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Foreword

We reap what we sow. We are the makers of our own fate.
None else has the blame, none has the praise.
— Swami Vivekananda

The learning is a never-ending process. This is a 3600 circle by
which you can rehearse and enhance your skills. This is a process
to learn -> implement -> analyze -> fix -> and so on. Sometime, we
can also call 7-colors of life (not RAINBOW). All these colors attract
us to achieve our dreams. This book gives you a push towards one
step ahead to achieve your dreams.

This is our brain, which tells the meaning of juggle (here refer to
above para). In general, the possibility of following two types of
brain:

* first, can assess the meaning of the words similar to above para,

e gsecond, can’t assess or find it difficult to assess

If you are of first type have to read this book and if of second type
then must to read this book. Now, start reading this page from its
first line until first stanza complete. There are chances that you
repeat the reading twice, thrice or more time but in every cycle of
reading you will find that you're getting the actual meaning of the
juggle. Once you're doing this, in every read cycle, your brain is
self-preparing, so, that when you try to recall the meaning then your
brain will tell you. This is what we called Train-the-model. Here
model can be any object (in our case, it is brain). This is what the
machine learning refers to. I am sure, you're smiling and thinking
is machine learning so easy. Yes, it is the beauty of this book and
the hard-work of the author. Author drafted and presented the
contents in such a way that you'll adapt the technique very easily,
just like biting a bread. I started this foreword with the quotes of
Swami Vivekanand and this book expounds the quote. Do adhere
the rules explained by the author and be the creator of your fate.
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The author has built the basic blocks of the widely used topics in
detailed manner, and are:

* Initial setup — Identifying the team, priorities the business
problems and so on.

e ML Life cycle.

e ML Architecture.

¢ Training ML models, Building ML pipeline.

¢ Deployment & consumption, Operational Aspect.
This book is built with basic blocks and can be a ready reckoner for
any professional or student. The book has code-examples and can be
found in the repository as mentioned thereon for specific chapters.
After reading this book, you will realize that now you are ready to
learn advance things and if you already know advance concepts

then you will find yourself refreshened with the additions /updates
what we have in the current version of the language.

While you read this book, remember these lines from the poem of
Robert Frost:
The woods are lovely, dark and deep,
But I have promises to keep,
And miles to o before I sleep,
And miles to go before I sleep

I hope you appreciate this book as much as I did. And I hope you
enjoy working on ML projects. Enjoy!

Dr. Gaurav Aroraa
New Delhi, India



Dedicated to

Data Aficionado
Because of whom the understanding of the
power of data has come a long way.....
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Preface

Building correct machine learning models are a big challenge.
Getting machine learning models to generate business value are
even more challenging. Most ML models just get stuck in the
experimentation phase and never make it to production. This
can happen due to poor planning, lack of technical expertise and
disconnect between data scientists and software engineers, among
other reasons. As a result, it is imperative to have a set of processes
that help in tackling these issues.

MLOps, which is a set of practices for deploying and monitoring
machine learning models efficiently, will help solve a lot of technical
challenges faced during machine learning projects. But it is also
important to have the right team as well as a proper business plan for
the project to be successful. This book will serve as an introduction
and as a guide to both, the technical and the organizational aspects
of machine learning projects.

How the book is structured

The book is divided into two parts. The first part talks about the
organizational and business aspects of machine learning projects.
This includes topics such as building the right team, defining and
validating the idea and business plan, exploratory data analysis,
and the machine learning lifecycle. The second part discusses the
technical side of operationalizing machine learning projects. You
will learn how to train, deploy and monitor ML models in a reliable
and efficient manner.

How to use this book

It is recommended to read the book in the presented order, from
beginning to end. You should also try out the code samples to better
understand the processes involved in building a robust machine
learning system.
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CHAPTER 1

DS/ML
Projects —
Initial Setup

Introduction

In this chapter, we will see how to initiate the data science project in
an organization. The resources and steps to successfully identify and
utilize the potential of data science will be discussed. Questions such
as what needs to be validated, the potential outcomes, and how to
move forward after each question will be covered.

Structure

In this chapter, we will cover the following topics:

Overview

Onboarding right people

Business problem and their prioritization
Data identification and collection

Idea validation

The potential outcome of an idea validation
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Objectives

This chapter aims to guide the leaders, technical project managers,
or experienced data scientists to identify and plan the resources
and timelines to establish the data science project successfully for
generating revenue, optimizing processes, and so on. This chapter
will also be the baseline for the forthcoming chapters, wherein, we
will discuss each step in detail.

Overview

Every organization today is trying to utilize the data and is spending
a lot on the resources by hiring data scientists, data engineers, and
the cloud platform for creating data lakes and enabling them with
various tools to generate value out of the data. However, one thing
that will set these organizations apart from the rest in the analytics
space is the business problem clarity. It sounds very straightforward;
however, we often observe that the decision-makers have decided to
solve a problem, only to realize that there is no data or insufficient
data.

Data is the new Oil, a particular quote that is very famous these days
and very apt in the current world, as everything is connected and
generates a massive volume of data. To utilize the oil, you need to
have abasic understanding of the various uses of the oil. For example,
the oil can be used to power a vehicle, power machinery, or, if you are
an oil producer, you can generate revenue from its sale too. Similarly,
to utilize the data, there needs to be a clear business vision and, at the
same time, identify what data is available to the organization.

This chapter will discuss how a clear path can be found by following
a simple exercise, to align all the stakeholders. This way, the ROI
can be found on the investment in the data and in relation to the
resources, and the decisions can be taken as to whether it is worth
moving forward or something else needs to be done first.

Onboarding Right People

Figure 1.1 highlights the people/roles that should be identified before
starting any ML /DS exercise, as shown as follows:
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BUSINESS REPRESENTATIVE PRODUCT OWNER/BUSINESS ANALYST DATA SCIENTIST

KEY RESPONSIBILTY KEY RESPONSIBILTY.

KEY RESPONSIBILTY

* Understand Data available in + Derive insights from data

* Come up with business problem )
enterprise

+ Define right KPI based on the data
* Define ROI on each business

problem « Convert business problem into

data problem * High level performance

expectation on the KPIs finalzied
* Highlevel KPIs acceptable for

solution to be productionized * Act as liaison between business

and data science

1. All the role can be played by a single person also, at the same time each role may require
multiple person

2. Key responsibly doesn’t mean that only that role is responsible for that task, that means
they need to own it and coordinate internally with other two roles.

Figure 1.1: Key responsibilities of the right people

The first task is to assemble the right team to do an idea validation,
to see the value coming out of the data. The crew on a high level
should consist of the business decision-makers, the person(s) with
knowledge of internal data and their business relevance, and the
data scientists/analysts who must get their hands dirty in the data.

To give an example, consider an I0T scenario, where the organizations
have enabled many sensors to monitor the health of the equipment or
installation, in real-time. This is great; however, the actual value will
come from the equipment's future behavior. This can be captured via
the sensors by answering the following questions:

e What is the probability of equipment failure and when can
this take place?

e What is the optimal value on which the equipment gives the
best performance?

e Whenis that optimal value reached when the performance of
the equipment is best?

e When do particular parts in the equipment need to be
replaced?

As you can see, not all problems are predictive, and they are not supposed
to be.
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Another example can be taken from retail, an industry which is very
matured in performing data analytics/science. However, there are
always new problems that can be solved, like if a retail store is selling
high-cost durable products like television or bed, the following
questions come to mind:

e How to recommend a related product?

e When is the right time to recommend a replacement product,
and so on?

The idea is to give a clear example of the business problems which,
if solved, can add value. However, to achieve that, each stakeholder,
that is, the business decision-makers, product owners, or business
analysts, and data scientists, should play their respective roles.

The business decision-maker can be anyone depending on the
business; for example, in the first scenario (IoT), it will be the
engineers or managers who look into the operations where the
equipment is used. The product owners will be the engineers
who use that equipment and the sensor data for their day-to-day
operation. The product owners clearly understand what all data is
generated and captured along with the impact each sensor's data has
on the equipment. Their task is to highlight any existing problem
or identifying new problems which, when solved, will lead to an
increase in the operation’s efficiency.

Another example (Retail) would be to consider the lead generation,
where the business decision-maker can be the sales guy looking for
leads. The product owner, in this case, will identify the kind of group
to target and where all the data that is required to them is available.
Once done, they can coordinate with a data scientist to proceed
further.

The role of the business decision-maker, product owner, and the
data scientist can be played by a single person, and at the same time,
multiple people can be involved to accomplish a single task.

A critical aspect of this whole exercise is to understand the value
proposition for the business, in case the business problem is solved.
Do not invest in the resources unless a clear business value outcome
can be defined with the data. Otherwise, it creates a lot of wasted
efforts and financial loss.
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Business problem prioritization

Figure 1.2 highlights a way to prioritize the problems, where the data
can be utilized to generate value, as shown as follows:

BUSINESS
PROBLEMS
IDENTICATION

ion will make an exh ive list of they
want to solve, with clear ownership and value the
solution will generate

Data requirement based on problem statements
identified. Organization owned data and any second and
third party data requirement and all the cost associated
with it

DATA ANALYSIS Analyse the available data and generate insights to check
the feasibility of use case at hand

PRIORTIZED
BUSINESS
PROBLEMS

DATA VISIBILTY

Successful use cases for whom data is available and show
promising results

Figure 1.2: Prioritizing business problems

The first step is to have a clear business problem, know what sort
of outcomes will solve it, and if solved, what value will it generate;
all this should be jotted down across the organization. This exercise
might be time-consuming but is very important. It will not only
enable the organization in the short term, but also help with a long-
term vision of building the data assets. Even if the list of business
problems is too long, it is not an issue. However, it would be a good
idea to take the top five or ten out of the list.

Once the problem statement is finalized, the next step is to analyze the
data that is available to the organizations in-house and any additional
data that they need to acquire from outside the organization. The
cost of acquiring the data should also be taken into consideration.
Unlike the business problem, this step is a collaborative exercise.
The business and data representative(s) need to work together to
clearly lay out the data that is required to solve each problem. This
will help filter out the problems, which can be solved and prioritized
accordingly.

After the data is finalized, the third step is to analyze the data. In
this step, the business problem statement is converted into a data
problem statement, and to a certain extent, this starts in the previous
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step, however, on a very superficial level. This exercise clearly defines
as to what extent the problem can be solved and the results to be
expected. Only the problems showing promising business outcomes
should be prioritized.

After all the preceding steps are completed, the business problem
showing promising results should be selected and explored further.

Data identification and collection

After the business problem(s) is identified, the next step is to break
the business problem into a data problem. This step needs someone
who understands the organization's internal data, also known as the
primary data, that is available. They also need to be aware of any
secondary data that is available, like demography statistics, weather,
and so on, and any third-party data that can be acquired.

In case a data scientist has enough business experience, he/she can
complete the task on his own. Otherwise, a product owner, with
the help of a data scientist, should accomplish this task. The data is
generally spread across multiple data warehouses and applications.
The secondary and third-party data also needs to be ingested in one
place. For continuous analysis, the data needs to be in one place,
but for the initial exercise, these data can be manually collected
from multiple sources. Once the business value is highlighted from
the data, it will give enough value to create a centralized data lake.
However, most organizations, without having a clear vision of how
they will utilize the data, are going ahead and creating a data lake,
which is not a bad practice, but it is always better to have something
to justify the need.

Identification of the relevant data is easier said than done and involves
a lot of time and resources. For example, consider that someone
wants to identify whether a customer will churn; in this case, the
relevant data can be the transactional details of the customer, product
details, and so on, which are easily available in the organization. At
the same time, the mean salary of the customers living in a particular
zip code, or the economic health of the city of the customer, and so
on, are good information to have as they can add value, but these
might not be readily available with the organization. In this scenario,
it becomes important to differentiate the data set into the following
three buckets:
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e Must have data.
e Good to have data.

e Data whose relevancy can't be established without
exploration.

The must-have data is required to start exploring the solutions for the
business problem. The good to have data is where all the stakeholders
are aligned; that data will give additional information to solve the
problem but is not a showstopper, especially in the idea validation
phase. Then, there are data that might have an impact or might not
but can't be commented on without a thorough exploration of the
business problem at hand. The same dataset can change the bucket
for different problems at hand; for example, the weather data might
be a must for a specific problem and can fall in the good to have or
needs to be explored bucket for another set of problems in the same
organization.

The exercise of identifying the relevant data is time-consuming, and
a lot of analysis is required, like checking the data quality and the
data utility for the problem at hand. There are tools like Python and
R and techniques (which we will discuss in the later chapters) to do
that, and a data scientist must be well versed with these tools and
techniques. Once the data is finalized, the next step is idea validation,
which we will discuss in the following section. The goal of idea
validation is to check the performance via selecting the right KPIs
and deciding the way to move forward.

Idea validation

Idea validation is a common practice before the full-fledged product
development starts. In the data science projects, we need to follow
a similar approach. Once we are done with the business problem
identification and data identification, we need to quickly formulate
the problem around the data and prepare the data. Of course, at
times, there might be several challenges depending on the industry
and the regulation in data collection.

The first step is to obtain the data in such a manner that you follow all
the regulations, for example, GDPR!, HIPPA?, and so on, and at the
same time, avoid PIP, that is, the data is properly encrypted. These
things need a proper system in place, which is beyond the scope of
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this book, but in case these systems are not in place, make sure these
things can be done on an ad-hoc basis as quickly as possible.

After the data is available, Exploratory Data Analysis (EDA)
(discussed in detail in a later chapter) should be done. The challenges
the data poses and any sort of insight that can be derived from the
data, keeping the problem statement in mind, should be explored.
This core task is performed by a data scientist. When the insights are
available, all the stakeholders should be involved, and the insights
should be communicated in a language that every stakeholder
understands. This is important because, based on the insights and
its understanding, each stakeholder provides the input. The input
impacts the course of action in handling the problem or, in certain
scenarios, changes the problem itself. This is where it gets very
challenging for the data science project compared to the typical
product development. With this into account, the goal of the
idea validation is to provide a high-level insight into what can be
expected and how good the results will be for a particular problem,
given the data is finalized. This should also be tried out for multiple
business problems identified, as it might happen that you can have
satisfactory results for a few, and for others, you need more data or
rework on the problem itself. Once equipped with this information,
it gives the leaders a clear-cut edge in investing and building a data
platform where an ROI can be easily seen.

The steps to move forward after idea validation are discussed later
in the following chapters in detail, but if there is no clear direction,
this step should be performed, just to check the hypothesis and its
feasibility. With the computational resources available on-demand on
the cloud, you don't need to invest too much upfront unless a clear
direction and ROI on that is easily available to justify the investment
further on building the resources, both computational and human.

Potential outcome of an idea
validation

There can be different outcomes that are based on multiple factors;
primarily, the main factors are data and the business use cases. In
the rush of implementing the data science practices, one should not
ignore the fact that the available data might not be able to give an
acceptable answer to the business problem at hand.
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Multiple business problems and quick validation of them with the
data will help the organization to quickly take a call in the right
direction regarding their data strategy.

There are mainly one of the following three outputs that can be
expected for any use case:

e The data is good enough to provide insights into the business
problem at hand.

e The data is insufficient and additional data will be required.
Additional data can be more attributes of the entity or more
entities themselves.

e The available data is insufficient to solve any problem.
External collaboration needs to be there to derive any value
out of the data.

There is a subtle difference between the second and the third
outcome, that is, in the second outcome, you know you need some
additional data in terms of quantity or features of the existing entities
(like a customer, product, and so on), and then you might achieve an
acceptable outcome; however, in the third outcome, you are certain
that the data you own alone won't be able to solve any of the business
problems and we need to collaborate with businesses looking for
these types of data. A typical example of the third outcome is the IoT
companies as they generate a lot of sensor data; however, in silos, not
much can be achieved out of these data points.

The first outcome would be the ideal outcome, and the rest of the
books will take the first outcome into consideration. Most of the time,
organizations spend heavily on resources like cloud subscriptions,
data lakes, and data scientists/engineers without defining and
validating the business problems. The problem in this approach is
that no one has any clue, in which direction they should move, and
they want to derive the value on the investment made as quickly as
possible. This creates a recipe for disaster, and the steps discussed
in this chapter should be executed properly to avoid such scenarios.

In the later chapters, we will consider that the organizations have
a clear business problem defined and have the right data. We will
discuss the key practices and components that should be available
to onboard the use cases faster and, at the same time, conduct new
experiments for a new business problem.
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Conclusion

In this chapter, we discussed and outlined what constitutes a
good team structure to establish a data science practice inside an
organization. There should be a business decision-maker, a product
owner, and a data scientist, who should work together to identify
and prioritize the use cases that will have clear ROI and can be solved
with the available data. This chapter also highlights, at a high level,
the thought process behind looking at data for a specific problem and
making the decision about the problem.

This chapter builds the foundation for all the upcoming chapters in
this book, and it will be assumed that an organization has done its
homework, as mentioned in this chapter, before moving on to the
next steps.

Points to remember

1. Identifying business problems and the person(s) responsible
for taking the decision on those, is the key for setting a
successful ML practice.

2. The team should contain three types of roles for the initial
setup of the ML practice — Business decision-maker, Product
owner, and data scientist.

3. An individual can play multiple roles, and at the same time,
multiple people might be required for a single role.

4. Understanding the available data limitations and strengths
are critical for the use case at hand.

5. The primary, secondary, and third-party data and how to
distinguish them.

6. Idea validation and potential outcome for each of the use
cases finalized.

Multiple choice questions

1. Assume that you are working on a project where you have
to recommend a product to the customer; which of the
following role will the sales guy play?
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Business decision maker
Product owner
Business owner

None of these

2. How is the third-party data different from both the primary
and the secondary data?

a.

b.
C.

d.

It is processed data insights that are available for
consumption outside the organization.

It is the primary data for some other organization.
Combination of primary and secondary data

No difference

3. If you want to analyze and predict the electricity
consumption of a geography, which bucket will you keep
the weather data in?

a.

b
C.
d

Good to have
Must have
It can't be established without exploration.

Not required

4. What is the potential outcome of the idea validation in the
ML project?

a.

b.

The business problem can be solved with the current
dataset.

The business problem cannot be solved with a current
dataset.

Additional data is required to solve the business
problem.

Any one of the above.



12

Operationalizing Machine Learning Pipelines

Answers

L
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Key terms

Business decision maker: The person who has the authority
to make a decision, for example, sales head, engineer head,
and so on, depending on the use case.

Productowner: The person who understands the organization
business, at least the vertical of interest and the data that the
organization owns.

Primary data: The data that the organization owns.

Secondary data: The data, which is available like weather,
and so on, as the primary data of some other vendor.

Third party data: The data, which is useful but has to be
acquired from multiple vendors and aggregated / processed.
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CHAPTER 2

ML Projects:
Lifecycle

In this chapter, we will discuss the different stages of the data science
projects and how to manage them. We will also highlight the critical
outcomes and when the project moves from one phase to another.
The industry-defined standards and extensions required over and
above them for the data science projects will also be discussed in this
chapter.

Structure

In this chapter, we will cover the following topics:
e Overview
e CRISP-DM
e CRISP DM extension

Objectives

After studying this chapter, we will be able to understand the
standard framework for data science CRISP-DM, the limitation of
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CRISP-DM and the need for extending it, and the details of each
step under CRISP-DM and the extension. We can then start applying
these concepts in our real-time projects.

Overview

The Machine Learning or ML project goes through different phases/
stages, and each of the phases are crucial. To start the next step, there
should be some actionable output from the previous step. Each of
these stages is discussed in the subsequent sections. The idea is to
define a functional framework such that it covers all the aspects
of the ML project lifecycle and is manageable. There are industry-
defined standards like CRISP-DM, Domain driven data mining, and
so on. We will discuss CRISP-DM in detail in the following section.

With the ever-evolving paradigm of data science and almost all
the industries looking into data to generate value, the CRISP-DM
framework needs an extension. We will discuss in detail why we
need to extend the CRISP-DM framework. While explaining the
framework, we will take a couple of industry examples to explain
what goes in each stage to be easily understood. The idea is to define
a clear-cut operational process overview across the industry. It
should be done, so that every stage of the data science use case can
be broken down into these practical steps. Furthermore, it will enable
us to target the right individual/team and the toolkits required at
every stage.

The outcome of this chapter will lay the foundation of the functional
aspect for all that needs to be considered when designing a technical
framework for machine learning and data science.

CRISP-DM

CRISP-DM stands for the Cross-Industry Standard Process for
Data Mining. It is an open standard process model that describes
the common approaches used by the data mining experts covering
the high-level steps utilized across the industry. As mentioned, it is
an open standard, and hence, it can be extended and used openly.
CRISP-DM was formulated in 1996, which later became a European
Union project and was led by five companies — Integral Solutions
Ltd (ISL), Teradata, Daimler AG, NCR Corporation, and OHRA.
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Figure 2.1 visualizes all the steps that form the CRISP-DM, as shown
as follows:

Business S Data ) Data
Understanding | sssssss) | Understanding

[ Deployment ]_ Evaluation ]_[ Modeling ]

Figure 2.1: CRISP-DM

As highlighted, the six steps or stages of a data science project
according to CRISP-DM are mentioned as follows:

1. Business understanding
2. Data understanding
3. Data preparation
4. Modeling
5. Evaluation
6. Deployment

As shown, a few steps move back and forth, as per the findings in
those stages. We will discuss each step in the following sections along
with appropriate examples.



