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Abstract—This article proposes an innovative conceptual model
for Machine Learning Operations (MLOps) pipelines, aiming to
overcome the current challenges concerning the entire lifecycle of
machine learning models and to meet the growing demands of both
Academia and Industry. Based on a hybrid research approach,
combining scientific works and insights from professionals in the
field, this proposed MLOps pipeline model integrates advanced
automation, robust governance, intelligent data and model man-
agement, and explainable monitoring. We explore the convergence
between theory and practice, identifying gaps and proposing an
approach that promotes the scalability, reproducibility, and relia-
bility of ML systems in complex and dynamic production environ-
ments. A state-of-the-art conceptual model for MLOps pipelines
was proposed, based on a rigorous analysis of the literature and
valuable insights from professional practice. The model addresses
the critical challenges of automation, data and model management,
monitoring, governance, and usability, aligning research ambitions
with operational needs. The results from applying the MLOps
architecture demonstrated measurable efficiency with a perceived
improvement in the scalability, reproducibility, and reliability of
ML systems. Positive outcomes were observed in relation to the
deployment time of Machine Learning models, which was reduced
from approximately 6 months to a range of 3 to 5 days, depending
on the team’s maturity and the application’s purpose. An increase
in productivity and operational standardization was also noted,
accompanied by gains in scalability and efficiency, evidenced by
the elimination of the model deployment queue, the migration
of over 3,200 users to the new environment, and the publication
of more than 100 Data Science models in the first few months
of the new environment’s operation. Additionally, the transition
to a cloud infrastructure provided cost and financial resource
optimization compared to the previous on-premises solution, and
an enhancement of governance and security through the execution
of standardized pipelines.

Keywords—MLOps; Methodological Architecture; Model Ex-
perimentation; Model Deployment; Model Monitoring.

I. INTRODUCTION

The growing proliferation of Machine Learning (ML) ap-
plications has fundamentally transformed the industrial sector,
driving innovations in areas such as predictive maintenance,
zero-defect manufacturing, process and supply chain opti-
mization, and real-time demand forecasting [1]. However, the
transition of ML models from the research and development
environment to production, especially in the dynamic scenario
of Industry 4.0 and 5.0, presents complex and multifaceted
challenges that extend beyond model creation [1]–[3]. Reports
in the literature indicate that a considerable portion of ML
projects fails to reach production or to deliver the expected
value, highlighting a gap between research and the reality of
industrial operationalization [2], [4].

To overcome such obstacles, Machine Learning Operations
(MLOps) has emerged as a discipline that seeks to solve these
problems. MLOps systematizes and optimizes the ML work-
flow, from experimentation to deployment, applying Develop-
ing Operations (DevOps) principles to ensure that models are
developed, deployed, and maintained in a robust, reliable, and
efficient manner [1], [5]–[7]. This discipline encompasses three
interconnected pillars that make up the ML model lifecycle:
Experimentation, Deployment, and Monitoring [8].

Experimentation covers essential activities such as data col-
lection, analysis, and preparation; model building, training,
and evaluation; as well as selection and packaging for future
use [1]. This stage is intrinsically challenging due to the
need to manage a growing diversity of artifacts, including
datasets, features, models, and metadata, while ensuring the
large-scale reproducibility of experiments [9]. Deployment, in
its turn, focuses on publishing, serving and operationalizing
models in various production environments, such as cloud,
edge computing, and distributed ecosystems, requiring high
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scalability and low latency to deal with real-time demands [10].
Finally, Monitoring is necessary for maintaining the quality
and relevance of models in real-world scenarios. It covers the
continuous detection of data drift and concept drift, as well as
biases and feature attributions, triggering alerts that indicate the
need for periodic re-evaluation or retraining of the models [1],
[5], [10], [11].

