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lifecycle management system. As Al continues to play a crucial role across
industries, the complexity of managing models—from development to

deployment—presents significant challenges, especially within cross-

functional teams. These challenges include issues such as model

Publication Issue : versioning, metadata management, deployment inconsistencies, and
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communication breakdowns among data scientists, engineers, and business
stakeholders. The proposed system addresses these challenges by providing

a centralized platform that integrates features such as version control,
Page Number :

442-456

metadata management, and automated deployment, thereby improving
transparency and reducing the risk of deployment errors. Furthermore, the
system fosters enhanced collaboration by integrating widely-used project
management tools like GitHub, Jira, and Slack, ensuring that teams remain
aligned throughout the model's lifecycle. By enabling continuous
monitoring and incorporating automated model drift detection, the system
ensures that Al models remain accurate and efficient post-deployment.
This paper also explores the technical implementation strategy for the
system, including the use of containerization, cloud-native infrastructure,
and microservices architecture to ensure scalability and flexibility. The
implications of this work extend beyond technical considerations, as it
enhances collaboration, improves model quality, and accelerates

deployment cycles. Future research directions include exploring
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automation in model updates, scalability in large enterprises, and the

integration of additional tools and frameworks. This work provides a

critical step toward optimizing Al model management, offering a scalable,

efficient, and secure approach to managing Al models throughout their

lifecycle.

Keywords: AI Model Management, Lifecycle Management, Cross-

Functional Teams, Version Control, Model Deployment, Collaboration

Tools

INTRODUCTION

1.1 Context and Relevance

Artificial Intelligence (Al) is rapidly transforming
industries across the globe, ranging from healthcare
and finance to retail and manufacturing. The
increasing reliance on AI models for decision-making,
automation, and customer personalization has made
the management of these models an essential part of
organizational workflows [1, 2]. Cross-functional
teams—comprising data scientists, engineers, and
business leaders—often face significant challenges in
coordinating their efforts to develop, deploy, and
maintain these Al models [3, 4]. The complexity of
managing different versions of AI models, coupled
with the evolving nature of machine learning
techniques, makes this task increasingly difficult. As
organizations scale their Al initiatives, it becomes

establish

strategies that streamline these processes while

imperative  to effective management

ensuring alignment across diverse teams [5, 6].

Moreover, as Al models become more integral to
decision-making processes, the need for reliable
management systems becomes clearer [7]. The process
of managing AI models is not only about ensuring
their accuracy but also about keeping track of model
versions, monitoring their performance in production
environments, and ensuring compliance with
regulatory standards [8, 9]. This calls for sophisticated
systems that can handle the full lifecycle of an Al
and validation to

model, from development

deployment and retirement. In this context,

understanding how cross-functional teams can
collaborate effectively while managing these models
is critical [10-12].

In industries such as autonomous vehicles or medical
diagnostics, mismanagement of Al models can have
disastrous consequences [13]. As such, an Al model
registry and lifecycle management system that
facilitates seamless collaboration and version control
is essential for minimizing errors, improving model
performance, and maintaining regulatory compliance
[14, 15]. This paper aims to address these challenges
and propose a robust solution to support the
management of AI models, particularly in cross-
functional environments.

1.2 Problem Statement

Al model management faces a variety of challenges
that often hinder the smooth operation of cross-
functional teams [16]. One of the most significant
challenges is version control, where different teams
may work on divergent versions of the same model.
This lack of uniformity can lead to inconsistent
outcomes, confusion, and inefficiencies in both model
development and deployment [17]. As Al models
evolve over time, maintaining a record of changes and
updates becomes increasingly complex, especially
when multiple teams are involved. Without an
effective versioning system, it becomes difficult to
track model performance, replicate results, or rollback
to previous versions when issues arise [18].

