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ABSTRACT

The increasing integration of Machine Learning models into software systems necessitates specialized DevOps pipelines,
termed MLOps, to effectively manage their unique operational challenges. This paper presents best practices for integrating
ML models into DevOps workflows, addressing key aspects such as data versioning, model testing, and continuous delivery of
MI-driven applications. Traditional DevOps practices must be adapted to accommodate the iterative nature of ML model de-
velopment, the complexities of data management, and the performance monitoring requirements of production ML systems.
Our proposed framework provides a structured approach to building and deploying robust, scalable, and maintainable ML pipe-
lines. We explore techniques for data version control, ensuring reproducibility and facilitating experimentation. Furthermore,
we emphasize the importance of rigorous model testing, including offline evaluation, A/B testing, and continuous monitoring
for performance degradation and concept drift. By adopting the outlined best practices, organizations can effectively bridge
the gap between ML development and operations, accelerating the delivery and enhancing the reliability of MLpowered ap-
plications. This framework empowers data scientists and engineers to collaborate seamlessly, fostering a culture of continuous

improvement and innovation in the ML lifecycle.
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INTRODUCTION

he rapid advancement and adoption of machine learning

across diverse industries have brought forth a new set of
challenges in software development and deployment. Traditional
software development lifecycles, often managed through DevOps
practices, are not fully equipped to handle the unique demands of
ML systems. Unlike traditional software, ML models are data-driv-
en, requiring robust data management, versioning, and pipeline
automation. Furthermore, the iterative and experimental nature of
ML model development necessitates continuous integration and
delivery (CI/CD) pipelines tailored to accommodate model train-
ing, evaluation, and deployment. This has given rise to the field of
MLOps, which aims to bridge the gap between machine learning
and DevOps, enabling organizations to effectively manage the en-
tire ML lifecycle.

MLOps builds upon the principles of DevOps, extending its core
tenets of automation, collaboration, and continuous improvement
to encompass the complexities of ML. This includes addressing
challenges such as:

® Data Versioning and Management: ML models are heavily reliant
on data, making data versioning and management crucial for repro-
ducibility and experimentation. MLOps practices address this by im-
plementing robust data lineage tracking and version control systems.
® Model Training and Evaluation: The iterative nature of ML model
development requires automated pipelines for training, evaluating,
and comparing different model versions. MLOps facilitates this
through automated workflows and experiment tracking,

® Model Deployment and Monitoring: Deploying and monitoring
ML models in production presents unique challenges, including
model performance degradation, concept drift, and infrastructure
management. MLOps addresses these through continuous monitor-
ing, automated retraining, and scalable deployment strategies.

e Collaboration and Communication: Effective MLOps requires
seamless collaboration between data scientists, engineers, and opera-
tions teams. MLLOps fosters this collaboration through shared tools,
platforms, and communication channels. This paper delves into the
best practices for integrating ML models into DevOps workflows,
providing a comprehensive framework for building and deploying
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robust, scalable, and maintainable ML pipelines. We explore tech-
niques for data version control, model testing, and continuous
delivery of ML-driven applications. By adopting the outlined best
practices, organizations can effectively bridge the gap between ML
development and operations, accelerating the delivery and enhanc-
ing the reliability of ML-powered applications. This framework em-
powers data scientists and engineers to collaborate seamlessly, fos-
tering a culture of continuous improvement and innovation in the

ML lifecycle.
Literature Review

While the field of MLOps is relatively nascent, it draws heavily upon
established research and practices in DevOps, machine learning, and
data management. This literature review examines key research ar-
eas relevant to MLLOps, focusing on data versioning, model testing,
and continuous delivery of MIL-driven applications. It also explores
existing frameworks and tools that contribute to the MLOps eco-
system.

Data Versioning and Management: The importance of data version-
ing in ML workflows is highlighted in [Sculley et al., 2015], which
discusses the “hidden technical debt” in ML systems arising from
undocumented data dependencies and modifications. Various ap-
proaches to data versioning have been proposed, including using
specialized tools like DVC [DVC, n.d.] and integrating data version-
ing into existing Git workflows. Research on data lineage tracking
[Bhardwaj et al., 2019] emphasizes the importance of understanding
the provenance of data used in ML models for reproducibility and
debugging.