Despite the recognition of its importance and the growing
availability of tools, many of them open source, the full adop-
tion of MLOps in industrial environments still faces substantial
challenges [3]. A recent qualitative survey conducted with
industry professionals revealed significant practical bottlenecks.
Among them, the intrinsic technical complexity of data collec-
tion and preparation stands out, which complicates the automa-
tion of ML pipelines, the lack of standardization in data science
development methodologies, and the difficulties in integrating
with existing legacy systems in organizations, as highlighted
in details at subsection III-B. Furthermore, the scarcity of
professionals specialized in MLOps is a recurring concern,
as are the challenges related to managing computational costs
and ensuring the traceability and explainability of models [1].
The survey also pointed to gaps in available MLOps solutions,
such as the need for greater ease of use, improved scalability,
smoother integration with other tools, and more transparent
cost management. These challenges add to the complexity of
dealing with the ”hidden technical debt” that ML systems can
accumulate over time [2], [12], [13].

In the face of the imperative need for synergy between
scientific rigor and the practical demands of the industry,
this article proposes a new conceptual model for an MLOps
pipeline. Our model address the gaps and challenges identified
both in the academic literature and in empirical research
with professionals, offering a new methodological approach
that aligns with market expectations and scientific rigor. We
emphasize flexibility and the ability to integrate with the vast
and growing ecosystem of open-source tools, such as MLFlow,
Airflow, Kubeflow, and H2O [14], which are widely used in
the industry and fundamental for continuous innovation [1], [7],
[15]. By providing a methodological architecture that optimizes
the ML lifecycle, promotes multidisciplinary collaboration, and
ensures transparency, we aim to facilitate the operationalization
of high-impact ML applications, bringing research closer to the
production environment.

II. RELATED WORKS

The literature on MLOps is multifaceted, covering everything
from conceptual definitions to practical approaches and imple-
mentation challenges. Following a direct approach on the main
contributions of related articles, focusing on their contributions

to MLOps pipelines and lifecycle automation, it was possible
to identify groups of actions found in these works, namely:

A centralized ML asset platform to be a single source of truth
for all ML artifacts, promoting traceability and reproducibility
[9], [16]. Offering a centralized and versioned repository for
features, ensuring consistency and data reuse, which solves the
challenge of large tables and lack of standardization in the
industry [6], [16], [17]. For challenges in storage, versioning,
and management of models, including metadata and evaluation
results, facilitating the management of multiple models [9].
Native integration with version control systems, for training
scripts, environment configurations, as well application code
[6], [18].

For intelligent pipeline orchestration, the dynamic automa-
tion and adaptation of all phases of the ML lifecycle [6].
Enabling a complete implementation of Continuous Integra-
tion (CI), Continuous Delivery/Deployment (CD), Continuous
Training (CT), and Continuous Monitoring (CM), to optimize
the workflow and reduce the time between stages [6], [11],
[19]. Maintaining automatic mechanisms to detect data drift,
concept drift, and model drift, triggering retraining routines or
alerts for human intervention [10], [20], [21]. In addition to
tools to ensure the quality of input data, minimizing problems
at the source [10].

Comprehensive and explainable monitoring provides real-
time visibility and actionable insights into the model’s perfor-
mance in production [1], [3], [10], [11], [13], [20]. In addition
to traditional metrics, it includes Key Performance Indicators
(KPIs) relevant to the business, aligning technical performance
with commercial impact [22]. Also with Explainable AI (XAI)
techniques such as AI Error Diagnosis Flowchart (AIEDF) [23]
or Shapley Additive Explanations (SHAP) [19] to understand
the complex behavior of models and identify the causes of
prediction errors [23]. It also allows for the flexible creation of
alerts and visualizations for the model’s health and performance
status [1], [3], [23].

At the governance and compliance layer, it ensures the
application of responsible Artificial Intelligence (AI) principles
and adherence to regulations [24]. Automatic documentation
of each step and artifact, ensuring regulatory compliance and
periodic audits [9], [18], [21]. In addition to the integration of
human review in critical stages, such as data annotation and
model validation [4], [25].

