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Abstract: The process of optimising 

software delivery pipelines to be used in 

AI-driven applications focuses on 

increasing automation, scalability, and 

reliability when it comes to the deployment 

of machine learning models. The use of AI 

applications requires sophisticated 

workflows like continuous integration, 

model retraining, validation, and testing, 

which cannot be comprehensively 

addressed by traditional DevOps pipelines. 

In this paper, the researcher revealed the 

benefits of optimising software delivery 

pipelines using AI-focused DevOps 

practices and integrating MLOps to scale, 

automate, and promote collaboration. 

This paper examines the existing 

drawbacks of DevOps, outlines the main 

issues in AI application implementation 

and considers effective implementations 

by Vodafone, Tesco and Rolls-Royce. 

Based on case studies and secondary data, 

it suggests a tailored DevOps-MLOps 

framework, which enables continuous 

training feedback loops and responsible 

AI. The goal of the research is to minimise 

the time required to deploy models, 

increase model accuracy, and scale and 

reliability of AI systems in real-world 

organisations. 

Index terms: artificial intelligence-

powered applications, DevOps, MLOps, 

continuous integration, software delivery 

pipeline, automation, scalability, model 

retraining, pipeline optimisation, CI/CD. 

I. INTRODUCTION 
A. Background to the Study 
Artificial intelligence (AI) is now a pillar of 

innovation in most sectors, such as 

healthcare, finance, e-commerce, and 

manufacturing. However, an AI application 

meant to work successfully involves 

complicated processes of continuous 

integration, training, validation, testing, and 

deployment of models. Conventional 

software delivery pipelines cannot handle 

iterative and data-driven AI models [1]. 

Having automation and continuous delivery 

as a core principle, DevOps as a model 

appears to be an exciting opportunity to 

manage the lifecycle of AI-based 

applications effectively. 

B. Overview 
The current paper discusses the 

customisation and application of the 

DevOps principles to optimise the delivery 

pipeline of the AI-driven applications. In 

contrast to traditional software, AI 

applications are characterised by frequent 

updates in data model metrics and 

retraining cycles. With machine learning 

operations (MLOps) as part of the  DevOps 

lifecycle, organisations will be able to 

automate the model building, testing, and 

deployment, resulting in accelerated and 

more dependable AI product delivery [2]. 

The study focuses on pipeline automation 

tooling and best practices as well as ways to 

align the DevOps culture with the AI-

specific requirements to achieve 

productivity, scalability, and performance 

in real-life applications. 

C. Problem Statement 
Fragmented workflow, manual testing, 

inadequate version control of datasets and 

models, and lack of integration between 

data scientists and operations teams are 

some of the issues that cause blockages in 

the delivery of AI-driven applications by 

many organisations [3]. The problem with 

traditional DevOps pipelines is that they do 

not necessarily consider the peculiarities of 
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managing AI models. The result of this 

inefficiency is prolonged deployment 

times, high costs, and unreliable outputs. It 

is urgent to modify the DevOps frameworks 

to fit AI workloads to guarantee continuous 

delivery, quicker iteration, and full-time 

performance of the AI systems. 

D. Objectives 
The primary objectives of this study are: 1. 

To analyse the key difference between 

traditional DevOps pipelines and those 

required for AI-driven applications. 2. To 

identify and implement tools and practices 

that support continuous integration and 

deployment of machine learning models. 3. 

To evaluate the effectiveness of pipeline 

automation in reducing deployment time 

and operational cost for AI systems. 4. To 

propose a framework that aligns the 

DevOps culture with the AI development 

workflow for enhanced cross-functional 

collaboration. The study aims to optimise 

software delivery pipelines for AI-driven 

applications by integrating DevOps 

principles for improved automation, 

scalability and reliability.  

E. Scope and Significance 
The scope of this project is restricted to the 

phases of development, testing, and 

deployment of AI-driven applications in the 

environment with DevOps approaches [4]. 

It is concerned with implementation 

strategies in practice with CI/CD tools, 

MLOps platforms, and container 

orchestration. The significance allows 

organisations to solve the problem of 

delivery delays, minimise risk when 

updating models, and accelerate the time-

to-market of AI solutions. The study is part 

of the increasing overlap between DevOps 

and AI, and it provides a guide to efficient, 

scalable, and cooperative development 

procedures. 

