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Abstract: The continuous evolution of deep learning has significantly expanded the capabilities of artificial intelligence, 

enabling intelligent systems to solve increasingly complex problems across healthcare, computer vision, natural language 

processing, cybersecurity, finance, autonomous systems, and smart environments. Beginning with artificial neural 

networks and progressing through convolutional and recurrent networks to Transformers, Graph Neural Networks, Vision 

Transformers, and Large Language Models, deep learning has achieved remarkable improvements in feature 

representation, prediction accuracy, and knowledge transfer. Nevertheless, the growing complexity of these models 

introduces several challenges, including limited model transparency, high computational and energy requirements, data 

privacy risks, and the effective utilization of heterogeneous multimodal information. Unlike conventional surveys that 

primarily classify deep learning according to network architectures or application domains, this work presents a 

capability-oriented taxonomy that organizes recent developments into five major research directions: Explainable Deep 

Learning, Efficient Deep Learning, Privacy-Preserving Deep Learning, Green Deep Learning and Multimodal Deep 

Learning. Based on this framework, representative architectures are critically examined with respect to their operating 

principles, strengths, limitations, and suitability for diverse real-world applications. The survey also analyses emerging 

application areas, identifies unresolved challenges related to fairness, robustness, scalability, and trustworthy artificial 

intelligence, and discusses promising research opportunities involving Federated Large Language Models, Edge AI, 

Green AI, Self-supervised Learning, and Multimodal Foundation Models. The proposed framework provides a structured 

understanding of current advances while offering practical insights for the design of transparent, efficient, secure, and 

sustainable next-generation deep learning systems. 
 

Keywords: Deep Learning, Explainable Artificial Intelligence, Privacy-Preserving Learning, Green Deep Learning, 
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I INTRODUCTION 

 

Artificial Intelligence (AI) has become a driving force behind the rapid advancement of intelligent technologies, enabling 

machines to perform tasks that traditionally require human cognition, including perception, reasoning, learning, decision-

making, and language understanding. Over the past few decades, AI has evolved from rule-based systems to data-driven 

approaches, with machine learning (ML) serving as one of its most influential branches. Unlike conventional 

programming, machine learning enables computational models to discover hidden patterns and relationships directly 

from data, allowing systems to improve their performance through experience. Algorithms such as Support Vector 

Machines (SVM), Decision Trees (DT), Random Forests (RF), and Naïve Bayes (NB) have demonstrated considerable 

success in classification, prediction, and decision-support tasks involving structured datasets. However, these techniques 

generally rely on handcrafted feature extraction and domain-specific knowledge, making them less effective when 

processing large-scale, high-dimensional, and unstructured data. 

 

The introduction of deep learning marked a major milestone in the evolution of artificial intelligence by enabling 

automatic representation learning from raw data [1]. Built upon multilayer artificial neural networks, deep learning 

models learn hierarchical feature representations without extensive manual intervention, thereby overcoming many 
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limitations associated with conventional machine learning techniques. Continuous improvements in computational 

power, graphics processing units (GPUs), cloud computing, and the availability of large-scale datasets have accelerated 

the development of increasingly sophisticated architectures. Beginning with Convolutional Neural Networks (CNNs) for 

visual recognition and Recurrent Neural Networks (RNNs) for sequential data processing, deep learning has expanded to 

include Long Short-Term Memory (LSTM) networks, Autoencoders, Generative Adversarial Networks (GANs), Graph 

Neural Networks (GNNs), Transformers, Vision Transformers (ViTs), Diffusion Models, Foundation Models, and Large 

Language Models (LLMs) [2]-[8],[11]. These architectures have substantially enhanced the capabilities of intelligent 

systems across computer vision, natural language processing, speech recognition, healthcare, finance, cybersecurity, 

scientific computing, and autonomous systems. 

Although deep learning has achieved state-of-the-art performance in numerous applications, several limitations remain 

unresolved. The increasing complexity of modern neural networks has resulted in models that often function as opaque 

decision-making systems, limiting their interpretability and reducing user confidence in critical applications [3]. 

Moreover, training and deploying advanced deep learning models require substantial computational resources, memory 

capacity, and energy consumption, creating practical challenges for edge devices and resource-constrained environments. 

Additional concerns involving data privacy, security, fairness, robustness, and regulatory compliance have further 

highlighted the need for more trustworthy and responsible artificial intelligence. The growing use of multimodal 

information—including text, images, speech, video, and sensor data—also demands learning frameworks capable of 

effectively integrating heterogeneous data sources [4]. 

 

These challenges indicate that future progress in deep learning should not be measured solely by predictive accuracy. 

