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HIABUIIEHHA ECEKTUBHOCTI DEVOPS 3A PAXYHOK BUKOPUCTAHHSA
HITYYHOI'O IHTEJIEKTY TA MAILIMHHOI'O HABUYAHHA

V' emammi oocniooceno niosuwenns egexmusnocmi DevOps-npoyecie winaxom inmezpayii mexumonoeit
WMy4Ho20 [Hmenekmy ma MAawuHHO20 Hasyanus. Poszensanymo ocnoeni uxauku, 3 AKUMU CMUKAIOMbCA MPaouyiiHi
DevOps-nioxoodu, sxnouaiouu obmedicenicms monimopuney, ckiaouicme ynpagiinus CI/CD-npoyecamu, 3naunuil obcsie
J102i8 ma IHYuoeHmie, a maxKodic HeepekmugHe MacumabysanHs pecypcie y xmapnux cepedosuwjax. Axyenmosarno ysazy
HA 8AJNCIUBOCTI GNPOBAONCEHHS [HMENEKMYIbHUX Memooié aHANi3y J02i8, NPOSHO3YEaHHs 300i6, asmomamu3zayii
PO320PMAHHS NPOSPAMHO20 3a0e3NeUeH s ma ONMUMI3ayii OanraHcy8ants HABAHMANCEHHS.

Ocobaugy yeazy npuoineHo 8UKOPUCIAHHIO A2OPUMMIE 2IUOUHHO20 HABYAHHS, 0OPOOKU NPUPOOHOI MOGU ma
NPOCHO3YBAHHA H4ACOBUX PAOI6 Ol NOKPAWEHHS SUAGIEHHA AHOMANIN i 3a0e3neyenHs Oinbul MOUYHOLO NPOSHO3Y8AHHS
Hasanmasicenus. Okpemo posenanymo mexanizmu onmumizayii npoyecie CI/CD 3a donomozoro reinforcement learning,
Wo 00360114€ ABMOMAMUYHO AOANMYBAMYU HALAWMYBAHHA NAUNIAUHIE BION0GIOHO 00 3MIHHUX YMO8 pobOmU.
Bukopucmanmnsa memoois kiacmepusayii ma po3nisHa6anHa NAMeEPHI8 Y KOOI 00380JAE GUABNAMU NOMEHYILIHI NOMUTKU e
00 emany mecmy6amHs, WO CYMMEBO 3HUICYE PUUKU 30010 Npu po320pmanHi HOBUX eepciu. Bnposadicenns
IHMENEKMYAIbHUX CUCEM MOHIMOPUHZY OAE€ MONCIUGICINb ONEPAMUBHO GUAGTAMU GIOXUNEHHS 610 HOPMATbHOL pobomu,
WO CpUsE NPOAKMUBHOMY YCYHEHHIO NPOONeM i MIHIMI3YE NI00CbKe 6MPYYAHHS Y KDUMUYHI MOMEHMU.

YV 0ocnioocenni maxoow posenanymo nepcnekmueu noOAILULO20 PO3BUNIKY, EKIIOUAIOYU PO3POOKY IHMeSPOBANUX
nrameopm, wo noedHytoms pizni LLII-modeni st MOHIMOPUH2Y, YAPAGIIHHS pecypcamu ma aemoMamu3ayii po32opmanHsi.
Jooamkoso npoananizosano sacmocyeanns eenepamusnux moodeneti LI ons asmomamuszayii kooyeanms, 30Kpema
CMBOpeHts ONMUMI308AHUX MeCMOBUX CYeHapiie i agmoMamuyHo20 6UnpagieHHs NomMuiok y kooi. Okpemy yeazy
npuoineno modcaugocmi cmeopenus agmoromuux DevOps-azenmis, AKi MOJCYMb CAMOCMILINO YAPAGIAMU JICUNMEGUM
YUKTIOM NPOZPAMHO20 3a6e3neyenHs, BUKOHY8amu aHAi3 ehpeKmueHOCmi po320pmaHs ma npUtMamu pilienis npo gioxam
3MiH a0 nodanvuLy onmumiszayiio pecypcis.

