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Abstract

Sign language recognition systems are usually modeled as classification systems that map gesture videos to
pre-defined glosses. But these systems do not allow similarity searches, where a user can search for similar gestures
without knowing the corresponding gloss. This paper presents a pose-based video-to-video search framework
for isolated signs, which acts as a reverse gesture dictionary. The system employs keypoints on the skeletal
structure instead of RGB images. Two architectures are proposed for modeling temporal information: an encoder
with self-attention in a Transformer architecture and a Spatial-Temporal Graph Convolutional Network (ST-GCN).
The embedding space is optimized using metric learning objectives, including supervised contrastive learning and
ArcFace angular margin loss. The performance of the retrieval system is evaluated on the WLASL dataset using
ranking metrics like Recall@K and mean Average Precision (mAP). Experiments reveal that the temporal modeling
using the Transformer architecture is an improvement over the graph-based modeling approach in the low-shot
learning scenario. The attention-based temporal pooling approach further enhances the ranking quality, with the
best-performing model achieving an mAP of 0.237 on the WLASL validation set. Cross-dataset evaluation on a
226-label AUTSL dataset reveals non-trivial generalization performance on the unseen dataset, despite training only
on the WLASL dataset.

Keywords: gesture retrieval, sign language technology, metric learning, pose-based representation, cross-
dataset generalization

1. Introduction

Sign languages are visual languages that are used
by Deaf and hard-of-hearing people. They involve
the use of hand and body movements to create
meaning. Recent breakthroughs in computer vi-
sion and deep learning have been used extensively
in the development of automatic sign language
recognition systems. Most of the existing litera-
ture is based on classification tasks, where a video
is classified into a predefined label (Li et al., 2020).
Although these systems work well for translation
and transcription tasks, they are not intended for
similarity search.

In many real-world situations, a user may ob-
serve a gesture without knowing its corresponding
gloss. In such cases, text-based queries are not
possible. This motivates the concept of a reverse
gesture dictionary: a system that takes a gesture
video as input and retrieves visually similar ges-
tures from a database (Hassan et al., 2025). Unlike
classification, which produces discrete predictions,
retrieval requires learning a continuous embedding
space where similar gestures are located near each
other.

Although cross-modal retrieval between sign
video and text has been explored (Duarte et al.,
2022; Cheng et al., 2023), purely visual video-to-
video retrieval remains relatively underexplored.
Many current approaches rely on textual supervi-
sion or gloss alignment (Duarte et al., 2022). Learn-
ing similarity directly from motion therefore requires

robust visual representations and metric learning
strategies capable of structuring embedding geom-
etry.

The central problem addressed in this work is
the development of a system that retrieves visually
similar isolated signs given a query video. Unlike
classification models, which optimize label predic-
tion, retrieval models must learn embeddings where
intra-class samples are compact and inter-class
samples are well separated (Ghojogh et al., 2022;
Cakir et al., 2019). This task is challenging due
to variability across signers, motion speed differ-
ences, camera perspectives, and limited samples
per gloss. In datasets such as WLASL, only three
to four instances per class are available on aver-
age, creating a low-shot learning scenario (Li et al.,
2023; Musgrave et al., 2020).

To address these challenges, this work proposes
a pose-based gesture similarity learning framework.
Instead of using raw RGB frames, structured skele-
tal keypoints are extracted to reduce background
noise and appearance variability (Parian-Scherb
et al., 2024). Temporal modeling is performed to
encode motion dynamics into fixed-dimensional em-
beddings (Ramanathan et al., 2015). Two architec-
tures are investigated: a Transformer-based model
using self-attention to capture global temporal de-
pendencies, and a Spatial-Temporal Graph Con-
volutional Network (ST-GCN) that models skeletal
structure as a graph.

The embedding space is optimized using met-
ric learning objectives, including supervised con-
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trastive loss (Khosla et al., 2020) and ArcFace an-
gular margin loss (Deng et al., 2019). Retrieval per-
formance is evaluated using ranking-based metrics
such as Recall@K and mean Average Precision
(mAP), which align with the objectives of similarity
search (Cakir et al., 2019).

