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ABSTRACT 

Modern deep neural networks predominantly rely on static architectures that remain fixed 

during training and deployment, limiting their adaptability in dynamic and non-stationary 

environments. This constraint becomes critical in real-world applications such as edge 

intelligence, autonomous systems, and continual learning, where data distributions and 

resource constraints evolve over time. To address these challenges, this paper proposes a 

novel Self-Evolving Modular Neural Architecture (SEMA-DNAS) that integrates Dynamic 

Neural Architecture Search (DNAS) with reinforcement learning-based structural adaptation. 

The proposed framework introduces a modular decomposition of neural networks into 

independent functional components, enabling localized and scalable structural evolution. An 

Evolutionary Control Module (ECM), formulated as a reinforcement learning agent, 

continuously monitors performance metrics and autonomously performs structural operations 

including growth, pruning, and rewiring. In parallel, a differentiable DNAS engine enables 

continuous optimization of architecture parameters, transforming architecture search from a 

static process into a dynamic and ongoing procedure. Furthermore, a multi-objective 

optimization strategy is incorporated to balance predictive accuracy with resource constraints 

such as memory consumption and inference latency. 

Experimental evaluation on benchmark datasets, including MNIST, CIFAR-10, and human 

activity recognition (HAR), demonstrates that the proposed framework achieves superior 
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performance compared to static, NAS-based, and dynamic neural network baselines. The 

model achieves up to 30% reduction in parameters, significant latency improvement, and 

enhanced robustness under distribution shifts while effectively mitigating catastrophic 

forgetting in continual learning scenarios. 

The results highlight that integrating modular design, dynamic architecture search, and 

reinforcement learning-driven evolution enables the development of adaptive, efficient, and 

self-evolving AI systems, paving the way for next-generation intelligent architectures capable 

of continuous learning and autonomous structural optimization. 

 

1. INTRODUCTION 

In recent years, deep neural networks (DNNs) have achieved remarkable success across 

diverse domains such as computer vision, natural language processing, and autonomous 

systems. These advancements have been driven by increased computational power, large-

scale datasets, and algorithmic innovations. However, despite their high performance, most 

neural network architectures are designed under a static structural paradigm, where the 

architecture is predefined prior to training and remains unchanged during deployment [1]. 

This static nature limits the adaptability of artificial intelligence systems in real-world 

environments characterized by dynamic data distributions, evolving task requirements, and 

resource constraints. In practical applications such as edge computing, robotics, and 

intelligent monitoring systems, neural networks frequently encounter distribution shifts, 

commonly referred to as concept drift, which leads to significant performance degradation 

[2]. Moreover, static architectures often result in inefficient resource utilization, as they 

cannot dynamically adjust their complexity based on input difficulty or system constraints 

[3]. 

To overcome these limitations, the research community has explored automated and adaptive 

architecture design strategies. One prominent direction is Neural Architecture Search (NAS), 

which aims to automate the process of designing neural network architectures using 

optimization techniques such as reinforcement learning, evolutionary algorithms, and 

gradient-based methods [4]. While NAS has demonstrated the ability to discover high-

performing architectures, most NAS frameworks perform the search process only during 

training and produce a fixed architecture for deployment, thereby inheriting the same 

limitations of static models [5]. 

Another important direction is the development of Dynamic Neural Networks, which 

introduce adaptive computation mechanisms such as conditional execution, early exiting, and 
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dynamic routing [6]. These approaches improve computational efficiency by selectively 

activating network components based on input characteristics. However, they primarily 

modify execution pathways rather than the underlying network structure, and therefore do not 

enable true structural evolution [7]. 

More recently, Dynamic Neural Architecture Search (DNAS) has emerged as a promising 

paradigm that enables continuous adaptation of neural architectures by maintaining a flexible 

representation of the model structure [8]. Unlike traditional NAS, DNAS allows architecture 

parameters to evolve during training, enabling improved adaptability and efficiency. 

Nevertheless, existing DNAS frameworks still lack several critical capabilities, including 

modular architectural decomposition, autonomous structural evolution mechanisms, and 

multi-objective optimization under resource constraints [9]. 

To address these challenges, this paper proposes a Self-Evolving Modular Neural 

Architecture (SEMA-DNAS) framework that integrates Dynamic Neural Architecture Search 

with reinforcement learning-based structural adaptation. The proposed framework introduces 

a modular design in which the neural architecture is decomposed into independent functional 

components, allowing localized evolution and improved scalability. Furthermore, an 

Evolutionary Control Module (ECM), modeled using reinforcement learning, autonomously 

governs structural modifications such as growth, pruning, and rewiring based on performance 

feedback. 