Kniouoei cnosa: DevOps, wimyunuii inmenexm, Mauiunie HAGUAHMHS, A6MOMAMU3AYIsL, MOHIMOPUH2, YNPABTIHHS
pecypcamu.
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INCREASING THE EFFICIENCY OF DEVOPS THROUGH THE USE OF ARTIFICIAL
INTELLIGENCE AND MACHINE LEARNING

The article investigates the efficiency of DevOps processes by integrating artificial intelligence and machine learning
technologies. Traditional DevOps approaches face limited monitoring, the complexity of managing CI/CD processes, a significant amount
of logs and incidents, and inefficient scaling of resources in cloud environments. Attention is focused on implementing intelligent methods
for analyzing logs, predicting failures, automating software deployment, and optimising load balancing.

Particular attention is paid to deep learning, natural language processing, and time series forecasting algorithms to improve
anomaly detection and provide more accurate load forecasting. Mechanisms for optimising CI/CD processes using reinforcement learning,
which allows for automatically adapting pipeline settings to changing operating conditions, are also discussed. Using clustering and
pattern recognition methods in the code allows the detection of potential errors even before the testing stage, significantly reducing the
risk of failure when deploying new versions. The introduction of intelligent monitoring systems allows for the prompt detection of
deviations from normal operation, which facilitates proactive problem solving and minimises human intervention at critical moments.

The study also considers prospects for further development, including developing integrated platforms that combine different Al
models for monitoring, resource management, and deployment automation. In addition, the article analyses the generative Al models
application for coding automation, including the creation of optimized test scenarios and automatic correction of errors in the code.
Particular attention is paid to the creating possibility autonomous DevOps agents that can independently manage the software life cycle,
analyse the effectiveness of deployments, and make decisions on rolling back changes or further optimising resources.
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Problem statement

Modern software development methodologies require a high level of automation, rapid integration of
changes, and effective process management. DevOps is an approach that aims to optimise the software
development life cycle by automating and integrating the development and operations processes. However,
with the growing complexity of IT infrastructure, the software deployments number is increasing significantly,
which poses significant challenges to traditional DevOps practices. For example, in large organisations,
releases can occur dozens of times daily, making monitoring, testing, and managing potential incidents
difficult. In addition, ensuring the continuous operation of services requires high accuracy in predicting
possible failures, automating troubleshooting, and optimising resource utilisation. Traditional DevOps
approaches face several challenges that make managing the software lifecycle difficult. One of the main
problems is the large volume of logs and incidents. DevOps systems generate data vast amounts, including
logs, metrics, and security events, which makes it difficult to analyse them manually. Identifying anomalies,
determining the causes of failures, and finding correlations in this information flow become time-consuming
tasks. Another critical aspect is the low predictability of failures and incidents. Despite modern monitoring
systems, most failures are detected only after they occur, which can lead to extended downtime and significant
financial losses.

Optimising CI/CD processes also remains a challenge. Traditional approaches to configuring
pipelines are based on static rules that do not consider the variability of operating conditions. This leads to
inefficient deployment processes, increasing time and resource costs. An equally important challenge is
inefficient resource management. Dynamic load scaling and balancing are often performed manually or
according to predefined parameters, which does not allow for a quick response to changes in load. As a result,
resources may be overused or, conversely, service performance may decline. In this regard, there is a need to
implement intelligent systems that can analyse large amounts of data, automate decision-making, and increase
the DevOps efficiency. Artificial intelligence and machine learning technologies can be crucial factors in
solving these problems.

Analysis of research and publications

Recent studies [1-5] in the field of DevOps show that the introduction of artificial intelligence (Al)
and machine learning (ML) technologies can significantly improve the efficiency of DevOps processes. The
development of automated systems for detecting anomalies, predicting possible failures, optimising CI/CD
pipelines, and managing resources opens up new opportunities to improve the stability and performance of IT
infrastructure [6]. Research confirms that implementing machine learning algorithms in DevOps helps improve
process efficiency. Automatic log analysis and identifying root causes of failures significantly reduce the
average recovery time [7]. In addition, adaptive testing and early detection of errors at the integration stage
allow for optimising deployment processes, which minimises the risk of failures in the production environment

[8].

A study [9] indicates that integrating Al into DevOps enhances resource allocation efficiency,
maintains application stability, and minimizes downtime. In particular, Al models can automatically scale the
infrastructure according to real-time needs and fix errors independently. Article [10] discusses the challenges
of integrating machine learning models into production environments. Particular attention is paid to the issues
of monitoring model performance, managing model deviations, and the need to retrain models. The article
emphasises the importance of implementing scalable DevOps pipelines to ensure continuous monitoring and
effective management of ML model performance.