16 Operationalizing Machine Learning Pipelines

Business understanding

Refer to Figure 2.2 that illustrates the business understanding
overview, as shown as follows:

BUSINESS

PROBLEM

DESIRED ® I
o

OUTCOME .
(]

BUSINESS UNDERSTANDING

Figure 2.2: Business understanding overview

The business understanding was discussed in the previous chapter.
However, in the preceding image, the aspects are addressed in the
context of the data scientists. Once we have a specific problem, the
data scientist will start the project and should have a clear answer to
the following questions:

e What is the problem statement?
e  Who needs the answers to that problem?

e What is the expected output to enable the decision-maker
(answer to the second question) to make the insights
actionable?

To answer these questions, the data scientist needs to discuss about
the available dataset with the business decision-maker or product
owner, and provide recommendations on the data needs, if they have
any. Ideally, it is excellent to have a data scientist with a business
understanding, but that is not always the case; hence, it becomes
crucial for the product owner to provide the input related to the data.
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Just to give an example, the business necessity might be to increase
the revenue from the customers. The problem can be solved in
multiple ways, like retaining the existing customers, up-sale/cross-
sell to the existing customers, or acquiring new customers. Based on
the prioritization exercise, let’s say it is the up-sale/cross-sell that
is prioritized for implementation. At this stage, the data scientist
should have a clear understanding on, once any solution is ready,
how will it be consumed. Apart from that, the other details for the
solution in this particular example would be the frequency at which
the recommendation should be provided, should it be done on the
SKU level or the other aggregated product category, and so on. The
idea is to gather as much information as one can get to give a solution
which can be directly utilized by the business decision maker.

As highlighted in Figure 2.1, after business understanding, the next
step is data understanding. However, we can come back to business
understanding again after data understanding. This is just to
highlight that the CRISP-DM framework has support for revisiting
the previous stages. After business understanding, the problem
statement and relevant data should be clear. The data scientist will
move to the next stage, that is, data understanding.

Data understanding

The next step after the business problem finalization is data
understanding. The first step in data understanding is to collect and
process all the relevant data into one place. The next step is to analyze
the data, keeping the business problem in mind. Analyzing the data is
subjective and depends a lot on the individual(s) analyzing the data.
However, there are some standard steps that needs to be completed
and we will explore those in the following chapters.

We have touched data understanding in the previous chapter, but
we were just checking the feasibility as to whether a question can be
answered with the existing data. Here, we are talking about a full-
fledged project and gathering the relevant data itself at one place.
The computation power and data framework needed to analyze the
available amount of data will also be a key factor to be considered.
We will address this in the upcoming chapters.

The first outcome of this exercise is about the data quality that is
available; for example, the time range for which the data is available,
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the missing values, outliers, spread of the data, distinct values in case
of a categorical variable, and so on.

While understanding the data, there should be a continuous
discussion with the business, so that the challenges like the missing
value or the outlier treatment can be ironed out during this whole
exercise. At the same time, additional insights like the correlation
between the variables, multicollinearity, and so on can be explored
and a full understanding of the data and the process that generated
that data is developed. Once data understanding is complete, a clear
view on what is to be predicted or the dependent variable and what
data should be utilized or the independent variable to predict the
dependent variable should be clear. After the completion of data
understanding, the next step is data preparation.

Data preparation

The Machine Learning (ML) algorithm only takes the numerical
value as the input, which requires the encoding categorical or factor
variables as numerical. To convert all the data, which can be consumed
by the ML algorithm, we need to prepare the data, and this is what
happens in data preparation. Data preparation is generally the most
time-consuming task in the whole exercise, but there are exceptions
at times.

The three tasks that happens during data preparation are mentioned
as follows:

e Dependent variable preparation
¢ Feature engineering/independent variables
e TFeature selection

Dependent variable preparation is based on the problem defined
and can be straight forward like predicting the price of the house
in a certain demography or can be very complicated, for example,
predicting the anomaly when the anomaly itself is not clearly defined.
It depends on each case, and a clear definition of the dependent
variable is expected in the first two steps; the data is quantified in
this step. The dependent variables are the variables of interest for
the business as mentioned in the example, like the price of a house,
customer churn flag, and so on. These are the variables which are
to be predicted using the past data, and based on that, the business
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decisions can be taken. Without having a clear dependent variable,
the ML use case cannot move forward. This is the first step to be
defined after the business understanding and, generally, is one of the
most important outcome of data understanding. The quantification
happens in data preparation.

Feature engineering is the process of deriving useful features out of
the dataset, which enables you to predict the dependent variable. It
is something which is very broad in scope and there are no standard
steps to accomplish that. It is a combination of the domain/business
understanding, patterns in data, and getting creative. However, there
are a few standard steps like encoding categorical variable to numeric
or creating multiple variables out of a single numerical variable. This
is an iterative exercise in combination with feature selection, where
we create a maximum number of features, via feature engineering,
and eliminate them based on the statistical relationship/test or ML
model. An important thought, while performing feature engineering
and selection should be, will that feature, or the data used to derive
that feature, be available in advance than the dependent variable.
Even though it is a simple thought, a lot of times, things go wrong
because of this.

For example, if you are trying to predict a year in advance as to
whether a customer will purchase a product or not, you can’t use the
current month salary of the customer. Your dependent variable will
be a binary flag denoting 1 or 0, 1 for purchase and 0 for not. Now, to
predict a year in advance, whether that customer will purchase that
product, you need to use the information of the customer which you
had a year back, including his salary. The idea is always to predict
the future based on the past data, which is missed sometimes, and
we need to be careful about that. If the data is not prepared correctly,
any insight coming out of it is garbage, and hence the saying
Garbage in Garbage out. This data preparation is very important
and very time consuming because any mistake here will propagate
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till the end, and this is done to derive business insight and future
prediction. Consider Figure 2.3 that illustrates the time bound feature
development, shown as follows:

OBSERVATION PERIOD

f/R

TIME | |
| |

\ Y J \ /

INDEPENDENT PERIOD DEPENDENT PERIOD

Figure 2.3: Time bound feature creation

There should be no features engineered or taken, which crosses the
time of the independent period. The observational period depends
on the use case, and it might not be there for a few use cases.

As shown in Figure 2.1, data preparation and modeling are something
which goback and forth, and this is mainly due to feature engineering
and feature selection.

Modeling

The ML modeling is the step which happens in parallel with data
preparation. In this step, different ML algorithms are tried on the
same data set to find out the best suited algorithm for the data. There
is no one-size-fits-all in case of the ML problem, and hence multiple
algorithms are applied on the same data set to find out the best suited
algorithm.

Apart from trying different algorithms, the redundant features
or features not contributing enough to predicting the dependent
variable, are also treated. The treatment can vary case by case and
are also problem dependent. The ideal practice is to start with simple
algorithms like the linear algorithms, and then move on to more
advanced algorithms like ensembles. A few problems like image
processing and NLP (natural language processing) will directly start
with the deep learning algorithms. We won't discuss deep learning in
detail in this book. The deep learning algorithms are an extension of
the neural network, where the model takes care of feature engineering
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and selection itself, rather than human intervention, especially in
cases of NLP and image processing.

We will, however, cover in our ML architecture, the provision for any
type of data science and machine learning activity, including deep
learning. To identify whether a model is a good fit on the data, there
should be standard KPIs on which all the models trained, can be
evaluated for a particular problem. This leads us to our next section
of CRISP-DM, which is model evaluation.

Evaluation

Evaluating the model performance, once a particular ML model is
finalized, is the immediate step after modeling. In this step, a data
set, which is not available for the purpose of training the ML model
in the previous step of modelling is utilized. The new data is scored
by the already created model, and the performance is validated with
the actual value. The new data generally is called the test set and it is
a standard practice in the supervised machine learning problem. The
other technique which is very common is the out of time validation,
where the model performance is tested on nearby historical data.

Depending on the problem type, the evaluation technique varies. For
a regression problem, where the predictions are continuous values
like the price of a house or sales in the next quarter and so on, the
KPIs are MAE, RMSE, and R-Squared, and so on. For classification,
where the problems are like whether the machine will fail or not,
or multiclass like whether a person is old, middle aged, or young
based on a photo, the KPIs are Accuracy, Precision, Recall, and so
on. For unsupervised learning, there are different ways to gauge the
performance. We will go into the details of the KPIs of supervised
ML, when dealing with the examples in the following chapters.

The important thing in this whole evaluation process is to identify
whether the model overfit the data. In a simple term, overfitting
is when a model starts memorizing the data and gives very good
performance on the data it is trained on; however the performance
deteriorates when evaluated on the new data. The whole idea is to
create a model which can provide good performance on the future
data, and for that, a model should generalize both on training and
test data.
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The solution is to find out the model which gives the result in an
acceptable threshold on the training data and generalizes well
on the new data. Underfitting is another key word used, which is
another way of saying that the model does not do very well on the
training data. The goal is to find a balance between underfitting and
overfitting.

Therefore, evaluation is an important step, and once the model is
accepted in this step, it moves to the deployment stage.

Deployment

Deployment is the final step as per CRSIP-DM. After the model is
evaluated and the performance is accepted, the model needs to be
deployed for scoring new data. The deployment can be for processing
the streaming data in real time or processing millions of records in
one shot. In both the cases, there are different challenges, and an ML
Framework should be able to address both the type of data, that is,
streaming and batch.

The raw data is generally never in a format which can be consumed
directly for prediction by the ML model. The challenge in real time
processing is the latency and scaling, where the deployed model
should scale for multiple instances in parallel and, at the same
time, the setup should process and score the data quickly. This is a
very challenging task, but thanks to the new open-source tools and
cloud, this can be addressed in a simple manner. Similarly, for batch
processing, the challenge is to process the huge data at one go. This
demands a lot of computation power but not permanently, which is
again why cloud plays an integral role in machine learning.

Once deployed, the ML model should be available for scoring the
new data and as per the CRISP-DM process, which is the final
step. However, the model needs to be monitored and evaluated
continuously due to the following facts:

¢ Data can change over time, and new data might not be from
the same distribution on which the model is created.

e The business or process changes, which generated the data.

Any of the preceding factors mainly lead to a change in data and
hence, the model won't give correct results. This demands a
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continuous evaluation of the model performance and revisiting the
life cycle again if the performance is not up to the mark.

Another important aspect, which is not considered in CRSIP-DM is
the end consumption of the model output; for example, you can get
a probability value of a customer leaving your business or price of
the house, but for the decision maker, polishing this information in
a dashboard would make sense. To show the customer as a potential
churner with a valid name and color code or showing the house
price in a range value would make more sense. It can be argued that
this is part of the deployment; however, the same information can
be investigated in multiple ways, hence, the consumption is sperate
from deployment and is equally important.

We will extend the CRISP-DM framework in the following section
and look into Consumption and Evaluation in more detail.

CRISP-DM extension

The final step of CRISP-DM is the deployment of the model. As
discussed, the output of the model might not be directly consumable
by the business, or the requirement might be fulfilled by two- or
three-ML model output combined. Hence, the consumption of an
ML model becomes the next logical step to address. Parallelly, the
model performance over time should be continuously monitored as
generally they deteriorate over time, as discussed earlier. Figure 2.4
highlights the extension of CRISP-DM, as shown as follows:

CRISP-DM

STAGES

CONSUMPTION CONTINUOUS

EVALUATION

Figure 2.4: CRISP-DM extension
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Consumption

Consumption is the stage where the model output(s) is taken and
converted into information that can be directly consumed by the
decision makers and utilized further. To give an example, think of the
customer churn, where the model output is the probability score or a
flag indicating which customer is going to churn. The business might
not be interested in all the customers, as they can’t stop everyone
from leaving, so they might want the top n percent of customers, who
generate maximum revenue and have high probability to leave. To
identify the expected revenue from the customer, there can be either
a separate ML model or it can be based on the historical details. Both
the churn probability combined with the revenue generated by an
individual, should be presented to the business, so that they can take
an informed and profitable decision to stop the right customers from
leaving the business.

Another example, which we can discuss is the IoT use case, where
multiple sensors monitor the performance of a machine or the
whole setup. One of the tasks is to predict the future readings like
the temperature, pressure, and so on, coming out of the sensor.
However, as something which is continuously throwing some values
with minimum deviation in an ideal situation, human intervention
is not required. However, if these values can be combined together
to predict whether the whole machine or the whole setup is working
in harmony or something is wrong, that becomes an information
every executive need, to take appropriate action. This, again, is over
and above the forecasted output of sensors. It might utilize another
model which sits above the forecasted values to provide essential
information to the business.

The idea to keep the consumption step is because, when utilizing
CRISP-DM, the scope is narrowed down to one specific problem like
churn or predicting the temperature, and so on. This information
directly won’t add any value to the decision makers, and they need
to be combined with additional data or multiple ML models to
deliver the outputs which are aligned to what the decision makers
require. To have a business aligned consumption layer is the critical
difference between a successful ML project and an unsuccessful one.



ML Projects: Lifecycle 25

Continuous evaluation

The ML model’s performance decays over time, and any decision
made utilizing these models will be wrong and can have devastating
effect on the business. Hence, to make sure that the model is up to
the mark and the output produced by them is trustworthy, the ML
models need to be continuously evaluated.

Depending on the KPI used, the evaluation can be setup for a
particular model to be evaluated continuously. As mentioned earlier,
there can be multiple reasons for model decay, but broadly, it can be
allocated into two buckets — Concept Drift and Data Drift. Concept
drift is more about the interpterion of data. Just to give an example,
consider product recommendation without taking seasonality into
effect. There might be some dependency and hence your model is
not giving the correct output and you figured out that seasonality is
something you should consider. There is no change in the data, but
there is a change in the understanding of the data, hence it is called
concept drift.

Data drift is much simpler and can be considered as a change in the
underlying data over time. Just to consider an example, consider
the price of a house in a city which you are trying to predict using
the location, area, number of jobs in that area, and so on. Now, as
the number of jobs will change over time, it might impact the price
differently than before. This is due to the change in data and hence
data drift.

A Model should be evaluated continuously to avoid both concept drift and
data drift.

We have covered every stage of an ML project in this chapter and
Chapter 1, “DS/ML Projects — Initial Setup”. However, to accomplish all
these steps that we discussed, we need a framework and supporting
tech stack, which should be flexible and can scale for each type of
task. In the next chapter, we will discuss the framework that should
be available in an organization for expediting the whole lifecycle
which we have seen so far for the ML project.

Conclusion

CRISP-DM is a very generic and valid framework to approach a data
science use case and in this chapter, we discussed all the steps that are
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involved in CRISP-DM, in detail. The additional requirement, which
are not addressed in CRSIP-DM framework, are also discussed in the
extension of the framework. Logically aligned with these functional
tasks, we can now look into the details of the technical tools to enable
these tasks and explore how to communicate the output at each stage
to the decision makers.

In the next chapter, we will discuss about the technical framework
that needs to be in place for implementing these.

Points to remember

1.

A data science problem can be broken down into six stages
of CRISP-DM.

The steps moves back and forth depending on the business
and data alignment.

Data preparation is generally the most time-consuming step
in the whole use case.

The CRISP-DM extension consists of a continuous evaluation
and consumption.

The consumption steps look into the outputs that can be
directly consumed by the business.

A continuous evaluation looks into the health of the model.

Multiple choice questions

1.

The Business understanding step leads to data
understanding. They can move back and forth, until
moving on to the next step from data understanding as per
CRISP-DM. Which other step might lead directly back to
business understanding?

Modeling
b. Data preparation
c. Evaluation

d. None of the above
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2. Whichis generally the most time-consuming step in CRISP-

DM?

a.
b.
C.

d.

Modeling
Data preparation
Deployment

Evaluation

3. Which step makes sure that the model(s) output is available
to the business decision maker in their required format?

a.

b.

C.

d.

Consumption
Deployment
Modeling

Data preparation

4. Why is continuous evaluation an important step?

a.

C.

d.

To make sure new ML algorithm(s) is/are
implemented

Check the model performance with new data
regularly

To provide output to business in desired format

None of the above

5. Concept decay of an ML model leads to bad performance of
the model. What can be the cause of concept decay?

a.

b.

C.

Change in business rules
Missing temporal relation of data

Missing business understanding while use-case
lifecycle

All of the above
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Answers

M e

o o & T on

Key terms

CRISP-DM: Cross-industry standard process for data
mining.

Dependent variable: The variable of interest, which we need
to predict.

Feature engineering: The process to create the variables
which will be utilized to predict the dependent variable.

Feature selection: The process to remove the redundant
variable and selecting the useful variables.



CHAPTER 3

ML Architecture
— Framework and

Components

n the previous two chapters, we covered how to prioritize and

finalize the business use case and the different stages of the ML use
case lifecycle. To achieve all the steps in the ML lifecycle, we need
a technical framework/architecture, which will accomplish all the
tasks in the ML Lifecycle in a scalable manner as per requirement.
We will discuss the architecture details both in the functional and
the technical aspect, in this chapter. In the functional side, we will
cover the key components that are required and their utility. The
technical side will be highlighting the tools which can be utilized to
accomplish the functional task. In tools, we will highlight multiple
tools for the same task; however, we won’t go into the details. The
choice of the technical tools is completely upon the availability and
personal comfort, but the key functionality that these tools have will
be discussed in this chapter.

Structure

In this chapter, we will cover the following topics:

e QOverview
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e ML framework

e Data source

e EDA

e Data preparation
e Modeling

e Storage

e Deployment

e Consumption

e MLOps

Objectives

After studying this chapter, you will be able to define a logical
framework for the ML Architecture, provide a guiding principle for
the organization when establishing the ML Architecture and practice
in their organization and learn about the tech tools to accomplish
each aspect which will also be shared as an example.

Overview

We discussed the steps that the ML use case solution goes through in
the previous chapters, including formulating the use case. To enable
the data scientist and the organization as a whole, to quickly perform
all the required steps, there needs to be a framework. It should be
flexible to solve any type of problem, be robust and have the ability
to scale. It should be easy to use and maintain, and should be able to
support all the steps in the ML use case. The framework should also
have the flexibility to utilize and include any new tech stack which is
better suited for a problem than the old tools.

The ML framework proposed and discussed from the next section
onward will provide all the key building block and thought process
to create an ML architecture inside an organization. We will also
have the key tools discussed for each component; however, the tools,
especially in the ML world are evolving on a daily basis, and hence
can be replaced if something better fit the solution. The framework is
proposed with keeping the cloud in mind, since a lot of tasks require
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resource flexibility, and hence, the cloud is best suited to fulfil the
ML requirement. The cloud environment can be a private cloud
owned by an organization for their internal use or provided by the
big vendors like Amazon, Google, and so on.

Cloud offers the flexibility to utilize the resources as per need and
can scale very easily as per the requirement. The other advantage is
related to the cost, where you pay for what you use, with a few cloud
providers billing per minute. As a lot of use cases start with idea
validation in ML, it is easy and quick to try them out on cloud, rather
than investing and configuring your own infrastructure. Cloud also
offers more control in terms of access and resources, and at the same
time, the ability to monitor. Due to all these reasons, cloud is best
suited for the ML framework.

We will discuss each component in detail, so if cloud is not your
choice and you want to build things internally, you can utilize the
same concepts to build an architecture in your organization. It will
offer a lot of control and the tech stack can be more targeted; however,
it will need internal maintenance and updates. Also, for the adhoc
tasks, which require a lot of computation power, it will be hard to
address, unless the additional resources are kept for these scenarios.
This will lead to an increase in the cost. To offer more flexibility and
control, a hybrid approach is recommended, where you use both the
in-house and the cloud resources as per the requirement.

We want to establish a working framework which enables the data
scientist to concentrate on the task or the use case at hand, rather
than worrying about the resources like the computation power, tools,
and so on. For example, if someone is comfortable in a particular
programming language, they should be able to do the task in that
language. The organization can define their own standard, but the
framework shouldn’t be a bottleneck. With that, let’s start looking at
the ML framework.

ML framework

Figure 3.1 shows the ML framework with its key components
highlighted. Going forward, we will discuss each of them and
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understand what their roles are in the ML use case lifecycle, as shown
as follows:

DATA ML MODEL METADATA/ARTIFACTS
PREPARATION TRAINING STORAGE

DEPLOYMENT

CONSUMPTION

| MODEL EVALUATION I .
‘ AND MONITORING ' -

L U U

BUSINESS USER

Figure 3.1: ML Framework

As shown in the preceding figure, there are multiple components in
the framework. We will discuss each component and its utility. We
will also recommend the tools for each step, and at the same time,
the challenges that need to be considered while choosing the tools.
Each component utility in the CRISP-DM framework will also be
discussed, including the extension.

We will start with the data source, as with any data science or ML
use case, the idea is to utilize the data available, and hence the data
source available is the first part of the ML framework. One difference
between the data source and the rest of the component in the ML
framework is that most of the time, the data scientists are the end
user and won’t work in designing the data source. However, it is
important to understand how the data is stored in an organization
and what the process of collection and storage is. It is also important
to understand how the data stored is generated, that is, the process
of data generation, which is assumed to be completed as part the
business understanding.

Data source

The data stored at one place is an important asset for an organization
to have to utilize the data. All the organizations have data, but the
challenge, most of the times, is that the data are in the silos. To utilize
the data for a business problem, we must combine the data from
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multiple places. This is a two-step process, which are mentioned as
follows:

1. Bringing the data from multiple sources to one place.

2. Combining/processing the data to solve the business
problem.

The first step is where the data pipelines and jobs are created to
regularly update the data in the target environment or the data
source. It might involve combining the data which is more on the
data processing side. The second step is more aligned towards the
business need like reporting, analytics, and so on.

The first step can be broadly divided into two steps — Ingestion and
Storage. In ingestion, the data pipelines are created to absorb all
the data coming from the different locations. The data can be from
multiple sensors in the IoT setup or can be the daily batch load from a
data warehouse system or can be an app generated data in real time.
Each of these data types require different processing; for example, for
streaming the data, a messaging service would be required which can
be achieved using Apache Kafka or the equivalent cloud tools like
GCP Pub/Sub or AWS SNS. Similarly, the processing, before storage,
can be done by Apache Spark/Beam or the equivalent services on
cloud.