For greater adaptation and infrastructure flexibility, it offers
agnostic deployment capability across cloud providers such as
Amazon Web Services (AWS) through SageMaker, Microsoft
with Azure ML, and Google Cloud Platform (GCP) with Ver-
texAI, as well as on-premises infrastructures, offering flexibility
and cost optimization [1], [6], [26], support for deploying
and managing models on edge devices with limited resources
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[1], [27], [28], as well to the use of containers (Docker) and
orchestrators (Kubernetes) to standardize deployment units and
manage performance [1], [21], [29], [30].

Looking for an optimized user experience, the simplification
of common tasks, such as data annotation [25], model deploy-
ment, and monitoring configuration, making MLOps accessible
to non-developers [25]. Tools to improve the readability of
notebooks [31] and the use of semi-formal diagrams [8] for
system architectures, addressing the lack of documentation and
concentrated knowledge, as well as facilitating interaction and
the sharing of insights among data scientists, ML engineers,
and business stakeholders [24], [32].

III. METHODOLOGY

To develop the proposed model, a mixed-methods research
approach was employed. First, a literature review of related
works on the main topics of this research, cited in section
II, was conducted to identify the state of the art of MLOps
pipelines, the details of which can be followed in subsection
III-A. The analysis of these articles sought to extract their main
contributions, methodologies, challenges, and tools related to
the automation of the ML model lifecycle. In parallel, we
conducted an anonymous qualitative survey with the partici-
pation of 25 professionals from the industry, whose responses
were summarized in section III-B. The objective was to gather
insights on the challenges, needs, bottlenecks, tools used,
governance practices, and expectations regarding MLOps in
a corporate context. Finally, a synthesis and triangulation of
the findings from the literature and the qualitative survey were
performed. This stage allowed for the identification of gaps,
points of convergence, and divergence between theory and
practice, providing the basis for the development of the new
conceptual model for an MLOps pipeline presented in section
III-C.

A. Research methodologies from related works

The related articles were analyzed and grouped according
to their research methodologies, allowing for a deeper under-
standing of how they operate and offer solutions to MLOps
challenges.

Qualitative: Case studies [3], [6], [28], [33], [34], survey
[18], thematic analysis [35], and content analysis [4];

Reviews: Individual articles apply reviews in their specific
areas [6], [18], tool surveys [7], [36], and meta-analysis [7];

Empirical and experimental: Controlled studies (usabil-
ity/comprehension) [8], [31], experiments with synthetic and
real data [5], [23] , and experimental validation of architec-
tures/platforms [28], [37];

Design and proposition: Proposition of methods like AIEDF
[23], Before and After Correction Parameter Comparison

(BAPC) [27] and SHAP [19], frameworks [5], [6], [19], [26],
architectures [26], [28], model lifecycles [2], [35], platforms
[17], [28], and tools [31], [37];

Technical analysis: Static analysis of code/scripts [31], [38],
dependency analysis [38], profiling [37], [39], data analysis
such as Principal Component Analysis (PCA) [33], and feature
importance [33], multi-criteria methods [38], and A/B testing
and canary deployments [17].

These articles cite or use various tools and technologies in
the context of MLOps and automation, as follows:

MLOps Platforms and frameworks: Amazon SageMaker
Model Monitor [10] and SageMaker Debugger [39], Valohai
[7], [24], Domino Data Lab [11], OSSARA model/case [34],
Edge Platform [28] e SliceOps framework [11];

Orchestration and Pipelines: Data Version Control (DVC)
[9];

Version Control: Git [6], versioning tools for data, models,
and scripts [18];

Monitoring: Amazon SageMaker Model Monitor [10],
tools/systems for real-time monitoring [11], [17], [19], [28],
[39], infrastructure monitoring for Kubernetes [29], and drift
detection [5], [17];

Automation and AutoML: AutoML toolkits [17], [36],
pipeline automation (CI/CD/CT/CM) [6], [34];

