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Preface

Google AutoML and Al Platform are power tools offered by Google
Compute Platform for developers to create a compelling Al and
Machine Learning applications with ease. Machine learning and
deep-learning models are getting mature and accurate with a large
amount of data that is being used into these models every day.
With easier availability of out of the box functionality on a cloud
platform, more and more developers are shifting their focus on
developing analytics and machine learning based applications on
the cloud platforms.

Google’s Al technologies are continuously learning through
enormous amounts of data such as Wikipedia Articles for
Question—-Answering Systems, Text Classification Systems, and
SO on.

The trickiest parts of developing and testing machine learning
models and selecting the best ones that work in a particular use
case are simplified by GCP for the developer community.

With the advent of Google’s Architecture search algorithms that
enable AutoML to automatically search and find the best model for
your dataset, it is possible for a developer to design Al systems by
providing an abstraction over data scientist activities such as Data
Analysis, Model Identification, Training, Evaluation, and so on.

Google AutoML is one of the services from Google Cloud Platform
that makes it easy for the developers to design and build machine
learning models and use them across various applications. As an
example, Text Classification can be used for Intent identification
while designing conversation systems.

This book is relevant for programmers who have an interest in
designing and developing the Al-based systems. It also acts as a
guide for the development of Al systems using Google AutoML
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and Al Platform. It also enables you to design an end-to-end
machine learning pipeline using Google’s BigQuery, Dataprep,
and Dataproc. This book provides a step-by-step guidance to
the readers that helps them to build machine learning and
Natural Language Processing models. This book will help the
readers through practical examples as well as challenges and
best practices.
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CHAPTER 1

Introduction to
Artificial
Intelligence

he digital revolution in the 1980s brought with it a wide spectrum

of options, where machines or computers could ease out the
life of humans in ways that had not been imagined earlier. Using
machines for different tasks by programming them, made them
problem-solvers in all sorts of domains that were earlier reserved for
specific tasks. This ease of programmability also opened the doors
for self-programming or rather Intelligent Systems and, hence, the
idea of Artificial Intelligence (AI) got started.

With Artificial Intelligence, several human characteristics of
“Thinking, Decision-Making, Trends’ Analysis, and Problem-
Solving” are being done by computer systems or integrated
machines. Artificial Intelligence has now created a mark in almost
every arena where smart or intelligent solutions can be integrated.
Machine Learning and Artificial Intelligence algorithms are helping
computing machines to adopt to human-like intelligence and
decision-making skills in tasks like medical diagnosis, proving
mathematical theorems, search engines, and voice recognition.
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Structure

In this chapter, we will cover the following topics:

* Machine Learning

o

(6]
(6]
(6]

Supervised Learning
Unsupervised Learning
Reinforcement Learning

Applications of Machine Learning

¢ Natural Language Processing

(6]

© O O o ©O

Pre-processing

Parts of Speech (POS) Tagging
Entity Extraction

Sentiment Analysis
Document Summarization

Topic Modeling

Objectives

After studying this chapter, you should be able to:

e Understand the basics of Machine Learning and Natural

Language Processing

e Understand the applications of Machine Learning and

Natural Language Processing

Machine Learning

Machine Learning can be easily defined as a branch of Artificial
Intelligence that deals with self-training or programing and adapting
according to the given data that speaks of the problem statement. The
problem statements can range from mere identification of entities to a
tag or class to decision-making if the given input favors an expected
output. Some algorithms can help one identify if a fruit is Tomato
or Persimmon, which are pretty similar looking; such algorithms
classify an entity in different classes. Another example can be
predicting the stock market trends based on historical behaviors and

real-time variables.
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The major difference from traditional computer software is that the
developer does not write the code that instructs the system the way
to tell the difference between the two objects. Instead, an algorithm
has been taught the way to generate these decisions by being trained
on an oversized amount of data. One thing that has to be understood
is that if any Machine Learning Algorithm is a solution for a problem
statement, a relevant and considerably sized dataset is always a
prerequisite to start with.

Machine learning is categorized into three main types, namely,
Supervised Learning, Unsupervised Learning, and Semi-Supervised
Learning. We are going to look at an overview of these categories in
this chapter.

Supervised Learning

Supervised Learning is a term used for algorithms where we have
training data with accurate labels against them. The significance
of such algorithms is the accuracy of labeled data or prediction as
input helps in having crisp decision boundaries with the training of
algorithm. The labeled data provides the guidance or knowledge to
the system to understand and map the data. The labeling of the data
is done by human subject matter experts.

Another advantage with having a labeled dataset is when the
training dataset trains the algorithm, the testing dataset can help
in better accuracy judgment, as error can be easily identified and
propagated. The training data needs to be carefully chosen because an
imbalanced training dataset can cause imperfect decision boundaries
by straining them due to lack of proper examples. Hence, the training
dataset should be similar to the final dataset in its characteristics and
should provide the algorithm with the labeled parameters required.
An imbalance in this scenario would mean much more records for a
particular type and very less records for another type.

The algorithm then finds connections between the parameters
provided and essentially establishes a cause and effect relationship
between the variables in the dataset. At the end of the training, the
algorithm develops a draft of how the data works and the relationship
between the input and the output.

Another important factor is to identify important features in the
training data because irrelevant features can possibly influence the
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training of the algorithm. A few examples of supervised learning are
regression, classification, and more.

Unsupervised Learning

Having a labeled dataset may not be possible in many cases. There
is a cost of getting labeled data as well, as humans need to label the
data. In the problem statements, where such constraints cannot be
met, Unsupervised Machine Learning is the solution.

Unsupervised machine learning holds many advantages by being
able to work with unlabeled data. Firstly, human effort is not required
to make the dataset machine-readable that allows much larger
datasets to be used by the program. Also, with the unlabeled data the
algorithm has a better scope to draw conclusions and relationships in
the feature set available. Another huge advantage can be its usage in
real-time data, where input is analyzed and labeled with the learners.

The labels generated in the unsupervised learning work differently
from the labels in supervised learning. In supervised learning, the
decision boundaries have to be intently drafted based on the labels,
whereas in unsupervised learning, the labels are an evolving space
that can get updated with the drift of decision boundaries at a given
time based on the hidden correlation it deduces.

The creation of these hidden structures makes the unsupervised
learning algorithms versatile. Instead of a defined and set statement,
the unsupervised learning algorithms can adapt to the data by
dynamically changing hidden structures. These offer more post-
deployment development than the supervised learning algorithms.

Clustering is one of the famous unsupervised learning algorithms,
to split the data according to similarity, clustering can also help in
identifying the anomalies in our dataset.

Reinforcement Learning

Reinforcement Learning is another Machine Learning domain that
solves problem statements that are more of a path traversal rather
than definitive output. Games and robotic movements can be a great
example of using Reinforcement Learning. Tracing a set of paths
such that system would provide reward for every correct path and
penalize for every wrong path.
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Reinforcement learning is all about learning and inspiring from
experience and interaction. It features an algorithm that improves
upon itself and learns from new situations like trial and error
methods.

The rules of the game are not suggestive of the steps but rather a system
learning of what kind of actions are a reward and what is the penalty.
Such rules that are called Policy are often the most important part of
such algorithms, where an agent is interacting with an environment.
At each time step, the agent receives the environment’s current state,
and the agent must choose an appropriate action in response. After
the agent executes the action, the agent receives a reward and a
new state. Basically, each iteration of the agent is analyzed by the
interpreter to judge whether a penalty or reward is called for.

™

Agent ’7

e =

State Reward Action

-

Environment }7

Figure 1.1: Reinforcement Learning

Applications of Machine Learning

Adaptability, versatility, and effectivity are the key features to sell any
Machine Learning algorithm. The dynamic and high-powered nature
of the versatile Machine Learning solutions is a feature utilized in
situations where the answer is required to continue improving post-
deployment.

Machine Learning algorithms and solutions are versatile and can be
used to support and scale business teams. Be it image recognition,
weather predictor, spam email filtering, fraud detection, and so
on, Machine Learning has a huge scope in solving such problems.
Cognitive assistants or virtual chatbots are another such example.
Making any customer interaction a personal experience can
significantly improve a business, so these chatbots analyze customer
queries, preferences, and short context to curate an instant preset
answer to assist the customer.
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The customer profiling is another important application of Machine
Learning. Streaming services like Netflix or Hulu curate a “You may
also like this,” where they push suggestions based on the profile
they have analyzed per customer. Finding items relative to each
customer can be based on n number of parameters. The streaming
services often consider the likes and interests of customers, whereas
ecommerce services often curate “You may also like this” mostly
based on the common preferences of similar customer profiles or
rather the customers with similar wish lists or shopping patterns.
Social Media on the other hand, curate advertisements, and news-
feeds based on tentative likeability and revisits to certain domains of
information.

Natural Language Processing

Natural Language Processing (NLP) is an important part of
Computer Science in Artificial Intelligence (AI) that deals with how
computers analyze, understand, and derive meaning from human
language in a smart and practical way. Thus, enabling computers to
understand and process human language.

With the help of NLP, we can build models and processes to analyze
text. NLP has its application in numerous real-world scenarios like
speech to text, language translation, text generation, summarization,
sentiment analysis, topic modeling, text mining, automatic question
answering, and so on.

Anylanguagedata, if deconstructed, isamerestored stream of Unicode
characters or entities for a system that consumes some physical space
in bits and bytes all because machines do not understand any human
language at the root level. NLP to a machine is bringing out sense
in some stream of characters, purely by analyzing its constraints,
rules, and patterns against some training data. The training helps
in understanding of language syntax and semantics and generating
complying information similar to that of the data that is trained.

Example: The word “ACT” has no isolated meaning by itself to a
machine; it is not a keyword and clearly only consuming some
memory. By analyzing English language documents and rules for its
form and relative meaning to other words, we get that this English
word “ACT” can have numerous word forms with several meanings
in multiple contexts.
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Each and every human language entity like the preceding example
is holding a chain of information that makes NLP capable of many
useful jobs like correcting grammar, converting speech to text, and
automatically translating between languages.

NLP algorithms

Human languages are pretty complicated that make NLP difficult to
learn and implement. In spite of that, NLP offers some techniques
such as Word/Sentence Embeddings, Syntactic and semantic
analysis, and so on that enables organizations to develop software
that understands human language. Some of the heavily used NLP
algorithms/steps are as follows:

e Pre-processing: The text that is received as human language
often requires some sanitation, and there are several steps
that can be incorporated.

o Stop-words Removal: Removes redundant characters
and words of the text that hold little meaningful
information.

0o Stemming and Lemmatization: Converts words into
their root form.

o Tokenizer: Extracts token or phrases out of text
(document or sentence).

e Parts of Speech Tagging: Parts of Speech (POS) tagging is
an NLP technique that identifies or extracts structure of a
sentence. For semantic analysis, POS tags or Parts of Speech
Tags can determine what entities or tokens hold importance
across the text. As an example, for a sentence “There is a
seminar on Neurons and Neural Networks in Sydney,” the
POS tagging for each of extracted tokens are as follows:

“There(/EX) is(/VBZ) a(/DT) seminar(/NN) on(/IN)
Neurons(/NNS) and(/CC) Neural(/NNP) networks(/NNS)
in(/IN) Sydney(/NNP)”

e Entity Extraction: Named Entity Recognition (NER) is one of
the most useful techniques in NLP that helps in extracting the
entities from the text. It is generally based on grammar rules
and supervised models. It highlights the essential concepts
and references within the text. The NER labels classify atomic
elements and important phrases within the sentence into
categories like people, locations, organizations, dates, and
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more. Many cloud vendors such as IBM, Amazon, Google,
Microsoft, and more provide NER feature as a service such
that same can be leveraged in any application or product
without a need for development from scratch. The Entity
Recognition feature provided by these vendors have been
trained on general English text or document such as Wikipedia
articles.. Therefore, these models work best for identification
of generic entities such as Person, Location etc. However,
Google has released AutoML Natural Language service that
enables developers or data scientists to train custom entity
model domain specific dataset provided by them. It may be
possible that token or phrase can have different meaning in
different domain or context, and, hence, refers to different
entities. As an example, if you run entity recognition system
over a sentence that has been trained on different domains
then you would see different results as follows:

Sentence: “There is a seminar on Neurons and Neural
Networks in Sydney”,

Generic NER: There is a seminar ( \ Activity) on Neurons
and Neural Networks in Sydney( \ Location).”

IT Domain NER: There is a seminar ( \ Activity) on
Neurons and Neural Networks ( \ Artificial Neural
Networks) in Sydney( \ Location).”
Medical Domain NER: There is a seminar ( \ Activity)
on Neurons and Neural Networks ( \ Biological Neural
Networks) in Sydney( \ Location).”

As you can see, if you use Generic NER, it won’t recognize Neurons
and Neural Networks as an entity. However, IT domain and Medical
domain NER recognizes it as an entity, but entity type is different. For
IT domain, Neurons and Neural Networks have been identified as
Artificial Neural Network, but in Medical domain, it was recognized
as Biological Neural Networks. Therefore, it is quite important to use
entity recognition system that is close to your domain.

Sentiment Analysis: Sentiment analysis/opinion mining
uses NLP techniques to identify the context and subtle
projection of “feelings” of a text. The sentiment or opinion
can be the features that extract the emotion of the given text.
Identifying this emotion on a scale of positive, negative,
and neutral is the simplest categorization of sentiments;
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the relative score is also generated on a scale implying the
same. The number of emotions or sentiments can be more in
numbers, likely emoting all human emotions as anger, sad,
happy, overwhelmed, and more. A single data input can have
an n number of sentiments to be deduced. Keeping a mark
of all such emotions, connotations, and sub-text is essential
to sketch out the dominant sentiment and, hence, generate
a score accordingly. The statement “Abandonment of
Chernobyl has proved to make the place far more beautiful”
has multiple sentiments in reflection; abandonment specifies
a negative connotation even when the beauty of a place is
being discussed which is a positive sentiment, and, hence,
the score generated will be a factor of both sentiments. Strong
unilateral sentiments tend to generate better score predictions
as shown in the following examples:

For example:

(Negative statement): The staff members in this hotel are
extremely rude and totally ignorant.

Sentiment Score: -1.17232

(Positive statement): The ABC Health insurance is affordable
as compared with the other insurance companies.

Sentiment Score: 0.19836

Sentiments are often a virtual feature that can extensively help in
deducing the delivery and meaning of a text. Sentiment analysis can
also help guide the text generation engines to be more appropriate
and human like. As an example, refer the following two cases of a
Cognitive Assistant and user interaction to see how sentiments can
direct the Chat Bots’ response.

Case 1: Positive Sentiment
User:- “Excellent Services provided”

Chat Bot:- “Glad to hear that! Would you Like to give your
feedback to boost our employees” morale?”

Case 2: Negative Sentiment

User:- “Worst Services ever, will never order from you people
again”

Chat Bot:- “Deeply regret about your experience. Please

detail your issue in the feedback segment, so that we can help
with issue redressal at the earliest.”
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* Document Summarization: Summarizers can greatly help
in identifying crux information of a text. Summarization
can be a very handy service in cases where large collection
of documents is to be analysed. Summarization can be
of the following two types: extractive and abstractive
summarization. In Extractive Summarization, we pull out
segments of text to generate the summary. In Abstractive
Summarization, the summary of document is generated
based on the important phrases, named entities and
extracted topics and other feature sets that are provided for
the given documents. Few algorithms that are used for text
summarization are LexRank, TextRank, and Latent Semantic
Analysis.

e Topic Modelling: Topic modelling is an NLP technique thatis
used to extract an important token or word or phrases out of
a text (document or sentence). It is based on an unsupervised
machine learning method where collections of documents
can be provided, and it can extract important topics out of it.
It has major applications in Question—Answering Systems to
find out answers with relevant information and in Document
summarization to generate summary that should contain
tokens or words or phrases that defines crux of document.
Latent Semantic Analysis (LSA), Latent Dirichlet Allocation
(LDA),and so on are some of the topic modelling algorithms.

With the advent of technology, implementation of the aforementioned
NLP tasks are quite feasible now. Even some of these capabilities are
available as a service that can be leveraged by any application or
system. In the next few chapters, we will see in detail how Google
AutoML and Al Platform can help us quickly put together Al
solutions to different types of business needs and create compelling
products using the power of Google AutoML.

Conclusion

In this chapter, we have discussed about basics of machine learning
and Natural Language Processing (NLP) including Supervised and
Unsupervised learning, Natural Language Processing, Sentiment
Analysis, Document Summarization, Entity Recognition, and so on.
In the next chapter, we will deep dive into Google AutoML services.



CHAPTER 2

Introducing the

Google Cloud
Platform

Today, Artificial Intelligence is everywhere from social media
sites, shopping websites, to content providers. From being used
in state-of-the-art systems built by Silicon Valley companies, Al
and Machine Learning are now being leveraged by most products
and solutions across the globe. In some cases, it is quite easy to
develop and build machine learning capability in these systems, and
sometimes, it is very difficult to do it due to lack of skilled resources
on Machine Learning. There is a general dearth of resources in the
areas of Data Science and Machine Learning in the industry today.

However, Google came up with an innovative solution where
developers can also develop and build Artificial Intelligence
capabilities in their products and solutions using Tensorflow and
AutoML. AutoML enables developers to use Al algorithms as a
service that allows them to integrate with any system. Developers
can now provide data as per their business requirement and AutoML
will automatically train the Al model for you. AutoML has completely
revolutionized the way Al is being consumed by developers and
architects. AutoML takes the complexity away while integrating and
using Machine Learning in products and solutions.
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In this chapter, we will go through the different Machine Learning
services/ APIs provided by Google Cloud Platform such as AutoML,
Al Platform, Tensorflow, and so on.

Structure

In this chapter, we will cover the following topics:

* AutoML Natural Language and it's applications in Document
Classification, Entity Extraction, and Sentiment Analysis

e AutoML Tables

e AutoML Translation

¢ AutoML Video Intelligence and Vision
e Al platform

e TensorFlow

e (Creation of an account in GCP

¢ Creation of Google Cloud Storage Bucket

Objectives

By learning this chapter, we will be able to:

e Understand the basics of AutoML Natural Language, Video
Intelligence, Vision, and Google Al platform.

¢ Understand GCP and Google Cloud Storage Bucket.

Introduction

AutoML, also known as Automated Machine Learning, is defined
as a process of automated generation of Machine Learning or
NLP (Natural Language Processing) models, thereby, reducing
development efforts and time that is being spent in testing and
validation. It provides easy-to-use interface to train, test, and validate
Artificial Intelligence based models. This helps developers and Data
scientists to build machine learning models with high efficiency,
scalability, and productivity while preserving model quality.

Earlier development of machine learning models required people of
the following different skillset:

e Data Engineer: Responsible for data collection and
transformation as per business requirement
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e Data Scientist: Responsible for data analysis, identification
of models to be used as per business requirement, validation,
and testing

e Developer: Responsible for development of module that will
enable machine learning model to be consumed by other
applications

As an example, if you are planning to develop a Spam blog
classification system where it will flag blog as spam or not spam, an
organization would need a Data Engineer, to crawl spam and not-
spam blogs and transform them into features as per requirement of
Artificial Intelligence algorithms and Data Scientist, to decide on
type of Al algorithms to be used; validated, and tested. Apart from
this, it also requires a developer to release this as feature to other
systems such as Plugin in a user's browser such that whenever a user
opens any blog, it should flag it as spam or not-spam.

Now, with AutoML, the developer gets most of the things as out
of the box available through API calls and simple applications and
use cases can be done without getting into much complexity. As an
example, developers can leverage translation services from various
cloud vendors such as IBM, Microsoft, and so on to enable language
translation capability in their product or solution by using REST
APIs without the need to develop language translation system from
scratch.

AutoML offers various services such as AutoML Natural Language,
AutoML Tables, AutoML Translation, and so on that can be leveraged
to enable Al features in your applications as shown in Figure 2.1:

AutoML
AutoML Natural AutoML Tables AutoM_L AutoML Video AutoML Vision
Language Translation Intelligence

[ Classification J [EnﬁlyExtraction] [ s::;"“,y;:‘ J ‘

| ] |
Classification Edge Obiject Detection

Figure 2.1: AutoML Services

Now, we will discuss each of these services in detail.
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AutoMLNatural Language

AutoML Natural Language is a natural language service that
provides capability to syntactically and semantically parse the
content (text, sentence, or document) to generate knowledge out of
it. The generated knowledge can be used in NLP-based applications
or systems such as Question-Answering systems, Document
Summarization systems, Search Engine, Recommendation system,
and so on. Some of the NLP tasks such as stop-word removal, POS
tagging, parse trees, Contextual grammars, dependency trees, and so
on that have been used to perform pre-processing steps as a part of
an NLP pipeline, now, can be implemented using this service without
any significant coding effort.

There are two modes in which AutoML Natural Language can be
used:

e Out-of-Box Model: In this mode, an organization can use
out-of-box model provided by AutoML without a need to
train the system with your own data. As an example, we can
leverage Entity Extraction feature of this service to identify
entities such as Place, Location, etc. out of the sentence
without providing the training data.

e Custom Model: In this mode, an organization needs to
provide their task specific data. As an example, if you want
to implement a document classification system that would
classify your documents into particular categories, then you
should go with this mode.

AutoML Natural Language API provides the following important
features that can be leveraged easily in any application.

AutoML Text & Document Classification

AutoML Text & Document Classification feature is used to classify
content (text, sentence, or document) into relevant categories that can
be defined during the training phase. It employs Google's state-of-
art technology for Neural Architecture search to find out a relevant
Neural Network architecture that will fit perfectly for your dataset.
This feature can be used in tasks such as Document classification,
Text classification, Intent Classification (for conversation systems),
and so on.
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AutoML Entity Extraction

AutoML Entity Extraction feature is used to extract entities such as
location, place, contact number, and more from the text. AutoML
enables you to provide your tagged data where each of the sentences
should be tagged with relevant entities for the training. This in-turn
will train custom entity extraction model where a Neural Network
architecture will be identified using Google's Neural Network
Architecture search technology. This feature can be used in NLP
tasks such as Question Answering, Document Summarization,
Conversation Systems, and so on.

AutoML Sentiment Analysis

AutoML Sentiment Analysis feature is used to identify sentiments
from text or audio. This feature has been gaining popularity in design
of conversation systems where responses to a user's question will
be given depending on sentiment presented by the user via text or
audio. This feature enables you to train your sentiment model over
your own dataset that should have been tagged via Language Expert,
or you can also leverage the out-of-box model provided by AutoML
for sentiment identification.

AutoML Tables

Building an end-to-end machine learning pipeline is always a
challenging and time-consuming task for structured datasets such as
Stock Market Dataset. It includes lot of tasks such as normalization,
type of feature it contains, column or feature encoding, missing
value identification etc. Most of the efforts and time of data scientists
and analysts is spent on this, as nature of data plays a major role
for the selection of models to be used. As an example, for regression
problems, if features are independent, then the problem is linear
regression problem otherwise non-linear.

AutoML Tables eases design of end-to-end machine learning
pipelines by providing an automated way to perform the following
operations.

¢ Missing Value Computation
¢ Identification of type of values in feature
¢ Data Normalization

¢ Feature Encoding
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Apart from this, it can automatically identify the best model for
your dataset from Google's model repositories. It varies from
traditional models like linear regression, Tree-based models, etc. to
Neural Network based models for complex tasks. Due to this, the
total time required for building production ready machine learning
models has been reduced drastically. It provides an intuitive user
interface where all of these steps can be performed and monitored.
As an example, a developer or data scientist can see what all actions
have been performed over the dataset and their results. This way,
the developers or data scientists can ensure that the trained machine
learning model is of high efficiency and accuracy. The following are
two types of problems that can generally be solved using AutoML
Tables:

* Regression Problems: A regression problem is a type of
problem where final prediction will be numeric. As an
example, if you want to predict share price of a particular
company, then you would go with regression models, as
predicted price will be a numerical value.

e C(lassification Problems: In classification problem, each of
the data point should be classified into a particular category.
As an example, in Spam Blog Classification System, each
blog should be classified as a spam or not-spam. This type
of classification system is known as a binary classification.
If there are more than two classes, then it is known as multi-
class classification. However, in some cases, each data
point may belong to multiple classes at a time. This type of
classification problem is known as a multi-label classification.
As an example, the document may have content related to
both sports and politics, in this case, the document will be
classified into both sports and politics.

AutoML Translation

Machine or language translation has been gaining popularity day by
day, as it enables an organization to build multi-lingual capabilities
into their products and applications. The following are some of the
examples of such systems:

e Search Engine: The search engine can understand a user's
query in various languages and returns list of documents
relevant to query. In this system, all the documents will
always be in their base language, and if a user asks query in
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some other language, then language translator first detects
language in which query was asked and then converts it to
target language to fetch relevant documents.

Conversation System: With the advent of the translation
technology, now, it is very easy to build multi-lingual
capabilities in conversation systems. Here, a user can ask
query in various languages, and these systems can leverage
the language translation service from Google as a REST API
to convert it into base language to fetch relevant response
from the conversation system.

