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Machine learning (ML) models are no longer confined to research labs. They are 

rapidly permeating every aspect of our lives, from product recommendations to 

fraud detection. To support this widespread adoption, we need a reliable system 

for taking ML models from the drawing board to real-world production, and then 

continuously improving them. This is where MLOps can help.

MLOps, short for Machine Learning Operations, aims to streamline the processes 

of developing, testing, and deploying ML models. Traditionally, 

scientists/engineers would build models, and then IT operations teams would 

struggle to integrate them into production environments.

This manual handoff process was slow and error-prone, and hindered the 

continuous refinement of models as new data emerged. MLOps tackles this 

challenge by incorporating the principles of continuous development (CD) into 

the ML lifecycle.

The good news is that if you're already familiar with DevOps practices, then the 

core concepts of MLOps will feel intuitive. The underlying principles of the two 

paradigms are the same. However, the tools and implementation specifics may 

differ slightly to accommodate the unique needs of ML models.

In this e-book, we will share everything you need to know to get started with 

MLOps. If your company is experimenting with or building ML products, then 

embracing MLOps is no longer optional. The competition for innovative, 

ML-powered applications is fierce, and MLOps enables you to iterate faster, deliver

better models, and stay ahead of the curve.
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Supervised learning: In supervised learning, the algorithm is trained on labeled 

data. This data consists of both input features and desired output labels. For 

example, an email spam filter is trained on emails labeled as "spam" or "not spam". 

Once trained, the algorithm can then predict whether a new email is likely to be 

spam. Examples of supervised learning algorithms include decision trees, linear 

regression, and support vector machines (SVMs).

Unsupervised learning: Unsupervised learning deals with unlabeled data, with 

the aim of uncovering hidden patterns or structures within the data itself. For 

example, an unsupervised learning algorithm may be leveraged to categorize 

customers into different segments based on their buying histories. Common 

unsupervised learning algorithms include k-means clustering, hierarchical 

clustering, DBSCAN (Density-Based Spatial Clustering of Applications with Noise), 

and Self-Organizing Maps (SOMs).

Before we explore the world of MLOps, let's revisit some fundamental concepts. 

This quick primer will help you better understand how MLOps optimizes the 

development, deployment, and management of ML models. 

Machine learning
Machine learning algorithms learn from data to identify patterns and relationships. 

This enables them to make predictions or classifications on new, unseen data. 

Here are some common algorithm types:

Foundations of machine learning
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Data preprocessing: In this stage, your data is cleaned and transformed to 

ensure quality and consistency. Common preprocessing tasks include handling 

missing values, removing outliers, and encoding categorical variables. When the 

data is clean and consistent, the model can focus on learning the underlying 

patterns rather than dealing with data inconsistencies. For example, in a data set 

for predicting loan default risk, you may handle missing values by imputing the 

mean income for missing entries. This would improve the model's accuracy in 

identifying high-risk applicants.

Feature engineering: Feature engineering is the art of creating new features from 

existing data that are more informative for the model. Techniques like one-hot 

encoding, feature scaling, and dimensionality reduction are commonly used in 

feature engineering. For example, suppose you are building a customer churn 

prediction model for a subscription service. Using feature engineering, you may 

create a new feature called "average usage frequency per week" by dividing total 

interactions by subscription duration. This feature would enhance the model's 

ability to predict churn by capturing the temporal aspect of customer behavior.

Reinforcement learning: Reinforcement learning algorithms learn through trial 

and error interactions with an environment. The algorithm receives rewards for 

desirable outcomes and penalties for undesirable ones. Over time, it learns to take 

actions that maximize its long-term reward. This type of learning is often used in 

applications like game playing and robot control. Common reinforcement learning 

approaches include Q-learning, Deep Q Network (DQN), and Actor-Critic methods.

Data is the core of any machine learning model. However, raw data is rarely ready 

for use "as is". Data preprocessing and feature engineering are steps that prepare 

your data for best-possible model performance. Here are brief overviews of both:

Data preprocessing and feature engineering
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Data splitting: The data is typically divided into three sets: training data used to 

train the model, validation data used for fine-tuning hyperparameters (model 

configuration settings), and testing data for evaluating the final model 

performance on unseen data.

Model training: The chosen algorithm is trained on the training data. The 

algorithm learns the underlying patterns and relationships within the data.

Hyperparameter tuning: Hyperparameters control the behavior of the learning 

algorithm. Tuning these parameters is important to optimize model 

performance. Techniques like grid search or random search can be used to 

identify the best hyperparameter configuration.

Model evaluation: In this stage, we assess the performance of the trained 

models on unseen data. Accuracy, precision, recall, mean absolute error, mean 

squared error, and F1-score are some of the common evaluation metrics. These 

metrics provide insights into the model's predictive capabilities.

