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Abstract: This paper compares MLOps toolchains across the big Cloud providers, in 
terms of performance and cost. The study investigates case examples of Amazon and 

Vodafone through an explanatory research design by using secondary qualitative and 
quantitative data. Findings indicate that MLOps increases scalability, automates the 
ML pipelines, lowers infrastructure expenses, and enhances model deployment. 

Nevertheless, there are still problems with integration because of the low system 
maturity and lack of standardisation. It is suggested that organisations should invest 

in training and should use modular MLOps pipelines to implement it effectively. 
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I. INTRODUCTION 

 

A. Background of the study 

In the scenario, MLOps (Machine Learning Operations) is becoming an essential field that enhances 

machine learning development and makes it work with operational practices, providing automation, 

observability, and efficiency. Additionally, the use of ML models becomes more prevalent in industries, 

and MLOps toolchains have been used to assist in workflow streamlining and improve model deployment 

and consistency in performance [1]. Large cloud providers are implementing these practices, which 

increases the desire to study their effectiveness [2]. Nevertheless, there is little research regarding the 

performance and cost implication of MLOps, and its systemic review is required across cloud platforms. 

B. Overview 

Mainly, MLOps is concerned with automated and managed “end-to-end” machine learning model lifecycle, 

that is encompasses development, deployment, monitoring, and maintenance. Moreover, it enables 

scalability, reproducibility, and consistency of performance, which is an essential ingredient to ML-

integrated cloud systems [3]. Even the major cloud providers such as AWS and Google Cloud are using 

MLOps to streamline model performance and minimise infrastructure costs. MLOps improves resource 

utilization by orchestrating workflows and supporting continuous integration and deployment. This article 

analyses the characteristics, advantages, and limitations of MLOps and provides a comparative analysis of 

its effects on performance and cost incurred in cloud-based environments. 

C. Problem Statement 

As much as the big cloud providers are employing MLOps, its use case in open-source and organisational 

environments is minimal. The main integration issues are complexities, infrastructure mismatch and the 

absence of standardised practices [3]. On top of that, not enough analysis of performance improvements 

and cost savings realized by using MLOps workflows is provided [2]. This research gap limits the 

organisations in comprehending its full potential. Hence, the systematic review of MLOps on the leading 

cloud platforms is needed to reveal the actual effect of the technology and remove the obstacles to its 

implementation. 

D. Objectives 
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The study is aims to: (1) Discover MLOps capabilities offered by leading cloud providers, (2) analyse 

performance and cost enhancements with MLOps on ML models, (3) identify integration issues across 

clouds, and (4) Propose strategic measures to address implementation gaps and maximize the successful 

deployment and management of machine learning operations on clouds. 

E. Scope and Significance 

This research aims at assessing MLOps toolchains offered by the large cloud providers including AWS and 

Google Cloud. It explores the characteristics of MLOps, its influence on performance, cost-efficiency, as 

well as the difficulties of adopting it in existing ML pipelines. It covers not only the performance measures 

but also the real-life case studies to provide practical information. The importance is in the fact that it is 

focused on the growing complexity of ML systems and the need of the industry to have scalable, 

transparent, and efficient solutions [4]. The research helps to fill the implementation gaps and prescribe the 

remedial measures that should be taken to ensure more efficient use of MLOps and enable organisations to 

streamline their ML operations in the cloud environment and attain sustainable and high-performing AI 

applications. 

 

II. LITERATURE REVIEW 

 

A. Use of ML models in cloud applications 

Cloud applications are increasingly using ML models for enhanced performance. The Machine Learning 

based technique plays a critical role in the effective utilisation of computing resources [5]. Machine 

Learning is being used by cloud providers for preventing and detecting security gaps and attacks across the 

cloud infrastructure. The ML models are ensuring crucial advantages within the cloud infrastructure in 

terms of building, deployment and management of more scalable models. There are in-depth insights 

regarding business operations paving the way for effective results. The intelligent decision-making in cloud 

applications is possible with the inception of ML Models. The Cloud and its related services have received 

increasing interest in the current times owing to their viability [6]. The cloud applications through the 

integration of models are creating more robust systems that are scalable and agile. 

B. MLOps performance and cost impacts 

The MLOps are enhancing the performance and reducing the costs associated with infrastructure. The goals 

of Machine Learning projects are to develop the relevant products and rapidly deploy them for use [7]. 