Another critical issue in AI model management is

deployment. While models may perform well in
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development environments, translating that success
to production can be difficult [16, 19]. Models need to
be integrated with existing systems, and their
deployment often requires careful orchestration
between various tech teams [20]. These teams must
ensure that the model performs optimally under real-
world conditions, which may involve managing
multiple versions of models across different
environments [21]. Often, the lack of a centralized
registry the

deployment delays or errors, particularly when new

complicates process, leading to
models must be integrated into legacy systems or
when scaling models across multiple cloud platforms
[21].

Collaboration is also a significant challenge,
particularly in large organizations where teams are
spread across different geographies. When data
scientists, engineers, and business analysts are not
effectively communicating, it lead to
the

surrounding Al models [22]. Without a unified

can

misalignment in goals and expectations
framework for model management, each team may
operate in silos, which ultimately hinders the overall
efficiency of Al projects. Therefore, a centralized
model registry that supports seamless communication
and collaboration between different teams is crucial
in overcoming these challenges [23].

1.3 Objectives and Scope

This paper aims to develop a conceptual framework
for an Al model registry and lifecycle management
system tailored for cross-functional teams. The goal is
to create a system that facilitates smooth collaboration,
enables version control, and supports the deployment
and monitoring of Al models throughout their
lifecycle. By addressing the challenges identified in
model management, the system should aim to
enhance transparency, reduce errors, and improve
efficiency in AI development and deployment
processes. The scope of the paper focuses on providing
a comprehensive system that can be adapted to
various industries, ensuring its relevance across

multiple sectors.

The proposed AI model registry will serve as a
centralized repository for managing the various
versions of Al models, tracking their updates, and
ensuring that the right models are deployed in the

appropriate environments. Additionally, the lifecycle

management system will incorporate tools for
monitoring models in production, collecting
performance data, and enabling continuous

improvement. By integrating version control and
deployment management, the system will address key
pain points in the Al model management process.
the

functional teams with a collaborative platform that

Furthermore, registry will provide cross-
streamlines communication and decision-making.

This paper will explore the design, implementation,
and potential impact of such a system on cross-
functional collaboration and model management.
Through a review of current practices, tools, and
technologies, it will present a robust framework that
organizations can use to optimize their Al model
management processes. The ultimate objective is to
contribute to the efficient and effective development
of Al systems that can be deployed and maintained at
scale while promoting inter-team collaboration and

reducing operational risks.

Background and Literature Review

2.1 AI Model Management

Al model management is a critical component of
ensuring that machine learning models perform
optimally and remain reliable throughout their
lifecycle [16, 24]. Recent literature highlights the
increasing complexity of managing AI models as they
evolve from development to deployment, requiring
robust systems to track versions, manage metadata,
[25]. AI model
registries, such as MLflow and ModelDB, have

and ensure model compliance

emerged as popular tools for addressing these
challenges [24, 26]. These platforms offer centralized
storage for models, allowing teams to easily track
changes, test versions, and retrieve prior models

when necessary [26]. However, despite their utility,
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many registries still lack advanced integration with
deployment systems, which can create silos between
development and production environments [16, 24].
Monitoring Al models is another critical aspect of
model management. Once a model is deployed in
production, it must be monitored continuously to
detect performance degradation, model drift, or any
unexpected behavior [16, 27]. Studies emphasize the
importance of real-time monitoring systems that can
trigger alerts when models begin to underperform,
allowing for timely intervention [28, 29]. Tools like
Prometheus and Grafana are commonly used for this
purpose, but they often require custom integration
with machine learning pipelines, which can be
resource-intensive [25]. Furthermore, monitoring in
production environments remains underdeveloped in
terms of automated feedback loops that can help
improve model performance over time [30, 31].
Deployment practices in AI model management also
come with challenges. Deploying models often
requires coordination between various teams,
including data scientists who develop the models,
engineers who integrate them into systems, and
business leaders who need to ensure the models meet
organizational goals [32]. Current deployment tools,
such as Kubernetes and Docker, are widely used to
handle scaling and infrastructure concerns. However,
a lack of

standardized best practices for deploying AI models at

literature points out that there is
scale, particularly in hybrid cloud environments [16,
33]. Moreover, ensuring that models are consistently
deployed across different environments without
introducing errors remains a significant challenge in
large-scale Al implementations [32, 34].

