that the nuances of hand movements, when not
complemented by additional data such as body features or pose landmarks, are insufficient
for achieving strong recognition performance.

Table 5.4: Results on the MS-ZSSLR-C dataset

Experiment #
Val (30 classes) Test (50 classes) Average

AUC ScoreTop-1 Top-2 Top-5 Top-1 Top-2 Top-5

#1 22.84 35.68 60.77 14.27 23.95 43.74 0.73
#2 23.97 36.57 59.98 18.16 27.69 45.48 0.77
#3 26.62 40.43 66.28 17.22 28.77 49.4 0.76
#4 30.64 44.72 70.07 18.38 30.33 50.6 0.75
#5 28.14 42.01 67.52 17.88 27.73 46.62 0.73
#6 29.19 43.74 68.18 18.48 28.24 45.96 0.77
#7 31.73 47.23 72.6 18.67 30.29 50.92 0.76

In Experiment#2, where only MViTv2 body features were used, the results on the val-
idation set for Top-1, Top-2, and Top-5 were 23.97, 36.57, and 59.98, respectively. On the
test set, the results for Top-1, Top-2, and Top-5 were 18.16, 27.69, and 45.48, respectively
with an average AUC score of 0.73. The use of only MViTv2 body features improved per-
formance. This enhancement suggests that body features capture a broader range of motion
and spatial information, which is crucial for understanding the full context of sign language
gestures. By focusing on the overall body movements, the model was able to better interpret
the dynamics of each sign, leading to more accurate predictions.

In Experiment#3, where MViTv2 hand and body features were used, the results on the
validation set for Top-1, Top-2, and Top-5 were 26.62, 40.43, and 66.28, respectively. On
the test set, the results for Top-1, Top-2, and Top-5 were 17.22, 28.77, and 49.4, respectively
with an average AUC score of 0.76. This approach led to improvements in performance
on the validation set, suggesting that the integration of hand features with body features
provided a more detailed and nuanced understanding of the sign language gestures during
the validation phase. However, this initial success did not carry over to the test set, where a
decrease in performance was observed. The drop in test set accuracy indicates that the added
hand features may have introduced complexity or noise that hindered the model’s ability to
generalize to unseen data.

In Experiment#4, which included hand and body features along with hand and pose
landmarks, the results on the validation set for Top-1, Top-2, and Top-5 were 30.64, 44.72,
and 70.07, respectively. On the test set, the results for Top-1, Top-2, and Top-5 were 18.38,
30.33, and 50.6, respectively with an average AUC score of 0.75. The model incorporated
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hand and body features from MViTv2 along with hand and pose landmarks, leading to a
significant increase in performance on the validation set compared to Experiments 2 and
3. The addition of landmark data provided the model with precise information about key
points and spatial relationships within the gestures, enhancing its ability to accurately clas-
sify signs during the validation phase. This improvement underscores the value of landmark
data in capturing critical details that might be missed by the broader features alone. How-
ever, despite the substantial gains observed in the validation set, the outcomes on the test
set remained similar to those seen in the previous experiments. This suggests that while
the landmark data helps the model perform better on familiar data, it does not translate into
better generalization to unseen data.

In Experiment#5, where only MViTv2 body features and ResNeXt hand features were
used, the results on the validation set for Top-1, Top-2, and Top-5 were 28.14, 42.01, and
67.52, respectively. On the test set, the results for Top-1, Top-2, and Top-5 were 17.88, 27.73,
and 46.62, respectively with an average AUC score of 0.73. Compared to Experiment#2, the
performance increased on the validation set, while similar results were obtained on the test
set. The inclusion of ResNeXt hand features added a layer of detailed information about hand
movements, contributing to a more comprehensive understanding of the gestures during the
validation phase. However, despite these gains in the validation set, the results on the test set
remained similar to those achieved in Experiment-2. This indicates that while the addition of
ResNeXt hand features helps the model perform better on known data, it does not necessarily
improve its generalization to unseen data.