Storage is the next step after ingestion and a proper care should be
taken in terms of storing the ingested data. This is because the data
can be utilized for multiple purposes, and the way the data is stored
has its own benefits and limitations. As an example, the data, which
is not updated frequently and queried regularly, should be stored in
a denormalized way, so that the queries work faster. Similarly, the
data with no fixed attributes or columns can be stored on the NoSQL
data bases. These are a few examples, and a more detailed analysis
needs to be done to come out with a solution.

The process of ingestion and storage are generally done by the data
engineers; however, itisimportant for the data scientist to understand
these processes. The in-depth understanding of the processes can
enable the data scientist to provide the input which might lead to the
improvement of the process. At the same time, understanding how
the data comes and gets stored will be helpful to design an end-to-
end solution involving ML.
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Combining or Processing the data from the different sources is the
next step, after the data from multiple sources are ingested and
stored. This is the task where the data scientist needs to get involved
and start looking into the data as per the use case requirement. Apart
from the data science necessities, the data is utilized for reporting
and analysis, which might overlap. A proper coordination between
reporting, data engineers, and data scientist can reduce the effort
avoiding redundant work.

Once the relevant data is identified in the data source, the next step is
exploring the data to come out with the hypothesis and insights. This
step is called Exploratory Data Analysis (EDA) and is discussed in
the following section.

EDA

EDA is an important step and, on a high level, covers each of the data
understanding, relevant features identification, and baseline model
evaluation. EDA is done on the sample data if the data is huge. In
EDA, the data is visualized and analyzed, at the same time, feature
engineering and selection and model training is also done in EDA,
just to get a baseline number for the KPIs. The goal of EDA is to
achieve a clear path to proceed. The outcomes can be any one of the
following;:

e Data is not sufficient or relevant for the use case.

e On the positive side, the problem can be solved with a
satisfactory result, and so on.

EDA is sometimes referred to as only graphs and visualizations by
many data scientists; however, that is not the case. EDA includes the
visualization of data and interpretation, but it is much more than that.
During EDA, we explore the data quality like the missing values and
outliers. At the same time, the statistical test like correlation between
the variables, (multi)collinearity, and so on are also explored. The
quantification and finalization of the business problem into the
data problem also happens in EDA. During EDA, each insight and
relevant hypothesis are validated with the business on a regular basis
to frame the correct data problem.

Feature creation and interim model training also happens during
EDA. EDA is more about the idea validation, defining the KPIs, and
getting the estimates on the performance around those KPIs; hence,
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multiple ML models can be tried in this step, but not in detail, like
hyperparameter tuning, and so on. The idea is to pick a suitable
model for the data set and utilize that model in the next steps for a
final training with all the optimization in place.

Programing language wise, Python and R are the most popular tools
for EDA, utilizing Jupyter notebook or RStudio as IDE. Another
open-source language that is catching up is Julia. For the big data,
Spark with Python (PySpark) is a popular tool for EDA. EDA is done
on the local machine most of the times as the languages and tools are
open source, but the local machine might not have the infrastructure
all the time for every use case. To address this concern, the EDA
related tasks should be supported by the ML framework.

In the ML framework, there should be a provision to spin off a
custom machine with the required configuration as per the data
needed to perform EDA. At the same time, there might be a certain
hardware requirement like GPU for the specific problems like image
classification, and so on. This is where cloud becomes very handy, as
the hardware and the big machines are costly resources, and unless
they are regularly utilized, it is too much to invest. On any cloud, it
is very easy to start a VM with the required configuration and OS,
and from there, things can move forward. Nowadays, a lot of cloud
vendors are coming up with the popular tools like Jupyter notebook
and so on, as a service, where one can configure the hardware
requirement and directly use Python or R without worrying about
the low-level installation like OS.

Once EDA is complete and the insights coming out are promising,
the next step is to train a final model and deploy it for regularly
scoring new data. The first step in that process is to create the scripts
and defining the process for the ongoing data preparation for both
training the final model and scoring the new data. This step is called
data preparation and we will discuss the details of it in the following
section.

Data preparation

Data preparation is the process of taking the raw data and massaging
and cleaning it for the consumption of ML algorithms. The step starts
in the EDA itself and, by the time the EDA completes a clear-cut
path for the data preparation is laid out, which is one of the most
important outcomes of the EDA. After the completion of EDA, the



36 Operationalizing Machine Learning Pipelines

feature sets which should be part of the model are finalized. There
needs to be a mechanism to generate those features for the model
training, at the same time, produce those features on the ongoing
basis to score new data.

The high-level process overview of data preparation is shown in
Figure 3.2, which will highlight the utility to consider data preparation
as a separate and important step, as shown as follows:

EDA

MODEL
TRAINING

\ DEPLOYMENT ‘

D ot
PREPARATION

DEPLOYED
MODEL

MODEL TRAINING

==>  SCORING NEW DATA

Figure 3.2: Data preparation

As shown in Figure 3.2, the data preparation step is important not
only for the training, but also after the deployment for scoring new
data. In the previous chapter, we discussed what all goes into data
preparation; however, we must repeat exactly the same things when
scoring new data.

Asanexample, consider you have five features with missing value and
imputation is happening by the mean value of each variable. For the
two features, you are performing the outlier treatment by suppressing
the high values to the 95th percentile value in those features. Now,
when you are training the model, it is straightforward, but when new
data comes, you can’t use the new mean values for imputation or the
new 95th percentile value for the outlier suppression. This needs to
be the same value which has been used for training the model. Due
to these steps, the data preparation becomes a very important step
that needs to be thoroughly thought.

The other aspect of data preparation is the feature creation itself.
A substantial effort goes into feature creation as it requires a lot of
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creativity and business understanding. It happens many a times that
the features in one use case can be utilized in the other use case as
well. For multiple use cases, work happens in parallel with the data
scientist(s) working on each use case in the silos. This leads to a lot of
redundant efforts in terms of feature engineering. A couple of ways
to address this are as follows:

e DProcess alignment for feature creation
e Utilizing feature store tools

Process alignment for feature creation is to construct a table for the
most common entities, like customer, product, store, and so on, such
that, any new feature built should be assigned and updated in that
table to be utilized for that entity. For example, if we are creating
any attribute related to the product, like the total product sales per
quarter, return quantity of that product annually, and so on, it should
be stored in a single table or file from where it should be picked for
model training. There should be no other way to pick the features,
and if the new features are required, they must be added in that table
or file(s). A metadata info can be maintained to detail out each feature
info and make them searchable. This is mainly done using the Graph
databases, and internally, the data science teams can align with the
data engineering team as this is something the data engineers do on
a regular basis. It is a good way to make sure that any entity features
created by one data scientist is available for the other data scientists
too if needed. This avoids duplicate efforts and, at the same time,
increases the learning as one data scientist can utilize a few features
which he/she hasn’t thought out themselves.

The second way to create one single source for the features is by
utilizing the feature store tools. A few organizations have been using
them successfully for their data science practice, for example, Uber
with their Michelangelo platform or GoJek with Feast. Few of them
are open source and the vendors are working to make them platform
and cloud agnostic. For further details and usage, the feature store
website [1] can be referred, and depending on the requirement, a tool
can be chosen for the feature store.

The other challenge, which is related to data preparation, is the tech
stack for data preparation. Since model training happens on the
historical data, it is not until consumption, that the real challenge
of scoring comes into the picture. Multiple times, the ML models
with excellent results cannot move to production because no proper
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thought has been given on scoring the new data, which requires data
preparation before being scored by the model. Hence, any challenges
in scoring new data should also be thought through when working on
data preparation. This is more of an issue when the real time scoring
on the streaming data is required. In those scenarios, it becomes very
important that whatever scripts and tools are utilized, they should
be able to consume and process the data in real time. Apache Spark,
combined with the Apache Kafka messaging service is generally
a combination used for streaming the data. The Cloud platforms
offer their own messaging services and platforms for streaming the
data; for example, GCP has the dataflow tool, which internally uses
Apache Beam, and combined with Cloud Pub/Sub, offers the same
option as Spark and Kafka in combination.

The data preparation step is also something which changes over time
as it might happen that the features which are relevant for predicting
the future, become useless and new features might become more
useful. This can happen due to the reason discussed in the previous
chapter, and this might lead to a complete change in data preparation
or miniscule changes. These changes need to be tracked both on the
code and the data perspective and that is why DevOps, or in case of
ML, it becomes MLOps, is a very important process. All the steps that
are a part of data preparation should be such that, it can be traced
back, and the results can be reproduced whenever required. Hence,
DevOps and the version maintenance also becomes an integral part
of data preparation and the ML framework as a whole.

One difference which is there between data preparation for training
and scoring new data, is the absence of the dependent variable due to
an obvious reason, which is, that new data will predict the dependent
variable.

Modeling

Modeling is the next step after data preparation. For a particular type
of problem, there might be multiple algorithms that are available.
During EDA, multiple algorithms are tried out and the performance is
measured; however, many a times, the data is not utilized completely
during EDA. This may be due to the fact that one wants to validate
the idea on less data or due to the computation limit, or both. After
the EDA enables data preparation, multiple experiments need to
be run on the data to identify the best suited model that fits on the
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data. Apart from this, as discussed, each step should be such that it
can be traced back and reproduced; we need to perform modeling
separately in such a manner that the artifacts and codes utilized can
be tracked and versioned and reproduced.

The modeling aspect only comes into scene for (re)training the model.
Once the model is trained and validated, depending on the results
and KPJ, it further moves to deployment, and finally to consumption.
The important step in ML modeling is to try multiple algorithms and
gather the KPIs and select the best performing model. The KPIs can
vary based on the problem type and the data utilized. The important
thing is that the data on which the KPIs should be calculated, should
not be part of the training dataset. This is to gauge the trained model
performance on the new data. The models generally perform well on
the data they are trained on; but, if the performance varies drastically
on the new data, we say the model is overfitted. Overfitting is risky,
as the model should give an acceptable performance on the new data,
because then only can it be utilized in decision making.

There are multiple ways to avoid overfitting; however, the most
popular one is performing cross validation while training. In this
technique, the data is randomly divided into five or ten buckets, the
choice of the bucket size is completely on the data scientist. Then,
the model is trained on all the buckets, leaving one out and the error
is calculated on the left-out bucket, by making the prediction. This
process is done for all the buckets one by one, and the final error
is the average of all the left-out bucket errors. The final model is
trained on all the data; however, the error is the averaged value.
This way, if any bucket is an outlier, its impact is well represented
in the performance. This is a common practice, and it is called the
k-fold cross validation, where k is the number of buckets. Most of
the standard ML algorithm frameworks provide it as a part of the
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standard implementation. Figure 3.3 highlights a visual way to see
the k-fold validation, as shown as follows:

ML MODELK

FINAL ML
MODEL

AVERAGE ACROSS ALL K-FOLD

-
I vAuDaTION SET

|
I

* ML Algorithm and all its hyper-parameter remains same across K-Folds and Final ML model l D manneser

Figure 3.3: K-fold validation

We discussed all the logical aspects that goes into training a model.
The other aspect which we need to consider in the ML framework,
specifically in the context of training, is that the training of ML models
is a very computation-intense operation. Due to this, we need huge
computation power which is dependent on a lot of variables including
the data size, algorithm used, hyper-parameter size, and so on. This
requirement again increases as per the number of different ML
algorithms a user tries. Hence, there should be a provision to have a
machine with required hardware like the processor, RAM, and hard
drive as and when required. This is another important step where
cloud is very handy, as rolling a custom machine is very easy there
and you pay for what you use. Apart from that, there are many other
ways that the model can be trained on scale on cloud, for example,
using Kubernetes or vendor specific training modules like GCP Al
platform. Another important advantage of cloud is that the training
can be scaled in terms of multiple experiments on multiple machines,
where each of the ML algorithm is completely independent or is
some different variation of the same ML algorithm. This allows us to
conduct the experiments rapidly and the timeline between a model
training and deployment reduces as the experiments finish much
faster and hence the whole process moves forward much swiftly.

Several ML algorithms for a given type of problem are available, but
one important aspect which differentiates between the model being
deployed on production or not is the explainability. For the business,
it is very important to understand the causal relationship, which is
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not always the outcome of the ML model. However, to explain the
relationship between the dependent and the independent variable
is the responsibility of the data scientist, hence it helps to have a
business understanding. In the absence of a proper explanation of the
ML model output, it becomes very difficult for the business to start
using it, and hence, even if the model moves to production, it serves
no purpose. A lot of research is going on the ML model explainability,
and the data scientist should be familiar with the partial dependence
plot, surrogate model, LIME, SHAP, and so on, which are a few tools
and techniques for the explainable ML models.

The outcome of the modeling step are the model binaries or graphs,
which, depending on the agreement between all the stakeholders,
moves to production. For moving to production, the model and the
data on which the model was trained and KPIs were calculated,
needs to be stored. Although the training part is mostly codes, many
artifacts in terms of files, binaries, and graphs are created as part of
the training and they need to be stored. At the same time, all the
experiment run needs to be captured with their metadata, so that
one can cross reference all the ML experiments and pick the best
suited one for deployment. Two things become integral as part of
this whole process, one is saving all the metadata that is, code and
the performance, and second is saving the data itself on which the
model was created. On the process aspect, we will cover this as part
of MLOps. The following section will deal with storage and how one
can organize storage for easy reference for the ML models and their
metadata.

Storage

Storage is meant for storing all the artifacts, including the data, that
are utilized or are the output of the ML model. Unlike the typical
software cycle, where only the code is maintained, in the ML world, a
lot of additional artifacts need to be saved to replicate the model. This
is where the storage becomes very important and MLOps plays an
integral role in maintaining the version of the data. We will discuss
the versioning and operational aspect later in MLOps; however,
we need to define storage in terms of requirement. Storage is any
centralized location where the data, utilized for model creation, can
be stored and can be accessed for audit purpose. Other than the data,
a lot of artifacts, for example, the model binary or graph, any data
standardization binary, and so on needs to be stored.
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For an example of why storage is important, consider you created
the ML model predicting the loan approval to be given to a customer
or not, based on certain features. It might happen, that the historical
data you used is gender biased, and the females are getting very low
approvals or none, due to the biased historical data. These sort of
things, at times, are not visible immediately, and the model might be
giving an acceptable performance till a certain pointin time, and when
the performance deteriorates, you try to find out the reason. Unless
the data, on which the model is created, is not available, it becomes
difficult to reason out why the model performance deteriorated.
Although, a few industries have a very stringent process of moving
the model to production, there is always a chance that something
might be missed. Due to this reason, it is very important to save the
data on which the model is created. However, unlike the codes, the
data files are huge and needs separate and advanced ways to be
saved and versioned. This will be discussed in the MLOps section,
where we will elaborate the process and give examples of tools that
can be utilized.

Apart from data versioning, there are a lot of artifacts which are
part of the ML model creation, for example, the KPIs on which the
model was finalized, the variables/feature values which are used
for standardization or imputation, and so on. The values or logic,
which is used for preparing the data, would remain the same for the
ongoing process of scoring new data if the model utilized remains
the same. For the new ML model, there might be a change or not,
depending on the data processing. Generally, these values or logic (if
it can’t be written in code) need to be saved somewhere, so that they
can be picked when processing the new data for scoring.

Each model will generate its own set of metadata and will have its
own set of data on which it is trained. Also, overtime model will be
retrained on the new data and the new metadata will be generated.
Hence, to make sure that there is adequate space available and the
correct metadata is referred, we need to have both the right processes
setup and an adequate amount of memory available. Since, this is
ever growing, and will evolve depending on the maturity of data
science in the organization, there are a couple of ways to handle this
— first way is to create a shared drive which can be mounted as per
the need; the second option is to utilize the cloud storage, like GCS or
AWS buckets. The cloud option is the better one, as you don’t have to
pay for the hardware in advance and you pay only for what you use.
Also, the cloud storage will scale automatically.
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We have investigated the need for storage and the ways we can go
ahead with the storage. For any ML model, once it passes the initial
cutoff and standards, it needs to be deployed for regular consumption.
This is the topic we will discuss in the following section, where we
will talk about deploying the ML model for scoring the new data
and what sort of thought process should we go through in the
deployment, depending on the scoring need.

Deployment

The model needs to be deployed for scoring new data. It can be
on premise or on cloud, depending on the need and the resource
availability. Deployment of the ML model happens once the
performance is validated, and all the stakeholders are aligned and
the KPIs are up to the expectation. In deployment, a few things that
needs to be satisfied are as follows:

e Latency should be as small as possible, especially for real
time application

e Platform should scale for the data and requests
¢ Easy to use and should be secure and have high availability

We will discuss these points in detail; however, before the model is
deployed, the important question to ask is, how will the scoring of
new data happen, that is, whether the streaming data will come in
real time and need to be scored and consumed in real time or will it be
a batch job which will run at the predefined frequency and store the
scored data for consumption. These questions help in determining
the best way a model can be deployed to save the cost while fulfilling
the requirement.

For the real time application, the most important aspect is to score the
new data as soon as possible and give the result to the downstream
process. For that purpose, providing a REST API for the deployed
model is the best way. To do that, the easiest way is by deploying
the model on the cloud platform like the GCP AI platform or AWS
Sagemaker. The other way to do it is, the on-premises deployment
and create the APIs, of which, one way is using Flask in Python. A
few additional things need to be done to make sure that the model is
available 24/7 and can handle multithreading, while using Flask. It
can be achieved by using Gunicorn and Nginix combined with Flask.
An additional and a much better way to do that is by using Kubernetes
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to deploy the model using tools like Seldon. The advantage of using
Kuberenetes is that any downstream process can also be deployed on
Kuberenetes for scaling.

Batch processing in comparison to real time or stream data scoring is
simple. In this case, the only thing we need to be careful about is the
amount of data that will be processed in one time when scoring. For
this purpose, the model needs to be deployed in such a way that the
platform should scale as per the data needed in case it is not known in
advance. The platform which can auto scale on cloud like the Apache
Spark services by GCP and AWS are suitable for such a job. The best
way is to load the model binary directly into the job and utilize the
parallel processing of Spark to score the new data. Choosing the right
flavor of Spark is important, as the binaries created in the language
like Python or R will support that language only. We can use the same
services for batch and stream processing; however, some platforms
offer a limit in the number of requests handled at one time, and hence
in those scenarios, you can use the platform like Spark.

All the preceding solution for model deployment that were discussed,
handle the issue of latency, scaling, and security. They also offer an
easy way to use the model endpoint. The deployment of the model
needs to be versioned as the model decay over time and is updated
accordingly. The business decisions are made based on the model(s)
output, and hence, for audit and reference purpose, the model version
needs to be maintained. A few platforms offer inbuilt capability in
their platform for maintaining the model version. In the absence of
the platform capabilities, proper process and practice needs to be in
place to version the model deployed and backtrack the scored data,
such as which model version scored that data. We will discuss the
process part in the MLOps section in detail.

The deployment of the ML model is the final step in that data science
use case; however, it might be only one of the few steps for solving
the business problem. To solve the business problem, either we need
to combine multiple models” output or massage the output from a
single model. This step is more aligned with the business and what
the business decision makers are looking as the output for the whole
exercise. This step is called consumption and we will explore this in
the following section with a few examples.
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Consumption

Consumption comes after deployment, and it is in this process that
the output of the deployed model is processed and aligned as per
the business requirement. At times, deployment itself is sufficient
for business consumption; however, most of the times, the output
of the deployment needs to be processed. The reason due to which
consumption needs to be separate from deployment can be one of
the following:

e Partial results are required like top n values.
e The output can be a combination of multiple ML models.

e The output of the ML model is a small part of some hybrid
system based on rules and data.

We will study the examples of all these cases, but because of these
requirements, the consumption also must fulfill the requirement
which are part of the deployment like scalability, security, and
availability. Consumption, at times, might be the same data which
is coming out of the deployment step but presented in better ways
using reporting or the BI tools like Tableau or Looker, and so on.

As an example, consider a case where you want to recommend a
product to a customer based on their buying patterns, customer
information, and so on. It might happen that you create multiple
recommendation models either using different algorithms or a
different set of data, like one can be based on the association rules of
the product and the other set of recommendations can come from the
collaborative filters. There can be multiple recommendation models
for the same task. After the performance check, it might be that all
these models are performing better under different conditions. The
final recommendation to a customer should be such that each of these
models have proper representation in the list of products proposed
to the customer. This combination of products from multiple
recommendation engines is part of the consumption script, which
is the expected output. Even though multiple recommendation
systems means multiple ML models, there will be one consumption
script which will be sitting on top of all, to combine the output of all
the ML models /recommenders in this case.

Another example will be a typical case of customer churn. We create
a customer churn model in many industries and give a probability
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score to each customer, signifying its probability to churn. To make
things easier, rather than giving the probability score, we take a
probability cutoff, and above that, every customer is a churner, and
below that, they are not a churner. The cutoff is taken based on the
analysis of historical data. Now, in every business, some customers
are always going to churn, the idea is to stop the customers which are
either most profitable or are most likely to churn out from the lot. If we
want to identify the most profitable customer, the churn model will
not provide that insight and we need to either create an ML model to
identify the most revenue generating customer or identify the most
revenue generating customer based on the historical transactions. In
both the cases, the list of customers, in which the business is interested
will come from somewhere else and, only for that set of customers,
we need to provide the churn probability or flag. The other thing
is, even if the model assigns everyone the probability of churn, the
marketing budget might be there for only a fraction of customers to
be engaged, so that they don’t churn. In that case, we need only the
top n percentage of customers with their churn probability.

