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Abstract 

This paper focuses on the optimization of cross-domain cloud computing tasks and proposes a 
unified modeling method that integrates transfer learning and self-supervised learning. The study 
first addresses the data distribution differences between the source and target domains by 
introducing a feature alignment mechanism. Cross-domain feature space consistency is achieved 
through a shared encoder and maximum mean discrepancy constraint. At the same time, self-
supervised learning constructs proxy tasks on unlabeled data. This enhances the model's ability to 
capture latent structures and temporal patterns, which effectively improves the robustness of feature 
representation. In the proposed framework, task loss, self-supervised loss, and distribution 
alignment loss are jointly optimized. This forms an optimization objective that balances accuracy and 
stability. To verify the effectiveness of the method, multiple sensitivity experiments are designed. 
These experiments examine the influence of hyperparameters, task load intensity, distribution 
differences, and noise ratios on model performance. The results show that the method achieves 
superior performance on key metrics such as Domain Adaptation Accuracy, MMD, and H-Score. It 
maintains strong generalization ability and stability in complex and dynamic environments. Overall, 
the proposed method not only improves adaptation in cross-domain tasks but also provides new 
insights for resource scheduling and intelligent optimization in cloud computing environments. 

Keywords: cross-domain modeling; feature alignment; self-supervised learning; cloud computing 
optimization 
 

I. Introduction 

In today's information society, cloud computing has become an essential infrastructure for the 
digital economy and the intelligent society[1]. It not only supports massive data processing and 
storage but also provides efficient, elastic, and scalable computing power for artificial intelligence, 
big data analysis, and various industry applications. For example, in payment general infrastructure, 
the core challenge is cross-domain modeling-aligning heterogeneous transaction features across 
platforms and geographies through feature alignment and self-supervised learning, so that US digital 
commerce can achieve robust, scalable, and fraud-resilient cloud computing optimization. However, 
with the increasing diversity of cross-domain application scenarios, achieving efficient task 
optimization in heterogeneous environments has become a core challenge[2]. Data from different 
domains show significant distribution differences. Resource utilization and task requirements also 
vary widely. Traditional methods often fail to balance transferability, robustness, and adaptability. 
Therefore, combining transfer learning with self-supervised learning for cross-domain cloud 
computing task optimization not only aligns with cutting-edge academic exploration but also offers 
theoretical support and methodological foundations for practical applications[3]. 

The key advantage of transfer learning lies in its ability to cross domain boundaries and transfer 
existing knowledge to new tasks or environments[4]. This reduces the dependence of models on large 
amounts of labeled data in the target domain. This is particularly critical for cloud computing tasks, 
as cross-domain scenarios often lack high-quality and complete training data. Through transfer 
mechanisms, knowledge from existing domains can be effectively reused, significantly lowering 
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training costs and data demands. At the same time, transfer learning can alleviate distribution 
mismatches in cross-domain environments, allowing models to maintain stable performance in new 
task settings. This feature is highly consistent with the shared resources and dynamic scheduling of 
cloud computing, making transfer learning an important entry point for cross-domain task 
optimization[5]. 

In parallel, self-supervised learning has emerged as a powerful paradigm. Rather than 
depending on extensive labeled datasets as in supervised learning, it designs pretext tasks that enable 
the automatic discovery of semantic representations and structural patterns from unlabeled data. 
This enables models to discover rich latent patterns in large-scale unlabeled cloud computing data, 
enhancing generalization and robustness in feature expression. In cross-domain tasks, self-
supervised learning provides a stronger feature foundation for transfer, thereby improving 
adaptability in scenarios with large distribution differences. The combination of internal feature 
learning and external knowledge transfer creates a new paradigm for optimizing cross-domain cloud 
computing tasks[6]. 

Furthermore, cross-domain cloud computing task optimization is not only a matter of 
algorithmic innovation but also a strategic requirement for driving digital and intelligent 
transformation. In real-world applications, industries such as finance, healthcare, transportation, and 
energy face complex cross-regional and cross-scenario task demands on cloud platforms[7]. If 
transfer learning and self-supervised learning can achieve efficient cross-domain modeling, data and 
computing costs can be reduced while improving task real-time performance and decision accuracy. 
This not only strengthens service quality and resource scheduling efficiency in cloud platforms but 
also promotes collaboration and innovation across the entire industrial chain. 

Finally, the significance of this research direction lies in its provision of new theoretical and 
methodological pathways for the integration of artificial intelligence and cloud computing, while also 
laying a foundation for meeting diverse future application needs. As data scales continue to expand 
and task scenarios grow in complexity, traditional optimization approaches are no longer sufficient. 
By introducing a combined perspective of transfer learning and self-supervised learning, cross-
domain cloud computing task optimization can break through current bottlenecks and achieve higher 
levels of intelligence and universality. This demonstrates not only frontier research value in academia 
but also broad prospects in industrial implementation and social applications. 