Model Testing and Evaluation: Traditional software testing meth-
odologies are often insufficient for evaluating M. models. [Breck et
al.,, 2017] propose a framework for testing ML systems, emphasizing
the need for testing data quality, model robustness, and performance
metrics. Techniques like A/B testing [Kohavi et al., 2009] are cru-
cial for evaluating model performance in real-world scenarios. Fur-
thermore, continuous monitoring for performance degradation and
concept drift [Gama et al., 2014] is essential for maintaining the reli-
ability of deployed ML models. I would suggest you to add specific
research papers or books related to model testing and evaluation in
MLOps to strengthen this section. You can narrow down the search
by specifying a particular work from your library using the “@” sym-
bol. This will help me provide more targeted results.

Continuous Delivery of MIL-driven Applications: The principles of
continuous integration and continuous delivery (CI/CD) are central
to MLOps. [Humble and Farley, 2010] discuss the benefits of CI/
CD in traditional software development, and these benefits extend
to ML wotkflows. However, implementing CI/CD for ML requires
specialized tools and pipelines that can handle the unique require-
ments of model training, evaluation, and deployment. Platforms
like Kubeflow [Kubeflow, n.d.] and MLflow [MLflow, n.d.] provide
frameworks for building and managing ML pipelines, enabling au-
tomated workflows and continuous delivery of ML-driven applica-
tions. Adding citations for specific research papers or books discuss-
ing CI/CD for ML would further enhance this section.

MLOps Frameworks and Tools: Several frameworks and tools have
emerged to support MLLOps practices. Google Cloud’s MLOps pro-

vides a comprehensive guide to implementing MLOps on Google
Cloud Platform. Microsoft Azure’s MLLOps offers similar capabil-
ities on Azure. These platforms and tools provide functionalities
for data versioning, model training, deployment, and monitoring,
enabling organizations to adopt MLLOps practices effectively. Citing
relevant publications or documentation related to these platforms
would be beneficial. Please note that I cannot directly access or cite
the linked resources above. If you have access to relevant PDFs,
adding them to your library would allow me to provide more specific
citations and information.

Methodology

This research adopts a mixed-methods approach combining a com-
prehensive literature review with practical experimentation and anal-
ysis of MLOps tools and frameworks. The methodology is struc-
tured as follows:

Phase 1: Literature Review and Conceptual Framework Develop-
ment: This phase involves a thorough review of existing literature
on MLOps, DevOps, machine learning, and data management. Key
research papers, books, and industry reports are analyzed to identi-
fy best practices, challenges, and emerging trends in MLOps. This
review informs the development of a conceptual framework for in-
tegrating ML models into DevOps workflows. The framework out-
lines the key components, processes, and considerations for building
and deploying robust, scalable, and maintainable ML pipelines. Spe-
cifically, the literature review focuses on:

® Data Versioning and Management: Investigating different ap-
proaches to data versioning, including tools like DVC and Git-based
workflows. Exploring research on data lineage tracking and its im-
portance in ensuring reproducibility and debugging;

® Model Testing and Evaluation: Examining traditional and nov-
el testing methodologies for ML. models, including techniques for
assessing data quality, model robustness, and performance metrics.
Analyzing the role of A/B testing and continuous monitoting in
evaluating model performance in real-world scenarios.

e Continuous Delivery of ML-driven Applications: Investigating
the application of CI/CD principles to ML wotkflows. Exploting
specialized tools and pipelines for automating model training, evalu-
ation, and deployment. Analyzing platforms like Kubeflow and ML-
flow for building and managing ML pipelines.

® MLOps Frameworks and Tools: Reviewing existing MLLOps plat-
forms and tools offered by major cloud providers like Google Cloud
and Microsoft Azure. Analyzing their functionalities and capabilities
for supporting various stages of the MLOps lifecycle.

Phase 2: Experimental Evaluation and Tool Analysis: This phase in-
volves hands-on experimentation with selected MLOps tools and
frameworks. The goal is to evaluate their effectiveness in addressing
the challenges identified in the literature review. This includes:

® Data Versioning Tools: Evaluating tools like DVC for their ability
to manage and version large datasets used in ML projects. Compat-
ing their features and functionalities with Git-based approaches.

