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Abstract— MLOps/DevOps integration
will  optimize  model  development,
deployment, and monitoring workflows
ensuring seamless collaboration,
automation, scalability, and continuous
delivery of MLOps model offering. The
study presents the understanding of MLOps
and DevOps integration to create a
scalable, agile, and automated pipeline of
Al systems production deployment. This
explores the operational complexities of
ML lifecycles and the way DevOps
principles, like CI/CD, automation, and
infrastructure as coded. These can be
modified to suit ML-specific needs, such as
model drift, data inconsistencies, and
reproducibility. By considering the real-life
case studies of Uber and Google, the
research illustrates the success of such
integration in practice. The study provides
a useful roadmap for organisations that
want to make scale Al deployment more
efficient, governable, and reliable.

Index Terms— “MLOps, DevOps, CI/CD,
Al Deployment, Model Drift, Automation,
Scalable ML Systems”

[. INTRODUCTION

A. Background of the Study

MLOps is changing the way Al models are
developed, deployed, and maintained in
production at an increasing pace, especially
when combined with DevOps. DevOps
facilitates software delivery by automation
and collaboration, but MLOps applies these
ideas to machine learning-specific issues,
including data versioning, model drift, and
reproducibility  [1]. The increasing
importance of Al signifies that 70% of
enterprises will operationalise Al through
MLOps practices [2]. Large-scale Al
operations demand a sturdy pipeline,
continuous integration/continuous delivery
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(CI/CD), and observing components that
MLOps-DevOps harmony can bring,
ensuring efficient, secure, and reproducible
Al lifecycle management throughout
industries.

B. Overview

The research investigates how MLOps and
DevOps can be integrated to provide a
single system to scale and reliable Al

systems. This explores the primary
operational Al lifecycle management
issues, including model drift, data
inconsistencies, and deployment
bottlenecks, and the way they are resolved
by DevOps ideas, like CI/CD and

automation. Through an assessment of
industry structures and best practices, the
research offers a blueprint that increases the
agility, governance, and reproducibility in
real-world Al production systems.

C. Problem Statement

Most organisations find it difficult to
deploy and manage ML models in
production at scale because of fragmented
workflows, a lack of automation, and low
reproducibility ~ despite  the  rapid
developments in Al [3]. Conventional
DevOps practices cannot manage ML-
specific issues like data drift, model
retraining, and versioning [4]. Thus, this
research fills the existing critical gap by
introducing an integrated MLOps-DevOps
framework that enables scalable, secure,
and efficient Al deployments. Through the
harmonisation of ML lifecycle
requirements and DevOps automation-
monitoring tooling, the research provides
an idea of an organisational framework to
defeat the existing operational
inefficiencies and boost the deployment of
production-ready Al.

D. Objectives



International Journal of Information and Electronics Engineering, Vol. 11, No. 4, Nov 2021

The goal of this research is to examine how
the integrated use of MLOps and DevOps
can help organisations develop and manage
Al systems in a more agile and manageable
manner, enabling organisations to build,
deploy, and manage machine learning
models at scale.

Research objectives:

e To identify the challenges faced in
deploying and maintaining machine
learning models in production use.

e To assess how DevOps practices
can be adapted to meet the
requirements of the machine
learning lifecycle.

e To outline a practical framework for
connecting MLOps and DevOps in
scalable and reliable Al
deployments.

E. Scope and Significance

The study aims to address the start of
MLOps and DevOps integration to
facilitate the deployment of scalable Al
models to production. This also covers
lifecycle 1issues, automation, and best
practices in any sector. Its significance is in
the potential to overcome the gap between
Al development and operationalisation.
This will allow organisations to minimise
deployment time, maximise model
reliability, and  guarantee  ongoing
improvement, which will speed up the
innovation process and better decision-
making due to more effective Al solutions.

