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ABSTRACT

This paper examines the current state of MLOps and emphasizes the importance of developing
ML and Al-powered applications. The study commences by defining MLOps and conducting a
Literature Review to highlight critical studies in this area. It then delves into the current state of
MLOps, providing examples of how major tech companies implement MLOps across their
organizations. Additionally, the paper discusses the benefits of utilizing MLOps and addresses
deployment challenges in the current process. Furthermore, it proposes an innovative solution
to improve existing practices. It presents a technical architecture system design for
implementing this novel approach using GenAl to enhance and streamline the MLOps
deployment process.
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1. INTRODUCTION

We live in an exciting time when Artificial Intelligence has become a household term. Everyone
uses some form of Al application. These Al-powered apps are built by analyzing and learning
from a vast amount of data the world produces every second. Companies collect these data and
create Machine Learning models to provide intelligent solutions to their users. Al has influenced
several industries — Finance [1], Commerce Platforms [2], Gaming [3], etc. NFTs [4][35][36] are
upcoming tech and Al can have profound impact to it. To provide intelligent and innovative
products/services, ML algorithms must be productionized, and the process of productionizing the
ML algorithms is known as MLOps. It stands for a collection of tools and techniques to
productionize ML algorithms [5]. ML can be categorized into two states - Supervised Learning
and Unsupervised Learning. As per a report by Deloitte, "MLOps can encourage experimentation
and rapid delivery, helping enterprises industrialize machine learning" [6].

2. LITERATURE REVIEW

MLOps is a new and upcoming field with limited existing research, as the scientific community
and practiconers have recently started exploring its potential [7]. This section will discuss some
of the field's critical developments and ongoing evolution. Notably, the scientific community
demonstrated the pivotal role of ML in assisting the government during the Covid crisis [8].
Additionally, Sculley et al. emphasized the complexity and substantial technical debt associated
with maintaining ML systems [9]. At the same time, Makinen et al. conducted a global survey of
data scientists to confirm the global importance and criticality of MLOps [10]. Ruf et al.
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examined and presented their findings on selecting the best open-source tools that are available
for various operational and execution phases of MLOps [11]. Furthermore, Schelter et al. delved
into the criticality of data quality in ML applications and proposed APIs for large-scale
automated quality verification [12]. Finally, researchers have underscored the importance of
continuous delivery for Machine Learning systems [13][14]. But none of the existing study talks
about an advanced automated GenAl powered MLOps deployment tech. the paper bridges the
gap in the current literature by proposing a new concept in the following sections.

3. OVERVIEW OF MLOPS

This section will provide an overview of the MLOps. It will go in details about the current state
of the industry, MLOps benefits, discuss the lifecycle and will review how MLOps is being
practiced in Big Tech.

3.1. Current State

The market size of MLOps in 2024 is estimated to be around $3 Billion. It is expected to reach a
whopping $60 Billion by 2033, growing at a CAGR of 40% [15]. The market will be captured
majorly by Large Enterprise - 71%. Some prominent companies in this space are Amazon, IBM,
Microsoft, Databrick, and Google. Google Trends [Fig. 1] shows a steep rise in interest in
MLOps starting in 2022, proving that more companies are trying to adopt MLOps for their ML-
based application development and deployment. However, according to a survey, only 47% of
these models are going into production [16]. The financial sector presents a massive opportunity
for MLOps learners and practitioners as the sector is bound to leverage data and use ML to
automate many back-office and front-office processes [17].
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Figure 1. MLOps Google Keyword Trend
3.2. Benefits of MLops

There are benefits to doing MLOps, such as making it a widespread practice across big techs and
startups. Some of the critical benefits of MLOps are:
o It builds trust by automating the deployment process through testing and validation
o Helps organizations maintain and scale several ML-based applications on production
e MLOps helps organizations better manage and maintain big data. It helps organizations
to deploy solutions faster on production
e MLOps helps teams and organizations be at the forefront of Compliance law by
automating tasks and better-managing data to maintain the laws in different regions.
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3.3. MLOps Lifecycle

As seen in Fig. 2, the MLOps lifecycle begins with Data gathering and cleaning, and it is an
iterative process where ML Engineers, Data Scientists, Data Engineers, and Software Engineers
work together to build, train, deploy, and measure ML Models. Different companies have
different versions of this model, but at a high level, this is how the life cycle for any ML-based
application is managed. To effectively implement MLOps processes, companies often build core
capabilities powered by in-house ML platform technologies or built by integrating vendor
capabilities [18].
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Figure 2. MLOps Process Lifecycle