The contributions of this work are threefold: (1)
a pose-based video-to-video retrieval framework
for isolated signs, (2) a comparative analysis of
Transformer and ST-GCN temporal modeling un-
der low-shot conditions, and (3) an empirical study
of metric learning objectives for gesture similarity.
The results demonstrate that purely visual gesture
retrieval is feasible and effective without reliance on
textual supervision, providing a foundation for re-
verse sign language dictionary systems and future
scalable retrieval research.

In addition to the primary WLASL experiments,
this research also assesses cross-dataset gener-
alization by applying the best model to an AUTSL
subset with 226 unseen labels, showing the effec-
tiveness of the learned embedding on a different
dataset (Sincan and Keles, 2020).

2. Literature Review

2.1. From Sign Recognition to
Retrieval-Oriented Systems

Sign language technology has evolved significantly
over the past decade. Early systems primarily ad-
dressed gesture recognition as a classification prob-
lem, where an input video is mapped to a prede-
fined gloss label. Large-scale datasets such as
WLASL (Li et al., 2020) enabled benchmarking of
deep learning architectures for word-level recog-
nition. These systems demonstrated strong per-
formance in transcription and translation tasks but
were inherently limited to closed-set classification.

However, recognition-based systems do not sup-
port similarity-driven exploration. In practical sce-
narios, users may observe a gesture without know-
ing its gloss. This limitation motivated the develop-
ment of reverse sign language dictionaries, where
users provide a video query and retrieve visually
similar gestures. Such systems shift the problem
from discrete prediction to continuous similarity
modeling.

Earlier work on sign language retrieval predates
deep learning-based embedding approaches. For
example, the Dicta-Sign project (Efthimiou et al.,
2012) introduced a search-by-example interface
that allowed users to perform a sign using a Kinect
device and retrieve corresponding or closest match-
ing signs from a multilingual lexicon. While enabling
early sign lookup based on motion input, these ap-
proaches relied on handcrafted features and did
not incorporate learned embedding representations

for scalable similarity modeling.
Recent advances reflect this transition toward

retrieval-based paradigms. Duarte et al. (Duarte
et al., 2022) introduced a cross-modal retrieval sys-
tem that aligns visual sign embeddings with textual
queries through joint embedding spaces. Their
approach enabled bidirectional search between
sign and spoken language. Similarly, Cheng et
al. (Cheng et al., 2023) proposed Cross-lingual
Contrastive Learning (CiCo), integrating sign and
spoken languages into a shared vector space.
CiCo demonstrated strong performance on mul-
tilingual sign datasets.

More recent work has further advanced cross-
modal alignment between sign language and text.
Jiang et al. (Jiang et al., 2024) proposed Sign-
CLIP, a contrastive learning framework inspired by
CLIP that learns a shared embedding space be-
tween sign videos and textual descriptions. This
enables efficient text-to-video and video-to-text re-
trieval. However, such approaches rely on linguis-
tic supervision and primarily optimize for semantic
similarity rather than visual similarity between sign
executions.

While these systems advanced retrieval capa-
bilities, they remain largely dependent on textual
supervision. Purely visual video-to-video retrieval,
where similarity is learned directly from motion
rather than gloss alignment, remains underex-
plored. Addressing this gap requires robust mo-
tion representation and metric learning techniques
specifically optimized for ranking rather than classi-
fication.

2.2. Motion Representation and
Temporal Modeling

Accurate gesture retrieval depends on how motion
is represented and encoded. Most modern sys-
tems rely on landmark-based pose extraction, us-
ing frameworks such as MediaPipe or OpenPose
to capture upper-body and hand keypoints. By fo-
cusing on skeletal trajectories instead of raw RGB
frames, these representations reduce sensitivity to
background noise, clothing variation, and lighting
conditions.

Pose-based retrieval has shown promising re-
sults. Parian-Scherb et al. (Parian-Scherb et al.,
2024) demonstrated that normalized keypoint tra-
jectories combined with attention mechanisms can
effectively model gesture similarity across signers.
Their findings highlight the importance of structured
motion encoding over purely appearance-based
features.

Temporal modeling further enhances representa-
tion quality. Ramanathan et al. (Ramanathan et al.,
2015) introduced temporal embeddings that pre-
serve motion order and dynamic transitions. Their
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work demonstrated that modeling temporal evolu-
tion rather than static posture improves discrimina-
tion between visually similar actions.

