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ABSTRACT
Deep learning continues to revolutionize industries by addressing complex challenges through innovative neural architectures, reflecting one of the most dynamic and promising fields in modern computer science. From the first models of artificial neural networks to the sophisticated frameworks that currently dominate the technology landscape, deep learning has been evolving rapidly, driven by the availability of large volumes of data, advances in computational hardware, and the growing demand for automated and intelligent solutions. In this review work, conducted in the Google Scholar, arXiv, Scopus, and SciELO databases, we explored five emerging models in 2024 and early 2025 – Temporal Convolutional Networks, Kolmogorov-Arnold Networks, Quantum-Inspired Recurrent Networks, Deep Reinforcement Learning,  and Generative Adversarial Networks to point out mechanisms of operation and analyze the transformative impact of these tools in various fields of scientific knowledge. By grouping these architectures according to their applications in healthcare, content creation, autonomous systems, time series analysis, and anomaly detection, we provide a comprehensive view of their capabilities, strengths, and potential limitations. Thus, the main characteristics used in the selection of the most appropriate techniques for specific needs are elucidated, in addition to highlighting opportunities for future advances.

Keywords: Neural Architectures. Multi-domain applications. Technological Innovation.


INTRODUCTION
Deep learning has emerged as one of the most transformative areas of artificial intelligence (AI), driving advancements across a wide range of industries. From industrial automation to personalized medicine, deep neural networks have demonstrated unprecedented ability to solve complex problems that were previously considered intractable (GANAIE et al. 2022; MU and ZENG, 2019). This evolution has been made possible by advances in hardware, the availability of large volumes of data, and the development of new specialized neural architectures (KIM et al. 2021). However, as the demands of industries become more sophisticated, so does the need for models that are not only accurate, but also adaptable, scalable, and interpretable (ALYAMI et al. 2024). 
Between 2024 and the first months of 2025, there has been a qualitative leap in the design of deep learning architectures, with a focus on hybrid approaches and inspired by principles from other areas, such as quantum physics, graph theory, and probability (KIM et al. 2021; ALYAMI et al. 2024). These innovations reflect a clear trend: the creation of models that combine high performance with flexibility to address domain-specific challenges (ALYAMI et al. 2024). In addition, there has been a significant increase in the use of techniques such as federated learning, which allows models to be trained on decentralized data without compromising users' privacy (DEMELIUS et al. 2025), particularly relevant in sectors such as healthcare, where the protection of sensitive data is crucial. Another important trend is the development of more efficient and scalable models, implications that are essential for the large-scale adoption of AI solutions in different industries (SOORI et al., 2024). 
In this context, the explainability of deep learning models and the junction of AI with "edge computing" also gained within this period with the growth of the complexity of the models and the need for transparency, understanding and optimization for different types of users (HOSAIN et al., 2024). Explanable AI (or "AI explainability") aims to do just that: to make model decisions clearer and more interpretable, which is especially important in sectors such as healthcare and finance, where decisions made by models can have significant impacts on people's lives (SAARELA and PODGORELEC, 2024). In addition, Edge AI (or "edge computing") is also becoming more popular by bringing intelligence directly to devices, with the goal of reducing latency, improving privacy, and decreasing bandwidth requirements (GILL et al., 2024), allowing these devices to make decisions faster and more efficiently (GILL et al.,  2024; ALAM et al., 2024).
In light of these innovations, this review seeks to provide a compilation of the most relevant AI architectures released or significantly advanced in 2024 and the first half of 2025. The objective, therefore, was to explore the theory of these models and how they are applied in different areas of knowledge, from applications in human health to autonomous systems in automobiles and robots, and in the creation of media. To this end, we organized the discussion of this study into thematic categories, which highlighted the specific contributions of each architecture explored and its practical implications. In the end, it was hoped not only to cover the current state of the field, but also to identify gaps and opportunities for future developments.

METHODOLOGY
A bibliographic research (SNYDER, 2019) of a qualitative nature and non-systematic characteristic (FORNARI and PINHO, 2022) was carried out in the Google Scholar, arXiv, Scopus and SciELO databases  in order to support the present study developed in the form of a narrative review (ROTHER, 2007), as illustrated in the scheme of Figure 1.

Figure 1. Scheme of conducting the research and criteria for selecting studies in the databases for literature review on the subject
[image: ]
Source: The Authors (2025)
For the research, the Boolean operators "AND" and "OR" were used, as well as the terms associated with the deep learning tools  in Portuguese and English, as well as the applications in the selected fields of knowledge, as indicated in Figure 2.