2.2 Challenges in Cross-Functional Collaboration
Cross-functional collaboration between diverse teams
is fundamental for the successful deployment and
operation of Al models. Data scientists, engineers, and
business stakeholders each bring unique perspectives
and expertise, but often face communication barriers
that can hinder the overall efficiency of Al projects

[35, 36]. Data scientists typically focus on developing

accurate models, while engineers are tasked with
ensuring that these models can be efficiently

deployed and scaled within the organization’s
infrastructure [17, 37]. Business stakeholders, on the
other hand, are concerned with the real-world impact
of Al models, including their alignment with business
Without

communication and shared objectives, these diverse

goals and customer needs. effective
priorities can lead to misalignment and inefficiencies
(38, 39].

A key challenge in this collaboration is the lack of a
unified framework for model management. Without a
centralized system to track the lifecycle of AI models,
teams often work in silos, leading to discrepancies in
version control, deployment timelines, and
performance monitoring [19, 21]. Literature indicates
that these silos are exacerbated by the rapid pace of
Al development, where changes to models or
infrastructure may not be communicated promptly to
other teams [40]. Additionally, data scientists may not
fully understand the engineering requirements for
scaling models, while engineers may lack the domain-
specific knowledge needed to optimize models
effectively [16]. A robust Al model registry and
lifecycle management system can bridge these gaps by
providing a single platform for collaboration, ensuring
that all teams have access to the same information and
are aligned on model updates and performance
metrics [37].

Moreover, the cultural and organizational challenges
of cross-functional collaboration can also affect Al
model management. In many organizations, the
division between technical and non-technical teams
can lead to a lack of understanding regarding the
importance of specific model management practices
[41-43]. For instance, business stakeholders may not
appreciate the significance of proper version control
or the need for continuous model monitoring, leading
to suboptimal resource allocation [44, 45]. Creating an
inclusive environment where all teams are
encouraged to collaborate on Al model management

can help overcome these challenges. Literature
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suggests that when business and technical teams work
together from the outset, Al models are more likely to
meet both operational and strategic goals, enhancing
their long-term success [41, 42].

2.3 Lifecycle Management Systems

Al lifecycle management systems are designed to
handle the full range of activities involved in
developing, deploying, and maintaining AI models.
Current systems typically offer tools for version
control, model training, testing, and monitoring, but
many still face limitations in terms of integration,
scalability, and user-friendliness [20]. Tools like
(TFX) and Kubeflow are

examples of open-source platforms that provide end-

TensorFlow Extended

to-end lifecycle management capabilities, enabling
teams to automate processes from data ingestion to
model deployment [46-48]. However, these systems
often require substantial expertise to set up and
maintain, and they may not be suitable for smaller
organizations or teams with limited technical
resources [49].

One of the most significant limitations of existing
lifecycle management tools is their inability to
integrate with other platforms used by cross-
functional teams seamlessly [50]. For example, while
TFX and Kubeflow are powerful for automating
machine learning pipelines, they are often
like

management tools or business intelligence platforms,

disconnected from other systems project
which could facilitate better collaboration [50, 51].
This lack of integration between different tools and
systems can lead to inefficiencies, with teams
manually transferring data between systems or failing
to keep all stakeholders up to date on model changes
[52-54]. Literature suggests that overcoming this issue
requires developing integrated platforms that support
the full AI lifecycle, from model development to
deployment and post-deployment monitoring, within
a single, user-friendly interface [55].