II. LITERATURE REVIEW

A. Operational Challenges in Deploying
and Maintaining ML Models

Serving and monitoring ML in production
are multi-dimensional challenges that
extend beyond model accuracy. According
to recent research, the most significant
challenges are poor data quality, an
inadequate amount of data, and the absence
of standardisation within ML pipelines [5].
The above issues are especially problematic
in the pre-deployment step, as
demonstrated in Figure 1, where the quality
of data, high dimensionality, and
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imbalanced datasets often adversely impact
the downstream deployment robustness [5].

e Terwar

Figure 1: Pre-Deployment, Deployment,
and Technical Challenges of ML
Pipelines
[5]

In the same way, further studies emphasise
the complexity of the data management
lifecycle, where validation, cleaning, and
understanding should be ongoing processes
rather than a set of distinct steps before
training [6]. These issues accentuate the
production, where data drift and concept
drift, as indicated, require automated model

updates and continuous validation.

In terms of infrastructure, Baylor et al.
(2017) through TFX illustrate how the
absence of orchestration results in ad-hoc
implementations that have high technical
debts [7]. Their study points to the
relevance of scalable infrastructure and
modular architecture to ensure operational
soundness, focusing on deployment
infrastructure and scalability.

Beyond that, non-technical issues like trust,
transparency, and expectation
management, which are frequently
overlooked, arise as obstacles to successful
ML incorporation [5]. Such socio-
organisational issues are as crucial as
technical defects.

On the contrary, a further study stated that
Industry 4.0 provides better data
availability, but the problem of updating
ML models in dynamic scenarios is
understudied [8]. This supports the idea of
using adaptive pipelines further. In this
way, the literature as a whole indicates the
necessity of wurgency of integrated,
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automated, and socio-technically conscious
approaches to ML deployment.

B. Adapting DevOps Principles to the
Machine Learning Lifecycle

Initially developed to support conventional
software architectures, DevOps would need
considerable adjustments to be ML-ready
and match the intricate, repetitive, and data-
driven ML lifecycle. Here, a study
recommends introducing CI/CD into the
ML development process by claiming that
continuous automation reduces technical
debt and enables operational efficiency [9].
In contrast to conventional DevOps, where
source code is the primary artefact, ML
processes include data pipelines, model
training, and ongoing experimentation.
These aspects are not effectively addressed

by traditional DevOps tools alone.
- x o— :‘ ‘
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Figure 2: Automated ML pipeline for

CI/CD
[10]
There are other parts of ML pipelines, like
model registry storage, performance

monitoring, and integration tests of trained
models, which require specific DevOps
approaches, as shown in Figure 2. As an
example, requiring models to be retrained
on new data (feedback loops into the
production  environment)  introduces
complexity not normally seen in DevOps.
Battina (2019) offers a complementary
perspective, opining that intelligent
DevOps platforms augmented with ML can
assist in boosting automation, anomaly
detection, and performance management at
scale in IT operations [10]. This is a
mutually beneficial adaptation of ML to the
DevOps discipline and vice versa.
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Luz et al. (2019), on the other hand, are
concerned about the threats of over-
automation based on real-world experience
cases, stating that teamwork and cross-
cultural mergers are more important than
tools [11]. Though Figure 2 is quite
effective at encapsulating the flow of
automation, it deemphasizes human-in-the-
loop feedback, which is crucial to model
validation and to decide upon retraining.
Therefore, an ML application to DevOps
needs to consider not only architectural
changes but also cultural ones, where
automation would meet continuous data
governance and cross-functional teamwork.
C. Frameworks and Blueprints for
MLOps-DevOps Integration

Scaled Al requires a unified platform on
which MLOps and DevOps come together
to guarantee reliable, automated, and
reproducible end-to-end workflows. A
study proposes the MSC/R pattern (Model-
Service-Client + Retraining) as a modular
design system, in which the distinction
between data scientists and engineers is
separated [12]. This framework ensures
scalability and systematic retraining but is
less detailed and integrated with DevOps
toolchains like CI / CD, which is essential
to automated and repeatable deployments.
Compared to this, further study is more
DevOps-focused, with CI/CD pipelines
integrated into Kubeflow-based ML
platforms [13]. Their study provides
empirical observations on performance
bottlenecks, like GPU underutilisation, and
demonstrates how DevOps tools can be
used to operate the end-to-end ML lifecycle
effectively. The problem is, however, that
their framework relies more on platform-
specific implementations, which may
inhibit portability to varied infrastructures.
A more open and general framework is
proposed by Fursin (2020) using the
“Collective Knowledge (CK)” project,
which aims to establish reproducible and
portable Al workflows by using modular
components and standardising APIs [14].
This is a good idea to combine MLOps
objectives (reusability, reproducibility)
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with  DevOps ideas  (automation,
versioning, testing) and provide a scalable
blueprint. This addresses the shortcomings
of both models.