II. Proposed Approach 

In this study, the core of the method is to combine transfer learning with self-supervised learning 
for the optimization modeling of cross-domain cloud computing tasks. First, in cross-domain 
scenarios, the data distribution of the source domain and the target domain is different, so a transfer 
mechanism is needed to achieve effective knowledge sharing. The model architecture is shown in 
Figure 1. 

 
Figure 1. Overall model architecture. 
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Let the source domain distribution be ),( yxPs  and the target domain distribution be ),( yxPt , 
where x represents the input features and y represents the corresponding task label. The optimization 
goal is to minimize the difference between the source domain and the target domain while ensuring 
that the model has good generalization performance on the target domain. We define the overall 
optimization function as: 

))(),(( xPxPDLL tstasktotal λ+=  

where taskL  represents the task loss, D  is used to measure the difference in feature distribution 

between the source domain and the target domain, and λ  is the trade-off coefficient. 
Secondly, a self-supervised pre-training mechanism is introduced to enhance feature robustness, 

drawing on recent advances that use auxiliary tasks to improve representation stability in distributed 
cloud environments [8]. By constructing a proxy task, the model can learn potential representations 

in unlabeled data. In the feature embedding space, let the input sequence be },...,,{ 21 Txxx  and its 

encoding be },...,,{ 21 Thhh  . The goal of the self-supervised task is to maximize the similarity 
between positive sample pairs and minimize the similarity between negative sample pairs, which is 
formally defined as: 
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where )(⋅sim  represents the similarity measurement function, τ   is the temperature parameter, 
+
ih  is the positive sample, and  

−
jh  is the negative sample. 

Furthermore, in the cross-domain optimization process, to achieve feature alignment and 
migration, distribution matching is used to narrow the differences between domains. One of the 
commonly used metrics is the maximum mean difference (MMD), which is defined as: 
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where )(⋅φ   represents the feature mapping function and H   is the reproducing kernel Hilbert 
space. By adding this term to the optimization objective, the difference in feature distribution between 
the source domain and the target domain can be effectively narrowed. 

Finally, in cross-domain cloud computing task optimization, it is also necessary to consider both 
task-specific goals and computing resource allocation constraints. We further introduce a 
regularization mechanism to balance the optimization process between different goals. The overall 
optimization function can be written as: 

2
2

2 ||||),( θηγβα +++= tsssltaskfinal PPMMDLLL  

where ηγβα ,,,   represents a hyperparameter and θ   represents a model parameter. By jointly 
optimizing the above loss functions, the model can achieve efficient knowledge transfer and adaptive 
learning between different domains, thereby improving the overall performance of cross-domain 
cloud computing tasks. 
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III. Performance Evaluation 

A. Dataset 

In this study, the selection of the dataset plays a decisive role. This work adopts the CloudBench 
Dataset, which collects performance monitoring logs, task scheduling information, and system call 
traces from multiple cloud platforms. It covers diverse computing types and resource configuration 
scenarios. Its main feature is the inclusion of both structured numerical attributes and unstructured 
sequential records. This enables a comprehensive reflection of task characteristics and cross-domain 
variability in cloud environments. The dataset is publicly available and transparent, which facilitates 
reproducibility and method comparison. It also provides sufficient samples to support research on 
cross-domain optimization. 

For the source domain, the data are mainly collected from a relatively stable cloud platform 
environment. They include CPU-intensive tasks, memory-sensitive applications, and several general-
purpose services. These source domain data have been collected and summarized over a long period 
of time. They show strong regularity and contain complete annotations. This offers a solid knowledge 
base for transfer learning models. By building an effective representation space in the source domain, 
the model can achieve strong initial performance and be adapted to target domain tasks through 
transfer and generalization. 

For the target domain, the data are collected from another type of cloud platform. This domain 
is characterized by more complex resource scheduling patterns and unstable performance 
fluctuations. Compared with the source domain, the data distribution shows significant differences. 
These differences are reflected in task scale, workload intensity, and sequential patterns. Since the 
target domain suffers from limited labels and sparse data, training on it alone often fails to achieve 
ideal performance. Therefore, this study enhances feature representation through self-supervised 
learning. It also introduces transfer mechanisms to reduce the distribution gap between the source 
and target domains. In this way, cross-domain cloud computing tasks can be optimized and 
effectively modeled. 

B. Experimental Results 

A comparative experiment is carried out initially, and the results are presented in Table 1. 