The preceding two examples were just to highlight that even after
the ML model deployment, there needs to be work done to utilize
the result. It can be as simple as converting the probability score into
a YES or a NO value or finding the top n records, to as complicated
as combining the results from multiple ML models for a single
entity like the customer or a product. The most important thing is
the consumption step output as this is what the business decision
maker can directly consume. As mentioned earlier, the output of the
deployed model can be consumed directly by the business at times,
or there needs to be work done on the deployed model output, to
be consumed. Figure 3.4 highlights the gist of what we discussed, as
shown as follows:

/_ CONSUMPTION
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@ % CONSUMPTION 2 E BUSINESS USER
e |
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Figure 3.4: Consumption overview
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Consumption is the final step in the business use case, which can be
composed of one or multiple data science use cases. The decision
makers consume the consumption output, although for them to take
the decision confidently, the model should give acceptable results. It
shouldn’thappen that when the model was deployed, the results were
good, however after that, nobody bothered to check the performance
on the ongoing data. This may lead to a huge loss in terms of finances
or even to the organization’s credibility. The deployed model needs
to be continuously evaluated, retrained, and redeployed if necessary.
We will discuss the evaluation and monitoring deployed model in
the following section.

Evaluation and monitoring

Evaluating the deployed ML model continuously and monitoring
it for any drastic dip in the performance is an important step. This
gives the decision makers the confidence that any decision based on
the ML model is credible, as it is validated regularly. The evaluation
and monitoring don’t contribute to the business use case directly,
but they work as an audit and confidence building block in the ML
lifecycle for the end users. The evaluation of a model on the ongoing
basis will depend on the modeling technique and the KPIs used to
finalize the performance while deployment. The same KPIs will be
part of the evaluation. For monitoring purpose, there are multiple
ways to achieve this process. It can be via an automated mail, using
the tools in CI/CD or via a reporting tool. The idea is to update the
model performance on a regular basis with new data and publish it
to the end user.

To take an example, consider you have solved a binary classification
problem about whether a person will purchase a car or not if
they visit the store. At the time of creating an ML model, let’s
say we decided AUC and Recall as the KPIs on which the model
was finalized. Another important thing we need to check is what
percentage out of the people visiting the store, became customers.
We can take multiple timelines and figure out any trends. The idea is
to get a range estimate, let’s say 10-15% of the total persons visiting
the store, became customers. Now, equipped with these numbers,
once the model is deployed and the results are consumed, we need
to define a process where the historically scored data by the model
is compared with the actual result, at a predefined frequency. The
next step is to calculate the same KPIs, that is, the AUC and Recall
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comparing the performance, where it is right now, in comparison
with the deployment time performance. The other important
step which needs to be checked is the percentage of store visitors
becoming customers. This will give an overall idea of whether there
is any change in the target population behavior. If this information is
in alignment with the historic deviation and the defined cutoff, the
model is acceptable, otherwise we need to retrain the ML model.

Model decay can happen due to multiple reasons, and it is not
always the case that the business can identify these changes on time.
Due to this reason, continuous evaluation and monitoring becomes
very important. The factor that is generally perceived as a good
thing, might impact one’s business in a very bad manner and vice
versa. Just to give an example, let’s say you sell car, and your car
satisfies the lower financial segment of the customers. Now, if the
economic prosperity of the country increases, it is a good thing, but
the customers might look to buy cars which are costly and offers
additional benefits. This will impact your business in a bad way
unless you evolve. This is the sort of info one looks for using the
data, but it is not a one-time exercise. It needs to be continuously
done to be on top of things and one needs to understand that the
data is generated by a process and the process can change over time.
To identify any changes in the process on time is the whole goal of
continuous evaluation and monitoring.

Based on the feedback loop of continuous evaluation and monitoring,
the next steps might be to retrain the model with new data or
completely replace the model and use case with a new one. If the
retraining needs to happen with the new data, we don’t want to
repeat the whole process from scratch and would want to utilize our
learning and processes which we have put in place, when we solved
the problem the first time. Also, we would like to keep track of all
the changes we are making while solving the use case, over time,
including the data. This is where MLOps comes into the picture.
MLOps constitutes of practices and tools, which helps the task of
moving the model seamlessly from training to consumption. It also
contains a provision to continuously monitor the ML models and
maintain the version of data, code, and artifacts for the audit and
future analysis purpose. We will discuss MLOps in detail in the
following section.
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MLOps

MLOps stands for Machine Learning Operations and is in line
with DevOps of the typical software development. However, unlike
DevOps, in MLOps, there are a lot of things other than the code,
which needs to be taken care of and the KPIs are not only software
specific, but each problem brings its own set of KPIs. MLOps as a
process starts after EDA. EDA is more experimental in nature and
hence putting a process around that will be challenging. However,
after EDA, everything should follow a process and should be done
in such a way that it can be backtracked and repeated, if required.
The other important thing that MLOps should enable is a seamless
process from training a model until the consumption of the model.
The evaluation and monitoring should also be part of the MLOps. To
summarize everything, apart from EDA, all other aspect of ML use
case should be part of MLOps.

For the reproducibility of a model, we need the data on which the
model was trained. In the age of big data, these files can be huge and
can’t be stored in a similar manner as the code. For that, we need a
separate mechanism which can be achieved in multiple ways. One
way is to store the model in a folder on a central repository with the
folder structure of something like UseCase/Version/datafile and
making sure the scripts moving the model for deployment, moves
the relevant data in this folder. At the same time, this process has been
made very easy by tools like DVC, which extend the Git functionality
by providing the files which store the metadata and location detail of
the data on which the model was trained. The important thing is to
put a process in place such that any model moving for deployment
and its related data can be versioned and tracked. The choice of using
a tool is completely based on the requirement and availability.

While establishing the MLOps process, we need to make sure that
any artifacts, binaries, or graphs that are generated are also stored
and versioned. Generally, the model binaries and graphs are saved;
however, if you are doing any standardization of variable or any
processing which is not dependent on the code, those artifacts need
to be stored. As an example, consider that you are normalizing all
the continuous variable for your model training using the mean and
standard deviation. Since the new data needs to be normalized using
the old values only, we need to store these values. One way is to use
some inbuilt library which in turn will generate a binary that can be
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used later. This way, there are many small artifacts apart from the
model itself which will be generated. They also need to be stored
and utilized accordingly. The way the data is saved and stored, these
artifacts can follow the same process. For tracking purpose, there are
a few tools available, like MLFlow, which provide a dashboard, with
the information of the model trained with their metadata.

For training, test, deployment, and consumption, most of the things
are done via code. The code needs to be versioned, but that is not a
challenge as that is happening for quite some time and many tools
are available for the same, with Git being the most popular one. A
few things which need to be taken care of while maintaining the
code is to connect it to any artifact that they generate like the ones
discussed earlier — docker images and so on. One way to do that is to
attach the git commit id to the artifact, which is assigned to the code
that generated the artifact. The important thing is to put a process in
place so that everything can be backtracked and reproduced. As we
speak, there might be some tool which will make your task easier; all
you need is to ensure that you know what all is required.

Unlike the typical software where you automate the test cases and
based on that the code move to a higher environment, in the ML
world, everything happens on the production data. There can be a
separate environment where the production data can be provided,
so that the experiments can be conducted on the production data
without disturbing the production environment. Since, all the things
are conducted on the production data, the concept of moving the
code to a higher environment is only for reference. It is the artifacts
like model binaries and any other related data processing binaries
that move from development to production in case of ML for
deployment. The consumption part is something which sits and runs
in the production environment utilizing all the artifacts which move
as part of the deployment. Training the ML model can be a costly
affair in terms of resources, so sometimes, an intermediate step is
inserted between the development and deployment for more control.
This step can be called as training or staging. Figure 3.5 highlights
the steps that happen in model training to deployment, and this can
be used in setting up your process, as shown as follows:
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DEVELOPMENT STAGING PRODUCTION
i 1) Datapreparation i 1) Running the 1) Deploying the final
i 2) Model training & experiment model
testing scripts i 2) Showcasing the KPIs : 2) Versioning the
i 3) Version &KPIs i 3) Notification to deployed model
enablement relevant stakeholder : :
i 4) Deployment Script i i

NOTE: Each stage mo happens with prior app | and the whole process can be automated using CI/CD process and tools
Figure 3.5: Multistage training deployment

Overall, the MLOps process should be setup in such a manner that
it enables the reproducibility and, at the same time, make the whole
ML lifecycle as smooth as possible. We also need to be careful about
a few places in the ML lifecycle (like interpreting the KPIs, which are
the output of model training and testing) that needs to be interpreted
manually and the process and tool selection should be such that it
enables the manual intervention. As an example, it might be that for
a certain set of problem, an AUC of 0.7 is good and the model gets
to be deployed and consumed. Similarly, another problem, with the
same AUC might not be good enough to be deployed. There can
be multiple reasons for that, and these things need to be sorted out
manually with reasoning and logic. The process should keep the
provision for that, as these reasonings will happen between different
stakeholders, but once the approval or rejection happens, the next
steps can be smooth and clear. There are a lot of developments in
terms of tools to enable MLOps; however, a thorough understanding
of the ML lifecycle can enable you to design a better process.

Another aspect as to why MLOps is very important is because of
the retraining of the ML model. We would not want to start from
scratch for the use case which are already productionized. Starting
from scratch again will slow down the whole process and it might
happen that by the time the model reaches production, it is outdated.
Therefore, the whole process should be carefully devised and put in
place, so that it fulfills all the requirements discussed in this section.
Figure 3.6 shows the tools and one of the ways in which the overall
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end-to-end MLOps process can be achieved; however, these tools can
be changed as per the choice and availability, as shown as follows:

DEPLOYED MODEL
METADATA INFO
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Figure 3.6: MLOps overview with tech stack

As shown in the preceding figure, we are highlighting an end-to-end
MLOps process with the tools in place. We will discuss what all the
components are and their use, as follows:

¢ Data which is used for training and validating the model
e Codes which are utilized to perform the task

e GitHub which is used for version maintenance and CI/CD
process

¢ DVC (Data Version Control) which is used for maintaining
the data version for all the experiments

e ML Training, after approval, where the training will happen,
for example, GCP Al Platform, Kubernetes cluster or Spark
engine, and so on

e KPIs to highlight the performance of the model, CML
integrates with Git to display the KPIs via Git

e After approval, the model to be deployed for consumption
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e Deployed model metadata, like version number, data
location, and so on in some table. This information can be
used for audit and reproducibility.

The approval process and all the steps can be automated using
GitHub Actions for CI/CD, including the approvals. Also, as
mentioned, these tools are for reference purpose and can be changed,
as per availability.

Conclusion

In the first two chapters, we covered all the logical steps that are
required for successfully accomplishing the data science project.
In this chapter, we discussed all the tech stack and the framework
which should be available inside an organization for the successful
implementation and practice data science. We covered the tools
which can be part of each functionality of the ML framework. The
idea of this chapter is to highlight a generic framework and provide
the kind of functionality that should be available to enable a seamless
data science pipeline for all the steps in the ML lifecycle. The tools
we have highlighted in this chapter are one of the many tools which
are available in the market. At the same time, new tools are coming
very quickly in the market and hence, one needs to be well informed,
but if you are aware of the functionality that you need, finding the
tools is not difficult. The idea is to understand the functionality that
is needed for the ML lifecycle and then choose the tools to fulfill each
functionality, in the best possible way.

Now, that we have covered every component of the ML framework
and all the individual tasks and functionality that needs to be
accomplished in the data science project, we will study the details of
each individual task.

In the next chapter, we will start with EDA and see how EDA is done,
based on the use case(s).

Points to remember

1. ML Framework should support every stage of the ML
lifecycle.

2. EDA is not part of MLOps but everything else in the ML
Lifecycle should be done via MLOps.
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3. Cloud is recommended for ML, as it can take a lot of adhoc
infra requirement, which optimizes the cost and time.

4. Reproducibility and Back traceability of each step in the ML
Lifecycle is the key. The MLOps process should enable both.

5. The ML framework should scale for both training and
prediction of new data.

6. Continuousevaluation of the modelisnecessary to proactively
monitor the model performance over new data. It also helps
boost the end-user confidence on the model output.

7. The ML Framework should be able to handle both the real
time and the batch data.

Multiple Choice Questions
1. How does cloud help in EDA? Select all that applies.
Provides provision for adhoc infra

b. Provides multiple way to implement ML
c. Automates the EDA
d. Cost optimization

2. Why is data versioning an integral to MLOps?
a. Reproducibility of ML model
b. For audit purpose
c. For good model quality
d. aandb

3. Why do we need the staging/training stage in between the
development and production of the ML model training
while implementing MLOps?

a. It offers the option for manual intervention before
and after the ML experiment run

b. It improves model performance
c. Training is a costly operation

d. None of the above
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4. Why is the Consumption step is required in the ML
Lifecycle?

a. Model output cannot be consumed by the business
directly

b. The business might need the output combined from
multiple models

c. Only a particular set of model output is of interest to
the business

d. All of the above

5. For batch prediction, which is/are the most important
factor(s) that needs to be considered while choosing a
service:

a. Latency

b. Scalability

c. Cost

d. All of the above

6. Storage is used to save the data utilized for model training.
What other artifacts is storage used to save?

a. Model binaries and graphs

b. Any preprocessing binaries

c. Any output file that needs to be used in the future
d. All of the above

Answers
1. a
2. d
3. a
4. d
5. d
6. d
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Key terms

e MLOps: The process to operationalize the ML lifecycle,
including automation and reproducibility.

e DVC: The data version control, utilized with Git for version
maintenance of the data.

e CML: Continuous Machine Learning, utilized with Git for
extending the functionality to display the KPIs and graphs
on GitHub/Gitlab.

Reference

1. https://www.featurestore.org/



CHAPTER 4

Data Exploration
and Quantifying
Business

Problem

n the previous chapters, we discussed both the functional and the

technical requirements to enable the ML practice successfully in an
organization. In this chapter, we will go into the details and discuss,
define, and convert a business problem into a data problem. For this
purpose, we will create a hypothetical business problem and use a
public data set. We will go through the data and start with EDA, and
while doing that, cover a few aspects of EDA with the Python codes.
We will also learn how to highlight the finding and communicate
the findings with the stakeholders. After quantifying the business
problem, we would try out some ML algorithms, just to get the sense
of performance and define a way to move forward. This chapter will
have Python coding, but we will also explain the output and how to
infer the output.

Structure

In this chapter, we will cover the following topics:
e Overview

e Business problem and dataset
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e EDA
e Feature engineering
e Baseline model

e EDA result communication

Objectives

After studying this chapter, you will be able to look into a business
problem with all the data available and quantify the business
problem into a data problem. In the process of doing that, we will do
EDA on the data and see a few of the aspects of EDA. EDA depends
a lot on the problem and data at hand, and also on the individual
who is performing the task. EDA also accommodates a lot of adhoc
questions that are asked by the stakeholders, hence it is a very broad
process. Our goal here is just to give an idea on how that is done,
and what thoughts goes into EDA. EDA covers a lot of visualizations,
so that the data can be easily understood. For that purpose, we will
detail out some graphs and show how to interpret them. The thumb
rule is to always keep the graphs simple and self-explanatory.

Overview

We covered all the end-to-end tasks that goes into the ML Lifecycle.
Now, in this chapter, we will dive deep into EDA, where the goal is
to understand the data at hand, check its quality, and based on that,
provide both the qualitative and the quantitative insights for the
business problem at hand. The qualitative aspects cover the quality
of the data, and in simple terms, it investigates if the data available is
good enough in quality to solve the problem at hand. The quantitative
insights are generally in terms of the amount of data available and
whether it is good enough to solve the business problem at hand,
within the acceptable cutoffs. We will look into both these aspects
and provide certain standard guidelines on both these quality issues.

As discussed in the previous chapter, EDA is the first step in the ML
lifecycle after finalizing the business problem. Finalizing the business
problem before EDA is a prerequisite because the same data can be
examined in different ways depending on the business problem. For
example, if we want to identify customer pattern in the data, we will
look at the transactional history keeping the customer in mind. If we
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want to see the complimentary products in the data, we will look
into the transactional history again, but keeping the product in mind
and try to find the relationship between the products. The same
data can be looked at in multiple ways when doing EDA and hence,
the business problem finalization is the most important step before
jumping into EDA.

To show an example of EDA, we will discuss a business problem and
define the final problem in the following section. In a real scenario,
defining the business problem can be time taking and can go through
many iterations and many stakeholders might be involved, including
the data scientist, to finalize the business problem. We already
covered that in the first chapter. In the following section, we will
define a business problem and discuss the data set available to solve
the problem. We will use a public dataset and the business problem is
somewhat created for the sake of giving a demo about EDA.

Business problem and data set

For this chapter, we will consider a retail vendor, which is trying to
solve the following business problem utilizing the data:

e The vendor would like to forecast the expected sales across
each of its store on a weekly basis.

e The vendor would like to understand if the holidays have
any impact on the sales.

To solve the problem, we have three data sets — Store Details,
Store Features, and Sales Data — which we can utilize.

The first data set is Store Details and it contains the physical
attribute of the store; Table 4.1 highlights the information it has, as
shown as follows:

Column name Details
Store The ID of the store
Type Store type to classify different types of store
Size Area in Square Feet of the Store

Table 4.1: Store Details

The second data set is Store Features, and it contains the weekly
features like the fuel price and so on, on a weekly level, as shown in
Table 4.2, as follows:
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Column name Details

Store The id of the store

Date Weekend date for that week

Temperature Average temperature in the region where store is
located

Fuel Price Cost of Fuel in that region in that week

CPI Consumer price index in the store area in that week

Unemployment | Unemployment rate in the store area, in that week

IsHoliday Flag to highlight if there are any holidays in that
week

Table 4.2: Store Features

The third data set is Sales Data on a weekly level, as shown in Table
4.3, as follows:

Column name Details
Store The id of the store
Dept Department number under the store. Department
number represent same department across stores.
Date Weekend date for that week
Weekly_Sales | Sales for the department for that week
IsHoliday Flag to highlight if there are any holidays in that week

Table 4.3: Sales Data

We will consider the data and the business case as an example
to highlight some of the things that goes in EDA. However, as
mentioned earlier, depending on the data and the business problem,
the EDA can vary a lot and the details and steps discussed in this
chapter should be used as a reference and the data scientist should
build upon that further.

We will see a few graphs and learn how to interpret those graphs. All
the coding is done in Python and the data and the Jupyter notebook
will be shared via GitHub. You can practice hands-on using the
notebook and try out new things.
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Exploratory Data Analysis (EDA)

We will start the EDA, and the first step is to combine all the data to
create a base table which we will analyze. To create the base table,
we will combine the sales data with the store features and the store
details. The following commands, as shown in Figure 4.1, helps us
achieve that in Python:
! %mport pandas as pd
?mport os
import numpy as nj

import matplotlib.pyplot as plt
plt.style.use( 'ggplot')

: |os.chdir('/Users/XXX/EDA_Data/archive')
df features=pd.read csv('Features data set.csv')
df sales=pd.read csv('sales data-set.csv')
df stores=pd.read csv('stores data-set.csv')

. |df_features.head()

Store Date Temperature Fuel Price CPl Unemployment IsHoliday
0 1 2017-02-03 42.31 2.572 211.096358 8.106 False
1 1 2017-02-10 38.51 2.548 211.242170 8.106 True
2 1 2017-02-17 39.93 2.514 211.289143 8.106 False
3 1 2017-02-24 46.63 2.561 211.319643 8.106 False
4 1 2017-03-03 46.50 2.625 211.350143 8.106 False

: /df_sales.head()

Store Dept Date Weekly Sales IsHoliday
[} 1 1 2017-02-03 24924.50 False
1 1 1 2017-02-10 46039.49 True
2 1 1 2017-02-17 41595.55 False
3 1 1 2017-02-24 19403.54 False
4 1 1 2017-03-03 21827.90 False

: |df_stores.head()

Store Type Size
0 1 A 151315

1 2 A 202307
2 3 B 37392
3 4 A 205863
4 5 B 34875

: |##Creating the base table, combining all the table
##Drop IsHiliday from one dataset as duplicates
df_interim=pd.merge(df_sales,df_ features.drop('IsHoliday',axis=1),on=['Store', 'Date'],how=
df_basetable=pd.merge (df_interim,df_ stores,on='Store',how='left')

Figure 4.1: Sample code Jupyter Notebook
This is the first step that we completed in Python, and so we explained

the details here with the screenshot, but from this point onward, the
reader should refer to the Jupyter notebook for going through the
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code. We will only share the key findings and the output artifacts
here like the graphs.

In the first line, we imported a few libraries — pandas, os, and
matplotlib. Pandas is a popular Python library to analyze the
tabular data, and OS enables to execute the operating system
commands from Python. Matplotlib is a popular data visualization
library. We changed the directory to set the working directory to the
folder where our raw data is available. The next step was reading the
three datasets and looking at the top few rows of the data, just to see
their content. We mentioned the details of the column, store features,
and sales data combined on the store number and the weekend date.
Next, the data of the stores was merged on the interim data created
by the features and sales, based on the store number. This created our
base table, and we will utilize this data for further analysis to solve
the business problem at hand.

Creating the base table is a big task as you have all the relevant
column at the granular level available, and from here, you can start
exploring and creating the features for the problem.

Now that we have created a base table, we will explore the data. The
time period for which the data is available is from 3 February 2017
to 25 October 2019. We would like to check whether there is trend in
the sales over the time. For that, we will aggregate all the sales across
all the stores and see if there are any trends. Figure 4.2 shows the plot
(line chart), as shown as follows:
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Figure 4.2: Line chart
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As we can see, there is no visible trend in the data; however, there is
seasonality with spikes around November to January for 2017-2018
and 2018-2019. This shows that there is no trend in the YoY data basis,
however, there is seasonality which comes into the role.