II. LITERATURE REVIEW 
A. Evolving roles of DevOps in modern 

software delivery  

 
Figure 1: Evolving roles of DevOps in 

modern software 

[5] 

The above figure demonstrates the loop of 

the DevOps cycle that is changing and 

incorporates both development and 

operations. This emphasises the steps 

through version control, build, testing and 

release to the wider world. DevOps allows 

the creation of feedback loops that are 

continuous in nature, where bugs are 

reported to the developers immediately, 

leading to accelerated bug fixing and 

overall smoother delivery of software at 

greater agility and reliability [5]. DevOps 

has been a tremendous contribution to the 

software development sector in fostering 

automation and continuous 

integration/continuous delivery (CI/CD) 

and better alignment of collaboration 

between development and operations 

teams. Nevertheless, conventional DevOps 

pipelines were built around deterministic 

software systems, which have linear code 

changes and testable changes. AI 

applications are non-deterministic because 

of the variation and probabilistic outputs of 

models. Although DevOps offers high 

fidelity foundation, literature indicates that 

it does not offer enough adaptability to 

facilitate iterative model retraining, model 

monitoring, as well as data validation [6]. 

In that way, this theme sets the boundaries 

of the conventional DevOps and grounds 

the necessity of the additional optimisation 

of the processes according to the AI 

workflow. 
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B. Challenges in Delivering AI-Driven 

Applications  

 
Figure 2: Challenges in Delivering AI-

Driven Applications 

[7] 

The above figure reveals the major issues of 

establishing AI-based applications, which 

are misinformation, hallucination, 

profanity, and bias. It also covers such 

critical risks as intellectual property 

violation, privacy risks, manipulation, 

impersonation, and unintended 

consequences. These problems imply the 

importance of ethical standards, extensive 

testing, and governmental regulation as 

ways to make sure that AIs are deployed 

responsibly [7]. The AI systems pose 

several technical and organisational issues 

that interrupt the conventional DevOps 

operations. Whether it is data governance 

concerns or model drift, versioning and 

traceability challenges, these complexities 

are obstacles to automation and 

duplicability. In the literature, the tension 

between data scientists (experimentation) 

and DevOps teams (stability) is pointed out. 

Such a mismatch causes ineffective 

handoffs, slow deployment, and awful 

scalability. As numerous businesses strive 

to retrofit DevOps processes to AI 

pipelines, the majority of them are unable 

to accommodate the dynamic quality of 

model training and real-time data 

requirements. This theme plays an 

important role in revealing the loopholes in 

current delivery pipelines in directly 

contributing to the goal of revealing 

obstacles to effective integration and 

deployment [8]. 

C. Integration of MLOps with DevOps 

pipeline 
MLOps as a specialised extension of 

DevOps addresses the AI-specific 

requirements, such as continuous training 

(CT), model version, and performance 

monitoring. According to the author, 

MLOps tools lead to better reproducibility, 

automated retraining and transparency of 

the pipeline. Nevertheless, there are still 

difficulties in making MLOps a full part of 

the legacy DevOps systems, specifically in 

the field of data validation, providing 

infrastructure to train the model in real 

time, and feedback loops [9]. In addition, 

cultural reluctance and a capabilities gap 

restrict the smooth implementation of 

MLOps throughout the cross-functional 

teams. This theme aligns with the research 

goal of applying effective tools and 

practices through critically examining the 

merits as well as shortcomings of the 

existing solutions [10]. 

D. Framework and Best Practices for 

pipeline optimisation 
A number of frameworks and case studies 

exist which can provide insight into the 

optimisation of software pipelines in AI 

applications [11]. These are modular 

pipelines, containers and orchestration (e.g. 

