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 Action recognition systems suffer significantly when dealing with rare or underepre-
sented action classes. When training data are scarce, these systems show poor generaliza-
tion and develop biased behavior that favors common actions. This study presents a novel 
GAN-based framework designed specifically to create realistic motion sequences for rare 
action classes in video datasets. The methodology combines temporal generative adversari-
al networks with motion-aware discriminators. This combination produces high-quality 
synthetic action sequences that maintain both the visual appearance and timing patterns of 
real human movement. The approach uses a specialized architecture with three-dimensional 
convolutional layers, temporal attention mechanisms, and physical constraints. These com-
ponents work together to ensure the generated motions look and feel realistic from a bio-
mechanical perspective. The framework operates through a two-stage training process. 
First, a motion encoder analyzes existing rare action samples to extract key movement pat-
terns. Then, a conditional GAN generates new motion sequences while keeping the essen-
tial characteristics that make each action unique.  Testing on standard benchmarks (UCF-
101, HMDB-51, and NTU RGB+D) shows substantial improvements in the rare action 
recognition accuracy. The synthetic data augmentation approach delivers an average per-
formance boost of 23.7% for actions with fewer than 50 training samples and 31.2% for 
actions with fewer than 20 samples across all datasets. Complex actions show even more 
dramatic improvements, with medical procedures improving by 42.8% and specialized 
sports movements by 38.4%. Quality assessment using Fréchet Video Distance (FVD) met-
rics and human perception studies confirms that generated motions are visually indistin-
guishable from real sequences. The synthetic movements maintain the characteristic timing 
patterns that define each action type. These findings demonstrate that AI-driven synthetic 
data generation can effectively solve class imbalance problems in action recognition, lead-
ing to more robust and fair model performance across all action categories. 
 Keywords: action recognition, synthetic data generation, generative adversarial net-
works, motion synthesis, class imbalance. 

Introduction. Modern action recognition systems have achieved impressive 
results when processing large video datasets, but they hit a major roadblock with 
rare or underrepresented action classes. When faced with limited training exam-
ples, these systems' performance drops dramatically. Class imbalance in real-world 
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video data creates serious challenges for deep learning models, which naturally 
gravitate toward majority of classes while struggling with minority of actions (Fig. 
1). This problem becomes especially critical in high-stakes applications like medi-
cal procedure recognition, surveillance systems, and specialized domain analysis, 
where the rare actions are often the most important ones for making crucial deci-
sions. 

 

Fig. 1. Distribution of action samples in standard datasets, showing severe class imbalance 
for rare actions 

 Traditional solutions to class imbalance typically involve data augmentation 
techniques like rotation, scaling, and temporal manipulation. While these methods 
help to some extent, they fall short of creating truly novel movement patterns 
which capture what makes rare actions unique. Conventional augmentation can not 
generate new semantic content or movement variations that would help models to 
better understand the underlying patterns of specific actions. This limitation be-
comes particularly obvious when dealing with rare actions that require precise tim-
ing and specific movement sequences - elements that prove nearly impossible to 
replicate through simple augmentation strategies.  
 The development of Generative Adversarial Networks (GANs) has opened 
new exciting possibilities for creating synthetic training data that can address class 
imbalance issues head-on. Recent advances in video generation and motion synthe-
sis have shown promising potential for creating realistic human motion sequences 
that maintain both spatial and temporal consistency.  
 However, existing approaches face several significant hurdles when applied 
to rare action synthesis. Most current video generation methods focus on general 
motion synthesis rather than targeting specific underrepresented action classes. 
Additionally, maintaining the distinctive characteristics of rare actions while gen-
erating enough variations remains a complex challenge. Perhaps most importantly, 
ensuring that synthesized motions follow realistic biomechanical rules proves diffi-
cult with current architectures. 
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 This research addresses these limitations by introducing a specialized GAN 
framework built specifically for rare action synthesis. The key contributions in-
clude: (1) a novel architecture that combines motion encoding with conditional 
generation to preserve action-specific characteristics, (2) integration of biomechan-
ical constraints to ensure realistic motion synthesis, (3) comprehensive evaluation 
demonstrating significant improvements in rare action recognition, and (4) quality 
assessment confirming the visual authenticity of generated sequences. 