Instead, modern AI systems must also be transparent, computationally efficient, privacy-aware, sustainable, and capable 

of multimodal reasoning. Consequently, recent research has increasingly focused on Explainable Artificial Intelligence 

(XAI), lightweight neural networks, model compression, federated learning, differential privacy, Green AI, edge 

intelligence, and multimodal foundation models. Collectively, these developments represent a transition toward next-

generation deep learning, where performance is balanced with interpretability, efficiency, security, and sustainability. 

Several survey papers have reviewed deep learning architectures, learning algorithms, or application-specific 

developments. However, most existing surveys examine these topics independently, emphasizing either architectural 

evolution or individual application domains. Comparatively fewer studies provide a unified discussion that 

simultaneously considers explainability, computational efficiency, privacy preservation, and multimodal intelligence as 

the defining characteristics of contemporary deep learning. As research continues to evolve rapidly, there is a growing 

need for a comprehensive survey that integrates these emerging directions within a single conceptual framework while 

identifying existing research gaps and future opportunities. 

 

Motivated by this need, the present survey introduces a capability-oriented taxonomy that organizes recent advances in 

deep learning into five complementary categories: Explainable Deep Learning, Efficient Deep Learning, Privacy-

Preserving Deep Learning, Green Deep Learning, and Multimodal Deep Learning. Unlike conventional architecture-

based classifications, the proposed taxonomy emphasizes the functional capabilities required for next-generation 

intelligent systems. In addition, this survey presents a comparative evaluation of prominent deep learning architectures 

by examining their operating principles, advantages, limitations, computational characteristics, and suitability for diverse 

application domains. Emerging research challenges and future technological trends—including Federated Large 

Language Models, Green AI, Edge Intelligence, Self-supervised Learning, and Multimodal Foundation Models—are also 

discussed to provide a broader perspective on the future direction of artificial intelligence. 

 

The primary contributions of this survey can be summarized as follows: 

• A comprehensive review of the evolution of deep learning from early neural network models to contemporary 

foundation models and large language models. 

• A capability-oriented taxonomy that categorizes modern deep learning into Explainable, Efficient, Privacy-

Preserving, Green Deep Learning and Multimodal Deep Learning. 

• A comparative study of advanced deep learning architectures with respect to their operational principles, 

strengths, limitations, computational requirements, and practical applications. 

• A systematic discussion of current challenges, including explainability, privacy, robustness, fairness, 

computational efficiency, and sustainability. 

• An analysis of emerging research trends and future opportunities that may contribute to the development of 

transparent, secure, scalable, and trustworthy intelligent systems. 

 

The remainder of this paper is organized as follows. Section 2 reviews the historical evolution of deep learning 

architectures. Section 3 introduces the proposed taxonomy of modern deep learning. Section 4 presents a comparative 

analysis of advanced deep learning architectures, followed by their emerging applications in Section 5. Section 6 
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discusses the major challenges associated with modern deep learning systems, while Section 7 outlines promising 

research directions. Finally, Section 8 concludes the survey and highlights future opportunities for next-generation deep 

learning research. 

 

II EVOLUTION OF DEEP LEARNING 

 

Deep learning has progressed from shallow neural networks to highly scalable foundation models capable of learning 

complex representations from large-scale data. Each generation of architectures has addressed specific limitations of 

earlier models, leading to improvements in feature learning, computational efficiency, scalability, and generalization. 

Figure 1 presents the chronological evolution of major deep learning architectures and their milestones. 

 

A. Artificial Neural Networks (ANNs) 

Artificial Neural Networks (ANNs) laid the foundation for deep learning by modelling information processing through 

interconnected artificial neurons. Early ANNs demonstrated promising results in classification and regression tasks; 

however, their shallow structures, limited computational resources, and dependence on handcrafted features restricted 

their performance on complex, high-dimensional datasets. 

 

B. Convolutional Neural Networks (CNNs) 

The introduction of Convolutional Neural Networks (CNNs) revolutionized computer vision by enabling automatic 

extraction of hierarchical spatial features through convolution and pooling operations. Landmark models such as LeNet, 

AlexNet, VGGNet, and ResNet significantly improved image recognition accuracy while eliminating the need for manual 

feature engineering. CNNs remain widely adopted in medical imaging, object detection, and remote sensing applications 

[2]. 

 

 
Fig. 1  Evolution Timeline of Deep Learning Architectures 

 

C. Recurrent Neural Networks (RNNs) 

Recurrent Neural Networks (RNNs) extended deep learning to sequential data by incorporating recurrent connections 

that preserve temporal information. This capability made RNNs suitable for speech recognition, language modelling, and 

time-series forecasting. Nevertheless, vanishing and exploding gradient problems limited their effectiveness in modelling 

long-term dependencies. 