Docker, Kubernetes) and end-to-end 

automation approaches. Nonetheless, 

several of the suggested models are not very 

adaptable to varying contexts of the 

industry. Scalability is always mentioned, 

and not many solutions take into 

consideration the necessity of continuous 

improvement and a feedback loop or ethical 

considerations concerning AI 

implementation. On top of that, best 

practices are not only well-documented, but 

their practical application is hampered by 

organisational silos and a lack of 

consistency in toolchains [12]. It is 

immediately informed in this theme the 

purpose of suggesting a framework to align 

DevOps with AI processes and the 

necessity of a comprehensive, customisable 

approach. 
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III. METHODOLOGY 
A. Research Design 
In this paper, the explanatory research 

design is selected to explore the potential of 

the DevOps principles to streamline the 

software delivery pipelines in AI-driven 

applications [22]. The explanatory design is 

appropriate in determining cause-and-

effect relationships, which will enable the 

researcher to investigate how particular 

DevOps practices affect the efficiency, 

scalability, and automation of AI 

application delivery. It helps to discover the 

mechanisms behind it through the analysis 

of how tools, workflows, and team 

dynamics integrate. With its process and 

outcome-orienteers, the design offers a 

systematic guideline to assess pipeline 

optimisation schemes and accompanying 

practical implications in the real world. 

B. Data Collection 
Secondary data is used in this research to 

ensure a comprehensive analysis by 

combining the quantitative breadth of 

industry reports, performance metrics and 

case study statistics. The qualitative depth 

of expert analysis, white papers and 

scholarly reviews. Qualitative data helps to 

improve delivery speed, error rates and 

resource efficiency while quantitative data 

offers a detailed perspective of challenges, 

best practices and cultural shifts in DevOps 

and AI teams. This dual approach allows 

for triangulation, increasing the reliability 

and depth of findings related to pipeline 

optimisation.  

C. Case Studies/Examples 
Case Study 1: CFO lead DevOps and 

digital transformation at Vodafone 

In 2021, Vodafone underwent a 

transformation led by its CFO, which put 

digital innovations at the core of finance 

and operations. A leading advocate of the 

introduction of shared‑service platforms 

and the consolidation of tech functions in 

Europe, she made sure that the end‑to‑end 

DevOps pipelines were streamlined [13]. 

This effort brought centralisation of 

engineering tools: version control, CI/CD, 

and documentation, which had a dramatic 

effect on automation, traceability, and 

efficiency of deployment. 

Case Study 2: Tesco AI-driven supply 

chain pipelines 

In 2017, Tesco entered the sphere of AI-

focused customer analytics, using big-data 

warehousing and predictive machine-

learning models to comprehend real-time 

shopping behaviour. The analyses of 

Clubcard and e-commerce data helped 

Tesco to create personalised offers and 

refined product ranges that millennials 

expect to see relevant suggestions [14]. By 

embedding these machine learning services 

into its Omnichannel DevOps pipeline, 

Tesco to deploy updates in a good way.  

Case Study 3: Rolls-Royce predictive 

maintenance via Digital twins 

In late 2019 Rolls Rolls-Royce announced 

a partnership with IFS to make an 

automated data pipeline as part of its 

important program. Rolls-Royce streaming 

real-time engine performance data directly 

off in-service aircraft made it possible to 

use digital twins to drive predictive 

maintenance protocols [15]. The 

automation of this pipeline enhanced data 

quality and speed of ingestion and enabled 

AI model deployment on Trent engines, 

which is characteristic of running high-

volume, real-time AI workloads 

D. Evaluation Metrics 
The evaluation metrics used to evaluate and 

optimise software delivery pipelines in AI-

driven applications are interested in 

operational efficiency as well as AI model 

performance. The main measures are the 

frequency of deployments, change lead 

time, mean time to recovery (MTTR), or 

change failure rate [16]. Accuracy of the 

model, data drift detection rates, and 

training time are paramount when it comes 

to AI-specific evaluation. A combination of 

these metrics determines the reliability, 

speed, and flexibility of the pipeline and 

allows organisations to gauge the success of 

the DevOps incorporation and the 

maintenance of continuous delivery of 

quality AI-based solutions. 
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IV. RESULTS 
A. Data Presentation 

 
Figure 3: DevOps Adoption Across 

Different-Sized Companies 

[17] 

This statistic shows the different rates of 

DevOps implementation depending on the 

size of companies. Of large companies 

(1000+ employees), 29 per cent are in the 

striding category, 25 per cent are mostly 

automated, and just 12 per cent are fully 

enabled DevOps. The engagement is higher 

in medium enterprises (501- 1000 

employees), where 36 per cent are striding 

and 30 per cent are mostly automated. 

Small businesses/startups (1- 100 

employees), in turn, have a high percentage 

of aspiring adopters (34%), yet only 12% 

have fully automated DevOps, which likely 

slows down the process of the transition on 

the account of the lack of resources [17]. 

