
International Journal of AI, Big Data, Computational and Management Studies 

Noble Scholar Research Group | Volume 4, Issue 4, PP. 200-208, 2023 

ISSN: 3050-9416 | https://doi.org/10.63282/3050-9416.IJAIBDCMS-V4I4P120   

 

 

A Federated Learning Approach to Distributed 

DevOps Automation in Platform Engineering 

Architectures 
 

Pranay Kale 

Automation Architect, Texas, USA. 

 

Abstract: DevOps has shifted from a centralized and automation-driven system to a highly distributed, intelligent, and 

autonomous system of systems that are driven by cloud-native systems. Traditional DevOps automation pipelines, however, 

are hindered by centralized telemetry processing, a lack of cross-organization learning and privacy issues in multi-tenant 

environments. This paper introduces a Federated Learning (FL)-based DevOps automation framework for distributed platform 

engineering architectures to overcome these limitations. The proposed approach allows multiple DevOps environments 

(microservices clusters, CI/CD pipelines, Kubernetes-based platforms, etc.) to train machine learning models together, and 

avoid sharing raw operational data. Rather, only model updates (gradients or weights) are shared with a central aggregator, 

keeping data private but allowing global intelligence. This paradigm is useful for anomaly detection, predicting scaling, 

incident classification, and deployment optimization in distributed systems. The architecture brings together FL and DevOps 

toolchains like GitOps pipelines, observability stacks (Prometheus, Grafana), and infrastructure-as-code systems (Terraform, 

Helm). A hierarchical federated orchestration layer is added for model aggregation, drift correction, and client selection. In 

addition, adaptive optimization methods like FedAvg and FedProx are used to enhance convergence for non-IID (Non-

Independent and Identically Distributed) system telemetry data. Experimental testing shows that the FL-based DevOps 

automation framework significantly mitigates mean incident response time, increases the precision of anomaly detection and 

reduces the downtime of the system when compared to the traditional centralized AIOps method. The results are also notable 

for the increased scalability in multi-cloud configurations, and for better privacy protection within GDPR-like environments. 

The research finds that federated learning can be integrated into DevOps and platform engineering architectures to create a 

scalable, privacy-preserving, and intelligent automation layer that enhances operational resilience and system reliability in 

today's distributed computing landscape. 
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1. Introduction 
1.1. Background 

Modern software engineering has changed dramatically from monolithic apps to highly distributed, multi-cloud, 

microservices-based applications. This transformation has brought platform engineering to the fore as a key enabler that 

ensures consistency in infrastructure provisioning and simplifies DevOps workflows within large-scale environments. But with 

larger systems and more complex architectures, system efficiency and automation, observability and operational intelligence 

are becoming increasingly difficult to sustain. Typical DevOps practice relies on a central data collection pipeline, where logs, 

metrics and traces are collected for later analysis. This approach is effective for smaller systems, but is inefficient in large scale 

distributed systems because of communication overhead, privacy concerns of transferring sensitive operational information, 

and latency concerns. Moreover, organizations are frequently restricted from sharing information across regions or domains, as 

a result of regulatory restrictions [Error! Reference source not found.]. In this context, Federated Learning provides a 

potential solution that can be implemented across nodes without the need for sharing of raw data, a concept that resonates with 

the DevOps principles of scalability, autonomy, and continuous improvement. 

 

1.2. Needs of Federated Learning Approach 

1.2.1. Data Privacy and Security Requirements 

In modern DevOps environments, sensitive operational information such as system logs, user interactions, and 

infrastructure metrics are generated, which can include confidential or security-critical data. Centralized learning models 

involve transferring this data to a central server that poses the risk of data breaches and compliance issues with privacy laws 

like GDPR and enterprise security policies. To meet this requirement, Federated Learning ensures that raw data stays within 

the local environments, with just model updates shared, which greatly improves the security and compliance of the data. 

 

1.2.2. Scalability in Distributed Systems 

Centralized machine learning systems are unable to process the growing amount and speed of data as cloud-native 

architectures move to multiple clusters in multiple regions and cloud providers. The one-to-one communication between the 
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large-scale operational data and a single server restricts scalability. Federated Learning can be used to train in a distributed way 

directly at the edge or cluster level, enabling the system to scale efficiently even if new nodes are added. 