Development and Code: PyTorch [5], [40], Tensor-
Flow/Keras [5], Scikit-learn [5], XGBoost [33], LightGBM
[33], Pandas [38], Static Analysis tools/concepts [31], [38],
HeaderGen [31], Jupyter Notebooks [31], AST parsing [31]
e CFG [38];

Interpretability / Explainability (XAI): Amazon Sage-
Maker Clarify [10] and XAI frameworks/concepts [19], [27];

Infrastructure: Kubernetes [29], AWS [10], [29], [39] and
Edge Computing [28];

Experimentation: Wandb.ai [4].

And their contributions, also grouped by similarities that con-
template models, architectures, and fundamentals of MLOps,
were grouped into:

Research that reviews the concept of MLOps, comparing it
to DevOps, and proposes generic frameworks and pipelines or
reference architectures, applied to case studies [6], [15], [34];

Research that investigates the understandability of MLOps
system architectures, seeking to improve how they are docu-
mented and understood by heterogeneous teams [8], [17], [26];

Discussions that address the need to revise AI/ML lifecycle
models to better suit their particularities [2], [24], [35];

Proposals for frameworks and reference architectures for
Distributed Artificial Intelligence (DAI), which may involve
aspects of MLOps [26], [41].
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B. Qualitative survey with MLOps professionals

The qualitative survey with industry professionals revealed
a detailed panorama of the real challenges and needs in
the adoption and operationalization of MLOps, which were
consolidated into:

Main challenges in implementing MLOps: It begins with
technical and operational complexity. The management of the
MLOps lifecycle is intricate, from data collection and prepa-
ration, which has high variability, to pre and post-production
processes. Knowledge and people management also appear as
a challenge, as MLOps knowledge tends to be concentrated in
a few individuals, with other teams treating the solution as
a ”black box”. There is a gap of specialized and qualified
professionals to work in this discipline. The responses also
present difficulties to manage large volumes of data, combined
with a lack of standardization and data quality, as well as access
to multiple sources and a lack of standardization in data science
pipelines.

Costs: The high computational cost and the overall inherent
cost of adopting MLOps are significant barriers. There is
an eagerness from business leaders to have quick results in
production, and the time between stages is presented as a
problem. To accelerate the process, they skip steps of the
MLOps pipeline and monitoring, which are often postponed
to a second phase.

Main bottlenecks in MLOps adoption: This was the most
consistently pointed out bottleneck; as stated in the first item,
there is great difficulty in finding qualified professionals who
pass rigorous selection processes. A recurring barrier, hindering
automation and governance, is the integration with legacy
systems, mainly because there is a lack of corporate maturity
to understand the data and AI culture, thus becoming an
obstacle. Complex deployment processes were also reported as
a bottleneck for adoption, as many professionals who develop
models do not have the specific data and ML engineering
knowledge required for deployment.

Main gaps in currently available MLOps solutions: Ex-
isting tools are considered too complex, hindering widespread
adoption. There are gaps in integration with other tools and
applications, and respondents desire greater ease of use and
integration. There is a lack of a medium/long-term and systemic
vision for the models support, as well as an absence of an
effective structure to obtain the ground truth and evaluate model
degradation in production. Specific methods for governance and
versioning of pipelines are also requested. Another point of
emphasis is related to cost and Return on Investment (ROI),
where there is difficulty in aligning technical feasibility with
ROI and controlling costs.

Needs and expectations regarding a full MLOps method-

ology: There is a desire for automation of CI/CD pipelines
for efficiency, reproducibility, and reliability, in order to ensure
comprehensive automation throughout the cycle. There is also
a need for continuous monitoring with detection of data and
concept drift, and performance degradation, including business
impact metrics. A lack of version control for data and models,
as well as traceability for auditing, was reported as a challenge.
They desire a Feature Store that is simple to use and integrated
into the modeling workflow. Solutions that provide explain-
ability and are easy to use, presenting greater integration and
complementarity between MLOps, software development, and
DevOps, is emphasized.