Table 1. Comparative experimental results. 

Method Domain Adaptation Accuracy MMD H-Score 

MSDA[9] 0.842 0.132 0.781 

CSDA[10] 0.867 0.118 0.804 

HDA[11] 0.873 0.111 0.812 

Toalign[12] 0.886 0.105 0.827 

Ours 0.912 0.089 0.854 
 
From an overall comparison, the proposed method demonstrates superior performance on three 

core metrics. Specifically, Domain Adaptation Accuracy improves from 0.842–0.886 in traditional 
methods to 0.912. This indicates stronger generalization ability in the target domain and effectively 
alleviates performance degradation caused by cross-domain distribution differences. These results 
show that the combination of transfer learning and self-supervised learning can significantly enhance 
task adaptability in complex cloud computing scenarios, providing a more reliable solution for 
optimization in cross-domain environments. 

Regarding the MMD metric, its value drops from 0.132–0.105 in conventional approaches to 
0.089, indicating improved feature distribution alignment. A smaller MMD reflects greater 
consistency between the source and target embedding spaces after optimization, thereby alleviating 
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the adverse influence of domain shifts on training. Harmonizing feature distributions not only 
enhances the efficiency of transfer learning but also boosts the model's generalization across cross-
platform cloud environments, maintaining robustness under heterogeneous data and dynamic 
resource settings. 

From the perspective of H-Score, the proposed method achieves 0.854, which is significantly 
higher than other methods that range from 0.781 to 0.827. This indicates that the model shows better 
balance between the source domain and the target domain. It avoids overfitting to a single domain 
while ensuring stable overall transfer performance. Such cross-domain balance is especially critical 
for cloud computing tasks, as real applications often require consistent performance across multiple 
platforms and regions to support large-scale deployment. 

Considering the performance across all three metrics, the proposed framework achieves a 
unified improvement in accuracy, robustness, and balance in cross-domain task optimization. This 
provides an effective method for intelligent scheduling and resource management in cross-domain 
cloud computing and lays the foundation for larger-scale task expansion. By realizing high-quality 
knowledge transfer and feature alignment between the source and target domains, the model 
demonstrates stronger adaptability, highlighting the application potential and theoretical value of 
combining transfer learning with self-supervised learning in cross-domain cloud computing research. 

The adaptability of the model to variations in task load intensity is further evaluated, with the 
corresponding results illustrated in Figure 2. 

 
Figure 2. Performance of model adaptability under changes in task load intensity. 

From the figure, it can be observed that as task load intensity gradually increases, the Domain 
Adaptation Accuracy of the model decreases slowly from around 0.91 to about 0.87. This indicates 
that under higher computational pressure and task complexity, the performance of the model in the 
target domain is affected to some extent. However, the overall accuracy remains at a relatively high 
level, confirming that the method maintains strong adaptability and stability in cross-domain cloud 
computing tasks. This shows that the combination of transfer learning and self-supervised 
mechanisms enables the model to sustain reasonable performance under varying load conditions. 

At the same time, the MMD metric shows a gradual upward trend as task load increases, rising 
from 0.089 to about 0.118. This reflects that the feature distribution differences between the source 
and target domains become more evident under high-intensity tasks. The change reveals that feature 
alignment across domains becomes more challenging when resources are constrained and 
environmental fluctuations intensify. Nevertheless, since the values remain within a relatively low 
range, the results suggest that the optimization framework can still effectively control distribution 
discrepancies and ensure stable cross-domain transfer. 

For the H-Score, the value decreases from 0.854 to 0.815 as the load increases, showing some 
performance degradation. Yet the overall performance remains superior to that of traditional 
methods. This result indicates that even in complex load environments, the method can still maintain 
a good balance between the source and target domains. Such cross-domain balance is of practical 
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significance for cloud computing task optimization, as it provides more robust technical support for 
task deployment across multiple platforms and scenarios. 

The influence of distribution discrepancies between the source and target domains on model 
performance is also examined, and the results are displayed in Figure 3. 

 
Figure 3. The impact of the difference in distribution between the source domain and the target domain on model 
performance. 

From the figure, it can be observed that as the distribution gap between the source and target 
domains increases, the Domain Adaptation Accuracy of the model shows a gradual decline. The 
value decreases from about 0.91 to around 0.87. This indicates that distribution differences weaken 
the generalization ability of the model in the target domain. However, the overall accuracy remains 
at a relatively high level, which reflects that the proposed method retains strong stability and 
adaptability in cross-domain scenarios. This phenomenon shows that the method can maintain 
acceptable performance even when the distribution gap becomes larger. 

