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Abstract: Deep learning has revolutionized the field of artificial intelligence by enabling significant 

advancements across various domains, including computer vision, natural language processing, and 

speech recognition. This survey provides a comprehensive overview of recent developments in deep 

learning, focusing on three core aspects: architectural innovations, optimization strategies, and real-

world applications. We explore the evolution of neural network architectures, from classical 

feedforward networks to cutting-edge models such as convolutional neural networks (CNNs), recurrent 

neural networks (RNNs), transformers, and graph neural networks (GNNs). In addition, we examine 

state-of-the-art optimization techniques, including adaptive learning rate methods, regularization 

strategies, and training heuristics that address challenges like vanishing gradients and overfitting. 

Finally, we present a broad spectrum of deep learning applications, highlighting breakthroughs in 

autonomous systems, healthcare, finance, and more. By synthesizing recent research trends and 

identifying emerging challenges, this survey aims to serve as a valuable resource for researchers and 

practitioners seeking to navigate the rapidly evolving landscape of deep learning. 
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INTRODUCTION 

Over the past decade, deep learning has emerged as a transformative subfield of machine 

learning, driving remarkable progress in a wide range of applications from image and speech 

recognition to natural language understanding and autonomous systems[1][2][3]. By 

leveraging hierarchical neural network architectures with multiple layers of abstraction, deep 

learning models have demonstrated the ability to automatically extract complex features from 

raw data[4], outperforming traditional approaches in numerous benchmarks. 
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The rapid development of deep learning has been fueled by a confluence of factors, including 

increased computational power, the availability of large-scale datasets, and advancements in 

model architectures and training methodologies[5]. From early models like multi-layer 

perceptrons (MLPs)[6][7][8] to more sophisticated architectures such as convolutional neural 

networks (CNNs)[9][10][11], recurrent neural networks (RNNs)[12], and more recently, 

transformers[13] and graph neural networks (GNNs)[14], researchers have continuously 

pushed the boundaries of what these models can achieve. 

Alongside architectural innovations, optimization techniques have played a pivotal role in 

enhancing the efficiency and performance of deep learning models. Methods such as stochastic 

gradient descent (SGD)[15], Adam[16], and learning rate[17] scheduling have become 

foundational tools for training deep networks[18], while strategies like dropout, batch 

normalization, and weight regularization help address challenges such as overfitting[19] and 

training instability[20]. 

This survey aims to provide a comprehensive overview of the current state of deep learning 

research, focusing on three primary dimensions: architectural advancements, optimization 

strategies, and practical applications. We synthesize insights from recent literature to map the 

evolution of deep learning and highlight key trends and emerging directions. By doing so, we 

hope to offer a valuable reference for both newcomers and experienced researchers seeking to 

understand and contribute to this dynamic field. 

 

RELATED WORKS 

Over the years, numerous survey papers and review articles have been published to capture the 

rapid evolution of deep learning. Early overviews, such [21], laid the foundational 

understanding of deep learning principles, architectures, and their initial applications. Their 

work emphasized the capabilities of deep neural networks in tasks such as image classification 

and speech recognition, marking a turning point in AI research. 

Subsequent studies have focused on specific model families. For instance, [22] provided a 

detailed review of convolutional neural networks (CNNs) in visual recognition tasks, while 

[23] presented a survey on recurrent neural networks (RNNs) and their applications in 

sequential data processing. Similarly, surveys by [24] and subsequent research have 

extensively explored transformer-based architectures, which have since become the dominant 

paradigm in natural language processing. 

Other works have concentrated on optimization aspects. [25] provided an overview of gradient 

descent optimization algorithms, discussing the advantages and trade-offs of various adaptive 

methods like AdaGrad, RMSProp, and Adam. More recent efforts have examined training 

stability and generalization techniques, such as normalization layers, regularization methods, 

and novel loss functions. 

In terms of applications, surveys have explored deep learning's impact on specific domains. 

[26] reviewed deep learning in medical diagnostics, while [27] discussed its applications in 

financial forecasting and fraud detection. These domain-specific reviews underscore the 

growing influence of deep learning beyond traditional AI benchmarks. 
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While each of these studies contributes valuable insights, most focus on either specific 

architectures, training methods, or application areas in isolation. In contrast, this article aims 

to provide a holistic and up-to-date synthesis by integrating the latest advancements across 

architectures, optimization techniques, and practical applications. By offering a unified 

perspective, this survey addresses the need for a comprehensive and accessible reference for 

researchers navigating the complex and fast-evolving landscape of deep learning. 

METHODS 

As a survey-based study, the methodology of this article is grounded in a systematic literature 

review approach, aimed at capturing the breadth and depth of advancements in deep learning. 