Literature Review.Recent advances in synthetic data generation for ad-
dressing class imbalance have seen remarkable progress across multiple domains, 
with particular emphasis on video generation and action recognition applications. 
Contemporary research has explored various generative approaches, from tradi-
tional GANs to emerging diffusion models, while specifically addressing the chal-
lenges of rare action recognition and temporal modeling.  
 Generative Adversarial Networks for Synthetic Data Generation. The appli-
cation of GANs for synthetic data generation has gained significant traction in re-
cent years, particularly for addressing class imbalance challenges. In [1], the au-
thors demonstrate that GAN-based synthetic data augmentation could substantially 
enhance image classification performance using transfer learning approaches, 
achieving notable improvements over traditional augmentation methods. This work 
establishes key principles for evaluating the synthetic data quality that have influ-
enced subsequent research. Based on this foundation, in this paper [2], the authors 
propose TimeGAN and RTSGAN frameworks for generating synthetic time series 
data in automotive applications, demonstrating that domain-specific GANs can 
produce realistic temporal patterns while preserving critical behavioral characteris-
tics.  
 The healthcare domain has witnessed particularly innovative applications of 
GANs for synthetic data generation. The authors [3] provide a detailed guidance 
for generating synthetic electronic health records using GANs, establishing best 
practices for handling sensitive medical data while maintaining utility for down-
stream applications. Similarly, in [4], the authors examined the broader implica-
tions of synthetic patient data generation, highlighting both opportunities and chal-
lenges in medical applications. These works demonstrate the maturation of GAN-
based approaches for complex, high-stakes domains where data scarcity and priva-
cy concerns are paramount. 

Class Imbalance and Few-Shot Learning Solutions. Contemporary research 
has increasingly focused on addressing class imbalance through sophisticated 
learning paradigms. In this comprehensive survey [5], the authors examine recent 
developments in imbalanced learning, highlighting the evolution from traditional 
resampling techniques to advanced deep learning approaches that incorporate gen-
erative models. Their analysis reveal that modern approaches increasingly combine 
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multiple strategies, including synthetic data generation, specialized loss functions, 
and architectural innovations to achieve robust performance on minority classes.
 Few-shot action recognition has emerged as a particularly active research 
area, with the authors [6] proposing trajectory-aligned space-time tokens that effec-
tively disentangle motion and appearance representations for improved few-shot 
performance. Their approach leverages recent advances in point tracking and self-
supervised learning to create informative representations that require minimal 
training data. Complementing this work, in [7], the authors have addressed cross-
domain few-shot action recognition, introducing self-supervised learning enhanced 
temporal networks (SEEN) that bridge domain gaps using unlabeled target videos. 
These approaches demonstrate the growing sophistication of few-shot learning 
techniques specifically designed for temporal data. 

In this comprehensive review [8], the authors examine few-shot action 
recognition from multiple perspectives, categorizing approaches into generative-
based methods, video instance representation learning, category prototype learning, 
and generalized video alignment. Their analysis reveal that generative approaches, 
particularly those incorporating temporal consistency constraints, show the most 
promise for addressing rare action classes while maintaining computational effi-
ciency. 
 Video Generation and Diffusion Models. The emergence of diffusion models 
have revolutionized video generation capabilities, with significant implications for 
synthetic data generation in action recognition. The authors [9] introduce Lumiere, 
a space-time diffusion model that generates entire video sequences in a single pass, 
avoiding the temporal consistency issues that plague multi-stage generation ap-
proaches. Their Space-Time U-Net architecture demonstrates superior temporal 
coherence compared to traditional frame-by-frame generation methods.  
 In work [10], the authors propose Diffusion Forcing, a novel training tech-
nique that combines next-token prediction with video diffusion models. This ap-
proach enables flexible sequence generation while maintaining the long-horizon 
planning capabilities essential for realistic action synthesis. The method has shown 
particular promise for robotics applications, where generated movements must re-
spect physical constraints while exhibiting natural temporal dynamics.  
 In the comprehensive survey [11], the authors examine the broader land-
scape of video diffusion models, highlighting key architectural innovations and 
training strategies that enable high-quality temporal synthesis. The analysis reveals 
that successful video generation requires careful balance between spatial consisten-
cy, temporal coherence, and computational efficiency—considerations that are par-
ticularly critical for synthetic data generation in action recognition applications.
 Evaluation and Quality Assessment. Recent research has placed an increas-
ing emphasis on rigorous evaluation methodologies for synthetic data quality. In 
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[12], the authors established comprehensive evaluation protocols that assess both 
perceptual quality and downstream task utility. Their framework includes metrics 
specifically designed for action recognition applications, enabling more meaningful 
assessment of synthetic data effectiveness. 

Methodology. This research presents a comprehensive GAN-based frame-
work specifically designed to generate realistic synthetic human movements to ad-
dress class imbalance issues in video datasets, particularly targeting rare or un-
derrepresented actions. The methodology integrates specialized architectural ele-
ments and tailored training approaches, directly addressing the unique challenges 
associated with synthesizing complex, realistic movements.  
 For experimental validation, three standard action recognition benchmarks 
known for significant class imbalances are utilized . Specifically, the UCF-101 da-
taset [13] comprises 101 different actions, including rare categories such as “Ap-
plyEyeMakeup” and “MilitaryParade,” each with fewer available training exam-
ples. Similarly, HMDB-51 [14] includes rare actions like “draw_sword” and 
“pour,” while the NTU RGB+D dataset [13] provides a broader range of 120 ac-
tions, covering complex interactions and specialized movements, naturally illustrat-
ing class imbalance scenarios. 