However, there are inherent challenges associated with automating and operationalising that can impede 

growth. The MLOps can address the particular issue in terms of development, concepts and culture. 
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Figure 1: The comparison of the training workflows in MLOps 

(Source: [7]) 

The MLOps is intersecting and merging several disciplines to reach optimised results. Data engineering, 

machine learning and software engineering are being combined to reach the results. The MLOps is playing 

a crucial role in bridging the gaps between the development of software and operations. The principles of 

reproducibility, workflow orchestration and automation are being leveraged by MLOPs [7] [Refer to 

Figure 1]. The advantages of MLOps can be especially noted in the context of continuous monitoring of 

the ML models. The code, model and infrastructure resources are consistently monitored to reveal the 

potential errors. There are high-quality outcomes accomplished. The MLOps is simplifying the release of 

ML models in the industry. The trained models and processed datasets obtained from MLOps are able to 

ensure continuous integration [8]. Thus, MLOPs have a crucial role to play in enhancing the performance 

of ML Models with the use of appropriate features. There is quick identification of errors leading to iterative 

development of ML Models. Further, the infrastructure costs are significantly reduced with the help of 

MLOps. The automation is able to diminish the costs of infrastructure across the ML pipelines. 

C. Challenges of implementing MLOps in ML models 

The MLOps transition towards fully automated pipelines comes with its own set of challenges that will 

need to be managed. The MLOps not having sufficient maturity may fail to provide the benefits within a 

system. The low-maturity systems such as MLOps require good connections between front-end engineers, 

ML engineers and data scientists in order to reach positive outcomes [9]. There is a slew of technical 

problems the application can face. The creation of robust and efficient pipelines possessing strong 

compatibility is an inherent challenge within the system. 

There are certain challenges associated with the integration of MLOps across business processes. The 

engineering challenges can be observed in the sections of adaptability, scalability, privacy and safety [10]. 

The MLOps need to develop ML models that are secure and easy to deploy. The privacy of the data should 

be rigorously maintained. The stacks of hardware and software needed for the successful integration of 

MLOps can be difficult to manage. 

D. Steps for successful integration of MLOps within the processes 

For the successful implementation of MLOps there is a need for patterns of integration. The patterns for 

system integrations and legal steps for open source can aid the MLOPs integration within the system. The 

MLOps pipeline splitting and dividing into parts can make the running of operations easier. The split parts 

being managed by different organisations can make the process easier [11]. The contractual obligations, 

data formats to be followed and joint API framework need to be decided in order to reach results. The model 

deployment across the infrastructure can be difficult creating complexities. 

 

III. METHODOLOGY 

 

A. Research Design 

The research is using an explanatory design to comprehend the phenomenon. The study is reaching viable 

results on account of using an explanatory design. The refined findings are reached with the explanations 

acquired through explanatory design [12]. The design is explaining the inherent features of MLOps that are 

helping to develop impact-driven ML Models. The explanatory design is delving into the benefits and 

challenges intertwined with the MLOps being applied across ML Models. The explaining is leading to the 

identification of practises that can solve the challenges. The steps for extracting benefits from the MLOps 

are being derived through the explanatory design. The explanatory design is connecting the factors of 

MLOps and impacts on models facilitating the extraction of key insights on the topic. 

B. Data Collection 

The study is collecting both quantitative and qualitative data to reach the results. The quantitative data is 

being sourced from the graphs, charts and empirical findings of the secondary data. The performance of 

MLOps in overcoming the weaknesses of ML Models are being derived through the quantitative data. The 

study is assimilating relevant qualitative data from books, journals and industry reports. The qualitative 

data is revealing how ML Models are requiring strong synchronisation from data engineers, developers and 
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data scientists. The qualitative data is elaborating how the MLOps are able to ensure better quality and 

automation enhancing the performance and diminishing costs. The study using both categories of data is 

reaching improved comprehension regarding the use of MLOps practises, advantages and challenges. 

C. Case Studies/Examples 

Case Study I: Amazon 

The Amazon Web Services makes use of MLOps across their applications for enhanced outcomes. The 

AWS MlOps is automating the processes of data preparation, training the model, validating, deployment 

and monitoring. AWS is able to achieve scalability in their ML models owing to the MLOps used [14]. 

There are effective changes that can be made in the software by simply migrating the tools. The use of 

MLOps is enabling AWS to build more capable models by identifying underlying factors. 

