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ABSTRACT

This study addresses anomaly detection in high dimensional time series data
within the context of Artificial Intelligence (AI) driven software development,
where modern systems generate large temporal data streams and reliable moni-
toring remains difficult due to noise, complexity, and limited labeled anomalies.
The objective of this research is to develop an effective and scalable anomaly
detection framework based on self supervised transformer models that can learn
meaningful temporal representations without heavy reliance on manual annota-
tion. The proposed method applies self supervised pretraining through masked
sequence reconstruction and contrastive temporal learning on large scale unla-
beled multivariate time series datasets, followed by transformer based attention
mechanisms to capture long range dependencies and compute anomaly scores.
Experiments are conducted using benchmark datasets and real world system log
data implemented with Python based deep learning tools and transformer ar-
chitectures to evaluate detection performance. The results indicate that the
proposed approach improves detection accuracy and reduces false positive rates
compared to traditional statistical techniques and supervised deep learning mod-
els, particularly in high dimensional and low label settings. In conclusion, in-
tegrating self supervised learning with transformer architectures provides a ro-
bust and generalizable solution for time series anomaly detection, contributing
to software analytics and monitoring systems by lowering labeling costs and
improving adaptability across application domains.
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1. INTRODUCTION

The rapid growth of digital business models has increased dependence on complex software systems.
These systems support real time decision making, service delivery, and operational efficiency across industries.
Modern digital platforms such as cloud services, financial technology, manufacturing systems and smart infras-
tructure continuously generate high dimensional time series data originating from sensors logs user interactions
and transactional processes [1, 2]. These data streams are critical assets for ensuring system reliability perfor-
mance optimization and risk mitigation. At the same time automation and artificial intelligence have become
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central to software engineering practices, enabling predictive monitoring, adaptive control, and autonomous
system management. Artificial Intelligence (AI) driven solutions are now embedded throughout the software
lifecycle, ranging from development and testing to deployment and maintenance.

In real time monitoring environments, deploying anomaly detection models requires careful integra-
tion with streaming data pipelines and operational infrastructures, where the proposed self supervised trans-
former can function as an inference module processing time series data in sliding windows or micro batches for
continuous anomaly scoring without disrupting system operations [3, 4]. However, practical implementation in-
troduces challenges such as high computational demands, latency constraints requiring optimization strategies,
and concept drift that necessitates periodic adaptation or retraining. Deployment feasibility also depends on
infrastructure compatibility, data throughput, and integration with alert management systems, requiring a bal-
ance between detection accuracy, computational efficiency, and responsiveness. More broadly, advances in AI
driven development tools demonstrate how machine intelligence is transforming software engineering beyond
code generation toward strategic operational monitoring, where anomaly detection in high dimensional time
series data becomes essential for system reliability and performance [5, 6]. This capability supports sustain-
able digital infrastructure and aligns with the objectives of the United Nations Sustainable Development Goals
(SDGs), particularly those related to innovation, infrastructure resilience, and efficient resource utilization.

Anomaly detection is increasingly critical in blockchain and distributed ledger systems, where decen-
tralized nodes generate continuous temporal data from transactions, consensus, network synchronization, and
smart contracts. Monitoring requires adaptive mechanisms to detect abnormal transactions, consensus issues,
node failures, and security threats without extensive labeled data [7, 8]. Self-supervised transformer frame-
works suit this task by learning normal behavior from large scale unlabeled activity while capturing long range
temporal dependencies and cross component interactions across heterogeneous, asynchronous, and evolving
network states, enabling reliable oversight of validation, block propagation, and resource use, and improving
reliability, security, and transparency to mitigate costly downtime [9, 10]. In software engineering, traditional
rule based or statistical methods struggle with high dimensional noisy time series, while supervised approaches
require costly labeled anomalies. AI assisted tools improve productivity but not robustness, and transformer
architectures successful in NLP and code understanding remain underexplored for self-supervised anomaly de-
tection, offering potential to enhance detection accuracy, system reliability, and support SDGs 8 and SDGs 11
[11, 12].

