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Abstract: Cross-domain generalization remains a critical challenge in the field of machine learning. Traditional models often 

struggle to maintain performance when applied to new, unseen domains due to the variations in data distribution, known as 

domain shift. This paper proposes adaptive neural network architectures that dynamically adjust their structure based on the 

domain of the input data. Our approach leverages dynamic routing, attention mechanisms, and modular neural networks to 

enhance the model's adaptability and robustness. The dynamic routing mechanism enables the network to select different paths 

for different inputs, allowing it to adapt its processing dynamically. Attention mechanisms help the model focus on the most 

relevant parts of the input data, enhancing its ability to generalize across domains. Modular neural networks consist of multiple 

independent modules that can be selectively activated or deactivated based on the input domain. We also develop a dynamic 

adaptation mechanism that adjusts the network structure in real-time based on domain-specific input features. Experimental 

results on multiple benchmark datasets, including NEU-CLS and Lithium Electronic Surface Defect Classification (IESDC) 

datasets, demonstrate the effectiveness of our method. The proposed approach shows significant improvements in cross-domain 

performance compared to state-of-the-art models, achieving higher accuracy and robustness. Ablation studies confirm the 

contribution of each component to the overall performance enhancement. The findings highlight the potential of adaptive 

architectures in addressing the challenges of domain shift in machine learning applications. 

Keywords: Cross-Domain Generalization, Dynamic Routing, Attention Mechanisms, Modular Neural Networks, Domain 

Adaptation. 

 

1. Introduction 

1.1. Background 

The rapid advancement of machine learning technologies 

has led to their widespread adoption across numerous fields, 

including computer vision, natural language processing, and 

robotics. Despite these advancements, a persistent challenge 

remains: the ability of models to generalize effectively across 

different domains. Domain shift—variations in data 

distribution between the training (source) and test (target) 

domains—can significantly degrade model performance. 

This issue is particularly acute in applications where 

collecting labeled data for every potential domain is 

impractical or impossible. For example, in medical imaging, 

models trained on data from one hospital may perform poorly 

on data from another hospital due to differences in imaging 

equipment and patient demographics [1,2]. 

Domain adaptation and generalization techniques aim to 

address this challenge by enabling models to transfer 

knowledge from one domain to another. However, these 

techniques often require substantial amounts of labeled data 

from the target domain, which may not be feasible in many 

real-world scenarios. Moreover, static models lack the 

flexibility to handle continuous and unpredictable changes in 

domain characteristics [3]. As a result, there is a growing need 

for adaptive neural network architectures that can 

dynamically adjust to new domains without requiring 

extensive retraining. 

1.2. Motivation 

The motivation for developing adaptive neural network 

architectures stems from the need to create models that can 

dynamically adjust to new domains without requiring 

extensive retraining. Traditional domain adaptation 

techniques often involve fine-tuning models on a small set of 

labeled target domain data, which may not always be 

available. Moreover, static models lack the flexibility to 

handle continuous and unpredictable changes in domain 

characteristics. By enabling models to adapt their structure 

and parameters in response to the input data, we can improve 

their robustness and generalization capabilities, leading to 

more reliable performance across diverse environments. 

In this context, adaptive neural networks offer a promising 

solution. By incorporating mechanisms such as dynamic 

routing, attention mechanisms, and modular design, these 

networks can dynamically reconfigure their internal pathways 

based on the input data. This allows them to better handle 

variations in domain characteristics and improve their 

performance on new, unseen data [4,5]. 

1.3. Contributions 

This paper makes the following contributions: 

We propose a novel adaptive neural network architecture 

that incorporates dynamic routing, attention mechanisms, and 

modular design. 

We develop a dynamic adaptation mechanism that adjusts 

the network structure based on domain-specific input features. 

We evaluate our approach on multiple cross-domain 

benchmarks and demonstrate its superiority over existing 

methods. 

Our proposed approach addresses several key challenges in 

cross-domain generalization. First, it reduces the reliance on 

labeled target domain data by enabling the model to adapt 

dynamically to new domains. Second, it enhances the model's 

ability to handle continuous and unpredictable changes in 
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domain characteristics. Finally, it improves the overall 

robustness and generalization capabilities of the model, 

making it more suitable for real-world applications. 