D. Long Short-Term Memory Networks (LSTMs) 

Long Short-Term Memory (LSTM) networks addressed the shortcomings of conventional RNNs through memory cells 

and gating mechanisms that selectively retain or discard information. Their ability to capture long-range dependencies 
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led to widespread adoption in natural language processing, machine translation, healthcare analytics, and sequential 

prediction tasks. 

 

E. Autoencoders 

Autoencoders introduced unsupervised representation learning by encoding input data into compact latent features and 

reconstructing the original input through a decoder network. Their ability to learn meaningful feature representations has 

enabled applications in dimensionality reduction, anomaly detection, image denoising, and data compression. Advanced 

variants, including Variational Autoencoders (VAEs), further expanded their role in generative learning. 

 

F. Generative Adversarial Networks (GANs) 

Generative Adversarial Networks (GANs) introduced an adversarial learning framework in which a generator produces 

synthetic data while a discriminator distinguishes generated samples from real data. This competitive training process 

enables realistic data synthesis and has found applications in image generation, super-resolution, medical imaging, and 

data augmentation. However, training instability and mode collapse remain important limitations. 

 

G. Graph Neural Networks (GNNs) 

Graph Neural Networks (GNNs) were developed to process graph-structured data by learning relationships among 

interconnected nodes and edges. Unlike conventional neural networks, GNNs effectively capture structural dependencies, 

making them suitable for recommendation systems, social network analysis, molecular property prediction, traffic 

forecasting, and knowledge graph reasoning [5]. 

 

H. Transformers 

The Transformer architecture represented a major breakthrough by replacing recurrent computation with self-attention 

mechanisms, enabling efficient parallel processing and improved modelling of long-range dependencies. Transformer-

based models, including BERT, GPT, and T5, have established state-of-the-art performance in machine translation, text 

generation, question answering, and document understanding [6],[7]. 

 

I. Vision Transformers (ViTs) 

Vision Transformers (ViTs) extended the self-attention mechanism to image analysis by representing images as 

sequences of patches rather than using convolutional operations. Their capability to capture global contextual information 

has resulted in competitive performance for image classification, object detection, and medical image analysis, 

particularly when trained using large-scale datasets. 

 

J. Foundation Models 

Foundation Models introduced a unified learning paradigm by pre-training large neural networks on diverse datasets 

using self-supervised learning. Instead of designing separate models for individual tasks, these models learn transferable 

representations that can be efficiently adapted to multiple downstream applications, thereby improving scalability and 

reducing task-specific development [11]. 

 

K. Large Language Models (LLMs) 

Large Language Models (LLMs) represent the current stage of deep learning evolution. Built on Transformer 

architectures and trained on massive text corpora, LLMs exhibit advanced capabilities in reasoning, content generation, 

code synthesis, conversational AI, and knowledge retrieval. Recent multimodal extensions integrate text, images, audio, 

and video, enabling more comprehensive intelligent systems. Despite their success, challenges related to computational 

cost, hallucination, interpretability, bias, and privacy continue to motivate ongoing research. 

Overall, the evolution of deep learning reflects a transition from specialized neural networks to versatile foundation 

models capable of supporting diverse artificial intelligence applications. Current research increasingly emphasizes not 

only predictive performance but also explainability, computational efficiency, privacy preservation, and multimodal 

intelligence, which together define the direction of next-generation deep learning. 

 

III PROPOSED TAXONOMY OF MODERN DEEP LEARNING 

 

Recent advances in deep learning have shifted research beyond improving predictive accuracy toward developing models 

that are transparent, efficient, secure, sustainable, and capable of processing multiple data modalities. Conventional 

classifications generally organize deep learning according to network architectures or application domains. However, 

such categorizations do not adequately capture the functional requirements of modern intelligent systems. To address this 

limitation, this survey introduces a capability-oriented taxonomy consisting of five complementary dimensions: 
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Explainable Deep Learning, Efficient Deep Learning, Privacy-Preserving Deep Learning, Green Deep Learning, and 

Multimodal Deep Learning, as illustrated in Figure 2. 

 

A. Explainable Deep Learning 

Despite achieving outstanding predictive performance, many deep learning models remain difficult to interpret due to 

their black-box nature. Explainable Deep Learning focuses on improving model transparency by providing 

understandable explanations for predictions. Techniques such as SHAP, LIME, Grad-CAM, attention visualization, and 

feature attribution enable users to better understand model behaviour, thereby improving trust, accountability, and 

decision-making in critical applications [10]. 