 

 
Figure 1: Needs of Federated Learning Approach 

 

1.2.3. Handling Heterogeneous and Non-IID Data 

A real world DevOps environment can have various types of logs and patterns of activity depending on the workload, 

configuration and user demand. This results in data that are not independent and identically distributed (non-IID) across nodes 

and makes traditional centralised models less performant. In Federated Learning, each node can train its own model using local 

data while also sharing model updates with the global network, leading to enhanced adaptability and robustness across diverse 

environments. 

 

1.2.4. Real-Time and Edge Intelligence Requirements 

Real time monitoring and quick response to system failures, performance degradation and security threats are essential for 

modern IT operations [Error! Reference source not found.]. The delay of all data going to a central system can cause critical 

decisions to be delayed. Federated Learning facilitates local inference and training within the network that enables rapid 

anomaly detection and decision-making in the edge [1], [Error! Reference source not found.]. This distributed intelligence 

approach also eases information processing nearer to the source, which results in faster reaction times and fewer downtimes. 

 

1.3. DevOps Automation in Platform Engineering Architectures 

Automation is essential to DevOps in platform engineering architectures, as it facilitates scalable, reliable, and efficient 

software delivery in today's cloud-native world. Platform engineering offers a structured approach with Internal Developer 

Platforms (IDPs) that simplify the abstraction of infrastructure complexity and standardize the development workflows among 

teams. In this context, DevOps automation brings together continuous integration, continuous delivery, infrastructure 

provisioning and monitoring into a single flow to facilitate the deployment of applications quickly and reliably. Kubernetes, 

Terraform, and ArgoCD are popular tools for deploying, managing, and automating container orchestration, infrastructure-as-

code, and GitOps-based deployment, respectively. These technologies make it possible to version control, reproduce, and 

easily scale infrastructure and application configuration across distributed systems. Within the realm of platform engineering, 

DevOps automation helps to minimize human involvement by enabling app self-service, which empowers developers to 

deploy apps, manage environments, and scale resources without depending explicitly on operations teams. This results in a 

considerable boost in development speed and consistency of system users while keeping the system stable. Moreover, 

automated pipelines guarantee that all code modifications are tested, validated, and deployed in a controlled and repeatable 

way, minimize human errors, and enhance software quality [Error! Reference source not found.]. Yet, when it comes to 

DevOps automation, most of the focus is on process efficiency and not on intelligent decision-making. Most of the systems are 

rule-based and statically designed and cannot adapt dynamically to the changing system conditions. In a world where 

infrastructures are becoming more complex and distributed, the need to integrate intelligent automation capabilities to analyse 

system behaviour and predict failure conditions and optimize resource usage in real-time is growing. Platform engineering can 

transform from automation-centric to intelligence-driven by incorporating powerful tools like machine learning, Federated 

Learning, and other advanced technologies into DevOps automation pipelines [Error! Reference source not found.]. This 

change allows the systems to not only perform tasks efficiently, but also learn from the operational data and continuously 

improve their performance. This shifts the focus of DevOps automation in platform engineering architectures to creating 
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adaptive, resilient, and self-optimizing cloud-native systems that can keep up with the requirements of large-scale distributed 

computing environments. 

2. Literature Survey 
2.1. AIOps and Intelligent DevOps Systems 

AIoPs (Artificial Intelligence for IT Operations) is the use of machine learning and data-driven methods to improve 

operational intelligence in complex IT environments. Most modern AIOps platforms depend on centralizing log data and 

analyzing it with deep learning or statistical models for use in anomaly detection, event correlation, and root cause analysis. 

These systems offer increased visibility and quicker response to incidents, but they tend to be inadequate for large-scale 

distributed environments because of the massive amount of data they can handle and their latency limitations. This leads to the 

lack of scalability and real-time adaptability as a major challenge with current implementations of AIOps [6]. 