AutoML Translation service from Google enables you to implement
multi-lingual capability in multiple products or applications.
Similarly, this works in two ways, namely, the out-of-box and custom
model as follows:

Out-of-Box Model: In this mode, an organization can use
the out-of-box model provided by AutoML without the need
to train the system with your own data. As, the out-of-Box
model has been trained on the benchmark dataset; therefore,
it works for most of the scenarios/implementations. But,
sometimes, it may forget domain specific knowledge after
conversion. As an example, if you are building closed domain
multi-lingual conversation system that answers IT related
questions such as "Facing an issue with Outlook," and a user
enters this query in other language (say in German) then
"Outlook” might be understood as Outlook of something
and not Microsoft Outlook. In such a case, the conversation
system won't be able to recognize it correctly as issues with
Microsoft Outlook.

Custom Model: In this mode, an organization needs to
provide their domain specific data for training to recognize
domain specific words during the conversion process. As
an example, in our closed-domain conversation system for
IT domain example, if we train custom translation model
on IT related dataset then during conversion, the translation
service would know that "Outlook" has nothing to do with
outlook of something, but Microsoft Outlook is an email
service from Microsoft. To generate the training set, this mode
requires human language translators for required languages.
It introduces extra cost that makes this mode expensive as
compared with the out-of-box model.
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These features of AutoML translation service enables an organization
to either use the out-of-box model or even train the model over a
custom dataset. This motivates them to decide upon which mode to
use according to their budget and requirements. Google provides
feature of AutoML translation service via REST API It means it is
very easy and convenient for an organization to integrate and use
with their existing systems.

AutoML Video Intelligence

AutoML Video Intelligence provides a set of services to generate
insight or knowledge out of the video. This knowledge can be used
to develop a system such as Video search engine. This enables a
user to enter the query and search over a corpus of videos that was
unimaginable earlier. It provides two services that are as explained
follows:

AutoML Video Intelligence Classification

AutoML video Intelligence Classification service classifies video
segment or shot into a particular action. As an example, if you want
to develop a classification system that can classify one of the shots or
segments from the recorded video from any games such as Football,
Cricket, Chess etc. into particular actions ("goal" for football or
"check"), then you should go with this.

In this service, you would need to provide a video corpus along
with associated actions to train it. Then, it will automatically
identify which model to be used based on your data using Google's
architecture search capability and train a model for you. It is a very
important feature that lets you generate an insight out of the video.
As an example, output of this system can be provided as training
data to any search engine that can be retrieved later on if a user
wants to see all videos or shots or segments containing goals from a
Football game.

AutoML Video Intelligence Object Tracking

Object tracking is a sub-branch of computer vision that tracks
position of an object over a different time frame; for example, tracking
suspicious moving vehicle for security issues over a period of time.
Nowadays, it has been used in surveillance for security purpose,
monitoring of traffic to avoid congestion, and more. Google has



Introducing the Google Cloud Platform 19

released this feature as a service. It means anyone who has access to
Google Cloud can leverage this feature by enabling the service from
the cloud console.

AutoML Vision

AutoML Vision is a service from Google that provides image
classification and object detection as a service. AutoML vision
service enables us to train a custom model specific to your dataset.
For example, imagine you have millions of images that have been
tagged by human experts into various categories of animals such as
Cat, Dog, and more, then you can use this tagged data to develop
an image classification system for your application or product. In
other words, it implements supervised machine learning to train the
custom models.

Google has also released Vision API that uses the out-of-box model
to detect landmarks, faces, optical character recognition, and more.
This can be easily integrated with your application or website via
REST API to enable these features.

AutoML provides four services which are Vision Classification,
Vision Edge - classification, Object Detection, and Vision Edge
-Object Detection.

AutoML Vision Classification

AutoML Vision Classification service classifies an object or image
into defined categories that have been provided during the training
phase. As an example, if you are developing an image classification
system that classifies image into categories then you should go with
this.

In this service, you would need to provide a corpus of images along
with associated labels or category to train it. Then, it will automatically
identify which model to be used based on your data using Google's
architecture search capability and train a model for you. It is a very
important feature and lets you detect and identify the category of
the images. You can develop a search engine on the top of the result
of this service. This helps a user if he wants to see a list of images of
products or animals or landmarks, and more.
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AutoML Vision Edge - Classification

AutoML Vision Edge — Classification service is similar to Vision
classification service, but Edge variation is for implementing at
IOT or edge devices. As an example, consider a scenario where you
have installed a camera in the forest to record the movements of
the animals, and you also want to count the number of animals of a
particular category such as Lion, Tiger, and so on. So, for identification
of animals in real-time, image classification system using Vision Edge
Classification service can be developed and implemented at camera
end only. This way, the classification system installed at the camera
will identify a category of animals such as Lion or Tiger, as soon as an
animal passes through the camera and send this information to the
server connected to it.

AutoML Vision Object Detection

AutoML Vision Object Detection service detects an object or
multiple objects from an image. It enables you to train your own
custom model with your own data.

In this service, you would need to provide a corpus of images tagged
with objects such as tomatoes and cucumber in a salad to train it.
Then it will automatically identify which model to be used based on
your data using Google's architecture search capability and train a
model for you. It is a very important feature and lets you detect and
identify objects from a given image. You can develop a search engine
on the top of the result of this service. This helps a user to fetch list of
dishes across restaurants that may contain specific toppings.

AutoML Vision Edge — Object Detection

AutoML Vision Edge — Object Detection service is similar to Vision
Object Detection service, but Edge variation of this service is only
for implementing at IOT or edge devices. As an example, in self-
driving cars, it is necessary that all objects such as road signs, traffic
lights, incoming vehicles, and more should be detected in real-time
to decide upon an optimal path to be followed by a vehicle. For the
same purpose, the Edge version of object detection service is of a
great importance, as it performs a task with low-latency and high
accuracy.
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Al platform

Designing an end-to-end Al product has always been challenging and
difficult for an organization whether it is hardware requirement or
resource with adequate skillset. Not every organization or company
can afford high computing devices such as GPU, TPU etc., high
storage requirements and more, as these are quite expensive. In order
to solve all these problems, Google came up with a service known
as the AI Platform; a framework that helps an organization to build
any machine learning model with any data size of any type. The Al
platform integrates with the following Google services to build an
end-to-end Al based system:

e Google BigQuery: It is a data warehouse provided by
Google over which we can perform analysis. You can store
your dataset in Google BigQuery and later on the same data
can be accessed by the AI platform for training and testing
purposes.

* Google Cloud Dataflow: It is a data-processing service from
Google. It enables developers to develop any processing tasks
such as missing value computation as a part of developing
machine learning system. Google's Al platform provides an
integration with Cloud dataflow for any pre-processing tasks
that need to be applied over dataset.

* Google Cloud Object Storage: It is a storage service provided
by Google. You can store your dataset in the cloud storage for
training and testing purposes. This is a file storage service,
although Google BigQuery is mainly used for analysis
purpose. A model can be trained locally or over the cloud
that can be stored in the cloud storage. This stored model can
be accessed during prediction or inference step.

e TensorFlow: The Al platform also provides an integration
with Google's deep-learning library i.e. TensorFlow, if you
want to develop or code your own model from scratch and
use it on the Al platform.

TensorFlow

TensorFlow (TF) is a deep-learning library developed by Google. Itis
one of the most widely used library for developing machine learning,
Natural Language Processing, and deep-learning models. It offers out
of the box trained models such as BERT, Universal Sentence Encoder
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for sentence embeddings that will be used for implementation of
the state-of-art machine learning and Natural Language Processing
tasks such as Machine Translation, Question—-Answering System etc.

TensorFlow has been designed in such a way that it will be useful
for the developers as well as data scientists. As an example, data
scientists can use the out of the box trained models to check the
performance of the models on a new dataset, whereas the developers
can directly use them in applications or products as a module
or package. However, if the data scientist feels that the out of the
box trained model is not good for their task in-hand, then they can
change the model architecture by writing their own custom code. So,
TensorFlow has greatly reduced the time required to develop machine
learning or deep-learning models by providing an out-of-box trained
model for some of the common pre-processing tasks such as sentence
embedding for Question-Answering System. TensorFlow provides
you the flexibility to train your model across various computation
platforms such as CPUs, GPUs, and TPUs.

There are two modes in which TensorFlow runs, namely, Eager and
Graph execution which is explained as follows:

Eager Execution

In Eager Execution, all operations are executed immediately as
soon as they are called from python. It lets the developers and data
scientists to execute their TensorFlow code without getting into
hassle of designing or creating graphs. In this mode of execution,
actions return actual values instead of generating a computation
graph that will run later on. This mode of execution is quite useful
and easy if you want to do hands-on TensorFlow, and this also makes
debugging a little bit easier.

Eager execution in TensorFlow provides the following:

e An instinctive interface: It uses Python data structure and
can structure your TensorFlow code automatically as well.

e Fast debugging: It can be integrated with Python debugging
tools for fast debugging purpose.

*  Out-of-box control flow: Uses basic Python programming
control flow instead of graph computation flow, thereby,
simplifying the model training process.
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Graph Execution

Graph Execution, as the name suggests, represents all operations
in your model in the form of a computational graph. All the non-
leaf nodes represent operations, whereas the leaf nodes represent
variable and constant .A computation graph is an arrangement of
nodes along with operations in your model. Therefore, in this type
of execution, TensorFlow first creates a computation graph and then
executes them with the values later on. As an example, if you want to
implement an expression such as f(x,y)=x"2y+y+2, then TensorFlow
will first build a graph similar to as shown in Figure 2.2:

m
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Figure 2.2: Graph Execution

We have discussed previously about the usage of the pre-trained
models directly in your code. Let's now discuss about Estimators that
provide a way to use these models.

Estimators

Estimators provide high-level APIs to access pre-trained machine
learning models instead of going into low-level details of TensorFlow.
The idea of the difference between high-level and low-level APIs of
TensorFlow is quite similar to what we have with programming
languages. As an example, developers are more comfortable with
high level languages such as Java, Python etc. as compared with
the assembly language. Due to this reason, it is always advisable for
beginners to use high-level APIs that enables them to use pre-defined
estimators directly in their Python code.
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There are two following ways of working with Estimators:

e Pre-made Estimators: Pre-made estimators are much easier
to use as they provide much higher-level APIs than the base
TensorFlow APIs. With the pre-made estimators, there is no
need to create graphs or sessions explicitly. The pre-made
estimators take care of all the initializations of the graphs and
sessions behind the scenes. With the pre-made Estimators,
now it is easy to test various model architectures and can
be easily tested with minimal code changes. As an example,
estimator tf.estimator.DNNClassifier can be used to
develop a classification model.

* Custom Estimators: Customer estimators are the ones that
have to be developed explicitly if the required model is not
available in the pre-made estimators. It makes use of low-
level APIs of TensorFlow to develop estimators.

Next, we will see account creation steps on Google Cloud Platform.
We will begin by creating an account and setting up the Google Cloud
as a foundation for our hands-on practice on the Google AutoML
services.

Creation of GCP account

This section shows how to set up an account on Google Cloud
platform. Go to the URL https://console.cloud.google.com and
follow the following steps:

1. Clickon TRY FOR FREE button as shown in Figure 2.3.

x  +
< C @ nhps oud.google.com,

= Google Cloud Platform

Get Started with

Google Cloud Platform

12 month, $300 free tialto get you started.
Always Free products to keep you going

TRY FOR FREE

Top Products

“

Figure 2.3: GCP — Account Creation
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2. This will redirect you to Google sign-in page as shown in
Figure 2.4. Please provide credentials of your Gmail account.

Google
Signin
Continue to Google Cloud Platform

Email or phone

Forgot email?

Not your computer? Use Guest mode to sign in privately.
Learn more

Create account m

Figure 2.4: Google Sign-in

3. Select your country, agree to the Terms of Service, and
click on AGREE AND CONTINUE button as shown in Figure 2.5.

Try Google Cloud Platform for free

Step 1 of 2

Country

India -

Terms of Service

| agree to the Google Cloud Platform Terms of Service, and the
terms of service of any applicable services and APls.| have also read
and agree to the Google Cloud Platform Free Trial Terms of Service.

Required to continue

AGREE AND CONTINUE

Figure 2.5: Google Sign-in — Step 1
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4. This will take you to the second step as shown in Figure 2.6.

Try Google Cloud Platform for free

Step 2 of 2

Paymaents profile (O

Choodss the payments profile that will be associsted with
THES BCORUNY O TARACTION. & DaMents: profie it shared
and used across & Googie products.

)

Custemer info

e Account type (D)

B Taxinformation

Figure 2.6: Google Sign-in — Step 2 (Part -I)

5. Scroll down and provide payment method of your choice as
shown in Figure 2.7. Fill in the required details such as Name,
Address, and the Payment information.

Haw you pay
[3  Monthly automatic payments

Yiou pay for thin service on a reguiar
meathly basis, vin a0 automatic chage
wiheen your panment in due

Payment method (2

== Mastercard 35

Figure 2.7: Google Sign-in — Step 2 (Part -11)
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For every new account, Google provides $330 credit with a validity
of 12 months, which is enough to explore all the exercises in the book.
Please ensure that you stop the services after doing the exercises and
keep a tab on the total spend. An excessive usage of the cloud account
would incur charges beyond the free limit.

1. Click on START MY FREE TRIAL button once you have
provided all the required details. Please note that this will
take some time for the registration to be completed.

< C @ hitps//consoleccloud google.com/home/d

Google Cloud Platform 8 My First Project v

DASHBOARD ACTIVITY 2/ CusToMIZE

8¢ Projectinfo H I APls H & Google Cloud Platform status
Project name

Requests (requests/sec) Al services norml
t Project

rojec
gneous-uture 2482 ) > GotoCloud status dashboard
Project numoer
516266089137 a

@ Error Reporting

> Gotoproject settings Nosign ofany ertors. Have you s

p Error Reporting?

® Resources : > Leamhowto setup Eror Reporting

This project has no resources

> Goto AP ovevew B3 News

At Japan's GABA language Schools, Chomeboxes and Chrome
= Trace . Enterprise keep Engiish lessons on track

Notrace data from the past 7 days

tions for users, data, and apps in the cloud

> Get started with Stackariver Trace ‘Admin Insider: Wats new in Chome Enterprise, Release 76

® Getting Started i > Reaaalinews

Figure 2.8: GCP Home Page

2. New project with aname My First Project will be created
automatically as soon as a user signs-in.

3. Dashboard tab will give you the details about the selected
project. This view is further divided into cards wherein each
provides specific information. As an example, Project info
card gives details about the project such as Project name,
Project ID, and Project number.

&® Projectinfo i

Project name
My First Project

Froject 1D
igneous-future-248210
Project number

516266089137

- Gotoproject settings

Figure 2.9: Project info
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4. Google Cloud Platform status card as seen in Figure 2.10
gives a quick service status check. Green indicates everything
is working fine.

ne

& Google Cloud Platform status

All services normal
—» Goto Cloud status dashboard

Figure 2.10: Google Cloud Platform status

5. The Billing card shows the billing period for the selected
project as shown in Figure 2.11.

& Billing H
Estimated charges IMR F0.00
For the billing period Aug 1 - 4, 2019

—  View detailed charges

Figure 2.11: Billing Information

We also have a card for Quick Starts for various services of
GCP as shown in Figure 2.12. Have a look at these and go
through the service details if you are interested in knowing
more about a particular service.

#® Getting Started

API Explore and enable APls

‘2 Deploy a prebuilt solution

-l- Add dynamic legging to a running application
(ED Monitor errors with Error Reporting

@ Deplay a Hello World app

{5 TakeavM quickstart

B8 Create a Cloud Storage bucket

() Create a Cloud Function

&) Install the Cloud SDK
- Explore all tutorials

Figure 2.12: Getting Started
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6. In the left-hand side of the top-most panel is the navigation
button as shown in Figure 2.13. On clicking this button, it
opens the navigation menu where all the GCP services are
categorized and listed.

Getting started

@ security

@ AppEngine

£ Compute Engine
@  Kubernetes Engine
() Cloud Functions

) cloudRun

Figure 2.13: GCP Catalogue

Creating a Google Cloud Storage
bucket

Cloud storage is a storage service offered by Google Cloud. You
can upload the data in any file format. It stores the data in a Storage
Bucket. All the storage buckets are associated with a project.

After a project has been created, you can create Cloud Storage
buckets, upload data to your buckets, and download the data from
your buckets. All the GCP services would use the data from this
Google Cloud Storage bucket.

Let's see the following steps to create a Google Cloud Storage bucket.

Go to the Google storage URL https://console.cloud.google.com/
storage/browser
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Click on the Create Bucket button to open the Bucket creation form
as shown in Figure 2.14.

< Create a Bucket X Monthly cost estimate

s N bucket Enter values below to check this bucket's monthly cost. For
ame your bucke quidance only. Pricing details

Pick a globally unique, permanent name. Naming guidelines
Storage and retrieval

B-month

CONTINVE

Data retrieval size
Free
Choose where to store your data

Choose a default storage class for your data Operations @
Choose how to control access to objects

Advanced settings (optional)

Availability SLA: 99.95%

Figure 2.14: Create a Bucket - I

Fill in the Bucket information as follows:
1. Name your bucket
2. Choose the Location where you want to create a bucket

3. Select a Default storage class for the bucket. The default
storage class is best for short term storage and frequently
accessed data.

4. Select an Access control model to determine how you control
access to the bucket's objects.

5. Select Advanced settings (optional). This allows you
to add bucket labels, set a retention policy, and choose an
encryption method.

6. Click the CREATE button.

< Create a Bucket

& Name your bucket

L. Choose where to store your data

L. Choose a default storage class for your data
L. Choose how to control access to objects

l Advanced settings (optional)

m CANCEL
Figure 2.15: Create a Bucket - 11
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After clicking the CREATE button, a bucket will be successfully
created. You will be redirected to a page as shown in Figure 2.16:

< Bucket details /' EDIT BUCKET ¥ REFRESH BUCKET

sinkdntdelete

Objects  Overview  Permissions  Bucket Lock

Uploadfiles = Upload folder | Create folder

‘ Filter by prefix...

Buckets / sinkdntdelete

There are no live objects in this bucket. If you have ersioning enabled, this
bucket may contain non-current versions of cbject: ch arent visible inthe
consale. You can list non-current objects by using the gsutil command line or the
APls .

Figure 2.16: Bucket details

Let's see how to upload data inside a bucket.

You can upload files/folders or use Drag & Drop files option from
your system as shown in Figure 2.17:

& Bucket details # EDIT BUCKET C REFRESH BUCKET

sinkdntdelete

Objects  Overview  Permissions

Uploadfiles | Upload folder | Create folder
Filter by prefix

Buckets / sinkdngelete

Name size Encryption Retention expiry date Holds

Datasetcsv 35449
Ke

Not public

Figure 2.17: Bucket - List of Files
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In the overview section, it gives details about bucket and bucket
Link URL and Link for gsutil that will be used to access the
bucket from outside whenever required.

& Bucket details / EDIT BUCKET (* REFRESH BUCKET

sinkdntdelete

Objects Overview Permissions Bucket Lock
Created 10 February 2020 at 16:20:49 UTC+5:30
Updated 10 February 2020 at 16:20:49 UTC+5:30
Location type Multi-region
Location us (multiple regions in United States)

Default storage class Standard

Access control Fine-grained

Requester pays Off

Encryption type Google-managed kKey

Link URL https://consele.cloud. google . com/storage/browser; t-'_"'f:"'t:E'_Ern
Link for gsutil gs://sinkdntdelete T]

Figure 2.18: Bucket Overview

Conclusion

In this chapter, we have discussed about the various services offered
by Google AutoML. We have also discussed about the creation of
an account in Google Cloud platform and creation of Google Cloud
Storage bucket. In the next chapter, we will discuss about how an
AutoML Natural Language Service can be used to train the custom
models as per your dataset.



CHAPTER 3

AutoML Natural
Language

utoML enables developers or data scientists to build machine

learning models over a custom dataset in a simplistic way. It
implements all the stages of machine learning pipeline such as data
preparation, feature engineering, model selection, hyper parameter
tuning, and selection of evaluation metrics.

AutoML Natural Language uses Google’s model architecture search
algorithm to find best model and its architecture for your dataset.
AutoML Natural Language analyzes and performs syntactic analysis
(structure) and semantic analysis (meaning of text) to generate
knowledge out of it. This knowledge or information can be used as a
pre-requisite for the development of the state-of-art NLP technologies
such as Question-Answering System, Document Summarization,
Recommendation systems, and so on. In this chapter, we will see how
an AutoML Natural Language service can be used for implementation
of a classification system.
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Structure

In this chapter, we will cover the following topics:

* Design and implementation of an Issue Categorization
System using AutoML

o Description and analysis of the dataset

0 Machine Learning model training, evaluation, and
prediction for Issue Categorization System

o REST API configuration to release features of this
system for other applications
* Design and implementation of Sentiment Analysis System
using AutoML
o Description and analysis of the dataset

o Machine Learning model training, evaluation, and
prediction for Sentiment Analysis System

o REST API configuration to release the features of this
system for other applications

Objectives

After studying this chapter, you should be able to:

e Understand the problem formulation for machine learning
tasks

e Understand the importance of data analysis

¢ Understand Model training, evaluation, and prediction using
Google AutoML

e Understand how a machine learning model that has trained
on AutoML can be used for prediction in your application via
REST API

Issue Categorization System

In this use case, we will simulate a service desk team of an
organization responsible for solving users’ issues. If an organization
has a large user base, then it increases operational cost as well as
load on the service teams supporting the end users. The example of
a service desk is an end user computing service desk that provides
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support to end users on issues faced on desktops, laptops, mail,
messaging, and so on. As an example, if a user is facing some issues
with his printer or wants to know about the insurance policy, then
the user will reach out to the service desk team of an organization. In
such case, someone from the service desk team tries to understand a
user’s query or issue and accordingly reply based on the Standard
Operating Procedures (SOPs) that have been drafted as per the
organization standards. However, some of these queries or issues are
quite common and consumes lot of time and efforts of the service
desk teams to provide a resolution. What if there is a system that
can automatically identify or categorize a user’s query or issue to
a particular category and provide a required SOP document or can
work as an input to a system that automatically assigns an issue to
a concerned person in the support team. For an example, if a user is
facing an issue while resetting a password in Microsoft Outlook, then
either the user will get an SOP, or it may get assigned to a support
person who is an expert in solving Outlook related issues to solve it.

Categorization of issues or queries from a user is known as an
Issue Categorization system. We have formulated this problem as a
classification problem in machine learning where the issue categories
are classes. So, the Issue Categorization system will receive an issue
or a query description and categorize the same to a category to which
it should belong.

Therefore, in this book, we will walk through the implementation of
the Issue Categorization system using the state-of-art technologies
used by Google AutoML. For this use case, we have used the Natural
Language service of AutoML where we will upload our labeled
dataset that contains issue description along with their category.
Here, AutoML will automatically find the best model architecture
using Google’s architecture search algorithms to be used based on
our dataset. Following are the complete details of the implementation
of a system:

* Prepare Training Data: In this step, feature engineering
such as missing value imputation, data validation, one-hot
encoding, and more will be performed over a raw dataset.

e Create and import Dataset: In this step, prepared data will
be uploaded, and a dataset will be created as required by
AutoML. This dataset works as an input to the model training
process.
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e Model Training: In this step, AutoML uses Google’s
architecture search algorithm to analyze your dataset and
find the best model to train.

e Evaluate Model: In this step, trained model will be evaluated
over the test data. If it is not efficient, then it also offers you to
train different version of the same model but with different
values of hyperparameter.

* Model Prediction: In this step, the trained model will be
used to predict the category for any new issue or query
raised by the user. Applications such as an Automated Ticket
Assignation System can be integrated with it to predict the
category for any new issue or query and accordingly assign it
to a relevant support person.

The following diagram gives a complete overview of the
different stages of an Auto ML Workflow:

i Evaluat
Create dataseﬂ Train your valua :.et.
and import thj Model Prediction

Prepare your
Training Data

Y
data Model from Model

Figure 3.1: AutoML Workflow

Data Analysis

For this implementation, the dataset file (Name: Dataset.csv) can
be downloaded from GitHub URL https://github.com/automl-book/
AutoML. In this dataset, each and every query would belong to only
and only one category. So, we will go with the training of a single-
labeled multi-class classification model. A dataset contains 4965
records distributed across three categories, namely, CPU, memory,
and password reset related issues; and classes are named as CPU_
Utilization, Password Reset, and Memory_ Utilization.
Each class is having different number of variations as shown in the
following table:

Classes No of Variations
CPU_Utilization 204
Password_Reset 4223
Memory_Utilization 538
Total 4965




AutoML Natural Language 37

However, as per the best practices, training data should contain equal
or nearly-equal number of variations for each class. But in our use
case, each class contains different number of variations. As the class
Password_Reset has almost 20 times a greater number of queries
as compared with class CPU_Utilization, this dataset suffers from
class-imbalance problem and would degrade the performance of
the class with a smaller number of variations. However, AutoML
identifies class imbalance problem in a dataset and solves this
automatically. This is an important feature of the AutoML, where it
provides a guided way to the engineers to evaluate and solve the
data science problems.

In the next section, we will see how the aforementioned discussed
dataset will be uploaded to build an Issue Categorization System
using an AutoML Natural Language Service on Google Cloud
Platform.

Model Training

We will first enable an AutoML Natural Language service from
Google Cloud. Follow the following steps to enable an AutoML
Natural Language service.