® Model Training and Evaluation Platforms: Experimenting with
platforms like MLflow and Kubeflow for building and managing ML
pipelines. Evaluating their capabilities for automating model train-
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ing, evaluation, and comparison.

® Model Deployment and Monitoring Tools: Exploring tools for de-
ploying and monitoring ML models in production. Analyzing their
functionalities for continuous monitoring, automated retraining, and
handling concept drift.

Phase 3: Framework Refinement and Validation: Based on the in-
sights gained from the literature review and experimental evaluation,
the initial conceptual framework is refined and validated. This in-
volves:

® Integrating Best Practices: Incorporating the identified best prac-
tices for data versioning, model testing, and continuous delivery into
the framework.

o Addressing Challenges: Developing strategies and solutions for
addressing the challenges encountered during the experimental eval-
uation.

® Validation: Validating the refined framework through case studies
or real-wotld applications.

This mixed-methods approach ensures a comprehensive and rigor-
ous investigation of MLOps best practices and their practical ap-
plication. The combination of literature review, experimental eval-
uation, and framework refinement provides a robust foundation
for building and deploying reliable, scalable, and maintainable ML
pipelines.

Results

The main focus of our approach is on the continuous training and
testing of the model by automating the ML pipeline. This frame-
work of MLOps brings together various principles of continuous
integration (CI) and continuous delivery (CD) in a coherent and
practical way for the ML pipelines.

Process automation of retraining models in production using new
data is introduced by two components from the DevOps framework
such as continuous integration (CI) and continuous delivery (CD).
For a rapid and reliable update of the pipelines in production, we
need a robust automated CI/CD system. The automated CI/CD
system allows the data scientists to rapidly explore new ideas around
feature engineering, model architecture, and hyperparameters. They
can implement the process of building a model, checking in the
code to a repository, building a deployment package such as scripts
and packages, and then deploying the new pipeline components to a
staging/production environment.

The main components required for the development and implemen-
tation of MLOps pipeline automation with CI/CD routines ate as
follows:

® Business problem analysis

® Dataset features and storage
® ML analytical methodology
® Pipeline CI components

® Pipeline CD components

® Automated ML triggering

® Model registry storage

® Monitoring and performance
® Production ML service

Business problem analysis: In any ML model, firstly, we define the
business problem and establish the business understanding and the
success criteria for the problem.

Dataset features and storage: In this step, a dataset with features/
attributes is presented for the specific business problem.

ML analytical methodology: This step is essential for the selection of
the ML methodology as presented in the previous section. During
the analysis, the use of TSDP methodology has proven satisfactory
in practice of MLOps pipeline.

Pipeline continuous integration (CI): In this stage, we build source
code and run various ML trained models. The outputs of this stage
are pipeline components (packages and artefacts) to be deployed
in the staging/production environment of the continuous deliv-
ery (CD). The machine learning code is just a small portion of real
machine learning system; however, to the best of our knowledge,
this complexity of the system requires more time and resources. An
important component of the machine learning infrastructure is the
configuration and data elaboration. The analysis of the data was per-
formed with the help of cleaning, wrangling, and feature extraction.
There is no doubt that the training process for the machine learning
models may take many efforts; however, we need to invest also in the
production process of the model in a way that allows us to retrain
and tune the hyperparameters and to use the new data in order to
improve the model.

The proposed continuous integration (CI) for our machine learning
systems relies on having a substantial impact on the end-to-end pipe-
line to automate the delivery of our machine learning model with
minimal efforts. The main steps for the continuous integration (CI)
are summatized as follows:

® Source code management (SCM)

® Push/pull changes to the tepository to trigger a continuous de-
livery build

® Check out the latest code and the associated data version from the
data repository storage.

® Run the unit tests

® Build/run machine learning model code

® Testing and validation

® Package the model and build the container image

® Push the container image to the registry

Source code management (SCM): In this stage, the source code and
the data versioning are storage in the ML testing environment.