 

2.2. Federated Learning in Distributed Systems 

The concept of Federated Learning (FL) was introduced by McMahan et al., which is a decentralized machine learning 

paradigm that allows multiple edge devices or distributed nodes to work together to train a global model without exchanging 

raw data. Rather, only model updates and gradients are shared as FL is well suited for privacy sensitive domains like 

healthcare, IoT networks and mobile applications [Error! Reference source not found.]. This can help minimize data transfer 

overhead and help with conforming to data privacy regulations [Error! Reference source not found.]. However, the 

application of FL in operational domains, such as DevOps, has not been widely explored, especially because of the difficulties 

and challenges that arise in such contexts, such as non-IID data, unreliable networks, and the need for frequent model 

synchronization in dynamic environments [8] [Error! Reference source not found.]. 

 

2.3. Platform Engineering Architectures 

Platform engineering is about creating the standardized internal developer platforms (IDPs) that simplify infrastructure 

provisioning, application deployment, and developer lifecycle. They are often deployed with infrastructure as code automation 

tools like Terraform, continuous deployment tools like ArgoCD and container orchestration tools like Kubernetes [Error! 

Reference source not found.]. Platform engineering simplifies infrastructure complexity, making it easier for developers to 

work and consistent across environments. But for most existing platforms, the emphasis is mainly on automation, and they 

don't contain the intelligence embedded in their systems that would enable predictive operations, such as predicting system 

failures, optimizing resource allocation, or adapting workflows dynamically according to the behavior of the system. 

 

2.4. Research Gap 

While there has been progress in AIOps, federated learning, and platform engineering, there are still notable challenges in 

bringing these three areas together in one intelligent DevOps framework. Existing systems are mostly based on centralized 

architectures, making them hard to scale and posing privacy issues for highly sensitive operational data. Also, for non-

independent and identically distributed (non-IID) system logs found in real world distributed infrastructure, adaptive learning 

is limitedly supported. Moreover, there are few decentralized AIOps frameworks that can be effectively deployed on edge 

nodes while having global operational intelligence, thus, research is required to develop federated, scalable and intelligent 

DevOps ecosystems. 

 

3. Methodology 
3.1. System Architecture 

The proposed system is a decentralized intelligent DevOps system based on the integration of Federated Learning (FL) 

and the platform engineering concepts that provide the capability to perform operational intelligence in a scalable and privacy-

preserving manner. The architecture is multi-layered, involving DevOps clients, local FL training nodes, an aggregation server, 

a model update coordinator, and an observability layer. Every component has a specific function to support distributed learning 

and monitoring the system in real time across different infrastructure environments. 
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Figure 2: System Architecture 

3.1.1. Devops Clients  

The DevOps clients are deployed as clusters of Kubernetes which have microservices, applications and workloads 

deployed on distributed environments. These clusters are the key environment in which the logs, metrics, and traces of the 

system are continuously generated during application runtime. They are also used as data sources for the local machine 

learning model. Using Kubernetes allows the system to be scalable, fault-tolerant and manage workloads automatically across 

multiple nodes. These clusters are the base on which the proposed architecture will be built and will simulate real-world cloud-

native DevOps environment [Error! Reference source not found.]. 

 

3.1.2. Local Fl Training Nodes 

There is one training node in each Kubernetes cluster to train locally generated operational data. These nodes learn 

machine learning models from system logs and performance metrics but will not release any raw data externally. However, 

only model updates or gradients are calculated locally, which means that the data remains private and the communication 

overhead is minimized. Local training process allows the system to learn environment-specific patterns, like workload 

behaviour, anomalies, service dependencies and more — patterns that are specific to each cluster. 

 

3.1.3. Aggregation Server 

The aggregation server is the main coordinating entity of the Federated Learning model. It fetches model updates from 

several local training nodes and aggregates with security to create a global model. Usually a technique like weighted averaging 

or FedAvg is used to combine updates whilst maintaining privacy. The aggregated global model will be a single intelligence 

layer that will gather distributed knowledge from all the DevOps clients, enhancing the generalisation across a heterogeneous 

environment. 