We will look into analyzing the numerical data, categorical data, and
the combined analysis to come up with an insight. In the following
sections, for each type of data, we will discuss the graphs which
enables the data scientist to communicate their story visually.

Numerical data analysis

For the numerical data analysis, we will utilize a few standard plots,
and we will discuss them in detail. But before proceeding further, we
would like to enquire if there are any missing data in the dataset. For
that, we have to run the command and get the following output, as
shown in Figure 4.3 as follows:

df basetable.isnull().any()

Store False
Dept False
Date False
Weekly_ Sales False
IsHoliday False
Temperature False
Fuel Price False
CPI False
Unemployment False
Type False
Size False

dtype: bool

Figure 4.3: Null value check

As we can see, there are no missing values in the data; however, that
is not the case most of the times. The missing data imputation is a
very broad topic in itself and we need to take care of the missing
data before reaching the ML model stage. First, we will look into the
univariate analysis and then we will look into bivariate.
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Histogram

The histogram plots the frequency of the numeric variables by
binning or bucketing them in numeric ranges. It's a very good way
to visualize the spread of the data and know whether the data is
skewed. For all the numeric variable in the base table, the histograms
are shown in Figure 4.4, as follows:
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Figure 4.4: Histogram
Some of the important and visible insights coming out of the data of
the preceding plots are as follows:
e CPI doesn’t have any value between 145 and 175.

e The weekly sale is right skewed with values between 0 and
100000 covering the maximum data.

e The temperature is almost normally distributed.
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These are a few of the insights which the data scientist can utilize
while formulating the hypothesis.

Boxplot

Boxplots are another way to explore the numeric data. The histogram
shows the spread of the data based on the mean or average at its
center, while a boxplot takes the median at its center. It divides the
data in two, based on the quartile range. Figure 4.5 highlights the
boxplot on the Temperature column, as shown as follows:
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Figure 4.5: Boxplot

The values below q1 are the bottom 25% values and the value above
q3 are the top 25% values. The values between g3 and ql are the
middle 50% values. The Interquartile Range (IQR) can be used to
calculate the whiskers which are q3+1.5*(IQR) for the top, and ql-
1.5*(IQR) for the bottom. IQR is q3-q1, where g3 is the top quartile, g2
is the median or second quartile, and q1 is the first quartile. Anything
beyond the whiskers is treated as the outliers. Outliers are a broad
topic, and there are multiple ways to explore them, including the
business input. While doing EDA, the outlier treatment should also
be finalized, and boxplot offers one very easy way for looking at the
numerical data.

Heatmap

Heatmaps are a great way to analyze the range of data, rather than
the exact values, when the high and the low needs to be highlighted.
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One important usage to highlight the correlation plot is shown in
Figure 4.6 as follows:
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Figure 4.6: Heatmap

As shown in the preceding figure, we have color coded our heatmap
as Yellow-Green-Blue, for the lowest to highest value, respectively.

Categorical data analysis

The categorical data can be visualized for their counts or the
percentage of presence across each category in the overall data. A
couple of ways to visualize the data is shown in the following section.

Bar chart

Bar chart, on very basic level, shows the count of a particular variable
across each category. It can be seen in Figure 4.7, which highlights the
plots for the IsHoliday variable which is the Boolean type and Type
which is the type of store.
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Figure 4.7: Bar chart
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Pie chart

Pie chart is another way to represent the data; however, this is not
recommended when the cardinality is very high. The approach to
visualize the data should always be to highlight the key insights as
simple as possible, and when the cardinality is high, the pie chart
becomes ambiguous. Refer to Figure 4.8 that highlights the Pie Chart
as follows:

Store Type Count across Stores
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Figure 4.8: Pie Chart
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Bivariate/multivariate analysis

So far, we have seen the graphs to analyze only single variables.
Now, we will discuss a few graphs, which can handle two or three
variables and we can infer the relationships between these variables.

Scatter plot

To show two numerical variables on the same plot and see if there
exists any relationship between them, we use scatterplot. Figure 4.9
highlights shows the scatter plot between Size and Weekly Sales,
as follows:
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Figure 4.9: Scatter plot

As we can see, there is no particular relationship visible, and that
is what even the heatmap with the correlation shows — none of the
numerical columns are correlated. One thing which the scatter plot
can highlight at times is the non-linear relationship, which cannot be
inferred from the correlation values.

Clustered boxplot

The Clustered boxplots are similar to boxplot, but the plots are
divided by some categorical column. We can see the Size by Type
column in Figure 4.10, where Size is numeric, and Type is categorical,
as shown as follows:
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Figure 4.10: Clustered box plot

It is clearly visible that store type A are the largest store size and store
type C are the smallest, with type B in the middle. It is also interesting
to note that there is one outlier in type A and a couple of them are

in type B.
Stacked bar chart

The stacked bar chart is utilized when we want to analyze two
categorical variables at once. Figure 4.11 shows the Type and
IsHoliday variable together, as shown as follows
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Figure 4.11: Stacked bar plot
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We can see that the count of IsHoliday is low across all the stores,
which is in line with the overall IsHoliday count. This plot should
be used only with two or three stacked categories, otherwise it leads
to ambiguity.

Line chart across categories

The line charts can be used to see a trend, as shown in Figure 4.2
earlier. Similarly, we can see the trend across multiple categories, as
shown in Figure 4.12 as follows:
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Figure 4.12: Line graph across categories

As seen in Figure 4.12, the seasonality is not there for the store type C.

The preceding plots cover most of the basic ways that the data can
be explored. There are many other fancy plots and packages that can
be utilized to visualize the data, and those should be explored apart
from the ones shown here. However, the only thing that one should
be careful about in plots and graphs is that the key insight should
come out as soon as one looks at the graph.

While doing EDA, all the graphs and insights you find might not
be useful to the business; it should be filtered out and should be
presented to the business in such a manner that it makes sense. We
will see a few examples in the EDA result communication.
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Feature engineering

Once we understand the data via the exploration, we need to create a
baseline model to see how well the data available is able to solve the
problem defined. We have our problem statement already defined
in the preceding section and we need to answer these problems. To
achieve the first task, i.e., to forecast the sales, we need to create an
ML model. For that, we need to create the features out of the available
data, which will enhance the model predictive capability.

We need to create the numerical variables out of the categorical
variables. After that, we will create a time-based feature, which might
help the model to identify the seasonal trend.

We will execute the preceding steps; however, feature engineering
is a very broad topic, and more the understanding a user has of
the business, better the features will they be able to carve out of
the data. Also, just to reiterate, we can only use the present data to
predict the future. In our data, Temperature, Fuel Price, CPI, and
Unemployment are the time dependent features, and unless they are
coming as an output from a third party, which forecasts them, or
there is a separate internal ML model forecasting these variables, we
can’t use them. The reason is that their value won’t be available in
advance to utilize for Sales Forecast. For the sake of simplicity, we
will assume that the data is coming out of the third-party output and
hence we can use these features.

We will discuss a couple of modelling techniques in the following
section. These will be the basic models which will be run without any
hyperparameter tuning, just to get an idea of the performance of the
models and the better suited models for the data available.

Baseline ML model

The idea of the baseline ML model is to try out multiple techniques
and find a suitable set of features and the ML algorithm that is best
suited to the data. The information obtained out of this step will help
in achieving a couple of things, creating the production grade data
pipelines for feature engineering based on the feature required for
the model. It will also help the data scientist to select a subset of
algorithms from the many available algorithms, based on the result
and other parameters like time taken to train etc. This approach
won’t be applicable to the Deep Learning models, if not performing
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Transfer learning, as they have their own challenges and require the
training in one shot. But, other than the Deep learning tasks, such as
image processing and the NLP tasks, this approach can be applied to
all the traditional ML problems.

We will try two modelling techniques — one is a simple linear
regression and the other is a tree based Random Forest algorithm. The
details of the model performance are shared in the notebook and the
final takeaway will be shared in the upcoming section. The ML model
creation is a heavy computation task, and we will use a very small
data set, hence the things can be done on a local machine/laptop. In
case the data is large, we need to utilize the cloud environments and
start a high computation VM or notebook instance, depending on the
availability. Some organizations do everything in-house; in that case,
you need to have a powerful machine in-house or a private cloud
environment, which is popular in the financial institutions.

In the following section, we will discuss the results of the EDA,
and learn how the key insights should be communicated. This is an
important task, as all the hard work done boils down to how well you
explain the insights to the key stakeholders. As we have mentioned,
there is no single best path for this; however, we will share a few key
pointers while communicating the results in the following section.

EDA result communication

The most important point while communicating the insights after
EDA is to understand the audience whom one is presenting. In case
the audience is from the business side, try to avoid any technical
jargons and explain it in simple business language. Of course, some
aspects can get complicated, due to the curiosity of the stakeholders
or there is no easy way, but this should be thoroughly thought
through as this is where you convince the business of the utility of
the whole exercise. This can be the most important step, in terms of
your model moving to production and the output consumed by the
business.

A few of the key pointers to keep in mind while communicating the
results to the business/stakeholder are as follows:

e Always communicate the results in a simple business
language, while prepared with numbers and KPIs if enquired
about the details.
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Explain the KPIs” impact in terms of business decision and
insights.

Support the insight with meaningful visualization, which
complements your insights and is simple to understand.

Provide some actionable task that can help improve the
performance of the business.

Raise questions related to insights with the business to check
if the data is representative of the population.

Try to relate the KPIs with a dollar value, operational
efficiency.

We will share the insights of our EDA; we have followed the
principles mentioned earlier. This can be referenced, depending on
your business problem.

Key insights and results

The sales data with the store information, and the additional data
related to the stores’ area, has been analyzed, and the following are
the findings:

Forty-five stores covering 81 departments” data for little more
than two years is analyzed for predicting the weekly sales.

The store attributes — size and store type — and the external
data of the area in which the store is located is used to check
if they have any contribution in predicting the sales.

There is a seasonal pattern in the data and there is a surge
in the sales in the holiday season, i.e., from November to
January (Figure 4.2 can be shared here).

The sales are related to the size of the stores, although A and
B type stores have similar number of departments on an
average (Figure 4.12).

The first cut of the model can explain 41% of the variance in
the sales, which is good, and the results will improve after
further tuning the model.

Holiday in week and Large Store Size leads to more sales and
high fuel price and high unemployment rate has a negative
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impact on the sales. Figure 4.13 highlights those trends, as
shown as follows:
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Figure 4.13: Partial plots

These are the few insights which can be provided; however, if
someone needs further details and want to know how these insights
are derived, one can dive into the technical details. One important
query which comes a lot of times is, why isn’t there 100% accuracy or
why only 41% variance is captured. We need to explain that with the
ML models; there is always some uncertainty, and we can’t capture
everything which impacts the variable of interest, in this case, the
Weekly sales. So, we must accept the best we can get out of the data
and see if it is good enough for business consumption.

Now, we have covered a few aspect of EDA and given a few pointers
on presenting the result. This covers everything that was intended to
be covered in this chapter. In the next chapter, we will start looking
into training the model and refining them, and at the same time, learn
how to track all the experiments, which can be composed of different
data sets, or different ML algorithm or both.

Conclusion

In this chapter, we got our hands dirty with data and understanding
the data. We looked into the ways to explore the different types of
variable and different graphs and how to interpret them. Finally, we
looked into how to condense the important information and insights
and communicate it to the stakeholders. We need to remember, all
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the visualization and insights might not be useful and of interest
to the stakeholders. We touched upon all we need to keep in mind
when communicating the results to the business.

In the next chapter, we will get into more details about training the
model and learn how to track the experiments for moving the final
models to production.

Points to remember
1. EDA starts after the business problem is finalized.
2. Data visualization should be simple and easy to understand.

3. All the insights coming out of EDA might not be useful to the
business. Prioritizing the insights is important, otherwise it
might lead to too much information.

4. Insights should be communicated keeping the business
problem and utility in mind; it might lead to further queries
from the business and provide valuable inputs.

Multiple choice questions
1. What is the utility of histogram?
a) To check the distribution around mean/average
b) To check the distribution around median
c) Detect outlier

d) None of the above

2. Whatis IQR or Inter Quartile Range of a numeric variable?
a) Difference between mean and median
b) Difference between third quartile and first quartile
c) Median multiplied by 2.
d) Mean subtracted by (1.5*standard deviation)
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3. What is the utility of the baseline model in EDA used for?
a) To getanidea about the predictive power of the data.
b) To identify the best set of algorithms for the problem.

c) To identify the important features in predicting the
dependent variable.

d) All of the above.

Answers
1. a
2. b
3. d

Key terms

e Variance: Spread of the data from the mean, squared value of
the standard deviation.

References
¢ Code and data - https://github.com/MLBook-V]J/EDA



CHAPTER 5

Training and
Testing ML
Model - Part 1

In the previous chapter, we discussed EDA and the insights coming
out of EDA, and how the insights should be communicated. After
the EDA is complete, if the outcomes are positive, we move ahead with
training the model and validating its performance. We will discuss
how and why training a model is separated from EDA, even though
we trained one during EDA. The challenges around model training
like hardware requirements, data versioning, and experiments’
details will also be explored. This chapter will also highlight why
the cloud platforms are better suited for model training at scale. We
will perform the training part with two different set of problems, just
to highlight the different ways of training a model, that is, training
with CPU and GPU. We will also discuss the kind of infrastructure
that should be enabled for model training at scale inside an
organization.

In this chapter, we will discuss the technical details including
container, Kubernetes (K8s), and Polyaxon. Polyaxon is a platform
built on top of K8s for building, training, and monitoring large
scale machine learning and deep learning projects. We will utilize
the community edition of Polyaxon which is open source and can
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be installed inhouse or on the cloud K8s cluster. We will use Google
Cloud Platform (GCP) for our K8s cluster.

We will cover the setup of Polyaxon and understand the Polyaxon
platform in this chapter and the next. We will cover the training in
the next chapter which will be a continuation of this chapter.

Structure

In this chapter, we will cover the following topics:
e Overview
e Container
o Kubernetes
e GCP
e DPolyaxon

e Polyaxon setup

Objectives

After studying this chapter, you will be able to take forward the EDA
results and train a model and develop a mechanism to experiment
at scale for the ML model training. We will discuss the necessity of
having flexible infrastructure for the data scientist to experiment and
train the model without thinking too much about the infrastructure
limitation in a cost optimized manner. We will use Google as the
cloud provider but will provide the reference if someone wants to
use the other cloud vendor or the in-house K8s cluster. The use of
K8s makes it a compulsion to use all the workflow containerized and
we will discuss the advantage of containerization.

Polyaxon platform is huge, and we will cover the parts which are
required as per necessity. One could refer the Polyaxon documentation
if they want to perform any modification or enhancement in their
setup.

Overview

As organizations have a large amount of data available these days;
they want to utilize the data for better decision making, optimizing
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the process which leads to increment in profit and value. For doing
that, the organization needs to quickly process and analyze the data.
Now, after EDA, if the results are promising, we will train the ML
models, and when we say models, consider it across the organization
at a scale of hundreds or more. To do this, we need the infrastructure
to support the training of the model. Cloud is better suited for this
setup due to the pay-what-you-need aspect and to address one-time
specific requirement. Also, a lot of operational cost is saved using the
cloud than an in-house setup, but to look into the profit-loss of in-
house vs cloud is beyond the scope of this book.

We will understand the container, images, and Docker role in the
context of creating reusable components. This will lay the firstbuilding
block of training at scale and building reproducible experiments.

Container

A container packages the application in such a manner that it is
isolated from the environment (operating system) in which it is
running. The way they differ from VM (Virtual Machine) is the
VM share hardware, but each VM has its own operating system.
A Container is self-sufficient and many containers with different
requirements can run on the same operating system or server.
Containers are built based on images, either by running the same, or
extending it as per the need and then running it. There are multiple
ways to create the images and run the container, the most popular
being Docker. We will discuss docker and go through some basic
commands, utilizing which, we will create the image and run our
containerized application on locale.

Docker

Docker Inc. is the organization which provides a whole suite of
software and services which is utilized to create the containers
and save the images. We will mainly focus our discussion on the
docker desktop and docker hub. Loosely speaking, people refer to
everything as docker, however, each product/service is for a different
purpose. We use the docker desktop for creating images and running
the container on one’s machine, whereas the docker Hub is used for
saving the images on cloud from where they can be pulled for a later
requirement.
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We will discuss each of these in details in the upcoming sections.

Creating an account on Docker hub

The first step is to create an account on docker hub. This will be
used in pushing and storing our images in the docker hub for a later
reference. The whole idea of containerizing the application is to run
it independently in as many environments as we want, without
worrying about the locale setup. To do this, we need to have the
images stored in such a way that they can be easily accessed and
referenced. The images are the blueprint of the container, and hence,
storing and their availability is very important, and that is what
docker hub is used for. You can go to https://hub.docker.com/signup
and signup by choosing a docker id and password and providing an
email id. If you are signing up for the first time, you will get a screen
as shown in Figure 5.1, as follows:

Choose a Plan

Select a plan to get started with Docker

Free Pro Team

FOR INDIVIDUALS FOR INDIVIDUALS FOR ORGANIZATIONS

Unlimited public repositories
1 private repository

Community support

Unlimited public repositories
Unlimited private repasitories
Unlimited image pulls

Up to 1 collaborator per private
repository

300 vulnerability scans per

Unlimited public repositories
Unlimited private repositories
Unlimited image pulls

User management with role-
based access controls

Unlimited teams

month
Unlimited vulnerability scans

2 parallel builds N
3 parallel builds

Email support
PP Email support

$7 user/month
Starts at $25 for 5 users

$0 /month $5 /month
With annual plan

Figure 5.1: Docker plan details

| Continue with Free |

You can choose Free and continue, since we can cover the learning
aspect with the free options. You may be asked to verify your email
by clicking the link received in the email from the docker. Just
remember, the service provided by the docker hub is also provided
by other vendors, including all the major cloud providers.



Training and Testing ML Model — Part 1 81

Once successfully logged in and verified, we will park the docker
hub details for now and use the login details in the later sections and
chapters.

Installing Docker desktop on PC

Docker desktop is an application to build and share the container
from your desktop. Docker Desktop includes Docker Engine,
Docker CLI client, Docker Compose, Notary, Kubernetes, and
Credential Helper. We won't be using everything, but we will make
use of docker CLI. You need to download the Mac or Windows
version from https://www.docker.com/products/docker-desktop,
depending on your OS. For Unix, it depends on the flavor of Unix
you are using, and the detailed steps are mentioned on the website
for supported flavors.

The installation is straightforward and very well documented on the
website. While installing, please select the option to start the docker
when the system starts. That way, we don’t have to start the docker
again.

Once the installation is complete, start docker CLI or you can directly
execute the docker command in the terminal; it will give a list of
options. Use the following command and provide the Docker hub
details created above the login, when asked for the username and
password:

docker login

Once you have logged in successfully, you are connected to the
docker hub from your docker desktop. The next step is to create an
image and run a container, which will be discussed in the upcoming
sections.

Creating a reusable image

We covered the installation and account creation part of docker
desktop and hub. Now, we will create a simple image and go
through the details of a few basic commands and structure required
to build an image. As our goal is to create a reusable image and push
it to docker hub, we will conduct a simple exercise where we will
complete the following steps:
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1. Create a Python script to count the null/missing values for
each column in CSV file.

2. Generate a report with a column name and count of missing
value.

3. Containerize the module.
4. Save the output on the machine where it is running.

We will start with the Python script. The Python script should take
the csv file as an input and provide a csv file as the output with a
name null_value_report.csv. The script will be shared in the git
link at the end of this chapter. We have named the Python file as
Null_Value_Modul.py.

Now, we will go through the Dockerfile content which is used to
create the image. The first command in the Docker file is as follows:

FROM python:3.7.3

This command is used to refer to the base image. Docker and many
other vendors provide the base image of their application/software
which can be extended as per need. We are doing the same using the
preceding command. We will call the Python image 3.7.3 available
and use it further as per our need.

The next command is setting the working directory, using the
following command:

WORKDIR /usr/src/app

This command sets the working directory as the mentioned path,
in this case /usr/src/app. If the directory is not present, it will
be created. All the commands will be executed inside the working
directory. It also makes it easy to mount the external data if we know
the working directory. Also, the working directory can be changed
multiple times in the same docker file, but is not required for this
example.

The next command is to copy all the files that are required in the
container image. For doing that, we use the copy command. In this
case, we use the following command:

COPY .
This just means copying all the current directory content from your

system to the docker current directory, which is the working directory
set earlier.
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The next command is to install all the Python packages inside
the container and all the package required with their version are
mentioned in a file requirement. txt. The RUN command executes
the commands that follows it, in the docker file, while building the
image. The command is mentioned as follows for reference:

RUN pip3 install -r requirement.txt

The final part is the entry point command, which means that as soon
as you start the container, this is the command that will run. It can be
overridden while running the container, which can be checked in the
link provided in README . md in the code shared. The command that is
to be executed is as follows:

ENTRYPOINT [“python®,”Null_Value_Modul.py”]

The Python scripts perform the task that we have defined at the
beginning of this section, that is, counting the null values for each
column and generating a report in the CSV format, given an input
CSV file.

The docker command to be executed and the parameters to be passed
to them are discussed in the README.md file shared with the code.
The code link is shared in Docker Image Creation in the references.

Running the Image as Container

Once the image is created, we want to use it as per our requirement.
The command to pull the image from a centralized repository, in this
case docker hub, and to run it are given in the README .md file. The
command options are also shared and explained and might change
based on the image necessity.

With this, we have covered how we can create the image and run
them as a container. However, there are infrastructure requirements
when we are running multiple images, especially when we have to
train or deploy an ML model for scalability. This is where Kuberenetes
(K8s) comes into picture. We will discuss them and try to develop an
understanding for working with them, in the upcoming section.