Another limitation of current lifecycle management
systems is their focus on technical aspects, often

neglecting the business and operational side of Al

deployment. While many tools offer excellent
technical features, they often fail to provide sufficient
insight into how models align with business goals or
how their performance impacts key metrics [20, 56].
Al lifecycle management must evolve to include
business-driven features that allow stakeholders to
track the ROI of models, assess their impact on
business outcomes, and ensure compliance with
[57, 58].

organizations can make more informed decisions

regulatory standards By doing so,
about the deployment and scaling of AI models. In
conclusion, while current lifecycle management tools
offer valuable capabilities, there is a significant
opportunity to develop more integrated, business-
aware systems that can meet the evolving needs of

cross-functional teams [25].

Proposed System Design
3.1 AI Model Registry

The proposed Al model registry is designed as a
centralized, cloud-based platform that serves as the
single source of truth for all Al models throughout
their lifecycle. At its core, the registry supports
advanced version control, enabling teams to track
changes across different iterations of a model. Each
version of a model is cataloged with associated
metadata, including details about model architecture,
training data, performance metrics, and deployment
environment [59, 60]. This metadata management
ensures that teams can easily identify and retrieve
specific model versions based on their requirements,
whether for debugging, testing, or production
deployment. The system allows teams to maintain a
clear history of updates, ensuring transparency and
reproducibility of results across various iterations [61,
62].

A critical feature of the registry is its access control
functionality. By implementing role-based access
control (RBAC), the system restricts access to specific
model versions, metadata, and other sensitive
information based on the user's role within the
[60, 62]. This ensures

organization that only
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authorized personnel can make critical changes or
deploy models, minimizing the risk of unauthorized
modifications or accidental deployment of incorrect
versions [16, 21]. Access control is also designed to
foster secure collaboration between teams, allowing
data scientists to freely experiment with model
versions while ensuring that engineers and business
stakeholders have access to the necessary information
for their roles [52, 53]. In addition, audit logs are
maintained to track all actions performed on models
within the registry, providing an additional layer of
security and accountability [61, 63].

The architecture of the registry is designed to be
scalable and easily integrated with existing machine
learning platforms and infrastructure. By leveraging
cloud-based storage solutions like Amazon S3 or
Google Cloud Storage, the registry can handle large
volumes of data and support high availability [64, 65].
Additionally, the registry's API layer allows for
seamless integration with tools used by cross-
functional teams, such as Jenkins for continuous
integration/continuous deployment (CI/CD), Jira for
project management, and Slack for communication.
This level of integration ensures that the registry is
not a standalone system but rather an integral part of
the broader Al development ecosystem [66].

3.2 Lifecycle Management Workflow

The Al model lifecycle management workflow begins
with model development, where data scientists and
engineers collaborate to define the model's objectives,
data sources, and training processes. This stage
includes data preprocessing, feature engineering,
model selection, and training [16, 20]. The model
registry plays a key role in this stage by allowing
teams to store different versions of the model as they
experiment  with  various  algorithms  and
hyperparameters. Each iteration is tracked with
metadata to document the decisions made and the
model's performance during training, ensuring that
progress is recorded and that models can be easily

compared.

Once the model is trained and evaluated, it moves to
the deployment phase. The registry enables the
selection of the best-performing model version,
which is then deployed into a staging or production
environment. Automated deployment tools, such as
Kubernetes or Docker, can be integrated with the
registry to streamline this process, ensuring that the
correct version of the model is deployed without
[67, 68]. The

management system also allows for automated

manual intervention lifecycle
rollback to previous versions in case of issues,
minimizing downtime and disruptions. Continuous
integration and delivery (CI/CD) pipelines facilitate
seamless updates and deployment, ensuring that new
model versions can be pushed to production as soon
as they pass testing stages [69, 70].