Figure 2. Flowchart of the research process and selection of the evaluated studies
[image: ]
Source: The Authors (2025)

RESULTS AND DISCUSSION
Below we present the theoretical aspects of the deep learning architectures emerging between 2024 and early 2025 and their applications in various fields of knowledge, also addressing questions about the advantages, disadvantages, limitations, and future projections.

TEMPORAL CONVOLUTIONAL NETWORKS (NCT)
Theoretical Aspects of Architecture
TCNs are deep learning architectures specifically designed to model temporal dependencies on sequential data (ZEGHINA et al., 2024). Unlike traditional recurrent neural networks, which process data sequentially and usually struggle with long-term dependencies due to problems such as evanescent or explosive gradients, CTN uses a convolutional approach to better process temporal information. This architecture employs one-dimensional convolutions along the time dimension (Figure 3), which allows the capture of patterns and trends in data obtained from the perspective of time series with greater efficiency and stability (ZEGHINA et al., 2024; THAPA and LEE, 2024).


Figure 3. Model of one-dimensional convolutions along the temporal dimension
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Source: The Authors, 2025 – Adapted from ZEGHINA et al. (2024)

The theoretical foundation of NTT is in the ability of convolutional operations to extract local characteristics while maintaining the global context by expanding the receptive field (ZEGHINA et al., 2024), resulting from the stacking of multiple convolutional layers with increasing expansion rates that allows the network to "visualize" more distant events in the past without losing resolution or significantly increasing computational complexity (ZEGHINA et al., 2024). It should be noted that the use of residual connections in these architectures mitigates problems with evanescent gradients that impact overall performance, which allows and facilitates the training of naturally deeper networks (THAPA and LEE, 2024). 
However, TCN architectures have notable limitations that have driven current improvements: (a) they require large volumes of data to achieve optimal performance due to the high number of parameters in convolutional layers, and (b) processing conducted in parallel can prevent the incorporation of future information, which is disadvantageous in tasks that require a bidirectional context (ZEGHINA et al., 2024; THAPA and LEE, 2024).
Thus, one of the main advances in NTCT in 2024-2025 was the use of causal convolutions (LI et al., 2023; THAPA and LEE, 2024), which ensure that predictions at time t are based only on information from t or previous moments to preserve aspects of temporal causality. Also, the application of dilated convolutions (LI et al., 2023) to expand the receptive field of the network without increasing the number of parameters enables the more effective capture of long-term dependencies. The combination of these techniques allows the TCN architecture to better process sequences in parallel, resulting in faster training times compared to models based on traditional recurrent neural networks (LI et al., 2023; THAPA and LEE, 2024).

Practical Applications of TCN Architectures
In practice, TCN architectures have demonstrated significant potential in several areas of knowledge, such as healthcare (WANG et al., 2025), in autonomous systems (SADID and ANTONIOU, 2024) and anomaly detection (REN et al., 2024).
In the field of health, Wang et al. (2025) developed a new algorithm called CS-TCN (Channel Selection-Based Temporal Convolutional Network) for the personalized detection of epileptic seizures in patients from electroencephalogram (EEG) signals. This strategy combines a channel selection method based on Fisher's expanded score with the TCN architecture, which can effectively capture temporal dependencies on EEG signals, while also reducing model complexity and computational requirements. This approach by the authors made it possible to achieve remarkable performance metrics, with sensitivities of 98.56% and 98.88% in the CHB-MIT and Siena datasets, respectively, which further highlight the fact that this new algorithm outperforms existing methods of detecting crises with few channels. That is, the ability of the CS-TCN algorithm to maintain high performance even with a reduced number of EEG channels (from 1 to 5) is particularly relevant in the context of healthcare applications, as it makes this approach relevant for the development of wearable and wearable devices that can detect seizures more easily and be used in home environments. The challenges and limitations addressed by the authors were the inter-patient variability and the ability to detect in real time, which pave the way for future more personalized and adaptive healthcare solutions.
In the field of autonomous systems, Sadid et al. (2024) proposed a model based on a dynamic spatiotemporal graph neural network (STGCN) that integrates TCN architectures in capturing and predicting temporal dependencies of autonomous vehicle trajectories. Thus, by combining a spatial graphic convolution mechanism that models the interactions between vehicles in a traffic scene, Sadid and collaborators were able to extract temporal patterns from historical observations of movement, which resulted in significant improvements in the accuracy of trajectory prediction when compared to existing models during experiments conducted with the HighD dataset. The authors also highlight: (a) the algorithm's ability to simultaneously process the trajectories of all vehicles in a traffic scene, something that methods based on Long Short-Term Memory (LSTM), for example, usually cannot do efficiently; (b) the flexible receptive fields and residual connections, which allow the model to maintain a long-term memory while operating with high computational efficiency; and (c) the integration of the TCN algorithm with Graphical Convolutional Networks (GCN) to capture the spatial interactions between vehicles and also extract relevant temporal information in the prediction of future states.
In the field of anomaly detection, Ren et al. (2024) proposed an  innovative framework called Mirror Temporal Graph Autoencoder (MTGAE) that explores the use of TCN in the context of anomaly detection in traffic time series with a focus on intelligent transport systems. This framework emerged from the combination of adaptive TCN and Graphical Convolutional Networks (GCN) capable of capturing complex spatiotemporal correlations in traffic networks. The main differential is in the creation of a Mirrored Time Convolution Module (MTCM) that expands the perceptual field and better adapts to the specific characteristics of traffic data. The framework also includes the GCGRU CELL module, which uses  Gaussian kernel functions to map data into a high-dimensional space and enable the identification of anomalies hidden in complex traffic network interdependencies. According to the authors, experimental tests on the NYC dataset  demonstrated that MTGAE outperforms other advanced anomaly detection models, given MTCM's ability to address the traditional limitations of CTN when it comes to dynamic transport networks. In other words, the authors suggest that while traditional TCNs may struggle to capture global contextual information and perceptual field dynamics, MTCM excels at exploring hidden associations between nodes and learning existing complex relationships and dependencies in traffic data, making it more robust in detecting both spatial and temporal anomalies.