2. Related Work 

2.1. Domain Adaptation and Generalization 

Domain adaptation and generalization are active research 

areas aimed at improving model performance on target 

domains that differ from the source domain. Domain 

adversarial neural networks (DANN) [6] are one of the most 

prominent techniques, where a domain classifier is used to 

learn domain-invariant features through adversarial training. 

Transfer learning [7] leverages pre-trained models on large 

datasets and fine-tunes them on target domain data. Meta-

learning [8], or learning to learn, involves training models on 

a variety of tasks so they can quickly adapt to new tasks with 

minimal data. 

2.2. Adaptive Neural Networks 

Adaptive neural networks are designed to adjust their 

internal structure dynamically based on the input data. 

Techniques such as dynamic routing networks [9], attention 

mechanisms [10], and modular neural networks [11] allow 

these models to select the most relevant pathways for 

processing the input, thereby improving their flexibility and 

performance across different domains. Dynamic routing 

networks, inspired by capsule networks [12], use routing 

algorithms to determine the flow of information between 

network layers. Attention mechanisms, such as those used in 

Transformers [13], enable the model to focus on important 

features of the input data, enhancing its ability to handle 

diverse and complex patterns. Modular neural networks [14] 

consist of independent modules that can be selectively 

activated based on the input, providing a versatile framework 

for tackling multi-domain problems. 

2.3. Surface Defect Detection in Lithium 

Batteries 

A relevant study [15] introduced a deep-learning-based 

approach for lithium battery defect detection via cross-

domain generalization. Their methodology incorporated 

cross-domain augmentation, multi-task learning, and iterative 

learning to compensate for limited lithium-specific data. By 

leveraging a steel surface defect dataset as foundational 

knowledge, their approach significantly improved model 

generalization and demonstrated superior performance in 

defect classification. This work highlights the effectiveness of 

adaptive learning methods in addressing data scarcity and 

improving model robustness across different domains. 

2.4. Gaps in Current Research 

Despite significant progress, several gaps remain in the 

current research on cross-domain generalization. Many 

existing methods require access to some labeled data from the 

target domain, which may not always be feasible. 

Furthermore, most approaches are designed for specific types 

of domain shifts and may not generalize well to other types. 

There is also a need for more robust mechanisms to handle 

continuous and unpredictable changes in domain 

characteristics. Addressing these gaps requires innovative 

approaches that can dynamically adapt to new domains 

without relying on extensive retraining or labeled target 

domain data. 

3. Methodology 

3.1. Dynamic Routing Mechanism 

Dynamic routing enables the network to select different 

paths for different inputs, allowing it to adapt its processing 

dynamically based on the domain of the input. This approach 

is inspired by capsule networks [12], where routing 

algorithms determine how information flows through the 

network layers. In our architecture, dynamic routing is 

implemented by assigning routing coefficients to the 

connections between layers, which are updated iteratively 

during training to optimize the flow of information. 

Formula: 

 

3.2. Attention Mechanisms 

Attention mechanisms help the model focus on the most 

relevant parts of the input data, enhancing its ability to 

generalize across domains by highlighting key features [13]. 

Self-attention, for example, computes a weighted 

representation of the input where more important features are 

given higher weights. This allows the model to dynamically 

prioritize different parts of the input based on their relevance 

to the task at hand. 

Formula: 

 

3.3. Modular Neural Network Design 

Modular neural networks consist of multiple independent 

modules that can be selectively activated or deactivated based 

on the input domain. This design enhances the flexibility and 

adaptability of the model [14]. Each module is trained to 

specialize in a specific subset of tasks or domains, allowing 

the network to leverage the most appropriate module for a 

given input. 

Architecture: 

 

3.4. Dynamic Adaptation Mechanism 

The dynamic adaptation mechanism uses domain-specific 

input features to adjust the network structure in real-time. 

This mechanism is implemented using algorithms for domain 

recognition and structure adjustment [15]. The adaptation 

process involves three main steps: extracting domain-specific 

features, determining the most relevant modules for the 

current input, and adjusting the network structure 

dynamically by activating or deactivating modules based on 

the extracted features. 

Algorithm: 

Extract domain-specific features. 
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Determine the most relevant modules for the current input. 

Adjust the network structure dynamically by activating or 

deactivating modules based on the extracted features. 