From an industry perspective, the novelty of the proposed framework lies in its ability to deliver
scalable anomaly detection without dependence on labeled anomaly data, making it particularly suitable for
software intensive environments within software analytics contexts characterized by continuous data gener-
ation and rapidly evolving system behavior [13, 14]. In cloud computing infrastructures, where distributed
services generate high volume telemetry streams, self supervised transformer models enable adaptive moni-
toring that can detect performance degradation, abnormal resource consumption, or emerging system faults
before they propagate across services. Based on these challenges, this research defines clear objectives to ad-
vance theory and practice. The first objective is to examine how self-supervised transformer models improve
anomaly detection in high-dimensional time series data by capturing long-range temporal dependencies and
complex feature interactions often missed by traditional models [15, 16]. The second objective is to evaluate
how AI-based automation through self-supervised learning enhances monitoring efficiency and scalability by
reducing reliance on labeled data and manual configuration. The third objective is to analyze potential risks
and limitations, including model interpretability, computational cost, and sensitivity to data drift. These objec-
tives provide insights into AI’s impact on software reliability and operational efficiency while supporting the
development of resilient and trustworthy AI-driven software systems [17, 18].

2. LITERATURE REVIEW

2.1. Development of Anomaly Detection in Time Series Data
Recent years have seen rapid growth in anomaly detection research for time series data, driven by in-

creasing software complexity and expanding digital infrastructures. Early methods relied on statistical and rule
based techniques, such as control charts and threshold monitoring, which worked in stable environments but
struggle with large scale, high dimensional, and evolving data streams. As software architectures become more
distributed and data intensive, adaptive and intelligent monitoring has become essential. Research now spans
domains like blockchain and distributed computing, where continuous multivariate temporal data from transac-
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tions, consensus processes, and node interactions create new challenges [19, 20]. These environments demand
detection methods that learn dynamic patterns without heavy supervision or extensive labeled datasets. Ad-
vances in AI driven blockchain security and distributed machine learning have enabled sophisticated anomaly
detection techniques that identify abnormal transactions, consensus irregularities, and smart contract anoma-
lies, while supporting secure, privacy preserving analytics in decentralized systems.

2.2. Transformer Models for Time Series Anomaly Detection
Transformer models, originally for natural language processing, are now effective for sequential data

thanks to attention mechanisms and parallel processing [21, 22]. They capture long term dependencies and
complex interactions in tasks like time series forecasting and system log analysis. Many transformer based
anomaly detection methods, however, rely on supervised or weakly supervised learning, limiting their use
with scarce labeled data [23, 24]. Comparing them with traditional statistical approaches, reconstruction based
models, generative sequence models, and self-supervised representation learning highlights their strengths and
limitations. Table 1 summarizes these methods for high dimensional time series.

Table 1. Critical Comparison of Anomaly Detection Methods

Method
Category

Example
Models Strengths Limitations

Suitability for
High Dimensional

Time Series

Statistical
Methods

Control Chart,
ARIMA,
Threshold
Monitoring

Simple
implementation,
interpretable
results

Poor scalability,
sensitive to noise,
limited ability to
capture complex
temporal patterns

Low

Reconstruction
Based Models

Autoencoder,
Variational
Autoencoder
(VAE)

Effective for
unsupervised
representation
learning, detects
reconstruction
errors

Difficulty capturing
long term
dependencies,
sensitive to training
data distribution

Medium

Generative
Sequence
Models

GAN based
models,
LSTM based
generative
models

Capable of
modeling
complex data
distributions

Training
instability, high
computational
cost

Medium

Contrastive or
Self Supervised
Models

CPC, SimCLR
based temporal
models

Learn robust
representations
without labels

Often require large
datasets and careful
design of pretext
tasks

Medium–High

Transformer
Based Models

Transformer,
Informer,
LogTransformer

Capture long
range
dependencies
and multivariate
interactions

Large
computational cost
and often rely
on labeled data

High

Self Supervised
Transformer
Models

Masked
Transformer,
Pretraining
based
architectures

Strong
representation
learning, scalable
to large datasets,
reduced reliance
on labeled
anomalies