Current governance and version control practices: Most
practices are still manual or heterogeneous among teams, with
models often losing attention after deployment. There is use of
proprietary and internal tools to catalog models and validate
production authorizations. Platforms like Dataiku and MLFlow
are mentioned for providing logs and explainability, facilitating
governance.

C. New methodology proposed

Based on the synthesis of best practices from the literature
review and the latent needs of the industry, this model was
proposed to operationalize the ML life cycle in a continuous,
intelligent, and data-centric manner, addressing the challenges
of complexity, governance, and scalability, which can be seen in
Figure 1. The model is articulated in a continuous and iterative
life cycle, with the following interconnected phases:

Definition of clear business objectives [3], requirements, and
ethical and governance considerations from the outset [24]

Data collection, preprocessing, data validation with valida-
tion automation [6], [10], and data ingestion into the Feature
Store [16]. It includes strategies for dealing with heterogeneous
and massive volumes of data.

Training, hyperparameter tuning with AutoML support [36],
evaluation, and iterative versioning of models and code [9],
[18]. The use of notebooks is enhanced by automatic docu-
mentation tools [31].

Automated process with CI/CD [6], [11], with support for
canary deployment strategies [17], multi-environment deploy-
ment with cloud or edge [26], [28], and optimized inference
management [1], [16].

Continuous detection of data/concept drift, performance
degradation, bias, and anomalies [10], [20], [21].

Explainability (XAI) is fundamental to understanding devi-
ations, and automated triggers initiate retraining or alert for
human intervention [19], [23].

A transversal layer that ensures complete traceability of all
artifacts and decisions in each phase [9], regulatory compliance,
and information security policies.
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Figure 1. Journey of Machine Learning model development life cycle. Source: The Authors, 2024

Note that in Figure 1 there is the block (a) where the
proposed process begins with the definition of requirements.
From these requirements, data preparation is initiated, which
consists of feature selection (b), feature engineering (c), and
feature extraction (d). After data preparation, this dataset is
spitted into a training and test subset (e), and the criterion for
using cross-validation is also defined (f). After this process, the
model training activity begins, which contains a cyclic process
including algorithm selection (g), hyperparameter selection
(h), model training (i), and checking if the model’s perfor-
mance evaluation metric is satisfactory (j). If it does not meet
the business area’s specifications, the hyperparameter tuning
process is invoked (k), and the cyclic process has another
iteration. However, if in activity (j) it is found that the model’s
performance is satisfactory, the journey proceeds to version the
model (l), which will allow triggering the inference pipeline
process (m). This process, in turn, can invoke one of three types
of processing: batch processing (m.1), asynchronous online
processing (m.2), or synchronous online processing (m.3).
After the model is promoted to production in this stage, it
begins to have operational and performance log capture and
monitoring (n), which has three initial validators: observability
(n.1), data-drift (n.2), and concept-drift (n.3). These metrics
may, at some point, indicate the need to update the model (o)
or retrain the model (p). Note that after the execution of task
(m) of the inference pipeline, there is a path in the flow that
leads to block (q) with the model’s prediction result data. These

data are used by the business area to make the decision that
was defined at the beginning of this journey’s cycle.

IV. EVALUATION

The operationalization of Machine Learning models in pro-
duction environments presents a series of complex challenges
that transcend the purely scientific and mathematical domain
of algorithms. Modern corporations, such as Itaú Unibanco
S.A., the largest financial bank in Latin America, often face
significant difficulties in managing the lifecycle of ML mod-
els, from business conception to deployment and continuous
observability [42].

One of the central problems lies in the existence of multiple
decentralized teams that, by using diverse technologies, greatly
hinder the publication and maintenance of models in the com-
pany’s information systems [42]. Itaú’s original infrastructure,
for example, operated entirely on-premises, which not only gen-
erated high costs but also resulted in slow development times
[43]. Data scientists could wait up to six months for memory
and computing resources, and the organization accumulated a
waiting list of more than 100 ML models for deployment [43].