1. Go to URL https://cloud.google.com/and login with your
credentials.

2. Click on burger Menu and select the Natural Language
option as shown in Figure 3.2.

= Google Cloud Platform 2= X/

# Home

ARTIFICIAL INTELLIGENCE

£Z  DataLabelling >
4B Alplatform >
[E] nNatural Language

E¥  Recommendations Al

]r Tables b
Qi Talent Selution >
Hp  Translation 3
<> Vision >
Z30  Video Intelligence

Figure 3.2: Selection of Natural Language Service
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3. This will populate the screen as shown in Figure 3.3. Next,
click on the ENABLE API button to enable the AutoML Natural
Language APL
= Google Cloud Platform &= = Q -

[E] Natural Language

AutohL

Natural language models

Train a custom model using your own data set of text documents and annotations
No machine learning experience required. Learn more

To get started, enable the AutoML API

ENABLE API

Figure 3.3: Natural Language Models

4. Once enabled, it will populate the screen that shows details
of the features provided by the Natural Language Service as
shown in Figure 3.4.

[EI Natural Language Dashboard

Dashboard

Natural Language products

AutoML text and document classification AutoML sentiment analysis
Build a machine leaming model to classify content into a Build  machine-learning model to analyse attitudes within
custom set of categories. Learn more text and documents. Learn more

—> et started —> Getstarted
AutoML entity extraction Cloud Natural Language API
Build a machine-learning model to recognise a custom set Use Google's praven pre-trained model for general content
of entities within text and documents. Learn more classification; sentiment analysis; entity recegnition; and

more
> Getstarted > View API docs

Figure 3.4: Natural Language Products

Following are the names and details of the features provided
by the Natural Language Service.

* AutoML text and document classification: Build
a machine learning model to classify the content (text or
document or sentence) into categories defined during
the model training.

* AutoML sentiment analysis:Buildamachinelearning
model to analyze sentiments out of the text (document
or sentence). It also enables you to train the model on
your dataset.
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* AutoML entity extraction: Build amachinelearning
model to extract entities out of the text (document or

sentence). It also enables you to train the model on your
dataset for custom entities.

* Cloud Natural Language API: Enables you to use
the pre-trained models for classification, sentiment,
and entity recognition system over textual content
(document or text). It can be integrated directly to your
applications or products via REST APIL.

5. Next, click on the card named as AutoML text and document
classification option to build a custom model for the Issue
Categorization System. You will be redirected to a Dataset
page as shown in Figure 3.5:

Google Cloud Platform 2

[E] Natural Language Data sets NEW DATA SET

Dashboard Location

Global >~ @
Datasets

iodds @ Name LX) Location  Objective Total Labeled  Lastupdated & Status
items items

©  untitled 1577949948298 TCN4QDS144827011268608  Global Single-label 24899 24808 2.Jan 2020 Success

classification 1318 Training

Figure 3.5: Natural Language - Dataset

6. Now, to upload your dataset, click on the NEN DATA SET

link, and you will be redirected to a screen as shown in Figure
3.6.

Create new dataset

- Dataset name *
‘ Ticket_Datd

Location
Global - @

Select your model objective

CANCEL CREATE DATASET

Figure 3.6: Issue Categorization System — Create Dataset
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7. Next, enter the values for various fields as follows:

Data set name: Name of the dataset. For this use case,
value will be Ticket_ Data.

Location: Defines the geographical region in which
your data will be stored. You can select Global or
European. For this use case, select Global as a value of
the location.

Model Objective: Defines what type of model you
want to train. It offers the following types of models:

o Single-Label Classification: Select this if the
text (document or sentence) belongs to only one
category or group. As an example, issue such as
“Not able to send an email via Microsoft Outlook,”
as you can see that a user is facing an issue while
sending an email. Therefore, it belongs to the
“Email Issues” category.

0 Multi-Label Classification: Select this if the text
(document or sentence) belongs to more than one
category. As an example, a document talks about
Politics as well as Sports; therefore, it will be
categorized to Politics and Sports.

o Entity Extraction: Select this if you want to extract
entities out of text (document or sentence).

o Sentiment Analysis: Select this if you want to
identity sentiments out of text (document or
sentence).

8. For our use case, select the Single-Label classification
option as all ticket descriptions corresponding to issues
categorized to only single category in our dataset, and then
click on the CREATE DATA SET button.

9. Next, AutoML provides the following three options
depending upon your dataset file format and location to
upload.

Upload CSV file from your system: If the dataset
file is in CSV format and resides in your system, then
select this option. For our use case, we will go with this
option.
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e Upload TXT, PDF, or ZIP files from your system:
If the dataset file is in TXT, PDF, or ZIP format and
resides in your system, then select this option.

e Select a CSV file from cloud storage: If the
dataset file is in CSV format and stored in cloud storage
service such as Object storage, then select this option.

10. Click on the SELECT FILES button, it will open up browse
files box. Select your dataset file and upload it.

11. Definedestinationoncloudstorageasgs://sinkdontdelete/
Ticket_data (or bucket name that you have defined during
the creation of the bucket)as created in Chapter 2, and click on
the IMPORT button as shown in Figure 3.7.

<  Ticket_Data tls VIEW LABEL STATS & EXPORT DATA

IMPORT ITEMS TRAIN EVALUATE TEST & USE

To build a custom model, you first need to import a set of text or documents to train it.
Each item should be categorised with a label (labels are essential for telling the model
how to classify text).

Each label should have at least 100 items for best results.More importing tips

(® Upload a C5V file from your computer

() Upload TXT, PDF or ZIP file(s) from your computer

() selecta csv file on Cloud Storage

Upload a CSV file from your computer

The CSV file should be a list of document contents and their labels, if available. @

Dataset.csv 1 file x

SELECT FILES

B g

Destination on Cloud Storage
=/ sinkdontdelete/Ticket_data/ BROWSE

Figure 3.7: Issue Categorization System — Upload Data
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12. Once you click on IMPORT button then you will be able to see
progress of your dataset as shown in Figure 3.8.

“— Ticket_Data 1ls VIEW LABEL STATS & EXPORT DATA

IMPORT ITEMS TRAIN EVALUATE TEST & USE

Processing text items

veral minutes or more. You will be emailed once importing has completed

This can take s

CANCEL

Figure 3.8: Issue Categorization System — Data Import

13.  This process may take few minutes. You will receive an email
on your registered email address associated with your project
as soon as the upload process has successfully completed as
shown in Figure 3.9.

AutoML Natural Language finished importing data into dataset "Ticket Data"
3 Reply %5 Reply All —> Forward

AutoML Natural Language <noreply-automl-ni@google.cc
To © RN—— Mon 2/10/2020 4:45 PM

[CAUTION: This Email is from outside the Organization. Do not click links or open attachments unless you trust the sender.]
Hello AutoML Natural Language Customer,

AutoML Natural Language finished importing data into dataset "Ticket_Data".

Additional Details:

Resource Name:

pougrEed e v na o S el A AR R R
Operation State: Succeeded

To continue your progress, go back to your dataset using
frttpa g fum L 2Ty . TS P P PR IERP T R [EPRETL -1 SPRTETRe| | P |
o

T L LA LT o eaprbnen i3] oy 58 1 e m
1B b e T S AT AT A A B e | AR

IRET G LPEPYaEr A RS N 0P B A e e g 4 e e AT T

B it A ARG Y MR I AR B s sl =i

Sincerely,
The Google Cloud Al Team

Figure 3.9: Issue Categorization System — Data Upload Email Confirmation

Once the data has been successfully uploaded, then you can
see the following details about your dataset under the ITEMS
tab as shown in Figure 3.10.
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* ALL items: shows the total number of records in your
dataset

e Labeled: This shows the total number of labeled
records in your dataset. In our dataset, all records or
variations have already been labeled. So, it is equal to
All items.

e Unlabeled: This shows the total number of unlabeled
records in your dataset. In our dataset, not even a single
record is unlabeled. So, its value is 0.

e Training: Shows the number of records to be used
during model training

e Validation: Shows the number of records to be used
during the validation step

e Testing: Shows the number of records to be used

during testing phase
< untitled_1600775346056 1ls VIEW LABEL STATS iy EXPORT DATA
IMPORT ITEMS TRAIN EVALUATE TEST & USE
All items 4965 = Filter table
Labeled 4,965 O Items Labels
Uniabeled 0 O user is not able to change password for xyz Password_Reset
Training 3972 O Wants to reset password Password_Reset
kst A5 [0  Active Directory password Reset for maruti email Passw
_ O PQR : Password reset for abc Password_Reset
esting 498
[  help meto change password of YM Password_Reset
= Filter labels
[0  Reset: Active directory password Password_Reset
CPULUtilization 204 O  remedyforce password issues Passward_Reset
Memory_Utilization o O SMS password reset reopen of abc Password_Reset
O  userresetp rd an cannot open visio files vord_Reset
Password_Reset 4,223
O Not able to login Make my trip website for hotel bookings assword_Reset
ADDNENLABEL (m] word Reset Outlook - user admin Password_Reset
O Hi. | want to change my outlook password. Password_Reset
D Reset pa: d of: XYZXYZ system word_Reset
O Password_Reset

Figure 3.10: Issue Categorization System — Data Analysis

14. During the training of any Artificial Intelligence models, the
dataset has to be divided into three parts as follows:

e Training Set: The number of records to be used for
training a model

e Validation Set: The number of records to be used
for validating a model and hyperparameter tuning
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¢ Hyperparameter tuning can be defined as a process of
identifying optimal values of parameters that defines
model architecture. For an example, if you are working
on any Neural Network based approach such as an
LSTM (Long Short Term Memory), then you need
to find optimal values of the parameters such as the
number of layers, number of nodes, and so on which
would work best for your architecture.
e Test Set: Number of records to be used for testing a
trained model.
e This set contains records that have not been seen during
the training and validation phase.
15. By default, the AutoML Natural Language service uses 80%
of the records for training, 10% for validation set, and the rest
10% for the testing set. It also takes care of the class imbalance
problem (if any) in the dataset. As per AutoML, the minority
class should have at least 100 records in the training set as
shown in the following table, where minority class i.e. CPU_
Utilization has more than 100 records.
Class / Number of .. 1 .
Category Records Training Validation Testing
CPU_
Utilization 204 163 21 20
Memory_
Utilization 538 430 > >
Password_
4223 3379 422 422
Reset

However, you can also define your custom splitting criteria
where you can tag individual record as TRAIN, VALIDATE,
TEST, and UNASSIGNED by defining them in a new column as
follows:

e TRAIN: This tag defines that record belongs to a training
set.

® VALIDATE: This tag defines that record belongs to a
validation set.
e TEST: This tag defines that record belongs to a testing set.

* UNASSIGNED: This tag defines that record will be
assigned automatically to a training or validation or
testing set.
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In this case, splitting into a training, validation, and testing
set will be performed on the basis of tags only.

For our use case, we will go with the automated splitting
offered by AutoML. Next, click on the TRAIN tab, and then
click on the START TRAINING button as shown in Figure 3.11.

< Ticket_Data 1l VIEW LABEL STATS ity EXPORT DATA

IMPORT

ITEMS TRAIN EVALUATE TEST & USE

Unlabelled text or documents aren't used. Your data set will be split automatically into Train, Validation and Test sets

Ideally, each label should have at least 100 items assigned to it. Ensure that your maedel is trained to predict equally well for each
label.
Learn more
Labels ‘M Annotations Train Validation Test
CPU_UHilization -— 204 163 2 20
Memaory_Utilization O — 538 430 54 54
Password_Reset (N I 4003 3379 422 422
START TRAINING
Figure 3.11: Issue Categorization System — Model Training
16. It will be redirected to the page as shown in Figure 3.12.

Train new model

View training pricing guide
Model name

Ticket_Data_20200210052331

Deploy model after training is finished

START TRAINING CANCEL

Figure 3.12: Issue Categorization System — Train Model

17.  Define the Model name and check the box against the Deploy

model after training is finished if you want to deploy
the model automatically as soon as training is finished. Then
click on the START TRAINING button to start the model
training.
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18. The model training process may take several hours depending
on the size of the dataset. You will receive an email on your
registered email address as soon as the model training is
completed as shown in Figure 3.13.

AutoML Natural Language finished training model "Ticket_Data_: "™ 10577111 "

€~ Reply & Reply All = F d
AutoML Matural Language <noreply-autom|-nl@google.cc J ey > Reply A arwar
To © EENE—— Mon 2/10/2

(i) We removed extra line breaks from this message.

[CAUTION: This Email is from outside the Organization. Do not click links or open attachments unless you trust the sender.]
Hello AutoML Natural Language Customer,

AutoML Natural Language finished training model "Ticket_Data_20200210052331",
Additional Details:

Resource Name:

P SR e U et aenbeal T sdedad TP SR
Operation State: Succeaded

To continue your progress, go back to your model using

Rt AR L At IR EnpratacHan, autlo aken i SE - RER T AME DI renal A aid ol o A TRATEA LR AT A M

Al bl Mae-can Ly LS 2N e bl S 2 PO S L0 28 T 2 L0 2 I 2L e S 2T per e |l W02 Do e -2 0 270 2 Baar i b =005
RL TR T R X0 0 RTTTG Y | TR i Do PP ot o MPPRTRCAY DAR U Pl e 1Y Rl TN TR YR O P Y e Sl P 1 D01 0
SUbehd DU A AP AT LN AR 1R LR TR YL RS DWA PR S R R e

Sincerely,
The Google Cloud Al Team

Figure 3.13: Issue Categorization System — Email Confirmation for Model Training

19. Please note that AutoML automatically uses a validation set
to optimize the model hyperparameter values and select the
best model for you. You will receive an email only once the
AutoML has trained the best model for you.

20. Click on the link mentioned in an email body that you must
have received after completion of the model training to check
the performance of the model. As aforementioned, AutoML
uses a test dataset to evaluate the performance and quality of
the trained model.

Model Evaluation

AutoML uses performance metrices such as Precision and Recall to
measure the performance of a model as follows:

e Precision: It is defined as the ratio of the number of relevant
variations or records of a particular class that have been
classified to same class by the model to the total number of
records in a dataset that have been classified to the same class
by the model. As an example, in our use case, precision can
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be defined as the ratio of the number of records from category
CPU_Utilization that are classified to CPU_Utilization
by the model to the total number of records that have been
classified to CPU_Utilization by the model. Mathematically,
it can be defined as follows:

Precision = Number of True Positive /(Number of True
Positive + Number of False Positive)

* Recall: It is defined as the ratio of the number of relevant
variations or records of a particular class that have been
classified to the same class to the total number of records that
belong to the category if the same class in the dataset. As an
example, in our use case, recall can be defined as the ratio of
the number of records from the category CPU_Utilization
that are classified to CPU_Utilization by the model to the
total number of records that belong to the category CPU_
Utilization in the training dataset. Mathematically, it can
be defined as follows:

Recall = Number of True Positive/(Number of True
Positive + Number of False Negative)

where, True Positive, False Positive, and False Negative
can be defined as follows:

* True Positive: The number of records for the
category CPU_Utilization from the dataset
that have been classified to the category CPU_
Utilization by the model.

» False Positive: The number of records that have
been classified incorrectly to the category CPU_
utilization by the model.

» False Negative: The number of records that
should have been classified to the category CPU_
Utilization by the model, but these have been
classified incorrectly to another category such as
Memory_Utilization and Password_Reset by
model.

The confidence score plays a major role in evaluating the performance
of a classification model. It is a probabilistic score that tells us how
much confident the model is in categorizing an issue or query
from the user to a particular category. As an example, for an issue
description such as CPU utilization is high the model categorizes
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it into category CPU_Utilization with a confidence score of 0.98.
It means that the model is 98% sure that the given issue description
belongs to the category CPU_Utilization. It can take any value
between 0 and 1.

However, an analyst or a data scientist has to define after what value
of the confidence score for a query or an issue description should be
considered as relevant. This value of confidence score is known as
the Threshold value. It can take any value between 0 and 1; and all
the predictions from the model with confidence score greater than
threshold value are considered as relevant. As an example, if the
threshold value is 0.70, then all the predictions from the model with
the confidence score greater than 0.70 will be considered as relevant
else considered as irrelevant.

The selection of the threshold value must be done with utmost care
to avoid any negative impact on the performance of a model. As an
example, if you choose large value of the threshold value near to 1,
then most of the issues or queries that belongs to the category CPU_
Utilization will be classified to other categories in our dataset.
This increases False Negative that will have a negative impact on
the recall. However, if you choose a low value of the threshold value
near to 0, then most of the issues or queries that don’t belong to the
category CPU_Utilization will be classified to the category CPU_
Utilization in our dataset. This increases False Positive that will
have a negative impact on the precision.

As you can see, precision and recall has a trade-off with each other.
As soon as the recall increases, precision decreases and vice-versa.
It is completely dependent on the business requirement which one,
i.e. precision or recall, to prioritize. However, our use case is an Issue
Categorization system, where we want the model to classify an issue
or a query to correct the category in most of the cases. Therefore, we
would prefer precision over recall, but we will not compromise more
on recall as well. Thus, every use case is a balancing act between
precision and recall using the confidence score.

However, an AutoML Natural Language service provides a feature
to change the threshold value known as the confidence threshold
score bar. It helps an analyst or a data scientist to see how recall and
precision will affect with changes in the threshold value as shown
in the following Figure 3.14. For our use case, we have selected the
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threshold value as 0.52, as this gives a decent value of recall and
precision, which is acceptable for our use case.

D et X | G hierachicaltopic modeling + 1 X | [ Topic Modeling In NLP.With = X | €) Ranking Answers by Hierarchic X [=] Natural Langusge - DnyiceTes: X - 8 X
< C @ consolecloud atural-language/locations/us-central1/datasets/ TCN9 1182268394021847 elld=TCN4371748391990853632, tetproje.. o @ Q % # @ O
Google Cloud Platform 8 DryiceTest v Q@ Search products and resources
[E Natural Language < untitled_1600775346056 1ls VIEW LABEL STATS & EXPORT DATA
. IMPORT ITEMS TRAIN EVALUATE TEST & USE Single-label Classification
fi!  Dashboard
£ Datasets Model
classification_model - Confidence threshold —e 052
®  Models
= Filter
All labels All labels

100%

Test items 496
Precision @ 99.8% 2
Recall @ 99.6% H

Use the slder to see which confidence threshold works best for your
model on the precision-recall tradeoff curve.

Lear more about these metrics and graphs 0%
0% 100%

<

ﬂ QO Type here to search

Figure 3.14: Issue Categorization System — Model Evaluation

Model Prediction

Once the model has been trained and evaluated, you can check the
prediction from the model on a new query or issue by clicking on the
TEST & USE tab as shown in Figure 3.15:

< Ticket_Data 1l VIEW LABEL STATS & EXPORT DATA
IMPORT ITEMS TRAIN EVALUATE TEST & USE Single-label classification
Model
Ticket_Data_20200210052331 -
@  Themodel was deployed. You can test it now. REMOVE DEPLOYMENT

Test your model on new snippets or documents

Test your model on text or documents that capture the diversity of your expected inputs.
Learn more

(O select a PDF file on Cloud Storage
B s+ BROWSE

@ Input text below

Figure 3.15: Issue Categorization System — Model Prediction - 1

Define a query or an issue description as CPU Utilization is high
on server. Please suggest in the input text in the following field as
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shown in Figure 3.16. Next, click on the PREDICT button to see the
model results.

< Ticket_Data 1l VIEW LABEL STATS & EXPORT DATA

IMPORT ITEMS TRAIN EVALUATE TEST & USE Single-label classification

(O select a PDF file on Cloud Storage

B gsw* BROWSE

@ Input text below

System Utilization is high on server. Please suggest|

50948 characters remaining

Figure 3.16: Issue Categorization System — Model Prediction - 11

The prediction from the model for an issue description shows the
probability distribution amongst the three classes or categories with
the probability score as follows:

CPU _Utilization 1.0

Password_Reset 0.00

Memory_Utilization 0.00

Amongst these classes or categories, the CPU_Utilization is the only
one whose confidence score is greater than the threshold value i.e.
0.52. Hence, a query or an issue description is correctly classified to
the category CPU_Utilization by the model as shown in Figure 3.17.

D pof X | G hierachical topic modeling +

« > c o a raiian

x | [ Topic Modeling In NLR. With = X | @) Ranking Answers by Hisrarchic X [=] Preciced lsbs

central1/d

04;modelld=TCNA43717483;

= Google Cloud Platform s DryiceTest v Q  Search products and resources
[E] Natural Language < untitled_1600775346056 1l VIEW LABEL STATS & EXPORT DATA
. IMPORT ITEMS TRAIN EVALUATE TEST & USE Single-label Classification
¥i% Deshboord S T _
= Datasets N
Predicted labels
®  Models
CPU_UNiIiZa. mmmn 1,00
" N 000 CPU Utilization is high on server. Please suggest
Memory_U
Password_ 00
<
ﬂoTypeheretosearch BN i © fepl v B ma 9 M @ D W £ AGm® Fdx

101 AM
3200 B

Figure 3.17: Issue Categorization System — Model Prediction Result
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REST API configuration

Now, consider a scenario where you want to expose this model to an
external application. As an example, an organization is working on
the development of an Automated Issue Assignation System, where
one step is to categorize a user’s issue or query into a particular
category. Once the category has been identified then the issue or
query will be assigned to the concerned person in the support team
of an organization.

Now, in order to use this feature in an Issue Assignation system, the
Issue Categorization model has to be exposed as a REST API such that
whenever a user submits his query or an issue, it will make an API
call to fetch a relevant category for that query or issue description. It
involves the following steps:

¢ Creation of service account for accessing an AutoML Natural
Language Service

¢ Installation and configuration of Google Cloud SDK

e Code development, to get the model prediction for a query or
an issue description

e Create REST API to get the model prediction

Follow the following steps to create a service account for accessing
an AutoML Natural Language Service:

1. Go to URL https://cloud.google.com/ and login with your
credentials.

2. Select the option IAM & admin from the left side navigation
menu
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3. Then, click on the service accounts link as shown in Figure
3.18:

Google Cloud Platform &

#  Home Ice accounts
'\2 Marketplace o3 admin-terraform
N ics
& Billing 1AM
Identity & Organisation
API  APls & Services > |
Policy troubleshooter
L]
T Support > Organisation policies LE
Quotas <
O AM&admin > jice
Service accounts
@ Getting started |
- g Labels b
per
\ , Security > Settings [
ryic
Privacy & Security vice
COMPUTE -
’ Cryptographic keys -ept
«@- App Engine > Identity-Aware Proxy ||
Ddr
Rol i
{£f  Compute Engine > oles e

Figure 3.18: IAM Service Account Creation

You will be redirected to a page as shown in Figure 3.19:

Google Cloud Platform

O AM&admin Service accounts + CREATESERVICEACCOUNT i DELETE SHOW INFO PANEL
Y . !
Service accounts for project ' EEEE_—_——..
©  Identity & Organisation A service account represents a Google Cloud service identity, such as code running on Compute Engine VMs, App Engine apps, or systems runing outside Google. Learm more
R Policy troubleshooter
T Fiter table ) m
B Organisation policies [m = status Name 4 Description Key ID Actions
&  Quotss O & g et ) feortforine Nokeys
JUTI b vkl fanlive
8 sewviceaccounts sl L
srajucts for te
Q@  Labeis e ~apnm
“Joud Function

Figure 3.19: List of Service Accounts
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4. click on the CREATE SERVICE ACCOUNT link and provide the
following details:

e Service account name: Defines name of the service
account

e Service account ID: Defines ID of the service
account

e Service account Description: Defines the
description for this service account.

5. Then, click on the CREATE button as shown in Figure 3.20:

Create service account

o Service account details — e Grant this service account access to the project (optional) —

Service account details

Service account name
Display name for this service account
Service account 1D X C

ce account description

what this service account will do

CREATE CANCEL

Figure 3.20: Define details for new Account

6. After the creation of the service account, it will be listed in the
service account page as shown in Figure 3.21.

7. Now, go to the Action column and select an option Create
Key after clicking on the burger menu against recently created
service account as shown in the following figure.
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8. Then, select the Key type as JSON and click on the Create
button. It will automatically download the key file in your

system.
Service accounts for project 'DrylcePQOC’
A service acoount represents a Google Cloud service identit
0O Emai Status
O o el pregegslperp [

FRFRI PR It [l ] -0 i

= wlohijw el L ryicepa- []
DAY AT s RSy anl e

Name P

y, such as code running on Compute Engine ¥Ms, App Engine apps, of systems running outside Google. Leam more

@ m

Deseription Key ID Actions

No keys
Edit
Disable
Create key

! Delete

Figure 3.21: IAM Service Accounts List

With this, we are done with the creation of the service account for
using an AutoML Natural Language service via Google Cloud SDK.
Next, please follow the following steps to install and configure
python SDK of Google Cloud:

1. Pre-requisite: Python 3.6.x and Pip are required to be installed

in your system.

2. Go to URL https://cloud.google.com/sdk/docs/downloads-
versioned-archives and download the archive relevant to
your platform as shown in Figure 3.22. For this book, we will

go with Windows platform.

Note: To check version of windows, go to Control Panel |
System | System Type and download corresponding versions

as shown in Figure 3.22.

