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Abstract

Sign Language Recognition (SLR) is a main technology for bridging the communication gap between the deaf
community and the hearing majority. While deep learning has advanced SLR significantly, low resource languages
like Kazakh Sign Language (KSL) remain under explored due to the deficit of labeled data. In this paper, we
address this limitation by establishing a novel benchmark for KSL, focusing on two distinct tasks: Isolated Sign
Language Recognition (ISLR) and Emotion Recognition. We evaluate the performance of three state-of-the-art
Vision Transformer architectures ViViT, VideoMAE V2, and TimeSformer on a custom collected dataset
comprising 20 lexical gestures and 4 emotional states. Our experiments reveal that TimeSformer achieves superior
performance, attaining a Top-1 Accuracy of 96.63% on lexical gestures and 80.87% on emotion recognition.
Comparative analysis indicates that TimeSformer's "Divided Space-Time Attention" mechanism captures fine-
grained spatiotemporal dynamics more effectively than the factorised encoder of ViViT or the masked modeling
approach of VidecoMAE.

Keywords: Sign Language Recognition, Kazakh Sign Language, Vision Transformers, Emotion Recognition.
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Anjarna

bIm-mmapa Tinia rany (SLR) — caHpIpay KaybIMJACTBFBI MCH CCTHTIH KOIIIIIIK apaChIHAAFBI KOMMY HUKALHSIBIK
ANIIAKTHIKTHI a3aHTyFa OArbITTAaJFaH MAHBI3ABI TEXHOJOTHA. TepeH OKpITy aaicrepi SLR camaceiH alTapiabIKTai
JAMBITKAHBIHA KapaMacTaH, Kazak biM-mmapa Tim (KSL) cuakTel pecypcesl a3 TinAep TaHOANAHFAH ACPEKTEPIiH
JKETICHIEYIILTITIHE OAliJIaHBICTBI JKETKITIKTI 3epTTeaMereH. by skymeicta 613 ocel mekreyai eHeepy ymin KSL
OOMBIHIIA >XKaHA JTAJOHIBIK JCPEKTCP >KUBIHTHIFBIH YCBIHAMBI3, OJI €Ki HETI3TI MIHACTKE OAaFbITTAJFAH:
oKmaynaHraH biMaapasl TaHy (ISLR) sxkone smoumsaHsl TaHy. bi3 apHaiie! skuHaFaH, 20 JICKCHKAJIBIK BIM MCH 4
SMOLILIIBIK KYWACH TYPATHIH JEpPEKTEp SKUBIHTBEFBIHAA Vision Transformer wmerizimmeri ymr 3amaHayn
apxurekrypansiy — ViViT, VideoMAE V2 xome TimeSformer — eHiMzmimiriH Oaranamplk. OKCIIEPHMCHT
HoTIOREIEpi TimeSformer eH *oFapbl KOPCETKIIITEPTE KO KETKIBTCHIH KOPCETTI: JICKCHKAJIBIK bIMAAp YIIiH Top-
1 momxiri 96,63%, am smormstHb! Tanyga 80,87%. CampicteipMansl Taxgay TimeSformer-miH «KEHICTIK-YaKbIT
OofibiHIma OemiHreH Hazap» MexaHu3Mi ViViT-tiH (akxropinanraH sHkoacpine Hemece VideoMAE-HIH
MAaCKAJIAHFAaH MOJCJIBACY TACLTHE KAParaHJA KCHICTIK-YAKBITTHIK [JUHAMHKAHBI JOTIPEK OCHHENCHTIHIH
KepceTeni.
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KiaT ce3aep: siM-mmapa TiTiH TaHy, Ka3ak bIM-uImapa Tim, Vision Transformer, sMOIMSHBI TaHY .
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AHHOTAHSA