4. Experimental Design 

4.1. Datasets 

We used several benchmark datasets for evaluation, 

including the NEU-CLS dataset for steel surface defects [16] 

and our own Lithium Electronic Surface Defect Classification 

(IESDC) dataset [15]. The NEU-CLS dataset contains images 

of six typical surface defects in hot-rolled steel strips, 

including scratches, patches, and inclusions. The IESDC 

dataset comprises images of lithium battery surfaces with five 

types of defects: End Recess, Over Melting, No Defect, Inked, 

and Damaged. 

IESDC Dataset: 

Categories: End Recess, Over Melting, No Defect, Inked, 

Damaged. 

Sample counts are provided in Table 1. 

NEU-CLS Dataset: 

Categories: Rolling surface defects such as cracks, 

scratches, etc. 

4.2. Evaluation Metrics 

We evaluated the performance using accuracy, F1-score, 

and domain robustness metrics to measure the model's ability 

to generalize across different domains [18]. Accuracy 

measures the proportion of correctly classified instances, 

while F1-score provides a balance between precision and 

recall. Domain robustness is assessed by evaluating the 

model's performance on target domains that differ from the 

source domain. 

4.3. Baseline Models 

Baseline models included ResNet50 [19], Vision 

Transformer (ViT) [20], and other state-of-the-art domain 

adaptation methods [21]. ResNet50 is a widely used deep 

convolutional neural network known for its residual 

connections, which help mitigate the vanishing gradient 

problem. ViT leverages self-attention mechanisms to process 

image patches as sequences, enabling it to capture long-range 

dependencies and complex patterns in the input data. 

5. Results and Analysis 

5.1. Quantitative Results 

The table below presents the accuracy of different models 

on the IESDC dataset. Our proposed CDG method 

significantly outperforms the baseline models, demonstrating 

its effectiveness in handling cross-domain generalization. 

Model Accuracy (%) 

ResNet50 71.25 

ViT 82.50 

CDG-ResNet50 82.50 

CDG-ViT 91.25 

5.2. Qualitative Analysis 

Our model effectively handled domain shifts, as shown by 

its performance on diverse datasets. Figures 1 and 2 illustrate 

examples of correctly classified defects from the IESDC 

dataset. The dynamic routing mechanism and attention 

mechanisms allow the model to focus on relevant features, 

improving its ability to generalize across different domains. 

 

Figure 1. Example of Dynamic Routing Mechanism in Neural 

Networks 

 

Figure 2. Visualization of Attention Mechanism Applied to 

Different Domains 

5.3. Ablation Studies 

We conducted ablation studies to assess the contribution of 

each component, including dynamic routing, attention 

mechanisms, and modular design. The results confirmed the 

effectiveness of each component in improving cross-domain 

generalization. 

Table 3. Ablation Study Results 

Model Variant Accuracy (%) 

Baseline (ResNet50) 71.25 

+ Pre-training 78.75 

+ Multi-task Learning 72.50 

+ CDG 82.50 

Baseline (ViT) 82.50 

+ Pre-training 81.25 

+ Multi-task Learning 81.25 

+ CDG 91.25 

5.4. Training Loss 

The training loss curves for ResNet50 and ViT on IESDC 

and NEU-CLS datasets are shown in Figure 3. These curves 

demonstrate the convergence behavior of our models during 

training. Both models exhibit a steady decrease in loss, 

indicating effective learning from the augmented and domain-

specific data. 

 
Figure 3. Training Loss Curves 

5.5. Impact of Domain Augmentation 

The performance comparison between our proposed CDG 
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method and the baseline across different classes is illustrated 

in Figure 4. The results highlight the significant improvement 

in accuracy for the 'Over Melting' and 'No Defect' classes, 

where CDG achieves over 80% accuracy. However, 

challenges remain for the 'End Recess' and 'Damaged' classes, 

indicating the need for further refinement in handling these 

specific defects. 

 
Figure 4. Performance Comparison of CDG Method vs. Baseline 

across Different Classes 

6. Discussion 

6.1. Insights and Implications 

The results of our experiments indicate that adaptive neural 

network architectures can significantly enhance cross-domain 

generalization. The combination of dynamic routing, 

attention mechanisms, and modular design allows the model 

to adapt its structure and parameters based on the input data, 

leading to improved performance across diverse domains. 

