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Abstract
Contrastive learning is a deep learning paradigm that allows learning of useful representations without an-
notations. In many fields, including sign language recognition (SLR), contrastive approaches have proven
to be very effective for developing pretrained models. To learn representations, they generate augmented
variants of an instance through augmentation techniques and then maximize their similarities. The quality of
the learned representations is strongly correlated with the augmentations used during training. In several fields,
specialized augmentations have been developed and adopted. However, in SLR, we observed two trends:
contrastive-based SLR approaches often rely on augmentations that are not realistic for the application (e.g.,
vertical flip, excessive rotations); specialized augmentation methods lack of robustness. Hence, when used as a
starting point for contrastive algorithms, the learned representations are often irrelevant and sometimes sensitive.
These issues considerably affect the accuracy of SLR models on downstream tasks. In response, this paper
proposes a robust augmentation method specially designed for contrastive approaches applied to SLR. The results
show an improvement in accuracy during linear evaluation and semi-supervised learning with only 30% of annotations.
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1. Introduction

Worldwide, there exist more than 300 sign lan-
guages, each with its own properties. In this field,
the annotation process is a laborious and time-
consuming task that requires linguistic expertise.
Studies report around 100 hours of work to anno-
tate one hour of video (Renz et al., 2021). Among
the existing sign languages, many are underrepre-
sented. Even when they are represented, they are
often partially annotated (Fink et al., 2021; Albanie
et al., 2021). For this reason, sign language suf-
fers from a scarcity of annotated data. Faced with
this limitation, recent studies increasingly leverage
unannotated data to build pretrained models (Wong
et al., 2025; Jiang et al., 2024; Gueuwou et al.,
2025). These models are designed to learn mean-
ingful representations from unannotated data, then
be fine-tuned with fewer annotations and achieve
good results. To build pretrained models, several
paradigms exist; contrastive representation learn-
ing is one of the most well-known (He et al., 2020).
It is simple, flexible, and requires fewer compu-
tational resources compared to language-model-
based approaches (Chen et al., 2020).

Contrastive approaches learn by maximizing the
similarity between augmented views of an instance
(positive pairs) while minimizing their similarity with
other instances (negative pairs). They have the
particularity of learning representations that are
invariant to the augmentations used during the pre-
training. To be useful, augmentations used during

training should reflect the target application (Mans-
field et al., 2023; Madjoukeng et al., 2025b). Hence,
to enable the learning of relevant representations,
specialized augmentation methods have been pro-
posed in several fields (time series forecasting,
plant anomaly detection, etc.). These specialized
augmentations generate positive pairs by degrad-
ing the parts of the sample that are not relevant
for the application (e.g., background in the case of
images (Madjoukeng et al., 2025b,a)).

In SLR, Madjoukeng et al. (2026) observed that
due to coarticulation (Poitier et al., 2024) and repo-
sitioning movements, not all parts of sign videos are
relevant for their identification. Based on this obser-
vation, they generate positive pairs by degrading
the non-relevant parts of the videos while keep-
ing the relevant parts unchanged. This strategy
enables contrastive approaches to learn represen-
tations that are invariant to these non-informative
segments, thereby improving their overall quality.
This method has led to a significant success. How-
ever, in real-world SLR scenarios, there exist vari-
abilities between signers (hand shapes, positions,
speed, etc.) and due to factors such as occlu-
sions or others, noise may affect the parts that
are relevant parts of signs. For a robust and accu-
rate representation learning, augmentation meth-
ods should not focus solely on non-relevant parts
but also consider variations in the relevant ones.
Existing augmentation, by focusing solely on rele-
vant parts completely ignores these factors. This
results in representations that lack robustness, fail
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to account for real-world scenarios, and poor ac-
curacy in downstream tasks. To the best of our
knowledge, these issues have not been addressed
in SLR. In response, this paper presents a robust
augmentation method designed to satisfy two ob-
jectives: (i) generating positive pairs while degrad-
ing non-relevant parts, and (ii) simulating subtle
and realistic variations on the relevant parts. When
applied to a contrastive approach, this method al-
lows learning useful and robust representations
from unannotated data. By allowing better lever-
aging of unannotated data, the proposed method
is highly valuable for low-resource sign languages.
The results show an improvement in accuracy dur-
ing the linear evaluation and fine-tuning across sev-
eral sign language datasets.