More recent architectures extend temporal mod-
eling through sequence learning structures such
as Transformers and graph-based networks. Self-
attention mechanisms enable modeling of long-
range dependencies across time, allowing systems
to capture subtle differences in motion trajectories.
Graph-based methods, including Spatial-Temporal
Graph Convolutional Networks (ST-GCN), incor-
porate skeletal structure explicitly by representing
joints as nodes and bones as edges. These ap-
proaches embed structural priors into motion rep-
resentation.

The combination of normalized keypoint trajec-
tories and advanced temporal modeling forms a
strong foundation for gesture similarity learning.

2.3. Metric Learning for Gesture Retrieval

While representation learning encodes motion pat-
terns, the organization of embeddings in feature
space determines retrieval performance. Metric
learning provides a principled framework for struc-
turing this embedding space.

Unlike classification objectives that optimize dis-
crete label prediction, metric learning focuses
on relative similarity relationships. Ghojogh et
al. (Ghojogh et al., 2022) categorize metric learn-
ing methods into spectral, probabilistic, and deep
approaches, unified by the objective of minimizing
intra-class distances and maximizing inter-class
distances.

Deep metric learning extends this idea using neu-
ral networks trained with specialized loss functions.
Contrastive and triplet losses explicitly enforce dis-
tance constraints between positive and negative
pairs. Cakir et al. (Cakir et al., 2019) further pro-
posed Deep Metric Learning to Rank, directly opti-
mizing ranking-based objectives aligned with met-
rics such as Recall@K and mAP. Such ranking-
aware losses are particularly relevant for retrieval
tasks.

Margin-based objectives such as ArcFace intro-
duce angular separation between classes, improv-
ing embedding discriminability. Supervised con-
trastive learning (Khosla et al., 2020) enhances
intra-class compactness by leveraging multiple pos-
itive samples within each batch. These objectives
are especially important in low-shot settings where
limited examples per class make generalization
challenging (Li et al., 2023).

However, Musgrave et al. (Musgrave et al., 2020)
emphasize that improvements in metric learning
often depend heavily on fair experimental settings.
Their study demonstrates that careful hyperparam-
eter tuning and standardized evaluation are critical

for meaningful comparisons. This insight under-
scores the importance of methodological rigor in
gesture retrieval research.

2.4. Robustness and Domain
Generalization

Gesture retrieval systems are required to handle
large intra-class variability due to differences in
signers, speed of performance, camera orientation,
and environments. The previous study on adversar-
ial metric learning (Duan et al., 2020) and domain-
invariant representations in person re-identification
(Zahra et al., 2023) emphasizes the significance
of robustness to variations. In the context of ges-
ture retrieval, it is crucial to have domain-invariant
representations that are robust to diverse visual
conditions, and attention and structured normaliza-
tion can be used to enhance generalization.

2.5. Research Gaps
Although some progress has been made, there are
still some gaps that need to be filled. Video-to-
video search purely based on visual information is
still a challenge because most current models are
based on text or multi-modal alignment. Low-shot
learning is also a challenge because the number
of samples per gloss is very low. In addition, the
evaluation metric in sign language studies is more
focused on accuracy than Recall@K and mAP.

2.6. Positioning of the Present Work
This research aims to address the less-explored
task of video-to-video similarity learning without
textual supervision, specifically in pose-based mo-
tion modeling and retrieval-driven metric learning.
The proposed system integrates normalized skele-
tal features, a Transformer, and ST-GCN temporal
models, along with ranking-driven metric learning.
This research can help develop reverse sign lan-
guage dictionary systems and provide an under-
standing of cross-dataset gesture retrieval.

3. Datasets

3.1. Overview
The objective of this work is to develop a video-to-
video gesture retrieval system that learns similarity
relationships between isolated signs. Unlike classi-
fication systems that assign videos to predefined
gloss labels, retrieval systems must organize ges-
tures in a continuous embedding space according
to visual similarity (Duarte et al., 2022; Cheng et al.,
2023). This distinction requires datasets contain-
ing multiple instances per class to support metric
learning objectives.
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Deep metric learning relies on constructing mean-
ingful positive and negative pairs within each class
(Ghojogh et al., 2022; Musgrave et al., 2020).
Therefore, the dataset must contain more than one
sample per gesture. Based on these requirements,
the Word-Level American Sign Language (WLASL)
dataset was selected as the primary dataset for
training and evaluation (Li et al., 2020). In addition,
an internal dataset of Russian and Kazakh isolated
signs was examined for potential generalization
experiments.