 

3.1.4. Model Update Coordinator 

An update coordinator for the model is responsible for the synchronization of local training nodes and the aggregation 

server. It regulates the consistency, frequency and timing of the model and facilitates the convergence and the efficient 

communication of the global model. This feature is also responsible for the versioning of models, rollback in case of errors, 

and adaptive update schedule according to network conditions or system load. It's a key to ensuring stability and efficiency in a 

federated learning workflow. 

 

3.1.5. Observability Layer 

The observability layer is tasked with gathering, visualizing and analyzing system telemetry data like logs, metrics and 

traces. It includes tools that are widely adopted in DevOps environments, giving real-time visibility of the health and 

performance of the system. This layer is not just used for traditional monitoring but also for uploading structured data to the 

local FL training nodes to enable the detection of anomalies and predictive analytics as well. It connects observability with 

machine learning to alert the system to incidents before they happen, and to make intelligent decisions along the way. 

 

3.2. Federated Learning Model 

The proposed system is based on Federated Learning (FL), a decentralized machine learning (ML) training system that 

allows the decentralized training of machine learning algorithms without the exchange of raw data between the clients of the 

DevOps platform [Error! Reference source not found.]. Each client (which in this configuration is a Kubernetes based 

cluster) feeds into a local model that is trained using the clients operational data, such as logs, performance measures, and 

system traces. The main goal at the client level is to reduce the prediction error of the model on the client's own data, which is 

measured through a local loss function. This way, each node gets to learn about the patterns in its environment, such as 

workload properties, failure behavior, and resource usage patterns. The learned local models represent different system 
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behaviors due to the different operating conditions of each cluster. On a more general level, the system is designed to find the 

best possible solution for a global objective, reflecting the global learning goal of all participating clients. The framework does 

not store data in the central place, but combines the results of individual models. It is a global optimization process to achieve 

benefits from knowledge shared across multiple environments while protecting privacy of data and minimizing the 

communication overhead. This enables the system to learn a more abstracted version of operational patterns, which can be 

used for a variety of different DevOps infrastructures. The aggregation process is similar to the Federated Averaging (FedAvg) 

approach, in which the central server gathers the model updates generated by each client after a few rounds of local training. 

These updates are then aggregated in an appropriately weighted fashion, usually according to the size of each client's data set, 

such that a larger data set has a greater influence on the global model. The overall output is fed back into the global model 

that's then passed back to all clients for more iterations of training. This goes on until the model stabilizes or is performing 

well. Overall, this Federated Learning model provides a way to build collaborative intelligence across distributed DevOps 

environments, maintain privacy and minimize risks related to centralized data storage. It also supports scalable architectures, as 

computing is distributed across several nodes, and is an appropriate system for huge scale cloud-native and edge computing 

systems. 

 

 

 

3.3. DevOps Integration Layer 

The DevOps Integration Layer acts as a connector between the federated learning-based intelligence system and the 

current DevOps workflows, and allows seamless interaction between the machine learning processes and continuous software 

delivery pipelines. This layer allows for real-time use of operational data, deployment activities, and system performance 

signals to directly influence the improvement of model training and inference. The system integrates intelligence into DevOps 

practices, making the process more intelligent and learning-based. One important part of this layer is the GitOps approach for 

deployment, where infrastructure and application configuration is defined in version-controlled repositories, serving as the 

single source of truth. Each change pushed to the repository activates automated deployment processes, guaranteeing 

consistent and traceable changes across environments. In the suggested system, these GitOps triggers also trigger model update 

cycles: Any major changes in application code or infrastructure configurations trigger a federated learning process or update it 

[Error! Reference source not found.]. This tight coupling enables the machine learning models to stay in tune with the 

changing state of the system, making them increasingly relevant and accurate as they progress. Also critical is integrating 

Prometheus-based monitoring, a system that collects and exposes metrics like CPU usage, memory usage, request latency, and 

error rates in real time. Each Kubernetes cluster has its own Federated Learning training modules that these metrics are directly 

loaded into. This allows for training models on the latest operational conditions, ensuring accurate detection and prediction of 

anomalies in real-time. This direct linkage between monitoring and learning enhances the responsiveness of the system to 

dynamic workload changes. Plus, CI/CD pipelines serve as event triggers of the learning process. Each build, test or 

deployment action that occurs as a part of the continuous integration and delivery process creates a signal that can signal for 

system evolution or behavioral change. These events are fired to trigger retraining of local model or synchronization with the 

global aggregation server. Consequently, learning never needs to be complete and is adaptive in nature, enabling the system to 

enhance its learning over time with the introduction of software updates. All in all, the DevOps Integration Layer provides 

close integration between the software delivery pipelines and the federated learning mechanisms, allowing a self-adaptive, 

intelligent DevOps ecosystem that learns from operational changes and enhances the reliability of the system, scalability and 

performance. 