The rest of this paper is organized as follows:
Section 2 presents contrastive approaches; Sec-
tion 3 presents SLR; Section 4 presents existing
data augmentations for SLR; Section 5 presents
the proposed augmentation and Section 6 presents
the results and discussion.

2. Contrastive Representation
Learning

In contrastive learning, several methods exist; Sim-
CLR (Chen et al., 2020) and MoCo (He et al., 2020)
are two popular approaches. They learn through
four common steps: positive pairs generation, en-
coding, projection and loss computation. For each
instance, augmentation methods are applied to gen-
erate positive pairs. They are then passed through
an encoder (e.g., ResNet, Transformer) followed by
a projection head that computes numerical repre-
sentations. On these representations, a contrastive
loss is computed to maximize the similarity be-
tween positive pairs while minimizing their similarity
with other instances. The main difference between
these approaches is that MoCo stores instances
from previous iterations in a queue, increasing the
quality of the learned representations. Furthermore,
several contrastive methods that rely only on posi-
tive pairs have emerged. Among them, BYOL (Grill
et al., 2020), SimSiam (Chen and He, 2021), and
SL-FPN (Madjoukeng et al., 2026) are three well-
known approaches. BYOL uses two encoders: the
online and the target encoder. During training, the
online encoder is trained to predict the output of the
target encoder. SimSiam uses a single encoder for
the positive pairs and, following a Siamese architec-
ture (Koch et al., 2015), aligns the representations
of the different views. SL-FPN leverages positive
pairs and original instances, aligning their repre-
sentations. These approaches have been used to
build pretrained SLR models and have achieved
great success. The next section presents previous
works on SLR.

3. Sign Language Recognition

For several sign languages, depending on the
amount of data available, SLR models have been
proposed. For the French Belgian Sign Language
(LSFB), Fink et al. (2021) conducted pioneering
work, introducing a dataset consisting of more
than 4,567 distinct signs. Using this dataset, they
leveraged a Vision Transformer (Dosovitskiy et al.,
2020) and achieved 54.4% accuracy on a subset
of 700 different signs. For the Argentinian sign
language (LSA), Masood et al. (2018) proposed a
dataset consisting of multiple instances of 64 differ-
ent signs. Building upon this dataset, Alyami et al.
(2024) benchmarked several architectures and re-
ported 98.25% accuracy with a Transformer-based
model. For the Greek sign language, Adaloglou
et al. (2021) presented a comprehensive dataset
consisting of 310 different signs. Using this dataset,
they combined an I3D (Carreira and Zisserman,
2017) with a BiLSTM (Huang et al., 2015) and
achieved 89.74% accuracy. Papadimitriou et al.
(2024) proposed a multimodal approach with both
appearance and skeleton information and achieved
96.21% accuracy.

For the American sign language (ASL), Desai
et al. (2023) presented the ASL-Citizen dataset,
which consists of 2,731 signs. On this dataset, they
trained an ST-GCN and achieved 59.52% accuracy.
Furthermore, Jiang et al. (2024) proposed Sign-
CLIP, an architecture that leverages two modalities
(text and video), with one encoder for each modality
and aligns their representations using a contrastive
loss. On this dataset, they achieved 46% accuracy
during fine-tuning. The main challenge with this
approach is the fact that it requires a vast amount
of data from diverse sources to be trained.

In many cases, sign language datasets are not
fully annotated (Albanie et al., 2021; Fink et al.,
2021). Often, practitioners prefer a model that can
be trained on unannotated data from their specific
sign language and fine-tuned on data of the same
type. Contrastive approaches have been shown to
be very effective for this task (Chen et al., 2020; He
et al., 2020; Grill et al., 2020). However, the rele-
vance of the representations learned by these meth-
ods is directly linked to the augmentations used dur-
ing pretraining. For SLR, several augmentations
are commonly used. The next section presents
them.

4. SLR Data Augmentation Methods

In SLR, data augmentation methods are generally
divided into two categories: spatial and temporal
augmentations. Spatial augmentations are those
that modify the spatial distribution of frames. They
include Gaussian noise, translation, flipping, rota-



12

(a) Step 1 (b) Step 2 (c) Step 3 (d) Step 4 (e) Step 5 (f) Step 6 (g) Step 7 (h) Step 8

(i) Step 1 (j) Step 2 (k) Step 3 (l) Step 4 (m) Step 5 (n) Step 6 (o) Step 7 (p) Step 8

Figure 1: Repositioning and coarticulation mouvement on the ASL (Desai et al., 2023) (first row), and
LSFB (Fink et al., 2021) (second row). For privacy reasons, the faces of the signers have been blurred.