Case Study II: Vodafone 

Vodafone has made use of MLOps across its applications to gain enhanced outcomes and deployment of 

models. The company is taking aid of Google Cloud for implementing MLOPs across its processes. The 

MLOps being used across the operations is automating and standardising the distributed ML Models in 

their carrier [15]. Vodafone with the use of MLOps has automated its strategic compliance activities. The 

detecting of skews and explaining of the reusable pipelines and containers have been possible. The company 

is obtaining benefits in their work processes. The automating by MLOps has made the operations simpler. 

D. Evaluation Metrics 

The evaluation metrics of accuracy and precision are being used across the study. The evaluation metrics 

are comparing the values in a concise manner revealing clear outcomes [13]. The accuracy of MLOps in 

improving the applications of ML Model are being derived through the evaluation metrics. The precise 

challenges triggered by MLOps owing to their applications and features are being derived. The accuracy of 

MLOps in managing the lifecycle of ML Models is attained. The deploying and monitoring being benefitted 

by the precise aspects of MLOps is comprehended. 

 

IV. RESULTS 

 

A. Data Presentation 

 
Figure 2: The performance of ML pipelines increased by MLOps 

(Source: [8]) 

The performance of ML pipelines is enhanced with the inception of MLOps. The continuous integration 

and deployment are depicting tangible reductions in time. The total time consumed is less than 1.093% a 

testament to the viability of the system [8]. The pipeline execution has been completed within 0.5 to 0.9 

units [8]. The use of MLOps is aiding the ML models to perform better and attain the needed objectives. 

The MLOPs are effectively reducing the time taken for the processes. The MLOps will enhance ML 

outcomes with their features. 
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Figure 3: The increasing searches for MLOps 

(Source: [16]) 

There have been increasing searches for MLOps in recent times. Since 2018 an increase of search by 80% 

is noted indicating the importance of MLOps [16]. The monitoring and model registry of MLOps is 

empowering the ML Models to perform better. The existing infrastructure needs to be suited to the needs 

of MLOps for smooth implementation and functioning. The acute shift from traditional ML model 

deployment can be noted. There is a strong emphasis on the MLOps within the company's infrastructure. 

There are improved findings possible with the use of MLOps. 

B. Findings 

The findings are revealing how there is an increasing shift in the industry towards the adoption and usage 

of MLOps within the processes [15]. The analysis clearly shows how MLOps benefits are being sought by 

companies to achieve the needed advantages in their models. The retraining and deployment are rendered 

easier with the integration of MLOps. The findings further establish how MLOps applied across ML 

pipelines is taking tangibly less time for execution. The viability of MLOps is enhanced with their outcomes 

on the ML Pipelines. A fast performance is achieved with the inception of MLOps. 

C. Case Study Outcomes 

 

Case Study Strategy Impacts Outcomes 

Amazon The MLOps is used 

for automating and 

training of ML 

Models [14] 

The easy deployment 

and migration of 

software is possible 

making use of 

MLOps 

The ML Models are 

more scalable with 

the use of MLOps 

[14] 

Improved ML Models 

that can be deployed 

effectively and in a 

timely manner. The data 

migration is being 

accomplished with the 

application of MLOps 

and quick expansion of 

services is possible 

without errors 
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Table 1: The Case Study Outcomes 

(Source: [15]) 

 

The case study outcomes are revealing how both Vodafone and Amazon have benefitted from the use of 

MLOps across their processes. The case studies reveal how Vodafone has been able to standardise 

important compliances and processes owing to the use of MLOps. Amazon has benefitted from the use of 

MLOps in its applications. There is seamless scalability attained in the ML models leading to improved 

outcomes. 

 

D. Comparative Analysis 

Journal Aim Findings Gap 

[3] The use of MLOps in 

mitigating the risks 

associated with ML 

models [3] 

The use of MLOps is 

beneficial through the 

continuous [3] delivery 

reducing the errors 

There are no discussions 

on the impacts of 

MLOps on the ML 

model pipelines 

[5] The security of cloud 

applications improved 

through Machine 

Learning 

Machine Learning 

benefits cloud 

applications with their 

ability to detect and 

prevent attacks [5] 

The security issues of 

cloud applications not 

properly explored 

[7] The capacity of MLOps 

to enhance the outcomes 

of Machine Learning to 

solve complex problems 

in the corporate realm 

The performance of ML 

pipelines being 

significantly improved 

with the use of MLOPs 

in them [7] 