In Experiment#6, which added pose landmarks to the resources used in Experiment#5,
the results on the validation set for Top-1, Top-2, and Top-5 were 29.19, 43.74, and 68.18,
respectively. On the test set, the results for Top-1, Top-2, and Top-5 were 18.48, 28.24,
and 45.96, respectively with an average AUC score of 0.77. Compared to Experiment#5,
where the only difference was the use of pose landmarks, the performance increased on
the validation set, while the results on the test set remained approximately similar. The
improved performance on the validation set can be attributed to the inclusion of pose land-
marks, which provided the model with additional spatial information. This enhancement
allowed the model to better capture the nuances of sign language gestures, thereby improv-
ing its classification accuracy during training. The comparable results obtained from the test
set, relative to Experiment#5, suggest that while the inclusion of pose landmarks improved
the model’s performance on familiar data, they did not significantly enhance its ability to
generalize to new, unseen data.

Similar to the observations from the MS-ZSSLR-W experiments, Experiment#7, which
utilized all features and data, achieved the highest performance. For the validation dataset,
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the Top-1, Top-2, and Top-5 accuracies were 31.73, 47.23, and 72.6, respectively. On the
test dataset, the performances were 18.67, 30.29, and 50.92 for Top-1, Top-2, and Top-5
accuracies, respectively, with an average AUC score of 0.76. This outcome highlights that
integrating diverse feature sets is crucial for capturing the full complexity of sign language
gestures, leading to superior generalization and recognition capabilities.

The accuracy and loss graphs for Experiment#7 on the ASL-Text, MS-ZSSLR-W, and
MS-ZSSLR-C datasets are shown in Figure 5.3a, Figure 5.3b ,and Figure 5.3c, respectively.
These figures demonstrate that as the epochs advance, both the training and validation perfor-
mance improve while the loss decreases. This trend indicates that the models are effectively
learning.

(a) Accuracy and loss graphics on ASL-Text (b) Accuracy and loss graphics on MS-ZSSLR-W

(c) Accuracy and loss graphics on MS-ZSSLR-C

Figure 5.3: Accuracy and loss graphics on datasets

The comparison of the results for ZSL setting obtained from the experiments conducted
on all datasets with SOTA baseline approaches and differences between SOTA and our ap-
proach are presented in Table 5.5. The results from the test datasets of Experiment#7 were
used for this comparison. This observation highlights the enhanced outcomes achieved by
the studies introducing the MViTv2 model [21]. Additionally, the extraction of text features
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using the CLIP architecture, which was trained using a zero-shot method, as opposed to the
BERT architecture trained with supervised methods in the baseline study [3], improves the
adaptability of this architecture to other zero-shot frameworks. This enhancement is identi-
fied as a key contributor to the increased success reflected in this table. The integration of
the ST-GCN method, applied for the first time to the pose landmarks in this study, and the
Bi-LSTM method applied to hand landmarks, has resulted in a greater increase in perfor-
mance compared to the method using ResNeXt features extracted from separate right and
left hand videos, previously trained on the HaGRID dataset. This is attributed to the fact
that the HaGRID dataset consists exclusively of high-resolution videos, whereas the datasets
used in the present study are low-resolution.

Examining Table 5.5, it is evident that our study demonstrates superior performance.
In the ASL-Text dataset, the performance gap between the baseline and our approach is
minimal, likely due to the dataset having fewer training samples per class compared to others.
However, for the MS-ZSSLR-W dataset, our approach nearly doubled the performance, and
for the MS-ZSSLR-C dataset, it achieved more than double the performance.