3.2. WLASL Dataset
The WLASL dataset consists of 2,000 isolated
glosses with an average of three to four video in-
stances per gloss (Li et al., 2020). The dataset
contains recordings from multiple signers, introduc-
ing variability in motion speed, execution style, and
recording conditions. This diversity makes it suit-
able for evaluating robustness in gesture retrieval.

After preprocessing and removal of unusable
samples, the dataset contains 11,980 videos di-
vided into official training, validation, and test splits
(8,313 / 2,253 / 1,414). Each video represents a
single isolated sign lasting between one and five
seconds.

Although the number of samples per class is
relatively small, this setting reflects a realistic low-
shot learning scenario. Few-shot metric learning
literature highlights the difficulty of structuring em-
bedding spaces under limited class repetition (Li
et al., 2023). Nonetheless, having at least two sam-
ples per gloss satisfies the minimal requirement for
supervised contrastive and margin-based losses
(Ghojogh et al., 2022; Cakir et al., 2019).

The choice of WLASL is motivated by three fac-
tors. First, it provides multiple instances per class,
which is essential for metric learning. Second,
signer diversity supports learning invariant repre-
sentations, similar to challenges studied in person
re-identification research (Zahra et al., 2023). Third,
it contains isolated signs, aligning directly with the
objective of reverse dictionary-style retrieval sys-
tems (Hassan et al., 2025). While sentence-level
datasets exist, they introduce additional segmen-
tation and alignment challenges beyond the scope
of isolated gesture retrieval (Duarte et al., 2022;
Martins, 2024).

3.3. Preprocessing Consistency
To ensure representation consistency, identical pre-
processing steps were applied to all datasets. Each
video was converted into pose and hand keypoint
sequences, temporally normalized to a fixed frame
length, and spatially normalized.

Learning embeddings from normalized tempo-
ral sequences aligns with prior work on temporal

representation learning (Ramanathan et al., 2015).
Keypoint-based modeling also follows established
gesture retrieval approaches that rely on structured
motion representations (Parian-Scherb et al., 2024).
Maintaining a consistent feature space is essential
for stable metric learning behavior (Ghojogh et al.,
2022).

3.4. Summary
The WLASL dataset was selected as the primary
dataset due to its suitability for supervised metric
learning and isolated gesture retrieval. Despite its
low-shot nature, it provides sufficient structure for
embedding-based similarity modeling. The internal
Russian and Kazakh dataset cannot support su-
pervised training but offers opportunities for future
cross-dataset evaluation. Together, these datasets
provide a solid foundation for studying pose-based
gesture similarity learning under realistic data con-
straints (Li et al., 2023). To better analyze the gen-
eralization ability across datasets, a subset of the
AUTSL dataset with 226 distinct labels was cre-
ated in a controlled gallery-query split, where four
training videos per label and one test video per
label were chosen for analysis. This subset was
then passed through the same pose pipeline to be
compatible with the trained WLASL model.

4. Methods

4.1. Overview of the Proposed
Framework

The objective of the research is to discover an em-
bedding space for gestures where similar isolated
signs are placed near each other while dissimilar
gestures are far apart based on their visual charac-
teristics. In the proposed work, the representation
is based on poses with the incorporation of tempo-
ral information and metric learning (Ghojogh et al.,
2022; Musgrave et al., 2020).

The proposed system has several stages: video
input, keypoint extraction, preprocessing and nor-
malization, feature building, training the embed-
ding network, and evaluation with the retrieval task.
The key difference between the proposed work and
other gesture recognition systems is that the pro-
posed system is based on optimizing the structure
of the embedding space to enable the retrieval task
based on ranking (Cakir et al., 2019; Duarte et al.,
2022).

4.2. Pose and Hand Keypoint Extraction
Instead of working with RGB values, the system
utilizes the pose-based representation, which helps
eliminate background noise and appearance vari-
ations. In the system, 75 keypoints are detected
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per frame, with 33 keypoints detected for the up-
per body and 21 keypoints detected for each hand.
Each of these keypoints is represented by three-
dimensional coordinates, resulting in 225 features
per frame.