PacmosHaBanme skecTtoBOro  s3pika (SLR)  sMBIACTCS  KIFOUCBOH TCXHOMOTHCH JIA  MPCOTOJICHHS
KOMMYHHKAI[HOHHOTO Pa3pbiBa MEKIY COOOINECTBOM TIIyXHX M CIbIIANIMM OOJNBIIMHCTBOM. HecMmoTps Ha
3HAYUTEIBHBIH mporpecc B odxactu SLR 6marogaps riy0okoMy 0OYHCHHIO, MAJOPECYPCHBIC A3BIKH, TAKUE KaK
Ka3axcKui »ecToBbIH 531K (KSL), ocTarorcs HetocTaTOMHO W3YUCHHBIME H3-32 HEXBATKH PA3MCUCHHBIX JAHHBIX.
B maHHOH paboTe MBI pemaeM 3Ty mpoOieMy, CO34aBas HOBBIA JSTANOHHBIH HaOop AaHHBIX mua KSL,
COCPCHOTOUCHHBIH HA JABYX PAa3AMYHBIX 337a4aX. PACMO3HABAHHC W30MHPOBAHHEIX kectoB (ISLR) m
pacmo3HaBaHWE 3MOUMH. MBI OIICHMBAEM IPOU3BOAMTCIIBHOCTE TPEX COBPEMCHHBIX APXHTEKTYp Vision
Transformer — ViViT, VideoMAE V2 wu TimeSformer — Ha cmenmaabHO COOpaHHOM HA0OPE MAHHBIX,
BKJTIOYAROIIEM 20 TEKCHYECCKHX XKECTOB U 4 SMOLIHOHATIBHBIX COCTOAHIA. Hall SKCIEpUMEHTBI OKA3BIBAKOT, YTO
TimeSformer neMOHCTPHPYET HAWIYUIIHE PE3YJIbTATHI, AOCTHTas TouHOCTH Top-1 96,63% i nekcHYecKux
skectoB U 80,87% s pacmosHaBaHus SMonmid. CpaBHHTEIBHBIH AHATIHM3 MOKA3BIBACT, 4YTO MEXaHH3M
«pa3acIEHHOTO MPOCTPAHCTBCHHO-BPESMCHHOTO BHUMAHHA» TimeSformer Oomee 3((EKTHBHO ylaBiIHBacT
TOHKYIO MPOCTPAHCTBCHHO-BPECMCHHYIO HHAMHKY II0 CPABHCHHIO C (DAaKTOPH30BAaHHBIM 3HKOACPOM ViViT mmm
MO/IX0J0M MAaCKHPOBaHHOTO MoAcmpoBaHus VideoMAE.

KmoueBnie Cj10BA: PACMO3HABAHHC >KCCTOBOTO S3BIKA, KA3AXCKHH JKCCTOBBIA 3bIK, Vision Transformer,
Ppacmo3HABAHUE 3MOLIUH.

Introduction
Sign Languages are main type of communication for people with hearing disorder. While
Sign Language Recognition (SLR) has seen significant advancement, a big gap still exist, the
majority of existing systems focused on manual gestures, often neglecting the non manual
markers, specifically facial expressions and emotions. Ignoring these cues results in translations
that lack nuance and intent. Moreover, current SLR research is heavily focused towards high
resource languages such as American, Indian or Chinese Sign Languages. Kazakh Sign
Language (KSL) is a low resource language, that lacks robust benchmarks and annotated
datasets, hindering development of assistive technologies for the region. Training deep learning
models on such limited data presents challenges related to overfitting and generalization.
Traditionally, SLR relied on 3D Convolutional Neural Networks (3D-CNNs) and Recurrent
Neural Networks (RNNs). However, recent breakthroughs in Vision Transformers (ViTs) offer
superior capabilities in modeling long-range spatiotemporal dependencies. Architectures like
VideoMAE (Masked Autoencoders) have demonstrated remarkable data efficiency, making
them promising candidates for low-resource scenarios.
The main contributions of this work can be summarized as follows:
— Introducing a custom KSL dataset, manually annotated for two distinct tasks: Isolated
Sign Language Recognition (ISLR) with 20 lexical gestures and Emotion Recognition with 4
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affective states. To the best of our knowledge, this is one of the first datasets to address KSL in
a dual stream context.

— We offer an extensive comparative examination of cutting-edge Vision Transformer
architectures, such as ViViT, VideoMAE V2, and TimeSformer. We assess their compromises
regarding accuracy, training efficiency, and computational expenses specifically for low
resource sign language contexts

— We demonstrate through rigorous error analysis that while masked autoencoders are data
efficient for macroscopic gestures, they struggle with fine grained emotion recognition. We show
that TimeSformer divided space time attention mechanism offers superior robustness for
capturing the subtle micro expressions required for affective computing.