Platform Package

Linux 64-bit google-cloud-sdk-280.0.0-linux-
(xB6_64) XB6_64.tar.gz

Linux 32-bit google-cloud-sdk-280.0.0-linux-
(x86) XB6.tar.gz

mac0S 64-bit google-cloud-sdk-280.0.0-darwin-
(xB6_64) XB6_64.tar.gz

mac0S 32-bit google-cloud-sdk-280.0.0-darwin-
(x86) XB6.tar.gz

Windows 64-bit google-cloud-sdk-280.0.0-
(xB6_64) windows-x86_64.zip

Windows 64-bit google-cloud-sdk-280.0.0-

(xB86_64) with Python  windows-x86_64-bundled-

Size

56.3 MB

54.5MB

49.0 MB

47.9 MB

2351

MB

273.5
MB

SHA256 Checksum

11950f1db216ec7dc3abaf80722fb80518c38
€279bd76b6924326fe660c209cf

dfc2bc5d016e1c20d43c7bed2f5be3063c31b
924971598838978fbe25d6ac341

€9554507bc217a503b42bef7dfa72179bae57
ad7ede696af4205c50b373d3576

50c80701e1307ccdBe78fba34d34cecdd6cf2
4ee0a7ef30cef260c72676c0980

c435ba88987021aa6834b26085c75619a394
281a6e6b63c4aBd2dbc696fae795

401¢cdc179b25785cbe02181aaa2750bcad01
5c378b6cbf05af14526eaea47946

Figure 3.22: Download SDK
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3. Then, extract the downloaded archive file to any location on
your file system

4. Launch the google-cloud-sdk\install.bat script and
follow the installation instructions

5. Open the command prompt and go to the folder or path
where the extracted folder with a name google-cloud-sdk
is present

6. Run the following command:
Install.bat

This will install all the required command line tools necessary
to work with any resource of Google Cloud platform.

B C\Windeows\System 3N emd.exe - installbat

Figure 3.23: Install SDK

7. After the installation of Google cloud SDK, we need to
initialize SDK using the gcloud init command. It performs
the following:

e Authorizes cloud SDK to use your account to access
Google Cloud Platform

e Setup cloud SDK configuration and setup the base
properties such as the current project, Google compute
engine region, and zone

8. Open the command prompt and run the following command:
gcloud init
This will initialize a new configuration with the default

values. To change the configuration, select either one of the
following options as shown in Figure 3.24:

* Re-initialize this configuration[default] with new
settings.
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¢ Create a new configuration
CAWINDOWS\SYSTEM3 2N cmid.exe - gcloud init

through the ifiguration of gcl

from your current configuration [default] are:

Figure 3.24: SDK Configuration —Select Configuration

9. Next, it prompts you with two following options for the
account login as shown in Figure 3.25:

e Login with a new account

* <Name of logged-in account>

10. If you want to use the previously logged-in settings, then
select the same otherwise login with a new account.

11.  Then, it sets an account related properties in configuration to
the specified account.

EE C\WINDOWS\SYSTEM32\emid. exe

Choose the account you would like to use to perform operations for
F ration

[1] ez =7
[2] Log in with a new account
Please enter your numeric choice: 1

Figure 3.25: SDK Configuration - Login
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Next, it shows list of all projects associated with selected
account as shown in Figure 3.26.

Bl CAWINDOWS\SYSTEM3Z\cmd.exe

~ text value (m actly match list

Figure 3.26: SDK Configuration —Select Project

1. However, you have an option to create a new project or select
an existing one. For this book, we will go with the already
created project. Please enter the numeric 1 to proceed.

2. Next, it will prompt you to select the values for regions and
zones as shown in Figure 3.27.

B COWINDOWSSYSTEMID crnd, exe - goloud init
i

Figure 3.27: SDK Configuration —Select Region
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Once completed, it shows a message that your Google Cloud SDK is
configured and ready to use. It also shows the current configuration
of the selected project.

BN C:\WINDOWS\SYSTEM32\cmd.exe

- by default

default
default
* Compute Engine commands will use zone ° & ¢ by default

Figure 3.28: SDK Configuration - Confirmation

With this, we are done with the setup of SDK of Google cloud.
Next, we will see how model prediction can be accessed or fetched
programmatically in Python. Please follow the following steps to
configure the code to test the deployed model.

Note: The complete codebase for this exercise can be
downloaded from GitHub URL https://github.com/automl-
book/AutoML/blob/master/chapter%?203/automl_book.py.

1. Import automl package from google.cloud library

2. Define the values for following parameters:
e project_id: Define the value as automlgcp
e model_id: Define value as "TCN14567890876540944'

e content: Define the text that needs to be classified i.e.
"System Utilization is high on server. Please
suggest”

from google.cloud import automl

project_id = automlgcp
model id = 'TCN14567890876540944'
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issue_description= "System Utilization is high
on server. Please Suggest "

Note: You need to define a value of your project-id as per your
configured project, and model_id will be the id of your trained
model.

3.

Create an instance of automl.PredictionServiceClient
class This class enables the Python code to make remote calls
to AutoML services that maps to Google Cloud APL

Next, call a functionmodel path withmodel id, project_
id and Google Compute engine zone value as 'us-centrall'

Set the content type of issue description as text/plain to
generate snippets to be sent via APIs as follows:

prediction_obj = automl.PredictionServiceClient()

# Retrieves path of the model
model_details = automl.AutoMlClient.model_path(

project_id, 'us-centrall', model_id

issue_snippet = automl.TextSnippet(
content=issue_description,
mime_type="text/plain’)

payload_data = automl.ExamplePayload(text_
snippet=issue_snippet)

Now), call the predict method of AutoML with parameters as
model_details and payload_data. Here, model details
contains the information about model, whereas payload_
data contains details about the issue to be classified.

As the model provides multiple categories with their
probability distribution, you need to iterate through all
responses and accordingly show them to the user. In other
words, you can either show the category with the highest
confidence score or all the categories with their respective
confidence score as follows:
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predicted_response = prediction_obj.
predict(name=model_details, payload=payload_data)

for result_payload in predicted_response.payload:
print(u'Predicted class name: {}'.format(
result_payload.display_name))
print(u'Predicted class score: {}'.format(

result_payload.classification.score))

The complete code is as follows:

from google.cloud import automl

project_id = €automlgcp’
model_id = ' 'TCN14567890876540944"

issue_description = "System Utilization is high on
server. Please Suggest "

def classification():

prediction_obj = automl.
PredictionServiceClient()

# Retrieves path of the model

model_details = automl.AutoMlClient.model_
path(project_id, 'us-centrall', model_id)

issue_snippet = automl.TextSnippet(content=issue_
description,

mime_type="text/plain')

payload_data = automl.ExamplePayload(text_
snippet=issue_snippet)

predicted_response = prediction_obj.
predict(name=model_details, payload= payload_data)

for result_payload in predicted_response.payload:
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print(u'Predicted class name: {}'.format(result_
payload.display_name))

print(u'Predicted class score: {}'.format(result_
payload.classification.score))

if __name__==’__main__’:
classification()

9. Set an environment variable GOOGLE_APPLICATION_
CREDENTIALS value to the location of the downloaded service
account key file.

10. Open the command prompt and run the following command:
set GOOGLE_APPLICATION_CREDENTIALS=key-file-path

where the key-file-path is the path of the file containing
the details of the service account for an AutoML Natural
Language service created earlier as shown in Figure 3.29.

I Google Choud SDK Shell _ o -

Figure 3.29: Environment Configuration

11. Now, open the command prompt and run the following
command to execute the previously discussed Python code.

python automl_book.py
12. It shows a list of categories along with the confidence score
for an issue description as shown in Figure 3.30.

antomlgcplinstance-1: pyvthonl automl book.py

Predicted class name:

1 A

Predicted class score: 0.890
Predicted class name: Memor
Predicted class score: 0.08
Pred ed class name: Passw
Predicted class score: 0.003B7052

Figure 3.30: Issue Categorization System — Model Prediction using Python

We have seen how prediction from model that have been trained on
an AutoML Natural Language service can be accessed by Python
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code. Next, we will see how this feature can be released as a REST
API such that any application that can consume REST API can easily
integrate with this and use the feature of categorization of a user’s
issue or query.

In order to create REST API for an Issue Categorization System, flask-
restful package needs to be installed. Let us follow the following
steps to configure flask-restful in Windows as well Linux operating
system.

For Windows server

Pre-requisite: Python 3.6.x and Pip needs to be installed in your
system.

Creation of REST API:
Step 1: Install Flask-RESTful

Open the command prompt and run the following command as
shown in Figure 3.31:

pip install flask-restful

B C\Windows\System32\cmd.exe - [m] X

Figure 3.31: Installation of flask-restful

This will install the package and all their dependencies.
Step 2: build the REST API

Go to GitHub URL https://github.com/automl-book/AutoML/blob/
master/chapter%?203/and download file named as classification.py

Step 3: Deploy Flask REST API
Using flask, deploy the REST API service.
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Open the command prompt and run the following command as
shown in Figure 3.32:

python classification.py

(- =

Figure 3.32: Service Deployment

Step 4: Response from REST API
Now, service has been hosted in the following URL
http://127.0.0.1:5000/classification

Now, you can use URL as generated in previous steps i.e.
http://127.0.0.1:5000/classification. Flask is good for development of
an environment but not for production. For Production environment,
REST API should be hosted on Apache Server. Refer the following
URL to deploy a service on Apache Server in Windows.

https://medium.com/@madumalt/flask-app-deployment-in-
windows-apache-server-mod-wsgi-82elcfeeb2ed

For Linux server

Pre-requisite: Python 3.6.x and Pip needs to be installed in your
system.

Creation of REST API:
Step 1: install Flask-RESTful
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To install, run the following command on Linux Shell as shown in
Figure 3.33:

$ pip install flask-restful

Figure 3.33: Installation of flask-restful

This will install the package and their dependencies.
Step 2: Build the REST API

Go to GitHub URL https://github.com/automl-book/AutoML/blob/
master/chapter%203/ and download file named as classification.

Py.-
Step 3: deploy Flask REST API

To deploy the REST API service using flask, run the following
command on Linux Shell as shown in Figure 3.34:

$ python3classification.py

Figure 3.34: Service Deployment — An Example

Step 4: Using REST API
Now, the service has been hosted in the following URL:
http://127.0.0.1:5000/classification
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Now, you can use the URL as generated in the previous step i.e.
http://127.0.0.1:5000/classification. Flask is good for the development
of an environment but not for production. For Production
environment, API should be hosted on Apache Server. Refer the
following URL to deploy a service on Apache Server in Linux.

https://www.codementor.io/abhishake/minimal-apache-
configuration-for-deploying-a-flask-app-ubuntu-18-04-phu50a7ft

Please follow the following steps to release the feature of an Issue
Categorization system as REST API.

Note: The complete codebase for this exercise can be
downloaded from Github URL https://github.com/automl-
book/AutoML/blob/master/chapter%203/classification.py.

1
2.

Create a file with the name classification.py.

Copy the following code and paste in the file created in the
first step and save it.

from google.cloud import automl
from flask import Flask, request

import json
app=Flask(__name__)

@app.route ("/classification”, methods=[ 'POST'])
def Classification():
try:
json_data = request.get_json(force=True)
project_id = json_data["project_id"]
location = json_data["location"]
model_id = json_data["model_id"]
issue_description = json_data["content"]
result = []

prediction_obj = automl.
PredictionServiceClient()

model_details = automl.AutoMlClient.model_
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path(
project_id, location, model_id)

issue_snippet = automl.TextSnippet(content=issue_
description,mime_type="'text/plain’)

payload_data = automl.ExamplePayload(text_
snippet=issue_snippet)

predicted_response = prediction_obj.
predict(name=model_details, payload=payload_data)

classification = {}

for result_payload in predicted_response.
payload:

classification["Class_Name"] = result_
payload.display_name

classification["Class_Score"] = result_
payload.classification.score

result.append(classification)

result = {"results" : result}

result = json.dumps(result)
return result
except Exception as e:

return {"Error": str(e)}

if __name__ == "__main__

app.run(port="5000")
The previous code processes an input passed to an API, calls
a function to fetch prediction from the model that has been
trained in an AutoML Natural Language Service, and sends
the response as an API response.
Open the command prompt and run the following command:
python classification.py
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This will start a service on http://127.0.0.1:5000/as follows:

Use a produ

* Debug mo
* Running

Figure 3.35: Service Deployment - Issue Categorization System

1. Now, to test the REST API, we are going to use Postman. This
is a REST API client that is used to test the API URL.

2. First, go to the following URL to download the Postman Tool
and install on your system:

https://www.postman.com/downloads/.
3. After the installation, Test the foll owing URL and sample
request JSON that is being sent to Classification API and

response JSON that will be received as a response from the
APT as shown in the following Figure 3.36:

URL: http://127.0.0.1:5000/classification
Classification System — Sample Input Request json:
{

"project_id": “automlgcp”,

"location": "us-centrall”,

"model_id": "TCN1928046415863349248",

"content": "System Utilization is high on server.
Please Suggest "

}

Classification System - Sample Output Response json:

{

"results": [

{

"class": "CPU_Utilization",
"score": 0.906587421890735

}s
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"class": "Password_Reset",
"score": 0.08454164862632751

"class": "Memory Utilization",
"score": 0.008870942518115044

POST _:589'3.-"classificazion

%
"project_id": “"automlgcp",

2
3 "model_: "TCN43717483919983853632",
4 “content": "System Utilization is high on server. Please Suggest I
5 1
Body 2 lez = {4)
Prety T JSON =
L K
“5 "results™: [
3ir {
4 "Class_MName": "CPU_Utilization",
3] "Class_Score": 8.9065874218946735
6 Iy
2 {
8 "Class_Name": "Memory_Utilization™,
‘. "Class_Score": 8.88454164562632751
18 ¥
11 = {
12 "Class_Mame": "Password_Reset”,
13 "Class_Scors": B.803878042518115844
14 3
15 1
16 ¥

Figure 3.36: Issue Categorization System —API Results

This brings us to a conclusion of the Categorization system use case.
Lets now move forward with other use cases starting with Sentiment
Analysis System.

Sentiment Analysis System

Sentiment Analysis is a sub-field of NLP that identifies opinion or
sentiments of the given text across blogs, reviews, news, and so on.
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It actually helps organization to know about the acceptance of their
products and their sentiments toward the same. It is also useful to
identify the hate text on social media sites such as Twitter to know
the population’s mood toward the topic of discussion.

Sentiment Analysis can even help companies to plan for their
product releases based on the mood and sentiment of people from
particular demographics. Sentiment analysis is being used majorly
in conversation systems to generate a response to be given to a user
based on the way a question or query has been raised by the user.

Therefore, in this book, we will walk through the implementation
of Sentiment Analysis system using the state-of-art technologies
used by Google AutoML. For this use case, we have used Natural
Language service of AutoML, where we will upload our labeled
dataset that contains sentences and corresponding sentiment value.
Here, AutoML will automatically find the best model architecture
using Google’s architecture search algorithms to be used based on our
dataset. The following are the complete details of the implementation
of such a system.

This implementation would also go through the stages of AutoML
workflow as follows:

* Prepare Training Data: In this step, feature engineering
such as missing value imputation, data validation, one-hot
encoding, and more will be performed over a raw dataset.

e Create and import Dataset: In this step, prepared data will
be uploaded, and a dataset will be created as required by
AutoML. This dataset works as an input to model the training
process.

e Model Training: In this step, AutoML uses Google’s
architecture search algorithm to analyze your dataset and
find the best model to train.

e Evaluate Model: In this step, trained model will be evaluated
over the test data. If it is not efficient, then it also offers you
to train the different version of the same model but with
different values of hyperparameter.

* Model Prediction: In this step, the trained model will be
used to predict the category for any new issue or query
raised by the user. Applications such as an Automated Ticket
Assignation System can be integrated with it to predict the
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category for any new issue or query and accordingly assign it
to a relevant support person.

Data Analysis

For this implementation, the sentiment analysis dataset (Name:
train.csv) can be downloaded from GitHub URL https://github.
com/automl-book/AutoML/tree/master/chapter%203.

This dataset has phrases that have been extracted from Rotten
Tomatoes dataset. In this dataset, each individual sentence has
already been converted into multiple phrases. These phrases have
been labeled with various sentiment values such as negative, positive,
neutral, and so on. However, each and every phrase belongs to only
single sentiment value. A dataset contains 29999 records which
are distributed across five categories, namely, negative, somewhat
negative, neutral, somewhat positive and positive. Each of these
categories has been converted into their numeric form as follows:

¢ 0: Negative

e 1:Somewhat negative
e 2:Neutral

e 3:Somewhat positive
e 4: Positive

Each class is having different number of variations as shown in the
following table:

Classes No of Variations
negative 1102
somewhat negative 4815
neutral 16536
somewhat positive 6016
positive 1530
Total 29999
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However, as per the best practices, the training data should contain
equal or nearly equal number of variations for each class. But in our
use case, each class contains different number of variations. As the
class neutral has almost 15 times a greater number of phrases as
compared with the class negative. Therefore, this dataset suffers from
class-imbalance problem and would degrade the performance of class
with a smaller number of variations. However, AutoML identifies
class imbalance problem in a dataset and solves it automatically. This
is an important feature of AutoML, where it provides a guided way
to engineers to evaluate and solve the data science problems. For this
use case, we will upload the dataset file into Google Cloud Storage
bucket that has been created in Chapter 2 as shown in Figure 3.37:

automl-3

OBJECTS CONFIGURATION PERMISSIONS RETENTION LIFECYCLE

Buckets » automl-3 > data IO
UPLOAD FILES UPLOAD FOLDER CREATE FOLDER MANAGE HOLDS DELETE
= Filter by object or folder name prefix

O Mame Size Type Created time @ Storage class Last modified Public access @

B8 trarr 1.1 MB application/vnd. ms-excel Sep 21, 2020, ... Standard Sep 21, 20.. Not public
Figure 3.37: Sentiment Analysis —Data Upload

In the next section, we will see how the previously discussed dataset
will be used to build the sentiment analysis System using an AutoML
Natural Language Service on Google Cloud Platform.

Model Training

Initially, we will first enable an AutoML Natural Language service
from Google cloud. Follow the following steps to enable an AutoML
Natural Language service:

1. Go to URL https://cloud.google.com/ and login with your
credentials.
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2. Click on the burger Menu and select the Natural Language
option as shown in Figure 3.38:

= Google Cloud Platform &=

ﬁ Home

ARTIFICIAL INTELLIGENCE

£2 DataLabelling >
£ Alplatform >
[E Natural Language

cc  Recommendations Al

'|= Tables >
Clli Talent Solution >
Ay Translation >
<> Vision >
230 Video Intelligence I

Figure 3.38: Sentiment Analysis — Natural Language Service

3. This will populate the screen as shown in Figure 3.39. Next,
click on the ENABLE API button to enable the AutoML Natural
Language APIL

[El Natural Language

Regteda,

Natural language models

Thain b cosnerm mesdel uting yer we Sath 4t of bt decumants and aenstations
Mo skt Leainitg fugeunce meuaied Learn mire
T et started, anable e SAGML AP

EMARLE APY

Figure 3.39: Sentiment Analysis — Natural Language Models
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4. Once enabled, it will populate the screen that shows details
of features provided by Natural Language Service as shown
in Figure 3.40.

[E] Natural Language Dashboard

1§ Dashboard

Natural Language products

AutoML text and document classification

Build a machine learning madel to classify content into a
custom set of categories. Learn more

> Get started

AutoML entity extraction

Build a machine-learning model to recognise a custom set
of entities within text and documents. Learn more

> Get started

AutoML sentiment analysis

Build a machine-learning model to analyse attitudes within
text and documents. Learn more

> Getstarted

Cloud Natural Language API
Use Google's proven pre-trained model for general content

classification; sentiment analysis; entity recognition; and
more.

> View API docs

Figure 3.40: Sentiment Analysis — Natural Language Products

5. Next, click on the card named as AutoML sentiment analysis
option to build a custom model for Sentiment Analysis
System. You will be redirected to a Dataset page as shown
in Figure 3.41:

Google Cloud Platform 2

Models

[E] Natural Language Data sets NEW DATA SET c
51 Dashbosrd Location
Global - @
i Datasets
. ® Neme LX) Location  Objective Total Labeled  Lastupdated & Status

items items

Figure 3.41: Sentiment Analysis — Dataset

6. Now, to upload your dataset click on the NEW DATA SET link
and you will be redirected to a screen as shown in Figure 3.42.

7. Next, enter the values for various fields as follows:
e Data set name: name of the dataset.
e For this use case, value will be Sentiment.

e Location: define the geographical region in which
your data will be stored

*  You can select Global or European. For this use case,
select Global as a value of the location.
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* Model Objective: select model objective as Sentiment
Analysis

Create new dataset

A A= — a
N — — o

() Single-label Classi

Sentiment scale

The sentiment scale always begins with zero, but you can set your maximum sentiment
score. Please note this value cannot be modified later. Your dataset should contain text
items for all sentiment scores within this range.

Minimum sentiment score: 0

i 4 -
Maximum sentiment score:

CANCEL CREATE DATASET

Figure 3.42: Sentiment Analysis — Create Dataset

8. Sentiment analysis of an AutoML Natural Language service
automatically selects the value of parameter minimum
sentiment score as 0. However, the value of parameter
maximum sentiment score should be equal to the largest
number assigned to any category in your dataset. In our case,
the category positive has been mapped to Value 4. Therefore,
the value of this field will be 4. Please note that these values
cannot be modified later on. If you want to modify them,
then you need to go with the new configuration of sentiment
analysis feature with the new values.

9. C(lick on the CREATE DATA SET button.

10. Next, AutoML provides the following three options
depending upon your dataset file format and location to
upload.

e Upload CSV file from your system: If the dataset
file is in CSV format and resides in your system, then
select this option.

e Upload TXT, PDF, or ZIP files from your system:
If the dataset file is in TXT, PDF, or ZIP format and
resides in your system, then select this option.
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11.

e Select a CSV file from cloud storage: If the
dataset file is in CSV format and stored in cloud storage
service such as object storage. For this use case, we will
go with this option.

Then, choose Select a CSV file on Cloud Storage and
click on the IMPORT button as shown in Figure 3.43:

€< Sentiment 1ls VIEW LABEL STATS & EXPORT DATA

IMPORT ITEMS TRAIN EVALUATE TEST & USE

() Upload TXT, TIFF, PDF or ZIP file(s) from your computer

@ selecta CsV file on Cloud Storage

Select a CSV file on Cloud Storage

If you haven't already, upload your files to Cloud storage (. The CSV file should be a list
of GCS paths (or the text itself) and their labels, if available. Opticnally, you can specify
the TRAIN, VALIDATE, or TEST split.

Sample CSV format

[set Jitem_path[,score]
[set]document_content],score]
gs.//My_Bucket/samplel.txt,0
gs.//My_Bucket/sampleZ pdf,2

Lorem ipsum dolor sit amet,0

gs:f *
automl-3/data/train.csv BROWSE
IMPORT

Figure 3.43: Sentiment Analysis — File Upload

Once you click on the IMPORT button, then you will be able to
see the progress of your dataset as shown in Figure 3.44:

€ Sentiment I1x VIEW LABEL STATS & EXPORT DATA

IMPORT ITEMS TRAIN EVALUATE TEST & USE

Processing text items

This can take several minutes or more. You will be emailed once importing has completed

CANCEL

Figure 3.44: Sentiment Analysis — File Upload Process
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12.  This process may take a few minutes. You will receive an email
on your registered email address associated with your project
as soon as the upload process has successfully completed.

13.  Once the data has been successfully uploaded, then you can
see the following details about your dataset under ITEMS tab
as shown in Figure 3.45.

ALL items: shows the total number of records in your
dataset

Labeled: shows the total number of labeled records in
your dataset

In our dataset, all records or variations has already been
labeled. So, it is equal to All items.

Unlabeled: shows the total number of unlabeled
records in your dataset

In our dataset, not even a single record is unlabeled. So, its
value is 0.

°

L]

°

IMPORT ITEMS

All items 29999
Scored 29999
Unscored 0
Training 24,000
validation 300
Testing 2998

= Filter labels

Training: Shows the number of records to be used
during the model training

Validation: Shows the number of records to be used
during the validation step

Testing: Shows the number of records to be used
during the testing phase

TRAIN EVALUATE TEST & USE Sentiment Analysis

Filter table (2]
ttems Sentiment score

tedious and turgid !

tic kid who chooses to champion his ultimately losir

changes that fit it well rather than

any real raw emotion

y Behan but leave everyane else yawning with admiration

hwork : an uneasy marriage of Louis Begley -« novel -LRB- About Schmidt...

ved in the enterprise

S I I I P

of movie that you only need to watch for about thirty secands before you say to you.

an has gone before

o o o o o o o A o Y

Figure 3.45: Sentiment Analysis — Data Analysis
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14.

15.

During the training of Artificial Intelligence models, the
dataset has to be divided into three parts, namely, training,
validation, and test set. By default, an AutoML Natural
Language service uses 80% of the records for training, 10% for
validation set, and the rest 10% for testing the set. It also takes
care of the class imbalance problem (if any) in the dataset.

Next, click on the TRAIN tab to start the model training
process as shown in Figure 3.46:

Train new model

View training pricing guide

Model name
[ Sentiment_model|

Deploy model after training finishes

START TRAINING CANCEL

16.

17.

Figure 3.46: Sentiment Analysis — Model Training

Define the Model name as Sentiment_model and check the
box against the Deploy model after the training gets finished
if you want to deploy the model automatically as soon as the
training is finished.