This representation only considers movement
and pose, without any consideration of texture and
color. The structured skeletal representation helps
the system cope with changes in illumination, back-
ground, and clothing worn by the signer, which is
consistent with gesture retrieval approaches that
rely on structured motion representations (Parian-
Scherb et al., 2024).

4.3. Temporal and Spatial Normalization

For the videos, several preprocessing steps are
taken. Missing landmark points are addressed by
interpolating the valid frames. Spatial normalization
is carried out by normalizing the coordinates with
respect to the midpoint of the shoulders and the
length of the torso. Temporal normalization of the
videos is carried out by fixing the length of all videos
at 100 frames.

Since the videos are of different lengths, it is
important to have the same length so that the
videos can be batch-trained and the embeddings
can be extracted. Learning embeddings from tem-
porally aligned sequences follows prior work on
temporal embedding learning for video analysis
(Ramanathan et al., 2015).

4.4. Feature Representation

Several feature components are built to represent
static posture as well as dynamic motion.

The primary feature representation is a set of key-
point coordinates after normalization. To explicitly
represent motion, first-order temporal derivatives
of the keypoint coordinates, i.e., velocity features,
are computed by subtracting consecutive frames.
The velocity features help in differentiating gestures
with similar static posture but different motion tra-
jectories.

For graph-based experiments, bone vectors are
computed by subtracting parent joint coordinates
from child joint coordinates based on skeletal struc-
ture. Additionally, bone velocities are computed
to represent relative joint motion, and this ex-
tended feature representation is beneficial for ex-
ploiting structural information inherent in the hu-
man skeleton using spatial-temporal graph convo-
lutional networks. Such structured modeling aligns
with graph-based gesture modeling approaches
(Parian-Scherb et al., 2024).

4.5. Embedding Architectures
Two types of architectures are considered, namely,
the transformer-based approach to modeling tem-
porality and the Spatial-Temporal Graph Convolu-
tional Networks.

For the former, a higher-dimensional embedding
of the input feature space is performed, followed
by a positional encoding to preserve temporality.
Multiple self-attention layers are employed to learn
long-range temporality, enabling the model to learn
global motion patterns. Rather than using a mean
pooling strategy, attention-based pooling is adopted
to compute a weighted aggregation of frame-level
representations. This helps to focus on certain seg-
ments of temporality. Transformer-based temporal
embedding learning builds upon prior work on learn-
ing temporal embeddings for video representation
(Ramanathan et al., 2015).

For the latter, a skeleton is modeled as a graph,
where joints are represented as nodes, and edges
are formed by bones. Spatial graph convolutions
are employed to capture joint dependencies, and
temporally, convolutions are adopted to capture
motion evolution. Two-stream variants are also
considered to separately process pose and hand
information before feature fusion. Graph-based
modeling has been widely used for structured mo-
tion representation in visual analysis tasks (Zahra
et al., 2023).

4.6. Metric Learning Objectives
Several metric learning objectives are considered
to organize the embedding space (Ghojogh et al.,
2022; Musgrave et al., 2020). In supervised con-
trastive loss, embeddings of different classes are
forced to be far apart, and embeddings of the same
class are encouraged to be close (Khosla et al.,
2020). ArcFace adds a penalty term for angu-
lar margin, which helps to improve separation for
classification-based training (Deng et al., 2019).
A combination of both objectives is also consid-
ered. These objectives directly affect the embed-
ding space, which is essential for retrieval (Cakir
et al., 2019; Duan et al., 2020).

4.7. Retrieval Evaluation Setup
After training, all test set samples are mapped to a
feature embedding space. The similarity between
two gestures is calculated using cosine similar-
ity. For each query, its k-nearest neighbors are
retrieved and ranked according to their similarity
score.

The performance of the system is measured us-
ing various ranking-based metrics, such as Re-
call@K and mean Average Precision (mAP). These
metrics are based on the system’s ability to re-
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trieve relevant gestures within its top-ranked results,
which is in line with the purpose of a reverse ges-
ture dictionary and ranking-based metric learning
approaches (Cakir et al., 2019; Duarte et al., 2022).

For the cross-dataset experiment, the same pro-
cess of retrieval was done on the AUTSL dataset by
representing all the gallery and query sequences
in the WLASL-trained model, allowing the assess-
ment of how well the embedding space transfers
to a completely unseen sign vocabulary.

