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Section 1: Introduction to MLOps and Production ML

.What is MLOps? Definitions, components, and business value e

.Comparison of traditional DevOps vs MLOps e

.The ML lifecycle: from data ingestion to retraining e

.Challenges in deploying ML models at scale e

.Benefits of automation and monitoring in ML workflows e

.(.Key tools and platforms in the MLOps ecosystem (MLflow, Kubeflow, DVC, etc e

.Case study: MLOps in a real-world product environment e

Section 2: Building and Automating ML Pipelines

.Designing reproducible ML workflows using pipeline tools e

.Data validation, feature engineering, and model training pipelines e
.Experiment tracking and parameter logging e

\Version control for datasets, code, and models o

.Using MLflow or DVC for tracking and reproducibility e
.Containerization using Docker for ML applications e

.Best practices for modular pipeline design e

Section 3: Model Deployment Strategies and Infrastructure



.Deployment types: batch, real-time (online), edge, and hybrid e

.Model serving tools: TensorFlow Serving, TorchServe, FastAPI, BentoML e
APl integration and microservice architecture e

.Model packaging and container orchestration with Kubernetes e
.Choosing the right cloud or on-prem environment e

.Hands-on example: deploying a model via REST API e

.Rollout strategies: blue-green, canary, and shadow deployments e

Section 4: Monitoring, Testing, and Model Governance

.Importance of monitoring models in production e

.Key metrics: latency, prediction accuracy, drift detection e
Automating testing: unit tests, integration tests for ML models e
Alerting and rollback strategies for failed deployments e

.Model governance: auditing, compliance, and reproducibility e
.Toolkits for drift detection and quality assurance e

.Logging and observability frameworks for ML services e

Section 5: CI/CD for Machine Learning

.Continuous integration and delivery pipelines for ML e
.Integrating Git, Jenkins, GitHub Actions, or GitLab CI e
.Automating retraining and redeployment on new data e
.Scheduling and orchestration using Airflow or Prefect e
.Building end-to-end automated workflows e
.Cross-functional collaboration and workflow ownership e

.Scaling MLOps for multiple models and business use cases e
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Top 15 Skills
Every Data
Scientist
Needs
in 2025

Top 15 Skills Every Data Scientist Needs in 2025

Discover the top 15 data scientist skills you need to succeed in 2025, including technical,

.communication, cloud, and soft skills—plus expert tips on how to master them
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