Then, click on the START TRAINING button to start model
training.
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18. The model training process may take several hours depending
on the size of the dataset. You will receive an email on your
registered email address as soon as the model training is
completed as shown in the Figure 3.47:

AutoML Natural Language finished training model "Sentiment_model" nbox

AutoML Natural Language =noreply-automl-ni@googie com= 1:45 AM (10 hours

Hello AutoML Natural Language Customer,
AutoML Natural Language finished training model "Sentiment_model".
Additional Details:
Resource Name:
models/TST8344486213285052416
Operation State: Succeeded

To continue your progress, go back to your medel using

Sincerely,
The Google Cloud Al Team

Figure 3.47: Sentiment Analysis — Model Training Confirmation

Please note that AutoML automatically uses the validation set to
optimize the model hyperparameter values and selects the best
model for you. You will receive an email only once AutoML has
trained the best model for you.

Click on the link mentioned in the email body that you must
have received after the completion of model training to check the
performance of the model. As mentioned earlier, AutoML uses the
test dataset to evaluate the performance and quality of the trained
model.
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Model Evaluation

1. Go to the TRAIN tab to check your model’s performance once
the training has been completed as shown in Figure 3.48.

& Sentiment 1l VIEW LABEL STATS & EXPORT DATA
IMPORT ITEMS TRAIN EVALUATE TEST & USE
START TRAINING
o Cloud

Sentiment_model

Precision @ Recall @
69.71% 69.71%
Model ID TST8344486213285052416
Created Sep 21,2020,9:18:13 PM

= See full evaluation

Figure 3.48: Sentiment Analysis — Model Training Results

2. Clickonthe See full evaluationlink or go to the EVALUATE
tab to see the model’s performance for each of the sentiment
category as shown in Figure 3.48.

3. Sentiment analysis model is also being evaluated using the
performance metrics such as precision and recall. We have
already discussed these two things in detail in our previous
use case.

4. For sentiment analysis, AutoML automatically selects the
confidence threshold value to calculate recall and precision
based on their best model and nature of the data. In this use
case, precision and recall both are equal to 69.7%. It means
that our trained model is almost 70% precise while doing
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prediction and able to classify 70% of data points i.e. phrases
correctly.
& Sentiment 1l VIEWLABELSTATS & EXPORT DATA
IMPORT ITEMS TRAIN EVALUATE TEST & USE
Model
Sentiment_model -
= Filter labels
All sentiment SCOres  m—
Sentiment score (e 00\'?’ F = 0&" 0@,”’ <~ OLQ,"‘
& o o o & &
Sentiment score 1 s y c',@b & @({x @\\ & 1 &
F & &F &F & F
Sentiment score 2 s— Actual score Q_‘ o o o & o
Sentiment score 3 s Sentiment score 0 33% - 5%
Sentimentscore 4 === Sentiment score 1 8% 57%  35% 0%
Sentiment score 2 0% 9% 83% 8% 0%
Sentiment score 3 = 2% 32% 59% 8%

Sentiment score 4

Figure 3.49: Sentiment Analysis — Model Evaluation

5. The preceding matrix tells us how frequently each of the
sentiment label has been predicted correctly and incorrectly
by a model. This is being highlighted with a different color
coding as follows:

Blue, represents sentiment label that has been predicted
correctly by a model. This is being represented in
intensity of color. As an example, for label Sentiment
score 2, intensity of color blue is higher than for the
label Sentiment score 0, as former has been predicted
correctly for most of the cases than latter one.

Grey, represents sentiment label that has been predicted
incorrectly by a model. As an example, for the label
Sentiment score 0, intensity of color grey is higher
than for the label Sentiment score 2, as former has been
predicted incorrectly for most of the cases than latter
one.
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Model Prediction

Once the model has been trained and evaluated, you can check the
prediction from the model on a new query or issue by clicking on the
TEST & USE tab as shown in Figure 3.50.

IMPORT ITEMS TRAIN EVALUATE TEST & USE
Model

Sentiment_model -

@  The model was deployed. You can test it now.

Test your model on new snippets or documents

Test your model on text or documents that capture the diversity of your expected inputs.
Learn more

(O select afile on Cloud Storage

Baosw*

@® Input text below

An intermittently pleasing but mostly routine effort
Figure 3.50: Sentiment Analysis — Model Prediction

Define a query or phrase as An intermittently pleasing but
mostly routine effort in input text in the following field as
shown in Figure 3.50.

Next, click on the PREDICT button to see the model results.

As a query or feedback from a user is not showing that highly
positive sentiments from a user, that's why for this statement, model
has returned score as three i.e. somewhat positive.

Prediction results

Predicted score

3 An intermittently pleasing but mostly routine effort

Figure 3.51: Sentiment Analysis — Model Prediction Results



82 Up and Running Google AutoML and Al Platform

REST API configuration

Now, consider a scenario where you want to expose this model to
an external application. Next, consider a scenario where you need
to enable the sentiment analysis for the conversation system such
that our model can identify sentiments of a user based on a query or
response given by the user. This enables the conversation system to
respond back to the user based on the sentiments of a user.

Now, in order to use this feature in the conversation system, a
sentiment analysis model has to be exposed as a REST API such that
whenever a user submits his query or issue, it will make an API call
to identify the sentiments of a user. It involves following steps:

¢ Creation of service account for accessing an AutoML Natural
Language Service.

¢ Installation and configuration of Google Cloud SDK

¢ Code development to get a model prediction for a query or
an issue description.

¢ Create REST API to get a model prediction

However, we have already discussed about the service account
creation and Google Cloud SDK installation and configuration in our
previous use case. Therefore, we will go with the code development
and REST API creation for the sentiment analysis model. Please
follow the following steps to configure the code to test the deployed
model.

Note: The complete codebase for this exercise can be
downloaded from Github URL https://github.com/automl-
book/AutoML/blob/master/chapter%203/sentiment.py.

1. Import automl package from google.cloud library

2. Define the values for the following parameters:
e project_id: Define the value as automlgcp

e model_id: Define the value as
TST8344486213285052416

e content: Define the text for the sentiment analysis i.e.
An intermittently pleasing but mostly routine
effort

from google.cloud import automl
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project_id = €automlgcp’
model_id = 'TST8344486213285052416°

sentence= "Anintermittently pleasing but mostly
routine effort"

Note: You need to define the value of project-id as per your
configured project, and model_id will be the ID of your trained
model.

3.

Create an instance of automl.PredictionServiceClient
class. This class enables Python code to make remote calls to
AutoML services that maps to Google Cloud API.

Next, call a function model_path with model_id, project_
id and Google Compute engine zone value as us-centrall.

Set the content type of the issue description as “text/plain’ to
generate snippets to be sent via APIs as follows:

sentiment_prediction_model = automl.
PredictionServiceClient()

# Retrieves path of the model
model_details = automl.AutoMlClient.model_path(

project_id, 'us-centrall', model_id

sentence_snippet = automl.TextSnippet(
content=sentence,
mime_type="text/plain’)

payload_data = automl.ExamplePayload(text_
snippet=sentence_snippet)

Now, call a predict method of AutoML with parameters as
model_details and payload_data

Here, model_details contains the information about the
model while the payload_data contains details about the
sentence for which the sentiment needs to be identified.
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predicted_response = sentiment_prediction_model.
predict(name=model_details, payload=payload_data)

for payload_result in predicted_response.payload:

result = "Predicted sentiment score:{}".
format(payload_result.text_sentiment.sentiment)

return (result)
The complete code is as follows:

from google.cloud import automl

project_id = €‘automlgcp’
model_id = ' TST8344486213285052416°

sentence = "An intermittently pleasing but mostly
routine effort"

def predictSentiment():

sentiment_prediction_model = automl.
PredictionServiceClient()

# Retrieves path of the model
model_details = automl.AutoMlClient.model_path(
project_id, 'us-centrall’', model_id)

sentence_snippet = automl.
TextSnippet(content=sentence,

mime_type="text/plain')

payload_data = automl.ExamplePayload(text_
snippet=sentence_snippet)

predicted_response=sentiment_prediction_model.
predict (name=model_details, payload=payload_data)

for payload_result in predicted_response.payload:

result= "Predicted sentimentscore:{}".
format(payload_result.text_sentiment.sentiment)

return (result)

if __name__==’_ main__’:

predictSentiment()
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8. Set an environment variable GOOGLE_APPLICATION_
CREDENTIALS value to the location of the downloaded
service account key file.

9. Open the command prompt and run the following command:
set GOOGLE_APPLICATION_CREDENTIALS=key-file-path
where key-file-path is the path of the file containing

the details of the service account for an AutoML Natural
Language service created earlier.

Figure 3.52: Sentiment Analysis — Environment Readiness

10. Now, open the command prompt and run the following
command to execute the previously discussed Python code.

python3sentiment.py
11. Itshows anidentified sentiment score for a sentence as shown
in Figure 3.53.
U, _—
antomlgcp@instance-1:~/python codef python3 sentiment.py
{'Predicted sentiment score': 3}

1

antomlgecpfinstance-1:

Figure 3.53: Sentiment Analysis — Model Prediction using Python

We have seen how the prediction from the model that have been
trained on an AutoML Natural Language service can be accessed by
Python code. Next, we will see how this feature can be released as
a REST API such that any application that can consume REST API
can easily integrate with this and use the feature of the sentiment
analysis for sentences.

In order to create REST API for Sentiment Analysis System, flask-
restful package needs to be installed that we have already discussed
in our previous use case. Now, please follow the following steps to
release the features of the sentiment analysis system as REST APL

Note: The complete codebase for this exercise can be
downloaded from Github URL https://github.com/automl-
book/AutoML/blob/master/chapter%203/predict.py.
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Create a file with the name predict.py.

Copy the following code and paste in the file created the first
step and save it:

from google.cloud import automl

from flask import Flask, request

import json
app=Flask(__name__)

@app.route ("/sentiment"”, methods=[ 'POST'])
def predictSentiment():
try:

json_data = request.get_json(force=True)
project_id = json_data["project_id"]

model_id = json_data["model_id"]

sentence = json_data["content"]

result = []

sentiment_prediction_model = automl.
PredictionServiceClient()

# Retrieves path of the model

model_details = automl.AutoMlClient.
model_path(

project_id, 'us-centrall', model_id)
sentence_snippet = automl.TextSnippet(
content=sentence,
mime_type="'text/plain’)
payload_data = automl.ExamplePayload(text_
snippet=sentence_snippet)

predicted_response=sentiment_prediction_model.
predict (name=model_details, payload=payload_
data)

for payload_result in predicted_response.
payload:

result= "Predicted sentiment score: {}"
.format(payload_result.text_sentiment.sentiment)
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return (result)

except Exception as e:
return {"Error": str(e)}

if __name__ == "__main__

app.run(port="5000")
3. The preceding code processes an input passed to an API, calls
a function to fetch prediction from the model that has been

trained in an AutoML Natural Language Service, and sends
the response as an API response.

4. Open the command prompt and run the following command:
Python3 predict.py

This will start a service on http://127.0.0.1:5000/ as shown in
Figure 3.54.

antomlgcp@instance—i:n';f"tt““:"*es python3 predict.py
"predict™ (lazy loading)

Thi=z is a development server. Do not use it in a production deployment.

U on WSGI server instead.
* Debug mode: off
* Running on http://0.0.0.0:8000/ (Press CTRL+C to guit)

Figure 3.54: Service Deployment - Sentiment Analysis

5. Now, to test the REST API, we are going to use Postman. This
is a REST API client that is used to test the API URL.

6. First, go to the following URL to download the Postman Tool
and install on your system https://www.postman.com/
downloads/

7. After the installation, test the following URL and sample
request JSON that is being sent to the Classification API and
response JSON that will be received as a response from the
API as shown in the following Figure 3.55.

URL: http://127.0.0.1:5000/sentiment
Sentiment Analysis System — Sample Input Request json:

{
"project_id": “automlgcp”,
"model_id": "TCN1928046415863349248",
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"content"”: "An intermittently pleasing but mostly
routine effort"

Sentiment Analysis System — Sample Output Response
json:
“Predicted sentiment score”: 3
POST _:SCICIO;"seqtirr‘en:
(1) Body @
form-data x-www-form-urlencoded ® raw binary SON {applica
5' ‘l‘;‘?sje:t_ia": "automlzcpl,
3 "model 5T83444362132850852418",
4  "content An intermittently pleassing but mostly routine effort®
T
Body E 4)
Pretty  Ra JSOMN =
Ev i "Predicted sentiment score™: 3
3 1
Figure 3.55: Sentiment Analysis — Model Prediction using API
Conclusion

In this chapter, we have discussed about how an AutoML Natural
Language service can be used to train the custom model for an
Issue Categorization System and Sentiment Analysis System with
our dataset. We have also seen how features of this system can be
released as REST API to be used by other applications or systems. In
the next chapter, we will discuss on how Google’s Al Platform can be
used to train custom model developed by you.



CHAPTER 4

Google
AI Platform

oogle’s Al platform provides a framework for the developers and

data scientist to build an end-to-end machine learning pipeline.
It enables them to define their own algorithms or model architecture
or even code it for their own tasks and datasets. It uses TensorFlow,
a Google’s deep-learning library for custom model development. In
this chapter, we will explain how Google’s Al platform can be used
for training a custom model for tasks that can’t be implemented
using AutoML.

Structure

In this chapter, we will cover the following topics:

* Design and implementation of an Issue Categorization
system using Google’s Al platform

o Data analysis for an Issue Categorization system
0 Model training using Local Machine and Al platform

o REST API configuration to release the features of this
system for other applications
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Objectives

After studying this chapter, you should be able to:

e Understand how Google’s Al platform can be used for
training of machine learning models

e Understand how TensorFlow can be used to develop custom
machine learning model

e Understand how a machine learning model that has been
trained on Google’s Al platform can be used for prediction in
your application via REST API

Introduction

In the previous chapter, we discussed about how an AutoML
Natural Language service can be used for implementing various
tasks such as Single-Label Classification, Multi-Label Classification,
Entity Recognition, and Sentiment Analysis. AutoML also enables
you to train a custom model on a dataset provided by you. Here,
AutoML uses Google’s model architecture search algorithm to find
the best model according to your dataset. As an example, if you are
developing a text classification system, then you just need to provide
your dataset containing text along with their associated labels. Rest
is being done by an AutoML Natural Language service starting
from identification of model architecture to actual model training to
version of model that can be used in production.

However, model architecture search algorithm only searches through
repositories of models available with Google. What if you want to
include some custom features as well in your dataset? An AutoML
Natural Language service doesn’t allow you to modify your model
architecture. As an example, in our Issue Categorization System, we
want to generate embedding of tokens extracted from an issue or a
query description using GloVE embedding method, then we can’t do
that with AutoML. In this case, we can leverage Google’s Al platform,
where we can add this feature for our Issue Categorization System
that will be developed using TensorFlow.
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Design of an Issue Categorization
system using Google’s Al platform

In this section, we will cover an implementation of an Issue
Categorization system using Google’s Al platform. This is the same
use case that we have implemented in Chapter 3 using AutoML.

Google’s Al platform is quite flexible in terms of model training,
accessing training, validation and test dataset from various sources
such as BigQuery, and Cloud Storage service. Also, you can develop
and build models in your system, provided you have sufficient
computing resources available with you, alternatively you can train
it into Al platform directly.

In Chapter 3, we have seen how AutoML selects a model automatically
based on your dataset. However, with Google Al platform, we will
see how we can train a custom model for an Issue Categorization
system and use it to classify new issues or queries.

An end-to-end machine learning pipeline involves the following
steps:

e Data Gathering: It involves gathering required data from
various sources such as database, File repositories such as
Dropbox, Google Drive, and so on. As an example, for our
Issue Categorization system, data can be gathered or sourced
from any database that stores an issue or a query description
asked by the users.

e Data Processing and Splitting: Gathered data generally
contains some unwanted issues such as missing values, noisy
information, and more. In this step, feature engineering will
be done over the dataset and splitting of dataset into train,
validation, and test set.

e Model Training: In this step, a model will be trained over
training dataset. Size and nature of your dataset affects the
time required to train a model. It varies from a few minutes
to hours to days or weeks as well.

e Test Model: In this step, a trained model will be tested over a
validation set. If a system identifies that there is an overfitting
or underfitting in the model, then it again goes to model
training step with new values of hyperparameters. The
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objective of this step is to ensure that trained model should
generalize well over dataset.

e Evaluate Model: In this step, a trained model will be
evaluated over a test set that has not been seen during the
model training and validation step.

e Deploy Model: In this step, a trained model will be deployed
for the production use.

Each of these steps can be aligned with each other as shown in
Figure 4.1.

Test Dataset

Training

Ndjust Parameters/

Figure 4.1: Workflow for Model Deployment

Data Analysis

Next, we will see an implementation of our Issue Categorization
System using GloVE for vector generation of token extracted from
an issue or a query description. GloVE is an unsupervised technique
for representing words into low-dimensional vector space. It is one
of the most widely used method of word embedding (representing
word or token in lower dimensional space). It takes into consideration
global and local statistics of a corpus as compared with the other
word embedding methods like word2vec. As an example, words
i.e. man and woman are similar in context, as they both are talking
about human being. However, in the same context, they are opposite
to each other and require knowledge of an entire corpus such as
brother-sister etc. to deduce the difference between them.
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For training a GloVE model, all the variations of query or issue
descriptions will be used to generate a vector representation of all
the words or token or phrases.

Model Training

Please follow the following steps to install the required pre-requisites
for an Issue Categorization system:

1. Make sure python3 is installed on your system
Open the command prompt and run the following command
to check if python is installed or not
Python
B Administrator: Command Prompt - python — m| e

2617 Microsoft Corporation. All rights reserved.

Figure 4.2: Python Console

This will start Python console in the command prompt.
If Python is not installed in your system, then download
and install Python as per your Operating System using the
following link: https://www.python.org/downloads/

Next, install Jupyter Notebook that we will use to code.
Open the command prompt and run the following command:
pip install notebook

To start the jupyter notebook, open the command prompt
and run the following command:

jupyter notebook

The notebook will start in your default browser with the host
address as localhost and port number as 8888 along with
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a unique token id. Now, you can start writing the code as
mentioned in the subsequent steps.
B Administrator: Command Prompt - jupyter notebook - m} g

&

i A @

-

n. All rights reserved.

Notebo:
1lho

r/runtime/nbservel pen.html

Bdfeeedb
Bdfeeedb

Figure 4.3: Jupyter Notebook Console

You can also use Google Colab Notebook for the development
of a model. It provides a fast and free environment to run
your python code in case your system doesn’t have sufficient
resources available. You can also use the GPU’s and TPU'’s
with no cost but for a limited time (12hrs) in Google Colab.
You just need a Google account to login to Google Colab
Notebook. For this book, we will be using Google Colab
Notebook to demonstrate an Issue Categorization system.

Go to URL https://cloud.google.com/ and login with your
credentials

Select an Al platform option from the left side menu bar

Then, you will be redirected to a page as shown in Figure 4.4.

Al Platform Models SHOW INFO PANEL
Dashboard @  MLEngine is now Al Platform
Al Hub
Data Labeling
Al Platform
Notebooks
Models

lohs
Jobs Google Al Platform combines the power of Google’s infrastructure with the latest

innovations in deep learning.
Models

Use Al Platform Models to create predictive models of your data. To get started,
create a model and train different versions of it from the command line

Learn more

ENABLE API

Figure 4.4: Enable API for Al platform
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Next, click on the ENABLE API button to enable Al platform

8. Login to your Google account and click on https://colab.
research.google.com, you will see a page as shown in Figure
4.5:
9. Next, click on the NEN NOTEBOOK button to start a new
notebook
Examples Recent Google Drive GitHub Uplcad
Filter notehooks =
Title
) Owerview of Colaboratory Featuras &
) Markdown Guide &
() Chartsin Colaboratory &
() External data: rive, Sheets, and Cloud Storage &
() Getting started with BigQuery &
MEWMOTEBOOK  CANCEL
Figure 4.5: Google Colab
As mentioned in the previous chapter as well, Google cloud
authentication must be done first before using any services of
Google Cloud Platform.
10. Use Google Colab’s in-built module named as “auth” for
authentication and authorization to Google Cloud Platform.
11. Next, run the following commands in Google’s Colab

notebook to install gcloud and google cloud sdk.

pip install google-cloud-automl
pip install gcloud
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12.  Import the auth package from google.colab and call the
function authenticate_user () as shown in Figure 4.6:

ﬁ from google.colab import auth
auth.authenticate_user()

«+ GO0 to the following link in your browser:

https://accounts.google.com/o/oauth2/auth?code_challenge=jebICshFSr-BXASKY-R1oNiIN2EHS

Enter verification code: |

Figure 4.6: Google Colab — Authenticate User

13.  Next, open the link in a new tab as shown in figure. This
redirects a user to the registered Google account for the
verification code.

14. Copy the verification code that you can see in the new tab
and paste in the text box against the label Enter Verification
Code and press the Enter key.

15.  Run the following command in Google Colab to define your
project as follows:

lgcloud config set project <PROJECT_NAME>

For this use case, the project name will be Categorization
System.

Note: Please provide a name of your project that you have
created in Google Cloud Platform.

16. Upload your own dataset for this use case. However, Colab
provides few datasets by default. These are present in the
folder named as sample_data under the Files tab as shown
in Figure 4.7.

£ UntitledO.ipynb

File Edit View Insert Runtime Tools Help Allchanges saved

X + Code + Text

Files

+ Uplopad < Refresh & Mount Drive

o ®
[+ %
3 » m sample_data

Figure 4.7: Upload Data Google Colab - 1
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17.  Now, we will first upload the data to Google colab.

18.

19.

20.

21.

22.

Go to the Upload button under the Files tab as shown in
Figure 4.8.

+ Cc
= Files X
+ Upload ¢ Refresh & Mount Drive
< o
[+ I8
3 » m sample_data
B Dataset.csv
B adcjson
C»

Figure 4.8: Upload Data Google Colab - 11

You can also mount Google drive attached to your Gmail
account. This enables storage of all of your dataset files in
Google Drive and avoids loss of data due to environment
reset. Please ensure that each column in your dataset file
should have a header.

Download the dataset file named as Dataset.csv for this
use case from GitHub URL https://github.com/automl-book/
AutoML

Our dataset file has two columns namely, Text and Category,
where the Text represents an issue or a query description
raised by a user, and the Category shows a category to which
an issue or a query has been categorized.

Next, the dataset will be divided into training, validation,
and test set. As a best practice, 80% of the records will go to
the training set, 10% will go to the validation, and the rest
10% will go to the test set as follows:

Note: The codebase for this exercise can be downloaded from
GitHub URL https://github.com/automl-book/AutoML/tree/
master/chapter% 204

import pandas aspd

data_set = pd.read_csv('Dataset.csv', header = None)



98

Up and Running Google AutoML and Al Platform

23.

data_set.columns = ['Text', 'Category']

train_set = data_set.sample(frac=0.8)
data_set.drop(train_set.index, axis=@, inplace=True)
valid_set = data_set.sample(frac=0.5)
data_set.drop(valid_set.index, axis=@, inplace=True)

test_set = data_set

Then, classes or categories in your dataset should be converted
into the numeric form. As an example, the category CPU_
Utilization will be mapped to @, Password_Reset will be
mapped 1 and Memory_Utilization will be mapped to 2.
You can also limit the number of tokens out of the vocabulary
to be considered during training. This is generally being
done to reduce the computation requirement during the
model training with very less effect on the accuracy of model.
However, you can also use the entire vocabulary set for the
training. For our use case, we have used 20000 words from
the token vocabulary. Next, each query or issue description
should not be more than a specific length. This is required as
a pre-requisite for the model training. For our use case, we
have restricted it to 50 as follows:

CLASSES = {'CPU_Utilization': @, 'Password_
Reset': 1, 'Memory_Utilization': 2}

top_tokens = 20000
max_len = 50

So, if the length of an issue or a query description is greater
than 50, then it will be truncated and the system will use the
truncated description as an input. However, if the length of
the description is less than 50, then it will add do padding
to the description with the token <PAD> to make it a length
of 50. Please note that you should select pad token such
that it shouldn’t interfere with words or tokens from your
vocabulary. Otherwise, this will have a negative impact on
the model performance. For our use case, we will append
the token <PAD> at the end of each of the descriptions if the
length is less than 50.

Now, import numpy package. This will be used to convert
categories into numpy array as follows:
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import numpy as np
def data_map(df):

return list(df['Text']), np.
array(df[ 'Category'].map(CLASSES))

train_text, train_labels
valid_text, valid_labels
test_text, test_labels = data_map(test_set)

data_map(train_set)

data_map(valid_set)

Next, the embedded representation of each of these description text
will be generated using the GloVE method. As GloVE generates a
vector representation of word or token. Therefore, each description
must be tokenized first into tokens or words before generating the
embeddings. Once a word or token embeddings are available, then
we can generate sentence embeddings using any methods as follows:

e Average of word vector: One of the common approach is
to perform average on a vector representation of words in a
description. For this book, we will go with this approach.

* Sentence Embeddings: You can also use sentence embedding
methods such as Universal Sentence Encoder, BERT
(Bidirectional Encoder Representations from Transformers),
and so on to generate a vector representation of the description.