The final phase of the workflow involves monitoring
and maintaining the deployed models. Once in
production, the model's performance is continuously
tracked, and metrics such as accuracy, latency, and
system resource usage are collected. This monitoring
can be facilitated through integration with existing
tools like Prometheus or Grafana. If any performance
degradation or model drift is detected, the system
triggers alerts, enabling quick intervention by cross-
functional teams. The system also supports model
retraining by feeding new data into the workflow and
updating models accordingly. These updates are then
logged in the registry, ensuring that the model’s
lifecycle is well-documented and that any changes are
tracked.

3.3 Integration with Tech Teams

A key strength of the proposed system is its ability to
facilitate seamless collaboration between cross-
functional teams. By offering a unified platform that
integrates with various tools used by different teams,
the system bridges the gap between data scientists,
[71].
scientists benefit from the model registry by being

engineers, and business stakeholders Data
able to track and manage the versions of their models
while experimenting with different techniques. They

can also share their models with engineers and
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business teams for feedback and iteration, fostering a

more collaborative approach to AI model
development [17, 35].

Engineers, who are responsible for deploying and
scaling Al models, can use the registry’s version
control and metadata management features to identify
the correct models for production environments.
They can also collaborate with data scientists by
providing feedback on model performance and
integration issues, ensuring that the models are
optimized for real-world use. The system’s integration
with deployment tools like Kubernetes and Jenkins
further the

allowing engineers to automate the deployment and

streamlines collaboration process,

monitoring of models with minimal manual
intervention [72, 73].

Business stakeholders, who are often more removed
from the technical aspects of Al development, can use
the system to track the performance of deployed
models and assess their impact on key business
metrics. The registry’s transparent version control and
detailed metadata provide business users with the
information needed to make data-driven decisions,
ensuring that Al models align with organizational
goals [17, 71]. Additionally, the system supports
communication features, such as automatic
notifications and task management, that keep all
teams informed and aligned on the status of different
models throughout their lifecycle. This level of
integration ensures that cross-functional collaboration
is not only possible but also streamlined, resulting in a
more efficient and effective AI model management

process [35, 36, 40].

Implementation Strategy
4.1 System Development and Tools

The development of the AI model registry and
lifecycle management system will follow a modular
approach to ensure flexibility and scalability. The
core of the system will be built using microservices
which

components—such as version control,

architecture, will allow different

metadata

management, and  deployment—to  function
independently but cohesively [74, 75]. For backend
development, Python is an ideal language due to its
robust ecosystem for machine learning and data
science, including libraries like TensorFlow, PyTorch,
and Scikit-learn. Additionally, Flask or FastAPI will
be used to build lightweight RESTful APIs that
facilitate communication between the registry and
external tools [76, 77].

For database management, a relational database such
as PostgreSQL will be employed to store model
metadata, including version information, model
performance metrics, and deployment status. This
ensures that all data is structured and easily accessible
for querying and reporting. In addition, cloud storage
solutions like Amazon S3 or Google Cloud Storage
will be leveraged to handle the storage of large model
files, ensuring that models are stored securely and are
accessible at any time [78, 79].

The frontend of the system will be built using React,
which will provide a user-friendly interface for
different stakeholders to interact with the registry.
This will allow users to visualize model metadata,
versions, and initiate

browse through model

deployment workflows with ease. To support
automation and scalability, Kubernetes will be used
for container orchestration, ensuring that the system
can handle increasing loads as the number of models
and wusers grows. Continuous integration and
deployment (CI/CD) pipelines will be implemented
using Jenkins or GitLab CI to ensure that updates to
the system are seamlessly integrated and deployed to
production without disrupting ongoing operations
[80].

4.2 Collaboration Tools

Integrating collaboration tools like GitHub, Jira, and
Slack will significantly enhance communication and
collaboration across the various teams involved in the
AI model lifecycle. GitHub will be central to version
control for code, with integration into the model
registry system to track changes made to both code

and models [81, 82]. Each update to the model
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repository can trigger automatic versioning within
the registry, ensuring that data scientists, engineers,
and other stakeholders are always working with the
This

minimize the risk of version conflicts and streamline

most up-to-date models. integration will
workflows between data scientists and engineers by
automating the flow of information between code and
model updates [80, 83].