Once your data is preprocessed and your features are engineered, it's time to train 

your machine learning model. The following is a simplified breakdown of the process:

Model training and evaluation

Communication: Break down silos between development and operations to 

foster a shared understanding of project goals and challenges.

DevOps is a set of practices that aim to improve collaboration between software 

development (Dev) and IT operations (Ops) teams. Here's a quick refresher on some 

key DevOps principles and tools:

Introduction to DevOps



05© 2024, Zoho Corporation Pvt. Ltd. All Rights Reserved. 

Automation: Automate repetitive tasks like building, testing, and deployment. 

This frees up teams to focus on higher-value activities.

Continuous Integration (CI): Developers should frequently integrate code into a 

central repository to allow for early detection and resolution of integration issues.

Continuous Delivery (CD): Automate the software release process to enable 

frequent and reliable deployments to production environments.

Infrastructure as Code (IaC): Manage infrastructure using code (e.g., with tools 

like Terraform) to ensure consistency, repeatability, and version control.

Monitoring and feedback: Continuously monitor applications in production to 

identify and address issues proactively.

Version Control Systems (VCS): Git, a distributed VCS, is widely used for code 

versioning and collaboration.

Configuration management: Ansible and Puppet are popular tools for 

automating infrastructure provisioning and configuration.

CI/CD Tools: Jenkins, GitLab CI/CD, and Travis CI are some popular options for 

automating builds, tests, and deployments.

Containerization: Docker is a leading platform for creating and managing 

containerized applications.

Monitoring tools: Site24x7, Prometheus, and Grafana are popular tools for 

monitoring application performance and infrastructure health.

The DevOps movement is fueled by a rich ecosystem of open-source tools that 

empower teams to automate their workflows. Here are a few popular examples:

Notable DevOps tools

https://www.site24x7.com/
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At its core, MLOps shares many of the same principles as DevOps. Both 

methodologies emphasize collaboration, automation, and continuous delivery. They 

aim to streamline complex workflows and break down silos between different teams.

However, MLOps extends these DevOps practices to encompass the specific 

challenges of managing machine learning models, data, and applications. In MLOps, 

teams not only focus on automating the build, test, and deployment processes but 

also on managing the lifecycle of ML models, from data collection and preprocessing 

to model training, evaluation, and deployment.

In this section and the many that follow it, we will dive deeper into the world of MLOps.

Understanding MLOps

Manual workflows: Traditional ML workflows often involve manual steps, 

which can lead to inefficiencies and inconsistencies.

Data silos and versioning issues: Data used for training can be scattered 

across different locations, which makes it difficult to track versions and ensure 

consistency.

Model drift and degradation: Over time, real-world data shifts, causing models 

to perform poorly. Traditional workflows lack mechanisms for proactive 

detection and remediation.

MLOps is gaining traction as a software engineering paradigm because it helps solve 

many challenges in traditional ML workflows. Let’s explore a few:

Why do we need MLOps?
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Reproducibility challenges: Difficulty in replicating the exact environment and 

data used to train a model can lead to unexpected behavior in production.

Limited collaboration: Data scientists, developers, and operations teams often 

work in silos. This hinders communication and knowledge sharing.

MLOps is helping organizations deliver high-performing models faster. Here’s how:

How MLOps overcomes 
challenges and streamlines the ML lifecycle

Automating manual workflows

MLOps automates key tasks throughout the ML lifecycle, including data 

preparation, model training, deployment, and monitoring. This frees up data 

scientists and developers to focus on more fruitful activities like feature 

engineering, model optimization, and algorithm selection. Automation also 

reduces human error and increases consistency in the development process.

Data versioning and management

MLOps tools ensure that data used for training and evaluation is tracked and 

versioned. This eliminates the issue of data silos and allows all stakeholders to have 

access to the correct data sets. Version control systems also make it easier to 

identify the root cause of issues if a model performs poorly.

Continuous monitoring and feedback loops

MLOps incorporates automated monitoring of model performance metrics like 

accuracy, precision, and recall. Deviations from expected performance can trigger 

alerts, prompting data scientists to investigate and potentially retrain the model 

with fresh data.
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Reproducibility through version control and experiment tracking

MLOps promotes version control of not just code, but also data and model versions 

used in each experiment. This allows for easy replication of the training environment, 

ensuring the model performs consistently when deployed to production. Experiment 

tracking tools enable data scientists to compare different training runs and identify 

the configurations that yielded the best results.

Breaking silos

MLOps promotes collaboration between data scientists, developers, and operations 

teams by providing a central platform to manage the entire ML lifecycle. Smoother 

communication and knowledge sharing leads to a more efficient development 

process and faster time to market for ML-powered applications.