Import necessary packages as follows:

import tensorflow as tf

from tensorflow.keras.preprocessing import sequence, text
from tensorflow.keras ensorflow.kera

from tensorflow.keras. layers import Dense, Dropout,

Embedding, ConvlD, MaxPoolinglD, GlobalAveragePoolingilD

1. For this book, we will use a pre-trained GloVE vector from
Stanford. Go to URL https://nlp.stanford.edu/projects/
glove/and download the pre-trained model of your choice.
However, for our use case, we have downloaded Wikipedia
2014 + Gigaword five datasets where each token or word
would be represented in 200 dimensions. This will be
downloaded to your local system. However, you can also
upload the same to Google Colab as explained earlier. GloVe
vector file will be available with a name as glove.6B.200d.
txt in our Google Colab environment.
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2. Next, we need to generate an embedding matrix where a
vector representation of each of the tokens or words from
the description will be stored. Please note that the vector
representation is being generated using the GlIoVE method as
follows:

def embedding_matrix_conv(word_index,
embedding_file_path, embedding dimension):

embedding_matrix_comb = {}
with open(embedding_file_path, ‘r’) as embed_file:
for token_entry in embed_file:
values = token_entry.split()
word = values[Q]
coefs = np.asarray(values[1l:], dtype='float32")
embedding_matrix_comb[word] = coefs
num_words = min(len(word_index) + 1, top_tokens)

embedding _matrix = np.zeros((num_words,
embedding_dimension))

for word, word_position in word_index.items():
if word_position >= top_tokens:
continue

embedding_vector = embedding matrix_comb.
get(word)

if embedding_vector is not None:

embedding_matrix[word_position] =
embedding_vector

return embedding_matrix

Now, we will proceed with the model training. For our use case, we

will train the Convolution Neural Network (CNN) model that will
categorize an issue or a query description to a particular category.
As an example, for an issue description CPU Utilization is very high,
please suggest, this model will classify it to the CPU_Utilization.

The CNN is used in an image processing and computer vision
domain, as it captures the spatial and temporal dependencies in an
image clearly by applying relevant filters. As an example, you can
leverage the CNN to classify the images of animals to their particular
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category i.e. image of a Cat or Dog will be classified to Cat and Dog
classes, respectively.

The CNN reduces the number of parameters to be trained as
compared with the other neural network architecture by using the
concept of filters. Figure 4.9 shows one of the applications of the CNN
in images where the input image is masked with a filter to generate
features out of it.

ofofo]o e o |
ol6|afal1]7 a\
o[2[ofe[1|1]0 b= il iz 6
o= lil1]1[2]0 o|1]o =3 6
R EERE 6| 1101
o[855 [4a]2]o0 OK—‘\H“' A0 EIRIED:
ojo|o|o|ofo|a
FILTER
OQUTPUT

INPUT WEIGHTS

Figure 4.9: Convolution Neural Network — An Example

The CNN plays a crucial role by reducing it into a form that will
be used for prediction while preserving all the features of an image.
This enables the CNN to be scalable with large datasets.

In the CNN, we have a convolutional layer that extracts the high-
level features such as edges from the input image. This layer is the
building block of the CNN. It consists of a set of independent filters
that are convolved with the image giving us the feature maps. These
filters are randomly initialized, and they become parameters on
subsequent learning by the network.

Each of the neuron is connected to an input image’s small chunk
for a particular feature map. There is also a parameter sharing in a
particular feature map. All the neurons have the same connection
weights in a particular feature map. The parameter sharing and local
connectivity helps in the reduction of the number of parameters in
the whole system and ensures better computational efficiency.

There is also a concept of pooling that makes the CNN differ from
other counterparts.

It is a function to reduce the spatial size of the representation
progressively in order to reduce the number of parameters and
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computation. The pooling layer operates independently on each of
the feature map.

After the pooling layer, the flattened output is fed to the next layer in
the network and then back propagation is applied to every iteration
of the training. Over a series of epochs, the model is able to classify
the images using the Softmax Classification technique.

CONVOLUTION
LAYER .

INPUT MAX POOL
VOLUME LAYER FLATTEN FULLY OUTPUT

LAYER CONNECTED LAYER
LAYER

Figure 4.10: Convolution Neural Network

From last few years, the Convolution Neural Network has been used
in implementation of NLP related tasks such as Text (document or
sentence) classification, Entity Recognition, and so on. This is due to
the similarity in processing of a vector representation of a description
or text with the images. As an example, in case of images, the CNN
slides over various parts of images such as objects, contours etc.,
and for textual data, it will slide over the rows of embedding matrix
to go deeper to find hidden meaning out of the text (document or
sentence).

The CNN has some following hyperparameters that have to be
defined before training a model:

e filters: Defines the number of filters (64) to be used

e dropout_rate: To avoid overfitting in a model. Value will
be 0.2.

e embedding_dimension: Defines the number of dimensions
for each of issue or query description. The number of input
nodes in the CNN will be equal to the embedding_dimension
value.
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kernel_size: Itis similar to n-gram where group of words
are being selected as one of the features. In this case, kernel
value will be 3.

filters=64

dropout_rate=0.2

embedding_dimension=200

kernel _size=3

pool size=3

tokenizer=text.Tokenizer (num_words=top_tokens)
tokenizer.fit_on_texts(train_text)
word_index=tokenizer.word_index
embedding_file_path = 'glove.6B.200d.txt'

Next, we will start with training of the Convolution Neural Network
(CNN) over our dataset, where each query or issue description has
been converted to a vector representation using GloVE as a word
representation method. For our use case, the architecture of the CNN
contains the following sequence of layers:

Input Layer: In this layer, an embedded representation
of description would come as an input. Here, the number
of nodes at the input layer will be equal to the size of the
embedding dimension.

One-Dimensional Convolution Layer: In this layer, a filter
runs through a vector representation of the description to
extract a feature such as N-grams etc.

Max-Pooling Layer: In this layer, the most relevant feature
will be selected. For this use case, we have used Max-Pooling.
However, you can also use other pooling methods such as
Average Pooling, Min-Pooling, or even a neural network can
be used at the pooling layer.

One-Dimensional Convolution Layer: In this layer, a
convolution will be performed over the result from Max-
Pooling layer to find the combination of n-grams that may
come together.

Fully Connected Layer: In this layer, flatting of weight matrix
is being done and sent to the SoftMax layer.
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e SoftMax Layer: The input to this layer will be a vector
representation of the features that have been extracted in the
previous layer. Then this layer uses an activation function i.e.
SoftMax to find the probability distribution across categories
or classes.
def create_model():

model = models.Sequential()

features = min(len(word_index) + 1, top_tokens)

model.add(Embedding(input_dim=features,
output_dim=embedding_dimension,
input_length=max_len,

weights=[embedding_matrix_
conv(index_word,

embedding_file_path,
embedding_dimension)],trainable=True))

model.add(Dropout(rate=dropout_rate))
model.add(ConvlD(filters=filters,
kernel_size=kernel_size,
activation="relu’,
bias_initializer='he_normal’,
padding="same"))
model.add(MaxPoolinglD(pool_size=pool_size))
model.add(ConvlD(filters=filters * 2,
kernel_size=kernel size,
activation="relu',
bias_initializer="he_normal’,
padding="'same"'))
model.add(GlobalAveragePoolinglD())
model.add(Dropout(rate=dropout_rate))

model.add(Dense(len(CLASSES),
activation="softmax"))

optimizer = tf.keras.optimizers.Adam(1lr=0.001)

model.compile(optimizer=optimizer, loss='sparse_
categorical_crossentropy', metrics=['acc'])

return model
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Now, we have defined an architecture of our CNN model. Next, we
need to convert the issue or query descriptions’ into a sequence of
integers, where each number or integer will be an index of token
extracted from the description.

train_process = tokenizer.texts_to_sequences(train_text)

train_process = sequence.pad_sequences(train_process,
maxlen=max_len)

valid _process = tokenizer.texts_to_sequences(valid_text)

valid process = sequence.pad_sequences(valid_process,
maxlen=max_len)

test_process = tokenizer.texts_to_sequences(test_text)

test_process = sequence.pad_sequences(test_process,
maxlen=max_len)

The next step is to start the actual training process. However, there
are two following ways by which a model can be trained:

e Using your local machine: If you have a sufficient storage
and compute resources such as GPU, TPU available with
you, then you should go with this option. In this case, you
will train a model in your local system and use it on the Al
platform for prediction.

e Using Al platform: If you don’t have a sufficient storage and
compute resources such as GPU, TPU available with you,
then you should go with this option only. In this case, the
model training and prediction both will happen on the AI
platform.

Using your local machine

In this book, we will discuss both the methods of model training.
Please follow the following steps to train a model using your local
machine:

1. Create an instance of a model architecture that has been
created earlier

2. You can also display the summary of your model if you want
as follows:

model =create_model()

model.summary()
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3. Next, we will define the model checkpoint directory where
the model checkpoints will be stored as follows. The model
checkpoints are the state of a model at a particular time. This
helps to restart the model training from where it left off,
otherwise this would lead to a model training from scratch
every time.
import os
checkpoint_path = "training_path/cp.ckpt”

checkpoint_directory = os.path.dirname(checkpoint_
path)

callback_path = tf.keras.callbacks.
ModelCheckpoint(filepath=checkpoint_path,save_
weights_only=True,verbose=1)

4. Fit the model architecture over the training set with the
following arguments:

e train_process: Processed form of training data

e train_labels: Setof labels for each of the descriptions
in the training set

e epochs: Number of times or instances a model went
through the entire training set

e validation_data: Set of records from the validation
dataset

e callbacks: Defines TensorFlow callback path

This is required to perform the model checkpoints after a
successful completion of each epoch.

model.fit(train_process,
train_labels,
epochs=10,

validation data=(test_process,test_
labels),

callbacks=[callback_path])

5. Model training would take some time depending on the size
of the dataset. You can perform the prediction as soon as a
model is available to use.
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Next, create a folder named as model_saved and store all the
model files in that folder as follows:

I'mkdir -p model saved

model.save('model saved/model')

You can also save the model in Google drive mounted on
your Google Colab environment.

Now, we have trained the CNN model for our Issue
Categorization System in Google Colab, and the trained
model is available in local or Google drive mounted on
the Colab account. However, in order to use this model for
prediction or inference, this has to be stored in some storage
service such as an Object Storage, where all the model file will
be stored as an object and can be accessed easily by Google
AI Platform whenever required. Please follow the steps to
upload the model files in Google’s Object Storage service.

Go to URL https://cloud.google.com/ and login with your
credentials

In the left side menu, select Storage and click on the Browser
option as shown in Figure 4.11.

= Google Cloud Platform &= DryicePoC +
Home ‘
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B © >

Compute Engine >

lﬂ)
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=  Storage >
Browser
£ sa. I Transfer
Transfer for on-premises
.,5’ « Spanner
Transfer Appliance
L Memorystore > Settings
=  Data Transfer > r

Figure 4.11: Google Storage Service
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9. Click on the CREATE BUCKET link to create a bucket as
shown in Figure 4.12.
g Storage Storage browser CREATE BUCKET W DELETE (¥ REFRESH
@  Browser =
Figure 4.12: Bucket Creation
10. Run the following command in Colab to copy the model to

the bucket created in the previous step, where <BUCKET_
NAME > is the name of bucket that will be created.

lgsutil cp -r saved_model/my_model/ gs://<BUCKET_
NAME>/text_classification/export_tensorflow

We are done with the training of the CNN model in Colab
environment and also the trained model has been stored in Google’s
Storage service.

Using Al platform

Now, we will see the training of the same model on the Al Platform.
Please follow the following steps:

1.

Upload your dataset file i.e. Dataset.csv from Google’s
Colab environment to Google’s Storage service.

Run the following command to copy the file from Colab to
Storage service, where <BUCKET_NAME> is the name of the
bucket created in this service, and <FOLDER_NAME> is the
name of the folder that will be created inside the bucket for
your dataset.

lgsutil cp Dataset.csv gs://<BUCKET_NAME>/<FOLDER_
NAME >

Upload the pre-trained GloVe vector embedding the file to
the same bucket.

Run the following command:

lgsutil cp glove.6B.200d.txt gs:// <BUCKET_
NAME >/ <FOLDER_NAME >

Install gcsfs library to enable the pandas library that will
read data from the bucket that has been created in Google’s
storage service. But to install the external dependencies on
the Al platform, you would need to create a setup.py file
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in the root folder of your project in Colab environment as
follows:

from setuptools import find_packages

from setuptools import setup
REQUIRED_PACKAGES = ['gcsfs==0.5.1"]

setup(
name="'trainer',
version='0.1",
install requires=REQUIRED_PACKAGES,
packages=find_packages(),
include_package_data=True,

description="'Pandas library to read data from
files stored in GCS.'

)

Note: If you want to install other external libraries, then you

can define the same in the REQUIRED PACKAGES list in the
setup.py file.

4. Go to the Upload button under the Files tab to upload or
create the setup.py file as shown in Figure 4.13.
Files X

h G B

(+ I
» BB sample_data
~ @ trainer
B —init_py
B taskpy
B setuppy

Figure 4.13: File Upload — setup.py

5. Create a python package named trainer in Colab
environment and create a file named task. py.
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Copy the entire code that we have discussed earlier, paste it
in this file, and save it. Figure 4.13 shows the complete project
structure for this use case.

In this mode i.e. using an Al platform, the model training
process has to be submitted as a job to Al platform, and all
the model files will be stored automatically to the bucket
created in Google Storage Service.

All the codebase would remain the same except reading the
pre-trained GloVe vector file. In this case, it will be done by
using the following package tf-io.gfile.GFile:
embedding_matrix_comb = {}

with tf.io.ghle.GFile('gs://ai-test-tensorflow/
Dataset/glove.6B.200d.txt"', mode="'r') as embed_file:

for token_entryin embed_file:
values = token_entry.split()
word = values[@]

coefs = np.asarray(values[1l:],
dtype="float32")

embedding_matrix_comb[word] = coefs

Define the following parameters:
e MODEL_DIR: directory, where the trained model will be
stored.
e JOB_NAME: name of the training model job
%env MODEL_DIR=<PATH TO GCS BUCKET>
%env JOB_NAME=<JOB_NAME>

Run the following command to create a job on Al platform
and submit the model code:

lgcloud ai-platform jobs submit training $J0B_NAME
--module-name=trainer.task --package-path=trainer
--region=us-centrall --job-dir=$MODEL_DIR --runtime-
version=2.1 --python-version=3.7

The parameters package-path and module-name will
determine the location of the python project and file,
respectively.
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10.  You can monitor the status of your submitted jobs from Al
platform console as shown in Figure 4.14. You may see a green
mark against the job ID if it was successfully completed.

éé Al Platform Jobs NEW TRAINING JOB C REFRESH M CANGEL
11 Dashboard = Fiterby prefix
O  Jowin Type HyperTune  HyperTuneparameters  Targetmelrc  Creatstime  Elapsedtime  Logs  Labels

@AM
O © tensorflon_joba Custom No. May 20, 6min 18 View
@  DataLabeling code 2020, sec Logs
raining 249:23
L Pipelines PM

Figure 4.14: Job List

We have seen the training of the Convolution Neural Network
(CNN) model for our Issue Categorization System. We have
also discussed about the two ways of training the model as
follows:

e Using your local machine: In this mode, the model
has been trained and stored locally and copied to the
bucket created in the storage service.

e Using Al Platform: In this mode, the model has been
trained on Al platform and stored automatically to the
bucket created in the storage service.

Model Prediction

Now, our trained model is available in the bucket of Google Storage
Service. As a next step, we need to deploy the trained model on
Al platform for the prediction or inference task. Please follow the
following steps:

1. Setthe following environment variables:

e MODEL_NAME: define the user-defined name of a
model. For our use case, the MODEL_NAME will be text_
classification.

* REGION: define the region where the trained model
will be deployed. You need to select a model region
of deployment with the utmost care to avoid the
conflict with data privacy policies across regions. As an
example, as per the GDPR policy, data for a European
user shouldn’t go outside the European region. For our
use case, the region will be us-centrall.

%env MODEL_NAME text_classification
%env REGION us-centrall
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Run the following command in Google’s Colab to create an
empty model:

lgcloud ai-platform models create $MODEL_

NAME --regions $REGION

You can see one row has been created with the model name
text_classification. Please note that the model version
will not be displayed till you deploy a model.

Next, set a value of an environment variable i.e. MODEL_PATH
to the location where the model files have been stored. For
our use case, the model files are stored in one of the bucket of
Google’s Storage Service. Hence, run the following command
to set MODEL_PATH variable:

%env MODEL_PATH gs://<BUCKET_NAME>/text_
classification/export_tensorflow
lgcloud ai-platform versions create "v1" \
--model $MODEL_NAME \
--runtime-version 2.1 \
--python-version 3.7 \
--framework tensorflow \
--origin $MODEL_PATH

This will deploy the model on Al platform to be ready for prediction.
Now, you can see the details of the model deployed along with its
version and region information as shown in Figure 4.15.

é% Al Platform Models NEW MODEL

i ® 3 @&

Dashk

Al Hu

Data Labe!

Pipel

Notel

Jobs

hoard You can host your trained machine learming madels in the cloud and use the Al Platform
prediction service to infer target values for new data. Al Platform organizes your trained

models using resources called models and versions.

ing
: = Filter by prefix.

nes O Name Default version Description Region Labels
O text_classification vl us-central

books

Models

Figure 4.15: List of Models
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With this, we are done with the model training and deployment to
Google’s Al platform. You can also deploy multiple versions of same
model. As an example, in the real-life scenarios, machine learning
models should continue to evolve to accommodate new data points
as well. Hence, a new version of the same model would come up. In
that case, you can deploy the latest trained version of a model, and
during the prediction, you can define which version of model you
want to use.

In the next step, we will see how a deployed model can be used
during the prediction process. To demonstrate this, we have used the
following record from the validation set:

import json

input_dict={'embedding 9 input': valid_process[1:2]}

with open(‘sample_instance.json', 'w') as prediction_file:
json.dump(input_dict, prediction_file)

The previous code will take a record from the validation set and dump

it as JSON file. The content of JSON file will look like as follows:
{"embedding_ 9 input": [ @, 0, 9, 0, 0, 9, 0,

e, ©, o, o, o, 0,0, o o, 0o, o, 0,
e, o, o, o, o, o, 0,06, o, 0o, o, 0,
e, ©, o, o, o, o, 0o, o o 0o, o, o,
9, 0, 920, 453, 84, 1, 2]}

The downloaded JSON file serves as an input for the deployed
model, and it will return the prediction results i.e. a set of categories
along with their confidence score.

Run the following command in Google’s Colab to submit a JSON file
as an input to get prediction:

lgcloud ai-platform predict \
--model $MODEL_NAME \
--version "v1" \
--json-instances sample_instance.json

This will return an array of confidence scores corresponding to each
class or category as follows:

[9.673918611952104e-06, ©.9999891519546509,
1.2268571936147055e-06]
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The previous results were returned when you sent a query or an issue
description directly using Gcloud via Google Colab. However, if you
want to get the prediction results from this model using python code,
then it is also possible. Please look at the following sample python
code to fetch prediction results from the deployed model.

def predictClass():
try:

content= [ ‘User requested to Change Password as
expired’]

result = {}
pred_process = tokenizer.texts_to_
sequences(content)

pred_process
maxlen=max_len)

sequence.pad_sequences(pred_process,

new_model = tf.keras.models.load _model( 'model
saved/model")

prediction = int(new_model.predict_classes(pred_
process))

for key, value in CLASSES.items():
if value==prediction:
category=key
result["class"] = category
result

{"results": result}
result

json.dumps(result)

return result

if __name__=='__main__':

predictClass()

In the previous code, for an issue description i.e. User requested to
Change Password as expired, first the system will convert it into a
sequence of integers followed by the padding if necessary. Next, the
trained model will be loaded in the memory and will perform the
prediction over the processed form of an issue description.
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REST API configuration

Now, consider a scenario where you may need to release a feature of
this system to another system or an application. As an example, the
conversation system provides the Standard Operating Procedure
(SOPs) document to the users for an issue or query raised by them.
However, in this case, the conversation system should understand
the query or issue raised by the user. What if the conversation
system sends a query or an issue submitted by the user to our Issue
Categorization system via REST API, and this system returns a
relevant category? In this case, the conversation system can use the
results from our Issue Categorization system and populate the SOPs
accordingly.

In the previous chapter, we have already seen how to setup a pre-
requisite for REST API either on Windows or Linux server. Now, we
will see the steps to release the features of our Issue Categorization
System as REST APIL.

1. Create a file with name ticketclass.py

2. Copy the following code and paste in the file created in the
first step and save it

import pandas as pd
import numpy as np
import tensorflow as tf

from tensorflow.keras.preprocessing import sequence,
text

from tensorflow.keras import models

from tensorflow.keras.layers import Dense,
Dropout, Embedding, ConvlD, MaxPoolinglD,
GlobalAveragePoolinglD

from flask import Flask, request

import json

app=Flask(__name__ )

CLASSES = {'CPU_Utilization': @, 'Password_Reset':
1, 'Memory_Utilization': 2}

top_tokens = 20000

max_len = 50
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def return_data(df):

return list(df['Text']),
np.array(df[ 'Category'].map(CLASSES))

data = pd.read_csv('Dataset.csv', header = None)
data.columns = ['Text', 'Category’]

train = data.sample(frac=0.8)
train_text, train_labels = return_data(train)

tokenizer = text.Tokenizer(num_words=top_tokens)

tokenizer.fit_on_texts(train_text)
app=Flask(__name_ )

@app.route ("/predictclass", methods=['POST'])
def predictClass():
try:
json_data = request.get_json(force=True)
content= json_data["content"]
text = list(content)

result = {}
pred_process = tokenizer.texts_to_
sequences (text)

pred_process = sequence.pad_sequences(pred_
process, maxlen=max_len)

new_model = tf.keras.models.load_
model( 'model_saved/model')

prediction = int(new_model.predict_
classes(pred_process))

for key, value in CLASSES.items():
if value==prediction:
category=key
result["class"] = category

result = {"results": result}

result = json.dumps(result)
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return result
except Exception as e:

return {"Error": str(e)}

if __name__ == "__main__

app.run(port="5000")
3. The previous code processes an input passed to an API, calls

a function that predicts the category of the issue or query
description, and sends the response as an API response.

4. Open the command prompt and run the following command;
python ticketclass.py

This will start a service on http://127.0.0.1:5000/ as shown in
Figure 4.16.

MEE S AVEITILU WS LY SLEMTIZS \LITIULERE - PYLIUT LILKELLIdSS Py

Use a production WSGI server instead.
* Debug mo t
* Running on http:/

Figure 4.16: Service Deployment — Prediction System

5. Now to test the Rest API, we are going to use Postman. This
is a REST API client that is used to test the API URL.

6. First, go to the following URL to download the Postman
client and install in your system https://www.postman.com/
downloads/

7. After the installation, test the following URL and sample
request JSON that is being sent to the Issue Categorization
System API and response JSON that will be received as a
response from the API as shown in Figure 4.17.

URL: http://127.0.0.1:5000/predictclass

Classification System — Sample Input Request json:
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{
"content": "User requested to Change Password as
expired"
}
Classification System — Sample Output Response json:
{"results": {"class": "Password Reset"}}
POST localhost:5000/predictclass Params
1) Body ®
§ it U requested te Change Password
Premy HTML =
i1 {"results": {"class": "Password_Reset"}}|
Figure 4.17: Prediction System — REST API Result
o
Conclusion

In this chapter, we have discussed about how Google’s Al platform
can be used for the custom model training and deployment. We
have created a custom CNN model for an Issue categorization
problem and used it in Google Al platform. We have also seen how
predictions from trained model can be accessed by other system
using REST APIL



CHAPTER 5

Google

Data Analysis,
Preparation, and
Processing Services

n the previous chapter, we have implemented an Issue

Categorization System where the Convolution Neural Network
(CNN) based text classification system has been developed using
Google Al Platform. In this implementation, we have written our own
custom code for data analysis, preparation, and processing activities.
However, Google provides their own services for data analysis and
preparation activities. In this chapter, we are going to discuss on
Google Data analysis, preparation, and processing services and their
impact on the development of machine learning based systems.

Structure

In this chapter, we will cover the following topics:

* Design and Implementation of Loan Defaulter Prediction
system

o Introduction and usage of Google BigQuery

»  Upload data using Google BigQuery
o Introduction and usage of Google Dataprep

» Data Analysis using Dataprep
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o Introduction and usage of Google Dataproc

»  Model Training and Evaluation
»  Model Prediction

Objectives

After studying this chapter, you should be able to:

e Understand the basics and usage of Google BigQuery,
Dataprep, and Dataproc

e Understand how Google Dataprep can be used for data
analysis

e Understand how Dataproc can be used for training of
machine learning models

e Understand how Dataproc can be used for the prediction
from a trained model

Introduction

From the last few years, Google has been actively working on
solving problems of organizations that are focused towards the
development of Al-based solutions with less effort. It has released
several libraries, products, and services to reduce the development
time for such systems. As an example, TensorFlow, a Google’s Deep
learning library has completely revolutionized the way we see the
development of deep learning or machine learning models, and
AutoML, a framework that selects the best model from their set of
model repositories.

In this chapter, we will see how other Google services such as Google
BigQuery, Google Dataprep, and Google Dataproc can be used to
support the building of machine learning models. In this chapter, we
will work with the structured dataset as compared with the previous
chapters, where we have worked with the unstructured ones. We
will start our discussion with an explanation of a use case that will
be implemented using these services.

