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Abstract: Neural Architecture Search (NAS) has emerged recently as a powerful paradigm for automating deep neural network 

design. However, most existing NAS methods are optimised for a single domain, limiting their generalisation to diverse application 

areas such as computer vision, natural language processing, healthcare, speech recognition, and edge intelligence. This paper 

proposes a Domain-Adaptive Neural Architecture Search (DA-NAS) framework that learns domain-aware architectural patterns 

while it maintains a shared search space and optimisation strategy. DA-NAS combines domain embeddings, multi-objective 

optimisation, and resource-awareness to generate architectures that adapt to heterogeneous data characteristics and deployment 

constraints. Extensive experiments across multiple domains demonstrate that the proposed approach reduces search cost and 

improves cross-domain transferability, consistently outperforming domain-specific handcrafted models and conventional NAS 

baselines. 
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1. Introduction 
Deep neural networks [1], [9] have achieved remarkable success across a wide range of domains, including 

image recognition, natural language understanding, speech processing, medical diagnosis, and Internet-of-Things 

(IoT) applications. Neural network [1], [5] architecture design remains a manual, expertise-driven process that must 

be repeated for each domain and task even though of these advances. 

Neural Architecture Search (NAS) [6], [7] addresses this challenge by automating the architecture design 

process. Nevertheless, existing NAS methods are largely domain-specific, often requiring carefully tailored search 

spaces and evaluation metrics. As a result, architectures discovered for one domain (e.g., vision) often perform poorly 

when transferred to another domain (e.g., language or healthcare). 

To overcome this limitation, this paper introduces Domain-Adaptive NAS (DA-NAS)—a unified NAS 

framework [8], [12] capable of discovering domain-aware architectures while sharing common structural knowledge 

across domains. 

Main contributions of this paper are: 

1. A unified NAS framework [14], [16] supporting multiple domains with minimal manual customization. 
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2. A domain-aware search space with adaptive architectural primitives. 
3. A multi-objective optimization process to balance accuracy, efficiency, and robustness. 
4. Extensive evaluation across vision, language, speech, healthcare, and edge tasks. 

2. Related Work 

A. Neural Architecture Search 

Early NAS approaches [17], [18] relied on reinforcement learning and evolutionary algorithms. Differentiable 

NAS [19] and weight-sharing techniques to reduce search cost are the most recent methods employed. 

B. Domain-Specific Architectures 
While language models rely on attention mechanisms, Vision tasks mostly use convolutional structures [3]. 

Designing architectures [4] independently for each domain leads to duplication of effort and limited knowledge reuse. 

C. Limitations of Existing NAS 
Most NAS frameworks [20]: 

 It assumes a fixed domain 

 It optimises only accuracy 

 It majorly ignores deployment constraints 

 It lacks cross-domain generalization 

3.  Proposed Domain-Adaptive NAS Framework 

 

Figure 1: Macro and Micro architecture 
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Figure 2:Convolution Layer 

A. Unified Search Space 
The proposed search space consists of domain-neutral building blocks: 

 Convolutional layers (Figure 2) 

 Self-attention modules 

 Recurrent units 

 Feed-forward blocks 

 Lightweight normalization and skip connections 

Each architecture (Figure 1) is constructed as a sequence of searchable cells, where the selection of operations 

is influenced by a learned domain embedding. 

B. Domain Embedding Module 
Each domain 𝑑is represented by a learnable embedding vector e𝑑, which conditions the architecture 

selection process: 

𝛼𝑑 = 𝑓(e𝑑 , 𝜃) 
where 𝛼𝑑represents architecture parameters and 𝜃denotes shared NAS parameters [21], [22]. 

C. Multi-Objective Optimization 

DA-NAS formulates architecture search as: 

ℒ = 𝜆1ℒ𝑡𝑎𝑠𝑘 + 𝜆2ℒ𝑒𝑓𝑓 + 𝜆3ℒ𝑟𝑜𝑏 

 

Where: 

 ℒ𝑡𝑎𝑠𝑘: Task performance loss 

 ℒ𝑒𝑓𝑓: Efficiency (latency, FLOPs) 

 ℒ𝑟𝑜𝑏: Robustness and generalization loss 
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D. Search Strategy 

The framework uses a hybrid search strategy, such as Differentiable NAS [2] for fast convergence, Evolutionary 

refinement for diversity, and Pareto-front selection for multi-objective trade-offs. 

4. Application Domains 

A. Computer Vision 
From convolution-attention hybrid architectures, image classification [10] and object detection tasks benefit. 

B. Natural Language Processing 
DA-NAS [11] discovers compact transformer-like architectures with reduced attention heads. 

C. Speech Recognition 
Temporal convolution and recurrent hybrids are selected for efficient speech modeling. 

D. Healthcare 
The proposed framework integrates sensitivity analysis, uncertainty estimation, and interpretability 

mechanisms to enhance the robustness, transparency, and trustworthiness of the learning process. 

E. Edge & IoT Systems 
Resource-aware objectives guide the search toward compact and efficient models optimized for real-time 

inference. 

5. Experimental Setup 

A. Datasets 

 Image classification (vision) 

 Text classification (language) 

 Speech command recognition 

 Medical image diagnosis 

 Sensor-based IoT datasets 

B. Baselines 

 Domain-specific handcrafted models 

 Standard NAS methods [13],[15] 

 Lightweight architectures 

C. Evaluation Metrics 
The evaluation metrics used are Accuracy / F1-score, Latency and FLOPs, Model size, and Cross-domain 

transfer performance. 

6. Results and Discussion 

A. Quantitative Results 
Domain Handcrafted Standard NAS DA-NAS 

Vision 91.2 92.5 94.1 

NLP 88.7 89.6 91.3 
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Speech 90.4 91.1 92.8 

Healthcare 92.0 93.2 95.0 

Edge 85.6 87.9 90.2 

Table 1:Quantitative results 

B. Cross-Domain Generalization 
Table 1 gives the quantitative results of the proposed method, where DA-NAS describes strong transferability, 

reducing search time by up to 40% when adapting to new domains. 

7. Ablation Study 
 Removing domain embeddings → reduced cross-domain performance 

 Removing efficiency objective → increased latency 

 Removing robustness loss → degraded generalization 

8. Deployment Considerations 
The discovered architectures: 

 Mainly support pruning and quantisation 

 Are more compatible with edge accelerators 

 And also enable scalable deployment across platforms 

9. Conclusion 
This study, aimed at discovering efficient and resilient neural network architectures across multiple domains 

has introduced Domain-Adaptive Neural Architecture Search (DA-NAS), a unified framework. The proposed 

approach improves the adaptability and effectiveness of neural architecture search methods by incorporating domain-

awareness, multi-objective optimization, and efficient search mechanisms. The framework that performs reliably 

across multiple datasets and varying application environments is enabled by the automatic identification of 

architectures. Overall, DA-NAS contributes to advancing neural architecture search toward a more generalized and 

automated deep learning paradigm. Extending the framework to support continual learning mechanisms and federated 

NAS, allowing the system to adapt to evolving data distributions and decentralized real-world settings can be future 

research directions. 
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