Still limited research
on deployment,
data drift handling,
and efficiency

Very High

Table 1 summarizes anomaly detection methods for high-dimensional time series. Statistical meth-
ods are simple but scale poorly, reconstruction and generative models capture structure but may miss long
term dependencies, contrastive and self-supervised models need large datasets, transformers handle long range
dependencies, and self-supervised transformers offer scalable, effective learning with minimal labeled data,
though deployment challenges remain.
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2.3. Self Supervised Representation Learning for High Dimensional Time Series
Self-supervised learning extracts meaningful features from unlabeled data via masked prediction and

contrastive learning, improving performance and robustness in vision and language tasks [25, 26]. Its inte-
gration with transformers for high dimensional time series anomaly detection remains limited, as most studies
ignore deployment, data drift, and computational trade offs [27, 28]. Self-supervised transformers improve
representation quality, generalization, and data efficiency, but cross domain benefits remain underexplored, and
few comparisons exist with other unsupervised methods. The growing need for intelligent monitoring to re-
duce downtime, optimize resources, and ensure service continuity SDGs 9 and 12 highlights a research gap in
practical self-supervised transformer frameworks.

3. RESEARCH METHOD

This study uses a structured and systematic methodology to evaluate self-supervised transformer mod-
els for anomaly detection in high dimensional time series data generated by modern software systems within
software analytics contexts [29, 30]. The proposed methodological framework is intended to support a compre-
hensive investigation of model performance while maintaining clarity and consistency throughout the research
process. In particular, the methodology emphasizes the ability of self-supervised learning approaches to cap-
ture complex temporal patterns without relying heavily on manually labeled anomalies, which are often scarce
in real-world monitoring environments. The methodology is designed to ensure empirical robustness, repro-
ducibility, and practical relevance by integrating quantitative performance evaluation with qualitative validation
[31, 32]. Through this combined evaluation strategy, the study aims to provide a balanced assessment of the
effectiveness of transformer-based models in identifying anomalous patterns in complex temporal data streams.
The overall workflow of the research process is illustrated in Figure 1, which outlines the sequential stages from
data acquisition and preprocessing to model training, evaluation, and final result verification.

Figure 1. Self-Supervised Transformer Framework for Time-Series Anomaly Detection

Figure 1 clarifies how each data source contributes to the methodological objectives of the study
within self supervised learning contexts. By combining operational system data with human centered feedback
and benchmark datasets, the research ensures a balanced evaluation that reflects both technical performance
and practical relevance across different software contexts [33, 34]. This integrative approach strengthens the
validity of the analysis by capturing multiple perspectives, enabling more comprehensive assessment of model
effectiveness in both controlled experimental settings and real world operational environments.

Blockchain Frontier Technology (B-Front), Vol. 6, No. 1, July 2026: 25–37



Blockchain Frontier Technology (B-Front) ❒ 29

3.1. Research Approach
The study uses a mixed methods approach to evaluate the proposed self supervised anomaly detection

framework. Quantitative analysis measures performance via precision, recall, F1 score, false positive rate, and
detection latency, while qualitative analysis assesses reliability, interpretability, and operational usability. This
combination provides insights into both detection accuracy and practical deployment in real world software
environments [35, 36]. For reproducibility, model training uses predefined hyperparameters epochs, learning
rate, batch size, and transformer settings which influence learning dynamics and detection capability. Training
across multiple epochs allows stable temporal representations, with the learning rate controlling optimization
steps. The hyperparameter configuration is summarized in Table 2.