B. Efficient Deep Learning 

The increasing size of modern deep learning models has created significant computational and memory demands. 

Efficient Deep Learning aims to reduce resource consumption while maintaining high predictive performance. Common 

approaches include model pruning, quantization, knowledge distillation, neural architecture search, parameter-efficient 

fine-tuning, and lightweight architectures such as MobileNet and EfficientNet. These methods enable practical 

deployment on mobile, edge, and embedded devices. 

 

C. Privacy-Preserving Deep Learning 

The widespread use of sensitive data has made privacy preservation a major research priority. Privacy-Preserving Deep 

Learning enables collaborative model training without exposing raw data. Federated Learning, Differential Privacy, 

Secure Multi-Party Computation, Homomorphic Encryption, and Secure Aggregation are widely adopted techniques that 

enhance data confidentiality while supporting distributed learning environments[9]. 

 

D. Green Deep Learning 

The growing computational demands of large-scale models have increased energy consumption and environmental 

impact. Green Deep Learning emphasizes the development of energy-efficient learning frameworks through lightweight 

architectures, TinyML, Edge AI, sparse computation, and carbon-aware optimization. These approaches seek to reduce 

computational cost while promoting sustainable artificial intelligence [12]. 

 

Figure 2. Proposed Taxonomy of Modern Deep Learning 

 
Fig. 2 Proposed Taxonomy of Modern Deep Learning 

E. Multimodal Deep Learning 
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Modern intelligent systems increasingly require the integration of heterogeneous information from text, images, audio, 

video, and sensor data. Multimodal Deep Learning jointly learns representations from multiple data sources, enabling 

richer contextual understanding and improved decision-making. Recent multimodal foundation models have 

demonstrated significant success in applications such as medical diagnosis, intelligent assistants, robotics, autonomous 

driving, and cross-modal retrieval [11]. 

The proposed taxonomy provides a functional perspective on modern deep learning by emphasizing the key capabilities 

required for next-generation AI systems rather than focusing solely on network architectures. This framework highlights 

emerging research priorities—including explainability, efficiency, privacy, sustainability, and multimodal intelligence 

and offers a structured foundation for analysing current developments and future research directions. 

 

IV ADVANCED DEEP LEARNING ARCHITECTURES 

 

The rapid evolution of deep learning has led to the development of diverse neural network architectures tailored to 

different data types and computational requirements. Early models primarily focused on feature extraction and sequential 

learning, whereas recent architectures emphasize scalability, generative intelligence, multimodal reasoning, and transfer 

learning. This section briefly reviews the major deep learning architectures, while their comparative characteristics are 

summarized in Table 1. Figure 3 clearly explains the organization that makes the section easy to follow and clearly 

distinguishes between classical discriminative models, representation learning, generative models, and modern 

foundation models. 

 
Fig. 3 Classification of Advanced Deep Learning Architectures 

 

A. Convolutional Neural Networks (CNN) 

Convolutional Neural Networks (CNNs) are designed to process grid-structured data, particularly images, using 

convolutional and pooling operations to learn hierarchical spatial features automatically. Their effectiveness in extracting 

visual representations has made CNNs the dominant architecture for computer vision tasks, including image 

classification, object detection, and medical image analysis. 

B. Recurrent Neural Networks (RNN) 
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Recurrent Neural Networks (RNNs) are specialized for sequential data by maintaining hidden states that capture temporal 

dependencies between consecutive inputs. Although they are suitable for language processing and time-series analysis, 

their ability to learn long-term relationships is limited by gradient degradation during training. 

 

C. Long Short-Term Memory (LSTM) 

Long Short-Term Memory (LSTM) networks extend conventional RNNs by incorporating memory cells and gating 

mechanisms that preserve long-range contextual information. Their improved capability for sequential modelling has 

resulted in widespread adoption across natural language processing, speech recognition, and forecasting applications. 

 

D. Gated Recurrent Unit (GRU) 

The Gated Recurrent Unit (GRU) is a simplified recurrent architecture that combines multiple gating operations to reduce 

computational complexity while maintaining competitive performance. Owing to its efficiency, GRUs are frequently 

employed in real-time sequence learning and resource-constrained applications. 

 

E. Autoencoders 

Autoencoders are unsupervised neural networks that learn compact latent representations by reconstructing input data 

through encoder-decoder architectures. They are widely used for feature learning, dimensionality reduction, anomaly 

detection, and data compression. 

 

TABLE I   COMPARATIVE ANALYSIS OF ADVANCED DEEP LEARNING ARCHITECTURES 

 

Architecture Working Principle Advantages Limitations 
Representative 

Applications 

CNN 

Uses convolution and 

pooling layers to extract 

hierarchical spatial 

features from images. 