Kubernetes

Kubernetes, also known as K8s, is an open-source system for
deploying and managing the containerized applications in an
automated and scalable manner. It was created by the engineers from
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Google and open sourced. Currently, most of the organizations are
taking the K8s route due to the following reasons:

e Scalable: The K8s clusters are naturally scalable. It has a
number of tools that allow both the applications as well as
the infrastructure they are hosted on to scale in and out based
on the demand, efficiency, and a number of other metrics. We
will explore a few of these as per our requirements when we
train or deploy our ML models.

o Flexible: K8s are very flexible wherever you are running the
clusters. Be it your private cloud, public cloud, or your own
machine, they are designed in a manner to handle complex
requirements.

¢ Open source: K8s is an open source and is available for
extension as per requirement. This provides a powerful
system for the application development and deployment
without the vendor lock in.

The Kubernetes installation can be challenging; however, thanks to
the public cloud provider like GCP or AWS, they have simplified
the installation of K8s. Another thing to keep in mind is that even
though K8s have a lot of advantages, not every organization needs to
enable them for their ML or data science practice. Only when there is
maturity in the ML practice and there is a requirement, we should go
ahead. We assume this is the case in most of the enterprises currently;
however, it is always a good question to ask, how many models will
we train and deploy on a weekly or monthly basis. The importance
of having an answer to the question is that you can easily quantify
the infrastructure and operation requirement. It need not be accurate
but will give a clear value proposition of K8s.

Once K8s is deployed, we get a cluster. A cluster is composed of the
working machines called nodes. We will cover all the components
that constitutes the K8 cluster in the following section.

K8 components

Broadly speaking, the K8 cluster has three major parts, which are as
follows:

e Control plane

e Nodes
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¢ Cloud provider API (optional)
Figure 5.2 highlights the components of the K8s cluster, as follows:

Kubernetes cluster

api

sched

Figure 5.2: K8s component

[Reference:https://kubernetes.io/docs/concepts/overview/
components/#node-components]

Nodes are where the containerized application runs and each K8s
cluster has at least one node. The Control Plane contains the services/
components that manage the cluster including the component to
interact with the cloud provider, if installed on the public or private
cloud. More details about K8s can be found at https://kubernetes.io/
docs/home/.

Google Cloud Platform (GCP)

Google cloud platform, or GCP, as the name suggests, is a cloud
platform provided by Google and one of the most utilized public
provided cloud platform along with Microsoft Azure and AWS.
Multiple services are provided by GCP in such a way that all the
IT needs can be handled at one place for an organization. GCP or
any public cloud provider enables the end user to concentrate on
the immediate core problems rather than worrying about the IT
infrastructure or platform. On a high level, the following services are
provided by GCP:
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e Computing and hosting
e Storage

e Databases

¢ Networking

e Bigdata

e Machine learning

The services fall under multiple categories like Software as a Service
(SaaS), Platform as a Service (PaaS), or Infrastructure as a Service
(IaaS). For this chapter, we will be using K8s, which falls under the
Computing and hosting service. We will install the K8s cluster and
then install Polyaxon which is discussed in the following section.
The installation of the K8s cluster code is also discussed along with
Polyaxon and details of both the commands are provided in this
chapter with code links.

We can do most of the stuff via the GCP cloud shell; however, if you
want to execute from your local machine, you need to install Google
Cloud SDK (https://cloud.google.com/sdk/docs/install). Please
install this as per your OS. Once installed, you need to log on to your
account executing the gcloud init command. This will take you to
the Google login page. If you are using multiple GCP accounts and
projects, please be careful to select the right one.

Once logged in, we are ready with the GCP side to perform the K8s
and Polyaxon installation, which we will discuss in the following
section.

Polyaxon

Polyaxon is built for automating and reproducing the ML and
Deep learning task. Polyaxon is platform agnostic and provides
many flavors of the tools including a cloud version. In this chapter,
when we are referring to Polyaxon, we are referring to the Polyaxon
community edition, which is an open-source tool from the Polyaxon
organization. It runs above any K8s cluster; in our case, we will use
the GCP KS8s cluster. We will go through the installation and setup
partin this chapter and then we will run a couple of experiments and
go through the details of them in the next chapter.
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There are functionalities provided by Polyaxon which are free but
a few of them are paid. We will utilize the free setup and find a
workaround for anything paid using the other tools. The idea is to
grasp the concept and implement it as per the tools available to the
organization or make an appropriate recommendation. Polyaxon
offers a couple of ways to communicate with the Python API and
YAML files. We will look into both; however, we will be implementing
most of the things via YAML.

In the next section, we will install the Polyaxon community edition,
which is open sourced on the GCP K8s cluster. We assume that the
GCP and docker setup, discussed earlier, are already completed
before we start the Polyaxon setup. If not, please go ahead and do that
before starting the Polyaxon setup. We will go through the command
details utilized in the script in details in the upcoming section.

Polyaxon setup

To install the Polyaxon community edition on GCP, we need to install
the K8s cluster. Everything in GCP is installed under a project. If the
project is not there in your GCP, please create one. You might have
to enable a few APIs on GCP, like the K8s cluster, and so on, for the
user, under whom you will run the script on GCP. Once the project
is created, we can just run the script polyaxon_install.sh, in the
GitHub link provided in the reference section. This script takes four
parameters to execute, which are as follows:

e Project name: Google project name under which the
installation will happen.

e Zone: The computation zone under which the K8s cluster will
be created. For more details, refer to https://cloud.google.
com/compute/docs/regions-zones

¢ Cluster name: Name of the K8s cluster a user wants to give.

¢ Number of nodes: Maximum number of nodes up to which
the K8s cluster will auto scale.

We will go ahead and complete the default configuration installation
in the first step and then we will upgrade the configuration. The steps
which are performed in the script after the K8s cluster installation are
discussed as follows:
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1. Creating a namespace polyaxon, under which the Polyaxon
community edition will be installed. The command is as
follows:

kubectl create namespace polyaxon

2. The next step is to get the polyaxon package to install on the
K8s cluster. We are using helm for that which is a package
manager for the K8s cluster. The command is as follows:

helm repo add polyaxon https://charts.polyaxon.com

3. The next step is to deploy polyaxon and the command is as
follows:

polyaxon admin deploy

4. Once the installation is completed, either run the script
polyaxon_dashboard.sh or execute the individual
command line by line in the GCP cloud shell. This will enable
the dashboard on port 8000 and can be viewed in the Web
preview mode from the GCP cloud shell. The dashboard will
look like the screen shown in Figure 5.3, as follows:

o

Projects not found

Figure 5.3: Polyaxon dashboard

As we haven’t created any project, we will see Projects not Found.

This completes the installation of the K8s and Polyaxon cluster. Any
additional configuration will be discussed as and when required. We
will run the ML training jobs in the next chapter.

Points to remember

e The containers are a self-sufficient piece of software which
can run on any OS.

e Docker is one way to create the images and Docker hub is
one of the many repositories where the images can be stored.

e Kubernetes or K8s are an open-source platform to deploy
and manage the containerized application.
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e GCP offers K8s under their computing services.

e Polyaxon open source is a software from the Polyaxon
organization which is installed above K8s for the scalable and
reproducible ML.

Multiple choice questions
1. What is the use of the FROM command in the Docker file?

a.

To get the base image on which the new image will
be built

To import the files from the directory mentioned after
IIFROMII

It is not required to have “FROM” in the docker file

It tells the current working directory to the Docker
file

2. Which of the following statements related to the container
and VM (Virtual Machine) is false?

a.

Each VM shares the computer resources but has its
own OS.

Multiple containers can run on the same computer in
one OS.

Containerized application can be easily deployed
from one computer to another.

Separate OS needs to be installed for running separate
containers.

3. Whatis gcloud SDK?

a.

User validation utility of GCP

b. K8s installation utility

C.

Tools and libraires to interact with GCP

d. None of the above
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4. Which of the statement(s) is True for the K8s cluster?
K8s can only be installed on cloud.
b. KS8s cannot auto scale.
c. Apps must be containerized to run on KS8s.

d. GCP is the only cloud vendor providing K8s.

5. What purpose does Polyaxon solve for ML?
a. Reproducible results
b. Tracking experiments
c. Scalable
d. All of the above

Answers

9w Db

a
d
c
c
d

Key terms

e Images: Template or Blueprint of the container. Contains a
set of instructions for creating the container.

e Nodes: The K8s component where the containerized
application runs. Each K8s cluster has at least one node.

References

e Docker image creation - https://github.com/MLBook-V]/
First_Docker_Image

e Polyaxon installation - https://github.com/MLBook-V]/
Polyaxon_Install



CHAPTER 6

Training and
Testing ML
Model - Part 2

In the previous chapter, we looked at the tools and technologies
such as Docker, Polyaxon and Google Cloud Platform for training
the machine learning models at scale. In this chapter, we will learn
how to use Polyaxon to train and track our ML models.

Structure

In this chapter, we will cover the following topics:
e Overview
¢ Polyaxon dashboard
e Building blocks of training on Polyaxon
¢ Training a regression model

e Training an image classification model
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Objectives

After studying this chapter, you will be able to utilize Polyaxon
to train the ML model and track all the artifacts related to the ML
experiments. We will cover one regression and one classification
model. The GPU-based deep learning model is also covered as part
of the training. The goal is to show how to run the experiment using
Polyaxon. The models are not fine-tuned.

Overview

We covered all the basic building blocks of Polyaxon in the previous
chapter. We will take it forward by training a couple of models and
tracking the metadata and artifacts. The components of Polyaxon API
utilized are also discussed. The codes and references are provided for
both the models created in this chapter.

We will start with the Polyaxon dashboard.

Polyaxon dashboard

In the previous chapter, we installed Polyaxon on our K8s cluster.
The Polyaxon dashboard is a tool that lets us view our model training
jobs. It has a lot of capabilities such as the following;:

e View, sort, filter, and compare the different model training
jobs

¢ Display native as well as custom (Bokeh, Plotly, and Vega)
visualizations

e View job inputs, outputs, and logs
e Resource (compute and memory) tracking

e TensorBoard integration

Accessing Polyaxon dashboard

The Polyaxon dashboard can be accessed from the local system using
the following single command:

polyaxon port-forward --namespace=polyaxon
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This command will make the Polyaxon dashboard available at http://
localhost:8000 and you will be able to access it using any browser on
your system.

All the model training jobs in Polyaxon need to exist inside a project.
Therefore, before we can start training the models, we need to
create a project. It can be done in two ways — either using the CLI
or the Polyaxon dashboard GUI. We will be using the CLI to create
our project. This can be accomplished with the following simple
command:

polyaxon project create --name=my-project

Once we do this, our project will be visible on the dashboard, as
shown in Figure 6.1 as follows:

i €]
B8 Projects (1) Q search... () Created ) Tags 4 Sortby | C Refresh
>

. my-project

331 Owner: default

@ Visibility: Private

© Created: a few seconds ago

® Updated: a few seconds ago

& g B

Figure 6.1: Polyaxon dashboard

Building blocks of training on
Polyaxon

The training models using Polyaxon requires two major components,
which are as follows:

e A Docker image containing the containerized training code

e APolyaxonfile that describes the specifications of the training
job

We'll look at the steps needed to create these two components.
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Docker image

We will be creating a docker image and pushing it to Docker Hub. We
will be pushing it to a publicly accessible repository. Polyaxon also
supports private repositories. The steps for integrating the private
repositories can be found in the official Polyaxon documentation.

We should create the following three files for this image:
e model.py
e requirements.txt
e Dockerfile

These files can be found at https://github.com/MLBook-V]/
polyaxon-examples

As we have already built and pushed a Docker image in the previous
chapter, we will be skipping those details here.

The model. py file contains the code like any typical model training
code, but with a few additional lines which help in tracking the model
inputs, outputs, and metrics. We will be taking a deeper look into this
file when we build our regression and image classification models.

Polyaxonfile

The Polyaxontfile is the most important component of any Polyaxon
training job. It contains the specifications on how a job should run.
The Polyaxon files can be written in YAML, JSON, and Python, and
partially in Go, Typescript, and Java. We will be using YAML to
write our Polyaxonfiles. There are two main kinds of Polyaxonfile
specifications — component and operation. We will be looking at the
component Polyaxonfiles.

The component Polyaxonfile can take a lot of parameters as input.
The following are some of the most important ones:

¢ version: The Polyaxon specification version. This is usually
setto1.1.

¢ kind: Component or operation

e description: A description of the component
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e tags: These can be used to easily filter the components on the
dashboard

e inputs: User arguments to be given while running the
component. It has the following sub parameters:

O name

o type

o value: The default value of the argument

o isOptional: A flag telling whether the argument is
optional

¢ run: The run-time specification of the component. It has the
following sub parameters:

o kind: Type of training job (single machine or
distributed)

o container: Specifications of the main Kubernetes
container that will run the training job

There are several other parameters too. Their details can be found in
the official Polyaxon documentation.

Submitting a training job

We execute the polyaxon run command to submit the training jobs.
Look at the following example:

Polyaxon run -f polyaxonfile.yml -1

This will start a training job based on the details specified in
polyaxonfile.yml. The -1 flag prints the logs on the terminal.
polyaxon run can take several other arguments. These can be found
by running the following command:

polyaxon run -help

Training a regression model

In this section, we will train a regression model to predict the median
value of houses in the Boston suburbs. We will be training a random
forest regressor using the Scikit Learn library. Let’s first check out
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the model training code. We will be discussing the various Polyaxon
commands required to properly track our jobs.

There are two ways to leverage the Polyaxon Tracking API — Tracking
Module and Tracking Client. We will be using the Tracking Module.

In a machine learning project, there are three basic things that
need to be tracked to compare the experiments — training data,
hyperparameters, and performance metrics. The performance metrics
help us gauge which models are performing better, while tracking
the training data and hyperparameters can help us understand why
a particular model performed better or worse. In this example, in
addition to the training data and performance metrics, we will also
be logging the model file itself.

To begin tracking, we need to first initialize the tracking object. This
is done by simply calling tracking.init().

Tracking training data

To track the training data, we use the log_data_ref() function. It
takes two primary arguments — content and name. The argument
names are self-explanatory. We will be able to view and download
this data from the Artifacts tab in the Lineage section, as shown
in Figure 6.2 as follows:

. default | projects | my-project |/ jobs / boston1

[

[& Params ) Artifacts

(C]

[

Inputs

=3

N X_train
kind: data

&

N y_train
kind: data

o B

m

x_test
kind: data

>

v
'

y_test
kind: data

>

Figure 6.2: Polyaxon dashboard — Artifacts store
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Tracking hyperparameters and metrics

Polyaxon provides a very simple method to track all the
hyperparameters and performance metrics related to a regression
model using a single function — log_regressor(). The function
takes the regression model and the testing data as inputs. It calculates
four metrics — maximum error, explained variance score, R2 score,
and mean squared error — and then logs them along with the models
hyperparameters, as follows:

log_regressor(model, X_test, y_test)

This data is then made available in the Params tab in the Lineage
section, as shown in Figure 6.3 as follows:

bootstrap Yes evs 0.8771162310407759

1 @ delaut projects | my-prject | jobs | 63c41329ac144625bc0ad5056978028¢ ®
0 @params © Artitacts
© G Refresh
]
& Inputs. £ Outputs
[
g  |Q seach o Q search o
M me. falue ame
]
n_jobs me 17.053105168730176
H, verbose o ] 0.8769918687689046
B
3s

cep_alpha o mae 2.08643012500019

Figure 6.3: Polyaxon dashboard —model performance

To log the other metrics, we can use the log_metrics function, as
follows:

log_metrics(metricl=valuel, metric2=value2)

Logging the model file

Logging the model files is a two-step process. We first need to write
the model to disk. This can be done using any serialization library
(for example, joblib, pickle, and so on). Next, we can log the
model file using the following log_model function:

log_model(model_file_path, name, framework)

After this, we will be able to download the model file from the
Artifacts tab in the Lineage section.
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Now that the model training code is ready, we can build and push
our Docker image to Docker Hub. We can then create our Polyaxon
file and start training the model.

Submitting a training job

Asdiscussed earlier, to submit a training job, we will use the polyaxon
run command. Now, we also have two optional arguments that the
training job can take, n_estimators and max_depth. To supply
values to these, we will make use of the -P argument, as follows:

polyaxon run -f polyaxonfile.yml -1 -P n_estimators=120 -P
max_depth=7

Once the job has been submitted, we will be able to view it on the
dashboard, as shown in Figure 6.4 as follows:

© Jobruns (5)

it | @ | cefault | projects / my-project [SHNG]
0 | @ actions | 32 Layout | B sections @ ates | © Finers [0) [ Refresh
B rao Q sercn. 0 @ Fags | @ Tags | O Statuses | 8 Users | @ Agents | 151 Queves
8
>

7 49 columns hidden 5 Density O Sortfields () Full screen
C Oname  Qtags v Ocreatedst v Oupdatedat v Ostartedst v Ofinishedst v Fwaittime v duration ~ | Roriginal
O v da6dadcafD % bostont  [@EERGRE] 5 minutesago afewsocondsago & minutes ago afow seconds ago 4m18s

# O v 6bis0ef11D (2 % boston1  [@mEea] 4hoursago 4hours ago 4hours ago. 4hoursago.

i+ O v 1650909990 @ % [ 4 hours ago 4hours ago 4 hours ago 4hours ago

m3ts
10m 665

§ () v dsa625f900 (2 * artifacts.t. [mpls) 4 hours ago 4hours ago 4 hours ago 4hours ago 11m 16s.

® 8 %2 8 ®

1 O v sestsedb2D & % [ 4 hours ago 4hoursago ahours ago 4 hours ago 6m ass

Figure 6.4: Polyaxon dashboard — experiment run details

We can click on the ¥ button beside the job ID to view the job in
detail. To check the status of the job, we can go to the Status section
from the sidebar.

Next, we will take a look at how we can use GPUs to train a deep
learning model for image classification.

Training an image classification
model

In this section, we will train a deep learning model to classify the
handwritten digits from the MNIST dataset using Keras. We'll take a
look at how to do the following;:

e Track Keras experiments

e Provision GPUs on Google Kubernetes Engine
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e Use GPUs while training on Polyaxon

The rest of the steps are the same as in the previous section.

Tracking Keras experiments

Polyaxonmakesitvery easy totrack the metricsaftereachepoch during
training. This can be achieved by using the PolyaxonCallback()
callback while calling the fit() function. By default, it logs the loss
and the metrics specified while compiling the model. Polyaxon also
automatically creates curves for these values. Along with this, the
callback also logs the hyperparameters, stdout/stderr outputs,
hardware consumption, and model files.

Provision GPUs on Google Kubernetes
Engine

The deep learning models train much faster on GPUs. However,
before we can use GPUs to train our model, we need to create a GPU
node pool on GKE. This is a multi-step process, which is discussed
as follows:

1. Request GPU quota: This is the maximum number of GPUs
that can run in the GCP project.

2. Create an autoscaling GPU node pool: This node pool will
only be used for the tasks needing GPUs.

3. Install NVIDIA GPU drivers.

The steps to request the additional GPU quota can be found in the
official Google Cloud documentation.

We will be creating an autoscaling GPU node pool that is separate
from the node pool we use for the CPU-only tasks. This helps us take
full advantage of autoscaling. The node pool will be able to efficiently
scale up or down simply based on whether the GPUs are needed or
not. This makes it the most cost-effective way to use GPUs on GKE.
To create a GPU node pool, we run the following command:

gcloud container node-pools create POOL_NAME \
--accelerator type=GPU_TYPE, count=AMOUNT \
--zone COMPUTE_ZONE --cluster CLUSTER_NAME \
--num-nodes NUM_NODES --min-nodes MIN_NODES \
--max-nodes MAX_NODES --enable-autoscaling
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NOTE: Not all GPU types are available in all compute zones. To check
the list of GPUs available in each zone, run the following command:

gcloud compute accelerator-types list

After creating the GPU node pool, we need to install the NVIDIA
drivers on the nodes. Google has made this very simple, as shown
as follows:

kubectl apply -f \
https://raw.githubusercontent.com/GoogleCloudPlatform/
container-engine-accelerators/master/nvidia-driver-
installer/cos/daemonset-preloaded.yaml

This will take a few seconds to complete after which our GPU pool
is ready to be used.

Use GPUs while training on Polyaxon

Now that our GPU pool is ready, we can use it to train our image
classification model. To do this, we will leverage the file override
mechanism of the polyaxon run command. This lets us use CPUs
or GPUs to train our models without having to repeatedly edit the
polyaxonfile. To achieve this, we will need two polyaxon files. In this
case, these are polyaxonfile.yml and polyaxonfile_gpu.yml.

To train using the CPU only, we will execute the following command:
polyaxon run -f polyaxonfile.yml

To train using GPU, we add the GPU request to our run specification
using the following override mechanism:

Polyaxon run -f polyaxonfile.yml -f polyaxonfile_gpu.yml

This adds/replaces the value of the nvidia.com/gpu parameter in
the original polyaxon file.

Points to remember

¢ Details of all our training jobs are available on the Polyaxon
dashboard.

¢ Polyaxonfile contains all specifications for training the ML
models.
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Multiple choice questions

1. Which of the following capabilities is not there in the
Polyaxon dashboard?

a) Creating custom visualizations
b) Spinning up GPU node pools
c) Filtering training jobs based on tags

d) Tracking memory consumption

2. In how many ways can we write polyaxonfiles?
a) 1
b) 2
c) 3
d) 6

3. One can log custom metrics in Polyaxon.
a) True

b) False

Answers
1. b
2. ¢ (YAML, JSON and Python)
3. a

Key terms

e Polyaxonfile: The file containing the specifications for
running the training jobs using Polyaxon.