At the same time, the MMD metric increases from 0.089 under low distribution difference to 
0.121 under high distribution difference. This result reveals the problem of inconsistency in the 
feature space caused by larger distribution gaps. The increase in MMD directly shows that feature 
alignment between the source and target domains becomes much more difficult in high-difference 
scenarios. Nevertheless, since the values remain within a relatively low range, the results indicate 
that the introduced self-supervised and transfer mechanisms are still effective in aligning feature 
distributions and can reduce the negative impact of domain mismatch under larger differences. 

From the trend of H-Score, the value decreases from 0.854 to 0.811 as the distribution gap 
increases. This means that although the method is still able to maintain a certain level of consistency 
between the source and target domains, its balance is challenged under extreme differences. However, 
compared with traditional methods, the overall level remains higher. This proves that the framework 
can better balance performance across domains in cross-domain tasks. 

Considering the performance across the three metrics, it can be seen that although the method 
shows some performance degradation as the distribution gap widens, it still demonstrates stronger 
robustness and adaptability than the compared methods. This is of great significance for cross-
domain cloud computing task optimization, since in real applications, distribution shifts between 
different platforms and environments are inevitable. The results verify the practical value of the 
method in complex scenarios and provide a solid foundation for its extension to larger-scale and 
more complex cross-domain environments. 

Finally, the effect of varying noise ratios on cross-domain feature alignment is analyzed, with 
the results presented in Figure 4. 
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Figure 4. The impact of noise ratio changes on cross-domain feature alignment. 

From the figure, it can be observed that as the noise ratio gradually increases, Domain 
Adaptation Accuracy shows a slight downward trend, decreasing from about 0.91 to around 0.86. 
This indicates that the introduction of noise weakens the discriminative ability of the model in the 
target domain. However, the overall accuracy remains at a high level, which proves that the method 
maintains a certain degree of robustness under noise interference. Such stability is particularly 
important for cross-domain cloud computing tasks, since data in real environments often cannot 
avoid noise contamination. The MMD metric increases gradually with the growth of the noise ratio, 
rising from 0.089 to 0.124. This indicates that the feature distribution differences between the source 
and target domains become more significant in high-noise environments. This phenomenon shows 
that noise disrupts cross-domain feature alignment and reduces feature consistency across domains. 
Nevertheless, the overall MMD value remains within a relatively low range, which demonstrates that 
the proposed method has strong noise resistance in the alignment mechanism and can mitigate the 
impact of distribution shifts to a certain extent. The H-Score trend reveals that performance balance 
declines as noise grows, dropping from 0.854 to around 0.809. This suggests that noise impacts not 
only the target domain performance but also the equilibrium between source and target domains. 
Even so, the results remain above the baseline of conventional methods. This demonstrates that the 
proposed framework sustains relatively stable cross-domain transfer performance under complex 
conditions. Moreover, the findings validate the method's effectiveness and practicality in addressing 
uncertainty and noise interference in multi-source, multi-environment cloud computing tasks. 

IV. Conclusion 

This work tackles key issues of distribution divergence, limited data, and dynamic 
environmental variability in cross-domain cloud computing. It introduces a unified optimization 
framework that combines transfer learning with self-supervised learning. By leveraging a shared 
encoder and distribution alignment, the approach narrows the gap between source and target 
domains, while self-supervised tasks strengthen the model’s feature representation capacity. 
Experiments demonstrate that the framework exhibits notable robustness and stability across various 
sensitivity tests. It consistently achieves high performance under different task loads, distribution 
changes, and noise perturbations, thereby confirming the soundness and effectiveness of the 
proposed approach. 

The significance of this study lies not only in improving the modeling capacity of cross-domain 
cloud computing tasks but also in providing a new technical path for cloud resource scheduling, task 
optimization, and intelligent decision-making. By considering task performance, feature distribution, 
and cross-domain balance, the proposed method achieves stable optimization in multi-domain and 
multi-scenario environments. These fields often face highly dynamic environments and imbalanced 
data characteristics. The proposed method offers a feasible solution to improve service quality and 
resource utilization. 
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V. Future Work 

Future research can further extend the adaptability and scalability of the cross-domain 
optimization framework. On the one hand, adaptive mechanisms can be explored under more 
heterogeneous platforms and multimodal data to meet more complex application demands. On the 
other hand, advanced approaches such as reinforcement learning and federated learning can be 
integrated [13–15], enabling models to develop stronger self-evolution abilities under real 
distribution dynamics and resource constraints. These directions will not only advance the theoretical 
development of cross-domain cloud computing but also promote the deep application of intelligent 
computing in critical industries and accelerate digital and intelligent transformation. 
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