The process was designed to ensure comprehensive coverage, relevance, and clarity in 

synthesizing recent research developments. The following steps outline the method employed: 

1. Literature Collection 

We collected academic papers, conference proceedings, and authoritative preprints 

from leading databases including IEEE Xplore, ACM Digital Library, SpringerLink, 

ScienceDirect, and arXiv. The search included works published primarily from 2015 to 

2024, with a focus on high-impact conferences such as NeurIPS, ICML, ICLR, CVPR, 

ACL, and journals such as IEEE Transactions on Neural Networks and Learning 

Systems and Journal of Machine Learning Research (JMLR). 

 

Figure 1. Trend Of Deep Learning Publications By Source (2015–2024) 

2. Search Keywords and Criteria 

The selection was guided by keywords such as deep learning, neural network 

architectures, convolutional neural networks, transformers, optimization algorithms, 

training techniques, and deep learning applications. Papers were filtered based on 

relevance, citation impact, methodological contribution, and novelty. 

3. Categorization 

Selected literature was categorized into three main thematic areas: 

o Architectural Advancements: Covering the evolution and innovation in deep 

learning models such as CNNs, RNNs, GANs, transformers, and GNNs. 
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o Optimization Techniques: Including training algorithms (e.g., SGD variants), 

regularization methods, loss functions, and stability improvements. 

o Applications: Highlighting practical implementations of deep learning across 

fields like healthcare, finance, autonomous systems, natural language 

processing, and computer vision. 

 

Figure 2. Categorization Of Deep Learning Literature 

4. Comparative and Analytical Approach 

Within each category, we conducted comparative analysis to identify key trends, 

performance benchmarks, and challenges. Models and techniques were evaluated based 

on performance metrics reported in the original studies, such as accuracy, F1-score, 

convergence speed, and scalability. 

5. Synthesis and Trend Identification 

Insights were synthesized to identify emerging trends, cross-domain innovations, and 

gaps in the current research landscape. These insights inform our discussion on future 

directions and open research problems in deep learning. 

By employing this structured approach, the survey aims to provide an accurate, insightful, 

and up-to-date map of the current state and trajectory of deep learning research. 

RESULT AND DISCUSSION 

The review and analysis of recent literature reveal significant trends and advancements across 

the three focal areas of deep learning: architectures, optimization techniques, and applications. 

This section synthesizes key findings and discusses their implications in both theoretical and 

practical contexts. 

1. Architectural Advancements 

Recent years have seen a rapid evolution in neural network architectures, driven by the need 

for improved accuracy, scalability, and generalization. 
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• Convolutional Neural Networks (CNNs) continue to dominate in computer vision 

tasks, with innovations such as ResNet, EfficientNet, and ConvNeXt offering better 

depth, efficiency, and transferability. 

• Recurrent Neural Networks (RNNs) and their variants like LSTM and GRU have 

remained essential for sequential data, although their dominance is waning due to the 

rise of transformer-based models. 

• Transformers have revolutionized natural language processing and are now being 

extended to vision (e.g., Vision Transformers – ViT) and multi-modal tasks. Their 

attention mechanism allows for better handling of long-range dependencies and 

parallelization. 

• Graph Neural Networks (GNNs) are gaining prominence in domains involving non-

Euclidean data, such as social network analysis and molecular modeling. 

• Hybrid and modular architectures, which combine components from different 

models (e.g., CNN + Transformer), are increasingly being explored to leverage the 

strengths of multiple paradigms. 

 
Figure 3. Trends in Neural Network Architectural Advancements (2015–2024) 

 

2. Optimization Techniques 

Optimization strategies play a crucial role in training deep learning models effectively. 

• Gradient-based optimizers such as Adam, RMSProp, and SGD with momentum have 

become standard, with recent improvements like AdaBelief and Lion offering better 

convergence and generalization. 

• Regularization methods like dropout, label smoothing, weight decay, and early 

stopping are widely adopted to prevent overfitting, particularly in large-scale models. 

• Normalization techniques, including batch normalization, layer normalization, and 

group normalization, have significantly improved training stability and model 

performance. 

• Learning rate schedulers (e.g., cosine annealing, cyclical learning rates) and warm-

up strategies have been shown to enhance convergence, especially in transformer 

models. 
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Tabel 1: Optimization Techniques in Deep Learning 