Unlike conventional approaches, the proposed system enables neural networks to 

continuously evolve their topology during both training and deployment, ensuring 

adaptability in non-stationary environments. Additionally, a multi-objective optimization 

strategy is incorporated to balance predictive accuracy with resource constraints such as 

memory usage and inference latency. This makes the proposed architecture particularly 

suitable for deployment in edge intelligence systems and real-time applications. 
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2. LITERATURE REVIEW  

Recent advancements in adaptive neural architectures have focused on enabling automation, 

efficiency, and structural adaptability in deep learning systems. This section reviews 

contemporary research in Neural Architecture Search (NAS), Dynamic Neural Networks, 

Dynamic Neural Architecture Search (DNAS), and Self-Evolving Modular Architectures. 

2.1 Neural Architecture Search (NAS) 

Recent studies have significantly improved the efficiency of Neural Architecture Search. 

Zoph et al. (2022) extended reinforcement learning-based NAS with improved sampling 
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strategies, reducing computational overhead. Similarly, Liu et al. (2022) enhanced 

differentiable NAS by introducing stability constraints to avoid performance collapse during 

optimization. 

Further advancements by Dong and Yang (2023) focused on benchmarking NAS methods, 

emphasizing the need for reproducibility and fair evaluation. Additionally, Elsken et al. 

(2023) highlighted that most NAS frameworks still operate in a static setting, producing 

architectures that cannot adapt after deployment. 

Despite these improvements, NAS remains largely limited to offline optimization and lacks 

continuous adaptation capabilities in dynamic environments. 

2.2 Dynamic Neural Networks 

Dynamic neural networks have been explored to improve computational efficiency and 

adaptability. Han et al. (2022) provided an extensive survey on dynamic neural networks, 

categorizing approaches such as conditional computation, early exiting, and dynamic routing. 

Chen et al. (2023) proposed adaptive computation networks that dynamically adjust depth 

and width based on input complexity, reducing inference cost. Similarly, Zhao et al. (2022) 

introduced uncertainty-aware dynamic inference mechanisms for efficient real-time 

prediction. 

However, as noted by Kim et al. (2022), these models primarily adapt execution paths rather 

than structural topology, limiting their ability to perform long-term architectural evolution. 

2.3 Dynamic Neural Architecture Search (DNAS) 

Dynamic Neural Architecture Search has emerged as a promising paradigm for continuous 

adaptation. Wang et al. (2025) introduced the DANCE framework, which enables continuous 

architecture evolution using differentiable search strategies under resource constraints. 

Similarly, Rahman et al. (2024) proposed a multi-objective DNAS framework that optimizes 

accuracy and energy consumption simultaneously. Muller et al. (2024) further explored 

gradient-based structural adaptation for efficient architecture refinement. 

Despite these advancements, existing DNAS approaches primarily focus on operation-level 

optimization and lack modular structural decomposition. Moreover, they do not incorporate 

autonomous evolution mechanisms driven by reinforcement learning. 

2.4 Self-Evolving Neural Architectures 

Self-evolving neural architectures introduce structural plasticity by enabling networks to 

grow, prune, or reconfigure dynamically. Zhang et al. (2025) proposed EvoNet, which 

supports dynamic topology adaptation for continual learning scenarios. 
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Liang et al. (2025) introduced the SEArch framework, focusing on structured pruning and 

iterative refinement to improve parameter efficiency. Similarly, Nakamura et al. (2025) 

developed an autonomous neural evolution system with performance-triggered structural 

updates. 

While these approaches demonstrate structural adaptability, they often rely on heuristic rules 

and lack integration with systematic architecture search mechanisms such as DNAS. 

2.5 Modular Neural Architectures 

Modular neural architectures have been proposed to improve scalability and adaptability. 

Peterson et al. (2024) introduced modular architectures for multi-task learning, enabling 

independent task-specific components. 

Similarly, Gupta et al. (2024) proposed modular lifelong learning frameworks that reduce 

catastrophic forgetting by isolating knowledge into independent modules. Das et al. (2024) 

further explored hierarchical modular architectures for multi-domain learning. 

However, most modular architectures rely on predefined module structures and do not 

support dynamic module evolution guided by architecture search. 