Push changes: The implementation of machine learning models is
an incremental and iterative process. This process is computed in
two steps. First, the model is built, second, the model is evaluated,
and the process can be repeated several times to achieve their goals.
The previously implemented process has been considered similar to
the process of changing the code, compiling, and executing in soft-
ware development, i.e., we should use software engineering tools to
help data scientists in the process of developing machine learning
models, these tools include version control.

Version control is the process of tracking each version of the code
or data in a way that makes it easy to track the history of changes and
return to previous versions at any time, and also to share code with
the collaborators. This also applies to the dataset used during each
incremental and iterative cycle, and we have to keep track of that
data in each increment in order to reproduce the same results in the
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future if required. In this step, any changes to the source code of the
model or changes to the version of the dataset used will be pushed
(uploaded) to the repository (code or data) to trigger the continuous
delivery build.

Pull changes: In this stage of continuous integration automation,
once the build model is triggered, the latest code tests were per-
formed and analyzed by the code repository and then the associated
data version is pulled from the data repository storage.

Run unit tests: One of the primary features of this step is the ability
to provide robust code that cannot break easily upon changes like
package updates, bug fixes, and new features. Build/run machine
learning model code: The design of the machine learning code de-
pends upon the language type used, whether the language is inter-
preted or compiled. Moreover, this step includes the training and
retraining of the ML models. The goal behind the training and re-
training is either introducing new data or adjusting the hyperparam-
eters.

Testing and validating code: Machine learning models help improve
the decision-making process; therefore, it is significantly essential to
have sufficiently accurate models; otherwise, these might have a neg-
ative impact rather than positive. An essential part of the machine
learning delivery pipeline is to understand how well a model works.
In order to validate this ML model, a subset of training data as a test
set is selected. This test data is not used to build the ML model, but
once the ML model is built, it is used as a test data to evaluate how
well the model performs. For validating the code, there are a number
of different strategies that can be used to ML models.

® Recreate: Terminate the version A and then roll out the version B.
® Ramped: Version B is rolled out in an increment way to replace
version A.

® Blue/Green: Version B is released beside version A, once B is
validated and confirmed its functionality traffic is switched to the
new version B.

® Canary: Make a subset of the traffic to go to version B while old
version A is still serving then proceed to roll out to full users.

® A/B testing: Running both versions and compatring results

Package the model and build the container image: In this stage of
the container service, all the dependencies of our machine learn-
ing model are containerized into a container image. Push the image
to the container registry: After packaging the latest container image
with the latest dependencies, the process pushes the image to the
container registry.

The outputs of this continuous integration (CI) pipeline are differ-
ent trained ML models to be deployed in the staging/production
environment of the continuous delivery (CD).

Pipeline continuous delivery (CD): In this stage, we build the ar-
tefacts produced by a previous continuous integration (CI) to the
staging/preproduction/production envitonment. The output of
this stage is the delivery of ML testing models. Jenkins is a popular
tool for continuous automated deployment. It is an open-source tool
written in Java that integrates well with version control systems such
as Git .Jenkins works with a pipeline metaphor that enables devel-
opers to deliver execution pipelines as code (Jenkins file) in multi-
ple steps within a defined execution environment such as staging
or production and executing test scripts and record test results. The

components of the CD pipeline are summarized as follows:

Staging environment: In software engineering, it is very common
and standard practice to deploy the ML trained model first to a stag-
ing environment. Software architecture is no longer limited to the
deployed ML pipeline running at the customer infrastructure, but
also includes the system being deployed for development and stag-
ing as well. The environment term is often used to describe the in-
frastructure required to run a service or an application (app servers,
databases, caches). In this environment, the trained model is used as
a modeling tool for the prediction of the testing M. models. The
output of this stage is a testing ML model which it is pushed to the
model registry storage.

Model registry storage: In this step, the ML models under staging
status and ML models under production status are uploaded in a
storage location. In addition, the ML engineers (ops) check the ML
model objects into a model repository or upload them to a model
registry. Automated triggering: This step is automatically executed
on schedule or in response to a trigger in the production environ-
ment. The output of this stage is a ML testing model which it is
pushed to the staging environment.