(a) Original sign (b) Masking (c) Rotation (d) Translation (e) Vertical flip

Figure 2: A frame and its augmented variants extracted from a video of the LSFB dataset using Medi-
aPipe (Lugaresi et al., 2019).

tion (Lingg et al., 2022) and many others. Figure 2
shows an example of spatial augmentations applied
to a skeleton. This skeleton corresponds to one
of the frames extracted from a video in the LSFB
dataset and processed using MediaPipe (Lugaresi
et al., 2019).

Temporal augmentations alter the temporal dy-
namics of video sequences, including frame per-
mutation, random frame dropping, frame speed-up,
and frame slow-down. These augmentations are
generic and, when used in contrastive learning for
SLR to generate positive pairs, do not allow the
learning of targeted representations. Faced with
this issue, Madjoukeng et al. (2026) proposed a
data augmentation method specifically designed
for contrastive learning applied to SLR. They ob-
serve that in sign language videos, due to certain
movements (repositioning, coarticulation (Poitier
et al., 2024), etc.), not all parts are relevant for
classification. Based on this observation, they pro-
pose a data augmentation method specially de-
signed for contrastive approaches in SLR. Their
method consists of generating positive pairs by al-
tering the order of the frames in the non-relevant
parts while keeping the relevant frames unchanged.
This augmentation has proved to be effective with
contrastive algorithms in SLR. However, the fact
that any transformation is applied on the relevant
parts of the videos represent a major limitation.
Indeed, contrastive algorithms are therefore not
constrained to be robust to small perturbations or

to variations in the signer’s position on these crucial
segments. Due to the highly visual and dynamic
nature of the movements in the SLR context, this
limitation is particularly problematic. To address
this limitation, the next section introduces a dedi-
cated robust augmentation method.

5. Proposed Augmentation Method

To learn meaningful representations, contrastive
approaches require data augmentations capable of
generating positive pairs while taking into account
the particularities of the application domain. In SLR,
a video contains both relevant and non-relevant
segments. To learn meaningful representations,
a contrastive approach should be able to ignore
non-relevant segments while being efficient (robust
to subtle perturbations, variations, etc.) on the rel-
evant ones. To enable contrastive approaches to
achieve these objectives, this section introduces a
novel data augmentation specifically designed for
contrastive approaches in SLR. It first explains why
not all parts of a video are relevant for a classifica-
tion model. Then, it describes an existing method
for identifying the relevant and non-relevant seg-
ments of a video. Finally, presents the proposed
augmentation.

To illustrate the fact that in sign language, not
all parts of a video are relevant for sign recogni-
tion, let us consider Figure 1. The first row is a
video from the ASL- Citizen and the second from
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the LSFB dataset. The different videos were split
into 8 frames (steps 1 to 8). From this figure, we
note that the signers begin the motion in the second
frame (step 2) and continues signing until the fifth
frame (for the ASL video) and the sixth frame (for
the LSFB video). After these frames, the signers
tend to reposition their hands. Such movements
are not the essence of the sign and a reliable model
should not focus on these frames to classify the
signs.

At this step, a natural question arises: how to
determine the relevant and non-relevant parts of
the signs. For this task, Madjoukeng et al. (2026)
proposed an empirical strategy based on the varia-
tion of the accuracy according to the degradation of
the frames. Their approach consists of degrading
progressively (through permutations) the frames
from the first to the last and from the last to the
first. After each permutation, they computed the
accuracy. They assume that, for a sign to make
sense, the order of the frames is important (due
to the continuous nature of the movement). There-
fore, if the relevant parts for identifying a sign are
altered, the accuracy during the evaluation will be
affected. Hence, they determine from which frame
the movement starts and ends to be informative for
a model.

In their approach, they generated positive pairs
by focusing only on the non-relevant segments with-
out helping the contrastive model to learn robust
representations on the relevant parts. For con-
trastive approaches in SLR, an effective augmenta-
tion should satisfy at least these two properties: (i)
generating positive pairs by degrading non-relevant
parts, and (ii) introducing subtle and realistic per-
turbations on the relevant ones. Degrading non-
relevant parts allows contrastive approaches to ab-
stract away non-relevant movements, while subtle
perturbations to relevant parts enable contrastive
approaches to become robust to factors such as
positional variations and joint-level errors that may
occur in the data.