Table 5.5: Contributions on datasets for ZSL setting

Study Top-1 Top-2 Top-5

Baseline
MS-ZSSLR-W [3] 8.7 15.7 30.3
MS-ZSSLR-C [3] 7.01 11.5 22.1
ASL-Text [2] 20.9 32.5 51.4

Ours
MS-ZSSLR-W 14.86 24.6 43.07
MS-ZSSLR-C 18.67 30.29 50.92
ASL-Text 22.76 32.83 50.15

Improvement
MS-ZSSLR-W +6.16 +8.9 +12.77
MS-ZSSLR-C +11.66 +18.79 +28.82
ASL-Text +1.89 +0.33 -1.25

The results obtained using binary attributes for ZSL setting are shown in Table 5.6.
In the validation set of the MS-ZSSLR-W dataset, the Top-1, Top-2, and Top-5 accuracies
were 38.8, 54.55, and 76.11, respectively. In the test set of same dataset, the results were
24.41, 37.74, and 57.11 for Top-1, Top-2, and Top-5, respectively. In the validation set of
the MS-ZSSLR-C dataset, the performances achieved were 45.26 for Top-1 accuracy, 61.11
for Top-2 accuracy, and 81.41 for Top-5 accuracy. In the test set of same dataset, the results
were 33.66, 48.14, and 69.13 for Top-1, Top-2, and Top-5, respectively. When examining
Tables 5.3 and 5.4, where experiments without using binary attributes were conducted, it can
be seen that the use of binary features has led to significant improvements in the results. This
indicates that not only improving the visual space in ZSL but also enhancing the semantic
space contributes to better outcomes.
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Table 5.6: Results on datasets with binary attribute usage

Dataset
Val (30 classes) Test (50 classes)

Top-1 Top-2 Top-5 Top-1 Top-2 Top-5

MS-ZSSLR-W 38.8 54.55 76.11 24.41 37.74 57.11
MS-ZSSLR-C 45.26 61.11 81.41 33.66 48.14 69.13

Experiments conducted using the CLIP architecture’s contrastive approach for ZSL
setting, both with and without binary attributes, are shown in Table 5.7. These results indicate
that the contrastive approach does not perform well in this domain. Results that are higher
compared to their use of attribute category are highlighted in bold.

In the experiments conducted on the MS-ZSSLR-W dataset using binary attributes
with the contrastive approach, the results for Top-1, Top-2, and Top-5 were 23.09, 35.13,
and 54.43, respectively, while in the LLE method, the results were 24.41, 37.74, and 57.11,
respectively. Without using binary attributes, the contrastive approach yielded results of
15.48, 24.09, and 41.13 for Top-1, Top-2, and Top-5, respectively, whereas the LLE method
yielded results of 14.86, 24.6, and 43.07 for Top-1, Top-2, and Top-5, respectively.

In the MS-ZSSLR-C dataset experiments using binary attributes with a contrastive
approach, the Top-1, Top-2, and Top-5 accuracies were 30.47, 44.02, and 63.77, respectively.
For the LLE method under the same conditions, the accuracies were 33.66, 48.14, and 69.13,
respectively. Without binary attributes, the contrastive approach produced Top-1, Top-2, and
Top-5 accuracies of 18.61, 29.65, and 51.07, respectively, while the LLE method achieved
18.67, 30.29, and 50.92 for Top-1, Top-2, and Top-5, respectively.

When examining Table 5.7, it is clear that using LLE yields better results when bi-
nary attributes are used. When binary attributes are not used, the results are approximately
similar, but the LLE algorithm still performs slightly better. It can be concluded that when
textual representations are enhanced with binary attributes, the LLE algorithm is better suited
for this domain compared to the contrastive approach because it provides a direct, discrim-
inative mapping between visual features and semantic descriptions, aligning well with the
classification goal. Contrastive learning, while powerful, may require more careful tuning
and a larger dataset to achieve comparable performance.