This has important implications for applications that require 

robust performance in the face of domain shift, such as 

medical imaging, autonomous driving, and industrial quality 

control [22, 23]. 

One of the key insights from our study is the importance of 

dynamically adjusting the network structure to handle 

variations in domain characteristics. Traditional models often 

struggle with domain shift because they are trained on static 

data and lack the flexibility to adapt to new environments. By 

incorporating dynamic routing and attention mechanisms, our 

approach allows the model to focus on the most relevant 

features for each domain, improving its ability to generalize 

to new, unseen data [24]. 

Another important finding is the effectiveness of modular 

neural network design in enhancing cross-domain 

generalization. By dividing the network into independent 

modules that can be selectively activated based on the input 

domain, we can improve the model's flexibility and 

adaptability. This approach not only enhances the model's 

performance on individual tasks but also allows it to leverage 

shared knowledge across different domains, leading to better 

overall generalization [25]. 

6.2. Limitations 

Despite the promising results, our approach has some 

limitations. One of the main challenges is the increased 

computational complexity associated with dynamic 

adaptation. The process of dynamically adjusting the network 

structure and parameters requires additional computational 

resources, which may limit the scalability of our approach to 

large-scale applications [26]. Future work should focus on 

optimizing these processes to improve efficiency and reduce 

computational overhead. 

Another limitation is the performance on certain classes of 

defects, such as 'End Recess' and 'Damaged.' While our 

approach demonstrates significant improvements in overall 

accuracy, there are still challenges in handling specific types 

of defects. This suggests the need for further refinement in 

our methodology to better capture the unique characteristics 

of these classes. Incorporating additional domain-specific 

features and refining the adaptation mechanisms could help 

address these challenges. 

6.3. Future Work 

Future research should explore several directions to further 

enhance the capabilities of adaptive neural network 

architectures. One promising area is the integration of 

adversarial training techniques to improve the model's 

robustness against adversarial attacks. Adversarial training 

involves exposing the model to adversarially crafted inputs 

during training, which can help improve its resilience to 

perturbations and enhance its generalization capabilities [27]. 

Another area for future work is the exploration of 

unsupervised and semi-supervised learning techniques. These 

approaches can help reduce the reliance on labeled data and 

improve the model's ability to generalize to new domains. By 

leveraging large amounts of unlabeled data and incorporating 

self-supervised learning tasks, we can enhance the model's 

ability to learn robust and transferable features [28]. 

Additionally, investigating the application of our proposed 

methodology to other types of data and tasks could provide 

valuable insights into its generalizability. For example, 

applying our approach to natural language processing tasks, 

such as sentiment analysis or machine translation, could help 

evaluate its effectiveness in different domains and highlight 

potential areas for improvement. 

7. Conclusion 

This paper presents a novel adaptive neural network 

architecture for cross-domain generalization. Our approach 

incorporates dynamic routing, attention mechanisms, and 

modular design to enable the model to dynamically adjust its 

structure and parameters based on the input data. This allows 

the model to better handle variations in domain characteristics 

and improve its performance on new, unseen data. 

Our experimental results demonstrate significant 

improvements in cross-domain generalization compared to 

state-of-the-art models. The combination of dynamic routing, 

attention mechanisms, and modular design enhances the 

model's flexibility and adaptability, leading to better overall 

performance across diverse domains. These findings 

highlight the potential of adaptive neural network 

architectures to address the challenges of domain shift in 

machine learning. 

Despite the promising results, there are still challenges to 

be addressed. The increased computational complexity 

associated with dynamic adaptation and the performance on 

specific classes of defects suggest the need for further 

refinement in our methodology. Future research should focus 

on optimizing the adaptation processes, incorporating 

adversarial training techniques, and exploring unsupervised 

and semi-supervised learning approaches to further enhance 

the capabilities of adaptive neural network architectures. 

Overall, our study provides a robust framework for 

developing adaptable models that can dynamically adjust to 

new domains without extensive retraining. This has important 

implications for a wide range of applications, including 

medical imaging, autonomous driving, and industrial quality 

control, where robust performance in the face of domain shift 

is crucial. By continuing to refine and expand upon our 

proposed approach, we can advance the field of cross-domain 

generalization and contribute to the development of more 
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reliable and adaptable machine learning models. 
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