KOLMOGOROV–ARNOLD (KAN) NETWORKS
Theoretical Aspects of Architecture
[bookmark: _Hlk193388439]KAN are architectures inspired by the Kolmogorov-Arnold representation theorem (KILANI, 2024), in which any continuous multivariate function can be decomposed into a finite sum of univariate functions and addition operations. Therefore, KAN are ideal for building networks capable of approximating complex functions with the help of simplified components (KILANI, 2024; ALONSO, 2025). Unlike Multilayer Neural Networks (MLPs), which use fixed activation functions on nodes (neurons), KAN uses learnable activation functions (e.g., B-splines) on edges (also called weights). 
In other words, in this architecture, each weight parameter is replaced by a univariate function, which eliminates the need for matrices of linear weights, while the nodes perform only sum operations and the edges actively participate in learning, allowing the Kolmogorov-Arnold network to make approximations of high-dimensional functions making use of fewer parameters and providing greater interpretability (BASINA et al., 2024) (Figure 4).

Figure 4. Decomposition flow of multivariate functions into finite sums of univariate functions in the Kolmogorov-Arnold neural network
[image: ]
Source: The Authors, 2025 - Adapted from KILANI (2024)

Among the advantages of this architecture, it is noteworthy that this ability to decompose multivariate functions into sums of univariate functions mitigates dimensionality problems in tasks focused on machine learning (BASINA et al., 2024; GAO and TAN, 2024), as well as promoting more accuracy with smaller networks, and favoring greater interpretability due to its learnable activation functions that can be visualized and analyzed, making this architecture useful in several scientific domains where transparency is critical (BASINA et al., 2024).
However, KAN architectures face limitations, such as the phenomenon of  computational overhead caused by spline-based activation functions, which results in significantly slower training and inference times compared to MLP (BASINA et al., 2024). In addition, another disadvantage is associated with the scalability of the architecture for high-dimensional inputs, since the depth and complexity of the network grow exponentially with the dimensionality of the function (BASINA et al., 2024; IBRAHUM et al., 2024). 