Related works

A. Selecting a Template

Sign languages are multi channel communication systems. While manual components
like hand shape and movement convey lexical meaning, non-manual markers such as facial
expressions, head tilt and body posture provide critical grammatical and affective context (Ong
& Ranganath, 2005). For instance, a raised eyebrow can transform a statement into a question,
a phenomenon explicitly documented in Kazakh Russian Sign Language (KRSL) linguistics
(Bertasius et al., 2021).

Despite their importance, the majority of SLR datasets and benchmarks, such as the
widely used WLASL (Li et al., 2020), focus exclusively on manual gestures. Existing emotion
recognition models are typically designed for hearing populations and may not generalize well
to the exaggerated and distinct facial expressions found in sign language. This work addresses
this gap by treating emotion recognition as a complementary stream to gesture recognition.
Early approaches to SLR relied on handcrafted features and Hidden Markov Models (HMMs)
(Starner et al., 1998). With the approach of deep learning, Convolutional Neural Networks
(CNNs) became the standard. Researchers initially utilized 2D-CNNs for spatial feature
extraction combined with RNNs or Long Short term Memories (LSTMs) for temporal modeling
(Camgoz et al., 2020). Later, 3D-CNNgs, such as I3D and C3D, emerged as a dominant method,
capable of capturing spatiotemporal features in one (Tran et al., 2015, Carreira & Zisserman,
2017).

However, CNN-based methods are inherently limited by their local receptive fields, often
struggling to model long-range temporal dependencies which are crucial for interpreting
complex sign sentences (X. Wang et al., 2018). Recently, there has been a paradigm shift
towards ViTs (Dosovitskiy et al., 2020), which leverage self-attention mechanisms to
effectively capture global dependencies across space and time (Bertasius et al., 2021). While
Transformer based architectures have demonstrated remarkable success in high resource
languages like ASL or CSL (Camgoz et al., 2020; Hu et al., 2023), their application to low
resource languages, such as KSL, remains significantly under explored.

The introduction of the ViT (Dosovitskiy et al., 2020) adapted the transformer
architecture from NLP to image recognition. This success was rapidly extended to the video
domain, leading to the three state-of-the-art architectures evaluated in this study. Bertasius et
al. (2021) introduced TimeSformer, which addresses the high computational cost of 3D self
attention. It proposes a Divided Space-Time Attention mechanism, where temporal attention
and spatial attention are applied separately within each block. This factorization allows the
model to learn spatiotemporal features efficiently, making it a strong alternative to traditional
3D-CNNs. Armab et al. (2021) proposed ViViT, a pure-transformer architecture. It extracts
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spatiotemporal tokens from input video "tubes" and processes them through a series of
transformer layers. Specifically, its Factorised Encoder variant models spatial and temporal
interactions sequentially. While highly accurate, ViViT is computationally intensive, serving
as a robust baseline for complex gesture analysis in our study. Inspired by Devlin et al. (2019),
Song et al. (2022) introduced VideoMAE, a self-supervised learner. By masking a high ratio of
random video cubes and reconstructing the missing pixels, VideoMAE forces the encoder to
learn profound semantic representations. This method is particularly effective for data efficient
learning, making it ideally suited for low resource tasks like KSL recognition where labeled
data is scarce.

Despite their theoretical strengths, these architectures exhibit distinct trade-offs when
applied to SLR. In terms of performance on standard action recognition benchmarks like
Kinetics-400, VideoMAE achieves results approximately 87% (L. Wang et al., 2023), generally
outperforming TimeSformer (Bertasius et al., 2021) and ViViT (Arnab et al., 2021), which
hover in the 80-82% range. However, this accuracy comes at a cost. ViViT offers high model
capacity but incurs significant computational overhead, making it less ideal for real time
deployment (Arnab et al., 2021). TimeSformer provides a balanced trade-off between speed
and accuracy via its divided attention mechanism, though it may lose some fine-grained spatial
correlation compared to full 3D attention (Bertasius et al., 2021). VideoMAE excels in data
efficiency due to its masked pre training a crucial advantage for low-resource languages-but its
reconstruction-based objective may not always align with discriminative tasks requiring fine-
grained facial analysis (Song et al., 2022; L. Wang et al., 2023).