Therefore, the CK framework shines
through as it allows collaborative and cross-
platform deployments that integrate
DevOps automation with ML-specific
flexibility. Both studies are conceptually
and practically complementary. However,
CK is conceptually and practically
intermediate, involving open standards and
modular design that make it more flexible
for long-term Al scaling and reliability.

III. METHODOLOGY

A. Research Design

Explanatory research focuses on the causes
and associations among variables by
explaining how and why things happen
[15]. In this case, the explanatory research
design used to understand how MLOps
with DevOps increases scalability, agility,
and manageability during the deployment
of Al systems. The design is appropriate
because it can explore cause-effect
relationships in detail, including the impact
of DevOps adaptations on the machine
learning lifecycle results. These directions
allow explaining the mechanisms that
underpin scalable Al deployments by
analysing real-time pipeline performance
and testing frameworks, and platform
maturity. This offers practical findings on
how to build a unified MLOps-DevOps
system in production systems.

B. Data Collection

This study relied on mixed research
methods, employing both secondary
qualitative and quantitative data. On the
qualitative dimension, the case study
approach has been taken, and real-life
industry cases have been considered to
learn about practical MLOps and DevOps
integration. On the quantitative side,
quantitative graphs and charts based on real
sources are examined to understand the
measures of  performance, pipeline
performance, and deployment patterns. In
terms of balancing these datasets, similar
academic  publications, articles, and
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technical documentation will be included to
make the information deeper and more
trustworthy and to allow scalable Al
deployments via integrated MLOps-
DevOps practices.
C. Case Studies Examples
Case Study A: Uber’s Michelangelo ML
Platform
In 2016, Uber presented Michelangelo,
which  centralised  end-to-end ML
workflows (data ingestion, feature
engineering, model training, deployment,
and real-time inference) on a single
platform. Michelangelo is now reported to
be serving ~400 Production projects,
~20,000 training jobs per month, and more
than 5,000 models in production, making
~10 million real-time predictions per
second. That demonstrates the importance
of MLOps and DevOps practices to
produce Al systems reliably [16].
Case Study B: Google’s TFX in Google
Play Scoring Engine
Google has recently introduced TFX, a
production-scale ML platform used in the
recommender system of Google Play, at
KDD 2017. Google cut custom code sped
up experiment cycles, and boosted app
installs by 2% through TFX. The platform
has data validation, model training, and
continuous deployment, and serves as a
standardised and reliable pipeline. This
serves as an applied blueprint for
integrating MLOps and DevOps with an
applied impact [17].

IV. RESULTS

A. Data presentation
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Figure 3: Time Consumption of CI/CD
Pipelines
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[13]
The graph clearly shows that the packaging
and uploading/running steps of routinely
used Kubeflow pipelines consume the
larger share of CI/CD time (10 to 21.57
seconds) compared to the quicker "clone
repo" (1.7 to 3.4s) and "build image" (2.7 to
4.7s) steps. This is important because this
analysis can help reveal what is slowing
down the MLOps-DevOps baseline and,
hopefully, streamline the deployment
process so that you can achieve your goal
of building and deploying models

efficiently and at scale [13].
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Figure 4: Comparison of the proposed
method with the re-test of all impacted
methods concerning A) test suite
execution time, B) fault detection
effectiveness, C) risks covered
[18]

This shows that test suite optimisation can
result in an absolute 18% to 35% decrease
in test suite execution time (Figure 4A).
Most importantly, this decrease is obtained
without substantial compromise in fault
identification performance (up to 3%
worse, Figure 4B) and risk coverage (up to
3% worse, Figure 4C). This also directly
serves the current research purposes
because it demonstrates how optimizing
DevOps practices, and test optimisation,

3
2
)
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can result in more agile and manageable Al
deployments [18]. This has empirical data
that supports the implementation of
optimised testing as part of an MLOps-
DevOps blueprint to develop, deploy, and
manage ML with better efficiency without
reducing quality.

erna! platfo

Figure 5: DevOps Evolution
[19]

The essential findings of this graphical
presentation are that a substantially larger
fraction (48%) of high use of inner
platforms is seen in organisations with a
"High" degree of DevOps evolution,
contrasted with "Mid-level" (25%) and
"Low" (8%) DevOps evolution. That
directly aligns with  scalable Al
deployments since internal platforms play
an essential role in standardising and
automating MLOps and  DevOps
procedures. This allows organisations to
handle ML models at scale and with
increased efficiency [19].