Practical Applications of KAN Architectures
In practice, KAN architectures have already been applied in time series analysis (XU et al., 2024), in prediction in learning patterns in multivariate physiological signals (DONG et al., 2024), and in the detection of anomalies in industrial systems or network traffic by approximation of irregular multivariate distributions (ABUDUREXITI et al., 2025).
In the time series analysis, Xu et al. (2024) introduces two variants: T-KAN and MT-KAN, which are able to combine predictive power with interpretability, challenges that are common in traditional time series forecasting methods. The T-KAN architecture is designed to detect changes or shifts in concepts (or relationships) in univariate time series, using symbolic regression to account for the nonlinear relationships between predictions and previous time steps. On the other hand, the MT-KAN architecture focused on exploring complex interdependencies between variables in multivariate time series, significantly improving predictive accuracy. The experiments carried out by the authors in financial databases demonstrated that both variants, even with simple architectures (2 layers and 5 hidden neurons), achieve comparable or even superior performance to those models based on traditional MLP, offering greater transparency in the decision process. The differential of these architectures, therefore, lies in the replacement of traditional linear weights by univariate functions parameterized by splines that allowed KAN to learn dynamic patterns in the data and adapt to changes in the environment.
In the area of health, Dong et al. (2024) proposed the TCKAN model for the prediction of sepsis mortality risk in critically ill patients, which uses KAN architecture to capture dynamic and nonlinear features of medical data and integrates temporal, constant, and diagnostic information into a unified feature vector. The experiments performed on the MIMIC-III and MIMIC-IV datasets demonstrated that TCKAN significantly outperforms existing methods, with an important differential in the model's ability to handle irregular time series through the GRU-D module that improves interpretability and feature recognition capability. In addition, ablation studies conducted by the authors confirmed the importance of KAN in the model by showing that their replacement by MLP leads to a decrease in performance.
In the detection of anomalies, Abudurexiti et al. (2025) proposed a  specific unsupervised and explainable framework for anomaly detection in Industrial Internet of Things (IIoT) systems, integrating KAN architectures with Variational Auto-Encoders (VAE) to improve the ability to capture complex patterns in multivariate time series, providing greater robustness and interpretability. This characteristic of capturing complex patterns is particularly relevant in the context of IIoT, as the data often presents anomalies related to noise and high dimensionality. The combination of the KAN architecture with the Convolutional Block Attention Module (CBAM) integrated into the improved VAE for local feature extraction is another differential reported by the authors, as it allows the model to efficiently identify anomalies in time series data even in scenarios with little or no labeled data. 

 QUANTUM-INSPIRED RECURRING NETWORKS (QINN)
Theoretical Aspects of Architecture
QINNs represent a new class of deep learning architectures by integrating the principles of quantum computing (MALHOTRA, 2024), such as superposition, entanglement, and quantum parallelism, with sequential processing capacity similar to that of recurrent neural networks (RNN). QINN architectures use quantum mechanisms to improve computational efficiency, greater memory retention, and greater ability to model complex temporal dependencies on sequential data (PANDURANGAN et al., 2024) (Figure 5).

Figure 5. Superposition, entanglement, and quantum parallelism scheme of QINN algorithms
[image: ]
Source: The Authors, 2025 – Adapted from MALHOTRA (2024)

In other words, QINN architectures employ quantum states to encode information through superposition during the simultaneous processing of multiple inputs, making it possible to explore a vast space of solutions more efficiently. In addition, quantum entanglement acts as a facilitator of correlations between distant data, expanding the ability to capture long-range dependencies (PANDURANGAN et al., 2024; CHEN and LUO, 2024). This ability is linked to the Quantum-Adaptive-Computation-Time and Quantum-Dynamic-Routing components, which adjust the dynamics of the processing steps due to the complexity of the inputs and, therefore, enable the optimization of the flow of information that improves adaptability to variable-length sequences (CHEN and LUO, 2024). Such principles are also observed in neural networks endowed with network tensors (TIWARI et al., 2024), which are capable of decomposing high-dimensional data into smaller components, reducing computational costs while preserving critical information. QINN architectures also mitigate problems with evanescent gradients, common in classical RNN, through quantum-inspired gating  mechanisms, which stabilize the flow of gradients during training (TIWARI et al., 2024). 
The advantages of QINN architectures lie in the superior performance of traditional neural networks, especially in tasks that require memory retention and parallel processing, such as time series prediction and natural language processing (AHMAD and JAS, 2025). However, the challenge linked to the long-range reliance on quantum simulations introduces  computational overhead, which tends to slow down training compared to classical models. The challenge of scalability of QINN architectures for large datasets is also highlighted, still limited due to the exponential growth of the dimensions of quantum states, as well as restrictions regarding the interpretability of the model, since quantum operations can complicate the analysis of internal representations (LABHANE et al., 2024).