The results obtained from the datasets for the GZSL setting are shown in Table 5.8. In
the ASL-Text dataset, the validation set achieved Top-1, Top-2, and Top-5 accuracies of 36.2,
44.94, and 56.95, respectively. In the test set, these figures were 31.02, 42.13, and 55.17.
For the MS-ZSSLR-W dataset, the validation set saw Top-1, Top-2, and Top-5 accuracies of
38.74, 49.5, and 62.87, respectively, while the test set recorded accuracies of 33.85, 43.68,

42



Table 5.7: Results with/without using attributes and contrastive learning approach

Setting Method Metric MS-ZSSLR-W MS-ZSSLR-C

W/ Attributes

Contrastive
Top-1 23.09 30.47
Top-2 35.13 44.02
Top-5 54.43 63.77

LLE
Top-1 24.41 33.66
Top-2 37.74 48.14
Top-5 57.11 69.13

W/O Attributes

Contrastive
Top-1 15.48 18.61
Top-2 24.09 29.65
Top-5 41.13 51.07

LLE
Top-1 14.86 18.67
Top-2 24.6 30.29
Top-5 43.07 50.92

and 56.9. In the MS-ZSSLR-C dataset, the validation set results were 49.45, 59.23, and
70.76 for Top-1, Top-2, and Top-5, respectively, and the test set results were 42.73, 51.95,
and 63.67.

Table 5.8: Results on datasets for GZSL setting

Dataset
Val Test

Top-1 Top-2 Top-5 Top-1 Top-2 Top-5

ASL-Text 36.2 44.94 56.95 31.02 42.13 55.17
MS-ZSSLR-W 38.74 49.5 62.87 33.85 43.68 56.9
MS-ZSSLR-C 49.45 59.23 70.76 42.73 51.95 63.67

Table 5.9: Contributions on datasets for GZSL setting

Study Top-1 Top-2 Top-5

Baseline
MS-ZSSLR-C [3] 33.4 40.5 48.8
ASL-Text [2] 22.5 32.5 45.6

Ours
MS-ZSSLR-C 42.73 51.95 63.67
ASL-Text 31.02 42.13 55.17

Improvement
MS-ZSSLR-C +9.33 +11.45 +14.87
ASL-Text +8.52 +9.63 +9.57

The comparison of the results obtained for the GZSL setting with the SOTA method
and the improvements made are shown in Table 5.9. These results were obtained using only
the architecture of Experiment#7 on the GZSL data. When examining the comparison in the
table, it can be clearly seen that, similar to the ZSL setting, the combination of MViTv2,
ResNeXt, ST-GCN, and CLIP architectures improves performance.
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In GZSL experiments, the model achieved results that surpassed those obtained in all
previous experiments, highlighting the effectiveness of the GZSL approach in handling the
complexities of ZSSLR. This significant improvement demonstrates the model’s enhanced
ability to generalize across both seen and unseen classes, effectively bridging the gap be-
tween traditional ZSL and practical application scenarios where a mix of familiar and unfa-
miliar signs are encountered.
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6. DISCUSSION

An ablation study is conducted to better understand the contribution of different com-
ponents to the overall model in a complex setup. By removing specific components of the
model, the impact of that component on the overall performance can be observed. This helps
in identifying which components are necessary or unnecessary for achieving the desired per-
formance.

The performance outcomes for ZSL setting of Experiment#1 in the ASL-Text, which
relied solely on hand features, are comparable to those of Experiment#7, where we used all
data and features, as indicated in Figure 5.2. Nonetheless, Experiment#1 gives the weakest
validation scores among the evaluations conducted on the ASL-Text. This is due to the
fewer training examples in ASL-Text relative to other datasets in this research, as well as
the constraints of only using hand features, highlighting challenges of data insufficiency and
limited representation. This observation becomes clearer when noting that the test outcomes
of Experiment#1 in the MS-ZSSLR-W/C datasets do not exceed the validation results. It
could be argued that the test results in Experiment#1 of ASL-Text were coincidental since
they exceeded the validation outcomes. Within the MS-ZSSLR-W/C datasets, as detailed
in Table 5.3 and 5.4, Experiment#1 yielded the lowest test scores. Nevertheless, given the
ample samples in the training sets of these datasets, this poor performance is likely due to
the insufficient representation of the data alone.