MLOps encompasses several tools and technologies that ensure efficient 

management of data, models, and infrastructure. We cover a few of these tools below.

Components of MLOps

Data versioning and management

Data versioning tracks changes made to data sets used for training and evaluation. 

Each data version is tagged with a unique identifier, which allows users to revert to 

previous versions if needed. Additionally, metadata management tools can be 

integrated to capture details about the data, such as its source, its format, and any 

transformations applied.

Git (VCS) and DVC (Data Version Control for Machine Learning) are two popular 

choices for data versioning and management. End-to-end MLOps tools like MLflow 

also offer versioning and tracking features natively.
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Model versioning and tracking

MLOps platforms store model artifacts, including trained models, serialized weights, 

configuration files, and evaluation metrics. These artifacts are versioned and tracked 

over time. The platforms also capture and track metadata about model training 

experiments, including hyperparameters, training data, and evaluation results.

Some handy tools for model versioning and tracking are:

Infrastructure as Code (IaC)

Manually managing the infrastructure for training and deploying ML models can get 

more difficult as your data and performance needs grow. By adopting IaC, MLOps 

teams are able to define infrastructure requirements using code written in declarative 

languages like YAML or JSON. This infrastructure code is treated like any other code 

and stored in version control repositories alongside ML code and artifacts.

Terraform and Ansible are popular tools for defining ML infrastructure as code. 

Kubernetes, a container orchestration platform, can be used to manage and scale 

deployments of ML models.

Git Large File Storage (LFS) for storing models alongside code.

MLflow, which includes a built-in Model Registry.

Neptune.ai, a model registry and experiment tracking platform.
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Implementing MLOps
The world of MLOps might seem complex, but implementing these practices can 

be broken down into a series of manageable steps. To guide you on your MLOps 

journey, consider the following roadmap:

Define goals and objectives

Start by defining clear goals and objectives for your MLOps initiatives. Identify key 

use cases, business requirements, and success criteria to guide your 

implementation strategy. Answer questions like:

Build cross-functional teams

MLOps thrives on collaboration. Assemble a cross-functional team with 

representatives from data science, development, operations, and other relevant 

functions. This team will be responsible for planning, implementing, and 

maintaining your MLOps practices.

Establish infrastructure

Determine whether existing infrastructure resources can be repurposed or if new 

resources need to be provisioned. For example, you may need to provision 

additional virtual machines, containers, or cloud-based resources to support data 

processing, model training, and deployment tasks.

What pain points will MLOps help us resolve?

How does MLOps align with our business objectives and strategic priorities?

What metrics will we use to measure implementation progress and eventual ROI?
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Select the right tools

With the infrastructure in place, you are ready to choose the MLOps tools that align 

with your needs and preferences. Must-have MLOps tools include version control 

systems (VCS) for data and code (e.g., Git, DVC), model management platforms 

(e.g., MLflow, Neptune.ai), CI/CD pipelines (e.g., Jenkins, GitLab CI/CD), 

containerization tools (e.g., Docker), and monitoring solutions (e.g. Site24x7).

Implement version control

Use the chosen version control system to manage code, data, and model artifacts. 

Adhere to version control best practices, including the following:

Build reproducible pipelines

Develop reproducible pipelines for automating tasks throughout the ML lifecycle, 

including data preprocessing, model training, evaluation, and deployment. This 

ensures that models can be recreated without the risk of any errors caused by 

manual intervention.

Create separate repositories or branches for different components of 
your project, such as code, data, and model artifacts.

Commit changes frequently with clear and descriptive commit 
messages to track the evolution of your project

Incorporate code reviews as part of your version control workflow to 
ensure code quality

Leverage version tagging to mark significant milestones or releases 
in your project's development timeline.

https://www.site24x7.com/
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Monitor and manage models

Don't let models drift into oblivion. Continuously monitor the performance of 

deployed models using relevant metrics. Set up automated alerts to identify 

performance degradation and trigger retraining or adjustments as needed.

Iterate and improve

MLOps is an ongoing journey. Analyze the results of your MLOps practices, identify 

areas for improvement, and refine your approach over time. For example, if your 

data processing pipelines are taking too long to execute due to resource conflicts, 

you can consider increasing resources and/or implementing parallel processing to 

improve efficiency.

Best practices for MLOps
While performing the aforementioned steps, adhere to the following best practices 

to make your MLOps implementation a resounding success:

Use rigorous testing and model evaluation techniques

Don't deploy models into production without thorough testing. Incorporate 

different testing workflows, such as unit testing, integration testing, and A/B 

testing, into your ML pipelines to ensure that model performance meets 

expectations and generalizes well to unseen data.