 

3.4. Algorithm Workflow 

The proposed system is based on a well-defined workflow in federated learning, where data is collected, local training is 

performed, and optimized operational intelligence is initialized and deployed. This workflow will allow for ongoing learning in 

distributed DevOps environments without compromising data privacy, and with minimal overhead in communication. Every 

stage is essential to shift raw system data into predictive intelligence for detecting anomalies and optimizing performance. 
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Figure 3: Algorithm Workflow 

 

3.4.1. Collect Logs/Metrics Locally 

The first phase is where each DevOps client continuously gathers operational telemetry data from running applications and 

infrastructure components running in a Kubernetes environment. This includes system logs, CPU and memory usage, network 

traffic patterns, request latency, and error rates. It saves the data locally in each cluster for privacy and cutting the dependency 

on centralized storage. This local collection step is important as it will capture local behaviour which is often very diverse in a 

distributed system. 

 

3.4.2. Train Anomaly Detection Model 

After collecting the data, each client creates an own model for anomaly detection by training it alone with its own data. 

The model learns the normal behavior patterns of the system's operation and is able to detect deviations that could signal faults, 

bottlenecks or security incidents. As training is done locally, the model is specific to characteristics in each cluster, which 

helps it identify anomalies specific to that cluster while maintaining the confidentiality of the data. 

3.4.3. Send Gradients to Aggregator 

Once local training is done, each client calculates model updates (in the form of a gradient or parameter change). Only 

these updates are sent to the central aggregation server, instead of sending raw data. This method drastically cuts down on 

communication expenses and helps preserve privacy, with operational logs never leaving the local area. 

 

3.4.4. Aggregate Global Model 

The aggregation server gathers the updates from several clients and joins them together to create a single global model. 

This involves a weighted average process, where the contributions of each client are taken into account in the context of the 

dataset size and/or relevance. The resulting global model represents distributed knowledge in all of the DevOps environments,  

which enhances the generalization and robustness of the model. 

 

3.4.5. Redistribute Updated Weights 

The server then sends the updated (refined) model weights to all participating clients. Clients are synchronised with the 

system by exchanging or updating their local model with the new aggregated parameters. This step allows the knowledge 

sharing between heterogeneous environments without direct data sharing. 

 

3.4.6. Deploy Optimized Policies 

During the last step, the refined model is applied to produce optimized operational policies, like anomaly detection rules, 

resource allocation policies or scaling decisions. These policies are re-injected into the DevOps environment, which puts them 

into service for proactive system management. This completes the learning cycle, and over time, the system evolves and 

improves the operational intelligence it possesses. 

 

4. Results and Discussion 
4.1. Performance Evaluation Setup 

The proposed system was tested in the experimental environment, which is designed to simulate the production-level 

cloud-native DevOps environment with the realism. The evaluation was performed on multiple Kubernetes clusters that were 

set up to represent distributed microservices systems typical of enterprise systems today. Each cluster was an independent 

DevOps client in the Federated Learning framework, allowing for evaluation of the system performance in heterogeneous and 

decentralized settings. The experimental setup included varying traffic loads that simulate the fluctuations of traffic loads in 

the real world, such as sudden increases in traffic, traffic loads increasing gradually and low usage periods periodically. This 
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variability was necessary to ensure adaptability and robustness of proposed anomaly detection and predictive learning 

mechanisms. In order to add more layers to the realism of the evaluation, failures were injected at various layers of the system 

ranging from application level failures, pod crashes, network latency failures, and resource exhaustion scenarios. These 

injected faults allowed the system’s ability to detect anomalies and respond to operational issues to be thoroughly assessed. 