This implies that the larger the companies 

grow, the higher their DevOps maturity 

level is, which is essential in AI application 

deployment pipelines. 

 
Figure 4: Global corporate investment 

in AI 

[18] 

Figure 4 shows how AI investments 

increased substantially around the world 

between 2015 and 2020. The leader in the 

surge was private investment, which grew 

between 2015, when it was 7,952 million 

and 42,238 million in 2020 [18]. Public 

offerings were more modest and reached 

their highest in 2020 of $4,140 million. It is 

worth noting that the merger and 

acquisition action resulted in $19,849 

million in 2017 [18]. Such numbers show 

the growing corporate investment in AI, 

making it even more important to consider 

the optimised DevOps pipelines to deal 

with the complexity and scale of AI-based 

software delivery. 

B. Findings 
The study also shows that the usage of 

DevOps differs based on the size of a 

company, with medium-sized businesses 

being the most automated (30%) and large 

(36%), whereas small business adoption is 

behind with only 12% of fully automated 

companies [17]. It implies that resource 

constraints influence DevOps maturity. 

Meanwhile, the worldwide corporate 

spending on AI took off, with investment in 

AI rising to $67,854 billion in 2020, up at a 

compounded rate of $12,751 billion in 2015 

[18]. This expansion highlights why it is 

important to have a resilient and scalable 

DevOps pipeline to match the growing 

complexity of AI-powered application 

deployments. 

C. Case study outcomes 

Case Study  Key 

Outcomes 

Relevance 

to the 

present 

study  

Case Study 

1: CFO lead 

DevOps and 

digital 

transformati

on at 

Vodafone 

Streamline 

DevOps 

pipelines, 

centralised 

tools 

(CI/CD), 

enhanced 

automatio

n and 

deployme

nt 

efficiency 

[13]. 

It shows that 

the digital 

transformati

on led by the 

leadership 

can pay 

significant 

attention to 

the 

optimisation 

of software 

delivery to 

integrate AI 

by using a 
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scalable 

DevOps 

infrastructur

e. 

Case Study 

2: Tesco AI-

driven 

supply chain 

pipelines 

AI-

Powered 

customer 

insights, 

real-time 

analytics 

and 

automated 

updates 

across 

channels 

via 

DevOps 

[14]. 

AI sourced 

and inserted 

in DevOps 

pipelines can 

introduce 

rates of 

responsivene

ss and 

personalisati

on to large-

scale retail 

systems. 

Case Study 

3: Rolls-

Royce 

predictive 

maintenance 

via Digital 

twins 

Automate

d pipeline 

for 

predictive 

maintenan

ce 

Demonstrate

s the 

efficiency of 

DevOps in 

the 

management 

of high-

volume real-

time AI 

workloads in 

mission-

critical 

systems 

[15]. 

Table 1: Case study outcomes 

(Source: Self-Created) 

The results of the case study outcomes 

examined the implementation of AI-driven 

solutions in the DevOps pipelines by 

Vodafone, Tesco, and Rolls-Royce. All of 

the cases showed better automation, 

efficiency, and scalability. Such results 

show the practical significance of 

optimising software delivery pipelines in 

AI applications in various fields. 

D. Comparative analysis 

Aut

hor  

Focus  Key 

Findings  

Gaps  

[5] DevOps 

evolution 

Enhances 

agility via 

CI/CD 

version 

control 

[5]. 

Not 

suitable 

for non-

determin

istic AI 

workflo

ws  

[6] DevOps 

limitation

s 

Lacks 

adaptabilit

y for 

interactive 

AI model 

updates 

and data 

validation 

The 

needs 

are 

optimise

d 

support 

of the AI 

model 

lifecycle 

[6]. 

[7] AI 

Deploym

ent Risk 

Activates 

critical 

thinking, 

prejudice, 

and false 

informatio

n, and 

moral 

issues. 

Does not 

take into 

account 

the 

technical 

issues of 

integrati

on of 

DevOps-

AI 

[8] AI-

DevOps 

mismatch 

Tension 

between 

experimen

tation and 

the 

stability 

effect 

deployme

nt [8]. 

Weak in 

increasin

g real-

time 

artificial 

intellige

nce 

informat

ion 

requirem

ents. 