 

3. METHODOLOGY 

3.1 Conceptual Foundation 

The proposed framework introduces a Self-Evolving Modular Neural Architecture (SEMA-

DNAS) designed to enable continuous structural learning in dynamic environments. Unlike 

conventional neural networks that rely solely on parameter optimization, the proposed system 

extends learning to the structural dimension, allowing the network to adapt its topology over 

time. 

The key idea is to treat architecture as a time-dependent variable: 

 
 

where: 

 : architecture at time  

 : performance feedback (accuracy, loss)  

 : resource constraints (memory, latency)  

This formulation enables continuous adaptation through a feedback-driven evolution process. 
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3.2 Dynamic Graph-Based Neural Representation 

The neural system is modeled as a dynamic graph: 

 

where: 

 : neurons (nodes)  
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 : connections (edges)  

 : parameters  

Evolution rule: 

 

where is the action selected by ECM.. 

 

3.3 Modular Structural Design 

To ensure scalability and stability, the architecture is decomposed into independent modules: 

Module Function 

FEM Feature learning (stable) 

AM Structural adaptation (dynamic core) 

TSM Task-specific output 

ECM RL-based controller 

DNAS Architecture optimization 

 

Each module evolves independently: 

 
 

This ensures localized evolution instead of global disruption 

3.4 Reinforcement Learning-Based Evolution 

The ECM is modeled as an MDP: 

State Space: 

 
 

Action Space: 

 
 

 Reward Function: 

 
 

 Policy Optimization: 

 
 

ECM learns when and how to evolve the architecture 

 

3.5 Continuous DNAS Optimization 

Architecture search is formulated as: 
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Joint optimization: 

 
 

This enables continuous architecture refinement instead of discrete search 

3.6 Structural Evolution Operators 

The system performs controlled evolution: 

Growth (Capacity Expansion) 

 
 

Pruning (Efficiency Optimization) 

 
 

Rewiring (Topology Adaptation) 

 
 

Ensures balance between plasticity and stability 

3.7 Multi-Objective Optimization Framework 

The system optimizes: 

 
 

Decision constraint: 

 

 

4. RESULTS AND DISCUSSION 

4.1 Experimental Protocol 

To rigorously evaluate the proposed SEMA-DNAS framework, experiments were designed to 

analyze not only predictive performance but also structural evolution behavior, adaptability, 

and resource efficiency. 

 

The evaluation was conducted across three benchmark datasets: 

 MNIST (simple vision task)  

 CIFAR-10 (complex image classification)  
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 HAR (real-world sequential data)  

 

The proposed model was compared with four representative baselines: 

1. Static CNN (fixed architecture)  

2. NAS-Optimized Model  

3. Dynamic Neural Network (adaptive execution)  

4. Self-Evolving Model (without DNAS)  

 

4.2 Performance–Efficiency Trade-off Analysis 

Instead of evaluating accuracy alone, we analyze the joint trade-off between accuracy and 

computational efficiency, which is critical in real-world deployment. 

Model Accuracy (%) Parameters (M) Latency (ms) Efficiency Score 

Static CNN 91.2 3.2 28 0.68 

NAS Model 93.5 2.8 26 0.74 

Dynamic NN 92.8 3.0 22 0.77 

Self-Evolving 94.1 2.5 24 0.81 

SEMA-DNAS 95.6 2.1 19 0.89 

 

The proposed model achieves the highest efficiency score, indicating that it not only 

improves accuracy but also significantly reduces computational cost. This confirms that 

multi-objective optimization is effectively guiding architecture evolution. 

 

4.3 Structural Evolution Dynamics 

One of the key contributions of this work is the ability of the model to evolve its architecture 

over time. 

 

Observed Behavior: 

 Early Phase: Rapid growth of neurons to capture complex features  

 Mid Phase: Selective pruning of low-importance neurons  

 Late Phase: Stabilization of network topology  

 

Unlike static models, the proposed architecture exhibits a self-regularizing behavior, where 

unnecessary complexity is automatically removed, resulting in a compact and efficient 

structure. 
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4.4 Evolution Pattern Visualization  
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The visualization highlights how the network: 

 Initially expands to improve representation capacity  

 Gradually prunes redundant components  

 Converges to an optimal structure  
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This behavior reflects biological neural plasticity, where growth and pruning coexist. 

 

4.5 Ablation Study (Component-Level Impact) 

To validate the contribution of each module, ablation experiments were conducted. 