The proposed method is specifically designed
to meet these criteria. Algorithm 1 summa-
rizes the proposed approach. For a sign x,
the relevant (xr) and non-relevant (xnr) parts
are determined using a function called rel-
evant&non_relevant_parts following Mad-
joukeng et al. (2026). The non-relevant parts are
split into two parts: the first non-relevant part (xf )
and last non-relevant part (xl). They are typically
corresponding to the coarticulation and reposition-
ing movements. After this decomposition, temporal
permutations (π1, π2) and (π′

1, π
′
2) are applied to

the non-relevant parts (xf , xl) while a composition
of translation and noise (t1 ◦ g1 and t2 ◦ g2 ) is ap-
plied on the relevant parts (xr). Since the meaning
of a sign is linked to the order of the frames in the

video, temporal permutation induces the learning
of representations that are invariant to the order
of the frames in these parts. This encourages the
model to ignore these parts. The composition of
translation and noise simulates subtle perturba-
tions and enhances the robustness of the models.
Indeed, noise simulates inaccuracies arising from
pose estimation, sensor noise, while translation
models small global shifts in hand and body posi-
tion that commonly occur across different signers
and recording setups. By applying these perturba-
tions exclusively to relevant frames, the model is
encouraged to become robust to natural variability
in informative segments. Note that this method can
be used by any contrastive approach. The next sec-
tion presents an evaluation on several contrastive
approaches.

Algorithm 1: Proposed Augmentation
Data: X = {x1, x2, . . . , xN}: set of signs
Result: X ′: augmented sequences

1 for x ∈ X do
2 xr, xnr ←

relevant&non_relevant_parts(x)

3 xf , xl ← xnr

4 A1 ← t1 ◦ g1
5 A2 ← t2 ◦ g2
6 x1 ← π1(x

f ) ∥ A1(x
r) ∥ π2(x

l)

7 x2 ← π′
1(x

f ) ∥ A2(x
r) ∥ π′

2(x
l)

8 Add (x1, x2) to X ′

9 return X ′

6. Experiments

This section evaluates the proposed augmentation.
It presents the experiments, datasets, results and
discussion.

6.1. Conducted Experiments

To evaluate the effectiveness of the proposed ap-
proaches, two types of evaluations were used: a lin-
ear evaluation protocol and semi-supervised learn-
ing. Linear evaluation consists of pretraining a back-
bone on unannotated sign language data, freez-
ing the backbone, and training a simple classifier
on top of it. Semi-supervised learning consists of
training a pretrained backbone with only 30% of an-
notations. This evaluation is important to simulate
data scarcity and partially annotated sign language
datasets.
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6.2. Datasets
For this study, four datasets with different sizes
were used. First, the American sign language
dataset (Desai et al., 2023) which consists of
83,399 videos covering 2,731 signs. Second, the
Greek sign language dataset (Adaloglou et al.,
2021) containing 40,785 videos corresponding to
310 unique signs. Third, the Argentinian sign lan-
guage dataset (Masood et al., 2018) comprising
3,200 videos representing 64 different signs. Fi-
nally, the LSFB dataset (Fink et al., 2021) contain-
ing more than 47,551 videos spanning 4,567 dis-
tinct signs. These datasets were split according to
their original papers (e.g., 70/30 for the LSFB, 80/20
for the LSA, etc.). During the experiments, we used
all the classes of the LSA and GSL datasets, and
a subset of 500 different classes from the LSFB
and ASL datasets. Each model was trained five
consecutive times and the results were reported
with 95% confidence.

6.3. Training setup
For the experiments, Python 3.10 and PyTorch 2.5
were used. The Lightly library was used to im-
plement the different contrastive approaches1. For
training, a ViT Transformer (Dosovitskiy et al., 2020)
was used as the backbone. Indeed, it has been
widely used as a backbone in various studies (Fink
et al., 2023; Madjoukeng et al., 2026). As in several
studies, the videos were first transformed into skele-
tons using MediaPipe (Lugaresi et al., 2019). This
reduces the computational cost and the influence
of elements such as the background. The differ-
ent contrastive approaches were trained for 200
epochs, using the parameters specified in their orig-
inal papers (Chen et al., 2020; He et al., 2020; Grill
et al., 2020). The batch size was set to 512. During
the fine-tuning stage, the models were trained for
1000 epochs using an SGD optimizer.