3.4. MLOps in Big-Tech

Meta has released its white paper to showcase how it has built the infra that powers its
ecosystem, fueled by ML and Al algorithms built on the massive dataset produced by Meta
Platforms [19]. Similarly, Google has released a couple of papers around MLOps, discussing the
technical debt [9] and describing the MLOPS lifecycle, processes, and infra requirements [18].
Nvidia is another big-tech company that's at the forefront of the deployment of Al and ML
models. Nvidia blogs provide a sneak peek into its processes for handling the MLOps pipeline
[20][21]. Spotify, a global music-streaming app company, has written about its ML Infra and its
workflow to build, deploy, and maintain ML Algorithms to power its app worldwide in its
engineering blog post [22][23]. Uber, another global tech company, has shared in its blog how it
has built the infra to scale and operate MLOps processes [24][25]. Most companies globally have
a strategy to implement MLOps to elevate their technical processes and build a robust platform.

3.5. Tools & Technologies
Some of the end-to-end popular MLOps platforms are DataRobot, Azure ML, Databricks,

Domino, Amazon SageMaker, Metaflow, Vertex Al, Weights & Biases, Valohai, Kubeflow,
TrueFoundry. Of these Kubeflow and Metaflow are open-source platforms.
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4, CHALLENGES IN ML DEPLOYMENT

MLOps comes with quite a few challenges and it makes the overall experience of the developers
frustrating. It involves too much manual work which makes it time consuming and intricate.
Also, this makes MLOps error prone, putting the business systems at risks. The following sub-
section will highlight the challenges in the current ML Deployment process.

4.1. Model Versioning and Management

Managing multiple versions of ML models and tracking changes over time can become complex
during deployment [26].

4.2. Scalability and Performance

Ensuring deployed ML models can handle varying workloads and scale effectively is critical.
Resource constraints, such as limited memory or processing power, can impact the performance
and responsiveness of deployed models, especially in high-demand scenarios [27][28].

4.3. Dependency Management

ML models often rely on complex dependencies, including libraries, frameworks, and external
services. Managing these dependencies and ensuring compatibility across different environments
can be difficult while deploying.

4.4. Data Drift and Model Decay

ML models are trained on historical data, which may become outdated or no longer represent the
current environment. Addressing data drift and model decay requires continuous monitoring and
retraining strategies to maintain model accuracy and effectiveness in production [29].

4.5. Monitoring and Maintenance

Once deployed, ML models require ongoing monitoring and maintenance to detect performance
degradation, address issues promptly, and incorporate feedback for continuous improvement.

5. LEVERAGING GEN Al IN MLOPS

Recent developments in GenAl can ease the deployment of models at various levels. One of the
premises was that the packaging of models results in ease of deployment and maintains traffic
well; GenAl can play a significant role in that. We tried a methodology where models could be
packaged based on the size of the group, correlated workloads, and Machine Type (CPU/GPU
types) rather than a manually trying to create them. By automating the packaging process with
GenAl, organizations can streamline deployment workflows, reduce manual intervention, and
ensure that models are efficiently deployed and maintained to handle multiple workloads and
resource limitations.

e Automated Workload Analysis: GenAl can be used to do a lot of tasks and in this paper,
authors propose a new model to analyze MLOps workloads using advanced pattern
recognition and data analysis techniques, analyzing workload size, complexity, and
resource requirements.
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Contextual Understanding: GenAl understands the context of the workload, considering
multiple factors like correlated workloads and machine types (CPU/GPU types). It
analyzes and structures how these factors influence the optimal packaging configuration
for deployment.

Recommendation Generation: The proposed system generates recommendations for the
most suitable packaging configuration. It considers available CPU/GPU types, memory
constraints, and expected traffic patterns, ensuring efficient resource utilization and
optimal performance.

Continuous Learning: The GenAl model keeps on learning from the past deployments
and their performance metrics and with new existing processes. It keeps on updating and
revising its recommendations over time, adapting to changes in workload pipelines and
deployment environments.

Streamlined Deployment Workflows: By automating the packaging process with GenAl,
organizations streamline deployment workflows. They reduce manual intervention and eliminate
the need for human experts to manually analyze and configure deployment settings.

6. SYSTEM ARCHITECTURE DESIGN

Steps:

Figure 3. System Design

Identification of New Workload: The process begins when a new workload is introduced
to the existing group.

Metric Understanding: The model collects essential data, including workload size,
memory capacity requirements, traffic utilization patterns, and the cost associated with
the machine's SKU, and comes up with all-around recommendations that align with the
task.