Table 2. Experimental Hyperparameter Configuration
Parameter Value Description

Training Epochs 50 Number of full training iterations over the dataset
Learning Rate 0.001 Step size used by the optimizer during training

Batch Size 64 Number of samples processed in one training step

Optimizer
Adam

Optimizer Optimization algorithm used for parameter updates

Transformer
Layers 4 Number of encoder layers in the transformer model

Attention Heads 8 Number of parallel attention mechanisms
Embedding
Dimension 128 Size of latent feature representation

Dropout Rate 0.1 Regularization to prevent overfitting

The Table 2 selected hyperparameter configuration is designed to balance model performance, train-
ing stability, and computational efficiency during the anomaly detection experiments. These parameters are
carefully chosen to ensure that the model can learn meaningful temporal representations from high dimen-
sional time series data while maintaining stable convergence throughout the training process. In addition, the
configuration aims to prevent overfitting and excessive computational cost, thereby enabling the framework to
operate effectively in practical monitoring environments.

3.1.1. Data Collection
Data collection is conducted through multiple complementary sources to ensure diversity, represen-

tativeness, and robustness within software analytics and self supervised learning contexts. High dimensional
multivariate time series data are obtained from software system logs, performance monitoring metrics, and
telemetry signals generated by AI assisted and cloud based software systems [37, 38]. These data streams
capture complex temporal dynamics and inter variable dependencies essential for anomaly detection tasks.
In parallel, qualitative data are collected through structured surveys administered to software developers and
system engineers who interact with AI based monitoring tools. To support reproducibility and generalization,
publicly available benchmark datasets and open source repositories are also incorporated. The characteristics
of the collected data sources are summarized in Table 3.

Table 3. Data Collection Sources and Characteristics
Data Source Type Data Characteristics Purpose in Analysis

System Logs High frequency event sequences Capture operational anomalies
Performance Metrics Multivariate numerical time series Monitor system health

Telemetry Signals Continuous sensor based data Detect temporal deviations
Developer Feedback Qualitative survey responses Validate practical relevance

Open Benchmark Data Public time series datasets Ensure reproducibility

Table 3 clarifies how each data source contributes to the methodological objectives of the study. By
combining operational system data with human centered feedback and benchmark datasets, the research ensures
a balanced evaluation that reflects both technical performance and practical relevance across different software
contexts [33, 34]. This integrative approach strengthens the validity of the analysis by capturing multiple
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perspectives, enabling more comprehensive assessment of model effectiveness in both controlled experimental
settings and real world operational environments. Additionally, the use of diverse data sources enhances the
generalizability of the findings by ensuring that the evaluation reflects varied system conditions and usage
scenarios.

3.1.2. Analytical Techniques
A range of analytical techniques is applied to address the research objectives in a systematic manner.

Quantitative analysis includes evaluation of anomaly detection performance using standardized metrics and
regression analysis to examine the relationship between data dimensionality, model complexity, and detection
accuracy. Additional indicators, such as reductions in manual monitoring effort and improvements in anomaly
response time, are considered where applicable [39, 40]. Qualitative analysis is conducted using thematic anal-
ysis of survey responses to identify recurring patterns related to trust, interpretability, and adoption challenges
of AI assisted monitoring systems. From a machine learning perspective, self supervised transformer models
are trained using masked sequence reconstruction and contrastive temporal learning objectives to capture long
range temporal dependencies and complex feature interactions. The conceptual architecture of the proposed
model is presented in Figure 2.

Figure 2. Self Supervised Transformer Architecture for Anomaly Detection

Figure 2 illustrates how the transformer architecture processes multivariate time series inputs through
attention mechanisms, while self supervised learning enables the model to identify normal and anomalous
patterns without labeled data, improving scalability and robustness in high dimensional environments. Table
4 summarizes the analytical techniques and evaluation goals, clarifying the relationship between model de-
sign, procedures, and criteria. Integrating architectural explanation with methodological summary enhances
transparency, allowing readers to trace how theoretical concepts are implemented and empirically evaluated
[41, 42].