4.8. Summary

This chapter has provided the complete method-
ological framework for pose-based gesture similar-
ity learning. The system combines keypoint-based
representation, temporal representation using the
Transformer and ST-GCN architectures, and metric
learning objectives optimized for ranking perfor-
mance (Ghojogh et al., 2022). The experimental
results and the effect of the architecture and loss
function choices will be provided in the next chapter.

5. Results

5.1. Experimental Overview

This chapter discusses the experimental evalua-
tion of the proposed gesture retrieval framework.
All architectures were trained using the WLASL
training set (Li et al., 2020), and the preprocessing
technique explained in the Datasets chapter was
utilized. It is worth noting that only gesture classes
with at least two instances were included in the
experiment to facilitate metric learning objectives
(Ghojogh et al., 2022; Musgrave et al., 2020).

The experiment was conducted using ranking-
based evaluation metrics. For a given query in
the validation set, the cosine similarity was calcu-
lated between the query embedding and the em-
beddings in the gallery set. The obtained results
were then ranked based on the similarity score.
The evaluation metrics employed in the experi-
ment included Recall@1, Recall@5, Recall@10,
Recall@50, and mean Average Precision (mAP),
which are standard in retrieval-oriented metric learn-
ing (Cakir et al., 2019; Duarte et al., 2022). Table 1
presents the performance of all evaluated architec-
tures.

5.2. Quantitative Results

The results demonstrate clear performance differ-
ences across architectural and loss configurations.

Table 1: Retrieval Performance Comparison on the
WLASL Validation Set. The table reports Recall@K
and mean Average Precision (mAP) for different
architectures and metric learning configurations.
The best results are highlighted in bold.

Model Architecture Loss Function R@1 R@5 R@10 R@50 mAP
M1 Transformer SupCon 0.178 0.455 0.576 0.771 0.212
M2 Two-Stream ST-GCN ProxyNCA 0.105 0.311 0.424 0.704 0.098
M3 Two-Stream ST-GCN ArcFace 0.160 0.396 0.510 0.756 0.160
M4 Two-Stream ST-GCN ArcFace + SupCon 0.177 0.446 0.559 0.769 0.192
M5 Transformer (Attention Pooling) SupCon 0.183 0.433 0.554 0.732 0.237

5.3. Transformer vs ST-GCN
Architectures

In all cases, the performance of the Transformer-
based models surpassed that of the ST-GCN-
based models, as measured by mean Average
Precision. The baseline Transformer, even with
supervised contrastive loss (Khosla et al., 2020),
achieved a value of 0.212, which was already
higher than that of ST-GCN with ProxyNCA and
ArcFace (Deng et al., 2019).

Despite the explicit modeling of skeletal structure
using graph convolutions, ST-GCN failed to achieve
a higher retrieval accuracy than the Transformer-
based model. This may indicate that global tempo-
ral modeling using self-attention is a more powerful
approach for modeling fine-grained motion similar-
ity in isolated sign sequences, consistent with tem-
poral embedding learning principles (Ramanathan
et al., 2015). The best ST-GCN architecture, Ar-
cFace + SupCon, achieved a value of 0.192, still
lower than that of the baseline Transformer.

5.4. Impact of Loss Functions
The impact of the selection of the loss function
is substantial. The performance of the ST-GCN
model with ProxyNCA was the lowest among all the
configurations. Switching the ProxyNCA loss func-
tion to the ArcFace loss function (Deng et al., 2019)
boosted the performance. This shows the impor-
tance of angular margin-based objectives, as they
improve the inter-class distance in the embedding
space (Ghojogh et al., 2022). Further performance
improvements were observed when the supervised
contrastive loss function (Khosla et al., 2020) was
added to the ArcFace loss function. This shows the
importance of metric learning objectives for the task
of gesture retrieval, particularly ranking-oriented
embedding optimization (Cakir et al., 2019).