Jira will be used for project management and task
tracking. Tasks related to Al model development,
deployment, and monitoring will be created and
tracked within Jira, with each task linked to the
corresponding model version and metadata within the
registry. This will ensure that all teams are aware of
the status of ongoing tasks and any dependencies
between them [84, 85]. For example, if a data scientist
updates a model, a corresponding Jira ticket can be
created to notify engineers that a new version is
available for testing and deployment. Jira's integration
with GitHub will allow for automated linking of code
changes to project tasks, ensuring that there is a clear
audit trail of actions taken throughout the model’s
lifecycle [85, 86].

Slack, as a communication tool, will be used to
facilitate real-time communication among Ccross-
functional teams. The registry system will integrate
with Slack to send notifications about model updates,
deployment status, or performance issues [87, 88].
This ensures that everyone involved in the process is
immediately informed about important events,
reducing delays caused by missed communications.
Moreover, Slack channels can be set up for specific
model projects, where data scientists, engineers, and
business stakeholders can collaborate and discuss
challenges, results, and next steps in a focused and
organized manner [89, 90].

4.3 Deployment and Monitoring

Deployment and monitoring are crucial for ensuring
the long-term success of AI models, and the proposed
system will adopt a hybrid approach to both. The
deployment of AI models will be managed using

containerization technologies such as Docker and

orchestration tools like Kubernetes [21]. Docker
allows models to be packaged along with their
dependencies, ensuring consistency across different
environments, from development to production.
Kubernetes will provide the orchestration layer to
automate the deployment, scaling, and management
of these containers, ensuring that AI models are
deployed efficiently and can scale automatically based
on demand [91, 92].

The deployment process will be integrated with
CI/CD pipelines to streamline updates and ensure that
the latest model versions are deployed with minimal
manual intervention [93-95]. When a new model is
ready for deployment, the registry will trigger an
automatic pipeline in Jenkins or GitLab CI to build,
test, and deploy the model to the appropriate
The

automated rollbacks to previous model versions if

environment. system will also allow for
issues arise during deployment, ensuring minimal
disruption to production systems [94].

For monitoring, real-time performance tracking will
be implemented using tools like Prometheus and
Grafana. These tools will collect and visualize key
performance metrics such as model accuracy, latency,
and resource usage [96]. Any deviations from
predefined thresholds—such as a sudden drop in
accuracy or increased latency—will trigger alerts to
notify relevant stakeholders [97, 98]. Additionally,
the system will support model drift detection, which
automatically flags changes in data distribution that
may affect model performance [99, 100]. If drift is
detected, the system will suggest retraining the model
with fresh data, ensuring that models remain accurate
and reliable over time. This integrated approach to
deployment and monitoring will help ensure that Al
models continue to operate effectively and that any

issues are quickly identified and addressed [95, 98].

Conclusion and Recommendations
5.1 Conclusion
This paper has presented a comprehensive approach

to developing an AI model registry and lifecycle

International Journal of Scientific Research in Science, Engineering and Technology | www.ijsrset.com | Vol 11 | Issue 4



Toluwase Peter Gbenle et al Int ] Sci Res Sci Eng Technol, July-August -2024, 11 (4) : 442-456

management system, focusing on addressing the key
faced by
managing Al models. The proposed system is designed