Table 4. Analytical Techniques and Evaluation Metrics
Analysis Type Technique Evaluation Focus

Precision, Recall, F1-score Detection accuracy
Quantitative False Positive Rate Reliability of detection

Detection Latency Real-time applicability
Qualitative Thematic Analysis Interpretability and trust

Machine Learning Self-Supervised Learning Representation robustness

Table 4 highlights the alignment between analytical techniques and research objectives, demonstrat-
ing how quantitative metrics, qualitative insights, and machine learning methods jointly support a comprehen-
sive evaluation of the proposed framework. This alignment ensures that each analytical component directly
contributes to addressing the study’s key research questions in a structured and systematic manner [43, 44].
Furthermore, it strengthens the overall coherence of the evaluation process by integrating multiple forms of
evidence to provide a more holistic understanding of the framework’s performance and practical relevance. In
addition, this structured mapping enhances methodological transparency by clearly showing how evaluation
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criteria correspond to specific analytical procedures, thereby improving the rigor and interpretability of the
research design.

3.2. Validity and Reliability
To ensure validity and reliability, multiple control measures are applied throughout the research pro-

cess. Data preprocessing is carefully reviewed to minimize noise and bias, while Transformer Models are
trained across multiple runs to ensure stability and consistency. Selected anomaly detection results are manu-
ally inspected to validate model behavior against domain expectations, and qualitative findings are supported
by inter rater reliability checks [45, 46]. Cross validation and result verification confirm reproducibility, as
illustrated in Figure 3. These measures establish a structured framework that ensures methodological rigor,
strengthens confidence in model stability across datasets, and maintains transparency in the research method-
ology. Together, these procedures provide a comprehensive quality assurance mechanism that supports both
analytical accuracy and interpretive credibility.

Figure 3. Validation and Reliability Control Process

Figure 3 emphasizes the layered validation strategy adopted in this study, ensuring that both quantita-
tive results and qualitative interpretations are reliable and reproducible. This systematic approach strengthens
the credibility of the findings and supports the applicability of self-supervised transformer models for anomaly
detection in high dimensional time series data. Furthermore, the structured validation process enhances con-
fidence in the consistency of the model’s performance across different datasets and evaluation scenarios, re-
inforcing the robustness of the overall research framework. In addition, this comprehensive validation design
helps minimize potential bias and uncertainty, ensuring that the reported results accurately reflect the model’s
true analytical and operational capabilities [47, 48].

4. RESULTS AND DISCUSSION

This section presents the experimental results and analytical discussion of the proposed self-supervised
transformer framework for anomaly detection in high dimensional time series data. The evaluation emphasizes
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comparative detection performance and scalability under increasing data dimensionality, supported by quanti-
tative metrics and interpretative discussion. The results demonstrate the effectiveness of the proposed approach
in addressing key challenges associated with unlabeled and high dimensional monitoring data in software in-
tensive systems. In addition, the findings provide empirical evidence of the model’s robustness across varying
data conditions, offering deeper insight into its practical suitability for complex and large scale monitoring
environments [49, 50]. Moreover, the analysis highlights how the framework maintains stable performance as
system complexity increases, reinforcing its potential for deployment in dynamic and continuously evolving
operational settings. Furthermore, the integration of self supervised learning plays a central role in enabling the
model to learn meaningful temporal representations from unlabeled data, thereby enhancing adaptability and
reducing dependence on manual annotation. This characteristic further supports the framework’s applicability
in real world environments where data complexity, scale, and variability continue to grow over time.

To strengthen the reliability of the experimental findings, statistical validation is also incorporated
through significance testing and confidence estimation. Specifically, statistical tests such as the *t-test* are
applied to examine whether the observed performance differences between the proposed framework and base-
line methods are statistically significant. In addition, confidence intervals are calculated for the main evalua-
tion metrics to quantify the uncertainty and stability of the results across experimental runs. These statistical
analyses provide additional empirical support for the reported performance improvements and ensure that the
conclusions drawn from the experiments are not solely based on point estimates but are supported by rigorous
statistical evidence.