Inconsistent outcomes were observed across all datasets; however, Experiment #7,
which utilized all data sources, delivered the strongest validation and test results in the MS-
ZSSLR-W and MS-ZSSLR-C datasets. When comparing Experiment#5 and Experiment#6,
where the only variation was the inclusion of pose landmark data, it is noted that the ap-
plication of ST-GCN either enhanced performance or produced results very similar to those
without it in the MS-ZSSLR-W dataset. Among the first four experiments, the most favor-
able test outcomes were recorded in Experiment#4, which incorporated ST-GCN for pose
landmarks.
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7. CONCLUSION

This thesis aims to perform ZSSLR by developing visual representations using hand,
pose, and body data, and textual representations using binary attributes. Unlike other studies,
this work includes the use of ST-GCN for pose landmark data, the application of MViTv2
and the ResNeXt architecture pre-trained on the HaGRID dataset for feature extraction, the
use of Bi-LSTM and self-attention methods, the extraction of textual features using CLIP,
and the examination of the contrastive approach. By combining these methods, performance
improvements have been achieved for the MS-ZSSLR-W, MS-ZSSLR-C, and ASL-Text
datasets in both ZSL and GZSL settings. These results indicate that the ZSSLR field re-
quires further research. The main challenge in ZSSLR is how well the visual and textual
representations are created and how well they suit the applied ZSL method. This difficulty
can be mitigated by bridging the gap between seen and unseen classes in the textual and
visual domains. The lack of a direct relationship between observed and unobserved classes
complicates this challenge, necessitating the application of different methods for knowledge
transfer and generalization.

SLR has made significant progress in recent years, leveraging advances in computer
vision, deep learning, and natural language processing. However, there are still numerous
challenges and opportunities for future research that can further enhance the robustness and
applicability of SLR systems.

Various methods can be applied to improve visual and textual representations. Differ-
ent architectures developed for classifying hand signs, poses, and facial movements can be
used to enhance visual representations. Additionally, different tools can be used to extract
hand and pose landmark data, and various GCN architectures can be combined and utilized.

While the ResNeXt architecture has provided a strong and reliable baseline, we believe
that exploring alternative architectures could yield even better performance. Specifically,
ViT architecture warrants investigation due to its proven success in various image recog-
nition tasks, particularly for its ability to capture long-range dependencies and contextual
information. Additionally, advanced CNN architectures, such as DenseNet and EfficientNet,
can be explored for their sophisticated feature extraction capabilities. These architectures
utilize distinct approaches to handle the complexity and variability inherent in sign language
gestures, which could lead to improved recognition accuracy.

Current SLR systems often struggle with generalization across different signers and
environments. Future research should focus on developing models that are invariant to vari-
ations in signer appearance, signing speed, and environmental conditions. Techniques such
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as domain adaptation, transfer learning, and few-shot learning could be explored to improve
generalization capabilities.

Sign languages are not universal; each has its own linguistic structure and cultural con-
text. Future research should aim to develop models that can recognize and translate multiple
sign languages, taking into account their unique characteristics. This includes creating large,
diverse datasets that represent various sign languages and cultures.

Developing standardized and robust evaluation metrics is essential for assessing the
performance of SLR systems. Future work should focus on creating benchmarks that re-
flect real-world challenges, including signer variability, noise, and occlusion. Collaborative
efforts within the research community can facilitate the establishment of such standards.

As SLR technology becomes more widespread, it is crucial to address ethical consider-
ations, such as privacy and user consent. Future research should also emphasize user-centric
design, ensuring that SLR systems are accessible, inclusive, and tailored to the needs of
diverse user groups, including those with different levels of hearing ability
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Sosyal Politikalar Bakanlığı Yayınları: Ankara, 2015.
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