Practical Applications of QINN Architectures
Despite these limitations, QINN architectures present applications where classic models often fail. As examples, we can cite the prediction of time series (HONG et al., 2024) and, in health, through the creation of autonomous humanoid robots aimed at the compassionate care of hospital patients (HERNANDEZ, 2024).
Hong et al. (2024) proposed a hybrid model that combined QINN architecture with deep neural networks (parallel CNN and LSTM), optimized through a Quantum Particle Swarm Optimization (QPSO) algorithm, applied in the analysis of time series aimed at the early prediction of wind speed. This hybrid model makes use of complex weights in the QINN architecture that can expand the dimensionality of the search space and improve the accuracy of predictions compared to traditional models that use true weights. The results achieved by the authors show that the proposed model outperforms similar approaches such as CNN-LSTM-FC and CNN-LSTM-CVNN, in terms of metrics such as MAE, RMSE and R², which validate the effectiveness of QINN for spatial and temporal forecasting problems. In addition, the use of three parallel CNN layers in the model to extract features from the wind speed data proved to be more effective than a single CNN layer, highlighting the importance of the proposed architecture. The role of QPSO, in turn, was also crucial in adjusting the model's hyperparameters, which conferred faster convergence and better results than those obtained in classical optimization algorithms.
In the field of health, Hernandez (2024) proposed a multisensory simulation model that integrates quantum concepts of entanglement and superposition that improve human-robot interactions in hospital environments, with regard to the emotional and physical needs of patients, aiming to develop autonomous humanoid robots for compassionate care and more empathetic and personalized communication. The author illustrates how the system uses a circular memory scheme with a capacity for 100 experiences and an adaptive learning rate to adjust its actions based on past interactions, capable of incorporating uncertainties to reflect real-world dynamics. The differential of the study is, therefore, the way in which quantum principles are applied to the dynamic communication model between the health system, the robot and the patient. That is, a quantum density matrix used to evaluate the fidelity of the information received by patients and ensure greater accuracy and reliability in interactions. The simulation conducted by the author and his research group also demonstrated that the use of QINN architecture allows robots to process multiple inputs simultaneously and respond adaptively to cultural variations, individual preferences, and specific care needs.

DEEP REINFORCEMENT LEARNING (DRL)
Theoretical Aspects of Architecture
DRL architecture is a paradigm that integrates reinforcement learning (RL) principles with deep neural networks (DNN), allowing agents to better assimilate decision-making policies in environments that are more complex and dynamic (GAO and SCHEWEIDTMANN, 2024). At its core, the DRL architecture operates with the  Markov Decision Processes (MDP) framework (ZHANG et al., 2024), where an agent interacts with the environment by selecting actions based on observed states, receives rewards, and updates its policy to maximize cumulative return over time (Figure 6).

Figure 6. Schema of the Reinforcement Deep Learning Paradigm
[image: ]
Source: The Authors, 2025 - Adapted from GAO and SCHEWEIDTMANN (2024)

The theoretical foundation of DRL is based on Bellman's Optimality Equation (CHUNG et al., 2024), which recursively decomposes the value of a state into immediate rewards and the discounted value of subsequent states, allowing the approximation of long-term returns through iterative updates. Algorithms such as Deep Q-Networks (DQN) (LUO et al., 2024), Proximal Policy Optimization (PPO) (PENG et al., 2024), and Twin Delayed Deep Deterministic Policy Gradient (TD3) (SHU et al., 2025) apply DRL architecture to approximate action value functions or policies, characteristic of the PPO algorithm, overcoming the problem of the question about dimensionality in state and action spaces of high complexity. In addition, DQN introduced  experience replay and target networks to stabilize the training stage (LUO et al., 2024), while TD3 came to improve stability in continuous control tasks, an action that mitigates overestimation bias through double Q-learning and softening of the target policy (YAO et al., 2024). 
A crucial advancement of DRL in 2024 was its ability to learn directly from raw, unstructured data (e.g., images, sensor readings), an advancement that eliminated the need for manual feature engineering, as demonstrated in applications such as Atari gaming and robotic control (YAO et al., 2024). The DRL architecture, therefore, excels in tasks that require long-term planning and adaptability, where agents must balance exploration and exploitation to optimize cumulative rewards under uncertainty. 
However, the main challenge of DRL architectures is still the sampling inefficiency, due to the fact that training often requires a massive amount of environmental interactions, making the implementation in real scenarios unfeasible without proper pre-training in real simulations. That is, the so-called "yes-to-real gap", in which policies trained in simulations fail to generalize to real-world dynamics, further complicates practical application (YAO et al., 2024). In addition, security constraints in critical domains such as healthcare, autonomous vehicles, etc., require robustness guarantees, something that DRL architectures do not tend to meet due to their trial-and-error-based learning process (GAO and TAN, 2024; ZHANG et al., 2024). Interpretability, in turn, has also been an obstacle, as DRL models often act as "black boxes," undermining confidence in high-risk applications (GAO and TAN, 2024). 