5.5. Effect of Attention Pooling
In the last experiment, attention-based temporal
pooling was integrated with the Transformer model,
along with mild data augmentation and P-K batch
sampling (K=3), which is commonly used in met-
ric learning batch construction (Musgrave et al.,
2020). This resulted in the best performance in
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terms of mean Average Precision (0.237), as well
as Recall@1 (0.183), compared to mean pooling.
It was found that, compared to mean pooling, us-
ing attention-based temporal pooling resulted in a
higher weightage being given to informative frames
of a gesture sequence. This resulted in a better
representation of the gesture, as captured by the
learned embeddings, as a whole rather than av-
eraging out across the entire sequence of frames.
While there was a minor decline in Recall@5 and
Recall@10 compared to the baseline Transformer
model, there was a significant improvement in
terms of ranking quality, as captured by mAP, which
aligns with retrieval-oriented evaluation principles
(Cakir et al., 2019).

5.6. Summary of Findings
Based on the experiments, the following conclu-
sions are made:

• Transformer-based temporal modeling
achieves higher retrieval performance than
graph-based modeling for isolated gesture
retrieval.

• Angular margin losses improve embedding
separation compared to proxy-based objec-
tives (Deng et al., 2019).

• The combination of ArcFace and supervised
contrastive loss enhances retrieval accuracy
(Khosla et al., 2020).

• Attention-based temporal pooling yields higher-
quality embeddings than mean pooling.

Among all the configurations, the transformer
with attention pooling and supervised contrastive
loss outperforms the other configurations for re-
trieval performance. Further analysis of the experi-
ment and its implications, as well as the behavior
of the models, are discussed in the next chapter.

5.7. Cross-Dataset AUTSL Evaluation
To test the generalization ability on other datasets,
the best model, which was a Transformer with at-
tention pooling, was tested on the AUTSL dataset
with 904 gallery and 226 query samples, and it
got a Recall@1 of 3.54%, Recall@10 of 29.20%,
and mAP of 0.0914. This shows that the model is
able to maintain the partial structure in the embed-
ding space despite not being trained on the AUTSL
dataset.

6. Discussion

6.1. Overview
This chapter examines the experimental results and
discusses their implications for gesture similarity

learning. The intent is not to repeat the numerical
results, but rather to understand why some archi-
tectures and loss functions were better performing
and what this means in terms of isolated sign re-
trieval (Cakir et al., 2019; Duarte et al., 2022). The
experiments show that the quality of the embedding
is affected by the temporal modeling strategy, loss
function, and pooling method (Ghojogh et al., 2022).
The Transformer-based architecture with the atten-
tion pooling method yielded the best overall retrieval
performance, which indicates the strength of global
modeling in this problem.

6.2. Transformer vs Graph-Based
Modeling

One of the key findings from the current study is that
the performance of the Transformer-based model
surpassed the performance of the Spatial-Temporal
Graph Convolutional Networks (ST-GCN) model
in the isolated sign retrieval task. The ST-GCN
model incorporates the skeletal structure of the
hand through the use of a graph convolutional net-
work. This has been a popular approach in ac-
tion recognition, where the spatial relationships be-
tween the joints are crucial. However, in the current
low-shot retrieval setting, the ST-GCN model did
not achieve superior performance in comparison
to the Transformer-based encoder.

There are a number of reasons why the ST-GCN
model did not achieve superior performance in the
current study. Firstly, the WLASL dataset contains
only three to four instances per class on average
(Li et al., 2020). The graph-based model is based
on the ability of the model to learn robust spatial-
temporal patterns from multiple instances.

Secondly, the Transformers incorporate self-
attention mechanisms that capture global tempo-
ral dependencies across the whole sequence (Ra-
manathan et al., 2015). Contrary to the graph con-
volutional approach that emphasizes local joint re-
lationships, the self-attention mechanisms empha-
size all time steps relative to each other. The abil-
ity to capture global temporal dependencies could
help capture the nuanced differences in motions
between visually similar gestures.

Finally, the Transformer architecture is less re-
stricted by the skeletal structure. For the graph mod-
els, the structure is heavily influenced by the joint
adjacency matrix. In the attention mechanisms,
the ability to capture long-range dependencies is
flexible and not restricted to the skeletal structure.
In a retrieval scenario where the differences matter,
the flexibility could offer an advantage.

These results are also in line with the recent
trends in sequence modeling where self-attention
models have achieved remarkable performance in
modeling long-range dependencies across different
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domains.