Automatic feature 

extraction, high image 

recognition accuracy, 

parameter sharing. 

Requires large labelled 

datasets; less suitable for 

sequential data. 

Image classification, object 

detection, medical imaging, 

facial recognition. 

RNN 

Processes sequential data 

by maintaining hidden 

states across time steps. 

Captures temporal 

dependencies, suitable 

for sequence modelling. 

Vanishing/exploding 

gradients, limited long-term 

memory. 

Speech recognition, 

language modelling, 

sentiment analysis, time-

series forecasting. 

LSTM 

Employs memory cells 

and gating mechanisms to 

preserve long-term 

information. 

Learns long-range 

dependencies, stable 

training. 

Higher computational cost 

and larger model size. 

Machine translation, 

healthcare analytics, 

financial forecasting, NLP. 

GRU 

Simplified recurrent 

architecture using update 

and reset gates. 

Faster training, fewer 

parameters, lower 

memory usage. 

May be less expressive for 

highly complex sequences. 

Text classification, speech 

recognition, 

recommendation systems, 

IoT analytics. 

Autoencoder 

Learns compressed latent 

representations through 

encoder–decoder 

networks. 

Effective feature 

learning, dimensionality 

reduction, anomaly 

detection. 

Reconstruction quality 

depends on architecture; 

limited interpretability. 

Data compression, 

denoising, anomaly 

detection, feature 

extraction. 

GAN 

Trains generator and 

discriminator networks 

through adversarial 

learning. 

Produces realistic 

synthetic data, effective 

for data augmentation. 

Training instability and 

mode collapse. 

Image synthesis, super-

resolution, medical image 

generation, creative AI. 

Transformer 

Uses self-attention to 

model global 

dependencies with parallel 

computation. 

Scalable, captures long-

range relationships, 

highly versatile. 

High computational and 

memory requirements. 

Machine translation, text 

summarization, question 

answering, conversational 

AI. 

Vision 

Transformer 

(ViT) 

Treats images as patch 

sequences processed with 

self-attention. 

Captures global image 

context, high accuracy 

on large datasets. 

Data-intensive and 

computationally expensive. 

Image classification, object 

detection, medical imaging, 

remote sensing. 
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Architecture Working Principle Advantages Limitations 
Representative 

Applications 

Graph Neural 

Network (GNN) 

Learns node 

representations through 

message passing on graph 

structures. 

Models complex 

relational data, suitable 

for non-Euclidean 

domains. 

Scalability issues for very 

large graphs; over-

smoothing. 

Recommendation systems, 

fraud detection, social 

networks, molecular 

analysis. 

Diffusion Model 

Learns to generate data by 

reversing a gradual noise 

process. 

High-quality and diverse 

content generation, 

stable training. 

Slow inference and high 

computational cost. 

Image generation, image 

editing, scientific 

simulation, drug discovery. 

Large Language 

Model (LLM) 

Large-scale Transformer 

trained using self-

supervised learning on 

massive corpora. 

Strong reasoning, 

transfer learning, 

supports multimodal 

extensions. 

Expensive 

training/inference, 

hallucination, privacy and 

bias concerns. 

Chatbots, code generation, 

document analysis, 

education, healthcare 

assistants. 

 

F. Generative Adversarial Networks (GANs) 

Generative Adversarial Networks (GANs) employ an adversarial learning strategy in which a generator and discriminator 

are trained simultaneously to produce realistic synthetic data. GANs have significantly advanced image synthesis, data 

augmentation, and creative content generation, although training stability remains a challenge. 

 

G. Transformer 

Transformers introduced the self-attention mechanism, enabling efficient parallel processing and effective modelling of 

long-range dependencies without recurrent computation. Their flexibility has established them as the foundation for 

modern natural language processing and large-scale foundation models. 

 

H. Vision Transformer (ViT) 

Vision Transformers (ViTs) adapt the Transformer architecture to image analysis by representing images as sequences 

of patches. This design captures global contextual relationships and has achieved competitive performance in image 

classification, object detection, and medical imaging. 

 

I. Graph Neural Networks (GNNs) 

Graph Neural Networks (GNNs) are designed to learn from graph-structured data by aggregating information from 

neighbouring nodes and edges. They effectively capture relational dependencies and have become essential for 

applications involving social networks, molecular analysis, recommendation systems, and knowledge graphs. 

 

J. Diffusion Models 

Diffusion Models are probabilistic generative models that learn to reconstruct data by progressively reversing a controlled 

noise process. Their ability to generate high-quality and diverse outputs has led to growing adoption in image synthesis, 

scientific simulation, and creative AI. 