¢ GPU: Graphical processing unit, to enhance the computation
power.
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References

e Model Training on Polyaxon - https://github.com/MLBook-
VJ/polyaxon-examples

e Polyaxon file Documentation - https://polyaxon.com/docs/
core/specification/

e Polyaxon with Private Docker Registry - https://polyaxon.
com/integrations/private-docker-registry/

¢ GCP Quotas - https://cloud.google.com/compute/quotas



CHAPTER 7

ML Model
Performance

Measurement

n the previous few chapters, we trained ML models and checked

their performance. We will now explore in detail, the KPIs or
metrics which are generally used for measuring the ML model
performance. The metrics chosen to measure the ML model
performance depend on the kind of problem we are solving like
regression or classification. Also, the selection of the key metrics
depends on the data and business problem. It is also important to
interpret these metrics and communicate them properly. Whether
the model will move to production or not is decided by how well
these metrics are communicated and understood. We will cover the
key takeaway from each metric that should be communicated.

The performance of the predictions made by the trained ML model is
checked using the relevant metrics at the time of training. However,
even after the model is deployed in production, it needs continuous
monitoring of performance, and these key KPIs or metrics become
very important to identify the model decay and need for retraining
or revisiting the problem.

We will cover the common practices and discuss in detail all these
metrics in this chapter.
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Broadly, the metrics are divided into two parts — regression and
classification — and we will cover metrics for both of these problems.

Structure

In this chapter, we will cover the following topics:
o Overview
e Regression metrics
o (lassification metrics

e Result communication

Objectives

After studying this chapter, you will be able to understand the right
set of metrics and KPIs to measure the ML model performance and
when to use them based on the problem and data. In this chapter,
we will also cover the key insights that needs to be communicated to
highlight the model performance based on these metrics.

We will also touch base on how to think beyond these KPIs and talk
in financial or operational efficiency or key KPIs that the business
stakeholders are looking into and how the ML performance metrics
can be directly related to them. This can lead to the usage of the
output of the ML model on an ongoing basis and contribute to the
success of the project.

Overview

We create multiple the ML models on an enterprise level to solve
different business problems. To make sure that the end user utilizes
the output of these ML models, we need to validate the performance
of these models and communicate them properly to build confidence.
For quantifying the performance of the model, we need to understand
the key KPIs or metrics to measure the ML model performance. Each
type of ML problem has its own set of KPIs and we must select the
best suited one based on the data and problem.

We will discuss in detail all the common metrics used to measure the
performance of the ML model and how best they can be presented to
the end user. We will start with the regression KPIs.
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Regression metrics

Regression is used when the dependent variable is continuous, for
example, the price of the House, salary of a person, and so on. One
common problem with regression metrics is the scale at which the
prediction is made, and due to this, it is open for interpretation; for
example, if we are predicting the price of a house which is generally
in millions, we can say + 20k is a good prediction; however, the salary
which is in the scale of few 50 to 100k, +20k is quite high.

In the following section, we will see a few common metrics which are
used to capture the regression model performance.

Mean Absolute Error (MAE)

Mean Absolute Error or MAE is a popular metric because the units
of the error score match the units of the target value that is being
predicted.

MAE is calculated as the average of the absolute of the actual
minus the predicted values. The Predicted minus the actual value
is also referred to as an error or residual. The Absolute or abs() is a
mathematical function that makes the number positive. Taking the
absolute value ensures that the errors don’t cancel each other out
while adding them to calculate the MAE. The MAE is calculated
using the following equation:

N
MAE = I/NZ abs (yiactual - yiPTEdiCIEd)

i=1
e N: Total number of observations
* Y. ..—The actual value of the i** observation

° The predicted value of the i observation

yipredicted'

MSE and RMSE

Mean Squared Error (MSE) is also the most used metric. It is also the
loss function in the least square regression problem. The error (actual
minus predicted) is squared and then added in MSE. The advantage
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of doing that is that it helps magnify the larger errors. The formula to
calculate the MSE is given as follows:

N
MSE = 1/N Z(yiactual - yipredicted)z

=1

The variable definition is the same as MAE. The unit of the MSE is
squared units; for example, if we are predicting the price of a house
in dollars, then MSE is in dollar squared. This might not be very
intuitive, and hence, Root Mean Squared Error (RMSE) is used,
which is the square root of the MSE.

RSquare (R?)

RSquare (R?) is calculated as the proportion of the variance that is
captured by the ML model. The variance is how much values are
spread around the mean. To calculate the R*, we need to calculate
the variance around the average value and the variance around the
predicted value. The formulas for both are as follows:

N
Var(m,g) = 1/N Z(yiactual - m)z

i=1
N

Var(mﬂdl) = 1/NZ (yiacmal - yipredicted)z
i=1

° Var(avg): The variance around the mean

e Var_ . The variance around the predicted value

¢ p: The mean or average of the dependent variable

All the other variables are the same as in MAE. The variance of the
model divided by the variance around the mean gives the variance
not explained by the model. Subtracting that from 1 gives the amount
of variance explained by the model, and hence, the formula for R*
becomes as follows:

_ Var(modl)

RZ =1
Var(avg)
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Generally, the value of R? is between 0 and 1, with the mean value as
the base line model. In case, a model is doing worse than the mean of
the values, we get negative R2.

Predicted versus actual plot

The predicted versus the actual plot is a way to visualize your model
performance, as shown in Figure 7.1 as follows:

Actual Vs Predicted

Predicted

2 4 6 8
Actual

Figure 7.1: Predicted versus actual

The predicted versus the actual plot is another way to visualize the
performance of the regression model.

Classification metrics

So far, we have discussed the regression metrics and KPIs, which
is one type of a supervised learning problem. The other set of
supervised learning is classification, and we will discuss in detail the
KPIs to measure the performance of these models. Before we jump
into the metrics themselves, we need to understand the confusion
matrix which enables us to calculate these KPIs or metrics.
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Confusion matrix

Confusion matrix is a tabular structure or a two-dimensional matrix.
On one axis, you plot the actual value, and on the other you plot, the
predicted. In Figure 7.2, the horizontal axis is predicted, and vertical
axis is true or the actual values, as shown as follows:

Confusion Matrix

Zero

True label

False Neg
20
494%

One

Ze‘ru OI‘IIE
Predicted label

Figure 7.2: Confusion matrix

The confusion matrix is for binary classification; however, the
concept can be extended for multiclass classification. Zero and One,
in this case, are flags or categories of interest; for example, a customer
is a churner or not or someone is going to buy with a yes or no flag.
In case of a customer churn, the records where the customers are
churning are considered as a positive example and where they are
not churning, as a negative example.

The following terms are associated with confusion matrix:

e True Positives (TP): These are cases where we predicted the
positive class, and the case belongs to the positive class.

o True Negatives (TN): These are cases where we predicted the
negative class, and the case belongs to the negative class.
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o False Positives (FP): These are cases where we predicted the
positive class, but the case belongs to the negative class.

o False Negatives (FN): These are cases where we predicted
the negative class, but the case belongs to the positive class.

In multi class, these values can be calculated using one vs all the logic
converting it into a binary problem; for example, if we have three
categories like cat, dog and rabbit, to calculate the above four values
for the “cat’ class, you can take cat as 1 and dog and rabbit as 0. We
will show the multiclass confusion matrix in the Python notebook for
this chapter.

The important thing to note is that the confusion matrix can change
for the same output depending on the probability cutoff selected.
The default is 0.5 for the probability cut-off in the sklearn package
for binary classification. Anything below that is treated as a negative
class and above that as a positive. Depending on the business
problem, this probability cutoff can be altered.

The other metrics derived from the confusion matrix are discussed in
the upcoming sections.

Accuracy

Accuracy is calculated as the percentage of records correctly predicted
out of the whole data. Based on the confusion matrix discussed
earlier, accuracy is given by the following formula:

) TP + TN
Couracy = rp r FP+ TN + FN

This formula is applicable for the binary classification problem. For
multiclass, the numerator is the sum of the diagonal value of the
confusion matrix by the total number of records in the data.

Precision

Precision is how many positive records are correctly predicted out of
all the positive predicted value. The formula for precision is given as
follows:

TP
TP +FP

Precision =
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In case of multiclass, the sum of the column belonging to the class
of interest becomes the denominator and the intersection of the row
and column of the class of interest becomes the numerator, based on
the confusion matrix. An example is shown in the Python Notebook
shared on GitHub for this chapter.

Recall

Recall is the percentage of records correctly predicted out of all the
positive records in the data. The formula for recall is given as follows:

TP

Recall = TP-F—FJV

In case of multiclass, the sum of the row belonging to the class of
interest becomes the denominator and the intersection of the row
and column of the class of interest becomes the numerator, based on
the confusion matrix.

F-n Score

F-n score is a way of combining precision and recall. The formula to
calculate the F-n score is shown as follows:

(1 + n?) = Precision = Recall
n —

(n? * Precison + Recall)

Here, the values of n is a hyperparameter and a higher value of n,
means more weightage to Recall. The most common F-n score is the
F1 score where precision and recall have the same weight.

ROC and AUC

Receiver Operating Characteristic Curve (ROC) is an import from
signal processing into the ML world. The ROC curve is created by
plotting the true positive rate against the false positive rate at the
various probability cut-off. The true-positive rate is recall, which we
calculated earlier. Sensitivity is also another word used for recall or
true-positive rate. The false positive rate is calculated by subtracting
the true negative rate that is specificity from 1. The formula for
specificity is as follows:
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e TN
Specificity = TN + FP

Once you create the plot, it will be as shown as illustrated in Figure
7.3, as follows:

ROC

10 - o

True Positive Rate
\

—— LogisticRegression (AUC = 0.93)
00 02 04 06 08 10
False Positive Rate

Figure 7.3: ROC

AUC stands for Area Under Curve, and it is the area under the ROC
plot. The maximum value of AUC is 1. The interpretation of AUC
is how good the model is distinguishing the positive class from the
negative one. The higher the value, the better the model.

Matthews Correlation Coefficient
(MCCQO)

In all of the metrics discussed earlier, apart from ROC/AUC, we
only consider the performance of the positive class or put more
weightage to it. In cases where it is equally important to identify
both the positive and the negative classes correctly, MCC is a good
metrics to measure. The value of MCC is between -1 and 1, where
-1 means each of the class is predicted wrongly and 1 means the
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model is predicting everything correctly. 0 means the predictions are
random. The formula for MCC is shown as follows:

— TP +TN — FP + FN
JTP ¥ FP)(TP + EN)(TN + FP)(TN + FN)

Result communication

We have discussed a lot of metrics for both regression and
classification; however, when communicating with the business or
stakeholder, it's not always that these metrics will make business
sense to the stakeholders. Also, the output your model generates
might not be of direct utility to the end user. Just to give an example,
you have trained a model to predict the house prices and it is able to
do so accurately. But for a sales agent, the thing which might be of
interest are the factors that are impacting the price; for example, the
location of the house, builder details, and so on. At the same time, the
house price prediction based on the upcoming project can be used by
the builder to target the right set of customers. This way, the same
model can be consumed in different ways by different stakeholder
and it is very important to communicate the results as required.

Another example would be the customer churn problem, where we
predict the probability of customer churn. Now, in every business
dealing with customers, there is going to be churn due to one reason
or another. So, for someone from marketing, they would like to know
about a customer who is most profitable, which can be the outcome of
some other ML model, and they would like to try and stop them from
churn. At the same time, not every customer can be stopped from
churn, so it should be an optimal combination of churn probability
and profitability.

The preceding examples are just to highlight that training a good ML
model is only one part, and one needs to understand the stakeholder
and communicate the results accordingly. It might involve combing
multiple models or sharing only a part of the outcomes. The end goal

should always be some actionable outcome based on the insights
shared.
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Points to remember

e The performance metrics should be selected based on the
problem and data at hand.

¢ Communicating the ML model performance to the
stakeholder is a key to the success of the ML project.

e Associating the ML model performance with the business
goal leads to a better alignment of the stakeholder.

e Metrics enable the comparison of multiple ML models for the
same problem.

Multiple choice questions
1. What does R-square mean?

a) Average percentage of the predicted value that
deviates from the actual value.

b) Variance model is able to capture in the predicted
dataset.

c) Normalized percentage of error.
d) None of the above
2. What is the impact of increasing n in the F-n score?
a) Weightage of recall increases on F-n score.
b) Weightage of precision increase on F-n score.
c) Accuracy of the model improves.
d) Precision and Recall improves.
3. When is the MCC-Matthew correlation coefficient used?
a) When identifying a positive example is important.
b) When identifying a negative example is important.

c) When identifying both the classes is equally
important.

d) None of the above
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4. Inthe predicted versus the actual plot, if the model is good,
which of the following happens?

a) The points will be near the regression line and spread
along it.

b) The points will be far from the regression line.

c) The points will be near the regression line and
clustered in one place.

d) None of the above.

5. In an unbalanced data set, where positive examples are
<1%, which will be the metrics of interest?

a) Precision

b) Accuracy

¢) Recall

d) All of the above

Answers

g W=
A A D o

References
e Notebook - https://github.com/MLBook-V]J/ML-KPIs



CHAPTER 8
Feature Store

n the previous chapters, we covered the training and testing of the

ML model and the KPIs around which the model performance is
measured. We also saw that the data is rarely in the format to be
directly consumed by the ML algorithm. To prepare the data in a
consumable format, we need to engineer the features out of the raw
data. Feature engineering also involves embedding the business
knowledge into data, which is a creative task and is ever evolving.
Feature engineering is one of the most time-consuming task in the
ML training and involves the data scientist to work with different
stakeholders to churn out useful features out of the data.

In an organization, there are multiple ML projects going on at the
same time and the data scientist working on these projects work
in silos. Due to this, many a times, the feature engineering effort is
duplicated. To avoid this, it would be a good idea to have a central
repository where all the features created are stored and any ML
model that needs to be trained should take the features from the
feature store. The other usage is the ready availability of the new
data for scoring model, while maintaining consistency.
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We will cover FEAST in this chapter, which is an open-source feature
store for managing and serving the machine learning features for
model training and serving. Feast is created by Google and GoJek.
We will cover Feast, and some best practices around it.

Structure

In this chapter, we will cover the following topics:
e Overview
e Feast
e Feast hierarchy

e Feast example

Objectives

After studying this chapter, you will be able to understand the need
for a feature store. This chapter will also cover Feast in detail and the
concepts around it. We will also discuss how to create and maintain
the feature store using Feast. The Feast architecture and how the
data can be utilized for training and future prediction, will also be
discussed. We will also cover what can and cannot be done via Feast.

Overview

At an enterprise level, many problems have ML as an integral part
of the solution. While training and serving, the ML model requires
the same set of features; it often happens that there is a huge time lag
between once the model is finalized and once it is ready for serving.
Most of the times, it is due to creating a data pipeline with the same
features as the training to get the ongoing prediction. One of the
problems that the feature store solves is the smooth transition from
training to serving in terms of the incoming new data.

The other challenge is a lot of duplication of effort and no single
place to look for the features created for a particular entity. This leads
to wastage of effort and, at times, loss of information. This is another
problem which the feature store tries to solve using a centralized
repository for all the features for a particular entity like customer,
product, and so on.



Feature Store 117

Feast tries to solve all these problems by providing consistent access
to the data and point-in-time correct data. Feast also enables the
reusability of features and makes the deployment of the new features
smooth. We will cover Feast architecture and how to create a feature
repository using Feast in the upcoming sections.

FEAST - Feature Store

Figure 8.1 shows the architecture of Feast, as follows:

mater'ial‘ize()- get_online_features()
— % — A

Feature
Online Store Vector Model Prediction
Firestore, Redis
ﬁi’

Data Feast
Warehouse l

>\’ or [——
4

get_historical_features()

Feature Model Notebook
Data Frame Trainer

Figure 8.1: Feast architecture

[Reference: https:/[docs.feast.dev/ ]

Feast is not an ETL tool; it just provides an interface and infra
configuration for creating a feature store to access the data in a
consistent manner. Feast mainly sits on top of the data warehouse
system or data lake. All the features that are used in training the
model or scoring new data are coming from this data warehouse
or data lake or file system. Feast mainly supports two other data
sources, apart from files, Bigquery and Redshift; however, in the new
releases, it may come out with a support for the other data source.

Feast uses the historical features or data to train the model and
the online features or data to score a new data. We will look into
how to access both the historical and the online features (data, used
interchangeably) when we discuss the code. The online stores are in
the memory data base. Currently, feast supports SQLite, Datastore,
Redis, and DynamoDB as online stores.
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Feast creates a consistent view for the data to be used for training and
scoring. The way Feast does that is by storing the data in a structure
which is available for both training and scoring in the hierarchical
structure, which is easily extended, as per the need without
compromising the already built ML pipelines. We will look into the
feast data hierarchy in the upcoming section.

Feast — logical hierarchy

Figure 8.2 highlights the logical hierarchy of Feast, that is, how data
is stored in Feast, as shown as follows:

Project

|
L Feature View H

— Feature JJ

—> Entity

—»| Data Source

Figure 8.2:

[Reference: https:/[docs.feast.dev/concepts/overview ]

Projects are at the top of the hierarchy, and they provide complete
isolation on the infrastructure level. Each project should be considered
as a completely separate universe of entities and features. One cannot
fetch the data from multiple projects in a single request.

Feast stores the data with the point-in-time correct data to avoid
inconsistencies introduced by the future feature values being leaked
to the models during training. To do that, feast uses Feature View
which is composed of features and entity. Entity can be considered
as a key attribute around which the features are created; for example,
CustomerID, ProductID, and so on. Entities are similar to the
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primary key on which multiple feature views can be created. Entities
can be composed of multiple keys.

Data source refers to the underlying table or file system from where
the data is picked. As we are doing everything on GCP, for us, the
data source will be Bigquery tables. To understand the working of
Feast better and each component in detail, we will go through an
example with each working part in detail, in the following section.

Feature store example

To understand Feast, we will go through an example. The first step is
to install feast on your system or cloud wherever you are running the
code. We already covered how to connect to the Google cloud from a
local machine in Chapter 5, Training and Testing ML Model — Part 1. For
installing feast, execute the following command:

pip install feast

Once feast is installed on the machine, you can create a project by
executing the following command:

feast init project_name -t gcp

The Feast init commands initializes a repository and project_name
is a user defined meaningful name which can be provided for the
project. The -t gcp command lets feast know that we will use GCP
as the platform for our feature store. It will prepare the infra needs
accordingly. The preceding command will create a folder with three
files driver.py, feature_store.yaml, and test.py.

We will edit feature-store.yaml to provide the GCP bucket in
the registry where we want to store our metadata. This would look
something like gs://bucketname/entity.db, where bucketname
is the bucket name user created and entity.db is the metadata
database name that the user wants to give. Once done with this, we
are ready to create our entity, data source, and feature views, but
before we jump into that, let’s look at the data we are using for the
feature store example.

Data

We are using four Bigquery table as the source and the details are
discussed one by one for each table. Just to understand the process,
assume that any new data will be appended into these tables, from
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where feast will update the offline and online store. The data is a
related to a telecom company for creating a model on a potential
churner.

Table 8.1 has the dependent variable Churn flag for each CustomerID,
as shown as follows:

Columns Var type Details
CustomerID STRING CustomerID
Churn INTEGER Churn flag, 0 for No and

1 for Yes

feature_creation_ TIMESTAMP Feature date for which
date record is created
record_creation_ TIMESTAMP Record creation date
date

Table 8.1: Churn

The connection table, Table 8.2, has all the details about the connections
like services , tenure, and so on, as shown as follows:

Columns Var type Details

CustomerID STRING CustomerID

Tenure INTEGER Customer relationship time in
month

PhoneService INTEGER 0 for No and 1 for Yes

MultiplelLines INTEGER 0 for No phone service, 1 for Yes
and 2 for No

InternetService | INTEGER 1 for Fibre Optic, 2 for DSL and 3

for No internet

OnlineSecurity INTEGER 0 for No, 1 for Yes and 2 for NO
internet service

OnlineBackup INTEGER 0 for No, 1 for Yes and 2 for NO
internet service
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creation_date

DeviceProtection | INTEGER 0 for No, 1 for Yes and 2 for NO
internet service

TechSupport INTEGER 0 for No, 1 for Yes and 2 for NO
internet service

StreamingTV INTEGER 0 for No, 1 for Yes and 2 for NO
internet service

StreamingMovies | INTEGER 0 for No, 1 for Yes and 2 for NO
internet service

feature_ TIMESTAMP | Feature date for which record is

created

record_creation_
date

TIMESTAMP

Record creation date

Table 8.2: Connection

The payment details is shown in Table 8.3, and it contains the payment
details like method, charges, and so on, as follows:

Columns Var type Details

CustomerID STRING CustomerID

Contract INTEGER 1 for month-to-month, 2 for
One year and 3 for two year

PaperlessBilling | INTEGER 0 for No,1 for Yes

PaymentMethod INTEGER 1 for electronic check, 2 for
mailed check, 3 for bank
transfer (automatic) and 4 for
credit card (automatic)

MonthlyCharges FLOAT Monthly bill amount

TotalCharges FLOAT Total charge till date
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feature_creation_ | TIMESTAMP Feature date for which record
date is created

record_creation_ | TIMESTAMP Record creation date

date

Table 8.3: Payment

The demography information of the customer is shown in Table 8.4
(for this exercise, we will assume that these won’t change for the
customers over time), as shown as follows:

Columns Var Type Details
CustomerID STRING CustomerID
Gender INTEGER Gender of customer
SeniorCitizen INTEGER 0 for No and 1 for Yes
Partner INTEGER 0 for No and 1 for Yes
Dependents INTEGER 0 for No and 1 for Yes

Table 8.4: Demography

Feature definitions

We have edited our feature_store.yaml file and understood the
data source available to us; the next task is to model the data in the
feast data model format. For doing that, we need to create the entity,
data source, and Feature view. We will explain the concept by taking
one example of each with a code. The complete code link will be
shared for the example in the reference section. We will start with
entity.