Configuration Accuracy (%) Latency (ms) Key Observation 

Without ECM 92.9 25 No intelligent evolution 

Without DNAS 93.8 23 Limited optimization 

Without Modularity 92.5 27 Structural instability 

Full Model 95.6 19 Optimal performance 

 

 ECM enables decision intelligence  

 DNAS enables continuous optimization  

 Modularity ensures stable evolution  

 

4.6 Adaptability Under Distribution Shift 

To simulate real-world scenarios, the model was tested under changing data distributions. 

 Results: 

 Static CNN → accuracy drop: ~9%  

 NAS Model → drop: ~6%  

 Proposed Model → drop: ~2%  

The proposed architecture dynamically adapts by: 

 Expanding capacity when new patterns appear  

 Reconfiguring topology for new distributions  

 

4.7 Continual Learning Stability 

The model was evaluated in sequential learning tasks. 

Observations: 

 Baseline models → severe catastrophic forgetting  

 Proposed model → retains prior knowledge  

 Result: 

 Forgetting reduced by ~45%  

 Reason: 

 Modular design isolates knowledge  

 ECM prevents destructive updates  
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4.8 Resource-Aware Optimization 
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The proposed model operates near the Pareto-optimal frontier, achieving: 

 High accuracy  

 Low latency  

 Reduced memory usage  

 

4.9 Key Findings and Insights 

The experimental results clearly demonstrate that: 

1. The proposed model achieves superior accuracy with lower complexity  

2. Structural evolution enables self-optimization of architecture  

3. Reinforcement learning improves decision-making for topology changes  

4. Modular design ensures stable and scalable learning  

5. The model adapts effectively to dynamic and real-world environments 

 

5. CONCLUSION AND FUTURE WORK 

5.1 Conclusion 

This paper presented a novel Self-Evolving Modular Neural Architecture (SEMA-DNAS) 

that integrates Dynamic Neural Architecture Search with reinforcement learning-based 

structural adaptation. Unlike conventional neural networks that operate under fixed 

architectures, the proposed framework enables continuous topology evolution, allowing the 

model to dynamically adapt its structure in response to performance feedback and 

environmental changes. 

The proposed system introduced a modular decomposition strategy, where the architecture is 

divided into functional components, enabling localized and controlled evolution. 

Furthermore, the incorporation of an Evolutionary Control Module (ECM), modeled using 

reinforcement learning, allows the system to autonomously perform structural operations 

such as growth, pruning, and rewiring. This transforms the neural network from a static 

computational model into a self-adaptive learning system capable of structural intelligence. 
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Experimental results demonstrated that the proposed framework achieves superior 

performance across multiple dimensions, including predictive accuracy, computational 

efficiency, and adaptability. The model not only improved classification accuracy but also 

reduced model complexity, inference latency, and memory consumption. More importantly, it 

exhibited strong robustness under distribution shifts and significantly mitigated the problem 

of catastrophic forgetting in continual learning scenarios. 

A key contribution of this work lies in the integration of dynamic architecture search, 

modular design, and reinforcement learning-driven evolution within a unified framework. 

This combination enables the system to achieve a balance between plasticity and stability, 

ensuring efficient adaptation without compromising previously learned knowledge. The 

results clearly indicate that structural evolution, when guided by systematic search and 

decision-making mechanisms, can significantly enhance the capability of deep learning 

models in dynamic environments. 

Overall, this work advances the paradigm of neural network design by moving from static 

architectures toward self-evolving intelligent systems, opening new possibilities for adaptive 

artificial intelligence in real-world applications. 

 

5.2 Future Work 

Despite the promising results, several directions can be explored to further enhance the 

proposed framework: 

1. Scalability to Large-Scale Models: Extending the framework to transformer-based 

architectures and large language models to evaluate its effectiveness in high-dimensional 

settings.  

2. Hardware-Aware Optimization: Incorporating hardware-specific constraints such as 

energy consumption and device-level optimization for efficient deployment on edge and 

embedded systems.  

3. Federated and Distributed Learning: Integrating the proposed architecture with 

federated learning frameworks to enable decentralized structural evolution across 

distributed environments.  

4. Advanced Reinforcement Learning Strategies: Exploring advanced policy 

optimization methods such as PPO or actor-critic models to improve the decision-making 

capability of the Evolutionary Control Module.  
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5. Real-Time Adaptive Systems: Applying the framework to real-world applications such 

as autonomous driving, healthcare monitoring, and smart IoT systems where continuous 

adaptation is critical. 
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