4.1. Comparative Anomaly Detection Performance
The first set of experiments evaluates the anomaly detection performance of the proposed model

against representative baseline methods, including statistical thresholding, supervised LSTM models, and unsu-
pervised autoencoder based approaches. Performance is assessed using the F1 score, which balances precision
and recall and is widely adopted in anomaly detection research. The comparative results are visualized in
Figure 4. This comparison provides a clear quantitative basis for assessing the relative effectiveness of each
method and highlights the performance differences across varying modeling approaches. Furthermore, the
evaluation framework ensures a consistent experimental setting, allowing for a fair and systematic comparison
of detection capabilities across all tested models.

Figure 4. Comparison of Anomaly Detection Performance (F1-score)

Figure 4 shows the comparison of anomaly detection performance measured by F1 score across statis-
tical thresholding, supervised LSTM, unsupervised autoencoder, and the proposed self supervised transformer
model, highlighting the relative improvement in detection accuracy achieved by attention based temporal mod-
eling and representation learning without labeled anomaly data.

4.2. Scalability under Increasing Data Dimensionality
To assess robustness and scalability, additional experiments are conducted by increasing the number

of monitored variables from low dimensional to highly multivariate settings. This evaluation is critical for
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modern software systems, where hundreds of metrics are continuously collected. The scalability results are
illustrated in Figure 5

Figure 5. Scalability Analysis of the Self-Supervised Transformer Model

Figure 5 scalability analysis of the self-supervised transformer model under increasing data dimen-
sionality. The figure illustrates how detection performance changes as the number of monitored variables
grows, for example from 50, 100, to 200 features, demonstrating the model’s ability to utilize additional con-
textual information while maintaining stable and improved anomaly detection accuracy in high dimensional
environments.

4.3. Discussion and Practical Implications
The combined results from Figures 4 and 5 validate the proposed self supervised transformer as a

robust and scalable solution for anomaly detection in high dimensional time series data. The model shows
superior performance compared to both supervised and unsupervised baselines, while the scalability analy-
sis confirms its adaptability to increasingly complex data environments. These findings are relevant for real
world software monitoring where labeled anomalies are limited and system complexity continues to increase.
Higher F1 scores indicate lower false detection rates, reducing alert fatigue and increasing trust in AI driven
monitoring systems. This capability enables earlier detection of performance degradation, abnormal resource
utilization, and system faults without relying on manually defined thresholds or labeled incident data, allowing
organizations to shift from reactive incident response toward predictive maintenance.

From a policy perspective, adaptive AI driven monitoring systems also influence governance and in-
frastructure management standards. Cloud providers and infrastructure regulators may increasingly require
intelligent monitoring mechanisms capable of detecting operational risks in real time, particularly in critical
service environments. Continuous autonomous monitoring supports risk management frameworks, service
level assurance policies, and resilience planning guidelines. Reduced dependence on labeled anomaly data also
lowers implementation barriers, enabling broader adoption across organizations with different technical capac-
ities. These advantages support more resilient monitoring practices and evidence based policy frameworks for
managing large scale digital infrastructure, while also aligning with SDGs 9 and SDGs 12 through improved
infrastructure reliability and more efficient resource utilization.