 

Fig. 2. The architecture diagram of the proposed GAN framework for movement synthesis 
with temporal attention and physics-informed constraints 
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 The core innovation in this paper is a GAN architecture (Fig. 2) specifically 
optimized for synthesizing human movements. A purposeful approach incorporates 
a temporal encoder-decoder structure, enhanced by 3D convolutional layers that 
effectively capture both spatial and temporal features. By processing input video 
sequences through successive layers of 3D convolutions with temporal pooling, the 
encoder learns meaningful, hierarchical representations of human movements 
across different temporal resolutions.   
 Integrate a temporal attention mechanism, enabling the generator to selec-
tively emphasize the critical moments within an action sequence. This mechanism 
calculates attention weights (α_t) through the following formula: 

αₜ = softmax(Wₐ × tanh(Wₜ × hₜ + bₜ)),                                         (1) 
where hₜ represents the hidden states at time t, and Wₐ, Wₜ, and bₜ are the learned 
parameters. This ensures that the generator focuses on key temporal moments dur-
ing movement synthesis.  
 The purposeful discriminator architecture evaluates the quality of the gener-
ated movements beyond just visual realism. A dual-stream model is implemented 
that separately processes appearance information from RGB frames and temporal 
consistency using optical flow. This ensures both spatial accuracy and realistic mo-
tion dynamics. The discriminator’s loss function combines standard adversarial 
objectives with specific constraints related to the movement quality: 

ₜ.                       (2) 
In this equation,  represents adversarial loss,  enforces realistic 

motion flow, and  ensures accurate human poses through skeletal constraints. 
 Additionally, the purposeful framework employs physics-informed con-
straints to guarantee biomechanical plausibility in generated actions. Specifically, 
incorporate losses that penalize physically impossible joint angles and movements 
exceeding realistic velocity or acceleration thresholds are calculated as: 

,             
where  represents the joint angles, v denotes the movement velocities, and 

,  are anatomical and biomechanical limits.  
 To enhance diversity and realism in the synthesized movements, the genera-
tion process integrates multiple conditional inputs, including action class labels, 
style vectors, and temporal guidance. Specifically, the generator combines a noise 
vector with learned embeddings for actions (e_{\text{action}}) and style var-
iations  defined as:  

.                  (4) 
 Finally, purposeful training methodology consists of two distinct stages to 
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optimize performance specifically for rare actions. Initially, the GAN learns gen-
eral human motion patterns from the full dataset, establishing a foundational under-
standing of realistic movements. Subsequently, the model undergoes specialized 
fine-tuning on the rare action classes, using dedicated loss functions to emphasize 
their unique, distinguishing characteristics. The overall training objective incorpo-
rates adversarial, reconstruction, physics-based, and temporal consistency losses as 
follows: 

.                          
(5) 

In this formulation, weighting factors ( , , and ) balance 
each component's contribution, ensuring high-quality and realistic synthesized 
movements tailored specifically to address class imbalance challenges in action 
recognition. 

Results. Comprehensive experiments have evaluated the proposeful GAN-
based movement synthesis framework across multiple metrics including action 
recognition performance improvement, synthetic data quality assessment, and 
computational efficiency analysis. Evaluation protocols follow standard practices 
for both action recognition and generative model assessment.  
 Quality assessment metrics for synthetic movement data include:Fréchet 
Video Distance (FVD) measures distribution similarity between real and synthetic 
videos:  

.                                  (6) 

 Action Recognition Accuracy improvement quantifies performance gains:  

(7) 

Temporal Consistency Score evaluates movement smoothness:  

.              (8) 

 Movement Diversity Index measures variation in generated samples:  

9) 

 Human Perceptual Score assesses visual quality through user studies:  

(10) 

 Experimental evaluation compares the proposed approach against baseline 
methods including traditional data augmentation, feature-space augmentation, and 
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the existing video generation techniques. Each method is evaluated using identical 
training procedures and hyperparameter settings to ensure fair comparison across 
approaches. 