Practical Applications of DRL Architectures
Despite the challenges, DRL has transformative potential in end-to-end learning systems  (PAPADOPOULOS et al., 2024), in optimizing treatment plans for chronic diseases (YANG et al., 2024a), and in identifying rare events in industrial systems or network traffic by rewarding deviations from normal standards (YANG et al., 2024b).
Papadopoulos et al. (2024) proposed a model that combined DRL architecture with deep neural networks for the management of dynamic and nonlinear systems, in which traditional learning methods often face limitations. The model has the ability to learn adaptive control policies that maximize operational efficiency in real time, even in environments with high variability and uncertainty, as proven by the experiments carried out by the authors, achieving greater accuracy and robustness in the execution of automated tasks by overcoming conventional approaches that are based on predictive control by model (MPC). Another important differential of the model is the integration of exploration-exploitation techniques, which allows the system to balance the search for new strategies and the use of those already learned. In addition, the hierarchical architecture that divides the decision-making process into multiple layers makes it easier to interpret decisions and adapt to different operational scenarios. The authors concluded that this advancement in DRL architecture is particularly useful in the smart manufacturing and supply chain optimization sector, where the ability to adapt quickly to change is essential to maintain competitiveness and efficiency.
Yang et al. (2024a) proposed the PrescDRL model  that uses DRL to plan personalized herbal prescriptions in the treatment of chronic diseases, such as diabetes, and stands out for optimizing diagnostic and treatment schemes in traditional Chinese medicine (TCM). The authors advanced this model because it has the ability to formulate the problem of optimization of diagnosis and treatment as if it were a reinforcement learning task, that is: (a) the state of the patients is represented by the observation of symptoms, (b) the actions correspond to the herbal prescriptions, and (c) the rewards reflect the effectiveness of the treatment over time. The model demonstrated superior performance over traditional approaches, with significant improvements in accuracy (40.5%) and recall (63%) in prescribing prediction. Another important differentiator is the focus on long-term results, rather than maximizing immediate rewards, which results in more reasonable and effective treatment plans for patients. In addition, the model uses an offline virtual environment based on sequential clinical data to simulate state transitions, allowing dynamic adaptation to individual patient conditions.
Yang et al. (2024b) developed a DRL model for anomaly detection in network traffic monitoring systems that learns adaptive detection policies to identify anomalous behaviors in real time, using multivariate time series data. That is, the model's sequential decision-making task is to formulate the anomaly detection problem while the agent dynamically adjusts the detection thresholds based on observed characteristics in network traffic. This particular approach, according to the authors, allows the model to adapt to changes in the environment and outperform traditional detection methods based on fixed thresholds or supervised models. Another key differentiator is the architecture that combines convolutional neural networks and recurrent neural networks to extract spatial and temporal characteristics from the data, while the DRL component optimizes detection decisions. The model demonstrated robustness in scenarios with high noise level and variability, with experimental results showing significant improvements in metrics such as accuracy, recall, and F1-score when compared to classical anomaly detection approaches. The authors concluded that the potential of DRL to address the complexity inherent in network data is key to providing an effective solution that identifies anomalies in real time in dynamic, non-stationary environments.

 GENERATIVE ADVERSARIAL NETWORKS (GAN)
Theoretical Aspects of Architecture
Generative Adversarial Networks is a deep learning model introduced in 2014 by Goodfellow et al. (2014), designed to learn complex data distributions through adversarial training strategy. The architecture of this model consists of two neural networks: a generator (G) and a discriminator (D), i.e., the generator synthesizes the data from random noise to produce samples indistinguishable from real data, and the discriminator evaluates the likelihood of the inputs and distinguishes between real data and generated data (Figure 7).

Figure 7. Flowchart of the operation of Generative Adversarial Networks
[image: ]
Source: The Authors, 2025 – Adapted from Goodfellow et al. (2014)

Training takes place by the minimax  method (MEGAHED and MOHAMMED, 2023), where G is the function that minimizes the probability of D correctly identifying its outputs as false, and D is the function that maximizes accuracy in detecting fraud. The objective function for the model is formulated as follows (Eq. 1):