Article [11] discusses the problems of scaling DevOps practices to support distributed machine
learning in large organisations. The study focuses on challenges such as data management, model training
efficiency, infrastructure orchestration, and team collaboration. The authors propose solutions, including
containerisation, orchestration tools, automated testing, and CI/CD pipelines to optimise large-scale ML
operations. Article [12] examines how DevOps has evolved into MLOps, with a particular focus on using
MLOps for predicting electricity prices a day in advance. The authors explore how DevOps practices can be
tailored for ML systems, enabling seamless integration and continuous delivery in machine learning
workflows.

Another important aspect is the use of NLP-based computational techniques to automate incident
analysis [13]. The research demonstrates that incorporating NLP models into DevOps processes enables
quicker categorization and handling of technical support requests, thereby minimizing response time to critical
incidents. Modern developments also include generative Al models to automate code writing and test creation
[14, 15].

Thus, modern research confirms that using artificial intelligence technologies in DevOps can
significantly improve the efficiency of development and operation processes. However, further research and
experimentation are needed to achieve maximum benefit.

Formulating the objectives of the article

The aim of the work is to: explore the potential of artificial intelligence and machine learning
technologies to enhance the effectiveness of DevOps processes. The study seeks to evaluate the practicality
and impact of these technologies in real DevOps settings and identify methods for incorporating Al solutions
into contemporary software development and operational management tools.
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Summary of the main material
Studies [16-18] show that traditional DevOps approaches have some limitations, including reactive
monitoring, manual configuration of CI/CD processes, and static resource management methods.
Simultaneously, the application of artificial intelligence and machine learning can greatly enhance DevOps
efficiency by automating log analysis, streamlining pipelines, and proactively addressing incidents. To better
understand the benefits of DevOps process intelligence, Table 1 compares traditional DevOps and DevOps
with Al

Table 1
Comparison of traditional DevOps and DevOps with Al
Parameter Traditional DevOps DevOps with the use of Al
Monitoring Reactive, analysis after incidents Proactive, failure prediction
Cl/CD Fixed rules, no adaptation Automatic optimisation of pipelines
Resource management Static settings, manual scaling ]E)ynamlc management - based - on
orecasts
Analysing logs Manually or by fixed rules Automatic anomaly detection

Automation of monitoring and anomaly detection. One of the key areas of Al application in DevOps
is automated monitoring. By applying machine learning models to analyze logs, it becomes possible to identify
unusual events and potential failures ahead of time. Traditional approaches to monitoring are often based on
setting strict thresholds and fixed rules, which can lead to many false positives or, conversely, miss essential
incidents. Machine learning enables the development of adaptive monitoring systems [19] that can learn from
past data and adapt to evolving operational conditions. Various machine learning algorithms are applied
depending on the type of data and the monitoring objectives (Fig. 1).

Anomaly detection algorithms

Machine Time series forecasting methods
learning
algorithms Deep neural networks

NLP models

Figure 1. Machine learning algorithms

Anomaly detection algorithms (Isolation Forest, One-Class SVM, Autoencoders) are used to analyze
logs and detect unusual patterns in system behavior. They help identify potential problems before they lead to
failure. Time series forecasting methods (LSTM, Prophet, ARIMA) are used to analyse historical performance
metrics and predict possible deviations, such as server overload or load spikes. Deep neural networks are used
to classify logs and automatically determine their criticality, significantly reducing technical support operators'
workload. NLP models (Natural Language Processing) are used to automatically analyse text messages about
incidents, identify key themes and generate recommendations for troubleshooting.

Implementing artificial intelligence to monitor DevOps processes offers a number of important
benefits. Firstly, it reduces the average time to detect incidents due to continuous analysis of logs and streaming
data, which allows you to quickly identify potential problems and shortens response times. There is also a
reduction in false positives as intelligent models analyse events in context, preventing excessive alarm
generation. Automating incident classification with natural language processing algorithms enables the
grouping of related events and the identification of potential issue causes, making the work of DevOps
engineers much easier. In addition, the system provides proactive troubleshooting. Using predictive models, it
not only identifies potential problems, but also suggests ways to fix them or even performs automatic corrective
actions.