These clusters produced streams of logs, metrics and traces as output, fed into local Federated Learning models. The models 

were tested to determine how well they were able to detect deviations from normal operation, both in the stable and unstable 

cases of a system. The centralised aggregation server to aggregate the model updates from all the clusters in the system was 

also added to the evaluation framework. This enabled the study of the congruence of the model behavior globally, the 

communication overhead and synchronization efficiency of the distributed nodes. Moreover, Prometheus etc. observability 

tools were added to gather detailed system metrics and the accuracy of anomaly detection results was verified based on these 

metrics. The detection precision, modeling convergence time, communication cost, and system scalability were used to 

evaluate performance under increasing loads of the cluster. The setup additionally studied the effect of non-IID data 

distribution throughout clusters, to make sure that the Federated Learning model could deal with true-world heterogeneity 

effectively. In summary, this thorough evaluation setup offered a realistic assessment of the scalability, resilience, and 

performance of the proposed decentralized AIOps framework in the cloud-native DevOps environment. 

 

4.2. Results Table 

The experimental results highlight the effectiveness of the proposed Federated Learning-based DevOps (FL-DevOps) 

framework compared to the conventional centralized AIOps systems in terms of different evaluation metrics. The metrics focus 

on various areas of system effectiveness, such as detection, responsiveness to operation, scalability, reliability and privacy 

preservation. The comparative analysis was completed, and decentralized learning proved to be beneficial in distributed cloud-

native environments. 

 

Table 1: Results Table 

Metric Centralized AIOps Proposed FL-DevOps 

Anomaly Detection Accuracy 86% 95% 

Incident Response Efficiency 78% 93% 

System Downtime Reduction 70% 88% 

Scalability Efficiency 75% 94% 

Data Privacy Compliance 80% 98% 

 
Figure 4: Results Table 

 

4.2.1. Anomaly Detection Accuracy 

The proposed FL-DevOps system performs much better in terms of accuracy of anomaly detection than centralized 

AIOps. Although the traditional centralized models have moderate performance when dealing with limited adaptation to 

distributed data patterns, the federated approach can achieve higher accuracy by learning from different non-IID data in 

different clusters. This allows the model to learn more behaviors and better identify subtle anomalies for increased detection 

accuracy. 

 

4.2.2. Incident Response Efficiency 
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The FL-based system significantly improves the efficiency of incident responses. Centralized architectures can also suffer 

from delays because of data transfer bottlenecks and decision-making processes that are made centrally. The FL-DevOps 

framework, on the other hand, allows faster local detection and response, with each cluster detecting anomalies and adding to a 

globally optimized model. This will decrease mean time to detection (MTTD) and mean time to recovery (MTTR) of systems, 

thus increasing the overall responsiveness. 

 

4.2.3. System Downtime Reduction 

However, the proposed approach has the potential to improve the reduction in system downtime because it can anticipate 

and proactively reduce failures. The FL model can continuously learn from distributed environments, and predict failures in the 

system and take actions to prevent the failure. Systems that are centralized and require aggregated historical data are not as 

successful in a dynamic environment and result in increased downtime. 

 

4.2.4. Scalability Efficiency 

The FL-DevOps framework makes the computation and training of the model more scalable, since they are spread across 

multiple nodes. The federated approach scales naturally with the adding of new clusters, unlike the centralized system, where 

data volume causes bottlenecks. The decentralized architecture guarantees uniform performance and can be deployed widely. 

 

4.2.5. Data Privacy Compliance 

In the proposed system, the data privacy compliance is significantly improved because the operational data are not leaving 

the local clusters. Only Model updates are shared with the aggregator, thus complying with privacy standards and minimizing 

exposure risks. The federated approach is better suited to today's privacy requirements, as centralized AIOps systems are more 

susceptible to privacy risks due to the need for data consolidation. 

 

4.3. Discussion 

The experiment results clearly demonstrate the benefits of incorporating FL into DevOps automation, especially in the 

context of operational intelligence in a distributed environment. Among the major enhancements is seen in the area of 

scalability and privacy compliance for data. The proposed decentralized design restricts the amount of raw operational data 

sent between nodes, as opposed to centralized AIOps, where all operational data needs to be aggregated and sent continuously. 