 

K. Large Language Models (LLMs) 

Large Language Models (LLMs) are large-scale Transformer-based models trained using self-supervised learning on 

massive text corpora. They exhibit remarkable capabilities in language understanding, reasoning, content generation, and 

multimodal intelligence, making them central to the current generation of artificial intelligence systems. 

Overall, the progression of deep learning architectures reflects a transition from specialized models designed for 

individual tasks to highly generalized foundation models capable of supporting diverse applications. Their comparative 

strengths, limitations, and application domains are summarized in Table 1, providing a consolidated overview of their 

practical characteristics. 

 

 

V EMERGING APPLICATIONS OF DEEP LEARNING 
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The advancement of deep learning has accelerated its adoption across diverse application domains by enabling intelligent 

automation, predictive analytics, and data-driven decision-making. Modern architectures such as Transformers, Graph 

Neural Networks (GNNs), Vision Transformers (ViTs), Diffusion Models, and Large Language Models (LLMs) have 

further expanded the capability of AI systems to process complex and multimodal data. The major application domains 

of deep learning are summarized below, while a comparative overview is presented in Table 2. 

 

A. Healthcare 

Deep learning has significantly improved disease diagnosis, medical image interpretation, patient monitoring, and 

personalized treatment planning. Advanced architectures support accurate clinical decision-making through the analysis 

of medical images, electronic health records, and multimodal healthcare data. 

B. Smart Cities 

Intelligent transportation, surveillance, energy management, and urban planning increasingly rely on deep learning for 

real-time monitoring and resource optimization. Vision-based and graph learning models enhance traffic prediction, 

public safety, and smart infrastructure management. 

 

C. Autonomous Vehicles 

Autonomous driving systems utilize deep learning for scene understanding, object detection, navigation, and sensor 

fusion. Recent architectures enable reliable environmental perception and support safe real-time driving decisions. 

 

D. Finance 

Deep learning has become an essential tool for fraud detection, credit risk assessment, financial forecasting, and customer 

behaviour analysis. Sequential and graph-based models improve predictive accuracy and support intelligent financial 

services. 

 

E. Cybersecurity 

Cybersecurity applications employ deep learning to detect anomalies, malware, phishing attacks, and network intrusions. 

Intelligent threat analysis enhances system security while reducing false alarms and improving incident response. 

 

F. Education 

In education, deep learning enables intelligent tutoring systems, automated assessment, personalized learning, and 

academic analytics. Large Language Models further enhance interactive learning through conversational assistants and 

content generation. 

 

G. Agriculture 

Precision agriculture benefits from deep learning through crop monitoring, disease detection, yield estimation, and 

resource optimization. Image analysis and predictive models assist farmers in improving productivity and sustainable 

farming practices. 

 

H. Industry 5.0 

Industry 5.0 integrates deep learning with intelligent manufacturing to enable predictive maintenance, robotic automation, 

quality inspection, and digital twin technologies. These capabilities support efficient, adaptive, and human-centric 

industrial systems. 

 

I. Drug Discovery 

Deep learning accelerates pharmaceutical research by supporting molecular property prediction, protein analysis, virtual 

screening, and drug-target interaction modeling. These techniques substantially reduce the time and cost associated with 

conventional drug development. 

 

J. Climate Science 

https://ijarcce.com/
https://ijarcce.com/


ISSN (O) 2278-1021, ISSN (P) 2319-5940 IJARCCE 

International Journal of Advanced Research in Computer and Communication Engineering 

Impact Factor 8.471Peer-reviewed & Refereed journalVol. 15, Issue 9, September 2026 

DOI:  10.17148/IJARCCE.2026.15912 

© IJARCCE                This work is licensed under a Creative Commons Attribution 4.0 International License                 115 

Climate science increasingly employs deep learning for weather forecasting, environmental monitoring, disaster 

prediction, and remote sensing analysis. These applications contribute to improved climate modeling and sustainable 

environmental management. 

 

The growing diversity of these applications demonstrates the versatility of modern deep learning architectures across 

scientific, industrial, and societal domains. As explainable, efficient, privacy-preserving, and multimodal learning 

continue to evolve, deep learning is expected to play an even greater role in developing intelligent, scalable, and 

trustworthy AI solutions. 