The lack of case studies 

that could have 

strengthened the 

findings 

Vodafone Vodafone has made 

use of MLOps for the 

automation and 

distribution of their 

Machine Learning 

Models [15] 

The use of MLOps 

has ensured the 

automation of several 

activities including 

strategic compliance 

The reusable 

pipelines possible 

with MLOps [15] 

The reduction of costs 

with automation 

The reusable pipelines 

and containers leading to 

impactful resource 

utilisation 
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[8] Time and resource 

consumption in each 

stage of the ML pipeline 

[8] 

The application of 

Continuous Deployment 

and Continuous 

Integration being able to 

reduce the time and 

resources needed 

The lack of discussion 

on MLOps 

characteristics 

[9] The impacts of MLOps 

on the Machine 

Learning 

implementation 

The necessity of MLOps 

in the successful 

implementation of ML 

models [9] 

The lack of discussion 

on the challenges of ML 

that can be overcome 

through MLOps 

[10] The challenges that can 

be encountered on 

making use of MLOps 

[10] 

The MLOps not having 

sufficient maturity can 

trigger critical 

challenges in the process 

The lack of 

standardisation of 

practises that can aid in 

MLOps implementation 

[11] Exploring of the 

challenges that MLOps 

can face 

The identification of 

organisational 

boundaries that can 

affect the results of 

MLOps [11] 

The lack of a specific 

framework that can 

tackle the challenges 

presented by MLOps 

Table 2: Comparative Analysis 

(Source: self-created) 

The various findings received on the subject are being discussed. The critical analysis reveals how MLOps 

is ensuring significant advantages in terms of ML models. There are underlying challenges of MLOps that 

need to be overcome through proper steps. 

 

V. DISCUSSION 

 

A. Interpretation of results 

The study is depicting the viability of MLOps in being able to drive significant benefits in ML models. 

Cloud applications are increasingly making use of MLOps for improved outcomes on their models. The 

MLOps is playing an important role in enhancing the performance of ML models. The MLOps are able to 

drive proper workflow orchestration and reproducibility across the applications [7]. Continuous monitoring 

is identifying errors and the issues that might affect the scalability of ML models. However, there are 

challenges associated with the MLOps. There are strong connections needed between the various 

disciplines in an organisation for successful implementation. 

B. Practical implications 

This paper illustrates how organisations can employ MLOps to expedite ML processes, promote scale of 

models and minimise operational expenses. MLOps enhances the velocity of development and decreases 

the unreliability of software because it automates the deployment and monitoring processes [17]. The 

discoveries assist cloud-based companies to engage in model management of machine learning using 
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standardised and efficient procedures. Besides, the identification of integration issues promotes cross-

functional cooperation and improves resource allocation. These findings can assist organisations in using 

MLOps in a more efficient manner, helping them to acquire competitive advantages and provide high-

performing and cost-efficient AI solutions. 

C. Challenges and Limitations 

The model deployment in Machine Learning is of high importance [18]. The application of MLOps is able 

to ensure effective deployment of Machine Learning. The major cloud providers such as Amazon Web 

Services and Google Cloud have been able to use the application for improved results. However, there are 

potent challenges associated with the use of MLOps. There are no defined standardised practices for the 

implementation. There are strong connections needed between the different disciplines such as data science 

and engineering that. The MLOps not having the needed maturity can fail to establish the critical results. 

D. Recommendations 

The organisations will need effective steps for the implementation of the processes. The organisations will 

need to train employees on the applications of MLOps and how they can be utilised for obtaining crucial 

results. The MLOps components have certain difficulties [18]. The organisation can overcome such 

difficulties by splitting the pipeline of MLOps. However, to achieve the same there should be data formats 

and contractual obligations needing to be clearly defined. 

 

VI. CONCLUSION AND FUTURE SCOPE 

The study focuses on MLOps performance and cost analysis of major cloud service providers. The overall 

analysis shows how MLOps is being able to drive vital benefits in ML models with faster deployment. The 

ML models are more scalable and effective with the use of ML models. Further automation is able to reduce 

the costs associated with ML models. Future work should concentrate on the challenges faced by MLOps 

during implementation. The challenges encountered should be studied in-depth for improved 

implementation. The challenges of MLOps will help all companies to organise their resources and 

organisational set-up to support the transition. The applying of effective infrastructure can overcome the 

challenges. 
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