Theoretically, this function converges to the so-called Nash equilibrium (WANG et al., 2024), in which G captures the real distribution of the data, although practical convergence is challenging due to problems such as mode collapse (related to the lack of diversity in the samples) and instability in training. Other variants, such as Wasserstein GAN architectures, have addressed these issues using alternative divergence metrics (e.g., Wasserstein distance) to stabilize the deep learning process (QIU et al., 2024). 
Even dating back to 2014, GAN architectures received a significant advance in 2024 – 2025 in terms of the ability to generate high-fidelity synthetic data (photo-realistic images, videos, and text-to-image translations) and, therefore, surpassed traditional generative models such as Variational Autoencoders (VAE) in sample quality (LYTVYNENKO et al., 2024), by requiring learning with minimal supervision or even unsupervised learning of complex structures in data (PURWANTO et al., 2024). 
However, GAN architectures also face some problems and limitations (SHARMA et al., 2024), such as training instability that requires more careful hyperparameter adjustments and architectural constraints, high computational cost especially for high-resolution outputs, and ethical concerns, such as the creation of deepfakes, reinforcing the need for more strategic forensic detection methods.

Practical Applications of GAN Architectures
In practice, GAN architectures show transformative potential in healthcare by synthesizing medical imaging data to improve diagnostic accuracy (MAMO et al., 2024), in content creation, leveraging tools such as text-to-image translation (e.g., DALL-E) and style transfer, practices that have revolutionized artistic and media production (CHEN and ZHANG, 2023). 
Mamo et al. (2024) proposed a GAN model capable of generating realistic patient data and preserving privacy, on the premise of improving the quality and usefulness of synthetic medical data. The main contribution of this approach, therefore, lies in the model's ability to produce synthetic data that maintains the statistical characteristics of real data, while mitigating risks of patient re-identification. This strategy aims to mitigate the impacts of lack of access to large medical datasets, such as HIPAA or GDPR, limited by privacy regulations. The results presented by the authors suggest that the data generated by the model are sufficiently realistic for subsequent analyses (prediction of clinical outcomes and diagnoses). Overall, the main differential of the model is the integration of advanced regularization and balancing techniques in the training of the GAN architecture, ensuring stability and quality in data generation. In addition, the model was validated in multiple medical datasets with unrestricted access due to privacy conditions, which included everything from electronic health records to medical images, which shows the versatility of the model in different types of data.
Chen and Zhang (2023) proposed the innovative model called CA-GAN, which decouples content spaces and attributes through attention mechanisms, allowing the synthesis of images with higher fidelity and resolution (280 x 280) compared to previous methods. This model represented a significant contribution to the field of Generative Adversarial Networks applied to the generation of works of art, especially in the context of traditional Chinese paintings. It is further reported that this approach solves not only problems common in earlier works, such as loss of detail and color confusion, but also fills an important gap in literature that has historically focused more on Western art. One of the differentiators is how the introduction of specifically designated losses (MS-SSIM and Charbonnier) demonstrates the customization of loss functions significantly improves the quality and diversity of the generated works, crucial aspects for oriental artistic applications. Another advance discussed by the authors is how structures of attention can be effectively integrated into GAN architectures, allowing the model to focus on specific elements of the works, such as flowers and birds, which are characteristic of traditional Chinese paintings. The approach proposed by the authors has broader implications for the field of GAN applied to art, that is, the strategy of decoupling content and style not only improves results for Chinese paintings, but can also be adapted to other artistic styles, opening up new possibilities for the generation of works with specific characteristics. The collection and organization of a substantial dataset of traditional Chinese paintings by the authors also represents a valuable contribution for enabling other future research in the area. However, it is important to consider the limits of this approach, such as the reliance on well-curated databases and the need for adjustments specifically for each artistic style, as well as ethical issues related to the right to use and reproduce the artistic works explored.

CHALLENGES, FUTURE PROSPECTS AND OTHER POTENTIAL APPLICATIONS
Chart 1 below shows the main points about the techniques covered in the previous topics and their fundamentals, pros and cons, as well as the applications explored and/or possible for these architectures.

Table 1. Comparison of deep learning techniques  and their advances in 2024-2025
	Technique
	Fundamentals
	Pros
	Cons
	Applications

	Temporal Convolutional Neural Networks

Ref.: a
	Uses 1D convolutions with causal/dilated kernels for temporal data modeling.
	Efficiency with long-range dependencies, parallel processing.
	Requires large data sets; It has no two-way context.
	Time series analysis, healthcare, autonomous systems.

	Kolmogorov-Arnold networks

Ref.: b
	It learns multivariate functions through univariate activation functions on edges (inspired by the Kolmogorov-Arnold theorem).
	Efficient in terms of parameters, and interpretable.
	High computational overhead; scalability challenges.
	Time series forecasting, PDE resolution, medical assistance.