 

TABLE III   APPLICATION DOMAINS, SUITABLE ARCHITECTURES AND KEY ADVANTAGES 

 

Application 

Domain 

Suitable Deep Learning 

Architectures 
Key Advantages 

Healthcare 
CNN, Vision Transformer (ViT), 

LSTM, Transformer, LLM 

Accurate disease diagnosis, medical image analysis, patient 

monitoring, clinical decision support 

Smart Cities 
CNN, GNN, Vision Transformer, 

Transformer 

Intelligent traffic management, surveillance, resource 

optimization, urban planning 

Autonomous 

Vehicles 

CNN, Vision Transformer, 

Transformer, Diffusion Models 

Real-time object detection, sensor fusion, navigation, 

improved driving safety 

Finance LSTM, GRU, GNN, LLM 
Fraud detection, credit risk assessment, financial 

forecasting, customer analytics 

Cybersecurity Autoencoder, CNN, GNN, LLM 
Intrusion detection, anomaly detection, malware 

classification, threat intelligence 

Education Transformer, LLM 
Personalized learning, intelligent tutoring, automated 

assessment, educational chatbots 

Agriculture CNN, Vision Transformer, LSTM 
Crop disease detection, yield prediction, precision farming, 

resource optimization 

Industry 5.0 
CNN, Vision Transformer, GNN, 

Transformer 

Predictive maintenance, quality inspection, robotics, smart 

manufacturing 

Drug Discovery GNN, Transformer, Diffusion Models 
Molecular property prediction, protein analysis, drug 

design, virtual screening 

Climate Science CNN, Vision Transformer, LSTM 
Weather forecasting, disaster prediction, environmental 

monitoring, climate analysis 

 
VI CHALLENGES IN MODERN DEEP LEARNING 

 

Although deep learning has achieved remarkable success across numerous application domains, several challenges 

continue to hinder its large-scale deployment and long-term reliability. Beyond improving predictive performance, 

modern AI systems must address issues related to interpretability, privacy, fairness, computational efficiency, 

sustainability, robustness, and ethical governance. Figure 4 summarizes the major challenges influencing next-generation 

deep learning. 

 

A. Explainability 

The decision-making process of deep learning models is often difficult to interpret, limiting their adoption in safety-

critical applications. Explainable AI (XAI) techniques, including SHAP, LIME, and Grad-CAM, improve model 

transparency; however, achieving high predictive accuracy while maintaining interpretability remains a significant 

challenge. 

https://ijarcce.com/
https://ijarcce.com/


ISSN (O) 2278-1021, ISSN (P) 2319-5940 IJARCCE 

International Journal of Advanced Research in Computer and Communication Engineering 

Impact Factor 8.471Peer-reviewed & Refereed journalVol. 15, Issue 9, September 2026 

DOI:  10.17148/IJARCCE.2026.15912 

© IJARCCE                This work is licensed under a Creative Commons Attribution 4.0 International License                 116 

 

 
Fig. 4 Challenges in Modern Deep Learning 

 

B. Privacy and Security 

The increasing dependence on sensitive data has intensified concerns regarding privacy and cybersecurity. Techniques 

such as Federated Learning, Differential Privacy, Homomorphic Encryption, and Secure Multi-Party Computation 

improve data protection, but balancing privacy with model performance remains an active research problem. 

 

C. Fairness and Bias 

Training data may contain demographic or social biases that can produce unfair predictions. Developing representative 

datasets, bias mitigation strategies, and fairness-aware learning algorithms is essential for ensuring equitable and 

trustworthy AI systems. 

 

D. Computational Cost 

Modern deep learning models, particularly foundation models and Large Language Models, require extensive 

computational resources for training and deployment. Efficient techniques such as model compression, pruning, 

quantization, and parameter-efficient fine-tuning have become increasingly important for reducing computational 

overhead. 

 

E. Carbon Footprint 

Large-scale model training consumes substantial energy and contributes to increased carbon emissions. Green AI 

promotes energy-efficient algorithms, lightweight architectures, and optimized hardware to improve the sustainability of 

deep learning systems. 

 

F. Data Scarcity 

Many real-world applications lack sufficient high-quality labeled data, reducing model generalization and increasing the 

risk of overfitting. Transfer learning, self-supervised learning, synthetic data generation, and data augmentation have 

emerged as effective approaches for addressing limited data availability. 
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G. Adversarial Attacks 

Deep learning models remain vulnerable to adversarial inputs that can manipulate predictions with minimal perturbations. 

Improving robustness through adversarial training and secure model design is essential for applications requiring high 

reliability. 

 

H. Model Drift 

Changes in data distributions over time can gradually reduce model performance after deployment. Continuous 

monitoring, online learning, and periodic model updating are necessary to maintain accuracy in dynamic environments. 

 

I. Ethical Concerns 

The rapid adoption of generative AI and Large Language Models has introduced concerns related to misinformation, 

accountability, intellectual property, and responsible AI usage. Establishing ethical guidelines, regulatory frameworks, 

and human oversight is therefore essential for the safe deployment of intelligent systems. 