Problem statement

Consider a scenario where a financial institution is struggling to find
a list of customers who may default. A prediction system that can
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identify defaulters pro-actively can save the financial institutions
from losses and can help them to decide on whether to onboard a
customer or not. In this book, we have taken a dataset from a UCI

machine

learning repository (https://archive.ics.uci.edu/ml/

datasets / default+of+credit+card+clients). Details of the dataset are

as follows:

e Dataset has 24 attributes out of which the payment variable
(Yes =1, No = 0) is a response variable.

e Details of other attributes are as follows:

(6]

(6]

ID: ID of each client

LIMIT_BAL: Amount of the given credit in NT dollars
(includes individual and family / supplementary credit)

SEX: Gender (1=male, 2=female)

EDUCATION: (1 = graduate school, 2 = university, 3 =
high school, 4 = others, 5 = unknown, and 6 = unknown)

MARRIAGE: Marital status (1 = married, 2 = single, and 3
= others)

AGE: Age in years

PAY_0: Repayment status in September, 2005 (-2 = no
consumption, -1 = pay duly, 0 = the use of revolving
credit, 1 = payment delay for one month, 2 = payment
delay for two months, ... 8 = payment delay for eight
months, and 9 = payment delay for nine months and
above)

PAY_2: Repayment status in August, 2005 (scale, same
as the previous one)

PAY_3: Repayment status in July, 2005 (scale, same as
the previous one)

PAY_4: Repayment status in June, 2005 (scale, same as
the previous one)

PAY_5: Repayment status in May, 2005 (scale, same as
the previous one)

PAY_6: Repayment status in April, 2005 (scale, same as
the previous one)

BILL_AMT1: Amount of bill statement in September,
2005 (NT dollar)
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o

BILL_AMT2: Amount of bill statement in August, 2005
(NT dollar)

BILL_AMT3: Amount of bill statement in July, 2005 (NT
dollar)

BILL_AMT4: Amount of bill statement in June, 2005
(NT dollar)

BILL_AMT5: Amount of bill statement in May, 2005 (NT
dollar)

BILL_AMT6: Amount of bill statement in April, 2005
(NT dollar)

PAY_AMT1: Amount of previous payment in September,
2005 (NT dollar)

PAY_AMT2: Amount of previous payment in August,
2005 (NT dollar)

PAY_AMT3: Amount of previous payment in July, 2005
(NT dollar)

PAY_AMT4: Amount of previous payment in June, 2005
(NT dollar)

PAY_AMT5: Amount of previous payment in May, 2005
(NT dollar)

PAY_AMT6: Amount of previous payment in April, 2005
(NT dollar)

As previously discussed, the problem is a binary classification
problem where each customer or user can be classified into 0 or 1.
Therefore, we will build Logistic Classifier over this dataset. As per
machine learning pipeline, initially, data has to be analyzed followed
by the preparation and then finally model training. Google BigQuery
will be used for data analysis as discussed in the next section.

Google BigQuery

Google BigQuery is a cloud service that enables users to store and
analyze a large amount of data. This has been designed specifically
for analytics purpose. Due to this reason, tables in BigQuery can’t be



Google Data Analysis, Preparation, and Processing Services 123

updated (append or update). You will need to delete the previous
data before uploading a new one. It is similar to the SQL databases
in terms of schema i.e. all the data will be stored in the form of tables
and rows. Also, this data can be accessed by an SQL-like query.
Hence, it is much faster and can be used for analytics systems.
Google BigQuery only works with a structured data. So, if you want
to perform analytics on an unstructured data then first convert the
unstructured data into a structured one; and then store in BigQuery.
As an example, consider you have a corpus of documents and you
want to implement Document Search engine on this corpus. In this
case, extract a set of entities or phrases out of each document. You
can then store the extracted information as follows:

Doc ID Entity

Doc_1 Entity 1
Doc_1 Entity 2
Doc_2 Entity 1
Doc_2 Entity 3

As you can see in the table, each of the documents will have a set
of extracted entities. Therefore, we would have the same type of
information for each document. Now, if a user asks a query, then first
it will go to entity recognition system to extract entity from question
and then to Google BigQuery to retrieve all documents that have
extracted entity mapped to them. Later on, you can implement any
Natural Language Processing (NLP) technique on top of this result.
With this introduction to BigQuery let us start with our selected use
case and see how we will use BigQuery in our scenario.

Please follow the following steps to upload and analyze credit card
dataset:

1. Go to URL https://cloud.google.com/ and login with your
credentials
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2. Select an option BigQuery from the left side menu bar as
shown in Figure 5.1.

= Google Cloud Platform &=

& Home

E} Compute Engine >

PRODUCTS A

cfb Dataproc >
i Pub/Sub b3
&3 Dataflow >
i?;' loT Core
@  BigQuery

L)
oS

Data Catalog

U Data Fusion
¥

Healthcare >
Life Sciences ¥
“B=  Datapren ~

Figure 5.1: Google BigQuery

3. This will redirect you to BigQuery console. You should be
able see the project associated to your account. If the project
is not visible to you then only follow the following steps:

@ BigQuery @ FEATURES & INFC

Query history

Saved queries

Job history

Transfers

Scheduled queries

Reservations

Bl Engine

Resources -+ ADD DATA +

Search for you 3 .
Pin a project

[, Explore public datasets
External data source

Figure 5.2: ADD Data
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e Select an option Pin a project from the drop—down
menu

This will open up a new window as shown in Figure 5.3.
e Select the project associated with your account

Pin a project

2a5Y ACCES

Enter a project name

® Search for a project

Select a project -

—— —
CANCEL

Figure 5.3: Pin a project

* Select your project and click on the PIN button. Once
done, you will be able to see your project in BigQuery
console.

0, Searcs products and meateroe

@ BigQuery (D FEATLREEA IWFO. [ SHCATCUT

Oty Pty Query editor 4 COMPOSEMEWOUERY () 106 ENToR: T3 UL SOREEN

RN 4 ADDDATA =

N datasels avalable

Figure 5.4: Google BigQuery Home Page

1. Click on CREATE DATASET link to create the dataset in your
project. This will open up a window to define the values of
fields as shown in Figure 5.4.

2. Fill up the values of following fields:

e DatasetID: Defines the name of the dataset. For our
use case, value is bigquery.
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3.

4.

e Data Location: Defines the location of your dataset.
Please ensure that it should be in the same zone in
which you want to leverage other Google services. For
our use case, value is default.

Next, click on the Create dataset button to create a dataset
as shown in Figure 5.5.

Create dataset
Dataset ID

bigquery

Data location

Default -

Default table expiration

® Mever
Number of days after table creation:

Encryption
Data is encrypted autom

elect an encryption key management solution.
® Google-managed key
No configurati ir

<ey Management S

Create dataset Cancel

Figure 5.5: Google BigQuery — Create Dataset

In BigQuery console, you should be able to see the dataset that
has been created in the previous step as shown in Figure 5.6.

= Google Cloud Platform 2«

@ BigQuery (D FEATURES & INFO B SHORTCUT
Query history Query editor
Saved queries
Job history
Transfers

Scheduled queries

e o

[=
~

Bl Engine

Resources =+ ADD DATA

Search for your tables and datasets

» [E biggquery

Figure 5.6: Google BigQuery — List of Datasets
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5. Next, click on the link CREATE TABLE to create a table in your
dataset as shown in Figure 5.7.

G Learch products snd rescuroes

'''''''' = - ssvery = ||
rre—.
L SN o ] ] ]
L +
Description Latwls »
-
O s
Datasat info  »

St 0 - —

St e g
Gt st

et

Figure 5.7: Google BigQuery — Create Table

6. This will open up a new window as shown in Figure 5.8.

Select any one of the following options as source:

* Google Cloud Storage: Select this option if you
want to use Google Cloud Storage Services such as an
object storage, block storage, file storage, and archival
storage.

e Upload: Select this option if you want to upload a file
from your local system. For our use case, we will go
with this option.

Note: You can download the dataset from the
following ~ URL:  https://archive.ics.uci.edu/ml/datasets/
default+of+credit+card+clientsas mentioned earlier in the
chapter.
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* Drive: Select this option if you want to upload a file
from your Google Drive

* Google Cloud Bigtable: Select this option if you
want to use Google’s NoSQL database service

Create table

Source

Create table from: Empty table

EMPY 01 Gosgie cloud Storage

Upload
D
Destination e
Google Cloud Bigtable
@ Searchfora| oject name
Project name Dataset name Table type
Table name

Letters, numbers, and underscores allowed

Schema

B Editastext

| =+ Add field

Partition and cluster settings

Partitinnina®

Cancel

Figure 5.8: Google BigQuery — Define Table details -

7. Define the value of the following field under Destination as
shown in Figure 5.9.

* Project Name: Select your current project
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e Dataset Name: Select a dataset basis which the table

should be created

e Table Name: Define the name of the table

Create table

Source
Create table from Select file
Upload - Datasel cov

Destination

& Search for & project Emer & project name

Project name Datazet name

L) - | | bigauery

Tabsle mame

tabhal

Schema

Auto detect
" SCNena and inpul parameters

) Schema will be automatically generated

Partition and cluster settings
Parritioning:

[ Mo partiticning -

Create lable Cancel

File format:
Browse (=

Table type

Figure 5.9: Google BigQuery — Define Table details - II

1. Select a checkbox against the label Schema

and

input

parameters under Schema. This will auto-detect schema
for the table based on your dataset. However, you can also

define your custom schema.

2. Click on the Create table button to create a table
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3. Now, you can see the table with a name Table 1 has been
created and visible in BigQuery console as shown in

Figure 5.10.
@ BigQuery D FEATURES & INFO B2 SHORTCUT
sy bis oy Query editor
Saved queries SELECT = FROM o O &
Job history
Transfers
Scheduled queries
o DR & soeey 1 sweven | ® Screduieauery = || 4
BI Engine
tablel & QUERY TABL
Resources 4+ ADD DATA - =
- Table info  »
~ [ bigguer Table D D o ey tabie 1
Table size 358.26 KB
[

Number of rows 4964
Created Jun 2, 2020, 229:36 PM
Tabie eapiraticn Hever
Last modified Jurt 2, 2020, 229:36 PM

Crata location

Figure 5.10: Google BigQuery — List of Tables

Now, we have successfully uploaded our dataset to Google BigQuery.
In the next section, we will see how Google Dataprep service can be
used for the data preparation tasks such as Noise Removal, Missing
Value imputation, and so on.

Google Dataprep

Data pre-processingis animportant step in machine learning pipeline
where data is cleaned and converted to a form which is consumable
by machine learning algorithms. There are a few following examples
to illustrate the same:

e Forthe text classification system, all the textual content should
be converted into their respective vector representations
and categories or classes should be encoded in one-hot
representation.

e The Al based prediction system that will predict the sales
of a particular company for future years. If the revenue or
sales data for a particular period are not available, then either
this point will be rejected to be considered for training, or
its value will be calculated using the traditional machine
learning algorithms.
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As you can see from the previous two examples that it may even use a
machine learning algorithm as a part of the pre-processing step. Due
to this reason, it consumes almost 70-80% of the development time
of any application. Therefore, it is always advisable to reduce the
development time at this step. Earlier Google had released Dataflow
service to create a machine learning pipeline, but it requires you
to manually code each and every stage of the pipeline. In order to
solve this problem, Google has come up with another service known
as Google Dataprep, a fully managed service of Trifacta software.
It enables a user to perform data cleaning, analysis, or even visual
exploration of data is also possible with it.

Dataprep offers many benefits to the developers or data scientists
who actually spend a considerable amount of time at this stage of
machine learning pipeline. Some of the benefits can be listed as
follows:

¢ [t can analyze structured as well as unstructured data.

e It offers an integration with Google Cloud Storage service.
Now, you just need to upload your dataset to the storage
services and rest will be taken up by Dataprep.

e It offers an integration with other sources such as Local File
System, BigQuer, and so on.

¢ [t can leverage clean and convert data in AutoML and on Al
platform for model training.

¢ [t can analyse multiple data files.

Data Analysis

Now, we will see how Google Dataprep service can be used for
performing a pre-processing over our dataset. Please follow the
following steps to configure Dataprep for our use case.

1. Go to URL https://cloud.google.com/ and login with your
credentials

2. Select an option Dataprep from the left side menu bar
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Welcome to Cloud Dataprep, a partner
collaboration

This senvice is provided in collaboration with a third-party company, Trifacta. Check off the
boxes balow and tap "Accept’ to agree tothe Terms of Service and start using Dataprep.

Terms of Service

| have read and agree to the Google Dataprep Terms of Service.

3.

Next, agree to the terms of service of using Google Dataprep
service and click on the ACCEPT button as shown in
Figure 5.11.

ACCERT

Figure 5.11: Google Dataprep — Service Creation

Next, subscribe to a plan as per your requirement from the
list of available plans for this service. Click on the checkbox
to agree to various terms and conditions and click on the
SUBSCRIBE button.

You will receive a notification from TRIFACTA. Click on the
checkbox to agree to the Trifacta Terms of Service and
click on the Accept button as shown in Figure 5.12.

@ Cloud Dataprep by TRIFACTA

Cloud Dataprep by Trifacta is now Generally Available for all usars and fully
gualifiad for production use. This service is provided in collaboration with Google
LLEC. Google Cloud Platform support details can ba found hare.

Plaase raview and accept the Terms of Service balow to start or continue use of
Cloud Dataprep.

By chacking this box, you agree to the Trifacta Terms of Sarvice.

Figure 5.12: Service Creation — Terms and Condition
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6. Next, you need to set a storage location for Dataprep jobs,
otherwise it will create random buckets in your project which
are difficult to manage. Therefore, it is advisable to perform
this activity at an initial stage only as shown in Figure 5.13.

First time set up

@ Cloud Dataprep by TRIFACTA

Cloud Dataprep requires a location 10 save files you upload or craate within Datapren.

By default, the following storage location is used.
gu I oo s Change

Click Continue to complata satup for this project.

Froject: I o g project m

Figure 5.13: Service Creation — Define Storage Bucket

7. Click on the Change button and select your storage service as
shown in Figure 5.13.

8. Then click on the Continue button to complete the setup.
You will be redirected to a screen as shown in Figure 5.14.

D) Coud Dutaprop by TRIFACTA

ek, I

L]

P

e i s BR300 3 empicerg e prapanng o

Figure 5.14: Google Dataprep Dashboard

9. On the top-right corner, click on the Import Data button
to upload your dataset. Dataprep offers the following three
ways to upload the data:
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10.

Import Data
Q, Paarch
2 Uplaad
B oo

@ sigQuery

11.

12.

Import Data
Q search

£ Upload
B ocs

@ sigouery

e Upload: Select this if you want to upload a file from
your local system. For our use case, we will go with this
option.

® GCS: Select this if you want to upload a file from Google
Cloud Storage services

e BigQuery: Select this if you want to upload data from
Google BigQuery table

Click on the upload link from the left menu bar. click on the
Choose a file button to select and upload a file from your
local system as shown in Figure 5.15. You can also manage
the upload location by clicking on the Change button.

Upload from your computer 0 New Datasets

Choose data to import.

1

Drag & drop a file here or

Choose afile

pre el o Grange Cancel
Figure 5.15: Google Dataprep — Import Dataset -1

Click on the Import Datasets button on the right-side panel
as shown in Figure 5.15.

After the successful import, you can see a sample data in the
preview section on the right-side panel as shown in Figure 5.16.

Upload from your computer

4 LIMIT_BAL
20000 2

#
Drag &drop a file here or B
2 120000
3
A
5

Choose afile

90000 2
50000 2
50000 1

Upload location: | gs://dataprep-1/Dataset/upload Change

size

AP importawirangle  Cancel

Figure 5.16: Google Dataprep — Import Dataset - 11
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Click on the Import button in the right-side panel as shown
in Figure 5.16. This will redirect you to a screen as shown in
Figure 5.17 where you can see your imported data.

o Library All Data Import Data
™| it Al Ownedbyme  Shared with me
Importad Datasats Name InFlows Source
References ST § &
&°
Macros
]
®
Figure 5.17: Google Dataprep — List of Datasets
13.  Click on the Flows option from the left-side panel to start the
data processing as shown in Figure 5.18.
© Library All Data Import Data
=.> L A_u Ownadbyme  Sharad with me
Imported Datasets Name In Flows Source
References s i s
o

Figure 5.18: Google Dataprep — Flows
After selecting Flows, you will be redirected to a page as

shown in Figure 5.19. Click on the Create Flow button as
shown in Figure 5.19.

Create a flow 10 wrangle your data.

Create Flow

Figure 5.19: Create Flows
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14. Enter the Flow Name as Bank_flow and Flow Description as
Pre-process bank data as shown in Figure 5.20. Click on the
Create button to create a flow as shown in Figure 5.20.

Create Flow X

Flow Mame

Bank_flow

Flow Dascription

- Pre-process hank datal

Figure 5.20: Define Flow Details

15. Next, add the dataset that you want to pre-process as shown
in Figure 5.21.

Add Datasets into this Flow to start wrangling.

Add Datasets
Figure 5.21: Google Dataprep — Add Datasets

16. Click on the Add Datasets button to add a dataset as shown
in Figure 5.21.

17. Next, select a dataset from the list of available datasets and
click on the Add button as shown in Figure 5.22.

Add Datasets to Flow X
Q Search... All (1) Imported {1} Reference {0}
NAME SOURCE LAST UPDATED
Bank.csv 6CS Today at 12:47 PM
Import Datasets Cancel Add

Figure 5.22: Google Dataprep — Import Datasets
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You can see a preview of imported datasets on the right-side
panel. It shows a data preview and location of the file in
Google Cloud Storage.

Details

Bank.csv
Add new Recipe

Data Preview

# ID

= B & S

Type

Location

File Size

Figure 5.23: Google Dataprep — Data Preview

# LIMIT_BAL
20000
120000
90000
50000
50000
50000

GCS

g dataprep-

1/Dataset/upload/34b36785-611 5
A3df-0dbe-d7eabe0b2a05/Bankcay

3.45MB

SEX

18.  Click on the Add new Recipe button to start data processing
as shown in Figure 5.23.

19.  You can see a complete data along with different options to
process them as soon as data import is completed as shown

in Figure 5.24.

H# D # LIMIT_BAL - Gender REC education_cat REC marriage_cat v %
[ m—— w— == ==
MM b~ - n
1-30k 10k- 1M 2 Cstegories 4 Categories 3 Catagories 2

1 20868 female university married

2 120808 female university single

3 99088 female university single

4 60088 female university married

5 50688 male university married

[ 50688 male graduste single

7 508868 male graduate single

g 1868888 female university single

9 148868 fenale high- school married

18 20888 male high school single

n 2008880 female high-school single

12 260880 female graduate single

13 630868 female university single

14 70088 male university single

250868 male

15

Figure 5.24: Google Dataprep — Data View

graduate

single
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Now,
Next,

we have successfully imported our dataset into Dataprep.
we will perform some of data pre-processing steps over our

dataset as follows:

1.

Min-Max Normalization: Normalization is a process that
converts each value of a particular column to be in fixed
range. It is necessary that all columns or attributes of your
dataset should be in similar range otherwise column or
attribute with higher value introduces bias in the model. As
an example, column that shows a revenue of the company
will introduce higher biasing than the column that shows
an age of an employee. Min-max normalization ensures that
all values of columns should be in the range of (a, b) where
b >a.

We will implement min-max normalization over one of the
columnsi.e. LIMIT_BAL in our dataset with the value of a and
b as 0 and 1, respectively. Please follow the following steps to
implement the same.

e Select the column with a name LIMIT_BAL and then
select Custom formula under Calculate option as
shown in Figure 5.25.

fid

LIMIT_BAL | L Gender RBC education_cat REC marriage_c

10k-1M

| e e |
Rename
) I Illlll.-- ______ Changeatype 2 I._ I_
ries

Mawve 5 3 Categories
2604 ity married
Hide A -
12684 ity single
9688 ity single
spgm  Format > s E—
5688 Calculate » Round >
5888 raate column from examples
el Difference from pravious value
:isgg Group by > Percent difference from previous value
opga  Fivot Runming fotal
unning tota
28688 Restructure » .
L] Running average
63888 Filtar rows >
7868 I Custom formula... I
Raplace »
25088 = —
sgpg Standardize... hool others
PARA Fwtract » @ sinnle

Figure 5.25: Min Max Normalization — Custom Formula
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Next, define the following values for following the
fields:

o Formula type: Select a value of this field as
single row formula

o Formula: Define min-max formula to convert
values of LIMIT_BAL column as follows:
Min-Max_Normalization (LIMIT_BAL)
= (LIMIT_BAL - MIN(LIMIT BAL) ) /
(MAX(LIMIT_BAL) - MIN(LIMIT BAL))

o New column name: Define a new column
name as Balance_Norm

Next, click on the Add button to add the formula to
column as shown in Figure 5.26.

< New formula X
Formula type required
Single row formula v

Create a new column from a single row formula

Formula required

(Limit_bal - MIN{limit_bal}} / (MAX(LIMIT_EAL) -
MIN(Limit_Eal))

Mew column name

Balance_Mo rﬂ

Cancel Add

Figure 5.26: Min Max Normalization — Add Formula
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Now, you can see a new column with a name Balance_Norm has
been added to view and all the values of this column lie between @
and 1.

=1 (= =} = M. — —
B - (4B A-B T |IFEF |} T
prview
H LIMIT_BAL R Gender ABC ## Balance_Morm

10k-1M 2 Cateqgories 4 Cater 0.00-1.00
1 28808 female univel A.81818168181818168162
E: 128888 female univel A 1111111111111
3 JgEAR  female univel A HBERAREAABARASART
t gagae  female univel 8. 084640464040404041
3 IAEAA male univel A, B4840464040404041
3 fAEAA male gradu: A A4E4A4HA04 AAR4 041
? 5AEEAR male gradus A.494040404040405
3 108888 female univel 8.898909690009809891
3 1486888 female high-: A.131313131313131323
1 2HHHE male high-: A ATETATET18TA18T4162
1 260808 female high s A.19191912191913719
x 266888 female gradus g.252h28252825258254
3 038888 female univel AL B262626262626263
3 78888 male univel A AGAGAREARAGBAGAGAGT
3 25HBBB  male gradus B 24242424242424243
B fonnn . Famala biahk.: @ ORARARARARARARARAT

Figure 5.27: Min Max Normalization — Converted Data

Next, we will convert categorical columns into one-hot encoded
columns.

1. One-hot Representation: In one-hot representation,
categorical columns such as Gender will be converted into
one-hot encoded columns. As an example, Gender may have
two values (Male and Female), so in order to represent or
encode this information correctly, two new columns will be
added to (one for Male and other for Female) our dataset.
And value for columns Male will be one if the row represents
an entry for a Male or Female otherwise.

We will implement one-hot representation using Google
Dataprep. Please follow the following steps:

e C(lick on Search Transformations on the Flow page.
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e Search for one-hot encode, and select it as shown in
Figure 5.28

L]
u

ie

Q = f Run Job
Search Transformations x

| @ pesrch... (Ctri+k)

Formulas

Sealeto min max
Scale a column te a spacific min max range

One hot encode
Create a column for each unique value indicating its prasenc..

Seale to mean
Scale a column te Zero mean and unit variance

Bin column
Bin values inte ranges of equal or custom size

Naws formula
Create a new column from the result of a formula

Selact
Cerive a new table with an arbitrary schema from columns, f..

Edit with formula
Setone or more colurnns to the result of a formula

Figure 5.28: Select One hot Encode

* Next, select the column onto which you want to apply
the transformation

*  Select the column as Gender and Maximum number
of columns as 50. This puts a capping on maximum
number of columns we can have after transformations
as shown in Figure 5.29. This will add a new step in
your current recipe.

¢ One-hot encode values to columns X
Column required
|& Gender ¥ v
Max number of columns to create required
50 4

GCancel Add

Figure 5.29: One hot Encode — Configuration
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Similarly, we can also apply the same transformations

to the columns education_cat and marriage_cat as
shown in Figure 5.30.

Bgr B2 E- m- b- B3 A- B

[ Preview

3# qgraduate # high school
—

B OEEE = G-

# others # university e man

0-1 0-1

0-1 0-1

3 Catagories
single
single
single
single
single
others
single
married
married
single
single
married
single

s c Ao oo e ®®
reosccsssss o
EI R I A R S )

< Gne-hot encode values to columns X

Golumn required

RBC aducation_cat X~
Max number of columns to create required

50

care

Figure 5.30: One-hot Encode — Converted Data

All these transformations will be added to the recipe that will
run over Google Dataflow. Please follow the following steps
to configure job in Dataflow:

Click on the Run Job button on the top-right section in the

recipe page to configure the job for Dataflow as shown in

Figure 5.31.

Run Job on Dataflow

Cptions

Profile results

Whan enabled, this will ganerate 2 profile of your results

Publishing Actions

Actions Location

Create-C5Y

Dataflow Execution Settings
Region

us-centrall
Zone

Auto Zone

Machine Type

nl1-standard-1

Advanced Sattings v

g3/ dataprep-1/Dataset/jobrun/Bank.cav

Figure 5.31: Dataflow Job Creation
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3. Define the values for following Dataflow execution settings:
e Region: Region in which Dataflow job will run
* Zone: Zone in which the Dataflow job will run

* Machine-Type: Type of machine to be used for
execution of the tasks submitted to Dataflow

You can also change the publishing actions of the job.

Click on the Create-Csv option to perform this. However,
output format can be csv, json, or Avro.