While these transformers have been extensively tested on high resource languages
(Adaloglou et al., 2021) or general action recognition, their comparative effectiveness on low
resource sign languages like KSL remains unexplored. Furthermore, existing benchmarks
typically isolate manual gestures from non-manual markers (Rastgoo et al., 2020). There is
currently no comprehensive study evaluating how these specific architectures handle the dual
challenge of recognizing macroscopic lexical gestures and microscopic emotional expressions
simultaneously. This work aims to bridge this gap by benchmarking these Vision Transformers
on a novel, dual-stream KSL dataset.

Methodology

In this section, we detail the construction of our custom KSL dataset, the preprocessing

pipeline, the Transformer architectures employed, and the experimental implementation details.

B. Dataset Collection and Splitting

Due to the deficit of publicly available benchmarks for KSL, we constructed a novel,
large scale dataset specifically for this study. The dataset was manually collected and annotated
for ISLR, focusing on discrete lexical gestures and emotional states.
Crucially, the lexical vocabulary and execution standards for the gestures were strictly derived
from the official educational guidelines provided by the National Scientific and Practical Center
for the Development of Special and Inclusive Education (NSPCRSIE, 2024). This ensures that
the recognized signs correspond to the standardized academic curriculum used in Kazakhstan.

The dataset consists of a total of 7,247 video samples, amounting to approximately
20,000 seconds of footage. It covers 20 distinct lexical gesture classes and 4 emotional states
(Neutral, Happy, Sad, Angry). Visual examples of these pairings are presented in Figure 1.
Specifically, Figure la displays the sign ‘'mysyq' (cat) performed with a neutral expression,
while Figure 1b depicts 'saubol' (goodbye) combined with a sad emotion. High arousal
emotions also represented, such as “apke' (sister) with happiness (Figure 1c¢) and "adam'
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(human) with anger (Figure 1d). Data was collected from 9 distinct participants (7 male and 2
female) to ensure demographic diversity and robustness to signer variations.

(@) Sign: 'mysyq' (cat) / (b) Sign: 'saubol’

Emotion: Neutral (goodbye) / Emotion:
Sad

(c) Sign: 'apke' (sister) / (d) Sign: ‘adam'’

Emotion: Happy (human) / Emotion:
Angry

Figure 1 Representative samples from the collected KSL dataset illustrating the dual-stream
nature of the data.

To carefully evaluate the generalization capability ofthe models, we employed a subject-
independent splitting strategy. Instead of random shuffling, we separated participants into
mutually exclusive sets. Training set contain 4,367 videos and testing set contain 2,880 videos.
This strict separation ensures that the models are evaluated on "unseen" signers, simulating real
world deployment scenarios where the system must recognize users it has never encountered
during training.

C. DataPreprocessing

To make consistent input for the Transformer models, all video clips passed a unified
preprocessing pipeline. All frames were resized to a spatial resolution of 224 x 224 pixels using
bilinear interpolation. To establish a rigorous baseline, no data augmentation techniques, for
example random cropping, flipping or color jittering were applied during training or inference.
We adopted specific sampling strategies tailored to the architectural requirements of each model
to balance performance and computational cost. For ViViT it's 32 frames, for both VideoMAE
it's 16 frames and for TimeSformer it's 8 frames.

D. Model Architecture

We benchmark three state-of-the-art Vision Transformer architectures. To ensure robust
feature initialization and facilitate faster convergence on our limited dataset, all models are
initialized with weights pre-trained on the Kinetics-400 dataset.

We use a variant of ViVIiT, which uses a factorized encoder architecture. Unlike
architectures that process space time markers together, this architecture divides model into
spatial and temporal encoders. This is consistent with the principles of axial attention (Ho et
al., 2019), which theoretically demonstrate that dividing multidimensional attention
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significantly reduces computational complexity from quadratic to linear, allowing the model to
process longer sequences with high accuracy while maintaining manageable memory usage.

To examine the trade-off between model capacity and computational efficiency, two
distinct scales of the VideoMAE V2 architecture was evaluated. We utilize VideoMAE-Small
as a lightweight variant suitable for resource limited edge deployment, and VideoMAE-Base to
capture deeper semantic features. The masked modeling paradigm implemented in these
architectures (Song et al., 2022) is particularly critical in our low resource setting, as it forces
the network to learn robust spatiotemporal structures from limited data.