Actual cases of artificial intelligence implementation demonstrate its effectiveness in monitoring and
ensuring the reliability of services. In its Site Reliability Engineering concept, Google actively uses machine
learning algorithms to analyse logs and automate monitoring, significantly reducing the response time to
problems [20]. Netflix uses Al to analyse performance metrics and predict possible failures in its distributed
infrastructure, which helps to prevent incidents and increase service stability [21]. Amazon offers the AWS
DevOps Guru service, which analyses logs and detects anomalies in the operation of cloud infrastructures,
allowing it to quickly eliminate potential problems and increase the efficiency of DevOps processes [22].
Therefore, automating monitoring using artificial intelligence creates new opportunities to enhance the stability
of DevOps systems, boost engineers' efficiency, and reduce the likelihood of failures in critical services.
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Optimisation of CI/CD processes. The automation and optimization of CI/CD (Continuous
Integration/Continuous Deployment) play a crucial role in enhancing the efficiency of DevOps processes.
Leveraging artificial intelligence and machine learning technologies can greatly improve the functionality of
deployment pipelines, minimize failure risks, and accelerate the release of updates to production. Conventional
CI/CD systems typically function based on preset rules, which can be inefficient in complex and fluctuating
environments. By integrating intelligent systems, pipeline settings can be dynamically adjusted based on the
current workload, code quality, and infrastructure performance.

The primary focus of CI/CD optimization with artificial intelligence includes several crucial aspects
designed to enhance the efficiency and automation of software development and deployment workflows (Fig.
2). Al enables the adjustment of CI/CD pipelines to evolving conditions, smartly tests code to detect potential
issues, and enhances the deployment process to ensure both speed and reliability. Reinforcement learning
algorithms are used to dynamically adjust pipelines, automatically modifying test parameters and selecting the
most optimal configurations. By examining past pipeline execution data, we can forecast potential failures and
make necessary modifications to the deployment process. Furthermore, artificial intelligence enables automatic
resource allocation based on load levels and the number of active deployments, enhancing overall process
efficiency. Smart code testing is a crucial aspect of CI/CD optimization through the use of artificial intelligence.
Machine learning algorithms enable the evaluation of code quality and the prediction of potential defects by
examining past changes. Al also assists in automatically pinpointing the most crucial tests, thereby reducing
test execution time while maintaining effectiveness.

Intelligent code
testing

The main areas of
CI/CD optimization
using Al

Dynamic
adaptation of
conveyors

Optimising the
deployment
process

Fig. 2. Main directions of CI/CD optimisation with the help of Al

By forecasting the likelihood of test failure, test scenarios can be pre-optimized to enhance reliability.
Optimising the deployment process with Al involves several important approaches. Deep learning is employed
to assess release risks and suggest the best timing and approach for implementation. Based on statistical data
on system stability and user activity, Al automatically determines the best time for a release. Furthermore,
forecasting the chances of a rollback helps mitigate risks during the deployment of new software versions.

The use of artificial intelligence in CI/CD offers considerable advantages for developers in practice.
Tools such as GitHub Copilot [23] and Tabnine [24] use machine learning algorithms to analyse code and
provide recommendations for improvement at the writing stage. Jenkins Al Plugins [25] offer the ability to
analyse test logs, predict errors, and optimise task execution, increasing the efficiency and stability of
processes.

Introducing artificial intelligence into CI/CD processes significantly increases the efficiency of
DevOps, allowing for automatic adaptation of pipelines, minimising the risk of failures, and optimising
resource utilisation. Future studies could focus on enhancing Al optimization capabilities and incorporating
self-learning models into cloud-based CI/CD platforms.

Load forecasting and resource management. Efficient resource management is critical for the
stability and performance of modern DevOps processes. With the dynamic load on servers and cloud
infrastructures, it is necessary not only to respond to changes but also to anticipate them to adapt resources in
advance.

Artificial intelligence and machine learning enable the development of self-adapting resource
management systems that can forecast workloads, identify optimal infrastructure setups, and autonomously
scale resources.

Load forecasting methods play a key role in ensuring the stability and efficiency of systems. In
particular, they allow for predicting load changes based on historical data, analysing user requests, and
optimising resource allocation. Contemporary methods make extensive use of time-series forecasting, query
clustering, deep neural networks, and reinforcement learning algorithms (Fig. 3), offering precise predictions
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and adaptive resource management in ever-changing environments.