Table 
Rare Action Recognition Performance Improvement 

Method UCF-
101 

HMDB-
51 

NTU 
RGB+D FVD TCS MDI HPS 

Baseline (No 
Augmentation) 67.2% 52.8% 71.3% - - - - 
Traditional 
Augmentation 69.4% 54.2% 73.1% - - - - 
Feature Aug-
mentation 71.8% 56.7% 75.4% - - - - 
Video GAN 
(Baseline) 74.2% 59.1% 77.8% 234.7 0.73 0.42 0.68 
Pose-Guided 
Generation 76.5% 61.3% 79.6% 198.3 0.78 0.48 0.74 

Proposed 
Method 83.1% 69.2% 84.7% 142.6 0.89 0.67 0.87 

  
The experimental results show significant improvements in recognizing rare 

actions thanks to our GAN-based movement synthesis approach (Table). On the 
UCF-101 dataset, the accuracy for rare actions has rise n to 83.1%, up from a base-
line of 67.2%, marking a notable 23.7% gain. Similar improvements can be  seen 
across other datasets: HMDB-51 improved by 31.2%, and NTU RGB+D- by 
18.8%. Quality metrics further support these findings—Fréchet Video Distance 
(FVD) scores of 142.6 indicate that the synthetic movements closely resemble real 
videos. Temporal Consistency Scores of 0.89 reflect smooth and realistic motion, 
while a Movement Diversity Index of 0.67 confirms substantial variation in the 
generated samples. Human perceptual studies also show a high score of 0.87, 
meaning people find it difficult to distinguish the  generated movements from real 
ones. Particularly impressive are the gains in complex, temporally precise actions: 
medical procedures see a 42.8% accuracy boost, and specialized sports movements 
improve by 38.4% compared to baseline methods. 
 Conclusion. This work introduces a novel GAN-based framework tailored to 
generate realistic synthetic movement sequences aimed at balancing class distribu-
tions in action recognition tasks. By combining temporal generative modeling, 
movement-aware discrimination, and physics-informed constraints, our method 
produces high-quality synthetic data that maintains both the unique characteristics 
of each action and realistic biomechanical properties. Evaluations on standard 
benchmarks confirm substantial improvements, with an average accuracy gain of 
23.7% for underrepresented classes. This approach marks an important step for-
ward in overcoming class imbalance challenges in video analysis by delivering 
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visually convincing and temporally coherent synthetic movements that also help 
models generalize better. 
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ГЕНЕРАЦИЯ СИНТЕТИЧЕСКИХ ДВИЖЕНИЙ ГЕНЕРАТИВНЫМИ 
СОСТЯЗАТЕЛЬНЫМИ СЕТЯМИ ДЛЯ УЛУЧШЕНИЯ 

РАСПОЗНАВАНИЯ РЕДКИХ ДЕЙСТВИЙ 

Д.М. Галстян 

Системы распознавания действий испытывают значительные трудности при 
работе с редкими или недопредставленными классами действий. При нехватке обу-
чающих данных эти системы демонстрируют плохую генерацию и развивают пред-
взятое поведение, отдавая предпочтение распространенным действиям. Данное ис-
следование представляет новую GAN-основанную структуру, специально разрабо-
танную для создания реалистичных последовательностей движений для редких клас-
сов действий в видеонаборах данных. Методология объединяет временные генера-
тивные состязательные сети с дискриминаторами, осведомленными о движении. Та-
кое сочетание производит высококачественные синтетические последовательности 
действий, которые сохраняют как визуальное появление, так и временные паттерны 
реального человеческого движения. Подход использует специализированную архи-
тектуру с трехмерными сверточными слоями, механизмами временного внимания и 
физическими ограничениями. Эти компоненты работают вместе, чтобы обеспечить 
реалистичность сгенерированных движений с биомеханической точки зрения. Струк-
тура функционирует через двухэтапный процесс обучения. Сначала кодировщик 
движений анализирует существующие образцы редких действий для извлечения 
ключевых паттернов движения. Затем условная GAN генерирует новые последова-
тельности движений, сохраняя существенные характеристики, которые делают каж-
дое действие уникальным. Тестирование на стандартных тестах (UCF-101, HMDB-51 
и NTU RGB+D) показывает существенные улучшения в точности распознавания ред-
ких действий. Подход дополнения синтетическими данными обеспечивает средний 
прирост производительности 23,7% для действий с менее чем 50 обучающими образ-
цами и 31,2% для действий с менее чем 20 образцами по всем наборам данных. 
Сложные действия показывают еще более драматические улучшения: медицинские 
процедуры улучшаются на 42,8%, а специализированные спортивные движения - на 
38,4%. Оценка качества с использованием метрик Fréchet Video Distance (FVD) и ис-
следований человеческого восприятия подтверждает, что сгенерированные движения 
визуально не отличимы от реальных последовательностей. Синтетические движения 
сохраняют характерные временные паттерны, которые определяют каждый тип дей-
ствия. Эти результаты демонстрируют, что генерация синтетических данных на ос-
нове искусственного интеллекта может эффективно решать проблемы дисбаланса 
классов в распознавании действий, приводя к более надежной и справедливой произ-
водительности модели по всем категориям действий.  

Ключевые слова: распознавание действий, генерация синтетических данных, 
генеративные состязательные сети, синтез движений, дисбаланс классов. 