B. Findings

The three presentations together support the
idea that MLOps and DevOps should be
closely connected to scale AI models.
Figure 3 shows bottlenecks in Kubeflow

CI/CD  pipelines, where  DevOps
improvements may decrease delays. As
Figure 4 demonstrates, test suite

optimisation is a low-risk, high-reward
efficiency-boosting technique that is also
agile-MLOps compatible.  Figure 5
validates the observation that full-grown
DevOps cultures that have robust internal
platforms are superior to scalable and
automated ML processes. Collectively,
these insights confirm the research
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objective

manageable, and scalable Al systems with

of

constructing

agile,

an integrated MLOps-DevOps blueprint.
C. Case study outcomes

Case Study Key Relevance
Outcomes | to Present
Research
Uber’s Unified ML | Demonstrat
Michelang | workflows | es the
elo ML | across effectivene
Platform ingestion, ss of
training, combining
deployment, | MLOps
and real- | and
time DevOps for
inference; large-scale,
supports automated
5,000+ Al
models and | deploymen
10M t, directly
predictions/s | aligning
ec in | with  the
production | research
[16]. focus on
scalable
pipelines.
Google’s Reduced Offers a
TFX in | custom practical
Google code, example of
Play accelerated | scalable Al
experiments, | deploymen
and t  through
improved DevOps-
app installs | MLOps
by 2%; | integration,
integrated supporting
end-to-end | the study’s
ML pipeline | aim of
from agile,
validation to | reliable Al
deployment | system
[17]. manageme
nt.

Table 1: Case Study Analysis
(Source: Self-Created)

The given case studies confirm the relevance
of the research as they demonstrate how the
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MLOps and DevOps convergence can enable
scalable and efficient AI deployment.
Michelangelo in Uber and TFX in Google are
examples of production-scale inference
power and standardisation of processes with
observed boosts in performance,
respectively. Collectively, they have great
empirical evidence on the construction of
end-to-end, production-ready Al pipelines.
D. Comparative analysis

Auth | Focus Key Gaps
ors Findings
[5] Challen | Identified | Limited
ges in | critical coverage
ML issues of  real-
deploy |like data | time
ment drift, integratio
and infrastruc | n and
operatio | ture automatio
n standardi | n
sation, solutions
and
expectati
on
managem
ent
through
literature
and
practition
er
interview
s
[7] TFX Demonstr | Context-
platfor | ated specific
m  for | success of | (Google);
producti | a modular | lacks
onML | ML generaliza
platform | bility to
(TFX) 1n | smaller
improvin | organizati
g ons
reliability
, reducing
technical
debt, and
accelerati
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ng
deployme
nt

[6] Data Highlight | Focus on
lifecycl |ed issues | Google-
e in  data | centric
challeng | understan | infrastruct
es in | ding, ure,

ML validation | minimal
systems |, and | exploratio
preparati | n of cross-
on; industry
emphasiz | adoption.
ed the
importan
ce of
lifecycle-
based
data
managem
ent.

[8] ML in | Proposed | Lacks
Producti | ML-PPC | emphasis
on implemen | on
Plannin | tation DevOps
g and | methodol | integratio
Control |ogy and | nand real-
(PPC) mapped | time

research | deployme
gaps In|nt

the feasibility
Industry

4.0

context

[9] DevOps | Proposed | Limited
for ML | applying | empirical
(CI/CD | DevOps | validation
integrati | principles | or  case
on) (CI/CD) | study-