challenges cross-functional teams in

to  streamline model versioning, metadata
management, and deployment processes, offering
features like role-based access control, automated
version tracking, and seamless integration with
existing machine learning platforms and tools. By
offering a centralized model registry, this system
ensures that models are easily accessible, well-
documented, and secure throughout their lifecycle,
from development to deployment and monitoring.
One of the primary contributions of this work is the
introduction of an integrated solution that supports
collaboration between data scientists, engineers, and
business stakeholders. Through the integration of
tools like GitHub, Jira, and Slack, the system fosters
real-time communication and project management,
allowing teams to collaborate more efficiently and
effectively. Additionally, the lifecycle management
workflow proposed in this paper ensures that models
are continuously monitored, and performance issues
can be detected and addressed promptly, enhancing
model reliability and reducing the risk of deployment
failures. The system's use of containerization and
cloud-native infrastructure also ensures scalability,
making it suitable for organizations of various sizes.
The paper also highlights the importance of a robust
system for managing Al models, especially as Al
continues to evolve and become more embedded
across different industries. The model registry and
lifecycle management system presented in this paper
is not only a technical contribution but also a strategic
one, offering organizations a way to optimize their Al
operations, ensure model governance, and facilitate
collaboration among diverse teams. This work lays
the foundation for more efficient AI development and
deployment practices, setting the stage for future
advancements in the field.

The implementation of the proposed AI model
registry and lifecycle management system has

profound implications for cross-functional teams

involved in Al model development and deployment.
One the

improvement in efficiency. By centralizing model

of the most significant benefits is
versioning and metadata management, teams can
quickly access the information they need without
wasting time searching through different repositories
or tracking down specific versions. Automated
processes for deployment, rollback, and monitoring
ensure that teams can focus more on high-value tasks
such as model optimization and strategy, rather than
dealing with manual or repetitive processes.

The system also enhances collaboration between data
scientists, engineers, and business stakeholders. In
traditional Al development environments,
communication breakdowns often occur due to the
siloed nature of different teams. Data scientists may
develop models without a clear understanding of
deployment constraints, while engineers may not be
fully aware of the underlying model assumptions. By
integrating project management tools like Jira and
GitHub, as well as communication platforms like
Slack, the system ensures that all teams stay aligned,
share information in real time, and provide feedback
at each stage of the model's lifecycle. This shared
understanding leads to more informed decision-
making, faster iteration, and ultimately, more
successful AI deployments.

Moreover, the proposed system helps improve the
quality of AI models. Continuous monitoring,
automatic model drift detection, and the ability to
quickly roll back to previous versions if issues arise
allow teams to maintain model performance over
time. This ensures that models remain accurate,
relevant, and robust, even as data changes or new
technologies emerge. By fostering collaboration and
providing a transparent, efficient process for model
management, the system enhances both the speed and
quality of AI development, leading to better outcomes
for organizations and their stakeholders.

5.2 Future Research Directions

Although the proposed system offers a comprehensive

solution for managing Al models, there are several
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areas where further research can expand and refine
the framework. One potential area for future
exploration is the automation of model updates.
While the system currently allows for the manual
intervention of model deployment and monitoring,
research into fully automated model retraining and
updating based on real-time data could further
streamline the workflow. This would reduce the need
for human intervention, allowing models to adapt to
changes in data patterns more quickly and efficiently.
Automation in this regard could be particularly
valuable in dynamic environments where data is
continuously evolving.

Another area for future research is the scalability of
the

organizations. As Al models become more integrated

system, particularly in large, complex
into various business units and applications, the need
for scalable solutions that can handle large volumes of
models, users, and data becomes critical. Research
into distributed systems and architectures that can
scale horizontally while maintaining performance and
security would be valuable in addressing the
challenges faced by large enterprises. Furthermore,
investigating the role of edge computing in Al model
deployment could open new possibilities for real-time
model updates and monitoring in resource-
constrained environments.

Lastly, future research could focus on improving the
interoperability of the system with other tools and
platforms. While this paper discusses integration with
GitHub, Jira, and Slack, there are many other tools
and frameworks used in Al development, including
TensorFlow Extended (TFX), Apache Airflow, and
Databricks. Exploring how the registry and lifecycle
management system can integrate with these
platforms could enhance its utility and adoption in
diverse organizational settings. Research into the
development of open standards and protocols for Al
model management could also play a key role in
fostering industry-wide best practices and enabling

better cross-platform integration.
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