 

Overall, these challenges indicate that the future of deep learning depends not only on improving model accuracy but 

also on developing AI systems that are interpretable, privacy-preserving, computationally efficient, environmentally 

sustainable, robust, and ethically responsible. Addressing these issues will be fundamental to realizing trustworthy next-

generation artificial intelligence. 

 

VII FUTURE RESEARCH DIRECTIONS 

 

Deep learning is evolving toward intelligent systems that are more efficient, secure, explainable, and autonomous. 

Although current architectures have achieved impressive performance, several research opportunities remain that will 

shape the next generation of artificial intelligence. 

 

A. Federated Large Language Models 

Integrating Federated Learning with Large Language Models enables collaborative model training while preserving data 

privacy. Future research should focus on communication-efficient optimization, heterogeneous client adaptation, and 

secure aggregation to support scalable decentralized AI. 

 

B. Tiny Large Language Models 

The high computational demands of LLMs limit their deployment on resource-constrained devices. Tiny LLMs aim to 

reduce model size through pruning, quantization, knowledge distillation, and parameter-efficient fine-tuning, enabling 

efficient edge deployment without significant performance degradation. 

 

C. Green Artificial Intelligence 

The increasing energy consumption of large-scale AI models highlights the need for sustainable computing. Future 

research should emphasize energy-efficient architectures, hardware-aware optimization, carbon-aware training, and 

lightweight learning frameworks to reduce environmental impact. 

 

D. Neuro-symbolic Artificial Intelligence 

Combining neural networks with symbolic reasoning offers a promising direction for improving explainability, logical 

reasoning, and knowledge representation. Such hybrid systems are expected to enhance decision-making in complex 

scientific and industrial applications. 

 

E. Self-supervised Learning 

Self-supervised learning reduces dependence on labeled datasets by learning meaningful representations from unlabeled 

data. Continued research in this area is expected to improve transfer learning, domain adaptation, and foundation model 

development. 

 

F. Agentic AI 
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Agentic AI extends conventional deep learning by enabling autonomous planning, reasoning, and task execution. Future 

work should focus on improving reliability, safety, collaborative multi-agent systems, and long-term decision-making. 

 

G. Multimodal Foundation Models 

Future intelligent systems will increasingly integrate text, images, audio, video, and sensor data within unified learning 

frameworks. Research should address efficient multimodal fusion, scalable training, and domain-specific adaptation to 

support complex real-world applications. 

 

H. Edge AI 

Deploying deep learning models directly on edge devices can reduce latency, bandwidth usage, and privacy risks. 

Lightweight architectures, distributed inference, and collaborative edge-cloud intelligence remain important research 

directions. 

 

I. Quantum Deep Learning 

Quantum computing has the potential to accelerate optimization and large-scale learning beyond the capabilities of 

classical systems. Although still in its early stages, Quantum Deep Learning presents promising opportunities for 

scientific computing, optimization, and next-generation AI. 

 

Overall, future research will extend beyond improving predictive accuracy toward developing intelligent systems that are 

explainable, privacy-preserving, energy-efficient, robust, and capable of autonomous reasoning. These emerging 

directions are expected to define the future landscape of deep learning. 

  

VIII CONCLUSION 

 

Deep learning has evolved from conventional neural networks into powerful architectures capable of addressing complex 

challenges across healthcare, finance, cybersecurity, education, autonomous systems, smart cities, agriculture, Industry 

5.0, drug discovery, and climate science. This survey reviewed the evolution of major deep learning architectures and 

proposed a capability-oriented taxonomy comprising Explainable Deep Learning, Efficient Deep Learning, Privacy-

Preserving Deep Learning, Green Deep Learning, and Multimodal Deep Learning. A comparative analysis of modern 

architectures, their applications, current challenges, and emerging research trends was also presented. 

Despite significant progress, several issues—including limited interpretability, privacy concerns, computational 

complexity, fairness, adversarial robustness, model drift, and environmental sustainability—continue to restrict the 

practical deployment of deep learning systems. Addressing these challenges is essential for developing reliable and 

trustworthy AI. 

Emerging paradigms such as Federated Large Language Models, Tiny LLMs, Green AI, Neuro-symbolic AI, Self-

supervised Learning, Agentic AI, Multimodal Foundation Models, Edge AI, and Quantum Deep Learning are expected 

to shape the next generation of intelligent systems. By integrating these advances, future deep learning models can 

become more scalable, transparent, efficient, and human-centric. This survey provides a structured overview of the 

current landscape, identifies key research gaps, and offers insights that may guide future research in next-generation deep 

learning. 
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