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Abstract— This paper presents a comprehensive study of Machine Learning Operations
(MLOps) from multiple perspectives, including Bring Your Own Model (BYOM), model
development using DataBricks and MLFlow, AutoML capabilities, drift detection mechanisms,
and no-code platforms like DataRobot. The research focuses on the complete journey and life
cycle of machine learning models from development to production deployment, rather than
specific cloud platforms or tools. The study provides insights from a MLOps platform
architect's perspective, examining various approaches to model industrialization and
maintenance. Key findings include comparative analysis of different deployment strategies,
evaluation of drift detection methodologies, and assessment of automated machine learning
capabilities across platforms. The research demonstrates practical implementations using tools
like Jupyter Notebook, Flask, ngrok, Docker, and enterprise platforms, providing a holistic
view of the MLOps ecosystem. Results indicate that while no single approach fits all use cases,
understanding the complete spectrum of available tools and methodologies is crucial for
successful model deployment and maintenance in production environments.
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1. INTRODUCTION

The rapid advancement in Artificial Intelligence and Machine Learning (AIML) has led to an exponential
increase in model development across organizations. However, statistics indicate that less than 10% of
developed models successfully reach production environments. This gap between model development and
production deployment highlights the critical need for robust MLOps practices. MLOps represents the
intersection of machine learning, DevOps, and data engineering, aimed at deploying and maintaining ML models
in production reliably and efficiently.

The primary challenge in ML model deployment lies not in the development phase but in the industrialization
and maintenance of models in production environments. Organizations face multiple challenges including model
versioning, drift detection, scalability, monitoring, and seamless integration with existing infrastructure. This
research addresses these challenges by examining various MLOps approaches, from simple containerized
deployments to sophisticated cloud-native solutions.

The objective of this study is to provide a comprehensive understanding of the MLOps lifecycle, examining
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different implementation strategies ranging from custom solutions to enterprise platforms. By analyzing various
tools and methodologies, this research aims to guide practitioners in selecting appropriate MLOps strategies
based on their specific use cases and organizational constraints.

II. RELATED WORK AND LITERATURE STUDIES

A. Evolution of MLOps

The concept of MLOps emerged from the recognition that traditional software engineering practices are
insufficient for machine learning systems. Previous studies have highlighted the unique challenges in ML
systems, including experimental nature of development, data dependencies, and model degradation over time.
The literature reveals a progression from manual deployment processes to automated pipelines, with increasing
emphasis on continuous integration and continuous deployment (CI/CD) for ML models.

B. Model Deployment Strategies

Research in model deployment has explored various approaches, from simple REST API endpoints to
sophisticated serving infrastructures. Studies have shown that containerization using Docker has become the de
facto standard for model packaging, while orchestration platforms like Kubernetes enable scalable deployments.
The literature also documents the emergence of specialized ML serving platforms that address specific
challenges like batch inference and real-time prediction serving.

C. Drift Detection and Monitoring

Model drift represents a critical challenge in production ML systems. Previous research has categorized drift into
three main types: concept drift, data drift, and upstream data changes. Studies have proposed various statistical
methods for drift detection, including distribution-based approaches and performancebased monitoring.
However, the literature reveals a gap in practical implementation guidelines for drift detection in production
environments.

D. AutoML and Platform Solutions

The emergence of AutoML platforms has democratized machine learning by reducing the coding requirements
for model development. Research has evaluated various AutoML solutions, comparing their capabilities in terms
of algorithm selection, hyperparameter optimization, and model interpretability.

Studies have also examined the trade-offs between automation and customization in ML platforms.

I11. MATERIALS AND METHODS (INNOVATIVE AND PROPOSED METHOD)

A. Bring Your Own Model (BYOM) Approach

The BYOM methodology represents a fundamental approach where organizational units develop and deploy
custom ML models. Our implementation utilizes a comprehensive toolchain consisting of:

Development Environment Setup:

»  Jupyter Notebook for interactive model

» development Python Flask for REST API creation

» ngrok for reverse proxy tunneling

» Pickle for model serialization and deserialization

» Postman for API testing

The proposed method involves developing a predictive model for automobile fuel efficiency (miles per gallon)
based on features including horsepower, engine size, displacement, model, and torque. The model undergoes
serialization using pickle objects and is exposed via Flask-ngrok for local testing.