Finally, we benchmark the TimeSformer architecture, which represents a paradigm shift
from traditional volumetric convolutions. By implementing a 'Divided Space-Time Attention'
mechanism, the model decouples temporal and spatial feature extraction within each block. As
highlighted in recent comparative surveys (Selva et al., 2023), this factorization significantly
facilitate computational overhead linked with full 3D attention, offering a scalable solution for
modeling long-range dependencies in video sequences.

E. Implementation Details

All models were implemented using the PyTorch framework and the Hugging Face
Transformers library. The training process was runned on a dual-GPU setup consisting of two
NVIDIA Tesla T4 GPUs.

We fine-tuned all architectures for a total of 10 epochs. Due to the significant differences
in computational memory footprint among the models, we adjusted the batch sizes to maximize
hardware utilization: a batch size of 8 was used for VideoMAE, 4 for TimeSformer, and 2 for
ViViT. Optimization was performed using the AdamW optimizer with an initial learning rate
of 5 X 107>, employing a linear learning rate scheduler to provide stable convergence.

Results

To provide a comprehensive analysis of the Vision Transformers capabilities in the
context of KSL, we structured our evaluation into two distinct experimental streams. First, we
benchmark the models on ISLR, focusing on the hand gestures which convey lexical meaning.
Second, we evaluate the models on Emotion Recognition, focusing on facial expressions which
provide essential affective context.

. Isolated Sign Language Recognition

According Table I for gestures TimeSformer achieved highest performance across all
metrics, reaching top-1 accuracy of 96.63% and macro f1-score of 0.9659. This suggests that
the "Divided Space-Time Attention" mechanism is highly effective at capturing distinct
spatiotemporal features of KSL. Since many KSL signs share similar hand configurations but
differ significantly in their motion trajectories, the decoupled temporal attention likely allows
the model to focus more granularly on these dynamic cues compared to the joint tokenization
approaches.

Table 1. Comparsion of models on gesture.

Model Accuracy F1-Score Training time
Vivit 91.60% 0.9173 18h 37m
Timesformer 96.63% 0.9659 6h 15m
VideoMAE-Small 91.60% 0.9153 8h 18m
VideoMAE-Base 94.51% 0.9447 9h 0lm
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VideoMAE-Base followed closely with an accuracy of 94.51%, proving the robustness
of masked modeling. A particularly notable observation is that the lightweight VideoMAE-
Small variant achieved parity with the significantly larger and computationally heavier ViViT
model, both shows accuracy 91.6%. This highlights two critical findings, masked autoencoder
pre-training strategy acts as a strong regularizer, allowing smaller models to learn robust
representations even on limited datasets where larger "pure" Transformers like ViViT may
struggle with optimization or overfitting. Increasing model parameters does not linearly
translate to better accuracy for ISLR tasks. ViViT lower performance suggests that its complex
Factorised Encoder might require fundamentally more training data to totally converge
compared to the more efficient architectures of TimeSformer or VideoMAE.

Finally, the minimal difference between Accuracy and Macro F1-Scores across all
architectures indicates that models maintain a high balance between precision and recall,
effectively handling multi-class classification without significant bias toward specific frequent
gestures.

G. Emotion Recognition

Recognizing emotions from facial expressions and body language proved to be a
significantly more challenging task than lexical gesture recognition. As shown in Table II
performance dropped across all models compared to the ISLR, with the best model
TimeSformer dropping from 96.6% to 80.9%. TimeSformer again demonstrated superior
performance with an accuracy of 80.87%, outperforming the VideoMAE-Base by over 6%. We
attribute this performance gap to two primary factors. Lexical gestures rely on macroscopic
body movements, which are robust to downsampling. In contrast, emotion recognition relies on
microscopic facial cues. TimeSformer divided attention mechanism preserves these subtle
temporal details more effectively than the competing architectures. VideoMAE employs a high
masking ratio during pre-training. While effective for reconstructing global motion, this
strategy appears detrimental for fine-grained emotion recognition. If the random mask occludes
critical facial regions during training, the model struggles to learn the necessary discriminative
features for affect recognition.