Time series Deep neural
forecasting networks
Methods of load
forecasting
Clustering of Reinforcement
query Learning

Fig. 3. Methods of load forecasting

Machine learning algorithms are used in load forecasting techniques to analyze data and anticipate
fluctuations in system performance. Time series forecastings, such as LSTM, ARIMA, or Prophet, allow you
to analyse historical data and identify trends and seasonality, which helps to predict load peaks. Query
clustering using K-Means or DBSCAN algorithms helps to group similar queries, identify user behavioral
patterns, and predict load increases. Deep neural networks analyse complex multi-factor relationships between
CPU, RAM, 1/0, and network activity to predict potential system overloads.

Reinforcement Learning algorithms enable real-time adaptive resource management, allowing the
system to autonomously make optimal scaling choices to maintain stable performance. Load forecasts allow
you to implement effective mechanisms for optimising system performance. Autoscaling automatically adjusts
computing resources based on forecasted load. In cloud platforms like AWS Auto Scaling or Google
Kubernetes Engine, this enables the dynamic addition or removal of virtual machines or containers.

Load balancing is enhanced through smart traffic distribution algorithms that route requests to the
servers with the lowest load, minimizing the chance of overburdening specific nodes. Automatic resource
allocation allows for forecasting peak load periods and proactively reserving extra resources, ensuring that
system performance remains stable. Energy savings are achieved by temporarily shutting down unused servers
or reducing their performance during low-load periods, which can significantly reduce cloud computing costs.

Practical applications in DevOps include using machine learning to optimise infrastructure and
resources. Netflix uses these technologies to predict peak loads and automatically scale to serve millions of
users simultaneously [26]. Google Cloud Al analyses real-time performance metrics, predicts possible server
overloads, and allocates resources in advance [27]. Microsoft Azure AutoML uses machine learning algorithms
to automatically manage cloud resources based on historical data and user behavioral models [28].

The research results indicate that integrating artificial intelligence into DevOps processes leads to a
considerable improvement in infrastructure management, automation of monitoring, and optimization of
software deployment. Al speeds up CI/CD processes, improves service stability, and significantly reduces
operating costs through intelligent resource management. Table 2 shows the main areas of Al applications in
DevOps and the corresponding improvements they provide.

Table 2
Potential benefits of implementing Al in DevOps

Field of application Improvements Potential benefits
Monitoring Automatic anomaly detection Reduced incident response time
CIl/CD management Optimise deployment processes Reduced time to test and release

. . . Optimisation of infrastructure

Load balancing Intelligent resource scaling costs
Failure prediction fl?;rf;gtn problems  before  they Increased service stability

Conclusions from this study
and prospects for further research in this area
Incorporating artificial intelligence and machine learning into DevOps creates new possibilities for
enhancing software development, testing, deployment, and operations. Integrating intelligent algorithms allows
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not only automating key processes but also increasing system efficiency by predicting possible problems and
proactively managing resources.

The findings of the study indicate that incorporating artificial intelligence into DevOps greatly
enhances automation of monitoring, optimization of CI/CD processes, and resource management. Machine
learning-based automated monitoring and anomaly detection can enhance system control quality, decrease false
positives, and accelerate incident response. Self-learning systems adapt to changes in service behavior,
providing flexible and accurate infrastructure management. Optimization of CI/CD processes with the help of
intelligent algorithms reduces the time for deployment and testing of releases. Dynamic pipeline adjustments
and automatic selection of test scenarios help minimize errors. Reinforcement learning techniques enable the
system to enhance update releases by learning from past experiences. Load forecasting and intelligent resource
management ensure accurate scaling of the server infrastructure per current needs. This helps to avoid
overloads, optimize cloud computing costs, and provide an even distribution of requests to improve service
performance.

Prospects for further research in the field of artificial intelligence application in DevOps cover several
key areas. The creation of Al-powered integrated platforms seeks to develop all-in-one solutions that
incorporate machine learning for monitoring, predicting failures, automating CI/CD processes, and optimizing
resource management. The expanded use of generative Al opens up opportunities for automating scripting,
code optimization, and DevOps infrastructure management with technologies like ChatGPT and Copilot.
Combining traditional DevOps approaches with Al-driven SRE (Site Reliability Engineering) will allow the
integration of SRE methodologies with intelligent algorithms to improve service availability, reliability, and
resilience. The advancement of autonomous DevOps agents can enable the creation of self-learning systems
that can independently handle the development, testing, deployment, and monitoring processes without the
need for direct human involvement.

Particular attention should be paid to the ethical and security aspects of using Al in DevOps. Exploring
the potential risks associated with automated solutions, cybersecurity threats, and the need to ensure
transparency and control over algorithmic decisions is crucial.
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