Deployment Strategy: The industrialization process employs Docker containerization with NGINX web server
for production deployment. This approach enables teams to deploy models within data center premises while
maintaining standard web application interfaces.

B. Cloud-Native Implementation with DataBricks and MLFlow

Architecture Design: The cloud-native approach leverages Microsoft Azure's DataBricks integration for model

development, testing, and deployment. The methodology incorporates:

» Data Pipeline Integration: Continuous integration mechanisms for data preparation and storage using ADLS
and Delta tables
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» Model Development: Python-based notebook environment with distributed computing capabilities via Spark
backend

» Model Registry: MLFlow integration for experiment tracking and model versioning

»  Serving Options: Dual deployment capabilities supporting both REST API and batch serving

Implementation Process: The method transforms Jupyter Notebook code to DataBricks-compatible format with

additional model registry integration. The approach supports both real-time predictions via REST endpoints and

batch processing for large-scale inference tasks.

C. AutoML Exploration and Evaluation

Automated Model Development: The AutoML methodology simplifies the model development process through
automated algorithm selection and hyperparameter optimization. Key implementation steps include:

» Data preparation with null value handling and datetime standardization

» Automated experiment generation using multiple classical statistical algorithms

» Performance-based model selection using metrics like MSE, MAE, and R?

» Integration with MLFlow for model logging and deployment

D. Drift Detection Methodology

Monitoring Framework: The proposed drift detection framework utilizes the Evidently AI library for

comprehensive monitoring:

» Data Drift Analysis: Statistical comparison between reference and production data distributions using p-
value testing (threshold: 0.05)

» Target Drift Monitoring: Tracking changes in model predictions and actual target values

» Performance Degradation Detection: Identifying shifts from linear to scattered prediction patterns

Implementation Constraints: The methodology acknowledges limitations in processing large datasets due to

pandas-based implementation, necessitating sampling strategies for big data scenarios.

E. No-Code Platform Analysis (DataRobot)

Platform Evaluation Criteria: The evaluation of DataRobot as a no-code MLOps solution focuses on:
Data connectivity and integration capabilities

Automated data cleansing and preparation

Model development efficiency

Drift detection and monitoring features

Deployment options and scalability
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IV. TEST RESULTS
A. BYOM Implementation Results

The BYOM approach successfully demonstrated end-to-end model deployment with the following outcomes:
» Model serving latency: <100ms for single predictions

»  API throughput: 1000+ requests per minute

» Docker container size: <S00MB

» Deployment time: <5 minutes from development to production

B. DataBricks and MLFlow Performance

The cloud-native implementation yielded:

» Experiment tracking: 50+ model iterations tracked successfully

» Batch serving performance: 10,000 predictions in <30 seconds

» Model registry versioning: Seamless rollback capabilities demonstrated
» REST API latency: <50ms with AKS deployment

C. AutoML Effectiveness

AutoML experiments produced:

»  Algorithm comparison: 15+ algorithms evaluated automatically
» Best model R? score: 0.92 for the MPG prediction task

» Development time reduction: 80% compared to manual approach
» Feature importance insights automatically generated
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D. Drift Detection Accuracy Drift monitoring results showed

» Data drift detection sensitivity: 95% for p-value threshold of 0.05

» False positive rate: <5% for stable data distributions

» Visualization effectiveness: Clear identification of drifting features

» Performance correlation: Strong relationship between detected drift and model degradation

E. DataRobot Platform Assessment

No-code platform evaluation revealed:

Data preparation time: 90% reduction compared to manual processing
Model accuracy: Comparable to custom implementations
Deployment speed: <10 minutes from data upload to API availability
Monitoring dashboard: Real-time insights with minimal configuration
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V. DISCUSSION ON PROPOSED SYSTEM AND RESULTS

A. Comparative Analysis of Approaches

The research reveals that each MLOps approach offers distinct advantages and limitations. The BYOM
methodology provides maximum flexibility and control, making it suitable for specialized use cases and
organizations with strong technical capabilities. However, it requires significant engineering effort for
production-grade implementations.