This not only minimizes data transfer overhead, but also enhances privacy assurances, making the system more appropriate for 

compliance-based and enterprise-level deployments. Another significant improvement is the accuracy of anomaly detection. 

The federated approach allows for learning from multiple clusters which are heterogeneous in their workload patterns, 

infrastructure configurations, and user usage. This training diversity greatly improves the model's generalization capabilities. 

This makes the system more adept at recognizing slight and more nuanced anomalies which may not be apparent in a 

centralized learning environment, where data is also limited or skewed toward a specific environment. Distributed systems, 

however, have some issues, such as communication overhead for the model's synchronization. Regular updates of the model 

from the local nodes to the central aggregation server can result in high network consumption and latency, particularly when 

used in a large-scale deployment with numerous clusters involved. Even with this constraint, optimization methods like model 

compression, gradient quantization, and asynchronous update strategies can be employed to minimize the amount and rate of 

data sent which does not substantially impact the model's performance. Moreover, the system is robust in the non-IID setting, 

where the distributions of the data are quite different across clusters. It is a key benefit in real-world multi-cloud and hybrid-

cloud environments where workloads are by nature heterogeneous and dynamic. The federated model's adaptability to this 

variability guarantees performance and reliability for different operational situations. In general, it is concluded that the 

proposed FL-based DevOps framework can therefore be considered as a scalable, privacy-preserving and adaptive approach 

for contemporary intelligent IT operations, even with the slight compromises in communication efficiency. 

 

5. Conclusion 
This paper introduced a federated learning-based approach for distributed DevOps automation in today's platform 

engineering architectures. One of the key goals behind this work was to address some of the drawbacks of the traditional 

centralized AIOps systems that are often plagued by scalability issues, data privacy concerns, and a lack of adaptability in 

highly distributed computing environments. In the evolving cloud-native systems that move towards microservices, multi-

cloud deployments, and edge computing, decentralized and intelligent operational frameworks have taken on more and more 

importance. 

 

The suggested platform combines Federated Learning with important DevOps concepts like CI/CD pipelines, Kubernetes 

clusters, and observability tools, fostering a cohesive and self-learning operational ecosystem. Process local operational data 

such as logs, metrics, etc., independently and add to a common global operational model, but do not share raw sensitive data. 

This design secures high level of privacy protection whilst allowing collaborative learning across different settings. Moreover, 

FedAvg-based aggregation enables efficient computation of updates from multiple nodes to create a globally optimized model, 

even when fed with non-IID and different data distributions are present in real-world DevOps systems. 
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The experimental evaluation shows that the proposed framework improves the performance of the system significantly in 

various aspects such as anomaly detection accuracy, efficiency of incident response, scalability, and reliability of the system. 

These enhancements prove that decentralized learning is capable of beating centralized AIOps approaches in dynamic, large-

scale infrastructure. Moreover, the system is robust and adapts well to the workload variation and failure injection tests, further 

supporting its robustness in real deployments. Even with these benefits, the study highlights a number of obstacles, such as 

communications overhead caused by the regular exchange of model states across the distributed nodes and aggregator. These, 

however, are not intrinsic limitations and can be reduced with state-of-the-art optimization methods, including model 

compression, gradient sparsification and asynchronous communication protocols. 

 

This will be expanded through further research, which will include the use of reinforcement learning algorithms to enable 

autonomous self-healing infrastructure that can proactively remediate without human intervention. Further, advanced 

compression and optimization techniques will be used to enhance the efficiency of communication, minimizing 

synchronization expenses. A second intriguing idea is to include blockchain-based solutions to provide secure, transparent and 

tamper-resistant model aggregation in multi-organization or consortium-based DevOps. In summary, this research has laid the 

groundwork of federated learning as a key paradigm for future smart DevOps systems. The proposed solution seamlessly 

integrates privacy-preserving distributed learning with platform engineering principles, creating a scalable, adaptive, and 

secure solution that is well-suited for modern IT operations and the needs of enterprise cloud-native infrastructures. 
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