Compared with real time anomaly detection approaches such as streaming autoencoders, online recur-
rent models, and lightweight statistical monitoring pipelines, the proposed self supervised transformer achieves
competitive detection accuracy while maintaining stable performance under high dimensional input conditions.
The attention based architecture enables richer temporal context modeling without significantly reducing de-
tection responsiveness. Experimental observations show that detection latency remains within acceptable mon-
itoring intervals, indicating feasibility for near real time deployment. However, transformer based attention and
large scale self supervised pretraining require higher computational resources, including greater memory us-
age and longer initialization time. Therefore, practical deployment may require optimized inference pipelines,
hardware acceleration, or model compression to balance detection accuracy, latency, and infrastructure cost.
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5. MANAGERIAL IMPLICATIONS

The findings of this study provide practical implications for organizations managing complex digital
infrastructures. The proposed self-supervised transformer framework enables a shift from reactive monitoring
toward more proactive and predictive system management. By detecting anomalies without relying on labeled
data, the framework helps reduce operational risks, prevent service disruptions, and improve system reliability
across large-scale digital environments. It also supports more efficient monitoring by reducing manual analysis
and providing real time insights into system behavior.

From an operational perspective, implementing this framework requires consideration of infrastruc-
ture readiness, computational resources, and integration with existing monitoring pipelines. Organizations
must balance detection performance with implementation costs such as hardware capacity, model training re-
sources, and latency constraints in real time environments. Effective deployment may therefore involve model
optimization, scalable system architecture, and periodic model updates to adapt to evolving system patterns.

At the strategic level, the framework contributes to improved digital governance and infrastructure
resilience through more reliable monitoring and risk management practices. AI driven anomaly detection can
support service reliability, compliance monitoring, and operational stability across centralized and distributed
systems. By reducing dependency on labeled anomaly data, the approach also lowers adoption barriers and
enables broader implementation in organizations with different levels of technical capability.

6. CONCLUSION

This study presents a self supervised transformer based framework for anomaly detection in high
dimensional time series data, addressing key limitations of traditional statistical and supervised learning ap-
proaches. By leveraging attention mechanisms and self supervised learning objectives, the model captures
complex temporal dependencies and inter variable relationships without relying on labeled anomaly data. Ex-
perimental results show consistent improvements over baseline methods in detection accuracy and scalability,
while maintaining robustness as data dimensionality increases. However, the experiments are conducted under
controlled experimental settings and specific datasets, which may not fully represent the diversity of real world
operational environments. These findings demonstrate that self supervised transformers provide a reliable and
effective solution for anomaly detection in modern software intensive systems. Furthermore, the proposed
framework contributes to the advancement of software analytics by enabling more intelligent and data driven
monitoring of complex system behavior. Its ability to extract meaningful representations from large-scale un-
labeled data supports more efficient analysis of operational patterns, system performance, and emerging risks,
thereby strengthening analytical capabilities in software driven environments.

From a practical and societal perspective, the proposed framework supports the development of re-
silient digital infrastructures by enabling proactive system monitoring, reducing operational risk, and minimiz-
ing downtime in large scale platforms such as cloud services and industrial systems. It is also highly relevant
to decentralized environments, including blockchain based infrastructures, where continuous synchronization,
real time transaction validation, and consensus processes generate complex high dimensional time series data.
By learning system behavior without labeled anomalies, the model effectively detects malicious activity, ab-
normal transaction flows, and network instability in distributed settings. Nevertheless, practical deployment
in real world systems may require additional consideration of computational resources, system scalability, and
latency constraints in large scale monitoring pipelines. Its ability to capture long range dependencies and cross
node temporal interactions further enables adaptive monitoring across heterogeneous and dynamically evolving
decentralized architectures.

By improving monitoring reliability in distributed and trust minimized environments, this research
supports the development of intelligent digital infrastructure and aligns with the United Nations sustainable
development goals, particularly SDGs 9 and SDGs 12. The framework also reflects progress in deep learning,
showing that advanced representation learning can enable scalable, adaptive, and data efficient monitoring
in complex digital ecosystems. Despite these contributions, future research should focus on improving model
interpretability, developing adaptive or continual learning to address concept drift, and extending the framework
to multimodal data and real time deployment scenarios. Further validation across diverse datasets and real
world environments is also needed to strengthen the generalizability of the proposed approach and support the
advancement of sustainable and intelligent software systems.
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