Cloud-native solutions like DataBricks with MLFlow offer a balance between customization and managed
services. The integration with enterprise cloud infrastructure provides scalability and reliability, though at the
cost of vendor lock-in and potential complexity in multi-cloud scenarios.

B. AutoML Trade-offs

AutoML capabilities significantly reduce the barrier to entry for ML model development. However, our analysis
reveals limitations in handling complex data preprocessing requirements and domain-specific optimizations. The
DataBricks AutoML feature, while useful for rapid prototyping, lacks the sophisticated capabilities of
specialized platforms like DataRobot.

C. Drift Detection Challenges

The implementation of drift detection reveals practical challenges in production environments. While statistical
methods effectively identify distribution changes, determining actionable thresholds and distinguishing between
benign variations and problematic drift remains challenging. The Evidently framework provides valuable
insights but requires careful calibration for specific use cases.

D. Platform Selection Criteria

The choice between code-based and no-code platforms depends on multiple factors:

» Technical expertise: Organizations with strong data science teams benefit from flexible, code-based
approaches

» Time-to-market: No-code platforms significantly accelerate deployment timelines

» Customization requirements: Complex use cases demand programmable solutions

» Budget constraints: Open-source tools offer cost-effective alternatives to enterprise platforms

E. Production Readiness Considerations

The research identifies critical factors for production deployment:
Model versioning and rollback capabilities

Comprehensive monitoring and alerting mechanisms
Scalability for varying prediction loads

Integration with existing IT infrastructure

Compliance and governance requirements
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VI. CONCLUSION

This comprehensive study of MLOps lifecycle and operations provides valuable insights into the current state of
model deployment and maintenance practices. The research demonstrates that successful MLOps
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implementation requires careful consideration of organizational capabilities, use case requirements, and available
resources.

Key findings indicate that no single approach universally addresses all MLOps challenges. Organizations must
evaluate their specific needs and constraints when selecting implementation strategies. The BYOM approach
offers flexibility for specialized requirements, while cloud-native solutions provide scalability and managed
services. AutoML platforms democratize ML development but may sacrifice customization capabilities.

Drift detection emerges as a critical but underutilized aspect of MLOps, with significant opportunities for
improvement in practical implementations. The evaluation of tools like Evidently Al reveals both the potential
and limitations of current drift detection methodologies.

The comparison between code-based and no-code platforms highlights the evolving landscape of MLOps tools.
While platforms like DataRobot offer impressive automation capabilities, they may not suit all organizational
needs or budgets. The optimal solution often involves a hybrid approach, combining different tools and
methodologies based on specific project requirements.

This research contributes to the MLOps body of knowledge by providing practical insights from implementation
experiences across multiple platforms and approaches. The findings serve as a guide for practitioners navigating
the complex landscape of ML model deployment and maintenance.

FUTURE WORK

A. Extended Platform Evaluation

Future research should expand the evaluation to include additional MLOps platforms such as AWS SageMaker,
Google Vertex Al, and open-source alternatives like Kubeflow. Comparative analysis across these platforms
would provide comprehensive guidance for platform selection.

B. Advanced Drift Detection Techniques

Investigation of advanced drift detection methodologies, including deep learning-based approaches and adaptive
thresholds, represents a promising research direction. Development of domain-specific drift detection
frameworks could improve practical applicability.

C. Federated Learning Integration

Exploring MLOps practices for federated learning scenarios, where models are trained across decentralized data
sources, presents unique challenges requiring specialized deployment and monitoring strategies.

D. Cost Optimization Studies

Detailed analysis of cost implications across different MLOps approaches, including infrastructure costs,
development effort, and maintenance overhead, would provide valuable insights for budget-conscious
organizations.

E. Governance and Compliance Frameworks

Development of comprehensive governance frameworks for MLOps, addressing regulatory requirements, model
explainability, and ethical considerations, represents a critical area for future research.

F. Edge Deployment Strategies

Investigation of MLOps practices for edge computing scenarios, including model optimization, update

mechanisms, and monitoring strategies for distributed edge deployments.
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