
Journal of AI-Assisted Scientific Discovery  
By Science Academic Press, USA  94 
 

 

Journal of AI-Assisted Scientific Discovery  

Volume 4 Issue 2 
Semi Annual Edition | July - Dec, 2024 

This work is licensed under CC BY-NC-SA 4.0. 

Deploying Real-Time Machine Learning Models in DevOps 

Environments: A Hybrid MLOps Approach 

Jane Smith, Ph.D., Senior Data Scientist, Data Innovations Lab, San Francisco, USA 

Abstract 

The integration of real-time machine learning (ML) models into DevOps environments has 

emerged as a critical capability for organizations seeking to enhance their operational 

efficiency and data-driven decision-making. This paper discusses a hybrid approach to 

Machine Learning Operations (MLOps) that facilitates the seamless deployment of real-time 

ML models in DevOps settings. By synthesizing best practices from both traditional DevOps 

and advanced ML workflows, this approach aims to minimize downtime, ensure scalability, 

and maintain robust performance in production environments. Key components of this 

hybrid model include continuous integration and deployment (CI/CD) pipelines, monitoring 

and feedback mechanisms, and the use of containerization technologies. The paper further 

examines the challenges associated with deploying real-time ML models, such as data drift, 

model performance tracking, and infrastructure management. Through case studies and 

practical applications, the findings underscore the importance of adopting a hybrid MLOps 

strategy to effectively bridge the gap between ML development and operational deployment. 
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Introduction 

The rapid evolution of machine learning (ML) technologies has transformed how 

organizations approach data analysis and decision-making processes. Real-time ML models, 

which process and analyze data instantaneously, are increasingly crucial in various industries, 

including finance, healthcare, and e-commerce. However, deploying these models within a 
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DevOps environment poses unique challenges that require an innovative approach. DevOps 

practices focus on collaboration between development and operations teams to improve 

deployment frequency and reduce lead time for changes, but integrating ML models into this 

framework demands a nuanced understanding of both domains. 

The concept of Machine Learning Operations (MLOps) has emerged to address the 

complexities of deploying and maintaining ML models in production. MLOps extends the 

principles of DevOps to the ML lifecycle, encompassing model training, validation, 

deployment, monitoring, and maintenance. This paper proposes a hybrid approach to MLOps 

that combines traditional DevOps practices with specialized ML techniques to streamline the 

deployment of real-time ML models. By leveraging continuous integration and deployment 

(CI/CD) pipelines, effective monitoring mechanisms, and containerization technologies, 

organizations can ensure minimal downtime, scalability, and robust performance. 

 

Hybrid MLOps Framework 

A hybrid MLOps framework integrates the best practices of both DevOps and MLOps, 

facilitating a seamless transition from model development to production deployment. At its 

core, this framework consists of several key components: CI/CD pipelines, containerization, 

and monitoring tools. 

CI/CD pipelines are essential for automating the deployment of ML models. Continuous 

integration allows data scientists and ML engineers to merge their code changes frequently, 

enabling automated testing and validation of the model's performance before deployment. 

Continuous deployment ensures that validated models are automatically released into 

production, reducing the time to market for new features or updates. This streamlined process 

not only enhances collaboration among teams but also minimizes human error, resulting in 

more reliable deployments [1]. 

Containerization technologies, such as Docker and Kubernetes, play a crucial role in this 

hybrid approach. By encapsulating ML models and their dependencies within containers, 

organizations can ensure consistent environments across development, testing, and 

production stages. This consistency mitigates issues related to environmental discrepancies, 
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such as library versions or configuration settings, which can lead to model failures or 

suboptimal performance [2]. 

Monitoring is another critical aspect of the hybrid MLOps framework. Continuous monitoring 

of deployed ML models allows organizations to track performance metrics, detect data drift, 

and ensure that models remain effective over time. This real-time feedback loop enables rapid 

responses to performance degradation, ensuring that models continue to deliver accurate 

predictions in production. Advanced monitoring tools can provide insights into model 

behavior, data quality, and system performance, facilitating informed decision-making [3]. 

 

Challenges and Solutions in Real-Time Deployment 

Despite the advantages of a hybrid MLOps approach, deploying real-time ML models in 

DevOps environments presents several challenges. One of the primary concerns is data drift, 

which occurs when the statistical properties of the input data change over time. Data drift can 

significantly impact model performance, leading to decreased accuracy and reliability. To 

address this issue, organizations must implement robust monitoring and retraining strategies 

[4]. 

Regularly scheduled retraining of models can help mitigate the effects of data drift. By 

continually updating models with new data, organizations can ensure that their predictions 

remain accurate and relevant. Additionally, implementing automated monitoring systems 

that detect data drift can trigger alerts for model retraining, streamlining the maintenance 

process [5]. 

Another challenge is managing the infrastructure required to support real-time ML models. 

The computational resources needed for real-time inference can be substantial, necessitating 

effective resource allocation and scaling strategies. Container orchestration platforms like 

Kubernetes can help organizations dynamically scale their infrastructure based on demand, 

ensuring that resources are utilized efficiently without compromising performance [6]. 

Moreover, integrating ML models into existing DevOps workflows can require significant 

cultural and organizational shifts. Collaboration between data scientists, software engineers, 
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and operations teams is essential for fostering a shared understanding of goals and 

responsibilities. Establishing clear communication channels and shared objectives can 

enhance collaboration and drive successful deployments [7]. 

 

Case Studies and Practical Applications 

Several organizations have successfully implemented hybrid MLOps approaches to deploy 

real-time ML models within their DevOps environments. For instance, a major e-commerce 

platform adopted a hybrid MLOps framework to enhance its recommendation system. By 

utilizing CI/CD pipelines and containerization, the organization significantly reduced the 

time required to deploy new model versions. Continuous monitoring of user interactions 

allowed for timely adjustments based on real-time data, leading to improved customer 

engagement and increased sales [8]. 

Similarly, a financial services company implemented a hybrid MLOps approach to optimize 

fraud detection. By deploying real-time ML models using Kubernetes, the organization 

achieved scalability and robust performance under varying workloads. Continuous 

monitoring systems detected anomalies in transaction data, prompting immediate action and 

reducing fraud losses significantly [9]. 

These case studies illustrate the tangible benefits of a hybrid MLOps approach in real-world 

scenarios. By leveraging CI/CD practices, containerization technologies, and continuous 

monitoring, organizations can deploy real-time ML models effectively while maintaining high 

performance and reliability. 

 

Conclusion 

In conclusion, deploying real-time machine learning models in DevOps environments 

requires a strategic and integrated approach. A hybrid MLOps framework that combines best 

practices from both DevOps and MLOps offers organizations the tools necessary to minimize 

downtime, ensure scalability, and maintain robust performance. Key components, including 

CI/CD pipelines, containerization, and monitoring mechanisms, play critical roles in this 
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process. While challenges such as data drift and infrastructure management persist, 

organizations can overcome these obstacles through effective strategies and collaboration 

among teams. The case studies presented demonstrate the practical applicability of a hybrid 

MLOps approach, highlighting its potential to drive success in deploying real-time ML 

models. As organizations continue to embrace data-driven decision-making, adopting a 

hybrid MLOps strategy will be essential for maximizing the impact of machine learning 

technologies in production environments. 
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