to based
enhance | evidence
ML

model

deployme

nt, reduce
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waste,
and
ensure
maintaina
bility
[10] | Intellige | Emphasiz | More
nt ed use of | conceptua
DevOps | ML  to |1,  lacks
using enhance | real-world
ML DevOps | implemen
efficiency | tations or
, risk | evaluation
control,
and
automatio
n of
system
alerts
[11] | DevOps | Develope | Does not
adoptio | d a model | focus on
n in | based on | ML-
real- 15  real | specific
world cases adoption
scenario | showing | challenges
s collaborat
ion >
automatio
n for
successfu
1 DevOps
[12] | Design | Proposed | Needs
pattern | modular | more
for ML | MSC/R evaluation
deploy | pattern across
ment for different
(MSC/R | efficient | ML
) and framewor
reliable ks and
ML platforms
deployme
nt;
validated
with
YOLO
and
LSTM
use cases
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[13] | ML Construct | Limited
pipeline | ed  and | discussion
platfor | evaluated | on
m with [an ML | standardiz
DevOps | pipeline | ation  or

with reproduci
Kubeflow | bility
and aspects
CI/CD

tools,

highlighti

ng

bottlenec

ks

[14] | Reprod | Promoted | Less focus
ucible modular, | on
ML reusable | performan
systems | compone | ce metrics
via the |nts and | and
CK open productio
framew | APIs for | n-level
ork reproduci | case

bility and | studies
efficient
deployme

nt

Table 2: Comparative analysis

(Source: Self-Created)
Based on this comparative analysis, there is
an evident drift towards the need to combine
DevOps with ML to achieve scalable,
automated, and reproducible deployment.
Such platforms as TFX and CK are modular
but still have severe gaps in generalisability,
real-time, and lifecycle governance.
Moreover, this study will take into account
this gap by linking the design frameworks
and empirical confirmation to various
industries.

V. DISCUSSION
A. Interpretation of results
The findings show that the AI lifecycle is
greatly optimised with the implementation
of MLOps and DevOps. The analysis of
graphs shows that the possible threats,
including long CI/CD pipeline periods and
the time required to execute a test suite, are
scalable with the help of automation and
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optimisation [18]. As shown in the Uber
Michelangelo and Google TFX case study,
empirical data, and unified workflows
increase  scalability and production
efficiency. Collectively, these results
indicate that a unified MLOps-DevOps
model can not only pay down technical debt
but also increase agility, reproducibility,
and quality of operations when deploying
Al [17]. These findings confirm the ability
of the blueprint to handle and scale machine
learning systems efficiently in production
systems.

B. Practical Implications

This collective framework will offer
organisations a plan for simplifying Al
releases through familiar CI/CD practices.
Faster turnaround time, more reliable
models, and reduced maintenance costs can
be achieved by minimising the pipeline
delays and inefficient testing procedures of
the enterprises. The methodology enables
agnostic decision-making and ensures that
the Al systems will be robust and scalable
in dynamic production environments.

C. Challenges and Limitations

Despite the significant outcome achieved,
there are some challenges also. Various
tools used in MLOps and DevOps will need
to be integrated, which in turn will entail
both cultural and technical changes,
particularly in legacy systems. Platform-
specific implementations could be a source
of reduced generalisability. Moreover, the
data drift and changes in model parameters
require continuous updates, which are
complex. Although informative, the
secondary data and case analyses used in
the study might be incapable of reflecting
the dynamics of real-time operational
conditions.

D. Recommendations

The next steps will be to find ways towards
standardised, cross-platform integration
protocols, which need to be able to support
continuous model retraining and real-time
monitoring. Organisations are also advised
to invest in training that will see data
scientists and IT operations teams
collaborate [10]. Future work ought to
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incorporate studies that are longitudinal to
track the advantages and issues of MLOps-
DevOps integration over the long term.

VI. CONCLUSION AND FUTURE

WORK
This work illustrated how MLOps and
DevOps together formed a seamless,
scalable, and automated pipeline to put Al
systems into production. The results
emphasised the way DevOps practices of
CI/CD, infrastructure as code, and
automation could be modified to ML-
specific issues, like model drift, versioning,
and data inconsistency. The effectiveness
of such integration was demonstrated in
practice by case studies of Uber and
Google, which positively  affected
deployment agility, reliability, and speed.
As future research, platform-agnostic
frameworks need to be explored, human-in-
the-loop systems need to be improved to
govern ethical Al, and continuous learning
mechanisms should be integrated.
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