Model evaluation/inference: The model analyzes the collected data in detailed and
determines the optimal deployment processes. This analysis considers various factors
such as workload, available resources, and cost efficiency.
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e Prediction: The model analyzes several factors and parameters to predicts the right
grouping for the deployment pipeline.

e Recommendations: The model provides recommendations on potential adjustments to the
machine's SKU to effectively accommodate the new workload. Sometimes, it may
suggest creating a new group with specific machine specifications, including type, cores,
and thread count.

e Presentation to Tech Team: Three recommendations are presented to teach teams
responsible for deployment. These recommendations outline deployment options
customized to the specific use case and overall business objectives.

e Recommendation Evaluation: The team evaluates the recommendations. The team
considers several factors such as performance, scalability, and cost-effectiveness when
deciding on which recommendation to choose.

e Decision Making: The team selects the most suitable deployment option from the
recommendations provided by the model from their dashboard. The decision is based on
careful consideration of all relevant factors.

e Deployment: Post decision making, the deployment process is initiated according to the
chosen option. This may involve deploying the model to an existing group or creating a
new group with the recommended machine specifications.

e Monitoring and Optimization: The system is continuously monitored to ensure optimal
performance after deployment. Adjustments may be made based on real-time data and
feedback to optimize resource utilization and cost efficiency.

6.1. Deployment using a grouping of workloads

Deploying hundreds of models at scale poses a significant challenge [30], particularly when
managing workloads across diverse geographical regions within a DevOps pipeline [31]. Suppose
an organization is tasked with deploying hundreds of models across various geo-regions [32]; the
complexity arises in precisely tracking each model to its respective endpoint deployment while
ensuring real-time deployment without disrupting production traffic.

To address this challenge, our study explored a grouping of models based on common
characteristics. Each group is assigned a dedicated endpoint, with slight variations in the
additional query pattern. This approach streamlines the deployment process, reducing complexity
and minimizing monitoring overhead.

For example, an e-commerce platform operating globally, might want to deploy recommendation
models targeted to regional preferences. Each group will be associated with a distinct endpoint by
categorizing models based on product categories, user demographics, or purchasing behavior.
Categorization allows for efficient deployment management, enabling seamless updates or
additions to the model portfolio without causing disruptions or compromising performance. Also,
this grouping strategy supports simplified monitoring [33], as administrators can focus on
monitoring performance and health metrics at the group level rather than individually tracking
each model. This enhances operational efficiency across the entire deployment infrastructure.

6.2. Example
Let us consider an example scenario involving an e-commerce platform [34] deploying

recommendation models across different regions, as discussed above. Here is a hypothetical
dataset showing how models could be grouped based on common characteristics, Table 1:
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Table 1. Endpoints for Grouping ML Models by SKUs

Model ID | Product Category Region Endpoint URL
001 Electronics USA https://us-recommendations.com/model1
002 Fashion USA https://us-recommendations.com/model2
003 Electronics Europe | https://eu-recommendations.com/modell
004 Fashion Europe | https://eu-recommendations.com/model2
005 Electronics Asia | https://asia-recommendations.com/modell
006 Fashion Asia | https://asia-recommendations.com/model2

Product categories are used to create distinct Models, such as "Electronics” and "Fashion.”. Each
category has models deployed in different geographical regions: USA, Europe, and Asia. Models
within the same category and region share a common endpoint URL with a slight variation in the
model identifier (e.g., "modell™ and "model2").

This grouping strategy allows for efficient management and deployment of recommendation
models. For example, if there is an update to the "Electronics" recommendation model, it can be
rolled out simultaneously across all regions where electronics are sold, using the standard
endpoint URLSs associated with the respective model groups.

The deployment process becomes simpler and we can focus on monitoring and tracking
performance and health metrics at the group-level by categorizing the models as discussed above.

7. CONCLUSION

In conclusion, utilizing recent advancements in Al facilitates streamlining machine learning
model deployment through automated packaging methodologies. By utilizing GenAl's
capabilities, organizations can optimize their deployment workflows, reduce manual workloads,
and effectively manage several workloads and resource challenges. GenAl empowers
organizations to make informed packaging decisions by using the proposed system design and
implementing GenAl powered MLOps deployment process. Using this advanced deployment
strategy, organizations can truly harness the power of LLMs and enhance their efficiency and
serve their users faster and better.

This paper along with others is just the start of utilizing GenAl to advance the deployment
process of MLOps systems. Researchers should continue to explore and study further to develop
more advanced and nuanced GenAl use cases and algorithms to further the field and introduce
advanced Al algorithms and techniques that’ll disrupt the changing landscape for good.
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