6.4. Results and Discussion
The first evaluation consisted of comparing the pro-
posed method with existing specialized SLR aug-
mentation. For this evaluation, we used five con-
trastive methods and the different datasets. On
each dataset, we evaluated the proposed augmen-
tation against the one proposed by Madjoukeng
et al. (2026). Table 1 presents the results obtained.
The best results are highlighted in bold. We ob-
serve that, in linear evaluation, the proposed ap-
proach outperforms existing method in most cases.
This shows that, to learn relevant representations,
contrastive approaches require augmentation meth-
ods that are likely to reflect the phenomena of the

1https://docs.lightly.ai/self-supervised-
learning/index.html

specific application domain. In semi-supervised
learning, we observe that with our approach, con-
trastive methods perform better than using exist-
ing augmentation. These results are promising
and highlight the potential impact of contrastive ap-
proaches in addressing the problem of scarcity of
annotated data in sign language.

7. Conclusion

This paper presented a robust data augmentation
method designed to enable contrastive approaches
to learn relevant representations. The proposed
method consists of generating positive pairs by de-
grading the non-relevant parts of the videos, while
applying subtle and realistic perturbations on the
relevant ones. The proposed approach has been
evaluated with various contrastive approaches on
different datasets. The results showed an improve-
ment in terms of accuracy during linear evaluation
and semi-supervised learning on various datasets.
These results demonstrate the potential of con-
trastive approaches to leverage unannotated data
in sign language. Given the scarcity of annotated
data in this field, this advancement represents a
major contribution. As further work, we plan to
extend the proposed method to continuous sign
language recognition.
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Table 1: Comparison against (Madjoukeng et al., 2026) on linear evaluation, fine-tuning with 30% of
annotations. The best results are highlighted in bold.

Method Dataset SimCLR MoCo SimSiam BYOL SL-FPN
Linear Evaluation Results
Madjoukeng et al. (2026) LSFB 14.16%± 0.24 13.68%± 0.48 15.26%± 0.67 14.72%± 0.65 23.73%± 0.53

ASL 14.13%± 0.42 14.69%± 0.35 15.91%± 0.56 16.43%± 0.96 20.46%± 1.21
GSL 34.19%± 0.85 36.15%± 0.69 32.01%± 0.54 34.09%± 0.93 47.76%± 0.79
LSA 34.02%± 1.24 35.69%± 1.06 30.06%± 2.14 37.47%± 1.51 41.74%± 1.08

Ours LSFB 16.89%± 0.33 16.13% ± 0.81 16.77% ± 0.39 17.71% ± 0.10 23.90%± 0.81
ASL 16.28% ± 0.39 17.09% ± 0.30 16.17%± 0.56 18.39% ± 0.20 22.13% ± 0.63
GSL 36.23% ± 0.51 37.14% ± 0.17 35.57% ± 0.59 36.17% ± 0.69 48.57%± 0.42
LSA 37.08% ± 1.13 36.21%± 0.89 32.22%± 0.19 38.58%± 1.11 43.98% ± 0.88

Partial Fine-tuning
Madjoukeng et al. (2026) LSFB 42.69%± 2.50 42.23%± 2.14 43.69%± 2.69 41.40%± 2.04 49.93%± 2.98

ASL 47.43%± 0.77 47.49%± 0.54 47.23%± 0.63 47.02%± 0.51 49.28%± 0.79
GSL 78.82%± 2.96 77.42%± 2.87 77.02%± 2.95 78.04%± 2.65 83.86%± 2.01
LSA 87.69%± 1.48 88.04%± 1.69 87.96%± 0.06 88.64%± 1.36 92.76%± 1.63

Ours LSFB 44.57%± 1.16 44.09%± 0.98 48.03%± 1.07 44.14%± 1.14 51.97%± 0.51
ASL 47.21%± 0.19 48.05%± 0.34 48.13%± 0.31 48.14%± 0.99 52.56%± 0.98
GSL 79.33%± 1.14 78.41%± 0.59 79.07%± 1.19 80.05%± 1.02 83.07%± 0.60
LSA 89.01%± 0.17 88.96%± 0.56 88.57%± 0.36 89.17%± 0.51 92.88%± 0.11
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