Performance monitoring: Statistical analysis was performed on live
data to ascertain which ML model deployed in efficient way. Once
the model is deployed to production, data scientists still need to con-
tinue validating or testing it because patterns in the data can change
over a while, and the model might become less accurate or drift be-
cause the data used in training the model is no longer representative
of the new data that exist in production. The output of this stage is a
trigger to execute the pipeline or to execute a new experiment cycle.
The performance monitoring with which ML model operates is of
the utmost importance for data scientists. Performance monitoring
consists of a wide range of tasks, involves understanding the level of
resource utilization, measuring throughput and operating efficiently,
and knowing what services are available to users.

Monitoring resources is essential for making the method feasible
for critical resources as CPU, memory, and persistent storage. There
are many GUI tools for monitoring and visualizing the status of
resources. Alternatively, the command-line tools are also used to col-
lect, and display information targeted to our particular interests.

Discussion

Your implementation of MLOps, focusing on continuous training
and testing through automated ML pipelines, offers a robust ap-
proach to managing the complexities of machine learning in pro-
duction. The integration of CI/CD principles, borrowed from the
DevOps framework, is key to enabling rapid and reliable updates of
your pipelines. Automating these processes allows data scientists to
efficiently experiment with new ideas and quickly deploy improved
models.

However, several points warrant further discussion:

° Scalability and Infrastructure: As your ML models and
datasets grow, ensuring the scalability of your MLLOps pipeline be-
comes crucial. Discuss how your infrastructure is designed to han-
dle increasing computational demands and data volumes. Consider
addressing the use of cloud-based resources, distributed computing
frameworks, and automated scaling mechanisms. Mentioning spe-
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cific technologies used for these purposes would strengthen this as-
pect.

® Model Versioning and Management: With continuous integration
and delivery, managing different versions of your models becomes
essential. Discuss how your MLOps framework handles model ver-
sioning, including tracking experiments, storing model artifacts, and
enabling rollback to previous versions if necessary. A model registry,
as mentioned in your component list, is crucial here. Elaborate on its
implementation and features.

® Monitoring and Performance Evaluation: While you mention
monitoring and performance, a deeper discussion of the specific
metrics used to evaluate model performance in production is need-
ed. How do you track model drift, and what automated responses
are triggered when performance degrades below a certain threshold?
Consider discussing the use of dashboards, alerts, and automated
retraining strategies.

® Data Quality and Validation: Data quality is paramount in machine
learning. Discuss how your pipeline ensures data quality and incor-
porates data validation steps. Automated data quality checks and
alerts should be integrated into the CI/CD process.

® Sccurity Considerations: Securing your MLOps pipeline is criti-
cal, especially when dealing with sensitive data. Discuss the security
measures implemented throughout the pipeline, including access
control, data encryption, and vulnerability scanning,

® The “TSDP Methodology”: You mention the successful use of
the “TSDP methodology.”” However, this methodology is not com-
monly known. Providing a brief explanation or referencing a source
that describes TSDP would clarify its role in your approach.

By addressing these points, you can provide a more comprehensive
and insightful discussion of your MLOps implementation, highlight-
ing its strengths and addressing potential challenges. Remember to
cite relevant sources where appropriate to support your claims and
provide further context for the reader. For example, when discussing
CI/CD, you could cite sources that delve deeper into these concepts
within the context of MLOps (Continuous Delivery for Machine
Learning, 2019) (Continuous delivery for machine learning, 2019).
This will add credibility and depth to your work. If you'd like to ex-
plote specific aspects of CI/CD in more detail, you can add relevant
papers to your library for more focused analysis.

Just let me know the titles or authors, and I can help you find them.

Conclusion

By addressing the points raised in the discussion scalability, model
versioning, performance monitoring, data quality, security, and clar-
ifying the “TSDP Methodology”—the description of your ML.Ops
implementation will be significantly strengthened. A comprehen-
sive overview of these aspects will not only highlight the strengths
of your approach but also demonstrate a thoughtful consideration
of potential challenges. Providing further context and supporting
yout claims with relevant citations, such as those suggested for CI/
CD (Continuous Delivery for Machine Learning, 2019) (Continu-
ous delivery for machine learning, 2019), will enhance the credibil-
ity and depth of your work. Remember, a wellrounded discussion
that acknowledges both the advantages and potential pitfalls of your
MILOps system will leave a lasting impression on the reader.
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