Use serverless infrastructure to deploy models

Deploy models via serverless platforms like Catalyst AppSail to forego the need to 

provision and manage infrastructure manually, and pay for only the resources your 

models consume. Moreover, serverless deployments can auto-scale up or down 

based on demand, ensuring optimal performance without the need for manual 

scaling.

https://catalyst.zoho.com/app-sail.html?src=header
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Regularly update and patch software and operating systems to address known 

vulnerabilities.

Limit access rights to only authorized users and roles based on the principle of 

least privilege.

Encrypt communication channels and use secure protocols such as HTTPS for 

data transmission.

Implement access controls, encryption techniques, and data anonymization 

where appropriate.

Continuously monitor models for potential biases or performance drift that 

could lead to security vulnerabilities.

Secure your model APIs using authentication and authorization mechanisms.

Serve models via RESTful APIs

Expose your trained models as RESTful APIs. This will make it easy for applications 

and services, both internal and third-party, to integrate with your models. 

Additionally, the stateless nature of RESTful APIs leads to increased scalability and 

resilience, as each request contains all the information required for processing.

Prioritize overall security

To protect your MLOps infrastructure from security threats and vulnerabilities, keep 

these security considerations in mind:
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Document everything

Maintain clear and comprehensive documentation throughout the MLOps 

implementation. Document data sources, feature engineering techniques, model 

architectures, hyperparameter tuning strategies, pipeline stages, and other relevant 

aspects of the ML lifecycle. Thorough documentation improves knowledge sharing, 

simplifies collaboration, and proves valuable during troubleshooting sessions.

Promote collaboration and communication

Effective MLOps requires open communication and collaboration between data 

scientists, developers, testers, algorithm engineers, and operations teams. Establish 

clear communication channels and deploy collaborative tools that provide a central 

platform for all stakeholders to share information and work together.

Cultivate a culture of measurement

Track key metrics throughout the ML lifecycle to measure the success of your MLOps 

practices. Metrics like deployment time, model performance, and speed of client 

delivery can help you identify areas for improvement and demonstrate the value 

proposition of MLOps to stakeholders.

Implement explainability and interpretability

Prioritize model explainability and interpretability to enhance transparency, 

accountability, and trustworthiness. Techniques like feature importance analysis, model 

interpretation methods, and explainable AI frameworks can be used in this regard.
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Using QuickML 
as an end-to-end MLOps solution
Implementing MLOps from scratch can be a time-consuming and complex endeavor. 

The sheer number of processes to implement, stakeholders to align, and tools to 

deploy and integrate can quickly overwhelm even the most dedicated teams. 

If you're looking for an alternative to building MLOps from the ground up, QuickML 

can be a compelling option. It’s a no-code ML pipeline builder platform that abstracts 

away many of the complexities of MLOps. 

With QuickML, you can leverage a visual drag-and-drop interface to architect 

multi-stage ML pipelines: ingesting data, performing transformations, training 

models, evaluating performance, and deploying models to production — all within a 

user-friendly, code-free environment that even non-developers can quickly master.

Here’s a quick overview of the four key modules of the QuickML

Data sets

Easily import structured data into QuickML from multiple sources, including 

databases, cloud data stores, local files, and other Zoho applications.

Customize the sync frequency to periodically synchronize data from 

multiple sources.

Instantly generate data set profiles containing statistical data for columns of 

different data types.

Create a variety of visualizations, such as composition, distribution, 

relationship, and comparison charts, for insightful data analysis.

Use data set versioning to manage multiple versions of the data.

https://catalyst.zoho.com/quickml.html?src=header
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Pipelines

Use the pipeline builder interface to easily drag and drop ML components to build 

a model, with a criteria editor available to customize the required configurations.

Automatically retrain your model whenever the data set is updated, or as needed.

Build pipelines with a single click on any data set available in QuickML.

Store different versions of pipelines, complete with execution statistics recording 

compute stats, processing time, memory usage, and more.

Models

Upon pipeline execution, QuickML generates a model with comprehensive 

evaluation metrics.

Monitor the evaluation metrics and accuracy of different models to identify the 

best performing version.

Endpoints

Create endpoint URLs for any model version and easily test them with 

sample requests.

Publish and roll back to any desired model version, whenever needed.



Having a well-oiled MLOps system in place is crucial for companies building ML 

products. In this ebook, we explored the concepts and workings of MLOps, and shared 

practical advice on how to get started. We hope that you’ll be able to leverage this 

knowledge to implement MLOps, streamline your ML development lifecycle, improve 

model performance, and ultimately, unlock the true potential of your AI initiatives.

Conclusion and next steps

Need further help or guidance? Reach out to us 

reach out to us for a free consultation, 

available for a limited time.

Get Free Consultation

https://catalyst.zoho.com/
https://catalyst.zoho.com/consultation.html