Additionally, the main difficulties included integration with
legacy products, the need to build new processes for delivering
Data Science models in production environments, and the adap-
tation of teams to new work formats [42]. The dispersion of raw
data sources as System of Record (SOR) and the requirement
to create specialized and centralized data sources as Source
of Truth (SOT) and Specialized (SPEC) also proved to be
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significant obstacles for platforms for the design, development,
publication, and observability of models and software artifacts
[42]. To the end, other aspects that are often neglected are re-
lated to software engineering, such as quality, performance, and
reliability, in implementation and deployment in production.

Given this scenario, the architecture and components pre-
sented in the proposal of subsection III-C offer a solution to
the complexity and high volume of data in Machine Learning
Engineering pipelines, particularly in Deep Learning problems,
ensuring the quality and scalability of the computational sys-
tem. The approach integrates the three macro-phases of the
MLOps project life cycle: Experimentation, Deployment, and
Monitoring.

Figure 2. Solution structured with four distinct stages. Source: The Authors,
2024

The proposed architecture, illustrated in Figure 1, consists
of broad platform-like designs, combining concepts of frame-
works, reference architectures, and design patterns to solve the
challenges of model publication. The solution is structured in
four distinct stages, as presented in Figure 2, which operate
in an interconnected and continuous manner, as discussed in
subsection III-C

The practical application of this architecture at Itaú Uni-
banco, evidenced in the hybrid platform among Open-Source
and Cloud Computing offerings, built in partnership with
Amazon Web Services (AWS), demonstrated substantial results,
validating the proposed approach [43]. The main success indi-
cators include:

Reduction in deployment time: The time required to deploy
ML models was reduced from six months to a period of
three to five days. This agility in delivery boosted the bank’s
competitiveness and improved the customer experience [43].

Increased productivity and standardization: The standard-
ization of the solution and better integration of ML pipelines
resulted in a significant increase in the productivity of the data
science team. New employees are integrated more easily, and
the transfer of data scientists among departments has become
more fluid [43].

Scalability and operational efficiency: The adoption of
Amazon SageMaker Studio, using Jupyter Notebooks as the
main development interface, and other AWS services allowed
Itaú to eliminate the waiting list for model deployment. In
less than a year of the new platform, more than 3.200 users
were migrated to Amazon SageMaker Studio, and more than
100 Data Science models were published in the very first few
months [43].

Cost savings: The migration to the cloud resulted in cost
savings compared to the previous on-premises infrastructure,
in addition to optimizing the use of financial resources through
on-demand provisioning [42], [43].

Improved support and governance: The continuous sup-
port from the AWS team and compliance with Itaú’s governance
and security needs were key to the success, with governance
and security issues being resolved by running pipelines to
provide the platform following standardized guidelines for
users [43].

It can be affirmed that the implementation of the proposed
MLOps architecture, evidenced by the results at Itaú, validates
its ability to transform a complex and time-consuming process
into an agile, standardized, scalable, and more cost-effective
operation, allowing data scientists to focus on innovation and
delivering business value.

V. DISCUSSION

The integrated and adaptive MLOps model of this study
looks for to fill significant gaps among the academic state
of the art and the practical needs of the industry. While the
literature recognizes asset management, our model proposes to
centralize all artifacts more explicitly and governed, with the
Feature Store as a central piece for consistent and versioned
data. This directly meets the industry’s demand for better data
versioning and standardization.

The emphasis on pipeline automation (CI/CD/CT/CM) with
the integration of AutoML and automated drift detection differs
from more segmented approaches. This addresses the industry’s
pursuit of efficiency and reproducibility, and the automation
of complex pre and post-production processes. The inclusion
of XAI and business impact metrics in monitoring is an
important contribution to the industry, also including more
robust monitoring for LLMs, given the absence of ground truth
and for ROI visibility, which this model aims to integrate. The
attention to ease of use via no-code/low-code interfaces and
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the automation of notebook and architecture documentation are
differentiators. The survey responses stated the need for more
user-friendly tools and greater comprehensibility of MLOps
knowledge, which often remains concentrated.