Entity

Entity is like the primary key on which the features are aggregated
from the multiple feature views. In our case, CustomerID is the
entity that we need to create as all the features are for an individual
customer identified by CustomerID. To create entity, we will use the
following code:

# Define an entity for the Customer.

customer = Entity(
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# Name of the entity. Must be unique within a project
Name = "CustID",

# The join key of an entity describes the storage
level field/column on which

# features can be looked up. The join key is also used
to join feature

# tables/views when building feature vectors
join_key = "CustomerID",

# The storage level type for an entity
value_type = ValueType.STRING,

)

In this code, we are creating an entity customer, where the Name we
are giving to the entity is CustID, and the join_key is to look for the
source table for that entity. You can give any name you want to the
entity, but make sure to use the name correctly in the feature views.
The value_type is the data type of the entity. The entities can be a
combination of multiple keys like CustomerID and Department ID,
and so on, depending on the business problem. Once the entity is
created, the next step is to create the data source.

Data source

Data source is defined as the file or table from where the features’
values are picked up. Since, we are using GCP, for us, the source will
be the Bigquery tables, which we discussed earlier. To create a data
source in feast, we will use the following code:

# Cust Connection Details

cust_conn_details_source = BigQuerySource(
# The BigQuery table where features can be found
table_ref="project_name.dataset.cust_conn_det",

# The event timestamp is used for point-in-time joins
and for ensuring only

# features within the TTL are returned
event_timestamp_column="feature_creation_date",

created_timestamp_column="record_creation_date",
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The connection we have created in the preceding code is for the
connection details table. We have given the name of the table cust_
conn_det; you need to replace it if you have given some other name
to the table. The project_name and dataset name should be replaced
with the GCP project and Bigquery dataset. This will form the source
table name.

The event_timestamp_column has two uses, one to do point-in-time
join on features and second to understand how much information it
should hold in the online store (discussed in the next section). For
our example, we are using feature_creation_date in the data as
event_timestamp_column.

The other date column created_timestamp_column is not a
mandatory field, but we have used it in our case. It is used to remove
the duplicates.

The next step is to define the feature views, where the data is stored
and can be accessed for training and scoring. We will discuss that in
the upcoming section.

Feature view

Feature views are the schema where the data is actually stored. The
offline data is used for training and the online data is used for scoring.
The following code highlights the way the feature views are created:

# Connection Feature View
cust_conn_fv = FeatureView(
name="customer_conn_det",
entities=["CustID"],
ttl=timedelta(days=365),
features=|[
Feature(name="Tenure", dtype=ValueType.INT64),
Feature(name="PhoneService", dtype=ValueType.

INT32),

Feature(name="MultiplelLines", dtype=ValueType.
INT32),

Feature(name="InternetService", dtype=ValueType.
INT32),

Feature(name="OnlineSecurity", dtype=ValueType.
INT32),

Feature(name="OnlineBackup", dtype=ValueType.
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INT32),

Feature(name="DeviceProtection", dtype=ValueType.
INT32),

Feature(name="TechSupport"”, dtype=ValueType.
INT32),

Feature(name="StreamingTV", dtype=ValueType.
INT32),

Feature(name="StreamingMovies", dtype=ValueType.
INT32),

1s

input=cust_conn_details_source,

The name is the user-defined name given to the feature view. The
entities are the entities created in the first step; we are passing the
name given to that entity. Next is tt1 which defines how long the
feature is present in the feature store in terms of days or weeks (there
are other options) from the lookup date. This helps store only the
relevant amount of data in the online store. Next are the set of features
that will be a part of feature view. These are the column names in the
data source. The input is the data source created. Each feature view
can have only one data source, but multiple feature views can be
created from a single data source.

Once done with entity, data source, and feature view, we need to
create the infra and setup for feast. We will cover the commands that
do that and learn how we can load the data in the online store in the
following section.

Creating feature store infra and
loading data

Once we are done with the coding aspect, which defines the infra
and schema of the feature store, we have to create them. Feast does
that for us. All we need to do is execute the following command and
all the infra will be created:

feast apply

The command should be executed in the folder where feature_
store.yaml is the one where feast is initialized. In case you want
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to execute the command from a different folder, use the change
directory option of feast.

Feast will scan through all the Python files in the folder and create
the infra required including creating or syncing the metadata. It
will also validate the feature definitions. In our case, entity.db
will be created under the folder which is passed as the parameter
in feature_store.yaml. It will also create three views in the Data
store in GCP for the online store, but they won’t have the data. The
user needs to make sure that the account under which the command
is executed in GCP, should have all the necessary access.

The next step is to load the data into the online store. To do that, we
use materialize with feast, as shown as follows:

feast materialize start_date end_date

The preceding command will load the features from the data source
in all the online feature views in the date range specified by the start
and end dates. You can materialize the specific views by passing
names with the -v or —views options.

Feast materialize-incremental loads the incremental data. The
incremental loads start from the previously ingested time till the end
date you specify. If you don’t pass the views name, all the views are
updated. The command for incremental upload is as follows:

feast materialize-incremental end_date

The incremental loading can be scheduled using a scheduler like cron
or Airflow. The whole setup can be maintained at one centralized
location using Git. Next, we will look into how to access the online
and offline features using feast for training and scoring new data.

Accessing data

We access the data from the feature store for two purposes. First, to
train a model and second to score new data. We need to configure the
feature store in using FeatureStore and RepoConfig module in feast
API. The codes to test the feast feature store are in the test_feature_
store. py script in the GitHub link shared. Once configured, we now
need to import the data for training the model. You need to define the
feature which you want to import from the feature store too, which
can be configured as a list. The naming convention is feature_view_
name:featurename, for example customer_conn_det:Tenure for
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Tenure feature from feature view customer_conn_det, as created in
the preceding section.

To get the offline features, we need the entity data frame which is a
Pandas data frame type object with the entity that is CustomerID in
our case and time stamp for the point in time join. Once the entity data
frame is created, we can use that and the feature list as the parameter
to the FeatureStore object method get_historical_featuresand
get all the relevant features for a customer. To get the online features,
you can use get_online_features of the same object or you can
create one when you need one following the preceding process.

We will conclude feast with this, and even though the feature store
will have some latency and might not be useful in every ML use case
that an organization has, it is still a good idea to have one and utilize
as much as possible to avoid effort duplication. Feature store also
makes tracking of the data and concept drift easy to monitor. In the
next chapter, we will combine everything and see how to deploy the
model and actively monitor them.

Points to remember

e Feast is the feature store to arrange the features centrally for
an entity at one place to be used later. It is not an ETL tool.

o Feast creates the infra part for you if you are using cloud.

o Feast supports Bigquery, Redshift, and Files as data source.
There might be new additions in the further release.

e Historical features from Feast are used to train the model. To
score new data, features are pulled from the online feature
store.

Multiple choice questions

1. Which of the following cannot be used as data source?

a. Bigquery
b. DynamoDB
c. Redshift

d. SQLite
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2. What does registry value in feature_store.yaml signify?
a. Feast metadata
b. Offline store
c.  Online store
d. None of the above

3. Feast materialize-incremental picks the start date

automatically.
a. True
b. False
4. Multiple data sources can be used in a single feature view
in Feast.
a. True
b. False
Answers
1. bandd
2. a
3. a
4. b
References

e GitHub code - https://github.com/MLBook-V]J/Feast



CHAPTER 9
Building ML
Pipeline

n the previous chapters, we covered all the individual aspects of

the ML lifecycle from EDA to training and evaluating the model.
The next step is to deploy the finalized model for scoring new data
and monitoring it. We also need to operationalize the ML pipeline
from training to deployment in such a way that any new or up-to-
date ML model can be deployed without any downtime. We should
also have an option to revert to the old models in case it is required,
which we will discuss in this chapter.

At the enterprise level, multiple ML models are deployed on
production and the business decisions are made based on the model
output. To make sure that the model provides the correct output,
the performance of the ML model needs to be regularly tracked. The
model performance can go down because of data drift or concept
drift, and in both scenarios, we must train a new model and deploy
it for consumption. The movement of the new model should
happen smoothly with minimal changes to the downstream process.
To achieve that, we need to have a mechanism like continuous
integration and deployment (CI/CD)), just like software engineering.

We will discuss all these in detail, in this chapter.
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Structure

In this chapter, we will cover the following topics:
e Overview
e Polyaxon config updates
e Training
e Deployment
e Consumption
e GitOps

e Monitoring

Objectives

After studying this chapter, you will be able to understand the need
for MLOps and design a necessary process around it for the ML
pipeline. You will also be able to utilize the tools discussed in this
book to their full potential as per your need. In scenarios where you
must choose a different tech stack, you will be able to evaluate the
new tools to design a smooth MLOps process. We will also cover
a few key pointers on the frequency of monitoring the ML models
wherever applicable.

Overview

ML pipeline should be designed to support all the MLOps steps.
We will configure Git, Storage, and the other cloud-related setup,
as per the need, and provide the key pointers on these setups for
the production level system. Setting the ML pipeline may require
multiple teams to work together like DevOps, Security, IT, and of
course, Data Science. Depending on the use case in hand, the pipeline
flow might differ; however, we will touch base on how the pipelines
can be tweaked for specific needs. We will go through one example
for the ML pipeline, using the same data that we used to create the
Feast feature store. KServe will be used to deploy the trained model
and the deployment script will be used to save the metadata related
to the model. We will also learn how the saved metadata of the
deployed model can be utilized to track the data drift, concept drift,
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and model performance on an ongoing basis. We will check for data
and concept drift using Evidently, an open source model monitoring
tool.

We will discuss GitOps and a few best practices around security,
but we will not go into the details. The code used in this chapter is
provided in the Reference section. We will first start by updating the
Polyaxon configuration to store the metadata on cloud storage.

Polyaxon config update

We configured Polyaxon in Chapter 5, “Training and Testing ML Model
— Part 1”; however, training the model generates a lot of metadata,
which we would like to store for a longer period of time. To do
that, we need to use storage which is not dependent on the Pods
(container running on K8s) life. We will configure Google Cloud
Storage in our case. There are other configurations that you can do
if you use cloud image registry and GitHub or GitLab. The details
of each of the configurations can be found on https://polyaxon.com/
integrations/. Any additional tools that you want to integrate can be
found on the URL. We do not need to do that for our examples as we
will use public GitHub repositories and docker images.

We will configure GCS for storing the model metadata, the details
for which can be found in config.yml on the GitHub repo, shared in
the reference section. You need to change the bucket and the secret
details, and also provide a different name to artifactsStore. There
are two ways to update the Polyaxon configuration; the first way is
to pass the config file at the time of the installation as a parameter,
and the other way is to just upgrade Polyaxon using the following
command:

polyaxon admin upgrade -f config.yml
This will upgrade the Polyaxon installation as per your config file’s

entry. The next step is to train the model, which we will cover in the
following section.

Training ML model

Training the model will remain the same as what we did in Chapter
5, “Training and Testing ML Model — Part 1”; however, we will utilize
the data from the feature store for training the model. Also, to run
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the script securely and to login at the run time, we can inject the
GCP login details via the GitHub/Gitlab environment variable. For
test purpose, we passed the credential in our docker file, but that is
not secure. You can pass the file in init of the Polyaxon file, which
is a secure way of doing so. That service account will be read in the
polyaxonfile.yaml script by the following code:

env:
- name: GOOGLE_APPLICATION_CREDENTIALS
value: /etc/secrets/credentials.json

This time, we will train the model by passing the hyperparameter_
grid.yml file, which will internally utilize the polyaxonfile.yaml
and fit the best model. The command to execute this is as follows:

polyaxon run -f hyperparameter_grid.yml -p project --name
experiment_name -P git_repo=polyaxon --eager

The users need to make sure that the service account has the required
access, like BigQuery dataset to read the data and the GCS cloud
buckets to read the Feast metadata and write the training metadata.
For more details on the service account and to see how to create the
keys, you can refer to the following link:

https://cloud.google.com/iam/docs/creating-managing-service-
account-keys

Once the training is done, we will get the folders for each run under
the GCS bucket configured as the artifact store, and we will get the
folders for each run in that bucket, as shown in Figure 9.1:

= Google Cloud Platform 3¢ mibook v
B3 Cloud Storage & Bucket details CREFRESH  ®ILEARN
sb-plx-artifacts

@ Monitori ing Location Storageclass  Publicaccess  Protection
Carolina)  Standare d Not public

CONFIGURATION PERMISSIONS PROTECTION LIFECYCLE

nd folders I showdeleteddata Wl

o

O 5co00a22735dcecabstrBci6Te  ~  Foider -
O W 7613938c6e314369a7798c10089d  —  Folder -
O W Scdb7ebosidsascsadsaasabfscdc  —  Folder - - - - - - - i
O W 9873c899550b4a38ac3417¢17971b:  —  Folder - - - - - - - H

Figure 9.1: Metadata on GCS

Under each run, all the metadata that you logged in your Python
training script will be available, including the data, model binary,
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and any additional artifacts that you have logged using the tracking
module. The files will look like as shown in Figure 9.2:

Google Cloud Platform 3¢ mibook v

B8 Cloud Storage & Bucket details CrRemESH @ LEARN

sb-plx-artifacts
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OADFILES ~ UPLOADFOLDER  CREAT

iter by name prefixonly v = Filter Fitero I showdeleteddata Wl

 assets/
- events/ - Folder -
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oooooo

 pixiogs/
W resources/ - Folder -

Figure 9.2: Run details

We will utilize these artifacts of the finalized model for deployment.

Deployment

Once we finalize the model based on the KPIs defined and the
stakeholders' approval, the next task is to deploy the model. We
will utilize KServe for deployment and it will be installed under a
different K8s namespace. The idea to use a different namespace is
better, because it will isolate the training from serving the model.
KServe offers a lot of additional services apart from model serving
like auto scaling, canarying, explainability, and so on. Due to these
advantages, it is an ideal tool for serving the finalized model.

We will not discuss the installation of KServe here; however, the Git
repo provided in the Reference section will have the details of the
KServe installation that we use. We will also share the link to a more
detailed installation than what we are using. The deployment scripts
will perform the following tasks after KServe is installed:

1. Copy the metadata of run like the training data, model
binaries, and any other artifacts on the production folder.

2. Update the model path in the deployment yml file.
3. Execute the K8s command to deploy the model.

Once the model is deployed, we can use the following command to
test the output:
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SERVICE_HOSTNAME=$(kubectl get inferenceservice sklearn-
churn -o jsonpath='{.status.url}' | cut -d "/" -f 3)

INGRESS_PORT=$(kubectl -n istio-system get service
istio-ingressgateway -o jsonpath='{.spec.ports[?(@.
name=="http2")].port}"')

INGRESS_HOST=$(kubectl -n istio-system get service istio-
ingressgateway -o jsonpath='{.status.loadBalancer.
ingress[0].ip}"')

curl -v \

-H "Host: ${SERVICE_HOSTNAME}" \

-H "Content-Type: application/json™ \

-d @./input.json \

http://${INGRESS_HOST}:${INGRESS_PORT}/v2/models/sklearn-
churn/infer

The idea is to pass the Polyaxon run ID of the best model to the
deployment script and all the rest will be taken care of by the script
itself. You will need to create another bucket where the final/
deployed models’ metadata are copied with either the datetime
details or version numbers (this can be automated in the script).
All the metadata related to the ML model should be saved for each
deployment, audit, and monitoring purpose.

If we want to enable the security, which is recommended, we can
refer to this https://cloud.google.com/kubernetes-engine/docs/
how-to/hardening-your-cluster. This is for GCP, and depending on
the cloud provider that you are working on, look for hardening your
K8s cluster.

Consumption

Consumption comes after the model is deployed and it might not be
a separate step if the output of the deployed model directly solves
the business purpose. However, that is rarely the case, and the output
needs to be in some reporting tools like Tableau or PowerBI, with
the massaged output of the ML model. Sometimes, the whole output
is not required, and some pre-processing is required before it is
consumed. For that, we need to write the services which are equally
scalable as the model, scoring itself for the consumption purpose.
There are multiple ways to do that on cloud; however, one of the
vendor independent ways is to create the services on the K8s cluster.
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For our example, we will not go into the consumption details, but
you can utilize the techniques discussed to create the consumption
as per your requirement.

We will look into the GitOps part in the following section.

GitOps

We covered training and deployment of the ML model; however, we
would like to automate the process, and for that, we can use GitHub
Action, which is a CI tool from GitHub. Training the ML model is
an expensive process in terms of the resources they need, and we
need to go through multiple checkpoints before a model can make
it to production. These steps need to be automated with a proper
approval put in place. We will go through one example of a flow
which will show how the whole ML pipeline can be automated. We
will follow the two-branch strategy, DEV and PROD. We will detail
out what happens in each branch, as shown in Figure 9.3:

Code review
Modelling Technique
Training the model
Model Performance

*  Deploy the model
*  Save the metadata

Figure 9.3: Branching strategy

Dev

In Dev, as shown in the preceding figure, the code review will happen
as per the organization standards. The Data Scientist also needs to
justify the modeling technique that is finalized, based on EDA and
any ad hoc experiments they have run. After a proper approval
(this might not be needed every time), the experiments will run to
train the model and their performance will be tracked. The steps
like code quality checks can be automated, and a few steps can be a
combination of manual and automation like the modelling technique
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review and approval. Once the model is trained and the performance
is up to the expectation, the model will be deployed to production.

Prod

We already covered what happens in the model deployment phase
in the preceding Deployment section. However, in the branching
strategy, all the code utilized in Dev will just move to the Prod branch,
without triggering any training. The deployment script is the only
script that will run on Prod which will deploy the model binary/
graphs. It will move the metadata like model binaries, data used for
training and so on, to the production folder for reference purpose.

Please remember that this is one of the many ways in which you
can plan the branching strategy of your ML pipeline, and depending
on your need, you can include monitoring in your GitOps pipeline
as well, which we will discuss in the upcoming section. For the
preceding setup that we discussed, you can use GitHub Action as we
use GitHub for all our code.

Monitoring

Monitoring the ML model is the final step in the ML pipeline, and it
can be automated up to a certain extent only at times or can be looked
into manually after a certain period of time, intermittently. Almost
all the models decay over time due to a change in the processes. It
becomes important to update the model before these changes lead
to wrong inference by the ML model. For monitoring purpose, we
can check the model performance at a particular frequency with
the actual data. For example, while training a binary classification
problem, we finalized a model and deployed it in production with
an AUC of 0.75 and an Accuracy of ninety percent. Now, once the
model is in production, depending on the frequency at which the
new data is scored, we can go back one or two time periods to check
the performance of the model on the new dataset, and know whether
it is within an acceptable limit. This is not possible in every case, but
something of this type should be provisioned for every model that
moves to production. The challenge is that we consume the output to
make the decisions and they have an impact on reality; for example,
to avoid a potential customer churn, we send them some offer, which
will make the customer stay. The model would have predicted it
as a churn case, but due to the action taken, we will never see that



Building ML Pipeline 137

in reality. Any monitoring on the model performance should also
consider these aspects.

Although the preceding example is one way to monitor the model,
it is more reactive in nature, due to which, we will get to know of
any performance decay at least one cycle later than reality. The other
way to monitor proactively is via the new data coming. The data can
be compared with the data on which the model was trained to see if
they come from the same distribution. There are multiple statistical
tests for accomplishing the same, depending on the type of variable
we deal with. If the variables are continuous, we can go for the KS
(Kolmogorov-Smirnov) nonparametric test, and for the categorical
variable, we can go for Chi-Square (Test of Independence), and
Spearman rank correlation for the ordinal variables. We will show
one example using Evidently (https://evidentlyai.com/) in the code
shared in the reference. The output generated by Evidently can
be automated to a customized dashboard or HTML, or a Jupyter
notebook report can be directly analyzed. We will show the Jupyter
notebook as an example in our Git repo.

Conclusion

In this chapter, we covered the steps in details to create the ML pipeline
and implement MLOps as a practice. In the process of doing so, we
shared the codes and utilized the open-source tools to implement
those processes. It is important to note that the tools might change
and evolve over time, but the process will remain the same. Most of
the tools that we used like Feast or KServe, are still in beta or a new
version is coming out almost every month. There might be better
open-source tools in the future, or you can get a paid subscription for
the tools as per your needs; however, the MLOps process will remain
the same. You can develop the customized tool sets as per your needs
if the bandwidth and resources are available.

Broadly speaking, you want to capture all the artifacts that enable
reproducibility and help you in explaining any decay or deviation in
the model performance. You also want to capture these performance
decays as quickly as possible to avoid incurring any financial or
business value loss. This is all that we wanted to cover in the book.
The most important thing as a Data Science or an ML practitioner
is that you don’t need to know everything in detail, but you should
understand when and whom to ask for help and what all needs to
be done to implement the MLOps practice. Also, a lot of steps will
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only happen if the previous steps show a promising result in the ML
lifecycle.

Points to remember

e MLOPps is a practice to enable reproducibility, reliability, and
efficiency of the ML pipeline.

e Detailed MLOps implementation varies on use case basis.

e There might be additional tools required for the ML needs
like annotation and so on, depending on the use case at hand.

Multiple choice questions

1. Which step of the ML lifecycle is not part of MLOps?
a) EDA
b) Training
c) Deployment
d) Testing

2. What is the role of the CI tool in MLOps?
a) Validating model
b) Automating process
c) Training model
d) None of the above

3. You cannot enable MLOps without Polyaxon and Feast.

a) True

b) False

Answers
1. a
2. b
3. b

References
¢ GitHub code - https://github.com/MLBook-V]/chapter-9
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