We can also define if we want to create a new file after every
run, or it should be appended to the previous file itself.

Click on the Update button to save the changes as shown in
Figure 5.32:

Createanaw fila Parameterize destination
Choose a file or folder
Bank
/ Dataset / jobrun #* Create Folder
OQutput Directory
Q Baarch... dataprep-1/Dataset/jobrun
Data Storage Format

o5y ~

Nothing to display. + Create newfile every run
Craata a new filawith an incramental
umbar appended 1o the name (2g.
Bank_2.cav)

Append to this file every run
Craate it if it doesnt axist.

Replace this file every run
Creataitif it doasnt exist

More options ~

Cancel m

Figure 5.32: Dataflow Job Configuration

4. After defining the configuration of a job, click on Run Job to
start the job in Dataflow
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5. We can also see the status of jobs on the overview page as
shown in Figure 5.33.

Bank > Bank

%) Job 5844973
Finished Today at 4:39 PM

Overview Output Dastinations Profila Dapendencias Data sources

Completed stages

@ Transform with profile
completed Today at 4:39 PM, started Today at 4:34 PM + Ran for & min

Environment  Googla Dataflow

@ 100%valid valuas ® 0% mismatching values ® D% missing values

View steps and depandencies  View profile  View dataflow job

@ Puklish
Completed Today at 4:39 PM, started Today at 4:39 PM » Ran for 2 sec

Activity

Bank_1.csv @ Complatad * 3 sec

View all

Figure 5.33: Dataflow Job Overview

6. After the successful completion of the job, you can switch to
the Output Destinations tab to check the location of the
processed file as shown in Figure 5.34.

Bank » Bank

{%) Joh 5844973
Finished Today at 4:39 PM

Overviaw Output Dastinations Profile Dapendencias Data sourcas
Mame Location
Bank_1.csv @

Figure 5.34: Google Dataprep — Converted file in Bucket

With this, we are done with the pre-processing of our dataset
that includes min-max normalization and one-hot encoding for
categorical attributes or features. In the next section, we will see
how this processed data will be used by Google Dataproc to train a
prediction system that will identify if the customer is going to default
or not.
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Google Dataproc

Availability of an efficient and scalable computational engine is
always a major concern for training the machine learning models.
Google Dataproc tries to solve this problem by providing a fully
managed Hadoop environment that enables the users to perform
batch processing, stream processing, and building of machine learning
models. It automates cluster management that provides features to
the users to create and manage them easily. The important thing is
you can switch on the cluster based on the requirement that in-turn
reduces the cost. Google Dataproc scales up automatically whenever
it is required. It has completely automated the task of managing
Hadoop clusters such that the user can now focus more on the task
of generating the jobs without worrying about the administrative
overheads of managing clusters.

Model Training and Evaluation

We will see how Google Dataproc can be used for training a prediction
model on our dataset. Please follow the following steps:

1. Go to URL https://cloud.google.com/ and login with your
credentials

2. Select an option Clusters under Dataproc from the left-side
menu bar as shown in Figure 5.35

= Google Cloud Platform

& Dataproc

is  Clusters

= Jobs

;-h Workflows

i, Autoscaling policies

B  MNotebooks

Figure 5.35: Google Dataprep
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3. Then, click on the link CREATE CLUSTER as shown in
Figure 5.36

Clusters CREATECLUSTER ~ (3 REFRESH W DELETE  REGIONS ~
Figure 5.36: Google Dataprep — Create Cluster

4. This opens up the cluster configuration windows as shown in
Figure 5.37:

& Create acluster

Namea
| cluster]
Ragion Zona
us-centrall - us-centrall- -

Cluster mode

Standard (1 master, M workers) -

Master node

Figure 5.37: Define Cluster Details

5. Define the configuration for the cluster as per the following
values:

* Name: Define a name for your cluster

e Region: Define a region in which the cluster will be
deployed

* Cluster Mode: Define the cluster model as Standard
ie. 1 master and multiple workers as shown in
Figure 5.37.
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6. Set the Master node configuration as shown in Figure 5.38.

Master node
Contains the YARMN Resource Manager, HDFS MarneMode, and all job drivers
Machine configuration
Machine family
General-purpose
Wachine types for comman workloads, optimized for cost and flexibility
Series
M1 -

Fowered by Intel Skylake CRU platform or one of its predecessors

Machine type
n1-standard-4 {4 vCPU, 15 GB mernory) -
vGPU Mermory
4 15 GB

CPU platfarm and GPU
Primary disk size (minimum 15 GE) Primary disk typa
500 GB Standard persistent disk -

Figure 5.38: Define Machine Family

Set the worker node configuration as shown in Figure 5.39.
define the number of workers required (minimum 2). For this
use case, we will go with 2.

Worker noces

Each cantains a YARM ModeManager and a HDFS DataMode.
The HOFS replication factoris 2.

Machina cenfiguration
Machine family
General-purpose
Machine types for commeon workloads, optimized for cost and flexibility
Series
M1 g

Powered by Intel Skylake CPU platform or cne of its predecessors

Machine type
n1-gtandard-4 (4 vCPU, 15 GB memory) -
vCFU Mernary
4 15 GB

CPU platfarm and GFU

Primary disk size (mininum 15 GE) Primary disk type

500 GB Standard persistent disk -
Modes (mininum 21 Local 55Ds (0-8)

2 ] x 375 GB

Figure 5.39: Worker Node Configuration
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7. Next, select the version of Dataproc and Spark for your
project. For our use case, Dataproc image version 1.4 and
Spark version 2.4 will be used as shown in Figure 5.40.

Cloud Storage staging buckat [C
buchet Brionwse
Image
Cloud Dataproe image version: 1.4 [Dehian 9,

Hadoop 2.9, Spark 2.4)
First released on 3,22/2019, Change

QOpticnal compoenants |
Install optional open source components on the cluster, Learn moare

Select companent

Initizlization actions [COf

-+ Add initialization action

Project accass
" Allow AP| access to all Google Cloud services in the same projest. Learn more

Figure 5.40: Google Dataproc — Select Storage Bucket

With this, we can now run a job in Hadoop cluster that has
been created just now. Please follow the following steps to
configure the code and job to run on the Hadoop cluster.

Note: The codebase for this exercise can be downloaded from
GitHub URL https://github.com/automl-book/AutoML/tree/
master/chapter%205

8. Create a file named as modelTrain. py.

9. Copy the following code and paste it into the file created in
the previous step

from __ future__ import print_function
from pyspark.context import SparkContext
from pyspark.ml.linalg import Vectors

from pyspark.ml.classification import
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LogisticRegression
from pyspark.sql.session import SparkSession

from pyspark.ml.feature import StringIndexer,
VectorAssembler

from pyspark.ml import Pipeline

from pyspark.ml.evaluation import
BinaryClassificationEvaluator

from pyspark.mllib.evaluation import
MulticlassMetrics
sc = SparkContext()

spark = SparkSession(sc)

# Read the data from BigQuery as a Spark Dataframe.

bank_data = spark.read.format("bigquery").
option("table", "Bank.Defaulters").load()

df = bank_data.select("LIMIT_
BAL","SEX","EDUCATION", "MARRIAGE", "AGE","PAY_0","
PAY_2","PAY_3","PAY_4","PAY_5","PAY_6","BILL_

AMT1"," BILL_AMT2","BILL_AMT3","BILL_AMT4","BILL_

AMT5","BILL_AMT6","PAY_AMT1","PAY_AMT2","PAY_

AMT3","PAY_AMT4"," PAY_AMT5","PAY_AMT6","payment")

cols = df.columns
stages = []

label_stringIdx = StringIndexer(inputCol =
'payment’', outputCol = 'label')

stages += [label_stringIdx]

numericCols = ["LIMIT_

BAL","SEX","EDUCATION", "MARRIAGE"," AGE","PAY 0"
,"PAY_2","PAY_3","PAY_4","PAY 5","PAY _6"," BILL_
AMT1","BILL_AMT2","BILL_AMT3","BILL_AMT4","BILL_
AMT5", "BILL_AMT6","PAY_AMT1","PAY_AMT2","PAY_
AMT3", "PAY_AMT4","PAY_AMT5", "PAY_AMT6"]

assembler_Inputs = numericCols

assembler = VectorAssembler(inputCols=assembler_
Inputs, outputCol="features")

stages += [assembler]
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pipeline = Pipeline(stages = stages)
pipelineModel = pipeline.fit(df)

df = pipelineModel.transform(df)
selectedCols = ['label', 'features'] + cols
df = df.select(selectedCols)

train, test = df.randomSplit([0.8, ©.3], seed = 2018)

logistic = LogisticRegression(featuresCol =
"features', labelCol = 'label’, maxIter=10)

model_instance = logistic.fit(train)

model instance.write().save("gs://automl-1//model")
# To generate predictions from model

predictions = model_instance.transform(test)

predictions.
select("payment","prediction”, "probability").
show(truncate=False)

predictions.show()

evaluator = BinaryClassificationEvaluator()

print('Area Under ROC', evaluator.
evaluate(predictions))

predictions_data = predictions.
select("label","prediction").rdd.map(tuple)

confusion_matrix = MulticlassMetrics(predictions_
data)

print("recall: ",confusion_matrix.recall())

print("precision: ",confusion_matrix.precision())

The previous code uses the dataset from Google BigQuery table. The
columns have been divided into two parts, namely, feature vector that
serves as an input and class column that serves as a target column or
variable. The training set of Logistic Regression model contains 80%
of the records whereas the rest 20% will be used to evaluate a trained
model.
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We have also used Multiclass Metrics class to calculate the precision
and recall of a trained model.

Run the following command to upload python file to Google Storage
service where the name of python_file is modelTrain.py and
<bucket-name> is the name of the bucket.

gsutil cp

<python_file> gs://<bucket-name>

Now, you can run your job in Hadoop cluster managed by Google
Dataproc. Please follow the following steps to run your job in Hadoop

cluster.

1. Go to Dataproc Submit job page as shown in Figure 5.41 and
define the following:

Cluster: Select the cluster from a list of available
clusters

Region: Define region in which the job will run. For
our use case, select global.

Job type: Pyspark

Main python file: Define the path of a python file(i.e.
modelTrain.py) stored in Google Storage service.

Jar  files: Add gs://spark-lib/bigquery/spark-
bigquery-latest.jar. This enables your code to integrate
BigQuery a pisto spark environment.

¢  Submitajob

Job ID
job

Region

global -

Cluster

Select a cluster -

Job type

PySpark -

Main python file

Enter file path, for example, hdfs://example/example.py

Additional python files 01

Arguments

Jar files

Properties (00

\ + Add item \

Figure 5.41: Google Dataproc — Submit Model Training Job
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Job

cluster managed by Google Dataproc.

Then, click on the Submit button to submit the job to Hadoop

Go to Dataproc jobs console to view the progress of job as

shown in Figure 5.42. You will see a green tick before the job
name if it was successful; red otherwise.

s SUBMIT JOB

Job ID

& dataproc-job

Figure 5.42: Google Dataproc — Job Overview

' REFRESH REGIONS w
Region Type Cluster Start time
us-centrall PySpark cluster Sep 20, 2020, 91919 PM

Elapsed time Status

57 sec

4. Click on the individual job ID to see the model prediction
over the test data as shown in Figure 5.43. The definition of
each of the columns are as follows:

payment: Shows the actual value for each data points
in the test set

prediction: Shows the prediction from model for
each of data points in the test set

Probability: Shows the probability distribution for
each data point across both classes i.e. Yes and No.
Here, the Class label with higher probability value will
be assigned to that data point.

& dataproc-job
time: Sep 20,2020,9:19:19 PM  Elapsed time: 57 sec

Output

}=

PO DO DO OO DD DD D D |

Line wrapping

Configuration

nt]prediction|probabi.

-

3=

FEE

DO DOO OO DO DD OD0 OO

=}

=

[8.715358657127506,0
[8.9379259854135082,
[B.75763786@85675185,0.2423621334324855]
[8.95452082461128848,8. 845479753887115275]
[8.9447378188966551,8.85570218318334437]

.

e . DI B NI D L
[8.7513635%6565065,8.248036003434593096]
[B.73334591638366656,0. 266650836163334461
[8.713762648626495,08.27623735137350457]
[8.9458351520320988,0.050164807967381355]
[8.8514320400325543 0. 04856795996744564]

23728255056047,8

40343553131

[8.7453598380023856, 8401619976103]
[8.7437157813248128, 28429867598723]
[8. 8463407457548705 65925424552524]
8.7 .2638542416560414]
8.7 .B.245452132 22271
[a. 29913200887237395]
[8.9332084333666616,0.066791566633338361
[8.78570865135596921,0.2102993486403073]

-73924452815208693,0. 260755079847930867]

464134287208396]
- B62874014586451644]

Figure 5.43: Google Dataproc — Sample Model Result
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5. The job details also include the performance metrices (recall,
precision, and ROC) of the model over the test set as shown
in Figure 5.44.

& dataproc-job
Start time: Sep 20, 2020, 91919 PM  Elapsed time: 57 sec

Cutput Configuration

Line wrapping

8 B.@ [B.9332884333666616,0_B6679156663333836]
8 B.@ [8.78978@651355692],0.2182993486483879]
8 B.@ [B.7352445281520693,0_26875587984793067 ]
8 B.@ [8.725358657127986,8.2746413428728935%6]
8 B.@ [B.5379259854135082,0.062074814586451644]
8 B.@ [8.75763786@85675185,0.2423621354324895]
8 B.8 [8.35452082401128848,0.045479753887115275]
8 B8 [B.54425378188966551,8.855708218918334487]

208/89/28 15:58:85 INFO com.goople.cloud.spark . bigquery.direct DirectBigQueryRelation: Qu
28/89/28 15:58:85 INFO com.geocgle.cloud.spark.bigguery.direct.DirectBigQueryRelation: Gc
20/89/28 15:58:86 INFO com.goople.cloud.spark . bigquery.direct DirectBigQueryRelation: Cr
Area Under ROC 8.7147985961683871

28/89/20 15:58:09 INFD com.google.cloud.spark.bigquery.direct DirectBigQueryRelation: Qu
28/89/28 15:58:89 INFD com.google.cloud.spark.bigguery.direct. DirectBigQueryRelation: GC
20/89/28 15:58:18 INFO com.goople.cloud.spark . bigquery.direct DirectBigQueryRelation: Cr
recall: 8.813822317424518

precision: @.813822917424518

B/89/28 15:58:14 INFQ org.spark_project.jetty.server.AbstractConnector: Stopped Spark@?

Job output is complete
Figure 5.44: Google Dataproc — Model Evaluation

Recall of the trained model is greater than 0.80; it means for 80% of
the data points that belong to the label “Yes” in the test set; the model
has correctly classified them as “Yes.” In other words, our trained
model can identify non-legitimate customer for 80% of the cases.

Precision of trained model is greater than 0.80; it means for 80% of the
data points that have been predicted by the model as “Yes” actually
belong to the label “Yes.” In other words, our trained model can
precisely identify non-legitimate customer with a precision of 80%.

We have also calculated the ROC value for this model, as this is a
binary classification problem. ROC stands for Receiver Operating
Characteristics; it defines the model’s ability to clearly discriminate
between the two classes, namely, Yes and No. Mathematically, it can
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be defined as the ratio of True Positive Rate to False Positive Rate as
follows:

ROC = True Positive Rate/False Positive Rate,

where True Positive Rate is also known as Recall and False Positive
Rate can be defined as

False Positive Rate = False Positive/ (False Positive + True Negative)

We have already discussed about False Positive and True Negative in
Chapter 3. ROC can take any value between 0 and 1. Different values
of ROC can be defined as follows:

e ROC=0: The ROC value of 0 means the model is performing
prediction in the reverse direction i.e. classifying the data
point that should belong to 0 to 1 and vice-versa.

e ROC=1:The ROC value of 1 means the model has an excellent
capability to clearly discriminate between the two classes.

* ROC>0.5: The ROC value greater than 0.5 means that the
model has good capability to discriminate between the two
classes.

e ROC<0.5: The ROC value less than 0.5 means that the model
has bad capability to discriminate between the two classes.

e ROC=0.5: The ROC value of 0.5 means that the model is not
able to discriminate between the two classes.

As the ROC value for our trained model is 0.714 which is greater
than 0.5 and less than 1.0, it means the model has good capability to
discriminate between the two classes, namely, Yes and No. However,
you can increase the number of epochs to improve the ROC value.



Google Data Analysis, Preparation, and Processing Services 155

The trained model will be stored in the bucket (i.e. automl-1) created
in Google Storage service as soon as the job execution has finished as
shown in Figure 5.45.

automl-1

OBJECTS CONFIGURATION PERMISSIONS RETENTION LIFECYCLE

Buckets » automl-1 » model 0

UPLOAD FILES UPLOAD FOLDER CREATE FOLDER MANAGE HOLDS DELETE
= Filter by object or folder name prefix

O Name Size Type Created time @
O W datas = Folder -

O MW metadata/ - Folder -

Figure 5.45: Google Dataproc — Model in Storage Bucket

Model Prediction

Now, consider a scenario where you want to use this trained model to
get the prediction for a new customer or user who is being on boarded
into the bank. We also need to a create job to get the prediction from
the model. Please follow the following steps to configure the job for
the prediction process.
1. Download a CSV file named as prediction.csv from GitHub
https://github.com/automl-book/AutoML/tree/master/
chapter%:205.

2. This file contains details of a new customer or user who is
going to be on boarded to the bank.

3. Run the following command to upload this CSV file to the
bucket i.e. automl-1:
! gsutil cp prediction.csv gs://automl-1

Next, we need to read the model file and prediction file that
has been stored in the bucket and generate a prediction out of
it. Please follow the following steps to configure the code and
job to run on the Hadoop cluster.

e C(Create a file named as modelPredict.py.
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* Copy the code as shown follows, and paste it into file
created in previous step

from _ future__ import print_function
from pyspark.context import SparkContext
from pyspark.ml.linalg import Vectors

from pyspark.ml.classification import
LogisticRegression

from pyspark.sql.session import SparkSession

from pyspark.ml.feature import StringIndexer,
VectorAssembler

from pyspark.ml import Pipeline

from pyspark.ml.evaluation import
BinaryClassificationEvaluator

from pyspark.ml.classification import
LogisticRegressionModel

from pyspark.mllib.evaluation import
MulticlassMetrics

sc = SparkContext()
spark = SparkSession(sc)

df = spark.read.options(header="True',
inferSchema= 'True', delimiter=',"').csv("gs://
automl-1/prediction.csv")

cols = df.columns
stages = []

label stringIdx = StringIndexer(inputCol =
"payment’ , outputCol = 'label')

stages += [label_stringIdx]

numericCols = ["LIMIT_

BAL","SEX","EDUCATION", "MARRIAGE","AGE"," PA
Y_0","PAY_2","PAY_3","PAY_4","PAY_5","PAY_6"
,"BILL_AMT1", "BILL_AMT2","BILL_AMT3","BILL_
AMT4","BILL_AMT5","BILL_AMT6", "PAY_AMT1","PAY_
AMT2", "PAY_AMT3","PAY_AMT4","PAY_AMT5"," PAY_
AMT6"]

assembler Inputs = numericCols

assembler =
VectorAssembler(inputCols=assembler Inputs,
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outputCol="features")
stages += [assembler]

pipeline = Pipeline(stages = stages)
pipelineModel = pipeline.fit(df)

df = pipelineModel.transform(df)
selectedCols = ['label', 'features'] + cols
df = df.select(selectedCols)

model = LogisticRegressionModel.load("gs://
automl-1/model")

predictions = model.transform(df)

predictions.select("prediction"”,"probability").
show(truncate=False)

predictions.show()

# To dump prediction result as csv into Google
Cloud Storage bucket

predictions.withColumn("probability",
col("probability").cast("string")).

select("ID","prediction","probability").write.
csv('gs://automl-1/prediction")

Next, run the following command to upload python file to
Google Storage service where the name of python_file is
modelPredict.py and <bucket-name> is the name of the
bucket.

! gsutil cp modelPredict.py gs://<bucket-name>
Go to Dataproc Submit job page to configure the job to run

on Hadoop cluster as shown in Figure 5.46 and define the
following;:

e (Cluster: Select the cluster from a list of available
clusters

e Region: Define the region in which a job will run

For our use case, select global.
e Job type: Pyspark
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* Main python file: Define the path of a python file
stored in Google Storage service. For prediction, python
file name is modelPredict.py

< Submit a job
Job ID

job
Region

global E

Cluster

Select a cluster v

Job type

PySpark -

Main pythan file

Enter file path, for example, hdfs://example/example py
Additional python files | Optionz

Arguments [Opticnz

Jar files (Optionz

Properties (Cptiona

| + Add item |

Figure 5.46: Google Dataproc — Prediction Job Configuration

6. Then, click on the Submit button to submit the job to Hadoop
cluster managed by Google Dataproc

7. Go to Dataproc jobs console to view the progress of the job as
shown in Figure 5.47:

Jobs SUBMIT JOB REGIONS

Job ID Region Type Cluster Start time Elapsed time Status

& job-predict us-centrall PySpark  cluster-1 Sep 21,2020, 6:11:55 PM 42 sec Suc

& job-train us-centrall PySpark cluster-1 Sep 21,2020, 6:08:37 PM 50 sec Succeeded

Figure 5.47: Google Dataproc — Prediction Job Overview
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8. Click on job ID to see the prediction from the trained model
as shown in Figure 5.48.

e prediction: Shows the prediction from the model for
each of the data point in the test set

* probability: Shows probability distribution for each
data point across both the classes, namely, Yes and No.
Here, the class label with a higher probability value will
be assigned to that data point.

& job-prediction
- e Sep 21, 2020, 714:33 PM Elapsed time: 37 sec

Output Configuration

Line wrapping

[6.45643647811579527,8.51356352508842047]
[B.B8385166480557732,0.161483359544232686]
[B_7838937178184357,8.21658628218356434]
[B_7620014316564704,08.2315985183135296]
[B.B582466547947123,0.1417533452052877]
[8.7620588643579674,8.23794993564283257]
[B_5463725626381263,8.85362783736987382]
[B_5263641261121342,8.17363587388786586]
[8.793715338824717,0.206284661175283]

[B_5434286154542851,8.85657138454571455]
[B_BB23P66148765986,8.1976933851234804]
[B_B95325789829173,0.104674290817882691]
[B.9134327958731754,0.08656720012682455]
[B_5938214293262472,8.48617857086737528]
[B_3886451262881189,8.19155487971188188]
[8.6646237823812881,8.33537621781871184]
[B.73549717569685953,0. 26450282430540475]
[B_524881208528685,8.87515879947131497]

Figure 5.48: Google Dataproc — Prediction Job Result

Figure 5.48 shows the predictions for each of the data points
corresponding to a new customer or user and provides us with
a probability whether a new customer or user is going to be a
legitimate customer or fraud one. There are many raw features for
each customer that may not be possible to send via REST API for
prediction. In such cases, new customers’ features should be included
in CSV file and a separate job will be deployed over Hadoop cluster.
This job will read the trained model and new CSV file from the cloud
storage to generate the predictions. The current job also dumps the
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prediction results as CSV in Google Cloud Storage bucket as shown in
Figure 5.49.

automl-1

OBJECTS CONFIGURATION PERMISSIONS RETENTION

Buckets » automl-1 » prediction IO

UPLOAD FILES UPLOAD FOLDER ~ CREATE FOLDER MANAGE HO
= Filterby

O Name Size

O B8 _success 0B

D B part-00000-61182513-c5ce-426f-8a82-1h2dc1a88¢ 882B

Figure 5.49: Google Dataproc — Prediction Result in Storage Bucket

Click on the file with prefix as “part” to download predictions from
model. Content of downloaded file would be as shown in Figure 5.50.

A E & [

1] ll 1 [0.48643647011579527,0.5135635298842047]
2 2 0 [0.8385166400557732,0.161483359944226386]
2 3 0 [0.7830937178104357,0.21690628218956434]
4 4 0 [0.7680014816864704,0.2319985183135296]
3 3 0 [0.8582466547947123,0.1417533452052877]
] 6 0 [0.7620500643579674,0.23794393564203257]
iL 7 0 [0.9463729626301263,0.05362703736987382]
8 8 0 [0.8263641261121342,0.17363587383786586]
9 9 0 [0.793715338824717,0.206284661175283]

10 10 0 [0.9434286154542851,0.05657138454571495]
11 11 0 [0.8023066148765906,0.1976933851234094]
12 12 0 [0.895325709829173,0.10467429017082691]
13 13 0 [0.9134327998731754,0.08656720012682459]
14 14 0 [0.5938214293262472,0.4061785706737528]
15 15 0 [0.8080451202881189,0.19195487971188108]
16 16 0 [0.6646237829812881,0.33537621701871184]
17 17 0 [0.7354971756905953,0.26450282430940475]
18 18 0 [0.924801200528685,0.07519879947131497]

Figure 5.50

Conclusion

In this chapter, we have seen how Google’s data analysis, preparation,
and processing services can be used for training of machine learning
models. With this, we are concluding our exciting journey of
discussions on AutoML, Google’s Al Platform and Google’s data
preparation and processing engines. With this, we conclude this
book on Google AutoML and Al Platform. We sincerely hope that
this would enable you to go further in your knowledge on GCP
AutoML and Al Platform, and you will be able to use these features
in your applications and projects.
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