Although governance is addressed in the literature review
of the related works, the model proposes an active governance
layer that is not limited to documentary formalities, integrating
automatic traceability and human-in-the-loop for greater control
and compliance in real-time.

A. Comparisons with existing approaches

Existing maturity models [32] provide a path, but the pro-
posed model offers a more detailed framework on how to
advance. Commercial platforms, such as AWS SageMaker or
Azure ML [6], and open-source tools like MLflow [34] and
Airflow [30] are widely used, but the industry still reports gaps
in their integration and ease of use. Our model suggests an
architecture that maximizes the synergy between these tools,
addressing the possibility of combining open-source solutions
with the cloud to balance flexibility and cost. The emphasis on
unifying engineering disciplines (MLOps, Software, DevOps)
is a direct response to the fragmentation perceived in practice.

1) Limitations and implications: The implementation of
such a comprehensive pipeline may require a significant ini-
tial investment in infrastructure and team training, especially
for companies with incipient MLOps maturity. Although the
model aims to simplify, the integration of multiple tools and
components can still be a challenge, especially with existing
legacy systems. As has been seen in recent years, the field
of ML and AI is evolving rapidly, especially in matters of
Generative AI, requiring the proposed model to be flexible
and adaptable to new technologies and methodologies that may
arise. The successful adoption of the model also depends on a
cultural shift within the organization, promoting collaboration
and breaking down silos between data, ML, and software
development teams.

VI. CONCLUSION

This article has proposed and detailed a state-of-the-art
conceptual model for Machine Learning Operations (MLOps)
pipelines, based on a hybrid research approach that combined
a rigorous analysis of scientific literature with valuable insights
from professional practice. The design of this model was
aimed directly at overcoming the challenges inherent in the
Machine Learning model life cycle, from experimentation to
deployment and continuous monitoring. The model critically
addresses aspects such as advanced automation, robust gover-
nance, intelligent management of data and models, explainable
monitoring, and usability, seeking to promote the scalability,

reproducibility, and reliability of ML systems in complex and
dynamic production environments.

The empirical validity and practical effectiveness of the
proposed MLOps architecture were demonstrated through its
application and validation in a large-scale scenario within
Itaú Unibanco S.A., the largest financial institution in Latin
America. The results of this implementation validated the
capability proposed by the pipeline, showing a significant opti-
mization that converted complex and time-consuming processes
into agile, standardized, scalable, and economically efficient
operations. This practical validation not only fills a critical gap
among academic research and industrial needs, by mitigating
bottlenecks such as the technical complexity of creating this
type of solution, but also reinforces the model’s contribution to
facilitating the continuous delivery of strategic value through
ML applications.

Despite the demonstrated robustness, it is known that the
implementation of such a comprehensive MLOps pipeline may
require a considerable initial investment in infrastructure and
team training, especially for companies with incipient MLOps
maturity. Furthermore, the continuous adaptation of the model
is essential in the face of the rapid evolution of AI technologies,
most recently Generative AI, and the need to promote a cultural
shift towards greater multidisciplinary collaboration.

For future work, it is proposed to validate and refine the
model through empirical case studies in various industrial
sectors beyond finance, quantifying its impact on technical
and business performance metrics. Other directions include
the in-depth integration and specific monitoring for Generative
AI and LLM pipelines, the creation of guidelines for the
synergy between software and machine learning engineering
to foster more efficient teams, and the exploration of serverless
components for operational cost optimization. Such research
paths aim to further consolidate the applicability and impact of
the proposed model in the MLOps landscape, driving maturity
and efficiency in the operationalization of artificial intelligence.
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