	Quantum-Inspired Recurring Networks

Ref.: c
	Integrates quantum principles into RNN for memory retention.
	Efficient memory, parallel processing, complex dependency modeling.
	Computational overload; difficulties in transferring from simulation to reality.
	Autonomous systems, time series analysis, anomaly detection.

	Deep Reinforcement Learning

Ref.: d
	Combines RL with DNN to learn policy through Markov Decision Processes (MDP).
	Adaptability to complex environments, minimal resource engineering.
	Sampling inefficiency, generalization gaps, unstable training.
	Stand-alone systems, healthcare, anomaly detection.

	Generative Adversarial Networks

Ref.: e
	Adversarial training of generative-discriminatory networks to synthesize data.
	High-fidelity synthetic data, minimal oversight.
	Training instability, ethical risks (e.g., deepfakes).
	Content creation, healthcare, anomaly detection.


Note: a – Zeghina et al. (2024), b – Alonso (2025), c – Pandurangan et al. (2024), d – Gao and Scheweidtmann (2024), e – Goodfellow et al. (2014).

As noted, each deep learning technique covered in this review faces distinct challenges. Convolutional Temporal Networks have limitations in the bidirectional context and require large datasets for better performance, restricting their application in data-scarce scenarios. Kolmogorov-Arnold Lattices can present high computational cost and scalability limitations regarding high-dimensional inputs, due to the dependence on univariate activation functions on the edges. The Quantum-Inspired Recurrent Networks technique addresses the "yes-to-real" gap and overhead of quantum simulations, something that makes it difficult to implement in safety-critical systems. Deep Reinforcement Learning suffers from sampling inefficiency, training instability, and  generalization gaps, restricting its use in more dynamic environments. Generative Adversarial Networks, on the other hand, deal with instability in training (the so-called mode collapse), as well as ethical risks (use in the production of deepfakes) and strict data quality requirements, complicating their application in sensitive domains such as health.
[bookmark: _Hlk191750899]Emerging solutions in 2024 and early 2025 seek to solve the aforementioned limitations, such as Convolutional Temporal Networks with hybrid architectures equipped with bidirectional processing or transformer-like attention mechanisms  to improve context perception and reduce data demands. On the other hand, Kolmogorov-Arnold networks benefit from optimized computational structures or hybrid quantum-classical models for improved scalability. Quantum-inspired Recurrent Networks, meanwhile, take advantage of advances in quantum hardware to enable practical applications, especially in multi-agent systems. In the case of Deep Reinforcement Learning, there is a focus on more efficient algorithms in terms of sampling, multitasking learning, and real-time adaptation to mitigate the effects of "yes-to-real" gaps. Generative Adversarial Networks have advanced stable training (e.g., Wasserstein GAN with gradient penalties) and safeguards related to ethical practices, expanding applications for personalized medicine and cybersecurity.
Other applications of the architectures addressed are: (I) Convolutional Temporal Networks in the analysis of social behavior, with the purpose of modeling temporal patterns in human interactions, such as crowd dynamics or evolution of social networks, due to their efficiency in long-term dependencies; (II) Kolmogorov-Arnold networks applied to financial modeling that predicts complex market dynamics because they have adequate parametric efficiency and interpretability for high-dimensional economic data; (III) Quantum-Inspired Recurrent Networks in quantum chemistry simulations for molecular energy optimization, which takes advantage of quantum entanglement for more accurate modeling; (IV) Deep Learning by Reinforcement in adaptive educational systems to personalize learning paths, in which agents optimize engagement and knowledge retention via MDP-based policies; and (V) Generative Adversarial Networks in the practice of personalized medicine to generate patient-specific synthetic data in drug discovery, preserving privacy and accelerating clinical trials.

CONCLUSIONS AND FUTURE PROSPECTS
This review highlighted the theoretical aspects and transformative potential of five deep learning architectures emerging in 2024 and early 2025 in various areas of knowledge, such as healthcare, autonomous systems, content creation, time series analysis, and anomaly detection. These architectures have unique advantages, but advancements are limited by significant challenges. Thus, the need for continuous research to overcome technical barriers and expand practical applicability is emphasized. Future perspectives include the expansion and improvement of hybrid architectures, classical quantum models, more efficient architectures in sampling,  more stable frameworks in training, and ethical adjustments in generative models. By providing a comprehensive comparison and identifying gaps, this review aimed to elucidate insights for selecting tools that are more optimized for specific challenges, pointing out advances in deep learning. As they evolve, integrating these architectures with emerging trends such as Federated Learning, Edge AI,  and Explainable AI becomes crucial to scaling their potentials in real-world scenarios.
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