6.3. Influence of Metric Learning
Objectives

As mentioned earlier, the experiments also demon-
strate the significance of the learning objectives
used for the metric learning (Ghojogh et al., 2022).
ProxyNCA yielded the poorest performance among
all the losses used for evaluation. While proxy-
based approaches ease the optimization process
by learning the proxy representation for all classes,
they may not capture the intra-class clustering ade-
quately, especially under low-shot conditions (Mus-
grave et al., 2020). Substituting ProxyNCA with
the ArcFace loss significantly boosted the perfor-
mance (Deng et al., 2019). ArcFace incorporates
the angular margin, thus improving the inter-class
discriminability (Deng et al., 2019). This shows
the effectiveness of angular discriminability in the
gesture retrieval task.

Further performance gains were observed when
the supervised contrastive loss was added with
the ArcFace loss (Khosla et al., 2020). While the
angular margin improves the inter-class discrim-
inability, the addition of the supervised contrastive
loss strengthens the intra-class clustering. This
shows the effectiveness of the retrieval-oriented
optimization objectives (Cakir et al., 2019).

6.4. Impact of Attention Pooling
The greatest improvement in the overall quality of
the retrieval process was achieved by the attention
pooling method. The reason for this is the ability
of the model to learn which parts of the video con-
tribute the most to the gesture identity, unlike the
mean pooling method. Isolated signs have different
phases: preparation, execution, and return. Not
all frames of the gesture are equally discriminative.
The mean pooling method treats all the frames
equally, which may reduce the discriminative infor-
mation of the gesture. The better mAP values of the
attention pooling method imply that the model has
learned the importance of the frames, which is a cru-
cial component of the gesture similarity modeling
process, consistent with attention-based modeling
approaches (Parian-Scherb et al., 2024).

6.5. Low-Shot Learning Considerations
WLASL dataset is a low-shot learning scenario,
i.e., there are only a few examples per word sense
(Li et al., 2020). This also presents a number of
challenges for representation learning. Less repe-
tition of classes makes it difficult for the model to
learn intra-class variation. The better performance
of the Transformer-based model might be due to
the robustness of global temporal modeling, as

compared to graph-based structural modeling, in
low-shot learning scenarios (Li et al., 2023).

Additionally, using P-K sampling with K=3 was
beneficial for the stability of contrastive learning,
as there were enough positive pairs in each batch
(Musgrave et al., 2020). This also emphasizes the
role of batch formation in metric learning, especially
in low-shot learning.

The cross-dataset experiment on AUTSL further
emphasizes that the learned embedding captures
transferable motion patterns even when the sign
vocabulary and signer distribution are very differ-
ent from WLASL. While the absolute values of
the retrieval scores are not high, the fact that it
is able to retrieve the correct matches in a 226-
class open-set scenario is an indication that it has
learned gesture-level similarities rather than learn-
ing dataset-specific information.

6.6. Limitations
Although the results are promising, several aspects
are to be noted. Firstly, the study only considers
isolated sign retrieval. Continuous sign sequences
are not considered. More segmentation mecha-
nisms would be needed to tackle the retrieval of
sentences (Martins, 2024).

Secondly, large-scale indexing techniques like
FAISS or HNSW were not fully explored (Malkov
and Yashunin, 2018; Emanuilov and Dimov, 2024).
Although the evaluation of the efficiency of the em-
beddings with the help of the cosine similarity is
sufficient for the analysis of the embeddings’ quality,
the use of the above-mentioned techniques would
be necessary for the effective deployment of the
system.

Thirdly, the study is mostly based on the WLASL
dataset (Li et al., 2020). The cross-lingual and
cross-dataset evaluation of the sign language
dataset for the Russian and Kazakh languages is
an important task to be validated.

6.7. Implications and Future Directions
The results obtained in the thesis have shown the
viability of video-to-video gesture retrieval based
on poses, and the effectiveness of attention-based
transformer models in low-shot gesture retrieval.
The possible ways for the extension of the sug-
gested approach are:

First, a highly efficient method for scaling up the
retrieval, such as FAISS or HNSW, might be used
(Malkov and Yashunin, 2018; Emanuilov and Dimov,
2024). Second, experiments on gesture retrieval
in a different domain, using the internal Russian
and Kazakh dataset, might be performed. Third,
a new approach to modeling time might enable
the extension of the approach to sign language
sequences (Ramanathan et al., 2015).
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The suggested approach is a contribution to the
development of visual gesture similarity systems,
and it creates a foundation for the development of
a reverse sign language dictionary (Hassan et al.,
2025).
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