Table 2. Comparsion of models on emotion recogntion

Model Accuracy F1-Score Training time
Timesformer 80.87% 0.8089 6h 52m
VideoMAE-Small 71.91% 0.7189 7h 34m
VideoMAE-Base 74.58% 0.7463 9h 07m

Furthermore, unlike the gesture task where VideoMAE-Small and Base performed
identically, here we observe a clear degradation in the smaller model, 71.91% against 74.58%.
This suggests that while lightweight models are sufficient for classifying distinct hand shapes,
the nuances of affective computing require the deeper semantic capacity provided by the Base
architecture.

H. Computational Efficiency
A crucial factor for real world deployment is the balance between accuracy and
computational cost. ViViT was the most computationally expensive model, requiring 18.5
hours to train. Despite this massive resource consumption, it failed to outperform the much
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lighter VideoMAE-Small. This indicates that pure Transformer architectures with factorised
encoders may be prone to overfitting or slow convergence on low-resource datasets like KSL.

TimeSformer was not only the most accurate but also the fastest to train, approximately
6 hours for both gesture and emotions. It achieved convergence 3 times faster than ViViT,
making it the most viable candidate for practical applications.

. Error Analysis

To analyze the distinctive failure modes of each architecture, we visualize the confusion
matrices for each models in Figure 2 and Figure 3.

Despite achieving identical accuracy of ViVIT and VideoMAE as 91.6%, the error
patterns differ. ViViT (Figure 2d) struggled significantly with structurally similar signs,
misclassifying ‘ake' (father) as 'bauyr' (brother) in 36 instances and 'kofe' (coffee) as 'avtokolik’
(car) 32 times. This indicates that the factorised encoder loses fine grained motion cues.
VideoMAE-Small (Figure 2c) partially mitigated this, reducing the ‘ake'/'bauyr' confusionto 15
instances, suggesting more robust spatial feature learning.

(b) VideoMAE-Base

(c) VideoMAE-Small

Figure 2. Confusion Matrices for ISLR (Gestures). TimeSformer (a) shows the cleanest
diagonal, indicating superior class separation compared to ViViT (d).

TimeSformer demonstrated superior class separation. Notably, it completely resolved the
specific ‘ake'/'bauyr' ambiguity (O errors) that plagued the other models. The only remaining
confusion cluster was between 'duken’ (shop) and 'su’ (water) (15 errors). This confirms that the
Divided Space-Time Attention mechanism effectively captures the subtle dynamic trajectories
required to disambiguate complex lexical gestures.

All models achieved their highest precision on the 'Happy' class, for example
TimeSformer (Figure 3a) correctly classified 660 samples, confirming that distinct facial
deformations like smiling are robust to architectural differences. A significant ambiguity was
observed between high-arousal (Angry) and low-arousal (Sad) negative emotions. VideoMAE-
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Base (Figure 3b) struggled severely, misclassifying ‘Sad’ samples as ‘Angry’ in 183 instances.
VideoMAE-Small (Figure 3c) showed the weakest performance, correctly identifying only 380
'‘Sad’ samples. TimeSformer (Fig. 3a) minimized this error, reducing the 'Sad' to 'Angry’
misclassification to 142 instances and achieving the highest true positive count for 'Sad' (553).
This reinforces that temporal attention is critical for capturing the subtle micro-expressions, like
brow lowering vs. lip tightening, that distinguish these complex negative affects.

(@) TimeSformer (b) VideoMAE-Base

(¢) VideoMAE-Small
Figure 3. Confusion Matrices for Emotion Recognition.

Conclusion

In summary, this work established a robust benchmark for Kazakh Sign Language
recognition by evaluating distinct Vision Transformer architectures on a novel dual-stream
dataset. Our experiments demonstrated that the TimeSformer architecture shows the superior
balance of accuracy and computational efficiency, achieving a Top-1 Accuracy of 96.63% on
lexical gestures and 80.87% on emotion recognition. While masked autoencoders like
VideoMAE proved highly data-efficient for macroscopic sign detection, our error analysis
revealed their limitations in capturing fine-grained micro-expressions, particularly when
distinguishing between high-arousal and low-arousal negative affects compared to the Divided
Space-Time Attention mechanism.

Future work will focus on scaling the complexity and variety of the dataset to bridge the
gap toward real world deployment. We plan to significantly expand the lexicon size beyond the
current set of classes and increase the number of participants to capture wider range of inter
signer variability. These enhancements will ensure a more rigorous testing ground for
developing deeper, more generalized Transformer models capable of handling the nuances of
natural communication in KSL.
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