[9] MLOps 

tools 

Improves 

model 

tracking, 

retaining  

Lacks 

seamless 

integrati

on with 

legacy 

DevOps 

[10] Organisat The Limited-
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ional 

issues  

obstacle to 

MLOps 

adoption 

is cultural 

and skills 

gaps [10]. 

cross 

cultural 

enablem

ent  

[11] Optimisa

tion 

framewor

ks  

Applicatio

n of 

modularis

ed and 

automated 

tools such 

as Docker 

Inability 

to adapt 

to 

different 

situation

s in the 

industry 

[12] Best 

practises 

Focus on 

feedback 

Uneven 

executio

n on 

account 

of 

ineffecti

ve 

organisa

tions 

Table 2: Comparative analysis 

(Source: Self-Created) 

The table gives a comparative analysis of 

eight sources and the focus of each author, 

their major findings, and the gaps that exist. 

It tracks the ways the existing DevOps and 

MLOps practices aid the integration of AI, 

at the same time revealing weaknesses in 

flexibility, teamwork, and responsible AI 

deployment, which confirm the necessity of 

optimised, AI-ready software delivery 

pipelines. 

V. DISCUSSION 
A. Interpretation of Results  
The results are well aligned with the 

objectives of the study. The evidence 

collected to support objective 1, which aims 

at revealing the distinctions between 

traditional DevOps and AI-adapted 

pipelines, includes the discoveries 

concerning how the non-deterministic 

nature of AI necessitates constant 

retraining, monitoring of models, and 

validation of data, which are not flexible in 

terms of traditional DevOps. The objective 

2: Implement CI/CD tools for ML models) 

is supported by the experience of Vodafone 

and Rolls-Royce, where the centralised 

tools and automated pipelines were used 

successfully. The automation of pipelines, 

Objective 3 of measuring the effect on cost 

and time of deployment, is evident in 

operational efficiency gains in all three case 

studies. Lastly, Objective 4, which suggests 

a new framework, is supported by the 

comparative literature analysis and 

findings, where significant gaps in current 

practices were revealed, and the necessity 

of an integrated and AI-aligned approach to 

DevOps strategy was proved. 

B. Practical Implications 
Results demonstrate that AI 

implementation in DevOps pipelines results 

in decreased operational costs, scalability, 

and agility [19]. In the case of medium and 

large firms, optimised pipelines may 

considerably decrease the time of 

deployment, alongside boosting the 

accuracy of the models and responsiveness. 

This can guide real-world approaches that 

businesses should take to modernise their 

delivery system and be competitive in an 

AI-driven economy. 

C. Challenges and Limitations 
In spite of these achievements, critical 

challenges still exist. Smaller companies, 

which are reflected in the DevOps adoption 

statistics, have limitations in resources, 

which hamper automation initiatives [20]. 

Organisational limitations such as skill 

gaps, cultural resistance, and department 

silos persist to impede MLOps integration. 

The research also mentions that it is 

challenging to fit the AI workflow into the 

inflexible legacy DevOps frameworks. In 

addition, the secondary data drawbacks and 

the absence of direct industry response can 

influence the results' generalisability. 

D. Recommendations 
Whether to succeed in surmounting such 

challenges, organisations ought to invest in 

cross-functional training to help close the 

cultural and capability gaps. The use of 

Docker and Kubernetes should be 

promoted to allow pipelines to be built in a 
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modular and scalable way [21]. To 

maximise software delivery in AI 

applications, a customised framework of 

DevOps-MLOps incorporating continuous 

training and feedback loops, as well as 

effective data validation, is suggested. 

VI. CONCLUSION AND 

FUTURE WORK 
The project comes to the conclusion that 

conventional DevOps pipelines cannot be 

applied to AI-oriented applications because 

they are non-deterministic and data-

intensive. MLOps practices, including 

continuous training, model monitoring, and 

data validation, can be integrated to 

increase automation, scalability and 

reliability. Vodafone, Tesco, and Rolls-

Royce case studies attest to the fact that the 

technology has enhanced the speed and 

cost-effectiveness of deployment. 

Comparative analysis also reveals the gaps 

in the adaptability and cross-functional 

collaboration. 

Future work ought to realise an agile 

DevOps-MLOps framework, particularly in 

SMEs. Primary data collection and ethical 

AI usage should be prioritised, as well as 

cross-functional training, which will help 

sustain, react, and scale AI application 

delivery pipelines. 
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