Category Technique Research Key Benefit 

Gradient-Based 

Optimizers 

Adam [28] Fast convergence and adaptive 

learning rates 

Gradient-Based 

Optimizers 

RMSProp [29] Balances momentum and 

adaptive learning rates 

Gradient-Based 

Optimizers 

SGD with 

Momentum 

[30] Improves gradient descent 

efficiency 

Gradient-Based 

Optimizers 

AdaBelief [31] Better generalization and 

convergence 

Gradient-Based 

Optimizers 

Lion [32][33] Combines adaptive and 

momentum benefits 

Regularization Dropout [34] Prevents overfitting in large 

models 

Regularization Label Smoothing [35] Improves calibration of 

classification models 

Regularization Weight Decay [36] Controls model complexity 

Regularization Early Stopping [37] Stops training when no 

improvement is seen 

Normalization Batch 

Normalization 

[38] Stabilizes and accelerates 

training 

Normalization Layer 

Normalization 

[39] Normalizes across features for 

stability 

Normalization Group 

Normalization 

[40][41] Alternative normalization for 

grouped data 

Learning Rate 

Schedulers 

Cosine Annealing [42] Improves convergence in 

training cycles 

Learning Rate 

Schedulers 

Cyclical Learning 

Rates 

[43][44] Handles dynamic learning rate 

changes 

 

These advancements not only improve model performance but also enable faster and more 

stable training, allowing for deeper and more complex models. 

3. Applications and Impact 

Deep learning has demonstrated transformative impact across various domains: 

• Healthcare: Deep learning has enabled breakthroughs in medical image analysis, 

disease diagnosis, drug discovery, and genomics. CNNs and transformers are 

commonly used in analyzing radiographic images and electronic health records. 

• Finance: Applications include algorithmic trading, credit scoring, fraud detection, and 

risk assessment, leveraging both time-series forecasting and anomaly detection models. 

• Autonomous Systems: In robotics and self-driving cars, deep learning powers 

perception, decision-making, and control, often through sensor fusion and real-time 

object detection systems. 

• Natural Language Processing: Transformers, particularly large language models 

(LLMs), have pushed the boundaries of machine translation, summarization, question 

answering, and conversational AI. 
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• Creative and Generative Applications: Generative Adversarial Networks (GANs) and 

diffusion models have opened new frontiers in image generation, style transfer, and 

content creation. 

 

Tabel 2: Applications and Impact of Deep Learning 

Domain Key Applications Research Common Models 

Used 

Healthcare Medical image analysis, disease 

diagnosis, drug discovery, 

genomics 

[45] CNNs, Transformers 

Finance Algorithmic trading, credit 

scoring, fraud detection, risk 

assessment 

[46] Time-series models, 

Anomaly detection 

models 

Autonomous 

Systems 

Perception, decision-making, 

control in robotics and self-

driving cars 

[47] Sensor fusion models, 

Real-time CNNs 

Natural 

Language 

Processing 

Machine translation, 

summarization, question 

answering, conversational AI 

[48] Transformers, Large 

Language Models 

(LLMs) 

Creative & 

Generative 

Image generation, style transfer, 

content creation 

[49] GANs, Diffusion 

Models 

 

4. Challenges and Emerging Trends 

Despite significant progress, several challenges remain: 

− Interpretability: Deep models often function as black boxes, making them difficult to 

explain and trust, especially in high-stakes applications like healthcare and finance. 

− Data Efficiency: Training state-of-the-art models typically requires massive datasets. 

Research is increasingly focusing on low-resource learning, few-shot learning, and self-

supervised techniques. 

− Energy and Computation Costs: Large-scale models are computationally intensive. 

Efficient architectures and model compression methods such as pruning and 

quantization are being developed to address this issue. 

− Ethics and Fairness: As models become more powerful, concerns about bias, fairness, 

and ethical use have gained prominence. Responsible AI frameworks are being 

proposed to mitigate these risks. 

 

This discussion highlights how deep learning has evolved into a mature and expansive field, 

with architectural and optimization innovations enabling its deployment in a wide array of 

applications. The interplay between model complexity, training strategies, and real-world 

requirements continues to shape the direction of future research. 

 

CONCLUSION 

Deep learning has undergone remarkable growth over the past decade, emerging as a 

cornerstone of modern artificial intelligence. This survey has presented a comprehensive 
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overview of the field, focusing on key advancements in neural network architectures, 

optimization strategies, and practical applications across various domains. We have traced the 

architectural evolution from traditional models to modern frameworks such as CNNs, RNNs, 

transformers, and GNNs—each contributing unique strengths and enabling new capabilities. 

Alongside these, optimization techniques have played a vital role in enhancing model training, 

convergence, and generalization, ensuring that deep learning systems remain scalable and 

efficient. In the application domain, deep learning has demonstrated transformative potential, 

impacting fields such as healthcare, finance, autonomous systems, and creative industries. 

Despite this progress, significant challenges remain, including issues related to interpretability, 

computational cost, data efficiency, and ethical considerations. Looking forward, the future of 

deep learning lies in building more generalizable, efficient, and trustworthy models. Research 

directions such as self-supervised learning, hybrid architectures, model compression, and 

responsible AI are expected to define the next phase of innovation. By synthesizing current 

advancements and identifying open research questions, this survey aims to serve as a valuable 

foundation for future exploration and development in the ever-evolving landscape of deep 

learning. 
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